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Abstract: Harris Hawks Optimization (HHO) simulates the cooperative hunting behavior of Harris
hawks and it has the advantages of fewer control parameters, simple principles, and excellent
exploitation ability. However, HHO also has the disadvantages of slow convergence and easy
falling into local optimality. Aiming at the above shortcomings, this paper proposes a Multi-strategy
Enhanced Harris Hawks Optimization (MEHHO). Firstly, the map-compass operator and Cauchy
mutation strategy are used to increase the population diversity and improve the ability of the
algorithm to jump out of the local optimal. Secondly, a spiral motion strategy is introduced to
improve the exploration phase to enhance search efficiency. Finally, the convergence speed and
accuracy of the algorithm are improved by greedy selection to fully retain the dominant individuals.
The global search capability of the proposed MEHHO is verified by 28 benchmark test functions,
and then the parameters of the deep learning network used for channel estimation are optimized by
using the MEHHO to verify the practicability of the MEHHO. Experimental results show that the
proposed MEHHO has more advantages in solving global optimization problems and improving the
accuracy of the channel estimation method based on deep learning.

Keywords: meta-heuristic algorithm; Harris hawks optimization; global optimization; benchmark
test functions; deep learning; channel estimation; long short-term memory

MSC: 49K35; 68T20

1. Introduction

A meta-heuristic algorithm is a kind of algorithm that is inspired by nature, ob-
tains inspiration from evolutionary rules, physical rules and biological social behavior
in nature, and establishes a mathematical model by combining a stochastic algorithm
and a local search algorithm. Inspired by different mechanisms, a variety of algorithms
have been proposed. Some classical algorithms, such as Genetic Algorithms (GA) [1]
and Differential Evolution Algorithm (DE) [2], are typical algorithms based on biological
evolutionary rules. Simulated Annealing Algorithms (SA) [3], Henry Gas Solubility Opti-
mization (HGSO) [4], and Atom Search Optimization (ASO) [5] are algorithms based on
physical laws. Particle Swarm Optimization (PSO) [6], Ant Colony Optimization (ACO) [7],
Artificial Bee Colony Algorithm (ABC) [8], Whale Optimization Algorithm (WOA) [9],
and Salp Swarm Algorithm (SSA) [10] are algorithms based on biological social behavior,
also known as Swarm Intelligence Algorithms. According to the No Free Lunch theory,
there is no algorithm suitable for solving all optimization problems. Therefore, researchers
have proposed many novel meta-heuristic algorithms and improved classical algorithms
to solve a variety of more complex practical problems. New meta-heuristic algorithms
include the Butterfly Optimization Algorithm (BOA) [11], Marine Predators Algorithm
(MPA) [12], Mayfly Algorithm (MA) [13], Aquila Optimizer (AO) [14], Arithmetic Optimiza-
tion Algorithm (AOA) [15], Sand Cat Swarm Optimization (SCSO) [16], Weighted Mean of
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Vectors (INFO) [17], Runge Kutta optimizer (RUN) [18], and so on. With its advantages of
good adaptability, independent and efficient exploration mechanism, no cost of gradient
information, and simple implementation, the meta-heuristic algorithm has been widely
used in different fields, and provided powerful tools for all walks of life to solve daily
optimization problems, such as fault diagnosis [19,20], feature selection [21,22], microchan-
nel radiator design [23], recognition watermarking [24], medical detection [25–27], path
planning [28,29], chart pattern recognition [30], and Internet of Things [31–33], and so on.

The Harris Hawks Optimization (HHO) is a meta-heuristic algorithm proposed by
A. Heidari et al. [34] based on the hunting behavior of Harris hawks. HHO has introduced
the concepts of escape energy, population center, Lévy flight, etc., and has a superior solving
ability in reference functions and constraint engineering problems. In addition, HHO has
the advantages of fewer control parameters, easy programming and implementation.
Therefore, HHO has been widely used in many fields and achieved good results. For
example, HHO has been successfully applied to solve the optimization problem of model
parameters in the photovoltaic field. A. Ramadan et al. [35] used the improved HHO to
estimate the required parameters of different photovoltaic models and constructed their
models with high precision. M. Naeijian et al. [36] used the improved HHO to find the
optimal parameters of the single-diode model, the double-diode model, and the triple-diode
model. H. Chen et al. [37] proposed a diversified enhanced HHO to efficiently identify the
parameters of photovoltaic cells. In addition, HHO has been widely used to solve the multi-
stage image segmentation threshold optimization problem in the image field. For example,
H. Jia et al. [38] improved HHO by introducing dynamic control parameters and mutation
operators, and applied them to the optimal segmentation threshold of multi-stage satellite
images. A. Wunnava et al. [39] proposed a differential evolution adaptive HHO, which
was used for two-dimensional Masi entropy multi-level image threshold segmentation.
E. R. Esparza et al. [40] used the minimum cross entropy as a fitness function to propose
an HHO-based optimal threshold solution method for multistage segmentation. They ran
tests on medical images. In addition to the above fields, HHO has also been successfully
applied in the field of wireless sensor networks (WSN) to solve the optimal parameter
problem. For example, M. Srinivas et al. [41] proposed an energy-saving optimization
method based on improved HHO to extend the life of WSN S. J. Bhat et al. [42] chose the
area as the fitness function to reduce the search area and used their HHO-AM to solve the
optimal parameters to improve the positioning accuracy of WSN.

Similar to other meta-heuristic algorithms, HHO also has certain disadvantages, such
as slow convergence due to low search efficiency in the exploration stage, and lack of popu-
lation diversity leading to easy falling into local optimality. Because of the shortcomings
of HHO, scholars have put forward some improvements. Aiming at the problem of few
exploration behaviors in the exploration stage, A. Kaveh et al. [43] improved the explo-
ration performance of the algorithm and accelerated the convergence rate by combining the
imperialist competitive algorithm and making use of its excellent space exploration ability.
A. Dehkordi et al. [44] used nine chaotic maps with different mathematical equations to
enhance the population diversity and improve the exploration behavior of the algorithm.
S. Gupta et al. [45] balanced the exploration and development stages of the algorithm
by introducing nonlinear energy parameters to update the energy factor. To improve the
diversity of the population, Q. Fan et al. [46] have proposed a quasi-reflection HHO, which
introduces the quasi-reflection learning mechanism to increase the diversity of the popula-
tion and thus improve the convergence accuracy of the algorithm. To improve the quality
of candidate solutions in the process of global search, C. Liu [47] designed the improved
algorithm to update the position according to the best individuals in the population in the
process of global exploration, instead of searching aimlessly. To solve the problem of falling
into the local optimal, L. Abualigah et al. [48] proposed two new search methods, which
used the sine function and cosine function, respectively, to improve the convergence speed
and the ability to jump out of the local optimal of the original algorithm.
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In view of the shortcomings of HHO in the exploration stage, such as slow convergence
speed and stagnation of sub-optimal solution, this paper completed the following work:
(1) Spiral motion is introduced in the exploration stage to better simulate the hunting
behavior of Harris hawks and improve the efficiency of exploration stage. (2) Map-compass
operator and Cauchy mutation are used to enhance the population diversity, fully search
the area near the optimal solution, and enhance the ability of the algorithm to jump out
of the local optimal to solve the suboptimal solution stagnation problem. (3) By greedy
selection to retain better individuals, unnecessary consumption is reduced in the search
process and further accelerates the speed of early convergence.

The rest of the paper is organized as follows. Section 2 introduces the basic concept,
principles, and implementation process of HHO. Section 3 shows the details of the pro-
posed improvement strategies based on the different shortcomings. Section 4 validates
the performance of the proposed Multi-strategy Enhanced Harris Hawks Optimization
(MEHHO) through several experiments, and presents the results and discussion. Section 5
performs parameter optimization of the deep learning network used for channel estimation
using the MEHHO. Section 6 summarizes the whole paper and puts forward the prospect
of future research work.

2. Harris Hawks Optimization

In this section, the proposed HHO is modeled based on the hunting behavior of
Harris hawks. The HHO simulates their cooperative hunting with multiple mechanisms in
two stages, the exploration stage and the exploitation stage. The parameter E denotes the
escape energy of the prey, and HHO realizes the transition from the exploration phase to
the exploitation phase according to E. The formula is shown in Equation (1):

E = 2E0

(
1− t

T

)
(1)

where E0 is the initial energy state of prey, which varies randomly between (−1, 1) during
each iteration. The calculation formula is E0 = 2 ∗ rand− 1, rand is the random number of
(0, 1), T and t are the maximum and the current number of iterations.

