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a b s t r a c t 

Unmanned and intelligent technologies are the future development trend in the business field. It is of 

great significance for the connotation analysis and application characterization of massive interactive data. 

Particularly, during major epidemics or disasters, how to provide business services safely and securely is 

crucial. Specifically, providing users with resilient and guaranteed communication services is a challeng- 

ing business task when the communication facilities are damaged. Unmanned aerial vehicles (UAVs), with 

flexible deployment and high maneuverability, can be used to serve as aerial base stations (BSs) to estab- 

lish emergency networks. However, it is challenging to control multiple UAVs to provide efficient and fair 

communication quality of service (QoS) to users due to their limited communication service capabilities. 

In this paper, we propose a learning-based resilience guarantee framework for multi-UAV collaborative 

QoS management. We formulate this problem as a partial observable Markov decision process and solve 

it with proximal policy optimization (PPO), which is a policy-based deep reinforcement learning method. 

A centralized training and decentralized execution paradigm is used, where the experience collected by 

all UAVs is used to train the shared control policy. Each UAV takes actions based on the partial environ- 

ment information it observes. In addition, the design of the reward function considers the average and 

variance of the communication QoS of all users. Extensive simulations are conducted for performance 

evaluation. The simulation results indicate that (1) the trained policies can adapt to different scenarios 

and provide resilient and guaranteed communication QoS to users, (2) increasing the number of UAVs 

can compensate for the lack of service capabilities of UAVs, (3) when UAVs have local communication 

service capabilities, the policies trained with PPO have better performance compared with the policies 

trained with other algorithms. 

© 2021 Published by Elsevier Ltd. 
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. Introduction 

New technological developments and application requirements 

ave prompted continuous innovation in business models. Such as 

obile payment, paperless transactions, and intelligent business 

ervices deeply integrated with unmanned robotics. Especially in 

oday’s rapid implementation of artificial intelligence methods rep- 

esented by machine learning and deep learning, how to efficiently 

uarantee the acquisition of high-value information from massive 

ommercial data and ensure the accuracy and effectiveness of ser- 

ices is critical [1,2] . At present, many scholars have conducted in- 

epth research on high-dimensional data analysis [3–6] , risk as- 
∗ Corresponding author. 
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essment [7] , and framework design [8–10] . However, with the 

idespread promotion of intelligent unmanned business models, 

he use and study of interactive data generated during the service 

rocess (such as the interaction data between unmanned business 

achine platforms and the environment) are still relatively small. 

esides, these data are related to the quality and completion of 

usiness services. Therefore, it is precious to carry out data-based 

ntelligent unmanned commercial application research. 

Unmanned and intelligent technologies will be the inevitable 

lements in the business field in the future. The emergence of un- 

anned delivery, unmanned takeout, unmanned supermarkets, un- 

anned rentals, etc., gives good examples. Particularly, in view of 

he epidemic of COVID-19, providing safe, efficient, and customized 

usiness services has become the new focal point of development 

s well as a challenge. Specifically, communication service quality 

s a crucial problem. Therefore, using data analysis to realize the 

ommunication service guarantee of multiple intelligent business 

https://doi.org/10.1016/j.patcog.2021.108166
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odes is the key to the promotion of commercialization. The appli- 

ation of unmanned technology is a promising approach to guar- 

ntee service optimality. Unmanned aerial vehicles (UAVs) greatly 

upport communication services under resource constraints owing 

o their advantages of wide airspace and flexibility in networking. 

In recent years, UAVs have witnessed a wide range of appli- 

ations in many scenarios [11,12] . The flexible deployment, high 

aneuverability, and more importantly, significantly lower produc- 

ion costs of UAVs contribute to the increasingly important roles 

hey play in various applications [13–15] . In particular, UAVs can 

erve as aerial base stations (BSs) to provide services to ground 

sers. During catastrophic natural disasters, for example, when 

round BSs are damaged, UAVs can be quickly deployed to estab- 

ish emergency networks, providing wireless communication ser- 

ice to ground devices with surviving BSs [16] . 

UAVs serving as aerial BSs for ground user communication have 

he following advantages. First, the high flying height of UAVs al- 

ows easy establishment of line-of-sight (LoS) connections with 

round users, improving the quality of communication [17] . Sec- 

nd, easy and fast deployment of UAVs for emergency commu- 

ication services minimizes losses and effectively meets user re- 

uirements. Third, various types of UAVs such as rotary-wing and 

xed-wing UAVs can be arranged to cater to the requirements of 

ifferent users. 

However, various challenges are encountered in enabling UAVs 

o provide efficient and fair communication quality of service (QoS) 

o users in a target region. First, when providing communication 

ervices to users over a large area, the UAVs usually have local 

ommunication service capabilities due to energy consumption and 

conomic cost. Besides, because of limited resources, a sufficient 

umber of UAVs cannot be deployed to serve the target region. 

ence, UAVs are required to have high mobility to maintain the 

uality of communication services in the area. Second, real-time 

onnection of UAVs is required because a UAV network usually has 

n extremely limited number of gateways, and a UAV that is out- 

ide the communication range of other UAVs will not be able to 

btain state information from other UAVs, resulting in the loss of 

onnection of the ground users associated with it with the ex- 

ernal network. Third, UAVs must consider the impact of possible 

bstacles such as tall buildings on the quality of communication 

ervices. In addition, we must consider the environment in which 

here is rapid movement of and dynamic changes in the number 

f users. More importantly, fairness is critical for communication 

ervice because every user has an equal right to obtain high qual- 

ty communication services. Considering the above factors, in order 

o provide high-quality communication services for ground users, 

AVs must be able to achieve autonomous coordination as a team, 

here each UAV serves as a communication node. 

To address the above problems, we formulate the control of 

ach UAV as a partial observable Markov decision process (POMDP) 

nd solve it using a deep reinforcement learning (DRL) method. 

he DRL method has performance comparable or superior to hu- 

ans on a range of tasks [18–21] . It learns the optimal policy pa-

ameterized by a deep neural network through interaction with 

he environment, which can enable the reinforcement learning (RL) 

gent to adapt to changes in the environment. Thus, we use a 

tate-of-the-art policy-based DRL method, proximal policy opti- 

ization (PPO) [22] , to enable the UAVs to provide resilient and 

uaranteed communication services to users, that is, efficient and 

air communication service to users and adapting to the changes 

n the environment. Our objective is to maximize the communica- 

ion QoS for the user with the worst QoS. To achieve this objec- 

ive, in the design of the reward function, we consider the average 

nd variance of the communication QoS of all users. In addition, to 

mprove the training speed and the robustness of the UAV control 

olicy, a centralized training and decentralized execution paradigm 
2 
s used in the training process, where the experience collected by 

ll UAVs is used to train the shared control policy. In the UAV 

ontrol process, the trained policy is copied to each UAV, which 

akes action according to the partial environment information it 

bserves. 

