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Abstract

Optimizing traffic flow remains a central objective in transportation research. With the continuous growth in
vehicle numbers, the limited scalability of existing infrastructure, and the inherently nonlinear, dynamic, and
stochastic nature of traffic systems, signal control at road junctions has become an increasingly complex control
challenge. Traditional signal control methods are predominantly rule-based, designed for deterministic
environments, and often fail to adapt to real-time traffic variations and unexpected disruptions. This study
proposes a distributed traffic signal control framework built upon a Machine Learning (ML) paradigm utilizing
Reinforcement Learning (RL). Owing to their non-model-based architecture and computational efficiency, RL-
based methods exhibit strong adaptability to changing traffic conditions and robustness against environmental
uncertainties. In the proposed system, each junction is independently managed by an autonomous learning
agent capable of interacting with its environment, refining its control policy over time, and making localized,
real-time decisions. Simulation results demonstrate the effectiveness of the proposed approach, with vehicle
queue lengths and average waiting times reduced by 35% to 66.4% on roads leading to the junctions, compared
to conventional rule-based systems. These findings highlight the potential of distributed, learning-enabled
control strategies in achieving scalable, adaptive, and efficient urban traffic management.
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1. Introduction

According to the latest reports from the World
Health Organization (WHO), approximately
1.35 million people worldwide lose their lives
in traffic accidents each year, [Ahmed, S. K.
et al., 2023]. This statistic highlights the
critical importance of improving driving
culture, vehicle safety, and road safety. Part of
this safety enhancement can be achieved
through the smartification of vehicles and
roads, [Rezaee, A., Safdari, A., & Fazli, M. J.,
2024]. Additionally, in recent decades, with
the significant increase in the number of
vehicles and transportation volume, urban
travel times have increased, [Rizwan, P.,
Suresh, K., & Babu, M. R., 2016]. The
slowing down of urban development arteries,
reduced social patience, excessive fuel
consumption, increased carbon dioxide levels,
and other environmental pollutants have
turned traffic into a socio-economic dilemma.
As a result, proper traffic management and
control have become critically important and
are now on the agendas of governments, [Ata,
A. et al.,, 2019], [Abbas, S. et al., 2022],
[Bokaba, T., Doorsamy, W., & Paul, B. S.,
2022].

Traffic lights are among the most familiar
tools in traffic control systems; they regulate
traffic flow and enhance vehicle safety at
junctions. Currently, most traffic control
systems rely on fixed and predefined rules that
are broadly applicable as regulations but are
less adaptable to local conditions and changes.
However, recent studies show that adopting
strategies that are real-time and responsive to
environmental changes can reduce waiting
times at traffic lights by 5 to 15 percent,
[Balaji, P. G., German, X., & Srinivasan, D.,
2010], [Alkhatib, A. A. A., et al., 2022]. For
this purpose, a fuzzy logic controller was first
used to manage an independent junction, [Liu,
Z., 2007]. In this fuzzy controller, a
macroscopic model was employed to simulate
queue lengths and calculate delays. The
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results showed that this control system
performed satisfactorily with respect to time
constants. With the development of the fuzzy
controller, a two-part fuzzy logic controller
was introduced to manage traffic flow at
junctions, [Qiao, J., Yang, N., & Gao, J,,
2010]. The operation of this system was such
that the first part determined whether the
traffic light would operate in two-phase or
four-phase mode, while the second part set the
duration of the green phase. Although the use
of fuzzy controllers results in a reduction in
average waiting times and vehicle queue
lengths, the effectiveness of such systems is
inherently dependent on the quality of the rule
base. These rules are typically designed by
external operators based on predefined system
models and remain fixed during operation,
thereby limiting the controller’s ability to
adapt to real-time environmental changes.

