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10. Abstract.
Emotion detection using image analysis is a growing field within Advanced machine learning, particularly deep learning

artificial intelligence and computer vision, aiming to enhance human- algorithms, are used in facial expression analysis to identify and

computer interaction by recognizing and interpreting human emotions.
This project leverages machine learning and deep learning algorithms to
identify and categorize facial expressions into different emotions, such
as happiness, sadness, anger, surprise, fear, and neutrality. Using a
convolutional neural network (CNN) model, the system analyzes facial
features extracted from input images, capturing nuanced expressions

categorize emotions in

Convolutional Neural Networks (CNNs) have demonstrated
extraordinary ability in detecting complicated patterns in face
characteristics, making them perfect for emotion categorization
applications.However,developing an accurate model is difficult
due to the diversity of human emotions, changes in face anatomy,

with high accuracy. The dataset is preprocessed with techniques like ;4 differences in lighting and occlusions within photographs. This

research aims to create a strong emotion recognition model
capable of processing face photos and categorizing them into
various emotional states such as happy, sorrow, anger, fear,
surprise, and neutrality. By training the model on a large,
annotated dataset, we hope to attain high accuracy in detecting
small differences in facial emotions across varied ethnicities. The
applications of emotion detection systems are many, including
mental health, customer service, marketing, and social robots.
Keywords. Emotion Detection, Facial Expression Real-time insights into emotional states can assist tailor
Recognition,Deep Learning,Convolutional Neural Network interactions to user demands in various areas, resulting in
(CNN),Human-Computer Interaction,Machine Learning,Real- systems that are both functional and empathic. This experiment
Time Emotional Feedback . demonstrates the promise of deep learning-driven emotion
detection in developing more intuitive and responsive devices
that comprehend and respond to human emotions.

face detection, grayscale conversion, and data augmentation to
improve model robustness. This project explores the challenges
associated with variations in lighting, occlusions, and diverse facial
structures, aiming to create a model that is both scalable and
generalizable across demographics. The application of such emotion
detection systems has potential uses in sectors like mental health,
customer service, education, and social robotics, where real- time
emotional feedback can enhance user experiences and outcomes.

1.

In recent years, emotion detection using picture analysis has grown
in importance as a fundamental topic of artificial intelligence and
computer vision. Since emotional reactions frequently offer
o . . .. THE FOLLOWING IS AN OVERVIEW OF WORKS ON EMOTION
insightful context that improves communication, decision-
. . . DETECTION USING PICTURE ANALYSIS.
making, and user experience, an understanding of human
emotions is essential to enhancing human-computer interactions. Emotion identification using picture analysis has sparked
Though facial expressions continue to be one of the most direct significant scientific interest, owing to advances in machine
and potent markers of human emotions, traditional methods of learning and increased availability of computer resources. Early
emotion identification depended on text or audio data. Therefore, efforts to emotion identification relied on handmade feature
by allowing computers to "read" face clues and deduce emotions extraction techniques like Local Binary Patterns (LBP),
in real time, image-based emotion detection systems seek to close Histogram of Oriented Gradients (HOG), and Scale- Invariant
the gap between humans and technology. Feature Transform (SIFT) to find discrete face characteristics
linked with emotions. These techniques demonstrated modestly
restricted in their capacity to record nuanced changes in facial

INTRODUCTION

2. RELATED WORK

601



First International Conference on Computer, Computation and Communication (IC3C-2025)

signals or complicated emotions. Convolutional Neural
Networks  (CNNs), which can automatically learn
characteristics from data, have emerged as a leading method for
image-based emotion identification with

the development of deep learning. CNN designs that have
demonstrated increased accuracy and generalizability in emotion
identification tests include AlexNet, VGGNet, and ResNet.
Mollahosseini et al. (2016), for example, showed that by learning
high-level characteristics straight from the pictures, a CNN-based
model trained on the FER-2013 dataset might perform better than
conventional techniques. However, in order to prevent
overfitting and enhance generalization across a variety of face
traits and ethnicities, these deep learning models need sizable
labeled datasets.To overcome the difficulty of scarce labeled
data, researchers investigated data augmentation and transfer
learning approaches. Data augmentation, such as rotation,
flipping, and scaling, broadens dataset variety, perhaps
improving model resilience. Transfer learning, which includes
fine- tuning pre-trained models such as VGGFace, has also
yielded encouraging results in emotion detection tasks,
particularly when datasets are limited. Barsoum et al. (2016) found
that transfer learning on a small emotion dataset dramatically
improved classification performance when combined with a
model trained on a big facial recognition dataset.In addition to
CNNs, recent research hs used Recurrent Neural Networks (RNNs)
and hybrid CNN- RNN architectures to identify emotion in video
sequences. The RNN layer gathers temporal information,
allowing for the analysis of face expression sequences across time.
Zhao et al. (2019) proposed a CNN-LSTM(Long Short-Term
Memory).

