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ABSTRACT

Context. Intersections are the most critical areas of a road network, where the largest number of collisions and the longest
waiting times are observed. The development of optimal methods for traffic light control at signalized intersections is necessary for
improving the flow of traffic at existing urban intersections, reducing the chance of traffic collisions, the time it takes to cross the
intersection, and increasing the safety for drivers and pedestrians. Developing such an algorithm requires simulating and comparing
the work of different approaches in a simulated environment.

Objective. The aim of this study is to develop an effective deep reinforcement-learning model aimed at optimizing traffic light
control at intersections.

Method. A custom simulation environment is designed, which is compatible with the OpenAl Gym framework, and two types of
algorithms are compared: Deep Q-Networks and Proximal Policy Optimization. The algorithms are tested on a range of scenarios,
involving ones with continuous and discrete action spaces, where the set of actions the agent may take are represented either by
different states of the traffic lights, or by the length of traffic light signal phases. During training, various hyperparameters were also
tuned, and different reward metrics were considered for the models: average wait time and average queue length. The developed
environment rewards the agent during training according to one of the metrics chosen, while also penalizing it for any traffic rule
violations.

Results. A detailed analysis of the test results of deep Q network and Proximal Policy Optimization algorithms was provided. In
general, the Proximal Policy Optimization algorithms show more consistent improvement during training, while deep Q network
algorithms suffer more from the problem of catastrophic forgetting. Changing the reward function allows the algorithms to minimize
different metrics during training. The developed simulation environment can be used in the future for testing other types of
algorithms on the same task, and it is much less computationally expensive compared to existing solutions. The results underline the
need to study other methods of traffic light control that may be integrated with real-life traffic light systems for a more optimal and
safer traffic flow.

Conclusions. The study has provided a valuable comparison of different methods of traffic light control in a signalized urban
intersection, tested different ways of rewarding models during training and reviewed the effects this has on the traffic flow. The
developed environment was sufficiently simple for the purposes of the research, which is valuable due to the large computational
requirements of the models themselves, but can be improved in the future by expanding it with more complex simulation features,
such as various types of intersections that aren’t urban, creating a road network of intersections that would all be connected to each
other, adding pedestrian crossings, etc. Future work may be done to refine the simulation environment, expand the range of
considered algorithms, consider the use of models for vehicle control in addition to traffic light control.

KEYWORDS: reinforcement learning, signalized intersection, traffic control, proximal policy optimization, deep Q-learning.

ABBREVIATIONS AWT is an average waiting time;

DRL is a deep reinforcement learning; AQL is an average queue length;
SUMO is a Simulation of Urban MObility; PPO is a Proximal Policy Optimization;
SOTL is a self-organizing traffic light; TRPO is a Trust Region Policy Optimization;
DQN is a deep Q network; V2X is a Vehicle-to-everything;
VRCIS is a Vehicle-Road-Cloud Integration System; V21 is a Vehicle-to-infrastructure.
CAV is a connected autonomous vehicle;
HDYV is a Human-driven vehicle; NOMENCLATURE
RL is a reinforcement learning; S is a state space of the environment;
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A is an action space;
P (541 \ s;, a;) 1s a transition probability function;

R (s, a;) is a reward function;
o, B, A are weight coefficients;
v is a discount factor;

a, are actions;

S,+1 are transitions;

r(0) is a probability ratio;

4, is an aestimated advantage function;

O (S, A, represents the Q-values in the S; state if
action A4, was chosen;

o parameter represents the learning rate;

v is a discount factor.

INTRODUCTION

As cities expand and the number of vehicles on the
roads continues to climb, the challenge of managing
traffic efficiently has become more urgent than ever.
Ensuring that road networks are not only safe but also
capable of handling increasing traffic volumes is a top
priority for modern traffic management authorities. In this
context, smart solutions for optimizing traffic flow —
especially at intersections where congestion and accidents
are most common — are gaining critical importance.

Statistics show that intersections are the most
accident-prone areas of any road network, with a higher
frequency of collisions compared to other road segments.
[1] Notably, intersections without traffic lights experience
more accidents than signalized ones. Traffic congestion in
cities is an especially acute problem in the morning and
evening when people commute to and from work. [2]
Traffic signals help to regulate the flow and reduce the
likelihood of human error, contributing to safer traffic
environments.

Object of the study: the phases of traffic lights and
their effect on the flow of traffic at signalized urban
intersections.

Subject of the study: deep reinforcement learning-
based algorithms for controlling the phases of traffic
lights according to the state of the road network around an
intersection.

The aim of this study is to develop a reinforcement
learning agent that is capable of controlling the phases of
traffic lights at a signalized intersection to optimize a
chosen evaluation metric, such as the average wait time of
the vehicles at the intersection, or their average queue
length. This algorithm needs to also minimize the danger
to the vehicles on the road by avoiding collisions between
them. The goal is for these findings to contribute to the
robustness of existing urban infrastructure, to make it
safer and more efficient.

Tasks of the research:

— Analyze existing methods and algorithms for traffic
light control optimization at a signalized intersection.

— Develop or select a suitable simulation environment
that would simulate the flow of traffic, providing the
agents with rewards and penalties.
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— Create deep learning algorithms that are capable of
controlling traffic lights in the simulated environment.

— Analyze the results and compare them with existing
traffic light control methods.

1 PROBLEM STATEMENT

The primary goal of this study is to develop an
effective DRL model aimed at optimizing traffic light
control at intersections. To achieve this, a simulated
environment will be created to replicate vehicular
movement through intersections. Various DRL algorithms
will be implemented and evaluated based on key
performance metrics related to traffic efficiency and
safety.

The rationale behind this research lies in the
increasing demand for intelligent traffic control systems
that can manage traffic flows dynamically and adaptively,
particularly in large urban areas. Such systems have the
potential to reduce congestion, improve traffic
throughput, and minimize accidents resulting from human
mistakes.

