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Abstract: Cluster routing is a critical routing approach in wireless sensor networks (WSNs). However,
the uneven distribution of selected cluster head nodes and impractical data transmission paths can
result in uneven depletion of network energy. For this purpose, we introduce a new routing strategy
for clustered wireless sensor networks that utilizes an improved beluga whale optimization algorithm,
called tCBWO-DPR. In the selection process of cluster heads, we introduce a new excitation function to
evaluate and select more suitable candidate cluster heads by establishing the correlation between the
energy of node and the positional relationship of nodes. In addition, the beluga whale optimization
(BWO) algorithm has been improved by incorporating the cosine factor and t-distribution to enhance its
local and global search capabilities, as well as to improve its convergence speed and ability. For the
data transmission path, we use Prim’s algorithm to construct a spanning tree and introduce DPR for
determining the optimal route between cluster heads based on the correlation distances of cluster heads.
This effectively shortens the data transmission path and enhances network stability. Simulation results
show that the improved beluga whale optimization based algorithm can effectively improve the survival
cycle and reduce the average energy consumption of the network.

Keywords: wireless sensor networks; beluga whale optimization; hierarchical routing; minimum
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1. Introduction

The Internet of Things (IoT) technology enables intelligent identification, positioning, tracking, and
supervision of various devices by connecting them [1]. Wireless sensor networks (WSNs) are a critical
IoT technology consisting of a multitude of miniature sensor nodes primarily used for environmental
monitoring and related applications [2-5]. These nodes autonomously form a network, enabling
comprehensive and efficient environmental monitoring [6].

The key issue for wireless sensor networks is reducing network energy consumption to improve the
lifetime of the network. Due to their tiny size and long-term deployment in complex environments,
wireless sensor nodes are typically powered by using batteries. Currently, WSNs are usually grouped by
hierarchical routing to improve the network survival cycle. Hierarchical routing is represented by Low
Energy Adaptive Clustering Hierarchy (LEACH) [7], the main idea of which is to reduce the energy
consumption of data transmission by dividing sensor nodes into multiple clusters and forwarding data to
the base station through cluster heads within clusters to achieve data transmission in clusters to improve
the network life cycle.

Cluster routing is the most commonly used routing method to achieve energy efficiency in wireless
sensor networks in recent years. However, optimal determination of cluster heads (CHs) is a chal-
lenging task due to dynamic changes in network conditions [8]. In practice, this has proven to be a
multi-policy optimization problem [9]. For solving multi-strategy problems, the objective function is
usually established according to the specific problem, and its extremes are solved using meta-heuristic
algorithms, e.g., the 4PL problem [10], the localization routing problem [11], etc. Among these methods,
meta-heuristics are often used to select the appropriate CHs during the setup phase of each round [12].
However, these techniques run iterative algorithms at the beginning of each round, which takes a long
time, and meta-heuristics are not stable. Instead, heuristics are problem-dependent algorithms that can
produce viable solutions in a reasonable amount of time. However, adjusting multi-criteria heuristics
that incorporate different features of the network can be a daunting task, so more appropriate methods
are needed to solve this problem.

In WSN, node energy and location will have an important impact on network lifetime and stability.
In the network clustering stage, due to the interaction and complexity between nodes, the algorithm
faces a huge computational burden and a high degree of uncertainty, which belongs to the category of
NP (nondeterministic polynomial) problems [13]. A meta-heuristic algorithm is a key means to solve
NP problems. The latest heuristic algorithm launched in 2022 is the beluga whale optimization (BWO)
algorithm, which promises robust performance [14]. The advantages of this algorithm are that the
convergence speed is fast and the results are relatively stable. It can be widely used in various scenarios.

Inter-cluster routing involves the transmission and forwarding of data between multiple clusters [15].
Its routing problem has high complexity and computational complexity. To improve routing efficiency,
heuristic algorithms select paths and nodes in a targeted manner by introducing heuristic information
and empirical rules into the search process. Select paths and nodes in a targeted manner, reducing the
amount of computation and solving complex routing problems. The Prim heuristic algorithm is more
efficient and scalable when dealing with large-scale networks than precise algorithms.

Address the limitations of a single meta-heuristic algorithm and heuristic algorithm when it comes to
hierarchical routing in wireless sensor networks. We propose a new hybrid algorithm that combines the
advantages of the two algorithms. By improving the stability of the BWO algorithm, combined with
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the WSN transmission energy consumption model, the Prim algorithm is improved, referred to as the
tCBWO-DPR algorithm. The algorithm is capable of providing high-quality data transmission services
in each round, which can significantly improve the overall performance of the network.

The manin contributions of this study are summarized as follows:

e The beluga whale optimization (BWO) is improved by the student’s t-distribution and cosine
boundary policy, which we call tCBWO. The BWO algorithm is in the local development stage
most of the time during the execution of the algorithm. By improving the cosine boundary policy
BWO, the algorithm can carry out a wider range of exploration in the initial stage, and use the
t-distribution to enrich the diversity of the population. The stability and convergence properties of
the tCBWO algorithm are verified by CEC 2017.

e The DPR heuristic algorithm is proposed to be applied to WSNs. Combined with the characteristics
of WSNss, the improved prim algorithm is used for inter-cluster transmission. According to the
radio sensor model, by optimizing the prim algorithm, the problem that neighboring base station
nodes will become aggregation nodes is optimized, which effectively improves the stability of
the network.

e A new hierarchical routing scheme for WSNs has been proposed. This method combines the
advantages of meta-heuristic algorithms and heuristic algorithms. The stability and convergence
performance of tCBWO are used to select the cluster head, and the inter-cluster transmission path
is established by the DPR algorithm. The feasibility of the conjecture is verified by ablation and
comparison experiments.

The structure of the article is as follows: Section 2 describes the recent research progress. Section 3
describes the WSNs network model. Section 4 describes the tCBWO process. Section 5 introduces the
implementation steps of the tCBWO-DPR algorithm. Section 6 includes the performance analysis of the
tCBWO and tCBWO-DPR algorithms, while Section 7 summarizes the findings presented in this work.

2. Related work

Wireless sensor networks usually adopt a hierarchical routing approach to divide sensor nodes into
multiple clusters. In each cluster, the cluster head is responsible for collecting and forwarding data
from the sensor nodes to the base station, thus reducing the energy consumption of data transmission
and improving the network lifecycle. This cluster-based data transmission method effectively opti-
mizes the energy utilization efficiency of wireless sensor networks and achieves efficient and reliable
data transmission.

In traditional hierarchical routing, cluster head nodes carry higher network energy consumption,
which affects network stability. To solve this problem, existing methods usually select nodes closer to
the base station as cluster head nodes, but due to the small number of such nodes, the adjacent nodes are
overburdened. In small-scale hierarchical routing, nodes are often used for single-hop transmission,
but the communication cost rises sharply when the distance from the base station is too far. Therefore,
how to select suitable cluster head nodes and establish efficient data transmission paths is an important
problem to be solved in WSNs.
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In order to solve the above problems, numerous scholars have proposed new approaches. Current
approaches to the above problem mainly include: heuristic algorithms, meta-heuristic algorithms,
machine learning, and hybrid algorithms.

2.1. Heuristic algorithm

LEACH is a hierarchical routing protocol that was first proposed by Heinzelman et al. in 2000 [16]. It
uses a heuristic algorithm to divide the WSNs into clusters for data exchange and collaboration between
nodes. By dividing nodes into clusters, the LEACH protocol reduces the communication distance
between nodes, reduces energy consumption, and improves the scalability and balance of the network.

LEACH-C is a centrally clustered routing algorithm based on LEACH proposed by Heinzelman et al.
in 2002 [17]. This protocol starts with a phase where all nodes send their location information and
remaining energy values to the base station. After receiving this information, the base station calculates
the average energy value of all nodes and selects nodes whose energy is not lower than average value as
a candidate node. By implementing energy-aware mechanisms, the energy efficiency and reliability of
the network can be effectively improved, and the network lifetime can be extended.

Shahraki et al. [18] proposed the energy-aware routing algorithm (ERA). This algorithm combines
parameters such as historical activity records of sensor nodes, local and global states of nodes to select
cluster headsets, and intra-cluster members. Compared with the classical algorithm, this algorithm has
improved both network stability and network lifetime.

Due to the simple execution steps of the heuristic algorithm, it can quickly obtain feasible solutions
to various NP problems and is widely used in WSNs. However, due to its susceptibility to local optima
and its potential for lengthy computations, traditional optimization techniques have been replaced by
meta-heuristics that offer stronger convergence performance.

2.2. Meta-heuristic algorithm

Pitchaimanickam et al. [19] proposed HFAPSO, a clustered routing algorithm based on LEACH-C
in a centralized manner. The algorithm uses a hybrid firefly algorithm and particle swarm optimization
(HFAPSO) to select the best cluster head while considering the residual energy and the distance between
the cluster head and the cluster members. The algorithm effectively improves the life cycle, residual
energy, number of survival nodes, and throughput of wireless sensor networks.

Yu et al. [20] proposed a cluster routing algorithm based on a hybrid genetic taboo search (CRGT).
This algorithm introduces two parameters, node residual energy, and node distance to the Sink node, in
the cluster head election phase to optimize the threshold function for a more reasonable selection of
cluster head nodes. In the clustering phase, ordinary nodes join the least costly cluster according to the
cost function to balance the energy consumption of network nodes. During the data transmission, the
algorithm uses a hybrid genetic forbidden search algorithm to select the optimal path with the lowest
energy consumption. Compared with other algorithms, this algorithm improves both network stability
and network lifetime.

Guo et al. [21] proposed a WSN clustered routing algorithm combining the sine cosine algorithm
and the Lévy variant (SCA-Lévy). This algorithm constructs a new fitness function in the cluster head
election phase by considering factors such as the location relationship between nodes and node energy.
A sine cosine algorithm with an improved step factor is used to select the cluster head nodes, and Lévy

Mathematical Biosciences and Engineering Volume 21, Issue 3, 4587-4625.



4591

variation is introduced to increase the diversity of the population and the search space, thus improving
the performance of the algorithm. This effectively extends the life cycle of the network and can well
balance the load of the network nodes.

A meta-heuristic algorithm can comprehensively consider the position relationship of network nodes
and the change of node energy, which can effectively improve the equilibrium of the network. However,
the current meta-heuristic algorithms generally have poor stability and a large number of calculations,
which will also have a certain impact on the stability and life cycle of the network.

2.3. Machine learning

Luyao et al. [22] proposed a density peak clustering algorithm called MKN-DPC, which is based on
the mutual k-nearest neighbor method. The algorithm takes into account the local characteristics of the
network node distribution, dynamically calculates the local density of each data point, and combines
the data point density and signal strength to automatically select the initial cluster heads and assign
the remaining nodes. Finally, the algorithm uses a merging strategy to combine mergeable clusters to
prevent the clusters from being divided excessively.

