
An island parallel Harris Hawks

Optimization algorithm

Tansel Dokeroglu1* and Ender Sevinc2†

1*Software Engineering Department, Cankaya University,
Etimesgut, Ankara, Turkey.

2*Computer Engineering Department, Middle East Technical
University, Ankara, Turkey.

*Corresponding author(s). E-mail(s): tdokeroglu@cankaya.edu.tr;
Contributing authors: ender@ceng.metu.edu.tr;
†These authors contributed equally to this work.

Abstract

The HHO method is an impressive optimization algorithm that makes
use of unique mathematical approaches. This study proposes an Island
Parallel HHO (IP-HHO) version of thealgorithm for optimizing contin-
uous multidimensional problems for the first time in the literature. To
evaluate the performance of the IP-HHO method, thirteen unimodal
and multimodal benchmark problems with four different dimensions (30,
100, 500, and 1000) are evaluated. The implementationof this novel
algorithm took into account the investigation, exploitation, and avoid-
ance of local optima issues effectively. Parallel computation, as can
be seen, provides a multi-swarm environment for thousands of hawks
simultaneously. On all issue cases, we were able to enhance the per-
formance of the sequential version of the HHO algorithm. As the
number of processors increases, the suggested IP-HHO method enhances
its performance while retaining scalability and improving itscomputa-
tion speed. The IP-HHO method outperforms the other state-of-the-art
metaheuristic algorithms on average as the size of the dimensions grows.
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1 Introduction

Metaheuristic algorithms are among the best tools to tackle large multi-
dimensional continuous optimization problems [1]. Genetic Algorithms (GA)
[2], Ant Colony Optimization [3], Particle Swarm Optimization (PSO) [4], Sim-
ulated Annealing (SA) [5], Differential Evolution (DE) [6], and Tabu Search
(TS) [7] are the classical metaheuristic algorithms that have been the subject
of numerous studies, and these algorithms have provided very good results for
challenging optimization problems over the last 30 years.

These metaheuristics feature distinct optimization problem-solving strate-
gies. However, according to Wolpert’s No Free Lunch (NFL) theory, a single
metaheuristic cannot handle all situations optimally [8]. What works well for
some problems may not work as well for other problems as it does for other
data sets. Therefore, many researchers are still studying on developing new
metaheuristic algorithms that work better than the existing ones [9, 10].

The Harris Hawks Optimizer (HHO) is a novel metaheuristic inspired
on hawk hunting behavior [11, 12]. The hawks attack the rabbit from sep-
arate directions, surprising the victim. These sophisticated birds utilize a
variety of designs to catch their prey. The HHO metaheuristic optimization
approach mimics the hunting behaviors of Harris hawks. The HHO meta-
heuristic is substantiated by the performance of cutting-edge metaheuristics
on a variety of benchmark challenges. The results demonstrate that the HHO
algorithm produces competitive results. In this paper, we propose a novel
Island Parallel multi-swarm HHO method (IP-HHO) for optimizing continu-
ous multidimensional problem instances in order to improve on the outcomes
of the conventional HHO technique. The suggested IP-HHO method was cre-
ated with the help of Message Passing Interface (MPI) libraries. On each
processor, multi-swarms are produced, and a very broad search region may be
examined. Before obtaining the best result, metaheuristic algorithms must do
numerous fitness computations repeatedly. This is one of the most significant
disadvantages of these algorithms. This issue should be resolved in order to
accelerate optimization and perform a more efficient search procedure. Parallel
metaheuristic algorithms offer the infrastructure required to compute a large
number of fitness values [13, 14]. A better optimization procedure can ideally
be supplied with different initial beginning regions of multi-swarms.

Stagnation at a local optimum is one of the key issues preventing meta-
heuristic algorithms from getting the best outcomes. If your solution is trapped
in a local optimum, no matter how many times you produce new solutions
that are neighbors of the present ones, it is impossible to develop that solu-
tion without deleting that area. Perturbation (on a huge scale, damaging the
present solution vector) or starting with fresh points are ways for resolving
this challenge and finding better answers. We also discovered a way to prevent
stagnation in our study by starting our solutions at parallel nodes from sepa-
rate positions in the solution space. Another issue with the traditional HHO
method is immature convergence. It was feasible to better explore/exploit the
issue space using the strategies described in our study.
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To adjust the optimal variables of the HHO, a simple parameter tuning
approach for the bunnies’ energy levels and jump values is also provided. On
continuous optimization benchmark issue cases, the proposed technique is com-
pared to sequential versions of state-of-the-art nature-inspired algorithms. The
findings demonstrate that the IP-HHO method is scalable and gives compet-
itive solutions when compared to other metaheuristic algorithms. We ran 13
benchmark problem situations (with dimensions of 30, 100, 500, and 1000). In
comparison to other contemporary metaheuristics, the findings of 52 function
test cases with varying dimensions revealed that the IP-HHO algorithm is the
best algorithm in 43 of the test cases and the second or third best algorithm
in the remaining issue instances.

In Section 2, related studies on metaheuristic algorithms that solve the
multi-dimensional numerical function optimization are summarized. Section 3
introduces the proposed IP-HHO algorithm. Section 4 presents the evaluation
of our experimental results. Concluding remarks and future work are provided
in the last Section.

