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Abstract: Urban traffic congestion remains a serious issue as it enhances fuel consumption, carbon emissions, and 
travel time. Traditional traffic signal control systems often cannot adapt to varying traffic conditions because of their 
fixed or rule-based timings, which results in inefficiency. To achieve maximum urban mobility, this research explores 
AI-based traffic signal regulation using machine learning and reinforcement learning techniques. An AI agent 
continuously learns and adapts signal timings from sensor and camera readings of real-time traffic in this work, 
defining traffic signal optimization as a sequential decision-making task. A deep reinforcement learning framework is 
applied to minimize waiting times for vehicles and maximize the efficiency of traffic flow, and it utilizes approaches 
such as Proximal Policy Optimization (PPO) and Deep Q-Networks (DQN). On real-world traffic data, simulations 
are performed using SUMO (Simulation of Urban Mobility), comparing AI- based methods with traditional fixed-
timing and actuated traffic control systems. The findings indicate that AI-based solutions enhance vehicle throughput, 
reduce average delay times, and significantly alleviate congestion. Adaptive traffic signals also enhance pedestrian 
safety and emergency vehicle flow. Based on the findings of the study, AI-powered traffic light control offers a smart 
and scalable solution for urban mobility issues, and it can even be integrated into smart city infrastructures. 
Decentralized traffic management through multi-agent reinforcement learning and issues related to practical 
deployment will be explored in future studies. 
Keywords — Traffic signal optimization, reinforcement learning, Deep Q-Network, Smart cities, Urban mobility, AI-
driven control, SUMO simulation, Intelligent transportation systems. 
 
INTRODUCTION 
One of the largest issues that modern cities are currently confronted with is traffic congestion in cities, 
which degrades quality of life, raises fuel consumption, incurs significant economic losses, and pollutes 
the environment [1]. Current  traffic management systems struggle with maintaining effective and 
seamless movement of cars as they face rapid growth in urban populations and automobile ownership. 
Bottlenecks, congestion, and unnecessary  stoppages  are  often  caused  by  the systems to adapt to 
evolving traffic patterns, e.g., fixed- time or actuated control schemes [2]. Through providing data-driven 
solutions that adaptively change traffic management strategies in real-time, artificial intelligence (AI) has 
opened up new opportunities to revolutionize urban mobility[3]. Through the optimization of signal 
timing using real- time data, AI-based traffic signal control employs machine learning (ML) and 
reinforcement learning (RL) to enhance road safety, alleviate congestion, and enhance efficiency[4]. To 
address inefficiencies in traditional systems and enhance urban mobility, this research investigates the 
application of AI in traffic light control. 
Conventional traffic signal control methods often rely on pre-programmed timing plans that cannot adapt 
to traffic flow fluctuations, leading to inefficiencies during peak and off-peak conditions [5]. Because they 
are limited by pre-established rules and breakpoints, even sensor-based actuated traffic management 
methods that use sensor data to adjust signal timings are less than optimal when dealing with complex, 
dynamic traffic conditions. Traffic signal control demands a smarter, more adaptable, and autonomous 
approach because of the increasing need for urban mobility [6]. In overcoming the limitations of 
conventional systems, this research examines AI-powered traffic signal control models that utilize deep 
learning and reinforcement learning techniques to optimize the flow of traffic in real-time [7]. By 
constantly learning from real-time traffic conditions, the research examines the possibility of using AI 
models to reduce congestion, decrease vehicle wait times, and adaptively change signal timings [8]. 
The primary aim of this project is to design and evaluate AI-driven traffic signal control systems capable 
of improving city mobility and traffic. The research hopes to achieve this by focusing on specific 
questions of inquiry, including how artificial intelligence-controlled traffic light systems make urban 
traffic movements more effectively than traditional methods, what machine learning and reinforcement 
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learning techniques are best used for real-time traffic light optimization, and how AI algorithms can be 
optimized utilizing simulated worlds and actual world traffic data to enhance their effectiveness and 
responsiveness. The challenges in implementing AI-powered traffic management systems in real city 
settings are also discussed in this paper, and key performance criteria for evaluating AI-powered traffic 
signal control [9]. Through the provision of answers to such questions, this study aims to contribute 
to the development of intelligent transportation systems (ITS) leveraging artificial intelligence (AI) in 
managing urban traffic more efficiently and dynamically. Smart city development, green sustainability, 
and urban mobility are all affected significantly by the research on AI-based traffic light control. 
In intersections, AI systems can optimize dynamic signal timing to reduce traffic and enhance the passage 
of vehicles. AI systems can significantly reduce commuters' travel times by skipping unnecessary 
stops and optimizing green light times. A greener city is made when traffic jams are minimized, which 
leads to reduced fuel consumption and emissions. By integrating IoT sensors, networked cars, and real-
time data analytics, AI- based traffic control systems can be integrated into broader smart city systems. 
Besides facilitating emergency vehicles and public transit by ensuring smoother flow and reducing 
response times, adaptive traffic lights can enhance bike and pedestrian safety by adjusting signal phases 
in response to existing traffic conditions [10]. 
The potential of AI-based traffic light control systems as a solution to problems of urban mobility is 
explored in this research. The research aims to develop an adaptive, intelligent model of traffic control 
that will promote efficiency, minimize congestion, and enhance overall traffic safety through machine 
learning and reinforcement learning methods [11]. The findings of the research will contribute towards 
the growing branch of intelligent transport systems and provide valuable data for future urban 
transportation solutions. The following parts of this paper will review some pertinent research, 
methodology, experimentation, results, and potential avenues for future direction in AI-enabled traffic 
control. 
 
