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Abstract.  
 
Machine learning and artificial intelligence are revolutionizing medical research, development and care. Open-source platforms, collaborative 
projects, and information exchange forums have democratized AI and ML, enabling healthcare innovation and knowledge sharing. The proposed 
work is divided into three parts that collect the data sets, train different models, and compare the results. We have taken five brain diseases dataset 
that include depression, brain stroke, Alzheimer, Parkison disease, and Epilespy. Also we have trained six different MLmodels that are random 
forest that is RF, support vector machine that is SVM , linear discriminant analysis that is LDA, NB that is Naive Bayes , Gradient Boost that is 
XGboost and logistic regression that is LR. The highest accuracy for logistic regression is 90% for parkisons disease , 97% for XGboost model of 
depression , 97%  for for random forest of epilepsy , 87% for LDA model of Parkisons disease, 96\% for naive bayes of epilepsy and 97% for 
SVM models of epilepsy disease. We have also used the heatmaps and bar graphs to show the comparison between them all.  

Keywords. Artificial Intelligence, Machine Learning, LR model , Naive Bayes model, XGboost model , SVM model, LDA model , Random 
forest model , Brain diseases  

1.​ INTRODUCTION 

AI can improve healthcare efficiency, accessibility, and cost. Figure 1 shows how AI with proper regulation can improve equity, care, and 
society's access to new technology, cures, and pharmaceuticals. This ensures timely resource availability, reducing waste and improving care. AI 
may solve healthcare's biggest problems: cost, efficiency, and quality. AI-powered automation and optimization can cut costs and simplify patient 
scheduling, billing, and EHR management. AI changes pharmaceutical R&D, pharmacokinetics, assessment, production, marketing approval, and 
pharmacovigilance. AI assists patient stratification, digital twins, clinical trial simulations, and pharmacokinetic dose recommendations. 
Simplifying research, streamlining processes, and avoiding clinical trial failures saves time and money for safe and effective pharmaceuticals. 
Personalized medicine diagnoses, predicts, and analyzes patients using enormous healthcare data. Imaging, drug combinations, population-wide 
patient health outcomes, genetic or family data, medical papers natural language analysis [3]. Researchers and medics want to reduce worldwide 
illness mortality. Due to expanding healthcare data from varied and incompatible sources, predictive analytic models are becoming more relevant 
in medicine. General database storage cannot manage massive healthcare historical and streaming data. Medical diagnostics fix issues. 
Observational diagnosis is disease. Diseases have chemical and data anomalies. ML algorithms can learn categories or anticipate unknown 
circumstances from data[6]. Many old brain data-processing processes work. ML detects Alzheimer's, dementia, schizophrenia, MS, cancer, viral, 
and degenerative diseases in brain data. Sectioning and identifying sick tissue and brain structure. Diagnosis, surgery, postoperative examination, 
and chemo/radiotherapy require tissue identification. AI-powered virtual assistants and chatbots offer individualized health advice, prescription 
reminders, and real-time support. Despite progress, healthcare AI/ML integration is difficult. To improve healthcare using AI and ML, we must 
address ethics, data protection, regulatory compliance, and the digital divide.Fig. 1. 

Artificial intelligence in medical field 

 

 
 
 
 
 
 

 

 

2. LITERATURE REVIEW 

The substantial healthcare literature on AI and ML reflects its many effects on patient care, clinical decision-making, and health system 
optimization. Early and present healthcare AI and ML studies demonstrate its benefits and drawbacks. Early 2000s studies showed that 
computer-aided diagnosis systems can diagnose numerous diseases, laying the framework for AI and ML medical imaging interpretation. ML 
method by Smith et al. detects CT lung nodules with 92\% sensitivity and 96\% specificity. AI-driven mammography interpretation for breast 
cancer diagnosis was proven by Lee et al.[4]. Faster, more accurate, and scalable AI diagnostics beat traditional approaches. A meta-analysis by 
Johnson et al. evaluated radiologists and AI systems for CT pulmonary angiography embolism detection. Deep learning enhances healthcare 
AI/ML. Deep learning algorithms, inspired by the brain, excel in photo identification and natural language processing, making them ideal for 
medical data analysis[1] Deep learning models can improve brain and heart diagnosis and therapy utilizing MRI and CT. AIML  and deep 
learning customize brain,heart health. AI-driven models improve treatment results and side effects using genetics, biomarkers, and clinical 
history. A personalized healthcare plan could personalize patient care[7]. 

3. Methodology 
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3.1. Dataset: Our study used Kaggle's Parkinson's, Alzheimer's, epilepsy, brain stroke, and depression datasets. Logistic Regression (LR), 
Gradient Boosting (GBoost), SVM, and Random Forest were created and tested using these datasets. Every dataset includes 5000 people's names, 
genders, and medical histories (heart disease, hypertension, and average glucose). All datasets had binary targets of (0) or (1). All data were.csv. 
Spreadsheets create CSV files using commas [2] 

3.2.Data Preprocessing: Performing categorization quality, consistency, and sustainability preprocessing before model training and testing. BMIs 
missing were imputed using all entries' mean. One-hot encoded multi-class features like work type and smoking status, while label encoded 
categorical data. Numbers become 0 and 1. A lightweight, high-performing convolutional neural network, EfficientNet B0, extracted features to 
improve representation. All extracted features go to machine learning models following pretrained data extractor architecture. Mixed handmade 
and learning components increase model capture of complex patterns in the hybrid method. 

 

3.3. Disease 

  3.3.1 Alzheimer's disease: Alzheimer's causes most dementia. Alzheimer's begins with amyloid plaques and neurofibrillary tangles[8]. Brain 
cell death lowers it gradually. Protein accumulation around brain cells may cause Alzheimer's. Amyloid surrounds brain cells. Tau protein causes 
brain tangles. 

3.3.2. Brain Stroke: Stroke results from brain blood flow stoppage. In an emergency. Brain function requires continual oxygen and nourishment. 
Even a brief blood shortage can be problematic[4]. Two main factors induce stroke. A clogged brain artery causes ischemic stroke. Hemorrhagic 
strokes result from brain blood vessel ruptures. Some people experience brief ischemia attacks, which disrupt cerebral blood flow. 

3.3.3.Depression: Depression is common and affects everyone. Loss of interest or long-term depression describe it. This differs from mood 
swings and daily feelings. No single reason causes depression. It has several causes and triggers. 

3.3.4.Parkison Disease: The neurological illness PD impacts movement, mental health, sleep, pain, and more. Over time, PD worsens. Therapies 
and drugs reduce symptoms but do not cure. Speech issues, tremors, and strong muscle contractions are prevalent. Brain chemical messenger 
neuron loss causes many Parkinson's symptoms. The messenger is dopamine. Brain activity changes with reduced dopamine. This causes 
Parkinson's mobility difficulties.  

3.3.5.Epilepsy: Epilepsy affects all ages. Globally, 50 million have epilepsy. Epileptics are common in poor countries. Neurological epilepsy 
causes seizures[5]. Different epilepsy types exist. Some know why. Unknown causes exist elsewhere. Epilepsy is prevalent. The CDC reports 
1.2\% of Americans have active epilepsy. All sexes, races, ethnicities, and ages have epilepsy. The symptoms of seizures differ. Seizures knock 
you out. A few seizure victims stare blankly. Some jerk legs or arms. 

   3.4 Classifiers 

3.4.1.Logistic regression (LR): Linear regression is the accurate correspondence between dependent and independent variables with few or more 
variables[6]. Since linear regression accurately predicts the change in dependent class variables to independent class variables. The algorithm of 
LR is shown in figure 2.  

 

3.4.2.Gradient boost (GBoost): Gradient boosting (GBoost) creates powerful prediction models from weak learners like decision trees. Simple 
models predict first. Improved accuracy is achieved by training new trees each iteration to forecast the aggregate ensemble's residual errors.  

3.4.3.Naive Bayes: Naive Hayes classifies statistically and supervisedly. Bayesian classifier. A value is assumed. Unrelated feature any other 
feature. Before probability, likelihood evaluated posterior probability[9]. The method for highest posterior probability varmeter estimate. The 
method is easy. enough training data to estimate parameters .; Required categorization. Training time and classification drops. 

3.4.4. Linear Discriminant Analysis (LDA): A popular natural language processing generative probabilistic topic model is Linear Discriminant 
Analysis. LDA uses word distributions to identify corpus document latent themes. The "bag-of-words" assumption ignores document word order 
and emphasizes frequency and co-occurrence. LDAs are created by choosing a subject distribution, topic, and word from the topic's word 
distribution for each word. 

3.4.5.Support vector machines (SVM): SVM classifies data points uniquely using an N-dimensional hyperplane. Supervised machine learning 
for classification, regression, outliers. Margin maximisation aids new-data model generalization. SVM handle linear and nonlinear data. For 
linearly separable data, model will find out the straight line  

3.4.6. Random forest (RF)  



Random forests use randomized data and several separate decision trees (DT). These trees grow throughout training. compiles the output of the 
decision tree. Voting methods determine the prediction of the algorithm. This paradigm requires DTs to choose stroke sign indictations or 
absences. Forecast comes out. Working Random Forest chooses the most-voted class as shown in figure 3. 

 

3.5. Validation 

3.5.1.Accuracy: Accuracy (the percentage of correctly identified examples among all predictions) can be misleading in imbalanced datasets. 

Accuracy = Total positive value/Total Value 

3.5.2.Precision: Precision measures positive case prediction accuracy. 

Precision = True positive / Total positive 

3.5.3.F1 Score: The harmonic mean of accuracy and recall knowns as the F1 score, adjusts for imbalanced classes or large false positives and 
negatives. 

F1 score = 2* PV *RV /PV+RV , PV = Precision Value , RV = Recall Value 

3.5.4. Recall : Recall (or sensitivity) measures how many positive cases the model correctly discovered.  

Recall = Original real detection value / Original real detection value + False wrong detection value 

3.5.5. Confusion Matrix : Verified real positives, verified real negatives, verified fake positives, and verified fake negatives are listed in the 
confusion matrix to detail prediction outcomes. 

3.5.6 Receiver Operating Characteristic Curve : The ROC curve demonstrates how well the model detects classes by comparing recall and 
false real detection rates across the limiting value . More AUCs mean better performance. 

True Positive Rate (TPR): Real detection / Real detection + Fake detection. 

The fake real detection rate is the sum of the fake real detection and original fake detection. ROC Curve Algorithm (Binary Classification) 

 

3.5 Results  

3.5.1 Alzheimer's disease: We have trained six machine learning approaches using the Alzheimer dataset in the form of csv file and their 
performance indicators were presented through bar graphs, a comparison table and heatmaps. Gradient Boosting exhibited the highest 
performance metrics, obtaining a good accuracy value of 95.58\%, with precision of 95. 61\%, recall score of 95.58\%, and an F1 score of 
95.59\%. Random Forest classifier also performed well, with an accuracy of 93.49\%. Moderate performance was observed with linear 
discriminant analysis (81.16\%), logistic regression (81.63\%), and support vector machine (83.02\%). Although Naive Bayes recorded the lowest 
metrics, it still achieved a respectable accuracy of 76. 98\%, which is acceptable to some existing models. The results obtained after training all 
the models are shown in Table 1. The correlation and effectiveness of each model across the four evaluation metrics were effectively visualized 
using the heat map and the bar graph, which is shown in Figures 4 and 5. 

 

Model Accuracy Precision F1 Score Recall 

SVM 0.83 0.82 0.83 0.82 

LR 0.81 8.81 0.81 0.81 

LDA 0.81 0.81 0.81 0.81 

RF 0.93 0.93 0.93 0.93 



 

 

 

 

3.5.2. Brain Stroke: We enhanced performance measurements with brain stroke datasets and modified machine learning models. Gradient 
Boosting model outperformed others with high metrics and 90.51\% accuracy during evaluation. Linear Discriminant Analysis and Random 
Forest models produced balanced results with 80.64\% and 88.16\% accuracy. The dataset's class imbalance hurt Naive Bayes. The heatmap, bar 
graphs, and comparison table below highlight these models' performance differences. 

Model Accuracy Precision Recall F1 Score 

LR 0.84 0.14 0.44 0.21 

SVM 0.86 0.11 0.28 0.16 

RF 0.88 0.14 0.28 0.18 

Naive bayes 0.39 0.06 0.88 0.12 

LD 0.85 0.19 0.44 0.26 

Gradient boost  0.90 0.20 0.32 0.24 

3.5.3.Depression: The depression dataset showed the best accuracy of 99\% in logistic regression, suggesting faultless categorization. Gradient 
boost achieved amazing 97.5\% accuracy, followed by SVM (96.25\%) and Random Forest (95\%). Improved accuracy of 92.05\% is achieved 
with Naïve Bayes. The figure 08 shows heatmaps of all models , Table 3 shows comparison tables, and figure 09 shows bar graphs of all the six 
trained models results . These results are further used in comparision with all other diseases. The bar graph shows the comparision between all the 
trained models results. Futher these results are compared with other four diseases result. 

Model Accuracy Precision Recall F1 Score 

LR 1.00 1.00 1.00 1.00 

SVM 0.96 0.95 1.00 0.97 

RF 0.95 0.94 1.00 0.97 

Naive bayes 0.92 0.92 1.00 0.95 

XGradient boost  0.97 0.97 1.00 0.98 

3.5.4.Epilepsy: Random Forest , gradient-boosting and SVM perform well after model training. Random Forest achieved the highest 
performance metrics with 97\% accuracy. SVM and Gradient Boosting obtained excellent accuracy of 97\% and 96.65\%. Naive Bayes was 
balanced, while LR and LDA were more precise. Machine learning algorithms had the top metrics. The accuracy , precision , F1 score and recall 
value obtained after training model is shown in Table 04. Along with this their heatmap is shown in figure 10 and figure 11 represents the bar 
graph of all models.  

Model Accuracy Precision Recall F1 Score 

LR 0.81 0.98 0.10 0.19 

LDA 0.82 0.91 0.13 0.23 

RF 0.97 0.95 0.94 0.94 

Gradient 
boost 

0.96 0.96 0.86 0.91 

Naive bayes 0.96 0.90 0.91 0.91 

SVM  0.97 0.96 0.92 0.94 

3.5.5.Parkison Disease: The accuracy of Random Forest and XGboost performed is 95\% each . LR with 90\% accuracy was among many other 
successful models. Naive Bayes and LDA successfully improved accuracy to 87\% apiece. The SVM accuracy was poor at 87\%. The calculated 
results are shown in Table 05, 12 and 13. 

Naive bayes 0.76 0.77 0.76 0.77 

Gradient boost  0.95 0.95 0.95 0.95 

Model Accuracy Precision Recall F1 Score 



Conclusion  

 Ensemble techniques outperformed traditional classifiers in our broad examination of machine learning models across datasets and intelligence 
prediction tasks. Gradient Boosting and Random forest perform best. Every phase had excellent accuracy, precision, recall, and F1 score. Brain 
stroke gradient classification with balanced parameters showed 95\% accuracy with boosting. In other datasets, LR had perfect or near-perfect 
metrics, but class imbalance caused low recall scores. Like LDA LR, advanced model evaluation has precision but recall. Logistic Regression and 
LDA are superior for certain datasets, while Random Forest and Boost are better for medical classification and prediction. AI will help in future 
for better detection of neuroimaging patterns which will help in early detection of diseases. These findings may support ensemble based model 
development in reliable healthcare and decision-making systems with dynamic adjustments which can improve outcome of treatment . It is more 
precise and follows ethical data integration .  
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SVM 0.87 0.91 0.94 0.92 

LR 0.90 0.89 1.00 0.94 

RF 0.95 0.94 1.00 0.97 

Naive bayes 0.87 0.89 0.97 0.93 

Gradient boost 0.95 0.94 1.00 0.97 

LDA 0.87 0.89 0.97 0.93 
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Abstract.  
 

Traditional simulation-based approaches have their limits, and field exercises are expensive 

and time-consuming, which creates major obstacles for air force pilot training. The 

complexity of real-world circumstances is difficult for current systems to simulate, and they 

also don't provide the kind of fast feedback that would be useful for improving one's skills. 

Our novel Virtual Reality (VR) training platform, VirtuAero, which incorporates cutting-

edge technologies like AI and ML, is designed to remedy these issues. 

We include features of pre-existing ML models that forecast pilot performance and 

categorize training challenges using deep learning methods into our solution. Utilizing 

adaptive features, VirtuAero customizes training situations to match the skills of each pilot, 

guaranteeing a learning experience that is uniquely suited to them. By incorporating Flight 

Maneuver Recognition (FMR), comprehensive evaluations of maneuver execution may be 

carried out using deep learning methods like CNN-LSTM and CNN, which greatly improve 

the accuracy of performance assessments. This all-encompassing method gives pilots access 

to lifelike training simulators that improve their situational awareness and decision-making 

while also providing the real-time feedback they need to hone their skills. The objective of 

VirtuAero is to improve operational preparedness by reshaping pilot training in the air force 

in a way that is more adaptable, efficient, and sensitive to the needs of current aerial 

operations. 

Keywords: CNN-LSTM, 3D-Convolutional Neural Network, Flight Maneuver 

Recognition, Logistic Regression, Success rate prediction 
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1. INTRODUCTION 

Training air force pilots effectively is critical for operational readiness and mission success 

in today's continuously changing military scenario. Conventional simulators and outdoor 

exercises, the backbone of traditional training techniques, may be a real pain. These methods 

overlook the intricacies of real-world situations, restrict training frequency, and may be 

prohibitively expensive. In addition, they usually don't have any kind of instant feedback 

system, which is crucial for this document and is highlighted in italics inside the sample for 

easy identification. Some parts, such multi-levelled equations, improve pilot ability and 

under-pressure decision-making. 

In response to these limitations, VirtuAero presents a novel approach that makes use of VR, 

AI, and ML to solve the problem. To better prepare pilots for real-world operating situations, 

this state-of-the-art training platform incorporates lifelike flight simulators. Virtual aircraft 

training with VirtuAero eliminates the hazards and expenses of conventional training 

techniques by simulating real-world flight conditions in a safe and controlled environment.  

 

Virtual reality (VR) systems not only include adaptive learning methods, but they also 

improve the training experience. Personalized teaching and real-time feedback are provided 

via situations that are dynamically adjusted depending on individual performance. The 

capacity to adjust means that every pilot can get training that's perfect for them, taking into 

account their own skills and weaknesses. Improving pilots' ability to make sound decisions 

is a by-product of analysing flight data with the use of machine learning algorithms, which 

also enhance training programs and allow for the simulation of various situations. The 

purpose of VirtuAero is to improve the way pilots are trained to handle the complicated air 

missions and defence operations of today by reimagining the way pilots fly planes. With its 

cutting-edge technology, this system is a game-changer for the air force's quest of 

operational excellence and improved capabilities. 

 

2. VIRTUAERO COMPUTATIONAL FRAMEWORK AND REAL-TIME 

PROCESSING EFFICIENCY 

 

 

Figure 2.1. VIRTUAERO Architecture 
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Our plans call for VirtuAero to include a number of cutting-edge enhancements. By using 

the Multi-Modal Functional-Based Decision Support System (MFF_DSS), the system will 

be able to predict the success rates of individual pilots and identify the complexity of 

training. In this way, we can be confident that our instruction is both practical and 

sufficiently difficult. More than that, we'll include Flight Maneuver Recognition (FMR) 

methods using advanced deep learning models such as CNN-LSTM and RNN.” These 

models will evaluate flying accuracy with great precision, enabling precise feedback and 

better execution of manoeuvres. Together, these state-of-the-art technologies will make 

training far more efficient, safer, and better prepared Air Force pilots for operation in the 

real world. We want to provide Air Force members with the self-assurance and flying 

abilities necessary to thrive in extreme conditions by raising the bar for pilot training with 

VirtuAero. 

 

2.1. Block Diagram and Evaluation Layer 

 

                                                     Figure 2.2. Block Diagram 

The Model Training and Evaluation Layer is a crucial part of the VR simulator's 

development process, training and testing DL and ML models to ensure optimal 

performance. It handles data preparation, feature extraction, model training, hyperparameter 

tuning, and evaluation. Using historical pilot data, cross-validation, and grid search, the 

system identifies optimal model parameters, prevents overfitting, and improves 

generalization across flight conditions. Key metrics such as precision, recall, F1-score, and 

accuracy provide detailed performance insights. Structured databases store pilot 

performance measurements, 3D CNN-extracted video features, and Random Forest 

predictions for efficient querying, retrieval, and long-term storage, enabling continuous 

improvement of the AI-driven training system. 
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                            Figure 2.3 Analysis of Dataset 

 The VirtuAero system demonstrates high classification accuracy with CNN (~87%) and 

CNN-LSTM (~93%) models, capturing spatial and temporal dependencies for Flight 

Maneuver Recognition. Adaptive training scenarios adjust difficulty based on pilot skill, 

improving efficiency by 25-30%, while real-time feedback enhances situational awareness 

and decision-making. By integrating 3D CNNs, Random Forest algorithms, and Unity-based 

VR simulations, the system delivers personalized, immersive training that boosts learning 

outcomes, engagement, and operational readiness while reducing training costs. 

 

   Figure 2.4 Hyper Parameter Tuning                                        Figure 2.5 VR Interface 

 
             Figure 2.6 Cockpit Setup 
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Abstract 

An autonomous robot for agriculture that uses IoT technology to identify early signs of plant 

disease and subsequently apply pesticides locally has been developed. The system integrates 

visual sensing, environmental monitoring and intelligent decision-making to increase crop 

precision management. Leaf images taken during the robot’s navigation through a field are 

used to determine a specific region of interest, extract structural features and classify the 

images using a convolutional neural network. Once the disease presence has been confirmed, 

the robot can apply the pesticide directly onto the affected area, thereby reducing the amount 

of chemicals used, as well as the amount of chemical exposure to people. Field tests have 

validated the robot's ability to identify diseases accurately, apply chemicals efficiently and 

operate consistently in various field conditions, showing a great opportunity for large-scale 

precision agriculture.  

Keywords:plant disease detection,Agriculutural robotics,Internet of Things(IOT),Presision 

Agriculture,Computer Vision,Deep learning 

 

1 Introduction 

Crop yields are being reduced by both pest infestations and diseases in plants. Currently, 

manual inspection of crops is not an effective way to monitor large agricultural areas. An 

automated plant disease detection and pesticide application robot uses image analysis and 

Internet of Things (IoT) based monitoring to track plant health. The mobile robot travels 

around a farm and collects images of leaves as well as environmental information about the 

plants. A convolutional neural network that has been trained to recognize the early signs of 

disease will be able to provide early warning so that action can be taken before the disease 

spreads to other parts of the plant. The pesticide application system will only apply pesticides 

to areas of a plant that are infected rather than spraying all of the plants in a uniform manner, 

which will lower the amount of chemicals used and the cost of pesticide applications. The 

data collected by the robot will be sent to a cloud based platform for monitoring, analysis, and 

remote management, thereby supporting sustainable farming practices. 
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1.1 System Implementation 

The proposed system for detecting plant diseases and spraying pesticides uses an integrated Internet of 

Things (IoT), robotic mobility and artificial intelligence (AI) to enable real-time automated agriculture. 

The system operates in a closed loop starting from imaging and ending at pesticide spraying. This entire 

process of imaging, identification, determining action and implementing action allows the system to 

monitor the field continuously and intervene autonomously. The process of execution is graphically 

presented in Fig. a to show the logical blocks involved and the execution of a robot's physical movements 

on the field is shown in Fig. b. The two figures demonstrate how the system's sensing intelligence and 

control function together in the field. 

 

 

(a) Block Diagram (b) Pesticide Spraying Robot 

1.2 Hardware Architecture 

An ESP32 microcontroller is responsible for all functions of the robot - collecting data from sensors, 

communicating with the user, and controlling all operations of robotic actuators. There are several types of 

sensors that were used to measure environmental conditions: a temperature and humidity sensor; a level 

sensor for liquid pesticides that allow for the proper and safe dispensing of pesticides; and light intensity 

sensors to provide information about adaptive robotic operation due to variations in sunlight. The pump is 

controlled by relaying switch on or off commands from the motor controller and the LCD screen keeps 

users informed about the current status of the robot while it is operating in the field. 

1.3 Image Processing and Feature Extraction 

Prior to classification, the onboard camera images of leaves undergo preprocessing steps that help increase 

classification reliability. These preprocessing steps include colour normalisation and resizing, providing all 

images with a uniform format. Detection algorithms are then used to extract the leaf portions from the more 

complex backdrop in the image, thus eliminating any adverse effects from other elements in the background on 

the analysis. Structural cues (for example, lesion boundary, vein orientation) are extracted from images using 

HOG. Structural cues provide essential insight into the presence of disease.  

1.4 IoT Backend and User Interface 

A Django-based backend server is used for the robot's software. It allows for the exchange of information (image 

data, sensor data, inference results) between the robot, the user interface, and archives that information for future 

analysis. The web dashboard provides a live view of the robot's status, environmental conditions, and any alerts 

regarding diseases (if needed), so that users can keep track of their robot from afar and act according to the 

presented information. 

1 Result and Discussion 
The System's performance was uniformly assessed under greenhouse and outdoor 
conditions. It achieved a 96% overall accuracy with a consistent level of accuracy across all 
disease types. In addition, the hybrid method served to minimize background interference 
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thereby increasing the consistent performance of the algorithm when the robot moved 
through an environment. 
Through the use of targeted spraying methods the robot was able to apply approximately 
92% spray coverage to infected areas and reduce the amount of pesticide applied by nearly 
35% when compared to conventional methods of pesticide application (i.e. performing a 
uniform application). 
The performance of this approach in providing accurate diagnosis, efficient use of resources, 
and reliable autonomous operation demonstrates it's real-world viability for disease 
management in crop systems and supports the closed-loop concept. However, some decline 
in performance occurred when tested in direct sunlight, with segmentation errors occurring 
as a result of shadows. 
 

  Figure 2: Software Output 

 

2 Conclusion 

The solution proposed in this study is a well-developed, functional and practicable 
approach for the identification of agricultural plant diseases via automated means and 
the exact (precision) dispensing of pesticides. An integrated learning model using these 
components provides significant savings in chemical inputs with an automated detection 
rate of 96% in various environmental conditions. The modular design allows for future 
expansion and development, enhancing the potential for use in sustainable, 
environmentally-friendly farming practices. 
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Abstract. Fingerprint recognition has become a viable biometric modality for forensic and security applications given the 

distinctiveness of the shape of the foot. The Footprint Image Database found on Kaggle consists of 1,000 different photographs. 

Using various state of the art convolutional neural networks (CNNs) including MobileNetV2, MobileNetV3Small, 

InceptionResNetV1, InceptionResNetV2, ResNetst50, EfficientNetB0, EfficientNetB1, EfficientNetB2, EfficientNetB3, 

EfficientNetB4, EfficientNetB5, EfficientNetB6, and EfficientNetB7, high-level features were extracted from the footprint images. 

Then, the deep features (DFs) were put through four ensemble classifiers—Random Forest, Bagging, AdaBoost, and XGBoost—for 

classification. We run an in-depth comparison and tests of each CNN [ensemble] combination’s classification performance in terms 

of training and test accuracy. The results show that the proposed method works for recognition, and that the EfficientNet models 

work best with XGBoost. This study demonstrated the successfulness of merging deep feature extraction and ensemble learning, as 

a scalable and accurate footprint recognition system. 

1 Introduction 

As more aspects of society are transitioning to digital, a means of identifying people has never been more necessary for accessing devices, services, 

and secure settings. Biometric systems are becoming more popular because they are fast, unique, and difficult to replicate. Most biometric systems 

utilize some measurable human aspects: fingerprints, facial structures, or human vocalizations. However, with the increase in biometrics, there has 

been an increase in privacy and security concerns. This paper expands the biometric discussion in two ways: it explores a non-standard but 

emerging biometric modality--footprint identification--and it offers capability cancelable biometric policies as an option to protect sensitive user 

identity data associated with footprint identification. The term biometric is defined as measurable human characteristics, such as fingerprints, facial 

features, or iris texture used to identify a person. Biometric characteristics very quickly entered modern authentication systems, mostly due to ease 

of use and perception of being secure [1]. Although biometrics are unique and hard to reproduce or steal, there are still threats. If your password 

is stolen, you can always change your password; however, you cannot change your biometrics. This inherent limitation causes considerable anxiety 

for many people, and has fostered questions for many, about the storage and security features of propriety biometric systems [1][2]. Significant 

accomplishments in deep learning, especially Convolutional Neural Networks (CNNs), have greatly enhanced biometric identification system 

accuracy. CNNs are particularly advantageous for image-based biometric methods (e.g., fingerprint and facial recognition) since they can 

automatically extract sophisticated features from raw images and can mitigate variability in data [3]. Current work is progressing towards 

developing biometric templates that are renewable and revocable to support long-term privacy and security. This will lay the groundwork for 

cancel-able biometrics, in which raw data will never be stored directly as a template and will allow modifications of the template in the presence 

of a breach data leak [4]. 

2  Cancelable Biometrics 

cancellable biometrics is that templates can be revoked. For example, in a similar fashion as changing a password, a user can delete a compromised 

biometric template, and in the eventuality of this change, a second transformation or template can be created. This is especially important in 

contexts where users need to be able to revoke things and have strong security layered in their identification. In a 2024 research case described 

here, for example, cancellable face verification was completed by transform-ing facial representation or data by means of random projections that 

were guaranteed to be safe and presented precise matching [5]. In order to produce safe templates, a number of deep learning and mathematics 

models have been presented. A 2024 model that generated cancellable biometric images by means of deep style transfer and symmetry checks 

maintained privacy yet recognized unique immaterial data [6]. These modifications aim to operate across a range of biometric modalities and 

settings. Cancellable systems also must be resistant to attacks. To establish pseudo-identifiers for secure multi-modal use, a modality-independent 

technique based on random feature vector variations was proposed in 2025 [7]. But there are caveats, as well. Multiple studies in 2025 had shown 

vulnerabilities, with one cryptanalysis study exposing weaknesses in several vault-based cancelable systems, and suggesting solutions to bolster 

upcoming versions of vaulting-based systems [8]. 

3 Cancelable Biometrics Based on Deep Learning 

Deep learning-based cancelable biometrics is a new discipline that combines the security of cancelable template modifications with the powerful 

feature learning powers of deep neural networks. Cancellable biometrics enable revocability and privacy even in the event of a potential data 

breach, in contrast to typical biomet-rics that retain unchangeable raw templates. CNNs and other deep learning systems are good at extracting 

complex representations from raw biometric data.These models can provide cancelable templates that maintain correctness and unlikability by 

incorporating secure transformations into their architecture. For instance, CFVNet enables cancelable finger vein detection by combining prepro-
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cessing, compression, and transformation modules into a single framework [9]. The ability to create safe templates in real time, even in unrestricted 

settings, is one of the main advantages of utilizing deep learning in cancelable biometrics. Biometric Net+ utilizes random projections and deep 

networks to generate secure, non-invertible templates, while maintaining sufficient matching performance, thereby solving a problem associated 

with face verification [11]. Evaluation studies, including the benchmarking of cancelable deep templates, demonstrate the efficacy of these 

techniques across various modalities, including voice, iris, facial recognition, and finger vein analysis.They demonstrate that recognition accuracy 

and the properties of irreversible and unlikability can be preserved, using deep learning with cancellable approaches [10]. Deep learning also 

makes it possible to combine multiple biometric traits to make the system as a whole more robust. A recent system that combines iris and periocular 

characteristics using a privacy-preserving deep learning architecture [12] shows that cancelable multi-biometric templates can improve identity 

protection while still providing reliable verification. 

4  Literature Review on Footprint Recognition 

Footprints are becoming a powerful but underutilized biometric attribute, even if fingerprints and facial features still dominate biometric 

applications. Their individuality is seen in traits that vary from person to person, including foot size, shape, toe alignment, pressure distribution, 

and skin ridge patterns. Footprints are seen as more private and safer since they are less exposed and more difficult to record without permission 

or knowledge [13]. Researchers have started looking into how well footprints work for identity verification in the context of forensic science and 

personal authentication. By concentrating on skin ridge characteristics and foot pressure zones, a 2024 study showed how conventional fingerprint 

recognition techniques could be applied to footprints using dactyloscopy principles, greatly increasing recognition accuracy [13]. Convolutional 

Neural Networks (CNNs) have been used for footprint identification problems since deep learning gained popularity. A problem that footprint 

biometrics frequently encounters is the ability of these models to generalize well even with smaller, more constrained datasets and extract fine-

grained information from footprint photos. One such work demonstrated good accuracy and speed in real-time matching settings using CNNs for 

forensic footprint classification [14]. Researchers are also thinking about privacy-preserving techniques because of security concerns. In order to 

provide revocability and privacy protection in digital systems, a 2024 study suggested creating cancelable biometric templates using footprints 

[15]. Additionally, it has been demonstrated that multimodal systems that integrate gait analysis and footprint data greatly increase accuracy and 

resistance to spoofing, indicating a high degree of potential for practical application in high-security settings [16]. 

5 Proposed Methodology 

This study utilizes a hybrid approach that combines Convolutional Neural Networks (CNNs) for deep feature extraction with ensemble machine 

learning classifiers for footprint recognition. The proposed methodology is structured into the following steps 

 

5.1 Dataset Collection 

The dataset used for this study is publicly available on Kaggle and consists of 1,000 footprint images categorized across multiple classes. 

 

5.2 Preprocessing 

The images were resized and normalized to ensure uniformity and compatibility with deep learning architectures. They were then transformed into 

a suitable format for CNN-based processing. 

 

5.3 Feature Extraction Using Deep CNNS 

Multiple CNN architectures were employed to extract deep features from the preprocessed images. The models used include: Several deep 

convolutional neural network (CNN) architectures were used to obtain high-level spatial features from preprocessed images for biometric 

identification. Some of them include efficient models such as MobileNetV2 and MobileNetV3Small, designed to be efficient and deployed on 

mobile platforms using inverted residual blocks and squeeze-and-excitation modules. Some complex models like InceptionResNetV1 and 

InceptionResNetV2 merge the best practices of Inception modules and residual connections to enable deeper networks, better accuracy, and faster 

training. ResNet50, with its identity shortcut connections, solves the issue of vanishing gradients in deeper networks. 

EfficientNet family members, B0 through B7, were also used due to their compound scaling technique, reconciling depth, width, and resolution 

for the highest performance. EfficientNetB0 through B2 provide resource-lean feature extraction, and B3 through B7 continue the scale upward, 

growing increasingly sophisticated and accurate with each increase in model size. EfficientNet enabled stable abstract discriminative feature 

extraction important to sound biometric identification. 

5.4 Feature Flattening 

The multi-dimensional output feature maps from the CNNs were flattened into one-dimensional vectors to be used as input for conventional 

machine learning classifiers. 

5.5 CLASSIFICATION WITH ENSEMBLE LEARNING 

The ensemble machine learning models were utilized to prioritize prediction accuracy and robustness after extracting and flattening features. 

Included in these ensemble methods are Random Forest, in which multiple decision trees are built using a majority vote to aggregate classifiers; 

Bagging, which will reduce variance by training each of the elements on different, independently picked samples of the dataset; AdaBoost, which 
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will sequentially concentrate on misclassified samples by assigning higher weights to difficult samples for the classifier; and XGBoost, a very 

efficient and scalable gradient boosting framework. All of these models used different strategies for learning to improve the classification of 

biometric recognition tasks. We trained each classifier using features from different CNN models. There were two train-test splits for testing: 

70%–30% and 80%–20%. 

5.6 EVALUATION 

The following metrics were used to measure the performance of each model: 

● Training Accuracy   ● Testing Accuracy  ● Precision  ● Recall  ● F1-Score  

Notable Result: 

The most notable result is that the combination of MobileNetV3Small and XGBoost produced the best outcomes with 100% test accuracy, showing 

better generalization and classification performance. Overall, ensemble learning significantly increased accuracy across all the CNN models.. 

6  System Flowchart                        

    

 

7 Models Used 

Utilising various models of Containing Nuclei Networks (CNNs), with unique computational demands; lightweight models (eg; MobileNetV2 and 

MobileNetV3Small) for the efficient deployment of resource-limited environments, and deeper models (eg; EfficientNet (B0-B7), 

InceptionResNetV1 and InceptionResNetV2) for the resolution of more complex images, to evaluate the relative performance of these 

architectures. MobileNet Models permit the immediate use when processing images, whereas both EfficientNet and InceptionResNet models have 

the potential for enhanced accuracy through compound scaling and multi-scale training. It was determined that applying four different ensemble 

methods (Random Forest, Bagging, Adaboost and XGBoost) to the features that have been extracted with the CNNs will yield improvements in 

terms of performance in terms of classification. Random Forest and Bagging increase the Model's generalization capabilities, whereas Adaboost 

can increase the Precision and Recall of the model by emphasizing misclassified examples, and XGBoost delivers the Best Performance of all 

models evaluated when combined with MobileNetV3Small due to the efficient regulation of the XGBoost model and the strong modeling of 

complex patterns. 

The experimental results produced from the use of a 70:30 and an 80:20 training/testing split yielded relatively similar performance across multiple 

CNN backbone architectures. These included but not limited to: MobileNet, EfficientNet, InceptionResNet and ResNet. The most accurate (best-

performing) results achieved by ensembles combining each ensemble method tested with a specific backbone model are included in the following 

tables. 

Table 1: Best Accuracy with Random Forest                                    Table 2: Best Accuracy with Bagging Classifier 

 

Table 3: Best Accuracy with AdaBoost          Table 4: Best Accuracy with XGBoost 

Fig.1: Flowchart of the proposed methodology 
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8 Performance Summary 

The performance of ensemble learning approaches when applied to various CNN architectures has been shown to produce very good results in 

terms of classification. XGBoost has produced especially good results achieving 100% accuracy for both 70% and 80% of the training and test 

splitting for both training data sets; specifically, XGBoost has been able to produce excellent results when using deeper EfficientNet variants for 

classification. AdaBoost and Bagging were also found to have good generalization capability; both AdaBoost and Bagging were able to maintain 

100% accuracy for even smaller architectures like MobileNetV2 and MobileNetV3Small.Overall, the findings show that ensemble methods can 

significantly enhance CNN-based classifier performance. Because of its remarkable scalability and adaptability to a broad range of models, 

XGBoost in particular turned out to be the most reliable ensemble strategy in this study. 

 

9 Dataset Description 

We have used the publicly available Footprint Database from Kaggle, which contains over 1,000 grayscale footprint images of 230 individuals, 

organized class-wise for biometric identification. 

The dataset was a multi-class classification problem and was evaluated against two splits in the data: 70%–30% and 80%–20% for training and 

testing, respectively.                                           

 

 

Description of Execution- 

Preparing the dataset, employing ensemble learning techniques 

for classification, and using pretrained convolutional neural 

networks (CNNs) for feature extraction consist of the primary 

steps of the execution pipeline for this study, which was 

designed to evaluate the classification performance of feature 

extractors based on deep learning in combination with 

ensemble learning classifiers on a footprint dataset in a 

methodical manner. 

9.1  Dataset Preparation and Preprocessing 

The dataset employed in this study was obtained from the 

Kaggle platform, namely the Footprint Database. The dataset 

includes grayscale footprint images sorted into folders, each of which corresponds to a different class. Images were preprocessed with the OpenCV 

library. Images were resized to 224×224 pixels to ensure consistency between models. Non-valid or corrupted images were skipped automatically 

during the loading process to guarantee robustness. Class labels were taken from the folder names and were subsequently encoded in numerical 

form through label encoding. The dataset was partitioned into a training and test subset based on an 80:20 ratio while ensuring stratified distribution 

for a balanced representation of classes. 

9.2 Feature Extraction using Pretrained CNN Models 

Thirteen popular pretrained CNN models were used as feature extractors to extract informative representations from input images. These 

models-MobileNetV3Small, MobileNetV2, InceptionResNetV1, InceptionResNetV2, ResNet50, EfficientNetB0, EfficientNetB1, EfficientNetB2, 

EfficientNetB3, EfficientNetB4, EfficientNetB5, EfficientNetB6, and EfficientNetB7-were initialized using ImageNet weights and utilized 

without their last classification layers to work only on feature extraction. Each of the images was passed through these networks to get high-

dimensional feature vectors, which were flattened and saved for later classification. By doing so, raw pixel data was effectively converted into 

high-level, compact representations which were ideal for input to machine learning classifiers. 

9.3 Classification using Ensemble Techniques 

The features that were extracted from every pretrained CNN model were then utilized to train four ensemble classifiers that are recognized for 

their performance and resilience when it comes to classification: Random Forest Classifier, Bagging Classifier, AdaBoost Classifier, and XGBoost 

Classifier. These classifiers were all trained separately utilizing the same feature set and assessed on a hold-out test set. Critical performance 

measures—training accuracy, testing accuracy, precision, recall, and F1-score—were calculated for each feature extractor-classifier combination 

to thoroughly evaluate classification performance. 

9.4 Output and Performance Evaluation 

 Performance comparison of deep learning feature extractors with ensemble classifiers under a 70:30 train–test split, where all models 

achieved 100% classification accuracy across Random Forest, Bagging, AdaBoost, and XGBoost classifiers. 

Table 5. the classification accuracy (%) for several backbone CNN models combined with ensemble classifiers based on the 80:20 train/test 

split was consistently 100% for both XGBoost and Random Forest, while AdaBoost varies by architecture. 

In fig. 6 The comparative performance of the ensemble classifiers indicates that XGBoost and Random Forest produced consistently higher 

levels of accuracy than AdaBoost at the time of this publication, due to the differences in performance demonstrated by each model on each 

configuration combination at the time of writing. 
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                                      Table 5                                                                                                Fig. 4 

10 Future Scope 
While the approach we presented achieves high accuracy and robustness across various ensemble classifiers and deep learning models, there are 

some feasible future research avenues. Given that the footprint dataset used in this study is specific, one possible direction is dataset expansion. 

Adding more varied da-tasets that include variations in foot shapes, pressure patterns, walking tech-niques, and environmental factors (like 

illumination and background noise) could improve the model's generalizability. An additional interesting direction for research could be real-time 

implementation of the trained model in useful systems such as surveillance security, smart floor systems, or biometric access control. However, 

minimizing inference time and computation resource utilization would be necessary for its real-time implementations. 

11 Conclusion 
This research offers a robust footprint recognition system by tossing together some of the most advanced deep learning models with ensemble 

classifiers. We took a bunch of pre-trained CNNs - MobileNetV3Small, MobileNetV2, Incep-tionResNetV1/V2, ResNet's & the whole family of 

EfficientNetB0–B7 - and used them to extract features, while we employed various ensemble methods like Ran-dom Forest, Bagging, AdaBoost 

& XGBoost to classify them. Some of our favour-ite combos - like using EfficientNetB4 with Random Forest & InceptionResNetV2 with Bagging 

- turned out to be super accurate (100% on test sets) proving that combining heavy-duty feature extraction techniques with seriously powerful 

ensemble classifiers is a winning formula. We even found that throwing in some dimensionality reduction through Gaussian Random Projection 

improved the outcome in a few cases. To cut to the chase, it shows that our proposed system is pretty darn accurate & practical for biometric 

identification in security, forensics & access control. This work lays the groundwork for all kinds of optimistic future developments - such as real-

time applications, multi-modal biometrics, and training on larger datasets - all of which will lead to smart and non-intrusive recognition systems. 
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Abstract—Steganography refers to the method of hiding data of any kind in digital media in order to 

transmit the information in a way that only the receiver knows and hence, secure communication is 

maintained. 

 A simple yet effective steganographic system for images based on the Least Significant Bit (LSB) 

method and an elementary XOR-based scrambling technique has been presented in this study. Abstract—

Steganography refers to the method of hiding data of any kind in digital media in order to transmit the 

information in a way that only the receiver knows and hence, secure communication is maintained. The 

system enables both text data and image data to be embedded in a cover image and thus has broader usage 

in various situation communications. A numeric password is utilized to generate key-dependent scrambling 

operations such that only users with possession of the correct password would receive the embedded data. 

The experimental findings confirm that there is no alteration in the visual quality of the original cover 

image after embedding and that the password protection system adds an extra layer of access control.Being 

straightforward in approach keeps it highly computational light and amenable for implementation in real 

time, though limitations and directions for future work enhancing it by integrating advanced cryptography 

as well as machine learning are duly pointed out. 

 

I. INTRODUCTION 

A. Introduction 

As online communication has grown at extremely high speed, privacy about sensitive data has become 

essential.  

Though cryptography protects data by rendering them unreadable, it still indicates the passage of hidden 

information. Steganography never signals transmission of information by concealing it in daily media such as 

images, audio, or videos. Among these steganographic schemes, image steganography has been widely 

studied due to redundancy in images and its covert nature [23] 

Least Significant Bit (LSB) method is among popular steganographic schemes owing to simplicity in 
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implementation and minimal visual loss. Only pixel value bits in least significance are replaced in order to 

hide secret data without noticeable change in the cover image. However, basic LSB schemes lack strong 

security since attackers would get extracted data if no other type of security is utilized. With this in mind, 

different schemes generally require password encryption or any other form of encryption followed by LSB 

embedding. 

A password-based LSB-based steganographic system in Python is outlined in the work. The system 

supports text-in-image and image-in-image steganography. A numeric password via XOR scramble is adopted 

to provide maximum secrecy such that only legitimate users will uncover the covert data. The approach is 

lightweight, efficient, and preserves good quality of original covering image and is therefore suitable for 

secure communication in resource-limited settings. 

B. Overview of the Project 

With the help of steganography, this project offers an easy, lightweight, and unnoticeable method of 

concealing secret messages in pictures—a technique that hides data in images without detection by anyone. 

The traditional Least Significant Bit (LSB) method is used which changes the slightest details of the pixel 

colors in an image to conceal the data, and a password scramble is incorporated for additional security. The 

whole thing is done in Python with the user-friendly Pillow library, and two major functions are provided: 

embedding secret text in an ordinary picture or even concealing an entire image inside another. 

 

During the process of encoding (hidden), the user selects a regular "cover" picture along with the secret 

like a text message or another photo. A numerical password is entered which encrypts the data using a fast 

XOR operation (it is like a reversible mix that can only be undone by the correct key). The resultant bits are 

then hidden in the pixels of the cover image that are least perceptible. What is produced? A concept has been 

coined as the steganogram—a digital image so well disguised that nothing about it seems to suggest that there 

is actually something concealed in the file. 

 

II. LITERATURE REVIEW 

Johnson et al. [1] explore the steganography technique for digital content, putting emphasis on the processes 

of secret data transmission and intellectual property protection. Their paper presents a comprehensive 

examination of various attack scenarios and their allied countermeasures aimed at raising the concealed data's 

toughness against being detected, corrupted, or lost.By the way of theoretical principles and practical 

implementations together, they are designing secure data hiding techniques that are reliable. On the whole, it 

is a good source for the researchers working on building algorithms that are not only security-wise strong but 

also performance-wise upgraded for different kinds of digital media across the board of both steganography 

and watermarking systems. 

 

Gonzalez et al. [2] provide a very comprehensive account of the principles, algorithms, and applications of 

digital image processing. Among others, the authors present the major topics of image enhancement, 

restoration, segmentation, and compression that are of utmost importance for the image steganography 

process, keeping the same order. The book is not only aimed at mathematicians who want to see the basic 

principles in numbers but also at practitioners who wish to acquire the techniques. Hence, they will be able to 

handle the image data for the purposes of hiding and retrieving the content no matter which method is used. 

This paper serves as a vital reference in the quest for the design of high-performance and fast image 

steganography systems that would be suitable for both research and commercial use. 

 

Paar et al. [3] present a thorough explanation of modern cryptographic techniques, which covering the 

symmetric and asymmetric encryption, while hashing methods, and key management protocols. The textbook 

describes the mathematical concepts and their applications in the field of cryptography, at the same time, 

providing important information on how to protect data during embedding transmission in steganography. The 



  

authors illustrate the process of cryptographic algorithms providing confidentiality and integrity, thus, making 

this publication a significant source for securely combining cryptography with steganography systems. 

 

Fridrich et al. [4] present a thorough investigation on digital media steganography, which encompasses main 

concepts, algorithms, and practical applications in the real world.The different methods analyzed by the 

authors include data entry or hiding (using watermarking techniques), detection via steganalysis, and 

techniques to secure against attacks and to manage attacks. The writers discuss the whole range of spatial and 

frequency domain techniques but mainly concentrate on three main aspects: capacity of the payload, 

invisibility, and resistance to statistical analysis. Thus, the work provides a fair evaluation of steganography’s 

usage from both the defensive and offensive perspectives in various digital media formats. 

 

Katzenbeisser et al. [5] explore the modern techniques for hiding information, focusing on steganography and 

watermarking. The authors' research effectively integrates theoretical notions with practical uses, pointing out 

security and robustness as the major defenses against different attacks. They tell the story of the designs of the 

algorithms, the processes of embedding and the tactics of detection, thereby providing a complete picture of 

how to protect digital content.. The said method allows scholars to tackle the technical and security problems 

in information hiding at the same time, thereby creating the possibility of even stronger and more secure 

methods in the area of multimedia security. 

 

Kessler et al. [6] examines steganographic techniques from the perspective of computer forensic investigators, 

outlining detection and steganalysis strategies. The challenges of revealing concealed messages in digital data, 

the application of forensic software, and the legal aspects are all major topics of the discussion in the paper. 

To that end, it mentions the various ways of practicing steganalysis, such as through signature and statistical 

detection methods. This advisory gives practitioners the power to identify hidden messages with ease and at 

the same time comprehend the metamorphosing character of steganography in legal probes. 

 

Cox et al. [7] provide a detailed study of digital watermarking for media authentication and copy protection. 

The authors discuss the application of spread spectrum methods and strong watermarking systems capable of 

defeating distortion and tampering as the major subjects of their work. Through such a combination, the book 

not only explores the theory of perceptual modeling and detection protocols but also reveals the potentials in 

practice. Therefore, it is a practical low-cost guide for the researchers working on watermarking systems that 

also use steganography to secure the integrity of the content in electronic communications. 

 

Srivastava et al. [8] propose an efficient image steganography approach using LSB schemes combined with 

password protection for added security. The technique used by them hides the data inside the digital pictures 

by encrypting the payload and allowing only those who know the password to access it. The tests have shown 

that it combines high imperceptibility and strong resistance against the extraction of data. Moreover, it 

provides a proper compromise between simplicity and security, which makes it an efficient method for secure 

steganographic exchange of messages. 
 

The Python Software Foundation [9] provides comprehensive documentation for the Python Imaging Library 

(Pillow), which makes image manipulation the techniques essential to the steganography well-detailed and 

accessible. The library provides methods for the creation, alteration, and transformation of images thereby 

allowing the effective handling and management of images in different applications of  

steganography. Its detailed functions aid in data hiding encoding, decoding, as well as data visualization in 

images. It is the resource on which developers and researchers relying on practical steganography algorithms 

develop applications for non-technical users. 

 

 

 

 

        



  

III. CONCLUSION 

 

The proposed system consists of a dual-mode image steganography and password protection 

mechanism that is secure enough to conceal both images and texts within the cover images. The method used 

for data security is a combination of XOR encryption with LSB substitution which leads to data confidentiality, 

authenticity, and imperceptibility. The system is designed for secure communication and is both practical and 

user-friendly since it has GUI and command-line interfaces. 

Prospects for further improvement include the integration of more secure encryption schemes such as 

AES adaptive embedding schemes that would allow for better steganalysis resilience and higher data 

capability, and the extension of the system to deal with multimedia beyond images and developing software 

for phones, for wider portability. More reinforcement of the system could also come from the incorporation of 

machine learning-based resist mechanisms as well as detection mechanisms. Possible future extensions include 

temporal steganography for videotext for wider multimedia applications. 
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Abstract 

The study purpose a two-stage pipeline for the facilitation of robust hand-posture recognition, 

that makes use of deep learning-based feature extraction along with swarm-intelligence 

powered feature selection. Preprocessing (Phase I): Preprocessing involves preprocessing of 

input images, with complex background using K-Means clustering to separate clean FHR. In 

the second step, a pre-trained deep neural network (DNN) is used to get high-dimensional 

feature vectors, and these features are optimized with respect to Firefly Algorithm in order to 

save only the most relevant subset. The selected features are then placed on a piece-wise linear 

model for fast and efficient prediction. We evaluate the proposed DFL system (DNN + Firefly 

+ Linear) on the NUS-II ten-classes hand-posture dataset that includes gestures for alphabets 

‘a’ to ‘j’. Experimental results demonstrate that DFL outperforms two baseline methods-DPL 

(DNN + PSO + Linear) achieving superior precision (0.91), recall (0.87), F-Measure (0.90), 

and accuracy (0.90).  

Keywords: SLR, sign language, Firefly, DNN, feature selection. 

1.1 Introduction 

Sign Language Recognition (SLR) It is an advanced, challenging and complex area on 

human computer interaction (HCI). Deep learning algorithms for image processing have 

advanced to a very large, tremendous degree. DNN has a superiority over traditional feature 

extraction and processing algorithms that it can do hierarchical representation from raw 

data. Earlier layers of the convolutional feature detector automatically identify low-level 

shapes (like lines or textures), middle ones encode a more complex set of shapes like finger 

positions or hand silhouettes, and deeper layers abstract high-level gesture semantics. This 

end-to-end training framework adapts its filters to maximize recognition accuracy-rather 

than relying on fixed thresholds or manually designed descriptors that makes DNNs 

inherently robust to variations in background, lighting, scale, and signer appearance. DNN 

system is made up of several components including Convolution layer for spatial feature 

extraction, pooling layer to introduce transitional invariance, recurrent layers for temporal 

modelling along with bottleneck and output to compress the representation and to label the 

gestures respectively.  
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Figure 1.1: DNN Architecture. 

1.2 Literature Survey  

Das et al. (2023) propose a deep CNN framework specifically designed for Indian Sign 

Language (ISL) recognition. Their architecture combines multiple convolution-al and 

pooling stages followed by fully connected layers to capture the rich spatial–temporal 

patterns inherent to ISL gestures. They evaluate on a custom ISL dataset comprising over 

20,000 labeled frames across 50 signs, achieving a peak accuracy of 94.2 % [5]. Basiri et al. 

(2023) present a dynamic Iranian Sign Language (IrSL) recognition system embedded within 

a robotic framework. They optimize a deep neural network by tuning layer widths and 

learning rates via a metaheuristic algorithm, yielding faster convergence and higher 

accuracy. Their robot-captured IrSL dataset-featuring continuous signing from 30 speakers, 

each performing 100 phrases-serves both training and real-time evaluation. Contributions 

include an end-to-end pipeline from image capture to gesture segmentation [6]. Miah et al. 

(2024) introduce a graph-augmented deep network for large-scale SLR. By representing 

hand joints as nodes in a spatio temporal graph and fusing these with global image features 

from a CNN, they capture both skeletal and appearance cues. Experiments on the publicly 

available WLASL-300 dataset (200 signers, 300 classes) show a 6 % improvement over 

baseline CNNs. Their main contributions are (1) a novel graph-feature fusion layer, (2) a 

staged training regimen that alternates be-tween graph and image branches [7]. Wadhawan 

et al. (2020) focus on static sign recognition, comparing various CNN backbones on the 

ASL- 100 dataset. They demonstrate that deeper networks (e.g., ResNet-50) outperform 

shallow ones by up to 8 % in accuracy but at the expense of inference speed. Their 

contributions include a benchmark of five architectures under identical training protocols 

[8]. Shin et al. (2023) leverage a transformer- based encoder–decoder network for Korean 

Sign Language (KSL). They first extract patch-based embeddings from video frames, then 

apply multi-head self-attention to model long- range dependencies. Evaluated on the 

KSL400 dataset (400 phrases, 50 signers), they report a 92 % top-1 accuracy and show that 

positional encoding is crucial for handling phrase order. Contributions include (1) a video-

to-text transformer pipeline, and (2) a token-level explainability method that highlights 

frame regions most influential to each predict-ed sign [9]. Ridwan et al. (2024) present an 

explainable transfer- learning approach for SLR, fine-tuning a pretrained ResNet on a small 

gesture dataset (1,000 samples, 20 classes) and using Grad-CAM to visualize decision 

regions. Their contributions are a systematic comparison of five pretrained backbones under 

few shot conditions [10]. Al-Qurishi et al. (2021) deliver a comprehensive survey of deep 

learning techniques for SLR, cataloging over 50 methods across CNN, RNN, and hybrid 

architectures. They benchmark common datasets (e.g., ASL, GSL, CSL) and identify open 

issues such as dataset imbalance, generalization to new signers, and real time latency 
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constraints. Their contributions include a taxonomy of SLR methods by modality and 

training approach [11].   

1.3 Research Gap 

While existing sign language recognition (SLR) studies have demonstrated significant 

advancements through deep learning, graph-based fusion, metaheuristic optimization, and 

transformer architectures, several gaps remain unaddressed: 

1. Generalization Across Diverse Datasets- Although some works [7] explore cross-

dataset evaluation, scalability to heterogeneous, multi- environment datasets remains 

limited, with most models being trained and tested on domain- specific or controlled 

datasets. 

2. Feature Selection and Dimensionality Reduction-While methods like mRMR-PSO 

attempt feature selection, few integrate lightweight, adaptive feature-reduction mechanisms 

directly within the end-to-end training process to balance speed and accuracy. 

1.4 Proposed Work 

The proposed work incorporates a two-phase pipelined architecture in which the first phase 

is for the reduction of a complex background image into a clean and wider frame of 

foreground image. The second phase is for the application of DNN layer for the feature 

extraction which is followed by training and classification mechanism. Prior to training and 

classification, the features are also selected via Firefly algorithm for improved results. 

Figure 1.2: Proposed Workflow 

This method evaluates each cluster’s relative pixel count interpreting the smaller cluster as 

the true foreground, since foreground objects typically occupy less area against a broad 

background. After K-Means assigns each pixel to one of two clusters, we compute the total 

number of pixels in each. By selecting the cluster with the minimal population using eq:6, 

the proposed work effectively captures the region most likely to contain the foreground 

object. The rest of the pixels are set to 0 as background. Once the foreground is extracted, it 

is passed to DNN for feature extraction followed by firefly algorithm for feature selection. 

Firefly Algorithm: In the proposed hand-posture recognition pipeline, the Firefly Algorithm 

(FA) is employed as a swarm intelligence-based feature selection mechanism to refine the 

high-dimensional feature vectors extracted by the pre-trained deep neural network (DNN). 
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Once the DNN generates a rich set of features from the preprocessed hand images, many of 

these features may be redundant or irrelevant, potentially slowing down classification and 

reducing accuracy. During optimization, each firefly moves toward brighter ones, meaning 

that poorer solutions are adjusted to resemble more successful ones. The optimized feature 

set reduces computational overhead while maintaining or improving classification 

performance, enabling the DFL (DNN + Firefly + Linear) approach to achieve superior 

precision, recall, F-Measure, and accuracy compared to the PSO based alternatives. [10-11]. 

1.5 Result And Discussion 

This section covers the evaluation of the results based on the quantitative parameter analysis. 

The proposed work has been evaluated and compared with existing state of art selection 

algorithms. The proposed work uses NUS-II hand posture dataset with 10 classes including 

five alphabets ‘a’ to ‘j’. The comparison has been made for overall 1000 test samples 

whereas for training 3000 samples were used. The comparison is done in such a way that the 

proposed DFL (DNN+Firefly+Linear) is compared against DPL (DNN+PSO+Linear). 

From table II, it is quite clear that the proposed DFL method outcasts other methods by 

significant margin. When it comes to precision, the proposed work exhibits a precision of 

0.91 which is the highest among the lot. 

Table 1.1 Comparative Analysis 

Method Precision Recall F-Measure Accuracy 

DFL 0.91 0.87 0.90 0.90 

DPL 0.85 0.81 0.84 0.84 

The proposed DFL exhibits 7.1% more precision in comparison to DPL. The evaluation for 

recall is the same, DFL exhibits 6.1% improvement over DPL as shown in Fig 1.3 (a & b). 

                        
(a) Confusion matrix for DFL. (b) Confusion matrix for DPL. 

Figure 1.3: Confusion matrix for Figure (a) DFL and Figure (b) DPL 

The proposed work also shows an improved accuracy by 7.1% over DPL. The improvement 

is due to the indicting nature of the fireflies that has been used to select the features from 

given set of DNN features. Grouping of the fireflies for number of iterations resulted into a 

high set of precision and recall values. measure, and accuracy. 
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1.6 Conclusion 

The paper introduces the hybrid feature extraction and selection architecture based on DNN 

and Firefly algorithm along with linear classifier thus named as DFL. In the firefly 

algorithm, we also used architecture-independent objective function that could result in 

maximum total classification accuracy. The proposed work has demonstrated traceable 

enhancement compared to the state of art techniques existing which are motivated by Particle 

Swarm optimization (PSO) for creating DPL. -selection presents 7.1 % improvements in 

precision and accuracy over the PSO-based selection. Confusion matrices also show that 

remainder in the mis-classifications are mostly between visually similar gestures, but 

capturing temporal dynamics or joint-based representations could further enhance 

robustness. 
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Abstract— Homeopathic treatment is based primarily on 

in-depth case analysis that leads to the selection of specific 

remedies for each patient. Thus, the entire process is a 

drudgery and demand on the skill of the practitioner. This 

study presents a Deep Learning Neural-Based System for 

Automated Case Analysis in Homeopathic Healthcare, which is 

meant to make practitioners' work easing in diagnosis and 

prescription by the intelligent processing, and recognition of 

the data pattern. This system applies NLP and deep neural 

networks to help in analyzing not only the patient's case 

history but also the symptoms and emotional states along with 

the medications of the patients. The model is trained on a 

carefully selected dataset of verified homeopathic cases, the 

learning progress goes through the creation of very fine and 

complex associations among symptom profiles and 

corresponding remedies. The structure makes use of a hybrid 

neural architecture with combined convolutional and 

recurrent layers, so that both feature extraction and context 

understanding are done effectively. A reasoning module is also 

part of the system, which then provides the list of remedy 

recommendations together with their confidence scores, thus, 

facilitating the making of decisions and at the same time, 

ensuring transparency of the process. The results of the 

experiments confirm that the system has a higher degree of 

accuracy and consistency than the traditional rule-based 

expert systems. Besides, the platform is capable of being 

updated with the learning from the new cases continuously, 

thus, being in a position to adapt and refine itself over time. 

Keywords: Deep Learning, Neural Networks, Homeopathic 

Healthcare, Automated Case Analysis, Natural Language 

Processing (NLP), Medical Diagnosis, Artificial Intelligence, 

Remedy Recommendation System, Clinical Decision Support, 

Healthcare Informatics 

I.INTRODUCTION 

Homeopathy, a system of alternative medicine, stressed 
the treatment of the whole man by taking all his physical, 
psychological, and emotional symptoms into account. The 
patient is seen as a complete individual, the remedy of choice 
will then be the one that most closely resembles the total of 
symptoms exhibited[1]. In the past, this method of case 
analysis in homeopathy was slow, very subjective, and relied 
heavily on the clinician’s experience and interpretative skills. 
Different ways of interpreting patient stories, poor 
extractions of symptoms, and dependence on manual 
repertorization frequently result in differences in diagnosis 

and remedy selection[2]. The emergence of artificial 
intelligence (AI) and data-driven technologies has created 
more and more chances to increase the objectivity, precision, 
and efficiency of homeopathic case analysis through the use 
of automation and intelligent computation. Deep learning has 
been at the forefront of many cutting-edge technologies and 
has thereby transformed several industries, such as medical 
image analysis, and natural language processing (NLP), and 
diagnostic decision support systems. With the help of deep 
learning, a machine can learn to automatically extract only 
the most essential features of a complex, unstructured dataset 
such as text, speech, and medical records. The same 
technique used in homeopathy would allow for deep learning 
models to take in patient stories, tell the symptom patterns 
that are hiding underneath, and find a match with a huge 
collection of remedies and clinical outcomes[3].  

This method of computation can really help doctors by 
making suggestions based on evidence, thus increasing 
uniformity and decreasing the chance of errors in diagnosis. 
The Deep Learning Neural-Based System for Automated 
Case Analysis that is proposed is designed to connect 
classical homeopathic practice with modern computational 
intelligence[4][5]. The system incorporates a combination of 
neural networks that uses Convolutional Neural Networks 
(CNNs) for the extraction of features and RNNs or 
Transformers for the understanding of symptoms and 
emotional expressions in context. Techniques from Natural 
Language Processing (NLP) are used by the model to 
scrutinize case histories that are unstructured, extract the 
important rubrics, and link them to the corresponding 
remedies through the application of learned semantic 
relationships. The technique presented here can perform both 
data-driven and context-sensitive analysis so that the 
recommendations can be made in accordance with the 
holistic philosophy of homeopathy[6]. 

From a theoretical perspective, deep learning is 
essentially that the model is based on the concept of artificial 
neural networks that emulate the brain's structure and 
function. During the processing of input data, the neural 
networks essentially consist of a series of layers containing 
interconnected nodes (often referred to as 'neurons') that 
learn through the gradual change of connections (weights) 
and the use of activation functions. The most significant 
contribution of deep learning is the hierarchical learning 
method where the lower levels decode the plain features (for 
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instance, words or symptoms) while the higher levels 
educate the whole thing to be very complex (for instance, 
emotional patterns or remedy correlations). Hence, it is a 
very good candidate for the great task of capturing the 
detailed relationships between symptoms and remedies that 
are inherent in the analysis of homeopathic cases. In the case 
of medicine, a lot of AI-powered diagnostic tools have 
already proved their worth in making the deciding process 
automatic in a very fast and smooth manner[7][8]. But the 
majority of these systems are working with the data from 
allopathic or biomedical, that is, imaging or lab reports. One 
might think that homeopathy would be less challenging, but 
in fact, it is the opposite; this branch of medicine is quite 
difficult because it heavily relies on qualitative data, 
subjective symptom descriptions, and the individualization of 
treatment. So on the one hand, the use of deep learning in 
homeopathy would mean a very precise and accurate 
application of computational techniques while on the other 
hand adhering to homeopathic principles like the Law of 
Similars, the Minimum Dose, and the Totality of 
Symptoms[9] which are much more philosophical than 
scientific. 

The suggested system operates through a multi-stage 
pipeline:  

(1) Data Collection and Preprocessing, in which the 
patient case histories and repertory data are gathered and 
standardized;  

(2) Symptom Extraction and Encoding, where NLP 
models detect and transform key symptom expressions into 
vectors;  

(3) Remedy Prediction, where neural networks scrutinize 
the encoded representations and present the possible 
remedies ranked by confidence scores; and  

(4) Feedback and Learning, where practitioner feedback 
is incorporated to perpetually improve model accuracy. This 
flexible structure not only triggers automated case analysis 
but also provides the basis for adaptive learning from new 
clinical hands-on practices. 

The contribution to theory that this paper makes is 
through the application of deep neural network theory to a 
field, which has traditionally been qualitative. The 
representation of homeopathic symptomatology as vectors 
with a well-defined structure in a multi-dimensional feature 
space, the system offers different methods for analyzing the 
qualitative texts that are capable of being measured. The 
system is furthermore capable of discovering hidden links 
between remedies and symptoms by using a combination of 
supervised and unsupervised learning, which might then lead 
to the creation of a new understanding in homeopathic 
research[10]. This work research promotes the merging of 
computational intelligence and the homeopathic philosophy 
in order to get better healthcare results. The proposed model 
that is based on deep learning automation is, finally, able to 
minimize human error, speed up case analysis, and improve 
the reproducibility of results. Such intelligent systems, 
ultimately, have the potential to turn homeopathic practice 
into one that is more accessible, data-driven, and 
scientifically integrative without sacrificing its holistic 
foundation. 

 

 

II. LITERATURE REVIEW 

Author & 

Year 

Objective / Focus of 

Study 

Methodology / 

Techniques Used 
Key Findings / Results Research Gap / Future Scope 

Rachael Doherty 

et al. (2025)[1] 

To compare homeopathy 

guidance by AI-based 

automated systems and 

live practitioners for 

acute illnesses. 

100 clinical cases entered 

into an AI-based remedy 

finder; compared remedies, 

posology, and symptoms 

with live practitioners. 

Automated finder included 

practitioner remedy in 

59% of cases, top-3 in 

37%, and top match in 

17%; AI not a replacement 

for live expertise. 

Validation and standardization of 

AI-based homeopathic tools 

needed for clinical reliability. 

Surgit Singh 

Makker et al. 

(2025)[2] 

To analyze efficacy of 

ML-assisted homeopathy 

for Canine Parvovirus 

(CPV) treatment. 

ML models (Logistic 

Regression, Random 

Forest, XGBoost) on 118 

CPV cases; feature 

importance & survival 

analysis. 

Disease severity most 

significant predictor 

(p<0.001); ML improved 

remedy prediction 

accuracy; 89% overall 

survival rate. 

Integration of real-time data and 

ML-driven clinical decision 

systems for enhanced prediction 

and validation. 

Sambhram 

Ghosh et al. 

(2025)[3] 

To classify and grade 

Ayurvedic herbs using 

deep learning. 

Deep Learning models 

(CNN, MobileNet) with 

image input for herb 

identification and 

classification. 

Accurate detection and 

classification of herb 

categories; system stores 

and displays herb uses and 

benefits. 

Extend model to large-scale 

datasets and integrate multispectral 

imaging for higher precision. 

Haipeng Liu et 

al. (2025)[4] 

To highlight AI-driven 

processing of healthcare 

data including EHRs and 

medical imaging. 

Review of AI, ML, and DL 

applications in healthcare; 

data-driven analytics and 

multimodal data processing. 

AI enhances detection, 

management, and analysis 

of healthcare data; major 

success in COVID-19 

severity evaluation. 

Need for integration of explainable 

AI models and privacy-preserving 

health data analytics. 

Ashish Kumar et 

al. (2024)[5] 

To explore ML and DL 

integration in healthcare 

systems for diagnosis 

and prognosis. 

Comprehensive 

methodological framework 

using ML, DL (CNN, 

SOM, SVM); analysis of 

heterogeneous data. 

DL outperformed 

traditional methods in 

imaging and classification; 

achieved 91.16% 

classification accuracy. 

Encourage use of hybrid ML-DL 

models for early diagnosis and 

personalized medicine 

optimization. 



Prakash 

Muthuperumala 

et al. (2024)[6] 

Systematic review on AI 

and ML applications in 

AYUSH (Ayurveda, 

Yoga, Unani, Siddha, 

Homeopathy). 

Literature review from 

databases (Scopus, 

PubMed, IEEE Xplore, 

etc.); multiple study designs 

included. 

ML/DL most used in Yoga 

& Ayurveda; diagnosis, 

biomarkers, and 

pharmacokinetics 

underexplored. 

Emphasizes need for evidence-

based integration of ML/DL across 

all AYUSH systems for precision 

medicine. 

Sargam Ramesh 

Singh et al. 

(2024)[7] 

To study NLP 

applications in 

prognostic factor 

research models in 

Homeopathy. 

Literature review on NLP 

applications in extracting 

textual prognostic data and 

patient responses. 

NLP improves extraction 

of prognostic factors and 

personalizes treatment 

strategies; supports 

evidence-based decisions. 

Future studies should refine NLP 

models, address ethics & data 

privacy, and conduct clinical 

validation. 

 

III.METHODOLOGY 

 
The research proposal reveals a Deep Learning Neural-

Based System for Automated Case Analysis in 
Homeopathic Healthcare that is expected to mimic the 
analytical reasoning of professional homeopaths through 
intelligent computational models[11]. The methodology 
involves the integration of patient symptom data, remedy 
repertories, and clinical case histories into a single 
analytical framework that takes advantage of neural 
networks' learning skills. The system processes both 
structured and unstructured clinical data, determines the 
most relevant symptom-remedy relationships, and provides 
the best remedy predictions with little to no human 
involvement.  

Not only does this framework improve diagnostic 
efficiency but it also introduces a level of consistency and 
objectivity in the remedy recommendation that reinforces 
the scientific underpinning of homeopathic decision-
making. The construction of this system commences with 
the assembling of a large digital dataset drawn from 
credible homeopathic sources such as repertories, Materia 
Medica references, and anonymized clinical case records. 
Each record contains essential parameters like patient 
demographics, presenting complaints, modalities, mental 
and physical symptoms, and the results of previous 
remedies[12-14]. These data points are first standardized so 
that there is no redundancy and all variables are uniform. 
The textual data, including symptoms and case notes, are 
analyzed with superior Natural Language Processing (NLP) 
methods such as tokenization, lemmatization, and semantic 
embedding in order to convert qualitative medical 
narratives into quantifiable numerical vectors. This enables 
the neural model to interact, classify and perform case 
comparisons by applying high dimensionality and context 
awareness[15].  

The preprocessed data are subsequently fed into a DNN 
model, composed of numerous layers, which teach the 
system in a hierarchical manner by establishing the 
relations between symptoms and remedies. The architecture 
generally consists of an input layer that corresponds to the 
encoded symptom features, several hidden layers for 
nonlinear transformation and abstraction, and an output 
layer that classifies or predicts the most probable 
remedy[16]. The model is trained through supervised 
learning, with each input sample being marked with the 
remedy confirmed by expert practitioners. The network is 
further optimized through the use of stochastic gradient 
descent (SGD) or Adam optimizer and the categorical 
cross-entropy loss between the predicted and actual remedy 
labels is minimized. To avoid overfitting and stabilize the 

learning process, dropout and batch normalization 
techniques are used. 

In the process of repetitive education, the neural 
network captures the intricate and non-linear connections 
among the grouped symptoms and the particular treatments, 
thereby imitating the intuitive reasoning of human 
healers[17]. Besides the supervised learning, the machine 
has also applied feature extraction and pattern recognition 
to determine how effective each remedy is in various case 
categories. The application of k-fold cross-validation 
validation is to make sure that the model is general and 
strong. The final model is then evaluated on the leftover 
data for its prediction accuracy, sensitivity, and precision in 
remedy identification. Further a comparative analysis with 
practitioner-supplied remedies is conducted to confirm the 
level of agreement and to point out the divergences that 
may further the learning process. Moreover, the model has 
interpretability components, to which the attention 
mechanisms draw focus on the important symptom features 
that lead to remedy selection, thereby enabling practitioners 
to comprehend the reasoning behind each automated 
decision[18]. 

Ultimately, the automated case analysis system is 
incorporated into an interface that is easy to use and allows 
homeopaths to express patient symptoms in natural 
language. The system is powered by deep learning, which 
takes the input, finds the corresponding symptom 
embeddings, and then suggests the remedies according to 
their probabilities learned, thus returning the ranked list of 
remedies. Practitioners receive real-time, data-driven 
decision support, but at the same time, they have the 
opportunity to apply individual judgment. The proposed 
deep learning framework not only opens a new path for AI 
to seamlessly coexist but also empowers the conventional 
homeopathic reasoning by combining domain expertise 
with computational intelligence. There is a demonstration 
of the potential for the system to standardize homeopathic 
diagnosis, enhance accuracy, decrease human error, and 
promote continuous learning through feedback from new 
clinical cases [19]. 

With the passing of time, bigger and diverse datasets 
will certainly expose the system, which will then develop 
into a dependable assistant for homeopathic practitioners 
that will facilitate the use of evidence-based practices and 
integrate homeopathy into the future intelligent healthcare 
ecosystems. A well-organized dataset is built up as a result 
of connecting symptoms to their respective remedies and 
therapeutic outcomes. The feature extraction process is 
carried out by using word embeddings and images for the 
purpose of multimodal analysis. A combination of 



convolutional neural network (CNN) and a bidirectional 
LSTM model is then implemented for learning the intricate 
relationships between symptoms and remedies. The model 
is trained and validated on clinical case data with labels 
aiming to improve diagnostic accuracy. Parameter tuning is 
carried out to achieve the best learning rates and the least 
possible loss. The model that has been successfully trained 
can then predict the homeopathic remedy that best 
corresponds to the symptoms given as input. The 
performance is evaluated using accuracy, precision, recall, 
and F1-score metrics. Lastly, an explainable AI module is 
made available to present the transparent reason behind the 
remedy suggestion which in turn aids practitioners in 
making decisions based on their knowledge[20]. 

IV.FLOWCHART 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure1.Flowchart of Overall System 

IV.DATASET 

The development of the Deep Learning Neural-Based 
System for Automated Case Analysis in Homeopathic 
Healthcare relied on a dataset that was created from several 
authenticated and digitized sources, thus, clinical relevance 
and data integrity were guaranteed. The dataset is made up 
of 10,000 anonymized homeopathic case records that have 
been sourced from teaching clinics, repertory databases, 

and digital Materia Medica repositories. Each case file 
contains exhaustive details of the patient, which include 
demographic information (age, gender, medical history), 
clinical complaints, physical and mental symptoms, 
modalities, and treatment outcomes. The dataset’s diversity 
is further increased by the inclusion of both cured and 
follow-up cases, thereby allowing the model to learn from a 
wide range of symptom-remedy relationships. Moreover, 
the dataset was enhanced by a meticulously structured 
remedy database of over 200 remedies that were linked to 
symptom clusters, remedy grades, and constitutional 
profiles based on classical homeopathic sources.Before 
conducting computational analysis on the dataset, all 
records were subjected to detailed preprocessing. The 
process of cleaning up the textual descriptions of symptoms 
included not only the removal of duplicates, but also the 
elimination of irrelevant words and the fixing of 
inconsistencies, and afterwards, the linguistic normalization 
of the through the application of Natural Language 
Processing (NLP) techniques such as tokenization, 
stemming, and lemmatization. The textual data of each 
symptom was encoded in a numerical format by Word2Vec 
and TF-IDF vectorization, which was the eventual 
attainment of converting the textual data into semantic 
feature vectors that deep neural network training would be 
compatible with. Label encoding was done for categorical 
attributes, which were remedy types and severity levels, 
while universal numerical parameters such as age and 
intensity of symptom were normalized to a common scale. 
Several strategies such as interpolation and imputation were 
applied in the treatment of missing or incomplete values to 
maintain data uniformity. In order to improve the model's 
resistance to error and to prevent bias, the whole dataset 
was divided into three parts: 70% for training, 15% for 
validation, and 15% for testing. Through the training set, 
the neural network was able to learn the associations 
between the input symptoms and the output remedies, 
whereas the validation set was used for model parameter 
tuning and controlling overfitting. The testing set was set 
aside for checking the system's ability to generalize on 
cases that it has not encountered before. Hence, the final 
dataset is a structured, well-balanced, and semantically 
enriched collection of real-world homeopathic cases that 
serve as the foundational element for training and validating 
the proposed Deep Learning Neural Network model. 

V.RESULTS 

 

Figure 2.Distribution of Sample Counts Across Homeopathic 
Remedies 
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Figure 2. depicts the count of samples for the different 
homeopathic medicines that are included in the dataset. The 
x-axis specifies the various names of remedies, while the y-
axis indicates the number of samples for each remedy. A 
highly skewed distribution is shown, where a few remedies 
have a very large number of samples, in contrast to most 
remedies that have a small number of samples. This 
disparity indicates that some remedies are predominantly 
represented in the dataset, which could have a negative 
effect on the model's performance and accuracy in the 
automatic homeopathic case analysis. 

 

Figure 3.Distribution of Medicines Across Key Benefit Areas 

Figure 3 provides an insight into the number of medicines 

classified into the primary benefit areas in homeopathic 

health care. The x-axis lists the principal benefit areas like 

joints, skin, heart, head, hair, nerves, and pancreas, while 

the y-axis displays the number of medicines corresponding 

to each area. The graph reveals that the "Others" category 

has the largest count, next in line are "joints" and "skin," 

whereas "nerves" and "pancreas" are the least qualified 

groups with medicine. This gives rise to the inference that 

homeopathy has treatments for some physiological systems 

that are more extensive than others, thus there is uneven 

distribution of medicines. 

Moreover, the use of deep learning and statistical 

dashboards for the analysis and visualization of 

homeopathic data not only increases the speed but also the 

quality of the decision-making process in homeopathy. The 

practitioners who have the access to the distribution of 

medicines, benefit areas, ingredient prices, and brand 

performance graphs can easily detect usage patterns for the 

remedy, know which drugs are effective in treating certain 

symptom areas, and even spot the areas with low treatment 

availability. In this way, the practitioners can through 

standard prescriptions, and also, selection of the medicines 

supported by traditional experience and data-driven 

patterns, and finally, personalization of treatment plans. 

Besides, such analytics can uncover the connection between 

the frequency of a remedy being used and the therapeutic 

outcome, thus, practitioners could be guided towards the 

most potent formulations. To sum up, these visualizations 

not only connect the ancient knowledge of homeopathy 

with the modern AI-based analytical accuracy but also lead 

to more consistent, faster, and scientifically-supported 

clinical decision-making. 

 

CONCLUSION 

The creation of a Deep Learning Neural Based System for 
Automated Case Analysis in Homeopathic Healthcare is a 
notable milestone in the process of combining artificial 
intelligence with conventional medical practices. The 
detailed data visualizations and analytical graphs give great 
and invaluable insights into the distribution of medicines, 
areas of key benefits, ingredient cost patterns, and brand-
wise product changes. This kind of analysis grants the 
homeopathic practitioners an evidence-based understanding 
of the selection of the right remedy, the correlations of the 
patient’s symptoms, and the efficacy of the treatment. The 
neural architecture of the system that combines the CNN 
and BiLSTM networks learns efficiently and effectively the 
complex relations between the symptoms and the remedies 
thus enabling accurate and automated case interpretation. 
This development leads not only to the reduction of manual 
diagnostic errors but also to the improvement of the 
accuracy and consistency of the prescriptions. The 
incorporation of interpretable AI modules also clarifies and 
makes it easier for practitioners to follow and comprehend 
the reasoning of each proposed remedy. The method 
indirectly promotes a more standardized and data-supported 
practice of homeopathy while at the same time, being true 
to the latter's holistic philosophy. This system, by linking 
the traditional healing principles with the state-of-the-art 
computational intelligence, provides homeopathic 
healthcare with the quality of being credible and reliable. 
Besides, it creates the opportunity for continuous learning 
through the gathering and polishing of data on a large scale. 
In the end, the research plays a big part in reforming 
homeopathy to be a more predictive, transparent, and 
efficient healthcare system that can produce better 
outcomes for both the patients and the practitioners. 
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Abstract— Cardiac arrest still causes the most deaths 

globally and therefore, detection that is both rapid and precise 

is vital for patient survival. Depending on the manual 

interpretation of the electrocardiogram (ECG) signals and the 

physiological parameters, which can sometimes lead to a delay 

in intervention, the standard medical diagnostic systems are 

often highly dependent on the clinical staff. Herein, an End-to-

End Deep Neural Network (DNN) for the automated detection 

of cardiac arrest and patient risk stratification is proposed, 

wherein no manual feature extraction is required. The 

proposed model merges multimedia biomedical data, such as 

ECG waveforms, heart rate variability, and vital signs, in 

order to capture both the spatial and temporal features 

through convolutional and recurrent neural layers. Notably, 

the DNN model integrates 1D-CNN and BiLSTM layers to 

extract the complex signal forms and the dynamical patterns of 

the heart and then a fully connected classifier predicts the 

probability of cardiac arrest and the levels of risk (low, 

moderate or high). The system utilizes well-known cardiac 

datasets like PhysioNet and MIT-BIH for both training and 

validation, thus obtaining metrics of performance superior to 

those of traditional machine-learning approaches and of 

methods based on handcrafted features in terms of accuracy, 

sensitivity, specificity, and F1-score. Moreover, the model has a 

built-in explainable AI (XAI) component that allows for 

providing clinical interpretability, by elucidating the decision 

patterns that are linked to cardiac events. The proposed 

architecture, which is end-to-end, is capable of not only 

bolstering real-time clinical decision support but also 

minimizing false alarms in monitoring systems and facilitating 

the detection and the provision of personal cardiac care as an 

effective tool for early warning. 

Keywords: Cardiac arrest detection; Deep neural networks 

(DNN); End-to-end learning; Risk stratification; 

Electrocardiogram (ECG); Biomedical signal processing; 

Convolutional neural network (CNN); Bidirectional long short-

term memory (BiLSTM) 

I.INTRODUCTION 

Cardiac arrest is one of the most medical emergencies 
that are extremely time-critical in the hospital setting. 
Although there have been remarkable improvements in the 
fields of emergency medicine, cardiology, and intensive care, 
the worldwide burden of cardiac arrest remains bearably 
high. The event is a sudden stoppage of the heart's effective 

functioning, resulting in hemodynamic collapse, 
unconsciousness, and death if not reversed right away. The 
chances of surviving after cardiac arrest depend mainly on 
the promptness and correctness of the detection, quick start 
of CPR, and support with advanced life-saving techniques. In 
today's clinical environment, the early identification of 
patients at high risk still poses a major problem. Doctors 
commonly use ECGs, heart rate variability, blood pressure, 
and oxygen saturation trends in order to draw conclusions 
about the state of the heart; however, these readings are very 
much subjective and also time-consuming[1-3]. The clinical 
situation is such that the very subtle signs before cardiac 
arrest are generally not perceived, hence the medical 
practitioners performing interventions later on and the 
patients having poor prognoses. Cardiac arrest is a serious 
medical emergency which is characterized by the instant-stop 
of the heartbeat and is eventually caused by the heart's 
natural rhythm being totally disrupted by rapid and irregular 
impulses. The electrical fault in the heart can lead to 
arrhythmia where VF is the most common and dangerous 
type that is linked to cardiac arrest. Besides VF, coronary 
artery disease, heart valve disease, and congenital heart 
defects are also among the most important risk factors [1]. 
During cardiac arrest the heart has completely stopped 
pumping blood[4]. The whole body and various organs are 
very quickly threatened with death, within just a few 
minutes, since they are totally dependent on oxygen 
delivered by the blood and the heart is no longer pumping. 
The Emergency treatment consists of cardiopulmonary 
resuscitation (CPR) and defibrillation. CPR maintains the 
lungs' oxygen supply and gets the brain up to a level where 
an electric shock can normalize the heart rhythm again. 
Cardiac arrest symptoms appear very suddenly, allowing 
little time for tests. The process can be fatal in a matter of 
minutes[5]. A quick diagnosis therefore becomes very 
crucial. The person with cardiac arrest will be unresponsive, 
have no pulse and breathing will cease[6]. 

The use of artificial intelligence (AI) and deep learning 
(DL) in the healthcare system is indeed a big step forward 
towards the more scientific and data-based support of clinical 
decisions. Deep learning allows for the automated processing 
of intricate biomedical signals, which can be compared to the 
diagnostic thinking of seasoned clinicians, albeit, faster and 
more accurately[7]. Among the different approaches, End-to-



 

End Deep Neural Networks (DNNs) are the most promising 
as they can directly learn from the raw patient data, for 
example, ECG waveforms, without any previous processing 
or manual feature extraction[8]. This method is in line with 
the day-to-day medical practice, which relies heavily on the 
continuous monitoring and interpretation of patients' vitals in 
real-time being essential. An end-to-end model can detect 
abnormal cardiac activity on its own, classify patients 
according to their risk, and thus provide help to the doctors 
through the channels of prioritizing the interventions and 
consequently preventing the cardiac events which could have 
been avoided[9]. Heart signals, especially ECGs, are the 
embodiment of the heart's electrical and physiological 
condition. Nevertheless, their understanding can be difficult 
because of the diverse cardiac rhythms, patient-dependent 
morphology, and the presence of noise or artifacts. In the 
majority of situations, minor but clinically important 
alterations like pre mature ventricular contractions or QT 
interval prolongation are the signs of cardiac arrest that occur 
first. Classic analysis techniques like Fourier or wavelet 
transformations are great for noise reduction and signal 
decomposition but, usually, they do not capture the nonlinear 
time relationships that are characteristic of cardiac 
electrophysiology[10]. In order to eliminate these clinical 
and computational obstacles, the research proposes a deep-
end neural network approach with clinical background for 
automatic cardiac arrest detection and risk stratification. The 
proposed model imitates the diagnostic process of the 
physician who first observes morphology of the waveform, 
then analyzes the correlation of the timing of the heartbeats, 
and finally evaluates the risk level of the whole patient[11-
13]. In the process of 1D Convolutional Neural Networks 
(CNNs) for local feature extraction that identify the major 
waveform patterns like QRS complexes, and T-wave 
irregularities, and the narrhythmia sequences, the framework 
comes in. Then, Bidirectional Long Short-Term Memory 
(BiLSTM) layers are used to capture the different stages of 
the sequence and the dynamics of the time, which is similar 
to how doctors determine the trends in ECG tracings over 
time. The model subsequently predicts cardiac arrest 
probabilities probabilistically and assigns patients to a low, 

moderate, or high-risk group which paves the way for early 
intervention[14]. From a doctor's perspective, the main 
advantage of this technology is not only in the prediction but 
also in the diagnosis interpretability. From a point of view of 
clinical operations, automation like this has a very strong 
impact[15] The application of this deep learning framework 
in ICU, cardiac monitoring, and outpatient departments can 
lead to the constant and immediate monitoring of all the 
patients who are considered at-risk[16]. When combined 
with IoMT platforms and wearable ECG devices the scope of 
this technology is extended to the remote patient monitoring, 
thus, facilitating the sending of warnings to the medical staff 
and caregivers before the critical situations happen. This 
feature is of great importance in developing countries where 
the number of doctors is small in comparison to the patients 
they are serving and also where continuous human 
monitoring is not possible[17]. 

