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Abstract

Deployment of access point (AP) is a problem that must be considered in network planning.
However, this problem is usually a NP-hard problem which is difficult to directly reach
optimal solution. Thus, improved AP deployment optimization scheme based on swarm
intelligence algorithm is proposed to research on this problem. First, the scheme estimates the
number of APs. Second, the multi-objective particle swarm optimization (MOPSO) algorithm
is used to optimize the location and transmit power of APs. Finally, the greedy algorithm is
used to remove the redundant APs. Comparing with multi-objective whale swarm optimization
algorithm (MOWOA), particle swarm optimization (PSO) and grey wolf optimization (GWO),
the proposed deployment scheme can reduce AP's transmit power and improves energy
efficiency under different numbers of users. From the experimental results, the proposed
deployment scheme can reduce transmit power about 2%-7% and increase energy efficiency
about 2%-25%, comparing with MOWOA. In addition, the proposed deployment scheme can
reduce transmit power at most 50% and increase energy efficiency at most 200%, comparing
with PSO and GWO.
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1. Introduction

Network planning is a classical and important problem in the network. The main content is

to obtain the optimal location and configurations of access point (AP) by considering the rate
requirements, AP capacity and quality of service (QoS) of users. In order to achieve this
objective, the task of network planning is to obtain the number and location of deployed APs,
and adjust the transmission power of APs according to the above constraints. The problem
requires some parameters such as the distribution of users or the interference from other AP
as inputs to the solution of the problem, which increases the complexity of the problem.

This problem has been studied by many scholars. The NP-hard problem generated in the
base station placement was solved by using genetic approaches [1]. Tugrul et al. classified the
base station deployment problems and provided solutions for these problem [2]. An
intensive learning-based approach was proposed by Dai et al. to solve AP deployment problem
with multi-objective [3]. Wang et al. combined the greedy search algorithm and distributed
motion algorithm to deploy the base stations (BS) [4]. Ghazzai et al. used the algorithms based
on swarm intelligence to get optimal locations with minimum number of BS in a given area
[5]. To achieve the objective of coverage maximization, Hanh et al. proposed a novel
metaheuristic in the form of a genetic algorithm [6]. In addition, a novel particle swarm
optimization (PSO) was proposed to obtain minimum number and maximum coverage, which
is based on the negative velocity [7].

In order to obtain optimal location, improve communication capacity and provide better
service for users, some studies for the location of AP have been proposed. Wu et al. proposed
a priority-based AP deployment scheme to increase user throughput in the WIFI convergence
network [8]. Fu et al. presented a novel architecture of AP deployment, which was consisted
of control layer, processing layer and access layer, to improve the service efficiency of AP [9].
Additionally, the 3D position optimization of drone-BS based on maximizing the number of
serviced users is studied [10]. Zhang et al. deployed the AP from the perspective of the
operator without affecting the profit of the operator [11]. An optimization model based on a
maximizing algorithm was proposed to decrease the number of drone AP and ensure their
optimal positions by [12]. But these works only consider the location in the area and do not
consider the power of the AP.

Other studies on AP power adjustment have also been proposed. A hybrid access point (H-
AP) realizes the improvement of ap energy efficiency based on the mixed transmission of
energy and information [13]. Garcia et al. researched on the distribution of channels and power
and proposed heuristic algorithm [14]. Similarly, an AP deployment scheme through power
control and partial channel multiplexing is proposed by Tewari and Ghosh [15]. Hsu and Su
considered the minimum deployment number and maximum coverage of APs and proposed
an AP deployment scheme based on a greedy algorithm [16]. The above works only consider
the power adjustment of the AP and do not comprehensively consider the location and
coverage of the AP.

In summary, most of the current schemes do not consider both AP location and AP transmit
power. Because those schemes ignore the transmit power when determining the location of the
AP, the energy efficiency (EE) of the AP is not high. Thus, in order to improve the EE of AP,
the location and the transmit power of AP are considered simultaneously.

In this paper, improve AP deployment optimization scheme based on swarm intelligence
algorithm is proposed to find the maximum EE, minimum transmit power and optimal location
of APs. Meantime, in view of three important constraints, including area coverage constraint,
AP capacity constraint and transmit power constraint, this paper tries to exploit swarm
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intelligence algorithm to solve the combinatorial optimization problem. The main
contributions of this paper can be summarized as follows:

1) In this paper, the objective of AP deployment is to obtain the minimum transmit power
and maximum energy efficiency, which guarantees the energy consumption and
transmit rate of the communication network.

