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Abstract—This work investigates a reinforcement learning-
based control framework for the autonomous movement and
coordination of multiple Unmanned Aerial Vehicles (UAVs) in
a wireless communication environment. The considered system
includes UAVs performing sensing and relaying tasks, where mo-
bility decisions directly affect the overall network performance.
The main objective is to improve the communication quality
of ground users by maximizing aggregate network throughput.
To achieve this objective, a Double Deep Q-Network (DDQN)
architecture is employed, where each UAV is assigned an indi-
vidual learning agent. The agents learn role-specific movement
policies while coordinating through interactions with the shared
environment. Learning performance is further improved by
using adaptive scaling and a custom reward function designed
to capture variations in network utility. Simulation results show
that the proposed approach outperforms baseline movement
strategies in terms of utility. In addition, different task con-
figurations, agent behaviors, and hyperparameter selections are
examined to improve convergence speed and training stability.
Overall, the results indicate that reinforcement learning is a
promising method for cooperative UAV positioning in dynamic
and interference-sensitive wireless communication scenarios.

Index Terms—Unmanned Aerial Vehicles, Positioning, Deep-
learning, DDQN, Communication, Throughput, Optimization

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have gained consid-
erable attention in recent years due to their versatility and
effectiveness in applications such as wireless communication
enhancement, data collection, and network support [1]. Mod-
ern communication systems increasingly face challenges aris-
ing from dynamic environmental conditions, fluctuating user
demands, and strict performance requirements. Conventional
fixed infrastructures often struggle to respond efficiently to
these variations, creating a need for more flexible and adap-
tive solutions. In this context, UAV-assisted communication
systems offer a compelling alternative by leveraging mobility
and rapid reconfigurability to improve coverage, capacity, and
service quality [2].

The inherent mobility of UAVs allows communication
networks to dynamically adjust to changing scenarios, such
as user movement or uneven traffic distribution. However,
efficiently managing multiple UAVs operating simultaneously

introduces significant complexity. The interaction between
UAVs, users, and the wireless environment forms a highly
dynamic multi-agent system, where traditional optimization
and rule-based methods quickly become impractical or subop-
timal [3]. As a result, intelligent decision-making mechanisms
capable of learning and adapting in real time are required.

Machine learning–based approaches, particularly reinforce-
ment learning (RL), have become effective methods for
addressing adaptive decision-making problems in complex
wireless environments. By enabling agents to learn optimal
behaviors through interaction with the environment, RL tech-
niques are well suited for decentralized and adaptive control
problems. Among these methods, deep reinforcement learning
algorithms such as Deep Q-Networks (DQN) have shown
strong potential in handling high-dimensional state spaces and
making sequential decisions in wireless networking applica-
tions [4], [5].

In this study, a DDQN-based positioning strategy is pro-
posed for a multi-UAV system that operates under two main
functions: communication relay and data fusion. The main
objective is to maximize the overall system utility by enabling
each UAV to learn its optimal position over time. The pro-
posed method provides an adaptable architecture by achieving
high overall system utility value by taking into account factors
such as users’ locations and movement restrictions.

The main contributions of this paper are summarized as
follows:

• A cooperative UAV positioning framework is developed
for a wireless communication scenario in which relay
and sensing functions are jointly considered.

• A hybrid reward function is designed by combining
relay-oriented and sensing-oriented utility values, en-
abling the UAV agents to improve the overall system
throughput rather than focusing on a single communica-
tion objective.

• A DDQN-based learning architecture is employed within
a decentralized execution structure, where each UAV in-
dependently selects its movement action using its trained
policy during operation.



• The distributed agent-based structure provides a flexible
simulation basis for extending the framework to larger
cooperative UAV networks with multiple UAVs and
different operational roles.

The remainder of this paper is organized as follows: the
next section presents relevant background and related work.
The proposed methodology is then detailed, followed by
an experimental setup, evaluation results, and comparative
analysis. Finally, the paper concludes with key findings and
suggestions for future research.

