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Wireless Networks
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Abstract—There has been a growing interest in using
unmanned-aerial-vehicles (UAVs) for high-rate wireless commu-
nications due to their flexibility in deployment and relatively
low costs. In this article, we consider an UAV-assisted wireless
network, where a multiantenna ground base station provides
communication services to a group of users through a set of UAVs
using the in-band wireless backhaul. We propose a novel frame-
work for optimizing the multi-UAV-assisted wireless network and
consider the following two problems: one minimizes the total
system cost and the other maximizes the system utility. In contrast
to the previous studies, we consider the deployment cost of UAVs
and the impact of the UAV locations on the backhaul capacity
for both the problems. The two problems are complicated
mixed-integer nonlinear programming (MINLP) problems, which
involve the joint optimization of the UAV selection and their
locations, the UAV-user association, and the wireless resource
allocations subject to the Quality of Service requirements of users
and the wireless backhaul capacity constraints. Therefore, we
propose the block coordinate descent-based algorithms combined
with successive convex approximation to solve the two problems.
Simulation results show that the proposed methods are adaptable
to the wireless backhaul constraints and outperform the other
benchmark methods.

Index  Terms—Mixed-integer  nonlinear  programming
(MINLP), unmanned-aerial-vehicle (UAV) communications, UAV
deployment, wireless backhaul.
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I. INTRODUCTION

NMANNED-AERIAL-VEHICLES (UAVs) have a

diverse range of applications in various sectors, including
telecommunications, rescue operations, surveillance, and
package delivery. They have received considerable research
interest in the recent years [1], [2], [3]. UAVs are expected to
play a crucial role in the future wireless networks to enhance
the communication capacity and coverage [4], [5], [6].
Compared to the conventional terrestrial communications,
UAV-assisted wireless communications offer two main
advantages. First, the availability of Line of Sight (LoS)
air-to-ground (A2G) channels between the user equipment
(UE) and UAVs helps to mitigate the signal blockage [7].
Second, the locations of UAVs can be chosen flexibly,
allowing for increased flexibility in their deployment. For
example, the terrestrial wireless networks in remote regions
with sparsely deployed ground base stations (GBSs) may
be inadequate to meet the communication requirements. In
such scenarios, cost-effective UAV-assisted wireless networks
can be practical solutions [8], [9]. UAVs are also critical in
providing emergency connectivity to the wireless devices in
disaster areas where the conventional cellular coverage is
unavailable.

UAVs can serve as static aerial base stations for the wireless
services by hovering over the selected locations. Various
studies have investigated UAV-assisted wireless networks with
diverse objectives, such as maximizing ground-UE cover-
age [10], optimizing average data rate under worst-case
bit error rate constraints [11], and enhancing energy effi-
ciency [12]. However, deploying many UAVs to provide the
wireless services can incur significant investment costs for
the network providers. Furthermore, the wireless backhaul
capacity between the UAVs and the GBS is a limiting factor
that determines the system performance, which also depends
on the number and location of the deployed UAVs [13].
Therefore, it is crucial to consider the tradeoff between the
system throughput and the UAV deployment cost in the
multi-UAV-assisted wireless networks. This article presents a
novel framework to optimize the multi-UAV-assisted wireless
networks, addressing the research challenge of efficient UAV
deployment while considering the impact of the UAV locations
on the backhaul capacity and the associated deployment
costs. We focus on jointly optimizing the UAV selection,
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UAV locations, UAV-UE association, and wireless resource
allocation to enhance the overall network performance.

A. Related Work

In UAV-assisted wireless networks, the positions of UAVs
and the allocation of communication resources are crucial
for enhancing the network performance. Several studies have
investigated their joint optimization. Mahmood et al. [14]
proposed an efficient algorithm for determining the allo-
cation of radio resources, 3-D placement of UAVs, and
UE association matrices in an orthogonal frequency division
multiple access (OFDMA)-enabled UAV-assisted communica-
tion system to provide on-demand services. Lin et al. [15]
proposed a dynamic UAV deployment approach to optimize
the UAV locations for enlarging the UE coverage and reducing
the communication energy consumption. Chen et al. [16]
proposed an approach to maximize the energy efficiency of
device-to-device (D2D) pairs in an UAV-enabled wireless
network by jointly optimizing the power control, channel
allocation, and UAV deployment while ensuring the secrecy
rates for all the UEs. Leveraging the game theory and the
matching theory, Lhazmir et al. [17] proposed a novel frame-
work to analyse the associations between the UAVs and the
Internet of Things (IoT) devices, optimizing the assignment
of suitable UAVs for energy-efficient and load-balanced data
collection from the ground IoT networks. Huo et al. [18]
introduced an UAV-enabled hierarchical distributed learning
architecture for the machine learning applications, which
employed a two-sided many-to-one matching game to deter-
mine the optimal association between the UAV transmitters
and receivers. Zhou et al. [19] proposed a clustering-aided
reinforcement learning approach to maximize the sum rates
among all the ground users within a limited power budget by
jointly optimizing user association and power control in an
UAV-assisted network.

Existing studies have also considered optimizing the place-
ment of a given set of UAVs in a wireless network for the
service provision. For example, Kang et al. [20] investigated
the deployment of UAV relays between the source and desti-
nation nodes, where they proposed using the Gibbs sampling
method to determine the UAV locations. In [21], a distributed
learning method was proposed to jointly optimize the place-
ment and power allocation of multiple UAVs in an unknown
region, with the aim to maximize the sum of «-fairness for all
UEs. The MeanShift clustering method was employed in [22]
to address the 2-D UAV positioning and UAV-UE association
problem. One of the benefits is that the MeanShift clustering
method does not require the number of UAVs to be determined
in advance; instead, it obtains the number of UAVs according
to the clustering result. Sun and Masouros [23] proposed a
naive successive deployment method and a clustering-based
method to maximize the UE coverage and power efficiency. In
addition, Wang et al. [24] proposed a centralized multiagent
Q-learning algorithm for the UAV deployment and UAV-UE
associations in an UAV-assisted cellular network to minimize
the power consumption during the uplink transmission. The
aforementioned studies considered deploying a predetermined
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number of UAVs in the network. In practical scenarios, the
UE requirements cannot be adequately met if the number of
deployed UAVs is insufficient. On the other hand, deploying
too many UAVs wastes system resources and may cause
severe interference in the network. Therefore, it is also crucial
to determine the required number of UAVs to meet the
communication requirements while considering the associated
cost.

Another important issue to be addressed in UAV-assisted
communication networks is the limited capacity of the wire-
less backhaul that connects the UAVs to the GBS [25].
Du et al. [26] investigated the resource allocation for the
backhaul in a cellular UAV network to maximize the aggregate
energy efficiency of the system. Hu et al. [27] considered
the in-band wireless backhaul and maximized the uplink
throughput by jointly optimizing the UAV altitude, power
control, and bandwidth allocated between the backhaul and
access links. Other studies, such as [28] and [29], used the
K-means clustering method to find the 2-D placement of UAVs
and adjusted the UAV-UE associations under the backhaul
constraints using the heuristic methods. Qiu et al. [30] con-
verted a sum-rate-utility maximization problem with backhaul
constraints into an unconstrained problem and solved it using a
gradient descent method. Banagar and Dhillon [31] evaluated
the performance of a 3-D two-hop cellular network that uses
GBS and UAVs to serve ground UEs, taking into account the
realistic antenna radiation patterns for backhauling. In general,
the wireless backhaul capacity in UAV-assisted networks is
susceptible to the locations of UAVs and the propagation
environment. Furthermore, the number of deployed UAVs is
closely tied to the backhaul capacity, making it difficult to
optimize the UAV deployment and wireless resource allocation
jointly.

It is evident that the clustering methods have inherent draw-
backs when determining the UAV deployments. The clustering
methods are primarily based on the geographic distribution
of UEs, which lead to wastage of the system resources when
the UEs are dispersed. Meanwhile, the clustering methods
deploy a single UAV at the centroid of each cluster, which
may not maximize the sum rate of UEs or meet the Quality of
Service (QoS) requirements. Additionally, positioning UAVs
such that all the UEs are equidistant from the UAVs can
result in varying communication rates due to the co-channel
interference. Therefore, a more practical formulation should
be developed to jointly consider the number and placement
of UAVs, backhaul capacity, and QoS requirements for effi-
cient resource allocation in the multi-UAV communication
networks.

B. Research Gaps and Contributions

Existing research lacks adequate consideration for the
cost of UAV deployment, which involves determining the
appropriate number of UAVs in the network. Furthermore,
the previous studies have often overlooked important factors,
such as the number and locations of UAVs on the wire-
less backhaul capacity. Such oversights may result in unmet
user requirements, inefficient resource utilization, or increased
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network interference. To address these research gaps, we
develop a comprehensive framework that jointly optimizes the
UAV selection, UAV deployments, UAV-UE association, and
wireless resource allocations. Our approach explicitly takes
into account the required number of UAVs, their corresponding
positions, and the impact of deployment strategies on the
backhaul capacity.

