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ABSTRACT- The Indian traffic control system faces lots of difficulties due to the increasing volume of vehicles, ineffective 

systems for traffic administration during peak hours, and the frequent need for manual intervention due to the inadequate 

performance of traffic signals in managing heavy traffic flow. Traditional traffic lights in India have defined timings for each lane, 

which frequently cause longer traffic jams in lanes with more traffic. This study presents an intelligent traffic control system that 

incorporates the YOLOv9 model for real-time traffic length prediction and intelligently allocates green, red, and orange signal 

timings. YOLOv9 builds a bounding box that allows it to compute vehicle density precisely by enclosing the initial and final cars 

in every frame. As a comparison with traditional fixed-time methods, the proposed approach recalculates traffic signal timings at 

each cycle based on the recorded length of traffic. In order to ensure that emergency services respond more quickly, the system 

efficiently prioritizes emergency vehicles by quickly moving them from their lane when they are spotted. This adaptive strategy 

aligns signal duration with real traffic demand, boosting overall traffic efficiency and regulating traffic flow by reducing unnecessary 

wait times for low-traffic lanes. In comparison to fixed-timing systems and object detection strategies, our research on adaptive 

traffic systems reveals a 66% to 77% decrease in vehicle delay. Compared to traditional fixed-timing approaches, the proposed 

method demonstrates significant enhancements in effectively managing traffic congestion. 
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░ 1. INTRODUCTION  
India has a population of 1.44 billion, with over 354 million 

registered vehicles and an average of 20 million new vehicle 

registrations each year. The major cities in India, such as  

 

Mumbai and Kolkata, are frequently congested by traffic due to 

their extreme density, where more than 24,000 people are living 

per square kilometer [1]. In the morning, a substantial part of 

the population travels to work, and in the evening, they return 

to their homes, creating peak traffic periods. On continuous 

weekends or major festivals like Diwali and Dussehra, many 

people travel to their native place, leading to specific lanes 

experiencing prolonged congestion at particular times, making 

traffic problems worse [2]. Fixed-timing signals waste 

important signal time and lead to congestion as they are 

incapable of adjusting the flow of traffic in real time, which can 

result in a long vehicle queue at some intersections while other 

lanes remain empty [3]. Approximately twenty-four thousand 

individuals in India lose their lives every day as a consequence 

of traffic-related delays in receiving medical attention. Twenty 

percent of the deaths of emergency patients are caused by traffic 

congestion. Manual traffic signals are frequently deactivated in 

situations of extreme traffic congestion, leading to the active 

management and direction of vehicle movement by police 
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officials on the site in order to alleviate the congestion [4]. The 

fixed-interval traffic signal-based traffic management system 

has the following difficulties: 
 

• The allocation of identical time to each lane leads to 

inefficiencies as lanes with heavier traffic remain uncleared 

within the allocated time, whereas lanes with lighter traffic 

remain idle, leading to a considerable waste of valuable traffic 

time. 

• Ineffective traffic clearing frequently causes emergency 

patients to not reach the hospital in time, which can result in 

preventable deaths [5]. 

• To deal with a lengthy traffic situation, traffic lights must be 

turned off, requiring personal intervention. 

• Extended traffic clearance times increase vehicle emissions 

significantly, leading to higher carbon emissions, adversely 

impacting the environment [6]. 

 

Irrespective of the actual traffic density, traditional traffic 

control systems usually use predetermined signal timings, 

which can result in inefficiencies such as longer wait times, 

more traffic, and higher fuel consumption. According to several 

studies, the dynamic modification of signal durations in 

response to actual traffic demand in adaptive, real-time systems 

might greatly improve traffic flow, reduce carbon emissions, 

and increase road safety [7]. Some studies track the number of 

vehicles in each lane to adjust the timing of traffic signals. 

When traffic density is high, this strategy faces restrictions 

because object identification algorithms frequently have trouble 

correctly identifying cars in lengthy lines. Only seeing car roofs 

limits the algorithm's field of vision, which results in 

insufficient detection and erroneous corrections for long traffic 

lines [8].  
 