II. RELATED WORKS

In recent years, the use of unmanned aerial vehicles in
communication systems has become quite widespread. This
is due to their ability to provide fast, flexible, and low-
cost solutions in civil and military applications. UAV-assisted
communication has found use cases in disaster recovery,
remote sensing, temporary hotspot coverage, and battlefield
networking [6] [7].

There are articles in the literature that focus on
optimization-based UAV positioning that do not use machine
learning. For example, in [8], an architecture was created to
achieve maximum coverage using geometrical and coverage-
based algorithms. In addition, reference [9] implemented UAV
positioning using traditional methods to increase total data
transmission in the environment.

With the increasing complexity of real-world scenarios and
the need for real-time adaptation, learning-based methods,
particularly reinforcement learning (RL) [10], have emerged
as effective alternatives to optimize UAV placement [11].
There are many articles in the literature that have been
developed using Q-Learning. In [12], optimization of the
location of the UAV was obtained to maximize the value
of the mean opinion score using Q-Learning. In [13], the
energy efficiency for UAVs was maximized with the help
of Q-Learning. In article [14], a connection between users
was established using UAV in a disaster scenario. Q-learning
was used to increase the quality of communication between
users [15]. By creating a Q-Learning model, the sum utility
value was maximized by changing the UAV locations for the
primary network and secondary networks [16].

As the scope and number of possible situations in the
studies increased, Deep Q-Learning based algorithms were
studied instead of standard Q-Learning algorithms. With the
use of the Deep Q-Learning algorithm, it is possible to
work on very large size situation-action pairs [17]. In [18],
the authors determined the route of the UAV with the help
of Deep Reinforcement Learning to ensure effectiveness in
the data collection task. In [19], the authors maximized the
coverage area using UAV without considering the channel
effects in the calculation. In addition, the reward function
was maximized using a distributed learning based Deep Q-
Learning algorithm to increase the data transmission rate [20].
In [21], the authors used a deep learning based architecture
for resource allocation and user association. In [22], a Deep
Reinforcement Learning based architecture was created that

maximizes the coverage area in the cellular network and
minimizes the interference levels in the environment. In most
of these studies, an algorithm was developed that tries to
maximize the coverage area by neglecting the real-world
channel conditions.

This work presents a unique decentralized DQN-based
UAV control framework that employs a hybrid reward func-
tion, optimizes UAV location in both sensing and relay
missions, and computes the channel status between UAV-
user using actual channel state information (CSI). The scope
of conventional DQN implementations is expanded by this
hybrid task formulation. Although many existing studies in
the literature develop a centralized algorithm for a single UAV,
this study adopts a distributed architecture for two different
UAVs.

The novelty of this work lies in the development of a
DDQN-based cooperative UAV positioning framework that
jointly considers relay and sensing functions through a hybrid
task-aware reward structure. By combining relay-oriented and
sensing-oriented utility values, the proposed model enables
UAV agents to learn movement policies that improve the over-
all communication performance of the system. In addition, the
distributed agent-based structure allows each UAV to make
role-specific movement decisions in a shared environment,
providing a flexible simulation basis for future extensions to
larger cooperative UAV networks.

III. METHODOLOGY

This study proposes a Double Deep Q-Network (DDQN)-
based framework for optimizing the positions of two UAVs in
a wireless communication system. Each UAV independently
makes the most appropriate location decision to optimize the
total throughput of the primary and secondary networks and
moves in two dimensions accordingly. The proposed archi-
tecture uses a Double Deep Q-Learning based architecture to
find the most appropriate location.

An example scenario environment is shown in Fig. 1. In the
proposed scenario, the ground transmitter and ground receiver
that communicate with each other represent the primary net-
work, while the source and emergency center (HAP) provide
this information to be received from the environment via
the secondary network and transferred to the relevant central
control unit (HAP). The information received is processed in
the central control unit and the most appropriate location of
each UAV is decided.

