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Abstract

:

Data clustering is a complex data mining problem that clusters a massive amount of data objects into a predefined number of clusters; in other words, it finds symmetric and asymmetric objects. Various optimization methods have been used to solve different machine learning problems. They usually suffer from local optimal problems and unbalance between the search mechanisms. This paper proposes a novel hybrid optimization method for solving various optimization problems. The proposed method is called HRSA, which combines the original Reptile Search Algorithm (RSA) and Remora Optimization Algorithm (ROA) and handles these mechanisms’ search processes by a novel transition method. The proposed HRSA method aims to avoid the main weaknesses raised by the original methods and find better solutions. The proposed HRSA is tested on solving various complicated optimization problems—twenty-three benchmark test functions and eight data clustering problems. The obtained results illustrate that the proposed HRSA method performs significantly better than the original and comparative state-of-the-art methods. The proposed method overwhelmed all the comparative methods according to the mathematical problems. It obtained promising results in solving the clustering problems. Thus, HRSA has a remarkable efficacy when employed for various clustering problems.
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1. Introduction


Unsupervised learning methods are instrumental in machine learning because they may explore data without any prior knowledge of them, i.e., there are no labels linked with the data [1]. These algorithms try to represent the data’s underlying mechanism or pattern, which may be helpful for things such as decision making and forecasting future inputs. Clustering and feature methods are classic examples of unsupervised algorithms [2,3].



Clustering is an important unsupervised method that uses a number of data objects or items to discover homogenous groupings [4]. Clustering is used to split data items into groups so that objects in the same cluster are similar to one another and different from objects in other clusters. Algorithms for clustering have been utilized in a wide range of applications. They are used in biology to extract interesting patterns from gene expression [5,6]. Additionally, they are used to divide sensor networks into groups in wireless sensor networks and in information retrieval for grouping text content and generating thematic hierarchies. For a product search task, clustering can be utilized to group people or objects [7].



The data and available information are the root of the fast development model of today [8], and are extensively employed in various information technology applications such as manufacturing, marketing, and commerce. Because there are so many data, data mining is one of the most critical methods for extracting meaningful information. Data mining is a revolutionary idea utilized to tailor knowledge across numerous industries, such as medical records examination, client transaction analysis, and market surveying programs [9]. The clustering and classification algorithms are the two most essential requirements for extracting information from data mining. As a result, data clustering has become a valuable and demanding process for generating clusters where data are clustered together. Data clustering is achieved by using two clustering mechanisms: hierarchical and partitional clustering [10,11]. The data items are grouped hierarchically, either in the shape of a tree or a cluster analysis, in a clustering algorithm. The partitional clustering technique, on the other hand, produces non-overlapping groups. This method has a propensity to cope with noise and outliers, manageability, integration, usability, and other issues in real-world applications. K-means clustering, Fuzzy c-means method, density accurate and robust, and so on are some of the most frequently used classification techniques [12,13].



Several related works have been conducted based on using optimization techniques to solve the clustering problems, which is worth mentioning [14,15]. They motivated us to propose a new efficient method to deal with various data clustering issues.



A novel Class Topper Optimization (CTO) method is presented in [16]. The cognitive intelligence of pupils in a class inspired the optimization method. A population-based search technique is used. The answer narrows towards the optimal solution in this technique. This may lead to a worldwide optimal solution. A clustering challenge is explored to validate the algorithm’s performance. For real-time testing, five common data sets are examined. A comparison of the performance of the proposed approach to many well-known existing optimization techniques reveals that it outperforms them all.



A novel clustering approach is presented based on the evolution particle swarm optimization (EPSO) algorithm [17]. The suggested approach is based on the development of swarm generations. At first, the particles are equally dispersed in the input data set, and a new swarm population emerges after a defined number of repetitions. This paper covers the novel technique and its initial implementation and testing using real clustering benchmark data. The findings demonstrate that the technique creates compact clusters and is effective.



A modernized firefly technique is combined with the well-known PSO approach to handle automated data clustering difficulties [18]. The proposed fusion technique is designed against four standard metaheuristic algorithms from the literature using twelve common datasets and the two moons dataset to see how well it performs. The thorough computational tests and results analysis reveals that the suggested approach outperforms the standard published methods.



The ABCWOA method, which uses Random Memory (RM) and Elite Memory (EM) to overcome investigation problems and late convergence in ABC, is presented in [19]. The search phase for the bait in the whale optimization algorithm (WOA) is employed by RM in the ABCWOA method, and EM is also used to boost convergence. The ABCWOA algorithm outperforms other metaheuristic algorithms, according to the results.



This study suggests a novel heuristic strategy based on the big bang–big crunch algorithm for clustering issues [20]. In comparison to previous heuristic strategies, the suggested method not only utilizes the use of the heuristic nature to reduce standard clustering algorithms such as k-means, but it also benefits from the memory-based scheme. Furthermore, the proposed algorithm’s system is assessed using various benchmark functions, including well datasets. The experimental findings reveal that the suggested technique outperforms similar algorithms substantially.



This study proposes K–NM–PSO, a hybrid approach that combines the K-means algorithm, Nelder–Mead simplex search, and PSO [21]. The K–NM–PSO method, like the K-means algorithm, looks for cluster centers in any data set. However, it can also discover global optima effectively and rapidly. The results suggest that K–NM–PSO is reliable and appropriate for data clustering. Other optimization methods can be used to solve the data clustering problems. Additionally, many optimization methods have been used to solve various problems [22]. It is also worth mentioning that the optimization methods proved their ability in solving many other problems such as solve complex engineering optimization problems [23], reactive power planning problems [24], parameter estimation problems [25], voltage-constrained power problems [26], and others.



The Reptile Search Algorithm (RSA) is a recent and novel optimizer that was proposed by Abualigah et al. in [27]. This method mimics the behavior of crocodiles on two principal activities—encircling and hunting—each of which is performed in two main strategies: (1) encircling: high walking or belly walking; (2) hunting: hunting coordination or hunting cooperation. The Remora Optimization Algorithm (ROA) is a recent and novel optimizer that has been proposed by Jia et al. in [28], a new bionics-based optimization method. The main inspiration of the ROA is Remora’s behavior.



Various optimization methods have been employed in the literature to solve different machine learning problems, especially clustering problems. The proposed method’s primary motivation is that the recent studies’ that used optimization methods for solving similar problems yielded performances that were not good enough, and a new, improved method can find new optimal solutions. Optimization methods usually suffer from optimal local problems and unbalance between the search mechanisms (i.e., exploration and exploitation). Moreover, we selected the most reputed methods to incorporate them and created a new hybrid approach to yield new and better results. This paper proposed a novel hybrid optimization search method for solving challenging optimization problems. The proposed method is called HRSA, which combines the original Reptile Search Algorithm (RSA) and Remora Optimization Algorithm (ROA) and handles these mechanisms’ search processes by a novel transition method. The proposed HRSA method solves the main weaknesses raised by the original methods and finds better solutions. The proposed HRSA is tested on two classes of optimization problems: twenty-three benchmark test functions and eight real-world data clustering problems. The results illustrate that the proposed HRSA method performs significantly better than the original and comparative state-of-the-art methods. The proposed method overwhelmed all the comparative methods according to the mathematical problems. It obtained promising results in solving the clustering problems. Thus, HRSA has a remarkable ability to be employed for various clustering problems.



The major contributions in this paper are covered in the following points.



	
A novel hybrid optimization method is proposed using the original Reptile Search Algorithm (RSA) and Remora Optimization Algorithm (ROA).



	
A new transition method is proposed to handle the mechanisms’ search processes and help the proposed method in enabling the suitable search operator during the optimization process.



	
The performance of the proposed HRSA method is tested on several benchmark functions to show the mai.



	
A real-world problem, data clustering, is used to prove further the proposed HRSA’s ability to deal with complicated problems, finding symmetric and asymmetric objects.



	
The results showed the superiority of the proposed method in solving the given problems compared to other various state-of-the-art methods.






In the rest of the paper, Section 2 presents the background of the used methods and the procedure of the proposed method. Section 3 shows the experiments, results, and discussion. Section 4 gives the research conclusions and potential future work.




2. Background


This section presents the original methods used in the proposed method. Additionally, the main procedure of the proposed hybrid Reptile Search Algorithm (RSA) and Remora Optimization Algorithm (ROA) with a novel transition mechanism (HRSA) is presented.



2.1. Reptile Search Algorithm (RSA)


This section presents the original Reptile Search Algorithm (RSA) and its procedure. The basic Reptile Search Algorithm (RSA) is described in its exploration (global search) and exploitation (local search) stages, which were inspired by the encircling mechanics, hunting processes, and social behavior of crocodiles in real life [27].



2.1.1. Encircling Phase (Exploration)


The exploratory behavior (encircling) of the RSA is introduced in this section. Crocodiles engage in two movements when encircling: high walking and belly walking, according to their encircling behavior [29].



The RSA switches between exploration and exploitation search phases based on four scenarios: splitting the number of iterations into four parts; dividing the total number of iterations into four parts. The RSA exploration mechanisms investigate the search regions and approach to discover a better answer based on two major search techniques.



One condition must be met throughout this phase of the search. The high walking search method is performed according to t ≤   T 4  , and the belly walking search method is performed according to t ≤ 2  T 4   and t >   T 4  . The position-updating process is presented in Equation (1).


   x  ( i , j )    ( t + 1 )  =      B e s  t j   ( t )  × −  η  ( i , j )    ( t )  × β −  R  ( i , j )    ( t )  × r a n d ,        t ≤  T 4        B e s  t j   ( t )  ×  x  (  r 1  , j )   × E S  ( t )  × r a n d ,       t ≤ 2  T 4   a n d  t >  T 4        



(1)




where   B e s  t j   ( t )    is the best-obtained solution,   r a n d   is a random number, t is the current iteration, and T is the maximum iterations.   η  ( i , j )    is the hunting parameter determined by Equation (2).  β  is a parameter fixed to 0.1. The reduce function (  R  ( i , j )   ) is determined by Equation (3).   r 1  −  r 4   are random numbers,   x  (  r 1  , j )    is a random position, and N is the used solutions. Evolutionary Sense (  E S ( t )  ) is a probability parameter determined by Equation (4).


   η  ( i , j )   = B e s  t j   ( t )  ×  P  ( i , j )   ,  



(2)






   R  ( i , j )   =   B e s  t j   ( t )  −  x  (  r 2  , j )     B e s  t j   ( t )  + ϵ   ,  



(3)






  E S  ( t )  = 2 ×  r 3  ×  1 −  1 T   ,  



(4)




where  ϵ  a small value.   P  ( i , j )    is a difference parameter determined by Equation (5).


   P  ( i , j )   = α +    x  ( i , j )   − M  (  x i  )    B e s  t j   ( t )  ×  ( U  B  ( j )   − L  B  ( j )   )  + ϵ   ,  



(5)




where M(  x i  ) represents the average positions determined by Equation (6).   U  B  ( j )     and   L  B  ( j )     are the upper and lower boundaries.  α  is a parameter fixed to 0.1.


  M  (  x i  )  =  1 n   ∑  j = 1  n   x  ( i , j )   ,  



(6)








2.1.2. Hunting Phase (Exploitation)


The exploitative behavior of RSA is discussed in this section. Crocodiles use two hunting techniques: hunting coordination and hunting collaboration, according to their hunting behavior.



The searching in this phase (hunting coordination) is executed and determined according to t ≤ 3  T 4   and t >   2  T 4   ; otherwise, the hunting cooperation is executed according to t ≤ T and t > 3  T 4  . The position-updating processes are presented in Equation (7):


   x  ( i , j )    ( t + 1 )  =      B e s  t j   ( t )  ×  P  ( i , j )    ( t )  × r a n d ,        t ≤ 3  T 4   a n d  t > 2  T 4        B e s  t j   ( t )  −  η  ( i , j )    ( t )  × ϵ −  R  ( i , j )    ( t )  × r a n d ,       t ≤ T  a n d  t > 3  T 4        



(7)




where   B e s  t j   ( t )    is the best obtained solution, and   η  ( i , j )    is the hunting parameter determined by Equation (2).   P  ( i , j )    is a difference parameter determined by Equation (5).   η  ( i , j )    is the hunting parameter determined by Equation (2).   R  ( i , j )    is determined by Equation (3).





2.2. Remora Optimization Algorithm (ROA)


This section presents the original Remora Optimization Algorithm (ROA) and its procedure, which is as follows [28].



2.2.1. Free Travel (Exploration)


SFO Strategy


The formulation for this algorithm’s location update was modeled based on the algorithm’s elite notion, yielded by Equation (8).


   R  i   t + 1   =  R  b e s t  t  −  r a n d ×  (    R  b e s t  t  −  R  r a n d  t   2  )  −  R  r a n d  t    



(8)




where   R  r a n d  t   is a random location.




Experience Attack


To evaluate whether or not it is required to replace the host, the tuyu must regularly take modest steps around the host, analogous to the development of knowledge. The formula for modeling the principles as mentioned above is as follows:


   R  a t t   =  R  i  t  −  (  R  i  t  −  R  p r e   )  × r a n d n  



(9)




where   R  p r e    is the position of the previous iteration, and   R  a t t    is a tentative step.



The evaluation of the fitness function of the present solution f(  R  i  t  ) and the attempted solution f(  R  a t t   ) is described as the decision of this step. As an example, when addressing the minimal problem, if the fitness function value produced by the proposed solution is less than the present solution,


  f  (  R  i  t  )  > f  (  R  a t t   )   



(10)







Remora chooses a different mechanism for local optima, as shown in the following section. It returns to host choosing if the fitness function value of the attempted solution is greater than that of the existing solution.


  f  (  R  i  t  )  < f  (  R  a t t   )   



(11)









2.2.2. Eat Thoughtfully (Exploitation)


WOA Strategy


The location update formula of Remora connected to the whale was recovered using the original WOA technique, as seen in the Equations below:


   R  i + 1   = D ×  e α  × c o s  ( 2 π α )  +  R i   



(12)






  α = r a n d × ( a − 1 ) + 1  



(13)






  a = − ( 1 +  t T  )  



(14)






   D = |   R  b e s t   −  R i   |   



(15)







Their locations might be considered the same when a Remora is on a whale in the broader solution space. D is the space between both the hunter and the prey,  α  is a random value in the range [−1,1], and a is a number that decreases exponentially between [−2, −1].




Host Feeding


The exploitation procedure is further subdivided into host feeding. At this point, the optimal solution can be condensed to the host’s location area. Incremental steps can be thought of as moving on or around the host, which can be mathematically characterized as:


   R  i  t  =  R  i  t  + A  



(16)






  A = B × (  R  i  t  − C ×  R  b e s t   )  



(17)






  B = 2 × V × r a n d − V  



(18)






  V = 2 × ( 1 −  t T  )  



(19)







A was employed here to represent a tiny movement connected to the size space of the host and remora. A Remora factor (C) was utilized to limit the position of Remora to distinguish between the host and Remora. If the size of the host is 1, then the volume of the Remora is about a percent of the host’s volume.






2.3. The Proposed HRSA Method


This section presents the main procedure of the proposed hybrid Reptile Search Algorithm (RSA) and Remora Optimization Algorithm (ROA) with a novel transition mechanism (HRSA).



