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ABSTRACT 

With the rapid growth of urbanization, traffic 

congestion has become a major challenge in 

smart cities, as traditional traffic light systems 

operate on fixed timers and fail to adapt to real-

time conditions, resulting in inefficiencies and 

longer waiting times. This project proposes an 

intelligent traffic light control system using 

Simulation of Urban Mobility (SUMO) 

integrated with Deep Reinforcement Learning 

(DRL), where a DRL agent dynamically manages 

traffic signals based on real-time factors such as 

vehicle density, queue length, and waiting time. 

The system uses these parameters as state 

representations, while reward functions are 

designed to minimize congestion and delays by 

optimizing signal timing through continuous 

interaction with the simulated environment. As a 

result, the proposed approach enhances traffic 

flow efficiency, reduces average waiting time, 

and effectively adapts to changing traffic 

patterns, demonstrating the potential of AI-driven 

traffic management solutions for smart city 

applications. 

Key Words: Smart traffic control, Traffic 

congestion, Simulation of urban mobility, Deep 

reinforcement learning, Deep Q networks 

1. INTRODUCTION 

Rapid urbanization and the continuous increase in 

the number of vehicles have led to severe traffic 

congestion in modern cities, making efficient 

traffic management a critical challenge for smart 

city development. Conventional traffic light 

control systems operate on fixed timing schedules 

or simple rule-based mechanisms, which are 

unable to respond effectively to real-time traffic 

variations, resulting in increased delays, longer 

queues, fuel wastage, and higher environmental 

pollution. 

To address these limitations, intelligent traffic 

control systems have gained significant attention, 

particularly those leveraging Artificial 

Intelligence (AI) techniques. Among these, Deep 

Reinforcement Learning (DRL) has emerged as a 

powerful approach, enabling traffic signal 

controllers to learn optimal decision-making 

strategies through continuous interaction with the 

traffic environment. By considering real-time 

parameters such as vehicle density, queue length, 

and waiting time, DRL-based systems can 

dynamically adjust signal timings to optimize 

traffic flow. 

Simulation tools like Simulation of Urban 

Mobility (SUMO) provide a realistic and flexible 

environment for modeling and testing such 

intelligent systems without affecting real-world 

traffic conditions. 

Integrating SUMO with DRL allows researchers 

to train and evaluate adaptive traffic signal 

control models efficiently. 

This project focuses on developing a smart traffic 

light control system using SUMO and DRL, 

aiming to reduce congestion, minimize waiting 

times, and improve overall traffic efficiency. The 
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proposed system demonstrates how AI-driven 

approaches can significantly enhance urban 

mobility and contribute to the development of 

smarter and more sustainable cities. 

2. LITERATURE SURVEY 

Traffic congestion in urban areas has motivated 

extensive research in intelligent traffic signal 

control systems. Traditional fixed-time and rule-

based traffic light systems are inefficient as they 

fail to adapt to real-time traffic dynamics, 

resulting in increased waiting time, fuel 

consumption, and pollution. Recent studies 

highlight that intelligent traffic signal control can 

be formulated as an optimization problem, where 

adaptive methods outperform conventional 

approaches in managing traffic flow efficiently. 

Reinforcement Learning (RL) has emerged as a 

promising technique for traffic signal control, 

enabling systems to learn optimal policies 

through interaction with the environment. Early 

approaches focused on single-agent RL, where 

one controller manages an intersection, but these 

methods showed limitations in handling complex, 

real-world traffic networks. To overcome this, 

multi-agent reinforcement learning (MARL) 

techniques were introduced, allowing multiple 

traffic signals to coordinate and optimize 

decisions collaboratively. 

With advancements in deep learning, Deep 

Reinforcement Learning (DRL) has gained 

significant attention due to its ability to handle 

high-dimensional state spaces. DRL models, such 

as Deep Q-Networks (DQN), policy-gradient 

methods, and actor–critic algorithms, have been 

successfully applied to traffic signal control. 

These models use state representations like 

vehicle density, queue length, and waiting time, 

while reward functions are designed to minimize 

congestion and delay. Studies demonstrate that 

DRL-based systems significantly reduce average 

waiting time and improve traffic flow compared 

to traditional systems. 

Simulation platforms like SUMO (Simulation of 

Urban Mobility) play a crucial role in evaluating 

these models. Many researchers have 

implemented DRL-based traffic control systems 

in SUMO environments to simulate real-world 

scenarios. For instance, recent work applied DRL 

on large-scale traffic networks and demonstrated 

improved efficiency, including reduced delays 

and better management of public transport 

priority. Additionally, distributed and 

decentralized DRL approaches have been 

proposed to handle multiple intersections, where 

agents learn locally and coordinate globally to 

optimize traffic performance. 

