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Abstract

Meta-heuristic algorithms, due to their high search speed and strong generalization ability, are frequently applied in
programs mainly to discover the corresponding optimal strategy for any problem in view of their defined rules. After years
of collision evolution, they have been continuously used to solve the complex, unordered and diverse optimization
problems and improve efficiency. Aiming at the problems of low convergence accuracy and easy to fall into local optima of
the traditional Harris hawks optimization algorithm, a compound improved Harris Hawks Optimization algorithm
(CIHHO) is proposed. Firstly, the early circling exploration and later attack exploitation phase of the dynamic adjustment
algorithm for environmental factors is introduced to regulate the energy of Harris hawks; Secondly, the concept of Versoria
function is introduced to modify the random jump strength and raise the data grabbing ability of local space; Introducing
the Levy flight function to adjust the factor and reduce the disturbance impact of Levy flight is beneficial for getting rid of
the local space after entering the exploitation phase, and introducing random white noise to reduce step size and improve
algorithm accuracy. Taking CEC 2017 test function suite set as the core, the performance of CIHHO algorithm is analyzed.
Firstly, the performance of CIHHO algorithm is compared with HHO, HHO_JOS, LHHO, LMHHO and NCHHO. Sec-
ondly, the performance of unimodal function, multimodal function, mixed function and compound function is compared
with other 7 improved algorithms. Finally, ablation experiments are carried out. The convergence value of the iterative
curve obtained is more quantitative than the improved algorithm, The generality of the improved CIHHO algorithm in
solving multiple optimization problems with different dimensions is verified. Further applying the CIHHO algorithm to
three different engineering experiments, the minimum cost calculation results directly demonstrate that the CIHHO
algorithm obtained has certain advantages in dealing with search space problems.
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1 Introduction

In two major areas of traditional machine learning and
increasingly updating artificial intelligence, researchers
have found that many real-world problems are often dis-
crete, continuous, unconstrained or constrained, and it is
often difficult to obtain high-quality results by using con-

< Changjun Zhou
zhouchangjun@zjnu.edu.cn

< Chengye Zou

dlcheng2005@126.com ventional mathematical programming methods. In this
context, because of its simple process to save many com-

' School of Information Engineering, Jiangxi University of plex steps in their operation process and easy to implement
Science and Technology, Ganzhou 341000, China through code in application tools, meta-heuristics can

> School of Computer Science and Technology, Zhejiang efficiently solve many real-world problems with larger
Normal University, Jinhua 321004, China scale, multi-modal, discontinuous and non-differentiable,

®  College of Information Science and Engineering, Yanshan and the core operations of meta-heuristics do not depend on

University, Qinhuangdao 066004, China

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s10586-024-04348-z&amp;domain=pdf
https://doi.org/10.1007/s10586-024-04348-z

9510

Cluster Computing (2024) 27:9509-9568

the mathematical characteristics of the target problem.
After decades of development, meta-heuristics have grad-
ually shown certain advantages in solving global opti-
mization problems. Taking Particle Swarm Optimization
algorithm as an example, Li et al. [1] proposed a design
method PSO-GESN for growing echo state network ESN
based on PSO and Singular value Decomposition (SVD). It
was found in the experiment combined with further oper-
ation show that the used minimum singular value of the
optimized network is significantly larger than that of the
non-optimized network, which proves that the optimized
network has better robustness. Nitin et al. [2] proposed to
apply Genetic Algorithm (GA), Particle Swarm Opti-
mization (PSO) and JAYA algorithm (JA) to determine the
optimal parameters in the friction drilling process. The
experiment found that the PSO could grab a more accurate
target solution in the two parameters of surface roughness
value and bushing length signal-to-noise ratio. Wenyi et al.
[3] set up a more efficient improved PSO to model all of
the ordered charging of electric vehicles. It was found that
the ordered charging strategy based on improved PSO
could obtain the lowest charging cost and power loss of the
grid. Baoye et al. [4] applied the improved PSO combining
adaptive fractional order to the smooth path structure
planning problem of mobile robots. It was found in the
experiment combined with further operation show that the
used effective strategy is beneficial to the motion control of
mobile robots, and can accurately calculate high-order
continuous smooth paths with low computational cost.
Ricardo et al. [5] proposed a spectral richness PSO algo-
rithm SR-PSO, and found that the SR-PSO algorithm could
produce lower variability in the case of sine wave signal
x = 1. Ndunge et al. [6] used the Water Cycle Algorithm
(WCA), Particle Swarm Optimization (PSO) as well as the
hybrid high performance optimization algorithm of WCA
and PSO to tune the STATCOM controller, and found that
the STACOM tuned by WCA-PSO could produce the
minimum voltage value, active and reactive power over-
shoot. Libin et al. [7] proposed an ensemble particle swarm
optimization (EPSO) which combined three novel ensem-
ble strategies. It was found in the experiment combined
with further operation show that the used ensemble strategy
has superior scalability. Donglin et al. [8] created an
Improved Bare Bones Particle Swarm Optimization
(IBPSO) algorithm to solve DNA double helix sequences
design problems. Experiments direct proof that DNA
double helix sequences designed by the created algorithm
can reduce occurrence possible of two-level structure and
reduce the value of h measure and coincidence degree
combination constraint as much as possible. Among the
algorithms proposed in recent years, Sparrow Search
Algorithm (SSA) can get better results in dealing with most
contemporary practical problems, and can ensure the
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superior stability efficiency of the algorithm. The proposal
of Sparrow Search Algorithm also provides the possibility
for many scholars to improve the algorithm. Wentao et al.
[9] created a more efficient Sparrow Search Algorithm to
improve the parameters of relevance Vector Machine
(RVM) appropriately for predicting PV power. Relevant
experiments after the introduction of engineering problems
proved that the improvement strategy can obtain higher
prediction accuracy and computational efficiency. Cheng-
long et al. [10] designed the chaotic sparrow search algo-
rithm and applied it in the Random Configuration Network
(SCN) to test the network regulation performance of
CSSA-SCN. It was found in the experiment combined with
further operation show that the used algorithm has better
regression accuracy of root mean square error(RMSE),
which was conducive to improving the regression accuracy
and training efficiency of the algorithm SCN. Hao et al.
[11] used the improved SSA (ISSA) to handle the fixed
input frequency and apparent error of neuron nodes in
hidden layer network of Fast Random Configuration Net-
work (FSCN). It was found in the experiment combined
with further operation show that the used ISSA-FSCN’s
productivity is more stable than other sustainable network
models during the most proper working time,general sta-
tistical average consumption time and relative worst output
time, and has better classification performance. Zhen et al.
[12] proposed to maximize use Discrete SSA (DSSA) to
handle the general travel wholesalers and agents problem
to obtain the optimal route and cost results. It was found in
the experiment combined with further operation show that
the wused algorithm has strong competitiveness and
robustness. Jiale et al. [13] proposed adaptive ISSA algo-
rithm to dispose of the optimize structure of manipulator. It
was found in the experiment combined with further oper-
ation indicated that the used ISSA significantly benefits the
convergence speed, grab accuracy and stability of algo-
rithm without adding any policy. Bin et al. [14] set up a
more efficient multi-objective SSA (MOSSA) to dispose of
complex multi-objective optimization problems (MOP).
Relevant experiments after the introduction of complex
problems proved that the Pareto front of MOSSA algorithm
is superior to other algorithms, which proves that MOSSA
has convergence competitiveness and diversity when
solving MOP problems with equality and inequality con-
straints. Li et al. [15] proposed to combine the multi-ob-
jective SSA with active distribution network(ADN) to form
a dynamic remodeling integrated optimization model.
Experiments show that the proposed method effectively
reduces functional loss and node voltage deviation.

Other algorithms also have certain advantages. Zhu et al.
[16] set up a Human Memory Optimization (HMO) algo-
rithm. Experiments show that the proposed algorithm can
get smaller optimal value. Xueliang et al. [17] set up a
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more efficient improved grey wolf (IGWO) algorithm.
With the continuous operation simulation experiment, the
effective grey wolf algorithm applied to the standard
pressure generated by the piezoresistive pressure sensor
had a good consistency. Zhu et al. [18] created a JAYA
algorithm on account of normal cloud and embedded it in
the optimization problem of DNA double helix sequence
design. Different from the JAYA algorithm proposed by
Yujun [19], according to the conclusion of DNA experi-
ments, the improved JAYA algorithm could directly con-
trol the secondary structure or hybridization in the process
of DNA reaction to ensure the effectiveness and stability of
DNA double helix sequence. Jiankai et al. [20] designed a
more efficient improved dung beetle optimization algo-
rithm on account of simulated population and embedded it
in three well-known engineering mixed design problems
commonly in real life. It was found in the experiment
combined with further operation show that the used algo-
rithm can handle relatively complex constraint problems
more directly. Zhu et al. [21] set up a more efficient manta
ray foraging optimization (MGLMRFO) algorithm.
Experiments indicated that the circling search ability of the
algorithm after adding strategy is universal and effective,
and the use of MGL-MRFO algorithm in different envi-
ronments can ensure adaptive learning ability and spatial
adaptability to grab a reasonably feasible solution. Jiaxuan
Xu et al. [22] proposed a novel scheme to Fuse both the
global Structure and the local structure information for
Ensemble Clustering (FSEC), and uses alternating direc-
tion method of multipliers (ADMM) to solve the objective
function optimization problem. Relevant experiments after
the introduction of the optimal structure of correlation
function proved that the FSEC used is better than many of
the most advanced ensemble clustering methods. Zhu
Donglin et al. [23] set up a MEPSO algorithm. Experi-
ments show that the proposed algorithm can get shorter
UAYV path. Lei et al. [24] proposed an ant colony opti-
mization algorithm that combines greedy Levy mutation
and applied it to 30 benchmark functions in CEC 2014. The
experiment found that unlike non benchmark functions
[25], the CLACO algorithm has different adaptability to
benchmark functions at different threshold levels. In
addition to the improved algorithms listed above, some
improved woodpecker mating algorithms [26, 27] have
also been applied to some extent and can achieve optimal
results in practical problems.

Harris hawks optimization (HHO) algorithm is a swarm
intelligence biological algorithm innovated by Heidari [28]
et al. for biological development in real ecology, the
algorithm is designed based on the natural activities of
hawks. This paper analyzes the behaviors and strategies of
Harris hawk when catching prey, implements the model
with mathematical formulas and codes.

HHO algorithm can achieve more accurate and efficient
results when used in most problems, but the algorithm itself
also has the shortcomings of poor search performance and
the local optimum is likely to be obtained in the later phase
of optimization. In an effort to stabilize the efficiency of
HHO algorithm, many scholars have made appropriate
improvements. Shangbin et al. [29] proposed CSHHO
algorithm using seven common chaotic mapping methods.
It was found in the experiment combined with further
operation show that the used algorithms are more
stable than the original HHO algorithm. Helei et al. [30]
proposed an improved HHOBM algorithm by introducing
Brownian motion mutation. Relevant experiments after the
introduction of the optimization problem proved that the
proposed algorithm expands the local search area. Gupta
et al. [31] set up a more efficient improved algorithm
m-HHO by adding a new parameter controlling step size
LF(D). Relevant experiments after the introduction of the
optimization problem proved that the algorithm can reduce
the disturbance to the population in the later iteration.
Lemin et al. [32] proposed a hierarchical structure EHHO
algorithm with fitness ranking. Experiments verify that the
convergence efficiency of EHHO gradually increases.
Gharehchopogh et al. [33] proposed 10 neighborhood
search operators to stabilize the efficiency of HHO algo-
rithm respectively, and compared with the improved
selection function MCF, it was found in the experiment
combined with further operation show that the used algo-
rithm HHO-MCEF is suitable for finding the best route.
Pradeep et al. [34] set up a more efficient a new multi-
objective non-dominated sorting HHO (NSHHO) algo-
rithm. Experiments show that NSHHO can integrate the
penalty term in the fitness function, reduce the fitness of the
individual who violates the constraint, and obtain the best
Pareto optimal solution. Jafar et al. [35] created a new
HHO algorithm combined with directed simulation (DS)
theory (DS-HHO). Relevant experiments after the intro-
duction of the majorization problem proved that the algo-
rithm can find the best scheme in complex and highly
nonlinear optimization problems. The proposed hybrid
enhanced chimp HHO algorithm has increasingly become
the mainstream of the current improved HHO. Mohamed
et al. [36] set up a more efficient chaotic HHO algorithm
(CHHO) embedded with Simulated Annealing (SA) algo-
rithm. Kashif et al. [37] combined sine cosine algorithm
(SCA) with HHO and proposed a hybrid method SCHHO.
Hager et al. [38] created a hybrid enhanced chimp HHO
algorithm (ECH30A), and found that each algorithm had
strong exploration ability.

