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Abstract 

 

In multi-UAV networks, user equipment (UE) needs to connect to UAVs for both uplink (UL) and downlink (DL). Traditionally, UL and 

DL associations are coupled means a UE connects to the same UAV for both. However, this approach is inefficient due to the mobility of 

UAVs and network heterogeneity. Full-duplex (FD) communication in UAV networks complicates this problem. This paper introduces a 

novel decoupled UL-DL association (DUDe) framework. This allows each UE to associate with different UAVs for UL and DL transmis-

sions. Such decoupling improves flexibility and enhances communication performance. However, UE association depends on UAV trajec-

tories, making the prob-lem more complex. However, the dependence of UE association on UAV trajectories increases the complexity. 

This work formulates a joint optimization problem to maximize the total sum-rate of UEs in both UL and DL. To handle this uncertainty, 

a robust Partially Observable Markov Decision Process (POMDP) model is used. This helps model the uncertain environment where UAVs 

do not have complete information about the system state. A Multi-Agent Deep Reinforcement Learning (MADRL) ap-approach is proposed 

to solve this problem. Each UAV selects its policy in a decentralized manner. The training process is improved using a modified Proximal 

Policy Optimization (PPO) algorithm. It uses deep reinforcement learning to efficiently manage UAV mobility and UE connectivity. The 

findings suggest that DUDe-based associations outperform traditional coupled associations. It leads to better spectral efficiency and higher 

network throughput. The proposed framework and algorithms are validated through simulations and real-world scenarios. 

 
Keywords: UAV; Network; Efficiency; UL; DL; POMDP. 

1. Introduction 

The increased demand for high-speed and reliable wireless communication has led to significant advancements in network technologies 

[1]. Traditional terrestrial networks rely on fixed base stations (BSs) to provide coverage and connectivity. However, deploying these BSs 

incurs high costs and lacks flexibility [2]. In emergencies, including natural disasters or temporary events, deploying terrestrial BSs be-

comes impractical. To overcome these limitations, Unmanned Aerial Vehicles (UAVs) have emerged as a promising solution [3]. UAVs 

are rapidly deployed, providing wireless communication services with high mobility and adaptability. UAV-based networks offer several 

advantages [4]. Firstly, UAVs are positioned dynamically to optimize communication links. Unlike static BSs, UAVs adjust locations 

http://creativecommons.org/licenses/by/3.0/
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based on network requirements [5]. Secondly, UAVs establish strong line-of-sight (LoS) links with the UE. This improves signal strength 

and reduces interference [6]. Thirdly, UAVs enhance network scalability by serving as aerial BSs in areas with high user density. 

One critical challenge in UAV networks is user association. In traditional networks, UL and DL association is coupled, meaning that a UE 

connects to the same UAV for both UL and DL [7]. This approach is inefficient in dynamic UAV networks. UAV mobility and varying 

network conditions necessitate a more flexible user association strategy [8]. In this paper, we propose a DUDe framework. DUDe allows 

each UE to associate with different UAVs for UL and DL. It optimizes resource allocation and improves network efficiency [9]. This 

decoupling creates new challenges. It requires managing interference [10]. It involves optimizing UAV trajectories. Maintaining seamless 

communication is another key challenge. To address these challenges, a joint optimization problem is formulated. The objective is to 

maximize the sum-rate of UEs while considering UAV mobility, interference, and backhaul limitations. This problem is inherently non-

convex and difficult to solve using traditional optimization techniques. Centralized optimization approaches suffer from high computational 

complexity and lack scalability in large networks [11]. 

To overcome these limitations, we model the problem as a robust POMDP. The POMDP framework captures system uncertainties, includes 

unpredictable UAV movements, and network dynamics. Each UAV operates as an independent agent with limited information about the 

global network state [12]. To solve the POMDP problem, a MADRL approach is introduced. Each UAV learns its policy in a decentralized 

manner allows efficient decision-making [13]. The training process is enhanced using an improved PPO algorithm. This algorithm stabi-

lizes training, mitigates policy divergence, and improves exploration. The DUDe-based UAV network significantly outperforms traditional 

coupled association models [14]. Key performance metrics with sum-rate, energy efficiency, and spectral efficiency are improved. The 

results validate the feasibility of integrating DUDe into future wireless networks [15]. The paper explores practical implementation aspects. 

Challenges like UAV energy constraints, backhaul limitations, and interference management are discussed. The proposed DUDe frame-

work is designed to be adaptable to real-world network conditions. Additionally, open-source code is provided to facilitate research and 

development in UAV-based wireless networks [16]. The Key Contributions of this paper include: 

• To propose a novel DUDe association framework for FD multi-UAV networks, enabling independent UL and DL association. 

• To a joint optimization approach that considers UAV trajectory design and user association simultaneously. A robust POMDP model 

that accounts for system uncertainties and optimizes decision-making in dynamic environments. 

• To a decentralized MADRL framework that enables UAVs to learn policies independently, reducing computational complexity. An 

improved PPO algorithm designed to enhance training stability and exploration in complex UAV networks. 

• To execute simulation results demonstrating the superior performance of the proposed DUDe framework compared to conventional 

coupled association models. 

• Finally, discussed practical implementation challenges, including UAV energy constraints, interference management, and real-world 

deployment considerations. 