The main contributions of this work are as follows: (i) A DRL- 

ased multi-UAV control policy is proposed, which enables UAVs 

o provide efficient and fair communication services to users and 

dapt to the changes in the environment. (ii) The simulation re- 

ults show that increasing the number of UAVs can compensate for 

he lack of service capabilities of UAVs. Thus, there are two ways 

o increase the communication QoS: increasing the number of 

AVs and expanding the communication service area of UAVs. (iii) 

omparison with other selected algorithms indicates that when 

he UAVs have local communication service capabilities, the policy 

rained with PPO has the best performance on this problem. 

The remainder of this paper is organized as follows. 

ection 2 reviews the related work, and Section 3 describes 

he system model. Section 4 introduces the details about the 

esign of the DRL method. Simulation results and corresponding 

iscussions are presented in Section 5 . Finally, conclusions are 

resented in Section 6 . 

. Related work 

In this section, we provide an overview of the related work. 

.1. Multi-UAV collaborative QoS management 

Application of multiple UAVs to collaboratively provide commu- 

ication services to users has been extensively studied [23] . In [24] , 

n online UAV scheduling scheme was proposed, which can sched- 

le and manage UAVs online to guarantee reliable links with in- 

ernet of vehicles. The optimal UAV trajectory can be designed to 

rovide users with high-quality communication services. However, 

he UAV scheduling scheme is on the base station and its utility 

s constrainted by the communication range between the UAV and 

he base station. In [25] , the analysis and representation of mo- 

ion trajectories in a highly informative way is studied. In [26] , the 

AV trajectory is optimized to maximize the sum rate of the edge 

sers served by the UAV. The optimal UAV trajectory is obtained 

y solve a mixed-integer nonconvex problem with an iterative al- 

orithm. However, only one single UAV is considered, which has 

imited communication service capability. In [27] , UAVs were used 

o serve vehicles on a highway, considering the situations when 

he vehicles move between two road-side units and the communi- 

ation infrastructures are partially or totally damaged. The QoS of 

ach vehicle was guaranteed by optimizing the UAV trajectory with 

 successive convex approximation method and optimizing the ra- 

io resource allocation with a Linear Programming method. In [28] , 

he fair communication service between UAVs and users was in- 

estigated by maximizing the communication QoS of the user with 

he worst QoS. The objective was implemented by the joint op- 

imization of the UAV trajectories, the transmission power, and 

he user scheduling using an effective iterative algorithm based 

n successive convex approximation and block coordinate descent 

echniques. In [29] , multiple rotary-wing UAVs were used as aerial 

Ss to provide communication services to ground users. This prob- 

em was formulated as a multi-objective optimization problem and 

olved with particle swarm optimization-based techniques. How- 

ver, in Samir et al. [27] , Bejaoui et al. [28] , Perabathini et al.

29] , the UAVs have global perception capabilities and can know 

he locations of all users. The limited perception capabilities of 

he UAVs are not considered. In [30] , the energy-efficient coopera- 

ive control policy of rechargeable multi-UAVs was considered for 

roviding seamless coverage and long-term information services 
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Fig. 1. UAV network providing communication services for ground users in a target 

region. 
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or the nodes of Internet of Things with limited cruising duration. 

he problem was formulated as a mixed-integer nonconvex prob- 

em and solved by exploiting sequential convex optimization tech- 

iques. In [31] , UAV trajectories were designed such that the fair- 

ess rate is maximized and their effect on users’ spectral efficiency 

as studied. The UAVs were directed by a data-rate gradient cal- 

ulated using the free-space path-loss channel model. In addition, 

he proposed method can adapt to changes in the user locations 

nline and capture the interaction between multiple UAV trajecto- 

ies using a central processing unit. However, both [30,31] do not 

onsider the limitation of communication distance between UAVs 

nd the obstruction of user communication services by obstacles 

n the environment. 

.2. UAV control for communication service using reinforcement 

earning 

The use of a reinforcement learning method to enable UAVs 

o provide reliable and flexible communication services to users 

as been studied [32] . In [33] , the UAV placement problem in a

anned-and-unmanned (MUM) is considered. The positions of re- 

ay UAVs are guided to support the broken wireless links accord- 

ng to traffic QoS requirements and the link conditions. The deep 

 -learning model is used to determine the optimal link between 

wo UAV nodes. However, the UAV link selection is computed with 

 centralized manner and the performance is limited by the num- 

er of UAVs. In [34] , the trajectory of an UAV is optimized to max-

mize the sum rate of the transmission during flying time. A Q - 

earning method is used to train the movement decision policy for 

he UAV. In [35] , the optimal positioning of the aerial BS was con-

idered by taking into account the user mobility and guaranteeing 

he minimum QoS. A Q -learning-based method was proposed to 

uide the UAV to the optimal position based on past experiences. 

owever, in both [34,35] , only a single UAV is used and multi- 

AV is not considered. In [36] , the trajectory design problem for 

AVs in a UAV-to-Device communication scenario was studied, and 

 Q -learning-based multi-agent DRL method was proposed to solve 

his problem. In [37] , the UAV trajectory design problem was stud- 

ed to perform different real-time sensing tasks and an enhanced 

ulti-UAV Q -learning algorithm was proposed to solve this prob- 

em. In [36,37] , however, each UAV carries out tasks independently, 

ithout considering multi-UAV coordination. In [38] , the problem 

f resource allocation of multiple UAVs for providing communica- 

ion services to ground users was investigated. The uncertainty of 

nvironments was considered by formulating the resource alloca- 

ion problem as a stochastic game. A multi-agent reinforcement 

earning framework based on Q -learning was proposed to deter- 

ine the optimal control policy of each UAV according to its local 

bservations. Compared with our work, the fairness of communi- 

ation services for ground users is not considered. In [39] , the tra- 

ectory design problem for UAVs is studied where a cellular Inter- 

et of UAVs are used to guarantee the QoS of the transmission of 

he sensory data. The problem is considered as a Markov decision 

roblem (MDP) and solved with a multi-agent deep reinforcement 

earning method. In [40] , the Q -learning method was used to solve 

he problem of UAV trajectory optimization under the constraint 

f QoS requirements in an energy-efficient manner. However, in 

oth [39,40] , the impact of obstacles in the environment on com- 

unication services is not considered. The work [17] is similar to 

urs. In [17] , a DRL-based method, DRL-EC3 (DRL-based energy- 

fficient control for coverage and connectivity), was proposed for 

AV control. This method maximizes an energy efficiency function 

nd considers the communication coverage, fairness, energy con- 

umption, and the connectivity of UAVs. However, the UAVs are as- 

umed to have global perception capabilities and the limited per- 

eption capabilities of the UAVs is not considered. 
3 
.3. Comparison of our work with the related studies 