The suggested HRSA is used to solve various issues using two major search strategies and a new mean transition mechanism. The traditional RSA is the principal search technique, which has strong global search capabilities but occasionally suffers from local search problems, premature convergence, and disequilibrium between global and local search methods. As a result, the second search strategy, the ROA, avoids the local search issue and premature convergence. The strategy can improve the RSA’s searchability by generating new local solutions based on the best solutions currently available. Furthermore, a new mean transition mechanism is provided to govern the execution of the search methods (i.e., RSA and ROA) in the proposed HRSA to tackle the disequilibrium problem between the global and local search techniques. As a result, the search space may be efficiently expanded by incorporating new approaches from other places. These solutions inspire the proposed HRSA to use more robust solutions to obtain better results.



2.3.1. Initialization Phase


The optimization process in RSA begins with a set of candidate solutions (X) created stochastically, as indicated in Equation (20). The best obtained solution is deemed nearly optimal in each iteration.


  X =      x  1 , 1     ⋯    x  1 , j      x  1 , n − 1      x  1 , n        x  2 , 1     ⋯    x  2 , j     ⋯    x  2 , n       ⋯   ⋯    x  i , j     ⋯   ⋯     ⋮   ⋮   ⋮   ⋮   ⋮      x  N − 1 , 1     ⋯    x  N − 1 , j     ⋯    x  N − 1 , n        x  N , 1     ⋯    x  N , j      x  N , n − 1      x  N , n        



(20)




where X is a collection of the solutions that are created by using Equation (21),   x  i , j    is the   j  t h    position of the   i  t h    solution, N is the number of solutions, and n is the dimension size.


   x  i j   = r a n d ×  ( U B − L B )  + L B ,  j = 1 , 2 , . . . , n  



(21)




where   r a n d   is a random value and   L B   and   U B   denote the lower and upper bound, respectively.




2.3.2. The Proposed Mean Transition Mechanism (MTM)


The mean transition mechanism (MTM) is devised and given in Algorithm 1 in this section. This technique is used to control the search process and the transition between the RSA and the MT. The transition from one search process to the next is quite delicate. It necessitates an effective way to change the update procedures across the various approaches. The suggested MTM’s fundamental concept is to regulate the search techniques when the fitness function does not increase after five iterations (I). When no gains can be made by experimentation, the number of iterations changes.






	Algorithm 1 The proposed Mean Transition Mechanism (MTM).



	
	1:

	
Initialize the TM parameter value (TM = 0).




	2:

	
sumFF = 0;




	3:

	
for (t = 1 to T) do




	4:

	
   sumFF = sumFF + currentFF




	5:

	
   C = C + 1;




	6:

	
   if (currentFF ≠ sumFF) then




	7:

	
     if (C > I) then




	8:

	
        TM = flip(TM);




	9:

	
        sumFF = 0;




	10:

	
        C = 0;




	11:

	
     end if




	12:

	
   end if




	13:

	
end for














  T M   is a binary variable utilized to adjust the search process between the RSA and the MT,   s u m F F   is a variable used to calculate the mean fitness function values,   c u r r e n t F F   is the current fitness function value, C is a counter, I is the number of iterations to change when no improvements and it can be adjusted by experiment, and   f l i p   is a function to flip the TM value from 0 to 1 or vice versa, as described in Algorithm 1.




2.3.3. The Detailed Process of the HRSA


This section goes through the proposed technique in detail. The main purpose of the proposed strategy is to obtain better results than those yielded by the existing approaches. We also want to avoid the defects presented by the original processes, such as local search issues, convergence constraints, and search balance concerns.



To conclude, the proposed HRSA starts with the creation of a random set of solutions. During the renewal process, the HRSA’s search criteria explore possible placements of the current best solution. Each answer progresses to the next stage of the procedure. According to Figure 1, the suggested HRSA uses the Reptile Search Algorithm (RSA) and the Remora Optimization Algorithm (ROA) approach. Each iteration will update and improve the potential solutions using one of these search methodologies.



The suggested HRSA’s search techniques are divided into two categories, as shown Figure 1: RSA and ROA. Following this, the RSA’s search techniques are divided into global and local search methods. There are two search techniques for each method: (1) at the global level, with high and walking tactics; and (2) hunting coordination and cooperation at the local level. Candidate solutions try to figure out what is going on in the search space t ≤   T 2   and seek to discover the near-optimal solution if t >   T 2  . For the first section, if   T M   == 0, the search process of the RSA will be performed; otherwise, the search process of the ROA will be conducted. In the exploration step of the RSA, the first search strategy from the global search methods is performed when t ≤   T 4  , and the second strategy from the global search processes are accomplished when t ≤ 2  T 4   and t >   T 4  . In the exploitation of the conventional RSA, the first search approach from the local methods is carried out when t ≤ 3  T 4   and t >   2  T 4   ; otherwise, the second search approach from the local methods is executed, when t ≤ T and t > 3  T 4  . Finally, the HRSA is finished when it reaches the end criterion. The complete rule of the recommended HRSA is shown in Figure 1.






3. Results and Discussion


In this section, the proposed HRSA method is evaluated using twenty-three common benchmark functions.



3.1. Experimental Settings


The results of the proposed HRSA method are compared with other state-of-the-art methods including Aquila Optimizer (AO), Dwarf Mongoose Optimization Algorithm (DMOA), Whale Optimization Algorithm (WOA), Sine Cosine Algorithm (SCA), Dragonfly Algorithm (DA), Grey Wolf Optimizer (GWO), Particle Swarm Optimizer (PSO), Ant Lion Optimizer (ALO), Reptile Search Algorithm (RSA), Remora Optimization Algorithm (ROA), Arithmetic Optimization Algorithm (AOA), and the proposed HRSA method. All the tested methods are tuned according to the original paper and its parameters, as shown in Table 1. Each algorithm is executed 30 times using 50 solutions and 1000 iterations.



Twenty-three benchmark problems are used with different characterizations, as shown in Table 2. These test functions are categorized into three main categories, unimodal, multimodal, and multimodal, with fixed dimension functions. They are always used in the domain of machine learning and optimization algorithms [30,31].




3.2. Benchmark Function: Experiments


In this section, the results of the comparative methods are presented in several formats to validate their performances. Figure 2 shows the qualitative analysis of the first thirteen benchmark functions (F1–F13) in terms of function topology, trajectory curves of the first dimension values, the average fitness function values, and the convergence curves of the original methods (i.e., RSA and ROA) and the proposed HRSA method.



It is clear from Figure 2 that the proposed method obtained promising results, and it can be an excellent alternative in this domain. The proposed method reaches near-optimal solutions for all the tested functions according to the functions typologies. Additionally, the trajectory curves of the first dimension values show that the proposed method acceptably changes the values. This refers to the diversity of the position-updating mechanisms. The proposed method obtained the minimal values regarding the average fitness function values. The convergence is always near the optimal area. Finally, the convergence curves show that the proposed method overwhelmed the original methods in all the tested problems.



Table 3 shows the proposed HRSA method in solving thirteen benchmark functions with different population sizes. This experiment was conducted to find the optimal number of solutions to proceed with the following experiments. It is clear from Table 3 that the proposed HRSA obtained the best results when the population size was equal to 50, followed by a population of 45. According to the given results from the Friedman ranking test, when the population size is equal to 50, the proposed HRSA is ranked as the first best method followed by the number of solutions 45, 35, 40, 30, 25, 20, 15, 10, and 5. Thus, the proposed method obtains better results when the number of solutions is larger.



Table 4 shows the results of the comparative methods and the proposed HRSA for solving thirteen benchmark functions problems (F1–F13) when the dimension size is equal to 10. It is clear from this table that the proposed method obtained more promising results compared to the other comparative methods. This outcome proved the ability of the modified method to avoid the main problems of the original methods. According to the Wilcoxon signed-rank test, the proposed HRSA overwhelmed almost all the comparative methods in all the given problems. For example, the proposed HRSA significantly overwhelmed DOMA and DA in F1. Additionally, it significantly improved compared to ROA, PSO, GWO, DA, DMOA, and WOA in F4. According to the Friedman ranking test, the proposed HRSA is ranked as the first-best method, followed by the AO method as the second-best method, the RSA as the third-best method, the GWO as the fourth-best method, the AOA as the fifth-best method, the WOA as the sixth-best method, the PSO as the seventh-best method, the ROA as the eighth-best method, the DMOA as the ninth-best method, the SCA as the tenth-best method, the ALO as the eleventh-best method, and finally, the DA as the twentieth-best method. We concluded that the proposed method can find better solutions than the other methods’ solutions.



Table 5 shows the results of the comparative methods and the proposed HRSA for solving thirteen benchmark functions problems (F1–F13) when the dimension size is equal to 100. It is clear from this table that the proposed method achieved better results compared to the other comparative methods for these cases. This result demonstrated the improved method’s capacity to overcome the original method’s major flaws. According to the Wilcoxon signed-rank test, the proposed HRSA overwhelmed almost all the comparative methods in all the given cases. For example, the proposed HRSA significantly overwhelmed ROA, PSO, GWO, SCA, and DMOA in F1. Additionally, it led to significant improvements compared to AOA, ROA, RSA, ALO, PSO, GWO, SCA, DMOA, and WOA in F10. According to the Friedman ranking test, the proposed HRSA is ranked as the first-best method, followed by the AO method as the second-best method, the RSA as the third-best method, the WOA as the fourth-best method, the GWO as the fifth-best method, the AOA as as the sixth-best method, the PSO as the seventh-best method, the DMOA as the eighth-best method, the ROA as the eighth-best method, the ALO as the tenth-best method, the DA as the eleventh-best method, and finally, the SCA as the twentieth-best method. We came to the conclusion that the proposed HRSA can find better solutions than previous methods when the dimensions are greater (i.e., Dim = 100).



Table 6 shows the results of the comparative methods and the proposed HRSA methods for fixed dimensional functions (F14–F23). As shown in the table, the suggested technique outperformed the existing comparison methods in these circumstances. This result revealed the enhanced approach’s ability to overcome the critical weaknesses of the old method. According to the Wilcoxon signed-rank test, the proposed HRSA overwhelmed almost all the comparative methods in all the given cases. For example, the proposed HRSA significantly overwhelmed DMOA, SCA, DA, ALO, RSA, and ROA in F14. Additionally, it gave a significant improvement compared to AO, DMOA, and SCA in F23. According to the Friedman ranking test, the proposed HRSA ranked as the first-best method, followed by the RSA method as the second-best method, the ROA as the third-best method, the GWO as the third-best method, the ALO as the fifth-best method, the DMOA as the sixth-best method, the GWO as the seventh-best method, the AO as the eighth-best method, the DA as the ninth-best method, the WOA as the tenth-best method, the SCA as the eleventh-best method, and finally, the AOA as the twentieth-best method. We came to the conclusion that the proposed HRSA can find better solutions than previous methods when the dimensions are fixed.



The convergence behaviors of the comparative optimization methods employing the evaluated twenty-three benchmark functions are shown in Figure 3. The optimization history and trajectory during the evolution processes are depicted in these diagrams. In comparison to the previous comparative approaches, it is evident that the proposed HRSA obtains optimum solutions in all of the studied cases and converges to the optimal solution smoothly. Furthermore, the observed convergence tendency is appealing and reinforces the original method’s primary flaws. As a result, the primary issues with the original approaches are addressed, as seen in the figures. Figure 4 shows the distribution values of the given position during the optimization process. It is clear that the proposed method generates higher distribution values during the improvement (optimization) process. This evidences that modifying the original method achieved new results that satisfied the proposed idea.




3.3. Data Clustering: Experiments


In this section, the proposed method is tested further for solving the data clustering problems.



Eight problems are used with different characterizations shown in Table 7: the number of features, objects, and clusters. These datasets were taken from the UCI repository. They are always used in the domain of machine learning and clustering algorithms. The results of the proposed method are compared with other methods such as Aquila Optimizer (AO) [32], Particle Swarm Optimizer (PSO) [33], Grey Wolf Optimizer (GWO) [34], African Vultures Optimization Algorithm (AVOA) [35], Whale Optimization Algorithm (WOA) [36], Reptile Search Algorithm (RSA) [27], Remora Optimization Algorithm (ROA) [28], Arithmetic Optimization Algorithm (AOA) [37], and the proposed HRSA method. All the tested methods are tuned according to the original paper and its parameters. Each method was executed 30 times using 50 solutions and 1000 iterations.



Table 8 shows the obtained results of the proposed HRSA method and other comparative clustering methods using eight datasets. This table presents and measures the results of nine comparative algorithms in terms of the worst, best, average fitness function values. Additionally, the standard deviation values are presented to show the variate of the presented results. The Wilcoxon signed-rank test was also used to show the degree of improvements achieved by the proposed method compared to other comparative methods. Then, the Friedman ranking test was used to find the rank of the tested methods for all the used datasets.



In Table 8, the proposed HRSA achieved better results in almost all the tested problems compared to the other comparative methods. The proposed method proved its performance in solving the given problems. It is the best method overall, compared to the other methods. The proposed method reaches optimal solutions in almost all the tested datasets, and its solutions are better than the previous solutions. According to the Wilcoxon signed-rank test, the proposed HRSA overwhelmed almost all the comparative methods. For example, the proposed HRSA significantly overwhelmed the cancer dataset’s ROA, GWO, PSO, and AO. Additionally, it achieved significant improvement compared to ROA, WOA, GWO, PSO, and AO in the class dataset. According to the Friedman ranking test, the proposed HRSA is ranked the first-best method, followed by the PSO method as the second best method, the GWO as the third-best method, the AO as the fourth-best method, the ROA as the fifth-best method, the AOA and RSA as the sixth-best methods, the WOA as the eight best method, and finally, the AVOA as the ninth-best method. The final results are explained in Figure 5.



Figure 6 shows the convergence behavior of the comparative optimization algorithms using the eight tested data clustering problems. These figures are used to show the optimization history and the trajectory during the evolution processes. It is clear that the proposed HRSA reaches the optimal solutions in all the tested problems and converges to the optimal solution smoothly compared to the other comparative methods. Moreover, the convergence behavior observed is attractive and strengthens the main weaknesses of the original method. Thus, the main problems of the original methods are solved as given in the given figures.



Figure 7 shows the clustering plot images using the eight tested datasets. This figure is used to display the clustered objects and the distribution of the objective over the specified area. The given results clearly show that the given objects are distributed in a similar area, and each area presents a similar topic. The clustering accuracy is recognized, which proves the performance of the proposed HRSA method. The execution time ranking is given in Figure 8, which clearly shows that the proposed method has a good execution time compared to other comparative methods.



We concluded that the proposed method obtained promising results in almost all the tested problems. In comparison with other methods, the proposed method proved superior in solving the tested problems. As mentioned above, the proposed HRSA has been tested on solving the most common and standard benchmark functions; these functions are typically used to evaluate the performance of the optimization methods. According to the reported results, the proposed method obviously proved its ability to deal with different benchmark functions. Moreover, the data clustering problems are also used to evaluate the performance of the proposed method as a real-world application. The results given above showed that the proposed method obtained better results in almost all the tested problems and overwhelmed the comparative methods.





