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Abstract
Harris Hawks Optimization (HHO) is a newly proposed metaheuristic algorithm, which primarily works based on the coop-
erative system and chasing behavior of Harris’ hawks. In this paper, an augmented modification called HHMV is proposed to
alleviate the main shortcomings of the conventional HHO that converges tardily and slowly to the optimal solution. Further,
it is easy to trap in the local optimum when solving multi-dimensional optimization problems. In the proposed method, the
conventional HHO is hybridized with Multi-verse Optimizer to improve its convergence speed, the exploratory searching
mechanism through the beginning steps, and the exploitative searching mechanism in the final steps. The effectiveness of
the proposed HHMV is deeply analyzed and investigated by using classical and CEC2019 benchmark functions with several
dimensions size. Moreover, to prove the ability of the proposed HHMVmethod in solving real-world problems, five engineer-
ing design problems are tested. The experimental results confirmed that the exploration and exploitation search mechanisms
of conventional HHO and its convergence speed have been significantly augmented. The HHMV method proposed in this
paper is a promising version of HHO, and it obtained better results compared to other state-of-the-art methods published in
the literature.
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Introduction

Metaheuristic (MH) techniques have recently attracted more
attention since they can provide a suitable solution to solve
different real-world optimization problems (El Aziz et al.,
2016; Koziel et al., 2014; Premkumar et al., 2021). In gen-
eral, theMH techniques have several properties and strengths
that support them to find near-optimal solutions to the tested
problems (Abualigah, 2020a). Besides, we wish to avoid
the limitations of traditional optimization techniques such
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as gradient descent and Newton that are considered time-
consuming techniques, especially in real-time applications
(Abualigah & Diabat, 2021). These traditional methods pro-
vide only one solution at each iteration (Baykasoglu, 2012;
Abualigah et al., 2020). In contrast, the MH is a global opti-
mization method with high efficiency, low complexities, and
different solutions at each iteration, making these solutions
competitive in reaching an optimal solution (Yang, 2008;
Ewees et al., 2018; Shehab et al., 2020).

In general, MH techniques can be classified into different
categories. For example, there are evolutionary algorithms
and swarm intelligence (SI) (Abualigah et al., 2020, 2021).
Evolutionary algorithms (EA) simulate the natural evolu-
tionary mechanisms; an example of this category includes
Genetic Algorithms (GA) (Han et al., 2016), Genetic Pro-
gramming (GP) (Cheng et al., 2009), Evolutionary Strategy
(ES) (Beyer & Schwefel, 2002), Gradient-based Optimizer
(GBO) (Jiang et al., 2021), Differential Evolution (DE)
(Sarker et al., 2014), and Evolutionary Programming (EP)
(Yao et al., 1999). The SI inspired their steps from the
behavior of agents in nature (Yang, 2008). These agents
live in groups and they cooperate together to find their
food/prey. This SI category includes, for example, Glow-
worm Swarm Optimization Algorithm (GSO) (Krishnanand
& Ghose, 2005), Firefly Algorithm (Altabeeb et al., 2021),
Dragonfly Algorithm (DA) (Alshinwan et al., 2021), Bac-
terial Foraging Optimization Algorithm (BFO) (Yi et al.,
2016), Cuckoo Search (CS) (Yousri et al., 2021), Fruit Fly
Optimization algorithm (FOA) (Pan, 2012), Sine Cosine
Algorithm (SCA) (Abualigah & Dulaimi, 2021; Abualigah
& Alkhrabsheh, 2021), Ant Colony Optimization (ACO)
(Kaveh & Talatahari, 2010), Krill Herd (KH) Algorithm
(Abualigah et al., 2019), Aquila Optimizer (AO) (Abualigah
et al., 2021), Moth–flame optimizer (Shehab et al., 2020),
Marine Predators Algorithm (MPA) (Eid et al., 2021), Bat
Algorithm (BA) (Alsalibi et al., 2020), Arithmetic Optimiza-
tionAlgorithm (AOA) (Abualigah et al., 2021), Artificial Bee
Colony (ABC) Algorithm (Karaboga, 2005), ant colonies
algorithm (ACA) (Xu et al., 2017), Reptile Search Algo-
rithm (RSA) (Abualigah et al., 2021), and Harmony Search
(HS) (Abualigah et al., 2020). New trends in swarm intel-
ligence include the application of echolocation in dolphins,
predators and prey, and beaver territories (Dhou & Cruzen,
2021; Dhou, 2020; Dhou & Cruzen, 2020). Other exam-
ples inspired by biological systems are Neural Network
Algorithm (Sadollah et al., 2018), Slime Mould Algorithm
(Hassan et al., 2021), and Genetic Algorithm (Şahin et al.,
2021). Generally, conventional optimization algorithms suf-
fer from several weaknesses, such as the problemof solutions
diversity (Cully & Demiris, 2017; Zheng et al., 2021). They
are sometimes getting a high similarity between the candidate
solutions because of the machinists of the updating process.
This problem needs an effort to be solved for almost all the

optimization problems. The equilibrium between the search
rules is considered one of the most common problems raised
in the current optimization algorithms (Cuevas et al., 2014;
Wang et al., 2021). This problem also forced the search pro-
cess to exploit one of the search mechanisms and neglect the
others.

In the same context, Harris Hawks optimization (HHO) is
developed as a metaheuristic technique that inspired its steps
from Harris Hawks’ behavior in nature during the process of
searching and catching their prey (Heidari et al., 2019). In
the HHO algorithm, there is a cooperation between hawks to
attack the prey using several strategies. According to these
behaviors, the HHO has been applied to several applica-
tions; for example, Golilarz et al. (2019) devoted HHO to
improving satellite image de-noising through determining
the optimal thresholding. Bao et al. (2019) introduced a color
imagemultilevel thresholding segmentationmethodbasedon
HHO.

