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A B S T R A C T   

The 0–1 Knapsack problem is a non-deterministic polynomial-time-hard combinatorial optimization problem 
that cannot be solved in reasonable time using traditional methods. Therefore, researchers have turned to me
taheuristic algorithms for their ability to solve several combinatorial problems in a reasonable amount of time. 
This paper adapts the Kepler optimization algorithm using eight V-shaped and S-shaped transfer functions to 
create a binary variant called BKOA for solving the 0–1 Knapsack problem. Several experiments were conducted 
to compare the efficacy of the binary Kepler optimization algorithm to several competing optimizers when 
solving 20 well-known knapsack instances with dimensions ranging from 4 to 75. The experimental results 
demonstrate the superiority of this algorithm over other metaheuristic algorithms, except for the genetic algo
rithm, which is marginally superior. To further improve the binary Kepler optimization algorithm, it is combined 
with an enhanced improvement strategy to create a new hybrid variant. This hybrid variant, termed HBKOA, has 
superior exploration and exploitation capabilities that make it better than genetic algorithm and other optimizers 
for all performance metrics considered. The enhanced improvement strategy is also integrated with several 
competing optimizers, and the experimental results show that HBKOA, hybrid binary manta ray foraging opti
mization, and hybrid binary equilibrium optimizer are competitive for small and medium-dimensional instances 
and superior for the higher dimensions.   

1. Introduction 

Optimization problems in real-world applications are classified into 
two categories: Discrete and continuous. In continuous problems, the de
cision variables, also referred to as dimensions, include only decimal 
values; on the contrary, the decision variables in discrete problems include 
either integers or binary values. The metaheuristic algorithms could find 
acceptable solutions for the majority of those problems in an acceptable 
time. The continuous optimization problems are widely spread in several 
real-world applications, like parameter estimation of photovoltaic models 
and fuel cells, engineering design problems, and several else. The majority 
of discrete problems could not be solved in a reasonable amount of time by 
the traditional methods because they include a huge number of solutions 

that need to be checked to find the acceptable solutions. As aforemen
tioned, the metaheuristics have been proposed for only solving the 
continuous optimization problems, and hence, to make their solutions 
suitable for the discrete problems, they have to be adapted using external 
methods, which might negatively affect their performance. In general, the 
solutions of the metaheuristic algorithms could not be applied directly to 
the discrete problems, but rather, some methods take their solutions and 
convert them into suitable solutions for the tackled problem. Hence, the 
performance of metaheuristics is more dependent on the integrated 
methods than the performance of the algorithm itself. There are several 
discrete optimization problems, like 0–1 knapsack problems (KP01), 
multidimensional knapsack problems, feature selection, task scheduling 
problems, and DNA fragment assembly problems [1,2]. 
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In this paper, we will focus on the 0–1 knapsack problems (KP01) due 
to their significant importance in several fields, like real estate property 
maintenance optimization, adaptive multimedia systems, resource 
allocation, principal budgeting, and cargo loading [3]. In literature, 
there are two types of techniques for solving KP01, namely traditional 
techniques and approximation or metaheuristic techniques. The tradi
tional techniques have failed to solve those problems due to their search 
methodology that are based on exploring all possible solutions for this 
problem. Hence, for the high dimensional problems, they could not 
explore all possible solutions. For instance, supposing that there is a 
KP01 problem with d dimensions, then the number of possible solutions 
that need to be explored are 2d; if d is 20, the possible solutions are 
1048576. In a nutshell, KP01 is classified as non-deterministic poly
nomial-time-hard combinatorial problems; hence the traditional tech
niques are not preferred for solving them [1]. Therefore, researchers, 
over the last few decades, have paid attention to metaheuristic algo
rithms due to their potential for finding acceptable solutions for several 
combinatorial problems [4]. in literature, the metaheuristic algorithms 
have been classified into four main categories: Evolution-based, physics- 
based, swarm-based, and human-based, each of which simulates specific 
behaviors for proposing a novel algorithm with different characteristics 
(Exploration and exploitation). The authors in the literature have 
adapted those novel algorithms for solving KP01 problems using various 
transfer functions; some of those algorithms are reviewed next. 

In [1], a binary variant of the Aquila optimizer, namely BAO, has 
been proposed for solving KP01. In this variant, the performance of eight 
transfer functions was investigated to extract the best one that could 
maximize the performance of BAO. In addition, in the same study, an 
additional variant of BAO was proposed based on borrowing both the 
crossover operator and mutation operator from the genetic algorithms to 
further improve its exploration and exploitation operators. In the same 
context, Yildizdan proposed a binary variant of the artificial jellyfish 
search algorithm for tackling the same problem; this variant has been 
called Bin_AJS [5]. Several transfer functions were investigated to 
disclose their influence on the performance of this variant. According to 
[5], The experimental findings have exposed the Bin_AJS’s superiority in 
comparison to several other optimizers. In [6], the reptile search algo
rithm has been adapted under several transfer functions for solving 
KP01; this binary variant was called BRSA. In addition, to further 
improve the performance of BRSA, it was integrated with a stochastic 
repair and improvement method. In [7], the original marine predators 
algorithm was adapted to deal with discrete problems like 0–1 KP. The 
V-shaped and S-shaped transfer functions were used to convert contin
uous values into binary, allowing for the development of the binary 
extension of this algorithm, entitled BMPA. The binary slime mould 
algorithm (BSMA) was improved in [8] for accurately solving KP01. 
Similarly, in [9], the standard binary equilibrium has been converted 
into a binary variant under V-shaped and S-shaped transfer functions for 
solving KP01. 

Li [10] proposed a binary variant of the particle swarm optimization 
algorithm (PSO), namely binary quantum-behaved PSO (BQPSO). 
However, the authors found that this variant suffers from slow conver
gence and local optima problems. Therefore, it was enhanced by pre
senting a new mapping strategy based on all particles’ average positions, 
a new repair method for handling the solutions that could not achieve 
the knapsack capacity, and a diversity improvement mechanism to 
preserve the population diversity to avoid getting stuck into local 
minima. This improved variant was compared to several optimizers on 
different KP01 instances to reveal its effectiveness. Büyüköz [11] 
investigated the performance of several transfer functions, including 
Tangent Sigmoid, S-Shaped, O-Shaped, T-Shaped, V-Shaped, Z-Shaped, 
and U-Shaped for adapting the honey badger algorithm to solve 25 KP01 
instances. Du et al [12] solved the multidimensional knapsack problems 
using a novel binary variant of the fruit fly optimization algorithm. This 
variant was improved using several mechanisms, such as a multi-swarm 
cooperation strategy, DROP and ADD operators, and an item frequency 

tree (IFT); all of those were used to improve the convergence speed and 
prevent falling into local minima. 

Ballinas [13] proposed a new variant of the genetic algorithm (GA) 
for solving the KP01. This variant was based on integrating GA with two 
mechanisms, namely Deutsch-Jozsa quantum circuit, and adaptive 
rotation angle. This variant was compared to several techniques for 
solving several KP01 instances. There are several other metaheuristic 
algorithms proposed for solving the knapsack problems, some of which 
are the Giza pyramids construction [14], simulated annealing [15], 
modified artificial bee colony [16], monarch butterfly optimization 
[17], differential evolution integrated with grey wolf optimizer [18], bat 
algorithm [19], gradient-based optimizer [20], harmony search algo
rithm [21], rice optimization algorithm [22], Archimedes optimization 
algorithm [23], imperialist competitive algorithm [24], nutcracker 
optimization algorithm [25], synergistic fibroblast optimizer [26], sine 
cosine algorithm [27–29], coyote optimization algorithm [30], grey 
wolf optimizer [4], differential evolution [31], moth search algorithm 
[32], and whale optimization algorithm [33]. 

Recently, a new metaheuristic optimization algorithm called the 
Kepler optimization algorithm (KOA), inspired by Kepler’s laws on the 
motion of the planets was proposed for tackling continuous optimization 
problems [34]. The experimental findings show the high effectiveness of 
this algorithm for solving various continuous problems. This motivates 
us to observe its performance for KP01. To make it applicable to binary 
space, two different families of transfer functions, namely V-shaped and 
S-shaped, are employed to identify the best TF that could present a 
strong binary variant of KOA for accurately solving KP01. This binary 
variant of KOA is called BKOA. First, several experiments have been 
conducted to compare the performance of BKOA against several rival 
optimizers for solving 20 well-known knapsack instances with a number 
of dimensions ranging between 4 and 75. This comparison is based on 
several performance metrics, such as best fitness, average fitness, worst 
fitness, standard deviation, computational cost, and Friedman mean 
rank. This comparison shows the effectiveness of BKOA over several 
metaheuristic algorithms, with the exception of the genetic algorithm 
(GA), which is slightly better than BKOA. To improve BKOA over GA, it 
is effectively integrated with a novel strategy, called enhanced 
improvement strategy (EIS), to propose a new variant, namely HBKOA. 
This variant has higher exploration and exploitation capabilities than 
BKOA. These capabilities make it better than GA and the others for all 
considered performance metrics. To reveal the influence of EIS on the 
performance of binary metaheuristic algorithms, it is integrated with 
some rival optimizers such as the binary equilibrium optimizer (BEO), 
the binary marine predators algorithm (BMPA), the binary manta ray 
foraging optimization (BMRFO), the binary teaching–learning-based 
optimization (BTLBO), the binary Jaya (BJA), and the binary Young’s 
double-slit experiment optimizer (BYDSE). The experimental findings 
show the competitiveness between HBKOA, HBMRFO, and HBEO for 
small- and medium-dimensional KP01 instances. Meanwhile, HBMRFO 
could perform better than all for high-dimensional KP01 instances. 
Briefly, the main contributions of this study are listed below:  

• Presenting a binary variant of KOA, namely BKOA, for solving the 
KP01 using two different families of transfer functions, namely S- 
shaped and V-shaped transfer functions.  

• Integrating BKOA with an EIS to propose a new variant called 
HBKOA with better exploration and exploitation operators for 
effectively solving KP01. 

• Integrating EIS with several other metaheuristics to disclose its in
fluence on their performance  

• Conducting several experiments to reveal the performance of BKOA 
and HBKOA against several other competitors for solving 20 small- 
and medium-dimensional KP01 instances. Those experiments proved 
the effectiveness of BKOA over the compared algorithms, except for 
GA, which is slightly better than HBKOA. 
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• Conducting other experiments to disclose the performance of some 
metaheuristic algorithms improved by the EIS strategy. The experi
mental results demonstrate the competition between HBKOA, 
HBMRFO, and HBEO for tiny and medium-sized KP01 instances. 
Meanwhile, HBMRFO can outperform all others for high- 
dimensional KP01 instances. 

The remainder of this study is organized as follows: Section 2 pro
vides an overview of the Kepler optimization algorithm, Section 3 de
scribes the proposed algorithm, Section 4 contains a discussion and 
comparison, and Section 5 provides a conclusion regarding our work 
and future work. 