4. Conclusions


Various optimization methods have been employed in the literature to solve different machine learning problems, especially clustering problems. Data clustering is one of the complex data mining problems that clusters the given objectives, which usually amounts to a massive number of data objects, into a predefined number of clusters. Optimization methods usually suffer from optimal local problems and unbalance between the search mechanisms (i.e., exploration and exploitation). This paper proposed a novel hybrid optimization search method for solving challenging optimization problems. The proposed method is called HRSA, which combined the original Reptile Search Algorithm (RSA) and Remora Optimization Algorithm (ROA) and handled these mechanisms’ search process by a novel transition method. The proposed HRSA method solves the main weaknesses raised by the original methods and finds better solutions. The proposed HRSA is tested on various complicated optimization problems: twenty-three benchmark test functions and eight data clustering problems. The results illustrated that the proposed HRSA method performs significantly better than the original and comparative state-of-the-art methods. The proposed method was overwhelmingly better than all the other methods according to the mathematical problems. It obtained promising results in solving the clustering problems. Thus, HRSA has a remarkable efficacy when employed for various clustering problems.



In future work, the proposed method can be further studied to discover the weaknesses that can be improved. Additionally, it can be hybridized with other metaheuristic components. Moreover, the proposed HRSA can be investigated to solve other problems such as text clustering, text classification, image enhancement, image segmentation, task scheduling in computing, parameter estimation, forecasting problems, advanced mathematical problems, prediction problems, industrial problems, engineering problems, constrained mechanical design problems, home energy management, wastewater quality parameters, and other real-world problems [38,39,40]. The limitation of this paper is that the used data sets for the data clustering can be real data in the future. Additionally, in some cases, the proposed method needs more execution time.
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Figure 1. Flowchart of the proposed HRSA. 
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Figure 2. Qualitative analysis of F1–F13. 
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Figure 3. Convergence curves of HRSA and other methods for F1–F23. 
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Figure 4. The distribution vales of the given position during the optimization process. 
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Figure 5. Execution time ranking for the benchmark functions. 
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Figure 6. Convergence behaviour of the comparative algorithms using the tested data clustering problems. 
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Figure 7. Clustering plot images using 8 datasets. 
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Figure 8. Execution time ranking for the data clustering problems. 
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Table 1. Parameter values of the tested algorithms.
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	No.
	Algorithm
	Parameter
	Value





	1
	AO
	  α  
	0.1



	
	
	  δ  
	0.1



	2
	DMOA
	-
	-



	3
	WOA
	  α  
	Decreased from 2 to 0



	4
	SCA
	  α  
	0.05



	5
	DA
	w
	0.2–0.9



	
	
	s, a, and c
	0.1



	
	
	f and e
	1



	6
	GWO
	Convergence parameter (a)
	Linear reduction from 2 to 0



	7
	PSO
	Topology
	Fully connected



	
	
	Cognitive and social constant
	(C1, C2) 2, 2



	
	
	Inertia weight
	Linear reduction from 0.9 to 0.1



	
	
	Velocity limit
	10% of dimension range



	8
	ALO
	I ratio
	   10 w   



	
	
	w
	2–6



	9
	RSA
	  α  
	0.1



	
	
	  β  
	0.1



	10
	ROA
	
	



	11
	AOA
	  α  
	5



	
	
	  μ  
	0.5
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Table 2. Details of the tested benchmark functions.
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	Function
	Description
	Dimensions
	Range
	    f min    





	F1
	   f  ( x )  =  ∑  i = 1  n   x i 2    
	30
	[−100, 100 ]
	0



	F2
	   f  ( x )  =  ∑  i = 0  n   |   x i   | +   ∏  i = 0  n   |  x i  |    
	30
	[−10, 10]
	0



	F3
	   f  ( x )  =  ∑  i = 1  d    (  ∑  j = 1  i   x j  )  2    
	30
	[−100, 100]
	0



	F4
	   f  ( x )  = m a  x i   { |   x i   | , 1 ≤ i ≤ n }    
	30
	[−100, 100]
	0



	F5
	   f  ( x )  =  ∑  i = 1   n − 1    [ 100   (  x i 2  −  x  i + 1   )  2  +   ( 1 −  x i  )  2  ]    
	30
	[−30, 30]
	0



	F6
	   f  ( x )  =  ∑  i = 1  n    (  [  x i  + 0.5 ]  )  2    
	30
	[−100, 100]
	0



	F7
	   f  ( x )  =  ∑  i = 0  n  i  x i 4  + random  [ 0 , 1 )    
	30
	[−128, 128]
	0



	F8
	   f  ( x )  =  ∑  i = 1  n   ( −  x i  s i n  (    |   x i   |    )  )    
	30
	[−500, 500]
	−418.9829 × n



	F9
	   f  ( x )  =  ∑  i = 1  n   [  x i 2  − 10 c o s  ( 2 π  x i  )  + 10 ]    
	30
	[−5.12, 5.12]
	0



	F10
	   f  ( x )  = − 20 e x p  ( − 0.2    1 n   ∑  i = 1  n   x i 2    )  − e x p  (  1 n   ∑  i = 1  n  c o s  ( 2 π  x i  )  )  + 20 + e   
	10, 50, 100, 500
	[−32, 32]
	0



	F11
	   f  ( x )  = 1 +  1 4000   ∑  i = 1  n   x i 2  −  ∏  i = 1  n  c o s  (   x i   i   )    
	10, 50, 100, 500
	[−600, 600]
	0



	F12
	  f  ( x )  =  π n   10 s i n ( π  y 1  )  +  ∑  i = 1   n − 1     (  y i  − 1 )  2   [ 1 + 10 s i  n 2   ( π  y  i + 1   )  +  ∑  i = 1  n  u  (  x i  , 10 , 100 , 4 )  ]   , where    y i  = 1 +     x i  + 1  4   , u  (  x i  , a , k , m )       K   (  x i  − a )  m      if   x i  > a      0    − a ≤  x i  ≥ a       K   ( −  x i  − a )  m      − a ≤  x i        
	10, 50, 100, 500
	[−50, 50]
	0



	F13
	   f  ( x )  = 0.1  ( s i  n 2   ( 3 π  x 1  )  +  ∑  i = 1  n    (  x i  − 1 )  2   [ 1 + s i  n 2   ( 3 π  x i  + 1 )  ]  +   (  x n  − 1 )  2  1 + s i  n 2   ( 2 π  x n  )  )  +  ∑  i = 1  n  u  (  x i  , 5 , 100 , 4 )    
	10, 50, 100, 500
	[−50, 50]
	0



	F14
	   f  ( x )  =    1 500  +  ∑  j = 1  25   1  j +  ∑  i = 1  2     (  x i  −  a  i j   )    − 1     
	2
	[−65, 65]
	1



	F15
	   f  ( x )  =  ∑  i = 1  11     a i  −    x 1   (  b i 2  +  b i   x 2  )     b i 2  +  b i   x 3  +  x 4     2    
	4
	[−5, 5]
	0.00030



	F16
	   f  ( x )  = 4  x 1 2  − 2.1  x 1 4  +  1 3   x 1 6  +  x 1   x 2  − 4  x 2 2  + 4  x 2 4    
	2
	[−5, 5]
	−1.0316



	F17
	f(x)=     x 2  −   5.1   4  π 2     x 1 2  +  5 π   x 1  − 6  2  + 10  ( 1 −  1  8 π   )  c o s      x 1  + 10  
	2
	[−5, 5]
	0.398



	F18
	   f  ( x )  =  1 +   (  x 1  +  x 2  + 1 )  2   ( 19 − 14  x 1  + 3  x 1 2  − 14  x 2  + 6  x 1   x 2  + 3  x 2 2  )   ×  30 +   ( 2  x 1  − 3  x 2  )  2  ×  ( 18 − 32  x i  + 12  x 1 2  + 48  x 2  − 36  x 1   x 2  + 27  x 2 2  )     
	2
	[−2, 2]
	3



	F19
	   f  ( x )  = −  ∑  i = 1  4   c i  e x p  −  ∑  i = 1  3   a  i j     (  x j  −  p  i j   )  2     
	3
	[−1, 2]
	−3.86



	F20
	   f  ( x )  = −  ∑  i = 1  4   c i  e x p  −  ∑  i = 1  6   a  i j     (  x j  −  p  i j   )  2     
	6
	[0, 1]
	−0.32



	F21
	   f  ( x )  = −  ∑  i = 1  5     ( X −  a i  )    ( X −  a i  )  T  +  c i    − 1     
	4
	[0, 1]
	−10.1532



	F22
	   f  ( x )  = −  ∑  i = 1  7     ( X −  a i  )    ( X −  a i  )  T  +  c i    − 1     
	4
	[0, 1]
	−10.4028



	F23
	   f  ( x )  = −  ∑  i = 1  10     ( X −  a i  )    ( X −  a i  )  T  +  c i    − 1     
	4
	[0, 1]
	−10.5363
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Table 3. The results of several population sizes on F1–F13.
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	Function
	Measure
	5
	10
	15
	20
	25
	30
	35
	40
	45
	50





	F1
	Worst
	2.4747   ×  10  − 4    
	6.4678E-136
	2.8320E-177
	2.2056E-208
	5.9945E-205
	5.8746E-229
	6.0049E-227
	1.3563E-230
	3.3278E-254
	1.3704E-266



	
	Average
	6.1871E-105
	1.6169E-136
	7.0802E-178
	5.5316E-209
	1.4989E-205
	1.4686E-229
	1.5012E-227
	3.3908E-231
	8.3559E-255
	6.0726E-267



	
	Best
	1.7132E-122
	2.3073E-181
	1.0868E-188
	2.5028E-230
	3.0316E-229
	1.1620E-250
	1.0445E-254
	2.0923E-260
	4.1230E-268
	1.7295E-268



	
	STD
	1.2373E-104
	3.2339E-136
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	p-value
	3.5589E-01
	3.5592E-01
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	NaN



	
	h
	0
	0
	1
	1
	1
	1
	1
	1
	1
	NaN



	
	Rank
	10
	9
	8
	6
	7
	4
	5
	3
	2
	1



	F2
	Worst
	6.3944E-47
	5.2868E-67
	4.0457E-80
	1.1923E-88
	1.7276E-100
	6.8430E-110
	1.2810E-100
	1.8795E-124
	2.0288E-123
	1.4249E-128



	
	Average
	1.5986E-47
	1.3217E-67
	1.0114E-80
	2.9806E-89
	4.3190E-101
	1.7115E-110
	3.2025E-101
	4.7064E-125
	5.2010E-124
	3.5621E-129



	
	Best
	3.3103E-60
	4.1024E-89
	2.7546E-94
	1.0822E-103
	7.0032E-118
	2.6356E-120
	3.0698E-128
	2.1073E-131
	3.8662E-147
	8.3559E-146



	
	STD
	3.1972E-47
	2.6434E-67
	2.0229E-80
	5.9613E-89
	8.6380E-101
	3.4210E-110
	6.4050E-101
	9.3922E-125
	1.0061E-123
	7.1243E-129



	
	p-value
	3.5592E-01
	3.5592E-01
	3.5592E-01
	3.5592E-01
	3.5592E-01
	3.5567E-01
	3.5592E-01
	3.5497E-01
	3.4104E-01
	NaN



	
	h
	0
	0
	0
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	10
	9
	8
	7
	6
	4
	5
	2
	3
	1



	F3
	Worst
	1.1542E-95
	2.8253E-120
	9.8997E-157
	1.8030E-178
	2.3521E-187
	1.3326E-211
	7.9637E-213
	2.8098E-222
	2.8110E-233
	1.6957E-242



	
	Average
	2.8854E-96
	7.0633E-121
	2.4749E-157
	4.5380E-179
	5.8803E-188
	3.3315E-212
	1.9910E-213
	7.4675E-223
	7.0275E-234
	4.2392E-243



	
	Best
	3.0414E-114
	7.5406E-152
	1.8961E-182
	2.1924E-204
	3.3927E-233
	1.0810E-246
	1.7336E-244
	1.0691E-248
	4.9841E-270
	1.5279E-254



	
	STD
	5.7708E-96
	1.4127E-120
	4.9498E-157
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	p-value
	3.5592E-01
	3.5592E-01
	3.5592E-01
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	NaN



	
	h
	0
	0
	0
	1
	1
	1
	1
	1
	1
	NaN



	
	Rank
	10
	9
	8
	7
	6
	5
	4
	3
	2
	1



	F4
	Worst
	6.7596E-46
	8.2864E-74
	1.9127E-75
	1.7531E-93
	1.1163E-105
	2.6519E-116
	1.4328E-120
	2.4350E-119
	2.1190E-126
	1.7474E-105



	
	Average
	1.6904E-46
	2.0807E-74
	4.7818E-76
	4.3827E-94
	2.7908E-106
	6.6381E-117
	5.5115E-121
	6.0987E-120
	5.8450E-127
	4.3685E-106



	
	Best
	4.7321E-65
	6.0592E-86
	4.5588E-101
	5.9253E-110
	1.2821E-121
	1.7840E-126
	8.5900E-132
	5.2160E-129
	6.2314E-144
	2.3244E-136



	
	STD
	3.3795E-46
	4.1371E-74
	9.5637E-76
	8.7654E-94
	5.5814E-106
	1.3254E-116
	6.9125E-121
	1.2168E-119
	1.0282E-126
	8.7370E-106



	
	p-value
	3.5575E-01
	3.5330E-01
	3.5592E-01
	3.5592E-01
	7.7114E-01
	3.5592E-01
	3.5592E-01
	3.5592E-01
	3.5592E-01
	NaN



	
	h
	0
	0
	0
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	10
	9
	8
	7
	5
	4
	2
	3
	1
	6



	F5
	Worst
	7.3201E-01
	4.2782E+00
	8.8137E-02
	2.0246E-01
	1.1176E+00
	6.5509E-01
	4.8630E-01
	1.8790E-01
	6.5660E-03
	4.7512E-03



	
	Average
	3.7175E-01
	2.1207E+00
	4.6264E-02
	1.1134E-01
	6.2657E-01
	1.7565E-01
	2.4688E-01
	7.6736E-02
	4.1207E-03
	2.7667E-03



	
	Best
	2.6965E-02
	3.5751E-02
	2.1097E-03
	2.5725E-02
	2.7785E-05
	3.2879E-03
	9.0213E-03
	9.5005E-04
	2.2449E-04
	1.0521E-03



	
	STD
	3.9810E-01
	2.1511E+00
	4.4485E-02
	9.0553E-02
	5.5939E-01
	3.2008E-01
	2.4001E-01
	9.0754E-02
	2.7340E-03
	1.5925E-03



	
	p-value
	1.1321E-01
	9.6456E-02
	9.8468E-02
	5.3473E-02
	6.7238E-02
	3.2152E-01
	8.8159E-02
	1.5426E-01
	4.2490E-01
	NaN



	
	h
	0
	0
	0
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	8
	10
	3
	5
	9
	6
	7
	4
	2
	1



	F6
	Worst
	4.7030E-02
	4.2363E-02
	3.4359E-02
	8.7423E-04
	5.6272E-04
	2.1748E-03
	1.2425E-04
	1.3411E-05
	2.5108E-04
	1.2028E-03



	
	Average
	1.4920E-02
	1.9973E-02
	2.0603E-02
	3.6704E-04
	3.1818E-04
	5.7056E-04
	3.5022E-05
	8.5049E-06
	7.3295E-05
	3.1146E-04



	
	Best
	1.3919E-04
	2.3726E-03
	5.1250E-05
	1.3368E-04
	4.9138E-05
	2.1389E-06
	4.5662E-07
	1.5411E-09
	1.0425E-05
	4.5718E-06



