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Abstract: The recent advances in drone technology significantly improves the effectiveness of applications such as border
surveillance, disaster management, seismic surveying and precision agriculture. The use of drones as base stations to improve
communication in the next generation wireless networks is another attractive application. However, the deployment of drone base
stations (DBSs) is not an easy task and requires a carefully designed strategy. Fairness is one of the most important metrics
of tactical communications or a disaster-affected network and must be considered for the efficient deployment of DBSs. In this
study, fairness-aware multiple DBS deployment algorithm is proposed. As the proposed algorithm uses particle swarm optimization
(PSO) that requires significant processing power, simpler algorithms with faster execution times are also proposed and the results
are compared. The simulations are performed to evaluate the performance of the algorithms in two different network scenarios.
The simulation results show that the proposed PSO based method finds the 3-Dimensional (3D) locations of DBSs, achieving
the best fairness performance with minimum number of DBSs for deployment. However, it is shown that the proposed suboptimal
algorithm performs very close to the PSO-based solution and requires significantly less processing time.

1 Introduction

The applications of drones are significantly increased in the last
decade. The use of drones open a new dimension and change the
conventional way of thinking for solving engineering problems
and designing critical applications. The drone based applications
span from border surveillance [1], disaster management [2], seis-
mic surveying [3] to precision agriculture [4]. Once considered as
a futuristic concept, drone based order delivery now became possi-
ble due to the efforts of research community and industry. Amazon
claims that PrimeAir, which is a drone-based order delivery system,
will increase the overall safety and efficiency of the transportation
system [5]. Amazon’s project shows how spread the drones will be
used in the future.

Recently, the use of drones as a base station to improve commu-
nication in the next generation wireless networks has attracted many
researchers. There are growing number of papers related to the place-
ment of drones for improving wireless networks. The air-ground
channel model for low altitude platforms such as drones and quad-
copters was investigated in [6]. The ray tracing simulation results
were used to analyze the behaviour of the channel and experimen-
tal data was fitted to explicit mathematical formulas. The authors
in [7], presented a closed form approximation for the probability of
Line of Sight (LoS) between the aerial platform and the user. The
optimal altitude of a DBS was also derived in order to maximize
the cell coverage. In [8], both the optimal altitude of a DBS and
minimum transmission power to maximize coverage is derived. The
authors also investigated the use of two interfering DBSs and found
the optimal distance between DBSs to maximize the coverage of the
rectangle shaped cell. For the first time, single 3D DBS placement
problem was formulated in [9] to maximize the number of covered
users in a cell. In [10], a single DBS placement to serve users having
different rate requirements was investigated taking into account the
limited-capacity wireless backhaul link. The work aimed to max-
imize the number of served users and sum rate of users. Authors
in [11] proposed an optimal placement algorithm based on a cir-
cle packing for a DBS deployment that maximizes the number of
covered users with the minimum transmission power. In [12], the
deployment of multiple DBSs, each using a directional antenna was
considered using circle packing theory. However, it was assumed

that all DBSs have the same altitude. The work in [13] also assumed
the same altitude for all DBSs, and determined the minimum num-
ber of required DBSs and their 2D locations in the horizontal plane to
cover all users. However, the authors did not consider the inter-cell
interference. Authors in [14], proposed a particle swarm optimiza-
tion based algorithm to find the number of required DBS and their
positions under the coverage and capacity constraints.

The works presented so far consider 3D placement of a DBS or
more than one DBSs to maximize served users and capacity. Some
of these works do not take into account the inter-cell (i.e. inter-DBS)
interference which is not a practical assumption. In studies related
to the placement of multiple DBSs, some studies assume either fixed
altitudes of DBSs and determine 2D placements of them, or place the
DBSs at the target area and determine the altitudes of DBSs. None
of these studies investigated the 3D placement of multiple DBSs
considering both capacity and fairness amongst users.