To fulfill this objective of designing a method for
traffic light timing optimization, several tasks are
required:

1. Analyze existing machine learning tools for traffic
light optimization at intersections.

2. Develop an environment capable of simulating
traffic flows at signalized intersections.

3. Design and implement a reinforcement learning
algorithm to optimize traffic light timing within the
simulation.

4. Tune the parameters of the optimization algorithm
and compare its performance to that of traditional or
existing control strategies.

Before a simulation environment or algorithm can be
developed however, we need to discuss several issues that
plague the development of such models:

— One major challenge is creating a realistic and
scalable virtual environment for training agents that
would control traffic lights using reinforcement learning.
This environment must support extensive simulations and
provide different performance metrics. A key difficulty is
the automated creation of rare but critical traffic
scenarios, as manually modeling all possible events is
computationally infeasible.

— Building an algorithm that will be able to efficiently
control the movement of traffic through an intersection,
while avoiding any traffic collisions or other traffic rule
violations, and at the same time minimize the waiting
time of passengers. While traffic rules can be
programmed, replicating nuanced human decision-making
remains difficult.

— High-precision vehicle detection and movement
prediction. Autonomous systems require highly accurate
sensing and prediction capabilities, far exceeding those in
other industries. These systems must function reliably
under varying conditions, including poor weather and low

visibility.
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— Scalability and data demands: deep learning models
used for traffic control are computationally intensive and
require vast amounts of diverse training data. To ensure
robustness across all possible driving scenarios, these
models must be trained on extremely large, representative
datasets — often measured in petabytes.

All of the above points make it clear that creating a
hand-crafted algorithm for controlling traffic lights is
challenging. This is the reason why machine learning
approaches have often been considered for this task
instead. However, as noted, the method of using neural
networks or any other machine learning tool is also not
without issues. Particularly when it comes to modelling
the necessary training data and rewards.

The problem of optimizing traffic light control using
reinforcement learning can be formally described as a
Markov Decision Process (MDP) defined by the tuple:

M=(S, A4, P, R Y), (1)

1. A state s, € S includes:

— the current traffic light phases;

— the number of vehicles approaching the intersection;

— the number of vehicles that have already passed;

— queue lengths on each approach to the intersection.

2. 4 includes:

— Discrete: predefined combinations of traffic light
phases (e.g., {green-red, yellow-red, ...});

— Continuous: the duration of the current traffic light
phase a; € [@min, @max] < R.

3. P (si1| s a;) defines the probability of moving to

state s,+; after taking action g, in state s,. This is modeled
by the simulator.
4. R(s, a;) € R defined as:

R(spa)=— o AWT(s,a,)~ B-AOL(s,a)— A% (2)
x penalties(s,a,).

The goal is to find an optimal policy " : S—A that
maximizes the expected cumulative discounted reward:

T o= arg max E |:§th(%’% )} 3)

n =0

Methods for Finding the Optimal Policy:

— Deep O-Network: approximates the Q-function
O(s, a) = Oy (s, a) using a neural network and updates it
using the Bellman equation:

Q(M)*(l—a)Q(spat)“[R’*V“;%XQ(sHl,a')] 4)

— PPO: a policy gradient method that optimizes the
clipped surrogate objective:

LCL’P(9)=Et[min(n(9)21"011‘170,(e),1—5,1+5)21'ﬂ. )
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To solve this optimization problem, modern DRL
algorithms such as DQN or PPO are employed. In
particular, PPO is used for both discrete and continuous
action spaces, while DQN is suitable for discrete cases.

2 LITERATURE REVIEW

Before choosing or designing our own simulation
environment and reinforcement learning algorithm for
training the traffic light control agents, an analysis of
existing literature on the topic was performed.

This section has been split into two parts: one in
which we analyze existing environments for running
traffic simulations, comparing their advantages and
disadvantages. In the second part, we looked at various
other methods that have been proposed for vehicle and
traffic light management using machine learning
techniques.

One of the first tasks in building an effective
algorithm for traffic light control is to build a virtual
simulated environment for the training and validation of
the developed algorithms. To begin with, it is worth
considering existing solutions to this problem. Such an
environment should allow for a large number of
simulations to be run quickly to allow for training many
iterations of the reinforcement learning algorithm. Also,
the environment should provide certain metrics by which
to evaluate and compare the performance of different
algorithms.

There are a number of such environments that have
been created for simulating road traffic. It is worth
evaluating these environments according to several
criteria: speed, ease of implementation of the machine
learning algorithm in the environment, and simulation
accuracy.

CARLA Simulator [3] is a simulator for training and
validation of autonomous driving systems. CARLA
provides open digital data (city plans, buildings, vehicles)
that have been created for this purpose and can be freely
used (Figure 1). The modeling platform supports flexible
specification of sensor sets, environmental conditions, full
control of static and dynamic agents, mapping, and much
more. The disadvantages of the environment are the same
as in the previous environment: large system requirements
that can slow down training and difficulty in integrating
with the machine learning model development
environment. Many studies have been done using the
CARLA Simulator related to autonomous traffic control
[4, 5].

