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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
Al-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. 10T 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, loT 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 wvery important
dimension in the design of smart cities. Solutions based on Al
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 Al
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 Al-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, 10T, and
Al 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].

Il. 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. 10T 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



(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

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.

I1l. 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.

A. Data Acquisition

The dataset is obtained from urban traffic surveillance
cameras, loT-based traffic sensors, and vehicular GPS data.
Video frames and sensor logs include parameters such as

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 x 224
pixels.

- Normalization: Pixel values are normalized to [0, 1]:
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Data Augmentation: Techniques such as rotation, bright-

ness adjustment, and motion blur simulation are applied to
enhance robustness under variable weather and lighting

conditions.
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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:
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Where:

- Fifj'f)= Feature map for filter k
k) = Kernel weights

- lixmj+n = Input image patch

- bW = Bias

- 0 = ReLU activation
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Fig. 3. Feature Extraction for Vehicle Density and Flow Patterns



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:

he =f(Wp-hey +W - x + b) ©)

X t

where h, represents the hidden state at time t, x; the CNN
feature vector, and f the non-linear activation function. This
enables prediction of congestion trends and anomaly detection

over time.
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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=— (a . Wavg + 68 Qen + y - Ddelay) (4)

Where:

- Wayg = Average vehicle waiting time
- Qen = Queue length at intersections
- Dgeiqy = Delay due to congestion

- a, 8,y = Weight coefficients

The agent continuously interacts with the traffic environ-
ment and updates its signal control policy.
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Fig. 5. Reinforcement Learning-Based Traffic Signal Control

F. Evaluation Metrics
The effectiveness of the framework is evaluated using:

TP + TN
Accuracy = 5)
TP+TN +FP +FN
>3 ; )
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Average Delay = —=1 ““,’\‘;’ ideal (6)
V,

Throughput = ;_“t (N

Where TP, TN, FP, and FN represent detection results;
tactuar AN tigeq denote real vs. expected travel times; Vour
is the number of vehicles served in time T.

TABLE |
EVALUATION METRICS FOR TRAFFIC FLOW PREDICTION
Metric Definition Objective Unit
Accuracy Correct detection ratio >95% %
Average Delay Mean excess travel time Minimize Seconds
Throughput Vehicles served per unit time Maximize | 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.

100

800s M Traditional Control
M Al-Based Control
200 1 1205
10 min
60 -
20 1500
40 4
o
3 40
>
20 -
25 mi
20 20%
35s
10
0
Average Waiting Througthut Congestion Level Travel Time
Time (s) (vehicles/hour) Level (%) (min)

Fig. 6. Comparison of Traditional vs Al-Based Traffic Control

IV. RESULTS

The proposed Al-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.



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 Il
summarizes the predictive performance.

TABLE Il
PREDICTIVE PERFORMANCE OF THE CNN-LSTM MODEL
Metric Result | Target
Congestion Prediction Accuracy | 935% | >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.
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Fig. 7. Comparison of Traditional vs Al-Based Traffic Control in Terms of
Delay and Throughput

C. Quantitative Results

Table Il presents a detailed quantitative comparison of
the proposed Al framework with baseline methods. The Al-
based approach achieves the lowest average delay, highest
throughput, and superior accuracy, confirming its effectiveness
in dynamic traffic environments.

TABLE 1l
PERFORMANCE COMPARISON OF TRAFFIC MANAGEMENT APPROACHES
Method Avg Delay () | Throughput (veh/hr) | Accuracy
Fixed Signal 120 1800 75%
Sensor-Based Adaptive 95 2100 85%
Proposed Al 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 Al 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 Al, 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 10T 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.

REFERENCES

[1] S. Jiang and Y. Feng, “Small parallel residual convolutional neural
network and traffic congestion detection,” Scientific Reports, vol. 15, art.
14285, 2025.

[2] A. Abrougui and M. Hayouni, “Convolutional Neural Network for
Vehicle Detection in a Captured Image,” in Proc. Int. Wireless Com-
mun. Mobile Comput. Conf. (IWCMC), Dubrovnik, Croatia, 2022, pp.
1166-1171.

[3] J. Tang et al., “Deep spatio-temporal dependent convolutional LSTM
network for traffic flow prediction,” Scientific Reports, vol. 15, art.
11743, 2025.

[4] V. Singh, S. K. Sahana, and V. Bhattacharjee, “A novel CNN-GRU-
LSTM based deep learning model for accurate traffic prediction,”
Discover Computing, vol. 28, art. 38, 2025.

[5] P. Michailidis, 1. Michailidis, C. R. Lazaridis, and E. Kosmatopoulos,
“Traffic signal control via reinforcement learning: A review on applica-
tions and innovations,” Infrastructures, vol. 10, art. 114, 2025.

[6] K. Saini and S. Sharma, “Smart road traffic monitoring: Unveiling the
synergy of 1oT and Al for enhanced urban mobility,” ACM Computing
Surveys, vol. 57, no. 11, 2025.

[7] Y.Ma,C. Wang, T. Fu, and Z. Meng, “The analysis of acquisition System
for electronic traffic signal in smart cities based on the Internet of
Things,” Scientific Reports, vol. 15, art. 20628, 2025.

[8] H. Dui, S. Zhang, M. Liu, X. Dong, and G. Bai, “IoT-enabled real-
time traffic monitoring and control management for intelligent trans-
portation systems,” IEEE Internet of Things Journal, vol. 11, no. 9, pp.
15842-15854, 2024.

[9] H. Mei, J. Li, B. Shi, and H. Wei, “Reinforcement learning approaches
for traffic signal control under missing data,” in Proc. 32nd Int. Joint
Conf. Artificial Intelligence (IJCAI), Macao, China, Aug. 2023, pp.
2261-2269.

[10] A. Ji and X. Ma, “Vehicle detection and classification for traffic
management and autonomous systems using YOLOv10,” Alexandria
Engineering Journal, vol. 127, pp. 804-816, 2025.

[11] R. L. Abduljabbar, H. Dia, and P. W. Tsai, “Development and evalu-
ation of bidirectional LSTM freeway traffic forecasting models using
simulation data,” Scientific Reports, vol. 11, art. 23899, 2021.

[12] E. Puzio, W. Droz'dz’, and M. Kolon, “The role of intelligent transport
systems and smart technologies in urban traffic management in Polish
smart cities,” Energies, vol. 18, no. 10, art. 2580, 2025.

[13] M. Kolat, B. Ko"va'ri, T. Be csi, and S. Aradi, “Multi-agent reinforcement
learning for traffic signal control: A cooperative approach,” Sustainabil-
ity, vol. 15, art. 3479, 2023.

[14] M. Q. Kheder and A. A. Mohammed, “Real-time traffic monitoring
system using l0T-aided robotics and deep learning techniques,” Kuwait
Journal of Science, vol. 51, no. 20, 2023.

[15] Z. Miao and Q. Liao, “IoT-based traffic prediction for smart cities,”
IEEE Access, vol. 13, 2025 (to be published).

[16] H.-C.Jang and C.-A. Chen, “Urban traffic flow prediction using LSTM
and GRU,” Engineering Proceedings, vol. 55, art. 86, 2023.

[17] A. Gomaa, T. Minematsu, M. M. Abdelwahab, M. Abo-Zahhad, and R.-
I. Taniguchi, “Faster CNN-based vehicle detection and counting strategy
for fixed camera scenes,” Multimedia Tools and Applications, vol. 81,
pp. 25443-25471, 2022.



	Rama Devi
	Bharti

