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Abstract—To meet the rapid growth of diverse traffic demand
in mobile networks, unmanned aerial vehicles (UAVs) are pro-
posed to support terrestrial networks by carrying base stations
towards demand when needed. However, how to deploy the UAVs
effectively and efficiently is a challenging task. In this paper, we
investigate this problem from the load balancing perspective. Our
goal is to make the traffic loads of UAVs almost equal so that the
networks can be stable and robust to unexpected events. In the
pre-processing stage, we introduce a clustering method to divide
users into several categories so as to initialize the positions of
UAVs in the maximal local density areas. Then, we propose a
user association strategy to make the UAVs serve almost equal
traffic demand, where our optimization task is to minimize the
maximum traffic demand of subregions with constraints on the
capacity and the shape of subregions. Third, we propose a local
search procedure to relocate UAVs based on backtracking line
search to refine the load balance among the system. By alternately
invoking user association and location algorithms, we can obtain
(near) optimum UAV positions. Finally, we adjust the altitude
of each UAV to decrease power consumption of the system.
Numerical results indicate that our proposal can serve more users
compared with the SINR-based strategy. Moreover, the traffic
capacity among UAVs and the areas of subregions of UAVs are
more balanced.

Index Terms—Optimization, unmanned aerial vehicle (UAV),
user association, workload balancing.

I. INTRODUCTION

AS smart phones become an important part of our daily
lives, users expect excellent quality of experience every-

where and anytime, which is expected to be achieved in the 5G
mobile communications by various network architectures, such
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as heterogeneous networks [2], cloud radio access networks
[3]. These methods can enhance the mobile network capac-
ity by densely deploying terrestrial access points, locations
of which are designed rigidly according to the long-term
traffic demand of the specified region. Consequently, such
kind of networks can not effectively deal with events that
yield unexpected traffic demand, such as rallies, congested
traffic, sporting events and natural disasters. It is obvious
that additional supports are needed in emergencies to achieve
effective connectivity in mobile networks.

Unmanned aerial vehicles (UAVs), mounting base stations
(BSs) towards demand to support terrestrial mobile networks,
are proposed to address these problems [4]. The UAVs can
improve network performance wherever and whenever due to
the feature of arbitrary flight. Flexibility is the main advantage
of UAVs. Besides, UAVs can help mobile networks trapped in
unexpected traffic achieve flexible and agile management so
as to prevent over-engineering. As the rapid development of
microelectronics, UAVs can provide good maneuver perfor-
mance with inexpensive acquisition and maintenance costs,
which can effectively reduce the capital expenditure and the
operating expense of mobile networks.

The main applications of UAVs can be categorized as ubiq-
uitous coverage, relaying and information transmission/data
acquisition [5]. For the ubiquitous coverage applications,
UAVs are deployed to assist the terrestrial communication
infrastructure to provide seamless coverage whenever needed
in the serving area. For example, UAVs can help recover es-
sential communication services to disaster areas where terres-
trial communication infrastructure is damaged [6, 7]. Besides,
UAVs can offload traffic from terrestrial BSs in hot spots,
which is one of the key scenarios in the 5G era. The second ap-
plication of UAVs is relaying, where UAVs act as intermediate
nodes to provide connectivity between users who are far away
from each other without reliable communication links. Last
but not least, UAVs can transmit information and collect data.
Sensors with limited battery can benefit from UAVs. Instead of
transmitting data to distant BSs with high power consumption,
UAVs can be used to fly toward clusters of sensors and carry
out low power communication, so as to prolong the lifetime
of sensors. In summary, UAVs can improve the performance
of current mobile networks significantly if deployed properly.

BS planning is an important issue in the traditional ground
mobile networks [8, 9], so as in the UAV-assisted mobile
networks. Intuitively, they share some similarities. First, both
ground mobile networks and UAV-assisted networks need to
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take power coverage issue and rate requirements of users into
consideration. Thus, user distribution is one of the main factors
for both of them. However, there are also some significant
differences. Confined to natural terrain and city construction
in urban areas, location selection of terrestrial BSs can only
be chosen from limited candidate sites, which is usually
constrained in practical environment [10]. As a result, the BS
planning problems in terrestrial mobile networks are generally
intractable because the formulated optimization task is usually
NP-hard due to the discrete sites of terrestrial BSs. In contrast
with terrestrial BSs, UAVs can be located almost anywhere
since the site selection of UAVs is unrestricted by geographical
environment and air field is unimpeded. Therefore, the for-
mulated optimization task could be a continuous optimization
problem, leading to methods different from traditional BS
planning ones.

When the locations of UAVs are determined, service area
partition among UAVs becomes another important issue since
it has a significant impact on the quality of user experience
due to the following reasons [11]. First, the service partition
determines the service area of each UAV, which impacts the
channel gain between the users and the UAVs. If the area
of the region is too large, the edge user will suffer severe
pathloss. Second, service area partition also determines the
number of users that each UAV serves. When the number
of users increases, the amount of bandwidth for each user
decreases since the total bandwidth is limited. In this case,
users in the subregion that UAVs have high traffic load will
achieve low throughput, which leads to unbearable delays.