Recent advancements also explore federated 

learning and advanced neural architectures such 

as Graph Neural Networks (GNNs) and 

transformers to improve scalability and 

generalization of DRL models in traffic systems. 

These approaches address challenges like slow 

learning, poor adaptability across different traffic 

conditions, and communication between multiple 

agents. 

In summary, the literature indicates that DRL-

based intelligent traffic signal control systems, 

especially when combined with simulation tools 

like SUMO, provide an effective solution for 

real-time traffic management. These systems 

outperform traditional methods by dynamically 

adapting to changing traffic conditions, reducing 

congestion, and improving overall transportation 

efficiency, making them highly suitable for smart 

city applications. 

 

 

3. PROPOSED SYSTEM 

The proposed system is an intelligent traffic 

signal control framework that integrates the 

Simulation of Urban Mobility (SUMO) with a 

Deep Reinforcement Learning (DRL) agent to 
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Initialize Q-network 

Initialize replay memory 

For each episode: 

Reset environment 

Get initial state S 

While not done: 

Choose action A (ε-greedy) 

Execute A 

Observe reward R and next state S' 

Store (S, A, R, S') in memory 

Sample batch from memory 

Update Q-network using loss 

Set S = S' 

Reduce ε 

End 

 

dynamically manage traffic signals based on real-

time conditions. The architecture is composed of 

three key components: the simulation 

environment, the reinforcement learning agent, 

and the control interface. The SUMO 

environment replicates real-world traffic 

scenarios by generating vehicle movements, 

simulating traffic flow, and providing continuous 

real-time data such as vehicle count, speed, and 

congestion levels at intersections. The 

reinforcement learning agent interacts with this 

environment by observing the current traffic state 

and making decisions regarding traffic signal 

control. It learns an optimal policy over time 

using a trial-and-error approach guided by 

rewards. The control interface acts as a bridge 

between SUMO and the learning model, enabling 

seamless communication by updating traffic 

signal phases according to the agent’s decisions 

through protocols like TraCI (Traffic Control 

Interface). 

The state representation in the proposed system 

plays a crucial role in enabling the agent to 

understand traffic conditions effectively. It 

includes multiple parameters such as the number 

of vehicles on each lane, cumulative waiting time 

of vehicles, queue lengths, and overall traffic 

density at the intersection. These features 

collectively provide a comprehensive view of the 

traffic situation, allowing the agent to make 

informed decisions. In some advanced 

implementations, additional features like vehicle 

speed, lane occupancy, and signal phase duration 

history may also be included to improve learning 

performance. 

 

Fig 1 Proposed architecture 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The action space defines the set of possible 

decisions the agent can take to control traffic 

lights. In this system, the agent can switch the 

traffic signal phase (e.g., from red to green for a 
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specific direction), maintain the current signal 

phase if traffic conditions are optimal, or extend 

the duration of the green signal to allow more 

vehicles to pass during high congestion. This 

flexibility enables adaptive signal control rather 

than relying on fixed-time schedules. 

The reward function is carefully designed to 

guide the agent toward minimizing 

congestion and improving traffic efficiency. 

It provides feedback based on the 

effectiveness of the agent’s actions. For 

instance, a negative reward is assigned when 

there is high congestion, long queues, or 

increased waiting times, while a positive 

reward is given when traffic flows smoothly 

with minimal delays. The reward function 

may also incorporate factors like average 

speed, throughput, and reduction in stop time 

to ensure balanced optimization.  

The system employs a Deep Q-Network 

(DQN) as the core learning model, which 

combines traditional Q-learning with deep 

neural networks to handle high-dimensional 

state spaces. The DQN approximates Q-

values for each possible action, enabling the 

agent to select the most optimal action for a 

given traffic state. It utilizes techniques such 

as experience replay, where past experiences 

are stored and randomly sampled to stabilize 

learning, and a target network to reduce 

fluctuations during training. Over time, the 

model converges to an optimal traffic control 

policy that significantly reduces average 

waiting time, minimizes queue lengths, and 

improves overall traffic flow. This intelligent 

and adaptive approach demonstrates the 

potential of combining simulation tools with 

deep learning for efficient and scalable smart 

traffic management systems. 