Our proposed approach presents a revised application of length-

based bounding box metrics when combined with YOLOv9 for 

real-time signal optimization, designed specifically for Indian 

traffic situations, which are frequently characterized by non-

uniform vehicle shapes, unstructured lanes, and significant 

occlusion. In contrast to prior studies, which rely exclusively on 

vehicle count or fixed-length assumptions, our approach 

computes the actual physical span of traffic by employing 

bounding boxes from the first to the last identified vehicle in the 

lane. We implemented an automated traffic control system that 

uses YOLOv9 to represent the traffic density in each lane by 

drawing bounding boxes around vehicles, and then the length 

of traffic is precisely estimated in real time by analyzing these 

bounding boxes. The proposed system automatically adjusts the 

green, orange, and red signal timings for optimal traffic flow in 

real-time based on the estimated traffic length for each lane. The 

detection of bounding boxes for each lane, calculation of traffic 

length, and adjustment of traffic signals are performed in real-

time during each traffic light cycle. Additionally, the system 

uses YOLOv9 to recognize emergency vehicles, such as 

ambulances, and the system prioritizes lane clearance as soon 

as an emergency vehicle is detected until the vehicle has passed 

[9].  
 

After being cleared, the signals resume their regular sequence 

until the cycle completes. In contrast to conventional YOLO 

object prediction techniques, which frequently fail to identify 

cars at larger distances because of visual constraints, the 

suggested solution uses bounding boxes to determine the traffic 

length effectively. By removing the need for vehicle detection, 

this method improves accuracy, especially in crowded or distant 

areas. By converting bounding box lengths from pixels to 

meters, the system enables real-time traffic length estimation. 

This guarantees accurate lane-by-lane traffic light timing 

adjustments based on real traffic density, improving traffic 

control and reducing wait times. Without requiring considerable 

object detection model retraining or adaptation, the technique is 

easily scalable to multi-lane intersections and different traffic 

circumstances. Because of this, it can be used in a variety of 

urban situations. Perfect vehicle detection is a crucial aspect of 

YOLO object prediction, but it might be hampered by 

occlusions, bad weather, or poor image quality. The suggested 

approach lessens mistakes brought on by these restrictions by 

concentrating on traffic length estimation rather than individual 

car counts. 

 

░ 2. LITERATURE REVIEW 
 

The author P. Kunekar et al. implemented a convolutional 

neural network (CNN) and a self-adaptive and robust optimizer 

for deep learning-based congestion reduction in their smart 

transportation management system. Using the algorithm, the 

traffic density is determined, considering the quantity of 

vehicles and their kind, such as trucks, cars, or bicycles. The 

lack of designated lanes for various vehicle categories makes it 

difficult to determine the exact number of vehicles. 

Furthermore, it might be challenging to get an accurate vehicle 

count when larger vehicles are positioned in front, which can 

obscure smaller vehicles behind them [10].  
 

Vehicle tracking in smart traffic management is particularly 

difficult when there are obstructions, clutter, changes in the 

lighting in the real world, scene circumstances, and camera 

viewpoint. The A. A. Ahmed et al. proposed an urban traffic 

control system that incorporates techniques such as vehicle 

counts, process control, and lane evaluation. Through a line-of-

sight link, the infrared transmitter used in the invention 

continuously sends signals to the ground-based detector. Two 

timers are triggered when a vehicle interrupts the initial infrared 

sensor, marking entry at time 't' and exit at 't+1', allowing for 

the estimation of the vehicle's length. Speed is calculated as the 

interval between two infrared connection interruptions spaced 

one meter apart. The controller modifies the lights according to 

the computed speed and traffic density. The results showed that 

the average waiting time for all vehicles during the simulation 

period was reduced by 25.98%, and for no interference 

movement flow, it was reduced by 34.16% [11].  
 

The author, M. Sharma et al., counts the number of vehicles 

crossing a predetermined line while detecting and tracking 

vehicles on a video stream using YOLO and SORT. The 

reference line is positioned 100–120 meters ahead of the red 

light in order to determine the number of cars that are crossing 

that line. The system optimized the traffic lights by assigning 

them time according to the traffic behavior in real-time, 

depending on the calculated count of vehicles for each side of 
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the traffic light. The system's weaknesses are that the accuracy 

gets impacted as dark vehicles may not always fulfill the 

detection criterion and when vehicles are close to one another 

or have significant shadows. That night, sceneries are difficult 

to resolve since headlight beams can produce large areas that 

meet threshold criteria [12].  
 

To address the issue of traffic congestion, S. M. M. Azad et al. 

implemented intelligent traffic signal control using a 

reinforcement learning (RL) approach. This approach 

introduced a smart traffic light system designed for both a single 

intersection and two interconnected intersections, aiming to 

minimize vehicle waiting times at intersections. When 

compared to a traditional static traffic signal system, the 

suggested solution showed a 34% decrease in average vehicle 

queue time for the single intersection scenario. The 

performance of independent and interconnected agents was 

investigated in the context of two intersections. According to 

the results, overall waiting periods were shorter when the agents 

were treated as independent than when they were integrated. 

Agents were able to make well-informed decisions by using 

data that was taken from discrete action regions [13]. 
 