As urban transportation networks expanded,
various complexities emerged, such as the
stochastic nature, temporal flexibility, and
numerous unpredictable factors, [Qadri, S. S.
S. M., Gokge, M. A., & Oner, E., 2020]. To
address these challenges, traffic signal control
strategies that rely on fixed and pre-calculated
scheduling plans must evolve into flexible,
real-time systems where signal timings are
adjusted based on traffic flows during
execution. In other words, traffic lights should
make decisions based on the dynamic
conditions of the environment at different
junctions,  rather  than  following a
predetermined schedule plan, [Sun, G., Qi, R.,
Liu, Y., & Xu, F., 2024]. Traffic control
systems must detect gradual variations in the
traffic environment, estimate the nature of
these changes, and adapt accordingly to
enhance performance. Such systems must also
manage unpredictable events—such as
accidents—by coordinating traffic devices
(e.g., traffic lights) and enabling cooperation
among them. Reinforcement Learning (RL)-
based Machine Learning (ML) methods
provide an appropriate framework for
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designing and implementing these adaptive
control agents. Traditional RL algorithms
represent vehicle states as discrete values of
traffic conditions [Bakker et al., 2010],
[Abdoos, M., Mozayani, N., Bazzan, A.L.,
2013], [El-Tantawy, S., Abdulhai, B.,
Abdelgawad, H., 2013]. As a result, the
corresponding state-action matrix requires a
significantly large storage space. With the
increasing number of vehicles, the state space
expands, leading to a decline in the efficiency
and scalability of such methods.

Given the complexity and diversity of
environmental conditions  in  urban
transportation networks, the use of distributed
strategies for traffic signal control enables the
decomposition of the overall state space into
independent and manageable subspaces
[Rezaee, A., 2016]. This study aims to design
a distributed RL-based urban traffic signal
control system in which each junction
operates independently and optimizes local
traffic behavior without requiring an explicit
model of the entire network. The novelty of
this research lies in its architecture, which
decomposes the state space into independent
and controllable  subspaces—effectively
mitigating the curse of dimensionality.

2. Materials and Method

Intelligent Transportation Systems (ITS)
represent a key component in the management
of traffic within transportation networks. The
implementation of such systems aims to
achieve or maintain a balance between
transportation supply and demand with
minimal cost and high efficiency. Although
various efforts have been made to automate
traffic light control, RL—based ML methods
offer distinct advantages over other intelligent
approaches, [Eom, M., & Kim, B. I., 2020],
[De Oliveira, L. F. P., Manera, L. T., & Da
Luz, P.D. G., 2020].

Many intelligent traffic signal control systems
require a predefined model of the environment
to estimate short-term traffic flow patterns,

[Reza, S. et al., 2021]. However, model-based
approaches are limited to the specific
conditions under which the model was
originally developed. These methods often
fail to adapt to unforeseen traffic dynamics,
changes in road conditions, accidents, or other
emergency situations that deviate from the
initial assumptions. In contrast to model-
based approaches, RL methods do not rely on
a predefined environmental model to select
actions. Instead, the relationship between
state, action, and reward is learned through
the agent's dynamic interaction with the
environment, as illustrated in Figure 1.

State
Reward

Environment I

Action
Figure 1. RL based Traffic Signal Control;
The agent interacts with the environment by
observing the current traffic state, selecting
actions to adjust signal phases, receiving
rewards based on traffic improvements, and
updating its policy accordingly

One of the key advantages of RL methods is
that they do not require supervision during the
learning process. In contrast, supervised
learning  approaches—such as  Neural
Networks (NNs)—depend on a large number
of  input-output  pairs, where each
environmental state must be matched with its
corresponding desired action. These samples
must comprehensively cover the range of
possible scenarios the agent may encounter in
the environment, [Safdari, A. et al., 2024]. In
RL methods, decision-making quality across
various states is dynamically acquired through
a trial-and-error process.
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Another significant advantage of RL is its
adaptability—not only can it adjust to
environmental changes, but such adaptation
can occur through continuous and real-time
interaction with the environment, a process
commonly referred to as online learning,
[Safdari, A. et al., 2025].

The primary challenge in applying RL to
traffic signal control lies in the vast state space
[Nguyen, T. T., Nguyen, N. D., & Nahavandi,
S., 2020], [Haydari, A., & Yilmaz, Y., 2020].
Specifically, modeling the exact number of
vehicles passing through each lane as the
system state not only leads to a substantial
increase in the number of states, but also
proves impractical for real-world
implementation using conventional sensors
currently deployed in urban environments.
Most urban areas employ electromagnetic
sensors embedded at intervals in the
pavement, [Fahad, M., Nagy, R., Gosztola, D.,
2022]. Due to the sparse deployment and wide
spacing of these sensors, precise vehicle
counts cannot be obtained; instead, only
estimates of traffic speed and volume are
provided.