2. Kepler optimization algorithm (KOA) 

In [34], a new optimization technique called the Kepler optimization 
algorithm (KOA) inspired by Kepler’s laws of planetary motion has been 
recently proposed for tackling optimization problems. In a nutshell, KOA 
is built on the same two operators as the other metaheuristic algorithms, 
which are exploitation and exploration. When the planet is relatively 
distant from the sun, the exploratory operator takes place, and when it is 
relatively close to the sun, the other operator takes place. This section 
continues with a detailed discussion of the steps of KOA. 

Step 1: Initialization step 

Like the other population-based metaheuristic algorithms, KOA first 
creates a two-dimensional matrix of N× d, where N represents the 
population size and d represents the number of decision variables or 
dimensions of the tackled optimization problems. Then, this matrix is 
randomly initialized within the lower and upper bounds of each 
dimension, as formulated in the following formula: 

Xi
→

= Xlb
̅→

+ r→×
(

Xup
̅→

− Xlb
̅→

)
,

{
i = 1, 2,⋯,N.

j = 1, 2,⋯, d. (1) 

where Xi
→ represents the ith solution, Xup

̅→ is the upper bound vector of 

the dimensions in the tackled problem, Xlb
̅→ represents the lower bound 

vector of the same dimensions, r→ is a vector including numerical values 
generated randomly between 0 and 1 based on the normal distribution. 
Before starting the optimization process, KOA also needs to initialize 
some other controlling parameters, such as the orbital eccentricity (e) 
and orbital period (T).e and T are randomly initialized for each planet/ 
solution in the population, as formulated, respectively, in the following 
two formulas: 

ei = r, i = 1,⋯,N (2)  

Ti = |rn|, i = 1,⋯,N (3) 

where rn is a variable including a numerical value generated 

randomly according to the normal distribution. 

Step 2: Defining the gravitational force (.F)

In KOA, the universal law of gravity is employed to determine the 
gravity strength of the Sun XS

̅→ to each planet Xi
→, as formulated in the 

following formula: 

Fg i(t) = ei × μ(t) × Ms × mi

R2
i + ε

+ r1 (4) 

where ε is a tiny number that is used to prevent division by zero, r1 is 
a number chosen at random between 1 and 0. Ms andmi stand for the 
normalized values of both Ms and mi, respectively, where Ms and mi 

represent the mass of both XSandXi, respectively, and are computed ac
cording to Eqs. (7) and (8); μ is a constant value to determine the uni
versal gravitational constant; and Ri is the normalized value of Ri that 
represents the Euclidian distance between XS

̅→ and Xi
→, and computed 

according to the next equation: 

Ri(t) = ‖XS(t) − Xi(t)‖2 =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑d

j=1

(
XSj(t) − Xij(t)

)2

√
√
√
√ (5)  

Ri =
Ri(t) − min(R(t))

max(R(t)) − min(R(t))
(6)  

Ms = r2
fits(t) − worst(t)

∑N
k=1(fitk(t) − worst(t) )

(7)  

mi =
fiti(t) − worst(t)

∑N
k=1(fitk(t) − worst(t) )

(8)  

fits(t) = best(t)=min
k∈{1,2,⋯,N}fitk(t) (9)  

worst(t)=max
k∈{1,2,⋯,N}fitk(t) (10) 

where r2 is a numerical value chosen at random in the interval (0, 1). 
μ(t) is computed using the following formula: 

μ(t) = μ0 × exp(− γ
t

Tmax
) (11) 

where γ is a constant value; μ0 refers to the initial value; Tmax and t 
indicate the maximum number of function evaluations and current 
function evaluations, respectively. 

Step 3: Calculating an object’s velocity 

The distance of a planet from the Sun determines its velocity. In other 
words, a planet’s speed increases as it approaches the Sun and decreases 
as it recedes from it. Planets and other objects try to increase their ve
locity as they approach the Sun because the Sun’s gravity is much 
stronger, so they attempt to accelerate up to avoid being drawn in the 
Sun. According to KOA [34], the velocity of each planet in accordance 
with its distance from the Sun is computed according to the following 
equation:   

l = U→M L (13)  

L =

[

μ(t)(MS + mi)

(
2

Ri(t) + ε −
1

ai(t) + ε

)]1
2

(14) 

Vi(t) =

⎧
⎨

⎩
l
(

2r4 Xi
→

− Xb
̅→

)
+ l̈

(
Xa
̅→

− Xb
̅→

)
+(1 − Ri− norm(t))F U→1 r5

→
(

Xup
̅→

− Xlb
̅→

)
, if Ri− norm(t)≤ 0.5r4L

(
X→a − X→i

)
+(1 − Ri− norm(t))FU2 r5

→
(

r3 Xup
̅→

− Xlb
̅→

)
, Else

(12)   
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M = (r3(1 − r4)+ r4 ) (15)  

U→=

{

0, r5
→≤ r6

→1, Else (16)  

F =

{
1, if r4 ≤ 0.5
− 1, Else (17)  

l̈ =
(

1 − U→
)
× M

̅→
× L , (18)  

M
̅→

= (r3 × (1 − r5
→)+ r5

→) (19)  

U→1 =

{

0, r5
→≤ r41, Else (20)  

U2 =

{
0, if r3 ≤ r4
1, Else . (21) 

where Vi
→
(t) represents the velocity of the ith planet, r3 and r4 are two 

numerical values chosen at random between 0 and 1 according to the 
uniform distribution; and r6

→ and r5
→ stands for two vectors of numerical 

values that are generated arbitrarily in the range (0, 1). Xa
̅→ and Xb

̅→ are 
two objects chosen arbitrarily from the individuals in the current pop
ulation; F is a variable including randomly one value of [1, − 1] to alter 
the search direction; and ai could be estimated according to the 
following equation: 

ai(t) = r3×

[

T2
i ×

μ(t) × (Ms + mi)

4π2

]1
3

. (22)   

Step 4: Escaping from the local optimum 

The majority of planets in the solar system revolve around their axes 
and orbit in an anticlockwise direction relative to the Sun, while some 
others revolve clockwise around the sun. This fact is simulated in KOA to 
vary the exploration capabilities of KOA to avoid getting stuck in local 
minima and achieve better outcomes. This fact has been mimicked based 
on the factor F , which only includes two integers, 1 and − 1, where − 1 
is used to make some planets revolve clockwise relative to the sun. 

Step 5: Updating objects’ positions 

After estimating the velocity of each planet, its new position could be 
computed using the next mathematical formula: 

X→i(t+ 1) = X→i(t)+F × V→i(t)+
(
Fg i(t)+ |r|

)
× U→×

(
XS
̅→

− Xi
→
(t)

)
.

(23)   

Step 6: Updating distance with the Sun 

Simulating the naturally occurring change in the distance between 
the Sun and the planets over time is another attempt to enhance the 
KOA’s exploration and exploitation capabilities. Whenever a planet is in 
close proximity to the Sun, KOA will give that planet preference for 
exploitation, but when the Sun is far away, KOA will give preference to 
exploration. This concept is mimicked by using a time-varying value for 
the controlling parameter h. If it is high, the exploration operator is 
utilized to broaden the search space for a better solution, while if it is 
low, the exploitation operator is employed to focus further on the so
lutions around the best-so-far solutions. The mathematical model for 
this principle can be expressed in terms of the following equations:   

h =
1

eηr , (25) 

where r is a numerical value chosen arbitrarily based on the normal 
distribution, and η is computed as: 

η = (a2 − 1) × r4 + 1 (26) 

where a2 stands for a cyclic controlling parameter, which is 
computed using the following equation: 

a2 = − 1 −

⎛

⎜
⎝

t%Tmax
TC

Tmax
TC

⎞

⎟
⎠ (27) 

where TC represents the number of cycles in the optimization pro
cess, and % denotes the remainder operator. 

Step 7: Elitism 

This step establishes an elitist strategy to guarantee that the Sun and 
planets are always in the best local positions, as defined by the next 
mathematical formula: 

Fig. 1. A solution encoding for KP01.  

X→i(t+ 1) = Xi
→
(t) × U→1 +

(

1 − U→1

)

×

⎛

⎝Xi
→
(t) +

XS
̅→

+ Xa
̅→

(t)
3.0

+ h ×

⎛

⎝X→i(t) +
XS
̅→

+ Xa
̅→

(t)
3.0

− Xb
̅→

(t)

⎞

⎠

⎞

⎠, (24)   
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Xi,new
̅̅→

(t + 1) =
{

Xi
→
(t + 1), if f (Xi

→
(t + 1) ≤ f

(
Xi
→
(t)

)
Xi
→
(t), Else (28)   

Algorithm 1 Steps of KOA. 

Start 
Set N,Tmax ,μ0 , γ,T.  
Initialization 
Evaluation. 
Determine the best-so-far solution ( XS

̅→). 
While (t < Tmax)

Update eii = 1,2,⋯,N,best(t), worst(t), and μ(t).  
For i = 1:N  

Calculate Ri between XS
̅→ and Xi

→ using Eq. (6). 
Calculate Fg i between XS

̅→ and Xi
→ using Eq. (4). 

Calculate the velocity of Xi
→ using Eq. (12). 

Generate two random numbers r, r1 between 0 and 1.  
If r >r1 /* Update position of the planet*/ 

Update Xi
→ using Eq. (23). 

Else /*update the distance between the planet and the sun*/ 
Update Xi

→ using Eq. (24). 
End if 
Apply Eq.(28)  
t = t+1 End for 

End while 
Stop  

3. The proposed binary algorithms 

This section presents the main steps used to make the continuous 
KOA applicable to the binary space. Those steps are initialization, 
normalization under various V-shaped and S-shaped transfer functions, 
extracting binary solutions, and evaluation. In addition, the enhanced 
improvement strategy is presented to improve the quality of the ob
tained binary solutions. This strategy is integrated with the binary KOA 
(BKOA) to present a new strongly-performing variant called hybrid 
BKOA (HBKOA). 

3.1. Initialization 

Before starting the optimization process, the metaheuristic algo
rithms randomly distribute N individuals with d dimensions within the 
search space of the tackled optimization problems. The solutions suit
able for the KP01 must include binary values to determine whether the 
item is selected or not. Therefore, in the initialization step of KOA and 
the other optimizers, all solutions are randomly distributed with 0 and 1, 
as defined in the following formula: 

Xi
→

=

{
1, if r→> 0.5
0, otherwise . (29) 

where r→ is a vector including numerical values generated randomly 
between 0 and 1 according to the uniform distribution. In Fig. 1, we 

encode a suitable solution for KP01 to illustrate how to select the items 
that are added to the knapsack. For instance, in this figure, items 2, 4, 5, 
8, and 9 are added to the knapsack because the binary solution includes 
1 in the corresponding cells. 

