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Abstract: This study combines Visible Light Communication (VLC) and Artificial Intelligence (AI)
to enhance traffic signal control, reduce congestion, and improve safety, through real-time monitor-
ing and dynamic traffic management. Leveraging VLC technology, the system uses existing road
infrastructure to transmit live data on vehicle and pedestrian positions, speeds, and queues. AI
agents, employing Deep Reinforcement Learning (DRL), process this data to manage traffic flows
dynamically, applying anti-bottleneck and rerouting techniques to balance pedestrian and vehicle
waiting times. A centralized global agent coordinates the local agents controlling each intersection,
enabling indirect communication and data sharing to train a unified DRL model. This model makes
real-time adjustments to traffic light phases, utilizing a queue/request/response system for adap-
tive intersection management. Tested using simulations and real-world trials involving standard
and rerouting scenarios, the approach demonstrates significantly better performance in regard to
the rerouting configuration, reducing congestion and enhancing traffic flow and pedestrian safety.
Scalable and adaptable to various intersection types, including four-way, T-intersections, and round-
abouts, the system’s efficacy is validated using the SUMO urban mobility simulator, resulting in
notable reductions to travel and waiting times for both vehicles and pedestrians.

Keywords: visible light communication (VLC); deep reinforcement learning (DRL); traffic signal opti-
mization; connected vehicles (CVs); multi-agent systems; urban traffic management; queue/request/
response methodology; traffic flow simulation

1. Introduction

Urban traffic management is constrained by increasing vehicle and pedestrian volumes,
resulting in congestion, delays, and increased safety risks [1]. With the expansion of road
infrastructure no longer a viable option, optimizing traffic flow at intersections has become
critical [2]. Adaptive traffic signal control systems, which utilize real-time data, such as data
on traffic flows and vehicle queues, provide a promising solution to alleviate congestion
and improve the overall efficiency of such systems.

Intersections, key nodes in road networks, frequently become bottlenecks, highlighting
the need for intelligent signal control to enhance traffic flow. Advances in technology,
especially Deep Reinforcement Learning (DRL), have proven effective in dynamically
optimizing traffic signals for vehicles and pedestrians [3,4]. Optimizing traffic flows across
multiple intersections is challenging due to the varying conditions involved and the need
for information sharing. As intersections are major bottlenecks, intelligent signal control is
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vital to reduce congestion. While DRL has shown promise in dynamically managing traffic
signals, its application in regard to complex road networks remains difficult. This study
addresses these challenges, by integrating DRL with connected vehicle technologies and
Visible Light Communication (VLC) to improve traffic management efficiency.

Connected vehicles (CVs) present significant potential in regard to traffic management,
by leveraging advanced communication technologies to share real-time traffic and safety
information with other vehicles and infrastructure. This connected environment enhances
road safety, comfort, and efficiency, enabling the improved optimization of both vehicular
and pedestrian flows.

Visible Light Communication (VLC) is another innovative solution that can comple-
ment CV technologies to optimize traffic management [5,6]. VLC utilizes the intensity
modulation of Light Emitting Diodes (LEDs), widely present in streetlights, traffic signals,
and vehicle headlights, to enable seamless data communication within existing infrastruc-
ture. This dual-purpose of LEDs, for both illumination and communication, positions
VLC as a key enabler in optimizing traffic signals and vehicle trajectories at urban intersec-
tions [7,8]. By leveraging LED technology in both road infrastructure and vehicles, VLC
paves the way for smarter, more efficient traffic management.

“How can Deep Reinforcement Learning (DRL) be effectively applied to optimize traffic
signal control and vehicle trajectories at urban intersections, leveraging connected vehicle
technologies and Visible Light Communication (VLC) to enhance coordination and reduce
traffic congestion?”

This question addresses the core focus of applying DRL in regard to vehicular com-
munication, specifically to optimize traffic control through the integration of emerging
technologies, such as VLC and CVs. By exploring these advanced technologies, this re-
search aims to demonstrate how they can improve traffic flow and intersection efficiency in
real-world scenarios.

This paper is organized as follows: After the introduction, Section 2 provides an
overview of the complexities and challenges in regard to managing traffic at arterial in-
tersections, focusing on issues such as congestion, signal coordination, and safety. It also
discusses the integration of Vehicular Visible Light Communication (V-VLC) for innova-
tive traffic solutions and explains how Reinforcement Learning (RL) can be applied for
adaptive, real-time traffic signal control to optimize traffic flows and reduce delays. Sec-
tion 3 examines the specifics of traffic control in regard to multi-intersection networks,
detailing the key components and operational mechanisms. Section 4 introduces a model
for traffic signal control, incorporating machine learning techniques and dynamic traffic
management. Section 5 presents the simulation results, evaluating the effectiveness of
the proposed neural network models in regard to various traffic scenarios. Finally, the
conclusion in Section 6 summarizes the key findings, outlines the study’s limitations, and
suggests potential directions for future research.

2. Background and Literature Review
2.1. Urban Traffic Management and the Challenges

Urban traffic management faces growing challenges from congestion, delays, and
safety risks. As cities grow, increasing vehicle volumes strain road networks, particularly
during peak hours, with intersections often becoming critical bottlenecks. Factors, such as
limited infrastructure, accidents, and outdated traffic signals, worsen the situation, leading
to prolonged delays. Moreover, conflicts between pedestrians, cyclists, public transport,
and vehicles in shared spaces, further hinder traffic flows in densely populated areas [9].

Traffic delays are heavily linked to congestion, often worsened by static traffic signals
that fail to adapt to real-time conditions, causing unnecessary waiting, even on clear roads.
During peak hours, road capacity is frequently exceeded, leading to long waiting times and
slow travel speeds. A key issue is the lack of communication between adjacent intersections,
which hinders traffic signal synchronization and further disrupts vehicle flows.
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Traditional traffic management methods, like road expansion and static signals, are
limited in regard to their ability to address the complexity of modern urban traffic, as they
are reactive, inflexible, and lack sustainability. Emerging technologies [10], such as adaptive
traffic control systems, connected vehicles, and intelligent communication systems, offer
more effective solutions. However, the current algorithms largely prioritize vehicular
traffic, while neglecting pedestrian and cyclist dynamics at intersections. To bridge this
gap, reinforcement learning-based traffic control systems must integrate pedestrian con-
siderations. The challenges include managing two-way pedestrian flows on sidewalks,
disparities in movement patterns between pedestrians and vehicles, and balancing safety
with efficiency [11].

In multi-intersection scenarios, a single-agent approach for traffic light control strug-
gles with scalability, leading to the exploration of collaborative mechanisms. The proposed
adaptive traffic control strategy aims to respond to real-time traffic demand in V2X envi-
ronments, utilizing detailed data for improved control and safety functionalities.