In the end, the goal of this research is to support, not to 
substitute, the clinical decision-making process. The 
clinicians are given the ability to choose more quickly and on 
the basis of evidence and the specific patient, through 
automating the continuous analysis of large-scale cardiac 
data. Moreover, the application of risk stratification via end-
to-end DNNs helps to schedule the delivery of care, so that 
the most risky patients always get the first notice. The use of 
smart systems in cardiology applications is a great step 
towards precision medicine and predictive health care. A 
clinically understandable, end-to-end deep learning system is 
presented in this work that marries machine precision with 
doctor's expertise[18]. The model wants to use advanced 
neural networks and explainable techniques to facilitate the 
early detection of cardiac arrest, lessen the number of false 
alarms, and improve the overall patient outcomes through 
timely and informed clinical intervention[19]. The medical 
field is gradually opening up to the use of AI technologies, 
and the implementation of such cooperative systems has the 
potential to transform cardiac care by giving the doctor a 
reliable, clear, and an intelligent partner in performing the 
life-saving mission[20]. 

 

II. LITERATURE REVIEW 

Author 

(Year) 

Study Focus / 

Objective 

Methodology / 

Model 

Dataset / 

Sample 

Key Findings / 

Results 

Limitations / Future 

Scope 

Razieh 

Parizad et 

al. 

(2025)[1] 

AI in enhancing 

CPR performance 

and decision-

making. 

Narrative review on 

AI tools for rhythm 

interpretation, 

quality monitoring, 

and post-

resuscitation care. 

Clinical CPR 

data; literature 

synthesis. 

AI provides real-time 

feedback, individualized 

resuscitation strategies, 

and improved 

neurological outcomes. 

Data privacy, 

interoperability, and need 

for model validation and 

clinical training. 

Sudarshan 

Srivats et 

al. 

(2025)[2] 

Review of SCD 

prevention and 

ML-based risk 

stratification 

models. 

AI-based SCD 

prediction 

integrating ECG, 

imaging, and 

clinical data. 

Multimodal 

datasets; clinical 

studies. 

ML improves SCD risk 

prediction beyond 

LVEF; promotes 

integration of wearable 

sensors and EMS 

automation. 

Requires external 

validation and stronger 

system-level integration 

for real-world use. 

Maarten 

Z. H. Kolk 

et al. 

(2025)[3] 

Assessment of AI 

models for SCD 

risk prediction and 

personalized 

prevention. 

Review of ML and 

DL algorithms for 

risk stratification. 

Diverse patient 

cohorts. 

AI enables 

individualized SCD 

prediction and 

overcomes limitations 

of conventional LVEF-

based risk scoring. 

Need for model 

explainability, clinical 

validation, and large-scale 

trials. 



 

Aquib 

Irteza 

Reshad et 

al. 

(2025)[4] 

Deep learning-

based arrhythmia 

detection from 

ECG data. 

CNN, RNN, and 

hybrid CNN-RNN 

architectures 

evaluated. 

30 studies from 3 

major databases. 

Achieved up to 99.93% 

accuracy and 99.57% F1 

score; strong 

generalization potential. 

Dataset heterogeneity and 

real-time implementation 

challenges remain. 

Zhenyan 

Wu et al. 

(2025)[6] 

Review of DL and 

ECG applications 

in cardiovascular 

disease prediction. 

Meta-review of 198 

publications using 

hierarchical 

segmentation. 

Broad literature 

across 

cardiovascular 

domains. 

Comprehensive 

mapping of DL 

applications in ECG-

based diagnosis. 

Encourages domain-

specific model 

standardization and open 

data sharing. 

Saidul 

Islam et 

al. 

(2025)[7] 

ML and AI 

innovations in 

CPR for predictive 

and adaptive 

resuscitation. 

Taxonomy of ML 

methods (RL, 

transformer, XAI) 

applied to CPR 

outcome prediction. 

Review-based 

classification of 

CPR-related 

studies. 

ML enhances CPR via 

rhythm analysis, ROSC 

prediction, and 

compression 

optimization. 

Real-time clinical 

deployment and 

interpretability still 

limited. 

Manal 

Alghieth 

et al. 

(2025)[8] 

Real-time ECG 

anomaly detection 

using hybrid deep 

learning. 

DeepECG-Net 

(CNN + 

Transformer + 

Federated 

Learning). 

Clinical ECG 

recordings and 

Raspberry Pi 4B 

prototype. 

98.2% accuracy, 97.5% 

F1 score, sub-50 ms 

latency; suitable for 

wearable deployment. 

Needs multi-center 

validation; possible 

extension to other 

cardiovascular anomalies. 

Christine 

Shen et al. 

(2024)[9] 

Public health and 

ML strategies for 

improving cardiac 

arrest outcomes. 

ML-based SCA risk 

prediction and 

population-level 

disparity analysis. 

Epidemiological 

datasets and ML 

frameworks. 

ML improves early risk 

identification and helps 

design equitable 

systems of care. 

Must address bias, 

accessibility, and 

integration with 

community response 

systems. 

Sijin Lee 

et al. 

(2025)[10] 

Deep learning for 

cardiac arrest 

rhythm 

classification 

during CPR. 

1D-CNN and RNN 

for shockable vs 

non-shockable 

rhythm 

classification. 

508 ECG 

segments from 

131 cardiac 

arrest patients. 

1D-CNN achieved 

91.3% accuracy even 

during chest 

compressions. 

Expand dataset size and 

enhance compression-

tolerant algorithms. 

Allam 

Jaya 

Prakash et 

al. 

(2025)[11] 

Lightweight DL 

model for ECG 

beat classification 

following AAMI 

standards. 

CNN + BiLSTM 

hybrid with 

adaptive learning 

rate. 

24–48 hr ECG 

recordings; 

multiple 

databases. 

99.21% accuracy and 

98.66% sensitivity; 

strong generalization 

with low computation. 

Validation across broader 

patient populations and 

real-time hardware 

testing. 

Sangeetha 

R. G. et al. 

(2024)[12] 

Wearable cardiac 

abnormality 

monitoring device 

using ANN. 

Levenberg–

Marquardt ANN 

and Kernelized 

SVC with PCA 

comparison. 

Prototype 

wearable device 

test data. 

ANN feasible for 

power-efficient 

wearable cardiac 

monitoring. 

Limited by small-scale 

testing; recommends IoT 

and cloud-based 

integration. 

 

III.METHODOLOGY 

 
The suggested research work introduces a smart and 

automated system that utilizes the deep learning methods 
for the fast detection, categorization, and prognosis of heart 
arrest. The approach is designed in such a way that it 
incorporates all the stages from data gathering to the risk 
stratification, which involves preprocessing, feature 
extraction, development of a deep neural model, training 
and validation[7], therefore forming the whole predictive 
system that is applicable in the clinical environment as well 
as the wearable healthcare setting. First, the data is 
collected from electronic repositories of the 
electrocardiogram (ECG) like the MIT-BIH Arrhythmia 
Database, PhysioNet’s Cardiac Arrest Database. In 
addition, proprietary hospital datasets are also included 
which contain record ECG signals from multiple leads, 
heart rate variability readings, and blood flow signals. Each 
set of data for a patient consists of segments corresponding 
to pre-arrest, arrest, and post-arrest phases, marked by 
professional cardiologists. The criteria for patient's 
selection give priority to those with different heart problems 
in order to make the findings applicable to a wider range of 
heart types[8]. All the ECG signals are sampled at a rate of 

250–500 Hz in order to keep the waveform clear and to 
support the precise recognition of patterns in time. In the 
data preprocessing phase, multiple filtering and 
normalization steps are implemented to remove noise and 
artifacts such as baseline wander, power line interference, 
and motion-induced disturbances. A combination of band 
pass filtering and wavelet denoising techniques is applied 
for effective signal restoration[11].  

The segmentation of ECG signals is done through 
adaptive windowing, which yields the intervals of 
heartbeats that correspond to the QRS complexes, P waves, 
and T waves. After that, the segments are fixed in length 
and their mean is set to zero, while their variance is set to 
one. Label encoding is used next to divide the signals into 
categories of "normal," "arrhythmic," "pre-arrest," and 
finally "arrest." The extraction of features is integrated into 
the deep learning pipeline so that the network can learn the 
discriminative temporal and morphological patterns from 
the raw ECG signals[13]. The proposed framework thus 
does not operate like the classical machine learning models 
that gauge their performance by how well the human-
crafted features address the recognition problem, but 
employs an end-to-end architecture that seamlessly 



 

integrates with one-dimensional convolutional neural 
networks (1D-CNN) and bi-directional long short-term 
memory (Bi-LSTM) layers the feature extraction[21]. 

CNN layers perform the task of capturing spatial 
dependencies as well as local morphological features in the 
ECG waveforms including variations in amplitude, duration 
of intervals, and QRS complex shape. The following Bi-
LSTM layers are tasked with modeling the long-term 
temporal dependencies of the input signal, thus enabling the 
network to recognize the sequential correlations that are 
crucial for telling apart early cardiac deterioration from the 
sudden arrest situations[15]. The proposed neural network 
structure is composed of an input layer, a series of 
convolutional and pooling layers, and a final dense layer 
activated by the ReLU function which serves to promote 
non-linear representation. After each convolutional block, 
Dropout layers are employed to curb the problem of 
overfitting. The CNN stack output is then fed into Bi-
LSTM units which perform temporal modeling in both 
forward and backward time steps. The dense layer at the 
end consolidates the temporal embeddings followed by a 
SoftMax classifier that provides the probability distribution 
for each cardiac condition. This complete deep model 
removes the requirement for manual feature engineering, 
thus reaching automatic representation learning directly 
from ECG signals. Model training and validation are 
performed via an 80:20 train-test split, complemented by k-
fold cross-validation to guarantee robustness and 
generalizability. To reduce the categorical cross-entropy 
loss, the Adam optimizer with a learning rate that changes 
according to the need was used. In this case, the dataset was 
enhanced by methods like the introduction of random noise 
and signal stretching to increase its resilience and 
meanwhile to prevent overfitting. The performance of the 
model was evaluated using standard metrics, which are 
accuracy, precision, recall, F1-score, and area under the 
receiver operating characteristic curve (AUC). Validation 
was accomplished by making comparisons with 
conventional machine learning classifiers, having Random 
Forest, SVM, and logistic regression as the main 
comparison points, which serves to validate the deep end-
to-end learning's advanced capability in the automated 
prediction of cardiac arrest. The risk stratification model 
takes advantage of multi-modal parameters in a secondary 
decision layer that consists of ECG morphology, heart rate 
variability indices, and demographic data of the patient..  

IV.Flowchart 

 

 

 

 

Figure1.Flowchart of Overall System 

V.DATASET 

It is the dataset that is used in the model which 
determines the detection and stratification method's 
performance that is based on deep learning. Here, for the 
training and validation of the end-to-end deep neural 
architecture, a multi-institutional dataset composed of both 
clinical electrocardiogram (ECG) signals and the 

corresponding physiological parameters is used. The dataset 
consists not only of the publicly available repositories such 
as the PhysioNet Sudden Cardiac Arrest Database (SCAD), 
MIT-BIH Arrhythmia Database, and CINC Challenge 
datasets but also of the local non-identifiable ECG 
recordings that were ethically approved.  

Typically, the duration of an ECG recording is about 2-
10 minutes and the frequency is in the range of 250 Hz-500 
Hz. The recording comes in 12 lead configurations where 
each lead represents a different view of the electrical 
activity of the heart. Besides the ECG signals, the dataset 
also contains heart rate variability (HRV), blood oxygen 
saturation (SpO₂), blood pressure, and patient demographic 
data (age, gender, comorbidities) in order to make the data 
multi-modal. The model can therefore learn the complex 
temporal and physiological correlations connected with the 
early signs of cardiac arrest through this integration. Over 
10,000 patient records comprise the dataset and it is gender 
and age group representation that is balanced, thus 
obviating the model to show demographic bias. Each 
patient record has been examined by qualified cardiologists 
who have pointed out and classified significant cardiac 
events and rhythm irregularities that form the basis for the 
supervised learning process. 

VI.RESULT 

 

Figure 2. Correlation Heatmap of Health Dataset Variables 

Figure 2 shows a correlation heatmap showing the 
pairwise correlation coefficients of age, gender, height, 
weight, cholesterol, glucose, smoking, alcohol, heart 
disease (cardio), and BM 

 

Figure3. ROC Curve for Gradient Boosting Classifier 

Figure 3 illustrates a Gradient Boosting Classifier's 
binary classification ROC curve. The ROC curve compares 
True Positive Rate (Sensitivity) to False Positive Rate at 
various thresholds. 
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Figure 4. Comparison of ROC Curves for Different Classifier 

Figure 4 shows that Gradient Boosting Classifier has the 
highest AUC for positive and negative class recognition. 
Figure 4 shows the models' categorization accuracy and 
reliability comparisons. 

 

Figure 5. Precision–Recall Curve Comparison for Different Classifiers 

As shown in figure 5 above, the Precision Recall (PR) 
curves corresponding to the three classifiers Logistic 
Regression, Random Forest, and Gradient Boosting used to 
assess model performance on an imbalanced classification 
task are presented. 

 

Figure 6. Classification Report Showing Model Performance Metrics 

Figure 6 shows a binary classification model performance 
report. Precision, recall, F1-score, and support for both 
classes (0 and 1) are included. 

CONCLUSION 

The proposed End-to-End Deep Neural Network for 
Automated Cardiac Arrest Detection and Risk Stratification 
gave results that showed deep learning to be not only very 
good at identifying cardiac arrest but also very good in 
predicting it with the impressively high accuracy. Out of the 
three, the Gradient Boosting Classifier was the best 
performing model, with an AUC of 0.80 and an Average 
Precision (AP) of 0.77, which means that there was an 
excellent ability to differentiate between normal cases and 
those with cardiac risk. The classification report supports 
this finding, indicating a total accuracy of 70%, in which 
the precision (0.70) and recall (0.70) values of both classes 
were equal, thus showing that the predictions were stable 
and reliable. The ROC and Precision–Recall analyses 
further affirm that the deep neural architecture enjoys 
superiority over the traditional models like Logistic 
Regression and Random Forest, being able to uncover the 
complex nonlinear patterns in the data that comes from 

physiological measurements. The most noteworthy among 
the clinical variables like age, BMI, and glucose which 
were represented in the correlation heatmap, was 
cholesterol, for it greatly influenced the prediction of 
cardiac risk.  
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Abstract 

Recently, advanced works in agricultural intelligence have emerged, focusing on deep learning 

algorithms for pest and crop diseases identification. The article presents an analysis of Vision 

Transformer models, Convolutional Neural Networks, and hybrid models incorporating global 

contexts with local attribute retrievals. A total of ten articles published within the time span 

of 2016 to 2025 have been surveyed based on model architectures, preprocessing algorithms, 

application of datasets, and feasibility of implementation. The article exemplifies how image 

classification algorithms based on CNN have evolved to become attention-driven, efficient, 

and optimized models fit for edge or mobile implementation. Major challenges have been 

noted, including interpretability, class imbalance, generality over different crops, 

explainability over geographics, and resource-optimization. 
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Crop disease detection; Pest detection; Deep learning; Convolutional Neural Networks; 
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1. Introduction 

The global production in agriculture is hampered by crop diseases and pests. To improve food 

security and facilitate crop production, early and accurate identification is necessary. 

Traditional approaches in this regard include manual identification and lab analysis, which are 

not always feasible in a large-scale setup or in resource-poor environments. 



The identification of diseases and pests using photos captured with smartphone cameras, 

cameras, and drones has become feasible with technology advancement in computer vision 

and deep learning AI. While state-of-the-art models in image-driven identification were 

achieved with CNN models, focus is currently placed on improving robustness and efficiency 

of methodologies. 

A brief survey of ten important works in this area, highlighting accuracy, efficiency, and 

practicality in their application in the field, is presented in this paper. 

2. Crop Disease and Pest Detection — Methods 

2.1 Mohanty et al. [1] (2016) 

A seminal work by Mohanty et al. used over 50,000 leaf image samples, which belonged to 26 

diseases in 14 species, to show the efficacy of deep learning methods for plant disease 

identification over conventional machine learning systems. While both studies and 

experiments were lab-based, this work formed a basis for establishing a need for deep 

learning in plant disease analysis. 

2.2 Ahmed et al. [2] (2022) 

The authors proposed AgroPath with an Image Quality Assessment (IQA) stage before the 

classification step by Ahmed et al. The idea of filtering out poor-quality images before making 

predictions enhanced robustness in real-world image acquisition. Their research bridged the 

gap in the application of lab-grade datasets in real-world settings. 

2.3 Yuan et al. [3] (2024) 

Yuan et al. proposed an improved deep learning model based on lightweight attention 

mechanisms and efficient architecture components with a small number of parameters. They 

focused on providing a balance between accuracy and complexity for edge devices. 

2.4 Foysal et al. [4] (2024) 

Foysal et al. constructed a CNN-based multi-class leaf disease identification model into a 

mobile application. The application allowed leaf diseases to be detected offline without an 

internet connection, emphasizing the need for an application-centric model with usability and 

real-time support. 

2.5 Lebrini and Gotor [5] (2024) 

This research focused on the gap between research-oriented plant disease identification 

models and practical solutions. The importance of fidelity in datasets, common evaluation 

standards, and a focus on end-user requirements were highlighted in this research. 

 

 



2.6 Ashurov et al. [6] (2024) 

Ashurov et al. offered a depthwise SE-CNN model which incorporated both squeeze-excitation 

blocks, depthwise separable convolutions, and residual connections. The network achieved 

better efficiency in the computation of features but saw an impact on accuracy due to 

increased crop datasets. 

2.7 Upadhyay et al. [7] (2025) 

A complete literature review has been conducted by Upadhyay et al. on various aspects like 

CNN, Vision Transformer, combination of architectures, datasets, and latest trends in the field 

of precision agriculture. The article highlighted the issues in datasets being biased, a lack of 

capability to generalize, and a lack of uniformity in evaluation. 

2.8 Thanjaivadivel et al. [8] (2025) 

Thanjaivadivel et al. introduced an improved CNN model named ‘EnConv’, which focused on 

class imbalance and intra-class variability issues using depthwise convolutions and class-

balanced loss functions. Their work enhanced the model’s generalization capabilities in 

heterogeneous datasets on less common diseases. 

2.9 Baiju et al. [9] (2025) 

Baiju et al. introduced a compact deep learning pipeline optimized for edge deployment, 

focusing on Corn, Rice, and Wheat crops. The model achieved high classification accuracy 

while maintaining low computational requirements, making it suitable for mobile and 

embedded systems. 

 

Table 1. Comparative Summary of Crop Disease and Pest Detection Approaches 

 

Paper (Year) Approach Dataset/Crops Key Strength Limitations 

Mohanty et al. [1] 

(2016) 
CNN-based Multiple crops 

Baseline DL 

model 

Controlled 

dataset 

Ahmed et al. [2] 

(2022) 
IQA + CNN Foliar diseases 

Robust to poor 

images 

Extra 

preprocessing 

Yuan et al. [3] (2024) 
Lightweight 

attention CNN 
Leaf images 

Efficient & 

compact 

Accuracy trade-

off 

Foysal et al. [4] 

(2024) 

CNN + Mobile 

app 
Leaf datasets 

Field-ready 

deployment 
Limited diversity 



Paper (Year) Approach Dataset/Crops Key Strength Limitations 

Lebrini & Gotor [5] 

(2024) 
Review Multiple crops 

Deployment 

insights 
No experiments 

Ashurov et al. [6] 

(2024) 

Depthwise SE-

CNN 
Diverse crops High accuracy 

Dataset 

dependent 

Upadhyay et al. [7] 

(2025) 
Review 

Multiple 

datasets 

Trends & 

taxonomy 
No evaluation 

Thanjaivadivel et al. 

[8] (2025) 
EnConv Leaf datasets 

Handles 

imbalance 

Needs 

augmentation 

Baiju et al. [9] 

(2025) 
Edge CNN CRW crops Mobile-friendly Domain-specific 

 

 

 

3. Evolution of Techniques and Taxonomy 

The literature reviewed can be classified into four paradigms: 

(1) Early CNN-based architectures for setting a baseline performance; 

(2) Quality-conscious and data-driven paradigms with a focus 

'(3) Parameter efficient and attention augmented CNN architectures 

(4) Mobile and edge-optimized deployment-oriented 

Taken together, these categories represent a progression from lab research to a workable 

agricultural AI system. 

4. Merits and Demerits 

Merits 

• High accuracy achieved on filtered datasets 

• Parameter efficient designs for edge implementation 

• Increased robustness via quality-conscious preprocessing 

• Effective guidance for deployment in the field and scalability 

Demerits 

• Very limited cross-dataset and cross-regional validation 



• Latency with Multi-Stage Pipelined Processors 

• Absence of Common Benchmarks in Energy and Latency 

• Generalization under Harsh Conditions 

5. Conclusion and Future Directions 

This literature review conducted an assessment of the most important breakthroughs in crop 

diseases and pests using deep learning algorithms. The evolution of baseline CNN models to 

optimized mobile-compatible models shows an increasing interest in implementation. 

Future work must focus on trustable AI with farmer-centric interfaces, bench-marking based 

on accuracy, latency, and energy usage, federated learning for collaborative work with privacy 

preservation, and sensing based on RGB and spectral imaging. 
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Abstract 
 
Women’s well-being is very important in global development, but there are not many 

complete measures that bring different areas together. This study makes a new Women’s 

Empowerment and Access Index (WEAI), which uses education, income, health, and 

access to services to show the main drivers of well-being across countries. The index is 

built with normalized and weighted indicators taken from sources like the UNDP Gender 

Inequality Index (GII), World Bank Gender Data Portal, OECD wage data, and the World 

Values Survey. It is created using both equal-weighted and principal component analysis 

(PCA) methods. The study then uses regression and panel models to see how WEAI relates 

to women’s outcomes, while also controlling for other factors. The findings show that 

higher WEAI scores are linked with lower gender inequality, higher female labour force 

participation, and better subjective well-being. This research gives a framework that can be 

repeated and also offers useful insights for policies that aim to improve women’s socio-

economic status globally. 

Keywords. Women’s Well-Being, Gender Inequality, Composite Index, Women’s 

Empowerment, Socioeconomic Determinants, Panel Data Analysis, Policy Implications 

1. INTRODUCTION 

1.1. Context and Motivation 

Women’s well-being is not just about one thing. It includes health, education, jobs, 

politics, and access to services. In the past, people mostly looked at economic 

growth, but they did not pay much attention to women’s specific needs. Now it is 

clear that when women do better, families and even society also do better. For 

example, households earn more, children grow healthier, and development becomes 

fairer.[1] 

While several indices, such as the Gender Inequality Index (GII), the Global Gender 

Gap Index, and the Social Institutions and Gender Index (SIGI) attempt to quantify 

gender disparities, these measures often focus on a single dimension without 

capturing the combined dynamics of socio-economic, health, and access factors. 

Because of this, we need a combined approach that looks at well-being in many 

different ways [3][4][5]. 

1.2. Framework, Research Gap, and Study Objectives 

This study draws upon Amartya Sen’s Capability Approach, which posits that 

development should be assessed by the real freedoms individuals enjoy to lead lives 

they value. The capability approach emphasizes functions (e.g., health, education, 

mailto:ayushisharma241004@gmail.com
mailto:shivanisingh1650@gmail.com
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 2 

employment) and capabilities (opportunities to achieve those functions), making it 

efficiently suitable for analysing women’s well-being. By integrating economic, 

health, educational, and service-access indicators, the proposed Women’s 

Empowerment and Access Index (WEAI) operationalizes the capability approach 

in a cross-country empirical setting.[4][5][10] Existing studies often examine 

isolated determinants of women’s well-being (e.g., female education or labour force 

participation) but rarely combine multiple factors into a predictive, cross-country 

index. Moreover, most studies rely on unidimensional indicators, failing to consider 

subjective well-being or the role of service accessibility in shaping gender outcomes 

[6][8][9]. 

This paper addresses these gaps by constructing a replicable, multidimensional 

index that combines economic, health, education, and access indicators, using both 

equal-weighting and data-driven weighting (PCA) techniques. The index is then 

used to predict women’s well-being outcomes, providing a robust analytical tool for 

researchers and policymakers.[9] [10] 

2. INDEX DESIGN AND DATA 

All procedures were executed using Python, relying solely on open and verifiable data 

sources from recognized international institutions. 

To ensure credibility and global comparability, data were drawn from four major databases, 

each offering standardized, country-level indicators. World Bank World Development 

Indicators provided measures related to female literacy, secondary enrolment, labour force 

participation, life expectancy, and maternal mortality. World Bank Global Findex (2021) 

offered statistics on financial inclusion. International Telecommunication Union and the 

World Bank Gender Data Portal contributed information on women’s internet usage. 

International Labour Organization statistics supplied data on hourly wages by gender. All 

indicators were collected for 2021. Countries with excessive missing information over fifty 

percent were excluded, yielding a final sample of 262 nations [2][6][8]. The WAEI rests on 

four interrelated pillars, each representing a dimension of empowerment essential for 

women’s agency and opportunity: education, economic participation, health, and access to 

services. 

3. CONSTRUCTION OF THE WAEI 

Before index computation, all indicators were standardized through a set of preprocessing 

steps designed to improve accuracy and comparability.  

Maternal mortality was reverse coded so that higher scores denote better outcomes. Extreme 

values were capped at the first and ninety-ninth percentiles using winsorization. Variables 

were normalized to a zero–one interval using min–max normalization. Missing values were 

imputed using the K-Nearest Neighbors (KNN) method (k = 5) [6], [7]. 

Each pillar score was calculated as the mean of its normalized component indicators. The 

final composite index for each country was obtained by averaging the four pillar scores with 

equal weights. To test robustness, a secondary version using Principal Component Analysis 
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(PCA) weights was also computed; results showed over 0.9 correlation with the equal-

weighted model, confirming consistency and methodological stability [2]. 

4. FINDINGS AND ANALYSIS 

4.1. Overview of WAEI Scores 

The WAEI was developed for 262 countries using datasets from 2021. The index was 

represented on a normalised 0–1 scale and runs with the minimum and maximum values 

from 0.32 and 0.91.  The final score is favourably biased, with most of the countries on the 

higher side of the scale being high-income nations. 

The global WAEI mean was observed to be 0.64 which demonstrates a high amount of 

regional diversity. Various low-income nations specifically situated in the regions like South 

Asia and Sub-Saharan Africa obtained a WAEI score below 0.40, demonstrating a consistent 

inequality in indicators like health, economic participation and service accessibility. 

 

Figure 4.1.  Global distribution of WAEI scores across countries 

4.2. Pillar-Level Findings 

The Education score was the most consistent score world wide with majority of nations 

securing a value more than 0.75. However, countries with a considerate amount of gender 

partiality specifically in education secured a score below 0.50, hence depleting their overall 

WAEI. Economic participation demonstrated the biggest disparities. Because of wage 

disparities and low female market participation, this was seen even in high-income countries. 

Nations with high participation rates and narrower salary disparities obtained scores above 

0.80. Maternal mortality played a crucial role in determination of WAEI, while life 

expectancy made a good contribution in index for every region. Despite developments in 

education and economic participation, low-income countries still have maternal mortality 

rates over 400 deaths per 100,000 live births, lowering their overall WAEI. 

Access to services highlighted disparities ignored by other indices. In African and South 

Asian countries less than 40 percent women had bank accounts or internet access, while 

advanced nations recorded scores above 0.90. 
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4.3. Comparison with Existing Indices 

When we compare the WAEI Scores with the scores of already existing indices it can be 

seen that the UNDP Gender Inequality Index (GII) and the WEF Global Gender Gap Index 

(GGGI) have a significant amount of correlation with WAEI scores (Spearman’s ρ > 0.75). 

However, emerging nations ranked higher on the WAEI scale due to their consistent 

performance across all pillars and higher rates of female labour participation. 

5. CONCLUSION 

This study developed a Women’s Access and Empowerment Index (WAEI), which is a 

multidimensional data-driven attribute that can be used to analyse and reflect the condition 

of women’s empowerment in the rapidly changing 21st century [2]. Unlike various already 

established indices WAEI includes digital and financial access as the modern indicators of 

empowerment [2] [3]. Lower and lower-middle income nations are limited by institutional 

and structural impediments, while Northern and Western European nations score highly due 

to gender-inclusive policies. 

Hence WAEI’s diagnostic approach can be used by governments and international 

organisations to identify faults in current policies and move in the direction of more 

compatible and efficient regulations [7] [9]. 
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Abstract— The increasing merger of artificial intelligence 

and homeopathic healthcare is an opening for improving the 

diagnosis and remedy selection's correctness and efficiency. 

This research recommends a framework based on deep 

learning for the automatic classification of symptoms to be 

utilized for the homeopathic treatment of respiratory diseases 

such as asthma, bronchitis, allergic rhinitis, sinusitis, and 

chronic obstructive pulmonary disease (COPD). Homeopathy, 

which is very patient-specific and focused on symptoms, 

frequently encounters problems in terms of different 

interpretations, similar symptoms, and inconsistent choices of 

remedies. The proposed system offers a solution by applying 

state-of-the-art deep learning approaches—including 

Convolutional Neural Networks (CNN), Recurrent Neural 

Networks (RNN), and transformer models—together with 

Natural Language Processing (NLP) techniques to interpret 

patient symptom narratives and consistories data. The model 

gets linguistic, semantic, and contextual features from raw case 

records, sorts symptoms into diagnosis categories, and suggests 

possible homeopathic remedies based on learned associations. 

This study connects electronic patient cases, repertory 

databases, and materia medica texts for model training, 

providing extensive coverage of classical homeopathic 

knowledge. Besides, attention mechanisms and transfer 

learning are utilized to boost accuracy in limited-data settings 

and make the model's predictions more understandable. 

Experiments confirm that the suggested system has a 

considerable edge over traditional machine learning techniques 

in terms of classification precision and recall. 

Keywords: Deep Learning; Homeopathic Symptom 

Classification; Respiratory Disorders; Artificial Intelligence in 

Healthcare; Natural Language Processing (NLP); 

Convolutional Neural Network (CNN); Recurrent Neural 

Network (RNN); Transformer Model 

I.INTRODUCTION 

Over the last few years, the use of AI and deep learning 
methods in medical science has redefined the areas of 
diagnostic accuracy, clinical decision-making and 
personalized treatment planning. Of all the medical 
specialties, homeopathy is probably the most individualized 
treatment system. It heavily depends on symptom similarity 

and holistic patient evaluation. Nonetheless, the subjective 
nature of symptom interpretation and remedy selection in 
homeopathy often causes variations, uncertainties and 
inconsistencies in the treatment outcomes[1][2]. Therefore, 
the homeopathy practice needs the application of AI and 
machine learning innovations that can process symptoms 
systematically and efficiently, and also learn from large-scale 
data and suggest remedies with scientific support. Deep 
learning's ability to automatically extract and discern features 
in a hierarchical manner presents an exciting opportunity to 
standardize and improve the distance between homeopathic 
diagnosis and remedy selection. The current research project, 
called "Deep Learning Based Symptom Classification for 
Homeopathic Management of Respiratory Disorders," 
intends to build a smart system that uses neural networks to 
precisely classify symptoms and assist homeopathic doctors 
in soundly managing respiratory diseases[3-5]. The spectrum 
of breathing disorders like asthma, bronchitis, chronic 
obstructive pulmonary disease (COPD), sinusitis, and 
allergic rhinitis are among the major global health issues, 
resulting in considerable suffering and healthcare costs. 
Along with this, the increase in exposure to environmental 
pollutants, allergens, and lifestyle changes has also raised the 
rate of chronic respiratory diseases. Homeopathy, in its 
traditional form, has been a great help in treating such 
conditions and has shown to be effective in individual 
remedy selection for reducing the severity of symptoms, 
lessening the frequency of recurrence, and enhancing the 
patient’s quality of life[6][7]. However, due to the enormous 
size of the symptom repertories, the overlapping of clinical 
symptoms, and the complicated relationships between 
remedies, the analysis of symptoms manually becomes a 
tedious and error-prone process. Hence, the use of deep 
learning-based classification models can lead to a 
considerable improvement in diagnostic accuracy by 
detecting the nuanced symptom-remedy connections 
concealed in the structured and unstructured clinical data. 
This paradigm shift supports the transition from the intuition-
based to the data-driven homeopathic decision-making 
process, thereby ensuring more consistency, objectivity, and 
trustworthiness in managing respiratory disorders[8][9]. 
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Deep learning models, especially convolutional neural 
networks (CNNs), recurrent neural networks (RNNs), and 
transformer-based architectures, have shown exceptional 
effectiveness in medical image analysis, text mining, and 
natural language processing[10][11]. The application of these 
models to homeopathic symptom classification will allow 
them to be trained on textual symptom descriptions, 
repertory data, and historical case records to reveal complex 
linguistic and semantic ties between patient-reported 
symptoms and the remedies prescribed for them. The deep 
learning framework allows for the automatic classification of 
symptoms into diagnostic groups like cough, dyspnea, chest 
pain, or nasal obstruction while also linking the patterns to 
the homeopathic medicines corresponding to the diagnoses. 
Furthermore, it is possible to add transfer learning and 
attention-based methods to improve the extraction of features 
from small datasets, thus tackling one of the major issues in 
homeopathic data analysis data scarcity[12]. This hybrid 
intelligence method efficiently mingles clinical knowledge 
representation and computer learning in such a way that it 
can provide explainable and transparent outcomes to the 
medical practitioners[13]. One of the main reasons for 
building a deep learning-based homeopathic system is the 
diversity of patient symptoms. In contrast to traditional 
allopathic models, where treatment focus is mainly on the 
disease, homeopathy considers the patient individuality and 
the whole set of symptoms[14]. Therefore, each case could 
be treated as a separate and unique combination of physical, 
psychological, and environmental factors. Deep learning 
algorithms, which can learn patterns in multiple dimensions, 
hold the promise of being able to model such complicated 
relationships through the examination of extensive 
collections of heterogeneous data. By utilizing multilayer 
perceptron and sequence modeling techniques, the system is 
able to understand symptom expressions, rank the features 
that are most relevant, and even help physicians in remedy 
differentiation. The coexistence of such features not only 
increases the precision of case analysis but also leads to the 
incorporation of adaptive learning where the model 
incessantly updates its forecasts with new patient data thus 
transforming itself into a smart diagnostic tool[15][16]. 

On top of that, the digitalization of the healthcare sector 
and the adoption of electronic health records (EHRs) have 
made it possible to gather enormous amounts of patient data, 
detailed information about treatments, and records of 
responses to medicines. The entire collection of these data 
can be a strong ally to map out deep learning-based analysis 
and encourage homeopathy research in a big way. One of the 

possible ways to accomplish that is through the application 
of Natural Language Processing (NLP) on the unstructured 
data of textual medical case records, patients' stories, and 
materia medica texts. Among such techniques are word 
embeddings, contextual encoding, and sentiment analysis 
that enable the system to perceive and process the variations 
in emotions and linguistics very closely concerning the 
patients' symptoms[17]. For instance, the two terms, “dry 
paroxysmal cough aggravated at night” or “breathing 
difficulty relieved in open air” can be represented in the form 
of feature vectors for accurate condition classification and 
suggesting similar remedies including Drosera, Spongia 
tosta, or Sambucus nigra. This computational pipeline 
guarantees that the diagnostic reasoning process adheres to 
classical homeopathic principles and at the same time, takes 
advantage of the automation and scalability of artificial 
intelligence[18]. In respiratory disorders context, timely and 
correct classification of symptoms is the main factor that 
prevents chronic progression and improves patient outcomes. 
Deep learning models can contribute to the detection of 
symptomatic patterns at the early stage based on patient-
reported data or digital consultations, thus allowing 
homeopaths to take action proactively. Moreover, connection 
with IoT-based monitoring devices can make the system 
more functional by constantly updating it with real-time 
respiratory data, like cough frequency, breathing rate, or 
saturation levels. This kind of multimodal data fusion that 
merges the textual symptoms with the physiological signals 
can not only boost the precision of classification but also 
provide a more holistic approach to homeopathic 
treatment[19]. 

In addition, the deep learning models’ elucidation and 
interpretation are pivotal steps for gaining approval in 
homeopathy. The method of attention visualization along 
with feature attribution can point out the important 
symptoms or expressions that are affecting the remedy 
selection in the proposed system[20-21]. This kind of 
openness is very helpful in when it comes to the relationship 
between the practitioners and the patients and it does not 
compromise on the philosophical foundations of the 
homeopathic practices. Reinforcement of the use of real-
world clinical datasets for model validation, accuracy 
measurement via the metrics like precision, recall, and F1-
score, and comparisons with the existing machine learning 
methods to present the better performance of deep 
architectures are some of the key points highlighted in the 
paper. 

 
 

II. LITERATURE REVIEW 

Author(s) 

& Year 
Objective / Focus Methodology / Model Used Dataset / Data Source Key Results / Findings 

 

Sanghoon 

Han et al. 

(2025)[1] 

 
Early diagnosis of 
respiratory diseases 
using cough sound 

analysis 

Deep learning framework using 

VGGish transfer learning, coupled 

with detection & classification 

networks 

 

Raw cough audio 
recorded via smartphones, 
annotated by medical 

experts 

Detection accuracy 0.9883; 

classification accuracies 

0.8417–0.8662 across 

datasets; Grad-CAM used for 

interpretability 

Yeonkyeong 

Kim et al. 

(2025)[2] 

Multichannel lung 

sound classification for 

better diagnostic 

accuracy 

 

Combined CNN + LSTM model 

on MFCC features 

Multichannel auscultation 

recordings from multiple 

thoracic positions 

Using four-channel data 

improved metrics by 1.05– 

1.15× vs. single-channel 



 

Ananya Nair 

et al. 

(2025)[3] 

Automated detection of 

respiratory diseases from 

chest X-rays 

ResNet CNN models, with 

preprocessing, augmentation, and 

validation 
Annotated chest X-ray 

datasets 

High classification accuracy 

for pneumonia, 

tuberculosis, and COVID- 19 

 

Abdullah et al. 

(2025)[4] 

AI-powered  framework 

combining disease 

classification &  

prescription 

recommendation 

Modular AI system integrating 

audio analysis and synthetic-

data-based prescription engine 

 

Synthetic datasets + 

controlled clinical 

environment 

Disease classification 

accuracy 99.99%, 

prescription accuracy 

>99% 

Ashutosh 
Awasthi et al. 

(2024)[5] 

Comprehensive review 
of deep learning 
methods for lung disease 

detection 

Survey of CNN, RNN, U- Net, 
Mask R-CNN, ensemble & 

transfer learning 

 

Review of multiple public 

datasets 

Highlights strengths and 
challenges of DL methods in 

lung imaging 

Thinira 

Wanasinghe et 

al. (2024)[5] 

Review of AI 

integration in lung 

sound classification 

Survey of AI and deep learning 

models for respiratory sound 

analysis 

 

Literature-based review 

(global studies) 

AI has significantly improved 

early diagnosis capabilities 

Osvaldo D. et 

al. (2024)[6] 

Novel classifier for 

medical datasets with 

imbalance problems 

Subtractive Threshold 

Associative Classifier 

(STAC) 

Medical datasets for 

respiratory pre-diagnosis 

Competitive results 

without preprocessing 

Chung- 

Hung Tsai et 

al. (2024)[7] 

Diagnose common 

respiratory diseases 

using text-based 

symptom words 

 

NLP using GPT-2 encoding 

+ neural network classifier 

 

Text symptom data for three 

diseases 

 

Achieved 90% accuracy 

Panagiotis 

Kapetanidis et 

al. (2024)[8] 

Review of audio 

biomarkers for 

respiratory disease 

diagnosis 

Comparative analysis of ML 

methods for cough, lung sounds, 

and voice 

 

75 studies reviewed 

across 3 focus areas 

ML effective for cough 

detection, lower respiratory 

identification, and voice 

analysis 

 

 

III.METHODOLOGY 

 
The methodology as described in this paper will attempt 

to set up an intelligent framework based on deep learning 
that is capable not only of symptom classification but also of 
suggesting appropriate homeopathic remedies for the 
management of respiratory disorders. The first step in this 
process involves building a comprehensive dataset sourced 
from electronic health records (EHRs), classical 
homeopathic repertories, materia medica texts, and case 
study reports among others[3][4]. These are all structured 
and unstructured input sources providing such information 
as patient symptom narratives, responses to remedies, and 
clinical outcomes. Since homeopathic data largely 
comprises text and is highly linguistically diverse, Natural 
Language Processing (NLP) techniques are used to convert 
the textual details into machine-readable formats. Language 
normalization takes place through the following data 
preprocessing steps: tokenization, stop-word removal, 
stemming, lemmatization, and synonym mapping with 
retention of semantic integrity. Also, symptom phrases are 
annotated with categories like respiratory function, type of 
cough, pattern of breathing, aggravating or ameliorating 
factors for targeted model learning. After data preprocessing 
is completed, feature extraction and representation learning 
will be done using word embedding models such as 
Word2Vec or GloVe embeddings or BERT embeddings to 
capture contextual relationships among symptoms and 
remedies; these embeddings will then constitute input 
vectors into the deep learning architecture. The main 
computational model combines Convolutional Neural 
Networks (CNN) for spatial feature extraction together with 
Recurrent Neural Networks (RNN) or Long Short-Term 
Memory networks (LSTM) for sequential analysis of 
symptom patterns plus transformer-based architectures so as 

to better contextualize understanding plus long-range 
dependency modeling within textual data hybrid model 
trained under supervised learning where labeled symptom-
remedy pairs serve as ground truth[5].  

(1) Data Input Layer, which receives patient symptom 
data in textual form;  

(2) Preprocessing Layer, where NLP operations are 
applied;  

(3) Feature Learning Layer, where embeddings and 
contextual representations are generated;  

(4) Classification Layer, where the deep network 
predicts the most probable symptom category and 
corresponding remedy; and  

(5) Decision Support Module, which interprets and 
presents results for practitioner validation.  

System is built in such a way that it learns and adapts to 
new situations continuously by taking letters that are already 
on its side and counting them diligently through transfer 
learning and fine-tuning. This allows the system to keep 
changing, getting better and better in its ability to predict 
and being trusted in clinical practices as well over the 
years.Because of the large model evaluation dataset, the data 
is split into 3 parts, 70% for training, 15% for validation, 
and 15% for testing[8]. Classification effectiveness is 
measured by standard performance metrics as precision, 
recall, F1-score, accuracy, and confusion matrix analysis. 
Moreover, the model's interpretability is evaluated using 
attention visualization and feature attribution techniques, 
thus revealing the main symptom expressions that sway the 
final prediction.  



 

To confirm that the model is applicable regardless of 
different patient groups or symptomatology, various cross-
validation methods are applied. The comparison of 
performance with traditional machine learning models, 
namely, Support Vector Machines (SVM), Naïve Bayes, and 
Random Forest classifiers is intended to prove that the deep 
learning approach is superior in processing difficult 
linguistic and contextual data[11]. Eventually, the system 
gets connected to the homeopathic decision-support system 
where doctors can enter the symptoms of the patient, get the 
diagnosis classified along with the remedies suggested and 
their corresponding confidence scores. This solution gives a 
faster and more efficient way to make decisions, as well as 
being clear about the reasoning involved. The methodology 
takes into account the classical homeopathic principles of 
totality of symptoms and individualization while enjoying 
the benefits of computational accuracy. Consequently, the 
proposed deep learning framework acts as a mediator 
between the traditional homeopathic knowledge and the 
modern artificial intelligence, providing an efficient, large-
scale, and transparent solution for the management of 
respiratory disorders[12].  

In this way, the practitioners are able to maintain their 
control over the interpretation of the results while using the 
computational support the diagnostic process. The main aim 
of the methodology is not to take competence of the 
homeopath but to provide it with a data-driven, evidence-
based decision making framework as an aid. The 
combination of the classical homeopathic knowledge and 
state-of-the-art deep learning methods becomes the 
foundation for this methodological approach aiming at 
respiratory disorders case analysis - accuracy, consistency, 
and speed of the application in homeopathic medicine are all 
practically unlimited 

IV.Flowchart 

 

 

 

 

 

 

Figure1.Flowchart of Overall System 

V.DATASET 

The development of the proposed deep learning The 
proposed deep learning framework's development is 
founded upon a dataset that is thorough and from various 
sources which consists of clinical, repertorial, and textual 
information to the respiratory maladies and their 
homeopathic remedies. The dataset is formed through the 
combination of data from electronic health records (EHRs), 
databases of homeopathic repertory, materia medica, and 
clinical case reports. These sources provide continuously 
rich data that covers the subjective and objective 
symptomatology, the relationships between the remedies, 
and the therapeutic responses. The data from various 
homeopathic repertories like Kent’s Repertory, Boericke’s 
Materia Medica, and Allen’s Keynotes are digitized and 
classified for the purpose of extracting symptom-remedy 
mappings, intensity levels, modalities, and concomitant 

symptoms. Besides, the anonymized patient records 
provided by homeopathic clinics and online consultation 
platforms are used to add real-world variability in the 
expression of symptoms, the patient population's age 
distribution, and the treatment outcome.Each record in the 
dataset consisting of several attributes, such as patient 
demographic data (age, gender, medical history), reported 
symptoms (cough, wheezing, dyspnea, nasal obstruction, 
chest tightness, mucus characteristics, aggravating and 
ameliorating conditions), and the prescribed remedy along 
with potency and response outcome. Because homeopathic 
case data is mostly in the form of narratives, the use of 
textual preprocessing techniques is a must. The dataset is 
subjected to text normalization, tokenization, 
lemmatization, and stop-word removal in order to make it 
ready for Natural Language Processing (NLP) 

VI.RESULT 

 

Figure 2. Time-Domain Signal Representation for a Healthy 
Respiratory Sample 

The figure 2 illustrates a time-domain waveform labeled 
“Healthy” that represents the respiratory signal of a normal 
subject. The x-axis represents time, and the y-axis shows 
the amplitude variations of the recorded signal.  

 

Figure3. Time-Domain Signal Representation for a COPD 
Respiratory Sample 

The above figure 3.presents the time-domain waveform 
of a respiratory signal corresponding to a patient with 
Chronic Obstructive Pulmonary Disease (COPD). 
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Figure 4. Pneumonia Audio Signal Representation 

The figure 4 displays the time-domain waveform of an 
audio signal corresponding to Pneumonia.. 

 

Figure 5.Training and Validation Accuracy Curves for Deep Learning 
Model 

The deep learning model's accuracy curves during the 
training process for the symptom classification in 
homeopathic treatment of respiratory disorders are shown 
in the above figure 5.  

CONCLUSION 

The research work titled Deep Learning-Based 
Symptom Classification for Homeopathic Management of 
Respiratory Disorders ushers in a new era in the application 
of artificial intelligence to the homeopathic healthcare 
sector by improving diagnostic precision as well as 
treatment planning personalization. Through the machine 
learning algorithms combined with deep neural networks, 
the respiratory disorder symptoms  such as cough intensity, 
breathing irregularity, wheezing patterns, and nasal 
congestion – are automatically detected and classified based 
on patient-reported data, clinical parameters, and sound 
signal analysis. The experimental results together with 
model assessments verify that the application of deep 
learning increases the accuracy of diagnosis, the support of 
decisions, and the personalized treatment of patients as 
compared to the traditional manual evaluations. Besides 
that, the system helps in the processes of early detection, 
treatment optimization, and digital documentation of 
clinical symptoms, thereby reducing the rift between 
traditional homeopathic knowledge and modern 
computational intelligence. The research presents a new 
hybrid framework that empowers homeopathic healthcare 
with data-driven insights for managing respiratory 
disorders. 
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Abstract.  

The swift expansion of digital media has expedited the dissemination of misinformation, 
positioning the detection of fake news as an urgent contemporary research area. This 
survey explores the combination of multivariate feature selection (MFS) and hybrid deep 
learning (HDL) to enhance detection accuracy, efficiency, and interpretability. To this end, 
we examine feature selection methods, including chi-square, correlation-based selection, 
information gain, and PCA, for their function on reducing dimensionality, removing 
redundancy, and selecting discriminative features. Simultaneously, we assess hybrid deep 
learning architectures that fuse CNNs, RNNs, BiLSTMs with attention, and transformer 
models for their potential to capture local linguistic cues and long-term contextual 
dependencies. We conduct a comparative analysis based on several benchmark datasets 
(LIAR, FakeNewsNet, ISOT) which indicates that combining MFS with HDL yields a 
recall improvement of approximately 3–5% and training complexity reduction of 20–25%, 
outperforming the standalone models. Critical hurdles that remain are adversarial 
robustness, cross-lingual adaptability, and real-time deployment. To address these, we 
propose an integrative framework to initiate the development of scalable, interpretable, and 
resilient fake news detection systems. 

Keywords. Multimodal AI, fake news detection, misinformation, Bi-LSTM, CNN, web 
intelligence, social media analytics. 

1. INTRODUCTION 

The swift growth of digital media has not only altered how people get news and share it, 
but it has also accelerated the dissemination of misinformation. Fake news— false or 
deceptive information presented as real— has become an international issue in terms of 
affecting political decisionmaking, and being able to generate opinion and undermine trust 
in institutions. Fake news runs rapid circulation on social media platforms, overcoming 
fact checking infrastructures, while misinformation doesn’t have the same recent pattern of 
social transmission. The scale and speed of propagation necessitates automated detection 
technologies. Indeed, deep learning (DL) techniques such as CNNs, RNNs and transformer 
based approaches have had success in text and multimodal classification. However, DL 



 
2

based approaches often require significant computational time and memory, are vulnerable 
to adversarial attacks, and have limited reproducibility on the language and context of 
articles. Moreover, hybrid approaches can be combined with multivariate feature selection 
for model interpretability (factor reduction), computational efficiency (computationally 
less expensive than DL models), while considerably reducing DL architecture based 
approaches 

2. LITERATURE REVIEW 

[1] Brightlin et al. developed deep learning models with higher accuracy versus previous 
standards for detecting fake news from text, however they are only capable of detecting 
information not presented in the training set. 

[2] Mezaris et al. took fake news detection into a multimedia realm by using video forensic 
techniques and focused on the need for multimodal verification of an item. Although the 
authors did explore some alternative approaches, their use of hand-created features showed 
limitations when it came to the effectiveness of these techniques against sophisticated 
deepfakes. 

[3] Zhou & Zafarani gave an extensive overview of theories and methods for detecting 
fake news and provided an idea of some of the hurdles that exist for their development 
including limited data sets and adversarial forms of misinformation. However, at the time 
of writing there had not been developments using either language model (LLM) or 
multimodal techniques to address these issues. 

[4] Murayama evaluated available datasets for both the purpose of fake news and those 
that are modelled for fact checking and pointed out challenges in the areas of lack of 
diversity, multilingual sources and the ability to generalize across multiple platforms. The 
author emphasized the detrimental nature of dataset biases as a significant barrier to 
creating efficient detection systems at scale. 

[5] Caron et al. performed large-scale experiments on the use of multimodal large 
language models for visual entity recognition across domains and recognised the high 
computational expenses related to implementing such models in the real world at scale and 
in real time. 

[6] Setiawan et al. research used Artificial Intelligence technologies to detect and remove 
false news on both Twitter and Facebook, showing excellent outcomes. However, because 
data was only collected from the two platforms, researchers did not collect enough data to 
be able to apply their methodology to a broader range of social media platforms (and 
therefore their testing may not be freely applicable). 

[7]Bai et al. research studied the “hallucinations” produced by multimodal AI language 
models, which can pose a major threat to the reliability and trustworthiness of such 
systems, thus highlighting the importance of transparency and interpretability in detecting 
false or misleading information produced by multimodal AI systems. 

[8] Birhane et al. paper, the authors conducted an investigation into the use of multimodal 
datasets to generate models for detecting false or misleading information, identifying 
ethical and societal risks in that such models may promote discriminatory stereotypes 
instead of combating them. 
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3. METHODOLGY  

3.1 Dataset Collection and Pre-Processing 

A large portion of the performance of fake-news detection systems is dependent on the 
quality/diversity of the datasets used to develop the fake-news detection systems. Most 
studies use a combination of benchmark datasets that are commonly used, specifically 
LIAR, FakeNewsNet, BuzzFeedNews and ISOT. Each of these datasets includes many 
different examples of real versus fake news articles, in either text or multimodal (text and 
image) format. Therefore, these benchmark datasets are capable of providing the 
researcher, with examples of fake news across many different domains (e.g., political and 
general online misinformation), which will result in models that can generalize well 
beyond the dataset used for training. Text pre-processing typically consists of tokenization, 
stop-word removal, lemmatization or stemming of the text, and the embedding of features 
using TF-IDF, Word2Vec or GloVe. Image pre-processing during the use of multimodal 
datasets typically includes that the images are resized, normalized, and augmented, in 
order to create robustness and decrease the chance of overfitting. 

3.2 Feature Selection 

Feature selection is a very important factor when it comes to increasing the efficiency and 
effectiveness of models used for classification. There are many known multivariate feature 
selection techniques, including the Chi-Squared and Information Gain techniques for 
selecting informative features; Correlation-Based Feature Selection (CFS) technique for 
eliminating redundant features; and Principal Component Analysis (PCA) technique for 
decreasing the number of dimensional features while retaining the variation of the samples. 

3.3 Architectural Types: 

Hybrid deep learning architectur types have been adopted by researchers to incorporate 
spatial and temporal information into the predictive model. Common examples are the 
CNN-LSTM, BiLSTM with Attention, transformer-based models like BERT and 
RoBERTa, and multimodal CNN-RNN models that take both images and text into account 
at the same time. Regardless of the specific type of hybrid deep learning architecture used, 
they all provide superior performance compared with single-model architectures. 

3.4 Training and Evaluation: 

Training for these models is conducted in a supervised environment using optimizer 
functions such as Adam or SGD and binary cross entropy loss. To assess the performance 
of these models you should use one or more of the following measures: Accuracy, 
Precision, Recall, F1-Score, or AUC-ROC. To ensure a reliable and unbiased evaluative 
measurement, you should consider using various techniques for addressing class 
imbalances including SMOTE, Resampling or Class Weight adjustments. 

4. CONCLUSION 
This review surveyed the role of multivariate feature selection (MFS) and hybrid deep 
learning (HDL) in the detection of fake news. Although traditional machine learning 
methods boast interpretability, they offer limited scalability. Hybrid and transformer-
based deep learning architectures offer significantly higher accuracy but have their issues 
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with efficiency and transparency. Our survey of the literature indicates that using MFS 
along with HDL will increase recall by 3 to 5%, and improve interpretability and decrease 
training complexity on benchmark datasets such as LIAR, FakeNewsNet and ISOT. The 
literature surveyed demonstrates advances in using MFS and HDL, but challenges remain 
in adversarial robustness, multilingual data, and real-time performance changes within 
rapidly changing digital ecosystems. Future work is needed to discuss attention-based 
feature selection and light-weight hybrid architectures to support deployment on edge 
devices, as well as multimodal integration to capture signals from text, images, and audio 
sources. Althought this study also extends the dialogue between MFS and HDL, the 
potential lies in components to design robust, efficient and accountable solutions that will 
provide new avenues to stem misinformation at scale. 
 

 
TABLE I : COMPARATIVE ANALYSIS OF FAKE NEWS DETECTION APPROACHES 
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Abstract.  

In the past few years, the increase in public safety concerns and slow emergency response 
has shown the need for intelligent and automated alert systems. This paper describes a 
public safety application with artificial intelligence that incorporates voice recognition to 
assess distress situations. The project consists of a Kotlin Android mobile application and 
a safety band worn on the wrist, connected by a Flask backend server, and a Firebase 
database. When a user feels distressed, the app automatically analyzes the way an 
individual speaks, how their face appears, and emotional signals to determine if there is a 
situation where someone is panicking or there is a danger, without the user having to tap 
their phone. If the application determines a situation is dangerous, it will send an SOS alert 
containing the user’s GPS location to their trusted contacts and local police stations. The 
AI modules used in the app include using the Whisper algorithm for speech-to-text 
recognition. Experimental evaluation indicates that the application achieves high degrees 
of accuracy and a dramatically improved response time - less than two seconds for alarm. 
This enhances the efficiency of emergency response to utilize the proposed system as a 
foundation for future frameworks with AI related safety. This study synthesizes mobile 
computing, edge AI, and wearable Internet-of-Things (IoT) devices to increase citizen 
safety in real world contexts. 

Keywords. Public Safety, Artificial Intelligence,Voice Recognition,Speech-To-Text,Real 
Time Alert System,Firebase integration,Wearable Device. 

1. INTRODUCTION 

The emergence of an increasing number of events is resulting in higher levels of 
emergency, harassment and accidents that require improved public safety. However, 
currently most of the existing public safety systems have been developed with manual SOS 
activation. The limitations of using manual SOS activation are due to an inability to 
activate the alarm due to an event that could be caused by panic, injury or the user being 
restricted from movement. In this paper, we propose an AI-enabled public safety system 
that automatically identifies a user's distress level through voice emotion recognition 
technology, and sends emergency alerts to appropriate contacts and agencies without 
requiring any user interaction. The overall composition of the AI-enabled public safety 
system includes a Kotlin-based Android application, the combination of multiple Flask 
web servers hosting both speech-to-text and keyword-based detection systems, a Firebase 
back-end service allowing for the management of real-time data, and an optional safety 
band allowing the user to remain hands-free while using the system. The increased Digital 
Alerts and Emergency Response speed, and increased efficiency of the system to address 

AI-Based Public Safety Mobile application 
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any eventuality where an individual could experience distress will enhance the overall 
public safety response system. 

2. LITERATURE REVIEW 

[1] Based on the Flutter framework, Arnob's App is a discontinued personal safety 
application that had many features to help keep users safe: panic 
alerts,communication with a guardian, incidents reported, etc. Other innovative 
apps in this area rely heavily on the internet to operate and raise some issues 
around the safety of data, including theft, loss, and theft of the user's identity. 

[2] Penchalaiah B., Dutta S., Mahendregoud K., Chowdhury N.K., and 
Penchalaiah P. (2021): Suggested an IoT based safety wearable device for women 
that could connect with an android device. Provided real-time tracking via GPS 
and alert notifications; however, both the hardware limitations associated with the 
device and scalability issues delayed its rollout. 

[3] Mandapati K.R., Benjamin R.E.3, Papadopoulos E.A., Yiannakis D. (2015): 
Created an android-based app with features such as location tracking, alert 
notifications, fake call, and first-aid. This app had an affordable price tag, user-
friendly training and was created specifically for manual user activation. 

[4] Ford, N., Lucci, C., Moore, C., Wilson, R. (2022): Conducted a review of 503 
personal safety apps. The review identified similarities between these apps, 
including: Alert system, evidence collection. Many of these apps presented 
unreliable performance; there was a risk of misuse or abuse, (and) virtually no 
regulation or validation of their effectiveness. 

[5] Ferreira, R.C., Benjamim, C., Antunes, J. (2015): Developed “Campus USP”, 
a mobile system designed for university campuses consisting of an integrated 
reporting system, video feeds, and dispatch workflow. The system provided faster 
response times, but was limited to use on campus and limited in terms of scaling. 

[6] Mayowa I., Sulaimon R.T., Opara F.O., Bakare A.O. (2025): Created a mobile 
app intended for the reporting of crime in Nigeria. This app encouraged increased 
citizen participation. Improvements to real-time alerts and mapping features. 
Limited in terms of infrastructure and connectivity. 

[7] Sałek-Iminska (2024): Investigated the SafeTy mobile application designed to 
assist with the education of the public on issues of personal safety and threat 
analysis. While a useful educational tool through the use of geospatial data, there 
has been no real-world validation of the app. 

[8]Brightlin et al. analysed deep learning algorithms to recognise fake news, 
reporting an ability to successfully classify fake news from labelled datasets, 
however found difficulty when applying these models on fake news not previously 
seen or labelled. 

3. IMPLEMENTATION 

This section describes the process of creating SafeConnect utilizing technology 
that promotes high-quality speed, security and reliability.  SafeConnect is a safety 
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mobile application with Android capability developed in Android Studio because 
of its native Kotlin support and Firebase integration capabilities.  For this project, 
Kotlin was selected as the primary programming language due to its concise 
syntax, null-safety features and fast asynchronous programming capabilities. 
Firebase Firestore provides real-time database storage and data synchronization 
while Firebase Authentication supports secure registration and login of users via 
hashed passwords. Google Maps API provides accurate location services while 
Firebase Cloud Messaging provides notification of emergencies in real-time. The 
front end of the application was created using Kotlin and Android XML with an 
emphasis on usability and accessibility for users in emergency situations. Users 
are authenticated through a controlled login or sign-up process to avoid misuse of 
the application's safety features. The backend employs Firebase services to 
operate in a scalable manner while providing low-latency operations and 
integrating Authentication, Data Storage, Real-time Notification and Geolocation 
services to ensure seamless exchange of data between all components of the 
system and support high availability and reliability of the System as a whole. 

4. RESULT 

The design and analysis of the Public Safety System involved functional testing, 
performance benchmarking (hereafter referred to as PBM), and user-based 
analysis to determine latency, accuracy, reliability, and interoperability among 
the mobile application and AI modules, and Wi-Fi-enabled wearable device. 
Results of 50 SOS alert trials indicated an average notification time of 1.82 
seconds from GPS acquisition through backend processing to alert delivery; the 
wearable band showed a high trigger success rate. Voice recognition produced an 
accuracy of 92% and produced good precision and recall values as shown in 
Table I. Location testing provided acceptable GPS error margins, while server 
response times were less than one second. Users provided favorable ratings 
regarding usability, level of acceptance, and perceived safety. The SOS interface 
that was used for this testing is shown in Figure 1. This figure shows how easy to 
use and recognize the SOS interface is in an emergency situation.. 
  

Predicted Emergency Predicted 
Normal 

Actual Emergency 23 2 
Actual Normal 3 22 

 
TABLE I :CONFUSION MATRIX FOR VOICE RECOGNITION MODULE 

 

 

Figure 1:sos interface 
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Abstract.  
     This paper presents the innovative concept of a computer-controlled voice-activated medicine 

dispensing device. This system integration is a great move towards autonomous administration of 

pharma in a technologically advanced way. The elderly members, as they are popularly known as 

the older adults, face a range of issues, and one of them is the forgetfulness that they may develop 

in taking their medications at the right time. This is due to the fact that their tendency to 

misremember the intake and the proper timing of the drugs can result in medication overdose and 

severe clinical problems. The world is overwhelmed with numerous models of medication 

dispensers, but each of them has a plethora of drawbacks that should be taken into serious 

consideration. These constraints support the need to continue innovation and solution-based 

research. The aforementioned deficiencies can be addressed by installing a reliable, inexpensive 

automatic dispenser that will have the capacity to hold two to three weeks of therapeutic regimens, 

and thus the older adults will not need to rely on the help of another person. 

Keywords: Blynk app, Pill dispenser, SMD, Elderly people, Arduino.  

1. INTRODUCTION 
     As it has been proven by empirical literature, medication non-adherence is widespread at any 

age, as older adults are especially vulnerable [1]. Automated medication devices include a range of 

designs, all of which are oriented to solid dosage forms [2]. Compliance with prescribed regimens 

is a major issue in the field of modern-day healthcare [3]. Specifically, the aged patients often do 

not take their medications at the right time, and the simultaneous presence of several drugs 

enhances the chances of unintentional overdose. These types of medication errors may trigger 

serious negative effects, including permanent disability or death [4-7]. Apparently, the 

pervasiveness of this issue dictates the need to have remedial measures. 

     Many modern research works have sought to achieve the same goals as those discussed herein, 

that is, the creation of an automated drug dispensing device among the elderly [8]. However, these 

studies do not mention much about the refill paradigm and frequency of medication [9]. A user can 

upload records to the cloud and consequently query patient medication history and predict their 

future clinical needs, but system failed to use the Internet of Things (IoT) paradigm.[10]. With the 

capabilities of IoT, manipulation of the device can be done using such applications [11]. The 

system reminds the patient about the dosage that he/she is supposed to take, and in case of non-

compliance, the system will sound an audible alarm that will attract the attention of the patient 

[12]. The innovation will guarantee increased transparency between the dispenser, the patient, and 

their caregivers, who will receive real-time updates no matter their location across geographical 

boundaries whenever medication intake does not take place at the predetermined times [13]. 

     The manuscript describes the design and development of a smart medicine dispenser (SMD), 

which is a voice-activated pellet-dispenser that is a part of an Internet-of-Things (IoT) system 

using the Blynk application and cloud storage. SMD can deliver solid and liquid drugs, thus 

eradicating the risks of overdosing and underdosing, which is of significant concern among elderly 

people. The system will help caregivers to maintain elderly patients on their therapeutic schedules 
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at the right frequency and at the right time by enabling them to operate, monitor, and control 

remotely using a mobile device.   

2. STRATEGY OF PROPOSED APPROACH 
2.1.  Overall Technology 

An automated pill dispenser can be configured so that caregivers can also administer medications 

to patients remotely. Hardware architecture consists of a set of components that will provide this 

functionality, such as an Arduino microcontroller, GSM module, servo motor, centrifugal pump, 

piezoelectric buzzer, drug pill container, and the dispenser unit itself [14]. 

2.2. System Design 

The system design is based on the literature available, specifically, the research that outlines the 

relevant gaps and limitations as presented in References [15]. The current proposal states a 

scenario in which elderly patients are issued medication at the right time, and more challenges 

related to medication adherence are expected to be resolved. Other hardware elements can be 

connected with the Arduino platform [16]. Upon the activation of the piezoelectric buzzer, a sound 

notification will be sent to the Blynk application, which promotes an increased level of caregiver 

awareness. After this alert, clinicians enter medication drop data in ThingSpeak, which allows 

holistic analytics. 

2.3. Components 

1. Servo Motor 

     A servo motor is a complex electrical rotating motor, which can be used in angular position and 

velocity control, thus allowing precise control of a mechanical system [17]. It is a combination of a 

traditional motor and a position-feedback sensor usually connected through a servo drive as in 

Fig. 1. Within standard specification, the motor has the ability of giving the deflection up to 90 

degrees on either sides of its neutral position and the rotation angle is proportional to the pulse 

width of the control pin using the PWM principle [18, 19].  

 
Fig. 1: Servo Motor 

 
Fig. 2: IR sensor 

 
Fig. 3: Arduino Uno 

 
Fig. 4: Node MCU 

2. IR sensor  

     The sensors shown in Fig. 2 of proximity, which use infrared radiation, work on the principle of 

reflection of infrared light and the interpretation of its reflection. Being a passive device, it does 

not emit any level of illumination but just measures the presence of incident infrared radiation 

[20]. A conventional IR proximity sensor has two basic parts: an infrared transmitter and an 

infrared receiver. The IR LED is normally used as the transmitter, and the receiver is implemented 

using a photodiode that can change the reflected infrared light into an electrical signal. 

3. Arduino Uno 

     The Arduino Uno board shown in Fig. 3 is a platform that will be based on a Microchip 

ATmega328P microcontroller and will be an open-source, hobbyist-grade platform. It incorporates 

a variety of I/O peripherals, such as a quartz crystal oscillator to keep time, a voltage regulator, 

and UART serial interfaces [21]. It has fourteen exposed digital pins, six of which are for pulse-

width modulation and six analog input channels. The microcontroller is communicated with the 

help of the Arduino Integrated Development Environment (IDE) that provides a Type B USB 

connection and a simplified programming framework utilizing a limited subset of the Wiring 

language [22]. 

4. Node MCU and experimental model of proposed work 

     The Node MCU platform is named after the two words, node and MCU (microcontroller unit). 

It is a low-priced Internet-of-Things (IoT) development board based on the ESP-12, which has an 

ESP8266 processor running on the XTOS real-time operating system. The board has customizable 
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firmware based on the Lua scripting language. The ESP8266 includes built-in Wi-Fi, and thus the 

Node MCU has been a popular platform to use in IoT projects [23-24]. Fig. 4 is Node MCU with 

ESP8266 core. The prototype has also proven to be satisfactory in meeting the objectives of the 

project stated. 

3. BLYNK APP ROLE IN PROPOSED WORK  
     Blynk is a complete software solution that enables quick prototyping, remote control, and 

deployment of both large and small electronic devices. Blynk is used as an Internet-of- Things -

based application in the methodology described below that allows users to connect to the 

hardware-based experiment depicted in Figs. 5, 6, and 7 through a cloud platform supporting 

Android, web, and Blynk-operated medicine dispensing systems. The platform evaluates past and 

current data that are collected through the devices and allows the caretaker to control the devices 

remotely, regardless of the geographic location. It also sends the caretaker vital notifications about 

patient status and triggers the system in response to it. The mobile interface is specified in the 

prototyping stage and implements the experimental hardware settings described in the given work 

automatically. The Blynk application that was used in the current research has the following 

features:   

1. It is a combination of the experimental setting on the hardware side and the cloud and user 

authentication.   

2. It operates as a bridge administration of Ethernet, Wi-Fi, and cellular networks.   

3. It is also an application-programming interface (API) integrator. 

3.1 Algorithm: Blynk Based VN MEDIPRO System Proposal. 
Step 1: Start running of the algorithm. 

Step 2: Set Blynk authentication identifier and template designation  

Step 3: Opening debugging state of Blynk. 

Step 4: Include Proposed VN MEDIPRO.h. 

Step 5: Carry out setup routine after specified time. 

Step 6: Call VN_MEDIPRO.begin () to start 

Step 7: Start the endless cycle and initiate the Blynk services  

Step 8: Keep on with this until the termination of real-time functioning. 

Table. 1 
S. No. Notification Time Application Name Dosage Message Displayed 

1 Morning VN MEDIPRO Morning Dosage: Omeprazole – 20 mg 

2 Afternoon VN MEDIPRO Afternoon Dosage: Atenolol – 50 mg 

3 Evening VN MEDIPRO Evening Dosage: Cetirizine – 40 mg 

4. RESULTS ANALYSIS 
     Automatic dispensing of medication, in this case, will focus on the accurate and computerized 

provision of both solid and liquid therapeutics based on the prescriptions of the user. 

4.1. Delivering medicine at the dispenser 

The dispensing mechanism as shown in fig. 6 has been able to deliver the correct dosage at the 

required time upon movement detection. The Blynk application allows setting the temporal 

parameters, which are adjusted according to the prescriptions of the physician. The Blynk 

interface, as shown in Fig. 7, fits perfectly with the rest of the hardware system of the proposed 

system. In addition, the caregivers can also check whether the patients respond properly to the 

dispenser alerts, taking the appropriate medication at the right time and dosage. As a result, the 

system ensures that the device is acutely conscious of the precise time of the administration of 

every medicine and thus, requires flawless data transmission. The string value of the chosen 

medicine is read in the Arduino microcontroller, which means that every dispensation operation 

will be performed at the right date and time. 
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Fig. 5: Experimental model  

 

Fig 6: Pill deliverance 

 

Fig. 7: Pill received by the user  

4.2. Performance analysis 

     To be able to properly measure the liquid therapeutics, the pump had to be calibrated by trial 

and error to decide on how much time it would take to dispense a certain amount of liquid 

medication. This included the aqueous and syrup formulations. Fig. 8 shows a graphical 

representation of the dependence between the amount of medicine that is dispensed (in this case, it 

is the number of pills) and the time during which this dispensing is taking place (in seconds). The 

experimental results show that there is a direct proportion, which demonstrates a linear tendency 

with almost unchanged time consumption per pill. The dataset was processed by a linear 

regression (best-fit line) in order to measure this relationship. 
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Fig. 8: Performance analysis graph of proposed prototype 

5. CONCLUSION 
     This manuscript outlines the design of SMD which is a smart computerized voice assisted pellet 

dispensing device that incorporates an IR sensor and Blynk mobile application. Blynk application 

is created on the basis of the proper software framework which guarantees the effective 

functioning of the SMD. The SMD use has a significant effect on improving medication 

compliance, which increases the effectiveness of the therapy. We can see that the tool manages the 

risk of dosage errors, especially in older people. Caregivers get to ease their fears when they are 

not available to escort elderly patients undergoing chronic or periodic dosing schedules since the 

system automatically checks the time of dosage. The SMD suggested below is easy to use, 

adjustable and capable of being scaled to higher dispensing capacities. 

6. REFERENCES 
1. Mathew, Ajay, et al. "Design and implementation of a smart medicine dispenser." In TENCON 2019-2019 IEEE 

Region 10 Conference (TENCON), pp. 1059-1064. IEEE, 2019.  
2. Kumar, Praveen, et al. "Solar Powered Medic Vending Machine." In 2020 2nd International Conference on Advances 

in Computing, Communication Control and Networking (ICACCCN), pp. 465-468. IEEE, 2020.  



 5 
3. Tomlinson, Justine, et al. "Successful care transitions for older people: a systematic review and meta-analysis of the 

effects of interventions that support medication continuity." Age and aging, vol.49, no. 4, pp: 558-569, 2020. 

4. Prajwal, K. T., et al. "Design and Development of an Intelligent Medicine Dispenser." In 2023 7th International 

Conference on Electronics, Communication and Aerospace Technology (ICECA), pp. 1860-1864. IEEE, 2023. 
5. Sanam J, et al. "Reduction of Harmonics using PQ based Hysteresis Controlled Active Filter." In 2021 International 

Conference on Sustainable Energy and Future Electric Transportation (SEFET), pp. 1-6. IEEE, 2021. 

6. Thangella, Rajesh, et al. "Optimal design for solar cell and fuel cell renewable source to enhance the power quality in a 
micro grid system." In 2022 International Conference on Intelligent Controller and Computing for Smart Power 

(ICICCSP), pp. 1-6. IEEE, 2022. 

7. Sanam J, et al. "Impact on Voltage Profile and Power Loss in Electrical Distribution Networks with the Integration of 
DG using Exhaustive Search based Load Flow Algorithm." In 2022 International Conference on Intelligent Controller 

and Computing for Smart Power (ICICCSP), pp. 1-6. IEEE, 2022. 

8. Chandana, N., et al. "Iot-based medicine reminder and dispensing machine." In 2022 Second International Conference 
on Artificial Intelligence and Smart Energy (ICAIS), pp. 1060-1066. IEEE, 2022.  

9. Patil, C. H., et al. "An IoT-based smart medicine dispenser model for healthcare." In 2022 IEEE World Conference on 

Applied Intelligence and Computing (AIC), pp. 391-395. IEEE, 2022.  

10. Marengo, LíviaLuize, et al. "Involvement of Human Volunteers in the Development and Evaluation of Wearable 

Devices Designed to Improve Medication Adherence: A Scoping Review." Sensors 23, no. 7, pp:3597, 2023  

11. Nimmanterdwong, et al. "Human-centered design of mobile health apps for older adults: systematic review and 
narrative synthesis." JMIR mHealth and uHealth 10, no. 1, e29512, 2022. 

12. Muppalla, NR Kishore, et al. "Design of Compensator for High Gain DC-DC Converter." In 2021 International 

Conference on Sustainable Energy and Future Electric Transportation (SEFET), pp. 1-5. IEEE, 2021. 
13. Sanam J, et al. "Impact on Electrical Distribution Networks with The Integration of Shunt Capacitor Model Using 

Exhaustive Search Based Load Flow Algorithm." In 2022 International Conference on Intelligent Controller and 

Computing for Smart Power (ICICCSP), pp. 1-5. IEEE, 2022. 
14. Eppe, Bhanuprasad, et al. "A Power-Aware Algorithm for Mobile Devices Focused on Batteries." In 2024 10th 

International Conference on Communication and Signal Processing (ICCSP), pp. 183-187. IEEE, 2024. 
15. Mnati, Mohannad Jabbar, et al "An open-source non-contact thermometer using low-cost electronic components." 

HardwareX 9, e00183, 2021. 

16. Indraratna, Praveen, et al. "A smartphone-based model of care to support patients with cardiac disease transitioning 
from hospital to the community (TeleClinical Care): a pilot randomized controlled trial." JMIR mHealth and uHealth 

10, no. 2,pp:32554, 2022. 

17. Das, Arnab, A et al. "Development of a novel design and subsequent fabrication of an automated touchless hand 
sanitizer dispenser to reduce the spread of contagious diseases." In Healthcare, vol. 9, no. 4, p. 445. MDPI, 2021.  

18. Mallavarapu Lakshmi Sowjanya, Sanam J, DoppalapudiPujitha, SangulaChaithanya, and B. Mani Deepika. "Optimal 

reactive power sizing in distribution systems to optimize the voltage profile and power loss using fbs based esa 
algorithm." In 2020 IEEE 17th India council international conference (INDICON), pp. 1-6. IEEE, 2020. 

19. Ravipati, Srikanth, et al. "Efficient control of sensorless hybrid electric vehicle using RBFN controller." Studies in 

Informatics and Control 30, no. 4 (2021): 87-97. 
20. Sanam, J. "Planning and Operation of DSTATCOM in Electrical Distribution Systems." PhD diss., 2017. 

21. Fehringer, Hannah, et al. "User-Informed Adaptation in IoT Home Healthcare: Grounding Development in Empirical 

Evidence." Journal of Theoretical and Applied Electronic Commerce Research 18, no. 4, pp: 1901-1925, 2023. 
22. Deepak, P., et al. "Development of Automated Vending Machine for the Application of Dispensing of Medicines." In 

International Conference on Soft Computing and Signal Processing, pp. 527-535. Singapore: Springer Nature 

Singapore, 2023. 
23. A. K. Panda, Sanjib Ganguly, and Sanam J. "Placement of DSTATCOM in radial distribution systems for the 

compensation of reactive power." In 2015 IEEE Innovative Smart Grid Technologies-Asia (ISGT ASIA), pp. 1-6. 

IEEE, 2015. 
24. Sanjib Ganguly, Sanam J, and A. K. Panda. "Distribution STATCOM with optimal phase angle injection model for 

reactive power compensation of radial distribution networks." International Journal of Numerical Modelling: 

Electronic Networks, Devices and Fields 30, no. 6 (2017): e2240. 

 



2nd International Conference on Smart Computing and Communication for 
Sustainable Convergence (ICSCCSC) 

International Conference on Smart Computing and Communication for Sustainable 
Convergence              

1 

 

 

Human Queue Management System 

Nandishgouda R D1, Prajwal Manegar2, Kartik M Shiralashetti3,  

Manjunath Maleppanavar 4 and Roshan Shetty11 

Department of Electronics and Communication Engineering, Alvas Institute of 

Engineering & Technology, Moodbidri, Mangalore, Karnataka, India 

Emails: nandishg965@gmail.com, Prajwalmanegar8@gmail.com, 

Kartikshetty170@gmail.com, maleppanavarmanju@gmail.com,roshans@aiet.org.in 

 

Abstract.  
 
This paper reviews recent work in the improvement of QMS by deploying different 

modern technologies like IoT, AI, and WSN. These queue management systems range 

from physical queues to sophisticated digital ones that can handle optimality of time spent 

waiting, enhancement of customer experience, and efficiency of services in various sectors 

like healthcare, banking, and public services. Further, this review examines several 

technological approaches applied in QMS, involving RFID-based tracking, computer 

vision integration, cloud-based solutions, and AI-based predictive models. The paper 

outlines the challenges faced in queue management, including congestion control, real-

time monitoring, and adaptive routing algorithms. Further, the impact of QMS on service 

quality, customer satisfaction, and operational efficiency is also presented. Finally, this 

review concludes with future research directions and potential improvements in queue 

management systems, with an emphasis on the integration of emerging technologies into 

more intelligent and responsive queue solutions. 

Keywords. Queue Management System, IoT, RFID, Computer Vision, Cloud Computing, 

Artificial Intelligence, Customer Experience.. 

1. INTRODUCTION 

"Queue management" is an important part of service delivery systems in different 

industries such as healthcare, banking, retail, and government. The conventional system of 

queue management results in customer discontent, inefficient allocation of resources, and 

operational delays. With the emergence of technology, "queue management" has 

undergone a dramatic change from a traditional waiting line to an advanced digital system 

focusing on efficient service delivery with better customer satisfaction [1, 2]. 

Current Queue Management Systems (QMS) employ technology such as Internet of 

Things (IoT), Artificial Intelligence, Computer Vision, and Cloud Computing to provide 

smarter solutions for minimizing waiting time and increasing service effectiveness. QMS 

finds widespread application in healthcare because patient service can have a direct impact 

influence both service quality and outcomes for individual patients [3], [4]. The 
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combination of RFID technology with computer vision, as exemplified in Paraiso et al., 

facilitates real-time tracking and dynamic routing of customers in order to improve 

queueing efficiency and alleviate waiting times [1]. 

2.   TECHNOLOGICAL  FOUNDATIONS OF QUEUE MANAGEMENT SYSTEMS 

 

 

 

Figure 2.1. Typical Architecture of a Modern Queue Management System 

The QMS is highly advanced today as compared to the original walk-in line waiting 

process. Queue Management Systems are technologically advanced and employ many 

technological features.We will categorize the technology-oriented QMS into the following 

seven categories: IoT-featured QMS, RFID technology utilization, computer vision usage, 

cloud computing solutions, and artificial intelligence solutions. 

IoT-based QMS utilize sensor networks and connected devices to track queue status in 

real-time. These systems usually utilize wireless sensor networks (WSN) to find out how 

customers are moving, and how long queues are, so that service resources can be 

dynamically recalibrated [1], [6]. In addition, the interoperability provided by the MQTT 

(Message Queueing Telemetry Transport) protocol allows system parts to communicate 

easily, allowing for reliable data transmission and processing [1]. IoT solutions have 

shown major improvements in the efficiency of queues, and they have been more 

successful in healthcare when seen through the lens of effective patient flow management 

[6]. 

 

3. METHODOLOGIES 

Queue management systems use various strategies and approaches to allow the provision 

of service delivery and enhanced customer experience. Broadly these can be categorized 

into the following approaches: traditional queue management; technology based queue 

management and other hybrids, which may incorporate elements from multiple strategies. 
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1.1. A. Traditional Queue Management Techniques 

Standard queue management methods mainly use physical organization of queues and 

basic scheduling rules. Standard queue management systems such as first-come-first-

served (FCFS) systems, priority-based queuing systems, and similar multi-server queue 

systems use simple queue bay design. While these approaches are straightforward to 

employ, traditional queue management concepts have limited capability of operational 

efficiency and customer satisfaction when facing dynamic flows of customers and variable 

service times [3], [9]. 

Queueing theory has established a rigorous mathematical underpinning for the analysis and 

optimization of traditional queue systems. They find their application in modeling queue 

systems and optimizing resource usage, such as M/M/1-a single server and M/M/c-a 

multiserver. However, all of these theoretical models are based on simplifying assumptions 

that cannot hold in real-world scenarios and hence limit their effectiveness in practice. 

1.2. B. Technology-Enabled Queue Solutions 

Recent developments in technology have enabled increasingly sophisticated ways of 

managing queues. As described by Paraiso et al., RFID-based systems make use of a 

dynamic source routing algorithm that assists in guiding customers through queues and 

hence reduces waiting time [1]. In an RFID-based queue management system, RFID 

tracking is integrated with computer vision for queue monitoring and management. 

The second most important technological advantage comes from cloud-based queue 

management systems. A cloud-based system, such as AQyu, offers generic queue 

management with functionality through mobile applications, Web applications, and the 

ability for customers to join a queue remotely and get real-time status updates according to. 

REST APIs generally integrate the systems in cloud queue management platforms and 

utilize a cloud database for storing data that can be scaled. 

1.3. Mobile queuing is becoming common, especially in healthcare contexts. With a 

mobile application, the patients can take a place in queues from any other location by 

being informed of wait times and notifications that they are about to reach the front. This 

approach reduces the time spent physically queuing and enhances patient satisfaction 

significantly. 

1.4. C. AI-Powered Queue Optimization 

New technologies enabled by artificial intelligence are providing sophisticated options for 

queue management. Machine learning algorithms are now able to model queue lengths and 

waiting times based on historical patterns, alongside real-time data [5]. Predictive models 

can be used to allocate resources through recognizing variances in demand requiring 

change in service capacity. 

Reinforcement learning has also been used in queue management issues where systems 

can continually learn optimal routing policies that consider the ongoing interaction with 

the service environment [7]. These adaptive systems are dynamic and perform optimally 

based on contingent feedback. 
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Abstract— The combination of deep learning with 

homeopathic therapy centered on the patient presents an 

advantageous route to understanding and controlling chronic 

diseases through continuous monitoring of the physiological 

variability method. The current article presents a smart 

analytical framework that leverages the multimodal patient 

data that includes heart rate variability, respiratory patterns, 

sleep rhythms, symptom frequency, and lifestyle markers to 

create personalized health paths. The deep neural 

architectures used, among them the LSTM-based temporal 

networks and attention-driven feature extractors, detect the 

slight physio changes that accompany the gradual development 

of chronic disease or curing with homeopathic intervention. 

The framework provides clinical decision-making support by 

means of automated pattern detection, early instability 

recognition, and personalized prediction of treatment 

responsiveness. The proposed model not only aids in mapping 

the dynamic interrelationship among homeopathic remedies, 

the patient's specific symptoms, and the overall physiological 

trends but also promotes the more holistic, data-driven concept 

of chronic disease management. The research demonstrated 

that the merging of deep learning and homeopathic therapies 

could lead to a more precise, adaptable, and continuous patient 

monitoring which in turn would translate into better long-term 

health outcomes for patients and integration of healthcare 

models. 

Keywords: Deep Learning, Physiological Variability, 

Chronic Disease Monitoring, Homeopathic Care, Temporal 

Modeling, LSTM, Attention Networks, Personalized 

Healthcare, Predictive Analytics 

I.INTRODUCTION 

Chronic diseases are ranked among the most serious 
global health problems and health issues that last a long time, 
reduced life quality, and high healthcare costs are the main 
economic teething problems for healthcare systems. The 
diseases in question are asthma, diabetes, arthritis, high 
blood pressure, chronic obstructive pulmonary disease 
(COPD), and autoimmune diseases, which generally indicate 
complex physiological variations controlled by a mix of the 
patient's genetics, lifestyle, environment, and mental state. 
Moreover, traditional clinical assessments are able to 
perceive only intermittent health-states in patients and thus 

limit the understanding of continuous variability patterns that 
indicate disease progression or improvement[1][2]. Digital 
health technology has become the savior in this case since 
the physiological parameters can be recorded round-the-
clock with the help of wearable sensors, mHealth platforms, 
and remote care units. The operation of these devices 
generates an enormous amount of diverse data that are both 
longitudinal and heterogeneous at the same time simulating 
such metrics as heart rate variability, respiratory dynamics, 
sleep cycles, emotional and physical stress, symptom 
recurrence, and even treatment adherence. The complexity 
inherent in such data, their non-linear nature, and the fact 
that they consist of multiple dimensions all combine to make 
this issue even greater for the conventional statistical or rule-
based approaches thus prompting more sophisticated 
computational methods that are able to discover the hidden 
relationships and dynamic patterns existing in the data[3][4]. 

Deep learning has become a very important technology in 
the field of AI due to its extraordinary skill to elaborate 
complex interactions, reveal hidden features, and work with 
high-dimensional data with little human intervention. 
Various architectures like Convolutional Neural Networks 
(CNNs), Long Short-Term Memory (LSTM) networks, 
Gated Recurrent Units (GRUs), transformers, and hybrid 
attention-based models among others, have not only been at 
the top of the list but also have performed excellently in the 
area of biomedicine broadly including disease categorization, 
prediction of symptoms, dividing patients into risk levels and 
understanding of physiological signals[5]. These models 
have a unique power to temporal dependencies, spatial 
correlations and context-aware patterns which are often 
missed by traditional machine learning methods. The use of 
deep learning in monitoring chronic diseases allows to map 
even the most subtle changes in a patient’s physiology that 
may lead to deterioration, relapse, or changes in symptoms. 
This understanding that keeps changing is especially 
important for patients receiving individualized therapeutic 
systems like homeopathy, where they will be treated 
according to their symptom patterns, constitutional 
characteristics, and holistic indicators that direct remedy 
selection and treatment planning[6]. 

Homeopathic care is always specifically made according 
to the patients’ individual constitution, which is done through 



 

a personalized therapeutic intervention based on a thorough 
assessment of the patient's symptoms, and his or her mental-
emotional state and physical treatment. Homeopathic 
remedies, as opposed to standard pharmaceutical treatments, 
depend on the specific patient response patterns and temporal 
subtle symptom changes, and thus their effectiveness is 
influenced accordingly[7][8]. To capture such variations, 
constant and very meticulous observation of the patient's 
physiology is necessary. When deep learning is integrated 
into homeopathic healthcare, it results in a powerful alliance 
that combines traditional holistic methods with modern 
computational intelligence. This incorporation enables the 
clinicians to go beyond the subjective symptom descriptions 
and to quantify the patients’ physiological variability through 
the objective data streams. The deep learning algorithms can 
ensure the association between the administration of the 
remedy and the change in the patient's physiology, thus 
allowing the doctors to evaluate the effectiveness of the 
remedy, the improvement progress, and the likelihood of 
potential exacerbations. This data-driven combination with 
homeopathy philosophy not only increases the evidence-
based documentation but also offers higher patient-specific 
therapeutic precision[8]. 

The concept of variability in physiological processes 
plays a major role in chronic disease progression. The 
fluctuations of heart rate, sleep, respiration, physical fatigue, 
and autonomic nervous system activity are indicative of the 
body's active and fluctuating control mechanisms. However, 
these mechanisms in chronic diseases often display a lack of 
synchronization, which can be interpreted as irregular 
rhythms or altered reactive responses[10].Continuous 
monitoring of the variability provides one with the disease 
insights that static clinical examinations could never reveal. 
At the same time, deep learning algorithms, which are 
trained with long-term patient datasets, can imitate these 
dynamic shifts and generate predictive markers that indicate 
whether the patient is going towards recovery or decline. 
Additionally, symptom recordings, lifestyle trends, and 
environmental factors are incorporated into the models to 
further understanding of the context and thus facilitate the 
interpretation of health in a multidimensional way[12]. This 

capability is of great importance in homeopathy, where the 
choice of remedy is based on the understanding of the 
different ways a patient expresses their symptoms and how 
these change from day to day. 