In the proposed distributed RL framework,
each agent perceives its local environment
using readily available traffic sensors that
respond to the metallic bodies of vehicles.
This design enables the agent to operate based
on abstracted, aggregate traffic features rather
than exact vehicle counts, thereby ensuring
compatibility with existing urban
infrastructure  while  maintaining  the
feasibility and scalability of the control
system.

3. Machine Learning

Machine Learning (ML), a branch of Artificial
Intelligence (Al), encompasses a set of
concepts from computer science and statistics,
which are used to design algorithms that
enable agents to learn relationships between
data and improve their learning logic over
time. In simpler terms, ML suggests that
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solving complex problems is not merely about
mimicking human behavior but about
imitating how humans learn, [Safdari, A. et
al., 2024]. ML algorithms can be broadly
categorized into three main types based on the
type of data and learning approach:
Supervised Learning, Unsupervised Learning,
and Reinforcement Learning (RL), which are
discussed in the following sections.

3.1. Supervised Learning
In the Supervised Learning paradigm, the
available dataset is labeled; in other words,
the data is pre-labeled with the correct
answers, which represent the target values.
The term “supervised” comes from the
analogy of learning “under the supervision of
a supervisor”. Each labeled training data can
have multiple features, and feature extraction
methods can be used to derive relevant
features for training the learning model.
Ultimately, these features and labels are fed
into the model, allowing the ML algorithm to
generate an output. By comparing this output
to the original label, the algorithm can
evaluate its prediction accuracy.

3.2. Unsupervised Learning
In the Unsupervised Learning paradigm,
algorithms operate on unlabeled data. These
methods identify inherent structures or hidden
features within the input data and group the
data into distinct categories. Specifically, the
model compares data instances based on their
extracted features and assigns similar
instances to the same clusters. At the end of
training, multiple clusters emerge such that
instances within each cluster exhibit high
similarity, while instances across different
clusters differ significantly. Upon
encountering a new data instance, the trained
model evaluates its features against the
established clusters and assigns the instance to
the most similar cluster.

3.3. Reinforcement Learning
Reinforcement learning (RL) is a paradigm
aimed at training an agent to perform a
specific task in an uncertain environment
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without requiring pre-labeled datasets or
predefined features. In this approach, the
agent autonomously interacts with an
unknown  environment and, through
continuous feedback, gradually acquires
experience. The agent takes actions that lead
to corresponding rewards or punishments,
which serve as evaluative signals. These
outcomes guide the agent’s behavior by
reinforcing beneficial actions and
discouraging suboptimal ones.

In RL, agents are typically equipped with
sensors that allow them to perceive
information from the environment in order to
determine their current state. In general, all
RL agents follow a common structure in
which they understand their environment
without the need for an explicit mathematical
model. Agents can select suitable actions and
influence the environment as a result of those
actions.

The primary objective in RL problems is to
maximize the state-value function (V*(s))
across all defined states of the system. As
depicted in Figure 2, starting from an initial
state (s), the agent takes steps according to a
policy (z). The goal is to choose an action
(4,=a) such that the expected cumulative
value, resulting from a sequence of actions, is
maximized and leads the agent to a new state
(S;+1=5"). Mathematically, it is expressed as:

Vi(s)=E,{RIS, =5}

e {Srrasesf Y
t=0

In Eq. (1), R, denotes the cumulative reward
received starting from state (S,=s), and y €
[0,1] represents the discount factor that
determines the importance of future rewards.
Also, E; {-} represents the Expectation with
respect to the distribution over state and
reward sequences induced by the policy (z).

