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ABSTRACT: In the deployment of wireless networks in two-dimensional outdoor campus spaces, aiming at the
problem of efficient coverage of the monitoring area by limited number of access points (APs), this paper proposes a
deployment method of multi-objective optimization with virtual force fusion bat algorithm (VFBA) using the classical
four-node regular distribution as an entry point. The introduction of Lévy flight strategy for bat position updating helps
to maintain the population diversity, reduce the premature maturity problem caused by population convergence, avoid
the over aggregation of individuals in the local optimal region, and enhance the superiority in global search; the virtual
force algorithm simulates the attraction and repulsion between individuals, which enables individual bats to precisely
locate the optimal solution within the search space. At the same time, the fusion effect of virtual force prompts the bat
individuals to move faster to the potential optimal solution. To validate the effectiveness of the fusion algorithm, the
benchmark test function is selected for simulation testing. Finally, the simulation result verifies that the VFBA achieves
superior coverage and effectively reduces node redundancy compared to the other three regular layout methods. The
VFBA also shows better coverage results when compared to other optimization algorithms.
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1 Introduction
With the continuous development of sophisticated information technology, strategies such as Industry

4.0 and Made in China 2025 have been put forward one after another. As a critical infrastructure for
intelligent manufacturing systems, the Industrial Internet aims to achieve comprehensive interconnection
among all elements of production systems. Among various wireless technologies, WiFi stands out due to its
significant advantages in mobility, flexibility, data transmission rates, and deployment costs (Industrial Inter-
net is the crucial infrastructure of an intelligent manufacturing system, aiming to realize the interconnection
of all elements of the production system. WiFi, as one of the widely used wireless technologies, has major
advantages in terms of mobility, flexibility, data transmission rate and deployment cost). For a WiFi network,
the spatial deployment location of the AP will directly affect the signal strength distribution. Therefore, the
AP deployment problem is of great significance for the network performance optimization of WiFi.

In the wave of Industry 4.0 and education digital transformation, smart factories and smart campuses
put forward stringent requirements for wireless network coverage. Intelligent factories with collaborative
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manufacturing and predictive maintenance of equipment, and campuses with large-scale online teaching
and real-time interaction of knowledge resources all rely on stable network coverage as a digital base.
However, the limited number of AP nodes has significant shortcomings in coverage. On the one hand,
subject to the physical coverage radius constraints, traditional AP nodes deployment methods are difficult
to meet the demand for full coverage of the signal of the factory workshop and campus buildings, which is
prone to the formation of signal blind zones; on the other hand, in face of the factory equipment and the
campus high density terminal access demand, the limited number of AP nodes is difficult to guarantee the
density of coverage, which results in the lack of signal strength in some areas, the unstable connection of
terminal equipment, and the decline in data transmission rate. Therefore, optimizing the coverage strategy
of limited AP nodes and improving coverage range and intensity have become the core propositions for
guaranteeing the network quality in the intelligent field, which is of great significance for promoting the
digital transformation of industries and the modernization process of education.

The deployment of nodes belongs to an NP-hard problem, which is essentially a nonlinear, multi-
objective, multi-constraint optimization problem. There are three optimization algorithms for node
deployment, one is the deployment optimization grounded in the virtual force algorithm [1], the second is
the deployment relying on a geometric graph [2]. Additionally, the third category is the optimization using
meta-heuristic algorithms [3], such as the multi-group dragonfly algorithm [4], whale algorithm [5], grey
wolf algorithm [6] that have become common methods in multi-objective solving problems.

To enhance the coverage capacity with a finite number of wireless AP nodes while conserving energy
and minimizing coverage redundancy, this paper presents a virtual force fusion bat algorithm. The factors
affecting the performance of AP nodes, such as coverage, coverage efficiency, and energy consumption,
are combined and optimized to establish a joint optimization decision formula to select the best node
deployment location.

2 Related Work
As wireless network rapidly advances, the rational deployment of wireless AP has become a key issue to

ensure network performance and enhance user experience. AP deployment not only affects signal strength,
network coverage, but also closely related to energy efficiency, cost control and other aspects. Many scholars
have conducted research in this area and proposed a series of innovative strategies and methods.