Flow [6] is a traffic simulation platform designed to
evaluate driving algorithms for autonomous vehicles in
various critical scenarios. It allows integration with
machine learning software development environments.
The main problem can be too much simulation
complexity, which will have a bad effect on the length of
training.
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Figure 1 — Visualization of the CARLA Simulator environment

Eclipse SUMO [7] 1is another open source
environment. This environment focuses on traffic
simulation tasks with many vehicles to plan and predict
different traffic situations (Figure 2). One of the key
disadvantages of this environment is the high
requirements for the system on which the simulation takes
place. Training many agents will be much more difficult
due to the high complexity of the simulator itself. In
addition, it is difficult to connect this simulator to a
Python-based machine learning model development
environment, such as Jupyter.
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Figure 2 — Visualization of the Eclipse SUMO environment

DriverGym [8] is an open-source reinforcement
learning model training environment that allows you to
train models to learn driving rules on real data (Figure 3).
The algorithm can access semantic maps to control it.
Other agents can be modeled from existing data or
controlled by a special behavioral model previously
trained on real-world data. This environment provides an
extensive evaluation system with easily customizable
metrics to evaluate trained algorithms.
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Figure 3 — Visualization of the DriverGym environment

There are also some simulators that are customized for
the OpenAl Gym platform [9], such as DeepCars,
gym_trafficlight, and  gym graph traffic. Such
environments are usually very easy to integrate with the
Python development environment and do not require large
computing resources, but they are often too simple. For
example, some of them only simulate movements in
discrete steps, or have no way to evaluate the algorithm’s
performance using metrics.

After looking at existing applications for traffic
simulation, we have decided to implement our own
environment. The advantages of this approach include:

The ability to easily connect it to a machine learning
algorithm development environment.

The ability to define any simulation parameters and
any metrics to evaluate the performance of each algorithm

The ability to fully customize performance and
optimize the simulation for the tasks we need during
development

Existing Optimization Approaches.

Aside from the simulation environment, we also need
to choose the algorithms for training agents for the task of
controlling traffic lights. There are a few things to
consider here, including how these algorithms are known
to perform at similar tasks, how well they scale and
whether they support discrete or continuous actions
spaces and observation spaces. Because of this, a few
studies have been chosen for analysis to determine which
algorithms are the most suitable for the task. The results
of this analysis are summarized in Table 1. A further
detailed description of each paper is given after the table.
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Table 1 — Summary of existing research into traffic and traffic
signal control with deep reinforcement learning

Name Task Tools Year | Ref.
Deep Controlling Q-learning, 2022 | [10]
Reinforcement | traffic light | MaxPressure,

Learning for | timing Self-organizing

Traffic Light traffic lights

Timing

Optimization

Deep Q- | Controlling Q-learning, 2021 | [11]
network-based | traffic signals Synchro model

traffic  signal

control

models

An Efficiency | Controlling a | Reinforcement 2021 | [1]
Enhancing network of | learning,

Methodology autonomous Proximal policy

for Multiple | vehicles at an | optimization

Autonomous unsignalized

Vehicles in an | intersection

Urban

Network

Adopting

Deep

Reinforcement

Learning

A Control | Controlling Reinforcement 2022 | [12]
Method with | autonomous learning,

Reinforcement | vehicles at an | Proximal policy

Learning for | unsignalized optimization,

Urban Un- | intersection VRCIS, V2X,

Signalized V2I

Intersection in

Hybrid Traffic

Environment

In the first paper [10], the authors propose a traffic
signal synchronization optimization method based on a
dual dueling deep Q-network, MaxPressure, and SOTL,
namely EP-D3QN, which controls traffic flows by
dynamically adjusting the duration of traffic lights in a
cycle and whether the phase is switched based on
predefined rules and lane pressure. In EP-D3QN, each
intersection corresponds to an agent, and the road entering
the intersection is divided into grids, each grid stores the
speed and position of the vehicle, thus forming an
information matrix of the vehicle as well as the state of
the agent. An agent action is a set of traffic light phases in
a signal cycle that has four values. The effective duration
of the traffic light is 0-60 seconds, and the switching of
the traffic light phases depends on its pressing and the
established rules. The agent’s reward is the difference
between the sum of the accumulated waiting times of all
vehicles in two consecutive signal cycles. SUMO is used
to model two traffic scenarios. Two types of evaluation
indicators are selected, and four methods are compared to
verify the effectiveness of EP-D3QN. The experimental
results show that EP-D3QN has excellent performance in
light and heavy traffic flow scenarios, which can reduce
the waiting time and travel time of vehicles and improve
the traffic efficiency of the intersection.

The authors of the next study [11] investigated a
solution-finding method using artificial intelligence,
which has recently gained widespread attention because it
can solve complex problems such as traffic signal control.
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In this study, two traffic signal control models were
developed using reinforcement learning and microscopic
simulation-based estimation for an isolated intersection
and two coordinated intersections. To develop these
models, a DQN was used, which is a promising
reinforcement learning algorithm. The performance was
evaluated by comparing the developed traffic signal
control models in this study with a fixed time signal
optimized by Synchro, which is a traffic signal
optimization model. The evaluation showed that the
developed traffic signal control model of the isolated
intersection was validated, and the intersection
coordination was better than that of the fixed-time signal
control method.

The next paper [1] is devoted to advanced deep
reinforcement learning. It considers the impact of leading
autonomous vehicles on the urban network in mixed
traffic. A set of hyperparameters is proposed to achieve
better performance. First, a set of hyperparameters for
reinforcement learning agents is selected. Second,
experiments are conducted with an autonomous vehicle in
an urban network with different levels of autonomous
vehicle penetration. Third, the superiority of leading
autonomous vehicles is evaluated using fully manual
vehicles and leading manual vehicle experiments. Finally,
proximal behavior optimization with a pruned objective is
compared to proximal behavior optimization with an
adaptive Kullback-Leibler penalty to test the superiority
of the proposed hyperparameter. It is shown that the fully
automated traffic increased the average speed by a factor
of 1.27 compared to the entire experiment with a manual
vehicle. The proposed method becomes significantly
more efficient at higher penetration rates of autonomous
vehicles. In addition, leading autonomous vehicles can
help reduce congestion.