2 Related work

In this section of our paper, we examine current work on the metaheuristic
algorithm HHO. Louis Lefebvre devised a novel approach for assessing hawk
intelligence during hunting activity [17]. Hawks are among the most intelligent
of all birds [18]. Along with its swarm, the hawk survives in groups and engages
in cooperative foraging activities [19]. The hawks have exceptional chasing and
attacking ability. These sophisticated birds work together as predators. Hawks
mostly use surprise attacks to grab prey (known as seven kills). The hawks will
attack a fleeing victim from separate directions in a concerted attack. They can
finish the attack in a few seconds or make fast dives (seven kills). The hawks
have various hunting methods and prey escape strategies. The biggest benefit is
that hawks may follow the rabbit for an extended period of time, increasing its
susceptibility. The prey is unable to recover from its defensive/escape efforts.

In 2019, The HHO algorithm was proposed by Heidari et al. [11].
Hawks’ cooperative conduct and pursuing technique served as their primary

influence. The HHO optimizer’s performance is validated by comparing it to
other approaches on a variety of benchmark and technical challenges. In com-
parison to current metaheuristics, the results demonstrate that the HHO can
reach promising solutions. In their study, Dokeroglu et al. highlighted fourteen
exceptional metaheuristics that have emerged in the previous twenty years that
are not among the classics [1, 9]. The HHO algorithm was chosen as one of the
elegant new metaheuristics because to its performance, specialized operators,
inter-individual interaction strategies, and stagnation prevention approaches.

Gharehchopogh & Abdollahzadeh introduced a novel strategy for travel-
ing salesmen utilizing HHO with random-key encoding [20]. For neighborhood
search, ten distinct operators are employed. To validate the algorithm’s perfor-
mance, 80 issue datasets are evaluated. The findings demonstrate the suggested
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algorithm’s superior performance. Bairathi & Gopalani have suggested a new
HHO [21]. The HHO’s performance is compared to that of the PSO, DE,
GWO, and Whale Optimization Algorithms (WOA). One of the most efficient
optimization methods is said to be the HHO. Sabeena & Abraham present
a deep learning approach for image forgery detection by copying that makes
use of the HHO algorithm [22]. The results show that the proposed method
is the most effective in terms of recognition. Dokeroglu et al. proposed a new
HHO algorithm for multi-objective binary classification [23]. In their study,
the authors create new exploration and exploitation operators while minimiz-
ing the number of features and maximizing the accuracy level of the results.
Too et al. created a binary version of the HHO to help with feature selection
[24]. To convert variables into binary format, the proposed algorithm employs
S and V -shaped transfer functions. This study also proposes a new version of
HHO, quadratic binary HHO. A comparison of the binary algorithms DE, GA,
Binary Salp Swarm (SSA), and flower pollination is performed. The exper-
imental results show that, depending on the feature size and fitness values,
the HHO is superior in classification. Zhang et al. created a new HHO feature
selection algorithm [25]. The SSA is incorporated into the HHO metaheuris-
tic. The proposed HHO algorithm performs well in terms of exploration and
exploitation. The algorithm converges quickly. Chen et al. created a hybrid
HHO algorithm by combining chaos strategy, multi-population strategy, and
DE to solve the HHO’s local optimization problem [27]. The multi-population
strategy has the potential to significantly improve global search. Yildiz et al.
incorporate the Nelder-Mead local search into the HHO algorithm [28]. The
algorithm is tested on well-known benchmark problem instances.Yildiz et al.
propose an HHO algorithm for solving optimization problems in the automo-
tive industry in another study [29]. Song et al. proposed an enhanced HHO
algorithm in order to improve its performance in 2021 [30].

Dokeroglu et al. proposed a collection of parallel metaheuristic algorithms
(based on Teaching Learning-Based Optimization (TLBO) and Artificial Bee
Colony (ABC)) [26]. The proposed parallel Island algorithm outperforms the
sequential versions of metaheuristics. Schryen proposes a new parallel opti-
mization framework [33]. Interested readers can find detailed information
about parallel metaheuristic techniques, advances, and new trends in the
studies by Albas et al. [14, 31] and Crainic et al. [32].

The quality of the results obtained with parallel algorithms will improve
as new hardware architectures improve. Because the algorithm we developed
is a parallel metaheuristic application in this sense, we thought it would be
appropriate to refer to the literature studies that were closest to us. Given the
algorithm we created, it is safe to say that the IP-HHO algorithm is the first
application of the HHO to the optimization of continuous multidimensional
problems.
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3 Proposed Island Parallel HHO algorithm

The HHO mimics the hawks’ exploratory and exploitative hunting methods.
Because the HHO is a gradient-free optimization algorithm, it is easily appli-
cable to a wide range of optimization problems. Figure 1 presents the main
steps of the HHO.

Fig. 1 The representation of the exploration and exploitation steps of HHO algorithm
(including perching, soft/hard besiege). q is the probability of selecting a perching strategy,
r is a random value between 0 and 1, and E is the escaping energy of the prey.

