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Abstract In mobile wireless sensor networks, localization accuracy and cost
are the key issues to be considered. This paper is committed to solving the lo-
calization problem of mobile sensor networks. We propose an improved Black
Hole (BH) algorithm based on compact strategy and elitist learning strategy.
An improved Monte Carlo localization (IMCL) algorithm based on multi-hop
combines the novel algorithm to deal with the localization problem of mobile
sensor networks. The performance of the novel algorithm is verified on 28 test
functions of CEC 2013 and compared with other standard optimization algo-
rithms. The results reveal that the novel algorithm has first-class performance.
In the simulation experiment, the novel algorithm and several optimization
algorithms are applied to IMCL. The comparison results show that the new
heuristic algorithm combined with IMCL can provide more competitive results
in mobile node localization.

Keywords Mobile node localization · Black Hole algorithm · Compact
strategy · Monte Carlo Localization

1 Introduction

There are hundreds or thousands of sensor nodes in the objective area of Wire-
less Sensor Network (WSN), which is composed of processor, sensor, commu-
nication, power supply, and other modules to monitor the phenomenon in the
deployment area [32, 29]. The information gathered is transmitted to the base
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station. However, due to lacking the location of the node, the transmitted in-
formation is meaningless. Therefore, localization of sensor nodes is the critical
and fundamental attribute in WSN.

The sensor nodes of WSN consist of anchor (seed) nodes and unknown
nodes. The former is usually equipped with a global positioning system (GPS)
[40] module, while the latter is only used to collect information and lacks
positioning functions. Because of economic and energy costs, as well as there
are many unknown nodes in WSN, it is a challenging problem to estimate the
location of unknown nodes. In recent years, various localization algorithms
are proposed for the localization of unknown nodes, which are mainly divided
into two categories: range-based localization algorithm [5, 20] and range-free
localization algorithm [31, 41]. In the range-based localization algorithm, due
to the low cost of measuring the Received Signal Strength (RSS), Patwari
et al. [25] used RSS for localization without considering the error caused by
the fading channel. Hofmann et al. [9] introduced the method of localization
using Time Of Arrival (TOA). In [28], Savvides et al. mentioned a method
for localization using the Time Difference Of Arrival (TDOA) of two different
signals. Niculescu et al. [24] proposed a method about Angle Of Arrival (AOA)
in 2003, assuming that each node has the ability of AOA, and all nodes can
determine their direction and location in the ad-hoc network where only a small
number of nodes have the ability of localization. The range-free localization
algorithm mainly depends on the connectivity of nodes to locate unknown
nodes. It first calculates the connection of nodes in the network, and then
starts to estimate the locations of nodes.

Affected by the influence of external forces (wind and ocean current), nodes
are always inevitably moving. Therefore, in many cases, we must regard the
topology of WSN as dynamic. The continuous relocation of unknown nodes
leads to the increase of network energy consumption, and the network delay
also greatly affects the positioning accuracy. At the same time, Doppler shift
[12] also affects the localization of mobile nodes, and occurs when the sig-
nal transmitter moves relative to the receiver. At present, many localization
algorithms have been proposed for mobile node localization, such as parti-
cle filter-based algorithm [36] and Monte Carlo localization (MCL) algorithm
[8, 34].

Meta-heuristic algorithms [35, 11] mainly refer to algorithms that simulate
various natural phenomena, such as Ant Colony Optimization (ACO) algo-
rithm [6] inspired by ant foraging phenomenon, black hole (BH) algorithm
[15, 4] inspired by natural black hole phenomenon, Phasmatodea (stick insect)
population evolution (PPE) algorithm [33] inspired by the evolution of stick
insect populations in nature, Cat Swarm Optimization (ASO) algorithm [7]
inspired by the tracking and seeking behavior of cats in nature, and Cuckoo
Search (CS) algorithm [37] inspired by cuckoo parasitism and hatching be-
havior. Since the meta-heuristic algorithm can effectively solve various opti-
mization problems, people pay more and more attention to it in recent years.
From the early Particle Swarm Optimization (PSO) algorithm [10] and Ge-
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netic Algorithm (GA) [26] to BH algorithm and CS algorithm, more and more
optimization algorithms have been proposed.

In recent years, people try to use meta-heuristic algorithms to optimize
various problems of WSN, and have made great progress. For example, in
[14], Gupta et al. tried to use the CS algorithm to optimize the clustering
protocol in WSN and save energy. In [17], Kulkarni et al. introduced several
applications of PSO algorithm in WSN, such as node localization and data
aggregation. In [30], Sharmin et al. used the ACO algorithm to optimize the
data transmission path in WSN to reduce energy waste. In order to prolong
the lifetime of WSN, Arjunan et al. [1] proposed a hybrid routing protocol
based on the ACO algorithm. Gumaida et al. [13] combined PSO with Variable
Neighborhood Search (VNS) algorithm to improve the positioning accuracy of
WSN. Chai et al. [2] proposed parallel Whale Optimization (PWOA) algorithm
to optimize the localization of WSN. In [42], Zheng et al. combined the compact
strategy into the adaptive PSO algorithm and proposed the Compact Adaptive
Particle Swarm Optimization (CAPSO) algorithm, which was applied to the
localization of mobile nodes. In [3], Chai et al. presented an improved Fish
Migration Optimization (FMO) algorithm, which was applied in solving the
localization problem of Wireless Sensor Network (WSN) on 3-D terrain and
achieved good results.

