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Abstract. There is a significant challenge in densely populated areas which is 

traffic management in traditional ways leading to increased travel time, fuel 

consumption, and environmental pollution.Traffic signal controls operate on 

pre-programmed timings, failing to adapt dynamically to real-time traffic condi-

tions. This paper describes an intelligent traffic control system with real-time 

vehicle recognition using You Only Look Once and predictive traffic signal 

control based on a Long Short-Term Memory network. The system uses video 

feed data for vehicle detection, traffic density estimation, and dynamic signal 

time adjustments according to levels of congestion. The system uses deep-

learning based approaches to reduce traffic and manage it efficiently which re-

duces congestions and the need for traditional traffic management methods. 

This also leads to reduces emission of CO from the vehicles during congestion 

due to lesser waiting time in the traffic signals. The system also detects acci-

dents and informs the nearby authorities or ambulance through notification 

which leads to faster assistance to the people in need. The need for expensive 

hardware is also eliminated through this system's use. 

Keywords:Traffic management, real-time vehicle recognition, YOLO, LSTM 

network, traffic signal control, deep learning, congestion reduction, accident de-

tection, emergency notification, dynamic signal adjustment 

1 Introduction 

Intelligent traffic monitoring systems with deep learning and computer vision capabil-

ities detect live vehicles while optimizing traffic flow. YOLO among other object 

detection models combines fast operation speed and precise vehicle identification 

which makes them ideal for time-sensitive applications. The Long Short-Term 

Memory network provides excellent performance in sequence-based predictions 

which enables systems to detect upcoming traffic congestion facilitating necessary 

adjustments to traffic signal timing. 

1.1 Challenges in Traditional Traffic Management Systems 

Current traffic control systems rely mainly on fixed-time cycles and do not account 

for actual traffic changes in real time. Even adaptive systems that use sensors as a 
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base are an improvement, but they come with the high cost of installation and mainte-

nance, poor scalability, and poor forecast of future trends in congestion. Further, traf-

fic congestion incurs economic costs by wasting fuel, causing prolonged travel time, 

and increasing greenhouse gas emissions. Traffic mismanagement also causes emer-

gency response delays, which impact public safety. The absence of real-time, predic-

tive control systems leads to ineffective traffic flow, rendering traditional systems 

inadequate for managing mounting vehicular loads. 

1.2 Proposed System and Key Contributions 

YOLOv8 serves as the live traffic detection system through intersection vehicle moni-

toring which provides accurate vehicle recognition and vehicle count capabilities to 

determine traffic density levels. Monkey models assist the system to read and predict 

future traffic congestion through processing historical traffic data which enables traf-

fic signal adjustments before problems develop. Real-time traffic conditions and sys-

tem predictions drive the adaptive signal timing system to optimize traffic signal con-

trol which consequently shortens congestion periods and travel periods. The system 

reduces fuel usage along with emission output by improving signal controls and cut-

ting down vehicle idle time. 

1.3 Integration with Smart City Infrastructure 

The proposed system functions as a component of smart city initiatives through com-

plete integration with present urban mobility systems. The implementation will use 

both CCTV along with edge computing equipment. The cloud-based traffic 

management technology allows different intersections to exchange data which bene-

fits the optimization of city-wide traffic flow. The system undergoes enhancement 

through IoT-based traffic controllers which enable real-time predictions to manage 

traffic signal operation at a distance. 

2  Literature Review 

The literature review shows the various papers and studies conducted in this field 

which include, 

2.1 Autonomous Smart Traffic Management System 

The authors present an AI-based Autonomous Smart Traffic Management System in 

their study which predicts vehicle traffic flow to modify traffic signal control. Traffic 

flow optimization happens through the analysis of historical data in the system. The 
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findings show encouraging results yet the research primarily operates through predic-

tive modeling because it does not use a modern real-time vehicle sensing system. 

2.2 Intelligent Traffic System for Urban Conditions Using Real-time Vehicle 

Detection 

The work presented in “Intelligent Traffic System for Urban Conditions Using Real-

time Vehicle Detection” investigates the use of deep learning models for dynamically 

adjusting traffic signals based on vehicle length. The system detects vehicles using 

computer vision techniques and optimizes signal timings to minimize congestion. 