LITERATURE REVIEW 
Artificial intelligence (AI) control of traffic signals is now a feasible means to optimize urban mobility. 
The ability of AI, i.e., deep learning and reinforcement learning (RL), to enhance traffic flow efficiency 
has been explored in many studies. Automated traffic signal control can be enabled through deep 
reinforcement learning (DRL) methods, which will enhance traffic throughput and reduce congestion, as 
stated by Garg et al. [3]. Similarly, Zhang et al. applied RL-based methods in partial detection situations 
and illustrated how robust AI systems are under real-world circumstances where traffic data might be 
inadequate. Haydari et al. [12] offered a bounded RL model considering environmental sustainability and 
fairness to ensure that traffic control is not unfairly biased towards specific users of roads. Sú et al. 
introduced EMVLight, a multi-agent reinforcement learning approach that gives priority to emergency 
vehicles, reducing response time without sacrificing overall traffic efficiency. The application of AI for 
emergency vehicle management has also been explored [13]. Large Language Models (LLMs) have more 
recently been examined for their use in the control of traffic signals by Lai et al, who illustrated how 
advanced AI models can dynamically optimize traffic flow. Additionally, Guo et al. designed CoTV, an 
RL-powered cooperative control platform that yields remarkable improvements in collective mobility 
through coupling traffic lights and connected and automated vehicles (CAVs). Various review articles 
have outlined various AI and ML- founded traffic regulation plans, where they have compared their 
effectiveness along with possible avenues of future exploration. Even with these advancements, there 
remain some gaps in research. Many studies focus primarily on optimizing traffic light time, but they 
fail to include multimodal traffic data, such as bicycle and pedestrian traffic, in their models. Besides, 
although DRL-based solutions have become prominent, they lack explainability, which limits them to 
being deployed in real traffic networks where they must be responsible and transparent. Moreover, most 
of the research has dealt with urban intersections with very minor interest in the deployment of AI-
based signal control in suburban and rural areas, where traffic behaves rather differently. Another 
disadvantage is the lack of standard criteria for evaluating AI-driven traffic signal controllers, making it 
difficult to perform informative model comparisons. Owing to infrastructure       constraints       and       
processing requirements, most existing models excel in simulation but falter in real-life deployment, 
provoking doubts on the scalability of AI-powered traffic signal control. 
Our research aims to develop an AI-powered traffic signal control system that utilizes multimodal traffic 
information and ensures interpretability of models in view of these knowledge loopholes. We want 
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to establish a better and more equitable traffic control system by incorporating data from public 
transport, cycling, and pedestrians. Additionally, in response to concerns over black-box AI decision- 
making in traffic systems, we recommend applying XAI methods to enhance the transparency of DRL- 
based models [14]. To enable more meaningful comparisons and ensure practical implementation, our 
study also strives to develop standardized measurement criteria for AI-driven traffic signal controllers. 
Moreover, we will assess our method's scalability to a variety of traffic conditions by means of testing it 
across different urban, suburban, and rural environments. Our research seeks to fill these critical gaps 
to advance AI-based traffic management and contribute to the development of smarter and fairer 
urban transport systems 
 