Our work differs from the aforementioned related studies in the 

ollowing aspects: 

• We consider the resilient changes in the environment, including 

the number of users, the speed of users’ movement, the num- 

ber of UAVs, and the number of obstacles in the environment. 

• We compare the effects of UAVs’ communication service capa- 

bilities on the communication QoS of the users. 

• Our approach is compared with two traditional task planning 

algorithms and a value-based reinforcement learning method to 

demonstrate its effectiveness. 

. System model 

In this section, we describe the system model and formulate the 

oS management problem as an optimization problem. 

.1. Problem description 

We consider a team of N UAVs flying at different altitudes to 

aintain communication services for M users on the ground target 

egion T R . The UAVs can avoid collisions by flying at different alti- 

udes. The communication range of the UAV is denoted as d com 

. All 

AVs can obtain the states of other UAVs through the communica- 

ion network. The communication service area of UAVs is limited, 

hich is denoted as C A . All UAVs know the distribution of users 

nd the quality of user services within their service area. Our goal 

s to determine an optimal control policy for the UAV team by op- 

imizing the trajectories of the UAVs so that they can provide bet- 

er communication QoS for users in the target area. The problem 

cenario is shown in Fig. 1 . 

.2. UAV model 

In this paper, we use a simplified fixed-wing UAV model as de- 

ned in Qiu and Duan [41] . UAV i is assumed to fly at a fixed al-

itude H i and speed V i . The kinematics of UAV i can be formulated 

s 
 

˙ x i = V i cos ψ i 

˙ y i = V i sin ψ i 

˙ ψ i = ( ψ i c − ψ i ) / τψ 

(1) 

here p i = ( x i , y i ) is the position of UAV i in the two-dimensional

artesian coordinate system, ψ is the velocity heading angle, ψ is 
i ic 
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Fig. 2. UAV kinematics model. 
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Fig. 3. Description of UAV–user communication service association strategy. 
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a period of time T . 
he velocity heading angle command, and τψ 

is the time constant 

elated to the dynamics of the UAV. The kinematics model of UAV 

s shown as Fig. 2 . 

Considering the motion constraints of the UAV, the velocity 

eading angular rate is limited to 

˙ ψ i 

∣∣ ≤ n max g/ V i (2) 

here n max is the maximum lateral overload limit of the UAV and 

is the acceleration of gravity. 

.3. User model 

In this paper, we consider the user model as a random walk 

odel in the target area. Each user k moves at a fixed speed V user 
k 

nd in a random direction ψ k ( ψ k ∈ [0 , 2 π ]) . The positions of all

sers are restricted to the target area, users cannot enter the ob- 

tacle area, and the positions of two users cannot overlap. 

.4. Communication model 

The communication model between UAVs and users mainly 

efers to Bejaoui et al. [28] . We assume that the position of user k

n the ground is w k = ( x k , y k ) , and the projection position of UAV i

n the horizontal plane is p i = ( x i , y i ) , flying at a fixed altitude H i .

he distance between UAV i and user k is expressed by 

 k,i = 

√ 

H i 
2 + ‖ 

p i − w k ‖ 

2 (3) 

For simplicity, we assume that the UAVs have LoS links to 

round users if the LoS is not obstructed by an obstacle. In addi- 

ion, the Doppler effect caused by relative motion is ignored. Thus, 

he free-space path loss model can be used to describe the com- 

unication channel between UAV i and user k , which can be ex- 

ressed as 

 k,i = 

β0 

d k,i 
2 

(4) 

here β0 represents the channel gain at a reference distance ( d = 

 m). 

In this study, all the UAVs are assumed to work in the same 

requency band. The corresponding received signal to interference 

lus noise ratio (SINR) at user k from UAV i is computed as 

k,i = 

p i · h k,i 

N ∑ 

j =1 , j � = i 
p j h k, j + σ 2 

0 

(5) 

here p i denotes the down-link transmit power of UAV i , σ 2 
0 

rep- 

esents the variance of additive white Gaussian noise at the re- 

eiver and the term 

N ∑ 

j =1 , j � = i 
p j h k, j stands for the co-channel interfer- 

nce received by user k during its communication with UAV i . The 
4 
own-link transmit power of UAV i is a constant with the value of 

he maximum allowable transmit power P max . At the same time, to 

onsider the effect of obstacles in the target area, when the LoS be- 

ween UAV i and user k is obstructed by an obstacle, user k cannot 

eceive the communication service of UAV i , i.e., γk,i = 0 . 

To reflect the correspondence between UAV i and user k , we 

efine a binary variable αk,i , indicating whether UAV i is commu- 

icating with user k . We assume that at each time step t , each UAV

an serve at most one user, and each user can be served by at most

ne UAV. Therefore, the constraints on αt 
k,i 

are as follows: 

M 

 

k =1 

αt 
k,i ≤ 1 , 

N ∑ 

i =1 

αt 
k,i ≤ 1 , ∀ k, i (6) 

Then, the achievable transmission rate of user k over time pe- 

iod T is given by 

 

T 
k = 

	t 

T 

T ∑ 

t=0 

N ∑ 

i =1 

αt 
k,i log 2 

(
1 + γk,i 

)
(7) 

here 	t is the time step. We define the communication QoS of 

ser k , Q k , within task time T as 

 k = T ∗ R 

T 
k (8) 

To simplify the UAV–user association problem, we assume that 

hen the UAVs provide communication services at each time step, 

he user served by the UAV is one with the worst communication 

oS in its service area and is not obstructed by obstacles. If mul- 

iple UAVs serve the same area simultaneously, the UAV that can 

rovide the best service quality will first select the user to serve, 

nd then the other UAVs select the other users to serve in turn. 

herefore, the value of αk,i can be expressed as follows: 

t+1 
k,i 

= 1 where k = arg min 

k 

R 

t 
k and i = arg max 

i 

γ t+1 
k,i 

(9) 

The UAV–user association strategy is shown in Fig. 3 . 