2. Related work 

The evolution of UAV-based wireless networks has been widely studied in recent years. Researchers have focused on various aspects, 

including user association, trajectory optimization, and FD communication. Traditional wireless networks rely on static BSs, but UAVs 

offer flexibility by dynamically adjusting positions. This adaptability enhances coverage and communication efficiency. Many studies have 

explored user association in UAV networks. Some works assume that a UE connects to the same UAV for both UL and DL transmission, 

known as coupled association. However, this approach limits flexibility and degrades network performance in dynamic environments. The 

combination of DUDe, FD, and MARL provides a robust framework for UAV-based communication. The work builds upon these foun-

dations by integrating a robust POMDP model. Furthermore, as highlighted in [15], secure and robust wireless communication is critical 

in UAV-based networks exposed to dynamic threats and open-air environments. The work indirectly supports security by enabling decen-

tralized and adaptive UAV decisions to reduce reliance on centralized control points. This model accounts for system uncertainties and 

enhances decision-making in dynamic environments. Additionally, we propose an improved PPO algorithm to stabilize training and im-

prove exploration capabilities. Overall, existing research has laid a strong foundation for UAV-based networks. However, challenges like 

real-time decision-making, interference management and energy efficiency require investigation. This work aims to address these gaps by 

proposing an integrated approach that combines DUDe, FD and reinforcement learning techniques. 

To highlight the distinction and advantages of the proposed DUDe framework over existing methods. Here, a critical comparison in Table 

1. Unlike conventional coupled association models ([17], [18]), our DUDe-based framework offers enhanced flexibility by allowing inde-

pendent uplink and downlink associations. Furthermore, [19] uses reinforcement learning for trajectory optimization; it does not integrate 

joint user association or consider full-duplex (FD) operation. Our approach combines DUDe with a robust POMDP model and MADRL 

using improved PPO for decentralized learning. This ensures scalability, better handling of uncertainty, and improved overall performance 

in dynamic UAV environments. 

 
Table 1: Comparison of Proposed DUDe Framework with Existing Methods 

Approach Flexibility Trajectory Optimization UL/DL Decoupling Scalability Performance Metric 

[17] Coupled Association Low No No Medium Moderate throughput 
[18] DUDe (Decoupled) High No Yes Medium Improved throughput 

[19] RL-based Trajectory Medium Yes No Low Energy efficiency only 

Proposed DUDe with MADRL High Yes Yes High Sum-rate, fairness, energy efficiency 

 

UAV trajectory design plays a crucial role in optimizing communication performance. Several studies propose trajectory optimization 

techniques to enhance network coverage and reduce interference. In [19], reinforcement learning-based trajectory planning is introduced, 

enabling UAVs to learn optimal flight paths dynamically. Another work [20] uses deep learning to predict optimal UAV positions based 

on user mobility patterns. These approaches improve network reliability and reduce energy consumption. 

FD communication is another significant advancement in UAV networks. FD enables simultaneous transmission and reception on the same 

frequency band, increasing spectral efficiency. Research in [21], [26] demonstrates that FD UAVs significantly enhance throughput while 

managing self-interference. However, interference management remains a challenge. In [22], advanced self-interference cancellation tech-

niques are studied for full-duplex UAVs. These techniques are crucial for ensuring communication reliability in FD systems. This frame-

work builds upon this by incorporating trajectory and association decisions that reduce the likelihood of interference-intensive zones. These 

studies provide insights into the feasibility of FD in multi-UAV networks. Multi-Agent Reinforcement Learning (MARL) has emerged as 

a promising technique for optimizing UAV operations. MARL enables UAVs to learn and make decisions collaboratively. A work in [23] 
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applies MARL to user association problems, shows improvements in network stability and resource allocation. Similarly, work in [24], 

[25] uses MARL for UAV trajectory planning, confirming efficient path selection and collision minimization. Recent international initia-

tives like the Hexa-X project in Europe have emphasized the integration of UAVs in next-generation 6G networks to support extreme 

performance requirements, intelligent connectivity, and dynamic service provisioning in diverse environments [27]. Our proposed DUDe 

framework aligns with this vision by enabling scalable and intelligent UAV-based communication using deep reinforcement learning and 

trajectory optimization. For instance, studies in Japan have demonstrated the effectiveness of UAVs in short-range transportation and 

communication during disasters, where ground-based infrastructure was heavily compromised [28]. Incorporating similar adaptive features 

into our model would strengthen its use in emergency communication scenarios. 

3. System model & problem formulation 

Wireless communication has rapidly evolved to accommodate increasing data traffic and user demands. Traditional cellular networks rely 

on static BSs to provide network coverage. However, terrestrial networks face several challenges, including infrastructure costs, limited 

coverage, and inefficiency in handling highly dynamic environments. In contrast, UAVs have emerged as a viable solution to enhance 

communication networks. UAVs dynamically adjust their positions to provide on-demand coverage and assist in network expansion. This 

paper investigates the deployment of multiple UAVs as aerial BSs, focusing on decoupled UL and DL. It has user association, UAV 

trajectory optimization, and power allocation to maximize system efficiency. 