RESEARCH METHODOLOGY 
A. Research Design 
To maximize traffic signal control, the research methodology of this study is predominantly quantitative 
and relies on quantitative data and statistical analysis. To enhance traffic flow efficiency, it applies an 
experimental strategy that leverages machine learning and reinforcement learning methods. Based on 
simulated and real traffic data, the research will train artificial intelligence models to design adaptive 
traffic signal systems that could dynamically adjust signal timings according to traffic conditions. 
Comparative analysis is an important aspect of this research, where different AI models, i.e., Deep Q-
Networks (DQN), Proximal Policy Optimization (PPO), and Advantage Actor-Critic (A3C), are evaluated 
using pre-defined parameters, i.e., traffic  throughput, average waiting time of vehicles, and congestion. 
This ensures the optimal AI-based traffic management plan is decided with a data- driven approach. The 
research follows a systematic method that begins with data collection from traffic monitoring systems and 
progresses through training, validating, and deploying the model. Experimental design for practical 
applicability is ensured through allowing controlled experimentation both in virtual environments and 
real-life scenarios. By leveraging an experimental and quantitative research methodology, this study 
contributes to the development of effective, scalable, and adaptable AI-driven traffic control systems. 
Even with these advancements, there remain some gaps in research. Many studies focus primarily on 
optimizing traffic light time, but they fail to include multimodal traffic data, such as bicycle and 
pedestrian traffic, in their models. Besides, although DRL-based solutions have become prominent, they 
lack explainability, which limits them to being deployed in real traffic networks where they must be 
responsible and transparent. Moreover, most of the research has dealt with urban intersections with 
very minor interest in the deployment of AI-based signal control in suburban and rural areas, where 
traffic behaves rather differently. Another disadvantage is the lack of standard criteria for evaluating 
AI-driven traffic signal controllers, making it difficult to perform informative model comparisons. 
Owing to infrastructure       constraints       and       processing requirements, most existing models excel 
in simulation but falter in real-life deployment, provoking doubts on the scalability of AI-powered 
traffic signal control. 
Our research aims to develop an AI-powered traffic signal control system that utilizes multimodal traffic 
information and ensures interpretability of models in view of these knowledge loopholes. We want 
to establish a better and more equitable traffic control system by incorporating data from public 
transport, cycling, and pedestrians. Additionally, in response to concerns over black-box AI decision- 
making in traffic systems, we recommend applying XAI methods to enhance the transparency of DRL- 
based models [14]. To enable more meaningful comparisons and ensure practical implementation, our 
study also strives to develop standardized measurement criteria for AI-driven traffic signal controllers. 
Moreover, we will assess our method's scalability to a variety of traffic conditions by means of testing it 
across different urban, suburban, and rural environments. Our research seeks to fill these critical gaps 
to advance AI-based traffic management and contribute to the development of smarter and fairer 
urban transport systems 
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Fig . 1 Research Methodology Flowchart for AI-Based Traffic Signal Control 
B. Data Collection Methods 
In order to create a comprehensive dataset for AI model training and testing, the research collects traffic 
data from various sources. Each of these sources—public datasets, real-time traffic feeds, simulation-based 
data, and sensor-based data— provides valuable information regarding traffic behavior and patterns. 
