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Abstract

The rapid growth of urban vehicle and pedestrian flows has intensified congestion, de-
lays, and safety concerns, underscoring the need for sustainable and intelligent traffic
management in modern cities. Traditional centralized traffic signal control systems of-
ten face challenges of scalability, heterogeneity of traffic patterns, and limited real-time
adaptability. To address these limitations, this study proposes a decentralized Multi-Agent
Reinforcement Learning (MARL) framework for adaptive traffic signal control, where Deep
Reinforcement Learning (DRL) agents are deployed at each intersection and trained on local
conditions to enable real-time decision-making for both vehicles and pedestrians. A key
innovation lies in the integration of Visible Light Communication (VLC), which leverages
existing LED-based infrastructure in traffic lights, streetlights, and vehicles to provide
high-capacity, low-latency, and energy-efficient data exchange, thereby enhancing each
agent’s situational awareness while promoting infrastructure sustainability. The framework
introduces a queue-request-response mechanism that dynamically adjusts signal phases,
resolves conflicts between flows, and prioritizes urgent or emergency movements, ensuring
equitable and safer mobility for all users. Validation through microscopic simulations
in SUMO and preliminary real-world experiments demonstrates reductions in average
waiting time, travel time, and queue lengths, along with improvements in pedestrian
safety and energy efficiency. These results highlight the potential of MARL-VLC integra-
tion as a sustainable, resilient, and human-centered solution for next-generation urban
traffic management.

Keywords: sustainable urban mobility; intelligent traffic management; multi-agent
reinforcement learning (MARL); deep reinforcement learning (DRL); visible light
communication (VLC); energy efficiency; pedestrian safety; smart cities

1. Introduction

The rapid growth of urban populations has intensified vehicle and pedestrian flows,
exacerbating congestion, delays, and safety risks in cities. Effective traffic management is
thus critical for sustainable urban mobility, aiming to balance efficiency, safety, and equity
across diverse mobility demands. Conventional centralized traffic signal control systems,
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while widely used, face scalability challenges and struggle to adapt to dynamic traffic
patterns, limiting their effectiveness in large, heterogeneous networks [1,2].

Urban traffic congestion poses significant challenges, including increased travel times,
energy consumption, emissions, and pedestrian safety risks. Traditional traffic signal con-
trol methods are often inflexible and fail to adapt to dynamic, multi-modal traffic patterns.
While Multi-Agent Reinforcement Learning (MARL) and Visible Light Communication
(VLC) offer promising adaptive solutions, current approaches do not fully integrate MARL
with real-time, high-fidelity communication to optimize both traffic efficiency and urban
sustainability. This study addresses this gap by proposing a decentralized MARL-VLC
framework that enables intersections to make autonomous, context-aware decisions, im-
proving traffic flow, pedestrian safety, and energy efficiency.

Decentralized Multi-Agent Reinforcement Learning (MARL) approaches have been
explored to overcome these limitations. Partially cooperative MARL agents share limited
information with neighboring intersections [3], incorporating local and adjacent states into
partially shared Q-value functions, enabling improved adaptability, reduced congestion
spillover, and multi-objective control for efficiency and fairness. This introduces a level of
cooperation without requiring global coordination, feedback-based timing optimization [4]
and RL for multi-objective decentralized control. It improves adaptability compared to
independent MARL, reduces local congestion spillover effect and enables multi-objective
control (e.g., efficiency and fairness) [5]. However, it does not fully account for simultaneous
actions of all agents.

However, most existing approaches do not fully capture simultaneous interactions
among all agents, and pedestrian flows are often neglected.

Although recent works have begun to explore Multi-Agent Reinforcement Learning
(MARL) for decentralized traffic signal control [6] and comprehensive surveys on MARL-
based traffic signal control exist [7], the communication layer in these studies is often
assumed to rely on generic wireless links (e.g., DSRC, C-V2X) without detailed exploration
of optical communication technologies. On the other hand, Visible Light Communication
(VLC) has been used in Intelligent Transportation Systems (ITS) to support vehicle-to-
infrastructure communication [8] and recent reviews discuss hybrid VLC/RF systems
and their challenges [9], but these works do not address integration with MARL. Our
work differentiates itself by proposing a native integration of VLC with MARL, where
distributed agents utilize VLC for low-latency, high-reliability local information exchange,
overcoming limitations related to latency, interference, and dependence on RF networks.
Furthermore, unlike VLC relaying approaches for ITS [10], our method incorporates adap-
tive control mechanisms and prioritization between vehicular and pedestrian flows within
a decentralized MARL context.

Urban traffic congestion poses significant challenges, including increased travel times,
energy consumption, emissions, and pedestrian safety risks. Traditional traffic signal con-
trol methods are often inflexible and fail to adapt to dynamic, multi-modal traffic patterns.
While Multi-Agent Reinforcement Learning (MARL) and Visible Light Communication
(VLC) offer promising adaptive solutions, current approaches do not fully integrate MARL
with real-time, high-fidelity communication to optimize both traffic efficiency and ur-
ban sustainability. To address this gap, this study proposes a decentralized MARL-VLC
framework that enables intersections to make autonomous, context-aware decisions.

The key contributions of this study are:

e Integration of MARL with VLC: enabling real-time, decentralized traffic signal control.
e Enhanced traffic performance: improving vehicle flow, pedestrian safety, and
energy efficiency.
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e  Scalability and validation: demonstrated through realistic simulations, highlighting
applicability to modern urban networks.

2. Related Work

This paper positions itself at the intersection of these two research directions. By
combining MARL with VLC, we aim to advance the state of the art in intelligent traffic
management, addressing open challenges related to scalability, robustness, and pedestrian—
vehicle coexistence. The next subsection reviews related work in adaptive traffic control,
multi-agent learning, and vehicular communication technologies, highlighting the gaps
that motivate our approach.

2.1. Adaptive Traffic Signal Control

Adaptive traffic signal control has been extensively studied as a means to improve
urban mobility by dynamically adjusting signal timings in response to traffic demand.
In [11,12], its purpose was to explore the possibilities of applying Smart Traffic Lights
to control traffic in large-scale road networks providing a speed harmonization and traf-
fic prioritization between vehicles and pedestrians. Traditional systems rely on rule-
based or optimization-based approaches, such as fixed-time plans, actuated control, and
model-predictive control. While these methods can reduce delays under certain condi-
tions, their reliance on predefined rules and global coordination often limits adaptability
in highly dynamic or heterogeneous traffic environments. Furthermore, scalability be-
comes problematic when extending such systems to large urban networks with diverse
mobility patterns.

2.2. Reinforcement Learning Approaches: MARL-Based Traffic Signal Control (TSC)

Reinforcement Learning (RL) has emerged as a promising paradigm for traffic signal
control, enabling agents to learn optimal policies through interaction with the environment.
Early studies focused on single-agent RL, demonstrating improvements in local intersection
performance. However, centralized RL approaches typically struggle to scale to city-wide
networks due to computational complexity and communication overhead.

MARL has therefore gained traction, allowing distributed agents to coordinate locally
while addressing scalability challenges. MARL extends single-intersection reinforcement
learning control to a stochastic game environment, where multiple agents (intersections)
interact simultaneously across arterial or regional traffic networks [13]. Communication
plays a critical role in decentralized MARL, as agents must learn to exchange information
using messages to better understand the system and achieve effective coordination. Deep
MARL has been used to enable inter-agent communication by learning communication
protocols in a differentiable manner [14]. The objective is to achieve a global equilibrium
strategy that optimizes overall traffic flow. However, because agents learn and adapt their
strategies at the same time, each one faces the challenge of pursuing a moving target [15].
This means that the optimal local strategy of one intersection is constantly influenced by the
evolving strategies of its neighbors. Recent works have reported reductions in delays and
queue lengths, yet many frameworks ne incomplete or noisy data, which can compromise
robustness in real-world deployments.

In Table 1 a comparison of MARL approaches (description, advantages, disadvantages
and representative works) for TSC is shown.
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Table 1. Comparison of MARL Approaches for Traffic Signal Control.