Figure 1 shows a UAV-assisted wireless communication system. It includes multiple UAVs, a MBS, and UEs. The UAVs act as aerial 

base stations to enhance communication between the UEs and the MBS. The UEs are within the MBS coverage area. UAVs relay data 

between UEs and the MBS, improving network performance. The green arrows indicate UL connections here UEs send data to UAVs or 

the MBS. The orange arrows represent DL connections; here, data is sent from UAVs or the MBS to the UEs. The black arrows show 

backhaul links connecting UAVs to the MBS, enhancing network coverage and capacity in weak signal areas. UAVs adjust positions 

dynamically to optimize communication. The MBS serves as the central hub that controls data transmission between UAVs and UEs. This 

design helps reduce congestion and increase data rates. It enhances connectivity in remote or high-traffic areas. UAV-assisted communi-

cation improves reliability, reduces interference, and supports smooth data flow. This system is useful for disaster recovery, rural areas, 

and temporary events where stable communication is needed. 

 

 
Fig. 1: Representation Of DL-UL Decoupling Association in A FD Wireless. 

 

The system consists of a heterogeneous network with multiple UAVs serving as aerial BSs, a macro base station (MBS), and multiple UE 

devices. The UAVs fly at a fixed altitude h, and positions are dynamically optimized to enhance network performance. The set of UAVs 

is denoted as = {1,2,…,M}M . The set of UEs is = {1,2,…, N}N . The UAVs operate in a FD mode allows simultaneous transmission and 

reception of signals. The MBS is a fixed terrestrial station that provides backhaul connectivity to the UAVs. Each UAV communicates 

with the UEs through air-to-ground links. The system operates in discrete time slots indexed by t, and UEs are allowed to associate with 

different UAVs for UL and DL communication. The DUDe model enables independent associations for each direction, leading to improved 

system efficiency and flexibility in network design. This model follows several key assumptions. UAVs fly at a fixed altitude but can move 

horizontally. This helps them adjust coverage dynamically. UEs are randomly spread across the network. Each UE can connect to different 

UAVs for uplink and downlink. This improves network throughput and flexibility. UAVs have a limited energy budget. This follows 

constraints on power and flight range. The wireless channel has both LoS and non-line-of-sight (NLoS) propagation. Environmental con-

ditions affect signal quality. These assumptions help design a realistic UAV communication model. The air-to-ground wireless channel is 

affected by the probability of LoS communication. The probability of a LoS link between UAV m and UE n is given by: 

 

LoS

mn

1
P (t) =

1+ aexp(-b( (t) - a))
                                                                                                                                                                          (1) 

 

Here, 
mn

(t)  is the elevation angle between UAV m and UE n, and (a, b) are environmental parameters. The total path loss of the commu-

nication link is modeled as: 

 

mn LoS LoS LoS NLoS
PL (t) = P (t)PL + (1- P (t))PL                                                                                                                                                               (2) 

 

Here, 
LoS

PL  and 
NLoS

PL  denote the LoS and NLoS path losses, respectively. The SINR at UE n in the DL is expressed as: 
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DL m mn

mn 2

m m n
m m

P G (t)
SINR (t) =

P G (t) +
 




                                                                                                                                                                          (3) 

 

Here, 
m

P   is the transmission power of UAV m, 
mn

G (t)  represents the channel gain and 2  is the noise power. Similarly, the SINR for UL 

transmission at UAV m from UE n is: 

 

UL n nm

mn 2

n n m
n n

P G (t)
SINR (t) =

P G (t) +
 




                                                                                                                                                                           (4) 

 

The main objective is to maximize the sum-rate of UEs while optimizing UAV trajectory, power allocation, and user association. The total 

system throughput is given by: 

 
T

UL DL

mn mn
t=1 m n

max (R (t) + R (t))
 

  
M N

                                                                                                                                                                           (5) 

 

It is subject to UAV trajectory constraints 
m m max

( p (t+1) - p (t) v )‖ ‖ . UAV energy constraints 
T

m max
t=1

( P (t) E ) . UE association constraints: Each 

UE can associate with only one UAV for UL and DL. The optimization problem is non-convex and requires advanced machine learning 

techniques for an optimal solution. Reinforcement learning-based approaches like deep Q-learning and multi-agent deep reinforcement 

learning can be applied to address the complexity of the problem. UAV movement follows a dynamic mobility model where position 

updates are determined by velocity and direction. The new position of UAV m at time (t+1) is given by: 

 

m

m m m

m

cos( (t))
p (t+1) = p (t) + v (t) t

sin( (t))





 
  

 
                                                                                                                                                                (6) 

 

The energy consumption of UAVs is modeled as: 

 
T

2

m m m
t=1

E = (P ( t) + v (t))                                                                                                                                                                                     (7) 

 

Here,   represents the aerodynamic drag coefficient. This section comprehensively defines the UAV network, communication model, and 

problem formulation. It provides a foundation for optimizing UAV-based wireless systems. 

The proposed model assumes that UAVs fly at a fixed altitude and does not consider environmental factors such as wind, rain, or temper-

ature variations. These assumptions simplify modelling and training but may limit real-world performance. In practical deployments, UAVs 

may need to dynamically adjust altitude to avoid obstacles, enhance signal quality, or reduce power consumption under changing weather 

conditions. For example, in disaster recovery scenarios, debris, building damage, or adverse weather can affect flight paths. In rural con-

nectivity use-cases, UAVs may face terrain challenges or power constraints due to limited infrastructure. To adapt the model for such 

applications, future work can incorporate dynamic altitude control, environmental sensors, and energy-aware planning. Weather-aware 

reinforcement learning or multi-fidelity simulation environments could help bridge this gap between simulation and reality. 