4,
Figure 2. RL Framework for Traffic Signal

Control; The traffic signal agent observes
state (S,=s), according to policy (z) selects
action (4,=a), transitions to a new state
(S,1=%), receives a reward (R,=r), and then
selects the next action (4,'=a’)

The traffic signal control, due to the
continuous nature of traffic environments, is
inherently a continuous control problem.
Therefore, the goal is for the agent (i.e., the
traffic light at the junction) to independently
learn the environment model, so that any
changes in the environment do not necessitate
modifications in the agent’s structure.
Moreover, it is desired that the agent
maintains its learning capability while
continuously and interactively controlling the
environment in real time. To address this, the
On-Policy SARSA Algorithm, a method from
the RL family, is employed. SARSA is based
on the behavioral policy, meaning that the
path followed by the agent during learning is
the same as the path used for updating its
knowledge. At each time step, the agent
selects an action (4,=a) in the current state
(S;=s), transitions to a new state (S,;;=s),
receives a reward (R,=r), and then selects the
next action (4,'=a’). The expected value (i.e.,
the Expectation) of the cumulative reward that
an agent obtains by taking action (4,=a) in
state (S,=s), and subsequently following
policy (x), is given by Eq. (2):
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Q°(s,a)=E_{RIS,=s,A =a}
:Eﬂ {ithml St ZS'A\ :a}

In Eq. (2) O"(s, a) is the state-action value
function. In RL, the state-value function
(V™(s)) represents only the value of a state (s)
without considering the subsequent action (a);
whereas, to evaluate the value of each action
(&) in a specific state (s), the action-value
function Q”(s, @) is used. This relationship is
expressed in Eq. (3):
V()= X (@l Q" (s.a) 3)

aeA(s)

)

As depicted in Figure 3, the O"(s, a) for all
state-action pairs are initially initialized to
zero. The approach of initializing Q" (s, a) to
zero ensures complete agent neutrality at the
onset of learning, which aligns with the no
prior knowledge hypothesis in autonomous
learning systems design.

During each iteration, an action (a) is selected
and executed based on a soft policy derived
from the current Q"(s, a) estimates. Upon
execution, the agent receives an immediate
reward (r) and transitions to a new state (s).
Subsequently, a new action (a') is selected in
state (s'), and the Q" (s, a) corresponding to the
original state-action pair is updated using the
SARSA update rule, which incorporates the
observed reward (r) and the estimated value of
the next state-action pair, as formulated in (4):

Q" (s',a)=Q"(s,a) +AQ”
AQ" =« |:r +yQ"(s',a") - Q" (s, a)]

In Eq. (4) o € [0,1] denotes the step size and
represents the learning rate.

The distributed RL framework has two main
innovations that distinguish it from previous
RL-based traffic control frameworks:

o Compact State Representation

Traditional RL-based traffic control systems
often model the state space using fine-grained
variables such as exact vehicle counts on each

(4)

International Journal of Transportation Engineering,
Vol. 13/ No. 4/ (52) Spring 2026
2282

lane or individual vehicle dynamics. While
such detailed modeling may benefit
simulation fidelity, it results in a high-
dimensional state space S that is impractical
for real-time urban deployments due to
limited sensor coverage and computational
constraints. In contrast, we define the state s €
S cumulative features that are observable via
standard inductive-loop detectors, such as
vehicle queue lengths g at each approach i of

the junction. Thus:
s=[q,,a,,...q, ] (5)

In Eq. (5) N denotes the number of incoming
lanes or directions monitored by the agent.
This compressed representation significantly
reduces the effective dimensionality of the
problem,  mitigates the curse  of
dimensionality, and retains enough traffic
information to support effective policy
learning.

e Distributed Policy Learning via On-Policy

SARSA
The proposed framework enables each traffic
signal to operate as a fully autonomous
learning agent, independent from global
coordination or prior knowledge of traffic
models. Each agent interacts solely with its
local environment and employs the on-policy
SARSA algorithm to learn optimal control
policies through continuous real-time
feedback. This design ensures that decisions
are made based on localized traffic
observations, such as estimated queue lengths
g;, without relying on any predefined traffic

dynamics T(s,a,s’).