In this architecture, UAV 1 maximizes the total throughput
value of the primary network, while UAV 2 maximizes the
total throughput value of the secondary network. The decision
mechanism operates depending on the location of these units
and the environmental conditions.

In this scenario, the transmitter, receiver, HAP, and source
are located in different fixed positions, and the UAVs are
adaptively repositioned to optimize communication and sens-
ing performance relative to these ground nodes. Channel state
information is continuously updated according to the UAV
positions using the channel modeling approach in [16].



Fig. 1. System overview of the proposed DDQN-based UAV coordination
architecture.

A. Q-learning

Q-Learning is a reinforcement learning algorithm that
allows the model to learn an action policy that will take
the highest expected rewards under certain environmental
conditions. The Q value in this algorithm represents the
cumulative reward value expected by the model for taking
a particular action while in a particular state.

The Q-learning update rule is defined as follows:

Q(st, at)← Q(st, at) + α
[
rt+1

+ γmax
a′

Q(st+1, a
′)−Q(st, at)

] (1)

In this expression, st denotes the current state at time t, at
represents the action taken at time t, rt+1 is the immediate
reward received after executing action at, α is the learning
rate, and γ denotes the discount factor that determines the
importance of future rewards.

In Q-learning, the model’s state, action and q-values are
stored in a table called Q-table and the agent uses this Q-table
as a look-up table to make the most appropriate decision.
Thus, it makes the best action decision to be taken in any
situation.

B. Double Deep Q-Learning Architecture

Deep Q-Learning is the decision process made using a
neural network, which is used in the standard Q-Learning
algorithm using a Q-table. In this way, adaptive learning
is provided even in scenarios that contain multiple state
information. Double Deep Q-Learning is an extension of the
Deep Q-Learning algorithm and is used to solve the problem
of overestimation bias [23].

In the standard DQN framework, the use of the max
operator in the computation of target values often results
in the selection of overestimated Q-values, which can create
suboptimal policies. Double DQN mitigates this issue by sep-
arating the action selection and evaluation processes through
the utilization of two distinct networks: an online (primary)
network and a target network.

The target for the Q-value update in Double DQN is
computed as:

yDoubleDQN
t = rt+γQtarget(st+1, argmax

a
Qonline(st+1, a; θt); θ

−
t )

(2)
Here, θt and θ−t represent the parameters of the online

network and the target network, respectively. Unlike standard
DQN where both selection and evaluation are performed using
the target network, Double DQN selects the action with the
online network and evaluates its value with the target network.

The training process involves periodically updating the
target network’s weights to match the online network, i.e.,
θ−t ← θt every C steps.

Algorithm 1 Double Deep Q-Learning
1: Initialize online network Q(s, a; θ) with random weights

θ
2: Initialize target network Qtarget(s, a; θ

−) with weights
θ− = θ

3: Initialize experience replay buffer D
4: for each episode do
5: Initialize environment and get initial state s0
6: for each step t do
7: Select action at using ϵ-greedy policy from

Q(st, a; θ)
8: Execute action at, observe reward rt and next

state st+1

9: Store (st, at, rt, st+1) in D
10: Sample random mini-batch from D
11: for each (sj , aj , rj , sj+1) in batch do
12: a∗ ← argmaxa Q(sj+1, a; θ)
13: yj ← rj + γQtarget(sj+1, a

∗; θ−)
14: end for
15: Perform gradient descent on (yj −Q(sj , aj ; θ))

2

16: if step t mod C = 0 then
17: Update target network: θ− ← θ
18: end if
19: end for
20: end for

Fig. 2 shows the general architecture of the DDQN solution
method proposed in this article. The information received
from the environment is stored in the replay buffer as a state
experience. This information is used to train the evaluation
(online) and target networks in minibatches, and model train-
ing is performed over two different networks, thus obtaining
more stable results.

C. Overview of the DDQN-Based UAV Model

In this study, each UAV is equipped with its own Double
Deep Q-Network (DDQN) architecture. The state input for
each UAV is represented in a simplified integer format as
follows:

State = [10× yuav1 + xuav1 , 10× yuav2 + xuav2 ] (3)



Fig. 2. Overall DDQN architecture.