Type of MARL Description Advantages Disadvantages Representative Works
Independent Each intersection acts Slmllole to No coordination
MARL as an independent mplement among agents. Thorpe & Anderson
agent, making Low commun- Suboptimal local (1996 [16]; Wiering
decisions based only lcation over- policies. (2000) [17]; Abdulhai

on local states and head. Cannot manage et 5], (2003); Jin & Ma
actions, without Scales easily in network-level (2015) [18]
coordination. deployment. congestion.
More. adaptive Limited to local
Partially Agents share limited than indepe- cooperation
Cooperative state information ndent MARL May lead to
MARL with adjacent Reduces local unstable /non- Richter et al. (2007) [3];
intersections; congestion equilibrium As et al. (2008) [4];
partially shared Epﬂlslver- " strategies. Aleko et al. (2020) [19]
Q-value functions nables multt- Not fully system-
guide decisions. g]gfctlve con- optimal.
Strong inter- .
agentgcoordi- Expon}f ntflal
. rowth o
Joint Action Intersections nation ftate—action space
MARL coordinate via joint Better suited for ioh Zhu et al. (2015) [20];
. global optim- igh computa- Medina & Benekohal
states and ]Oll’lt . . tional and 2014) [211: M 1
actions, seeking a 1zation communication (2014) [21]; Ma et al.
unique system-wide Handles com- costs (2024) [22]; Xu et al.
N i- 2024) [23
equilibrium. ﬁif;;?;tljt:m Poor scalability in (2024) [23]
dynamics large networks

Several challenges remain in the application of MARL to traffic signal control. In-
dependent MARL approaches are simple to implement but ignore coordination among
intersections, which often limits their effectiveness at the network level. Partially coop-
erative MARL introduces some degree of local cooperation, yet it struggles to achieve
system-wide equilibrium. Joint action MARL, on the other hand, enables strong coordina-
tion but faces severe scalability and computational challenges, making it less practical for
large urban networks. Moreover, most MARL-based studies on traffic signal control focus
predominantly on efficiency metrics, such as travel time and waiting time, while critical
aspects such as safety and multi-objective fairness remain underexplored. To overcome
these limitations, recent research has begun to explore hybrid or hierarchical MARL models.
In these frameworks, a central agent is responsible for learning global policies, while local
agents execute optimized actions based on multiple reward functions that account for
both efficiency and safety. Such designs offer a promising balance, improving scalability,
coordination, and robustness in complex urban environments.

2.3. Vehicular Communication Technologies

Communication technologies are fundamental enablers of Intelligent Transportation
Systems (ITS), providing the backbone for data exchange among vehicles, infrastructure,
and control centers. Traditional approaches such as Dedicated Short-Range Communica-
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tion (DSRC) and cellular-based Vehicle-to-Everything (C-V2X) have been widely studied,
supporting Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) communications.
Despite their maturity, these technologies face persistent challenges, including latency,
interference, spectrum congestion, and high deployment costs, which may limit large-
scale adoption.

VLC has recently emerged as a promising complementary solution. Leveraging ex-
isting LED-based infrastructure such as traffic lights, streetlights, and vehicle headlights,
VLC enables dual functionality by combining illumination with high-speed data transmis-
sion [24,25]. This approach offers several inherent advantages, including high bandwidth,
low latency, security, and cost-effectiveness. While VLC has been explored for vehicular
communication and localization, its integration into adaptive traffic signal control frame-
works remains underexplored. In this context, Vehicular VLC (V-VLC) systems have been
proposed, combining mesh and cellular architectures to support efficient message relaying
and edge computing.

The integration of connected vehicle (CV) technologies is revolutionizing urban mo-
bility by enabling real-time communication between vehicles and infrastructure, thus
enhancing traffic flow, reducing congestion, and improving safety. Emerging solutions,
such as ATSC [26] connected and autonomous vehicles (CAVs) [27], and RL-based control,
provide dynamic and intelligent traffic management. ATSC leverages sensor data to opti-
mize signal timings, while CAVs can incorporate functionalities such as speed guidance
and cooperative maneuvers to minimize queues and delays. However, these systems
also present challenges, particularly the need for seamless interoperability, significant
infrastructure investment, and scalability to large urban networks.

Advancements in wireless communication and V2V /V2I systems create new oppor-
tunities to couple traffic signal control with driving behaviors, leading to more holistic
management of urban networks [28]. Building on this potential, this paper proposes a
novel framework that integrates VLC-based localization services with RL-driven traffic
signal control. The approach is designed to optimize both vehicular and pedestrian flows in
multi-intersection scenarios, reducing waiting times while enhancing overall safety [29]. To
evaluate the effectiveness of the proposed V-VLC system, agent-based simulations are con-
ducted using the Simulation of Urban MObility (SUMO) [30]. In this framework, RL agents
dynamically control traffic lights by maximizing long-term rewards, which are associated
with minimizing delays and ensuring safe traffic interactions. Through iterative learning,
the agent develops optimal control policies, illustrated by dynamic phase diagrams and
state matrices based on accumulated waiting times.

2.4. VLC Impact and Limitations on Intelligent Transportation Systems

Visible Light Communication (VLC) is gaining traction as a complementary technology
in the evolution of Intelligent Transportation Systems (ITS), supporting applications such
as communication at signalized intersections, collision avoidance, vehicle localization, and
platooning through Vehicle-to-Vehicle (V2V), Infrastructure-to-Vehicle (I2V), and broader
Vehicle-to-Everything (V2X) communications [31]. While Radio Frequency (RF)-based
communication remains the foundation of ITS, it faces notable limitations in dense urban
environments. Challenges such as electromagnetic interference from electronic devices,
spectrum congestion caused by high demand, and inherent security vulnerabilities can
degrade RF performance. Its open nature also makes it susceptible to eavesdropping and
cyberattacks [32].

By contrast, VLC transmits data through modulated LED light, offering immunity
to electromagnetic interference, operation in an unlicensed and uncongested spectrum,
and enhanced data privacy. The ability to reuse existing LED-based infrastructure—traffic
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lights, streetlights, and vehicle headlights—makes VLC a sustainable, low-cost, and energy-
efficient alternative to traditional RF systems [32]. Unlike DSRC or 5G, it requires no
additional spectrum allocation or costly hardware deployment, reducing both energy
consumption and operational expenses.

When integrated with Multi-Agent Reinforcement Learning (MARL), VLC enables
context-aware and decentralized traffic control. The high-precision, line-of-sight nature
of VLC enhances situational awareness at the intersection level, reduces communication
latency, and allows MARL agents to coordinate locally without reliance on centralized
control. This results in a robust framework capable of maintaining performance under
partial communication failures while ensuring equitable management of both vehicular
and pedestrian flows.

However, VLC also faces inherent challenges in outdoor environments. Adverse
weather conditions—such as fog, rain, or snow—and strong ambient light can degrade
signal quality. In particular, direct sunlight may cause optical receiver saturation, leading
to reduced communication performance. Therefore, VLC should be viewed not as a
replacement but as a complement to RF-based communication. The combined use of both
technologies can yield more secure, resilient, and sustainable ITS architectures.

In summary, while adaptive control and reinforcement learning have shown strong
potential in optimizing traffic management, most existing solutions overlook pedestrian
dynamics and robustness under incomplete information. The integration of MARL with
VLC addresses these gaps by combining decentralized, learning-based decision-making
with sustainable, low-latency, and secure communication—advancing the development of
intelligent and human-centered urban mobility systems.

3. System Model and Problem Formulation
3.1. V-VLC Transmitters and Receivers:

The proposed system is based on LED-driven transmitters and PIN-PIN photodiode
receivers that establish wireless visible light communication (VLC) links [25,26]. Each
transmitter is composed of tetra-chromatic white LEDs (WLEDs) positioned at the corners
of square unit cells, as illustrated in Figure 1a. Figure 1 shows the relative placement of
V-VLC emitters and receivers, together with the coverage map and footprint regions of
each unit cell (#1-#9).