The last research we analyzed [12] is devoted to the
method of coordinated control with optimization of
proximal behavior in the VRCIS, where this control
problem is formulated as a reinforcement learning
problem. In this system, vehicles that are connected to the
entire environment V2X were used to maintain
communication between vehicles, and vehicle wireless
communication technology can detect vehicles that use
vehicle-to-infrastructure wireless communication V2I,
thus achieving a cost-effective method. Then, the CAV
defined in VRCIS was trained to adapt to HDV safely
through intersections using reinforcement learning. A
valid, scalable RL framework is developed that can
convey topologies that may be dynamic traffic. Then, the
state, action, and reward of RL are designed according to
the problem of an urban intersection without traffic lights.
Finally, how to deploy within the RL framework was
described and several experiments were conducted with
this framework to verify the effectiveness of the proposed
method.

3 MATERIALS AND METHODS
As explained previously, a custom simulation
environment has been developed. This will allow us to
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better customize the simulation, make it more efficient
and more easily integrate it with the tools for training RL
agents.

Two algorithms have been chosen for training RL
agents: Deep Q-Networks and Proximal Policy
Optimization. This is because they have shown good
results in the studies examined previously, and they are
relatively lightweight in terms of computation, so many
iterations can be trained without significant time
requirements. Furthermore, such algorithms can be
trained on a discrete or continuous action space
(particularly PPO), which will be utilized in the
experimental setup.

The simulated environment consists of an intersection
where four roads meet. Each direction has a traffic light
that allows traffic to move from that direction to any other
direction. For example, the upper traffic light allows
traffic from the lower street in any direction.

Traffic lights switch two at a time. At the beginning of
the simulation, the left and right traffic lights are red.
Accordingly, the upper and lower traffic lights are green.
After switching, the upper and lower traffic lights first
switch to yellow, then to red. After that, the left and right
traffic lights switch to yellow and then to green. Figure 4
shows a simple visualization of what the environment
would look like if we display all the vehicles and roads to
scale.

Figure 4 — Visualization of one of the scenarios in the custom
simulated environment of a signalized intersection

Traffic light control is implemented using one of two
approaches: discrete action spaces or continuous action
spaces.

In the discrete case, traffic lights can occupy one of
four predefined states, corresponding to signal phases for
horizontal and vertical directions: green-red, yellow-red,
red—yellow, and red-green. Every 1,000 simulation steps,
the agent selects one of these possible states, determining
the next phase of traffic flow. Figure 5 depicts how the
discrete action space algorithm is applied during training
for agents that control traffic light states.
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Figure 5 — Diagram of the discrete action space traftic light
agent training algorithm

The continuous approach (Figure 6) allows for more
dynamic control, where the agent selects the duration of
each traffic light phase from a continuous range of values.
Once a phase ends, the duration of the next phase is
determined by the output of the reinforcement learning
model, enabling finer adjustments based on traffic
conditions.

The movement of cars is predetermined in this model,
each car moves forward until it either stops at a red or
yellow traffic light at the intersection or proceeds to cross
at the intersection if the traffic light is green. While
crossing, each car has a randomly determined direction
that it needs to get to. The direction can be either straight
ahead, left or right of the car’s starting location. The car
will either proceed straight or turn left or right depending
on its current position, the state of the traffic light and the
randomly chosen target direction.

The observation space for the traffic light control
agent includes:

— The current state of the traffic signals.

— The proportion of vehicles currently on the road
approaching the intersection from different directions.

— The proportion of vehicles that have already passed
through the intersection from each direction.

— The proportion of vehicles still waiting in queues,
i.e., the relative queue length on each side of the

intersection.
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Figure 6 — Diagram of the continuous action space traffic
light agent training algorithm

During training, it is possible to randomly vary traffic
flow patterns by adjusting the distribution of vehicles
across the intersection’s lanes. Parameters control the rate
at which non-agent-controlled vehicles enter the
intersection from each direction. The rates can be thought
of as a percentage chance that a new vehicle will come in
from the top, bottom, left or right direction on the
intersection. These rates are randomized at the start of
each training episode, simulating asymmetric or uneven
traffic conditions and adding variability to the
environment. The agent is provided with these vehicle
distribution ratios during training, helping it adapt its
traffic light control to varying scenarios. Figure 7 shows
the simple algorithm for the movement of randomized
traffic on the road.

The reward function for traffic light control algorithms
is based on two key performance metrics:

— Average Waiting Time (6) — the average number of
simulation steps that each vehicle spends waiting at a red
light before crossing the intersection.

— Average Queue Length (7) — the average number of
vehicles queued at red lights from each direction at any
given time.
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Figure 7 — Diagram of a car’s movement pattern during a
training episode

These metrics are evaluated using the following
formulas:

1 n
AWT ==>"w;, (6)
=

where 7 is the total number of vehicles that have been at
the intersection during the training or validation episode,
w; is the time that the vehicle spend standing still due to a
red light or other vehicles ahead.

1 m
A0L =;i§qlw (7

where m is the number of directions around the
intersection (in this case, always 4) and ¢; is the number
of vehicles that are on that road at the current step of the
simulation.

To summarize, the goal of the traffic light control
agents is to minimize either the AWT or the AQL metric,
chosen before training for each experiment. During
validation, all algorithms can be tested on their
performance with both metrics, to compare the impact of
the choice of training metric on the algorithm’s

performance.
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4 EXPERIMENTS

Both DQN and PPO models were trained on the
discrete action space scenario, while PPO models were
additionally trained on the continuous action space
scenario. The models were trained using both AWT and
AQL metrics for the reward function, one at a time. The
number of vehicles at the intersection and the directions
from which they came was randomly varied with a
uniform distribution.

