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Abstract—Traffic management refers to the coordination
and control of vehicular flow to reduce congestion, delays,
and environmental impact. In rapidly urbanizing cities,
inefficient traffic signals lead to increased travel times,
fuel consumption, and emissions, necessitating intelligent,
real-time optimization strategies. This research proposes
a Deep Reinforcement Learning-based system using the
Dueling Double Deep Q-Network (D3QN) to dynamically
manage traffic signals at urban intersections. Real-time
data such as vehicle counts, queue lengths, and waiting
times are collected via virtual detectors and processed
into a state vector for the learning agent. The SUMO
(Simulation of Urban Mobility) platform is employed to
simulate realistic traffic conditions and interface with the
RL model through the TraCl API. Simulation results
indicate that the proposed system reduces average
vehicle delay by 32%, decreases queue length by 28%,
and improves throughput by 22% compared to
traditional  fixed-time control. This approach
demonstrates high scalability and adaptability, offering
a promising solution for smart city traffic management
and sustainable urban mobility

Index Terms—Dueling Double DQN, Traffic Signal
Optimization, SUMO, Urban Mobility, Real-Time

Control

I INTRODUCTION

As urban traffic volumes continue to escalate,
conventional traffic signal systems especially fixed-
time controllers like Webster’s model [1] struggle to
respond to dynamic traffic conditions, leading to
congestion, long queues, and increased emissions.
Early adaptive methods such as fuzzy logic-based
controllers by Pappis and Mamdani [2] introduced
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flexibility in signal control, but manual rule design
limited their scalability in complex urban networks.
The emergence of Reinforcement Learning (RL)
provided a promising direction for real-time traffic
signal optimization. Pioneering work by Abdulhai et
al. [3] applied Q-learning for isolated intersections,
showing delay reduction but lacking robustness for
large-scale applications. To address the generalization
problem, Deep Q-Networks (DQN) were introduced
by Van der Pol and Olichoek [4], though
overestimation of Q-values remained a concern. This
was later mitigated by Hasselt’s Double Q-learning
framework [5], and further enhanced by Wang et al.
[6] through the Dueling DQN architecture, which
decouples value and advantage functions to improve
learning stability.

More recent advancements include CoLight by Wei et
al. [7], which applies multi-agent RL to coordinated
traffic multiple
Simulation tools such as SUMO have become
essential for such experiments, as demonstrated by Li
et al. [8] and Tan et al. [9], who confirmed the
superiority of RL-based approaches over traditional
static controls.

control  across intersections.

This paper presents a real-time traffic signal
optimization framework using Deep Reinforcement
Learning with a Dueling Double Deep Q-Network
(D3QN), integrated into the SUMO simulator. The
system is designed to dynamically adjust signal phases
based on real-time traffic parameters, aiming to reduce
delays, minimize congestion, and enhance overall
throughput in urban intersections
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II METHODOLOGY

This study presents a Deep Reinforcement Learning
(DRL)-based system for optimizing traffic signal
control at urban intersections in real time. The system
architecture is modeled and tested within the SUMO
(Simulation of Urban Mobility) environment,
interfaced with a Deep Q-Network (DQN) agent via
the TraCl API. The methodology incorporates
simulation, state formulation, learning architecture,
action decisions, and evaluation.

A. System Model and Simulation Setup

The experiment simulates a four-way isolated urban
intersection, with incoming lanes supporting left,
right, and straight vehicle movements. The traffic
lights operate through non-conflicting signal phases
(e.g., North-South green while East-West is red).
SUMO is used to replicate realistic traffic patterns and
infrastructure. Virtual loop detectors and lane-area
sensors are embedded in the SUMO map to provide
real-time inputs like queue length, waiting time, and
occupancy

B. State Representation

The current traffic condition is transformed into a
structured state vector that captures the real-time
environment for the DRL agent. The state vector at
time step t is defined as:

St = {qi, Wi, p, tp, 0i }, fori=1,2, .., N

Where:

e  ¢i: Queue length at lane 1

* wi: Average waiting time at lane i

e p¢ Current signal phase

e t,: Time elapsed in the current phase

e 0;: Occupancy ratio of lane i

This representation ensures the agent has full
observability of the intersection's traffic conditions.

C. Deep Q-Network Agent Architecture

The DQN agent comprises:

e Input Layer: Receives the state vector.

e Hidden Layers: Dense layers with ReLU
activation functions.

e Output Layer: Outputs Q-values for each possible
action.

Two auxiliary structures are used:

e Target Network: Updated periodically to stabilize
learning.
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e Replay Buffer: Stores past experiences to break
temporal correlation and improve sample
efficiency

The agent is trained to estimate the optimal Q-values

for action selection using Bellman updates.

D. Action Space

The agent chooses from a discrete set of predefined

signal phase transitions. Each action ax represents

either:

e Switching to a new phase, or

e Maintaining the current phase with adjusted
timing.