The WLEDs combine red (626 nm), green (530 nm), blue (470 nm), and violet (390 nm)
chips to generate white illumination while simultaneously transmitting data. The optical
signal is modulated using On-Off Keying (OOK) amplitude modulation, thus enabling a
dual-function operation for both lighting and communication [33].

Each VLC transmitter includes four independent emitters capable of producing up
to four simultaneous optical excitations, depending on the specific region of the unit cell.
This configuration allows multiple signal combinations and distinct photocurrent levels at
the receiver, providing fine-grained encoding capability. The receivers are aligned within
overlapping transmitter coverage areas, forming multiplexed (MUX) optical signals. This
structure operates simultaneously as a positioning system and a data communication
channel (Figure 1a).

An orthogonal topology of geo-referenced transmitters is deployed to provide full
coverage of the environment. Streetlights (L), spaced approximately 20 m apart, act as
geo-transmitters that broadcast Light-to-Vehicle (L2V) messages containing identifiers,
synchronization information, and traffic data. Each vehicle or pedestrian is assigned
a unique ID. Figure 1b illustrates the spatial relationship between the V-VLC emitters
and receivers.
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Figure 1. (a) V-VLC Emitter and receivers’ relative positions and illustration of the coverage map

with the footprint regions in the unit cell (#1-#9). (b) Emitters” and receivers’ locations.

On the receiving side, a dual PIN-PIN photodiode array detects light intensity vari-
ations generated by the OOK-modulated signals. Beyond signal detection, the photodi-
ode array performs demultiplexing by separating the superimposed optical components.
Through calibrated amplitude and wavelength mapping, it filters, decodes, and accurately
reconstructs the original transmitted message, ensuring reliable data recovery [24]. This
emitter-receiver configuration enables the VLC system to support high-capacity, real-time
data exchange while maintaining the LEDs’ primary role as illumination devices.

The integration of VLC facilitates direct monitoring among pedestrians, vehicles, and
infrastructure, focusing on critical parameters such as queue formation and pedestrian
density at intersections to enhance road safety. Peer-to-Infrastructure-to-Peer (P2I2P)
communication enables real-time estimation of travel times, while instantaneous speed
and waiting-time data are analyzed using the transmitters’ tracking identifiers.

3.2. Connected Vehicles (CV) and Visible Light Communication (VLC):

Connected Vehicle (CV) technology is transforming urban traffic management by
enabling real-time V2V and V2I communication. This capability allows continuous data
exchange on speed, location, and traffic conditions, improving flow, safety, and conges-



Sustainability 2025, 17, 10056

8 of 32

tion management. CV systems are thus essential components of next-generation traffic
management frameworks.

In parallel, VLC has emerged as an innovative and complementary solution. By
modulating the intensity of LED lights in traffic signals, streetlights, and vehicle headlights,
VLC enables dual-purpose functionality: providing illumination while transmitting data.
This integration into existing infrastructure offers several advantages, including high
bandwidth, low latency, enhanced security, and cost-effectiveness.

The proposed Vehicular VLC (V-VLC) architecture leverages a mesh—cellular hybrid
design, with streetlights serving as geo-transmitters (L2P/V) and traffic signals acting as
edge-computing nodes (I2P/V), as illustrated in Figure 2. On the vehicular side, Vehicle-to-
Infrastructure (V2I) and Infrastructure-to-Vehicle (I2V) communication are enabled through
VLC links, allowing the continuous exchange of real-time data such as position, velocity,
trajectory, and signal phase information. This communication layer supplies MARL agents
with a reliable data stream, which is subsequently used to learn and refine optimal driving
policies. In doing so, the system achieves synchronized signal phase control across multiple
intersections, reducing congestion and improving network-wide efficiency.

- a Traffic
A light
7V2i4

il p2i2p
= =
”
t o~

Message ' Intersection

(a)

Figure 2. (a) Draft of the V-VLC architecture. Overview of visible light communication channels
within the intersection area. (b) Illustration of the sensing transmission in road sensor networks.
The diagram shows the three key components of the cooperative sensing framework: roadside
infrastructure, sensing data aggregation, and sensing information delivery to CVs.

For pedestrian interaction, the architecture supports Pedestrian-to-Infrastructure (P2I)
and Infrastructure-to-Pedestrian (I2P) communication. Pedestrians transmit crossing re-
quests through VLC-enabled devices, and the infrastructure responds with trajectory
assignments and safe crossing phase allocations. These interactions are directly integrated
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into the MARL decision-making process, allowing for dynamic adjustment of signal timings
that not only prioritize traffic efficiency but also enhance pedestrian safety.

To manage intersection flow, a queue-request-response mechanism is employed [34]:
approaching vehicles or pedestrians issue crossing requests (V/P2I), and traffic lights
respond with acknowledgments (I12V/P), dynamically adjusting phases to avoid conflicts.
Vehicle speed is calculated using the transmitter IDs for tracking and the mesh nodes
estimate indirect V2V relative poses in scenarios with multiple neighboring vehicles [35].
Requests include positions, directions, and speeds, with leader-follower information aiding
in subsequent V2I request confirmation. Delays are determined by observing the number
of vehicles queuing in each cell at the beginning and end of green time through V2V2I, as
shown in Figure 2 that depicts the various VLC-based communication links considered in
the system.

Although VLC still faces challenges such as adverse weather conditions and interfer-
ence from natural or artificial light sources, recent advances in photodetectors and optical
filtering techniques have significantly mitigated these limitations. Moreover, VLC can
seamlessly complement radio-frequency (RF) communication, ensuring robustness and
continuity of service in scenarios where light-based transmission is partially impaired.

By integrating CV technology with VLC, the system enhances the situational aware-
ness of both vehicles and pedestrians, enabling dynamic signal optimization that reduces
delays and improves overall safety across multi-intersection urban environments.

At a broader level, coordinated phase management is achieved through intersectional
communication. VLC data streams allow intersections to synchronize and exchange real-
time state information, which MARL agents leverage to optimize phase transitions, mini-
mize potential conflict points, and maintain smooth and continuous traffic flow throughout
complex urban networks.

Beyond operational efficiency, this coordination framework contributes to sustain-
ability by reducing vehicle idling time, fuel consumption, and greenhouse gas emissions
typically associated with stop-and-go traffic patterns. The integration of energy-efficient
VLC transmitters into existing lighting infrastructure further supports low-carbon opera-
tion, resource optimization, and the long-term sustainability of smart city ecosystems.

Overall, the proposed architecture combines the precision and low latency of VLC with
the adaptive and self-learning capabilities of MARL, resulting in a distributed, resilient,
and scalable traffic control ecosystem. This synergy enhances road safety, promotes energy-
efficient mobility, and fosters the sustainable evolution of intelligent and environmentally
responsible urban transport infrastructures.

3.3. Arterial Traffic Signal Control

Arterial traffic signal control involves intersections formed by the crossing of
two or more main roads or arterials. Depending on the road network layout and geo-
graphic constraints, these intersections often exhibit complex geometries, such as T-shaped,
cross-shaped, or skewed configurations [36]. The number of lanes at each intersection
varies according to traffic volume and road capacity requirements.

Each approach typically includes multiple lanes to accommodate different turning
movements, such as left-turn, right-turn, and through movements, where the schematic
diagram of a four-arm junction with coded lanes (L/0-7) and traffic lights (TL/0-15) as
illustrated in Figure 3. These intersections operate under standard traffic regulations.
Approaching vehicles must yield to oncoming traffic and comply with traffic signals or
signage. Movement priorities are generally determined by the installed control devices,
including stop signs, yield signs, or traffic signals.
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Figure 3. Schematic diagram of a signal-controlled standard intersection with coded lanes (L/0-7)
and traffic lights (TL/0-15).

We consider a simplified urban traffic network composed of two intersecting arterial
roads: a horizontal road (C0-C1-C2) and a vertical road (C3-C1-C4), which meet at the
central junction C1. Each arm has two lanes. One to turn left, one to go straight or turn
right optimized for CAVs. Intersection C1 serves as the unique connection point between
these “horizontal” and “vertical” arteries. In the setup, C1 has no local sources of traffic—it
only receives vehicles from the four adjacent intersections. All incoming flows into C1’s
lanes are determined by the phase-activation decisions of the neighboring intersection
controllers (agents C0, C2, C3, and C4).

