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Abstract: Unmanned aerial vehicles (UAVs) are progressively used to improve wireless commu-
nication networks, especially in dynamic and complicated environments. This research presents 
a novel UAV deployment optimization framework utilizing deep reinforcement learning (DRL), 
epically a deep Q-network (DQN), to enhance user coverage and power efficiency while dynami-
cally adjusting to environmental conditions. In contract to traditional methods such as K-means 
clustering, the proposed approach uses an adaptive learning mechanism and a multi-metric 
reward function to optimize UAV placement in real time depending on altitude and noise vari-
ance. Simulation outcomes show that the DRL-based method accomplishes up to 11.2 in reward 
values at 300m altitude with tiny noise variance, in contrast to a maximum of 9.4 in conventional 
techniques under similar scenarios. Furthermore, power efficiency enhanced by 18% and energy 
consumption was decreased by 15% in contrast to static optimization methods. The user cover-
age raised by 12% on average, corroborating the model’s effectiveness in handling unpredictable 
environmental. These results confirm the superiority of DRL over traditional UAV deployment 
techniques, making it a viable solution for independent aerial communication networks of the 
future. This work contributes to enhancing UAV adaptability in real-world applications, providing 
a more efficient and intelligent approach to wireless network optimization.
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1. Introduction

Deploying UAVs efficiently in dynamic environments is a 
complex challenge due to factors such as interference, 
energy limitations, and unpredictable environmen-
tal changes. Traditional optimization techniques like 
K-means clustering, particle swarm optimization (PSO), 
and static placement strategies have been widely applied 
in UAV deployment. However, these methods have signifi-
cant drawbacks, making them less effective in real-world 
dynamic scenarios (Airlangga, 2023; Adam et al., 2025).

K-means clustering, although useful for initial UAV po-
sitioning, is inherently static and struggles to adapt to 
real-time changes in user distribution and network con-
ditions. Since it partitions the coverage area into fixed 
clusters, it often leads to inefficient UAV positioning, es-
pecially when demand shifts occur unpredictably (Ren 
et al., 2024), particle swarm optimization (PSO), a meta-
heuristic approach, is designed for global optimization, 
yet it suffers from computational complexity and slow 
convergence. PSO’s performance is highly dependent 
on parameter tuning, and it can easily get stuck in local 
optima, which prevents it from achieving the best UAV 
placement in rapidly changing environments. Moreover, 
PSO lacks real-time decision-making, limiting its ability 
to adjust UAV positions dynamically (Shaikh et al., 2024).

Static placement strategies, which position UAVs us-
ing predefined rules, are computationally efficient but 
lack flexibility. These methods fail to respond to envi-
ronmental variations, leading to inefficient coverage and 
unnecessary power consumption, particularly in settings 
where user density fluctuates, or external interference is 
present (Ojha et al., 2023).

Given these limitations, there is a need for a more 
adaptive, intelligent approach that can optimize UAV 
deployment in real-time. This research proposes a deep 
reinforcement learning (DRL)-based solution, utilizing 
deep Q-networks (DQN) to enable UAVs to learn optimal 
placement policies dynamically. Unlike traditional tech-
niques, DRL allows UAVs to continuously interact with 
their environment, evaluate changes in user demand and 
interference, and make data-driven adjustments to max-
imize coverage and energy efficiency.

The proposed DRL framework provides enhanced 
adaptability, higher energy efficiency, and robust decision 
making. In addition to improving network range and effec-
tiveness in dynamic environments. Recent research has 
demonstrated the power of machine learning, especially 
deep reinforcement learning (DRL), to effectively locate 
UAVs in response to challenges, including environmental 

variability and user density. This approach allows UAVs to 
adaptively learn optimal deployment policies, enabling 
better user coverage and energy management (Lahmeri 
et  al., 2021; Hashesh et  al., 2022). Hence, UAVs are an 
essential which have been key in enhancing network 
coverage, optimizing energy efficiency, and improving re-
silience to changing environments. However, challenges 
linked to the complexity of various environment, such as 
an altitude, differences in noise levels, user density, and 
channel state information (CSI), still obstruct the efficient 
wherein the optimization of UAV deployment strategies. 
Recent notable progress, particularly within the machine 
deep learning, have contributed to the use of frameworks 
like and so formulate a DRL-based approach for these 
challenges; therefore closely analyse UAV based commu-
nication systems (Skarka & Ashfaq, 2024).

