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ABSTRACT

Traffic congestion remains a major challenge for intelligent transportation systems. Vehicle-to-Infrastructure (V2I)
communication provides a promising foundation for adaptive traffic signal control by enabling enhanced real-time
traffic detection. This paper proposes an adaptive traffic signal control framework that exploits a VV2I-enhanced
state representation for isolated intersections using a Deep Q-Network (DQN) agent. The agent learns an optimal
control policy directly from V2I-derived state information, including queue lengths, traffic signal phase, and green-
light duration, to dynamically adjust signal timing and improve traffic efficiency and stability. The proposed
framework was evaluated in a custom stochastic traffic simulation environment implemented in Python/PyTorch,
trained for 200 episodes, and assessed over 30 independent stochastic runs under low-, medium-, and high-traffic
demand scenarios. Experimental results demonstrate that the proposed approach significantly outperforms both
heuristic V21 and fixed-time baseline controllers, reducing the mean queue length by 29.8% under medium traffic
demand and 58.3% under high traffic demand, while substantially reducing queue variability across stochastic
traffic realizations. Furthermore, a comparative evaluation involving DQN, Double DQN, PPO, and A2C revealed
no statistically significant performance differences among the reinforcement learning algorithms, indicating that
the observed performance gains primarily originate from the proposed V2l-enhanced state representation rather
than from a specific reinforcement learning algorithm. These findings demonstrate the potential of VV2I-enabled
reinforcement learning as a robust framework for adaptive traffic signal control at isolated intersections.

Keywords: Traffic signal control; Congestion; VV2I; Deep Q-Network (DQN).

1 Introduction

Urban road traffic is experiencing sustained growth driven by the expansion of the global
vehicle fleet, rapid urbanization, and the concentration of economic activities. This trend leads
to an intensification of traffic flow across infrastructures with limited capacity, resulting in
recurrent congestion, frequent delays, bottlenecks, and increased travel time variability. Traffic
congestion has therefore become one of the major challenges facing modern Intelligent
Transportation Systems (ITS), with significant economic, environmental, and road safety
consequences [8,13].

Traffic Signal Control (TSC) represents a fundamental component of urban traffic
management, particularly at signalized intersections where conflicting traffic flows converge.
Conventional approaches, including fixed-time and actuated traffic signal control, have been
widely deployed because of their simplicity and operational reliability. However, their
performance remains highly dependent on predefined signal timing plans or limited local traffic
observations, making them less effective under highly dynamic and stochastic traffic conditions
[10,20,21]. Consequently, the effectiveness of adaptive traffic signal control increasingly
depends on the availability of accurate, timely, and fine-grained traffic information [13,21].

Recent advances in Reinforcement Learning (RL), particularly Deep Reinforcement
Learning (DRL), have demonstrated considerable potential for adaptive traffic signal
optimization by enabling controllers to learn efficient signal control policies directly through
interaction with the traffic environment [6,20,21]. Deep Q-Networks (DQN) further extend
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these capabilities by efficiently approximating optimal control policies in high-dimensional
state spaces. Nevertheless, most existing RL-based traffic signal control approaches primarily
rely on locally observed traffic states and do not explicitly exploit the richer contextual
information provided by Vehicle-to-Infrastructure (V2I) communication [6,20,21]. Conversely,
recent V2l-enabled traffic management approaches generally depend on explicit traffic
prediction models, heuristic optimization strategies, or model-based control schemes rather
than model-free reinforcement learning [13,14].

The existing literature therefore reveals a clear research gap. On the one hand,
reinforcement learning—based approaches have demonstrated strong adaptive control
capabilities but generally neglect the integration of VV2I-derived traffic information into the
learning state. On the other hand, VV2I-enabled traffic management methods effectively exploit
real-time traffic information but remain largely dependent on predictive models or heuristic
optimization techniques. Consequently, the potential benefits of combining a VV2l-enhanced
traffic state representation with model-free deep reinforcement learning for adaptive traffic
signal control at isolated intersections remain insufficiently investigated [6,13,14,20,21].

To address this gap, this paper proposes an adaptive traffic signal control framework
integrating Vehicle-to-Infrastructure (V21) communication with a Deep Q-Network (DQN)
agent. The proposed framework exploits a V2l-enhanced state representation composed of
queue lengths, traffic signal phase, and green-light duration, enabling the DQN agent to learn
an adaptive signal control policy directly through continuous interaction with the traffic
environment without relying on explicit traffic prediction models.

The proposed framework is evaluated using a custom stochastic traffic simulation
environment developed in Python/PyTorch under low-, medium-, and high-traffic demand
scenarios. Its performance is compared with two representative baseline controllers: a
conventional fixed-time controller and a proactive VV21-based heuristic controller. Experimental
results demonstrate that the proposed framework significantly reduces both the mean and
variability of queue lengths while outperforming the baseline strategies across different traffic
demand levels.

The main contributions of this work are summarized as follows:

e A V2l-enhanced state representation integrating queue lengths, traffic signal phase, and

green-light duration for adaptive traffic signal control.

o A model-free Deep Q-Network framework capable of learning adaptive signal control
policies directly from V2I-derived traffic information without relying on explicit traffic
prediction models.

e A comprehensive experimental evaluation under low-, medium-, and high-traffic
demand scenarios, including statistical validation over 30 independent evaluation runs,
demonstrating significant improvements over both fixed-time and proactive V2I
heuristic controllers.

2 Related work

Existing research on urban traffic optimization can be broadly categorized into three main
directions: swarm intelligence and reinforcement learning—based optimization approaches,
reinforcement learning—based intelligent traffic signal control methods, and V2X/V2l-enabled
approaches for congestion detection and management.

First, Swarm Intelligence and Reinforcement Learning for Optimization: Several studies
combine swarm optimization techniques with reinforcement learning to enhance convergence
quality in complex optimization problems. Works [1-3] propose hybrid variants integrating

336 ISSN 2710-1274 (Print) - 2074-8523 (Online) - Published by Al-Zaytoonah University of Jordan (ZUJ)



Vol. 18, No. 3, November 2026 Int. J. Advance Soft Compu. Appl.

Particle Swarm Optimization (PSO) with reinforcement learning mechanisms in order to avoid
local minima and accelerate convergence. These approaches have been applied to general
optimization tasks and trajectory planning for autonomous vehicles. The efficacy of these
systems is often predicated on precise vehicle detection and tracking, which have been
extensively explored through ground-level image processing [7] and spatiotemporal analysis of
satellite video [9].