Researchers have explored collaborative mechanisms to address this challenge [12–15],
incorporating factors such as queue length in neighboring intersections and modeling
relationships between these intersections. These efforts aim to achieve a balance between
scalability and efficiency in multi-intersection scenarios, acknowledging the need for a
more nuanced approach to optimize traffic control. Our adaptive traffic control strategy
aims to respond to real-time traffic demand through current and predicted future traffic
flow data modeling. Compared with the traffic flow and occupancy information provided
by a fixed coil detector in the traditional traffic environment, the adaptive traffic control
system in the V2X environment can collect more detailed data, such as on the vehicle
position, speed, queuing length, and stopping time [16]. While Vehicle-to-Vehicle (V2V)
links are particularly important for safety functionalities, such as pre-crash sensing and
forward collision warnings, Infrastructure-to-Vehicle/Pedestrian (I2V/P) links provide
CVs and pedestrians with a variety of useful information.

2.2. Innovative Solutions: V-VLC Integration

Emerging solutions, such as adaptive traffic signal control (ATSC) systems [17], con-
nected vehicles (CVs) [18], and reinforcement learning (RL) algorithms, provide dynamic,
real-time traffic management by adapting to fluctuating patterns, reducing delays, and
enhancing safety. ATSC uses sensor data to optimize signal timings, while CVs and au-
tonomous vehicles (CAVs) enable advancements, like vehicle speed guidance, to minimize
queues and delays. However, implementing these technologies faces challenges, including
ensuring seamless integration across different systems and requiring substantial invest-
ments in infrastructure, hardware, and software for large-scale deployments.

Advancements in wireless communication and V2V and V2I systems offer oppor-
tunities to optimize urban traffic networks by integrating traffic signal control systems
with driving behaviors [19]. This paper presents a novel approach that combines VLC
localization services with learning-based traffic signal control to achieve comprehensive
management of both pedestrian and vehicular traffic. The goal is to reduce waiting times
and improve overall traffic safety in multi-intersection scenarios.

To develop an intelligent control system model that facilitates safe vehicle manage-
ment through intersections using V2V, V/P2I, and I2V/P communications, RL concepts
are utilized. RL is a training method that involves rewarding desired behaviors and/or
punishing undesired ones [20]. To assess the effectiveness of the proposed V-VLC system
in multi-intersection scenarios, we utilize a simulator, the Simulation of Urban MObility
(SUMO) [21], which involves simulations that are agent based. As the agent gains experi-
ence, it learns to avoid negative situations and focus on positive ones. The traffic lights in
the SUMO are controlled by the learning agent, based on its decisions, and the overall flow
of traffic is described, while rewarding the actions of the traffic light control agent. The
agent’s goal is to explore new states, while maximizing the total rewards, to develop the
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best possible policy. A dynamic phase diagram and a matrix of states, based on the total
accumulated time, are presented to illustrate the concept.

2.3. Connected Vehicles (CVs) and Visible Light Communication (VLC)

CV technology is transforming urban traffic management by enabling communication
between vehicles (V2V) and with infrastructure (V2I). This allows for real-time data ex-
change, such as data on the vehicle speed, location, and road conditions, improving traffic
flow, safety, and reducing accidents. CV technology is essential for smart traffic systems
that aim to optimize road usage and minimize congestion.

Similarly, VLC is emerging as an innovative solution for traffic management. By
modulating the intensity of LED lights, which are commonly used in streetlights and traffic
signals, VLC can transmit data, while still serving its primary purpose of illumination.
This dual-purpose technology integrates easily into existing urban infrastructure, turning
everyday light sources into communication devices.

VLC enhances traffic flow by enabling real-time communication between vehicles
and traffic control systems. Its high-speed, localized communication can provide precise,
up-to-the-second information to optimize traffic signals, reduce delays, and improve safety.
The V-VLC system, featuring a mesh cellular hybrid structure, uses two controllers: a
“mesh” controller of streetlights to relay messages to vehicles and a “mesh/cellular” hybrid
controller of traffic lights for edge computing [22,23]. In an outdoor environment, various
challenges arise. There can be different weather changes, such as rain, fog, snow, and inter-
ference from solar or artefactual lights. With the evolution of photodetectors, light filters,
signal emitters, and LEDs, many of these obstacles are overcome and there is no major
interference in the communication taking place. In extreme cases, where communication
via VLC is not feasible, it is guaranteed via RF, as both technologies complement each other.

The system consists of a transmitter generating modulated light and a PIN–PIN based
receiver detecting light variations, both of which are wirelessly connected. In Figure 1b, the
emitter and receivers’ relative position and an illustration of the coverage map, with the
footprint regions in the unit cell (#1–#9) and the steering angles δ, are presented as a draft.
LED-produced light is modulated using ON–OFF keying (OOK) amplitude modulation.
Square unit cells in the environment feature tetra-chromatic white light (WLED) sources at
cell corners. The white WLED sources consist of red (R: 626 nm), green (G: 530 nm), blue (B:
470 nm), and violet (V: 390 nm) chips, and combine the lights in the correct proportion to
generate white light [24]. Each of the RGBV signals that are sent has a wavelength calibrated
amplitude that defines it. Since each VLC infrastructure has four independent emitters,
the optical signal generated by the receiver can have one, two (#3, #5, #7, #9), three (#2, #4,
#6, #8), or even four (#1) optical excitations, resulting in 24 different optical combinations
and 16 different photocurrent levels at the photodetector. Filtering is accomplished using
a PIN–PIN demultiplexer [22]. The PIN–PIN demultiplexer plays a crucial role in the
decoding process, ensuring the accurate retrieval of the original message. It receives the
combined OOK signals and, armed with prior knowledge on the calibrated amplitudes,
decodes the sent message [25].

The proposed architecture enables Infrastructure-to-Cloud communication (I2IM)
through embedded computing platforms for processing and sensor interfacing. It also
facilitates peer-to-peer communication (V2V) among vehicles, enhancing data sharing.
Streetlights serve as geo-transmitters, strategically placed 20 m apart. This arrangement
ensures that the streetlights form a square configuration, which is essential for accurately
identifying and illuminating the footprints within the target area. While the general
guideline suggests a minimum distance of 30 m, the selected spacing was optimized to
align with the geometric requirements and objectives of the study. Each LED transmitter
emits I2V messages, including synchronization, physical ID, and traffic information. Upon
entering a streetlight’s capture range, a unique ID (qi(x,y,t)) is assigned to probe vehicles or
pedestrians, along with relevant traffic information.
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Figure 1. (a) A 2D representation of the V-VLC architecture. (b) V-VLC emitter and receivers’ relative
position and an illustration of the coverage map, with the footprint regions in the unit cell (#1–#9)
and the steering angle codes (2–9) [22].

The system employs queue/request/response mechanisms and temporal/space rela-
tive pose concepts to manage a vehicle’s passage through the intersections. Approaching an
intersection triggers a crossing request (V/P2I) from the vehicle or pedestrian. The traffic
signal responds with an acknowledgment (I2V/P) and the vehicle must follow specified
occupancy trajectories denoted as footprint regions (Figure 1b). Caution is exercised if a
potential collision risk exists, delaying the response until it is mitigated.