The BH algorithm mentioned above was proposed for data clustering. In
this paper, the Compact Black Hole (CBH) algorithm is propesed, combined
with the elitist learning strategy (ELS) to improve the ability of BH to jump
out of the local optimum. At the same time, compact strategy is combined
with BH algorithm to make it suitable for memory-constrained scenarios, such
as WSN. This paper also improves MCL algorithm, called IMCL algorithm.
Compared with the traditional MCL algorithm, IMCL algorithm has better
localization accuracy and stability in mobile sensor networks.

The rest of the paper is organized as follows. Section 2 introduces the ba-
sic principles of BH algorithm and MCL algorithm. In Section 3, we introduce
the strategies added to the BH algorithm and the improvements of MCL al-
gorithm. Section 4 shows the performance of CBH algorithm, and compares
CBH algorithm with several common optimization algorithms. In Section 5,
we introduce the comparison between CBH and several common optimization
algorithms in IMCL application. Finally, we summarize this paper in Section
6.

2 Related work

This section first introduces the basic principles of the BH algorithm, and then
introduces the positioning process of the MCL algorithm.
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2.1 Black Hole algorithm

Abdolreza Hatamlou proposed BH algorithm in 2013, which is inspired by
the black hole phenomenon in the universe. In this algorithm, the global best
individual is named black hole, which attracts other individuals to move to-
wards it. Nevertheless, once the distance between an individual and the black
hole is smaller than the event horizon, this individual would be swallowed and
randomly generates a new individual in search space. Like GA or PSO, the
BH algorithm evolves the population to an optimal solution through specific
strategies. If the fitness of an individual is better than the optimal solution
after moving, it will replace the optimal solution. However, the location up-
date formula in BH is simpler and only related to the location of the optimal
solution. The pseudocode is shown as Algorithm 1:

Algorithm 1 BH
1: Initialization: Generate the population of stars randomly in search space
2: while (t < MaxGeneration) do

3: Calculate the fitness of each star
4: Select the star with the best fitness value as the black hole
5: Change the position of the star according to Eq. (1)
6: If the fitness value of a star is better than that of black hole, it will exchange position

with the black hole
7: If the star is within the event horizon of the black hole, a new star is randomly

generated in the search space to replace the original star
8: t = t + 1

In the initialization stage, the BH algorithm randomly generates a popula-
tion in the search space, and selects the individual with the best fitness as the
black hole and the rest as stars. In the iterative process, all-stars move towards
the black hole, and the position movement formula of stars is as follows:

xi(t+ 1) = xi(t) + rand× (xBH − xi(t)) i = 1, 2, ..., N (1)

where xi(t) and xi(t+1) are the locations of ith star at iterations t and t+1,
respectively. xBH is the location of black bole, rand is a random number in the
interval [0,1], and N is the number of stars (candidate solutions). The event
horizon radius influence the balance of exploration and exploitation of the BH
algorithm, and the following equation defines it:

R =
fBH

PN

i=1
fi

(2)

where fBH is the fitness of black hole and fi is the fitness of the ith star. N
is the size of population and is also the number of candidate of solutions.
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2.2 Monte Carlo Localization

In mobile sensor network localization, nodes may leave the previous location
and reach the current location. In order to facilitate prediction, we assume
that the time is discrete. We need to relocate the node in each time unit to
obtain the current position of the node. The observations from anchor nodes
can help us filter some wrong predicted positions. The main idea of the MCL
algorithm is shown as follows:

Algorithm 2 MCL
1: Initialization: Initializing anchor nodes and unknown nodes, N is a constant indi-

cating the number of samples to be maintained, L0 = {set of random locations in the
deployment area}

2: Step: Solve the current set of possible positions Lt according to location of node in
last time unit Lt−1 and the new observation ot, Lt = {}

3: while (size(Lt) < N) do

R =
�

lit | l
i
t is selected from p

�

lt | l
i
t−1

�

, lit−1 ∈ Lt−1, 1 6 i 6 N} (3)

Rfitered =
�

lit | l
i
t where lit ∈ R and p

�

ot | l
i
t

�

> 0
 

(4)

Lt = choose (Lt ∪Rfittered , N) (5)

Here, lt represents the possible position of the node at time t, ot repre-
sents the observation of the anchor node from time t− 1 to time t, p (lt | lt−l)
represents the possible position prediction of the node at time t according to
the position at time t− 1, and p (lt | ot) indicates the possibility that the cur-
rent node is at lt according to the observed value ot. Therefore, we can use
lt−1 to predict the position distribution of nodes at time t, and then filter the
impossible positions according to ot. The set Lt of n samples represents the
distribution lt, and the algorithm recursively calculates the sample set in each
time unit, therefore, Lt−1 reflects all previous observations, which allows us
apply Lt−1 and ot to calculate lt.