The Traffic scenario consisting of 5 homogeneous intersections with 4 arms each
is illustrated in Figure 4. In effect, C1’s role is to mediate the streams from the
two arteries by influencing how and when those neighboring agents release traffic. This
configuration makes C1 a central hub whose activity can substantially affect the overall
network dynamics.

Figure 4. Traffic scenario consisting of 5 homogeneous intersections with 4 arms each.

In this case, C1’s coordination might promote balanced traffic dispersal or alleviate
congestion, but it could also introduce imbalances if misaligned. We therefore investi-
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gate how different priority schemes imposed at C1 affect traffic flow through the whole
network. This configuration of five intersections is designated as a cell within the traffic
management system.

Traffic signals at these intersections manage vehicle flow to ensure safe and efficient
movements. Signal timing is designed considering factors such as traffic demand, inter-
section geometry, and operational objectives (e.g., minimizing delays and maximizing
throughput). Signals are usually configured with multiple phases corresponding to differ-
ent movements (e.g., green for through traffic and red for conflicting movements). In our
scenario, each intersection is assigned four nine-phase traffic signal phases, as shown in
Figure 5. The timing of these phases is coordinated to reduce conflicts and enable smooth
traffic flow among the various vehicular movements.

P1 North-South P2 North P3 South P4 N/S Left Turns

im efmefusts

P5 - West-East P6 - West I P7 - East I EB - WIE Left TumsI

Figure 5. Traffic signal phases considered: eight for vehicles (P1-P8) and one exclusively for pedestri-
ans (P9). The arrows represent the directions of vehicle movements across the eight vehicular phases,
while P9 corresponds to the exclusive pedestrian phase at the signalized intersection..

4. Proposed Framework
4.1. Distributed MARL Agents & Deep Q-Network (DQN)

Figure 6 illustrates the architecture of the Intersection Manager (IM), which is com-
posed of a decentralized neural network trained based on the observations and experiences
of individual agents.

Each agent is responsible for controlling its own intersection, as depicted in Figure 6.
This neural network enables real-time decision-making, dynamically adjusting the active
signal phases according to the observed traffic flows on each approach, thereby optimizing
traffic movement within the cell.

Each agent performs local observations of its corresponding intersection and makes
decisions regarding which signal phases to activate based on the perceived traffic state. The
experiences collected by the agents are stored in a centralized replay memory to support
the training of the neural network. This neural network, responsible for controlling the cell,
is trained under a specific traffic control strategy, allowing it to become effectively adapted
to the traffic dynamics characteristic of that strategy. Considering five distinct strategies, a
dedicated neural network is trained for each one, resulting in five fully adapted models.
These models are subsequently compared to evaluate and analyze their behavioral and
performance differences across varying traffic scenarios.

4.2. Multi-Agent Reinforcement Learning (Training Conditions)

In the proposed framework for intelligent traffic signal control, agent-based intersec-
tion management plays a central role. Each intersection is managed by a dedicated MARL
agent that perceives its local environment through VLC-based data, including vehicle
presence and pedestrian crossing requests. This localized perception enables context-aware
decision-making at each junction. At the same time, cooperative learning ensures that
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agents share information with neighboring intersections, promoting coordination for con-
sistent traffic flow across the wider network. Figure 7 displays the MARL Flowchart during
simulation and training.

4§eural Network [€
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Figure 6. Intersection Manager architecture based on a Deep Neural Network.
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Figure 7. MARL Flowchart during simulation and training.
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To optimize signal control, the system integrates a Deep Q-Network (DQN) approach,
where all agents contribute to training a unified model. The DQN selects optimal signal
phases based on expected cumulative rewards and dynamic traffic states, adapting to
evolving conditions. The use of neural networks allows the framework to effectively
manage high-dimensional urban traffic data, making the solution scalable and adaptable to
large-scale and complex scenarios.

Each intersection is managed by a dedicated MARL agent that perceives its local
environment—collecting data on vehicles and pedestrians via VLC-based communication—
and cooperates with neighboring agents through shared information. The collected data
is used to train a unified Deep Q-Network (DQN), which learns to select the optimal
signal phase at each intersection based on expected cumulative rewards. Unlike traditional
tabular Q-Learning, which is limited to small state-action spaces, the DQN leverages neural
networks to handle the complexity of large-scale urban traffic environments.

The neural network architecture implemented consists of a fully connected layer
network (FCLN), and the weights 6k of the FCLN are used to approximate its Q-values Q
(s, a; 0Kk).

The state representation employed in the proposed architecture encodes the traffic
environment through a combination of positional, velocity, and waiting cells. State repre-
sentation and neural network architecture for traffic signal control is drafted in Figure 8.
Specifically, the state vector comprises 4 x 2 x 10 position cells and 4 x 2 x 10 velocity
cells, complemented by four waiting cells, resulting in a total of 164 input neurons. This

input layer captures the environmental state at each intersection.
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Figure 8. State representation and neural network architecture for traffic signal control.

The network architecture consists of five hidden layers, each comprising 400 neu-
rons, with Rectified Linear Unit (ReLU) activation to introduce non-linearity and support
the learning of complex traffic patterns. The output layer contains nine neurons, each
corresponding to the Q-value of a possible control action.

Action selection follows a strategy in which the action associated with the maximum
Q-value is executed. To account for interdependence among intersections, the Q-value
calculation incorporates an additional term that aggregates predicted Q-values from neigh-
boring intersections, thereby enhancing coordinated decision-making. Each neural network
is trained with traffic patterns tailored to its specific control strategy, and vehicle generation
is biased to reflect target priorities (e.g., East-West or North-South flows). This ensures
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that each agent adapts its policy to the unique characteristics of the traffic management
scenario it controls.

Additional details regarding the network architecture and training configuration are
provided in Table 2.

Table 2. Parameters of the neural network architecture and training configuration.

Parameter Value
Episodes 200
Max Steps 3600
Vehicles 1800
Pedestrians 2000
Width Layers 400
Batch Size 100
Learning Rate 0.001
Loss Function MSE
Training Epochs 500

In this work, the algorithm employs two neural networks with similar architecture: one
responsible for predicting the Q-values, and another, referred to as the Q-target network,
which calculates the target Q-values (Equation (1)). The Q-value function incorporates
the influence of neighboring intersections by adding a term that aggregates the predicted
Q-values from these neighbors. The Qtarget Values are calculated based on Equation (1).

1N
Quarget = 11+ Y - max| Qpreq (st1,4) + - Nzn Qpred (ne+1,a") )

where Qpred is the Q-value predicted by the main network and Qtarget is acquired using
a network similar to the main one but which is not trained,  is a discount factor applied
to the maxQtarger value, lowering the importance of the future reward compared to the
immediate reward and N denotes the number of neighboring intersections considered,
and (3 is a weighting factor that regulates the influence of these neighbors on the Q-value
update. t; is the reward (Equation (2)).

It = pveh(attheh,tfl - attheh,t) + Pped (atthed, t—1— atthed,t) )

The reward used considers both vehicle and pedestrian accumulated waiting

times (atwt).
n

atwtyep,r = Z Wt(veh,t)
veh=1

n
Atwtpeq, = Zped:l WH(ped,t) (3)

Wyt / Whpeq + is the amount of time in seconds a vehicle/a pedestrian has a speed of
less than 0.1 m/s at t, since the spawn into the environment. n represents the total number
of vehicles/pedestrians in the environment in £.

A fair value of 3 promotes cooperation that benefits not only the individual agent but
also its neighbors, fostering a coordinated global traffic control strategy. In this work,  was
set to 0.3, as other values were tested and resulted in poorer performance. Higher {3 values
encourage more cooperative decisions, benefiting neighbors but potentially at the expense
of the individual agent’s own performance, while a lower 3 favors more independent,
locally optimized actions.