We propose a fairness aware multiple DBS deployment scheme,
which maximizes the sum of logarithms of achievable rates of
users. Maximizing the sum of logarithmic rates provides propor-
tional fairness, which is a good trade-off between total throughput
and max-min fairness. Maximizing total throughput results in total
neglect of some of the users. On the other hand aiming at max-min
fairness sacrifices too much from some users in order to improve the
worst user. The sum log rate approach is considered, for example,
in [15] . The authors investigated the fairness performance of users
in a cellular system with a full-duplex base station using log sum
rate and direct sum rate maximizing algorithms. In [16], the sum
log rate approach is used for the fair allocation of resources in an
interference-free a heterogeneous network. In order to verify the fair-
ness performance of our sum log rate based deployment algorithm,
the fairness metrics are calculated and compared with the other algo-
rithms which have different complexities. As the problem is highly
nonlinear and nonconvex, we apply a metaheuristic solution based
on the concept of particle swarm optimization (PSO). We also pro-
pose a near-optimal method that has much less run-time and PSO.
We perform several numerical evaluations in order to compare these
two methods along with some other benchmarks.

The paper is organized as follows. Section 2 presents the sys-
tem and channel model. Section 3 includes the problem formulation,
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Fig. 1: System model for two drone BSs (DBSs). Coverage areas of the two DBSs overlap, resulting in interference.

proposed and benchmark solutions. In Section 4 we present the
simulation results. Finally Section 5 concludes the paper.

2 System Model

We consider the downlink transmission from DBSs to the cellular
users. We assume two different user distribution scenarios. In the
first scenario, cellular users are uniformly distributed over the cel-
lular area, which has a maximum radius of Rmax, whereas in the
second scenario users are non-uniformly distributed. In the latter
case, parent points are first uniformly generated in the cellular area.
Then children (i.e. users) are uniformly distributed around the parent
points to achieve heterogeneity in spatial user distribution.

Users are denoted by the set U and their locations are given by
(xi, yi), where i ∈ U . It is assumed that the users are stationary and
each user is served by a DBS from the set D. We determine the
locations of DBSs which are denoted by (xj , yj , hj), where j ∈ D.
The minimum and maximum altitude of a DBS is limited to comply
drone regulations. We assume transmission power of all DBSs are
fixed. Another assumption is that the backhaul link has sufficient
bandwidth and operates on a different frequency band, therefore
avoiding interference to the user terminals. For multiple access, Time
Division Multiple Access (TDMA) is adopted and each DBS assigns
equal fraction of time slots to each user it serves. We also assume
that each user is connected to the DBS with highest Signal to Noise
Ratio (SNR). Figure 1 illustrates the system model for a special case
of two DBSs.

In [6], Air-to-Ground path loss model was analyzed using the
results of a ray tracing simulation software. The simulation sam-
ples are classified in three groups. In the first group, called LoS or
Near LoS, the rays travel freely between transmitter and receiver.
In the second group, there is no direct ray between transmitter and
receiver (NLoS) but receiver still receives strong rays via reflection
and refraction. In the last group, there is NLoS between transmit-
ter and receiver but in this case, receiver suffers from deep fading.
The authors in [6] ignore the last group because its samples con-
stitutes less than %3 of the total samples. The samples in the first
and second groups are used to provide statistically generic Air-to-
Ground path loss model. Authors’ work in [7], refines the path loss
model and provides the mathematical formulas, which are easy to
work with. The probability of LoS calculation is simplified by the
approximation presented as:

PLoS(hj , rij) =
1

1 + α exp(−β( 180π arctan(
hj

rij
)− α))

(1)

where rij is the distance between the ith user and the jth

DBS’s projection on to the horizontal plane and equals to√
(xi − xj)2 + (yi − yj)2), α and β are environment dependent

constants.

The path loss models for LoS and NLoS links are formulated as
[11]:

PLijLoS = 10 log

(
4πdijfc

c

)γ
+ ηLoS (2)

PLijNLoS = 10 log

(
4πdijfc

c

)γ
+ ηNLoS (3)

where dij is the distance between the ith user and jth DBS, γ is the
path loss exponent, fc is the operating frequency (1/s), c is the speed
of light, ηLoS and ηNLoS are the mean additional losses (in dB,
due to shadowing) for the LoS and NLoS connections, respectively.

