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ABSTRACT: 
Recently, there have been many efforts to invent a new ideal model for 

feature selection in big data applications using multiple approaches including  

the most important approaches which are those based on Metaheuristics 

algorithms, in order to solve the problem of the high complexity that faces 

algorithms applied to big and massive data sets. 

Metaheuristics algorithms have made great progress in many fields related to 

optimization (obtaining the optimal solutions (maximum - minimum)), as 

they can generate good solutions in reasonable periods of time, but on the 

other hand they suffer from many disadvantages such as falling into the local 

optimal solution trap (stuck at local edges), lack of search diversity 

(occupying the entire search space by search agents) and imbalance between 

Exploitative and exploratory performance. 
In this paper a new hybrid binary feature selection model called “Chaotic 

Salp Swarm Algorithm Whale Optimization Algorithm” (CSSAWOA) was 

proposed to solve Multi-objective optimization problems, where the basic 

idea of CSSAWOA is to improve the Salp Swarm Optimization Algorithm 

(SSA) by hybridizing it with the Humpback Whale Optimization Algorithm 

(WOA). In order to share their strengths. 

results obtained from applying the proposed model were compared with 

results obtained from applying some famous and original Metaheuristics 

algorithms as: Particle Swarm Optimization (PSO), Gray Wolf (GWO), Salp 

Swarm (SSA), and Humpback Whales (WOA), using /15/ diverse data sets 

in size, big, medium and small, according to the following criteria: 

Obtaining the least number of relevant features - Increasing classification 

accuracy - Reducing processing and computation time. 
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 ملخص:ال

لبنرران نمرروذج مثررالي لا تيررار السررمات فرري تنبي ررات البيانررات  الجهررو كثرررت فرري ا انررة ا  يررر  
 امن أهمها المناهج المعتمد  على الخوارزميات ذاتية  ،الضخمة باستخدام مناهج متعد  

 تواجررررر حررررر  ماررررردلة التع يرررررد العرررررالي التررررري (، اذلرررررأ مرررررن أجررررر  Metaheuristicsالإرشرررررا   
 .مجموعات البيانات الضخمة الخوارزميات المنب ة على

كبيرررا  فرري العديررد مررن المجررالات  ت رردما   (Metaheuristicsذاتيررة الإرشررا    ح  ررا الخوارزميررات
 – الاسررررتمثاي( أي الحعرررروي علررررى النرررريا المثلررررى مررررن النتررررا ج  الع مررررى  المتعل ررررة بالتحسررررين

يمدنها توليد حلوي جيد  في فترات زمنيرة مع ولرة، إلا أنهرا مرن ناحيرة أ رري تعراني  إذ، (الدنيا
عليرررن عنرررد النهايرررات  الت مرررن العديرررد مرررن العيرررو  كرررالوحو  فررري معررريد  الحررر  ا مثررر  المحلررري

مرن حبر  اكر ن  بالكامر  فضران البحر  حناعرات إشرااي  االافت ار إلى تنرو  البحر  ،المحلية(
 االاستكاررافي (Exploiting  اعرردم الترروازن بررين ا  ان الاسررتا لي ،الاررد  ا مثرر (بالبحرر  

 Exploration) . 
 Chaotic Salp السررمات يررردعى نمرروذج انررا ي هجرررين لا تيررار البحثيرررةالورحررة  ت تررره هرر  

Swarm Algorithm Whale Optimization Algorithm  CSSAWOA)،    لحر  مسرا
 فررري تحسرررين CSSAWOAلرررر  ا ساسررريةتتمثررر  الةكرررر  ، حيررر  متعرررد   ا هررردا التحسرررين 

مرر   تهجينهررامررن  رر ي  (Salp Swarm Algorithm) تحسررين أسرررا  السررالب  وارزميررة
مارراركة بغيررة  ،(Whale Optimization Algorithm  الحرردبان الحيترران تحسررين وارزميررة 

 ال و  فيما بينهما.ن اط 
مرا ترا التو ر  مر   ،تنبين النمروذج الم تررهالتي تا الحعوي عليها من  نتا جالم ارنة تما  

  وارزمية :اهي الاهير  اا  لية ذاتية الإرشا  خوارزمياتالبعض تنبين  نتا ج إار إلي  من
 ،(SSA  اأسررررا  السرررالب ،(GWOالرمرررا ي  االررر  ب  ،(PSO  الجسررريماتتحسرررين سرررر  
 متنوعرة مرن حير  الحجرا   مجموعرة بيانرات51اذلرأ باسرتخدام   ،(WOA  االحيتان الحردبان

التالية: الحعوي على أح  عرد  مرن السرمات  المعايير ضخمة امتوسنة ا اير ، اذلأ افن
 ت لي  زمن المعالجة االحسا . - حة التعنيف  زيا   -ذات العلة 

 ،تحلررررري ت البيانرررررات الضرررررخمة ،Metaheuristics ،السرررررماتا تيرررررار  :المفتاحياااااةالكلماااااات 
 ،WOA  وارزميررررررة تحسررررررين الحيترررررران الحرررررردبان ،SSA  وارزميررررررة تحسررررررين سررررررر  السررررررالب