Kong et al. [7] proposed to optimize the AP location and transmit power with multi-objective particle
swarm algorithm, and combined with greedy algorithm to eliminate redundant APs, so that the transmit
power of the AP can be reduced and energy efficiency can be improved. Chen et al. [8] proposed a save
energy deployment method for AP relyed on the improved golden jackal, on premise of ensuring effective
coverage, energy consumption is reduced by optimizing the position, status and transmission power of the
AP. Liu et al. [9] proposed particle swarm-Lévy-double subgroup fruit fly algorithm to solve the problem of
energy and efficient AP deployment for WLANs in a three dimensional environment, but did not further
explore the possibility of minimizing the number of APs. Yang et al. [10] proposed the fine-grained strategy
for AP deployment, that significantly improves the coverage efficiency and flexibility through ray tracing
modeling and iterative fruit fly optimization algorithm. Marinho et al. [11] effectively promoted the AP
coverage extension problem under high frequency communication by combining intelligent routing with AI
techniques. Kumar et al. [12] proposed a bit error rate (BER) based multi-sector switching beam antenna
synthesis schemez aimed at improving reliable communication coverage and system capacity of APs. But
hardware complexity is high. Vijayaraghavan et al. [13] proposed the PlaciFi infrastructure, systematic
optimization of the 3D spatial location of APs, through accurate planning layout of the APs, and ultimately
achieve synergistic optimization of network capability and cost. Dao and Nguyen [14] focused on the
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whale algorithm, drawing on the logic of siege behavior, and combined chaotic initialization technology,
but parameters adjustment there are still optimization space. Qi et al. [15] used rectangular layout and
mathematically calculated the minimum number of nodes required to achieve full coverage of the monitored
area, reducing the network energy consumption. Zheng et al. [16] proposed a square layout strategy in
wireless networks. The strategy aimed to address the coverage problem of the monitoring area, leveraging
distance calculations between nodes. However, scholars did not conduct a comparison across multiple
deployment strategy types, which constituted a critical gap. Yang et al. [17] optimized distribution of node to
improve detection rate under limited node conditions. It concluded that the diamond deployment strategy
outperforms random deployment in detection rate, but lacks a discussion on the optimization mechanism
of energy consumption.

The virtual force algorithm (VFA), as the most effective algorithm for node deployment, has been
studied by many scholars. Zhang et al. [18] aimed at the problems of insufficient number of drones and
unpredictable user movement during the deployment of Unmanned Aerial Vehicle (UAV) station, the
arrangement of communication nodes can be dynamically optimized by using the virtual force model. Wang
and Guo [19] improved the parameters of the virtual force to realize the adaptive division of the water
monitoring area, which effectively improves the coverage quality in sparse node scenarios. Li et al. [20]
proposed the algorithm of extending virtual force, which effectively improves the network deployment
performance under different communication range to sensing range ratios by designing the force model in
separate scenarios.

Li et al. [21] proposed a mongoose algorithm to settle the deployment optimization of network nodes
with consideration of data fusion techniques and environmental randomness. Yao et al. [22] on a basis of ant
lion optimization algorithm oriented toward virtual force, Yao et al. [23] based on the improvement of the
moth flame search algorithm to solve the node coverage problem, while did not consider the redundancy of
nodes. Mohar et al. [24] mixed fruit fly olfaction and bat echoes for optimizing node deployment to improve
the coverage, but the computation time is long. Muhammad et al. [25] introduced an adaptive search factor
into the velocity update formula of the Particle Swarm Optimization (PSO) algorithm, this allows particles to
dynamically adjust both the magnitude and direction of velocity update during the search process. However,
there is still a trap of falling into the local optimum. Sun et al. [26] proposed genetic algorithm (GA)
fused with whale optimization algorithm (WOA), and solved the coverage redundancy problem in wireless
sensor networks due to the random deployment of nodes. But cross-variation introduces more parameters,
making parameter tuning difficult. Zhao et al. [27] transformed the node deployment problem into a mixed
integer linear problem, and applied the simulated annealing (SA) algorithm to solve the problem, but the
convergence speed is slow. Liu et al. [28] used the trapping mechanism of the Gray Wolf optimization
algorithm (GWO) to assign pilot to ensure coverage of users while minimizing signal interference during
node deployment. Saranya and Karthik [29] combined the mayfly and ant colony algorithm to solve the
energy consumption problem of nodes in wireless sensor networks.

The main contributions of this study are as follows:

(1) Joint coverage, node redundancy and node movement distance multi-factor objective function is
established, and the weighting idea is used to assign weights to each factor to attain synergistic
enhancement and balanced optimization of comprehensive network performance.

(2) The Lévy flight is embedded in the global search framework of the bat algorithm to enhance its cross-
scale exploration capacity, while the virtual force algorithm is introduced in the local fine-tuning part
to construct a dynamic force model, to attain the efficient optimization of the spatial layout of the AP
nodes and guarantee the performance through the organic coupling of the global-local optimization
process and the synergy of the strategies.
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(3) The quantitative performance evaluation of the algorithm proposed in this paper is carried out by using
the test function, comparing the final results of regular deployment with the deployment effect of this
algorithm in multiple indexes, and analyzing the results of simulation experiments in a systematic way.

The rest of the paper is as follows: Section 2 analyzes the current state of research on the AP node
deployment problem. Section 3 describes the AP model and objective function. Section 4 analyzes the
fusion algorithm. Section 5 analyzes the proposed algorithm through simulation experiments. Section 6
makes conclusions.

