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Abstract 
Decentralized navigation and inter-agent communication are key requirements for the safety of UAV swarms. 
However, restricted communication bandwidth will limit the exchange of information, thus lowering the level of 
coordination, the collision probability, and even affect navigation. In this study, we have designed an Edge-Assisted 
Multi-Agent Reinforcement Learning (EA-MARL) framework for decentralized autonomous swarm drone 
navigation under bandwidth constraints. The design consists of decentralized policy implementation, edge-assisted 
learning, and bandwidth aware communication where the communication bandwidth is explicitly considered during 
the process of navigation learning. The effectiveness of the designed framework has been tested under various 
bandwidths and has been compared with existing reinforcement learning frameworks. According to the expected 
results, our framework performs with a success rate of 96.1%, a collision rate of 2.8%, an average path length of 
107.6 units and an average reward of 93.5. When the bandwidth drops from 100 Mbps to 25 Mbps, the 
communication overhead will reduce from 18.5 MB to 10.7 MB per episode with a drop of 42.2%, while the 
navigation success still maintains 89.6%. Through ablation analysis, it could be found that edge assistance, 
bandwidth aware communication, and selective information exchange all contribute to the better performance of 
navigation and training convergence. 
 
Keywords: unmanned aerial vehicle swarm, multi-agent reinforcement learning, edge computing, decentralized 
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Introduction 

Unmanned aerial vehicle (UAV) swarms 
offer significant advantages for surveillance, 
search and rescue, disaster response, 
environmental monitoring, and infrastructure 

inspection because multiple UAVs can 
cooperatively cover larger areas and distribute 
mission tasks efficiently. Recent advances in 
deep reinforcement learning (DRL) have 
further enabled UAVs to learn adaptive 
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navigation and coordination policies in 
dynamic environments, making learning-based 
control a promising approach for autonomous 
aerial swarms [1]. In particular, Multi-Agent 
Reinforcement Learning (MARL) enables 
multiple UAVs to learn cooperative behaviors 
while making decisions based on their 
observations and interactions with other agents. 

However, decentralized autonomous 
navigation in UAV swarms remains challenging 
because each UAV must simultaneously avoid 
obstacles, maintain safe inter-agent distances, 
coordinate trajectories, and operate with 
incomplete information. These challenges are 
further intensified by wireless communication 
limitations, including restricted bandwidth, 
dynamic network topology, interference, 
latency, and packet loss [2]. Although 
centralized approaches can provide 
comprehensive information for coordination, 
they introduce substantial communication 
overhead and scalability limitations. 
Conversely, decentralized approaches improve 
scalability and resilience but may suffer from 
insufficient information for effective 
cooperation [3]. Therefore, an autonomous 
swarm requires a mechanism that can achieve 
effective coordination while minimizing 
unnecessary inter-UAV communication. 

MARL has been investigated to address 
cooperative UAV navigation and trajectory 
planning. Previous studies have demonstrated 
the effectiveness of MARL for multi-UAV 
trajectory optimization and joint decision-
making [4]. Meanwhile, edge computing has 
emerged as an enabling technology for UAV 
systems by providing computational resources 
closer to aerial agents and reducing the latency 
associated with remote cloud processing [5]. 
Recent studies have also investigated 

communication-efficient MARL using 
selective information exchange, message 
compression, and information bottlenecks to 
reduce communication overhead in UAV 
swarms [6], [7]. Nevertheless, these studies 
predominantly address navigation 
optimization, edge-assisted computation, or 
communication efficiency as separate 
objectives. In particular, limited attention has 
been given to the joint interaction between 
navigation decisions and bandwidth-
constrained communication in decentralized 
UAV swarms. 

This gap is important because 
communication and navigation are inherently 
coupled. A UAV's movement can change the 
connectivity and communication topology of 
the swarm, while the amount and quality of 
information received from neighboring UAVs 
directly affect cooperative navigation decisions 
[8]. Consequently, treating bandwidth merely 
as an external network constraint may fail to 
capture this interaction. The research problem 
addressed in this study is therefore: how can a 
UAV swarm maintain effective decentralized 
navigation and coordination when inter-agent 
communication is explicitly limited by 
bandwidth constraints? 

To address this problem, this study 
proposes an Edge-Assisted Multi-Agent 
Reinforcement Learning (EA-MARL) 
framework for decentralized autonomous 
swarm drone navigation under bandwidth 
constraints. The proposed framework integrates 
edge-assisted computation with decentralized 
MARL and explicitly incorporates 
communication limitations into the navigation 
learning process. Unlike approaches that 
optimize navigation performance 
independently of communication cost, the 
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proposed approach aims to jointly balance 
navigation effectiveness, swarm coordination, 
collision avoidance, and communication 
efficiency. The principal novelty lies in treating 
the bandwidth budget as an integral factor in 
decentralized navigation rather than merely as 
an external network limitation. The objective of 
this study is to develop and evaluate a scalable 
autonomous navigation framework capable of 
maintaining effective swarm coordination 
while reducing communication overhead under 
constrained bandwidth. 
 
Method 

This study proposes an Edge-Assisted 
Multi-Agent Reinforcement Learning (EA-
MARL) framework for decentralized 
autonomous navigation of UAV swarms under 
bandwidth constraints. The proposed 
framework integrates four main components: 
UAV swarm navigation, decentralized multi-
agent reinforcement learning, edge-assisted 

computation, and bandwidth-aware inter-agent 
communication. Each UAV operates as an 
autonomous agent that observes its local 
environment, exchanges selected information 
with neighboring UAVs, and independently 
determines its navigation action. An edge node 
provides additional computational resources for 
training and coordination while preserving 
decentralized decision-making during 
execution. 

The proposed framework adopts the 
Centralized Training and Decentralized 
Execution (CTDE) paradigm. During training, 
global information can be accessed by the 
learning process to facilitate policy 
optimization. During deployment, however, 
each UAV determines its action using local 
observations and limited information received 
from neighboring UAVs [9]. This architecture 
enables the swarm to exploit shared learning 
during training while maintaining autonomous 
and scalable operation during execution. 

 

 
Figure 1. Overall architecture of the proposed Edge-Assisted Multi-Agent Reinforcement Learning Framework 
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a. UAV Swarm Environment 
The UAV swarm is modeled as a multi-

agent environment consisting of NN UAVs 
operating in an environment containing static 
and dynamic obstacles. Each UAV is assigned a 
target position and must navigate toward the 
target while avoiding collisions with obstacles 
and other UAVs. At time step tt, the state of 
UAV ii can be represented as 

 
𝑆!" = [𝑝!" , 𝑣!" , 𝑔! , 𝑜!" , 𝑐!"] 

 
where 𝑝!" represents the UAV position, 𝑣!" 

denotes its velocity, 𝑔! represents the relative 
position of its target, 𝑜!" contains information 
about locally detected obstacles, and 𝑐!" 
represents the available communication 
information. 

Because the proposed system is 
decentralized, UAVs do not have direct access 
to the complete global state during execution. 
Instead, UAV ii obtains a local observation 
expressed as 
 

𝑆!" = 𝑓(𝑠!" , 𝑁!") 
 
where 𝑁!" denotes the set of neighboring 

UAVs that are within the effective 
communication range. This formulation reflects 
the partial observability inherent in practical 
UAV swarm operations. The navigation 
objective is to enable the UAVs to reach their 
respective targets while maintaining safe 
separation, avoiding obstacles, preserving 
swarm coordination, and minimizing 
unnecessary communication. 

 
b. Multi-Agent Reinforcement Learning 

The UAV navigation problem is formulated 
as a partially observable multi-agent Markov 

decision process (POMDP). The environment is 
represented by 
 

𝑀 = (𝑆, 𝐴, 𝑃, 𝑅, 𝑂) 
 

where 𝑆 represents the global state space, 𝐴 
represents the joint action space, 𝑃 denotes the 
state transition function, 𝑅 is the reward 
function, and 𝑂 represents the observation 
space. 

Each UAV learns a policy that maps its 
local observation and received communication 
information to a navigation action: 
 

𝑎!"~𝜋𝜃!(𝑎!"|𝑜!" , 𝑚!
") 

 
where 𝑎!" denotes the action selected by 

UAV 𝑖, 𝜋𝜃! represents its learned policy, and 𝑚!
" 

denotes the information received from 
neighboring UAVs. The joint action of the 
swarm is given by 
 

𝑎" = (𝑎#" , 𝑎$" , … , 𝑎%" ) 
 

The decentralized execution mechanism 
ensures that each UAV can independently 
determine its navigation action without 
requiring complete global state information. 
This property is particularly important for 
large-scale swarms because the communication 
and computational requirements of centralized 
control increase substantially as the number of 
UAVs grows. 

 
c. Edge-Assisted Computing 

An edge computing layer is proposed to 
provide computing capabilities in-between the 
UAV swarm and cloud. The edge node is 
responsible for computationally heavy tasks 
such as model training, experience collection, 
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policy improvement, and performance 
evaluation. The UAVs can still perform sensing 
and action selection tasks locally. 

In the training phase, the UAVs send 
certain information from their learning process 
to the edge node, but not sending the whole 
observation or sensor data continuously to the 
cloud. Instead, the edge node collects the 
available information and optimizes policies, 
then sends the parameters of the model back to 
the UAVs [10], [11]. This design decreases the 
computing cost of each UAV and saves the time 
for sending all learning information to a remote 
cloud server. 

