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Abstract— The Smart Traffic Management System is an AI-powered solution designed to 
optimize urban traffic flow by utilizing real-time vehicle detection and analysis. With rapid 
urbanization and increasing vehicular density, traditional traffic management methods often 
struggle to maintain efficiency, leading to congestion, longer travel times, and increased fuel 
consumption. This system leverages advanced computer vision techniques powered by You 
Only Look Once -YOLOv8, a state-of-the-art object detection model, to monitor, analyze, and 
control traffic dynamically. By detecting and classifying vehicles in real-time, the system 
enables intelligent traffic signal adjustments based on current traffic conditions rather than 
relying on fixed signal timers. At the core of this solution is an automated vehicle counting 
mechanism, which continuously tracks the number of vehicles passing through an intersection. 
The system sets predefined thresholds to determine traffic congestion levels and dynamically 
adjusts signal timings. This real-time decision-making capability reduces unnecessary waiting 
times, improves road efficiency, and minimizes fuel wastage caused by prolonged idling at 
signals. Additionally, the system incorporates user-friendly visualization, displaying real-time 
traffic status and signal changes, making it intuitive for both operators and the public. The 
proposed method is improvement over existing traditional methods and can be installed at 
densely populated areas, highways, smart urban cities. Valuable data analytics for urban 
planners, study long-term traffic patterns, optimize infrastructure development, and implement 
strategic improvements for better road networks is the main aim of the proposal. By integrating 
artificial intelligence, automation, and data analytics, this system presents a scalable, cost-
effective, and efficient approach to managing urban mobility. It not only enhances commuter 
convenience but also contributes to sustainability goals by reducing carbon emissions through 
improved traffic flow.  
 
Keywords— Smart Traffic Management, AI-Powered Traffic Control, Real-Time Vehicle 
Detection, Dynamic Signal Optimization, Automated Vehicle Counting. 

I. INTRODUCTION 

The critical challenge in today’s modern days with exponential increase in vehicles on road, is efficient and 
smart management of traffic. The dynamic management of signal timing addresses real-time congestion, leading 
to unnecessary delays, fuel wastage, and heightened carbon emissions.  
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This inefficiency calls for intelligent, data-driven solutions capable of dynamically adapting to fluctuating traffic 
conditions and optimizing road usage. By utilizing computer vision and artificial intelligence, this system can 
accurately detect and count vehicles in real-time, allowing for adaptive signal control that responds to live traffic 
conditions. The integration of YOLOv8, a state-of-the-art object detection model, ensures high-speed, high-
accuracy vehicle recognition, making the system both effective and scalable. Instead of relying on pre-set timer-
based signals, this system determines the optimal duration for traffic lights based on vehicle density, ensuring 
smoother traffic movement and minimizing waiting times. The user-friendly interface of the Smart Traffic 
Management System enhances accessibility for both traffic authorities and city planners. Its automated vehicle 
counting mechanism and congestion analysis provide valuable insights for improving urban infrastructure and 
long-term traffic planning. The real time data collected is cumulatively maintained in database extending the 
capability to perform data analytics and predictive modelling helping the officials to anticipate peak – hour 
congestion patterns and optimize city traffic accordingly.   The combination of artificial intelligence, automation 
and instant decision-making features adds to the smart traffic management system. The idea here increases the 
user convenience and lays the foundation for an efficient, smart and eco-friendly transportation infrastructure.  