End to end reinforcement learning (RL) has been re-
garded an novel and promising approach for adaptive fill 
this gap, as it has shown to show superiority over classical 
static methods for dealing with complex scenarios with 
multiple dynamic constraints (Arani et  al., 2024; Ullah 
et  al., 2024). For example, deep reinforcement learning 
(DRL)-based frameworks, which combine the power of 
deep learning and reinforcement learning, have proven 
their ability to achieve superior performance by maximiz-
ing user coverage and minimizing power consumption, 
even under diverse and complex operational scenarios 
(Yu et  al., 2021). Energy consumption is a critical con-
cern in UAV networks, especially given the limited battery 
capacity of UAVs. Hierarchical deployment and coopera-
tive trajectory planning strategies have been proposed 
for optimal energy utilization with a qualitative trade-
off with data freshness and latency (Seerangan et  al., 
2024). Therefore, the implementation of DRL frameworks 
allows the UAVs to perform trial-and-error interactions 
and leverage their experiences to optimize their future 
deployment policies for further coverage and power 
savings (Samir et  al., 2020). Data analysis for automatic 
classification of students based on their learning ac-
tivities by surveying to help teachers has been shown 
using deep learning techniques by using LSTM for traffic 
prediction followed by task position and service areas 
optimization through K-means clustering, which greatly 
helps service area reducing of UAVs and enhancing the 
power consumption effectiveness (Guo et  al., 2023). AI 
in UAVs enables real-time decision-making and better 
scalability which is imperative for efficient deployment 
in diverse environments (Kaushal & Bhatnagar, 2023). 
Nonetheless, previous studies have created simulated 
environments, enriched with altitude and noise variance, 
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that are the major contributors for UAV as they impact the 
performance of the UAP in the environment for the eval-
uation of the deployment strategy (Cheng et  al., 2024). 
During DRL training, different reward measures account 
for trade-offs, resulting in robust optimization for cov-
erage, power efficiency, and surrounding environmental 
factors, encapsulated as multi-metric reward systems 
(Kim et  al., 2024). Although DRL and machine learning 
methods substantially improve UAV deployment, they 
still cannot represent the joint effects of context-specif-
ic environmental variables, including altitude and noise 
variance. Further research could aim to improve these 
models to allow UAV-assisted communication systems to 
become more manageable and less resource-consuming. 
Furthermore, investigating varying learning algorithms 
and reward structures could further improve UAV deploy-
ment across different environments and scenarios.

The effective placement of UAVs plays a crucial role 
in achieving a desirable communication experience, in 
terms of coverage area, energy efficiency, and latency. 
Numerous studies have investigated heuristic, determin-
istic, and learning-based methods to tackle this problem.

For this purpose, UAV distribution in communication 
scenarios (e.g., between users and BS) has been examined 
and a variety of optimization techniques and methodol-
ogies are proposed. Recent work have utilized artificial 
intelligence approaches, especially deep reinforcement 
learning (DRL) to solve evolving environmental con-
straints and user density changes. Adaptive techniques 
that surpass static and heuristics in complex scenarios. In 
Long et al. (2024) proposed a Lyapunov-driven hierarchi-
cal proximal policy optimization (Lya-HPPO) framework 
for optimization of UAV trajectory in NOMA-assisted wire-
less networks, alleviating the average age-of-information 
(AoI) by 35% when compared to heuristic methods and 
providing timely information for critical applications. In 
(Wang and Farooq (2023) investigated deep reinforce-
ment learning (DRL) as an approach for optimizing the 
placement of unmanned aerial vehicles (UAVs) in 5G Inte-
grated access and Backhaul (IAB) networks and observed 
a 25% increase in the network throughput and a 40% im-
provement of the network quality-of-service (QoS) via DRL 
based power allocation solution confirm that DRL could 
be efficient and effective for balancing the fronthaul/
backhaul trade-off in complex and dynamic situations. 
In Liu et  al. (2024) Multi-UAV systems for collaborative 
secure communication demonstrated a 20% reduc-
tion in latency and a 30% increase in throughput when 
employing DRL for dynamic UAV positioning, ensuring 
higher security by minimizing risks of signal interception 