Esmaeili et al. [23] proposed a combined algorithm based on metaheuristics-machine learning
techniques (CMML). The algorithm trains and tests a set of wireless sensor networks offline using
heuristic algorithms and evaluates the performance of the trained models. The trained CMML model is
then applied to generate an online clustering solution to generate a suitable set of cluster heads. The
algorithm effectively improves the survival time of the network and improves the stability of the network.

Debasis et al. [24] proposed an energy efficient clustering algorithm (EECA). In EECA, the network
is divided into several different regions and one node is selected as the cluster head (CH) in each region
by an artificial neural network (ANN). The ANN calculates the scores of these nodes on the basis of
four parameters, such as residual energy, number of detected events, distance to the base station, and
number of neighbors so as to select the sensor node with the highest score as a CH in its region. To
avoid the formation of huge clusters, a maximum cluster size limit is also defined. Only sensor nodes
close to the event transmit data to the CH, ensuring that redundant data is not transmitted to the CH. This
scheme reduces the transmission of repetitive and redundant data and improves the network lifetime to
some extent.

In machine learning algorithms, hierarchical routing can be performed in constant time and effectively
improve the life cycle of the network. The amount of computation will increase dramatically as the
number of nodes grows, which will waste a lot of limited computing resources, which is not good
for WSNE.

2.4. Hybrid algorithms

Zeynab et al. [25] proposed a fuzzy routing protocol based on swarm intelligence (SIF). The algorithm
first uses a fuzzy c-mean clustering algorithm to divide all sensor nodes in the network into uniformly
distributed clusters, and then uses the Mamdani fuzzy inference system to select the appropriate cluster
heads to overcome the uncertainty in WSNs. Then, the fuzzy rule base table of SIF is optimized by
a hybrid population intelligence algorithm using firefly algorithm and simulated annealing (FA-SA
algorithm) to extend the life cycle of the network. This approach can improve the survival time of
WSNs more effectively.
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Radhika et al. [26] proposed an energy-aware clustering via a fuzzy unequal model (ECFU). The
model constructs sensor clusters in the clustering phase by using the energy and location relationships
of sensors as input to a fuzzy inference system (FIS). After forming clusters, the data transmission
is reduced by using a mechanism that minimizes the total number of transmitted packets within the
network. The data transmission is done by detecting similar data from different neighboring nodes using
the mechanism of minimizing the total number of transmitted packets within the network to reduce the
total amount of data transmission.

Mehra et al. [27] proposed a fuzzy logic based balanced cost cluster head (CH) selection algorithm
called fuzzy based enhanced cluster head selection (FBECS). The algorithm fully considers the residual
energy of the sensor nodes, the distance from the off-convergence point, and the density of nearby
nodes as inputs, and utilizes a fuzzy inference system to perform a comprehensive evaluation. The
FBECS algorithm determines the optimal cluster head (CH) by calculating an index of eligibility for
each sensor node to be selected as a CH, which in turn identifies the optimal CH by taking into account
the probability of assigning the CH to each node. The goal of this strategy is to ensure a balanced
distribution of load throughout the network. By utilizing probabilistic allocation to select the best
candidate for the cluster coordinator role, it can effectively improve the energy utilization efficiency of
the system and further enhance the load balance of the network.

Hybrid algorithms have been the main research direction in recent years. They can integrate the
advantages of multiple algorithms, compensate for their shortcomings, and leverage each other’s
strengths through learning. This paper combines the advantages of heuristics and meta-heuristic
algorithms. Meta-heuristic algorithms are used to implement the cluster head selection process with
large data scales to improve accuracy. In inter-cluster communication, heuristics are used to reduce
computing costs and improve efficiency.

3. Model declaration

3.1. Network model

In a wireless sensor network, sensor nodes are usually deployed in a designated detection area to
communicate between devices and forward data to a base station through a self-organizing network.
The base station transmits the received data to the center through the internet. Since data transmission
consumes more energy from sensor nodes at longer distances, it leads to a reduction in the lifetime
of the network. The hierarchical routing model is shown in Figure 1. Hierarchical routing achieves
balanced energy consumption to extend the network lifetime by dividing the nodes in the monitoring
area into clusters and forwarding the information from the nodes within the clusters to the base station
through the cluster head node.
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Figure 1. WSNs clustering diagram.

3.2. Radio transmission model

In the operation of wireless sensors, the energy consumed for transmission is about 3000 times
more than when processing data of the same size [28]. To facilitate subsequent calculations, we only
consider the energy consumption for data transmission. During data transmission, the radio cell directly
consumes the energy of the sensor. The radio transmission unit is divided into a data transmitting unit
and a data receiving unit. In the data-sending cell, the transmission energy consumption is positively
related to the transmission distance, in accordance with the first-order radio transmission model. The
energy consumption of the transmission circuit can be expressed by

kE .. + kEfs X dz, d< d()
kE joc + kEmp X d4, d > d,

where E,. 1s the energy consumed per bit of data processed by the transmitter circuit, E,,, represents
the energy required by multi-path, and E, is the amplification energy for free space. The parameter
k represents transmitted packet size, and d represents the maximum distance that messages can be
transmitted, for which the value is dy = \/Efs/E,,.

Transmission energy consumption of the receiving cell is proportional to the received packet size,
and its energy consumption can be expressed by

Erx(k) = kE jec, (3.2)

Erx(k,d) = { (3.1)

where E,,. is the amount of energy consumed to process each bit of the data in the receiving circuit.
The parameter k is the size of the received packets.

4. tCBWO: improved BWO

4.1. Beluga whale optimization

The beluga whale optimization (BWO) algorithm is a new heuristic algorithm proposed in 2022.
The algorithm is a novel algorithm formed by simulating the behavior of beluga whales. The algorithm
collects numerous algorithmic advantages. The algorithm can be widely applied to unimodal and
multimodal optimization problems by adapting parameters to reduce the amount of parameter control.
The algorithm is divided into three main parts: the global exploration phase, the local development
phase and the fall phase.
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4.1.1. Initialization phase

At the beginning of the algorithm execution, the population of beluga whales is generated by
randomization. The global search capability in the solution space is guaranteed. The development phase,
on the other hand, controls the local search capability in the solution space. In combination with the
whale fall probability, the current position of the whale can be changed. The beluga whale optimization
algorithm initially generates an initial population of whales X at random:

X110 X120 X1d
X21 X222 t X2d

X=| . . s 4.1)
Xn,1 xn,2 tte Xn,d

where n is the population size of beluga whales, and d is the dimensionality of the variable space. For
all beluga whales, the corresponding fitness values are shown in Eq (4.2).

f(xl,l,xl,z,"' ,Xl,d)
f X2,1, X225 s X2 4

Fy = (2, o ) _ (4.2)
f(-xn,l,-xn,l, e ’xn,d)

Whales enter a global exploration phase or a localized exploitation phase depending on the equilib-
rium factor By. Equation (4.3) is the expression of the equilibrium factor By.

T
B = By(l - —), 4.3
= Bo( 2Tmax) 4.3)
where T is the number of current iterations, and 7, is the maximum number of iterations. By is the
random number in the interval (0, 1). When B; > 0.5, the whale enters into the global development
phase. Otherwise, it enters into the local development phase.

4.1.2. Global exploration phase

In the global exploration phase, BWO integrates the swimming behavior of beluga whales in different
postures by synchronization or mirroring. According to its characteristics, the BWO algorithm adopts
the position update strategy in Eq (4.4) during the global search.

4.4)

T+l _ T T _ T . _
R (%X, xi’pj)(l + r1) sin(2nry),j = even
T+l _ T T _ T s _
I (%, xl.,pj)(l + r1) cos(2nry),j = odd,
where xl.T]*l represents the new coordinates of the i beluga in the j* dimension, and it is a random
number chosen in the d” dimension. 7, and r; are random numbers in the interval [0, 1].

4.1.3. Partial development phase

The development phase of BWO was inspired by the feeding behavior of beluga whales. Beluga
whales can move to cooperate in foraging based on the location of nearby beluga during foraging. Thus,
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beluga whales hunt by sharing each other’s location information. In the development phase of BWO,
the Lévy flight strategy is used to improve the convergence performance of the algorithm (by assuming
that belugas can capture prey with the Lévy flight strategy). The beluga whale development process is
represented in the algorithm by

T+1 T T T T
X; += 13Xy, — FaX; + Cle(xr —X; ), (45)

where xl.TJrl denotes the next generation individual of the i solution, x}fm denotes the current optimal
solution, x,T is the randomly selected solution, xl.T denotes the i solution, r; and r4 are random numbers
in the interval [0, 1], and C is the adaptive equilibrium factor, the BWO set C; = 2ry(1 — T/Tax)- Lr
denotes the Lévy flight factor.

4.1.4. Whale fall phase

During beluga migration and foraging, other natural predators disturb them, which can cause their
location to change. This disturbance can cause belugas to fall, and these fallen belugas can attract other
organisms to reproduce here. To simulate this whale-fall behavior, the BWO algorithm randomly selects
some belugas to fall with a certain probability during the iterative process to simulate small changes in
the population. In the BWO algorithm, it is set that when By is smaller than Wy, the algorithm enters
the whale fall phase. The fall probability of the whale population is W = 0.1 — 0.05=—. The location
of the whale fall is set in BWO as shown in Eq (4.6).

I
Tmax

X = rsX] = r6X] + 11 X1eps (4.6)

where rs, 16, and r; are random numbers in the interval (0, 1). X, is the step size of the beluga fall,
and its value is related to the number of iterations, which is calculated as

T
Xstep = (ub — Ib) eXP(_Cz

max

), 4.7)

where X, 1s the step factor between the whale population fall probability and population size, the BWO
set C, = 2nWy . ub and [b represent the upper and lower bounds of the variable space, respectively.

4.2. tCBWO: t cosine beluga whales optimization

The standard BWO algorithm determines the exploitation state by establishing linear boundary
conditions in the initial stage. As can be seen from Eq (4.3), the global exploration phase and local
exploitation state of the original BWO algorithm do not have a uniform proportion, and most of the time
is in the exploitation phase, which is fatal to the optimization algorithm. This will make the algorithm
fall into local optima in advance, as shown in Figure 2(a). To overcome this phenomenon, a dynamic
boundary adjustment strategy based on the cosine factor is proposed in this paper to improve the global
exploration performance of the algorithm.

4.2.1. Boundary adjustment strategy based cosine factor

To overcoming the weak global exploration capability of BWO algorithm, we propose to improve
the algorithm by using the cosine factor boundary strategy. The optimized CBy is calculated as

nT
2Tmax

CB; = max —(max — min) - cos(

) (4.8)
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Figure 2. Phase distribution of the algorithm.

where CB; is the balance factor based on the cosine factor. max and min are the maximum and minimum
values of the balancing factor. The text sets max = 0.9, min = 0.1.

