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This paper addresses the problem of adaptive traffic signal control
with joint consideration of vehicle and pedestrian flows. A Deep Q-
Network-based method is proposed, in which the agent decides
whether to keep the current traffic signal phase or switch to the next
one based on the current state of the intersection. This state includes
traffic lane congestion, the number of pedestrians in the crossing
zone, and the current control phase. The main contribution of the
paper is the development of a multi-component adaptive reward
function. It includes vehicle delays, pedestrian waiting times, inter-
section capacity, and a penalty for excessive phase switching. When
pedestrians accumulate in the crossing area, the pedestrian-related
component of the reward is increased. The experimental evaluation
was carried out in the SUMO microscopic traffic simulation environ-
ment. The proposed method was compared with fixed traffic light
control. The results showed a reduction in average pedestrian and
vehicle wait times, shorter queue lengths, and an increase in inter-
section capacity. These results confirm that reinforcement learning
combined with an adaptive reward function can be used for more
flexible and balanced urban intersection management.
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Introduction

With increasing motorization and growing pressure on urban
transport infrastructure, improving traffic management efficiency
has become an important research and practical problem.

Traditional traffic signal control systems, based on fixed
phase switching cycles, do not take into account the current traf-
fic situation, leading to increased waiting times for vehicles and
pedestrians, longer queues, and reduced intersection capacity.

Modern intelligent transport systems actively utilize machine
learning and computer vision methods to analyze traffic situa-
tions in real time [1]. Of particular interest is the use of rein-
forcement learning, in which a control agent forms a control
strategy based on interactions with the environment. Unlike pre-
defined algorithms, this approach allows for adaptive traffic
flow, accounting for queue accumulation, and minimizing over-
all time losses [2].

Despite a significant amount of research in the field of adap-
tive intersection control, most existing work focuses primarily on
optimizing traffic flows without explicitly considering pedestrian
traffic. This limits the applicability of such solutions in urban
environments, where the interests of all road users must be taken
into account.

This raises the challenge of developing management methods
that would jointly optimize traffic and pedestrian flows within a
single model. This approach not only increases intersection ca-
pacity but also ensures more balanced management of various
road users.

The aim of this paper is to develop and evaluate a method for
adaptive traffic light control based on reinforcement learning,
taking into account vehicle and pedestrian flows. To achieve this
goal, the following tasks are addressed:

¢ developing a state model of a signalized intersection;

o developing a reward function that takes into account the de-
lays of various traffic participants;

e constructing an algorithm for selecting control actions;

e experimentally evaluating the effectiveness of the proposed
approach.

The main contribution of this paper lies not in the application
of DQN to the traffic light control problem itself, but in the con-
struction of a learning scheme with a multi-component adaptive
reward function. Unlike vehicle-centric approaches, the proposed
function explicitly accounts for pedestrian delays, dynamically
enhances the pedestrian component as people accumulate in the
crossing zone, and additionally penalizes excessive phase switch-
ing. This allows the agent to learn not only to increase through-
put but also to maintain a balance between vehicle and pedestrian
flows.

The practical significance of this paper lies in the potential
application of the proposed approach to the development of intel-
ligent traffic management systems within the framework of smart
city concepts [3].

1. Related work

The development of traffic signal control methods has
evolved from rigid fixed cycles to adaptive systems that use data
on the current state of the transport network [4]. Classic ap-
proaches rely on predetermined phase plans and work well only
under conditions of relatively stable demand. When traffic vol-

ume fluctuates unevenly, such schemes quickly lose effective-
ness: green time may be allocated to a lightly loaded route, while
queues form on other routes. This is why intelligent transport
systems are increasingly focusing on methods that can adjust
control based on the observed traffic situation.

Adaptive control systems, such as SCATS and SCOOT, have
become important steps in this direction. They use data from
road sensors and allow traffic signal control parameters to be
modified based on the current traffic load. These solutions have
demonstrated that the transition from fixed cycles to adaptive
control does indeed reduce delays and improve throughput.
However, such systems are typically based on heuristic rules,
statistical models, or local optimization. They require manual
tuning and are not always well-suited to new traffic scenarios.
There's a lack of flexibility.

