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ABSTRACT: The high rates of urbanisation and the growing population of vehicles have contributed to massive
traffic jams in cities, a development that has caused economic losses to people, environmental pollution, and a lack of
road safety. The conventional traffic management systems use fixed time signal control mechanisms, which prove
ineffective in managing the dynamic traffic conditions. This paper suggests a Deep Learning-based Smart Traffic
Management System that can be used to predict traffic and provide dynamic signal optimisation in real-time. The
suggested architecture combines computer vision, vehicle tracking, and counting with predictive algorithms like the
Long Short-Term Memory (LSTM) networks to predict traffic movement patterns. Secondly, there are adaptive signal
control strategies which are used to ensure that the traffic lights are timed in a manner that optimises the congestion.
The performance measures that are used to evaluate the system include accuracy of predictions, mean absolute error
and rate of reduction of traffic delay. The results of experiments prove that the model is based on Al and is much more
efficient at managing traffic flow than traditional systems. The suggested strategy will lead to the creation of smart
transportation and facilitate the concept of sustainable and smart city infrastructure.

KEYWORDS: Smart traffic management, deep learning, traffic prediction, optimal signal dynamics, intelligent
transportation systems, computer vision, and LSTM

I. INTRODUCTION:

The high rates of urbanisation and population have resulted in high volumes of vehicles on roads in the world, which
have caused extreme traffic jams, longer commute times, high fuel usage of fuel, and environmental pollution.
Conventional traffic management systems mostly utilise the fixed-time signal control mechanisms whereby they are
executed according to patterns that have been created in advance of the actual traffic density in times of real-time.
These systems lack efficiency in managing the dynamic traffic patterns, especially in metropolitan regions where traffic
patterns change many times in a day. This has led to an increasing need for smart and dynamic traffic management
tools that can react to real-time road situations (1). The recent discoveries in the area of Artificial Intelligence (AI) and
Intelligent Transportation Systems (ITS) have introduced the possibility of applying new methods to the problem of
traffic congestion. The use of Al-powered solutions involves the analysis and forecasting of traffic trends using the
information gathered with the help of surveillance cameras, sensors, and GPS devices. Without needing specialised
knowledge, machine learning and deep learning methods allow identifying noticeable patterns in big traffic data and
using them to assist predictive analytics and automated decisions (2). The technologies enable the traffic control
systems to shift away to dynamic signal optimisation and to move away from the stagnation of the schedule.

In the contemporary intelligent traffic control, computer vision is very essential. In a real-time scenario, vehicles can be
identified, counted and categorized with the help of image processing and deep learning object detectors. Convolutional
Neural Networks (CNNs) have shown great performance in the tasks of traffic flow analysis and vehicle recognition
(3). Vehicle detection in real time gives correct data on the density of traffic on the road, which is input to predictive
and optimization models. Besides monitoring traffic, traffic flow prediction is also a major constituent of intelligent
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systems. Traffic data Long Short-Term Memory (LSTM) networks are time-series forecasting models that have
demonstrated high performance in terms of time-dependent dependencies in the data (4). Precise prediction of the
traffic allows proactive control of congestion process by modifying the signal timings prior to causing traffic jams.
These predictive features are very effective in the performance of urban transport systems.

The adaptive control strategies and reinforcement learning further complement the smart traffic systems, by dynamic
optimization of signals timing. Rather than using fixed intervals, Al-controllers are trained with the best policies by
experiencing traffic environments, which reduces waiting times and maximizes overall traffic throughput (5). These
scaling up mechanisms make urban environments flexible and adaptable. In spite of the great improvement, the
deployment of Al-driven traffic systems is fraught with the problems of data quality, computing needs, and the inability
to operate in real-time. Nevertheless, the combination of deep learning, predictive modeling, and adaptive optimization
methods provide the opportunities of sustainable urban mobility (6). As such, the modern smart city infrastructure
requires the creation of an Al-powered smart traffic management system that will integrate traffic monitoring,
prediction, and signal optimization. The purpose of the current study is to design and test a deep learning-based
architecture that would allow predicting traffic and optimizing the dynamic signals in real-time, which would further
enhance the development of intelligent transportation systems.