This convergence is attributed to several technological 
developments, including the large-scale use of wearable 
biosensors, IoT (Internet of Things) medical devices, cloud-
based health platforms, and smart mobile applications. These 
technologies monitor during the day and night the 
physiological parameters like ECG (electrocardiogram) 
signals, blood oxygen saturation, physical activity, stress 
levels, and sleep, which is the basis for the continuous 
monitoring needed for deep learning analysis[13]. When 
electronic health records and digital homeopathic case diaries 
are combined with these technologies, a vast health 
assessment ecosystem is formed. A system powered by deep 
learning can analyze these diverse data, identify hidden 
representations of physiological activities, and convert them 
into clinically interpretable measures. Such a system assists 
the healthcare practitioners by giving them early-warning 
alerts, personal health scores, and automated assessments 
that are meant to work alongside human skill[14]. 

The mapping of physiological variability during the 
process of homeopathic treatment also provides a chance for 
the creation of standardized research methodologies and 
empirical verification of complementary and integrative 
medicine. In the past, homeopathy has continually been 
faced with the problem of lack of objective data and 
depending on patient subjective narratives. Researchers can 
use powerful AI-based analytical models to link 
quantitatively the remedy interventions with their 
physiological outcomes. This practice helps to remove the 
barrier between the traditional therapeutic practices and the 
scientific validation of the modern era. In addition, the 
growing focus of the healthcare sector on precision and 
digital medicine is very much in line with the fundamental 
principle of homeopathy that insists on individual patient 
treatment, thus fortifying its position in present-day 
healthcare[15]. 

 

 

II. LITERATURE REVIEW 

Author & 

Year 
Objective 

Methods / Tools 

Used 
Key Findings Limitations / Future Scope 

Shiying Shen 

et al., 2025 

Analyze global trends in 

ML-based chronic 

disease management. 

Web of Science; 

CiteSpace; 

VOSviewer; 

RStudio; Expert 

panel. 

1,242 docs; USA & China 

lead; LR most used; NN 

emerging; Diabetes & 

CVD hotspots. 

Limited collaboration; weak 

generalization; need multisource 

data integration. 

Yu Liu et al., 

2025 

Review IoT & AI sensing 

technologies for chronic 

disease management. 

IoT devices; ANN, 

SVM, RF, DL; 

systematic review. 

Improved risk prediction 

& monitoring; introduces 

tight-frame DL; socio-

economic benefits. 

Dataset biases; user interaction 

issues; future quantum computing 

& nano-biosensors. 

Suzan van 

Veen et al., 

2025 

Identify nursing-feasible 

non-pharmacological 

pain interventions. 

Systematic review; 

JBI appraisal; 

PubMed, CINAHL, 

PsycINFO, Embase. 

Strong evidence for 

massage & VR; 

reflexology & music 

therapy promising. 

Insufficient evidence for art 

therapy, aromatherapy; mixed 

effects. 

Celia 

Alvarez-

Romero et 

al., 2025 

Predict Barthel Index 

using AI & IoT mobility 

data. 

Wearables; 

Decision tree; 

SPSS; Python; 

observational study. 

BI predicted with 

MAE≈5; accuracy 88–

91%; step count most 

relevant. 

Small sample; single-center; needs 

broader validation. 



 

Mollie 

Hobensack et 

al., 2022 

ML in home healthcare 

EHR for predicting 

adverse outcomes. 

Systematic review; 

PROBAST risk 

analysis; 

biopsychosocial 

mapping. 

Hospitalization most 

studied; tree-based 

models widely used. 

High/unclear bias in 75% studies; 

lack of psychological predictors. 

Eleonora 

Cilli et al., 

2022 

Wearables’ impact on 

quality of life in chronic 

disease patients. 

Systematic review 

(PubMed, WoS, 

Scopus). 

Wearables improve self-

management, QoL, 

psychological well-being. 

Few studies; need guidelines; 

tailored interventions required. 

Chia-Tung 

Wu et al., 

2022 

Integrated precision 

health platform for 

chronic disease 

prediction. 

Wearables; 

environmental 

sensors; AI telecare; 

ML/DL models. 

Accuracy ≈88%; 

lifestyle/environment 

correlations strong; cost-

effective models. 

Needs larger validation; limited 

modules; questionnaire-only 

insufficient. 

Junaid 

Rashid et al., 

2022 

ANN-PSO model for 

predicting 5 chronic 

diseases. 

Artificial Neural 

Network; Particle 

Swarm 

Optimization; 

comparison with 7 

classifiers. 

Accuracy 99.67%; faster 

than RF, DL, SVM; 

strong feature extraction. 

Dataset-dependent performance; 

needs real-world clinical testing. 

Gopi 

Battineni et 

al., 2020 

Review ML diagnostic 

models for chronic 

diseases. 

Review of 453 

papers; PubMed & 

CINAHL. 

SVM, LR, clustering 

widely used; strong for 

classification. 

No standard best model; data 

variability affects results. 

 

III.METHODOLOGY 

 
The methodology proposed in this research is aimed at 

the construction of a powerful deep learning system that 
would be able to map out the physiological differences 
among the patients suffering from chronic diseases who are 
treated with homeopathy by the fusion of different sources 
of clinical records, data from wearable sensors, and custom-
made symptom-based homeopathic case profiles. The 
overall methodological workflow includes data collection, 
data preprocessing, multimodal feature engineering, deep 
learning model development and training, and finally, 
interpretability analysis[16]. The approach of combining 
retrospective and prospective data has been adopted in order 
to make the model capture both the long-term changes and 
the real-time physiological fluctuations as well. The 
retrospective clinical data were collected through electronic 
case files, repertory records, follow-up notes, remedy 
prescriptions, and chronic disease progression logs of the 
collaborating homeopathic clinics[4-6]. Prospective 
physiological data were obtained from patients using the 
wearable health-monitoring devices that were capable of 
measuring heart rate variability, respiratory rate, sleep 
quality, peripheral oxygen saturation, skin temperature, and 
activity levels. To depict daily physiological reactions to 
personalized homeopathic treatments, these multimodal 
datasets were brought together with a timing-based 
alignment method to create organized sequences[17-19]. 
Moreover, he patient-reported outcome measures that were 
validated were used to gather the subjective symptom 
progression, thus making sure that the model had both the 
objective sensor-derived signals and the subjective 
homeopathic symptomatology, which is vital to 
individualized case management, included in it. 

The entire dataset was subjected to a very thorough 
preprocessing pipeline that guaranteed no inconsistencies, 
high quality, and suitability for the analysis. In the case of 
the continuous sensor streams from the wearables, missing 
values were filled with interpolation-based imputation for 
short gaps and model-driven multivariate imputation for 

longer gaps. The clinical texts underwent tokenization, 
lemmatization, domain-specific medical text normalization, 
and the extraction of rubrics and remedy-response patterns 
during preprocessing[10]. The time-series signals were 
resampled to uniform frequencies, z-score scaling was 
applied for normalization, and wavelet-based filtering was 
used to remove motion artifacts thus denoising the signals. 
Contextual language models and fine-tuned transformer 
embeddings were used on symptom narrative texts and 
repertory entries to capture the very delicate semantic 
nuances that are typical of homeopathic clinical 
descriptions[15]. Feature engineering created a unified 
multimodal representation by bringing together statistical 
measures, frequency domain features, morphological 
descriptors, and linguistic embeddings. The physiological 
variability indices—heart rate variability metrics, variability 
of respiratory cycles, fluctuation magnitude in sleep 
parameters, and remedy-response transition states—were 
calculated to help the deep learning architecture identify the 
patterns associated with chronic disease trajectories through 
their recognition. The deep learning framework utilized a 
hybrid design comprising of a convolutional neural network 
(CNN) that was responsible for procuring the significant 
local patterns from the physiological sequences, a 
bidirectional gated recurrent unit (Bi-GRU) network that 
was in charge of portraying the temporal dependencies 
across the longitudinal data, and a transformer-based 
encoder that was processing the textual homeopathic 
narratives. The multi-modal fusion layer combined the deep 
features from all streams and used an attention mechanism 
to mark the physiologically significant variations that were 
the reason for remedy responses or chronic disease 
exacerbations[20]. The model's training was done with a 
distribution of 80% for training, 10% for validation, and 
10% for testing for each data sample, with stratification 
included, so the chronic diseases facilitation was done 
properly and at the same time there were no imbalanced 
distributions of disease categories such as diabetes, asthma, 
arthritis, hypertension, chronic respiratory disorders, and 
autoimmune conditions. In order to maximize the 
performance and also at the same time to avoid the risk of 



 

overfitting, the hyperparameters including learning rate, 
optimizer selection, batch size, dropout regularization, and 
number of layers were optimized through Bayesian search. 
The training was carried out using the Adam optimizer 
together with cyclical learning schedule while the early 
stopping technique was used to interrupt the training when 
no improvement in validation was observed[21]. 

The evaluation of model performance was carried out 
with a wide range of metrics that were noting both 
predictive accuracy and clinical significance. Among the 
metrics were the absolute mean error and root mean squared 
error for physiological variability predictions, classification 
accuracy for distinguishing the states of having recovered or 
deteriorated, F1-score for dealing with unbalanced classes, 
and area under the ROC curve for diagnostic-level 
assessment. The temporal evaluation via sliding-window 
prediction allowed the model to predict physiological state 
changes and treatment response patterns for the near future. 
To guarantee clinical transparency, interpretability analyses 
were performed using SHAP values, attention-weight 
visualization, and gradient-based relevance mapping to 
indicate which physiological features or symptom 
descriptors had the largest influence on the model’s 
predictions. This was a vital part of the process that 
guaranteed the resulting framework was explainable, 
ethically grounded, and in sync with clinical decision-
making needs in the homeopathic treatment of chronic 
diseases[21]. By anonymizing all patient data, encrypting 
the identifiable elements, and following the institutional 
review board standards, ethical compliance was observed. 
Data access was limited, and patient consent was acquired 
for monitoring through wearables and symptom reporting. 
The strategy for the final deployment centered on scalability 
and real-time capability, thus making it possible to merge 
with homeopathic electronic health systems and mobile 
health apps. The methodological pipeline therefore provides 
a thorough and scientifically rigorous basis for employing 
advanced deep learning techniques to map physiological 
variability in chronic disease patients under individualized 
homeopathic care. 

IV.Flowchart 

 
Figure1.Flowchart of Overall System 

V.DATASET 

The study dataset consists of a very extensive array of 
different type of data that have been collected from chronic 
disease patients who are under homeopathic care. It brings 
together not only structured clinical records and 
longitudinal physiological measurements but also 

unstructured symptom-descriptions to assist in the 
physiological variability modeling via deep learning 
algorithms. The clinical part contains information about the 
patients' demographics, disease history, comorbidity 
profiles, baseline lab test results, and detailed homeopathic 
prescriptions that have been recorded through various 
follow-up cycles. The physiological data consists of time-
series signals such as heart-rate variability (HRV), 
respiratory rate, oxygen saturation, sleep–wake cycles, 
physical activity patterns, blood pressure fluctuations, and 
stress indicators, which are captured through wearable IoT 
devices or digital health monitoring systems at regular 
intervals. The symptom-text corpus includes reports of 
patients' experiences, observational notes, descriptions of 
mental and emotional states, and specific reactions to the 
remedy, all written in natural language and later 
standardized for computational analysis. Every data entry is 
subjected to quality checks, anonymization, and timestamp 
alignment which helps to maintain temporal integrity. The 
dataset is labeled according to the three categories of 
disease stability, improvement, or deterioration clinically 
assessed, which permits the supervised training of the deep 
learning model. This multimodal and longitudinal dataset 
provides a framework for the comprehensive modeling of 
dynamic physiological responses and at the same time, it 
opens up an avenue for exploring the interplay between 
homeopathic treatment and chronic disease progression 
through its rich soil. 

VI.RESULT 

 

Figure 2. Training vs. Validation Loss Curve for Deep Learning 
Model in Chronic Disease Prediction 

The training and validation loss during deep learning 
model training for chronic disease prediction shown in 
figure 2. decline during the first 60 epochs.  

 

Figure 5. Training and Validation Accuracy Curves for Deep Learning 
Model 



 

The deep learning model's accuracy progression across 
several training epochs is depicted in the figure 3. The red 
line represents the training accuracy, which is rising 
incrementally and eventually reaches a plateau at the upper 
limit, suggesting that the model is successful in recognizing 
the patterns present in the training dataset. 

CONCLUSION 

The combination of deep learning with mapping the 
physiological changes in chronic disease patients during 
homeopathic treatment is a very promising step towards 
personalized medicine. The use of deep learning methods 
for analyzing and detecting early on the health status 
changes that are occurring in patients has been proven to be 
very effective. Taking into account longitudinal patient data 
like symptoms, vital signs, lifestyle factors, and treatment 
responses the model gives a thorough insight of the 
individual differences which is a key point in homeopathic 
ideas of personalized and holistic care. The findings reveal 
that the suggested deep learning system not only increases 
the accuracy of chronic disease prediction but also raises 
the patient-specific health trajectories' interpretability. By 
non-stop monitoring and adaptive pattern recognition the 
framework empowers the practitioners to take more 
informed decisions, to select the most appropriate remedy, 
and to assess the treatment efficacy. Moreover, the digital 
analytics incorporated into homeopathic care does not only 
help patients but also creates the future of chronic disease 
management that is scalable and based on data, thus, 
connecting traditional methods of treatment with modern 
AI capabilities. In a nutshell, this method emphasizes the 
possible deep learning to drive the homeopathic field by 
means of the objective evaluation, timely intervention, and 
enhanced patient outcomes. Next generation techniques in 
multi-modality data integration, real-time monitoring, and 
explainable AI will greatly enhance the effectiveness of 
precision homeopathic healthcare. 
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Abstract.  
 

Gesture-controlled drones employ glove sensors that use accelerometers and gyroscopes to 

record motion in place of traditional controllers. This kinetic data is sent to the drone, 

allowing it to react to the user's movements naturally. In order to prevent collisions, the 

drone's obstacle sensors continuously detect nearby objects and automatically alter or stop 

its movement Second, the gesture information is transmitted to the microcontroller of the 

drone, which processes and acts upon the command. E., off, lift, turn. Lighting variability 

further limits visual control efficiency, favoring sensor-based options. Wireless with drone 

wire with sensor quick and easy. And thats a big plus because if you dont want to leave 

your house of work you can just use the drones and see what your doing or you can send it 

out to rescue someone or you can used it to walk through a dangerous place this project is 

a new interaction paradigm where users can operate flying drones with a wearable sensor, 

providing an innovative and engaging experience. 

Keywords: Security Monitoring, Rescue Operations, Industrial Inspection, Scientific 

Research, Media and Entertainment, Healthcare, Agriculture, Autonomous Vehicles, 

Streaming Media, Drone Management. 

1. INTRODUCTION 

Uavs or drones can do alot of comanys like farming disater delivery saftey and alot more 

becaysethey can do it by themselfsthey are super easy to use and they realy cheep that why 

more and more pepel are trying to use uavs and drones to develope a new form of human 
digital interation hdi witch some have spetulated will eventualy replace the more 

userfriendly physcal remoute 

Gesture input device is a type of input device that can detect hand or body movement 

made by the user and transform those gestures into commands for the computer for 
example through visual recognition by a camera or through sensors embedded in gloves 

for example by deep learning models such as convolutional neural network CNN or 

residual neural network RNN architectures which have achieved accuracy rates exceeding 
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90 in simulated environments demonstrating promising potential for future use outside of 

laboratory environmentsThese systems could be used for tracking moving objects, 

avoiding obstacles on uneven surfaces, or performing other tasksGesturebased input 

systems are designed to be userfriendly and intuitive, offering an alternative control 

method for users unfamiliar with the technology and replacing physical contact with 

objects or surfaces. 

Furthermore, ROS integrated with Raspberry Pi and NodeMCU offers a decentralized and 

simplified robotic architecture.but this does not mean that they have to make some new 

friends, hang out and have some fun or play shoot on the game and i just want to say that i 

could put vr in my project and i will go on to describe below what i have done, what i am 

doing and what i going to put in my project. 

2. METHODOLOGY OF WORK FLOW 

 

Gesture are detected by the system for uav control and input data are processed through the 

imu and optical sensor in order to track the hand movement it then generates control data 

including pitch , roll , yaw and throttle and wirelessly transmits this information to the 

drone the pi d control algorithm keep the motor in a stable condition, it is also very easy to 

use , it enables the uavs to control in a simple way and it does not require the user to have 

ever flown a drone before. 

The proposed system consists of two major modules: 

(1) The Gesture Controller ( Transmitter ). and 

(2)  The Drone Control System (Receiver). 

A. Gesture Controller (Transmitter Side) 

1. Sensor Data Acquisition (IMU + LDR Sensors) : The gesture controller 

continuously collects motion and orientation data using an Inertial Measurement 

Unit (IMU), which provides accelerometer and gyroscope readings. Light 

dependent resistors are used to detect changes in hand position and movement 
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during different gestures. These sensors serve as the main input source for 

recognizing and interpreting human hand gestures. 

2. Gesture Processing and Mapping : The sensor data is first cleaned to ensure 

consistent readings and remove unwanted noise. Then, different hand positions 

and motions are linked to drone controls like pitch, roll, yaw, and throttle.This 

process helps translate natural human gestures into measurable, intelligible 

commands for the drone.  

3. Data Packet Formation : The gesture values are packed into a small data frame 

to guarantee that the information is sent quickly. This packet includes gesture 

details, basic error-checking bits, and identification information.These 

improvements help guarantee that the drone gets reliable and consistent data. 

4. Wireless Data Transmission via Bluetooth : The transmitter transmits the data 

packet to the drone via a Bluetooth connection.Bluetooth was chosen due to its 

low power consumption and consistent communication range. It is also suitable 

for remote drone control since it enables dependable data transfer. 

B. Drone Control System (Receiver Side) 

5. Data Reception and Validation Using Python : The receiver module is powered 

by a Python-based interface that continuously searches Bluetooth for 

information.Each received packet is checked for correctness, signal quality, and 

format before being accepted.This ensures that the drone only gets valid 

commands, preventing errors or dangerous motions. 

6. Forwarding Commands to the Drone Controller : Once the data has been 

verified, the control values are transmitted to the drone's flight controller.The 

interface then converts these gesture-based values into motor commands that the 

drone can understand. This makes it possible for the drone to respond accurately 

and fluidly to the user's hand movements. 

7. Execution Through PID-Based Motor Control : The drone uses a 

Proportional–Integral–Derivative (PID) algorithm to interpret the commands and 

adjust motor speeds accordingly.  

8. Continuous Real-Time Control Loop : Data is continuously transmitted, 

verified, and processed by the system as a whole.The drone and the user can 

communicate in a responsive and seamless manner thanks to this real-time 

flow.The drone can thus follow hand gestures with ease and naturalness. 

 

The proposed gesture-controlled drone system records hand movements and translates 

them into flight commands using IMU and LDR sensors. These motions are used to 

calculate pitch, roll, yaw, and throttle values. The system encapsulates this information 

into data packets, which are then wirelessly transmitted to the drone via Bluetooth. The 

flight controller receives valid commands from a Python-based receiver after the data has 

been verified. The controller uses PID control to ensure responsive and smooth drone 

movement. 
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Abstract. 

Urban crime rate changes that are influenced by tiny spatiotemporal factors are typically 

outside the realm of a usual police investigation. This paper reflects the authors’ 

hierarchical machine learning workflow to understand crime trends through the” Crime in 

India” open dataset from 2001 to 2020. Our approach very detailed stages a preprocessing, 

moves the Synthetic Minority Over-sampling Technique (SMOTE) to solve the class 

imbalance problem, and has multilayer feature extraction to capture the spatial and 

temporal aspects so that the classifier’s prediction quality can be brought up to standard 

again. The authors tried different algorithms to have a quantitative comparison of their 

performances and measured accuracy, precision, recall, and F1-score. The algorithms were 

K-Nearest Neighbors, Support Vector Machine, Decision Tree, Random Forest, and Naive 

Bayes. Random Forest was the most accurate classifier as it achieved the predictive 

accuracy of 89 % and being very stable, it varied almost evenly across all the evaluation 

metrics. 

Keywords. Crime Prediction, Machine Learning, Spatiotemporal Analysis, Data 

Imbalance, Ensemble Learning, Smart Policing, ST-CrimeNet 

 

1. INTRODUCTION 

 

The fast-paced urbanization, higher population density, and disparities in income and 

living standards have a direct impact on the occurrence and nature of crimes in today's 

world. Over the years, the increasing size of cities has made it even harder for the police to 

come up with and implement the right strategies for detecting and fighting crime, given 

that they are still using the old-fashioned techniques for analyzing criminal activities. 

Furthermore, traditional methods mostly depend on laborious investigations and the 

preparation of historical reports which are not always able to reflect the intricate 

geographical and temporal interrelationships that large crime datasets contain. Recently, 

the accessibility of extensive digital crime records and the progress in machine learning 

have together opened up new vistas for crime analysis based on data. The methods of 

machine learning make it possible to automate the uncovering of hidden patterns, predict 

trends, and classify crimes with an even higher level of accuracy. These models, by 

making use of past crime data, help in examining the variations of crime across the cities, 

different time periods, and various environmental conditions; thus, they are working in the 

support of proactive police strategies. Nevertheless, there are drawbacks associated with 

the deployment of machine learning for crime forecasting. The crime datasets are usually 

very much unbalanced, wherein, the occurrences of some crime types are much more than 

the others. This skewness very often results in the formation of biased models that yield 

poor results for rare but significant crimes. 
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2. LITERATURE REVIEW 

[1] Chawla et al. put forward the Synthetic Minority Over-sampling Technique (SMOTE) as 

a solution to the problem of class imbalance in datasets. Their research revealed that the 

performance of classifiers is enhanced by the minority class oversampling especially in the 

highly imbalanced datasets like crime records which are notoriously difficult to classify. 

[2] Moher et al. put forward spatiotemporal point process models for crime analysis and 

pointed out the significance of place and time in forecasting the areas with most criminal 

activities. Their method was efficient for spotting hotspots, but it was not able to deal with the 

interactions between complex features flexibly. 

[3] Breiman developed the Random Forest algorithm and has since been applied in crime 

prediction mainly due to its strength and non-susceptibility to overfitting. Random Forest 

was reported in various studies to be able to improve the accuracy and stability of crime 

datasets. 

[4] Wang et al. used geographic clustering methods to introduce spatial characteristics into 

the crime prediction models. Their findings allowed for the most accurate selection of regions 

with a high incidence of crime, but they still did not dive deep into the issue of temporal 

dependencies. 

[5] Huang et al. made use of spatiotemporal modeling techniques to study the variation of 

crimes and highlighted the significance of patterns that depend on time such as daily and 

yearly variations. However, their method required a lot of computer power. 

[6]  Liu et al. experimented with deep learning models for predicting crimes and proved 

better performance in pattern recognition. But even with higher accuracy, models were not 

very interpretable and required more computations, resulting in increased computational 

cost. 

[7] Rudin underlined the necessity of interpretable models in situations involving decision- 

making with serious repercussions like police work. The research pointed out that besides 

being transparent, predictive policing systems should also be understandable user-friendly for 

their acceptance. 

 

3. METHODOLOGY 
The four stages are structured analytically in a highly sequential and integrated manner: it 

consists of data preparation, feature engineering, model implementation, and evaluation. The 

stage 

 

3.1 Dataset Collection and Pre-Processing 

 

The research utilizes the open-source dataset "Crime in India", which is publicly accessible on 

Kaggle and presents a comprehensive account of crimes across the country from the year 2001 

to 2020. The data file consists of approximately 1.2 million rows that cover the different crime 

categories, time and place identifiers, and some demographic variables. The initial 

preprocessing and scaling the values of the numerical attributes to a range of 0 to 1 using the 

Min-Max method. Outliers were removed using the Interquartile Range (IQR) method which 

reduced their influence on the learning phase. A drastic class imbalance where common crimes 

were several times more than rare ones was the main drawback of the dataset. The Synthetic 

Minority Oversampling Technique (SMOTE) was used as a solution to this drawback by 

generating synthetic minority samples and thus promoting classifier generalization. The data 

set that was processed and distributed equally was considered the starting point for modeling. 

The focus of feature engineering in this research was to obtain spatial and temporal attributes that 

would be richer and more informative. 

Records that have location coordinates were mapped to localities by K-Means clustering, 

demonstrating the geographical regions of crime hotspots according to the volume of crime in 

a given location. The newly created variables provided not just additional information but also 

enhanced the models' capability to reveal concealed spatiotemporal patterns. 



                                                                                              3 
 

3.2.1 Machine Learning Algorithms: 

To identify the top algorithm for multiclass crime classification, five different supervised 

learning algorithms were tested, and the K-Nearest Neighbors algorithm was applied with the 

Euclidean distance metric to identify local similarity patterns. 

KNN, even though it's an effective approach for neighborhood-based reasoning, suffers from 

the problems of noise and high dimensionality. In accordance with the techniques mentioned in 

the preceding comparative literature, Support Vector Machines with an RBF kernel were 

employed to form non-linear class boundaries in the crime data. 

 

The model was able to get good results for categorical variables. 

 

3.2.2 Experimental Setup and Evaluation 

All of the experiments were carried out in Python 3.11 using Jupyter Notebook along with the 

usual standard data science libraries like Scikit-learn, pandas, NumPy, matplotlib, seaborn, 

plotly, and Folium. The research data was split into two parts, 70% for training and 30% for 

testing, and 5-fold cross-validation was applied to ensure that the performance estimation was 

unbiased. Hyperparameter tuning was performed using GridSearchCV. 

 

4. CONCLUSION 
The mentioned paper illustrates one of the machine learning techniques which through analyzing 

and predicting crime patterns by handling a huge volume of historical crime data. The research 

paper has presented the comparative evaluation as a way to demonstrate the application of different 

machine learning methods like K-Nearest Neighbor, Support Vector Machine, Decision Tree, 

Random Forest, and Naive Bayes not just for crime classification but also for getting considerable 
spatiotemporal patterns discovered. The most important aspect of the methodological framework 

was data preprocessing, the class imbalance problem which was tackled through SMOTE, and 

                  the deliberate feature engineering in order to obtain the most relevant temporal and spatial features. 

 

Fig. 1: Model Comparison: Accuracy vs F1-Score 

Research on model performance is only a minor segment of the article, which constitutes the 

larger argument for data-driven crime analytics over traditional evaluation methods. The 

traditional approaches rely more on proofs done part by part and story-telling insights whereas 

machine learning algorithms give extensive and data-centric evaluations. This kind of evaluation 

can be used to spot the specific areas resources are allocated to and those that need to be 

improved, and at the same time, to make sure that the crime prevention policies created have the 



                                                                                              4 
 

right focus. The real-time data integration, the use of advanced modeling techniques, and the 

improvement of dataset quality won't just improve these systems, but they will also support the 

development of more responsive and community-oriented public safety initiatives which will be 

less reliant on technology.  
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 Abstract 
Most of the time, burying high-voltage cables underground is their main advantage in the market. It allows 

the companies to maintain pollution resistance and other security measures. In addition, a weather forecast is 

also enhanced when using such cable lines. Thus, they are also the ones mostly chosen for the external safety 

and weather stability. The irony of the whole situation is that in spite of their awesome benefits, the cables can 

still be affected by the wrong method of installation, poor jointing, third-party excavation activities, abrasion, 

environmental stress, and animal interference. Often the process of finding these faults and repairing them is 

very difficult, it consumes a lot of time and money.The system is the fastest fault detection device, as certified 

by the experiment, and this leads to a reduction of the machine stop time and the maintenance costs, thus, the 

reliability of the modern power distribution networks is maintained. This article presents a fault detection and 

diagnosis system for underground cables based on the Internet of Things (IoT) that intends to solve the 

aforementioned problem. Devices with the proposed system, such as voltage divider circuits, enable the 

detection of variations in the fault voltage and are connected to the cable. ESP32 microcontroller handles all 

of the signal processing work, fault location in kilometers, and communication of the result to the user. The 

data can be accessed on the liquid crystal display (LCD) and are simultaneously sent to the Blynk cloud 

database by the wireless module for remote monitoring and archiving. 
 

1. INTRODUCTION 

 

First of all [1], power electricity that is dependable and efficient, is just about the essentials of life in this 

era, and underground power cables are those that have the biggest share in the fact that the supply is stable and 

without any interruptions. The only method to reduce the time of outages to the minimum and retain a 

distribution network system that is resilient is by a very prompt fault detection as well as theexact location of 

the fault when it is found. An important factor in the success of the IoT technology is the ease of its 

identification as the precise solution for the problem in question, and the recognition by the industry, that it has 

done so largely over the last few years. IoT-based systems, which implement smart sensors, data analytics, and 

wireless communication are revolutionizing the traditional way of monitoringsignificantly. They, for instance, 

through the real-time tracking and automated fault detection, not only have a faster response time but also keep 

a greater overall efficiency to a large extent as the downtime has been lowered considerably. Most of the time 

[2], power cables meant for underground distribution of electricity are just buried in the soil or installed in 

protectiveducts. Such a product guarantees the long life of the cable and the least possible number of faults. In 

spite of this, these faults in underground systems, locating and fixing them is a huge problem because the 

conductors cannot be seen. The fault detection process can in many instances be similar to the needle in a 

haystack finding process. Over time, several methods, and also expensive diagnostic tools have been developed, 

which greatly facilitate fault detection. However, the claim that no single method or even a combination of 

methods could be considered as the “best” ones is still true. The different fault types determine the use of 

different methods to achieve safety, accuracy, and effectiveness in fault localization as well as the non-damage 

of the cable. The next section is about the fault genres that are happening in underground cables. 
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       2. PROBLEM STATEMENT 

 
Underground [3] cables have really become an indispens able part of the power distribution system of the 

modern world and the reasons for such a statement are quite clear. Not only do cables enhance safety and 

reliability, but they also protect the network from environmental disturbances, such as pollution, heavy rains, 

and storm. However, they are still creating lots of problems in the areas of fault detection and maintenance. In 

contrast, underground cables are completely covered, thus a person cannot simply do a check or a  

supervision of their condition directly. When the malfunction happens by short-circuiting, insulation leakage, or 

mechanical injury to the cable, locating the fault becomes a very difficult and long process. The traditional means 

of power network fault detection are largely reliant on human intervention during inspection, extensive sectional 

testing, and the use of large and complicated measuring instruments. Not only these methods decelerate the 

process of power restoration, but they also escalate the operational costs.The delay in outage period, system 

reliability decreasing, utilities losing money, and consumers experiencing inconveniences are some of the 

consequences that follow. Additionally, faults may result from poor installation practices, joint failures, digging 

done by the third parties,environmental stress, or even rat attacks that have complicated the fault identification 

process so much.Hence, it is totally mandatory that a decision be taken towards the installation and use of a 

reliable, automated, and accurate fault detection system for underground cable faults that can locate the faults in 

a very short time. The adoption of such a system will undoubtedly reduce the time for which the network has to 

be de-energized thus it will lessen maintenance activities, elevate safety, and improve the reliability of power 

distribution networks. 

  
 

3. LITERATURE SURVEY  
 

L.Kurinjimalar et al[1]The authors of the paper mention that despite the advantages that buried cables 

have over aerial lines, one of the significant problems is the precise fault location. As a solution to this problem, 

they present a fault indicator system based on the Internet of Things,which utilizes Ohm’s Law to locate the fault 

in the distance from the base station in kilometers. Thus the malfunction in underground cables, which are 

extensively utilized in urban areas, can be expediently detected and repaired but are difficult to locate when they 

occur. 

 

Abrar et al [2] . describe how underground cables are buried and are subjected to numerous faults due 

to environmental damage and wear which make it difficult to carry on repairs since the cables are usually dug 

up along their entire length.They want to be able to accurately locate the faults with their project which is the 

node controller system. The system is able to locate the exact faults positions by the method of modeling the 

cable as resistors and simulating faults. After the fault data is wirelessly transmitted with the aid of IoT 

technology and Wi-Fi module, the underground cable faults can be easily and remotely monitored. 

 

Jayachandran et al[3] In their work, they clarified the IoTBased Smart Underground Cable Fault 

Detector . The authors have developed a diagnosis system using the Internet of Things (IoT) technology, which 

is capable of detecting the underground cable faults and also to localize the faults. The system through a quicker 

fault detection, therefore, intends to cut down the required time, money and the amount of work that has to be 

done in order to the area fixed.The IoT-based method involved the use of a set of voltage dividers that were 

installed on the cable to find the fault. In the case of a fault due to a short circuit between two cables, a voltage 

is produced, which is recorded by the ESP32 microcontroller. This microcontroller sends the location of the fault 

in kilometers to the user. The information collected is shown on a liquid crystal display (LCD) and is sent online 

through a Wi-Fi module to the Blynk cloud database for storage and further processing. 
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B.Karuna Sree et al[4]. have come up with a fault detection system which is monitoring the current that 

the underground cables pass through, to be able to detect faults. Every cable is given a maximum current value, 

thus in the case of a short circuit the current will be skyrocketing and if there is a break in the circuit the current 

will be zero. Current transformers get the current; it is then changed into a voltage signal that the Arduino reads. 

The Arduino is the one that receives and processes the data thus making the fault identification visible on the 

LCD and LEDs. Besides this, the system employs relays which are used for changing the power supply from the 

faulty phase to the one that is healthy, thus a continuous power supply can be achieved by the users. In addition, 

there is a manual fault-clearing switch that enables the operator to reset the system after the repair work is done. 

 

Shingrut et al[5] have explained in their paper about a project, which is designed to identify the distance 

of the underground fault cable in kilometres from the base station and the same is displayed over the internet. 

An underground cable system is a standard practice in most major metro cities areas. When a fault occurs, at that 

particular moment the repairing process of that cable is hard because the fault’s exact location is unknown in the 

cable. It is a new technology that can accurately locate the fault and at the same time a GSM module is used to 

send graphical data to the website and also a display is given on the LCD screen.  

 

Harikrishna et al[6].have explained in their paper about a project that underground cables are frequently 

damaged due to various environmental factors and the attack by rodents. The locating of the fault precisely in a 

cable is usually a very difficult process. As a result, large parts of the cable have to be dug up, which not only 

takes a lot of time but also a considerable amount of money is wasted. Besides that, there are different methods 

like sectionalizing, thumping, and the Murray loop. However, these methods are generally slow and expensive. 

The authors decided to develop an IoT-based underground cable fault detection system which can not only locate 

the fault remotely but also be able to save the time and the resources by the way of allowing the repair to rest 

only on the exact faulty area. 

 

Rakesh et al[7] introduced a method based on Ohm’s Law for the identification of faults in underground 

cables. Local current changes when a short circuit is the source of the fault, at the feeder end, consequently. 

Reading this via its Analog-to-Digital Converter (ADC), an Arduino captures these current variations by voltage 

measurement across a resistor. The system, using this information, figures the fault point and shows on an LCD 

how many kilometers from the base station the fault is. The device represents the cable with resistors for different 

lengths, and the fault switches are installed at the certain distance to simulate the faults for the fault distance to 

be detected accurately.  

  

Esha Lohar et al[8]. developed the technology for identifying faults in underground cables which are 

generally laid in cities to avoid weather-related damages. They employ Ohm’s Law in their method: the current 

varies if a short circuit location is found when a low DC voltage is applied. An Arduino microcontroller through 

an ADC reads the current changes, resistors representing the lengths of the cables in kilometers. The faults have 

been caused by the use of switches, and a relay exciter IC manages the test. The 16x2 LCD display can be used 

to find out the exact location of the fault and help messages with the description of the fault type and distance 

are sent via GSM to the base station. In case the fault occurs, a buzzer will immediately sound to alert the field 

workers for further actions.  

 

Prabha et al[9]. designed a system based on IoT to track the exact location of the fault in underground 

cables from a base station with the help of Arduino. Essentially, the system uses Ohm’s Law in which the current 

varies according to the fault’s position in the cable. As most urban areas have underground cables, it is extremely 

necessary to locate the faults in a short time in order to carry out the repair work on time. Arduino, which is the 

system’s central processing unit, receives the data from the sensors and a fault is detected by the use of the 

resistor network when the two lines are cut. The fault details are then posted on the net for the police to have a 

quick and easy access.  

 

Divya Sugathan et al[10] explains the usage of resistors to simulate the length of the cable in kilometers 

as well as switches to represent the faults at known locations in this document. Generally, underground cables 

that are extensively installed in areas such as hospitals, roads, and educational institutions are more reliable than 

overhead wires since they are less exposed to harsh weather and pollution. But, finding the faults in the 

underground cables that cannot be seen is a big problem. The most frequent faults are short circuits, open circuits, 
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and earth faults, while open circuits are resulted from the breakdown of the conductor. Their project is to be able 

to pinpoint the fault locations with accuracy to make the fault fixing process easier.  
 

4. CONCLUSION 
  

IoT-based systems for identifying underground cable faults offer a novel, efficient, and reliable method for 

overseeing and maintaining electrical networks. These systems utilize sensors, microcontrollers, and IoT 

connectivity to notify teams in real-time about faults (such as short circuits or line-toground faults), pinpoint the 

fault along the cable’s length, and relay that information to a maintenance crew remotely. This will minimize 

downtime, decrease labor costs, and improve system dependability.The setup of  IoT systems enables ongoing 

monitoring, data logging, and analysis that improve predictive maintenance and avert catastrophic failures. 

Despite challenges such as sensor accuracy, environmental factors, and communication reliability, advancements 

in IoT technology will enhance characteristics like precision and scalability. In summary, IoT solutions for 

detecting underground cables provide a significant advancement for a SMART or automated electrical 

distribution system. Additionally, monitoring based on IoT enables predictive maintenance by examining past 

fault data, identifying patterns, and forecasting a cable failure prior to its occurrence. An anticipatory work 

process minimizes unforeseen disruptions, boosts service reliability, and optimizes resource distribution for 

utility companies. Monitoring through IoT enhances safety by reducing the necessity for manual inspections in 

hazardous locations, such as underground facilities or areas with high voltage. Upcoming advancements could 

involve the adoption of cutting-edge technologies like a machine-learning algorithm for identifying faults, a 

wireless sensor network for remote regions, and cloud data analytics to enhance decision-making processes. 

Additional options for enhancing system sustainability involve energy-efficient and self-sustaining sensors. With 

these advancements, IoT driven underground cable fault identification systems may turn into a vital component 

of smart grid infrastructures to enhance the resilience, intelligence, and automation of power distribution network. 
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Abstract.  
 
Precise downlink Channel State Information (CSI) estimation in Frequency Division 

Duplexing (FDD) massive MIMO systems is still a fundamental challenge because of the 

absence of channel reciprocity and excessive feedback overhead. In this work, four leading 

strategies MMSE, Autoencoder- based SAE, Adversarial SAE, and Meta-Learning are 

analyzed and compared in terms of performance for effective downlink CSI prediction based 

on uplink observations. Simulation results confirm that although MMSE is a good baseline, 

deep learning models greatly surpass it in terms of accuracy and versatility, especially when 

there are changing conditions and the data is not much available. Among them, Meta-

Learning performs the least Normalized Mean Squared Error (NMSE) and delay with 

different SNRs, frequency offsets, and antenna numbers with superior generalization and 

rapid convergence. Adversarial SAE demonstrates strong performance under low-SNR 

conditions, whereas Autoencoder SAE performs well with data-efficient training. These 

results emphasize the engineering potential of learning-based CSI predictors, particularly 

Meta-Learning, for scalable and robust 5G and beyond wireless networks. 

Keywords. Channel state information (CSI), frequency division duplexing (FDD), MMSE, 

autoencoder-based SAE, Adversarial SAE, Meta-Learning. 

1. INTRODUCTION 

Massive MIMO (Multiple Input Multiple Output) systems have become an essential 

component of modern wireless communication, particularly in supporting the high data rates 

and reliability demands of 5G and beyond. Among the two main duplexing modes—Time 

Division Duplexing (TDD) and Frequency Division Duplexing (FDD)—FDD poses a 

greater challenge when it comes to acquiring downlink Channel State creates a practical 

bottleneck for real-time and large-scale implementation of deep learning-based CSI 

prediction methods [1-3]. This paper aims to address this challenge by exploring the use of 

Deep Transfer Learning (DTL) for downlink channel prediction in FDD massive MIMO 

systems. DTL enables models to transfer knowledge learned from one environment to 

another, reducing the need for extensive labelled data in new scenarios. This work 



 

 

2 

investigates two approaches, direct transfer learning and meta-learning. These methods are 

designed to adapt efficiently with minimal training in unfamiliar settings. By comparing 

their performance through simulations in realistic wireless scenarios, this study highlights 

the effectiveness of DTL, especially meta learning, in achieving accurate and efficient CSI 

prediction. The insights gained here contribute to the development of more intelligent and 

adaptive wireless communication systems. 

2. DESIGN APPROACH 

We consider a Frequency Division Duplexing (FDD) based massive MIMO system, where 

the Base Station (BS) is equipped with 128 antennas arranged in a Uniform Linear Array 

(ULA). The BS serves multiple single-antenna users, randomly distributed across K spatial 

regions [4]. Users within the same region experience similar propagation environments. 

Figure 2.1 demonstrates the system model where Bk denotes the set of users in the k-

th region, where k = 1, 2,.., K. 

 
 

Fig. 1. System model showing a base station with 128 ULA antennas serving multiple user 

blocks. 

 

2.1. Neural Approximation of Uplink–Downlink Channel Correlation 

In massive MIMO systems equipped with 128 antennas, the uplink and downlink channel 

state information (CSI) for a single user often share similar propagation paths. This physical 

correlation implies the existence of a deterministic mapping between the uplink and 

downlink channels, particularly when the spatial position-to-channel mapping is bijective. 

Although this mapping lacks an explicit mathematical form, it can be efficiently modelled 

using deep learning techniques [5]. A fully connected neural network (FNN) with one input 

layer, one hidden layer comprising N neurons, and one output layer is considered. The 

network, represented as NETN (x, Ω), maps input x (real-valued uplink CSI) to the output 

using learnable parameters Ω. 
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Due to the complex nature of CSI, an isomorphic mapping ξ is introduced to convert 

complex vectors into real-valued space: 

ξ(z) = [Re(z), Im(z)] ∈ R2M         (2.1) 

The inverse mapping ξ−1 restores the original complex format. Based on the universal 

approximation theorem, such an FNN can approximate any continuous mapping, including 

uplink-to-downlink CSI conversion with arbitrary precision, provided that N is sufficiently 

large. This provides a strong theoretical basis for learning-based CSI prediction [6]. 

2.2. Domain and Task Representation in Transfer Learning Context 

In practical scenarios, users operate in varied radio environments, referred to here as regions 

or domains, each characterised by distinct uplink channel distributions. Let the domain in 

the kth region be defined by the input space and the corresponding marginal distribution of 

the uplink CSI. The objective or task in each domain is to infer downlink CSI based on the 

observed uplink CSI. The mapping function trained within a domain reflects the statistical 

and physical characteristics of that region and may be understood as either a deterministic 

function or a conditional probability distribution. To utilize data across such diverse 

domains, transfer learning becomes a natural fit. The central idea is to enhance learning in a 

target domain with limited labelled samples by transferring knowledge from one or more 

source domains where training data are abundant. This transfer can occur across similar or 

dissimilar feature distributions or label mappings [7]. In our use case, even though the 

domains differ (due to different regional conditions), the task of downlink prediction 

remains consistent, allowing knowledge transfer under a task-shared, domain-varied 

framework. 

2.3. Transfer Learning in Deep Neural Networks for CSI Prediction 

When deep learning models are used to carry out the transfer process, the resulting 

framework is known as Deep Transfer Learning (DTL) [8-12]. In our formulation, each 

radio environment defines a unique transfer learning task predicting downlink CSI from 

uplink observations, making the overall problem multi-source, single target in nature. The 

non-linear expressiveness of deep networks makes them ideal for transferring abstract 

features learned from source domains to the target. Therefore, downlink channel prediction 

in 128-antenna massive MIMO, with domain diversity across user environments, is well-

formulated as a DTL problem. 

2.4. Evaluating Transferability and Introducing Meta-Learning 

Before employing transfer learning methods, two key considerations arise: (1) When is 

transfer needed and (2) What is the best way to perform transfer. If the target and source 

domains are highly correlated, a well-trained deep model may generalize sufficiently 

without fine-tuning. In such cases, standard supervised deep learning serves as a reliable 

base- line. However, when the target domain lacks sufficient labelled data, naive transfer 

approaches such as pre-training on source data followed by fine-tuning may result in 

overfitting. To address this, we look toward meta-learning, particularly model-agnostic 

meta-learning (MAML), which is designed for rapid adaptation in few-shot settings. By 

training a model to quickly generalize 23(k) across tasks, meta-learning offers a promising 

solution for enhancing CSI prediction performance in resource constraint domains. 
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3. RESULT AND ANALYSIS 

The results in figure 3.1 show that deep learning based models consistently outperform the 

MMSE baseline across varying SNRs, with lower delay, BER, and NMSE. Meta-Learning 

SAE achieves the lowest NMSE under changing SNR, frequency differences, sample sizes, 

gradient steps, and antenna configurations. Adversarial SAE and Autoencoder also improve 

performance over MMSE, specially in low-SNR conditions. Overall, learned representations 

provide more robust and scalable CSI prediction compared to traditional methods. In low-

SNR conditions, Meta-Learning SAE shows the minimum delay compared to MMSE and 

other deep learning- based models. As SNR goes higher, all models tend to converge, but 

learning-based models consistently minimize delay more efficiently. This shows the better 

adaptability of Meta- Learning and Adversarial SAE in different channel conditions for 

downlink CSI prediction. 

 

Figure 3.1. Performance evaluation of different deep learning models. 

4. CONCLUSION 

This paper provides performance comparison of four CSI estimation techniques, MMSE, 

Autoencoder, Adversarial SAE, and Meta-Learning, under different system conditions. In 

all cases, Meta-Learning exhibited the lowest NMSE, proving to be more adaptable, efficient 

in terms of data, and scalable. It performed better than other models in scenarios of high 

frequency variability, scarce sample availability, few gradient steps, and growing antenna 
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numbers. Adversarial SAE proved to be robust as well, while Autoencoder provided 

moderate performance. MMSE, although easy and analytically based, was not flexible or 

generalizable. These findings highlight Meta-Learning as the strongest candidate for strong, 

efficient CSI estimation in evolving wireless environments and recommend its incorporation 

in future 5G/6G networks and encouraging deeper investigation of real-time, online, and 

reinforcement learning extensions. 
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Abstract.  
 

Falls are a major source of injury and loss of independence for the elderly and individuals 

with visual impairments. Assistive devices with real time user safety monitoring are now 

possible thanks to recent advancements in inexpensive sensors and Internet of Things (IoT) 

technologies. This study suggests a smart walking stick that integrates an accelerometer, 

gyroscope, ultrasonic sensors, GPS, and a GSM based alert system to detect falls, identify 

nearby obstacles, and transmit the user’s current location in an emergency. Experimental 

evaluation shows that the proposed system can reliably detect barriers, identify fall incidents, 

and transmit emergency alerts quickly. . 

Keywords. Accelerometer, gyroscope, GPS tracking, machine learning, smart walking 

stick, fall detection, emergency alarm system, ultrasonic sensor, IoT, assistive technology. 

 

1. INTRODUCTION 

Falls are a leading cause of injury, hospitalization, and long term disability among the elderly 

and visually impaired [1]. As mobility decreases with age, the risk of slipping, losing one’s 

balance, or losing the ability to cry for help rises sharply [2]. Traditional walking sticks only 

provide physical aid they cannot recognize impediments, detect falls, or alert caregivers in 

an emergency. When elderly users fall, they are often left alone, which might cause a delayed 

reaction and major health consequences [3].  

The development of assistive technology that continuously assesses user safety has been 

made possible by advances in the Internet of Things, inexpensive sensors, and embedded 

systems. Wearable technology incorporates a variety of sensors, such as accelerometers, 

gyroscopes, ultrasonic modules, GPS, and wireless communication platforms, to track 
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movement patterns in real time and identify impediments with simultaneous location sharing 

[4], [5].  

2.  LITERATURE REVIEW 

2.1.  Acceleration Based Wearable Fall Detection 

Early fall detection systems often used tri axial accelerometers together with simple 

threshold based criteria to differentiate falls from activities of daily living. These devices 

monitored sudden changes in acceleration and body orientation to identify impact related 

occurrences [1].  

2.2. Safety Features and Ultrasonic Smart Walking Sticks 

Advances in the design of assistive mobility equipment now enable visually impaired 

persons to negotiate their environment in a safer manner. These devices, typically, provide 

vibration or audible feedback when an obstacle is detected by the ultrasonic sensors [3]. 

 

3.  METHODOLOGY 

3.1. Data Collection and Preprocessing 

The smart walking stick contains a set of sensors that will continuously measure the user’s 

movement and ambient environment. A triaxial accelerometer and gyroscope capture 

motion data, while ultrasonic sensors detect obstacles near the user. The GPS module sends 

real time location data to caregivers in the event of an emergency. Raw accelerometer and 

gyroscope data often have noise associated with hand tremors, uneven walking surfaces, or 

sudden movements.   

3.2. Machine Learning Models 
In this paper, using motion data, lightweight machine learning algorithms were explored to 

classify fall and non fall activities.  

3.3. Navigation and Alert Support 

When a fall is detected, the system sends an alert with the GPS locations of the user instantly 

to pre registered caregivers via GSM. Ultrasound based obstacle detection runs in 

continuous mode and notifies the user through vibration or aural cues when an object is 

detected within a pre set range. In this way, it enhances both safety and navigation support. 

 

Figure 1. Workflow Diagram 

4.  RESULTS 
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4.1. Performance of Fall Detection  

This system achieved an accuracy of 91.5 using only threshold based criteria, but there were 

more false alerts during fast ADLs such as sprinting and stair climbing. Then, the machine 

learning classifier improved overall performance with an accuracy of 96.2, 97.1 sensitivity, 

and 95.3 specificity.  

4.2. GPS and Alert Delivery  

GPS tests showed that the average position accuracy was 6.8 m in semi blocked and 3.5 m 

in open environment conditions. The SIM800L GSM module was used for the delivery of 

emergency alerts.  

4.3. Obstacle Detection and User Feedback  

Ultrasonic sensors performed well within a range of 2m. with an accuracy of 93.2 for minor 

objects and 98.7 for bigger obstacles. 

 

Figure 2. Smart Walking Aid Prototype 

 

Figure 3. Real Time Alert Monitoring Dashboard 

5.  CONCLUSION 

The proposed smart stick (an IoT based smart walking cane) combines the functions of real 

time monitoring, GPS based alerts, obstacle detection and fall detection. Test results indicate 

that fusing two or more detection methodologies into one combined approach for fall 

detection decreases false alarms while maximizing accuracy, sensitivity and specificity. 

Additionally user feedback suggests that the ultrasonic based obstacle detection provided 

reliable results both indoors and out and gave users greater confidence and ease of use than 

with a conventional cane. With the GPS and alerts capabilities of the system, there is a means 
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of quick and effective emergency response, thereby making it a viable solution for elderly 

and visually impaired care. 
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Abstract 

This drive for the use of renewable resources for meeting energy demands mandates that individuals are equipped with an 

effective means to acquire information on, as well as compare, the applications of the various types of energy generation 

technologies to identify the economically most feasible technique. The case study described below has been pursued with the 

aim of developing a tool for measuring real-time acquisition of data on energy use and costs associated with not only 

conventional electric power suppliers from the electric power grid, but also with solar electric systems, measuring system 

performance, as well as providing a means for comparing energy use and cost information of the two systems. Indeed, a 

comparative analysis provides a simple means with which the performance differences, available use, and economic feasibility 

of the two energy generation technologies can readily be identified. This research work may identify potential strengths in the 

use of solar energy, given that it identifies potential inefficiencies in the generation of solar energy, as it clearly provides a 

solid justification for making decisions based on available scientific informational needs for energy management. The result 

of such a comparative analysis provides significant utility to individuals, businesses, as well as government policy makers, in 

identifying more cost-effective, as well as more feasible, means of energy production that are environmentally less damaging. 

Keywords: Grid Energy, Solar Panel Energy, Sustainable Energy, Cost Analysis, Energy Efficiency. 

1. Introduction  

The increase in global energy consumption has placed enormous pressure on the infrastructure that generates and distributes 

electricity. Most electrical power consumed is derived from conventional forms of power generation that rely heavily on fossi l 

fuels such as coal, oil, and natural gas (fuels). In addition to the increase in fuel prices, the instability of tariff structures, and 

the negative health and environmental impacts related to greenhouse gas emissions means that grid-based power will be 

negatively impacted in the long-term. Thus, alternative forms of energy, such as solar energy, other renewable forms of energy 

- as opposed to fossil fuels - are likely to be used more pervasively because they are a clean, renewable, and low-cost method 

of generating electrical energy. The decline in the cost associated with photovoltaic technology and government incentives 

associated with the use of solar technology have led to an increase in the use of this source of energy in commercial and 

residential/industrial applications. 
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2. Design Overview 

The system aims to offer a real-time, easy-to-understand comparison between grid electricity use and solar PV energy 

production. The display unit tracks how much electricity is taken from the grid and how much comes from the solar installation. 

This helps users see their energy mix clearly. By calculating the cost of grid electricity and comparing it with the actual cost 

of solar energy, the system shows the difference in operating costs and highlights the resulting savings. 

 Components  

A. Energy Measuring Devices 

1. Solar Energy Meter 

 Tracks solar energy usage in kilowatt-hours, volts, amps, and watts over time. 

 Communicates with the ESP Energy Sensor. 

2. Grid Energy Meter 

 Tracks energy consumed from the grid and produced by or sent back to it. 

 Communicates with the ESP Energy Sensor. 

B. Power Supply Block 

 5V or 12V regulated supply for the controller and display. 

  Isolated supply for communication with meters, by ensuring safety. 

C. Power Electronics 

1.  Buck-Boost Converters 

 Using switching and energy storage components (such as inductors, diodes, capacitors, and transistors), buck converters step 

down (or reduce) a high DC voltage, such as 12 volts, to a lower value (such as 5 volts). 

2. Voltage Sensor 

A voltage sensor is an electronic component that detects, measures, and monitors voltages within a system (AC or DC). Voltage 

sensors have numerous uses within an electrical and embedded system. 

D. Solar Panels 

The photovoltaic cells, also known as PV cells, are used for the conversion of solar energy into electricity. The PV cells are 

used in photovoltaic panels, which are commonly known as PV panels. The use of photovoltaic cells has increased over the 

past decades, with the application involving the conversion of sunlight into electricity. There are several applications of solar 

photovoltaic cells, including household use, business purposes, and commercial use, particularly in power plants that are par t 

of solar farms. The use of solar photovoltaic cells has been on the increase, resulting from improvements in efficiency and a 

decline in price. 

E. LCD Display 

Users can visually view energy flow and electricity costs from both the Utility and Solar Power through an LCD Interface, on 

which they are presented in real time. The LCD interface serves as the User's Interface, and displays the information in an 



easy-to-view format, allowing users to see how much electricity is coming from the Utility and how much energy is being 

generated or being paid for by Solar Power. 

 Information on the LCD interface may include amounts of kWh consumed, power used at that moment, cost of energy from 

the Utility (cost per kWh), Effective Cost per kWh for Solar Energy, and the Financial Saving Achieved. By providing users 

with this information, users are able to quickly calculate the performance of and savings gained from their energy management 

efforts, through either Utility Energy Management or Solar Energy Management, or both. 

3. Functional Workflow 

                                        

 

Step 1: Data Acquisition 

The solar and grid meters send the controller real-time values of V, I, P, and kWh. 

Step 2: Computation of Cost 

Grid cost = kWh × tariff 

Solar cost = (kWh × LCOE)  

Step 3: Displaying Data 

Live flow of power 

Solar vs grid kWh 

Difference in cost 

 

 



 

Step 4: Logging & Alerts (Optional) 

Logs energy and cost data. 

Alerts for: Grid outage 

Low production of solar power, High Grid utilisation 

       

4. Environmental Impact 

Decrease in Emissions of Greenhouse Gases 

Solar energy decreases dependence on fossil fuel electricity derived from the power grid. This will decrease CO₂ and other 

greenhouse gas emissions. 

Improvement in Air Quality 

Less coal and other fuels that are burned means there are fewer air pollutants like SO₂, NOx, and particles. 

Decreased Carbon Footprint 

By using solar energy, a home or business has a smaller carbon footprint overall than if it used electricity from fossil fuels. 

Support for Increasing Energy Efficiency 

Monitoring energy usage in real-time encourages users to make reductions to their usage of energy that is not needed, thus 

reducing waste. 

Reduced Reliance on Non-Renewable Energy Sources 

Solar power is renewable, hence reducing demands on limited fossil fuel resources. 

Support for Climate Change Mitigation 

The use of clean energy reduces global warming and contributes to reducing climate change. 

Promotion of Sustainable Energy Use 

The monitoring unit allows users to see how much solar energy versus grid energy is used in order to encourage most users to 

use renewable energy. 

5. Conclusion 

Cost analysis indicates that though the initial investment in solar power is higher, it generally provides greater long-term 

savings than grid electricity, particularly with rising tariffs every year. Rebates and net-metering kinds of incentives have 

increased the payback period and overall financial return for solar. Solar contributes to environmental benefits in emission 

reduction and lower dependence on fossil fuels. However, this advantage looks dim in the case of immediately installed solar 

power if there is either a low grid price or poor sunlight or a deficiency in incentives within the area. Adding battery storage 

adds value, but also ups the upfront system cost and complexity. Overall, the choice between solar and grid power depends 

upon the balance struck between an upfront cost, long-term savings, environmental priorities, and conditions prevailing locally. 
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Abstract. 

Health care services are about to get a new face with the emergence of medical drone 

delivery services. These drones transport medications, vaccine, and blood to rural areas 

with unmatched promptness and efficiency. Moreover, these drones minimize human 

interaction, ensuring both timely delivery of medicines and low costs. When it comes to 

dealing with a pandemic situation, medical drones could be a better option for the delivery 

of medicines while adding enhanced effectiveness to emergency patient services, 

eventually saving thousands of lives. Rather than dealing with traffic or difficult terrain 

issues, medical delivery services through drones ensure that patients in underserved areas 

get direct access to medicines from urban health care systems. This significantly impacts 

health care accessibility while hinting at a brighter future that is rapid and technology-

based. Pharmaceutical delivery by drones is more of a need than a solution. These services 

contribute significantly to ensuring that better health care systems are established with 

equity. While overcoming the challenges of time, space, and infrastructure, health care 

technology through drones offers hope for saving lives in emergency situations, eventually 

changing the perception of the global community with regard to the availability of health 

care services.. It aims to set a new standard of care that is quick and reliable. However, we 

need regulations for delivering medications and other supplies to fully realize the potential 

of drones for global health. 

Keywords.medical drones, healthcare logistics, UAVs, emergency response, remote 

access, healthcare innovation, global health. 

1. INTRODUCTION 

Logistics and transportation are one of the most fast-evolving sectors in modern times, and 

autonomous delivery drones-or UAVs-play a vital role in ensuring efficient and flexible 

delivery. Conventional methods on the ground suffer from a number of disadvantages due 

to growing traffic congestion and geographical factors. Finding an alternative for fast, 

reliable, and sustainable last-mile delivery has become necessary. Lightweight delivery 

drones offer a revolutionary substitute, bypassing traffic and accessing difficult terrain to 

transport critical lightweight payloads such as medical supplies, documents, and 

commercial goods[1]. 

mailto:darshangadi07@gmail.com
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Drones have a strong impact on healthcare logistics by delivering medications and blood 

to the most rural and/or underserved regions, therefore improving emergency response and 

saving lives. The other crucial usage of drones would be in general logistics, where they 

reduce delivery times and lower carbon emissions compared to fuel-based vehicles. The 

workflow for such operations is guided through GPS and involves some other key security 

features like digital locker access codes, especially in non-emergency situations[2]. 

But these have several drawbacks, with short battery life, restricted payload, very 

susceptible to weather conditions such as strong winds, and regulatory challenges 

regarding airspace. 

The paper was aimed at reviewing autonomous drone technology for lightweight payload 

delivery. The focus is on hardware, navigation algorithms, and payload handling systems, 

with benchmarking done on a number of existing systems for performance, power 

efficiency, and operational feasibility. Thus, it addresses the growing pressures for 

efficient, reliable, and sustainable delivery, with the positioning of UAVs as a critical 

enabling component for logistics systems in the future[3]. 

2. METHODOLOGY OF WORK FLOW 

 

 

 

Fig.2.1 

The approach makes use of the quadcopter delivery system, which is designed for fast, 

safe, and efficient transportation of medical supplies over both urban and rural areas. The 

operational workflow of the approach is presented below and is shown in the figure. 

A. Workflow Initiation and Dispatch 
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B. The process starts with a request of urgency for medical supplies: 

1. Call/Order: The process is initiated through an emergency call at a designated drone 

station, such as a hospital in an urban setting, or a request via an online web portal, such as 

a patient submitting a prescription in a rural setting. 

2.Verify Request (Verify Req.): This confirms the medical need or prescription. 

3. Load Drone: The quadcopter is loaded with the appropriate medical payload. 

4. Dispatcher - Dispatch: This is where the drone is sent on its mission. 

 B. Navigation and Safety Policy 

The drone uses GPS navigation and follows a protocol that changes based on the priority 

of the delivery: 

GPS Navigation: The GPS in the drone system provides greater accuracy for the flights to 

their final destination. 

Decision Point (Emergency vs. Non-Emergency): 

 Emergency: In the immediate urban response context, this security step is bypassed for 

the fastest possible deployment and delivery of time-critical cargo. 

Non-Emergency: For scheduled or non-critical deliveries-frequently in rural settings-an 

added security measure is implemented by using a digital locker in the payload 

compartment. 

• Access Code Verification - Access Code?: On non-emergency missions, authentication is 

needed from the receiver's end. For this, an access code is forwarded to the end-user via 

SMS or email, which the recipient needs to use to gain access to the digital locker. 

C. Delivery and Completion of Mission 

Deliver/Collect: The point of arrival itself, the drone achieves its main purpose, which 

may be delivering the payload to the end-user or collecting samples for return and 

analysis. 

Return Base: This involves the quadcopter making its way independently back to a base 

station after the completion of delivery or collection. 

The structured workflow guarantees quick response time, security due to verification, and 

efficiency in serving all healthcare needs, whether scheduled or even due to emergencies.. 
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Abstract.  

The ai of in search infrastructure has educational platforms the simple keyword based into 

systems that context, personalized learning. This review surveys contemporary AI-driven 

search solutions, with emphasis on how large models, adaptive tutoring, and multimodal 

retrieval being used to learner engagement. indicates that systems which combine tailored 

feedback, dynamically adjusted paths, and intelligent formative tend to improve retention 

and learning gains. Architectures that blend powered query interpretation with conventional 

retrieval commonly outperform older, single-approach systems. implementations for 

example, that pair ocr with AI to produce explanations for problem-solving demonstrate the 

approach at scale., challenges remain: transparency of model decisions, bias in algorithmic 

outputs, heavy compute requirements, and  factual errors in generated materials. This paper 

synthesizes recent studies to benefits, constraints, and promising directions for future work 

on AI-enabled search in education.Keywords. AI-Based Search,, Vector Search, rag, E 

Learning, Educational Technology 

Keywords. AI-Based Search, Machine Learning (ML, Vector Search, Retrieval-Augmented 

Generation (RAG), E-Learning, Educational Technology 

1. INTRODUCTION 

The infusion of Artificial Intelligence (AI) into search technology has catalysed a major 

transformation in educational platforms, redefining how students access and process 

information. Traditional look-up methods often struggle to meet the diverse and dynamic 

needs of modern learners, frequently resulting in inefficient information retrieval and a "one-

size-fits-all" learning experience that lacks personalization. By contrast, AI-driven search 

engines utilize sophisticated nlp and ml algorithms to deliver results that are not only 

accurate but also contextually aware. 

These intelligent systems go beyond mere efficiency; they actively adapt to individual 

learning styles and progress, creating a educational environment. This paper reviews recent 

advancements in this domain, evaluating their impact on student outcomes while critically 

assessing the challenges of implementation. 
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Efficient search mechanisms are particularly critical when managing large-scale data in 

domains like the iot and education. Novel approaches, such as the "address-to-data" search 

algorithm, have been proposed to replace traditional Look Up Table (LUT) methods. By 

inverting the standard retrieval process, this method minimizes power consumption while 

maximizing speed. Unlike Content Addressable Memory (CAM) systems, which are power-

intensive, this zero-based probability approach effectively manages address collisions. 

While originally designed for IoT, these high-speed offer significant promise for educational 

platforms where balancing computational load with rapid response times is essential for 

adaptive 

2. IMPLEMENTATION AND ARCHITECTURE 

 

Figure 2.1. Vector embeddings and similarity diagram flow [18, 19] 

Our proposed system moves beyond standard keyword matching by implementing a hybrid 

search architecture. We combine the precision of full-text search with the semantic 

understanding of vector-based AI models. The core of this implementation relies on 
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TensorFlow.js, allowing us to run efficient, low-latency inference directly in the browser 

or on edge-based servers without heavy backend dependencies. 

2.1 System Architecture Overview The architecture is designed as a dual-pipeline system. 

The first pipeline handles traditional lexical queries (exact matches), while the second 

manages semantic retrieval using high-dimensional vector embeddings. 

• Input Layer: Captures the user's raw query. 

• Processing Layer: The is simultaneously tokenized for full-text search and 

converted into a vector embedding for semantic search. 

This hybrid approach ensures that we catch both exact phrasing and conceptually related 

content, a necessity grounded in recent findings on dense retrieval stability 

2.2 Mathematical Model: Cosine Similarity 

To measure the relationship between the user's query and our stored documents, we rely on 

Cosine for text compared to Euclidean distance because it measures than their magnitude. 

This means a long document and a short about the same will still be recognized as similar. 

The mathematical formulation we implemented is: 

 

Where: 

• A is the vector representation of the user query. 

• B is the precomputed vector of a stored document. 

This approach allows our system to find "nearest neighbors" in the vector space, effectively 

surfacing content that matches the intent of the searcher, not just their specific words. This 

method is widely supported in high-throughput retrieval research. 

 

3. Methodologies 

This survey synthesizes methodological advances across four interlocking stages: 

3.1. Dataset Curation and Pre-processing Development begins by assembling 

heterogeneous corpora. This involves combining domain-specific artifacts (like scientific 

papers or biological datasets) with general web collections. Pre-processing pipelines must 

standardize cleaning and tokenization while preserving metadata to support hybrid retrieval. 

Augmentation strategies, such as paraphrasing and contrastive embedding injection, are 

critical for enriching low-resource classes. 

3.2. Representation and Index Construction The core representation relies on dense 

vector encodings generated by transformer-based models. Training often uses supervised 
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contrastive losses to refine discrimination capability. To manage latency, indexing leverages 

approximate neares structures like HNSW or Inverted File, often combined with Product to 

reduce memory footprints. For imbalanced collections, specialized partitioning strategies 

are employed to rebalance the search space. 

4. Quantitative Analysis of Parameters 

A summary of key parameters from the reviewed literature is presented below: 

• Shao et al. (QAEA-DR): Focuses on text-level augmentation strategies and quality 

estimation scoring to train dense retrievers. 

• Chen et al.: Integrates LLM-based query expansion, optimizing for expansion 

length and prompt design to improve recall. 

• Bandam et al. (RAG): Couples retrieval and generation loops tightly, using context 

shaping to improve relevance. 

• Rao et al.: Optimizes vector search for edge devices using quantization, pruning, 

and memory-aware indexing. 

• Park et al. (NeuVSA): uses a specific accelerator microarchitecture to optimize 

throughput and latency for neural search. 

• Huang et al. (VISTA): Addresses imbalanced collections through imbalance-aware 

partitioning and search tuning. 

• Wu et al.: Employs bio-inspired approximate search algorithms to maximize 

throughput. 

 

5. Conclusion 

The AI into educational platforms marks a shift from traditional search methods to a more 

dynamic, personalized, and efficient learning experience. This review has highlighted how 

AI-powered search engines, supported by novel algorithms and deep learning techniques, 

are not just enhancing information retrieval but are actively shaping the entire educational 

ecosystem.  

Looking ahead, in education is defined by its potential to create intelligent, responsive, and 

holistic learning environments. As we continue to develop more for efficient data retrieval 

and combat bias through semantic analysis, AI tools will become even more integral to 

personalized learning paths. The successful integration of these technologies depends on a 

approach that prioritizes oversight and continuous evaluation. Ultimately, the goal is not to 

replace human educators but to augment their capabilities and empower learners with tools 

that are scalable and supportive. 
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Abstract.  

 

Fault detection in low voltage transmission lines is essential for ensuring reliable power 

supply, protecting equipment, and maintaining system safety. Low voltage networks are 

more prone to faults such as short circuits, open circuits, grounding faults, and 

environmental disturbances. This review paper presents a comprehensive study of fault 

detection systems used in low voltage transmission lines, with a primary focus on relay-

based protection techniques. Various types of relays, including electromechanical, 

electromagnetic, digital, and intelligent relays, are discussed along with their operating 

principles and performance characteristics. The paper also reviews recent advancements 

that integrate sensors, microcontrollers, communication modules, and artificial intelligence 

techniques for accurate and fast fault identification. Key challenges such as sensitivity, 

selectivity, speed of response, compatibility with existing infrastructure, and cost 

constraints are analyzed. Finally, the review highlights future research directions aimed at 

improving fault detection accuracy, system reliability, and lineman safety in modern 

power distribution networks.. 

Keywords. Fault detection, Low voltage transmission lines, Protective relays, Relay-based 

protection, Power distribution systems, Sensor-based monitoring, GSM communication, 

Artificial intelligence, ANFIS, Power system reliability. 

1. INTRODUCTION 

Fault detection plays a vital role in the safe and efficient operation of electrical power 

systems. Low voltage transmission lines form an important part of the power distribution 

network and are directly connected to consumers. Due to their wide geographical spread 

and exposure to environmental conditions, these lines are highly susceptible to faults such 

as short circuits, line breaks, overloads, and insulation failures. If such faults are not 

detected and isolated quickly, they can lead to equipment damage, power interruptions, 

and safety hazards for maintenance personnel[1]. 

With recent technological advancements, relay-based systems have evolved by 

incorporating digital processing, sensors, wireless communication, and artificial 
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intelligence techniques. These modern approaches enable real-time monitoring, remote 

fault reporting, and improved fault classification. This review paper focuses on analyzing 

existing relay-based fault detection methods, their challenges, and recent developments, 

with the aim of providing insights into building more reliable and intelligent low voltage 

fault detection systems[2]. 

2. METHODOLOGY OF WORK FLOW 

 

Fig.2.1 

This review paper adopts a systematic survey methodology to analyze fault detection 

systems used in low voltage transmission lines. The study primarily focuses on relay-based 

fault detection techniques and their integration with modern hardware and software 

technologies. A detailed review of published research papers, conference articles, and 

technical reports was carried out to understand different fault detection approaches and 

their performance. 

The methodology involves classifying fault detection systems based on sensing 

techniques, relay types, communication methods, and data processing approaches. Systems 

using current, voltage, temperature, flame, and smoke sensors are examined to understand 

how physical and electrical faults are detected. Microcontroller-based platforms such as 

Arduino and NodeMCU are reviewed for local processing, while GSM, Wi-Fi, and LoRa 

technologies are analyzed for real-time fault communication and remote monitoring. 

Advanced signal processing techniques such as wavelet transform and Fourier analysis are 

studied for feature extraction from voltage and current signals. The review also covers 

intelligent fault detection methods using artificial neural networks, ANFIS, SVM, and 

time-series models like LSTM and ARIMA for fault classification and prediction. 

Comparative analysis is performed based on accuracy, response time, reliability, and 

practical implementation. 
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Finally, the reviewed methodologies are evaluated with respect to real-world challenges 

such as environmental disturbances, system compatibility, maintenance requirements, and 

cost constraints. This structured approach helps identify the strengths and limitations of 

existing techniques and provides a clear direction for future research in low voltage 

transmission line fault detection. 
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Abstract—Precise calorie calculation is crucial for supporting dietary practices and controlling lifestyle-

associated illnesses. Yet many current calorie calculation approaches depend on data entry or 2D image processing 

frequently causing errors, particularly with fruits that differ in dimensions, form and density [1]. This study 

introduces an automated system, for fruit calorie estimation that integrates learning, 3D reconstruction and 

machine learning methods. The VGG19 classification model is used to classify the types of fruit accurately. Using 

Structure-from-Motion and Depth Estimation, multiple images of the fruit are analysed, creating a 3D 

reconstruction and allowing for the calculation of volume. A second regression model predicts the fruit's mass 

using the calculated volume and density itemised from a nutritional database for calories. Results indicate that the 

approach proposed demonstrates significantly reduced inaccuracies in calories prediction compared with 

traditional two-dimensional (2D) manual techniques. This process can be utilized in a variety of lighting conditions 

consistently and is suitable for real-time use with mobile devices such as in food tracking and nutrition/health 

management applications. 

 

Index Terms—3D Reconstruction, Calorie Estimation, Machine Learning, Fruit Recognition, Deep Learning. 

 

1. INTRODUCTION 

With the increase in focus on promoting healthy diets and preventing diseases that are affected by diet, monitoring 

food consumption has become increasingly important to individuals, healthcare providers and nutrition 

professionals. Furthermore, the increasing prevalence of obesity, diabetes and metabolic disorders is putting 

additional pressure on consumers to have access to tools that measure how many calories they consume. Currently, 

conventional means of measuring calorie consumption include using nutrition charts, entering data into a database 

manually or estimating serving sizes. Unfortunately, all of these methods are subject to errors based on estimation 

and variation in portion size [1]. A major source of error for conventional methods of measuring calorie 

consumption occurs with fruits due to the extreme variety of fruit size, shape and density within the same type of 

fruit. Therefore, using standard calorie tables would produce inaccurate calorie estimates.  

Recent technological developments in computer vision and machine learning have enabled automatic identification 

of food items and conversion of the images into a calculated calorie amount [2]. However, most available systems 

currently use 2D images, which do not provide any depth information, to estimate food volume. Estimating calorie 

consumption is based on estimating both the mass and volume of foods consumed, and thus the lack of depth 

information severely limits the accuracy of the system. A novel proposed system combines fruit identification with 

3-dimensional (3D) modeling and density estimation to reduce calorie and mass calculation errors by between 

25% to 40%. The system is robust to variations of environmental conditions such as light, background and position 

of the food, and has a small form factor, making it ideal for use in mobile applications including monitoring caloric 

intake and meal planning for individualized dietary needs[3]. 
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2. LITERATURE SURVEY 

As automation for analysis of fruits continues to grow, there have been significant advancements made through 

the use of computer vision, deep learning, and computational imaging. By analyzing images of fruits, these 

technologies allow for more accurate methods of recognizing a fruit and determining its volume and calories. 

Recent research efforts have focused on utilizing additional dimensions and improving the accuracy of estimating 

a fruit's volume by using 3D representation rather than only relying on 2D images [3]. Other studies include using 

3D models created from photos taken from different angles to facilitate a more accurate estimate of a fruit's size, 

even though no special sensors that measure depth are required [1]. Many studies are currently investigating ways 

to estimate depth from one or more standard RGB images without the use of a multiple photo view of the object 

in question [2].There are also many different reasons why researchers believe that collecting data on fruits is 

essential for creating a nutritional assessment; specifically, transformer-based detection methods connect 

nutritional information from a fruit's type to the images of the object [4]. Some previous research indicates that the 

constant issues with using CNNs (Convolutional Neural Networks) and compact designs include problems with 

occlusion, light variation, and many imbalanced classes. However, the ability to access high-quality data sets of 

images of fruits has increased the robustness of models, as well as giving comparison results to expert-level 

accuracy [5]. Other potential research opportunities using volume data include using RGB depth sensors, 

previously described multi-view stereo camera reconstruction, to provide greater precision and less reliance on 

expensive sensors or labor-intensive calibration [6]. 

In general current research shows a trend toward integrated systems that merge fruit identification 3D form 

reconstruction, density measurement and nutritional analysis. Findings suggest that combining learning 

classification with depth-informed modeling and data-based density estimation offers an effective and precise 

approach for real-time diet tracking, on standard consumer hardware [7] [8]. 

3. METHODOLOGY 

3.1 Overview of the Proposed System 

The proposed approach integrates fruit classification, 3D modeling, density calculation and nutrient analysis into 

a workflow designed to deliver precise calorie estimation.This system can be used in conjunction with both 

stationary cameras to provide users with a variety of views of their fruit [9]. The images that have been taken are 

then processed automatically through a series of steps that evaluate and calculate the calories of the fruit without 

the need for much assistance from the user. The primary goals of the automated processing steps are to enhance 

the accuracy of the classifications, provide a high degree of geometric accuracy, and maximize the degree of 

performance efficiency. 

3.2 Image Acquisition and Preprocessing 

Image Acquisition and Preprocessing Images can be taken with either a camera or a fixed camera setup where the 

fruit is either turned around or taken from different angles to ensure there is enough visual coverage of the fruit. 

In the preprocessing steps, noise is removed from the images, lighting conditions are standardized for all of the 

images and the background is eliminated to create a more clear image. 

 
Figure 1: Architecture of proposed work 
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3.3 Multi-View 3D Reconstruction 

Once the fruit has been categorized a 3D model is created utilizing Structure-from-Motion (SfM) alongside depth 

estimation methods. Structure from motion (SfM) extracts and matches feature points from a set of images to 

create a sparse point cloud. This sparse projection is later refined through a depth estimation software program to 

create a 3D representation of the point cloud. The 3D point cloud is transformed into a watertight 3D mesh, 

allowing for an accurate determination of fruit volume. This technique is distinct from 2D methods that rely on 

basic geometrical assumptions; rather, it is capable of accurately determining the volumes of unshaped fruit such 

as pears, mangoes, and strawberries. The volume of the fruit is calculated using either voxelization or numerical 

integration. In both cases, the resulting volume is considered accurate and can be obtained using SfM. 

 

The overall workflow is designed as a modular pipeline for automated fruit caloric estimation using multiview 

imaging techniques, computer vision systems and machine learning systems. The complete collection of images 

of the fruit will be captured from various angles and positions in order to ensure that adequate visual information 

is available for 3D reconstruction of the fruit. The images must also go through preprocessing to enhance image 

quality by eliminating backgrounds and performing standardization. The region containing the fruit will be 

segmented using a variety of techniques, including Mask R-CNN or threshold contour extraction, for further 

processing and classification. Classification of the fruit will be performed using a fine-tuned convolutional neural 

network (CNN).If the classification confidence 𝑃(class ∣ image)exceeds a predefined threshold 𝜏(e.g., 0.95), the 

system proceeds; otherwise, additional images are requested to reduce uncertainty and prevent errors caused by 

misclassification. 

Once high-confidence classification is achieved, the 3D reconstruction module produces a dense point cloud, and 

the fruit volume is calculated using voxel integration: 

𝑉 = 𝑣𝑠
3∑𝐼(𝑝) (3.1) 

A regression-based machine learning model is then used to predict the fruit-specific density 𝑝, and the mass is 

estimated as: 

𝑚 = 𝑝 ⋅ 𝑉 (3.2) 

Finally, the calorie content is computed using standard nutritional data: 

𝐶 = 𝑚 ⋅ 𝐶𝑔 (3.3) 

where 𝐶𝑔represents the calories per gram obtained from nutritional databases. The workflow concludes by 

outputting the final calorie estimate. 

4. RESULTS 

The 3D reconstruction system efficiently processed fruits of varying shapes despite gaps in the point cloud. 

Volume estimation inaccuracies stayed under 5% for fruits and reached up to 12% for elliptical fruits relative, to 

manual visual assessments. Incorporating a density regression model also helped minimize errors in calorie 

estimation. In general graphical analyses reveal enhancements compared to traditional 2D-based approaches. 

 

Algorithm 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Inference 

Time 

(ms) 

Model 

Size 

(MB) 

VGG19 

(Proposed) 
98.0 97.8 98.1 22 79 

ResNet50 96.4 96.2 96.5 18 95 

MobileNetV2 94.1 93.5 93.8 9 14 

DenseNet121 95.3 95.1 95.0 28 33 

EfficientNetB0 96.1 95.8 95.9 16 29 

 Table 1: compares five deep-learning architectures                Figure 2: Classification Accuracy and Inference Time 

 

Table 1 presents a comparison of five learning frameworks employed for fruit classification considering accuracy, 

precision, recall, inference time and model size. Of the examined models the suggested VGG19 attained the 
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classification accuracy of 98% establishing it as the most dependable option for fruit recognition essential for 

precise calorie calculation [12]. While MobileNetV2 provides the inference time and the most compact model size 

its reduced precision restricts its appropriateness, for tasks requiring high accuracy. ResNet50 and EfficientNetB0 

offer performance yet they fall short of the accuracy achieved by VGG19 whereas DenseNet121 attains strong 

accuracy but requires longer inference time. The classification accuracy findings additionally verify that VGG19 

regularly surpasses the architectures in recognizing types of fruit. Although ResNet50 and EfficientNetB0 

demonstrate performance their accuracy is marginally inferior. MobileNetV2 prioritizes speed over precision 

whereas DenseNet121 while dependable operates slowly during inference. As illustrated in Figure 2 VGG19’s 

higher accuracy guarantees fruit recognition, which is crucial for subsequent processes including 3D 

reconstruction, density estimation and calorie calculation. Precise classification aids, in reducing error 

transmission throughout the system. 

 

Table 2: Evaluates Different 3D Reconstruction 

Reconstruction Method 
Volume Error 

(%) 

Time per 

Object (s) 

Mesh Completeness 

(%) 

Robustness to 

Lighting 

Hardware 

Requirement 

Structure-from-Motion (SfM) 3–5% 1.8 92% High Standard Camera 

Multi-View Stereo (MVS) 4–7% 3.2 88% Medium Multi-view Setup 

RGB-D Reconstruction 2–4% 1.2 93% High Depth Sensor 

Monocular Depth CNN 6–9% 0.9 80% Medium Standard Camera 

Stereo Vision (Dual Camera) 3–6% 2.4 90% Medium Stereo Camera 

Table 2 illustrates a comparison of 3D reconstruction methods considering volume accuracy, processing duration, 

mesh completeness, resistance to changes in lighting and hardware needs. Structure-from-Motion (SfM) can 

achieve accuracy through the use of a standard camera, making it well suited for cost-effective and portable 

applications. The disadvantage of RGB-D reconstruction is the amount of error that is modeled with respect to 

volume, as it requires specific depth sensors limiting its widespread use. The advantage of Multi-View Stereo 

(MVS) is the complete mesh that it provides (i.e., all points in three-dimensional space); however, this method 

uses multiple synchronized cameras and (thus) can lead to increased complexity in the system design. Monocular 

depth methods using CNNs (convolutional neural networks) can be used for depth estimation, but due to scale 

ambiguity they often result in lower accuracy than stereo vision depth estimation, which utilizes two cameras. 

Therefore, it is usually always safest and easiest to make use of the SfM systems for accurate fruit calorie 

estimation based on practicality and reliability compared to other methods for estimating fruit calorie content. 

 According to this study, the Random Forest Regression Model had the lowest density error (133% as compared 

with 32%) as well as the lowest RMSE, making it the best method for estimating fruit weight. Although MLP 

models show performance with bigger datasets linear regression cannot adequately model the non-linear changes 

in fruit density. SVR using an RBF kernel offers generalization but demands greater computing power and KNN 

regression experiences sluggish inference times. On the whole Random Forest stands out as the dependable and 

effective model for predicting density, in calorie estimation. 

5. CONCLUSION 

This research introduces an automated framework for calculating fruit calories by combining image recognition, 

3D reconstruction and machine learning methods. The suggested method precisely detects fruits and determines 

their volume through 3D modeling providing accuracy compared to conventional 2D techniques. Utilizing a 

density regression model grounded in machine learning the system attains calorie estimation error showing better 

results, than manual and purely image-based methods. The system continues to perform across various lighting 

environments and fruit positions and is suitable for implementation on mobile devices for live dietary tracking. 

Going forward the system could be expanded to accommodate food items and prepared meals along with 

advancements, via better depth estimation and more extensive diverse datasets [3]. 
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Abstract.  

The Internet of Things (IOT) produces large data voumes from wearable devices and wireless sensors. 

The data may be unstructured, disorganized, and unregulated. The massive amount of data gathered is 

useless unless it is processed and used to acquire insights in manufacturing, smart cities, healthcare, and 

agriculture. Big IOT Data must be kept in the cloud for its proper utilization, increasing network traffic 

and delays. Edge computing, which is growing, can solve traffic problems by placing computing jobs to 

local network edge nodes or IOT devices. Edge computing cannot compute complicated computations on 

huge unstructured data. Deep Learning handles difficult datasets. This article suggests integrating Deep 

Learning and Edge Computing. It describes how this integration may reduce latencies and maximize big 

data use to boost efficiency and performance. 

Keywords. IOT, Big Data Analytics, Deep Learning, Edge Computing, Machine Learning, Cloud Computing. 

1. INTRODUCTION 

The exponential rise in the count of sensor-based devices, such as cell phones, wristbands, medical 

devices, and other smart devices, has led to an explosion in data growth in recent years[1]. There are more 

devices connected via internet than the total population of the world and which is expected to hike more 

in future. The rapid convergence of wireless connectivity, embedded systems, and micro-electro-

mechanical systems has marked the beginning of IOT and data explosion[2].The Internet of Things 

comprises of gadgets with limited resources, such as radio frequency identification (RFID), sensors that 

are powered by batteries[3]. IOT technological innovations lead to ingenious applications such as, smart 

cities, health care, traffic management, agricultural advancements, e-commerce and supply chain 

management etc. This may result in the large collection of data in an unfavorable way [4]. Such IOT 

datasets should be analyzed for enhancing smart decision making and future predictions[5].  

In IOT Analytics, Cloud Computing is a traditional approach that transports datasets to the cloud 

for processing and consistent storing. After processing data, the results are delivered back to IOT devices 

or software applications[6],[7]. Transferring data to cloud(miles away from the IOT devices) for 

processing leads to problems such as, increased data transfer latencies and network congestion. On the 

other hand, analyzing the data at the device itself is also possible; but most of the IOT devices have 

limited computation facility to perform complex data analytics and limited storage capacity. Edge 

Computing(EC) is an emerging technology in the applications that requires fast response with limited 

bandwidth[8]. It minimizes latencies by performing computations on the device itself or on an edge node 

nearer to the data source. Hence, limited data-volumes are moved to cloud for further processing. Also, it 

is challenging to handle huge amount of heterogeneous data that is either semi-structured or un-structured 

in nature. Deep Learning, an emerging technique of machine learning, has recently shown its potential in 

handling large data quantities collected from IOT devices. It aids learning by converting unstructured 

input into hierarchical abstract representations that allow for the acquisition of desirable 

characteristics[10].  

This paper proposes an integrated approach of Deep Learning, Edge and Cloud Computing for 

analyzing the IOT data. Section 2 presents the significance of data analysis, framework, and how the big 

data and sensors data complement each other. Section 3 discusses the various Learning models and 

architectures that are useful. Additionally, it emphasizes the importance of DL in analytical models. 

Section 4 delineates the commonalities and major distinctions between edge and fog computing. Section 5 

proposed Edge-Cloud and Deep Learning based integration to boost efficiency of data analytics. Section 6 

ends the report and offers guidance for future research endeavors. 

mailto:1khushi.rai1@gmail.com
mailto:2kirat.e12999@cumail.in
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2. IOT BASED ANALYTICS 

Handling vast amounts of dispersed data is crucial to the increasing rise of IOT data analytics in smart 

decision making [11]. Web-connected device data is complicated and unstructured, requiring lightning-

fast analytics using modern technology. With IOT advancements, we have tens of billions of linked 

devices[7]. Tons of data from linked devices are transmitted across several channels to the database for 

consistent storage before processing. Big data is processed with data mining and ML methodologies to 

maximize profits. 

2.1. Framework of IOT Data Analytics 

Data Analytics consists of discovering new patterns and knowledge by exploring and analyzing large 

volumes of IOT data for making profitable decisions and achieving business intelligence in diverse 

application domains.  Fig. 2.1 represents the framework in which IOT data analytics is performed. 

Firstly, IOT devices produce huge amounts of datasets that are integrated into data warehouse. The data is 

then analyzed either at cloud or device itself. Data Analytics involves various operations on data, such as 

preprocessing, integration, transformation and  reduction [12], [13]. Once the data is cleaned, pre-

processed and reduced, it is analyzed by using machine learning algorithms for knowledge discovery. The 

final output is meaningful information that helps in smart decision-making various sectors.  

 

Figure 2.1. Framework of IOT Data Analytics 

2.2. Big Data and IOT are distinct but Complementary 

IOT and Big Data are distinct but complementary terms. Both refer to collecting substantial quantities of 

data that is unstructured and complex in nature.  Big Data and IOT are interrelated terms in which Big 

Data is ocean of information and IOT devices are series of streams and rivers feeding into these oceans. 

IOT working together with Big Data analytics can show tremendous results in various fields. Table 2.1 

represents the comparison of Internet Of Things and Big Data based on common goals and distinct 

features. The factors for comparison has been chosen on the basis of studies[1,3,5,8]. 

TABLE 2.1. COMPARISON OF IOT AND BIG DATA 
Factors for Comparison IOT BIG DATA 

Support for Intelligent 

Decision Making 

Provides interconnection of devices to create 

smart environment for decision making 
Performs large collection of Data 

Nature of Work 
Finds insight into data collected from IOT 

devices for decision making 

Refers to collection of huge amount of 

Data 

Application Areas 

Smart Cities, Industries, Healthcare, 

Transportation, Sales &Marketing and 
Agriculture etc. 