Hawks track prey during the HHO’s exploration phase, and they are the
population’s solutions. The population’s best hawk becomes the best solution.
The hawks primarily use two strategies to locate the bait. q is a parameter
for perching strategy and the hawks attack in accordance with the location of
hawks and the prey (see Equation (1)) when q < 0.5, or wait (see Equation
(1)) when the value of q ≥ 0.5.

X(t+ 1) =

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

(Xrabbit(t)−Xm(t))− r3(LB + r4(UB − LB)) q < 0.5
(1)

the current hawk is X(t), the position of the hawk is X(t + 1), the prey is
Xrabbit(t). q, r1, r2, r3, and r4, are values between (0,1), UB and LB are
the bounds, Xrand(t) is a random hawk, and Xm is the mean location of the
population in the Eq.1. Random locations are generated inside the range (LB,
UB). The solutions are generated according to a random location and the
locations of the hawks in the population. A random movement is added to
the LB and a random coefficient provides diversification and explores diverse
regions. Equation determines the population’s average location (2):
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Xm(t) =
1

N

N∑
i=1

Xi(t) (2)

N is the population size. The HHO algorithm alternates between explo-
ration and exploitation. The energy (E) is modeled as below:

E = 2E0(1− t

T
) (3)

E0 is the initial energy, E is the energy of the rabbit, T is the iterations.
The value of E decreases during the iterations. If the escaping energy is more
than one, the hawks explore otherwise, they exploit. During exploitation, the
hawks hunt their prey by surprise pounces [19]. Hawks apply chase strategies
according to the escaping behavior of the prey. r value denotes the probability
of the prey to escape, if this value is (r <0.5) the prey can escape. The hawks
can surround the prey from different directions. They get closer to the prey
and increase the chance of capturing the rabbit. The prey can escape but loses
energy during these activities. The hawk can use the besiege process as well.
If E ≥0.5, the soft besiege occurs otherwise, the hard besiege happens.

The prey has enough energy when r ≥ 0.5 and E ≥ 0.5. But it might
take misleading jumps. Then the hawk encircles it softly. This makes the prey
exhausted, and the hawk can perform surprise pounce (see Equation 4).

X(t+ 1) = ∆X(t)− E |JXrabbit(t)−X(t)| (4)

∆X(t) = Xrabbit(t)−X(t) (5)

∆X(t) denotes the difference between the positions of the rabbit at each
iteration t. r5 is a value between 0 and 1, and jump strength of the rabbit is
J = 2(1 − r5). The hawk can hardly surround, attack and pounce the rabbit
when r ≥0.5 and E <0.5. This is formulated in Equation (6) and shown in
Figure 2):

X(t+ 1) = Xrabbit(t)− E |∆X(t)| (6)

Fig. 2 The representation of vectors for hard besiege
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Levy Flights (LF) are used when the rabbit has the energy to escape [19] for
modeling these escaping patterns. The LF mimics the zigzag motions of prey
during the escape. These movements are accepted to be optimal for searching
methods of foragers/predators in non-destructive foraging situations [34, 35].
Monkeys and sharks also use such LF-based patterns [36–39]. A soft besiege
can be performed using Equation (7). Each result is compared to the previous
one to check the quality (see Equation 8)

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

Z = Y + S × LF (D) (8)

where D is the dimension, S is the vector of size of D. and LF is calculated
by Equation (9) [40]:

LF (x) = 0.01× u× σ
|v|

1
β

, σ =

(
Γ(1 + β)× sin(πβ2 )

Γ( 1+β
2 )× β × 2( β−1

2 ))

) 1
β

(9)

where u, v are values between (0,1), β is 1.5. The final position of the hawk
can be evaluated by Equation (10) in the soft besiege phase.

X(t+ 1) =

{
Y if F (Y ) < F (X(t))
Z if F (Z) < F (X(t))

(10)

A soft besiege step of a single hawk is shown in Figure 3. At each step, a
better position is selected.

Fig. 3 The representation of vectors for soft besiege with progressive rapid dives
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If the rabbit does not have enough energy, a hard besiege can happen (see
Figure 4). The following rule is applied;

X(t+ 1) =

{
Y if F (Y ) < F (X(t))
Z if F (Z) < F (X(t))

(11)

Y = Xrabbit(t)− E |JXrabbit(t)−Xm(t)| (12)

Z = Y + S × LF (D) (13)

The pseudo code of the HHO algorithm is given in Algorithm 1.

Fig. 4 The example of overall vectors in the case of hard besiege with progressive rapid
dives in 2 dimensions

The IP-HHO method operates in a parallel computing environment using
several swarms of Harris Hawks. The HHO principles are applied to a variety of
processors with a variety of populations, parameter settings, and seedings. This
procedure creates a very efficient and scalable environment. Diverse swarms
of hawks can investigate and exploit the issue landscape without becoming
trapped in the local optima. Between the processors, the IP-HHO algorithm
employs a master and slave topology. Figure 5 shows the structure of the
IP-HHO algorithm [41, 42]. At slave nodes, the swarm of hawks is located.
The master node manages the communication of the slave nodes. Finally, the
hawks’ results are compiled, and the best one is chosen as the overall best
solution of the optimization algorithm. This process significantly reduces the
execution time required to arrive at the best solution. Figure 6 gives the
flowchart of the IP-HHO algorithm.
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Algorithm 1 The Pseudocode of the HHO algorithm [11]