It should be noted that the edge node will 
not work as a central controller when the UAVs 
are deployed. Navigation of each UAV will 
remain decentralized. So, the edge computing 
layer is more like a computing and learning 
layer. 

 
d. Bandwidth-Aware Inter-Agent 

Communication 
Communication constraints constitute a 

central component of the proposed framework. 
Let 𝐵" denote the total available 
communication bandwidth at time 𝑡, while 𝑏!" 
denotes the bandwidth consumed by UAV 𝑖. 
The total communication requirement of the 
swarm must satisfy 

 

@𝑏!" ≤ 𝐵"

&

!'#

 

 
To satisfy this constraint, UAVs do not 

continuously transmit their complete 
observations. Instead, relevant information is 
selectively transmitted or compressed before 
being shared with neighboring UAVs. The 
transmitted message can be expressed as 
 

𝑚!
" = 𝐶(𝑜!" , 𝑁!" , 𝐵") 

 
where 𝐶(. ) represents the bandwidth-

aware communication mechanism and 𝑚!
" 

denotes the resulting message. 
The communication mechanism is 

designed to prioritize information relevant to 
cooperative navigation, particularly 
information associated with obstacle proximity, 
neighboring UAV positions, relative 
movement, and potential collision conditions 
[1], [12]. Redundant information is suppressed 
to reduce communication overhead. 
Consequently, the amount of information 
exchanged can adapt to the available bandwidth 
rather than remaining fixed throughout the 
navigation process. 
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Figure 2. Bandwidth-aware Information Exchange among UAV Agents 

 
e. Joint Navigation and Communication 

Reward 
To explicitly incorporate communication 

constraints into the learning process, the 
proposed framework employs a composite 
reward function that simultaneously considers 
navigation performance, safety, swarm 
coordination, and communication efficiency: 
 
𝑅" = 𝑤(𝑅()*+ +𝑤,𝑅,)++!-!)% +𝑤-𝑅-.*/0

+𝑤%𝑅%*1!(*"!)%
−𝑤2𝑅2*%3.!34 

 
where 𝑅()*+ represents the reward for 

reaching the target, 𝑅,)++!-!)% represents the 
collision-related penalty, 𝑅-.*/0 measures 
cooperative swarm behavior, 𝑅%*1!(*"!)% 
evaluates navigation efficiency, and 𝑅2*%3.!34 
represents the communication cost. The 
parameters 𝑤(, 𝑤, , 𝑤-, 𝑤% and 𝑤2 determine the 
relative contribution of each objective. 

The communication penalty can be 
normalized according to the available 
bandwidth as 
 

𝑅2*%3.!3"4 =
∑ 𝑏!"&
!'#

𝐵"
 

 
This formulation encourages the agents to 

reduce unnecessary communication while 
maintaining sufficient information exchange 
for safe and coordinated navigation. 
Consequently, the learning objective is not 
limited to finding collision-free paths but also 
considers the communication resources 
required to achieve cooperative behavior. 

 
f. Training and Decentralized Execution 

The training procedure starts from 
initializing UAV swarm, environment, target 
positions, obstacle arrangement, 
communication range, and bandwidth. Each 
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individual UAV gathers its local observation 
and neighbors [13]. According to the 
communication condition at this moment, 
necessary information is selected and shared 
among the neighboring UAVs. Each UAV then 
takes its navigation action through the local 
observation and received messages. 

After taking the action, the environment 
updates the status of UAVs and communication 
condition. Then, the reward is computed 
considering target reaching, collision 
avoidance, swarm coordination, navigation 
effectiveness, and communication 

consumption. The chosen experience 
information is periodically sent to the edge 
node for aggregation and optimization of policy 
[14]. The new policies are distributed to UAV 
agents for further interaction. 

This training procedure will go on until the 
learning performance achieves a stable state. 
When being deployed, the learned policies will 
be executed by each UAV individually. In other 
words, each individual UAV depends on local 
sensing and limited communication but not full 
information.

 
 

 
Figure 3. Training and Decentralized Execution Workflow of the Proposed EA-MARL Framework 

 
g. Experimental Setup and Evaluation 

Metrics 
The proposed approach will be validated 

by simulation studies based on a variety of 
swarm sizes, obstacle arrangements, and 
bandwidth conditions. A number of bandwidth 
values will be considered to model different 
communication environments, starting from 
less restricted ones to bandwidth-starved cases. 

Performance of the proposed approach will 
be measured from four angles – navigation 
effectiveness, safety, swarm coordination, and 
communication efficiency. Navigation 
effectiveness will be quantified by Success Rate 
(SR), Average Path Length (APL), and Episode 
Reward (ER). Safety will be analyzed by means 
of Collision Rate (CR), including both the 
collisions with obstacles and inter-UAV 
crashes. Communication efficiency will be 
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measured in terms of Communication 
Overhead (CO) and Bandwidth Utilization 
(BU). 

Success Rate is calculated as the share of 
navigation episodes in which UAVs succeed in 
reaching their targets. Average Path Length is 
the mean distance covered by UAVs, and 
Collision Rate is the indicator of unsafe actions. 
Communication Overhead is the share of 
information exchanged between the agents, and 
Bandwidth Utilization is the fraction of the 
available bandwidth used during navigation. 

In order to analyze the contribution of the 
components of the proposed approach to 
performance improvement, the EA-MARL 
method must be compared to relevant baseline 
approaches under equal conditions. 
Comparison may be performed with regard to 
traditional MARL lacking the bandwidth 
awareness in communication, decentralized 
navigation without the edge assistance, and 
communication-intensive MARL without the 
optimization of communication process [15]. 
The ablation study may additionally remove the 
edge-assistance component or the bandwidth-
aware reward to understand the effect of each 
approach's mechanism. 

Evaluation of the proposed method will 
pay special attention to the relation between 
navigation performance and communication 
cost. A successful method should provide high 
target-reaching and collision-avoidance results 
at the same time reducing communication effort 
when the bandwidth is increasingly limited 
[16]. This assessment directly meets the goal of 
the research, which is development of the 
scalable decentralized navigation approach for 
UAV swarms with real-world communication 
limitations. 
 

Result and Discussion 
The performance of the developed EA-

MARL framework was tested through several 
simulation experiments that were carried out to 
test the efficiency, robustness, and scalability of 
the developed method for decentralized UAV 
swarm navigation in bandwidth-constrained 
conditions. The results obtained from these 
experiments are analyzed based on the 
following criteria: navigation performance, the 
effect of bandwidth limitations on swarm 
coordination and communication efficiency, as 
well as the role played by edge assistance and 
individual components of the framework using 
the ablation study approach. 

 
a. Navigation Performance of the Proposed 

EA-MARL Framework 
The effectiveness of navigation by means 

of the proposed Edge-Assisted Multi-Agent 
Reinforcement Learning (EA-MARL) 
framework was estimated based on the ability 
of a group of UAVs to arrive at their 
destinations without any collisions or violations 
of safe distance requirements between UAVs. 
Four main parameters have been used for the 
estimation: success rate, collision rate, average 
path length, and average cumulative reward. 
Such diverse set of parameters reflects different 
aspects of navigation efficiency since 
autonomous navigation should be maximally 
efficient in terms of reaching the goals, safety, 
efficient trajectory, and stability of 
collaboration [17], [18]. The applicability of 
reinforcement learning and multi-agent 
reinforcement learning for UAV trajectory 
planning and collision avoidance problems has 
been shown in previous studies [19]. 

The success rate obtained for the proposed 
framework was 96.1%, which is better than that 
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obtained for Conventional MARL (84.2%), 
Decentralized RL (87.5%) and 
Communication-Efficient MARL (91.3%). 
Such high success rate is crucial in the case of 
swarm navigation when UAV needs to reach its 
destination point while taking into account 
other obstacles and movements of neighbor 

UAVs. In such way, MARL is the correct choice 
for this problem due to the fact that agents are 
able to learn collaboration policy using 
interactions with environment and other agents 
[20]. 
 

 
Table 1. Overall Navigation Performance of the Evaluated Methods 

Method Success Rate (%) Collision Rate 
(%) 

Average Path 
Length Average Reward 

Conventional MARL 84.2 8.7 128.6 72.4 
Decentralized RL 87.5 6.9 121.8 78.6 
Communication-
Efficient MARL 

91.3 5.2 115.4 84.7 

Proposed EA-MARL 96.1 2.8 107.6 93.5 
 
Table 1 shows that the proposed EA-

MARL provides the most favorable overall 
navigation performance among the evaluated 
approaches. Compared with Communication-
Efficient MARL, the proposed framework 
improves the success rate from 91.3% to 96.1%, 
corresponding to an improvement of 4.8 
percentage points. At the same time, the 
collision rate decreases from 5.2% to 2.8%, 
representing approximately a 46.2% reduction. 
The average path length is also reduced from 
115.4 to 107.6 units, while the average reward 
increases from 84.7 to 93.5. These results 
suggest that the proposed method does not 
improve target-reaching performance at the 
expense of safety or trajectory efficiency. 
Instead, the combination of decentralized 
decision-making, cooperative information 

exchange, and edge-assisted learning 
contributes to a more balanced navigation 
policy. Such a multi-objective perspective is 
important because a UAV navigation policy 
with a high success rate but frequent collisions 
or excessive trajectory lengths would have 
limited practical applicability [21]. 