Many improved HHO algorithms are applied in fields
including trajectory prediction, medical treatment, electri-
cal power, new energy industry, information technology
and so on. Xuxu et al. [39] proposed DEHHO hybrid
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algorithm with Differential Evolution (DE) algorithm,
which was applied to the initialization of Back Propagation
Neural Network (BP) parameters to obtain trajectory pre-
diction results. Simulation experiments found that the
prediction accuracy of DEHHO-BP network was higher.
Ines et al. [40] proposed the simulated annealing chaotic
adversarial Binary Harris Hawks Optimization (BCOHHS)
algorithm, which was applied to nine high-dimensional
medical datasets. It was found in the experiment combined
with further operation show that the used BCOHHS has
higher accuracy on almost all datasets. Magdy et al. [41]
proposed a hybrid high ability learning and optimization
method called CovH2SD to solve the problem of rapid
diagnosis of the new popular coronavirus disease (COVID-
19), and it was experimentally proved that CovH2SD can
achieve the most advanced and efficient performance.
Ahmed et al. [42] introduced a HHO (MHHO) combined
with multi-view linking method to consume the dimension
of anxiety data, and found in the experiment that MHHO
had the best ability to consume the dimension of the data
set with the smallest standard deviation. Vineet et al. [43]
proposed to design a restriction strategy based on model
operation and result predictive controller assisted Leader
HHO (MPC-LHHO) for the frequency and voltage balance
of renewable energy power supply system. According to
the convergence profile, LHHO method was found to be
superior to MPC controller parameter adjustment. Kumar
et al. [44] set up a more efficient improved HHO (MHHO)
algorithm and embedded it in the optimal scheduling of
Virtual Power Plant (VPP). It was found in the experiment
combined with further operation indicated that the used
algorithm can maintain a more stable effect in the dual-
objective scheduling problem, and has better benefits with
lower emission values. CetinbaS$ et al. [45] proposed a new
hybrid HHO combined with Arithmetic Optimization
Algorithm (AOA), which was applied to the microgrid for
testing. It was found in the experiment combined with
further operation show that the used algorithm can generate
the lowest power supply loss probability and energy cost as
well as the highest renewable rate. Ashok et al. [46] set up
a more efficient enhanced HHO (EHHO) algorithm to solve
the highly constrained nonlinear multi-objective
hydrothermal power dispatching (MOHGS) problem. It
was found in the experiment combined with further oper-
ation show that the used algorithm achieves the minimum
amount of discharge water. Shiming et al. [47] proposed an
Adaptive HHO algorithm (ADHHO) based on continuous
triangular difference, which was applied to extract
parameters in four kinds of component models. It was
found in the experiment combined with further operation
show that the used algorithm can shorten the CPU running
time and achieve stable solution performance. Jiao et al.
[48] proposed an Enhanced HHO (EHHO) method
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originated from Orthogonal module Learning (OL) and
General Adversarial learning (COBL), which was applied
to accurately estimate the parameters of low consumption
solar energy storage cells and natural photovoltaic sensitive
modules. It was found in the experiment combined with
further operation show that the used EHHO algorithm can
accurately describe the actual power supply characteristics
of solar integrated cells. Hassan et al. [49] proposed a wind
speed forecasting (WSF) model CA-ICEEMdan-HHO-
STAT-S2S by combining correlation Analysis (CA) and
decomposition techniques, HHO algorithm and Spatio-
temporal attention based on S2S (STAt-S2S). Relevant
experiments directly indicated that the combining model
owns more stable prediction effect on wind speed with the
smallest error and the highest efficiency. Ayse et al.[50]
proposed a new binary HHO variable algorithm, which was
mixed embedded in solving the micro-location situation of
wind turbines. Relevant experiments after the introduction
of the engineering optimization problem proved that the
proposed algorithm can obtain better micro-localization
results. Mingliang et al. [51] proposed an extreme learning
machine (ELM) rock burst prediction model based on
improved HHO (IHHO) algorithm and applied it to 136
groups of typical rock burst examples. The experiment
found that the model had higher accuracy and better visual
effect. Am et al. [52] combined HHO with KNN classifier
to predict spam. Combining multiple experiments to
extract network junk information, the results directly
indicated that the accuracy of mail classification and set-
tlement is the smallest. Kamboj et al. [53] proposed the
hybrid Harris Hawk-sine cosine algorithm (hHHO-SCA),
which was applied to solve the problem of unknown search
space type. The experiment found that the solution quality
of the algorithm was high, and it was conducive to solving
discrete and continuous problems. Ilker et al. [54] proposed
a quantum-behaved particle enhanced multi-population
HHO and roulette wheel selection (QMPMPHHOTroulette)
algorithm. We experimentally find that the proposed HHO
variant can achieve more accurate solutions than other
algorithms in solving dynamic quantization optimization
problems. Sandeep et al. [55] proposed to apply HHO
algorithm to Support Vector Machine (SVM) to make error
estimation of precise model in monthly sediment load
estimation (SL) prediction. It was found in the experiment
combined with further operation show that the used algo-
rithm has advantages in improving the monthly SL pre-
diction accuracy of conventional SVM and predicting the
statistical indicators of SL nonlinear behavior. Yankai et al.
[56] established the Adaptive Multi-objective Dynamic
Harris Hawks Optimization (AMODHHO) algorithm, and
used the Mixed Flow green scheduling model of Dynamic
event DEs (MOHFGSM-DEs) to solve the dynamic event
in the emerging digital workshop. It was found in the
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experiment combined with further operation show that the
used algorithm avoids unplanned downtime of the model
caused by dynamic events, and avoids huge economic
losses and environmental pollution. Sangeetha and
Kumaran [57] proposed a Taylor-Harris Hawks Opti-
mization driven Long Short-Term Memory (THHO-
BiLSTM) sentiment analysis method. Experiments obtain
high accuracy of comment extraction. Alamir [58] pro-
posed an artificial neural network model ANN-HHO
combined with Harris Hawks Optimization, which was
applied to food preference under different types of masking
background noise and background noise levels relative to
the room. It was found in the experiment combined with
further operation show that the used model has higher
accuracy in judging weights and biases.

The above improved Harris Hawks Optimization has
more efficient breakthrough results than the original algo-
rithm in different situations of original text and application,
moreover, the improved HHO also has the problems of
unstable optimization effect, lead to stagnation in the late
stage of iteration, and still has the ability to improve the
standard deviation when dealing with high-dimensional
problems. Therefore, it is needy to try to solve the short-
comings of the improved Harris Hawks Optimization in the
research. The algorithm with higher universality, stability
and further improvement of optimization effect is obtained.
Accordingly, this paper proposes a composite improvement
on the basis of the original Harris hawk. The corresponding
main contributions of this research are as follows:

1)A new compound improved Harris Hawks Optimiza-
tion (CIHHO) is proposed, which uses environmental fac-
tors to affect energy changes, dynamically regulates the
exploration and exploitation phase during the algorithm,
introduces the Versoria function to modify the original
random jump strength, and introduces Levy flight function
adjustment factor to reduce the Levy flight disturbance, and
properly reduces the flight step to reduce the error of
algorithm in calculation.

2)Evaluate the solutions generated by CIHHO on initial
30 dimensional and 50 dimensional optimization functions
using the CEC 2017 test suite, and compare other improved
algorithms to determine the effectiveness and quality of the
improved algorithms.

3)The proposed CIHHO algorithm is further applied to
three engineering experiments of welding beam design,
pressure vessel design and three-bar truss design to to
obtain more accurate actual parameter values and analyze

whether the performance of the proposed algorithm is
optimal.

The remainder of this paper is organized as follows: The
basic steps of the original HHO algorithm are presented in
the sections of Chapter 2. Chapter 3 focuses on the
improvement strategy of HHO algorithm. In Chapter 4 and
Chapter 5, the experiment of the proposed method is car-
ried out, and the results are demonstrated and analyzed.
Based on the experimental results, the obtained algorithm
CIHHO and other algorithms are analyzed and summarized
at the same time. Chapter 6 is a elaboration and induction
of the existing work and future actions and expectations.

2 Harris hawks optimization algorithm

This section mainly describes the HHO algorithm simula-
tion in nature, about the initialization phase, the exploration
phase, the transition phase and the exploitation phase
process.

2.1 Initialization phase

In this phase, the number and position of Harris hawk
population need to be initialized, and the random number
generation method is used to generate the initial popula-
tion. Fitness function is an objective function of the opti-
mization problem. Because there are various single-
objective or multi-objective problems in the actual life and
production activities, the fitness function needs to be
designed differently according to different applications, so
as to facilitate the HHO algorithm to transfer. The initial-
ization phase needs to design the corresponding boundary
constraints to control the value of the solution in a certain
range, and set all the parameter values at the same time.

2.2 Exploration phase

After completing the initialization phase, the next phase
mainly simulates the exploration activity of Harris hawks.
In the HHO model, the strategy mechanism of Harris
hawks’ random stay can be simulated. The random selec-
tion factor considering the roosting strategy is set to g by
using the equal probability 50% selection strategy, and the
value of ¢ is randomly selected between O and 1. In each
iteration, the value is updated and different location
selection strategies are carried out according to the size of
q. When g > 0.5, the Harris hawk will choose a random
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location, while when ¢ < 0.5, the hawk will choose the
location of other family members to complete the global
exploration behavior. After analysis, it is not difficult to get
the corresponding mathematical expression as follows:

B X,and(l) —n |Xrand(l) - 2r2X(l‘)\ 9205
Xy ={ (X,p(6) = X (1)) = r3(lb + ra(b — 1)) g <0.5

(1)

where ¢ is the t-th node in the total process of algorithm
operation, which is called the #-#h iteration, X (¢ + 1) is the
t 4+ I-th spatial position information, which is used to
describe the vector representation of the Harris hawk into
the next flow iteration node, X,,,4(t) is the spatial position
information of a random Harris hawk, which is randomly
selected from the biological population in the -tk iteration
and grabs its vector result according to its environment,
meanwhile,X,;,(7) represents the spatial position informa-
tion of the escaping prey and also represents the optimal
position, existing in the same environment with Harris
hawks in each iteration, so as to obtain the position vector
with the same dimension in the same iteration node. X,,;;4(?)
is the transition vector value obtained by averaging the
position information of all hawks in the current population,
ri, ra, r3, rq represents four random numbers that do not
interfere with each other, but the value is also between 0
and 1, and the values are changed in each time node as the
iteration updates, ub and Ib respectively represent the upper
and lower critical values of the position variable to prevent
the vector from exceeding the range. For solving the mean
position vector X,,4(2), the corresponding formula is as
follows:

1Nn

Xinia (1) = m;Xi(f) (2)
where X;(¢) is the spatial position of the i-th hawk in the #-
th iteration, Nn represents the total number of Harris
hawks. The simplest mathematical rule is used to accu-
mulate the position vector of each hawk and then remove
the population total to calculate the average position.

2.3 Transition phase

With the change of prey escape energy, the exploration
phase of HHO will be transformed into the later attack
exploitation phase, in this common transitional phase, the
energy of active prey will change significantly and slowly
decrease. The physical energy factor of prey is set as E;,
and its change is expressed by the formula:

£, = 2E (1 - %) 3)
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In the formula, T is the total number of iterations
required for the algorithm to process the problem, Ej is the
state in which the escape energy has not changed at the
beginning, and it will continue to change after the end of
each iteration node, and there is no regular value between
— 1 and 1. Dynamic E; escape energy is the key to select
the Harris hawks’ activity phase, the E; take absolute value,
through the size of the relationship between 1 and imple-
mentation algorithm to distinguish the global pervasive
search and local development process, when |E,|>1 or
higher, Harris hawks tend to exploration phase, and when
|E;| <1 each hawk has entered a phase of exploitation.

2.4 Exploitation phase

After detecting the prey, Harris hawks can carry out the
exploitation phase, and select the appropriate attack strat-
egy by considering two indicators: the safety index of
successful survival of prey avoiding hunting and the
dynamic escape energy of prey. a new random variable
number a is introduced as the risk coefficient of prey
capture before Harris hawks attack, and the range from
[0,1]. Taking 0.5 as the critical value, when o>0.5, it
means that the prey with high risk coefficient is almost
impossible to escape successfully. On the contrary, it
means that the risk coefficient is low, and the prey can
survive successfully at this phase. The absolute value of the
dynamic energy |E,| can be further judged, after through
|E;| and a combination of available attack strategy.

2.4.1 Soft besiege in the exploitation phase

When the value range of the two parameters reaches
«>0.5, |E/|>0.5, This is the phase where the prey has
some energy left and tries to escape but is unable to. The
simulation formula based on soft besiege includes:

X(t+1) = AX(1) — E/|BX (1) — X(1)] (4)
AX (1) = X (1) — X(1) (5)
B=2(1-rs) (6)

where AX(t) is the distance value between the hidden
vector of prey in the #-th iteration node and the vector of
the current hawks circling search, rs is a random number
and the value also between 0 and 1, B represents the energy
consumption intensity of irregular jumping of prey in the
process of escape, the value is between 0 and 2, and the
value of jump strength is constantly changing randomly
with the iteration.
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2.4.2 Hard besiege in the exploitation phase

When the value range of the two parameters reaches
a>0.5, |E;| <0.5, this state on behalf of the escape of the
game itself very low energy cannot support flight activities,
the hawk position update using the Eq. (7) for:

X(1+4 1) = X,p(1) - EJAX()| 7)

2.4.3 Soft besiege with progressive rapid dives

When the value range of the two parameters reaches
x<0.5, |E;| > 0.5, the prey can avoid hunting and survive
successfully. In this case, the algorithm updates the
mechanism of soft besiege more intelligently, and intro-
duces the design idea of levy flight (LF) to simulate the
irregular diving motion of Harris hawks. The correspond-
ing formula is as follows:

Y = Xo(1) — Ei|BX(2) — X(1)] (8)
Z =Y +S x LF(dim) )
LF(x) = 0.01 x 27 (10)

I'(1+p) x sin(%ﬁ) G )

F(%ﬁ) ><,8><2(%])

where dim symbolizes the dimension value of the solution
in the formula, S is also a random position information,
representing the irregular vector of 1 X dim, u and v are
also two random numbers that do not interfere with each
other, and randomly grab values between 0 and 1, f3 is the
default constant algebra as the flight step, fixed to 1.5.
After introducing LF, the updated soft siege strategy
function is as follows

Y if F(Y)<F(X(0)
o= ) St "

2.4.4 Hard besiege with progressive rapid dives

When the value range of the two parameters reaches
a<0.5, |E;| <0.5, it stands for high risk coefficient, and it
is almost impossible for prey to escape successfully, hard
besiege can still be used in this case, only hard besiege
optimization purpose is to choose the narrow down their
average position and the distance of escaping prey. The
rule function executed under hard besiege is as follows.