1: //Input: The population size N and the number of iterations T
2: //Output: The fitness value of the best hawk
3: Generate an initial population Xi(i = 1, 2, . . . , N)
4: while (i++ < N) do
5: Find the fitness values of the hawks in the population
6: Set Xrabbit as the rabbit
7: for all hawk (Xi) do
8: Set the initial energy E0 and jump strength J
9: Update the value of E

10: end for
11: if (|E| is more than 1) then . Exploration step

12: Update the location vector
13: end if
14: if (|E| is less than 1) then . Exploitation step

15: if (r ≥ 0.5 and |E| ≥ 0.5 ) then . Perform Soft besiege

16: Update the location
17: else if (r ≥0.5 and |E| < 0.5 ) then . Perform Hard besiege

18: Update the location
19: else if (r <0.5 and E ≥ 0.5 ) then . Soft besiege with

progressive rapid dives

20: Update the location
21: else if (r <0.5 and E < 0.5 ) then . Hard besiege with

progressive rapid dives
22: Update the location
23: end if
24: end if
25: end while
26: return Xrabbit
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Fig. 5 The multiple swarm Harris hawks and the master node that controls the communi-
cation.
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Fig. 6 The flowchart of the IP-HHO algorithm.
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4 Performance Evaluation of the Experiments

We explain the details of our benchmark problem instances, the results
obtained with the IP-HHO algorithm, the execution times, the comparison
with state-of-the-art algorithms, the speedup and scalability of the IP-HHO
algorithm in this section of our study.

4.1 Experimental setup and problem instances

The algorithms are implemented using C++ and MPI libraries. The C++ code
of the HHO can be found on our website 1. We use a high-performance AMD
Opteron 6212 computer CPU, which runs at 2.6 GHz and has eight cores.
Eight threads can be created on each core. The computer works with a 1.5 TB
hard drive and 256 GB RAM.

The results of IP-HHO are compared with GA [2, 43], PSO [4, 43], DE
[6, 43], Biogeography Based Optimization (BBO) [43], Cuckoo Search (CS)
[44], Bat Algorithm (BA) [46], TLBO [45], Flower pollination algorithm (FPA)
[47], Firefly Algorithm (FA) [48], Grey Wolf Optimizer (GWO) [49], Island
Parallel GWO (IP-GWO), and Moth Flame Optimization (MFO) [50]. The
statistical parameters, standard deviation (STD), the average value of the
results (AVG) and best score (BEST) are compared in detail. To evaluate the
metaheuristics, the Wilcoxon test with a 5% significance level is used. [51, 52].
For all algorithms, the population size and number of iterations are set to 30
individuals and 500 iterations, respectively. Table 1 lists the parameters used
by metaheuristic algorithms. These are the best parameters that the meta-
heuristics use. During our comparison activities, all experiments are repeated
30 times.

A variety of benchmark functions are used to validate the performance of
the IP-HHO algorithm [53, 54]. During the experiments, 13 different (most
commonly tested) unimodal (UM) and multimodal (MM) functions are tested
(for more information, see Tables 2 and 3 for details). These benchmark prob-
lems can be used to put the newly proposed algorithms’ exploration and
exploitation abilities to the test. Tables 4 and 5 provide information about
the surface analysis of uni-modal and multi-modal functions, respectively, and
the convergence performance of the classical HHO algorithm with 500 itera-
tions. Premature convergence of the classical HHO is observed for functions
f5, f6, f8, f12, and f13. The IP-HHO uses a multi-swarm approach to solve
this problem and handles local optima.

Table 6 shows the results of the IP-HHO algorithm for 13 different bench-
mark functions (with 30, 100, 500 and 1000 dimensions and 64 processors).

Figure 7 compares the average performance of the HHO and IP-HHO algo-
rithms with 30, 100, 500, and 1000 dimensions. Figure 8 shows the percentage
improvements for the 30, 100, 500, and 1000 dimensions.

Tables 7, 8, 9, and 10 provide detailed information about the performance
of the IP-HHO algorithm and the latest metaheuristics (see Figures 9, 10, 11,

1https://user.ceng.metu.edu.tr/ e1451970
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Table 1 The settings of the parameter for the metaheuristic algorithms used in this study.

Algorithm Parameter Value

GA crossover probability 0.5
mutation probability 0.01
selection method roulette wheel

PSO topology fully connected inertia factor 0.3
c1 1
c1 1

DE the factor of scaling 0.5
the probability of crossover 0.5

BBO habitat modification probability 1
immigration probability bounds per gene [0, 1]
step size for numerical integration of probabilities 1
migration rates for each island 1

CS discovery rate pa 0.25
BA Qmin frequency minimum 0

Qmax frequency minimum 2
A Loudness 0.5
τ Pulse Rate 0.5

TLBO the factor of teaching T 1,2
FPA probability switch p 0.8
FA α 0.5

β 0.2
γ 1

GWO the constant of convergence a [2 0]
MFO convergence constant a [-1 -2]

the factor of spiral b 1

and 12 given in logscale for visual representations of the results). The IP-HHO
algorithm can achieve the best eight solutions (out of 13 functions) for the 30-
dimension problem, as shown in Table 7. For the other benchmark problems
with 30 dimensions, the IP-HHO algorithm seems to achieve the second or
third best solution.

