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Abstract: The 0/1 knapsack problem is one of the prominent NP-hard binary optimization problems. Solving
such problems using exact methods can be computationally expensive. Therefore, metaheuristic methods which
offer optimal or near optimal solutions in a reasonable time, are commonly utilized for such tasks. The Hiking
Optimization Algorithm (HOA) is a recently proposed metaheuristic optimization algorithm that is inspired by
the similarity between the hikers’ navigation of steep terrain and the search process within the optimization
problem’s search space. However, the basic algorithm is initially proposed for continuous optimization
problems. To apply the algorithm to binary optimization tasks, certain adaptations are required. One of the
commonly used binarization techniques involves using a transfer function to convert continuous decision
variables into binary counterparts. In this study, HOA is binarized using four different variants for each of the
following transfer function types: S-shaped, U-shaped, Z-shaped, and T-shaped. Furthermore, a repair function
is adopted to tackle the infeasible solutions produced by the algorithm. The performance of the proposed binary
HOA (binHOA) algorithm is assessed on two standard benchmark datasets. The results are compared with the
binary versions of the well-known optimization algorithms. The experimental results indicate that the proposed
binary version of HOA is a competitive alternative for the 0/1 knapsack problem.
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Introduction

The knapsack problem is a well-known combinatorial optimization problem that aims to find the combination of
items that maximizes total profit while ensuring that the sum of their weights does not exceed the knapsack’s
capacity (Zhou et al., 2023). The knapsack problem has a variety of real-world applications, including resource
allocation (Reniers & Sorensen, 2013), container loading (Pisinger, 2002), and real estate property maintenance
(Taillandier et al., 2017). This problem has several variants, such as the multiple-choice knapsack, multi-
dimensional knapsack, fractional knapsack, and 0/1 knapsack, that cover numerous application areas (Mahafzah
et al., 2025). This study focuses on the 0/1 knapsack problem. In the 0/1 knapsack problem, if an item is
selected, the value of the decision variable associated with it becomes 1; otherwise, it becomes 0, indicating that
the item is not selected. The knapsack problem belongs to the NP-hard class. Therefore, finding a solution in a
reasonable time using exact methods may require excessive computation time for some problem instances,
especially high dimensional ones (Pisinger, 2005). Metaheuristic algorithms can be used as an alternative due to
their stochastic nature, which makes it relatively efficient to find optimal or near-optimal solutions in a
reasonable time.

In recent years, numerous metaheuristic algorithms have been proposed to address the 0/1 knapsack problem. In
the study by Abdel-Basset et al. (2021), the marine predators algorithm (MPA) was applied to the 0/1 knapsack
problem, and the basic algorithm was binarized using S-shaped and V-shaped transfer functions. Similarly, in
the study by Sun et al. (2021), the binary particle swarm optimization (PSO) algorithm was used to solve the 0/1
knapsack problem. Four different variants of Z-shaped transfer functions were employed to convert continuous
decision variables into binary ones. To ensure that the generated solutions complied with the constraints, a
penalty function was utilized. Shu et al. (2022) proposed a hybrid model combining the binary ant colony
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optimization (ACO) algorithm and a modified version of the hybrid rice optimization (HRO) algorithm to solve
the large-scale 0/1 knapsack problem. In addition, a two-phase repair strategy was used to handle infeasible
solutions. In the study by Yildizdan and Bas (2023), the artificial jellyfish search (AJS) algorithm was binarized
to solve the 0/1 knapsack problem, where the continuous search space was mapped to a binary version using S-
shaped and V-shaped transfer functions. Biiylikoz and Hakli (2023) proposed a binary version of the honey
badger algorithm (HBA) for solving the 0/1 knapsack problem. In the binarization process, V-shaped, S-shaped,
U-shaped, T-shaped, Tangent Sigmoid, O-shaped, and Z-shaped transfer functions were used. Similarly, Ervural
and Hakli (2023) proposed a binary version of the reptile search algorithm (RSA) for the 0/1 knapsack problem.
Various transfer functions, including V-shaped, S-shaped, U-shaped, T-shaped, and Z-shaped, were utilized in
the binarization process. In addition, a stochastic repair and improvement method was introduced to handle
infeasible solutions generated by the algorithm. Limane et al. (2024) introduced a binary version of the electric
eel foraging optimization (EEFO) algorithm for solving the 0/1 knapsack problem. S-shaped and V-shaped
transfer functions were employed to transfer the continuous search space into binary search space. To further
improve the performance of the proposed algorithm, an enhanced repair and improvement (RI) method was
introduced to tackle infeasible solutions. Erdogan et al. (2025) proposed a binary version of the grey wolf
optimizer (GWO), namely the binary dynamic grey wolf optimizer (BDGWO), to solve binary optimization
problems. The effectiveness of the BDGWO algorithm was assessed using the 0/1 knapsack problem. Ihsan and
Sag (2025) introduced a binary version of the puma optimizer (PO) algorithm, which was binarized using S-
shaped and V-shaped transfer functions. The performance of the proposed algorithm was evaluated on the 0/1
knapsack problem.

As seen from the studies in the literature, various metaheuristic optimization algorithms have been applied to the
0/1 knapsack problem. One of the recently proposed metaheuristic optimization algorithms is the hiking
optimization algorithm (HOA), which is inspired by the resemblance between a hiker’s traversal of the
mountainous terrain and the exploration of an optimization problem’s search space. However, it is observed
from the literature that there is no notable binary variant of the HOA introduced to solve the knapsack problem.
To address this gap, the recently introduced hiking optimization algorithm is binarized in this study to solve the
0/1 knapsack problem. It is also observed that transfer functions for converting the search space from
continuous to binary are commonly used in the literature. In this study, four different types of transfer functions,
namely S-shaped (Mirjalili & Lewis, 2013), U-shaped (Mirjalili et al., 2020), Z-shaped (Guo et al., 2020), and
T-shaped (He et al., 2022), are used to binarize the HOA. The performance of the proposed binary version of the
HOA, called binary HOA (binHOA), is evaluated on two well-known benchmark datasets. The performance of
the binHOA is compared with six well-known metaheuristic algorithms.