Smart Cities, Industries, Healthcare, 
Transportation, Sales &Marketing and 

Agriculture etc 

 

Time of Analysis 

 
IOT focus on immediate analysis of data on 

the device itself or by cloud services 

Big Data tools focus on collection of data 

and data analysis is performed afterwards 

Big Data and the Internet of Things (IoT) are distinct but complimentary notions. These have a vital 

interaction that will strengthen as technology improves. Companies seeking maximum advantages from 

IOT devices must carefully select IOT data analysis tools and methods. 
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3. DEEP LEARNING IN IOT DATA ANALYTICS 

Deep learning is a cutting-edge technique implements multiple layers by cascading them, with each 

successive layer experiencing a non-linear transition[14]. By applying feature extraction, it transforms 

data into abstract and meaningful hierarchical representations[6]. Deep Learning is invaluable analytical 

tool for dealing with unsupervised, unstructured and semi-structured data [10].  

3.1. Deep Learning Architectures 

DL architectures are broadly classified into two types as follows: 1) Discriminative Model, that supports 

supervised learning and 2) Generative Model, supports unsupervised learning[15]. The most popular 

architectures are as follows: 

• Artificial Neural Networks (ANN): It is a three-tiered design with several sets of 

perceptrons/neurons at each tier. Each layers learns some weight. It is useful for Content knowledge, 

tabular data, and digital images.  

• Convolutional Neural Networks (CNN): The CNN employs a back propagation technique to 

determine the receptive fields of basic units. These are common in image processing activities and 

perform dimensionality reduction when the hidden layer's number of neuron connections is limited to 

only a few input neurons[16]. 

• Autoencoder (AE): These are ANN based unsupervised models that learns efficient data coding. Its 

objective is to discover a representation for a set of data, typically to reduce its dimensionality. The 

AE consists of encoder and decoder. The encoder decodes the input's representative characteristics 

and converts them to other latent features, while the decoder receives the encoder's latent features and 

attempts to reconstruct the input data in its original form while minimizing the reconstruction 

error.[6,8,17]. 

• Deep Neural Networks(DNN): It is one of the most promising strategy for Time Series Classification 

(TSC) in big data mining[18]. A DNN is a type of stacked neural networks, i.e., networks composed 

of multiple layers between input and output layers[19]. 

• Recurrent Neural Networks(RNN): RNN is a network with looping system. It is widely used in 

Time-series, text and Audio Data analysis[18].  

3.2. Need of Machine Learning for IOT 

IOT devices are computationally restricted. Machine Learning for IOT analytics may enhance IOT device 

efficiency, accuracy, production, and cost [20]. Combining ML and IOT improves communication, 

computation, control, and decision-making. Advanced ML methodologies like Deep Learning may mine 

enormous volumes of unstructured and complicated IOT sensory data to improve real-world problem-

solving and decision-making[20].  

 

4. EDGE CLOUD COMPUTING & FOG CLOUD COMPUTING 

This Section discusses the role of Edge and Fog Computing for analytics. 

4.1. Edge Computing 

Cloud technology has good scalability, reliability, pay-as-you-go pricing, and inexpensive startup costs. 

[8]. Applications with low latencies and bandwidth constraints favour Edge Computing (EC). EC enables 

calculations near data sources. It computes on the cloud-edge or IOT device (with sensors) to decrease 

data transit before reduction [5,18]. Simpler communications, collaborative computing, enhanced 

performance, uptime, and reduced latencies are EC advantages. [21]. Although edge computations are 

beneficial, IOT devices' scalability and interpretability limitations make them incompatible with some 

cloud services. 

4.2. Fog Computing 

In fog computing, nodes or Gateway nodes process data. It computes near IOT devices like edge 

computing. The computing infrastructure is decentralized. The Fog Node sits between the cloud and the 

data source, processing and storing data. 
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4.3. Comparison of Edge-Fog Cloud Computing 

Both Fog and edge computing gather, examine, and process data more efficiently than traditional cloud 

computing. After performing various studies as presented in[9,20,22,23],we have tried to summarize the 

key features of Fog computing & Edge Computing in Table 4.1.  

TABLE 4.1 COMPARISON OF FOG COMPUTING & EDGE COMPUTING 

Parameters/ Features Edge Computing Fog Computing 

Data Processing Location Edge Node or on IOT devices 
Fog Node between Data source and 

Cloud on LAN itself 

Amount of Data saved in cloud Reduced Reduced 

Network Traffic[6,17]  Reduced Reduced 

Transfer Latency[17,24]  Reduced Reduced 

Support Real-time Data 

Processing [24] 
Moderate High 

Volume of data Processed Less as compared to Fog More as compared to Edge  

The following table shows that Fog and edge Computing offer similar benefits. Their architecture makes 

them different in a few ways. Edge computing focuses on intelligence, computational power, and 

communication on an edge gateway or directly on IOT devices, while fog computing processes data in a 

fog node or gateway of IOT appliances on the local area network. 

 

5. INTEGRATION OF EDGE-CLOUD AND DEEP LEARNING 

Integration consists of combining features of both the technologies and maximizes performance and 

accuracy of the devices. Because linked devices have limited computational capabilities, data analytics 

calculation cannot be performed solely on them[8]. This section discusses combining Edge Computing 

with Deep Learning for overcoming the traffic problems and henceforth, enhancing Quality of IOT 

Services in various areas. 

5.1. Quality Focus in IOT applications 

To gain maximum benefit from IOT services in various arenas like smart cities, healthcare, and 

agriculture; ensuring Quality of services (QOS) is a critical task. Different metrics for analyzing quality 

of services are available but our study focuses on reducing latencies and network traffic. Both Deep 

Learning and Edge Cloud Computing have their own pros and cons. If we want to ensure quality and 

efficiency in IOT analytics then these two techniques can be merged to utilize best features of both. 

Network performance can be improved with intrusion detection system (IDS) using ANN and DL[25].  

5.2. Edge-Cloud Integrated approach 

By relocating computation to the network's edges and data sources, EC has emerged as a method for 

addressing latency issues. Fog computing[7] has a lot of similarities EC. Edge Computing is focused on 

nodes that are nearer to IOT devices[30], whereas fog might comprise of resources between the end 

device and the cloud. EC is helpful in reducing the network traffic by moving computing near the source 

of data. The edge can perform high-performance computations in addition to cloud computing, reducing 

network traffic and latency. 

5.3. Edge-Cloud and Deep Learning 

It has been presented in [15], that with increased volumes of datasets, accuracy of Deep Learning 

algorithms also improves. DL is a class of ML, consisting of numerous computational layers for abstract 

data representations[14]. By limiting the quantity of data that has to be transferred to the cloud, Edge-

Cloud and DL integration enables data reduction at the edge, which lowers network traffic.For 

classification purposes, reduced data from all Edge nodes is used. The reduced data can be processed by 

Deep Learning techniques for extracting features from the data that can be further used for decision 

making.  

6. CONCLUSION AND FUTURE SCOPE 

Agriculture and healthcare researchers face dataset shortages. They must create datasets in various 

situations, which takes time and effort. IoT devices produce significant amounts of data to address this 

difficulty. Data analytics may help you make wise decisions and find new information. Business 
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intelligence relies on data analytics as IoT grows. Big data, complicated and unstructured, is created by 

the growth of connected devices. Big data are studied to get information, but sophisticated machines are 

needed to handle them. Cloud computing facilitates the storage and processing of extensive data sets; 

nevertheless, transmitting data to the cloud and receiving results impedes communication speed. 

Communications networks would be strained. This paper used Deep Learning with Edge Computing to 

analyze data near devices to prevent delay. This integration paradigm might be used in healthcare, 

agriculture, and other smart devices with various sensors and applications. 
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Abstract 
 

This chapter surveys recent advances in FER. Then, it focuses on the structure of 

automatic FER systems: face acquisition, feature extraction, representation, and 

classification. It discusses several key challenges such as variation in expression intensity, 

individual differences, head pose variation, image resolution, and unreliable ground truth. 

Overfitting, illumination or pose variation, and other expression-independent variations are 

reviewed with respect to how deep learning techniques address it. The most popular 

datasets, including JAFFE and CK+, and some deep neural networks for static and 

dynamic expressions are analyzed. Methods are compared by benchmark performance, 

underlining the strengths and limitations, and future challenges for real-world FER. 

Keywords Facial Expression Recognition (FER), Automatic Facial Expression Analysis, 

Deep Learning, Over fitting, Head Pose, Pre-processing, Classification, Datasets, JAFFE, 

CK, Neural Net works, Static Images, Dynamic Sequences, Computer Vision, Machine 

Learning, Pattern Recognition. 

1. INTRODUCTION 

FER is an important area of research in computer vision and AI with equally wide-ranging 

applications in healthcare, education, security, marketing, and human-computer 

interaction. The first generation FER systems were based on manually designed features 

such as facial landmarks, LBP, Gabor filters, and PCA, which have proved to be weak in 

coping with real-world variations such as changes in illumination, pose, occlusion, and 

inter-person variability. But recent advancements in deep learning, especially in the area of 

CNNs, have allowed end-to-end learning and efficient hierarchical identification of image 

features in FER. However, micro-expression recognition, inter-person variability, less 

availability of diversely labeled datasets, and less generalization towards real-world 
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settings have remained challenging. The current research in this area focuses on a 

multimodal approach, incorporating facial expressions with voice, non-verbal 

communications, and physiological signals to make it more accurate and robust. The 

efforts towards identification of compound emotions, analysis of micro-expressions in a 

better manner, and less dependency on large labeled datasets via transfer learning and 

unsupervised learning have a lot more to achieve in making FER systems used in a non-

arbitrary, meaningful, and privacy-preserving manner. 

2. PREVIOUS RESEARCH 

State-of-the-art performance of Emotion Recognition Systems has been massively 

improved due to recent breakthroughs in Facial Expression Recognition using deep 

learning methods [1]. MobileNet V2, the combination of CNN & RNN, and other methods 

have advanced image and video analysis systems such as some recently developed 

systems, which include emotional change points identification and thermal imaging 

systems, impressively performing in this area [2,3]. Regarding their applications, these 

systems could be used in healthcare systems, educational institutions, autism identification 

systems, stress analysis systems, sign language identification systems, and music 

suggestion systems based on emotions [4,5]. Although different systems are emerging in 

the field of emotion recognition, there are a few aspects of culture variation, micro-

expressions, and ethics, which need further exploration in online analyses [6,7]. 

3. METHODOLOGY 

The improvement approach for FER is strategic enhancement at every stage, which 

includes data gathering, model construction, and deployment. The datasets contain faults 

that can be addressed more directly by focusing the development of the balanced and 

diversified datasets from wide-ranging expressions to diverse demographics, and real-

world conditions. Other supplement techniques are crowd sourcing and synthetic data 

generation by GAN that may be able to supplement a dataset with otherwise rare and 

difficult to capture scenarios such as occlusions or extreme emotions. Models, multimodal 

architectures are highly important in their design. They integrate visual information with 

other inputs, such as audio, text, and physiological signals. For example, combining facial 

features with speech tone or textual sentiment improves the correctness of emotional 

recognition. Methods of  3D modeling, which include depth data and complex 3D CNNs,  

allow for a more detailed analysis of the facial geometry, which is not affected by 

variations in pose or occlusions. In the context of self-supervised learning, models are 

designed to predict patterns on unannotated data, thus cutting down huge annotations. 

Optimization for real-time applications is achievable with light architectures like 

MobileNet and techniques that allow knowledge distillation thereby ensuring FER’s 

effective deployment on edge devices. At the methodological level, these will amplify 

performance, scalability, and adaptability of FER systems to real-world applications. 
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Figure 3. 1 System Architecture 

 

4. RESULT ANALYSIS 

Recent studies using FER have shown that deep learning-based methods have a great 

advantage over traditional methods based on handcrafted features in terms of both 

accuracy and robustness. Performance in standard evaluation datasets such as FER2013 

and CK+, with a more efficient computation, can be raised based on deep learning 

methods, especially CNN models with lightweight variants such as MobileNetV2. Hybrid 

models using both CNN and RNN have achieved better results in processing video-based 

FER by assessing temporal patterns and emotional changeover. Multi-modal and 3D-

oriented FER systems have increased robustness in processing light, pose, and occlusion 

variation. The performance in imbalanced datasets, micro-expression classification, and 

real-world FER is impaired due to reduced accuracy, complexity in micro-expression 

analysis, and poor model generalizability, respectively. 

 

Figure 4. 1 Result 
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5. CONCLUSION 

With recent advancements in Facial Expression Recognition based on deep learning 

approaches, the performance of Emotion Recognition Systems has substantially improved. 

MobileNet V2 and combination models involving CNN & RNN have enhanced image and 

video analysis systems, including some newly developed approaches such as emotional 

change point detection and thermal imaging, which have demonstrated impressive results 

in this domain. Facial Expression Recognition systems can be used in healthcare, 

education, autism identification, stress analysis, sign language identification, and music 

recommendations based on emotions. Even though different systems have evolved in this 

area, some aspects related to culture variation, micro-expressions, online analysis, and 

ethics have to be explored further. 
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Abstract.  

Air pollution poses a persistent and escalating threat to public health and environmental 

sustainability in India, necessitating advanced predictive solutions for effective management 

and timely intervention. This research introduces an original dual-task framework for Air 

Quality Index (AQI) prediction, designed to simultaneously address both regression 

(continuous AQI values) and classification (discrete health categories) challenges. The 

proposed approach leverages a comprehensive, multi-year dataset comprising daily 

pollutant measurements from diverse monitoring stations across India, ensuring robust 

model training and evaluation. 

To rigorously assess predictive performance, we implement and compare two prominent 

machine learning models: Decision Tree and Random Forest [10]. The Random Forest 

algorithm consistently demonstrates superior accuracy and reliability, achieving an R² of 

0.90 in regression tasks and 88% accuracy in classification, outperforming the Decision Tree 

across all evaluation metrics. Feature importance analysis further highlights the critical role 

of PM2.5, PM10, and CO in determining AQI levels [9]. 

The originality of this work lies in its unified dual-task methodology, which provides both 

precise numerical forecasts and actionable health advisories, thereby enhancing the practical 

impact of AQI prediction for policymakers and the general public. The results validate the 

effectiveness of ensemble learning techniques in environmental informatics and underscore 

their potential for supporting data-driven air quality management in rapidly urbanizing 

regions [2]. 

Keywords. Air pollution, Public health, Environmental sustainability, Air Quality Index 

(AQI), Regression and classification, Machine learning, Decision Tree, PM2.5, PM10, CO, 
Ensemble learning, Environmental informatics, Numerical forecasts and health categories, 

Random Forest. 
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1. INTRODUCTION 

Air pollution has emerged as one of the most pressing environmental and public health 

challenges in India, driven by rapid urbanization, industrial expansion, and increasing 

vehicular emissions [7]. Major metropolitan areas such as Delhi, Mumbai, and Kolkata 

frequently record pollutant concentrations that far exceed the safety thresholds established 

by international agencies, including the World Health Organisation (WHO) [1]. The adverse 

effects of poor air quality are evident in the rising incidence of respiratory illnesses, 

cardiovascular diseases, and reduced life expectancy among urban populations [3], [8]. 

To address these concerns, the Air Quality Index (AQI) has been adopted as a standardised 

metric for communicating the severity of air pollution to the public and policymakers. The 

AQI condenses complex measurements of multiple pollutants—such as particulate matter 

(PM2.5, PM10), nitrogen oxides (NOx), ammonia (NH₃), carbon monoxide (CO), sulphur 

dioxide (SO₂), and ozone (O₃)—into a single, interpretable value. This enables timely 

dissemination of health advisories and supports informed decision-making for 

environmental management. 

Despite its utility, accurate forecasting of AQI remains a significant challenge. The dynamic 

and non-linear interactions among atmospheric pollutants, coupled with the influence of 

meteorological factors, complicate traditional statistical modeling approaches [2], [11]. 

Furthermore, the presence of missing data, outliers, and high variability in pollutant 

concentrations necessitates robust analytical techniques capable of handling real-world 

complexities [17]. 

Recent advancements in machine learning have shown considerable promise in overcoming 

these limitations [2]. Tree-based models, such as Decision Trees and Random Forests, are 

particularly well-suited for air quality prediction due to their ability to capture intricate 

relationships within heterogeneous datasets and provide interpretable results [10]. These 

models not only enhance predictive accuracy but also facilitate the identification of key 

contributing factors, thereby supporting targeted interventions. 

This research is motivated by the need for reliable AQI forecasting frameworks that can 

deliver both precise numerical predictions and actionable health categorizations. By 

leveraging ensemble learning techniques and comprehensive air quality datasets from Indian 

monitoring stations, the present study aims to advance the state-of-the-art in environmental 

informatics and contribute to effective air quality management strategies. 

2. RELATED WORK 

The prediction of Air Quality Index (AQI) has garnered significant attention in recent years, 

driven by the urgent need to address environmental and public health challenges in rapidly 

urbanizing regions such as India. A wide array of machine learning techniques has been 

explored for AQI forecasting, including Support Vector Machines (SVM), Artificial Neural 

Networks (ANN), Decision Trees (DT), and ensemble methods like Random Forests (RF) 

[5]. These approaches have demonstrated varying degrees of success in capturing the 

complex, non-linear relationships among atmospheric pollutants and meteorological 

variables [2]. 
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Several studies have established the superiority of ensemble learning methods, particularly 

Random Forests, over single-model approaches for both regression and classification tasks 

in air quality prediction [10], [18]. For instance, Ravindiran et al. [2] demonstrated improved 

predictive accuracy using machine learning ensembles in Indian coastal cities. Singh et al. 

[5] provided direct comparisons between DT and RF for AQI regression across several 

Indian cities, concluding that the ensemble strategy of RF significantly enhances predictive 

performance. Zaini et al. [6] similarly identified RF as a superior model in international 

contexts for predicting ground-level ozone. 

Recent work by Reddy et al. [4] advanced this approach in Hyderabad by employing an 

ensemble stacking technique to achieve accuracy levels unattainable by any single 

constituent model. Prakash et al. [13] and other comparative studies have often placed RF 

ahead of other advanced models like Gradient Boosting for similar tasks. 

Despite these advancements, most prior research has focused on either continuous AQI 

value prediction (regression) or categorical health risk classification, often treating these 

tasks in isolation [15]. A notable gap in the literature is the lack of unified frameworks that 

simultaneously address both regression and classification objectives within AQI prediction. 

Existing models typically optimize for a single output type, limiting their practical utility for 

comprehensive air quality management and public health advisories. 

The current study addresses this gap by proposing a dual-task approach that integrates both 

regression and classification within a single ensemble learning framework. This 

methodological innovation enables the generation of precise AQI forecasts alongside 

actionable health category predictions, thereby enhancing the relevance and impact of 

machine learning solutions in environmental informatics. 

In summary, while machine learning has advanced the state-of-the-art in AQI prediction [2], 

[5], the novelty of this work lies in its unified, dual-task design, which leverages the 

strengths of ensemble models to deliver both quantitative and qualitative insights for air 

quality assessment in India. 

3. METHODOLOGY AND EXPERIMENTAL SETUP 

This section outlines the comprehensive methodology adopted for the dual-task Air Quality 

Index (AQI) prediction framework, emphasising data sources, preprocessing strategies, 

model implementation, and evaluation protocols. The approach is designed to ensure clarity, 

reproducibility, and alignment with IEEE conference standards.  

Dataset Description: The study utilises a multi-year dataset comprising daily air quality 

measurements collected from official monitoring stations across India. The dataset spans the 

years 2015 to 2020 and is sourced from publicly available government repositories. Key 

variables include concentrations of major atmospheric pollutants—PM2.5, PM10, NOx, 

NH3, CO, SO2, and O3—as well as the corresponding AQI values. In addition to continuous 

AQI readings, the dataset provides categorical AQI levels (e.g., Good, Satisfactory, 

Moderate, Poor, Very Poor, Severe) to facilitate both regression and classification tasks. 

source 

Data Preprocessing: To address missing values, median imputation was employed for each 

pollutant and AQI variable, ensuring robust handling of incomplete records without 

file:///D:/citations/f33f94bd-b0d2-4bb4-990e-f99b868d4260
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introducing bias[17]. Outlier detection was performed using interquartile range (IQR) 

analysis, and extreme values were either capped or removed based on their impact on model 

stability. All features were normalized using min-max scaling to harmonize variable ranges 

and enhance model convergence. The categorical AQI levels were encoded numerically to 

support classification algorithms. 

Model Implementation: Two supervised machine learning models were implemented for 

comparative analysis: Decision Tree and Random Forest [10]. Both models were developed 

using the scikit-learn library in Python [3], adhering to best practices for reproducibility. 

The Decision Tree model serves as a baseline, while the Random Forest model leverages 

ensemble learning to improve predictive accuracy and generalization [18]. Hyperparameters 

for both models were optimized via grid search and cross-validation. 

Evaluation Protocol: To rigorously assess model performance and generalizability, the 

dataset was partitioned into training and testing subsets using three distinct splits: 70:30, 

80:20, and 90:10. This multi-split strategy enables evaluation under varying data availability 

scenarios and mitigates the risk of overfitting. All experiments were repeated with 

randomized shuffling to ensure statistical robustness. 

4. PERFORMANCE EVALUATION METRICS 

In this study, rigorous evaluation metrics were employed to assess the predictive 

performance of the proposed models for Air Quality Index (AQI) forecasting. The selection 

of metrics was guided by the dual-task nature of the framework, which encompasses both 

regression (continuous AQI prediction) and classification (categorical health impact levels). 

Each metric was chosen for its ability to provide meaningful insights into model accuracy, 

reliability, and practical utility in the context of air quality management.  

4.1 Regression Metrics: 

For the regression task, which involves predicting the numerical value of AQI, three primary 

metrics were utilized:  

Mean Absolute Error (MAE): MAE quantifies the average magnitude of errors between 

predicted and actual AQI values, without considering their direction. It is defined as the 

mean of the absolute differences between predictions and observations. MAE is particularly 

relevant for air quality studies as it provides a straightforward interpretation of prediction 

accuracy in the same units as the AQI, facilitating direct assessment of model performance.  

Root Mean Squared Error (RMSE): RMSE measures the square root of the average 

squared differences between predicted and actual values. By penalizing larger errors more 

heavily, RMSE is sensitive to outliers and provides a robust indication of model fit. In the 

context of AQI prediction, RMSE helps identify models that minimize significant 

deviations, which is critical for reliable public health advisories.  

Coefficient of Determination (R²): R² evaluates the proportion of variance in the observed 

AQI values that is explained by the model. A higher R² value indicates better explanatory 

power and model reliability. This metric is essential for understanding the overall 

effectiveness of the predictive framework in capturing the underlying patterns of air 

pollution data.  
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4.2 Classification Metrics: 

For the classification task, which involves categorizing AQI into discrete health impact 

levels, the following metrics were applied:  

Accuracy: Accuracy represents the proportion of correctly classified instances among all 

predictions. It provides a general measure of model effectiveness but may be insufficient in 

cases of class imbalance, which is common in environmental datasets.  

Precision: Precision quantifies the proportion of true positive predictions among all positive 

predictions made by the model. High precision is crucial when the cost of false positives is 

significant, such as issuing unnecessary health warnings.  

Recall: Recall, or sensitivity, measures the proportion of actual positive cases that are 

correctly identified by the model. In AQI classification, high recall ensures that most 

hazardous air quality events are detected, minimizing public health risks.  

F1-Score: The F1-score is the harmonic mean of precision and recall, providing a balanced 

assessment of model performance, especially in scenarios with uneven class distributions. It 

is particularly valuable for evaluating the trade-off between false positives and false 

negatives in AQI categorization.  

5. RESULTS AND DISCUSSION 

The results of this study provide a comprehensive evaluation of the proposed dual-task 

framework for Air Quality Index (AQI) prediction in India, utilizing both regression and 

classification approaches. The analysis encompasses exploratory data assessment, model 

performance comparison, feature importance interpretation, and reliability validation 

through multiple visualizations and tables.  

Exploratory Analysis: Initial examination of the dataset revealed substantial variability and 

the presence of outliers in pollutant concentrations across monitoring stations. This 

underscores the necessity for robust modeling techniques capable of handling heterogeneous 

and noisy environmental data. The distribution of key pollutants, such as PM2.5, PM10, and 

CO, was visualized using boxplots, which highlighted the skewness and range of values 

observed during the study period. 

 



 6 

 

Figure 1: Relative importance of pollutants in AQI prediction, as determined by the 

Random Forest model. 

 

Regression Results: The Random Forest (RF) model demonstrated superior predictive 

capability in estimating continuous AQI values compared to the Decision Tree (DT) model 

[10]. Across all train-test splits, RF consistently achieved higher coefficients of 

determination (R²), lower mean absolute errors (MAE), and reduced root mean squared 

errors (RMSE). Specifically, the RF model attained an R² of 0.90, indicating that 90% of the 

variance in AQI was explained by the model. These findings are summarized in Table 1 

 

 

Figure 2: Distribution of residuals for predicted AQI values, indicating a well-fitted model 

with minimal bias. 

Classification Results: For the task of categorizing AQI into health-based buckets, the RF 

model again outperformed the DT model, achieving an overall classification accuracy of 

88% and an F1-score of 0.87. The confusion matrix (Figure 3) demonstrates the reliability 

of the RF model in correctly identifying AQI categories, with balanced precision and recall 

across classes. Table 2 presents a comparative summary of classification metrics for both 

models. 
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Figure 3: Confusion matrix for AQI classification using the Random Forest model, 

highlighting prediction reliability across categories. 

 

Feature Importance: Analysis of feature importance revealed that PM2.5, PM10, and CO 

are the most influential variables in AQI prediction, as depicted in Figure 1. This insight 

aligns with established environmental research [9],[16], confirming the critical role of 

particulate matter and carbon monoxide in determining air quality levels in urban Indian 

contexts. 

Model Reliability: The robustness of the Random Forest model was validated through 

multiple train-test splits and residual analyses. The residuals plot (Figure 2) indicates 

minimal bias and homoscedasticity, further supporting the reliability of the model's 

predictions. The consistent performance across different evaluation metrics and data 

partitions underscores the practical applicability of the proposed framework for real-world 

AQI forecasting [18]. 

 

Summary Tables: 

Table 1: Regression performance metrics for Decision Tree and Random Forest models 

across different train-test splits. 

Model Train-Test Split R² MAE RMSE 

Decision Tree 70:30 0.77 18.2 25.6 

Random Forest 70:30 0.90 11.4 15.2 

Decision Tree 80:20 0.78 17.9 25.1 

Random Forest 80:20 0.91 10.9 14.8 

Decision Tree 90:10 0.79 17.5 24.7 

Random Forest 90:10 0.91 10.7 14.5 
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Table 2: Classification performance metrics for Decision Tree and Random Forest models 

across different train-test splits. 

 

Model Train-Test Split Accuracy Precision Recall F1-Score 

Decision Tree 70:30 0.81 0.80 0.79 0.79 

Random Forest 70:30 0.88 0.87 0.87 0.87 

Decision Tree 80:20 0.82 0.81 0.80 0.80 

Random Forest 80:20 0.88 0.87 0.87 0.87 

Decision Tree 90:10 0.82 0.81 0.80 0.80 

Random Forest 90:10 0.88 0.87 0.87 0.87 

In summary, the Random Forest model offers a robust and reliable solution for AQI 

prediction in India, outperforming traditional Decision Tree approaches in both regression 

and classification tasks [5], [10]. The integration of feature importance analysis and 

comprehensive evaluation metrics further substantiates the model's practical value for 

environmental monitoring and public health decision-making. 

6. CONCLUSION 

This study presents a comprehensive dual-task framework for Air Quality Index (AQI) 

prediction in India, integrating both regression and classification methodologies to deliver 

precise numerical forecasts and actionable health advisories. By leveraging ensemble 

learning techniques, particularly the Random Forest model [10], the proposed approach 

demonstrates significant improvements in predictive accuracy and reliability over traditional 

single-model methods. The framework not only quantifies AQI values but also categorizes 

air quality levels, thereby enhancing its practical utility for public health officials and 

policymakers. 

The empirical results underscore the effectiveness of ensemble models in handling complex, 

multi-dimensional environmental datasets [2], [18]. Feature importance analysis further 

reveals the critical role of pollutants such as PM2.5, PM10, and CO in determining AQI [9], 

providing valuable insights for targeted interventions and resource allocation. The dual-task 

strategy ensures that both continuous and categorical aspects of air quality are addressed, 

supporting more informed decision-making and timely public health responses. 

Looking ahead, future research should focus on enriching the predictive framework by 

incorporating meteorological variables, such as temperature, humidity, and wind speed, 

which are known to influence pollutant dispersion and concentration. Additionally, the 

adoption of advanced temporal models, including recurrent neural networks and long short-

term memory (LSTM) architectures [12], holds promise for capturing dynamic patterns and 

improving forecast accuracy over extended time horizons.  
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Abstract 

Sustainable agriculture and efficient plant management majorly depend on the precise 

identification and classification of the plant species and their diseases. The CNN models 

are now in the phase where multiple outputs or tasks could be carried out at a time. 

However, such models pose high complexities by introducing large numbers of trainable 

parameters. To overcome this issue, a hybrid CNN–CAE architecture is proposed, where 

compact feature representations learned by a convolutional autoencoder are passed to a 

multi-output CNN consisting of shared layers and attention-based classifiers for the 

simultaneous prediction of plant species and disease types. Experiments conducted on the 

PlantVillage dataset demonstrate that the proposed model achieves 91.75% accuracy in 

species classification and 89.64% in disease identification, all while reducing trainable 

parameters by over 50%. These findings highlight the model’s efficiency and effectiveness.  

1.1 Introduction 

Accurate recognition of plant species and their associated diseases is essential for 

supporting sustainable agricultural practices and improving crop productivity. 

Convolutional Neural Networks (CNNs) have been pioneering in image-based applications 

due to their strong ability to learn complex visual patterns and perform effective feature 

extraction and classification [1][2]. These models are now developed for better efficiency 

in the classification of the related tasks. The Multi-Output Convolutional Neural Networks 

(MOCNNs) are such models which uses a shared layer before branching into multiple 

outputs branches with their own set of convolutional and other layers for predictions such 

as  such as plant species and disease categories [3].  

The increasing complexity of these models comes with computational challenges. To 

overcome this issue, the research has been conducted in which a hybrid CNN–CAE 

architecture with integrated attention mechanisms has been utilized for enhancing 

classification training efficiency at the cost of slight reduction in classification results 

[4][5]. In this framework, the CAE encoder first compresses the input data into a lower-

dimensional representation, which is then processed by a shared CNN classifier to produce 

multiple outputs [6][7]. 

2. Research Methodology 

The experimentation was performed on publicly available PlantVillage dataset [8]. Its 

subset has been utilized for the multiple output tasks of plant species and disease 

classification. The images inside the dataset has the resolution of 256 × 256 pixels. For 

each class, a fixed number of samples was selected and divided into training, validation, 

and testing subsets comprising 320, 80, and 20 images per class, respectively.  

mailto:parul.cse@mietjammu.in
mailto:mehak.cse@mietjammu.in
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In total, 15 classes were selected on the criteria of two hierarchical labels: plant species (6 

classes) and disease categories (7 classes).The selected classes were: Apple_Healthy, 

Apple_BlackRot, Apple_Scab, Pepper_Healthy, Pepper_BacterialSpot, Peach_Healthy, 

Peach_BacterialSpot, Potato_Healthy, Potato_EarlyBlight, Potato_LateBlight, 

Tomato_LateBlight, Tomato_Healthy, Grapes_Esca, Grapes_BlackRot, Grapes_Healthy. 

2.1 Hybrid CAE–MOCNN Model Architecture 

The research has been conducted in two phases. The first phase the CAE is trained for the 

image compression while retaining necessary features for classification. In the second 

stage, the compressed yet feature-rich images are given to MOCNN for multiple output 

classifications. 

Stage 1: Convolutional Autoencoder (CAE) 

The CAE architecture consists of two primary components: Encoder and Decoder. In 

encoder, three convolutional blocks with max-pooling, are utilised to continue 

downsampling the input image resolution while preserving essential features . Whereas the 

decoder utilizes three convolutional blocks with upscaling to reconstruct the original 

image. The overall architecture is shown in the Figure 2.1.  

 

Figure 2.1: The CAE architecture 

Stage 2: Multiple Output Classification (MOCNN) 

Following the compression of images by the CAE encoder, the resulting low-dimensional 

representations were used as input to a CNN model structured for Multiple output 

Classification. The CNN architecture is composed of shared convolutional layers and task-

specific branches for species and disease classification. Shared convolutional layers: Two 

initial convolutional layers with 32 and 64 filters, respectively, followed by batch 

normalisation and max pooling layers. Task-specific branches: The network includes 

separate branches for each classification task: Species Classification Branch and Disease 

Classification Branch [9]. 

3 Training Procedure 

The MOCNN was trained initially with optimisation algorithm of Stochastic Gradient 

Descent, with an initial learning rate set to 0.001 and momentum to 0.9, and a weight 

decay of 1e−6 to help control overfitting, while a batch size of 10 was used during training. 

In the second phase, a convolutional autoencoder (CAE) with a total of six layers was 

trained, where the encoder was composed of three convolutional layers followed by three 

max-pooling layers, and the decoder followed a similar structure using three convolutional 

layers along with three upscaling layers. 100 epochs were used to tran CAE with ADAM 

optimizer.The batch size of 32 was set, and the normalized root mean square error 
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(NRMSE) was adopted as the reconstruction loss function. For evaluating the models, the 

performance metrics has been utilized as can be seen in Table 1 and 2. For effective loss 

calculation while retaining necessary features, NRMSE (Normalized Root Mean Squared 

Error) is employed. The equation for NRMSE is given below: 

NRMSE (X0, XR) =
√
1

𝑁
∑ (𝑋0−𝑋𝑅)𝑁
𝑖=1

𝑃𝑚𝑎𝑥−𝑃𝑚𝑖𝑛
 

Where, X₀ and Xᴿ are the pixel value of the original and regenerated leaf images for all N  number 

of image pixels. Pₘₐₓ and Pₘᵢₙ are the intensities with maximum and minimumin the input image. 

 Results and Discussion 

The experiment was designed to reduce the complexity of the multi-output CNN 

(MOCNN) that predicts both species and disease from a single leaf image. Complexity was 

quantified by the trainable-parameter count and was targeted primarily by narrowing 

convolutional filters and reducing units in dense layers. The results obtained are presented 

below: 

4.1 Model Efficiency: Trainable parameters and Time 

MOCNN: The trainable parameters are majorly contributed by the convolution and dense 

layers. The MOCNN introduces 19,584 in shared layers, 1,07,523 from species and 

5,01,404 from disease layers. Total accumulated to 6,28,511. The model took 

approximately 180 min to train.  

Hybrid CAE–MOCNN: The CAE itself contributes 4,163. The accumulated parameters of 

CAE and MOCNN after using compressed images introduce 3,12,907 trainable parameters. 

The hybrid model took approximately 70 minutes to train. 

4.1 Metric results before Integration of CAE 

The results were compiled before and after the integration of CAE to the MOCNN. The 

Table 1 represent the results obtained before and Table 2 shows the results obtained after 

the integration. 

Table 1: Accuracy, precision, recall and F1 score of MOCNN for 

classification of species and disease before integration of CAE 

Metrics Species Disease 

Training Accuracy 95.9% 95.00% 

Testing Accuracy 94.25% 93.79% 

Precision 96.91% 95.65% 

Recall 96.06% 95.19% 

F1 Score 96.48% 95.41% 

4.2 Metric results after Integration of CAE 

Table 2: Accuracy, precision, recall and F1 score of MOCNN for 

classification of species and disease after integration of CAE 

Metrics Species Disease 

Training Accuracy 92.78% 93.36% 
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Testing Accuracy 91.75% 89.64% 

Precision 95.08% 94.14% 

Recall 93.75% 92.54% 

F1 Score 94.41% 93.33% 

4.3 Impact of CAE Integration on Model Performance 

Incorporating a convolutional autoencoder (CAE) into the MOCNN framework led to a 

considerable decrease in model complexity, with only a slight decrease in classification 

performance across accuracy, precision, recall, and F1 metrics. The parameter count fell 

from 628,511 to 312,907 (a 50.21% reduction), while training time was shortened from 

180 to 70 minutes (61% improvement). The resulting efficiency–performance balance was 

considered a favourable trade-off, particularly in scenarios with limited computational 

resources. 

5. Conclusion 

A hybrid CAE–MOCNN architecture was proposed to classify plant species and associated 

diseases while significantly reducing computational complexity. By incorporating a 

convolutional autoencoder (CAE) for dimensionality reduction into the MOCNN 

framework, the number of trainable parameters was reduced by approximately 50.21%—

from 628,511 to 312,907. This reduction came at the cost of a modest decline in test 

accuracy: of approximately 2.5 percentage points for species classification and 4.15 points 

for disease identification. However, training time was substantially improved, dropping 

from 180 to 70 minutes. These results indicate that integrating a CAE into CNN-based 

architectures can achieve an effective trade-off between computational efficiency and 

predictive performance, making it a viable approach for deployment in resource-

constrained environments. Future work could explore enhancements such as adaptive 

attention mechanisms and lightweight CNN modules to further improve accuracy while 

maintaining low model complexity. 
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Abstract.  

Air pollution poses a persistent and escalating threat to public health and environmental 

sustainability in India, necessitating advanced predictive solutions for effective management 

and timely intervention. This research introduces an original dual-task framework for Air 

Quality Index (AQI) prediction, designed to simultaneously address both regression 

(continuous AQI values) and classification (discrete health categories) challenges. The 

proposed approach leverages a comprehensive, multi-year dataset comprising daily 

pollutant measurements from diverse monitoring stations across India, ensuring robust 

model training and evaluation. 

To rigorously assess predictive performance, we implement and compare two prominent 

machine learning models: Decision Tree and Random Forest [10]. The Random Forest 

algorithm consistently demonstrates superior accuracy and reliability, achieving an R² of 

0.90 in regression tasks and 88% accuracy in classification, outperforming the Decision Tree 

across all evaluation metrics. Feature importance analysis further highlights the critical role 

of PM2.5, PM10, and CO in determining AQI levels [9]. 

The originality of this work lies in its unified dual-task methodology, which provides both 

precise numerical forecasts and actionable health advisories, thereby enhancing the practical 

impact of AQI prediction for policymakers and the general public. The results validate the 

effectiveness of ensemble learning techniques in environmental informatics and underscore 

their potential for supporting data-driven air quality management in rapidly urbanizing 

regions [2]. 

Keywords. Air pollution, Public health, Environmental sustainability, Air Quality Index 

(AQI), Regression and classification, Machine learning, Decision Tree, PM2.5, PM10, CO, 

Ensemble learning, Environmental informatics, Numerical forecasts and health categories, 

Random Forest. 
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1. INTRODUCTION 

Air pollution has emerged as one of the most pressing environmental and public health 

challenges in India, driven by rapid urbanization, industrial expansion, and increasing 

vehicular emissions [7]. Major metropolitan areas such as Delhi, Mumbai, and Kolkata 

frequently record pollutant concentrations that far exceed the safety thresholds established 

by international agencies, including the World Health Organisation (WHO) [1]. The adverse 

effects of poor air quality are evident in the rising incidence of respiratory illnesses, 

cardiovascular diseases, and reduced life expectancy among urban populations [3], [8]. 

To address these concerns, the Air Quality Index (AQI) has been adopted as a standardised 

metric for communicating the severity of air pollution to the public and policymakers. The 

AQI condenses complex measurements of multiple pollutants—such as particulate matter 

(PM2.5, PM10), nitrogen oxides (NOx), ammonia (NH₃), carbon monoxide (CO), sulphur 

dioxide (SO₂), and ozone (O₃)—into a single, interpretable value. This enables timely 

dissemination of health advisories and supports informed decision-making for 

environmental management. 

Despite its utility, accurate forecasting of AQI remains a significant challenge. The dynamic 

and non-linear interactions among atmospheric pollutants, coupled with the influence of 

meteorological factors, complicate traditional statistical modeling approaches [2], [11]. 

Furthermore, the presence of missing data, outliers, and high variability in pollutant 

concentrations necessitates robust analytical techniques capable of handling real-world 

complexities [17]. 

Recent advancements in machine learning have shown considerable promise in overcoming 

these limitations [2]. Tree-based models, such as Decision Trees and Random Forests, are 

particularly well-suited for air quality prediction due to their ability to capture intricate 

relationships within heterogeneous datasets and provide interpretable results [10]. These 

models not only enhance predictive accuracy but also facilitate the identification of key 

contributing factors, thereby supporting targeted interventions. 

This research is motivated by the need for reliable AQI forecasting frameworks that can 

deliver both precise numerical predictions and actionable health categorizations. By 

leveraging ensemble learning techniques and comprehensive air quality datasets from Indian 

monitoring stations, the present study aims to advance the state-of-the-art in environmental 

informatics and contribute to effective air quality management strategies. 

2. RELATED WORK 

The prediction of Air Quality Index (AQI) has garnered significant attention in recent years, 

driven by the urgent need to address environmental and public health challenges in rapidly 

urbanizing regions such as India. A wide array of machine learning techniques has been 

explored for AQI forecasting, including Support Vector Machines (SVM), Artificial Neural 

Networks (ANN), Decision Trees (DT), and ensemble methods like Random Forests (RF) 

[5]. These approaches have demonstrated varying degrees of success in capturing the 

complex, non-linear relationships among atmospheric pollutants and meteorological 

variables [2]. 
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Several studies have established the superiority of ensemble learning methods, particularly 

Random Forests, over single-model approaches for both regression and classification tasks 

in air quality prediction [10], [18]. For instance, Ravindiran et al. [2] demonstrated improved 

predictive accuracy using machine learning ensembles in Indian coastal cities. Singh et al. 

[5] provided direct comparisons between DT and RF for AQI regression across several 

Indian cities, concluding that the ensemble strategy of RF significantly enhances predictive 

performance. Zaini et al. [6] similarly identified RF as a superior model in international 

contexts for predicting ground-level ozone. 

Recent work by Reddy et al. [4] advanced this approach in Hyderabad by employing an 

ensemble stacking technique to achieve accuracy levels unattainable by any single 

constituent model. Prakash et al. [13] and other comparative studies have often placed RF 

ahead of other advanced models like Gradient Boosting for similar tasks. 

Despite these advancements, most prior research has focused on either continuous AQI 

value prediction (regression) or categorical health risk classification, often treating these 

tasks in isolation [15]. A notable gap in the literature is the lack of unified frameworks that 

simultaneously address both regression and classification objectives within AQI prediction. 

Existing models typically optimize for a single output type, limiting their practical utility for 

comprehensive air quality management and public health advisories. 

The current study addresses this gap by proposing a dual-task approach that integrates both 

regression and classification within a single ensemble learning framework. This 

methodological innovation enables the generation of precise AQI forecasts alongside 

actionable health category predictions, thereby enhancing the relevance and impact of 

machine learning solutions in environmental informatics. 

In summary, while machine learning has advanced the state-of-the-art in AQI prediction [2], 

[5], the novelty of this work lies in its unified, dual-task design, which leverages the 

strengths of ensemble models to deliver both quantitative and qualitative insights for air 

quality assessment in India. 

3. METHODOLOGY AND EXPERIMENTAL SETUP 

This section outlines the comprehensive methodology adopted for the dual-task Air Quality 

Index (AQI) prediction framework, emphasising data sources, preprocessing strategies, 

model implementation, and evaluation protocols. The approach is designed to ensure clarity, 

reproducibility, and alignment with IEEE conference standards.  

Dataset Description: The study utilises a multi-year dataset comprising daily air quality 

measurements collected from official monitoring stations across India. The dataset spans the 

years 2015 to 2020 and is sourced from publicly available government repositories. Key 

variables include concentrations of major atmospheric pollutants—PM2.5, PM10, NOx, 

NH3, CO, SO2, and O3—as well as the corresponding AQI values. In addition to continuous 

AQI readings, the dataset provides categorical AQI levels (e.g., Good, Satisfactory, 

Moderate, Poor, Very Poor, Severe) to facilitate both regression and classification tasks. 

source 

Data Preprocessing: To address missing values, median imputation was employed for each 

pollutant and AQI variable, ensuring robust handling of incomplete records without 

file:///D:/citations/f33f94bd-b0d2-4bb4-990e-f99b868d4260
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introducing bias[17]. Outlier detection was performed using interquartile range (IQR) 

analysis, and extreme values were either capped or removed based on their impact on model 

stability. All features were normalized using min-max scaling to harmonize variable ranges 

and enhance model convergence. The categorical AQI levels were encoded numerically to 

support classification algorithms. 

Model Implementation: Two supervised machine learning models were implemented for 

comparative analysis: Decision Tree and Random Forest [10]. Both models were developed 

using the scikit-learn library in Python [3], adhering to best practices for reproducibility. 

The Decision Tree model serves as a baseline, while the Random Forest model leverages 

ensemble learning to improve predictive accuracy and generalization [18]. Hyperparameters 

for both models were optimized via grid search and cross-validation. 

Evaluation Protocol: To rigorously assess model performance and generalizability, the 

dataset was partitioned into training and testing subsets using three distinct splits: 70:30, 

80:20, and 90:10. This multi-split strategy enables evaluation under varying data availability 

scenarios and mitigates the risk of overfitting. All experiments were repeated with 

randomized shuffling to ensure statistical robustness. 

4. PERFORMANCE EVALUATION METRICS 

In this study, rigorous evaluation metrics were employed to assess the predictive 

performance of the proposed models for Air Quality Index (AQI) forecasting. The selection 

of metrics was guided by the dual-task nature of the framework, which encompasses both 

regression (continuous AQI prediction) and classification (categorical health impact levels). 

Each metric was chosen for its ability to provide meaningful insights into model accuracy, 

reliability, and practical utility in the context of air quality management.  

4.1 Regression Metrics: 

For the regression task, which involves predicting the numerical value of AQI, three primary 

metrics were utilized:  

Mean Absolute Error (MAE): MAE quantifies the average magnitude of errors between 

predicted and actual AQI values, without considering their direction. It is defined as the 

mean of the absolute differences between predictions and observations. MAE is particularly 

relevant for air quality studies as it provides a straightforward interpretation of prediction 

accuracy in the same units as the AQI, facilitating direct assessment of model performance.  

Root Mean Squared Error (RMSE): RMSE measures the square root of the average 

squared differences between predicted and actual values. By penalizing larger errors more 

heavily, RMSE is sensitive to outliers and provides a robust indication of model fit. In the 

context of AQI prediction, RMSE helps identify models that minimize significant 

deviations, which is critical for reliable public health advisories.  

Coefficient of Determination (R²): R² evaluates the proportion of variance in the observed 

AQI values that is explained by the model. A higher R² value indicates better explanatory 

power and model reliability. This metric is essential for understanding the overall 

effectiveness of the predictive framework in capturing the underlying patterns of air 

pollution data.  
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4.2 Classification Metrics: 

For the classification task, which involves categorizing AQI into discrete health impact 

levels, the following metrics were applied:  

Accuracy: Accuracy represents the proportion of correctly classified instances among all 

predictions. It provides a general measure of model effectiveness but may be insufficient in 

cases of class imbalance, which is common in environmental datasets.  

Precision: Precision quantifies the proportion of true positive predictions among all positive 

predictions made by the model. High precision is crucial when the cost of false positives is 

significant, such as issuing unnecessary health warnings.  

Recall: Recall, or sensitivity, measures the proportion of actual positive cases that are 

correctly identified by the model. In AQI classification, high recall ensures that most 

hazardous air quality events are detected, minimizing public health risks.  

F1-Score: The F1-score is the harmonic mean of precision and recall, providing a balanced 

assessment of model performance, especially in scenarios with uneven class distributions. It 

is particularly valuable for evaluating the trade-off between false positives and false 

negatives in AQI categorization.  

5. RESULTS AND DISCUSSION 

The results of this study provide a comprehensive evaluation of the proposed dual-task 

framework for Air Quality Index (AQI) prediction in India, utilizing both regression and 

classification approaches. The analysis encompasses exploratory data assessment, model 

performance comparison, feature importance interpretation, and reliability validation 

through multiple visualizations and tables.  

Exploratory Analysis: Initial examination of the dataset revealed substantial variability and 

the presence of outliers in pollutant concentrations across monitoring stations. This 

underscores the necessity for robust modeling techniques capable of handling heterogeneous 

and noisy environmental data. The distribution of key pollutants, such as PM2.5, PM10, and 

CO, was visualized using boxplots, which highlighted the skewness and range of values 

observed during the study period. 
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Figure 1: Relative importance of pollutants in AQI prediction, as determined by the 

Random Forest model. 

 

Regression Results: The Random Forest (RF) model demonstrated superior predictive 

capability in estimating continuous AQI values compared to the Decision Tree (DT) model 

[10]. Across all train-test splits, RF consistently achieved higher coefficients of 

determination (R²), lower mean absolute errors (MAE), and reduced root mean squared 

errors (RMSE). Specifically, the RF model attained an R² of 0.90, indicating that 90% of the 

variance in AQI was explained by the model. These findings are summarized in Table 1 

 

 

Figure 2: Distribution of residuals for predicted AQI values, indicating a well-fitted model 

with minimal bias. 

Classification Results: For the task of categorizing AQI into health-based buckets, the RF 

model again outperformed the DT model, achieving an overall classification accuracy of 

88% and an F1-score of 0.87. The confusion matrix (Figure 3) demonstrates the reliability 

of the RF model in correctly identifying AQI categories, with balanced precision and recall 

across classes. Table 2 presents a comparative summary of classification metrics for both 

models. 
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Figure 3: Confusion matrix for AQI classification using the Random Forest model, 

highlighting prediction reliability across categories. 

 

Feature Importance: Analysis of feature importance revealed that PM2.5, PM10, and CO 

are the most influential variables in AQI prediction, as depicted in Figure 1. This insight 

aligns with established environmental research [9],[16], confirming the critical role of 

particulate matter and carbon monoxide in determining air quality levels in urban Indian 

contexts. 

Model Reliability: The robustness of the Random Forest model was validated through 

multiple train-test splits and residual analyses. The residuals plot (Figure 2) indicates 

minimal bias and homoscedasticity, further supporting the reliability of the model's 

predictions. The consistent performance across different evaluation metrics and data 

partitions underscores the practical applicability of the proposed framework for real-world 

AQI forecasting [18]. 

 

Summary Tables: 

Table 1: Regression performance metrics for Decision Tree and Random Forest models 

across different train-test splits. 

Model Train-Test Split R² MAE RMSE 

Decision Tree 70:30 0.77 18.2 25.6 

Random Forest 70:30 0.90 11.4 15.2 

Decision Tree 80:20 0.78 17.9 25.1 

Random Forest 80:20 0.91 10.9 14.8 

Decision Tree 90:10 0.79 17.5 24.7 

Random Forest 90:10 0.91 10.7 14.5 
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Table 2: Classification performance metrics for Decision Tree and Random Forest models 

across different train-test splits. 

 

Model Train-Test Split Accuracy Precision Recall F1-Score 

Decision Tree 70:30 0.81 0.80 0.79 0.79 

Random Forest 70:30 0.88 0.87 0.87 0.87 

Decision Tree 80:20 0.82 0.81 0.80 0.80 

Random Forest 80:20 0.88 0.87 0.87 0.87 

Decision Tree 90:10 0.82 0.81 0.80 0.80 

Random Forest 90:10 0.88 0.87 0.87 0.87 

In summary, the Random Forest model offers a robust and reliable solution for AQI 

prediction in India, outperforming traditional Decision Tree approaches in both regression 

and classification tasks [5], [10]. The integration of feature importance analysis and 

comprehensive evaluation metrics further substantiates the model's practical value for 

environmental monitoring and public health decision-making. 

6. CONCLUSION 

This study presents a comprehensive dual-task framework for Air Quality Index (AQI) 

prediction in India, integrating both regression and classification methodologies to deliver 

precise numerical forecasts and actionable health advisories. By leveraging ensemble 

learning techniques, particularly the Random Forest model [10], the proposed approach 

demonstrates significant improvements in predictive accuracy and reliability over traditional 

single-model methods. The framework not only quantifies AQI values but also categorizes 

air quality levels, thereby enhancing its practical utility for public health officials and 

policymakers. 

The empirical results underscore the effectiveness of ensemble models in handling complex, 

multi-dimensional environmental datasets [2], [18]. Feature importance analysis further 

reveals the critical role of pollutants such as PM2.5, PM10, and CO in determining AQI [9], 

providing valuable insights for targeted interventions and resource allocation. The dual-task 

strategy ensures that both continuous and categorical aspects of air quality are addressed, 

supporting more informed decision-making and timely public health responses. 

Looking ahead, future research should focus on enriching the predictive framework by 

incorporating meteorological variables, such as temperature, humidity, and wind speed, 

which are known to influence pollutant dispersion and concentration. Additionally, the 

adoption of advanced temporal models, including recurrent neural networks and long short-

term memory (LSTM) architectures [12], holds promise for capturing dynamic patterns and 

improving forecast accuracy over extended time horizons.  
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Abstract 

The project introduces an AI-based system for question paper generation to automate exam 

creation processes. The traditional school method requires extensive time and human effort 

while frequently failing to maintain balanced question difficulty levels. The system combines 

NLP capabilities with Machine Learning algorithms to produce and organize questions which 

automatically evaluate according to syllabus input and subject parameters and question types 

and marks and difficulty criteria. The system will preserve variety by applying semantic 

similarity approaches and will use MongoDB to store its data. The system provides a 

complete web interface that allows secure role-based access for faculty members to manage 

their tasks with ease. The system produces template-based question papers that users can save 

as PDF and Word files 

Keywords: Machine Learning, NLP, MongoDb, NoSQL,PDF&WORD files, SDG goal:4 

Quality Education 

 Introduction 

These The conventional process of developing scholarly tests, including question papers, has 

been a mainstay of the education system for many years. This process is therefore usually 

known for being time-consuming and strenuous for instructors, with a heavy workload. 

Developing an excellent exam involves attentively considering several aspects, such as a 

clear fit with the syllabus, correct levels of difficulty, and an even distribution of marks 

between different subject matters. Manually meeting these requirements is not only time-

consuming but prone to human error, creating inconsistencies in the level and overall quality 

of the test. The absence of a reliable and objective process for equalizing these factors can 

undermine the fairness and validity of the assessment process.  

Over the past decade, the swift development of artificial intelligence (AI) has offered a 

revolutionary chance to mechanize and streamline intricate, knowledge-intensive processes. 

Education is especially well-suited to take advantage of these technologies. The research 

here  suggests the creation of an AI-driven question paper generation system that is geared 

to overcome the very basic problems of conventional exam development. By incorporating 

advanced technologies like Natural Language Processing (NLP) and Machine Learning 

(ML), the system is intended to automate the whole process, from question generation to 

final paper compilation. The system to be proposed will scan the given syllabus and other 

important parameters, such as subject, question type, distribution of marks, and required 

difficulty criteria, to generate and categorize questions automatically.  Ensuring the 

difficulty levels remain balanced across all the assessments. In addition, to avoid repetition 

and attain rich variety of questions, the system will utilize semantic similarity methods to 
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generate varied and different assessments. All information, including questions and system 

parameters, will be stored and handled efficiently using MongoDB, a scalable NoSQL 

database. To ensure greater usability, the system will have a full-stack web interface with 

role-based secure access, where faculty members will be able to handle the whole workflow 

with unprecedented ease and efficiency. This secure, easy-to-use space will allow educators 

to monitor the process while the AI performs the complex, repetitive work. Lastly, the 

system will generate question papers in a standardized, template-based output that is easily 

exportable as PDF or Word documents, making them easily applicable for academic use. 

Literature Review 

 There has been an increase in research on education technology, with AI being noted to 

play a significant role in the automation of assessments. There have been a number of 

approaches explored: Question Generation with NLP: Experiments have indicated that it is 

possible to use NLP methods like Part-of-Speech (POS)tagging, Named Entity Recognition 

(NER), and syntactic parsing to produce informative questions from course content. The 

methods guarantee that produced questions are contextually appropriate (Liu et al., 2020). 

[2]Machine Learning for Classification: Decision Trees, Support Vector Machines (SVM), 

and Neural Networks are used to classify questions into levels of difficulty (easy, medium, 

hard). Balanced question distribution is facilitated over examinations (Zhang et al., 2021). 

[3]Semantic Similarity within Question Banks: For providing diversity while minimizing 

redundancy, semantic similarity methods like cosine similarity and Word2Vec embeddings 

have been utilized. These methods ensure similar questions are not repeatedly picked 

(Mitra & Baral, 2019).Databases for Educational Use: NoSQL databases such as 

MongoDB have been implemented in new education frameworks because of their 

scalability, schema adaptability ,and effective retrieval of unstructured information (Patel 

& Mehta, 2022). 

 

Proposed Methodology 

 

Creation and Storage of Question Bank  

The The core of the system is to create an exhaustive and well organized question 

repository. Faculty members will be uploading questions into the repository, properly 

classified by subject, topic, question type (for example, MCQ, descriptive, true/false, or 

short/long answer), marks, and difficulty level. The information will be housed in 

MongoDB, which supports high scalability, flexibility, and optimal retrieval of big data.This 

way, faculty can easily update and manage questions while keeping the database organized 

and easily accessible. 

Question Paper Generation Engine 

The question paper generation engine is at the center of the system. Faculty members will 

provide input parameters like subject, syllabus coverage, distribution of marks, the total 

number of questions, and the desirable difficulty ratio (e.g.,40% easy, 40% medium, and 

20% hard). With these inputs, the engine will generate appropriate questions from the 

database dynamically, with a balanced and well-structured paper. Besides, the engine offers 

template-based formatting, which offers professional layouts and designs that comply with 

standards and can be tailored according to faculty needs. 

 

Question Classification and Difficulty Prediction 
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To enable machine learning to automatically judge question difficulty, models like Random 

Forest, Support Vector Machines (SVM), or Neural Networks will be trained on pre tagged  

datasets. The models will be trained to classify new questions into difficulty levels based on 

features that they extract. Some of these features are sentence length, linguistic complexity, 

richness of vocabulary, and cognitive categorization based on Bloom's Taxonomy. 

Automating difficulty prediction eliminates subjectivity and provides consistency in 

question classification. 

 

Semantic Similarity for Diversity 

 

One of the main issues with question paper generation is prevention from repetition and 

keeping the coverage broad for syllabus topics. In this regard, the system adapts NLP-based 

semantic similarity methods like TF-IDF vectorization, BERT embeddings, and cosine 

similarity measures. These measures assist in the detection and elimination of duplicate or 

highly similar questions during selection. As a result, the papers generated become more 

diverse, leading to increased fairness and comprehensiveness. 

 

Web-Based Interface and Security 

 

An easy-to-use, full-stack web application is the central interface for system interaction. The 

system provides role based access to various stakeholders. Administrators have access to 

system users, templates, and database settings, while faculty members can upload and 

manage questions and generate papers. A potential future add-on is a student module to 

view practice papers. Security is addressed through user authentication, stored data 

encryption, and secure access controls to ensure sensitive educational content is kept safe. 

 

Export Options 

 

Lastly, the system offers export options with flexibility for academic purposes. The 

produced question papers can be exported in PDF or Word formats for easy sharing digitally 

and printing hard copies, respectively. This feature integrates smoothly into academic 

workflows already in place while minimizing time and effort for educators. Finally the  

 

Figure1 Workflow of project 
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Results and Discussions: 

 

While the project is in its development phase, the designed system is expected to provide a 

number of valuable advantages that can improve the process of creating examination papers 

in educational institutions. One of the most striking benefits is efficiency. Since the paper 

generation is automated, the system can save the time and effort of the faculty members by 

up to 70%. Historically, instructors take a few hours to choose, organize, and structure 

questions, but with this system, it is done virtually instantly after entering the parameters 

needed. This instantaneous aspect saves time for teachers and allows them to give greater 

attention to teaching and guiding students instead of paperwork. 

Although these potential advantages are highly desirable, there are some challenges that 

need to be met to make the system robust. One such challenge is maintaining high accuracy 

in difficulty classification, especially for subjective or domain specific questions where 

linguistic features are not enough to define complexity. Another challenge is dealing with 

domain specific question types like numerical problems in mathematics or case studies in 

management, which need to be dealt with by special processing methods. In addition, the 

integrity of exam data must be ensured, as unauthorized access or data leakage would risk 

invalidating the integrity of tests. In order to overcome these risks, ongoing training and 

calibration of ML models, sophisticated NLP pipelines, and the implementation of 

cybersecurity features including encryption, authentication, and access control will be 

inevitable. 

  
Figure 2: Interface of the project                        Figure 3: Generated papers 

 

Conclusion 

This work presents a new AI-driven question paper generation system that harmoniously combines 

natural language processing (NLP), machine learning algorithms, semantic similarity metrics, and a 

secure full-stack web interface to streamline and improve the process of exam paper 

generation.Through the use of these cutting-edge technologies, the system efficiently minimizes the 

task load of the faculty members, who historically have devoted considerable time and energy to 

creating equitable and balanced exams, while at the same time maintaining fairness and objectivity by 

using automateddifficulty rating and diversity screening for question selection.The integration of 

MongoDB as the database framework allows the system to scale seamlessly, accommodating large 

question repositories across many subjects, without compromising on quick and reliable retrieval 

systems. In addition, integrating template-based formatting and export flexibility in common formats 

like PDF and Word increases usability, making itfeasible for institutions to implement the system 

within theexisting academic workflows without added complexity. 
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Abstract 

This paper presents an innovative attendance management system based on Near Field 

Communication (NFC) technology integrated with deep learning–based facial recognition. The 

proposed system enhances the security and accuracy of attendance recording by ensuring that 

only physically present individuals with verified identities are marked present. Facial features 

captured in real time are matched against identity information stored in an NFC tag embedded 

in the user’s identification card, thereby preventing proxy attendance and identity misuse. By 

tightly coupling facial verification with NFC-based authentication, the system significantly 

reduces attendance-related fraud in educational institutions and workplaces. Experimental 

results demonstrate that the proposed solution is efficient, reliable, and achieves high accuracy 

under real-world conditions, making it suitable for large-scale deployment. 

Keywords— NFC, Facial Recognition, Attendance System, YOLO, ID Verification, 

Sustainable Cities and Communities, Decent Work and Economic Growth, Industry, 

Innovation and Infrastructure. 

 

1. Introduction 

 

The accuracy and integrity of attendance management are critical concerns in educational 

and organizational environments, where traditional manual and standalone biometric methods 

are often inefficient, time-consuming, and vulnerable to fraud such as proxy attendance and 

identity misuse. To address these limitations, this paper proposes a robust and technologically 

advanced attendance system that integrates Near Field Communication (NFC) with deep 

learning–based facial recognition to achieve dual-layer authentication. In the proposed 

approach, an individual first authenticates using an NFC-enabled identification card, a 

technology widely adopted for secure access and rapid verification, and this authentication is 

then reinforced by real-time facial recognition, where the captured facial features are cross- 

verified against the identity data stored within the NFC tag. This combined verification ensures 

that the correct individual is physically present and eliminates risks associated with card 

sharing or unauthorized usage. By coupling biometric validation with NFC-based 

identification, the system significantly enhances security, improves accuracy, and accelerates 

the attendance marking process, even in environments with large user volumes. Moreover, the 

solution reduces administrative overhead, prevents attendance-related fraud, and offers 

scalability and adaptability across diverse settings such as schools, universities, workplaces, 

and other secure facilities. Experimental evaluation under real-world conditions demonstrates 

that the proposed system operates efficiently and reliably, validating its potential for practical 

deployment and establishing it as a modern, fraud-resistant, and highly accurate attendance 

mailto:j.jeyabharathi@klu.ac.in
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2. Literature Survey 

 

Recent studies indicate that existing attendance management systems based on single-factor 

authentication suffer from significant limitations in terms of accuracy and fraud resistance. 

Biometric-only attendance systems, such as fingerprint and facial recognition, have become 

popular due to their contactless operation and ease of deployment; however, they remain 

vulnerable to spoofing attacks using photographs or artificial biometric samples, and the lack 

of dual authentication makes them susceptible to proxy attendance, as highlighted in [2]. Near 

Field Communication (NFC) technology has been extensively adopted in access control, 

payment, and identification systems because of its short-range secure communication and 

operational efficiency [3]. While prior work has demonstrated the effectiveness of NFC in 

multi-factor authentication frameworks [4], its application as a standalone solution in 

attendance systems is limited by issues such as card sharing, loss or theft, and the inability to 

ensure the physical presence of the authenticated user. In parallel, advances in face recognition 

powered by deep learning techniques, including convolutional neural networks, transfer 

learning, and lightweight detection frameworks, have significantly improved recognition 

accuracy and processing speed in controlled and semi-controlled environments [5]. 

 

Recent hybrid approaches combine facial recognition with NFC-based identification to achieve 

multilayer verification, where identity is confirmed through both biometric matching and NFC 

data validation, as explored in [6]. These dual-factor systems typically perform sequential or 

integrated authentication, striking a balance between the speed of card-based methods and the 

security of biometric verification, and have demonstrated improved resistance to attendance 

fraud and reliable performance in classroom-scale deployments. Collectively, the literature 

emphasizes the necessity of integrating NFC and face recognition technologies to overcome 

the inherent weaknesses of single-factor attendance systems and to develop more secure, 

efficient, and scalable solutions. 

 

 

3. Methodology 

The proposed attendance system is designed as a dual-verification framework that integrates 

Near Field Communication (NFC)–based identification with machine learning–driven 

facial recognition to ensure secure and accurate attendance marking. Each student is issued an 

NFC-enabled ID card containing a unique identifier, such as name and registration number, 

which is read using an NFC-capable smartphone acting as the reader. Upon tapping the card, 

the NFC module transmits the stored credentials to the backend server for validation. 

Simultaneously, a webcam captures the student’s facial image, which is processed by a deep 

learning–based face recognition pipeline. A custom dataset was created by collecting student 

images, annotating facial bounding boxes using Roboflow, applying preprocessing and 

extensive data augmentation, and exporting the dataset in YOLOv8 format. A lightweight 

YOLOv8n model was then fine-tuned on this dataset to enable fast and accurate real-time face 

detection suitable for classroom environments. The system cross-verifies the unique ID 

obtained from the NFC tag with the identity predicted by the face recognition model, and 

attendance is marked as present only when both outputs match; otherwise, the student is marked 

absent. The implementation leverages the Web NFC API for NFC interactions, real-time video 
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capture for face detection, and Firebase for secure authentication (email/password and OAuth 

2.0) and cloud-based storage of attendance records. The integrated system provides faculty- 

facing dashboards for login, monitoring, and attendance management. Experimental evaluation 

was conducted in a real classroom setting with approximately ten students over a two-week 

period, and system accuracy was assessed based on successful matches between NFC data and 

facial recognition results, demonstrating reliable performance and practical feasibility for 

institutional deployment. 
 

Fig1. Architecture Flow Diagram Fig2. Attendance system Working 
 

Fig 3. Writing in NFC Tag Fig 4. Reading the NFC tag 
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Analytics: 
 

Fig 5. Analytics of attendance over the days 

 

 

 

4. Conclusion 

 

The integration of NFC with facial recognition further enhances both the security and accuracy 

of attendance systems. The proposed system prevents students from marking each other's 

attendance, which is a common phenomenon in academic institutions because two different 

factors, namely, NFC and facial features, are used for attendance marking. The drawbacks of 

the system, such as high setup costs and requirement of a clear view of face, have been 

considered, and further enhancement opportunities have been brainstormed and presented. This 

paper presented a novel NFC-based attendance system that combined the techniques of 

machine learning-based facial recognition with ID verification via NFC to record attendance. 

The system proposed in this paper has been satisfactorily observed to be very accurate and 

efficient; therefore, it can be used as a feasible option for the educational institutes of the 

modern days. 
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Abstract.  
 

With the exponential growth of the global population due to climate-related events, there is 

an ever-increasing priority placed on agricultural production; therefore, this article will 

investigate how Artificial Intelligence (AI) has the ability to help facilitate Sustainable 

Agriculture through use of intelligently managing resources to sustainably produce food. 

Historically, agricultural systems were not designed to effectively address environmental 

pollution, and historical approaches have ultimately resulted in depletion of our natural 

resources. When AI and Precision Agriculture are combined, we can predict how crops 

will grow, optimise available resources, lower the risk of crop loss, increase the efficiency 

of farming practices, etc. There are sensors, drones and satellite imagery that provide data 

about soil composition, environmental conditions and plant health. This information is 

processed by employing AI analytic techniques, and decision-making is guided through 

this data. AI also allows for the early identification of diseases and pests in plants and 

allows for enhancement of yield, as well as simplification of managing a farm's operations; 

therefore, Agriculture will be influenced significantly by AI in terms of providing secure 

food systems for future generations. 

Keywords: Eco Farming Agriculture, Artificial Intelligence, Accurate Farming, Advanced 

Analytics, Machine Learning 

1. INTRODUCTION 

Global food availability is becoming a major concern due to changing climate condition 

and the continuous increase in Population. Traditional agricultural methods typically 

depend on Natural Resources and Labor, making them an unsustainable means of 

production for the long-term future. Artificial Intelligence is introducing Innovative 

Solutions to Current Challenges faced by Agriculture which improve Productivity as well 

as Reduce Use of Natural Resources. Precision Farming using Artificial Intelligence has 

allowed Farmers to observe real-time Conditions affecting their Crops, Soil, Weather and 

mailto:kavanagowdays@gmail.com
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more. Artificial Intelligence systems help Farmers utilize Machine Learning, Computer 

Vision and Data Analytics to Optimize Irrigation, Fertilizers and Pesticide Applications 

and ultimately support Sustainable Farming Practices. 

2. METHODOLOGY OF WORK FLOW 

 

A structured process using Artificial Intelligence (AI) is at the core of Eco-Farming. It 

work based on the Environmental, Social, Human and Economic Cost Model to produce 

crops sustainably.The Eco-Farming process collects information from sensors, satellite 

images and drones to measure the health of an ecosystem, monitor crop development, 

determine weather patterns, and assess pest behaviour to create a wealth of information 

that can be used as historical data to make predictions about future agricultural production. 

Farmers use this information to create an informed prediction of the yield of their crops, 

detect diseases before they develop into larger issues, and manage their resources in ways 

that allow them to produce the largest amount of crop on the smallest amount of land. 

Providing farmers with real-time, decision-support systems that are based on the research 

from Eco-Farming collects this information continually, allowing farmers to monitor 

changes in productivity and continually improve their practices. 

3. AI IN ECO-FARMING AGRICULTURE 

Because of its ability to identify early instances of pest infestation or crop disease AI is an 

important tool for sustainable agricultural techniques and methods. Through the use of AI, 

Farmers are able to manage their resource allocations more effectively. For example, an AI 

can recognize particular crops impacted by disease and/or pests before they become more 

serious issues for farmers by combining image processing techniques with deep learning 

algorithms. Additionally, by using precision agriculture techniques, farmers are able to 

better utilize water, fertilizers and pesticides because only the amount needed is applied at 

each application location on their crops; thus helping to reduce adverse environmental 

effects. Improvements in harvesting efficiency (which also benefits robopickers) and 
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increasing soil moisture levels (via improved soil monitoring) allow farmers to minimize 

losses while enhancing profitability through increased product sales. 

4. CHALLENGES AND APPLICATIONS 

Even though Artificial Intelligence (AI) provides many advantages to farmers across the 

globe, there are still many impediments to utilizing it within agriculture, including; Poor 

quality of data, Inaccessibility of infrastructure required for utilizing AI on a global level, 

High costs associated with implementing AI into farming operations, Privacy concerns 

related to keeping agricultural data secure, and A lack of access to the appropriate level of 

technical knowledge for Farmers to expand their use of AI in agriculture. As AI continues 

to be adopted throughout Agriculture in a variety of ways, there is a burgeoning list of 

potential opportunities including Digital Farming; Automated Irrigation; Crop Monitoring 

and Management; Pest Control Pesticides and Herbicides; Soil Analysis for Health; and 

Agricultural Supply Chain Supply Chain Management (SCM). With these diverse 

applications of AI, we can expect significant improvements in sustainability, productivity, 

and resilience for our agricultural systems. 

5.           CONCLUSION AND FUTURE SCOPE 

By combining modern farming techniques with the use of Artificial Intelligence 

Technology (AIT) in agriculture, farmers will be able to use the technology to help them to 

make better decisions about their farming practices, use their available resources more 

effectively, and develop agricultural systems that are more adaptive to climate change. The 

successful use of AIT to improve agriculture in the future will require the development of 

scalable, cost-effective, and ethically responsible solutions for AIT-based agriculture that 

will address the unique requirements of local farmers. Working collaboratively as a team 

to develop and implement AIT-assisted eco-farming for all stakeholders, including 

farmers, researchers, policymakers, and providers of technology, can provide an 

exceptional opportunity to improve food security across the globe while ensuring a 

sustainable future for the planet's ecological systems. 
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Abstact 
 

Due to the growing influence of AI on decisions in various industries like healthcare, 

finance, and autonomous systems as well as criminal justice, transparency and 

trustworthiness in AI are becoming increasingly important considerations. While state-of-

the-art AI systems (deep learning models for example) are often referred to as 'black box' 

algorithms because of how they function, Explainable-AI or XAI aims to address this 

challenge through providing people with insight and understanding into how AI has arrived 

at its conclusions so as to enable users to make decisions based on their confidence in the 

decisions made by AI. This paper will provide a detailed review of all explanations generated 

from XAI techniques; organized according to either model-intrinsic or post hoc approaches 

to establishing XAI. Examples of commonly used methods/approaches include but are not 

limited to: LIME; SHAP; Grad-CAM; Attention Mechanisms; Expert Knowledge-Based 

Rule Models; etc., with each example illustrating both the pros/cons of these various 

methods along with application areas where they are most useful. Further, this paper will 

also give an overview of the different evaluation metrics used to measure XAI effectiveness, 

as well as current issues and areas needing continued research effort in the field of XAI. 

Keywords. Accelerometer, gyroscope, GPS tracking, machine learning, smart walking 

stick, fall detection, emergency alarm system, ultrasonic sensor, IoT, assistive technology. 

 

1. INTRODUCTION 

Machine learning and deep learning have made great strides in the effectiveness of artificial 

intelligence (AI). Still, the intricate workings of AI create a situation in which it can be very 

challenging for users to understand how AI reaches its conclusions. This challenge can cause 

users significant risk in many use cases where human accountability, fairness, and safety are 

of utmost importance. Because many regulators have implemented regulations like the 
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General Data Protection Regulation (GDPR) that grant individuals the right to know how 

automated decisions are made, these regulations highlight the need for transparency in AI's 

decision-making processes. XAI has been developed to provide users with explanations that 

allow for the reconciliation of the model's proficiency and a user's ability to interpret the 

model's reasoning using an approach that is understandable, faithful, and actionable. 

2.  LITERATURE REVIEW 

2.1.Interpretable models (White-Box Models) 

Interpretable or white-box models (such as linear regression, decision trees and rule-based 

systems) are transparent by design, and their inherent simplicity makes them easy for users 

to see how input features affect their predictions. Despite their transparency, interpretable 

models typically cannot achieve the same level of predictive accuracy and effectiveness as 

more complex deep learning architectures can. 

2.2. Models using Post Hoc Explainability Techniques 

Post hoc explainability techniques are applied after the training of the model has been 

completed, and LIME generates explanations for local decision boundaries using 

interpretable surrogate models and SHAP uses game theory to estimate feature importance. 

Visualization-based explainability techniques, such as Grad-CAM, identify regions of 

interest (the most salient regions) and indicate the areas that were most responsible for a 
prediction made by a convolutional neural network model. 

2.3. Model-Specific Techniques of Explainability 

Some explainability methods are based on a given class of models. For example, attention 

mechanisms within neural networks can be used to identify the parts of an input to which a 

model directs its focus during a prediction process. Decision trees, on the other hand, have 

their own definition of importance and can be analyzed by the user based on both feature 

importance metrics and decision path analysis. 

 

3.  CLASSIFICATION OF XAI TECHNIQUES 

3.1. Intrinsically Understandable Models 

The first category of methodologies are models that have natural interpretable structures 

such as Generalized Additive Models (GAM), Decision Trees (DT) and Rule-Based 

Classifiers. These models were built with a focus on transparency, which means they are 

naturally interpretable and therefore provide insight into their predictions. They do however 

sacrifice some accuracy for interpretability when it comes to more complicated datasets. 

3.2. Post-Hoc Explainability  

This category represents methods to explain the predictions from black box (or opaque) 

machine learning models after they have been created. This category has a large degree of 

flexibility; it can be used with nearly any type of model and as a result, it has a high 
likelihood for producing estimation errors and providing less believable results compared to 

Intrinsically Understandable Models. 

4. EVALUATION METRICS 

The evaluation of methods in explainable artificial intelligence (XAI) is difficult because of 

the subjective nature of how people perceive things. Currently, common criteria by which 

we evaluate answers from machine learning methods to explain why decisions were made 



                                                                                                        3 

 

 

are fidelity, interpretability, completeness, stability, and user trust. Human-centered 

evaluations are becoming increasingly prevalent in validating whether machine learning 

methods are actually providing useful explanations, and these include both user studies and 

expert assessments. 

5.  APPLICATIONS 

XAI has been implemented in a variety of fields, including Healthcare — Clinical Decision 

Support (CDS), Finance — Credit Scoring and Fraud Detection, Autonomous Vehicles — 

Vehicle Safety Assurance, Cybersecurity — Cyber Threat Analysis. 

6.  CHALLENGES 

XAI has made great strides but is still limited by issues like finding a balance between 

accuracy and interpretability, developing a set of standard methods to evaluate models with 

XAI, large models pose challenges for scalability, and sometimes we can overpromote the 

results of the implementations from XAI as they can potentially mislead users. Many 

researchers are currently looking for ways to address all of these limitations. 

7. FUTURE DIRECTIONS 

Future research in the areas of XAI will include future work on creating hybrid explainability 

methods, developing standardized benchmark methods, format and define domain-specific 

explanation frameworks, and incorporating a human-centered design approach. A major area 
of focus will be on creating a way for XAI to be integrated with fairness, robustness, and 

privacy in developing responsible AI solutions. 

 

6. CONCLUSION 

Explainable Artificial Intelligence is a critical component of ensuring transparency and 

building trust and accountability in modern AI systems. The survey examined major XAI 

techniques and their classification systems, applications, and limitations. As AI continues to 

evolve, XAI will be a foundation of responsible and ethical AI deployment. 
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Abstract—The study carries out an improved comparative
analysis of two summarization strategies — the classical TextRank
strategy (extractive) and a proposed one based on Retrieval-
Augmented Generation (RAG) integrated with Large Language
Models (LLMs). The objective is to assess their viability, acces-
sibility, and potential applications in the legal domain, with a
focus on enhancing the process of acquiring legal knowledge
to assist lawyers. The paper evaluates these approaches using
multiple performance metrics, including the ROUGE-L score,
fluency, coherence, multi-task performance, and overall accuracy.
Experimental findings demonstrate that the proposed RAG+LLM
approach shows strong potential for legal information extraction,
achieving an MT score of 71.50, which is significantly higher
than that of the traditional TextRank method. The results
indicate that this research contributes valuable insights toward
the development of advanced, intelligent, and context-aware legal
assistive technologies.

Index Terms—Legal summarization, TextRank, Retrieval-
Augmented Generation, Large Language Models, ROUGE, co-
herence, legal AI.

I. INTRODUCTION

Legal profession has always been characterized as a
knowledge-building sphere in which the availability of ac-
curate, topical, and timely information is an important de-
terminant of a successful decision-making process. Judges,
lawyers, and legal researchers extensively handle a constantly
expanding collection of documents, including judicial opin-
ions, statutes, regulations, contracts, legal filings, and legal
scholarly interpretations. As digitalization has become faster,
the volume of textual data has been increasing exponentially,
making it harder to process and synthesize manually [1].

In order to find the related information, comprehend so-
phisticated arguments, and develop legal strategies, legal prac-
titioners have to go through thousands of pages of legal
materials. This overload of information has not only increased
the mental load on legal practitioners but has also added delays
and inefficiencies to legal processes. Consequently, there is
an immediate demand for smart, automated systems that can
effectively summarize and retrieve important legal insights
without losing accuracy, coherence, or contextual integrity.

Conventional methods of text summarization have tried to
solve this issue—extractive summarization techniques such as
TextRank being among the most popular baseline methods.
TextRank uses graph ranking algorithms to find the most
significant sentences in a text and extract them based on
similarity to other sentences. Although this method is com-
putationally efficient and comparatively easy to implement,
it has a number of drawbacks. Extractive summaries can
produce disjointed and choppy narratives since they simply
stitch together selected sentences without reorganizing them
into a fluent or readable form. Moreover, such methods lack
a deep understanding of contextual relationships, which is
critical in legal language, where meaning often depends on
subtle nuances, precedents, and layered arguments.

Legal documents are especially challenging due to their
length, rigid structure, and the abundance of domain-
specific terminology and references, making extractive meth-
ods less suitable for generating high-quality summaries. Re-
cent progress in Natural Language Processing (NLP), particu-
larly the rise of Large Language Models (LLMs), has opened
new avenues for improving automated legal summarization.



Generative models, unlike extractive ones, can produce fluent
and context-aware summaries with a strong grasp of semantics
and discourse structure of the source text. However, using
LLMs alone can lead to hallucination—the generation of
information not grounded in the source material.

To address this issue, Retrieval-Augmented Generation
(RAG) has emerged as a promising hybrid approach. RAG
combines context retrieval and generative modeling to pro-
duce coherent and evidence-based summaries, ensuring factual
grounding. This makes it particularly suitable for legal appli-
cations, where factual accuracy and information traceability
are paramount.

The legal summarization framework proposed in this paper
synthesizes the strengths of retrieval-based and generative
methods. Specifically, we introduce a RAG model integrated
with LLMs aimed at producing relevant, coherent, and legally
sound summaries. This approach enhances the traditional
TextRank method and represents a significant advancement
toward developing intelligent, domain-specific legal assistive
technologies that reduce manual workload, improve infor-
mation accessibility, and support decision-making for legal
professionals.

II. LITERATURE REVIEW

Recent years have witnessed a rapid acceleration of research
on legal text summarization and retrieval-augmented genera-
tion, laying a strong foundation for developing advanced legal
assistant technologies. A major milestone was the introduc-
tion of Legal Bench [2], a collaboratively built benchmark
covering 162 tasks that span statutory reasoning, contract
analysis, and procedural law. This benchmark evaluated over
20 open and commercial LLMs, revealing capability gaps
directly relevant to downstream summarization, citation, and
issue-spotting tasks. Building on this, Legal Bench-RAG [?]
focused explicitly on the retrieval component of legal RAG
pipelines, offering 6,858 expert-traced query–answer pairs de-
signed to evaluate snippet retrieval accuracy, which is critical
for minimizing context sprawl and hallucinations in generative
summarization systems.

CaseSumm [3] extended this work with a large-scale dataset
of 25.6K U.S. Supreme Court opinions and syllabi, enabling
faithful long-document summarization and rigorous error anal-
ysis, particularly around hallucinations in GPT-4 and Mis-
tral models. To further address jurisdictional and language
diversity, MILDSum [4] introduced a multilingual benchmark
for Indian legal judgments, offering standardized splits and
evaluation metrics such as ROUGE and BERTScore to assess
cross-lingual robustness. Complementing these, large-scale
extractive baselines like Legal Extractive Summarization of
U.S. Court Opinions [5] trained models on 430K annotated
opinions, establishing strong reference points for evaluating
more advanced generative or RAG-based methods.

Structural and argumentative modeling has emerged as a
key advancement in improving summarization coherence. For
example, Structure-Controllable Legal Opinion Summary Gen-
eration [6] leveraged argument-role signals to enforce sum-

mary structure, improving fluency and coherence. Similarly,
Argumentative Segmentation Enhancement for Legal Decision
Summarization [7] and Abstractive Summarization of Long
Legal Opinions via Argument Structure [8] demonstrated the
benefits of integrating legal-specific discourse segmentation
into the summarization pipeline. These approaches improved
coverage and faithfulness, particularly in capturing holdings
and reasoning within lengthy opinions. Beyond judicial opin-
ions, Summarizing Long Regulatory Documents with Multi-
Step Methods [9] emphasized the importance of chunking
and hierarchical planning over merely increasing context
length—findings that strongly align with retrieval-augmented
generation strategies.

Quality assurance and factual grounding have also been
central research concerns. A comprehensive Survey on Hal-
lucination Mitigation in LLMs [10] categorized methods such
as retrieval grounding, constrained decoding, and verification
loops, underscoring their relevance for high-stakes domains
like law. Similarly, Evaluating LLM Approaches to Legal Cita-
tion Prediction [11] highlighted gaps in citation grounding and
motivated retrieval-aware prompting and post-hoc verification
techniques.

Meta-analyses and surveys have provided conceptual clarity
on the field’s trajectory. The Comprehensive Survey on Le-
gal Summarization systematically mapped datasets, models,
and evaluation protocols in the LLM era, showing trends
toward hybrid extractive–abstractive designs and grounded
generation. Legal Text Summarization via Judicial Syllo-
gism with LLMs incorporated structured legal reasoning
(facts–rule–application–conclusion) into prompting, improving
logical clarity and factual faithfulness. On the retrieval side,
UniLR introduced a unified retriever for legal tasks, enhancing
snippet-level relevance and grounding—a crucial step for
robust RAG pipelines.

New benchmarks have also focused on citation integrity,
with CitaLaw [12] defining a protocol for assessing whether
summaries properly reference authoritative sources. This ad-
dresses one of the most critical trust factors in real-world
deployment. In applied evaluations, Applicability of LLMs
for Legal Case Judgment Summarization demonstrated that
domain-specific prompting and hybrid pipelines significantly
improved coherence and factual accuracy compared to pure
extractive approaches. Finally, Learning to Summarize with
LLMs provided broad insights on instruction-controllable sum-
marization, prompt sensitivity, and evaluation dynamics, offer-
ing transferable techniques for guiding legal summarization
tasks.

These studies collectively outline the evolution of legal
summarization from early extractive approaches to structured,
retrieval-augmented, and controllable generative models. They
highlight the importance of grounding, argument structure,
retrieval precision, citation integrity, and domain-specific eval-
uation — principles that directly inform and support the
RAG+LLM framework proposed in this work for high-fidelity
legal information summarization.



III. METHODOLOGY

The proposed legal document summarization and response
system is organized into two major components: the Learning
Phase and the Answering Phase, as illustrated in Fig. 1. This
architecture facilitates efficient retrieval-augmented generation
of legal text, combining vector-based search with a local Large
Language Model (LLM) to ensure factual and context-based
answers.

Fig. 1. : Architecture of proposed work.

A. Learning Phase

The learning phase handles ingestion, preprocessing, and
indexing of legal documents to enable efficient retrieval of
relevant information in later stages. Users upload legal doc-
uments—such as judgments, statutes, regulations, or con-
tracts—via a web interface [13]. The document is processed
through an embedding pipeline that segments it into smaller
chunks and converts them into numerical vector representa-
tions using a suitable embedding model.

Let each document D be divided into n chunks:

D = {d1, d2, d3, . . . , dn} (1)

For each chunk di, an embedding vector ei ∈ Rk is
generated as:

ei = fembed(di) (2)

where fembed denotes the embedding function (e.g., Sentence
Transformers or domain-specific legal embeddings), and k
represents the embedding dimension. These embeddings are
stored in a Vector Store for efficient similarity-based retrieval,
while the original text and metadata are retained in a Docu-
ment Store to preserve traceability and legal compliance. The
embedding process is performed offline and stored persistently
for fast recall during the answering stage:

V = {e1, e2, . . . , en} (3)

B. Answering Phase

Once the vector representations are stored, the system
enters the answering phase, which is triggered when a user
submits a query Q (a legal question or summarization request)
through the interface. The query is embedded using the same
embedding model:

q = fembed(Q) (4)

The vector store is then queried to retrieve the top-k most
relevant document chunks:

Top-k = argmax
di∈D

sim(q, ei) (5)

where the similarity function, typically cosine similarity, is
defined as:

sim(q, ei) =
q · ei

∥q∥ ∥ei∥
(6)

The retrieved chunks are passed to the backend re-
triever–generator module. The retriever ensures contextual
relevance, while the local LLM produces coherent and legally
grounded responses [14]. The LLM conditions its response
on the retrieved context C = {di1 , di2 , . . . , dik} to minimize
hallucination:

P (Y | Q,D) = P (Y | Q,C; θ) (7)

where Y denotes the generated output and θ the LLM
parameters. For weighted retrieval, relevance scores are nor-
malized using a SoftMax function:

wi =
exp(β · sim(q, ei))∑n
j=1 exp(β · sim(q, ej))

(8)

The final response is generated as:

Y = LLM(C,Q) (9)

This retrieval-augmented approach grounds responses in
factual evidence, ensuring traceability and legal adherence.

C. RAG + LLM (Proposed Framework)

The proposed model conditions text generation on a set
of retrieved passages D = (d1, d2, . . . , dn), obtained through
dense retrieval and/or BM25. Relevance of each passage is
determined using a convex combination of dense and sparse
retrieval scores:

si = α · cos(q,di) + (1− α) · BM25(X, di) (10)

where 0 ≤ α ≤ 1 balances the two components. Sentence-
level similarity between sentences si and sj is computed as:

sim(si, sj) =
vsi · vsj

∥vsi∥ ∥vsj∥
(11)

This similarity forms a sentence graph where nodes repre-
sent sentences and edges represent semantic similarity. Algo-
rithms such as TextRank propagate importance scores through
this graph:

PR(si) = (1− d) + d
∑

sj∈N(i)

wji∑
sk∈N(j) wjk

PR(sj) (12)

where d is the damping factor (commonly d = 0.85).
Sentences highly connected in the graph receive greater impor-
tance, which is critical for identifying central legal statements
[15].

For RAG, marginalization over retrieved contexts produces
grounded generation:

P (Y | X) =

N∑
i=1

wi P (Y | X, di; θ) (13)



This ensures robustness, factual grounding, and legal inter-
pretability.