In Table 8, the IP-HHO algorithm obtains the best results for 11 of the
13 functions with a 100-dimensional search space. In Table 9, the IP-HHO is
better than all the other algorithms except the function 8 with 500 dimen-
sions. The IP-HHO is superior when compared to metaheuristics in Table 10.
After testing 52 functions with different dimensions, the IP-HHO algorithm
is observed to be the best in 43 tests and the second/third best one in 11
metaheuristics. As the dimension increases, it is seen that the IP-HHO algo-
rithm performs better than the others. When the figures of f1 and f4 functions
in Table 4 are examined, we see that both functions are located in a simi-
lar parameter space with a single local minima. Although there is not much
similarity between f12 and f13 in terms of surface shapes, the layout of local
minima numbers shows similarity between these two functions.

The IP-HHO algorithm employs numerous exploration and exploitation
techniques to efficiently avoid the local optima problem. This algorithm’s early
convergence is also a disadvantage. The multi-swarm optimization environment
takes an efficient approach to calculations and allows for the exploration of
a wide range of search areas. Exploration and exploitation patterns can be
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Table 2 Details of the uni-modal benchmark functions.

No Name Function Range fmin

1 Sphere f1(x) =

n∑
i=1

x2i [-5.12, 5.12] 0

2 Schwefel’s 2.22 f2(x) =

n∑
i=0

|x i|+
n∏

i=0

|x i| [-10, 10] 0

3 Ridge f3(x) =

n∑
i=1

(

i∑
j=1

xj)2 [-64, 64] 0

4 Schwefel’s 2.21 f4(x) = maxi{|x i|, 1 ≤ i ≤ n} [-100, 100] 0

5 Rosenbrock f5(x) =

n−1∑
i=1

[100(x2i − xi+1)2

+(1− xi)2]

[-2.048, 2.048] 0

6 Fun6 f6(x) =

n∑
i=1

([xi + 0, 5])2 [-100, 100] 0

7 Quartic f7(x)) =

n∑
i=0

ix4i + random[0, 1) [-1.28, 1.28] 0

explicitly improved by using different levels of energy. Using the escape energy,
transitions between these two phases are possible. During optimization, the
jump parameter J can be used to balance exploration and exploitation efforts.
The probability of obtaining the best solutions increases significantly when
many random values are tested in the parallel computation environment.
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Table 4 Surface analysis of uni-modal functions and the convergence performance of the
IP-HHO algorithm with 500 iterations.

fun. Surface Diagram and Iterations

Sphere (f1)

Schwefel’s
2.22 (f2)

Ridge (f3)

Schwefel’s
2.21 (f4)

Rosenbrock
(f5)

f6

Quartic
(f7)
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Table 5 Surface analysis of multi-modal functions and the convergence performance of
the IP-HHO algorithm with 500 iterations.

Function Surface Diagram and Iterations

Schwefel
(f8)

Rastrigin
(f9)

Ackley
(f10)

Griwank
(f11)

f12

f13
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Table 6 The results of the IP-HHO with 30, 100, 500, and 1000 dimensions. 64 processors
are used during the experiments. AVG is the overall average fitness values of the population,
STD is the standard deviation and BEST is the best individual in the population.

Func. Metric 30 100 500 1000
AVG 1.82E-93 6.17E-90 6.38E-87 3.55E-86

f1 STD 2.86E-93 8.60E-90 7.93E-87 3.37E-86
BEST 9.71E-99 3.42E-93 3.62E-92 5.34E-91
AVG 1.51E-48 7.22E-47 5.88E-45 3.22E-42

f2 STD 1.35E-48 7.14E-47 5.30E-45 4.34E-42
BEST 5.43E-50 5.53E-49 1.75E-47 7.74E-45
AVG 1.99E-67 5.58E-53 4.29E-31 8.37E-21

f3 STD 3.31E-67 1.34E-52 9.03E-31 2.07E-20
BEST 8.60E-74 6.72E-62 3.13E-42 2.77E-35
AVG 4.53E-43 8.27E-42 2.22E-40 8.70E-40

f4 STD 1.82E-42 1.94E-41 2.79E-40 8.13E-40
BEST 1.83E-46 8.49E-46 1.39E-43 2.02E-41
AVG 2.65E+01 9.70E+01 4.94E+02 9.89E+02

f5 STD 1.65E-01 1.56E-01 1.14E-02 3.26E-02
BEST 2.61E+01 9.63E+01 4.94E+02 9.89E+02
AVG 2.25E-03 1.86E-01 3.64E+00 8.47E+00

f6 STD 3.52E-04 1.32E-02 1.41E-01 4.20E-01
BEST 1.53E-03 1.57E-01 3.20E+00 7.21E+00
AVG 1.86E-05 2.80E-05 3.08E-05 3.17E-05