Method
The 0/1 Knapsack Problem

In the knapsack problem it is assumed that there is a knapsack with a capacity of # and n items with weight of
w and a profit of p. Let x; be a vector holds the information whether the item i is included in the knapsack. The
objective function of the knapsack problem is as follows (Sakib et al., 2025):

N
maximize Z DiX;
i=1
Subject to constraints:
i=1
X € {0,1}

where x;=1 means i-th item is included and x;=0 means i-#/ item is not included. The objective is to determine an
x vector that maximizes the total profit and does not exceed the capacity of the knapsack.

Hiking Optimization Algorithm
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HOA is a human-inspired metaheuristic algorithm based on the hiking activity (Oladejo et al., 2024). The
algorithm is mathematically modeled using Tobler’s hiking function, an exponential function that determines a
hiker’s walking speed, as a function of terrain slope. The Tobler’s hiking function given as follows:

W, = 6e~3-518::+0.05]

where W, represents the velocity of the i-th hiker at the #-th iteration. S;, represents the slope of the terrain and

calculated as follows:

dh
Si,t = d_x = tan@m

where dh represents the difference in elevation, dx represents the distance traversed by the hiker, and the 8
denotes the inclination angle of the terrain, ranging from 0° to 50°. The current velocity of the i-th hiker is
calculated as follows:

Wie =Wiio1 +vie (ﬁbest_ai,tﬁi,t)

vi.is a uniformly distributed number in the range [0,1], W;,and W;.; represents the current and initial velocity of
the i-th hiker respectively. fres is the position of the lead hiker and a;, is the sweep factor (SF) of the i-th hiker
ranging from 1 to 3. SF prevents hikers from deviating excessively from the lead hiker, ensuring both
navigational guidance and signal reception are maintained. The position of the i-th hiker is updated as follows:

ﬁi,t+1 = .Bi,t + W,

The pseudocode of the HOA is given in Algorithm 1.

Algorithm 1 Pseudocode of the HOA

input: Ub (upper bound), Lb (lower bound), 7 (maximum iteration number), / (number of hikers), d
(dimension)

1:  F< initialize fitness vector

2. Fpes € initialize best fitness vector

3:  f < initialize hikers’ position randomly

4. fori< 1tol

5: F; € Calculate the fitness of the i-th hiker

6: end for

7. Fhres 1 € initial best fitness of hikers

8. fort€<1toT

9: Fpesir € best fitness value

10: Prest € position of the best solution

11: fori <1tol

12: P < initial position of the i-th hiker

13: 0;: €< elevation angle

14: Si¢ € calculate the slope

15: Wi .1 € calculate the initial velocity of the i-th hiker
16: Wi, € calculate the actual velocity of the i-th hiker
17: Bi+1 € update the position of the i-th hiker

18: Apply boundary constraints to ;; within [Lb, Ub]
19: if F,<F(n)

20: v(n,:) € Bisi

21: Fm) € F,

22: end if

23: end for

24: Fsor (i+1) €min(F)

25:  end for

26: Fopt sor €argmin(Fio)

27:  return Fopt sol

Proposed Binary Hiking Optimization Algorithm
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Hiking optimization algorithm is initially proposed for solving continuous optimization problems. It requires
certain modifications to adapt the HOA to solve binary optimization problems such as the 0/1 knapsack. There
are various techniques that transform real-valued decision variables into binary counterparts. Transfer functions
are one of the common methods for this purpose. In this study, four different types of transfer functions are
used. Four variants of each transfer function, each with different parameters, were evaluated and the best-
performing one was determined. The formulations of the transfer functions are given in Table 1.

Table 1. The formulations of the transfer functions: S-shaped, U-shaped, Z-shaped, and T-shaped

S-shaped U-shaped Z-shaped T-shaped
1 Vx
S@ =1 W@ =x a0=VT-7 aw=
1 2 |x|
Sz(x)zm uy(x) =x z3(x) =V1—5* tz(x):m
1 Vx
50 =1 W= s@=VT=F 6=
1 Vx
s4(x) = 1+ex3 us(x) =x* z,(x) =VI—207 ty(x) = 7

After each position updates in the basic algorithm, the continuous position vector is converted to a binary vector
as follows:

1 if TF(x) < T}

X, =
bin {0 else

Algorithm 2 Pseudocode of the binHOA
input: Ub (upper bound), Lb (lower bound), T (maximum iteration number),
I (number of hikers), d (dimension)

1:  F< initialize fitness vector

2:  Fpes € initialize best fitness vector

3:  f < initialize continuous position vector randomly

4: B € initialize binary position vector randomly

5: fori€1tol

6: F; € Calculate the fitness of the i-th hiker

7:  end for

8:  Fpesrs € initial best fitness of hikers

9: fort<1toT

10: Fpesi.r € best fitness value

11: PBrest € position of the best solution

12: fori €1tol

13: Bi: € initial position of the i-th hiker

14: 0,: € elevation angle

15: Si. € calculate the slope

16: W; .1 € calculate the initial velocity of the i-th hiker
17: W, € calculate the actual velocity of the i-th hiker
18: Pi+1 €< update the position of the i-th hiker

19: Apply boundary constraints to f5;; within [Lb, Ub]
20 Prin € binarize the continuous position vector

21 Apply the repair function

22: if F,<F(n)

23: v(n,:) € Bisi

24: Fn) € F,

25: end if

26: end for

27: Fior (i+1) €min(F)

28: end for

29: Fopt sor €argmin(Fyo)

30:  return Fop sol
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where X is a binary position vector for the corresponding continuous position vector x, 7 is a threshold value,
and TF denotes the transfer function. Following Ervural and Hakli (2023), the threshold values are set to a
random number in the range [0, 1] for S-, U-, and Z-shaped functions, and to 0.5 for the T-shaped function. To
further improve the performance of the proposed binHOA, a stochastic repair function (Ervural & Hakli, 2023)
is adopted. Following the binarization of the continuous position vectors, the repair function is applied, thereby
ensuring that all solutions in the population are feasible. The pseudocode of the binHOA is given in Algorithm2.