2.1. Exploration Phase

When |E| ≥ 1, hawks are in the exploration phase. They may perch randomly
in tall trees in search of prey, or they may stalk and monitor prey with their compan-
ions. Assuming that a position choice is made between the following two strategies with
equal probability:

Xi,j
t+1 =

Xrand,j
t − r1

∣∣∣Xrand,j
t − 2r2Xi,j

t

∣∣∣ q ≥ 0.5(
Xprey,j

t − Xav,j
t

)
− r3

[
LBj + r4

(
UBj − LBj)] q < 0.5

(2)

where Xi,j
t and Xi,j

t+1 are the current position of the ith hawk in the jth dimension and the
new position of the next iteration, respectively; i ∈

[
1, Npop

]
, j ∈ [1, Dim], Npop is the total

number of hawks; Dim is the corresponding problem dimension; Xrand,j
t and Xprey,j

t are the
position of a hawk and the position of the prey randomly selected in the jth dimension,
respectively. r1, r2, r3, r4 and q are five different random numbers in the range of 0 to 1. LBj

and UBj are the lower and upper bounds of the search space in the jth dimension, Xav,j
t is

the current average position of hawks in the jth dimension:

Xav,j
t =

1
Npop

N

∑
i=1

Xi,j
t (3)
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2.2. Exploitation Phase

When |E| < 1, the algorithm enters the development stage. During this phase, the
hawks will conduct a raid hunt on the prey that are stalked and observed during the
exploration phase. However, in the process of hunting in nature, the prey will also try to
escape from the hunt, so hawks will also adopt different pursuit modes for the various
escape behaviors of the prey. HHO proposed four strategies to simulate this chasing and
hunting behavior, each of which is described below. HHO uses the escape energy E and
the escape probability r to determine which strategy to adopt.

2.2.1. Soft Besiege

In the case of |E| ≥ 0.5 and r ≥ 0.5, the prey has enough energy to escape in a random
jump, yet hawks have surrounded the prey. At this point, the hawk chooses to use soft
besiege to consume the physical strength of the prey, and then successfully hunt. The
mathematical models are shown in Equations (4)–(6):

Xi,j
t+1 = ∆X j

t − E×
∣∣∣JumpXprey,j

t − Xi,j
t

∣∣∣ (4)

∆X j
t = Xprey,j

t − Xi,j
t (5)

Jump = 2(1− r5) (6)

where ∆X j
t is the distance between the current position of the prey in the jth dimension

and the current position of the ith hawk; r5 is a random number between (0, 1); and Jump
represents random jump intensity, which varies randomly between (0, 2) in each iteration.

2.2.2. Hard Besiege

In the case of |E| < 0.5 and r ≥ 0.5, the prey does not have enough energy to escape,
and the hawks have surrounded the prey; then, the hawks will choose a hard besiege fast
raid hunt. This behavior model is shown in Equation (7):

Xi,j
t+1 = Xprey,j

t − E×
∣∣∣∆X j

t

∣∣∣ (7)

2.2.3. Soft Besiege with Progressive Rapid Dives

In the case of |E| ≥ 0.5 and r<0.5, the prey has enough energy to escape the siege
and make a zigzag movement, and the hawks have not completely formed an encircling
attack on the prey. At this point, the hawks choose to continue to expend prey energy and
gradually establish a complete encircle. The process descriptions of this strategy are shown
in Equations (8)–(11):

Xi,j
t+1 =

 Yi,j
t+1 i f f

(
Yi,j

t+1

)
< f

(
Xi,j

t

)
Zi,j

t+1 i f f
(

Zi,j
t+1

)
< f

(
Xi,j

t

) (8)

Yi,j
t+1 = Xprey,j

t − E×
∣∣∣JumpXprey,j

t − Xi,j
t

∣∣∣ (9)

Zi,j
t+1 = Yi,j

t+1 + Sj × Lj (10)

Lj ∼ LF
(

µj, νj, βj
)

(11)

where Sj is a random number; LF(·) is the Lévy flight function:

LF
(

uj, νj, βj
)
= 0.01× uj × σ∣∣νj

∣∣ 1
βj

(12)
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σ =

 Γ(1 + β)× sin
(

πβ
2

)
Γ
(

1+β
2

)
× β× 2(

β−1
2 )


1
β

(13)

where u and ν are random numbers between (0, 1); u ∼ N
(
0, δ2); ν ∼ N(0, 1); default

β = 1.5.

2.2.4. Hard Besiege with Progressive Rapid Dives

In the case of |E| < 0.5 and r<0.5, the prey does not have enough energy to escape, but
hawks do not completely surround them, so they will choose this strategy to accelerate and
shorten the average position distance between them and the prey to form a hard encircling
circle before the raid. The models of this strategy are shown in Equations (14)–(16):

Xi,j
t+1 =

 Yi,j
t+1 i f f

(
Yi,j

t+1

)
< f

(
Xi,j

t

)
Zi,j

t+1 i f f
(

Zi,j
t+1

)
< f

(
Xi,j

t

) (14)

Yi,j
t+1 = Xprey,j

t − E×
∣∣∣JumpXprey,j

t − Xav,j
t

∣∣∣ (15)

Zi,j
t+1 = Yi,j

t+1 + Sj × Lj (16)

3. Multi-Strategy Enhanced Harris Hawks Optimization

In view of the shortcomings of the original HHO, the following improvement strate-
gies are proposed: First, the map-compass operator and Cauchy mutation strategy are
introduced to achieve global optimal value-guidance and sufficient search of the current
optimal solution neighborhood, increasing the population diversity, and improving the
ability of the algorithm to jump out of the local optimal; secondly, the spiral motion strategy
is adopted in the exploration stage to improve the exploration efficiency and accelerate the
convergence speed in the exploration stage. Finally, through greedy selection the dominant
individuals are fully retained.

3.1. Improved Strategy Based on Map-Compass Operator and Cauchy Mutation

One of the main disadvantages of HHO is the lack of diversity in solving complex
optimization problems, which leads to the precocious phenomenon. Therefore, the map-
compass operator is introduced to perturb the optimal individual before the algorithm
enters the exploration stage, and Cauchy mutation is integrated to help the algorithm jump
out of the local optimal.

This paper draws on the idea of the map-compass operator in the Pigeon Swarm
Optimization algorithm [49] to perturb the global extreme value so that it can lead all
hawks to fly to a new location. This strategy can increase the diversity of the hawk
population and improve the probability of finding a better solution. Therefore, before the
exploration stage, the position update formula is added, as shown in Equation (17):

Xi,j
t+1 = Xprey,j

t × e−τ×t +
∣∣∣Xprey,j

t − Xi,j
t

∣∣∣ (17)

where τ is the map-compass factor; the value range is (0, 1).
At the same time, Cauchy mutation is used to make HHO search the neighborhood of

the current optimal solution more fully and in a more diversified way, to further improve
the ability of the algorithm to jump out of the local optimal. In probability theory, the
Cauchy distribution is a very common continuous distribution, and its probability function
form is shown in Equation (18):
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f (x) =
1
π

(
γ

γ2 + (x− η)2

)
, γ > 0,−∞ < x < ∞ (18)

where η is a random real number that lies in the interval (−∞, ∞). A special case is the
standard Cauchy distribution obtained when γ = 1 and η = 0, and its probability density
function is shown in Equation (19):

f (x) =
1
π

(
1

1 + x2

)
(19)

At present, the commonly used variations in meta-heuristic algorithms are the Gaus-
sian variation and the Cauchy variation [50,51]. The comparison between the Gaussian
distribution and the Cauchy distribution is shown in Figure 1. As shown in Figure 1, the
graph of the Cauchy distribution has a relatively small peak value near the origin. After
the mutation of the HHO, the search for the global optimal value will be increased, and the
search time for the adjacent local interval will be reduced. MEHHO’s search ability for the
global optimal value has been significantly improved, and the global exploration ability
and local mining ability of the algorithm can be better balanced. In addition, compared with
the Gaussian distribution, the two wings of the Cauchy distribution are flatter and wider,
and the closer they are to the horizontal axis in the horizontal direction, the slower they
fall. From the perspective of probability, the Cauchy distribution has a wider distribution
range and allows a larger runout variation, which is more suitable for improving the global
exploration ability of the algorithm. Therefore, the Cauchy mutation is selected in this
paper to generate more diverse population individuals to search the main search space, so
that HHO can quickly jump out of the local optimal value points.
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The position update formula of the fusion map-compass operator and the Cauchy
mutation is shown in Equation (20):

Xi,j
t+1 = Xprey,j

t × e−τ×t + Cauchy(0, 1)×
∣∣∣Xprey,j

t − Xi,j
t

∣∣∣ (20)

where Cauchy(0, 1) is the standard Cauchy distribution.