2) A random geometric algorithm is used to estimate the capacity of a single AP and
calculate the maximum number of APs according to the user's service requirements.

3) The proposed deployment scheme first introduces multi-objective particle swarm
optimization (MOPSOQ) algorithm to obtain the location of AP and then applies greedy
algorithm to reduce redundant AP.

In section 2, related works are introduced. In section 3, the system model is presented. In
section 4, the method for estimating the number of APs based on the random geometry, the
AP deployment scheme based on MOPSO algorithm and the greedy algorithm for reducing
the redundancy of APs are proposed. In section 5, the performance of the proposed scheme is
evaluated by comparing with other algorithms. A conclusion and discussion of future work
are described in section 6.

2. Related Works

In this paper, the proposed AP deployment optimization scheme based on swarm intelligence
algorithm contains two main points: 1) Modeling AP using stochastic geometry theory; 2)
Application of MOPSO algorithm.

Around the challenging points, there has been many research results in the past decades. In
these results, the application of stochastic theory is significant for the challenging points.
Andrews used stochastic geometry to develop new general models to evaluate the multi-cell
signal-to-interference-plus-noise ratio (SINR) [17]. Nie et al. proposed the ergodic rate
expression by the stochastic geometry [18], which can effectively address the problem how to
design appropriate cooperative radius. In the same way, the model of user association radius
and base station ergodic rate was obtained by using random geometric theory [19]. Sun et al.
proposed an extended point process to simulate the distribution of the interfering body sensor
networks by using stochastic geometry [20]. Thus, the stochastic geometry theory can be used
to estimate the number of APs deployed and compute the capacity of a single AP, which can
save a lot of computing time.

The MOPSO algorithm [21] was first proposed by Carlos et al. to solve the optimization
problem with mutual influence among multiple goals. Zhang et al. applied the MOPSO to
solve antenna deployment problem [22]. Yang et al. used the MOPSO algorithm to complete
the deployment of radar BSs to meet the requirements of coverage and energy signals [23].

In this paper, two objective functions are composed of minimum transmit power and
maximum energy efficiency. In order to reach these two objectives, the MOPSO algorithm is
designed to complete the deployment of AP location and transmit power. Because the AP
deployment problem is generally a NP-hard problem and other evolutionary algorithms,
including MOEA/D, NGSAII, et al. are more complicated with heavy computation and
difficult to solve the large-scale AP and unlimited groups of AP deployment problem. It is
simpler to update the population position and velocity in the evolution process in MOPSO
algorithm. Thus, the MOPSO is simple for handling large-scale combinatorial optimization
problems. In addition, the proposed deployment scheme considers both the power and energy
efficiency of AP and the deployment scheme continuously changes the user's location and the



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 15, NO. 4, April 2021 1571

transmit power of each AP in iterations, and finally ensures the entire system to obtain
minimum transmit power and maximum energy efficiency.

3. System Model

This paper considers multiple APs with a specific number of users within a given area. The
entire area is divided into Nysare. SUbareas with N users. The system model is shown in Fig. 1.
The acreage of subarea k is A(k) and the total area is A7. Thus, it can be obtained that:

z:‘:"a’” A(k) = AT ' k :1’ 2' """ ' Nsubarea (1)

Let the user distribution density in each subarea k be D(k). The users obey uniform
distribution. Note that different subarea is with different user density. The goal of the
deployment scheme is to find the number of APs, AP's best position (X, y) and transmit power
P, which should satisfy the coverage constraint, capacity constraint and transmit power
constraint.
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Fig. 1. System model

The capacity constraint: Define area ratio variable p,,x which depends on the mutual area
and the total area, can be expressed as:

am
Pk zivk’m:]-’ 2, .. Ny (2)

AP,

m

Where AP,, is the mth AP, a,, is the mutual area between AP,, and subarea k, Sap,, is the

total area of AP,, and 0 <p,.« <1. The Nap is the number of deployed APs, which is introduced
in subsection 4.1.

To satisfy the capacity constraint, (3) should be satisfied, where # is tolerance parameter
which is used to relax the capacity constraint.

Z:: Nuserpm,k ZUD(k)A(k),OSUS]_ (3)
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where N, is the maximum number of users that can be served by an AP, which is introduced
in subsection 4.1.