4. Multi-agent DRL-based decoupled association and trajectory design 

Modern wireless networks are becoming more complex. UAV-assisted communication is growing. Traditional optimization methods strug-

gle with resource allocation. These face challenges in trajectory design. MADRL provides an effective solution. It enables decentralized 

learning in UAV networks. It improves decision-making. This section explores the design, formulation, and implementation of a MADRL-

based framework for decoupled UL-DL user association and UAV trajectory optimization. The deployment of UAVs as aerial base stations 

has revolutionized wireless communication, offering flexibility and adaptability in network coverage. However, several challenges arise 

when coordinating multiple UAVs in dynamic environments. These challenges involve UE association with UAVs for uplink and downlink. 

Managing interference is important. UAVs move efficiently while keeping the network stable. MARL offers a good solution. UAVs learn 

from the environment. It makes smart decisions. This helps optimize network performance. 

Traditional reinforcement learning (RL) techniques focus on single-agent learning. An individual agent interacts with the environment to 

maximize its cumulative reward. Multi-agent reinforcement learning expands this idea. It allows multiple agents to learn at the same time. 

These consider interactions with each other. This decentralized learning is crucial for UAV networks. Each UAV operates independently. 

It makes real-time decisions. These decisions are based on partial observations of the environment. The UAV-based decoupled association 

and trajectory optimization problem can be formulated as a POMDP, which is defined by the tuple. The state space includes UAV positions, 

UE locations, channel conditions, and energy levels. The action space defines UAV decisions. These include movement direction, speed, 

power allocation, and user association. Each UAV only observes part of the global state. This includes nearby UAVs and connected UEs. 

The reward function measures network performance. It considers sum-rate, energy efficiency, fairness, and interference reduction. The 

transition function models state changes. It depends on UAV actions and network dynamics. These components help UAVs make smart 

decisions. This improves communication and optimizes resource allocation in the network. The goal of each UAV is to maximize its 

expected cumulative reward over time, given by: 

 
T

t

t
t=0

J( ) = E R |     
                                                                                                                                                                                       (8) 

 

Here,   is the policy followed by each UAV and   is the discount factor that controls the importance of future rewards. To enable dis-

tributed decision-making, we adopt a Multi-Agent Actor-Critic (MAAC) learning framework. Here, each UAV maintains an actor-critic 

architecture. The actor network selects the best action based on the current observation. It helps UAVs make real-time decisions. The policy 
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function guides movement, power allocation, and user association. The critic network evaluates the expected reward for each action. It 

helps improve decision-making over time. It leads to better learning and optimization. The critic network is updated using the Bellman 

equation:  

 

t t t t+1 t+1
Q(s ,a ) = r + E[Q(s ,a )]                                                                                                                                                                              (9) 

 

The actor network is trained by maximizing the expected advantage function: 

 t t t t
J( ) = E log (a | o )A(s ,a )

  
                                                                                                                                                                 (10) 

 

Trajectory optimization is critical in UAV networks as it affects connectivity, interference and energy efficiency. The PPO algorithm is 

employed to stabilize training and improve convergence. The PPO objective function is given by: 

 

( )PPO

t t t t t
L ( ) = E min r ( )A ,clip(r ( ),1- ,1+ )A    ò ò                                                                                                                                            (11) 

 

Here, 
t

r ( )  represents the probability ratio between the updated and previous policies and ò  is a hyperparameter that restricts the policy 

update size. The reward function is carefully designed to encourage cooperative behaviour among UAVs while optimizing network per-

formance: 

 

t 1 sum-rate 2 energy 3 fairness 4 collision
R = R + R + R - R                                                                                                                                                           (12) 

 

1
 , 

2
 , 

3
 , and 

4
  These are scalar weights that control the influence of each reward component.

sum-rate
R  encourages UAVs to maximize the 

network data throughput.
energy

R  promotes energy-efficient UAV behaviour by penalizing excessive movement or high transmission power.

fairness
R  The user association is balanced and fair, avoiding service degradation for individual users. The training process begins by setting 

UAV positions and network states. The actor-critic networks are initialized. Each UAV then selects an action based on its actor network. 

The environment updates the state based on these actions. This helps UAVs learn from interactions. The critic network evaluates rewards 

and updates value functions. The actor network improves policies through gradient updates. This improves decision-making over time. 

The process continues until learning converges. UAVs then achieve optimal movement and resource allocation. This leads to better network 

efficiency and stability. Multi-agent DRL helps UAVs learn efficient policies. This optimizes user association and trajectory. This improves 

network performance. It works well in decentralized environments. 