3.2. Position Update Mechanism Based on Spiral Motion and Greedy Strategy

Slow convergence is another drawback of HHO. In the exploration phase, individuals
rely on other members of the population to update their positions, which is partly influ-
enced by the initial population distribution. In the mathematical model when q ≥ 0.5, the
combination of random numbers and differential position vectors does not adequately im-
prove the exploration efficiency of the algorithm. In order to improve the slow convergence
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of HHO, the spiral motion strategy is introduced in the exploration stage. Spiral motion
is a rotational motion around a fixed point at a constant angular velocity and gradually
moving away from this point, as shown in Figure 2. Among many algorithms, the spiral
strategy has been verified to be an effective strategy to improve the search ability of the
algorithm [52–55], and the spiral movement is more in line with the hunting behavior of
hawks in nature. The spiral motion mainly improves the mathematical model when q ≥ 0.5,
and Formula (2) is changed to Equation (21) after the introduction of the spiral motion:

Ui,j
t+1 =

 Xrand,j
t − eh f · cos(2π f ) ·

∣∣∣Xrand,j
t − 2r2Xi,j

t

∣∣∣ q ≥ 0.5(
Xprey,j

t − Xav,j
t

)
− r3

[
LBj + r4

(
UBj − LBj)] q < 0.5

(21)

where h is the limiting constant of the logarithmic spiral shape; f is the random number in
the interval [−1, 1]; and Ui,j

t+1 is the new position of the next iteration of the ith hawk in the
jth dimension.
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Although the spiral motion strategy can improve the exploration efficiency of the
algorithm, it cannot determine whether or not the new position obtained is better. To avoid
missing the optimal solution, the greedy choice strategy is introduced in the exploration
stage. The fitness values of the two positions before and after the update are compared
to determine whether to update the positions in order to retain better individuals. The
process is described as follows:

Xi,j
t+1 =

 Ui,j
t+1, i f f

(
Ui,j

t+1

)
≤ f

(
Xi,j

t

)
Xi,j

t , i f f
(

Ui,j
t+1

)
> f

(
Xi,j

t

) (22)

where the expression of Ui,j
t+1 is Formula (21).

The pseudo-code of MEHHO proposed in this paper is shown in Algorithm 1.
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Algorithm 1. Pseudo-code of Proposed MEHHO

Inputs: The population size Npop and the maximum iterations T.
Outputs: The location of prey.
1: Initialize the random population Xi(i = 1, 2, . . . , Npop

)
in a provided search space.

2: While t < T do
3: Calculate the fitness values of each hawk.
4: Select the best individual position as the prey position.
5: Update the location using Equation (20) that incorporates the map-compass operator and
the Cauchy mutation, calculate the individual fitness again and update Xprey.
6: for (each hawk) do
7: Update the initial energy E0 and jump strength Jump.
8: Update the E using Equation (1).
9: if |E| ≥ 1 then
10: Update the location of members using Equation (22).
11: if |E| < 1 then
12: if |E| ≥ 0.5 , r ≥ 0.5 then
13: Update the location of members using Equation (4).
14: else if |E| < 0.5 , r ≥ 0.5 then
15: Update the location of members using Equation (7).
16: else if |E| ≥ 0.5 , r < 0.5 then
17: Update the location of members using Equation (8).
18: else if |E| < 0.5 , r < 0.5 then
19: Update the location of members using Equation (14).
20: Return Xprey.

4. Experiment and Discussion: Global Optimization

To verify the performance of the MEHHO in global optimization problems,
three experiments were designed: (1) MEHHO was compared with six meta-heuristic
algorithms; (2) MEHHO and original HHO were compared in different dimensions;
(3) MEHHO was compared with three improved HHOs. In the experiment, 28 test func-
tions (as shown in Tables 1–3) were selected for comparative testing, including 10 unimodal
benchmark functions (F1–F10), which have only one global optimal value point and are
generally used to test the development ability of the algorithm. Ten multimodal benchmark
functions (F11–F20) and eight fixed-dimension multimodal benchmark functions (F21–F28)
were used to test the exploration ability of the algorithm and the ability to jump out of the
local optimal value.

Table 1. Unimodal benchmark functions.

Function Dim Range Fmin

F1(x) = ∑Dim
i=1 x2

i 30, 50, 100, 500 [−100, 100] 0

F2(x) = ∑Dim
i=1 |xi|+ ∏Dim

i=1 |xi| 30, 50, 100, 500 [−10, 10] 0

F3(x) = ∑Dim
i=1

(
∑i

j−1 xj

)2 30, 50, 100, 500 [−100, 100] 0

F4(x) = maxxi{|xi|, 1 ≤ i ≤ Dim} 30, 50, 100, 500 [−100, 100] 0

F5(x) = ∑Dim−1
i=i

[
100
(

xi+1 − x2
i
)2

+ (xi − 1)2
]

30, 50, 100, 500 [−30, 30] 0

F6(x) = ∑Dim
i=i ([xi + 0.5])2 30, 50, 100, 500 [−100, 100] 0

F7(x) = ∑Dim
i=i ix4

i + rand[0, 1) 30, 50, 100, 500 [−1.28, 1.28] 0

F8(x) = x1
2 + 106∑Dim

i=2 xi
2 30, 50, 100, 500 [−100, 100] 0

F9(x) = 106x1
2 + ∑Dim

i=2 xi
2 30, 50, 100, 500 [−1, 1] 0

F10(x) = ∑Dim
i=1
(
106) i−1

Dim−1 xi
2 30, 50, 100, 500 [−100, 100] 0
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Table 2. Multimodal benchmark functions.

Function Dim Range Fmin

F11(x) = ∑Dim
i=i
[
xi

2 − 10 cos(2πxi + 10)
] 30, 50,

100, 500 [−5.12, 5.12] 0

F12(x) = −20 exp
(
−0.2

√
1

Dim ∑Dim
i=1 xi

2
)

− exp
(

1
Dim ∑Dim

i=1 cos(2πxi)
)
+ 20 + e

30, 50,
100, 500 [−32, 32] 0

F13(x) = 1
4000 ∑Dim

i=1 xi
2 −∏Dim

i=1 cos
(

xi√
i

)
+ 1

30, 50,
100, 500 [−600, 600] 0

F14(x) = π
Dim

(
10 sin2(πy1) + ∑Dim−1

i=1 (yi − 1)2[1 + 10 sin2(πyi+1)
]
+ (yDim − 1)2

)
+∑Dim

i=1 u(xi, 10, 100, 4)

30, 50,
100, 500 [−50, 50] 0

F15(x) =

0.1

 sin2(3πx1)+

∑Dim
i=1 (xi − 1)2

[
1 + sin2(3πxi+1) + (xDim − 1)2[1 + sin2(2πxDim)]

]


+∑Dim
i=1 u(xi, 5, 100, 4)

30, 50,
100, 500

[−50, 50]
0

F16(x) = ∑Dim
i=1 |xi sin(xi) + 0.1xi|

30, 50,
100, 500 [−10, 10] 0

F17(x) = 0.5 + sin2 (∑Dim
i=1 xi

2)
2−0.5

1+0.001(∑Dim
i=1 xi

2)
2

30, 50,
100, 500 [−100, 100] 0

F18(x) = 1− cos
(

2π
√

∑Dim
i=1 xi

2
)
+ 0.1

√
∑Dim

i=1 xi
2

30, 50,
100, 500 [−100, 100] 0

F19(x) = ∑Dim
i=1 xi

6
[
2 + sin

(
1
xi

)] 30, 50,
100, 500 [−1, 1] 0

F20(x) = ∑Dim
i=1 |xi |

e∑ sin (x2
i )

30, 50,
100, 500 [−100, 100] 0

Table 3. Fixed-dimension multimodal benchmark functions.

Function Dim Range Fmin

F21(x) = 4x2
1 − 2.1x4

1 +
1
3 x6

1 + x1x2 + 4x4
2 2 [−5, 5] −1.0316

F22(x) =
(

x2 − 5.1
4π2 x2

1 +
5
π x1 − 6

)2
+ 10

(
1− 1

8π

)
cos x1 + 10 2 [−5, 5] 0.398

F23(x) =
[
1 + (x1 + x2 + 1)2(19− 14x1 + 3x1 − 14x2 + 6x1x2 + 3x2

2
)]
×[

30 + (2x1 − 3x2)
2 ×

(
18− 32x1 + 12x2

1 + 48x2 − 36x1x2 + 27x2
2
)] 3 [−2, 2] 3

F24(x) = −∑4
i=1 cHi exp

(
−∑3

j=1 aHij

(
xj − pHij

)2
)

3 [1, 3] −3.86

F25(x) = −∑4
i=1 cHi exp

(
−∑6

j=1 aHij

(
xj − pHij

)2
)

6 [0, 1] −3.32

F26(x) = −∑5
i=1

[
(x− ai)(x− ai)

T + ci

]−1 4 [0, 10] −10.1532

F27(x) = −∑7
i=1

[
(x− ai)(x− ai)

T + ci

]−1 4 [0, 10] −10.4028

F28(x) = −∑10
i=1

[
(x− ai)(x− ai)

T + ci

]−1 4 [0, 10] −10.5363

4.1. Comparison with Other Meta-Heuristic Algorithms

To verify the effectiveness and significance of MEHHO, six meta-heuristic algorithms
are selected for comparison in this section. They are Harris Hawks Optimization (HHO,
2019) [34], Whale Optimization Algorithm (WOA, 2016) [9], Marine Predators Algorithm
(MPA, 2020) [12], Grey Wolf Optimizer (GWO, 2014) [56], Particle Swarm Optimization
(PSO, 1995) [6], Butterfly Optimization Algorithm (BOA, 2019) [11]. To ensure the objectivity
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of the results, the same parameters are set for each algorithm: the population size is all 30,
the maximum number of iterations is 500, and the dimension of the test functions F1–F20
is 30. After each test function is run 30 times independently, its mean value, standard
deviation, and computing time (unit: s) for each algorithm to reach their respective optimal
value in Tables 4–6 are calculated. The experimental results are shown in Tables 4–6, where
the bold fonts indicate better optimization results. To directly show the optimization
performance of the MEHHO, the convergence curves of some benchmark test functions
of the seven algorithms (F1–F9, F11–F19, F26–F28) are listed in this paper, as shown
in Figures 3–5.