Y if F(Y)<F(X(1))
xoen={ D S ro) "

Under the new rules, Y and Z need to be optimized and
adjusted. The design of Z remains unchanged, while Y
converts X(#) to X,,4(z) in the design of difference.The
final function is:

Y = X (t) — EBX (1) — Xpuia(1)| (14)
Z =Y+ S x LF(dim) (15)

The flow chart of the final Harris Hawks Optimization
algorithm is shown in Fig. 1. In practice, in each opti-
mization problem, the algorithm decomposes the target
problem according to different phases, and finally obtains
the optimal choice to solve the complex problem:

3 Compound improved Harris hawks
optimization algorithm

The traditional universal HHO algorithm still has some
weaknesses that are difficult to overcome in the design
process. Firstly, the original algorithm is prone to aggre-
gation when solving most high-dimensional problems,
which makes all individuals gather in a narrow space to
restrict the search activity, and it is almost impossible to
get rid of the local area for further development. Secondly,
the multivariate metamorphosis and activities of organisms
in the real nature are not considered when constructing the
HHO model, and the population diversity is often not
considered.

3.1 Escape energy based on environmental
factors

The action stage of the Harris Hawks is distinguished by
the escape energy, and the critical value is 1. Because of
this characteristic of the Harris Hawks algorithm, it is
found that the escape energy E; plays an irreplaceable role
in controlling the early circling exploration and later attack
exploitation. The better the performance of E; value in any
phase, the more conducive to the global search, and the
smaller E, value is, the more conducive to the exploitation.
The E; in the code without any improved HHO algorithm
fluctuates linearly and shrinks regularly. According to the
linear change, it is easy to know that when the number of
iterations is less than g, the algorithm executes the explo-
ration phase, conversely, the algorithm executes the
exploitation phase. The original strategy is unable to
describe the process of hawk strangling prey in biological
nature effectively, and the physiological balance was lost
in the control of early circling exploration and later attack
development. Therefore, this paper proposes a certain
improvement strategy for the critical value of the explo-
ration and exploitation phase of irregular multidimensional
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Fig. 1 Flow chart of the HHO algorithm
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Fig. 2 Dynamic comparison of energy change

adjustment, and realize an effective transition. In this
paper, an escape energy formula combining environmental
factors is proposed, which is defined as:

2
E0><<1+ 1_<e:<T>> ift<es-T
—T \*\ .
E()X 1-— 1—<m> lf‘tZeS’T

(16)

I'e

o= (17)

In the formula, the parameter e, is the environment
factor, which is multiplied with the maximum iteration
number T to distinguish the early circling exploration
phase from later attack exploitation phase. r¢ is a random
number and the value also between 0 and 1, which does not
change during the iteration. It is easy to prove that the
proposed parameter can focus more time on the later attack
exploitation phase, and effectively avoid the algorithm
unable to obtain the true solution in the transition phase.
Figure 2 shows the dynamic comparison diagram of the
proposed nonlinear decreasing energy. It is found that the
nonlinear decreasing energy can maintain a relatively large
value in the early iteration, so as to ensure the data grab-
bing ability of the algorithm in the early global circling
exploration, and the energy can be kept in a small range in
the later iteration, so that the algorithm can balance the
global search and local development strategy, and extend
the time of local exploitation. Implementing a fine search

Escape Energy
o

0 200 400 600 800 1000
t

(b)Nonlinear Escape Energy

helps the advanced algorithm get rid of the local space for
further development.

3.2 Jump strength update based on Versoria
function

The jump strength of the original Harris hawk algorithm
was determined by taking a random value, but in principle,
the prey still needed to ensure a certain jump strength in the
development stage to improve the attack ability of Harris
Hawk, and it was effectively developed in the later itera-
tion. The change of dynamic escape energy will inevitably
lead to the corresponding change of jump strength in the
process of escape. The nonlinear fluctuation and decreasing
of escape energy can be obtained after the introduction of
environmental factors. Therefore, when adjusting the jump
strength, the change should also show a downward trend.
This paper introduces the concept of Versoria function,
Versoria function is also known as Anecy tongue-loop,
which is a kind of plane curve commonly used in mathe-
matics. The standard Versoria function graph is shown in
Fig. 3, and the corresponding mathematical expression is
as follows. When i = 1, it is the standard tongue-loop:

(18)

i3

f(x) = -
() x2 + i

Using the definition of Versoria function, the design
jump intensity update is as follows:
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13 factor is introduced on the basis of Eq. (9) and Eq. (15), as
B= (19) shown in the position update Eq. (20):

2
t 2
(T*n) +1

The change in the formula is shown in Fig. 4d. Com-
pared with the random change of the original jumping
intensity, the improved jumping strength strategy can
effectively describe the escape process of the actual prey.
The jumping strength presents a large value at the early
phase of iteration, which maximize the global multidi-
mensional search ability of the algorithm.

3.3 Levy flight function adjustment factor

Levy flight is a strategy to help the low order algorithm get
rid of the local space for further development, applied in
the later attack exploitation phase of the HHO, affecting
the soft and hard besiege of the Harris hawks with pro-
gressive fast dives. Although Levy flight function
strengthens the randomness of algorithm optimization, it
only plays a role when the individual is stuck in the later
attack exploitation phase. In order to further adjust the
local fine search strategy of the algorithm, the adjustment

0 200 400 600 800 1000
t

(a)Original Jump Strength

Fig. 4 Comparison of jump strength changes
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Z =Y + S x LF(dim)x | cos(t) | (20)

The Levy flight impact factor before and after adjust-
ment can effectively reduce the impact of Levy flight, and
in the later iteration, due to less disturbance, it can effec-
tively get rid of the local optimal solution for further
development. Meanwhile, the traditional HHO algorithm
uses a fixed step value of 1.5. In order to select a more
reasonable search distance and ensure the accuracy and
stability of the advanced algorithm, random white noise
interference is applied to the step size, and the f in the
original Eq. (10) is changed into:

B=1+40.1x*rand() (21)

3.4 Comprehensive review of CIHHO

CIHHO algorithm is mainly divided into three parts. One is
to simulate the nonlinear escape energy in natural envi-
ronment, and update Eq. (16) through algorithm 1. The
second is to improve the strategy of decreasing jump
strength in the development phase. Finally, the cosine
function is used to perturb the search range in the pro-
gressive siege mode. Compared with other improved HHO
algorithms, CIHHO completely refines the process opera-
tion of the algorithm, jumps out of the local optimal
solution to a certain extent, and greatly improves the search
ability of the algorithm. See Algorithm 1 for the pseudo
code of the proposed CIHHO algorithm.

0 200 400 600 80C 1000
t

(b)Improved Jump Strength
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Algorthm 1 Pseudo code of CIHHO algorithm

Inputs:The population size Nn and maximum number of iterations T

Outputs:The location of rabbit and its fitness value

Initialize the random population X; (i=1,2,......

while (stopping condition is is not met) do

Calculate the fitness values of hawks;

Set X,qp as the location of rabbit (best location);

for (each hawk (X;)) do

Update the initial energy Ey = 2rand() — 1,
Update the E; using Eq.(16);Update the B using Eq.(19);

if(|E; = 1]) then

Update the location vector using Eq.(1)

if(|E, < 1]) then

iffa = 0.5 and [E; = 0.5/) then
Update the location vector using Eq.(4);
iffta = 0.5 and |[E; < 0.5/) then
Update the location vector using Eq.(7)
iffla < 0.5 and [E; = 0.5]) then
Update the location vector using Eq.(12); Update Z and the default

constant 8 using Eq.(20) and Eq.(21)

ifla < 0.5 and [E; = 0.5/) then
Update the location vector using Eq.(13); Update Z and the default

constant 8 using Eq.(20) and Eq.(21)
Return X, .

The time complexity of CIHHO algorithm is further
analyzed, and the corresponding steps are as follows.

(1) The initialization of the swarm of hawks requires
O(T x Nn x dim) time.

(2) The fitness evaluation of hawks requires O(T x Nn)
time.

(3) The selection of the state of the prey (the best
solution obtained so far) requires O(T x Nn) time.

(4) The energy update mechanism in CIHHO is based on
environmental factors, and requires O(T x Nr) time.

(5) The jump strength update in the CIHHO is based on
the Versoria function and requires O(T x Nn) time.

(6) The adjustment factor for the Levy flight function in
the CIHHO requires O(T x Nn x dim) time.

The parameters T, Nn and dim are the same as those
defined in Chapter 2, representing the maximum number of

iterations, population size and problem dimension respec-
tively. Since CIHHO does not supplement any additional
process, there is no difference in cost calculation. In
summary, the total computational time for the CIHHO is
O(T x Nn x dim) for T iterations. Hence, by comparing
the complexity of the conventional HHO and the CIHHO,
it can be concluded that complexity-wise both the algo-
rithms are the same.

4 Experiment

In this section, the experimental environment is designed
and combined with 29 benchmark universal functions to
systematically verify the effectiveness of the algorithm
after adding the improved strategy. These utility functions
are summarized from the CEC 2017 inspection suite [59].
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Among them, two practical functions F1 and F3 are
determined to be unimodal, and seven groups of functions
F4 to F10 are determined to be multimodal. Further anal-
ysis shows that the 10 functions F11 to F20 are more
complex mixed functions, and the 10 functions F21 to F30
are the most difficult to further optimize and show weak
differences.

4.1 Performance comparison between CIHHO
and variant HHO algorithm

4.1.1 Comparative effect of CIHHO in 30 dimensions

The CEC 2017 inspection function suite is implanted to
compare the CIHHO with the HHO and other variant HHO
algorithms: HHO_JOS [60], LHHO [43], LMHHO [61]
and NCHHO [62] totally 4 algorithms are selected at the
same time to obtain the results. The experimental param-
eter analysis settings in the code of each advanced algo-
rithm are listed in Table 1. For the fairness of experimental
data, all experiments control the number of evaluations in
the dimension multiplied by 10,000, that is, set the value of
natural population reserve to 100 in order to ensure that the
algorithm will not stagnate due to the lack of population
diversity in the process of operation, and when the problem
dimension is 30, the maximum number of function evalu-
ations is 300,000. All the six algorithms need to run in
order on each practical function for up to 30 times. The
largest individual in the numerical performance obtained
by the operation is regarded as the best (Best) individual.
The result obtained by summing up the location informa-
tion of all individuals and dividing by the population
reserve value is the average value (Aver). The individual
with the largest numerical performance in the population is
regarded as the worst (Worst) individual. Finally, the
standard deviation (Std) is used as the standard for evalu-
ating the improvement of the algorithm, in order to further
analyze the data and judge whether there is any distinction
between the existing improved algorithm and others, the
Wilcoxon test is used to verify the improvement effect of
the CIHHO algorithm. The principle of using the Wilcoxon
test in this section is to compare each algorithm with the
CIHHO, and the minimum value obtained by comparing
each parameter value for each row is labeled as bold
mainly for analysis, and the experimental differences of
Wilcoxon test are directly introduced into the table.
Finally, the average value is used to sort each algorithm. If
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Table 1 Parameter setting of original and variant HHO algorithm

Algorithms Parameters

HHO -

HHO_JOS BFid =1,Jr =0.25

LHHO -

LMHHO MemoryLimit = 10, gBestCollCount = 0
NCHHO a; =4, teta =0.7

CIHHO -

the mean values are equal, the standard deviation is con-
sidered to obtain a clear sequential relationship between the
algorithms.The corresponding results are shown in Table 2.

According to the decimal point results obtained in
Table 2, the corresponding optimal value, relative worst
value, general statistical average as well as discrete stan-
dard mean square deviation of the total 30 runs are used as
evaluation metrics. The best of these results are labeled as
black holds mainly for comparison, while the general sta-
tistical average result of grabbing 30 runs is observed and
the general statistical streamline convergence curve X-Y
of Fig. 5 is plotted. It should be noted that the data in all
tables are the comparison results of subtracting the theo-
retical optimal value of CEC 2017, including the data of all
subsequent experiments, and the convergence curve X-Y is
drawn from the actual results of the actual operation
without subtracting the theoretical optimal value.