With the maximum and minimum balance factors, the algorithm can ensure that a fraction of the
elements are being developed or explored, either at the beginning or at the end of the algorithm.

When the random number B, > CBy, the algorithm enters the global exploration phase; when the
random number By < CBy, the algorithm enters the local exploitation phase. The global exploration
phase and its improved local exploitation state distribution are shown in Figure 2(b). By increasing the
proportion of global exploration phases, we are able to find the global optimal solution faster.

4.2.2. Random perturbation in Student’s t-distribution

In the local development process of the BWO algorithm, the Lévy flight strategy is utilized to
avoid being trapped in local optima. However, the Lévy flight has equal jump probabilities at the
beginning and end of the algorithm, and does not fully consider the impact of iteration updates on
the probability. Therefore, to enhance algorithm’s ability to avoid local optima, we introduce the
t-distribution optimization approach.

The t-distribution is also known as the Student’s t-distribution, and its distribution curve is closely
related to the degree of freedom [29]. As shown in the figure, when the degree of freedom # is small, the
distribution curve is flatter, and when the degree of freedom # is equal to 1, the t-distribution curve can
be approximated by the Cauchy distribution curve; the greater the degree of freedom of the t-distribution,
the closer its distribution curve is to the standard normal distribution curve [30]. The probability density
of the t-distribution Z ~ #(n) with degrees of freedom 7 is shown in Eq (4.9).

e (e
Jfz(x) = WH%)(H n) , 4.9)

where 7 is the degrees of freedom. I'(x) is the gamma function, where I'(x) = fom e 'dt, (x > 0).
Based on this algorithm principle, we use the influence of degrees of freedom on the production of
the t-distribution to establish a new local development strategy

X = ey = rax] + (DC = 1)), 4.10)

]
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where x”*! represents the next generation individual of the i solution, x;,., represents the current

optimal solution, x, is the randomly selected solution, x; represents the i” solution, r; and r, are random
numbers in the interval (0, 1), and C is the adaptive equilibrium factor, where C; = 2r4(1 — T /T nax)-
1(T') obeys the t-distribution Z ~ #(T).

Algorithm 1 is the pseudocode of the tCBWO algorithm proposed in this section.

Algorithm 1 tCBWO algorithm

Input: Population size n, Maximum iterations7,,,, fithess functions
1: Initialize the population of whales randomly within the input space
2: Evaluate the fitness of each whale
3: Record the best solution and its fitness
4. forT=1to T, do
5: Calculate the equilibrium factors CBy and Wy respectively using Eqs (4.8) and (4.6)

6: Generate the random number matrix By
7: for each whale in the population do
8: if By[i] > CB; then > perform the exploration stage
9: Select a random whale r from the population
10: Generate two random numbers r; and 7,
11: Generate a random permutation P; of the dimensions.
12: Update the position of i-th beluga whale using Eq (4.4)
13: else > perform the exploitation stage
14: Generate two random numbers r3 and 74
15: Generate a t-distribution value #(T)
16: Update the position of i-th beluga whale using Eq (4.10)
17: end if
18: Handle any out-of-bounds values by resetting them to the closest bound.
19: end for
20: for each whale in the population do > Enter the beluga whale fall phase
21: if By[i] > W, then
22: Update the step factor C, and the step size Xy,
23: Update the position of i-th beluga whale using Eq (4.6)
24 Handle any out-of-bounds values by resetting them to the closest bound
25: end if
26: end for
27: Evaluate the fitness function of each beluga whale.
28: If a new best solution is found, record it and its fitness value
29: end for

Output: best solution, best fitness functions value

S. tCBWO-DPR for WSNs

In this section, combined with the network characteristics of WSNs, we plan the network with the
advantages of metaheuristic tCBWO and classical heuristic Prim to improve network performance,
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which we call tCBWO-DPR. Its approximate process is shown in Figure 3.

In Section 5.1, cluster heads are selected using improved tCBWO. In the cluster head selection
process, we establish a cluster head evaluation function through the relationship between node energy
and node position. We select the nodes that are more suitable for selecting cluster heads by the tCBWO
algorithm proposed in Section 3. The set of selected cluster heads is shown in Figure 3.

In Section 5.2, we improve the Prim algorithm to establish inter-cluster routing. Combined with
the wireless sensor network energy consumption model, we improve the Prim algorithm based on the
nodes’ suitability for data transmission characteristics in the form of a single hop within a range of 104.4
meters. The main method is that the nodes within 104.4 meters from the base station are directly linked
to the base station. The remaining cluster head nodes are directly connected using the Prim algorithm.
This section is depicted in Figure 3 under the “Constructing inter-cluster routing” section.

In Section 5.3, the inter-cluster routing setup process is described. Ordinary nodes are directly
connected by picking the nearest node to them to minimize the effect of distance on energy consumption.
This section is depicted in Figure 3 under the “Constructing intra-cluster routing” section.

In Section 5.4, the complexity of the algorithm is analyzed in detail.
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Figure 3. Flowchart of tCBWO-DPR clustering.

5.1. Election of cluster heads

This is the key step in the cluster head election process. Network nodes are managed and controlled
uniformly by the base station. The base station calculates the candidate cluster heads according to the
node location and energy information and calculates the number of subclusters. The threshold for the
number of cluster head nodes set in this paper is 15% of the surviving nodes. Then, we combine this
information with the selected cluster heads of the nodes, using the adaptive function Eq (5.1) defined in
this paper to calculate the evaluation index of the candidate cluster headset, and continuously update
the optimal value through tCBWO until the optimal cluster headset is selected. This process is a key
part of the selection of cluster heads. At this stage, the node position and energy information are fully
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considered to ensure the quality of the candidate cluster headset.

Based on the residual energy information of nodes and the positional relationship between nodes,
combined with the optimization algorithm, the cluster head is selected in the next stage. The optimization
function established by the cluster head election in this paper is

Fitness = ag, + (1 — @)g,, 5.1

where a and (1 — @) are the weight parameters of the variables. g; and g, represent the node energy
factor and the node position balance factors, respectively.

1) Energy factor (g)

As the energy is directly related to the lifetime of the sensor network, nodes with more remaining
energy are used as cluster heads to better balance the energy consumption of the network. The expression
is as follows [19]:

M
3 E(n)
g1= (5.2)
Y E(CH))
J

M N
where }} E(n;) is the sum of the residual energy of the network, and )} E(CH,) is the sum of the residual
i J

energy of the cluster headset.

2) Node position balance factor (g)

The positional relationship of nodes will affect the data transmission problem. When the distance
between nodes exceeds a certain threshold, the energy of the transmitted data packet and the distance
between nodes show a power-of-four relationship, that is, it will rise sharply as the distance increases.
Therefore, the network is more balanced by the coverage of network nodes by the cluster head. Its
expression is shown in Eq (5.3).

M

& = s (53)

M=
Mz

Count(dist(CH, n;) < dy)

J

1l
—_
1l
—_

where dist(CH;, n) is the distance from the cluster head j to the neighbor node i, and d is the effective

coverage of the cluster head node signal, which is set to dy = 40 in this paper. N is the number of cluster
M

heads, and M is the number of network nodes. }} Count(dist(CHj,n;) < d,) is the number of nodes that
i=1

the cluster head can effectively cover.

5.2. Inter-cluster transmission

To promote energy consumption equality across the network, this section presents an elaboration on
the inter-cluster transmission approach. In this paper, we have enhanced the Prim algorithm to cater to
the specific characteristics of WSNs. Although the Prim algorithm guarantees a minimum transmission
path at each step, it causes all the network nodes’ data to converge to the node closest to the base station,
neglecting the fact that multi-hop transmissions waste network energy [31]. Thus, we have proposed the
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DPR algorithm, which combines the Prim algorithm and WSN transmission features, to establish an
inter-cluster path planning algorithm. This algorithm addresses the challenges mentioned above, leading
to optimal energy consumption across the network.

5.2.1. Classical Prim algorithm

The Prim algorithm is a classical algorithm of graph theory, which can be used to find the minimum
path of the network population in weighted graphs [32]. The algorithm entails finding the optimal path
through greedy strategies. Through this algorithm, the overall shortest path in dense networks can be
obtained simply and quickly.

However, since the data of the end node of the WSNs will be forwarded by the previous node, the
algorithm simply uses the node nearest the source node as the aggregation node, resulting in the node
closest to the source node bearing too high of an energy overhead, which affects the stability of the
network. This is fatal and will seriously affect the stability of the network.

5.2.2. DPR: Improved Prim algorithm

In order to overcome the limitation that the classical Prim algorithm treats the distance starting
node as a new convergence node, we propose an improved Prim algorithm based on a distance factor.
According to the network energy consumption model, when the distance between nodes and the base
station is less than 104.4 m, nodes can effectively reduce the overall network overhead by using
the method of communicating directly with the base station [33]. To this end, in the inter-cluster
communication stage, we communicate directly with the base station with the cluster head node that is
less than 104.4 from the base station location. At the subsequent stage, we continue to use the Prim
algorithm to build inter-cluster communication.

The specific implementation process is shown in Figure 4. The distribution and positional relationship
of cluster heads are shown in Figure 4(a), which is the base station, and A, B, C, E, and D are the
candidate cluster heads, respectively. The DPR algorithm execution process is as follows:

1) Construct candidate cluster head C = {A, B, C, E, D, S}, visited set V = {}, and routes set R = {}.

2) Starting from base station S, remove base station S from candidate set C and add it to V. C = {A, B,
C,E,D},V={S},R={.

3) Find nodes A and C whose distance S is less than d = 104.4 from the candidate set, and construct
paths (A, S) and (C, S) with S respectively, add them to R, and remove A and C from the candidate
set C. Remove and add to the visited set V, as shown in Figure 4(b). C = {B, E, D}, V ={S, A, C},
R ={(A,S), (C, S)}.

4) Starting from the visited set V, the paths to the candidate set C are (A, B), (C, D) and (A, D),
where (C, D) has the smallest path and can form a minimum spanning tree, so add (D, C) to path
R, remove D from the candidate set C, and add D to V, as shown in Figure 4(c). C = {B, E}, V =
{S,A,C,D},R={(A,S), (C,S), (D, O)}.

5) Starting from the visited set V, the paths to the candidate set C are (A, B), (D, B) and (E, D), where
the paths of (A, B) are the smallest and can form a minimum spanning tree, so add (B, A) to path
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R, remove B from the candidate set C, and add B to V, as shown in Figure 4(d). C = {E}, V
A,B,C, D}, R ={(A, S), (C, S), (D, C), (B, A)}
6) Starting from the visited set V, the paths to the candidate set C are (B, E) and (D, E), where (B, E)

has the smallest path and can form a minimum spanning tree, so (E, B) is added to path R, E is
removed from the candidate set C, and E is added to V, as shown in Figure 4(e). C = {}, V = {S, A,

B,C,D,EL R ={(A,S), (C,S), (D, ), (B, A), (E, B)}
7) After the above operations, all elements in C are moved into V, and (A, S), (C, S), (D, C), (B, A),
and (E, B) form a spanning tree, as shown in Figure 4(f).