 
Algorithm 1: Clip and Count-Based PPO 

1. Initialize policy parameters 
0

 , value function parameters 
0

  

2. Initialize clip parameter distribution ~ (1,0.3)ò N  

3. Initialize experience replay buffer D  

4. for each iteration k = 1,2,…  do 

5. Collect trajectories T  using the current policy 


  

6. Compute extrinsic reward 
t

R  for each step 

7. Compute intrinsic reward 
t

R  based on visit count 

8. Compute advantage estimates 
t

A  using the value function V

 

9. Optimize policy using: 

10.  ( )PPO

t t t t t
L ( ) = E min r ( )A ,clip(r ( ),1- ,1+ )A    ò ò  

11. Update policy parameters   using gradient ascent 

12. Compute value function loss: 

13.  2

V t t t
t

L ( ) = (V (s ) - (R + R ))


   

14. Update value function parameters   using gradient descent 

15. Update clip parameter ò  dynamically 

16. Reset experience replay buffer D  

17. end for 

18. Return optimized policy 


  

5. Simulation results 

In this section, we present the simulation results to evaluate the performance of the proposed MADRL-based decoupled association and 

trajectory design. The performance metrics include sum-rate improvement, energy efficiency, fairness in user association, and trajectory 

optimization. The simulation is performed using Python with TensorFlow for reinforcement learning model training and MATLAB for 

numerical evaluations. The simulations consider a network consisting of one MBS, multiple UAVs, and UE distributed randomly in each 

area. The UAVs operate at a fixed altitude and adjust trajectories dynamically based on the learned policy. The key parameters for the 

simulation setup are shown in Table 1. 

 
Table 1: Simulation Parameters 

Parameter Value 

Number of UAVs 4 
Number of UEs 20 

Coverage Area 1000 m   1000 m 

UAV Altitude 200 m 
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Maximum UAV Speed 20 m/s 

Simulation Duration 1000 time slots 

Bandwidth per UAV 10 MHz 

Noise Power -90 dBm 

Maximum UAV Power 30 dBm 
Discount Factor   0.99 

Learning Rate 0.0001 

Training Episodes 5000 

 

The UAVs are initialized at predefined positions. It learns to optimize movement and association policies over multiple episodes using the 

MADRL framework. The objective is to improve the sum-rate while minimizing energy consumption and avoiding collisions. The total 

sum-rate is a crucial metric in evaluating the network's effectiveness. The proposed MADRL approach significantly enhances the sum-rate 

compared to conventional heuristic methods. The MADRL-based method achieves a steady-state sum-rate after sufficient training, outper-

forming static UAV placement and random trajectory selection. 

 

( )
N

UL DL

sum n n
n=1

R = R + R                                                                                                                                                                                        (13) 

 

Here, UL

n
R  and DL

n
R  represent the uplink and downlink data rates, respectively. The results indicate that decoupled UL-DL association pro-

vides more flexibility and enhances spectral efficiency. Table 2 presents the comparative sum-rate results for different schemes. 

 
Table 2: Comparison of Sum-Rate Performance 

Approach Sum-Rate (Mbps) 

Static UAV Placement 250 

Random UAV Movement 280 
Heuristic-based Approach 310 

Proposed MADRL Approach 400 

 

Energy efficiency is another essential factor in UAV-based communication. The MADRL approach optimizes UAV trajectories to mini-

mize energy consumption while maintaining network coverage. The UAV energy consumption is calculated using: 

 
T

2

UAV transmit
E = (P + v )

t =1

                                                                                                                                                                                     (14) 

 

Here, 
transmit

P  is the transmission power, v is the UAV speed, and   is a constant representing energy loss due to movement. The results 

indicate that the MADRL-based approach consumes less energy compared to other schemes while achieving superior performance. UAVs 

learn to adjust positions based on user density, reducing unnecessary movement and conserving battery life. Maintaining fairness in user 

association is critical for preventing network congestion and maximizing UE satisfaction. The fairness index is measured using Jain’s 

fairness index: 

 

( )
2

N

n
n=1

N
2

n
n=1

R
J =

N R




                                                                                                                                                                                                   (15) 

 

The MADRL framework improves fairness. It dynamically adjusts UAV coverage. It prevents some UEs from having poor connectivity. 

It avoids giving excess resources to others. Training convergence is essential for enabling UAVs to learn optimal policies efficiently. The 

MADRL approach converges after approximately 3000 episodes. It achieves a stable policy that balances sum-rate, energy efficiency and 

fairness. The results demonstrate that reinforcement learning-based trajectory design significantly outperforms traditional optimization 

techniques. The ability of UAVs to adapt to environmental dynamics leads to superior network performance. The simulation results validate 

the effectiveness of the proposed MADRL-based decoupled association and trajectory design. The approach significantly enhances sum-

rate, energy efficiency, and fairness while maintaining low energy consumption. UAVs learn to make optimal movement and association 

decisions dynamically, outperforming traditional methods. Future work will explore real-world implementation and integration with exist-

ing cellular networks. 

Figure 2 presents the sum-rate performance in Mbps as a function of the number of training episodes for different UAV placement and 

movement strategies in a wireless network. The graph compares four different approaches: static UAV placement, random UAV movement, 

a heuristic-based approach, and the proposed MADRL approach. The static UAV placement maintains the lowest sum-rate, reaching about 

300 Mbps after 5000 episodes, as it lacks adaptability. The random UAV movement performs slightly better, stabilizing at around 350 

Mbps. It indicates minor improvements due to UAV repositioning. The heuristic-based approach achieves a sum-rate of around 400 Mbps. 

It demonstrates enhanced performance by optimizing UAV movement and user association. The proposed MADRL approach significantly 

outperforms all other methods. It starts at around 400 Mbps and quickly converges to over 650 Mbps. It shows a steep initial increase 

before stabilizing. The reinforcement learning model learns quickly at the start. It improves rapidly in the early training phase. Over time. 