Results and Discussion

Datasets

This study employs two standard benchmark datasets. The small-scale dataset consists of 10 problem instances,
with problem dimensions ranging from 4 to 20. The details of the small-scale dataset (Zou et al., 2011) are given

in Table 2.

Table 2. The small-scale dataset
Problem Dimension Optimum Value

f1 10 295

2 20 1024

3 4 35

f4 4 23

f5 15 481.0694
fo 10 50

f7 7 107

8 23 9767

9 5 130

f10 20 1025

The other benchmark dataset is a medium-scale dataset (Bansal & Deep, 2012), which consists of 25 instances.
The dimensions of the problems in the dataset range from 8 to 24. The details of the dataset are given in Table 3.

Table 3. The medium-scale dataset
Problem Dimension Optimum Value Problem Dimension Optimum Value

ks 8a 8 3924400 ks 16d 16 9348889
ks 8b 8 3813669 ks 16e 16 7769117
ks 8¢ 8 3347452 ks 20a 20 10727049
ks 8d 8 4187707 ks 20b 20 9818261
ks 8e 8 4955555 ks 20c 20 10714023
ks 12a 12 5688887 ks 20d 20 8929156
ks 12b 12 6473019 ks 20e 20 9357969
ks 12¢ 12 5170626 ks 24a 24 13549094
ks 12d 12 6941564 ks 24b 24 12233713
ks 12e 12 5337472 ks 24c 24 12448780
ks 16a 16 7850983 ks 24d 24 11815315
ks 16b 16 9352998 ks 24e 24 13940099
ks 16¢ 16 9151147

Experimental Results

The proposed binHOA is evaluated on two different scale benchmark datasets. The results are compared with
the binary versions of six different well-known optimization algorithms namely, particle swarm optimization
(PSO) (Kennedy & Eberhart, 1995), differential evolution (DE) (Storn & Price, 1997), artificial bee colony
(ABC) (Karaboga, 2005; Karaboga & Basturk, 2007), grey wolf optimizer (GWO) (Mirjalili et al., 2014), whale
optimization algorithm (WOA) (Mirjalili & Lewis, 2016), and sparrow search algorithm (SSA) (Xue & Shen,
2020). Due to the stochastic nature of the algorithms, each is independently run 20 times. The maximum number
of iterations and the population size are set to 5000 and 20, respectively, as in (Abdel-Basset et al., 2021;
Yildizdan & Bag, 2023). To ensure fairness in the experiments, the same parameter settings are applied to all
algorithms, as summarized in Table 4.
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Table 4. Parameter setting

Population size 20
Maximum number of iterations 5000
Number of runs 20

The performances of the algorithms are evaluated in terms of standard deviation, gap values, mean fitness value,
best fitness value, and worst fitness value. The percentage difference between the actual optimum value and the
optimum value generated by the algorithm is measured using the Gap metric, which is calculated as follows:

(OPt -m .
— x 100, for maximization

_ opt
Gap = m —opt L
— x 100, for minimization
opt
where m is the mean fitness value across all runs and opt is the optimal value of the problem instance. The
experimental results of the binHOA on small-scale dataset are presented in Tables 5 and 6.

Table 5. The experimental results of the binHOA on small-scale dataset (s1-u4)
TF metric fl 2 f3 f4 f5 fo f7 18 9 f10
mean 295 1024 35 23 481.0694 52 107 9766.6 130 1025
min 295 1024 35 23 481.0694 52 107 9765 130 1025
sl max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o0 0 0 0 0 0 082080 0
gap 0 O 0 0 0 0 0 0.0041 0 O
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
s2 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
s3 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o0 0 0 0 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
s4 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
ul max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
u2 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 0 0 0 O 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
u3 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 O 0 0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
u4 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 0 0 o0
gap 0 0 0 0 0 0 0 O 0 0
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Table 6. The experimental results of the binHOA on small-scale dataset (z1-t4)
TF metric f1 2 f3 f4 f5 fo f7 18 9 {10
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
zl max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o0 0 0 0 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
z2 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 0 0 0 0 0 0 O 0 o0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
z3 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 0 0 0 0 0 0 O 0 0
gap 0 O 0 0 0 0 0 O 0 0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
z4 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 O 0 0
gap 0 O 0 0 0 0 0 O 0 0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
tl max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 0 0 0 0 0 0 O 0 0
gap 0 O 0 0 0 0 0 O 0 0
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
t2 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o0 0 0 0 0 0 O 0 0
gap 0 O 0 0 0 0 0 O 0 o0
mean 295 1024 35 23 481.0694 52 107 9766.8 130 1025
min 295 1024 35 23 481.0694 52 107 9765 130 1025
t3 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 o 0 0 0 0 0 06156 0 0
gap 0 O 0 0 0 0 0 0002 0 O
mean 295 1024 35 23 481.0694 52 107 9767 130 1025
min 295 1024 35 23 481.0694 52 107 9767 130 1025
t4 max 295 1024 35 23 481.0694 52 107 9767 130 1025
std 0 0 0 0 O 0 0 O 0 o0
gap 0 0 0 0 0 0 0 0 0 0

As seen in Tables 5 and 6, the optimum values are achieved in all runs with all transfer functions for all
problems, except for problem f8 with transfer functions sl and t3. Therefore, the gap and standard deviation
values are 0 for the problems for which the optimum values were achieved in all runs. The experimental results
of the binHOA on medium-scale dataset are presented in Tables 7 and &.