2.2.1 Prediction

In the prediction stage, the node applies the movement model to each sample
through a set of possible positions Lt−1 obtained in the previous step, so as
to obtain a new set of possible positions Lt. We do not know the speed and
direction of the node movement, only know that the moving speed of the node
is less than V max. If lit−1 is the estimated position of the node in the t − 1
iteration, the current position of node could be located in a circle with lit−1 as
the center and V max as the radius.
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2.2.2 Filtering

At this stage, the node filters the location obtained in the prediction stage
through the new observation results. Here, we assume that the message can
be received immediately. Figure 1 shows that there are four possible scenarios
for anchor nodes, as shown below:

(1) outsiders: the anchor node that neither the last time unit nor this time
unit has been monitored.

(2) arrivers: the anchor node whose last time unit is not monitored but this
time unit is monitored.

(3) leavers: the anchor node whose last time unit is monitored but this time
unit is not monitored.

(4) insiders: the anchor nodes that both last time unit and this time unit are
monitored.

Fig. 1 The anchor node is at l0 at time 0 and moves to l1 at time 1. The anchor node is
insider for the nodes in region III, for the nodes in region II is arriver, for the nodes in
region I is leaver, for all other region is outsider.

However, if we only rely on the direct information from the anchor node,
the node will not know the previous location of the arriver or the current
location of the leaver. Therefore, arriver and leaver are most useful for node
positioning because they provide information when nodes enter and leave.
We can let the neighbor node spread the information about the anchor node
location (the collection of all anchor nodes and their locations monitored in
the last time unit), which enables the node to find the information of the
external anchor nodes. The node knows that it is not within the distance r of
any outsider anchor node, but it must be within the 2r of any anchor node
monitored by its neighbors.

Figure 2 shows the filter conditions of insider and outsider. Let S represent
the set of all anchor nodes monitored by N , and T represent the set of all
anchor nodes monitored by N ’s neighbors but not monitored and heard by N .
Then the filter condition of the current position l of the node is:

filter(l) = ∀s ∈ S, d(l, s) ≤ r ∧ ∀s ∈ T, r < d(l, s) ≤ 2r (6)
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Fig. 2 If the anchor node can directly monitor the node, the distance between them is
within r. If the node is monitored by the neighbor of the anchor node but not by the anchor
node, the distance between them is within (r,2r].

3 CBH and IMCL algorithm

In this section, we mainly introduce the improvements to BH and MCL al-
gorithms. Firstly, the compact BH algorithm is proposed, which has more
extraordinary searchability than the original algorithm and supports memory-
constrained scenarios. Then the ELS is applied to the BH algorithm to im-
prove the global searchability of the novel algorithm. Finally, the multi-hop is
introduced in the MCL algorithm, which improves the localization accuracy
of unknown nodes in WSN with a low anchor node density.

3.1 CBH algorithm

Unlike the traditional evolutionary algorithm, the essence of the estimated
distribution algorithm (EDA) is a new stochastic optimization algorithm. It
combines mathematical statistics with an evolutionary algorithm, and uses a
statistical learning method to establish a probability model to describe popu-
lation distribution. Population evolution of EDA is realized by updating the
probability model.

We use a perturbation vector (PV) to represent the probability model of
the population. In CBH algorithm, PV is an n × 2 matrix.

PV t = [µt,σt] (7)

Where µ is the mean value of the perturbation vector, σ is the standard
deviation of the perturbation vector, and t represents the current number of
iterations. Each pair of µ and σ corresponds to a Gaussian Probability Distri-
bution Function (PDF). The PDF is truncated in [-1,1] and the amplitude is
normalized to ensure the area is 1, as shown in Figure 3.

Through Chebyshev polynomials, PDF is used to construct a Cumulative
Distribution Function (CDF) with values ranging from 0 to 1. The calculation
formula of CDF is as follows:

CDF =

Z x

−1

PDFdx =

Z x

−1

q

2

π
e−

(x−µ)2

2δ2

δ

⇣

erf
⇣

µ+1√
2δ

⌘

− erf
⇣

µ−1√
2δ

⌘⌘dx (8)
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Fig. 3 Normalization of truncated Gaussian curves (with standard deviation σ = 10)

Where erf is the error function, µ and σ are the mean and standard de-
viation in PV, respectively. The candidate solution is generated by using the
inverse CDF, and two solutions are obtained after one iteration. The solution
with a better fitness value is represented as a winner, and the other is a loser.
Then, µ and σ is updated respectively through the following formulas:

µt+1

i = µt
i +

1

Np

( winneri − loseri) (9)

σ
t+1

i =

s

(σt
i)

2
+ (µt

i)
2
−

�

µt+1

i

�2
+

1

Np

�

winner2i − loser2i
�

(10)

In Eq. (9), Np represents the size of virtual population. The pseudocode of
compact is shown as Algorithm 3.