We consider DQN models built from two neural
networks: A Q-network and a target network with the
same architecture. The architecture of the networks
consists of two hidden layers, 64 neurons each, and an
output layer, where the number of neurons corresponds to
the size of the action space. We consider DQN models
with different values of the learning rate hyperparameter,
DQN with a decreasing learning rate hyperparameter, and
PPO with different values of the entropy coefficient
hyperparameter. The networks used in the PPO
algorithms have the same architecture as those used in the
DQN models. All algorithms were trained for 8 thousand
steps, the constant learning rate was set to 0.01 and 0.001,
and the learning rate decreased from LR 1.0 or 0.1, which
decreased linearly to zero throughout the training process.
The values of the entropy coefficient of the PPO models
were 0.1, 0.01, 0.001, and 0.0001.

At the core of RL is an agent’s policy, a mapping from
states to actions that guides behavior. The agent must
balance exploration (trying new actions to discover
rewards) and exploitation (choosing known actions that
yield good outcomes), a trade-off fundamental to RL.

One key algorithm for learning such behavior is Q-
learning, a model-free RL method. It does not require
prior knowledge of the environment and learns by
estimating Q-values, the expected cumulative reward of
taking an action in each state and following the policy
thereafter. These Q-values are stored in a Q-table, and the
agent selects actions based on the highest Q-value for its
current state. The Bellman equation (8) lies at the heart of
Q-learning, since it allows updating the Q-values
iteratively [13].

O(Sud)=(1-a) O(S, )t a(R+ymax,O(Si1,0)).  (8)

However, Q-learning struggles with large or
continuous state spaces, as storing and updating Q-values
in a table becomes impractical. This challenge is
addressed by DQN, which replaces the Q-table with a
neural network that approximates the Q-function. This
allows the agent to generalize from limited experience to
unseen states, making it suitable for complex tasks.

DQN also wuses experience replay, where past
experiences are stored and randomly sampled during
training. This reduces correlations between consecutive
actions and stabilizes learning. Together, neural function
approximation and experience replay enable DQN to
scale Q-learning to real-world applications, such as traffic
signal control, game playing, and robotics.
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Policy gradient methods are fundamental among the
recent breakthroughs in the use of deep neural networks
to control agents in video games, 3D environment and
even go and chess. However, getting optimal results with
strategy gradient methods is challenging because they are
very sensitive to the choice of hyperparameters, such as
the size of the training step. Too small a step makes the
learning extremely slow, and too large a step
oversaturates the signal with noise, which can also cause a
catastrophic drop in the learning results. Very often, such
algorithms are inefficient in the use of the training set,
meaning that they require millions or billions of steps to
learn how to perform the simplest tasks.

The problem with strategy search methods is that they
can converge slowly if the information they operate on is
noisy. For example, this happens when trajectories are
long and the variance of returns is large in episodic
problems. As mentioned above, value function-based
methods that rely on time differences can help in this
case. In recent years, several actor-critic algorithms have
been proposed that follow this idea and have been shown
to perform well on a variety of tasks.

Recently, machine learning researchers have been
looking for a way to avoid these problems with
algorithms such as TRPO and ACER by limiting or
otherwise optimizing the size of the strategy update step.
Such methods have their own drawbacks: ACER is much
more complicated to implement than PPO, requiring the
addition of code to adjust the optimal strategy and the
repetition buffer, and these algorithms have only a slight
advantage over PPO. TRPO, while useful for problems
with a continuous action space, is not easy to combine
with algorithms that share parameters between the
strategy and the loss function, such as PPO.

PPO is a family of model-free reinforcement learning
algorithms developed by OpenAl in 2017. Such
algorithms are examples of strategy gradient methods,
meaning they search in the strategy space rather than
assigning values to specific actions in the action space.

PPO algorithms have some advantages over TRPO
methods, but their implementation is relatively simpler,
and they generally use training samples more efficiently
than TRPO [14]. These results are achieved by changing
the objective function in PPO algorithms [15].

Various metrics can be used to evaluate vehicle and
traffic signal control algorithms at an intersection, some
of which have already been mentioned in the previous
sections.

First, it is worth noting that the neural network loss
function, which approximates the Q-function for a DQN
model or the reward function for a PPO model, is not a
significant metric. The problem with such an indicator is
that the loss function in these models is constantly
changing, because the target data for network training is
not stable. Usually, the loss function in DQN and PPO
models is constantly growing or fluctuating, despite the
improvement of the model results in practice. That is why
it is necessary to look at the results of the algorithm in a
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validation environment, and at the metrics that can be
obtained from it.

One such metric is the average reward function, which
is defined by the training or validation environment. In
this environment, which was described earlier in this
paper, the reward function takes several important factors
into account: traffic rules, distance to the target, and
successful completion of the episode. The developed
reward function gives high rewards when cars avoid
colliding with each other, avoiding crossing into the
oncoming lane, crossing the intersection during a red light
at a traffic light, waiting during a green light, and crossing
the edge of the road. The positive factors are getting
closer to the goal and successfully reaching the right lane
on the right side of the intersection. The fewer steps
required to reach the goal, the higher the reward value.

Another factor that can be used as a metric is the
AWT. In practice, this metric can be roughly estimated
using the average length of episodes, because in the
environment developed, a training or validation episode
ends after successfully reaching the target intersection.
Thus, if the episode is completed successfully, the
average number of cards, seconds, or steps in such
episodes can be taken into account to find out how
optimally cars move through the intersection.

Another metric for evaluating traffic signals is the
average queue length at an intersection. This metric
measures the average queue length of vehicles that have
not yet crossed the intersection, for example, because they
are waiting for the traffic light to change, or because they
are waiting for the car in front of them to move.

In addition to metrics of the quality of the algorithms
in the validation environment, we can also consider
metrics of the training of the algorithms themselves.
While the loss function metric does not provide valuable
results when training DQN models, it is also possible to
obtain an estimate of the training time of the models
depending on their hyperparameters, and the number of
episodes or iterations or steps that are required to achieve
satisfactory results. Such metrics can help compare
algorithms in terms of training performance, which can be
valuable for selecting the fastest or cheapest algorithm to
train on much more complex environments.