CSSAWOA.  
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INTRODUCTION: 
High complexity in big data sets known as Curse of 

dimensionality makes them a major challenge and 

obstacle specially for analysis, exploration and 

knowledge extraction, in addition to a number of 

challenges represented by the increase in the time of 

building models, redundant and useless information, 

and the low level of quality - so it was necessary to 

pay great attention to the process of feature 

selection, and to make it the most important prior 

process during processing in order to Reduce the 

dimensions of the data set, eliminating irrelevant 

features, choosing the optimal subset of related 

features from the big data set, increasing the 

accuracy of the classification and clustering models 

and patterns which in turn remove noise, extraneous 

and ambiguous data, and reduce processing and 

computing time. 
Metaheuristics algorithms have made great progress 

in many fields related to optimization and feature 

selection, as they can generate good solutions in 

reasonable periods of time, but on the other hand 

they suffer from many disadvantages such as falling 

into the local optimal solution trap, lack of search 

diversity and imbalance between Exploitative and 

exploratory performance. 
In this paper, a new hybrid Metaheuristics algorithm 

called CSSAWOA was proposed to solve multi-

objective optimization problems. The main idea of 

CSSAWOA is to improve the Salp Swarm (SSA) 

algorithm by hybridizing it with the Humpback 

Whale Optimization (WOA) algorithm. 
Salp swarm optimization algorithm has a great 

ability to exploit, but it suffers from weak 

exploration because each salp of followers update its 

position depending on the previous one in the chain, 

so the proposed model will rely on the strong 

exploration feature in the whale optimization 

algorithm, thus the followers will update Their 

positions based on a random salp position as it used 

in the whale optimization algorithm in the search for 

prey phase. 

The hybrid design is expected to greatly enhance the 

exploitation and exploration ability of the proposed 

algorithm and increase the algorithm convergence 

speed. 

1. RELATED WORK: 
Metaheuristics techniques have proven effective in 

providing solutions through many applications. Such 

as the feature selection process, which is a multi-

objective optimization issue, as it aims to increase 

classification accuracy, reduce the number of 

selected features, and reduce computational time. 

In this context, the researchers carried out many 

studies to reach the optimal model that meets the 

previous requirements. 

For example, Sayed et al. (Darwish, Hassanien, & 

Sayed, 2018) introduced a new Chaotic Whale 

Optimization Algorithm (CWOA) to solve the 

problem of falling into the trap of local optima and 

slow convergence speed, in which chaotic search 

was integrated with search iterations in the WOA 

algorithm that uses Ten Chaotic Maps to improve its 

performance. 

The chaos helps the controlling parameter to find the 

optimal solution more quickly and thus refine the 

convergence rate of the algorithm. 

Although global best solutions are obtained at high 

speed, scanning the entire search space increases 

running time of the algorithm. In addition, these 

modifications make the algorithm lean more towards 

exploration than exploitation, and thus a balance 

between them is not achieved. 

Chen et al. (Chen, Feng-Yu, & Xian-Feng, 2019) 

proposed a method based on wrapper technology 

together with a combination of particle swarm 

optimization PSO together With SSM algorithm to 

produce a new algorithm (HPSO-SSM) to obtain the 

optimal subset of related features. They made three 

changes to HPSO-SSM: 

First, a logistic map sequence is used to enhance the 

diversity in the search process. 

Second, two new parameters are introduced into the 

original position update formula, which can 

effectively improve the position quality of the next 

generation. 

http://journal.damascusuniversity.edu.sy/index.php/index/index
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Finally, a spiral-shaped mechanism is adopted as a 

local search operator around the known optimal 

solution region. 

because of using logarithmic spiral path, these 

modifications lead to cover large uncertain search 

space with less computational time to explore 

possible solution or to converse particle toward 

optimum value. in addition, most popular PSO 

algorithms have the ability to attain near optimal 

solution avoiding local solution. 

Since the Humpback Whale Optimization Algorithm 

(WOA) involves the spiral path technique, it is 

assumed that the proposed model will reduce the 

computational time. 

Tu et al. (Tu, Chen, & Liu, 2019 ) also proposed 

three different strategies to overcome the limitations 

of the gray wolf algorithm and increase its 

effectiveness. The Gray Wolf Optimization (GWO) 

algorithm is an effective swarm intelligence 

algorithm for kinds of optimization problems and 

issues. However, GWO tends to fall into the local 

optimal solution trap when solving large-scale 

problems. Social hierarchy is one of the main 

characteristics of GWO that affects search 

efficiency, so an improved algorithm called 

HSGWO was proposed. 

First: The wolf pack is roughly divided into two 

categories: dominant wolves and omega wolves. 

Second: An elite enhanced learning strategy is 

implemented for dominant wolves to prevent 

misleading low-ranking wolves and improve 

collective efficiency. 

 Third: Hybrid GWO and Differential Evolution 

(DE) strategy of omega wolves is implemented to 

avoid falling into the local optimal solution trap. 

In addition, a new one-dimensional, macro-

dimensional hybrid selection strategy for Omega 

Wolves was designed to balance exploration and 

exploitation during optimization. 

Finally, a (random) perturbation coefficient was 

used to maintain the diversity of the particle initial 

distribution and further improve exploration. 

These modifications increased the efficiency of the 

Gray Wolves Algorithm (GWO), especially 

exploration and avoiding falling into the traps of 

local optimal solutions. Likewise, it is assumed that 

the proposed model will increase exploration in the 

Salp Swarm Optimization Algorithm (SSA). 

Abdel-Basset et al. (MohamedAbdel-Basset, El-

Shahat, El-henawy, Albuquerque, & Mirjalili, 2020) 

also proposed a new hybridization of the gray wolf 

optimizer with a two-stage mutation model to 

correct the choice function selection of features for 

wrapper-based classification problems. Where the 

sigmoid function was used to convert the continuous 

search space into a binary space in order to match 

the binary nature of the feature selection problem. 

Whereas, the two-phase mutation enhances the 

exploit ability of the algorithm. The purpose of the 

first mutation phase is to reduce the number of 

selected features while maintaining high 

classification accuracy, and the purpose of the 

second mutation phase is to try to add more 

informative features that increase classification 

accuracy. Since the mutation phase can take a long 

time, the biphasic mutation can be performed with a 

small probability. Wrapper methods can provide 

high quality solutions, so one of the most popular 

wrapper methods called k-Nearest Neighbor was 

used. 

The proposed model is supposed to use a 

transformation function to convert continuous values 

to binary to suit the problem of selecting features for 

big data analytics. 

fitness value for the initial set of solutions will be 

calculated and evaluated to reach the best value in 

order to increase classification accuracy, as the 

matter is not about adding and removing features, 

but rather adjusting their values according to the best 

solution, and thus it will not take as long as in the 

previous study. 