Table 7. The experimental results of the binHOA on medium-scale dataset (s1-u4)

TF metrjc ks 83 ks 8b ks 8c ks 8d ks 82 ks 122 ks 12b ks 12c ks 12d ks 120 ks 162 ks 16b ks 16¢c
mean 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7838659 9352998 9151147
min 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7832023 9352998 9151147

sl may 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7850983 9352998 9151147
s 0 0 0 0 0 0 0 0 0 0 9278275 0 0
gap O 0 0 0 0 0 0 0 0 0 0157 0 0
mean 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7837711 9352998 9151147
min 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7832023 9352998 9151147

s2 max 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7850983 9352998 9151147
s 0 0 0 0 0 0 0 0 0 0 8914278 0 0
gap O 0 0 0 0 0 0 0 0 0 01691 0 0
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mean 3924400 3813660 3347432 4187707 4935335 5688887 6408307 170626 6092404 5337472 TRV 0332008 0151147
min, 3924400 3813660 3347452 4187707 4953555 5688887 6408507 5170626 6902404 5337472 7832023 0332008 0151147

s3 max 3024400 3813660 3347452 4187707 4055555 5688887 6408507 5170626 6902404 5337472 7850083 0352008 0151147
st 0 0 0 0 0 0 0 0 0 0 8914278 0 0
gap 0 0 0 0 0 0 ] 0 0 0 01691 0 0
mean 3924400 3813660 3347432 4187707 4935335 3688887 6408307 170626 6092404 5337472 7TR34867 0332008 0151147
mip, 3924400 3813660 3347452 4187707 4953555 5688887 6408507 5170626 6992404 5337472 7832023 0332008 0151147

s4 max 3024400 3813660 3347432 4187707 4833333 3688887 6408307 5170626 6992404 5337472 7830083 0352008 0131147

) 0 0 0 0 0 0 0 0 0 0 694505 0 0
gap 0 0 ] 0 0 0 0 0 0 0 02033 0 0
mean 3924400 3813660 3347452 4187707 4955555  S688887 6408507  S170626 6992404 5337472 7837711 0332008 0151147
min, 3924400 3813660 3347432 4187707 493333 3688887 6408307 3170626 6002404 3337472 7832003 0332008 0151147

ul max 3024400 3813660 3347452 4187707 4055555 688887 6408507 5170626 6992404 5337472 7850883 0352088 0151147
st 0 0 0 0 0 0 0 0 0 0 8914278 0 0
gap 0 0 ] 0 0 0 0 0 0 0 0161 0 0
mean 3924400 3813660 3347452 4187707 4955555 5688887 6408507  S170626 6992404 5337472 7838650 0332008 0151147
min, 3924400 3813660 3347432 4187707 493333 3688887 6408307 3170626 6902404 3337472 7832003 0332008 0151147

WP max 3024400 3813669 3347452 4187707 4955555  S688887 6408507 5170626 6992404 5337472 7850883 0352088 0151147
st 0 0 0 0 0 0 0 0 0 0 9278273 0 0
gap 0 0 ] 0 0 0 0 0 0 0 01357 0 0
mean 3924400 3813660 3347452 4187707 4955555  S688887 6408507  S170626 6992404 5337472 7837711 0332008 0151147
min, 3024400 3813660 3347432 4187707 4933533 3688887 6408307 5170626 6902404 5337472 7832003 0332008 0151147

u3 max 3924400 3813669 3347432 4187707 4953333 3688887 6498397 5170626 6992404 5337472 7830083 0352988 9131147

") 0 0 0 0 0 0 0 0 0 0 8914278 0 0
gap 0 0 0 0 0 0 0 0 0 0 01691 0 0
mean 3924400 3813660 3347432 4187707 493353 3688887 6408307 170626 6992404 3337472 7837711 0332008 0151147
min, 3924400 3813660 3347432 4187707 4933537 3688887 6408307 5170626 6992404 5337472 7832003 0332008 0151147

14 max 3924400 3813669 3347432 4187707 4953333 3688887 6498397 5170626 6992404 5337472 7830083 0352988 9131147
st 0 0 0 0 0 0 0 0 0 0 8914278 0 0
gap 0 0 0 0 0 0 0 0 0 0 01691 0 0
mean 3924400 3813660 3347432 4187707 493353 3688887 6408307 170626 6902404 3337472 7830607 0332008 0151147
min, 3924400 3813660 3347432 4187707 4933537 3688887 6408307 5170626 6992404 5337472 7832003 0332008 0151147

zl max 3924400 3813669 3347432 4187707 4953333 3688887 6498397 5170626 6992404 5337472 7830083 0352988 9131147
st 0 0 0 0 0 0 0 0 0 0 9528764 O 0
gap 0 0 0 0 0 0 0 0 0 0 01449 0 0
mean 3024400 3813660 3347432 4187707 4933537 3688887 6408307 5170626 6902404 5337472 7841303 0332008 0151147
min, 3924400 3813660 3347432 4187707 4935537 3688887 6408307 5170626 6992404 5337472 7832003 0332098 9151147

22 max 3024400 3813660 3347432 4187707 4933333 3688887 6498397 5170626 6992404 5337472 7830083 0332008 9131147
st 0 0 0 0 0 0 0 0 0 0 9726275 0 0
gap 0 0 0 0 0 0 0 0 0 0 01207 0 0
mean 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7840555 9352998 9151147
min 3924400 3813669 3347452 4187707 4955555 5688887 6498397 5170626 6992404 5337472 7832023 9352998 9151147

z3 max 3924400 3813669 3347452 4187707 4953355 5688887 6498597 5170626 6992404 5337472 7850983 9352998 9151147
std 0 0 0 0 0 0 0 0 0 0 9677521 0 0
gap 0 0 0 0 0 0 0 0 0 0 01328 0 0
mean 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472  TSH34T 9352998 9151147
o, 3924400 3813669 3347452 4187707 4953355 5688887 6498597 5170626 6992404 5337472 7832023 9352998 9151147

z4 max 3924400 3813669 3347452 4187707 4953355 5688887 6498597 5170626 6992404 5337472 7850983 9352998 9151147
std 0 0 0 0 0 0 0 0 0 0 9278275 0 0
e 0 0 0 0 0 0 0 0 0 0 00845 0 0
mean 3924400 3813669 3347452 4187707 4955555 5688887 6498397 5170626 6992404 5337472 7838659 9352098 9151147
. 3924400 3813669 3347452 4187707 4953355 5688887 6498597 5170626 6992404 5337472 7832023 9352998 9151147