	
	STD
	2.2106E-02
	1.6781E-02
	1.5420E-02
	3.4119E-04
	2.2059E-04
	1.0705E-03
	5.9621E-05
	5.8732E-06
	1.1857E-04
	5.9438E-04



	
	p-value
	2.3457E-01
	5.7698E-02
	3.9066E-02
	8.7648E-01
	9.8378E-01
	6.8688E-01
	3.9040E-01
	3.4736E-01
	4.6182E-01
	NaN



	
	h
	0
	0
	1
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	8
	9
	10
	6
	5
	7
	2
	1
	3
	4



	F7
	Worst
	3.7601E-03
	1.8822E-03
	4.1801E-04
	8.7768E-04
	9.9437E-04
	3.0691E-04
	3.7996E-04
	6.6713E-04
	4.1421E-04
	3.8482E-04



	
	Average
	1.5895E-03
	8.3426E-04
	3.4047E-04
	4.2797E-04
	4.0431E-04
	1.0489E-04
	1.5896E-04
	2.6070E-04
	2.1306E-04
	1.6105E-04



	
	Best
	4.3482E-04
	1.3493E-04
	2.2475E-04
	2.0057E-04
	1.1769E-04
	3.2972E-06
	4.2216E-06
	2.5180E-06
	5.6248E-05
	1.2834E-05



	
	STD
	1.5014E-03
	7.9204E-04
	8.9592E-05
	3.0489E-04
	4.0016E-04
	1.3758E-04
	1.6578E-04
	3.0787E-04
	1.5096E-04
	1.8018E-04



	
	p-value
	1.0776E-01
	1.4847E-01
	1.2481E-01
	1.8244E-01
	3.1004E-01
	6.3793E-01
	9.8696E-01
	5.9658E-01
	6.7359E-01
	NaN



	
	h
	0
	0
	0
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	10
	9
	6
	8
	7
	1
	2
	5
	4
	3



	F8
	Worst
	−2.9767E+03
	−4.1011E+03
	−4.1441E+03
	−4.1849E+03
	−4.1786E+03
	−3.2613E+03
	−4.1882E+03
	−4.1859E+03
	−4.1801E+03
	−4.1859E+03



	
	Average
	−3.2853E+03
	−4.1648E+03
	−4.1761E+03
	−4.1869E+03
	−4.1842E+03
	−3.9426E+03
	−4.1889E+03
	−4.1880E+03
	−4.1861E+03
	−4.1884E+03



	
	Best
	−4.1887E+03
	−4.1891E+03
	−4.1896E+03
	−4.1881E+03
	−4.1886E+03
	−4.1881E+03
	−4.1896E+03
	−4.1894E+03
	−4.1898E+03
	−4.1897E+03



	
	STD
	6.0233E+02
	4.2628E+01
	2.1419E+01
	1.4465E+00
	4.9729E+00
	4.5495E+02
	5.9991E-01
	1.5980E+00
	4.2186E+00
	1.6695E+00



	
	p-value
	2.4045E-02
	3.1031E-01
	2.9508E-01
	2.2261E-01
	1.5675E-01
	3.2146E-01
	5.6735E-01
	7.4173E-01
	3.5032E-01
	NaN



	
	h
	1
	0
	0
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	10
	8
	7
	4
	6
	9
	1
	3
	5
	2



	F9
	Worst
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	Average
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	Best
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	STD
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	p-value
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN



	
	h
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN



	
	Rank
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1



	F10
	Worst
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16



	
	Average
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16



	
	Best
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16
	8.8818E-16



	
	STD
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	p-value
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN



	
	h
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN



	
	Rank
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1



	F11
	Worst
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	Average
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	Best
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	STD
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00
	0.0000E+00



	
	p-value
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN



	
	h
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN
	NaN



	
	Rank
	1
	1
	1
	1
	1
	1
	1
	1
	1
	1



	F12
	Worst
	4.0854E-02
	2.2289E-04
	1.3389E-03
	6.8061E-04
	5.6103E-04
	1.7179E-04
	1.0947E-04
	7.3013E-04
	5.0295E-05
	2.0846E-05



	
	Average
	1.7935E-02
	6.9673E-05
	6.5105E-04
	2.9193E-04
	2.0389E-04
	6.2899E-05
	4.1642E-05
	2.6116E-04
	3.0538E-05
	5.6652E-06



	
	Best
	4.3072E-03
	7.2701E-06
	2.2544E-06
	1.9810E-05
	7.6314E-07
	3.2039E-06
	3.2509E-07
	5.7498E-06
	7.3791E-06
	2.7871E-07



	
	STD
	1.7213E-02
	1.0248E-04
	7.0379E-04
	3.0985E-04
	2.5034E-04
	7.5121E-05
	4.7190E-05
	3.4009E-04
	1.7759E-05
	1.0124E-05



	
	p-value
	8.2358E-02
	2.6020E-01
	1.1637E-01
	1.1430E-01
	1.6466E-01
	1.8175E-01
	1.8660E-01
	1.8382E-01
	5.0921E-02
	1.0000E+00



	
	h
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0



	
	Rank
	10
	5
	9
	8
	6
	4
	3
	7
	2
	1



	F13
	Worst
	7.4368E-02
	1.5589E-02
	7.8932E-04
	2.0129E-03
	2.2940E-03
	2.1774E-04
	2.3244E-04
	2.0152E-04
	8.1074E-04
	1.0923E-04



	
	Average
	2.3931E-02
	3.9380E-03
	2.2898E-04
	8.3051E-04
	8.9919E-04
	1.3918E-04
	8.5703E-05
	1.1051E-04
	3.0715E-04
	7.3491E-05



	
	Best
	2.4372E-03
	4.2232E-06
	2.0465E-05
	1.4455E-04
	3.8590E-05
	6.9042E-05
	9.0061E-06
	3.9783E-05
	1.9733E-05
	5.4162E-07



	
	STD
	3.4057E-02
	7.7679E-03
	3.7411E-04
	8.8825E-04
	1.0825E-03
	6.1273E-05
	1.0189E-04
	7.0518E-05
	3.4733E-04
	5.0235E-05



	
	p-value
	2.1075E-01
	3.5817E-01
	4.4154E-01
	1.3969E-01
	1.7838E-01
	1.4839E-01
	8.3690E-01
	4.2532E-01
	2.3136E-01
	NaN



	
	h
	0
	0
	0
	0
	0
	0
	0
	0
	0
	NaN



	
	Rank
	10
	9
	5
	7
	8
	4
	2
	3
	6
	1



	
	Mean ranking
	7.6154E+00
	6.8462E+00
	5.7692E+00
	5.2308E+00
	5.2308E+00
	3.9231E+00
	2.7692E+00
	2.8462E+00
	2.5385E+00
	1.8462E+00



	
	Final ranking
	10
	9
	8
	6
	6
	5
	3
	4
	2
	1
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Table 4. The results of the comparative methods and the proposed HRSA methods for F1–F13, Dim = 10.






Table 4. The results of the comparative methods and the proposed HRSA methods for F1–F13, Dim = 10.





	
Fun

	
Measure

	
Comparative Algorithms




	
AO

	
DMOA

	
WOA

	
SCA

	
DA

	
GWO

	
PSO

	
ALO

	
RSA

	
ROA

	
AOA

	
HRSA






	
F1

	
Worst

	
1.1571E-100

	
2.1046E-09

	
7.6673E-63

	
2.6611E-09

	
2.6788E+01

	
1.1340E-47

	
2.2231E-17

	
2.2742E-07

	
9.5757E-56

	
6.8209E-11

	
5.2731E-70

	
2.0773E-108




	

	
Average

	
2.8927E-101

	
1.1143E-09

	
1.9168E-63

	
7.2690E-10

	
1.7523E+01

	
3.2797E-48

	
1.0342E-17

	
9.2064E-08

	
2.9793E-56

	
2.3922E-11

	
1.3183E-70

	
5.1931E-109




	

	
Best

	
3.0073E-116

	
5.0980E-10

	
1.1259E-72

	
4.4844E-13

	
8.6835E+00

	
3.8585E-51

	
5.8258E-20

	
1.8748E-08

	
6.6334E-60

	
1.9429E-12

	
3.2582E-152

	
3.4580E-138




	

	
STD

	
5.7855E-101

	
6.8881E-10

	
3.8336E-63

	
1.2935E-09

	
8.6400E+00

	
5.3931E-48

	
1.1728E-17

	
9.3965E-08

	
4.5319E-56

	
3.0232E-11

	
2.6365E-70

	
1.0386E-108




	

	
p-value

	
3.5592E-01

	
1.7790E-02

	
3.5592E-01

	
3.0400E-01

	
6.6787E-03

	
2.6956E-01

	
1.2823E-01

	
9.7758E-02

	
2.3659E-01

	
1.6461E-01

	
3.5592E-01

	
NaN




	

	
h

	
0

	
1

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
2

	
10

	
4

	
9

	
12

	
6

	
7

	
11

	
5

	
8

	
3

	
1




	
F2

	
Worst

	
6.3194E-60

	
1.6949E-02

	
7.4584E-52

	
3.5524E-09

	
2.1903E+00

	
1.6706E-27

	
3.9759E-10

	
5.6065E-01

	
1.4412E-32

	
9.6848E-09

	
0.0000E+00

	
5.3364E-49




	

	
Average

	
1.5799E-60

	
4.2476E-03

	
3.3970E-52

	
1.3483E-09

	
1.4024E+00

	
6.0495E-28

	
2.3544E-10

	
1.4063E-01

	
6.9571E-33

	
6.0154E-09

	
0.0000E+00

	
1.4410E-49




	

	
Best

	
7.3417E-75

	
1.1089E-05

	
5.7800E-54

	
1.5327E-11

	
2.4793E-01

	
1.6624E-28

	
4.9298E-11

	
1.5065E-05

	
2.1170E-33

	
1.5222E-09

	
0.0000E+00

	
1.5588E-55




	

	
STD

	
3.1597E-60

	
8.4673E-03

	
3.7501E-52

	
1.6440E-09

	
8.3182E-01

	
7.1418E-28

	
1.4544E-10

	
2.8002E-01

	
5.7688E-33

	
3.4094E-09

	
0.0000E+00

	
2.6047E-49




	

	
p-value

	
3.1092E-01

	
3.5445E-01

	
3.1197E-01

	
1.5207E-01

	
1.5007E-02

	
1.4118E-01

	
1.7740E-02

	
3.5393E-01

	
5.2432E-02

	
1.2387E-02

	
3.1092E-01

	
NaN




	

	
h

	
0

	
0

	
0

	
0

	
1

	
0

	
1

	
0

	
0

	
1

	
0

	
NaN




	

	
Rank

	
2

	
10

	
3

	
8

	
12

	
6

	
7

	
11

	
5

	
9

	
1

	
4




	
F3

	
Worst

	
2.5481E-104

	
8.6720E-02

	
2.6247E+03

	
7.8583E-02

	
5.3797E+03

	
4.1665E-22

	
6.3364E-05

	
3.6192E-01

	
5.3170E-25

	
3.6758E-02

	
5.8269E-68

	
5.7223E-116




	

	
Average

	
6.3723E-105

	
2.1726E-02

	
9.6402E+02

	
3.7630E-02

	
2.6504E+03

	
2.2794E-22

	
1.9621E-05

	
2.3056E-01

	
1.3293E-25

	
1.4828E-02

	
1.4571E-68

	
1.4306E-116




	

	
Best

	
7.0353E-112

	
1.4915E-05

	
1.5954E-05

	
3.1383E-06

	
2.5278E+01

	
1.3713E-23

	
1.8828E-06

	
8.6392E-02

	
2.7157E-32

	
9.8927E-04

	
6.3905E-108

	
1.7975E-141




	

	
STD

	
1.2739E-104

	
4.3330E-02

	
1.1759E+03

	
4.2007E-02

	
3.0089E+03

	
1.7380E-22

	
2.9324E-05

	
1.4879E-01

	
2.6585E-25

	
1.5408E-02

	
2.9132E-68

	
2.8611E-116




	

	
p-value

	
3.5574E-01

	
3.5467E-01

	
1.5221E-01

	
1.2338E-01

	
1.2859E-01

	
3.9423E-02

	
2.2931E-01

	
2.1140E-02

	
3.5592E-01

	
1.0260E-01

	
3.5578E-01

	
NaN




	

	
h

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
1

	
0

	
0

	
0

	
NaN




	

	
Rank

	
2

	
8

	
11

	
9

	
12

	
5

	
6

	
10

	
4

	
7

	
3

	
1




	
F4

	
Worst

	
4.3892E-61

	
2.9025E-05

	
1.6160E+01

	
6.5799E-03

	
5.9530E+00

	
2.8186E-15

	
7.4656E-04

	
9.9430E-02

	
5.3933E-20

	
4.2407E+00

	
8.1594E-18

	
3.0089E-51




	

	
Average

	
1.0973E-61

	
2.3631E-05

	
9.1448E+00

	
3.2700E-03

	
4.1841E+00

	
1.9128E-15

	
3.9903E-04

	
3.7199E-02

	
2.5279E-20

	
2.7561E+00

	
2.0398E-18

	
7.7646E-52




	

	
Best

	
9.6316E-79

	
1.6075E-05

	
1.3178E-01

	
2.3195E-04

	
2.7084E+00

	
9.4618E-16

	
7.2129E-05

	
2.7512E-03

	
1.3331E-21

	
1.4819E+00

	
2.2242E-67

	
6.9049E-60




	

	
STD

	
2.1946E-61

	
6.2330E-06

	
6.6791E+00

	
3.1005E-03

	
1.6482E+00

	
1.0353E-15

	
3.1951E-04

	
4.3576E-02

	
2.7085E-20

	
1.1532E+00

	
4.0797E-18

	
1.4890E-51




	

	
p-value

	
3.3717E-01

	
2.7356E-04

	
3.3811E-02

	
7.9449E-02

	
2.2717E-03

	
1.0148E-02

	
4.6670E-02

	
1.3863E-01

	
1.1120E-01

	
3.0628E-03

	
3.5592E-01

	
NaN




	

	
h

	
0

	
1

	
1

	
0

	
1

	
1

	
1

	
0

	
0

	
1

	
0

	
NaN




	

	
Rank

	
1

	
6

	
12

	
8

	
11

	
5

	
7

	
9

	
3

	
10

	
4

	
2




	
F5

	
Worst

	
1.0090E-02

	
6.8476E+02

	
7.4820E+00

	
8.7223E+00

	
7.1798E+02

	
7.1956E+00

	
5.8258E+00

	
3.7504E+02

	
5.8100E+00

	
1.1307E+01

	
8.6967E+00

	
1.5772E+00




	

	
Average

	
2.9026E-03

	
1.9907E+02

	
7.1510E+00

	
8.1759E+00

	
2.6870E+02

	
6.6393E+00

	
5.2538E+00

	
1.8256E+02

	
5.5321E+00

	
5.9579E+00

	
8.4321E+00

	
8.0915E-01




	

	
Best

	
2.3533E-04

	
8.2388E+00

	
6.7911E+00

	
7.8712E+00

	
7.2106E+01

	
6.1326E+00

	
4.5532E+00

	
5.7113E+00

	
5.2342E+00

	
2.0689E+00

	
8.1501E+00

	
8.5112E-02




	