3.2. Evaluation: Objective function 

The objective function of KP01 is based on finding a set of items that 
maximizes the total profits and is subject to the knapsack capacity. This 
objective function is formulated as follows: 

Maximize f
(

Xi
→
)
=

∑d

j=1
pjXj. (30)  

Table 1 
An illustrative example of KP01.  

Table 2 
S-shaped and V-shaped TF’s Mathematical model.  

S-Shaped V-Shaped 

S1 F(X→) =
1

1 + e− X→
V1 F(X→) =

⃒
⃒
⃒
2
π arcTan

(π
2

X→
) ⃒

⃒
⃒
⃒

S2 F(X→) =
1

1 + e− 2 X→
V2 F(X→) =

⃒
⃒
⃒tanh

(
X→
) ⃒
⃒
⃒

S3 F(X→) =
1

1 + e
−

X→

2 
V3 F(X→) =

⃒
⃒
⃒
⃒

a
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 + X→
2

√

⃒
⃒
⃒
⃒
⃒
⃒
⃒

S4 F(X→) =
1

1 + e
−

X→

3  

V4 F(X→) =

⃒
⃒
⃒erf

( ̅̅̅
π

√

2
X→
) ⃒
⃒
⃒
⃒

Fig. 2. S-shaped TFs.  
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Subject to
∑d

j=1
wjXj ≤ C.

where wj represents the jth item’s weight, Xj is the jth cell in the ith 
binary solution to determine whether the jth item is selected or not, pj 

refers to the profit of the jth item, and C represents the knapsack ca
pacity. For example, assume that we have a knapsack problem with the 
following characteristics:  

• d = 10  
• C = 60  
• w→ = [20,18,17,15,15,10,5,3,1,1]

• p→ = [30,25,20,18,17,11,5,2,1,1]

This problem is solved by finding a set of items that could satisfy eq. 
(30). This set is selected based on creating a binary solution with d di
mensions, whereby each dimension determines if the current item is 
selected or not. For example, suppose that BKOA could generate the Fig. 3. V-shaped TFs.  

Fig. 4. Flowchart of BKOA.  
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solution X→i depicted in Fig. 1. The quality of this solution is determined 
by passing it to Eq. (30) to compute the total profit based on summing 
the results of multiplying the binary vector X→i by the profit vector p→, as 
described in Table 1. The total profit based on this calculation is 63. But, 
the total weight of this solution must be subject to the knapsack capacity 
to be considered as a feasible solution. To check this constraint, the total 
weight is also computed based on summing the results of multiplying the 
binary vector X→i by the weight vector w→, as described in the last column 
in Table 1. This solution is considered feasible for solving this knapsack 
problem because its total profit is smaller than the permitted knapsack 

capacity. 

3.3. S-shaped and V-shaped transfer functions 

Typically, metaheuristic algorithms are presented for solving 
continuous optimization problems. Hence, they could not be directly 
applied to tackle KP01. To adapt the continuous metaheuristic algo
rithms for KP01, various V-shaped and S-shaped transfer functions (TF) 
are employed to normalize the continuous values between 0 and 1, and 
then those normalized values are randomly converted into binary 
values, as modeled in Eq. (31). The mathematical models of various V- 

Table 3 
An example to illustrate a disadvantage of IA.  

*Red cells represent the discarded items due to destroying the knapsack capacity constraint. 
*Blue cells represent the considered items due to satisfying the knapsack capacity constraint. 
*Green cell represents the item that could achieve better profit if it has been considered first. 

Table 4 
Characteristics of the KP01 instances.  

IN Capacity D Opt IN Capacity D Opt IN Capacity D Opt 

KP1 269 10 295 KP12 655 35 1689.0 KP22 1008 200 11,238 
KP2 878 20 1024 KP13 819 40 1821 KP23 2543 500 28,857 
KP3 20 4 35 KP14 907 45 2033 KP24 5002 1000 54,503 
KP4 11 4 23 KP15 882 50 2440 KP25 995 100 1514 
KP5 375 15 481.069368 KP16 1050 55 2651 KP26 1008 200 1634 
KP6 60 10 52 KP17 1006 60 2917 KP27 2543 500 4566 
KP7 50 7 107 KP18 1319 65 2817 KP28 5002 1000 9052 
KP8 10,000 23 9767 KP19 1426 70 3223 KP39 997 100 2397 
KP9 80 5 130 KP20 1433 75 3614 KP30 997 200 2697 
KP10 879 20 1025 KP21 995 100 9147 KP31 2517 500 7117 
KP11 577 30 1437     KP32 4990 1000 14,390  
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and S-shaped TFs are presented in Table 2. In Addition, the curves of V- 
shaped and S-shaped TFs are depicted in Figs. 2 and 3. 

X→bin

(
X→
)
=

{

1, if F
(

X→
)
≥ rand

0, otherwise
. (31)  

3.4. Binary KOA (BKOA) 

As stated before, KOA has been proposed for tackling continuous 
optimization problems, and hence it could not be directly applied to 
tackling binary optimization problems. To make it applicable to tackle 
this problem, it first initializes N solutions randomly with binary values 
that are then evaluated to determine their quality. The initial solution 
with the highest objective value and satisfying the knapsack capacity is 
considered the best-so-far solution. Afterward, the optimization process 
is started to update those initial solutions and generate new continuous 
solutions. Those continuous solutions are normalized using one of the V- 
or S-shaped TFs and converted under the randomization process into 
binary solutions Xbin

̅̅→
(X→), as depicted in Eq. (31). Those binary solutions 

are evaluated using Eq. (30) to determine the quality of each solution, 
and the solution that has the highest objective function and could satisfy 
the knapsack capacity is considered the best-so-far solution ( XS

̅→). This 
process is continued until the maximum number of function evaluations 
are satisfied. Briefly, the steps of the binary variant of KOA (BKOA) are 
depicted in Fig. 4. 

3.5. Enhanced improvement strategy (EIS) 

In [7], an improvement algorithm (IA) has been proposed to improve 
the quality of the binary solutions obtained by the binary metaheuristic 
algorithms. According to [7], the steps of IA are described as that:  

1. The item i with the highest pi
wi 

is selected in the binary solution X→bin.  

2. Evaluating the updated solution X→bin  
3. If the new solution satisfies the knapsack capacity, it is considered for 

the next update under the IA; otherwise, the last update is discarded, 
and the IA moves to the item with the second highest pi

wi
.  

4. Repeating the previous three steps for checking all unselected items 
in the binary solution X→bin. 

IA has some disadvantages, as described below:  

• Selecting the items in the knapsack according to the highest ratio 
based on dividing profit by weight might result in discarding some 
items with a smaller ratio but could achieve better profit, as dis
cussed in Table 3.  

• Traversing all unselected items in each solution consumes a huge 
number of function evaluations, thereby increasing the computa
tional cost consumed by each algorithm. 

To overcome those disadvantages, a new enhanced variant of IA, 
namely enhanced improvement strategy (EIS), is proposed in this study 
to achieve the following two purposes:  

• Taking into consideration all items, even those with a small ratio.  
• Saving the computational cost as much as possible. 

The first purpose of this algorithm is achieved by shuffling the 
indices of a percent β of the solutions that have the highest ratio. Hence, 
selecting the item is not dependent on the highest ratio but is based on its 
order in the shuffled indices (I). β is a predefined controlling parameter 
discussed in the experiments section. The second purpose is achieved by 
using a counter to determine the number of times the objective function 
is called. If this counter exceeds a specific ratio (γ), the EIS algorithm is 

stopped, and the control is returned to the binary metaheuristic algo
rithm. Finally, the steps of EIS are described in Algorithm 3. Finally, this 
algorithm is integrated with BKOA to present a better binary variant 
called HBKOA. In this variant, EIS is employed to improve the quality of 
the feasible solutions obtained by the classical BKOA, as described in 
Algorithm 3.  

Algorithm 2 Steps of EIS 

Input: X→bin 
1. C = 0, A counter to determine the number of function evaluations 
2. f = compute the fitness value of X→bin 
3. for j = 1: d %% Ratio between weights and profits 

4. Rj =
pj

wj 

5. end 
6. Sort R in descending order and return the sorted indices I 
7. I(1:β× d) ¼ shuffled(I(1:β× d)) 
8. for j = 1: d 
9. if X→bin,I(j) = = 0 

10.  X→bin,I(j) = 1 

11.  f = compute the fitness value of X→bin 
12. if f == 0 %% infeasible solution 
13.  X→bin,I(j) = 0 %% Discard the above update 
14. end 
15.  C + +

16. if C > γ× d 
17. Break; 
18. end 
19. end 
20. end 
Return X→bin, C   

Algorithm 3 Steps of BKOA. 

Start 
Set N,Tmax ,μ0, γ,T.  
Initialize N solutions using Eq. (29) 
Evaluate each solution using Eq. (30) 
Determine the best-so-far solution ( XS

̅→). 
While (t < Tmax)

Update eii = 1,2,⋯,N,best(t), worst(t), and μ(t).  
For i = 1:N  

Calculate Ri between XS
̅→ and Xi

→ using Eq. (6). 
Calculate Fg i between XS

̅→ and Xi
→ using Eq. (4). 

Calculate the velocity of Xi
→ using Eq. (12). 

Generate two random numbers r, r1 between 0 and 1.  
If r >r1 /* Update position of the planet*/ 

Update Xi
→ using Eq. (23). 

Else /*update the distance between the planet and the sun*/ 
Update Xi

→ using Eq. (24). 
End if 
Applying one of the TFs modeled in table 1 to normalize Xi

→

Generate X→bin(X→) from the normalized Xi
→ using Eq. (31)  

if f
(

X→bin

)

> 0  

X→bin,C = Applying Algorithm 2 to further improve X→bin  
t = t+C %% Increase the current function evaluation 

end  
Evaluate X→bin(X→) using Eq. (30) 
Updating the best-so-far solution ( XS

̅→) if there is better 
Apply Eq.(28)  
t = t+1 %% Increase the current function evaluation 

End for 
End while 
Stop  

4. Results and discussion 

In this section, the proposed BKOA is first assessed over various S- 
shaped and V-shaped TFs to pick the most effective one. Then, BKOA 
with the most effective TF is compared to several classical metaheuristic 
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algorithms, such as BEO [9], BMPA [7], GA [35], BMRFO [36], BTLBO 
[37], BJA [38], GA under the tournament selection (GAT) [35], and 
BYDSE [39], to evaluate its performance in terms of best, average (Ave), 
and worst fitness values, in addition to the standard deviation (SD), 
Friedman mean rank (F-rank), and computational cost (Time). Those 
metrics have been computed after executing all algorithms 20 inde
pendent times on a device equipped with the following capabilities:  

• Intel(R) Core(TM) i7-4700MQ processor running at 2.40 GHz,  

• 32 GB of RAM,  
• a 64-bit version of Windows 10 Pro  
• MATLAB R2019a, 

The controlling parameters of the rival algorithms are assigned in our 
experiments as recommended in the cited reference. All algorithms are 
assessed using 32 well-known instances with a number of dimensions (d) 
ranging between 4 and 1000 to cover small-, medium-, and large-scale 
[16,40]. Table 4 describes these instances in terms of the number of 

Fig. 5. Tuning the parameter β.  