1 max, 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7850983 9352008 9151147
std. 0 0 0 0 0 0 0 0 0 0 9278275 0 0
=ap 0 0 0 0 0 0 0 0 0 0 0.157 0 0
mean 3924400 3813669 3347452 4187707 4953355 5688887 6498597 5170626 6992404 5337472 7840555 9352998 9151147
min, 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7832023 9352998 9151147

2 max, 3024400 3813669 3347452 4187707 4055555 5688887 6498597 5170626 6992404 5337472 7850983 9352098 9151147
std. 0 0 0 0 0 0 0 0 0 0 9677.521 0 0
gap 0 0 0 0 0 0 0 0 0 0 0.1328 0 0
mean 3924400 3813669 3347452 4187707 4953355 5688363 6498597 5170626 6992404 5337472 7836763 9352998 9151147
min, 3924400 3813669 3347452 4187707 4955555 5682404 6498597 5170626 6992404 5337472 7832023 9352998 9151147

13 max 3924400 3813669 3347452 4187707 4055355 688887 6498597 5170626 6992404 3337472 7830983 9352098 9151147
std. 0 0 0 0 0 1449 643 0 0 0 0 8423201 0 0
sap 0 0 0 0 0 00057 0 0 0 0 01811 0 0
mean 3924400 3813669 3347452 4187707 4955555 5688887 6498597 5170626 6992404 5337472 7838650 9352998 9151147
min 3924400 3813669 3347452 4187707 4955555 5688887 6498397 5170626 6992404 3337472 7832023 9352998 9151147

4 max 3924400 3813669 3347452 4187707 4953355 5688887 6498597 5170626 6992404 5337472 7850983 9352998 9151147
std. 0 0 0 0 0 0 0 0 0 0 9278275 0 0
2ap 0 0 0 0 0 0 0 0 0 0 0.157 0 0

Table 8. The experimental results of the binHOA on medium-scale dataset (z1-t4)

TF mgiric, ks 16d ks 16e ks 20a ks 20b ks 20c ks 20d ks 20e ks 24a ks 24b ks 24¢ ks 24d ks 24e
mean 9339131 7763733 10718043 9802868 10712717 8919683 9357969 13549004 12207002 12448780 11810051 13935497
min 9336691 7750491 10717569 9774200 10712572 8893733 9357960 13549004 12196303 12448780 11810051 13929872

sl max 9348889 7769117 10727049 9818261 10714023 8929156 9357960 13549004 12210480 12448780 11810051 13940099
std  5005.954 7570.012 2119.792 21523.03 446.6084 15509.06 0 0 6181.478 0 0 5220.043
gap. 01044 00693 0.084 0.1568 00122  0.1061 0 0 02183 0 0 0.033
mean 9339741 7758802 10718043 9811242 10712717 8923843 9357969 13549004 12212803 12448780 11810051 13936589
min 9336691 7748170 10717569 9765998 10712572 8893733 0357969 13549004 12210480 12448780 11810051 13929872

52 max 9348889 7769117 10727049 9818261 10714023 8929156 9357960 13549004 12233713 12448780 11810051 13940099
std  5419.104 8931956 2119.792 17211.94 446.6084 12977.13 0 0 7150.967 0 0 4911.345
gap,  0.0979  0.1328  0.084 00715 00122 00595 0 0 0.1709 0 0 0.0252
mean 9340350 7762744 10717569 9813855 10712790 8923155 0357960 13540004 12211642 12448780 11810051 13936043
min, 9336691 7748170 10717569 9774200 10712572 8893733 9357969 13549094 12210480 12448780 11810051 13929872