However, the approach considers only vehicle length as a parameter, overlooking 

critical aspects such as traffic density and historical congestion patterns. Furthermore, 

the study lacks a detailed analysis of the system’s real-time performance and scalabil-

ity when deployed in complex urban environments. 

2.3 Real-Time Traffic Conflict Prediction at Signalized Intersections Using 

Deep Learning 

The authors develop a deep learning-based model termed Deep and Cross Network 

for live traffic conflict prediction at signalized intersections according to their re-

search in "Real-Time Traffic Conflict Prediction at Signalized Intersections Using 

Deep Learning". The research establishes deep learning techniques to detect risks and 

hazardous conditions with success. The predictive model shows effectiveness in iden-

tifying congestion areas but it lacks features to adaptively control traffic alongside 

congestion prevention functions. A weakness of this model lies in its inability to con-

nect with real-time vehicle detection systems because of incomplete integration. 

2.4 Deep Learning in Traffic Flow Control and Prediction for Traffic 

Management 

The research in “Deep Learning in Traffic Flow Control and Prediction for Traffic 

Management” evaluates deep learning applications for traffic flow control together 

with traffic prediction tasks. The paper investigates multiple machine learning models 

together with their implementation in dealing with urban traffic congestion. The paper 

devotes its emphasis to theoretical aspects rather than actual implementation. The 

review analysis fails to demonstrate how live detection elements and predictive mod-

eling functions can combine into an operational integrated system for dynamic traffic 

flow management. 
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2.5 A Self-Adaptive Traffic Signal System Integrating Real-Time Vehicle 

Detection and Traffic Control Optimization 

The authors in “A Self-Adaptive Traffic Signal System Integrating Real-Time Vehicle 

Detection and Traffic Control Optimization” wrote about a traffic management sys-

tem which combines machine learning tools with camera data for self-adjusting op-

erations. Real-time traffic conditions enable the system to modify its traffic signal 

duration schedules. The presented research investigates traffic violation detection 

while dedicating less attention to predictive congestion management. The proposed 

system lacks clarification on two essential points: parameter scalability and integra-

tion capability with present metropolitan traffic systems. 

2.6 Artificial Intelligence-Based Real-Time Traffic Management 

The research paper titled "Artificial Intelligence-Based Real-Time Traffic Manage-

ment" investigates how artificial intelligence (AI) approaches manage traffic signals 

throughout the day. An AI integrated system for traffic flow prediction merges with 

adaptive traffic signal control according to this research. The system operates by us-

ing computer vision algorithms to recognize vehicles while making signal timing 

modifications by means of reinforcement learning. The research shows how conges-

tion reduction and traffic improvement became possible but it still faces several active 

challenges. Implementation of the proposed system lacks a predictive model such as 

Long Short-Term Memory to discover upcoming congestion patterns from historical 

records. The sole utilization of reinforcement learning in the system implementation 

creates instability during decision-making because training data may not be sufficient 

or balanced. The manuscript lacks critical components for contemporary traffic man-

agement such as accident detection and real-time emergency response features. The 

paper fails to cover the scalability potential for its solution in relation to big metropol-

itan cities. 

3 Proposed System Architecture 

The system proposed under ‘Real-Time Traffic Management and Accident Detection 

using YOLO and LSTM’ introduces an AI-based real-time traffic management solu-

tion that blends YOLO version-8 with LSTM for preventive signal adjustment to 

boost efficiency in urban traffic. The system manages the vehicle flow by optimizing 

the signal timings using the current traffic data and the historical traffic patterns. The 

platform uses an accident detection module which provides automatic and immediate 

emergency alerts to authorities for prompt responses while ensuring better road safety. 
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3.1 Real-Time Traffic Monitoring 

Real-time traffic monitoring depends on the module to track vehicles moving through 

intersections with deep learning detection capabilities providing continuous surveil-

lance. The system uses YOLO version 8 model for live object detection in the traffic 

and counting the number of vehicles in each lane to optimize the traffic signal times. 