Combining Table 2 to analyze the streamline conver-
gence curve of F1-F10 in Fig. 5, it is found that among
functions F1, F3, F5, F6, F7, F8 and F10, CIHHO algo-
rithm has minimum results and fastest iteration process
speed. Particularly in function F3, when other algorithms
are obviously hard to get rid of the local space for further
development in the early and middle period, CIHHO can
still mine more refined solutions. Although the iteration
curve of CIHHO algorithm is not obvious in function F4, it
is found that the results of general statistical average, rel-
ative worst value and discrete standard mean square devi-
ation of CIHHO algorithm are intuitively ahead of the other
five algorithms that have been added combined with the
data in Table 2, obviously, it is possible to reach a con-
sensus conclusion that the convergence results of CIHHO
algorithm in function F4 will be better. In a word, CIHHO
algorithm has better optimization effect on dealing with
30-dimensional simple unimodal function and advanced
multimodal function.
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Table 2 Optimization results of variant HHO algorithms in 30 dimensions

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F1 Best 5.2477TE+06 5.6368E+04 4.8419E4-06 1.0924E+10 1.2738E+10 5.0478E+04
Aver 7.9159E+06 2.2662E+05 8.5305E+06 2.1358E+10 1.9006E+10 7.9231E+04
Worst 1.0504E+-07 5.9948E+05 1.5181E+07 3.1309E+10 2.9474E+10 1.2654E+05
Std 1.2370E4-06 1.3943E4-05 2.1765E4-06 4.4784E4-09 3.9532E+09 1.7952E+04
Contest 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 2 4 6 5 1

F3 Best 1.8450E4-02 3.2973E+03 7.8598E4-02 6.0825E4-04 4.3099E+4-04 4.5750E+00
Aver 7.4245E+02 7.1841E+03 2.5282E+03 7.3007E+4-04 6.0499E+04 7.9778E+00
Worst 1.9124E+-03 1.6213E+04 6.6311E403 8.4330E+04 7.2116E+04 1.6372E+00
Std 4.3434E4-02 2.8244E+03 1.3444E+-03 5.9205E+03 7.6640E4-03 2.5149E+01
Contest 3.0199E—11(+) 3.0199E—-11(+) 3.0199E—-11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

F4 Best 7.1153E4-01 9.7645E4-01 1.0281E+01 2.3852E+403 1.1423E4-03 6.5664E4-01
Aver 1.1184E+02 1.3550E+-02 1.1634E4-02 4.5410E+4-03 2.6258E+03 1.1030E+02
Worst 1.5908E +02 2.2245E+02 1.7640E+02 6.8154E+03 5.3392E+03 1.7983E4-02
Std 2.3442E+01 2.3723E+01 3.0899E+01 1.1777E+-03 1.0549E4-03 2.5149E+01
Contest 3.9565E—-01(=) 3.5292E-07(+) 5.1941E—-02(=) 3.0199E—11(+) 3.0199E—-11(+)
Rank 2 4 3 6 5 1

F5 Best 1.6707E+02 1.3532E4-02 1.2911E4-02 3.0089E+4-02 2.8157E+02 1.2042E+02
Aver 2.2257E+02 2.2696E+02 2.0981E+4-02 3.3533E+02 3.2447E+02 1.8529E+02
Worst 3.0487E+02 3.0047E+02 2.5742E+02 3.9527E+402 3.7892E+02 2.3383E+02
Std 3.4511E+01 3.3581E+01 3.0730E+01 2.2276E+01 2.5760E+4-01 2.9754E+01
Contest 1.1186E—04(+) 6.0112E—08(+) 3.1963E—-03(+) 3.0199E—11(+) 3.0199E—-11(+)
Rank 3 4 2 6 5 1

F6 Best 4.3427E+-01 4.1893E4-01 4.0351E+01 6.4446E+-01 6.1192E4-01 2.3245E+01
Aver 5.6203E4-01 5.9771E4-01 5.6721E401 8.1277E+01 7.4188E4-01 3.2897E+01
Worst 7.1686E+-01 7.0690E+-01 6.8140E4-01 8.8689E+01 8.7277E+01 4.8316E+01
Std 7.0323E+4-00 6.3408E+00 6.2667E4-00 5.5801E+00 6.2525E+00 5.9774E+00
Contest 4.5093E—11(+) 5.4925E—11(+) 4.5086E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

F7 Best 3.2553E+02 3.0477E+02 3.9635E+02 5.6340E+4-02 4.3910E+4-02 2.6037E+02
Aver 5.1464E+02 4.6590E4-02 5.1884E4-02 6.4542E4-02 5.6390E+02 3.5290E+02
Worst 6.3773E+02 5.8723E+02 6.3758E4-02 7.0346E4-02 6.4919E+02 4.5867E+02
Std 7.6635E4-01 7.6753E4-01 6.2860E+01 3.3435E+01 5.5962E4-01 5.2340E4-01
Contest 1.1738E—09(+) 8.1009E—10(+) 1.4691E—10(+) 3.0199E—11(+) 5.4946E—11(+)
Rank 3 2 4 6 5 1

F8 Best 1.1463E+4-02 1.1824E+4-02 1.0988E+-02 1.9033E+4-02 1.9551E+4-02 7.5652E+01
Aver 1.5006E4-02 1.6445E4-02 1.6339E+4-02 2.5129E+4-02 2.2678E+02 1.2664E+02
Worst 1.8780E+02 2.0894E+02 2.2063E4-02 3.1697E+402 2.5851E+02 1.5823E+02
Std 1.8603E4-01 2.1780E+4-01 2.3050E+01 3.0748E+01 1.8711E+01 2.3087E+01
Contest 2.8447TE—-04(+) 4.9832E—11(+) 3.2672E—-07(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

Fo Best 3.6083E+03 3.1852E+03 3.0362E+03 5.0532E+403 3.7188E+03 3.0871E+03
Aver 4.6912E+4-03 4.3233E4-03 5.1335E403 6.4228E+-03 5.5948E+03 4.2618E+03
Worst 5.8218E+03 5.4082E+03 7.4568E+03 8.2782E+03 7.7840E+03 5.0971E+03
Std 5.7513E+02 4.8494E+02 9.1428E+4-02 8.7160E+02 9.7456E+02 5.8268E+02
Contest 5.8375E—-03(+) 1.0468E—04(+) 4.3579E—05(+) 3.3415E—11(+) 7.0947E—08(+)
Rank 3 2 4 6 5 1
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Table 2 (continued)

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F10 Best 3.4045E+03 2.8789E+03 3.4707E+03 4.6933E+4-03 4.9733E4-03 2.5942E+03
Aver 4.4017E4-03 4.1283E4-03 4.7337E403 5.8372E+03 6.4878E+03 3.7515E+03
Worst 5.8354E+03 6.0265E+03 6.2713E403 7.3179E+03 7.5928E+4-03 5.1782E+03
Std 5.8178E+02 5.9785E+02 6.9319E4-02 6.7026E+02 6.9459E+02 5.9891E+02
Contest 1.1784E—04(+) 2.0016E—05(+) 1.8692E—06(+) 4.5047E—11(+) 3.6985E—11(+)
Rank 3 2 4 5 6 1

F11 Best 7.5091E+01 7.7015E+4-01 9.0218E+4-01 2.4273E+403 1.4162E4-03 6.4054E+01
Aver 1.5113E4-02 1.5932E+4-02 1.5395E+02 5.2156E+03 3.2132E+03 1.3319E+02
Worst 2.4348E+02 2.3215E+02 2.7065E+02 7.1403E+03 5.2451E+03 2.1197E+02
Std 5.1136E+4-01 3.9356E+01 4.6395E+01 1.2371E4-03 1.1246E4-03 4.2529E+4-01
Contest 2.3462E—01(=) 1.3662E—07(+) 2.4032E—-01(=) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

F12 Best 1.9298E+4-06 1.8996E+4-06 1.4815E+06 3.8272E+408 2.3438E+08 5.3163E+05
Aver 7.6191E+06 1.2354E+407 1.0984E+07 3.7650E+09 1.3823E4-09 4.2269E+06
Worst 1.8225E4-07 3.6341E+07 3.3953E+07 7.5604E+09 3.5923E+09 1.0212E+07
Std 4.5418E+06 9.5686E-+06 7.8315E4+06 1.5771E+409 8.8271E+08 2.7269E+06
Contest 2.6274E—03(+) 7.0128E—11(=) 3.3743E—-05(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

F13 Best 4.0575E+04 1.5057E+04 6.0594E+-04 1.8068E+407 3.2995E+06 1.7750E4-04
Aver 1.8257E+05 1.1496E+4-05 2.4884E+05 6.1688E+-08 9.5761E+07 9.1057E+04
Worst 4.0098E+-05 4.7555E4-05 5.3094E+05 3.2732E+09 4.9067E+4-08 1.9549E+05
Std 9.2861E+04 9.0951E+04 1.2176E+05 7.6672E+408 1.2921E+4-08 4.4801E+04
Contest 1.7504E—05(+) 9.5211E—04(+) 7.0995E—08(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 2 4 6 5 1

F14 Best 8.7019E+02 8.2718E+02 5.0984E+03 4.3731E+-04 3.9651E+04 6.9481E+02
Aver 3.5982E+04 3.0939E+04 5.3301E4+04 2.3116E4+06 1.3176E4-06 1.7291E+04
Worst 1.2445E4-05 1.6548E+4-05 1.3692E+05 6.6990E+06 5.5447E+06 5.5142E+04
Std 3.7650E+04 3.7917E+04 3.8975E+04 1.5885E+06 1.3846E+4-06 1.1493E+04
Contest 2.1041E—-01(=) 3.0274E—-07(+) 6.7751E—05(+) 3.3478E—11(+) 3.3456E—11(+)
Rank 3 2 4 6 5 1

F15 Best 1.3015E+4-04 7.7048E+03 1.0497E+04 3.7727E+05 4.1022E+4-04 1.0114E+4-04
Aver 4.2643E+04 2.5808E+04 4.0726E+04 1.1968E+4-07 8.3162E+05 3.5146E+04
Worst 1.0078E4-05 9.1436E+04 1.2861E+05 6.7500E+-07 6.1866E+05 9.0423E+04
Std 2.3601E+04 1.9014E+04 2.9654E+04 1.8976E+407 1.3233E4-06 2.2769E+04
Contest 1.4952E—01(=) 1.8635E—03(—) 6.0031E—01(=) 3.0199E—11(+) 8.1596E—11(+)
Rank 4 1 3 6 5 2

Fl16 Best 6.5625E+02 7.745TE+02 5.6397E+02 1.6609E+-03 1.4380E+-03 7.1582E+02
Aver 1.4994E+-03 1.6178E+4-03 1.5466E+03 3.1102E+03 2.4593E+03 1.3112E+03
Worst 2.2645E+03 2.3253E+03 2.3874E403 4.7545E+4-03 3.5272E+03 1.8421E+03
Std 3.4638E+02 3.7606E+02 4.0069E+02 6.9904E+02 5.3435E+02 2.9348E+02
Contest 2.8111E—-02(+) 2.8812E—06(+) 1.1228E—02(+) 4.5014E—11(+) 2.3771E—10(+)
Rank 2 4 3 6 5 1

F17 Best 4.2874E+402 1.0044E+02 3.1530E+02 5.2023E+402 5.0145E+02 1.5755E4-02
Aver 8.2565E+02 7.0711E+02 8.4270E+02 1.1989E+-03 1.0982E+-03 7.1741E4-02
Worst 1.3042E+4-03 1.2432E+4-03 1.5582E+03 1.8050E+-03 1.7477E4-03 1.1558E+03
Std 2.2138E+02 2.6143E+02 3.3186E+02 3.0232E+02 3.4216E+02 2.3221E+02
Contest 1.3047E—01(=) 7.6267TE—03(—) 1.7621E—-01(=) 2.0336E—07(+) 2.7761E—05(+)
Rank 3 1 4 6 5 2
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Table 2 (continued)

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F18 Best 3.7710E+04 3.2611E+04 5.6273E+04 1.4621E+4-06 5.0908E+04 6.7921E+04
Aver 6.4545E+05 3.9972E+05 9.3079E+-05 1.9276E+4-07 8.2600E+06 2.4312E+05
Worst 2.1585E+06 1.4702E4-06 3.0681E+06 7.6436E+07 5.0788E+07 9.8415E+05
Std 5.6420E+05 3.8868E+05 7.5012E4-05 1.3669E+4-07 1.0965E+4-07 1.7797E+05
Contest 4.7139E—04(+) 6.2821E—06(+) 1.8653E—06(+) 3.0199E—11(+) 6.7291E—10(+)
Rank 3 2 4 6 5 1

F19 Best 1.2727E+4-04 1.6886E+-04 1.1871E+04 2.9872E+05 2.2975E+05 2.5093E+03
Aver 1.2563E4-05 3.0154E+05 2.2973E+405 1.5534E4-07 1.9212E4-07 1.5108E+04
Worst 6.3103E+05 6.3763E+05 6.7945E+05 5.9900E+07 8.8473E+07 3.3228E+04
Std 1.2629E4-05 1.6588E+-05 1.7851E+05 1.3669E+4-07 2.3045E+07 7.5817E+03
Contest 2.8773E—10(+) 2.7583E—03(+) 2.3707E—10(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 5 6 1

F20 Best 2.6815E+02 2.7906E+02 3.3746E+02 3.4062E+02 3.6297E+02 2.0077E+02
Aver 6.3403E+02 5.2140E+02 6.9823E+02 8.9095E+02 8.1383E+02 5.4721E+02
Worst 1.0195E+4-03 8.2542E+02 1.0102E+03 1.1844E+-03 1.1055E+4-03 8.7740E+02
Std 2.0243E+02 1.5448E+-02 1.4183E+02 1.9740E+4-02 2.0190E+02 1.8043E+4-02
Contest 8.2456E—02(=) 4.5165E—02(—) 1.2437E—-03(+) 7.0963E—08(+) 9.5135E—06(+)
Rank 3 1 4 6 5 2