K. Balint et al. introduced an innovative solution to the adaptive 

traffic signal control (TSC) problem by integrating a unique 

combination of state representation, a novel reward mechanism, 

and a simplified action space. In order to provide clear 

recommendations for decision-making, the suggested 

framework makes use of the policy gradient algorithm, which 

forecasts the likelihood of choosing among the available 

options for every state. The training environment for the 

algorithm is designed using SUMO (Simulation of Urban 

Mobility), a widely used simulation tool for urban traffic 

systems. After training, the model's performance was examined 

in a variety of novel settings to thoroughly assess how well it 

could generalize. Promising developments in adaptive traffic 

management are demonstrated by the combination of improved 

state representation, a new reward formulation, and a simplified 

action space [14]. 
 

The increasing number of vehicles on roads has highlighted the 

need for advanced and efficient traffic signal control systems. 

To address this issue, the study proposed by A. R. Mou 

leverages image-based traffic density estimation using cameras 

mounted on traffic posts. To detect and quantify vehicles, this 

simple and efficient method is utilized, which integrates a 

YOLO classifier with a fuzzy controller. This system 

periodically captures images, processes them with a cascade 

classifier for calibration, and utilizes the fuzzy controller to 

evaluate the density of traffic. This method evaluates vehicle 

density across multiple images captures to dynamically modify 

traffic signal timings. The output function of the fuzzy 

controller makes it possible to make decisions about signal 

operation in real time, which makes the traffic management 

system more responsive. These advancements demonstrate a 

promising direction for modern traffic signal optimization [15]. 

Even with dedicated lanes for different kinds of vehicles, 

passenger waiting periods at traffic signals are still somewhat 

lengthy. Novel approaches that make use of artificial 

intelligence have been investigated to address these issues by 

B.R. Prathap et al. In order to optimize time allocation at 

intersections, this intelligent monitoring system combines 

dynamic signal-switching algorithms with image processing 

techniques. To determine the density of traffic, YOLOv4 was 

integrated to evaluate the captured real-time pictures at traffic 

intersections. According to the simulation results, the suggested 

solution performs significantly better than the current approach 

in terms of the volume of traffic that crosses the intersection 

[16].  
 

N. Sakhare et al. introduced a novel approach leveraging the 

Internet of Things (IoT) and advanced image processing 

techniques utilizing the YOLO algorithm. This adaptive traffic 

control system precisely identifies and counts vehicles by 

analyzing real-time data from camera-monitored lanes. A 

dynamic algorithm uses this data to determine the best waiting 

durations for every lane, allowing for an effective distribution 

of signal timings. By significantly reducing average vehicle 

wait times, this strategy improves traffic flow overall [17].  
 

This study tries to resolve the outlined research gap by exposing 

the limitations of existing approaches. While several studies 

have employed YOLO-based object identification to estimate 

traffic density, the majority rely on vehicle counting, line-

crossing logic, or image-based classification, which are 

susceptible to inaccuracies in occluded, overlapped, or 

shadowed situations. In addition, traditional regulation of traffic 

methods, including some adaptive systems, fails to dynamically 

modify signal timings in real time depending on spatial 

parameters such as traffic length. YOLO-based algorithms 

frequently struggle to detect objects effectively in 

circumstances with dense, extremely congested, unstructured, 

or partially obscured traffic, reducing the reliability of vehicle 

count-based traffic control systems. 

 

░ 3. METHODOLOGY 
 

The proposed traffic management system captures images of 

traffic in each lane and utilizes the YOLOv9 object detection 

model to identify and highlight regions of traffic by drawing 

bounding boxes [18-20]. These bounding boxes' lengths, 

expressed in pixels, are subsequently translated into actual units 

of measurement such as meters. In order to maximize traffic 

flow, the system dynamically allots signal durations for each 

lane based on the overall traffic length determined for all lanes. 

In situations where an emergency vehicle is detected, the system 

prioritizes clearing the lane containing the emergency vehicle, 

maintaining the green signal until the vehicle has passed. 

  

YOLOv9 outperforms its predecessors, YOLOv8 and 

YOLOv7, in terms of handling obstructed and congested scenes 

due to the incorporation of GELAN and PGI modules. These 

architectural advancements boost detection robustness, making 

YOLOv9 suitable for dynamic and visually complicated traffic 

scenarios. In this study, we have used YOLOv9 as the primary 

object detection model and fine-tuned it using a custom-built 

dataset designed specifically for Indian traffic circumstances. 