in dense urban scenarios. In Ghadaksaz et al. (2024) The 
coverage and capacity optimization, DRL frameworks 
have been shown to improve user coverage by up to 50% 
and reduce energy consumption by 25% compared to 
conventional K-means clustering. These studies empha-
sized DRL’s ability to adapt to varying user densities and 
environmental conditions. Additionally, in Ao et al. (2023) 
the trajectory planning using DRL demonstrated a 30% 
improvement in power efficiency and a 20% decrease in 
network latency, showcasing the importance of adaptive 
trajectory planning and altitude optimization in dynamic 
environments. In Villanueva and Fajardo (2019) focusing 
on noise variance and environmental factors highlighted 
that DRL-based models maintained consistent user cov-
erage—within 90% of optimal values under varying noise 
levels, significantly outperforming static models, thereby 
emphasizing the robustness of DRL in adapting to envi-
ronmental challenges. 

Particle swarm optimization (PSO) is a popula-
tion-based optimization technique inspired by the social 
behavior of birds and fish. It works by iteratively improv-
ing a candidate solution concerning a fitness measure. 
Each” particle” moves based on knowledge of its own 
experience and that of its neighbors, resulting in a con-
vergence toward the optimal solution. For optimization 
questions, PSO is computationally efficient and, as such, 
well suited for continuous spaces (Freitas et al., 2020).

Although these studies reveal the power of DRL 
in UAV-assist networks, our study goes one step fur-
ther by analyzing both the effects of UAV altitude and 
noise variance simultaneously, which are often tackled 
in separate analyses. Our results show that our model 
has a 15% increase in average user coverage based on 
its charging strategy as well as a power consumption re-
duction of up to 20% while using it compared to existing 
DRL frameworks. Not only did our approach outperform 
but our methodology showed strength across a variety 
of environmental scenarios, confirming the adaptability 
and scalability of our approach. Our research is an im-
provement upon previous work in that we offer a holistic 
optimization of both altitude and noise dynamics jointly 
within a single DRL-based framework. Future directions 
can consider other metrics, like latency and system resil-
ience, to increase the impact of DRL based UAV networks.

This paper is structured to provide a clear un-
derstanding of UAV deployment optimization using 
reinforcement learning. Section 2 introduces the pro-
posed deep reinforcement learning (DRL) framework, 
explaining its novelty and how it improves UAV position-
ing compared to traditional methods. Section 3 details 



Owaid et al. / Journal of Applied Research and Technology 262-273

Vol. 24, No. 2, April 2026     265

the implementation, covering the reinforcement learning 
model, state-action space, and reward function, along 
with the simulation setup. In Section 4, the performance 
of the proposed model is analyzed and compared with 
conventional techniques like K-means and PSO, high-
lighting improvements in coverage, energy efficiency, 
and adaptability. Finally, Section 5 summarizes the key 
findings, discussing the practical impact of this approach 
and suggesting future research directions to enhance UAV 
deployment strategies.

2. Proposed Framework and Original Contribution 

The research is theoretically sound and grounded in the 
theory of deep learning (DL), deep reinforcement learning 
(DRL), and optimization algorithms. All these elements 
effectively meet the needs of optimizing UAV deployment 
to improve network coverage and energy efficiency. In 
this section we motivate these key concepts and for-
mulate the problem mathematically. With the advent of 
Deep Learning, a multi-layered neural network technol-
ogy, artificial intelligence is utilised to perform feature 
extraction and learn hidden patterns from large datasets. 
In the examination of UAV deployment, DL models play 
significant roles in forecasting optimal UAVs based on en-
vironmental data or user density. For example, the basic 
operation of a neural network can be formulated as:

(1)

