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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. 

 

Keywords: Hiking optimization algorithm, 0/1 knapsack problem, Transfer functions 

 

 

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 & Sörensen, 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 Baş (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. Büyüköz and Haklı (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. Erdoğan 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 W and n items with weight of 

w and a profit of p. Let xi 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): 

 

𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑝𝑖𝑥𝑖

𝑁

𝑖=1

 

 
Subject to constraints: 

 𝑤𝑖𝑥𝑖 ≤ 𝑊

𝑁

𝑖=1

 

 
𝑥𝑖 ∈ {0,1} 

 
 

where xi=1 means i-th item is included and xi=0 means i-th 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: 

 

𝑊𝑖 ,𝑡 = 6𝑒−3.5 𝒮𝑖 ,𝑡+0.05  
 

 

where Wi,t represents the velocity of the i-th hiker at the t-th iteration. Si,t represents the slope of the terrain and 

calculated as follows: 

𝒮𝑖 ,𝑡 =
dℎ

d𝑥
= 𝑡𝑎𝑛𝜃𝑖 ,𝑡  

 
 

where dh represents the difference in elevation, dx represents the distance traversed by the hiker, and the θ 

denotes the inclination angle of the terrain, ranging from 0º to 50º. The current velocity of the i-th hiker is 

calculated as follows: 

𝑊𝑖,𝑡 = 𝑊𝑖,𝑡−1 + 𝛾𝑖,𝑡 𝛽𝑏𝑒𝑠𝑡−𝛼𝑖 ,𝑡𝛽𝑖,𝑡  
 

 

γi,t is a uniformly distributed number in the range [0,1], Wi,t and Wi,t-1 represents the current and initial velocity of 

the i-th hiker respectively. βbest is the position of the lead hiker and αi,t 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: 

 

𝛽𝑖 ,𝑡+1 = 𝛽𝑖 ,𝑡 + 𝑊𝑖 ,𝑡  
 

 

The pseudocode of the HOA is given in Algorithm 1. 

 

Algorithm 1 Pseudocode of the HOA 

 input: Ub (upper bound), Lb (lower bound), T (maximum iteration number), I (number of hikers), d 

(dimension) 

1: F initialize fitness vector 

2: Fbest  initialize best fitness vector 

3: β  initialize hikers’ position randomly 

4: for i  1 to I  

5:        Fi  Calculate the fitness of the i-th hiker  

6: end for 

7: Fbest,1  initial best fitness of hikers 

8: for t  1 to T 

9:      Fbest,t  best fitness value 

10:      βbest  position of the best solution 

11:      for i 1 to I 

12:              βi,t  initial position of the i-th hiker 

13:              θi,t  elevation angle 

14:              Si,t  calculate the slope 

15:              Wi,t-1  calculate the initial velocity of the i-th hiker 

16:              Wi,t  calculate the actual velocity of the i-th hiker 

17:              βi,t+1  update the position of the i-th hiker 

18:              Apply boundary constraints to βi,t within [Lb, Ub] 

19:              if Fn ≤F(n) 

20:                        γ(n,:)  βi,t+1 

21:                         F(n)  Fn 

22:              end if 

23:       end for 

24:              Fsol (i+1) min(F) 

25: end for 

26:              Fopt_sol argmin(Fsol) 

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 

𝑠1 𝑥 =
1

1 + 𝑒−2𝑥
 𝑢1 𝑥 = 𝑥1.5 𝑧1 𝑥 =  1 − 2𝑥  𝑡1 𝑥 =

 𝑥

 𝐴
 

𝑠2 𝑥 =
1

1 + 𝑒−𝑥
 𝑢2 𝑥 = 𝑥2 𝑧2 𝑥 =  1 − 5𝑥  𝑡2 𝑥 =

 𝑥 

 𝐴 
 

𝑠3 𝑥 =
1

1 + 𝑒−𝑥/2
 𝑢3 𝑥 = 𝑥3 𝑧3 𝑥 =  1 − 8𝑥  𝑡3 𝑥 =

 𝑥
3

 𝐴
3  

𝑠4 𝑥 =
1

1 + 𝑒−𝑥/3
 𝑢4 𝑥 = 𝑥4 𝑧4 𝑥 =  1 − 20𝑥  𝑡4 𝑥 =

 𝑥
4

 𝐴
4  

 
 

 

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

as follows: 

 

𝑋𝑏𝑖𝑛 =  
1              𝑖𝑓 𝑇𝐹 𝑥 ≤ 𝑇
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: Fbest  initialize best fitness vector 