5 RESULTS
Two different training approaches were used for the
algorithms: one where the reward function depended on
the AWT of vehicles at a red light, and another where it
instead depended on the AQL of vehicles at a red light.
Additionally, the PPO algorithm was trained using two
distinct traffic light control methods: a discrete approach,
where the algorithm selects the traffic light phase every
100 steps, and a continuous approach, where the
algorithm determines the duration (in steps) of each traffic
light phase. The DQN algorithm was trained only with a
discrete action space, as it tends to yield better results in
such settings and because most DQN implementations

support only discrete action spaces.
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The models were trained on these environments for
tens of thousands of iterations, where each iteration
represents a set number of steps. After every few
iterations the parameters of the models were saved to a
file, which allows comparing them individually for
validation in case the final models have a larger error
compared to the earlier ones. This is a common problem
with reinforcement learning algorithms (especially DQN),
known as catastrophic forgetting. This validation step also
compares the performance of all best models together
(chosen by the reward metric), to compare the AWT and
AQL metrics achieved by each of them.
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Figure 8 — Model training rewards with a discrete action space
(DQN)

The first set of experiments was performed in a
discrete action space where the DQN models could
choose one of the available states for the traffic lights, for
20,000 iterations. As a result, Figure 8 shows that the
DQN models, which were trained on the AWT metric,
achieved higher rewards, but this value on its own is not
meaningful, so it will be later compared during validation
for a better understanding of the model’s performance.
Notably, the models with a learning rate of 0.001
achieved the best results, while the ones with smaller
learning rates were more difficult to train. There is not a
significant difference between models with a decaying
learning rate and a constant learning rate. Although the
ones with learning rate decay, perform slightly better on
average, at least in this scenario.

The next graph demonstrates how PPO models with
various learning rates performed on the same scenarios.
It’s important to note that on Figure 6 models with a fixed
learning rate of 0.01 performed the best, regardless of
whether they were using AQL or AWT as the reward
metric. Once again, models trained on the AWT metric
received slightly higher rewards, but this time the
difference is much smaller than among the equivalent
DQN models.

Finally, PPO models trained on a continuous action
space show much faster improvement compared to the
ones that were trained on a discrete action space.
Allowing the algorithms to vary the length of the traffic
light phases had a positive effect on training. This time,
the learning rates did not have as significant of an impact
on training, however algorithms trained on the AWT
metric improve slightly less in 20,000 iterations than
equivalent algorithms trained on the AQL metric.

OPEN 8 ACCESS




p-ISSN 1607-3274 Pagioenexrponika, iHpopMaTuka, yrnpasminss. 2025.
e-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2025.

Ne 4
Ne 4

= ppo0_1_fixed_awt_4_0
=~ ppo0_01_fixed_awt_4_0
—— ppo0_001_fixed awt 4.0
ppol_fixed_awt_4 0
—— ppo0_01_fixed_aql_0
e, ppol_t_fixed_aql_0

—— ppo0_001_fixed_aql_0
\M ~— pool.fixed aql 0

-3004

Reward

-1000

-1500

Iterations

Figure 9 — Model training rewards with a discrete action space
(PPO)
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Figure 10 — Model training rewards with a continuous action

space (PPO)
As illustrated in the graphs Fig. 9 and Fig. 10, PPO
algorithms  exhibit  significantly  better  training

performance in this scenario, with reward functions
showing a more stable upward trend. This suggests that in
the context of traffic light control, DQN algorithms suffer
more from catastrophic forgetting, hindering their
performance.

In Fig. 8 we can also observe how the chosen reward
metric (AWT or AQL) impacted model performance
during validation. The models were validated over 10,000
simulation steps, during which AWT and AQL were
recorded. The models chosen here were the ones, which
had the highest, reward value among the ones trained
previously, since they were saved every few iterations, as
mentioned before. The Fig. 11 shows that algorithms
trained with different reward functions performed
distinctly: AWT-based reward functions led to lower

average waiting times, while AQL-based reward
functions minimized queue lengths, as expected.
6 DISCUSSION

The study was aimed at developing an algorithm to
optimize the control of traffic light phases at an
intersection. The existing body of work in the subject area
was analyzed, especially the papers that focused on deep
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reinforcement learning methods, as well as the existing
frameworks for traffic simulation.
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Figure 11 — Average queue length and average wait time

compared for different traffic light deep learning algorithms
with different reward functions

The research has underlined a few key challenges in
creating an optimal traffic light control system, such as
the development of a suitable training and testing
environment, working with imprecise data about a
vehicle’s position and velocity, scaling the system to a
larger real-life sized environment. To address these
challenges, a novel simulation environment was created
that allowed several approaches to be tested and
compared.

The results indicate that the dependence of the reward
function on the AWT and AQL metrics significantly
impacted the results of algorithm training. Specifically,
algorithms trained with the AWT metric in mind yielded
lower AWT values for cars at red lights, and vice versa
for those trained with the AQL metric. This highlights the
importance of selecting appropriate reward metrics
tailored to specific traffic management goals.

PPO algorithms trained on the traffic light control
scenario demonstrated more stable reward function
growth compared to DQN, indicating more consistent
learning. This suggests that PPO is better suited for traffic
light control tasks where training stability is critical. In
this context, DQN algorithms showed more pronounced
issues with catastrophic forgetting, further emphasizing
the advantages of PPO for this application.