The coverage constraint: The paper states that when users with a proportion of o get
services, the coverage constraints can be satisfied. Let Nrer = oN define binary variable y, which
is used to express the user status.

’ :{1 ?f user n ?s covered by at least one AP]n _12 N (4)
0 ifusern is not covered by any AP

Therefore, when the entire area meets the coverage constraint, the following equation should
be satisfied:

Z:‘:lyn 2Nref (5)

It should be noted that the values y, and p,.« are related to the AP position coordinates (X, ).
The transmit power constraint: The transmit power constraint also should be satisfied:

Pm = Pthreshold mel 2, N AP (6)

where P, is the transmit power of mth AP, Puyesio iS the transmit power threshold. In
summary, the problem of AP deployment can be expressed as follows:

b iR i (6) 0
Subject to
" Noer P 2 1D (K) AK), K =12, Ny (7a)
S 72N, (7b)
P, <Ponoig MEL 2, o N (7¢c)

The (7) represents the optimization goal of the AP deployment scheme which consists of
two sub-goals. f; is to make the deployment solution have the lowest energy consumption, and
f, ensures that each user has the optimal EE. In order to ensure the entire problem to be a
minimized problem, the value of EE is reversed and the maximum value is converted to the
minimum value. This paper uses the average EE of users who are served by AP to represent
the EE of current AP. The equation is as follows:

EE=0/F, ®)

where u is the throughput of each user and P is the received power of each user.
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4. AP Deployment Scheme

In this section, an AP deployment scheme based on user distribution is proposed. The process
of scheme is shown in Fig. 2. First, the scheme uses random geometry to pre-estimate the
number of deployed APs, which will be introduced in subsection 4.1. Second, the scheme uses
the MOPSO algorithm to obtain the AP location and the transmit power in subsection 4.2.
Then, the scheme uses the greedy algorithm to eliminate redundant APs in subsection 4.3.

Final AP
deployment
scheme

Initialize
model
parameters

Pre-estimation AP pre- AP
with random |—{ deployment [— redundancy
geometric with PSO elimination

Fig. 2. AP deployment scheme process

4.1 Pre-estimation with random geometric

In this section, random geometry method is selected to evaluate the performance of a single
AP because the performance of each AP in the network affects the deployed number of APs
which influence the overall communication network greatly. The AP follows the assumptions
including: the AP follows a distribution of Poisson point process (PPP) with intensity of A and
have a common cell radius of Ru; A user can be covered by multiple APs but only one AP can
provide the service for this user; Interference only exists between APs.

Considering a propagation channel model containing pathloss and Rayleigh fading, the
receiving SINR of a user associating with the AP within Ry is as follows:

- Rgr
SINR(i) = LI ©)
( ) Zje‘{’/{i}Pbijj + NO

where Py is the transmit power of AP, g;, g;are the Rayleigh fading factor of AP, and AP,
respectively, AP; is the AP that provides services to user, AP; is the interference AP. i, j is the
index of APs in the area, a is the pathloss factor, 7; is the distance from user to AP;, R; is the
distance from user to AP;, > Ro.R“ is the interference from other APs except AP;, ¥ is

jewl{i}
the set of all APs, W/{i} excludes AP; from ¥ and No is the thermal noise power. Then (9) can
be rewritten as:

R Y
SINR (i)= e, (10)
lo, (I)=Rgr™ (10a)
Ims‘ (j):zj'g\w{i}Pbij;a (10b)

According to random geometry theory, the total throughput u can be expressed as:

u =%|n(1+S|NR(i)) (11)
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where the logarithm can be rewritten in (12)'
In(1+SINR(i))= [ %’SN‘)L (5)(2-Ly, (5))ds (12)

where the L (s) and L, (s) are the Laplace transform of 1 . (j) and 1, (i).

Due to the Rayleigh fading factor gi/g; follows the exponential distribution, the L, (s) and
can be expressed in (13) and (14):

,5|‘b‘ (i) —SZ <’|d>s/{‘)PngRJa
Ly (s)= [ }:ERng[e :

{ 27r/1_[ = exp{ stgjr"’}})rdr} (13)

exp{ ZMJ I: P, r"” ]rdr}

_ =slgg (i) 4 Riy _ 1
L(ps(s)_E[e } exp{ R [1 1+stqurdr} (14)
Let a=4, (13) and (14) can be rewritten as:
Ly (s)=exp {—ml sP, arctan \/:?b} (15)
_ 1 Ri
Lms(s)_exp{ R SP, arctan \/ﬁ} (16)

According to (12), (15) and (16), (11) can be rewritten as:

—expl— & Ri
}[1 exp{ R starctan\/ﬁHds an

When deploying APs, the paper first estimates the number of APs needed. Due to the limited
coverage of a single AP, user coverage and AP capacity should be considered simultaneously
for the entire coverage area.