II. LITERATURE SURVEY 

A real-time approach to monitor traffic is discussed in [1], using progressive deep learning methods using the 
YOLO object detection framework to detect vehicles, count them and classify-categorize them based on the 
types. The traffic management is improved with timely accurate data and decisions taken based on quick real 
time analysis improving the overall traffic system. The critical implementation challenges such as environmental 
sensitivity, calibration issues and accuracy constraints along with the benefits with respect to cost effectiveness 
and scalability compared to regular existing methods are emphasized by authors in paper [2]. A rigorous survey 
of various methods used to find moving objects in different applications including human computer interaction, 
autonomous vehicles, and surveillance. Approaches like background subtraction, optical flow, enhanced deep 
learning techniques-convolutional neural networks are used for categorization. Paper [4] details the third form of 
You Only Look Once (YOLO) Object detection procedure improved version of previous methods offering better 
accuracy, smaller object detection, increasing the object detection speed without letting down the quality of 
performance.  
The network architecture is improved by adding a new backbone network, Darknet-53 making YOLOv3 more 
effective and reliable object detection in a variety of real-world scenarios. The writers of article [5] discussed 
improved ways to find objects improving speed and accuracy for real time applications with CSPDarknet53 as 
supporting pillar, PANet for feature fusion and SPP block to improve feature extraction. Real time optimized 
traffic control system using YOLOv3 is detailed in paper [6]. The results in article [7] depicts reduced average 
journey time and waiting time of travelers by adjusting traffic signal time. Deep learning models for vehicle 
classification and detection showing how technology helps in improving traffic monitoring and management in 
smart traffic management is discussed in paper [8]. Internet of Things and Image Processing are combined and 
proposed as an adaptive traffic management system in paper [9]. By analyzing real-time data from camera-
monitored lanes using YOLO, the system calculates vehicle counts and adjusts traffic light timings, accordingly, 
aiming to reduce average wait times and improve traffic flow efficiency.   The paper [10] proposes a method to 
detect and classify vehicles in densely crowded images using YOLOv5, addressing YOLO's limitations in 
detecting small, grouped objects by assembling four different models. The approach is evaluated on the Dhaka 
AI dataset, demonstrating improved performance over existing models. 
Keeping in mind the existing work, the proposed implementation of an intelligent traffic management system 
using YOLO based object detection has demonstrated the potential for optimizing traffic signal control based on 
real-time vehicle density. By leveraging deep learning for object detection, the system effectively identifies and 
classifies vehicles, dynamically adjusting signal durations to improve traffic flow.  

III. PROPOSED WORK 

The proposed AI-Driven Smart Traffic Management System introduces an innovative solution to optimize urban 
traffic flow using advanced AI techniques, specifically leveraging YOLOv8 for real-time vehicle detection and 
classification. Unlike traditional traffic control systems, this system dynamically adjusts traffic signals based on 
real-time traffic data, ensuring efficient traffic management and reducing congestion. The system can identify 
vehicles, assess traffic density, and control signal timing to minimize delays and improve road safety as detailed 
in figure 1.  
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Figure 1: Process Flow Diagram 

The platform offers scalability and adaptability for various urban environments, making it suitable for both small 
towns and large metropolitan areas. In addition to supporting a flexible signal control system that adapts to the 
traffic conditions of the moment, the integration of YOLOv8 offers high-accuracy identification of various 
vehicle types (such as cars, buses, and trucks). In order to provide smoother traffic flow during peak hours and 
less traffic congestion during off-peak periods, the system continuously monitors traffic and modifies the timing 
of red, yellow, and green lights based on vehicle count thresholds. Traffic managers may view real-time data 
visualizations, such as vehicle counts, traffic flow analytics, and signal statuses, thanks to the system's intuitive 
interface. Even people with little technical knowledge may easily observe and make decisions thanks to the user-
friendly dashboard. For city authorities, the system serves as an effective tool for traffic optimization and urban 
planning, offering actionable insights to improve road safety, reduce traffic-related emissions, and enhance the 
overall commuting experience. 
By leveraging AI and machine learning, the proposed system improves upon traditional traffic control methods 
by providing adaptive, data-driven solutions that enhance traffic management. It reduces the reliance on fixed 
signal timing and promotes efficient use of road infrastructure, contributing to the development of smarter, more 
sustainable cities. The Environmental Impact Reduction is directly proportion to reduction in Idling Tim e (IT) 
and Fuel Consumption (FC) as in equation 1. 