1) Public Datasets: Historical and real-time traffic flow data can be obtained from large traffic datasets, 
including the METR-LA dataset and the PeMS dataset provided by the California Department of 
Infrastructure. These datasets contain information about the number of vehicles on different road 
networks, speed variations, traffic volume, and travel times. They contain large  quantities of  structured 
information collected over a long duration, making it easy to train the model. 
2) Real-time Feeds: The study incorporates real-time data from city transportation APIs and open-source 
platforms to account for current traffic circumstances. These feeds include real-time information on traffic 
jams, collisions, and other variables influencing traffic flow. It is possible to train AI models to adjust to 
changing traffic circumstances by continuously collecting real-time data. 
3) Simulation-based Data: Traffic simulators like SUMO (Simulation of Urban Mobility) are used to 
create synthetic data because real-world data may not always be available or consistent. By simulating 
urban traffic situations, these models enable controlled testing of various road layouts, traffic volumes, 
and signal timings. Before being used in the real world, this method allows the study to test AI-driven 
traffic control tactics in a variety of settings. 
4) Sensor-based Data: The data is further complemented by information collected at real intersections 
through CCTV cameras, loop detectors, and connected car telemetry. The sensors yield detailed 
information regarding local traffic conditions through monitoring vehicle flow, pedestrian crossings, and 
road occupancy rates. When it comes to comparing AI models to real behavior, this type of data proves 
to be very useful. 
C. Tools and Technologies Used  
The project is aimed at designing and testing AI- driven traffic signal control systems by combining 
multiple advanced technologies such as cloud computing, big data processing, traffic simulation software, 
machine learning frameworks, and artificial intelligence (AI). Machine learning and AI models are used 
to optimize traffic signal timings, and techniques such as Advantage Actor-Critic (A3C), Proximal Policy 
Optimization (PPO), and Deep Q-Networks (DQN) are utilized for deep reinforcement learning. In 
addition, Graph Neural Networks (GNNs) are utilized to model temporal and spatial interdependencies 
in road networks so that complex traffic flow patterns can be represented. The main programming 
language utilized in this project is Python because of its strong support for data processing and machine 
learning. Deep learning model development and training are facilitated by libraries such as PyTorch, 
TensorFlow, and Scikit- learn. For testing AI-regulated traffic management systems in diverse scenarios 
such as rush hour, congestion, and emergency vehicle deployment, the project employs SUMO 
(Simulation of Urban Mobility) for simulating traffic. AWS SageMaker 
enables scalable deployment of AI models by automating the training, deployment, and real-time 
inference of models with flexibility to support different urban traffic systems. Apache Spark efficiently 
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handles big data processing, enabling real-time processing of data and combining numerous traffic data 
sources to enhance AI model training. 
D. Experimental Setup 
The AI-based traffic signal management experiment employs several mathematical formulations to 
evaluate system performance. The Congestion Measure calculates the average congestion level by 
summing delays per vehicle across the entire traffic system, expressed as: 
𝐶 = ∑𝛥𝑡𝑖 (1) 
where C represents the average congestion and 𝛥𝑡𝑖 is the delay per vehicle at the 𝑖 − 𝑡ℎ point in traffic 
flow. The Reinforcement Learning Reward Function helps optimize traffic management by evaluating 
trade-offs between vehicle delay, emissions, and congestion. The reward function at each time step t is: 