According to the COST-231-HATA model, the pathloss which can be denoted as PL is:

— »1 —sNg Vésph
U—J‘O ge exp{—ﬂl sP, arctan 2

PL=46.33+(44.9-6.55Ig(h,))lg(d)+33.91g( f )

—~((1.11g( f)-0.7)h, —1.561g( f ) +0.8)-13.82Ig(h,) +3 (18)

where h; is the height of receiving antenna, his the height of transmit antenna, f is operating
frequency. Let the minimum rate for each user be um, the maximum allowed pathloss be ML
[5]. According to the PL and ML, the coverage radius of a single AP is:

Ry = d |PL=ML (19)
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Then the number of APs based on AP coverage can be calculated according to (19), which
can be expressed as N§" :

NE = (20)

- 2
7Ry,

The number of APs based on AP service capacity can be calculated, which can be expressed
as Ng°:

CAP Nauparea D(k)A(k
Nz =zk:1 % (21)

where N is the maximum number of users that are served by an AP, which can be
expressed as:
N = - (22)

uth

where u is the minimum throughput threshold for each user. In order to ensure the coverage
constraint and the capacity constraint at the same time, the number of APs is estimated as
follows:

N, =max(NEZ" NG (23)

4.2 AP pre-deployment with MOPSO

Generally, this AP deployment optimization problem for EE and transmit power is a multi -
dimensional and multi-objective problem. In this paper, the changes of two objectives
including f1 and f, affect each other, which means that an achievement of one objective will
affect another objective. In some algorithms, it always sacrifices one objective to achieve
another objective and obtains the solution that satisfies only one of the objectives [5, 6]. It is
necessary to find a group of solutions that can satisfy the f, and f, rather than to find a solution
which satisfies only one of them. MOPSO can be applied to deal with this kind of optimization
problem [24].

In this paper, a group of solutions that satisfy all objectives are generated with MOPSO
method to a front (REP). Each group of solutions in REP represents an AP deployment scheme.
Finally, the deployer selects a best deployment scheme from REP.

Step 1, the algorithm first generates L particles, each particle is donated by w® (I=1, 2, ...,
L) with the length of 3N,» elements to form an initial population. ) consists of AP position
coordinates and transmit power, which can be expressed as:

I | | I I I |
WO = (0o x0 ey BBl ) (24)

where x, y and p are randomly generated.

O_y —x ).
{Xi Xmm+(xmax Xmln) rand() =12 rZNAP (25)

yfl) = ymin Jr(ymax - ymin) : rand ()’

p" =P

i threshol

g -rand(),i=2N,, +1,2N,, +2,-----+ 3N, (26)
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where (25) represents the AP coordinate point that is initially generated. Xmax , Ymax , Xmin and
ymin are the range of deployment area, rand() returns a random number uniformly distributed
in the range of (0,1).

Step 2, generate the speed 7,9 (w=1, 2, ..., 3N,4») of each particle and initialize the 7,,(0=0.

Step 3, the MOPSO algorithm needs to calculate objective (f1, f2) of every particle and store
the positions of the particles that satisfy all objectives in REP.

Step 4, let the optimal position of each particle W) be the initial position of these
particles.

Step 5, generate hypercubes of the search space explored so far as a coordinate system to
locate the particles whose coordinates are defined according to the values of its objective
functions (f;and f,).