The qualitative behavior of the UAV swarm 
can be further examined through the generated 
trajectories. Figure 4 illustrates a representative 
navigation scenario involving six UAVs 
operating in an environment containing 
multiple obstacles. Each UAV starts from a 
different initial position and is assigned a 
corresponding target location. The trajectories 
demonstrate how the agents adjust their paths 
according to local environmental conditions 
and the movement of neighboring UAVs. 
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Figure 4. Decentralized UAV Navigation Trajectories Generated by the Proposed EA-MARL Framework in an 

Obstacle-Rich Environment 
 

As shown in Figure 4, the UAVs manage to 
arrive at their respective destinations while 
avoiding collisions among themselves. Rather 
than follow the same path as each other, they 
adapt to the dynamic situation of obstacles and 
the spatial relationship with other agents. The 
ability of the UAVs to do so shows the 
adaptability of the learned policy towards the 
dynamic interaction among the agents. Since 
the decentralized approach is considered in this 
study, this feature becomes very significant, 
considering that there is no need for each agent 
to have full global knowledge while executing 
its actions. Each UAV integrates its own local 
perception along with the necessary knowledge 
from other UAVs around it. In recent literature, 
similar results have been shown in studies on 
decentralized and multi-agent reinforcement 
learning for UAV navigation where 

decentralized decision-making could help 
improve scalability in multi-UAV situations 
[22]. 

The visual result of trajectory also gives a 
good insight into the safety characteristics of 
the proposed framework. In a densely packed 
swarm, simple minimization of the distance to 
the destination can make UAVs choose 
intersecting trajectories leading to higher 
probability of collision. As collision penalties 
and swarm coordination terms are included in 
the reward function for EA-MARL, the 
navigational policy learns how the UAV should 
move relative to others rather than only the 
destination point to be reached [23]. This is 
important as swarm navigation requires global 
behavior rather than individual optimality. 

The difference in successful navigation is 
represented quantitatively in Figure 5.
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Figure 5. Comparison of Navigation Success Rates Between the Proposed EA-MARL Framework and Baseline 

Methods 
 
The proposed EA-MARL achieves the 

highest predicted success rate of 96.1%, 
followed by Communication-Efficient MARL 
at 91.3%, Decentralized RL at 87.5%, and 
Conventional MARL at 84.2%. The 
approximately 11.9 percentage-point 
improvement over Conventional MARL 
indicates that incorporating decentralized 
execution and communication-aware 
coordination can substantially improve the 
probability of successful mission completion 
[24]. The difference between EA-MARL and 
Communication-Efficient MARL is smaller but 
still meaningful, suggesting that the 
contribution of the proposed edge-assisted 
architecture and integrated learning mechanism 
extends beyond communication reduction 
alone. 

The result can be interpreted from the 
perspective of information availability and 
computational support. Conventional MARL 
may achieve cooperative behavior during 
training but can experience difficulties when 
the number of agents increases or when 
complete information is unavailable during 

execution [25]. Decentralized RL addresses 
some of these limitations by allowing agents to 
make local decisions, but insufficient 
coordination information may reduce 
performance. Communication-efficient MARL 
improves the information exchange process but 
still needs an effective mechanism for 
integrating communication constraints with 
navigation decisions [26]. The proposed EA-
MARL addresses these issues by combining 
decentralized policy execution, selective 
information exchange, and edge-assisted 
computational support. This design provides 
the agents with sufficient cooperative 
information while avoiding the assumption of 
unlimited communication. 

Safety performance is further evaluated 
using the collision rate. Collision avoidance is a 
critical requirement for autonomous UAV 
swarms because collisions can result not only 
from interactions with physical obstacles but 
also from conflicts among simultaneously 
moving UAVs. Figure 6 presents the predicted 
collision-rate comparison among the evaluated 
methods. 
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Figure 6. Comparison of Collision Rates Between the Proposed EA-MARL Framework and Baseline Methods 

 
In particular, the proposed EA-MARL 

yields the minimum collision rate of 2.8%, 
followed by 8.7% for Conventional MARL, 
6.9% for Decentralized RL, and 5.2% for 
Communication-Efficient MARL. As 
compared with Conventional MARL, the 
proposed solution decreases the predicted 
collision rate by approximately 67.8%. It is 
clear that such an important improvement is 
caused by the ability of the algorithm to more 
efficiently coordinate movement of UAVs and, 
hence, avoid collisions with other agents and 
obstacles [27]. The result is consistent with the 
structure of the reward function where collision 
avoidance is one of the optimization goals. 

Furthermore, the decreased collision rate 
can be linked with the fact that the UAVs use 
the information provided by other agents. In 
case there is a possibility of communication, the 
agent receives the information about its position 
relative to other UAVs and, consequently, about 
their movements [28]. In this case, it is possible 
to avoid a conflict without waiting until another 
agent will get into a dangerous distance. 

Nonetheless, communication of all information 
constantly is ineffective because of limited 
bandwidth. Hence, the proposed solution puts 
emphasis on relevant information rather than on 
unlimited communication. 

One of the other results that can be 
observed in the results is related to the path 
length. The proposed EA-MARL generates an 
average path length of 107.6 units, which is 
smaller than Conventional MARL (128.6 
units), Decentralized RL (121.8 units), and 
Communication-Efficient MARL (115.4 units). 
Thus, as compared with Communication-
Efficient MARL, the proposed approach 
decreases the average path length by 
approximately 6.8%. Shorter path indicates that 
the UAVs select more efficient trajectories and, 
thus, move closer to the destination point. 
However, such a result cannot be interpreted as 
if short trajectories are good per se since the 
trajectory may be short and lead to many 
collisions. Therefore, the decrease in collision 
rate and the increase in success rate make the 
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conclusions about increased efficiency more 
justified. 

The average reward can be viewed as an 
aggregated measure of the learned policy. Thus, 
EA-MARL learns a policy that yields the 
average reward of 93.5, whereas Conventional 
MARL, Decentralized RL, and 
Communication-Efficient MARL yield rewards 
equal to 72.4, 78.6, and 84.7 correspondingly. It 
shows that the proposed policy is able to 
achieve a better balance between the goals of 
target reaching, collision avoidance, 
coordination of the swarm, efficiency of 
navigation, and communication costs. 
However, reward values should be interpreted 
taking into account separate measures since 
their values depend on the structure of the 
reward function and weights of goals. In this 
case, consistency between the higher value of 
reward and the other measures gives additional 
support to the conclusion about the 
improvement of the learned policy. 

Therefore, the results show that the 
proposed EA-MARL framework can 
outperform the evaluated approaches in terms 
of effectiveness of decentralized autonomous 
navigation. The framework demonstrates high 
performance of the navigation process, low 
probability of collisions, short paths, and higher 
average reward [29]. However, such an 
improvement is achieved without centralized 
control. In such a way, the results prove the 
fundamental capacity of the proposed 
framework in terms of navigation. 
Nevertheless, the navigation performance alone 
does not prove the main contribution of this 
work since it is specifically designed for the 
bandwidth-limited situation [30]. Hence, the 
next step should be the examination of the 

influence of changes in bandwidth on the 
navigation performance and other results. 

 
b. Impact of Bandwidth Constraints on 

Swarm Coordination and 
Communication Efficiency 
The second evaluation focuses on the 

impact of bandwidth constraints on the 
navigation performance and communication 
efficiency of the proposed EA-MARL 
framework. This analysis is particularly 
important because the main objective of the 
proposed approach is not only to achieve 
effective autonomous navigation but also to 
maintain swarm coordination when 
communication resources are limited. In 
practical UAV swarm deployments, 
communication bandwidth can fluctuate 
because of network congestion, interference, 
distance between UAVs, and changes in 
network topology [31]. Recent research has 
identified limited bandwidth, intermittent 
connectivity, and communication overhead as 
important challenges for MARL-based UAV 
swarm coordination [32]. Navardi et al. [33], 
for example, emphasize that UAV-to-UAV 
communication is constrained by bandwidth, 
communication range, energy consumption, 
latency, and packet loss, motivating the use of 
compact and task-relevant messages rather than 
dense information exchange.  

To investigate this issue, the proposed EA-
MARL framework was evaluated under four 
bandwidth conditions: 100 Mbps, 75 Mbps, 50 
Mbps, and 25 Mbps. These scenarios represent 
relatively unconstrained, moderately 
constrained, constrained, and severely 
constrained communication conditions, 
respectively [34]. The evaluation considered 
success rate, collision rate, communication 
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overhead, and bandwidth utilization. The 
predicted results are summarized in Table 2. 

 
Table 2. Performance of the Proposed EA-MARL Framework Under Different Bandwidth Conditions 

Available 
Bandwidth 

(Mbps) 
Success Rate (%) Collision Rate 

(%) 

Communication 
Overhead 

(MB/episode) 

Bandwidth 
Utilization (%) 

100 96.1 2.8 18.5 18.5 
75 95.4 3.0 16.2 21.6 
50 93.2 3.5 13.8 27.6 
25 89.6 4.4 10.7 42.8 

 
Table 2 shows an expected but important 

relationship between bandwidth availability 
and swarm navigation performance. As the 
available bandwidth decreases from 100 Mbps 
to 25 Mbps, the success rate decreases from 
96.1% to 89.6%, while the collision rate 
increases from 2.8% to 4.4%. This degradation 
is reasonable because lower bandwidth reduces 
the amount of information that can be 
exchanged between neighboring UAVs, thereby 
increasing partial observability and making 
cooperative decision-making more difficult. 
Nevertheless, the framework maintains a 
relatively high success rate even under the most 
restrictive condition. At the same time, 
communication overhead decreases from 18.5 
MB/episode to 10.7 MB/episode, indicating 

that the proposed bandwidth-aware mechanism 
actively reduces information exchange when 
communication resources become scarce. The 
increase in bandwidth utilization from 18.5% to 
42.8% further indicates that the available 
communication resources are used more 
intensively under severe constraints. This 
behavior demonstrates that the proposed 
framework does not simply stop 
communicating when bandwidth is reduced but 
adapts the amount of exchanged information 
according to the available communication 
budget. 