An improved hybrid approach was proposed by 

Mafarja et al. (Mafarja, et al., 2020) using the gray 

wolf optimizer (GWO) and the whale optimization 

algorithm (WOA) to develop a new feature selection 

method based on the wrapper approach. 

The main goal of this technique is to mitigate the 

drawbacks of both algorithms, including 

convergence and local optimal solution. 

The proposed model will combine the two Salp 

swarm optimization algorithms (SSA) and the 

humpback whale optimization algorithm (WOA) to 

take advantage of the powerful exploration feature in 

WOA. 
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2. WORK METHODOLOGY: 
In the proposed model, the chain of salps was 

divided into two groups, so that each group includes 

half the number of elements in the chain, and in this 

way the first group plays the role of the leader, while 

the second group plays the role of the followers. 

In addition, chaotic tent map function was applied to 

modify the value of the control coefficient c2 used in 

the original salp swarm optimization algorithm when 

updating the leader’s position (leader group), as one 

of the main benefits of optimization using chaotic 

maps is to reach a fast convergence rate and avoid 

falling into the traps of local optima, i.e., Enhance 

exploration. 

Also, when initializing the set of initial solutions, 

chaotic tent function was applied to enhance the 

diversity of the presence of search agents in the 

search space, to avoid falling into the local optima 

trap, and to increase the algorithm's convergence 

speed. 

2-1. SALP SWARM OPTIMIZATION 

ALGORITHM (Fan, Chen, Zhang, & Fang, 

2020): 

This algorithm was inspired by simulating the 

behavior of swarms of Salps in the ocean, and this 

algorithm is considered as one of the effective 

Metaheuristics algorithms based on swarm 

intelligence. 

According to the behavior of salp organisms, all 

individuals are linked with each other to form salp 

chain consisting of the leader and followers, which 

in turn helps the salp organisms to coordinate 

movement and hunting effectively. The leader is the 

salp at the front of the chain and it is responsible for 

the process of exploring food sources. The leader 

depends on the position of food source as a target in 

order to continuously adjust its position, and after 

the leader changes its position, the followers update 

their positions according to the leader's position (Jia, 

Wang, Gad, & Salem, 2023). 

2-2 HUMPBACK WHALE 

OPTIMIZATION ALGORITHM (Fan, 

Chen, Zhang, & Fang, 2020): 
WOA simulates the distinctive hunting mechanism 

of humpback whales in the sea. When the whales 

find small fish and krill near the surface of the sea, 

the whales encircle them in a downward spiral and 

then hunt them. This mechanism in hunting is called 

the bubble net attack (Ebrahimabadi & Mansouri, 

2022), according to this series of behaviors. The 

stages of the algorithm can be divided into three 

phases: searching for prey, encircling the prey, and 

the method of attacking with a bubble net, where the 

stage of encircling the prey takes place at first, and 

then the attack process takes place with the bubble 

net, which in turn consists of two stages: shrinking 

encircling mechanism, and spiral update of 

positions, in fact, these two phases can take place at 

the same time. As for the prey search phase, which 

expresses the algorithm’s exploration phase, the 

algorithm needs to choose random positions to 

search for prey, by doing an update of the whales’ 

positions according to a random search agent. 

2-3. CHAOTIC MAPS (Hegazy, Makhlouf, & El-

Tawel, 2019): 

Optimization using chaos technology is one of the 

newest search algorithms. Where chaotic maps are 

used to replace random variables with chaotic 

variables (Sayed, Khoriba, & Haggag, 2018). 

The main benefits of COA optimization algorithms 

are fast convergence rate and avoidance falling into 

local optima traps. These benefits can be used to 

improve the performance of swarm algorithms. 

Below, table (1) shows five well-known chaos maps 

(Jia, Wang, Gad, & Salem, 2023). 
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Table ( 1) Some of the most popular chaotic map functions (Li, et al., 2021)

 
2-4. THE PROPOSED ALGORITHM: 

In this paper, SSA and WOA will be combined to 

produce a new algorithm called CSSAWOA. This 

algorithm adopts the basic structure of the Salp 

Swarm optimization algorithm and is optimized with 

WOA. 

2-4-1. ALGORITHM WORK STEPS: 

(1) The initialization process begins, during which a 

specific set of N random solutions is generated, and 

then the chaotic tent function is applied to them in 

order to enhance their diversity and occupy the 

entire search space, in addition to setting the values 

of the algorithm’s parameters (coefficients), which 

are: maximum and minimum bounds ub- lb, the 

maximum number of iterations T, problem’s 

dimension d which represents the number of original 

features in the data set which in turn is the number 

of elements of one solution (the search agent). Also, 

convergence array is needed to store the best fitness 

values that are reached during iterations, a variable 

to store the best solution and another one to store the 

best fitness value that has been reached so far. 

(2) During each iteration of this algorithm: 

• a transformation process on the set of initial 

random solutions will be applied to obtain the binary 

form using sigmoid function as in equations (1), (2). 

𝑇(∆𝑋𝑡) =
1

1+𝑒−∆𝑋𝑡
                                (𝟏)  

(Mafarja, et al., 2020) 

𝑋𝑡+1 
𝑑 (𝑡 + 1) = {

1  𝑖𝑓 𝑢 < 𝑇(∆𝑋𝑡+1)

 0  𝑖𝑓 𝑢 ≥ 𝑇(∆𝑋𝑡+1)
   (𝟐)  

(Mafarja, et al., 2020) 
Where ∆𝑋𝑡  refers the continuous value of the (i, j) 

element of the search agent at iteration t, which 

expresses a feature of the data set in the solution, 

and this value will be transformed to binary form. 

and 𝑋𝑡+1 
𝑑 (𝑡 + 1)  value can be 0 or 1 by random 

number u which take its values from the range [0,1] 

compared to 𝑇(∆𝑋𝑡+1). 
• Calculating fitness values for all initial solutions to 

obtain and save the best value. 