F21 Best 3.3947E+02 1.2320E4-02 1.1324E+02 4.6957E+02 4.9374E402 3.1511E+02
Aver 4.2450E4-02 4.0584E+402 4.1328E+402 5.7514E4-02 5.8148E+02 3.7163E+02
Worst 5.4540E+02 5.1900E+02 5.1083E+402 6.9066E+02 6.6123E+02 4.4275E+02
Std 4.9865E+-01 6.8991E+01 7.3297E+01 4.6189E+01 3.9437E+01 3.1936E+01
Contest 4.0864E—05(+) 4.9874E—04(+) 1.6895E—04(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 4 2 3 5 6 1

F22 Best 1.1657E+4-02 1.0330E+4-02 1.1546E+-02 4.2289E+-03 2.2124E+03 1.0212E+02
Aver 3.1280E+03 1.1964E+03 3.7770E+03 6.1971E+403 6.1157E+03 3.4678E+03
Worst 5.7389E+03 5.5127E+03 6.9192E+403 7.5702E+403 7.9539E4-03 5.6174E+03
Std 2.3703E+03 2.0213E+03 2.3754E+03 7.9906E+02 1.2055E4-03 1.9651E+4-03
Contest 4.3825E—01(=) 8.0792E—01(=) 5.9436E—02(=) 1.4115E—09(+) 2.3937E—08(+)
Rank 2 1 4 6 5 3

F23 Best 6.0172E+02 5.5793E+02 5.6908E+02 7.1802E+02 7.6440E+02 5.0991E+02
Aver 7.4242E402 6.9244E+02 7.4175E402 1.1055E4-03 1.0064E+-03 6.4273E+02
Worst 9.5622E+02 8.7695E+02 9.4581E+402 1.3989E+4-03 1.2219E4-03 7.9635E+02
Std 8.6979E+01 8.0467E+01 9.6525E+01 1.6180E+4-02 1.1023E4-02 7.3706E+01
Contest 2.4398E—-05(+) 2.7124E—-02(+) 7.6669E—05(+) 6.7061E—11(+) 4.0829E—11(+)
Rank 4 2 3 6 5 1

F24 Best 7.4322E+02 6.4713E+02 7.1773E4+02 8.6110E+02 9.1819E+02 7.0189E+02
Aver 9.1267E+02 8.3247E+02 9.3052E+02 1.2109E4-03 1.1528E4-03 8.8665E+02
Worst 1.2385E+4-03 1.1556E+4-03 1.1433E+403 1.5393E+4-03 1.3943E4-03 1.1320E+03
Std 1.2103E4-02 1.1771E4-02 1.2394E+402 1.7866E+4-02 1.2987E+4-02 1.0149E+02
Contest 4.9261E—01(=) 3.3921E—-02(—) 1.6281E—01( =) 3.2065E—09(+) 5.9752E—09(+)
Rank 3 1 4 6 5 2

F25 Best 3.8491E+02 3.8561E+02 3.8465E+02 8.3400E+02 6.9072E+02 3.8372E+02
Aver 4.0716E4-02 4.1767E402 4.1928E+402 1.0504E+-03 9.4312E+02 4.0184E+02
Worst 4.3931E+02 4.4330E402 4.5417E+02 1.6138E+4-03 1.2568E+-03 4.4712E402
Std 1.9739E+4-01 1.8617E+01 2.1096E+01 1.5874E+4-02 1.4767E+4-02 2.0345E+01
Contest 2.1032E—01(=) 3.5924E—-05(+) 1.9516E—03(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 3 4 6 5 1
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Table 2 (continued)

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F26 Best 2.5557E+02 2.0926E+02 2.6186E+02 5.0615E+03 3.9451E+03 2.0572E+02
Aver 3.6558E+03 3.0828E+03 3.9399E+03 7.0172E+03 6.5078E+03 3.1353E+03
Worst 5.6677E+03 5.6888E+03 6.0002E+03 8.5324E+03 9.2122E+03 4.6018E+03
Std 1.5582E4-03 2.2118E+03 1.5221E+03 8.4820E+02 9.7904E+02 1.3968E+4-03
Contest 7.9633E—03(+) 4.0324E—03(—) 3.0316E—03(+) 3.0199E—11(+) 6.7074E—11(+)
Rank 3 1 4 6 5 2

F27 Best 5.4571E+02 5.4200E+02 5.4061E+402 6.8976E+02 7.3297E+02 5.2172E+02
Aver 6.2876E+02 6.0525E+02 6.0603E+02 1.2685E+4-03 9.7148E+02 5.6352E+02
Worst 9.0448E+02 7.7493E+02 7.1787E+02 1.9757E+4-03 1.3976E4-03 7.3808E-+02
Std 8.0816E+01 6.0016E401 4.7847E+01 3.0508E+02 1.7905E+4-02 4.0482E+01
Contest 2.4979E—06(+) 2.8417E—-04(+) 2.1357E—04(+) 3.3448E—11(+) 3.3432E—11(+)
Rank 4 2 3 6 5 1

F28 Best 4.0437E402 4.0532E402 4.1548E+402 1.6314E+03 9.2673E+02 3.9238E+02
Aver 4.5529E+402 4.6663E402 4.6896E+02 2.2550E+03 1.6584E+-03 4.2801E+02
Worst 5.8568E+02 5.8505E+02 5.8483E+02 3.0923E+03 2.4629E+03 4.6828E+02
Std 3.7829E+-01 3.0905E+01 3.0354E+01 3.3596E+02 4.0977E+402 2.4197E+01
Contest 4.7179E—04(+) 1.3153E—08(+) 4.4495E—07(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 3 4 6 5 1

F29 Best 9.8416E+02 9.4502E+02 7.7747TE402 2.1281E+03 1.2478E+4-03 6.6893E+02
Aver 1.3638E+03 1.4696E+-03 1.3585E+4-03 3.4213E+403 2.8537E+03 1.1649E+03
Worst 2.3740E+03 2.3494E+03 2.0221E+03 7.9395E+403 4.6008E+4-03 1.5749E+03
Std 2.9185E+02 3.6307E+02 2.8694E+4-02 1.1912E+4-03 7.3781E+02 2.3167E+02
Contest 1.3886E—02(+) 8.1512E—05(+) 1.3826E—02(+) 3.0199E—11(+) 8.9924E—11(+)
Rank 3 4 2 6 5 1

F30 Best 1.6219E4-05 9.4291E+05 4.8406E+05 1.2293E+4-07 6.2463E+06 3.3867E+04
Aver 6.9288E+05 2.4668E+06 1.7511E4-06 2.7505E+4-08 9.6475E+07 1.2051E+05
Worst 1.6342E+4-06 5.7235E+06 3.4978E+06 1.1027E4-09 3.7088E+08 2.9186E+05
Std 3.1613E+05 1.2605E+4-06 7.6163E405 2.6868E+08 9.4759E+07 5.7276E+04
Contest 9.9261E—11(+) 2.3861E—07(+) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

+/=/— 20/9/0 22/2/5 23/6/0 29/0/0 29/0/0

Total rank 2.7241 2.6207 3.4137 5.8966 5.1034 1.2414

Secondly, by analyzing the convergence curve of func-
tions F11-F20, it is found that cihho algorithm has the
smallest convergence result and the fastest iteration speed
in functions F11, F12, F14, F16, F18, F19 and F20.
Although the iteration curves of CIHHO algorithm in
functions F13, F15 and F17 are not obvious, some of them
are slightly inferior to HHO_JOS algorithm, but its con-
vergence results also show an intuitive advantage over
other algorithms, which further shows that CIHHO algo-
rithm has a stronger ability to get rid of local space for
further development. The convergence speed is faster. In a
word, experiments show that the CIHHO algorithm has
high advantages in dealing with 30 dimensional mixed
functions.

Finally, the convergence curve of function F21-F30 in
Fig. 5 is analyzed in combination with Table 2. The results
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show that the iteration speed and results of CIHHO con-
vergence curve show intuitive advantages in functions F21,
F22, F23, F26, F27 and F30. Although the iterative graph
curves of functions F25, f28 and F29 are not obvious,
combined with the results in Table 2, it is found that
CIHHO algorithm is superior to other algorithms. Although
the convergence curve of F24 function is slightly lower
than HHO_JOS algorithms, but it is found that the final
effect of CIHHO algorithm is still intuitively superior to
other algorithms.

Combined with Wlicoxon and ranking results, the
improved CIHHO algorithm can beat each variant algo-
rithm more than 20 times, and the total ranking value is
1.2414, which is the leading among the six algorithms,
which proves that the improved CIHHO algorithm has
greater advantages than other variant algorithms. To sum
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Fig. 5 continued

up, CIHHO has a certain optimization effect on solving
CEC 2017 test function set.

4.1.2 Comparative effect of CIHHO in 50 dimensions
This section uses the CEC 2017 inspection function suite to
compare the results of the variant Harris Hawks opti-

mization algorithm on the 50 dimensional problem, and the
maximum number of function evaluation is 500,000 times,
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and the final decimal point results are obtained in Table 3
after running.

According to the decimal point results obtained in
Table 3, the corresponding optimal value, relative worst
value, general statistical average as well as discrete stan-
dard mean square deviation of the total 30 runs are used as
evaluation metrics. The general statistical streamline con-
vergence curve X—Y of Fig. 6 is plotted.
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Table 3 Optimization results of variant HHO algorithms in 50 dimensions

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F1 Best 2.3282E+07 6.9046E +04 2.2037E+07 2.2130E+10 2.5628E+10 1.7622E4-05
Aver 3.3484E+07 2.7658E+05 3.8771E+07 3.4430E+10 3.7615E+10 4.1400E4-05
Worst 4.4680E4-07 6.5131E+05 5.4668E+07 4.4779E4+10 4.6098E+10 2.1729E+06
Std 4.6342E4-06 1.5572E+05 7.8922E4-06 6.1422E4-09 4.7139E4-09 3.4215E+05
Contest 3.0199E—11(+) 1.9566E—03(—) 3.0199E—11(+) 3.0199E—-11(+) 3.0199E—11(+)
Rank 3 1 4 5 6 2

F3 Best 8.7215E+02 5.6113E+03 3.1426E+03 1.6626E+-05 1.1010E+4-05 6.6684E+01
Aver 2.1690E+03 1.1739E4-04 7.4781E+03 1.9032E+4-05 1.4781E4-05 1.4877E+02
Worst 5.4740E+03 3.0399E+04 1.4826E+04 2.3107E4-05 1.6595E+-05 2.9860E+02
Std 9.7835E4-02 5.3116E+03 2.8603E+03 1.5598E4-04 1.4852E+04 5.3813E+01
Contest 3.0199E—11(+) 3.0199E—11(+) 3.0199E—-11(+) 3.0199E—-11(+) 3.0199E—-11(+)
Rank 2 4 3 6 5 1

F4 Best 1.1894E4-02 1.3875E4-02 1.4066E4-02 3.2577E+03 3.5952E+03 4.0240E+01
Aver 2.2174E+02 2.2644E+02 2.2969E+02 7.6096E+-03 6.7115E4-03 1.7532E+02
Worst 3.1436E+02 3.5229E+02 3.5199E+402 1.3038E+4-04 1.1743E4-04 2.7760E+02
Std 5.1604E+-01 5.0002E+-01 4.8914E+01 2.0329E+-03 1.6841E4-03 5.3543E+01
Contest 1.7673E—03(+) 5.2673E—04(+) 5.5696E—04(+) 3.0199E—11(+) 3.0199E—-11(+)
Rank 2 3 4 6 5 1

F5 Best 2.8278E+02 2.8555E+02 3.0262E+4-02 4.5905E4-02 3.9638E+02 2.3097E+02
Aver 3.6212E+02 3.5394E+02 3.7253E402 5.1438E4-02 4.7128E4-02 3.1797E+02
Worst 4.1593E+-02 4.2186E+4-02 4.1904E+4-02 5.7403E+4-02 5.7320E+4-02 3.7223E+02
Std 2.9614E+01 2.9255E+01 2.4247E4-01 3.7673E+01 4.6255E+01 3.1495E+01
Contest 2.1584E—-06(+) 8.1543E—05(+) 1.8594E—08(+) 3.0199E—11(+) 3.0199E—-11(+)
Rank 3 2 4 6 5 1

F6 Best 5.5959E+01 5.4124E4-01 6.0314E4-01 8.5552E+01 7.0073E4-01 3.1607E+01
Aver 6.5551E4-01 6.5872E4-01 6.9092E4-01 9.0931E401 8.1884E4-01 4.2041E+01
Worst 7.3425E4-01 7.4639E4-01 7.8866E+-01 9.5394E+4-01 9.3509E+-01 5.0001E+01
Std 4.5651E+4-00 4.4787E4-00 5.2853E4-00 2.9131E+00 6.6695E+4-00 4.6131E4-00
Contest 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—-11(+) 3.0199E—-11(+)
Rank 2 3 4 6 5 1