Although these studies demonstrate the effectiveness of hybrid optimization strategies in
complex search spaces, their primary objective is optimization or traffic perception rather than
adaptive traffic signal control. Consequently, they neither exploit V21 communication nor
address real-time signal control at isolated urban intersections.

Second, Reinforcement Learning for Intelligent Traffic Signal Control: Deep reinforcement
learning has recently emerged as a promising paradigm for adaptive traffic signal control. This
evolution follows long-standing mathematical models, such as those based on the modified
Webster function [10], which provided the initial groundwork for traffic light optimization.
Ault and Sharon [20] introduced standardized reinforcement learning benchmarks for traffic
signal control, highlighting the potential of RL-based methods while also emphasizing
challenges related to training stability and policy generalization across varying traffic scenarios.
Recent overviews of emerging techniques further highlight the shift towards predictive
analytics for urban mobility management [8].

While some studies employ PPO or DQN for network-wide control [6], others focus on
evaluating the relative efficiency of learning-based methods against conventional control. For
instance, Mahato [21] provided a comparative analysis between Multi-Agent Reinforcement
Learning (MARL) and fixed-time strategies, highlighting the superior adaptability of
autonomous agents in dynamic environments.

Other studies, such as [5], apply an advanced variant of Double Q-Learning with Prioritized
Experience Replay (DQL-PER) to the vehicle routing problem, demonstrating superior
convergence speed and reduced estimation bias compared with conventional Q-learning and
DQN approaches. A different perspective is presented in [4], where phase selection is governed
by an urgency function represented as an explainable tree structure and optimized through
genetic programming, emphasizing interpretability rather than purely value-based learning.

Despite their promising results, most reinforcement learning—based approaches either
target large-scale traffic networks or rely exclusively on locally observed traffic states. As a
result, they do not explicitly exploit the richer contextual information provided by V2I
communication to improve decision making at isolated intersections.

Third, V2X/V21-Based Approaches: V2X technologies enable rich information exchange
between vehicles and infrastructure, opening new opportunities for more informed traffic
control strategies. Recent literature emphasizes the fundamental role of Intelligent
Transportation Systems (ITS) as a cornerstone for the development of sustainable smart cities
[18]. In this context, Vehicular Ad Hoc Network (VANET) technology has been extensively
investigated for its capacity to mitigate urban congestion through decentralized monitoring
strategies [17,18]. A key challenge in these networks is maintaining communication reliability;
to this end, the implementation of load-aware and priority-adaptive methods [15] ensures that
critical information flows remain efficient, even under conditions of high network density.
While some research focuses on the stability of distributed congestion control protocols [19],
others leverage VANET frameworks for precise state estimation and cooperative detection. For
instance, Zhang and Zhang [18] demonstrate the effectiveness of a V2V-based cooperative
approach for congestion detection, which operates autonomously without reliance on
centralized infrastructure.
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Furthermore, the advancement of cooperative V2X perception is supported by the
development of large-scale real-world datasets such as V2X-Real [11] and V2V4Real [12].
These contributions provide valuable multimodal benchmarks for training and evaluating
cooperative perception systems.

Regarding Traffic Signal Control (TSC), recent studies have progressively shifted toward
predictive and anticipatory strategies. Qiao et al. [13] proposed a VV21-based predictive control
strategy optimized through genetic algorithms within a receding-horizon framework, whereas
Huang et al. [14] introduced an anticipatory control scheme incorporating a metamodel to
bridge the gap between theoretical traffic models and real-world dynamics.

Although these studies demonstrate the potential of VV2I-enabled traffic management, many
existing approaches remain dependent on explicit traffic prediction models, heuristic
optimization, or carefully calibrated metamodels. Such assumptions may limit their adaptability
to highly dynamic traffic environments.

In contrast, the proposed framework integrates V2I-derived traffic information into a
model-free Deep Q-Network, enabling the control policy to be learned directly through
continuous interaction with the traffic environment without relying on explicit traffic prediction
models.

Overall, the reviewed literature reveals three major research gaps: (i) optimization-oriented
approaches that are not specifically designed for adaptive traffic signal control, (ii)
reinforcement learning methods that generally rely on locally observed traffic states without
exploiting V2l-enhanced information, and (iii) V2l-based approaches that remain largely
dependent on predictive or heuristic models. To address these limitations, the proposed
framework combines a VV2I-enhanced state representation with model-free deep reinforcement
learning for adaptive traffic signal control at isolated intersections.

To further position the proposed approach with respect to the existing literature, Table 1
presents a comparative analysis of representative reinforcement learning—based and V2I-
enabled traffic signal control studies, highlighting their methodologies, evaluation
environments, principal contributions, and the research gaps addressed by the proposed
framework.

Table 1. Critical comparison of representative reinforcement learning—based and
V2l-enabled adaptive traffic signal control approaches.

Reference Methodology Evaluation Performance Main Research Gap
Environment Metrics Contribution
Zhangetal.  Modified Analytical traffic Average delay, Establishes a Unable to adapt to
[10] Webster traffic ~ flow model cycle efficiency deterministic stochastic traffic
flow model baseline for traffic  conditions or real-
signal timing time traffic
fluctuations
Liao et al. Genetic Synthetic traffic Average delay, Introduces Limited flexibility
[4] Programming scenarios policy interpretable due to predefined tree
with interpretability traffic signal structures; lacks deep
explainable decision rules representation
urgency trees learning
Skoropad et  Deep Urban traffic Traffic Demonstrates the Focuses mainly on
al. [6] Reinforcement datasets throughput, effectiveness of large-scale
Learning prediction deep RL forurban  optimization without
(DQN/PPO) accuracy traffic exploiting V2I-
optimization derived traffic
information
Qiao et al. V2| predictive V2l receding- Queue length, Performs Relies on explicit
[13] traffic signal horizon simulation  throughput anticipatory traffic  prediction models
control using signal and heuristic
Genetic optimization using  optimization
Algorithms
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short-term traffic
prediction

Huang etal.  Model-based Traffic simulation ~ Travel time, Bridges analytical ~ Requires continuous

[14] anticipatory with delay traffic modelsand ~ model calibration and
traffic signal metamodeling realistic traffic accurate traffic
control dynamics prediction

Ault & Reinforcement Standard RL Queue length, Demonstrates the Uses conventional

Sharon [20]  Learning benchmark cumulative delay  superiority of RL traffic measurements
benchmark for environments over fixed-time without V2I-
Traffic Signal control enhanced information
Control

Mahato [21]  Multi-Agent Benchmark traffic  Queue length, Shows the Does not integrate
Reinforcement scenarios delay, adaptability of V2l communication
Learning convergence MARL under into the learning
(MARL) dynamic traffic process

conditions

Proposed Model-free Custom Mean queue Integrates V2I- Currently validated

Framework Deep Q- Python/PyTorch length, queue derived traffic for a single isolated
Network with stochastic traffic variability, information into a intersection under
V2l-enhanced simulator (low-, cumulative model-free RL ideal V2I

state
representation

medium-, and
high-demand
scenarios)

reward, training
loss, statistical
significance (30
independent runs)

framework,
achieving
statistically
validated
improvements
over Fixed-Time
and heuristic V2I
controllers

assumptions (100%
penetration, no
latency or packet
loss); future work
will consider realistic
communication
conditions and multi-
intersection
coordination.