The collection was selected from video footage captured at 

several metropolitan junctions at different times of day, yielding 

over 3,000 annotated frames representing a variety of vehicle 

http://www.ijeer.forexjournal.co.in/


                                                 International Journal of 
               Electrical and Electronics Research (IJEER)  

Open Access | Rapid and quality publishing                                            Research Article | Volume 13, Issue 2 | Pages 287-295| e-ISSN: 2347-470X 

 

Website: www.ijeer.forexjournal.co.in                                                     Real-Time Traffic Light Optimization Using Yolov9 290 

types, including cars, buses, etc., under tough conditions such 

as occlusion, clutter, and changing lighting. The model was 

fine-tuned for 100 epochs with this dataset. The training 

configuration used a batch size of 16, an image resolution of 

640×640, and used the SGD optimizer with momentum. 

Bounding box regression was performed using a 0.001 learning 

rate and a cosine decay scheduler, and Complete IoU (CIoU) 

loss was applied.  
 

Traffic lane recordings were captured and processed with 

YOLOv9 to create bounding boxes around vehicles. The entire 

traffic length has been estimated using these detections in order 

to dynamically change signal timings. The visualization was 

carried out in PyCharm to show traffic accumulation and time 

allocation, ensuring smooth vehicle flow when the green signal 

is enabled. The architecture of the proposed system is illustrated 

in figure 1. 
 

 

Figure 1.  Architecture of proposed traffic control system 

3.1. Draw Bounding Boxes 
The computer vision architecture YOLOv9, which offers object 

detection and image segmentation, introduces innovative ideas 

such as Generalized Efficient Layer Aggregation Network 

(GELAN) and Programmable Gradient Information (PGI) to 

improve the accuracy and efficiency of object detection tasks. 

With attention on preventing information loss and improving 

network efficiency, the YOLOv9 framework offers an 

innovative approach to solving fundamental challenges in 

object detection using deep learning [21]. 

3.1.1. The Information Bottleneck Principle 

The loss of information during data transformation in a neural 

network is described by the Information Bottleneck Principle 

[22].  
 

I(X, X) ≥ I(X, fθ(X)) ≥ I(X, g∅(fθ(X))                  (1) 
 

Data X loses important information required for accurate 

forecasts as it moves through the layers (fθ and gϕ) of a deep 

neural network, leading to model convergence being hampered 

and gradients becoming unstable. The f and g stand for 

transformation functions with parameters θ and ϕ, respectively; 

I stands for mutual information. 
 

3.1.2. Reversible Functions 

YOLOv9's reversible functions tackle the issue of information 

loss in deep networks' forward passes, which is crucial for 

applications requiring accurate object detection. These 

functions guarantee that the original input data can be 

accurately recreated from the network's outputs by enabling the 

reversal of data transformations [23]. 
 

𝑋 = 𝑣𝜁 (𝑟𝜓(𝑋))                       (2) 

 

The ψ and ζ are the parameters for the forward and reverse 

transformation functions, r and v, respectively. 

3.1.3. Programmable Gradient Information 

PGI offers programmable control over gradient computation to 

emphasize certain learning process aspects, including 

preserving important information from the input or intermediate 

layers, minimizing gradient dilution, particularly in very deep 

networks, and improving feature learning for particular tasks 

like localization or object detection. Let ∇L denote the gradient 

of the loss function L with respect to the model's parameters 

[24]. PGI introduces a scaling factor α at layer l, such that: 

 

∇ 𝐿1 = α1. ∇𝐿1
𝑟𝑎𝑤                (3) 

 

Where, ∇𝐿1
𝑟𝑎𝑤is the raw gradient at layer l. 

 

3.1.4. Generalized Efficient Layer Aggregation Network 

An improved network architecture called the GELAN was 

created to maximize the aggregation of features from several 

layers in deep learning models. It is especially useful for object 

detection tasks performed by YOLOv9 as it aims to retain 

computational efficiency, increase gradient propagation, and 

improve information flow across the network [25]. 
 

3.2. Traffic Length Calculation 
In order to determine the actual length of traffic, we installed a 

camera 10 feet above the ground to capture pictures of different 

traffic lengths. Bounding boxes were drawn around the traffic 

areas in the captured photos using YOLOv9. Subsequently, the 

bounding box lengths in pixels were noted along with the 

corresponding actual traffic lengths in meters. By plotting pixel 

lengths against real-world distances in meters, we derived the 

following equation to estimate the relationship between pixel 

lengths and actual distance. where y is the length of the traffic 

in meters, x is the length of the bounding box in pixels, and α 

and n are curve-fitted constants [26-28]. 

 

                     𝑦 = 𝛼 ∗ 𝑥𝑛                                         (4) 
 

3.3. Calculate Signal Timers 
The proposed system allocates signal time to each lane based 

on the traffic length, ensuring that each lane has sufficient time 

to clear its vehicles efficiently. 
 