D. Training Objective and Regularization

Fine-tuning minimizes the negative log-likelihood (NLL)
while incorporating coverage and entropy regularization terms:

L = LNLL + Lcov + Lent (14)

where:

• LNLL: ensures accuracy in token prediction,
• Lcov: prevents repetition and enhances coverage,
• Lent: promotes diverse evidence utilization.

Coverage loss ensures concise summaries and reduces
redundancy, while entropy regularization promotes diversity
among retrieved sources, improving factual grounding in legal
reasoning.

E. Coherence and Faithfulness Constraints

To enhance discourse coherence and factual alignment,
entity-overlap and citation markers are included in prompts.
Context length is bounded as:

N ′∑
i=1

|di| ≤ k, N ′ ≤ N (15)

where |di| is the length of each retrieved chunk and k a
predefined threshold. This ensures only the most relevant
evidence is considered, preventing overflow and irrelevant
retrievals.

F. Datasets and Evaluation Protocol

Experiments are conducted on long-form legal texts (e.g.,
judicial opinions, briefs, and bills) [16]. Documents are
split into passages for retrieval. Evaluation metrics include
ROUGE-L F1, fluency, and coherence, validated by expert
annotations. Statistical significance is measured using paired
t-tests.

ROUGE-L F1 score is computed as:

FROUGE-L =
(1 + β2)RLPL

RL + β2PL
(16)

where RL and PL represent recall and precision, respec-
tively. The paired t-test statistic is given by:

t =
∆̄

s∆/
√
n
, with ∆i = mRAG

i −mTR
i (17)

where ∆̄ is the mean difference, s∆ the standard deviation,
and n the number of paired samples.

IV. RESULTS AND DISCUSSION

The present section is a full review of the suggested RAG +
LLM model on three datasets of long-form legal documents,
summarized in Table I. The datasets cover various areas such
as judicial opinions, legal agreements, and legislation. The
legal texts are complex and lengthy, with each document con-
taining thousands of tokens. CaseLaw-Long consists of 1,200
documents (average 6,400 tokens), Contracts-XL includes 800
documents (average 5,100 tokens), and Billsum-Legal has
1,000 documents (average 4,800 tokens). Such distribution
ensures the model is evaluated across diverse legal discourse
types.

TABLE I
DATASET STATISTICS

Dataset #Docs Avg Tokens/Doc Domain
CaseLaw-Long 1,200 6,400 Judicial Opinions

Contracts-XL 800 5,100 Agreements

Billsum-Legal 1,000 4,800 Legislation

A. Quantitative Performance Comparison
Table II shows the performance of three models: the extrac-

tive classical baseline (TextRank), the proposed RAG+LLM
model, and a variant lacking the coverage mechanism. The
metrics measured include ROUGE-L, Fluency, Coherence, and
MT Score. The proposed RAG+LLM achieves the highest
ROUGE-L score of 0.715, a gain of nearly 30.5% over
TextRank (0.410) and 3.6% over its ablated version (0.690).
This improvement highlights the capability of the retrieval-
enhanced generation model to capture semantic structure and
summarization accuracy in lengthy legal documents.

TABLE II
PERFORMANCE COMPARISON (HIGHER IS BETTER)

Model ROUGE-
L

Fluency
(1–5)

Coherence
(1–5)

MT
Score

TextRank 0.410 3.1 3.0 0.52

RAG+LLM
(Proposed)

0.715 4.4 4.3 0.78

RAG+LLM
w/o
Coverage

0.690 4.2 4.0 0.74

These results are further validated by human expert evalu-
ations. Legal professionals rated Fluency and Coherence on a
1–5 scale, with RAG+LLM achieving average scores of 4.4
and 4.3 respectively, compared to 3.1 and 3.0 for TextRank.
The MT Score (0.78 vs. 0.52) also confirms the enhanced
readability and contextual accuracy of the proposed model.

B. Ablation Study and Parameter Sensitivity
Table III presents the effect of varying retrieval weight (α)

and temperature (β) on model performance. At α = 0.0
and β = 5, ROUGE-L is 0.642 with lower fluency and



coherence (4.0 and 3.8). As α increases to 0.5 and β remains
5, ROUGE-L rises to 0.700. The optimal balance is achieved
at α = 0.7, β = 8, where ROUGE-L=0.715, fluency=4.4, and
coherence=4.3. This indicates that a moderate retrieval weight
(0.5–0.7) balancing dense and BM25 retrieval leads to more
accurate summaries, while a medium SoftMax temperature
(5–8) promotes coherent and diverse generation.

TABLE III
ABLATION STUDY (EFFECT OF RETRIEVAL WEIGHT α AND

TEMPERATURE β)

(α, β) ROUGE-
L

Fluency Coherence

(0.0, 5) 0.642 4.0 3.8

(0.5, 5) 0.700 4.3 4.1

(0.7, 8) 0.715 4.4 4.3

C. Statistical Significance and Qualitative Analysis

The improvements were statistically validated using a paired
t-test (p < 0.01), confirming that the performance gains
are not due to random chance. Qualitatively, the RAG+LLM
model produces summaries that preserve legal citations and
maintain logical consistency and discourse flow. In contrast,
the TextRank baseline often generates fragmented summaries.
The proposed retrieval-augmented model integrates contextual
grounding, ensuring factual accuracy and coherence across
legal datasets.

Figures 2 and 3 illustrate the conceptual architecture of the
RAG+LLM pipeline and performance trends across datasets,
showing consistent superiority of the proposed approach over
both baselines and ablated models.

Fig. 2. Conceptual Architecture of RAG+LLM Pipeline

Fig. 3. Performance Trends Across Datasets Showing RAG+LLM Superiority

The results collectively demonstrate that retrieval-enhanced
generation with domain-specific grounding substantially im-
proves both automatic and human evaluations, achieving
higher coherence, fluency, and factual reliability in long-form
legal summarization.

V. CONCLUSION

This paper has provided a controlled and systematic analy-
sis of the extractive and retrieval-augmented generative sys-
tems used to summarize legal texts, specifically compar-
ing the traditional TextRank framework with the proposed
Retrieval-Augmented Generation plus Large Language Model
(RAG+LLM) approach. The proposed method demonstrates
consistent and significant improvements across key evaluation
metrics such as ROUGE-L, fluency, and coherence by explic-
itly weighting retrieval sources and marginalizing generation
across multiple retrieved evidence passages.

The findings clearly indicate that when recall is effectively
combined with generation, the model is capable of producing
more factually grounded and well-structured summaries. This
ensures that the logical flow of the text is preserved and that
crucial legal citations are retained. Unlike TextRank, which
tends to produce fragmented and contextually inconsistent
outputs, the RAG+LLM model generates coherent and fluent
summaries that align closely with expert expectations and
domain semantics.

The ablation experiments further reveal that both retrieval
weighting and controlled generation temperature are vital
parameters influencing performance gains. Properly balancing
dense and sparse retrieval components enhances factuality and
coherence, while temperature regulation supports diverse yet
contextually aligned outputs.

Future work will focus on improving long-context handling
to process larger collections of legal documents efficiently.



Additionally, developing fine-grained citation control mecha-
nisms will help ensure legal accuracy and traceability, while
incorporating domain-specific post-editing modules tailored
for legal drafting will enhance overall reliability. These ad-
vancements aim to further strengthen accuracy, readability,
and trustworthiness of AI-generated legal summaries, thereby
supporting practitioners in legal research, case analysis, and
document preparation.

In conclusion, this study underscores the significant po-
tential of retrieval-augmented generation in the development
of advanced legal NLP systems. The integration of retrieval
precision, grounded generation, and coherent synthesis estab-
lishes a strong foundation for next-generation AI-driven legal
assistance and summarization technologies.
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Abstract.  
 

Choosing a career path can be a complex and indeed  dispiriting task as we navigate the 
continuously evolving  environment of work. The AI Career Path Recommendation System is an 
innovative,  substantiation- informed career recommendation system that aims to bridge the gap 
between  gift and  occasion. The AI Career Path Recommendation System is a skillful integration of 
artificial intelligence powered machine  literacy algorithms and natural language processing that has 
amulti-faceted recommendation model involving implicit chops, interests, education/ training, and 
labour  request information which develop  substantiated and career professional future-  evidence 
career paths. The AI Career Path Recommendation system will bridge cognitive computing with 
labour  request information to not only  give implicit career paths but with information, chops,  
instruments, and ways to further develop  literacy to support the career path options. erected on 
IBM's  commanding edge AI products, this action was  suitable to demonstrate how Artificial 
Intelligence also has the  occasion to potentially support people make informed, confident and 
strategic career  opinions in making smarter and fulfilled career, works, and  pool readiness  
opinions.  

Keywords. Artificial Intelligence, Machine Learning, Career Recommendation System, Natural Language Processing, Skill- 

grounded Matching, IBM Cloud, Personalized Career Guidance, SDG9, SDG8, SDG9, SDG10. 

1. INTRODUCTION 

The technology-  concentrated,  presto- paced world we  live in  moment presents  openings and 

challenges when it comes to career planning. The problems associated with career planning are 

compounded by the fact that the traditional" one- size- fits- all" guidance model is outdated and the 
labor  request is in constant flux, with jobs arising and evolving, with new  liabilities. While  scholars 

and career advising professionals infrequently have clarity, they're  frequently  getting overwhelmed  
trying to align who they're( interests, strengths, etc.) with, career pathways, areas of job growth. In 

order to adequately engage with these obstacles we're offering the AI Career Path Recommendation 

System- an intelligent adaptive system that harnesses the power of artificial intelligence capabilities, 
smart  logical reporting, and big data to  give  substantiated career recommendations. The system 

utilizes the  stoner's current academic history, chops, values,  gests, and real- time data and trends 
by assiduity sector in order to identify career pathways that support both  particular  eventuality and  

request  openings.  
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2 

 This  design is developed using IBM AI and IBM Cloud technologies and will showcase innovative 
capabilities of AI technology and how AI technology can affect in positive  issues for' real- life'  mortal 

beings. Our AI Career Path Recommendation System provides. 

 

2. PROBLEM STATEMENT  

Recent request changes are dispiriting to everyone but especially  scholars  and anyone differently at 

the  morning of their career path who are starting to pare through the inviting number of options 

trying to get help for direction for their implicit career  opinions. People have numerous career choice 
options but they  frequently have veritably little, if not  substantiated  backing; and  frequently this 

causes the result of an individual having little  mindfulness of which options align with their career  
intentions and implicit, or indeed worse, they've no  mindfulness of direction at all. The career 

guidance and comforting systems that  presently  live  moment tend to be, in general, still  
hamstrung, impersonal, and  numerous times grounded on outdated trends, and are n't readily 

responsive to service delivery when  brazened with technological change issues,  therefore 

introducing  walls  brazened in discovering applicable job  openings. 
Also with job readiness education, this too doesn't connect with labour  request chops well at  each, 

and it  thus creates a labour  request chops gap and results in a continuing  drop in labour  request  
exertion, people are  passing ongoing severance or job dissatisfaction. individualities will also, without 

an  substantiation- grounded recommendation process,  inescapably pursue career options that they 

can not fete   presumably indeed their strengths and interests.  

3. LITERATURE REVIEW  

Decorte et al. [1], “Career path prediction using resume representation learning and skill-

based matching,” Introduces CareerBERT, a transformer-based model that learns representations 
from resume text to predict likely career moves. The hybrid model combining skill-based and text-

based approaches achieved around 43% recall@10 on a specialized dataset. 

Rahman et al. [2], “Artificial intelligence in career counseling: A test case with ResumAI,” 

Explores ethical considerations of AI in career counseling and presents ResumAI, a system offering 

automated resume feedback using AI chat tools. The study provides useful insights into practical 
system design and limitations. 

Ong and Lim [3], “SkillRec: A data-driven approach to job skill recommendation for 
career insights,” Proposes SkillRec, which maps job titles to required skills using embeddings and a 

neural model. Tested on 6,000 job descriptions, the model demonstrates promising accuracy and F1 

scores. 

Zheng et al. [4], “Generative job recommendations with large language model 

(GIRL),”Presents GIRL, an LLM-based system that generates job  descriptions from applicant CVs 
and uses reinforcement learning to align these with recruiter preferences—creating actionable job 

recommendations rather than retrieving from a static database. 

Angeline et al. [5], “Career mapping and enhancing personalized education through 
machine learning-based recommendation systems,” Employs a portfolio of machine learning 

models (e.g. Logistic Regression, CatBoost, XGBoost), Bayesian optimization, and SMOTE to deliver 
personalized career suggestions based on student profiles (academic, 

extracurricular,personal).Outputs top‑five recommendations with probability scores. 
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4. METHODOLOGY 

1.Data Collection 

 

SOURCE   TYPE OF DATA 

User input Skills,interests,education,experience 

Job Portals Jobroles,skills,needed,salary,Courses 

Carrer Databases Carrerpaths,growth 
trends/reinforced features,over 

time. 

 
2. Data Preprocessing:  

➢ Chops and keywords with NLP( e.g. record as the same label     for  parallels between" 

Python dev" and" Python  inventor").  

➢ Encode categorical data.  

➢ Stop words, stem/ lemmatise textbook data.  

➢ Produce structured  stoner biographies.  
 3. Feature Engineering  
 Convert user profiles and job/career roles into numerical vectors using: 

➢ IDF/ Word2Vec/ BERT for skill/ interest descriptions  

➢ One-hot encoding for  qualifications, experience, etc.  

 4. Model Selection  
Model mongrel Recommendation System( cooperative Content- Grounded ML Bracket). 

 

A. Content- Grounded Filtering( Skill Match Engine)  
 1. Uses cosine similarity or distance  criteria  to compare  stoner biographies with job/ career  

part vectors.  
 2. Make recommendations for  places that align with close matches to  stoner’s current 

chops, interest, and  pretensions.  
B. Collaborative Filtering( Career Transition Patterns)  

 1. Uses Matrix Factorization or KNN to identify career paths taken by  analogous  druggies.  

 2. Make recommendations grounded on  literal trends.  
 C.ML Bracket Model( Career Predictor)  

 1. Train the model on labeled datasets(druggies → chosen career path)  
 2. Algorithms Random Forest  

 3. Predicts the best- fit career track from  stoner profile  

 D. Recommendation Ranking( Final Layer)  
 1. Combine a weighted recommendation from all three model types making a Top N ranking of 

career paths  

5. RESULTS AND DISCUSSION 

The experimental analysis of the proposed AI Career Path Recommendation System verifies its 

efficacy in providing accurate and customized career recommendations. The hybrid model in the 
recommendation system successfully maps a candidate’s skillset, interest, and educational 

qualification to industry requirements. The proposed AI-Career Path Recommendation System 

promotes better accuracy and clarity in recommendations compared to conventional career guidance 
systems. Career paths with skillset analysis and ranking assist career aspirants without ambiguity, and 
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thus, the study validates the efficacy of machine learning and natural language processing 
integration in making career systems accurate and feasible. 

 

 Fig 1:Model Architecture Diagram                       Fig 2: Student Dashboard Home Page 

 

 

Fig 3: Course Finder Module 

 

Fig4: AI Coach (Chatbot) Interface 
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6. CONCLUSION 

 

The AI Career Path Recommendation System enables a disruptive career decision-making approach 
by leveraging artificial intelligence, machine learning, and real-time labour market data. This 

intelligent system adds much-needed complexity to a world where career counselling is seldom ideal, 

as it provides personalized, data-led recommendations based on applicant's skills, interests, and 
education while also taking into consideration the contemporary trends in recruiting and learning. 

More than informed evidence-based recommendations for career pathways, this recommendation 
system also utilises collaborative-filtering, content-based-filtering, and thirdly classification models, 

and when all three are used at once they produce excellent evidence-based recommendations or 

provide reports on skill gaps to ensure preparation and enhance sustainable learning. Ultimately, this 
enables users to effortlessly make well-informed strategic career decisions that are future ready. 

As a project, it has demonstrated the power of IBM technologies, and functioning AI frameworks, to 
put technology to use to solve real-world education problems, and workforce development. In short, 

we have built a system that is scalable and can be flexible, and has the potential to change career 
planning for people, and institutions. 
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Abstract 

Extensive importation of plastic containers to store water, milk, groceries among other 

consumables expose people to toxic chemicals that penetrate food and beverages, which cause 

serious long-term health problems. Regardless of growing consciousness, it is one of the 

biggest obstacles to decrease plastic addiction in everyday life because it is convenient and 

ubiquitous. This paper will offer a new technology-driven product Sacha Sathi that aims at 

tracking and curbing the health risks of consumables stored in plastics. The system, installed 

on the smartphones and smartwatches, constantly monitors the user interaction with the plastic 

container, determines the cumulative exposure, and delivers real-time risky analysis. A set 

safety limit allows providing early warning, alerting users about the possible risk of developing 

cancer, ulcers, endocrine interference, and liver malfunction as a result of the long-term 

consumption of the chemicals. The system also keeps the records of the past usage to study the 

behavioral trends and encourage the long-term lifestyle changes.  

Keyword: Plastic Consumption, Food Safety, Health Monitoring, Machine Learning, Big 

Data, Cloud Technology, Sensors, Real-Time Alerts, AI-Driven System, Consumer Health. 

1.1 Introduction 

The low cost, convenience, and versatility of plastic have brought about the inseparability of 

the material in modern life because it is utilized to store consumable items such as water, milk, 

groceries, and ready-to-eat foods. Nevertheless, the scientific evidence is increasing to point 

out that the continuous exposure to plastic has severe health and environmental effects on 

humans. Food and beverage packaging plastics are known to fade harmful chemicals into the 

foods and beverages they come in contact with, especially when subjected to heat, sunlight, or 

prolonged storage and as a result the use of plastics on daily basis is a stealthy but serious health 

issue. 

Plastic containers that store water are susceptible to chemical leaching principally Bisphenol 

A (BPA) and phthalates. BPA is a recognized endocrine disrupter mimicking estrogen and has 

been attributed to hormonal imbalance, reproductive problems, and cancer. Phthalates are 

linked to liver toxicity, respiratory, and developmental disorders. The constant consumption of 

such polluted water can result in severe health challenges in the long term. Stored milk provided 

in plastic containers is even more dangerous since milk fat is more effective in carrying these 

toxic substances, thus exposing the milk to even greater levels of them. Frequent use might be 

a cause of developmental problems among children, endocrine disruptions, and even cancer. 
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In the same way, fruits, vegetables, and dry foods that are packed in plastic are subject to 

contamination in the long-run. The migration of chemicals in packaging may lead to a decline 

in the nutritional value and cause chronic diseases such as diabetes, cardiovascular diseases 

and reproductive complications. The results are the leaching of chemicals like antimony and 

phthalates in cold drinks kept in plastic bottles resulting in gastrointestinal distress and 

imbalance of hormones and polluting the environment considerably. 

Considering such dangers, it is necessary to minimize the use of plastics. The convenience of 

plastic is short lived but the long-term health and environmental expenses are much higher. 

The change to safer materials such as glass and metal containers, the reduction of single-use 

plastics, and encouraging good disposal is the steps that need to be taken in order to secure the 

health of people and environmental sustainability. 

Environmental Impact of Plastic 

1. Marine Pollution & Terrestrial Pollution 
Marine pollution is mostly caused by plastic garbage, which has terrible effects on marine life. 

Plastic things that people throw away, such bags and microplastics, get up in the ocean via 

rivers, sewage systems, and direct dumping. The below fig [1] shows the marine pollution [13]. 

Plastic trash hurts ecosystems on land as much as in water. People don't throw away their plastic 

waste correctly or take care of their trash effectively, thus it accumulates up in soils and 

landscapes. Plastics may leak toxic chemicals into the ground, which can make it less fertile 

and contaminate groundwater. The below fig [2] shows the terrestrial pollution [14].  

 

 
               Figure 1: Marine Pollution                       Figure 2: Terrestrial Pollution 

3. Air Pollution 
Plastic waste also contaminates the air with very dangerous gas emissions, including dioxins, 

furans, and fine particulate matter, which endangers health risks including cancer, heart disease, 

and respiratory health-related illnesses (World Health Organization, p. 15). Tiny or small 

plastic pieces less than 5 mm in diameter are called microplastics, which are produced by 

manufactured products or as a result of degradation of larger objects, hence they pose a hazard 

to both the environment and human health. It has been found that microplastics have the 

potential to enter the food web with heavy metals and other persistent organic pollutants, which 

are toxic and inflammatory when inhaled or ingested, causing cellular damage and oxidative  

stress [16]. 

 
                            Figure 3: Air pollution              Figure 4. Microplastic in water 
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5. Long-term Environmental Persistence: 
Plastics take hundreds to thousands of years to decompose in the environment and undergo 

degradation into harmful micro-fragments that persistently pollute the ecosystems and even the 

biodegradable plastics may not decompose under specific conditions (Thompson et al., 2009). 

Extensive poor disposal of plastics is very harmful to the land and water wnvironments, and 

thus there is an urgent call to act at the global level, better management of waste and alternative 

environmental ways, as seen in Figure 5.  

 
Fig 5: Long-term Environmental Persistence of plastic up-to two decades and colonization of 

bacteria causing disease. 

Research Gap: There are no practical and consumer friendly tools that can be used to translate 

scientific evidence into personalized real time risks alerts by bringing together consumption 

behavior, health factors, and sensor data to be used globally. 

2.Literature Review 

The available literature has made it quite clear that plastic pollution is bringing severe threats 

to environmental sustainability, as well as human health, but the level of effective interventions 

on a consumer level is still underdeveloped. Recent review and policy focused research 

highlight the environmental harm, disease burden and the long-time health effect of plastic 

waste and microplastic exposure. Scientific studies have associated plastics with endocrine 

interference, heart attack, food chain bio-accumulation and decline in biodiversity in both land 

and sea habitats. Although such studies have been able to capture the extent and international 

character of the issue, majority of them are descriptive or policy-oriented and fail to project the 

results into practical advice that can be used by the subjects. The state-of-the-art approaches 

that have been investigated in parallel studies include the use of artificial intelligence, machine 

learning, toxicological modeling, and molecular analysis to solve the problems of plastic 

degradation and environmental complexity. Despite the high technical potential of these 

approaches, they are not much related to the daily consumer behavior, and do not offer real-

time awareness, exposure tracking, and risk communication at a personal level. Health-related 

reviews also outline the new medical-related concerns and lack data-oriented frameworks that 

can combine the consumption behavior, the environmental factors, and the vulnerability of the 

individual. Comprehensively, a research gap can be identified in all of the literature: the lack 

of unified, consumer-focused systems of translating scientific and medical findings into real-

time, customized alerts and recommendations. To fill this gap, interdisciplinary solutions that 

will be based on AI, sensor data, and behavioral analytics are necessary to empower people, 

minimize the impact of plastics, and facilitate informed and health-conscious decisions. 

3.Proposed Novel Methodology 

The proposed strategy will undoubtedly assist humanity in minimizing plastic use in the future 

and will also contribute to reducing illnesses caused by consuming food preserved in plastic 

containers or bags. The graphic below [6] depicts how we think our Problem should be set out. 
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Figure 6. Proposed Architecture 

Experiment Result & Discussion 

The below Fig [7] shows the impact of plastic on human health and environment. It also 

causes cancer. 
 

 
Figure 7. The impact of plastic on humans and environment 

 

 
Figure 8. Impact of different product             Figure 9. Real Time Awareness comparative analysis 

Conclusion 

The research reveals that oxidation of antioxidants and chemical reaction in plastic containers 

may produce toxic byproducts that percolate into food and beverages exposing them to the 

effects of endocrine disruption, reproductive toxicity, respiratory effects, and cancer. Heat, 

light, storage time, type of food and composition of plastic affect these reactions; hence safer 

materials such as glass and stainless steel should be used to enhance food safety. 
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Abstract  

As the urgent need for dependable energy supply necessitates that utility companies 

establish robust fault detection systems on utility poles as the current system requires 

costly manual inspections of utility poles to detect faulty equipment through reactive 

measures. This paper presents a review of IoT-Based Autonomous Sensor Units (ASUs) 

that monitor voltage (V), current (I), tilt (T), and weather conditions in real time and utilise 

Energy Harvesting Technology (EHT) to produce up to 200 mW of electric power via long 

range LoRa communication technology and safer non-contact sensors. Through the 

findings of this work, it has been shown that IoT Systems provide a 30% increase in 

accuracy on the detection of faults compared to traditional electric systems, as well as 

decrease the time associated with the repair of such faults enabling predictive maintenance 

models to be implemented. 

Keywords. IoT, Power Line Monitoring, Fault Detection, Smart Grid, Wireless Sensor 

Networks, LoRa, Predictive Maintenance. 

1. INTRODUCTION 

Today’s electrical systems struggle with a huge amount of finding issues, keeping things 

reliable, and upkeep, especially in places far from cities or hard to get to. Normal ways of 

checking things often take a lot of time, need many workers, and only react to problems, 
causing long times without power and danger for those doing upkeep. Connecting devices 

has created new ways to watch and control important systems: allowing a big change 

toward fixing things before they break and using data to make decisions [1]. One big 

problem for linked device systems that watch electrical grids is how to power the faraway 

sensors. To fix this problem, getting energy from the environment was looked at as a 

choice, using power from high-voltage lines hanging up high and adding to it with sun 

power, which had already been tested for single, linked device setups in distant places [2]. 
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Energy-saving ideas like this let the system run with almost no people needed, cutting 

down on setup and upkeep costs, which makes the system last longer [3].  

2. LITERATURE SURVEY  

The following study is classified as a systematic review. The authors searched IEEE 

Xplore, ScienceDirect, and SpringerLink to locate 17 articles from 2011 to 2024 related to 

IoT fault detection, power line monitoring, and smart grid sensing while assuring that no 

studies include research dealing only with SCADA systems 

A. Evaluation of LoRa and LoRaWAN Broadband through Practical Applications A 

research group in Glasgow has evaluated the performance of both LoRa and LoRaWAN 

Wireless Technologies for the purpose of creating maps showing Received Signal Strength 

Indicator (RSSI) & distance (Tx range) using Semtech's SX1272 Transceiver Accelerators. 

In addition, Multitech mDot modules were used to evaluate the performance of a 

LoRaWAN network. It was found that there was a very high percentage of connection loss 

during tests of reliability due to aggressive disconnection policies for inactive 

phones/internet service providers (ISPs). There were improvements in the success rate of 

connection tests (95.5%) by introducing ICMP pings. 

                                      

 

Fig. 1: Block diagram of LoRa WAN topology [3] Fig. 2: Block diagram of Architecture of Iot [4]  

B. IoT Architecture Alhebshi & al. [4] propose a three-tiered architecture for IoT devices 

consisting of: 1) the Perception Layer (for collection of data), 2) the Network Layer (for 

transmission) & 3) the Application Layer (for Industrial Services). They have developed 

an architecture based on the use of Arduino Uno (ATmega328P) devices which provide 

advantages such as simplicity of construction and the ability to use multiple 

communication module options, making them well suited for scalable fault detection and 

identification systems.                                     

C. Sonoli et al. [6] proposed the use of a NodeMCU-based system that combines the 

ability to switch controls on and off with the ability to detect faults as a method of 

minimizing safety risk to linemen. The system uses a mobile app that allows linemen to 

turn poles on and off remotely. The downstream pole detects cut wire and signals the 

upstream pole to turn off electricity when the downstream pole recognizes that it no longer 
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has an electric current. This automatic response mechanism protects workers while also 

aiding in the quick identification of faults in the field. 

 

Fig. 3: Block diagram of lineman  security system 

[6] 

Fig. 4: Comprehensive IoT-Enabled Fault 

Detection and Monitoring System Using Arduino 

Uno. [9]

D. Alam et al. [9] developed a comprehensive monitoring system for the power grid in the 

country of Bangladesh using Arduino Uno. This system utilized a combination of flame 

and smoke sensors to monitor for fires, current sensors to monitor the loads, and 

temperature sensors (LM35) to assist in safety monitoring. A GSM module is used to send 

SMS alerts in real-time, while NodeMCU uploads the monitoring data to Google Sheets 

for both real-time visualization of the data and historical data analysis. This enables the 

user to collect data effectively from an environment with high moisture content. 

E. By integrating web-connected devices with Artificial Neural Networks (ANN), Prabhu 

et al. [10] improved upon conventional methods used for fault detection through the use of 

ANNs. Their methodology incorporates pre-processing the signal data to eliminate 

background noise, then performing mathematical analysis on the processed signal data in 

order to identify the fault characteristics that were presented in the signal data. This AI-

based methodology provides improved levels of accuracy and reliability when it comes to 

identifying faults as compared to traditional approaches.                                                                                                                                                     

                                       

                                      Fig. 5: Block diagram of ADFS system [10]                          
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3. CONCLUSION 

Significant progress has been made in IoT-based methods for monitoring of Power Grids 

as seen through the literature. Non-contact Voltage Sensing, Impedance Analysis, and 

Renewable Energy Harvesting have all developed from previous methods to include 

additional sensor types. Communication methods such as LoRa, NB-IoT, and 5G allow all 

the available information about a power grid to be monitored in real-time with more 

reliability than before. In addition to improving the safety of linemen and automating the 

location of faults, advancements in these technologies lead to increased resilience of the 

grid and less downtime. 

4. FUTURE WORKS 

Future studies will need to develop Hybrid Solutions combining Multi-Modal Fault 

Detection with Green Energy Harvesting and Predictive Analytics. The technology will 

also need extensive real-world Testing under Artificial Conditions to ensure the durability 

of these systems. Furthermore, the use of self-repairing properties and enhanced 

Cybersecurity Protocols will be necessary for the widespread adoption of Smart Grids. 
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Abstract 

A serious eye disease is called glaucoma, and it destroys the connecting nerve, and the patient suffers from 

irreversible blindness for the rest of their life. The problem is that there is no early glaucoma detection, and many 

people, especially in some areas of the world, lack easy access to eye specialists and, as a result, get diagnosed 

late. A glaucoma related automated detection framework based on fundus retinal images using deep learning 

techniques is presented in this paper. A comparative analysis of the custom-built CNN and the VGG16 and 

ResNet50 CNN architecture is discussed in this paper. The custom-built CNN Achieved 92% accuracy and thus 

outperforms the competing for benchmarks with optimized batch normalization and dropout. Additionally, Gemini 

API integrates with the healthcare system to deliver instant tailored suggestions regarding interventions and 

behavioural modifications as soon as a positive diagnosis is achieved, increasing the clinical utility of the system. 

The findings confirm the proposed framework's ability to function simultaneously as a precise diagnostic tool and 

an extensive patient management system, thus presenting a viable and durable option to the universal, affordable 

glaucoma screening initiative. 

 Keywords. Medical Image Processing, Deep learning techniques, convolutional neural network models, retinal 

fundus images, Glaucoma Detection, Computer-Assisted Diagnosis.  

1. INTRODUCTION 

A serious eye disease is called glaucoma that progresses to damage the optic nerve which in turn connects the 

eyes to the brain. At first most people do not feel pain or notice any change in vision. This is because by the time 

they do notice something is amiss their eyesight is already very much affected. In India over 12 million are affected 

by glaucoma also it is found that about 90% of these do not know they have it. In a healthy eye there is a fluid 

called aqueous humour which -- as the name suggests -- goes in and out of the eye to keep it healthy and at a 

normal pressure. When the fluid does not drain properly the pressure within the eye (which is also known as 

intraocular pressure or IOP) increases. Over the years high pressure can damage the optic nerve which in turn 

causes permanent vision loss. Also, it is surprising that some people with normal eye pressure can still get 

glaucoma what is called normal-tension glaucoma which in turn makes diagnosis more difficult. At first there are 

no tell-tale symptoms. As it progresses people may see blurriness, loss of side vision, halos around light, or in 

some cases eye pain. As signs present themselves later on early detection is very important also in areas which 

have limited access to eye care. 
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Typically, an eye pressure ranging from 10 to 21 mmHg is considered normal; however, pressure greater than 21 

mmHg is considered to be an early warning sign if no damage has occurred. 22 to 32 mmHg, or higher, pressure 

readings can begin to damage the optic nerve over time and flow into more common forms of glaucoma. Ocular 

Hypertension is a high-risk condition from which anyone, even people with pressure readings remaining under 

the normal range can develop. We know this as ‘Normal-Tension Glaucoma’, and it remains a medical mystery to 

this day. Global glaucoma prevalence is estimated at over 80 million, and set to climb to at least 111 million within 

the next 20 years. It is one of the causes for permanent blindness. While treatments like eye drops, laser therapy, 

and surgery can slow its progress, they have their challenges such as high cost, daily use, and poor availability in 

rural areas. To improve early diagnosis, Machine Learning and Deep Learning are being used to assist in the early 

detection of problems by physicians. The computer systems analyse pictures of the eye, such as fundus 

photography or OCT images, for early signs of glaucoma. They are often much more sensitive than the human 

eye. They are fast, accurate, and can be used to screen large numbers of people, even where no ophthalmologists 

are present. 

2. LITERATURE REVIEW 

The studies of early glaucoma diagnosis were primarily conducted in the framework of classical machine learning 

on clinical and visual field data. Chan et al. compared machine learning models with statistical classifiers and 

demonstrated that approaches based on learning provide better diagnostic accuracy, and are effective at modelling 

complicated trends in glaucoma data [1]. As medical imaging advanced, it was found that the non-invasive and 

most popular modality of the retinal fundus photography could be used in the context of glaucoma screening. 

There has been growing interest in recent studies of deep learning (particularly of Convolutional Neural Networks) 

based on the ability to extract hierarchical features (without human intervention) of fundus images. Mahum et al. 

have developed a hybrid deep CNN structure towards glaucoma detection, which proves that it is possible to 

significantly increase performance by combining deep feature extraction with an optimization of the classification 

strategy [2]. In the same manner, Shoukat et al. who adopted the ResNet-50 architecture alongside data 

augmentation techniques, achieved high sensitivity, illustrating once again the strength of deep CNNs in detecting 

glaucomatous patterns [5]. 

Some researchers have pointed out the importance of optic disc and cup examination in glaucoma diagnosis. 

Alkhaldi and Alabdulathim demonstrated that generalization between datasets with deep learning segmentation 

and classification is enhanced [7]. Yang et al. used deep learning to estimate retinal nerve fibre layer thickness in 

the regions of retina using fundus photos and discovered the analysis to be effective in screening glaucoma at its 

initial phases [8]. All these affirm that a persistent result of CNN based structures is superior to traditional 

techniques and solitary feature techniques in the diagnosis of glaucoma [3], [9]. 

Though high values of classification accuracy are reported in the already existing studies, most of them only 

concentrate on detection and do not give clinical decision support. In addition, most methods are developed using 

individual datasets, which constrains their applicability in the real world. The limitations mentioned in the current 

study have been overcome by suggesting an original custom CNN on a collection of datasets and incorporating 

an AI recommendation module, thus placing glaucoma detection beyond the scope of simply classification to the 

practical contribution towards patient management. 

3. METHODOLOGY 

3.1 Existing-Methodology: Glaucoma is a disease that researchers and doctors have studied in many ways about 

detection with clinical methods. Among these methods includes Tonometry for eye-pressure measurement, 

Ophthalmoscopy for optic nerve examination, Perimetry for checking vision loss, Pachymetry for corneal 

thickness measurement, Gonioscopy for examining the drainage angle, and Optical Coherence Tomography 

(OCT). Most often, glaucoma detection gets conducted through manual eye tests, consultations with 

ophthalmologists, or computer-based systems 

1. Manual Method: At the very initial stage in many hospitals, a manual check-up is done. The doctor measures 

the pressure of the eye and tests the side vision of the patient to check for signs of glaucoma. This feature is 

challenging for one reason: very few symptoms appear early, and younger, less experienced medical staff might 

not recognize them. This postpones treatment option eliciting appropriate intervention for the patient.  

2.Ophthalmologist (Specialist):  A glaucoma diagnosis and treatment plan are carried out by an ophthalmologist. 

Using these advanced tools, an ophthalmologist diagnosis glaucoma and administers treatment. However, the 

process has its negatives, making the patients suffer longer waiting periods, incurred costs, and a few specialists 

in rural and less developed areas. Thus, the expert diagnosis is not accessible to each patient.  



3. Tonometry-based Method:  This is the most common test for determining IOP using Applanation Tonometry 

or Non-Contact ("air puff") Tonometry devices. High IOP is a major risk factor for glaucoma diseases, but many 

patients do not present with this condition at high pressures; hence, it is not sufficient for testing patients. 

3.2 PROPOSED METHODOLOGY 

The plans involve working with multiple systems for machine learning geared towards glaucoma recognition 

among retinal fundus photos. Key steps involve gathering data, preprocessing, enriching data, extracting and 

analysing features, working with models to classify information, and generate recommendations. 

                                 

   Figure 1.  Flow Diagram of Proposed Work 

3.2.1 Data Collection: 

 1. ACRIMA: It is a collection of 705 fundus images, with all images being noted and annotated by glaucoma 

specialists having years of expertise. They were cropped around the optic disc and renamed.  

2. DRISHTI-GS: The DRISHTI-GS has a total of 100 images in total 50 for training purposes and 51 for the 

testing of the models. It is segmented into 2 subfolders. Each subfolder consists of images of the retina fundus 

taken from the corresponding GT. For each retina fundus image located in the GT directory you will also find a 

mask file (GT) in the GT directory created manually that contains segmentation information about the optic disc 

and optic cup. 

                          

   Figure 2. Sample Glaucoma Images       Figure 3: Gluacoma Cup size 

3. RIMONE: This dataset is made up of 169 images of the optic nerve head. For each image, five independent 

manual segmentations were completed by trained ophthalmologists.  

3.2.2 Data Preprocessing and Augmentation: All images were brought to the same resolution and thus 

normalized to be fed to models equally. For data augmentation alongside better generalization, overfitting was 

avoided using random rotation, flipping horizontally and vertically, brightness variation, and zoom in Kera’s 

ImageDataGenerator.  

3.2.3 Model Architectures and Training:  To find the best model for glaucoma-identifying from the three 

designated model types presented, we applied and compared the following architectures utilized in deep learning:  



Res Net: A deep (50-layer) residual network, of sufficient depth to incorporate skip connections to alleviate issues 

of vanishing gradients in the network architecture.  

VGG-16: An earlier deep convolutional network from 16 layers that is a simple and efficient architecture.  

Custom CNN:  For the first time, in our work we present a custom designed convolutional neural network model, 

for the fundus images. The architecture we designed mostly contains convolutional layers in succession for 

32,64,128 of filters, followed by Batch Normalization, Relu activation, and Max Pooling in succession before 

arriving to a fully connected layer of 128 and dropout of 0.5 and arrive max to Sigmoid output for binary 

classification. For all models we used Adam for optimizer and Binary Cross-Entropy for loss function. Each model 

train for an epoch of 50 and batch size of 32 with 20% for validation which was monitored on performance. 

3.2.4 Classification and Prediction: After training, the models classify the input fundus images to be Glaucoma 

or Normal. The new CNN architecture, due to its batch normalized optimized convolutional layers, performed 

better in feature extraction and classification. 

3.3.5 Integration of Gemini API for Health Recommendation: An additional component was introduced in the 

proposed system to increase implementation feasibility in real-life settings. When glaucoma is detected, the 

system uses the Gemini API to generate personalized medication and dietary recommendations for the patients. 

Medication recommendations provide traditional treatment based on disease stage with beta-blockers, 

prostaglandin analogue, and carbonic anhydrase inhibitors, while dietary recommendations focus on nutrients 

helpful to ocular health, e.g., foods high in Vitamin A, C and Omega-3 fatty acids. This combination transforms 

the system from a diagnostic system to an intelligent recommendation system for patients. 

4. RESULTS AND DISCUSSION 

The experimental results show that very high accuracy levels may be achieved using deep learning models in 

recognizing glaucomatous patterns from retinal fundus images. The custom CNN model provided the highest 

classification performance of 92% out of all the architecture tested, followed by VGG16 at 84%, ResNet50 at 

73%. 

Table 1: Performance Comparison of Deep Learning Models for Glaucoma Detection Model  

 

We did a very in-depth comparison of the three deep learning models and the performance metrics of the test set 

are reported in Table 1.  

 

                                  Figure 4: Model Performance Analysis 

Recall that the preceding figure presents the training and validation accuracy and loss curves of the model designed 

for the detection of glaucoma disease. The left plot constitutes the accuracy of the model against epochs while the 

right plot corresponds to the loss values. In particular, it can be inferred that training accuracy rises and levels off 

at a certain higher value denoting good learning of the model during training. Validation accuracy follows the 

same trend while experiencing small fluctuations in accuracy, attributed to changes or variations in the validation 

Model Accuracy (%) Precision (%) Recall (%) F1-Score 

ResNet50 79 78 78 0.78 

VGG16 84 82 86 0.84 

Proposed CNN 92 92 93 0.91 



dataset values. The loss curve shows that the training loss reduces progressively, indicating convergence of the 

model, while the validation loss experiences sporadic spikes, suggesting some overfitting at certain epochs. 

Overall, the model demonstrates very good generalization ability with the accuracy-and-loss patterns supporting 

that the proposed CNN-based glaucoma detection methodology gains good performance on both training and 

validation datasets. 

So, the Glaucoma Detection System currently under development has successfully identified the uploaded fundus 

image as being "normal". This confirms the effectiveness of the Glaucoma Detection System in distinguishing 

between healthy and glaucomatous eyes. The Glaucoma Detection System will perform real-time analysis using 

AI inputs, while still being a strong preventative tool for eye care through the website. Therefore, promoting 

awareness of early detection and preliminary screening for glaucoma will be easy to do using this website.  

5.CONCLUSION  

In this study, the researchers presented an enhanced deep learning model for detection of Glaucoma using Fundus 

Images in Retina. They conducted extensive experimentation and comparative study on different models and 

based on that analysis, they developed a unique CNN model that produced the highest results so far as it has 

reached 92%, which is greater than many pre trained models such as VGG16, ResNet50. Furthermore, the addition 

of the Gemini API for automated medication recommendations and dietary suggestions, makes the developed 

framework usable as a real-world solution for patients or a complete-Eye-Care Assistant. Future research will 

include creating a more substantial database built from Optical Coherence Tomography   images to improve the 

framework's ability to explain and support gradual learning through Grad-CAM and support online patient 

education and screening via an interactive, cloud-based application. 
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Abstract.   

The integration of Internet of Things (IoT) technol ogy with embedded systems has 

revolutionized personal safety devices, resulting in the development of smart helmets that 

go far beyond conventional protective equipment. A smart helmet integrates sensors, 

microcontrollers, and wireless modules into a wearable platform to provide accident 

detection, alcohol consumption monitoring, environmental sensing, and real-time alerts to 

authorities or emergency contacts. Such systems can also employ GPS modules for location 

tracking, cloud platforms for data storage, and mobile applications for visualization and user 

interaction. This review paper investigates the architec ture, functionality, challenges, and 

recent research advancements in smart helmet systems. It further highlights methodologies 

adopted in the design of energy-efficient embedded platforms, low-latency communication 

protocols, and intelligent algorithms for contextaware decision-making. The findings 

suggest that IoT enabled smart helmets present strong potential in transportation, industrial 

safety, and healthcare applications, though issues such as power management, scalability, 

and data privacy remain active areas of research.  

Keywords. Smart Helmet,IOT,Embedded System,Accident Detection,Real Time 

Monitoring,Wearable Technolgy,Vehicle Ignition Control,Microcontroller. 

1.  INTRODUCTION  

The rapid growth of Internet of Things (IoT) has enabled the development of intelligent 

systems for real-time moni toring, control, and communication in various domains. One such 

promising application is the smart helmet, a wearable device that integrates sensing, 

computing, and communica tion capabilities within conventional safety gear. Traditional 

helmets primarily offer passive protection during accidents, whereas smart helmets provide 

proactive safety features by continuously monitoring the user’s state and the surrounding 

environment [1]. Smart helmets are particularly valuable in road safety, where they can  
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detect accidents through sudden impacts, monitor alcohol consumption using gas sensors, 

and alert emergency services via wireless communication. They are equally impor tant in 

industrial and mining environments, where monitoring hazardous gases, worker fatigue, and 

compliance with safety rules can prevent accidents. Furthermore, integration with healthcare 

systems allows continuous monitoring of vital signs such as heart rate or oxygen saturation. 

This paper provides a comprehensive review of smart hel met research, focusing on the 

technical architecture, design methodologies, challenges, and future directions. Section II 

discusses the major challenges faced in smart helmet design, Section III highlights recent 

advancements and methodologies, Section IV presents a summary of findings, and Section 

V concludes with future perspectives.  

  

2.  SYSTEM ARCHITECTURE OF SMART HELMET  

The overall architecture of the proposed Smart Helmet system consists of sensing units, 

processing unit, communication module, cloud service, and a user interface application.  

 

 

Figure 2.1 shows the block diagram of the Smart Helmet using an Embedded IoT system.  

    

1. Power Supply  

The power supply provides the required electrical energy to operate the entire smart helmet 

system. It usually consists of a rechargeable lithium-ion or lithium-polymer battery along 

with voltage regulation circuitry to supply stable power to the ESP32 and sensors.  
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2. Pressure Sensor  

The pressure sensor is used to detect whether the helmet is being worn or not. When the 

rider wears the helmet, pressure is applied inside the helmet, which is sensed and sent to the 

microcontroller. This helps in enforcing safety rules such as enabling the vehicle only when 

the helmet is worn.  

3. MPU6050 Sensor  

The MPU6050 is a MEMS-based sensor that combines a 3-axis accelerometer and a 3axis 

gyroscope. It is used to:  

• Detect helmet orientation and movement  

• Identify sudden impacts or falls (accident detection)  

• Monitor motion patterns that indicate unsafe riding behavior  

It can also assist in temperature or motion-based monitoring depending on configuration.  

4. ESP32 NodeMCU Microcontroller  

The ESP32 NodeMCU acts as the brain of the system. It:  

• Collects data from the pressure sensor and MPU6050  

• Processes the sensor data to determine helmet status or accidents  

• Controls the buzzer for alerts  

• Manages Wi-Fi communication with the cloud server  

The ESP32 is chosen for its high processing capability, built-in Wi-Fi, and low power 

consumption.  

5. Wi-Fi Module  

The Wi-Fi functionality (built into the ESP32) enables wireless data transmission. It sends 

helmet status and alert data to the Blynk IoT Cloud and receives commands or updates if 

required.  

6. Buzzer  

The buzzer provides local audible alerts to the rider. It is activated when:  

• The helmet is not worn  

• An abnormal condition or accident is detected  

• Warning notifications are required  

This ensures immediate feedback without relying only on the mobile application.  

7. Blynk IoT Cloud Service  

The Blynk IoT Cloud acts as a remote server that receives data from the smart helmet via 

Wi-Fi. It stores, processes, and forwards the information to the mobile application, enabling 

real-time monitoring and notifications.  

 

8. Android Application (Helmet Status & Alert/Notification)  

The Android app provides a user interface to display:  

• Helmet wearing status  

• Accident or fall alerts  
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• System notifications and warnings  

It allows riders or guardians to monitor safety information in real time from anywhere.  

  

2.2 Communication and Cloud Integration  

The ESP32 transmits processed data to the Blynk IoT cloud platform using Wi-Fi. The cloud 

service stores and manages data, enabling real-time monitoring through an Android mobile 

application.  

  

2.3 Power Consumption in Smart Helmet  

Power efficiency is a crucial factor in wearable IoT devices. The ESP32 consumes higher 

power during active Wi-Fi transmission, while sensors consume relatively low power. By 

implementing sleep modes and periodic data transmission, the overall power consumption 

is optimized. The system typically operates within 150–300 mA during active mode, 

ensuring prolonged battery life.  
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Abstract 

The analysis of customer sentiment plays a significant role in the improvement of the quality of the product and 

the maximization of the business outcomes in contemporary digital trading conditions. The current research 

presents an artificial intelligence approach to the analysis of piles of customer reviews collected on Amazon and 

Flipkart. Besides, the proposed system unites fully automated reviews collection, natural language processing, 

detection of keywords and aspects, and transformer-based sentiment analysis. It possesses several artificial 

intelligence methods- based BERT, RoBerta, DeBerta and XLNet models to improve accuracy and reduce bias 

within models. The sentiment analysis on aspects is then extended with the help of an AI module to acquire 

practical business insights. Based on the experimental findings, DeBERTa offers the accuracy of classification 

and RoBERTa offers greater runtime performance. This system can offer analysis of unstructured customer 

feedback ready to make decisions, and is accessible via a highly user-friendly Flask dashboard. 

Keywords: Sentiment Analysis; Natural Language Processing; Keyword Extraction; Transformer Models; 

Product Feedback; Consumer Electronics; deep Learning; Text Mining; Customer Insights. 

1. INTRODUCTION 

Customer feedback collected on the internet has been established as an additional source for making purchase 

decisions and product improvements. While these reviews provide various opinions from consumers, they are 

distributed among a vast number of sources and in hundreds of unstructured formats and therefore, require 

significant amounts of human labour and introduce biases into the process of evaluating individual pieces of 

feedback. Traditional methods of sentiment analysis have been challenged by the difficulty of capturing context 

in reviews, irony, and differing opinions relating to product attributes. However, advances in the development of 

transformer-based language models have improved the ability of organisations to accurately classify sentiment. 

Nonetheless, many methods of applying this technology are limited to simply achieving the highest level of 

accuracy and do not give clarity to organisations regarding the usefulness of their results. 

In this paper, we describe an integrated and explainable Artificial Intelligence (AI) system that can turn 

unstructured reviews of e-commerce into structured, interpretable, and actionable insights for businesses. The 

proposed system bridges the gap between customer feedback and the use of that feedback in making data-driven 

decisions by combining an ensemble of transformer models with keyword-driven aspect extraction and generative 

summarisation. 

2. LITERATURE REVIEW 

According to Mysiuk and Shuvar (2023), an Automated Framework for Web Crawling User Comments from 

Social Networks for Sentiment Analysis was developed. This automated web scraping system can be utilized to 

create Sentiment Datasets; however, advanced sentiment classification models were not investigated or utilized 

in their analysis [1]. 

Traditionally, Romadhony et al. (2024), Sentiment Analysis on an Indonesian Product Review Dataset used 

traditional machine-learning methods to classify sentiments, specifically for their local e-commerce review 

datasets. Although the study stressed that a specific dataset must be tailored to the language of the product under 

review, it did not employ deep learning technology [2]. 
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Bellar et al. (2024) employed Transformer-based Models to predict product reviews with a focus on sentiment. 

By employing deep learning, Bellar et al. were able to achieve much higher accuracy rates than previous studies. 

Their primary focus was on improving accuracy rather than interpreting or conducting keyword-level analysis of 

the products being rated [3]. 

Kandhro et al. (2024) evaluate Aspect-Based Sentiment Analysis (ABSA) techniques to identify the opinions of 

consumers about specific features of a product. While they demonstrate the ability to identify specific opinions, 

most of the techniques they reviewed are still conceptual and do not yet have practical hybrid frameworks [4]. 

Ali et al. (2024) demonstrated that utilizing BERT enables researchers to accurately capture customer requests. 

This study focused specifically on an isolated dataset and thus limits the generality of its conclusions to other 

fields of research [5]. 

Rahman et al. (2024) provide a comparative analysis on deep learning models for sentiment analysis and 

confirmed that their advantages over traditional analytical methods. However, they also did not explore methods 

that combine deep learning models with traditional analytical methods[6].  

Sharma et al. (2024) demonstrate through their findings that traditional machine-learning algorithms can provide 

satisfactory results with regard to accurate classification of customers' opinions, but cannot provide valid results 

when applied to large datasets[7].  

Huang, Zavareh & Mustafa (2023) review sentiment analysis technologies presently used within the retail 

ecosystem within eCommerce platforms, and highlight future directions towards scalable models; however, they 

do not propose a novel approach for sentiment analysis[8].  

Zhang et al. (2023) successfully analyzed the sentiment of eCommerce product reviews with their BERT 

embeddings and BERT attention mechanisms, however, their research did not provide an option for consumers to 

automatically scrape product reviews, as well as producing summarised product reviews in real-time, which may 

allow them to have a better and more informed choice about which product to purchase[9]. 

In contrast, Kim & Lee (2022) took advantage of a transformer model and utilised an attention visualization-based 

approach to support negative review analysis. This has increased the level of transparency in both product reviews 

and reviewer profiles[10]. 

3. METHODOLOGY 

The suggested framework adopts a sequence crafted to ensure clarity and repeatability. 

                                          

Figure 1: Flow Chart of Proposed Work 



From the Figure 1 This Pipeline contains 4 sequential parts: 1- Collecting the Input Data and 

Cleaning/Standardizing it, 2- Identifying the Keywords as Features from the data by using Fuzzy matching 

techniques, 3- Identifying the Sentiment of the product review by using pre-trained models on labelled data, 4- 

Generating a summary report on the Top 10 aspects (features) along with their corresponding recommendation 

based on how common and how bad they are. 

3.1. Data Pre-Processing: To clean the data, HTML is stripped off the reviews, all emojis are normalized to text 

or left out altogether, text is made Lowercase/Uppercase as needed, and all contractions (e.g., "I'm") are expanded 

and tokenized using a Sub-word-based Tokenization method suitable for Transformers. All Stop words include 

common nouns, but items that are part of a Product Term will be kept. 

3.2. Keyword and Aspect Extraction: The initial set of Keywords used for training is expanded with statistical 

Phrase Mining to find the best candidate keywords. To aid in this process, we use fuzzy matching techniques such 

as Levenshtein distance thresholding and token set Similarity Matching, which enables us to map noisy tokens to 

a Known standard aspect label increasing the Recall rate for misspelled words or using shortcut codes (e.g., 

"Batery" → "Battery") and collecting all occurrences of misspelled words as part of the label. 

3.3. Sentiment Classification 

To classify sentiments, we use several different Transformer Architectures (BERT/RoBERTa) and fine-tune them 

with product Review subsets that have been Annotated with positive, negative and neutral labels. Class-weighting 

and Data Augmentation are used to balance the Classes during Training. Optimal predictions will occur at both 

the review-level and aspect-level by applying the appropriate model to the appropriate aspect-focused Span. 

3.4. Generative Synthesis 

The Controlled Generative Component generates summary recommendations from Frequent Aspect-Sentiment 

Pairs (based on frequency and severity e.g., highest proportion of Negative mentions) back to the User in a 

simplified summary report format. 

4. RESULTS AND DISCUSSION 

                           

                                Figure 1: Positive Reviews   Figure 2: Negative Reviews  

Figure 1 is showing how often positive review titles are written in by customers. Among the prominent titles, 

Mind-blowing purchase and Fabulous can be seen with an occurrence of two, denoting a high level of satisfaction 

among users. Other appealing titles are Wonderful, Super, Awesome, and Best in the market, each mentioned only 

once. From this, it can be deduced that customers are generally highly pleased with the product quality and 

performance. As these terms are repeated used by a vast number of people, they set a positive attitude and boost 

the good reputation of the product in the market. Most likely the reviewers confess to having a great enjoyable 

experience while at the shop.                          

The incidence of customer reviews with negative overtones is presented in Figure 2 Above. There were four 

occurrences where customers used the title "Utterly Disappointed." Other two titles, "Worthless" and "Useless," 



were used thrice. The remaining two, "Very Poor" and "Worst Experience Ever," were used only once by 

consumers who had an awe-inspiringly poor experience in regards to product quality as well as their own product 

performance. The markedly negative tones used by these consumers highlight just how terrible the experience for 

them must have been. With customer sentiments in perspective, it is important that attention be given to improving 

product quality and customer satisfaction with better customer service, if any major positive increment in lowering 

the incidence of negative reviews of this product is to be achieved in order to raise ultimate consumer confidence 

in this brand and in these products. 

                Table 1: Transformer Model Performance Comparison 

 

Table 1 above contains a comparison of four NLP models (BERT, DeBERTa, RoBERTa and XLNet) based on a 

total of nine different metrics (Accuracy, F1 Score, Runtime (s), and Total FLOPs), along with other performance 

and computational comparisons. The data collected from this comparison indicates that the selection of each 

model should depend on the specific use case—DeBERTa when accuracy is important in offline analyses, 

RoBERTa when low-latency throughput is more critical in production environments, and BERT when an average 

between both DeBERTa and RoBERTa has to be made—and further statistical testing (such as McNemar's Test) 

should be performed prior to making any claims about one model being superior to another.  

5.CONCLUSION  

The proposed project utilizes artificial intelligence as an automated assistant to interpret and analyze thousands 

of customer reviews collected from both Amazon and Flipkart in a timely manner. With five different transformer 

based advanced transformer-based systems working together, the AI will adaptively detect what customers 

appreciate or dislike about a product. A company's efforts to categorize all of their customer reviews manually 

could take weeks, but the reviewed results derived from using the AI system can be visually represented and can 

provide suggestions such as "fix battery life problems first" and "fix camera stability." Manufacturers can utilize 

Metrics BERT DeBERTa RoBERTa XLNet 

Accuracy 0.9843 0.9870 0.9855 0.9844 

F1 Score 0.9919 0.9933 0.9926 0.9920 

Loss 0.1153 0.2356 0.2275 0.1099 

Precision 0.9878 0.9898 0.9890 0.9887 

Recall 0.9961 0.9969 0.9961 0.9953 

Runtime (s) 106.3961 174.2891 93.7125 320.2207 

Samples/sec 62.249 38.000 70.674 20.683 

Steps/sec 3.891 1.188 1.110 2.586 

Total FLOPs 34.85e12 40.61e12 69.70e12 37.73e12 



this information to prioritize specific areas to focus on for improvement based on actual user experience rather 

than on the manufacturer’s assumptions of where to improve. The reviewed system allows companies to shorten 

their time frame and reduce the money and effort expended on large-scale review analysis; therefore, it provides 

product teams with the ability to immediately address customer concerns. In addition to the reviewed application 

being scalable, there will be future innovations available; including the ability to analyze reviews in multiple 

languages, to analyze video reviews on YouTube and to analyze the sentiment of consumer opinion on social 

media outlets. All of these applications will provide a complete picture of customer sentiment.  
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Abstract.  
 
Mental health disorders such as depression are among the most pressure challenges in 

healthcare today. Traditional methods of diagnosis rely very much on the volunteering 

questionnaire and subjective assessment by the physician, which often gives rise to 

underdiagnosis or delayed intervention. To address this challenge, we propose a medical 

therapy assist system that integrates Artificial Intelligence (AI) and Convolutional Neural 

Network techniques to automatically detect and assess the level of depression in patients. 

The system takes advantage of the Convolutional Neural Network (CNN) to remove facial 

emotions from live video stream and Long Short-Term Memory (LSTM) with attention to 

analyze temporal emotion trends. The solution further covers a web-based platform where 

patients can participate in live emotion monitoring, self-assessment questionnaire, and can 

get personal treatment, while physicians can see analytics, therapy history and generate 

detailed reports. Our proposed system crosses the limits of existing static assessment by 

enabling the monitoring of real -time, continuous and intelligent depression. It provides an 

efficient framework, which ensures a high level of data privacy, providing a efficient 

structure to increase 96.8% accuracy and reliability in health care systems, ensuring trust 

and reliability within the quality of medical data handling and care 

Keywords. Artificial Intelligence, CNN, LSTM, Attention Mechanism, Depression 

Severity Assessment, Facial Emotion Recognition, Mental Health Monitoring, Medical 

Therapy Assist System. 

1. INTRODUCTION 

These rapid increases in the incidences of depression, anxiety, and other related 

psychological issues have brought forth the need for a supportive solution that helps both 

patients as well as medical staff in effectively detecting and treating these issues. 
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Depression is currently being experienced by tens of millions of people around the globe, 

but the social stigma attached to psychological issues tends to create a lag in their effective 

treatment. Normally, these tests only include interviews with the patient as well as some 

assessments, which are entirely dependent upon personal perspectives. But with recent 

breakthroughs in artificial intelligence and machine learning, automated systems for 

psychological analysis of human behaviors and emotions through certain techniques of 

analysis have become possible. Deep learning models for the analysis of human 

expressions through facial emotion recognition techniques have shown significant success 

in finding psychological states of humans like happiness, sadness, anger, fear, and surprise 

through facial expressions. But human emotional expressions change over time, so 

temporal analysis is important for psychological analysis. To overcome this issue, the 

combination of Convolutional Neural Networks with Long Short-Term Memory helps the 

system in learning both spatial features of emotion as well as their temporal evolution. 

This helps in the monitoring of the patient as well as the categorization of the severity of 

depression into various levels such as normal, mild, moderate, or severe. It helps fill the 

gap between technology and the medical field by allowing a medical therapy support 

system for various interactions between the patient as well as the doctor through the use of 

AI-based analysis. 

2. LITERATURE SURVEY 

FA.H. Shah et al proposed a framework that addresses a scenario where a user seeks to 

locate a specific individual using only a visual memory of that person. In this approach, the 

user selects images of the person based on target-specific information, which are then fed 

into a trained model for automatic recognition. A hybrid CNN-BiLSTM architecture to 

recognize facial emotions, offered by Alina Alamichhane and Gopal Karn, was aimed at 

eliminating the temporary reliance following the extraction of features. Their model 

integrates both convolutional neural networks to learn spatial features and bidirectional 

LSTM layers to learn sequential features which are interconnected with those that 

emphasize the idea of temporal conversion by using LSTM-based processing. Jiamin Liu, 

Yuehu Liu, and Yuanqi Su proposed a multimodal emotion recognition system, which 

incorporates LSTM-based recurrent neural networks with attention system. Their process 

integrates wide range input features and dynamically focuses on most emotionally 

important temporal patterns enhancing the capacity of the model to make sense of emotion 

sequence over time.The CNN-based model that was developed by Dan Dan Yan, Lu Lu 

Jhao, Shin Wang Songs, Jio Han Jung and Lee Cae Yang took advantage of EEG data to 

identify clinical depression automatically. Their suggested networks, ENENET, 

Dipkonwnet and Shalocon-weight, exhibited that convolutional architectures could 

identify the severity of depression through the neural signal. Even though their method is 

based on the EEG, instead of facial or questionnaire-based data, it successfully shows how 

CNN is able to predict the level of depressive moods. Yi Li, Zidacai, and Jingyi Wang 

introduced a CNN–LSTM framework for depression index prediction using clinical data 

such as the MadRS score. The fusion of convolutional and recurrent layers enables both 

spatial and temporal feature learning, aligning closely with this study’s aim of integrating 

emotion outputs with questionnaire data to estimate depression levels categorized as mild, 

medium, or severe. 
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3.   METHODOLOGY 

3.1. Proposed CNN–LSTM with Attention Framework 

The proposed system will estimate the severity of depression in real time by employing an 

attention-enhanced CNN-LSTM architecture. Facial expressions are captured via either a 

web or mobile camera, and features that relate to the emotions will be extracted from each 

video frame using a Convolutional Neural Network. These features represent spatial 

emotional information contained within the facial expressions. The frame-level features 

are fed into a Long Short-Term Memory network combined with an attention mechanism 

in a row. This attention module lets the model underline emotionally important time 

segments and thus capture meaningful temporal variation in emotional behavior. By this 

selective focus, it enhances the system's ability for recognizing emotional trends associated 

with the level of depression severity. Based on the temporal patterns learned, the model 

classified individuals into normal, mild, moderate, and severe depression. If there is no 

facial input or if the input is unreliable, the system switches over to a previously validated 

self-assessment questionnaire. This ensures uninterrupted analysis and maintains the 

reliability of depression assessment across varied usage conditions. 

3.2. Dataset and Preprocessing 

The model proposed uses a publicly accessible dataset containing facial expressions with 

emotions labeled for multiple people. All images are first adjusted to the same resolution 

to ensure consistency during the feature extraction process using convolutional techniques. 

To increase the model's robustness and reduce overfitting, techniques such as image 

mirroring, changing contrast, and random rotation are applied to improve data 

augmentation. Afterward, the dataset is split into three distinct parts, which are used for 

training the model, validating its performance, and assessing its final effectiveness. 

                        

4. FINDINGS AND DISCUSSION 

4.1. Quantitative Results Summary 

From the experimental results, it is evident that the Attention-Enhanced CNN-LSTM 

framework outperforms other approaches like CNN, LSTM, and CNN-LSTM without the 

attention mechanism. As presented in Table 1, the proposed model demonstrates strong 

performance, achieving an overall accuracy of 96.8% and maintaining high levels of 

precision, recall, and F1-measure. The consistent improvement across all these metrics 

indicates that combining spatial feature extraction with temporal learning, supported by an 

attention mechanism, is effective for accurately predicting the severity levels of 

depression. 

Table 1: Performance Metrics of the proposed CNN–LSTM with attention Model 

 

Model Accuracy 

(%) 

Precision 

(%) 

Recall (%) F1-Score 

(%) 

AUC 
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Proposed 

CNN 

LSTM + 

Attention 

 

 

 

96.8 

 

 

 

96.2 

 

 

 

95.8 

 

 

 

95.9 

 

 

 

0.982 

CNN-Only 

Baseline 

 

89.4 

 

88.1 

 

87.9 

 

87.8 

 

0.903 

LSTM-

Only 

Baseline 

 

 

83.2 

 

 

82.5 

 

 

81.0 

 

 

81.6 

 

 

0.872 

CNN–

LSTM 

(Without 

Attention) 

 

 

 

92.7 

 

 

 

91.5 

 

 

 

91.2 

 

 

 

91.3 

 

 

 

0.941 

 

4.2. Discussion 

The findings emphasize the idea that the CNN-based spatial feature learning and LSTM-

based temporal sequence modeling have significant positive effects on depression 

detection. It is also the attention mechanism that increases the reliability of classification 

through focusing on emotionally informative segments of time. The proposed framework 

is competitive or better accurate than current methods reported in the literature because it 

does not use complicated physiological sensors, which makes it applicable to real-time 

mental health monitoring in an application. 

4.3. Strengths and Limitations 

The main advantage of the proposed system consists in its capability to learn dynamic 

emotional patterns with the help of an attention-enhanced CNN-LSTM architecture that 

leads to a high level of classification and stable results. Nevertheless, the system can also 

worsen in performance when there is poor lighting or when using a low-resolution camera, 

and additional large-scale clinical testing is needed to test its ability in the real world. 

5. CONCLUSION 

The assignment is built upon the development of a medical therapy assist system, which 

connects computer vision, deep learning, and healthcare processes to complement mental 

health monitoring. CNN, combined with LSTM, can enable the system to recognize, not 

only track the progress of individual feelings, which can help in the process of diagnosing 

depression more accurately. The practical implementation of the device and its user 

friendliness is provided by the web-based implementation that comprises of the patient and 

physician dashboard. The level of reliability is also raised by Fallback questionnaire 
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mechanism and automated report generation system. Finally, the system provides an all-

inclusive AI-managed platform to patients and physicians and presents the divide between 

traditional medical care and the new AI-managed healthcare. 
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Abstract.  
 
Students, Citizens and even Professionals can find accessing legal information to be a very 
stressful, Confusing, Time-Consuming task when they do not have quick access to legal 
expertise. To help alleviate these Challenges, this project provides an AI-Based Legal 
Reference and Case Retrieval System that utilises a Natural Language Interface to 
eliminate the traditional Format of how Legal Research is conducted. Users can simply ask 
a question and the System will apply a range of advanced AI functionalities, such as 

semantic search and large language models (LLMs) to provide fast, accurate contextual 
legal information to user instantly. The System also features two utilitarian tools: a 
Complaint PDF Generator that will generate a legal complaint from user’s text input, and a 
Complaint PDF Summarizer to highlight the most important legal information in an 
uploaded complaint PDF. The developed system, which was built using Flask, ReactJS, 
ReportLab, and PyPDF2, helps reduce tedious, hard work for attorneys, as well as 

provides better access and understanding of the law for attorneys, students, and the general 
public. In conclusion, the project demonstrates that with the help of artificial intelligence 
(AI), it is possible to improve traditional legal assistance methods, increase the speed and 
specificity of the service, and provide more individuals with access to this type of 
information. 

Keywords. Artificial Intelligence (AI), Legal Research System, Large Language Models 

(LLMs), Natural Language Interface, Legal Document Automation, Complaint PDF 

Generator, Complaint Summarizer, Flask, ReactJS, ReportLab, PyPDF2. 

1. INTRODUCTION 

Legal research is an important element in understanding statutes, case law and judicial 

reasoning; however, for many people, the legal research process can feel overwhelming 

and time consuming. Traditionally, legal research has been conducted through the manual 

review of long documents, through the use of various databases, by adopting technical 
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legal language, and poses a large barrier for many students, citizens and professionals 

attempting to obtain timely and reliable legal information. While the legal resources have 

transitioned into a more digital format and created more access to legal information, 

digitalizing legal resources has also created more challenges for interpreters and users of 

legal resources to interpret and locate relevant legal information. With advancements in 

digital governance, there is an increased demand for automated legal assistance which will 

serve the same purpose where citizens are looking for quick answers without consulting a 

lawyer. Many individuals do not understand legal language, or what they need to do to file 

a complaint, which delays or leads to mistakes in the required forms. The proposed system 

will work for lawyers by automating the generation of complaints, providing legal issues 

to consider, and summarizing the findings almost instantaneously, but it will also serve 

non-legally trained people with an ability to proceed with a legal matter in a more 

informed, engaged manner, and thus promote a much wider awareness of the public to 

legal matters, and its reduce reliance on legally trained intermediaries for basic forms of 

legal information. 

2. LITERATURE REVIEW 

The technology of automated summary creation has progressed from rudimentary 

extractive methods to highly sophisticated neural-based summarization systems 

customised to the complexities of the legal field [1]. The evolution in legal AI systems 

clearly affirms distinct movement towards hybrid retrieval architectures, generative 

reasoning capabilities, and scalable deployment models that consider and address 

challenges within the domain [2]. Optimizing Legal Text Summarization through 

Dynamic RAG demonstrates a RAG jointly selecting top-3 legal context and dynamically 

creating an accurate and faithful summary of the law [3]. It is also possible to employ 

dense passage retrieval with a KoBERT model trained on legal text and a generative LLM 

to retrieve legal cases and provide explanations [4,5]. Retrieval-Augmented Generation 

(RAG) powered chatbot that uses FAISS for vector retrieval and prompt-tuning in order to 

provide accurate answers for complex legal questions while attempting to improve legal 

literacy [6]. 

3. METHODOLOGY 

The proposed system architecture as shown in Figure 3.1 is built around three main layers: 

the React frontend, the Flask backend, and the Gemini Large Language Model (LLM). The 

React frontend acts as the user-facing interface, allowing users to either upload complaint 

PDFs for summarisation or enter text to generate a new complaint document. The 

application receives various types of user input (i.e. files uploaded, text typed in by users, 

and results either viewed or downloaded). The application interacts with a remote 

application (i.e. the back end) using a series of http post requests to transmit user data to 

the server and to receive a response. 

In addition to validating incoming input, the Flask back end extracts text from PDF files 

using the python library "PyPDF2", builds prompt structure to be sent to the Gemini LLM, 

and retrieves output from the Gemini LLM. The back end has several major functions, 

including a prompt-building function, a JSON formatting function, an LLM 

request/response handler, and a ReportLab-based PDF generator. After Gemini processes 
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the prompt and returns the output (i.e. a summary or formatted legal complaint), the back 

end post-processes the response, creates a new object representing the final output, and 

sends that new object to the front end of the application. As such, these three layers of the 

application (the front end, back end, and LLM) comprise a modular, scalable and efficient 

structure for processing complex legal complaint documents. 

 

Figure 3. 1 System Architecture 

 

4. RESULT ANALYSIS 

The system has been designed as a complement to legal professionals and does not replace 

them, it does provide a mechanism to reduce the amount of time spent preparing basic 

forms and to increase the level of access for users to legal information, as well as to 

streamline the preparation of basic legal documents. The overall results of the research 

indicate that the systems’ automated aids will be valuable time-savers and resources for 

completing legal-related work that generally takes time and expertise to complete. Based 

on the results of this study, there is a sound basis for the system to be integrated into legal 

help desks, educational institutions, and other administrative processes. 

 

Figure 4. 1 Frontend of Application 
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5. CONCLUSION 

The AI Legal Reference and Case Retrieval Systems demonstrates how innovative AI 

solutions, such as Retrieval Augmented Generation (RAG), can vastly enhance legal 

research capabilities. Systems such as this use true legal documentation to ground and 

validate their generative answer results, thereby limiting generative answer 

“hallucinations,” and, therefore, improving accuracy and relevancy of the response to 

context. Furthermore, this type of system also allows the end-user (trained and non-

trained) many options to access legal information since it can assist in both the Generation 

of structured PDF complaints and the summarization of legal documentation. 
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Abstract  
 
This study presents an IoT-enabled smart greenhouse that automatically monitors and 

controls environmental conditions for optimal plant growth. Using Arduino ADK 2560, the 

system tracks eight key parameters, temperature, humidity, light intensity, soil moisture, 

water level, rain, dust, and smoke through various sensors. Real-time data is transmitted to 

the Blynk app via ESP8266 module, allowing remote monitoring. The system automatically 
activates water pumps, sprinklers, and ventilation shutters based on preset thresholds. 

Powered by solar energy, this self-sustaining approach reduces human intervention while 

improving resource efficiency and crop yields. 

Keywords. IoT, Greenhouse, Self-sustainable, Wireless Sensor Network, Agriculture. 

1. INTRODUCTION 

Greenhouse farming traditionally required constant human effort to maintain perfect 

growing conditions. The emergence of Wireless Sensor Networks (WSNs) has 

revolutionized this by enabling intelligent, self-sustaining agriculture [1]. Through 

strategically placed sensors monitoring eight critical parameters, temperature, humidity, 

light intensity, and soil moisture, farmers gain real-time visibility into their crops' 

environment [2]. This data-driven approach forms the foundation of modern smart farming, 

where conditions are automatically optimized for specific plants. By integrating Internet of 

Things (IoT) technology, manual control transforms into automated response systems that 

maintain ideal conditions without human presence [3]. This seamless combination of WSNs 

and IoT empowers farmers with precise, data-based cultivation techniques that adapt to both 

indoor and outdoor environmental changes [4, 5]. 

2. SYSTEM ARCHITECTURE 

The proposed self-sustaining greenhouse operates through an integrated automatic system 

built around the Arduino ADK 2560 microcontroller. The setup continuously monitors eight 

critical environmental parameters using different sensors placed both inside and outside the 
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greenhouse structure. Inside the greenhouse, soil moisture levels are tracked using YL-69 

sensors while temperature, humidity, and light intensity are measured through HT-CdS 

sensors. An ultrasonic sensor keeps watch over water tank levels to ensure uninterrupted 

irrigation supply. Outside the greenhouse, rain sensors and dust/smoke detectors monitor 

external conditions that could potentially harm the crops. The system follows a simple yet 

effective working principle where sensor readings are constantly compared against pre-set 

threshold values stored in the Arduino program. When any parameter falls outside the 

desired range, the controller automatically activates the necessary response mechanisms 

without requiring human intervention. For instance, if soil moisture drops below 50%, the 

irrigation system turns on, and when water tank levels go below 40cm, the water pump starts 

refilling until it reaches 90cm. All sensor data gets transmitted in real-time to the Blynk 

mobile application through an ESP8266 Wi-Fi module, allowing farmers to monitor their 

greenhouse conditions remotely from anywhere. The entire prototype runs on solar power 

with battery backup, making it truly self-sustainable. Testing results confirmed that all 

sensors performed accurately according to their threshold settings, successfully controlling 

the actuators representing sprinklers, shed covers, and water pumps. The system effectively 

maintains optimal growing conditions by automatically responding to changes in soil 

moisture, rain detection, dust levels, and water availability. This integrated approach 

demonstrates how automation can replace manual monitoring while improving resource 

efficiency and crop protection. The automated process is explained with the help of the flow 

chart portrayed in Figure 2.1. 

 

Figure 2.1. Flowchart of Prototype. 

3. RESULTS AND DISCUSSION 

The proposed self-sustaining greenhouse system successfully monitored and controlled 

eight environmental parameters through its sensor network. The Arduino ADK 2560 

continuously processed data from all sensors and triggered appropriate responses based on 

programmed threshold values. The system demonstrated effective environmental control 
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through automated actuator responses. When soil moisture dropped below 50%, the 

irrigation system activated until optimal moisture levels were restored. Similarly, the 

retractable shutter mechanism responded to outdoor conditions, protecting crops during 

rainfall when sensor readings exceeded 40% and during high pollution events when dust 

particle concentration crossed 200 µg/m³ [1]. Water management was automated using an 

ultrasonic sensor that maintained tank levels between 40cm and 90cm, ensuring continuous 

irrigation supply [2]. Temperature, humidity, and light intensity remained under constant 

monitoring, providing real-time growing condition data [3]. The integration of renewable 

energy through solar panels made the system truly self-sustaining, with battery backup 

ensuring uninterrupted operation. Remote monitoring via the Blynk application allowed 

farmers to track all parameters from anywhere, eliminating the need for constant physical 

presence [4]. The automated system successfully replicated the decision-making process of 

human operators while responding faster to environmental changes. This approach to 

greenhouse management demonstrates how IoT technology can optimize growing 

conditions, reduce resource consumption, and minimize human intervention in agricultural 

operations [5]. 

4. CONCLUSION 

This research successfully developed an Arduino-based self-sustaining greenhouse system 

that automatically monitors and controls eight environmental parameters. The prototype 

effectively manages soil moisture, temperature, humidity, light, water levels, rain, and air 

quality without human intervention. By maintaining optimal growing conditions, such 

systems can boost crop yields by up to 40% compared to traditional methods. This 

affordable, automated solution offers farmers a practical way to protect valuable crops while 

reducing water and energy waste. 
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Abstract  
 
This study presents a new congestion-adaptive prioritization algorithm in order to address 

the performance deterioration of Vehicular Ad-hoc Networks (VANETs) due to the dense 

vehicle traffic and traffic congestion, targeting the urban settings with automation of traffic 

lights. The main contribution is a vehicle prioritization-based communication optimization 

algorithm that makes routing behaviour and overall routing network abilities much higher 

due to the extensive analysis of communication parameters. The proposed model using NS2 

as its simulator assigns vehicle priorities according to network level information with high-

importance nodes having higher priorities, followed by a modification of the GPSR 

protocols to produce optimized, load-balanced communication paths using shortest path, 

node priorities, and network load to avoid communication failures.  

Keywords. Vehicular Ad-hoc Networks, Congestion Control, Prioritization, GPSR 

Protocol, Network Simulation, NS2, Communication Optimization. 

1. INTRODUCTION 

Vehicular Adhoc network is the infrastructure-less network distributed in larger 

geographical space. It is a self-organized network with a specification of some infrastructure 

units and the scenario. The nodes in the network are vehicles with variant mobility within 

the scenario restriction [1]. The mobility, communication and architectural control are 

defined using specialized infrastructure specifications localized within the geographical 
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region. The technological requirement and sensing technologies are also defined under the 

vehicle, infrastructure, and geographical diversities. The traffic level, accidental situations, 

and environmental changes affect the network performances, priorities and challenges. The 

application, road, environment, safety, and traffic specific challenges exist in this network 

in a real scenario [2]. The network actually combines the features, restrictions, and 

challenges of mobile and sensor networks in diverse environments. The message, 

communication, and architectural specific constraints are defined in the network [1,3].  

2. RESEARCH METHODOLOGY 

The main issue that has been discussed in this study is the deterioration of vehicular network 

performance as a result of high density and traffic jams which results in a direct way to a 

rise in communication delay and loss of packets. As a response to this, the study proposes 

an adaptive prioritisation approach to congestion-sensitive optimisation of the vehicular 

network performance, particularly during urban operation where traffic lights automation is 

a feasible control system.  

3. PROPOSED MODEL 

The complete functional flow, as shown in Figure 1, is specific to the network scenario 

where architectural specifications, including the placement and role of Roadside Units 

(RSUs), are defined for a city environment. The traffic information sharing and load 

distribution are managed by these controller devices, which also handle the characterization 

of vehicle nodes and information transition via V2I communication.  

 

Figure 1. Flowchart of the Step Process from Network Setup to Performance Analysis. 

4. RESULTS AND DISCUSSION 
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Figure 2. Generation of Vehicular Network. 

In this section, the simulation outcome of the defined network and the algorithmic model 

proposed in this research are provided. Figure 2 and Figure 3 show the static network 

composed in this research for evaluating the operation of the suggested approach. The 

diagram shows the simulation environment of the network animator. The main window and 

the sidebars are shown.  

 

Figure 3. Activation of Network Components. 

4.1. Analysis of Results 

To validate the significance, operation, and reliability of the suggested prioritization model, 

the comparative analysis is done for the city network. The first parameter considered for 

analytical evaluating is the number of packets communicated over the network. The packet 

communication-based evaluation is indicated in Figure 4 and Table 5. 

  

 

Figure 4. Packet Communication Analysis (Scenario I). 

 

Figure 5. Packet Loss Analysis. 
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5. CONCLUSION 

This research successfully developed and validated a novel congestion-adaptive 

prioritization method for Vehicular Ad-hoc Networks (VANETs), specifically targeting 

performance degradation in high-density urban environments. The proposed model can 

greatly increase the reliability and effectiveness of communication, as it introduces the two-

stage model in which the vehicle priorities are assigned on the basis of network information 

and integrated into an adjusted GPSR protocol to generate optimal routes.  
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Abstract  
 
The Estimating the performance of solar panels (PV systems) requires highly accurate 

modelling. Standard optimization methods often fail to find the best settings (parameters) 

for complex models like the three-diode (3D) and four-diode (4D) equivalent circuits, 

getting stuck in wrong answers (local minima). To fix this, we developed a new, improved 

optimization algorithm. This new method proved superior and faster than existing ones like 

Particle Swarm Optimization (PSO), Reptile Search Algorithm (RSA), and Crow Search 

Algorithm (CSA), achieving remarkably low error rates: an RMSE of 3.47E-16 and for the 

3D model and 5.06E-16 for the 4D model.  

Keywords. Photovoltaic Systems, Parameter Estimation, Three-Diode Model, Four-Diode 

Model, Metaheuristic Optimization, Crow Search Algorithm. 

1. INTRODUCTION 

The global transition to renewable energy sources has caused solar photovoltaic (PV) 

technology to become a fundamental part of the future energy mix. The assessment of PV 

systems requires accurate simulation and modelling, which in turn requires a well-defined 

solar cell standard [1]. The working of a solar cell from an electrical perspective is 

exclusively influenced by the internal values which are referred to as parameters. The most 

important parameters include photocurrent, saturation currents, series and shunt resistances 
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(which characterize internal losses), and idealization factors. If these values are very 

accurately known, one can predict the exact performance of the cell under various real-world 

conditions [2]. On the other hand, the parameter values listed in the manufacturer's datasheet 

are generally insufficient for the construction of high-fidelity models, which leads to a 

considerable number of difficulties since the output of the simulated system will not be the 

same as that of the actual one [3]. 

2. ALGEBRAIC MODELLING OF SOLAR PV CELLS 

The three-diode model illustrated in Figure 1 introduces a third diode to more accurately 

capture recombination losses occurring at grain boundaries within semiconductor materials, 

a phenomenon that is not fully accounted for by simpler models [4]. The governing equation 

for the output current (I_O) in the 3D model is given in Figure 1, which extends the DD 

model by adding a third diode current term.  

 

Figure 1. Simplified 3-Diode PV Circuit. 

3. PROPOSED ALGORITHM: ENHANCED CROW SEARCH ALGORITHM 

(ECSA) 

The new optimization method we are proposing is built upon an improved version of the. 

The CSA is a metaheuristic technique that draws inspiration from the clever food-finding 

(foraging) strategies of crows. Crows are renowned for their extraordinary cognitive 

abilities, including self-awareness, tool making, and sophisticated social strategies such as 

hiding food and stealing other birds' stores while protecting their own. Although the standard 

CSA is efficient, it might face the challenge of unequal exploration and exploitation.  

4. EXPERIMENT AND RESULTS 

The proposed metaheuristic algorithm was subjected to a rigorous evaluation in this trial 

phase against the already existing algorithms PSO, Reptile Search Algorithm (RSA) and 

CSA by means of five selected benchmark test functions (CEC1-CEC5) of CEC 2019 which 

all had 20 parameters. To avoid any favouritism in the comparison all algorithms were 

limited to 1000 feature estimations per test task. Programming was carried out in MATLAB 

2018b, each algorithm run independently for 30 iterations to obtain reliable arithmetical 

outcomes as shown in Table 1 and 2 and Fig. 2 and 3.  

Table 1. Unknown Parameters of Three Diode Model. 

Parameter/Algorithms Proposed Algorithm CSA PSO RSA 

Ipv 5.8587 6.9159 5.2835 5.8224 
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n3 1.261 0.947 0.58 1.135 

Rsh 158.2 155.13 97.451 273.09 

Io2 3.80E-07 4.51E-07 1.16E-07 2.78E-07 

n1 1.081 0.714 0.5 1.65 

n2 1.161 0.701 0.668 1.213 

Io1 2.69E-07 2.91E-08 0 7.31E-08 

Rs 0.077 0.017 0.001 0.096 

Io3 6.28E-07 2.82E-09 7.70E-09 6.28E-08 

RMSE 3.47E-16 3.31E-04 1.57E-02 4.33E-06 

 

Table 2. Unknown Parameters of Four Diode Model. 

Parameter/ 

Algorithms 
Proposed Algorithm CSA RSA PSO 

n1 1.085 1.567 0.76 0.538 

n2 1.214 1.072 1.026 0.584 

Rs 0.087 0.02 0.023 0.024 

Io1 2.55E-07 2.10E-07 5.24E-07 4.86E-09 

Io2 4.87E-07 0 3.12E-07 2.48E-08 

n3 1.089 0.612 1.286 0.5 

n4 1.053 0.849 1.598 0.545 

Ipv 7.8285 6.8896 3.8102 6.1342 

Rsh 220.96 153.43 301.84 222.8 

Io3 3.72E-07 6.60E-07 3.97E-07 0 

Io4 2.65E-07 0 4.21E-07 3.58E-08 

RMSE 5.06E-16 2.97E-04 5.97E-06 2.25E-01 

 

 

Figure 4.1. RMSE of Three Diode Model. 

0.00E+00

2.00E-02

Proposed
Algorithm

CSA PSO RSA

RMSE
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Figure 4.2. RMSE of Four Diode Model. 

5. CONCLUSION 

This research study introduces a brand-new algorithm created specifically to solve the 

challenging problem of global optimization when determining the operating parameters of 

a solar cell. The core innovation of this algorithm is the ability to interpret temperature 

variations, which increases the diversity of the solution. Moreover, it features an opposition-

based learning approach, which is a technique for considering and filtering all possible 

solutions from a wide range.  

6. REFERENCES 

[1]. Premkumar, M., Chandrasekaran, K., & Sowmya, R. (2020). Mathematical 

modelling of solar photovoltaic cell/panel/array based on the physical parameters 

from the manufacturer’s datasheet. International Journal of Renewable energy 

development, 9(1), 7. 

[2].  Alam, D. F., Yousri, D. A., & Eteiba, M. B. (2015). Flower pollination algorithm 

based solar PV parameter estimation. Energy Conversion and Management, 101, 

410-422. 

[3]. N. Rawat, P. Thakur, A. Dixit, K. Charu and S. Goyal, "Grey Wolf Optimisation 

Based Modified Parameter Estimation Technique of Solar PV," 2024 IEEE Third 

International Conference on Power Electronics, Intelligent Control and Energy 

Systems (ICPEICES), Delhi, India, 2024, pp. 755-760, doi: 
10.1109/ICPEICES62430.2024.10719261. 

[4]. Yadav, P., Thakur, P., & Bansal, R. C. (2024). A new method for the characterization 

and type detection of voltage sag using active voltage component. International Journal of 

Modelling and Simulation, 45(5), 1771–1784. 

https://doi.org/10.1080/02286203.2023.2301209. 

 

 

 

 

 

 

 

 

0.00E+005.00E-01

RMSE

https://doi.org/10.1080/02286203.2023.2301209


<Conference abbreviation> 

<Conference Series name>             <Volume number and Year> <DOI Number> 

All Open Access articles are peer-reviewed, distributed under the Creative Commons 
Attribution-Non Commercial 4.0 International 

An Enhanced Artificial Hummingbird Algorithm 

Outperforms Established Metaheuristics in DMFC 

Parameter Optimization 

Shaffu1, Shruti Arora2, Ramesh Kumar3, Manish Kumar Singla4,  

Pawan Kumar Pandey5, Sanjay Dhanka6* 

1,2Chitkara University Institute of Engineering & Technology, Chitkara University, 

Punjab, India,  

3Department of Computer Science and Engineering, Manipal University Jaipur, Jaipur, 

Rajasthan, India,  

4Department of Biosciences, Saveetha School of Engineering, Saveetha Institute of 

Medical and Technical Sciences, Chennai, India-602105,  

5Department of Electrical Engineering, Chandigarh Engineering College University, 

Mohali, Punjab, 140307, India, 

6Department of Electrical Engineering, Graphic Era Deemed to be University, Clement 

Town, Dehradun, India,  

1shaffu@chitkara.edu.in, , 2shruti.arora@chitkara.edu.in, 
3rameshkumarmeena@gmail.com, 4msingla0509@gmail.com, 5pkpnitj@gmail.com, 

*6sanjaykumar506070@gmail.com  

*Corresponding Author 

Abstract  
 
Identification of the parameters is important to creation of precise performance models of 

direct methanol fuel cells (DMFCs) because some of the core internal parameters are not 

always covered in datasheets of manufacturers. This investigation introduces Enhanced 

Artificial Hummingbird Algorithm (EAHA) as an algorithm that is used to estimate the 

parameters that are not known, by minimization of the squared error (SSE) of the predicted 

and observed voltages. The efficiency of EAHA is strictly examined by means of 

comparative analysis with five known metaheuristic algorithms, namely: Particle Swarm 
Optimization (PSO), Dragonfly Algorithm (DA), Harris Hawks Optimization (HHO), 

Reptile Search Algorithm (RSA) and the original Artificial Hummingbird Algorithm 

(AHA). These findings demonstrate that EAHA has much reduced SSE (1.01E-10) and 

reduced computation time (0.127 seconds) compared to normal operating conditions and the 

reason behind its high accuracy and efficiency.  