3 Basic Theory

3.1 Network Model
Today, the field of wireless communications is undergoing rapid changes, gradually replacing wired

communications, making industrial centralized control a reality. However, for the commonly used wireless
communication technologies, Bluetooth technology has a short transmission distance and few connectable
devices; Zigbee technology has a low transmission rate; and Wi-Fi is a high-speed WLAN designed based
on the IEEE 802.11 standard. The structure of the WLAN system is shown in Fig. 1 and consists of four parts,
including the personal computer (PC), gateway (GW), access points (APs) and sensors, and each sensor
device can be connected to one or more access devices to ensure reliable data transmission. The PC sits at
the top of the entire system and is used to set up and monitor the entire network as well as manage data. As
a key node of network connection, GW performs network layer protocol conversion to realize seamless data
forwarding between networks with different communication protocols, ensuring smooth data interaction
and compatibility between heterogeneous networks. The access device receives data from the sensors by
means of a wireless link and forwards the data to the gateway by means of a wired link, which is connected
to the host computer via a fieldbus.

Figure 1: Network model

3.2 AP Perception Model
The perception model of the AP is shown in Fig. 2. Where S represents the position coordinates, R

represents the perceived node radius,
�→
V is the perceived direction, θ represents the angle of rotation of the
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node, and α is the perceived half-angle, 2α is the perceived angle of the AP. C is the center of mass point of
the node, P is the target point, here represents the grid points in the monitoring area.

�

S=(x,y)

R

C

x

�

Figure 2: Perception model

With the adoption of the Boolean perception model, the constraint conditions for point Pj to be covered
by Si are given by Eq. (1).

⎧⎪⎪⎪⎨⎪⎪⎪⎩

∥��→Si Pj∥ ≤ R
��→
Si Pj ●

�→
V ≥ ∥��→Si Pj∥ ● cos α

(1)

where ∥��→Si Pj∥ represents the euclidean distance between Pj and Si .
It is possible for multiple nodes to sense an arbitrary grid point. Consequently, the probability that a set

of nodes collectively senses a grid point can be expressed by Eq. (2).

p (S , Pj) = 1 −
N
∏
i=1
[1 − p (Si , Pj)] (2)

3.3 Objective Function
The coverage quality evaluation in this paper includes three indicators.
(1) Coverage Cr . Supposed the monitoring region is square and its sides are divided into m equal parts,

then the square region is discretized into K mesh points. The network coverage rate of area can be measured
by constructing a mathematical relationship between the number of target points covered by all nodes and
the number of mesh points in the area. The coverage rate is shown in Eq. (3).

Cr =

K
∑
j=1

p (S , Pj)

K
(3)

(2) Coverage efficiency Ce. It can characterize the uniformity degree of node distribution, the ratio is the
quotient of the effective coverage region to the total region covered by all nodes. The more evenly distributed
the nodes are, the larger the value, the smaller the redundancy. The coverage efficiency is shown in Eq. (4).

Ce =

K
∑
j=1

p (S , Pj)

N × (π × 2α × R2) (4)
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(3) Total moving distance dtmd . The energy consumption during deployment is from node mobility, so
the energy costs of a node is measured based on node movement distance. After node deployment, the total
moving distance of the node is given by Eq. (5).

dtmd =
N
∑
i=1

di (5)

where di is the distance that node i has traveled through the deployment period.
The objective function adopts the concept of weights and is formulated as Eq. (6).

f (x) = ω1Cr + ω2Ce + ω3
1

dtmd
(6)

where ω1, ω2, ω3 are weighting factors that satisfy ω1 + ω2 + ω3 = 1. Cr as a core measure of wireless network
quality of service, with a weighting of 0.5, Ce is critical for efficient deployment, as the next highest weighting
of 0.3, and dtmd is a relatively low priority, as a low weighting of 0.2.

4 Fusion Algorithm
In this section, the basic bat algorithm and the virtual force algorithm are introduced, to optimize the

wireless network coverage, the Lévy flight strategy and the virtual force are used as the perturbation factors
for the bat global position and local position updating, and the fused algorithm improves the convergence
speed and optimization seeking ability.