F7 Best 8.7391E+02 6.6092E+02 8.7030E+02 1.1240E+-03 9.5577E+402 4.6760E+02
Aver 1.0320E+-03 9.4761E+02 1.0343E4-03 1.2111E+03 1.0883E4-03 7.1490E+02
Worst 1.1470E+-03 1.1141E4-03 1.1494E4-03 1.2887E+03 1.1803E4-03 8.6372E+02
Std 7.6434E4-01 1.1204E+-02 7.6046E4-01 4.0684E+01 5.4297E4-01 9.3662E+-01
Contest 3.0199E—11(+) 2.2336E—09(+) 3.0199E—11(+) 3.0199E—-11(+) 3.0199E—-11(+)
Rank 3 2 4 6 5 1

F8 Best 2.9545E+02 2.7462E+02 2.5858E402 4.6114E+02 4.3855E4-02 2.5782E+02
Aver 3.5732E+02 3.4830E+02 3.5174E+402 5.5479E4-02 5.0715E4-02 3.2121E+02
Worst 4.4133E4-02 4.3382E4-02 4.3829E4-02 6.4371E4-02 6.2348E4-02 3.8528E+02
Std 3.2056E4-01 3.9340E4-01 4.0283E4-01 4.5348E+4-01 5.1012E4-01 3.0534E+01
Contest 6.3671E—05(+) 5.3283E—-03(+) 2.2461E—03(+) 3.0199E—-11(+) 3.0199E—-11(+)
Rank 4 2 3 6 5 1

Fo Best 1.2111E4-04 1.0689E+-04 1.1672E4-04 1.4819E4-04 1.2861E4-04 1.0260E+04
Aver 1.5079E+-04 1.2415E+04 1.4829E+04 2.1607E+4-04 1.8301E+4-04 1.2433E4-04
Worst 1.9144E+4-04 1.3781E+04 1.7830E+-04 2.8238E+04 2.3370E+04 1.4175E4-04
Std 1.6917E4-03 8.6166E+02 1.6120E+4-03 3.6053E+03 2.8158E+03 1.0316E4-03
Contest 4.5747E—09(+) 8.7796E—01(—) 1.7323E—07(+) 3.0199E—-11(+) 5.0733E—10(+)
Rank 4 1 3 6 5 2
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Table 3 (continued)

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F10 Best 6.5831E+03 5.5046E+03 6.1511E+03 8.9257E+03 1.0238E+4-04 4.7031E+03
Aver 7.7019E4-03 7.1386E+03 7.8002E+03 1.1116E404 1.1587E+4-04 6.3829E+03
Worst 9.6343E+4-03 8.6098E+03 9.3643E+03 1.3341E4-04 1.3790E+4-04 8.3708E+03
Std 7.5761E4-02 7.9768E+402 8.0900E+02 9.2724E+402 9.2019E4-02 9.5975E+02
Contest 6.2843E—06(+) 2.3814E—03(+) 1.1105E—06(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 2 4 5 6 1

F11 Best 1.8671E+4-02 1.9841E4-02 1.7894E+-02 4.1362E+4-03 2.6431E4-03 1.4666E+02
Aver 3.2305E+02 3.2044E+02 3.3941E+02 8.5833E+03 4.7576E+4-03 2.4250E+02
Worst 4.9598E+-02 4.3981E+4-02 5.1268E+02 1.4651E+404 8.4941E+03 3.4661E+02
Std 7.5329E+4-01 6.1048E+-01 8.4472E+01 2.9208E+03 1.2893E+4-03 5.2598E+01
Contest 4.9454E—05(+) 2.0067E—05(+) 2.6032E—05(+) 3.0199E—11(+4) 3.0199E—11(+4)
Rank 3 2 4 6 5 1

F12 Best 1.5433E4-07 2.1446E+07 2.3039E+07 4.3095E+09 4.9174E409 2.2733E+06
Aver 5.0358E+07 6.3750E+07 6.3698E+07 1.5627E+10 9.2987E+409 1.6624E+07
Worst 1.2782E+-09 1.2934E4-08 1.9723E+4-08 3.5507E+10 1.4651E+10 3.1502E+07
Std 2.7533E+07 2.8403E+07 3.6611E+07 7.0663E+409 9.2947E+-09 6.9107E+06
Contest 1.2902E—09(+) 1.2121E—10(+) 6.7013E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

F13 Best 4.7327E4-05 3.0394E+04 7.1944E+05 1.2516E409 1.5786E4-08 4.7526E+4-04
Aver 9.9008E+-05 1.3094E+05 1.6363E4-06 5.3211E409 9.6829E+-08 1.5544E4-05
Worst 1.8012E+4-06 3.2933E+05 6.2861E+06 1.1434E+10 4.1911E409 3.2214E+05
Std 3.4054E+05 6.8537E+04 9.9980E+05 2.9751E4+09 8.3156E+09 7.2760E+04
Contest 3.0199E—11(+) 2.4021E-01(=) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 1 4 6 5 2

F14 Best 9.1887E+404 3.9114E+04 6.0139E+04 3.6838E+05 5.5283E+05 5.2428E+03
Aver 3.1795E+05 2.6954E+05 2.8412E+05 2.4769E4-07 6.1111E406 1.0270E+05
Worst 9.6431E4-05 8.5225E+05 9.5694E+05 1.2767E408 1.6500E+4-07 3.7972E+05
Std 2.2616E+05 1.9311E4-05 1.8654E+05 2.7083E+-07 4.6472E406 8.8700E+04
Contest 1.4769E—07(+) 1.2508E—05(+) 8.2022E—07(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 4 2 3 6 5 1

F15 Best 3.4580E+04 8.3966E+03 9.2824E+04 8.1484E+07 1.1862E+4-07 1.4206E+4-04
Aver 1.8655E4-05 4.5428E+04 2.2153E+405 5.0878E+-08 9.2167E4-07 5.7865E+04
Worst 4.1318E4-05 9.9196E+04 5.1347E405 1.7130E4-09 4.7353E4-08 1.4036E4-05
Std 1.0171E4-05 2.4089E+04 1.1618E+4-05 4.7967E+08 1.1290E+4-08 3.3501E+04
Contest 3.3555E—-08(+) 2.2888E—01( =) 3.1693E—10(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 1 4 6 5 2

F16 Best 1.1510E+4-03 1.4913E4-03 1.5444E+4-03 3.2582E+03 3.0985E+4-03 1.1085E+03
Aver 2.5693E+03 2.4334E+03 2.4507E+03 4.8948E+-03 4.6021E4-03 2.1919E+03
Worst 3.9862E+03 3.3606E+03 3.3797E+03 7.5862E+03 7.5147E4-03 2.9250E+03
Std 5.4242E+02 4.6812E+02 4.1415E+02 1.0123E+403 1.0631E+4-03 5.3112E+02
Contest 1.7183E—02(+) 1.4971E-01(=) 6.1538E—02( =) 3.0199E—11(+4) 3.0199E—11(+)
Rank 4 2 3 6 5 1

F17 Best 1.0908E+-03 8.3141E+02 8.6964E+02 1.8436E+-03 1.7513E4-03 8.7284E+02
Aver 1.9197E+4-03 1.9501E+4-03 1.9374E+4-03 2.6637E+403 2.8123E+4-03 1.7368E+03
Worst 2.5019E+03 2.5154E+03 2.8785E+03 4.1716E+4-03 3.8602E+-03 2.4895E+03
Std 3.8545E+02 3.7276E+02 4.5584E+02 5.5610E402 4.4939E+4-02 4.0074E+4-02
Contest 7.7239E—02(=) 2.8141E—-02(+) 7.9876E—02( =) 1.5694E—08(+) 5.5711E—10(+)
Rank 2 4 3 5 6 1
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Table 3 (continued)

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F18 Best 1.9010E+05 2.2890E+05 3.8596E+05 8.4319E+06 1.1092E+4-06 2.1268E+05
Aver 1.8872E+4-06 1.9978E+4-06 2.8393E+406 5.6880E+-07 1.9854E+4-07 7.4861E+05
Worst 4.9257E406 5.3827E+06 7.3413E406 1.8260E+08 5.5706E+4-07 1.8305E+06
Std 1.1069E+4-06 1.3602E+4-06 1.7983E+4-06 3.9364E+07 1.3273E4-07 4.0001E+05
Contest 5.0924E—06(+) 2.6003E—05(+) 1.8544E—08(+) 3.0199E—11(+) 4.5088E—11(+)
Rank 2 3 4 6 5 1

F19 Best 4.0060E+04 2.4561E+04 7.9811E+04 7.2689E+06 4.3858E+06 1.1295E+04
Aver 3.6230E+05 3.1017E+05 4.9477E405 4.6338E+07 3.4615E+07 4.8796E+04
Worst 1.1527E4-06 1.3710E4-06 1.8601E+4-06 1.8028E+08 1.6879E+-08 1.3078E+05
Std 2.7273E+05 2.9768E+05 4.1533E4-05 5.1009E+-07 3.6709E+07 2.6438E+04
Contest 1.5532E—09(+) 6.5382E—08(+) 6.7039E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 2 4 6 5 1

F20 Best 7.1757TE402 8.7847E+02 5.7303E+402 1.2408E+-03 1.1285E+4-03 5.8525E+02
Aver 1.3726E+03 1.3154E4-03 1.4405E+4-03 1.7275E+403 1.6491E+4-03 1.1731E+03
Worst 2.0398E+03 1.8926E+03 1.9401E+-03 2.1361E+03 2.1213E+03 2.0256E+03
Std 3.0825E+02 2.6409E+02 3.2841E+02 2.1408E+-02 2.9402E+02 3.5215E+02
Contest 2.5159E—-02(+) 7.4857TE—-02( =) 3.5092E—03(+) 6.0150E—08(+) 6.2819E—06(+)
Rank 3 2 4 6 5 1

F21 Best 4.9019E+02 5.0218E+02 5.4431E+402 8.0458E+02 7.9146E4-02 4.9281E+402
Aver 6.8140E+02 6.5722E+02 6.7956E+02 9.5551E+4-02 9.5539E+4-02 6.0195E+02
Worst 8.8419E+02 8.3555E+02 7.9751E+402 1.1045E+4-03 1.1273E4-03 7.3902E+02
Std 8.2521E+01 7.5172E+01 6.0790E+01 7.7552E+01 8.9604E+01 6.4228E+01
Contest 1.1714E—04(+) 3.5063E—03(+) 3.8395E—05(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 4 2 3 6 5 1

F22 Best 6.5591E+03 6.7373E+03 5.9230E+03 9.5026E+-03 1.0100E+4-04 5.5335E+03
Aver 8.3148E+03 8.5435E+03 8.5719E+03 1.1854E+4-04 1.2459E+4-04 7.3015E+03
Worst 9.6607E+4-03 1.0427E+404 1.0951E+4-04 1.3413E4-04 1.4358E+4-04 9.0012E+03
Std 9.1372E+402 1.0253E4-03 9.7956E+02 9.1196E+-02 8.5426E+02 7.9750E4-02
Contest 1.0454E—04(+) 2.2863E—05(+) 1.7327E—06(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 3 4 5 [§ 1

F23 Best 9.8716E+4-02 9.2538E+02 1.0570E+-03 1.6865E+03 1.4267E+-03 8.7557E+02
Aver 1.2598E+-03 1.1801E+4-03 1.2679E+4-03 1.9265E+03 1.8728E+-03 1.0746E+03
Worst 1.5982E+-03 1.4286E+-03 1.5152E4-03 2.2652E+403 2.2014E+03 1.3143E+03
Std 1.6110E4-02 1.1750E+4-02 1.1245E4-02 1.9367E+402 1.8958E+-02 9.1651E+01
Contest 2.0073E—05(+) 5.2636E—04(+) 2.0231E—08(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 2 4 6 5 1

F24 Best 1.3126E+4-03 1.1606E+03 1.2094E+4-03 1.6510E+03 1.4918E+-03 1.2888E+-03
Aver 1.7082E+-03 1.4535E+03 1.6388E+4-03 2.0784E+-03 1.9119E+4-03 1.6531E4-03
Worst 2.3092E+03 1.9621E4-03 2.2846E+03 2.6525E+403 2.1938E+4-03 2.1905E+03
Std 2.1899E+02 2.2477E+02 2.6680E+02 2.3447E402 1.6547E+4-02 1.8415E+02
Contest 2.7756E—01(=) 4.9843E—04(—) 6.52E—01(=) 6.5292E—09(+) 1.1982E—06(+)
Rank 4 1 2 6 5 3

F25 Best 5.8229E+02 5.2300E+02 5.2081E+02 2.5394E+4-03 2.9716E+03 5.3305E+02
Aver 6.3167E+02 6.3364E+02 6.2784E+02 4.1313E+403 4.2459E4-03 5.8937E+02
Worst 7.0091E+4-02 7.1243E+02 7.2445E+02 5.9739E+03 5.8028E+-03 6.2250E+02
Std 3.2022E+-01 4.2697E4-01 4.3767E401 8.5512E+02 7.6561E402 2.3184E+01
Contest 5.4692E—06(+) 2.1343E—-05(+) 7.2076E—05(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 4 2 5 6 1
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Table 3 (continued)

F Index HHO HHO_JOS LHHO LMHHO NCHHO CIHHO

F26 Best 3.3359E+02 3.5588E+02 3.3626E+02 7.6851E4-04 9.5847E4-03 3.0210E+02
Aver 6.5702E+03 6.1471E+03 7.0162E+03 1.0794E+4-04 1.1728E4-04 5.1765E+03
Worst 8.9520E+4-03 9.2943E+-03 9.2413E+03 1.2959E+04 1.3900E+-04 8.6711E+03
Std 3.0097E+03 3.0154E4-03 2.6559E+03 1.0956E+03 1.1704E+4-03 3.3815E+03
Contest 5.3275E—-03(+) 6.7997E—02(=) 2.0513E—-03(+) 8.9903E—11(+) 3.0199E—11(+)
Rank 3 2 4 5 6 1