It optimizes user associations gradually. The MADRL shows a smooth and consistent increase in sum-rate. It suggests a well-optimized 

learning process. The MADRL approach shows a large performance gap over other methods. It efficiently maximizes network throughput. 

It adapts UAV trajectories dynamically. The quantitative differences confirm its effectiveness. Learning-based UAV control improves 

sum-rate performance. It performs better than static and heuristic-based methods. 
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Fig. 2: Sum-Rate Performance Versus Training Episodes. 

 

Figure 3 presents the relationship between energy efficiency and the number of UAVs in a network. The graph compares four different 

approaches: static UAV placement, random UAV movement, a heuristic-based approach, and the proposed MADRL approach. The static 

UAV placement achieves the lowest energy efficiency with a slight increase from 0.08 to around 0.11 as the number of UAVs increases. 

The random UAV movement performs slightly better, maintaining a steady improvement from 0.085 to around 0.13. The heuristic-based 

approach achieves better energy efficiency, increasing from 0.09 to approximately 0.18, showing a more significant improvement in re-

source allocation. The proposed MADRL approach outperforms all other methods in energy efficiency. It starts at around 0.11 and increases 

significantly to approximately 0.26 as the number of UAVs increases. The sharp rise of the MADRL curve demonstrates that reinforcement 

learning effectively optimizes UAV trajectories and power consumption. The large performance gap between MADRL and other ap-

proaches demonstrates its ability to maximize network efficiency. The heuristic-based approach performs well but does not reach the 

optimization level of MADRL. The static and random UAV placements result in lower energy efficiency. It proves that structured learning-

based UAV movement leads to better resource utilization. These results confirm that adaptive UAV control through reinforcement learning 

significantly improves energy efficiency as more UAVs are deployed. 

 

 
Fig. 3: Energy Efficiency Versus Number of UAVs. 

 

Figure 4 shows the relationship between Jain's Fairness Index and the number of UEs in a network. The graph compares four different 

approaches: static UAV placement, random UAV movement, a heuristic-based approach, and the proposed MADRL approach. The static 

UAV placement has the lowest fairness index. It starts at approximately 0.62 for 10 UEs and gradually increases to around 0.75 for 100 

UEs. The random UAV movement performs slightly better, beginning at 0.68 and reaching about 0.82 as the number of UEs increases. 

The heuristic-based approach starts at 0.75 and increases steadily to around 0.92. It shows better fairness in resource distribution. The 

proposed MADRL approach achieves the highest fairness index across all UE counts. It starts at approximately 0.78 for 10 UEs and reaches 

nearly 1 when 100 UEs are present in the network. 

This indicates that reinforcement learning helps optimize UAV resource allocation, leading to fair distribution among users. The steep 

increase in fairness for the MADRL method highlights its effectiveness in balancing network resources dynamically. The heuristic-based 

approach performs well but does not reach the optimization level of MADRL. The static and random UAV placements result in lower 

fairness. It proves that structured UAV movement improves fairness in user association. The results confirm that adaptive UAV control 

using reinforcement learning significantly enhances fairness in resource allocation as more UEs are added to the network. 

 

 
Fig. 4: Jain’s Fairness Index Versus Number of UEs. 
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Figure 5 presents the reward function value over training episodes for different learning approaches. The graph compares four approaches: 

random policy, DQN, PPO, and the proposed MADRL approach. The random policy starts at a low reward and increases gradually, stabi-

lizing at around 200 after 5000 episodes. The DQN method shows better performance, reaching approximately 300 reward function values. 

PPO achieves higher rewards, surpassing 350 as training progresses. It shows that policy optimization enhances learning efficiency. The 

proposed MADRL approach achieves the highest reward throughout training. It starts similarly to other methods but rapidly surpasses 

them, reaching a reward of over 400. The curve for MADRL shows fast early improvements, stabilizing at a higher level than other 

approaches. The gap between MADRL and the other methods demonstrates its efficiency in learning optimal strategies for UAV position-

ing and resource allocation. PPO performs better than DQN. This confirms that policy optimization improves reinforcement learning. The 

random policy has the weakest performance. This shows the need for structured learning methods. Reinforcement learning with MADRL 

improves UAV network optimization. It leads to better performance in wireless communication. 

 

 
Fig. 5: UAV Convergence Analysis: Reward Versus Training Episodes. 

 

Figure 6 shows the relationship between UAV speed and network throughput. The graph compares four approaches: static UAV placement, 

random UAV movement, a heuristic-based approach, and the proposed MADRL approach. As UAV speed increases, network throughput 

decreases for all approaches. The static UAV placement approach has the lowest throughput, starting at 280 Mbps at 5 m/s and decreasing 

to around 200 Mbps at 50 m/s. The random UAV movement approach performs slightly better. It maintains a throughput of about 320 

Mbps at low speeds. As speed increases, throughput drops below 270 Mbps. The heuristic-based approach shows a more stable decline. It 

starts at 340 Mbps and gradually reduces to around 310 Mbps. The proposed MADRL approach achieves the highest throughput across all 

UAV speeds. It starts at approximately 380 Mbps when UAVs move at 5 m/s and declines slightly to around 360 Mbps at the highest speed. 