The system examines the CCTV and roadside camera video to detect vehicle numbers 

across all lanes during each video frame. The system analyzes junction traffic density 

through the obtained data. Using YOLOv8 as a traffic monitoring tool brings both 

affordable cost benefits and flexible deployment possibilities since it eliminates the 

requirement for installing expensive physical devices such as induction loops and 

RFID-based systems. Signal timing optimization relies primarily on vehicle count 

data that stems from the collection process to establish traffic management through 

data-driven methods. 

3.2 Predictive Traffic Time Optimization 

The predictive traffic time optimization uses Long Short-Term Memory networks to 

achieve optimal traffic signal control. The time-series forecasting capabilities of 

LSTMS work effectively because these recurrent neural networks preserve long-term 

dependencies in the input data. The system combines historical traffic patterns with 

current vehicle population measurements to create anticipatory predictions about traf-

fic congestion levels. The network learns daily traffic behavior through its training 

phase which lets the system forecast peak traffic hours to modify signals before traffic 

congestion forms. The system's predictive function decreases to a minimum the 

chances of intersection bottlenecks appearing. The way the LSTM-based system op-

erates differs from static and rule-based signals since it dynamically controls green 

time intervals through expected vehicle flow predictions to enhance system efficien-

cy. Besides its adaptability to urban traffic pattern changes without human interven-

tion the predictive traffic control system benefits from AI integration. 

3.3 Adaptive Signal Timing Mechanism 

The adaptive signal timing mechanism manages traffic light operations through a 

combination of detected vehicles in real time and LSTM-generated congestion fore-

casts. The module gets rid of these performance gaps through its combination of real-

time traffic information with optimizing analytics for automatic system traffic adapta-

tion. There exists a predictive system in the traffic signal that allows more time on 

green for busy lanes during congestion yet reduces time for empty lanes. The system 

reduces green light durations that are not required when traffic levels are low to en-

hance system performance. The system works dynamically to avoid delayed traffic in 

any lane which leads to better vehicular movement and fuel efficiency from suspend-

ed vehicle engines at intersections. The proposed adaptive signal control system fits 
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existing traffic light networks through a smooth implementation process which re-

quires no major hardware changes while offering affordable smart traffic solutions. 

3.4 Accident Detection with Real-Time Alert System 

The proposed system develops new features which go beyond its original traffic man-

agement purpose through accident detection capabilities and alerts. Real-time traffic 

collisions get identified through the integration of YOLOv8 with LSTM-based motion 

anomaly detection as part of this system's design. YOLOv8 continuously tracks traffic 

movement to detect abrupt changes of vehicles followed by the detection of vehicle 

pile-ups and overturned cars which signal an accident. The method performs LSTM-

based anomaly detection to monitor vehicle movement patterns which then alerts 

about sudden traffic anomalies such as vehicle stoppages or unexpected lane changes. 

A detected accident triggers the system to create an emergency warning that secures 

immediate transmission to nearby traffic management sites and police forces and 

medical facilities through an encrypted web-based notification platform. The system 

enhances ambulance mobility through automatic traffic signal regulation that estab-

lishes unblocked accident-site access for emergency vehicles. The accident detection 

system expanded with proactive response abilities works to protect road safety and 

reduces traffic congestion and enhances rescue effort effectiveness. 

3.5 System Workflow 

 
Fig.1 . Architecture Diagram – System Overview 
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A complete traffic operation system operates with a specific workflow which unites 

vehicle detector systems and predictive models with signal controllers to maximize 

urban traffic flow. YOLOv8 processes the acquired data during the Data Acquisition 

stage through CCTV camera video feeds. The system develops traffic density evalua-

tions by counting vehicles across each lane through its detection processes. The 

LSTM model functions during Traffic Pattern Prediction by analyzing present-day 

traffic in combination with historical traffic data. The developed LSTM network pre-

dicts congestion levels by analyzing regular patterns and unforeseen traffic 

bursts which helps the system detect traffic degradation ahead of time. Adaptive traf-

fic light control system executes signal optimization as its implementation stage. The 

LSTM congestion prediction system automates traffic signal time changes between 

green and red which improves traveling speed and shortens delays. Throughout im-

plementation and validation phases real-time feedback loops operate to improve the 

accuracy levels of the models. Every signal adjustment triggers a system test that 

updates the decision function for continuous adaptation. 