𝐸𝐼𝑅 ∝  ∆𝐼𝑇 +  ∆𝐹𝐶 

𝑆𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 (𝑆𝐼) = 𝑓 ( 𝐸𝐼𝑅, 𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑅𝑒𝑑𝑢𝑐𝑡𝑖𝑜𝑛, 𝑇𝑟𝑎𝑓𝑓𝑖𝑐 𝐹𝑙𝑜𝑤 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦) 

𝑆𝑚𝑎𝑟𝑡 𝐶𝑖𝑡𝑦 𝐶𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒 𝑆𝑐𝑜𝑟𝑒 (𝑆𝐶𝐶𝑆) ∝ 𝑆𝐼 ----(1) 

The system architecture as shown in figure 2, follows a structured approach to managing traffic signals using 
YOLO object detection. Firstly, the timer is initialized to a value considered as a reference for signal duration. 
The camera monitors the parallel lanes and analyzes the traffic density. The quality of the input video is 
improved through preprocessing and further used for detection identified and vehicles are classified with YOLO 
object detection model. The number of vehicles on each line is counted after the object detection. 
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Figure 2: Process Flow Diagram 

Based on the number of vehicle density detected a decision is made, if the vehicle density in one lane is less than 
the assigned threshold value, the next lane is monitored, further followed by the next lane. But if the density in 
any lane exceeds threshold, based on the density level the system sets priorities for lanes and accordingly 
calculates the time to be set for green light. 

 
Figure 3: Simulation Results-Screenshot 

The continuous feedback loop allows the system to optimize traffic flow, reducing waiting times and improving 
overall road efficiency. The simulation results are presented in figure 3. This implementation is designed to 
monitor traffic flow and regulate traffic signals using YOLOv8 for real-time object detection.  
Using computer vision, the system improves traffic flow by changing signal timings based on real-time traffic, 
instead of using fixed time schedules. OpenCV is used to work with video input. Each frame is read and 
processed from the video file resizing it to fit to the screen properly with clarity and easily accessible. The 
YOLOv8 model which is trained on the dataset is a powerful model, used to detect objects from input video 
accurately for traffic monitoring. While the model can identify different types of objects, this setup focuses only 
on certain vehicles like cars, trucks, and buses—since they are important for controlling traffic signals. 
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The size and position of the detected object in a frame is defined by bounding box as shown in equation 2. The 
coordinates of the bounding box, confidence score and class label are extracted from each object being 
processed. 

𝑂𝑏𝑗𝑒𝑐𝑡 (𝑖) = (𝐵௜ , 𝐶௜ , 𝐿௜)    𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑜𝑏𝑗𝑒𝑐𝑡 𝑖 𝑖𝑛 𝑓𝑟𝑎𝑚𝑒 𝐹 

𝑤ℎ𝑒𝑟𝑒, 𝐵௜ =  (𝑋௠௜௡, 𝑌௠௜௡, 𝑋௠௔௫ , 𝑌௠௔௫) = 𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝐵𝑜𝑥 𝐶𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠 𝑜𝑓 𝑂𝑏𝑗𝑒𝑐𝑡 𝑖 

𝐶௜ ∈  [0,1] = 𝑐𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑠𝑐𝑜𝑟𝑒 𝑜𝑓 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 

𝐿௜ ∈  ℒ = 𝐶𝑙𝑎𝑠𝑠 𝑙𝑎𝑏𝑒𝑙 𝑓𝑟𝑜𝑚 𝑝𝑟𝑒𝑑𝑒𝑓𝑖𝑛𝑒𝑑 𝑙𝑎𝑏𝑒𝑙 𝑠𝑒𝑡 ℒ   -------------(2) 

The confidence score indicates the accuracy of the detection. To ensure reliable results, only objects with a 
confidence score greater than 0.3 are considered valid vehicle detections as shown in equation 3. 