3 Proposed approach

Building upon the limitations identified in the existing literature, the present work seeks
to address the gap between V2I-enabled traffic state awareness and adaptive learning-based
traffic signal control. By integrating communication-driven perception with data-driven
decision-making, this study aims to establish a unified framework for intelligent intersection
management.

Accordingly, we propose a Deep Q-Network (DQN)-based adaptive signal control
framework that explicitly incorporates V2l communication data into the traffic state
representation. This integration enables the learning of an efficient signal timing control policy
through continuous interaction with the environment. Unlike purely predictive or heuristic
approaches, the proposed method learns control decisions directly from traffic dynamics rather
than relying on predefined threshold rules. The objective is not solely congestion detection or
prediction, but the learning of a robust control policy capable of dynamically adjusting green
signal duration to minimize both average queue length and queue variability under varying
traffic demand levels. The overall architecture of the proposed DQN-V2I traffic signal control
framework is presented in (Figure 1).
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Figure 1. DQN-V2I Traffic Signal Control

In the following section, we describe the formalization of the intersection environment, the state
and action spaces, the reward formulation, and the DQN architecture, providing a complete
methodological foundation for the proposed control strategy.

4 Material and Methods

This section delineates the proposed V2l-enabled adaptive traffic signal control
framework, designed to optimize intersection efficiency by minimizing congestion and queue
accumulation via real-time connectivity. To evaluate this framework, a custom discrete-time
stochastic traffic simulation environment was developed in Python utilizing the PyTorch library
and deployed on the Google Colab cloud infrastructure. The environment models an isolated,
two-phase signalized intersection under stochastic demand. Unlike general-purpose traffic
simulators such as SUMO, the proposed custom simulation environment provides direct control
over traffic state transitions and reinforcement learning interactions, enabling a controlled
evaluation of the proposed V2l-enhanced framework. It was adopted as a proof-of-concept
platform, while validation using SUMO is considered future work.Each discrete time step (t)
corresponds to a synchronous operational update cycle where vehicle arrivals, departures,
queue evolutions, and phase transitions are computed simultaneously. Vehicle arrivals at each
approach are modeled as independent Poisson streams, where the probability of observing (k)
vehicle arrivals during a given time step is defined by the Poisson probability mass function:

P(K = k) = 222 1)

where A denotes the arrival rate parameter controlling the expected traffic demand at a
given approach. Vehicle arrivals at each approach were modeled as independent Poisson
processes to reproduce the stochastic nature of traffic demand while providing a controlled and
reproducible simulation environment. Three arrival-rate configurations were defined to
represent low-, medium-, and high-demand scenarios, enabling the proposed controller to be
evaluated under progressively increasing traffic loads while maintaining identical experimental
conditions across all control strategies. This scenario-based traffic modeling is commonly
adopted in studies on isolated intersection traffic signal control and provides a systematic
framework for assessing controller robustness under different congestion levels [10,13]. The
corresponding arrival rates are summarized in Table 2.
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Table 2. Traffic demand scenarios defined by the Poisson arrival rates at the two intersection approaches.

Scenario Approach A Arrival  Approach B Arrival
Rate (ha) Rate (As)

Low demand 0.3 0.4

Medium demand 0.6 0.9

High demand 0.9 1.2

The maximum holding capacity of each queue is bounded by Qmax = 30 vehicles to
represent physical storage constraints at the intersection approaches, such that:

ga Qs €E [0, Qmax]

4.1 Reinforcement Learning Formulation

State Representation

The system state is constructed from traffic information assumed to be available through V2lI
communication. The state vector at time step is defined as:

St = [94, 98, 91, Pt
where:

* g, and g denote the queue lengths of approaches A and B.
* g; represents the current green time duration.
* p, indicates the active signal phase.

This representation provides the agent with real-time traffic awareness necessary for
adaptive decision-making. These four state variables were deliberately selected to provide a
compact yet informative representation of the traffic environment. Queue lengths directly
quantify the congestion level on each approach, while the current signal phase reflects the
controller's operational status. The green-light duration enables the agent to adapt signal timing
dynamically according to evolving traffic conditions. Together, these variables capture the
essential information required for effective decision-making while avoiding an unnecessarily
large state space that could increase learning complexity and slow convergence.

Action Space
The action space is discrete and consists of incremental adjustments to the current green time:

A={-1,0,+1}
Each action modifies the green duration within predefined limits:

Je+1 = clip(g: + at, Gmin» Imax) (2)

Where g,,in and gmin define operational bounds.
The structural signal constraints strictly enforce that the final allocated green time remains
bounded within a predefined operational range:

g € [gmin’ gmax]i where Imin =1and Imax = 6
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Reward Function
The reward is defined as the variation in total queue length between two consecutive time steps:

e = Qr—1 — Q¢ (3)
Where Q; = q4 + q5 -

The variation in total queue length was selected as the reward because it provides an immediate
and directly observable measure of congestion evolution from the V2l-derived state
information. Unlike metrics such as average delay, waiting time, or throughput, which generally
require longer observation windows, queue-length variation provides rapid feedback to the
learning agent, thereby facilitating stable policy optimization. Moreover, this simple reward
formulation was intentionally adopted to isolate and evaluate the contribution of the proposed
V2l-enhanced state representation without introducing additional optimization objectives.