Table 4. Comparison of unimodal functions test results.

Function Metric MEHHO HHO WOA MPA GWO PSO BOA

F1
Mean 0 1.36 × 10−96 8.44 × 10−72 5.98 × 10−23 2.94 × 10−27 2.69 × 103 1.27 × 10−11

Std 0 4.95 × 10−96 4.60 × 10−71 7.77 × 10−23 1.21 × 10−26 1.47 × 103 9.19 × 10−13

Time 0.038 0.080 0.041 0.102 0.069 0.007 0.054

F2
Mean 0 2.67 × 10−51 1.68 × 10−50 2.85 × 10−13 1.12 × 10−16 3.20 × 101 3.96 × 10−9

Std 0 9.90 × 10−51 9.05 × 10−50 2.75 × 10−13 7.44 × 10−17 1.33 × 101 1.84 × 10−9

Time 0.041 0.088 0.062 0.084 0.072 0.011 0.070

F3
Mean 0 1.88 × 10−72 4.22 × 104 2.41 × 10−4 7.18 × 10−6 8.15 × 103 1.25 × 10−11

Std 0 1.03 × 10−71 1.28 × 104 5.09 × 10−4 1.43 × 10−5 3.74 × 103 9.15 × 10−13

Time 0.121 0.394 0.012 0.240 0.221 0.014 0.330

F4
Mean 0 4.21 × 10−49 5.14 × 101 3.79 × 10−9 8.78 × 10−7 2.51 × 101 6.14 × 10−9

Std 0 2.23 × 10−48 2.50 × 101 2.56 × 10−9 6.16 × 10−7 4.83 3.95 × 10−10

Time 0.037 0.100 0.006 0.082 0.064 0.007 0.093

F5
Mean 6.90 × 10−3 1.34 × 10−2 2.80 × 101 2.52 × 101 2.71 × 101 4.29 × 105 2.90 × 101

Std 7.80 × 10−3 1.86 × 10−2 4.66 × 10−1 3.35 × 10−1 7.35 × 10−1 4.72 × 105 2.49 × 10−2

Time 0.014 0.029 0.009 0.021 0.017 0.004 0.016

F6
Mean 5.28 × 10−5 1.19 × 10−4 3.87 × 10−1 8.93 × 10−8 7.79 × 10−1 2.13 × 103 6.17

Std 1.42 × 10−4 1.20 × 10−4 2.57 × 10−1 2.65 × 10−7 4.09 × 10−1 9.04 × 102 5.76 × 10−1

Time 0.053 0.063 0.015 0.361 0.029 0.012 0.026

F7
Mean 5.45 × 10−5 1.40 × 10−4 3.90 × 10−3 1.50 × 10−3 2.10 × 10−3 1.33 1.00 × 10−3

Std 5.54 × 10−5 1.49 × 10−4 5.50 × 10−3 5.97 × 10−4 9.10 × 10−4 5.76 × 10−1 4.54 × 10−4

Time 0.033 0.035 0.053 0.086 0.024 0.011 0.060

F8
Mean 0 2.60 × 10−89 4.00 × 10−65 3.74 × 10−17 5.91 × 10−22 1.96 × 109 1.55 × 10−11

Std 0 1.40 × 10−88 2.19 × 10−64 4.11 × 10−17 5.52 × 10−22 8.19 × 108 1.15 × 10−12

Time 0.069 0.134 0.083 0.251 0.137 0.016 0.094

F9
Mean 0 4.21 × 10−97 2.29 × 10−74 3.67 × 10−26 1.82 × 10−31 3.99 7.87 × 10−12

Std 0 1.61 × 10−96 1.17 × 10−73 4.46 × 10−26 2.75 × 10−31 1.21 1.09 × 10−12

Time 0.057 0.157 0.072 0.259 0.140 0.022 0.104

F10
Mean 0 3.68 × 10−94 7.58 × 10−71 1.98 × 10−19 5.62 × 10−24 3.27 × 107 1.40 × 10−11

Std 0 1.06 × 10−93 2.87 × 10−70 2.37 × 10−19 1.34 × 10−23 1.84 × 107 1.20 × 10−12

Time 0.100 0.260 0.162 0.263 0.190 0.017 0.203

Table 5. Comparison of multimodal functions test results.

Function Metric MEHHO HHO WOA MPA GWO PSO BOA

F11
Mean 0 0 1.89 × 10−15 0 2.01 1.44 × 102 2.79 × 10−13

Std 0 0 1.04 × 10−14 0 3.58 3.01 × 101 6.73 × 10−13

Time 0.048 0.103 0.066 0.146 0.057 0.019 0.115

F12
Mean 8.88 × 10−16 8.88 × 10−16 5.15 × 10−15 1.25 × 10−12 9.68 × 10−14 1.10 × 101 6.04 × 10−9

Std 0 0 1.59 × 10−15 5.26 × 10−13 1.53 × 10−14 1.40 2.28 × 10−10

Time 0.033 0.084 0.064 0.128 0.115 0.007 0.140

F13
Mean 0 0 0 0 4.20 × 10−3 2.08 × 101 8.08 × 10−12

Std 0 0 0 0 8.90 × 10−3 9.54 3.42 × 10−12

Time 0.020 0.076 0.052 0.104 0.035 0.008 0.134
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Table 5. Cont.

Function Metric MEHHO HHO WOA MPA GWO PSO BOA

F14
Mean 2.99 × 10−6 8.14 × 10−6 2.75 × 10−2 6.53 × 10−6 5.12 × 10−2 7.74 × 102 7.27 × 10−1

Std 5.33 × 10−6 9.83 × 10−6 4.88 × 10−2 2.7 × 10−5 3.03 × 10−2 1.69 × 103 1.75 × 10−1

Time 0.044 0.135 0.017 0.417 0.021 0.237 0.024

F15
Mean 4.6 × 10−5 9.1 × 10−5 6.03 × 10−1 5.60 × 10−3 6.05 × 10−1 1.45 × 105 2.98

Std 6.89 × 10−5 1.16 × 10−4 2.85 × 10−1 1.40 × 10−2 2.53 × 10−1 2.26 × 105 3.83 × 10−2

Time 0.075 0.093 0.042 0.725 0.055 0.090 0.038

F16
Mean 0 3.47 × 10−51 1.04 × 10−31 1.09 × 10−13 4.27 × 10−4 1.62 × 101 4.07 × 10−9

Std 0 1.7 × 10−50 5.72 × 10−31 1.33 × 10−13 4.23 × 10−4 4.25 1.13 × 10−9

Time 0.039 0.096 0.041 0.102 0.031 0.005 0.124

F17
Mean 0 0 3.90 × 10−3 4.90 × 10−3 5.80 × 10−3 5.00 × 10−1 5.00 × 10−3

Std 0 0 2.00 × 10−3 2.52 × 10−16 3.60 × 10−3 1.46 × 10−5 2.46 × 10−4

Time 0.046 0.089 0.030 0.118 0.086 0.013 0.077

F18
Mean 0 3.43 × 10−48 1.57 × 10−1 1.40 × 10−1 1.90 × 10−1 6.55 1.86 × 10−1

Std 0 1.87 × 10−47 8.97 × 10−2 4.98 × 10−2 4.81 × 10−2 1.37 3.29 × 10−2

Time 0.067 0.133 0.014 0.066 0.014 0.012 0.025

F19
Mean 0 1.1 × 10−280 5.8 × 10−115 7.49 × 10−64 9.18 × 10−66 5.30 × 10−4 5.32 × 10−12

Std 0 0 3.2 × 10−114 1.91 × 10−63 2.91 × 10−65 4.70 × 10−4 2.81 × 10−12

Time 0.040 0.232 0.133 0.163 0.184 0.038 0.111

F20
Mean 0 3.51 × 10−12 4.41 × 10−12 6.47 × 10−12 3.65 × 10−8 2.88 × 10−7 2.36 × 10−7

Std 0 5.98 × 10−15 1.47 × 10−12 3.16 × 10−12 9.40 × 10−8 4.27 × 10−7 2.43 × 10−7

Time 0.116 0.043 0.013 0.070 0.021 0.029 0.071

Table 6. Comparison of fixed-dimension multimodal functions test results.