ﬁ-\b/ N> G ~>
77 |\\\ | 0\ 2 h a
@ = mwmz ® € >
| \ | P

23 : i \: Bae 2 : . \: A5
(c) (d)
3 W 2
CSI%P | \\: «‘D/CE) CSIQ& «5@
(f

Figure 4. DPR execution process.
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Algorithm 2 is a pseudocode for establishing inter-cluster routing.

Algorithm 2 DPR algorithm for routing planning

Input: cluster head candidates, cluster head positional, sink

1: visited=set () > Initialize an empty set visited containing the sink node
2: vistied.add(sink) > Initialize a set candidates containing all nodes except the sink
3: routes= [] > Sets an empty list routes
4: while candidates do

5: neighbors < Candidate nodes within 104 meters of the base station

6: if neighbors != None then > Add the nearest node to visited, remove it from candidates, and

add the route to routes

7: vistied.add(neighbors)

8: candidates.remove(neighbors)

9: routes.append((neighbors, sink))

10: else > find the nearest unvisited node to the visited set
11: while visited do
12: min_src < Find the nearest unreachable node from the candidate set to the visited node
13: min_dst <« Find the nearest visited node from the visited set to the candidate node
14: vistied.add(min_src)
15: candidates.remove(min_src)
16: routes.append((min_src, min_dst))
17: end while
18: end if

19: end while
Output: routes

5.3. Intra-cluster transmission

Based on the network energy consumption model, the energy consumed for transmission between
nodes in a wireless sensor network decreases as nodes get closer to each other. Therefore, we can
effectively reduce the node energy overhead by choosing the method of direct connection with the node
closest to the cluster head node that has not yet joined the cluster headset. This method can not only
maximize the physical distance relationship between nodes, but also avoid unnecessary energy waste.

5.4. Algorithm complexity

In the cluster head election process, the evaluation function of cluster head nodes is evaluated by the
tCBWO algorithm. The tCBWO algorithm is an improved algorithm based on BWO. The computational
complexity of the cluster head election process is moderate. In the cluster head election process, the
time complexity is O (pop-size * iterations * n), where pop-size is the set population size, iterations are
the number of iterations of the whale population, and n is the number of cluster head candidates. The
algorithm involves multiple mathematical operations, including positive selection functions, random
number generation, and array operations. Multiple loop nesting is used. For medium-scale NP problems,
the algorithm is effective and feasible.
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In the process of inter-cluster transmission, the improved DPrim algorithm is used to establish
the inter-cluster transmission path. By introducing the distance factor, the data at the end will not
converge on the same node. The computational complexity of inter-cluster routing is moderate. The
computational complexity of inter-cluster routing is O(n?), and n is the number of cluster head candidate
sets. In WSNs, the number of cluster head nodes of hierarchical routing usually occupies between 10
and 20% of all nodes, so its complexity is actually not large. Compared with the tCBWO algorithm, the
computational complexity is small, and the algorithm is feasible.

Intra-cluster transmission is mainly performed by nodes that have not joined the candidate cluster
head. They compare the distance to the cluster head node and select the closest node to connect.
Therefore, its time complexity is O((N — n) * n) , where N is the number of network nodes and # is the
number of cluster head nodes. The algorithm complexity of the process is relatively large compared to
inter-cluster routing, but it is better than cluster head election and inter-cluster path. The algorithm can
be further optimized to improve its performance.

6. Simulation experiments

The test was run on a computer with an Intel Core 15-10500 3.1 GHz processor and 16 GB of RAM
at 2400 MHz, using PyCharm 2021.3 as the test IDE and Python version 3.10.

6.1. Experimental analysis of tCBWO

The test functions chosen to evaluate the performance of the tCBWO algorithm in this paper are
derived from CEC2017 [34]. These benchmark functions are often used to evaluate the convergence
performance of optimization algorithms. In CEC2017, the test functions are classified into single-
peaked functions (F1-F3), simple multi-peaked functions (F4—F10), hybrid functions (F11-F20),
combined functions (F21-F30) with test intervals of [—100, 100], and test dimensions of 10, 30 and 50,
respectively. The test difficulty increases sharply as the dimension increases, and the optimal values of
all these functions are min(Fi(x) = 100 * i), where i is the function ID.

This test evaluated the tCBWO algorithm in comparison with HHO [35], SPBO [36], PSO [37],
AOA [38], SSA [39] and the original BWO algorithm. For problem spaces of different dimen-
sions (10, 30, 50), each algorithm was run 50 times repeatedly, and each run performed 50 * 500
benchmark function evaluations. The exploration space range for all algorithms was [-100, 100]. The
parameter settings used in the experiments are detailed in Table 1. The source code for the benchmark
function is available at https://github.com/tilleyd/cec2017-py.

Table 1. Algorithm parameters.

Algorithm Parameters
PSO (1995) w=03,c;=2,c0=2
AOA (2021) a=5u=0.>5

Tables 2—4 show the convergence energy of each optimization function under different functions and
dimensions, where “mean” represents the average level in 50 tests, and “std” represents the stability
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level in the test. The smaller the value, the better. Bold characters are optimal solutions for multiple
algorithms with the same function and the same dimension.

Table 2 presents the results of CEC2017 test functions performed in 10-dimensions. This result shows
that the tCBWO algorithm performs well in terms of stability and convergence ability, significantly
outperforming the other algorithms. Among the 30 test functions, the tCBWO algorithm shows optimal
performance on the other test functions, except for the test functions F10, F12, F15 and F26, where
the mean values are not optimal. In terms of balance, only F11, F12, F14, F15, F22, F23, and F24
did not reach the optimal level of stability. Compared to the BWO algorithm, tCBWO is better
than BWO algorithm in terms of both convergence ability and convergence stability of the algorithm.
Combined with the convergence curve Figure 5, it can be seen that tCBWO is ultimately superior to other
algorithms in terms of its ability to converge compared to other algorithms. Compared to the original
BWO algorithm, there is a significant improvement in convergence speed and convergence results.

In Table 3, we show 30-dimensional results for CEC017 test functions. We also find that the tCBWO
algorithm performs well in terms of stability and convergence. In terms of convergence of the algorithm,
tCBWO is not an optimal solution for functions F1, F5, F7, F9, F10, F11, F16, F19, F25, F26 and F29.
But, compared to the BWO algorithm, the tCBWO algorithm still shows some improvement for F1,
F5, F11, F19, F25 and F26. Combined with the convergence curve in Figure 6, it can be seen that the
final convergence results of tCBWO are mostly superior compared to other algorithms. And, compared
with the original BWO algorithm, the convergence speed and convergence results have some degree
of improvement.

Table 4 shows the results of CEC2017 test functions in 50-dimensions. In the high-dimensional
complex functions, we have observed that the tCBWO algorithm shows an advantage among the six
algorithms only in F1, F2, F5, F7, F17, F18, F20 and F26. However, compared to the BWO algorithm,
the convergence of the tCBWO is relatively weak in the F3, F6, F8, F9, F10 and F11 functions.
Therefore, the performance of the tCBWO algorithm is improved in higher dimensional functions
compared to the BWO algorithm. Combined with the convergence curve in Figure 7, it can be seen that
tCBWO has a certain degree of improvement in convergence speed and convergence results compared
to the original BWO algorithm in 50-dimensional space.

Combining all these experimental results, we comprehensively analyze the performance of the
tCBWO algorithm under different dimensions. Under 10-dimensions, the tCBWO algorithm significantly
outperforms other algorithms in terms of stability and convergence ability, and performs well on most
of the test functions, except for a few test functions that do not reach the optimal mean. In the 30th
dimension, the tCBWO algorithm still outperforms in terms of stability and convergence ability, and
achieves significant improvements on some functions relative to the BWO algorithm. However, in
the 50th dimension, although the tCBWO algorithm still performs superiorly on some of the tested
functions, it is slightly less convergent on some of the higher dimensional functions compared to the
BWO algorithm.

In order to analyze the differences with other algorithms, we also performed the Wilcoxon rank sum
test. The Wilcoxon results can reflect the variability between the results, and, when the p-value is less
than 0.05, it means that the correlation between the algorithms is small. Table 5 shows the experimental
results of tCBWO and other different algorithms run 50 times under the CEC2017 benchmark function.
It can be found that tCBWO has good results in the Wilcoxon rank sum test compared to other algorithms.
tCBWO has run data that is different from the results of other algorithms.

Mathematical Biosciences and Engineering Volume 21, Issue 3, 4587-4625.



4605

Table 2. Results for the 10-dimensional test function in CEC2017.