• Calculate the value of the coefficient c1 of the SSA 

algorithm and the coefficient a of the WOA 

algorithm using equations (3) and (4) respectively: 

𝑐1 = 2𝑒
−(

4𝑙

𝐿
)
2

                                             (𝟑)  
(Fan, Chen, Zhang, & Fang, 2020) 

(Saafan & El-Gendy, 2021) 

a = 2 (1 − t/L)                                        (𝟒) 
(Mafarja, et al., 2020) 

(Saafan & El-Gendy, 2021) 

Where 𝑙 is the current iteration, L is the maximum 

number of iterations, t is the current iteration and L 

is the maximum iterations. 

• For each search agent, do the following: 

o Calculate the value of the coefficients A, C of 

the WOA algorithm according to equations (5), 

(6). 

𝐴 = 2 ∙ 𝑎⃗ ∙ 𝑟 − 𝑎⃗                                        (𝟓)  
(Fan, Chen, Zhang, & Fang, 2020) 
(Mafarja, et al., 2020) 

  𝐶 = 2 ∙ 𝑟                                                      (𝟔) 
(Fan, Chen, Zhang, & Fang, 2020) 

(Mafarja, et al., 2020) 

Where the value of the coefficient 𝑎⃗ decreases from 

2 in the first iteration to the value of 0 in the last 

iteration, and 𝑟 is a random vector that takes values 

within the range [0-1]. 
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o Update the positions of the salp leader group 

according to equation (7), taking into account 

the need to modify the value of coefficient c2 

using equation (8). 

𝑥𝑗
1 =

{
 
 

 
 𝐹𝑗 + 𝑐1 ((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗)

 𝑖𝑓 𝑐3 ≥ 0 (7: 𝑎)

𝐹𝑗 − 𝑐1 ((𝑢𝑏𝑗 − 𝑙𝑏𝑗)𝑐2 + 𝑙𝑏𝑗)

 𝑖𝑓 𝑐3 < 0 (7: 𝑏)

  (𝟕)  

(Fan, Chen, Zhang, & Fang, 2020) 

(Saafan & El-Gendy, 2021) 

where 𝑥𝑗
1 is the position of the first salp (leader) in 

dimension 𝑗,  𝐹𝑗 is the position of the food source in 

dimension 𝑗 , 𝑢𝑏𝑗 denotes the upper bound of 

dimension 𝑗 , 𝑙𝑏𝑗 denotes the lower bound of 

dimension 𝑗, and c1 is a random number. 

Also, each of the parameters c2, c3 are random 

numbers that are generated and take their values 

within the range [0,1] (EL-HASNONY, 

BARAKAT, ELHOSENY, & MOSTAFA, 2020). 

In the proposed model, Tent Chaotic Map function is 

used in order to improve salp swarm algorithm, so 

according to the corresponding equation (8) shown 

in the previous table (1), the value of the control 

coefficient c2 used in SSA is updated. 

𝑐2 = {

𝑐2

0.7
                   𝑖𝑓 𝑐2 < 0.7

(
10

3
)

(1−𝑐2)
         𝑖𝑓 𝑐2 ≥ 0.7

         (𝟖)  

(Hegazy, Makhlouf, & El-Tawel, 2019) 

(Li, et al., 2021) 
o Update the positions of the followers group 

using equation (9), depending on the position of 

a random salp. 

𝑋⃗(𝑡 + 1) = 𝑋𝑟𝑎𝑛𝑑⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ − 𝐴 ∙ 𝐷⃗⃗⃗             (𝟗)  
(Fan, Chen, Zhang, & Fang, 2020) 

𝐷⃗⃗⃗ = |𝐶 ∙ 𝑋𝑟𝑎𝑛𝑑⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ − 𝑋⃗|                          (𝟏𝟎)  
(Fan, Chen, Zhang, & Fang, 2020) 

Where 𝑋𝑟𝑎𝑛𝑑⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  is a randomly selected search agent 

(random salp). 

o Adjust solutions within the search space in the 

event that one of them is abnormal outside the 

search space. 

• Storing the necessary results reached in this 

iteration (generation). 
(3) Check the end condition and save the final 

results. 

(4) Evaluate the results and calculate classification 

accuracy using the KNN classifier. 
2-4-2. PSEUDO-CODE OF THE 

PROPOSED MODEL: 
Because of the simple structure of the proposed 

algorithm, its computational complexity can be 

directly calculated according to the complexity of 

both SSA and WOA algorithm. Whereas it is known 

that the computational complexity of both SSA and 

WOA depends on three basic operations: 

initialization, computation of the fitness function, 

and position update of the population (search agents) 

in addition to the conversion to binary form process. 

In the initialization phase, N solutions are created, 

and so the complexity is O(N), and in the conversion 

phase to the binary form, the complexity is O(NT). 

The complexity of calculating and evaluating the 

fitness and updating positions (including outlier 

location detection) is: 

  O (TN + TND) in each iteration, where T is the 

number of iterations and D is the number of 

independent variables. Therefore, the final 

computational complexity of the proposed model 

can be deduced as follows: 

O(CSSAWOA)=O(N)+ O(NT)  + O(TN+TND) 

=O(N(1+T+T+TD)) =O(N(1+2T+TD)) 
Figure (1) shows the pseudo-code of the proposed 

algorithm CSSAWOA. 
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Figure (1) Pseudo-code of proposed model 

2-4-3. DEVELOPMENT AND OPERATING 

ENVIRONMENT: 

The proposed model was prepared, designed and 

applied using Python programming language, and 

the data sets needed to perform the tests were stored 

in MongoDB database, which is a non-relational 

database specialized in the field of big data. 

(1) first step: including the required libraries to 

develop and run the algorithm. 