s3 max 9348889 7769117 10717569 9818261 10714023 8929156 9357960 13549004 12233713 12448780 11810051 13940099
std 573504 9022258 © 13561.69 531.5703 13045.18 0 0 5195.057 0 0 5098.916
gap.  0.0913  0.082 0 00449 00115 00672 0 0 0.1804 0 0 0.0291
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mean 9340350 7760839 10717569 0813855 10712717 8923155 0357969 13540094 12213965 12448780 11810051 13938669
min 9336601 7748170 10717569 9774200 10712572 8893733 0337960 13540004 12210480 12448780 11810051 13930566
s max 0348880 7769117 10717569 0818261 10714023 8920156 0357960 13549094 12233713 12448780 11810051 13940099
std  5735.04  9567.416 0 13561.69 446.6084 13045.18 0 0 8511.353 0 0 3492301
gap  0.0913 01066 0 0.0449  0.0122 00672 0 0 0.1614 0 0 0.0103
mean 9339741 7765960 10718043 0813855 10712645 8925614 0337960 13540004 12214440 12448780 11810051 13938600
min, 9336691 7750491 10717569 9774200 10712572 8893733 0357969 13549094 12196745 12448780 11810051 13929872
ul max 9348889 7769117 10727049 9818261 10714023 8929156 9357969 13549094 12233713 12448780 11810051 13940099
std 5410104 6522447 2119792 13561.69 324.4535 10902.97 0 0 10346.96 0 0 3664.195
gap 0.0979  0.0406  0.084 0.0449  0.0120  0.0397 0 0 0.1575 0 0 0.0108
mean 9340960 7766149 10718991 9813855 10712862 8927780 9357969 13549094 12215127 12448780 11810051 13938669
min 9336601 7754276 10717569 9774200 10712572 8915396 0337960 13540004 12210480 12448780 11810051 13930566
2 max 9348889 7769117 10727049 9818261 10714023 8929156 9357969 13549094 12233713 12448780 11810051 13940099
std 5969219 6090.618 3472.975 13561.69 595.4778 4235239 0 0 9534.622 0 0 3492.391
cap.  0.0848 00382 00751 00449 0.0108  0.0154 0 0 0.1519 0 0 0.0103
mean 9341570 7760897 10717569 9811652 10712790 8926768 9357969 13549094 12214126 12448780 11810051 13937681
min, 9336691 7748170 10717569 9774200 10712572 8895152 9357969 13549094 12210480 12448780 11810051 13929872
ud max 9348889 7769117 10717569 9818261 10714023 8929156 9357960 13549094 12233713 12448780 11810051 13940099
std  6131.016 8629.159 0 16141.64 531.5703 8050.955 0 0 8472317 0 0 4299.169
gap  0.0783  0.1058 0 0.0673 00115 00267 0 0 0.1601 0 0 0.0173
mean 9339131 7762381 10717569 9811242 10713080 8927385 9357960 13549094 12216288 12448780 11810051 13937135
min, 9336691 7748170 10717569 9765998 10712572 8893733 9357969 13549094 12210480 12448780 11810051 13929872
ud max 9348889 7769117 10717569 9818261 10714023 8929156 9357960 13549094 12233713 12448780 11810051 13940099
std  5005.954 8639.617 0 1721194 710.0621 7920.824 0 0 10321.53 0 0 4649.295
gap 0.1044  0.0867 0 0.0715  0.0088  0.0198 0 0 0.1424 0 0 0.0213
mean 9341570 7765844 10717569 9818261 10712790 8926697 9357969 13549094 12215127 12448780 11810051 13939588
min, 9336691 7748170 10717569 9818261 10712572 8893733 9357969 13549094 12210480 12448780 11810051 13929872
z1 max 9348889 7769117 10717569 9818261 10714023 8929156 9357969 13540094 12233713 12448780 11810051 13940099
std 6131016 6825.751 0 0 531.5703 8345.116 0 0 9534.622 0 0 2286.827
cap. 0.0783 00421 0 0 00115  0.0275 0 0 01519 0 0 0.0037
mean 9342790 7765218 10717569 9818261 10712862 8920156 9357969 13549004 12216288 12448780 11810051 13939588
min 9336691 7750491 10717569 9818261 10712572 8920156 9357969 13549004 12210480 12448780 11810051 13929872
Z2 max 0348880 7760117 10717569 9818261 10714023 8920156 0357960 13540094 12233713 12448780 11810051 13940009
std  6257.442 6972.982 0 0 5954778 0 0 0 10321.53 0 0 2286.827
gap 0.0652 00502 0 0 00108 0O 0 0 0.1424 0 0 0.0037
mean 9344620 7767022 10717569 9818261 10712572 8920156 9357969 13549004 12217450 12448780 11810051 13940099
min 9336691 7748170 10717569 9818261 10712572 8920156 9357969 13549004 12210480 12448780 11810051 13940099
z3 max 0348880 7760117 10717569 9818261 10712572 8920156 0357960 13540094 12233713 12448780 11810051 13940009
std 5969219 6447.351 0 0 0 0 0 0 1092328 0 0 0
gap 0.0457 00270 0 0 0 0 0 0 01329 0 0 0
mean 9342790 7765538 10718517 9818261 10713007 8927385 9357969 13549004 12219773 12448780 11810051 13938669
min, 9336691 7748170 10717560 9818261 10712572 8893733 9357969 13540004 12210480 12448780 11810051 13930566
z4 max 9348880 7769117 10727049 9818261 10714023 8929156 9357969 13549094 12233713 12448780 11810051 13940099
std 6257442 7475.954 2917.882 0 682.2056 7920.824 0 0 11677.48 0 0 3492.391
gap  0.0652 00461 00795 0 0.0095  0.0198 0 0 01139 0 0 0.0103
mean 9339131 7764796 10718517 9802047 10713007 8922071 9357969 13540004 12214601 12448780 11810051 13936078
min, 9336691 7748170 10717560 9765098 10712572 8893733 9357969 13540004 12196745 12448780 11810051 13929872
tl max 9348889 7769117 10727049 9818261 10714023 8929156 9357969 13549094 12233713 12448780 11810051 13940099
std  5005.954 7830.186 2017.882 22784.1 682.2056 14537.29 0 0 10307.06 0 0 5056.808
gap  0.1044 00556 00795 01651 00095 00793 0 0 01562 0 0 0.0288
mean 9339741 7762424 10718043 9816058 10712717 8922071 9357969 13540004 12215288 12448780 11810051 13938158
min, 9336691 7750491 10717569 9774200 10712572 8893733 9357969 13549094 12210480 12448780 11810051 13929872
2 max 9348889 7769117 10727040 9818261 10714023 8929156 9357969 13549094 12233713 12448780 11810051 13940099
std  5419.104 $499.847 2119.792 9852330 4466084 14537.29 0 0 9479.02 0 0 3985.849
cap.  0.0979 00862  0.084 00224 00122 00793 0 0 0.1506 0 0 0.0139
mean 9340350 7758234 10718517 9802457 10712790 8918600 9357969 13549094 12209990 12448780 11810051 13935020
min 9336691 7748170 10717569 9765998 10712572 8893733 0357969 13549004 12196303 12448780 11810051 13929872
t3 max 9348880 7769117 10727049 9818261 10714023 8929156 9357960 13549094 12233713 12448780 11810051 13940099
std 573504 9333.396 2017.882 22166.53 531.5703 16546.04 0 0 9911.065 0 0 5212.928
gap 0.0913 01401 00795  0.161 00115  0.1182 0 0 0.1939 0 0 0.0364
mean 9339131 7761028 10718043 9809039 10713007 8917912 9357969 13549004 12209743 12448780 11810051 13933486
min 9336601 7748170 10717569 9765998 10712572 8893733 0357969 13549004 12196745 12448780 11810051 13929872
t4 max 9348880 7769117 10727049 9818261 10714023 8929156 9357969 13549094 12233713 12448780 11810051 13940099
std  5005.954 9387.702 2119.792 18993.79 682.2056 16369.14 0 0 7626.967 0 0 4980.915
gap 01044 0.1041 _ 0.084 0.0939  0.0095 01259 0 0 0.1959 0 0 0.0474