SARSA On-Policy (Traffic Signal
Control)

Initialize 0" (s, a), Vs € §, a € A(s)
Repeat (for each iteration)
Initialize s

Choose a from s using policy (x)
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Repeat (for each step of iteration)
Take action a' observe r, s’

Choose a' from s’ using policy (z)
Q7 (s',a") <~ Q" (s,a) + AQ"
AQ" =« [r +7Q"(s',a")-Q" (s, a):|
s« sia«a

Until s is terminal
Figure 3. SARSA On-Policy Pseudocode

3.3.1. Traffic Control Problem

An agent must avoid processing unnecessary
details when solving the traffic control
problem and should instead maintain a level
of perception appropriate to the task. In the
simulated environment used for modeling,
vehicles are represented at a microscopic level
solely based on their presence, while their
individual characteristics are intentionally
omitted. This abstraction is justified by
assuming that the agent perceives its
surroundings using conventional traffic
sensors that detect the metallic body of
vehicles. These sensors operate similarly to
metal detectors and are widely deployed in
urban areas such as Tehran and Mashhad due
to their simplicity, low cost, and adaptability.
In this study, traffic control at a junction
within a transportation network is modeled as
shown in Figure 4.

5 “

7

Figure 4. Junction Traffic Control Modeling

Traffic flow exhibits strong analogies with
fluid in pipes; accordingly, this model is
characterized by stochasticity, dynamism, and
time-variance. Specifically, the vehicle arrival
and departure rates on each road segment are
entirely random and mutually independent,
reflecting the underlying traffic conditions.
All approaches to the junction are assumed to
have equal length and no inherent priority;
what matters for the agent is the ratio of the
current traffic flow on each approach to its
saturation flow, rather than the geometry of
the road. To simplify the process of modeling
and graphical simulation, the following
assumptions have been made:
o It is assumed that traffic lights at the
junctions are equipped with sensors capable
of detecting the length of vehicle queues on
the approaching streets.
o Each street is assumed to have four lanes,
with all vehicles moving in a straight line
(i.e., no turning at the junctions). In a
distributed RL framework, each agent
independently controls a specific junction.
Therefore, the assumption of straight-
through navigation at each junction does not
imply a geometric simplification of the
network. This is because vehicle turns at
adjacent junctions are modeled as vehicles
traveling straight through those adjacent
junctions and are subsequently managed by
the corresponding agents.
e The streets are oriented in a north-south
and east-west configuration. Traffic flow is
assumed to be random, with a constant
average rate of wvehicles entering the
network from the northern and western
entrances, and exiting through the southern
and eastern exits.
The simulation framework allows for the
creation of an arbitrary number of north-south
and east-west streets. Control signals for each
junction, which are independently generated,
consist of the status of the traffic lights and the
remaining time for the signal in its current
phase. Figure 5 shows a schematic
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representation of the designed simulator. The
vehicle queue length formed at each street
approaching the junction is displayed next to
the junction.

4. Results and Discussion

To investigate distributed traffic signal control
based on ML using the SARSA algorithm, a
graphical simulation environment was
developed, as illustrated in Figure. 5. The
vehicle queue lengths on each road
approaching a junction are visually displayed
adjacent to the corresponding junction. The
maximum detectable queue length, as
constrained by the sensor capabilities, is
limited to 31 vehicles, which corresponds to
approximately 150 meters.

Figure 5. Schematic of the Designed Traffic
Signal Control Software

Tabel 1. East-West Street Traffic Flow

The simulation results, considering the Average Navigation (x)
configuration settings and the average travel St

. . reet

time through the network, are presented in Num. (N) 2 3 4 5
Tables 1 and 2 for each individual road

segment. All junction controllers were Traffic

configured with identical parameter settings. Rate 400 1000 600 400 1200
According to Tables 3 and 4, increased x]O(%)

vehicle density at a junction prompts the

traffic signal controller to correctly detect Travel

congestion and allocate extended green-phase Time 81 855 828 8L7 867
duration, thereby reducing queue length and [s]

consequently  decreasing waiting  time.
Quantitative results demonstrate significant
improvements over conventional fixed-rule
traffic signals, with the proposed distributed
framework achieving average queue length Street Num. (N) 1 2
reductions of 44.5% for east-west approaches

Tabel 2. South-North Street Traffic Flow

Average Navigation (x)

Traffic Rat
(Table 3) and66.4% for  north-south rattie Rate
. Car 600 1200
approaches (Table 4). This improvement *10(——)
stems from each agent’s autonomous learning -
capability, which leverages local sensory data Travel Time 2201 226.4
without reliance on global traffic models. [s]

Such efficiency in unpredictable, dynamic

environments is enabled by the —online, Tabel 3. East-West Street Traffic Flow

interactive learning mechanism of RL, which

continuously adapts control policies through Average Reduction (1)

real-time environmental feedback. Street Num.