Reinforcement learning methods have seen significant devel-
opment in recent years. In this approach, a traffic light is consid-
ered an agent that observes the state of the intersection, chooses
an action, and receives a reward for its performance [5]. This
approach eliminates the need to manually specify a switching
policy, instead deriving it through interaction with the environ-
ment. Value-based methods, particularly DQN and its modifica-
tions, were most frequently used in early studies. They are suita-
ble for problems with a discrete set of actions, such as choosing
between maintaining the current phase and switching to the next.
However, the performance of such methods depends heavily on
how the state and reward function are defined. If the state reflects
one aspect of the traffic flow, while the reward optimizes anoth-
er, learning becomes less robust.

Modern research is gradually moving away from simple sin-
gle-node approaches. For single intersections, Double DQN,
Dueling DQN, PPO, and other deep reinforcement learning ap-
proaches are increasingly being used to improve training stability
and accelerate convergence. For example, several studies have
shown that improving the agent architecture, using a prioritized
experience buffer, or switching to actor-critic methods can reduce
average waiting times and queue lengths compared to fixed-time
control and classical adaptive heuristics. However, such solutions
are primarily focused on vehicle traffic flow. Pedestrians are either
not considered or are only indirectly included.

A separate line of research concerns intersection network
management. Here, the problem becomes more complex: the
decision of one traffic light affects neighboring nodes, and a lo-
cally optimal action can worsen the condition of the entire traffic
corridor. To address this problem, multi-agent reinforcement
learning, graph neural networks, and inter-agent communication
mechanisms are being used. In such approaches, each intersec-
tion can be treated as a separate agent, and information exchange
between agents allows for the propagation of queues and the
interaction of phases to be taken into account. Graph models
additionally provide the ability to describe the network topology
and the differences between intersections. This is an important
step forward, especially for urban networks. However, the price
of such flexibility is high: architectures become more complex,
the need for communication between nodes increases, and trans-
ferring the model to another network requires additional testing.

Another area of research concerns the portability and general-
izability of models. Federated learning, transfer learning, and
methods that allow for training control systems for more than
just one specific intersection configuration are increasingly dis-
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cussed in the literature. This stems from a practical problem: a
model that performs well in simulation for one network may
perform poorly when the geometry, traffic volume, or phase set
changes. Federated and graph approaches partially address this
problem by allowing knowledge exchange between nodes or
regions without transferring raw data. However, most of these
solutions are still primarily tested in simulators. Real-world im-
plementation remains rare.

Research that considers not only cars but also pedestrians is
particularly important for this work. In an urban environment,
traffic signal control cannot be viewed solely as a task of mini-
mizing traffic delays. If only vehicle flow is optimized, the sys-
tem may generate a strategy that is convenient for cars but un-
comfortable or unsafe for pedestrians. Some studies propose pe-
destrian-aware approaches, where the objective function includes
the total user delay or the safety indicators of pedestrian-vehicle
conflicts. These studies demonstrate that explicitly considering
the pedestrian component changes the nature of control and al-
lows for more balanced decisions. However, such studies are
significantly fewer in number than vehicle-centric approaches.
This is a significant gap in the field.

Integrating computer vision also remains an important, but
not entirely resolved, problem. Most reinforcement learning al-
gorithms in traffic signal control use data obtained from a simu-
lator or from idealized sensors: queue lengths, speeds, lane occu-
pancy, and the number of vehicles. In a real urban environment,
such data is often obtained from cameras, requiring a link be-
tween the perception and decision-making modules. There are
studies where control is based on visual data or end-to-end pro-
cessing of video streams. However, this area is still less mature
than research based on features directly extracted from SUMO or
detector data. Computer vision is especially rarely combined
with explicit consideration of pedestrian flows in the reward
function.

A general comparison of the approaches considered is pro-
vided in Table 1. While the table does not claim to be a compre-
hensive coverage of the literature on the topic, it highlights the
key point: while most modern approaches have developed the
algorithmic component of control well, the pedestrian component
and visual perception data are still used infrequently.
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. Limited number of
[16] Pedestrian- 1 intersection | Yes scenarios and topol-
aware DRL ;
ogies
A developed infra-
Safety- . . structure  of con-
(17 oriented DRL lintersection | Yes nected vehicles is
required
The complexity of
Vision-based . . Partial- |the transition from
[18, 19] 1 intersection . .
control ly simulation to a real
environment
DQN  with
The multi- Requires further
proposed | component 1 intersection | Yes expansion to the
approach | reward func- intersection network
tion