Terrain profile (LoS or nLoS) is probabilistically dependent on the
distance, which also depends on the DBS location. Therefore each
candidate DBS 3D location set would randomly result in a different
profile. In order to optimize the DBS coordinates we adopt the mean
path loss model given in [11]:

PLij

= PLijLoSPLoS(hj , rij) + PLijNLoS(1− PLoS(hj , rij)) (4)

We assume that each DBS uses a fixed transmit power of PT . Let
Gij be the transmit antenna gain of DBS j in the direction of user i.
We assume an additive white gaussian noise (AWGN) channel with
power spectral density No.

As seen in the system model the channel model that we used
and the interference from nearby DBSs depend only on the loca-
tions of the users and DBSs. The algorithms that we will propose in
the subsequent section requires the positions of the users for imple-
mentation. Almost all mobile phones and tactical radios today have
an in-built GPS module. Positions of users can be obtained using
GPS and fed back to the DBSs or a central controller, to be used in
the proposed algorithms. Even if GPS service is not available, DBSs
can send pilot signals and mobile nodes can compute their relative
locations using triangulation techniques.

3 Deployment of Multiple DBSs

Drone Base Stations (DBSs) are suitable for a number of appli-
cations. For instance, terrestrial communication infrastructure may
be damaged so that all communication has to be provided by the
DBSs. After a disaster, each user requires to communicate through
text, voice or video. Considering this fact, the fairness amongst users
become critically important. Another possible application is tactical
networks where each mobile node should be connected to the system
and receive a fair rate. In order to meet these capacity and fairness
requirements, we propose a multiple DBSs deployment algorithm
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based on the sum of logarithms of the data rate of each user. As
mentioned in the Introduction, maximizing log-sum rate provides
proportional fairness. In this section we formulate the problem of 3D
positioning of a number of DBSs in order to maximize proportional
fairness.

Besides, as the proposed algorithm depends on particle swarm
optimization (PSO) which requires significant processing power, we
investigate the fairness performance of more time efficient multiple
DBSs placement algorithms, namely, K-means clustering, K-means
clustering with optimized altitude, X-means clustering and basic
geometric approach.

For a given set of DBS coordinates, each user has to select a DBS.
This is called user-DBS association. We assume that the ith user
selects the DBS with maximum received power. Let αi be the DBS
selected by the ith user.

αi = argmax
j
Rij(xj , yj , hj), (5)

where Rij(xj , yj , hj) is the received signal power from the jth

DBS at the ith user terminal and is calculated as [12]

Rij(xj , yj , hj) = 10
PT +Gij−PLij

10 , (6)

where W is the channel bandwidth, PT is the transmission power
(in dB) of a DBS, Gij is the gain of the DBS antenna ( in dB) and is
approximated by [12]

Gij =

{
29000
θ2B

, if rij ≤ hj tan
θB
2

0, if rij > hj tan
θB
2

, (7)

where θB is the half power beamwidth of the DBS’s antenna. Capac-
ity of a DBS is equally shared amongst the users in the time domain.
Let Uj(x, y, h), be the total number of users connected to DBS j.

Uj(x, y, h) =
∑
i∈U

I(αi = j), ∀j ∈ U, (8)

where x, y, h ∈ R|D| are the locations of DBSs in the 3D space and
I(αi = j) ∈ {0, 1} defined as

I(αi = j) =

{
1, if αi = j,

0, otherwise.
(9)

Finally, the fairness aware multiple DBS deployment problem can
be formulated as

max
x,y,h

∑
i∈U

log

 1

Uαi

W log2

1 +
Riαi

(xαi , yαi , hαi)

NoW +
∑
j 6=αi

Rij(xj , yj , hj)




subject to√
x2j + y2j ≤ Rmax ∀j ∈ D,

hmin ≤ hj ≤ hmax ∀j ∈ D.

,

(10)
where N0W is the noise power.