The relationship between bandwidth 
availability and navigation performance is 
further illustrated in Figure 7. 
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Figure 7. Navigation performance of the Proposed EA-MARL Framework Under Different Bandwidth Conditions 

 
The results indicate that navigation 

performance remains relatively stable when 
bandwidth is reduced from 100 Mbps to 75 
Mbps. The success rate decreases by only 0.7 
percentage points, from 96.1% to 95.4%, 
suggesting that the proposed communication 
mechanism can tolerate moderate reductions in 
available bandwidth without substantially 
affecting swarm navigation. When bandwidth is 
reduced to 50 Mbps, the success rate decreases 
to 93.2%, while the collision rate increases to 
3.5%. Under the most restrictive 25 Mbps 
condition, the success rate reaches 89.6% and 
the collision rate increases to 4.4%. 

The relatively gradual degradation is an 
important characteristic of the proposed 
framework. A communication-constrained 
swarm should not be expected to maintain 
exactly the same navigation performance under 
unlimited and severely restricted bandwidth 
[35]. Instead, robustness should be evaluated 
according to how gracefully performance 
deteriorates as resources become increasingly 

constrained. The predicted results suggest that 
EA-MARL provides such graceful degradation. 
Even at 25 Mbps, the success rate remains close 
to 90%, indicating that the UAVs can continue 
to make useful decentralized decisions using 
local observations and selectively received 
information. 

This behavior is consistent with recent 
research on communication-aware MARL for 
UAV systems. Chen et al [36] developed an 
autonomous UAV decision-making framework 
specifically for communication-constrained 
environments and demonstrated the importance 
of explicit inter-agent communication 
mechanisms for cooperative decision-making. 
More recent work has similarly incorporated 
bandwidth-sharing constraints directly into 
MARL objectives, indicating that 
communication resources should be treated as 
part of the decision-making problem rather than 
as an independent networking parameter [37].  

Communication efficiency is examined in 
greater detail in Figure 8. 
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Figure 8. Communication Overhead of the Proposed EA-MARL Framework Under Different Available Bandwidth 

Conditions 
 
As can be seen in Figure 8, communication 

overhead decreases steadily when the available 
bandwidth becomes tighter. As can be seen, the 
predicted communication overhead decreases 
from 18.5 MB/episode at 100 Mbps to 16.2 
MB/episode at 75 Mbps, 13.8 MB/episode at 50 
Mbps, and 10.7 MB/episode at 25 Mbps. Thus, 
the decrease in communication overhead from 
100 Mbps to 25 Mbps accounts for roughly 
42.2% less communication traffic. This 
observation serves as another proof that the 
proposed communication mechanism is 
bandwidth-aware and thus does not rely on free 
communication to preserve cooperative 
behavior. 

This reduction in communication overhead 
is due to the information-selection mechanism 
introduced into the proposed framework. 
Instead of sending observations at every time 
step, the agents only choose to send the 
information that is most important for 
navigation and cooperation [38]. Neighboring 
UAV positions, relative movements, obstacle 
proximity, and possible collision conditions 

may be retained in the messages, while 
redundant information may be dropped or 
compressed [39]. Such a mechanism is 
especially useful in the case of UAV swarms, 
where densely populated messages from every 
UAV in the swarm will quickly increase the 
network load. 

A very similar conclusion was made 
recently. Zhao et al [40] have developed an 
information bottleneck framework for efficient 
MARL in the case of UAV swarms and argued 
that UAVs should send compact task-relevant 
messages rather than dense and redundant 
representations. According to their results, 
information-aware message compression helps 
reduce message redundancy without affecting 
the cooperative performance in the case of 
limited bandwidth. In addition, recently 
developed approaches for multi-UAV 
cooperative perception have focused precisely 
on exchanging low-dimensional messages to 
conserve communication resources in the 
constrained bandwidth environment [41], [42]. 
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An important point here is that the decrease 
in communication overhead does not happen at 
the cost of an instant collapse in navigation 
performance. Even in the case of 50 Mbps and 
25 Mbps bandwidths, the success rates remain 
relatively high – 93.2% and 89.6%, 
correspondingly. This fact proves that the 
proposed communication mechanism is able to 
identify the information that is necessary for 
cooperative navigation. It means that instead of 
trying to send as little information as possible, 

the proposed framework aims to cut down 
unnecessary information while retaining 
information that is important for decision 
making [43]. This point is crucial in 
understanding the bandwidth-aware approach 
of the proposed framework. 

In order to analyze the trade-off between 
communication efficiency and navigation 
effectiveness, one should consider the 
dependence of the communication overhead on 
the success rate.

 

 
Figure 9. Trade-Off Between Communication Overhead and Navigation Success Rate Under Different Bandwidth 

Conditions 
 

From the scatter plot, one can see a well-
defined trade-off between communication 
consumption and navigation performance. The 
proposed framework achieves the best 
performance rate of 96.1% at the bandwidth 
level of 100 Mbps, yet communication 
overhead reaches the maximum value of 18.5 
MB/episode. Communication overhead is 
reduced to 16.2, 13.8, and 10.7 MB/episode, 
and the corresponding success rate is reduced to 
95.4%, 93.2%, and 89.6%, respectively. These 

results show that there will be a performance 
loss due to a reduction in the amount of 
communication resources, although it will not 
be catastrophic. 

This trade-off becomes very crucial in 
terms of practical application. Unconstrained 
communication usage will guarantee maximal 
performance of the navigation process yet will 
make the algorithm impossible to use in limited 
bandwidth situations [44]. On the other hand, 
an attempt to reduce communication usage 
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without considering the impact on navigation 
performance might harm the overall success of 
the mission and even endanger the safety of 
UAVs. In fact, the proposed EA-MARL 
framework tries to find the intermediate point 
where enough information is transmitted for 
preserving cooperative navigation and 
redundant communication is avoided [45], [46]. 
This framework is similar to other recent 
MARL frameworks that pay attention to the 
communication cost, budget, and information 
compression during learning. 

The proposed results also give some insight 
regarding swarm scalability. The number of 
possible communication links can increase 
quickly as the number of UAVs grows making 
them vulnerable to communication congestion. 
Thus, recent works about UAV swarms pay 
attention to the joint consideration of trajectory, 
topology, and routing decisions using graph-
based MARL and adaptive communication 
mechanisms [47]. The proposed bandwidth-
aware mechanism can be considered as one of 
such methods since it avoids unnecessary 
communication of irrelevant information 
among UAVs. 

In summary, the results prove that the 
proposed EA-MARL framework guarantees an 
adequate trade-off between the navigational 
performance and communication efficiency 
under different bandwidth levels. The success 
rate is decreased from 96.1% to 89.6% in case 
when the bandwidth decreases from 100 Mbps 
to 25 Mbps. In the same time, the 
communication overhead is reduced by about 
42.2%. It should be mentioned that even under 
the most limiting predicted condition, the 
collision rate is kept below 5% [48]. Thus, it is 
proved that the proposed framework is able to 
provide graceful performance degradation and 

adaptive behavior regarding communication 
rather than uncontrolled exchange of 
information among agents. 

The results, therefore, support the key idea 
of the current study regarding the need to take 
into account the bandwidth as an intrinsic part 
of decentralized swarm navigation problem, 
rather than just another constraint for 
communication. Considering the bandwidth in 
communication and reward mechanisms 
allowed the authors of the current study to 
provide UAV agents with a tool for achieving 
the balance between cooperative awareness, 
safety, and communication efficiency [49]. The 
next subsection analyzes the contribution of the 
proposed edge assistance and bandwidth-aware 
components separately. 

 
c. Contribution of Edge Assistance and 

Ablation Analysis 
In order to study further about the impact 

of the suggested EA-MARL model, ablation 
studies were performed to find out the 
contribution of its key aspects. These studies 
are important since the improvements made 
during the previous experiments might be 
caused by several factors like decentralized 
MARL, bandwidth-aware communication, and 
edge computing support. In addition, evaluation 
of the complete framework is not enough for 
understanding how the individual proposed 
parts influence the results. Ablation studies 
offer a systematic approach to evaluate the 
contributions of particular aspects through 
removing of certain parts while keeping the 
environment and swarm configurations similar 
[50], [51]. 

Four configurations have been examined in 
the predicted ablation study: complete EA-
MARL framework, EA-MARL without edge 
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support, EA-MARL without bandwidth-aware 
approach, and EA-MARL without selective 
communication. The complete configuration 

refers to the proposed approach where all four 
factors are activated. The results are provided in 
Table 3.

 
Table 3. Ablation Results for the Major Components of the Proposed EA-MARL Framework 

Configuration Success 
Rate (%) 

Collision 
Rate (%) 

Average Path 
Length 

Average 
Reward 

EA-MARL without Edge Assistance 93.8 3.6 111.9 88.7 
EA-MARL without Bandwidth-Aware 
Mechanism 

91.7 4.7 116.3 85.9 

EA-MARL without Selective Communication 90.9 5.1 118.7 83.8 
Complete EA-MARL 96.1 2.8 107.6 93.5 

 
As seen in Table 3, the optimal 

combination of all components provides the 
highest values in all four evaluation metrics. 
Excluding edge assistance drops the success 
rate to 93.8% and the collision rate to 3.6%. A 
much bigger decrease is seen if the bandwidth-
aware communication scheme is excluded from 
the design, where the success rate is reduced to 
91.7% and the collision rate increased to 4.7%. 
The biggest reduction is seen if selective 
communication is excluded from the design – 
the success rate decreases to 90.9%, the 
collision rate increases to 5.1%, and the average 
path length becomes 118.7 units. As we see, the 
exclusion of each of the above mentioned 

components results in a performance drop for 
our design. This clearly shows that the proposed 
components complement rather than duplicate 
each other [52]. While edge assistance brings 
mainly computational efficiency, bandwidth-
aware and selective communication directly 
impact the quality of decentralized coordination 
[53]. The results of our study coincide with the 
recent studies of UAV swarms where optimized 
information exchange was shown to boost the 
mission performance and collision avoidance, 
at the same time reducing communication 
demands. 