The vehicle speed is calculated using transmitter IDs for tracking as qi(x,y,t) and mesh
nodes estimate indirect V2V relative poses (qij(t)) in scenarios with multiple neighboring
vehicles [26]. Requests include positions, directions, and speeds, with leader–follower
information aiding subsequent V2I request confirmations. Delays are determined by
observing the number of vehicles queuing in each cell at the beginning and end of the green
time through V2V2I, as shown in Figure 1a.

The integration of VLC enables direct monitoring among pedestrians, vehicles, and
infrastructure, focusing on critical aspects, such as queue formation and pedestrian density,
to enhance road safety. P2I2P communication enables travel time calculations, while
real-time data on the speed of traffic and waiting times are analyzed using transmitter
tracking IDs.
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3. Traffic Signal Control at Multi-Intersection Networks

Arterial traffic signal control refers to managing intersections formed by the crossing of
two or more main roads, either radial or circular in design. The layout and spacing between
intersections vary depending on the traffic volume, road capacity, and network design.
Each approach at an intersection comprises multiple lanes to accommodate different vehicle
movements, such as left turns, right turns, and through traffic. These intersections are
governed by standard traffic rules, with priority movements determined by the traffic
signals in place.

3.1. Traffic Scenario and Phase Diagram

The traffic scenario analyzed in this study is depicted in Figure 2a. It includes three
uniform 4-arm junctions, spaced at varying distances. The lane between junctions C0
and C1 is 400 m long, while the lane between C1 and C2 is only 200 m long. Figure 2b
presents the simulated environment for each four-legged intersection, showcasing the
optical infrastructure (Xij), the generated footprints (#1–#9), and the interactions between
connected vehicles and pedestrians. The streetlights along the lanes, denoted as Xi,j, are
identified by integers that follow the opposite direction of traffic (N, S, E, W), starting from
streetlight 0 at the required signalized intersection and extending, in line, towards streetlights
K, L, M, and N at the neighboring junction.
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Each arm of the junction features two lanes: one designated solely for left turns and
the other allowing vehicles to either continue straight or turn right. Using VLC, as shown
in Figure 1, the vehicle gathers information about the footprint regions along the junctions,
their respective lanes, and the surroundings. This data helps the vehicle determine the
appropriate lane for its intended route. Once correctly positioned, the vehicle communicates
with the Intersection Manager (IM) via V2I technology to signal its intention to proceed in
the specified direction. Additionally, the environment includes sidewalks for pedestrian
movement, with designated waiting zones at each intersection. These zones serve as safe
waiting areas for pedestrians until their crossing phase is activated, allowing them to safely
use the zebra crossings.

For vehicles, there is a north–south phase, where they can either proceed straight
forwards or turn right, followed by a phase where vehicles coming from the north can
cross the intersection in all directions, and another phase where vehicles from the south can
do the same. Additionally, there is a phase where vehicles traveling from both the north
and south can only turn left. The same phase structure applies to the east–west direction.
Pedestrians have an exclusive phase during which all vehicle traffic lights are red, allowing
them to cross the intersection safely without any interference from vehicles. This exclusive
phase ensures pedestrian safety by preventing any crossover between pedestrians and
vehicles at crossings.

The signal timing is determined by factors such as traffic demand, intersection layout,
and traffic management objectives (e.g., minimizing delays, maximizing traffic flow). Traffic
signals typically operate in phases, with green lights allowing movement in one direction,
while red lights restrict conflicting movements. In this study, we designed eight vehicle
signal phases and one exclusive pedestrian phase for each intersection, as illustrated in
Figure 3b.
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A traffic control system consisting of sixteen traffic lights (TLs) has been implemented
to manage the flow of vehicles approaching the intersections. These traffic lights are
numbered (TL 0–15), as shown in Figure 3a, which also displays the numbering of the lanes
(L 0–7), which is consistent across all three junctions. These sixteen traffic lights enable
the implementation of traffic phases to regulate the flow of vehicles and pedestrians, as
illustrated in Figure 3b.

The main challenge in controlling traffic across multiple intersections is the coordina-
tion required to manage the varying traffic conditions between intersections. The target
roads between intersections vary in regard to their distance, making it crucial to synchro-
nize traffic signals based on the traffic volume, vehicle movements, and road capacity.
Without proper coordination, localized traffic signal control can lead to inefficiencies, like
congestion or increased waiting times, especially when multiple intersections interact
closely in an arterial network.

3.2. Integration of VLC and CV Technologies

The communication protocol defines the structure and rules governing the exchange of
information. It includes specifications for the synchronization, identification, and payload
portions of the transmitted frame. The communication protocol is presented in Table 1.

Table 1. Message protocol defined for each of the V-VLC communications.

SOF
5 bits

TIME
6+6+6 bits

Flag
3 bits

COM
4 bits POSITION

4+4 bits

PAYLOAD
4+4+4+4+4+4 bits

L2D Sync Hour Min Sec END 1 y x 0000+0000 EOF

V2V Sync Hour Min Sec END 2 y x Lane
(0–7)

Device
(nr)

Device
IDy

Device
IDx

Nr.
behind . . .. EOF

V2I Sync Hour Min Sec END 3 y x TL
(0–15)

Device
(nr).

Device
IDy

Device
IDx

Nr.
behind . . ... EOF

I2V Sync Hour Min Sec END 4 y x TL
(0–15)

Device
ID

Device
IDy

Device
IDx

Nr.
behind . . .. EOF

P2I Sync Hour Min Sec END 5 y x TL
(0–15)

N, S,
E, W. . . .. . . EOF

I2P Sync Hour Min Sec END 6 y x TL
(0–15) Phase . . .. . .. EOF

The communication protocol starts with a frame structure that begins with a 5-bit
synchronization block (Sync) represented by the pattern [10101]. This block is used to
synchronize the receivers and marks the start of a new frame (SOF). Next, the timeline
information is provided in the TIME block, consisting of a 12-bit sequence (6 + 6 + 6) that
encodes the hour, minute, and second. After this, a flag with the pattern [1111] alerts the
decoder to expect specific ID blocks. All are 4-bit blocks beginning with the communication
type (COM), which specifies the type of communication between the streetlights (L),
vehicles (V), pedestrians (P), and infrastructure (I). Next comes the localization of the
transmitters, defined by y and x coordinates and, depending on the communication type,
the frame also includes details about the occupied lane (Lane 0–7), the traffic light signals
requested (TL 0–15), the number of vehicles behind the leader (Veic. nr), the ID assigned
by the Intersection Manager (ID) to acknowledge vehicle messages, the cardinal direction
(Direct.), and the active phase (Phase), all provided by the infrastructure through either a
“request” or “response” message at the intersection.

For traffic-related messages, these blocks carry vehicle information, such as y and x
coordinates, the position of the cars behind the leader (CarIDy, CarIDx, and the number
of following vehicles), as well as traffic-related data (Payload), like the road conditions,
average waiting times, and weather information. The frame concludes with a 4-bit End of
Frame (EoF) block, represented by the pattern [0000], which signals the end of the frame.