We consider the joint optimization of UAV deployment
and resource management in a multi-UAV-assisted wireless
network, where the UAVs are connected to the GBS through
the wireless backhaul. Each ground UE has its QoS require-
ment, and the backhaul capacity depends on the number of
deployed UAVs, UAV locations, and the propagation environ-
ment. We consider the following two problems: one minimizes
the total system cost and the other maximizes the system
utility. Our formulation accommodates both the backhaul
capacity constraints and the UE QoS requirements. For both
the problems, the deployment cost of UAVs is considered.
The two problems are complicated mixed-integer nonlinear
programming (MINLP) problems, which involve the selection
of UAVs and their locations, the UAV-UE associations, and
the allocation of wireless resources (i.e., the transmit power
of each UAV and the fraction of bandwidth allocated for each
UE). The main contributions of this study are summarized as
follows.

1) We address the practical and challenging problems that
jointly optimize the selection and placement of UAVs
and the allocation of wireless resources, subject to the
QoS requirements of UEs and the wireless backhaul
capacity constraints. To the best of our knowledge, no
existing literature provides solutions for this compli-
cated joint UAV deployment and resource optimization
problem.

2) We present a novel framework that considers the system
cost or the system utility for the service provision in
multi-UAV-assisted wireless networks. The optimization
problems consider the UAV selection, UAV placement,
UAV-UE association, and wireless resource allocation
to minimize the system cost or maximize the system
utility of the wireless network composed of multiple
UAVs. Unlike the commonly used clustering approach,
our study considers the impact of the UAV locations
on both the backhaul capacity and the UE transmission
rates.

3) To address the challenging MINLP problems, we pro-
pose an effective solution approach that combines the
block coordinate descent (BCD) with successive con-
vex approximation (SCA) techniques [32] as shown
in Fig. 1. Simulation results verify that the proposed
algorithms have well-defined convergence properties and
significantly outperform the other benchmark methods.

The remainder of this article is organized as follows. In
Section II, the system model is introduced. Section III provides
the problem formulation and the solution algorithm for min-
imizing the total system cost. The problem formulation and
solution for maximizing the total system utility are provided
in Section IV. Extensive simulations comparing the proposed
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Fig. 1. Overview of the proposed algorithms.
TABLE 1
L1ST OF KEY NOTATIONS
Category Description
Sets
K The set of all UEs
K; The subset of UEs served by the jth UAV
J The set of all UAVs
Parameters
K The number of all UEs
J The number of all UAVs
B The bandwidth allocation coefficient
B The total system bandwidth
Tk The QoS requirement of the kth UE
Nt The antenna array size of the GBS
¥ The backhaul channel attenuation factor
Py The transmit power of the GBS
I The channel power gain
20 The altitude of the GBS
ug The 3D location vector of the GBS
o? The Gaussian noise power at the jth UAV
a}% The Gaussian noise power at the kth UE
&1 The pathloss coefficient for backhaul links
&2 The pathloss coefficient for access links

UZ 1 axo S min The maximum/minimum altitude of the jth UAV

pmax The maximum transmit power of UAV

o The backhaul capacity between the GBS and the jth UAV
Variables

a The on/off state vector for all UAVs

a; The on/off state of the jth UAV

u; The 3D location vector of the jth UAV

ug The 3D location vector of the kth UE

P The transmit power vector of all UAVs

Dj The transmit power of the jth UAV

X The association matrix between the UEs and the UAVs
Thj The association between the kth UE and the jth UAV

F The fraction of bandwidth matrix between UEs and UAVs
i The bandwidth allocation vector for the kth UE

Srj The fraction of bandwidth occupied by the kth UE from the jth UAV
b The number of UEs vector served by all UAVs

b; The number of UEs served by the jth UAV

r The data rate vector of UEs

Tk The data rate of the kth UE

dj The distance between the GBS and the jth UAV

dj The distance between the kth UE and the jth UAV

Grj The average channel gain between the kth UE and the jth UAV

algorithms with the benchmark methods are presented in
Section V. Finally, conclusions are drawn in Section VI.
Notation: We use boldface lower- and upper-case letters to
denote the vectors and matrices, respectively. The function
log(-) denotes the logarithm to the base 2. || - | denotes the
£, norm of a vector. (-)T denote the transpose of a vector or
a matrix. x denotes the value of the variable x in the rth
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Fig. 2. Multi-UAV-assisted wireless network.

iteration. For a continuously differentiable function f(x), Vf(x)
and V?f(x) denote the first- and second-order derivatives of
f(x), respectively. Table I summarizes the notations in this
article.

II. SYSTEM MODEL

We consider a wireless network assisted by a set of UAVs
as shown in Fig. 2, where a multiantenna GBS provides
communication services to a group of UEs in a disaster area
via the UAVs. It is assumed that a large pathloss exists
between the GBS and the UEs because the local GBSs are
nonoperational due to the disaster, necessitating the use of
the remote GBS to provide emergency communications. Here,
the GBS first transmits the UE data to the UAVs through in-
band wireless backhaul, and then the UAVs act as small-cell
base stations to provide the data services to the UEs, which is
addressed as the downlink transmission scenario. The number
of UAVs is at most J, and there are K UEs in the network.
We denote the set of available UAVs as 7 = {1,...,J} and
the set of UEs as K = {l, ..., K}, respectively. Herein, the
main objective is to choose an effective subset of the available
UAVs to deploy in the network. To this end, we introduce a
binary variable a; to denote the on/off state of the jth UAV,
where a; = 1 if the jth UAV is chosen to be active, and a; = 0
otherwise. The UAVs in the off-state do not need to be actually
deployed, and the number of active UAVs in the network can
be expressed as } ¢ 7 a;.

A. Wireless Backhaul Links

We use an in-band wireless backhaul for sending the data
from the GBS to the UAVs. The total system bandwidth is B.
The fraction of the total bandwidth allocated for the wireless
backhaul is denoted as 8, where O < 8 < 1. Thus, the access
link occupies 1—p of the total bandwidth. The GBS has a large
antenna array with Nt antennas, whereas each UAV has one
antenna. When the GBS simultaneously serves Ny UAVs using
the zero-forcing scheme, where Nt > Ng, the beamforming
gain can be calculated as [(N1 — Ng + 1)/N] [33], [34]. The
backhaul links predominantly experience the LoS propagation
paths. Taking into account the oxygen absorption and rain
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attenuation in the propagation model [35], [36] and consider-
ing that the GBS simultaneously serve } .. 7 a; UAVs now,
the wireless backhaul signal-to-interference-plus-noise ratio
(SINR) at the jth active UAV can be well approximated as [34]

Nt +1
SINR; backhaul = (Z o 1)
jeJ “I

Popo
§1 _210vd;i/10
dj o; 1074

ey

where Py is the transmit power of the GBS, sz denotes the
power of the additive white Gaussian noise (AWGN) at the
jth UAYV, y is the channel attenuation factor due to the oxygen
absorption and rain attenuation in dB/km, d; = |lu; — ug]|
denotes the distance between the GBS and the jth UAV, & is
the pathloss coefficient between the GBS and the UAVs, and
po is the channel gain at a reference distance. Due to the fact
that ([(NT + 1)/(Xje7 )] — DIPopo)/(d;' 521074/10)] >
1, the backhaul capacity between the GBS and the jth UAV
can be calculated as [34]

Cj (uj’ a) = BB log(l + SINRj,backhaul)

N- 1 P
~ BBlog L_l _foko 2)
Sera ) Fat0am

where a = [aj, ..., ay]T. Note that, d; in (2) is a function

of u;.

B. Access Links

The 3-D locations of the GBS, the jth UAV and the kth UE
are denoted by ug = [0, 0, zo]T, uj = [ujx, uj,ujz]T and Uy =
[eF k’ ﬁk, 017, respectively. Here, the jth UAV occupies a sub-
region that satisfies wj ypin < w; < u] max  Vj, where Wj min =
[u mm’u]ymm’ /mm]T and Wjmax = [u max’ujymax’ Jmax]T
The Jjth UAV serves a subset of UEs denoted by K;, where
K; € K and ;N Ky =@ if j # j'. Following the approach
in [37] and [38], we assume that LoS signals predominantly
influence the communication links between the UAVs and the
UEs. Under this assumption, the average channel gain between
the jth UAV and the kth UE can be calculated as Gy =
,oo/ds2 where dj; = |lu; — G|l denotes the distance between
the ]th UAV and the kth UE, &, denotes the pathloss coefficient
between the UAVs and the UEs, and py denotes the channel
power gain at the reference distance.

We introduce a binary variable x;; to indicate the UAV-
UE association, where x;; = 1 if the kth UE is connected to
the jth UAV, and xz; = O otherwise. Hence, the SINR at UE
k Vk € IC, can be expressed as

> jeg XipiGij
Yjes (1 —x4)piGy + of

where U = [uy, ..., u;] denotes the location matrix of all
the UAVs; p denotes the power allocation vector, whose jth
element p; is the transmit power of the jth UAV; and X denotes
the association matrix whose (k, j)th element is xy;; akz denotes
the noise power at the kth UE. In (3), _c 7 xkp;Gij repre-
sents the received signal power at UE k from its associated
UAV, whereas > e (1 — x4)p;Gyj represents the interference
caused by the other nonassociated UAVs.