𝑇𝑙
𝑛=Traffic length for each lane where n is number of lanes. 

 

𝑆𝑡
𝑛=Time allocated for each lane where n is number of lanes. 

 

Tl=Total traffic length where 𝑇𝑙 = 𝑇𝑙
1 + 𝑇𝑙

2+. . +𝑇𝑙
𝑛 

http://www.ijeer.forexjournal.co.in/
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St=Total traffic signal time where 𝑆𝑡 = 𝑆𝑡
1 + 𝑆𝑡

2+. . +𝑆𝑡
𝑛 

 

The traffic clearance time for each lane is determined using 

equation 5. 

              𝑆𝑡
𝑛 =

𝑇𝑙
𝑛 ∗ 𝑆𝑡

𝑇𝑙

                                              (5) 

 

Consider a scenario with four lanes, each controlled by red, 

green, and orange traffic signals. Following the calculation of 

signal durations, the system will activate the green light for 

Lane 1, followed by the orange and red signals in sequence. For 

lanes 2 and 3, the initial signal is red, transitioning to green and 

then orange before returning to red. In the case of Lane 4, the 

cycle begins with a red light, followed by green and orange, 

with subsequent recalculation performed at the end of each 

cycle to determine signal timings for the next cycle. The 

calculation for the lane 1 signal is expressed below. In this 

study, we assume a fixed duration S0 for all orange signals, 

which are triggered immediately after the green light. As a 

warning indication, the orange signal alerts vehicle drivers to be 

ready for the coming red light and proceed with care. 
 

               𝑆𝑜𝑡
𝑛 = 𝑆𝑜                                                   (6) 

 

Lane1 signals (Green [𝑆𝑔𝑡
1 ], Orange [𝑆𝑜𝑡

1 ], Red [𝑆𝑟𝑡
1 ]) 

calculations are as below: 

 

           𝑆𝑔𝑡
1 = 𝑆𝑡

1 − 𝑆𝑜                                             (7) 

            𝑆𝑟𝑡
1 = 𝑆𝑡 − 𝑆𝑡

1                                           (8) 

Lane2 signals (Red [𝑆𝑟1𝑡
2 ], Green [𝑆𝑔𝑡

2 ], Orange [𝑆𝑜𝑡
2 ], Red 

[𝑆𝑟2𝑡
2 ]) calculations are as below: 

 

        𝑆𝑟1𝑡
2 = 𝑆𝑡

1                                                    (9) 

       𝑆𝑔𝑡
2 = 𝑆𝑡

2 − 𝑆𝑜                                           (10) 

      𝑆𝑟2𝑡
2 = 𝑆𝑡 − (𝑆𝑡

1 + 𝑆𝑡
2)                             (11) 

Lane3 signals (Red [𝑆𝑟1𝑡
3 ], Green [𝑆𝑔𝑡

3 ], Orange [𝑆𝑜𝑡
3 ], Red 

[𝑆𝑟2𝑡
3 ]) calculations are as below: 

 

𝑆𝑟1𝑡
3 = 𝑆𝑡

1 +  𝑆𝑡
2                                              (12) 

𝑆𝑔𝑡
3 = 𝑆𝑡

3 − 𝑆𝑜                                               (13) 

𝑆𝑟2𝑡
3 = 𝑆𝑡 − (𝑆𝑡

1 + 𝑆𝑡
2 + 𝑆𝑡

3)                     (14) 

Lane4 signals (Red [[𝑆𝑟𝑡
4 ]], Green [𝑆𝑔𝑡

4 ], Orange [𝑆𝑜𝑡
4 ]) 

calculations are as below: 
 

𝑆𝑟𝑡
4 = 𝑆𝑡

1 + 𝑆𝑡
2 + 𝑆𝑡

3                                  (15) 

𝑆𝑔𝑡
4 = 𝑆𝑡

4 − 𝑆𝑜                                              (16) 

 

3.4. Update Signal 
The Update Signal module adjusts the traffic signals based on 

the calculated timings. When an emergency vehicle exists, it 

overrides the normal sequence, halts other signals, and 

prioritizes clearing traffic in the lane of the emergency vehicle. 

After that, the system continues to function in accordance with 

the algorithm's instructions. 
 

3.5. Operational Flow 
The algorithms for the Dynamic Traffic Signal Control and the 

Emergency Vehicle Monitoring are described in detail below. 

3.5.1. Dynamic Traffic Signal Control Algorithm 

Input: Real-time images from lane cameras 

Output: Optimized signal durations for each lane (Red, 

Green, Orange) 

Begin 

    while True do 

        // Step 1: Capture pictures for every lanes. 