Table 1
Comparison of approaches to adaptive control of traffic lights
Pedes-
Source |Method Scale trlan' Main limitation
consid-
eration
[6] Double DQN |1 intersection | No Focu§ on_ transport
metrics
[7] PN-D3QN 1 intersection |No No network coordi-
nation
Pedestrian flows are
[8] PPO 1 intersection | No not included in the
model
MARL, a}gent Network  of !ncreasmg co.mplex—
[9,10] |communica- |. . No ity of architecture
. Intersections
tion and data exchange
[11-13] Graph Network  of No High complexity of
MARL intersections the graph model
[14,15] |Federated RL Several net- No T.estmg. primarily in
works simulation

The comparison shows that reinforcement learning has al-
ready become one of the main tools for adaptive traffic signal
control [20]. The most advanced approaches are related to multi-
agent coordination, graph models, policy portability, and multi-
objective optimization [21].

However, an important limitation remains: most work still
focuses on vehicular metrics [22]. Pedestrian flows are consid-
ered less frequently, and the integration of computer vision data
into the decision-making loop is usually considered separately
from the problem of balancing vehicle and pedestrian delays.

The proposed method uses reinforcement learning to control
a traffic signal, but the reward function is formed based on more
than just vehicle metrics. It includes pedestrian delays, through-
put, and penalties for excessive phase changes. This approach
allows intersection control to be viewed as a problem of balanc-
ing multiple types of traffic participants, rather than as optimiz-
ing a single vehicle flow.

2. Problem statement

We consider a signalized intersection where vehicle and pe-
destrian traffic fluctuate over time. Traffic signal control is per-
formed discretely: at each simulation step, the system receives
information about the current state of the intersection and makes
a decision to maintain or change the current phase. This setup
aligns well with reinforcement learning problems, where the con-
trol agent sequentially interacts with the environment and adjusts
its strategy based on the results of previous actions.

The problem is formalized as a Markov decision process:

(S,4,P,R),

where S is the set of environment states, 4 is the set of admissi-
ble actions, P is the state transition function, and R is the reward
function. In this paper, the transition function is not defined ana-
lytically: it is determined by the dynamics of the transport envi-
ronment in SUMO. The agent observes only the current state,
applies an action, and receives a new state along with the reward
value.

The state of the environment at time # is defined by the vector

S; = s fysees Ty Py B3

where 7, is the number of vehicles in the i-th traffic lane, p is

the number of pedestrians in the crossing zone, and ¢ is the

—;
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current traffic light phase. Thus, the agent obtains a compact
description of the intersection: lane occupancy, pedestrian activi-
ty, and the current traffic light mode. The state vector has 14
dimensions.

Before feeding the values of 7, and p into the neural net-

work model, they are normalized. This is necessary not only to
speed up training. With different scales of input features, the
network may overestimate some state components and largely
ignore others. Normalization reduces this effect and makes learn-
ing more robust.

The agent's action set is defined as

A={a,,a,},

where @, means maintaining the current phase, and @, switch-

ing to the next phase. This discrete set of actions was chosen
deliberately. It simplifies control and makes the problem suitable
for DQN, while still preserving the core control logic: the agent
decides whether the current phase is sufficient to remain active
or whether the traffic situation already requires switching.

In a real system, a traffic light cannot change phases arbitrari-
ly frequently. This would create unstable control and could
worsen traffic safety. Therefore, a minimum phase duration con-
straint is introduced. If a phase is active for less than the speci-
fied time, the switching action is blocked or considered undesir-
able. Additionally, a penalty for excessive switching is included
in the reward function.

The reward function must reflect several goals simultaneous-
ly [23]. It is necessary to reduce vehicle waiting times, prevent
excessive pedestrian waiting times, maintain intersection capaci-
ty, and avoid excessively frequent phase changes. The following
reward form is used in this work:

R =—aW,—~ W, +nQ+SP,, ~ S

rio switch >

where W. is the total waiting time of vehicles, W, is the total
waiting time of pedestrians, Q is the number of objects that
passed the intersection per simulation step, P is the pedestrian

flow priority coefficient, and S

switch

is the phase switching penal-

ty. The coefficients o, f, 7, 0 and A determine the relative

importance of individual components.
Pedestrian priority is introduced not as a constant bonus, but
as a response to the accumulation of pedestrian flow:

Pprio = {1, p=Pu
k: prth’

where p, is the pedestrian threshold, and k£ > 1 is the priority

gain coefficient. This scheme avoids giving excessive priority to
the pedestrian phase when the number of people is small, but
increases its influence when the wait at the crossing becomes
noticeable. It's a simple mechanism, but it makes the control less
car-centric.