SINR,(U, X, p) =

3
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We assume all the active UAVs use the same access
spectrum to serve their UEs, and the UEs connected to
the same UAV are allocated orthogonal channels using an
OFDMA scheme to avoid the intrasubregion interference. The
fraction of bandwidth occupied by UE k is denoted as f;; if
k € K. We have fi; € (0, 1] if k € K;. If UE k is not associated
with the jth UAV, we set fi; = 0. For each UAV, we have
Zkelcjfkj < 1 Vj. Thus, the data rate for UE k Vk € K,

can be calculated as [39]

Re(U, X, p,f) = (1 = B)B| D fiy | log(1 + SINR((U, X, p))
JjeJ

“4)

where £y = [fr1, ..., ka]T denotes the bandwidth allocation
vector of the kth UE.

III. SYSTEM COST MINIMIZATION

The overall system cost in a multi-UAV-assisted wireless
network comprises both the wireless communication cost
and the cost associated with the UAV deployments. In this
section, we consider the system cost minimization problem
and propose its solution.

A. Optimization Problem Formulation

We model the system cost in a multi-UAV-assisted wireless
network as a weighted sum of the wireless communication
cost and the UAV deployment cost. The transmit power of the
UAVs determines the wireless communication cost, whereas
the UAV deployment cost is determined by the number of
UAVs deployed in the network. Therefore, the system cost
minimization problem can be formulated as

i P+ A i 5
oA 2P R 20 G
jeg jed
S.t. R(U,X,p,fr) >Tx VkeK (5b)
> wyTi < Gua) VjeJ (5¢)
kelkC
0=p <ap™ VieJ (5)
Y xy=1 Vkek (5e)
jeJ
X <a VkeK,jeJ (59)
fiy <xij VYkekK,jeJd (52)
Y fi<a VieJ (Sh)
kekC
Wimin S W < Wmax V€T (51)
a; €{0,1} Vj; x5 € {0, 1} V&, j. 5))

Our goal is to minimize the system cost by jointly optimizing
1) the locations of the UAVs, i.e., U; 2) the fraction of
bandwidth, i.e., F = [f}, ..., fx]; 3) the association between
the UEs and the UAVs, i.e., X; 4) the transmit power of
the UAVs, i.e., p; and 5) the on/off states of UAVs, i.e., a.
Here, Cj(u;, a) and Ry (U, X, p, ;) are given in (2) and (4),
respectively.
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The objective function (5a) denotes the total system cost,
where A1 denotes the weight of the UAV deployment cost; (5b)
is the required QoS constraint for the UEs; (5¢) is the backhaul
capacity constraint; (5d) is the transmit power constraint for
an active UAV; (5e) shows that each UE can only be served by
at most one UAV; (5f) denotes the UAV activation constraint
such that the serving UAV must be active; (5g) denotes the
constraint for the allocated fraction of bandwidth. (5h) denotes
the constraint that only active UAVs can connect to UEs; (51)
is the UAVs’ location constraint; and (5j) denotes the binary
constraints for a; and x;.

Note that, (5) is challenging to be directly solved since
the variables are coupled together. Furthermore, (5) involves
nonconvex constraints, such as (5b) and (5c), as well as
binary variables, such as x;; and g;. To obtain a solution to
this problem, we employ the BCD method [40]. The idea
behind the BCD method is to decompose a large optimization
problem into several subproblems, which can be easier to solve
individually. Specifically, the BCD method first partitions the
optimization variables into nonoverlapping blocks and then
iteratively solves the optimization problem for one block of
variables while keeping the other blocks fixed. This process
is repeated until convergence is achieved. For (5), we divide
it into two subproblems, namely 1) the subproblem that
involves the UAV selection and wireless resource allocation
and 2) the subproblem that involves the UAV location. The two
subproblems are optimized alternately and iteratively. For each
subproblem, we utilize the SCA technique [41] to transform it
into a sequence of convex optimization problems. By solving
those sequences of convex problems, we obtain a stationary
solution for our system cost minimization problem.

B. UAV Selection and Wireless Resource Allocation

For the subproblem that involves the UAV selection and
wireless resource allocation, we start with the given UAV
locations U that fulfills (5i), and (5) then degenerates to

W 27 2 o
jeJ jeJ
st. ReX,p,fr) =Ty Vkek (6b)
Yol <G@ Vied (6¢)
kekC
(5d)—(5h), (5)). (6d)

Then, (6) is still difficult to solve due to the nonconvex
constraints (6b) and (6¢)', as well as the binary variables Xy
and a;.

To handle the nonconvex constraints (6b) and (6¢), we
introduce the auxiliary variables to transform those constraints
into equivalent forms, which facilitates the applications of the

IFor a convex optimization problem, its objective function must conform
to “min convex (or affine) function” or “max concave (or affine) function,”
and its inequality constraints must conform to “convex (or affine) function <
concave (or affine) function.” Consider degenerated functions Ry (p) = log(1+
1/(p+1)) for (6b) and Cj(a) = log(2/a—1) for (6¢c), respectively. We can see
that Ry (p) is convex and Cj(a) is neither convex nor concave. Therefore, (6b)
and (6¢) are the nonconvex constraints. Refer to [42] for further details on
the convex optimization.
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SCA method later. First, the term log(1 + SINRx(X, p)) in
Ry (X, p, fr), which is given by (4), can be written as

log(1 + SINRy(X, p)) = log| > piGyj + off
7
—log[ Y (1 —xg)piGyj+of | VYeek. (D
s
For (6b), we introduce the auxiliary variables r = {ry, k €
K} and M = {my;,k € K,j € J}, (6b) can be equivalently
transformed to the following (Vk € K, j € J) using (7):

mig > (1 — xi)pj (8a)

log ijij + akz —rx > log Z myiGyj + crkz (8b)
jeJ jeJ

(1= BB| > fij | =T (8¢)

e
To see the equivalence between (8) and (6b), we just plug the
expression of my; in (8a) into (8b) and obtain the expression of
r¢. Then, we substitute ry in (8c) and obtain the inequality (6b).

Moreover, (8a) and (8c) can be equivalently written as (Vk €
K.jeJd)

4(pj = mig) + (v = py)” < (g + )’ ©)
2 2
ka, Y gt . (10)
’3 B =

Here, we utilized the equality dxy = (x+y)? — (x — )%

For (6¢), we introduce an auxiliary variable z to transform
it equivalently to the following two constraints to handle its
nonconvexity:

(11a)

P,
Zxkjl"k < ﬂBlog( L0/

&1 2 di/10
by d;'a?107 i/

Similar to (8), to see the equivalence between (6¢) and (11),
we first get the expression of z from (11a). Then, we plug z
into (11b) and obtain the inequality (6c¢).

) Vie J. (11b)
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Furthermore, to deal with the binary variables X and a, we
first relax them to be the continuous variables and introduce
a penalty term in the objective function, which enforces the
convergence of the continuous variables X and a toward the
binary values. The penalty term is defined as

PX.a)=12) Z(xk, xk]) + A3 Z(a, - af) (12)
ke jeJ

where A, and A3 are the positive penalty factors. Therefore,
we can reformulate (6) as

min Y pj+ a1 ) a;+PX, ) (13a)
jed jeJ

s.t. (5d)—(5h), (8b), (9), (10), (11a), (11b) (13b)
0<a;<1 Vj; 0<xi <1Vk,j. (13¢)

Here, we denote the set of optimization variables as Q =
{F,X, M, r, p, a, z}. Because the right hand side (RHS) of (8b)
is a concave function and the RHSs of (9), (10), and (11a)
are the convex functions, these constraints do not satisfy
the condition for the convex constraints. Hence, (13) is still
nonconvex.

Next, we apply the SCA technique to solve (13). The SCA
algorithm is an iterative optimization technique to solve the
nonconvex optimization problems with specific structures. The
main idea behind the SCA algorithm is to iteratively construct
a convex approximation of the nonconvex problem around
the current point, solve the convex approximation, and then
update the point for the next iteration. This process is repeated
until convergence or a stopping criterion is met. The convex
approximation is done by approximating the nonconvex objec-
tive functions and constraints using the appropriate techniques,
such as the Taylor series expansion. We first present the
following lemma:

Lemma 1 ([42, Sec. 3.1.3]): For a convex differentiable
function f(x), x € &, it can be globally lower bounded by

@) zf(x(f)) + vf(x(t>) (x _

where x) is a given point in the domain of f. Moreover, the
bound is tight, i.e., f(x) = f(x®) when x = x®.

We propose to replace the RHS functions of (8b), (9), (10),
and (11a) with their first-order approximations using Lemma 1
as the surrogate functions. The functions o« (my), x @ (xkj» P>

x<f>) Vie X (14)

Sjer (my = m?) Gy

o (i) 2 log[ > m Gy +of | +

(1>

X (x. pj)

oAl (fk, rk) =2 Z D+ r Do+ e

jeJ

z—z0

2 +p) (g + ) — () + pj’)) < RHS of (9) Vk,j

0@ £ (v D -
W1 (0 4 1)

" > RHS of (8b) Vk (15)
(Z,e m Gy + ak) In2
(16)
2
- > O 10 <RHS of (10) Vk,j a7
jeJ
) < RHS of (11a) (18)
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OO (fr, rr), and 8P (2) in (15), (16), (17), and (18), shown at
the bottom of the previous page, are the first-order approxima-
tions of the RHS functions of (8b), (9), (10), and (11a) at m{”,
(x,((j), p/t)) (f(t) )), and 7z, respectively, where my denotes
the vector composed of the kth row elements of the matrix
M, ie., mg = [my, ..., my]". Here, (m{"}, {xk])} 1))

{r,(:>}, z® are the given values for the corresponding variables
in the tth iteration, respectively.