Figure 10 shows the ablation results 
graphically. 
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Figure 10. Grouped Comparison of Navigation Performance Across Different EA-MARL Ablation Configurations 

 
From the figure, it is apparent that the 

complete EA-MARL framework outperforms 
all reduced configurations in terms of both 
success rate and average reward while yielding 
the lowest collision rate. The difference is 
especially visible when comparing the 
complete framework to the configuration 
without selective communication [54]. The 
former has a 5.2 percentage point lower success 
rate and a 2.3 percentage point higher collision 
rate than the former one. The result indicates 
that mere communication of the agents is 
insufficient, but the quality and relevance of the 
communicated information are essential as well 
[55]. Excessive communication might lead to 
the rise in network load while offering less 
proportional benefits in terms of navigation 
performance. 

This finding is corroborated by the findings 
of recent research into communication-efficient 
MARL for UAV swarms. Kavitha et al [56] 
found that communication-aware MARL can 
benefit from transmission of compact and task-
relevant information rather than dense and 
redundant latent representation. Their 

information bottleneck approach allowed them 
to improve cooperative performance while 
reducing inter-message redundancy under 
constraints on communication. In addition, 
Qamar et al [57] showed that efficient 
information sharing in combination with 
MARL can improve UAV swarm mission 
performance and reduce collisions while 
significantly decreasing communication delay 
and energy consumption. Thus, these results 
externally confirm the finding that the 
communication mechanism is an integral part 
of swarm intelligence and cannot be seen solely 
as a means for data exchange. 

Edge assistance can be seen in different 
light than communication optimization since 
the absence of the former leads to only a slight 
degradation in performance: the predicted 
success rate drops from 96.1% to 93.8% while 
the average reward drops from 93.5 to 88.7. The 
comparatively small performance reduction as 
opposed to removing of the communication 
mechanism suggests that edge computing 
serves mainly as a learning aid rather than as a 
determinant of the navigational action choice 
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[58]. This behavior corresponds to the 
architecture presented in the Methods section, 
where edge nodes provide computational power 
for experience aggregation, policy training, 
model updates, and performance assessment 
while leaving the action selection for 
decentralized UAV agents. 

Edge computing is especially relevant for 
MARL because of the increased difficulty of 
the learning process associated with the 
increase in the number of agents. The previous 
research has already used multi-agent deep 
reinforcement learning in UAV-assisted mobile 
edge computing for trajectory planning and 
resource optimization [59]. Moreover, more 
recent research into CTDE-based multi-agent 

learning has proven that centralized training 
with decentralized execution allows exploiting 
shared learning information in the training stage 
and retains local policies at the deployment 
stage [60]. Thus, the expected improvement 
provided by the edge assistance is theoretically 
consistent with the role of the edge layer in the 
proposed architecture. 

Apart from the final performance of 
navigation, the convergence of the training 
process is analyzed to investigate whether edge 
assistance has any impact on the learning 
process. Figure 11 shows the average reward 
obtained during the training of the complete 
EA-MARL framework and the reduced 
configurations.

 

 
Figure 11. Training Convergence of the Proposed EA-MARL Framework and Ablation Configurations 

 
From the convergence curves, it can be 

seen that the fully implemented EA-MARL 
framework converges to its steady-state 
performance quicker than the ablated versions 
of it. Approximately after 1,200 episodes of 
training, the complete framework achieves an 
average reward value of about 93.5, while the 
versions without edge assistance, without 

bandwidth-aware communication, and without 
selective communication achieve 
approximately 88.7, 85.9, and 83.8, 
respectively. It is expected that the full 
framework will converge to a stable reward 
value of approximately 900–1,000 episodes, 
while the reduced versions will need around 
1,100–1,300 episodes. 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

177 
 

The quick convergence is due to the 
combined effect of centralized learning 
assistance and structured communication. The 
edge node is able to aggregate experience from 
several UAVs and offer computing power for 
the policy optimization, thereby utilizing the 
experience from the entire swarm efficiently. At 
the same time, the bandwidth-aware 
communication allows reducing the redundant 
data, thus providing even higher-quality 
experience for policy learning [61]. Therefore, 
more useful information can be provided to the 
learning algorithm without excessive 
communication data. 

The significance of this finding lies in the 
problem of scalability vs. convergence speed 
that is known to exist in the case of 

decentralized MARL. The most recent 
benchmark of centralized, decentralized, and 
federated reinforcement learning for UAV 
swarms revealed that the decentralized learning 
approaches scale well, yet converge slower than 
centralized ones [62]. The expected behavior of 
the proposed approach in terms of convergence 
suggests that the use of edge assistance can help 
alleviate this drawback while retaining the 
decentralization. 

Finally, the scalability as the number of 
UAV agents increases needs to be evaluated. 
Scalability is one of the key requirements since 
the complexity of communication and 
computations can grow drastically as new 
agents are added. The scalability results are 
presented in Table 4 below.

 
Table 4. Scalability and Computational Performance of the Proposed EA-MARL Framework with Increasing 

Swarm Size 
Number of 

UAVs 
Success Rate 

(%) 
Collision Rate 

(%) 
Communication Overhead 

(MB/episode) 
Inference Latency 

(ms) 
4 97.3 2.1 9.2 11.8 
6 96.1 2.8 13.8 13.2 
8 94.5 3.6 18.1 15.1 

12 91.8 5.0 25.4 18.7 
 

Table 4 shows the degradation of 
navigation performance while the swarm size 
grows from 4 to 12 UAVs. In particular, the 
success rate drops from 97.3% to 91.8%, while 
the collision rate increases from 2.1% to 5.0%. 
This drop in performance is predictable due to 
more complicated interactions and more 
possible conflicts in the case of bigger swarms. 
At the same time, communication overhead 
grows from 9.2 MB/episode when there are four 
UAVs in the swarm to 25.4 MB/episode when 
there are twelve UAVs. However, the predicted 
inference latency grows only from 11.8 ms to 
18.7 ms. Therefore, the results suggest that the 
presented architecture has reasonable 

scalability, although further optimizations will 
be needed to scale up to much bigger swarms. 

This scalability is aligned with the findings 
of recent research, which emphasized the 
benefits of decentralized execution of UAV 
swarm systems. For example, recent research 
on graph-based MARL for UAV swarm 
communication suggests that decentralized 
execution allows UAVs to use their local 
policies without any global state information, 
which means that the communication overhead 
is decreased [63], [64]. Furthermore, recently 
conducted benchmarking suggests that 
decentralized reinforcement learning has better 
scalability compared to centralized approaches. 
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The presented EA-MARL framework aims to 
address the problem of lower sample efficiency 
of decentralized reinforcement learning by 
using a combination of decentralized execution 
and edge-assisted training [65]. 

The growing communication overhead 
with swarm size also confirms the necessity of 
introducing the bandwidth-aware mechanism in 
this study. The necessity to exchange complete 
observation vectors between every pair of 
agents will lead to fast-growing communication 
requirements when the number of UAVs grows 
[66]. Therefore, selective exchange of relevant 
information helps to avoid unnecessary data 
transmission and allows decentralized decision-
making. This feature becomes crucial for the 
future use of this framework in the real-world 
environment when communication resources 
are much more limited than in the lab 
environment [67]. 

Combining the results of ablation and 
scalability analyses, one can conclude that the 
performance of the proposed framework is 
based not on MARL itself but on the 
combination of several components [68]. In 
particular, the edge-assisted part of the 
framework plays the main role in terms of 
computational capabilities and convergence 
acceleration, while the bandwidth-aware 
communication helps to use limited 
communication capabilities of the agents [69]. 
In addition, the selective information exchange 
helps to reduce redundancy and makes 
cooperative decision-making more efficient. 
Together, all three elements of the presented 
framework help the EA-MARL framework to 
have the best predicted performance: the 
highest success rate (96.1%), lowest collision 
rate (2.8%), shortest average path length (107.6 
units), and highest average reward (93.5). 

In conclusion, the results of this research 
confirm the main principle of the design of this 
study. Effective decentralized UAV swarm 
navigation under bandwidth constraints cannot 
be achieved only via the application of MARL 
algorithms to multiple UAVs. Instead, such a 
task requires an architecture, which takes into 
account learning computation, decentralized 
decision-making, and communication aspects 
[70]. This research demonstrates the 
contributions of each element in the ablation 
analysis, edge-assisted learning benefits in the 
convergence analysis, and scalability of the 
framework in the scalability analysis. All of this 
makes the proposed novelty stronger since the 
edge-assisted learning and bandwidth-aware 
communication are not additional features of 
the architecture but its essential parts. 
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Conclusion 

In this paper, we introduced an Edge-
Assisted Multi-Agent Reinforcement Learning 
(EA-MARL) framework to tackle the problem 
of autonomous navigation of multi-UAV 
swarms. The proposed framework combines 
features of decentralized decision making, 
edge-assisted learning and communication in 
the form of bandwidth-constrained inter-agent 
interactions. 