Another alternative (benchmark) is locating the DBSs in a way
to maximize the total throughput. The problem of multiple DBS
deployment for direct sum rate maximization can be written as,

max
x,y,h

∑
i∈U

 1

Uαi

W log2

1 +
Riαi

(xαi , yαi , hαi)

N0W +
∑
j 6=αi

Rij(xj , yj , hj)




subject to the same constraints given in (10).
(11)

In problems defined in (10) and (11) the rate expressions involve
interference, which depends on the optimization parameters (x,y,h).

Moreover User-DBS association is also dependent on the opti-
mization parameters, which makes the problems highly nonlinear.
Therefore it is impossible to solve these problems using standard
convex programming techniques. Hence we apply a meta heuris-
tic algorithm, called Particle Swarm Optimization (PSO), which
was introduced by J. Kennedy and R. Eberhart in 1995 [17]. PSO
algorithm is inspired from the swarm behavior of animals such as
birds or fishes in nature. The algorithm generates a population of
random solutions called particles and improves the solution in each
iteration by moving particles in the hyperspace. The positions of
particles are updated in each iteration by considering the position
of a particle achieving the best solution found in the swarm, called
global best, and the position of the particle achieving the best solu-
tion for that particle, called local best. The algorithm keeps track of
the global best value and its position and the local best values of the
particles and their locations. In our case, the stopping criteria is cho-
sen as the convergence of particles to a point. The details of the PSO
algorithm we apply to the problems presented in (10) and (11), is
provided in Algorithm 1. We call these approaches as LogPSO and
LinPSO, respectively.

In this algorithm first Npar candidate solutions and velocity of
each particle are randomly generated in Line 1. Then the algorithm
iterates until convergence (Lines 2-22). Convergence means the posi-
tions of the particles being sufficiently close to each other. At each
iteration the algorithm calculates the fitness values of each particle
(denoted by F(i)), which is the log-sum rate of users correspond-
ing to that candidate solution in Lines 3-5. Then, the globally best
solution is updated in Lines 6-11. Local best position of each par-
ticle is updated in Lines 12-17. Finally based on these values, the
positions of each particle are updated in Line 18-21. Here, c1 and c2
are the algorithm parameters. In the literature, it is common to take
c1 = 0.72 and c2 = 2.3.

A high number of particles improves the chance of finding the
globally optimal solution. Although the implementation of the PSO
is easy, it requires significant amount of processing power if the
number of particles and the problem dimensions are large. There-
fore, we also propose less complex algorithms to solve multiple DBS
deployment problem and compare their performance results.

Algorithm 1 LogPSO and LinPSO

1: Generate the random matrix of candidate solutions
P ∈ RNpar×3|D| and calculate V by: V = P× 0.3×
(rand(npar, 3× |D|)− 1)

2: while not converge do
3: for i = 1 to Npar do
4: F(i) = calculate (10) given the DBS positions P(i, :)

(or calculate (11) for LinPSO)
5: end for
6: newgbest = max(F);
7: index = argmax(F);
8: if newgbest > gbest then
9: gbest = newgbest

10: gbestP = P(index, :)
11: end if
12: for i = 1 to Npar do
13: if F(i) > lbest(i) then
14: lbest(i) = F(i)
15: lbestP(i, :) = P(i, :)
16: end if
17: end for
18: for i = 1 to Npar do
19: V(i, :) = c1 × V(i, :) + c2 × rand(1, 3|D|)(lbestP(i, :

)− P(i, :)) + c2 × rand(1, 3|D|)(gbestP(i, :)− P(i, :))
20: end for
21: P = P + V
22: end while
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3.1 K-means Clustering (K-Cov)