Moreover, the penalty term P (X, a) in (13a) is a concave
function whose first-order approximation using Lemma 1 at

(x,(;) aj ) can be expressed as
ok 20 Y () + (1-24) )
ke jeJ

+/\3Z<( ")) ( 2a}”)aj) (19)

where {x(t)} {a]@} are the values of the corresponding vari-
ables in the tth iteration, respectively.

By substituting o (my), x@ (v, pj), 0O fk, 1), 8P (2),
and 0@ (X,a) for the RHS functions of (8b), (9), (10),
and (11a) and for the penalty term in (13a), respectively, the
objective function become affine and the constraints become
convex; (6) can be approximated in the (¢ + 1)th iteration as

min ) "pj+ 41 ) aj+0"(X.a) (20a)
jeg jeg
s.t. (5d)—(5h), (11b), (13c) (20b)
log| > piGy+0f | —re=aP@my) ¥k (200)
jeJ
2 .
4(p — mig) + (v —pj)” = 1 (v, pj)  VkiJ
(20d)
2
- <O, Vk
(1 — ﬂ)B Zﬁg e =07 ()
(20¢)
Y a<s%0) vied. (20)

jed
Then, (20) is a convex optimization problem and can be
solved using the convex optimization software like CVX [43].
After solving (20), we update the solutions of €2 for the next
iteration.

C. UAV Location Optimization

After solving (20) for the UAV selection and wireless
resource allocation subproblem, the transmit power of the
UAVs p, the on/off states of the UAVs a, the association
X between the UEs and the UAVs, and the fraction of
bandwidth F can be obtained. Then, we fix those values for
the corresponding variables and update the UAV locations U.
Here, the original problem (5) becomes a feasibility problem
with multiple solutions satisfying its feasibility conditions.
To facilitate rapid convergence in subsequent iterations, we
further transform (5) into a sum rate maximization problem
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with an explicit objective function. The rationale is that we
update the locations of UAVs to achieve the largest increase
in the data rates. Consequently, in this location, the required
wireless resource consumption of UAVs can be minimized in
the next iteration. To this end, we formulate the following
problem for updating the UAV locations:

s.t. Rk(U) >d¢r VkeK (21b)
or>Ty Vkek (21¢)
Y ok < Ciw) Vied (21d)
kel
(50). (2le)

Here, ¢ = [¢1, ..., ¢K]T is the introduced additional variable.
Both the UE rate Ri(U) and the backhaul capacity C;j(u;)
in (21) are determined by the UAV locations, which leads to
the nonconvex constraints (21b) and (21d).2

To tackle (21b), we rewrite Ri(U) in (21b) as

Pjpo

Re(U) = (1 =B Y fig || log| Y& +0i
jeJ jeJ “ki

xkj)l’jpo

(1-
—10g ZT_'_

jeJ kj

of Vk € K. (22)

Then, we introduce the slack variables si; and vj, Yk € K, j €
J, and convert (21b) into the following form:

d,sz <sij VkeK,jeJ (23a)
i vy VkeK,jeJ (23b)
¢ < (1=B)B| > fij |Ok(si.vo) Vke K (23c)
jeJ
where g = [sk1, - . se71%, Vi = Vet - - -, vig] T, and

PjPo
O(se. vi) 2 log[ Y ==+ 07
= S

—log Zmﬂnﬁ Vk € K. (24)
et Vi

To see the equivalence between (21b) and (23), we just plug
the expression of s; in (23a) and v in (23b) into (24)
and obtain the expression of Oi(sk, vi). Then, we substitute

Ok (Sk, Vk) in (23c) and obtain the inequality (21b).
Since, the expression of d,? on the left-hand-side (LHS)
of (23b) is convex with respect to w;, (23b) is nonconvex.
The first-order approximation of d,f/z in (23b) around u;') using

Lemma 1 can be written as D,(C;.) (u;) in (25), shown at on the

bottom of the next page. Here, {u;t)} is the given value for

2Consider degenerated functions Ry («) = log(1 + (1/142)/(1 + ]/uz)) and
Cj(u) = log(l/(u210<”/10))). Here, Ry (u) is neither convex nor concave and
Cj(u) is convex. Therefore, we see that (21b) and (21d) are the nonconvex
constraints.
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{u;} in the rth iteration. Additionally, note that, the first and
the second terms of O (sk, Vi) in (24) are convex with respect
to the slack variables s; and vy, respectively. By utilizing
Proposition 1, we can obtain a lower bound of 6k (sk, vx) which
is a concave function in (Sg, Vi)

Proposition 1: (s, vi) is a difference of convex functions
and a concave global lower bound of O(sg, Vi) can be
expressed as

. _0
PjPo\ Skj—Si;

e (s0) 2

PjpPo
0()(sk,vk) log Z ‘](l) +c7,<2 — Bito 5
ic7 Skj 2;67;§'+°k
1 — x)pj
—log Z—( k])p]po +ak2 (26)
et Vij

where {s,g.)} are the given values for {sy;} in the tth iteration.
The bound is tight at si; = s} VK. j.
Proof: See the Appendix. |

To tackle (21d), we observe that the term
—(&1/2) log(|lu; — wl?) in Ci(uj) of (21d) is a convex
function with respect to [ju; — up||2. Based on Lemma 1, the
first-order Taylor expansion of C;j(u;) at ||u(t) up||? can be
found as a global lower bound of C;(u;), Wthh is given by
Cj@ (u;) in (27), shown at the bottom of the page. Here, {u}')}
is the given value for {u;} in the rth iteration.

We denote S = [sy,...,sx] and V = [vy,..., vg], and
denote the set of optimization variables as ® = {U, S, V, ¢}.
By substituting C{” () for the RHS function of (21d), Dy ()
and 6" (st, v¢) for the LHS function of (23b), and 6 (s, Vi)
in (23c¢), respectively, (21d), (23b), and (23c) become convex,
and (21) can be approximated by the following in the (#+4 1)th
iteration:

mqa;x Z br

kelkC

(28a)

st. (1=PBB| D fi |6 (k. ve) = ¢ Vke K (28b)

~
Y e < (w) YjeJ (28¢)
kelC

D,(;.’ (w)>w YkeK,jeJ (28d)
(51), (21c), (23a). (28¢)

Then, (28) is now convex and can be solved by the
convex optimization software like CVX [43]. After
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Algorithm 1 Method for Minimizing System Cost (5)

1: Initialization: Initialize U@, @ v© gO® xO MO,
r©, p<0), a©®, 7O with a feasible point. Set maximum
iteration number I;,x and set 1 = 0.
2: repeat
Fix the values of U®. Solve problem (20) with the
current iteration FO, X® M® O p® a0 O
Denote its solution as F(TD XUE+D H+Dh 4G+
4 Fix the values of F¢+D X+D p(+D apd at+D  Solve
problem (28) with the current iteration U®, §®, V.
Denote its solution as U*tD.

5: Update t=r+1

6: until convergence criterion is met or 7 > Iyx.

solving (28), we update the solutions of & for the next
iteration.

D. Overall Algorithm and Convergence

The overall process for solving the system cost minimization
problem is shown in Algorithm 1. In Algorithm 1, we use
the BCD method to decompose the original optimization
problem (5) into the UAV selection and wireless resource allo-
cation subproblem (6), which involves variables {F, X, p, a},
and the UAV location optimization subproblem (21), which
involves variable U. The two subproblems are still difficult
nonconvex optimization problems. Therefore, we first initialize
the variables with a feasible point as outlined in Step 1 of
Algorithm 1, and then employ the SCA technique to approx-
imate each subproblem using the convex approximations
around the current point. At each iteration, we solve the two
convex approximated subproblems and update the variables as
outlined in Steps 3 and 4 of Algorithm 1, respectively. This
process is repeated until the stopping criterion is met.

Starting from a feasible point, Algorithm 1 converges
to a stationary point. The convergence of Algorithm 1 is
proved in [44]. Specifically, Algorithm 1 decomposes the
original problem (5) into two variable blocks, which contains
{F, X, p, a}, and U, respectively. Then, it updates the variable
blocks by successively optimizing a sequence of convex
approximations of each subproblem, which are constructed
using the tight upper/lower bounds of concave/convex func-
tions. Each iteration solves the approximated subproblems (20)
and (28), with the obtained solutions serving as the input for
the next iteration. Therefore, Algorithm 1 must converge to
a stationary point. Since, the original problem is nonconvex,
Algorithm 1 does not guarantee a global optimum solution,
but it can find high-quality solutions efficiently.