There are several attempts to enhance the performance
of HHO and apply it to real applications. In Ridha et al.
(2020), the improved version of HHO, based on the flower
pollination algorithm, is developed to enhance photovoltaic
systems. Authors in Chen et al. (2020) introduced a mod-
ified version of HHO based on opposition-based learning
techniques and chaos maps. In Yousri et al. (2020), a mod-
ified version of HHO based on improving the global search
ability is developed to find a suitable reconfiguration for the
photovoltaic array. In Kamboj et al. (2020), a modified HHO
based on SCA is proposed and applied to solve different engi-
neering problems. Also, there are other applications such
as forecasting slope stability (Moayedi et al., 2019), pre-
diction cores for realizing the soil compression coefficient
(Moayedi et al., 2020), the productivity of active solar (Essa
et al., 2020), and drug design and discovery (Houssein et al.,
2020). With these advantages achieved by HHO, it still suf-
fers from some limitations such as weak diversity, leading
to premature convergence and slow convergence. Therefore,
HHO needs more enhancement and improvement to avoid
premature convergence. As a result, an enhanced approach
based on Multi-Verse Optimizer (MVO) is developed and
investigated using global optimization problems (Mirjalili et
al., 2016).

The MVO algorithm is used in this paper since its perfor-
mance has been established to solve different problems. For
example, MVO has been cited in feature selection (Faris et
al., 2018; Ewees et al., 2019), estimate parameters of Pro-
ton Exchange Membrane Fuel Cell (PEMFC) model (Fathy
& Rezk, 2018), clustering (Shukri et al., 2018; Abasi et
al., 2020), Multi-level thresholding-based greyscale image
segmentation (Abd Elaziz et al., 2019; Wang et al., 2020),
PV parameter (Ali et al., 2016), test scheduling (Hu et al.,
2016), and others (Abualigah, 2020b). The main reason for
the high performance of MVO is its high ability to balance
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between the two phases of the optimization search process
(i.e., exploration and exploitation). Besides, it has a few sets
of parameters that are easy and simple to implement.

Therefore, in this paper, the traditional HHO is combined
with MVO to enhance its convergence rate. The proposed
model, named HHMV, starts by setting the initial value for
a set of agents, followed by computing each of their per-
formances. Then, the best solution is determined, and it is
used to update the value of other agents. According to each
agent’s energy value, the operators of MVO will be used
during exploration, or the operators of HHO will be used
in exploitation. This supports HHO by an optimal tool that
combines the strength of MVO and HHO. The optimiza-
tion process is performed until it reaches the stop conditions.
A comprehensive set of experiments are conducted on two
different kinds of benchmark functions, including thirteen
classical functions and ten CEC2019 functions, to validate
the proposed HHMVmethod’s performance. Moreover, sev-
eral engineering design problems are used to test the HHMV
in solving real-world optimization problems. The results
showed that the proposedHHMVgot better results than other
well-knownmethods, and it proved its ability to dealwith dif-
ferent real-world problems by giving promising results. The
main contributions are stated as follows:

• We proposed an alternative MH technique based on
enhancing the performance of HHO by adding new oper-
ators to refine the search process.

• We combined the leading operators of MVO to enhance
the exploration ability of the conventional HHO. The
integrated operators assisted the original HHO in finding
new best solutions by general new and different solutions
helping in finding new solutions values.

• We evaluated the performance of developed HHMV
using classical and CEC2019 benchmark functions.

• We evaluated the applicability of HHMV using real-
world engineering problems.

The rest of this paper’s organization is given as follows:
The developed HHMV method is discussed in “The pro-
posed Harris Hawks-based multi-verse optimizer (HHMV)”
section. “Experiments and results” section presents the
experimental results and their discussion. “Conclusion and
future works” section presents the conclusion and future
works.

The proposed Harris Hawks-based
multi-verse optimizer (HHMV)

In this section, the search strategies (i.e., exploration and
exploitation) of the proposed method, a hybrid Harris Hawks
optimization (HHO) with Multi-verse Optimizer (MVO),

are presented (HHMV). HHO is motivated by searching
prey, surprise pounce, and various attacking methods of
Harris Hawks. The structure of the original HHO is given
in “Exploration phase of HHO”, “The shift from explo-
ration to exploitation” and “Exploitation phase of HHO”
sections. These discussions present the exploration search
mechanisms, the shift from exploration to exploitation search
mechanisms, the exploitation search mechanisms, respec-
tively. The new operators that have been added to the original
HHO are given in “Exploitation phase of HHO” section.
The search phases of the proposed HHMVmethod are given
below.

Exploration phase of HHO

In the proposed HHMV method, the initial candidate solu-
tions are generated. In each iteration, the best solution so
far is the target prey, or, in other words, the optimal solu-
tion, approximately. HHMV searches randomly at various
search spaces to determine the optimal solution by utilizing
two main search strategies. Assume that an equal chance (q)
for each searching procedure exists. They search according
to the positions of other members and the prey as given in
Eq. (1) if q < 0.5, or they search in random locations if q ≥
0.5, as given in Eq. (1).

X(t + 1) =

⎧
⎪⎪⎨

⎪⎪⎩

Xrand(t) − r1|Xrand(t) − 2 ∗ r2X(t)|
q ≥ 0.5

(Xrabbit (t) − Xm(t))
−r3(LB + r4(UB − LB)) q < 0.5

(1)

X (t+1) indicates the next candidate solution at iteration num-
ber t , and Xrabbit (t) indicates the locations of prey. X (t)
indicates the current solution at iteration number t , r1, r2, r3,
r4, and q are random values [0, 1], LB and UB indicates
the lower and upper variables, Xrand (t) indicates a random
solution from the candidates, and Xm indicates the average
values of the candidate solutions, which are determined using
Eq. (2).

Xm(t) = 1

N

N∑

i=1

Xi (t) (2)

where N is the total number of candidate solutions, and Xi (t)
is the location of the current solution at tth iteration.

The shift from exploration to exploitation

In the proposed HHMV algorithm, we offered two exploita-
tion search strategies; the first strategy comes from the
original HHO, and the second strategy comes from theMVO.
This proposal will improve the diversity of the solutions and
maintain the performance stability of the HHO by avoiding
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Fig. 1 Performance of E operator through two runs and 1000 iterations

being stuck in local optima. In the exploitation phase of the
proposed HHMV, two main strategies are presented. In this
respect, the exploitation of the HHO occurs if |E | ≥ 1, and
the exploitation of the MVO occurs if |E | < 1, E is calcu-
lated using Eq. (3). The search strategies are represented as
follows.