In Figure 4, the first moments to be studied for both the vehicle and the pedestrian
are pointed out. The highlighted car is coming from the north, heading towards C0, and is
waiting for its phase to be active, so it can turn left. At this moment, various VLCs will be
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studied, including V2V, V2I, and I2V. In C0, the pedestrians in the designated waiting area
are waiting for the pedestrian phase to be activated. During this time, P2I communications
are established, where a request to cross is made, and I2P serves as the IM’s response.
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Figure 5a and Figure 5b demonstrate the MUX signal and the decoded messages
between the vehicles or the pedestrians and the traffic lights, respectively.

In Figure 5a, for the V2V communication (COM: 2), the vehicle behind the target car
communicates with the one in front, providing its position as G5,1, R5,10, V4,0, the lane it is in
(Lane: 2), the number of vehicles following it (in this case, none), the time of communication
(11:18:30), and, as there are no cars behind it, it does not transmit anything in these blocks
to the car in front. After receiving this communication, the leader then makes a request to
the IM through V2I. It provides its position as G5,1, R5,10, V4,0, the traffic light to which the
request is being made (TL: 2), the number of vehicles following it (Veic. (nr): 1), the time of
the communication (TIME: 11:18:31), the car identifier (y, x: G5,1), and the number of cars
behind the follower, which is currently 0. Next, the I2V communication occurs, where the
leader receives a response with the same information at 11:18:32, indicating that the active
phase is 4 (W > E). After the N > S Left phase is activated, the cars move toward the C1
intersection, where they are currently lined up waiting.

In Figure 5b, for the P2I communication, the pedestrian’s position (y, x: G3,0 V2,10) is
transmitted, along with the traffic light (TL: 14), the intended direction (in this case, east,
indicated as 3), and the communication time of 15:35:20. For the I2P response from the IM,
the position, G3,0 V2,10, and traffic light (TL: 14), the currently active phase (in this case, NS
Left, phase 3), and the communication time of 15:35:21 are sent. After crossing intersection
C0, the pedestrian eventually reaches another waiting area, this time at intersection C1,
where P2I and I2P communications are established again.

Here, for P2I, the pedestrian’s position G3,0 V2,10 is transmitted, along with TL 14,
the intended direction (east, 3), and the communication time of 15:40:47, which are also
assigned. For the I2P response from the IM, its ID (G3,0 V2,10, TL 14), the currently active
phase (WE, phase 4), and the communication time of 15:40:48 are sent. After crossing
intersection C1, the pedestrian reaches C2, where, after some time, they may wish to cross
again, in the same or in another direction (PC2). Finally, for 2V, the last P2I C2 and I2P C2
messages are exchanged.
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Figure 5. Normalized MUX signal responses and the corresponding decoded messages, displayed
at the top, sent by the IM to: (a) the vehicles. (b) pedestrians waiting at the corners (I2P1,2) for
various frame times. On the right-hand side, the analyzed communication type is displayed to assist
visual interpretation.

The results show that it is possible to use VLC to detail the flow of Vehicle-to-Infrastructure,
Vehicle-to-Vehicle, Pedestrian-to-Infrastructure, and Infrastructure-to-Pedestrian communi-
cations at various intersections, illustrating a structured communication framework for
coordinating traffic and pedestrian movement, as follows:

1. V2V and V2I communication: Vehicles communicate both with one another and with
the infrastructure to relay information on vehicle positioning, traffic light phases, and
vehicle status. This data exchange helps vehicles align their movements with active
traffic phases, ensuring a coordinated flow;

2. P2I and I2P communication: Pedestrians participate in a similar communication cycle,
requesting to cross intersections and receiving confirmations. The infrastructure
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responds based on the active traffic phase, managing pedestrian crossings in harmony
with vehicular phases, to improve safety and efficiency;

3. Traffic flow and phase coordination: Each intersection has specific phases (Figure 3) to
control pedestrian and vehicle movements. By synchronizing these phases across
multiple intersections (C0, C1, C2), the system can handle complex flows and enhance
safety, preventing conflicts between vehicles and pedestrians.

Overall, the V-VLC protocols provide a structured way for traffic management sys-
tems to coordinate and streamline both pedestrian and vehicle movements, which can be
particularly beneficial in densely populated or high-traffic areas. The approach leverages
real-time data to reduce delays, improve safety, and optimize intersection efficiency.

3.3. DRL Framework for Traffic Signal Control

To manage the data collected via VLC, a system is needed to intelligently control
traffic and respond to vehicle maneuvering requests in real-time [27–29]. For this, a Multi-
agent Reinforcement Learning (MARL) system is implemented. A scenario with three
connected four-arm intersections, each with two lanes in both directions, is considered
(Figure 2a). Each intersection is controlled by an agent that maps the surrounding environ-
ment, acquiring information about vehicles and pedestrians. Communication between the
infrastructure and vehicles enables a cooperative information-sharing environment. The
traffic data collected by the three agents is stored and used to train a single network that
controls the entire environment by selecting the best phase for each intersection.

A Deep-Q network (DQN) is used, trained using the deep Q-Learning technique. The
Q-value represents the expected cumulative reward of taking a certain action in a state and
following the optimal policy thereafter. In traditional Q-Learning, the Q-value for each
state–action pair is stored in a look-up table, known as tabular Q-Learning. This method
guarantees convergence between infinite visits and state–action pairs, but it is only effective
for small-scale problems. For large-scale, continuous state–action spaces, deep Q-Learning
networks are used, where a neural network predicts the Q-values based on the input state.
Figure 6 illustrates how the intelligent system works during a simulation and training.

At each time step t, the network receives a state input st, based on the observation of
the environment by the agent and then executes an action at, which transforms the state
observed to the next state, st+1. Then, the reward, rt, a metric that defines how good the
action was for the environment, is calculated. The reward used considers both vehicle
and pedestrian waiting times, as can be seen in Equation (1). Moreover, wtveh,t/wtped,t is
the amount of time in seconds a vehicle or a pedestrian has a speed of less than 0.1 m/s
at t, since they arrive in the environment. Additionally, n represents the total number of
vehicles/pedestrians in the environment at t. With this metric, the values of atwtt do not
reset, until the vehicle or pedestrian crosses the intersection.

atwtveh,t =
n

∑
veh=1

wt(veh,t) atwtped, t =
n

∑
ped=1

wt(ped,t) (1)

The final reward equation, rt, is defined in Equation (2); where atwtt and atwtt−1 are
the accumulated total waiting time of all the cars/pedestrians in the intersection captured,
respectively, at t and t − 1. The weights of pveh and pped are set based on the desired priority
that the agent should have in terms of the vehicles and pedestrians during network training.
The agent will learn a policy that benefits one more than the other, or will keep the system
balanced, if the weights are equal.
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rt = pveh(atwtveh,t−1 − atwtveh,t) + pped

(
atwtped, t−1 − atwtped,t

)
(2)

This experience ex = (st, at,rt,st+1) will be stored in the replay memory, to be used in the
future to train the agent. The replay memory is a dataset of an agent’s experiences Dt = (e1,
e2, . . ., et), which are gathered when the agent interacts with the environment as time goes
by (t = 1, 2. . ., n). During training, a mini batch of random samples are chosen. This random
selection of samples breaks the temporal correlation between consecutive samples. If the
agent learned only from consecutive samples of experiences, as they occurred sequentially
in the environment, the samples would be highly correlated and would, therefore, lead to
inefficient learning. The replay memory buffer is filled up to a specific frame length and
when it is full, old experiences are overwritten by new ones.