(2) second step: connecting to MongoDB database 

dedicated to dealing with large data sets and storing 

the required set of data samples required for testing. 

(3) third step: preparing the data to suit the study 

issue, which is represented by converting it into 

JSON Data format - then dividing the data set into 

two groups for training and testing with 70% for 

training and 30% for testing where each group is 

consisting of two sub group one for  features set and 

the second for the target (class), then the 

classification accuracy is measured by the  KNN 

classifier using the K-fold technique to get rid of the 

problem of overfitting, where the value of k = 10. In 

addition to set parameters’ values and other settings 

to run the algorithm, which is the number of run 

times numOfRuns=20, the upper bound where ub=1 

and the lower bound lb=0, where these values are 

chosen in accordance with the values of the features 

in the data set and by experiment. The number of 

search agents N and the maximum number of 

iterations T must also be chosen. 

(4) fourth step: Initializing the set of initial solutions 

(population - search agents) with random and 

chaotic values by Appling the function of the chaotic 

tent map, where each solution is nothing but a vector 

of d elements, which expresses the dimension of the 

study problem and the number of all features in the 

dataset. 

(5) fifth step: After completing the initialization of 

population, the appropriate transforming operations 

must be performed on them to take the binary form 

instead of the continuous one which is not suitable 

for feature selection problems by applying Sigmoid 

transformation function, thus at the end, two values 

that are 1 when feature is selected and 0 when the 

feature is not selected. 

(6) sixth step: Passing study data set, target array, 

search agents’ array (solution), and the rest of the 

required coefficients and parameters to run the 

proposed optimization algorithm, in which the 

following is done: 

• In each iteration, the search agents’ array (solution) 

is converted to binary form and the value of fitness 

is calculated for all search agents, according to the 

nature of the issue whether it is minimization or 

maximization, taking into account that this kind of 

problem is multi-objective and it is intended to 

reduce the number of features (minimization) and 

http://journal.damascusuniversity.edu.sy/index.php/index/index
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increase the accuracy of classification 

(maximization) and to achieve these two 

contradictory goals, equation (11) is applied. 

↓ Fitness = αγR(𝐷) + 𝛽
|𝑅|

|𝐷|
   (𝟏𝟏) 

(EL-HASNONY, BARAKAT, ELHOSENY, & 

MOSTAFA, 2020) 

where 𝛾𝑅(𝐷) is the classification error rate obtained 

by a given classifier, |R| is the number of selected 

features, and |D| is the number of all features in the 

original data set, 

  𝛼 ∈ [0,1]  and 𝛽 = (1 − 𝛼)  are two parameters 

related to the importance of classification quality 

and subset length. 

• After completing the calculation of the fitness 

values for all solutions, the best value will be chosen 

and store it in the convergence array designated to 

store the best fitness values in each iteration. At the 

end of this stage, results are obtained. 

(7) seventh step: Evaluating the results reached in 

terms of: the number of selected features - 

classification accuracy using the KNN classifier and 

the computation time (execution time). 

2-4-4. DATA SETS: 
The proposed algorithm has been studied and tested 

using a set of well-known databases in the field of 

feature selection issues in order to verify the 

strength, efficiency, and effectiveness. Table (2) 

shows the data sets used in the tests. 

The proposed algorithm was applied to 15 databases 

obtained from the UCI machine learning repository 

and the following website:   

https://www.openml.org/search . 

Table (2) Characterization of the datasets 1 

NO Dataset Instances Total Features Classes 

1 Breast Cancer 286 9 2 

2 Zoo 101 16 7 

3 scene 2408 300 2 

4 Sonar 208 56 2 

5 Lung Cancer 32 56 2 

6 diabetic 1151 19 2 

7 parkinsons 195 22 2 

8 Climate 540 20 2 

9 Ionosphere 351 34 2 

10 pageblocks 5473 10 5 

11 cpu98lrn 95412 480 4 

12 Segment 2310 19 7 

13 spectEW 267 44 2 

14 Vehical 94 18 4 

15 lymphography 148 18 4 

2-4-5. PARAMETERS SETTING: 
To evaluate the effectiveness of the proposed 

algorithm in comparison with other most popular 

contemporary algorithms related to feature selection, 

it was compared with four well-known algorithms, 

including the two original algorithms that were used 

in the hybridization process, which are WOA and 

SSA, in addition to the standard PSO and the 

standard GWO. 
The initial values of the control parameters c1, c2, 

c3, a, A, and c were chosen and set according to 

their values in the original algorithms. 

The initial values of the lower and upper bounds ub, 

lb depend on the principle of choosing the feature or 

not, that is, zero when the feature is not selected, or 

one when it is selected. 

The values of the rest of the parameters were 

adjusted according to repeated experimentation, 

knowing that the higher their values, the more 

accurate the results and the longer the execution 

time. 

In this context, there are special algorithms 

concerned with choosing the optimal values for 

operational parameters like Bayesian algorithm. 

https://www.openml.org/search
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20 separate execution cycles were implemented for 

each algorithm with the same set of data, but with 

different random seeds of initial solutions each time 

taking into account transforming them from 

continuous space to binary space to fit feature 

selection problem, in addition to applying the 

chaotic tent map function for initializing Solutions. 

The maximum number of iterations for all tests is 

25. 