Fig. 6. Tuning the parameter γ.  
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dimensions (d), the desired optimal solution (Opt), the instance name 
(IN), and the knapsack capacity (Capacity). Regarding the termination 
condition for each algorithm, it is unified by setting the maximum 
number of function evaluations to 5000 × d if d is smaller than or equal 
to 100; otherwise, it is set to 500 × d to make a fair comparison. The 
population size for all algorithms is set to 100. 

The EIS has two additional controlling parameters (γ and β) that have 
to be accurately estimated to maximize its performance when inte

grating with HBKOA. Therefore, several experiments have been con
ducted under different values for each parameter to pick the most 
effective value. Those experiments include testing the influence of those 
values on medium and high-dimensional datasets. Fig. 5 illustrates the 
average fitness value obtained by HBKOA under various values for β. 
This figure discloses that HBKOA could achieve better outcomes for 
medium-dimensional instances and high-dimensional instances when β 
is set to 0.5 and 0.1, respectively. Fig. 6 presents the average fitness 

Table 5 
Comparison of BKOA with various V-shaped and S-shaped TF over the instances—(KP1–KP20).  

Name  S1 S2 S3 S4 V1 V2 V3 V4 

KP1 Ave  295.0000  295.0000  295.0000  295.0000  295.0000  295.0000  295.0000  295.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP2 Ave  1024.0000  1024.0000  1024.0000  1024.0000  1023.7000  1024.0000  1024.0000  1023.7000 
F-rank  4.4500  4.4500  4.4500  4.4500  4.6500  4.4500  4.4500  4.6500 

KP3 Ave  35.0000  35.0000  35.0000  35.0000  35.0000  35.0000  35.0000  35.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP4 Ave  23.0000  23.0000  23.0000  23.0000  23.0000  23.0000  23.0000  23.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP5 Ave  481.0694  481.0694  481.0694  481.0694  481.0694  481.0694  481.0694  481.0694 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP6 Ave  52.0000  52.0000  52.0000  52.0000  52.0000  52.0000  52.0000  52.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP7 Ave  107.0000  107.0000  107.0000  107.0000  107.0000  107.0000  107.0000  107.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP8 Ave  9767.0000  9767.0000  9767.0000  9767.0000  9760.9000  9762.7500  9762.7500  9764.3500 
F-rank  2.9500  2.9500  2.9500  2.9500  6.9500  5.7500  6.1250  5.3750 

KP9 Ave  130.0000  130.0000  130.0000  130.0000  130.0000  130.0000  130.0000  130.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP10 Ave  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 

KP11 Ave  1436.3500  1436.0500  1437.0000  1436.3500  1425.0500  1424.6500  1416.9500  1423.1000 
F-rank  3.1000  3.2750  2.9250  3.1500  5.1500  5.7250  6.7250  5.9500 

KP12 Ave  1689.0000  1688.6000  1688.7500  1688.6000  1679.4000  1679.5500  1682.5000  1683.8000 
F-rank  3.2500  3.5750  3.4500  3.5500  5.9750  5.7750  5.0250  5.4000 

KP13 Ave  1819.0500  1820.2000  1820.4000  1820.3500  1788.4000  1794.1500  1791.8000  1799.2500 
F-rank  3.1000  2.4750  2.4750  2.6750  6.5500  6.6750  6.4750  5.5750 

KP14 Ave  2030.3000  2030.1000  2029.4500  2028.6000  1979.3500  1998.0000  1976.9000  1985.7500 
F-rank  2.6750  2.4750  2.6500  2.7500  6.7000  5.7250  6.8250  6.2000 

KP15 Ave  2440.6000  2440.4500  2440.9500  2440.8000  2386.4500  2394.7000  2393.0500  2409.1000 
F-rank  2.6500  2.7500  2.3750  2.7750  6.7250  6.4000  6.7500  5.5750 

KP16 Ave  2639.8500  2642.9000  2639.4500  2638.8500  2550.5500  2570.9000  2557.8000  2565.9000 
F-rank  2.5500  1.8500  2.9750  2.6500  7.0250  6.3000  6.4000  6.2500 

KP17 Ave  2912.2000  2910.6500  2911.3000  2911.3500  2821.1000  2841.7000  2815.0000  2831.2500 
F-rank  2.3500  2.8250  2.6750  2.3500  6.7500  6.0000  6.7000  6.3500 

KP18 Ave  2811.0500  2813.9000  2813.2500  2811.8500  2705.7000  2724.5500  2716.9500  2752.2500 
F-rank  3.1250  2.0250  2.1750  2.7750  6.8750  6.4750  6.8000  5.7500 

KP19 Ave  3215.6000  3215.8000  3218.0500  3216.5000  3128.2000  3151.9500  3128.0500  3151.4500 
F-rank  2.7750  2.5250  2.2500  2.4500  7.1000  5.9000  6.8500  6.1500 

KP20 Ave  3600.7500  3602.4500  3600.5500  3599.6000  3424.2000  3469.9000  3442.1000  3465.8000 
F-rank  2.4750  2.2750  2.6750  2.5750  7.1500  6.1500  6.5500  6.1500 

Bold value indicates the best result. 

Fig. 7. Average fitness value for BKOA under each TF.  Fig. 8. Average F-rank for BKOA under each TF.  

M. Abdel-Basset et al.                                                                                                                                                                                                                          



Alexandria Engineering Journal 82 (2023) 358–376

368

value and computational cost in seconds obtained by HBKOA For tuning 
the parameter γ. This figure shows that HBKOA has the same fitness 
value under various values for this parameter. Therefore, the average 
computational cost is computed to reveal its convergence speed under 
these values. In a nutshell, this figure discloses that HBKOA performs 
better for medium-dimensional instances and high-dimensional in
stances when γ is set to 0.6 and 0.3, respectively. 

4.1. Experiment 1: Comparison of V-shaped and S-shaped transfer 
functions 

In this section, the performance of various TFs with BKOA is inves
tigated to select the most effective one that could maximize the per
formance of BKOA in solving various KP01 instances. Various variants of 
BKOA under various TFs are executed 20 times separately, and the 
outcomes of Ave and F-rank metrics are computed and presented in 
Table 5. This table discloses that all TFs have the same performance for 
instances with a number of dimensions smaller than 15; otherwise, the S- 

Table 6 
Comparison of HBKOA with various V-shaped and S-shaped TF—(KP1–KP20).  

Name  S1 S2 S3 S4 V1 V2 V3 V4 

KP1 Ave  295.0000  295.0000  295.0000  295.0000  295.0000  295.0000  295.0000  295.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0043  0.0056  0.0019  0.0002  0.0004  0.0023  0.0026  0.0023 

KP2 Ave  1024.0000  1024.0000  1024.0000  1024.0000  1024.0000  1024.0000  1024.0000  1024.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0018  0.0057  0.0223  0.0261  0.0271  0.0042  0.0038  0.0188 

KP3 Ave  35.0000  35.0000  35.0000  35.0000  35.0000  35.0000  35.0000  35.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  1.003E¡04  1.283E− 04  1.377E− 04  1.546E− 04  1.116E− 04  1.557E− 04  1.162E− 04  1.649E− 04 

KP4 Ave  23.0000  23.0000  23.0000  23.0000  23.0000  23.0000  23.0000  23.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  1.550E− 04  1.053E− 04  1.024E− 04  1.438E− 04  1.863E− 04  1.082E− 04  1.253E− 04  1.322E− 04 

KP5 Ave  481.0694  481.0694  481.0694  481.0694  481.0694  481.0694  481.0694  481.0694 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  9.425E− 04  3.009E− 03  2.252E− 03  2.971E− 03  3.169E− 03  2.456E− 03  3.643E− 03  3.031E− 03 

KP6 Ave  52.0000  52.0000  52.0000  52.0000  52.0000  52.0000  52.0000  52.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  1.250E− 04  2.854E− 04  2.015E− 03  5.617E− 03  1.428E− 04  2.587E− 04  1.976E− 03  2.159E− 03 

KP7 Ave  107.0000  107.0000  107.0000  107.0000  107.0000  107.0000  107.0000  107.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  7.832E− 03  3.415E− 02  1.967E− 04  1.263E− 04  5.299E− 03  2.945E− 03  2.513E− 03  1.347E− 04 

KP8 Ave  9767.0000  9767.0000  9767.0000  9766.9500  9765.7500  9767.0000  9767.0000  9766.7500 
F-rank  4.2500  4.2500  4.2500  4.4250  5.6750  4.2500  4.2500  4.6500 
Time  0.0306  0.0353  0.2009  0.2672  0.1278  0.3558  1.6087  1.6899 

KP9 Ave  130.0000  130.0000  130.0000  130.0000  130.0000  130.0000  130.0000  130.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  1.227E− 04  3.200E− 04  1.379E− 04  1.088E− 04  1.589E− 04  1.174E− 04  2.152E− 03  1.241E− 04 

KP10 Ave  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000  1025.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0075  0.0033  0.0091  0.0169  0.0160  0.0154  0.0747  0.0093 

KP11 Ave  1437.0000  1437.0000  1437.0000  1437.0000  1437.0000  1437.0000  1437.0000  1437.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0032  0.0056  0.0108  0.0121  0.0075  0.0068  0.0067  0.0072 

KP12 Ave  1689.0000  1689.0000  1689.0000  1689.0000  1689.0000  1689.0000  1689.0000  1689.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0067  0.0120  0.0128  0.0131  0.0408  0.0233  0.0096  0.0076 

KP13 Ave  1821.0000  1821.0000  1821.0000  1821.0000  1821.0000  1821.0000  1821.0000  1821.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0026  0.0334  0.0077  0.0293  0.0194  0.0278  0.0173  0.0288 

KP14 Ave  2033.0000  2033.0000  2033.0000  2033.0000  2033.0000  2033.0000  2033.0000  2033.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0024  0.0083  0.0158  0.0088  0.0106  0.0098  0.0090  0.0099 

KP15 Ave  2440.0000  2440.2000  2440.4000  2440.4000  2440.0000  2440.0000  2440.4000  2440.4000 
F-rank  4.7250  4.5250  4.3250  4.3250  4.7250  4.7250  4.3250  4.3250 
Time  0.0160  0.0084  0.0329  0.1780  0.0114  0.0108  0.0779  0.0106 

KP16 Ave  2651.0000  2651.0000  2651.0000  2651.0000  2651.0000  2651.0000  2651.0000  2651.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0018  0.0091  0.0091  0.0189  0.0127  0.0117  0.0125  0.0120 