Additionally, the £ coefficient, which is responsible for the
penalty for waiting for pedestrians, can be adjusted. If the num-

ber of pedestrians exceeds the threshold, the weight of the pedes-
trian delay increases:

p<pth5

_ ﬁ,
ﬂt—{ P2 Dy

B-kg,

where kﬂ >1 is the gain. In this case, the reward function be-

comes adaptive: it changes the balance of objectives depending
on the current situation at the intersection.

The agent's goal is to find a strategy 7 that maximizes the
expected discounted reward sum:

max E[Zw: 7'R } ,

t=0

where ¥ is the discount factor. The optimal strategy should not

minimize a single metric, but rather balance between vehicle
delays, pedestrian waiting times, throughput, and phase switch-
ing stability.

The Deep Q-Network algorithm is used to solve the problem.
It approximates the action value function

0(s,a;0),

where @ are the neural network parameters. The choice of DQN
is due to the fact that the action space in the considered setting is
discrete, and the state has a fixed dimension. This allows for the
use of a relatively simple agent architecture and its training di-
rectly through interaction with the simulated environment.

3. Proposed method

This paper proposes a method for adaptive traffic light con-
trol based on the Deep Q-Network algorithm. Its core idea is to
replace the predefined phase switching logic with a strategy that
evolves as the agent interacts with the traffic environment. The
agent receives the current intersection state, evaluates possible
actions, and selects one. The environment then transitions to a
new state, and the agent receives the value of the reward func-
tion. This gradually forms a control policy.

The overall design of the method includes several intercon-
nected components: a simulation environment, a data collection
module, a state generation module, a DQN agent, a control ac-
tion application mechanism, and a reward calculation unit. SU-
MO is used as the traffic environment, and data exchange be-
tween the simulator and the control algorithm is accomplished
via the TraCl interface [24]. This separation is convenient: SU-
MO is responsible for traffic dynamics, while the Python control
module implements the learning algorithm and action selection.

At each simulation step, the system reads data on the number
of vehicles in the traffic lanes and the number of pedestrians in
the crossing zone. These values are combined with the current

traffic light phase to form a state vector, §,. The vector is then

fed to a neural network model, which returns estimates,
Q(st, a), for the permissible actions. If the agent selects the

phase-maintaining action, the traffic light continues to operate in
its current mode. If the phase-switching action is selected, a
phase-change command is sent via TraCl. A minimum phase
duration constraint is also checked to prevent excessively fre-
quent phase-switching.

The DQN agent architecture is compact. The input layer has a
dimension of 14, corresponding to the number of features in the
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state vector. Next, two fully connected hidden layers with 64
neurons each and a ReLU activation function are used. The out-
put layer contains two neurons, each corresponding to one agent
action: @, maintain the current phase, @, switch the phase.

Action selection in operational mode is performed according
to the rule

a, =argmax QJ(s,,a;0),
acA

where @ are the parameters of the underlying neural network.

During training, a & -greedy strategy is used. With probabil-
ity &, the agent chooses a random action, and with probability
1—¢, the action with the maximum value of the Q-function. At
the beginning of training, a large & value allows the agent to
explore different behavioral options. Then, it gradually decreas-
es, and the agent increasingly uses its accumulated experience.
This is a simple mechanism, but without it, the model quickly
gets stuck in a random local strategy.

To improve the stability of training, an experience replay
buffer is used. Transitions of the form

(s,,a,R,s,.,,d),

T+

where d, is the end-of-episode indicator. Training is performed not

on consecutive observations, but on random mini-samples from the
buffer. This reduces the correlation between adjacent states, and the
neural network receives more diverse examples. This is important
for a transport environment: states in it often change smoothly, and
training only on adjacent steps makes the model less stable.

In addition to the main network, a target network with pa-

rameters & is used. It is updated less frequently than the main
model and is used to calculate target values. For a transition from
the buffer, the target value is specified as

R, d =1,

Y= R, +y max 0(s,,,a307), d, =0.
The main network parameters are then updated by minimiz-
ing the error between the current estimate ((s,,a,;0) and the

target value y,. The Huber loss is used as the loss function, as it

is less sensitive to outliers than the mean squared error.

The DQN agent training process can be described by the fol-
lowing sequence of steps:

1. The SUMO environment and the TraCl interface are ini-
tialized.

2. The main network ((s,a;6) and the target network

O(s,a;0") are initialized.

3. A replay buffer is created.
4. At the beginning of each episode, the environment is ini-

tialized to S, .