The implemented method follows a learning approach where agents share experiences
to train a global neural network that selects actions for all intersections. This strategy is
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feasible due to the homogeneity of the intersections, allowing similar observations across
agents to be leveraged collectively. Furthermore, by incorporating neighbor influence into
the learning process, the approach promotes coordination between adjacent intersections,
enhancing scalability and adaptability within the network.

This setup demonstrates how the integration of MARL and VLC enables scalable,
adaptive, and coordinated traffic signal control across a connected urban road network.

Overall, this approach combines local perception and global cooperation to deliver in-
telligent, data-driven traffic signal decisions. The result is an efficient solution that operates
in real time within multi-agent urban environments, addressing both the complexity and
dynamism of modern city traffic.

4.3. MARL System with Dynamic Phase Duration: SAPA

The traffic control framework adopts a decentralized Multi-Agent Reinforcement
Learning (MARL) system, where each agent manages its own intersection by observing
local conditions, selecting active phases, and storing experiences. Since intersections are
homogeneous, these experiences can be shared across agents to train a common neural
network. This approach enhances adaptability compared to fixed-cycle systems, as it allows
signal phases to respond to real-time traffic conditions.

A key improvement is the introduction of dynamic phase duration, supported by
data collected through VLC on vehicle queues and lane occupancy. Unlike fixed durations
(e.g., 8 or 12 s), phase times are adjusted based on both the number of waiting vehicles
and the occupancy of the receiving lanes at neighboring intersections. This micro-level
control prevents blockages and optimizes throughput, forming the basis of the Strategic
Anti-Blocking Phase Adjustment (SAPA) mechanism.

For example, in a scenario with five intersections, traffic from CO to C1 (connected by
a 400 m link) is managed by monitoring occupancy. If occupancy is below 40%, the green
phase is extended proportionally to the queue length; otherwise, only a minimum green is
granted, allowing downstream intersections time to clear. Similar rules apply when traffic
moves from a 400 m link into a shorter 200 m link, where thresholds are reduced to 35% to
avoid overflow.

The SAPA system also incorporates traffic strategies that assign different priorities
to radial and circular arteries. A standard strategy balances flows equally (50-50), while
others prioritize one artery with up to 65% of total vehicles, reflecting scenarios such as
strong outbound or inbound movements. Low-priority phases (e.g., left turns or minor
flows) receive reduced weighting (25%). The most critical intersection (C1) dynamically
balances both radial and circular flows according to the active strategy.

By combining phase selection via neural networks with adaptive phase duration
through SAPA, the system achieves more efficient management of vehicle and pedestrian
flows across multiple intersections, ensuring scalability and robustness under diverse
traffic scenarios.

4.4. Simulation and Setup Parameters

The SUMO simulations were conducted using a realistic urban scenario based on a
selected area of downtown Lisbon, Portugal. Vehicular and pedestrian mobility patterns
were derived from validated models described in [37,38], which demonstrated a high
correlation between simulated and real-world traffic data in Lisbon’s central districts.

The traffic environment includes both vehicle and pedestrian flows, with parame-
ters adjusted to match observed densities and dynamics. Vehicle volumes were set to
1800 veh/h, reflecting typical peak-hour conditions, while pedestrian flows were con-
figured to represent realistic corner densities and crosswalk usage. The (3 parameter, in
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Equation (1), was calibrated through iterative simulation adjustments based on the specific
topology and traffic patterns of the selected area, resulting in 3 = 0.3.

This configuration ensures that the simulation scenario accurately represents realistic
urban mobility, allowing for the evaluation of the MARL-VLC framework under conditions
that closely mimic actual traffic behavior. This setup ensures that the simulations closely
mimic real urban traffic behavior, allowing meaningful evaluation of the MARL-VLC
framework. Moreover, by optimizing traffic phase transitions and reducing vehicle idling,
the framework supports energy-efficient traffic flow, decreases fuel consumption, and
lowers greenhouse gas emissions, contributing to more sustainable urban mobility.

4.5. Traffic Control Strategies

Five distinct traffic control strategies were designed and implemented, each repre-
sented by a separate neural network (agent) (Table 3). These strategies differ in how they
bias the allocation of green phases across intersections, reflecting different priorities be-
tween the circular (horizontal) and radial (vertical) arteries, as well as between inbound
and outbound flows relative to the central intersection (C1). The objective is to compare a
balanced approach with schemes that emphasize one road or traffic direction.

Table 3. Traffic Control Strategies.

Artery Directional .
Network Strategy Name Prioritization Priority Description/Expected Effect
1 Equal treatment for circular (blue) and
Balanced . . . . :
50% o None +» All directions radial (green) arteries; aims for fairness
(50-50%)
S0% and overall throughput.
2
: 135% Circular Circular Radial Favors east—-west traffic on circular road
+ Outbound Radial — Outbound (S—N) and northbound flow on radial axis.
65%
3 Circular . Supports inbound vehicles from the
65% . Radial .
, + Inbound Circular north and east-west circular
:71 35% . < Inbound (N—S)
Radial movement.
4
Radial Radial Radial Enhances north-south circulation and
+ Outbound Radial — Outbound (N—S) reduces congestion along the radial axis.
5
35 Radial Radial Prioritizes inbound flow toward the
+ Inbound Radial city center, combined with east-west
65 . < Inbound (5—N)
Radial movements.

Each control strategy is defined by a specific assumption on urban traffic demand.
Strategies may prioritize either the circular road or the radial arteries, and further distin-
guish between outbound (from the center) and inbound (toward the center) flows. These
priorities were implemented in the simulation by adjusting the vehicle generation process.
For example, and considering an total traffic demand of 1800 vehicles, in all strategies
under consideration, 75% of the vehicles (1350 vehicles) proceed straight ahead or make
right turns, while the remaining 25% (450 vehicles) correspond to left-turn movements.

In Network 2 and 3 of the 1350 vehicles that proceed straight or turn right, 65%
(878 vehicles) are generated on the circular artery, whereas the remaining 35% (472 vehicles)
originate from the radial artery. To represent inbound and outbound city movements,
traffic generation on the radial artery is deliberately unbalanced: 75% of these 472 vehicles
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(354 vehicles) are produced in the south-north direction (outbound flow) at intersection C4,
with the remaining 25% (118 vehicles) generated at intersection C3, or conversely in the
case of inbound flows.

Similarly, in Networks 4 and 5, the same distribution logic applies, but with 65% of
the 1350 vehicles (878 vehicles) generated on the radial artery. Again, this generation is
unbalanced to simulate inbound and outbound flows, such that 75% (659 vehicles) are
generated at C4 and 25% (219 vehicles) at C3. The circular artery, in turn, accommodates
the remaining 35% of the 1350 vehicles (472 vehicles).

The opposite distribution defined Networks 6-9. An equivalent procedure was ap-
plied to the radial artery, corresponding to a 90° clockwise rotation of this directional
bias. This ensured that each trained network adapted its policy to the intended control
strategy. Figure 9 summarizes the set of traffic management strategies implemented in the
simulation environment.
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Figure 9. Summary of the simulated traffic control strategies, illustrating prioritization between
circular and radial directions.

The experiments considered traffic flows of 1800 vehicles per hour and 2000 pedestri-
ans per hour, simulated over 300 episodes of 3600 s each.

The performance of these strategies will be assessed by analyzing their impact on
MARL training and evaluation. In particular, we compare the final cumulative rewards
obtained by each network and traffic fluidity indicators such as average waiting time
and throughput. This comparison will reveal which prioritization schemes enhance or
hinder circulation, and whether the central intersection (C1) can act as an effective global
coordinator in this arterial traffic scenario.