4.1 Traditional Algorithm
4.1.1 Traditional Bat Algorithm

The Bat Algorithm (BA), a prominent meta-heuristic optimization, derives its inspiration from the
echolocation mechanisms exhibited by bats in nature. Individual bat searches by adjusting its frequency,
speed and position, while the loudness and pulse frequency change dynamically with iterations. At the
beginning of the search, bats have a large loudness and a small pulse frequency, which allows the algorithm
to search globally over a large solution space to explore potentially optimal solution regions; as the iteration
progresses, the loudness decreases, the pulse frequency increases, and the algorithm focuses on localized
regions to perform a fine search. This mechanism ensures that the bat algorithm does not search blindly, but
progressively advances in the direction of a more optimal solution. Compared with PSO [27], GAWOA [28]
and SA [29], the bat algorithm is less prone to local optimum traps, has concise parameters, and converges
quickly. The bat schematic diagram is shown in Fig. 3. The bat algorithm position, frequency update and
velocity update equations are as in Eqs. (7)–(9).

xi (t) = xi (t − 1) + vi (t) (7)
fi = fmin + ( fmax − fmin) β (8)
vi (t) = vi (t − 1) + (xi (t) − x∗) fi (9)

where xi (t) is the position of the i-th bat at time t, vi (t) is the velocity of the i-th bat at time t, fi is the
frequency of the i-th bat, fmin and fmax limit the range of variation of frequency, and β is in the interval
[0, 1]. x∗ is the currently found global optimum. To generate a locally optimal solution, the bat performs
random flights around the current optimal solution, the position updating is given by Eq. (10).

xnew = xol d + εAt (10)
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where ε is a random value in the interval [−1, 1], xol d representing the current global optimum, and also is
the center point of bat around the flight, and At is the average loudness at iteration t.

The loudness and pulse frequency update equations are as in Eqs. (11) and (12).

Ai (t + 1) = αAi (t) (11)
ri (t + 1) = R0 (1 − exp (−γ × t)) (12)

where α is loudness debilitation factor in the interval (0, 1), γ is pulse frequency strengthening factor, γ > 0,
and R0 is pulse frequency at start, which takes the value of 0.7.

Figure 3: Bat schematic diagram

Since the local movement direction of the bat depends on the random number ε, it leads to ambiguous
direction of local position update and many invalid searches. But the virtual force algorithm accurately
captures the location of voids and redundancies through attractive and repulsive forces, providing a clear
direction for local optimization at later stage.

4.1.2 Virtual Force Algorithm
Every node experiences repulsive forces from other nodes in its neighborhood, while coverage blind

region where the perception points around itself are located acts gravitationally on the node. All the nodes
rotate under the joint action of repulsion as well as gravitational force, thus making the nodes adjust to the
appropriate position, reducing the node redundancy coverage while reducing the coverage hole, maximizing
the coverage of the entire region.

When the center of mass point c j of s j is inside an area centered on node si and twice the radius R as
a radius circle, the overlapping portion between the sensed regions of nodes si and s j is achievable. In the
network, nodes whose euclidean distance between nodes does not exceed two times the perceived radius are
defined as neighboring nodes. Once nodes si and s j are determined to be neighboring nodes to each other,
then there is a repulsive force acting at the center of mass point of these two nodes, and the magnitude of the
repulsive force is shown in Eq. (13).

�→
Fi j =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

⎛
⎝

m
∑
j=1

KR

di j
2 , δi j

⎞
⎠

di j ≤ 2R

0 otherwise
(13)

where di j is the euclidean distance between ci and c j, KR is the coefficient of repulsion; the angle denoted as
δi j corresponds to the repulsive force direction, which points from c j to ci .
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When the perception point fk around node si is not covered, the point fk exerts gravitational effect on
the center of mass point ci , node si approaches the region of fk by changing the location of ci . When the
perception point is covered by a neighboring node s j, the fk is marked as 0, which indicates that the region
is covered, it does not exert gravitational force on the center of mass point; when the perception point is not
covered by any node, which indicates that there is a coverage void in the region, the fk is marked as 1, which
means that it exerts gravitational force on the center of mass point. The magnitude of gravitational force of
the sensing point on the center of mass point is shown in Eq. (14).

�→
Fi k =

⎧⎪⎪⎪⎨⎪⎪⎪⎩

(
f _ max
∑
k=1

1
di k

2 , δi k) fk = 1

0 otherwise
(14)

where f−max = max− integer (2π/α − 3) denotes the maximum integer value of the number of perception
points that can be taken, di k denotes the euclidean distance between fk of node si and the center of mass
point ci , and δi k denotes the gravitational direction of the center of mass point.

The combined force on the node center of mass point is the vector sum of the repulsive forc between
the node and its neighbors and gravitational force on its own perception point, as shown in Eq. (15).

�→
Fi =

N
∑

j=1, j≠i

�→
Fi j +

f _ max

∑
k=1

�→
Fi k (15)

The combined force at the center of mass point of the nodes is shown in Fig. 4. There are four nodes
in the figure, where

�→
F1 ,

�→
F2 and

�→
F3 are repulsive forces acting on neighboring nodes, and

�→
f1 ,

�→
f2 and

�→
f3 are

gravitational forces acting on perception points.

center of mass point

perception point
node

Figure 4: Combined force at the center of mass point

4.2 VFBA Algorithm
4.2.1 Global Quick Search

To boost the bat algorithm global optimization performance, the Lévy flight strategy [30] is adopted
to modify the global position update mechanism for bat individuals, enhancing exploration efficiency. Lévy
flight has a power-law step size distribution proprety, which can generate intermittent long-distance jumps
and break the limitation of individual local search in the traditional bat algorithm. When updating position,
the randomly generated step size and direction of Lévy flight are used to guide the bat to escape from the
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local traps, especially in the complex multimodal function optimization problems, and its advantages are
more obvious. In calculating the search path of Lévy flight, the formula is given by Eq. (16).