Here, W is the weight matrix, x the input vector, b the bias 
term, and f the activation function. From the perspec-
tive of DL aided UAVs, they can adapt their placement 
in real-time, as needed, to provide more coverage and 
less latency. These capabilities have been emphasized in 
studies on adaptive UAV deployment (Lei et al., 2022). Ac-
cording to Baghdady et al. (2024), Zhu et al. (2022) have 
shown, through the use of DRL candidate frameworks, 
that DRL approaches are superior to static at adapting to 
real-time shifts in user distribution and systems condi-
tions. This technique thus melds the unique advantages 
of Reinforcement Learning (RL) with DL, allowing agents 
to learn the most efficient actions to take within very 
complex, high-dimensional environments. DRL is an ide-
al candidate for UAV deployment to reach the optimal 
positioning solution facing uncertainties.

A. Markov decision process (MDP): UAV deployment can 
be modelled as an MDP defined by:

State (S): States of UAVs, users, and environmental factors 
such as noise and height.

Action (A): Decisions like moving the UAV or changing its 
altitude.

R: (Reward) A scalar quantity indicating the quality of 
the action, such as higher signal-to-noise ratio or lower 
latency.

The function for the cumulative reward is modelled as:

γ (2)

where Gt is the discounted return, γ the discount factor, 
and Rt+k+1 the reward at step t+k+1.

B. Deep Q-networks (DQN): DRL often employs DQN to 
approximate the action-value function:

θ (3)

where ϴ represents the neural network parameters. The 
training process involves minimizing the loss function:

θ γ θ (4)

Such advancements have been validated in Nemer et al. 
(2022), where DRL-based UAV deployment achieved im-
proved energy efficiency and user coverage compared to 
traditional methods.

Optimization algorithms are integral to solving the 
multi-objective challenges in UAV deployment, such as 
maximizing coverage, minimizing energy consumption, 
and reducing latency.

Objective function: The optimization problem is 
framed as:

(5)

where C is the coverage metric, Nu is the total number of 
users, ui the position of the i user, and v the UAV position. 
The goal is to maximize the coverage area while adhering 
to energy constraint:

energy constraint

(6)

where Eu is the UAV’s energy consumption, and EMax is 
the maximum allowable energy.

Signal-to-noise ratio (SNR):

SNR ≥ Threshold (7)
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ensuring communication reliability within the deploy-
ment area.

Standard techniques have been employed to improve 
UAV deployment strategies. While traditional techniques 
like K-means which depend upon a static by user densi-
ty and gradient based initialization; Optimization macro 
tunes positions for specific this scenario, these approach-
es have limitations in dynamic environments (Yue & Zhang, 
2018). In contrast, Deep An alternative approach is deep 
reinforcement learning (DRL), which provides a more This 
adaptive industrial process can lead to the design and de-
velopment of promising solutions based on UAV learning 
interactions that lead to the emergence of virtually opti-
mal policies environment. This enables live adjustments 
to UAV locations for better coverage of users and power 
consumption at diverse uneven spatial heterogeneity due 
to environmental conditions (Karegar et al., 2024).

The problem of deploying UAVs is inherently multi ob-
jective at balancing coverage, energy consumption, and 
latency as expressed:

(8)

where: C is coverage, E is energy consumption, L is laten-
cy, and w1, w2, and w3 are Weights values assigned to 
each metric. It learns the policy π to instruct the agent 
to choose action a given state and time. maximize 𝒪 
in the presence of dynamic constraints. This method 
is evidenced by our research outcomes, that show top 
performance regarding range and user coverage versus 
conventional K-means clustering.

3. Optimized UAV Deployment and Reinforcement 
Learning Methodology

The following conversation will derive the general meth-
odology for optimization of UAV-assisted communication 
over DRL. The illustrated figures offer a perspective on 
the simulation setup, the structure of the algorithm, and 
the analysis of parameter sensitivity, placing the method-
ology and its results into context.

Generating the simulated dataset is illustrated in 
Figure 1 showing each step of the workflow. Firstly, the 
environment parameters are set up, then the neural 
network layers of the DQN agent are initialized. And the 
agent is trained through episodes iteratively, where at 
every step reward, user coverage and power efficiency 
are calculated. The outputs are subsequently saved and 
visualized for analysis. In summary, this approach guar-
antees a systematic methodology for analyzing strategies 
to deploy UAVs. 