5. Results and Discussion
5.1. Adaptive Traffic Control: V-VLC Communication Protocol and Evaluation

The communication protocol defines the rules for information exchange, structured
in a frame with synchronization, identification, and payload fields. Each frame begins
with a 5-bit synchronization block [10101] marking the Start of Frame (SOF), followed by a
12-bit TIME block encoding hours, minutes, and seconds. A flag [1111] indicates the start
of ID blocks, each 4 bits, beginning with the code of the communication type (L, V, P, I).
Subsequent fields specify transmitter localization (x, y), lane (0-7), requested traffic lights
(0-15), number of following vehicles, assigned ID, cardinal direction, and active phase,
depending on whether the message is a request or response. For traffic-related messages,
additional payload data includes vehicle identifiers, road conditions, waiting times, and
weather. The frame ends with a 4-bit End of Frame [0000], signaling completion. Figure 7
demonstrates the MUX signal and the decoded messages between the vehicles/pedestrians
and the traffic lights, respectively [26]. The visualization of MUX signal exchange and the
decoded message flow between Vehicles and Traffic Lights (V2I, I12V), as well as between
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Pedestrians and Traffic Lights (P2L, I12P), is presented in Figure 10. An inset on the right has
been added to better illustrate the decoded signals.
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Figure 10. MUX signal exchange visualization and decoded message flow between: (a) Vehicles <+
Traffic Lights (V2I, 12V) and (b) Pedestrians «+ Traffic Lights (P2I, I2P).

Results show that with VLC is possible to details in real time the flow of V2I, V2V, P2I,
and I2P communications at various intersections, illustrating a structured communication
framework for coordinating traffic and pedestrian movement.

The integration of VLC with MARL establishes a decentralized yet harmonized frame-
work for intelligent traffic management. In this approach, vehicles continuously exchange
real-time information with the infrastructure, including position, velocity, and movement
dynamics, as well as current traffic signal phases. This bidirectional communication enables
MARL agents to infer optimal driving policies while ensuring synchronization of signal
phases across multiple intersections.

Simultaneously, pedestrians interact with the infrastructure by transmitting crossing
requests through VLC, to which the system responds with trajectory and phase assignments.
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MARL incorporates these inputs to dynamically adapt signal timings, thereby enhancing
the efficiency of pedestrian crossings and strengthening overall safety.

Moreover, coordinated phase management is achieved through the synchronization
of intersections via VLC data streams. MARL agents optimize signal transitions, mitigate
conflict points, and improve the continuity of traffic flows across dense urban networks.

In conclusion, VLC provides high-resolution, low-latency communication capabilities,
while MARL facilitates adaptive, decentralized decision-making. The combined use of
these technologies fosters safer, more efficient, and resilient intersections, advancing the
state of intelligent urban traffic control systems.

5.2. MARL Training Approach: Performance Based on Rewards

Figure 11 analyses the cumulative negative rewards over MARL training episodes at
C0-C4, under the three generation outbound strategies.
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Figure 11. Evolution of negative cumulative rewards during MARL training, with the horizontal axis
representing epochs, from intersections CO to C4. Results are shown for Network 1, representing a
balanced topology; Network 2 (Circular + Outbound Radial), and Network 4 (Radial + Outbound
Radial).
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In training, each of the networks learns to interact with the environment, each dealing
with a specific traffic generation, corresponding to the strategy defined. With respect to
the cumulative negative rewards, it is evident that each of the trained neural networks
successfully converged and adapted to its respective strategy, effectively optimizing the
traffic flow within the simulated environment. The evaluation of the MARL training
strategies demonstrates how different traffic generation biases influence the overall system
performance. In the balanced strategy (Network 1), results consistently show lower rewards
across most intersections, suggesting greater difficulty in traffic coordination when no
directional priority is established. This outcome indicates that evenly distributed flows tend
to amplify congestion effects, as waiting times accumulate uniformly across all approaches.

By contrast, Network 2—which reduces vehicle generation in the radial artery (35%
along the west—east axis and 25% along the north—south axis)—achieves higher rewards.
The improvement is primarily associated with a lower number of vehicles approaching the
intersections, leading to shorter waiting times and more efficient signal utilization.

Among the tested strategies, Network 4 consistently showed the most favorable trends
in the simulations. It achieved higher cumulative rewards at circular intersections (CO,
C1, C2), and the reduced priority for the west—east direction contributed to lower vehicle
accumulation and shorter waiting times. These observations suggest that, under increased
traffic demand along the radial artery, Network 4 may provide a more efficient distribution
of traffic. While these results are based on simulation trends rather than formal statistical
analysis, they offer useful insights for guiding adaptive traffic signal strategies in similar
urban networks.

These findings confirm that MARL agents adapt effectively to the imposed traffic
conditions, and that prioritization strategies, rather than balanced ones, produce supe-
rior performance in terms of reward optimization. This demonstrates the importance of
directional bias in enhancing the learning process and overall system efficiency.

5.3. MARL Testing Approach: Vehicle and Pedestrian Halting Times

In training, each of the networks learns to interact with the environment, each deal-
ing with a specific traffic generation, corresponding to the strategy defined. During the
network evaluations, traffic metrics such as halted vehicles and pedestrian flow showed
promising results.

In Figure 12 the analysis of C0—-C4 testing halting metrics across different outbound
networks (Networks 1, 2, 4) are presented.

Each network learned a specific control strategy and, when tested, demonstrated the
ability to effectively manage traffic, even during periods of high congestion. The models
are capable of selecting the most suitable actions based on real-time traffic conditions
at the intersection, thereby optimizing the flow of both vehicles and pedestrians. The
analysis reveals that vehicle halting values remain relatively consistent across intersections
C0, C2, C3, and C4, regardless of the adopted strategy. This uniformity suggests a stable
performance of the control approaches throughout the majority of the network. In contrast,
intersection C1 emerges as the most critical node, exhibiting the highest variation in halting
times. This finding underscores the strategic role of C1 in the overall efficiency of traffic
coordination within the network.

Starting in the urban core, strategy 4 prioritizes radial flow (e.g., south-to-north). A
shift to strategy 1 in the next cell introduces more balance, and finally strategy 2—further
from the center—emphasizes circular flow again. This strategic progression enables efficient
redistribution of traffic, reducing congestion and improving overall flow.
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Figure 12. Assessment of halting vehicle behavior over time at intersections C0—C4 across multiple
control strategies. Results are shown for Network 1, representing a balanced topology; Network 2
(Circular + Outbound Radial); and Network 4 (Radial + Outbound Radial).

For Network 1, which applies a balanced control strategy, halting times at C1 are
substantially higher compared to the other strategies. The absence of prioritization mecha-
nisms at this intersection increases the complexity of traffic management, leading to longer
queues and reduced operational performance at this critical point. Nevertheless, Network
1 demonstrates the capacity to sustain balanced halting values across the remaining inter-
sections, indicating that its performance limitations are highly localized to C1 rather than
systemic across the network.

Figure 13 display a comparative analysis of pedestrian halting metrics at intersections
C0-C4 across the different outbound network strategies.

The analysis of pedestrian halting behavior indicates that the size of pedestrian halting
peaks provides a meaningful proxy for the stress level experienced at crossings and reflects
pedestrians’ response to the interaction with connected vehicles. Overall, halting values
remain balanced across the five networks, suggesting that all strategies are capable of
integrating pedestrian flows without causing excessive delays. Some temporal fluctuations
are observed, primarily associated with the activation of pedestrian phases, yet these do
not significantly compromise performance.
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Figure 13. Comparative analysis of pedestrian halting metrics at intersections C0-C4 across different
network strategies. Results are shown for Network 1, representing a balanced topology; Network 2
(Circular + Outbound Radial); and Network 4 (Radial + Outbound Radial).

In Network 1, which employs a balanced strategy, pedestrian waiting times are
marginally higher than in the other networks. This outcome may be attributed to the
absence of prioritization mechanisms, which results in increased competition for the
green phase. Nonetheless, pedestrians generally experience short waiting periods be-
fore their phase is activated, underscoring the effectiveness of the underlying decision-
making process.