 
Fig .2. Traffic Signal Optimization Workflow 

4 Methodology 

A system unites deep learning alongside predictive analytics and adaptive control 

implementations to achieve maximum optimization of urban traffic operations togeth-

er with accident monitoring. The system contains various interlinked modules starting 
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from data acquisition to vehicle detection together with signal forecasting before de-

livering active traffic routing and automatic crash identification with direct warning 

capabilities. The connected system operates as a unified system to deliver well-

managed traffic operations along with quick emergency situations. 

4.1 Data Collection and Preprocessing 

High-quality data collection functions as the first step to establish accurate traffic 

management systems. The system acquires live traffic information both through pub-

lic data resources and through videos recorded by intersection-based CCTV cameras. 

The detection precision is enhanced by data processing functions that reduce the re-

quired computational resources. 

1. The finished video gets extracted as frames to train it. The process reduces 

2. Video frames receive image enhancement handling through combination 

methods of noise reduction and contrast adjustment and brightness normali-

zation operations to support stable detection performance across multiple 

lighting situations. Both training and inference processes need frames to 

3. The extracted frames receive manual data labeling through vehicle bounding 

boxes which are further categorized into multiple types. The YOLOv8 model 

receives training with data that has been properly annotated for use. 

4.2 YOLOv8-based Vehicle Detection 

By utilizing YOLOv8 the system identifies objects and counts vehicles in every trans-

portation lane. 

1. YOLOv8 is trained by a collection of thousands of images of traffic vehicles 

with appropriate labels. The model advances to recognize different types of 

vehicles correctly regardless of shadows and varying lighting conditions. The 

YOLOv8 model goes through transfer learning by combining COCO dataset 

2. The YOLOv8 network carries out real-time activities using processing video 

frames for vehicle detection through the generation of detection boxes. The 

traffic density computation relies on vehicle counting, which exists in each 

3. The analysis module receives counted cars from the first module prior to 

It processes video frames to identify vehicles and count their presence at intersections. 

The detection is mathematically represented as: 

 



 

 Weather Conditions 

hicle densities that will be present during successive periods. 

1. Mean Absolute Error: 
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4.3 LSTM-based Traffic Prediction 

The quantity of traffic congestion shifts according to several elements which encom-

pass peak traffic times and weather influences and road accident occurrences. The 

system uses a Long Short-Term Memory network that forecast future traffic patterns 

thanks to historical dataset analysis. 

1. Current time-series analysis requires the system to collect live vehicle count 

data while recording timestamps that generate organized chronological da-

tasets. Each time frame provides detection numbers for vehicles across indi-

vidual lanes.  

Each data point includes: 

 Time 

 Day 

2. Using the LSTM Model for training performs an analysis of extended traffic 

pattern dependencies. The system accepts data in sequence then forecasts ve-

3. After processing the current data alongside historical information the LSTM 

model produces a prediction for future vehicle movement expected within 

the next few minutes. The predictions guide the real-time modification of 

traffic signal timings.  

The predictive function is defined as: 

 
The accuracy assessment of the predictive traffic signal optimization based on LSTM 

requires evaluation using Mean Absolute Error and Root Mean Square Error. 

The measurement determines the ordinary largest absolute strength of differ-

ence between forecasted and real signal periods. This calculation allows for 

an easy comprehension of the average distance between predicted and actual 

values. The formula for MAE is: 

 
quare Error: 2. Root Mean S

RMSE stands as a prediction error measurement approach which significant-

ly weights larger deviations than minor ones. Operation of traffic signals re-

lies heavily on RMSE to avoid inefficient traffic control which occurs when 

prediction timing has large variations. The formula for RMSE is: 

 
All the elements hold the same definitions as the MAE formula. The computational 

strength of RMSE detects bigger errors distinctly which enables its usage for signal 
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timing prediction generalization evaluation. A lower RMSE value indicates more 

dependable and stable prediction results. 

4.4 Dynamic Traffic Signal Control 

The framework dynamically adjusts the traffic signal using the historic traffic pattern 

gathered through time using the deep learning techniques. 

1. Dynamic durations for green lights are assigned using traffic patterns meas-

ured instantly and estimated traffic quantities. Heavy congestion in the lane 

will result in extended green light duration. 