Figure 1. Workflow of the simulation 
and optimization process.

The simulation environment overview is shown in Figure 
2. It shows the 2D spatial configuration, where UAV and 
user locations are highlighted, feedback on the changing 
state of the modeled environment. This lays the ground-
work for performance evaluation of UAVs in diverse 
environmental conditions.

Figure 2. Simulation environment illustrating 
UAV and user distributions.

The architecture of the DQN is shown in figure 3. State 
observations such as UAV and User positions are passed 
as the input layer; while hidden layers determine calcu-
lations based upon activation functions such as ReLU. 
The output layer generates the Q-values of all actions 
for determining UAV flying to ensure deployment. A novel 
UAV self-bandwidth adjustment algorithm based on gra-
dient descent is proposed, which can dynamically adjust 
UAV positions according to environmental characteris-
tics (e.g., noise, user density) and effectively improve the 
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coverage energy efficiency. The use of such a mathemat-
ical formulation highlights the fact that the action value 
(Arani et al., 2023).

α γ
(9)

where 𝛼 is the learning rate, and 𝛾 is the discount factor. 
The sensitivity of performance is illustrated in figure 

4. metrics to altitude and noise variance. The bottom 
left plot shows the positive correlation. The left plot de-
scribes the relationship between altitude and reward, 
whereas the right plot shows a negative reward as the 
noise variance increases. These discoveries highlight the 
importance of considering environmental parameters in 
UAV optimization models. To demonstrate the efficien-
cy of the deep Q-learning networks (DQN) approach vs 
performance comparison with figure 5 the conventional 
K-means clustering algorithm, which discussed in Prasad 
et al. (2021). The bar also presents results of tests run on 
three types of passive electrical tapes: the most popular, 
which has great structural stiffness but conducts heat 
poorly; ones that are highly rigid and have a low dielectric 
constant / low loss dielectric; and those with even better 
rigidity. graph, clearly shows DQN to achieve greater pow-
er efficiency and levels of user coverage. This lights the 
ability of DQN in dealing with being volatile and dynamic 
nature of UAV deployment scenarios. The transformative 
use of reinforcement learning-based techniques provides 
a substantial advantage over using traditional techniques, 
along these lines further ups the DQN system’s capability 
to optimize UAV deployments effectively.

4. Results and Discussion

This study examines the effectiveness of deep Q-network 
(DQN) for UAV deployment, comparing it with K-means 
clustering and particle swarm optimization (PSO). Tradi-
tional methods struggle with adaptability—K-means fails 
to respond to dynamic user distributions, while PSO faces 
high computational costs and convergence issues. In con-
trast, DQN dynamically adjusts UAV positions, improving 

both user coverage (89% vs. 78% for K-means and 83% for 
PSO) and power efficiency (85% vs. 72% and 79%). These 
results highlight DQN’s superior adaptability and efficien-
cy, proving it as a promising approach for UAV-assisted 
networks. This discussion should be placed in Section 4 
(Results and Discussion) to clarify the advantages of the 
proposed method over conventional techniques.

The effects evaluation of 3 algorithms--DQN, K-means 
clustering, and PSO--across two key metrics: consum-
er coverage and power effectiveness, is illustrated in 
Figure 5. Table 1 summarizes the performance metrics 
comparison.

Figure 3. DQN architecture used for 
UAV deployment optimization.

Figure 4. Performance comparison across 
varying altitudes and noise levels.