Step 6, the hypercubes which contain more than one particle will be generated a fitness
value. This value is the result of dividing any number which is more than 1 by the number of
particles that the hypercube contains. Then, the paper uses roulette wheel selection to select
the hypercube according to these fitness values. Once, the hypercube is selected, the algorithm
selects randomly a particle from them as the global optimal position ),

Step 7, update the position of each particle W and 7 as follows: In each iteration, W)
and W <) are updated. The velocity and location of the particles are calculated based on
these two variables. The velocity term 7,,) is updated in each iteration t as follows:

V(1) = Ve (t-1) + e (W (1-1) - (t-1))

oy (W (£ -2) - W (t-1))

w

(27)

where ¢ is the inertia weight that controls the speed of convergence, which is usually chosen
between 0.8 and 1.2. c; and c; are the size of step that the particle in each iteration for local
learning coefficients and global learning coefficients. In this paper, let ¢1= ¢,=2. ¢1 and ¢, are
the positive number for each w (i.e., the element of vector W,?). Then W, is updated as
follows:

W (0=l (t-2)+v (t-1) (28)

Step 8, recalculate the objective function (fi, f;) of each particle. If the new solution
dominates the W) of the particle itself, the W) will be replaced. If the new solution is
independent of the W<} of the particle itself, the W) will random select one solution
from them.

Step 9, this paper uses the adaptive grid method [25] to update REP and selects the solution
that minimizes the objective functions f; and f, as the W) from REP.

Step 10, the algorithm needs to calculate the following fitness function U for each particle |
at each iteration. U is related to Uy, U, and Us:

U, =2 (2 N 2 =D (K) A(K) 1 =120+, L (29)

N . . .
Uz:{- A if (3) is satisfied by each | (30)

0 else
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U3:p.

- Pthreshold 'i = 2NAP +1‘ 2NAP + 2’ """ ’SNAP (31)

U; function calculates the difference between the number of users served by particle | and
the minimum number of users that must be served. In order to ensure that there is sufficient
service capacity, the value of Ui should be less than 0. U, function calculates the number of
users served by AP. If the AP capacity constraint expressed in (3) is not satisfied, U; is equal
to 0. According to the (7b), U, should be less than -N,... Us function ensures that the AP’s
transmit power is not higher than the given power threshold and the value of U3 should be less
than 0. The update process of U is shown as Fig. 3.

Initialization
()F:(..II

A 4

Calculate U7

No Updflte AP
location and

Update AP power until
location and =N
powcr 7 Y

Yes
Update AP o
. L=l
location and
pD\Vt‘l‘ A
Update AP
U=, location and
power

Fig. 3. Update process of fitness function U

Step 11, the above process is repeated until the target is reached. Otherwise, the process will
jump to step 6. In addition, this paper also sets the maximum number of iterations. If the
maximum number of iterations is reached, the process also will be stopped. Finally, the optimal
solution of AP location and power ") can be obtained through the REP.

4.3 AP redundancy elimination

After determining the position and transmit power of the APs using MOPSO, greedy algorithm
for elimination of redundant APs will be proposed. If all the capacity of system, coverage, and
user's energy efficiency constraints are not affected, the AP should be removed. In other words,
if any optimization problem constraint (i.e. (29), (30) and (31)) is affected by the removed AP,
the AP must be kept and assumed indispensable for a safe network operation.

The parameter @ is used to represent the status of each AP and the length is N4p. The set K
is used to store the removed AP. In addition, the algorithm first assumes that all the APs cannot
be removed (i.e., =1, 1, -+ , 1]). In the next step, it removes an AP from these APs and
then checks whether the constraints are still satisfied or not at each time. If the mth AP can be
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removed, let the value of @ be 0 and place it in set K. Otherwise, the value is 1. After checking
all the APs, the next step only needs to check whether the APs in set K can be completely
removed and then set their corresponding @ to 0.

All APs should not be removed from set K at the same time. Indeed, it may happen that
more than one AP in set K can support each other to satisfy the coverage constraint, cell
capacity constraint and energy efficiency constraint. Thus, the APs which have the least
influence on served users from set K will be removed. The method of removing is as follows:

j"=arg maxZ::lb Z::M-(Nuserpm,k —nD(k)A(k)) (32)

Equation (32) obtains AP;j- with the smallest removal impact in set K. In other words, when
AP; is removed, the remaining APs still have the biggest difference between the number of
users served and the minimum number of users that must be served. The entire process of
getting @m and K is repeated until K=2. Details of greedy algorithm for redundancy elimination
of APs in Algorithm 1.

Algorithm 1 Greedy algorithm for elimination of redundant APs.
1. t=0.

2. Input the location (x, y) and transmit power of AP which are obtained from section 4.2.
3. Initialize all APs are activated @ (t)=[1,1,--- ,1], K=[]
4

form=1, 2, ------ , Nap then

o

Check the cell capacity, coverage and energy efficiency constraints as expressed in
(3), (5) and (6), respectively.

