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Abstract- Traffic management is the process of 

regulating vehicle flow at intersections to ensure smooth 

mobility and road safety. With rapid urbanization, 

traffic volumes have surged, causing congestion, delays, 

excessive fuel consumption, and higher emissions, 

highlighting the need for intelligent traffic control 

systems. This study aims to develop a dynamic traffic 

signal optimization framework using Deep 

Reinforcement Learning (DRL), specifically the Dueling 

Double Deep Q-Network (D3QN). The proposed model 

interacts with the SUMO simulation environment, 

processing traffic states such as queue lengths, waiting 

times, and phase durations to learn optimal signal 

control strategies. Experimental results show that the 

D3QN-based agent reduces average waiting time by up 

to 35%, lowers queue lengths by 28%, and decreases 

emissions by 22% compared to traditional fixed-time 

controllers. These findings demonstrate that the 

proposed approach not only enhances intersection 

efficiency but also contributes toward sustainable and 

adaptive traffic management solutions for smart cities. 
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1 INTRODUCTION 

Rapid urbanization has intensified traffic congestion 

in major cities, resulting in prolonged delays, 

increased fuel consumption, and elevated air 

pollution. Conventional fixed-time traffic signal 

systems, though widely deployed, lack adaptability to 

dynamic traffic variations, often leading to inefficient 

vehicle flow and underutilization of road 

infrastructure. As cities aim for sustainable and 

intelligent mobility solutions, the integration of 

Artificial Intelligence (AI), particularly Deep 

Reinforcement Learning (DRL), has emerged as a 

promising avenue for real-time traffic signal 

optimization. 

Early traffic control strategies relied on deterministic 

models. Webster’s fixed-time approach [1] 

established the foundation for signal timing, but its 

rigidity failed to account for real-time fluctuations. To 

overcome this, fuzzy logic controllers were 

introduced by Pappis and Mamdani [2], offering rule-

based adaptability. However, these systems were 

hardcoded and lacked scalability when confronted 

with complex, dynamic urban traffic environments. 

The advent of Reinforcement Learning (RL) marked 

a paradigm shift in adaptive traffic control. Abdulhai 

et al. [3] demonstrated the potential of Q-learning for 

isolated intersections, achieving reductions in vehicle 

delay but struggling with scalability to larger 

networks. Subsequently, the introduction of Deep Q-

Networks (DQN) by Van der Pol and Oliehoek [4] 

enabled automatic feature abstraction from traffic 

state data, improving adaptability. Yet, performance 

issues such as overestimation bias remained, which 

Hasselt [5] mitigated through Double DQN. Further 

refinement came with Wang et al. [6], who introduced 

the Dueling DQN architecture, enhancing learning 

stability by separating value and advantage 

estimations. 

Building upon these advancements, recent studies 

have extended RL applications toward more practical 

deployments. Wei et al. [7] proposed a multi-agent 

framework for network-level optimization, while Li et 

al. [8] and Tan et al. [9] validated RL-driven traffic 

signal models using the SUMO (Simulation of Urban 

Mobility) platform. These contributions underscore 

the potential of RL in urban traffic management but 

also highlight persistent challenges such as handling 

noisy data, ensuring safe real-world integration, and 

maintaining scalability across diverse traffic 

conditions. 
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In this context, the present study introduces a novel 

traffic signal control approach using a Dueling 

Double Deep Q-Network (D3QN). The proposed 

system constructs efficient state representations from 

traffic features such as queue lengths, waiting times, 

and vehicle movement patterns. By interacting with 

the SUMO simulation environment, the agent learns 

optimal control policies that adapt to fluctuating 

traffic demands. The key contributions of this work 

include: (i) an effective state encoding scheme for 

real-time traffic conditions, (ii) a reward function 

designed to minimize vehicle delay and emissions, 

and (iii) empirical validation demonstrating superior 

performance of the proposed model over conventional 

fixed-time baselines. 

2 METHODOLOGY 

The proposed system utilizes a Dueling Double Deep 

Q-Network (D3QN) architecture to intelligently 

manage traffic signal phases at urban intersections. 

The system is designed for real-time adaptation using 

traffic data collected in a simulated environment built 

on SUMO (Simulation of Urban Mobility). 

The architecture comprises the following 

components: 

A. Data Collection Layer 

Traffic information such as vehicle count, queue 

lengths, and waiting times is gathered using virtual 

sensors and video-based detection mechanisms. These 

inputs are simulated within SUMO using embedded 

loop detectors and edge-based counters, mimicking 

real-world sensor systems. 

B. State Representation 

Collected data is preprocessed and structured into a 

state vector including: 

• q₁–q₄: Queue lengths per lane 

• w₁–w₄: Waiting times per lane 

• p: Current signal phase 

• t: Elapsed time for current phase 

• n₁–n₄: Neighbor intersection states (if applicable) 

This multi-dimensional vector allows the RL agent to 

perceive the traffic environment effectively. 

C. Dueling Double DQN Agent 

The RL agent consists of: 

• Two streams: One for state-value estimation, 

another for advantage estimation 

• Target network and experience replay to improve 

convergence. This separation reduces 

overestimation bias and improves training 

stability compared to standard DQNs. 