1. PROPOSED MODEL

A. Data Collection

Name of the Dataset:The FER2013+ (cleaned and balanced)
dataset on Kaggle is an improved version of the original
FER2013 dataset, initially compiled for the ICML 2013
Challenges in Representation Learning. The FER2013 dataset
was created using images sourced through Google image search,
with a focus on capturing the seven fundamental human
emotions: Angry, Disgust, Fear, Happy, Sad, Surprise, and
Neutral.

All images in the dataset are grayscale with a resolution of 48x48
pixels, which standardizes the facial features and reduces file
sizes, making it suitable for computational research in emotion
recognition. In its enhanced FER2013+ form, the dataset is
balanced across emotion categories, which im- proves training
efficacy by addressing the class imbalances present in the
original dataset. Additional preprocessing in FER2013+ involves
removing mislabeled or ambiguous images, ensuring higher
quality and reliability in model training and testing.

This dataset provides an ideal foundation for training
convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) aimed at classifying emotions in facial

images.The proposed model tackles significant obstacles in
emotion recognition by combining robust preprocessing, an
effective CNN architecture, and personalized training procedures,
demonstrating its promise for scalable, real- world applications in
a variety of domains.

region. The system evaluates the water environment and discovers
disasters that occur naturally and water accidents

Fig 1:Mobilenet Architecture

Mode! Training with

mobil architecture
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A. Finding Emotion In Different Expression

Apply preprocessing techniques to enhance the quality of the
video and standardize them for analysis. Aimed at Emotion
detection involves analyzing various cues, including facial
expressions, vocal cues, and body language. Facial expres-
sions, such as smiles, frowns and raised eyebrows, can convey a
wide range of emotions. Vocal cues, like tone, pitch, and
speech rate, can also provide valuable insights into emotional
states. Body language, including posture, gestures, and eye
contact, further enhances emotion recognition. However,
interpreting these cues requires.

considering the context, as cultural differences and individual
variations can influence emotional expressions. Recent
advancements in artificial intelligence have enabled machines to
recognize and interpret human emotions with increasing
accuracy, opening up new possibilities for human- computer
interaction and mental health monitoring. Figure 1 represents
collecting the input images from users to identify emotions in
the user
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Fig 2.Input Image
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B. Proposed Architecture

In our proposed system for automated facial emotion detection,
the architecture encompasses several key components,
beginning with the acquisition of a dataset consisting of
different expressions of people conveying different emotions.
These images serve as the foundation for our analysis and are
subjected to image con-version processes to ensure
compatibility and standardization across the dataset. Following
conversion, the data undergoes preprocessing techniques
aimed at enhancing image quality and removing noise or
artifacts that could impede accurate analysis. These
preprocessing  steps include noise reduction, intensity
normalization, and geometric correction, ensuring that the
images are optimized for subsequent stages analysis. Figure.2
represents the base mobilenet architecture we followed. Figure
3 represents our proposed architecture central to our proposed
system 1is the utilization of the mobilenet architecture
convolutional neural network (CNN) architecture for feature
extraction. Mobilenet architecture is a deep learning model
pre-trained on large-scale image classification tasks, renowned
for its effectiveness in capturing complex features from
images. By leveraging the pre-trained mobilenet architecture
model, we can extract high-level features from the medical
images, which are then used as inputs for subsequent
classification tasks. The final stage of our system involves
testing and evaluation, where the extracted features are fed
into a classifier to distinguish between cancerous and non-
cancerous pancreatic tissues. Through rigorous testing and
validation on independent datasets, we aim to assess the

performance and accuracy of our proposed system in detecting
pancreatic cancer at an early stage. This comprehensive
architecture, integrating dataset acquisition, image conversion,
data  preprocessing, feature extraction using mobilenet
architecture, and rigorous testing, forms the foundation of our
proposed automated system for Facial Emotion detection.

2. RESULT AND DISCUSSIONS

The FER2013+ dataset also shows potential for transfer
learning applications. Researchers can fine- tune pre-trained
models on this dataset for specific tasks or adapt them to
recognize additional nuanced emotions.