        For each lane n from 1 to N do 

            image[n] ← captureImageFromCamera(n) 

        // Step 2: Detect vehicles with YOLOv9 to estimate 

traffic length. 

        For each lane n from 1 to N do 

            boundingBoxes[n] ← YOLOv9(image[n]) 

            pixelLength[n] ← 

measureTrafficPixelLength(boundingBoxes[n]) 

        // Step 3: Transform pixel length into actual meter 

scale. 

        For each lane n from 1 to N do 

            trafficLength[n] ← pixelToMeter(pixelLength[n]) 

        // Step 4: Determine the total traffic length. 

    totalTrafficLength ← Σ (trafficLength[n] for n = 1 to N) 

        // Step 5: Define total signal cycle time (St) 

        totalSignalTime ← predefinedCycleTime 

        // Step 6: Estimate signal time for each lane by 

examining traffic ratios. 

        For each lane n from 1 to N do 

            signalTime[n] ← (trafficLength[n] * 

totalSignalTime) / totalTrafficLength 

        // Step 7: Allocate green, orange, and red signal 

timings. 

        For each lane n from 1 to N do 

            orangeTime[n] ← Sₒ // fixed 

            greenTime[n] ← signalTime[n] - Sₒ 

            If n = 1 then 

                redTime[n] ← totalSignalTime - signalTime[n] 

            Else if n < N then 

                redTime1[n] ← Σ(signalTime[k]) for k = 1 to 

n−1 

                redTime2[n] ← totalSignalTime - 

Σ(signalTime[k]) for k = 1 to n 

            Else 

                redTime[n] ← Σ(signalTime[k]) for k = 1 to n−1 

        // Step 8: Activate signals as per estimated times. 

http://www.ijeer.forexjournal.co.in/
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        updateTrafficSignals(greenTime,orangeTime, 

redTime) 

        // Step 9: Wait for the signal cycle to end 

        Wait(totalSignalTime) 

    end while 

End 

3.5.2. Emergency Vehicle Monitoring Algorithm 

Input: Real-time images from lane cameras 

Output: Adaptive traffic signal behavior to prioritize 

emergency vehicles. 

Begin 

    while True do 

        // Step 1: Capture pictures for every lane. 

        For each lane n from 1 to N, do 

            image[n] ← captureImageFromCamera(n) 

        // Step 2: Recognize emergency vehicles with 

YOLOv9 

        For each lane n from 1 to N, do 

            emergencyDetected[n] ← 

DetectEmergencyVehicleYOLOv9(image[n]) 

        // Step 3: Check for the appearance of emergency 

vehicles. 

        If ∀n emergencyDetected[n] == False, then 

            executeStandardTrafficAlgorithm() 

            continue loop 

        End If 

        // Step 4: Execute emergency vehicle logic 

        For each lane n from 1 to N do 

            If emergencyDetected[n] == True, then 

                If isGreenSignalActive(n) then 

                    maintainGreenSignal(n) 

                    While emergencyDetected[n] == True, do 

                        image[n] ← captureImageFromCamera(n) 

                        emergencyDetected[n] ← 

DetectEmergencyVehicleYOLOv9(image[n]) 

                    End While 

                    resumeNormalTrafficControl() 

                Else 

                    activateGreenSignal(n) 

                    maintainGreenSignal(n) 

                    While emergencyDetected[n] == True, do 

                        image[n] ← captureImageFromCamera(n) 

                        emergencyDetected[n] ← 

DetectEmergencyVehicleYOLOv9(image[n]) 

                    End While 

                    resumeNormalTrafficControl() 

                End If 

            End If 

        End For 

        // Step 5: Restart monitoring loop 

    end while 

End 

░ 4. RESULTS AND DISCUSSION 
 

4.1. Assessment Metrics 

Intersection Over Union (IoU): The IoU metric evaluates how 

well the anticipated bounding box aligns with the ground truth 

bounding box. Higher IoU indicates better localization. 

 

𝐼𝑜𝑈 =
𝐴𝑟𝑒𝑎 𝑜𝑓 𝑂𝑣𝑒𝑟𝑙𝑎𝑝

𝐴𝑟𝑒𝑎 𝑜𝑓 𝑈𝑛𝑖𝑜𝑛
=

𝐵𝑝 ∩  𝐵𝑔

𝐵𝑝 ∪  𝐵𝑔

             (17) 

 

The predicted bounding box is represented by Bp, while the 

ground truth bounding box is represented by Bg. The Bp∩Bg is 

the intersection or overlapping area, and Bp∪Bg is the union of 

the two boxes. 
 