In this paper, we jointly design UAV location and user
association strategies from the viewpoint of load balance.
The rationale behind our proposed scheme is as follows: The
number of users served by UAVs is maximized if the traffic
load of each UAV is near equal. Besides, a workload balancing
system is stable and robust to handle unknown events such as
flash crowd traffic. At the initialization stage, we introduce
a clustering algorithm to place UAVs in the position of the
maximum local density so that UAVs can serve users as many
as possible. Then, we develop a user association strategy
to minimize the maximum traffic demand among the UAVs,
followed by a local search procedure to relocate the UAVs.
Finally, we adjust the altitude of each UAV to decrease power
consumption of the system. The main contributions of this
work are summarized as follows:

• We investigate the UAV location and user association
problem from the viewpoint of load balance, which can
make the network stable and robust to handle unknown
events. As far as we have knows, this is the first article to
study the UAV deployment problem from the perspective
of load balancing.

• We introduce an efficient clustering method to place
UAVs in the maximal local density areas. The number
of UAVs can be adjusted flexibly according to the dis-
tribution of users so that our proposed scheme can be
employed in different scenarios.

• We study the user association problem from a load bal-
ancing perspective, where we can minimize the maximum
traffic demand among UAVs. We develop a local search

algorithm to relocate UAVs to refine the load balance
among the system. Simulation results verify that our
proposal scheme is effective and practical in wireless
mobile networks.

The rest of this paper is organized as follows. Related work
is presented in Section II. In Section III, system model is given,
as well as problem formulation. In Section IV, our proposed
algorithms are presented in detail. In Section V, numerical
results are shown. Conclusions and future works are discussed
in Section VI.

II. RELATED WORK

A proactive deployment framework of UAVs is proposed
to relieve traffic congestion caused by flash crowd traffic
in [12], where three scenes including the gathering traffic,
the parade and the stadium are taken into consideration.
A prediction operation control and integration/disintegration
scheme is employed to boost the capacity of UAVs. In [13],
a centralized algorithm for deploying UAVs is proposed to
maximize the throughput of a software-defined disaster area
UAV communication network. In [14] a pattern formation
system is introduced to track time-varying nature of user
density and a sequential Markov-greedy-decision strategy is
proposed to minimize the UAV-recall-frequency. In [15], a
cooperative UAV clustering scheme is proposed to offload
traffic demand from traditional ground mobile base stations to
cooperative UAV clusters. Clustering method is widely used in
UAV deployment problem. A clustering algorithm is proposed
in [16] to select several UAVs acting as cluster heads to collect
the data from the sensors in wireless sensor networks. In [17],
a modularity-based clustering method relying on modified
Louvain method is proposed to minimize the total transmit
power of all users for UAVs-aided mobile communications.

On the other hand, workload balancing has become a hot
topic of discussion in mobile networks [18, 19]. In [20], a
facility location problem is investigated to minimize the max-
imum workload imposed on facilities. The demand nodes are
assumed to be continuous distribution and the cost of serving
a demand node is supposed to be the function of the distance
to the facility that services it. Simultaneous facility placement
is also considered in this work. In [21], considering a territory
with obstacles, a region partition strategy is proposed to
minimize the overall workload while simultaneously deter-
mining their workload. A novel resource allocation scheme is
designed in [22], which designs the coverage area of mobile
network in a balanced way and allocates resource remained
among access points in a balanced way to reduce the pressure
on backhauls between the access points and the centralized
baseband processing pool.

III. NETWORK MODEL

Consider a convex region R, as shown in the Fig. 1. We
consider there are n UAVs serving K users. The set of UAVs is
denoted by N = {1, 2, . . . , n} and the set of users is denoted
by K = {1, 2, . . . ,K} respectively. In this paper, the users
are abstractions of traffic demand nodes, which can represent
mobile phones, tablets and so on. The traffic requirement of
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Fig. 1. System model.

user k is rkmin, which can be different for users. The positions
of UAVs are denoted as P = {p1, p2, ..., pn}. The maximum
number of users that a UAV can serve is denoted as Mu.

For UAVs, the air-to-ground channel (ATG) model is differ-
ent with the ground channel model [23]. Typically, ATG should
take probabilistic line-of-sight (LoS) links and non-link-of-
sight (NLoS) links into consideration. The probability of LoS
links relies on the positions of UAVs and users, geographical
environments, the density of buildings and so on, which can
be calculated as [24]:

P (LoS, θ) =
1

1 + aexp(−b(θ − a))
, (1)

where a, and b are constants related to the environments and
θ represents the elevation angle between the users and the
UAVs. θ can be expressed as θ = 180

π ×sin−1(hr ), where h is
the altitude of UAVs and r is the horizontal distance between
the users and the UAVs. Besides, the probability of NLoS is
P (NLoS, θ) = 1− P (LoS, θ).