𝑉𝑎𝑙𝑖𝑑 (𝑖) =  ൜
𝑇𝑟𝑢𝑒, 𝐼𝑓 𝐶௜  > 0.3 𝑎𝑛𝑑 𝐿௜ ∈  {𝐶𝑙𝑎𝑠𝑠 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠}

𝐹𝑎𝑙𝑠𝑒, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 --------------(3) 

For each frame, the system counts the number of detected vehicles and updates the total vehicle count, providing 
a cumulative measure of traffic flow over time.  The proposed method is based on a predefined vehicle threshold 
of twenty-three vehicles per frame which is set as a condition to toggle the traffic signal light. If the vehicle 
count exceeds threshold, the signal turns green for stipulated time of 15 seconds and the countdown timer is 
started. Once the timer reaches zero the system recalculates the traffic condition in the next fames and decides 
whether signal should continue with green or switch back to red. This dynamic approach ensures that traffic flow 
is managed efficiently, reducing unnecessary waiting times and improving overall road traffic conditions.  
The processed video frame displays important information such as the number of vehicles detected in the current 
frame, total cumulative vehicle counts till current time, and traffic signal status. Bounding Box are drawn around 
the detected vehicle and cyzone library is used to display text overlays as shown in equation (4) ensuring clear 
and easy to understand information is displayed. 

𝑖𝑓 𝑉𝑎𝑙𝑖𝑑 (𝑖) = 𝑇𝑟𝑢𝑒, [𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑣𝑎𝑙𝑖𝑑 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑖 𝑖𝑛 𝑓𝑟𝑎𝑚𝑒 𝐹] 

𝑡ℎ𝑒𝑛 ∶ 𝑐𝑦𝑧𝑜𝑛𝑒. 𝑑𝑟𝑎𝑤𝐵𝑜𝑥(𝐹, 𝐵௜) 

𝑐𝑣𝑧𝑜𝑛𝑒. 𝑝𝑢𝑡𝑇𝑒𝑥𝑡(𝐹, 𝐿𝑖 +  + 𝑠𝑡𝑟(𝐶𝑖), 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 = 𝐵௜
௧௢௣_௟௘௙௧ 

𝑊ℎ𝑒𝑟𝑒: 𝐵௜ = 𝐵𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑏𝑜𝑥 𝑐𝑜𝑜𝑟𝑑𝑖𝑛𝑎𝑡𝑒𝑠 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑖 

𝐿௜ = 𝐶𝑙𝑎𝑠𝑠 𝐿𝑎𝑏𝑒𝑙, 𝐶௜ = 𝐶𝑜𝑛𝑓𝑖𝑑𝑒𝑛𝑐𝑒 𝑆𝑐𝑜𝑟𝑒, 𝑓 = 𝐶𝑢𝑟𝑟𝑒𝑛𝑡 𝑉𝑖𝑑𝑒𝑜 𝑜𝑟 𝐼𝑚𝑎𝑔𝑒 -------------(4) 

The system continues processing frames in a loop until the user manually exits by pressing the 'q' key. This 
allows for continuous real-time monitoring of traffic conditions. The implementation is built using Python, with 
key dependencies including YOLOv8 for object detection, OpenCV for video processing, and cvzone for 
visualization enhancements.  
By integrating these technologies, the system provides an intelligent approach to traffic signal control, moving 
away from traditional time-based signals and towards adaptive traffic management. The experimental results of 
the traffic management system using YOLO object detection demonstrate its ability to dynamically regulate 
traffic signals based on real-time vehicle density as in equation 5.  

𝐹௧ = 𝐹𝑟𝑎𝑚𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

𝐷௧ =  {(𝐵௜ , 𝐶௜ , 𝐿௜)} = 𝑆𝑒𝑡 𝑜𝑓 𝑑𝑒𝑡𝑒𝑐𝑡𝑒𝑑 𝑜𝑏𝑗𝑒𝑐𝑡𝑠 𝑖𝑛 𝐹௧ 𝑢𝑠𝑖𝑛𝑔 𝑌𝑂𝐿𝑂 

𝑉௧ =  {𝑖|𝐿௜ ∈ 𝑉𝑒ℎ𝑖𝑐𝑙𝑒𝐶𝑙𝑎𝑠𝑠𝑒𝑠 ⋀ 𝐶௜ > 0.3} 

= 𝑣𝑎𝑙𝑖𝑑 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

𝜌௧ = |𝑉௧|, 𝑇௚௥௘௘௡ = 𝑓(𝜌௧) 