Mean Average Precision (mAP): The mAP measures the 

object identification model's precision across various 

thresholds. It determines how well your model identifies and 

classifies items. 

mAP =
1

𝑁
∑ 𝐴𝑃𝑖          𝑊ℎ𝑒𝑟𝑒 Precision

𝑁

𝑖=1

=
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                           (18) 

 

where N is the total number of classes and APi is the average 

precision for class i. 
 

Traffic Length Estimation (TLE) Error (%): It predicts 

traffic length (based on object count or bounding box span) and 

the actual length of traffic on the road. 
 

𝑇𝐿𝐸 𝐸𝑟𝑟𝑜𝑟(%) = ‖
𝐿𝑝𝑟𝑒𝑑 − 𝐿𝑡𝑟𝑢𝑒

𝐿𝑡𝑟𝑢𝑒

‖

∗ 100                                      (19) 
 

Lpred refers to the predicted length, and Ltrue refers to the actual 

traffic length measured manually or using accurate tools. 
 

Adaptive Signal Accuracy: How accurately the system adjusts 

signal duration in response to actual traffic length. 
 

𝐴𝑑𝑎𝑝𝑡𝑖𝑣𝑒 𝑆𝑖𝑔𝑛𝑎𝑙 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦

= 1 −
𝑇𝑎𝑑𝑎𝑝𝑡𝑖𝑣𝑒 − 𝑇𝑖𝑑𝑒𝑎𝑙

𝑇𝑖𝑑𝑒𝑎𝑙

       (20) 

 

Where Tadaptive refers to the signal time calculated by your 

system and Tideal refers to the manually or historically optimal 

signal time. 
 

Computation Time per Frame: The average time, measured 

in milliseconds, that is required to process a single frame, which 

includes object recognition, bounding box drawing, and traffic 

length calculation. 
 

𝑇𝑓𝑟𝑎𝑚𝑒 (𝑚𝑠) = 𝑇𝑒𝑛𝑑 − 𝑇𝑠𝑡𝑎𝑟𝑡   ∗ 1000                 (21) 
 

Emergency Vehicle Detection Accuracy: How well 

emergency vehicles such as ambulances or fire engines are 

spotted.  
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Emergency Vehicle Detection Accuracy

=
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
       (22) 

 

TP refers to the correctly detected emergency vehicles, TN 

refers to the correctly detected non-emergency vehicles, FP 

refers to the non-emergency vehicle falsely marked as 

emergency, and FN refers to the emergency vehicle falsely 

marked as non-emergency. 
 

Handling Occlusions: A qualitative parameter that represents 

how effectively the model identifies partially obscured cars can 

be quantified by measuring recall for counting the missed 

detections in occluded zones. 

 

                Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                         (23) 

4.2. Comparison of Object Detection and the 

Bounding Box Approach 
The weaknesses of conventional object detection-based traffic 

management are demonstrated by a comparison between object 

detection alone and the suggested bounding-box-based traffic 

length prediction in figures 2 and 3.  
 

 
 

 

Figure 2. YOLOv9 Object Detection Method to Calculate Traffic 

Length 

 

 
 

 

Figure 3. YOLOv9 Bounding Box Approach to Calculate Traffic 

Length 

Even though object detection is effective for identifying 

individual vehicles, it often fails to detect all objects within a 

captured image because of occlusions, the surrounding 

environment, or object size variations. As a result, relying solely 

on object detection leads to inaccurate traffic estimations and 

inadequate signal modifications. On the other hand, the 

bounding box-based traffic length prediction enables accurate 

signal timing calculations for dynamic modifications and offers 

a more thorough perspective of the traffic volume. Table 1 

presents an examination of YOLOv9 object detection and 

bounding box-based length estimation using assessment 

metrics. The performance in handling occlusions is shown in 

table 2. 
 

░ Table 1. YOLOv9 Object Detection vs Bounding Box-

Based Length Estimation 
 

Parameter 
YOLOv9 (Vehicle 

Counting) 

YOLOv9 (Bounding 

Box-Based) 

Mean Average Precision 

(mAP) 
0.77 0.89 

Intersection Over Union 

(IoU) 
0.78 0.91 

Traffic Length 

Estimation Error (%) 
22% 4% 

Computation Time per 

Frame (ms) 
38ms 40ms 

Emergency Vehicle 

Detection Accuracy 
74% 91% 

Adaptive Signal 

Accuracy 
85% 94% 

 

░ Table 2. Performance in Handling Occlusions 
 

Parameter 
YOLOv9 (Vehicle 

Counting) 

YOLOv9 (Bounding 

Box-Based) 