The average path loss model of ATG that adopted in this
paper is

PL(h, r) = 20logd+ 20logf + 20log 4π
c

+P (LoS, θ)ηLoS + P (NLoS, θ)ηNLoS ,
(2)

where c is the light speed and f represents the carrier
frequency. Variable d represents the distance between a user
and a UAV, which equals to

√
h2 + r2. Respectively, ηLoS

and ηNLoS represent the excessive pathloss of LoS and NLoS
links related to environments.

Then, we presuppose the altitude of UAVs. First, a constant
ρ is introduced to represent the maximum pathloss correspond-
ing to QoS requirement of users. Users are assumed to be
served by the UAVs if PL(h, r) ≤ ρ. The coverage radius of
a UAV is the maximum range within which the pathloss of
users served by the UAV is less than ρ. Mathematically, the
coverage radius can be obtained by

Rmax = {r|PL(h, r) = ρ}. (3)

Since neither h nor r can be written as explicit function
of each other, Eq.3 is implicit. To get the optimal height that
yields the best coverage, we need to search for the value of
h which satisfies the equation, ∂Rmax/∂h = 0. that is to say,
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Fig. 2. Coverage radius vs. UAV altitude curve for dense urban environments.

we need to get the point at which the radius-altitude curve in
Eq.3 changes its direction. Fig. 2 shows the variation of R with
respect of h as per (1) for the dense urban environment. From
this figure, we can obtain the point at which the radius-altitude
curve changes its direction.

Denote zk,i as the assignment index indicating whether user
j is served by UAV i or not:

zk,i =

{
1 user k is served by UAV i,

0 otherwise.
(4)

The key issue in our strategy is to design a rational arrange-
ment of user association and UAV location strategy to achieve
equilibrium, which means the traffic demand of UAVs should
be the same as much as possible.

Our objective function is to minimize the maximum traffic
demand of UAVs. The variable P represents the 3D position
of UAVs. Given a set of UAVs N , the user association problem
is mathematically formulated as follows:

minimize
P,z

t

s.t. C1 : t ≥
∑
k∈K

zk,irmin, ∀i ∈ N ,

C2 :
∑
k∈K

zk,irmin ≥ ς, ∀i ∈ N ,

C3 : uk,izk,i ≤ Rmax, ∀k ∈ K, i ∈ N .
C4 :

∑
i∈N

zk,i = 1; ∀k ∈ K.

C5 : zk,i ∈ {0, 1},∀k ∈ K, i ∈ N .

(5)

The variable t represents the maximum traffic demand of
UAVs, as shown in C1. C2 ensures that the number of users
served by UAV i should be larger than a constant ς , which
avoids the cases that a UAV serves too many users to exceed
its capability, or the number of service users is so small that it
cannot give a full play of a UAV. ς is related to the number of
UAVs and users, which guarantees that a UAV serves enough
users so as to earn back its operating cost. The variable uk,i
represents the horizonal distance between the user k and UAV
i. C3 indicates that UAV i cannot serve the user with a distance
of more than Rmax. C4 ensures that each user should be
assigned to a UAV. Note that both continuous variable P̄
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and binary variable z̄ are involved in Eq. (5), which makes
the problem generally NP-hard and difficult to work out the
optimum solution.

IV. OUR PROPOSED ALGORITHMS

We try to design the UAV location strategy and user
association strategy in an almost balanced way. Our proposed
strategy is summarized as follows:

• Estimate the number of UAVs n. The number of UAVs is
determined based on both the coverage constraint and the
capacity constraint. A clustering algorithm is introduced
to determine the initial locations of UAVs.

• Design the user association strategy with the initial UAV
positions P . Constraints on the requirement demand of
users and the capacity of UAVs are considered.

• Relocate UAV with the method of the backtracking line
search algorithm. The subregions and the positions of
UAVs are updated in an iterative manner until obtaining
the local optimum.

• Adjust the altitude of each UAV. The UAVs with shorter
maximum coverage radius can fly lower so as to save the
transmission power.

A. Initialization

To start the optimization, we need to determine the num-
ber of UAVs that can satisfy all the users. The number of
UAVs should take into account both coverage and capacity
requirement. It is reasonable to assume the maximum coverage
radius of UAVs and the capacity of UAVs are the same since
they are from the same series and have similar performance.
Considering the capacity requirement, the number of UAVs
required can be calculated as ⌈ncap = K/Mu⌉. Then, we
consider the coverage constraint. The theoretical coverage of
UAVs is a circle. However, with circular coverage areas, there
are gaps and/or overlaps among the circles and as a result a
full coverage requires a larger number of UAVs than the result
obtained with this equation. It is reasonable to assume the
coverage areas as a square with a side length of

√
2Rmax. The

area of the region R is denoted as A, then the number of UAVs
required can be calculated as ⌈ncov = A/2Rmax

2⌉. Thus, The
final initial number of UAVs is n = max{ncap, ncov}. One or
two UAVs can be added to cope with unknown traffic changes.