E = 2E0

(

1 − t

T

)

(3)

where E indicates the escaping energy of the target solu-
tion (prey), t indicates the number of the current iteration,
and T indicates the maximum number of iterations, and E0

indicates the initial energy. The value of E0 is determined
between -1 and 1 throughout iterations. When the rabbit is
flagging, the E0 is reduced from 0 to -1. When the rabbit is
strengthening, the E0 is increased from 0 to 1. When |E | ≥
1, the search is in other areas to examine a new prey location;
therefore, the exploration phase will be operated, and when
|E | < 1, the algorithm seeks to employ the neighborhood of
the solutions by the exploitation steps. In brief, exploration
happens while |E | ≥ 1, while exploitation happens while |E |
< 1. The time-dependent performance of E is given in Fig. 1.

Exploitation phase of HHO

In this phase, four different approaches are presented to repre-
sent the attacking step. In this respect, the soft besiege occurs
if |E | ≥ 0.5, and the hard besiege happens if |E | < 0.5.

Soft besiege

The prey still has enough energy if r ≥ 0.5 and |E | ≥ 0.5.
Moreover, it seeks to escape by several random leaps, but
eventually, it fails. Through these endeavors, the HHO sur-

rounds it quietly to make the prey extra tired, and then they
make a soft attack. The following rules model this behavior:

X(t + 1) = �X(t) − E |J Xrabbit (t) − X(t)| (4)

�X(t) = Xrabbit (t) − X(t) (5)

where � X (t) indicates the variation among the positions
of the prey and the candidate positions at tth iteration, r5
is a random value between 0 and 1, and J=2(1-r5) indi-
cates the prey’s arbitrary leaps attempting to escape. The
J is changed stochastically to mimic the characteristics of
the prey’s actions.

Hard besiege

When |E | ≥ 0.5 and |E | < 0.5, the anticipated prey is tired
and unable to avoid capture. Hence, the HHO gradually sur-
rounds the prey and eventually make their hard pounce. The
new positions are replaced using Eq. (6).

X(t) = Xrabbit (t) − E |�X(t)| (6)

Soft besiege with progressive rapid dives

When the |E | ≥ 0.5 and r < 0.5, the rabbit retains sufficient
power to avoid the attack; however, a soft besiege is formed
ere the soft attack. This method is more capable than the
former procedure. To produce a soft besiege, suppose that
the hawks can assess the subsequent progress using Eq. (7).

Y = Xrabbit (t) − E |J Xrabbit (t) − X(t)| (7)

Next, they analyze the potential outcome of such a move
to determine if it will be a conventional strike or not. If it is
seen as unwise, or if they understand that the target victim
is making erratic moves, they also begin to make irregular,
fast, deceptive dives while nearing the prey. Here, suppose
that they will act deceptively according to the Levy flight-
based (LF) guides using Eq. (8).

Z = Y + S ∗ LF(D) (8)

where D is the length size, and S is random values by 1× D,
and LF is the Levy flight procedure determined by Eq. (9).

LF(x) = 0.01 ∗ u ∗ σ

|υ| 1β
(9)

where,

σ =
(

�(1 + β)sine(πβ
2 )

�(
1+β
2 ) ∗ β ∗ 2(

β−1
2 )

)

(10)
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where u, υ are random numbers between 0 and 1. β is a
value fixed to 1.5. So, the last search approach for renewing
the positions of the candidate solutions in the soft attack stage
is calculated using Eq. (11).

X(t + 1) =
{
Y i f F(Y ) < F(X(t))
Z i f F(Z) < F(X(t))

(11)

where Z and Y are determined using Eqs. (7) and (9).

Hard besiege with progressive rapid dives

The prey is weak and has little strength to leap, and a hard
attack is formed before the surprise attack to find and destroy
the target when the |E | < 0.5 and r < 0.5. The following
Equation presents the hard besiege condition:

X(t + 1) =
{
Y i f F(Y ) < F(X(t))
Z i f F(Z) < F(X(t))

(12)

where Y and Z are determined using Eqs. (13) and (14).

Y = Xrabbit (t) − E |J Xrabbit (t) − Xm(t)| (13)

Z = Y + S ∗ LF(D) (14)

Exploitation phase of MVO

According to the big bang theory, it is the start of everything in
the universe, and there was nothing before it. The multiverse
concept is another successful and well-established concept
among physicists (Mirjalili et al., 2016). White holes, black
holes, and wormholes have been chosen as the MVO algo-
rithm’s inspiration from the multiverse hypothesis. Although
a white hole has never been observed in our world, scientists
believe that the big bang may be regarded a white hole and
that it is possibly the most important component in the for-
mation of a universe.

For further improvement, the solutions maintain changing
their positions without incident, to preserve the diversity of
the candidate solutions of HHO and to perform exploitation.
The exploitation process is taken fromMulti-verseOptimizer
(MVO) (Abualigah, 2020b). The mathematical Equation of
this procedure is given as follows:

x j
i =

⎧
⎪⎨

⎪⎩

if (r2 < WEP)

{
if (r3 < 0.5) X j + T DR × ((ub j − lb j ) × r4 + lb j )

if (r3 ≥ 0.5) X j − T DR × ((ub j − lb j ) × r4 + lb j )

if (r2 ≥ WEP) x j
i

(15)

where X j presents the jth solution, TDR and WEP are vari-
ables determined by Eqs. (16) and (17), respectively.

WEP = min + t

(
max − min

T

)

(16)

where the min is the minimum value fixed to 0.2, and the
max is maximum value fixed to 1.

T DR = 1 − t1/p

T 1/p (17)

where p is a fixed value, which is 6, that presents the
exploitation action by the iterations. The pseudo-code of the
proposed HHMV is presented in Algorithm 1. We make the
description of the search rules as given in Algorithm 1. This
algorithm can clearly show the rules of transitions between
the search processes.

Algorithm 1 The Pseudo-code of the proposed Harris
Hawks-based Multi-Verse Optimizer.
1: Initialize the candidate solutions (X ).
2: Initialize the algorithm parameters.
3: while (the termination criteria are not met) do
4: Calculate the fitness function.
5: Determine the best location Xrabbit (t).
6: for (each solution) do
7: Update the E0, E and J variables
8: if |E | ≥ 1 and rand < 0.9 then
9: Update the positions using Eq. (1).
10: if r ≥ 0.5 and |E | ≥ 0.5 then
11: Update the positions using Eq. (4).
12: else if r ≥ 0.5 and |E | < 0.5 then
13: Update the positions using Eq. (6).
14: else if r < 0.5 and |E | ≥ 0.5 then
15: Update the positions using Eq. (11).
16: else if r < 0.5 and |E | < 0.5 then
17: Update the positions using Eq. (12).
18: end if
19: else
20: Update the positions using Eq. (15).
21: end if
22: end for
23: t=t+1
24: end while
25: Return the best solution.
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Experiments and results

To evaluate the ability of the proposed HHMV method
in solving different optimization problems, three sets of
experiments are accomplished, and the obtained results by
various methods are discussed in detail. In the first experi-
ments, 23 classical benchmark functions are used to validate
the proposed HHMV method’s effectiveness. In the second
experiment, another set of advanced benchmark functions
are used, called CEC2019, to validate the performance of
the proposed HHMV using more complex problems. In the
third experiment, the proposed HHMV method is tested in
solving real engineering problems to prove its ability to solve
real-world problems.