KP17 Ave  2917.0000  2917.0000  2917.0000  2917.0000  2917.0000  2917.0000  2917.0000  2917.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0020  0.0108  0.0099  0.0092  0.0148  0.0122  0.0135  0.0125 

KP18 Ave  2817.0000  2817.0000  2817.0000  2817.0000  2817.0000  2817.0000  2817.0000  2817.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0023  0.0112  0.0106  0.0116  0.0140  0.0135  0.0137  0.0142 

KP19 Ave  3223.0000  3223.0000  3223.0000  3223.0000  3223.0000  3223.0000  3223.0000  3223.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000 
Time  0.0323  0.0209  0.0728  0.0684  0.5665  0.0104  0.0566  2.5894 

KP20 Ave  3614.0000  3614.0000  3614.0000  3614.0000  3614.0000  3614.0000  3614.0000  3614.0000 
F-rank  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  4.5000  
Time  0.0017  0.0093  0.0095  0.0125  0.0120  0.0116  0.0142  0.0124 

Bold value indicates the best result. 
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shaped TFs (S1, S2, S3, and S4) could achieve better outcomes. 
Approximately four S-shaped TFs have the same performance as shown 
in Figs. 7 and 8. The little difference among them is due to the stochastic 
characteristic used to convert the normalized continuous values into 
0 and 1. Since various S-shaped TFs are on par, S3 has been selected 
among them to adapt BKOA in the next experiments. Likewise, the best 
transfer function for HBKOA has been selected by running it with each 
transfer function 20 times separately, and the average fitness value and 
F-rank are computed and reported in Table 6. This table shows that 
HBKOA has the same performance as all TFs. Therefore, the computa
tional cost under each TF is computed and presented in the same table to 
show which one has a lower cost. In addition, the average computational 
cost for each TF on all instances is reported in Fig. 9. This figure shows 
that S1 is the quickest, with a value of 0.12 s, while V4 is the slowest, 
with a value of 4.42 s. Therefore, S1 is employed with HBKOA in the next 
experiments. 

4.2. Experiment 2: Performance evaluation of EIS with BKOA 

In this section, EIS is employed with BKOA to improve the quality of 
the binary solutions. This strategy is integrated with the BKOA in two 
different ways to present two different variants: HBKOA1 and HBKOA. 
HBKOA1 uses EIS to improve the unfeasible solutions, while HBKOA 

uses this strategy to enhance the feasible solutions. To pick the best- 
performing variant, both of them are executed 20 independent times 
in some instances, and various performance indicators are computed 
and reported in Table 7. Inspecting this table shows that the second 
variant that applies EIS to improve the quality of feasible solutions is 
either better or on par for all validated instances. In the next experi
ments, to further observe the effectiveness of EIS, it is integrated with 
some other binary metaheuristic algorithms to show its influence on 
their performance. 

4.3. Experiment 3: Comparison between BKOA and some classical 
metaheuristics (KP1-KP20) 

In this section, BKOA and eight binary competitors are employed to 
solve the instances ranging between KP1 and KP20. All are indepen
dently executed 20 times, and the outcomes of various performance 
metrics are reported in Tables 8 and 9. Those tables show that HKOA is 
competitive with some algorithms, like GA, BMRFO, BEO, and GAT, for 
the instances ranging between KP1 and KP10. For the instances between 
KP11 and KP20, HKOA could come in the second rank after GA for 8 
instances with d ≥ 40, and in the third rank after GA and BMRFO for 
KP11, while it is competitive with GA and BMRFO for KP11. To better 
show the effectiveness of HKOA over the other optimizers, the average 

Fig. 9. Average computational cost for HBKOA under each TF.  

Table 7 
Comparison of integrating EIS with BKOA for feasible and infeasible solutions.   

KP11 KP12  

Worst Ave Best SD Time F-rank Worst Ave Best SD Time F-rank 

HBKOA1 1437.000 1437.000  1437.000  0.000 2.38E− 03  1.500  1684.000  1686.050  1689.000  2.328 8.42E− 01  1.825 
HBKOA 1437.000 1437.000  1437.000  0.000 1.51E− 03  1.500  1689.000  1689.000  1689.000  0.000 5.58E− 03  1.175  

KP13 KP14 
HBKOA1 1817.000 1817.400  1821.000  1.231 7.95E− 01  1.950  2033.000  2033.000  2033.000  0.000 3.54E− 03  1.500 
HBKOA 1821.000 1821.000  1821.000  0.000 4.44E− 03  1.050  2033.000  2033.000  2033.000  0.000 3.40E− 03  1.500  

KP15 KP16 
HBKOA1 2438.000 2438.100  2440.000  4.47E− 01 1.28E+00  1.975  2651.000  2651.000  2651.000  0.00E+00 2.51E− 03  1.500 
HBKOA 2440.000 2440.200  2444.000  8.94E− 01 2.45E− 03  1.025  2651.000  2651.000  2651.000  0.00E+00 2.83E− 03  1.500  

KP17 KP18 
HBKOA1 2917.000 2917.000  2917.000  0.00E+00 2.69E− 03  1.500  2817.000  2817.000  2817.000  0.00E+00 3.19E− 03  1.500 
HBKOA 2917.000 2917.000  2917.000  0.00E+00 1.88E− 03  1.500  2817.000  2817.000  2817.000  0.00E+00 3.51E− 03  1.500  

KP19 KP20 
HBKOA1 3220.000 3220.200  3223.000  6.96E− 01 1.28E+00  1.975  3614.000  3614.000  3614.000  0.00E+00 2.66E− 03  1.500 
HBKOA 3223.000 3223.000  3223.000  0.00E+00 1.07E− 02  1.025  3614.000  3614.000  3614.000  0.00E+00 4.06E− 03  1.500  

KP1_200 KP1_500 
HBKOA1 11186.00 11224.40  11238.00  1.64E+01 1.60E− 01  1.700  27353.00  27688.85  27977.00  1.43E+02 3.34E− 01  2.000 
HBKOA 11186.00 11229.20  11238.00  1.60E+01 3.29E− 02  1.300  27878.00  28234.15  28637.00  1.73E+02 1.44E+00  1.000 

Bold value indicates the best outcome. 
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Table 8 
Comparison among algorithms over the instances from KP1 and KP10.  

Name  BKOA BEO BMRFO BTLBO GAT BMPA GA BJA BYDSE 

KP1 Worst  295.000  295.000  295.000  295.000  295.000  295.000  295.000  279.000  295.000 
Ave  295.000  295.000  295.000  295.000  295.000  295.000  295.000  293.300  295.000 
Best  295.000  295.000  295.000  295.000  295.000  295.000  295.000  295.000  295.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000  4.156  0.000 
Time  1.71E− 02  5.59E− 04  1.43E− 03  6.88E− 03  4.30E− 03  1.16E− 04  6.99E− 03  2.89E− 02  4.74E− 03 
F-rank  4.875  4.875  4.875  4.875  4.875  4.875  4.875  6.000  4.875 

KP2 Worst  1024.000  1024.000  1024.000  1018.000  1024.000  993.000  1024.000  1024.000  985.000 
Ave  1024.000  1024.000  1024.000  1023.700  1024.000  1017.750  1024.000  1024.000  1006.500 
Best  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000 
SD  0.000  0.000  0.000  1.342  0.000  9.596  0.000  0.000  13.671 
Time  3.02E− 02  6.49E− 03  1.33E− 02  1.59E− 01  3.64E− 02  1.27E+00  2.78E− 02  4.53E− 04  2.71E− 01 
F− rank  4.350  4.350  4.350  4.550  4.350  6.400  4.350  4.350  7.950 

KP3 Worst  35.000  35.000  35.000  35.000  35.000  35.000  35.000  35.000  35.000 
Ave  35.000  35.000  35.000  35.000  35.000  35.000  35.000  35.000  35.000 
Best  35.000  35.000  35.000  35.000  35.000  35.000  35.000  35.000  35.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  1.45E− 04  2.04E− 04  1.61E− 04  1.55E− 04  1.89E− 04  1.64E− 04  8.64E− 04  1.05E− 04  1.60E− 04 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP4 Worst  23.000  23.000  23.000  23.000  23.000  23.000  23.000  23.000  23.000 
Ave  23.000  23.000  23.000  23.000  23.000  23.000  23.000  23.000  23.000 
Best  23.000  23.000  23.000  23.000  23.000  23.000  23.000  23.000  23.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  2.37E− 04  4.09E− 04  1.60E− 04  1.19E− 04  1.11E− 04  1.47E− 04  1.12E− 03  1.10E− 04  9.47E− 05 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP5 Worst  481.069  481.069  481.069  481.069  481.069  437.935  481.069  360.707  481.069 
Ave  481.069  481.069  481.069  481.069  481.069  476.710  481.069  461.355  481.069 
Best  481.069  481.069  481.069  481.069  481.069  481.069  481.069  481.069  481.069 
SD  2.33E− 13  2.33E− 13  2.33E− 13  2.33E− 13  2.33E− 13  1.18E+01  2.33E− 13  3.80E+01  2.33E− 13 
Time  2.97E− 02  6.91E− 03  7.67E− 04  1.11E− 03  2.53E− 03  1.07E+00  5.96E− 03  9.84E− 02  1.81E− 02 
F-rank  4.750  4.750  4.750  4.750  4.750  5.600  4.750  6.150  4.750 

KP6 Worst  52.000  52.000  52.000  52.000  51.000  52.000  52.000  52.000  52.000 
Ave  52.000  52.000  52.000  52.000  51.950  52.000  52.000  52.000  52.000 
Best  52.000  52.000  52.000  52.000  52.000  52.000  52.000  52.000  52.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  2.24E− 01  0.00E+00  0.00E+00  0.00E+00  0.00E+00 
Time  2.16E− 02  1.17E− 03  5.89E− 04  7.15E− 04  9.86E− 04  1.05E− 03  1.60E− 03  1.23E− 04  7.89E− 04 
F-rank  4.975  4.975  4.975  4.975  5.200  4.975  4.975  4.975  4.975 

KP7 Worst  107.000  107.000  107.000  107.000  105.000  105.000  107.000  105.000  107.000 
Ave  107.000  107.000  107.000  107.000  106.400  106.900  107.000  106.400  107.000 
Best  107.000  107.000  107.000  107.000  107.000  107.000  107.000  107.000  107.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  9.40E− 01  4.47E− 01  0.00E+00  9.40E− 01  0.00E+00 
Time  6.09E− 04  8.86E− 04  5.11E− 04  1.30E− 03  1.86E− 03  4.02E− 01  9.82E− 04  1.15E− 04  1.24E− 04 
F-rank  4.675  4.675  4.675  4.675  6.025  4.900  4.675  6.025  4.675 