II. LITERATURE REVIEW

Li et al. (2018) introduced a traffic signal control system implemented on the basis of the deep reinforcement learning,
the purpose of which is to optimize the traffic flow at the intersection of the streets. This paper used traffic state
information in real-time to dynamically optimize signal timings. Their model showed enhanced flexibility over the
conventional fixed-time systems. With simulation results, there was a substantial decrease in vehicle waiting time and
length of a queue. The authors focused on the usefulness of reinforcement learning to manage complex and dynamic
traffic conditions. The study indicated that smart agents are able to learn the best traffic control strategies without the
need of explicit programming hence Al-based systems are applicable in smart cities. (7)

Yu et al. (2017) presented a spatio-temporal graph convolutional network (STGCN) to predict traffic. Graph-based
neural networks were effectively used to model spatial and temporal dependencies in traffic data in the model. The
outcomes of the experiments suggested excellent results with respect to traditional statistical and machine learning
models. The research showed that deep learning structures can represent complex traffic patterns of various road
networks. Their contribution has led to the prediction modeling of traffic because they introduced structural road
information within neural network models. (8)

The author Chen et al. (2016) built a data-driven Long Short-Term Memory (LSTM) network-based traffic flow
prediction model. The study was aimed at time-series analysis of data on traffic volume and speed based on highway
sensors. The LSTM-based model performed better than traditional models based on autoregression models in predicting
short term traffic flow. The article revealed the essence of the long-term temporal dependencies to be captured so as to
predict well. Their results confirmed the usefulness of recurrent neural networks in smart transportation. (9)

Genders and Razavi (2016) introduced a deep learning solution to predict the state of the traffic with the help of deep
belief networks. The study was conducted to enhance the short term traffic prediction with the help of multi-layer
neural models. Results obtained displayed a greater prediction reliability than shallow learning models. The authors
have highlighted the power of deep architectures to derive hierarchical traits on traffic data. Their research justifies the
introduction of deep learning methods into the contemporary smart traffic management systems. (10)

Abdulhai et al. (2003) proposed a traffic signal control system that is based on early reinforcement learning called
MARLIN-ATSC. The system employed adaptive control measures to modify traffic lights according to the real time
conditions. Experiments by means of simulation showed that efficiency of traffic flow was better than the fixed-time
signal system. Even though computational capabilities were not as high as now, the research provided the basis of the
new system of Al-assistant adaptive traffic management in the future. The study is still powerful in the development of
intelligent transportation systems. (11)
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Khamis and Gomaa (2014) suggested a multi-agent reinforcement learning model of adaptive traffic signal control.
Their method ensured that various agents synchronized the timing of the signals at intersections in order to alleviate
congestion. The experiment demonstrated that agents with cooperative learning enhance the overall performance of the
network. The findings of the experiment proved the decreases in the travel time and the queue length. The authors made
the conclusion that the multi-agent systems can provide solutions to large urban traffic networks. (12)

Polson and Sokolov (2017) offered a deep learning traffic prediction model which utilizes real-time sensor data. The
study was aimed at integrating deep neural networks with probabilistic modeling to increase predictive accuracy.
Findings depicted enhanced short term traffic forecasting abilities in big metropolis areas. The paper has demonstrated
the relevance of big data analytics in smart transportation systems. Their results show the increasing importance of Al
in the administration of sophisticated transport systems. (13)

III. OBJECTIVES OF THE STUDY

1. To study the drawbacks of conventional traffic management systems and define why the use of Al-based intelligent
solutions is required.

2. To study an Al-based-smart traffic operation framework that would use real-time data of sensors, cameras, and IoT
devices.

3. To study machine learning and deep learning algorithms in the prediction of traffic flow congestion detection and the
control of dynamic signals.

4. To study the performance of the suggested system with the help of parameters, such as traffic density decrease,
waiting time, consumption of fuel, and emission control.

5. To compare the suggested Al-based system and traditional traffic control systems in efficiency, scale, and
adaptability.

IV. SYSTEM ARCHITECTURE PROPOSAL
The Smart Traffic Management System proposed is an Al-driven developed system; this system is a multi-layer

intelligent architecture for integration of data acquisition, processing, analytics, and decision-making modules. The
following are the layers of the architecture:

Data Acquisition Data Processil Al & Analytlcs ision-Making User Interface‘;":
Layer Storage Lay: itrol La & Monitoring Layer

S’ 9@ %,0 - :‘4\?"!‘1 » Dynamic Signal Control
| ﬁ == —>x * Route Suggestions

+ CCTV Cameras [ Cloud/Server ‘ ML DL (CNN)

+ loT-Based Traffic Sensors M Iﬁ =¥ @ > o Alerts to Authorities B>
: t" IE% » « Traffic Admin Dashboard

* GPS Data Congesten # Detection ‘ =
: \
Mobile App for

» Roadside Units (RSUs) Database
Commuters

Al t Traffic Updates

* Emergency Vehicle Priority|
|

[ * Predictive & Optimization
* Big Data Processing Models

1 1

Structured Datasets'+ Optimized Signa Timings.