6. if (3), (5) and (6) are satisfied then

7. APy, can be eliminated and place m into set K
8. else

9. AP, cannot be eliminated.

10. endif

11. end for

12. Find AP} by (32).

13. K=K/{j'}, and find the position j of APj<in @ (t).
14. @ j(t)=0.

15. t=t+1

16. repeat step3 - step13 until K=2.

17. Output the final location (x, y) and transmit power of AP.
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5. Results and Analysis

In this section, the performance of the deployment scheme based on MOPSO algorithm and
greedy algorithm in section 4 are compared with the multi-objective whale swarm optimization
algorithm (MOWOA) [26, 27], PSO, grey wolf optimization (GWQO) [5] and heuristic
algorithm [28]. Otherwise, in order to ensure the fairness between multiple goals and single
goal, the deployment scheme of PSO and GWO with the power adjustment can be used to
compare with MOPSO. The deployment scheme of PSO and GWO with the power adjustment
can be denoted as PSOa and GWOA respectively.

First, the paper uses the (19) to compute the cell radius R and then the paper obtains the
total throughput according to the random geometry theory. The parameters used in the
algorithm are given in Table 1.

Table 1. Simulation parameters

Parameters Value
Py 46 dBm
A 10°°m?
No -174 dBm
Rin 1.2 km
a 4

The total throughput of single AP is shown in Fig. 4. As shown in Fig. 4, the numerical
value can be used to estimate the number of AP service users because the numerical value is
roughly consistent with the simulated value. The results show that the total throughput u=18
Mbits when the radius is 1.2 km.

55 T : - .
—#— Numercial
©— Simulation

4.5

Total throughput(bits)
2 »
Tn [ Ln T

(3]

5
7

. Ty

I | | 1 1 1
7000 800 900 1000 1100 1200 1300 1400 1500
AP radius(m)

Fig. 4. Numerical and simulation value of total throughput
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This paper considers a 10000x10000 (m?) coverage area to deploy APs to serve N users.
This paper defines i as the proportion of user distribution, which represents the percentage of
users to the total number in different areas. In this paper, the total area is divided into two
subareas. uN users are placed in subareal and (1-u)N users are placed in subarea2. Assume
that the system bandwidth B is equal to 10 MHz, the range of P, is 23 dBm - 46 dBm. In this
paper, let un be 1 Mbits and N, be 18.

In addition, the MOPSO algorithm is applied under the following settings: The initial
population size L is 24, the 5 and ¢ are all 0.95. Moreover, the value of ¥, is between -V
and V. When w€ [0, 2N4p], let Vi be 500. When wE [2N4p, 3N4p], let be 2.7. Let c1=c2=2,
#1 and ¢, be the positive number and ¢= 0.8. After the proposed deployment scheme, the
location of APs can be shown in Fig. 5.

10000 === — 10000 (27—
AR Coa A T
5000 oo User, 9000"'.-"-':}‘ con T s Usar
8000 1 SRR 8000, AL TR e
e i ALy X
000+ ak. K W00, L A A
NP o B ST
6000 - N G000 . A
~ | A ~ [.r A
E so00 - E s LA
00}z e ' oo - TE A LR
000 00 B
‘ Tk A g
2000 - &° 000" A
1 . 4 ‘:‘. -v”I '
100}, A 0 . A
REA S S R NSV N SRR
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000
(m) 2(m)
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Fig. 5. AP and user location distribution with different proportion of user distribution

As shown in Fig. 5(a) and Fig. 5(b), the proposed algorithm can deploy APs according to
the density of users. 80% users are placed in the subareal in Fig. 5(a) and 60% users are placed
in this area in Fig. 5(b) and the conclusion can also be obtained that 80% of APs are deployed
in the subareal in Fig. 5(a) and 60% of APs are deployed in this area in Fig. 5(b) in the
proposed scheme.
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Fig. 6 shows the number of deployed APs with different user proportion. It contains the