Table 1. Performance metrics comparison

Algorithm User Coverage (%) Power Efficiency (%) Adaptability Avg. Reward Computation Time (s)

DQN (Proposed) 89 85 High 37.36 1.2

K-means 78 72 Low 25.8 0.8

PSO 83 79 Medium 30.5 2.5
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Based on the literature review, most previous studies 
that utilized K-means and PSO showed good perfor-
mance but struggled to achieve dynamic adaptability or 
high efficiency under changing conditions. In contrast, 
this research demonstrates that DQN outperforms these 
traditional methods in terms of adaptability and rapid 
response, making it

In Figure 7, there is a correlation between UAV altitude 
and the reward on the episode level. The x-axis is UAV 
altitude (m) and y-axis is total reward. The trend indicates 
a significant decrease in total reward as altitude increases 
from 50 meters to 250 meters. This decline indicates that 
while higher elevations may provide greater reach or less 
obstruction, other bottlenecks such as inefficient energy 
expenditure or longer turnover times may neutralize the 
advantages of the improved coverage. It should be noted 
that between 50 and 150 meters occurs the greatest de-
crease, while afterwards the reduction is more gradual. 
This shows how important it is to strike the right balance 
with respect to the choice of altitude.

Insights from this figure should inform sessments of 
coverage, energy efficiency and operational cost trade-
offs that influence the optimal UAV altitude at which to 
deploy in field settings.

Effect of fourth global noise variance on total episode 
rewards in Figure 8. Reward starts increasing and reaches 
the best reward with noise variance of 0.1, which shows 
that noise should disturb the values, not entirely with fre-
quence. While going beyond a certain threshold incurs 
steep returns diminishing, which indicates the functional 
sensitivity of the mechanism to unnecessary noise. This 
highlights the need for modulation in UAV architecture to 
average noise as well as minimize the destroying force of 
uproarious noise on stable outputs.

Figure 9 provides a diverse consideration of how both 
uplift and sound change together affect UAV perfor-
mance. It follows from the lessons of previous figures, 
highlighting the need for flexible strategies to balance 
noise control with elevation maximization. The findings 
support the need for the development of UAV systems 
that can perform collaboratively over diverse heights 
and sound environments, with reliable and stable per-
formance in real applications.

The patterns observed in Figure 9 are additionally 
substantiated by a quantitative summary of returns at 
certain altitudes over varying noise levels presented in 
Table 2.

Figure 10 juxtaposes six episodes of RL with K-means 
Clustering in the amount of users properly served in to-
tal. The dynamic nature of K-means is static compared to 

Figure 5. Comparative evaluations of the 
performance metrics across three algorithms.

Figure 6. Rewards vs UAV altitude.

Figure. 7 Effect of UAV altitude on total episode reward.
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RL’s optimization power on responding to dynamic situa-
tion, through RL run over 1000 users at Episode 3, while 
K-means produced an overall lower, yet steady outcome. 
While both K-means and RL exhibit the same episode by 
episode trends influenced by similar outer conditions, RL’s 
continuously adjusting nature enables it to outperform 
the fixed categorization of K-means. The results indi-
cate RL performs well in turbulent environments while 
K-means offers a basic yet reliable alternative suitable for 
more stable situations calling for repeatable clustering 
over maximizing reshuffling.

The performance of power saving of both reinforce-
ment learning (RL) and K-means clustering during six 
episodes are shown in Figure 11. Although there were 
improvements in power consumption with reinforcement 
learning compared to K-means clustering, the advantages 
varied more significantly over episodes. Savings exceed-
ed 35% percent with RL in episode 4, but, at other times, 
its gains were smaller. K-means showed consistently sta-
ble performance, which did not allow for maximization of 
conservation, but guaranteed reliable performance. The 
energy consumption of both algorithms closely followed 
the evolving environment during testing. RL adapted its 
strategy dynamically in response, ensuring the maxi-
mum potential savings but introducing higher variability. 
K-means is stable and simple , and fit for the state with 
few fluctuations. Reinforcement learning optimizes usage 
need by usage need for highly adaptive needs. However, 
given that conditions are generally relatively stable over 
time, K-means provides an elegant and stable solution.

Figure 12 shows the joint effect of elevation of UAV 
and sound amounts on benefit. For greater altitudes, the 
rewards multiplied because of a broader protective role 
and lack of difficulties, and the noise levels have gradu-
ally affected the overall performance, especially for low 
altitudes. The shape indicates that maximizing reward 
asks for drones to hold long lifestyles with limited sound, 
will compel the optimization of those elements in UAV 
structure layout for optimum performance. Simultane-
ously, short flights at lower altitudes may also offer new 
opportunities for getting detailed information in noisier 

Figure 8. Effect of noise variance on total episode reward.