Then, we determine the initial horizontal location of UAVs.
We try to place the initial positions of UAVs in the maximal
local density areas. To achieve this goal, we introduce an
effective clustering algorithm, isodata method [25].

This method is particularly suitable for our problem since
it takes the users positions as input and clusters based on
distance. Users are grouped together if they are closest to the
same center of a cluster. Conventional clustering algorithms,
such as k-means, set the number of clusters artificially, which
in essence add human assumptions to the original data sets and
ignore the natural structure of the data. Fortunately, ISODATA
algorithm can dynamically adjust the number of cluster centers
in the clustering process according to the actual situation of
the samples contained in each class. If the degree of dispersion
of the samples in a class is large (measured by variance), and

the sample size is large, then it will be split. If two classes
are relatively close (measured by the distance from the cluster
center), the method will merge them.

The clustering algorithm is shown in Table I. At the
initialization time, we should set some parameters. Denote
L as the maximal iteration and E as the excepted cluster
number respectively. Let H denote the minimal cluster size.
Besides, Sigma represents the allowed standard deviation of
each cluster and dmin represents the minimal distance between
two cluster centers.

First, select Ec samples randomly from the data set
as the initial cluster centers and denote the clusters as
C1, C2, ..., CEc . Then, for each user in the data set, assign it
to the class corresponding to the cluster center that is closest
to it.

Ci = {x ∈ R|||x− ci|| ≤ ||x− cj || ∀j ̸= i}. (6)

Second, determine whether the number of users in the above
class |Ci| is less than H . If |Ci| < H , discard the cluster i and
reduce the number of the clusters E. The new cluster centers
are

ci =
1∑

x∈Sj

x
. (7)

Third, we start split or merge mechanisms. If the number of
the clusters is not greater than 1/2E, we do the split operation.
If the number of iterations is an even number or the number
of the clusters is no less than twice the number we desired,
we do the merge operation. Finally, if it is the last iteration,
we end the process.

We explain the split and merge operations in detail. In a split
operation, calculate the standard deviation of each cluster in
distance vector σi and pick up the maximum variance denoted
as σmax. If σmax > Sigma and the number of users in this
cluster is no less than 2H , spilt the cluster into two cluster
and E = E + 1. Two new cluster centers are calculated by

c+i = ci + σmax, c
−
i = ci − σmax. (8)

In a merge operation, calculate the distance between all the
cluster centers, denoted as matrix D, where D(i, i) = 0. If
D(i, j) < dmin, merge the two cluster centers ci, cj to get the
new cluster center:

cnew =
1

|Ci|+ |Cj |
(|Ci|ci + |Cj |cj). (9)

The number of clusters is reduced to E = E − 1.
We use the user distribution as data set of isodata method

and the excepted cluster number is set to be n. After the
clustering operation, the number of the classes of the output
and the cluster centers are used as the number and initial
positions of UAVs respectively.

B. User association

The key issue in our strategy is to design the user association
strategy in a balanced way. Our objective function is to
minimize the maximum traffic demand among UAVs. Note
that most of the cases that the territorial communication
network needs UAVs for support occur when the users are
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TABLE I
ALGORITHM FOR CLUSTER

Algorithm 1
1: Initialization: set the parameters L,E, dmin, H and Sigma;
2: Select Ec samples randomly as the initial cluster center;
3: repeat
4: l = l + 1;
5: map users into clusters by Eq. (6);
6: for i = 1 : Ec

6: if |Ci| ≤ H

7: Ec = E − 1;
8: map users into clusters by Eq. (6);
9: end if
9: end for
10: update cluster center according to Eq. (7);
11: if Ec < E/2

12: do split operation;
13: return to step 4;
14: end if
15: If Ec > 2E || l mod 2 == 0

16: do merge operation;
17: end if
18: until l = L;
19: return S.

densely distributed. Thus, this assumption is more reasonable
and practical that we consider the user distribution as a
continuous distribution. The density of users across the region
is statistically formulated as f(x), where x represents two-
dimensional coordinates.

It is a thorny problem that how to determine the position
and service region effectively. It is intuitive when we design
the service area of each UAV, users within the area will be
naturally served by related UAVs. So, we try to solve the user
association problem by designing the service region of each
UAV. By transforming this problem into a region partition
problem, we can make the network more balanced macro-
scopically since both the area of service region and capacity
of each UAV are optimized. Besides, we can determine the
locations of UAVs more accurately.

Thus, we try to transform the user association problem into
a region partition problem. First, to avoid a large difference
in the shape of the subregion of UAVs, we introduce a
penalty function ui(·) to prevent the objective function from
obtaining its optimality when users and UAVs are too far
away. The penalty function ui(·) is defined as the Euclidean
distance between the UAV i and the users, that is, ui(·) =
∥x − pi∥. The overall penalty of UAV i can be calculated as∫∫

Ri
f(x)ui(x)dA.