The neural network architecture implemented consists of a fully connected layer
network (FCLN) and the weights θk in the FCLN are used to approximate the Q-values,
Q(s, a; θk). The first layer of the network is the input layer, formed by an input layer of
164 neurons, representing the state of the environment. Following this, there are five hidden
layers, each one with 400 neurons, each with a rectified linear unit (ReLU), an activation
function commonly used in deep neural networks, with the ability to introduce non-
linearity into the network, allowing the NN to learn complex patterns and representations
from the data. Finally comes the output layer, with nine neurons, according to which each
one will display the Q-values for each action. The next action that the agent will choose is
determined by the maximum Q-value output.
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To improve this prediction in terms of the Q-values, a Mean Squared Error function is
used, which is a mathematical function that quantifies the difference between the predicted
Q-values and the target Q-values, as is seen in Equation (1).

MSE Loss =
1
N

N

∑
i=1

(
Qtarget − Qpred

)2
(3)

where N is the number of samples in the memory, 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. At certain intervals between epochs, episodes that are used to train the main
network, the weights of this network are copied to the secondary network, bringing greater
stability to the training process. The Qtarget values are calculated based on Equation (2).
Where rt is the reward obtained and γ is a discount factor applied to the maxQtarget value,
lowering the importance of the future reward compared to the immediate reward.

Qtarget = rt + y.maxQtarget(st+1,a) (4)

The MSE loss function calculates the squared difference between the predicted and
target values. The goal during training is to minimize this loss, improving the predictions
and making the agent’s decisions more accurate. The network adjusts the weights of the
neurons to approximate the Q-value closer to the target Q-value, with the loss decreasing
as the model improves its predictions.

The network is evaluated based on the decisions made, such as the average number
of cars in queues. The results show that it can manage traffic at intersections, but without
information exchange between agents about lane occupancy, vehicle queues can increase.
As traffic environments grow more complex, communication between agents becomes
crucial. In simpler scenarios, where vehicles only need to wait at a single intersection,
phase control is straightforward. However, with multiple junctions, vehicles may not
leave the environment, but rather move to another intersection, making coordination and
information exchange between agents more important. In cases where intersections are
close or traffic increases during rush hour, effective communication between agents can
help avoid long queues and waiting times by adjusting phase activation strategies based
on both local and neighboring conditions.

4. Proposed Approach and Methodology

Different DRL methods can be used, depending on the traffic scenario. For multiple inter-
sections, these methods are classified into centralized and decentralized control approaches.

4.1. Multi-Agent Reinforcement Learning (MARL) Systems

In this case, the implemented method is centralized, as shown in Figure 7, which
depicts the algorithm used. Although there is no direct communication between agents,
it is assumed that they communicate indirectly by sharing their experiences. Our work
has explored different types of junctions, starting with one [23], then evolving to two [21],
and now three, where we have closely examined the behavior and dynamics of various
traffic scenarios. Since the junctions are homogeneous, the similar experiences observed by
each agent at every junction can be used to train a shared neural network. This network
then acts as a global agent that makes decisions and determines the actions to take. So
far, this approach has proven effective in managing both pedestrian and vehicle traffic.
However, there are occasional peaks in queue occupancy at the junctions. High numbers
of cars waiting can put pressure on junctions, disrupting smooth traffic flow. The global
agent makes decisions based on individual junctions, without considering the queue states
at neighboring junctions.



Vehicles 2024, 6 2119

Vehicles 2024, 6, FOR PEER REVIEW 15 
 

 

In this case, the implemented method is centralized, as shown in Figure 7, which 

depicts the algorithm used. Although there is no direct communication between agents, it 

is assumed that they communicate indirectly by sharing their experiences. Our work has 

explored different types of junctions, starting with one [23], then evolving to two [21], and 

now three, where we have closely examined the behavior and dynamics of various traffic 

scenarios. Since the junctions are homogeneous, the similar experiences observed by each 

agent at every junction can be used to train a shared neural network. This network then 

acts as a global agent that makes decisions and determines the actions to take. So far, this 

approach has proven effective in managing both pedestrian and vehicle traffic. However, 

there are occasional peaks in queue occupancy at the junctions. High numbers of cars 

waiting can put pressure on junctions, disrupting smooth traffic flow. The global agent 

makes decisions based on individual junctions, without considering the queue states at 

neighboring junctions. 

 

Figure 7. A schematic diagram of the algorithm employed, using centralized MARL. 

Based on the study across various scenarios, we gained insights into traffic queuing 

behavior and identified the capacity limits of each lane. To address the lack of direct 

communication between agents, we incorporated this prior knowledge into the network 

by establishing threshold values for the queues. This enables the global system to regulate 

traffic flows in critical sections, evaluating the volume of traffic that can be accommodated 

in each direction. 

In our work, we started with a typical arterial scenario, referred to as the “standard 

scenario,” where most vehicles (75%) travel straight forward and the remaining 25% turn 

right or left. However, when traffic demand exceeds the system’s capacity, due to 

incidents or heavy congestion, the system switches to an alternative strategy, the 

“rerouting scenario.” In this scenario, 75% of the vehicles are redirected to turn right or 

left, while only 25% proceed straight ahead. This strategy helps balance the traffic load 

when certain sections or chains of sections become congested. 

Although the neural network is trained centrally, traffic signal agents at each 

intersection locally implement the rerouting strategies. The system establishes congestion 

thresholds, which are used to adapt and optimize traffic flows at the intersections. This 

ensures efficient traffic management, even in high-demand conditions. 

Figure 7. A schematic diagram of the algorithm employed, using centralized MARL.

Based on the study across various scenarios, we gained insights into traffic queuing
behavior and identified the capacity limits of each lane. To address the lack of direct
communication between agents, we incorporated this prior knowledge into the network by
establishing threshold values for the queues. This enables the global system to regulate
traffic flows in critical sections, evaluating the volume of traffic that can be accommodated
in each direction.

In our work, we started with a typical arterial scenario, referred to as the “standard
scenario”, where most vehicles (75%) travel straight forward and the remaining 25% turn
right or left. However, when traffic demand exceeds the system’s capacity, due to incidents
or heavy congestion, the system switches to an alternative strategy, the “rerouting scenario”.
In this scenario, 75% of the vehicles are redirected to turn right or left, while only 25%
proceed straight ahead. This strategy helps balance the traffic load when certain sections or
chains of sections become congested.