All experiments are executed over Windows 10 (64 bit)
that runs on CPU Core i7 with 16GB RAM, and Matlab
2016b are utilized. All underlying optimization methods are
executed thirteen times in fair runs for each problem. For
fair comparisons, the maximum number of function evalu-
ations is fixed to 1000*50, where the maximum number of
iterations is 1000, and the population size is 50. Note, the
HHO parameters have been taken from the first paper (Hei-
dari et al., 2019). We fixed the number of iterations to 1000
as it is clear that before this amount the algorithm got the

best results. The essential parameter settings for the used
approaches are presented in Table 1.

Classical benchmark functions

In this section, the results of the proposed HHMV using clas-
sical benchmark problems are given in detail. Table 2 shows
the details (i.e., functions, descriptions, dimensions, range,
and fmin for all problems) of the 23 classical benchmark
functions (Digalakis & Margaritis, 2001; Yao et al., 1999).
There functions are divided into three categories: unimodal
functions mean possessing a unique mode with changeable
dimensions (F1–F7), multimodal functions deal with an opti-
mization process to find multiple solutions of a problem
with changeable dimensions (F8-F13), and fixed-dimension
multimodal functions deal with an optimization process to
find multiple solutions of a problem with fixed dimensions
(F14-F23). Several related works have used these benchmark
functions (Abd Elaziz et al., 2017, 2021).

Qualitative results

In this section, the qualitative outcomes of the tested bench-
mark functions are offered. As shown in Fig. 2, four metrics
are implemented in 2Ddiagrams to demonstrate the proposed

Table 1 Parameters settings Algorithm Parameter Value

HHMV α 1.5

GOA l 1.5

f 0.5

SSA v0 0

WOA α Decreased from 2 to 0

b 2

SCA α 0.05

r1–r4 Random numbers

DA w 0.2–0.9

s, a, and c 0.1

f and e 1

GWO Convergence parameter (a) Linear reduction from 2 to 0

PSO Topology Fully connected

Cognitive and social constant (C1, C2) 2, 2

Inertia weight Linear reduction from 0.9 to 0.1

Velocity limit 10% of dimension range

ALO I ratio 10w

w 2–6

MPA γ γ>1

P 0.0

EO r 0.5

a 4

GP 0.5
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Fig. 2 Qualitative results for the studied problems
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Fig. 2 continued

HHMVmethod’s convergence behavior. These diagrams are
function topology, best values trajectory of first dimension,
average fitness values, and convergence curve (objective
space).

In the first column in Fig. 2, the typical 2D plots of the
fitness function are given for the 23 benchmark functions
that have been used in this research. In the second column,
the location history is provided of the first positions obtained
by the proposedHHMVmethod during the optimization pro-
cesses. It is observed that HHMVexplores promising regions
in the given search space for test functions. Some positions
are offered in a wide search space. While most of the posi-
tions are spread around the local area for the given benchmark
functions, this is because of these given functions’ challenge
level. The trajectory shapes, the second column, show that the
solution presents significant and sharp changes in the opti-
mization’s first steps. This behavior can guarantee that the
proposed HHMV can finally converge to the optimal posi-
tion. In the third one, the average fitness function in each
iteration is presented. The curves show decreasing behav-
ior on the used benchmark functions. This confirms that the
proposed HHMV improves the efficiency of the searching
through the course of iterations. In the last column, the objec-
tive function value of the best solution in each iteration is
shown. Hence, the proposed HHMV method has superior
exploration and exploitation capabilities.

Parameters tuning and analysis

In this section, the influence of the number of solutions (i.e.,
N ) is examined on the classical test functions (23 bench-
mark functions). In order to adequately analyze the parameter
sensitivity of the proposed HHMV algorithm, we tested sev-
eral numbers of solutions (i.e., 5, 10, 15, 20, 25, 30, 35,
40, 45, and 50) by comparing the changes in the number
of solution parameters throughout iterations (i.e., 500 itera-
tions). It can be observed from the obtained results in Fig. 3
that when these many population sizes are used, the pro-
posed HHMV method keeps its advantages, which means
that HHMV is more robust and less overwhelmed by pop-
ulation size. The proposed HHMV is more stable when the
population changes, such as F10, F16, F17, F18, F19, F21,
F22, and F23. In other words, the best population size was
50 in most of the used benchmark functions. But because
there is little difference between the given number of solu-
tions, the claim as mentioned earlier is supported. As given
in Fig. 3, during the optimization process of the original opti-
mizer, the performance on some iterations stuck and got in
the same area, whichmeans that the solutions almost become
the same.
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Fig. 3 The influence of the number of solutions (i.e., N ) is tested on various classical test functions
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Fig. 3 continued

Comparative results of the classical benchmark functions

In this section, 23 classical benchmark functions are tested
with different dimensions to evaluate the achievement of the
proposedHHMVmethod. The proposedmethod is compared
with other well-known optimizationmethods, includingHar-
risHawksOptimizer (HHO) (Heidari et al., 2019), Grasshop-
per Optimization Algorithm (GOA) (Saremi et al., 2017),
Salp Swarm Algorithm (SSA) (Mirjalili et al., 2017), Whale
Optimization Algorithm (WOA) (Mirjalili & Lewis, 2016),
Sine Cosine Algorithm (SCA) (Mirjalili, 2016a), Dragon-
fly Algorithm (DA) (Mirjalili, 2016b), Grey Wolf Optimizer
(GWO) (Mirjalili et al., 2014), Particle Swarm Optimiza-
tion (PSO) (Eberhart &Kennedy, 1995), Ant Lion Optimizer
(ALO) (Mirjalili, 2015), Marine Predators Algorithm (MPA)
(Faramarzi et al., 2020), and Equilibrium Optimizer (EO)
(Faramarzi et al., 2020). In the experiments reported below,
Tables 3 and 4 depict the terms of the worst, mean, and best
fitness functions.Moreover, the Friedman ranking test (Mack
& Skillings, 1980) is applied to prove the ability of the pro-
posed HHMV method. For fairness, all used optimization
methods run in the same test conditions.