This coding takes the location of both UAVs as state
information and uses it to decide on the most appropriate
action in the model, where x and y denote the coordinates of
each UAV.

Each UAV uses its state information to decide on one of five
different actions at each time step: moving forward, moving
backward, moving right, moving left, and staying stationary.

The reward function is defined as a linear combination of
the primary and secondary utilities:

R = α · Uprimary + β · Usecondary (4)

Here, α and β are weighting coefficients that control the
contribution of Uprimary and Usecondary to the hybrid reward
function, respectively. Equal coefficient values were used in
this study because both the primary and secondary network
throughput values are intended to be improved without prior-
itizing one network over the other. The coefficient selection
process and its impact on the final sum utility are presented
in detail in the Performance Evaluation section.

In the proposed architecture, UAV 1 is assigned as the
relay UAV, while UAV 2 is assigned as the sensing UAV.
The throughput value of the system in which UAV 1 served
as a relay was called the primary network utility, and the
throughput value of the system in which UAV 2 served as a
sensing device was called the secondary network throughput.
In this way, they were able to obtain optimum positions
specific to each task.

A hybrid reward function is designed to jointly consider
the primary and secondary network throughput values. Each
UAV is equipped with its own DDQN agent, enabling role-
specific policy learning in a shared and cooperative multi-
agent environment. The state observed by each agent includes
the positions of both UAVs, allowing the learning process to
capture how their relative locations affect interference pat-
terns, spectrum awareness, and overall communication qual-
ity. Although the UAVs operate with different roles, one acting
as a relay and the other performing sensing, their movements
influence the same underlying system dynamics. Therefore,
the relay and sensing throughput metrics are combined in
a weighted manner to provide a shared reward signal that
supports adaptive and cooperative UAV positioning.

The contribution of this work lies in the development of
a decentralized DDQN-based UAV control framework that
jointly optimizes positioning for sensing and relay missions
under realistic wireless communication constraints. By uti-
lizing a hybrid reward structure and considering real-time
channel state information, the proposed method outperforms
classical Q-learning approaches, enabling coordinated control
of multiple UAVs in different missions. These improve-
ments produce a decision-making framework that is more
performance-efficient, flexible, and realistic for practical im-
plementations.

IV. PERFORMANCE EVALUATION

The DDQN architecture proposed in this article was es-
tablished in Python with the help of Tensorflow and Keras
libraries. A fully connected feed-forward network with two
hidden layers was used for stable Q-value estimation. ReLU
was employed as the activation function, and the network
was trained using the Adam optimizer with a learning rate of
1×10−4. Experience replay method was used to increase the
model learning stability and previous experiences were used
for training with minibatch. Detailed information about the
hyperparameters is given in Table I.

In the proposed hybrid reward function, the coefficients α
and β determine the relative contribution of the primary and
secondary network utilities. In this study, equal coefficient
values were used because the objective is to improve the
throughput of both networks without prioritizing one over
the other. If one network is considered more critical in a
different mission scenario, these coefficients can be adjusted
accordingly to assign higher importance to either the relay-
oriented or sensing-oriented objective. To justify the selected
coefficient values, different equal scaling factors were tested
for α and β. Table II shows the final sum utility values
obtained under different coefficient settings.

As shown in Table II, small coefficient values resulted in
lower final sum utility because the reward variations were
less distinguishable during training. Increasing the coefficient
values improved the learning sensitivity of the DDQN agents.
However, further increasing the coefficients reduced the final

TABLE I
PARAMETERS OF DDQN ARCHITECTURE

Hyperparameter Value
Number of layers 2 [128, 64 neurons]

Optimizer Adam
Activation function ReLU

Target network update frequency 50 steps
Experience replay buffer size 50000

Batch size 10
Initial and final exploration coefficient εi = 0.95, εf = 0.05

Training iteration count 300
Steps per iteration 1000

Learning rate 0.0001
Discount factor 0.80



TABLE II
EFFECT OF REWARD COEFFICIENT SELECTION ON FINAL SUM UTILITY

α β Final Sum Utility
10 10 0.0382

100 100 0.0423
500 500 0.0441
1000 1000 0.0476
1500 1500 0.0435
2000 2000 0.0428

utility, indicating that excessive reward scaling may negatively
affect learning stability. Therefore, α = β = 1000 was
selected for the remaining simulations.