To improve training stability and prevent excessively large temporal-difference updates caused
by abrupt stochastic queue fluctuations under high traffic demand, a symmetric reward clipping
function is applied. This clipping bounds the reward within the interval ([-5, 5]), thereby
reducing reward variance and stabilizing neural network optimization during reinforcement
learning.

r = max(—5,min(5,7qy)) 4)

4.2 DOQN Architecture

The decision agent is powered by a Deep Q-Network (DQN) which approximates the
optimal action-value function Q*(s, a). The network architecture is a Fully Connected Multi-
Layer Perceptron (MLP) consisting of an input layer (dim=4), two consecutive hidden layers
with 64 neurons each utilizing Rectified Linear Unit (ReLU) activations (f(x) = max (0, X)),
and a linear output layer mapping to the 3 discrete actions (dim=3) as shown in (Figure2).

Intersection Environment Deep Neural Network Q-Values Action
=z g —> 64 Neurons X
A = -:-va Rl N~ Action-Value Outputs
s v <2 —
gl! O(a)
A | Extend Phase

Traffic State | Q(a) t
(Queue lengths, ‘ »
Phase status) H O(a,)
Hidden Layer 2 | Switch Phase
64 Neurons 0
Input State Vector s ReLU (@) 1

Figure 2. Architecture of the Proposed Deep Q-Network for Adaptive Traffic Signal Control

The agent is trained over M = 200 episodes, with each episode running for T = 1000 discrete
time steps. To balance exploration and exploitation, an exponential e-greedy strategy is
deployed, initialized at €0 = 0.3 and decayed at the end of each episode according to:

€ep = max (0.05, £,,_; * 0.99) (5)
Once the memory contains at least 32 transitions, mini-batches of size b = 32 are randomly

sampled from D to update the network. For each sampled transition i = (s;, a;, r;, $) in the mini-
batch, a target value is first computed as:
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yi =1+ ymaxy Q(s'y,a’; 6) (6)

where s; and s’; denote, respectively, the state and the subsequent state recorded at the time step
at which the transition was originally collected. The network parameters 8 are then updated by
minimizing the temporal-difference (TD) error through the Mean Squared Error (MSE) loss
function:

L(®) = 1/b 22, (Q (siai; 6) — yi)? (7

It should be noted that, for the standard DQN agent, both the current action-value estimate
Q (si, a; 6) and the target y; are computed using the same online parameters 6, consistent with
the single-network configuration reported in Table 3. A separate target network, updated every
five episodes, is employed only for the Double DQN baseline introduced for comparison
purposes (Section 5.4), in order to mitigate the overestimation bias inherent to value-based
bootstrapping

To guarantee complete algorithmic replicability, global system random seeds (random,
numpy, and torch) were strictly fixed to 0. For performance validation, multi-run evaluations
across Nevar = 30 independent stochastic simulation runs. All hyperparameters used in this
custom simulation framework are consolidated in Table 3.

Table 3. Implementation Hyperparameters and Simulation Settings.

Hyperparameter / System Value
Property

Parameter
Category

Formal Notation

Traffic Simulation Simulation platform Python 3.x, PyTorch (CPU) —

Stochastic Poisson arrival —

Traffic generation model

Traffic Simulation process
o ) Time steps per episode 1000 T
Traffic Simulation Independent stochastic 30 N_{eval}
o ) evaluation runs
Traffic Simulation Traffic demand (Approaches Low: (0.3, 0.4) (Aa, AB)
A/B) Medium: (0.6, 0.9)
High: (0.9, 1.2)
Traffic Simulation Maximum physical queue 30 vehicles Q_{max} =30
o ) capacity
Traffic Simulation Green time bound constraints 1-6 steps g €[g_{min}, g_{max}]
Traffic Simulation
DQON Architecture State space dimension 4 S_t=[g_A q_B, g_t p_t]
_ Action space dimension 3 A={-10 +1}
DQN Arch!tecture Network topology Fully connected MLP —
DQN Architecture (4—64—64—3, ReLU)
RL Training Optimization algorithm Adam —
RL Training Learning rate 0.001 a=10"-3}
RL Tra!n!ng Discount factor 0.9 y=0.9
RL Training N "
RL Training Replay buffer capacity 1000 transitions —
RL Training Training batch size 32 —
RL Training Exploration strategy g-greedy —
o Initial / minimum & 0.30 — 0.05 g0 =0.3, & {min} =0.05
RL Training ¢ decay rate 0.99 (per episode) & «— max(e_{min}, 0.99-¢)
RL Training Target network update Every 5 eplsoc()j:lsygDouble DQN —
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Gradient clipping Max norm = 1.0 (Double DQN |M=<1.0
RL Training only)
Training episodes 200 —

RL Training

Table 3 summarizes the hyperparameters and simulation settings used in the experimental
study. To ensure a fair comparison, all reinforcement learning methods were trained and
evaluated under identical experimental conditions, including the same traffic demand scenarios,
training duration, and evaluation protocol. Common parameters, such as the discount factor,
number of training episodes, and state-action space dimensions, were kept consistent across all
methods whenever applicable. Algorithm-specific hyperparameters were configured according
to the requirements of each reinforcement learning model.

4.3 Integration With V21 Communication

The DQN controller's state representation is structurally designed to reflect data obtainable
through Vehicle-to-Infrastructure (V2I) communication. In a connected traffic environment,
vehicles periodically transmit Basic Safety Messages (BSMs) containing position estimates,
instantaneous velocity, and movement status to a Roadside Unit (RSU) at the intersection. In
the Google Colab implementation, this architecture is emulated through direct access to
environment state variables: ga, gs, and the current signal phase pt serve as analytical
abstractions of VV2I-acquired traffic information. To evaluate the fundamental feasibility of the
control loop, the simulation assumes an ideal connectivity scenario with 100% vehicle
penetration, zero communication latency, and lossless packet transmission, thereby providing
high-fidelity, noise-free state observations. This idealized setup establishes a performance
reference for assessing the optimization capability of the proposed framework before
introducing realistic constraints such as transmission delays, packet loss, or partial V2I
adoption.

4.4 Baseline Methods

To rigorously evaluate the proposed V2I+DQN framework, five baseline methods were
selected, including two conventional traffic signal controllers (Fixed-Time and V21 Proactive
Heuristic) and three reinforcement learning algorithms (Double DQN, A2C, and PPQO). The
Fixed-Time controller serves as a conventional benchmark widely adopted in traffic signal
control studies, whereas the V21 Proactive Heuristic isolates the contribution of VV2I-derived
traffic information without reinforcement learning [13,21]. Double DQN, A2C, and PPO were
selected because they represent well-established value-based and policy-based reinforcement
learning approaches that are widely used as benchmark algorithms in adaptive traffic signal
control research [20,22-25]. To ensure a fair comparison, all learning-based methods were
trained and evaluated under identical traffic demand scenarios, training episodes, and
evaluation protocols, while algorithm-specific hyperparameters were configured according to
the requirements of each method. This experimental design allows the performance gains
associated with the proposed V2I-enhanced state representation to be distinguished from those
attributable to the underlying reinforcement learning algorithm, thereby providing a rigorous
assessment of the proposed framework.