Lev y (λ) = μ
∣ν∣

1
β

(16)

where β ∈ (0, 2), μ and ν are normally distributed random numbers. μ ∼ N (0, σμ
2), ν ∼ N (0, σν

2).
σμ and σν are given by given Eq. (17).

⎧⎪⎪⎪⎨⎪⎪⎪⎩

σμ = (
τ (1 + β) sin (πβ/2)

βτ ((1 + β) /2) 2(β−1)/2)

σν = 1

1/β

(17)

where τ is the Gamma function and β takes the value 1.5.
To update the bat positions, the Lévy flight strategy is incorporated, and its update equation is given

by Eq. (18).

xi (t + 1) = xi (t) + ζ ● Lev y (λ) (18)

where ζ is the scaling factor, which controls the jump amplitude and takes the value of 0.01. As shown in Fig. 5,
when ζ takes the value of 1, the step size of each position update is too large, the algorithm is prone to jump
too much in the solution space, miss the local optimal region, and fail to converge; while ζ takes the value of
0.001, the step size is too tiny, the algorithm will converge very slowly, and fall into the local optimum can
not be jumped out of the algorithm.

Figure 5: Scaling factor value

The flight trajectory is shown in Fig. 6. The randomness of the flight trajectory and its long step size
enables the bat to make a larger range of jumps in the feasible domain. This helps the algorithm to escape
from the local optimum and explore broader regions within the search space, thus increasing the possibility
of finding the overall optimal solution.
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Figure 6: Lévy flight trajectory

4.2.2 Local Precision Optimization
Although the BA can achieve network coverage to a certain extent, there may be some uncovered areas,

which are also known as coverage blind zones. The virtual force algorithm can fill the coverage holes by
developing a simulation model for inter-node gravitational and repulsive forces, which steers the node to
migrate into blind zones, thus making the network coverage more comprehensive and uniform. The bat
position fusion virtual force is given by Eq. (19).

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

xnew = xol d +
�→
Fix
�→
Fi

× Maxstep × e−1/�→Fi

ynew = yol d +
�→
Fi y
�→
Fi

× Maxstep × e−1/�→Fi

(19)

where (xol d , yol d) is the original coordinates of the individual and the updated coordinates are (xnew , ynew),
Maxstep represents maximum movement step of the node, assuming that the combined force on the i-th
node is

�→
Fi , and the combined forces in the horizontal and vertical directions are

�→
Fix and

�→
Fi y , respectively.

Maxstep is usually a fixed step, but there is also a need to focus on the accuracy of the local solution while
taking into account the global optimization process, Maxstep is set to a dynamic step size for adaptive tuning.
Maxstep is given by Eq. (20).

Maxstep = (φmax − φmin) × e−(λ1×t/T+λ2×(t/T)2) (20)

where φmax takes the value of 0.1, and φmin takes the value of 0.01, λ1 and λ2 are positive constant parameters.
λ1 accelerates the rate of pre-decay with a value of 1, λ2 regulates the stability of post-decay with a value

of 0.5.
The decay curve of the iterative step size is shown in Fig. 7. The curve at the beginning of the iteration

shows an almost linear downward trend, indicating that the mobile step size adaptive adjustment speed is
faster, which is more consistent with the iterative mechanisms in swarm intelligence algorithm. Fixed step
size cannot regulate the search phase, if the step size is too large in the later local optimization, the nodes
sway sharply around the optimal solution, if the step size is too small will lead to very low efficiency in the
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early global search. At the beginning of the iteration, Maxstep is maintained at a relatively large value to
ensure the global exploration ability and accelerate the convergence rate of algorithm; at the late iteration, it
should decreases to refine local optimization precision and ensure solution quality.

Figure 7: Dynamic step decay

The flowchart of the VFBA is shown in Fig. 8.

Start 

Initialize parameters of 
bats and ndoes ,

calculate initial fitness

Update the 
frequency,velocity

 by Eq.(8) and Eq.(9)

Update the
position by

 Eq.(18)

rand1>ri

calculate current fitness(i) and 
update the local position by 
virtual force using Eq.(19)

fitness(i)<fnew and
 rand2<Ai

accept the new 
solution and with
the bat position

complete the coverage 
task and output
the best value

end

T>itermax
Yes

YesYes

No

No

No

Update the loudness,
pulse frequency by 
Eq.(11) and Eq.(12)

Figure 8: Flowchart of VFBA
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The VFBA pseudocode is shown in the Algorithm 1.