K-means is an unsupervised learning method to solve clustering
problems. Given the observations and the number of clusters (e.g.
|D| clusters), the algorithm finds the positions of |D| number of
centroids which minimize the associated cost [18]. In our case,
observations are user positions and centroids are the locations of |D|
number of DBSs in the horizontal plane. Here, the cost is the sum of
the squared Euclidean distance between DBSs and their associated
users. The problem is formulated by,

min
j∈D

∑
i∈U
‖ui − µj‖2 (12)

where ui ∈ R2 is the positions of ith user and µj ∈ R2 is the
positions of jth DBS. Stuart Lloyd proposed an efficient iterative
algorithm in 1982 [19]. This algorithm first randomly determines
the positions of the centroid and then connects each user to the clos-
est centroid. Then the centroid positions are updated by takin the
mean of the user locations connected to each centroid. This opera-
tion is repeated until there is no significant change in the centroid
locations. Using Lloyds algorithm, we find the location of each DBS
in the horizontal plane and its associated users. We now define a very
simple approach in order to determine the altitude of each DBS, as
follows,

H = max

(
hmin,

dmax

tan( θB2 )

)
, (13)

where dmax is the horizontal projection of the distance between the
DBS and the most distant user served by it. We follow this approach
in order to lower the DBS as much as possible and still cover all its
associated users. We call this simple approach as K-Cov.

3.2 K-means Clustering with Optimized Altitude (K-APSO)

In this algorithm, first we benefit from the time efficient implemen-
tation of K-means clustering in order to obtain the locations of DBSs
in the horizontal plane. Secondly, we benefit from the performance
of the PSO algorithm to only find the altitudes of DBSs. Compared to

Algorithm 2 K-APSO

1: Apply Lloyd’s algorithm to find xi and yi for i ∈ D
2: [x, y] = Lloyd(locNx, locNy)
3: Generate the matrix of random candidate solutions (for

altitudes) A ∈ RNpar×|D| calculate V by: V = A× 0.3×
(rand(npar, |D|)− 1)

4: while not converge do
5: for i = 1 to Npar do
6: F(i) = calculate (10) given the DBS altitudes A(i, :)
7: end for
8: newgbest = max(F);
9: index = argmax(F);

10: if newgbest > gbest then
11: gbest = newgbest
12: gbestA = A(index, :)
13: end if
14: for i = 1 to Npar do
15: if F(i) > lbest(i) then
16: lbest(i) = F(i)
17: lbestA(i, :) = A(i, :)
18: end if
19: end for
20: for i = 1 to Npar do
21: V(i, :) = c1 × V(i, :) + c2 × rand(1, |D|)(lbestA(i, :

)− A(i, :)) + c2 × rand(1, |D|)(gbestA(i, :)− A(i, :))
22: end for
23: A = A + V
24: end while

Algorithm 3 X-Cov

1: Start with |D| = 3
2: Apply Lloyd’s algorithm to find xi and yi for i ∈ D
3: [x, y] = Lloyd(locNx, locNy)
4: using (13) calculate the altitudes of DBSs
5: while Splitting of a DBS occurs and |D| < Kmax do
6: Apply Lloyds’s algorithm to split positions x and y in two
7: xi splits to xsi and yi splits to ysi for i ∈ D
8: for i = 1 to |D| do
9: oldVal = Calculate (10) using xi and yi

10: newVal = Calculate (10) using xsi and ysi
11: if newVal-oldVal >0 then
12: Update xi using xsi
13: Update yi using ysi
14: end if
15: end for
16: Update |D|
17: end while

the Algorithm 1, the time consuming search of particles is reduced
as the particle search dimension is |D| instead of 3× |D| dimen-
sion. Hereafter, we call this algorithm K-APSO. The details of the
K-APSO algorithm is presented in Algorithm 2.

3.3 X-means Clustering (X-Cov)

Although K-means clustering is a fast algorithm to determine the
locations of DBSs in the horizontal plane, it suffers from two short-
comings. The first issue is that the number of DBSs to be deployed
has to be provided by a network planner. Secondly, K-means cluster-
ing does not consider interference between the DBSs and places the
given number of DBSs over the network. These problems are miti-
gated by the method called X-means which is proposed by [20]. We
adopted X-means clustering approach and modified the algorithm to
determine the number of DBSs required and their locations in the
horizontal plane. Considering the algorithmic efficiency of the pro-
posed algorithm, the altitude of each DBS is calculated according
to (13). The pseudo code of the proposed X-means clustering-based
DBS deployment approach is presented in Algorithm 3, which we
call X-Cov hereafter.