4.4.1 Fixed-Time Controller

The Fixed-Time controller serves as the conventional baseline. The green signal duration is
maintained at a constant value of three-time steps (BASE_GREEN = 3), regardless of traffic
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conditions or queue dynamics. Since no traffic observations or VV2I information are considered,
this controller provides a reference for evaluating the benefits of adaptive traffic signal control.

4.4.2 V21 Proactive Heuristic Controller

The proposed V21 Proactive Heuristic controller implements a rule-based adaptive signal
control strategy using traffic observations derived from V21 communication. At each time step
t, the expected queue growth for each approach is estimated as:

G, = qa() + 44, (1) = qp(t) + 4p (8)

where ga(t) and gs(t) denote the current queue lengths, while 1a and s represent the expected
vehicle arrival rates. The green signal duration is then adjusted according to a threshold-based
policy. When the predicted congestion of the active approach exceeds the maximum queue
capacity Qmax, the green duration is increased to improve traffic discharge:

e+1 =min ((g: + 1, Gmax) (9)

Otherwise, the signal duration is progressively restored toward the nominal value g, . . This
rule-based baseline provides adaptive signal control using V2I-derived traffic information
without reinforcement learning, thereby isolating the contribution of the learning component.

4.4.3 Double Deep Q-Network (DDQN)

Double Deep Q-Network (DDQN) extends the standard DQN by employing a separate target
network for target value estimation, thereby reducing Q-value overestimation and improving
training stability. In the implemented framework, the target network is synchronized with the
online network every five training episodes.

4.4.4 Advantage Actor-Critic (A2C)

Advantage Actor—Critic (A2C) is a policy-gradient reinforcement learning algorithm based on
an actor—critic architecture, where the actor learns the control policy and the critic estimates
state values to guide policy updates through the advantage function.

4.4.5 Proximal Policy Optimization (PPO)

Proximal Policy Optimization (PPO) is a policy-gradient algorithm that improves training
stability through a clipped surrogate objective, preventing excessively large policy updates
during optimization.

5 Results

The experimental validation covers three stochastic demand configurations (low: Aa=0.3,
A8=0.4; medium: Aa=0.6, A8=0.9; high: Aa=0.9, As=1.2), with 30 independent runs of 1,000
steps per configuration. The primary metric is mean total queue length (pn), with stability
quantified by standard deviation (o) and 95% confidence intervals. Statistical significance
across five pairwise comparisons per scenario (V2I+DQN vs. Fixed-Time, V2l Proactive
Heuristic, Double DQN, A2C, and PPO) is assessed via the non-parametric Mann-Whitney U
test, with Bonferroni correction (a* = 0.01) controlling the family-wise error rate. Results are
consolidated in Table 4.

Table 4. Statistical Performance Metrics Across 30 Stochastic Runs (Mean + 95% Confidence Interval)
for different demand levels.

Scena M Mean Std 95%  95% CI
rio ethod (0] (o) Cl(¥) Range
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Low Baseline 0.363 0.023 0.008  [0.355,

0.371]

V2l 0362 0016 0006 [0.356,

0.368]

V2I+ 0388 0026 0009 [0.379,

DQN 0.398]

Mediu  Baseline  1.089  0.068  0.024  [1.065,
m 1.114]
V2l 1077 0078 0.028 [1.049,

1.105]

V2l+ 0758 0.029 0010 [0.748,

DQN 0.768]

High  Baseline 2590 0317 0.113  [2.476,
2.703]

V2l 2689 0337 0121 [2.568,

2.809]

V2l+ 1079 0026 0.09 [1.070,

DQN 1.089]

5.1 Performance Analysis Under Low Traffic Demand

Under low-demand traffic conditions, the intersection operates well below its saturation level, resulting
in similar performance across all evaluated control strategies. The Fixed-Time controller records a mean
queue length of p=0.363 (c = 0.023, 95% CI + 0.008), while the V2I Proactive Heuristic achieves p =
0.362 (o = 0.016, 95% CI + 0.006). The proposed V2I+DQN framework yields p = 0.388 (c = 0.026,
95% C1 +0.009), corresponding to a statistically significant but operationally negligible increase of only
0.025 vehicles compared with the Fixed-Time controller (Mann—Whitney U test, p < 0.05, Bonferroni
corrected). This behavior is consistent with the sparse-reward nature of reinforcement learning in lightly
loaded traffic environments. Because queues remain short and traffic conditions change only marginally
over time, the reward signal provides limited information for distinguishing between alternative actions.
As a result, adaptive learning offers little practical advantage over conventional control strategies when
traffic demand is low. Despite this slight performance degradation, the narrow confidence intervals
(95% CI < £0.009) indicate highly consistent results across the 30 independent stochastic runs,
confirming the robustness of all evaluated controllers under uncongested conditions. Importantly, this
limitation disappears under medium- and high-demand scenarios, where richer traffic dynamics allow
the DQN agent to exploit V2I-derived information more effectively. Figure 3 illustrates the distribution
of the average queue lengths obtained by the three evaluated traffic signal control strategies under the
low-demand scenario.