Furthermore, PPO algorithms that operated in a
continuous action space, by controlling the duration of
traffic light phases, performed significantly better than
those using a discrete action space, where traffic light
decisions occurred at fixed intervals (every 200
simulation frames). This ability to fine-tune phase
durations in real-time contributes to improved traffic flow
and highlights the benefits of using continuous control in
traffic signal optimization.
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Comparing these findings to prior studies, earlier
research using DQN-based traffic light control showed
improvements over fixed-time signal systems. However,
this study builds on those results by demonstrating that
PPO models using continuous action spaces can further
improve performance in terms of AWT and queue length.
The novel traffic simulation environment developed in
this study enables detailed evaluation and comparison of
such algorithms, providing a valuable tool for future
research and potential real-world applications aimed at
optimizing traffic signal operations.

CONCLUSIONS

During the training of both DQN and PPO models for
traffic light control, a comparative analysis of AWT and
AQL metrics was conducted when calculating reward
functions. It was found that the reward function’s
dependence on AWT or AQL significantly influences
training outcomes. Specifically, algorithms trained with
AWT-based rewards achieved lower average waiting
times, and vice versa for AQL-based rewards.

PPO algorithms consistently performed better in each
traffic light control scenario, with more stable reward
progression. Again, this confirms that DQN algorithms
are more susceptible to catastrophic forgetting in this
context. Moreover, PPO algorithms trained with a
continuous action space, i.e., controlling the phase
duration of traffic lights, outperformed all discrete control
algorithms, which changed traffic light phases every 200
simulation frames.

These research results can be compared with previous
studies on this topic. In the first section, we reviewed
several works that utilized DQN or other Q-learning-
based algorithms for traffic management at intersections.
For instance, one study [12] examined DQN for traffic
light control at a signalized intersection, developing a
coordinated traffic signal control model that outperformed
a static signal optimized using the Synchro method. In
this thesis, similar DQN-based traffic light control
methods were compared with PPO-based methods,
including an analysis of discrete versus continuous action
spaces in reinforcement learning agents for this scenario.
It was found that the PPO algorithm developed by
OpenAl [15], with appropriate hyperparameters, delivers
superior results compared to DQN.

It is important to note that the findings presented here
are limited in scope. Each algorithm was trained only
once per set of hyperparameters over a fixed number of
iterations. While the trends in reward functions and
average episode lengths have been analyzed, these results
are not definitive. To draw more robust conclusions,
further studies involving more extensive experimentation
and more complex scenarios are necessary.

Additionally, the simulated environment in this study
focused solely on the intersection and did not account for
traffic signs, pedestrians, or adjacent road segments.
These simplifications represent key limitations, which
future research can address.
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The developed simulation environment offers a
flexible platform for future research, allowing for the
training and evaluation of various machine learning
algorithms beyond those explored in this study

Scientific Novelty: The research contributes to the
existing body of work on the subject of traffic control by
creating a novel computationally cheap environment for
testing several various traffic flow scenarios at a
signalized intersection. It also gives insights into how the
performance of PPO and DQN algorithms varies
depending on the model’s reward and the nature of the
action space.

Practical Significance: The results of this research
are relevant for transportation authorities, because they
provide insight into the way signalized urban intersections
can be optimized to allow for safer and more efficient
traffic flow.

Prospects for Further Research: Future work could
investigate alternative reinforcement learning approaches
or entirely different methodologies to enhance model
performance. Additionally, the simulated environment in
this study focused solely on the intersection and did not
account for traffic signs, pedestrians, or adjacent road
segments. These simplifications represent key limitations,
which future research can address.

Recommendations  for  Further  Research:
Expanding the scope to more realistic and challenging
driving scenarios, including the presence of pedestrians,
traffic signals, and complex road networks would provide
valuable insights. Moreover, exploring enhanced versions
of Q-learning or policy gradient methods tailored to these
environments could lead to more effective and adaptable
traffic control solutions.
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METOIA ONITUMI3AIIIf POBOTH CBITJIO®OPIB HA PET'YJIbOBAHUX INEPEXPECTSAX 3A JOITOMOT OFO
I'"IMBUHHOI'O HABYAHHA 3 NIAKPIIIVIEHHAM

Boiiko H. I. — kaHa. eKoHOM. HayK, OOLEHT, MOUEHT Kadenpu CucreMu LITy4HOro iHTenekTy, HauioHanbHUi yHIBepcHUTET
«JIpBiBCBKa MoMiTexHiKay, JIbBiB, YKpaiHa.

Moxkpuk S. JI. — acmipant xadenpu CucTeMu ITYyYHOTo iHTeNeKTy, HamionansHuii yHiBepcuTeT «JIbBIBChKa IMOJITEXHIKaY,
JIbBiB, YKpaiHa.

AHOTAIIA

AxTyanbHicTs. Ilepexpectst € HalOUTBII KPUTHYHOIO AITSHKOIO JIOPOKHBOI MEpexi, /I CIIOCTepiracThesl HaloOiIbIIa KiITbKICTh
3ITKHEHb Ta HAWJOBIIMH Yac O4YiKyBaHHS. Po3poOka ONTHMAaJbHHX METONIB KepyBaHHs CBiTJIIOQopaMH Ha peryjibOBaHUX
HepexpecTsiX HeoOXifHa Julsl MOKpAaIleHHS pPyXy TPAHCIOPTHOIO MHOTOKY Ha ICHYIOUMX MICBKHX IEpEeXpecTsiX, 3MEHILCHHS
HMOBIPHOCTI 3iTKHEHb, Yacy, HEOOXIZHOIo IJIsi HePEeTHHY MepeXpecTs, Ta MiABUIICHHs Oe3neku i BOAiiB i mimoxoni. Po3pobka
TaKOro AIrOPUTMY BHMMAarae MOJENIIOBAHHSA PyXy TpPAHCIOPTY Ta IOPIBHAHHA POOOTM PI3HMX MHiAXOAIB y 3MOJEIbOBAHOMY
CEPEIOBUILI.