2. The system utilizes reinforcement learning algorithms to optimize continu-

ous signal allocation processes through optimized optimization procedures. 

The evaluations of historical decisions guide the system to schedule timing 

readjustments through analysis of present traffic movement patterns. 

3. An emergency vehicle detection triggers the system to give the affected lane 

The signal duration is adjusted as: 

 

4.5 Accident Detection and Real-time Alert System 

The system implements an accident detection module to improve road safety features. 

Accident-related traffic congestion requires urgent response due to its sudden and 

unexpected creation. 

1. A deep learning anomaly detection technique enables the system to detect 

abrupt vehicle stops and find unusual vehicle positions as well as pile-ups 

suggesting potential accidents. 

2. The system verifies traffic density levels after detecting an accident to assess 

congestion severity. An alert gets triggered when traffic becomes heavily ob-

structed. 

3. The detection system sends automatic alerts to hospital facilities and emer-

gency teams through API-based interfaces and electronic messages and SMS 

notifications. The notification contains three elements: precise accident coor-

dinates, an estimated damage assessment and details about the nearest medi-

An early arrival of medical help to the accident site occurs by this process. 

4.6 Testing and Validation 

Drastic testing and validation processes were executed at different stages of develop-

ment to guarantee the reliability and robustness of the proposed system by assessing 

vehicle detection accuracy combined with traffic prediction reliability and adaptive 

signal control efficiency and accident detection responsiveness. Real traffic datasets 
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 Computer Vision: OpenCV (for video frame processing) 
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together with urban intersection live video feeds served to assess how well the system 

functioned during evaluation. The YOLOv8 vehicle 

detector was tested on diverse images captured in different weather and light condi-

tions. The detection accuracy evaluation used performance metrics including preci-

sion and recall together with mean average precision. The model succeeded in reach-

ing more than 90% mAP which proved its ability to accurately detect vehicles during 

night hours and conditions with partial vehicle occlusions. The LSTM-based model 

used historical traffic data for its performance evaluation in traffic prediction. The 

forecasting precision of the model was evaluated through testing it on new data after 

training it with previous vehicle count patterns. Again, for evaluation purposes the 

Root Mean Squared Error combined with Mean Absolute Error measured the accura-

cy of predictions to match real-world traffic data outputs. The LSTM model demon-

strated success rate between 85–90% for congestion prediction through which proac-

tive traffic management became feasible. Testing of the adaptive traffic signal mecha-

nism took place through simulations that replicated actual traffic conditions. The sim-

ulation process included different traffic density rates while the signal maintained 

dynamic control over the signals based on requirements. The tested system success-

fully decreased vehicle wait times between 30% to 40% which demonstrated its effi-

ciency for congestion reduction. The system evaluated accident detection and alert 

functionality using artificial accident simulations that included both sudden vehicle 

stops along with artificial traffic collisions. After detecting the accident, the model 

produced alerts in less than ten seconds real-time. The system sent notifications to 

emergency response teams successfully establishing the essential nature which the 

live alert function offers. 

4.7 System Incorporation and Deployment 

The system relies on an edge computing and cloud-based analytics integration for 

achieving smooth operational deployment. 

 Language: Python 

 Frameworks: PyTorch, TensorFlow/Keras 

 Traffic data storage together with anslysis processing occurs 

through AWS/GCP infrastructure. 

 The system requires NVIDIA Jetson or Raspberry Pi devices to per-

form real-time vehicle detection at the location. 

2. Through integration with current traffic signal controllers the system adjusts 

real-time traffic light durations in actual intersections. Long-term urban 

planning receives intersection data and performs centralized analysis from 

multiple intersections. 
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5 System Implementation 

The system implementation consists of the following modules., 

5.1 YOLO-Based Traffic Analysis Module 

YOLOv8 operates in the first module to detect vehicles within live videos while sim-

ultaneously tracking the vehicle count. New customized input came from road traffic 

video sequences while YOLOv8m underwent fine-tuning to enhance its detection 

capabilities of various vehicles. Vehicle specific bounding boxes were added to the 

training process of the model to boost its ability to detect precise targets. The YOLO 

model analyzes video frames during operation to detect vehicles in real time after 

completion of training while the counted vehicles become an essential component for 

traffic estimates. As part of this module the system generates fundamental traffic sta-

tistics which will facilitate future assessments of traffic signal control system en-

hancements. 