.5. Problem formulation 

We consider the communication QoS of the users through two 

spects: 

1) Increase the average value of the communication QoS of all 

users over a period of time T ; 

2) Reduce the variance of the communication QoS of all users over 
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Based on the above two considerations, the communication QoS 

f the users is ensured by maximizing that of the user with the 

orst communication QoS. The problem can be described as 

max 
ψ ic 

min Q k , i = 1 , 2 , . . . N, k = 1 , 2 , . . . M 

s.t. 
∣∣ ˙ ψ i 

∣∣ ≤ n max g/V i 

p i ∈ T R ∥∥p i , p j 

∥∥ ≤ d com 

(10) 

here the first constraint is the UAV’s dynamic constraint, the sec- 

nd constraint means that the UAV cannot go out of the target re- 

ion, and the third constraint means that the UAV cannot leave the 

etwork. Our objective is to determine the optimal control policy 

 ic for each UAV to provide users with a fair and efficient commu- 

ication service under the conditions that satisfy the above con- 

traints. 

. Learning-based resilience guarantee design 

Considering the complexity of the above optimization problem 

aused by the dynamic changes of the environment, users, and 

AVs, traditional optimization methods cannot be applied. In this 

ection, we formulate this problem as an RL problem in the con- 

ext of a POMDP and solve it using a DRL method. 

.1. Reinforcement learning 

The optimization problem defined in Section 3 can be formu- 

ated as a POMDP that is solved with reinforcement learning. In 

his RL framework, each UAV learns the control policy by interact- 

ng with the environment. Typically, at time t , each UAV indepen- 

ently obtains observation o t from the environment and takes ac- 

ion a t according to its policy a t ∼ πθ ( a t | o t ) parameterized by θ . 

hen, the environment changes and the UAV receives reward r t+1 

hat evaluates its selected action. The objective of each UAV is to 

earn an optimal policy that maps observations to actions by max- 

mizing a long-term cumulated reward 

 t = 

∞ ∑ 

k =0 

γ k r t+ k +1 (11) 

here γ (0 < γ < 1) is the discount factor. 

We use a DRL method to implement the control policy for each 

AV, where a deep neural network parameterized by θ is used to 

pproximate the UAV’s control policy and a policy gradient algo- 

ithm to train this deep neural network for determining the opti- 

al parameter θ ∗ that satisfies the constraints of (10) . Next, the 

ngredients of DRL are introduced. 

.2. Observation space 

At time t , the observation of UAV i consists of three parts, i.e., 

 

t 
i 
= [ o 

t 
i, 1 

, o 

t 
i, 2 

, o 

t 
i, 3 

] , which is shown in Fig. 4 . 

1) Observation o 

t 
i, 1 

denotes the information of the users in ser- 

vice area C i 
A 

obtained by UAV i at time t , including the user’s 

position relative to the UAV and the user’s current communica- 

tion QoS, i.e., o 

t 
i, 1 

= [ o 

t,k 1 
i, 1 

, . . . , o 

t,k j 
i, 1 

, . . . ] , o 

t,k j 
i, 1 

= [ d t 
i,k j 

, φt 
i,k j 

, Q 

t 
i,k j 

] ,

k j ∈ C i 
A 

. The position of user k relative to UAV i is expressed in

the form of polar coordinates in the velocity heading coordi- 

nate system of UAV i with distance d t 
i,k 

and angle φt 
i,k 

. Obser- 

vation o 

t 
i, 1 

contains information of all users within the service 

area C i 
A 

of UAV i , so the dimension of o 

t 
i, 1 

is 3 ∗ M i ( M i = 

∣∣C i 
A 

∣∣) ,
where M i denotes the total number of users in service area C i 

A 
, 

i.e., o 

t 
i, 1 

∈ R 

3 ∗M i . 
5 
2) Observation o 

t 
i, 2 

denotes the state information of other UAV j

obtained by UAV i through the communication network at time 

t , including the position of UAV j relative to UAV i and the po- 

sition and the communication QoS of the user with the worst 

communication QoS in the service area of UAV j. At time t , the 

position of UAV j relative to UAV i is expressed in the form of 

polar coordinates in the velocity heading coordinate system of 

UAV i with distance d t 
j,i 

and angle φt 
j,i 

. The communication QoS 

of the user with the worst QoS within the service area of UAV j

is expressed as Q 

min 
j 

(Q 

min 
j 

= min Q k , k ∈ C 
j 
A 
) , and the user’s po-

sition is expressed in the form of polar coordinates in the ve- 

locity heading coordinate system of UAV i with distance d 
Q min 
j 

and angle φ
Q min 
j 

. Thus, observation o 

t 
i, 2 

can be represented as 

o 

t 
i, 2 

= [ o 

t, 1 
i, 2 

, . . . , o 

t, j 
i, 2 

, . . . , o 

t,N 
i, 2 

] , o 

t, j 
i, 2 

= [ d t 
j,i 

, φt 
j,i 

, Q 

min 
j 

, d 
Q min 
j 

, φ
Q min 
j 

] ,

j = 1 , 2 , . . . N, j � = i , and the dimension of o 

t 
i, 2 

is 5 ∗ ( N −1) , i.e.,

o 

t 
i, 2 

∈ R 

5 ∗(N−1) . 

3) Observation o 

t 
i, 3 

denotes the displacement from UAV i to the 

boundary of the target region T A at time t , expressed by four 

variables, namely d U 
i 

= Y max − y i , d D 
i 

= y i − Y min , d L 
i 

= x i − X min , 

and d R 
i 

= X max − x i , where Y max , Y min , X max , and X min are the 

boundary values of the target region T A ; that is, the tar- 

get region can be expressed as p i ∈ T A , p i = ( x i , y i ) , X min ≤
x i ≤ X max , Y min ≤ y i ≤ Y max . Thus, observation o 

t 
i, 3 

can be repre- 

sented as o 

t 
i, 3 

= [ d U 
i 
, d D 

i 
, d L 

i 
, d R 

i 
] . 