HHO (2019) SPBO (2020) PSO (1995) AOA (2021) KHA (2016) BWO (2022) tCBWO
Fl mean 1.073E+11 3.924E+10 1.860E+10 1.074E+11 2.102E+11 4.014E+07 2.541E+06
std 4.199E+10 4.048E+10 2.200E+10 3.494E+10 6.296E+10 2.467E+07 1.531E+06
" mean 1.173E+12 2.368E+12 1.011E+11 5.746E+12 1.337E+15 5.925E+05 1.516E+05
std 4.362E+12 1.527E+13 5.292E+11 1.482E+13 3.949E+15 1.314E+06 2.061E+05
F3 mean 5.044E+04 2.769E+04 1.103E+04 4.066E+04 1.654E+05 3.448E+03 1.982E+03
std 3.868E+04 1.755E+04 1.046E+04 2.252E+04 1.911E+05 1.132E+03 9.285E+02
Fa mean 1.106E+03 6.429E+02 5.142E+02 1.195E+03 2.647E+03 4.095E+02 4.071E+02
std 4.451E+02 2.465E+02 1.423E+02 3.941E+02 1.186E+03 1.009E+01 6.547E-01
F5 mean 5.839E+02 5.768E+02 5.423E+02 6.046E+02 6.346E+02 5.228E+02 5.217E+02
std 2.146E+01 2.581E+01 1.181E+01 2.016E+01 2.227E+01 5.145E+00 3.776E+00
F6 mean 6.604E+02 6.579E+02 6.215E+02 6.707E+02 6.997E+02 6.063E+02 6.045E+02
std 1.747E+01 1.878E+01 9.416E+00 1.409E+01 1.619E+01 2.432E+00 1.833E+00
F7 mean 8.225E+02 8.081E+02 7.730E+02 9.206E+02 8.990E+02 7.420E+02 7.363E+02
std 3.764E+01 3.439E+01 3.498E+01 3.148E+01 2.358E+01 6.591E+00 4.146E+00
F8 mean 8.524E+02 8.511E+02 8.419E+02 9.141E+02 9.146E+02 8.201E+02 8.190E+02
std 1.644E+01 1.932E+01 1.225E+01 1.193E+01 1.782E+01 5.973E+00 4.182E+00
F9 mean 1.778E+03 1.795E+03 1.100E+03 3.170E+03 3.249E+03 9.039E+02 9.027E+02
std 3.992E+02 5.233E+02 2.464E+02 7.020E+02 7.125E+02 2.640E+00 1.427E+00
F10 mean 2.696E+03 2.714E+03 2.194E+03 3.228E+03 3.345E+03 1.630E+03 1.690E+03
std 2.756E+02 4.584E+02 3.482E+02 2.438E+02 3.408E+02 2.137E+02 1.642E+02
Fl1 mean 5.096E+03 2.459E+03 1.518E+03 8.716E+03 2.163E+04 1.132E+03 1.130E+03
std 4.265E+03 3.552E+03 5.707E+02 8.696E+03 1.660E+04 1.038E+01 1.149E+01
Fl2 mean 1.952E+09 4.237E+08 3.019E+08 6.247E+09 1.139E+10 1.383E+06 2.872E+06
std 3.113E+09 8.262E+08 1.288E+09 2.653E+09 6.683E+09 1.245E+06 1.767E+06
FI3 mean 1.780E+04 1.950E+07 8.830E+04 6.574E+08 2.252E+09 1.498E+04 9.440E+03
std 1.553E+04 6.184E+07 1.183E+05 6.246E+08 2.320E+09 9.839E+03 8.602E+03
Fl4 mean 4.678E+03 1.247E+04 4.090E+03 6.981E+06 5.215E+06 2.104E+03 2.086E+03
std 4.501E+03 2.110E+04 6.854E+03 7.592E+06 1.207E+07 6.001E+02 6.186E+02
Fl5 mean 6.302E+04 3.818E+05 2.391E+04 1.296E+08 1.575E+08 4.138E+03 5.076E+03
std 6.968E+04 1.649E+06 3.696E+04 1.436E+08 2.707E+08 2.087E+03 3.108E+03
Fl6 mean 2.194E+03 2.086E+03 1.800E+03 2.354E+03 2.609E+03 1.696E+03 1.632E+03
std 1.666E+02 1.876E+02 1.545E+02 1.776E+02 2.392E+02 8.903E+01 1.839E+01
F17 mean 1.913E+03 1.871E+03 1.822E+03 2.284E+03 2.345E+03 1.737E+03 1.734E+03
std 1.112E+02 9.366E+01 5.279E+01 1.777TE+02 1.663E+02 7.746E+00 5.750E+00
FI8 mean 3.030E+04 1.778E+07 4.419E+04 1.974E+08 9.571E+08 1.675E+04 1.053E+04
std 9.898E+04 4.956E+07 2.717E+04 1.339E+08 9.103E+08 1.286E+04 4.542E+03
F19 mean 6.589E+07 1.520E+06 5.084E+04 1.409E+08 4.206E+08 5.908E+03 3.513E+03
std 2.395E+08 3.314E+06 6.261E+04 1.687E+08 5.367E+08 3.820E+03 2.086E+03
F20 mean 2.295E+03 2.247E+03 2.127E+03 2.408E+03 2.530E+03 2.032E+03 2.026E+03
std 9.932E+01 9.680E+01 6.860E+01 9.718E+01 1.213E+02 9.979E+00 2.677E+00
1 mean 2.374E+03 2.348E+03 2.318E+03 2.385E+03 2.429E+03 2.236E+03 2.209E+03
std 3.379E+01 5.094E+01 5.587E+01 5.562E+01 3.798E+01 4.938E+01 2.601E+01
F22 mean 3.122E+03 2.564E+03 2.409E+03 3.437E+03 4.123E+03 2.308E+03 2.276E+03
std 3.982E+02 3.701E+02 1.756E+02 3.890E+02 5.174E+02 1.537E+00 3.865E+01
3 mean 2.708E+03 2.703E+03 2.660E+03 2.727E+03 2.765E+03 2.620E+03 2.615E+03
std 3.729E+01 4.550E+01 2.495E+01 2.167E+01 5.206E+01 4.541E+01 4.319E+01
Fo4 mean 2.854E+03 2.833E+03 2.784E+03 2.899E+03 2.907E+03 2.692E+03 2.584E+03
std 5.954E+01 5.427E+01 3.874E+01 3.313E+01 5.688E+01 1.092E+02 1.110E+02
F25 mean 3.536E+03 3.118E+03 3.026E+03 3.566E+03 4.125E+03 2.919E+03 2.906E+03
std 2.833E+02 2.311E+02 1.092E+02 1.494E+02 4.184E+02 2.086E+01 8.027E+00
F26 mean 4.158E+03 3.801E+03 3.318E+03 4.091E+03 4.853E+03 2.896E+03 2.924E+03
std 5.319E+02 5.075E+02 3.880E+02 6.331E+02 4.748E+02 7.391E+01 6.491E+01
F27 mean 3.275E+03 3.192E+03 3.023E+03 3.208E+03 3.216E+03 3.098E+03 3.093E+03
std 9.848E+01 8.031E+01 2.536E+01 6.154E+01 7.903E+01 5.378E+00 1.582E+00
F28 mean 3.666E+03 3.607E+03 3.435E+03 3.698E+03 3.924E+03 3.263E+03 3.166E+03
std 1.847E+02 1.931E+02 1.417E+02 2.177E+02 1.937E+02 1.332E+02 1.872E+01
F29 mean 3.560E+03 3.446E+03 3.259E+03 3.597E+03 3.819E+03 3.204E+03 3.182E+03
std 1.736E+02 1.411E+02 8.384E+01 1.662E+02 2.418E+02 2.906E+01 1.596E+01
F30 mean 4.67TE+07 3.592E+07 3.697E+06 7.223E+07 3.863E+08 3.379E+05 1.033E+05
std 4.332E+07 4.451E+07 3.594E+06 9.774E+07 3.713E+08 3.724E+05 1.497E+05
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Table 3. Results for the 30-dimensional test function in CEC2017.

HHO (2019) SPBO (2020) PSO (1995) AOA (2021) KHA (2016) BWO (2022) tCBWO
Fl mean 5.746E+11 3.747E+11 1.825E+11 6.280E+11 8.463E+11 4.337E+11 3.902E+11
std 8.870E+10 1.635E+11 1.226E+11 7.121E+10 1.036E+10 6.590E+10 7.250E+10
" mean 1.160E+51 3.490E+47 9.520E+48 4.970E+47 3.680E+54 1.760E+44 1.740E+43
std 5.750E+51 1.330E+48 6.660E+49 7.550E+47 2.510E+55 7.510E+44 9.350E+43
F3 mean 2.752E+05 2.083E+05 1.529E+05 5.888E+05 2.732E+08 7.602E+04 9.440E+04
std 5.815E+04 7.183E+04 4.775E+04 6.602E+05 4.144E+08 6.912E+03 1.187E+04
Fa mean 1.498E+04 1.015E+04 5.131E+03 1.691E+04 2.593E+04 1.102E+04 9.788E+03
std 3.128E+03 6.388E+03 5.559E+03 4.875E+03 6.081E+03 2.347E+03 2.354E+03
F5 mean 9.365E+02 8.844E+02 8.029E+02 1.013E+03 1.040E+03 8.983E+02 8.981E+02
std 7.224E+01 5.033E+01 4.897E+01 4.894E+01 4.955E+01 3.166E+01 3.595E+01
F6 mean 7.117E+02 7.081E+02 6.753E+02 7.255E+02 7.597E+02 7.019E+02 7.016E+02
std 1.531E+01 2.005E+01 1.693E+01 1.541E+01 1.802E+01 9.683E+00 1.205E+01
F7 mean 1.411E+03 1.487E+03 1.266E+03 1.646E+03 1.558E+03 1.326E+03 1.336E+03
std 6.706E+01 1.400E+02 1.540E+02 3.186E+01 6.264E+01 6.183E+01 5.993E+01
F8 mean 1.143E+03 1.122E+03 1.084E+03 1.241E+03 1.268E+03 1.123E+03 1.113E+03
std 3.733E+01 6.245E+01 4.446E+01 2.585E+01 3.716E+01 2.209E+01 2.394E+01
F9 mean 1.029E+04 1.256E+04 8.648E+03 1.895E+04 2.872E+04 1.021E+04 1.079E+04
std 3.664E+03 4.354E+03 3.742E+03 3.305E+03 4.590E+03 1.259E+03 1.318E+03
F10 mean 9.071E+03 8.658E+03 7.534E+03 9.257E+03 1.036E+04 8.465E+03 8.674E+03
std 6.059E+02 9.422E+02 7.235E+02 5.298E+02 5.252E+02 4.457E+02 3.849E+02
Fl1 mean 3.364E+04 1.215E+04 4.303E+03 2.379E+04 1.357E+05 7.326E+03 7.276E+03
std 1.641E+04 6.481E+03 2.984E+03 1.113E+04 1.949E+05 1.148E+03 8.391E+02
Fl2 mean 1.044E+11 3.934E+10 2.008E+10 1.348E+11 2.037E+11 5.043E+10 4.123E+10
std 4.023E+10 3.696E+10 2.508E+10 2.384E+10 4.085E+10 1.805E+10 1.732E+10
FlI3 mean 6.083E+10 4.114E+10 2.632E+10 1.598E+11 2.651E+11 3.136E+10 2.559E+10
std 4.795E+10 5.091E+10 3.634E+10 5.398E+10 9.714E+10 2.164E+10 1.082E+10
Fl4 mean 1.613E+07 4.453E+06 8.819E+05 1.496E+07 6.456E+07 2.450E+06 2.120E+06
std 2.159E+07 7.711E+06 1.655E+06 6.813E+06 7.644E+07 1.289E+06 1.017E+06
Fl5 mean 1.270E+10 2.704E+09 1.198E+09 2.631E+10 5.655E+10 1.329E+09 8.831E+08
std 1.068E+10 4.268E+09 3.467E+09 2.216E+10 1.295E+10 6.873E+08 5.139E+08
Fl6 mean 6.211E+03 4.724E+03 3.881E+03 5.767TE+03 9.199E+03 4.838E+03 4.652E+03
std 1.320E+03 9.566E+02 5.588E+02 1.296E+03 2.891E+03 4.765E+02 4.183E+02
F17 mean 5.574E+03 3.376E+03 2.782E+03 8.033E+03 3.586E+04 3.318E+03 3.261E+03
std 4.431E+03 1.701E+03 4.213E+02 9.972E+03 4.580E+04 3.943E+02 3.158E+02
FI8 mean 1.431E+08 5.218E+07 1.038E+07 1.929E+08 8.952E+08 2.622E+07 2.384E+07
std 1.518E+08 7.617E+07 2.231E+07 1.262E+08 5.068E+08 1.939E+07 1.529E+07
F19 mean 1.342E+10 4.243E+09 7.338E+08 3.241E+10 6.153E+10 1.758E+09 1.623E+09
std 1.016E+10 7.039E+09 8.011E+08 1.616E+10 1.123E+10 1.469E+09 1.413E+09
F20 mean 3.095E+03 3.093E+03 2.816E+03 3.380E+03 3.719E+03 2.829E+03 2.885E+03
std 2.405E+02 2.838E+02 2.013E+02 1.948E+02 2.413E+02 1.422E+02 1.392E+02
1 mean 2.754E+03 2.683E+03 2.606E+03 2.751E+03 2.915E+03 2.694E+03 2.668E+03
std 6.413E+01 8.245E+01 6.614E+01 4.111E+01 7.291E+01 3.479E+01 4.599E+01
F22 mean 1.012E+04 9.590E+03 8.091E+03 1.060E+04 1.210E+04 7.315E+03 7.261E+03
std 8.070E+02 1.257E+03 1.852E+03 6.367E+02 4.615E+02 1.141E+03 1.027E+03
3 mean 3.517E+03 3.415E+03 3.129E+03 3.322E+03 3.789E+03 3.266E+03 3.240E+03
std 1.727E+02 2.424E+02 1.216E+02 1.244E+02 1.751E+02 7.141E+01 9.746E+01
Fo4 mean 3.699E+03 3.567E+03 3.350E+03 3.644E+03 3.788E+03 3.393E+03 3.387E+03
std 1.948E+02 2.354E+02 1.429E+02 7.656E+01 1.673E+02 1.078E+02 1.155E+02
F25 mean 5.308E+03 4.842E+03 3.728E+03 7.155E+03 7.213E+03 4.324E+03 4.228E+03
std 6.613E+02 1.374E+03 7.134E+02 1.500E+03 1.131E+03 2.782E+02 2.288E+02
F26 mean 1.172E+04 1.010E+04 8.662E+03 1.124E+04 1.452E+04 9.800E+03 9.136E+03
std 1.470E+03 1.189E+03 1.650E+03 1.126E+03 1.069E+03 7.493E+02 9.722E+02
F27 mean 4.417E+03 3.913E+03 3.483E+03 4.246E+03 4.798E+03 3.708E+03 3.682E+03
std 3.751E+02 5.082E+02 1.575E+02 1.658E+02 5.355E+02 1.589E+02 1.615E+02
F23 mean 7.577TE+03 6.122E+03 5.900E+03 7.524E+03 8.887E+03 5.915E+03 5.759E+03
std 9.150E+02 1.331E+03 1.841E+03 9.280E+02 8.039E+02 5.067E+02 4.595E+02
F29 mean 8.258E+03 6.478E+03 5.051E+03 8.547E+03 6.261E+04 6.099E+03 6.034E+03
std 2.184E+03 1.691E+03 8.032E+02 2.772E+03 8.242E+04 7.246E+02 7.142E+02
F30 mean 1.237E+10 2.510E+09 8.592E+08 2.696E+10 4.106E+10 2.764E+09 1.587E+09
std 1.300E+10 3.718E+09 3.014E+09 1.100E+10 1.931E+10 1.633E+09 9.830E+08
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Table 4. Results for the 50-dimensional test function in CEC2017.