f7 STD 1.03E-05 1.32E-05 1.74E-05 1.74E-05
BEST 2.41E-06 4.36E-06 4.30E-06 9.24E-07
AVG -7.60E+03 -1.89E+04 -5.73E+04 -1.02E+05

f8 STD 3.38E+02 4.92E+02 2.26E+03 4.62E+03
BEST -8.65E+03 -2.02E+04 -6.20E+04 -1.16E+05
AVG 0.00E+00 0.00E+00 0.00E+00 0.00E+00

f9 STD 0.00E+00 0.00E+00 0.00E+00 0.00E+00
BEST 0.00E+00 0.00E+00 0.00E+00 0.00E+00
AVG 4.44E-16 4.44E-16 4.44E-16 4.44E-16

f10 STD 9.86E-32 9.86E-32 9.86E-32 9.86E-32
BEST 4.44E-16 4.44E-16 4.44E-16 4.44E-16
AVG 0.00E+00 0.00E+00 0.00E+00 0.00E+00

f11 STD 0.00E+00 0.00E+00 0.00E+00 0.00E+00
BEST 0.00E+00 0.00E+00 0.00E+00 0.00E+00
AVG 5.01E-04 3.03E-03 7.43E-03 8.63E-03

f12 STD 8.78E-05 3.02E-04 3.75E-04 5.73E-04
BEST 3.15E-04 2.36E-03 6.43E-03 7.09E-03
AVG 1.77E-02 1.76E-01 1.32E+00 2.52E+00

f13 STD 4.34E-03 3.09E-02 1.91E-01 2.37E-01
BEST 9.20E-03 1.11E-01 9.74E-01 1.78E+00
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Fig. 7 The performance comparison of HHO and IP-HHO algorithms with 30, 100, 500,
and 1000 dimensions. (function plots of f1, f2, f3, f4, f5, f6, f7, and f13 are given in logscale)
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Fig. 8 The improvements of the IP-HHO algorithm against HHO with 30, 100, 500, and
1000 dimensions.
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Fig. 9 Logscale visualization of results in Table 7 for 30 dimensions (The results closer to
the center of the plot have better performance).
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Fig. 10 Logscale visualization of results in Table 8 for 100 dimensions (The results closer
to the center of the plot have better performance).
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Fig. 11 Logscale visualization of results in Table 9 for 500 dimensions (The results closer
to the center of the plot have better performance).
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Fig. 12 Logscale visualization of results in Table 10 for 1000 dimensions (The results closer
to the center of the plot have better performance).
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4.2 The Wilcoxon rank-sum tests with 5% significance

The Wilcoxon rank-sum test is a statistical evaluation for randomly selected
two values X and Y from two different populations. According to p-values in
Table 11, the observed differences are significant for all cases. In Table 12, the
IP-HHO is significantly better in all cases. Considering the p-values in Table
13, the IP-HHO can outperform the other algorithms as well. Table 14 shows
the significant gap between the other algorithms.

Table 11 The Wilcoxon rank-sum test p-values with 5% significance for 30 dimensions
(results larger than 0.05 are underlined). NaN is ’Not a Number’ value that is return from
our tests.

func. GA PSO BBO FPA GWO IP-GWO BAT FA CS MFO TLBO DE
f1 3.85E-11 3.88E-11 3.52E-11 3.42E-11 3.52E-11 3.62E-11 3.52E-11 3.52E-11 3.52E-11 3.52E-11 3.52E-11 3.52E-11
f2 2.72E-10 2.52E-10 4.56E-10 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f3 2.05E-11 2.03E-11 2.09E-11 1.02E-11 1.02E-11 1.03E-11 1.02E-11 1.02E-11 1.02E-11 1.02E-11 1.02E-11 1.02E-11
f4 2.62E-10 2.84E-10 2.62E-10 3.02E-10 3.02E-10 2.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f5 2.62E-09 2.52E-09 2.72E-09 3.02E-09 3.02E-09 1.22E-09 3.02E-09 3.02E-09 3.02E-09 3.02E-09 3.02E-09 3.02E-09
f6 2.72E-10 2.71E-10 2.62E-10 3.02E-10 3.02E-10 2.04E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 2.25E-03 3.02E-10
f7 1.51E-11 2.21E-11 8.19E-11 2.02E-11 3.29E-11 3.12E-11 1.02E-11 1.01E-11 1.01E-11 1.01E-11 1.01E-11 1.01E-11
f8 7.13E-09 2.71E-10 7.61E-08 2.02E-11 2.02E-11 1.98E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11
f9 9.49E-13 1.00E-12 NaN 1.21E-12 4.35E-12 3.78E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 4.57E-12 1.21E-12
f10 1.01E-11 1.11E-11 1.11E-11 1.11E-11 1.16E-12 1.08E-12 1.21E-11 1.21E-11 1.21E-11 1.11E-11 4.16E-12 1.11E-11
f11 9.53E-13 9.57E-13 9.54E-13 1.21E-12 2.79E-03 3.62E-04 1.21E-12 1.21E-12 1.21E-12 1.21E-12 NaN 1.21E-12
f12 2.63E-10 2.51E-11 2.61E-11 3.02E-10 3.02E-10 2.88E-10 3.02E-11 3.02E-11 1.01E-08 3.02E-11 1.07E-06 3.02E-10
f13 2.51E-10 2.70E-10 2.52E-10 3.00E-10 3.00E-10 2.80E-10 3.02E-11 5.49E-11 3.00E-10 3.00E-10 2.00E-06 3.00E-10