.3. Action space 

We discretize the action space of UAV i as a i ∈ 

−30 , −20 , −10 , 0 , 10 , 20 , 30 } deg , which represents the UAV

eading angle that needs to be changed. The heading angle 

ommand of UAV i is calculated by 

 ic = ψ i + 	ψ i (12) 

here 	ψ i is sampled from a i according to the selection probabil- 

ties calculated by the deep neural network. 

.4. Network architecture 

We use a deep neural network to implement the control pol- 

cy of UAV i , which inputs observation o 

t 
i 

and outputs the selection 

robabilities of actions P(a t 
i 
| o 

t 
i 
) . All UAVs have the same control 

olicy and share the same deep neural network, whose architec- 

ure is shown in Fig. 5 . 

As shown in Fig. 5 , to deal with the variable length observa- 

ion o 

t 
i, 1 

, we limit its maximum length to 5; that is, observation 

 

t 
i, 1 

processed by the network is the information of maximum 5 

sers. When the number of users is less than 5, we fill the remain- 

ng input positions with 0. When the number of the users in the 

AV’s service area is greater than 5, these 5 users are those with 

he worst communication QoS in service area C i 
A 

at time t; they 

re sorted from the least to the largest communication QoS. When 

he number of users in the UAV’s service area is less than 5, these 

 users are those discovered latest by UAVs; that is, UAVs have a 

emory of the states of the 5 latest users. They are sorted from 

he latest to the oldest time of discovery. Similarly, to process the 

ariable length observation o 

t 
i, 2 

, we limit its maximum length to 2; 

hat is, observation o 

t 
i, 2 

processed by the network is the states of 

aximum 2 UAVs. When the number of other UAVs is less than 2, 

e fill the remaining input positions with 0. These two UAVs are 

he farthest from UAV i at time t; they are sorted from the farthest 

o the nearest distance from UAV i . The cropped observations o 

t 
i, 1 

nd o 

t 
i, 2 

and observations o 

t 
i, 3 

are merged and processed by three 

ully connected layers, and the network finally outputs the proba- 

ility values P(a t 
i 
| o 

t 
i 
) . In the above network structure, the last fully
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Fig. 4. Observation of UAV i . 

Fig. 5. Deep neural network architecture. 
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u

t

onnected layer uses the sigmoid function as the activation func- 

ion, limiting the output to (0,1), and the remaining layers use the 

eLU function as the activation function. The final selected action 

 ic is obtained by sampling the network’s output P(a t 
i 
| o 

t 
i 
) . 

.5. Reward function 

Our objective is to provide users with a fair and efficient com- 

unication service by maximizing the communication QoS of the 

ser with the worst QoS. At the same time, the UAV is not allowed

o leave the communication network and fly out of the target re- 

ion. To achieve the above goals, the reward obtained by UAV i at 

ime t is designed as 

 

t 
i = r t i,Q + r t i,net + r t i,ser (13) 

here r t 
i,Q 

is the reward related to the users’ communication QoS, 

 

t 
i,net 

is the reward related to the UAVs’ communication network, 

nd r t 
i,ser 

is the reward related to the UAV’s position relative to the 

arget region. 

By considering the average, Q̄ t , and the standard deviation, Q 

std 
t , 

f the communication QoS of all users at time t , the reward can be

esigned as 

 

t 
i,Q = 10 ∗N ∗ (( Q̄ t − Q̄ t−1 ) − (Q 

std 
t − Q 

std 
t−1 )) (14) 
6 
here Q̄ t = 

1 
M 

M ∑ 

k =1 

Q 

t 
k 

and Q 

std 
t = 

√ 

1 
M 

M ∑ 

k =1 

(Q 

t 
k 

− Q̄ t ) . 

When UAV i leaves the UAVs’ communication network, the re- 

ard it receives is 

 

t 
i,net = 

d com 

− max (d t 
i, j 

) √ 

( X max − X min ) 
2 + ( Y max − Y min ) 

2 
, j = 1 , 2 , . . . , N, i � = j 

(15) 

When UAV i flies out of the target area, the reward it receives 

s 

 

t 
i,ser = 

min (0 , d U 
i 
) + min (0 , d D 

i 
) + min (0 , d L 

i 
) + min (0 , d R 

i 
) √ 

( X max − X min ) 
2 + ( Y max − Y min ) 

2 
(16) 

.6. Training algorithm 

A large number of DRL algorithms have been developed and 

ave found a wide range of applications [42,43] . In this study, PPO, 

 policy-based DRL algorithm, is used to train the deep neural net- 

ork owing to its benefits of optimizing control policies with guar- 

nteed monotonic improvement and high sampling efficiency. In 

he training process, a framework of centralized training and de- 

entralized execution is employed, where each UAV independently 

bserves environment information and executes actions, and then 

he experience collected by all the UAVs is used to train the net- 

ork. 

As shown in Algorithm 1 , network training comprises two pro- 

esses: the experience collecting process and policy updating pro- 

ess. In the first process, each UAV uses the shared policy to select 

he action and collects experience until it reaches the maximum 

ime step T . In the second process, the policy network πθ is op- 

imized E π times with loss function L CLIP (θ ) and the state value 

etwork V φ is optimized E V times with loss function L V (φ) on the 

ame minibatch data sampled from the collected experience. The 

etwork structure of the state value network V φ is the same as the 

olicy network πθ except that there is only one output value in 

he last layer. The optimization tool used is Adam optimizer [44] . 

. Simulation results and analysis 

In this section, we first describe the setup and the parameters 

sed in the simulation performed to demonstrate the generaliza- 

ion capability and robustness of the learned policy in different 
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Algorithm 1: PPO with multiple UAVs providing communica- 

tion services. 

Initialize policy network πθ and value function V φ , let 

πθ ′ = πθ

for episode = 1,2,…, do 

for step = 1,2,…, T do 

for UAV i = 1, 2, N do 

run policy πθ ′ , collecting experience 
{

o 

t 
i 
, r t 

i 
, a t 

i 

}
Estimate advantages using 
ˆ A 

t 
i 
= δt 

i 
+ (γ λ) δt+1 

i 
+ . . . + . . . + (γ λ) T −t+1 δT −1 

i 

where δt 
i 

= r t 
i 
+ γV 

(
o 

t+1 

i 

)
− V 

(
o 

t 
i 

)
end 

end 

for j = 1,2,…, E π do 

L CLIP (θ ) = 

−̂ E t 

[
min 

(
r t 

i 
(θ ) ̂  A 

t 
i 
, clip 

(
r t 

i 
(θ ) , 1 − ε, 1 + ε

)
ˆ A 

t 
i 

)]
r t 

i 
(θ ) = 

πθ ( a t i | o t i ) 
πθ ′ 

(
a t 

i 
| o t 

i 

)
Optimize surrogate L CLIP (θ ) wrt θ , with E π epochs, 

minibatch size B ≤ NT and the learning rate l rθ . 