HHO(2019) SPBO(2020) PSO(1995) AOA(2021) KHA(2016) BWO0O(2022) tCBWO
Fl mean 1.123E+12 9.035E+11 5.182E+11 1.227E+12 1.357E+12 9.278E+11 8.941E+11
std 8.043E+10 2.927E+11 2.397E+11 6.303E+10 1.522E+07 7.183E+10 7.425E+10
P mean 6.202E+88 3.410E+84 3.099E+83 7.999E+84 1.858E+88 2.364E+79 9.905E+76
std 2.750E+89 2.288E+85 2.164E+84 1.222E+85 1.170E+88 9.723E+79 3.839E+77
e mean 4.473E+05 3.716E+05 3.733E+05 4.179E+05 3.585E+10 2.205E+05 2.484E+05
std 1.030E+05 1.208E+05 9.209E+04 9.017E+04 1.611E+11 2.917E+04 2.519E+04
Fa mean 4.037E+04 2.548E+04 1.135E+04 3.868E+04 4.480E+04 2.562E+04 2.558E+04
std 7.754E+03 1.374E+04 8.443E+03 9.023E+03 8.206E+03 4.804E+03 5.019E+03
E5 mean 1.210E+03 1.182E+03 1.177E+03 1.279E+03 1.307E+03 1.173E+03 1.168E+03
std 5.166E+01 8.474E+01 8.984E+01 4.456E+01 4.317E+01 2.813E+01 3.221E+01
F6 mean 7.365E+02 7.401E+02 7.066E+02 7.449E+02 7.716E+02 7.314E+02 7.331E+02
std 1.347E+01 1.648E+01 1.879E+01 1.211E+01 1.131E+01 9.138E+00 8.709E+00
F7 mean 1.982E+03 2.268E+03 2.079E+03 2.200E+03 2.142E+03 1.912E+03 1.889E+03
std 8.097E+01 3.205E+02 3.566E+02 2.085E+01 5.723E+01 6.616E+01 7.841E+01
F8 mean 1.520E+03 1.506E+03 1.463E+03 1.639E+03 1.654E+03 1.472E+03 1.486E+03
std 6.921E+01 9.069E+01 8.560E+01 3.510E+01 3.428E+01 3.761E+01 3.205E+01
F9 mean 3.553E+04 4.106E+04 3.287E+04 5.909E+04 7.180E+04 3.736E+04 3.795E+04
std 9.772E+03 8.785E+03 8.971E+03 8.286E+03 6.727E+03 2.404E+03 3.732E+03
F10 mean 1.533E+04 1.494E+04 1.397E+04 1.522E+04 1.786E+04 1.476E+04 1.479E+04
std 8.138E+02 1.511E+03 1.083E+03 5.687E+02 6.802E+02 4.469E+02 5.192E+02
Flil mean 3.144E+04 3.573E+04 1.482E+04 4.667E+04 2.559E+05 2.068E+04 2.225E+04
std 1.121E+04 1.421E+04 7.602E+03 1.652E+04 3.448E+05 2.546E+03 3.345E+03
F12 mean 7.265E+11 3.941E+11 1.913E+11 6.935E+11 1.167E+12 3.601E+11 2.652E+11
std 1.837E+11 2.163E+11 1.310E+11 1.389E+11 1.443E+11 1.114E+11 1.163E+11
Fi3 mean 4.802E+11 1.778E+11 1.090E+11 4.330E+11 8.753E+11 2.271E+11 1.731E+11
std 1.524E+11 1.530E+11 9.643E+10 1.081E+11 2.042E+11 9.097E+10 6.586E+10
Fl4 mean 1.083E+08 6.149E+07 1.095E+07 9.821E+07 3.542E+08 2.628E+07 1.814E+07
std 8.905E+07 7.537E+07 1.295E+07 7.116E+07 1.699E+08 1.638E+07 1.069E+07
Fi5 mean 9.486E+10 3.454E+10 6.574E+09 1.364E+11 2.308E+11 3.576E+10 2.553E+10
std 4.008E+10 3.304E+10 1.133E+10 7.114E+10 1.988E+10 1.402E+10 1.127E+10
Fl6 mean 1.047E+04 7.766E+03 6.143E+03 9.203E+03 1.471E+04 7.622E+03 7.086E+03
std 2.444E+03 1.671E+03 1.044E+03 2.128E+03 2.440E+03 8.138E+02 5.073E+02
F17 mean 4.020E+04 9.711E+03 6.540E+03 1.527E+05 8.671E+04 5.768E+03 5.001E+03
std 6.263E+04 1.883E+04 5.423E+03 1.343E+05 6.233E+04 1.176E+03 4.341E+02
FI8 mean 3.473E+08 9.108E+07 6.389E+07 2.902E+08 1.255E+09 9.473E+07 5.800E+07
std 3.387E+08 6.930E+07 8.311E+07 2.383E+08 4.893E+08 5.036E+07 3.082E+07
F19 mean 4.015E+10 1.927E+10 8.521E+09 8.184E+10 1.255E+11 2.185E+10 1.312E+10
std 1.584E+10 2.257E+10 1.145E+10 1.962E+10 2.039E+10 1.129E+10 6.943E+09
F20 mean 4.329E+03 4.382E+03 4.059E+03 4.731E+03 5.112E+03 3.852E+03 3.837E+03
std 2.922E+02 3.579E+02 2.808E+02 2.396E+02 2.316E+02 2.170E+02 1.450E+02
1 mean 3.244E+03 3.103E+03 2.978E+03 3.193E+03 3.554E+03 3.138E+03 3.124E+03
std 1.027E+02 1.351E+02 9.843E+01 4.526E+01 1.188E+02 6.100E+01 6.807E+01
F22 mean 1.713E+04 1.687E+04 1.518E+04 1.697E+04 1.944E+04 1.673E+04 1.669E+04
std 8.425E+02 1.311E+03 1.034E+03 8.816E+02 6.732E+02 4.609E+02 4.413E+02
3 mean 4.498E+03 4.317E+03 3.855E+03 4.106E+03 4.963E+03 3.975E+03 3.970E+03
std 2.551E+02 3.860E+02 2.002E+02 1.756E+02 2.649E+02 1.392E+02 1.420E+02
F24 mean 4.709E+03 4.545E+03 3.974E+03 4.503E+03 4.841E+03 4.209E+03 4.162E+03
std 2.351E+02 4.428E+02 2.139E+02 2.767E+02 2.879E+02 2.030E+02 2.162E+02
F25 mean 1.605E+04 1.331E+04 8.859E+03 1.796E+04 1.707E+04 1.269E+04 1.252E+04
std 1.751E+03 3.705E+03 3.456E+03 1.597E+03 1.848E+03 1.278E+03 1.363E+03
F26 mean 1.901E+04 1.723E+04 1.611E+04 1.731E+04 1.886E+04 1.588E+04 1.577E+04
std 2.407E+03 2.110E+03 2.704E+03 1.299E+03 9.186E+02 7.973E+02 8.490E+02
F27 mean 7.338E+03 5.983E+03 4.590E+03 5.928E+03 8.136E+03 5.211E+03 4.771E+03
std 1.249E+03 1.092E+03 4.555E+02 5.976E+02 1.294E+03 4.037E+02 3.120E+02
F28 mean 1.464E+04 1.137E+04 1.114E+04 1.401E+04 1.719E+04 1.103E+04 1.139E+04
std 1.833E+03 2.074E+03 3.330E+03 1.957E+03 2.182E+03 8.666E+02 8.297E+02
F29 mean 2.201E+05 3.122E+04 9.464E+03 8.361E+04 2.104E+06 1.569E+04 1.382E+04
std 3.647E+05 5.317E+04 3.856E+03 7.820E+04 1.640E+06 5.416E+03 5.001E+03
F30 mean 7.343E+10 2.818E+10 1.097E+10 7.994E+10 1.763E+11 2.471E+10 2.172E+10
std 3.076E+10 3.000E+10 1.364E+10 2.464E+10 5.115E+10 9.228E+09 9.856E+09
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Figure 5. Convergence curves of algorithm on CEC2017 (dim = 10).
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Figure 5. Convergence curves of algorithm on CEC2017 (dim = 10).
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Figure 6. Convergence curves of algorithm on CEC2017 (dim = 30).
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Figure 6. Convergence curves of algorithm on CEC2017 (dim = 30).
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Figure 7. Convergence curves of algorithm on CEC2017 (dim = 50).
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Table 5. Wilcoxon rank sum test results of CEC2017.