3: β  initialize continuous position vector randomly 

4: βbin  initialize binary position vector randomly 

5: for i  1 to I  

6:        Fi  Calculate the fitness of the i-th hiker  

7: end for 

8: Fbest,1  initial best fitness of hikers 

9: for t  1 to T 

10:      Fbest,t  best fitness value 

11:      βbest  position of the best solution 

12:      for i 1 to I 

13:              βi,t  initial position of the i-th hiker 

14:              θi,t  elevation angle 

15:              Si,t  calculate the slope 

16:              Wi,t-1  calculate the initial velocity of the i-th hiker 

17:              Wi,t  calculate the actual velocity of the i-th hiker 

18:              βi,t+1  update the position of the i-th hiker 

19:              Apply boundary constraints to βi,t within [Lb, Ub] 

20              βbin  binarize the continuous position vector 

21              Apply the repair function 

22:              if Fn ≤F(n) 

23:                        γ(n,:)  βi,t+1 

24:                         F(n)  Fn 

25:              end if 

26:       end for 

27:              Fsol (i+1) min(F) 

28: end for 

29:              Fopt_sol argmin(Fsol) 

30: return Fopt_sol 
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where Xbin is a binary position vector for the corresponding continuous position vector x, T 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 

f2 20 1024 

f3 4 35 

f4 4 23 

f5 15 481.0694 

f6 10 50 

f7 7 107 

f8 23 9767 

f9 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_8c 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_12c 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_16c 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 & Baş, 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: 

 

𝐺𝑎𝑝 =

 
 

  
𝑜𝑝𝑡 − 𝑚

𝑜𝑝𝑡
× 100, for maximization

𝑚 − 𝑜𝑝𝑡

𝑜𝑝𝑡
× 100, for minimization

 

 
 

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 f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 

s1 

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 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0.8208 0 0 

gap 0 0 0 0 0 0 0 0.0041 0 0 

s2 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

s3 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

s4 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

u1 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

u2 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

u3 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

u4 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 
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Table 6. The experimental results of the binHOA on small-scale dataset (z1-t4) 

TF metric f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 

z1 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

z2 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

z3 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

z4 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

t1 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

t2 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

gap 0 0 0 0 0 0 0 0 0 0 

t3 

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 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0.6156 0 0 

gap 0 0 0 0 0 0 0 0.002 0 0 

t4 

mean 295 1024 35 23 481.0694 52 107 9767 130 1025 

min 295 1024 35 23 481.0694 52 107 9767 130 1025 

max 295 1024 35 23 481.0694 52 107 9767 130 1025 

std 0 0 0 0 0 0 0 0 0 0 

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 s1 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 8.  

 

Table 7. The experimental results of the binHOA on medium-scale dataset (s1-u4) 
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Table 8. The experimental results of the binHOA on medium-scale dataset (z1-t4) 
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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-16c, 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 s1 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 

TF f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 

s1 0 0 0 0 0 0 0 0.0041 0 0 

s2 0 0 0 0 0 0 0 0 0 0 

s3 0 0 0 0 0 0 0 0 0 0 

s4 0 0 0 0 0 0 0 0 0 0 

u1 0 0 0 0 0 0 0 0 0 0 

u2 0 0 0 0 0 0 0 0 0 0 

u3 0 0 0 0 0 0 0 0 0 0 

u4 0 0 0 0 0 0 0 0 0 0 

z1 0 0 0 0 0 0 0 0 0 0 

z2 0 0 0 0 0 0 0 0 0 0 

z3 0 0 0 0 0 0 0 0 0 0 

z4 0 0 0 0 0 0 0 0 0 0 

t1 0 0 0 0 0 0 0 0 0 0 

t2 0 0 0 0 0 0 0 0 0 0 

t3 0 0 0 0 0 0 0 0.002 0 0 

t4 0 0 0 0 0 0 0 0 0 0 

 

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) 

 
 

Table 11. Gap values produced by the binHOA for the medium-scale dataset (ks_16d-ks_24e) 

 
 

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–16c, 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, z3 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 (Demšar, 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 

f1 0 0 0 0 0 0 6.1186 

f2 0 0.083 0 0 0 0 1.8311 

f3 0 0 0 0 0 0 0 

f4 0 0 0 0 0 0 0.2174 

f5 0 0 0 0 0 0 8.2732 

f6 0 0 0 0 0 0 2.0192 

f7 0 0 0 0 0 0 2.4766 

f8 0 0.0041 0 0.0036 0.001 0.0015 0.1797 

f9 0 0 0 0 0 0 0.4615 

f10 0 0.1805 0 0 0 0 1.3951 

MeanRank 3.25 4.3 3.25 3.6 3.4 3.5 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_16c 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 3.3 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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