5. At each simulation step, the agent selects an action @, us-

ing the & -greedy strategy.
6. The selected action is applied to the traffic light object via
TraCl.

7. The environment transitions to a new state § after

t+1°

which the reward R, is calculated.

—;
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a,R.,s

8. The transition (s,,a,,R,,s,,,,

d,) is saved in the experi-

ence buffer.

9. Based on a random mini-sample from the buffer, the main
network parameters are updated.

10. After a specified number of steps, the target network is

updated: 6~ <« 6.

11. At the end of the episode, the value of & is decreased.

The unique feature of the proposed method lies not only in
the use of DQN, but also in the way the training signal is gener-
ated. The reward function takes into account vehicle wait times,
pedestrian wait times, throughput, and penalties for excessive
switching. Therefore, the agent is not trained to maximize vehi-
cle flow alone. It is forced to find a compromise. Sometimes, it is
more advantageous to maintain the current phase to relieve the
accumulated vehicle queue. In other situations, it is better to
switch earlier and prevent excessive pedestrian wait times. This
is precisely the logic required for an urban intersection.

An additional advantage of the method is that it allows for the
integration of different data sources. In a simulated environment,
vehicle information can come from SUMO detectors, while in a
more practical setting, a similar state vector can be generated
based on camera data or computer vision models [25]. This al-
lows the proposed approach to be considered as a basis for fur-
ther transition from simulation testing to more realistic intelligent
traffic management scenarios.

Thus, the proposed scheme differs from the basic DQN ap-
proach in the structure of the training signal. The agent is re-
warded not only for reducing transport delays but also for reduc-
ing pedestrian wait times and for maintaining the stability of the
phase control. When the pedestrian count exceeds a specified
threshold, the contribution of pedestrian delays increases, allow-
ing the control to adapt to local pedestrian flow accumulation.

4. Experimental part

The proposed method was tested using the SUMO micro-
scopic modeling environment. A signalized intersection with
four traffic directions was constructed. Each direction included
three lanes, allowing for separate consideration of the traffic load
on the approaches to the intersection. In addition to vehicles,
pedestrian flows crossing the roadway at signalized crossings
were added to the model.

Traffic signal control was performed via the TraCl interface.
At each simulation step, the control module received data on the
intersection state, generated an input vector for the DQN agent,
and applied the selected action to the traffic signal. The state
vector included the number of vehicles in the 12 lanes, the num-
ber of pedestrians in the crossing zone, and the current traffic
signal phase. Thus, the agent made decisions based on the cur-
rent traffic situation rather than on a predetermined schedule.

Fixed control was used as the baseline method. In this mode,
phases switched according to a predetermined cycle and were
independent of the observed number of vehicles or pedestrians.
The comparison was conducted using the same network topolo-
gy, the same traffic routes, and the same simulation duration.
This allows us to evaluate the impact of the control algorithm,
rather than differences in the experimental conditions.

The main parameters of the experimental setup are presented
in Table 2. The parameter values must be the same for all com-
pared runs.




TRANSPORT

Table 2
Parameters of the experimental setup
Parameter Value
Simulation environment SUMO
Network type One controlled intersection
Number of directions 4
Number of lanes 12
Pedestrian Crossings Controlled Cro.ssmgs at Inter-
sections

Phase diagram

Two main phases: movement
in one direction and switch-
ing to the next phase

dicates whether gains are achieved at the expense of poor condi-
tions for pedestrians. Queue length reflects the accumulation of
congestion, while throughput measures how many vehicles pass
through the intersection per unit of time.

The results of the comparison of fixed and adaptive control
are presented in Table 4. The values are presented as averages
over a series of independent runs with standard deviations. This
format allows us to evaluate not only the average gain of the
adaptive control but also the robustness of the results.

Minimum phase duration 10 s
Duration of one episode 1000 simulation steps
Simulation step ls
Number of training episodes 100

Number of experiment repetitions 5

Load Scenarios Low, Medium, High Intensity

Basic Method Fixed Traffic Light Cycle

DQN control with multi-
component reward

Comparison method

The parameters of the DQN agent are given in Table 3. Their
specification is important for reproducibility, since the quality of
training significantly depends on the buffer size, learning rate,
discount factor, and & reduction strategy.