KP8 Worst  9767.000  9767.000  9767.000  9759.000  9762.000  9740.000  9767.000  9703.000  9762.000 
Ave  9767.000  9767.000  9767.000  9763.200  9766.150  9757.000  9767.000  9731.550  9764.400 
Best  9767.000  9767.000  9767.000  9767.000  9767.000  9767.000  9767.000  9751.000  9767.000 
SD  0.00E+00  0.00E+00  0.00E+00  2.24E+00  1.84E+00  6.62E+00  0.00E+00  1.20E+01  1.64E+00 
Time  6.63E− 01  2.54E− 02  3.78E− 03  2.70E− 01  7.47E− 01  1.84E+00  2.74E− 02  1.81E− 01  4.87E− 01 
F-rank  3.075  3.075  3.075  6.350  3.825  7.625  3.075  9.000  5.900 

KP9 Worst  130.000  130.000  130.000  130.000  130.000  130.000  130.000  130.000  130.000 
Ave  130.000  130.000  130.000  130.000  130.000  130.000  130.000  130.000  130.000 
Best  130.000  130.000  130.000  130.000  130.000  130.000  130.000  130.000  130.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00 
Time  1.70E− 04  3.06E− 04  2.29E− 04  1.82E− 04  1.86E− 04  1.08E− 04  1.20E− 03  1.97E− 04  1.35E− 04 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP10 Worst  1025.000  1025.000  1025.000  1017.000  1025.000  1005.000  1025.000  1025.000  962.000 
Ave  1025.000  1025.000  1025.000  1023.700  1025.000  1021.550  1025.000  1025.000  1007.200 
Best  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000 
SD  0.00E+00  0.00E+00  0.00E+00  2.70E+00  0.00E+00  5.27E+00  0.00E+00  0.00E+00  1.57E+01 
Time  7.23E− 02  4.61E− 03  2.72E− 03  1.07E− 01  2.22E− 03  1.57E− 02  3.77E− 03  1.31E− 03  1.94E− 01 
F-rank  4.225  4.225  4.225  5.100  4.225  5.900  4.225  4.225  8.650 

Bold value indicates the best outcome. 
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of their F-rank values is computed and presented in Fig. 10, which dis
closes the effectiveness of HKOA over the majority of the classical 
metaheuristic algorithms and its competitiveness with GA. From that, 
we conclude that BKOA could be classified as a high-performing opti
mizer for the KP01 problem since it could be superior to the compared 
classical metaheuristics and competitive with GA for the majority of the 
used instances. To make BKOA better than GA, we presented a new 
variant called HBKOA based on integrating BKOA with the EIS strategy. 
The results of HBKOA are discussed in the next section to elaborate on its 
effectiveness over GA. 

4.4. Experiment 5: Comparison between HBKOA and GA 

This section compares the outcomes of HBKOA to those of GA, as 
reported in Table 10. This table exposes that HBKOA and GA are 
competitive in terms of various performance metrics for the instances 
from KP1 to KP15, in addition to KP17, with the exception of time. In 
these instances, the proposed HBKOA could outperform in terms of the 
computational cost for the majority of test functions. This shows that it 
could converge to the near-optimal solution faster than GA. For the other 
instances, KP16, KP18, KP19, and KP20, HBKOA could be competitive 

Table 9 
Comparison among algorithms over the instances from KP11 and KP20.  

Name  BKOA BEO BMRFO BTLBO GAT BMPA GA BJA BYDSE 

KP11 Worst  1424.000  1414.000  1437.000  1390.000  1415.000  1351.000  1437.000  1375.000  1304.000 
Ave  1436.350  1429.550  1437.000  1411.500  1433.000  1401.900  1437.000  1431.250  1349.200 
Best  1437.000  1437.000  1437.000  1437.000  1437.000  1431.000  1437.000  1437.000  1411.000 
SD  2.91E+00  7.11E+00  0.00E+00  1.65E+01  6.79E+00  2.05E+01  0.00E+00  1.55E+01  2.46E+01 
Time  7.90E− 01  2.21E− 01  1.47E− 02  3.17E− 01  4.06E− 02  1.01E+00  3.95E− 03  3.53E− 02  2.12E− 01 
F-rank  3.175  4.925  3.000  6.500  4.000  7.650  3.000  3.850  8.900 

KP12 Worst  1689.000  1657.000  1689.000  1636.000  1679.000  1601.000  1689.000  1596.000  1497.000 
Ave  1689.000  1677.700  1689.000  1669.800  1688.500  1643.100  1689.000  1684.350  1535.450 
Best  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000  1586.000 
SD  0.00E+00  8.49E+00  0.00E+00  1.88E+01  2.24E+00  2.30E+01  0.00E+00  2.08E+01  2.89E+01 
Time  2.56E− 01  2.16E− 01  3.27E− 03  2.34E− 01  1.92E− 01  1.25E+00  4.45E− 03  4.56E− 02  2.87E− 01 
F-rank  3.175  5.975  3.175  5.925  3.400  7.575  3.175  3.475  9.000 

KP13 Worst  1817.000  1767.000  1816.000  1716.000  1816.000  1662.000  1821.000  1734.000  1575.000 
Ave  1820.400  1792.950  1820.300  1786.100  1818.950  1744.200  1821.000  1802.800  1636.150 
Best  1821.000  1817.000  1821.000  1821.000  1821.000  1784.000  1821.000  1821.000  1701.000 
SD  1.47E+00  1.30E+01  1.72E+00  3.67E+01  2.35E+00  3.12E+01  0.00E+00  3.32E+01  3.72E+01 
Time  7.74E− 01  2.91E− 01  1.57E− 02  3.45E− 01  7.07E− 02  1.36E+00  1.68E− 02  1.94E− 01  2.97E− 01 
F-rank  3.050  6.200  3.100  5.675  3.900  7.550  2.675  3.850  9.000 

KP14 Worst  2020.000  1945.000  2003.000  1921.000  2016.000  1844.000  2033.000  1999.000  1703.000 
Ave  2032.350  1967.750  2027.400  1996.150  2028.900  1926.250  2033.000  2029.150  1769.400 
Best  2033.000  2002.000  2033.000  2033.000  2033.000  1985.000  2033.000  2033.000  1839.000 
SD  2.907  17.979  8.586  34.414  6.480  40.106  0.000  8.845  32.629 
Time  0.882  0.349  0.166  0.428  0.055  1.684  0.006  0.144  0.367 
F-rank  2.750  7.100  3.525  5.750  3.525  7.550  2.650  3.150  9.000 

KP15 Worst  2438.000  2332.000  2438.000  2292.000  2440.000  2217.000  2440.000  2303.000  2021.000 
Ave  2440.900  2361.950  2440.800  2407.400  2440.550  2307.500  2441.950  2419.350  2095.500 
Best  2444.000  2400.000  2444.000  2444.000  2444.000  2429.000  2444.000  2444.000  2206.000 
SD  1.971  18.625  1.989  46.140  1.356  61.732  2.012  41.940  45.333 
Time  0.610  0.405  0.194  0.534  0.027  2.442  0.714  0.163  0.546 
F-rank  3.175  6.850  3.300  5.375  3.325  7.700  2.450  3.825  9.000 

KP16 Worst  2630.000  2499.000  2627.000  2461.000  2631.000  2366.000  2643.000  1985.000  2192.000 
Ave  2640.600  2536.150  2639.700  2592.900  2639.850  2475.900  2647.400  2500.600  2289.300 
Best  2651.000  2597.000  2651.000  2651.000  2651.000  2593.000  2651.000  2651.000  2382.000 
SD  5.844  24.669  8.163  61.163  5.806  52.919  4.083  186.777  44.517 
Time  2.158  0.539  0.127  0.535  0.947  2.843  0.015  0.527  1.037 
F-rank  3.500  6.400  3.100  5.100  3.500  7.350  1.775  5.375  8.900 

KP17 Worst  2896.000  2732.000  2865.000  2814.000  2901.000  2655.000  2917.000  2094.000  2322.000 
Ave  2914.900  2771.850  2909.800  2881.800  2916.200  2719.150  2917.000  2735.550  2410.900 
Best  2917.000  2839.000  2917.000  2917.000  2917.000  2813.000  2917.000  2917.000  2544.000 
SD  5.515  29.391  13.117  24.867  3.578  50.058  0.000  238.253  61.915 
Time  2.127  0.418  0.072  0.549  0.090  2.911  0.138  0.352  0.645 
F-rank  2.775  6.800  3.275  5.125  2.550  7.400  2.425  5.750  8.900 

KP18 Worst  2809.000  2645.000  2790.000  2636.000  2814.000  2521.000  2816.000  1861.000  2269.000 
Ave  2813.900  2677.400  2811.750  2778.850  2816.200  2648.250  2817.000  2610.350  2341.000 
Best  2818.000  2732.000  2818.000  2814.000  2818.000  2733.000  2818.000  2817.000  2456.000 
SD  2.751  24.727  7.489  46.526  1.105  52.041  0.459  289.466  45.990 
Time  2.232  0.689  0.255  0.704  0.053  2.487  0.011  0.454  0.819 
F-rank  3.325  6.850  3.400  5.275  2.375  7.200  1.900  5.825  8.850 

KP19 Worst  3197.000  3031.000  3205.000  3019.000  3208.000  2903.000  3220.000  2225.000  2539.000 
Ave  3215.450  3076.950  3215.600  3177.550  3219.750  3025.000  3222.050  3008.100  2645.850 
Best  3221.000  3132.000  3223.000  3217.000  3223.000  3135.000  3223.000  3223.000  2919.000 
SD  5.356  22.477  4.806  44.926  3.226  54.265  1.099  348.715  83.817 
Time  2.372  0.550  0.237  0.662  1.900  2.588  0.811  0.718  0.723 
F-rank  3.800  6.700  3.550  5.550  2.525  7.600  1.400  5.075  8.800 

KP20 Worst  3590.000  3366.000  3587.000  3433.000  3597.000  3214.000  3601.000  2376.000  2818.000 
Ave  3599.500  3404.100  3599.950  3559.400  3606.400  3319.200  3611.700  3285.800  2946.200 
Best  3609.000  3509.000  3609.000  3614.000  3614.000  3397.000  3614.000  3609.000  3039.000 
SD  6.039  35.993  5.365  49.849  5.154  54.955  3.420  373.717  58.017 
Time  4.382  0.931  0.353  0.950  0.027  3.170  0.119  0.591  0.697 
F-rank  3.775  6.500  3.550  4.725  2.325  7.450  1.325  6.500  8.850 

Bold value indicates the best outcome. 
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for the best fitness value and superior in terms of Ave, Worst, SD, and 
Time. 