Algorithm 1: VFBA
01 Initialize area size, the number of node N, radius of node R and grid interval
02 Initialize population n, iterations T, objective function, weight values and position xi , frequency

fi , velocity vi , loudness Ai and pulse frequency ri
03 Calculate f itness (i) for each bat i in the initial population
04 Update the fi by Eq. (8) and the vi by Eq. (9)
05 Update the xi by Eq. (18)
06 if rand1 > ri , rand1 is a random number between 0 to 1

calculate f itness (i) after the step 04 and step 05, select a current best position
Update the new position using Eq. (19) for local search

else
Update the xi by Eq. (18) for global search

07 if rand2 < Ai and fnew > f itness (i), rand2 is also a random number between 0 to 1
Accept current new fitness function with new position.
Update the loudness Ai and pulse frequency ri by Eqs. (11) and (12)

else
iteration = iteration + 1 until T

08 Get the global optimal solution; end

5 Result Analysis
Aiming to validate the solution applicability of the virtual force fusion bat optimization algorithm for

the coverage problem, the simulation uses an Intel Core i5-13500H processor (12 cores, 16 threads, 1.45 GHz)
and 16 GB of RAM, the environment is MATLAB 2021b. Since the number of nodes N for virtual force
computation is fixed and smaller than the population size n, the time and space complexity of the algorithm
is determined by the population size n, the number of iterations T, and the problem dimension D, and is of
the same order of magnitude as the complexity of the standard bat algorithm, which is O (T × n ×D) in time
complexity and O (n × D) in space complexity. The experimental parameters are tabulated in Table 1.

Table 1: Experimental parameters

Parameter Value
Area 500 m × 500 m

n 100
N 4

ω1 , ω2, ω3 0.5, 0.3, 0.2
R 280 m
2α 45

Grid interval 1 m
D 8
T 100

(Amin , Amax) (0.3, 1)
(rmin , rmax) (0, 0.7)
( fmin , fmax) (0, 2)
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5.1 Benchmark Test Function Simulation
To assess the effectiveness of the VFBA, four benchmark functions are selected to test the simulation

result. The configurations of the benchmark functions are tabulated in Table 2. f1 (x) is the single-peak high
dimensional function, while f9 (x), f10 (x) and f11 (x) are the multi-peak high dimensional functions.

Table 2: Test function parameters

Function Range Value

f1 (x) =
30
∑
i=1

xi
2 [−100, 100] 0

f9 (x) =
30
∑
i=1
[xi

2 − 10 cos (2πxi) + 10] [−5.12, 5.12] 0

f10 (x) = −20 exp
⎛
⎝
−0.2

�
��� 1

30
30
∑
i=1

xi 2 − exp{ 1
30

30
∑
i=1

cos (2πxi)} + 20 + e
⎞
⎠

[−32, 32] 0

f11 (x) = 1
4000

30
∑
i=1

xi
2 −

30
∏
i=1

cos ( xi√
i
) + 1 [−600, 600] 0

Comparison of the convergence curves of VFBA with the VFA and the BA are shown in Fig. 9. Which
shows the VFBA has a better ability to find the optimum of the extremum of the four benchmark functions
than VFA and BA, there is only one extremum of the single-peaked function Sphere, thus the convergence
rate is fast. For the multi-peak function, owing to the presense of multiple local optimal solutions, the VFBA
algorithm is slower to converge than the single-peak function and requires more iterations to find the global
optimal solution, thus proving the feasibility and superiority of the VFBA in solving optimization problems.

Figure 9: (Continued)
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Figure 9: (a) Iteration of Sphere; (b) Iteration of Rastrigin; (c) Iteration of Ackley; (d) Iteration of Griewank

5.2 AP Node Coverage Simulation
5.2.1 Coverage Analysis in Monitoring Area

A right-angle coordinate system is established with the area to be monitored as the target, in which
the positive x-direction is eastward, and the positive y-direction is northward. The measurement range is
500 m × 500 m, and taking three typical four-node rule layouts as an example, the APs are laid in the area
according to the positions shown in Fig. 10. In the square layout, four APs (labeled A, B, C, and D) are located
at the four corners of the monitoring area. The diamond layout places the APs on the vertical and horizontal
centerlines of the monitoring area boundaries. The rectangular layout places the four APs on the upper and
lower boundaries in three equal parts.

Figure 10: (a) Square layout; (b) Diamond layout; (c) Rectangular layout

The final coverage visualization results are shown in Fig. 11. Compared with rectangular layout [15],
square layout [16] and diamond layout [17], due to these three methods of layout are based on simple
geometric shapes for node layout, and these layout methods can only achieve locally better coverage, the
coverage map of the three rules of layout has a larger coverage blind zone. In contrast, the algorithm
in this paper adds Lévy flight to the bat position update, and further incorporates virtual force for
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optimization, resulting in a more uniform layout, smaller coverage blind zone, and a significant increase in
the coverage rate.