KNN classifier is a popular wrapper for feature 

selection and a kind of popular supervised learning 

algorithm which is simple and fast to implement. 

with a standard K-fold cross-validation where 

fold=10. Thus, data set is divided into 10 pieces 

between training set and test set at a ratio of 3:7.  

the number of search agents for the algorithm is set 

to 25. Each particle or search agent expresses a 

solution as shown in Table (4). Table (3) shows the 

values of algorithm's parameters. 
Table (3) Control and operating parameters 

Parameter Value Parameter Value 

K-neighbors 10 c1 Decreased from 2 to 0 

Iterations 25 a Decreased from 2 to 0 

Independent runs 20 A [-1,1] 

K-fold cross validation 10 C [0-2] 

Search agents 25 c2, c3 [0-1] 

Data dimension d   

Ub 1 Lb 0 

Table (4) Swarm Initialization (Initial Solutions) (EL-HASNONY, BARAKAT, ELHOSENY, & MOSTAFA, 

2020) 

 
2-4-6. RESULTS COMPARISON: 
After doing the experiments and recording the 

results for each of SSA, WOA, PSO, GWO, and the 

proposed model, the results can be analyzed 

according to the following: 

2-4-6-1. RESULTS OF THE PROPOSED 

MODEL: 

Table (5) shows the results of the proposed model 

for the average accuracy of the KNN classifier 

through 20 independent runs, the computation time 

and the number of selected features after eliminating 

the redundant features. The results showed that the 

proposed model gives us good results in the average 

of the obtained features and an improvement in 

classification accuracy for all data sets in a 

reasonable time. 

Table (5) Results of the proposed model 1 

Dataset 
Original 

Accuracy 

Average 

Accuracy 

Computational 

Time 

Total 

Features 

Average Selected 

features 

Breast Cancer 66.28 73.26 2.01 9 5.00 



ن حسين، بركات                                                     نموذج هجين جديد لمُحس ِّ ننموذج هجين جديد   فوضوي ذاتي  لمُحس ِّ  

11 من   21 

 

Climate 91.36 95.46 3.10 20 5.70 

cpu98lrn 48.00 72.57 60.81 480 92.55 

diabetic 58.09 65.98 6.47 19 4.75 

Ionosphere 79.25 91.32 2.46 34 3.95 

Lung Cancer 80.00 90.00 0.79 56 4.15 

lymphography 73.33 90.67 1.17 18 5.55 

pageblocks 93.50 94.70 8.93 10 1.90 

parkinsons 86.44 96.69 1.41 22 5.80 

scene 88.67 91.92 118.38 294 101.10 

Segment 89.33 93.06 10.93 19 7.75 

Sonar 80.00 100.00 0.80 56 2.90 

spectEW 75.31 87.78 1.95 44 13.45 

Vehical 41.38 58.79 0.95 18 5.00 

zoo 35.48 95.16 1.02 15 5.45 

About reducing the dimensions of the data set and 

selecting features, Figures (4-5-6) present the results 

obtained in comparison with the total number of 

features in the data sets used in the study according 

to the proposed model. 
about improving classification accuracy, Figure (7) 

shows a comparison between the classification 

accuracy of the entire data set and the classification 

accuracy of the selected subset of data. 

Figures (2) and (3) presented a comparison between 

the proposed model and the original data sets with 

regard to feature selection and classification 

accuracy, respectively. According to the feature 

selection issue, the proposed model selects 23.7% of 

the total features in the entire dataset. Although a 

small percentage of features were selected, the 

proposed model achieved excellent and acceptable 

results through classification accuracy. 

 

 
Figure (2) Comparison between total number of 

features and the average of the selected ones 

 

Figure (3) Comparison of classification accuracy for 

the total data set and the selected subset 

2-4-6-2. NUMBER OF SELECTED 

FEATURES: 
Table (6) presents a comparison between Gray Wolf 

algorithm (GWO), particle swarm optimization 

algorithm (PSO), salp swarm optimization algorithm 

SSA, humpback whale optimization algorithm 

WOA, and the proposed model according to the 

number of relevant selected features. The results 

showed the superiority of the proposed model 

through most data sets and its success in achieving 

better results, unlike other algorithms, especially 

with data sets with high dimensions. In Figure (4), a 

0
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comparison was made with some low-dimensional 

data sets, while in Figure (5), a comparison with 

high-dimensional data sets was made, and in Figure 

(6) a comparison with all data sets. 

The proposed model has proven successful in 

different datasets with different dimensions. Out of 

the total number of features in all datasets of 1114 

features, the proposed model selected 265 features in 

contrast to the SSA, WOA, GWO and PSO 

algorithms, which results indicated that the numbers 

of selected features were approximately as following 

531, 655, 457, 499, respectively. 

Table (6) shows the number of features selected by 

the proposed algorithm and the rest of the algorithms 

compared with the total number of features. 

Table (6) Comparison of the average number of selected features by the proposed model and other algorithms 

Dataset Total Features SSA WOA PSO GWO CSSAWOA 

Breast Cancer 9 3.2 5.65 4.75 4.25 5 

Climate 20 11 12 8.65 7.45 5.7 

cpu98lrn 480 239.3 284 236 196.45 92.55 

diabetic 19 6.4 10.95 6.1 9.6 4.75 

Ionosphere 34 17.2 19 13.35 10.55 3.95 

Lung Cancer 56 19.6 31.4 13.15 18.9 4.15 

lymphography 18 6.8 11.2 6.3 7.95 5.55 

pageblocks 10 4.6 5.85 2.75 3.9 1.9 

parkinsons 22 7.95 12.1 9.15 8.7 5.8 

scene 294 147.45 173.35 141.55 128.2 101.1 

Segment 19 10 10.8 10.55 7.55 7.75 

Sonar 56 26.7 32.7 15.85 23.7 2.9 

spectEW 44 15.3 25.95 21.95 17.1 13.45 

Vehical 18 9.85 11.2 4.15 6.75 5 

zoo 15 6.15 8.95 5 6.3 5.45 

Sum 1114 531 655 499 457 265 
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Figure (4) Comparison of the number of selected features with low dimensional data sets 

 
Figure (5) Comparison of the number of selected features with high dimensional data sets 

0

10

20

30

40

50

60

cssacwoa

GWO

pso

ssa

tot Features

woa

0

100

200

300

400

500

600

cpu98lrn scene Sonar

cssacwoa

GWO

pso

ssa

tot Features

woa



ن حسين، بركات                                                     نموذج هجين جديد لمُحس ِّ ننموذج هجين جديد   فوضوي ذاتي  لمُحس ِّ  

14 من   21 

 

 
Figure (6) Comparison of the number of selected features with all datasets 

2-4-6-3. CLASSIFICATION ACCURACY: 

Table No. (7) shows a comparison between the 

average of classification accuracy for the results 

of the proposed model with the results of the 

rest of the algorithms and with the entire data 

set. As previously mentioned, the KNN 

classifier was used to calculate the classification 

accuracy, which is given according to equation 

(13) (Salgotra, Singh, Singh, Singh, & Mittal, 

2021): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒
×

100             (12)  
The results obtained in most of the data sets 

confirmed that the proposed model achieved 

good results in terms of classification accuracy 

and excellent results when working with big 

data sets. 