4.5. Experiment 6: Comparison between some metaheuristics with EIS 

The performance of EIS with some other metaheuristics is investi
gated in this section to reveal its effectiveness. EIS is integrated with 
BEO, BMRFO, BTLBO, BMPA, BJA, and BYDSE to present new variants 
named HBEO, HBMRFO, HBTLBO, HBMPA, HBJA, and HBYDSE. All 
those hybrid algorithms are separately executed 20 times, and their 
results are analyzed in terms of six performance metrics, as reported in 

Tables 11 and 12. Those tables disclose that this strategy could improve 
the performance of the hybrid algorithms, especially HBKOA, HBEO, 
and HBMRFO, which could achieve outstanding outcomes for all in
stances. This is affirmed in Fig. 11, which shows that HBEO comes in 
first with an average F-rank value of 4.51, followed by both HBKOA and 
HBMRFO with values of 4.52 and 4.53, respectively, while HBJA is the 
worst. Fig. 12 is presented to reveal the superiority of the hybrid binary 
algorithms over the classical binary algorithms. This figure shows that 
the classical binary algorithms are inferior to their hybrid variants. 

Fig. 10. Average F-rank of BKOA and various competitors.  

Table 10 
Comparison between HBKOA and GA over the instances from KP1 and KP20.  

Name  BKOA GA Name  BKOA GA Name  BKOA GA 

KP1 Worst  295.000  295.000 KP8 Worst  9767.000  9767.000 KP15 Worst  2440.000  2440.000 
Ave  295.000  295.000 Ave  9767.000  9767.000 Ave  2442.200  2441.950 
Best  295.000  295.000 Best  9767.000  9767.000 Best  2444.000  2444.000 
SD  0.000  0.000 SD  0.00E+00  0.00E+00 SD  0.894  2.012 
Time  7.89E− 03  6.99E− 03 Time  1.77E− 02  2.74E− 02 Time  0.004  0.714 

KP2 Worst  1024.000  1024.000 KP9 Worst  130.000  130.000 KP16 Worst  2651.000  2643.000 
Ave  1024.000  1024.000 Ave  130.000  130.000 Ave  2651.000  2647.400 
Best  1024.000  1024.000 Best  130.000  130.000 Best  2651.000  2651.000 
SD  0.000  0.000 SD  0.00E+00  0.00E+00 SD  0.00E+00  4.083 
Time  3.04E− 03  2.78E− 02 Time  1.05E− 04  1.20E− 03 Time  0.001  0.015 

KP3 Worst  35.000  35.000 KP10 Worst  1025.000  1025.000 KP17 Worst  2917.000  2917.000 
Ave  35.000  35.000 Ave  1025.000  1025.000 Ave  2917.000  2917.000 
Best  35.000  35.000 Best  1025.000  1025.000 Best  2917.000  2917.000 
SD  0.000  0.000 SD  0.00E+00  0.00E+00 SD  0.00E+00  0.00E+00 
Time  1.18E− 04  8.64E− 04 Time  1.90E− 03  3.77E− 03 Time  0.001  0.138 

KP4 Worst  23.000  23.000 KP11 Worst  1437.000  1437.000 KP18 Worst  2817.000  2816.000 
Ave  23.000  23.000 Ave  1437.000  1437.000 Ave  2817.000  2816.500 
Best  23.000  23.000 Best  1437.000  1437.000 Best  2817.000  2817.000 
SD  0.000  0.000 SD  0.00E+00  0.00E+00 SD  0.00E+00  0.459 
Time  9.17E− 05  1.12E− 03 Time  2.15E− 03  3.95E− 03 Time  0.002  0.006 

KP5 Worst  481.069  481.069 KP12 Worst  1689.000  1689.000 KP19 Worst  3223.000  3220.000 
Ave  481.069  481.069 Ave  1689.000  1689.000 Ave  3223.000  3222.050 
Best  481.069  481.069 Best  1689.000  1689.000 Best  3223.000  3223.000 
SD  2.33E− 13  2.33E− 13 SD  0.00E+00  0.00E+00 SD  0.00E+00  1.099 
Time  1.07E− 03  5.96E− 03 Time  2.00E− 03  4.45E− 03 Time  0.006  0.811 

KP6 Worst  52.000  52.000 KP13 Worst  1821.000  1821.000 KP20 Worst  3614.000  3601.000 
Ave  52.000  52.000 Ave  1821.000  1821.000 Ave  3614.000  3611.700 
Best  52.000  52.000 Best  1821.000  1821.000 Best  3614.000  3614.000 
SD  0.00E+00  0.00E+00 SD  0.00E+00  0.00E+00 SD  0.00E+00  3.420 
Time  1.08E− 03  1.60E− 03 Time  3.05E− 03  1.68E− 02 Time  0.001  0.119 

KP7 Worst  107.000  107.000 KP14 Worst  2033.000  2033.000  
Ave  107.000  107.000 Ave  2033.000  2033.000 
Best  107.000  107.000 Best  2033.000  2033.000 
SD  0.00E+00  0.00E+00 SD  0.00E+00  0.00E+00 
Time  2.99E− 03  9.82E− 04 Time  2.00E− 03  6.00E− 03 

Bold value indicates the best outcome. 
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4.6. Experiment 7: Comparison under high-dimensional instances (F21- 
F32) 

In this section, the performance of three well-performing hybrid al
gorithms (HBKOA, HBEO, and HBMRFO) is assessed using 12 high- 
dimensional instances with a number of dimensions ranging between 
100 and 1000. According to the correlation between the weights and 
profits, those instances are classified as follows: KP21–KP24 are classi
fied as uncorrelated instances, KP25-KP28 are classified as weakly 
correlated instances, and KP29–KP32 are classified as strongly 

correlated instances. For those instances, three hybrid algorithms are 
executed 20 independent times, and the outcomes of various utilized 
performance metrics are computed and reported in Table 13. By in
spection, we found that HBMRFO is better for weakly correlated and 
uncorrelated instances with a number of dimensions greater than 200. 
All algorithms could achieve competitive outcomes for all instances with 
dimensions smaller than or equal to 200. For strongly correlated in
stances with a number of dimensions greater than 200, all algorithms are 
competitive in terms of the best fitness, while both HBEO and HBMRFO 
are better in terms of Ave, Worst, SD, and F-rank. Regarding the 

Table 11 
Comparison among hybrid metaheuristics over the instances from KP1 and KP10.  

Name  HBKOA HBEO HBMRFO HBTLBO HBMPA HBJA HBYDSE 

KP1 Worst  295.000  295.000  295.000  295.000  295.000  294.000  295.000 
Ave  295.000  295.000  295.000  295.000  295.000  294.800  295.000 
Best  295.000  295.000  295.000  295.000  295.000  295.000  295.000 
SD  0.000  0.000  0.000  0.000  0.000  0.410  0.000 
Time  7.89E− 03  5.04E− 04  1.08E− 03  7.91E− 04  6.44E− 04  1.75E− 03  5.09E− 04 
F-rank  4.900  4.900  4.900  4.900  4.900  5.800  4.900 

KP2 Worst  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000 
Ave  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000 
Best  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000  1024.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  3.04E− 03  1.16E− 03  9.02E− 04  1.01E− 03  1.62E− 03  1.39E− 03  9.24E− 04 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP3 Worst  35.000  35.000  35.000  35.000  35.000  35.000  35.000 
Ave  35.000  35.000  35.000  35.000  35.000  35.000  35.000 
Best  35.000  35.000  35.000  35.000  35.000  35.000  35.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  1.18E− 04  2.19E− 04  5.77E− 05  8.88E− 05  9.82E− 05  5.87E− 05  9.11E− 05 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP4 Worst  23.000  23.000  23.000  23.000  23.000  23.000  23.000 
Ave  23.000  23.000  23.000  23.000  23.000  23.000  23.000 
Best  23.000  23.000  23.000  23.000  23.000  23.000  23.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  9.17E− 05  2.51E− 04  7.58E− 05  5.83E− 05  7.23E− 05  1.11E− 04  8.01E− 05 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP5 Worst  481.069  481.069  481.069  481.069  481.069  431.709  481.069 
Ave  481.069  481.069  481.069  481.069  481.069  476.206  481.069 
Best  481.069  481.069  481.069  481.069  481.069  481.069  481.069 
SD  2.33E− 13  2.33E− 13  2.33E− 13  2.33E− 13  2.33E− 13  1.50E+01  2.33E− 13 
Time  1.07E− 03  4.62E− 04  5.90E− 04  3.81E− 04  4.31E− 04  2.26E− 02  4.18E− 04 
F-rank  4.925  4.925  4.925  4.925  4.925  5.375  4.925 

KP6 Worst  52.000  52.000  52.000  52.000  52.000  52.000  52.000 
Ave  52.000  52.000  52.000  52.000  52.000  52.000  52.000 
Best  52.000  52.000  52.000  52.000  52.000  52.000  52.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00 
Time  1.08E− 03  3.19E− 04  4.33E− 04  4.40E− 04  7.60E− 05  2.22E− 04  4.43E− 04 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP7 Worst  107.000  107.000  107.000  107.000  107.000  105.000  107.000 
Ave  107.000  107.000  107.000  107.000  107.000  106.200  107.000 
Best  107.000  107.000  107.000  107.000  107.000  107.000  107.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  1.01E+00  0.00E+00 
Time  2.99E− 03  3.32E− 04  1.42E− 04  1.16E− 03  3.25E− 04  1.01E− 04  7.54E− 05 
F-rank  4.675  4.675  4.675  4.675  4.675  6.475  4.675 

KP8 Worst  9767.000  9767.000  9767.000  9762.000  9761.000  9713.000  9757.000 
Ave  9767.000  9767.000  9767.000  9765.250  9765.150  9733.950  9762.050 
Best  9767.000  9767.000  9767.000  9767.000  9767.000  9767.000  9767.000 
SD  0.00E+00  0.00E+00  0.00E+00  1.77E+00  2.39E+00  1.43E+01  2.58E+00 
Time  1.77E− 02  1.88E− 02  2.19E− 02  1.21E− 02  2.52E− 02  1.03E− 01  9.40E− 03 
F-rank  3.500  3.500  3.500  5.800  5.175  8.725  7.625 

KP9 Worst  130.000  130.000  130.000  130.000  130.000  130.000  130.000 
Ave  130.000  130.000  130.000  130.000  130.000  130.000  130.000 
Best  130.000  130.000  130.000  130.000  130.000  130.000  130.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00 
Time  1.05E− 04  3.01E− 04  1.10E− 04  9.17E− 04  8.10E− 05  6.69E− 05  1.57E− 04 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP10 Worst  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000 
Ave  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000 
Best  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000  1025.000 
SD  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00  0.00E+00 
Time  1.90E− 03  1.66E− 03  1.94E− 03  7.67E− 04  7.44E− 04  9.76E− 04  9.13E− 04 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

Bold value indicates the best outcome. 
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computational cost, HBMRFO is better for 11 out of 12 instances, as 
highlighted in bold in Table 13. To sum up, HBMRFO could perform 
strongly in the majority of high-dimensional instances. This is due to the 
EIS, which could significantly improve the performance of some algo
rithms while having a weak influence on others. Therefore, in the future, 
the performance of this strategy will be investigated with some other 
metaheuristic algorithms to find better outcomes for KP01. Ultimately, 
HBMRFO is considered a strong alternative for solving high-dimensional 
knapsack problems since it could fulfill outstanding outcomes for the 
majority of high-dimensional instances. 