	
STD

	
4.7968E-03

	
3.2628E+02

	
2.8261E-01

	
3.7457E-01

	
3.0211E+02

	
5.3406E-01

	
5.3658E-01

	
2.0333E+02

	
2.3553E-01

	
3.9620E+00

	
2.2871E-01

	
6.8245E-01




	

	
p-value

	
5.6073E-02

	
2.6991E-01

	
2.4973E-06

	
1.4062E-06

	
1.2652E-01

	
1.0441E-05

	
5.0597E-05

	
1.2404E-01

	
1.2291E-05

	
4.2831E-02

	
7.2168E-07

	
NaN




	

	
h

	
0

	
0

	
1

	
1

	
0

	
1

	
1

	
0

	
1

	
1

	
1

	
NaN




	

	
Rank

	
1

	
11

	
7

	
8

	
12

	
6

	
3

	
10

	
4

	
5

	
9

	
2




	
F6

	
Worst

	
3.0958E-04

	
2.0121E-09

	
2.2052E-01

	
7.9699E-01

	
1.0822E+01

	
2.5028E-01

	
1.5409E-02

	
8.8196E-08

	
1.3446E-12

	
2.1400E-10

	
6.1615E-01

	
3.4780E-17




	

	
Average

	
1.2661E-04

	
1.3904E-09

	
6.2350E-02

	
5.9809E-01

	
5.2641E+00

	
6.2573E-02

	
4.5459E-03

	
3.1304E-08

	
3.5418E-13

	
6.8957E-11

	
4.1272E-01

	
1.3592E-17




	

	
Best

	
1.8530E-06

	
8.1527E-10

	
1.8655E-03

	
4.7048E-01

	
1.1840E-01

	
1.3983E-06

	
1.3847E-04

	
8.7919E-09

	
1.8773E-15

	
1.4982E-12

	
1.9619E-01

	
6.5669E-20




	

	
STD

	
1.5073E-04

	
5.8512E-10

	
1.0587E-01

	
1.4410E-01

	
5.3834E+00

	
1.2514E-01

	
7.2704E-03

	
3.8019E-08

	
6.6091E-13

	
9.8755E-11

	
1.7518E-01

	
1.4849E-17




	

	
p-value

	
2.6986E-01

	
2.5767E-01

	
3.1779E-01

	
1.7408E-04

	
9.8511E-02

	
3.9025E-01

	
2.5767E-01

	
2.5768E-01

	
2.5767E-01

	
2.5767E-01

	
3.4818E-03

	
NaN




	

	
h

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
1

	
NaN




	

	
Rank

	
6

	
4

	
8

	
11

	
12

	
9

	
7

	
5

	
2

	
3

	
10

	
1




	
F7

	
Worst

	
5.8742E-03

	
1.7491E-02

	
3.2814E-03

	
2.8844E-03

	
1.3477E-01

	
5.4463E-04

	
8.4784E-03

	
1.8516E-01

	
7.7024E-04

	
4.6724E-02

	
9.2704E-04

	
2.8372E-04




	

	
Average

	
3.4183E-03

	
1.0077E-02

	
2.0021E-03

	
1.6652E-03

	
6.3525E-02

	
4.1147E-04

	
6.1809E-03

	
1.0811E-01

	
4.7066E-04

	
2.6367E-02

	
4.7710E-04

	
1.3225E-04




	

	
Best

	
5.0335E-04

	
1.3412E-03

	
4.7093E-04

	
6.0223E-04

	
6.4245E-03

	
2.8956E-04

	
4.3349E-03

	
7.1808E-02

	
3.4456E-04

	
1.3936E-02

	
1.3284E-04

	
1.1502E-05




	

	
STD

	
2.2207E-03

	
6.9666E-03

	
1.4820E-03

	
9.9504E-04

	
5.9631E-02

	
1.3949E-04

	
1.8209E-03

	
5.1922E-02

	
2.0081E-04

	
1.4979E-02

	
3.6519E-04

	
1.1275E-04




	

	
p-value

	
2.5427E-02

	
1.1841E-01

	
3.2958E-01

	
1.9972E-01

	
9.0584E-02

	
3.5451E-02

	
1.0270E-01

	
6.8887E-03

	
3.8341E-02

	
2.3070E-02

	
3.9919E-02

	
NaN




	

	
h

	
1

	
0

	
0

	
0

	
0

	
1

	
0

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
7

	
9

	
6

	
5

	
11

	
2

	
8

	
12

	
3

	
10

	
4

	
1




	
F8

	
Worst

	
−1.9843E+03

	
−2.4441E+03

	
−2.2903E+03

	
−1.8464E+03

	
−2.6001E+03

	
−1.9888E+03

	
−1.8626E+03

	
−1.9257E+03

	
−2.7610E+03

	
−2.5286E+03

	
−2.1284E+03

	
−1.7313E+03




	

	
Average

	
−2.3457E+03

	
−2.7747E+03

	
−2.8848E+03

	
−1.9811E+03

	
−2.7868E+03

	
−2.3539E+03

	
−2.1875E+03

	
−2.1323E+03

	
−3.2678E+03

	
−3.0607E+03

	
−2.2242E+03

	
−2.9708E+03




	

	
Best

	
−3.0047E+03

	
−3.2028E+03

	
−3.7732E+03

	
−2.1068E+03

	
−2.9924E+03

	
−2.8849E+03

	
−2.5174E+03

	
−2.3933E+03

	
−3.7146E+03

	
−3.3592E+03

	
−2.3744E+03

	
−4.1376E+03




	

	
STD

	
4.5283E+02

	
3.6950E+02

	
6.6467E+02

	
1.3411E+02

	
1.6730E+02

	
3.9855E+02

	
2.8876E+02

	
2.4258E+02

	
4.1710E+02

	
3.9285E+02

	
1.0526E+02

	
1.2856E+03




	

	
p-value

	
3.9442E-01

	
7.7926E-01

	
9.0927E-01

	
1.7657E-01

	
7.8607E-01

	
3.9466E-01

	
2.7939E-01

	
2.4719E-01

	
6.7574E-01

	
8.9796E-01

	
2.9101E-01

	
NaN




	

	
h

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
8

	
6

	
4

	
12

	
5

	
7

	
10

	
11

	
1

	
2

	
9

	
3




	
F9

	
Worst

	
0.0000E+00

	
4.2783E+01

	
0.0000E+00

	
4.2364E-02

	
3.8089E+01

	
4.4666E+00

	
1.2955E+01

	
5.2733E+01

	
1.9899E+00

	
1.8904E+01

	
0.0000E+00

	
0.0000E+00




	

	
Average

	
0.0000E+00

	
2.5869E+01

	
0.0000E+00

	
1.3584E-02

	
2.9275E+01

	
1.1166E+00

	
8.4629E+00

	
3.3331E+01

	
4.9748E-01

	
1.2437E+01

	
0.0000E+00

	
0.0000E+00




	

	
Best

	
0.0000E+00

	
1.1940E+01

	
0.0000E+00

	
1.7081E-11

	
1.9416E+01

	
0.0000E+00

	
5.9724E+00

	
2.3879E+01

	
0.0000E+00

	
6.9647E+00

	
0.0000E+00

	
0.0000E+00




	

	
STD

	
0.0000E+00

	
1.4869E+01

	
0.0000E+00

	
1.9999E-02

	
7.6693E+00

	
2.2333E+00

	
3.1025E+00

	
1.3112E+01

	
9.9496E-01

	
5.8862E+00

	
0.0000E+00

	
0.0000E+00




	

	
p-value

	
NaN

	
1.3149E-02

	
NaN

	
2.2319E-01

	
2.6354E-04

	
3.5592E-01

	
1.5792E-03

	
2.2563E-03

	
3.5592E-01

	
5.5259E-03

	
NaN

	
NaN




	

	
h

	
NaN

	
1

	
NaN

	
0

	
1

	
0

	
1

	
1

	
0

	
1

	
NaN

	
NaN




	

	
Rank

	
1

	
10

	
1

	
5

	
11

	
7

	
8

	
12

	
6

	
9

	
1

	
1




	
F10

	
Worst

	
8.8818E-16

	
2.3168E+00

	
4.4409E-15

	
8.4300E-01

	
9.6530E+00

	
1.5099E-14

	
7.5055E-10

	
1.1551E+00

	
7.9936E-15

	
1.6462E+00

	
8.8818E-16

	
8.8818E-16




	

	
Average

	
8.8818E-16

	
1.1568E+00

	
4.4409E-15

	
2.1075E-01

	
4.7552E+00

	
9.7700E-15

	
4.3526E-10

	
2.8891E-01

	
5.3291E-15

	
7.0034E-01

	
8.8818E-16

	
8.8818E-16




	

	
Best

	
8.8818E-16

	
1.0766E-05

	
4.4409E-15

	
3.7578E-08

	
1.2042E+00

	
7.9936E-15

	
1.6850E-10

	
1.3290E-04

	
4.4409E-15

	
1.8206E-06

	
8.8818E-16

	
8.8818E-16




	

	
STD

	
0.0000E+00

	
9.4585E-01

	
0.0000E+00

	
4.2150E-01

	
3.6264E+00

	
3.5527E-15

	
2.6089E-10

	
5.7749E-01

	
1.7764E-15

	
8.3317E-01

	
0.0000E+00

	
0.0000E+00




	

	
p-value

	
NaN

	
5.0059E-02

	
0.0000E+00

	
3.5592E-01

	
3.9450E-02

	
2.4523E-03

	
1.5676E-02

	
3.5566E-01

	
2.4523E-03

	
1.4373E-01

	
NaN

	
NaN




	

	
h

	
NaN

	
0

	
1

	
0

	
1

	
1

	
1

	
0

	
1

	
0

	
NaN

	
NaN




	

	
Rank

	
1

	
11

	
4

	
8

	
12

	
6

	
7

	
9

	
5

	
10

	
1

	
1




	
F11

	
Worst

	
0.0000E+00

	
2.9276E-01

	
3.5207E-01

	
3.2525E-01

	
1.6235E+00

	
7.9759E-02

	
3.8586E-01

	
3.3696E-01

	
3.6867E-02

	
2.6592E-01

	
4.6191E-01

	
0.0000E+00




	

	
Average

	
0.0000E+00

	
2.1408E-01

	
1.1366E-01

	
1.2380E-01

	
7.0711E-01

	
2.9156E-02

	
2.0913E-01

	
2.3681E-01

	
9.2168E-03

	
1.7540E-01

	
1.1548E-01

	
0.0000E+00




	

	
Best

	
0.0000E+00

	
1.5241E-01

	
0.0000E+00

	
2.0962E-02

	
2.8492E-01

	
0.0000E+00

	
3.6894E-02

	
1.0578E-01

	
0.0000E+00

	
1.1568E-01

	
0.0000E+00

	
0.0000E+00




	

	
STD

	
0.0000E+00

	
7.2479E-02

	
1.6613E-01

	
1.3697E-01

	
6.1877E-01

	
3.7949E-02

	
1.7441E-01

	
9.6929E-02

	
1.8434E-02

	
6.3894E-02

	
2.3096E-01

	
0.0000E+00




	

	
p-value

	
NaN

	
1.0464E-03

	
2.2022E-01

	
1.2064E-01

	
6.2324E-02

	
1.7530E-01

	
5.3428E-02

	
2.7485E-03

	
3.5592E-01

	
1.5288E-03

	
3.5591E-01

	
NaN




	

	
h

	
NaN

	
1

	
0

	
0

	
0

	
0

	
0

	
1

	
0

	
1

	
0

	
NaN




	

	
Rank

	
1

	
10

	
5

	
7

	
12

	
4

	
9

	
11

	
3

	
8

	
6

	
1




	
F12

	
Worst

	
1.3494E-05

	
3.1771E-01

	
2.5782E-02

	
1.4964E-01

	
3.1991E+00

	
3.9305E-02

	
5.2225E-21

	
3.0893E+00

	
2.9389E-14

	
3.1101E-01

	
3.1390E-01

	
4.9570E-03




	

	
Average

	
7.2659E-06

	
7.9520E-02

	
1.3371E-02

	
1.1590E-01

	
2.0861E+00

	
2.9329E-02

	
1.3975E-21

	
2.8577E+00

	
1.5102E-14

	
2.3402E-01

	
2.7789E-01

	
2.9149E-03




	

	
Best

	
1.5855E-06

	
2.5293E-09

	
7.7458E-04

	
7.7385E-02

	
1.0996E+00

	
1.9865E-02

	
5.4669E-23

	
2.4977E+00

	
1.2207E-17

	
3.0462E-03

	
2.5509E-01

	
4.1431E-04




	

	
STD

	
5.1084E-06

	
1.5879E-01

	
1.3032E-02

	
3.7574E-02

	
1.0350E+00

	
1.0893E-02

	
2.5510E-21

	
2.5268E-01

	
1.2422E-14

	
1.5398E-01

	
2.6953E-02

	
2.0243E-03




	

	
p-value

	
2.8325E-02

	
3.7191E-01

	
1.6391E-01

	
9.6003E-04

	
6.9177E-03

	
3.1008E-03

	
2.8060E-02

	
4.9186E-07

	
2.8060E-02

	
2.3963E-02

	
9.1600E-07

	
NaN




	

	
h

	
1

	
0

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
3

	
7

	
5

	
8

	
11

	
6

	
1

	
12

	
2

	
9

	
10

	
4




	
F13

	
Worst

	
4.2945E-05

	
1.0998E-02

	
1.2529E-01

	
5.1405E-01

	
1.0400E+00

	
2.9491E-05

	
1.5412E-18

	
1.0998E-02

	
1.9342E-02

	
4.3949E-02

	
9.9607E-01

	
3.3472E-12




	

	
Average

	
1.7247E-05

	
2.7496E-03

	
6.6985E-02

	
4.0342E-01

	
5.9742E-01

	
1.4054E-05

	
5.9650E-19

	
2.7507E-03

	
8.9798E-03

	
1.3734E-02

	
9.3206E-01

	
9.0107E-13




	

	
Best

	
5.7395E-07

	
7.7572E-10

	
1.4365E-02

	
2.9787E-01

	
2.5289E-01

	
6.3059E-06

	
3.5953E-22

	
4.1725E-07

	
1.2013E-05

	
9.5274E-10

	
8.5068E-01

	
7.2496E-16




	

	
STD

	
1.8515E-05

	
5.4991E-03

	
4.7274E-02

	
1.0001E-01

	
3.3453E-01

	
1.0516E-05

	
7.3949E-19

	
5.4982E-03

	
9.9037E-03

	
2.0798E-02

	
6.0197E-02

	
1.6339E-12




	

	
p-value

	
1.2029E-01

	
3.1351E-01

	
5.3160E-02

	
2.2602E-04

	
1.2572E-02

	
1.2018E-01

	
1.1971E-01

	
3.1357E-01

	
1.1971E-01

	
6.9412E-01

	
8.6395E-08

	
NaN




	

	
h

	
0

	
0

	
0

	
1

	
1

	
0

	
0

	
0

	
0

	
0

	
1

	
NaN




	

	
Rank

	
4

	
5

	
9

	
10

	
11

	
3

	
1

	
6

	
7

	
8

	
12

	
2




	

	
Mean ranking

	
3.0000E+00

	
8.2308E+00

	
6.0769E+00

	
8.3077E+00

	
1.1077E+01

	
5.5385E+00

	
6.2308E+00

	
9.9231E+00

	
3.8462E+00

	
7.5385E+00

	
5.6154E+00

	
1.8462E+00




	

	
Final ranking

	
2

	
9

	
6

	
10

	
12

	
4

	
7

	
11

	
3

	
8

	
5

	
1
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Table 5. The results of the comparative methods and the proposed HRSA methods for F1–F13, Dim = 100.