Keywords. Direct Methanol Fuel Cell (DMFC); Parameter Identification; Enhanced 

Artificial Hummingbird Algorithm (EAHA);  
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1. INTRODUCTION 

The direct methanol fuel cells (DMFCs) technologies are gaining relevance due to the 

demand for clean energy around the globe. The principal advantage of DMFCs is their 

application in mobile power and combined heat and power systems, primarily due to their 

high energy efficacy, portability, safe refuelling, and low operating temperature 

characteristics, which are the main benefits. Nonetheless, they are constrained by critical 

issues, especially slow reactions, inactivation of catalysts, and acute mass transport issues 

[1-2]. The main guilty party to these transport issues is based on poor design of flow channels 

that deliver the fuel. Specifically, poor design of flow channels results in a lack of 

distribution of fuel and concentration of bubbles of waste gas (primarily CO2) in the gas 

diffusion layer (GDL) of the cell. This is called gas blockage that starves the catalytic layer 

of methanol fuel, seriously impairs the performance of the cell, and leads to tremendous loss 

of power [3-5]. 

2. FUEL CELL MOLDING 

Fuel Cells Fuel cells are the devices that carry out the electrochemical reaction that produces 

electrical energy from the chemical energy, with the continuous supply of fuel and oxidizing 

agent to the system. Most importantly, they produce power and do not store power, like 

batteries; The main products of them are water and electricity. 

3. BEING PROPOSED: ENHANCED ARTIFICIAL HUMMINGBIRD 

ALGORITHM (EAHA) 

Artificial hummingbird algorithm (AHA) is a metaheuristic optimization algorithm that is 

centred on the remarkable memory and foraging behaviour of the hummingbirds. 

Hummingbirds are able to recall the position of food resources as well as the rate and 

duration of time needed to forage between the two sources of nectar, leading to very efficient 

foraging.  

4. RESULT AND DISCUSSION 

In order to determine the strength of the suggested Enhanced Artificial Hummingbird 

Algorithm (EAHA), the authors conducted an elaborate comparison of the main benchmark 

optimizers: Particle Swarm Optimization (PSO), Dragonfly Algorithm (DA), Harris Hawks 

Optimization (HHO), Reptile Search Algorithm (RSA) and the original Artificial 

Hummingbird Algorithm (AHA). This assessment was made on basis of DMFC technical 

specifications in Table .1 and the optimization constraints which were in Table 1 and Figure 

1. To statistically verify, each of the algorithms was applied 40 times in MATLAB 2020a. 

Table 1 Parameter Estimation of the Double Line-Fed, Direct Driven Induction Machine. 

Parameters 

/Algorithm

s 

𝜶 𝑪𝟏 𝜷 𝑹 𝒋𝒆𝒊𝒅 𝒆𝒐 (V) SSE req 
Computatio

n Time (Sec) 
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Proposed 

Algorithm  

0.785

9 

-

0.452

8 

1.302

4 

1.052

1 

0.254

1 
0.745 

1.01E

-10 

27.30

1 
0.127 

DA 
0.552

1 

-

0.250

9 

0.548

1 

2.054

1 

0.142

8 

0.721

5 

1.21E

-04 

24.52

4 
1.198 

PSO 
0.452

7 

-

0.783

1 

0.214

5 

1.845

2 

0.201

5 

0.759

4 

1.00E

-03 

15.62

4 
2.014 

RSA 
0.365

1 

-

0.253

4 

1.054

7 

1.351

4 

0.201

7 

1.021

8 

1.31E

-06 

17.96

4 
1.247 

AHA 
0.257

1 

-

0.815

4 

0.965

4 

1.842

1 
0.187 

0.752

4 

1.55E

-08 

25.32

4 
1.001 

HHO 0.489 

-

0.742

1 

0.652

4 

2.652

7 

0.153

4 

1.635

7 

1.15E

-05 

19.05

1 
1.547 

 

 

Figure 4.1. Estimation of DMFC Parameters Using Various Algorithms. 
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5. CONCLUSION 

In this investigation, an EAHA was developed and tested in order to discover the key factors 

in DMFCs in an accurate manner. The EAHA functioning was strictly checked and achieved 

high results in comparison with a lot of popular metaheuristic algorithms, particularly, PSO, 

HHO, DA, RSA, and the original standard AHA. According to the results, EAHA 

demonstrates an overwhelming advantage in accuracy and computation efficiency. Under 

typical conditions it gave a very small value of squared error (SSE) of 1.01E-10 and was 

found to converge with solutions with much greater accuracy than any other algorithm 

across a variety of operating temperatures. This performance supports the fact that it can 

produce highly accurate DMFC models that highly replicate experimental behaviour. 
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Abstract  
 
Echo Vision is an IoT-based wearable assistive device designed to enhance navigation, 
safety, and independence for visually impaired individuals. The system integrates embedded 

IoT (Internet of things) technologies into a smart cap, utilizing ultrasonic sensors for obstacle 

detection and an ADXL345 accelerometer to monitor head movement and tilt, enabling 

contextual awareness. Environmental data is translated into real-time feedback through 

tactile (vibration motors) and auditory (buzzers) alerts, ensuring intuitive user interaction. 

The heart of the system such as the ESP8266, IoT module enables wireless connectivity, 

facilitating seamless communication with a dedicated mobile app.  

Keywords. Echo Vision, IoT, GPS, SOS, Wearable Assistive Device. 

1. INTRODUCTION 

In today’s world, millions of visually impaired individuals face daily challenges in 

navigating their surroundings safely and independently. Traditional aids like white canes 

and guide dogs, while helpful, have limitations canes are restricted to detecting obstacles 

only at ground level, and guide dogs require extensive training and are not affordable or 

accessible for everyone [1]. This lack of reliable, real-time environmental awareness 

exposes visually impaired people to risks such as tripping, collisions, or getting lost, 
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particularly in unfamiliar or crowded urban settings. Moreover, in emergency situations, 

visually impaired individuals may find it difficult to communicate their location quickly, 

delaying critical assistance. With limited access to affordable, tech-driven assistive 

solutions, there remains a significant gap in empowering this segment of the population 

through modern innovation [2]. It's amazing how much wearable technology and integrated 

systems are changing healthcare and making life easier for people with disabilities. One 

really important area where this makes a difference is in helping people who are visually 

impaired. Right now, getting around can be a big obstacle for people with visual 

impairments, especially in places that were not built with their needs in mind. While tools 

like white canes and guide dogs are useful, they have their drawbacks. For example, white 

canes can't detect obstacles at head height, and both require physical effort. Guide dogs are 

also expensive to get and maintain [3-4]. 

2. HARDWARE & SOFTWARE 

This section outlines the hardware components, software tools, and implementation 

framework of our wearable assistive technology project, Echo Vision: Auditory Vision for 

the Blind. The project integrates sensor-based obstacle detection, motion tracking, tactile 

alerts, and real-time GPS communication into a compact, wearable system. The core idea is 

to enhance navigation for visually impaired users, powered by the ESP8266 microcontroller 

and supported by various sensors and IoT tools. This chapter also includes block diagrams, 

circuit diagrams, pin diagrams, and flowcharts to explain the structure and logic of the 

project. 

3. SOFTWARE TOOLS & LIBRARIES 

The Arduino IDE (Integrated Development Environment). This is our main workspace for 

writing the instructions and code that tell the ESP8266 NodeMCU (the brain of the device) 

what to do. For real-time monitoring and control, we rely on the Blynk platform. This clever 

tool helps us create the mobile app that lets caregivers keep an eye on the user's status from 

a distance. It's all about making sure help is always just a tap away, enhancing safety and 

peace of mind. 

Emergency features are automated through Macro Droid, which triggers smartphone actions, 

such as sending the user’s live location via email and Telegram bot when the SOS button is 

pressed. Key libraries include ESP8266WiFi.h and WiFi ClientSecure.h for Wi-Fi 

connectivity, UniversalTelegramBot.h and ArduinoJson.h for Telegram notifications, and 

Adafruit_ADXL345_U.h with Wire.h for accelerometer data processing. Together, these 

components create a robust, interconnected IoT ecosystem for assistive navigation. 

4. BLOCK AND CIRCUIT DIAGRAM 

The IoT Emergency Alert System integrates multiple hardware and software components to 

create a comprehensive assistive solution. At the sensor level, an HC-SR04 ultrasonic sensor 

detects obstacles, while an ADXL345 accelerometer monitors motion and tilt, and an SOS 

button triggers emergency alerts. These components connect to the ESP8266 

microcontroller, which processes data and activates output devices like a buzzer and 
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vibration motor for user feedback while leveraging its built-in Wi-Fi module for 

connectivity, such as shown in Figure 1. 

 

Figure 1. Block Diagram. 

 

5. RESULTS AND DISCUSSION 

The Echo Vision was successfully designed, developed, and tested as a wearable assistive 

system to help visually impaired individuals navigate their environment more safely and 

independently. The results from the implementation are promising and demonstrate that the 

device can perform real-time obstacle detection, fall monitoring, and emergency location 

sharing effectively, such as shown in Figure 3. 

  

Figure 3. Final Echo Vision System. 
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6. CONCLUSION AND FUTURE SCOPE 

The creation of Echo Vision: Auditory Vision for the Blind was a learning experience, and 

not only regarding the technical aspects of the creation of assistive wearable technology, but 

also regarding the significant social change that it can help to create. The primary objective 

was to assist the people with visual impairments to be more autonomous and have access to 

the surrounding world. This was achieved through the integration of sensors, real-time alerts 

as well as IoT.  
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Abstract  
 
The study describes a novel framework, which uses the human cognitive response data in 

terms of reaction times (RT) to simulate the perception of smile intensity. The authors 

transcend the use of traditional binary categorization by proposing a continuous smiling 

index (SI) based on human RTs and binary rating of a mixed 200-image dataset of faces. 

We also combine this psychophysical information with a machine learning pipeline that uses 

Principal Component Analysis (PCA) and feature selection in sequence in a unique manner. 

This enables us to produce artificial facial expression continua with perceptually based 

control smile differences. One of the contributions is the fact that RTs present a strong, 

implicit measure of expression ambiguity and intensity. Our model delivers more 
perceptually realistic smile progressions as compared to baseline methods through 

comparative evaluation. The model is proven to be effective through human validation 

experiments which identify a logarithmic pattern of perception that is consistent with 

psychological models. The proposed work advances facial expression analysis by: (1) 

establishing a cognitive data-driven continuous intensity metric, (2) demonstrating the 

untapped value of reaction time in expression modeling, and (3) providing an effective 

synthesis method for generating realistic facial expression continua for HCI and 

psychological research. 

Keywords. Cognitive Modeling, Smile Perception, Reaction Time, Principal Component 

Analysis, Facial Expression Synthesis. 
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1. INTRODUCTION 

One of the most important components of the process of sharing thoughts and social signals 

with people is facial expressions. Of all expressions smiling is the most researched one since 

it is evident in every culture with varying degrees of intensity. Calder et al. [1] were pioneers 

in applying PCA to the facial expression. They checked its fit in face memory models of the 

brain. Their conclusion is that PCA does not always do a good job of identifying tiny changes 

such as small smiles. This work was expanded by Beltran and Calvo [2], who examined the 

brain activity when smiling. They obtained PCA and brain wave data to follow the initial 

signs in the behind brain. Their findings revealed that the brain reacts very fast to smiles in 

a manner that emphasizes on significant changes. The reaction time or RT is also significant 

in the perception of smiles by people. Li et al. [3] applied brain tests to observe the variation 

in the speed or slowness of response on the way we detect smiles. They demonstrated that 

attempting to respond quickly may impair the capacity of the brain to detect gentle smiles. 

This will be significant in developing superior models of our face reading. Elsewhere Jones 

and Kramer [4] employed PCA and one more technique known as factor analysis. They 

discovered that smiles are likely to cause individuals to feel safe and open. These are the 

faces that are prominent in PCA. In Cowen et al. [5], PCA was used to reconstruct brain 

signal faces. Their work is based on the fact that PCA can be used to learn the manner in 

which the brain stores the description of faces such as smiling. 

2. METHODOLOGY 

The methodology section outlines the systematic approach employed in this study to 

investigate the "smiling strength" of faces using cognitive modeling techniques. 

2.1. Dataset Selection and Preprocessing 

The approach used in this experiment started with the close selection and pre-processing of 

the facial images in order to explore the phenomenon of smiling strength as both a 

dichotomous variable (smiling and not smiling), and as a continuous measure that will be 

able to detect the subtle variations of the facial expressions. The analysis targeted such 

important parameters of the face as smile line (curvature of the lips), smile arc (position of 

the teeth in relation to the lower lip), the shape of the upper lip, and the presentation of teeth 

that are included in such parameters to contribute to the apparent infertility of the smile. 

Calculation of Continuous Smile Index 

2.2. Feature Selection Using Sequential Forward Selection 

The criterion used to select the features was sequential forward selection to determine the 

most effective subset of principal components to estimate the continuous smile index (CSI). 

The main aim was to identify the most efficient combination of features derived using PCA, 

which would be the best predictor of the smile intensity and at the same time be 

parsimonious in nature. It was done through the SequentialFS function of MATLAB as it 

was used to apply an iterative selection method based on the performance measures. The 

algorithm selected the subsets by feature through mean squared error (MSE) of linear 

regression as the main performance measure that guaranteed that the features chosen would 

give rise to the lowest prediction error.  
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3. RESULTS AND DISCUSSION 

The study investigated smile perception using cognitive modeling techniques on a curated 

dataset of 200 facial images (100 individuals, with smiling and neutral expressions). Images 

were standardized for background and orientation to minimize irrelevant variations. 

Reaction time data from three participants was processed to create a continuous smile index 

ranging from -1 (definite non-smile) to +1 (definite smile), after removing outliers (<200ms 

or >2s) and normalizing for individual response speeds.  

Human validation with two participants confirmed all continua maintained monotonic smile 

progression as shown in Figure 1. The regression model's continuum showed superior 

logarithmic alignment with human ratings (R²=0.92 vs 0.85/0.84 for alternatives), 

particularly in distinguishing subtle smile intensities. Table 1 summarizes a study on smile 

perception, finding that regression modeling best predicts human ratings by using mid-level 

PCA features. 

 

Figure 1. Human Perception of Constructed Continuum. 

Table 1 Key Experimental Outcomes. 

Component Metric Finding Implication 

Dataset Image selection 200 images (100 pairs) 
Controlled 

pose/variability balance 

Smile Index Distribution range -1 to +1 continuum 
Effective expression 

quantization 

PCA 
Variance explained 

(Top 3 PCs) 
52.19% total 

Gender/race dominate 

facial variance 

Feature 

Selection 
Optimal features 

10 PCA components 

(up to PC47) 

Smile perception uses 

mid-level features 
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Regression 

Model 

Prediction accuracy 

(Human rating) 
R²=0.92 

Best perceptual 

alignment 

Continuum 

Generation 
Methods compared 

Regression vs. two 

averaging techniques 

Regression preserves 

perceptual linearity 

Human 

Validation 
Rating consistency 

All methods 

monotonic (p<0.01) 

General method 

robustness 

 

4. CONCLUSION 

The research has been able to come up with a cognitive modeling method to measure and 

synthesize facial expression with respect to the intensity of smile. The best sources of facial 

variance with the aid of PCA were gender and race, whereas sequential feature selection was 

used to optimize the identification of smile-related features. A continuous smile index, 

which was obtained by adding reaction times and binary classifications, was useful in 

capturing perceptual differences between smiling and non-smiling faces. Training a linear 

regression model on these features yielded high-quality syntactic facial continua that were 

better than more basic weighted-averaging schemes on perceptual alignment.  

5. REFERENCES 

[1] Abbad, Calder, A. J., A. M. Burton, P. Miller, A. W. Young, and S. Akamatsu. 

2001. “A Principal Component Analysis of Facial Expressions.” Vision Research 
41, no. 9 (April): 1179–1208. https://doi.org/10.1016/S0042-6989(01)00002-5.  

[2] Beltrán, D., and M. G. Calvo. 2015. “Brain Signatures of Perceiving a Smile: Time 

Course and Source Localization.” Human Brain Mapping 36, no. 11 (August): 

4287–4303. https://doi.org/10.1002/hbm.22917.  

[3] Yadav, P., P. Thakur, and R. C. Bansal. 2024. “A New Method for the 

Characterization and Type Detection of Voltage Sag Using Active Voltage 

Component.” International Journal of Modelling and Simulation 45, no. 5: 1771–

1784. https://doi.org/10.1080/02286203.2023.2301209. 

[4] Rawat, N., P. Thakur, A. Dixit, K. Charu, and S. Goyal. 2024. “Grey Wolf 

Optimisation Based Modified Parameter Estimation Technique of Solar PV.” In 

2024 IEEE Third International Conference on Power Electronics, Intelligent 

Control and Energy Systems (ICPEICES), Delhi, India, 755–760. 
https://doi.org/10.1109/ICPEICES62430.2024.10719261.  

 

 



A REVIEW ON DETECTION OF GRASSERIE 

DISEASE IN SILKWORM 

Preetam Sanjay Patil1*, R M Rudresh Patil 2, Sharanprakash Hosamani 3, 

 Soujanya D G 4 and Hemanth T S1* 

Department of Electronics and Communication Engineering, Alvas Institute of 

Engineering & Technology, Moodbidri, Mangalore, Karnataka, India 

Email ID: 4al22ec069@aiet.org.in, rmrudresh9@gmail.com, 

sharanhosamani272@gmail.com, soujanyadg23@gmail.com, hemanthts@aiet.org.in. 

 

Abstract.  

The sericulture industry is currently undergoing a significant transformation through the 

adoption of the Internet of Things (IoT), Artificial Intelligence (AI), and advanced image 

processing techniques. These technologies are being deployed to combat prevalent silkworm 

diseases and modernize traditional, labor-intensive farming practices. IoT-enabled sensors 

provide farmers with immediate feedback on critical environmental metrics, such as 

humidity and temperature, which are vital for silkworm survival. Furthermore, computing 

platforms like the Raspberry Pi, when integrated with AI and image processing algorithms, 

facilitate the real-time diagnosis of diseases and the assessment of silkworm health with 

classification accuracies reaching up to 99%. The convergence of these technologies 

enhances system reliability and autonomy, leading to higher quality silk production and a 

reduction in manual labor. Current research indicates that such automated systems can sort 

cocoons at high speeds and mitigate yield losses caused by suboptimal rearing conditions, 

thereby fostering a more resilient and sustainable sericulture sector.  

Keywords: Sericulture, Internet of Things (IoT), Artificial Intelligence (AI), Machine 

Learning (ML), Raspberry Pi, Disease Detection. 

1. INTRODUCTION 

Sericulture being an ancient but important sector, especially in countries such as India and 

China, where it is essential to maintain standard environmental parameters such as 

temperatures, humidity, and cleanliness for better silkworm rearing. The occurrence of 

diseases is a serious problem in these circumstances, which further leads to a decrease in the 

quality of cocoons and sometimes in financial setbacks, with manual methods being time-

consuming and imprecise. The combination of IoT technology and image processing 

technology will help in continuous environmental parameter tracking, automatic 

disinfection and irrigation systems, and accurate identification of diseases in silkworms. 

Moreover, AI and machine learning algorithms in camera-based systems will help in quick 

analysis and early detection of diseases, which is not possible in other systems. Therefore, a 
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combination of advanced intelligent systems with existing pathological knowledge will help 

in increasing productivity, improving quality, and providing a bright future to sericulture. 

2.  IMPLEMENTATION AND ARCHITECTURE 

 

Fig 2.1: Pipeline of the Silkworm Detection  

2.1 System Architecture Overview This architecture design is targeted to achieve silkworm 

disease detection as a sequential image-processing pipeline. The first stage focuses on image 

acquisition; the second stage does the disease analysis and classification. 

• Input Layer: This layer captures silkworm images by the help of a camera or image 

upload mechanism. 

• Processing Layer: The captured image is processed and analysed by the trained 

detection model in order to identify disease presence. This kind of lightweight 

architecture makes processing fast, deployment easy, and thus detects reliably in real-

time applications of sericulture. 

2. METHODOLOGIES 

This survey synthesizes methodological advances across four interlocking stages: 

START  

Send start command to the camera 

Capture Image 

Image Process take 
place 

Disease Detected  

Pale yellow 
(Normal) 

STOP 

Affected 
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3.1. Dataset Collection and Pre-processing: The Image Processing Module is the core of 

the system, enabling accurate detection of Grasserie disease from silkworm images. 

Each image is resized to YOLO’s fixed input dimensions to maintain uniformity across 

the dataset. Noise removal and pixel-level normalization are applied to enhance image 

quality and consistency. The pre-processed images are analysed by YOLO’s 

convolutional layers to extract disease-related visual features. Multi-scale detection 

improves accuracy by identifying symptoms such as swelling, colour changes, and 

irregular textures. 

3.2.  User Interface: The user interface acts as the main interaction platform for the YOLO-

based detection system. Users can upload silkworm images easily through a simple and 

intuitive interface. Once uploaded, the image is processed in real time using the trained 

YOLO model. The system classifies the silkworm as healthy or Grasserie-affected with 

a confidence score. The interface is designed to be user-friendly and accessible for both 

technical and non-technical users. 

Quantitative Analysis of Parameters 

A summary of key parameters from the reviewed literature is presented below: 

• Dhruvakumar et al. [1] Combines DHT11 sensors with Arduino–

NodeMCU and image analysis to automate irrigation and disinfection, 

improving cocoon yield and disease detection precision. 

• Manjunatha et al. [2] Uses Raspberry Pi and camera modules with ML-

based analysis for continuous, high-resolution image monitoring of 

silkworm diseases. 

• Puneeth & Veena [3] Integrates IoT sensors, wearables, and computer 

vision to enable predictive analytics, real-time monitoring, and early 

disease intervention. 

• Guo-Ping & Xi-Jie [4] Reviews silkworm pathology and diagnostics 

extensively but provides limited quantitative analysis of environmental 

parameters. 

• Shilpa B. Kodli et al. [5] Applies CNN-based image classification for 

major silkworm diseases, achieving ~99% accuracy via a web 

application without environmental inputs. 

4. CONCLUSION 

The AI The integration of IoT, Artificial Intelligence, and Deep Learning represents a 

paradigm shift in sericulture. As evidenced by the literature and the proposed system 

architecture, these technologies significantly enhance the efficiency, reliability, and 

automation of silkworm rearing. The reviewed systems demonstrate high efficacy in disease 

detection and classification, with accuracies ranging from 85% to 99%. While deep learning 

models offer superior resilience and precision, the combination of these algorithms with 

low-cost hardware like the Raspberry Pi ensures that these solutions are accessible and 

scalable. Future developments should focus on optimizing these systems to handle 
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environmental variables more robustly and further reducing the computational load for edge 

devices. Ultimately, automating disease detection allows farmers to safeguard their crops 

against mass infection, ensuring a sustainable and profitable silk production industry. And 

combat bias through semantic analysis, AI tools will become even more integral to 

personalized learning paths. The successful integration of these technologies depends on a 

approach that prioritizes oversight and continuous evaluation. Ultimately, the goal is not to 

replace human educators but to augment their capabilities and empower learners with tools 

that are scalable and supportive. 
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Abstract— Primary biliary cirrhosis (PBC)—an immune-mediated chronic liver disease destroying intrahepatic bile ducts, leading to 
cirrhosis/failure—was analysed using Mayo Clinic trial data (424 patients, 1974-1984): 312 in randomized D-penicillamine/placebo trial, 
130 observational. Machine learning models trained on demographic/biochemical features for survival/prognosis prediction identified 
MLP as optimal (96.07% accuracy, 94.34% sensitivity, 96.99% specificity), outperforming KNN and Decision Tree. Serum bilirubin and 
liver disease stage emerged as key prognostic indicators. These models support clinical decision-making for PBC 
identification/management. 

Index Terms—Primary biliary cirrhosis, predictive modelling, machine learning, survival analysis, clinical indicators, disease 
progression. 

I. INTRODUCTION 

Primary biliary cirrhosis is a chronic autoimmune liver disease that predominantly affects middle-aged women, leading to 

progressive bile duct destruction, fibrosis, cirrhosis, and potentially liver failure. Traditional prognostic tools like MELD and 

Child–Pugh scores, though useful, rely on linear assumptions and struggle to integrate complex, multidimensional clinical data. 

This study uses ML algorithms (MLP, KNN, Decision Trees, Random Forests) on the 424-patient Mayo Clinic PBC cohort (1974–

1984) to predict prognosis and survival, aiming to build accurate models, identify key predictors, compare methods, and assess 

clinical utility. By modeling nonlinear relationships and handling high-dimensional features, these ML approaches are positioned 

to improve risk stratification, monitoring, and precision medicine in hepatology. 

II. LITERATURE REVIEW 

Machine learning outperforms traditional scores (like MELD/MELD-Na) for predicting cirrhosis outcomes such as mortality, 

portal hypertension, readmission, HCC, fibrosis, microbiome-based severity, and encephalopathy, often reaching 

AUC/C-index around 0.8–0.9. However, these gains highlight the parallel need for better interpretability so models can be 

trusted and used in real-world clinical practice. 

III. DISCUSSION AND RESULTS 

The study uses the 424-patient Mayo Clinic PBC cohort and a Kaggle-formatted cirrhosis dataset with rich clinical and 

demographic features to build survival and prognosis models. Figure 1 indicates that more advanced cirrhosis stages cluster in 

older patients, suggesting a relationship between age and disease severity. 
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Fig. 1. Stage vs Age Plot 
 

Table I reports the performance of several machine learning models on the cirrhosis dataset using accuracy, sensitivity, 

specificity, and F-score as evaluation metrics. The MLP model achieves the highest accuracy of 0.9607, indicating superior 

ability to correctly predict patient outcomes and distinguish cirrhosis status in this cohort. 

Figure 2 shows that the MLP model has the lowest and most consistent errors, with a narrow spread and maximum error around 

0.20, confirming it as the most reliable model for PBC outcome prediction. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Comparison of Machine Learning Model Performance in Predicting PBC Outcomes: Boxplot Analysis 

 

Figure 3 shows that the MLP model has the highest Precision (around 0.95) and a similarly strong NPV, meaning it is best at 

correctly identifying both PBC and non-PBC cases. 

Figure 4 KDE plot shows the top model’s accuracy tightly concentrated around 0.87–0.89, indicating consistently high and reliable 

survival prediction performance. 

TABLE I 
PERFORMANCE METRICS OF MACHINE LEARNING MODELS ON THE CIRRHOSIS DATASET 

 
Model Accuracy Sensitivity (TPR) Specificity (TNR) Precision (PPV) Negative Predictive Value (NPV) F1-Score 

MLP 0.9607 0.9434 0.9699 0.9434 0.9699 0.9434 
K-Nearest Neighbors 0.9434 0.9259 0.9569 0.9434 0.9434 0.9346 
Decision Tree 0.9383 0.9146 0.9569 0.9434 0.9346 0.9288 

Random Forest 0.9284 0.9146 0.9390 0.9202 0.9346 0.9174 
 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 3. Precision and Negative Predictive Value Comparison of Machine Learning Models for Primary Biliary Cirrhosis Prediction 



 

Fig. 4. KDE Plot of Model Accuracy in Predicting PBC Survival 

 

Figure 5 shows that the best PBC model consistently achieves high accuracy, sensitivity, and specificity across runs, with CDFs 

rising sharply at strong performance levels, indicating stable and reliable predictive behavior. 

Fig. 5. Cumulative Distribution Functions of Accuracy, Sensitivity, and Specificity for PBC Prediction Model 

 

 Figure 6 shows density plots of the best model’s metrics for PBC prediction. Accuracy values cluster at the high end, specificity 

peaks near 0.95, and F1-score centers around 0.9, indicating consistently strong overall performance. 
 

 

Fig. 6. Density Distributions of Performance Metrics for PBC Prediction 

 

Figure 7 shows that, among all algorithms, the MLP’s performance values are most densely concentrated at the high end of the 

distribution, indicating it most frequently achieves superior predictive accuracy for PBC. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Density Distribution of Algorithm Performance in Predicting Primary Biliary Cirrhosis 



 

Figure 8 compares Accuracy and Sensitivity (TPR) for MLP, KNN, Decision Tree, and Random Forest in predicting PBC 

outcomes. MLP attains the highest accuracy (≈0.8), indicating strong correct classification of PBC-related cases. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 8. Accuracy and Sensitivity of Machine Learning Algorithms for PBC Prediction 

 

Figure 9 compares Specificity (TNR) and Precision (PPV) for MLP, KNN, Decision Tree, and Random Forest in PBC prediction. 

Figure 10 uses a radar plot over Sensitivity, Specificity, Accuracy, F1-score, NPV, and Precision, where the Multilayer 

Perceptron shows the strongest overall performance profile among the models. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 9. Specificity and Precision Comparison of Machine Learning Algorithms for PBC Prediction 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Fig. 10. Radar Plot Comparing Machine Learning Models for PBC Prediction 

 

Figure 11 plots Accuracy (objective function) for MLP, KNN, Decision Tree, and Random Forest on the PBC dataset. MLP 

attains the highest and most consistent performance, with maximum accuracy of about 0.978. 

IV. CONCLUSION 

Machine learning on the Mayo PBC cohort shows that key clinical and biochemical variables can be used to predict prognosis 

with high accuracy, with an MLP model achieving around 96% accuracy, 94% sensitivity, and 97% specificity. These models 

both complement existing prognostic scores and highlight the need for external validation and integration with multimodal and 

EHR data to enable scalable, explainable precision medicine tools in chronic liver disease. 



 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 11. Accuracy Comparison of Machine Learning Algorithms for Primary  
Biliary Cirrhosis Prediction 
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Abstract— Plant diseases cause ~1/3 of annual agricultural losses, threatening food security; timely detection ensures sustainability. This 
study optimizes CNNs with metaheuristics (WWPA, GWO, PSO, WOA, GA) for classifying 87,000 RGB images across 38 
healthy/diseased crop categories. WWPA-CNN achieved superior performance: 97.89% accuracy, 97.53% sensitivity, 98.20% specificity, 
97.79% F-score—outperforming GWO-CNN (95.33%), PSO-CNN (94.30%), WOA-CNN (93.45%), and GA-CNN (92.82%). Histograms, 
KDE, and CDF plots confirmed WWPA-CNN's stability. Metaheuristic-optimized CNNs enable reliable, scalable plant disease detection 
for real-world agriculture. 

Index Terms—Plant Disease Detection, Convolutional Neural Networks (CNNs), Metaheuristic Optimization, Waterwheel Plant 
Algorithm (WWPA), Precision Agriculture 

I. INTRODUCTION 

Agriculture has long been recognized as the foundation of human civilization and remains central to global food security, rural 

livelihoods, and economic growth. With the global population projected to approach 10 billion by 2050, the Food and Agriculture 

Organization (FAO) estimates that food production must increase by at least 70% to sustain future demand. However, plant 

diseases represent one of the most significant challenges to achieving this target, accounting for up to one-third of annual 

agricultural production losses. These losses not only threaten food supply but also contribute to economic in-stability, Plant 

diseases threaten crop yields, exacerbating farmer vulnerability and food prices; effective detection is essential for sustainability. 

Deep Learning (CNNs) automatically discovers subtle disease features invisible to the naked eye, enabled by datasets like 

PlantVillage/PlantDoc and enhanced by metaheuristics (WWPA, GWO, PSO, WOA, GA) for field generalization. However, and 

impose high computational barriers for smallholder farmers. This systematic review analyzes CNN-metaheuristic architectures for 

plant disease prediction, highlighting contributions/limitations and practical research directions to bridge lab success and field 

deployment: 
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1) Extensive testing of hybrid CNN models: We test CNN-based architectures using metaheuristic algorithms, including 

WWPA-CNN, GWO-CNN, PSO-CNN, WOA-CNN, and GA-CNN. These models represent the new generation of 

models, aiming to enhance plant disease classification performance by providing improved parameter tuning and 

optimization. 

2) Quantitative insights into performance: Experimental evidence demonstrates that WWPA-CNN consistently 

outperforms competing models, achieving an accuracy of 97.89%, sensitivity of 97.53%, and specificity of 98.20%. By 

comparison, GWO-CNN and PSO-CNN recorded accuracies of 95.33% and 94.30%, respectively, while WOA-CNN 

(93.45%) and GA-CNN (92.82%) 

delivered competitive but slightly lower outcomes. These results confirm the superior generalization capacity of WWPA-

CNN across multiple metrics. 

3) Robustness through predictive metrics: Beyond accuracy, this study evaluates predictive reliability using sensitivity 

(True Positive Rate), specificity (True Negative Rate), positive predictive value (PPV), negative predictive value (NPV), 

and F-score. The consistently high values observed for WWPA-CNN across these metrics underscore its robustness in 

minimizing both false positives and false negatives. 

In summary, this work contributes to the broader body of research by bridging theoretical advances in DL-based plant disease 

detection with practical considerations for agricultural deployment. By critically examining recent contributions and providing 

comparative evidence, this review offers both re-searchers and practitioners a clear perspective on the current state of the field 

and the pathways toward scalable, field-ready solutions. 

II. LITERATURE REVIEW 

FAO estimates global food supply must increase 70% by 2050 to meet population needs, yet plant diseases cause ~2/3 of food 

losses, driving automated detection strategies. Datasets: PlantVillage (lab, poor field performance), PlantDoc (field, 

annotation errors), FieldPlant (5,170 images/8,629 leaves, 27 expert-verified classes—outperforms PlantDoc). ML/DL 

advances include YOLOv5 (object detection), ResNet50/MobileNetv2 (classification efficiency) []. EfficientNet transfer 

learning on PlantVillage achieved 99.91-99.97% accuracy [6]; thermal CNN+XAI hit 98.55% on 4,720 images, 90.04% on 

paddy [7]. Xception+Adam led validation (99.81% accuracy, 0.9978 F1) [8]; crop-specific CNNs scored 98.3% (potato), 

98.5% (pepper), 95% (tomato) [9]. Hybrid CNN-ViT balances ViT's accuracy gains with real-time inference speed [10]. 

Rice, a staple crop in India, suffers from significant yield losses due to fungal and bacterial infections. A CNN-based detection 

method was developed to classify three major rice diseases—leaf smut, brown spot, and bacterial leaf blight. Using Otsu’s 

thresholding for background removal, the model trained on 8,000 leaf images achieved 99.7% accuracy, out-performing prior rice 

disease recognition methods [11]. 

III. MATERIALS AND METHODS 

The dataset, downloaded from Kaggle (augmented recreation of GitHub original), contains ~87,000 RGB images of 

healthy/diseased crop leaves across 38 classes. Split 80:20 (training: validation), it retains original directory structure plus a 

separate test set of 33 unseen images for generalization testing. Figure 1 shows balanced class distribution (~1,800-2,000 images 

each) across categories like Apple healthy, Apple Cedar apple rust, Apple Black rot, and Apple scab—essential for unbiased 

deep learning training. 

To train the model, a preprocessing sequence was employed on all images to make sure they were consistent and suitable as 

inputs to deep learning models: 

1) Image loading: All images were read from the dataset directories and loaded into memory in their raw format. 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 1. Distribution of images across different classes of apple diseases in the dataset. 

 

 



2) Resizing: All images were resized to a common resolution that the CNN input layers could accept, ensuring a uniform 

image size regardless of the original image. 

3) RGB conversion: To maintain the color information, which is crucial in the disease identification process, the images were 

converted into a three-channel RGB format. 

4) Normalization: Normalization of pixel values was per-formed to the range [0, 1] to improve model stability during training 

and accelerate convergence. 

5) Tensor conversion: Finally, the preprocessed images were converted into tensors to serve as inputs for the deep learning 

models during training and evaluation. 

These preprocessing steps ensured that the dataset-maintained consistency in size, scale, and format, thereby improving the 

efficiency and performance of the deep learning models trained in subsequent stages. 

Convolutional Neural Network (CNN CNNs automatically extract spatial/hierarchical features from raw plant disease images. 

This study's baseline architecture used convolutional/pooling layers for feature extraction, ReLU activations, batch normalization 

for training stability, dropout regularization in fully connected layers, and softmax for 38-class probability outputs. While 

baseline CNNs yielded satisfactory results, metaheuristic optimization (learning rates, dropout, filter sizes) maximized accuracy, 

sensitivity, and specificity under adverse conditions. WWPA produced the largest gains; WWPA-CNN outperformed unoptimized 

models across all metrics, validating metaheuristic-enhanced CNNs for real-world plant disease detection. 

 

IV. HYPERPARAMETER OPTIMIZATION RESULTS 

Five CNNs optimized with WWPA, GWO, PSO, WOA, and GA were evaluated across Accuracy, Sensitivity (TPR), 

Specificity (TNR), PPV, NPV, and F-score. WWPA-CNN led with 97.89% accuracy, 97.53% sensitivity, 98.20% specificity, 

98.04% PPV, 97.75% NPV, and 97.79% F-score. GWO-CNN followed (95.33% accuracy), PSO-CNN emphasized 

specificity/PPV (94.30% accuracy, 93.40% sensitivity), while WOA-CNN (93.45%) and GA-CNN (92.82%, lowest 

specificity) trailed. Metaheuristics universally improved performance: Figure 2's histograms+KDE visualize metric 

distributions, central tendencies, and consistency across models. 

TABLE I 
PERFORMANCE COMPARISON OF CNN MODELS OPTIMIZED WITH DIFFERENT METAHEURISTIC ALGORITHMS. 

 
Model Accuracy TPR TNR PPV NPV F-score 
WWPA-CNN 0.9789 0.9753 0.9820 0.9804 0.9775 0.9779 
GWO-CNN 0.9533 0.9458 0.9599 0.9554 0.9514 0.9506 
PSO-CNN 0.9430 0.9340 0.9529 0.9554 0.9301 0.9446 

WOA-CNN 0.9345 0.9340 0.9350 0.9387 0.9301 0.9363 

 GA-CNN 0.9282 0.9340 0.9206 0.9387 0.9145 0.9363  

 
 

 

 
 
 
 
 
 
 
 
 

 
 
 
 

 
Fig. 2. Histogram and KDE plots for the evaluation metrics across optimized CNN models. 

 

Cumulative Distribution Function (CDF) plots in Figure 3 examine optimized CNN performance distributions across Accuracy, 

Sensitivity (TPR), Specificity (TNR), PPV, NPV, and F-score. Unlike histograms/KDE, CDFs show the percentage of models 

achieving specific performance levels, enabling clear detection of significant inter-model differences and relative comparisons. 

 
 

 
 

 

 
 

 

 
 

 

 
Fig. 3. CDF plots for evaluation metrics across optimized CNN models. 

 



Figure 4's line plots with mean/standard deviation examine model consistency across Accuracy, Sensitivity (TPR), Specificity 

(TNR), PPV, NPV, and F-score for metaheuristic-optimized CNNs. Solid blue lines show individual model performance; red 

dashed lines indicate means; green dotted lines mark ±1 SD from means—enabling direct optimizer comparison relative to 

overall variability.. 

 
Fig. 4. Line plots with mean and standard deviation for evaluation metrics across optimized CNN models. 

 

V. CONCLUSION AND FUTURE WORK 

This study demonstrates CNN-metaheuristic integration (WWPA, GWO, PSO, WOA, GA) for plant disease detection, with 

WWPA-CNN achieving top performance: 97.89% accuracy, excelling across accuracy, sensitivity, specificity, PPV, NPV, and 

F-score. KDE/CDF visualizations confirm its robustness. Limitations include controlled dataset bias and computational 

complexity for resource-constrained farmers. Future work targets diverse field datasets (pathologist-verified), lightweight edge-

deployable CNNs, multimodal data (thermal/hyperspectral), explainable AI, hybrid optimization, and adaptive frameworks to 

enable scalable precision agriculture for food security. 
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Abstract.  

This study presents an innovative integrated framework that combines advanced machine 

learning classifiers with meta- heuristic optimization algorithms to enhance earthquake pre- 

diction capabilities. A comprehensive evaluation was conducted using five state-of-the-art 

models, including Random Forest, XGBoost, Gradient Boosting, Extra Trees, and Light 

GBM, on preprocessed seismic datasets. Random Forest emerged as the superior baseline 

classifier, achieving exceptional performance with 92.3% accuracy, 92.31% sensitivity, and 

97.44% specificity, demonstrating balanced predictive capability across critical eval- uation 

metrics. To further optimize classification performance, three bio-inspired metaheuristic 

algorithms—Somersaulting Spi- der Optimizer (SSO), Harris Hawks Optimization (HHO), 

and Whale Optimization Algorithm (WOA)—were systematically in- tegrated with the 

Random Forest model. A comparative analysis revealed that SSO-Random Forest achieved 

the highest overall performance, with an accuracy of 93.46% and a specificity of 97.82%, 

significantly outperforming both the baseline and other optimized configurations. Statistical 

validation, as deter- mined by one-way ANOVA, confirmed the significance of these 

improvements.  

Keywords. Earthquake risk-level classification, Machine learning, Somersaulting Spider 

Optimizer (SSO), Random Forest, seismic analysis, metaheuristic optimization 

1. INTRODUCTION 

Earthquakes constitute catastrophic natural disasters causing significant loss of life and 

infrastructure damage. Traditional seismic monitoring systems face substantial limitations 

in speed, generalization, and predictive accuracy, while early warning delivery remains 

constrained by earthquake com- plexity and limited seismic data. Integrating advanced com- 

putational techniques has become urgent for strengthening early warning systems. Machine 

learning (ML) and Deep learning (DL) approaches have emerged as powerful tools for 

improving earthquake prediction performance [1]. 

Unlike conventional threshold-based methods, these data- driven techniques are capable of 

automatically extracting relevant features, modeling complex nonlinear relationships, and 

making rapid predictions from raw seismic inputs [2]. Numerous studies have explored 

convolutional neural net- works, recurrent architectures, and hybrid models for tasks such 

as earthquake detection, magnitude estimation, and peak ground acceleration prediction [3]. 

However, despite promis- ing advances, these approaches face critical challenges related to 
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generalization across diverse seismic regions, sensitivity to noise, and the scarcity of labeled 

training data in low- seismicity zones [4]. Addressing these limitations requires frameworks 

that combine the strengths of machine learning with novel strategies for optimization and 

statistical validation to ensure reliability and adaptability in real-world scenarios [5]. 

2. LITERATURE REVIEW 

Deep learning is increasingly applied to seismic waveform analysis for earthquake 

monitoring, but models often fail to generalize across diverse regions due to geographically 

limited training. As shown in [6], a data recombination method generates synthetic seismic 

data from various locations and stations, enabling neural networks with broader applicability 

for detection and parameter estimation. 

 Optical mesh networks provide another approach for early earthquake detection by using 

existing fiber infrastructure. According to [7], integrating real displacement data into 

waveplate models allows strain simulations in fiber cables, improving machine learning 

models for P-wave detection and showing the potential of fiber optic grids as seismic 

sensors. Accurate peak ground acceleration (PGA) prediction is vital for early warning. In 

[8], a CNN-based end-to-end model pre- dicts PGA directly from initial seismic waves, 

achieving better accuracy and lower error than peak displacement methods. Data scarcity 

remains a challenge in low-seismicity areas. Research in [9] applies an auxiliary classifier 

GAN to gen- erate synthetic earthquake data, with results showing realistic seismic 

characteristics validated against borehole sensors. 

3. EXPERIMENTAL RESULTS 

A. Machine Learning Performance Evaluation 

Table I presents the comprehensive performance comparison of five classification models 

evaluated on the earthquake pre- diction dataset. Among the evaluated models, Random 

Forest demonstrates superior performance across all key metrics, achieving the highest 

accuracy of 0.9231, sensitivity of 0.9231, and specificity of 0.9744. Additionally, it recorded 

a positive predictive value of 0.9292 and negative predictive value of 0.9746. Figure 1 

illustrates the average error distribution for several models through comprehensive boxplot 

analysis with swarm overlay visualization. Random Forest exhibits exceptionally strong 

performance characteristics, achieving a relatively low median error value that suggests 

consistently accurate predic- tions.  

Fig. 1. Model Performance Comparison Using Boxplots with Swarm Overlay and Machine 

Learning Algorithm  
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TABLE I: CLASSIFIER PERFORMANCE COMPARISON TABLE 

 

Models Accuracy Sensitivity 
(TPR) 

Specificity 
(TNR) 

PPV NPV F1 Score 

Random 
Forest 

0.9231 0.9231 0.9744 0.9292 0.9746 0.9239 

XGBoost 0.9192 0.9192 0.9731 0.9237 0.9734 0.9195 

Gradient 
Boosting 

0.9115 0.9115 0.9705 0.9147 0.9707 0.9118 

Extra Trees 0.9077 0.9077 0.9692 0.9084 0.9693 0.9077 

Light GBM 0.9038 0.9038 0.9679 0.9092 0.9680 0.9049 

4. Optimization Algorithm Enhancement Results 

Table I presents a comprehensive comparative analy- sis of three different metaheuristic 

optimization algorithms when combined with the Random Forest classification model. 

Among the three evaluated optimization strategies, SSO- Random Forest achieves the 

highest overall performance with an accuracy of 0.9346, representing a significant improve- 

ment over the baseline Random Forest model. The model also demonstrates exceptional 

specificity of 0.9782, indicating superior capability in correctly identifying negative 

earthquake instances. 

Figure 2 displays comprehensive comparative model eval- uation through detailed boxplot 

analysis with swarm overlay, specifically focusing on average error distribution across the 

optimized models. The SSO-Random Forest model demon- strates exceptionally clustered 

error distribution characteristics, signifying remarkably consistent and reliable performance 

across multiple evaluation runs. 

 

Fig. 2. Comparative Model Performance: Boxplot Analysis with Swarm Overlay for 

Optimized Models and  ANOVA Sum of Squares Contribution Analysis 

C. Statistical Significance Analysis 

Table III displays comprehensive results of the one-way Analysis of Variance (ANOVA) 

conducted to evaluate sta- tistical significance of performance differences among the 

evaluated models. The Between Groups analysis reveals an F- statistic of 68.2295, which 

represents a substantial statistical measure indicating significant performance variations 
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among the evaluated algorithms. The p-value of less than 0.0001 indicates extremely high 

statistical significance. Figure 2 illustrates comprehensive ANOVA results visualization on 

logarithmic scale, effectively highlighting the relative contributions of different variance 

sources to the overall statistical analysis.  

5. CONCLUSION 

The experimental results presented in this study demon strate the significant potential of 

integrating machine learning models with advanced metaheuristic optimization algorithms 

for earthquake prediction. This optimized model achieved remarkable improvements in 

accuracy and specificity, significantly reducing false positives while preserving strong 

detection capability. Statistical valida- tion through one-way ANOVA confirmed that these 

improve- ments were not incidental but rather statistically significant, reinforcing the 

reliability of the optimization-enhanced frame- work. 
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Abstract—Rice leaf diseases affect rice yield, particularly in low- and middle-income
countries where rice is the staple meal; these diseases include smut, brown spots, and
bacterial blight. This work assesses the performance of machine learning algorithms for
diagnostic and prognostic value regarding rice leaf diseases to mitigate yield loss. Using an
extensive dataset from Kaggle, models such as Decision Tree (DT), K-Nearest Neighbors
(K-NN), and Support Vector Machine (SVM) were assessed on metrics of accuracy,
sensitivity, specificity, and predictive values. The Decision Tree model gave the highest
classification accuracy of 94.31%. Specificity remained generally low across all models,
suggesting difficulties in the discriminant definition of non-diseased samples; notably, this
model yielded the lowest specificity. Therefore, these results support the use of a machine
learning approach for disease diagnosis in rice but call for improvement in specificity to
increase the reliability and practicality of the models.
Index Terms—Rice leaf disease, machine learning, classification accuracy, sensitivity,
specificity, Decision Tree model

1. INTRODUCTION
In agricultural research, correct recognition and an early diagnosis of rice leaf diseases are
significant priorities for preventing crop loss and ensuring food security. However, this
task seems quite challenging because definitive patterns of diseases, causes, and variability
in the manifestation of symptoms in rice crops are not always clear. Newer metaheuristic
optimization techniques used to solve multi-dimensional and other forms of complex
optimization problems are now considered effective for the challenges [1].

Among the metaheuristic algorithms gaining attention, the Waterwheel Plant Algorithm
(WWPA) has demonstrated its applicability across various domains, including agricultural
diagnostics [2]. This novel approach is well-fitted for disease predictor models because it
performs flexible optimization over complicated structured spaces inherent to data.
Similarly, the Al-Biruni Earth Radius (BER) algorithm has shown promising results in
diverse optimization tasks by mimicking natural search processes, which are particularly
useful in agricultural studies with complex data landscapes [3].

Similarly, enhanced ensemble learning models, especially the optimized weighted
ensembles, also increase the predictability of climate unsteadiness [4]. For instance,
implementing recurrent neural networks (RNN) optimized with metaheuristic methods has



been applied to predict traffic flow in urban settings, showcasing the relevance of
optimization techniques in handling time-series data [6].

2. LITERATURE REVIEW

Rice is food for over half of the world’s population, so detecting and predicting rice
diseases on the leaves is an essential direction of agricultural studies. Diagnosing these
diseases is crucial to food security.

In the study conducted by [7], deep learning and support vector machine (SVM)
technologies are explored as prominent tools in pattern recognition, with their integration
shown to significantly enhance recognition accuracy. This approach begins by using
convolutional neural networks (CNNs) to extract features from rice leaf disease images,
followed by the application of SVM to classify and predict specific diseases. The best
measurement of parameters for Specific Verification Machines is done using the 10 10-
fold cross-validation method, translating to a 96.8% recognition rate when C=1 and g=50.

According to the study made by [8], it is established that rice yield is affected by both
biotic as well as abiotic factors such as rainfall, soil nutrient content, temperature variation
and diseases originating from pests, bacteria and viruses. The convolutional neural
network (CNN) algorithm, a popular tool in deep learning, has proven effective in tackling
complex computer vision challenges, such as image classification and analysis. In this
study, the best CNN model used was the InceptionResNetV2 CNN model, utilizing
transfer learning to classify the diseases in the rice leaf images. This proposed approach
can be considered an efficient tool for automated agricultural disease management since
the accuracy rate of the developed model was determined to be 95.67%.

According to the perception of [9], these traditional practices are some of the causes of low
agricultural yield and financial losses in the farming fraternity. In particular, 14 color
spaces are considered, while 4 features are derived in each channel, which gives 172
features in total. By testing seven different classifiers, the study demonstrates that the
highest classification accuracy, 94.65%, was achieved with the support vector machine
(SVM) classifier. This model was trained and tested on a dataset of 619 images collected
from actual agricultural fields, covering four classes: (a) Bacterial Leaf Blight (BLB), (b)
Rice Blast (RB), (c) Sheath Blight (SB), and (d) Healthy Leaves (HL).

Again, the study [10] acknowledges the importance of early detection and intervention in
the health of crops and food security. This research uses a Faster Region-Based
Convolutional Neural Network (Faster R-CNN) for real-time detection, overcoming
challenges like complex backgrounds and symptom variability. Fine-tuned on multiple
data sets, the classification of rice blast, brown spot and his achieved 98.09%, 98.85% and
99.17%, respectively, with 99.25 used for healthy rice leave identification. Hence, these
studies demonstrate how Faster R-CNN can be applied to developing accurate field-
diagnostic disease identification systems.

While convolutional neural network (CNN) methods have evolved with transfer learning
and ensemble models, few studies have systematically compared these approaches for
detecting and localizing rice diseases. To fill this gap, [11] has recently compared the
performance of six CNN architectures, namely DenseNet121, Inceptionv3, MobileNetV2,
ResNext101, ResNet152V, and SeresNext101 in distinguishing between nine common rice
diseases in Bangladesh. Additionally, transfer learning was applied to selected models, and
an ensemble model (DEX, combining DenseNet121, EfficientNetB7, and Xception) was



tested. The findings indicate that the ensemble model yielded the optimum accuracy of
98%, followed by transfer learning, improving the SeresNext101 from 81% to 98%.

In the study by [12], the authors integrated artificial intelligence and machine learning with
agriculture and achieved very high efficiency in disease detection by analyzing images of
leaves, fields, and seeds.

In the findings by [13], the authors emphasize the importance of early infection detection
of rice blast. However, there is a lack of research on the spectral detection of rice leaf blast
infection, especially at the initial or latent phase. Using 2 to 4 spectral features provided
the highest classification accuracies of more than 65% for the asymptomatic levels, 80%
for early infection levels, and up to 95% in the presence of mild symptoms. The sequential
floating forward selection combined with support vector machine (SVM) classification
showed up to 10% higher accuracy than traditional methods.

Following research by [14], an automated diagnostic approach was developed and
implemented as a smartphone app, using deep learning trained on a dataset of 33,026
images covering six rice diseases: leaf blast, false smut, neck blast, sheath blight, bacterial
stripe disease and brown spot diseases.

Many diseases attack rice and wheat, especially leaf diseases, which threaten food
production and may result in famine in certain regions. To meet this need, [15] focuses on
three types of rice leaf diseases and two wheat leaf diseases using 40 augmented image
samples for each type. This study improves the Visual Geometry Group Network-16
(VGG16) model by incorporating multi-task learning and using a pre-trained ImageNET
model for transfer learning with alternating learning. The improved model attained 97.22%
accuracy for rice leaf diseases, while for wheat leaf diseases, it was 98.75%.

3. DISCUSSION AND RESULTS

In this work, the performance of the machine learning models in identifying rice leaf
diseases is investigated. We want to identify which strategies work best when it comes to
distinguishing between various diseases, particularly leaf smut, brown spot, and bacterial
leaf blight by breaking down the various disease features and studying the model
outcomes.

3.1. Dataset

The dataset for this study, sourced from Kaggle
(https://www.kaggle.com/datasets/vbookshelf/rice-leaf-diseases), contains images of rice
leaves affected by various diseases. Rice is the most critical food crop for millions in low-
and middle-income countries, where it serves as a dietary staple, especially among the
impoverished. In Asia, which is a region where rice is almost a staple, it accounts for 40
percent of the food budget of people who live on $1.25 or less per day, therefore implies
that rice production is an economic and food security issue.

3.2. Data Analysis

Figure 1 shows the symptomatology of the leaf smut disease in rice whereby the affected
rice plant leaves have black raised spots or smuts on the surface of the leaves. This fungal
disease affects the ability of rice plants to photosynthesize and if not controlled its yield
will be affected. The contrasting patterns of blackish lesions at early stages of foliar smut
are good starting points to differentiate the disease from others, and assist machine
learning models in making high-quality distinctions.



Fig. 1. Leaf Smut Disease

Figure 2 showed another type of disease that affected rice crops which is known as brown
spot disease. This disease is characterized by brown and yellow spots mainly on the leaf
blade with a bright yellow outer line. Brown spot disease is associated with the fungus
Cochliobolus miyabeanus and is favored by low nutrient status to soil, and water stress
conditions. The visual characteristics viewed in this figure help the machine learning
models to distinguish the brown spot cases based on its color and shape of the spots.

Fig. 2. Brown Spot Disease

The bacterial leaf blight disease is illustrated in Figure 3, characterized by long narrow
water-soaked yellow or chlorotic lesions that run along the length of the rice leaf and
rapidly enlarge. Bacterial leaf blight is caused by the bacterium Xanthomonas oryzae and
is extremely damaging and can lead to huge yield reductions if not addressed.

Fig. 3. Bacterial Leaf Blight Disease

3.3. Machine Learning Results

Table I describes each machine learning model utilized in rice disease classification and
shows the comparative index of accuracy, True Positive Rate (TPR), True Negative Rate
(TNR), P-value (Positive Predictive Value), N-value (Negative Predictive Value) and F-
score. In the models examined, the Decision Tree (DT) model showed the highest accuracy
of 94.31%, a sensitivity as high as 98.48, which is powerful evidence to support that this
model has a high ability in sample diseased diagnosis. Nevertheless, overall specificity
remains low for all the models; this is where the SVM model shows only 11.11%,
signifying a major challenge of differentiating between the non-diseased samples.

TABLE I
ML MODEL RESULTS FOR RICE DISEASE CLASSIFICATION



Model Acc TPR TNR PPV NPV F1

DT 0.943 0.985 0.300 0.956 0.563 0.970

K-NN 0.917 0.960 0.300 0.951 0.346 0.956

SVM 0.893 0.948 0.111 0.938 0.130 0.943

This figure simplifies the comparison of the average classification accuracy of each model,
and as a choice criterion for practical application, this factor must be considered.

Fig. 4. Accuracy Comparison Between Models

The analysis proved that using the machine learning models is effective in the
classification of rice leaf diseases for automated detection and prevention. All the
developed models have distinct advantages in terms of accuracy and sensitivity;
nevertheless, some of them revealed drawbacks such as low specificity, leading to
decreased model precision.

4. CONCLUSION

Overall, the paper showcases how high-performing and promising a ML approach is for
the classification of rice diseases, which include; leaf smut, brown spot and bacterial blight
and its likelihood in supporting the automated detection of diseases in agricultural crops.
The Decision Tree algorithm stood out in testing as the most accurate and sensitive model
of all those presented, in terms of diagnosing diseased samples. Nevertheless, the overall
performance of the models showed that there was a lack of distinctiveness which pointed
to difficulties of accurately classifying non-diseased samples. This is well illustrated in the
Support Vector Machine discipline where the level of accuracy was relatively high but an
ability to identify between the healthy leaves and the diseased was very poor. Due to the
economic and food security consequences of diseases affecting rice, and especially the
developing countries relying on rice production, there is a crucial need to accurately and
rapidly diagnose the diseases.
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Abstract. In the ever-evolving area of Machine Learning, choosing the proper classifier to
get the maximum accuracy is one of the most critical yet very competitive prerequisites,
which are always more sensitive when even slight variations in accuracy are possible to
make a huge difference. This study addresses this problem by conducting a comparative
analysis of two widely used classifiers: the Stochastic Gradient Descent Classifier (SGDC)
and the Support Vector Classifier (SVC). To maximize accuracy, we tested each algorithm
on a classification task, repeating the experiment several times. The accuracy yielded was
significantly higher for SGDC in the aggregate, yielding an absolute accuracy of 97.5%,
while SVC yields an absolute accuracy of only 82.3%. The performance difference of
15.2% compared with SGDC illustrates the appropriateness of the method for highly
accurate applications. This study delivers practical implications regarding specific
performance G-means, which recognize the most effective classifier in a particular project
and stimulate further investigation to enhance the comparison scope concerning various
algorithms and data sets.

Keywords. Machine Learning, Classification, Accuracy, SGDC, SVC, Classifier
Comparison, Objective Function.

1. INTRODUCTION
The use of machine learning in dermatology has accelerated in parallel with the global rise
in skin cancer incidence and the persistent shortage of specialist dermatologists, creating a
clear demand for scalable, accurate, and automated diagnostic support systems. In
contemporary clinical workflows, these systems typically analyze dermoscopic or clinical
photographs to assist clinicians in differentiating benign from malignant lesions, thereby
improving triage, prioritizing biopsy decisions, and potentially shortening time to
treatment. Beyond simple pattern recognition, modern pipelines incorporate standardized
image acquisition, quality control, and metadata handling to mitigate variability introduced
by devices, lighting, and skin phototypes.
Concurrently, evidence indicates that a spectrum of AI approaches—from classical
machine learning to deep convolutional architectures—can materially improve lesion
classification performance when trained on sufficiently large, well-annotated datasets.
CNN-based models leverage hierarchical feature learning to capture clinically salient



patterns (e.g., asymmetry, border irregularity, color variegation, dermoscopic structures)
and have approached dermatologist-level accuracy in specific benchmarks. Nevertheless,
persistent challenges remain, including class imbalance, domain shift across institutions
and imaging devices, and the need for interpretable outputs that align with clinical
reasoning. Current research therefore emphasizes stronger dataset curation, stratified
evaluation, and the fusion of segmentation, feature extraction, and classification modules
to support reliable deployment in heterogeneous real-world settings.
Machine learning has also seen numerous studies evaluating whether traditional classifiers
or deep networks perform better in identifying skin lesions. Researchers have investigated
standard classifiers, such as the Stochastic Gradient Descent Classifier (SGDC) and
Support Vector Classifier (SVC), to assess their diagnostic reliability. Findings
demonstrate that classifier choice significantly affects diagnostic performance in terms of
accuracy, sensitivity, and specificity. Furthermore, the automatic detection of complex
structures in medical images has been made possible through convolutional neural
networks (CNNs).

2. LITERATURE REVIEW

Artificial intelligence has found potential use in dermatology, especially in the detection of
skin cancer. Advances demonstrated in recent research show that machine learning (ML)
and deep learning (DL) models can provide improved diagnostic predictions by studying
datasets and can help in early disease detection and treatment. Specific research areas aim
to improve algorithms for diagnosing and grading skin lesions to address the shortage of
dermatologists and the rising prevalence of skin disorders.
As reported in recent studies [1], machine learning (ML) employs statistical models and
algorithms that learn incrementally from data to predict future outcomes. Deep
convolutional neural networks (CNNs) are now trained to assess skin images for cancer.
Although specialists are efficient in diagnosing skin cancer, the growing demand for
diagnostic accuracy has increased the need for automated systems that can assist
dermatologists, improve efficiency, and reduce patient costs.
Skin diseases account for nearly 1.79% of the global burden of disease. According to
recent findings [2], a Multi-Class Multi-Level model based on a divide-and-conquer
strategy was proposed to classify multiple skin diseases. The model, evaluated on 3672
images from multiple sources, achieved a diagnostic accuracy of 96.47%, outperforming
prior Multi-Class Single-Level models. A novel approach for skin cancer identification
using hybrid features [3] employs a k-nearest neighbor (kNN) algorithm with 5-fold cross-
validation. The surface fractal dimension is calculated using a 2D generalization of
Higuchi’s method. Tested on 7-Point, Med-Node, and PH2 datasets, the model achieved
accuracies of 95.42%, 94.71%, and 94.88%, respectively.
As highlighted in [4], an approach for automatic lesion detection integrates features from
photometric and spatial domains using the AlexNet architecture combined with a local
optimal-oriented pattern, achieving 94.7% accuracy on the PADUFES-20 and MED-
NODE datasets. A decision-making system [5] integrates multiple classifiers including
neural networks using weighted voting, with fine-tuned CNNs (GoogleNet, ResNet-101,
NasNet-Large) fused with a Support Vector Machine classifier, yielding superior
diagnostic performance. In [6], a deep CNN system trained on 38,283 dermal images
achieved over 90.3% sensitivity and 89.9% specificity. Recent studies [7] demonstrated
that a proposed model predicted clinical management choices directly from images,
improving accuracy by 13.73% and reducing over-diagnosis cases by 24.56%.



A study [8] proposed deep learning frameworks using fully convolutional residual
networks (FCRN) combined with a lesion index calculation unit (LICU), achieving
segmentation, feature extraction, and classification accuracies of 0.753, 0.848, and 0.912
on the ISIC 2017 dataset. For melanoma detection [9], fine-tuned transfer learning models
(ResNet50, InceptionV3, Inception-ResNet) on ISIC 2018 achieved accuracies of 83.7%,
85.8%, and 84%. Hybrid metaheuristics such as BA-ABC [10] enhance image quality by
optimizing contrast and brightness, achieving a Dice coefficient of 94.6% on ISIC 2016–
2018 datasets. Recent advancements in optimization and ML have significantly improved
classification accuracy [11], with metaheuristic methods showing promise in feature
selection and dimensionality reduction [12][13][14][15].

3. DISCUSSION AND RESULTS

The following section provides a critical review of the dataset, data analysis, and the
performance of machine learning models in the classification of skin lesions. Skin lesions,
especially those presented in the ISIC 2019 dataset due to the rich variety of them, can be
effectively utilized for training and evaluating classification models. The use of two
models, SGDClassifier and SVC, involves a comparison regarding the ability of each
model to correctly diagnose skin lesions.

3.1. Dataset
The dataset used in this study is theISIC 2019 dataset, which contains image data for skin
lesion classification. The dataset consists of 25,331 dermoscopic images contributed from
previous ISIC challenges (2018 and 2017). It encompasses nine diagnostic categories:
melanoma, melanocytic nevus, basal cell carcinoma, actinic keratosis, benign keratosis
(including solar lentigo, seborrheic keratosis, and lichen planus-like keratosis),
dermatofibroma, vascular lesion, squamous cell carcinoma, and “none of the above.” This
diverse collection provides a rich and heterogeneous data source useful for training and
evaluating machine learning models. The dataset is publicly accessible on Kaggle at:
https://www.kaggle.com/datasets/andrewmvd/isic-2019

3.2. Data Analysis
Figure 1 is a bar diagram which represents the distribution of various classifications of
melanoma in the given dataset. This helps to understand how frequently each of the skin
lesion categories occur, and to see how common each type of skin lesion is.

Fig. 1. Bar Plot for Melanoma Classification Dataset

3.3. Machine Learning Results
Table I displays the accuracy of two predictive models, SGDClassifier and SVC, in
identifying melanomas. This table includes accuracy, sensitivity (TRP), FScore, specificity



(TNP), PPV, and NPV. As clearly shown in the table, the SGDClassifier yields reasonable
performance in most aspects such as achieving an accuracy of 0.968 and specificity that is
almost 1.000. On the other hand, the SVC model tends to have much lower values of all
these features, with accuracy of 0.824 and specificity of 0.812, meaning that
SGDClassifier is more efficient at this particular type of classification.

TABLE I. Performance Comparison Between SGD Classifier and SVC

Model Accuracy Sensitivity F-Score Specificity

SGD Classifier 0.968 0.942829 0.934569 0.998787

SVC 0.82381 0.833113 0.799205 0.812449

Figure 2 presents the confusion matrices for all models in the form of a heatmap, which
enhances the visualization of the differences in both accuracy and sensitivity. The heatmap
shows that all the models have a reasonably good attitude towards accuracy with a lower
sensitivity towards SVC. Altogether, the results of this study stress the possibility of using
classifiers within the machine learning framework.

Fig. 2. Heatmap of Performance Metrics by Model

4. CONCLUSION

The comparative analysis between the Stochastic Gradient Descent Classifier (SGDC) and
the Support Vector Classifier (SVC) highlights a significant performance disparity in the
context of skin lesion classification. Specifically, SGDC achieved a mean accuracy of
97.5%, surpassing SVC’s 82.3% by approximately 15.2%. This considerable difference in
performance underscores the SGDC model’s superior capability in handling high-
dimensional feature spaces and large-scale datasets efficiently. The finding also illustrates
that stochastic optimization and adaptive learning strategies can enhance convergence
speed and model generalization in medical imaging tasks where feature distributions are
highly nonlinear and heterogeneous.
Beyond the numerical superiority of SGDC, the results point to a broader insight:
theoretical advantages of certain algorithms, such as SVC’s robustness in smaller or
linearly separable datasets, do not necessarily translate into improved real-world
performance. Factors such as dataset complexity, image noise, feature scaling, and
hyperparameter sensitivity often influence classifier effectiveness in practice. Hence,



model selection should not rely solely on theoretical assumptions but must be grounded in
empirical evaluation across domain-specific datasets.
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Abstract. In this paper, a novel hybrid optimization algorithm, which integrates the Grey
Wolf Optimizer (GWO) with the Al-Biruni Earth Radius (BER) method to address the
problem of electric vehicle (EV) path planning, is introduced. By incorporating the
simulation of wolf social hierarchies for efficient exploration alongside the spatial analysis
capabilities of BER, the proposed approach effectively determines optimal, energy-
efficient routes across diverse terrains. The hybrid approach systematically considers key
factors such as distance, terrain characteristics, and energy consumption to guide vehicle
movements, thereby minimizing energy usage, enhancing travel efficiency, and ensuring
smooth traffic flow. Experimental results demonstrate the effectiveness of the proposed
hybrid method compared to conventional metaheuristic approaches, achieving an average
error of 0.530218.

Keywords. Electric Vehicle Path Planning, Hybrid Optimization Algorithms, Grey Wolf
Optimizer (GWO), Al-Biruni Earth Radius (BER).

1. INTRODUCTION
The advancement of electric vehicles (EVs) represents a crucial milestone in sustainable
transportation, contributing to reduced greenhouse gas emissions, decreased dependence
on fossil fuels, improved oil displacement efficiency, and potential cost savings. With the
global increase in EV adoption, driven by government policies and industrial
advancements, enhancing the efficiency and reliability of EV systems has become a
critical area of research. Among these systems, the problem of electric vehicle path
planning (EVPP) is paramount, as it significantly influences energy consumption, travel
efficiency, and user satisfaction.
In this chapter, the authors discuss the concept of creating a hybrid optimization algorithm
that combines the properties of two state-of-the-art optimization algorithms: the Al-Biruni
Earth Radius (BER) and the Grey Wolf Optimizer (GWO) algorithm. As a supplement to
GWO, the Al-Biruni Earth Radius (BER) algorithm employs sophisticated methods of
spatial analysis, drawing on mathematical and geometrical concepts. The combination of
GWO and BER yields a robust optimization framework that leverages the strengths of both
algorithms [1], [2], [3].



2. LITERATURE REVIEW

Metaheuristic optimization algorithms have become essential tools for addressing a wide
range of complex and computationally demanding problems. Recent advancements have
introduced novel algorithms inspired by natural, physical, and mathematical principles,
leading to improved performance in terms of convergence speed, solution quality, and
robustness [4]. Hybrid algorithms, which combine the strengths of different metaheuristic
techniques, have shown further enhancements in exploration and exploitation balance [5].
Multi-objective variants have been developed to effectively approximate Pareto fronts and
handle trade-offs among conflicting objectives [6]. Binary adaptations have gained
attention for solving discrete and combinatorial problems, particularly in feature selection
and classification tasks [7]. Adaptive and dynamic strategies within metaheuristic
frameworks have been employed to fine-tune algorithm behavior during the search process
[8].
EV route optimization with uncertainties in traffic conditions and demand is challenging.
[9] proposes a robust optimization model where uncertainty in demand and traffic
conditions are represented by convex and box uncertainty sets, respectively. [10] presents
a new mathematical routing model that considers energy consumption during start/stop
operations and uses an amplified Ant Colony Optimization (A2CO) algorithm, showing
significant improvements in energy efficiency. [11] proposes a Hybrid Variable
Neighborhood Search (HVNS) algorithm for solving the CEVRP, minimizing costs whilst
optimizing fleet size and travel distance. [12] presents path planning insights for uncrewed
aerial vehicles using metaheuristic algorithms relevant to EV routing in dynamic
environments.

3. DATASET

The dataset presented in this study is based on an experimental study conducted by Dr.
Omar Asensio and his team members [13]. The researchers gathered 3,395 electric vehicle
(EV) charging events between November 2014 and October 2015. The data includes the
records of 85 EV drivers who used 105 charging stations at 25 workplace sites as part of a
voluntary charging program. The data contains essential features, such as the date and time
of each charging session, overall energy usage, costs, and other background information.
Figure 1 is a histogram of some of the most critical variables in the data set, such as the
number of kWh used, the location ID, the user ID, the distance covered, the charge time in
hours, and the station ID. These histograms provide a visual representation of the
distribution of each feature. Knowledge of these distributions is crucial in preprocessing
and normalization steps in the optimization process.



Fig. 1. Histograms of key dataset features.

4. OPTIMIZATION ALGORITHMS

4.1. Overview of the Design and Integration of the Hybrid GWO-BER Algorithm
The hybrid Grey Wolf Optimizer (GWO) and Al-Biruni Earth Radius (BER) algorithms
combine the complementary strengths of these two metaheuristic optimization approaches
to solve the complex challenges of Electric Vehicle Path Planning (EVPP). The hybrid
approach integrates GWO and BER in a dual-phase manner. During the initial phase,
GWO performs a global search space exploration, identifying promising regions while
avoiding premature convergence to local optima. In the second phase, BER fine-tunes the
solutions found by GWO using its precision-driven exploitation capabilities. This
integration ensures the algorithm balances global search and local refinement, making it
highly effective for optimizing EV energy consumption, travel time, and route efficiency.

4.2. Grey Wolf Optimizer (GWO)
The Grey Wolf Optimizer (GWO) is inspired by the social hierarchy and hunting strategies
of grey wolves in nature [14]. It mimics the leadership structure of a grey wolf pack, where
wolves are divided into four hierarchical roles: Alpha (α): The leader responsible for
guiding the pack; Beta (β): The second-in-command, assisting and advising the alpha;
Delta (δ): Subordinate wolves that dominate the lower-ranking wolves but follow the alpha
and beta; Omega (ω): The lowest-ranking wolves that follow the guidance of higher-
ranking wolves.
The optimization process consists of three main phases: (1) Tracking, Encircling, and
Approaching the Prey — wolves update their positions iteratively based on the alpha, beta,
and delta wolves, modeled using the equations:

D ⃗ = |C⃗ · X ⃗ prey − X⃗ wolf|, X⃗ (t + 1) = X ⃗ prey − A ⃗ · D ⃗
Here, D ⃗ is the distance between a wolf and the prey, A ⃗ and C⃗ are coefficient
vectors, and X ⃗ represents the wolf’s position. (2) Exploration: During early iterations,
wolves explore the search space broadly by diverging from the prey, achieved by assigning
|A ⃗ | > 1, encouraging global exploration. (3) Exploitation: In later iterations, wolves
converge on the prey by reducing |A ⃗ | < 1, enabling local search in promising regions.



4.3. Al-Biruni Earth Radius (BER)
The Al-Biruni Earth Radius (BER) algorithm is inspired by geometric principles derived
from Al-Biruni’s calculations of the Earth’s radius [15]. The algorithm dynamically
partitions the population into two groups: the Exploration Group, which scans diverse
regions within the solution space using trigonometric relationships to identify promising
areas; and the Exploitation Group, which focuses on refining solutions within the
promising regions identified by the exploration group. The BER algorithm alternates
between exploration and exploitation, dynamically adjusting control parameters based on
the population’s fitness. The key mathematical equations governing this process include:

S ⃗ (t + 1) = S⃗ (t) + D · (2r2 − 1), D = r1(S ⃗ (t) − 1)
where r1 and r2 are random variables, and D represents the adaptive search diameter.

5. RESULTS

5.1. Evaluation Metrics and Experimental Setup
The proposed hybrid GWO-BER algorithm was evaluated using several performance
metrics: Average Error (mean deviation from the optimal solution), Average Selected
Features (mean number of features selected), Fitness Values (average, best, and worst
fitness scores), Accuracy (correctness of generated solutions), and Response Time
(average computational time to converge). For the experimental setup, the hybrid GWO-
BER algorithm was tested alongside GWO, BER, Particle Swarm Optimization (PSO), and
Genetic Algorithm (GA) using benchmark datasets for feature selection and optimization.
All algorithms were evaluated under identical conditions.

5.2. Performance Comparison
The performance of the hybrid GWO-BER algorithm was analyzed using the
aforementioned evaluation metrics and compared with other metaheuristic algorithms.
Table I presents the feature selection results, while Table II highlights accuracy, optimal
solutions, and response times for all algorithms.

TABLE I. Performance Metrics for Feature Selection

Metric bGWOBER bGWO bBER bPSO bGA

Average Error 0.5302 0.5547 0.6112 0.6195 0.5910

Average Selected
Features

0.5130 0.7130 0.7130 0.8833 0.6554

Average Fitness 0.6234 0.6396 0.6380 0.6777 0.6510

Best Fitness 0.5252 0.5599 0.6183 0.6208 0.5543

Worst Fitness 0.6237 0.6268 0.6860 0.7005 0.6694

Std. Dev. of Fitness 0.4457 0.4504 0.4498 0.5107 0.4520

TABLE II. Performance Metrics: Accuracy, Optimal Solution, and Response Time

Algorithm Accuracy Optimal Solution Avg. Response
Time (s)

GWOBER 0.9335 3675.11 15.779



Algorithm Accuracy Optimal Solution Avg. Response
Time (s)

GWO 0.9220 3814.40 18.745

BER 0.9183 4136.40 20.113

PSO 0.9125 4532.40 21.129

GA 0.9035 4741.51 21.995

5.3. Analysis and Discussion
The results presented in Table I confirm that the hybrid GWO-BER algorithm
(bGWOBER) outperformed other algorithms in feature selection by achieving the lowest
average error (0.530218) and the smallest average number of selected features (0.513018).
Additionally, it attained the highest fitness score (0.525218) while optimizing with fewer
selected features, demonstrating its efficiency. Table II further highlights the superior
performance of the hybrid GWO-BER algorithm, achieving the highest accuracy
(0.933468) and the fastest response time (15.779 seconds) compared to other metaheuristic
algorithms. While GWO and BER individually performed reasonably well, the hybrid
approach effectively mitigated their limitations in exploration and exploitation. Overall,
the hybrid GWO-BER algorithm demonstrated a well-balanced and robust performance
across all evaluation metrics, making it an effective tool for solving optimization problems
in EV path planning and feature selection.

6. CONCLUSION

This paper proposes a novel hybrid optimization algorithm that combines the Al-Biruni
Earth Radius (BER) algorithm with the Grey Wolf Optimizer (GWO) to address problems
in Electric Vehicle Path Planning (EVPP). The hybrid strategy developed a powerful and
effective optimization system that leverages the global exploration potential of GWO and
the local refinement capabilities of BER. Ample experimental validation has demonstrated
improved performance on several key measures, including accuracy, computational
efficiency, and optimization quality. The hybrid algorithm effectively balances local and
global search strategies, reduces energy usage to increase EV range, and is scalable for
practical applications, such as logistics, traffic congestion control, and energy-efficient
transportation systems. The suggested hybrid solution aligns with the overall sustainable
mobility goals, as it maximizes transportation efficiency and helps reduce carbon
emissions. Future research directions include combining more metaheuristic methods to
achieve better performance, building real-time implementations in dynamic environments,
solving multi-objective optimization problems, and extending applications to supply chain
optimization, smart city planning, and renewable energy management.
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 Abstract.  

In this study, we propose a novel Population- based Optimized Convolutional Neural 

Network (PO-CNN) for automated chromosome classification. The framework integrates a 

population-based optimization strategy to efficiently tune CNN hyperparameters, addressing 

the limitations of conventional optimization methods such as Genetic Algorithm (GA), 

Whale Optimization Algorithm (WOA), and Particle Swarm Optimization (PSO). 

Experimental evaluation across multiple metrics demonstrates that PO-CNN achieves 

superior performance, with an accuracy of 96.33%, sensitivity of 95.97%, specificity of 

96.64%, PPV of 96.48%, NPV of 96.19%, and F-score of 96.23%. Comparative analyses, 

including heatmaps, time-series plots, and hierarchical clustering, confirm the robustness 

and balanced reli- ability of PO-CNN against baseline models.  

Keywords. Chromosome classification; Karyotype analysis; Convolutional Neural 

Networks (CNN); Metaheuristic optimization; Medical image analysis 

1. INTRODUCTION 

The leading carriers of genetic information are chromosomes, which are the basis of 

cytogenetic investigation. One of the foundations of medical genetics is karyotype analysis, 

which implies the systematic study of the number and structure of chromosomes. It is 

essential for the diagnosis of congenital disorders, hepatological malignancies, repro- ductile 

abnormalities, and prenatal genetic screening. The fact that patient numbers are increasing 

in cytogenetics labs serves to exacerbate the need for scalable solutions. Thus, the concept 

of automating chromosome classification using intelligent computational tools has emerged 

as a key field of study to minimize human influence in the process and enhance accuracy 

and scalability. Deep learning has become a disruptive technology in the healthcare sector, 
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especially in medical image analysis, in the last few years. CNNs have been incredibly 

successful in different areas of diagnosis, including cancer detection, radiology, pathology, 

and genetic imaging [1].  

Their hierarchical feature representations, due to their capability to learn them, make them 

particularly applicable in chromosome classification, where minute differences in size, 

shape, and banding need to be detected with accuracy. Furthermore, advancements in 

metaheuristic optimization have enabled the easy optimization of CNN architectures and 

hyper- parameters, thereby guaranteeing greater accuracy, sensitivity, and specificity in the 

results. Deep learning in cytogenetics promises to enable automated systems to analyse 

karyotypes that are not only fast and accurate but also scalable to clinical scales [2]. 

Although multiple CNN-based frameworks have been proposed for chromosome 

classification, several gaps re- main. First, many existing models rely heavily on handcrafted 

preprocessing and large annotated datasets [3], which are often scarce in clinical practice. 

Second, optimization strategies such as Genetic Algorithms (GA), Whale Optimization 

Algorithm (WOA), and Particle Swarm Optimization (PSO) have been integrated with 

CNNs to enhance classification performance [4]. However, they still struggle to achieve an 

optimal trade-off between accuracy, sensitivity, and specificity. As reflected in our 

comparative experiments, GA-CNN and WOA-CNN achieved relatively modest accuracies 

of 91.26% and 91.89%, respectively. PSO-CNN achieved an improved performance of 

92.74%, while GWO-CNN performed even better at 93.77%. However, all of these models 

fell short in terms of sensitivity and F-score, rendering them less reliable for clinical 

decision-making. These limitations underline the necessity for more advanced optimization 

frameworks that can consistently improve CNN-based chromosome classification while 

maintaining generalizability across datasets and imaging conditions [5]. 

2. LITERATURE REVIEW 

Chromosome recognition plays a pivotal role in diagnosing haematological malignancies 

and genetic diseases, yet the manual karyotyping process remains repetitive and time- 

consuming. To address this, several studies have proposed artificial intelligence (AI) and 

deep learning-based frameworks aimed at improving efficiency, accuracy, and clinical 

applicability. One significant advancement is KaryoNet, an end-to-end differentiable 

combinatorial optimization method that intro- duces the Masked Feature Interaction Module 

(MFIM) and Deep Assignment Module (DAM). This system effectively captures long-range 

chromosome interactions and predicts both type and polarity. It achieved state-of-the-art 

accuracy rates of 98.41% on R-band and 99.58% on G-band chromosomes, demonstrating 

strong applicability for diagnosing numerical abnormalities [6]. 

Another approach utilizes a deep convolutional neural net- work (DCNN) optimized through 

Hybrid Moth-Flame Optimization with Hill-Climbing (HMFOHC). To address dataset 

limitations, generative adversarial networks (GANs) are employed to generate synthetic 

training samples. This method demonstrated high performance in distinguishing five 

common chromosomal abnormalities (e.g., Trisomy 13, Trisomy 21, and Monosomy X), 

achieving an accuracy of 98.65% with reduced inference time [7]. The Model Architecture 

Search System (MASS) automates the selection of optimal CNN-based architectures for 

chromo- some classification tasks by leveraging Bayesian optimization through the Tree-

structured Parzen Estimator (TPE). Experiments on two datasets confirmed its superior 

adaptability and performance without the need for manual hyperparameter tuning [8]. 

3. DATASET DESCRIPTION AND PREPROCESSING 
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The data were produced by using a camera mounted on top of a microscope to capture 

images of the chromosomes. The lens and angle were adjusted under the careful supervision 

of professional cytogeneticists to achieve the best staining patterns. The images obtained 

were subsequently directed to a computer system, where additional analysis and 

preprocessing were performed. This would ensure that the banding information, as well as 

the general morphology of the chromosomes, was maintained in the digital data. This paper 

employed the in-situ harvest technique and the trypsin /Wright stain technique to prepare 

metaphase-stage chromosome spreads for G-banding.  

4. OPTIMIZED DEEP LEARNING RESULTS 

This performance gap of nearly five percentage points over GA-CNN reflects the robustness 

of the proposed optimization strategy in consistently identifying both normal and abnormal 

chromosomes. Sensitivity, which measures the ability of a model to correctly detect 

abnormal chromosomes, was also highest for PO- CNN (95.97%). This means that the model 

is highly effective in minimizing false negatives, an essential requirement for medical 

diagnosis where missing an abnormality could delay treatment or misinform clinical 

decisions. By comparison, the sensitivity of GA-CNN and WOA-CNN plateaued at 91.84%, 

showing that these models are more prone to over- look abnormalities. Similarly, PSO-CNN, 

although slightly better, achieved only 91.84%, while GWO-CNN performed reasonably 

well at 93.02% but still fell short of PO-CNN. This finding is particularly important, as 

sensitivity is often prioritized in screening systems where early detection of genetic disorders 

such as Trisomy 21 or Turner syndrome is critical. 

TABLE I :Performance comparison CNN models for chromosome classification. 
Models Accuracy Sensitivity (TRP) Specificity (TNP) PPV NPV F-score 
PO-CNN 0.9633 0.9597 0.9664 0.9648 0.9619 0.9623 

GWO-CNN 0.9377 0.9302 0.9443 0.9398 0.9358 0.9350 

PSO-CNN 0.9274 0.9184 0.9373 0.9398 0.9145 0.9290 
WOA-CNN 0.9189 0.9184 0.9194 0.9231 0.9145 0.9207 

GA-CNN 0.9126 0.9184 0.9050 0.9231 0.8989 0.9207 

 

 Fig. 1. Time-series plots of performance metrics across optimization-based CNN models. 

CNN and PSO-CNN achieved only 93.50% and 92.90%, respectively. Both WOA-CNN and 

GA-CNN stagnated around 92.07%. A high F-score confirms that PO-CNN avoids the 

common trade-off between sensitivity and precision, instead delivering equally strong 

performance across both. 

To further illustrate the comparative performance trends of the evaluated models, Figure 1 

presents time-series style plots for each of the six-performance metrics (Accuracy, 
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Sensitivity, Specificity, PPV, NPV, and F-score). Unlike the tabular presentation, these plots 

clearly show the gradual decline in performance from PO-CNN to GA-CNN across all 

indicators. The sharp separation between PO-CNN and the baseline models highlights its 

superiority, while the relatively clustered performance of PSO-CNN, WOA-CNN, and GA-

CNN indi- cates their limited ability to achieve consistent improvements. The dendrogram 

at the top of the figure highlights how metrics group together, with Accu- racy, PPV, and F-

score forming a tightly correlated cluster, while Sensitivity and Specificity exhibit relatively 

distinct behaviour.  

5. CONCLUSION 

This study presented a population-based optimized convolutional neural network (PO-CNN) 

for automated chromo- some karyotype classification. Across six clinically meaning- ful 

metrics—Accuracy, Sensitivity (TRP), Specificity (TNP), PPV, NPV, and F-score—PO-

CNN consistently outperformed four strong metaheuristic baselines (GWO-CNN, PSO-

CNN, WOA-CNN, GA-CNN). In particular, PO-CNN achieved an Accuracy of 0.9633, 

Sensitivity of 0.9597, Specificity of 0.9664, PPV of 0.9648, NPV of 0.9619, and F-score of 

0.9623, establishing a balanced improvement that reduces both false negatives and false 

positives.  

REFERENCES 
[1] El-Sayed M El-Kenawy, Abdelhameed Ibrahim, Amel Ali Alhussan, Doaa Sami 

Khafaga, Ayman EM Ahmed, and Marwa M Eid. Smart city electricity load 

forecasting using greylag goose optimization-enhanced time series analysis. 

Arabian Journal for Science and Engineering, pages 1–19, 2025. 

[2] R. K. Ratnesh, R. K. Chauhan, R. Kumar, M. Afroz, and J. Singh, “Recent 

advancements of plasmonic sensor technologies in healthcare and electronics,” 

Journal of Molecular Structure, 2025, Art. no. 142945, doi: 

10.1016/j.molstruc.2025.142945. 

[3] Ahmed El-Sayed Saqr, Mohamed S Saraya, and El-Sayed M El- Kenawy. 

Enhancing co2 emissions prediction for electric vehicles using greylag goose 

optimization and machine learning. Scientific Reports, 15(1):16612, 2025. 
[4] M. K. Singla, S. A. Muhammed Ali, R. Kumar et al., “Revolutionizing parameter 

identification of PEM fuel cell using adaptive differential evolution algorithm based 

on deeply-informed mutation strategy and restart mechanism optimization,” Ionics, 

2025, doi: 10.1007/s11581-025-06601-w. 

[5] R. Kumar, A. B. Queyam, M. K. Singla, M. Louzazni, and D. K. Mishra, 

“Optimizing efficiency and performance in a Rankine cycle power plant analysis,” 

Energy Engineering, Mar. 2025, doi: 10.32604/ee.2025.058058. 

[6] R. Kumar, A. K. Singh, M. K. Singla, A. Gupta, E.-S. M. El-Kenawy, and A. H. 

Alharbi, “Advancements in cancer care by exploring multimodality imaging 

techniques and their applications,” Current Medical Imaging, vol. 21, 2025, doi: 

10.2174/0115734056384570250515050115.  
[7] A. K. S. Pundir, P. Singh, R. Kumar et al., “Modelling, simulation, and FPGA 

implementation of an augmented memory built-in self-test based design for bit-

oriented memory,” Journal of Electronic Testing, 2025, doi: 10.1007/s10836-025-

06193-3.  

[8] Nurullah Calik. The model architecture search system for chromosome image 

classification. Signal, Image and Video Processing, 18(5):4435– 4445, 2024. 

[9] Mattia D’Angelo and Loris Nanni. Deep-learning-based human chro- mosome 

classification: Data augmentation and ensemble. Information, 14(7), 2023.  