Algorithm 3 compact
1: while (t < maxGeneration) do

2: Generate a solution x1 using the PV and inverse CDF
3: Update x1 using the position update formula to get x2

4: winner and loser are selected by comparing x1 and x2

5: Update PV with winner and loser
6: t = t + 1

Based on the compact algorithm introduced above, the compact BH algo-
rithm can be designed. In the initialization phase, we set µ to 0 and σ to a
larger positive constant λ (λ = 10). Setting σ to 10 allows the algorithm to
sample randomly throughout the interval. In the BH algorithm, the position of
the black hole (BH) represents the current optimal solution. The pseudocode
of CBH is shown as Algorithm 4.
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Algorithm 4 CBH
1: Initialization: µ = 0, σ = 10, initialize BH
2: while (t < maxGeneration) do

3: The candidate solution x1 is generated by µ and σ

4: if fitness(x1) > fitness(BH) then

5: BH = x1

6: Update x1 to get x2 by Eq. (1)
7: Compete(x2,BH), choose winner and loser from x2 and BH
8: Update µ and σ according to the Eq. (9) and Eq. (10)
9: if fitness(x2) > fitness(BH) then

10: BH = x2

11: t = t + 1

It is worth noting that the BH algorithm is easy to fall into local optimum,
so the actual performance of the algorithm is not very good. Firstly, CBH
does not use one particle like the traditional compact algorithm but uses four
particles to divide the original problem interval into four parts of the same
length. After each particle runs on its interval for a while, the four particles
iterate on the whole interval together. In this way, compared with a particle
compact algorithm, it can effectively jump out of the local optimum. Secondly,
as shown in Eq. (11), the parameter w is added to the position update formula
of CBH. The initial value of w is 2 and gradually decreases to 1 with the
progress of the iteration. CBH has a strong exploration ability at the beginning
of the iteration, and then the exploitation ability of CBH is gradually enhanced
with the operation of the algorithm. Compared with the BH algorithm, CBH
can find the optimal solution faster or better.

xt+1 = xt + w × rand× (xBH − xt) (11)

where t is the current iteration, xBH is the current global optimal solution.
Finally, the CBH algorithm adopts ELS in the convergence state, and ELS

acts on the global optimal particle (BH). The local optimal solution may have
some of the same structure as the global optimal solution which should be
protected. Therefore, ELS acts randomly on a dimension of BH. ELS is carried
out through Gaussian disturbance, and the specific formula is shown as follows:

BHd = BHd + (xd
max − xd

min)×Gaussian(µ,σ2) (12)

where d is the randomly selected dimension, xmin and xmax are the lower and
upper bounds of the problem, and Gaussian(µ,σ2) is a random number. In
this paper, µ is set to BHd and σ

2 is set to 3. The results show that these
three methods effectively improve the ability of the algorithm to jump out
of the local optimum, and properly balance the exploration and exploitation
ability of the algorithm.

3.2 Improved Monte Carlo algorithm

The traditional MCL algorithm uses available anchor nodes one hop and two
hops away from the unknown nodes for localization. The anchor node position
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is initialized randomly, so it may be far away from the unknown node, which
means that the anchor node has no meaning and is called an unusable anchor
node. In the IMCL algorithm, more hops are used for positioning unknown
nodes, which can further improve the positioning accuracy. Especially when
the number of anchor nodes is small or the deployment area is large, multi-hop
can improve the positioning accuracy to a greater extent. At the same time, it
also brings the problem of longer positioning time. Therefore, it is challenging
to balance the number of hops and positioning time. The IMCL algorithm in
this paper uses the sum of the distances between the unknown nodes and the
available anchor nodes as the evaluation index of the WSN hop count. The
details are as follows:

Max Hop(i) = Sum Dist(i)/V max (13)

where Max Hop(i) represents the maximum number of hops suitable for un-
known node i, Sum Dist(i) refers to the sum of the distance between the ith
unknown node and the usable anchor node, and V max is the maximum speed
of node movement.

The algorithm is mainly divided into two parts. In the forecasting phase, to
estimate the location of the unknown node, the place information of neighbor
nodes (contain anchor nodes and unknown nodes within one hop range) is
necessary. When multiple nodes simultaneously detect an unknown node, the
unknown node is located in the intersection of the communication areas of
these nodes. There are N points sampled randomly in the common area, and
the average position of these N points is the estimated position of the unknown
node. This process is shown in Figure 4.