Table 5. The results of the comparative methods and the proposed HRSA methods for F1–F13, Dim = 100.





	
Fun

	
Measure

	
Comparative Algorithms




	
AO

	
DMOA

	
WOA

	
SCA

	
DA

	
GWO

	
PSO

	
ALO

	
RSA

	
ROA

	
AOA

	
HRSA






	
F1

	
Worst

	
4.0782E-98

	
3.1718E+01

	
5.8226E-61

	
1.3866E+03

	
3.9007E+03

	
8.5638E-17

	
7.7635E-01

	
7.3039E+02

	
1.1830E-28

	
4.9992E+01

	
1.2631E-02

	
2.8449E-106




	

	
Average

	
1.0196E-98

	
2.2918E+01

	
1.4557E-61

	
8.8436E+02

	
1.6626E+03

	
4.9381E-17

	
4.7025E-01

	
2.2654E+02

	
3.2097E-29

	
3.5959E+01

	
5.8299E-03

	
7.1122E-107




	

	
Best

	
3.0185E-123

	
9.3735E+00

	
1.0884E-73

	
1.3827E+02

	
3.6367E+02

	
5.5387E-18

	
1.4462E-01

	
5.4808E+01

	
2.3156E-30

	
2.5600E+01

	
1.8742E-10

	
7.5850E-149




	

	
STD

	
2.0391E-98

	
1.0166E+01

	
2.9112E-61

	
5.6464E+02

	
1.6147E+03

	
3.3504E-17

	
2.6084E-01

	
3.3591E+02

	
5.7483E-29

	
1.0735E+01

	
6.1114E-03

	
1.4224E-106




	

	
p-value

	
3.5590E-01

	
4.0661E-03

	
3.5589E-01

	
2.0260E-02

	
8.5130E-02

	
2.5688E-02

	
1.1290E-02

	
2.2608E-01

	
3.0682E-01

	
5.3690E-04

	
1.0502E-01

	
NaN




	

	
h

	
0

	
1

	
0

	
1

	
0

	
1

	
1

	
0

	
0

	
1

	
0

	
NaN




	

	
Rank

	
2

	
8

	
3

	
11

	
12

	
5

	
7

	
10

	
4

	
9

	
6

	
1




	
F2

	
Worst

	
3.7433E-50

	
1.0812E+02

	
5.4876E-47

	
3.8977E-01

	
1.8393E+01

	
2.7882E-10

	
5.2010E+00

	
2.0965E+02

	
5.2108E-18

	
2.2379E+00

	
2.6869E-32

	
1.5364E-60




	

	
Average

	
9.3863E-51

	
4.1687E+01

	
1.4222E-47

	
2.0333E-01

	
1.2972E+01

	
1.8202E-10

	
3.3373E+00

	
1.0497E+02

	
3.5046E-18

	
1.5655E+00

	
6.7172E-33

	
3.8427E-61




	

	
Best

	
1.2613E-57

	
1.1616E+01

	
1.6943E-51

	
4.6794E-02

	
8.4600E+00

	
6.8138E-11

	
1.2963E+00

	
2.3419E+01

	
1.5445E-18

	
1.0772E+00

	
6.7796E-60

	
1.3859E-75




	

	
STD

	
1.8698E-50

	
4.4775E+01

	
2.7117E-47

	
1.5993E-01

	
4.1353E+00

	
9.3938E-11

	
1.6588E+00

	
9.4076E+01

	
1.5059E-18

	
5.0391E-01

	
1.3434E-32

	
7.6807E-61




	

	
p-value

	
3.5413E-01

	
1.1190E-01

	
3.3491E-01

	
4.3918E-02

	
7.6223E-04

	
8.2145E-03

	
6.9291E-03

	
6.7126E-02

	
3.4872E-03

	
8.0222E-04

	
3.5592E-01

	
NaN




	

	
h

	
0

	
0

	
0

	
1

	
1

	
1

	
1

	
0

	
1

	
1

	
0

	
NaN




	

	
Rank

	
2

	
11

	
3

	
7

	
10

	
6

	
9

	
12

	
5

	
8

	
4

	
1




	
F3

	
Worst

	
2.36803E-93

	
16951.21302

	
420591.1857

	
59991.69346

	
110891.9087

	
3.600143592

	
3296.378763

	
60132.02142

	
0.031346296

	
9792.661794

	
0.314587915

	
2.4468E-111




	

	
Average

	
5.92006E-94

	
14078.94053

	
259808.0922

	
53400.71341

	
78018.00548

	
1.18948309

	
2064.355479

	
37864.25151

	
0.00819798

	
7542.713664

	
0.160888346

	
6.1182E-112




	

	
Best

	
3.6969E-112

	
9664.548042

	
164862.827

	
41214.97962

	
49573.50799

	
0.130123735

	
1085.580554

	
18446.14994

	
1.16188E-05

	
5634.887889

	
0.082118372

	
8.7014E-149




	

	
STD

	
1.18401E-93

	
3249.194475

	
111450.2066

	
8824.145524

	
25173.64

	
1.627422681

	
914.7006548

	
17791.76731

	
0.015444974

	
2050.038886

	
0.108252379

	
1.2233E-111




	

	
p-value

	
0.355917684

	
0.000130212

	
0.003458995

	
1.93238E-05

	
0.000812637

	
0.194109297

	
0.004044426

	
0.005342487

	
0.329279344

	
0.000322532

	
0.024877921

	
NaN




	

	
h

	
0

	
1

	
1

	
1

	
1

	
0

	
1

	
1

	
0

	
1

	
1

	
NaN




	

	
Rank

	
2

	
8

	
12

	
10

	
11

	
5

	
6

	
9

	
3

	
7

	
4

	
1




	
F4

	
Worst

	
6.8610E-60

	
3.1812E+01

	
9.0999E+01

	
7.4864E+01

	
4.3456E+01

	
5.5896E-03

	
6.5534E+00

	
3.6673E+01

	
8.9361E-06

	
4.8080E+01

	
8.2925E-02

	
1.7208E-54




	

	
Average

	
2.5424E-60

	
2.5308E+01

	
7.0297E+01

	
7.1699E+01

	
3.1073E+01

	
2.8448E-03

	
4.4164E+00

	
3.2017E+01

	
3.8129E-06

	
3.7531E+01

	
5.8325E-02

	
4.3063E-55




	

	
Best

	
1.0303E-72

	
1.8835E+01

	
1.6764E+01

	
6.5484E+01

	
1.1452E+01

	
7.6601E-04

	
2.8777E+00

	
2.8534E+01

	
1.4312E-06

	
3.3232E+01

	
4.3176E-02

	
5.7683E-63




	

	
STD

	
3.2744E-60

	
5.5607E+00

	
3.5899E+01

	
4.2435E+00

	
1.5349E+01

	
2.0889E-03

	
1.6731E+00

	
3.7908E+00

	
3.4653E-06

	
7.0710E+00

	
1.7231E-02

	
8.6015E-55




	

	
p-value

	
3.5534E-01

	
9.8768E-05

	
7.8348E-03

	
4.4709E-08

	
6.7336E-03

	
3.4467E-02

	
1.8666E-03

	
2.7512E-06

	
7.0044E-02

	
4.1159E-05

	
5.0739E-04

	
NaN




	

	
h

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
0

	
1

	
1

	
NaN




	

	
Rank

	
1

	
7

	
11

	
12

	
8

	
4

	
6

	
9

	
3

	
10

	
5

	
2




	
F5

	
Worst

	
1.6654E-02

	
4.2719E+04

	
4.8760E+01

	
2.2741E+07

	
4.0217E+05

	
4.8697E+01

	
1.1119E+03

	
3.6622E+04

	
4.6787E+01

	
2.1306E+03

	
4.8918E+01

	
4.5067E+01




	

	
Average

	
6.2950E-03

	
1.4282E+04

	
4.8536E+01

	
1.4207E+07

	
1.4645E+05

	
4.8074E+01

	
6.9694E+02

	
2.6873E+04

	
4.6359E+01

	
1.1988E+03

	
4.8877E+01

	
1.9759E+01




	

	
Best

	
1.8375E-04

	
9.0197E+02

	
4.8283E+01

	
1.2060E+06

	
4.5968E+04

	
4.7080E+01

	
4.5280E+02

	
1.7436E+04

	
4.5956E+01

	
6.4804E+02

	
4.8824E+01

	
3.4406E-01




	

	
STD

	
7.4526E-03

	
1.9583E+04

	
2.1777E-01

	
9.1797E+06

	
1.7082E+05

	
7.5301E-01

	
2.9226E+02

	
8.5652E+03

	
3.8440E-01

	
6.4881E+02

	
4.0631E-02

	
1.8644E+01




	

	
p-value

	
7.8400E-02

	
1.9548E-01

	
2.1475E-02

	
2.1243E-02

	
1.3727E-01

	
2.2949E-02

	
3.5979E-03

	
7.6452E-04

	
2.9069E-02

	
1.0925E-02

	
2.0489E-02

	
NaN




	

	
h

	
0

	
0

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
1

	
9

	
5

	
12

	
11

	
4

	
7

	
10

	
3

	
8

	
6

	
2




	
F6

	
Worst

	
7.4586E-03

	
4.0782E+01

	
2.8398E+00

	
4.1424E+03

	
2.1428E+03

	
4.6882E+00

	
1.5872E+00

	
3.2536E+02

	
5.2899E-01

	
4.0330E+01

	
8.8853E+00

	
5.0952E-02




	

	
Average

	
2.0732E-03

	
2.4752E+01

	
2.5240E+00

	
1.7732E+03

	
1.5093E+03

	
3.5812E+00

	
7.6906E-01

	
2.1992E+02

	
4.3057E-01

	
2.8780E+01

	
8.5206E+00

	
2.1823E-02




	

	
Best

	
8.0662E-05

	
1.5665E+01

	
2.1190E+00

	
3.7947E+02

	
6.3968E+02

	
2.6152E+00

	
1.8089E-01

	
1.0497E+02

	
2.6481E-01

	
1.2823E+01

	
8.1968E+00

	
8.4905E-04




	

	
STD

	
3.5956E-03

	
1.1063E+01

	
3.2233E-01

	
1.7914E+03

	
6.3437E+02

	
9.3390E-01

	
6.0022E-01

	
9.0506E+01

	
1.2080E-01

	
1.2291E+01

	
3.2283E-01

	
2.4930E-02




	

	
p-value

	
1.6789E-01

	
4.2335E-03

	
4.5982E-06

	
9.5071E-02

	
3.1321E-03

	
2.6630E-04

	
4.7309E-02

	
2.8246E-03

	
5.6882E-04

	
3.3981E-03

	
3.2074E-09

	
NaN




	

	
h

	
0

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
1

	
8

	
5

	
12

	
11

	
6

	
4

	
10

	
3

	
9

	
7

	
2




	
F7

	
Worst

	
8.2152E-04

	
7.8054E-01

	
6.5132E-03

	
2.8601E+00

	
3.8227E-01

	
8.1132E-03

	
1.2213E+01

	
1.9458E+00

	
3.5460E-03

	
1.3288E+00

	
4.7987E-03

	
1.1384E-04




	

	
Average

	
5.5749E-04

	
6.9759E-01

	
3.3080E-03

	
2.6546E+00

	
2.5167E-01

	
4.0133E-03

	
7.1154E+00

	
1.3356E+00

	
2.4778E-03

	
9.4944E-01

	
1.8265E-03

	
7.3664E-05




	

	
Best

	
2.2004E-04

	
5.5688E-01

	
1.2007E-03

	
2.4594E+00

	
1.3103E-01

	
1.6145E-03

	
1.7505E+00

	
7.0578E-01

	
1.4960E-03

	
6.5989E-01

	
4.8190E-04

	
2.4998E-05




	

	
STD

	
2.9741E-04

	
9.7832E-02

	
2.5103E-03

	
1.7191E-01

	
1.1463E-01

	
2.9558E-03

	
4.4619E+00

	
5.0639E-01

	
8.4777E-04

	
3.2501E-01

	
1.9976E-03

	
4.0096E-05




	

	
p-value

	
2.5556E-01

	
7.5583E-06

	
3.9132E-01

	
7.6873E-08

	
4.7787E-03

	
2.6615E-01

	
1.8871E-02

	
1.8873E-03

	
5.7030E-01

	
1.1198E-03

	
1.2985E-01

	
NaN




	

	
h

	
0

	
1

	
0

	
1

	
1

	
0

	
1

	
1

	
0

	
1

	
0

	
NaN




	

	
Rank

	
2

	
8

	
5

	
11

	
7

	
6

	
12

	
10

	
4

	
9

	
3

	
1




	
F8

	
Worst

	
−5.4374E+03

	
−1.1297E+04

	
−3.1741E+03

	
−4.5531E+03

	
−6.7763E+03

	
−6.5491E+03

	
−4.5026E+03

	
−9.0295E+03

	
−1.3621E+04

	
−1.0546E+04

	
−4.6339E+03

	
−1.3186E+04




	

	
Average

	
−5.8281E+03

	
−1.2227E+04

	
−6.8610E+03

	
−4.9929E+03

	
−7.9585E+03

	
−8.9655E+03

	
−5.4962E+03

	
−9.0590E+03

	
−1.4362E+04

	
−1.2700E+04

	
−5.6555E+03

	
−1.7042E+04




	

	
Best

	
−6.0837E+03

	
−1.3238E+04

	
−1.0029E+04

	
−5.2303E+03

	
−9.1043E+03

	
−1.0478E+04

	
−6.0557E+03

	
−9.1475E+03

	
−1.5873E+04

	
−1.4023E+04

	
−6.5546E+03

	
−2.0457E+04




	

	
STD

	
2.9576E+02

	
9.1368E+02

	
3.1291E+03

	
3.1477E+02

	
9.5197E+02

	
1.7889E+03

	
7.2763E+02

	
5.9039E+01

	
1.0288E+03

	
1.5246E+03

	
7.9497E+02

	
3.7487E+03




	

	
p-value

	
5.3540E-01

	
1.6567E-02

	
5.8778E-03

	
2.7973E-01

	
5.2715E-01

	
2.8720E-01

	
4.2813E-01

	
2.0974E-01

	
3.8734E-03

	
1.5321E-02

	
4.8344E-01

	
NaN




	

	
h

	
0

	
1

	
1

	
0

	
0

	
0

	
0

	
0

	
1

	
1

	
0

	
NaN




	

	
Rank

	
9

	
4

	
8

	
12

	
7

	
6

	
11

	
5

	
2

	
3

	
10

	
1




	
F9

	
Worst

	
0.0000E+00

	
1.7042E+02

	
0.0000E+00

	
2.4160E+02

	
3.2010E+02

	
1.0984E+01

	
2.4610E+02

	
1.6151E+02

	
0.0000E+00

	
1.6151E+02

	
0.0000E+00

	
0.0000E+00




	

	
Average

	
0.0000E+00

	
1.3938E+02

	
0.0000E+00

	
1.5839E+02

	
2.4885E+02

	
4.4390E+00

	
1.8299E+02

	
1.4673E+02

	
0.0000E+00

	
1.2378E+02

	
0.0000E+00

	
0.0000E+00




	