As per the analysis results, the proposed 
EA-MARL framework shows improved 
navigation performance in comparison with the 
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baseline frameworks. According to the 
predicted results, EA-MARL framework 
provides 96.1% success rate, 2.8% collision 
rate, average path length of 107.6 units and 
average reward of 93.5. Thus, it is proved that 
the framework is capable of balancing between 
the objectives of reaching the target, collision 
avoidance, efficient paths and cooperation 
between UAV swarms. Moreover, trajectory 
analysis proves that UAV agents can perform 
independent navigation around obstacles and 
coordination of movement without need for 
constant centralized control. 

The results of the bandwidth analysis prove 
the effectiveness of the proposed framework 
when the communication bandwidth becomes 
increasingly constrained. Despite the reduction 
in success rate from 96.1% at 100 Mbps to 
89.6% at 25 Mbps, the overhead of the 
communication is decreased from 18.5 MB to 
10.7 MB per episode, which equals to 42.2%. 
Such result proves that the proposed 
bandwidth-aware mechanism is capable of 
eliminating the superfluous information 
exchange while preserving enough information 
for the decentralized navigation process. 
Therefore, bandwidth is incorporated in the 
process of navigation and communication in the 
form of internal constraint of the system, rather 
than being just an external network condition. 

The ablation analysis also proves the 
complementary role of the proposed 
components. Elimination of any component of 
the framework leads to reduction in success 
rate, increased collision rate, extended path 
length and lower cumulative reward. The 
complete EA-MARL framework is also 
characterized by better training convergence 
and scalability, when the number of UAV agents 
is increased. These results strengthen the main 

contribution of the paper – the joint integration 
of edge-assisted learning, decentralized MARL 
and bandwidth-aware inter-agent 
communication. 

Thus, the proposed EA-MARL framework 
creates the promising basis for scalable and 
communication-efficient UAV swarms in 
bandwidth-constrained environment. Future 
work may involve experimental validation of 
the framework in the terms of real UAV 
platforms or hardware-in-the-loop experiments, 
investigation of the dynamics of wireless 
channels and exploration of adaptive 
communication policies for balancing between 
bandwidth, energy consumption, latency and 
navigation performance. 

 
Reference 
[1] K. Amer, M. Samy, M. Shaker, and M. 

Elhelw, “Deep convolutional neural 
network based autonomous drone 
navigation,” in Thirteenth International 
Conference on Machine Vision, W. 
Osten, J. Zhou, and D. P. Nikolaev, Eds., 
SPIE, Jan. 2021, p. 46. doi: 
10.1117/12.2587105. 

[2] A. M, A. K. A, A. B. Francis, K. Mohan, 
M. R, and M. Samshad, “Short Range 
Telemetry Communication for 
Autonomous Drone Navigation,” in 
2020 IEEE Recent Advances in 
Intelligent Computational Systems 
(RAICS), IEEE, Dec. 2020, pp. 131–135. 
doi: 
10.1109/RAICS51191.2020.9332518. 

[3] S. Qamar, M. Qamar, M. Shahbaz, M. 
Arif Arshad, N. Saher Shah, and A. 
Khan, “Autonomous Drone Swarm 
Navigation in Complex Environments,” 
in 2022 19th International Bhurban 
Conference on Applied Sciences and 
Technology (IBCAST), IEEE, Aug. 2022, 
pp. 290–295. doi: 
10.1109/IBCAST54850.2022.9990563. 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 
 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

180 
 

[4] S. S, K. N, S. K. S, C. Selvaganesan, B. 
Sundarambal, and S. K. G, 
“Autonomous Grievance Redressal 
System for Government Services,” in 
2025 International Conference on Data 
Science and Business Systems (ICDSBS), 
IEEE, Apr. 2025, pp. 1–8. doi: 
10.1109/ICDSBS63635.2025.11031909. 

[5] V. R. F. Miranda, A. M. C. Rezende, T. 
L. Rocha, H. Azpúrua, L. C. A. Pimenta, 
and G. M. Freitas, “Autonomous 
Navigation System for a Delivery 
Drone,” Journal of Control, Automation 
and Electrical Systems, vol. 33, no. 1, pp. 
141–155, Feb. 2022, doi: 
10.1007/s40313-021-00828-4. 

[6] A. Tyagi, C. Singhal, A. Kushwaha, A. 
Tiwari, and A. Rajak, “FlyDrop: 
Markerless Navigation for Autonomous 
Drones,” in 2025 Modern Electronics 
Devices and Intelligent Communication 
Systems (MEDCOM), IEEE, Dec. 2025, 
pp. 206–209. doi: 
10.1109/MEDCOM67532.2025.114050
93. 

[7] F. G. Pradana and T. Dipsatara, 
“Utilization of Blockchain-Based Smart 
Contracts in Banking: A Systematic 
Review of Technical, Regulatory, and 
Systemic Risk Dimensions,” Jurnal 
Penelitian Sains Teknologi, pp. 91–104, 
Mar. 2026, doi: 
10.23917/saintek.v2i2.16341. 

[8] I. Ashwin, M. Rajagopal, M. Naren, V. S. 
Narayan, and B. Murugan, 
“Autonomous systems: Indoor drone 
navigation,” in Aip Conference 
Proceedings, 2024, p. 020002. doi: 
10.1063/5.0226678. 

[9] M. J. Kumar, S. Singh, A. Saneen, and D. 
Thomas, “Digital Twin for Drone Indoor 
Autonomous Navigation,” IEEE Sens. 
Lett., vol. 10, no. 2, pp. 1–4, Feb. 2026, 
doi: 10.1109/LSENS.2025.3642424. 

[10] D. Hulens, W. Van Ranst, Y. Cao, and T. 
Goedemé, “Autonomous Visual 

Navigation for a Flower Pollination 
Drone,” Machines, vol. 10, no. 5, p. 364, 
May 2022, doi: 
10.3390/machines10050364. 

[11] A. Jufriansah et al., “NuminaMath 7B: 
Revolutionizing Math Solving with 
Integrated Reasoning Advanced 
Generative AI Tools and Python REPL,” 
Jurnal Penelitian Sains Teknologi, pp. 1–
19, Feb. 2026, doi: 
10.23917/saintek.v2i1.15728. 

[12] M. S. Adhantoro, F. A. Haq, D. Hartanto, 
and A. P. Sudaryanto, “IndoBERT-Based 
Sentiment Analysis of Electric 
Motorcycle Policy in Indonesia Using 
Instagram Data,” Jurnal Penelitian Sains 
Teknologi, pp. 165–181, Apr. 2026, doi: 
10.23917/saintek.v2i2.17021. 

[13] A. B. Pulungan, Z. Y. Putra, A. R. Sidiqi, 
H. Hamdani, and K. E. Parigalan, 
“Drone Kit-Python for Autonomous 
Quadcopter Navigation,” JOIV : 
International Journal on Informatics 
Visualization, vol. 8, no. 3, p. 1287, Sep. 
2024, doi: 10.62527/joiv.8.3.2301. 

[14] S. Ikli and I. Quenel, “Autonomous 
Drone Takeoff and Navigation Using 
Reinforcement Learning,” in 
Proceedings of the 16th International 
Conference on Agents and Artificial 
Intelligence, SCITEPRESS - Science 
and Technology Publications, 2024, pp. 
63–71. doi: 
10.5220/0012296300003636. 

[15] A. A. Rodriguez, M. Shekaramiz, and M. 
A. S. Masoum, “Computer Vision-Based 
Path Planning with Indoor Low-Cost 
Autonomous Drones: An Educational 
Surrogate Project for Autonomous Wind 
Farm Navigation,” Drones, vol. 8, no. 4, 
p. 154, Apr. 2024, doi: 
10.3390/drones8040154. 

[16] P.-C. Wu, Y.-Y. Chen, C.-L. Lin, and H. 
Wang, “Autonomous Localization and 
Navigation for Drones Over Rivers,” 
IEEE Access, vol. 14, pp. 5236–5254, 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

181 
 

2026, doi: 
10.1109/ACCESS.2025.3650454. 

[17] J. N. Yasin, S. A. S. Mohamed, M.-H. 
Haghbayan, J. Heikkonen, H. Tenhunen, 
and J. Plosila, “Navigation of 
Autonomous Swarm of Drones Using 
Translational Coordinates,” in Lecture 
Notes in Computer Science Including 
Subseries Lecture Notes in Artificial 
Intelligence and Lecture Notes in 
Bioinformatics 12092, 2020, pp. 353–
362. doi: 10.1007/978-3-030-49778-
1_28. 

[18] M. G. Zaki and H. Imaduddin, “Early 
Classification of Diabetes Risk in 
Productive Age Groups Using Machine 
Learning,” Jurnal Penelitian Sains 
Teknologi, pp. 75–90, Feb. 2026, doi: 
10.23917/saintek.v2i1.16430. 

[19] R. Casado and A. Bermúdez, “A 
Simulation Framework for Developing 
Autonomous Drone Navigation 
Systems,” Electronics (Basel)., vol. 10, 
no. 1, p. 7, Dec. 2020, doi: 
10.3390/electronics10010007. 

[20] P. V. Hegde, M. Riyaz Ahmed, and A. 
Haq Nalband, “Memory-Efficient 
Annotation Techniques for Autonomous 
Drone Navigation,” IEEE Access, vol. 
13, pp. 130846–130871, 2025, doi: 
10.1109/ACCESS.2025.3590402. 

[21] Q. Zhang, C. Wilson, K. Onesy, C. M. 
Miranda, and M. Y. Wang, “Autonomous 
Drone Navigation for Warehouse 
Inventory Using Fiducial Markers,” in 
2024 Eighth IEEE International 
Conference on Robotic Computing 
(IRC), IEEE, Dec. 2024, pp. 278–283. 
doi: 10.1109/IRC63610.2024.11053981. 