Table 4
Comparison of fixed and adaptive control, mean = standard
deviation
Metric Fixed control Adaptive control

Average Wamng time 450+2.1 250+ 1.6
for pedestrians, steps
Average waiting time 600428 420420
for transport, steps
Total queue length, m 180.0+ 7.4 120.0 + 5.6
Throughput, veh/min 50.0+ 1.9 65.0+23

Additionally, the method was tested at different traffic levels.
This breakdown is important, as a strategy effective at moderate
traffic flow may perform less well at a saturated intersection.
Table 5 shows the results for low, medium, and high traffic vol-
umes.

Table 3 Table 5
DQN agent parameters Comparison of control methods at different load levels,
Parameter Value mean + standard deviation
Dimension of t.he input state 14 Pedestrian | Vehicle
Npmber of actions 2 Scenario |Method| waiting, waiting, | Queue, m Through.p ut,
Hldflenllayers . 2 layers of 64 neurons each steps steps veh/min
Activation function RelL.U Low load | DQN | 31.0+ 1.5 [39.0£20] 96048 | 38.0% .4
Optimizer Adam Lowload | Fix [ 20.0+12 [30.0+1.7] 72.0+3.9 | 44.0+ 1.6
Learning rate 0.001 Average
Discount factor 0.95 ond DON | 450+2.1 |60.0+2.8|180.0£7.4| 50.0+1.9
I;ﬁplaY buffer size _ 10000 transitions Average | gy | 2504 1.6 |42.042.0|120.0£5.6| 65.0+2.3
he size of the mini-sample (batch 3 load

size) High load]| DON | 62.0+3.4 [84.0£4.6|255.0+11.2| 56.0+2.4
Minimum buffer size before training 1000 transitions High load| Fix 38.0+2.7 [61.0£3.5|178.0+8.9| 72.0+2.8
Loss function Huber loss
Initial value & 1.0 Table 5 shows that as load increases, the absolute values of
Minimum value & 0.01 delays and queue lengths increase, but the adaptive scheme
The rate of decrease & 0.005 maintains control over the intersection. The effect is most notice-
Target network update frequency every 10 episodes able in medium- and high-load scenarios, where the fixed cycle

Routes were generated using standard SUMO tools. The
model included cars, buses, trucks, and pedestrians. To test the
algorithm's robustness, scenarios with varying traffic volumes
were considered: low, medium, and high. In the baseline experi-
ment, the results were aggregated across all runs, allowing for an
averaged assessment of the method's effectiveness.

Four metrics were used to evaluate traffic quality:

e  average vehicle waiting time;

e  average pedestrian waiting time;

e total vehicle queue length;

e  intersection throughput.

These metrics were chosen because they reflect different as-
pects of traffic signal operation. Vehicle waiting time character-
izes the efficiency of vehicle traffic. Pedestrian waiting time in-

leads to queue accumulation more quickly.

For a visual comparison of these same indicators, the diagram
shown in Figure 1 is shown. It demonstrates that adaptive control
reduces the values of metrics related to waiting and queues while
simultaneously increasing throughput.

Table 4 and Figure 1 show that adaptive control improves all
the metrics analyzed. Average pedestrian wait time is reduced
from 45 to 25 steps, a reduction of approximately 44%. Vehicle
wait time is reduced from 60 to 42 steps, a 30% reduction. The
total queue length is reduced from 180 to 120 meters. Through-
put increases from 50 to 65 vehicles per minute.

To evaluate the learning process, the total reward dynamics were
plotted across episodes. This graph allows us to verify whether the
agent is developing a stable control strategy, rather than simply ex-
periencing random improvements in individual runs.

e
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Fig. 1. Comparison of the performance indicators of fixed and adaptive
control

DQN Agent Cumulative Reward Dynamics by Training Episode

—254

—1004

Cumulative reward

-125+

—150 +

=175

Episode

Fig. 2. Dynamics of the total reward of the DQN agent by training
episodes

As can be seen from Figure 2, the reward value changes un-
stably in the initial episodes, which is due to the high proportion
of random actions in the & -greedy strategy. As & decreases, the
agent more frequently utilizes its accumulated experience, and
the total reward gradually stabilizes. This indicates the develop-
ment of a more stable control policy.

The obtained values should be considered the result of an ini-
tial simulation test. They demonstrate the viability of the pro-
posed approach but do not constitute exhaustive proof of its su-
periority under all conditions. For a more rigorous evaluation, it
is necessary to expand the experiment: add several load scenari-
os, compare the method not only with a fixed cycle but also with
other adaptive or RL-based algorithms, and also report the spread
of results across independent runs.