The results of the tested optimization methods using thir-
teen benchmark functions (F1–F13) are given in Table 3
when the dimension size is fixed to 10. The proposed HHMV
method obtained better results than other tested optimiza-
tion methods in almost all cases (F1–F13). In some cases,
the HHMV recorded the best solutions. According to the
Friedman outcomes, the HHMV method got first ranking,
followed byHHO,MPA, EO,GWO,WOA, PSO, SCA, SSA,
ALO, DA, and GOA. The results of the tested optimization
methods, using ten fixed-dimension benchmark functions

(F14-F23), are given in Table 4. The proposed HHMV keeps
its advantages given its better solutions and promising results
than other tested optimization methods. According to the
Friedman test, the proposed HHMVgot the first ranking, fol-
lowed by MPA, PSO, SSA, GWO, EO, WOA, HHO, ALO,
DA, SCA, and GOA.

Stability of the HHMV on various dimensions size

In this section, the stability of the proposedHHMV is investi-
gated using the classical benchmark functions with different
dimensions sizes, such as Dim = 50, 100, and 500. Tables 5, 6
and 7 show the results of the tested optimization methods
using thirteen benchmark functions (F1–F13) with differ-
ent dimensions sizes, such as Dim = 50, 100, and 500,
respectively. The proposed method (HHMV) overcame the
conventional HHO, and it obtained better results compared to
other testedmethods when theDim is fixed to 50, as shown in
Table 5. The Friedman test proved that the proposed HHMV
is the best method against comparative methods. Moreover,
the obtained results are shown in Table 6 when the dimension
size is fixed to 100.

Compared with the conventional HHO, the proposed
HHMV defeated the conventional version of the HHO and
achievedmore reliable results compared to other testedmeth-
ods. The Friedman test also realized the competence of the
HHMV in addressing high-dimensional benchmark func-
tions. HHMV got the first ranking amongst all the tested
methods. Finally, the comparisons when the Dim is fixed to
500 are presented in Table 7. This experiment is conducted
using high dimensional problems, and the results show that
the proposed HHMV is the best-tested method compared
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with all comparative optimization methods. It got the first
ranking according to the outcomes of the Friedman mea-
sure. In general, the STD results illustrate that the proposed
HHMV provided low distributed values, which means the
stability of the HHMV is good. From this part of the experi-
ments, we concluded that the proposed HHMV significantly
surpasses all comparative methods.

Convergence analysis using classical benchmark functions

In this section, the convergence of the tested optimization
algorithms is presented using 13 classical benchmark func-
tions. Figure 4 shows a comparison between the proposed
HHMV, conventional HHO, and other comparative meth-
ods for the convergence speed of the best-obtained results
through the optimization processes (iterations). The dimen-
sion size of the given problems, in this figure, is fixed to
10.

From this figure, it can be clearly observed that theHHMV
outperforms all other comparative algorithms regarding the
convergence rate with relatively better convergence curves to
find the optimal solution. As shown in Fig. 4, the proposed
HHMV has the fastest convergence rate, and it gets the best
solution early at the search process, such as in F1, F2, F3, F4,
F5, F6, F7, F8, F9, F10, F11, F12, F13, F14, F16, F18, F21,
F22, and F23. The proposed HHMV has solved trapping in
the local area, andwe can see that there are several algorithms
trapped in local optima, such as in F1, GOA, SSA, ALO,
MPA, WOA, and PSO are all stuck in the optimal local area.
Further, in F3, GOA, SSA, WOA, SCA, DA, PSO, ALO,
MPA, and EO are stuck in the optimal local area, and so on.
This problem is also clearly seen in the F2 and F8 regions.
The proposed HHMV performs better in terms of stability,
convergence speed, and accuracy for all tested functions to
recap. Furthermore, the HHO (HHMV) suggested version
made an equilibrium between the search mechanisms and
avoided the local search area.

CEC2019 benchmark functions

In this section, the proposed HHMV is further investigated
to prove its ability to solve different optimization problems.
CEC2019 benchmark functions are complex mathematical
optimization problems that have been used to validate the
performance of the proposed algorithms. Table 8 shows the
details of the CEC2019 benchmark functions. Note that all
tested algorithms have the same parameter settings as given
in the original papers. Several related works have used these
benchmark functions (Mohammed&Rashid, 2020; Rahman
& Rashid, 2021).

Performance evaluation using CEC2019 benchmark
functions

In this section, ten CEC2019 benchmark functions are
tested with fixed dimensions to assess the presented HHMV
method’s achievement. The proposed method is compared
with other well-established optimization methods regarding
the worst, average, and best fitness function values. For fair-
ness, all used optimization methods run in the same test
conditions.

The obtained results of the tested optimization methods
are given in Table 9. The HHMV method obtained excel-
lent results in almost all test cases. Compared with the
conventional HHO, the proposed HHMV overcame the orig-
inal algorithm (HHO), and it got a promising performance
compared to other comparative methods published in the lit-
erature. Moreover, according to the Friedman test results,
the proposed HHMV achieved the first ranking, followed by
MPA,ALO,SSA,EO,HHO,GOA,GWO,PSO,WOA,SCA,
andDA.Overall, the STD results of theCEC2019 benchmark
functions demonstrate that the proposed HHMV achieved
the same results in almost different runs. In other words,
it got low distributed results for several runs, which means
the proposed HHMV has stable performance. We concluded
that the proposed HHMV got excellent results. It accom-
plished this research’s main aim by avoiding the local optima
problem and achieved a proper balance between the search
process. The results of the Wilcoxon test show that the pro-
posed HHMV overcame all the comparative methods.