The MADRL approach has the slowest drop in throughput. This shows that reinforcement learning adjusts UAV movements efficiently. It 

helps maintain stable communication. The large gap between MADRL and other methods proves its effectiveness. It optimizes UAV 

trajectory and user association well. The heuristic-based approach performs well but does not match the adaptability of MADRL. Static 

and random UAV placements cause a larger drop in throughput. This proves that structured UAV movement is better. Learning-based 

optimization improves network performance. These results confirm that adaptive UAV control using reinforcement learning minimizes the 

negative effects of increasing UAV speed on throughput. 

 

 
Fig. 6: Impact of UAV Speed on Network Throughput. 

 

Figure 7 is a heatmap representing UAV hovering positions over a 1000m x 1000m area. The color bar on the right indicates the density 

of UAV presence in different locations, with values ranging from low to high. The darker blue regions represent areas where UAVs hover 

less frequently. The yellow, orange, and red areas indicate high-density UAV hovering zones. The data suggests that UAVs concentrate 

more in specific regions, particularly around (200,200), (300,500), and (800,600). Here, high user activity or network demand is expected. 

The presence of high-density UAV hovering zones in certain regions suggests that reinforcement learning optimally directs UAVs to high-

traffic areas. The colour changes from blue to red. This shows UAVs are moving dynamically. These adjust to improve coverage. This 

helps to maintain connectivity. The dispersed blue regions suggest that UAVs explore various positions but tend to stabilize around de-

mand-heavy locations. The density variations show that UAVs adapt to the environment. These adjust hovering positions to improve 

network throughput. The data visualization shows smart UAV deployment. It balances coverage and capacity. It reduces energy consump-

tion. 
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Fig. 7: Heatmap of UAV Hovering Positions Over A 1000m × 1000m Area to Optimize the Coverage. 

 

Figure 8 is a histogram representing the distribution of the SINR among UEs. The histogram bars indicate how many UEs fall within 

specific SINR ranges. The distribution is not uniform, with two noticeable peaks around 54 dB and 60 dB, where multiple UEs experience 

similar signal quality. The presence of gaps between these peaks suggests that SINR values are not continuously distributed, possibly due 

to variations in UAV positioning or interference conditions. The higher concentration of UEs around 54 dB and 60 dB indicates that most 

users receive strong and stable signals. However, some UEs experience lower SINR values around 52 dB, meaning these are located farther 

from UAVs or affected by interference. The histogram shows that the SINR distribution is uneven. This suggests the need for network 

optimization. Reinforcement learning helps balance signal strength across UEs. 

 

 
Fig. 8: Histogram of SINR Values Experienced by UEs Under Different UAV Positions. 

 

Figure 9 is a bar chart showing system performance in terms of reward under different uncertainty levels, with varying numbers of UAVs. 

The chart compares four uncertainty levels: no uncertainty, low uncertainty, medium uncertainty, and high uncertainty. As the number of 

UAVs increases, the system performance improves for all cases, but higher uncertainty results in lower rewards. The no-uncertainty case 

has the best performance. It reaches nearly 600 reward points with 10 UAVs. High uncertainty gives the lowest performance. The perfor-

mance gap between different uncertainty levels increases as the number of UAVs increases. With two UAVs, the performance gap between 

no uncertainty and high uncertainty is 80 points. With 10 UAVs, the gap increases to over 100 points. This outcome indicates that uncer-

tainty negatively affects system performance in larger networks. The results indicate that reinforcement learning models perform best when 

uncertainty is minimized. The gradual decline in reward under uncertainty conditions highlights the importance of managing unpredictable 

factors in UAV-assisted networks. The data confirms that reducing uncertainty leads to better UAV trajectory optimization and improved 

network efficiency. 

 

 
Fig. 9: System Performance Under Different Uncertainty Levels. 

 

Figure 10 shows the performance of different reinforcement learning algorithms used in MADRL training. The graph compares four dif-

ferent MADRL approaches: MADRL with PPO, MADRL with DDPG, MADRL with DQN, and MADRL with TRPO. All approaches 

show a continuous increase in reward as training advances. MADRL with PPO achieves the highest reward, surpassing 500 after 5000 

episodes. MADRL with DDPG follows closely, reaching approximately 450. The DQN and TRPO approaches perform similarly, both 
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stabilizing around 400. The faster convergence of PPO suggests that it optimizes policy learning more effectively than other methods. 

DDPG performs well, but it does not reach the same reward levels as PPO. The DQN and TRPO approaches improve steadily but achieve 

lower final rewards. The results indicate that PPO is the best choice for MADRL training due to its stability and faster learning. The 

differences in performance highlight how different reinforcement learning techniques impact UAV trajectory optimization and network 

efficiency. The consistent increase across all methods confirms that reinforcement learning significantly enhances UAV-based network 

management. 

 

 
Fig. 10: Performance of MADRL Training. 

 

Figure 11 presents the relationship between the number of UAVs and user satisfaction percentage. The graph compares four approaches: 

static UAVs, random UAV movement, heuristic-based UAV placement, and the proposed MADRL-based approach. As the number of 

UAVs increases, user satisfaction improves for all approaches. The static UAV approach starts at approximately 55 percent and gradually 

rises to around 100 percent at 20 UAVs. The random UAV approach performs better, increasing from about 60 percent to nearly 110 

percent. The heuristic-based approach shows improvement, starting at around 70 percent and reaching about 130 percent. The proposed 

MADRL-based approach outperforms all other methods. It starts at 80 percent with two UAVs and increases steadily to approximately 150 

percent when 20 UAVs are deployed. The sharp rise in user satisfaction for MADRL indicates that reinforcement learning optimally 

allocates UAVs to maximize service quality. The performance gap between MADRL and the other approaches increases as the number of 

UAVs grows. The heuristic-based approach provides good results but does not reach the efficiency of MADRL. The static and random 

UAV placements result in lower satisfaction, proving that intelligent UAV positioning leads to better network performance. 