1€ L1522 \T
D () £ [u? =] "+ & [u? — o[ (u? ) (w— w?) < LHS o 230) vk 3
R N [T VN
C(w) £ BBlog| ~Z=2Y _eBa d +1og( Jul? —uo[) | < RS of 210 )
7\ o210 (lluj—uol|)/10 2 ) 2 ! B
'j u —u In2

27)
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E. Complexity Analysis

Algorithm 1 involves solving the convex problems (20)
and (28), where their variable numbers are 3KJ + K +2J + 1
and 2KJ 4 3K + J, respectively. By employing a primal-dual
interior point method to solve (20) and (28), the computation
complexities are, respectively, O((3KJ+K+2J+ 13 log(el_l))
and O(2KJ + 3K +J)3 log(el_l)) with €] being the accepted
duality gap [42]. Suppose that, the number of iterations in
Algorithm 1 is T7. Then, the total computation complexity for
Algorithm 1 can be calculated as O(T;((3KJ +K +2J+1)> +
(2KJ + 3K +J)*) log(e; ).

IV. SYSTEM UTILITY MAXIMIZATION

The system utility in a multi-UAV-assisted wireless network
involves the sum rates of the UEs and the UAV deployment
costs. We consider the system utility maximization problem
in this section and propose its solution.

A. Optimization Problem Formulation

The system utility in a multi-UAV-assisted wireless network
is defined as a weighted difference between the sum of the UE
data rates and the UAV deployment cost. According to [34],
we assume each UAV allocates an equal fraction of bandwidth
to its UEs to guarantee fairness for the UEs. Thus, the fraction
of bandwidth assigned to the kth UE on the jth UAV can be
written as

by it xy =1
fig = {o, if x3; = 0

where b; = ) ;X is the variable that indicates the
number of UEs served by the jth UAV and we denote b =
[by,....byIT.

Further, the SINR of UE k when it is supported by UAV j,
i.e., k € K, can be expressed as

(29)

Io(b)p;Gy

SINR;(U, p, b) = (30)
’ e lob)piGu + of
where Iy(+) is an indicator function defined as
0, ifp;=0
Io(by) = ! 31

1, otherwise.

Using (30), we write Rg(U,p,b) =
SINR;(U, p, b)), where k € K;.

Now, the system utility maximization problem can be
formulated as

(1 — B)Blog(1 +

=1y Io(b; 32

(UX p.r.b) 27 42 () (322)

kekC jeJ
Rii(U,p,b
sty w > VkeK  (32b)

jeJ 4
> wr < Gi(wb) VieJ (32¢)
kel
0<p <p™ VjieJ (32d)
Zxkj =1 Vkek (32¢)

jeJ
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Uimin S W < Ujmax Vj € J (32f)
xkjE{O,l} Vee KVjeJ. (32g)

Here, we introduce the additional variables 7, for the data
rate of UE k and denote ¥ = [Fi, ..., 7x]T. Moreover, we
replace the number of active UAVs } . 7 a; with 3 7 Io(b))
in Cj(u;, a) of (2) and rewrite it as C;(u;, b) in (32).

The objective function (32a) denotes the system utility, A4
denotes the weight of the UAV, the deployment cost (32b)
is the expression for the UE data rate, (32c) is the backhaul
capacity constraint, (32d) is the transmit power constraint for
an active UAV, (32e) shows that each UE can only be served
by at most one UAV, (32f) is the UAVs’ location constraint,
and (32g) denotes the binary constraint from the definitions.

Note that, (32) is difficult to solve since the variables are
coupled together. Furthermore, (32) involves the nonconvex
constraints, such as (32b) and (32c) as well as the binary
variable xz. In the following, we address (32) using the
BCD method combined with SCA that alternately solves the
following two subproblems: 1) the subproblem that involves
the UAV selection and wireless resource allocation, and 2) the
subproblem that involves the UAV location optimization.

B. UAV Selection and Wireless Resource Allocation

For the subproblem that involves the UAV selection and
wireless resource allocation, we start with the given UAV
locations U that fills (32f), and (32) then degenerates to

Fe—Aa) Io(b; 33
Xoprb) 2=k 42 o(55) (332)
kel jeJ
Rii(p, b
sty ’C’V’Vb—@) >F VkeK (33b)
jeT /
Y xi < Cib) VjeJ (33c)
kekC
(32d), (32¢), (32g). (33d)

Then, (33) is still difficult to solve because it involves the
nonconvex constraints (33b) and (33¢),> Nonsmooth functions
Io(-), as well as the binary variables xi;. To handle the
nonconvex constraints (33b) and (33c), we introduce auxiliary
variables to transform those constraints into equivalent forms,
which facilitates the applications of the SCA method later.

For (33b), from the assumption that UE k is associated
with only one UAV according to (32e), we can rewrite
constraint (33b) as

xk/(Rki(p, b) — fkbj) >0 VkeK,jeJ. (34
Further, we rewrite f?kj(p, b) as
Ri(p.b) = (1 — B)B| log| > Io(by)p;Gij + o}
ieJ
—log| > IobopiGu+of || VkeK.jeT
leJ\ji
(35)

3To see that (33b) and (33c) are nonconvex constraints, we can follow
similar discussions as those for (6).
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and introduce the auxiliary variables h = [hy, Y TIL g =
g1, ...g/ 0 a=1q1,....q/15, e=ler,...,es]7, and K x J
matrices Y and W whose (k, j)th elements are Yj; and wy;,
respectively. Then, we can equivalently transform (34) to the
following (Vk € K,j € J) using (35):

Io(bj) = hj (362)
Io(b)) < gj (36b)
hipj = q; (36¢)
8ipj = ¢ (36d)
Yy + log Z eiGu + o | <log Z qiGi + o | (36e)
leJ\j VA
(1 — B)BYyj — rkbj > wyj (36f)
Xiwyj = 0. (36g)

To see the equivalence between (34) and (36), we just plug
the expression of g; in (36¢) and e; in (36d) into (36e) and
obtain the expression of Yy;. Then, we substitute Yy; in (36f)
and obtain the expression of wy;. After that, we substitute wy;
in (36g) and obtain the inequality (34).

To tackle the nonsmooth function Iy(-), we approximate the
term Io(b;) on the LHS of (36a) and (36b) as follows according
to [45]:
log(1 4 €~ 'b;)

log(1+€¢~1)

Io(b) ~

where € is a small constant.

To tackle the nonconvex constraint (33c), we introduce
an auxiliary variable z and transform it equivalently to the
following two constraints:

o) < Y +11

4+
jeJ

ZP
Zxkj?k < BB log( £0r0

&1 _2 di/10
kel djlaj 1074/

VieJ (37

(38a)

) Vje J. (38b)

The equivalence between (33c) and (38) can be obtained by the
first getting expression of z from (38a) and then substituting
the expression of z into (38b).

Moreover, (36¢c), (36d), (36f), (36g), and (38b) can be
equivalently written as (Vk € IC,j € J)

i(h,- +p) = %(hj -p) + 4 (39)
%(gj +p))’ < 411(8./ —p) +e (40)
(1= B)BYy; + %(7;( —b)’ = %(I’k + )’ + wy (41)
%(xkj +wy)” = %(xkj —w)’ (42)

1 _\2 1 _\2 ZPopo
ZZ(xkj'f‘Vk) SZZ(xkj_’k) +10g<d]§10j210yd,-/10>'

kelkC kekC
(43)

Here, we utilized the equality 4xy = (x + y)2 —(x—= y)z.

IEEE INTERNET OF THINGS JOURNAL, VOL. 11, NO. 22, 15 NOVEMBER 2024

Therefore, by relaxing X to be continuous variables, we can
reformulate (33) as

Zlog (1+€ b))

ml_zlix ]§C Iy — log n e—l) (44a)
s.t. ngkjfl VkelC,]ej (44b)
(32d), (32e), (36a), (36b), (36e) (44c)
(38a), (39)—(43). (444d)

Here, we denote the set of optimization variables as
M £ (X,W,Y,h g q,e p,r,b,z} because the LHSs
of (36b), (36e), and (38a) are the concave functions, the LHSs
of (39), (41), and (42) and the RHSs of (38a) and (40) are the
convex functions, and the RHS of (43) is a sum of the convex
and concave functions, and (44) is still nonconvex.

Next, we apply the SCA technique to solve (44).
We  propose to replace the LHS  functions
of (36b), (36e), (38a), (39), (41), and (42), the RHS

functions of (38a) and (40), and the first term on the RHS
of (43) with their first-order approximations using Lemma 1
around b(_t)’ (l) (l‘) h(t) f)) G (t),b;t)), ()C](;),W’(;)), z(t)’
(g(t),p]@), and (x;),r(’)) as the surrogate functions, which
are denoted as @@ (b), TV(Ty,e), «Pb), ¢V, p)),
£y, 7, by @D, wg), (0@, %0 (gjpjy¢p), and
Yy O (x;, F) in (45)~(53), shown at the bottom of the next
page, respectively, where x; denotes the jth column of matrix
X, ie., X = [xi.....xg]". Here, {p{"}, e®, z® b®,
G, 16" G 70 B0 o) (), and F are
the given values for the correspondmg Varlables in the rth
iteration.