Then, the region partition problem, transformed by Eq. (5),
can be expressed as follows [20]:

min
R̄

t+ ϕ
n∑

i=1

∫∫
Ri
f(x)ui(x)dA

s.t. C1 : t ≥ (1− ϕ)
∫∫

Ri
f(x)dA, ∀i,

C2 :
∫∫

Ri
dA ≥ ζ, ∀i,

C3 : Ri ∩Rj = 0, ∀i ̸= j,
C4 : ∪iRi = R,
C5 : x /∈ Ri, ∀i : ui(x) ≥ Rmax.

(10)

Here, the variable ϕ is denoted as a penalty factor related
to the penalty phase. As shown in C1, the variable t denotes
the maximum traffic demand among UAVs with the penalty
function. The objective function is to minimize the maximum
traffic capacity among UAVs with penalty function increasing
to add barriers to optimality when service areas of UAVs
cannot be connected as we expect. C2 indicates that the service
area of each UAV should be no less than a constant denoted
as η. The total area of region R is normalized to constant one
to simplify the discussion, which means η should set to be
1/n to obtain the optimal value. C5 ensures that the distance
between the users and the UAVs is no more than Rmax. We
add two constraints to make the region partition problem more
reasonable and easier to solve. C3 ensures that all the service
areas of UAVs should not overlap with each other and C4

makes sure that there should be no coverage holes.
To solve this problem efficiently, we try to reduce Eq. (10)

into a low-dimensional convex optimization problem. First,
we transform Eq. (10) into an infinite-dimensional integer
programming problem. Let Ii(x) be a {0,1}-valued index
indicating whether the user x is served by UAV i or not. Then,
Eq. (10) can be transformed as follows:

min
I1(·),...,In(·)

t+ ϕ
n∑

i=1

∫∫
Ri
f(x)Ii(x)ui(x)dA

s.t. C1 : t ≥ (1− ϕ)
∫∫

Ri
f(x)Ii(x)dA, ∀i,

C2 :
∫∫

Ri
Ii(x)dA ≥ ζ, ∀i,

C3 :
n∑

i=1

Ii(x) = 1, ∀i,

C4 : Ii(x) ∈ {0, 1},∀i, x,
C5 : Ii(x) = 0, ∀i : ui(x) ≥ Rmax.

(11)

Since the variable Ii is an integer constraint, Eq. (11) is
difficult to be solved. An intuitive idea is to relax the integer
variable into a continuous variable. Thus, the linear relaxation
of the problem (11) is:

min
I1(·),...,In(·)

t+ ϕ
n∑

i=1

∫∫
Ri
f(x)Ii(x)ui(x)dA

s.t. C1 ∼ C3, C5 in (11),
Ii(x) ≥ 0, ∀i, x.

(12)

Then, we discretize Eq. (11) to get an approximate formu-
lation. The region is discretized into N grid cells Gj with
the area δ. fj represents the average values of f(x) and uij
represents the Euclidean distance from UAV i to the center
of Gj . Let zij be the fraction of Gj served by UAV i. The
discretization of Eq. (11) can be expressed as:

min
Z

t+ ϕδ
n∑

i=1

N∑
j=1

fiZijuij

s.t. C1 : t ≥ (1− ϕ)δ
N∑
j=1

fiZij , ∀i,

C2 : δ
N∑
j=1

Zij ≥ ζ, ∀i,

C3 :
n∑

i=1

Zij = 1, ∀j,

C4 : Zij = 0,∀i, j : uij ≥ Rmax,
C5 : Zij ≥ 0,∀i, j.

(13)
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The dual problem of Eq. (13) is:

min
a,b,d,q

n∑
i=1

ζbi −
N∑
j=1

dj

s.t. C1 : ai ≥ 0, ∀i,

C2 :
n∑

i=1

ai = 1,

C3 : bi ≥ 0, ∀i,
C4 : δϕfiuij + (1− ϕ)δaifj − δbi + dj + qij ≥ 0, ∀i, j,
C5 : qij ≥ 0, ∀i, j : uij ≥ Rmax.

(14)
where a ∈ Rn, b ∈ Rn, d ∈ RN represent the Lagrange
multiplier vectors. Let σj = −dj/δ, λi = bi and αi = bi,
Eq. (14) can be simplified to:

min
λ,γ,σ(·),q

n∑
i=1

ζγi + δ
N∑
j=1

σj

s.t. C1 : λi ≥ 0, ∀i,

C2 :
n∑

i=1

λi = 1,

C3 : γi ≥ 0,∀i,
C4 : σj ≤ ϕfiuij + (1− ϕ)λifj − γi + qij ,∀i, j,
C5 : qij ≥ 0,∀i, j : uij ≥ Rmax,

(15)
which is a discretization of the following problem:

min
λ,γ,σ(·)

n∑
i=1

ζγi +
∫∫

R
σ(x)dA

s.t. C1 ∼ C3 in (15),
σ(x) ≤ ϕf(x)ui(x) + (1− ϕ)λif(x)− γi,

∀x ∈ R,∀i : ui(x) ≤ Rmax.