Fig. 4 S is the anchor node, n1 and n2 are unknown nodes that monitor the unknown
nodes.

When the approximate position of the unknown node is known, the sum of
the distances between the unknown node and the available anchor nodes can
be obtained through calculation, and Max Hop(i) can also be solved. Then
we use Eq. (4) to locate unknown nodes, as shown in Figure 5.

Through comparative experiments in section 4.3, we can conclude that
the IMCL algorithm has higher positioning accuracy than the original MCL
algorithm.
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Fig. 5 S is the anchor node, t1 is the anchor node two hops away from the unknown node,
and t2 is the anchor node three hops away from the unknown node.

4 Experimental analysis of algorithm

4.1 Benchmark functions and algorithm parameters

This section uses 28 benchmark functions in CEC 2013 [18] to test the actual
performance of the CBH algorithm. CEC 2013 contains 5 unimodal functions,
15 basic multimodal functions, and 8 composition functions, which can com-
prehensively test the performance of the algorithm. In this experiment, the
dimension of the test function is set to 20. We first test the performance of
the original BH algorithm and CBH algorithm on 28 benchmark functions of
CEC 2013 in Section 4.2, and then test the comparison of CBH algorithm
with classical PSO and GA algorithm, as well as other common algorithms
such as bat algorithm (BA) [38], sine cosine algorithm (SCA) [21] and whale
optimization algorithm (WOA) [22] in Section 4.3. Finally, the performance
of MCL algorithm and IMCL algorithm are compared, and the experimental
results are analyzed in Section 4.4.

4.2 Comparion with the original BH algorithm

The performance of the BH and CBH algorithm is measured at a significant
level at α = 0.05 under Wilcoxon’s signed rank test. Symbol (<) indicates that
the performance of the BH algorithm is inferior to that of the CBH algorithm,
symbol (>) indicates that the performance of the CBH algorithm is poor, and
symbol (=) indicates that the performance of the two algorithms is similar.
The specific results are shown in Table 1.
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Table 1 Comparision of CBH with the BH. Each algorithm
is measured under Wilcoxon’s signed rank test with the sig-
nificant level α = 0.05.

Function BH CBH

f1 5.461E+03 (<) -1.400E+03
f2 2.902E+07 (<) 4.374E+06
f3 1.375E+14 (<) 9.460E+08
f4 4.267E+04 (<) 3.771E+04
f5 4.503E+02 (<) -9.999E+02
f6 3.913E+02 (<) -8.672E+02
f7 1.676E+04 (<) 4.626E+02
f8 -6.791E+02 (<) -6.792E+02
f9 -5.779E+02 (=) -5.774E+02
f10 1.845E+02 (<) -4.983E+02
f11 -1.061E+02 (<) -3.800E+02
f12 5.504E+00 (<) -7.476E+01
f13 1.214E+02 (<) 5.059E+01
f14 4.011E+03 (<) 2.610E+02
f15 3.749E+03 (<) 2.603E+03
f16 2.016E+02 (<) 2.014E+02
f17 5.897E+02 (<) 3.398E+02
f18 6.916E+02 (>) 7.231E+02
f19 1.874E+03 (<) 5.044E+02
f20 6.096E+02 (=) 6.097E+02
f21 1.669E+03 (<) 1.050E+03
f22 5.602E+03 (<) 1.373E+03
f23 5.694E+03 (<) 4.859E+03
f24 1.292E+03 (<) 1.266E+03
f25 1.410E+03 (<) 1.364E+03
f26 1.405E+03 (<) 1.401E+03
f27 2.336E+03 (<) 2.258E+03
f28 4.802E+03 (=) 4.984E+03

According to the data in Table 1, we can conclude that CBH algorithm
performs well on 24 functions, and its performance on the f9, f20, f28 functions
is similar to the BH algorithm, except that on the f18, its performance is not
as good as that of the BH algorithm. Therefore, CBH algorithm has outstand-
ing performance in unimodal function and good performance in multimodal
function, which shows that the strategy adopted for the CBH algorithm is suc-
cessful, improves the ability of the algorithm to jump out of local optimization
and convergence performance, and enable CBH to find better results faster
under the same number of iterations.

4.3 Comparion with the common optimization algorithm

This section compares the CBH algorithm with other common optimization
algorithms. The parameter settings of the CBH algorithm are the same as
those in the previous section, and the parameter settings of other optimization
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algorithms are shown in Table 2. The comparison results with CBH algorithm
are shown in Table 3.

Table 2 Parameter settings for each related algorithm.