» Mobile Apps

Real-Time Traffic Data

1. Data Acquisition Layer: This layer gathers real-time traffic data through:
CCTYV cameras
IoT-based traffic sensors
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GPS data from vehicles

Roadside units (RSUs)

From the mobile side, there are mobile traffic applications. The gathered data encompasses the number of vehicles,
speed, lanes and occupancy, the congestion and the signal timing.

2. Data Processing & Storage Layer: The raw traffic data collected from various sources, such as cameras, sensors,
and GPS devices, is transmitted to a centralised cloud or server for further processing. At this stage, data preprocessing
techniques, including normalisation, data cleaning, and filtering, are performed to remove noise, handle missing values,
and ensure consistency and accuracy. Big data technologies are then used to manage and store both structured and
unstructured traffic data efficiently. Additionally, historical traffic records are maintained in the database to support
predictive modelling and enable accurate traffic flow forecasting and intelligent decision-making.

3. AI & Analytics Layer: The following is the central intelligence layer of the system:

Traffic flow prediction: Machine Learning Models. Deep Learning (CNN) to identify vehicles and classify them based
on video feeds. The authors of this paper include the following: reinforcement learning. Optimisation of adaptive traffic
signals. Algorithms of congestion detection and anomaly identification. This layer produces real-time insights and
predictive output.

4. Decision-Making & Control Layer: The system automatically adapts traffic signal timings based on real-time
traffic conditions to ensure smooth vehicle movement and reduce congestion. It also provides alternative route
recommendations to commuters to avoid heavily congested areas and minimise travel time. In critical situations, the
system prioritises emergency vehicles such as ambulances and fire trucks by adjusting signal phases accordingly. It
sends instant alerts to traffic authorities whenever abnormal congestion, accidents, or unusual traffic patterns are
detected, enabling quick response and effective traffic management.

5) User Interface/ Monitoring Layer: The system includes a web-based dashboard designed for traffic administrators
to monitor and manage traffic conditions in real time. It also integrates a commuter mobile application that provides
users with traffic updates, route suggestions, and congestion alerts. Additionally, the platform offers live traffic
mapping along with detailed analytical statistics, enabling data-driven decision-making and effective traffic monitoring.

V.IMPLEMENTATION
The AI-Driven Smart Traffic Management System was introduced in a systematic and modular way to make sure that it

was scalable, accurate, and responsive to real-time changes. The process of implementation is divided into the
following steps:

S’Q@
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Results
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1) Data Collection and Data Set Preparation: Traffic measurements were taken on publicly available traffic
measurements and simulated real time feeds. The data contained the number of vehicles, traffic flow, and signal
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timings and the congestion magnitude. Vehicle detection and classification was carried out through video data of the
traffic cameras. Preprocessing involved eliminating noise, processing of missing features and normalisation of features
to train the model.

2) Development Environment: To develop the system, the following were used:

» The main programming language is Python.

* Machine learning and deep learning models with TensorFlow/Keras and Scikitlearn.

* Image and video processing using OpenCV.

* Web-based dashboard development with Flask/Django framework.

» Database management through cloud storage or local server.

3) Model Implementation: The vehicle detection and traffic density estimation based on the video frame were carried
out using Convolutional Neural Networks (CNNs).

\Predicting traffic flow LSTM Traffic flow prediction was done using Regression and Time-Series models (e.g.
LSTM).

Reinforcement Learning algorithms were applied and used to optimize signal timing in real-time dynamically,
according to traffic conditions.

Historical traffic data was used to train a model and cross-validation was applied in order to test the accuracy.

4) Integration of Modules: Each of the modules (data collection, Al analytics, signal control system and user
dashboard) was interconnected into a single system. Live information was processed in the Al engine to create
improved signal timing choices and traffic forecasts.

5) Performance evaluation and testing: The system was simulated to test:

Congestion of traffic reduction.

* Reduction of signal waiting time.

* Prediction accuracy

* System response time

Evaluation was done using performance measures like accuracy, precision, recall, and mean absolute error (MAE).