By training on FER2013+ and then applying the model to other
emotion datasets, practitioners often find that the model’s
robustness in recognizing facial expressions improves. This makes
FER2013+ an ideal starting point for broader emotion recognition
tasks, laying a foundation for more specialized applications
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Fig 3:Proposed Architecture

such as detecting micro-expressions or analyzing complex
emotional states in dynamic environments like real-time video
feeds.Additionally, with FER2013+ supporting both CNNs and
RNN-based architec- tures, the dataset is particularly useful for
research in temporal emotion recognition in videos. RNNs can
capture temporal dependencies between frames, providing deeper
insights into how emotions change over time, which is essential
for appli- cations like video surveillance, healthcare monitoring,
and interactive Al systems. This compatibility with sequential
models enables FER2013+ to serve as a bench- mark for
advancing temporal emotion recognition, especially when
coupled with models capable of handling the temporal aspects

of emotion
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A.  Performance Metrics

The FER2013+ dataset, with its improved balance and
quality, often produces stronger results in emotion
recognition tasks compared to the original FER2013 dataset.
In initial experiments, baseline convolutional neural network
(CNN) models trained on FER2013+ have shown significant
improvement in accuracy, typically reaching around 70-80
percent in classifying emotions across the seven categories:
Angry, Disgust, Fear, Happy, Sad, Surprise, and Neutral.
This perfor- mance boost can largely be attributed to the
dataset’s balanced class distribution and cleaned labels,
which mitigate some of the challenges associated with mis-
labeled or ambiguous images found in the original FER2013
version. Figure:4 represents the sample output generated by
the model.

describes the performance of the Mobilenet model. Figure
?? rep- resents the classification report of the model.

For more complex models that integrate CNNs with recurrent
neural networks (RNNs) or bidirectional RNNs (BRNNs),
FER2013+ also yields promising results. These hybrid
architectures are particularly useful for video- based emotion
recog- nition, as they allow the model to capture both spatial
and temporal features from facial expressions.

Training and Vafidation Accuracy for Fold 5 Training and Validation Loss for Fold 5

0804 — Taming Loss

Vakdabon Loss

Fig:4 Graphs that Represent Accuracy and loss by Mobilenet
Model
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When trained on FER2013+, these advanced models can reach
around 70-75 percent accuracy, a notable improvement that
the potential of combining CNN and RNN

approaches for more nuanced emotion recognition. The cleaned

showcases

and balanced dataset enables these models to generalize better
across varied expressions, leading to more reliable predictions
and a greater understanding of emotion dynamics in facial
data.

Original: Fear | Predicted: Fear

Fig:5 Output Image

TABLE 1
Classification | Precision | Recall | F1- | Support
Report score
Anger 0.85 0.78 | 0.81 828
Fear 0.87 0.89 | 0.88 836
Happy 087 | 084 | 086 | 833
Sad 0.72 068 | 0.70 798
Accuracy 082 | 5772
Macro avg 0.82 082 | 0.82 | 5772
Weighted ave 0.82 082 | 082 | 5772
TABLE 11
S.No Model Performance
metrics
1 CREMA-D and tested on Accuracy-78.26%
RAVDEES
2 CREMA-D and RAVDEES Accuracy-63.35%
3 VGG16 and VGG19 model Accuracy-85.71%
4 Using CNN.DBN K-Means, and Accuracy-85.3%
relational autoencoders
5 Expression detection and HMM Accuracy-83.3%
for emotion identification

The performance metrics of various models for emotion
detection highlight the effectiveness of different techniques.

CONCLUSION

FER2013+ dataset serves as a significant improvement over the
original FER2013, addressing critical issues of class imbalance
and label quality that previously ham- pered emotion recognition
model performance. By providing a cleaned, balanced collection
of facial images labeled with seven primary emotions, FER2013+
al- lows machine learning models—especially CNN and RNN-
based architectures—to achieve higher accuracy and reliability.
The enhanced quality of this dataset di- rectly translates to better
generalization across diverse facial expressions, enabling more
robust performance in both image-based and video-based
emotion recogni- tion tasks. As a result, FER2013+ has become a
valuable resource for researchers seeking to advance emotion
recognition systems, laying a strong foundation for real-time
applications and transfer learning.

While FER2013+ has greatly improved the landscape of emotion
recognition, there are still several avenues for future work. One
potential direction is to explore additional datasets or augment
FER2013+ with new data to encompass a broader range of
emotions, including complex or subtle expressions like confusion
or pride. Expanding beyond the current seven categories could
lead to more versatile models capable of understanding nuanced
human emotions Another promising area is incorporating multi-
modal data, such as audio and text cues, alongside facial
expressions to enhance the context and accuracy of emotion
recognition in real-world scenarios. Further work could also focus
on developing and refining hybrid models, like CNN-RNN
combinations, to improve temporal understanding in video-
based tasks, where tracking emotional changes over time can
provide deeper insights. Finally, using FER2013+ for transfer
learn- ing with fine-tuning on specialized datasets could enhance
model performance for domain-specific applications, such as
mental health monitoring or customer service interactions. By
continuing to build on the foundation provided by FER2013+,
future research can push the boundaries of emotion recognition to
create more adaptive, empathetic Al systems.
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