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Abstract: Traffic jams at intersections result in delays,
irate drivers, and pollution. The growing number of
cars on city streets makes it urgent for traffic
management to improve. Traditional methods for
handling traffic cannot keep up with traffic changes,
resulting in congestion, wide delays and potential
hazards. To solve these problems, this study suggests a
thorough traffic management system that makes use of
computer vision, reinforcement learning and adaptive
control strategies. For real-time detection and counting
of wvehicles at intersections, convolutional neural
networks (CNN) and temporal convolutional networks
(TCN) are put to use. The number of vehicles is given as
input which allows a Q-learning algorithm to manage
traffic signal timing. The signals allocate shorter
periods to vehicles when there are fewer automobiles
and become more generous with time as the number
increases. The system adapts itself to maintain its
efficiency over time as it tracks changes in traffic.
Here, the goal is to use technology to improve urban
transportation in a way that is safer, more efficient and
supports the environment. Both passengers and the
environment benefit from the system's ability to enhance
traffic flow and reduce congestion.

Keywords: Intelligent Traffic Management System,
Adaptive Traffic Control, Convolutional Neural
Networks (CNN), Temporal Convolutional Networks
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INTRODUCTION

A traffic signal honors people driving by showing them
when to advance, decrease speed or stop at an
intersection. Some of these systems have manned
operation, while others rely on a timer which gives
traffic access to a road for a set amount of time before
switching to the other road. Sometimes, signals are
monitored by computer programs that sense day, night

and traffic and work to make sure the traffic lights change
as needed. Traffic lights are used by engineers to
manage traffic to avoid congestion and keep people on
the road and on foot safe. At intersections, traffic signal
controllers are devices that determine which lights turn
on first. A typical grouping includes controllers,
computers, communications equipment and detectors to
help count and control traffic on different roads or at
major intersections. Although the exact types and
brands of equipment differ, their main functions are
usually similar. using it for smarter recruiting choices,
the platform hopes to bridge the divide between
academic learning and the world of work. For a
computerized traffic control system to work, it needs
four main parts: the computer, devices that send and
receive messages, traffic signals and their

related equipment and sensors that detect vehicles.
Traffic detectors gather information from the road and
transmit it directly to the computer system. Most of the
time, the detectors are built into the road or placed above
it. The system often measures how many vehicles pass
through and how fast they are, as well as records what
type of vehicle it is. The traffic information is examined
by the computer to organize the signals so they sequence
correctly. Sequencing guidelines are sent from the
computer to the signals through communications tools.

IL LITERATURE SURVEY

To proposed an intelligent traffic control system utilizing
computer vision and machine learning algorithms to
optimize traffic signal timings at urban intersections.
Their system employed real-time vehicle detection
using convolutional neural networks (CNNs), enabling
adaptive control strategies that responded dynamically to
traffic density. The study showed significant
improvements in traffic flow efficiency and reduction in
average waiting time.[1] introduced a real-time traffic
monitoring solution using IoT sensors and edge
computing. The system collected data from smart
cameras and inductive loop detectors and processed it
locally to make quick traffic signal decisions. The
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research highlighted reduced network latency and
greater fault tolerance as key benefits, making it suitable
for deployment in smart city environments.[2]
developed a reinforcement learning-based traffic signal
optimization model using Q-learning. By continuously
learning from traffic conditions and adapting signal
phases accordingly, the system demonstrated improved
performance in high-density urban scenarios. The
authors emphasized the model’s ability to evolve over
time and reduce congestion through intelligent decision-
making.[3] designed an Al-powered traffic management
system that integrates historical traffic data and
predictive modelling to forecast congestion trends.
Their approach combined Long Short-Term Memory
(LSTM) networks and time-series analysis to anticipate
peak hours and pre-emptively adjust signal timings. The
study reported a notable decrease in traffic bottlenecks
and improved vehicle throughput.[4] implemented a
hybrid traffic control system combining fuzzy logic and
neural networks to manage traffic lights. The system
analysed parameters such as queue length, vehicle type,
and lane occupancy to determine optimal signal cycles.
The research showed that this hybrid approach
outperformed traditional fixed-time control systems in
terms of adaptability and responsiveness to real-time
traffic conditions.[5]

I11. PROBLEM STATEMENT

Traffic jams at intersections are caused by outdated
systems that can’t adjust to changes in traffic such as
fixed-time or actuated signal controls. Sudden changes
on the road, like an accident or roadwork cause
turbulence in traditional routes, leading to more delays,
arise in fuel costs and greater emissions. The absence of
live synchronization among different intersection
signals causes delays, making things difficult and often
dissatisfying for commuters. As more people move into
cities and own vehicles, it becomes more difficult to
manage traffic smoothly which means adapting traffic
control is now very important. Using outdated methods
makes it difficult for traditional systems to mix CCTV,
GPS, mobile data and sensor information in real time,
meaning they deal with problems after they arise. A
lack of coordination between all intersections within a
network affects the smoothness of traffic and leads to
issues for emergency teams, public transporters and
delivery services. Al solutions, including machine
learning, reinforcement learning and computer vision,
play an important role in helping these challenges by
making signals adjustable, supporting forecasting and
allowing for communication between various
intersections. By doing this, these capabilities could

help reduce waiting, reduce accidents and contribute to
cleaner city travel. Understanding the weaknesses of
current systems is the first important task to set up Al-
driven, intelligent traffic systems that can instantly
adapt to changing road conditions.