	
Best

	
0.0000E+00

	
1.1625E+02

	
0.0000E+00

	
7.4822E+01

	
1.2753E+02

	
1.3074E-12

	
1.4064E+02

	
1.2878E+02

	
0.0000E+00

	
9.6050E+01

	
0.0000E+00

	
0.0000E+00




	

	
STD

	
0.0000E+00

	
2.2879E+01

	
0.0000E+00

	
6.9738E+01

	
8.5115E+01

	
5.4063E+00

	
4.6890E+01

	
1.4200E+01

	
0.0000E+00

	
2.7639E+01

	
0.0000E+00

	
0.0000E+00




	

	
p-value

	
NaN

	
1.8591E-05

	
NaN

	
3.9229E-03

	
1.1037E-03

	
1.5167E-01

	
2.3326E-04

	
8.3516E-07

	
NaN

	
1.0816E-04

	
NaN

	
NaN




	

	
h

	
NaN

	
1

	
NaN

	
1

	
1

	
0

	
1

	
1

	
NaN

	
1

	
NaN

	
NaN




	

	
Rank

	
1

	
8

	
1

	
10

	
12

	
6

	
11

	
9

	
1

	
7

	
1

	
1




	
F10

	
Worst

	
8.8818E-16

	
7.2668E+00

	
7.9936E-15

	
2.0531E+01

	
8.9559E+00

	
4.3052E-09

	
2.2928E+00

	
1.5690E+01

	
3.2863E-14

	
1.8274E+01

	
8.9706E-14

	
8.8818E-16




	

	
Average

	
8.8818E-16

	
6.3388E+00

	
2.6645E-15

	
2.0518E+01

	
7.2218E+00

	
1.7663E-09

	
1.9853E+00

	
1.3964E+01

	
2.9310E-14

	
1.3315E+01

	
3.0198E-14

	
8.8818E-16




	

	
Best

	
8.8818E-16

	
5.0825E+00

	
8.8818E-16

	
2.0502E+01

	
2.5486E+00

	
6.3157E-10

	
1.5281E+00

	
1.2007E+01

	
2.2204E-14

	
7.0599E+00

	
8.8818E-16

	
8.8818E-16




	

	
STD

	
0.0000E+00

	
1.0504E+00

	
3.5527E-15

	
1.3307E-02

	
3.1222E+00

	
1.7071E-09

	
3.5009E-01

	
1.5522E+00

	
5.0243E-15

	
5.5342E+00

	
4.1873E-14

	
0.0000E+00




	

	
p-value

	
NaN

	
1.9647E-05

	
3.5592E-01

	
7.8486E-20

	
3.5922E-03

	
8.3967E-02

	
2.8134E-05

	
1.8957E-06

	
2.8538E-05

	
2.9642E-03

	
2.1106E-01

	
NaN




	

	
h

	
NaN

	
1

	
0

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
0

	
NaN




	

	
Rank

	
1

	
8

	
3

	
12

	
9

	
6

	
7

	
11

	
4

	
10

	
5

	
1




	
F11

	
Worst

	
0.0000E+00

	
1.4645E+00

	
0.0000E+00

	
2.0234E+01

	
3.6048E+01

	
2.5535E-15

	
3.9694E-02

	
1.2654E+01

	
1.9767E-02

	
3.9317E+00

	
1.9048E+02

	
0.0000E+00




	

	
Average

	
0.0000E+00

	
1.3439E+00

	
0.0000E+00

	
9.2396E+00

	
2.3041E+01

	
1.7764E-15

	
3.2452E-02

	
4.8686E+00

	
4.9418E-03

	
3.2721E+00

	
1.4421E+02

	
0.0000E+00




	

	
Best

	
0.0000E+00

	
1.2505E+00

	
0.0000E+00

	
1.0859E+00

	
1.4278E+01

	
8.8818E-16

	
1.9305E-02

	
1.4139E+00

	
0.0000E+00

	
2.4109E+00

	
6.4878E+01

	
0.0000E+00




	

	
STD

	
0.0000E+00

	
8.8867E-02

	
0.0000E+00

	
7.9891E+00

	
9.2263E+00

	
8.4552E-16

	
9.0096E-03

	
5.2453E+00

	
9.8836E-03

	
7.4831E-01

	
5.5403E+01

	
0.0000E+00




	

	
p-value

	
NaN

	
8.6692E-08

	
NaN

	
6.0017E-02

	
2.4653E-03

	
5.6744E-03

	
3.6224E-04

	
1.1279E-01

	
3.5592E-01

	
1.2373E-04

	
2.0035E-03

	
NaN




	

	
h

	
NaN

	
1

	
NaN

	
0

	
1

	
1

	
1

	
0

	
0

	
1

	
1

	
NaN




	

	
Rank

	
1

	
7

	
1

	
10

	
11

	
4

	
6

	
9

	
5

	
8

	
12

	
1




	
F12

	
Worst

	
1.9117E-05

	
2.5588E+01

	
1.4664E-01

	
4.0491E+07

	
6.6827E+02

	
2.8083E-01

	
3.5885E-01

	
3.4507E+01

	
1.1554E-02

	
1.7816E+01

	
9.6573E-01

	
8.0067E-03




	

	
Average

	
8.4702E-06

	
2.2619E+01

	
8.4062E-02

	
2.0830E+07

	
1.8766E+02

	
1.9121E-01

	
1.6972E-01

	
2.9519E+01

	
7.4900E-03

	
1.1387E+01

	
9.2738E-01

	
3.8133E-03




	

	
Best

	
3.1725E-07

	
1.9885E+01

	
4.8423E-02

	
1.6156E+06

	
8.4537E+00

	
1.1625E-01

	
8.8199E-02

	
2.4029E+01

	
3.5678E-03

	
4.9788E+00

	
9.0628E-01

	
2.6674E-04




	

	
STD

	
8.4354E-06

	
2.9640E+00

	
4.3658E-02

	
1.5959E+07

	
3.2131E+02

	
7.4155E-02

	
1.2719E-01

	
4.2896E+00

	
4.1085E-03

	
6.5611E+00

	
2.6314E-02

	
3.4784E-03




	

	
p-value

	
7.1305E-02

	
4.9996E-06

	
1.0521E-02

	
4.0099E-02

	
2.8709E-01

	
2.3369E-03

	
4.0232E-02

	
9.1566E-06

	
2.2093E-01

	
1.3305E-02

	
5.9237E-10

	
NaN




	

	
h

	
0

	
1

	
1

	
1

	
0

	
1

	
1

	
1

	
0

	
1

	
1

	
NaN




	

	
Rank

	
1

	
9

	
4

	
12

	
11

	
6

	
5

	
10

	
3

	
8

	
7

	
2




	
F13

	
Worst

	
4.0331E-05

	
1.0818E+02

	
2.0088E+00

	
1.6061E+08

	
3.3433E+05

	
2.7364E+00

	
1.5053E+00

	
4.8113E+02

	
2.0736E+00

	
8.8261E+01

	
5.0058E+00

	
1.1317E-01




	

	
Average

	
1.9831E-05

	
9.1281E+01

	
1.6522E+00

	
7.5789E+07

	
1.2868E+05

	
2.4842E+00

	
9.7940E-01

	
2.3566E+02

	
1.5259E+00

	
7.5221E+01

	
4.9380E+00

	
4.5541E-02




	

	
Best

	
1.0784E-06

	
7.4225E+01

	
1.3225E+00

	
1.5273E+07

	
2.9743E+03

	
2.3287E+00

	
4.5078E-01

	
1.2480E+02

	
1.2655E+00

	
6.0365E+01

	
4.8917E+00

	
6.8088E-05




	

	
STD

	
2.1054E-05

	
1.3883E+01

	
3.6834E-01

	
6.1269E+07

	
1.4529E+05

	
1.8175E-01

	
5.9857E-01

	
1.6546E+02

	
3.7101E-01

	
1.4243E+01

	
5.0444E-02

	
5.1091E-02




	

	
p-value

	
1.2504E-01

	
1.1971E-05

	
1.3233E-04

	
4.8197E-02

	
1.2689E-01

	
2.2178E-07

	
2.0875E-02

	
2.9258E-02

	
2.1731E-04

	
4.2502E-05

	
1.0526E-11

	
NaN




	

	
h

	
0

	
1

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
1

	
9

	
5

	
12

	
11

	
6

	
3

	
10

	
4

	
8

	
7

	
2




	

	
Mean ranking

	
1.9231E+00

	
8.0000E+00

	
5.0769E+00

	
1.1000E+01

	
1.0077E+01

	
5.3846E+00

	
7.2308E+00

	
9.5385E+00

	
3.3846E+00

	
8.0000E+00

	
5.9231E+00

	
1.3846E+00




	

	
Final ranking

	
2

	
8

	
4

	
12

	
11

	
5

	
7

	
10

	
3

	
8

	
6

	
1
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Table 6. The results of the comparative methods and the proposed HRSA methods for fixed dimensional functions (F14–F23).






Table 6. The results of the comparative methods and the proposed HRSA methods for fixed dimensional functions (F14–F23).





	
Fun

	
Measure

	
Comparative Algorithms




	
AO

	
DMOA

	
WOA

	
SCA

	
DA

	
GWO

	
PSO

	
ALO

	
RSA

	
ROA

	
AOA

	
HRSA






	
F14

	
Worst

	
1.2671E+01

	
9.9800E-01

	
1.0763E+01

	
2.9821E+00

	
1.9920E+00

	
1.2671E+01

	
8.8408E+00

	
6.9033E+00

	
9.9800E-01

	
1.2671E+01

	
1.2671E+01

	
9.9800E-01




	

	
Average

	
4.9092E+00

	
9.9800E-01

	
4.6720E+00

	
1.5058E+00

	
1.2465E+00

	
4.6607E+00

	
6.3958E+00

	
3.4654E+00

	
9.9800E-01

	
1.0248E+01

	
1.0010E+01

	
9.9800E-01




	

	
Best

	
1.9920E+00

	
9.9800E-01

	
9.9800E-01

	
9.9846E-01

	
9.9800E-01

	
9.9800E-01

	
9.9800E-01

	
9.9800E-01

	
9.9800E-01

	
2.9821E+00

	
2.9821E+00

	
9.9800E-01




	

	
STD

	
5.1952E+00

	
1.2820E-16

	
4.6790E+00

	
9.8443E-01

	
4.9701E-01

	
5.4010E+00

	
3.7126E+00

	
2.6033E+00

	
2.2204E-16

	
4.8442E+00

	
4.7070E+00

	
1.2820E-16




	

	
p-value

	
1.8345E-01

	
8.7691E-03

	
1.4881E-01

	
1.2260E-02

	
1.0122E-02

	
1.7440E-01

	
2.5362E-01

	
4.8667E-02

	
8.7691E-03

	
8.7691E-03

	
9.4612E-01

	
NaN




	

	
h

	
0

	
1

	
0

	
1

	
1

	
0

	
0

	
1

	
1

	
1

	
0

	
NaN




	

	
Rank

	
9

	
3

	
8

	
5

	
4

	
7

	
10

	
6

	
2

	
12

	
11

	
1




	
F15

	
Worst

	
1.6162E-03

	
2.0364E-02

	
8.5450E-04

	
1.5480E-03

	
2.0363E-02

	
2.0363E-02

	
1.0751E-03

	
1.5316E-03

	
1.6133E-03

	
1.2232E-03

	
4.8245E-02

	
5.4450E-04




	

	
Average

	
1.1160E-03

	
5.6279E-03

	
5.3753E-04

	
1.1086E-03

	
6.6307E-03

	
5.4880E-03

	
9.4454E-04

	
1.1987E-03

	
7.1362E-04

	
1.0923E-03

	
2.4085E-02

	
4.1911E-04




	

	
Best

	
6.9512E-04

	
5.3740E-04

	
3.1440E-04

	
5.5412E-04

	
1.6554E-03

	
3.2074E-04

	
7.2990E-04

	
7.6864E-04

	
3.2839E-04

	
6.9969E-04

	
4.8440E-04

	
3.2524E-04




	

	
STD

	
3.8035E-04

	
9.8253E-03

	
2.5721E-04

	
4.9369E-04

	
9.1594E-03

	
9.9180E-03

	
1.4908E-04

	
3.1653E-04

	
6.0669E-04

	
2.6174E-04

	
2.1027E-02

	
9.1516E-05




	

	
p-value

	
1.1888E-02

	
3.9415E-01

	
4.5309E-02

	
9.8187E-01

	
2.7425E-01

	
4.1222E-01

	
4.3345E-01

	
7.4953E-01

	
3.0403E-01

	
9.2164E-01

	
7.1625E-02

	
NaN




	

	
h

	
1

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
7

	
10

	
2

	
6

	
11

	
9

	
4

	
8

	
3

	
5

	
12

	
1




	
F16

	
Worst

	
−1.0306E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0314E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0167E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00




	

	
Average

	
−1.0313E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0315E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0231E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00




	

	
Best

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0301E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00

	
−1.0316E+00




	

	
STD

	
4.4362E-04

	
7.4564E-15

	
9.7513E-09

	
9.0048E-05

	
1.5128E-05

	
4.4567E-08

	
6.6134E-03

	
1.8769E-13

	
1.2820E-16

	
0.0000E+00

	
1.5246E-07

	
1.2820E-16




	

	
p-value

	
4.8620E-02

	
4.2224E-02

	
4.2224E-02

	
4.4387E-02

	
4.2563E-02

	
4.2225E-02

	
4.2224E-02

	
4.2224E-02

	
4.2224E-02

	
4.2224E-02

	
4.2230E-02

	
NaN




	

	
h

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
11

	
4

	
6

	
10

	
9

	
7

	
12

	
5

	
3

	
1

	
8

	
1




	
F17

	
Worst

	
3.9953E-01

	
3.9789E-01

	
3.9791E-01

	
4.0439E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
1.0787E+00

	
3.9789E-01




	

	
Average

	
3.9852E-01

	
3.9789E-01

	
3.9790E-01

	
4.0041E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
6.0895E-01

	
3.9789E-01




	

	
Best

	
3.9792E-01

	
3.9789E-01

	
3.9789E-01

	
3.9796E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
3.9789E-01

	
4.3913E-01

	
3.9789E-01




	

	
STD

	
7.2792E-04

	
5.0805E-14

	
1.0205E-05

	
2.7695E-03

	
2.6877E-08

	
9.9580E-07

	
0.0000E+00

	
4.3341E-13

	
0.0000E+00

	
1.7764E-15

	
3.1333E-01

	
0.0000E+00




	

	
p-value

	
3.2798E-01

	
2.2294E-01

	
2.2422E-01

	
8.4769E-01

	
2.2294E-01

	
2.2324E-01

	
2.2294E-01

	
2.2294E-01

	
2.2294E-01

	
2.2294E-01

	
2.3258E-01

	
NaN




	

	
h

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
10

	
5

	
9

	
11

	
7

	
8

	
1

	
6

	
1

	
4

	
12

	
1




	
F18

	
Worst

	
3.0717E+00

	
3.0000E+00

	
3.0022E+00

	
3.0003E+00

	
3.0000E+00

	
8.4000E+01

	
3.0000E+00

	
3.0000E+00

	
3.0089E+01

	
3.0000E+00

	
9.3087E+01

	
3.0000E+00




	