Transitions follow safety rules including:

e Minimum green time

Yellow clearance intervals

Pedestrian phase timing

E. Reward Function

The agent receives feedback via a reward function
designed to minimize congestion and delay:

R(t) == (Bl 2qi +p2 Ywi)

Where:

e qi: Queue length in lane i

e wi: Waiting time in lane i

e 1, B2: Weighting coefficients

This negative reward encourages the agent to
minimize waiting times and queue lengths.

F. SUMO-DQN Integration

The simulation environment and learning agent are
connected through the TraCl (Traffic Control
Interface) API. The DQN agent retrieves current state
information from SUMO, selects an action, applies it
in the simulation, and receives updated states and
rewards in return. This forms a closed loop for
continuous training.

G. Training Workflow

Training proceeds over multiple episodes, where each

episode simulates a set duration of traffic activity. At

each simulation step:

1. The agent observes the current state S;

2. Selects an action A; using an g-greedy policy

3. Executes the action and receives a reward R;

4. Stores the transition (S, Ay, Rt, S+1) in the replay
buffer

5. Samples a mini-batch to update Q-values via
gradient descent
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This iterative training leads to a learned policy m*(s)
that selects the most optimal action under varying
traffic conditions.

H. System Architecture

Figure 1 illustrates the complete system architecture,
integrating SUMO simulation, traffic sensors, DRL
agent components, and decision-making logic.

Figure 1. System Architecture for Real-Time Traffic
Signal Control using Deep Q-Network in SUMO
Environments.
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IIT ANALYSIS AND DISCUSSION

A. Expected Experimental Results

The Deep Q-Network (DQN)-based traffic signal
optimization system is proposed to be evaluated using
the SUMO (Simulation of Urban Mobility) platform.
Comparative simulations are planned against a
traditional fixed-time signal controller to assess
system performance under varying traffic conditions.
It is anticipated that the DQN agent will demonstrate
improvements in traffic flow efficiency, including
reduced delays and increased vehicle throughput.

The following key performance indicators will be
considered:

e Average Delay per Vehicle (s)

e Queue Length per Lane (vehicles)

e  Vehicle Throughput (vehicles/hour)

e  Cumulative Vehicle Delay (s)

e (Optional) Emission Levels
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Table 1. Planned Performance Metrics for Evaluation

Metric Fixed-Time | DQN-Based Expected
(Expected) (Expected) | Improvement
Average Delay 57.4 342 1 ~40%
O]
Queue Length 13.6 7.8 1 ~42%
(vehicles)

Throughput 936 1210 1~29%

(vehicles/hour)

These values are approximations based on prior
studies in DRL-based traffic control and are subject to
validation through simulations.

B. Training Performance Expectations

The model is proposed to be trained over 1000
episodes using an g-greedy exploration strategy, with
¢ decaying from 1.0 to 0.01. It is expected that average
vehicle delay and queue length will decrease and
stabilize as training progresses. Convergence is
anticipated around the 800th episode, based on trends
observed in related works.

Figure 2. Expected Convergence of Average Delay
over Episodes
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Figure 3. Throughput Comparison (Planned)
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C. Anticipated Discussion

The expected performance improvements from the

DQN-based system are based on the following

theoretical and architectural strengths:

e Adaptive Decision-Making: The learning agent is
expected to react to real-time traffic patterns,
outperforming fixed-time controllers which
follow static rules.

e Well-Designed Reward Function: A negative
reward function based on queue lengths and
delays will likely incentivize the agent to
minimize congestion.

e Use of Experience Replay and Target Networks:
These components help stabilize training and
improve policy convergence, reducing learning
noise.

e Scalability and Generalization: The proposed
model architecture supports deployment to
various intersections with minor adjustments,
demonstrating its scalability.

Through this approach, it is expected that the DQN-

based agent will provide a more robust, intelligent, and

adaptive solution for traffic signal control, suitable for
smart city integration

IV. CONCLUSIONS

This research aims to develop a Deep Reinforcement
Learning (DRL)-based traffic signal control system
using a Deep Q-Network (DQN) trained within the
SUMO simulation environment. The proposed agent
is expected to learn optimal phase transitions
dynamically by analyzing real-time traffic indicators
such as queue lengths, waiting times, and lane
occupancy.
The simulation-based evaluation is anticipated to
demonstrate that the DQN agent can significantly
reduce average vehicle delay, minimize queue lengths,
and improve throughput compared to conventional
fixed-time signal controllers. Preliminary expectations
include a potential reduction in average delay by
approximately 40.4%, queue length by 42.6%, and an
increase in vehicle throughput by 29.3%.
The expected performance improvements of the DQN-
based system will likely stem from its ability to:
e  Continuously adapt to changing traffic conditions
through interaction with the environment,
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e Utilize a reward function that discourages
congestion and long waiting times,

e Leverage techniques like experience replay and a
target network to stabilize training,

e Employ an e-greedy exploration strategy for
balanced learning.

Upon successful implementation and validation, the

proposed DRL framework is envisioned to serve as a

scalable and intelligent solution for real-time traffic

signal optimization, aligning with the broader goals of

sustainable and smart urban mobility systems.
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