The X-Cov algorithm starts with 3 clusters (i.e. DBSs) and per-
forms 3-means clustering in order to determine the locations of the
3 DBSs (Line 1-2). Then the algorithm checks each cluster one-by-
one and splits it into two. Then it determines and applies the split that
results in the best performance improvement, if there is any (Lines
8-15). The algorithm lasts until either there is no more improvement
or the maximum number of available DBSs is reached.

3.4 Basic Geometric Approach (BG)

This approach places the given number of DBSs over the network by
using simple geometric manner, without taking into account the user
locations. Here, we place a DBS in the center of a cell and then place
the remaining DBSs symmetrical around the origin. The altitude of
each DBS is calculated using (13). This is the simplest algorithm by
far amongst the proposed algorithms and serves as a benchmark. We
call this method as BG hereafter.

4 Simulation Results

We use Matlab software and a computer with Intel i7 quad core pro-
cessor with a clock speed of 2.6GHz and 4GB RAM to carry out
our simulations. For each number of DBSs (|D|) available, we run
the proposed algorithms 100 times and average out the results to
obtain the final results we present in the tables and figures. We con-
sider two different user distribution scenarios. In the first scenario
(Scenario I), the users are uniformly distributed over the network,
whereas in the second scenario (Scenario II), 10 parent points are
uniformly generated over the circular area and then child points are
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Table 1 Simulation Parameters

Parameter Definition Value

fc Carrier Frequency 2GHz
Rmax Radius 1500m
W Bandwidth 20MHz
U Number of Users 100
N0 Noise Power Spectral Density −170dBm/Hz
α, β Environmental Parameters 9.61, 0.16
ηLoS , ηNLoS Mean Pathloss 1dB, 20dB
θB DBS Antenna Beamwidth 140◦

PT DBS Transmission Power 30dBm
Npar Number of Particles 100

Pconv Convergence of Particles 10−4

hmin, hmax Min. and Max. Altitude 200m, 800m
NMC Monte Carlo Simulations 100
LTH Low Data Rate Threshold 500Kbps

uniformly distributed in the range [0, 300] metres around the parent
points. The simulation parameters are provided in Table 1. The air to
ground path loss parameters are obtained from [6]. For the radius of
1.5km, the total area is calculated as 7.06km2. In order to measure
the fairness performance of the deployment strategies, we calculated
3 different metrics namely,

1. Jain’s fairness index,
2. Max/Min ratio,
3. The number of users having data rate under the specified thresh-
old (500Kbps in our case).

Jain’s fairness index is widely used to evaluate the fairness perfor-
mance of the networks [21] and it is calculated by [22]

J =

(∑|U |
i=1 Ci

)2
|U |
∑|U |
i=1 C

2
i

(14)

where Ci is the data rate of ith user. Jain’s metric being close to 1
means a good fairness performance.

The second fairness metric, Max/Min ratio, is defined as the ratio
between the highest and lowest data rate of the users [21]. The last
fairness metric we use is the number of users whose data rates are
lower than the specified threshold. We choose this metric considering
the fact that in case of a disaster, it is critical to ensure that every user
should receive up-to-date information from the network.

In Table 2, we provide the fairness metrics of the algorithms when
there are maximum of 7 DBSs available (denoted as NA

DBS) for
deployment. The metrics show that the LogPSO method outperforms
all other algorithms considering all fairness metrics for both Sce-
nario I and II. However the proposed K-APSO algorithm is almost
as good as LogPSO in terms of proportional fairness. Considering
its simplicity, K-Cov also performs surprisingly well. X-Cov per-
forms especially well in the case of heterogeneous user distribution.
The reason is that when the users are distributed in a clustered man-
ner it is easier to split them into clusters and use a suitable number of
DBSs. The proposed K-Cov and K-APSO also performs almost opti-
mal in terms of Jain’s Index and average number of low rate users.
On the other hand LinPSO has poor fairness performance, as it does
not aim fairness. Finally the benchmark BG method performs the
worst, which shows the necessity of intelligent placement of DBSs.

