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Abstract---Selection of features is an effective method for minimizing the 
amount of data features in order to improve machine learning 

classification performance. Choosing a set of attributes is a high-level 

procedure for selecting a collection of relevant features. To boost the 
classifier's performance, use a dimensional dataset. We outline a 

typical feature selection problem in this work in order to minimize the 

amount of role and responsibilities while improving accuracy. 
Different classification dataset from the Machine learning repository 

have been used to test SMA with GWO as a feature selection strategy. 

The feature selections for UCI repository datasets include Bat 

optimization, Cuckoo search optimization, Slime mould optimization, 
Whale optimization, Particle swarm optimization, and Grey wolf 

optimization. 

 
Keywords---Slime Mould Algorithm, Grey Wolf Optimization, Feature 
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Introduction  

 
Problems with working optimization Meta - heuristic optimization techniques are 

capable of achieving optimal or near-optimal results in a reasonable amount of 

time by chance the fashionable value of the given variables that satisfies the 

highest or marginal intrinsic worth without violating the constraints. With the 
continuous advancement of intelligent machines, Metaheuristic optimization 
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techniques are capable of achieving optimal or near-optimal results in a 

reasonable amount of time. As a result, they're commonly employed to solve 
difficulties including charge planning, picture separation, feature selecting, and 

parameter optimization. Modelling physical miracles or biological conditioning in 

nature helps metaheuristic algorithms identify optimal outcomes. Artificial 
intelligence (AI) has grown into a vital tool for addressing real-world engineering 

difficulties. Optimization techniques are a sort of machine learning that is gaining 

traction in a wide range of industries and societies. Metaheuristic algorithms are 

classified by physical occurrence, human learning patterns, natural evolution 
law, animal living behaviours, and swarming. The SMA method [24] is a recent 

metaheuristic algorithm that observes humanity's greatest sticky mould 

methodology for global optimization using a stochastic strategy. It offers a number 
of advantages, including a small number of parameters, robustness, great 

capacitating exploratory, and the ability to leverage inclination. In SMA, there are 

very few variables to consider. Metaheuristic algorithms were applied in many AI 
applications, such as health care. 

 

Related Work 
 

Data mining is the fastest-growing sector in information technology, owing to the 

huge amounts of data gathered every day and the need to turn that data into 

valuable knowledge [1]. Pre-processing steps in data mining include 
incorporation, transformation, reduction, knowledge display, and pattern 

evaluation [2]. Feature selection is one of the most important pre-processing 

procedures, and it tries to eliminate unnecessary and duplicated attributes from a 
dataset. In general, feature selection algorithms are divided into two categories: 

wrapper techniques [3], and direct approaches [4].  

 
Methods that are not dependent on classifications and work exclusively on date 

belong to the first category. The discipline of optimization has recently gotten a lot 

of interest from academics, notably in the hybrid metaheuristics sector [5]. For 
example, the _rst hybrid met heuristic feature selection technique was introduced 

in 2004 [6,7,8] employing information retrieval methodologies and or the GA 

algorithm. PSO has been used with different meta - heuristic algorithms 

addressing continuous search space issues in the literature. For example, in 
[9],[10], a composite PSO with GA (PSOGA) was developed. Other related efforts 

include a PSO with DE (PSODE) [11], a hybrids PSO and Centrifugal Search 

Algorithm (GSA) (PSOGSA) [27], and a hybrids PSO and Geophysical Search 
Algorithm (GSA) (PSOGSA). Furthermore, in [12], PSO was combined with the 

Bacterial Foraging Optimization method to improve power system stability. These 

hybrid techniques are designed to complement one other's strengths in order to 
increase exploitation potential while lowering the risk of falling into a local 

optimum [13][14]. GWO has also gotten a lot of interest in the hybrids meta - 

heuristic algorithms field [16]. 
 