 
Fig. 3. YOLO detection on live traffic camera 

5.2 YOLO-LSTM Integrated Traffic Signal Refinement Module 

The traffic signal refinement module connects YOLO with an LSTM-based sequential 

learning system which optimizes traffic signal timings by processing predicted real-

time traffic density values. YOLO examines real-time vehicle counts which get saved 

in a sequential dataset as the model processes the most recent four-time counts. 

Through its training process the model acquires knowledge about traffic dynamics 

which enables it to determine the ideal durations of green lights and red lights and 



 Processor: Intel Core i7, 16GB RAM 
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yellow lights. The predicted signal durations from the simulation apply to dynamic 

traffic light adjustments which minimizes average vehicle waits along with maximiz-

ing throughput at intersections. The implementation of this module leads to better 

efficiency in traffic flow because it utilizes past traffic information to anticipate and 

adjust for current traffic congestion patterns. 

5.3 Accident Detection and Alert System Module 

The road safety improvements in the third module depend on YOLOv8 to perform 

automatic traffic accident detection and generate notification alerts. The model train-

ing used an accident vs. non-accident frame dataset to prepare YOLOv8 for accident 

detection through an IoU threshold of 0.5. Live video processing through the system 

allows detection of real- 

time accidents by marking both the incident site and the frame in which the accident 

occurs. An automated alert system begins after detection by sending alert notifications 

to traffic authorities through SMS and email and dashboard interface. The implement-

ed module delivers immediate accident monitoring and emergency response which 

collectively reduces traffic incidents and their corresponding fatalities as well as traf-

fic disruptions. 

 

 
Figure. 4. Accident Detection 

6 Results and Discussion 

The system testing process requires this research design to specify the testing envi-

ronment details. 

1. Hardware and Software Specifications 

 GPU: NVIDIA RTX 3060 or Google Colab Pro. 



   

 mAP, Precision, Recall for YOLOv8 detection 

 

 
 

 

 Frameworks: YOLOv8, TensorFlow for LSTM OpenCV for pro-

cessing 

2. The datasets used for training both YOLOv8 and LSTM systems 

 Source: Custom dataset from road traffic CCTV footage 

3. The framework includes previous steps of image normalization alongside 

regularization of image dimensions and frame selection methods. 

 Evaluation metrics 

 Mean Absolute Error and Root Mean Square Error for LSTM pre-

dictions. 
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6.1 Traffic Density Detection Accuracy 

YOLOv8 demonstrates better performance in traffic density detection compared to 

YOLOv5 and Faster R-CNN because its improved backbone network extracts fea-

tures, and localizes objects effectively in busy conditions. YOLOv8 adopts an anchor-

free framework which allows it to detect different vehicle sizes without the need for 

previous manual anchor box definition. The model runs inference procedures much 

faster yet maintains its precision and recall performance at high levels. The multiple 

levels in its feature extraction method leads to outstanding detection results when 

working with poor light levels and vehicles that are not easily visible due to obstruc-

tion. YOLOv8 achieved selection as the system for real-time traffic density analysis at 

SafeLane due to speed and accuracy combined with reliability benefits. 

Table 1. Comparison between YOLOv8 and existing YOLO models 

6.2 Traffic Signal Optimization Results 

The average wait duration for vehicles decreased according to the data shown in the 

graph when the adaptive traffic management system based on LSTM replaced the 

traditional fixed-time signal system. Fixed traffic signals operate with set signal dura-

tions which fail to adapt to current road traffic conditions thus causing peak-hour 

traffic congestion. The reduced waiting time from optimized traffic control improves 

both traffic movement and lowers the need for fuel and emissions thus advancing 
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sustainable urban transportation framework. The obtained outcomes demonstrate that 

deep learning-based signal control technology effectively reduces traffic congestion to 

enhance total traffic performance. 