Name Parameter

PSO Np = 30, φ1 = −0.2, φ2 = −0.07, φ3 = 3.74, λ1 = 1, λ2 = 1
GA Np = 30, mutation rate = 0.01, crossover rate = 0.9
BA Np = 30, loudness = 0.6, pulse rate = 0.7, fmin = 0, fmax = 1

WOA Np = 30, a = 2, a2 = −1
SCA Np = 30, a = 2, r2 ∈ [0, 2π], r3 ∈ [0, 2], r4 ∈ [0, 1]

Table 3 Comparision of CBH with the BA, PSO, SCA, WOA. Each algorithm is measured
under Wilcoxon’s signed rank test with the significant level α = 0.05.

Function BA GA PSO SCA WOA CBH

f1 1.39E+03 < 5.30E+04 < -1.40E+03 < 4.18E+03 < -1.28E+03 < -1.28E+03
f2 2.13E+06 > 8.30E+08 < 9.49E+05 > 7.66E+07 < 4.23E+07 < 4.37E+06
f3 2.20E+08 > 6.83E+21 < 3.10E+08 = 2.61E+10 < 1.11E+12 < 9.46E+08
f4 6.18E+04 < 1.18E+07 < 1.16E+04 > 2.89E+04 > 7.87E+04 < 3.77E+04
f5 -9.99E+02 < 3.72E+04 < -1.00E+03 < 3.10E+02 < -7.11E+02 < -1.00E+03
f6 -8.71E+02 > 1.67E+04 < -8.76E+02 > -3.14E+02 < -7.75E+02 < -8.67E+02
f7 2.88E+06 < 3.38E+07 < 4.10E+03 = -5.62E+02 = 1.45E+04 < 4.63E+02
f8 -6.79E+02 < -6.79E+02 < -6.79E+02 = -6.79E+02 < -6.79E+02 < -6.79E+02
f9 -5.76E+02 = -5.71E+02 < -5.77E+02 = -5.75E+02 < -5.76E+02 = -5.77E+02
f10 -4.98E+02 > 6.20E+03 < -4.98E+02 > 3.07E+02 < -2.86E+02 < -4.98E+02
f11 1.76E+01 < 4.26E+02 < -1.47E+02 < -1.93E+02 < -9.20E+01 < -3.80E+02
f12 3.41E+02 < 7.35E+02 < 2.05E+01 < -6.26E+01 = -9.83E+00 < -7.48E+01
f13 4.58E+02 < 7.90E+02 < 2.11E+02 < 3.41E+01 > 7.59E+01 < 5.06E+01
f14 3.28E+03 < 6.09E+03 < 2.75E+03 < 4.23E+03 < 3.36E+03 < 2.61E+02
f15 3.27E+03 < 5.58E+03 < 2.71E+03 = 4.58E+03 < 3.63E+03 < 2.60E+03
f16 2.02E+02 < 2.04E+02 < 2.01E+02 < 2.02E+02 < 2.02E+02 < 2.01E+02
f17 1.09E+03 < 1.76E+03 < 5.61E+02 < 5.89E+02 < 6.54E+02 < 3.40E+02
f18 1.20E+03 < 1.86E+03 < 6.46E+02 > 6.89E+02 = 7.60E+02 < 7.23E+02
f19 5.25E+02 < 3.72E+06 < 5.18E+02 < 1.47E+03 < 5.55E+02 < 5.04E+02
f20 6.10E+02 < 6.10E+02 < 6.10E+02 < 6.10E+02 = 6.10E+02 < 6.10E+02
f21 1.03E+03 = 4.37E+03 < 1.04E+03 > 1.73E+03 < 1.35E+03 < 1.05E+03
f22 5.07E+03 < 7.41E+03 < 4.53E+03 < 5.34E+03 < 4.79E+03 < 1.37E+03
f23 5.11E+03 < 7.14E+03 < 4.85E+03 = 5.86E+03 < 5.15E+03 < 4.86E+03
f24 1.31E+03 < 1.41E+03 < 1.29E+03 < 1.28E+03 = 1.28E+03 = 1.27E+03
f25 1.36E+03 > 1.45E+03 < 1.41E+03 < 1.38E+03 < 1.38E+03 < 1.36E+03
f26 1.51E+03 < 1.61E+03 < 1.52E+03 < 1.41E+03 < 1.49E+03 < 1.40E+03
f27 2.37E+03 < 2.69E+03 < 2.40E+03 < 2.29E+03 = 2.26E+03 < 2.26E+03
f28 5.94E+03 < 8.85E+03 < 4.82E+03 = 4.07E+03 > 5.86E+03 < 4.98E+03

< / = / > 21/2/5 28/0/0 15/7/6 19/6/3 25/3/0 −

It can be seen from the data in Table 3 that CBH has better performance
on 21 functions than BA, similar performance on 2 functions, and poor per-
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formance on 5 functions. CBH performs better on all functions than the tra-
ditional GA algorithm. CBH algorithm achieves better results than PSO algo-
rithm on 15 functions, and among the remaining 13 functions, CBH performs
almost the same as PSO on 7 functions, but do not perform well on the remain-
ing 6 functions, especially on the f18 and f28 functions. Compared with the
SCA algorithm, CBH performs worse than SCA on only three functions, f4,
f14, and f28 respectively. Compared with the WOA algorithm, CBH achieves
better results on 25 functions, and the performance of the remaining 3 func-
tions is similar.