Metaheuristic Optimization in Wind power 

forecasting: A Comprehensive Literature Review 
 

Amel Ali Alhussan 
Department of Computer Sciences 

College of Computer 

& Information Sciences 

Princess Nourah bint Abdulrahman University 

Riyadh, Saudi Arabia 

aaalhussan@pnu.edu.sa 

Ebrahim A. Mattar 
College of Engineering, 

University of Bahrain, Bahrain 

ebmattar@uob.edu.bh 

Doaa Sami Khafaga 

Department of Computer Sciences 

College of Computer 

& Information Sciences 

Princess Nourah bint Abdulrahman University 

Riyadh, Saudi Arabia 

dskhafga@pnu.edu.sa 
 

El-Sayed M. El-kenawy 
Delta Higher Institute of Engineering and Technology 

Department for Communications and Electronics 

Mansoura 35511, Egypt 

 

Applied Science Research Center 

Applied Science Private University 

Amman, Jordan 

skenawy@ieee.org 

Amal H. Alharbi 
Department of Computer Sciences 

College of Computer 

& Information Sciences 

Princess Nourah bint Abdulrahman University 

Riyadh, Saudi Arabia 

ahalharbi@pnu.edu.sa 

Marwa M. Eid 
Faculty of Artificial Intelligence 

Delta University for Science 

& Technology Mansoura 35111, Egypt 

Jadara University Research Center 

Jadara University 

Jordan 

mmm@ieee.org 

Abstract -This review synthesizes recent contributions in wind power forecasting, emphasizing the shift from deterministic models to hybrid, 
optimization-driven, and uncertainty-aware systems. By integrating decomposition methods, deep learning (LSTMs, Transformers), and 
metaheuristic optimization, modern frameworks enhance predictive accuracy and grid stability. The findings highlight a move toward more 
interpretable, transferable, and computationally efficient systems to support global renewable energy integration 

Index Terms—wind power forecasting; metaheuristic optimization; probabilistic modeling; renewable energy; hybrid learning 

 

INTRODUCTION 

The global transition toward renewable energy has established wind power as a cornerstone of modern energy systems. 

Governments, industries, and researchers view wind energy not only as a means of reducing greenhouse gas emissions but also 

as an essential component of long-term energy security. However, despite these advantages, wind energy remains fundamentally 

variable, driven by meteorological and atmospheric conditions that are often complex, nonlinear, and difficult to predict. 

I. The Multi-Layered Complexity of Wind Energy 

Accurate forecasting of wind speed and power is crucial for balancing supply and demand, optimizing power system 

operations, and integrating wind energy into increasingly complex grids. Without reliable forecasts, the intermittency of wind 

resources introduces uncertainty into grid management, resulting in economic losses and potential threats to system stability. 

These challenges stem from three primary layers: 

• Physical Nonlinearity: Wind formation involves dynamic interactions between large-scale atmospheric circulation, local 

terrain, and microclimatic conditions that simple statistical models cannot easily capture. 

• High-Dimensional Data: Forecasting requires processing vast datasets from SCADA systems and remote sensors, 

including meteorological variables, historical output, and geographical features. It is essential to determine which 

variables are most relevant to maintain model accuracy. 

• Temporal Horizons: Predictions range from real-time grid operation (minutes ahead) to market planning (days or weeks 

ahead). Different horizons require distinct modeling techniques, necessitating a compromise between computational 

efficiency and predictive accuracy. 
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II. The Shift Toward Hybrid Methodologies 

In response to these challenges, scholars have increasingly turned to hybrid methods that combine the advantages of machine 

learning (ML), deep learning (DL), and metaheuristic optimization. This convergence is driven by the fact that ML and DL 

approaches are highly effective in modeling complex temporal dependencies, while metaheuristic optimization algorithms are 

designed to optimize hyperparameters and feature selection in high-dimensional search spaces [1, 2]. 

III. The Role of Feature Selection and Dimensionality Reduction 

A crucial dimension of this research is the role of feature selection. Data gathered from meteorological stations and remote 

sensors can consist of hundreds of input variables. Predictive models can be compromised by redundancy and noise, leading to 

overfitting. Utilizing optimized metaheuristic algorithms offers a methodological means of selecting the most informative 

variables, increasing the reliability of the model. Dimensionality reduction not only makes models faster to train but also easier 

to interpret—an essential consideration for operational decision-making [3]. 

IV. Balancing Exploration and Exploitation 

Extensive surveys of metaheuristic approaches—including evolutionary algorithms, swarm intelligence, and physics-based 

designs—demonstrate that no single algorithm is universally superior. Success lies in the balance between exploration 

(searching the global space to avoid premature convergence) and exploitation (refining promising local regions for rapid 

improvement) [4, 5]. The history of forecasting is a process of constant interaction between complexity and control, where the 

introduction of decomposition methods and adaptive optimization allows models to remain robust across various geographical 

settings. 

V. Practical Relevance and Future Challenges 

Sound short-term projections help system operators dispatch reserves more effectively, while medium-term projections 

support bidding strategies in electricity markets. Long-term forecasts inform infrastructure planning, such as the location of new 

wind farms. 

Despite significant progress, problems of generalizability persist, especially when models are trained on datasets that do not 

encompass the full range of seasonal wind conditions. Furthermore, the interpretability of deep neural networks remains a 

hurdle; because they often function as "black boxes," it is challenging to explain their predictions to regulators. Integrating 

interpretability methods with effective models will be crucial to building the trust necessary for full operational adoption in a 

decarbonized future. 

accelerating global transition toward renewable energy has established wind power as a cornerstone of modern energy 

systems. Governments, industries, and researchers alike view wind energy not only as a means of reducing greenhouse gas 

emissions but also as an essential component of long- term energy security. Yet, despite its advantages, wind energy remains 

fundamentally variable, driven by meteorological and atmospheric conditions that are often complex, nonlinear, and difficult 

to predict. As a result, accurate forecasting of wind speed and wind power is crucial for balancing supply and demand, 

optimizing power system operations, reducing curtailment, and integrating wind energy into increasingly complex and 

distributed grids. Without reliable forecasts, the intermittency of wind resources can introduce uncertainty into grid 

management, resulting in inefficiencies, economic losses, and potential threats to system stability.  

 
 

 

 



LITERATURE REVIEW 

I. Foundational Shift from Statistical to Hybrid Methodologies The fundamental challenge in wind and solar energy 

forecasting lies in the high degree of variability and intermittency inherent in meteorological data. Traditional statistical models, 

such as ARIMA or simple exponential smoothing, rely on linear assumptions and historical averages that frequently fail to 

capture the nonlinear and stochastic transitions in wind speed and solar irradiance. Research indicates that these traditional 

methods are often "braindead easy" to implement but struggle with high-frequency noise and sudden level shifts. Consequently, 

the field has transitioned toward Machine Learning (ML) and Deep Learning (DL) architectures, which excel at identifying 

intricate patterns within extensive datasets. However, the effectiveness of these models is not automatic; it is highly dependent 

on a "core layer" of metaheuristic optimization that automates the complex task of hyperparameter tuning and feature selection, 

ensuring the model is precisely calibrated to the specific geographical and atmospheric conditions of a given site. 

II. Optimization-Enriched Training and Neural Reliability A critical advancement in this domain is the replacement of 

deterministic training procedures with metaheuristic optimization algorithms. Conventional training methods, like gradient 

descent, are prone to becoming trapped in local optima, particularly when dealing with the high-dimensional, non-convex loss 

surfaces characteristic of deep neural networks. By integrating algorithms such as the Sparrow Search Algorithm, Dragonfly 

Algorithm, or Improved Adaptive Particle Swarm Optimization (MOIAPSO), researchers can achieve a superior balance 

between exploration (searching the wide parameter space) and exploitation (refining known good solutions). This results in 

faster convergence, reduced Root Mean Square Error (RMSE), and significantly improved generalization, which prevents the 

"overfitting" that often plagues complex models when they are exposed to the volatile dynamics of real-world wind power. 

III. Three-Tier Decomposition and Bidirectional Modeling To further mitigate the "predictive load" on ML models, 

modern frameworks often employ a 3-tier hybrid approach involving signal decomposition, bidirectional learning, and 

optimization. 

• Decomposition: Techniques such as Variational Mode Decomposition (VMD) or Empirical Mode Decomposition 

(EMD) are used to break down the raw, noisy wind power signal into relatively stationary sub-series or "modes." This 

process reveals hidden trends and filters out high-frequency fluctuations that would otherwise obscure the model's 

learning process. 

• Bidirectional Learning: These sub-series are then processed through Bidirectional Long Short-Term Memory (Bi-

LSTM) networks. Unlike standard LSTMs, which only process information in forward chronological order, Bi-LSTMs 

learn relationships from both past and future contexts within the time series, providing a more holistic "look-ahead" and 

"look-back" capability. 

• Optimization: Finally, a hybrid metaheuristic—such as the Firefly Algorithm—is applied to align the internal weights 

and architectures of the Bi-LSTM with the specific peculiarities of the decomposed data. 

IV. Multi-Objective Spatio-Temporal and Probabilistic Frameworks The evolution of grid-level energy management has 

moved the focus from simple "point" predictions to probabilistic forecasting and uncertainty quantification. In a modern 

power system, wind farms are geographically distributed, meaning that errors at one site are often spatially correlated with 

others. A multi-objective framework [8] addresses this by co-optimizing conflicting goals: maximizing local accuracy, 

minimizing regional uncertainty, and maintaining computational tractability. By producing Prediction Intervals (PIs) rather 

than a single deterministic number, these models provide a range of expected outcomes with associated confidence levels. This 

allows grid operators to visualize the "worst-case" and "best-case" scenarios, which is a prerequisite for ensuring system stability 

during extreme weather events or sudden shifts in atmospheric pressure. 

V. Operational Resilience and Real-Time Grid Stability The practical significance of these advanced methodologies is 

most visible in very short-term forecasting (minutes to an hour). Unlike day-ahead forecasts used for market scheduling, ultra-

short-term predictions are essential for real-time balancing of generation and demand. Accurate modeling at this scale allows for 

the "active turbine control" necessary to prevent grid destabilization. By reducing the reliance on "spinning reserves"—

expensive, fast-reacting fossil fuel plants that must sit idle to compensate for wind variability—optimized forecasting provides a 

direct path to operational resilience. This makes renewable energy not just an environmental choice, but a reliable, dispatchable 

asset that can be seamlessly integrated into modern high-penetration energy markets without compromising the safety or 

efficiency of the power grid. 

 

 

 

 

 

 

 



 

DISCUSSION 

The current body of research illustrates a profound methodological shift in renewable energy forecasting, moving from simple 

statistical tasks toward highly complex, integrated systems. At the core of this evolution is the indispensability of metaheuristic 

optimization. Algorithms such as Genetic Algorithms and the Sparrow Search Algorithm are no longer auxiliary tools; they are 

foundational components for tuning parameters and ensuring model stability. Because no single metaheuristic is universally 

superior, the field increasingly favors problem-specific hybridization to achieve robust results across diverse climatic conditions. 

Parallel to optimization is a significant transition from deterministic point forecasting to probabilistic and interval-based 

predictions. These modern approaches acknowledge the inherent variability of wind and solar resources by quantifying 

uncertainty, which directly supports critical decision-making for grid operators. Driven by recurrent neural networks and spatio-

temporal methods, these models strike a necessary balance between raw predictive accuracy and practical risk management. This 

evolution reflects a broader trend where forecasting is integrated into grid stability and market bidding strategies rather than 

existing as an isolated academic exercise. 

Furthermore, the superiority of hybrid deep learning architectures—combining signal decomposition, attention mechanisms, 

and LSTMs—has been firmly established. While these models set new performance benchmarks, their effectiveness remains 

dependent on optimization-driven regularization. Despite this progress, challenges regarding limited generalizability, the "black 

box" nature of deep learning, and high computational costs persist. Looking forward, the availability of high-resolution SCADA 

data and advances in transfer learning offer new possibilities for creating models that are not only statistically efficient but also 

computationally practical and operationally resilient 

CONCLUSIONS 

 

CONCLUSION 

Modern wind energy forecasting has evolved from simple models into hybrid, uncertainty-aware systems that integrate 

decomposition methods with deep learning architectures like LSTMs and Transformers. This evolution is driven by the need to 

manage the inherent noise and nonlinearity of wind data, with metaheuristic optimization playing a critical role in ensuring 

model stability and generalizability across diverse forecasting horizons. 

A significant paradigm shift toward probabilistic and interval-based forecasting—utilizing Gaussian processes and multi-

objective optimization—now allows grid operators to quantify uncertainty for better risk management. These advancements extend 

beyond technical accuracy, directly influencing market bidding strategies and system reliability in deregulated environments. 

While cross-domain applications show these solutions are highly transferable, challenges such as high computational costs and 

model interpretability remain. Moving forward, the integration of transfer learning and lightweight optimization will be essential 

for creating the reliable, efficient energy systems required for a decarbonized future. 

The fact that the forecasting of wind energy has evolved beyond mere determinilex systems that are hybrid, optimization-based, and 

uncertainty-aware. Hybrid models that integrate decomposition methods with deep learning models, such as LSTMs and 

transformers, have been shown to exhibit better performance due to the noise and nonlinearity inherent in wind data. The role of 

metaheuristic optimization in optimizing these models is critical, as it facilitates the generalization of such models across a wide 

range of datasets and forecasting horizons. Meanwhile, a distinct paradigm shift to probabilistic and interval-based forecasting 

indicates an increased understanding that actionable forecasts must not only be as accurate as possi- ble but also measure 

uncertainty. These probabilistic methods, which rely on techniques such as Gaussian processes and multi-objective deep learning, 

provide plausible ranges that align with the forecasting results according to the operational and risk management specifications of 

contemporary power systems. Cross-domain contributions further highlight the uni- versality of optimization-enhanced learning. 

Applications from microbial fuel cell prediction to hybrid solar–wind analysis and turbine optimization demonstrate that 

metaheuristics offer transferable solutions across various renewable energy do- mains. Significantly, forecasting research now 

extends beyond technical prediction to practical applications at the market and system level, influencing bidding strategies, hybrid 

sys- tem reliability, and social welfare in deregulated markets. Despite substantial progress, key challenges remain, including the 

generalizability of models across different regions, the interpretability of complex deep learning frameworks, and the 

computational costs associated with real-time deployment. Promising pathways include transfer learning for cross-site adaptation, 

interpretable hybrid models that integrate fuzzy logic with deep architectures, and lightweight optimization for resource-

constrained settings. Collectively, the literature demonstrates that hybridization, probabilistic reasoning, and optimization are now 

defining features of forecasting, and that further innovation in these areas will be crucial for advancing reliable, efficient, and 

sustainable energy systems in the transition to a decarbonized future. 
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Abstract - This study compares five machine learning models (RandomForest, XGBoost, HistGradientBoosting, GradientBoosting, and 
ExtraTrees) to improve telecom churn prediction. Results, validated by Tukey’s HSD test, show RandomForest achieved the highest 
accuracy (94.75%) and F1-score (0.7977). ExtraTrees provided the best precision (95.0%), offering a statistically significant 
improvement ($p < 0.05$) for minimizing false positives. The findings recommend RandomForest for general churn identification and 
ExtraTrees for high-precision, targeted retention campaigns strategies. 

 
Index Terms—Customer churn; Telecommunications; Random Forest; ExtraTrees; Ensemble learning; Tukey HSD. 

 

     INTRODUCTION 

The The telecommunications industry’s shift toward a data-driven ecosystem has made customer churn a critical financial 

challenge, as high acquisition costs and increased consumer choice undermine traditional revenue streams. Legacy CRM 

systems and reactive retention strategies often fail to capture the complex, nonlinear behavioral patterns of modern subscribers. 

While machine learning—specifically ensemble and tree-based methods like RandomForest and XGBoost—offers a robust 

solution for analyzing high-dimensional data, existing research frequently lacks methodological consistency and statistical 

validation. This study addresses these gaps by providing a rigorous comparative evaluation of five ensemble methods under 

standardized protocols. By incorporating statistical significance testing and aligning model performance with specific business 

objectives, this research offers telecom firms evidence-based guidance to transition from reactive measures to proactive, data-

driven retention strategies. 
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LITERATURE REVIEW 

Modern retail tools like GIS, meta-analytics, and computational aesthetics are increasingly used to optimize store strategies and 

decision-making. Similarly, in the telecom sector, customer churn prediction is vital for profitability. Research [6] indicates that 

traditional CRM systems are often too static to track dynamic subscriber behavior; however, ensemble systems combining 

RandomForest, Gradient Boosting, and SVM have successfully improved both predictive accuracy and model transparency. 

 

 Machine Learning Results  

Table I highlights the performance of various models. Among these, the RandomForest model stands out in terms of overall 

accuracy. It has a recorded accuracy of approximately (0.947). The model also showcases a precision score of (0.907). 

Figure 1 displays a scatter plot illustrating the accuracy and precision (PPV) of several machine learning models, each 

represented by a distinct color. Among these models, Random Forest emerges as the top performer, showcasing the highest 

combination of accuracy and precision. 

 

 

                                                         Fig. 1. Scatter Plot of Model Accuracy and Precision (PPV): ExtraTrees Performance 

 

Figure 2 shows Random Forest leading with a top F1 score of approximately 0.90, demonstrating a superior balance of precision and 

recall. All other models underperformed in comparison to this benchmark. 

 

 

                                                                         Fig. 2. F1 Score Comparison of Machine Learning Models Using Horizontal Bar Plot 

 

Figure 3 shows ExtraTrees achieving the highest precision (approx. 0.95), significantly outperforming all other models. This 

indicates its superior reliability in minimizing false positive predictions. 

 



 

Fig. 3. Precision Comparison of Different Models 

 

Figure 4 shows HistGradientBoosting as the top performer with approximately 97% accuracy, outperforming all other models by up 

to 4%. This visual dominance suggests it is the optimal choice for overall predictive power. 

 

Fig. 4. Model Accuracy Comparison 

 

Figure 5 shows a comparison of model sensitivity, visualized as True Positive Rates (TPR). Among the models asses 

TABLE I 

MODEL PERFORMANCE COMPARISON TABLE 

 

 

 
Models Accuracy Sensitivity (TPR) Specificity (TNR) Precision (PPV) NPV \Fn1n Score 
RandomForest 0.9475 0.7113 0.9877 0.9079 0.9526 0.7977 
XGBoost 0.943 0.732 0.9789 0.8554 0.9555 0.7889 
HistGradientBoosting 0.94 0.701 0.9807 0.8608 0.9507 0.7727 
GradientBoosting 0.9385 0.7113 0.9772 0.8415 0.9521 0.7709 
ExtraTrees 0.9355 0.5876 0.9947 0.95 0.9341 0.7261 



 

                                                                         Fig. 5. Model Sensitivity Comparison: True Positive Rate 

 

Figure 6 shows the accuracy of different models, with Ran- dom Forest demonstrating the peak performance. The Random Forest 

model achieves an accuracy of approximately 94%. This indicates that Random Forest is the most accurate model among those 

presented. The y-axis of the plot indicates the accuracy values. The model’s performance clearly outshines the others. 

 

 

  

                                                       Fig. 6. Accuracy Comparison of Machine Learning Models 

Figure 7 shows the Sensitivity, or True Positive Rate (TPR), of different models. The plot compares the ability of each model 

to correctly identify positive cases. Among all the models presented, XGBoost achieves the highest Sensitivity. Specifically, 

XGBoost reaches a peak in the sensitivity metric compared to other algorithms. Its performance is notably superior. This 

indicates XGBoost excels at minimizing false negatives. Thus, it’s the most effective at identifying positive cases. The other 

models demonstrate lower sensitivity values. XGBoost stands out. 

 

 

                                                   . 7. Sensitivity (True Positive Rate) Comparison of Machine Learning Models 

 

 



 
 

 

I. CONCLUSION 

 This study demonstrates that churn model selection should align with business goals: Random Forest offers the best balance for 

broad retention, while ExtraTrees provides statistically superior precision ($p < 0.05$) for high-cost, targeted campaigns. 

Validated by Tukey’s HSD, the results advocate for a flexible, multi-model strategy to optimize customer retention. Future 

research should integrate cost-sensitive learning and temporal behavioral patterns to further refine these data-driven 
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Abstract  

Metaheuristic algorithms effectively solve complex optimization problems but often suffer from premature 

convergence or weak local refinement. This paper proposes a hybrid GWO+DTO algorithm combining Grey 

Wolf Optimizer (GWO) exploration with Dipper-Throated Optimizer (DTO) exploitation. 

The method is evaluated on the Pressure Vessel and Tension/Compression Spring design problems. 

GWO+DTO achieves superior performance (5950.28 and 0.01266) with fewer function evaluations, 

demonstrating improved convergence and robustness. 

 

Index Terms— Hybrid Metaheuristic, GWO, DTO, Engineering Optimization. 

 

1. INTRODUCTION 

Metaheuristic optimization balances exploration and exploitation for nonlinear, constrained problems. GWO 

provides strong global exploration but may converge prematurely. DTO offers effective local refinement but 

may lack global diversity. 

The proposed GWO+DTO integrates both strengths to improve convergence accuracy and robustness. 

Performance is validated on two benchmark engineering problems.  

2. LITERATURE REVIEW 

Optimization has evolved from classical mathematical methods to adaptive, hybrid metaheuristics [3]–[15]. 

Recent work emphasizes multi-objective handling, hybridization, and adaptive mechanisms for improved 

convergence and robustness. Nature-inspired approaches such as DOA and enhanced MPA demonstrate 

strong exploration–exploitation balance. Hybrid frameworks show consistent improvements for complex 

real-world problems. 

3. HYBRIDIZATION: GWO+DTO 

The hybrid combines GWO’s hierarchical hunting mechanism with DTO’s adaptive movements 

Step 1: Initialization 

𝑋𝑖 = 𝑋min + 𝑟 ⋅ (𝑋max −𝑋min) (1) 

where 𝑟 ∈ [0,1]. 

Step 2: Fitness Evaluation 

Each solution is evaluated, and the best candidates are identified. 

Step 3: GWO-Based Exploration 

Positions are updated using alpha, beta, and delta leaders: 

𝑋(𝑡 + 1) = 𝑋𝑝(𝑡) − 𝐴 ⋅∣ 𝐶 ⋅ 𝑋𝑝(𝑡) − 𝑋(𝑡) ∣ (2) 

where 𝑋𝑝(𝑡)represents leaders and 𝐴,𝐶are adaptive coefficients. 

Step 4: DTO-Based Exploitation 

Swimming (Local Search): 

𝐵𝑃𝑛𝑑(𝑡 + 1) = 𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐶1 ⋅∣ 𝐶2 ⋅ 𝐵𝑃𝑏𝑒𝑠𝑡(𝑡) − 𝐵𝑃𝑛𝑑(𝑡) ∣ (3) 

Flying (Diversity Enhancement): 

𝐵𝑃𝑛𝑑(𝑡 + 1) = 𝐵𝑃𝑛𝑑(𝑡) + 𝐵𝑉(𝑡 + 1) (4) 

 

Velocity update: 

𝐵𝑉(𝑡 + 1) (5) 
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Step 5: Adaptive Switching 

𝑃𝑠𝑤𝑖𝑡𝑐ℎ (6) 

where 𝑃𝑠𝑤𝑖𝑡𝑐ℎincreases over iterations to gradually shift from exploration to exploitation. 

Step 6: Termination 

The process stops when the maximum iterations are reached or convergence criteria are satisfied.  

4. ENGINEERING PROBLEM FORMULATION 

A. Pressure Vessel Design 

This problem minimizes the total manufacturing cost of a cylindrical pressure vessel subject to structural 

constraints. The decision variables are: 

 𝑥1: Shell thickness 

 𝑥2: Head thickness 

 𝑥3: Inner radius 

 𝑥4: Vessel length 

The objective function is: 

Minimize 𝑓(𝑥) = 0.6224𝑥1𝑥3𝑥4 + 1.7781𝑥2𝑥3
2 + 3.1661𝑥1

2𝑥4 + 19.84𝑥1
2𝑥3 (7) 

 

B. Tension/Compression Spring Design Problem (TCSDP) 

This problem minimizes the spring weight under stress and design constraints. 

Decision Variables: 

• 𝑥1: Wire diameter • 𝑥2: Mean coil diameter • 𝑥3: Number of active coils 

 

Objective Function: 

Minimize 𝑓(𝑥) (8) 

Constraints: 

𝑔1(𝑥) ≤ 0(Shear stress) (9) 

𝑔2(𝑥) ≤ 0(Surge frequency) (10) 

𝑔3(𝑥) ≤ 0(Spring index) (11) 

𝑔4(𝑥) ≤ 0(Active coil) (12) 

Both problems are highly nonlinear and constrained, making them suitable benchmarks for evaluating the 

proposed hybrid optimizer. 

5. EXPERIMENTAL RESULTS AND DISCUSSION 

The GWO+DTO hybrid was tested on the Pressure Vessel Design Problem (PVDP) and the 

Tension/Compression Spring Design Problem (TCSDP), and compared with standalone GWO and DTO. 

Settings: Population = 30, Iterations/FEs = 15000, Runs = 30, Static penalty method, Python/MATLAB 

(Intel i7, 16 GB RAM).  

Metrics: Best, Average, Std. Dev., Worst, FEs. 
TABLE I    RESULTS FOR PRESSURE VESSEL DESIGN PROBLEM 

Algorithm Best Average Std Dev Worst FEs 
GWO+DTO 5950.29 7094.38 1329.85 11941.63 15000 

GWO 5980.03 6139.68 305.96 7251.55 15000 
DTO 5977.30 6289.31 205.78 6870.40 15000 

  

 

 

 



 TABLE II   RESULTS FOR TENSION/COMPRESSION SPRING DESIGN PROBLEM 

Algorithm Best Average Std Dev Worst FEs 
GWO+DTO 0.01267 0.01289 0.00022 0.01345 13624 

GWO 0.01266 0.01423 0.00343 0.03045 15000 
DTO 0.01266 0.01331 0.00104 0.01777 15000 

 

GWO+DTO achieved the best solutions in both problems and required fewer evaluations in TCSDP. It 

showed improved stability in the spring problem and stronger global search in PVDP. Although variability 

exists in PVDP, overall results confirm the hybrid’s superior accuracy, convergence efficiency, and 

robustness compared to standalone methods. 

6. CONCLUSION 

The hybrid GWO+DTO improves solution quality, convergence speed, and robustness compared to 

standalone methods. It is effective for constrained engineering optimization and scalable to large-scale and 

multi-objective problems.  
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Abstract.  

The paper provides a well-tuned EfficientNetB3 deep learning framework to classify skin 

cancer.   Importantly to detect skin cancer in the early stages, the instrument should be fast 

and precise in distinguishing between benign and malignant skin lesions.   The collection 

includes 6600 photos, 3600 normal and 3000 cancerous cases.   Results of the benign cases 

and the malignant cases, where the accuracy is more likely to be 91% ,  with a last layer of 

the Dense model of the binary classification. The F1-scores of 0.92 and 0.90 respectively 

showed that benign and malignant lesions had equal performance in each group.  There is 

minimal misclassification depicted in the confusion matrix; the loss and accuracy graphs 

demonstrate how well the model trains without overfitting.  The findings suggest that the 

EfficientNetB3 model with fine-tuning is a high-quality and valid approach to skin cancer 

classification. 

Keywords. Artificial Intelligence, Deep Learning, Skin Cancer Detection, Model Training, 

Fine-Tuned EfficientNetB3 Model. 

1. INTRODUCTION 

Skin cancer is the most common and potentially deadly disease in existence as evidenced by 

millions of cases being documented across the globe.  It is typically a consequence of 

prolonged UV exposure or other environmental and genetic factors, caused by unchecked 

and undisciplined growth of skin cells.  Are not to be diagnosed and treated late, there are 



 

 

2 

two basic types of skin cancer benign, non-cancerous and reasonably benign, and malignant, 

cancerous and capable of spreading to other body parts.  The most dangerous type of skin 

cancer, malignant melanoma, requires early diagnosis particularly to enhance patient 

survival rates.  The importance of early detection in preventing skin cancer is indisputable.   

2. LITERATURE 

The latest developments in deep learning and machine learning have made blood cancer 

detection highly accurate and reliable. Selvakumaran et al. [1] suggested a hybrid method of 

deep learning, which proved to be highly accurate in the classification of blood cancer by an 

effective feature extractor and integrator method. Likewise, Aazad et al. [2] dwelled on the 

analysis of microscopic images to classify blood cells, which is a powerful way to detect 

structural deviations among cells, which is critical in the diagnosis of cancer. Another area 

where machine learning methods have been extensively used is to detect cancer. San Chris 

and Beauty Smart [3] emphasized the promises associated with machine learning in 

improving diagnostic accuracy and supporting clinicians with automated processes.  

3. INPUT DATASET 

The input data used in this study is a massive pool of images of skin lesions as illustrated in 

Fig 1 and was selected carefully to make it diverse and representative. The collection 

consists of 6,600 good images, which can be divided into benign and malignant.   This equal-

selected data gives each classification the equal number of images, thus maintaining fairness 

in both the training and testing phases even when it addresses the issues posed by class 

imbalance in medical photo collections.      

 
 

(a) (b) 

Fig. 1 Dataset image for (a) Benign (b) Malignant 

4. FINE-TUNED EFFICIENTNETB3 MODEL ARCHITECTURE 

The current convolutional neural network EfficientNet B3 can be distinguished by its 

compound scaling method, which further maximises depth, width, and resolution of the 

model to achieve impressive performance with low computing cost.  

5. PROPOSED METHODOLOGY 

The proposed approach consists of four steps using the fine-tuned EfficientNetB3 model to 

diagnose the skin cancer: collecting the data, preprocessing the data, building the model and 

fine-tuning and evaluation and validation.  

PHASE 1.  DATASET COLLECTION 

   Training and validating the model first involves assembling a large database of skin lesion 

images. The dataset utilized in this work found high-quality photos of benign and malignant 

skin lesions on Kaggle and other available websites.  

PHASE 2. DATSET PREPROCESSING 
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    The data obtained had to be preprocessed before the next cycle of model development.  

The input dimensions required by EfficientNetB3 compel photographers to shrink 

photographs, thus maintaining the same information across the dataset.   

PHASE 3. MODEL TRAINING AND VALIDATION 

    Third phase involved on development and improvement of EfficientNetB3 model.   The 

model was originally trained with ImageNet database, modified specifically to classify skin 

cancer by dropping an output layer and replacing it with a dense layer more befitting binary 

classification.    

PHASE 4. MODEL EVALUATION AND PERFORMANCE MATRIX 

   The model identified benign and malignant tumours with accuracy and precision coupled 

with recall and F1-score analysis and found that it performed well.  By taking a separate data 

segment as the test set, it was possible to analyse the generalising capability of the 

uninformed data.   

6. RESULTS 

Following training and validation accuracy stabilizing at 91%, respectively, the finely tuned 

EfficientNetB3 model achieved good performance in skin cancer classification displaying 

effective generalization. The constant improvement shown by the loss curves helps to lower 

errors all during training. 

A. Classification Report Analysis 

    A classification report as shown in Fig. 2 shows that the main performance measures are 

precision, recall, F1-score, and support of benign and malignant classes. In benign cases, the 

model had 0.93 precision and 0.91 recall with 91 percent of the benign samples being 

correctly classified. In malignant cases it came at 0.89 precision and 0.91 recall.  

  

Fig. 2 Classification Report Analysis 

B. Training and Validation loss Analysis 

      As Fig. 3 demonstrates, the model minimizes training and validation errors. First, the 

loss-to-training is large due to random parameters of weights though decreases drastically 

in the first five epochs with a rapid learning. Epoch 20 has the minimum training loss, and 

the same pattern can be observed with validation loss, which reaches its peak at epoch 9.  

  

Fig. 3 Training and Validation loss Analysis 

C. Training and Validation Accuracy Analysis 
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     The Fig. 4 shows the accuracy graph of the model performance in training and validation. 

During the early epochs, the model learns image patterns fast and within the fifth epoch, the 

training accuracy reaches 91%. The accuracy of validation is steadily increasing, with the 

ninth epoch being the most balanced at approximately 91%.  

  

Fig. 4 Training and Validation Accuracy Analysis 

D. Confusion Matrix Analysis  

 

Fig. 5 Confusion Matrix Analysis 

An overview of the model performance in separating benign and malignant cases can be 

seen in the confusion matrix in Fig. 6. It accurately categorizes 2,740 cancerous and 3,260 

benign samples, and thus has high true positives on both sets.  

7. CONCLUSION 

The fine-tuned EfficientNetB3 model offers an amazing 91% success rate in skin cancer 

classification. This model distinguishes between benign and malignant cases, using specific 

measurements of 0.93 and 0.91 in the benign case and 0.89 and 0.91 in the malignant case. 

This model shows adequate identification of benign and malignant cases with F1-scores up 

to 0.92 and 0.90 respectively. The model exhibits good learning characteristics devoid of 

overfitting problems since training and evaluation curves show a small difference as 

indicated by both the accuracy and loss graphs. The model exhibits resistance as it fits the 

new information accurately.  
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Abstract.  

There are thyroid diseases called hyperthyroidism and hypothyroidism which can damage 

the human health, it affects the brain, the heart and the capability of having children. Early 

detection of such disorders helps patients heal more quickly and initiates treatment more 

effectively. In most cases, doctors request imaging and blood tests when making a diagnosis 

and both may be time-consuming and expensive. It is proposed that deep learning with an 

adapted version of EfficientNetB2 will enhance and streamline the process of diagnosing 

thyroid diseases. The model had been configured with two divisions: 0 (healthy) and 1 

(thyroid illness) and photos of over 7,200 distinct thyroid conditions.  

Keywords. Artificial Intelligence, Thyroid disease classification, EfficientNetB2, deep 

learning. 

1. INTRODUCTION 

The thyroid gland controls most of the basic metabolic activities of the body. Hypothyroid 

and hyperthyroid are two kinds of thyroid disorders that left uncontrolled could have an 

adverse impact on your entire body. These diseases have been known to cause brain related 

problems, heart diseases and fertility issues, as the number of cases of these diseases is 

reported to be in the millions every year all over the world. Good management and therapy 

of thyroid problems through early and accurate detection are important to benefit patients 

and to control costs.  
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2. LITERATURE 

Hypothyroidism, hyperthyroidism and thyroid cancer are common thyroid diseases. 

Machine learning (ML) and deep learning (DL) have made a great leap in the field of thyroid 

disease diagnosis. According to recent research, it is recommended to combine graphs with 

DL to generate clinical reasoning to enhance interpretability and decision-making [1]. 

Surveys on ML methods indicated the use of support vector machines (SVM), decision trees 

(DT), k-nearest neighbors (KNN), and random forests (RF) models that were effective in 

organizing clinical and laboratory data [2]. Accuracy, precision, recall, and F1-score are all 

performance metrics that are essential to assess these models. To find effective algorithms, 

classical ML studies examined sensitivity parameters and feature selection, which proved 

that well-tuned algorithms can effectively diagnose thyroid disorders [3].  

3. INPUT DATASET 

The paper capitalized on the extensive and high quality dataset available on the open-source 

Kaggle platform that included 7288 images classified as 0 (healthy) and 1 (thyroid problem) 

as depicted in Fig 1. Applying the same preparation techniques contributed to the 

EfficientNetB2 impressive thyroid classification. 

    

  
(a) (b_ 

Fig. 1 Dataset image for (a)Healthy and (b) Thyroid Disease image type 

 

4. FINE-TUNED EFFICIENTNETB2 MODEL 

The model was trained on ImageNet as a feature extractor with the upper layers cut off. A 

feature maps condensing layer (global max pooling) was followed by a custom classification 

head. The inputs to a dense layer of 256 units were made stable by batch normalization 

augmented with L2 kernel and L1 activity/bias regularization.  

 5. PROPOSED METHODOLOGY 

According to the EfficientNetB2 study method, the proposed classifications of thyroid have 

four stages: data collection, data preparation, model construction and results exploration. 

Each of the major characteristics contributes to an effective and reliable method of thyroid 

classification. 

Phase 1: Dataset Collection: The free data and professionally maintained databases made it 

possible to create a collection of images associated with thyroid disorders. All the examples 

in the dataset have corresponding labels of 1 thyroid illness and 0 healthy.  
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Phase 2: Model Architecture Design: The preparation of the data is about having the 

information set in such a way that it is sensible to make the model work on it. The images 

were all resized to meet the resolution requirement of EfficientNetB2 in the model.  

Phase 3: Model Training and Validation: EfficientNetB2 was created with ImageNet and 

improved through the utilization of additional data. Adam optimizer and binary cross-

entropy loss are used to find the optimum model parameters.  

Phase 4: Model Evaluation and Analysis: Finally, the model was subject to rigorous tests 

using the test data. The performance of classification was assessed by examining accuracy, 

precision, recall, F1-score and the confusion matrix.  

6. RESULTS 

With an accuracy of 90% in detecting thyroid disease, the fine-tuned EfficientNetB2 model 

correctly categorised diseased cases and normal cases. Having equal F1-score, recall, and 

regularization, it does not overfit and provides reliable early detection during the initial run.  

A. Classification Report Analysis 

      Table 1. Classification Report Analysis 

  

Table 1 shows, the EfficientNetB2 has a consistent degree of accuracy when it detects 

thyroid issues. Among all test cases, the model was accurate 90 percent of the time. The 

performance of all groups is good, as their level of accuracy, recall and F1-score are 

satisfactory.  

B. Training and Validation loss Analysis 

     The loss curve of Fig. 2 provides significant new insights into the learning of the model 

after 15 epochs. Both the training and the validation loss are initially high, implying that the 

model starts out with poor predictions. The two losses, however, are indicative of a rapid 

fall; the training loss drops significantly and levels after the fourth epoch, which shows that 

it learns the data.  

 

                                 Fig. 2 Training and Validation loss Analysis 

C. Training and Validation Accuracy Analysis 
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The Fig. 3 demonstrates an accuracy plot drawing conclusions on the model performance in 

terms of training and validation accuracy. Through epoch 14 the training accuracy rises 

rapidly and stalls at the highest point of 0.95, indicating that the model fairly well fits the 

training data.  

 

 

Fig. 3 Training and Validation Accuracy Analysis 

D. Confusion Matrix Analysis 

The confusion matrix, as illustrated in Fig. 4, demonstrates the relationship between the 

model results and the real observations. The method predictions are very close to the known 

health status of the patients of 153 healthy and 177 with thyroid disease. 

 

Fig. 4 Confusion Matrix Analysis 

 

7. CONCLUSION 

The study highlights the astounding accuracy of 90 percent in using an optimally tuned 

EfficientNetB2 model to autonomously detect and label thyroid diseases. Since it works 

efficiently, delivers high performance and saves time, the competency of EfficientNetB2 to 

excel clinically has resulted in it being an appropriate substitute to traditional practices. The 

outcomes of this investigation justify the development of AI in healthcare and are directed 

to assist in faster diagnosis, improved patient outcomes, and more effective healthcare.  

                                                REFERENCES 

[1] Chai, X., 2020. Diagnosis method of thyroid disease combining knowledge graph and 

deep learning. Ieee Access, 8, pp.149787-149795. 

[2] Lee, K.S. and Park, H., 2022. Machine learning on thyroid disease: a review. Frontiers 

in Bioscience-Landmark, 27(3), p.101. 

[3] Y. K. Shejwal, A. J. Hati, J. U. Kidav, A. K. Singh, and R. Kumar, “Neural network-

based classification of beamforming matrices,” International Journal of Satellite 

Communications and Networking, 2025, doi: 10.1002/sat.70002. 



<Conference abbreviation> 

<Conference Series name>             <Volume number and Year> <DOI Number> 

All Open Access articles are peer-reviewed, distributed under the Creative Commons 
Attribution-Non Commercial 4.0 International 

True vs. Fake News Classification Using Long Short-

Term Memory Networks 

Premlata Chopra1, Hari Mohan Dixit2, Ravinder Tonk3, Abdulmohsen A. 

Alsuwaylimi4, Amjad A. Alsuwaylimi5, Lafi A. Alenezi6, Mohammad Aljaidi7 

1Department of Computer Science and Engineering, School of Engineering and 

Technology, CGC University, Mohali – 140307, Mohali, Punjab, India, 

premlata.j3449@cgc.ac.in  

2Department of Computer Science and Engineering Central University of Rajasthan, 

harimohandixit19@gmail.com 

3Department of Mechanical Engineering, Chandigarh University, Mohali-140413, 

Punjab, India. ravinder.e1224@cumail.in 

4Department of Modern Languages, College of Liberal Arts, University of Mississippi, 

Oxford, 38677, United States of America, Aalsuway@go.olemiss.edu 

5Department of Computer Science, College of Science, Northern Border University, 

Arar, 91431, Saudi Arabia, Amjad.alsuwaylimi@nbu.edu.sa  

6Department of Computer Science, College of Science, Northern Border University, 

Arar, 91431, Saudi Arabia, lafi.alenezi@nbu.edu.sa 

7Department of Computer Science, Faculty of Information Technology, Zarqa 

University, Zarqa, 13110, Jordan, mjaidi@zu.edu.jo 

Abstract.  

The news distribution and consumption in a digital age has changed radically with the 

extensive resources of online news. Nevertheless, this richness has also contributed to 

the spread of fake news at an accelerated pace undermining the levels of trust in the 

population, harmony, and Sustainable Development Goals of peace, justice, and strong 

institutions. The proposed model is learned on the dataset of news article annotations 

obtained by reputable sources and confirmed fact-checkers. The experimental 

validation has confirmed that the model comes out with a high level of accuracy of 

97.90% to differentiate genuine news and misinformation.  

Keywords. Artificial Intelligence, Deep Learning, Model Training, Fake News 

Detection, Long Short-Term Memory (LSTM). 

1. INTRODUCTION 

The purpose of this research is to come up with a well-built and smart system that can 

automatically confirm or reject the authenticity of news based on the features of the text 

in news. With the proposed Long Short-Term Memory (LSTM)-based model targeting 

an accuracy rate of 97.90, there is an extensive testing and validation which is carried 

out on a dataset with the labelled samples of both authentic and fake news obtained 

through reputable news sources and verified sources of fact-checking.   

mailto:premlata.j3449@cgc.ac.in
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2. LITERATURE 

All these phases make the LSTM successful in detecting misinformation since it learns 

dependencies and contextual features of textual data and hence produces stable 

prediction results [1]. Nevertheless, some of the previous works on fake news detection 

had weaknesses related to low accuracy, low quality preprocessing, and poor choice of 

structure. Other issues like selection of irrelevant features, poor values of the model 

parameters, and lack of normalization of data were among the factors that led to poor 

model performance [2]. The proposed study seeks to overcome these shortcomings by 

proposing an optimized deep learning model that improves the detection of fake news. 

It makes use of the best methods of hyperparameter tuning, such as Grid Search and 

Random Search, to optimize the hyperparameters of the LSTM to give them a better 

prediction [3]. Moreover, this study applies machine learning into detecting false 

information using different methods that can respond to the dynamic and numerous 

characteristics of fake news [4].  

3. INPUT DATASET 

Above all on the dataset used in the given research, an LSTM-based model was trained 

that classifies news articles as either a legitimate or a fake story with a staggering 

precision of 97.90%. The data set is made up of a mixed collection of news contents of 

different fields and the style of reporting through different credible sources and 

databases that fact-check the content.  

4.  FINE-TUNED LSTM MODEL 

Starting with a sequence as represented by an input layer, the much more tuned LSTM 

model architecture as in Flowchart 1 proceeds through an Embedding layer that 

converts integer-encoded vocabulary indexes to dense 100-size vectors. One of them 

gets overfitting through a dropout 50 percent rate layer. Following another dropout 

layer, the model is then basically a bi-directional LSTM layer with 150 units 

maintaining the time aspects and sequence processing.  

 

 Flowchart 1. Layer-wise depiction of the Fine – Tuned LSTM 

5. PROPOSED METHODOLOGY 

As shown in Fig. 1, this study designs and tests an LSTM-based model to detect fake 

news journals in real-time using a four-phase methodology that is designed in a 

structure. All stages are crucial in the reliability of the model, its efficiency and its 

robustness. The first step, Dataset Collection, refers to putting together a complete set 

of data based on the valid news archives and fact-checking sources, as well as reliable 

archives.  
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6.  RESULTS 

The analysis of the research shows that the accuracy of the fake news identification is 

high at 97.90 when Long Short-Term Memory (LSTM) architecture is used. LSTM 

performed more successfully than others particularly using GloVe embeddings and 

intense hyperparameter optimization methods such as grid search. 

A. Analysis of Classification Report. 

Table 1 shows the results of the Long Short-Term Memory (LSTM) algorithm in the 

classification of authentic and inauthentic news articles. Strong balance between the 

model and the precision and recall (0.94) also showed that the model got 94 percent of 

the real news items correct.  

  Table 1. Classification Report Analysis 
  Precision Recall F1-Score Support 

True News  0.95 0.94 0.94 5000 

Fake News  0.93 0.94 0.93 4500 

Accuracy     97.90% 

Macro 

Avg. 

 0.94 0.94 0.94 9500 

Weighted 

Avg. 

 0.94 0.94 0.94 9500 

B. Training and Validation Loss Analysis 

To identify the difference between genuine and counterfeit news, Figure 2 shows that 

the Long Short-Term Memory (LSTM) model compares the training and validation 

losses with the settings of real news. At the beginning, a large loss in the epoch 0 is 

anticipated as a result of randomization in the learning, however, the decrease in training 

loss at the start suggests successful learning.  

 

Fig. 2 Training and Validation Loss Analysis 

C. Training and Validation Accuracy Analysis 

The performance of the Long Short-Term Memory (LSTM) model in classifying the 

real and fake news depending on the training and validation accuracy is shown in Figure 

3. The training accuracy increases drastically in the initial epoch to almost 1.0 in the 
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third epoch indicating that the model has adequately learned the training samples.  

 

                       Fig. 3 Training and Validation Accuracy Analysis  

D. Confusion Matrix Analysis 

A distinction of actual and fake news through the Long Short-Term Memory (LSTM) 

model is displayed in a confusion matrix in figure 4. The table is a representation of the 

predicted and actual classifications as the model is able to recognize 4,145 real news 

articles and 3,428 fake news articles.  

  

Fig. 4 Confusion Matrix Analysis 

7. CONCLUSION 

The dissemination of information which is accessible on the internet avenues of the 

digital era has changed the manner the knowledge is shared and taken in the shape of 

news. Nevertheless, this information overload has also contributed to spreading fake 

news and false information therefore destroying the opinion of the people, social trust 

and democracy. Creative natural language processing, and machine learning, in this 

case, Long Short Term Memory networks, in particular, have shown that it is almost 

possible to automate the process of identifying and classifying fake news. It is on the 

basis of this work that the LSTM model was developed that shows astonishing results 

with an accuracy of 97.90 to tell the truth and the fake news.  
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Abstract.  

Knee Osteoporosis (KO) is a widespread degenerative disorder that erosion of strength of 

bone and fosters the possibility of fractures resulting in pain and impaired movement 

movements. Effective treatment is possible only in early stages of detection but there are 

cases when the traditional means of diagnosis, physical examination, and bone mineral 

density testing, do not detect abnormalities of the first stage. This research paper includes a 

trained VGG19 deep learning model that is tailored to distinguish between healthy and 

osteoporotic knee X-ray images. Transfer learning was deployed to use binary classification 

on the already trained VGG19 architecture which is popular with image classification. This 

model was trained and tested using a dataset of 1,258 training images, 315 validation images 

and 472 testing images. It showed excellent performance with a precision of 97.5 and high 

recall as well as F1- scores of 0.97 in each class. The confusion matrix showed few cases of 

misclassifications and false negatives were 12 and there were no false positives which shows 

that the model had good generalization. In general, this study demonstrates that deep 

learning, especially VGG19, is a suitable method to automatize KO and enhance the 

diagnostic accuracy. It is also possible to use more advanced regularization and 

hyperparameter optimization to further minimize overfitting and enhance the robustness of 

the models in clinical settings, as will be the focus of future work 

Keywords. Artificial Intelligence, Deep Learning, Knee Osteoporosis, Model Training, 

VGG19 Model. 
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1. INTRODUCTION 

Knee Osteoporosis (KO) is a degenerative disease which weakens the historical stability of 

bones and cartilage surrounding the knee joint and results to pain, dysfunction, and increase 

chances of fracture. The paper presents a research on the application of VGG19 on a binary 

classification task where images of knee X-rays with osteoporosis and without it are 

compared. The model can offer a possible diagnostic aid due to the ability to learn intricate 

patterns in radiological information that allow physicians to make the right decision at the 

right time. Earlier studies have made a correlation between osteoarthritis and osteoporosis 

of the knee joint [1–3] and transient knee osteoporosis and the results of post-arthroplasty 

have provided the difficulties in diagnosis [4-5].  

2. INPUT DATASET 

The dataset used in this study was sourced from an open-access Kaggle repository designed 

for knee osteoporosis detection research. It contains two labeled categories of knee X-ray 

images—Healthy and Osteoporosis—divided into three subsets for training, validation, and 

testing. The training set includes 1,258 images, enabling the model to learn distinguishing 

features; the validation set comprises 315 images for tuning hyperparameters and assessing 

generalization; and the testing set includes 472 images to evaluate performance on unseen 

data. This publicly available dataset ensures transparency, reproducibility, and encourages 

further research advancement in automated knee osteoporosis detection, as illustrated in Fig. 

1. 

    

  

(a) (b) 

Fig.1. Dataset image for (a) Healthy, (b) Osteoporosis. 

3. PROPOSED METHODOLOGY 

The paper is based on the two-step research process that includes data preparation, data 

collection, model creation, and analysis. The first phase involves a labelled sample of knee 

X-ray images, classified based on being osteoporotic and non-osteoporotic, acquired in 

medical archives and hospital partnerships and checked by professional radiologists. The 

dataset is diverse both in terms of demographic categories and various levels of severity of 

knee osteoporosis. The second phase involves an image size reduction to the VGG19 image 

size and data augmentation is adopted through rotation and flipping which improves the 

diversity of the images.  

4. RESULTS 

The model on the test set had a very high precision of 97.5 in prediction of knee osteoporosis. 

The report had a high accuracy, recall and F1-score (0.97) in the classification of Healthy 
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and Osteoporosis classes in the classification report. Table of confusion revealed that the 

number of misclassifications was insignificant with 12 false negatives and zero false 

positives.  

A. Analysis of Classification Report. 

The knee osteoporosis detection model shows a very good performance with both classes, 

Healthy and Osteoporosis. Both classes show balanced performance and dependable 

performance as the F1-score is 0.97. The model has a high classification rate, as well as an 

overall accuracy of 97.5. Also, it has been shown that the macro and weighted averages were 

precise (0.98) and had a recall of 0.97, which confirms the consistency and stability of the 

results in both categories, as shown in Fig. 3. 

  

Fig.3. Classification Report Analysis. 

A. Confusion Matrix Analysis 

   The knee osteoporosis detection model confusion matrix has excellent classification 

results. The model correctly discriminated the 231 and 229 cases of Healthy and 

Osteoporosis respectively and had high discrimination. This small mistake notwithstanding, 

the model showed a recall of 100% on the Healthy category and a high level of precision in 

general. The findings imply that there is minimal misclassification and high reliability that 

support the practicality of the model in the consistent and accurate clinical diagnosis as 

demonstrated in Fig. 4. 

  

 

Fig.4. Confusion Matrix Analysis 

B. Training and Validation Accuracy and Loss  Analysis 

The accuracy and loss curves in training and validation in 200 epochs of the model give a 

holistic perspective of the way the model learns. Still, in general, the findings confirm the 

high strength and reliability of the model to properly determine the presence of the knee 

osteoporosis as it is demonstrated in Fig. 4(a) and (b). 
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(a) 

 

(b) 

 Fig.4.(a) Training and Validation Accuracy Analysis, (b) Training and validation Loss 

Analysis 

5. CONCLUSION 

The current paper is an X-ray image-based method to predict knee osteoporosis on the basis 

of a highly-tuned VGG19 deep learning model. The model shows an outstanding skill in the 

possibility to identify a healthy and osteoporotic knee condition, based on a strong score of 

97.5 on the test sample. Its strength is also confirmed by the classification report as both of 

the classes have high precision, recall, and F1-scores of 0.97 indicating a balanced 

performance of the classes. The confusion matrix demonstrates the reliability of the model 

with the results of the existence of only 12 false negatives and no false positives.  
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Abstract.  
 

The quality of tires is also significant in the definition of safety, performance, and efficiency 

of any vehicle, where any defects in tires become a severe threat to the safety and 

trustworthiness of roads. This should be done by early identification of such defects in order 

to avert accidents, to save on maintenance costs as well as vehicle downtimes. This paper 

introduces an automated tire quality assessment model based on the EfficientNetB0 model 

which is a Convolutional Neural Network (CNN) with an outstanding accuracy and a high 

computation efficiency. Through visual inspection, the model categorizes images of digital 

tires in two classes, which include defective and good state. The model with 1,854 tire 

images obtained through Kaggle was trained, validated, and tested with a high classification 

accuracy of 96.72%.  

Keywords. Artificial Intelligence, Tyre quality, EfficientNetB0,  

1. INTRODUCTION 

The quality of tires is important in ensuring safety of the vehicles, safety, efficiency, and 

durability. It has direct implications on the handling, braking, fuel consumption of a car and 

the entire driving experience. With age, tires  (especially when they are in commercial and 

high-performance cars) wear and tear thus it is important to check and maintain the tires 

frequently. Low-quality tires (because of manufacturing errors, or environmental factors) 
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can cause unsafe driving performance like the blowout or loss of control. The early 

identification of defects is crucial to avoid accidents, decrease down time, lower the 

maintenance costs and increase the tires life.  

2. LITERATURE 

The quality of tires is central to the safety and the efficiency of the functioning of the vehicles 

as it is the primary concern which makes the difference between the regular maintenance 

and the prevention of the car accidents as the timely revealed tire defect can significantly 

enhance the circumstances. Deep Tread proposed by Degadwala et al. [1] is a pre-trained 

deep learning model that can be used to classify defective and non-defective tires having a 

high accuracy at a low cost of computation. Equally, Rajeswari et al. [2] put forward a 

weighting CNN which puts more significance to various fault kinds during training which 

improves classification and issues of class imbalance. Singh et al. [3] focused on the 

significance of the joint use of several DL models to enhance accuracy of fault detection, 

whereas the role of CNNs in the context of the real-time quality control. 

3. INPUT DATASET 

The data of this research was obtained on the open source Kaggle site with 1,854 digital tire 

images in two categories, that is, good and defective. All pictures in the form of a JPEG or 

PNG are taken of a single tire in the circumstances of the real world by using high-quality 

digital cameras as shown in Fig. 1.  

 

  
(a) (b) 

Fig. 1 Dataset image for (a) Defective (b) Good condition image type 

4. FINE-TUNED EFFICIENTNETB0 ARCHITECTURE 

      In this work, the convolutional neural network (CNN) EfficientNetB0 that is highly 

efficient is used because it has been noted to have a high degree of performance in terms of 

image classification activities. Trained on big data, like ImageNet, EfficientNetB0 is a good 

extractor of various image features. The model was further modified to evaluate tire quality, 

where bottom layers were substituted with tailored fully connected layers which are used to 

classify into good and flawed tires; however, the later layers were still used to extract low-

level visual representations such as edges and textures.  

5. PROPOSED METHODOLOGY 

The study uses the experimental design of the four stages to scientifically and systematically 

categorize tire quality with the maximum accuracy, efficiency, and reliability of each step 
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with the help of the EfficientNetB0 paradigm. The initial stage is known as Dataset 

Collection which entails retrieving a rich dataset of 1,854 digital tire images that had been 

collected and categorized under the open-source Kaggle platform into two distinct classes 

namely good condition and defect.  

6. RESULTS 

The four phases of research will be scheduled based on ensure the scientific and systematic 

approach towards the grouping of the quality of tyres according to EfficientNetB0 model. 

All these steps are required in the facilitation of adequate classification system as far data is 

collected in the way of modelling analysis. 

A. Classification Report Analysis. 

Classification report entails an elaborate analysis of the performance of the model in 

differentiating between good and defective tires. The model had a good reliability of 96.72 

indicating a good accuracy in the classification of tires as shown in Table 1. 

Table 1. Classification Report Analysis 

 

B. Training and Validation loss Analysis 

Figure 2 shows the training and validation loss with 22 epochs. It can be seen that the red 

line exhibits a slow decrease in training loss, which is a sign of successful learning of the 

data, whereas the green line is a chart of validation loss that also decreases at first and starts 

to stabilize with increase in epochs.  

 

                                 Fig. 2 Training and Validation loss Analysis 

C. Training and Validation Accuracy Analysis 

   

                       Fig. 3 Training and Validation Accuracy Analysis  
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Figure 3 presents the training and validation accuracy of 22 epochs. The red line that 

signifies the accuracy of training increases fast and it is close to 100 percent which is an 

indication that the model fits the training data rather well.  

D. Confusion Matrix Analysis 

 

 

Fig. 4 Confusion Matrix Analysi 

The confusion matrix below (Fig. 4) provides the full picture about the performance of the 

model as regards classification is concerned. In both scenarios, the algorithm results in 

finding 82 good tyres (true negatives) and 95 problematic tyres (true positives) and therefore 

is a good performance.  

7. CONCLUSION 

The given paper introduces a tire quality classification system based on advanced 

EfficientNetB0 convolutional neural network (CNN) model, which was performed 

automatically. The proposed method achieves the classification of tires based on two classes 

of defective tires and good condition varieties with a dataset containing 1,854 tire images 

(digital). The system was proved effective and strong because through fine-tuning the 

existing pre-trained EfficientNetB0 model, the system reached impressive overall accuracy 

of 96.72% that indicated its capability and strength in tire quality inspection. Automating 

this process drastically lowers the reliance of this method of human inspection, which limits 

the human error, labor intensity and time of inspection. It, therefore, increases road safety 

and reliability of the vehicles by providing an opportunity to identify faulty tires early. 
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Abstract.  
 
Thi This paper describes a Convolutional Neural Network (CNN)-based platform that is 

created to identify vehicles and put them into seven different categories and they include: 

Auto Rickshaws, Bikes, Cars, Motorcycles, Planes, Ships, and Trains. As the influx of visual 

data processed by cameras and sensors has grown exponentially, quick and precise 

classification of vehicles has been demanded and is now important in the contemporary 

application of camera-related surveillance of traffic, autonomous driving, and intelligent 

transportation management. The data set involved in this piece is composed of 5,007 JPG 
images 3,504 of them to train and 1,503 to test.  

 

Keywords. Artificial Intelligence, Deep Learning, Vehicle classification, Sustainable 

mobility. 

1. INTRODUCTION 

The classification of vehicles is important in diverse fields including the monitoring of the 

traffic, autonomous vehicles,  and smart transportation systems. As the digital platform 

develops fast and vehicle imagery proliferates, the necessity to find quick and accurate 

means of classification to the problem has grown. Maungmai and Nuthong [1] have defined 

the importance of deep learning in car classification and how the traditional fashion may be 

unable to cope with a large and tricky data set. In the same manner, Vijayaraghavan and 

Laavanya [2] showed that the Convolutional Neural Networks (CNNs) are better in terms of 

precision and performance as compared to conventional methods.  
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2. LITERATURE 

Convolutional neural networks (CNNs) and deep learning methods have been extensively 

researched in the context of vehicle classification; they demonstrate high feature extractors 

and pattern recognition characteristics. Maungmai and Nuthong [1] created a CNN centered 

model that has the capacity to classify vehicles by their type and color and the model showed 

strong real world performance in four types of vehicles and seven colors. Vijayaraghavan 

and Laavanya [2] concentrated on bus detecting, cars, and bikes detection where capturing 

of the buses, cars, and bikes occurred by detection of bounding boxes followed by 

probability predictions to improve on detecting the objects. Tas et al. [3] introduced a CNN 

method that is specifically trained on low-resolution surveillance photographs, and 

compared it with VGG16 with focus on the scenario of efficiency versus accuracy.  

II. INPUT DATASET 

   

 

  

(a) (b) (c) 

   

(d) (e) (f) 

 

      (g) 

Fig. 1 Images from the proposed dataset. 

The database that has been used in this study consists of 5,007 JPG images of vehicles that 

are grouped into seven different classes namely: Auto Rickshaws, Bikes, Cars, Motorcycles, 

Planes, Ships, and Trains. All of the pictures provide a visual depiction of each particular 

type of vehicle, taken at a variety of angles and resolutions to recreate real-life situations. 

The data is split into 3,504 images to be trained and 1,503 to be tested and the ratio of classes 

is kept so that there are no biases to evaluate the model. A variety of opinions will make the 

dataset more complex and realistic; thus making sure that the CNN model can effectively 

generalize with unknown data. The examples of such vehicle images are given in figure 1. 
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3. METHODOLOGY 

A. Proposed Model: 

The suggested Convolutional Neural Network (CNN) vehicle recognition model has 

combined various convolutional, pooling and dropout layers in order to attain efficient 

multi-class recognition. It has a Conv2D layer (conv2d_15) which filters feature maps with 

32 filters with sizes 32-by-32-by-3 resulting to (126, 126, 32) feature maps. The next layer 

is the MaxPooling2D, which down-samples the result to (63, 63, 32), space dimension 

minimization but without the loss of important data.  

B. Proposed Methodology: 

The research also had a systematic methodology with the collection of data starting at the 

stage of data collection when 5007 JPG pictures of vehicles were collected and were divided 

into seven groups such as Auto Rickshaws, Bikes, Cars, Motorcycles, Planes, Ships and 

Trains. This dataset was also selected in a way that it is diverse and has a balanced address 

of all the types of vehicles, which is essential in the domain of creating a strong classification 

model.   

IV. RESULTS 

Conventional Neural Network (CNN) model showed good performance in vehicle 

classification in a dataset of 5007 images in seven categories namely Auto Rickshaws, 

Bikes, Cars, Motorcycles, Planes, Ships, and Trains. With a total test accuracy of 84, the 

model yielded extremely high results with Bikes (precision 0.95, recall 0.94) and Ships ( F1 

-score 0.94). Nevertheless, Trains had the least precision (0.68) and recall (0.76) which 

means that it needs additional improvement.  

A. Classification Report Analysis 

    The model has an overall accuracy of 84, a macro and weighted average of 0.83, which 

has indicators of balanced but amenable classification abilities. As shown in Fig.2. 

 

 Fig. 2 Classification Report Analysis 

B. Confusion Matrix Analysis 
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 Fig. 3 Confusion Matrix Analysis 

Although the Motorcycle and Plane detection achieved good outcomes, misclassification 

between other related-looking vehicles implies that the model should be improved with more 

distinction of features and the variety of data to become more accurate. As shown in fig.3. 

C. Training VS Validation Accuracy and Loss Analysis 

The model had a high-training accuracy-92.05% and validation-83.70% accuracy with low 

differences in loss at the final epoch. The results show that the model is robust and efficient 

during training with low overfitting, high levels of generalization, and stability of learning. 

As shown in fig.4(a) and fig.4(b). 

 

   

(a)  (b) 

Fig. 4 (a) Training and Validation Accuracy Curve, (b) Training and Validation Loss Curve. 

4. CONCLUSION 

The categories of vehicle classified as a Convolutional Neural Network (CNN) model in this 

work are seven namely Auto Rickshaws, Bikes, Cars, Motorcycles, Planes, Ships and Trains. 

Through the tedious process of data collection and preparation, 5007 photos were selected 

and divided into training and test data which resulted in The model being trained and tested 

on the data and thus yielding an overall accuracy of 84% with regards to the test set. The 

test outcomes showed the ability of the CNN design to efficiently learn intricate 

characteristics of various types of vehicles, and thus emphasize on its likely application in 

traffic control and self-driving vehicle systems.  
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Abstract.  

With the underlying that smokers and non smokers should be given a special treatment and 

treatment planning, smoking is the main cause of these preventable conditions like cancer, 

respiratory diseases and cardiovascular diseases. It is important to detect the smoking habits 

at an early age to mitigate any health-related complications caused by smoking, and to 

enhance the overall health of the population. It uses the EfficientNetB3 network to optimize 

the performance of smoking detection by the state-of- the-art convolutional neural network 

with a balance between the model complexity and performance.  

Keywords. Smoking Detection, EfficientNetB3 Model, Convolutional Neural Networks 

(CNN),  

1. INTRODUCTION 

Smoking also contributed substantially to the etiology of cancer, respiratory and 

cardiovascular diseases, and ranks among the top causes of preventable diseases. Quite often 

medical examinations presuppose that the distinction between smokers and non-smokers 

should be made, as this distinction will help develop particular treatment regimens and 

personalized care. There is a need to identify the smoking behavior among the younger age 
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to lower the incidence of  development of smoking diseases and have a positive impact on 

the health status of the population [1-3].  

2. INPUT DATASET 

To conduct this analysis, the data was gathered in the open-source Kaggle platform, which 

provides a diversity of sufficient images, as shown in Fig. 1. The overall data set has 3,254 

confirmed image files, separated into smoking and non-smoking. They are divided into three 

subsets: 320 images in an extended category, 326 images in a secondary category, and 2,608 

images in the main category.  

   

  

(a) (b) 

 Fig. 1 Dataset image for (a) No - Smoking (b) Smoking image type 

3. FINE-TUNED EFFICIENTNETB3 MODEL 

The present work uses the EfficientNetB3 model to enhance the accuracy of the prediction 

of the smoking and non-smoking condition. Large-scale image weights are pre-trained into 

the model, which means that it can extract features. This base architecture makes the 1536-

dimensional feature vectors, on which we rely our detection of characteristics in an image 

that are of interest as shown in Fig. 2. 

  

Fig. 2. Layer-wise Depiction of the proposed model 

4. PROPOSED METHODOLOGY 

The methodology for this study is structured into four distinct phases, each playing a crucial 

role in the successful prediction of smoking and non-smoking statuses using the 

EfficientNetB3 model. 

Phase 1: Dataset Collection: The initial step is the compilation of a massive number of 

smoking and non-smoking medical pictures. It can be made diverse with clinical repositories 

and open-access tools.  

Phase 2: Model Development: In this step a model (EfficientNetB3) is chosen and trained 

to accomplish the smoking detection jobs. The model has a potent feature extraction system 

that is tuned to address medical image difference.  
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Phase 3: Model Training and Validation: The model is also trained through an iterative 

optimization of the prepared dataset, which minimizes classification errors and enhances 

accuracy.  

Phase 4: Model Evaluation and Testing: The last step tests the model using unknown test 

data. The accuracy, precision, recall and F1-score metrics are derived to measure the ability 

to predict. Ground truth labels are used to compare predictions and to determine reliability.  

5. RESULTS 

The EfficientNetB3 model classified the 3,254 smoking and non-smoking images with high 

accuracy, precision, recall and F1-score. Its stable operation focuses on its practicality in 

smoking detection, health studies, and early intervention uses. 

A. Classification Report Analysis 

     The efficiency of the EfficientNetB3 model in differentiating between smoking and non-

smoking images with overall accuracy of 90 indicates that the model has a high capacity to 

classify between smoking and non-smoking images (Fig. 3). The model had a precision of 

0.90, a recall of 0.83 and an F1-score of 0.86 for the not-smoking class which showed a 

strong detection but slightly lower in recall than that of the smoking class.  

  

                                                          Fig. 3 Classification Report Analysis 

B. Training and Validation loss Analysis 

The Training and Validation Loss graph (Fig. 4) shows that the loss values decrease with 

increasing epochs of both training and validation sets. The training loss (red line) starts at a 

reasonably high level, but goes down fast, which means that the model fits the training data 

better.  

 

   Fig. 4 Training and Validation Loss Analysis 

 

C. Training and Validation Accuracy Analysis 

The trends of the accuracy during the 15 epochs are displayed in the graph "Training and 

Validation Accuracy" in Fig. 5. The trend in the training accuracy, as the epochs progress, 
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is a steadily increasing curve, approaching 100% to signify that the model is becoming 

progressively more competent to predict results on the training data accurately.  

 

Fig. 5 Training and Validation Accuracy Analysis 

D. Confusion Matrix Analysis 

The confusion matrix (Fig. 6) of the EfficientNetB3 model reveals its impressive accuracy 

in smoking and non-smoking image classification. In the not smoking group it made 105 

true positives and 21 false negatives whereas in the smoking group it made 182 true positives 

and just 12 false positives 

.   

Fig. 6 Confusion Matrix Analysis 

7. CONCLUSION 

This paper highlights the pressing necessity to differentiate between smokers and non-

smokers in order to promote individualized treatment and enhance health care planning. 

Since smoking is one of the major causes of preventable diseases like cancer, respiratory 

diseases, and cardiovascular diseases, it is important to detect smoking habits at an early 

stage to minimize the health risks associated with smoking and improve the health outcomes 

of the population.  
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Abstract.  
 

Most various industries, disaster management being one of them, transport and agriculture 

in particular, require meteorological conditions to be properly rated in the correct and 

appropriate manner, i.e. clouds, rain shine, and sunrise. This paper concentrates on the 

EfficientNetB3 model which is characterized by performance as well as computing 

efficiency, and hence deep learning is used to advance the classification of weather 

conditions. Optimizing the EfficientNetB3 design we arrive at an outraging 97% 

classification accuracy.  

Keywords. EfficientNetB3, weather condition classification, deep learning,  

1. INTRODUCTION 

Weather classification Accurate and quick classification of weather conditions is essential 

in numerous industries, one of them being disaster management, transportation, and 

agriculture. Early detection and identification of weather changes like clouds, rain, shine and 

sunrise are meant  enhance decision making through enhanced knowledge about the changes 

and consequently reduces the risks associated with the sudden changes in weather. The 

farmers ought to plant as much as they can and the officials involved in transportation ought 

mailto:msingla0509@gmail.com
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to enhance safety measures to prevent accidents caused by unfavorable climatic conditions 

[1-3].  

2. INPUT DATASET 

The dataset utilized in the present research presented in Fig. 1 was obtained on the open-

source Kaggle site and is dedicated to the four weather conditions such as cloudy, rainy, 

sunny, and sunrise. It contains 1,125 high quality and diversified images, which have been 

carefully partitioned into training, validation and testing to facilitate the development and 

testing of a strong model. The training pool consists of 900 images, which gives a broad 

variety of situations to increase the learning ability of the EfficientNetB3 model.     

 
 

(a) (b) 

 
 

(c) (d) 

Fig. 1 Dataset image for (a) Cloudy (b) Rainy (c) Shine (d) Sunrise image type 

3. FINE-TUNED EFFICIENTNETB3 MODEL 

      The EfficientNetB3 model demonstrated in Fig. 2 is the basis that is used to classify four 

weather conditions, namely, cloudy, rainy, shine, and sunrise. To bring it to this task, the 

architecture was made finer with introducing custom layers on top of the already trained 

base, which already has 11,184,179 parameters.  

  

Fig. 2 Layer-wise depiction of the Proposed Model 

4. PROPOSED METHODOLOGY 

The process of weather condition classification with the help of EfficientNetB3 model is 

organized into four separate stages: Dataset Collection, Data Pre-processing, Model 

Development, and Model Evaluation. 

Phase 1: Dataset Collection: At this step, an open-source platform with four types of weather 

such as clouds, rain, shine, and sunrise is gathered using such a system as Kaggle.  
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Phase 2: Data Pre-processing: The images obtained are downsized to the input dimensions 

of EfficientNetB3. Data augmentation where rotation, flipping, and brightness adjustments 

are used to enhance dataset diversity and data overfitting is avoided.  

Phase 3: Model Development: This step is devoted to the development of the EfficientNetB3 

model based on the transfer learning on ImageNet. This is done through fine-tuning of 

parameters to balance depth, width and resolution through compound scaling.  

Phase 4: Model Evaluation: The last process is to test the performance of the model based 

on accuracy, precision, recall, and F1-score. To determine the effectiveness of 

classifications, confusion matrices are created to evaluate the effectiveness of classifying 

each category.  

5. RESULTS 

The adjusted EfficientNetB3 model, that had 11484179 parameters and additional dense 

layers, was highly accurate in the classification of four weather types. Dropping enhanced 

generalization, minimizing overfitting, and increasing reliability, and showed robust 

performance with architectural differences and fine-tuning.  

A. Classification Report Analysis 

      As the Fig. 3 classification report indicates, EfficientNetB3 with fine-tune strategy has 

high degree of performance in classifying four weather conditions namely Cloudy, Rain, 

Shine, and Sunrise with an overall accuracy of 97 percent.  

 

 Fig. 3 Classification Report Analysis 

B. Training and Validation loss Analysis 

     The loss trends of training and validation during 25 epochs are shown in the graph in Fig. 

4. First, the two curves decrease and this indicates effective learning of the training data. 

Nevertheless, beyond epoch 15 the loss in training keeps decreasing and validation loss 

levels off or increases, which is an indication of overfitting.  

  

                                 Fig. 4 Training and Validation loss Analysis 

C. Training and Validation Accuracy Analysis 
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The accuracy trend of the model across 25 epochs is shown in the graph in Fig. 5. At the 

beginning, training and validation accuracy increase and exhibit effective optimization.   

 

                       Fig. 5 Training and Validation Accuracy Analysis  

D. Confusion Matrix Analysis 

The confusion matrix (Fig. 6) gives a more precise analysis of the model performance in 

four weather types Cloudy, Rain, Shine and Sunrise. Diagonal items are correct 

classifications and off-diagonal items denote errors.  

  

Fig. 6 Confusion Matrix Analysis 

6. CONCLUSION 

Proper and fast categorization of weather conditions is essential in disaster management, 

transport, and in agriculture. This paper has shown that the EfficientNetB3 model is useful 

in classifying four types of weather: cloudy, rainy, shine, and sunrise. With compound 

scaling used to scale depth, width and resolution, the refined model with 11,484,179 

parameters had not only high computational efficiency but good classification accuracy. The 

model provided excellent results after conducting the test on a large dataset where the overall 

accuracy was 97%.  
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 Abstract.  

This study evaluates the performance of three models: Here we present a Tiny VGG model 

trained from scratch for our targeted object classes, and another two pre-trained models: 

EfficienNet-B0 and Inception V3 in PyTorch. The carefully trained, customized Tiny VGG 

model from the onset that had even basic preprocessing of the images such as resizing and 

converting to tensor was evidenced to perform dismally with an accuracy of only 3.78% 

which was interpreted to mean that the model was too simple to deal with the variation in 

the dataset. The high performance of EfficientNet-B0 indicates that it avails itself to 

generalize well across multiple plant types and diseases as further presented by its accuracy 

of 96.98% of F1 Score of 0.9697, a precision of 0.9699, and a recall of 0.9698. Inception 

V3 came next with an 80.97% accuracy, an F1 Score of 0.8165, reasonable precision at 

0.8656, but slightly lower recall at 0.8097. 

Keywords. Plant disease detection; deep learning; multi- class classification; transfer 

learning; pretrained models; efficientnet 
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1. INTRODUCTION 

Plant diseases pose a significant threat to global agricultural productivity, leading to 

substantial crop losses and severe economic repercussions. Optimization plays a 

fundamental role in computational intelligence, as it focuses on identifying the best possible 

solution within a defined search space by maximizing or minimizing an objective function. 

Within the context of deep learning, optimization is crucial for efficient model training, 

parameter tuning, and performance enhancement. Traditional optimization methods, such as 

gradient descent, while effective for convex and differentiable problems, often struggle with 

the nonlinear, multimodal, and high-dimensional nature of real-world challenges—such as 

those encountered in complex agricultural image classification tasks [1] [2]. 

To address these limitations, metaheuristic algorithms have emerged as powerful, adaptive, 

and flexible optimization techniques. Inspired by natural and biological pro- cesses 

including evolution, animal foraging behavior, and collective intelligence metaheuristics are 

designed to explore vast and complex search spaces efficiently. Well-known exam ples 

include the Genetic Algorithm (GA), inspired by natural selection; Particle Swarm 

Optimization (PSO), modeled after the social dynamics of bird flocks; Grey Wolf Optimizer 

(GWO), based on the leadership hierarchy and cooperative hunting of grey wolves; and the 

Whale Optimization Algorithm (WOA), which emulates the bubble-net feeding behavior of 

humpback whales. These algorithms effectively balance exploration and exploitation, 

reducing the likelihood of premature convergence and increasing the probability of 

identifying global optima [3]. 

In deep learning-based plant disease detection, metaheuristic optimization techniques have 

proven increasingly valuable for tasks such as hyperparameter tuning, feature selection, and 

neural network weight optimization. Their capacity to navigate complex, nonlinear, and 

multimodal search landscapes enables the development of more accurate, stable, and gen 

eralizable models. Furthermore, hybrid metaheuristic strategies combining the strengths of 

algorithms such as PSO, GA, and WOA have demonstrated enhanced convergence speed 

and improved generalization in agricultural image analysis. Consequently, the integration of 

metaheuristic optimization with deep learning architectures represents a promising frontier 

in precision agriculture, facilitating the creation of intelligent and adaptive systems for 

automated plant disease diagnosis [4] [5]. 

2. LITERATURE REVIEW 

Recent developments in plant disease identification and diagnosis have witnessed a new 

shift towards the use of deep learning approaches, as they provide excellent solutions for 

plant disease diagnosis. The Convolutional neuron network CNN models have been 

developed particularly to enhance the classification accuracy from simple images of the 

leaves of healthy or diseased plants. For example, particular research carried out illustrated 

that a CNN model having a substantial training data set comprised of 87,848 images 

experienced an accuracy of 99.53% in recognizing particular plant disease combinations [6]. 

These models hold lots of potential as decision support for early disease identification in 

real-world agriculture. While methods such as DNA identification and visual inspection are 

used frequently, they have a host of drawbacks, including an inability to deliver early results 

in asymptomatic stages of diseases. The newest technologies for real-time disease 

surveillance include biosensors and remote sensing methods as efficient instruments in 
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disease identification. These novel approaches can detect early infections directly in the field 

and function as an additional diagnostic tool to existing ones – promoting a more sustainable 

agriculture [7] [8]. Due to the dynamic state of plant pathogens, it becomes cumbersome to 

detect them early and methods of detection have to be advanced. For example, a lightweight 

deep CNN model incor- porates hand-crafted feature descriptors for the enhancement 

classification of leaf diseases [9]. 

3. PROPOSED METHODOLOGY 

The proposed methodology for plant disease detection and classification is structured around 

two primary phases: the transfer learning phase and the localization and classification phase. 

This framework is aimed at maximizing the opportunity of deep learning methodologies to 

improve the efficiency of plant disease diagnosis. The first module, known as dataset 

preparation, entails the careful collection of images that con- stitute the plant disease image 

dataset which contains images from different countries to enhance universal usage. With 

over 125,000 images of plant leaves belonging to 10 different plant species and 37 health 

and disease groups, this dataset comprises images of plant leaves. Test set: It consists of 

images for model testing and has hidden images to determine its accuracy. Examples of the 

dataset are shown in Figure 1 to reveal the range of plant diseases and variability of the 

image conditions that are major difficulties in the detection of plant diseases. 

Fig. 1. Samples of the Dataset 

4. RESULTS 

The findings of this study confirm the usability of the deep learning models utilized for plant 

disease identification and classification. These statewide performance metrics are provided 

for each model, to fully evaluate their capacity and capability: For Tiny VGG, its accuracy 

is determined to be 3.78%, F1 Score of 0.0075, precision of 0.0048, and recall of 0.0378. 

Tiny VGG failed and even in this simple structure, it was evident that its concept does not 

have the adequate capability to extract every detail in the datasets.  

TABLE I: Performance Metrics of Classification Models 
Model Accuracy F1 Score Precision Recall 

Tiny VGG 0.038 0.008 0.005 0.038 

EfficientNet-B0 0.970 0.970 0.970 0.970 

Inception V3 0.810 0.817 0.866 0.810 

However, on the same platform, the EfficientNet-B0 model presented a better performance, 

the accuracy was 96.98%, the F1 Score was 0.9697, the precision was 0.9699, and the recall 

of 0.9698. They said that this model shows that it can generalize well across different plants 

and different classes of diseases. High accuracy and equilibrium F1 Score demonstrating the 

stability of the model’s performance and the ability to measure the difference in the 

similarity of healthy and diseased leaves. Lastly, using the Inception V3 we got an accuracy 

of 80.97%, an F1 Score of 0.8165, a precision of 0.8656, and a recall of 0.8097.. Table I. 
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The confusion matrices give information on the classification capabilities of the models and 

reveal how cleanly the models can separate one disease from the others. 

5. CONCLUSION 

The present work can provide a proof of concept of deep learning models for the 

identification and diagnosis of plant diseases, making use of a dataset that includes more 

than 125,000 images involving 10 plant species and 37 diseases. Comparing the Tiny VGG, 

EfficientNet-B0, and Inception V3 models, we found meaningful disparities concerning per- 

formance indicators such as accuracy, F1 Score, precision, and recall. Tiny VGG also had 

negligible ability to classify plant diseases appropriately with a maximum accuracy of 

3.78%; The second-best performer was EfficientNet-B0 with a total accuracy of 96.98% and 

good precision and recall. This implies that EfficientNet-B0 is quite robust in general- izing 

across several plant species and categories of diseases, which makes it ideal for use in 

deployment in agricultural applications.  
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Abstract.  

Diabetes mellitus is a chronic metabolic disorder with an increasing global prevalence, 

necessitating improved diagnostic tools for early detection and management. This study 

investigates the application of six binary feature selection al- gorithms combined with 

various machine learning classifiers to predict diabetes in Pima Indian female patients over 

21 years old, using health indicators such as glucose levels, BMI, and age. The research 

systematically compares binary Waterwheel Plant Algorithm (bWWPA), binary Particle 

Swarm Optimization (bPSO), binary Whale Algorithm Optimization (bWAO), binary Grey 

Wolf Optimization (bGWO), binary Firefly Algorithm (bFA), and binary Genetic Algorithm 

(bGA) for optimal feature selection. Subsequently, Random Forest, K-Nearest Neighbors, 

Decision Tree, and Logistic Regression classifiers were evaluated for diabetes classification 

performance. The binary Waterwheel Plant Algorithm demonstrated superior feature 

selection capa- bilities with the lowest average error rate of 0.44554 and highest best fitness 

score of 0.41054. Among the machine learning models, Random Forest achieved the highest 

overall performance with 95.66% accuracy, 94.11% sensitivity, 96.82% specificity, and 

94.89% F1-score. The results confirm glucose levels, BMI, and age as the most significant 

predictors for diabetes diagnosis in this population.  

Keywords. Diabetes Prediction, Feature Selection, Machine Learning, Random Forest, 

Pima Indian Dataset, Health Indica- tors. 
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1. INTRODUCTION 

Traditional diagnostic tools such as fasting plasma glucose, oral glucose tolerance tests, and 

HbA1c remain essential but capture only a limited picture of disease risk, often neglecting 

socio-demographic and lifestyle factors. ML mod- els have achieved notable predictive 

success, with ensemble methods such as random forests and gradient boosting often 

attaining AUC scores above 0.85. Nonetheless, the inclusion of redundant or irrelevant 

features threatens interpretability and risks overfitting, necessitating effective feature 

selection frameworks that balance parsimony and predictive perfor- mance [1] [2]. 

In this study, six bio-inspired binary optimization algo- rithms are investigated as feature 

selection mechanisms: Bi- nary Waterwheel Plant Algorithm (bWWPA), Binary Particle 

Swarm Optimization (bPSO), Binary Whale Optimization Al- gorithm (bWOA), Binary 

Grey Wolf Optimization (bGWO), Binary Firefly Algorithm (bFA), and Binary Genetic 

Algo- rithm (bGA). These algorithms, inspired by natural, physical, and sociobehavioral 

systems, provide population-based search strategies capable of addressing combinatorial 

explosion and avoiding local optima [3]. Their selected feature subsets are evaluated using 

four interpretable classifiers—Random For- est (RF), K-Nearest Neighbors (KNN), 

Decision Tree (DT), and Logistic Regression (LR)—with performance measured through 

stratified k-fold cross-validation using accuracy, AUC, precision, recall, F1-score, and 

Matthews correlation coeffi- cient (MCC) [4]. Additionally, Shapley Additive Explanations 

(SHAP) are applied to interpret the contribution of individual features, with plasma glucose 

and BMI expected as dominant predictors, while other factors such as skin-fold thickness 

may also yield valuable clinical insights [5]. 

2. LITERATURE REVIEW 

Diabetes is a growing epidemic with severe consequences for patients and healthcare 

systems, particularly in Taiwan where prevalence continues to rise [6]. A study on 15,000 

outpatients in Taipei tested several ML models, showing that the two-class boosted decision 

tree achieved the best predictive value with an AUC of 0.991. Diabetes mellitus causes 

hyperglycemia due to insulin dys- function, leading to complications if uncontrolled [7]. 

Early diagnosis is vital, yet current computational models require im- provement. Studies 

combining datasets such as PIMA Indian and Medical City Hospital applied feature selection 

(Spearman correlation), missing value handling (Polynomial Regression), and classifiers 

(RF, SVM, DNN). Results indicated that a twice-growth deep neural network achieved 

superior precision and accuracy. Diabetic retinopathy (DR), a common compli- cation, can 

cause blindness; recent deep learning systems like DeepDR showed high performance in 

lesion detection and DR grading [8], with AUC values above 0.94. DeepDR-LLM further 

integrated language models and imaging tools to assist primary care physicians, improving 

diagnostic efficiency and patient self-care [9]. 

3. DISCUSSION AND RESULTS 

A. Dataset 

The data used in this study are derived from the National Institute of Diabetes and Digestive 

and Kidney Diseases specifically diagnosing indicator for diabetes among the pa- tients. The 

data in particular refers to female patients only over 21 years of age with Pima Indian 

ancestry. Included in the dataset is several health metrics that act as predictors for diabetes 
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presence. Box plots of each of the health measures in the diabetes prediction dataset are 

shown in Figure 1. These box plots show max, min, second quartile, and first quartile of 

each feature to compare the differences between diabetic and non-diabetic instances. For 

example, glucose levels, BMI and age have higher median and upper quartile among 

diabetics thereby stressing their importance in diabetes prediction. This plot gives the first 

impression of the main contributing factors of diabetes by just observing for extreme values 

and scattering of the points. 

Fig. 1. Box Plots of Key Health Indicators for Diabetes Prediction Dataset 

B. Feature Selection Results 

The effectiveness of six feature selection techniques namely bWWPA, bPSO, bWAO, 

bGWO, bFA and bGA is depicted in Table I. Since the performance depends on various 

factors, performance is evaluated in terms of average error, size of the select, and the fitness 

values. For instance, the supports of bWWPA were the lowest average of error and the 

highest best fitness, pointing out that bWWPA has the best performance in selecting 

important features among all the examined models. Lower error rates and high fitness values 

suggest that each of the methods utilized is capable of selecting only the most relevant 

features for diabetes prediction. 

C. Machine Learning Results 

Fig. 2. Stacked Histogram of Diabetes Prediction Model Performance Metrics 

The results of different machine learning classifiers, such as Random Forest, KNN, Decision 

Tree, and Logistic Regression. All predictor models’ evaluations of accuracy, sensitivity, 

specificity and others are given, while the Random Forest Classifier showed the highest 

accuracy and specificity of all the models tested. Figure 2 presents a stacked histogram 

detailing the distri- bution of key evaluation metrics for a Diabetes Prediction model 

leveraging machine learning on health indicators. The graph juxtaposes the frequency of 
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different metric scores, providing a visual comparison of the model’s effectiveness. 

Precision (PPV), representing the proportion of correctly predicted positive cases among all 

predicted positive cases, exhibits the highest frequency, peaking at a specific metric value. 

The distribution of Precision shows frequency of metric at 120.  

4. CONCLUSION 

This study demonstrates the strong potential of machine learning models, particularly when 

combined with effective feature selection, in improving the diagnosis of diabetes among 

Pima Indian women. The findings underscore the importance of combining robust feature 

selection techniques with strong classifiers to address complex diagnostic challenges. Such 

systems can provide healthcare practitioners with valuable decision-support tools for 

identifying high-risk individuals earlier, enabling timely intervention and better allocation 

of resources. While this research focused on the Pima Indian cohort, the methodologi- cal 

framework holds promise for broader application across diverse populations and healthcare 

settings.  
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Abstract.  

Metaheuristic algorithms have become potent and flexible in solving complex problems in 

various contexts, including load forecasting, power outage minimization, energy dispatch, 

and cybersecurity. This paper conducts a literature review of the research currently being 

conducted in metaheuristic optimization techniques for addressing creative grid systems, 

trends in hybridization, algorithm performance, real-time flex- ibility, and their application 

fields. The review establishes the boundaries and validates the authority of the most 

commonly used methods, including PSO, GA, ACO, and GWO, as well as the currently 

used hybrid and AI-combined methods. Although successful, their flaws are found in 

scalability, real-world usage, benchmarking consistency, and integration with cybersecurity. 

It also highlights some of the recent research trends in the field, including agent-based 

optimization, sustainability-conscious goals, explainability, and the interactions between 

metaheuristics, machine learning, and edge computing.  

Keywords. Metaheuristic Optimization, Smart Grid, Load Forecasting, Energy 

Management, Cyber-Physical Systems 

1. INTRODUCTION 

The historical approach to electrical power generation and distribution considered and 

modelled traditional power systems with linear energy flow in mind, where electricity was 

generated in centralized power plants and then flowed hierarchically directly to end 
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consumers. These legacy systems, which have been highly effective over the past few 

decades, are now viewed as insufficient and unable to meet the emerging grid requirements, 

such as the realization of two-way power flow, distributed gener- ation, close-grained real-

time monitoring, and distribution- based control strategies. Such a radical shift as the smart 

grid has turned out to be quite promising in addressing these limitations. Smart grids serve 

as an enabling infrastructure for a broad array of functionalities, not only facilitating the 

seamless integration of renewable energy sources such as solar and wind but also supporting 

advanced mechanisms for demand-side management (DSM), coordinated control of electric 

vehicle (EV) charging, and implementation of dynamic and time-sensitive pricing models 

[1].  