Precision under 

Occlusion (%) 
76.3% 89.5% 

Recall under 

Occlusion (%) 
72.1% 87.8% 

F1-Score under 

Occlusion (%) 
74.1% 88.6% 

 

4.2. Evaluation of Bounding Box-Based Traffic 

Length Estimation through Simulation 
To visualize the proposed system, PyCharm was utilized, where 

traffic is randomly generated across four lanes. Each vehicle is 

given a certain speed at which it will cross the intersection 

during the green light. The visualization of YOLOv9's bounding 

box detections and the dynamic adjustments of signal timings 

were effectively rendered through its built-in graphical 

capabilities. The simulation results for traffic light optimization 

are shown in figure 4, where each lane's length is estimated 

using bounding boxes. This process ensures an accurate 

measurement of traffic density in each lane. Figure 5 

demonstrates the subsequent adjustment of traffic signals based 

on the calculated lane lengths. The average delay per vehicle 

has been estimated under heavy and moderate traffic conditions 

by adjusting the vehicle arrival speeds in each lane. These visual 

representations confirm the proposed system’s potential to 

effectively monitor and adapt to traffic conditions, optimizing 

signal timings to reduce congestion. 
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Figure 4. Traffic Signal Optimization Simulation (Draw Bounding 

Box) Using PyCharm 

 

 
 

Figure 5. Traffic Signal Optimization Simulation (Calculate Signal 

Time) Using PyCharm 

 

Experimental results demonstrate that the bounding box-based 

approach allows for more precise signal timing calculations, 

ensuring smoother traffic flow and reducing congestion. The 

technology automatically adjusts to changing traffic patterns, 

demonstrating its ability to manage complex urban traffic 

situations. Furthermore, the system's ability to prioritize 

emergency vehicles ensures timely clearance of such lanes, 

adding a layer of safety and efficiency. Table 3 provides a 

comparative analysis of the fixed-time signal method, object 

detection-based method, and bounding box-based approach in 

terms of traffic light optimization. 
 

░ Table 3. Comparison of Fixed-Time Signal, Fixed-Time 

Signal, and Bounding-Box-Based Method 
 

Parameter Fixed-Time 

Signal 

Object Detection 

Method [29-31] 

Bounding-Box-

Based Method 

Traffic Signal 

Timing 

Static 

timings 

Based on the 

count of detected 

vehicles 

Based on lane-

specific traffic 

length. 

Traffic Density 

Accuracy 

Low Moderate High 

Adaptability None Moderate High 

Average Delay per 

vehicle 

30 to 90 

seconds 

20–60 seconds 10 to 30 seconds 

Environmental 

Impact 

High 

emissions 

Moderate Low 

Performance in 

High Traffic 

Poor Moderate Excellent 

These results demonstrate how well the suggested methodology 

handles the difficulties with modern traffic management. The 

average delay in a bounding-box-based approach is 10–30 

seconds per vehicle, compared to 20–60 seconds for object 

detection and 30–90 seconds for fixed-time signals [30, 31]. 

With dynamic signal duration adjustments based on traffic 

length, the suggested approach minimizes vehicle delays by 

roughly 66% to 77%. This translates to an estimated time saving 

of 20 to 60 seconds per vehicle. 

 

░ 5. CONCLUSIONS 
The proposed traffic light optimization system demonstrates a 

significant improvement over traditional fixed-timing methods 

and conventional object detection-based approaches. The 

approach offers a more precise and dynamic method of 

controlling traffic lights by estimating traffic length using 

YOLOv9. The proposed approach relies on bounding box-

based traffic length estimation, in contrast to vehicle count-

based approaches, which frequently fail to identify vehicles at 

longer distances due to picture quality or occlusion. Signal 

timings for each lane can be precisely calculated and adjusted 

by converting this length from pixels to meters. This approach 

guarantees a more effective flow of traffic, reduces delays, and 

improves flexibility in response to actual traffic situations, 

especially in variable conditions. The results highlight the 

potential of combining deep learning-based traffic length 

detection with dynamic signal adjustment to address the 

limitations of existing techniques. This technology enables 

smarter and more responsive urban infrastructure by 

establishing the groundwork for future developments in 

intelligent traffic management systems. Our study on adaptive 

traffic systems suggests a 15% to 30% reduction in vehicle 

delay compared to fixed-timing systems. The proposed traffic 

light optimization system opens several avenues for future 

research and development. To further improve the accuracy of 

traffic signal modifications, one important avenue is the 

incorporation of other environmental elements, including 

weather, road infrastructure, and pedestrian movements. To 

provide a more inclusive traffic management framework, the 

system can also be expanded to handle multimodal traffic, such 

as bicycles and public transportation. 
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