Table 12 The Wilcoxon rank-sum test p-values with 5% significance for 100 dimensions
(results larger than 0.05 are underlined).

func. GA PSO BBO FPA GWO IP-GWO BAT FA CS MFO TLBO DE
f1 2.78E-10 2.50E-10 2.50E-10 2.78E-10 2.78E-10 2.76E-10 2.78E-10 2.78E-10 2.78E-10 2.78E-10 2.78E-10 2.78E-10
f2 2.81E-10 2.72E-11 2.72E-10 2.81E-10 2.81E-10 2.80E-10 2.81E-10 2.81E-10 2.81E-10 2.81E-10 2.81E-10 2.81E-10
f3 2.52E-10 2.52E-10 2.52E-10 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f4 2.51E-10 2.51E-10 2.51E-10 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f5 2.70E-10 2.70E-10 2.70E-10 3.00E-10 3.00E-10 2.98E-10 3.00E-10 3.00E-10 3.00E-10 3.00E-10 3.00E-10 3.00E-10
f6 2.52E-11 2.52E-11 2.52E-11 3.02E-11 3.02E-11 2.98E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11
f7 2.01E-11 1.79E-11 2.01E-11 1.01E-11 1.11E-11 1.10E-11 1.00E-11 9.90E-12 1.12E-11 1.12E-11 4.00E-10 2.02E-11
f8 2.70E-10 2.70E-10 2.83E-11 3.01E-10 3.01E-10 2.98E-10 3.01E-10 3.01E-10 1.57E-09 3.01E-10 3.01E-10 3.01E-10
f9 1.06E-12 9.57E-13 9.54E-13 1.21E-12 1.21E-12 1.20E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 3.34E-01 1.21E-12
f10 1.20E-13 1.20E-13 1.00E-11 1.00E-11 1.00E-11 1.00E-11 1.00E-11 1.00E-11 1.00E-11 1.00E-11 2.16E-13 1.00E-11
f11 1.06E-12 9.55E-13 9.56E-13 1.21E-12 1.21E-12 1.20E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 NaN 1.21E-12
f12 2.75E-10 1.53E-10 1.53E-10 3.00E-10 3.00E-10 2.98E-10 3.00E-10 3.00E-10 3.00E-10 3.00E-10 3.00E-10 3.00E-10
f13 2.72E-10 2.70E-10 2.52E-11 3.02E-11 3.01E-10 2.98E-10 3.01E-10 3.01E-10 3.01E-10 3.01E-10 3.01E-10 3.01E-10

Table 13 The Wilcoxon rank-sum test p-values with 5% significance for 500 dimensions
(results larger than 0.05 are underlined).

func. GA PSO BBO FPA GWO IP-GWO BAT FA CS MFO TLBO DE
f1 1.94E-10 1.94E-10 1.94E-10 2.02E-11 2.02E-11 2.01E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11
f2 1.50E-11 1.50E-11 1.50E-11 2.02E-11 2.02E-11 2.01E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11
f3 2.02E-11 2.52E-11 2.72E-11 2.02E-11 2.02E-11 2.01E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11
f4 1.50E-11 1.50E-11 1.50E-11 3.02E-11 3.02E-11 3.00E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11 3.02E-11
f5 2.12E-10 2.12E-10 2.12E-10 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f6 2.11E-10 2.11E-10 2.11E-10 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f7 2.11E-10 2.79E-11 2.11E-10 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 4.11E-10 3.02E-10
f8 2.11E-10 2.72E-10 2.63E-11 2.02E-10 2.02E-10 2.00E-10 2.02E-10 2.02E-10 2.02E-10 2.02E-10 2.02E-10 2.02E-10
f9 1.06E-12 1.06E-12 1.06E-12 1.21E-12 1.21E-12 1.19E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 NaN 1.21E-12
f10 9.57E-13 9.57E-13 1.06E-12 1.21E-12 1.21E-12 1.19E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 6.14E-14 1.21E-12
f11 9.57E-13 9.57E-13 1.06E-12 1.21E-12 1.21E-12 1.19E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 NaN 1.21E-12
f12 2.52E-10 3.59E-10 1.78E-11 3.02E-10 3.02E-10 3.00E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10
f13 2.11E-10 2.52E-11 2.11E-10 3.01E-10 3.01E-10 2.98E-10 3.01E-10 3.01E-10 3.01E-10 3.01E-10 3.01E-10 3.01E-10
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Table 14 The Wilcoxon rank-sum test p-values with 5% significance for 1000 dimensions
(results larger than 0.05 are underlined).