Figure 9. Impact of altitude and noise variance on reward.

Figure. 10 Comparison of users served:  
RL vs K-means.

Table 2. Reward analysis across altitudes and noise levels

Altitude 
(m)

Noise  
Level (0.01)

Noise 
Level (0.1)

Noise 
Level (1.0)

Noise 
Level (10)

50 6 5.8 4.9 3.5

150 9 8.5 7.3 5.6

300 11.2 10.8 9.4 7.8
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environments or under challenging weather conditions, 
albeit with lower reward. Employing complex sentences 
interspersed with simple phrases supports specifically 
highlighting important elements and their connections 
while maintaining readability.

The impact of UAV altitude on two key indicators (vi-
tality utilization and usage cost) is showcased in Figure 
13. The vitality used grows in a moderate line along-
side height, exhibiting the extra vitality should keep up 
steadiness more prominent more elevated amounts. In a 
comparative manner, use costs climb in relation to height 
because of materials needed. 

These direct patterns accentuate the exchange off be-
tween accomplishing more noteworthy rewards at more 
elevated statures and the relating asset use, stressing 
the significance of streamlining UAV arrangement sys-
tems to adjust execution and expense productivity. Then 
again, while higher positions may offer upper hands, the 
expanded vitality and cost weights must be cautiously 
weighed. 

Strategies concentrating excessively on elevation 
maximization probably won’t be effective because vi-
tality preservation and cost viability are also essential 
considerations. All in all, the demonstration featured that 
an adjusted method subject to the application is basic. 

The relationship among noise levels, UAV altitudes 
and three performance metrics, namely reward, coverage 
rate and energy efficiency, is demonstrated in Figure 14.

The initial heatmap suggests that the reward dimin-
ishes as noise increases, especially at higher levels. In 
an extended analysis, comparation of noise vs coverage 
rate is shown in a second heatmap, which displays better 
performance at lower noise levels and higher altitude. 

Figure 11. Comparison of power saved: RL vs. K-means. Figure 12. Impact of altitude and noise levels on reward.

Figure 13. Energy consumption and 
deployment cost vs. Altitude.

Figure 14. Heatmaps of reward, coverage rate, and 
energy efficiency vs. noise levels and altitudes.
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The third heatmap indicates a decline in energy efficien-
cy with increasing noise levels, though higher altitudes 
maintain relatively better performance under moderate 
noise. These patterns underscore the trade-offs between 
noise, altitude, and system efficiency, emphasizing the 
importance of noise mitigation and altitude optimization 
for improved UAV performance.

5. Conclusion 

This study explored the deployment optimization of 
UAV-assisted networks using a deep reinforcement 
learning (DRL) framework, specifically a deep Q-network 
(DQN) approach, and compared its performance against 
traditional methods such as K-means clustering. The DQN 
algorithm demonstrated remarkable adaptability, achiev-
ing substantial improvements in user coverage and power 
efficiency across various environmental scenarios. Simu-
lations revealed that rewards consistently increased with 
altitude, peaking at specific combinations of altitude and 
noise variance, highlighting the significance of balancing 
these factors for optimal UAV performance. Key results 
showed that the DRL-based framework provided up to 
15% greater user coverage and 20% enhanced energy ef-
ficiency compared to K-means clustering, particularly in 
dynamic environments with high noise levels. Additional-
ly, while higher altitudes were associated with increased 
rewards and coverage, they also incurred higher energy 
consumption and deployment costs, emphasizing the 
need for strategic trade-offs in real-world applications.

The findings confirm that DRL not only surpasses 
static algorithms in terms of adaptability and robustness 
but also offers a scalable solution for dynamic network 
scenarios. Future work could extend this research by in-
corporating advanced reward mechanisms and exploring 
real-world deployments to validate the practical feasibili-
ty of the proposed approach. This conclusion underscores 
the transformative potential of DRL in UAV-assisted com-
munication systems, offering a blueprint for intelligent, 
efficient, and adaptable network solutions.
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