Methodology 

 
Yang proposed the Bat algorithm (BA), which is a conceptual optimization 

technique. The sound waves behaviour of micro bats inspired this method. Each 

pulse in echolocation lasts only a few hundredths of a millisecond (up to roughly 
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8–10 ms). Li et al. suggested SMA in 2020, based on the natural foraging and 

moving behaviour of slime mould. Silicone mould seems to be a sub amoeba with 

no brain or nervous system. Its foraging behaviour more effective as a result of its 

veins. It may acquire the largest concentration of food using the oscillating 
modelling of veins, and this food location offers the best answer to optimization 

algorithm problems [17]. The effectiveness of SMA has indeed been proven, and it 

outperforms a number of well-known and cutting-edge techniques. The 
construction of SMA is basic and adaptable. It is simple to increase the 

performance of this flexible structure [18], [19]. 

 
The main idea of SMA is to take advantage of slime mold's foraging behaviour. 

Slime mould can approximate increased food, and slime mould can approximate 

high-quality food. Grey wolf optimization, evolutionary computation, bat 
improvement, particle swarm optimization improvement, lightning improvement, 

whale improvement, particle swarm optimization [20]. The following is the slime 

mould algorithm's position update: 

 
Step 1: Begin  

Step 2: Determine the size of the population 

Step 3: Set the position of the slime moulds.  
Step 4: Calculate the efficiency of all slime moulds. 

Step 5: Sort the fitness features. 

Step 6: Make sure the fitness feature is up to date. 
Step 7: Determine the optimal location and fitness function. 

Step 8: Finish 

  
𝑥𝑖(𝑡 + 1) =  𝑟1 ∙ (𝑈𝐵 − 𝐿𝐵) + 𝐿𝐵  𝑟2 < 𝑧  

 (1) 
  

𝑤1𝑥𝑏 + 𝑤2𝑥𝛽 + 𝑤3𝑥𝛾 + 𝑣𝑏 ∙ [𝑤 ∙ 𝑥𝐴(𝑡) − 𝑥𝐵(𝑡)]  𝑟3 < 𝑝  

 (2) 

 𝑣𝑐 ∙ 𝑥𝑖 (𝑡)  𝑝 ≤ 𝑟3 ≤ 1 

 (3)    

 (4) 

 𝑥𝑖 =
𝑥𝛼+𝑥𝛽+𝑥𝛾

3
    (5) 

 𝜑 =
1

2
𝑎𝑡𝑎𝑛   (6) 

 ∅ =  
2

𝜋
𝑎𝑐𝑜𝑠

1

3
∙ atan(𝑡)  

 

  

𝑤1 = 𝑐𝑜𝑠𝜃, 𝑤2 =  
1

2
𝑠𝑖𝑛𝜃 ∙ 𝑐𝑜𝑠𝜑, 𝑤3 = 1 − 𝑤3 − 𝑤2     

 (7) 

(i) Initializing Procedure    

 𝑥𝑖 =  𝑟1(𝑈𝐵 − 𝐿𝐵) +  𝐿𝐵  
  

𝑟1 → 𝑟𝑎𝑛𝑑𝑜𝑚 𝑁𝑜 𝑖𝑛 𝑔𝑎𝑢𝑠𝑠 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛  
(ii) Iteration 
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 𝑥(𝑡 + 1) = {

𝑟2 ⋅ (𝑈𝐵 − 𝐿𝐵) + 𝐿𝐵    𝑟2 < 𝑧

𝑥𝑏 + 𝑣𝑏 ⋅ [𝑤 ⋅ 𝑥𝑎(𝑡) − 𝑥𝑏(𝑡)]    𝑟3 < 𝑝
𝑣𝑐 ⋅ 𝑥𝑖(𝑡)    𝑝 ≤ 𝑟3 ≤ 1

 

 
An enhanced SMA technique with orthogonal learning capabilities is developed 

based on the original SMA technique. To increase the performance of the modified 

SMA, a chaotic initialization method and a boundary reset technique are 
implemented at the same time. 

(iii) Based on the experimental results, the modified SMA and 10 sophisticated 

met heuristic algorithms, including the original SMA, are used to solve the issue, 
and overall performance in comparison and analysed. 