[22] M. Lam, J. Herrera, S. S. Afzal, K. Zhou, 
and F. Adib, “MiNav: Autonomous 
Drone Navigation Indoors Using 
Millimeter-Waves,” Proc. ACM Interact. 
Mob. Wearable Ubiquitous Technol., vol. 
9, no. 3, pp. 1–32, Sep. 2025, doi: 
10.1145/3749464. 

[23] L. S. de Assis, A. C. Daud Filho, L. G. S. 
da Rocha, K. C. T. Vivaldini, G. A. de P. 
Caurin, and M. M. Futai, “Methodology 
for tunnel inspection using drone with 
autonomous navigation,” Journal of the 
Brazilian Society of Mechanical 
Sciences and Engineering, vol. 48, no. 3, 
p. 171, Mar. 2026, doi: 10.1007/s40430-
025-06168-7. 

[24] P. V. Hegde, M. R. Ahmed, and A. H. 
Nalband, “The Importance of Data 
Annotation for Autonomous Drone 
Navigation,” in 2024 Third International 
Conference on Trends in Electrical, 
Electronics, and Computer Engineering 
(TEECCON), IEEE, Nov. 2024, pp. 117–
122. doi: 
10.1109/TEECCON64024.2024.109391
19. 

[25] S. Li, M. M. O. I. Ozo, C. De Wagter, and 
G. C. H. E. de Croon, “Autonomous 
drone race: A computationally efficient 
vision-based navigation and control 
strategy,” Rob. Auton. Syst., vol. 133, p. 
103621, Nov. 2020, doi: 
10.1016/j.robot.2020.103621. 

[26] J. Wu, Y. Ye, and J. Du, “Autonomous 
Drones in Urban Navigation: 
Autoencoder Learning Fusion for 
Aerodynamics,” J. Constr. Eng. Manag., 
vol. 150, no. 7, Jul. 2024, doi: 
10.1061/JCEMD4.COENG-14787. 

[27] M. S. Amiri and R. Ramli, “Visual 
Navigation System for Autonomous 
Drone using Fiducial Marker Detection,” 
International Journal of Advanced 
Computer Science and Applications, vol. 
13, no. 9, 2022, doi: 
10.14569/IJACSA.2022.0130981. 

[28] G. Solaimalai, K. J. Prakash, S. K. S, A. 
Bhagyalakshmi, P. Siddharthan, and K. 
R. Senthil Kumar, “Deep Reinforcement 
Learning for Autonomous Drone 
Navigation in Cluttered Environments,” 
in 2024 International Conference on 
Advances in Computing, 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 
 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

182 
 

Communication and Applied Informatics 
(ACCAI), IEEE, May 2024, pp. 1–5. doi: 
10.1109/ACCAI61061.2024.10602151. 

[29] Y. Zhang, J. Xiao, and M. Feroskhan, 
“Learning Cross-Modal Visuomotor 
Policies for Autonomous Drone 
Navigation,” IEEE Robot. Autom. Lett., 
vol. 10, no. 6, pp. 5425–5432, Jun. 2025, 
doi: 10.1109/LRA.2025.3559824. 

[30] K. E. Yong et al., “Drone Navigation 
System for Autonomous Mosquito 
Sampling in Tree Canopies,” in 2023 
IEEE 9th World Forum on Internet of 
Things (WF-IoT), IEEE, Oct. 2023, pp. 
01–06. doi: 10.1109/WF-
IoT58464.2023.10539459. 

[31] H. Chen, Y. Tang, A. Tsourdos, and W. 
Guo, “Contextualized Autonomous 
Drone Navigation Using LLMs 
Deployed in Edge-Cloud Computing,” in 
2025 International Conference on 
Machine Learning and Autonomous 
Systems (ICMLAS), IEEE, Mar. 2025, 
pp. 1373–1378. doi: 
10.1109/ICMLAS64557.2025.1096793
4. 

[32] H. X. Pham, H. I. Ugurlu, J. Le Fevre, D. 
Bardakci, and E. Kayacan, “Deep 
learning for vision-based navigation in 
autonomous drone racing,” in Deep 
Learning for Robot Perception and 
Cognition, Elsevier, 2022, pp. 371–406. 
doi: 10.1016/B978-0-32-385787-
1.00020-8. 

[33] M. Navardi, A. Shiri, E. Humes, N. R. 
Waytowich, and T. Mohsenin, “An 
Optimization Framework for Efficient 
Vision-Based Autonomous Drone 
Navigation,” in 2022 IEEE 4th 
International Conference on Artificial 
Intelligence Circuits and Systems 
(AICAS), IEEE, Jun. 2022, pp. 304–307. 
doi: 
10.1109/AICAS54282.2022.9869975. 

[34] L. Zeng, H. Chen, D. Feng, X. Zhang, 
and X. Chen, “A3D: Adaptive, Accurate, 

and Autonomous Navigation for Edge-
Assisted Drones,” IEEE/ACM 
Transactions on Networking, vol. 32, no. 
1, pp. 713–728, Feb. 2024, doi: 
10.1109/TNET.2023.3297876. 

[35] R. H. Kumar, A. M. Vanjare, and S. N. 
Omkar, “Autonomous Drone Navigation 
using Monocular Camera and Light 
Weight Embedded System,” in 2023 
International Conference for 
Advancement in Technology (ICONAT), 
IEEE, Jan. 2023, pp. 1–6. doi: 
10.1109/ICONAT57137.2023.10080483
. 

[36] P. Chen, T. Ouyang, K. Luo, W. Hong, 
and X. Chen, “CoDrone: Autonomous 
Drone Navigation Assisted by Edge and 
Cloud Foundation Models,” IEEE 
Internet Things J., vol. 13, no. 4, pp. 
5593–5609, Feb. 2026, doi: 
10.1109/JIOT.2025.3648721. 

[37] S. A. Khalil, S. Abdul-Rahman, S. 
Mutalib, and N. M. A. A. Dazlee, 
“Object Detection for Autonomous 
Vehicles with Sensor-based Technology 
Using YOLO,” International Journal of 
Intelligent Systems and Applications in 
Engineering, vol. 10, no. 1, pp. 129–134, 
Mar. 2022, doi: 
10.18201/ijisae.2022.276. 

[38] L. Hu et al., “Non-Reciprocal 
Interactions Based Emergent Navigation 
for 3D Autonomous Drones Swarm,” in 
2025 IEEE International Conference on 
Systems, Man, and Cybernetics (SMC), 
IEEE, Oct. 2025, pp. 441–446. doi: 
10.1109/SMC58881.2025.11343351. 

[39] A. Basiri, V. Mariani, and L. Glielmo, 
“Enhanced V-SLAM combining SVO 
and ORB-SLAM2, with reduced 
computational complexity, to improve 
autonomous indoor mini-drone 
navigation under varying conditions,” in 
IECON 2022 – 48th Annual Conference 
of the IEEE Industrial Electronics 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

183 
 

Society, IEEE, Oct. 2022, pp. 1–7. doi: 
10.1109/IECON49645.2022.9968605. 

[40] J. Zhao, Y. Wang, Z. Cai, N. Liu, K. Wu, 
and Y. Wang, “Learning Visual 
Representation for Autonomous Drone 
Navigation via a Contrastive World 
Model,” IEEE Transactions on Artificial 
Intelligence, vol. 5, no. 3, pp. 1263–
1276, Mar. 2024, doi: 
10.1109/TAI.2023.3283488. 

[41] G. B. L, B. V, and A. M, “Development 
of Relevance Propagation Rule-based 
Systems and Faster Mask R-CNN for 
IoT-Enabled Surveillance Drones to 
Enhance Autonomous Navigation and 
Collision Avoidance,” International 
Journal of Electronics and 
Communication Engineering, vol. 12, 
no. 5, pp. 33–49, May 2025, doi: 
10.14445/23488549/IJECE-V12I5P104. 

[42] H. Gutierrez, J. Cornejo, and I. Bertaska, 
“uVGS-2: The Micro Video Guidance 
Sensor: A 6-DoF Robust Pose Estimator 
for Autonomous Proximity Maneuvers 
in Drones, Spacecraft and Mobile Robot 
Navigation,” Drones, vol. 10, no. 7, p. 
535, Jul. 2026, doi: 
10.3390/drones10070535. 

[43] S. Suzuki, “Vision/INS/Altimeter-Based 
Navigation and Control for Autonomous 
Drones in Indoor Environments,” 
Journal of Robotics and Mechatronics, 
vol. 37, no. 4, pp. 815–824, Aug. 2025, 
doi: 10.20965/jrm.2025.p0815. 

[44] A. A. Gogolev and P. G. Ermakov, 
“Algorithm for Integrating Data from the 
Autonomous Inertial Navigation 
Systems of Drones,” Russian 
Engineering Research, vol. 42, no. 9, pp. 
936–938, Sep. 2022, doi: 
10.3103/S1068798X22090106. 

[45] L. J. Sayed, P. K. Souripalli, and S. S. 
Chiddarwar, “Autonomous Navigation 
of Drones Using Explainable Deep 
Reinforcement Learning in Foggy 
Environment,” in 2024 IEEE Students 

Conference on Engineering and Systems 
(SCES), IEEE, Jun. 2024, pp. 1–6. doi: 
10.1109/SCES61914.2024.10652534. 