Importantly, the number of waiting pedestrians remains consistently low across all
strategies, which reflects the efficient incorporation of pedestrian phases into the overall
control logic. These findings suggest that the management of pedestrian flows is handled
effectively, with minimal disruption to both pedestrian and vehicular movements, thereby
reinforcing the robustness of the proposed network control strategies. During the network
evaluations, traffic metrics such as halted vehicles and pedestrian flow showed promising
results. Each network learned a specific control strategy and, when tested, demonstrated
the ability to effectively manage traffic, even during periods of high congestion. The models
are capable of selecting the most suitable actions based on real-time traffic conditions at
the intersection, thereby optimizing the flow of both vehicles and pedestrians. In Figure 14
it is presented a comparative analysis of vehicles (a) and pedestrian (b) halting metrics at
intersections C1 across different inbound network strategies.
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Figure 14. Comparative analysis of vehicles (a) and pedestrian (b) halting metrics at intersections
C1 across different inbound network strategies. Results are shown for Network 1, representing
a Balanced topology; Network 3 (Circular + Inbound Radial); and Network 5 (Radial + Inbound
Radial).

For both vehicle and pedestrian metrics, it is observed that the strategy maintaining
a balanced 50/50 allocation between the two main arteries results in the highest number
of vehicles and pedestrians waiting. Since this strategy does not prioritize any specific
direction, it activates signal phases in a uniformly distributed manner, which leads to
increased vehicle accumulation—particularly at the critical intersection, C1. However, this
does not imply that the strategy is ineffective; it serves a specific function within the overall
structure of the traffic cell network.

In scenarios where a cell is located farther from the city center, it may be more ap-
propriate to adopt strategy 3, which prioritizes circular traffic flow. As traffic approaches
the urban core, control must tighten to prevent congestion. A gradual transition through
strategy 1 and then strategy 5 allows for progressively increasing priority on radial flows,
ensuring safer and smoother city entry.

5.4. MARL Testing Approach Vehicle and Pedestrian Phasing Diagrams

Figure 15 presents the percentage distribution of the most frequently activated phases
over time for each network. The figure illustrates how different control strategies distribute
green time among exit phases, revealing the adaptive behavior of the MARL-VLC frame-
work in optimizing outbound traffic flow and reducing congestion at key intersections.

The analysis of phase activation across the examined networks reveals distinct strate-
gies in managing traffic flows. Network 1, implementing a balanced strategy, exhibits a
relatively uniform distribution across the main phases. Phases P1 (N-S), P5 (W-E), and P9
(pedestrian) are activated at comparable levels, reflecting the absence of prioritization and
an approach aimed at serving all flows equally.

In contrast, Network 2, which follows a Circular + Outbound Radial strategy, places
greater emphasis on W-E traffic (P5). The activation of phase P5 reaches approximately 35%
at intersections CO, C1, and C2, while P1 is activated at lower levels (10-20%), indicating
reduced priority for the radial artery. Pedestrian phase P9 varies between 18 and 35%
depending on the intersection, with C1 consistently exhibiting the lowest activation (<20%)
due to its critical traffic role and the need to maintain vehicle throughput.

Network 4, applying a Radial + Outbound strategy, prioritizes N-S traffic (P1), with
increased activation (~25%) at radial intersections. Conversely, P5 activation decreases
to around 25%, showing diminished priority for the circular artery. Pedestrian phase
P9 demonstrates wider variability (18-43%) depending on the intersection. Despite P1
and P5 appearing equally activated (~25%), true balance is not achieved, as additional
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phases P2 and P3 are frequently triggered (P2: 13-20%, P3: 6-15%). These supplementary
activations support continued radial flow, revealing a hidden prioritization not apparent
when considering only the main phases.
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Figure 15. Analysis of the percentage of green time allocated to outbound traffic strategies at
intersections C0-C4. Results are shown for Network 1, representing a balanced topology; Network 2
(Circular + Outbound Radial); and Network 4 (Radial + Outbound Radial).

Figure 16 presents the strategies marked by inbound traffic into the city. The figures
highlights how different control strategies manage green time distribution for inbound
movements, demonstrating the adaptability of the MARL-VLC framework in optimizing
incoming traffic flow and reducing intersection delays. In Network 3, which prioritizes
circular flow with entry via the radial artery, there is a significant increase in the activation
of phase P5 (W-E), ranging from 30% to 40%. Phase P1 (N-S) also sees regular activation,
between 18% and 39%, with intersection C3 showing the highest P1 activation—expected
due to its role as a key traffic generator on the radial route.

In Network 5, which explicitly prioritizes the radial artery for inbound movement,
phase P1 becomes dominant, with activation rates between 33% and 39%, surpassing those
in Network 3. This reflects the system’s adaptation to traffic needs, ensuring efficient vehicle
entry and sustained N-S flow. This also helps reduce queuing at C1, where increased N—
S phase activation alleviates local and downstream congestion. Meanwhile, phase P5
decreases to 20-30%, consistent with its reduced priority in this configuration.
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Figure 16. Analysis of the percentage of green time allocated to inbound traffic strategies at inter-
sections C0—-C4. Results are shown for Network 1, representing a balanced topology; Network 3
(Circular + Inbound Radial); and Network 5 (Radial + Inbound Radial).

5.5. MARL Training and Testing Approach: Influence of Neighboring Intersections

To evaluate the impact of the neighbor influence factor 3 on traffic performance, a
preliminary analysis was conducted using a range of values:  =0,0.1,0.2, 0.3, and 0.4 in
Equation (1). For each value, key performance metrics, average queue lengths, vehicle and
pedestrian halting, and average vehicle speeds were monitored across all tested networks.
The results indicated that 3 = 0.3 consistently provided the best balance, achieving the
largest reduction in queue lengths while maintaining high intersection throughput. Lower
values of 3 led to insufficient coordination between neighboring intersections, whereas
higher values caused overreaction and instability in phase adaptation. Based on these
findings, = 0.3 was selected for the main experiments, providing a transparent and
quantitatively justified choice for the neighbor influence factor.

Considering Equation (1), Figure 17 shows the cumulative negative rewards obtained
during the training phase for § = 0 and 3 = 0.3, allowing a direct comparison of learning
efficiency. The figure illustrates the impact of the 3 parameter on learning stability and
convergence speed within the MARL-VLC framework. In both cases, the reward curves
exhibit an overall upward trend across the episodes, indicating consistent improvements in
agent performance.
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Figure 17. Evolution of negative cumulative rewards during MARL training, with the horizontal axis
representing epochs, for Network 1 at intersection C1 under two configurations: 3 =0and 3 = 0.3.
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Figure 18 compares the temporal evolution of vehicle and pedestrian halting, as well
as vehicle speeds at intersections C1 and C2, under the two scenarios (3 =0 and 3 = 0.3).
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Figure 18. Comparison of vehicle (a,b) and pedestrian (d,e) halting trends, and average vehicle
speeds (c,f) at C1 and C2 intersections for 3 = 0 and 3 = 0.3 for Network 1 at intersections C1 and C2
under two configurations: 3 =0and 3 = 0.3.

The results reveal that the 3 = 0 condition consistently generates a higher number
of halted vehicles, reflecting greater congestion levels. The analysis demonstrates that
incorporating neighboring intersection influence (3 = 0.3) significantly enhances traffic
flow management. For vehicles, congestion and halting times at the central intersection
(C1) are markedly reduced, with only minor impacts on the surrounding intersections.
Pedestrian waiting times also decrease across all intersections, with the most pronounced
improvement again observed at C1.

Furthermore, the overall number of vehicles and pedestrians remaining in the environ-
ment during the testing phase is lower when {3 = 0.3 is applied, serving as strong evidence
that accounting for neighbor influence improves traffic throughput and reduces delays.

5.6. MARL Testing Approach: System with Dynamic Phase Duration: SAPA

Another contribution of this research is the introduction of a dynamic phase duration
mechanism, supported by VLC-derived data on vehicle queues and lane occupancy. Unlike
conventional fixed timings, phase durations are adaptively adjusted according to real-time
traffic demand and downstream lane conditions. This approach underpins the SAPA
framework, designed to prevent link saturation and enhance intersection throughput.