Tables 7 and 8 show that the optimum values are achieved in all runs with all transfer functions for the problems
ks8 a—ks 12e, ks 16b-16¢, ks 20e-24a, and ks 24c-24e. Therefore, the gap and standard deviation values are
0 for these problems.

The gap metric is considered an appropriate measure for evaluating the performance of the transfer functions,
since it summarizes the algorithm's success as the percentage difference between the obtained and the actual
optimum values. The gap values produced by the binHOA for the small-scale dataset are presented in Table 9.
Table 9 shows that the optimum values are achieved in all runs, meaning that the gap values are 0 with all
transfer functions for all problems, except for problem f8 with transfer functions sl and t3. However, to assess
the performance of the transfer functions, only one problem instance is insufficient; therefore, the medium-scale
dataset will also be considered.
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Table 9. Gap values produced by the binHOA for the small-scale dataset
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The gap values produced by the binHOA for the medium-scale dataset are presented in Tables 10 and 11.

Table 10. Gap values produced by the binHOA for the medium-scale dataset (ks 8a-ks 16c¢)

TF ks 8a ks 8b ks 8c ks 8d ks 88 ks 12a ks 12b ks 12¢ ks 12d ks 12e ks 16a ks 16b ks l6c
sl 0 0 0 0 0 0 0 0 0 0 0.157 0 0

s2 0 0 0 0 0 0 0 0 0 0 0.1691 0 0

s3 0 0 0 0 0 0 0 0 0 0 0.1691 0 0

4 0 0 0 0 0 0 0 0 0 0 0.2053 0 0

ul 0 0 0 0 0 0 0 0 0 0 0.1691 0 0

uz 0 0 0 0 0 0 0 0 0 0 0.157 0 0

ui 0 0 0 0 0 0 0 0 0 0 0.1691 0 0

w 0 0 0 0 0 0 0 0 0 0 0.1691 0 0

z1 0 0 0 0 0 0 0 0 0 0 0.1449 0 0

z2 0 0 0 0 0 0 0 0 0 0 0.1207 0 0

z3 0 0 0 0 0 0 0 0 0 0 0.1328 0 0

z4 0 0 0 0 0 0 0 0 0 0 0.0845 0 0

tl 0 0 0 0 0 0 0 0 0 0 0.157 0 0

t2 0 0 0 0 0 0 0 0 0 0 0.1328 0 0

t3 0 0 0 0 0 0.0057 0 0 0 0 0.1811 0 0

t4 0 0 0 0 0 0 0 0 0 0 0.157 0 0

Table 11. Gap values produced by the binHOA for the medium-scale dataset (ks_16d-ks _24e)

TF ks 16d ks 16e ks 20a ks 20b ks 20c ks 20d ks 20e ks 24a ks 24b ks 24¢c ks 24d ks 24e
sl 0.1044 0.0693 0.084 0.1568 0.0122 0.1061 0 0 0.2183 0 0 0.033
s2  0.0979 0.1328 0.084 0.0715 0.0122 0.0595 0 0 0.1709 0 0 0.0252
s3  0.0913 0.082 0 0.0449 0.0115 0.0672 O 0 0.1804 0O 0 0.0291
s4 0.0913 0.1066 0 0.0449 0.0122 0.0672 0 0 0.1614 0 0 0.0103
ul 0.0979 0.0406 0.084 0.0449 0.0129 0.0397 0 0 0.1575 0 0 0.0108
u2 0.0848 0.0382 0.0751 0.0449 0.0108 0.0134 0 0 0.1519 0 0 0.0103
u3 0.0783 0.1058 0 0.0673 0.0115 0.0267 0 0 0.1601 0 0 0.0173
ud 0.1044 0.0867 0O 0.0715 0.0088 0.0198 0 0 0.1424 0 0 0.0213
z1 0.0783 0.0421 0 0 0.0115 0.0275 0 0 0.1519 0 0 0.0037
z2 0.0652 0.0502 0 0 0.0108 0 0 0 0.1424 0 0 0.0037
z3  0.0457 0.027 0 0 0 0 0 0 0.1329 0 0 0

z4 0.0652 0.0461 0.0795 0 0.0095 0.0198 0 0 0.1139 0 0 0.0103
tl 0.1044 0.0556 0.0795 0.1651 00095 0.0793 0 0 0.1562 0 0 0.0288
2 0.0979 0.0862 0.084 0.0224 0.0122 0.0793 0 0 0.1506 0 0 0.0139
t3 0.0913 0.1401 0.0795 0.161 0.0115 0.1182 0 0 0.1939 0 0 0.0364
t4  0.1044 0.1041 0.084 0.0939 0.0095 0.1259 0 0 0.1959 0 0 0.0474

The best gap values for each type of transfer function are highlighted with different colors (S-shaped: green, U-
shaped: blue, Z-shaped: pink, and T-shaped: orange) in Tables 10 and 11. As seen in Tables 10 and 11, all
transfer functions except for t3 achieve the optimum value in all runs for lower-dimensional problem instances
(ks 8a—ks 12e). For higher-dimensional problem instances ks 16b—16¢c, ks 20e—24a, and ks 24c—24d, the
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optimum values are achieved with all transfer functions in all runs. Among the S-shaped, U-shaped, and T-
shaped transfer functions, s4, u2, and t2 achieved the lowest gap values in 21 out of 25 problems, respectively,
while z3 outperformed all other Z-shaped transfer functions by achieving the lowest gap value in 23 out of 25
problems. Overall, zZ3 demonstrated the best performance among all transfer functions; therefore, the gap values
obtained using the binHOA with the z3 transfer function are used for comparison with other algorithms.