Function Metric MEHHO HHO WOA MPA GWO PSO BOA

F21
Mean −1.03 −1.03 −1.03 −1.03 −1.03 −1.03 −3.56

Std 4.60 × 10−7 2.47 × 10−9 2.87 × 10−9 4.34 × 10−16 8.77 × 10−9 7.14 × 10−5 8.35 × 10−2

Time 0.041 0.048 0.014 0.042 0.011 0.015 0.037

F22
Mean 3.98 × 10−1 3.98 × 10−1 3.98 × 10−1 3.98 × 10−1 3.98 × 10−1 3.98 × 10−1 7.97 × 10−1

Std 2.99 × 10−5 4.95 × 10−6 6.86 × 10−6 0 2.30 × 10−7 8.10 × 10−6 1.01
Time 0.015 0.019 0.008 0.020 0.006 0.008 0.006

F23
Mean 3.00 3.00 3.00 3.00 3.00 3.00 5.82

Std 3.29 × 10−5 4.91 × 10−7 1.40 × 10−4 1.66 × 10−15 4.25 × 10−5 1.08 × 10−4 5.33
Time 0.017 0.027 0.009 0.033 0.009 0.011 0.008

F24
Mean −3.00 ×

10−1
−3.00 ×

10−1
−3.00 ×

10−1
−3.00 ×

10−1
−3.00 ×

10−1 −3.86 6.14 × 10−9

Std 2.26 × 10−16 2.26 × 10−16 2.26 × 10−16 2.26 × 10−16 2.26 × 10−16 6.34 × 10−5 3.24 × 10−4

Time 0.013 0.016 0.007 0.018 0.005 0.008 0.011

F25
Mean −3.07 −3.08 −3.21 −3.32 −3.27 −3.31 2.90 × 101

Std 1.55 × 10−1 1.36 × 10−1 1.03 × 10−1 5.20 × 10−12 7.22 × 10−2 3.16 × 10−2 4.50 × 10−1

Time 0.024 0.043 0.009 0.032 0.010 0.010 0.009

F26
Mean −1.00 × 101 −5.05 −7.89 −1.02 × 101 −9.65 −6.85 −4.26

Std 1.73 × 10−1 5.64 × 10−3 2.53 2.43 × 10−11 1.54 2.82 3.26 × 10−1

Time 0.026 0.028 0.009 0.040 0.034 0.011 0.110

F27
Mean −1.03 × 101 −5.57 −7.90 −1.04 × 101 −1.02 × 101 −7.56 −3.85

Std 1.70 × 10−1 1.49 3.16 2.43 × 10−11 9.70 × 10−1 3.16 4.23 × 10−1

Time 0.025 0.028 0.011 0.046 0.036 0.012 0.088

F28
Mean −1.05 × 101 −5.61 −7.63 −1.05 × 101 −1.05 × 101 −7.57 −3.78

Std 1.12 × 10−1 1.49 3.25 2.93 × 10−11 4.51 × 10−4 3.56 6.20 × 10−1

Time 0.029 0.031 0.009 0.038 0.030 0.020 0.082
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As can be seen from Table 4, for the unimodal functions, the proposed MEHHO
has the strongest optimization ability, which is superior to the other six meta-heuristic
algorithms. In the problem of the unimodal benchmark test functions, for functions F1–F4
and F8–F11, the optimal solution can be close to the theoretical optimal value. For functions
F5 and F7, under the condition that the optimization accuracy of the other meta-heuristic
algorithms is generally poor, the MEHHO cannot find the theoretical optimal value, but
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its solving accuracy is the highest. For function F6, the MEHHO is second only to MPA
and superior to other comparison algorithms. The standard deviations of F1–F4 and F8–
F10 both reach 0, indicating that the MEHHO has high robustness and stronger stability
than HHO for solving such unimodal problems. The computation time also proves the
validity of MEHHO. In most test functions, the computation time of PSO is short, because
the statistical time in tables is the time for algorithms to reach their respective optimal
values, while PSO tends to fall into local optimal. In most unimodal functions, MEHHO
takes a shorter computation time by a factor of 1 than HHO while maintaining the highest
solution accuracy.

As can be seen from Table 5, in the multimodal benchmark functions (F11–F20) prob-
lem, for function F11, the proposed MEHHO, HHO, and MPA can all reach the global
optimal value. For functions F12, F13, and F17, the performance of the improved algorithm
is similar to that of the original HHO, and all of them can well approach the theoretical
optimal value. For functions F14 and F15, the MEHHO has the highest search accuracy.
For functions F16 and F18–F20, the MEHHO is superior to all the comparison algorithms,
and the optimal solution is very close to the theoretical optimal value. A lower standard
deviation for most problems indicates that the MEHHO is robust. In summary, compared
with the other six algorithms, the proposed MEHHO has a better optimization performance
and stronger stability in the test functions. For function F20, MEHHO lost some execution
time in order to become closer to the theoretical optimal value. Among other multimodal
test functions, the MEHHO takes less time than HHO while maintaining the highest accu-
racy. For functions F11 and F13, the MEHHO takes less time to execute than MPA with the
same precision.

Fixed-dimension multimodal functions can be used to test the algorithm’s ability
to balance exploration and exploitation in the search process. In the fixed dimension
optimization problem, the number of optimal solutions is not unique, but because the
dimension is fixed, it requires sufficient exploration and development of the algorithm to
solve this kind of problem. The results in Table 6 show that the MEHHO can reach the
theoretical optimal value of the problem on functions F21–F23. In F26–F28, the MEHHO is
closer to the theoretical optimal value than HHO, and is second only to MPA, indicating
that the proposed MEHHO can achieve a more stable balance between exploration and
development. For functions F24 and F25, the MEHHO is unable to reach the theoretical
optimal value, and the standard deviation of the MEHHO is not dominant in most of the
fixed-dimension multimodal functions. Further research will be conducted on how to
improve the search accuracy and robustness of the algorithm on such functions. MEHHO
takes less time to compute than HHO. Compared with other algorithms, the MEHHO
needs further research in relation to computing time.

In the convergence diagram shown in Figures 3–5, the horizontal axis represents the
number of iterations and the vertical axis represents the best fitness value. As can be seen
from Figures 3–5, the convergence curve of the MEHHO decreases faster than the other
six comparison algorithms, and the convergence accuracy can reach a higher level faster.
As shown in the convergence curve of F1–F10 in Figure 3, the convergence speed and
accuracy of the improved MEHHO are greatly improved except for functions F5 and F6,
and there is an inflection point in the convergence process of the algorithm, indicating that
the ability to jump out of the local extreme value is better than other comparison algorithms.
It can be seen from Figure 4 that for functions F12, F13, and F17, HHO and MEHHO have
a similar optimization accuracy and are better than other algorithms. However, it can be
seen from the convergence curve that the MEHHO has a faster convergence speed than
the original algorithm. In addition to the relatively small improvement in the optimization
accuracy of functions F14 and F15, the convergence performance of the proposed MEHHO
for functions F16, F18, and F19 has been significantly improved. As can be seen from
Figure 5, there is little performance gap between the several algorithms in fixed-dimension
multimodal functions, but the MEHHO still achieves better results. The convergence rate
of F26 and F27 is faster than that of the original HHO, and it is closer to the global optimal
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value of the target function. In conclusion, the convergence speed and precision of the
MEHHO are superior.

4.2. Comparison and Significance Verification with Original Harris Hawks Optimization in
Different Dimensions

To further verify the optimization ability of the proposed MEHHO in different dimen-
sions (50/100/500), the performance of the proposed MEHHO and the original HHO is
tested in different dimensions. Set the population size of both algorithms as 30, the maxi-
mum number of iterations as 500, and calculate the mean, standard deviation, maximum
and minimum values of each test function after running it 30 times independently. The
results are shown in Tables 7–9, where the bold fonts indicate better optimization results.

Table 7. Results comparison of variable-dimensional functions (50 dimensions).

Function Optimizer Mean Std Best Worst

F1
HHO 5.38 × 10−95 2.28 × 10−94 2.8 × 10−112 1.24 × 10−93

MEHHO 0 0 0 0

F2
HHO 9.2 × 10−49 4.87 × 10−48 3.32 × 10−61 2.67 × 10−47

MEHHO 0 0 0 0

F3
HHO 5.07 × 10−63 2.21 × 10−62 2.35 × 10−92 1.17 × 10−61

MEHHO 0 0 0 0

F4
HHO 1.43 × 10−48 5.9 × 10−48 9.29 × 10−59 3.2 × 10−47

MEHHO 0 0 0 0

F5
HHO 1.89 × 10−2 2.95 × 10−2 5.48 × 10−5 1.22 × 10−1

MEHHO 1.80 × 10−2 2.10 × 10−2 2.89 × 10−6 9.28 × 10−2

F6
HHO 2.85 × 10−4 4.02 × 10−4 6.20 × 10−8 1.70 × 10−3

MEHHO 1.32 × 10−4 2.12 × 10−4 1.69 × 10−8 8.55 × 10−4

F7
HHO 1.62 × 10−4 1.99 × 10−4 1.10 × 10−5 1.10 × 10−3

MEHHO 5.54 × 10−5 5.47 × 10−5 2.32 × 10−6 2.61 × 10−4

F8
HHO 2.61 × 10−4 1.51 × 10−86 1.54 × 10−105 8.27 × 10−86

MEHHO 0 0 0 0

F9
HHO 7.00 × 10−98 3.41 × 10−97 3.36 × 10−114 1.87 × 10−96

MEHHO 0 0 0 0

F10
HHO 9.4 × 10−88 5.15 × 10−87 1.9 × 10−110 2.82 × 10−86

MEHHO 0 0 0 0

F11
HHO 0 0 0 0

MEHHO 0 0 0 0

F12
HHO 8.88 × 10−16 0 8.88 × 10−16 8.88 × 10−16

MEHHO 8.88 × 10−16 0 8.88 × 10−16 8.88 × 10−16

F13
HHO 0 0 0 0

MEHHO 0 0 0 0

F14
HHO 5.75 × 10−6 8.57 × 10−6 5.02 × 10−8 3.42 × 10−5

MEHHO 1.80 × 10−6 2.31 × 10−6 8.82 × 10−11 8.65 × 10−6

F15
HHO 1.06 × 10−4 1.32 × 10−4 2.71 × 10−7 4.74 × 10−4

MEHHO 6.03 × 10−5 7.24 × 10−5 1.51 × 10−9 2.39 × 10−4

F16
HHO 6.23 × 10−50 3.24 × 10−49 3 × 10−62 1.78 × 10−48

MEHHO 0 0 0 0

F17
HHO 0 0 0 0

MEHHO 0 0 0 0
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Table 7. Cont.