(16)

Eq. (16) is easy to be proved to be a convex problem, which
can be efficiently solved by convex optimization techniques.
In this paper, CVX, a powerful toolkit [26], is adopted to solve
Eq. (16).

After solving Eq. (16), we consider the optimal dual vari-
ables λ⋆, α⋆ and σ⋆. As before, {I⋆1 (·), ..., I⋆n(·)} is denot-
ed as the optimal solution of the problem (11). Again, let
σi(x) = ϕf(x)ui(x) + (1− ϕ)λif(x)− γi. Note that for any
x ∈ C, there must be some index i that maximizes σi(x).
If the index i is unique, it is obviously that I⋆i (x) = 1 and
I⋆j (x) = 0 for other j ̸= i ,by complementary slackness. It is
proved in [20] that the optimal solution to problem (10) still
valid in spite of relaxation.

Therefore, we can find the optimal boundaries between
subregions can be described as

∂R⋆
i ∩ ∂R⋆

j ⊆ {x|x ∈ R, σi(x) = σj(x)}. (17)

Users that within the service area of the UAV will be served
by the targeted UAV.

C. UAV relocation

After the user association strategy, the traffic demands
among UAVs have been balanced as much as possible. Since
the positions of UAVs have not been considered from a
workload perspective, then we try to relocate UAVs to refine
the load balance among the system.

TABLE II
ALGORITHM FOR OUR PROPOSAL

Algorithm 2
1: Input: A convex region R, the number of UAVs n;
2: Let P be the position of UAVs based on the clustering method.
3: Calculate λ, γ that satisfies the problem (16);
4: Recover the subregions {R1, ..., Rn} from λ, γ by (17);
5: Calculate g ∈ R2n by (19);
6: while ∥g∥ ≥ ε do
7: Let P denote the best placement obtained by the

backtracking line search algorithm;
8: Calculate λ, γ that satisfies the problem (16);
9: Recover the subregions {R1, ..., Rn} from λ, γ by (17);
10: Calculate g ∈ R2n by (19);
11: end
12: return P and {R1, ..., Rn}.

Denote P = {p1, ..., pn} as the current positions of UAVs
and R = {R1, ..., Rn} as the optimal solution to Eq. (10) at
P . We define the objective function F (P ) by [20]

F (P ) =
∫∫

R
σ⋆(x)dA

=
n∑

i=1

∫∫
Ri
(ϕf(x)ui(x) + (1− ϕ)λ⋆i f(x)− γ⋆i )dA

=
n∑

i=1

∫∫
Ri
ϕf(x)ui(x)dA−

n∑
i=1

γ⋆i
∫∫

Ri
dA+

(1− ϕ)
n∑

i=1

λ⋆i
∫∫

Ri
f(x)dA

(18)
where σ⋆(x), λ⋆ and γ⋆ are optimal solution to Eq. (13). Let
pi = (pi,1, pi,2) and x = (x1, x2), and ∂F

∂pk
i

can be calculated
as

∂F

∂pki
≈

∫∫
Ri
( ∂
∂pk

i

ϕf(x)ui(x))dA

= ϕ
∫∫

Ri
(f(x)

xk−pi,k

∥x−pi∥ )dA

(19)

To relocate the positions of UAVs, a local search is per-
formed on the horizontal coordinates of UAVs. First, the gra-
dient ∇F (P ) is calculated approximately based on Eq. (19).
Then, the next iteration of UAV placement P is chosen with
the method of the backtracking line search after determining
the direction −∇F (P ).

To sum up, our proposed strategies can be presented in Table
II. Given the region R and the number of UAVs, we first
deploy the positions of UAVs based on the clustering method,
denote as P . Then we design the subregion of UAVs according
to optimization results of Eq. (16). Third, the next placement
P is chosen based on the backtracking line search after
determining the direction −∇F (P ). The service areas and
the locations of UAVs are updated iteratively until achieving
optimum.

D. Altitude adjustment

After obtaining the final horizonal positions of UAVs, we
can adjust the altitude of each UAV to reduce power consump-
tion without degrading the user experience [27].

Obviously, the users at the border of the subregion of UAVs
will suffer the highest pathloss compared with other covered
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users. Recall that when the pathloss threshold is set to ρ, the
maximum coverage radius rises first and then decreases as the
altitude of the UAV increases.

Note that we preset the initial altitude of the UAV as the
inflection point of the curve, which means that the UAV can
provide the maximum coverage radius to meet the requirement
of path loss. At this time, if we shorten the service radius of
UAV according to the actual service area of UAV, we can
reduce the altitude on the premise of meeting the path loss,
so as to reduce power consumption.