Although the neural network is trained centrally, traffic signal agents at each inter-
section locally implement the rerouting strategies. The system establishes congestion
thresholds, which are used to adapt and optimize traffic flows at the intersections. This
ensures efficient traffic management, even in high-demand conditions.

4.2. Standard and Rerouting Traffic Scenarios

For the simulation environment, a three-connected four-arm intersection scenario,
with two lanes in both directions, is considered (Figure 2). Each one of these intersections
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is controlled by an agent that maps the environment around it in cells, acquiring different
information about the vehicles and pedestrians travelling through the intersection (Figure 5).
Each of the three intersections is divided into three layers that are made up of 164 cells. The
first layer is made up of 80 cells, 10 for each lane routing vehicles to the junction, indicating
their presence. If a vehicle is inside the cell, it is filled with ‘1’, otherwise it is filled with ‘0’.
The second layer, made up of the same number of cells, indicates the normalized speed of
the cars in each cell, if any are present. The third layer, made up of just four cells, represents
the waiting zones, indicating the number of pedestrians standing still, waiting for their
phase to become active. This representation state helps the agent to map the environment
around the intersection and ends up being very similar to the states observed via VLC, as
illustrated in Figure 8. In this case, the vehicles are identified over time by the lane they are
in and by the traffic light they are communicating with. Pedestrians, on the other hand, are
identified over time by the waiting zone they are in, as well as by the traffic light they are
communicating with.
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Two traffic scenarios are considered. A scenario where 75% of the vehicles go straight
ahead and the remaining 25% turn right or left, called the standard scenario. The second
scenario, with 75% of vehicles turning right or left and 25% going straight ahead, is called
the rerouting scenario.

These two scenarios address different traffic conditions: in the arterial scenario, most
vehicles move straight through the artery, while in the rerouting scenario, the focus shifts to
redistributing the traffic through turning. To improve traffic management in the rerouting
scenario, upstream anti-bottleneck and smart rerouting techniques are applied. These
methods adjust the intersection control in real-time based on current congestion levels,
dynamically assigning priority to alternative routes, using radial or circular driving strate-
gies. The aim is to observe the differences in the traffic environment caused by previously
acquired information on queues through studies involving extreme traffic scenarios that
are introduced into the network, defining threshold values for them.
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5. Results and Discussion
5.1. Network Training

To compare both scenarios, two neural networks were trained with a reward function
of 50/50, this being the weight for vehicles and pedestrians, respectively. The environment
simulated 2600 vehicles and 2000 pedestrians over 300 episodes, each lasting 3600 s. The
traffic environment was simulated in SUMO and the neural networks implemented with
the TensorFlow library. All the code involved was implemented in Python, in order to make
the connection between the neural networks and the environment. The training parameters
are detailed in Table 2.

Table 2. Training parameters.

Parameter Value

Number of episodes 300

Maximum steps 3600

Vehicles generated 2600

Pedestrians generated 2000

Hidden layers 400

Activation function ReLU

Width layers 400

Batch size 100

Learning rate 0.001

Training epochs 800

Memory size 50,000

Number of states 164

Number of actions 9

Gamma 0.75
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In order to analyze the results obtained, Figure 9a presents a cumulative negative
reward graph. A significant difference can be observed between the curves. As training
progresses, the cumulative negative reward curves gradually converge, indicating the
ability to learn and optimize the control strategies across the standard and rerouting
scenarios, stably. In terms of the rerouting scenario, the reward oscillations are smaller
compared to the standard scenario. Since a reward is determined by a 50% weighting in
terms of vehicle waiting times and a 50% weighting in terms of pedestrian waiting times,
the standard scenario consistently experienced greater pressure due to longer queues and
waiting times. This accounts for the oscillations in the graph, which were expected.

Figure 9b illustrates the average queue size during training for both scenarios.
Overall, both networks were well-trained, as the rewards became progressively less

negative over the episodes. The rerouting reward distribution becomes more consistent
than in the standard scenario, suggesting faster learning of optimal strategies and excellent
stability, exhibiting robust convergence and effectiveness.

The standard scenario clearly exhibits greater oscillation compared to the rerouting
scenario, as expected. This underscores the importance of queue limit awareness in the
rerouting scenario. By utilizing predefined threshold values, the system strategically
activates certain phases, prioritizing those that reduce pressure on neighboring junctions
and promote smoother traffic flows.

5.2. Network Testing

To test the trained networks, simulations were carried out for 3600 s with 2600 vehicles
and 2000 pedestrians. The evaluation metrics and comparison validate the optimized
performance of the proposed algorithm in terms of traffic safety and efficiency. Additionally,
standard and rerouting halting vehicles, and halting pedestrians, are considered to further
evaluate the optimization effects.

Figure 10a–c shows the halting vehicles at junctions C0, C1, and C2, respectively. In
the scenario with three junctions arranged horizontally, it was determined that C1 is the
critical junction. Positioned between C0 and C2, C1 receives traffic from both directions,
which puts it under significant pressure, increasing vehicle queues.

By incorporating threshold values related to queue lengths, the system becomes
more responsive to the level of congestion on critical roads, particularly those connecting
junctions C0/C1 and C1/C2. This results in rerouting vehicles that would otherwise
contribute to the congestion. For instance, vehicles coming from the west and heading east
at junction C0 are informed of the road conditions between C0 and C1 when they enter
the environment. If the number of vehicles on this road exceeds a set threshold, such as
25 cars (even though the 400 m road can hold more), vehicles at C0 will alter their route and
turn right instead. This rerouting reduces the queue at junction C0, as shown in Figure 10a.
Vehicles that change their route exit the environment by turning right, preventing them
from adding pressure on the next junction. This leaves space for new cars to enter, while
also avoiding situations where vehicles are stalled at a green light due to a lack of room to
move into the next congested lane.

Additionally, the system can manage congestion by activating phases that direct fewer
cars into critical lanes. For example, instead of activating the west–east straight phase,
which would funnel many cars into C1’s critical lane, the system could activate the north–
south straight phase, or even a pedestrian phase, if needed. This would allow the cars in
C1 to be cleared from the critical lane, creating space for incoming traffic. In Figure 10b,
a significant difference in the number of vehicles stopped at the C1 intersection can be
observed. Between approximately 800 and 2200 s, the standard scenario shows that the
intersection reaches high occupancy levels, indicating heavy congestion. In contrast, during
the same time interval, far fewer cars are stopped at C1 in the other scenario.
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Figure 10. Comparison of trends over time for vehicle halting sessions at intersections in standard
versus rerouting scenario: (a) intersection C0, (b) intersection C1, and (c) intersection C2.