Meta po6oTu € po3poOka eheKTHBHOI MOl TIIHOMHHOTO HaBYaHHS 3 miakpimuieHHsM (DRL), cipsimoBanoi Ha onTumizamiro
KepyBaHHS (a3aMu CBITIO(OpPIB HAa IEPEXPECcTX.

Metoa. Po3pobneno BiacHe cumymsniiine cepenosumie, cymicHe 3 OpenAl Gym, Ta IpOBEJEHO NOPIBHSHHS JIBOX THIIIB
QIrOpUTMIB: TIMOMHHI Q-Mepexi Ta MeToJ] onTHMi3auii OJIM3BKHMX CTpaTerid. AJITOPUTMH IPOTECTOBAHO HA HU3MLI CLEHApIiiB,
BKJIIOYAIOYH CLIEHapil 3 HETIepepBHUM Ta AUCKPETHUM IIPOCTOPAMHU Ail, e Habip ii, SKi MOKe BUKOHATH areHT, pe/ICTaBIeHUiT abo
pisHuMu cranamu cBiTiiodopa, abo TpuBanicTio (a3 curHamy cBitiaodopa. Ilig yac HaBYaHHsS TaKOX HATAIITOBYBAJHCS pPi3HI
rineprnapameTpH Ta po3IIIANAINCS Pi3HI METPUKH BUHATOPOIM I MOJIENC: cepe/iHii Yyac OuiKyBaHHS Ta CepeiHs JOBXHUHA YEpPTH.
Po3pobiiene cepenoBuile BHHATOPOKY€E areHTa il 4ac HaBYaHHS BIIIOBIIHO 10 OHIET 3 00paHUX METPHUK, a TAKOXK mTpadye Horo
32 MOPYLICHHS IPABHJI JOPOKHBOTO PYXY.

PesyansTaTtn. IIpoBeneHo neranbHUM aHami3 pesynbrariB TecTyBaHHS anropurmiB DQN Ta PPO. 3aranom, anroputmu PPO
JEMOHCTPYIOTh OLIbII CTaOLIbHE ITOKpANIeHHS IiJ Yac HaBYaHHsA, ToAl sk anroputMu DQN Oimbmne cTpaXkaloTh Binx mpobiiemMu
KaTacTpodiyHoro 3abyBaHHs. 3MiHA (YHKLIi BUHATOPOAW JO03BOJISIE ANTOPUTMAaM MIHIMI3yBaTH Pi3HI METPHKH Il 4ac HaBYAHHS.
Po3pobiene Mozeniooue cepeloBHIe MOXKe OyTH BHKOPHCTaHE B MailOyTHHOMY JUIsS TECTYyBaHHS IHIIMX THUIIB aJTOPUTMIB Ha Til
caMiii 3aa4i, i BOHO € 3HAQYHO MEHII 3aTPAaTHHM B OOYMCIIIOBAJILHOMY IUIAHI MOPIBHSHO 3 iCHYOYMMH pimieHHsaMu. OTpumani
Pe3yJIbTaTH MiAKPECTIOITh HEOOXITHICTh HOCII/DKEHHS 1HIINX METOAIB KepyBaHHs CBITIOGOpaMH, sKi MOXKYTb OyTH iHTerpoBaHi 3
peanbHUMU CBITIIOQOPHUMH CHCTEMaMH Uil OLTBII ONITUMAIIBHOTO Ta OE3MEYHOr0 PyXy TPAHCIIOPTHUX MOTOKIB.

BucHoBku. JlocnmimKeHHS HaAajao TMOPIBHSAHHS PI3HUX METONIB YHpAaBIiHHS CBITIO()OpaMH Ha PETYIHOBAHOMY MiCBKOMY
IepexpecTi, NPOTECTYBalO Pi3HI CHOCOOM 3a0XOYEHHS MOJENeH IiJ Jac HaBYAaHHS Ta IPOaHANI3yBalo BIUIUB, SIKMH IIe Mae Ha
TpaHcHoOpTHHI NOTIiK. Po3pobiiene cepenoBume OyJio JOCHUTH NMPOCTHM JUIS LiIeH JOCIIDKEHHS, IO € I[IHHMM depe3 BeJHKi
00YHMCITIOBaNBHI BUMOTH CaMUX MOJIelieH, ane B MaiOyTHbOMY HOIO MOKHA BJIOCKOHAJIMTH, PO3LIMPUBINK HOTO OLIBLI CKIQIHUMHU
(GYHKLISIME MOJISITIOBAHHS, TAKMMHU SIK Pi3HI TUIH IIEPEXPECTh, SIKi HE € MICBKUMHM, CTBOPEHHS JOPOXKHBOT MEPEXKi MepexpecTb, sSKi
Oynu 6 3’enHaHi MK cOo0O0I0, TOAABAHHS MIIIOXIJHAX HEPEXOMiB TOLO. Y MaiHOyTHbOMY IUIAHY€ETHCS BIOCKOHAIHMTH CEPEIOBHUIIE
MOJICIIIOBAHHS, PO3IIMPUTH CIEKTP PO3MJISHYTHUX AITOPUTMIB, POIVIIHYTH MOXJIMBICTH BUKOPHCTAHHS MOJENEH Ul KepyBaHHS
TPaHCHOPTHUMH 3aC00aMH Ha OJATOK 10 KEPyBaHHS CBITIIO(POpaMH.

KJIFOYOBI CJIOBA: naByaHHS 3 MiAKPIIUICHHSM, CHTHATI30BaHi IepeXxpecTs, KepyBaHHSI TPAHCIOPTOM, METOJ ONTHUMi3amii
ONMM3BKUX cTpaTerii, rmuonHHe Q-HaBUaHHS.
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