Temporal Evolution of Total Queue Length (LOW Traffic Scenario)
Smoothed mean (window=30) x 95% Cl over 30 runs

Baseline (Fixed-Time)
[1X:] V2| Proactive Heuristic
=== V2| + DON (Proposed)

Total Intersection Queue Length

0.0

0 200 400 600 800 1000
Simulation Time Steps

Figure 3. Temporal evolution of total queue length across control methodologies: Performance
evaluation under low-density traffic conditions.
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5.2 Performance Analysis Under Medium Traffic Demand

The medium-demand scenario represents the first traffic condition in which meaningful
performance differences among the evaluated control strategies become evident. The Fixed-
Time controller deteriorates to p = 1.089 (¢ = 0.068, 95% CI + 0.024), while the V2| Proactive
Heuristic achieves a comparable p = 1.077 (¢ = 0.078, 95% CI £ 0.028), indicating that simple
threshold-based adaptations are insufficient to cope with sustained stochastic traffic demand.In
contrast, the proposed V2I+DQN framework achieves p = 0.758 (¢ = 0.029, 95% CI + 0.010),
corresponding to statistically significant reductions of 30.4% and 29.6% compared with the
Fixed-Time and V2l Proactive Heuristic controllers, respectively (p < 0.001).These
improvements arise because medium traffic demand generates richer traffic dynamics and more
informative reward signals than low-demand conditions, enabling the DQN agent to learn a
more effective control policy. By exploiting V2I-derived traffic information, the agent
continuously adapts green signal durations to the current traffic state instead of relying on fixed
timing plans or threshold-based rules.Beyond reducing the average queue length, the proposed
framework also improves traffic stability. The standard deviation decreases by 57.4% relative
to the Fixed-Time controller and by 62.8% relative to the V21 Proactive Heuristic, indicating a
more robust policy under stochastic traffic conditions.Figure 4 illustrates the temporal evolution
of the total queue length under the medium-demand scenario. The smoother trajectory of the
proposed controller confirms its ability to maintain stable traffic flow throughout the 1,000
simulation time steps.

Temporal Evolution of Total Queue Length (MEDIUM Traffic Scenario)
Smoothed mean (window=30) = 95% Cl over 30 runs

2.004 Baseline (Fixed-Time) |
V2| Proactive Heuristic
=== V2| + DON (Proposed) |

~
o

Total Intersection Queue Length

0 200 400 600 800 1000
Simulation Time Steps

Figure 4. Temporal evolution of total queue length across control methodologies: Performance
evaluation under medium -density traffic conditions.

5.3 High-Demand Analysis: The Robustness of RL

The high-demand scenario represents the most challenging operating condition, where the differences
between the evaluated control strategies become the most pronounced. Under these near-saturated traffic
conditions, the Fixed-Time controller reaches a mean queue length of u=2.590 (¢ = 0.317, 95% CI +
0.113), while the V21 Proactive Heuristic records p=2.689 (¢ = 0.337, 95% CI+ 0.121), indicating that
static and threshold-based control strategies are unable to effectively accommodate persistent queue
growth under heavy stochastic traffic demand. In contrast, the proposed V2I+DQN framework
maintains a mean queue length of p=1.079 (¢ = 0.026, 95% CI £ 0.009), corresponding to reductions
of 58.3% and 59.9% compared with the Fixed-Time and V2l Proactive Heuristic controllers,
respectively (p < 0.001). This improvement is attributed to the richer learning opportunities available
under high traffic demand. As congestion becomes more frequent, the DQN agent is exposed to a wider
range of traffic states, allowing it to progressively learn a more effective signal control policy. Combined
with the real-time traffic information provided by the V2 communication framework, the learned policy
adapts green signal durations more efficiently, thereby limiting queue growth under saturated traffic
conditions.
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The proposed framework also demonstrates excellent robustness. The low standard deviation and the
narrow 95% confidence interval ([1.070, 1.089]) indicate highly consistent performance across the 30
independent stochastic simulation runs. Figure 5 illustrates the temporal evolution of the total queue
length, showing that the proposed controller maintains a stable traffic flow throughout the simulation,
whereas the Fixed-Time and V21 Proactive Heuristic controllers exhibit larger oscillations and sustained
gueue accumulation.

Temporal Evolution of Total Queue Length (HIGH Traffic Scenario)
Smoothed mean (window=30) x 95% Cl over 30 runs

w

Baseline (Fixed-Time)
V2| Proactive Heuristic
= V2| + DON (Proposed)

~ w IS
(

Total Intersection Queue Length
-

°

0 200 400 600 800 1000
Simulation Time Steps

Figure 5. Temporal evolution of total queue length across control methodologies: Performance
evaluation under high-density traffic conditions.

5.4 Comparative Performance Of RL Variants

To evaluate the robustness of the proposed V2I integration framework independently of
the specific reinforcement learning algorithm employed, four RL variants spanning both value-
based and policy gradient paradigms — DQN, Double DQN, A2C, and PPO — are evaluated
under identical experimental conditions and hyperparameter configurations. Table 5 presents
the complete pairwise statistical test results between V21+DQN and all competing methods.

Table 5. Statistical Significance Tests — V2I+DQN vs. All Methods (Mann-Whitney U, Bonferroni Corrected)

Scenario Comparison p-value P (Bonferroni) Slgmgl Szr)n (@= Interpretation
Medium DQN vs Baseline <0.001 <0.001 YES DQN significantly better
Medium H DQN Vs <0.001 <0.001 YES DQN significantly better
euristic
. DQN vs No statistically significant
Medium Double DQN 0.399 1.000 NO difference
Confirms generalizability
Medium DON vs A2C 0.734 1.000 NO  [No statistically significant
difference
Medium DQN vs PPO 0.325 1.000 NO __ No statistically
significant difference
. DQN vs DON significantly
High Baseline <0.001 <0.001 YES better
High DQN vs <0.001 <0.001 YES DON significantly
Heuristic better
. DQN vs No statistically
High Double DQN 0.056 0.282 NO significant difference
. No statistically
High DQN vs A2C 0.072 0.362 NO significant difference
i No statistically
High DQN vs PPO 0.460 1.000 NO significant difference

Under medium traffic conditions, the mean queue lengths of all RL variants converge within a
narrow range of [0.752, 0.777] vehicles, with no statistically significant pairwise difference
detected relative to V21+DQN (p > 0.28 in all cases, Bonferroni corrected). Under high traffic
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conditions, convergence is similarly observed, with all RL variants recording mean queue
lengths in the range [1.066, 1.094], none of which differs significantly from V2I+DQN (p >
0.05 in all cases). These observations are discussed and interpreted in Section 4.

5.5 Comparative Performance Evaluation And Statistical Validation

The overall results demonstrate that the effectiveness of the proposed V2I1+DQN
framework increases with traffic demand. Under low-demand conditions, all controllers
achieve comparable performance because congestion remains limited, leaving little opportunity
for adaptive learning to improve signal control. As traffic demand increases, however, the
proposed framework consistently outperforms both the Fixed-Time and VV2I Proactive Heuristic
controllers, with the performance gap becoming progressively larger under medium and high
traffic conditions..

Low ium High
Stochastic mang Configurations

Figure 6. Average Queue Length Comparison Across Low, Medium, and High Traffic Demand
Scenarios.