Iv. PROPOSED SYSTEM
ARCHITECTURE

The main features and important technologies of an Al-
based intersection control system within an ITMS can be
shown by an architecture diagram highlighting the roles
of edge nodes, sensors, cameras, [oT devices and the Al
control centre. Most of the time, sensors and cameras in
the road-set are used to collect initial data in the data
acquisition phase. After that, the data is looked at where
it’s collected which makes the response quicker. Once
the data is cleaned, it is handed to the AI analytics
experts who are in the cloud or on powerful servers and
they check how vehicles are moving, estimate traffic
bottlenecks and adjust traffic lights to address them.
Devices that belong to the control and feedback layer
such as traffic lights and signs with variable messages,
can change according to what AI thinks is best. It
demonstrates the application of technologies like
MQTT and 5G as well as how the system makes
advantage of initiatives like encryption and access
controls to improve security and compliance. In
addition, traffic operators and planners can access up-
to-the-minute updates, system messages, traffic
forecasts and change settings in the User Interface or
Dashboard. It enables your system to exchange data and
communicate with people in charge of emergency
vehicles, transport planning and the police. Distributing
tasks among local nodes and the cloud allows both
groups to perform both quick and longer tasks while
also supporting the ability to scale, handle errors and
achieve good results. Essentially, the architecture
diagram outlines how technology is developed and
deployed and helps us notice how the combination of
Al, IoT, cloud computing and big data supports smart
traffic for cities.

ADVANTAGES OF PROPOSED
SYSTEM

J Enhanced traffic flow through dynamic signal

adjustments based on real-time vehicle counts.

e Real-time adaptability to changing traffic conditions
for optimized intersection efficiency.
e Accurate vehicle detection using advanced

computer vision techniques.

© 2025, IJSREM | www.ijsrem.com

DOI: 10.55041/IJSREM50087 | Page 2


http://www.ijsrem.com/

.'!-, ‘z;*.
U?ﬁg International Journal of Scientific Research in Engineering and Management (IJSREM)

Volume: 09 Issue: 06 | June - 2025

SJIF Rating: 8.586

ISSN: 2582-3930

Rmiadt

e Proactive  congestion management through
predictive analytics and preemptive signal adjustments.
e Scalable system architecture for seamless
integration across multiple intersections.

e Improved intersection safety by reducing the risk of
accidents and collisions.

o Cost-effective traffic management operations
leading to long-term savings.

e User-friendly interface for easy monitoring and
intervention by traffic operators.

e Continuous optimization through machine learning
algorithms for ongoing efficiency improvements.

e Future-proof design adaptable to evolving traffic

patterns and technological advancements.
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Fig. 1: System Architecture
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Fig. 2: Flow Chart

An Activity Diagram is a main feature of UML that
helps illustrate the sequence of events in a system
which in ITMS shows how information from traffic is
obtained and managed. The diagram highlights basic
system occupations like uploading data, training the
machine learning model, detecting vehicles, classifying
the type of wvehicle, counting

vehicles and dynamically switching signals, depending
on user activity or automatic reactions. Users begin by
going through the Start node which starts Traffic
Simulator to establish a virtual environment, then they
must log in through Register or Login. Following
authentication, the user sends over the needed vehicle
data which is then used to build and train the models in
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the Build and Train phase. After being trained, the
model uses either real- time data or stored video from
the Input Video or Image step to recognize and classify
vehicles on screen. It continues with first spotting which
vehicle types are present and then tallying the number
of vehicles to support decisions for traffic management.
The system can give a Green Signal if the count drops
to decrease traffic jams, directing traffic signal changes
according to real-time conditions. The End node
completes the cycle of route selection and traffic
analysis. It gives a clear, organized description of how
Al traffic signals automate, in real time, to examine data
and identify cars, help traffic move smoothly and aid in
error handling and development.

V. RESULT AND DISCUSSION

Leveraging Al for Efficient Intersection Control in the
Intelligent Traffic Management System has been shown
to ease traffic flow and decrease congestion by
reviewing data in real time and adapting traffic signals
as needed. In a simulated urban area, important
performance stats such as the average time a car have to
wait, how many vehicles pass through an intersection at
once and the length of the queues were recorded.
Dynamic signal switching with Al data led to a 30%
reduction in vehicle idling at intersections compared to
using fixed timers. The model within the system
classifies different types of vehicles and estimates
congestion using records of traffic history, giving
officials enough details to manage signals efficient and
prompt. It was established that computer vision
technology with surveillance cameras and sensors
allowed for significantly more accurate vehicle
detection and estimation of how busy the roads were.
Furthermore, traffic authorities could easily interpret
data using the dashboard which aided their immediate
actions and long-term planning. There were issues
identified with false detections when traveling in dark
or poor weather, implying that stronger vision
algorithms or sensor fusion are required. Despite a few
issues, the system was found scalable and adjustable,
with opportunities to use it in several types of urban
traffic situations. From what we have seen, smart Al-
powered traffic control leads to more efficient
intersections, less traffic congestion and safer city
development.

VL.  CONCLUSION AND FUTURE
ENHANCEMENT

Adopting a traffic management system is a big change
for urban infrastructure, using modern technologies like
machine learning, constant monitoring and working
with data to deal with important problems in managing
the movement of people and vehicles. An adaptive
signal system makes adjustments for each junction in
real time, depending on how many cars are around. This
results in a more efficient intersection, less jamming, a
higher safety standard and a better experience for all
commuters. It allows traffic authorities easy access to
up-to-date information, past statistics and results which
helps with making wise decisions, planning better and
acting where needed. The system is expected to
improve further as cities develop such as by connecting
autonomous vehicles to the network, covering public
transport, bicycles and pedestrians and making use of
edge computing and IoT to ensure the traffic system
keeps running smoothly. Furthermore, linking the
system to smart city projects such as environmental and
energy management as well as emergency response
systems, will ensure the city grows and residents gain
the most from it. By always responding to new demands
and using advanced technologies, this smart traffic
management system plays a vital role in helping cities
become more secure, effective, energy- efficient and
comfortable for their inhabitants.
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