P-value
Function  Dimension HHO SPBO PSO AOA KHO BWO
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15
F1 30 1.95E-13 9.16E-01 4.44E-09 1.78E-15 1.78E-15 9.87E-04
50 1.24E-13 1.29E-10 2.43E-13 1.78E-15 1.78E-15 1.19E-02
10 1.78E-15 8.88E-15 1.24E-14 1.78E-15 1.78E-15 3.38E-04
F2 30 2.63E-11 S5.85E-01 8.56E-01 1.78E-15 1.78E-15 3.29E-02
50 1.24E-13 1.11E-03 3.21E-02 1.78E-15 1.78E-15 6.21E-02
10 1.78E-15 3.55E-15 5.31E-09 1.78E-15 1.78E-15 1.13E-07
F3 30 1.78E-15 8.88E-15 1.24E-13 1.78E-15 1.78E-15 1.76E-09
50 1.62E-10 4.22E-12 4.22E-12 1.78E-15 1.78E-15 1.14E-04
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 2.97E-02
F4 30 1.35E-12 6.25E-01 6.22E-08 1.78E-15 1.78E-15 1.29E-02
50 1.78E-15 1.33E-03 1.35E-11 1.78E-15 5.86E-14 5.72E-01
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 3.38E-04
F5 30 2.00E-07 2.61E-01 2.02E-11 1.78E-15 1.78E-15 8.09E-03
50 9.67E-03 6.78E-02 5.94E-03 1.78E-15 1.78E-15 8.41E-01
10 1.78E-15 1.78E-15 1.78E-14 1.78E-15 1.78E-15 6.71E-08
F6 30 3.09E-08 1.03E-02 4.88E-07 1.78E-15 1.78E-15 1.41E-02
50 6.53E-03 9.12E-03 7.80E-08 1.78E-15 3.55E-15 5.92E-01
10 1.78E-15 1.78E-15 3.38E-14 1.78E-15 1.78E-15 1.98E-06
F7 30 3.40E-11 8.01E-10 3.42E-01 1.78E-15 1.78E-15 9.91E-02
50 3.09E-12 3.38E-14 8.16E-04 1.78E-15 3.55E-15 5.72E-01
10 1.78E-15 5.86E-14 2.43E-13 1.78E-15 1.78E-15 1.05E-02
F8 30 243E-08 1.78E-03 1.66E-01 1.78E-15 1.78E-15 1.26E-02
50 4.46E-03 1.03E-03 1.37E-02 1.78E-15 1.78E-15 2.44E-03
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.98E-03
F9 30 2.90E-02 1.69E-05 2.08E-01 1.78E-15 1.78E-15 6.74E-01
50 1.56E-04 1.28E-01 6.13E-03 1.78E-15 1.78E-15 1.15E-02
10 1.78E-15 5.33E-15 7.94E-13 1.78E-15 1.78E-15 7.40E-02
F10 30 6.51E-05 1.69E-01 3.40E-11 1.78E-15 1.78E-15 2.55E-02
50 8.63E-05 295E-01 2.83E-05 1.78E-15 3.55E-15 9.13E-02
10 1.78E-15 8.88E-15 7.64E-14 1.78E-15 1.78E-15 8.02E-02
F11 30 1.78E-15 2.21E-04 8.01E-10 1.78E-15 1.78E-15 2.11E-01
50 1.78E-15 1.81E-10 1.26E-01 1.78E-15 1.78E-15 4.88E-07
10 1.78E-15 9.77E-14 1.02E-10 1.78E-15 1.78E-15 2.19E-05
F12 30 2.63E-12 2.01E-01 3.80E-06 1.78E-15 1.78E-15 6.53E-03
50 8.88E-15 2.19E-01 1.45E-02 1.78E-15 1.78E-15 1.63E-04
10 6.35E-07 5.71E-12 2.99E-11 1.78E-15 1.78E-15 1.98E-03
F13 30 3.38E-06 7.16E-01 5.40E-01 1.78E-15 1.78E-15 3.99E-07
50 8.84E-12 7.84E-03 1.96E-02 1.78E-15 1.78E-15 6.51E-05

Continued on next page
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P-value
Function = Dimension HHO SPBO PSO AOA KHO BWO
10 1.91E-01 4.86E-09 1.19E-02 1.78E-15 1.78E-15 9.96E-03
F14 30 7.15E-11 8.11E-01 7.86E-05 1.78E-15 5.33E-15 7.16E-01
50 4.22E-12 4.76E-03 4.46E-03 1.78E-15 1.78E-15 2.30E-02
10 3.71E-09 3.61E-12 9.08E-11 1.78E-15 1.78E-15 1.33E-02
F15 30 1.24E-13 2.01E-01 3.73E-07 1.78E-15 1.78E-15 1.62E-02
50 3.00E-13 3.93E-01 2.21E-04 1.78E-15 1.78E-15 8.24E-07
10 1.78E-15 1.78E-15 1.56E-13 1.78E-15 1.78E-15 1.94E-04
F16 30 7.66E-12 295E-01 5.34E-08 1.78E-15 1.78E-15 3.88E-01
50 1.78E-15 7.45E-01 4.22E-12 1.78E-15 1.78E-15 1.43E-03
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 4.61E-02
F17 30 2.25E-08 8.11E-01 2.07E-08 1.78E-15 1.78E-15 2.23E-02
50 1.78E-15 3.19E-06 2.90E-03 1.78E-15 1.78E-15 1.98E-05
10 2.82E-01 281E-10 2.24E-12 1.78E-15 1.78E-15 2.75E-02
F18 30 7.24E-10 2.55E-02 6.35E-02 1.78E-15 1.78E-15 9.32E-02
50 3.09E-12 9.96E-03 491E-03 1.78E-15 1.78E-15 2.20E-03
10 1.78E-15 8.88E-15 1.56E-13 1.78E-15 1.78E-15 1.86E-06
F19 30 3.55E-15 3.55E-15 7.84E-03 1.78E-15 1.78E-15 5.73E-04
50 1.78E-15 2.65E-01 9.15E-04 1.78E-15 1.78E-15 6.73E-06
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 2.26E-10
F20 30 1.78E-05 4.27E-07 6.39E-01 1.78E-15 1.78E-15 9.77E-01
50 1.78E-15 4.79E-06 2.31E-05 1.78E-15 1.78E-15 1.63E-01
10 1.78E-15 1.78E-15 1.35E-12 1.78E-15 1.78E-15 6.33E-03
F21 30 3.13E-10 2.41E-01 5.32E-10 1.78E-15 3.55E-15 3.31E-03
50 1.95E-13 3.09E-01 4.96E-11 1.78E-15 1.78E-15 2.24E-02
10 1.78E-15 1.78E-15 1.61E-12 1.78E-15 1.78E-15 3.86E-11
F22 30 1.35E-12 8.97E-09 3.92E-08 1.78E-15 1.78E-15 8.11E-01
50 1.33E-03 5.98E-01 1.19E-09 1.78E-15 1.78E-15 6.67E-01
10 1.78E-15 1.78E-15 8.88E-15 1.78E-15 1.78E-15 1.09E-04
F23 30 4.44E-14 3.09E-09 3.09E-01 1.78E-15 1.78E-15 1.37E-02
50 1.78E-15 3.62E-08 9.09E-01 1.78E-15 1.78E-15 4.91E-03
10 1.78E-15 3.88E-10 1.45E-09 1.78E-15 1.78E-15 8.40E-02
F24 30 2.49E-14 5.07E-06 6.67E-01 1.78E-15 3.55E-15 7.08E-02
50 1.24E-14 8.24E-07 1.01E-01 1.78E-15 3.55E-15 8.85E-03
10 1.78E-15 1.78E-15 1.78E-14 1.78E-15 1.78E-15 2.03E-04
F25 30 2.49E-14 5.07E-06 1.95E-13 1.78E-15 3.55E-15 1.84E-03
50 224E-12 7./74E-01 1.24E-14 1.78E-15 3.55E-15 3.78E-01
10 1.78E-15 1.78E-15 5.33E-15 1.78E-15 1.78E-15 6.67E-01
F26 30 7.66E-12 1.09E-04 2.12E-02 1.78E-15 1.78E-15 3.29E-02
50 1.78E-15 9.37E-06 3.00E-01 1.78E-15 1.78E-15 7.24E-02
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.90E-12

Continued on next page
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P-value
Function = Dimension HHO SPBO PSO AOA KHO BWO
F27 30 3.55E-15 6.46E-04 2.86E-04 1.78E-15 1.78E-15 3.05E-02
50 1.78E-14 9.09E-01 3.72E-01 1.78E-15 1.78E-15 4.04E-03
10 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.78E-15 1.09E-02
F28 30 1.24E-13 5.94E-02 4.43E-01 1.78E-15 1.78E-15 2.48E-02
50 3.55E-15 7.86E-05 4.03E-06 1.78E-15 1.78E-15 1.30E-05
10 1.78E-15 1.78E-15 1.61E-12 1.78E-15 1.78E-15 &.01E-10
F29 30 2.63E-12 6.63E-02 1.37E-05 1.78E-15 1.78E-15 4.40E-02
50 1.78E-15 8.59E-03 2.86E-04 1.78E-15 1.78E-15 8.59E-03
10 1.78E-15 1.78E-15 2.63E-12 1.78E-15 1.78E-15 2.03E-04
F30 30 4.49E-13 9.24E-01 1.78E-15 1.78E-15 1.78E-15 4.89E-04
50 3.00E-13 9.71E-02 3.46E-05 1.78E-15 1.78E-15 3.31E-03

6.2. tCBWO-DPR testing

To evaluate the effectiveness of the algorithms in this paper, the article presents an experimental anal-
ysis of the tCBWO-DPR clustered routing algorithm. The study analyzes the individual impact of each
improvement on the wireless sensor network and performs a comparative analysis with other algorithms.