1 2 3 4 5
(N)
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Vehicle Que.
Reduction 35 425 38 362 445
(%)

Wait Time
Reduction 21 255 228 217 26.7

[s]

Tabel 4. South-North Street Traffic Flow

Average Reduction (|x)

Street Num.

(N)

Vehicle Que.
Reduction 60.1 66.4

(%)

Wait Time
Reduction 100.1 106.4
[s]

Figure 6 illustrates the upward trend of the
cumulative reward received by each traffic-
signal agent, reflecting progressive learning
under the SARSA-based distributed control
framework. Concurrently, Figure 7 depicts the
increasing vehicle exit rates on both east—west
and north-south approaches, demonstrating
the gradual alleviation of congestion and the
effectiveness of the proposed control scheme
in smoothing traffic flow over time. The
observed increase in cumulative reward and
vehicle exit rates is a direct consequence of the
agent's adaptive learning behavior under the
SARSA algorithm. Due to On-Policy, the
agents explore various signal phase durations.
Over time, as the agents experience state (s)—
action (a)-reward (r) transitions, they learn to
favor signal switching patterns that reduce
gueue lengths and improve throughput. These
results confirm that the distributed RL
approach not only enhances the agent’s
decision-making capabilities but also yields
tangible improvements in network-level
performance  metrics, underscoring its
potential for real-world traffic signal
management applications.

2500

North Exits
e West Exits

2000

1500 -

1000 -

Vehicles Exited [Num. Vehicles]

%3

S

S
T

0 100 200 300 400 500 600
Time [s]

Figure 6. The reward accumulated by the
traffic light agent for junction over time
1500 ¢
1600 |
00|
1200 -
1000 |
sl

600 -

Reward [Num. Vehicles]

400

200 -

0 . . . . )
0 100 200 300 400 500 600
Time [s]

Figure 7. The number of vehicles exiting the
junctions over time

5. Conclusion

Urban traffic control and the reduction of
vehicle waiting time at junctions remain
critical challenges in modern transportation
systems. The limited adaptability of
conventional computational algorithms in
handling dynamic traffic conditions motivated
this research to explore the potential of
intelligent and learning-based systems.
Reinforcement Learning (RL), as a Machine
Learning (ML) approach capable of online
decision-making and real-time interaction
with the environment—even in the absence of
an explicit model—was adopted as the core
strategy in this study. The traffic signal
control problem was effectively reformulated
as an interpretable RL task, demonstrating
how a complex control challenge can be
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addressed through adaptive decision-making.
Simulation results confirmed the capability of
the proposed method in improving traffic flow
by optimizing the scheduling of traffic lights
at junctions. Each traffic signal acted as an
autonomous agent, interacting independently
with its environment and learning to regulate
the timing of its respective junction through
continuous feedback. The increasing trend in
the received rewards signified the agent’s
learning progress over time. Additionally, the
growing number of vehicles exiting in both
the east-west and north-south directions
reflected the gradual alleviation of congestion
and enhanced traffic management efficiency
across the network.

Future research directions include extending
the proposed framework to large-scale,
heterogeneous urban traffic networks with
increased  topological complexity and
multimodal interactions. Integrating
pedestrian dynamics, public transportation
schedules, and priority-based vehicle flows
(e.g., emergency or transit vehicles) would
further enrich the decision space and enhance
practical applicability. Moreover, coupling
the learning agents with real-time data streams
from Vehicular Ad hoc Networks (VANETS),
roadside infrastructure, and edge-based
sensing units can significantly improve the
responsiveness and robustness of the system
under non-stationary and uncertain traffic
conditions, ultimately facilitating deployment
in smart city ecosystems.
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