Convergence analysis using CEC2019 benchmark functions

For the comparison purposes of the convergence speed, ten
CEC2019 benchmark functions are utilized. The conver-
gence curves of the tested problems are given in Fig. 5. It is
evident in Fig. 5 that the proposedHHMValgorithm bestows
amuch faster convergence speed than other well-known opti-
mization algorithms. The HHMV method reached the best
results quickly for functions F1, F4, F7, and F9, whichmeans
that it converges to the optimal area very fast while the other
algorithms converge slower. The proposed HHMV method
significantly enhanced the search performance, solution pre-
cision and sped up the convergence velocity to recap. These
features mean that the proposed method has a robust global
search capability,making an appropriate balance between the
search mechanisms (i.e., exploration and exploitation).

HHMV for solving engineering design problems

In this section, five constrained real engineering design
problems are employed to validate the proposed HHMV’s
effectiveness further. The design problems include ten-
sion/compression spring design problem, pressure vessel
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Fig. 4 Convergence behavior of the comparative optimization algorithms on the classical test functions (F1–F23)
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Fig. 4 continued

Table 8 Review of CEC2019
benchmark function problems

No. Functions F∗
i = Fi (x∗) Dim Search range

1 Storn’s Chebyshev polynomial fitting problem 1 9 [−8192, 8192]

2 Inverse Hilbert matrix problem 1 16 [−16384, 16384]

3 Lennard-Jones minimum energy cluster 1 18 [−4,4]

4 Rastrigin’s function 1 10 [−100,100]

5 Griewangk’s function 1 10 [−100,100]

6 Weierstrass function 1 10 [−100,100]

7 Modified Schwefel’s function 1 10 [−100,100]

8 Expanded Schaffer’s F6 function 1 10 [−100,100]

9 Happy Cat function 1 10 [−100,100]

10 Ackley function 1 10 [−100,100]

design problem, welded beam design problem, three-bar
truss design problem, and speed reducer design problem
(Abd Elaziz et al., 2021). These problems are generally con-
sidered and have been employed to adequately show the
ability of the underlying algorithms in solving different opti-
mization problems (Singh et al., 2020; Sattar & Salim, 2020;
Gupta et al., 2020; Wang et al., 2021). The proposed HHMV
is analyzed with other methods. Note that for the HHMV, the
population size and iterations are 50 and 1000, respectively.

Formulations of constrained optimization problems

To test the efficacy of the proposed HHMV, bound con-
strained and general constrained optimization problems are
used in this study. In the case of bound-constrained opti-
mization issues (Gandomi & Deb, 2020; Fesanghary et al.,
2008). Each pattern variable is frequently needed to specify
a boundary constraint:

LBj ≤ xi j ≤ UBj , j = 1, 2, . . . , n (18)

where LBj andUBj are the lower bound and upper bound of
the position xi j , and n is the number of given positions. Fur-
thermore, a generic constrained issue is commonly expressed
as:

min f (X)

X = {x11, x1 j , . . . , x1n}
s.t . gi (X) ≤ 0, j = 1, 2, . . . ,m

hk(X) = 0, k = 1, 2, . . . , l
LB j ≤ xi j ≤ UBj , j = 1, 2, . . . , n

(19)

where m is the number of various constraints, and l is the
number of equilibrium constraints.

All of the constrained issues in Eq. (19) are transferred
into the bound-constrained design in the performance evalu-
ation of the proposed HHMV using the static cost function.
A cost function will be incorporated into the underlying goal
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Fig. 5 Convergence behavior of the comparative optimization algorithms on the CEC2019 test functions

function for any infeasible solution. The static cost function
is simplified because of its ease of use in employment. It
just requires an auxiliary cost function and is suitable for a
wide range of issues (Rao, 2019; de Melo & Banzhaf, 2018).
The above-mentioned restricted optimization issue may be
expressed as follows using this procedure:

f (X) = f (X)

m∑

j=1

Pe jmax

{

gi (X), 0}

+
n∑

k=1

Pekmax{|hk(X) − ε|, 0
}

(20)

where Pe j and Pek are cost functions and usually charged
a significant value. ε is the error of equilibrium constraints,
which is set to 1e-6 in this paper.

Tension/compression spring design problem

The tension/compression spring design problem aims to
reduce the total weight of a given spring (Arora & Singh,
2019). Three variables are studied in this problem:wire diam-
eter (d), mean coil diameter (P), and the number of active
coils (N ), as presented in Fig. 6.

Table 10 shows the proposed HHMV method’s perfor-
mance and the other well-known comparativemethods: PSO,
HS, MPM, GSA, ES, MFO, BA, WOA, MVO, RO, and
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Fig. 6 Tension/compression spring design problem

HHO on this application. The obtained constraints and opti-
mal variables of the best solution for all the used algorithms
are given in Table 10. It is obvious from Table 10 that the
presented HHMV got better results compared to other well-
known optimization methods by giving optimal variables
at x∗ = (0.05863903230, 0.61201955543, 3.70245663034)
with the best objective function: F(x∗) = 0.012000542. Fig-
ure 7 represents the curves of the objective values, the
trajectory of the 1st solution, and the convergence curve of
the proposed HHMV while solving the tension/compression
spring design problem. TheHHMVmethod reached the opti-
mal solution very fast according to the given convergence
curve.

Fig. 8 Pressure vessel design problem

Pressure vessel design problem

The pressure vessel design problem aims to reduce the total
cost of the cylindrical pressure vessel (Long et al., 2019).
Four variables are studied in this problem: the width of the
shell (Ts), the width of the head (Th), internal radius (R), and
height of the cylindrical part without studying the head (L),
as presented in Fig. 8.

Table 11 shows the proposed HHMV method’s perfor-
mance and the other well-known comparative methods:
Branch-bound, WOA, OBSCA, GA, PSO-SCA, HPSO,

Table 10 The results of the tension/compression spring design problem

Algorithm Optimal values for variables Optimal cost

d D N

PSO (He & Wang, 2007b) 0.05172800 0.357644000 11.24454300 0.01267470

HS (Lee & Geem, 2005) 0.05115400 0.349871000 12.07643200 0.01267060

MPM (Belegundu & Arora, 1985) 0.05000000 0.315900000 14.25000000 0.01283340

GSA (Rashedi et al., 2009) 0.05027600 0.323680000 13.52541000 0.01270220

ES (Mezura-Montes & Coello, 2008) 0.05164300 0.355360000 11.39792600 0.01269800

MFO (Mirjalili, 2015) 0.05199446 0.364109320 10.86842186 0.01266690

BA (Gandomi et al., 2013) 0.05169000 0.356720000 11.28850000 0.01267000

WOA (Mirjalili & Lewis, 2016) 0.05120700 0.345215000 12.00403200 0.01267630

MVO (Mirjalili et al., 2016) 0.05251 0.37602 10.33513 0.012790

RO (Kaveh & Khayatazad, 2012) 0.05137000 0.349096000 11.76279000 0.01267880

HHO (Heidari et al., 2019) 0.05197639 0.363669510 10.89275181 0.01266674

HHMV 0.05863903230 0.61201955543 3.70245663034 0.012000542

Fig. 7 Qualitative results for the
tension/compression spring
design problem
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Table 11 The results of the pressure vessel design problem