The methods LogPSO, K-Cov and K-APSO perform quite sim-
ilarly. However, as it can be seen from Table 3, which shows the
average execution times of the algorithms to solve a deployment
problem when NA

DBS = 7, the execution time of the LogPSO is
much longer than those of the less complex algorithms. These results
indicate that K-Cov, K-APSO and X-Cov can be used in practi-
cal implementations with a negligible loss of performance. On the
other hand LogPSO and LinPSO may be problematic in scenarios
with high mobility, as the topology may significantly change during
computations.

Table 2 Fairness Performance of Algorithms

Algorithm SumLog x103 Max/Min Jain’s Index Low Rate Users
I II I II I II I II

LogPSO 1.618 1.618 17.03 12.4 0.82 0.73 0.03 0
LinPSO 1.571 1.610 311.8 61.03 0.37 0.65 7.15 2.19
K-Cov 1.615 1.609 20.29 24.76 0.80 0.69 0.14 0.27
K-APSO 1.615 1.611 23.05 25.54 0.81 0.69 0.18 0.31
X-Cov 1.587 1.615 27.25 26.66 0.78 0.71 0.54 0.37
BG 1.574 1.574 65.78 25.15 0.63 0.62 3.52 17.16

Table 3 Execution Times of the Algorithms (s)

LogPSO LinPSO K-Cov K-APSO X-Cov BG

NDBS 35.24 36.32 0.032 0.82 0.18 0.003

In Figure 2, sum log rate (proportional fairness) performance of
the algorithms for different number of DBSs are shown for Scenario
I. As expected, the LogPSO achieves the best capacity for each case.
The worst performing algorithms are BG and LinPSO. BG is not
a smart algorithm and proposed to understand to what extent com-
plex algorithms for the deployment of DBSs problem is required.
The results of BG in both scenarios prove that the DBS deployment
algorithms must be considered carefully. LinPSO performs second
worse because it focuses only on the users with good channel condi-
tions and do not consider the others which are located far away from
them. K-APSO and K-Cov perform almost as good as the LogPSO
method, with much shorter run time. The performance of X-Cov is
in between the best and the worst performing algorithms.

Using excessive number of DBSs may result in interference,
which has a detrimental effect on the performance. We present Table
4 in order to understand the actual average number of DBSs that the
algorithms use given a certain number of DBSs(denoted as NDBS).
This can also be defined as the total number of DBSs, where each
DBS serves at least one user in the network. The results are obtained
for Scenario II, in which the deployment problem is more diffi-
cult because the clustered distribution of users may bring serving
DBSs closer, causing excessive interference. Deployment algorithms
should be aware of this situation and avoid deploying DBSs too close
to each other. Results show that K-means based algorithms, namely
K-Cov and K-APSO, do not provide a mechanism to determine
NDBS and simply place all NA

DBS DBSs over the network which
cause interference hence performance loss. The proposed LogPSO
can achieve this by throwing the unnecessary DBSs out of the circu-
lar area as a result of swarm intelligence. Same behavior is observed
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Fig. 2: Sum Log Rate Performance for Scenario I
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Table 4 Average Number of Deployed DBSs

LogPSO LinPSO K-Cov K-APSO X-Cov BG

NDBS (Max=4) 3.94 3.99 4 4 4 3.92
NDBS (Max=7) 5.91 6.17 7 7 6.89 6.29
NDBS (Max=10) 7.03 7.50 10 9.74 8.07 7.92

in LinPSO as it is also based on swarm intelligence. These algo-
rithms understand that the overall performance of the network may
get better when some DBSs are not used then these DBSs are moved
to the positions where they can not serve to any user. As an exam-
ple, when NA

DBS = 10, LinPSO and LogPSO use around 7 DBSs
to serve the users. The method X-Cov finds a somewhat suitable
NDBS by applying the splitting mechanism. Although BG does not
have any specific mechanism, as the distance between DBSs in the
circular line gets closer, some DBSs become redundant and no user
is connected to them. However, BG does not reduce NDBS in order
to manage the interference because the redundant DBSs continue to
transmit as a source of interference in their fixed locations which are
determined without considering user locations. As a result of strong
interference, BG achieves the worst performance results.