F27 Best 8.8635E+02 7.8684E+02 8.5653E+02 2.0877E+03 1.3874E+-03 7.0372E4-02
Aver 1.2229E4-03 1.1828E4-03 1.2767E4-03 3.4442E4-03 2.0893E4-03 9.8203E+02
Worst 1.7611E4-03 1.8865E4-03 2.6405E+03 4.7926E4-03 3.4450E4-03 1.3553E+03
Std 2.2019E+02 2.5283E+02 3.5813E+02 7.8001E4-02 4.9561E4-02 1.7690E+02
Contest 5.2729E—-05(+) 1.0628E—03(+) 6.7780E—05(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 3 2 4 6 5 1

F28 Best 5.0516E+02 4.7266E+-02 4.7931E+02 2.5783E+03 3.3472E4-03 4.7224E+02
Aver 5.5409E+02 5.7728E+02 5.7160E+02 4.4163E+403 4.1624E+03 5.3300E+02
Worst 6.3760E+02 6.4325E+02 6.9220E+-02 6.2597E+4-03 5.5877E+03 6.7831E+02
Std 2.6711E+01 3.6866E4-01 5.0192E4-01 7.1170E4-02 5.9712E4-02 4.0783E4-01
Contest 2.5047E—03(+) 8.2918E—06(+) 4.7171E—04(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

F29 Best 1.6972E+4-03 1.4998E+-03 1.7171E4-03 4.8714E+03 3.9830E+-03 8.9484E +02
Aver 2.2777E+03 2.2615E+03 2.5144E4-03 9.2845E+-03 7.2207E+4-03 1.7342E+03
Worst 3.1707E+03 3.1409E+03 3.3466E+03 1.6667E+04 1.1737E4-04 2.3377E+03
Std 3.9255E+-02 3.5846E+02 3.6944E+-02 3.2994E+03 1.9312E+4-03 3.8750E+02
Contest 7.7423E—06(+) 1.0927E—05(+) 4.1816E—09(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 3 4 6 5 1

F30 Best 8.2580E+06 1.1724E4-07 9.3957E+06 2.6150E4-08 1.2647E4-08 1.3674E+06
Aver 1.1881E4-07 1.9626E4-07 1.6461E4-07 7.3355E4-08 3.6058E+08 2.1315E+06
Worst 1.8346E+4-07 2.9459E+07 2.9280E+07 1.6603E+09 8.6333E+08 3.3834E+06
Std 2.6850E+06 4.1655E+4-06 4.1463E+06 3.6505E+08 1.7532E4-08 5.2737E+05
Contest 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+) 3.0199E—11(+)
Rank 2 4 3 6 5 1

+/=/— 27/2/0 21/5/3 26/3/0 29/0/0 29/0/0

Total rank 2.8620 2.4138 3.5172 5.7931 5.2069 1.2069

By analyzing the iteration graph curve of functions F1-
F10 in Fig. 6 in combination with Table 3, it is found that
among functions F3, F4, F5, F6, F7, F8 and F10, CIHHO
algorithm has the smallest results of optimal value and
average value and the fastest convergence speed. Although
the CIHHO algorithm is slightly inferior to HHO_JOS in
functions F1 and F9 algorithm, but also more quantitative
than most algorithms. In a word, CIHHO algorithm also
has good ability to remove local space when dealing with
50 dimensional simple unimodal functions and advanced
multimodal functions.

@ Springer

Secondly, the iteration diagram curve of functions F11-
F20 in Fig. 6 is analyzed in combination with Table 3. The
results show that among the functions F11, F12, F14 and
F19, CIHHO algorithm has the best dynamic iteration
statistical results and the fastest convergence speed, and the
final optimization results of functions F16, F17 and F18
also show an intuitive leading edge. It is proved that the
CIHHO algorithm has high order stability in solving 50
dimensional mixed functions.

Finally, Table 3 is used for analysis. Firstly, according to
the iteration graph, it is is possible to reach a consensus
conclusion that the iteration process speed and results of



Cluster Computing (2024) 27:9509-9568

9533

F1 Convergence Iteration

10" ~—CIHHO |
4 —#—LHHO o]
~HHO
10 L == LMHHO
1o ~&—NCHHO
—e—HHO
2
2 0%
E
[}
g e
g 10
<
107 S
108 ¢
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t
oo e G F4 Convergence Iteration
105004 T T : T . T r T
=~ CIHHO
—#—LHHO
P HHO
—#— LMHHO
~&—NCHHO
—e—HHO
g
Z 10
[0}
j=J
©
o
3
<
10°

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t

F6 Convergence Iteration

=k~ CIHHO | ]
—#— LHHO
~P—HHO 1
—#— LMHHO
~6— NCHHO
—o—HHO ¢ | |
@
?
[0
£ 700
w
S 690 [
©
o
Z 680
670
660 -
650 [
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
it
F8 Convergence lIteration
1900 —#e— CIHHO
—#— LHHO
1800 ~p—HHO | ]
== LMHHO
1700 [ ~6—NCHHO |
—e—HHO
% 16004 ]
o
£
i ]
5 1500
o
o
2 1400
<
1300
1200
) ) ’ - e R

TP RR
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t

Fig. 6 Comparison of F1-F30 convergence curves in 50 dimensions

Average Fitness

Average Fitness

Average Fitness

F3 Convergence Iteration

106

10t

. T
=~ CIHHO
~—#—LHHO
~P—HHO
—#— LMHHO
~&— NCHHO
—o—HHO

e

500 1000 1500 2000 2500 3000 3500 4000 4500"5’600
t

F5 Convergence Iteration

v .
~s— CIHHO

—#—LHHO | |
~HHO
—4—LMHHO | ]
~&—NCHHO
—e—HHO o | |
1100
1000
900
e aeeeire
gtk
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t
2 F7 Convergence lteration
S =k~ CIHHO
5000 —#—LHHO |1
~P—HHO 1
4500 == LMHHO
4000 =6 NCHHO | |
—e—HHO
3500 [ 1
3000 [ 1
2500 1
2000 a|
1500- 1 L 1 1 I L W » el
Ptk
500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t
F9 Convergence Iteration
——CIHHO | |
~—#—LHHO
=~ HHO 1
== LMHHO
—&— NCHHO
—e—HHO, ¢ | |
2
13
£
i
fo)
j=
o
2
<

b A

500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t

@ Springer



9534 Cluster Computing (2024) 27:9509-9568

wx10* F10 Convergence lteration i F11  Convergence lteration
17y k= CIHHO k= CIHHO
16 —#—LHHO |7 == LHHO
15 ~P=HHO | ] 10°%1 g ~p—HHO |
: == LMHHO i == LMHHO
14} ~&—NCHHO | ] ~&—NCHHO
iialt —o—HHO o | | | —o—HHO ¢
g 121 i
@ [}
g11r &
2 2
< | <
09
08 5
1 L 1 1 I L 1 o = ~
ek
500 1000 1500 2000 2500 3000 3500 4000 4500 5000 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t t
i ia F12 Convergence lteration 2 F13 Convergence lteration
g - - - . T T T T T 5
~e— CIHHO == CIHHO
—#— LHHO % —#— LHHO
~P—HHO 10 —»—HHO |7
—+—LMHHO | ] —+—LMHHO [¥]
1010k 69— NCHHO N —&—NCHHO
4 —o—HHO_,os 10°F 6 —o—HHOJos
¢ g
(=4 [ 4
= =
w w
-3 o 1%}
g 10°F 3 g
o o
> >
< <
10" f
10°F k|
108 F
500 1000 1500 2000 2500 3000 3500 4000 4500 5000 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t t
_ i . F.M (‘:onvergence I‘teratiop i i o F‘15 Clonverglence I‘teratiop i i
~Je— CIHHO 1010 ~Je—CIHHO |
i i
—4—LMHHO ——LMHHO
~&—NCHHO 10° ~&—NCHHO
—e—HHO, ¢ ., —o—HHO o ¥
Z10°F i
[) ()
o (=3
© ©
2 g 10’
< <
10°F
10°
10°
\ \ . . \ . s ek . \ . . ) e
500 1000 1500 2000 2500 3000 3500 4000 4500 5000 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t t
. F16 Convergence lteration F17 Convergence lteration
13000 ~k—CIHHO | ] g ~e— CIHHO
12000 —#—LHHO |7 =~ LHHO
11000 ~P—HHO ] ~—HHO
== LMHHO == LMHHO
10000 ~6—NCHHO | ] ~—NCHHO
4 9000 —8—HHO, ¢ | ] . —e—HHO
10°
2 8000 £
ic iy
& 7000 S A
o o
2 2
< 6000 <
5000 104
4000 Y S S S S W Y S Y — - = a
gk
500 1000 1500 2000 2500 3000 3500 4000 4500 5000 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
t t

Fig. 6 continued

@ Springer



Cluster Computing (2024) 27:9509-9568

9535
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Fig. 6 continued

CIHHO iteration graph curve in functions F21, F22, F23,
F26, F27 and F30 are ahead of those algorithms. In F21, F23,
F25, and F27, except for the corresponding optimal value
shows slightly weak disadvantage of backwardness of the
individual algorithms, and the other general statistical
average, relative worst value as well as discrete standard
mean square deviation are intuitive leading the other algo-
rithms. In F22 and F26, the effect of the corresponding
optimal value, relative worst value, general statistical aver-
age are the best except the discrete standard mean square
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deviation is slightly behind the individual algorithms. In
conclusion, the optimization effect of CIHHO in solving
50-dimensional composite functions is further enhanced.
Combined with the Wilcoxon test, it is found that CIHHO
algorithm has obvious advantages compared with the selected
five algorithms. In the 50-dimensional evolutionary problem,
HHO_JOS is used as a competitive algorithm. The number of
times CIHHO beats HHO_JOS algorithm is relatively small,
but it also reached 21 times, and the total ranking value is
1.2069, which proves the advantages of the research and
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stability of the CIHHO algorithm. In general, CIHHO has
strong competitiveness in the comparison of seven algorithms.

4.2 Performance comparison between CIHHO
and the improved algorithm

To further test the performance of the algorithm, while
using the CEC 2017 detection function suite, CIHHO is
compared with the ATOA [63], DAOA [64], DEWOA
[65], ISSA [11], MELGWO [66], LSHADE_ SPACMA
[67], LSHADE_cnEpSin [68] totally seven algorithms for
calculation.Because the operation of Chapter 4.2 is similar
to that of Chapter 4.1 and two more algorithms are added
than Chapter 4.1, the amount of calculation is too large
and there are too many statistical data, so all the corre-
sponding chart results are placed in the Appendix 1 for
viewing.

4.2.1 Comparison of CIHHO and improved algorithm in 30
dimensions

This section uses the CEC 2017 inspection function suite to
compare the results of the improved optimization algorithm
on the 30 dimensional problem, and the final decimal point
result is obtained after running. The parameter values of
each algorithm are summarized in Table 7, and the results
obtained after running are shown in Table 8, all the
tables are add into the Appendix 1.

Combining with the decimal point results in Table 8§,
the general statistical streamline convergence curve X-Y
in Fig. 10 in the Appendix 1 is drawn. Because LSHA-
DE_SPACMA and LSHADE_cnEpSin are the state of the
art (SOTA) algorithms, which means that they are the top
algorithms in the CEC test set and have very strong
optimization performance, also the number of iterations
used are different, so they are not added to the draw-
ing.According to the experimental results, it is not diffi-
cult to find that the performance of most of the selected
algorithms after adding two kinds of SOTA algorithms is
worse than them, but CIHHO can still get the optimal
value with the smallest value in functions F25 and F26.
Combined with Wlicoxon test and ranking results,
CIHHO can beat ATOA, DAOA, DEWAO, ISSA more
than 25 times, which proves the effectiveness of the
proposed CIHHO algorithm. CIHHO and MELGWO
compete with each other, but CIHHO can still beat
MELGWO algorithm 13 times, and the ranking value
difference between them is only 0.1379, which proves
that CIHHO algorithm can always maintain certain
excellence in solving CEC 2017 function problems.

4.2.2 Comparison of CIHHO and improved algorithm in 50
dimensions

Finally, the algorithm is applied to compare the results of
the eight optimization algorithms on the 50 dimensional
problem, and the final decimal point results are obtained
after running. The results of each algorithm are shown in
Table 9 of the Appendix 1, and the iteration diagram is
shown in Fig. 11. Combined with the data results in
Table 9, the algorithm can still achieve high optimization
performance on the 50 dimensional problem. Although the
ranking result is slightly inferior to the LSHADE_-
SPACMA and LSHADE_cnEpSin algorithms, it is still
superior to other algorithms, and the minimum ranking
value is 3.5517. As shown in Fig. 10 and Fig. 11, CIHHO
algorithm can obtain consistent convergence effect when
solving functions F1, F3, F12, F14, F28, F29 and F30.
When most algorithms are difficult to search the optimal
solution at the end of the iteration, CIHHO can jump out of
the local optimum and further update the iteration to find
the optimal value, which proves that the optimization
property of the algorithm will not change with the increase
of the dimension of the iteration problem.