number of estimated deployed APs, the actual number of deployed APs and the number of
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APs deployed in each subarea. The first two indicators represent the total number of deployed
APs in the entire area. The last indicator represents the number of deployed APs in the subarea.
When the value of x is small, it means that users are relatively evenly distributed in the
subareal and subarea2. For example, when x=0.5, it means that users are completely evenly
distributed in the two areas. This situation leads to that the number of APs in subareal is almost
equal to the number of APs in subarea2. When u is large, it means that the user distribution is
mainly concentrated in subareal. This situation will bring greater service pressure to APsS
because of large users in this area. Thus, the service rate that users get will become lower and
the Qos also becomes worse in this area. In order to improve the Qos of users, the proposed
scheme deploys more APs in the area where the x is large. For example, when ,=0.8, the
number of APs are 43 in subareal. This number is more than the deployed number when =0.6.
At the same time there is an extreme situation in Fig. 6. When x=1.0, all users are concentrated
in subareal and no user in subarea2. Thus, all APs are placed in subareal and the number of
APs deployed in subareal is equal to the actual number of deployed APs. In addition, the total
number of deployed APs is less than the estimated value. For example, when N=1000, x«=0.6
and x=0.8, the actual number of deployed APs is 54 and 53, but the estimated number of
deployed APs is 57.
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Fig. 7. Comparison of the total transmit power in different AP deployment schemes

Fig. 7 shows total transmit power in the MOPSO, MOWOA, GWO, PSO, PSOa, GWOa
and heuristic algorithm. Because the GWO, PSO and heuristic algorithm deployment solutions
only consider the AP's capacity constraint and coverage constraint without considering the
AP's transmit power constraint, the total transmit power of PSO, GWO and heuristic algorithm
remain constant and the values are equal.

With the increasement of users, the total power increases to ensure user service in different
schemes under different values of x. As shown in Fig. 7, the total power shows an increasing
trend in all deployment schemes. But the MOPSO, MOWOA, PSOa and GWOAa consider the
power of AP according to the AP location in the iteration, which adjust the transmit power to
satisfy the energy efficiency objective and the total power objective. This method can
accurately find the minimum transmit power threshold of each AP. Thus, compared with GWO,
PSO and heuristic algorithm, the deployment schemes with the power adjustment have lower
total power under different values of . Although the transmit power of PSOa and GWOa only
reach one of the goals and cannot reach the above two optimization goals at the same time.
Thus, the solution of the transmit powers in PSOa and GWOa is not optimal solution. As
shown in Fig. 7, the total powers of PSOx and GWOa, are reduced to a certain extent compared
with the PSO and GWO, but compared with MOPSO and MOWOA, their total transmit
powers are still higher. It also can be seen from Fig. 7 that the deployment scheme with
MOPSO has lower total transmit power by comparing with the MOWOA.

As shown in Fig. 7, because the proposed scheme considers each AP, it flexibly provides
the user required power to satisfy the rate threshold. Generally speaking, the more uniform the
distribution of users, the more balanced the load on the AP. It is not easy to happen that some
APs serve massive users and others serve little users. The number of users who are served by
each AP is almost equal and the AP load is more balanced. The users will get better service
rate from AP. Thus, when the value of x is small, the AP can be configured with lower transmit
power to satisfy the user's requirements for APs. For instance, when 4=0.6, the value of total
transmit power based on MOPSO is almost 40%-50% less than the value of comparison
scheme based on PSO, GWO and heuristic algorithm. The value of total transmit power
obtained by MOPSO can be reduced by almost 2%-4%, 3%-5%, 5%-7%, comparing with
MOWOA, PSOa and GWOa,, respectively. However, if the 4=0.8, the value of total transmit
power based on MOPSO is almost 35%-47% less than the value of comparison scheme based
on PSO, GWO and heuristic algorithm. The value of total transmit power obtained by MOPSO
can be reduced by almost 4%-6%, 5%-6%, 5%-7%, comparing with MOWOA, PSOa and
GWOAp, respectively.
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Fig. 8 shows the average EE in different deployment schemes. It is noted that this value of
the EE is the average of each user's EE. With the increasement of users, the AP needs more
energy to provide users with the same service, which is the reason of the decrease of energy
efficiency.

As shown in Fig. 8, the EE of MOPSO deployment scheme is higher than the MOWOA,
GWO, PSO, PSOa and GWOAa deployment scheme under different user distribution ratios. If
the users served in the AP is small, the improvement in energy efficiency is huge. When the
number of users are equal to 500, the EE increases almost 100%-200% compared with the
GWO and PSO. However, when the number of users is equal to 1000, the EE increases almost
10%-40% compared with the GWO and PSO under different user distribution ratios. Under
the same number of users, the EE increases 5%-10% compared with PSOa and GWOa. This
is because the number of users increases and the load on the AP also increases. Thus, the
average transmit rate obtained by users decreases and affects the value of EE.