4. RESULT DESCRIPTION 

The developed intelligent traffic light control 

system using the Simulation of Urban 

Mobility (SUMO) and Deep Reinforcement 

Learning (DRL) has produced significant and 

effective results, demonstrating the capability 

of AI in optimizing urban traffic 

management. Based on the simulation 

outputs, the proposed system successfully 

reduces traffic congestion, minimizes vehicle 

waiting time, and improves overall traffic 

flow efficiency compared to traditional fixed-

time signal systems. The DRL agent 

continuously learns from real-time traffic 

conditions and adapts signal timings 

dynamically, leading to better utilization of 

road infrastructure and smoother vehicle 

movement across intersections. The system 

evaluates traffic performance using key 

parameters such as average waiting time, 

queue length, vehicle throughput, and delay. 

The results indicate a substantial reduction in 

average waiting time at intersections, as 

vehicles spend less time idle compared to 

conventional systems. Queue lengths are also 

significantly reduced, especially during peak 

traffic hours, showing the system’s ability to 

handle high-density traffic conditions 

effectively. Additionally, the throughput of 

vehicles, defined as the number of vehicles 

successfully passing through the intersection, 

is increased, indicating improved traffic flow 

and reduced congestion levels. The 

simulation environment provides a detailed 

visualization of traffic behavior under 

different conditions. The traffic flow graphs 

clearly illustrate variations in vehicle density 

and waiting times over time. Peaks in these 

graphs represent congestion periods, while 

smoother curves indicate efficient traffic 

movement. Compared to baseline models, the 

proposed DRL-based system shows fewer 

congestion peaks and faster recovery from 

traffic buildup. This highlights the 

adaptability of the system in responding to 

dynamic traffic patterns. One of the key 

outcomes of the system is the intelligent 

decision-making capability of the DRL 

agent. Unlike fixed-timer systems, the agent 

selects optimal actions such as switching 
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traffic phases, extending green signals, or 

maintaining the current state based on real-

time traffic conditions. The reward function 

plays a critical role in guiding the agent, 

where negative rewards are assigned for 

congestion and long waiting times, and 

positive rewards are given for smooth traffic 

flow. Over multiple training episodes, the 

agent learns to maximize cumulative 

rewards, resulting in an optimized traffic 

signal control policy. 

 

Fig 2 Fixed Signal system 

This graph represents the traditional fixed-

time traffic signal system where timings are 

pre-defined and do not adapt to real-time 

traffic conditions. The graph shows frequent 

sharp peaks in waiting vehicles, indicating 

heavy congestion at regular intervals. The 

system fails to respond to traffic fluctuations, 

leading to longer waiting times, inefficient 

queue clearance, and poor traffic flow. As a 

result, congestion builds up significantly, 

causing increased delays, fuel consumption, 

and reduced overall efficiency. 

 

Fig 3 Adaptive Traffic Control(Improved) 

This graph shows the performance of the 

DRL-based adaptive traffic system. 

Compared to the fixed system, the peaks are 

lower and more stable, indicating better 

congestion management. The system 

dynamically adjusts signal timings based on 

real-time traffic conditions, reducing waiting 

time and queue length. Traffic flow is 

smoother and more consistent, demonstrating 

improved efficiency and better utilization of 

road infrastructure. 
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Fig 5 Traffic Comparison(Improvement: 

23.82%) 

This graph compares the fixed signal system 

and the adaptive DRL-based system. The 

adaptive system consistently shows lower 

waiting vehicle values with fewer and 

smaller peaks. The overall improvement of 

23.82% highlights a significant reduction in 

congestion and delay. The results clearly 

demonstrate that the adaptive system 

outperforms the traditional approach by 

providing smoother, more stable, and 

efficient traffic management. 

 

Fig 5 Simulation environment network 

The above image shows the traffic simulation 

environment designed using SUMO 

(Simulation of Urban Mobility). It represents 

a grid-based urban road network consisting 

of multiple intersections connected by 

horizontal and vertical roads. Each block in 

the layout represents a city section, while the 

connecting roads simulate real-world traffic 

flow between intersections. Vehicles move 

along predefined lanes, and traffic signals are 

placed at each junction to control movement. 

The arrows on the roads indicate the direction 

of traffic flow, ensuring organized vehicle 

movement across the network. 

This simulation setup is used to test and 

evaluate the performance of the intelligent 

traffic light control system. The grid structure 

allows the model to handle multiple 

intersections simultaneously, making it 

suitable for analyzing complex urban traffic 

scenarios. By applying Deep Reinforcement 

Learning (DRL), the system dynamically 

controls signal timings at each intersection 

based on real-time traffic conditions. This 

environment helps in visualizing congestion 

patterns, vehicle distribution, and the 

effectiveness of adaptive signal control in 

reducing delays and improving overall traffic 

efficiency. 