Figure 6 illustrates this overall trend, showing that while all methods achieve similar
average queue lengths under low traffic demand, the proposed V2I+DQN controller
increasingly outperforms the conventional strategies as traffic saturation grows. This behavior
confirms that the benefits of reinforcement learning become more significant when continuous
adaptation to changing traffic conditions is required.Across the 30 independent stochastic runs,
the proposed controller also demonstrates superior robustness. Compared with the Fixed-Time
controller, the mean queue length is reduced by 29.8% under medium demand and 58.3% under
high demand, while the standard deviation decreases by up to 92%, indicating improvements
in both traffic efficiency and operational stability. To further assess the consistency of these
results, Figure 7 presents the distribution of the mean queue lengths over the 30 stochastic runs
for each traffic demand scenario. Under low traffic demand, all controllers exhibit compact
distributions, reflecting the limited influence of the control strategy in uncongested conditions.
In contrast, under medium and high traffic demand, the VV2I+DQN controller exhibits both
lower median queue lengths and a noticeably smaller interquartile range than the conventional
controllers. The limited dispersion of the results confirms that the learned policy remains stable
across different stochastic traffic realizations, further demonstrating the robustness of the
proposed framework.
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Boxplot Distribution of Mean Queue Length — LOW Traffic
(30 Stochastic Runs)
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Figure 7. Boxplot distributions of mean queue length over 30 stochastic runs under low-, medium-, and
high-traffic demand, respectively. Boxes represent the interquartile range (IQR), horizontal lines indicate the
median, and whiskers extend to 1.5 x IQR..

Under low traffic demand, all controllers exhibit compact and largely overlapping
distributions, with median queue lengths ranging from 0.35 to 0.39 vehicles and no observable
outliers. This confirms that, under uncongested conditions, the choice of the control strategy
has only a limited influence on traffic performance, as congestion rarely develops.

As traffic demand increases, the differences between the evaluated methods become
progressively more pronounced. Under medium traffic demand, the reinforcement learning—
based controllers achieve substantially lower median queue lengths (approximately 0.75-0.77
vehicles) than the Fixed-Time and V2l Proactive Heuristic controllers (approximately 1.08—
1.09 vehicles). In addition, their narrower interquartile ranges indicate greater consistency
across stochastic realizations, whereas the heuristic controller exhibits several outliers,
reflecting occasional sensitivity to traffic fluctuations and a less stable adaptive behavior.
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Under high traffic demand, the superiority of the proposed V2I+DQN framework
becomes most evident. While the Fixed-Time and V21 Proactive Heuristic controllers display
wide interquartile ranges and pronounced variability, the proposed controller maintains a
median queue length of approximately 1.09 vehicles with a remarkably compact distribution.
This limited dispersion across the 30 independent stochastic runs demonstrates that the
observed performance improvements are not the result of a few favorable simulations but rather
reflect the consistent robustness of the learned control policy under saturated traffic conditions.

5.6 Computational Cost Analysis

To assess the practical feasibility of the proposed V2l-enabled traffic signal control framework,
the computational cost of the evaluated reinforcement learning algorithms was analyzed by
measuring both the offline training time and the online inference time. The results obtained
under the three traffic demand scenarios are summarized in Table 6.

Table 6. Computational cost of the evaluated reinforcement learning algorithms under different traffic demand
scenarios.

Scenario DQON DQON Double  Double DQN A2C A2C PPO PPO
Training Inference DQN Inference Training Inference Training Inference
(s) (ms/decision)  Training (ms/decision) (s) (ms/decision) (s) (ms/decision)
(s)
Low 382.63 0.119 462.72 0.106 145.34 0.113 132.50 0.133
Medium  381.03 0.097 458.35 0.097 142.93 0.132 130.82 0.119
High 387.45 0.111 499.74 0.140 168.87 0.127 152.34 0.119

As shown in Table 6, the offline training time varies across the evaluated algorithms. Double
DQN requires the longest training time, ranging from 458.35 s t0 499.74 s, due to the additional
computations associated with maintaining separate online and target networks. In contrast, A2C
and PPO exhibit considerably shorter training times, while DQN requires an intermediate
training time of approximately 381-387 s. Since model training is performed offline, these
differences do not affect the operational performance of the proposed traffic signal controller.

More importantly, all evaluated algorithms exhibit extremely low inference latency, with an
average decision-making time ranging from 0.097 ms to 0.140 ms per control action across all
traffic demand scenarios. Such latency is negligible compared with the control intervals
typically employed in adaptive traffic signal systems, demonstrating that the proposed
framework satisfies the computational requirements of real-time operation.

Furthermore, considering that no statistically significant performance differences were
observed among DQN, Double DQN, PPO, and A2C, the slight differences in computational
cost do not translate into meaningful improvements in traffic control performance. These results
reinforce the conclusion that the effectiveness of the proposed approach primarily stems from
the VV2I-enhanced state representation rather than from the choice of a specific reinforcement
learning algorithm.

6 Discussion

The experimental findings presented in Section 5 provide further insight into the
contribution of the proposed V2l-enabled reinforcement learning framework and allow its
positioning with respect to the current state of the art in adaptive traffic signal control.
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Positioning relative to existing approaches: As summarized in Table 1 (Related Work),
existing intelligent traffic management studies mainly investigate reinforcement learning-based
traffic signal control, predictive optimization methods, and V2I-enabled traffic management
frameworks separately [6,14,15,21,22]. Reinforcement learning approaches generally rely on
traffic states obtained from local sensors or simulation environments, whereas V2I-oriented
studies commonly employ explicit predictive models or heuristic optimization strategies. In
contrast, the proposed framework explicitly integrates V2I-derived observations into the
reinforcement learning process by constructing the agent state from queue lengths, signal phase,
and current green-time duration. Because these variables are continuously updated through V2I
communication, the agent benefits from a richer and more timely representation of intersection
conditions, enabling adaptive decisions before congestion becomes critical. This distinction
explains the observed performance gap between the V21 Proactive Heuristic controller and the
proposed V21+DQN framework: although both methods exploit the same V2I-derived traffic
information, only the learning-based controller is able to continuously improve its control
policy through interaction with the environment, leading to queue-length reductions ranging
from 29.8% to 58.3% under medium and high traffic demand.

Explaining the observed performance: The experimental results further indicate that
the effectiveness of reinforcement learning strongly depends on traffic demand. Under low-
demand conditions, queue lengths remain close to zero for most of the simulation, producing
sparse reward signals with only minor variations between successive states. Consequently, the
DON agent receives limited informative feedback for distinguishing between alternative
actions, reducing the practical benefit of adaptive learning. Since the intersection operates well
below its saturation level, even conventional Fixed-Time and heuristic controllers maintain
satisfactory traffic flow.