Function Optimizer Mean Std Best Worst

F18
HHO 3.28 × 10−48 1.67 × 10−47 5.39 × 10−55 9.14 × 10−47

MEHHO 0 0 0 0

F19
HHO 1 × 10−293 0 0 3 × 10−292

MEHHO 0 0 0 0

F20
HHO 1.21 × 10−20 9.22 × 10−24 1.21 × 10−20 1.21 × 10−20

MEHHO 0 0 0 0

Table 8. Results comparison of variable-dimensional functions (100 dimensions).

Function Optimizer Mean Std Best Worst

F1
HHO 5.65 × 10−95 3.07 × 10−94 2.1 × 10−110 1.68 × 10−93

MEHHO 0 0 0 0

F2
HHO 2.45 × 10−50 1.11 × 10−49 7.88 × 10−60 6.09 × 10−49

MEHHO 0 0 0 0

F3
HHO 2.62 × 10−59 9.96 × 10−59 2.79 × 10−92 4.11 × 10−58

MEHHO 0 0 0 0

F4
HHO 7.75 × 10−48 4.16 × 10−47 2.27 × 10−55 2.28 × 10−46

MEHHO 0 0 0 0

F5
HHO 4.21 × 10−2 7.05 × 10−2 1.65 × 10−4 3.50 × 10−1

MEHHO 2.37 × 10−2 2.94 × 10−2 6.65 × 10−5 1.00 × 10−1

F6
HHO 8.52 × 10−4 1.30 × 10−3 1.66 × 10−8 4.70 × 10−3

MEHHO 1.82 × 10−4 2.52 × 10−4 5.89 × 10−7 1.20 × 10−3

F7
HHO 2.04 × 10−4 2.16 × 10−4 5.36 × 10−7 8.43 × 10−4

MEHHO 5.88 × 10−5 6.43 × 10−5 3.56 × 10−7 2.22 × 10−4

F8
HHO 3.63 × 10−87 1.98 × 10−86 2.96 × 10−106 1.08 × 10−85

MEHHO 0 0 0 0

F9
HHO 8.06 × 10−96 4.17 × 10−95 4.03 × 10−113 2.29 × 10−94

MEHHO 0 0 0 0

F10
HHO 3.12 × 10−90 1.71 × 10−89 1.9 × 10−109 9.35 × 10−89

MEHHO 0 0 0 0

F11
HHO 0 0 0 0

MEHHO 0 0 0 0

F12
HHO 8.88 × 10−16 0 8.88 × 10−16 8.88 × 10−16

MEHHO 8.88 × 10−16 0 8.88 × 10−16 8.88 × 10−16

F13
HHO 0 0 0 0

MEHHO 0 0 0 0

F14
HHO 3.13 × 10−6 4.40 × 10−6 7.29 × 10−9 1.59 × 10−5

MEHHO 1.57 × 10−6 2.31 × 10−6 2.58 × 10−11 1.11 × 10−5

F15
HHO 2.79 × 10−4 5.00 × 10−4 6.34 × 10−7 2.10 × 10−3

MEHHO 5.83 × 10−5 7.05 × 10−5 1.14 × 10−9 2.87 × 10−4

F16
HHO 2.55 × 10−6 1.4 × 10−5 9.63 × 10−60 7.65 × 10−5

MEHHO 0 0 0 0

F17
HHO 0 0 0 0

MEHHO 0 0 0 0

F18
HHO 1.5 × 10−49 6.76 × 10−49 1.32 × 10−55 3.68 × 10−48

MEHHO 0 0 0 0
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Table 8. Cont.

Function Optimizer Mean Std Best Worst

F19
HHO 2.8 × 10−298 0 0 8.4 × 10−297

MEHHO 0 0 0 0

F20
HHO 4.68 × 10−42 6.21 × 10−44 4.66 × 10−42 5.00 × 10−42

MEHHO 4.66 × 10−43 1.42 × 10−42 0 4.66 × 10−42

Table 9. Results comparison of variable-dimensional functions (500 dimensions).

Function Optimizer Mean Std Best Worst

F1
HHO 1.97 × 10−96 6.88 × 10−96 5.9 × 10−114 3.63 × 10−95

MEHHO 0 0 0 0

F2
HHO 1.59 × 10−49 3.83 × 10−49 8.98 × 10−59 1.69 × 10−48

MEHHO 0 0 0 0

F3
HHO 1.09 × 10−37 5.96 × 10−37 1.26 × 10−74 3.27 × 10−36

MEHHO 0 0 0 0

F4
HHO 2.56 × 10−47 8.68 × 10−47 4.67 × 10−56 4.04 × 10−46

MEHHO 0 0 0 0

F5
HHO 2.31 × 10−1 3.76 × 10−1 2.00 × 10−3 1.80

MEHHO 1.53 × 10−1 1.73 × 10−1 1.35 × 10−4 6.49 × 10−1

F6
HHO 3.60 × 10−3 6.00 × 10−3 1.22 × 10−5 2.29 × 10−2

MEHHO 1.40 × 10−3 2.10 × 10−3 3.00 × 10−7 7.60 × 10−3

F7
HHO 2.08 × 10−4 2.96 × 10−4 1.59 × 10−5 1.30 × 10−3

MEHHO 5.58 × 10−5 5.40 × 10−5 6.12 × 10−7 2.33 × 10−4

F8
HHO 1.04 × 10−89 2.66 × 10−89 1.05 × 10−104 1.03 × 10−88

MEHHO 0 0 0 0

F9
HHO 5.01 × 10−99 2.06 × 10−98 3.54 × 10−110 1.13 × 10−97

MEHHO 0 0 0 0

F10
HHO 1.62 × 10−88 8.84 × 10−88 4.1 × 10−116 4.84 × 10−87

MEHHO 0 0 0 0

F11
HHO 0 0 0 0

MEHHO 0 0 0 0

F12
HHO 8.88 × 10−16 0 8.88 × 10−16 8.88 × 10−16

MEHHO 8.88 × 10−16 0 8.88 × 10−16 8.88 × 10−16

F13
HHO 0 0 0 0

MEHHO 0 0 0 0

F14
HHO 2.13 × 10−6 3.37 × 10−6 4.33 × 10−8 1.24 × 10−5

MEHHO 7.06 × 10−7 1.71 × 10−6 6.05 × 10−10 9.20 × 10−6

F15
HHO 6.12 × 10−4 7.75 × 10−4 3.00 × 10−6 2.90 × 10−3

MEHHO 2.64 × 10−4 3.69 × 10−4 7.17 × 10−7 1.40 × 10−3

F16
HHO 3.51 × 10−5 1.92 × 10−4 3.64 × 10−57 1.10 × 10−3

MEHHO 0 0 0 0

F17
HHO 0 0 0 0

MEHHO 0 0 0 0

F18
HHO 9.02 × 10−48 4.45 × 10−47 7.89 × 10−57 2.44 × 10−46

MEHHO 0 0 0 0

F19
HHO 1.3 × 10−288 0 0 3.8 × 10−287

MEHHO 0 0 0 0

F20
HHO 4.51 × 10−215 0 4.46 × 10−215 4.72 × 10−215

MEHHO 4.47 × 10−215 0 4.46 × 10−215 4.50 × 10−215
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The results in Tables 7–9 show that for the unimodal benchmark test functions, in the
functions F1–F4 and F8–F10, the proposed MEHHO can be very close to the theoretical
optimal value in 500 iterations of 50, 100, and 500 dimensions, and the standard deviation
value is 0, which indicates that the proposed MEHHO has strong robustness. Although
the MEHHO does not reach the theoretical optimal value in functions F5–F7, its search
accuracy is better than the original HHO in all dimensions. For the multimodal benchmark
test functions, in the functions F11, F12, F13, and F17, the proposed MEHHO and the
original HHO can reach the theoretical optimal value as far as possible. In functions
F16, F18, and F19, the proposed MEHHO is superior to the original HHO and can be
closer to the global optimal value. Although the MEHHO is superior to the original
algorithm in F14, F15, and F20, it cannot reach the theoretical optimal value. From the
perspective of the overall analysis, compared with the original HHO, the MEHHO has
excellent optimization ability and can provide a better solution for the objective function.
Moreover, the dimensional test results verify that the proposed MEHHO has stronger
competitiveness in higher dimensions.