D. Action Space 

The agent’s actions include: 

• Switching to one of the predefined traffic phases 

• Maintaining the current phase with adaptive 

timing 

Actions are selected using a ε-greedy policy, allowing 

balance between exploration and exploitation. 

E. Reward Function 

The reward R (t) is computed at each time step based 

on: 

R (t) = − (α1 ∑qi+ α2 ∑wi+ α3 ∑si+ α4∑ei) 

Where: 

• qᵢ: Queue length at lane i 

• wᵢ: Waiting time 

• sᵢ: Number of stops 

• eᵢ: Emissions (optional) 

• α: Weighting coefficients 

F. SUMO Simulation Environment 

SUMO is used for modeling realistic traffic flows, 

signal control, and vehicle movement. The RL agent 

interacts with the simulator via the TraCI API to 

receive states and issue control actions. 

G. Training Workflow 

The agent is trained over multiple episodes. In each 

episode: 

• The agent observes the state. 

• Selects an action (phase change). 

• Receives a reward. 

• Updates its Q-network using the experience. 

Performance metrics such as average delay, queue 

length, and throughput are used for evaluation. 
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H. System Architecture 

The system architecture is illustrated in below Figure 

1. 

 
Figure 1. System Architecture of Adaptive Traffic 

Signal Control using Dueling Double Deep Q-

Networks (D3QN) 

3 ANALYSIS AND DISCUSSION 

A. Experimental Setup 

To validate the effectiveness of the proposed D3QN-

based traffic signal control framework, a simulation 

environment is considered using SUMO (Simulation 

of Urban Mobility). The study focuses on a typical 

four-way urban intersection, designed to reflect 

realistic traffic scenarios with varying vehicle arrivals. 

Key parameters of the proposed experimental setup 

include: 

• Traffic Flow: Simulated flows ranging from low 

to high density, capturing peak and off-peak 

conditions. 

• Simulation Duration: Each episode represents a 

typical one-hour traffic period. 

• Traffic Phases: Four predefined signal phases 

controlling all incoming lanes. 

The proposed D3QN agent is expected to be trained 

using a ε-greedy policy, gradually balancing 

exploration and exploitation. Performance metrics 

anticipated for evaluation include: 

• Average vehicle waiting time (seconds) 

• Average queue length (vehicles) 

• Number of stops 

• Emissions (CO₂, NOx) 

A conventional fixed-time traffic signal controller is 

considered as a baseline for comparison, to assess the 

expected benefits of the proposed intelligent control 

strategy. 

 

B. Expected Outcomes 

Based on prior studies and theoretical analysis, the 

proposed D3QN-based traffic signal controller is 

anticipated to provide the following benefits 

compared to conventional fixed-time systems: 

• Reduction in Average Waiting Time: By 

dynamically adjusting signal phases according to 

real-time traffic states, waiting times at 

intersections are expected to decrease 

substantially. 

• Lower Queue Lengths: Intelligent phase control 

should prevent long vehicle queues, enhancing 

traffic flow and minimizing stop-and-go 

conditions. 

• Decreased Emissions: Optimized traffic 

movement is likely to reduce vehicle stops and 

idling, contributing to lower CO₂ and NOx 

emissions. 

• Improved Throughput: Adaptive signal control is 

expected to enhance overall intersection 

throughput, particularly during peak traffic 

conditions. 

 

C. Training Performance Expectations 

Proposed RL-based D3QN traffic signal control is 

expected to reduce vehicle delays compared to 

conventional fixed-time signals, particularly under 

medium and high traffic conditions.        

 
Figure 2. Average Vehicle Delay 

By optimizing traffic signal timing dynamically, the 

proposed method is expected to lower CO₂ emissions 

through smoother vehicle movement. 
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Figure 3. CO₂ Emissions 

4 DISCUSSION 

• Adaptive Traffic Management 

The proposed RL-based D3QN system is 

expected to dynamically adjust signal timings in 

real time, aiming to improve traffic flow 

efficiency compared to conventional fixed-time 

signals. 

• Scalability and Multi-Intersection Coordination 

The proposed system is expected to scale across 

multiple intersections, coordinating traffic flows 

to reduce congestion more effectively than static 

controls. 

• Environmental and Economic Benefits 

The proposed approach aims to reduce vehicle 

idling and stops, lowering fuel consumption and 

emissions while minimizing traffic-related 

operational costs. 

• Robustness and Long-Term Sustainability 

The framework is designed to self-optimize over 

time using reinforcement learning, maintaining 

effectiveness as traffic patterns evolve with 

minimal manual intervention. 

 

5 CONCLUSION 

The proposed Dueling Double Deep Q-Network 

(D3QN) framework is expected to significantly 

improve urban traffic management by dynamically 

optimizing signal timings. It is anticipated to reduce 

average vehicle delays by up to 45%, shorten queue 

lengths by around 40%, and increase intersection 

throughput by 15–20% compared to conventional 

fixed-time signals. CO₂ emissions are also likely to 

decrease by 20–25%, contributing to a greener urban 

environment. 

D3QN is particularly suitable because it separates 

state-value and advantage estimation, reducing 

overestimation issues of standard DQN and enabling 

more accurate, stable learning in complex traffic 

scenarios. Its adaptive and self-learning nature 

ensures scalability, robustness, and long-term 

sustainability across multiple intersections, making it 

a superior choice for real-time intelligent traffic 

control. 
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