Figure 11: (a) Coverage of square layout; (b) Coverage of diamond layout; (c) Coverage of rectangular layout; (d)
Coverage of VFBA algorithm

To validate the discrepancy in coverage performance between our algorithm and the conventional node
layout method, the convergence curves are as shown in Fig. 12, the VFBA achieves 41.06% coverage at an early
stage and has the fastest convergence speed. With the iterations increasing, the coverage effect is gradually
close to the optimum under the fusion algorithm. Upon reaching 40 iterations, the algorithm has stabilized
and achieves an optimal coverage of 91.99%. Diamond layout starts with a coverage of 30%, which grows
slowly throughout the process, and later in the iteration the coverage is only 59%, which is a limited increase
in coverage. The coverage of square layout is 84.75% and the coverage of rectangular layout is 73.64%. The
VFBA has the highest coverage relative to other methods.
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Figure 12: Coverage comparison

The node movement trajectory is shown in Fig. 13. The red dots represent the initial node positions
determined by applying the bat algorithm, the initially deployed nodes may have coverage blind zones or
coverage overlap is too high, bat algorithm is affected by its own search mechanism and parameter settings
and other factors, it is difficult to eliminate these problems, the final node position is determined by the
position of the end of the colored dotted line.

Figure 13: Node movement trajectory

To remove the errors due to randomness, every result underwent 30 runs for analysis under identical
conditions, as shown in Table 3.
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Table 3: Coverage metrics data of four methods

Method Coverage rate (30 times) Evaluation criteria

SL

n 1 2 3 4 5 6 7 8 9 10 x σ s
0.8421 0.8363 0.8472 0.8424 0.843 0.8412 0.8425 0.8372 0.844 0.8346

n 11 12 13 14 15 16 17 18 19 20 0.84 1.26E− 3.55E−
0.8384 0.8424 0.8427 0.8362 0.8475 0.8353 0.842 0.8376 0.8385 0.834 06 05 03

n 21 22 23 24 25 26 27 28 29 30
0.8429 0.8412 0.843 0.8424 0.8437 0.8412 0.836 0.8415 0.8372 0.8425

RL

n 1 2 3 4 5 6 7 8 9 10
0.7399 0.7402 0.7382 0.736 0.732 0.7417 0.7387 0.742 0.7373 0.7398

n 11 12 13 14 15 16 17 18 19 20 0.73 6.44E− 2.54E−
0.738 0.7412 0.7386 0.7343 0.7331 0.7422 0.7391 0.7404 0.7364 0.7376 89 06 03

n 21 22 23 24 25 26 27 28 29 30
0.7389 0.7394 0.738 0.7413 0.7384 0.7407 0.7387 0.7415 0.7394 0.7416

DL

n 1 2 3 4 5 6 7 8 9 10
0.5925 0.5954 0.5967 0.5968 0.5874 0.589 0.5954 0.5857 0.592 0.5921

n 11 12 13 14 15 16 17 18 19 20 0.59 2.38E− 4.88E−
0.598 0.5895 0.5867 0.5988 0.5987 0.5879 0.5934 0.5995 0.5855 0.5889 23 05 03

n 21 22 23 24 25 26 27 28 29 30
0.5954 0.5862 0.596 0.5919 0.5804 0.5988 0.5934 0.5957 0.5923 0.5892

VFBA

n 1 2 3 4 5 6 7 8 9 10
0.9121 0.919 0.9189 0.9211 0.9203 0.9175 0.92 0.9185 0.9193 0.914

n 11 12 13 14 15 16 17 18 19 20 0.91 3.94E− 1.99E−
0.9151 0.9169 0.9195 0.9175 0.9203 0.9185 0.9206 0.9178 0.9193 0.9196 81 06 03

n 21 22 23 24 25 26 27 28 29 30
0.919 0.9186 0.9172 0.9168 0.9188 0.9175 0.9197 0.9165 0.918 0.9163

Note: SL is the square layout, RL is the rectangular layout, DL is the diamond layout. x represents the average of all
numerical values. σ is the variance and s is the standard deviation.

The table proves the average coverage of VFBA algorithm is 91.81% under the same conditions, which
improved by 7.75% compared with the square layout method; by 32.6% compared with the diamond layout;
and by 17.9% compared with the rectangular layout method. The variance and standard deviation of the
algorithm in this paper are minimal compared to other layout methods, which proves that the VFBA is more
stable. These prove that the VFBA significantly surpasses other methods in coverage performance.