Due to the contingency in the operation process of the algorithm, although it may
have a good performance on the mean value, it is impossible to accurately evaluate the
results of each operation. Therefore, to judge the significance of the results of the improved
algorithm, Wilcoxon signed-rank test is performed in this section with a significance level
of 0.05. Tables 10 and 11 list the test results of the MEHHO and the original HHO under
different dimensions of unimodal and multimodal benchmark functions, and Table 12 lists
the test results under the fixed-dimension multimodal benchmark functions. When the test
p-value is less than 0.05, it is considered that the comparison algorithm has a significant
difference; otherwise, it is considered that the comparison algorithm has little difference in
performance. The +/−/= in the conclusion indicate that the MEHHO is better than/inferior
to/equal to the original algorithm, respectively. According to the statistical results in
Tables 10–12, for 28 test functions, the MEHHO has significant differences compared with
traditional HHO, indicating that the MEHHO has a better optimization performance and
a stable improvement of the optimization ability.

Table 10. Statistical results of Wilcoxon signed-rank test on unimodal functions.

Function Value Dim=30 Dim=50 Dim=100 Dim=500

F1
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F2
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F3
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F4
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F5
p-value 0.405 0.453 0.066 0.781

conclusion - - - -

F6
p-value 0.004 0.01 0.014 0.465

conclusion + + + -

F7
p-value 0.005 0.004 0.004 1.60 × 10−4

conclusion + + + +

F8
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F9
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F10
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +
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Table 11. Statistical results of Wilcoxon signed-rank test on multimodal functions.

Function Value Dim=30 Dim=50 Dim=100 Dim=500

F11
p-value NA NA NA NA

conclusion = = = =

F12
p-value NA NA NA NA

conclusion = = = =

F13
p-value NA NA NA NA

conclusion = = = =

F14
p-value 0.002 5.30 × 10−5 0.329 0.141

conclusion + + - -

F15
p-value 0.766 1.20 × 10−5 0.237 0.006

conclusion - + - +

F16
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F17
p-value NA NA NA NA

conclusion = = = =

F18
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + +

F19
p-value 8.70 × 10−5 1.32 × 10−4 1.32 × 10−4 2.92 × 10−4

conclusion + + + +

F20
p-value 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6 4.90 × 10−5

conclusion + + + +

Table 12. Statistical results of Wilcoxon signed-rank test on fixed-dimension multimodal functions.

Function F21 F22 F23 F24 F25 F26 F27 F28

p-value 2.00 × 10−6 0.001 5.00 × 10−6 NA 0.079 2.00 × 10−6 2.00 × 10−6 2.00 × 10−6

conclusion + + + = - + + +

4.3. Comparison with Other Improved Harris Hawks Optimization

To further verify the effectiveness and significance of the MEHHO, three improved
HHO algorithms are selected in this section for comparison. They are HHO combined
with Particle Swarm Optimization (hHHO-PSO, 2021) [57], HHO combined with Grey
Wolf Optimizer (hHHO-GWO, 2021) [58], and HHO combined with Sine-Cosine Algorithm
(hHHO-SCA, 2020) [59]. To ensure the objectivity of the results, the same parameters are set
for each algorithm: the population size is all 30, the maximum number of iterations is 500,
and the dimension of the unimodal functions and multimodal functions is 30. After each test
function is run 30 times independently, its mean value and standard deviation are calculated.
The data of the three improved algorithms are all from the original articles. Because some
selected test functions are different, only the comparison results of common functions are
listed here, as shown in Table 13, where the bold fonts indicate better optimization results.

As can be seen from Table 13, for the functions F1–F4, the MEHHO proposed in this
paper is significantly better than the other three improved HHOS. MEHHO can converge
all to the theoretical optimal value of 0 in the first 500 iterations, and all the standard
deviations reach 0, which indicates that the algorithm has excellent optimization accuracy
and robustness. For the functions F5–F7, F14, and F15 with difficult convergence, the
MEHHO can achieve the best convergence accuracy although it cannot find the theoretical
optimal value, while the other three improved algorithms generally have poor optimization
accuracy. For functions F21–F23, all four algorithms can reach the theoretical optimal value.
For functions F26–F28, the MEHHO is closer to the theoretical optimal value than the
other three improved algorithms. In conclusion, compared with the above three improved
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algorithms, the proposed MEHHO has the best convergence accuracy, indicating that the
MEHHO effectively improves the performance of HHO.

Table 13. Comparison of optimization results of four improved algorithms on common functions.

Function Metric MEHHO hHHO-PSO hHHO-GWO hHHO-SCA

F1
Mean 0 7.62 × 10−98 4.61 × 10−96 1.86 × 10−91

Std 0 3.11 × 10−97 2.50 × 10−95 9.49 × 10−91

F2
Mean 0 2.49 × 10−51 1.55 × 10−48 2.46 × 10−51

Std 0 1.20 × 10−50 8.42 × 10−48 1.11 × 10−50

F3
Mean 0 7.38 × 10−75 1.53 × 10−68 8.88 × 10−72

Std 0 4.02 × 10−74 8.36 × 10−68 4.86 × 10−71

F4
Mean 0 1.23 × 10−47 3.30 × 10−49 8.02 × 10−49

Std 0 6.73 × 10−47 1.21 × 10−48 2.83 × 10−48

F5
Mean 6.90 × 10−3 7.32 × 10−3 1.70 × 10−2 1.43 × 10−2

Std 7.80 × 10−3 8.53 × 10−3 2.16 × 10−2 2.02 × 10−2

F6
Mean 5.28 × 10−5 1.44 × 10−4 1.64 × 10−4 2.24 × 10−4

Std 1.42 × 10−4 2.5 × 10−4 3.08 × 10−4 3.38 × 10−4

F7
Mean 5.45 × 10−5 1.77 × 10−4 1.49 × 10−4 1.22 × 10−4

Std 5.54 × 10−5 1.74 × 10−4 1.15 × 10−4 1.10 × 10−4

F11
Mean 0 0 0 0

Std 0 0 0 0

F12
Mean 8.88 × 10−16 8.88 × 10−16 8.88 × 10−16 8.88 × 10−16

Std 0 0 0 0

F13
Mean 0 0 0 0

Std 0 0 0 0

F14
Mean 2.99 × 10−6 1.13 × 10−5 1.13 × 10−5 1.13 × 10−5

Std 5.33 × 10−6 1.50 × 10−5 1.5 × 10−5 1.5 × 10−5

F15
Mean 4.6 × 10−5 1.13 × 10−4 1.13 × 10−4 1.13 × 10−4

Std 6.89 × 10−5 1.66 × 10−4 1.66 × 10−4 1.66 × 10−4

F21
Mean −1.03 −1.03 −1.03 −1.03

Std 4.60 × 10−7 4.80 × 10−9 3.97 × 10−10 1.80 × 10−9

F22
Mean 3.98 × 10−1 3.98 × 10−1 3.98 × 10−1 3.98 × 10−1

Std 2.99 × 10−5 3.49 × 10−5 1.86 × 10−5 2.15 × 10−5

F23
Mean 3.00 3.00 3.00 3.00

Std 3.29 × 10−5 5.28 × 10−7 2.65 × 10−7 9.98 × 10−7

F24
Mean −3.00 × 10−1 −3.86 −3.86 −3.86

Std 2.26 × 10−16 3.41 × 10−3 4.30 × 10−3 3.00 × 10−3

F25
Mean −3.07 −3.10 −3.11 −3.09

Std 1.55 × 10−1 1.03 × 10−1 1.21 × 10−1 1.09 × 10−1

F26
Mean −1.00 × 101 −5.05 −5.22 −5.21

Std 1.73 × 10−1 6.60 × 10−3 8.97 × 10−1 8.95 × 10−1

F27
Mean −1.03 × 101 −5.08 −5.14 −5.25

Std 1.70 × 10−1 4.12 × 10−3 1.10 9.26 × 10−1

F28
Mean −1.05 × 101 −5.12 −5.30 −5.28

Std 1.12 × 10−1 5.77 × 10−3 9.55 × 10−1 8.65 × 10−1

5. Application in Channel Estimation

Channel estimation and signal detection are key tasks in the field of wireless commu-
nication. In the real world, the signal will be affected by Doppler shift, phase noise, and
fading phenomenon in the process of high-speed transmission, and the received signal
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will be polluted. The purpose of channel estimation and signal detection is to recover the
transmission symbol while preserving the key information of the signal as much as possible.
With the development of computing science, deep learning has also been applied to channel
estimation and signal detection [60]. Deep learning can realize end-to-end learning and re-
place traditional channel estimation and equalization. Compared with traditional methods,
when using fewer training pilots and omitting cyclic prefixes, the deep learning method
can still retain more signal key information and has a stronger robustness. However, deep
learning also has some disadvantages. For example, the setting of initial key parameters is
the method that obtains the optimal value through several manual experiments, which is
inefficient and cannot guarantee the global optimal. Therefore, this paper intends to use
the MEHHO to solve the low efficiency of network initialization parameter setting in the
application of deep learning channel-estimation, and further verify the effectiveness and
practicability of the MEHHO.