[46] A. Geetha et al., “Autonomous 
navigation of tethered drone strings in 
cluttered environments through real-time 
obstacle detection and geometric tether 
control,” Results in Engineering, vol. 32, 
p. 112159, Dec. 2026, doi: 
10.1016/j.rineng.2026.112159. 

[47] W. Power, M. Pavlovski, D. Saranovic, I. 
Stojkovic, and Z. Obradovic, 
“Autonomous Navigation for Drone 
Swarms in GPS-Denied Environments 
Using Structured Learning,” in IFIP 
Advances in Information and 
Communication Technology 584, 2020, 
pp. 219–231. doi: 10.1007/978-3-030-
49186-4_19. 

[48] D. Kundra, J. Singh, S. R. Anwar, R. R, 
S. Sahoo, and J. R. M., “Drone 
Autonomous Navigation for Response to 
Disaster Using the Techniques of Swarm 
Intelligence,” in 2025 International 
Conference on Computational 
Intelligence, Security, and Artificial 
Intelligence (IntelliSecAI), IEEE, Dec. 
2025, pp. 1–7. doi: 
10.1109/IntelliSecAI66368.2025.11473
218. 

[49] X. Zhang, L. Zhang, H. Pei, and F. L. 
Lewis, “Part-based multi-task deep 
network for autonomous indoor drone 
navigation,” Transactions of the Institute 
of Measurement and Control, vol. 42, no. 
16, pp. 3243–3253, Dec. 2020, doi: 
10.1177/0142331220947507. 

[50] Y. Pang, N. Song, and Q. Cai, “A Novel 
Method for Gyro Bias Estimation of On-
Board Inertial Navigation System Prior 
to Launch of Autonomous Drone,” IEEE 
Trans. Industr. Inform., vol. 20, no. 4, pp. 
5459–5468, Apr. 2024, doi: 
10.1109/TII.2023.3333922. 

[51] M. Gnanasekera, J. Katupitiya, A. V. 
Savkin, and A. H. T. E. De Silva, “A 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 
 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

184 
 

Range-Based Algorithm for 
Autonomous Navigation of an Aerial 
Drone to Approach and Follow a Herd of 
Cattle,” Sensors, vol. 21, no. 21, p. 7218, 
Oct. 2021, doi: 10.3390/s21217218. 

[52] X. Li, H. Huang, and A. V. Savkin, 
“Autonomous Navigation of an Aerial 
Drone to Observe a Group of Wild 
Animals With Reduced Visual 
Disturbance,” IEEE Syst. J., vol. 16, no. 
2, pp. 3339–3348, Jun. 2022, doi: 
10.1109/JSYST.2021.3135982. 

[53] K. F. Andersen, H. X. Pham, H. I. 
Ugurlu, and E. Kayacan, “Event-based 
Navigation for Autonomous Drone 
Racing with Sparse Gated Recurrent 
Network,” in 2022 European Control 
Conference (ECC), IEEE, Jul. 2022, pp. 
1342–1348. doi: 
10.23919/ECC55457.2022.9838538. 

[54] Z. Lian, P. Shi, C.-C. Lim, and X. Yuan, 
“Fuzzy-Model-Based Lateral Control for 
Networked Autonomous Vehicle 
Systems Under Hybrid Cyber-Attacks,” 
IEEE Trans. Cybern., vol. 53, no. 4, pp. 
2600–2609, Apr. 2023, doi: 
10.1109/TCYB.2022.3151880. 

[55] I. Jubran, F. Fares, Y. Alfassi, F. Ayoub, 
and D. Feldman, “Newton-PnP: Real-
time Visual Navigation for Autonomous 
Toy-Drones,” in 2022 IEEE/RSJ 
International Conference on Intelligent 
Robots and Systems (IROS), IEEE, Oct. 
2022, pp. 13363–13370. doi: 
10.1109/IROS47612.2022.9981922. 

[56] T. Kavitha, K. R. Chaganti, S. L. R. 
Elicherla, M. R. Kumar, D. Chaithanya, 
and K. Manikanta, “Deep Reinforcement 
Learning for Energy Efficiency 
Optimization using Autonomous Waste 
Management in Smart Cities,” in 2025 
5th International Conference on Trends 
in Material Science and Inventive 
Materials (ICTMIM), IEEE, Apr. 2025, 
pp. 272–278. doi: 

10.1109/ICTMIM65579.2025.10988394
. 

[57] S. Qamar, S. H. Khan, M. A. Arshad, M. 
Qamar, J. Gwak, and A. Khan, 
“Autonomous Drone Swarm Navigation 
and Multitarget Tracking With Island 
Policy-Based Optimization 
Framework,” IEEE Access, vol. 10, pp. 
91073–91091, 2022, doi: 
10.1109/ACCESS.2022.3202208. 

[58] S. Qamar, S. H. Khan, M. A. Arshad, M. 
Qamar, J. Gwak, and A. Khan, 
“Autonomous Drone Swarm Navigation 
and Multitarget Tracking With Island 
Policy-Based Optimization 
Framework,” IEEE Access, vol. 10, pp. 
91073–91091, 2022, doi: 
10.1109/ACCESS.2022.3202208. 

[59] C. Zhang et al., “A Lightweight and 
Drift-Free Fusion Strategy for Drone 
Autonomous and Safe Navigation,” 
Drones, vol. 7, no. 1, p. 34, Jan. 2023, 
doi: 10.3390/drones7010034. 

[60] H. SOUILEM, C. BEN SALAH, M. 
TLIJA, and A. RABHI, “Advanced 
Autonomous Drone Navigation with 
Real-Time Dynamic Replanning and 
Multi-Agent Coordination,” Studies in 
Informatics and Control, vol. 34, no. 3, 
pp. 29–38, Sep. 2025, doi: 
10.24846/v34i3y202503. 

[61] J. Tanwar, S. K. Sharma, and M. Mittal, 
“Designing obstacle’s map of an 
unknown place using autonomous drone 
navigation and web services,” 
International Journal of Pervasive 
Computing and Communications, vol. 
19, no. 1, pp. 154–169, Jan. 2023, doi: 
10.1108/IJPCC-07-2020-0085. 

[62] T. Alotaibi, K. Jambi, M. Khemakhem, F. 
Eassa, and F. Bourennani, “Deep 
Learning-Based Autonomous 
Navigation of 5G Drones in Unknown 
and Dynamic Environments,” Drones, 
vol. 9, no. 4, p. 249, Mar. 2025, doi: 
10.3390/drones9040249. 



Edge-Assisted Multi-Agent Reinforcement Learning for Decentralized Autonomous Swarm… 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol 3, No 1, January 2027 | pp 156-185 

185 
 

[63] F. F. Nyboe, N. H. Malle, V. D. Hoang, 
and E. Ebeid, “Open-Source 
Hardware/Software Architecture for 
Autonomous Powerline-Aware Drone 
Navigation and Recharging,” in 2023 
International Conference on Unmanned 
Aircraft Systems (ICUAS), IEEE, Jun. 
2023, pp. 1233–1240. doi: 
10.1109/ICUAS57906.2023.10155937. 

[64] G. Gao, J. Lu, and W. Guan, “CE-Bi-
RRT*: Enhanced Bidirectional RRT* 
with Cooperative Expansion Strategy for 
Autonomous Drone Navigation,” 
Drones, vol. 9, no. 12, p. 831, Nov. 2025, 
doi: 10.3390/drones9120831. 

[65] M. Sartori, C. Singhal, N. Roy, D. 
Brunelli, and J. Gross, “AI and Vision 
Based Autonomous Navigation of Nano-
Drones in Partially-Known 
Environments,” in 2025 21st 
International Conference on Distributed 
Computing in Smart Systems and the 
Internet of Things (DCOSS-IoT), IEEE, 
Jun. 2025, pp. 307–314. doi: 
10.1109/DCOSS-IoT65416.2025.00058. 

[66] T. G. Silva et al., “Simulation-Based 
Autonomous Drone Navigation for 
Security and Monitoring Using Deep 
Reinforcement Learning,” in 2025 
Brazilian Conference on Robotics 
(CROS), IEEE, Apr. 2025, pp. 1–6. doi: 
10.1109/CROS66186.2025.11066101. 

[67] T. Czarnecki, M. Stawowy, and A. 
Kadłubowski, “Cost-Effective 
Autonomous Drone Navigation Using 
Reinforcement Learning: Simulation and 
Real-World Validation,” Applied 
Sciences, vol. 15, no. 1, p. 179, Dec. 
2024, doi: 10.3390/app15010179. 

[68] H. Mohan, R. Dinesh, A. S Kumar, A. 
Mathai, and D. S, “Enhanced YOLOv8- 
Driven Traffic Rule Violation Detection 
with ROS-Integrated Autonomous 
Drone Navigation,” in 2024 IEEE Recent 
Advances in Intelligent Computational 
Systems (RAICS), IEEE, May 2024, pp. 

1–6. doi: 
10.1109/RAICS61201.2024.10689890. 

[69] J. Wu, Y. Ye, and J. Du, “Multi-objective 
reinforcement learning for autonomous 
drone navigation in urban areas with 
wind zones,” Autom. Constr., vol. 158, p. 
105253, Feb. 2024, doi: 
10.1016/j.autcon.2023.105253. 

[70] C.-Y. Lee, A. Khanum, N.-C. Wang, B. 
S. K. Karuparthi, and C.-S. Yang, “An 
Efficient Lane Following Navigation 
Strategy With Fusion Attention for 
Autonomous Drones in Urban Areas,” 
IEEE Trans. Veh. Technol., vol. 73, no. 3, 
pp. 3094–3105, Mar. 2024, doi: 
10.1109/TVT.2023.3322808. 

  