As traffic demand increases, queue dynamics become considerably more complex and
informative. Larger and more frequent queue fluctuations generate richer reward signals,
allowing the DQN agent to progressively learn more effective control policies. Under these
conditions, adaptive optimization becomes increasingly beneficial, explaining the significant
improvements observed under medium and high traffic demand. These findings suggest that
reinforcement learning is particularly advantageous when congestion management requires
continuous adaptation to rapidly evolving traffic conditions.

Robustness across reinforcement learning variants: Another important contribution
of this study is the observation that the performance improvements appear to originate primarily
from the V2l-enriched traffic-state representation rather than from the specific reinforcement
learning algorithm employed. After Bonferroni correction, no statistically significant
differences were observed between DQN and the evaluated reinforcement learning variants
(Double DQN, A2C, and PPO) under either medium- or high-demand conditions (p > 0.05).
This result indicates that the proposed framework remains robust across both value-based and
policy-gradient methods. Consequently, the experimental evidence suggests that enhanced
traffic-state observability provided by V2I communication constitutes the dominant factor
contributing to the overall performance improvements [12-14].

Practical implications: From an operational perspective, these findings suggest that
transportation agencies seeking to deploy adaptive traffic signal control may not necessarily
need to adopt a specific reinforcement learning algorithm. Instead, the choice between value-
based and policy-gradient approaches may be guided by implementation constraints such as
computational latency, hardware resources, interpretability, or deployment requirements,
provided that reliable VV2I-derived traffic information is available. This flexibility facilitates
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practical deployment while preserving the performance benefits associated with enhanced
traffic-state observability.

Nevertheless, the idealized assumptions adopted in this study—namely full V2l
penetration, zero communication latency, and lossless packet transmission—represent an
upper-bound performance scenario. Under realistic deployment conditions, communication
delays, packet losses, and incomplete market penetration may reduce the observed performance
gains, although improvements over conventional non-adaptive traffic signal control are still
expected [16-20].

Soft-computing perspective. From the perspective of computational intelligence, the
proposed framework can be regarded as a soft-computing approach because it relies on
reinforcement learning to learn an adaptive traffic signal control policy directly from uncertain
and stochastic traffic observations rather than from explicit analytical traffic models. Unlike
conventional optimization techniques based on deterministic formulations, the proposed
controller progressively improves its decision policy through continuous interaction with the
environment, which is a fundamental characteristic of computational-intelligence methods.
Although the present study does not explicitly incorporate fuzzy logic, evolutionary
optimization, or swarm-intelligence techniques, it complements these paradigms by
demonstrating that enriching the state representation through V21 communication substantially
improves the effectiveness and robustness of learning-based adaptive traffic signal control.
Consequently, the contribution of this work lies not only in the proposed V2I-enhanced state
representation but also in illustrating how connected-vehicle information can strengthen soft-
computing approaches for intelligent transportation systems.

Limitations and future work: Several limitations should be acknowledged. First, the
proposed framework was evaluated only for an isolated two-phase intersection, without
considering network-level interactions such as spillback propagation, corridor coordination, or
multi-intersection synchronization [6,22]. Second, vehicle arrivals were modeled using
independent Poisson processes to provide a controlled stochastic environment suitable for
evaluating the learning framework. Although this assumption is widely adopted in traffic signal
control research, it does not fully represent the complexity of real urban traffic, including
turning movements, heterogeneous driver behavior, pedestrian crossings, and multimodal
interactions. Finally, the V21 communication model assumes ideal connectivity and therefore
neglects realistic wireless communication impairments such as latency, packet loss, and partial
penetration of connected vehicles.

These simplifying assumptions were intentionally adopted to isolate and evaluate the
contribution of the proposed V2I-enabled reinforcement learning framework under controlled
experimental conditions. Future work will therefore focus on extending the proposed approach
to multi-agent reinforcement learning for coordinated multi-intersection traffic control, while
incorporating realistic communication constraints and validating the framework within high-
fidelity microscopic traffic simulators such as SUMO.

7 Conclusion

This study proposed a Vehicle-to-Infrastructure (V21)-enabled Deep Q-Network (DQN) framework for
adaptive traffic signal control at an isolated intersection. By integrating real-time traffic information
provided through V21 communication with reinforcement learning, the proposed controller dynamically
adjusts green signal durations according to the current traffic state. Experimental evaluation under three
stochastic traffic demand scenarios demonstrated that the proposed framework significantly outperforms
conventional Fixed-Time and V2l Proactive Heuristic controllers, achieving mean queue-length
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reductions of 29.8% and 58.3% under medium- and high-demand conditions, respectively (p < 0.001).
In addition to improving traffic efficiency, the proposed controller substantially reduced performance
variability, with standard deviations decreasing by up to 92% under congested traffic conditions.

An important finding of this study is that the observed performance improvements appear to be driven
primarily by the V2l-enriched traffic-state representation rather than by the particular reinforcement
learning algorithm employed. The comparable performance achieved by DQN, Double DQN, A2C, and
PPO suggests that providing accurate and timely traffic-state information through V21 communication
may have a greater influence on adaptive traffic signal control than the selection of a specific
reinforcement learning architecture, which is consistent with recent studies highlighting the importance
of connected-vehicle information for intelligent traffic management [13,20,21].

Several limitations should nevertheless be acknowledged. The proposed framework was evaluated for a
single isolated intersection under idealized communication assumptions, including full VV2I penetration,
zero communication latency, and lossless data transmission. Moreover, the traffic model does not
explicitly represent network-level interactions, heterogeneous traffic participants, or realistic wireless
communication impairments. Consequently, the reported results should be interpreted as a controlled
proof of concept rather than as a direct representation of real-world deployment.

Future research will focus on extending the proposed framework toward Multi-Agent Reinforcement
Learning (MARL) for coordinated multi-intersection traffic signal control, while incorporating realistic
V2l communication constraints, heterogeneous traffic conditions, and validation within high-fidelity
microscopic traffic simulators. These research directions are consistent with current trends in intelligent
transportation systems and connected vehicular networks [6,15,16,21,22]. Overall, this work provides
further evidence that enhancing traffic-state observability through V21 communication constitutes a
robust foundation for next-generation adaptive traffic signal control and represents a promising direction
for future intelligent transportation systems.
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