 (2) 
To ensure the effectiveness of the AI-controlled traffic light system, a proper evaluation and comparison 
process is followed. The system's efficiency is measured based on several essential parameters, including 
scalability, justice, environmental impact, and traffic efficiency. The ability of the system to reduce 
bottlenecks, optimize traffic flow, and reduce wait times for vehicles is an essential measure of traffic 
efficiency. In order to determine whether traffic conditions are better, critical measures such as average 
delay per vehicle, throughput, and queue length are checked. Impacts of the system on the environment 
are also evaluated, placing a focus on decreasing fuel use and CO2 emissions by virtue of better traffic 
flow and minimizing      stop-and-go      patterns. 
The environmental benefits of the improved traffic flow are measured and estimated reductions in 
emissions are calculated through simulation results. To ensure that all road users, such as emergency 
vehicles, bicycles, and pedestrians, have equitable access, the system is also tested for fairness and 
inclusivity. When required, the AI model gives priority to emergency response vehicles while balancing 
the interests of different users when it adjusts traffic lights.  Lastly,  the  AI framework is  utilized  in  a 
variety of settings, such as urban areas, suburbs, and where R(t) is the reward at time t, Δti is the delay for 
vehicle i, Ei is emissions, and Ci is congestion. The weights w1, w2, and w3 represent the importance of 
each factor, and the negative sign indicates the goal of minimizing them. 
The Q-learning Update Rule is the core mechanism for updating reinforcement learning models. The 
update is: 
𝑄(𝑠, 𝑎) ← 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + 𝛾𝑎′𝑚𝑎𝑥𝑄(𝑠′, 𝑎′) −𝑄(𝑠, 𝑎)] (3) 
where Q(s,a) is the value of taking action a in state s, r is the reward, γ is the discount factor, and α\alphaα 
is the learning rate. This equation iteratively refines the model's policy for improved decision-making. 
These models ensure AI-based traffic systems are optimized for real-world conditions. 
E. Evaluation and Benchmarking 
To ensure the effectiveness of the AI-controlled traffic light system, a proper evaluation and comparison 
process is followed. The system's efficiency is measured based on several essential parameters, 
including scalability, justice, environmental impact, and traffic efficiency. The ability of the system to 
reduce bottlenecks, optimize traffic flow, and reduce wait times for vehicles is an essential measure of 
traffic efficiency. In order to determine whether traffic conditions are better, critical measures such 
as average delay per vehicle, throughput, and queue length are checked. Impacts of the system on the 
environment are also evaluated, placing a focus on decreasing fuel use and CO2 emissions by virtue 
of better traffic flow and minimizing      stop-and-go      patterns. The environmental benefits of the 
improved traffic flow are measured and estimated reductions in emissions are calculated through 
simulation results. To ensure that all road users, such as emergency vehicles, bicycles, and pedestrians, 
have equitable access, the system is also tested for fairness and inclusivity. When required, the AI 
model gives priority to emergency response vehicles while balancing the interests of different users 
when it adjusts traffic lights.  Lastly,  the  AI framework is  utilized  in  a variety of settings, such as urban 
areas, suburbs, and rural areas, to test its scalability. The flexibility and versatility of the model are shown 
by its ability to generalize to many different traffic situations, which ensures that it could be deployed 
in a number of different environments without needing large amounts of retraining. 
 