Furthermore, the objective function in (44a) is con-
vex. Thus, we propose to use its first-order approximation
as the surrogate function according to Lemma 1, which
can be expressed as UDL (F,b) Y iekc Tk — rakD(b).
By substituting @@ (b)), @ (Y, e), «Dd), <O, p)),
C(’)(Tkj, 7k, bj), and w(t)(xkj,wkj) for the LHS functions
of (36b), (36e), (38a), (39), (41), and (42), respectively,
(D@), xD(g,pj.e), and Yy (x;,F) for the RHS func-
tions of (38a), (40), and (43), respectively, the objective
function becomes affine and the constraints become con-
vex; (44) can be approximated in the (¢# + 1)th iteration as
follows:

sys

max Z/[ys(r b) (54a)
st. 90 <g Vi (54b)
® (Tkj, e) < log Z q;Gij + Okz Vk, j (54c¢)
~
«Om) < Y@ v (54d)
1
<O (hj, pj) = 2 (=p ) +q Vi (54e)
1
2@ +p) = (g p0) ¥ (540)
1
¢ (Y, 7, bj) = Z( * +h) +wy Yk, j (54¢)
1
o® (ki wij) = (xkj — wk]) Vk, j (54h)
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1 -\2 0) = EPOPO .
— (X + < i T) +log| ——— k,
/(EZ/C 4 (Xk] Vk) w (X] ) o8 df] sz 10}/41,-/10 J
(54i)
(32d), (32e), (36a), (44b). (54j)

Problem (54) is now a convex optimization problem, and it
can be solved by the toolbox CVX [43]. After solving (54),
we update the solutions of IT for the next iteration.

C. UAV Location Optimization

After solving (54) for the UAV selection and wireless
resource allocation subproblem, we obtain the transmit power
p of the UAVs and the association matrix X between the UAVs
and the UEs. Then, we fix those values for the corresponding
variables and update the UAV locations U. At this time, the
original problem (32) becomes

Tk — A Io(b; 55
max D= ra)_lo(hy) (55a)
kelC ]EJ
xRy (U)
t. =2 > Vk e K 55b
S Z bj > Ik S ( )
jeJ
Zxkﬁk <Ci(w) VjieJ (55¢)
kel
(32f). (55d)
Both the UE rate f?kj(U) and the backhaul capacity C;j(u;)

are determined by the UAV locations, which leads to the
nonconvex constraints in (55b) and (55c¢).
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To tackle (55b), we rewrite IA?kj(U) in (55b) as

. lo(byp;jpo
Ry(U) = (1 - p)B|log| Y == + 0}
jeJ kj
To(b)pipo 2
—log| > &t Vk e K. (56)
leJ\j kl
Then, we introduce the slack variables s;jand vy, Vje J,k €
K, to convert (55b) into the following form:

di <5y VkeK.jeJ (57a)
d,fj > VkeK,jed (57b)

. . § , v
F<(-pBY. x—"””‘f;" Wowkek (570
jeT I
.. viy]", and

where §¢ = [5¢1, . ., Si/1%, Vi = [, - -

. Lo(bj)pjpo
NG, Vi) £ log | Y~ === + 0}
e Sy

2

leT\j
To see the equivalence between (55b) and (57), we just plug
the expression of 5 in (57a) and v in (57b) into (58)
and obtain the expression of n;(Sk, vx). Then, we substitute
ki (Sk, V) in (57¢) and obtain the inequality (55b).
Since, the expression of dijz in (57b) is convex with respect

To(bp)pipo 2

—log = +o;| VkeK. (58)
Vil

to u;, (57b) is nonconvex. The first-order approximations of dij

0
b — b
O (py & 10 i~ b .
o) 2 ——— | log(1+ e b)) + ——L— | = LHS of 36b) Vj (45)
log(1 +¢71) ( ) (e+5")m2
Yiegy Guler ¢’
tO(1.8) 2 Yy +log| > e’ G+ | + IV 5 ( ) > LHS of (36e) Vk,j (46)
1€\ (Zle]\/’ e/ Gu + of ) In2
e
O & ——— Y 1og(1 +e—1b?’>) LT ) L s of (382) Vj 47)
—1 J -
log(1 +¢7') == (e+5")m2
1 2 .
§ Oy, py) 2 Z(z(h;’) ") (0 +p3) = (" + ") ) < LHS of (39) V) (48)
1 2
¢ O (g, 7, bj) 2 (1 — BIBYij+ (2(7}? - b}’))(fk — b)) — (f,i’) —b}’)> ) <LHS of (41) Vk,j (49)
o O (g, wi) 2 T2 +w®) 5 — (x4 w®)?) < LHS of 42) Vk.j 50
ki> Wkj) = 4 ki +ij (xkj + wiy) Xkj +ij = of (42) 5 J- (50)
D@ A (Nr+ 1) _ = < RHS of (36b) 51
T Z(t) + 1 (Z(t) + 1)2 =
1 2 ,
7O (g pje) & Z(z(g}” —n") & - — (8" = 1") ) +ej < RHS of (40) V] (52)
0(5.7) 2 3 L (2 = 7)oy — 7 0 _70)) < f RHS of (43) Vk.j 53
v, r _ZZ X~ Tk (g — 1) — X~ Tk < First term o of (43) ,J (53)

kelkC
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in (57b) around u;t) using Lemma 1 can be written as Dg.) (uj)
in (59), shown at the bottom of the page. Here, {uj(-t)} is the
given value for {u;} in the rth iteration. Additionally, note that
the first and the second terms of n;(Sk, Vi) are convex with
respect to slack variables S; and Vg, respectively. By utilizing
Proposition 2, we can obtain a lower bound of n;(Sk, Vi)
which is a concave function in (Sg, Vi).

Proposition 2: (S, Vi) is a difference of convex func-
tions and a concave global lower bound of n;(Sk, vx) can be
expressed as

o lo(bj)pjpo
106w & log| 0 R L 2
ieJ Skj
Lo(bj)pjpo <~_ij —3;((}))
(32?)21112
Lo(bj)pjro 2
Ej@] + 0y
kj

Zjej

_ lo(bDpipo | o
Zj J

= + Oy
Vil

—log Z

leJ\j
(60)

where {E,(;.)} are the given values for {5} in the tth iteration.
The bound is tight at 5 = E,(;.) Vk, j.
Proof: See the Appendix. |

To tackle (55¢), we observed that the term
—(1/2) log(|lu; — wl?) in Ci(wj) of (55c¢) is a convex
function with respect to [ju; — up||2. Based on Lemma 1, the
first-order Taylor expansion of C;j(u;) at ||uj@ —upl|? can be
found as a global lower bound of Cj(u;), which is given by
CJ@ (u;) in (61), shown at the bottom of the page. Here, {u;’)}
is the given value for {u;} in the rth iteration.

We denote S = [S1,...,8k] and vV = [Vi,...,Vk], and
denote the set of optimization variables as J £ {U, S,V, ).
By substituting C]@ (u;) for the RHS of (55¢), D,({;.) (u;) and
n,ﬁ?(gk,vk) for the LHS of (57b) and i, i) in (57¢),
respectively, (55¢), (57b), and (57c) become convex, and (55)
can be approximated as follows in the (z + 1)th iteration:

m:lax Z T — )»42 Io(b))

kel jeJ

(62a)

e <
XMy (Sks Vi)
st. (1-BBY — " >7 VkeK (62b)
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Algorithm 2 Method for Maximizing System Utility (32)

1: Imitialization: Initialize U©, S© v©O X©O wO) p(o),
b©@, h©®, g @ O 2O with a feasible point. Set
maximum iteriation number I,cand set ¢ = 0.

2: repeat

3:  Fix the values of U®. Solve problem (54) with the

current iteration X®, W®_ p® p® h® g0 O @
and 7. Denote its solution as p/TD, X(*+D and b+,
4. Fix the values of pU+D, XU+D and bU*tD. Solve
problem (62) with the current iteration U®, §@ V©,
Denote its solution as U®tD.

5: Update t=r+1

6: until convergence criterion is met or ¢ > Ipax

Then, (62) is a convex optimization problem and can be
efficiently solved by the CVX toolbox. After solving (62), we
update the solutions of 3 for the next iteration.

D. Overall Algorithm and Convergence

The overall process for solving the system utility
maximization problem is shown in Algorithm 2. In
Algorithm 2, we use the BCD method to decompose the
original optimization problem (32) into the UAV selection
and wireless resource allocation subproblem (54), which
involves variables {U, X, p,r,b}, and the UAV location
optimization subproblem (62), which involves the variable U.
The two subproblems are still difficult nonconvex optimization
problems. Therefore, we first initialize the variables with a
feasible point as outlined in Step 1 of Algorithm 2 and then
employ the SCA technique to approximate each subproblem
using the convex approximations around the current point.
At each iteration, we solve the two convex approximated
subproblems and update the variables as outlined in Steps 3
and 4 of Algorithm 2, respectively. This process is repeated
until the stopping criterion is met.

Following the same analysis as Algorithm 1 in Section III-
D, starting from a feasible point, Algorithm 2 must converge
to a stationary point.

b.
jeg / E. Complexity Analysis
Z Xtk < 6‘;’) (w) VieJ (62¢) Following similar analysis as Algorithm 1 in Section III-
ek E, the overall complexity of Algorithm 2 can be expressed as
_ ) O(Ty(3KJ +K+6J+1) + 2KJ+K+3J)%) log(e 1)) with €
Q) . ; 2 1 1

ij W) =¥y Vkek.jeJ (62d) being the accepted duality gap [42], where T3 is the number
(321), (57a). (62e) of iterations in Algorithm 2.