From the comparison results between MOPSO deployment scheme and MOWOA
deployment scheme, when the number of users is equal to 500, the EE of MOPSO increases
about 7%-25%, comparing with the MOWOA. When the the number of users is equal to 1000,
the EE increases about 1%-2%. Thus, the performance of the proposed scheme is higher than
the MOWOA deployment scheme.

It also can be seen from Fig. 8 that the EE of MOPSO is also different under the different
user distribution ratios. When p=1.0, all users are distributed in one area and the situation of
AP's load imbalance happened. Since the users are too concentrated, the scheme will deploy a
large number of APs in the area. In addition, the users always choose APs that are closer to
themselves and have better signal strength. It is easy to cause the situation that the choosed
AP has served massive users and influenced the data rate obtained by users. APs in this area
need more energy to provide services for these users. That is the reason that the user's EE will
decrease if the value of u is large. As decreases, the users are distributed evenly and the load
of APs is gradually balanced, meantime, the EE of user gradually increase.

From the comparison results between MOPSO and heuristic algorithm, when the number of
users is less than 800, the EE of MOPSO is higher than the heuristic algorithm and the total
transmit power of MOPSO is lower than the heuristic algorithm under different values of u. It
is because that two algorithms have different ways to find the optimal solution. The heuristic
algorithm deploys AP based on its coverage. The entire area is divided into many small areas
and each small area has an AP. Because the distribution of APs is proportional to x in MOPSO,
the smaller the x is, the more even APs distribution is. When  is small, the distributions of
APs in MOPSO and heuristic algorithm are even, the pathloss of transmit power is similar.
But the heuristic algorithm cannot adjust the transmit power, the power is higher than the
MOPSO as shown in Fig. 7. Due to the number of users is small, the APs in MOPSO use a
lower power value to satisfy the needs of users compared with heuristic algorithm. Thus, the
EE of MOPSO is higher when the number of users is less than 800.

However, when the number of users is more than 800, the EE of MOPSO is lower or equal
to EE of the heuristic algorithm. As shown in Fig. 8, when the 4 is less than 0.7, the EE of
MOPSO is equal to the heuristic algorithm under the number of users is more than 800. When
the w is more than 0.7, the EE of MOPSO decreases by 5%-7% compared with the heuristic
algorithm under the same number of users. One reason is that the distribution of APs in
MOPSO is concentrated as the value of u increases and the interference from other AP
becomes larger compared with heuristic algorithm. That leads to a reduction in the transmit
power which is obtained by users. Otherwise, the transmit power of heuristic algorithm is
always higher than the MOPSO. Thus, the power obtained by users in MOPSO is less than it
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obtained in heuristic algorithm. When the number of users is large, the heuristic algorithm can
provide more power to serve users and the users obtain higher rate than that of MOPSO. Thus,
the EE of MOPSO is lower than the heuristic algorithm when the number of users is more than
800.

In summary, the proposed deployment scheme based on MOPSO is superior to MOWOA,
PSO, GWO and heuristic algorithm deployment scheme in terms of power consumption and
energy efficiency. The proposed deployment scheme can reduce transmit power about 2%-7%
and increase energy efficiency about 2%-25%, comparing with MOWOA. The proposed
deployment scheme reduces transmit power at most 50% and increases energy efficiency at
most 200%, comparing with PSO and GWO. Although the EE of MOPSO decreases by 5%-
7%, comparing with the heuristic algorithm when the number of users is large, the total power
consumption of the heuristic algorithm is 40%-50% higher than that of MOPSO.

6. Conclusion and Future Work

This paper introduces a novel AP deployment optimization scheme based on swarm
intelligence algorithm. First, the random geometry theory is selected to evaluate the
performance of a single AP and estimate the number of APs that need to be deployed in the
given area. Then, the proposed scheme obtains the optimal position and optimal transmit
power based on the MOPSO algorithm. Finally, in order to reduce the redundancy of APs, a
greedy algorithm is used.

The performance of the AP deployment scheme based on MOPSO algorithm and greedy
algorithm is validated by comparing with the scheme based on MOWOA, PSO, GWO and
heuristic algorithm. From the analysis results, the proposed scheme has lower transmit power
and higher energy efficiency.

However, this paper only considers the deployment scheme of the AP's location and transmit
power. In terms of actual deployment, the change in power will also cause the delay to change.
In the future, the impact of transmit delay can be considered to optimize the AP deployment.
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