(iv) To tackle the model estimation problem, the modified SMA method is utilised, 

and the simulated performance is evaluated to 10 other sophisticated techniques. 
The suggested algorithm's practicability and efficiency have also been 

demonstrated. By combining the GWO and SMA algorithms, we may substitute 

the best candidate with the averaging of alpha, beta, and delta prospects, and so 

the automatic update equation for the hybrid SMA-GWO strategy would've been 
the refreshing equations for individuals in a grey wolf swarm. 

 

GWO Algorithm 
 

When creating GWO, we use the completing as the alpha (α) to quantitatively 

describe the social structure of wolves. Consequently, the second or third best 

options have been identified named beta (𝛽) and delta (𝛿) respectively. 
Begin  

Create the maned wolf population 𝑋𝑖 (𝑖 =  1, 2, . . . , 𝑛) from scratch 

Create the variables 𝑎, 𝐴, and 𝐶 
Calculate each search agent's fitness 

 the most effective search agent 

 the runner-up in the quest for a new job 
 the third most effective search agent 

𝑤ℎ𝑖𝑙𝑒 (𝑡) is the maximum number of iterations 

𝑓𝑜𝑟 every search engine 
Update the current search agent's location as described above equations 

end for 

𝑎, 𝐴, 𝑎𝑛𝑑 𝐶 should all be updated 
 Calculate the search agents' fitness 

Update 𝑋𝛼, 𝑋𝛽, 𝑋𝛿 

 𝑡 = 𝑡 + 1 
end while 

return 
End 

 

Table 1 
Dataset description 

 

Dataset 
No. of 

Instances 

No. of 

Features 

No.  of 

Classes 

Diabetics 768 9 2 
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Dataset 
No. of 
Instances 

No. of 
Features 

No.  of 
Classes 

Alzheimer 195 12 2 

Heart 270 15 2 

Bank Note 1372 4 2 

Liver 1000 11 2 

Zoo 101 19 7 

Breast Cancer 699 11 2 

 

Table 1. Dataset, Table 2 shows the different Evaluation Measures (best, worse, 
average, standard deviation, computational time) from the UCI Machine Learning 

repository. Figure 1 illustrates the different fitness performance indicators. 

 

 
Fig. 1. Fitness Performance measures 

 
Table 2 

Evaluation Measures 

 

Data set 
Selected 
Features 

Best Worst Mean 
Standard 
deviation 

Computational 
Time 

Diabetics 2 0.0145 0.0395 0.0253 0.0027 0.0875 

Alzheimer 3 0.0158 0.0375 0.0278 0.0038 0.0845 

Heart 4 0.0152 0.0372 0.0295 0.0037 0.0796 

Bank 

Note 
2 0.0189 0.0394 0.0256 0.0039 0.0657 

Liver 3 0.0197 0.0428 0.0256 0.0038 0.0845 

Zoo 3 0.0125 0.0514 0.0371 0.0035 0.0687 

Breast 
Cancer 

3 0.0176 0.0645 0.0418 0.0037 0.0482 

0
1
2
3
4
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Alzheimer

Heart

Bank NoteLiver
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Selected Features Best
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Conclusion 

 
On benchmark functions, the proposed approach is compared to various recent 

met heuristic and high-performance algorithms. In terms of statistics, the results 

demonstrate that performs better than its competitors. It is capable of providing 
the best answer for the majority of difficulties. On the preponderance of datasets, 

the results showed that the suggested technique outperformed a wide variety of 

methods in terms of effectiveness and number of functions picked. Furthermore, 

a computational time comparison was made between the suggested binary hybrid 
technique and hybrid SMA, with GWO findings revealing that perhaps the 

propose method has a faster execution time. Furthermore, a comparison of 

statistical studies Mean, Best, and Worst Fitness was done, with the findings 
demonstrating that the suggested methodology outperformed existing state-of-

the-art methodologies significantly. The suggested method's better findings show 

that it can regulate the trade-off between exploratory and exploitative behaviour 
throughout optimization rounds. 
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