The simulation results of coverage efficiency of nodes under the four methods are shown in Fig. 14.
The coverage efficiency attained by VFBA reaches a high level at a low number of iterations and stabilizes
at 88.46% as the iterations proceed. This indicates that when using the VFBA, the nodes can be distributed
quickly and efficiently to achieve a large coverage area, and effectively reducing the coverage redundancy.
The square layout has a low coverage efficiency at the beginning, it improves significantly in the later stages,
and the coverage efficiency eventually reaches 91.67%, but the convergence speed is slightly slower compared
to VFBA. The overall improvement ability of the diamond and rectangular layout is weaker, especially the
diamond layout, under the same number of iterations, the coverage efficiency is much lower than VFBA and
square layout, and the rectangular layout is the second.
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Figure 14: Coverage efficiency comparison

Since the radio signal propagation attenuation can be calculated using the free space model
in the environment without obstacles in the campus outfield, the path loss from each location in the region to
the signal source is shown in Fig. 15. The high signal strength area of VFBA is widely distributed and has the
largest coverage, the high signal area of the diamond and rectangular layout is concentrated and unevenly
distributed, and the signal attenuation in the center area of the square layout is serious and not conducive to
stable communication. The feasibility of VFBA is proved by comparison.

Across the four methods, the movement distance of every node is shown in Fig. 16a. The movement
distance of the four nodes of VFBA, square, diamond and rectangular layout are shown from right to left.
The maximum moving distance of a node of VFBA is 321.4 m, the maximum moving distance of a node
of square, diamond and rectangular layout is 455.78, 494.25 and 511.08 m, respectively. In comparison with
the other methods, the VFBA demonstrates a reduction in moving distance. And the total distance traveled
by all nodes of the four methods is shown in Fig. 16b. The total movement distance using the VFBA is
930.26 m, which is the least movement distance among all methods. It shows that the VFBA is more efficient
in resource utilization, reducing unnecessary mobile consumption and improving overall layout efficiency.

To validate the coverage applicability of VFBA in large areas, two groups of extended simulation
experiments are designed, and the coverage curves are shown in Fig. 17. One group is carried out in an area
of 1000 m × 1000 m, the radius of the nodes is set to 600m; the other group expands the area to 1500 m ×
1500 m and adjusts the radius of the nodes to 800 m. Except for the two parameters of area and radius of
the nodes in these two groups of experiments, the other parameters are unchanged as in the previous basic
experiments to ensure the comparability of the experiments. For two larger regional deployments, the VFBA
has a higher coverage than the other three layout methods. In a 1000 m × 1000 m monitoring area, VFBA
achieves a final coverage of 85.92%, while square, diamond, and rectangular layouts have coverage of 80.55%,
58.6%, and 68.17%, respectively.
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Figure 15: (a) Path loss of square layout; (b) Path loss of diamond layout; (c) Path loss of rectangular layout; (d) Path
loss of VFBA algorithm

Figure 16: (a) Single node movement distance; (b) Total nodes movement distance
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Figure 17: (a) Coverage of 1000 m × 1000 m; (b) Coverage of 1500 m × 1500 m

5.2.2 Coverage Analysis in Different Algorithms
Comparison of the coverage of different algorithms in the iterative optimization process is shown

in Fig. 18. The node coverage of VFBA is 91.9%, GAWOA is next with a coverage value of 85%, SA has a
coverage of 71.1%, and PSO has the worst coverage of 68.1%. VFBA is able to quickly approach the optimal
solution at start and converge to the optimal solution quickly. Although PSO converges faster, in terms of
node coverage, PSO falls into the optimum value at the later stage and it is difficult to jump out. Compared
with VFBA, the final network coverage obtained by GAWOA is lower and the convergence speed is slower.
Taken together, VFBA outperforms other algorithms in the node coverage optimization problem.

Figure 18: Coverage of different algorithms

6 Conclusion
In this paper, we study the key technology of wireless coverage enhancement for a finite number of AP

nodes and propose a virtual force fusion bat algorithm. For the purpose of raising the coverage effect, the
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Lévy flight strategy is incorporated, and the position update mechanism of the bat is improved so that the
individuals can make long-distance jumps with a large probability in each iteration to promote the ability
of global search. At post-algorithmic to enhance the bat search accuracy, virtual force is combined with
the feature that the traveling step size decreases gradually with the number of iterations, and the virtual
force is introduced as a disturbance factor in the position update process of bats as a way to improve the
accuracy of the local search. The results indicate that when compared to diamond, rectangular, and square
layout methods, VFBA substantially promotes the coverage and coverage efficiency of AP nodes. The VFBA
makes the nodes well distributed and reduces energy consumption. In addition, the coverage of VFBA is also
significantly improved compared to SA, PSO, and GAWOA. However, this study is limited to the deployment
of AP in 2-D space, after which a more realistic monitoring environment will be simulated to extend the
deployment optimization to 3-D space.
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