(Note: clip (x, x min , x max ) limits the value of x between 

x min and x max ) 

end 

θ ′ ← θ
for k = 1,2,…, E V do 

L V (φ) = 

N ∑ 

i =1 

T ∑ 

t=1 

( ∑ 

t ′ ≥t 

γ t ′ −t (r t 
′ 

i 
− r̄ ) − V φ

(
o 

t 
i 

))2 

Optimize surrogate L V (φ) wrt φ, with E V epochs, 

minibatch size B ≤ NT and the learning rate l rφ
end 

end 
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Table 1 

Training parameters in 

Algorithm 1 . 

Parameters Values 

T 500 

N 2,3,4,5 

γ 0.99 

λ 0.95 

E π 10 

ε 0.1 

B 64 

l rθ 2e −5 

E V 10 

l rφ 1e −3 

Fig. 6. Curves of the average and variance of the rewards obtained from the train- 

ing episodes. PPO-G represents the policy with global service capability and PPO-L 

represents the policy with local service capability. 
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cenarios. Finally, we compare our policy with other methods in 

everal scenarios. 

.1. Simulation setup and training results 

In the training process, we consider an environment of size 

0 0 m × 50 0 m × 150 m with a communication range d com 

of 

00 m. The UAV’s communication service area C A is set as a square 

f size 100 m × 100 m . Each UAV has the same speed, i.e., V i = 

0 m / s (i = 1 , 2 , . . . N) . For avoiding collisions, each UAV flies at

ifferent altitudes ranging 100–150 m. The maximum lateral over- 

oad limit of the UAV is set to n max = 1 . All the users have the

ame speed, which is set to V k user = 1 m / s . For communication 

hannel parameters, we set β0 = −60 dB , σ 2 
0 = −110 dB m , and 

 max = 0 . 1 W . The simulation step is set to 	t = 0 . 5 s . 

The deep neural networks are implemented with Pytorch 

45] in Python. The parameters in Algorithm 1 are listed in Table 1 .

We train two different policies, one with global service capa- 

ility and the other with local service capability. The results with 

lobal communication capabilities are provided as a baseline com- 

arison for the results with local communication capabilities. On 

he one hand, it shows the results that each method can achieve 

hen global communication service capabilities are available; on 

he other hand, it reflects the impact on user communication QoS 

hen only local communication service capabilities are available 

y comparing with results with global communication capabilities. 

hen the policy has global service capability, the communication 

istance between UAVs is not limited, and each UAV can obtain 

tate information of all users in the environment. When the policy 

as local service capability, the communication distance between 

AVs is set to 200 m, and each UAV can only obtain state informa-
7 
ion of all users within its service area. Both policies are trained 

sing 10,0 0 0 episodes. At the beginning of each training episode, 

he numbers of UAVs, users, and obstacles are randomly selected 

rom [2,5], [5 , 20] , and [0 , 5] , respectively. In addition, the positions

f the UAVs, obstacles, and users are randomly reset. The obsta- 

les are modeled as cylinders with a height ranging 20–80 m and a 

onstant radius of 15 m. We record the average and variance of the 

eward every 50 episodes, where the reward is computed as the 

um of the rewards received in each episode. The results shown in 

ig. 6 indicate that the cumulative rewards of both policy training 

eep increasing and converge at the end of the training, implying 

hat both trained control policies enable the UAVs to provide bet- 

er communication services for users in the training environments 

nd receive stable rewards. As we expected, the UAVs with global 

ervice capabilities can receive more rewards, indicating that they 

an provide better services to users because they can determine 

hich users have poor communication QoS and thus provide com- 

unication services to those users. 

.2. Results with trained policy in different scenarios 

In this subsection, we use the trained control policies in dif- 

erent scenarios to verify their performance. We conduct 100 ran- 

om experiments for each test case and calculate the average val- 

es of the average and variance of the communication QoS of all 

sers. The results obtained using the trained policies are shown in 

ig. 7 . Fig. 7 (a) shows the results with varying number of users. 

e divide the test experiment into six test cases (three each for 

olicies with global and local service capabilities), where the num- 

er of UAVs is fixed at 3 and the number of users is 5, 10, and

0, respectively. The horizontal axis shows the test cases, and the 
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Fig. 7. The communication QoS of users in different scenarios when the trained policies are used. (a) The results with varying number of users where the number of UAVs 

is fixed at 3. (b) The results with varying number of UAVs where the number of users is fixed at 10. (c) The results with varying environment, i.e., the speed of users’ 

movement increases and the number of obstacles increases. 
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by the trajectories of the UAVs near users U4, U5, and U7. 
ertical axis shows the users’ communication QoS. All subsequent 

esults are displayed in the same way. Fig. 7 (a) shows that when 

he number of users increases, the average communication QoS of 

sers decreases, which is in line with our expectations. In addi- 

ion, the average communication QoS of users with local service 

apability is significantly less than that with global communication 

ervice capability, and the variance of the communication QoS of 

sers with local service capability is larger than that with global 

ommunication service capability. This is because the UAVs have 

imited communication range and local state information of users 

nd cannot comprehensively consider the communication QoS of 

ll users. This phenomenon can also be seen in Fig. 7 (b) and (c). 

Fig. 7 (b) shows the results with varying number of UAVs. We 

ivide the test experiment into eight test cases (four each for poli- 

ies with global and local service capabilities), where the num- 

er of users is fixed at 10 and the number of UAVs is 2, 3, 4,

nd 5, respectively. First, we observe that as the number of UAVs 

ncreases, the average communication QoS of users gradually im- 

roves, which is inevitable. It is noteworthy that as the number 

f UAVs increases, the rate at which users’ communication QoS 

mproves decreases. This is because of the following two reasons. 

irst, multiple UAVs can already cover all users and meet the needs 

f users; further increasing the number of UAVs does not result 

n more improvement. Second, by contrast, increasing number of 

AVs will lead to increased communication interference between 

hem, which reduces the service quality of the UAVs for users. 

oreover, comparison of the results with global and local service 

apabilities indicates that when the number of UAVs is 2 and they 

ave global service capability, the communication QoS of the users 

s the same as when the number of UAVs is 5 and they have lo-

al service capability. This suggests that increasing the number of 

AVs can compensate for the lack of communication service capa- 

ilities of UAVs. 