 
Fig .5. Average wait time graph 

6.3 Accident Detection Performance 

The performance of the accident detection was analyzed in terms of accuracy in real-

time identification of incidents and response time. The system utilizes YOLOv8 for 

collision detection from live traffic streams and LSTM predictive analytics for 

anomaly detection in vehicle mobility patterns. The model was validated through 

simulated accident scenarios and field-based traffic video recordings. Results show 

high detection accuracy with the system effectively detecting accidents with little 

false positives. In addition, the real-time alert mechanism also makes sure that emer-

gency services getalerted in a matter of seconds of an event occurring, effectively 

minimizing response time. As opposed to conventional CCTV monitoring based on 

manual observation, the proposed system provides a more efficient and automated 

method, maximizing road safety and efficiency of emergency response. The use of 

real-time notification of hospitals and authorities also provides for timely medical 

care, which may prevent deaths and serious injuries in accident situations. 
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Fig .6. Confusion Matrix for Accident Detection 

Figure 6 displays the confusion matrix for the accident detection model, illustrating its 

classification performance. The model correctly classified 60 accident occurrences as 

true positives and misclassified 4 as non-accidents as false Negatives. It correctly 

classified 102 non-accident cases as true negatives with just 1 misclassification as an 

accident as false positive. The few false predictions show the high confidence of the 

model in predicting accidents without triggering unnecessary alerts, thereby being 

ideal for real-time use in traffic surveillance systems. 

6.4 Environmental Impact Analysis 

Usage of a computer-based AI traffic light signal system significantly decreases vehi-

cle idling time at road intersections, causing the massive decrease in fuel consumption 

and emissions. Dynamically optimizing the time used in signaling slashes wasteful 

halts and get-offs that represent key drivers for fuel losses. Reducing the congestions 

equally helps maintain more fuel economy, as the automobiles save more time in 

waiting rather than speeding, as previously estimated. Experimental testing reveals 

that efficient traffic signals can cut fuel consumption by 15-20%, which will contrib-

ute to a decrease in CO₂ emissions. Besides that, by means of optimal traffic flow and 

wait minimization, the system leads to better air quality, particularly in places with 

concentrated vehicle density like cities. Compared to traditional fixed-signal systems, 

the solution this paper presents is a neater traffic management technique that aligns 

with smart city policies and green sustainable goals. Reduction of emissions and fuel 

wastage also offers long-term economic benefits in the form of the reduced fuel costs 

for commuters and less dependence on non-renewable energy resources. 
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7 Conclusion 

The present work proposes a live traffic management system involving AI-based ve-

hicle detection and LSTM-based predictive signal control. The proposed framework 

utilizes YOLOv8 for efficient vehicle detection and counting for dynamic adjustment 

of traffic signals according to real-time traffic volume. In addition, LSTM-based pre-

dictive modeling enables pre-emptive traffic control through analysis of past traffic 

behavior for prevention of congestion before occurrence. Additionally, an accident 

detection module offers real-time alert to emergency services for immediate response. 

The system is cost-effective, scalable, and deployable in urban settings without need-

ing extensive sensor-based infrastructure. Experimental analyses confirm substantial 

increases in traffic efficiency, decreased congestion and idle time, which include envi-

ronmental sustainability alongside improved road safety. 

8 Future Directions 

Future studies could investigate several important areas in order to enhance AI traffic 

management systems based on the technology presented in this paper are Multi-

Modal Traffic Analysis to extend the system to not only detect vehicles, but also pe-

destrians or cyclists for a more comprehensive and complete traffic control system. 

IoT and Edge Computing Integration to implement the model in computing devices or 

deploy IoT or smart edge devices to reduce reliance on cloud computing for transition 

mitigation and processing latency. Hybrid AI Models to combine LSTM with a rein-

forcement learner, or with graph neural networks to use additional functionality of 

adaptive and resilient algorithms for traffic signal optimization. Weather and Envi-

ronmental Adaptation - Implementing potential impact or disturbances from external 

conditions such as weather disruptions or road interruptions for improved prediction 

and adjustment in real-time traffic conditions. Scalability for Large-Scale Deployment 

for testing the system and modification or tuning the system to urban areas will help 

ensure that it is effective in a city level to manage dense urban environments and traf-

fic at a peak scale. Future studies integrated within all these agenda areas will advance 

discussions and operationalizations of AI traffic management systems in practice, 

making AI traffic management systems more effective, flexible, and feasible to use in 

a real-world scenario. 
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