5. Conclusion and future work 

In this study, the Kepler optimization algorithm is adapted by uti
lizing eight V- and S-shaped transfer functions to present a new robust 
binary variant for KP01; this variant is called BKOA. Several studies 
were carried out to assess the performance of BKOA against several 
competing optimizers for solving 20 well-known KP01 instances with 
dimensions ranging from 4 to 75. The experimental results reveal that 
BKOA outperforms several metaheuristic algorithms, with the exception 
of the genetic algorithm, which somewhat outperforms BKOA. To 

Table 12 
Comparison among hybrid algorithms over the instances from KP11 and KP20.  

Name  HBKOA HBEO HBMRFO HBTLBO HBMPA HBJA HBYDSE 

KP11 Worst  1437.000  1437.000  1437.000  1437.000  1437.000  1424.000  1437.000 
Ave  1437.000  1437.000  1437.000  1437.000  1437.000  1436.350  1437.000 
Best  1437.000  1437.000  1437.000  1437.000  1437.000  1437.000  1437.000 
SD  0.000  0.000  0.000  0.000  0.000  2.907  0.000 
Time  0.002  0.001  0.001  0.005  0.003  0.007  0.001 
F-rank  4.875  4.875  4.875  4.875  4.875  5.075  4.875 

KP12 Worst  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000 
Ave  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000 
Best  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000  1689.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  0.002  0.001  0.002  0.003  0.002  0.003  0.001 
F-rank  5.000  5.000  5.000  5.000  5.000  5.000  5.000 

KP13 Worst  1821.000  1821.000  1821.000  1821.000  1817.000  1371.000  1821.000 
Ave  1821.000  1821.000  1821.000  1821.000  1820.000  1798.500  1821.000 
Best  1821.000  1821.000  1821.000  1821.000  1821.000  1821.000  1821.000 
SD  0.000  0.000  0.000  0.000  1.777  100.623  0.000 
Time  0.003  0.001  0.003  0.031  0.580  0.016  0.005 
F-rank  4.575  4.575  4.575  4.575  5.675  4.825  4.575 

KP14 Worst  2033.000  2033.000  2033.000  2033.000  2033.000  2033.000  2033.000 
Ave  2033.000  2033.000  2033.000  2033.000  2033.000  2033.000  2033.000 
Best  2033.000  2033.000  2033.000  2033.000  2033.000  2033.000  2033.000 
SD  0.000  0.000  0.000  0.000  0.000  0.000  0.000 
Time  0.002  0.002  0.001  0.002  0.109  0.016  0.003 
F-rank  4.750  4.750  4.750  4.750  4.750  4.750  4.750 

KP15 Worst  2440.000  2440.000  2440.000  2440.000  2440.000  2438.000  2440.000 
Ave  2440.200  2440.400  2440.000  2440.200  2440.400  2440.300  2440.200 
Best  2444.000  2444.000  2440.000  2444.000  2444.000  2444.000  2444.000 
SD  0.894  1.231  0.000  0.894  1.231  1.342  0.894 
Time  0.004  0.001  0.001  0.023  0.068  0.010  0.001 
F-rank  5.300  5.075  5.525  5.275  5.075  5.275  5.300 

KP16 Worst  2651.000  2651.000  2651.000  2643.000  2651.000  2003.000  2651.000 
Ave  2651.000  2651.000  2651.000  2650.200  2651.000  2617.800  2651.000 
Best  2651.000  2651.000  2651.000  2651.000  2651.000  2651.000  2651.000 
SD  0.000  0.000  0.000  2.093  0.000  144.730  0.000 
Time  0.001  0.012  0.003  0.046  0.013  0.025  0.001 
F-rank  4.325  4.325  4.325  4.925  4.325  5.050  4.325 

KP17 Worst  2917.000  2917.000  2917.000  2917.000  2917.000  2012.000  2917.000 
Ave  2917.000  2917.000  2917.000  2917.000  2917.000  2869.400  2917.000 
Best  2917.000  2917.000  2917.000  2917.000  2917.000  2917.000  2917.000 
SD  0.000  0.000  0.000  0.000  0.000  201.943  0.000 
Time  0.001  0.005  0.001  0.027  0.015  0.011  0.003 
F-rank  4.875  4.875  4.875  4.875  4.875  5.550  4.875 

KP18 Worst  2817.000  2817.000  2817.000  2817.000  2817.000  1908.000  2817.000 
Ave  2817.000  2817.000  2817.000  2817.200  2817.000  2655.400  2817.000 
Best  2817.000  2817.000  2817.000  2818.000  2817.000  2818.000  2817.000 
SD  0.000  0.000  0.000  0.410  0.000  330.771  0.000 
Time  0.002  0.004  0.002  0.042  0.026  0.137  0.002 
F-rank  4.900  4.900  4.900  4.025  4.900  6.050  4.900 

KP19 Worst  3223.000  3223.000  3223.000  3221.000  3221.000  2129.000  3223.000 
Ave  3223.000  3223.000  3223.000  3222.800  3222.400  3018.700  3223.000 
Best  3223.000  3223.000  3223.000  3223.000  3223.000  3223.000  3223.000 
SD  0.000  0.000  0.000  0.616  0.940  418.793  0.000 
Time  0.006  0.006  0.006  0.051  0.037  0.035  0.033 
F-rank  3.950  3.950  3.950  4.350  5.200  5.925  3.950 

KP20 Worst  3614.000  3614.000  3614.000  3604.000  3614.000  2373.000  3614.000 
Ave  3614.000  3614.000  3614.000  3612.350  3614.000  3336.350  3614.000 
Best  3614.000  3614.000  3614.000  3614.000  3614.000  3614.000  3614.000 
SD  0.000  0.000  0.000  3.438  0.000  486.201  0.000 
Time  0.001  0.006  0.003  0.056  0.205  0.063  0.016 
F-rank  4.325  4.325  4.325  5.225  4.325  6.325  4.325 

The bold value indicates the best outcome. 
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Fig. 11. Average F-rank of HBKOA and various competitors.  

Fig. 12. Comparison between classical binary algorithms and their hybrid variants.  

Table 13 
Comparison over high-dimensional instances (KP21-KP32).   

KP21 KP22  

Worst Ave Best SD Time F- 
rank 

Worst Ave Best SD Time F- 
rank 

HBKOA 9147.000 9147.000  9147.000 0.00E+00 2.95E− 01  1.750  11238.000  11238.000  11238.000 0.00E+00 3.02E− 01  2.0 
HBEO 8897.000 9034.800  9147.000 1.15E+02 9.49E− 03  2.500  11238.000  11238.000  11238.000 0.00E+00 8.83E− 02  2.0 
HBMRFO 9147.000 9147.000  9147.000 0.00E+00 2.21E− 02  1.750  11238.000  11238.000  11238.000 0.00E+00 5.54E− 02  2.0  

KP23 KP24 
HBKOA 28131.000 28437.650  28659.000 1.55E+02 2.27E+00  3.000  50499.000  51103.450  51926.00 3.73E+02 3.52E+00  3.0 
HBEO 28638.000 28755.000  28805.000 5.14E+01 4.98E− 01  1.900  52279.000  52561.000  53199.00 2.10E+02 1.12E+00  2.0 
HBMRFO 28794.000 28828.200  28857.000 1.73E+01 3.63E− 01  1.100  53801.000  54019.200  54503.00 1.62E+02 6.28E− 01  1.0  

KP25 KP26 
HBKOA 1512.000 1513.250  1514.000 5.50E− 01 2.84E+00  2.200  1598.000  1622.100  1634.00 8.20E+00 6.56E− 01  2.9 
HBEO 1512.000 1512.850  1514.000 5.87E− 01 4.34E− 01  2.600  1634.000  1634.000  1634.00 0.00E+00 4.75E− 02  1.5 
HBMRFO 1514.000 1514.000  1514.000 0.00E+00 3.53E− 02  1.200  1627.000  1633.650  1634.00 1.57E+00 2.56E− 02  1.5  

KP27 KP28 
HBKOA 4228.000 4319.850  4400.000 5.17E+01 1.85E+00  3.000  8116.000  8257.550  8449.00 7.74E+01 4.11E+00  3.0 
HBEO 4498.000 4532.950  4556.000 1.70E+01 3.59E− 01  1.925  8731.000  8785.650  8867.00 4.02E+01 1.07E+00  2.0 
HBMRFO 4523.000 4553.750  4566.000 8.61E+00 2.60E− 01  1.075  8948.000  8984.850  9010.00 1.46E+01 5.39E− 01  1.0  

KP29 KP30 
HBKOA 2396.000 2396.900  2397.000 3.08E− 01 2.63E+00  1.825  2697.000  2697.000  2697.00 0.00E+00 8.21E− 02  2.0 
HBEO 2375.000 2393.050  2397.000 5.45E+00 4.08E− 01  2.475  2697.000  2697.000  2697.00 0.00E+00 3.03E− 02  2.0 
HBMRFO 2397.000 2397.000  2397.000 0.00E+00 3.79E− 02  1.700  2697.000  2697.000  2697.00 0.00E+00 4.44E− 03  2.0  

KP31 KP32 
HBKOA 7103.000 7114.400  7117.000 3.90E+00 1.75E+00  2.600  14248.000  14282.800  14390.00 1.04E+01 3.75E+00  2.9 
HBEO 7117.000 7117.000  7117.000 0.00E+00 2.45E− 01  1.700  14290.000  14349.000  14390.00 4.94E+01 1.11E+00  1.8 
HBMRFO 7117.000 7117.000  7117.000 0.00E+00 3.89E− 02  1.700  14290.000  14379.950  14390.00 3.08E+01 1.15E− 01  1.1  
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outperform GA, BKOA is efficiently combined with a novel technique 
known as enhanced improvement strategy (EIS) to propose a new 
version known as HBKOA. This variant has superior exploration and 
exploitation capabilities, which make it outperform GA and the others 
across all performance metrics. Furthermore, the impact of EIS on the 
performance of some binary metaheuristic algorithms such as BEO, 
BMPA, BMRFO, BTLBO, BJA, and BYDSE is investigated in additional 
experiments. The results of these experiments disclose that HBKOA, 
HBMRFO, and HBEO are competitive for small and medium- 
dimensional KP01 instances; meanwhile, HBMRFO is better than all 
others for high-dimensional KP01 instances. Future work involves 
applying BKOA to tackle multidimensional knapsack problems and 
feature selection. In addition, a multi-objective variant of KOA is 
considered in the future for solving various multi-objective optimization 
problems, like multi-objective feature selection, multi-objective task 
scheduling problems, and several others. Also, KOA will be applied to 
solve several other single-objective optimization problems like image 
segmentation problems, fragment assembly problems, and parameter 
estimation of fuel cell and photovoltaic systems. 
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