Fig. 7 (c) shows the results with varying environment. We con- 

ider two environment changes: (1) the speed of users’ movement 
8 
ncreases, and (2) obstacles exist in the environment that may ob- 

truct the communication between UAVs and users. In the first 

ase, the user movement speed is increased to 5 m/s. In the second 

ase, five obstacles are considered in the environment. As shown in 

ig. 7 (c), in the six test cases (three each for policies with global 

nd local service capabilities), the users’ communication QoS is 

imilar, implying that the trained control policies can adapt well to 

hanges in the environment. The results also show that the trained 

ontrol policies enable the UAVs with local service capability to 

dapt to changes in the environment and provide users with re- 

iable communication services. 

The trajectories of UAVs and the communication QoS of users 

n a test case are shown in Figs. 8 and 9 , respectively. In this

est case, the number of UAVs is 3, the number of users is 10, 

he user movement speed is 1 m/s, and no obstacles are present. 

ig. 8 shows the results with global service capability. We can see 

hat UAVs can serve different users separately, while giving priority 

o users with poor communication QoS, thus ensuring the simulta- 

eous improvement of the users’ communication QoS. Fig. 9 shows 

he results with local service capability. We can observe the follow- 

ng three phenomena: 

1) When the UAVs serve users, due to the limitation of the com- 

munication range, the distance between the UAVs must be 

maintained within the communication range, which reduces 

the UAVs’ exploration abilities and makes it difficult for them 

to find new users. 

2) UAVs have a certain ability to explore new users, which can be 

seen from the trajectories of the UAVs at t = 50 s, 100 s, and

150 s; this allows the UAVs to explore new users even when 

some users have been discovered, ensuring that other users in 

the environment are also served. 

3) When there are more concentrated users in a certain area, the 

UAVs will provide more services in this area, which can be seen 
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Fig. 8. Trajectories of UAVs and the communication QoS of users with global service capability. 

Fig. 9. Trajectories of UAVs and the communication QoS of users with local service capability. 
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Table 2 

Training parameters of the DQN. 

Parameter Value 

Batch size 64 

Replay memory size 100,000 

Discount factor 0.99 

Learning rate 5e −4 

Number of UAVs 2,3,4,5 

Max step 500 

i

b

b

m

The above results demonstrate that our trained control policies 

an adapt to different scenarios, has good generalization ability and 

obustness, and responds resiliently to changes in the environment, 

roviding guaranteed communication services to users. 

.3. Comparison results with other algorithms 

In this subsection, we compare our trained control policies with 

hree different algorithms, namely the deep Q -learning network 

DQN) [18] , which is a value-based deep reinforcement learning, a 

onsensus-based bundle algorithm (CBBA) [46] , and the distributed 

ungarian method (DHA) [47] . The parameters of DQN are listed 

n Table 2 . Firstly, the comparison experiments are conducted in 

ight different test scenarios with global and local service capabil- 
9 
ties. Global communication service capabilities are provided as a 

enchmark for the results with local communication service capa- 

ilities. In each test scenario, we conducted 100 random experi- 

ents and calculated the average values of the average and vari- 
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Fig. 10. Comparison results between PPO, DQN, CBBA and DHA in different scenarios. (a) The results with varying number of users where the number of UAVs is fixed at 3. 

(b) The results with varying number of UAVs where the number of users is fixed at 10. (c) The results with varying environment, i.e., the speed of users’ movement increases 

and the number of obstacles increases. Q̄ represents the average communication QoS of all users and Q std represents the variance of the communication QoS of all users. 
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nce of all users’ communication QoS. The comparison results are 

hown in Fig. 10 . 

As shown in Fig. 10 , the following two conclusions can be 

rawn: 

1) As shown in the first and second columns in Fig. 10 (a)–(c), in 

the case of the UAVs with global service capabilities, the com- 

munication QoS using the policy trained with the DHA-G is the 

best, followed by the CBBA-G and PPO-G. The policy trained 

with the DQN-G has the worst communication QoS. The pol- 

icy trained with the DHA-G has the highest average communi- 

cation QoS and the minimum variance of communication QoS. 

The results of DQN-G are opposite to those of DHA-G, and the 

results of CBBA-G and PPO-G are in between those of DHA- 

G and DQN-G. This is because, given the global information, 

the DHA-G and CBBA-G can accurately place the UAVs near 

the user who needs communication services and they do not 

use the process of randomly searching for users; thus, they 

achieve similar results. However, because the policies trained 

with the PPO-G and DQN-G use deep neural networks, there is 

certain randomness in their outputs and in the process of pro- 

viding communication services to users; they randomly search 

for users, which reduces their communication QoS. In addition, 

the results indicate that the performance of the policy trained 

with PPO-G is better than that of the policy trained with the 

DQN-G. 

2) As shown in the third and fourth columns in Fig. 10 (a)–(c), in 

the case of the UAVs with local service capabilities, the com- 
10 
munication QoS using the policy trained with PPO-L and the 

DHA-L is similar. Both being better than the QoS obtained us- 

ing the policy trained with the other two methods. In most 

cases, the average of the users’ communication QoS using the 

policy trained with the DHA-L is greater than using the pol- 

icy trained with PPO-L. However, the variance of users’ com- 

munication QoS using the policy trained with the DHA-L is also 

greater than using the policy trained with PPO-L. The main rea- 

son is that the policy trained with PPO-L learns during training 

to strike a direct balance between exploiting known informa- 

tion and exploring unknown information, which gives the pol- 

icy a strategy to find unknown users, allowing it to serve un- 

explored users in the target area and provide fair communica- 

tion services to all users. In particular, as shown in the third 

column in Fig. 10 (c), when the user’s speed is 5m/s, the policy 

trained with PPO-L has the highest average communication QoS 

and the minimum variance of communication QoS compared 

with other methods, which shows the policy trained with PPO- 

L can adapt to environments where the user’s location changes 

rapidly, demonstrating its robustness to dynamic changes in the 

environment. The average of the users’ communication QoS us- 

ing the policy trained with the CBBA-L is the largest among all 

the compared methods; however, the variance of users’ com- 

munication QoS is also the largest. This is because the CBBA-L 

does not have a good mechanism for randomly searching for 

users and can only provide communication services to users 

within the local communication service area’s scope. This will 

result in some users being well served while others not being 
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Fig. 11. Comparison results between PPO, DQN, CBBA, and DHA in an environment with environmental disturbances. The UAVs have local communication service capability. 