Therefore, after obtaining the final horizontal positions of
UAVs, if the distance between cell edge users and the horizon-
tal projection of UAV i is less than the maximized coverage
radius, max{ui(x), x ∈ Ri} < Rmax, we can reduce the
altitude of UAV. For each UAV i, denote the actual coverage
radius as ra = max{ui(x), x ∈ Ri}, and the maximal pathloss
is kept ρ, the altitude of UAV h⋆ can be calculated by :

PL(h⋆, ra) = ρ. (20)

V. NUMERICAL RESULTS

First, we introduce four evaluation indexes to measure the
performance of our strategies. Denote κ as the percentage of
users without service and τ as the average value of traffic
capacity. Then, we introduce a balancing index to measure the
balance of the network, which can be calculated as follows:

ψ =
MSE

M
, (21)

where MSE represents the mean square error, and M rep-
resents the mean value. Denote ψt as the balancing index of
traffic capacity among UAVs and ψa as the balancing index
of the area of subregions.

Consider a rectangle region with a size of 2km by 2km and
500 users are assumed to distributed randomly in this area.
Each UAV can serve 30 users at most. After normalization,
the maximum traffic capacity of each UAV is 0.06. The
traffic demand of users rkmin is set to 0.003. The service
region is an urban environment and the parameters of the
ATG channels are a = 9.61, b = 0.16, ηLoS = 1 and
ηNLoS = 20 , which are calculated based on [24]. The
carrier frequency is fc = 2GHz. At the initialization, we
set the maximum pathloss to ρ = 95dB, so the optimal
altitude of the UAVs is calculated to be h = 340m and
the maximum cover radius is set to R = 470m. Consider
a capacity margin for emergency situations, the initial number
of UAVs that estimated is 20. For the clustering method, we
set E = 20, L = 100,H = 5, Sigma = 100, dmin = 10 to
get the initial UAV positions.

For comparison, we investigate the signal-to-interference-
plus-noise ratio (SINR) based scheme with uniformly gener-
ated points. The SINR-based scheme is a traditional strategy
where user k is assigned to a UAV that can provide maximum
SINR [28]. Simulation results produced by our proposal and
the SINR-based scheme are shown in the Fig. 3 and Fig. 4,
respectively, where the positions of UAVs are marked as purple
dots and the users are marked with different colors to represent
the density. Blue dots means the user density is low while the
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Fig. 3. Subregions designed by our strategies.

0 400 800 1200 1600 2000
0

400

800

1200

1600

2000

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Fig. 4. Subregions designed by SINR-based scheme with uniformly dis-
tributed points.

red dots means the user density is high. Note that the black
lines in the figures do not show the the actual boundary for
connection of the users and the UAVs.

As can be seen from Fig. 3, the locations of UAVs for
our proposal are center in the maximal local density areas.
Table III shows the traffic capacity of each UAV. Note that
the maximum traffic load of UAVs in the SINR-based scheme
is 0.0795, which is far greater than 0.0651 in our proposal.
As we can see from Table IV, the balancing index of traffic
load of UAVs is 0.0023 in our proposal and 0.0014 in the the
SINR-based scheme respectively. Although the SINR-based
scheme is more balancing than our proposal, our proposal can
serve more users and the average capacity of UAVs is higher.
Simulation shows our proposal can effectively improve the
network throughput.

Then, we investigate the effectiveness of each part of our
proposal. First, we evaluate the performance of the clustering
method. For comparison purpose, we investigate the scheme
of uniformed distribution points as initial positions. As is
shown in Table V, there are 3.71% users without service
for clustering method and 6.94% users without service for
uniformly distributed points. Exclude users who cannot be
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TABLE III
CAPACITY OF EACH UAV

Index 1 2 3 4 5 6 7 8 9 10
Our proposal 0.0651 0.0613 0.0480 0.0466 0.0549 0.0381 0.0651 0.0367 0.0513 0.0406

SINR-based scheme 0.0473 0.0632 0.0596 0.0422 0.0624 0.0391 0.0795 0.0438 0.0355 0.0457
Index 11 12 13 14 15 16 17 18 19 20

Our proposal 0.0453 0.0617 0.0651 0.0651 0.0343 0.0333 0.0651 0.0432 0.0516 0.0275
Our proposal 0.0367 0.0434 0.0448 0.0721 0.0450 0.0552 0.0502 0.0389 0.0449 0.0507

TABLE IV
PERFORMANCE OF OUR PROPOSAL

Our proposed strategy SINR-based scheme
κ 2.8% 4.0%

τ 0.0486 0.0480
ψt 0.0023 0.0014
ψa 117.9039 0

TABLE V
PERFORMANCE OF THE CLUSTERING METHOD

Clustering method Uniformly generated points
κ 3.71% 6.94%

τ 0.0481 0.0465
ψt 0.0012 0.0023
ψa 66.6739 4.4411

served, the balancing index of traffic load among UAVs is
0.0014 for the clustering method and 0.0023 for the uniformed
generated points respectively. Although we can not guarantee
that the clustering algorithm has the best effect, it can provide
us with an appropriate and effective initial locations of UAVs
to implement the following algorithm.