As the critical intersection, C1 is situated between C0 and C2, the two main inter-
sections, and is connected to the two most important roads in the network. This makes
it crucial for C1 to exercise micro-control over the traffic passing through it, particularly
in relation to the length of the road between C0 and C1. With a length of 400 m, this
road has a high vehicle flow capacity. Without strict control, this could overwhelm the C2
intersection, as the road connecting C1 and C2 is only 200 m long, half the capacity of the
C0–C1 road, and has a defined limit of 10 cars. To prevent this, the system must implement
route changes or activate phases that reduce the number of vehicles on these roads.

On the other hand, vehicles traveling from C2 to C1 and heading toward C0 will find
it easier to move through the intersection, as they are transitioning from a shorter 200 m
road to the 400 m road, which has greater capacity. However, the system must still ensure
that the road’s limit of 25 cars is respected to maintain a smooth traffic flow.

In Figure 10c, the number of vehicles stopped at the C2 intersection is shown. Over
time, the rerouting scenario consistently presents fewer stopped vehicles compared to the
standard scenario, as anticipated and discussed earlier. This behavior is similar to what is
observed at the C0 intersection, though the management of C2 is slightly more critical due
to the route changes and phase activations involved.
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Compared to the high queue levels at C0, C1, and C2, the rerouting scenario reduces
the average traffic pressure by 66%, 50%, and 75%, respectively. This demonstrates that
rerouting significantly improves the efficiency of arterial roads and offers practical benefits.

The road connecting C2 to C1 is only 200 m long, which gives it half the vehicle flow
capacity of the other roads in the network. As a result, traffic at C2 must be carefully
managed to prevent C1 from becoming overly congested.

In Figure 11, the number of halted pedestrians at each intersection is displayed for
both the standard and rerouting scenarios. Comparing pedestrian traffic between these
scenarios, the rerouting scenario shows fewer pedestrians waiting in the designated areas.
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Figure 11. Comparison of trends over time for pedestrian halting sessions at intersections in standard
versus rerouting scenario: (a) intersection C0, (b) intersection C1, and (c) intersection C2.

The difference between the scenarios is most pronounced at intersections C0 and C2,
where the rerouting scenario more frequently utilizes the pedestrian phase, facilitating
smoother pedestrian flow through these junctions. Intersection C1, however, sees a higher
overall volume of pedestrians, resulting in a greater number of halted pedestrians compared
to C0 and C2. Nevertheless, even at C1, the rerouting scenario shows fewer pedestrians
waiting than the standard scenario.

While the rerouting scenario does not directly prioritize pedestrians, it has an indirect
positive effect: with fewer vehicles in queues, the intersections run more efficiently, allowing
more frequent activation of pedestrian phases.
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The pedestrian phase is crucial as it helps control vehicle flows and prevents excessive
traffic on critical roads connecting intersections. In this sense, pedestrians benefit from
the rerouting scenario. However, the overall reduction in pedestrian numbers is minimal
because, even when a pedestrian phase is active, it does not always mean that many
pedestrians will cross the intersection. This may be due to fewer pedestrians being present,
smaller groups, or pedestrians not yet arriving in the waiting zones.

The peaks in the halting sessions are linked to crossing moments. The size of these
peaks indicates the stress level and demonstrates a pedestrian’s reaction to connected
vehicles. Comparatively, smaller peaks are observed in the rerouting halting sessions,
while higher peaks are observed in standard halting sessions. Compared to the dramatic
pedestrian scenario, the rerouting scenario reduces the average pedestrian pressure by 25%
between 500 and 1000 s. This demonstrates that rerouting effectively alleviates pressure
during the critical period when both pedestrians and vehicles are at their peak waiting
times, reducing the risk of pedestrian run overs. By minimizing potential conflicts and
collisions, rerouting enhances the safety performance, emphasizing its importance for
traffic management.

5.3. Global Agent Decisions

Table 3 presents the overall percentages of the green times for intersections C0, C1,
and C2, over a training segment, for both scenarios. On the top, the nine possible phases
are presented as a draft.

Table 3. Global percentages of green times for C0, C1, and C2, for both the standard and rerouting
scenarios. On the top, the nine possible phases are presented as a draft for clarity.
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  C1 C2  C0 C1 C2 
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P2 P2 10% 6% P2 9% 5% 10% 

P3 P3 5% 9% P3 2% 6% 7% 

P4 P4 2% 4% P4 3% 1% 2% 

P5 P5 30% 22% P5 33% 32% 28% 

P6 P6 7% 19% P6 6% 12% 9% 
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Standard (% Green Time) Rerouting (% Green Time)
C1 C2 C0 C1 C2

P1 15% 13% P1 13% 17% 11%
P2 P2 10% 6% P2 9% 5% 10%
P3 P3 5% 9% P3 2% 6% 7%
P4 P4 2% 4% P4 3% 1% 2%
P5 P5 30% 22% P5 33% 32% 28%
P6 P6 7% 19% P6 6% 12% 9%
P7 P7 5% 4% P7 9% 9% 3%
P8 P8 10% 11% P8 7% 4% 8%
P9 P9 30% 22% P9 18% 14% 21%

The results show that the system prioritizes critical phases (P1, P5, and P9) in both
scenarios, adapting its strategy to reduce waiting times and improve traffic flows. In the
standard scenario, green times are predominantly allocated to the arterial direction (P5),
decreasing sharply from 37% at C0 to 20% at C2. This approach creates controlled traffic
flow bottlenecks across specific road sections or chains of sections, resulting in queue
build-ups at junctions C0, C1, and C2, as shown in Figure 10a–c. In contrast, the rerouting
scenario distributes green times more evenly, with P5 green times decreasing gradually
from 33% to 28%, supporting a smoother and more balanced traffic flow across the network.

In both scenarios, Figure 12a,b depicts the temporal trends of all the active actions
validated by the global agent at intersections C0, C1, and C2.
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Figure 12. Comparison of trends over time for the active phases (actions) at intersections C0, C1 and
C2. (a) Standard scenario. (b) Rerouting scenario.

The results show that the system diverges from a fixed phase sequence, characteris-
tic of dynamic traffic control systems (Figure 3b), by continuously adapting to real-time
traffic conditions. Crucially, pedestrian phases are only triggered upon pedestrian re-
quest, optimizing phase usage by prioritizing vehicular movements unless a pedestrian
need arises.

When comparing both scenarios, the allocated green times and phase sequences across
intersections vary over time. In the first 1500 s, green times for Phase 1 (N > S) and Phase
5 (E > W) at intersections C0 and C1 show marked differences from C2 in the standard
scenario. In the rerouting scenario, green times for Phase 1 in C0 and C1 nearly double,
while Phase 5’s green time in C2 also increases compared to the standard configuration.
Additionally, the rerouting scenario emphasizes phases 9 (pedestrians) and 8 (left turns),
reflecting a more pronounced prioritization of pedestrian and turning movements to
support smoother rerouting and congestion management.

Figure 13 illustrates the time-based trends for critical phases 5 and 1 across both
scenarios at intersections C0, C1, and C2. An inset is included to clarify the active phase
and scenario.
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Figure 13. Time-based comparison of active phases 5 and 1 at intersections C0, C1, and C2:
(a) standard scenario and (b) rerouting scenario. The phases and scenarios are shown in the insets.