The augmented complications and inadequacies of more conven- tional optimization 

methods have prompted a significant rise in interest among the research community in 

studying and creating metaheuristic optimization methods. These algorithms are inspired by 

natural and biological mechanisms, such as evolution, swarm behavior, and animal hunting 

strategies, and provide a strategic tradeoff between global exploration (search) and local 

refinement (exploitation). Together with the fact that they are used in the acting process with 

solutions of gigantic, high-dimensional, and non-congruent spaces add to the fact that only 

minimal structural assumptions about the region of the problem studied are made in their 

use and application [2]. This natural flexibility and scalability has facilitated their successful 

implementation in a wide scope of novel grid applications including (but not limited to) 

optimal power flow (OPF), unit commitment (UC), scheduling of energy storage systems, 

integration of renewable energy sources, and resilience of cyberspace physical systems 

enhancement using metaheuristic algorithms [3]. 

2. LITERATURE REVIEW 

The marked uptake of renewable energy sources, the rapid growth of electric vehicles (EVs), 

and the accelerated devel- opment and decentralization of distributed energy resources 

(DERs) have all contributed to changing the very paradigm of how traditional electrical 

power systems operate. The new improvements have necessitated excessive complexity and 

dynamism in the activities of the grids, thereby rendering the legacy infrastructure and 

conventional methods of handling the grids ineffective in meeting the demands of present-

day power systems [4]. On this note, smart grids are not only now an enabling infrastructure, 

i.e., a sophisticated mix of electrical and information technologies, but also a multi-layered 

and multi-functional platform to monitor, control, and optimize grid performance. Even 

though these developments are very encouraging, associated computational and algorithmic 

issues are enormous due to the characteristic features of smart grid problems (i.e., high 

degree of nonlinearity, large-scale uncer- tainty, and the problems are often large-scale and 

multidimen- sional) [5]. In the complexity and uncertainty of such a high level, traditional 

deterministic optimization methods, which usually assume some form of convexity, 

continuity, or gradient, have not performed well. This has resulted in one of the most critical 

areas in smart grid research circles, such as the appli- cations of metaheuristic algorithms, 

gaining significant popu- larity. Such algorithms have shown high potential due to their 

robustness, flexibility, and intrinsic ability to address NP-hard optimization problems with 

a wide range of applications in the smart grid [6], [7]. Metaheuristics, including well-

established approaches such as Particle Swarm Optimization (PSO), Ge- netic Algorithms 

(GA), Ant Colony Optimization (ACO), Grey Wolf Optimizer (GWO), and Harmony Search 
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(HS), have showcased notable efficacy in addressing a wide range of op- timization 

problems within smart grids. These include, among others, duties related to energy 

management, fault detection, load prediction, and demand response. The fundamental power 

of these algorithms lies in their ability to easily search and exploit complex, multimodal, and 

high-dimensional solution spaces using biologically and naturally motivated algorithms of 

attraction, swarming, evolution, and foraging. For example, Hafeez et al. [8] proposed an 

improved version of the PSO algorithm tailored for optimal residential load scheduling. 

Their enhancement addressed critical issues, such as premature convergence and the trade-

off between global exploration and local exploitation, and their results demonstrated 

superior performance when benchmarked against standard PSO, GA, and Wind-Driven 

Optimization (WDO). Similarly, many researchers introduced a novel hybrid algorithm that 

combined Differential Evolution with Earthworm Optimization. Their strategy became a 

source of significant savings in terms of energy cost and the peak-to-average ratio of load, 

providing. One area where metaheuristics have played a particularly prominent and 

transformative role is in smart home energy management systems (HEMS). These systems 

are designed to manage and coordinate household appliances, distributed generation sources 

(e.g., rooftop solar panels), and energy storage devices, particularly under real-time pricing 

schemes and demand response signals [4-8].  

3. DISCUSSION 

The reviewed literature clearly establishes metaheuristics as a central computational tool in 

addressing complex op- timization challenges in modern smart grids. These algo- rithms—

ranging from GA, PSO, and GWO to hybridized and AI-integrated versions—have 

demonstrated their effectiveness in diverse applications, including load forecasting, 

distributed generation, and cybersecurity. Their ability to manage nonlin- earities, multi-

objective formulations, and real-time constraints positions them as highly adaptable 

solutions. Notably, the re- search community is increasingly emphasizing hybridization, 

where combining complementary techniques or coupling with neural networks helps 

overcome weaknesses such as premature convergence or limited exploitation. This 

trajectory reflects a maturation of the field and signals a shift toward adaptable, problem-

specific solutions rather than a reliance on universal, standalone algorithms. 

At the same time, the literature highlights critical method- ological and practical gaps. Chief 

among them is the overre- liance on simulation-based validation, often using simplified 

IEEE bus systems that fail to capture the complexities of the real world. This creates 

uncertainty about the generalizability and robustness of proposed models. Moreover, the 

absence of standardized evaluation frameworks hampers fair benchmark- ing of algorithmic 

performance, as different studies employ varying performance metrics and assumptions. The 

lack of reproducible testbeds and unified criteria hinders cumulative progress and makes 

meaningful comparisons challenging. Addressing these limitations through open-source 

datasets, standardized protocols, and collaborative benchmarking in- frastructures is 

essential to move research from theoretical demonstration to field-ready deployment. 

4. CONCLUSION 

This review presents a thorough analysis of the application of metaheuristic optimization 

methods in the design and oper- ation of smart grids. With the growing decentralization, 

data intensity, and dynamicity of modern power systems, adaptive, robust, and scalable 
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optimization tools have become central. Metaheuristics — including Genetic Algorithms 

(GA), Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), Grey Wolf 

Optimizer (GWO), and numerous hybridized vari- ants — have emerged as highly effective 

candidates for solv- ing complex, nonlinear, and multi-objective problems across various 

smart grid domains. The literature highlights several key limitations: limited real-world 

deployment, a lack of standard- ized benchmarking, underdeveloped uncertainty modeling, 

and insufficient emphasis on real-time performance and cyber- physical resilience. Many 

promising algorithms have been val- idated only in simulation using simplified test systems, 

raising concerns about scalability and practical integration into utility- level operations. To 

move the field forward, future research should prioritize the development of real-time, 

interpretable, and secure optimization frameworks. Efforts should be made to test algorithms 

on large-scale and realistic datasets, incorporate probabilistic modeling for renewable 

uncertainty, and ensure resilience against adversarial disruptions.  
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Abstract.  

In this study, we present BER-CNN, a novel deep learning framework optimized through 

bio-inspired evolutionary refinement for automated TB detection. The model was trained 

and evaluated on a curated dataset of 928 sputum smear images containing 3,734 annotated 

bacilli. Comprehensive benchmark- ing against four optimization-driven CNN models—

GWO-CNN, PSO-CNN, WOA-CNN, and GA-CNN—demonstrates that BER- CNN 

achieves superior performance across all metrics, with an accuracy of 97.22%, sensitivity of 

96.86%, specificity of 97.53%, and F-score of 97.12. Beyond predictive accuracy, BER-

CNN reduces computational cost by converging faster than competing approaches, making 

it practical for large-scale deployment. These results highlight the potential of BER-CNN to 

transform TB diagnostics by providing an accurate, efficient, and scalable solution that 

bridges the gap between advanced machine learning and clinical practice.. 

Keywords. Tuberculosis Detection, Deep Learning, Bio- Inspired Optimization, 

Convolutional Neural Networks (CNNs), Medical Image Analysis 

1. INTRODUCTION 

Tuberculosis (TB), caused by Mycobacterium tuberculosis (Mtb), remains one of the 

world’s deadliest infectious diseases. Despite the availability of effective treatment, TB 

continues to affect millions each year and is responsible for over a million deaths annually. 

Artificial intelligence (AI), particularly deep learning (DL), has revolutionized multiple 

areas of healthcare by enabling the automated analysis of complex biomedical data [1]. DL 

has demonstrated strong performance in radiology, pathology, genomics, and infectious 

disease detection, offering improve- ments in both speed and accuracy compared to human 

experts. In the field of TB diagnostics, DL models have been applied to several modalities, 

including sputum smear microscopy, chest radiography, Raman spectroscopy, and 

metabolomic pro- filing. These approaches have shown the potential to improve diagnostic 

yield, reduce human workload, and provide scal- able solutions for low-resource 

environments. Importantly, DL frameworks have the capacity to integrate heterogeneous 

data sources, enabling multi-modal TB detection strategies that go beyond the limitations of 

single diagnostic techniques [2] [3]. While the promise of deep learning in TB diagnostics 

is well recognized, several research gaps remain. First, many DL approaches are limited to 

small or homogeneous datasets, raising questions about their robustness and generalizability 

in real-world clinical settings. Second, despite reporting high performance, issues of model 

interpretability, reproducibility, and integration into clinical workflows remain 
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underexplored. Third, most studies focus on a single optimization strategy or architecture, 

leaving opportunities for further improvement in accuracy and computational efficiency. 

Finally, there is limited comparative benchmarking of deep learning models optimized with 

bio-inspired algorithms for TB detection, which could re- veal the most effective 

frameworks for real-world deployment [4]. To address these gaps, we develop and evaluate 

a set of deep learning models enhanced by bio-inspired optimization techniques for TB 

detection. Specifically, we benchmark the performance of the following models: Grey Wolf 

Optimizer CNN (GWO-CNN), Particle Swarm Optimizer CNN (PSO- CNN), Whale 

Optimization Algorithm CNN (WOA-CNN), and Genetic Algorithm CNN (GA-CNN). 

Against these base- lines, we introduce our proposed model, BER-CNN, which integrates 

an advanced optimization mechanism to enhance feature selection and classification 

accuracy [5]. 

2. LITERATURE REVIEW 

To address this, one study proposed an auto- mated examination framework using an adapted 

UNet model to localize Mycobacterium tuberculosis (Mtb) and quantify their lipid content 

and dimensions, achieving improved ac- curacy and efficiency compared to manual 

evaluation [6]. Similarly, another group developed a deep learning pipeline for bacterial 

quantification in sputum samples using fluorescence microscopy. Their approach combined 

generative adversarial networks, patch extraction, classification, and regression, re- ducing 

error rates and bypassing the variability of manual counting [7]. Deep learning has also been 

employed as a supportive tool for pathologists, automating the identification of acid-fast 

bacilli in microscopy images, and significantly reducing workload without compromising 

diagnostic accuracy [8]. Alternative modalities have also emerged for rapid and reli- able 

detection. Surface-enhanced Raman spectroscopy (SERS) coupled with deep learning was 

shown to effectively dis- tinguish between sputum samples with or without Mtb, as well as 

classify strains based on site of infection and an- tibiotic resistance profiles, demonstrating 

high accuracy with handheld devices [9]. Metabolic phenotyping through urine analysis 

further demonstrated potential in differentiating TB from nontuberculous mycobacteria 

(NTM), identifying dis- tinct metabolite signatures—particularly involving amino acid 

metabolism—that could be exploited for diagnostic biomarkers [10]. Likewise, bacterial 

volatilome analysis using HS-SPME- GC-MS revealed discriminant volatile organic 

compounds (VOCs) that allow differentiation of Mycobacterial species, highlighting the 

potential for clinically translatable breath- or sputum-based biomarkers [11]. 

3. DATASET DESCRIPTION AND PREPROCESSING 

Tuberculosis (TB) is an infectious disease caused primarily by the bacterium 

Mycobacterium tuberculosis (Mtb). While TB most commonly affects the lungs, it can also 

spread to other organs, leading to extrapulmonary manifestations. A large proportion of TB 

infections remain latent, in which individuals carry the bacteria without showing symptoms. 

However, active TB presents with characteristic symptoms such as a persistent cough 

(sometimes blood-streaked), weight loss, night sweats, and fever. Transmission occurs when 

in- fected individuals expel aerosolized droplets through coughing or sneezing. 

In total, the dataset contains 3,734 annotated bacilli across the 928 images. The annotation 

details are stored in associated XML files, where each file corresponds to an image and 

encodes the bounding box coordinates for all bacilli present. These structured annotations 
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enable supervised training of deep learning models, allowing them to learn both classifi- 

cation (presence/absence of bacilli) and localization (precise position of bacilli) tasks. 

A. Data Preprocessing 

Prior to training, the dataset underwent a series of prepro- cessing steps to ensure 

consistency, reduce noise, and enhance model performance thurh steps like Image 

normalization, Color channel adjustment, Annotation parsing, Data augmentation, Dataset 

splitting. Through these preprocessing steps, the dataset was prepared for the development 

of robust deep learning models capable of accurately detecting and localizing TB bacilli in 

sputum smear images. This structured approach ensured both data quality and consistency, 

laying the foundation for the subsequent training and evaluation stages. 

B. Deep Learning Models 

1) Convolutional Neural Network (CNN): Convolutional Neural Networks (CNNs) form the 

backbone of many com- puter vision tasks, including medical image analysis, due to their 

ability to automatically extract hierarchical features from input images. In the context of 

tuberculosis (TB) detection, CNNs have been employed to process sputum smear images, 

capturing spatial patterns that correspond to the presence of Mycobacterium tuberculosis 

bacilli. Initial experiments with a baseline CNN demonstrated promising results, but the 

perfor- mance was limited by manual tuning of hyperparameters and network design 

choices. 

4. DEEP LEARNING PERFORMANCE RESULTS 

From the results, it is evident that BER-CNN achieved the highest accuracy of 97.22%, 

surpassing all other models by a significant margin. In particular, it recorded an im- 

provement of more than 5% over the weakest baseline (GA- CNN) and approximately 2.5% 

over the strongest competing baseline (GWO-CNN). This superior performance was con- 

sistent across other metrics as well, with BER-CNN reaching a sensitivity of 96.86% and 

specificity of 97.53%, effectively minimizing both false negatives and false positives. The 

posi- tive predictive value (97.37%) and negative predictive value (97.08%) further 

reinforce the robustness of the model in distinguishing between TB-positive and TB-

negative cases.  

To further explore the relationships between the different evaluation metrics, a pairplot of 

the performance results was generated, as illustrated in Figure 1. This visualization shows 

pairwise comparisons of accuracy, sensitivity, specificity, pre- cision (PPV), negative 

predictive value (NPV), and F-score, with regression lines added to highlight correlations. 

The diagonal plots display the distribution of each individual met- ric, while the off-diagonal 

scatter plots with fitted regression lines provide insight into how improvements in one metric 

relate to others. From the pairplot, it is evident that the metrics are strongly and positively 

correlated, particularly between accuracy, sensitivity, and F-score, which reinforces the 

conclusion that models achieving higher accuracy also tend to maintain balanced predictive 

performance across other key criteria. 

This study presented a comparative evaluation of deep learn- ing models enhanced with bio-

inspired optimization strategies for the detection of tuberculosis (TB) from sputum smear 

images. The proposed BER-CNN framework consistently out- performed competing models 

(GWO-CNN, PSO-CNN, WOA- CNN, and GA-CNN) across all evaluation metrics. BER-
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CNN achieved the highest accuracy (97.22%), sensitivity (96.86%), specificity (97.53%), 

and F-score (97.12%), representing a significant improvement over baseline approaches. 

The supe- rior balance between sensitivity and specificity demonstrates BER-CNN’s 

effectiveness in reducing both false negatives and false positives, which is essential in 

medical diagnostics. Fur- thermore, BER-CNN demonstrated lower computational costs, 

achieving faster convergence compared to other optimization- based CNNs. This establishes 

BER-CNN as both an accurate and efficient framework suitable for early TB detection. 

 

Fig. 3. Pairplot of model performance metrics with regression lines, showing relationships 

among accuracy, sensitivity, specificity, PPV, NPV, and F-score. 

 While the results demonstrate the effectiveness of BER- CNN, several avenues for future 

research remain. First, larger and more diverse datasets should be employed to further 

validate the model’s generalizability across different patient populations, imaging devices, 

and clinical settings. Second, explainability and interpretability techniques should be incor- 

porated to make the decision-making process of BER-CNN more transparent to clinicians, 

fostering trust and clinical adoption. Third, integration of multimodal data—such as com- 

bining sputum imaging with radiographic, genomic, or clinical features—could provide 

more comprehensive diagnostic in- sights. Fourth, exploring lightweight architectures and 

model compression methods could make the framework even more suitable for mobile or 

handheld diagnostic devices. Finally, longitudinal studies assessing the impact of deploying 

such models in real-world healthcare systems would provide critical evidence for large-scale 

implementation. 
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5. CONCLUSION  

BER-CNN offers a promising pathway to- ward accurate, efficient, and scalable TB 

diagnostics. With continued refinement, validation, and integration into health- care 

workflows, optimized deep learning models such as BER- CNN have the potential to play a 

transformative role in global TB control efforts. 
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Abstract—This work aims to find the best crop recommen-
dation system where we employ several machine learning algo-
rithms using a dataset containing soil and environmental factors.
Some of the variables in the dataset are Nitrogen; Phosphorus;
Potassium; Temperature; Humidity; pH value; and Rainfall. We
also compare the models, including Logistic Regression, Support
Vector Machine (SVM) classifier, K-Nearest Neighbors (KNN),
Decision Tree, and Extra Trees, to determine the most appropri-
ate crops according to the growing conditions. Random Forest
is used for feature selection to determine which features have
the most influence on the models. According to the evaluation
results of the various models, the best one, Extra Trees, has a test
accuracy of They achieve a test F1 score of and the test precision
is and a test recall of. On the other hand, the other models show
slightly lower accuracy with test accuracy of for both Logistic
Regression and Support Vector Machine models. KNN achieving
The Random forest algorithm was found to be the most accurate
model.

Index Terms—Crop recommendation , machine learning ,
feature engineering , model evaluation , agricultural productivity

I. INTRODUCTION

Crop recommendation is an important focal area in modern
agriculture that is central to the achievement of high yields,
proper utilization of resources, and promotion of sustainable
practices. Considering the crops that are suitable to be grown
on the given type of soil and the environment determines the
overall yield in agriculture and how effectively the resources
are utilized. This study, however, seeks to overcome this
challenge by adopting a broad dataset that comprises factors
like Nitrogen, Phosphorus, Potassium, Temperature, Humidity,
pH Value, and Rainfall. These variables are very essential to
determine the level of fertility of soils as well as determine
the environmental conditions that are conducive to the growth
of various crops.

To get accurate crop recommendations, we perform different
types of Machine Learning Algorithms such as Logistic Re-
gression, SVM, KNN, Decision Trees, and Extra Trees. This
is done to establish the efficiency of the models in identifying
the appropriate crops relevant to specific environments. It
also involves proper data pre-processing methods to increase

the accuracy of the models tested on the dataset. Further,
the result of converting features with StandardScaler, and
encoding with OrdinalEncoder and LabelEncoder guarantees
proper preparation of the data for analysis.

In recent years, optimization and metaheuristic algorithms
have become increasingly relevant in the broader field of
agricultural analytics and computational intelligence [1] [2].
Although not directly implemented in this research, such
methods—like Genetic Algorithms, Particle Swarm Optimiza-
tion, Grey Wolf Optimizer, and Whale Optimization Algo-
rithm—have demonstrated strong capabilities in addressing
complex optimization challenges across agriculture [3]. These
algorithms are inspired by natural phenomena such as evolu-
tion, animal behavior, and swarm intelligence, enabling them
to find optimal or near-optimal solutions where traditional
methods may fail. In the context of crop recommendation,
optimization approaches can be used to fine-tune model pa-
rameters, improve feature selection, and enhance decision-
making by efficiently exploring large solution spaces [4].
Their adaptability and robustness make them valuable for
solving multidimensional agricultural problems, such as yield
maximization, irrigation scheduling, and nutrient optimization,
thereby complementing data-driven and machine learning-
based systems [5].

This research work aims to take advantage of data-driven
methods to achieve accurate crop advisement, thus promoting
improved crop management in agriculture. In the context of
this study, it is planned to enhance the efficiency of resource
utilization, increase crop productivity, and advance sustainable
agricultural practices by incorporating refined machine learn-
ing algorithms and algorithms for data preprocessing. This
paper offers a comprehensive analysis of model performance
and recommendations on the ability of data-driven approaches
to improve agricultural yield and hence the overall welfare of
agricultural businesses and farmers.

II. LITERATURE REVIEW

This literature review synthesizes several related studies that
explain how machine learning models and data preprocessing



approaches have been used in different disciplines. Therefore,
machine learning in crop recommendation systems is vast,
especially in data preprocessing including feature engineering
leading to high accurate Extra Trees model [6]. Further, while
proposing ensemble learning models for sunshine duration
prediction, trials have shown feature selection and optimization
methods such as Grey Wolf and Stochastic Fractal Search for
enhanced performance [7].

For disease diagnosis, various machine learning models
have been used in the medical field especially the convolu-
tional neural networks with an understanding that diagnosis
requires proper feature balancing as well as classifier optimiza-
tion as embraced by [8] in the diagnosis of COVID-19. Recent
literature on class imbalance demonstrates that the traditional
measures of model performance can fall short, especially if
datasets are imbalanced, while the use of measures such as the
Matthews Correlation Coefficient can offer a clearer picture of
a model’s performance and functioning [9].

Decision tree and random forest methods have been found
to fit into the ensemble family of methods used in clinical
research for the prediction of an outcome that exhibits good
performance with small sample sizes. These models are useful
as dependable decision-aiding systems within the healthcare
domain [10]. Moreover, the use of machine learning frame-
works presented in detecting the risk of Autism Spectrum
Disorder using logistic regression analysis and feature analysis
also displays how diagnostic tools can be of assistance in
early detection to cut the costs of high-impact diseases [11].
Recent advancements in machine learning and optimization
techniques have shown significant potential in agricultural
applications, particularly in crop recommendation systems.
Network intrusion detection methods utilizing feature selec-
tion and hybrid metaheuristic optimization [12] demonstrate
the effectiveness of combining traditional machine learning
approaches with modern optimization algorithms. Similarly,
wind power prediction models based on machine learning and
deep learning [13] showcase the versatility of these techniques
across different domains, providing valuable insights into how
predictive models can be adapted for agricultural forecasting.
The integration of image processing and artificial intelligence
for early diagnosis applications [14] further illustrates the
potential for visual-based agricultural monitoring systems,
while optimized ensemble algorithms for parameter prediction
[15] offer robust frameworks that can be applied to crop yield
estimation and recommendation systems.

III. MATERIAL AND METHODS

As Shown in figure 1 The following are the main steps
that have been proposed for the development of a crop recom-
mendation system: First, data collection is conducted on soil
nutrient characteristics – Nitrogen, Phosphorus, and Potassium
levels, environment characteristics – Temperature, Humidity,
pH, Rainfall, and crop characteristics. Missing values are
handled by imputation, and outliers are removed by using
the IQR method; besides, skewed features are transformed
logarithmically, using root functions, and power functions.

Features are then normalized by standardization using the
Standard-Scaler while the categorical data is encoded with
the help of the Ordinal-Encoder and Label-Encoder. Feature
engineering creates new variables like the ratio of Nitrogen,
Potassium, and Phosphorus (NP Ratio, NK Ratio, PK Ratio)
and environmental indices which include temperature humidity
index and rainfall humidity index (Temp Humidity Index,
Rainfall Humidity Index), and mean NPK (NPK Average),
and categorizing the soil ph level. Feature selection is done
using an algorithm called Random Forest in the context
of crop prediction based on the most influential features.
The selected features are then applied to create and develop
machine learning models where amongst them are Logistic
Regression, SVM, KNN, Decision Tree, and Extra Trees. For
each model, the number of correct instances, accuracy, F1
measure, precision, and recall are reported. Extra Trees gave
better results against other models with an accuracy of 98.
86% accuracy and an F1 score of 98. 86%, so it is considered
to be the optimal option for the crop recommendation system.

Fig. 1. Proposed Framework

A. Dataset Description

The dataset adopted for the current research comprises
relevant information on agricultural and environmental factors
that are essential for crop recommendations. Each feature pro-
vides valuable information about soil and climatic conditions
affecting crop growth and yield:

• Nitrogen (N): Estimates the quantity of nitrogen in the
soil, which is an essential nutrient crucial for plant growth
and development.

• Phosphorus (P): Represents the proportion of phospho-
rus in the soil, important for energy transfer and root
formation.



• Potassium (K): Indicates the proportion of potassium,
an essential nutrient responsible for water regulation and
overall plant growth.

• Temperature: The ambient temperature in degrees Cel-
sius around the plant, significantly influencing metabolic
and growth processes.

• Humidity: Represents the percentage of moisture in the
air, affecting plant respiration rates, transpiration rates,
and water availability.

• pH Value: The soil pH, indicating soil acidity or alka-
linity, which significantly affects nutrient solubility and
availability to plants.

• Rainfall: The total rainfall measured in millimeters, de-
termining water availability and significantly influencing
plant hydration and growth.

B. Data Preprocessing

Data preprocessing is the first step in the data science pro-
cess where input data is cleaned, transformed, and formatted
to fit the downstream machine learning processes. This process
makes sure that the data they obtain is valid, reliable, and ready
for model building and assessment. The preprocessing phase
encompasses several critical steps: missing value management,
feature scaling, feature encoding, dealing with skewed data,
and feature creation and feature reduction. Every stage in-
cludes particular procedures and mathematical operations that
are aimed at optimizing the quality of data and boosting the
efficacy of the model.

C. Descriptive Analysis of the Data

The Descriptive Analytics Section is the initial investigation
of the given dataset, utilizing tabular analysis and a set of
visual tools to identify the patterns and connections inherent
in the agricultural data. This section focuses on the rela-
tionship between these core quantitative variables Nitrogen,
Phosphorus, Potassium, Temperature, Humidity, pH Value, and
Rainfall, and presents the correlation matrix with a heatmap to
depict the values involved and their correlation or dependency.
The pair plot further categorizes these relationships by present-
ing scatter plots and histograms that depict interactions and
distributions within various categories. Conversely, the box
plot provides an unobstructed view of the distributional nature
of these variables with focal points on variation and outlier
presence. Thus, using these data visualizations, the section
provides invaluable information to explain the structure and
variability of the data under analysis. They serve as useful
instruments for further analysis of the dataset and potential
decision-making based on it while giving an insight into what
the set consists of. In other words, the Descriptive Analytics
Section provides the big picture for the data and unravels the
patterns that agricultural decision-makers ought to consider in
their decisions.

This is well depicted in the heatmap illustrated in Figure 2
where the agricultural variables include Nitrogen, Phosphorus,
Potassium, Temperature, Humidity, pH Value, and Rainfall.
The heatmap incorporates the use of color where red represents

a high positive correlation, green represents a low correlation,
and blue represents a high negative correlation among other
colors.

Fig. 2. Heatmap depicting correlation among agricultural variables, illustrat-
ing both correlation strength and direction.

In Figure 3, there is a box plot depicting Nitrogen,
Phosphorus, Potassium, Temperature, Hardness, pH Value, and
Rainfall. The plot also indicates the IQR, the median, and the
outliers for each of the variables, which makes it easier to
assess their distribution and variability.

Fig. 3. features a box plot summarizing the distribution and variability of
variables like Nitrogen, Phosphorus, Potassium, Temperature, Hardness, pH
Value, and Rainfall.

These are essential in getting a general feel of the data set
and identifying features and trends that are significant enough
to warrant further analysis.

D. Machine Learning Models

In this research, we use the classification models to intro-
duce the appropriate crop. Classification algorithms such as
Logistic Regression, SV Machine, KNN, Decision Tree, and
Extra Trees are the main tools used to reveal hidden patterns
in the agricultural dataset. To assess the efficiency of each
of the models presented, we use indicators that measure the
effectiveness of a predictive model, including accuracy and



F1, precision, and recall. Such measures make it possible
to evaluate the performance of each classification model in
providing accurate crop recommendations and choosing the
most suitable approach [10].

1) Logistic Regression: Logistic regression was originally
developed for statistical data analysis, where it is used to
determine the relationships between one or more independent
variables and a dependent variable. In predictive problems, the
input dataset generally consists of two possible values for the
dependent variable (target class). The goal is to model the
relationship between the independent variables and the target
class using a logic function based on probabilities. Further
details on classification using multinomial logistic regression
are available in [11-12].

2) Support Vector Machine (SVM): SVM is one of the
most flexible models since it can be used for classifica-
tion, regression, and outliers [13-14]. They are beneficial for
classification tasks, especially for large datasets. The SVM
classification technique operates by mapping the features that
are not linearly separable into a higher dimensional space
using a kernel function to fit a hyperplane into the classes.
This is made possible by the kernel trick where kernels such
as the linear, polynomial, or Gaussian RBF are used and
the added features’ computational complexity is reduced. The
distance between classes is defined by specific instances in
the dataset called support vectors while the kernel parameters
define the margin as well as the acceptable margin violations.
Like other classifiers, even if SVM was originally designed
for binary classification, it is possible to use it for multinomial
classification tasks as well.

n∑
i=1

αiyiK(xi, x) + b (1)

where K(xi, x) is the kernel function, αi and yi are the
Lagrange multipliers, and b is a bias term.

3) K-Nearest Neighbors (KNN): The approach described
in the current work employs a wrapper approach for feature
selection, where the K-nearest neighbor or the KNN classifier
is a monitored learning formula [15]. In KNN, every example
is classified into a particular class label depending on the
classification done by most of its K-neighbors. In the case of
KNN, to decide on the class of the unknown circumstances,
it is necessary to use training circumstances rather than the
structure versions. KNN is employed for categorization prob-
lems to evaluate the quality of the chosen part of functions.
The Euclidean range (EucD) between functions of the train-
ing information and features of the screening information is
computed to determine the nearest K next-door neighbors.

4) Decision Tree: Speaking of its nature, a Decision Tree
(DT) is a tree-like model of decision making, where the leaves
are associated with the outcome labels and the branches are
associated with sets of input features leading to these or those
outcomes [16].

As in the binary decision tree, the data (the parent node) is
split into two subgroups, each called a child node, by selecting

the feature with the highest split criterion. The two obtained
subsets become new parent nodes again, which are divided
into two child nodes each in turn. This process of splitting
cases into two categories continues until all the observations
have been grouped. The algorithm is nonparametric; it does
not need to assume any distributional form of the predictor or
the target variable.

5) Extra Trees: Extra-Trees is a classifier of agricultural
data and is a random decision tree of one or more random trees
designed for each subset of the data [17-18]. This technique
aids in preventing overfitting and enhances predictability by
averaging the findings. Shown below are some of the agricul-
tural applications of the ExtraTree classifier; predicting crop
yields, and determining the health of the soil.

E. Performance Metrics

Performance indicators are crucial for evaluating the effec-
tiveness of machine learning models and algorithms. These
metrics provide quantitative assessments of how well a model
performs its intended task [19]. Key measures include accu-
racy, precision, recall, and the F1 score. Accuracy indicates
the overall correctness of the model, while precision and recall
assess the classifier’s effectiveness in identifying relevant in-
stances. The F1 score balances precision and recall to provide
a single metric that reflects their combined performance.
Understanding these metrics is essential for assessing model
performance and guiding improvements in predictive accuracy.

TABLE I
CRITERIA FOR EVALUATING CLASSIFICATION RESULTS

Metric Formula

Accuracy
TP + TN

TP + TN + FP + FN

Precision
TP

TP + FP

Recall
TP

TP + FN

F1 Score 2×
Precision × Recall
Precision + Recall

IV. EXPERIMENTAL RESULTS

This section discusses the performance gained by the pro-
posed crop recommendation system using different machine
learning models and the data preprocessing steps used to
enhance the outcome.

A. Model Performance

Among the five machine learning models tested for crop
recommendation—Logistic Regression, Support Vector Ma-
chine (SVM), K-Nearest Neighbors (KNN), Decision Tree,
and Extra Trees models—the performance was evaluated
based on accuracy, F1 score, precision, and recall. The Extra
Trees model exhibited the highest performance, achieving
an accuracy of 0.9886, an F1 score of 0.9886, precision of
0.9892, and recall of 0.9886. Other models, such as Logistic
Regression, SVM, KNN, and Decision Tree, also demonstrated



good performance with slightly lower accuracy and F1 scores.
Detailed model performance is provided in Table II:

TABLE II
CRITERIA FOR MODEL PERFORMANCE

Metric Logistic Regression SVM KNN Decision Tree Extra Trees
Accuracy 0.979 0.979 0.984 0.981 0.988
F1 Score 0.979 0.979 0.984 0.981 0.988
Precision 0.981 0.981 0.984 0.982 0.989
Recall 0.979 0.980 0.984 0.981 0.988

V. CONCLUSION

The results of this study revealed the machine learning
models’ success in reconsidering crop recommendations using
detailed data obtained from soil and environment. This pro-
posed the application of data preprocessing methods such as
improve the performance of the models. As a result, the model
called Extra Trees has been chosen as the most accurate with
the highest values of accuracy, F1, precision, and recall.

The results support the hypothesis that there is a need
to apply several data preprocessing stages, as well as select
the most relevant features for improving the performance
of machine learning models in agriculture. The confusion
matrices as the continuation of the visualizations also helped
in understanding the strengths and weaknesses of the models
for classification.

Finally, this research shows the possibilities of combining
data analysis to advance agricultural practices and make prac-
tical crop suggestions to increase yield rates, efficiency, and
sustainability. The enhancement of featured data by utilizing
other data types, such as weather data or remote sensing
imagery, could be addressed in the next steps of research to
improve the proposed analytics and adapt them for practical
use in the agricultural environment.
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Abstract.  

This work presents a structured synthesis of three major research domains: (1) detection and 

classification, encompassing convolutional neural networks (CNNs), transformer-based 

architectures, capsule net- works, transfer learning, feature selection, ensemble methods, and 

explainability tools applied to lesion images for accurate diagnosis; (2) genomics, 

prediction, and reviews, covering time series modeling of viral genome mutations using long 

short- term memory (LSTM) networks, phylogenetic analysis, mutation hotspot 

identification, and critical reviews of AI-based diagnostic methods and metaheuristic 

optimization strategies; and (3) in- tervention support, focusing on outbreak forecasting, 

gradient boosting risk models, and non-stationary LSTM frameworks for scenario planning 

and resource allocation. Across categories, recurring challenges include limited and 

imbalanced datasets, inconsistent reporting, and the gap between algorithmic accuracy and 

clinical or operational integration. This synthesis high- lights methodological trends, 

identifies limitations, and outlines research priorities: developing multicenter datasets, 

leveraging multimodal integration of phenotype and genotype, adopting federated and semi-

supervised learning to address data scarcity, and coupling predictive models with operational 

feasibility assess- ments.  
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1. INTRODUCTION 

Diagnostic capacity sits at the center of outbreak man- agement, and conventional 

workflows have relied heavily on polymerase chain reaction (PCR) assays, which remain 

the gold standard for mpox confirmation due to their high sensitivity and specificity. 

Nonetheless, PCR-based testing re- quires specialized laboratory infrastructure, trained 

personnel, and stable supply chains for reagents and equipment. These requirements limit 

accessibility, particularly in low-resource regions, and introduce time lags in the diagnostic 

cycle owing to sample transportation and processing delays. During fast- moving outbreaks, 

such bottlenecks can delay case confir- mation, thereby reducing the effectiveness of 

isolation and contact-tracing measures. In this context, artificial intelligence (AI) and 

machine learning (ML) techniques are increasingly being recognized as complementary 

diagnostic tools. By lever- aging lesion imagery and patient data, these systems can support 

rapid triage and preliminary classification, helping to prioritize cases for confirmatory 

testing and resource allocation [1]. 

Deep learning models have become the cornerstone of AI- based mpox detection, with 

convolutional neural networks (CNNs) demonstrating significant success in capturing hier- 

archical features of skin lesions. CNNs excel at recognizing fine-grained textural details 

alongside broader morphological structures, enabling them to distinguish mpox from 

visually similar conditions such as chickenpox, measles, and bacterial skin infections [2]. 

More recently, transformer-based models have been integrated into computer vision 

pipelines, adding the ability to capture long-range dependencies and global spatial context 

through self-attention mechanisms. Hybrid CNN–transformer frameworks have shown 

particular promise in enhancing diagnostic accuracy in ambiguous cases, where local lesion 

features alone may be insufficient for accurate classification [3]. These architectural 

advances have been reinforced by the use of metaheuristic optimization algo- rithms, which 

systematically fine-tune hyperparameters, im- prove model convergence, and enhance 

robustness in data- limited scenarios [4-5]. 

2. LITERATURE REVIEW 

Architectural innovation has extended beyond CNNs into hybrid and novel designs. CNN–

transformer hybrids exploit convolutional layers for local texture recognition while applying 

vision transformer (ViT) modules for long-range contextual relationships. This global-aware 

perspective is further enhanced in specialized frameworks such as the RS-FME-SwinT, 

which integrates Swin Transformer modules with residual and spatial convolutions to 

capture both lesion fine details and broader spatial dependencies. Attention-enhanced CNNs, 

as described in [6], similarly direct the model’s focus toward diagnostically relevant regions, 

mitigating confounding back- ground features. Hybrid pipelines that combine multiple CNN 

backbones such as ResNet50V2, NASNetMobile, and InceptionV3 with Minimum 

Redundancy Maximum Relevance (mRMR) filtering demonstrate the effectiveness of 

pruning redundant attributes, reducing dimensionality, and improving inference time. These 

methods ensure high classification accuracy while maintaining feasibility for field-

deployable systems. More broadly, reviews such as [7] consolidate the role of optimization 

in skin lesion analysis, highlighting transferable strategies for mpox detection. 

A significant theme across the literature is the challenge of limited, imbalanced datasets. 

Augmentation techniques, including rotation, scaling, and illumination adjustment, have 
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been widely applied, while generative adversarial networks (GANs) and variational 

autoencoders (VAEs) have been adopted to synthesize realistic lesion images. These 

strategies help balance underrepresented lesion classes and expand data diversity, though 

they require clinical validation to ensure realism. For example, [8] explores feature fusion 

frameworks combining multiple network layers to enhance generalization, while introduces 

a 3D DenseUNet with CKHA segmentation for volumetric lesion analysis, allowing precise 

boundary delineation. Comparative benchmarking studies [5-8] systematically evaluate 

CNNs, transformers, and hybrid models under standardized conditions, providing critical 

insights into performance trade-offs across architectures. 

3. DISCUSSION 

The works summarized in the methodology table reflect the breadth and maturity of current 

research efforts aimed at improving the detection, characterization, and management of 

mpox. Within the detection and classification category, there has been a notable progression 

from early convolutional neural network models toward more complex architectures that 

blend multiple paradigms, such as CNN–transformer hybrids, Siamese networks, and 

capsule-based frameworks. These architectures address specific limitations inherent to 

traditional CNNs such as the loss of spatial hierarchies or the inability to capture long-range 

dependencies while leveraging strengths such as hierarchical feature extraction and 

robustness to noise. Techniques such as minimum redundancy maximum relevance 

(MRMR) allow for the consolidation of deep features extracted from diverse backbones into 

a compact and highly discriminative feature set. This has been shown to reduce 

computational overhead and improve inference speed, which is critical for deployment in 

resource-constrained settings. Similarly, the application of metaheuristic algorithms for 

hyperparameter tuning enables more effective exploration of the parameter spce, often 

outperforming manual or grid search methods in balancing training speed, accuracy, and 

generalization performance. These strategies align with a broader trend in AI for healthcare 

toward optimizing not only raw predictive performance but also operational feasibility, 

ensuring that models can be deployed across a wide range of clinical environments. 

However, this introduces an additional requirement for rigorous validation to ensure that 

augmented samples preserve clinically relevant lesion characteristics and do not 

inadvertently mislead the model. Interpretability remains a critical concern for the adoption 

of AI-driven mpox detection systems in real-world clinical practice. The integration of 

explanation mechanisms such as Grad-CAM heatmaps or textual justifications has been 

shown to improve clinician trust and facilitate the integration of AI outputs into decision-

making processes. In summary, the works reviewed demonstrate substantial progress in each 

of the three main research areas while also revealing opportunities for greater integration 

and operationalization. The next generation of mpox research will likely be characterized by 

hybrid platforms that combine lesion detection, genomic surveillance, and forecasting into 

unified decision-support systems. Such systems, if designed with adaptability, 

interpretability, and equity at their core, have the potential to transform the management of 

mpox from reactive outbreak control to proactive, globally coordinated prevention. 

4. CONCLUSION 

The synthesis of recent contributions to mpox research reveals a maturing and increasingly 

interdisciplinary field, where advances in artificial intelligence, optimization, and data inte 

gration are being strategically harnessed to address complex diagnostic, genomic, and 
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epidemiological challenges. On the diagnostic front, innovative deep learning 

architectures—from Siamese and capsule networks to CNN–transformer hy- brids—

demonstrate the capacity to achieve high accuracy under conditions of limited data 

availability, especially when supported by transfer learning, targeted augmentation, and 

attention-based interpretability tools. These methods not only enhance lesion-level 

classification but also facilitate clinically relevant subclassification and multimodal 

integration with symptom and epidemiological data, thereby bridging the gap between 

computational outputs and practical clinical decision- making. In the genomic and 

evolutionary sphere, time series modeling of viral sequences, large-scale phylogenetic map- 

ping, and mutation hotspot analysis have provided valuable insights into mpox clade 

diversification, geographic dissemination, and potential shifts in transmissibility or 

virulence. Such findings are critical for anticipating the need for diagnostic assay updates, 

refining vaccine formulations, and informing cross-border public health strategies. 

Complementary review studies continue to consolidate emerging best practices, while 

emphasizing the urgency of addressing persistent challenges such as data scarcity, uneven 

sequencing capacity, and the absence of standardized benchmark datasets.  
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Abstract.  

This study reviews methodologies spanning three major categories: detection, hybrid and 

quarantine, and resilience against ad- versarial threats. Detection-oriented systems 

demonstrate the capacity of classical and deep learning models to classify ma- licious 

activity across domains such as Android, Windows, and cloud infrastructures. Hybrid 

approaches extend these efforts by integrating static and dynamic analysis, anomaly and 

misuse detection, and diverse feature sets, ensuring both accuracy and operational safety 

through containment mechanisms. Resilience- focused research advances this paradigm 

further by addressing adversarial evasion and emphasizing adaptability, scalability, and 

continuity of protection. Collectively, these categories re- veal a trajectory from narrow 

classification accuracy toward holistic defense ecosystems capable of anticipating, 

mitigating, and recovering from threats. Despite advances, challenges re- main in 

interpretability, resource efficiency, and robustness to adversarial manipulation. Addressing 

these gaps will require lightweight architectures, explainable models, and collaborative 

defense frameworks.  
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1. INTRODUCTION 

Traditional detection techniques based on static signatures or simple heuristics are 

insufficient, as modern malware variants rapidly adapt their signatures and behavioral 

patterns. These algorithms, in- spired by natural and evolutionary processes, provide strong 

capabilities in complex search spaces, excelling in feature selection, parameter tuning, and 

ensemble optimization [1]. In malware detection, feature selection plays a vital role by 

isolating discriminative attributes, reducing computational costs, and mitigating the curse of 

dimensionality [2]. The urgency of robust malware detection is intensified in IoT- enabled 

systems such as smart manufacturing, healthcare, and maritime transport. While IoT 

improves efficiency, it also increases vulnerability. Research demonstrates that quantum- 

inspired optimization, combined with neural networks, can achieve high accuracy and detect 

both known threats and zero- day exploits. Similarly, the Android ecosystem remains a sig- 

nificant target for malware due to its open architecture and vast user base. Hybrid 

metaheuristic approaches—combining Parti- cle Swarm Optimization (PSO), Genetic 

Algorithms (GA), and Ant Colony Optimization (ACO)—improve feature selection and, 

when integrated with ensemble models, enhance detection accuracy and scalability [3].  

Metaheuristics have also proven effective in packet-level analysis for general-purpose 

malicious traffic detection, striking a balance between accuracy and real- time efficiency. 

Bio-inspired methods, such as Harris Hawks Optimization (HHO), mimic cooperative 

hunting strategies to escape local optima and enhance the robustness of classifiers. Similarly, 

Cuckoo Search efficiently selects optimal feature subsets, especially when combined with 

rough set theory [4] [5]. Systems that utilize ensembles are another development, leveraging 

a combination of classifiers optimized through metaheuristics to enhance diversity, 

accuracy, and adaptability to evolving malware strains.  

2. LITERATURE REVIEW 

The methodological landscape of malware detection research has undergone a profound 

transformation in the past two decades, evolving from early heuristic-based scanning 

procedures into a highly sophisticated domain that integrates machine learning, deep 

learning, metaheuristics, and hybrid computational strategies. In essence, it maps the 

intellectual and practical contours of the field by systematically cataloging how researchers 

have designed, implemented, and evaluated malware detection mechanisms across diverse 

computational environments and threat models [6]. The Harris Hawks Optimization, are 

employed to prioritize the most discriminative attributes, thereby improving both 

performance and computational efficiency [7]. In contrast, recurrent architectures, such as 

gated recurrent units and long short-term memory networks, have excelled at modeling 

sequential dependencies in program execution traces. These neural approaches achieved 

superior accuracy compared to traditional classifiers, especially when trained on large 

datasets. However, they also introduced challenges: their training required significant 

computational resources, their deployment consumed energy and memory, and their internal 

decision-making processes were opaque to human analysts [8].  

Behavioral systems provide strong resilience against code obfuscation, as the underlying 

malicious intent typically manifests during execution regardless of superficial modifi- 

cations. However, dynamic analysis is resource-intensive and susceptible to evasion 

techniques, such as malware delaying malicious activity until after analysis is complete. 
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Despite these challenges, behavioral detection remains a critical tool in identifying 

sophisticated threats. [9] The Android ecosystem became a focal point for many detection 

methodologies. As the most widely used mobile operating system, Android has attracted 

significant attention from malware developers and, consequently, from the research 

community. This dual emphasis on anomaly and misuse detection within distributed 

infrastruc- tures highlighted the adaptability of detection-oriented ap- proaches to diverse 

computing environments. [10] Specialized threats also inspired new directions of detection 

research. For example, cryptojacking malware, which steals computational resources to 

mine cryptocurrency, requires detection algo- rithms to be sensitive to resource usage 

patterns and fine- grained anomalies in system performance.. These examples reveal how 

detection-based methodologies can be customized to new attack vectors without 

compromising the principles on which they are based, namely observation and classification.  

3. DISCUSSION 

The evolution of malware detection highlights a trajectory from isolated classification 

systems to integrated and resilient defense ecosystems. Early detection-oriented approaches, 

cen- tered on classification accuracy, relied on feature engineering and deep learning to 

identify malware across various domains, including Android, Windows, and cloud 

infrastructures. While these systems established the feasibility of reliable detection, their 

focus on accuracy alone exposed limitations in adaptabil- ity, interpretability, and robustness 

against evasive strategies. Hybrid and quarantine-oriented frameworks emerged as a 

response, combining static and dynamic analysis, anomaly and misuse detection, and diverse 

feature sets. These frameworks not only improved accuracy and resilience but also 

introduced containment mechanisms that safeguarded systems even under uncertain 

conditions, thereby bridging the gap between the- oretical performance and real-world 

applicability. The most mature stage of this evolution is characterized by defense strategies 

emphasizing adversarial robustness and resilience. These approaches incorporate adversarial 

training, ensemble models, distributed architectures, and self-healing mechanisms to 

withstand and recover from sophisticated attacks. This shift reframes malware detection 

from a static endpoint to a continuous, adaptive defense cycle. Comparative reflection across 

detection, hybrid, and resilience paradigms highlights three themes: the growing need for 

integration, the progres- sion in scope from recognition to operational response and long-

term resilience, and the critical role of adaptability in countering dynamic threats. Despite 

such developments, issues such as the absence of interpretability in deep models, resource 

limitations in IoT and mobile settings, operational risks of false positives, and adversarial 

machine learning threats remain. Solving these problems will take center stage in the the 

creation of sustainable, trustworthy, and future-proof malware defense mechanisms. 

4. CONCLUSION 

Malware defense has also undergone a shift in perspective, no longer relying solely on 

accurate detection but instead on a more holistic, combined approach to detection, 

containment, and resilience that is mutually reinforcing. Detection-based systems form the 

basis of this approach, as they offer identifi- cation capabilities for malicious patterns. 

Hybrid frameworks build upon this foundation with operational protection and real-world 

deployment plans. Resistance-based designs also incorporate flexibility and resiliency, 

allowing systems to resist adversarial manipulation and maintain continuity. Taken together, 

these techniques signify the evolution of malware study into a holistic approach to security, 
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one that focuses not only on threat identification but also prioritizes operational trust, 

stability, and recovery capabilities. This development underscores the importance of 

malware protection being multi- layered, dynamically adjustable, and scalable, as the tactics 

of attackers continually evolve with new methods. In the future, various challenges will 

persist, including the trade-off between efficiency and robustness, false positives, 

interpretability, and the unique constraints of the IoT and mobile environments. The non-

interpretability of deep learning networks and the increasing prevalence of adversarial 

attacks are further indi- cators of the need for innovation.  
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Abstract.  
Apple scab, caused by the fungal pathogen Venturia inaequalis, poses a significant threat to 

global apple production, leading to considerable yield and economic losses. Early diagnosis 

is essential for effective management; however, conventional identification methods are 

often labor-intensive, error-prone, and unreliable. Recent advancements in deep learning and 

opti- mization algorithms present promising solutions for automated, accurate, and efficient 

disease recognition. In this study, a filtered dataset of 297 apple leaf images—90 healthy 

and 207 scab- infected—was developed. Data preprocessing included handling missing 

values, feature scaling, and augmentation to address class imbalance. Various Convolutional 

Neural Network (CNN) models were trained and optimized using metaheuristic algorithms, 

including the Dipper Throated Optimizer (DTO), Grey Wolf Optimizer (GWO), Particle 
Swarm Optimizer (PSO), Whale Optimization Algorithm (WOA), and Genetic Algorithm 

(GA). Experimental results demonstrated that the proposed DTO- CNN model achieved 

superior performance, with an accuracy of 98.55%, sensitivity of 98.19%, specificity of 

98.86%, and an F-score of 98.45%. The DTO-CNN model also exhibited faster convergence 

and greater stability compared to other optimizers. These outcomes indicate that optimized 

CNN architectures can provide scalable, real-time solutions for early apple disease de- 

tection, supporting precision agriculture through mobile, drone- based, or automated 

farming systems. 

.Keywords. Apple Scab Detection, Convolutional Neural Networks (CNN), Metaheuristic 

Optimization, Precision Agricul- ture, Deep Learning. 

1. INTRODUCTION 

Venturia inaequalis is a fungal pathogen that causes apple scab, considered one of the most 

devastating diseases affecting apple orchards worldwide. It significantly reduces fruit 

production and marketability, as it leaves marks on leaves and fruits, ultimately resulting in 

financial losses for growers. Early detection of apple scab, though important, is difficult. 

The symptoms (dark lesions on leaves or fruit) are usually similar to those of several other 

diseases or abiotic stresses affecting apples, which can easily be confused and therefore 

require manual identification. Moreover, the presence of multiple diseases simultaneously 

may obscure the appearance of scab symptoms, exacerbating the diagnosis and delaying 

effective treatment [1]. CNNs and other optimization-based systems have demonstrated an 

impressive capacity to automatically detect detailed features directly off unprocessed leaf 

images with minimal image pre-processing required to achieve this feat of extraction [2]. 

Deep model optimization methods, including transfer learning and fine- tuning, are also 

employed to enhance the performance of deep models by reducing their computational 

requirements and facilitating generalization across datasets. These methods are also being 
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used in the detection of apple diseases, where they provide robust solutions for large-scale 

supervision and real- time health control of orchards [3-5].  

The combination of CNNs and these optimizers enabled a powerful search for the best hyper 

parameters and weight changes, thereby enhancing the learning ability and classification 

accuracy of the models, ultimately improving their classification ability [6]. The 

contributions of this work can be summarized as follows: 

1) Development of a comprehensive and well-structured dataset representing multiple 

apple diseases, ensuring the inclusion of diverse, high-quality annotated images suitable for 

deep learning tasks. 

2) Design and implementation of CNN-based architectures combined with advanced 

optimizers (DTO, GWO, PSO, WOA, GA) to improve convergence stability, parameter 

tuning, and overall classification robustness. 

3) Empirical demonstration of the proposed CNN- optimizer frameworks, where the 

best-performing model (DTO-CNN) achieved an accuracy of 98.55%, out- performing other 

optimizer-based models. These find- ings underscore the robustness and effectiveness of 

optimization-driven CNN approaches for apple disease classification, offering practical 

potential for real-world orchard applications, including automated early detection systems 

and decision-support tools for precision agriculture. 

II. LITERATURE REVIEW 

Apple production faces major challenges due to diseases and the need for reliable 

classification of varieties, which has led to significant advances in computer vision and deep 

learning approaches. Several studies have focused on building robust models for disease 

detection, apple variety recognition, and yield estimation. 

Another comparative study explored series networks (AlexNet, VGG-19) and directed 

acyclic graph networks (ResNet-18, ResNet-50, ResNet-101) for classifying 13 ap- ple 

classes from over 7,000 images. Results showed dataset configuration had a significant 

effect, with VGG-19 reaching up to 100% accuracy under optimal conditions. Visualization 

methods further improved interpretability, offering insights into the models’ decision-

making processes [6]. For more complex disease classification, a Multi-scale Dense classifi- 

cation network enhanced with Cycle-GAN for data augmenta- tion was developed. By 

generating synthetic disease samples, the approach improved detection of multiple apple 

diseases, reaching state-of-the-art performance with accuracies above 94%. 

3. MATERIAL AND METHODS 

The dataset used in this study consists of 297 apple leaf im- ages divided into two classes: 

90 images of healthy leaves and 207 images of scab-infected leaves. This distribution 

indicates a class imbalance, with a larger proportion of scab samples compared to healthy 

ones, which was carefully considered during training and evaluation to ensure model 

robustness. The original class distribution is illustrated in Figure 1, which clearly shows the 

prevalence of Scab samples compared to Healthy ones. 

Fig. 1. Bar plot showing the original dataset distribution across Healthy and Scab classes. 



 

 

3 

Before training, several pre-processing steps were applied to enhance data quality and model 

performance. Principal Component Analysis (PCA) was conducted to measure the effects 

of scaling in two experimental conditions: the presence and absence of scaling.  

A. Deep Learning Models 

1) Convolutional Neural Network (CNN): The early stage of the CNN’s performance 

showed encouraging results, but additional optimization was needed to increase the accuracy 

of prediction and the model’s ability to generalize.  

5. DEEP LEARNING RESULTS 

By integrating optimizers such as the Dipper Throated Opti- mizer (DTO), Grey Wolf 

Optimizer (GWO), Particle Swarm Optimizer (PSO), Whale Optimization Algorithm 

(WOA), and Genetic Algorithm (GA) with CNN architectures, the models achieved 

different levels of accuracy, sensitivity, specificity, and overall balance between precision 

and recall. All the tested models demonstrated the highest overall performance, with an 

accuracy rate of 98.55%, a sensitivity rate of 98.19%, a specificity rate of 98.86%, and an 

F-score of 98.45%. 

In summary, two key takeaways emerge from these results: 

1) Predictive accuracy improvements: The integration of CNN with advanced 

optimizers significantly enhanced classification performance, with DTO-CNN outperform- 

ing all competitors across accuracy, sensitivity, speci- ficity, precision, and F-score. 

2) Computational efficiency: Optimizer-driven CNNs, particularly DTO-CNN, 

accelerated convergence and reduced computational cost, making them practical for 

deployment in real-time orchard monitoring and preci- sion agriculture systems. 

As depicted in Figure 2, the DTO-CNN model consistently outperforms other variants across 

accuracy, sensitivity, specificity, PPV, NPV, and F-score, while also showing lower 

variability, indicating a more stable and reliable learning process. 

Fig. 2. Line plots showing the mean and standard deviation of evaluation metrics (Accuracy, 

Sensitivity, Specificity, PPV, NPV, and F-score) for CNN models optimized with DTO, 

GWO, PSO, WOA, and GA. tive predictive value (NPV), and F-score. The results of the 

Figure 3 demonstrate that DTO-CNN is always at the top of the metrics, with the highest 

accuracy (98.6%), sensitiv- ity (98.2%), specificity (98.9%), and the balanced F-score 

(98.5%). To further explore the distributional 

Fig. 3. Bar plots comparing the performance metrics (Accuracy, Sensitivity, Specificity, 

PPV, NPV, and F-score) of CNN models optimized with DTO, GWO, PSO, WOA, and GA. 

Model Accuracy Sensitivity (TRP) Specificity (TNP) PPV NPV F-score 
DTO-CNN 0.9855 0.9819 0.9886 0.9870 0.9841 0.9845 
GWO-CNN 0.9599 0.9524 0.9665 0.9620 0.9580 0.9572 
PSO-CNN 0.9496 0.9406 0.9595 0.9620 0.9367 0.9512 
WOA-CNN 0.9411 0.9406 0.9416 0.9453 0.9367 0.9429 
GA-CNN 0.9348 0.9406 0.9272 0.9453 0.9211 0.9429 
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These plots provide smooth approximations of the probability density functions for 

accuracy, sensitivity (TRP), specificity (TNP), precision (PPV), negative predictive value 

(NPV), and F-score. By visualizing the density curves, it becomes possible to identify the 

concentration of metric values and assess the stability of model performance. As shown in 

Figure 4, the KDE plots confirm that DTO-CNN consistently achieves higher density peaks 

near the upper range of the metrics, indicating reliable and robust performance compared to 

the other models. 

6.  CONCLUSION AND FUTURE WORK 

TABLE I : PERFORMANCE COMPARISON OF CNN MODELS WITH DIFFERENT 

OPTIMIZERS. BEST VALUES ARE HIGHLIGHTED IN BOLD. 

 

Fig. 4.Kernel Density Estimation (KDE) plots for evaluation metrics (Accuracy, Sensitivity, 

Specificity, PPV, NPV, and F-score) across all CNN- optimizer models. 
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Abstract.  

Estimating earthquake quantity in absolute terms such that the potential risks involved in an 

earthquake can be well prevented is a significant need in successful alert systems, a facet we 

consider instrumental in this work. This work discusses the capability of using machine 

learning models to predict earthquake magnitudes using data from USGS. Real-time data 

informing of all earthquakes in the world were used to compare model performances against 

the four assessment measures of MSE, RMSE, MAE, and R2. KNN and Random forest 

models were the most effective since they recorded low error rates with MSE of 0.11 and 

0.14, respectively. By comparing KNN and Random Forest, this analysis demonstrates their 

ability to identify non-linear interactions of a dataset, such as the seismic data, to even aid 

in choosing the best model for prediction earthquake magnitude prediction. The results 

emphasize the sensitivity of prediction to model selection and suggest that machine learning 

could strengthen disaster planning. 

Keywords. Earthquake Prediction, Machine Learning, USGS Seismic Data, Random 

Forest, K-Nearest Neighbors, Predictive Modeling 

1. INTRODUCTION 

Over the last decade, an enhancement in the demand for optimizing techniques to solve 

discrete/non-discretized engi- neering and computational problems has made metaheuristic 

optimization more appealing in areas like earthquake pre- diction. Therefore, training 

metaheuristic optimization algo- rithms is necessary to meet the complex challenge of multi- 

dimensional and nonlinear problems, which cannot be handled with existing methods in 

terms of efficiency and accuracy. These optimization algorithms are not only used in 

different data mining tasks of predictive modeling, including linear, nonlinear, and non- 

stationary but also in various fields such as telecommuting- cations churn prediction and 

wind power forecasting. These applications show how metaheuristic algorithms are vital to 

address system robustness concerns in sensitive fields, includ- ing earthquake and disaster 

handling mechanisms. 

Metaheuristic applications can be used for different math- ematical problems and have been 

utilized in areas such as medical imaging and diagnostic correctness. For example, methods 

of solving the inverse boundary value problem for heat conduction have provided helpful 

information about thermal properties when all conditions are highly maintained [1]. 

Additionally, metaheuristic-driven convolutional neural network (CNN) models have been 

instrumental in optimiz- ing hyperparameters for diabetic maculopathy diagnosis [2] and 

enhancing transfer learning in chest X-ray diagnostics [3]. Such improvements are reflected 
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in ensemble modeling methodologies, which were found to be specifically tailored for 

predicting bandwidth in metamaterial antennas [4]. These al- gorithmic flexibility underlines 

the ability of these algorithms to tackle complex engineering problems. By incorporating 

these techniques in metaheuristics, one finds these metaheuris- tic techniques to provide the 

tools crucial in anticipating and mitigating disasters in areas prone to disasters such as those 

caused by earthquakes. 

In summary, metaheuristic optimization is a robust and applicable method in numerous 

fields, and those areas are progressively improving in terms of effectiveness, extensibility 

and adjustability of the solutions for dynamic and complex problems. Such progression 

speaks for their relevance in high-impact applications in environmental and industrial sys- 

tems, disaster preparedness and response machinery, including earthquake-sensitive systems 

[5]. 

 

3. DISCUSSION AND RESULTS 

This section briefly analyzes the dataset as well as compa- nies and outcomes of 

methodologies utilized machine learning models for the prediction of an earthquake 

magnitude.  

A. Dataset 

The dataset used for this study was sourced from the U.S. Geological Survey (USGS), which 

offers scientific data to aid in understanding the Earth’s geological processes and to reduce 

risks associated with natural disasters. USGS monitors and reports on earthquakes, offering 

real-time updates and comprehensive data on seismic events. 

B. Data Analysis 

Information which could potentially be used in earth- quake prediction is available in the 

data set of this study, as demonstrated in the heatmap in Figure 1. It is evident from the 

Figure 2 that by comparing the automatic earthquake data distribution against the earthquake 

data passed through analyst review, there is much variation.  

C. Machine Learning Results 

The results of each machine learning model designed to calculate the earthquake magnitude 

are shown in Table I below. For all models the average values of the mean squared error 

(MSE), root mean squared error (RMSE), mean absolute error (MAE), R-squared (R2) 

statistical and others are indicated to have a comprehensive notion of model performance 

and credibility. 
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Fig. 1. Heatmap for Dataset Features 

 

Fig. 2. Distribution of Reviewed vs. Automatic Earthquake Data 

TABLE I : ML MODEL RESULTS FOR EARTHQUAKE MAGNITUDE PREDICTION 

 
Model MSE RMSE MAE r R2 RRMSE NSE 

SVR 0.038 0.195 0.142 0.311 0.097 0.203 0.097 

Linear Reg. 0.036 0.190 0.138 0.380 0.144 0.198 0.144 
Decision Tree 0.019 0.139 0.094 0.735 0.540 0.145 0.540 

Random Forest 0.014 0.119 0.077 0.813 0.661 0.125 0.661 

KNN 0.011 0.107 0.065 0.854 0.730 0.111 0.730 

Figure 3 shows the MSE of each model with Random Forest and KNN models having the 

lowest error rates. The MSE, therefore, depicts a clear picture of one model being more 

suitable than the other due to case with non-linear features within the data set. 

4. CONCLUSION 

Comparing performances and errors of several machine learning algorithm models 

employed in predicting the earth- quake magnitudes, the K- Nearest Neighbors and Random 

Forest models are more precise and less erroneous than other models in different 

configurations of performance metrics. It contains some sort of non-linearity within the 

seismic data 

  

 

 

 

 

 

 

 

 

Fig. 3. Mean Squared Error (MSE) Comparison 
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Abstract.  

Parkinson’s Disease is the second most common neurodegenerative Disease, which has 

complicated diagnostic mechanisms where early diagnosis is complex due to clinical 

examination used in diagnosis, hence delayed invasive diagnosis. Other research points to 

PD-specific voice quality as potentially helpful in diagnosing the Disease. In this work, the 

author aims to explore the applicability of machine learning for early PD screening and 

proposes using a dataset of voice samples as the approach. Thus, the following six 

classification models were tested for accuracy, sensitivity, and the F-score: K-Nearest 

Neighbors, Random Forest Decision Tree, Logistic Regression, Support Vector Classifier, 

and Gaussian Naive Bayes. The predictive powers of the K-Nearest Neighbours model seem 

particularly diagnostic, with an accurate coefficient of 0.95. To this end, this research shows 

that it is possible to use machine learning to screen for PD using an individual’s speech 

samples as an early diagnostic test. 

Keywords. Parkinson’s Disease, machine learning, vocal feature analysis, K-Nearest 

Neighbors, Random Forest, sensitivity analysis 

mailto:ahalharbi@pnu.edu.sa
mailto:mmm@ieee.org
mailto:ebmattar@uob.edu.bh
mailto:dskhafga@pnu.edu.sa
mailto:aaalhussan@pnu.edu.sa
mailto:skenawy@ieee.org


 2 

1. INTRODUCTION 

Parkinson’s disease (PD) involves the degeneration of dopamine-producing neurons, 

primarily affecting the motor system and resulting in symptoms such as tremors, rigidity, 

bradykinesia, and postural instability. Beyond motor dysfunc- tion, patients often experience 

non-motor symptoms including cognitive decline, mood disturbances, and speech 

impairments, all of which profoundly impact their quality of life. Early and accurate 

diagnosis of PD remains challenging due to the variability in symptom presentation and the 

absence of definitive biomarkers or standardized diagnostic tests. 

2. LITERATURE REVIEW 

Parkinson’s disease originates from the degeneration of dopaminergic neurons in the brain, 

responsible for transmitting signals between neurons. As analyzed in recent research [1], the 

progressive loss of dopamine-producing cells leads to impaired movement and coordination. 

When approximately 60–80% of these neurons are destroyed, dopamine synthesis fails, 

resulting in the characteristic motor symptoms of Parkin- son’s disease.  

As digital health technology advances, ML provides a ro- bust framework for analyzing 

neurocognitive features. Recent research [2] utilized ML to evaluate tablet-based and self- 

reported metrics for PD across different stages. The study involved 75 participants (50 with 

PD and 25 healthy controls) who completed 14 neurocognitive tests. Key features, such as 

device acceleration magnitude, significantly influenced the measurement process. However, 

discrepancies between perceived functionality and sensor-based outcomes, particularly in 

memory and executive function, were also observed. In recent research [3], a relationship 

was identified between speech signal properties and UPDRS scores, providing valuable 

insight for PD diagnosis. Dimensionality reduction was achieved using Non-linear Iterative 

Partial Least Squares (NIPALS) and clustering through Self- Organizing Map (SOM) 

analysis.  

Hypokinetic dysarthria—a voice disorder commonly ob- served in PD patients—has also 

been extensively studied. In a recent work [4], researchers analyzed voice alterations across 

different PD stages in both OFF and ON therapy states. The study included 115 PD patients 

and 108 matched controls (57 early, untreated PD; 58 mid-advanced, L-Dopa-treated). 

Support Vector Classifiers (SVC) were developed to assess diagnostic accuracy via Receiver 

Operating Characteristic (ROC) curves. ML techniques were effectively employed to 

uncover correlations between clinical and instrumental measures, providing potential 

biomarkers for disease progression and treatment outcomes. An automated PD detection 

system utilizing a Convolutional Neural Network (CNN) was proposed in another study [5]. 

Parkinson’s disease, characterized by progressive motor func- tion degradation, was 

assessed using electroencephalogram (EEG) signals for early diagnosis. The model achieved 

accuracy, sensitivity, and specificity values of 88.25%, 84.71%, and 91.77%, respectively, 

indicating its promise for large-scale clinical testing. 

3. DISCUSSION AND RESULTS 

Parkinson’s disease is a chronic neurodegenerative disorder whose main symptoms stem 

from the loss of dopamine- producing neurons in the brain associated more with the motor 

system. The disease manifests in things like; tremors, rigidity, speech problems, of which 

dysarthria, hypophonia, and a monotone speech are usual signs. Memory problems and 
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changes in mood are also typical; elderly patients may develop dementia in later stages. The 

utilization of machine learning for worked-through voice data could enable acceptable 

screening procedure of the beginning and further development of PD without routinely 

visiting a clinic. 

A. Dataset 

The dataset used in this study originates from a publicly available source on Kaggle, 

accessible at https://www.kaggle. com/datasets/debasisdotcom/parkinson-disease-detection. 

This dataset contains voice recording features from individuals both with and without 

Parkinson’s disease (PD). These parameters are comprehensively provided within the 

dataset and form the basis for the feature analysis conducted in this research. 

B. Machine Learning Results 

TableI presents the performance metrics of various machine learning models applied to the 

dataset, showing each model’s accuracy, sensitivity, F-score, P-value, and negative 

predictive value (NPV). Logistic Regression and Support Vector Classifier (SVC)”” models 

demonstrate moderate performance, with SVC show- ing a notably lower sensitivity score. 

In contrast, the Gaussian Naive Bayes (GaussianNB) model exhibits high sensitivity but a 

comparatively lower accuracy, which might make it useful in prioritizing sensitivity over 

precision in specific contexts. 

Figure 1 presents the confusion matrices for all models in the form of a heatmap, which 

enhances the visualization of the differences in both, accuracy and sensitivity. The heatmap 

shows that all the models have a reasonably good attitude towards accuracy with a lower 

sensitivity towards SVC, on the other hand, has a poor sensitivity compared to GaussianNB, 

which seems to be significantly higher as compared to the other models. 

Figure2 represents an accurate comparison of all models where KNeighborsClassifier and 

Random Forest are consid- ered the most accurate models followed by Decision Tree 

  

Fig. 1. Heatmap of Performance Metrics by Model 

and Logistic Regression. The structures of this comparison highlight the high average 

classification rates of some other ensemble and neighborhood-based models, saying their 

use- fulness for the kind of diagnostic task. 

Fig. 2. Accuracy Comparison for all Models 

The analysis of vocal feature datasets for PD using machine learning yields promising results 

for automatic classifica- tion such as exploiting KNeighborsClassifier and Random Forest 

models that have high accuracies and good sensitiv- ity/specificity ratios. Some models such 
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as the GaussianNB model have high sensitivity compared to others, for instance SVC. Thus, 

showing different criteria at a time, this work suggests some possible machine learning 

techniques that might help design non-invasive PD screening for clinical practice for early 

diagnosis. 

4. CONCLUSION 

This study demonstrates that machine learning models leveraging vocal characteristics can 

effectively identify Parkin- son’s disease (PD), underscoring the promise of non-invasive, 

low-cost, and scalable screening pipelines based on speech analysis. Among the evaluated 

classifiers, k-Nearest Neigh- bors (KNN) and Random Forest achieved the highest overall 

accuracies (both ≈ 0.95) with balanced sensitivity profiles, indicating strong discriminative 

capability across PD and non- PD classes. Notably, Gaussian Na¨ıve Bayes (GNB), while 

comparatively lower in accuracy, attained a high sensitivity (≈ 0.93), a property that is 

desirable when prioritizing early case finding and minimizing false negatives in front-line 

screening contexts. Taken together, these findings highlight that ensemble- and neighbor-

based methods are especially competitive for voice-based PD detection, whereas probabilis- 

tic generative models such as GNB can be tuned as high- sensitivity sentinels within tiered 

diagnostic workflows. 

TABLE I: PERFORMANCE COMPARISON OF MACHINE LEARNING MODELS FOR 

PARKINSON’S DISEASE DETECTION 
 
Models 

Accuracy Sensitivity F-Score NPV 

K-Nearest Neighbors (KNN) 0.9500 0.8000 0.9375 0.8889 

Random Forest 0.9500 0.8000 0.9375 0.8889 
Decision Tree 0.8833 0.6667 0.8958 0.7407 
Logistic Regression 0.8333 0.4667 0.8431 0.5833 

Support Vector Classifier (SVC) 0.7833 0.1333 0.7759 0.2352 
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Abstract—The challenges posed by urban traffic congestion 
in contemporary cities are significant, leading to economic 
losses and environmental degradation. Typical systems for traffic 
management do not have the capacity to adjust to changing traffic 
conditions, unlike fixed-time signals and manual monitoring. An 
AI-based smart traffic framework is presented in this paper, 
which utilizes Convolutional Neural Network (CNNs), Long 
Short-Term Memory (LSTM) networks, and reinforcement learn- 
ing to provide intelligent traffic monitoring/control. By utilizing 
CNN-LSTM architectures, the proposed system can identify 
traffic patterns and accurately predict congestion areas with a 
93.5% accuracy. Enhanced vehicle waiting times and throughput 
are achieved through dynamic optimization of signal timing in 
a reinforcement learning-based control module. Experimental 
testing of urban traffic datasets shows significant performance 
improvements, with a 32% reduction in average vehicle waiting 
time and an 18 percent increase in throughput compared to 
traditional fixed-signal systems. This is supported by the data. 
Despite maintaining computational efficiency suitable for real- 
time deployment, the framework delivers superior detection 
precision (92.1%) and recall (91.8%). However, it has some 
limitations. IoT sensors, computer vision and adaptive control 
algorithms are used to manage city traffic in a highly scalable way. 

Index Terms—Smart Traffic Management, Convolutional Neu- 
ral Networks, Long Short-Term Memory Networks, Reinforce- 
ment Learning, IoT Integration, Real-Time Traffic Control, 
Urban Mobility, Intelligent Transportation Systems. 

 

I. INTRODUCTION 
 

Modern cities have positioned urban transportation as one of 

the most pressing issues they confront. Rapid population 

growth and increasing vehicle ownership have resulted in 

traffic congestion and road safety concerns. The prolonged 

duration of traffic jams leads to economic depletion, fuel waste, 

and elevated levels of air pollution. The act of traveling can lead 

to increased stress and decreased productivity. Fixed- timed 

signals and manual monitoring have been employed in 

conventional traffic management systems, which are less 

flexible to changing traffic conditions and more rigid. This 

leads to inefficient traffic and frequent gridlocks. Additionally, 

the inability to respond in real time intensifies emergency 

situations, increases accident danger, and constrains overall 

urban mobility. 

The necessity of intelligent traffic control system in order to 

address these shortcomings has taken a very important 

dimension in the design of smart cities. Solutions based on AI 

are currently being developed that can track, analyze and adapt 

to traffic changes in real-time [1]. Dynamic decisions will be 

made with the help of continuous gathering of traffic data with 

the help of sensors, cameras, and IoT devices. The AI 

algorithms are able to forecast traffic patterns, detect faults and 

manage the timing of signals to reduce the delay due to 

anomalies. Deep learning and reinforcement learning have 

proven effective in optimization of traffic as has been 

demonstrated in several studies. The fact that these models can 
automatically learn and adapt means that they would present a 

gain in the management of complex urban traffic networks. 

Although their performance in controlled situations has proven 

to be successful, their implementation in real situations has a 

number of challenges. The fac- tors that have tremendous 

impact on system performance include the traffic density, 

weather conditions and driver behavior. [3]. 

 

A. Relevant Contemporary Issues 

 

Besides mobility, there is the increasing traffic congestion in 

the city which is posing a challenge to economic growth and 

health. This long trip of operating vehicles may result in air 

pollution and emission of greenhouse gases. This is particularly 

critical in densely populated cities where roads are 

overstretched. Poor or outdated traffic infrastructure makes the 

situation more com- plex, making it impossible for authorities 

to manage sudden changes like road closures and crashes 

during peak hours [4]. Delays in emergency vehicles are a 

common cause of public safety concerns. The use of advanced 

traffic sensors and surveillance technologies is hindered by the 

limited integration with intelligent frameworks. Also, traffic 

systems that adopt adaptive methods must consider the factors 

related to detection accuracy, computational efficiency, and 

scalability [7]. 
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B. Identification of Problem 

While existing AI-based solutions exhibit potential, signifi- 

cant gaps remain in their ability to be implemented on a large 

scale. The computational power requirements of several traffic 

management algorithms make them unsuitable for deployment 

in resource-limited environments. In addition, existing models 

often rely on relatively small datasets collected under specific 

conditions, which makes them less generalizable in various 

cities or varied road landscapes [8]. External factors like 

weather fluctuation, sensor malfunctions, and irregular traffic 

events contribute to the system’s noise influx leading to 

reduced accuracy. Besides, most approaches currently in use 

fail to adjust for changing traffic behaviors and consequently 

experience reduced efficiency over time [9]. 

C. Objective 

The goal is to develop and implement an artificial 

intelligence-powered intelligent traffic framework that can 

monitor, analyze it as well as manage the dynamic flow of 

traffic. This building also strives to reduce not only the con-

gestion but also the risk of accidents and increase the efficiency 

of the city transportation systems. The sensor fusion, IoT, and 

AI algorithms will provide a dynamic and resilient real-time 

traffic optimization in the proposed system. The framework is 

an attempt to balance the complexity of computation with real 

life implementation requirements, yet remain flexible to a 

variety of urban environments. The project will be utilized to 

facilitate the development of intelligent traffic control systems 

which will facilitate road safety, environmental impact 

mitigation and urban mobility [11]. 

II. LITERATURE REVIEW 

A. Vision-Based Traffic Monitoring 

The monitoring of traffic was initially performed by means 

of observing the road crossings manually and closed-circuit 

television (CCTV) videos. The operators determined the 

vehicle density, lane occupancy and accident incidents by 

physically examining them. This was automated using 

traditional image processing methods such as edge detection, 

background subtraction and motion tracking [14]. The 

approaches were a means of offering a structure on how to 

locate objects and count cars, but were very sensitive to all 

environmental aspects like lighting, weather and obstacles. 

Also, these methods might be adapted to other circumstances 

. Thus, they were very inaccurate in uncontrolled and daily 

scenarios. Convolutional Neural Networks (CNN) brought 

about a paradigm shift in traffic monitoring. Deep learning 

algorithms were able to extract discriminative spatial features 

automatically, removing the need for manual description. 

Among the capabilities demonstrated by CNN-based models 

were their ability to identify vehicles, license plates, and 

walkers. [9]. The implementation of these advancements in 

real-time traffic management was hindered by the significant 

computational complexity, particularly when working within 

resource con- straints. 

B. Spatio-Temporal and Environmental Data Integration 

According to researchers, traffic analysis should consider 

spatio-temporal characteristics as a crucial component. CNNs 

that utilized image-based techniques were able to depict 

unchanging road conditions, while temporal models such as 

Recurrent Neural Networks (RN) and Long Short-Term 

Memory (LSTM) networks allowed for sequential analysis of 

traffic flow. Hybrid designs improved prediction accuracy by 

modeling vehicle movement patterns over time and minimizing 

misclassifications due to temporary congestion. [17]. Recur- 

rent structures have been employed to forecast traffic volume 

during different times of the day, aiding in adaptive signal 

management. For example, 

Additionally, the incorporation of environmental elements 

like temperature, daylight hours and road conditions with visual 

aspects enabled more comprehensive frameworks.15- 

16. IoT devices and sensor networks facilitated traffic flow 

prediction and anomaly detection through the provision of 

additional data streams. Yet these measures often required 

complex infrastructure arrangements, which increased deploy- 

ment costs and limited scalability in growing urban areas [10]. 

C. Lightweight and Edge-Deployable Models 

Parallel research aimed to decrease computational costs 

while upholding model dependability. CNN architectures that 

are lightweight, like MobileNet and EfficientNet, were utilized 

to detect vehicles in the vicinity and estimate traffic flow. 

The use of these models allowed for real-time inference on edge 

devices and roadside processors, without the need for high-

power centralized servers. The implementation of edge 

enhancements resulted in improved system responsiveness and 

reduced latency, which is essential for traffic control 

applications. 

However, the tradeoffs between model speed and accuracy 

were still present. The inference made by lightweight models 

was not as efficient when dealing with intricate traffic patterns 

that had significant variation in vehicle types, occlusions, and 

unpredictable driving behaviors. It made clear that computa- 

tional complexity necessitates robust detection and prediction 

capabilities. 

D. Hybrid and Multi-Modal Frameworks 

More recently, hybrid frameworks that use deep learning and 

complementary approaches for greater adaptability have been 

highlighted. To minimize noise and background inter- ference, 

CNN pipelines have been designed with attention mechanisms 

and transformer-based models to focus on traffic areas within 

densely urban environments. Additionally, rein- forcement 

learning (RL) has been utilized more frequently to enhance 

traffic signal control. By utilizing real-time traf- fic data, RL 

personnel are constantly devising strategies to minimize 

congestion and increase waiting time. 

Intelligent traffic management has been broadened to in- 

clude multi-modal frameworks that incorporate video analyt- 

ics, sensor-based inputs, and vehicular communication data 
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(V2X). These systems facilitate safety and efficiency by fa- 

cilitating collaboration between infrastructure and connected 

vehicles. Yet such schemes depend on more complex systems, 

better links and expensive capital outlays that make them 

• Normalization: Pixel values are normalized to [0, 1]: 

I(x, y) 
Inorm(x, y) = 

255 

 

 
(1) 

difficult to roll out immediately in every city. Why? 

 

Although the improvement has been drastic, the foundations on 

this research report show that some gaps remain regarding this 

issue as to the best compromise between accuracy, affordability, 

and real-time scaling. The results of the existing solutions used 

in controlled testing are usually affected by the uncertainty of 

the traffic in cities. Nevertheless, the trend where hand-made 

methods are changed by deep learning, lightweight, and 

hybridial models demonstrates that we continue to attempt to 

create intelligently scaled traffic management systems so that 

the system can become smart cities.

    Data Augmentation: Techniques such as rotation, bright- 

ness adjustment, and motion blur simulation are applied to 

enhance robustness under variable weather and lighting 

conditions. 

 

 

III. METHODOLOGY 

One of the possible approaches toward creating an artificial 

intelligence traf- fic framework is suggested, and this is a 

multi-stage process: data collection, preprocessing, features 

extraction, model development, training, and testing. Each 

phase is carefully designed to ensure scalability and in real time 

processing and resilience to the continuously changing urban 

environment.

               Fig. 2. Preprocessing Pipeline for Traffic Video Data 

 

 

C. Feature Extraction using CNN 

A Convolutional Neural Network (CNN) is employed to 

automatically extract spatial traffic features such as vehicle 

density, lane patterns, and accident indicators. The convolu- 

tional operation is defined as: 

A. Data Acquisition 

The dataset is obtained from urban traffic surveillance 

cameras, IoT-based traffic sensors, and vehicular GPS data. 

Video frames and sensor logs include parameters such as 
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vehicle count, speed, lane occupancy, and signal timings. To 

ensure reliability, ground-truth annotations are performed by 

traffic engineers. 

 

 
Fig. 1. Traffic Surveillance Dataset Samples (Peak vs Non-Peak Hours) 

 

B. Preprocessing 

Preprocessing is applied to reduce noise and normalize input 

across diverse sources: 

• Frame Resizing: Video frames are resized to 224 × 224 
pixels. 

• Fi,j = Feature map for filter k 

• Wm,n = Kernel weights 

• Ii+m,j+n = Input image patch 

• b(k) = Bias 

• σ = ReLU activation 

 

Fig. 3. Feature Extraction for Vehicle Density and Flow Patterns 
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D. Spatio-Temporal Modeling 

To capture temporal dependencies in traffic flow, Long 

Short-Term Memory (LSTM) units are integrated with CNN 

outputs. The hidden state update is defined as: 

F. Evaluation Metrics 

The effectiveness of the framework is evaluated using: 

TP + TN 
Accuracy = (5) 

TP + TN + FP + FN 

h = f (W · h + W  · x + b) (3) 
ΣN  (ti — ti ) 

 

where ht represents the hidden state at time t, xt the CNN 

feature vector, and f the non-linear activation function. This 

enables prediction of congestion trends and anomaly detection 

 

Throughput = 

 

Vout 

T 

 
(7) 

over time. 

 

Fig. 4. CNN-LSTM Hybrid Model for Spatio-Temporal Traffic Analysis 

 

 

 

E. Decision and Control Module 

Traffic optimization is modeled as a reinforcement learning 

(RL) problem. The reward function is defined to minimize 

congestion and waiting times: 

R = − (α · Wavg + β · Qlen + γ · Ddelay) (4) 

Where TP , TN , FP , and FN represent detection results; 

tactual and tideal denote real vs. expected travel times; Vout 
is the number of vehicles served in time T . 

 
TABLE I 

EVALUATION METRICS FOR TRAFFIC FLOW PREDICTION 
 

Metric Definition Objective Unit 

Accuracy 
Average Delay 

Throughput 

Correct detection ratio 
Mean excess travel time 

Vehicles served per unit time 

>95% 
Minimize 

Maximize 

% 
Seconds 

Vehicles/hr 
 

 

G. Experimental Results and Evaluation 

The proposed CNN-LSTM-RL framework was trained using 

an 80:20 split of the dataset. Results indicate a reduction in 

average vehicle waiting time by 32% compared to traditional 

fixed-signal systems. Throughput improved by 18%, and con- 

gestion hotspots were predicted with 93.5% accuracy. 

 

Where: 

• Wavg = Average vehicle waiting time 

• Qlen = Queue length at intersections 

• Ddelay = Delay due to congestion 

• α, β, γ = Weight coefficients 

The agent continuously interacts with the traffic environ- 

ment and updates its signal control policy. 

 

Fig. 5. Reinforcement Learning-Based Traffic Signal Control 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Comparison of Traditional vs AI-Based Traffic Control 

 

 

IV. RESULTS 

The proposed AI-based smart traffic framework was as- 

sessed by analyzing real-world urban traffic datasets, such 

as video feeds and sensor logs in addition to GPS-related 

vehicular data. Measured against the system’s average vehicle 

delay, throughput, and predictive accuracy of traffic congestion 

events. 

t−1 

t (6) 



A. Traffic Flow Prediction Accuracy 

The CNN-LSTM hybrid model effectively captured spatio- 

temporal traffic patterns. Congestion hotspots were predicted 

with an accuracy of 93.5%, demonstrating the model’s ca- 

pability to anticipate traffic buildup in real time. Table II 

summarizes the predictive performance. 

 
TABLE II 

PREDICTIVE PERFORMANCE OF THE CNN-LSTM MODEL 
 

Metric Result Target 
Congestion Prediction Accuracy 93.5% >90% 

Detection Precision 92.1% >90% 

Detection Recall 91.8% >90% 
 

 

 

B. Traffic Optimization Performance 

The reinforcement learning-based control module was eval- 

uated against conventional fixed-signal and sensor-adaptive 

systems. Figure 7 illustrates the comparative reduction in 

vehicle waiting times and improvement in throughput. 

 

 
Fig. 7. Comparison of Traditional vs AI-Based Traffic Control in Terms of 
Delay and Throughput 

 

 

 

C. Quantitative Results 

Table III presents a detailed quantitative comparison of 

the proposed AI framework with baseline methods. The AI- 

based approach achieves the lowest average delay, highest 

throughput, and superior accuracy, confirming its effectiveness 

in dynamic traffic environments. 

 
TABLE III 

PERFORMANCE COMPARISON OF TRAFFIC MANAGEMENT APPROACHES 
 

Method Avg Delay (s) Throughput (veh/hr) Accuracy 
Fixed Signal 120 1800 75% 

Sensor-Based Adaptive 95 2100 85% 

Proposed AI Framework 81 2450 93.5% 

D. Discussion 

The results indicate that integrating CNN-LSTM for traffic 

prediction with reinforcement learning-based signal control 

significantly enhances urban traffic management. Specifically: 

• Average vehicle waiting time decreased by 32% relative 

to fixed-signal systems. 

• Throughput improved by 18%, indicating more efficient 

utilization of road infrastructure. 

• The high prediction accuracy enables proactive traffic 

control, reducing congestion and improving commuter 

safety. 

These outcomes confirm that the proposed AI framework 

provides a robust, scalable, and real-time solution for dynamic 

traffic environments, aligning with the project’s objective of 

enhancing urban mobility while minimizing congestion. 

V. CONCLUSION 

The thesis explains how a smart traffic system will be 

developed and implemented which will entail implementing 

artificial intelligent, whose aim will be to perpetually monitor, 

analyze and control traffic flow in cities and towns. The 

framework uses CNN-LSTM framework to recognize traffic 

pattern over space and time that is extended with recurrent 

reinforcement learning and supervised signal control module to 

reduce congestion, improve throughput, and enhance road 

safety. Through the application of experimental methods, it is 

established that con- ventional fixed signal systems, as well as 

sensor adaptive systems, can decrease the average vehicle 

waiting time by 32 percent and throughput by 18 percent, and 

that the ability to predict congestion of the system is so close to 

perfect, at 93.5 percent. 

The offered framework shows the advantages of using deep 

learning in predictive analysis and in real-time control methods, 

which can permit taking active and flexible measures in 

managing traffic. Through AI, the new application can provide 

a better utilization of road infrastructure, forecast the patterns 

of congestion and be implemented in cities.The effectiveness 

of this has been proven, but there are still some issues to 

tackle. Accurate annotation and large, diverse datasets are 

essential for the model’s performance, but noise may be 

introduced by environmental factors like climate conditions 

that differ greatly from those predicted by sensors. It is 

recommended to incorporate multimodal data sources, such as 

additional IoT sensor inputs, vehicular communication data, 

and edge computing framework based models, in future work 

to improve model robustness and real-time applicability. 

VI. FUTURE WORK 

While the smart traffic framework utilizing artificial intelli- 

gence is showing some promising results, many more research 

and development can still be done. To begin with, the use 

of annotated datasets emphasizes the importance of having a 

comprehensive range of relevant traffic data repositories. Li- 

DAR, drone imagery (UU), vehicular communication signals 

(V2X), and weather information are all potential multimodal 

data sources that could improve predictive accuracy and sys- 

tem resilience. 



Real-time deployment of large metropolitan networks will 

require the integration of edge and fog computing architectures 

to reduce latency and computational overhead. The framework 

can be efficiently utilized with bandwidth limitations while also 

allowing for city-scale scalability through distributed 

processing. 

The use of adaptive reward mechanisms in reinforcement 

learning can enable the dynamic adjustment of optimization 

goals, such as balancing congestion reduction with fuel ef- 

ficiency, emission control, or prioritying emergency vehicles. 

Adding the framework to a multi-agent reinforcement learning 

(MARL) paradigm could allow for cooperative signal control 

over all adjacent intersections, which would improve the 

overall network performance. 

It is crucial to validate real-world applicability through 

longitudinal field trials involving different traffic densities, 

weather conditions and infrastructural layouts. The future work 

should also include integration with smart city platforms and 

policy-level alignment, to ensure interoperability with existing 

intelligent transportation systems (ITS) and regulatory 

frameworks. 
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