In some data sets, the PSO achieved similar 

results. The results were modeled graphically as 

shown in Figure (7). 
Table (7) Comparison of average of classification accuracy 

Dataset original accuracy CSSAWOA SSA WOA PSO GWO 

Breast Cancer 66.28 73.26 71.10 68.31 71.80 68.84 

Climate 91.36 95.46 93.33 91.57 94.85 91.54 

cpu98lrn 48.00 72.57 59.45 49.02 67.95 52.88 

diabetic 58.09 65.98 61.97 57.14 65.95 59.26 

Ionosphere 79.25 91.32 86.04 79.29 88.73 81.93 

Lung Cancer 80.00 90.00 87.00 75.50 80.00 73.50 

lymphography 73.33 90.67 88.33 71.44 87.89 85.22 

pageblocks 93.50 94.70 94.58 92.62 94.32 93.33 

parkinsons 86.44 96.69 94.66 84.32 94.07 88.39 

scene 88.67 91.92 90.86 88.80 92.28 89.44 

Segment 89.33 93.06 91.81 82.76 92.85 86.48 

Sonar 80.00 100.00 96.00 74.00 100.00 84.50 

spectEW 75.31 87.78 87.22 74.26 87.04 74.88 

Vehical 41.38 58.79 56.72 36.38 56.55 43.79 

zoo 35.48 95.16 90.16 57.10 93.55 86.45 
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Average 72.43 86.49 83.28 72.17 84.52 77.36 

 

 
Figure (7) Comparison of classification accuracy 

2-4-6-4. COMPUTATION TIME: 
A comparison between the proposed model and other 

related algorithms is made according to the computation 

time: “The time required for all operations taken by the 

algorithms is calculated starting from initiating the 

solutions and ending with obtaining the results and 

evaluating them after each execution cycle”, and at the 

end the average is obtained by dividing the total time 

spent by number of runs. 

Table No. (8) shows the time spent according to the 

algorithms used in the experiments, and the results have 

been illustrated graphically in Figure (8). 

The proposed model achieved less computation time. The 

total time for all datasets was 221 seconds according to 

the proposed model, while it equals 292 seconds in SSA, 

352 seconds in WOA, 258 seconds in GWO and 282 

seconds in PSO. 

Noting that with high-dimensional datasets, the model 

achieved excellent results in terms of time taken to obtain 

results. 

Table (8)Comparison of the computation time 1 

Dataset CSSAWOA SSA WOA PSO GWO 

Breast Cancer 2.01 2.09 2.20 2.11 2.09 

Climate 3.10 3.73 3.68 3.59 3.72 

cpu98lrn 60.81 96.96 126.43 94.03 81.14 

diabetic 6.47 6.57 7.52 7.26 7.26 

Ionosphere 2.46 2.93 3.29 3.06 2.86 

Lung Cancer 0.79 0.75 0.96 0.88 0.98 

lymphography 1.17 1.17 1.28 1.23 1.23 

pageblocks 8.93 10.10 11.00 9.56 10.52 

parkinsons 1.41 1.47 1.61 1.48 1.47 

scene 118.38 149.64 176.18 141.39 130.18 

Segment 10.93 11.82 12.83 11.88 11.02 

Sonar 0.80 0.75 0.96 0.89 1.00 

spectEW 1.95 1.99 2.31 2.15 2.12 

Vehical 0.95 0.95 1.04 0.98 1.04 

zoo 1.02 1.04 1.15 1.06 1.09 
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sum 221.17 291.95 352.42 281.56 257.73 

 2 
Figure (8) Comparison of the computation time between the proposed model and other algorithms 3 

2-4-6-5. RESULTS’ QUALITY: 

To prove the quality and effectiveness of the 

proposed model according to a unified criterion that 

combines the three previous criteria, which are: the 

number of selected features - the accuracy of the 
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classification - and the computational time, the 

following must be followed: 
Number of selected features: The minimum number 

of selected features must be obtained 

(minimization). 
Classification accuracy: The highest possible 

classification accuracy must be obtained 

(maximization). To transform the nature of this 

demand from maximization to minimization, the 

classification error is adopted, and in this case the 

classification error must be as low as possible 

(minimization). 
Computational time: The proposed model must also 

achieve the lowest operating time (minimization). 
this problem is one of multi-objective problems, and 

to achieve harmonization between different 

objectives, equation (13) is applied, which expresses 

the quality of the algorithm’s result. 

 This equation was developed by researcher 

depending on equation (11). 

↑ Quality = (1 − (𝛼𝛾𝑅(𝐷) + 𝛽
|𝑅|

|𝐷|
+  𝛿

𝑡

𝑇
 )) ×

100  (𝟏𝟑)  
 

Where α, β, δ are weighting factors, and since the 

previous three criteria are of equal importance, it is 

necessary that they have the same weighting, thus: 
𝛼, 𝛽, 𝛿 =

1

3
        (𝟏𝟒)  

𝛾𝑅(𝐷) =
100−𝐴𝑐𝑐

100
       (𝟏𝟓)  

where 𝛾𝑅(𝐷) is the classification error rate obtained 

by a given classifier, Acc is the classification 

accuracy of selected subset, |R| is the number of 

selected features, and |D| is the number of all 

features in the original data set, t is algorithm’s 

computation time, T is the sum off all algorithms’ 

computation time. 