4.3 Ablation experiment

Finally, in order to prove that each improved strategy
added into the original HHO is effective as well as influ-
ential, this paper designs ablation experiments related to
the CIHHO algorithm. In the preparation for further
improvement of the experimental operation, the CIHHO
algorithm combined with the escape energy strategy based
on environmental factors is set as CIHHO-I, the CIHHO
algorithm combined with the jump strength strategy based
on the Versoria function is set as CIHHO-II, and the
CIHHO algorithm combined with the adjustment factor
strategy of Levy flight function is set as CIHHO-III. Fur-
thermore, the algorithm that merged CIHHO-I and
CIHHO-II was defined as CIHHO-1V, the algorithm that
merged CIHHO-I and CIHHO-III was defined as CIHHO-
V, and the algorithm that merged CIHHO-II and CIHHO-
IIT was defined as CIHHO-VI. Since the original HHO
algorithm does not add parameters, all variants of the
algorithm do not set parameter initialization. By comparing
the improved Harris Hawks Optimization with HHO,
CIHHO-I, CIHHO-II, CIHHO-III, CIHHO-1V, CIHHO-V,
CIHHO-VI algorithms under the same constraints, the final
difference results after summary are direct displayed in
Table 10 in the Appendix 1.
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Fig. 7 Example of welding beam design [53]

Table 4 Comparison results of welding beam design problems

Algorithm  Optimal values of parameters Optimal cost
H L T B
HHO 0.18498 3.95834 9.08589 0.20608 1.73775
DAOA 0.19315 8.48680 9.25193 0.20864 1.80201
ISSA 0.10000 4.52545 10 0.10000 1.72832
HHO_JOS 0.18502 4.04970 9.03501 0.20580 1.72911
LHHO 0.19950 3.60994 9.03662 0.20573 1.72975
LMHHO  0.16686 4.44563 9.25504 0.20741 1.78029
NCHHO  0.17335 4.35793 9.06103 0.20561 1.73875
CIHHO 0.20834 3.46788 8.97188 0.20871 1.72771

Since there is little difference between the numerical
changes of various variant algorithms in the ablation
experiment, only part of the function iteration diagram is
selected in the Appendix 1 to form Fig. 12. Compared with
the standard HHO algorithm, CIHHO algorithm beat the
standard HHO algorithm 27 times, and each improved
strategy can achieve certain results. Combined with Wil-
coxon test and ranking results, it is found that the effect of
Levy flight disturbance factor is the best, and its related
variant algorithm can beat the original HHO algorithm
more than half of the results, which is not difficult to prove
the success of the improvement. At the same time, it is
found that the result of CIHHO-IV is better than that of the
variant algorithm which adds the improvement strategy
alone, which further proves that CIHHO algorithm can
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Fig. 8 Example of pressure vessel design [53]

produce certain differences through different superimposed
improvement strategies.

4.4 Experiment analysis

In the general Chapter 4, three sections are used for anal-
ysis. First, the CIHHO algorithm is compared with other
variant HHO algorithms to verify that the algorithm has
obtained substantial results in the study of the improved
HHO algorithm. Second, the CIHHO algorithm is com-
pared with other improved algorithms, so as to focus on the
analysis of the advancement of the algorithm in obtaining
the optimal results and the shortcomings of the SOTA
algorithm to be improved, Finally, ablation experiments are
used to verify the impact of each improvement on the
CIHHO algorithm. According to sufficient experimental
results, the analysis shows that the proposed CIHHO
algorithm is effective in solving the function of CEC 2017.

5 Performance of CIHHO on engineering
applications

In this section, three different engineering benchmark
problems—welding beam design problem, pressure vessel
design problem, and three-bar truss design problem are
used to evaluate the performance of CIHHO in practical
problems, and the improved Harris eagle algorithm is
compared with HHO, DAOA, ISSA, HHO_JOS, LHHO,
LMHHO and NCHHO algorithms are applied together in
the problem for comparison, and the comparison results are
obtained.

5.1 Welded beam engineering design problem
The welded steel plated beam problem is a typical engi-

neering design problem, together with the corresponding
example is shown in the Fig. 7, which aims to discover the
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Table 5 Comparison results of

pressure vessel design problems Algorithm Optimal values of parameters Optimal cost
Ts Th R L
HHO 1.19578 0.59849 61.59675 26.59898 6163.80936
DAOA 7.75241 0.43192 44.56736 200 61,286.57168
ISSA 0.00010 0.00010 131.38790 200 6550.00682
HHO_JOS 1.24309 0.61198 64.14902 14.71582 6748.15863
LHHO 0.85515 0.42315 44.30836 151.05015 6031.93241
LMHHO 1.34655 0.56341 58.58585 42.08966 6697.85726
NCHHO 0.83416 0.41060 43.04024 165.30558 6004.69095
CIHHO 1.07055 0.52863 55.38854 60.615468 5962.00814
o 2l e for comparison. According to the results in Table 4, it is
@ @ @‘ found that the minimum production cost can be obtained by
—— —— < using the CIHHO algorithm, which is 1.72714.
N A ‘
T / 3 5.2 Pressure vessel engineering design problem
o ; : ¢
f . v \ The proposal of pressure vessel engineering design is to
l A NI 7 Aj make the operators think about how to get the lowest
/\@ A1=A3 pressure vessel rework production price in the work cycle.
P

Fig. 9 Example of three-bar truss design [69]

Table 6 Comparison results of the three-bar truss design problem

Algorithm Optimal values of parameters Optimal weight
Al A2
HHO 0.79281 0.39668 263.89711
DAOA 0.79320 0.40604 263.95456
ISSA 0.85874 0.41665 263.89598
HHO_JOS 0.79004 0.40439 263.89584
LHHO 0.78872 0.40811 263.89584
LMHHO 0.77293 0.45474 263.91018
NCHHO 0.78882 0.40783 263.89586
CIHHO 0.78829 0.40934 263.89584

best solution to minimize the rework production price of
the welded beam under multi-constrained situations. The
required parameters in the welding beam design problem
include rod thickness (B), rod length (L), weld thickness
(H) and reinforcement height (T), and the corresponding
mathematical model design is shown in Appendix 2. The
CIHHO algorithm and the improved algorithm selected in
Experiment 4.1 are applied to the welding beam problem

The corresponding example is shown in Fig. 8, where L is
the measured length of the smooth section of the cylinder
assembly, R is the radius of the smooth inner wall of the
corresponding cylinder, and Th and Ts is the tempered wall
thickness of the outer ring layer of the head and cylinder
respectively. The mathematical quantitative operation
model of the problem is shown in the Appendix 3. CIHHO
algorithm is also suitable for the welding beam problem,
Add all the data that should be obtained by each algorithm
after the experiment to Table 5. It is found that although
the algorithm does not significantly optimize the variables,
it can also achieve the optimal cost, and the cost is intu-
itively ahead of the other 7 algorithms.

5.3 Three-bar truss engineering design problem

Finally, in order to further refined analysis the optimization
results of the CIHHO algorithm for engineering design
problems, the three-bar aluminum alloy truss problem is
proposed to minimize the truss solid weight so as to min-
imize the burden of the rod structure. The corresponding
example of the truss is shown in Fig. 9, the mathematical
quantitative operation model of problems is described in
the Appendix 4, and the experimental results are shown in
the Table 6. A2 represents the stiffness of the truss. By
optimizing the cross-sectional area of the bar, according to
the results in Table 6 obtained from the experiment, it is
found that the CIHHO algorithm can get the corresponding
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optimal result, and the minimum mass obtained by the
CIHHO algorithm is the same as that obtained by the two
improved algorithms HHO_JOS and LHHO.

6 Conclusion

In order to dispose of the problems of slow iteration and
difficult to get rid of the local space for further develop-
ment of the original Harris Hawks Optimization, CIHHO
algorithm is proposed to solve these problems. Firstly, the
nonlinear escape energy decline mechanism based on
environmental factors is used, and the local development
time is extended by dynamically adjusting the early cir-
cling exploration and later attack exploitation phase to help
get rid of the local space. Secondly, the random jump
strength of the original algorithm is improved by inte-
grating the idea of the Versoria function, and the data
grabbing ability of local space of the algorithm is improved
by simulating the actual intensity decline and change
process of prey. Finally, the compound improved Harris
Hawks Optimization (CIHHO) is obtained by combining
Levy flight function adjustment factors. The core advan-
tage of the improved CIHHO algorithm is its high stability.
Compared with other algorithms in the CEC 2017 function
test set, the improved CIHHO algorithm has a certain
optimization effect on the processing of unimodal and
multimodal functions, and further accelerates the conver-
gence speed in the attack phase in the middle and late
phases of iteration. The results on 30 and 50 dimensional
optimization problems are stable, which proves that the
CIHHO algorithm has strong stability and robustness,
Applying CIHHO to three engineering problems can also
get more quantitative results. Although the improvement
effect of CIHHO algorithm is stable, there are still some
defects to be solved, such as the average value is generally
high at the initial phase of iteration, lack of absolute
advantages compared with the original algorithm and
competitive algorithm, long running time and slow running
results. Therefore, some adjustments can be made in the
future research:
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For the improvement of energy and jump strength, the
cyclic mechanism is not considered. Although the
randomness of the original algorithm is improved, the
recovery level of energy and jump strength is not
considered.

The position update formula of Harris Hawks Optimiza-
tion is improved accordingly, and the problem of high
average value in the early iteration can be solved by
means of the hunting mechanism.

In the exploitation phase, variation mechanisms can be
considered to improve population diversity, so as to
avoid stagnation of the algorithm at the later stage of
iteration, when individuals are concentrated in a small
area and cannot be further optimized.

The improved algorithm will be applied to complex
multi-objective  optimization problems with higher
dimensions. In the subsequent research process, CITHHO'
algorithm can be considered to be introduced into the
energy allocation of nuclear power plants in the fields of
electrical, electronics, biology and other fields, and the
open research problem (ORQ) of capacity consumption
of wind power nuclear power plants for further in-depth
study, and the optimization stability of the algorithm will
be further tested under multi-constraint conditions.

Appendix 1

See Tables 7, 8, 9 and 10.
See Figs. 10, 11 and 12.

Table 7 Parameter setting of original and variant HHO algorithm

Algorithms Parameters

ATOA -

DAOA P, =025
DEWOA FO=04; CR =04
ISSA P_percent = 0.2
MELGWO ay =4,teta=0.7

LSHADE_SPACMA p_best_rate = 0.11; arc_rate = 1.4;
memory_size = 5; min_pop_size = 4.0;
p_First_class_percentage = 0.5

LSHADE_cnEpSin p_best_rate = 0.11; arc_rate = 1.4;

memory_size = 5; min_pop_size = 4.0

! https://github.com/AndreasGuo/CIHHO.git
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<«Fig. 10 Improved Algorithm Comparison of F1-F30 convergence curves in 30 dimensions
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<«Fig. 11 Improved Algorithm Comparison of F1-F30 convergence curves in 50 dimensions
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Appendix 2

Consider:
Xs = [X0,1,X02,X03,X04] = [H,L, T, B]
Minimize:
F = 1.10471x ;X0 + 0.04811x03X0,4(14.0 + X02)

Subject to:
g1(%) = —1(Xs) + Tmax < 0; g2(x)
= 0(Xs) = Omax <0; g3(x) = —0(Xs) + Omax < 0;
84(x) = Xo,1 — X04 <05 g5(x) = P — Pc(X;) <0; g6(x)
=0.125 — %0, <0
g7(x) = 1.10471x , + 0.04811x03%0.4(14.0 + x02)
—5.0<0; ga(x) = x04 —240<0

Where:
‘E(XS) _ \/(T/)Z—FZT/‘E”m—‘r (T//)Z; o = L; !
2R V2x0,1%02
MR
A
M= p(L+2) R B2 (s’
2 )7 4 2 ’
x2 + 2
=24 V2xg,1x0, |2 + (x—m Xo,s)
I 2
6PL, 6PL}
o(X) = —53 0(X) =5 —
X04%p,3 EX{ %04
JCZ X6
P ):4.013E v 3063 04 M E
¢ 2 2L, V4G

P = 6000LB; L, = 14; E = 30 x 1°psi

G = 12 % 1%psi; dppar = 0.25; Typar = 13600p5i; O pax

= 3000psi

With bounds:
0.1 < x0,1,X04<2,0.1 < X02,%03=<10.

Appendix 3

Consider:

Xs = [x1,1,X12,X13,X1.4] = [Ts, Th, R, L]

Minimize:

F = 0.6224x, 1x1 3X1 4 + 1.788x; 2x] 5 + 3.1661x7  X; 4

+19.84x7 X1 3
Subject to:
g1(x) = —x11 +0.0193%,3 <0
8 (x) = —x12 +0.0954x,3 <0

4
g3(x) = —7x] 3x14 + gnxi3 + 1296000 < 0

84(x) = %14 —240<0
With bounds:

0 < x1,1,x12=< 100,10 < X3, x5 4=< 200.

Appendix 4

Consider:

Xs = [x2,1,%22] = [A1,A)]
Minimize:

F=1(x,, +2V2x2,1)

Subject to:
80 = e ravea, oS
&%) = X22 + \/§X2,1 P_o5<0
2X2,1X22 + 2\/5"%,1
&) L p_o<0

N Xa.1 + 2v2x2,2

where:

1=100,P=2,06=2
With bounds:
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0< X2’|,X2,2§100.
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