_ 3 £—2 T

B 2 |uf — i+ &fu” — | (uf i) (w—u) <LHS of (57b) Vi, (59)

( Nt+1

—_— 2 2
Sy~ 1)Porm e [ v —wo|” - " — o

~(1) 4
C’(u) £ BB1
() = BBlog U/Z]QV(||‘41—“°||)/10 2

2
Hu;t) —u H In2

n log<”u]m —w H2> < RHS of (55¢) V.

(61)
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TABLE 11
SIMULATION PARAMETERS

Symbols Value Physical Meaning

B 1 MHz System total bandwidth

00 1073 Channel power gain
€ 10—6 Constant in (37)

20 30 m Altitude of GBS

Nt 64 GBS antenna array size

o? —102 dBm Gaussian noise power at the jth UAV
cr% —102 dBm Gaussian noise power at the kth UE
&1 3 Pathloss coefficient for backhaul links
&2 3 Pathloss coefficient for access links
P 5W GBS transmit power

“]Z',max u]z min 200 m, 35 m  Maximum/Minimum altitude of UAV

pmax 1w Maximum transmit power of UAV

B 0.5 Bandwidth allocation coefficient

V. SIMULATION RESULT

In this section, numerical simulations are conducted to eval-
uate Algorithms 1 and 2 for the system cost minimization and
the system utility maximization problems under the parameters
listed in Table II. For performance comparison, we use the
following schemes as benchmark methods.

1) Random-Greedy: We randomly generate aerial locations

for the UAVs following an uniform distribution and use
a greedy algorithm [46] to obtain the user association.

2) MeanShift: MeanShift [22] is a clustering-based method
that deploys an UAV at the centroid of each cluster.
It determines the number of UAVs solely based on the
clustering result. However, it cannot adapt the UAV
deployment according to the UEs’ QoS requirements and
backhaul capacity.

3) K-Means: K-means is a clustering-based algorithm that
minimizes the within-cluster squared Euclidean dis-
tance [47] and allows for a predefined number of UAVs.

4) Kuhn Munkres-K-Means: We determine the UAV loca-
tions using the K-means algorithm according to the
UEs’ distribution, and we use the Kuhn Munkres-based
algorithm [48] to obtain the user association.

In the simulations, the benchmark schemes fix the altitude
of all the UAVs as uf’min and determine the UAV selection,
user association, and UAV locations using the corresponding
algorithms. Then, the subproblems of UAV transmit power
and bandwidth allocation are optimized using Step 3 of
Algorithms 1 and 2 under the QoS and backhaul constraints.

A. System Cost Minimization Results

Fig. 3 shows the convergence result of the proposed
Algorithm 1 for the system cost minimization with various
numbers of UEs. Specifically, we deploy K = 30, 40, 50,
and 60 UEs in a 500m x 500m square area, respectively.
The weight of the UAV deployment cost is fixed as A; = 1.
The results show that Algorithm 1 converges in about eight
iterations under different numbers of UEs.

Fig. 4 shows the selection and 3-D deployment of UAVs
using Algorithm 1 for a specific UE distribution. In this
scenario, 50 UEs marked by “x” are randomly distributed
within 500m x 500m square area. The GBS is marked by
“4.” To initialize a virtual set of UAVs, we employ a grid
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Fig. 3. Convergence result of Algorithm 1 for various numbers of UEs K,
QoS requirement ', = 0.1 Mb/s Vk € K.
A

UEs
Active UAV final location
Active UAV initial location
Inactive UAV initial location
GBS

* D % * x

0 600

Fig. 4.  Selection and 3-D deployment of UAVs with corresponding UE
association using Algorithm 1 for a specific UE distribution with a virtual set
of UAVs initialized as J = 7, number of UEs K = 50, and QoS requirement
I'y =0.1 Mb/s VkeK.

discretization method that selects seven grid intersection points
as the initial locations of the UAVs that are marked by “A”
and “3%.” Algorithm 1 determines the deployed set of UAVs,
their assignments to UEs, and their locations. The inactive
UAVs that do not need to be deployed are marked by A, while
the active UAVs are marked by “v%.” The final locations of
the active UAVs are marked by “x.” UEs associated with each
active UAV are marked with the same color. The arrows point
from the initial locations of the active UAVs to their final
locations. Intending to minimize the system cost, Algorithm 1
jointly determines the selection and 3-D deployment of UAVs
with the corresponding UE associations.

Numerical results from the Monte Carlo simulations are
compared with the benchmark methods for randomly dis-
tributed UEs with varying numbers in a 500m x 500m square
area. The evaluation is based on the results of 100 experiments.
In Fig. 5, the curve and bar represent the system and UAV
deployment costs, respectively. To verify the satisfaction of
the QoS and backhaul constraints, we calculate the average
backhaul utilization and the data rate to the QoS requirement
ratio from the experiments with varying numbers of UEs. The
results are summarized in Table III. The backhaul utilization

Authorized licensed use limited to: Nanjing University. Downloaded on March 10,2026 at 07:04:44 UTC from IEEE Xplore. Restrictions apply.



37282

Proposed: UAV deployment cost
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Fig. 5. Comparison of the average UAV deployment costs and system costs
for different deployment methods, QoS requirement I'y, = 0.IMb/s Vk € K.

TABLE III
BACKHAUL AND QOS CONSTRAINT VALIDATION FOR ALGORITHM 1

Method NUE BU (%) BV _QOSR (%) QoSV
10 70.9 X 116.5 X
20 71.8 X 118.9 X
Proposed 30 72.2 X 120.9 X
40 71.5 X 123.2 X
50 72.9 X 123.8 X
10 61.2 X 113.2 X
20 62.9 X 117.5 X
Random-Greedy 30 63.1 X 115.9 X
40 58.9 X 119.6 X
50 56.1 X 120.7 X
10 65.5 X 120.9 X
20 66.0 X 121.2 X
MeanShift 30 65.9 X 122.4 X
40 63.4 X 124.5 X
50 62.2 X 125.6 X
10 62.5 X 119.2 X
20 64.6 X 120.1 X
K-means 30 63.9 X 118.9 X
40 60.2 X 121.3 X
50 59.8 X 123.5 X
10 64.1 X 121.5 X
20 65.6 X 121.9 X
Kuhn Munkres-K-means 30 63.1 X 119.9 X
40 61.4 X 124.6 X
50 60.1 X 126.5 X

*NUE: number of UEs; BU: backhaul utilization; BV: backhaul violation;
QoSR: data rate/QoS requirement ratio; QoSV: QoS requirement violation.

is always lower than 100%, and the data rate to the QoS
requirement ratio is higher than 100% with no outage. Hence,
all the methods satisfy the backhaul and QoS constraints. If
the number of users is small, we can see that Algorithm 1
significantly reduce the system cost compared to the other
four benchmark methods. For example, our proposed method
can reduce more than 50% of the UAV deployment cost and
the system cost when K = 10, 15. The cost reduction effect
decreases as the number of users increases because more UAVs
need to be deployed to meet the communication requirements
of more UEs.

Fig. 6 shows the system cost under different deployment
methods against the QoS requirements with different backhaul
attenuation rates y = 0 and 30dB/km. We distribute 30 UEs in
a square area of 500m x 500m, and we can see that as the QoS
requirements increase, the system cost of the three methods
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Fig. 6. System cost under different deployment methods for various QoS

requirements I’y 0 and

30dB/km.

Vk € K with backhaul attenuation rates y =
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Fig. 7. Convergence result of Algorithm 2 for various numbers of UEs K.

gradually increases. This is because more UAVs need to be
deployed to serve the UEs with the increased QoS, resulting in
increased system costs. Fig. 6 demonstrates that Algorithm 1
achieves significantly lower system cost and exhibits good
robustness under different QoS requirements. Even under high
QoS and backhaul constraints, our proposed algorithm still
reduces over 12% in the system costs compared to the best-
performing benchmark method, i.e., Kuhn Munkres-K-means.

B. System Utility Maximization Results

For the system utility maximization problem, Fig. 7 shows
the convergence result of the proposed Algorithm 2 for differ-
ent numbers of UEs. Specifically, we deploy K = 10, 15, 20,
and 25 UEs in a 500m x 500m square area, respectively. The
weight of the UAV deployment cost is A4 = 0.5. It is observed
that Algorithm 2 can converge in about nine iterations.

Fig. 8 shows the selection and 3-D deployment of UAVs
obtained by Algorithm 2 for a specific UE distribution. The
GBS is marked by 4. Ten grid intersection points are the
selected initial locations for UAVs. The inactive UAVs are
marked by A. The initial locations of active UAVs are marked
by % and their final locations are marked by . The UEs
associated with each active UAV are marked by the same color.
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x UEs
% Acitve UAV final location
A Inacitve UAV initial location
#  Acitve UAV initial location ){\47
¢ GBS
60 AT **
v
40 w
—~
g
= 20
0
500

400
0 500

Fig. 8.  Selection and 3-D deployment of UAVs with corresponding UE
association using Algorithm 2 for a specific UE distribution. The set of UAVs
is initialized as J = 10 with number of UEs K = 20.