RESULTS AND FINDINGS 
The findings of the AI-based traffic signal optimization experiment are presented here, specifically 
considering scalability, fairness, environmental consideration, and traffic efficiency. The findings are 
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based on the performance of the model in both simulated and real test environments. Conventional rule-
based and adaptive traffic control systems were compared  with several AI models, such as Deep Q-
Networks (DQN), Proximal Policy Optimization  (PPO),  and  Advantage  Actor-Critic 
  
(A3C). Performance metrics like traffic throughput, average vehicle delay, CO₂ emissions, and system 
scalability were analyzed. Tables and plots of the results are employed to illustrate the primary 
improvements achieved by AI-based models. SUMO was utilized to perform simulation experiments 
where AI models were applied under various traffic scenarios, including areas of high congestion, 
emergency responses, and rush hours. The AI models were also tested and validated using empirical data 
when data was available. Based on the results, reinforcement learning models worked significantly better 
than radiational methods in the dimensions of maximizing timing of signals, reducing congestion, and 
overall streamlining traffic movement. 
TABLE 1 : PERFORMANCE COMPARISON OF TRAFFIC SIGNAL CONTROL METHODS 
Metric Rule- Based 

 
 Control 

Adaptive 
Control 

DQN PPO A3C 

Average Vehicle Delay 
(s) 

 
75 

 
50 

 
35 

 
30 

 
32 

Traffic Throughput (%) 65 78 88 92 90 

CO₂ Emissions 
Reduction (%) 

0 10 20 25 22 

Pedestrian 
&    Cyclist Fairness 
Score 

0.7 0.8 0.9 0.95 0.93 

 
Five traffic signal control methods are compared here on the basis of four significant parameters: Rule-
Based control, Adaptive Control, DQN (Deep Q-Network), PPO (Proximal Policy Optimization), and 
A3C (Asynchronous Advantage Actor-Critic). In several fields, AI-based methods—namely PPO and 
A3C—are superior to traditional methods (Rule- Based Control and Adaptive Control). They achieve the 
highest traffic throughput (92-90%), lowest average vehicle delay (30-32 seconds), and highest CO2 
emissions reduction (25-22%). Moreover, AI methods—specifically PPO—achieve the highest Pedestrian 
& Cyclist Fairness score (0.95), ensuring better accommodations for non-motorized users. Overall, AI-
based methods surpass conventional control systems in efficiency, environmental benefits, and fairness. 

 
Fig . 2 Performance Analysis of Traffic Signal Control Methods 
When compared to rule-based models, AI-based models improved considerably in terms of average vehicle 
delay, with PPO recording the lowest delay at 30 seconds and improving efficiency by 60%. With PPO 
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having a 92% throughput rate, the throughput significantly improved, ensuring smoother traffic flow. AI 
models also reduced CO₂ emissions through optimizing traffic; PPO saw the highest drop of 25% due to 
enhanced traffic management and reduced stop-and-go episodes. Additionally, AI models improved bike 
and pedestrian prioritization, promoting equality for all users of the road. PPO provided safer crossings 
and more accessibility with a fairness score of 0.95. Relative to rule-based models, AI-based models 
exhibited superior scalability across urban, suburban, and rural environments. PPO demonstrated the 
greatest adaptability, succeeding in mixed traffic conditions without manual intervention. These 
outcomes illustrate how reinforcement learning can be applied to create efficient, sustainable, and 
equitable traffic control systems. 
 