In Figure 3, the sum rate performance of the proposed algo-
rithms versus NA

DBS is presented. As expected, LinPSO provides
the best sum-rate as LinPSO is designed to maximize sum rate
capacity. When there are 5 DBSs available for the deployment,
LinPSO exceeds the capacity of second best LogPSO and third best
K-APSO by %11.2 and %15 respectively. The increasing number of
DBSs narrows the performance difference of K-APSO and K-Cov
algorithms. The reason is that the users are guaranteed to be in a
coverage of a DBS when the altitude is at the minimum. When there
is not enough DBS in the network, altitude of a DBS is critical and
need to be planned carefully to cover the users in its area. The per-
formance of X-Cov algorithm does not provide good results but still
much better than BG.

Figure 4, the sum log rate of the algorithms is shown for Sce-
nario II. Again, LogPSO achieves the best results for each case.
Different than the results obtained in Scenario I, LinPSO and X-Cov
provide acceptable performance behind LogPSO. However, K-Cov
and K-APSO which produce good performance in Scenario I, fail
to locate DBSs efficiently in Scenario II. The reason for this situa-
tion is that the unawareness of K-means clustering algorithm to the
interference incurred at the user terminals. K-Cov and K-APSO uses
all the DBSs available without considering the interference. Figure
6 shows the aforementioned situation when NA

DBS = 10. Figure 6a
shows that the LogPSO method considers 4 DBSs as redundant (and
throws them far away) and suitably deploys the other 6. K-Cov tries
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Fig. 3: Sum Rate Performance for Scenario I
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Fig. 4: Sum Log Rate Performance for Scenario II
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Fig. 5: Sum Rate Performance for Scenario II

to deploy all available 10 DBSs and creates interference. Finally X-
Cov uses 7 of the available 10 DBSs. Please note Figure 6c that it
uses one extra DBSs to cover a few isolated nodes.

The capacity reducing effect of interference is clearly shown in
the Figure 4 and Figure 5, when more than 6 DBSs are deployed
in the network. As X-Cov uses K-means clustering considering the
local capacities in each splitting decision, it limits the number of
DBSs deployed and hence interference. As a result, X-Cov is an
alternative to PSO based algorithms if the processing power is lim-
ited. Figure 5, shows that the capacity limit is achieved when there
are 8 DBSs in the network. The capacity limit is much higher in
Scenario I, because the network serves the users with more DBSs
without bringing them spatially too close. We do not investigate the
NDBS required to achieve capacity limit of Scenario I, as this is not
a motivation of this article.

5 Conclusion and Future Work

In this paper, we have studied the multiple DBS deployment con-
sidering the fairness amongst users. The proposed algorithm, which
maximizes the sum of user’s log rates by using Particle Swarm
Optimization, termed LogPSO has provided the best fairness per-
formance in two different network scenario and uses the optimal
number of the available DBSs. It is observed that the PSO requires
significant processing power and may not be suitable for some appli-
cations. However, the proposed K-means and X-means clustering
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Fig. 6: Deployment of DBSs when NA
DBS = 10

based algorithms can be used as an alternative to the LogPSO in net-
works with different user distributions. The best algorithm to plan
the deployment of multiple DBSs can be chosen according to the
processing power of the system and performance requirements of
the network.

As for the future work, we plan to address dynamic management
of DBSs in case there exists mobile users in the network. Con-
sidering various mobility models, we will analyze the continuous
coverage of users by applying markov chain modelling on the num-
ber of DBSs required. Another direction for the future work would
be a device-to-device (D2D) enabled DBS network, where the DBS
coverage can be augmented by users that have D2D communica-
tion capability. D2D technology also enables terminal relaying. In
addition to pathloss and shadowing that are considered in this work,
there is also short term multipath fading. D2D relaying has poten-
tial to provide diversity, reduce outage probabilities and improve the
fairness performance.
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