Model training was done for 300 iterations and 1000 steps,
and the UAVs were reset to their initial positions in each
iteration and moved as many steps as the channel state
information between them and the users on the ground. The
output obtained for model training is as shown in Fig. 3.
This figure gives the total throughput value of the primary
and secondary networks for 300 iterations.

Fig. 4 gives the average sum utility values of model training
at different step numbers for each iteration. Within the scope
of this study, 5 different step values were tested for 300
iterations and performance results were obtained. As can
be seen from the figure, model performance was further
improved as the number of steps increased. As the number
of steps increased, the fluctuations in the learning process of
the model decreased and learning became more stable.

An example image of a trained model in the test environ-
ment is as shown in Fig. 5. Here, the cyan colored UAV is
the UAV that acts as a relay for the primary network, and
the magenta colored UAV is the UAV that acts as a sensing
device for the secondary network. As can be seen from the
figure, the UAVs have moved from the initial position to the
most suitable point to increase the system throughput.

Fig. 3. Variation of sum utility with respect to number of iterations for
training.

It was observed that the obtained results showed better

Fig. 4. Variation of overall sum utility for different step numbers.

Fig. 5. Illustration of the UAV flight trajectories.

performance than the results found in the literature. In [16],
using standard Q-learning, a total throughput of 0.37 was
obtained in 200 iterations with 30000 steps in each iteration.
This total throughput value is the overall throughput value
for 30000 steps. As a comparison with the original method, a
total throughput value of 0.0476 was obtained in 1000 steps,
and when calculated for 30000 steps, it was observed that the
performance increase was almost 3.86 times higher than the
classical Q-learning algorithm. These results demonstrate that
the DDQN structure and utility-aware training significantly
improve the system’s adaptability and mission effectiveness.

The work in [16] is selected as the main quantitative
baseline because it is the most closely related study in terms
of scenario definition and system objective. Similar to the
proposed framework, it considers a mission-critical commu-
nication environment supported by UAV with primary and
secondary network utilities and relay/sensing-related func-



tions. Therefore, a numerical comparison with this baseline
is conducted in order to evaluate the proposed DDQN-based
method under a scenario-consistent reference.

Beyond the main quantitative baseline, other RL- and
DRL-based UAV communication studies were also examined.
However, no additional study was identified that uses the
same system environment, relay/sensing task structure, opti-
mization objective, and sum-utility-based performance metric
as the proposed framework. Therefore, a direct numerical
comparison with these studies was not conducted. Instead,
[24] and [20] are considered as supporting references, since
they demonstrate the relevance of utility-oriented optimization
and learning-based decision-making in UAV-assisted commu-
nication systems.

V. CONCLUSION

In this paper, we proposed a Double Deep Q-Learning
(DDQN)-based architecture for optimizing the positioning and
task assignment of UAVs in mission-critical communication
environments. Instead of relying on standard Q-learning al-
gorithms commonly found in the literature, a DDQN-based
architecture was employed, resulting in improved adaptability
in large state-action spaces, better convergence behavior, and
more accurate decision-making. Compared with the closest
scenario-consistent Q-learning-based baseline, the proposed
framework achieved approximately 3.86 times higher step-
normalized utility in the considered simulation setting.

Future work will extend the proposed framework in three
main directions. First, the number of UAVs and ground
users will be increased to evaluate scalability. Second, user
mobility and time-varying traffic demand will be included to
create a more dynamic environment. Finally, different channel
conditions will be tested to assess robustness.
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