𝑤ℎ𝑒𝑟𝑒: 𝜌𝑡 𝑖𝑠 𝑟𝑒𝑎𝑙 𝑡𝑖𝑚𝑒 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑐𝑜𝑢𝑛𝑡, 

𝑓 𝑖𝑠 𝑠𝑖𝑔𝑛𝑎𝑙 𝑡𝑖𝑚𝑖𝑛𝑔 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 

𝑇𝑔𝑟𝑒𝑒𝑛 𝑖𝑠 𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑓 𝑔𝑟𝑒𝑒𝑛 𝑠𝑖𝑔𝑛𝑎𝑙 𝑓𝑜𝑟 𝑎 𝑔𝑖𝑣𝑒𝑛 𝑙𝑎𝑛𝑒 ------(5) 
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The system processes video input from multiple lanes and applies YOLO-based object detection to classify 
vehicles such as cars, trucks, and buses. The density of traffic is determined by vehicle count on-road and the 
signal timings are adjusted accordingly. The method yields good results with YOLO which classifies and 
identifies different vehicles. The vehicles with confidence scores above thirty percent are considered for traffic 
density estimation. This method reduces false detection and improves the reliability of systems decisions. The 
total vehicle count is updated efficiently with successive frames allowing cumulative analysis of traffic trends.  
The signal light is changed for a duration of fifteen seconds once the vehicle count exceeds threshold enabling 
the congested lane to clear. The signal color remains unchanged if the vehicle count is less than the threshold. 
The real-time display of signal status and vehicle count on the video frame allowed clear visualization of the 
system’s decision-making process. The implementation of a dynamic green signal timer ensured that the system 
was responsive to fluctuations in traffic density, improving efficiency compared to traditional fixed-time signals 
as shown in figure 4 and 5. 

  

Figure 4: Results depicting frame vehicles 22 and green signal for 13 
seconds 

Figure 5: Results Depicting Signal turning RED when the 
vehicle count is below threshold 

The results highlighted the effectiveness of the system in adapting to traffic conditions in real-time. The 
detection accuracy remained high across different video frames, with minimal misclassifications. The system’s 
ability to count vehicles dynamically and adjust signals accordingly demonstrated its potential for practical 
deployment in urban traffic management. The automated decision-making reduced unnecessary waiting times, 
making traffic flow more efficient. Queue length, Throughput, Average Speed Per Lane, Average Vehicle Wait 
Time, Carbon dioxide emission estimate and waiting time comparison of existing system with proposed system 
are the parameters considered for evaluation. 

A. Queue Length 

Little’s formula L = λW is used queue length calculation, where L is the average queue length, λ is the arrival 
rate of vehicles, and W is the average time a vehicle spends in the system, AT is Arrival time, DT is the 
Departure Time. Figure 6 depicts approximately 30-35 percent improvement in vehicle waiting time at traffic 
queue. 

𝑄𝐿 = 𝑄𝐿(𝑡 − ∆𝑡) + [𝐴𝑇(𝑡) − 𝐴𝑇(𝑡 − ∆𝑡)] − [𝐷𝑇(𝑡) − 𝐷𝑇 (𝑡 − ∆𝑡] 

 
Figure 6: Average Queue Length per Lane 
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B. Throughput  

Throughput is defined as number of vehicle Departures by green signal time (T0 to T1) i.e number of vehicles 
crossing stop-bar per unit time. Figure 7 shows around 50 to 60 percent improvement in throughput, i.e. number 
of vehicles crossing the signal. 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 (𝑊) = 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒(𝑇ଵ) − 𝐶𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒 𝐷𝑒𝑝𝑎𝑟𝑡𝑢𝑟𝑒(𝑇଴) 

 
Figure 7. Throughput-Number of Vehicles passing the signal 

C. Average Speed Per Lane 

Average vehicle speed observed in a particular lane, measured in kilometers per hour (Kmph). It is the ratio of 
number of vehicles in bounding window W to the average vehicle speed. 