(a) The results with different environments where the number of UAVs is fixed at 3. (b) The results with varying UAVs where the number of users is fixed at 10, the user’s 

speed is 1m/s. Q̄ represents the average communication QoS of all users and Q std represents the variance of all users’ communication QoS. 
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served. The communication QoS using the policy trained with 

the DQN-L is the worst. The results indicate that a stochas- 

tic policy has certain advantages compared with a determin- 

istic policy on the problem of multiple UAVs providing users 

with communication services, regardless of UAVs’ communica- 

tion service capabilities. 

Besides, UAVs usually have only local communication service 

apabilities in practical applications due to energy consumption 

nd economic cost. At the same time, the UAVs will be disturbed 

y various environmental disturbances, such as unstable commu- 

ication, malfunctioning sensing system and positioning system, 

hich will lead to a large error in the UAV’s estimation of the 

ser’s and other UAV’s states, which will cause an impact on 

he user’s communication service. To measure the robustness of 

he above methods to such environmental disturbances, we sim- 

late such environmental disturbances by adding a small period 

f disturbance error to each UAV’s observations at regular inter- 

als. Specifically, we add Gaussian noise of duration 10 s to the 

AV’s observations o 

t 
i, 1 

and o 

t 
i, 2 

at t = 50 s, t = 100 s, t = 150 s,

nd t = 200 s, respectively, i.e., o 

t 
i, 1 

= o 

t 
i, 1 

+ 0 . 5 N (0 , 1) , o 

t 
i, 2 

= o 

t 
i, 2 

+
 . 5 N (0 , 1) . (Note: The UAV’s observations are normalized to be in

he interval [ −1,1]) The comparison results are shown in Fig. 11 . 

As shown in Fig. 11 (a) and (b), in most cases, the policy trained

ith PPO-L has a higher average communication QoS than that 

rained with DHA-L and the minimum variance of communication 

oS compared with other policies. The policies trained with CBBA- 

 and DQN-L have obvious shortcomings with the maximum vari- 

nce of communication QoS and the minimum average communi- 

ation QoS, respectively. This demonstrates that the policy trained 
11 
ith PPO-L has strong robustness to environmental disturbances 

nd can provide guaranteed resilient communication services to 

sers. An important reason is that the disturbance of the obser- 

ations will have a large impact on the planning results of the 

HA-L, making the planning results deviate from the actual situ- 

tion. Besides, since the policy trained with PPO-L is a deep neural 

etwork trained in various environments, it has better robustness 

o disturbing observations. Also, as shown in the first column in 

ig. 11 (a), when the number of the users is 5, the user’s speed is

m/s and there is no obstacle in environment, the policy trained 

ith the DHA-L has a higher average communication QoS than that 

rained with PPO-L. This is because that when the number of users 

s small, the interference added to the users’ states has less impact 

n the communication service of the UAV. Similarly, the first col- 

mn of Fig. 11 (b) shows similar results. When the number of UAVs 

s 2, the environmental disturbances have less impact on the UAV 

ommunication service, so the policy trained with the DHA-L has 

 higher average communication QoS than PPO-L. 

.4. Discussions 

Although UAVs with global communication service capabil- 

ty can provide high-quality communication services, equipping 

hem with better communication equipment will lead to increased 

eight of the UAV and consume more energy during the communi- 

ation process. At the same time, equipping communication equip- 

ent with global communication service capability will increase 

he cost of UAVs. Therefore, in practice, the selection of UAVs with 

ifferent communication service capabilities requires a trade-off

etween communication service performance and cost. The use of 
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AVs will depend on the lesser of the cost due to the increased 

umber of UAVs or the cost due to the use of global communica- 

ion equipment. 

In practical applications, the most common case is to use UAVs 

ith local communication service capability to provide communi- 

ation services to users over a large area. In such cases, the policy 

rained with PPO-L has a significant advantage over other methods 

DQN-L, CBBA-L, DHA-L). The policy trained with DQN-L obviously 

erforms less well than PPO-L with a lower average communica- 

ion QoS and a higher communication QoS variance. Besides, the 

olicy trained with CBBA-L has the highest average communica- 

ion QoS with the highest communication QoS variance, leading to 

he fairness of user communication QoS is difficult to guarantee. 

ompared with the policy trained with PPO-L, the DHA-L policy 

as a higher average communication QoS. Still, it also has a higher 

ommunication QoS variance, so user communication QoS fairness 

s lower. Moreover, the policy trained with PPO-L has a higher av- 

rage communication QoS and the minimum communication QoS 

ariance compared to other policies when UAVs are disturbed by 

nterference factors in the environment. So it is more robust to dy- 

amic interference factors in the environment. For these reasons, it 

s worthwhile to use the policy trained with PPO-L when the UAV 

as local communication service capability to provide resilient and 

uaranteed communication QoS to users. 

. Conclusion 

In this paper, we investigated the optimization control problem 

f multiple UAVs for providing users with resilient and guaran- 

eed communication services. First, we modeled the problem as a 

ulti-UAV optimal control problem with the objective of maximiz- 

ng the communication QoS for the user with the worst QoS. Then, 

onsidering the complexity of this optimization problem owing to 

he dynamic changes in the environment, we formulated the con- 

rol of each UAV as a POMDP and solved it using a policy-based 

RL method, PPO, where each UAV shares the same control pol- 

cy and takes action independently based on its observed informa- 

ion. In the training process, the centralized training and decen- 

ralized execution paradigm was used, where the experience col- 

ected by all UAVs was used to train the shared control policy. In 

ddition, to provide efficient and fair communication services to 

sers, the average and variance of the communication QoS of all 

sers were considered in the design of the reward function. We 

onducted extensive simulations to evaluate the performance of 

he proposed algorithm. Simulation results show that the policies 

rained with PPO can adapt to different scenarios and provide re- 

ilient and guaranteed communication QoS to users. Moreover, the 

esults show better performance than the policies trained with the 

QN, CBBA, and DHA when the UAVs have local communication 

ervice capability. In the future, we will extend this work to het- 

rogeneous UAVs and study how UAVs with different capabilities 

an collaboratively provide communication services to users. 
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