Next, we select several function images to evaluate the convergence ability
and the ability to jump out of the local optimum of CBH, BA, BH, GA, PSO,
SCA, and WOA algorithms. The results are shown in Figure 6.

(a) f8 (b) f11 (c) f12

(d) f14 (e) f15 (f) f16

(g) f17 (h) f22 (i) f23

(j) f24 (k) f26 (l) f27

Fig. 6 Comparision results of convergence performance of commom optimization algo-
rirthms.
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Overall, CBH can achieve the best performance on 15 functions when com-
pared with the whole five algorithms. Here, we select 12 pictures with obvious
effect to compare the convergence ability of the algorithm with the ability to
jump out of the local optimum. It can be seen that although the convergence
ability of CBH is not very competitive compared with other algorithms, CBH
has a better ability to jump out of local optimization, especially on f8, f11,
f14, f15, f17, f22 functions. Thererfore, we can conclude that CBH performs
well in unimodal, multimodal, and composition functions. When other algo-
rithms fall into local optimum, the CBH algorithm can jump out of the local
optimum, gradually converge, and eventually tend to the global optimum.

4.4 Comparision between MCL algorithm and IMCL algorithm

Theoretically, using more hops to locate unknown mobile nodes can further
improve the positioning accuracy, but the MCL algorithm only uses anchor
nodes one and two hops away from the unknown node to locate it. In this pa-
per, the MCL algorithm is improved, and more available anchor nodes are used
to locate unknown nodes to further improve the positioning accuracy. Here,
we compare the performance of the traditional MCL algorithm and IMCL al-
gorithm to illustrate that the improvement of the Monte Carlo algorithm is
necessary and effective.
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Fig. 7 Comparison of MCL and IMCL performance in 100 m × 100 m deployment area
with mobile nodes.

In the simulation experiment of this section, the total number of nodes is
200. We assume that the communication radius R is 50, the maximum speed
of node movement V max is 20, and the deployment area is a square with side
length L.

This section tests the performance of MCL and IMCL algorithms in de-
ployment areas with side lengths of 100 m and 200 m, respectively, where the
number of anchor nodes ranges from 5 to 40. Figure 7 and Figure 8 show the
mean and standard deviation of MCL and IMCL algorithms after 20 rounds
of tests. As can be seen from Figure 7, with the increase of the number of an-
chor nodes, the mean and standard deviation of the MCL algorithm decrease
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Fig. 8 Comparison of MCL and IMCL performance in 200 m × 200 m deployment area
with mobile nodes.

rapidly, and the IMCL algorithm also shows a downward trend on the whole.
The standard deviation of IMCL is always far smaller than that of MCL, which
shows that the stability of the IMCL algorithm is always better than that of
the MCL. When the number of anchor nodes in the deployment area is 10,
the mean of MCL is almost the same as that of IMCL, because the density of
anchor nodes is already very large, it is difficult to further reduce the mean.
Therefore, we extend the boundary length of the deployment area to 200 m.
In Figure 8, the mean and standard deviation of MCL and IMCL decrease
with the increase of the number of anchor nodes, but the performance of the
IMCL algorithm is always much better than MCL, which shows that the IMCL
algorithm can achieve better performance than MCL in scenarios with small
anchor node density or relatively large deployment area. The figures above
show that our improvement to the MCL algorithm is more effective.

5 Application in Monte Carlo localization

To verify that the CBH proposed in Section 3.1 can further improve the per-
formance of IMCL, the simulation test carried out in this section applies sev-
eral optimization algorithms such as CBH, Comprehensive Learning Particle
Swarm Optimization (CLPSO) [19], Differential Evolution (DE) [27], Grey
Wolf Optimization (GWO) [16, 23], PSO, WOA, and Adaptive Particle Swarm
Optimization (APSO) [39] to IMCL algorithm to compare the performance of
different algorithms.