This result is due to the fact that the agent does not follow a
fixed cycle but reacts to the current state of the intersection. If a
queue forms in one direction, the strategy can hold the corre-
sponding phase longer. If pedestrians accumulate at a crossing,
the reward function increases the weight of pedestrian waiting
time, and the agent is incentivized to give a green light more
quickly. This improves not only traffic but also pedestrian per-
formance.

TRANSPORT

5. Analysis of results

The results show that adaptive control reduces delays for both
vehicles and pedestrians. This is an important point: the im-
provement is achieved not by redistributing waiting time from
one group of road users to another, but by more flexible use of
traffic light phases.

A fixed cycle predetermines the signal duration and does not
react to actual queue buildup. A DQN agent, in contrast, uses the
current state of the intersection and can change its behavior de-
pending on the situation.

The standard deviation in Table 4 allows us to assess the ro-
bustness of the method. If the spread of values for adaptive con-
trol remains moderate, we can conclude not only that the average
result has improved but also that the effect is reproducible. This
is especially important for reinforcement learning problems,
where the final policy may depend on the initial network initiali-
zation, the order of observations, and random actions during the
exploration phase.

Dividing the experiments by load scenarios reveals the condi-
tions under which adaptive control yields the greatest gains. At
low traffic loads, the difference between the methods is usually
smaller, since the fixed cycle does not yet introduce significant
losses. At medium and high loads, the advantage of the DQN
agent becomes more noticeable: the system encounters queues
and pedestrians more frequently, providing more opportunities
for adaptive phase reallocation.

The most noticeable improvement is observed in pedestrian
waiting times. This is due to the fact that pedestrian flow is ex-
plicitly included in the environment state and the reward func-
tion. As the number of pedestrians in the crossing zone increases,
the contribution of pedestrian delay to the overall learning signal
increases. As a result, it becomes unprofitable for the agent to
hold the vehicle phase for a long time if a group of people has
already formed at the crossing. Simple logic, but for an urban
intersection, it is crucial.

The reduction in vehicle waiting times is explained by anoth-
er aspect of the same adaptivity. The agent takes lane congestion
into account and can maintain the current phase if a significant
flow of vehicles is passing through it. In a fixed-time control
system, this is not possible: switching occurs according to a
schedule, even if one direction is already empty and the other is
congested. Therefore, some of the green time is wasted. In the
adaptive mode, it is used more efficiently.

The reduction in the total queue length is due to the agent not
only reacting to the accumulated delay but also gradually learn-
ing to avoid states in which the queue begins to grow rapidly.
The experience replay buffer allows for the use of previous situa-
tions when updating the model, and the target network stabilizes
learning. Therefore, the strategy becomes not simply reactive,
but more stable over time.

The penalty for phase switching is particularly noteworthy.
Without such a restriction, the agent might choose excessively
frequent signal changes, attempting to instantly react to every
small flow change. In practice, this is bad behavior: it creates
instability, increases time losses during transition phases, and can
degrade safety. Adding a penalty makes the policy more relaxed.
The agent switches phases only when it provides a significant
benefit to the overall reward function.
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However, the results should not be overestimated. The exper-
iment was conducted for a single signalized intersection, so it
cannot yet be concluded that the same policy, without modifica-
tion, would be effective for a network of intersections. In a mul-
ti-intersection system, additional effects arise: queue propagation
between nodes, the need for phase coordination, the influence of
adjacent traffic lights, and the heterogeneity of the road topolo-
gy. This is a separate issue.

Another limitation is related to the quality of the input data.
In the simulation, the agent receives fairly accurate information
on the number of vehicles and pedestrians. In a real environment,
this data may be obtained from cameras or other sensors, mean-
ing it will contain detection errors, omissions, false alarms, and
transmission delays. Such uncertainty can impact the quality of
control. Therefore, before practical application, the method needs
to be further tested under noisy observation conditions.

Despite these limitations, the experiment confirms the viabil-
ity of the proposed approach. The multi-component reward func-
tion allows the agent to consider not just a single metric, but sev-
eral related objectives: vehicle delays, pedestrian waiting times,
throughput, and phase switching stability. This makes the sys-
tem's behavior more balanced than with fixed-priority control.

Conclusion

This paper examines the problem of adaptive traffic signal con-
trol, simultaneously accounting for vehicle and pedestrian flows. A
reinforcement learning-based method is proposed, in which the
control agent uses intersection conditions, including lane occupan-
cy, pedestrian count, and the current traffic signal phase. A Deep
Q-Network algorithm is used to select control actions.