	
Average

	
3.0363E+00

	
3.0000E+00

	
3.0007E+00

	
3.0001E+00

	
3.0000E+00

	
2.3250E+01

	
3.0000E+00

	
3.0000E+00

	
1.0151E+01

	
3.0000E+00

	
4.8067E+01

	
3.0000E+00




	

	
Best

	
3.0066E+00

	
3.0000E+00

	
3.0001E+00

	
3.0000E+00

	
3.0000E+00

	
3.0000E+00

	
3.0000E+00

	
3.0000E+00

	
3.1441E+00

	
3.0000E+00

	
3.0000E+00

	
3.0000E+00




	

	
STD

	
3.3175E-02

	
3.5171E-13

	
9.9674E-04

	
1.3095E-04

	
1.5141E-10

	
4.0500E+01

	
2.8320E-15

	
5.9994E-13

	
1.3294E+01

	
5.1279E-16

	
5.1876E+01

	
1.7578E-15




	

	
p-value

	
3.2559E-01

	
3.2333E-01

	
3.2338E-01

	
3.2334E-01

	
3.2333E-01

	
5.6139E-01

	
3.2333E-01

	
3.2333E-01

	
3.2333E-01

	
3.2333E-01

	
2.0653E-01

	
NaN




	

	
h

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
9

	
4

	
8

	
7

	
6

	
11

	
2

	
5

	
10

	
1

	
12

	
3




	
F19

	
Worst

	
−3.85522E+00

	
−3.85628E+00

	
−3.7519E+00

	
−3.85491E+00

	
−3.85626E+00

	
−3.85556E+00

	
−3.85628E+00

	
−3.85628E+00

	
−3.85628E+00

	
−3.3798E+00

	
−3.85415E+00

	
−3.85628E+00




	

	
Average

	
−3.85578E+00

	
−3.85628E+00

	
−3.85251E+00

	
−3.85520E+00

	
−3.85627E+00

	
−3.85589E+00

	
−3.85628E+00

	
−3.85628E+00

	
−3.85628E+00

	
−3.5949E+00

	
−3.85450E+00

	
−3.85628E+00




	

	
Best

	
−3.85627E+00

	
−3.85628E+00

	
−3.85555E+00

	
−3.85547E+00

	
−3.85628E+00

	
−3.85627E+00

	
−3.85628E+00

	
−3.85628E+00

	
−3.85628E+00

	
−3.7898E+00

	
−3.85523E+00

	
−3.85628E+00




	

	
STD

	
4.3471E-03

	
1.2362E-09

	
4.9029E-02

	
2.8013E-03

	
7.9323E-05

	
3.6209E-03

	
0.0000E+00

	
5.3811E-13

	
3.6260E-16

	
1.8733E-01

	
4.9600E-03

	
0.0000E+00




	

	
p-value

	
3.0902E-02

	
2.8796E-02

	
5.4899E-02

	
3.3516E-02

	
2.8824E-02

	
3.0430E-02

	
2.8796E-02

	
2.8796E-02

	
2.8796E-02

	
2.8796E-02

	
3.7043E-02

	
NaN




	

	
h

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
8

	
5

	
11

	
9

	
6

	
7

	
1

	
4

	
1

	
12

	
10

	
1




	
F20

	
Worst

	
−2.9938E+00

	
−3.1768E+00

	
−2.3872E+00

	
−1.6547E+00

	
−3.1527E+00

	
−3.0868E+00

	
−3.2031E+00

	
−3.2013E+00

	
−3.2031E+00

	
−3.2031E+00

	
−2.7968E+00

	
−3.1517E+00




	

	
Average

	
−3.0975E+00

	
−3.1830E+00

	
−2.6300E+00

	
−2.4959E+00

	
−3.2132E+00

	
−3.2632E+00

	
−3.2625E+00

	
−3.2617E+00

	
−3.2625E+00

	
−3.2923E+00

	
−2.9562E+00

	
−3.2723E+00




	

	
Best

	
−3.1846E+00

	
−3.1954E+00

	
−2.7676E+00

	
−3.1119E+00

	
−3.3191E+00

	
−3.3220E+00

	
−3.3220E+00

	
−3.3220E+00

	
−3.3220E+00

	
−3.3220E+00

	
−3.0427E+00

	
−3.3179E+00




	

	
STD

	
9.9666E-02

	
8.5867E-03

	
1.7319E-01

	
6.8763E-01

	
7.3171E-02

	
1.1761E-01

	
6.8643E-02

	
6.9618E-02

	
6.8643E-02

	
5.9446E-02

	
1.0898E-01

	
8.0742E-02




	

	
p-value

	
3.4017E-03

	
6.9842E-04

	
5.2693E-04

	
7.1830E-01

	
8.0921E-04

	
9.2451E-04

	
4.9920E-04

	
5.0808E-04

	
4.9920E-04

	
3.5429E-04

	
1.8894E-02

	
NaN




	

	
h

	
1

	
1

	
1

	
0

	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
NaN




	

	
Rank

	
9

	
8

	
11

	
12

	
7

	
3

	
4

	
6

	
5

	
1

	
10

	
2




	
F21

	
Worst

	
−1.0044E+01

	
−2.6829E+00

	
−5.0520E+00

	
−8.7837E-01

	
−2.6304E+00

	
−4.9130E+00

	
−2.6829E+00

	
−5.0552E+00

	
−2.6305E+00

	
−2.6829E+00

	
−1.5765E+00

	
−1.0149E+01




	

	
Average

	
−1.0120E+01

	
−6.4180E+00

	
−6.3064E+00

	
−2.7683E+00

	
−4.4716E+00

	
−6.2894E+00

	
−5.1435E+00

	
−7.6156E+00

	
−8.2722E+00

	
−6.4180E+00

	
−2.9887E+00

	
−1.0151E+01




	

	
Best

	
−1.0149E+01

	
−1.0153E+01

	
−1.0065E+01

	
−4.8735E+00

	
−5.1008E+00

	
−1.0143E+01

	
−1.0153E+01

	
−1.0153E+01

	
−1.0153E+01

	
−1.0153E+01

	
−4.5023E+00

	
−1.0152E+01




	

	
STD

	
5.1114E-02

	
4.3130E+00

	
2.5056E+00

	
2.1882E+00

	
1.2277E+00

	
2.5702E+00

	
3.5220E+00

	
2.9302E+00

	
3.7612E+00

	
4.3130E+00

	
1.2935E+00

	
1.4880E-03




	

	
p-value

	
2.4617E-02

	
9.6079E-01

	
9.9274E-01

	
8.2021E-02

	
2.4900E-01

	
2.3863E-02

	
6.1801E-01

	
5.2156E-01

	
4.1747E-01

	
9.6079E-01

	
6.1581E-02

	
NaN




	

	
h

	
1

	
0

	
0

	
0

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
2

	
6

	
7

	
12

	
10

	
8

	
9

	
4

	
3

	
5

	
11

	
1




	
F22

	
Worst

	
−5.0378E+00

	
−2.7519E+00

	
−4.9987E+00

	
−5.2107E-01

	
−1.0188E+01

	
−1.0400E+01

	
−3.7243E+00

	
−2.7519E+00

	
−2.7659E+00

	
−2.7659E+00

	
−1.2534E+00

	
−1.0375E+01




	

	
Average

	
−6.9590E+00

	
−6.5774E+00

	
−5.0645E+00

	
−1.4625E+00

	
−1.0307E+01

	
−1.0401E+01

	
−6.0962E+00

	
−5.8531E+00

	
−8.4937E+00

	
−6.8240E+00

	
−2.5652E+00

	
−1.0391E+01




	

	
Best

	
−1.0056E+01

	
−1.0403E+01

	
−5.0875E+00

	
−3.5117E+00

	
−1.0398E+01

	
−1.0402E+01

	
−1.0403E+01

	
−1.0403E+01

	
−1.0403E+01

	
−1.0403E+01

	
−4.5544E+00

	
−1.0401E+01




	

	
STD

	
2.4015E+00

	
4.4173E+00

	
4.3892E-02

	
1.3783E+00

	
9.4078E-02

	
9.5577E-04

	
2.9465E+00

	
3.2335E+00

	
3.8185E+00

	
4.1511E+00

	
1.4088E+00

	
1.1408E-02




	

	
p-value

	
2.8864E-02

	
8.8433E-01

	
1.6576E-01

	
7.3654E-03

	
3.1727E-02

	
2.8553E-02

	
6.6582E-01

	
6.0274E-01

	
5.2161E-01

	
9.5693E-01

	
1.9658E-02

	
NaN




	

	
h

	
1

	
0

	
0

	
1

	
1

	
1

	
0

	
0

	
0

	
0

	
1

	
NaN




	

	
Rank

	
5

	
7

	
10

	
12

	
3

	
1

	
8

	
9

	
4

	
6

	
11

	
2




	
F23

	
Worst

	
−1.0512E+01

	
−4.8806E+00

	
−1.8585E+00

	
−9.4646E-01

	
−2.4217E+00

	
−2.4217E+00

	
−2.8711E+00

	
−2.8066E+00

	
−2.4217E+00

	
−3.85354E+00

	
−1.2013E+00

	
−1.0536E+01




	

	
Average

	
−1.0523E+01

	
−6.9426E+00

	
−4.9871E+00

	
−3.2865E+00

	
−4.7987E+00

	
−8.5059E+00

	
−8.6201E+00

	
−8.6040E+00

	
−8.5077E+00

	
−7.1859E+00

	
−4.2224E+00

	
−1.0536E+01




	

	
Best

	
−1.0535E+01

	
−9.3471E+00

	
−1.0536E+01

	
−4.6174E+00

	
−1.0528E+01

	
−1.0535E+01

	
−1.0536E+01

	
−1.0536E+01

	
−1.0536E+01

	
−1.0536E+01

	
−7.3080E+00

	
−1.0536E+01




	

	
STD

	
1.0420E-02

	
2.2857E+00

	
3.9644E+00

	
1.6939E+00

	
3.8764E+00

	
4.0562E+00

	
3.8326E+00

	
3.8649E+00

	
4.0573E+00

	
3.8688E+00

	
2.5257E+00

	
4.0454E-11




	

	
p-value

	
2.0261E-02

	
1.9951E-02

	
4.2554E-01

	
4.2320E-02

	
3.7748E-01

	
5.2688E-01

	
4.8060E-01

	
4.8724E-01

	
5.2649E-01

	
9.1729E-01

	
1.6135E-01

	
NaN




	

	
h

	
1

	
1

	
0

	
1

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
NaN




	

	
Rank

	
2

	
8

	
9

	
12

	
10

	
6

	
3

	
4

	
5

	
7

	
11

	
1




	

	
Mean ranking

	
7.2000E+00

	
6.0000E+00

	
8.1000E+00

	
9.6000E+00

	
7.3000E+00

	
6.7000E+00

	
5.4000E+00

	
5.7000E+00

	
3.7000E+00

	
5.4000E+00

	
1.0800E+01

	
1.4000E+00




	

	
Final ranking

	
8

	
6

	
10

	
11

	
9

	
7

	
3

	
5

	
2

	
3

	
12

	
1
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Table 7. UCI benchmark datasets.






Table 7. UCI benchmark datasets.





	Dataset
	Features No.
	Instances No.
	Classes No.





	Cancer
	9
	683
	2



	CMC
	10
	1473
	3



	Glass
	9
	214
	7



	Iris
	4
	150
	3



	Seeds
	7
	210
	3



	Heart
	13
	270
	2



	Vowels
	6
	871
	3



	Water
	13
	178
	3
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Table 8. The comparative results of HRSA and other clustering methods using eight datasets.






Table 8. The comparative results of HRSA and other clustering methods using eight datasets.





	
Dataset

	
Metric

	
Comparative Algorithms




	
AO

	
PSO

	
GWO

	
AVOA

	
WOA

	
RSA

	
ROA

	
AOA

	
HRSA






	
Cancer

	
Worst

	
2.9098E+03

	
1.6727E+03

	
2.9680E+03

	
3.4670E+03

	
3.5238E+03

	
3.5050E+03

	
3.5050E+03

	
3.5050E+03

	
7.1703E+02




	

	
Average

	
2.7388E+03

	
1.2148E+03

	
2.6393E+03

	
3.3097E+03

	
3.4419E+03

	
3.2415E+03

	
3.2415E+03

	
3.2415E+03

	
4.9848E+02




	

	
Best

	
2.6050E+03

	
6.7650E+02

	
2.3894E+03

	
3.0439E+03

	
3.3555E+03

	
2.7880E+03

	
2.7880E+03

	
2.7880E+03

	
2.5294E+02




	

	
STD

	
1.2285E+02

	
4.1186E+02

	
2.7025E+02

	
2.1505E+02

	
7.5799E+01

	
3.0883E+02

	
3.0883E+02

	
3.0883E+02

	
1.9627E+02




	

	
p-value

	
9.6175E-03

	
2.1793E-05

	
1.1166E-02

	
6.9577E-01

	
1.9649E-01

	
1.0000E+00

	
1.6244E-07

	
1.0000E+00

	
NaN




	

	
h

	
1

	
1

	
1

	
0

	
0

	
0

	
1

	
0

	
NaN




	

	
Rank

	
4

	
2

	
3

	
8

	
9

	
5

	
5

	
5

	
1




	
CMC

	
Worst

	
3.3274E+02

	
1.0104E+02

	
3.1034E+02

	
3.3504E+02

	
3.3443E+02

	
3.3470E+02

	
3.3470E+02

	
3.3470E+02

	
8.1049E+01




	

	
Average

	
3.2908E+02

	
8.4904E+01

	
3.0460E+02

	
3.3428E+02

	
3.3407E+02

	
3.3332E+02

	
3.3332E+02

	
3.3332E+02

	
6.7316E+01




	

	
Best

	
3.2649E+02

	
6.0653E+01

	
3.0189E+02

	
3.3292E+02

	
3.3340E+02

	
3.3199E+02

	
3.3199E+02

	
3.3199E+02

	
5.0947E+01




	

	
STD

	
2.3268E+00

	
1.4951E+01

	
3.2968E+00

	
8.1148E-01

	
4.6832E-01

	
1.1409E+00

	
1.1409E+00

	
1.1409E+00

	
1.3054E+01




	

	
p-value

	
6.3870E-03

	
3.0919E-10

	
7.7964E-08

	
1.6589E-01

	
2.1389E-01

	
1.0000E+00

	
6.1264E-11

	
1.0000E+00

	
NaN




	

	
h

	
1

	
1

	
1

	
0

	
0

	
0

	
1

	
0

	
NaN




	

	
Rank

	
4

	
2

	
3

	
9

	
8

	
5

	
5

	
5

	
1




	
Glass

	
Worst

	
3.1433E+01

	
1.6129E+01

	
2.9980E+01

	
3.5149E+01

	
3.4978E+01

	
3.5062E+01

	
4.3268E+00

	
3.5062E+01

	
3.5062E+01




	

	
Average

	
3.0876E+01

	
1.2067E+01

	
2.9199E+01

	
3.4583E+01

	
3.3710E+01

	
3.4938E+01

	
1.3341E+00

	
3.4938E+01

	
3.4938E+01




	

	
Best

	
3.0338E+01

	
9.9866E+00

	
2.7810E+01

	
3.4088E+01

	
3.2553E+01

	
3.4822E+01

	
0.0000E+00

	
3.4822E+01

	
3.4822E+01




	

	
STD

	
5.0092E-01

	
2.3606E+00

	
8.8269E-01
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