In order to verify the performance of the algorithm, an ablation experiment and a comparison
experiment were designed, respectively. In the ablation experiment, this paper compares and analyzes
the newly proposed tCBWO-DPR with BWO-DPR and tCBWO-PR. Among them, BWO-DPR is
composed of the original BWO and the improved prim algorithm DPR, and tCBWO-PR is a clustering
routing algorithm composed of the improved tCBWO and the original Prim algorithm. In the comparison
experiment, this paper combines the LEACH [7], HFAPSO [19], SCA-Levy [21], and HPR-LEACH [40]
algorithms for simulation verification experiments.

6.2.1. Evaluating indicators of WSNs

In order to evaluate the performance of the tCBWO-DPR algorithm, this paper makes an experimental
analysis of the KSAOA clustering routing algorithm and analyzes the influence of each contribution of
the article on the WSN network and the influence of network parameters on the WSN. The meanings of
the evaluation indicators are as follows:

1) FND refers to the number of turns in which the first node dies, which is an important indicator to
evaluate the stability of wireless sensor networks. The death of a node will lead to structural changes in
the monitoring system. In theory, the larger the FND, the stronger the stability of WSNs.

2) HND refers to half of nodes dead, which is an important parameters for evaluating network life
and stability. When half of the nodes die, the monitoring network can still maintain a certain monitoring
capability, so the larger the HND, the better.

3) LND refers to the number of rounds in which the last node dies. When the last node dies, the life
cycle of the WSN ends and the monitoring ability is completely lost. Therefore, the larger the LND,
the better, and the smaller the difference from the FND, the better, indicating that the network is more
stable and reliable.
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4) Node energy variance is an important parameter reflecting the load balance of wireless sensor
networks, and its size directly reflects the difference in energy consumption of each node. The larger the
node energy variance, it means that the network load is not balanced enough. It is given by

 (E(i) — E)?
@=Z%, 6.1)

where 7 is the number of surviving nodes, E is the average energy of the nodes, and E(7) is the remaining
energy of the i node.

5) The amount of data received by the base station (BS) is the total amount of data received by the
WSN network from the sensor nodes during the life cycle. This indicator reflects the data acquisition
capability of the network. The larger the amount of received data, the more abundant data the base
station can receive. Therefore, the larger the amount of data received, the stronger the data acquisition
capability of the network.

6.2.2. Simulation parameter setting

The main evaluation indicators used in the study are explained as shown in Table 6.

Table 6. Simulation parameters.

Parameters Value
Detection area 300 x 300 m?
Position of base station 0,0
Percentage of cluster head 10%

Number of cluster heads nodes 200

Initial energy of the node 05J

Packet size 4000 bit
Control package size 50 bit

Node Survival Threshold 0.01J
Electronics energy (E.e.) 50 nJ/bit
Energy for free space (Ey;) 10 pJ/bit/m*
Energy for multi-path (E,,,) 0.0013 pJ/bit/m*

6.2.3. Distribution of node deaths

As shown in Figure 8(a), node survival in ablation experiments, the FND, HND, and LND dis-
tributions of the tCBWO algorithm are 94, 188 and 459 rounds, respectively. Compared with other
algorithms, the stability of tCBWO has been greatly improved. Compared to the BWO-DPR and
tCBWO-PR algorithms, FND improved by 34 and 31 rounds, respectively. Compared with the BWO-
DPR and tCBWO-PR algorithms, HND improved by 16 and 23 rounds, respectively. Compared to the
BWO-DPR and tCBWO-PR algorithms, LND improved by 120 and 145 rounds, respectively. Therefore,
the algorithm has made a significant improvement in improving network performance.

Comparison of the experimental results in Figure 8(b) shows that the network stabilization period
of the tCBWO algorithm is stable at 94 rounds. Compared to the other four algorithms, tCBWO has
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better stability. Compared with the LEACH, HPR-LEACH, HFAPSO, and SCA-Lévy algorithms, FND
improved by 90, 44, 48 and 36 rounds, respectively. Therefore, compared with the existing algorithms,

the algorithm has made a significant improvement in improving the life of wireless sensor networks in
terms of network survival.
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Figure 8. Node survival.

6.2.4. Average residual energy

As shown in Figure 9, by observing the average residual energy curve of nodes, the trend of energy
change throughout the network can be understood, and then analyzed. Changes in average residual
energy over time show different characteristics. In the ablation experiment, compared with the other two
algorithms, the energy drop of the tCBWO-DPR algorithm is more gentle, and the remaining energy is
the largest under the same number of turns. In the comparison experiment, the residual energy slope of
the tCBWO algorithm in the initial stage is significantly lower than that of the other three algorithms,
and in the case of no more than 200 rounds, the average residual energy of the tCBWO algorithm is
improved compared with the other three algorithms. It should be noted that the decrease in energy of
the tCBWO-DPR algorithm shows a linear trend, indicating that the energy consumption of the network
1s relatively balanced. On the contrary, LEACH in Figure 9(b) will show a nonlinear downward trend in
the medium term, reflecting the instability of network load.
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Figure 9. Average energy change of nodes.
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6.2.5. Node energy variance

According to the results of the ablation experiment (see Figure 10(a) for details), comparison of the
tCBWO algorithm with the other two algorithms shows that the maximum node energy variance of
the tCBWO algorithm has increased and performs similarly to the previous two algorithms in the early
stage. However, the value of maximum node energy variance is shifted to the right, which delays the
death of the first network to some extent.
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Figure 10. Energy variance variation of nodes.

On the other hand, it can be observed by comparing the Figure 10(b), among the five algorithms
tested in the comparison, the tCBWO-DPR algorithm’s node energy variance is close to the right side,
with the maximum node energy variance of 0.0169. The maximum node energy variance of the LEACH
algorithm is 0.0333, which indicates that the tCBWO-DPR algorithm is more effective in balancing the
loads of the network nodes, and delays the premature death of some of the nodes, which in turn improves
the overall stability of the network. This result further validates the effectiveness of the tCBWO-DPR
algorithm in balancing the energy consumption of the network.

6.2.6. Data throughput of the base station

In terms of data transmission, this paper takes the received data from the receiving station as a
reference. In the ablation experiment in Figure 11(a), the total amount of data received by the tCBWO-
DPR algorithm is 10.55 and 13.14 MB higher than that of the BWO-DPR and tCBWO-PR algorithms,
respectively. Both improvements to the algorithm are effective.

Combined with the comparison experiment in Figure 11(b), it can be seen that, in the entire
network life cycle of tCBWO, when the data fusion rate is 0.6, the amount of data received by
the base station is higher than that of the other three, and the total amount of data transmission
reaches 89.34 MB. Compared with LEACH, HPR-LEACH, HFAPSO and SCA-Lévy, there are improve-
ments of 40.49, 21.94, 18.81 and 18.41 MB, respectively, which effectively improves the efficiency of

the network.
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Figure 11. Base station data receival situation.

6.2.7. Average node hops

Observing the average number of node hops for data transmission in Figure 12, the tCBWO-DPR
algorithm shows excellent stability in the first two hundred rounds, maintaining between 5 and 7 hops.
This indicates that the tCBWO-DPR algorithm is able to effectively control the number of node hops
and maintain a relatively short data transmission path during network data transmission. The lower hop
count helps to reduce energy consumption and improve network lifetime.
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Figure 12. Base station data receive situation.

In the ablation experiment in Figure 12(a), the average hop counts of the tCBWO-PR and BWO-DPR
algorithms show a decreasing trend, and the maximum average hop count reaches 12 hops. This trend
may reflect that these two algorithms have unreasonable inter-cluster routing establishment during data
transmission, which leads to longer paths. An excessive number of hops may trigger energy wastage,
which directly affects the lifetime of the network.

In the comparison experiment in Figure 12(b), the tCBWO-DPR algorithm exhibits relatively more
stable and uniform node hop counts in the first 200 rounds, and the nodes have relatively fewer hops.
This may indicate that the tCBWO-DPR algorithm is able to maintain a relatively low number of node
hops under different network conditions, which in turn reduces the delay of data transmission. Compared
with the other four algorithms, the HFAPSO algorithm has the most unstable performance in terms of
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node hop count, which can reach up to 12 hops, while, in comparison, the tCBWO algorithm has a node
hop count of only 7 hops. This means that the tCBWO algorithm is able to better control the number of
node hops while reducing the data transmission path, effectively reducing the delay of data transmission.

7. Conclusions

In this study, we propose an improved WSN clustered routing algorithm based on the beluga whales
optimization (BWO) algorithm to improve the energy usage efficiency of sensor networks.

First, we introduce tCBWO, a novel optimization algorithm derived from BWO. tCBWO enhances
the global exploration capability of BWO by introducing the cosine dynamic boundary strategy, which
can achieve a wider exploration of the search space. In addition, SAOA enhances the local exploitation
capability of BWO by a dynamic t-distribution factor, which helps the algorithm converge to the optimal
solution faster and more accurately. The improved algorithm is tested with CEC2017 in different
dimensions, and the test results show that SAOA has improved in convergence and stability in different
functions and dimensions compared to other algorithms.

In addition, this paper presents a novel clustering routing algorithm for WSNs called the tCBWO-
DPR algorithm. In the process of cluster head election, we introduce a fitness function based on node
capacity and positional relationship and use the tCBWO algorithm to select cluster heads. In addition,
we also consider the energy consumption characteristics of WSNs and introduce a distance threshold to
improve the performance of the Prim algorithm. We verify the performance of the algorithm through
ablation and comparative experiments and show that the tCBWO-DPR algorithm outperforms other
algorithms in the stability and convergence ability of the cluster head election process. This algorithm
has important practical application value and can provide new ideas and methods for the research and
application of WSNGs.

The heuristic algorithm using tCBWO-DPR is used to construct the evaluation cluster head evaluation
function based on the node energy information and node location relationship. Inter-cluster transmission
paths are built by heuristic algorithms to enhance the stability and lifetime of the network. However, the
complexity of this strategy increases with the expansion of the network scale, which poses a greater
challenge for sensors. The planning of node data transmission paths remains a challenging task in the
later stages of network planning, especially in larger networks. In future research, we plan to apply
heuristic algorithms such as tCBWO to data preprocessing of neural networks, such as with graph
neural networks (GNNs) to construct node classification and data transmission path models [41]. This
approach may cause high computational cost in the initial stage, but, by pre-training the network model,
it can improve the operation efficiency in the real environment, reduce the resource consumption, and
automatically adjust the routing scheme according to the network size. In addition, by improving the
allocation of spectrum resources for wireless sensor networks can also be able to improve the lifetime
and efficiency of the network and reduce resource consumption [42,43].
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