The key element of the method is a multi-component reward
function. It includes vehicle delays, pedestrian waiting times, in-
tersection capacity, and a penalty for excessive phase changes.
This formulation allows the agent to not simply reduce vehicle
queues but also to seek a more balanced control strategy. This is
important for urban environments, where the effectiveness of traf-
fic signal control cannot be assessed solely by transport metrics.

Experimental testing in the SUMO environment demonstrat-
ed the advantages of adaptive control over fixed-cycle control.
The average pedestrian wait time decreased from 45 to 25 steps,
vehicle wait time from 60 to 42 steps, the total queue length de-
creased from 180 to 120 meters, and throughput increased from
50 to 65 vehicles per minute. These results demonstrate that in-
corporating the pedestrian component into the reward function
does influence agent behavior and helps avoid a vehicle-centric
control strategy.

However, the work has limitations. The experiments were
conducted for a single signalized intersection in a simulation
environment, so further testing should include more complex
road networks, multiple interacting traffic signals, and scenarios
with noisy input data. A promising direction is to expand the
method to multi-agent settings, as well as integrate computer
vision data to generate environmental state in conditions closer
to real urban infrastructure.
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AHHOTaUUA

B pabote paccmatpuBaertca 3ajada aZjanTUBHOTO yMpaBiieHUs CBETOMOPHLIM OBLEKTOM C COBMECTHbIM YYETOM TPAHCMOPTHBLIX M MELLEXOAHbIX MOTOKOB.
MpeanoxeH MeTos, ocHoOBaHHbIM Ha anroputMe Deep Q-Network, B KOTOPOM areHT MpUHMMAeT peLUEHWE O COXPaHEHUWM WM MepekrsioHveHnn ¢asbl
cBeTodopa Ha OCHOBE TEKYLLLEro CoCTosAHMA nepekpéctka. CocTosHMe BKIIOYAET 3arpyeHHOCTb MOJIOC ABMKEHMSA, KOJTMYECTBO MELIEXO/0B B 30HE nepexoza
1 Tekywyto ¢asy perynuposaHus. OcHOBHOM BKNaz paboThbl CBA3aH C pa3pabOTKOV MHOTOKOMMOHEHTHOW afanTUBHON byHKUMW BO3HarpaxzeHus. B Heé
BKJIFOYEHbI 33/ePXKKM TPAHCMOPTHBIX CPEACTB, OXMAAHWE NELIEXOA0B, NPOMyCcKHas CNOCOBHOCTb NepekpEcTKa U LTpad 3a U3bbITOUHbIE NepeksitoHeHuns ¢as.
[Mpyn HakonneHumn nelexoAos B 30HE Nepexo/a MNeLlexoAHas KOMMOHEHTa YCUNIUBAETCA, HTO MO3BOJIAET areHTy n3beraTb aBTOMOOUIb-LIEHTPUHHOM CTpaTerimn
YNPaBNeHUA U y4UTbIBATh UHTEPECh] Pa3HbIX YHACTHUKOB [BMXKEHUA. DKCNEPUMEHTabHaA MPOBEpPKa BbIMOJIHEHA B CPe/le MUKPOCKOMMUYECKOrO MOAENMpOBaHMUA
SUMO. NpeanoxeHHbI METOZ, CPaBHUBANCA C (PUKCMPOBAHHbBIM yrpaeneHneM cBeTopopoM. [onyHeHHble pe3ynbTaTbl NOKa3ann CHUXKEHUE CPeJHErO BpEMEHN
OXWAAHWA NELLEXO/0B U TPAHCMOPTHBLIX CPEACTB, COKPALLIEHUE UTUHBLI O4epe/eit U POCT NPOMYCKHON CMOCOBHOCTU NepeKpécTka. Pesynktathl noaTBEpKAAIOT,
4yTo Oby4eHMe C MOAKPENNIeHNeM B COYETaHMM C aJanTMBHON (yHKUMER BO3HarpaXKAeHUa MOXeT ObiTb Mcnonb3oBaHO AnA Gonee rubkoro u

c6anchuposaHHoro ynpaefieHnA ropoACKMM MNEpPEKpPECTKOM.

Knroueeble cnoea: adanmusHoe ynpaeneHue ceemogopamu, obyyeHue c nodkpenneHuem, Deep Q-Network, mpaHcnopmHble nomoku, newexodHbie nomoku, SUMO,
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