Algorithm Optimal values Optimal cost

Ts Th R L

Branch-bound (Sandgren, 1990) 1.125 0.625 48.97 106.72 7982.5

OBSCA (Elaziz et al., 2017) 1.2500 0.0625 59.1593 70.8437 5833.9892

HS (Mahdavi et al., 2007) 1.125000 0.625000 58.29015 43.69268 7197.730

GA (Coello, 2000) 0.81250 0.43750 42.097398 176.65405 6059.94634

CSCA (Huang et al., 2007) 0.8125 0.4375 42.098411 176.63769 6059.7340

CPSO (He & Wang, 2007b) 0.8125 0.4375 42.091266 176.7465 6061.0777

PSO-SCA (Liu et al., 2010) 0.8125 0.4375 42.098446 176.6366 6059.71433

MVO (Mirjalili et al., 2016) 0.8125 0.4375 42.090738 176.73869 6060.8066

HPSO (He & Wang, 2007a) 0.8125 0.4375 42.0984 176.6366 6059.7143

WOA (Mirjalili & Lewis, 2016) 0.812500 0.437500 42.0982699 176.638998 6059.7410

ES (Mezura-Montes & Coello, 2008) 0.8125 0.4375 42.098087 176.640518 6059.74560

GSA (Rashedi et al., 2009) 1.125 0.625 55.9886598 84.4542025 8538.8359

ACO (Kaveh & Talatahari, 2010) 0.812500 0.437500 42.098353 176.637751 6059.7258

HHMV 0.8149581 0.4259851 42.092054 176.73998141 6041.743

Fig. 9 Qualitative results for the
pressure vessel design problem

Fig. 10 Welded beam design problem

CSCA, ES, MVO, GSA, HS, and ACO on this application.
The obtained constraints and optimal variables of the best
solution for all used methods are given in Table 11. It is
obvious from Table 11 that the presented HHMV overcame
all comparativemethods by providing optimal variables at x∗
= (0.8149581, 0.4259851, 42.092054, 176.73998141) with
the best objective function: F(x∗) = 6041.743. Figure 9 rep-
resents the curves of the objective values, the trajectory of
the 1st solution, and the convergence curve of the proposed
HHMV while solving the pressure vessel design problem.
We found that the HHMV method obtained the most fitting
parameters and the minimum objective function.

Welded beam design problem

The welded beam problem aims to minimize the cost of the
welded beam shape (Chen et al., 2020). Four variables are
analysed in this issue: the width of weld (h), the height of
the clamped bar (l), the length of the bar (t), and the width
of the bar (b), as presented in Fig. 10.
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Table 12 The results of the welded beam design problem

Algorithm Optimal values Optimal cost

h l t b

GA (Deb, 1991) 0.2489 6.1730 8.1789 0.2533 2.4300

ABC (Ragsdell & Phillips, 1976) 0.205730 3.470489 9.036624 0.20573 1.724852000

SIMPLEX (Ragsdell & Phillips, 1976) 0.2792 5.6256 7.7512 0.2796 2.5307

APPROX (Ragsdell & Phillips, 1976) 0.2444 6.2189 8.2915 0.2444 2.3815

CPSO (He & Wang, 2007b) 0.202369 3.544214 9.04821 0.205723 1.72802

WOA (Mirjalili & Lewis, (2016)) 0.205396 3.484293 9.037426 0.206276 1.730499

DAVID (Ragsdell & Phillips, 1976) 0.2434 6.2552 8.2915 0.2444 2.3841

CSCA (Huang et al., 2007) 0.203137 3.542998 9.033498 0.206179 1.733461

GSA (Mirjalili et al., 2016) 0.182129 3.856979 10.000 0.202376 1.87995

HS (Lee & Geem, 2005) 0.2442 6.2231 8.2915 0.2400 2.3807

MVO (Mirjalili et al., 2016) 0.205463 3.473193 9.044502 0.205695 1.72645

OBSCA (Elaziz et al., (2017)) 0.230824 3.069152 8.988479 0.208795 1.722315

RO (Kaveh & Khayatazad, 2012) 0.203687 3.528467 9.004233 0.207241 1.735344

HHMV 0.1505226573 3.2960453639 9.0346909849 0.2058176787 1.6298

Fig. 11 Qualitative results for
the welded beam design
problem

Fig. 12 Three-bar truss design
problem
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Table 13 The results of the
3-bar truss design problem

Algorithm Optimal values for variables Optimal cost

A1 A2

CS (Gandomi et al., 2013) 0.78867 0.40902 263.9716

DEDS (Zhang et al., 2008) 0.78867513 0.40824828 263.89584

PSO-DE (Liu et al., 2010) 0.7886751 0.4082482 263.89584

Tsa (Tsai, 2005) 0.788 0.408 263.68

SSA (Mirjalili et al., 2017) 0.78866541 0.408275784 263.89584

Ray and Sain (Ray & Saini, 2001) 0.795 0.395 264.3

PHSSA (Abualigah et al., 2020) 0.82299 0.31925 264.701723

MBA (Sadollah et al., 2013) 0.7885650 0.4085597 263.89585

HHMV 0.79368745 0.39425474 263.914185

Fig. 13 Qualitative results for
the 3-bar truss design problem

Table 12 shows the proposed HHMV method’s perfor-
mance and the other well-known comparative methods on
this application. The obtained constraints and optimal vari-
ables of the best solution for all tested methods are given
in Table 12. It is obvious from Table 12 that the proposed
HHMV obtained a promising result compared to other meth-
ods by giving optimal variables at x∗ = (0.1505226573,
3.2960453639, 9.0346909849, 0.2058176787) with the best
objective function: F(x∗) = 1.6298. Figure 11 represents the
curves of the objective values, the trajectory of the 1st solu-
tion, and the convergence curve of the proposed HHMV
while solving the welded beam design problem. We found
that the HHMV method obtained a promising result by find-
ing fitting parameters and the best objective function.