For population-based algorithms, such as CLPSO, DE, GWO, PSO, WOA,
and APSO, the population size Np is 30, but for CBH, the virtual popula-
tion size is 300. The particle represents the possible position of the unknown
node, and it continues to move towards the real position of the unknown node
through iteration. Since the two dimensions of the initial value are different,
the particle position update formula needs to be modified. Here, xµ and xσ

are used to update the X-axis value, yµ and yσ are used to update the Y-
axis value. The winner and the loser are still obtained by comparing the two
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particles, as shown below, where t represents the number of iterations.

xt+1
µ = xt

µ +
1

Np

( winner(1)− loser(1)) (14)

yt+1
µ = ytµ +

1

Np

( winner(2)− loser(2)) (15)

xt+1
σ =

s

(xt
σ)

2
+
�

xt
µ

�2
−
�

xt+1
µ

�2
+

1

Np

⇣

winner(1)
2
− loser(1)

2
⌘

(16)
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(17)

Six groups of experiments are carried out in this section, and the deploy-
ment area is 200 m × 200 m. It can be seen from the data in Figure 9 and
Table 4, when the number of anchor nodes reaches 30 in the 200 m × 200 m
deployment area, the difference between various algorithms is very slight. In
order to highlight the difference, the following experiment increases the num-
ber of nodes to 30 at most, and the mean and standard deviation of different
algorithms are compared respectively. The experimental results are shown be-
low:
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Fig. 9 Comparison of CBH and common optimization algorithm performance in 200 m ×

200 m deployment area with mobile nodes.

Table 4 Comparison of standard deviation between CBH, CLPSO, DE, GWO, PSO, WOA,
APSO algorithms in IMCL application, in which the deployment area is 200 m × 200 m.

Nodes CBH CLPSO DE GWO PSO WOA APSO

5 5.516E-02 8.390E-02 8.487E-02 8.508E-02 8.459E-02 8.199E-02 8.453E-02
10 7.335E-02 7.980E-02 8.015E-02 8.102E-02 8.021E-02 8.238E-02 8.048E-02
15 5.631E-02 6.290E-02 6.274E-02 6.132E-02 6.261E-02 6.864E-02 6.287E-02
20 2.160E-02 2.549E-02 2.553E-02 2.723E-02 2.534E-02 2.189E-02 2.550E-02
25 8.932E-03 1.731E-02 1.749E-02 1.734E-02 1.722E-02 2.185E-02 1.733E-02
30 8.571E-03 9.217E-03 9.412E-03 1.012E-02 9.172E-03 1.402E-02 9.186E-03
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In order to show the superiority of the CBH algorithm in the scenario of
low anchor node density, the test deployment area continues to be expanded
to 400 m × 400 m. The specific results are shown in the Figure 10.
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Fig. 10 Comparison of CBH and common optimization algorithm performance in 400 m
× 400 m deployment area with mobile nodes.

Table 5 Comparison of standard deviation between CBH, CLPSO, DE, GWO, PSO, WOA,
APSO algorithms in IMCL application, in which the deployment area is 400 m × 400 m.

Nodes CBH CLPSO DE GWO PSO WOA APSO

5 1.187E-01 1.356E-01 1.350E-01 1.343E-01 1.361E-01 1.342E-01 1.355E-01
10 8.206E-02 1.117E-01 1.116E-01 1.127E-01 1.115E-01 1.130E-01 1.117E-01
15 1.111E-01 1.212E-01 1.191E-01 1.198E-01 1.204E-01 1.220E-01 1.197E-01
20 7.769E-02 8.233E-02 8.225E-02 7.844E-02 8.226E-02 7.940E-02 8.214E-02
25 8.570E-02 6.401E-02 6.310E-02 6.122E-02 6.332E-02 6.459E-02 6.339E-02
30 6.107E-02 7.799E-02 7.795E-02 7.551E-02 7.790E-02 7.666E-02 7.800E-02

In Figure 10, it can be seen more clearly that when the node deployment
area increases, the gap between algorithms gradually becomes obvious, and
the positioning accuracy of IMCL algorithm optimized by the CBH algorithm
is always the best under the same conditions. In Table 5, except that the
standard deviation is slightly larger when the number of anchor nodes is 25,
the standard deviation of the CBH algorithm is always the smallest in other
cases, which shows that our algorithm has relatively good stability.

This section uses CBH algorithm to optimize IMCL, and compares the
results with several common optimization algorithms applied to IMCL. We
have carried out several groups of simulation experiments, and the deployment
area is from 100 m × 100 m to 200 m × 200 m, and finally, the deployment
area is expanded to 400 m × 400 m. As the deployment area increases, the
differences between different algorithms become obvious. In general, the CBH
algorithm proposed in this paper has the best performance on IMCL and
achieved satisfactory results, which shows that our work is useful.
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6 Conclusion

In WSN, due to the limitations of node memory, processor performance and
power consumption, it is very important to locate unknown nodes quickly
and accurately, especially in WSN where nodes can move. We combine the
BH algorithm with the compact strategy and propose the CBH algorithm. At
the same time, the traditional MCL algorithm is improved by using multiple
hops, and the ICML algorithm is proposed to make it more suitable for WSN
with sparse anchor nodes. We combine the CBH algorithm with the IMCL
algorithm and compare it with several other common algorithms applied in
IMCL. The results of simulation experiments show that the work we have done
has greatly improved the positioning accuracy without significantly increasing
the network burden and hardware cost.
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