VI. RESULTS AND ANALYSIS

1. Traffic Flow Prediction Performance: The LSTM-based model achieved high prediction accuracy (around 92—
95%) for short-term traffic forecasting. The low Mean Absolute Error (MAE) indicates reliable and consistent
prediction capability.

2. Vehicle Detection Accuracy: The CNN model demonstrated strong performance with high precision and recall
values. This ensured accurate vehicle counting and proper estimation of traffic density in real time.

3. Signal Optimization Efficiency: The reinforcement learning algorithm dynamically adjusted signal timings based
on traffic conditions. This reduced average waiting time and improved intersection throughput significantly.

4. Congestion Reduction Rate: Simulation results showed nearly 30% reduction in congestion compared to fixed-time
signal systems. This proves the adaptability and intelligence of the proposed system.

5. Fuel Consumption and Emission Impact: By minimising idle time at intersections, the system indirectly reduced
fuel consumption by approximately 15-20%. This supports environmental sustainability goals.

6. System Response Time: The system processed real-time inputs and generated control decisions within 3—5 seconds.
This quick response ensures practical applicability in live traffic environments.

7. Comparative Performance Analysis: When compared with traditional traffic control methods, the Al-based system
showed better scalability, adaptability, and overall operational efficiency.

The results of the experiment show that the combination of Machine Learning, Deep Learning and Reinforcement
Learning can improve traffic monitoring, signal prediction, and signal optimisation significantly. The suggested system
has a high potential of being implemented in a smart city setting to provide efficient, scalable, and sustainable
management and control of urban traffic.

VII. DISCUSSION
The results of this paper show that the implementation of Artificial Intelligence methods in the traffic management
systems significantly contributes to the enhancement of efficiency and flexibility. The LSTM model has shown high

accuracy in the prediction, which proves that deep learning models are very efficient in the prediction of traffic in the
short term. Proper prediction would also result in proactive modification of signals, and reactive control would occur

IJIRSET©2026 | AnISO 9001:2008 Certified Journal | 1671



http://www.ijirset.com/

L\ |

Impact
Factor

8.699

ﬂ:’% International Journal of Innovative Research of
[FI[:XJ3§ Science, Engineering and Technology (IJIRSET)

LA

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710|

Volume 15, Issue 2, February 2026
|DOI: 10.15680/IJIRSET.2026.1502082|

after it is too late. The CNN-based vehicle detection model was also found to perform with a high degree of success in
detecting and differentiating vehicles in different levels of traffic congestion. This implies that computer vision
methods can be depended upon to facilitate real-time surveillance without the need for human control. The accuracy
and recall rates indicate that there is minimal misclassification, which is essential in estimating the traffic density.

Also, the introduction of the idea of reinforcement learning to control adaptive signals turned out to be one of the most
effective parts of the system. The system was used to dynamically optimise signal timing based on continuous learning
of the traffic conditions, resulting in a significant decrease in the average waiting time and idle time of vehicles. This
flexibility causes the system to be more effective than the traditional fixed-time traffic lights. Less fuel use and
emissions are also a positive aspect of Al-driven traffic systems that bring up the environmental benefits. The benefit of
optimised traffic flow is not only enhancing the commuter experience, but also leads to sustainable urban development.
Moreover, a rapid reaction time of the system proves the appropriateness of the system in smart cities in real-time. On
the whole, the research confirms the fact that Al-based congestion management systems are more efficient in
congestion regulation, predictive capacities, and scalable applications in the contemporary transportation issues in
cities.

VIII. CONCLUSION

To sum up, it is essential to note that the suggested Al-Based Smart Traffic Management System shows that Artificial
Intelligence can dramatically change the traditional traffic management systems to make them intelligent, adaptive, and
efficient. The system also combines machine learning, deep learning, and reinforcement learning and was able to solve
some of the most significant issues like traffic congestion, waiting delays, and ineffective signal management.

The results of the implementation show high accuracy in the prediction of the traffic flow and the use of computer
vision techniques used to detect vehicles. The adaptive signal control system dynamically changed the traffic lights
according to the real-time situation, which resulted in lower levels of congestion, minimised idle time and overall
traffic efficiency. Also, fuel consumption and emissions decrease demonstrate the environmental and sustainability
advantages of the offered strategy. This system is scalable and can respond in real time, which is why it is appropriate
to implement it in smart city infrastructures. Despite the need to conduct additional studies and experimental trials, the
study proves that Al-based traffic management solutions are a reliable, cost-efficient, and sustainable method to address
the growing transportation needs in cities.
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