Table No. (9) shows the quality results obtained by 

the algorithms used in the experiments, and the 

results are graphically illustrated in Figure (9). 

Table (9) Comparison of algorithms’ results quality 

Dataset CSSAWOA  SSA WOA PSO GWO max(quality) 

Breast Cancer 66.19  71.88 61.53 66.31 67.24 71.88 

Climate 83.19  72.47 70.31 77.15 77.80 83.19 

cpu98lrn 80.02  62.83 54.11 66.10 64.76 80.02 

diabetic 74.18  69.85 59.36 71.05 62.68 74.18 

Ionosphere 87.62  71.79 66.96 76.17 77.10 87.62 

Lung Cancer 88.16  78.27 65.80 78.78 72.42 88.16 

lymphography 80.20  77.10 62.72 77.55 73.61 80.20 

pageblocks 85.96  76.14 70.72 82.58 77.78 85.96 

parkinsons 83.79  79.59 69.23 77.53 76.36 83.79 

scene 80.33  73.27 68.41 74.79 75.88 80.33 

Segment 77.86  72.99 67.99 72.34 75.97 77.86 

Sonar 92.21  77.09 64.60 83.82 73.15 92.21 

spectEW 79.56  77.84 64.44 72.24 71.95 79.56 

Vehical 70.62  60.95 51.06 71.25 61.77 71.25 

zoo 79.93  76.59 58.66 80.15 74.70 80.15 
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Figure (9) Comparison of algorithms’ results quality 

Table No. (9) and Figure No. (9) show that the 

proposed model outperformed the rest of the 

algorithms in most data sets, while we find that SSA 

outperformed with “Breast Cancer” data set, and 

PSO outperformed with “Vehical” and “Zoo” data 

sets. 
2-4-7. RESULTS’ DISCUSSION: 

In order to prevent the algorithm from falling into 

local optima trap and to increase the algorithm's 

convergence speed, the positions of the search 

agents were initialized with random initial values 

then to enhance the diversity and quality of them the 

chaotic tent map function is applied. In addition to 

modifying the value of the c2 coefficient of the SSA 

algorithm using the same function (chaotic tent 

map). In order to overcome the lack of exploration 

in salp swarm optimization algorithm, the heuristic 

technique applied in the whale algorithm was 

followed by updating the position of the salp 

followers based on the position of a random salp. 

In all results, the proposed model achieved better 

results according to three metrics: classification 

accuracy, computational time (processing and 

execution time) and the number of relevant features 

selected by most of the datasets used. 

  In a dataset such as Sonar, cpu98lrn and Scene with 

high dimensionality, the proposed model succeeded 

in selecting relevant features and discarding most 

irrelevant features. 

  Furthermore, in other datasets, there are many 

achievements regarding classification accuracy, less 

selected features, and computation time. 

In the proposed model, the total number of features 

selected is very small unlike SSA, WOA, GWO and 

PSO with reasonable time and good classification 

accuracy. 
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According to feature selection issues, the results 

showed the superiority of the proposed model in all 

datasets and its success in achieving better results 

compared to other algorithms. 

  Out of the total number of features, the proposed 

model selects 265 features which is equivalent to 

23.7% of the total number of features of 1114, in 

contrast to the SSA, WOA, GWO, and PSO 

algorithms where the numbers of selected features 

are approximately 531, 655, 457, and 499, 

respectively. 

  As for the classification accuracy of the KNN 

classifier, the results obtained in most of the datasets 

confirmed the superiority of the proposed model. 

  Where the classification accuracy average in all 

datasets of the proposed model was 86.5%, in 

contrast, it was 77.4% in GWO, 84.5% in PSO, 

83.2% in SSA, and 72% in WOA, while it reached 

72.4% for all features in All datasets. 

Finally, the proposed model achieves a shorter 

computation time (execution time). 

  The total time for all datasets was 221 seconds in 

the proposed model, while it equals 352 sec in 

WOA, 292 sec in SSA, 282 sec in PSO, and 258 sec 

in GWO. 

  But at the end, to solve all optimization problems, 

there is no single optimization algorithm available. It 

is possible that an algorithm's excellent performance 

with certain data sets may not be so good with other 

data sets. In some of the data sets used, there may be 

a decrease in the accuracy rate of the proposed 

model. 

2-4-8. CONCLUSION AND FUTURE 

WORKS: 
This paper proposes a new model to solve and 

reduce the obstacles when selecting features by 

using hybridization between SSA and WOA. 

The proposed model uses k-nearest neighbor 

classifier to measure classification accuracy for the 

subset to find the optimal solutions. 

problem of falling into local optima trap was solved 

by random and chaotic initialization using the 

chaotic tent map function – as well as updating the 

value of c2 coefficient in the SSA algorithm using 

the chaotic tent map function. in addition to 

including the exploration technique used in the 

whale algorithm by updating the position of the 

followers based on the position of a random salp. 

The transformation function (sigmoid function) was 

applied to convert the search space from continuous 

form (continuous vector) to binary form (binary 

vector) to fit feature selection problem. 

To get rid of the overfitting problem, k-fold cross-

validation technique was applied. 

Many comparisons have been applied with popular 

and well-known algorithms in this field such as gray 

wolf algorithm and particle swarm optimization 

algorithm as well as the original algorithms which 

are the salp swarm algorithm and humpback whale 

optimization algorithm. 

Fifteen /15/ databases were used to conduct 

experiments and statistical analyzes to prove the 

effectiveness and efficiency of the proposed model 

with all comparison measures. 

2-4-8-1. FUTURE WORK: 
In the future, the proposed model can be applied to a 

wide variety of data sets using other transformation 

functions. and other random and chaotic functions. 

Moreover, hybridization can be applied between 

modern Metaheuristic algorithms such as HOA, 

RFSO, Dragonfly DF and others. 
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