func. GA PSO BBO FPA GWO IP-GWO BAT FA CS MFO TLBO DE
f1 2.74E-10 2.54E-10 2.52E-11 2.74E-10 2.74E-10 2.72E-10 2.74E-10 2.74E-10 2.74E-10 2.74E-10 2.74E-10 2.74E-10
f2 2.54E-10 1.21E-12 2.72E-11 2.74E-10 2.74E-10 2.72E-10 2.54E-10 2.54E-10 2.74E-10 2.41E-10 1.21E-12 1.21E-12
f3 1.86E-11 1.86E-11 1.86E-11 2.02E-11 2.02E-11 2.00E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11
f4 1.93E-10 1.93E-10 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09
f5 2.70E-11 1.52E-11 1.52E-11 2.02E-11 2.02E-11 2.00E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11 2.02E-11
f6 2.21E-10 2.63E-10 2.63E-10 3.00E-09 3.00E-09 2.98E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09
f7 2.64E-10 2.52E-10 2.52E-10 2.41E-10 2.41E-10 2.40E-10 2.41E-10 2.41E-10 2.41E-10 2.41E-10 2.41E-10 2.41E-10
f8 2.21E-10 2.63E-10 2.52E-11 3.00E-09 3.00E-09 2.98E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09 3.00E-09
f9 1.01E-12 1.06E-12 9.57E-13 1.21E-12 1.21E-12 1.18E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 NaN 1.21E-12
f10 1.01E-10 1.01E-10 9.57E-11 1.42E-10 1.42E-10 1.40E-10 1.42E-10 1.42E-10 1.42E-10 1.42E-10 8.72E-14 1.42E-10
f11 1.06E-12 1.01E-12 9.57E-13 1.21E-12 1.21E-12 1.18E-12 1.21E-12 1.21E-12 1.21E-12 1.21E-12 1.17E-13 1.21E-12
f12 3.21E-09 2.11E-09 2.23E-09 3.02E-09 3.02E-09 2.98E-09 3.02E-09 3.02E-09 3.02E-09 3.02E-09 3.02E-09 3.02E-09
f13 1.44E-09 2.21E-09 2.72E-09 3.02E-10 3.02E-10 2.98E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10 3.02E-10

4.3 Execution times of the IP-HHO algorithm

In Table 15, the execution times of the algorithms are presented. The results
of the IP-HHO algorithm are obtained with 64 processors. Considering the
algorithm’s computational complexity, the leading factors of the IP-HHO are
the number of trials and the computation time of the functions. It is seen that
the function f3 needs more time during the calculations compared to the others
[11]. Since it is an O(n2) complexity function, this difference appears clearly
when the dimension number is 1000. The same situation is observed in other
metaheuristic algorithms. The IP-HHO algorithm shows a fast performance in
obtaining the solutions with high dimensional functions.

4.4 The performance of the IP-HHO algorithm with
increasing number of processors

In this section of our experiments, we report on the performance of the IP-
HHO algorithm as the number of processors increases. First, we begin with two
processors and demonstrate how the algorithm’s performance changes with 4,
8, 16, 32, and 64 processors for the f1, f5, and f9 functions. Figures 13, 14, and
15 show the results of the functions as the number of processors increases. As
can be seen, as the number of processors increases from 2 to 64, the results
appear to improve. Furthermore, the proposed IP-HHO algorithm employs a
master-slave communication style, with slave nodes sending the best solutions
to the master node when the results of their local optimization are available.
This procedure also significantly reduces the need for communication.

Fig. 13 The performance of the IP-HHO algorithm with increasing number of processors
for function f1.
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Fig. 14 The performance of the IP-HHO algorithm with increasing number of processors
for function f7.

Fig. 15 The performance of the IP-HHO algorithm with increasing number of processors
for function f13.
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5 Conclusions and Future Work

For the first time in the literature, this work proposes an Island Parallel HHO
(IP-HHO) technique for optimizing continuous multidimensional problems.
The HHO method is a revolutionary optimization technique that makes use of
novel mathematical notions. Thirteen unimodal and multimodal benchmark
problems with four different dimensions (30, 100, 500, and 1000) were assessed
to determine the IP-HHO method’s performance. This unique algorithm was
designed with the discovery, exploitation, and avoidance of local optima in
mind. Parallel computation may be demonstrated to generate a multi-swarm
environment in which thousands of hawks can optimize problems in a variety
of ways. We were able to improve the performance of the sequential version
of the HHO approach in all of the scenarios studied. The proposed IP-HHO
approach enhances performance while preserving scalability and increasing
calculation speed as the number of processors increases. As the number of
dimensions increases, it is discovered that the IP-HHO approach consistently
outperforms other state-of-the-art metaheuristic algorithms. We compared the
performance of the IP-HHO algorithm with the parallel IP-GWO algorithm.
In the results we obtained, we saw that IP-HHO gave better results than IP-
GWO. Our IP-HHO algorithm has improved the solutions of f1, f2, f3, f4, f7,
f12, and f14 more than the other benchmark functions in our testset.

We intend to develop hybrid versions of the HHO algorithm in the future
that combine WOA and ABC optimization techniques and then apply them to
a real-world case study. Hyperheuristic algorithms can also produce incredibly
promising results because they mix several search approaches from diverse
heuristics. As a result, witnessing the outcomes of modern metaheuristics
when they are combined into a single and common population would be fas-
cinating. Parallelized algorithms are another effective strategy for improving
the quality of the outcomes.
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