5.1. Channel Estimation and Signal Detection Model

In this paper, the proposed MEHHO is used to solve the problems of the low efficiency
of manual parameter setting in deep learning, because the performance is greatly affected
by manual parameter setting. The optimized deep learning algorithm is used to improve the
channel estimation and signal detection capabilities of the Orthogonal Frequency-Division
Multiplexing (OFDM) wireless communication system. In this section, we chose to optimize
a Long-Short Term Memory (LSTM) network, because it has the function of long-term
memory and is good at processing long sequence data, so it is more suitable for processing
the transmission symbol sequence in communication. Since the channel estimation method
based on a LSTM network takes a long time to train, and a large number of parameters need
to be adjusted during the learning process, researchers have developed offline training
and online deployment technologies as illustrated in references [61–63]. This technology
uses the data generated by the channel model simulation to train the LSTM network model
offline, and then directly uses the trained model for online deployment to recover the data
transmitted online. This section uses offline training and online deployment technology
to design experiments for channel estimation and signal detection based on a LSTM
network. Firstly, the OFDM system and LSTM network model are established. Secondly,
the key initialization parameters of the LSTM network are optimized in the offline training
stage, namely, initial learning rate, training times, and batch size. Finally, the optimized
LSTM network is used for OFDM channel estimation and signal detection during online
deployment to obtain the minimum Symbol Error Rate (SER). In this experiment, the total
symbol error rate of the prediction results of the training samples and the prediction results
of the verification samples are selected as the fitness function. The description is shown
in Equation (23):

Minimize

SER(I, N, M) =

(
1− Ŵ

W

)
+

(
1− V̂

V

)
(23)

Subject to

I ∈ [Imin, Imax], N ∈ [Nmin, Nmax], M ∈ [Mmin, Mmax]

where Ŵ is the number of correctly predicted training samples; W is the number of total
training samples; V̂ is the number of correctly predicted verification samples; V is the
number of total verification samples; I is the initial learning rate; N is the number of
training; and M is the batch size.

The process of implementing the MEHHO-LSTM for channel estimation and detection
is shown in Figure 6. The specific steps are as follows:

Step1: Establish the mathematical model of the OFDM system, and generate the train-
ing set, verification set, and test set required by LSTM model under the 3GPP TR38.901
channel model;



Mathematics 2023, 11, 390 23 of 28

Step2: Establish the LSTM channel estimation and signal detection model;
Step3: Initialize the MEHHO, take the initial learning rate I, training times N, and batch
size M in the LSTM model as optimization objectives, and establish the MEHHO-LSTM
model corresponding to each dimension in the HHO;
Step4: Calculate the fitness value of each individual according to Formula (23), and update
the individual position according to the fitness value;
Step5: Determine whether the maximum number of iterations is reached. If so, output the
optimal solution position, namely the best parameter of LSTM; Otherwise, return to Step4.
Step6: Substitute the optimal parameters into the LSTM network model for OFDM channel
estimation and signal detection.
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5.2. Experimental Parameter Setting

In this experiment, quadrature phase shift-keying (QPSK) modulation is adopted
for the OFDM system. An OFDM wireless communication system with 64 subcarriers,
8 pilots, and a length of 16 cyclic prefixes is adopted. The channel model is 3GPP TR38.901,
and the number of paths is 20. The ratio of the training set to the verification set is 8:2.
The LSTM model used is composed of five layers, namely, the input layer, LSTM layer,
fully connected layer, softmax layer, and classification layer. The input layer contains
256 neurons, the LSTM layer contains 16 neurons, and the fully connected layer contains
4 neurons. The Adam algorithm is used to train the internal parameters. The initialization
parameters of the meta-heuristic algorithm used for testing are set identically. The fitness
function is SER. The value ranges of the initial learning rate, training times, and batch size
are [0.005, 0.02], [80, 100], and [800, 1000], respectively. Two groups of LSTM networks are
selected for comparison. The first group is LSTM1 with parameters set to non-empirical
optimal values, and the accuracy is about 78% in the training set and 53% in the validation
set. The second group is named LSTM2, and the parameters are set to empirical optimal
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values, with 100% accuracy in both the training and validation sets. The parameters are set
as follows: the initial learning rate of LSTM1 is 0.005, the number of training is 5, and the
batch size is 500; the initial learning rate of LSTM2 is 0.02, the number of training is 100,
and the batch size is 1000.

5.3. Results and Discussion

Firstly, the MEHHO-LSTM network is compared with LSTM1 and LSTM2 networks
in channel estimation and signal detection performance. As can be seen from Figure 7,
the performance of the LSTM1 network is the worst and cannot effectively reduce the
SER, while the LSTM2 network is far superior to the LSTM1 network, indicating that the
selection of key initialization parameters has a great impact on the network estimation
and detection performance. When the signal-to-noise ratio (SNR) is greater than 10 dB,
the MEHHO-LSTM method is better than LSTM2. When the SER is 10−2, the performance
is improved by 2−3 dB. The results show that the proposed algorithm can effectively
optimize the key initial parameters of the LSTM network, to improve the accuracy of
channel estimation and signal detection, and overcome the shortcomings of manually
selecting the initial parameters of the LSTM network.
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Figure 8 shows the MEHHO proposed in this paper and the original Harris Hawks
Optimization (HHO, 2019) [34], Whale Optimization Algorithm (WOA, 2016) [9], Grey
Wolf Optimizer (GWO, 2014) [54], Sine Cosine Algorithm (SCA, 2016) [64], performance
comparison of the optimized LSTM network model in OFDM channel estimation and
signal detection. As can be seen from Figure 8, with the increase in SNR, the SER of each
method decreases. When the SNR of the MEHHO-LSTM is greater than 10 dB, the SER of
the MEHHO-LSTM model obviously accelerates, and it is better than the other optimized
network models. It is proved that the initial parameters of the model found by the proposed
MEHHO are better, which can help the LSTM model learn the characteristics of the wireless
channel better.

Figure 9 shows the comparison curve of the SER performance of the proposed
MEHHO-LSTM algorithm, least squares (LS) algorithm, and minimum mean-square error
(MMSE) algorithm with the change of SNR. It can be seen from the figure that the scheme
using MEHHO-LSTM has the best performance, while the traditional LS and MMSE meth-
ods have a very slow rate of SER decline. When the SNR of the proposed model is greater
than 10 dB, the rate of SER decline increases significantly. When the SER is 10−1, the perfor-
mance of the proposed algorithm is improved by 6–7 dB compared with the traditional LS
and MMSE methods. This is because the traditional methods rely heavily on the number
of pilots, but the MEHHO-LSTM proposed in this paper is robust to the number of pilots
used for channel estimation. It can be shown that the MEHHO-LSTM network model,
compared with traditional methods, can significantly reduce the SER of the OFDM system
transmission signal, and has good channel estimation and signal detection performance.
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6. Conclusions and Prospect

This paper presents an improved version of the Harris Hawks Optimization, Multi-
strategy Enhanced Harris Hawks Optimization. Firstly, the map-compass operator and
the Cauchy mutation are introduced to enhance the population diversity and improve
the ability of the algorithm to jump out of the local optimal. Secondly, the spiral motion
strategy is used to improve the exploration stage and to retain the dominant individuals
by greedy selection to improve the convergence speed and accuracy of the algorithm.
The performance of the proposed MEHHO is compared with the original HHO, other
meta-heuristic algorithms, and other improved HHOs in 28 benchmark test functions,
and the significance level of the algorithm is evaluated using Wilcoxon signed-rank test.
The experimental results show that the multi-strategy fusion design can better simulate
the hunting behavior of Harris hawks, effectively improving the convergence speed and
accuracy of the algorithm, and solving the problem of easy to fall into the local optimal.
When solving unimodal, multimodal, low-dimensional, and high-dimensional functions,
the MEHHO can obtain better optimization results, indicating that the algorithm has better
accuracy, reliability, and universality in solving global optimization problems. Finally,
the application ability of the MEHHO is further verified through the deep learning-based
channel estimation and signal detection problems in the field of wireless communication.
It shows that the algorithm has the ability to solve engineering application problems, and
can adequately solve the optimization problems of parameter selection in engineering,
providing efficient and reliable solutions.
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MEHHO has greater development potential in the future, and there are many aspects
to continue to study. First of all, although the strategy proposed in this paper effectively
improves the optimization performance of HHO, the calculation time of individual test
functions is long, and the performance of some of the fixed-dimension multimodal test
functions still has room for improvement. It should be considered whether new strategies
can be introduced to further improve the shortcomings of the algorithm. Secondly, in
the multi-objective optimization algorithm, whether the improved strategy can achieve
good results also needs further research. Finally, what other engineering application
optimization problems the MEHHO can solve in the field of communication still need
further consideration and experimentation.
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