Three-bar truss design problem

The three-bar truss problem seeks to minimize the weight of
the three-bar truss (Pathak&Srivastava, 2020).Twovariables
are analyzed in this problem: the cross-sectional areas of
member 1 (A1) and the cross-sectional areas of member 2
(A2), as presented in Fig. 12.

Table 13 shows the proposed HHMV method’s perfor-
mance and the other well-known comparative methods on
this application. The obtained constraints and optimal vari-
ables of the best solution for all tested methods are given
in Table 13. It is obvious from Table 13 that the presented

Fig. 14 Speed reducer design problem

HHMVgot comparable results compared to othermethods by
giving optimal variables at x∗ = (0.79368745, 0.39425474)
with the best objective function: F(x∗) = 263.914185. Fig-
ure 13 represents the curves of the objective values, the
trajectory of the 1st solution, and the convergence curve of
the proposed HHMVwhile solving the three-bar truss design
problem. The HHMV method got comparable results, and it
reached the optimal solution very fast according to the given
convergence curve.
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Table 14 The results of the speed reducer design problem

Algorithm Optimal values for variables Optimal cost

x1 x2 x3 x4 x5 x6 x7

FA (Baykasoğlu & Ozsoydan, 2015) 3.507495 0.7001 17 7.719674 8.080854 3.351512 5.287051 3010.137492

MFO (Mirjalili, 2015) 3.5 0.7 17 7.3 7.8 3.350215 5.286683 2996.348165

LGSI4 (Baykasoğlu & Akpinar 2015) 3.501 0.7 17 7.3 7.8 3.350214 5.286683 2996.348205

WSA (Baykasoğlu & Akpinar 2015) 3.500 0.7 17 7.3 7.8 3.350215 5.286683 2996.348225

LGSI2 (Baykasoğlu & Akpinar 2015) 3.5 0.7 17 7.3 7.8 3.350215 5.286683 2996.348166

APSO (Guedria, 2016) 3.501313 0.7 18 8.127814 8.042121 3.352446 5.287076 3187.630486

PSO-DE (Liu et al., 2010) 3.5 0.7 17 7.3 7.8 3.35021 5.28668 2996.3481

CS (Gandomi et al., 2013) 3.5015 0.7000 17 7.6050 7.8181 3.3520 5.2875 3000.9810

GWO (Mirjalili et al., 2014) 3.501 0.7 17 7.3 7.811013 3.350704 5.287411 2997.81965

SCA (Mirjalili, 2016a) 3.521 0.7 17 8.3 7.923351 3.355911 5.300734 3026.83772

AAO (Czerniak et al., 2017) 3.4999 0.7 17 7.3 7.8 3.3502 5.2877 2997.058

HHMV 3.50381 0.7 17 7.3 7.72934 3.356501 5.286692 2997.90388

Speed reducer design problem

The speed reducer problemseeks tominimize the totalweight
of the speed reducer shape (Truong et al., 2019). Seven vari-
ables are analyzed in this problem: the face diameter (x1),
module of teeth (x2), number of teeth on pinion (x3), the dis-
tance of shaft 1 between bearings (x4), the distance of shaft
2 between bearings (x5), the width of shaft 1 (x6), and width
of shaft 2 (x7), as presented in Fig. 14.

Table 14 shows the proposed HHMV method’s perfor-
mance and the other well-known comparative methods on
this application. The obtained constraints and optimal vari-
ables of the best solution for all tested methods are given
in Table 14. It is evident from Table 14 that the presented
HHMV got a comparable result compared to several meth-
ods and got better results compared to other well-known
optimization methods by giving optimal variables at x∗ =
(3.50381, 0.7, 17, 7.3, 7.72934, 3.356501, 5.286692) with
the best objective function: F(x∗) = 2997.90388. Figure 15
represents the curves of the objective values, the trajectory of
the 1st solution, and the convergence curve of the proposed
HHMVwhile solving the speed reducer design problem. The

HHMVmethod produced equivalent results to the otherwell-
known methods. It reached the optimal solution very fast at
iteration 200 according to the presented convergence curve
in Fig. 15.

We concluded that the improvements that have been made
to the proposed method can positively affect the other meth-
ods. So, this is onemotivation to use the enhancedmethod for
modifying other methods from the same algorithm category.

Conclusion and future works

In this paper, a new variant of Harris Hawks Optimizer
(HHO) is proposed, named Improved Harris Hawks Opti-
mizer (HHMV), which hybridizes the conventional HHO
with Multi-Verse Optimizer (MVO). The main aim of the
proposed HHMVmethod is to improve the ability of the con-
ventional HHO by maintaining the diversity of the solutions
during the search processes and developing its convergence
mode.

Several benchmark functions with various dimensions
sizes, including thirteen classical, ten CEC2019 problems,

Fig. 15 Qualitative results for
the speed reducer design
problem
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and five engineering design problems are used to validate the
proposed method’s performance. The experimental results
demonstrate that HHMV got more suitable results, and it
is clearly superior to the other competitors, including Har-
ris Hawks Optimization (HHO), Grasshopper Optimization
Algorithm (GOA), Salp Swarm Algorithm (SSA), Whale
Optimization Algorithm (WOA), Sine Cosine Algorithm
(SCA), Dragonfly Algorithm (DA), Grey Wolf Optimizer
(GWO), Particle Swarm Optimization (PSO), Ant Lion
Optimizer (ALO), Marine Predators Algorithm (MPA), and
Equilibrium Optimizer (EO). The proposed HHMV has a
more vital global searchability and a more proper solution
in terms of accuracy. Furthermore, the tested engineering
problems results demonstrate that HHMV is better than other
well-knownoptimizationmethods in total cost evaluation cri-
teria. The proposed method can be used by other researchers
to solve different optimization problems due to its promising
performance.

In future works, we intend to investigate further the abil-
ity of HHMV in solving other different applications, such
as non-linear problems, machine learning, image segmen-
tation, IoT task scheduling in cloud and fog computing,
optimal power flow, and parameter tuning of neural networks.
Besides, we will study the influence of chaotic maps on the
performance of the proposed HHMV method.
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