 

 
Fig. 11: Impact of Number of UAVs on User Satisfaction. 

 

Figure 12 presents the relationship between time and the distance covered by UAVs under different control strategies. The graph compares 

four different UAV movement approaches: static UAVs, random UAV movement, heuristic-based UAV control, and the proposed 

MADRL-based UAV control. As time progresses, all UAVs cover more distance, but rates of movement vary significantly. The static 

UAV approach covers the least distance, reaching only about 600 meters after 1000 seconds. The random UAV movement approach 

performs slightly better. It covers approximately 900 meters at the same time interval. The heuristic-based approach shows more efficient 

mobility, reaching nearly 1200 meters after 1000 seconds. The proposed MADRL-based approach achieves the highest distance covered 

across all time intervals. It starts at around 200 meters and increases steadily to over 1400 meters after 1000 seconds. The larger distance 

covered by MADRL-based UAVs suggests that reinforcement learning optimizes UAV trajectories to maximize efficiency. The widening 

gap between MADRL and the other approaches indicates that learning-based optimization significantly enhances UAV mobility. The 

heuristic-based method improves performance but does not reach the same efficiency as MADRL. The static and random UAV placements 

lead to lower distance coverage. This proves that structured UAV path planning results in better mobility and network coverage. 
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Fig. 12: Comparison of UAV Trajectory Optimization Approaches. 

 

Figure 13 presents the relationship between training episodes and reward function value for two different learning rate strategies. The graph 

compares fixed and adaptive learning rates, showing that both approaches achieve progressively higher rewards as training advances. The 

fixed learning rate starts at around 50 and gradually increases, reaching approximately 280 after 5000 episodes. The adaptive learning rate 

follows a similar pattern but achieves a higher reward, surpassing 300 at the end of training. It indicates that the adaptive learning rate leads 

to better long-term optimization. The adaptive learning rate improves performance by adjusting learning speed based on training progress. 

This allows the model to learn faster in early stages and fine-tune policies more effectively in later stages. The difference in final reward 

values suggests that an adaptive learning rate enhances convergence and stability. The slower growth of the fixed learning rate indicates 

its limitations in adjusting to varying training conditions. The results show that adaptive learning rates improve performance. This works 

better than fixed learning rates. Both curves indicate that more training episodes increase rewards. 

 

 
Fig. 13: Adaptive Learning Rate Effect in MADRL Training. 

 

Figure 14 presents the relationship between UAV altitude and power consumption for different UAV control strategies. The graph com-

pares four approaches: static UAVs, random UAV movement, heuristic-based UAV control, and MADRL-based UAV control. As UAV 

altitude increases, power consumption increases for all approaches. The static UAVs consume the least power. It starts at around 130 watts 

at 100 meters and increases to approximately 260 watts at 500 meters. The random UAVs consume slightly more power, reaching about 

280 watts at the highest altitude. The heuristic-based approach shows higher power consumption, rising from 140 watts to nearly 300 watts. 

The proposed MADRL-based UAV control consumes the highest power across all altitudes. It starts at around 140 watts and increases to 

over 310 watts at 500 meters. The MADRL curve has a steeper slope. This shows that reinforcement learning improves UAV trajectories. 

It requires more energy. The power consumption gap between MADRL and other methods increases with altitude. This means energy-

efficient UAV placement is important at higher altitudes. The static UAVs consume the least energy due to their fixed position, while 

random and heuristic-based approaches fall in between. The results confirm that while MADRL-based UAV control enhances network 

performance, it requires higher power at greater altitudes. 

 

 
Fig. 14: Power Consumption Versus UAV Altitude. 
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6. Conclusion 

The paper presented a MADRL-based framework for optimizing user association and trajectory design in full-duplex UAV networks. The 

proposed approach uses decoupled UL and DL user association. It allows UAVs to serve different users for UL and DL. It improves 

network flexibility and spectral efficiency. The integration of reinforcement learning enables UAVs to dynamically adjust positions and 

resource allocations based on real-time network conditions. The study formulated the problem as a POMDP and utilized a Multi-Agent 

Actor-Critic (MAAC) framework to solve it. The UAVs act as independent agents learned policies to optimize sum-rate, fairness, and 

energy efficiency. The application of PPO enhanced stability and convergence during training. The proposed method achieved a higher 

sum-rate, lower energy consumption, and better fairness in user association compared to traditional approaches. Future research is extend-

ing this work by incorporating real-world considerations, namely hardware limitations, UAV-to-UAV interference, and dynamic environ-

mental factors like wind and weather conditions.  

While the proposed MADRL-based DUDe framework demonstrates significant performance improvements, it also has limitations. The 

model's scalability in ultra-dense networks may be challenged due to increased agent coordination complexity. Additionally, its robustness 

under extreme environmental conditions—such as strong wind or sudden UAV failure—has not been fully addressed. These aspects require 

further exploration to ensure reliable performance in large-scale or harsh real-world deployments. 
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