Second, we study the performance of the region partition
strategy and UAV relocation strategy. We take the SINR-based
scheme with the clustering method for comparison. As is
shown in Table VI, the percentage of users cannot be served
decreases to 5.1% and the average value of traffic capacity of
UAVs is 0.0475, both of which show improvement of service
performance of UAVs. Moreover, the balancing index of traffic
capacity among UAVs drops to 0.0013 and the balancing index
of the areas among UAVs falls to 52.6324. We can conclude
that our location strategy can make the traffic demand of
subregions as balanced as possible so as to serve more users.
Besides, our location algorithm requires about 70 iterations to
converge to the local optimum. In other words, the complexity
of the proposed algorithm is not high so it is practical for
applications.

Third, we evaluate the performance of UAV altitude ad-
justment strategy. Fig. 5 shows the 3D locations of UAVs of

TABLE VI
PERFORMANCE OF OUR LOCATION STRATEGY

Our location strategy SINR-based scheme
κ 5.1% 7.53%

τ 0.0475 0.0462
ψt 0.0013 0.0016
ψa 52.6324 87.8242
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Fig. 5. 3D locations of UAVs after the altitude adjustment strategy.

Fig. 3 after the altitude adjustment strategy. Table VII shows
the altitude of each UAV. As we can see, there are 12 UAVs
hovering below 200 meters. UAVs that serve small subregions
fly lower to save power consumption.

Then, we investigate the total throughput of UAVs with
different number of UAVs. As illustrated in Fig. 6, the total
throughput increases with the increase of the number of UAVs,
which is intuitive since UAVs can serve more users with the
increase in number. The SINR-based scheme performs poor
since it does not consider the distribution of user density and
ignores the capacity balance among UAVs. Fig. 7 shows the
total throughput with different number of users. As more users
are randomly distributed in this area, UAVs can serve more
users within its service region. When the number of users
increases to 600, the traffic loads of UAVs are close to the
maximum for both schemes, so the gap between two schemes
is reduced.

Finally, we compare our algorithm with the optimal result
under small-scale settings. Consider a rectangle region with
a size of 500m by 500m and 50 users are assumed to be
distributed randomly in this area. The initial estimated number
of UAVs is 2. In order to obtain the optimal result, we divide
the rectangular area into 100*100 meshes, where the UAVs can
be placed in the center of area. We produce the optimal result
by the exhaustive search, which takes more than 20 hours.
Table VIII shows the load distribution of UAVs. Although the
percentage of users out of service in our strategy is 1.8% more
than the optimal result, the gap between them is slight, both of
which are much better the SINR-based scheme. Considering
the computational complexity of our algorithm is far less than
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TABLE VII
PERFORMANCE OF THE ALTITUDE ADJUSTMENT METHOD

Index 1 2 3 4 5 6 7 8 9 10
Altitude of UAV 112 185 205 189 153 261 168 211 210 210

Index 11 12 13 14 15 16 17 18 19 20
Altitude of UAV 188 303 159 222 195 161 152 162 235 110

16 17 18 19 20
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Fig. 6. Total throughput of UAVs as a function of the number of UAVs.
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Fig. 7. Total throughput of UAVs as a function of the number of users.

the exhaustive search, it is more practical for applications.

Based on the simulation results shown in Fig. 3-7 and Table
III - VIII, we can conclude that our proposed strategy can make
the traffic demand among UAVs in a balanced way effectively.

TABLE VIII
LOAD DISTRIBUTION OF UAVS

κ τ

Optimal result 0 0.5

Our proposed strategy 1.8% 0.491

SINR-based scheme 11.3% 0.444

VI. CONCLUSIONS

In this paper, we investigated the UAV location and user
association problem from a load balancing perspective. Our
strategy can be divided into four steps. First, we introduced
a clustering method to place UAVs in the maximal local
density areas as initial positions. Then, we studied the region
partition strategy, which tried to minimize the maximum traffic
demand among UAVs so that the traffic capacity among UAVs
can be balanced as much as possible. Third, we proposed a
UAV location algorithm with the method of the backtracking
line search algorithm to refine the load balance among the
system. Finally, after determining the horizonal locations of
UAVs, we adjust the altitude of each UAV to save power
consumption. Simulation results show our proposal can serve
more users and make the traffic load among UAVs more
balanced compared with SINR-based scheme. The following
problems are interesting for future work: First, the altitude
and the horizontal position of each UAV should be optimized
simultaneously; second, dynamic UAV location optimization
is worth digging into; third, the heterogeneous traffic demand
case is also an important problem since joint optimization of
the UAV position and user association is more complex than
the terrestrial mobile networks.
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