𝐴𝑆𝑃𝐿 =
1

𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠 
𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑖𝑛 𝑤𝑖𝑛𝑑𝑜𝑤 𝑊

𝑠𝑢𝑚 𝑜𝑓(𝑎𝑣𝑔 𝑠𝑝𝑒𝑒𝑑 𝑜𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒𝑠)  

D. Average Vehicle Wait Time 

This metric represents the duration a vehicle spends waiting at signal before leaving. It helps assess traffic 
efficiency and congestion levels. Ti

j is the time when vehicle joins the signal queue and Ti
s is the time when 

vehicle is served or leaves the signal. Figure 8 shows considerable improvement of 30 to 35% in average vehicle 
wait time of the proposed method. 

𝑊𝑇 = 𝑇௜
ௌ −  𝑇௜

௃ 

 
Figure 1. Average Vehicle Wait Time 

E. Carbondioxide emissions estimate 

This metric as shown in figure 9 is the calculation of Estimated level of carbon dioxide (CO₂) emitted by 
vehicles within the observed traffic system in grams per minute for idle and moving case. Proposed method 
shows an improvement of 20 to 25 percent over exisiting system. 
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𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 (𝑔𝑟𝑎𝑚𝑠 𝑝𝑒𝑟 𝑚𝑖𝑛𝑢𝑡𝑒) =  (𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒(𝐼𝑑𝑙𝑒 𝑇𝑖𝑚𝑒)) + (𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟(𝑀𝑜𝑣𝑖𝑛𝑔)) 

𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 (𝑆𝑖𝑔𝑛𝑎𝑙) = 𝑆𝑢𝑚𝑜𝑓 ((𝐸𝑅ூௗ௟௘ ்௜௠௘ ∗ 𝑇ூௗ௟௘ ்௜௠௘) + (𝐸𝐹ெ௢௩௜௡௚ ∗ 𝐷)) 

 
Figure 2. Carbon dioxide Emission Estimate 

F. Traditional System Vs Proposed System 

This metric focuses on the average vehicle waiting time comparison between conventional traffic management 
approaches and the newly proposed intelligent system. Here WTTS and WTPS is the waiting time of Traditional 
and Proposed System. 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑚𝑒𝑛𝑡 𝑖𝑛 𝑊𝑎𝑖𝑡𝑖𝑛𝑔 𝑇𝑖𝑚𝑒 = (𝑊𝑇்ௌ −  𝑊𝑇௉ௌ) 

𝐼𝑚𝑝𝑟𝑜𝑣𝑒𝑑 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒 = 10 ∗ ቆ
𝑊𝑇்ௌ −  𝑊𝑇௉ௌ

𝑊𝑇்ௌ ቇ 

IV. CONCLUSION 

In conclusion, the proposed system presents a scalable and efficient solution to traffic congestion problems by 
utilizing AI-based object detection for intelligent traffic signal control. The results demonstrate that the model is 
effective in optimizing traffic flow while maintaining high detection accuracy. Future enhancements can focus 
on improving detection robustness under varying environmental conditions, integrating IoT-based traffic sensors, 
and implementing reinforcement learning techniques for even more adaptive signal control strategies.  
Additionally, more advanced traffic management algorithms could be incorporated to optimize traffic flow based 
on historical data, weather conditions, or time-of-day patterns. These enhancements could make the system even 
more effective in reducing traffic congestion and improving urban mobility. The system's ability to process video 
frames continuously and update signal timings in real-time enhances its practicality for real-world deployment. 
The integration of a dynamic green signal ensures that congested lanes receive priority, improving road 
efficiency. The framework can be further extended to incorporate additional features such as pedestrian 
detection, emergency vehicle prioritization, and adaptive signal control based on historical traffic patterns 
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