In order to evaluate the performance of the algorithms across multiple problems and rank them accordingly, the
Friedman test is employed. The Friedman test is a non-parametric statistical method that compares and ranks the
performance of more than two algorithms across multiple datasets (Demsar, 2006). The Friedman test results are
reported at the bottom of the tables. The gap values produced by the binHOA and the compared algorithms,
namely PSO, DE, ABC, GWO, WOA, and SSA, for the small-scale dataset are presented in Table 12.

Table 12. Gap values obtained by the algorithms on the small-scale dataset
binHOA PSO DE ABC GWO WOA SSA

fl 0 0 0 0 0 0 6.1186
2 0 0.083 0 0 0 0 1.8311
3 0 0 0 0 0 0 0

4 0 0 0 0 0 0 0.2174
5 0 0 0 0 0 0 8.2732
f6 0 0 0 0 0 0 2.0192
7 0 0 0 0 0 0 2.4766
8 0 0.0041 0 0.0036 0.001 0.0015 0.1797
9 0 0 0 0 0 0 0.4615
f10 0 0.1805 0 0 0 0 1.3951
MeanRank 3.25 43 325 3.6 34 35 6.7
Rank 1 5 1 4 2 3 6

Table 13. Gap values obtained by the algorithms on the medium-scale dataset

Gap binHOA PSO DE ABC GWO WOA SSA

ks_8a 0 0 0 0 0 0 0.97

ks 8b 0 0 0.0406 0 0 0 1.0999
ks 8c 0 0.4894 0.0334 0 0 0 2.1931
ks 8d 0 0 0 0 0 0 1.3531
ks 8e 0 0.1984 0.0992 0 0 0 1.9231
ks 12a 0 0.0255 0.0057 0 0.0057 0 1.2751
ks 12b 0 0.1978 0.0394 0 0 0 1.9365
ks _12c 0 0.0779 0 0 0 0 2.9817
ks_12d 0 0.0455 0 0 0 0 1.8567
ks_12e 0 0.2297 0.1033 0 0 0 3.5616
ks_16a 0.1328  0.1996 0.0242 0.0901 0.0845 0.1449 2.2403
ks _16b 0 0.1416 0.1136 0 0 0 3.0207
ks 16¢c 0 0.2888 0.0381 0 0 0 3.5639

ks 16d 0.0457  0.2926 0.0867 0.0391 0.0587 0.0783 2.1494

ks 16e 0.027 0.168 0.0096 0.0764 0.121 0.1041 2.6041
ks 20a 0 0.2903 0 0.3015 0.0707 0.084 2.2978
ks 20b 0 0.341 0.0355 0.0266 0.0939 0.0715 2.4728
ks 20c 0 0.4089 0.0076 0.0343 0.0081 0.0115 2.6748
ks 20d 0 0.3837 0.0154 0 0.0154 0.0785 3.0631
ks 20e 0 0.2359 0.0008 0 0 0 2.0923
ks 24a 0 0.3751 0.0995 0 0 0 2.5354
ks 24b 0.1329 0.3182 0.0106 0.4648 0.1253 0.148 2.1391
ks 24c 0 0.3928 0.0405 0 0 0 2.4621
ks 24d 0 0.329 0.0105 0.1931 0 0.0423 2.4899
ks 24e 0 0.2339 0.0068 0.1257 0.0142 0.0215 2.108
MeanRank 2.36 5.6 3.66 3.12 2.96 33 7

Rank 1 6 5 3 2 4 7

Table 12 shows that the binHOA and DE algorithms found the optimum values in all runs for all problem
instances. The MeanRank and Rank rows denote the Friedman test results and the corresponding rank values,
respectively. According to the rank values, the binHOA and DE algorithms outperform the other algorithms. In
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contrast, SSA ranked last. The second-ranked algorithm is GWO, with a mean rank value of 3.4. The gap values
produced by the binHOA and the compared algorithms, namely PSO, DE, ABC, GWO, WOA, and SSA, for the
medium-scale dataset are presented in Table 13.

Table 13 shows that the binHOA found the optimum values in all runs for 21 of the 25 problem instances, thus
producing better gap values than the other algorithms for most of the problems. According to the rank values,
the binHOA, with a mean rank value of 2.36, outperforms the other algorithms. In contrast, SSA ranked last
among the compared algorithms. The second-ranked algorithm is GWO, with a mean rank value of 2.96.

Conclusion

In this study, the recently proposed hiking optimization algorithm is binarized using four different types of
transfer functions and the binHOA is proposed. The proposed binHOA is applied to the 0/1 knapsack problem.
In addition, to improve the performance of the proposed algorithm, a stochastic repair function is adopted.
Initially, the performance of 16 different transfer functions is assessed on small-scale and medium-scale
benchmark datasets. The experimental results indicate that the z3 transfer function outperforms the other
functions; thus, the results obtained using the z3 transfer function are compared against the binary versions of
six well-known algorithms. According to the experimental results, the binHOA outperforms the other
algorithms for most of the problem instances in the datasets. The overall experimental results demonstrate that
the proposed algorithm serves as a competitive and effective approach for solving the 0/1 knapsack problem.

Recommendations

For future studies, the HOA can be evaluated on large-scale datasets to observe its limitations, and further
modifications can be applied to enhance the overall performance of the algorithm.
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