5. CONCLUSION 

In conclusion, the proposed smart traffic light 

control system using SUMO and Deep 

Reinforcement Learning (DRL) successfully 

addresses the limitations of traditional fixed-time 

traffic signal systems. The study demonstrates 

that conventional methods are inefficient in 

handling dynamic and unpredictable traffic 

conditions, leading to increased congestion, 

longer waiting times, and poor traffic flow 

management. By integrating an intelligent DRL-

based approach, the system is able to adapt to 

real-time traffic scenarios and make optimal 

decisions for signal control. 

The use of SUMO as a simulation platform 

provides a realistic and flexible environment to 

model urban traffic conditions without affecting 

real-world systems. It enables the generation of 

diverse traffic scenarios, including peak hours 

and varying vehicle densities, which are essential 

for training and evaluating the learning model. 

The DRL agent interacts continuously with this 

environment, learning from its actions through a 

reward-based mechanism and improving its 

performance over time. 

One of the key achievements of the proposed 

system is its ability to significantly reduce 

average vehicle waiting time at intersections. By 

dynamically adjusting signal phases based on 

traffic conditions, the system ensures smoother 

vehicle movement and minimizes unnecessary 

delays. This is clearly supported by the 

comparative results, where the adaptive system 
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outperforms the fixed signal system with a 

noticeable improvement in efficiency. 

The reduction in queue length is another 

important outcome of the system. Long queues 

are a major indicator of congestion, and the 

proposed model effectively manages traffic flow 

to prevent excessive buildup of vehicles. This 

contributes to better road utilization and reduces 

the chances of traffic bottlenecks, especially 

during high-density conditions. 

Furthermore, the system demonstrates improved 

throughput, meaning a higher number of vehicles 

are able to pass through the intersection within a 

given time frame. This indicates that the traffic 

signals are being used more efficiently, allowing 

for a balanced distribution of traffic across all 

lanes. The adaptive nature of the system ensures 

that no lane is given unnecessary priority, thereby 

maintaining fairness in traffic management. 

The Deep Q-Network (DQN) model plays a 

crucial role in achieving these results. Its ability 

to handle complex and high-dimensional state 

spaces allows the system to consider multiple 

traffic parameters simultaneously, such as vehicle 

count, waiting time, and queue length. The use of 

experience replay and target networks further 

enhances the stability and learning efficiency of 

the model. 

Another significant advantage of the proposed 

system is its real-time adaptability. Unlike fixed 

systems, which operate on pre-defined schedules, 

the DRL-based approach continuously monitors 

traffic conditions and updates its decisions 

accordingly. This makes it highly suitable for 

modern smart cities, where traffic patterns are 

constantly changing due to various factors. 

The visualization results clearly highlight the 

effectiveness of the system. The adaptive traffic 

control graphs show reduced peaks and more 

stable patterns compared to the fixed signal 

system. This indicates better control over 

congestion and improved consistency in traffic 

flow. The comparison graph further validates the 

superiority of the proposed approach, showing a 

substantial improvement in performance. 

In addition to improving traffic efficiency, the 

system also contributes to environmental 

sustainability. Reduced waiting times and 

smoother traffic flow lead to lower fuel 

consumption and decreased vehicle emissions. 

This helps in minimizing air pollution and 

supports the development of eco-friendly urban 

environments. 

The proposed system is also scalable and can be 

extended to multiple intersections using multi-

agent reinforcement learning techniques. This 

would allow coordination between different 

traffic signals, further enhancing the overall 

efficiency of the transportation network. Future 

improvements may include the integration of 

real-world data, IoT sensors, and advanced neural 

network architectures to further optimize 

performance. 

Despite its advantages, the system may face 

challenges such as computational complexity 

and the need for extensive training data. 

However, with advancements in computing 

power and data availability, these challenges 

can be effectively addressed.  

Overall, the project successfully 

demonstrates that the combination of SUMO 

and Deep Reinforcement Learning provides a 

powerful solution for intelligent traffic 

management. The system achieves its 

objectives of reducing congestion, 

minimizing waiting time, and improving 

traffic flow efficiency. It highlights the 

potential of AI-driven approaches in 

transforming traditional transportation 

systems into smart, adaptive, and efficient 

networks. 

Thus, the proposed smart traffic light control 

system represents a significant step toward the 

development of intelligent transportation systems 

and smart city infrastructure, offering a practical 

and scalable solution to modern traffic 

challenges. 
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