DISCUSSION 
The results of the study illustrate how efficiently AI-controlled traffic signal management optimizes city 
mobility. Based on the measurements of performance,   reinforcement   learning   models— namely 
Proximal Policy Optimization, or PPO— outperformed traditional rule-based and adaptive control systems 
by quite a margin. PPO surpassed rule-based systems by 60% with the best average vehicle delay at 30 
seconds. This is how the model can dynamically adjust traffic signal times based on present traffic flow. 
Additionally, PPO also exhibited a 92% traffic throughput, ensuring smooth movement of vehicles with 
less traffic. Based on the environmental impact study, AI models   were   responsible   for   significant   
CO2 Based on the environmental impact analysis, AI models contributed significantly to the reduction 
of CO2 emissions. PPO's capability to minimize unnecessary stops and idling enabled it to record a 25% 
reduction in emissions compared to the baseline. Although research using Deep Q-Networks (DQN) for 
traffic optimization has indicated decreases in vehicle delay and emissions, PPO has surpassed Q- learning-
based methods because it can optimize signal timing in a stable and effective way. Moreover, our results 
align with current advancements in graph neural networks (GNNs) for traffic modeling, which emissions 
reduction. PPO was able to maintain a 25% further enhances the predictive power of AI-based lower 
emissions rate compared to the baseline by avoiding unnecessary stops and idle periods. The results of 
the study reveal how efficiently AI-based traffic signal control optimizes city mobility. Based on the 
performance metrics, reinforcement learning- based models—namely, Proximal Policy Optimization, or 
PPO—worked significantly better than traditional rule-based and adaptive control systems. PPO worked 
better than rule based. The inclusion and fairness findings reveal that AI models enhanced the safety and 
accessibility of road users, particularly for pedestrians and bikes. With a fairness score of 0.95, PPO 
ensured that road users had an equal share of signal time. In addition, scalability experiments proved that 
AI models performed efficiently in a wide range of traffic conditions, paving the way for their deployment 
in urban, suburban, and rural environments. Even though previous research on AI-based traffic control 
indicated promising results, most of them focused on either simulation testing or limited real- world 
implementations.  Traffic flow has been moderately enhanced by traditional adaptive control schemes 
such as SCOOT (Split Cycle Offset Optimization Technique) and SCATS (Sydney Coordinated Adaptive 
Traffic System). system by 60%, with a minimum average vehicle delay of 30 seconds. This shows how 
the model can modify traffic signal timings dynamically based on existing traffic conditions. In addition, 
PPO showed a 92% traffic throughput, ensuring smooth movement of vehicles with reduced traffic. 
systems. These approaches, however, need large manual calibrations and fail to dynamically adjust to 
sudden traffic changes as effectively as reinforcement learning models. The findings of the study have 
significant implications for smart city initiatives and transportation planning in cities. To facilitate 
sustainable urban transport, traffic signal management systems based on AI can enhance street efficiency, 
save travel time, and decrease emissions. Dependence on fixed signal timing tables can be minimized by 
city planners and traffic authorities by utilizing reinforcement learning models to automate the control 
of traffic. 
 
CONCLUSIONS 
The efficiency of AI-actuated traffic signal control in optimizing urban mobility was examined in this 
research. The key findings present that rule-based and adaptive traffic control methods are significantly 
surpassed by reinforcement learning algorithms, particularly Proximal Policy Optimization (PPO). Results 
demonstrated that AI-powered traffic control optimizes traffic flow to reduce CO₂ emissions, increase 
traffic capacity, and reduce average vehicle delay by as much as 60%. In addition, the AI models were 
more inclusive and equitable, ensuring equitable traffic management for all road users, such as pedestrians 
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and cyclists. Of the models that were tested, PPO performed the most consistently in scalability, 
responding effectively to dynamic traffic scenarios in urban, suburban, and rural environments. By 
demonstrating that reinforcement learning can lead to adaptive, data-driven traffic control systems that 
enhance sustainability and efficiency, this research pushes the field of intelligent transportation systems 
further. Real-world data, simulation-based evaluations, and deep Learning Methods are employed to 
enhance the relevance and reliability of AI in traffic management. This research also demonstrates how 
AI can be utilized to create more balanced and equitable urban mobility solutions by incorporating 
fairness and inclusion metrics. This research has several limitations even though it has been successful. 
Because of the reliance on simulation-based testing, actual boundaries were not considered to the full 
extent, such as erratic driving habits, infrastructural limitations, and external factors such as weather and 
road work. Additionally, sensor precision and the quality of real-time traffic information can influence 
the accuracy of the model in real-world use. Subsequent studies need to overcome these constraints by 
using more heterogeneous and practical datasets to facilitate model generalization; exploring hybrid AI 
models by merging reinforcement learning with conventional traffic engineering techniques could yield 
even stronger solutions; experimentation with AI-based traffic control at a larger scale, incorporating 
vehicle-to- everything (V2X) communication technology, and exploring energy-efficient smart traffic 
systems would   be   key   areas   for   future   research;   and considering advances in AI explainability 
and credibility to allow city planners and transport authorities to effectively adopt and implement these 
models in real-world environments. 
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