In the case study involving five intersections, CO and C1, connected by a 400 m link,
illustrate the principle. For vehicle movements toward this segment (e.g., phases 5 and
6), the system assesses both the link occupancy (p) and the queue length (Q) at CO. When
p < 40%, the phase duration T is extended proportionally to Q, as expressed by:
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T— {Tbase + Tbase- Q.&cire, Pco—c1 < 40% (4)

Tpase ,  Pco—c1 > 40%

where Tp,se = 8 s and air represents the weight assigned to the dominant circular artery.
Minor phases receive only a reduced increment («o,, = 25%). Depending on local flow
patterns, intersections prioritize circular (a.ir.) or radial (a,,q) arteries—C0/C2 favoring
circular movements, C3/C4 radial ones, and C1 balancing both according to strategy.

When traffic transitions from a 400 m to a 200 m link, the occupancy threshold
decreases to 35%. If this limit is exceeded, the phase is constrained to Tjse, allowing
downstream clearance. The integration of neural-network-based phase selection with
SAPA-driven adaptive timing enables efficient, scalable, and congestion-resilient traffic
control across interconnected intersections.

During training, each neural network learns to interact with the environment under
a specific traffic generation scenario that reflects its assigned control strategy. To validate
their performance, the trained models, with and without SAPA module, are tested across
different strategies, with the initial analysis focusing on vehicle flow through the intersec-
tions of the test environment. This comparison highlights how each network adapts to
varying control logics.

A comparison of vehicle halting at each intersection for both networks under Network
is exemplify in Figure 19. This strategy establishes a balanced configuration between radial
and circular arteries, resulting in uniform activation of N-S and W-E phases. While this
equilibrium leads to higher vehicle accumulation—particularly at the critical intersection
Cl—it serves an important role within the broader coordination of the traffic cell network.

At the critical intersection C1, both networks operate as expected, though the difference
in performance is substantial. The SAPA-enabled network maintains an average queue of
around 20 vehicles, with brief peaks up to 40, while the fixed-duration network frequently
exceeds 40 vehicles and continues to accumulate over time. This improvement stems
from SAPA’s adaptive phase duration, which allows each activation to clear more vehicles
compared to the fixed 8 s phases, reducing total clearance time and congestion. Neighboring
intersections (C0, C2, C3, C4) remain stable, but vehicle counts are consistently lower in the
SAPA-enabled network, indicating enhanced flow efficiency.

For Strategy 1, both arterial directions should remain balanced, meaning that the
active phases in the N-S direction should correspond closely to those in the W-E direction.
Figure 20 illustrates the active phases executed by the agents at each intersection over time
for both neural networks under study.

The figure illustrates how the MARL-VLC framework dynamically allocates active
phases, highlighting differences in phase utilization patterns between the two network
topologies throughout the simulation. Overall, it can be observed that the dominant phases
are P1 (N-S), P5 (W-E), and P9 (pedestrian phase). A notable difference between the
two networks is that the weaker phases in the N-S direction (P2, P3, and P4) and W-E
direction (P6, P7, and P8) are less frequently activated in the SAPA network. These weaker
phases are largely replaced by pedestrian phase activations, which show an increase of over
20% in the SAPA network compared to the baseline. Nonetheless, both networks maintain
an approximately balanced activation between P1 and P5 at intersection C1.

Results has also shown that for outer traffic cells, Strategy 3 (favoring circular flow)
is more suitable, whereas proximity to the urban core demands stricter control to prevent
congestion. A progressive transition from Strategy 1 to Strategy 5 increases radial prioritiza-
tion, supporting smoother inbound movement. Conversely, for outbound flows, Strategy 4
emphasizes radial movement (e.g., S—N), followed by Strategy 1 for balance and Strategy
2 farther from the center to reestablish circular dominance. This hierarchical sequencing
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enables efficient redistribution of traffic and mitigates congestion. After evaluating all
five strategies, it can be concluded that the network integrating the SAPA module demon-
strated the most effective overall performance. By dynamically extending phase durations,
intersection throughput increased, improving mobility and reducing queue lengths. Across
all strategies, the critical intersection C1 consistently maintained smooth flow and avoided
vehicle congestion, thereby preserving the overall efficiency of the traffic network. These
improvements have direct sustainability implications: reduced congestion lowers fuel
consumption and CO; emissions, contributing to energy efficiency and environmental
protection. Additionally, smoother traffic flow enhances safety and reliability for all road
users, supporting social equity and more sustainable urban mobility.
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Figure 19. Comparison of vehicle halting over time at each intersection for Network 1, with and
without the SAPA module (adaptive MARL-VLC control vs. fixed-time control). The figure illustrates
how the SAPA-enabled strategy reduces vehicle stops and improves traffic flow across all intersections
compared to the fixed-time baseline.

5.7. Robustness, Sustainability and Scalability of the MARL-VLC Framework

The proposed MARL-VLC framework is designed to remain robust even when DRL
agents have only partial visibility of the traffic network. By leveraging Visible Light
Communication (VLC), intersections exchange high-fidelity, real-time information, enabling
agents to access critical state data from neighboring intersections. This integration allows
each agent to make informed, decentralized decisions despite limited local observations.



Sustainability 2025, 17, 10056

29 of 32

: I Strategy 1 with SAPA
50%
50.0 50
g
g mCO
-E mCl
& c2
g
o c3
- mC4
1 2 3 4 5 6 7 8 9
Phase
> s Strategy 1 Fixed Time
35.0 o
X 300
g 250 - CO
E 20.0
£ 150 =cl
9 100 2
O 50 s
0.0 wca
1 2 3 4 5 6 7 8 9
Phase

Figure 20. Percentage of active phases over the simulation time at each intersection for both networks
under Strategy 1.

The SAPA module further enhances robustness by considering link lengths and con-
gestion levels, dynamically adjusting signal phases and green times to minimize spillback
and maintain network fluidity. Simulation results demonstrate that the system effectively
manages queues, mitigates congestion, and preserves high intersection throughput under
partial, intermittent, or heterogeneous traffic conditions.

The framework’s scalability was evaluated under different ramp configurations and
varying traffic demands. Circular and radial ramp layouts consistently exhibited reductions
in queue lengths and improvements in intersection throughput, confirming that the adap-
tive phase selection and decentralized decision-making mechanisms can handle diverse
and complex network structures.

Importantly, the integration of MARL with VLC and the adaptive capabilities of the
SAPA module contribute to urban sustainability. By reducing vehicle stops, queues, and
congestion, the framework lowers fuel consumption and CO, emissions, improves energy
efficiency, and enhances pedestrian safety. These outcomes demonstrate that the proposed
system not only optimizes traffic performance but also supports environmentally friendly
and socially equitable urban mobility.
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6. Conclusions and Future Work

This study proposed a decentralized multi-agent reinforcement learning (MARL)
framework for adaptive traffic signal control, integrating deep reinforcement learning
(DRL) with visible light communication (VLC) to enable real-time, local decision-making
at intersections. Simulation results demonstrated that the SAPA-enabled network with
adaptive phase durations significantly outperformed fixed-time control, reducing vehi-
cle queues, improving throughput, and maintaining smoother traffic flow, particularly
at critical intersections. The integration of VLC proved crucial for high-fidelity inter-
agent communication, supporting dynamic phase adjustments, conflict resolution, and
robust performance under partial information. These improvements also promote ur-
ban sustainability by reducing energy consumption and CO, emissions while enhancing
pedestrian safety.

While the framework was primarily evaluated on standard intersections, it is con-
ceptually applicable to more complex layouts, including roundabouts, where the SAPA
module effectively minimizes spillback and maintains traffic flow. Some limitations re-
main, such as the need for scenario-specific tuning in highly non-standard intersections
or networks with highly dynamic demand. Moreover, the current evaluation relies on
simulation environments, which may not capture all real-world complexities, and assumes
ideal communication conditions without fully considering uncertainties in sensors or
environmental factors.

Future research will focus on deploying and testing the framework in real urban
intersections, extending it to larger, heterogeneous networks with multimodal traffic, and
exploring more complex traffic scenarios. Additional directions include investigating
advanced reinforcement learning techniques, enhancing robustness and scalability, and
integrating further VLC infrastructure and intelligent transportation technologies to enable
fully autonomous, self-optimizing, and adaptive traffic systems. Collectively, these efforts
aim to consolidate the MARL-VLC framework as a scalable, adaptive, and sustainable
solution for modern urban traffic management.
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