This adaptive approach optimally manages both pedestrian and vehicle flows. Initially,
we began with a typical configuration of three junctions in a line: 75% of vehicles proceed
straight ahead and 25% turn right or left in both directions. However, when arterial traffic
demand surpasses system capacity, whether due to incidents or severe congestion, the
rerouting scenario is activated. In this scenario, traffic light coordination is dynamically
redesigned to adjust the vehicle distribution to 25% straight ahead and 75% turning. This
shift reroutes a larger proportion of the vehicles onto alternative paths, significantly alle-
viating congestion along the main artery and enhancing the overall traffic flow. Through
the rerouting mechanism, the system effectively reconfigures arterial coordination, reduces
congestion, and strategically diverts traffic to less congested routes.

In Figure 14a, a comparison of the green time trends across all the active phases at
intersections C0, C1, and C2 is displayed. Active phases are indicated at the top for clarity.

To reduce arterial congestion, the standard scenario increases the green times in P1 at
C0 and C2, in P2 at C1, and in P6 at C2. Meanwhile, the rerouting scenario redistributes
green time allocations to limit traffic on the arterial road. Pedestrian phase (P9) at C1 nearly
triples in the standard scenario, enhancing safe-crossing opportunities. As a result, queues
at C0, C1, and C2 are reduced, as shown in Figure 10a–c. The vehicles that are rerouted exit
the environment via right turns, preventing additional pressure at downstream junctions.
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This adaptive system effectively manages both vehicle and pedestrian traffic. For
vehicles, it minimizes critical queues, preventing congestion and relieving pressure at the
intersections. For pedestrians, consistently activated crossing phases ensure safe, efficient
movement through intersections.

Furthermore, the system activates the phases flexibly, without a fixed sequence, re-
sponding dynamically to real-time traffic patterns at each intersection. Overall, it accom-
modates 2600 vehicles and 2000 pedestrians, demonstrating strong adaptability to diverse
traffic conditions.
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Based on Figure 11, Table 3, references [22] and [24], and an evaluation of the key
performance metrics, such as the percentage increase in the number of vehicles successfully
passing through the intersections (Throughput Improvement), the percentage reduction
in vehicle queue lengths (Queue Size Reduction), and the adaptability to dynamic traffic
conditions, Table 4 provides comparative analysis of the traffic flow management methods.
The proposed method is compared to VLC Dynamic Coordination (Fixed Phases [24]) with
Intelligent Coordination ([22]) and Intelligent Coordination with Rerouting.

Table 4. Comparison of traffic flow performance metrics.

Coordination Method Throughput
Improvement (%)

Queue Size
Reduction (%)

Adaptability to
Traffic Variations

VLC Dynamic
(Fixed-Phase Cycles) [24] 10% 15%

Low
(static cycles

unsuitable for
variability)

VLC Intelligent
Coordination [22] 30% 35%

Medium (dynamic
adaptive phases and

timings)

VLC Intelligent
Coordination with

Rerouting (this work)
63% 54%

High (dynamic
adaptation and

rerouting)

The results highlight the following:

• The VLC Dynamic Coordination (Fixed-Phase Cycles) approach demonstrates limited
adaptability and minimal improvements, due to its reliance on predefined phase
timings;

• The Intelligent Coordination (Standard) approach shows substantial improvements by
integrating real-time traffic data to adjust signal phases dynamically;

• The Intelligent Coordination with Rerouting approach outperforms both methods, lever-
aging rerouting algorithms to enable vehicles to take optimized paths, significantly
reducing congestion and delays.

This analysis underscores the effectiveness of the proposed method in improving
traffic flow management and emphasizes its contribution to the field.

5.4. Impact of VLC and CV Integration: Challenges and Limitations

Integrating VLC real-time communication and rerouting into traffic management
improves system responsiveness, efficiency, and safety for road users. Rerouting enables
the dynamic synchronization of traffic signals across intersections, reducing stop-and-go
driving, easing congestion, and ensuring smoother traffic flow. By sharing real-time data,
the system anticipates queues and adjusts signal phases to minimize delays, benefiting
both vehicles and pedestrians. It redirects traffic away from congested areas, prevents
bottlenecks, and enhances pedestrian safety by coordinating crossings effectively.

However, rerouting effectiveness depends on fast, reliable data transmission. Com-
munication delays can disrupt synchronization, causing inefficiencies and safety risks.
Expanding the system to larger urban areas introduces scalability challenges, requiring
robust computing infrastructure to handle the increasing data load. Many cities rely on
outdated traffic control systems that may not fully support modern real-time technologies,
making integration costly and complex.

To address these challenges, investments in resilient infrastructure, strategic upgrades, and
efficient algorithms are essential for successful real-time, rerouting-based traffic management.
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6. Conclusions and Future Trends

This paper presents an in-depth study of arterial intelligent traffic management sys-
tems across multiple intersections, highlighting the synergy between VLC technology
and RL techniques to improve road safety and efficiency. Our work focuses on manag-
ing both vehicular and pedestrian traffic, with particular attention paid to optimizing
the often-overlooked pedestrian phase. By integrating V-VLC messages with intelligent
state representations, we developed dynamic traffic control models capable of efficiently
managing traffic across interconnected intersections.

Using extensive simulations with MARL and the SUMO simulator, we demonstrated
the effectiveness of our approach in optimizing traffic flow and reducing congestion. The
analysis incorporated key factors, such as vehicle and pedestrian volumes, velocities,
pedestrian clearance times, and waiting zone occupancy, essential elements for efficient
traffic management.

The MARL model proved to be adaptable to various traffic scenarios, underscoring
the importance of continuous learning in dynamic environments. Comparing the standard
and rerouting scenarios at intersections C0, C1, and C2, showed that rerouting reduced
the average traffic pressure by 66%, 50%, and 75%, respectively. These results highlight
rerouting’s ability to enhance arterial road efficiency and deliver practical benefits. Addi-
tionally, fewer stationary vehicles and shorter queues were observed when real-time traffic
information from agents was utilized, effectively alleviating the pressure on intersections.

This redistribution of traffic improves decision-making for phase activation, enabling
more frequent pedestrian phase activations when needed. Consequently, the overall flow of
both vehicles and pedestrians improves, fostering a more balanced and efficient environment.

The primary focus of this work was to establish the baseline performance of the
proposed system in standard conditions. This approach allowed us to evaluate its core
functionality and establish a foundation for future research. Future research will explore
the scalability and adaptability of our approaches across diverse urban settings and traffic
and weather conditions. Testing in varied environments, including those with differing
traffic volumes, road configurations, and pedestrian dynamics, will help refine and validate
these methods. However, we recognize the importance of assessing the system’s robustness
in diverse environmental conditions, and we plan to address this in subsequent studies.

By advancing these techniques, we aim to contribute to the development of intelli-
gent traffic management systems that address the complexities of urban mobility, while
prioritizing safety and efficiency.
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