TABLE IV
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BACKHAUL AND QOS CONSTRAINT VALIDATION FOR ALGORITHM 2

Method NUE BU (%) BV QoSR (%) QoSV
10 80.7 X 165.8 X
20 78.4 X 164.5 X
Proposed 30 80.9 X 170.5 X
40 81.6 X 177.5 X
50 83.3 X 178.6 X
10 70.9 X 130.6 X
20 72.7 X 132.6 X
Random-Greedy 30 717 X 139.7 x
40 70.3 X 131.9 X
50 69.3 X 141.8 X
10 77.9 X 146.8 X
20 79.8 X 148.6 X
MeanShift 30 79.1 X 147.3 X
40 78.4 X 158.6 X
50 76.4 X 165.8 X
10 76.9 X 144.6 X
20 78.4 X 146.6 X
K-means 30 77.1 X 154.3 X
40 76.8 X 154.6 X
50 74.3 X 158.8 X
10 77.6 X 145.3 X
20 79.6 X 147.6 X
Kuhn Munkres-K-means 3 78.1 X 155.3 %
40 76.8 X 156.3 X
50 75.6 X 159.8 X

*NUE: number of UEs; BU: backhaul utilization; BV: backhaul violation;

25 Proposed: System utility ‘ ‘
---#---Random-Greedy: System utility
- «- -MeanShift: System utility
--©---K-means: System utility ]
20 Kuhn Munkres-K-means: System utility
=
—
)
=
g blea, ]
5] g S
% | T .. TEmmg
S Shiewrg
Cz> h S T,
e p
101 ~ J
5 10 15 20 25 30 35 40 45

Number of UEs

Fig. 9. Comparison of the average system utility for different deployment
methods with varying numbers of UEs.

The arrows point from the initial locations of the active UAVs
to their final locations.

Fig. 9 shows the average system utility of Algorithm 2
and the benchmark methods with varying numbers of UEs.
The proposed and the benchmark methods are evaluated for
randomly distributed UEs in a 500m x 500m square area based
on the results of 100 experiments. The weight of the UAV
deployment cost is set to A4 = 1.5. From Fig. 9, it is observed
that Algorithm 2 achieves approximately 13%-30% higher
system utility than other baseline methods. The average system
utility does not exhibit a monotonic relationship with the
number of UEs due to the incorporation of UAV deployment
costs in the system utility calculation. Table IV shows that the
QoS requirements and the backhaul constraints are satisfied
by the results of Algorithm 2.

In Fig. 10, we compare the UAV deployment locations
obtained by Algorithm 2 with the K-means method. We divide
20 UEs into two groups, resulting in the same association
for both the methods. The K-means method deploys UAVs
at the centroids of the UE clusters, whereas Algorithm 2
initially deploys one UAV at each group but continues to find
their optimal final locations. In terms of communication, UAV

QoSR: data rate/QoS requirement ratio; QoSV: QoS requirement violation.

500 x UEs (group 1) L 3
x UEs (group 2) L7 N
# UAV initial location /; \\
400 H * UAV final location / x f .|
* K-means cluster center | \\
¢ GBS A ﬁ‘?k !
— 300+ \ 7
= 7 AN . S - . “
200F /0 T :
/ \
1 \
I |
\ x I
100 \\\ ] ﬁ& /// 4
AN ’*‘ Xx
(% 100 200 300 400 500

Fig. 10. Comparison of UAV deployment locations obtained by Algorithm 2
and the K-means method, number of UAV J = 2 and number of UEs K = 20.

deployment by Algorithm 2 is more effective at mitigating
co-channel interference compared to the K-means method as
evidenced by the higher system utility of 10.54 compared to
9.52 for the K-means method, where A4 = 1.5.

Fig. 11 shows the system utility against the number of
UAVs under different backhaul attenuation rates (i.e., y =0
and 30dB/km). The ideal backhaul refers to the case that the
backhaul capacity constraint (32c¢) is inactive. The results from
Fig. 11 demonstrate that Algorithm 2 achieves significantly
higher system utility compared to the other benchmarks
with varying numbers of UAVs, because the UAVs in the
benchmark schemes are deployed more distant from the GBS
and the backhaul links are weak. Therefore, by optimizing the
UAV deployment considering both the QoS and backhaul con-
straints, our proposed method can achieve the higher system
utility than the benchmarks. Note that, the system utility of
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Fig. 11.  System utility under different deployment methods with backhaul
attenuation rates ¥ = 0 and 30 dB/km, and number of UEs K = 20.
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Fig. 12. Deployment of UAV with corresponding UE associations under
different backhaul attenuation rates (a) y = 0 and (b) 30 dB/km, number of
UAV J = 4, and number of UEs K = 50.

all the algorithms is lower at y = 30 compared to y = 0.
The reason is that there is a greater backhaul attenuation
when y = 30, resulting in lower backhaul transmission rates
between the GBS and UAVs, thus affecting the whole system’s
utility. Fig. 11 further illustrates that Algorithm 2 effectively
improves the system utility under different backhaul attenua-
tion rates and varying numbers of UAVs, thereby validating
the effectiveness of our proposed approach.

Fig. 12 shows the UAV deployment locations with the
corresponding UE associations under different backhaul atten-
vations (i.e., y = 0 and 30dB/km). In the figures, the GBS is
marked by 4, the UAVs are marked by x, the UEs are marked
by x, and the blue lines represent the association between
the UEs and the UAVs. Four UAVs provide communication
services to 50 UEs randomly distributed in a 1000 m x 1000 m
area. Results in Fig. 12(a) and (b) show that the proposed
UE association dynamically adapts to the backhaul constraints
with different backhaul attenuations. Specifically, when the
backhaul attenuation rate is high (i.e., y = 30 dB/km), the
effective transmission distance of the GBS is limited. As a
result, the UAV in the upper-right corner moves closer to the
GBS to compensate for the constrained backhaul links.
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Based on the simulation results, our proposed algorithms
demonstrate significant improvements over the benchmark
methods for the UAV-assisted wireless networks. Our algo-
rithms take into account the impact of UAV deployment
costs and backhaul capacity constraints, which are often
overlooked in the previous studies. The proposed approaches
yield solutions with lower system cost or higher system
utility. Furthermore, our algorithms adaptively adjust the UAV
locations and UAV-UE association strategies according to the
available backhaul capacity, leading to improved communica-
tion performance.

The research results indicate that maintaining an optimal
balance in UAV deployment is essential for achieving the
network cost-effectiveness rather than merely maximizing
the number of deployed UAVs. The insights highlight the
importance of resource allocation efficiency, flexible adapta-
tion to changing demands, and cost-benefit analyses. Network
management should prioritize cost-effective solutions while
ensuring adaptability to the dynamic requirements to achieve
a balance between the service provision and UAV deployment
costs.

VI. CONCLUSION

This article studies the system cost minimization and the
system utility maximization problems in a multiple-UAV
wireless network with the QoS and wireless backhaul con-
straints. Both the system cost and the system utility in the
network take into account the UAV deployment cost, which is
determined by the deployed UAV quantity. Joint optimization
of the UAV selection, UAV-UE association, UAV locations,
and wireless resource allocation is performed subject to the
QoS requirements of UEs and the backhaul constraints. BCD
methods combined with SCA are introduced to solve the
complicated optimization problems efficiently. The designed
algorithms effectively address the wireless backhaul con-
straints and perform better than the benchmark methods based
on the geographical clustering. Simulation results highlight
the superiority of the proposed algorithm compared to the
benchmark methods when the QoS requirements and the
backhaul constraints are present.

Our current analysis assumes the LoS channel model for the
access links. However, the actual channel in an UAV network
may be more complex. Therefore, investigating the network
management approaches that consider realistic channel models
for the UAV networks is an important topic for the future
research. Additionally, our proposed methods are based on
the mathematical optimization, which requires resolving the
problem once the network setting changes. Obtaining solutions
in real-time may be challenging in a highly dynamic UAV
network. Therefore, we plan to explore neural network-based
methods for more efficient solutions in our future work.

APPENDIX
PROOF OF PROPOSITION 1 AND 2

First, we define the function G(xq,...,xN) =
log(Zﬁl\fz1 8,,)6;1 + 1), x, > 0, &, > 0. The Hessian matrix
of G(x1,...,xn) is expressed as follows:
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Hy KUN 1 UNIN
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where H, = [25,1 n3(2 1 EnX, Uy 1)]/[(2 _1 EnX), L.
1)2])7 n = 17--~aN’ "L = [M]a-~-7MN] B and Mn =

(—enx 2 /3N eV 4 1), n=1,...,N

Since, H), is diagonal and H, > 0, Hy is positive definite.
Moreover, considering that T is positive definite, H = Hy+
;LT;L is positive definite. Hence, the function G(xi, ..., xy)
is a convex function. Due to its convexity, we can obtain
a global lower bound of G(xi,...,xy) using the first-order
Taylor expansion according to Lemma 1, i.e.,

N N
-1
log anx;l +1) > log an (xfﬁ) +1
n=1

n=1

1 i £n< —xﬁzt)> 64
1“2<Zn—1 8,,()6,(1[)) 1—|—1> n=1 (xf,l)>2 .

According to (64), we can obtain the lower bound of
Ok (sk, Vi) in Proposition 1 and nx(Sk, Vi) in Proposition 2 by
expanding their first term, respectively.
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