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1. INTRODUCTION 

The backpropagation algorithm is commonly employed for training purposes, Some potential challenges that 

should be considered are convergence problems and the risk of falling into the trap of local optimality. [1]. The 

interesting by the researchers of  the classifying optimization problems that included with the analyzing of the  large 

datasets with many variables. The number of variables in the optimization problem,  the problem's dimensions, is 

directly related to the overall size of the problem. As the amount of data that needs to be processed increases, so does 

the number of dimensions that must be taken into account [2].The Traditional mathematical frameworks also encounter 

the difficulty of depending on derivatives to solve optimization tasks. [3]–[5],[6]. 

This study attempted to discover  the possibility of utilizing the Whale Optimization Algorithm (WOA) to train 

artificial neural networks (ANNs) with the intent  of enhance their accuracy in the classification of the object. Artificial 

neural networks needs proper design to gain a  better classification, and this includes selecting  the best architectures, 

training methods, and efficient functions of the nodes. Our study focused on using the whale optimization algorithm to 

optimize the set of correlated weights in the network, which may help in finding the ideal weight for each neuron. The 

idea was that the whale optimization algorithm would improve the weights so that artificial neural networks could 

classify categories more accurately. So they tested having the algorithm tune the weights as a way to boost 

classification performance for the ANN models. Hence, the original WOA was improved by enhancing the framework 
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through the addition of a local search parameter, contraction factors and inertia weight. Therefore, the model used to 

train the ANN model was based on 10 known datasets sourced from the UCI ML repository for performance 

improvement [7]. The classification accuracy of the WOA-trained ANN was compared with that of the 

backpropagation-trained ANN, and the results demonstrated the superior performance of the WOA-trained ANN. The 

contributions to this work are as follows: i) improvement of the classification accuracy of ANN through the use of 

WOA for training; ii) enhancement of step size control by incorporating the mean of whales in the algorithm, allowing 

all whales in a group to contribute to finding the optimal solution for the worst whale based on inertia weight and 

contraction factors. This article is divided into the following sections: In Section 2, we aim to provide some background 

information on the proposed system, and Section 3 presents a brief overview of the proposed method. The discussion of 

the experimental findings can be found in Section 4, while the conclusions are outlined in Section 5. 

 

2. RELATED WORK 

Scholars have focused on the issue of high-dimensional classification tasks; the dimension of an optimisation 

problem is determined by its size, as an increase in problem size also leads to an increase in dimensionality. The 

conventional mathematical frameworks face the challenge of relying on derivatives to solve optimisation tasks [8]–

[10]. To address these issues, scholars have developed nature-inspired frameworks for training ANN models [11]. The 

study by [12] reported the training of an ANN using the Krill Herd Algorithm. The Adjusted Bat-inspired Algorithm 

has also been employed by many researchers for training ANNs. Several studies have utilised the modified Bat 

algorithm to enhance the structure and weights of ANNs, resulting in improved convergence quality [13]. 

Metaheuristics are categorised into population-based and single-based methods.  

The use of a single-based metaheuristic for ANN training begins with one solution and incorporates neighbouring 

solutions to find the optimum solution [14], [15]. On the other hand, training with population-based metaheuristics 

begins with multiple solutions and simultaneously searches for neighbouring solutions to achieve a diverse range of 

solutions. The search for the optimal solution continues until a stopping condition is met. The population-based 

metaheuristics are subclassified into swarm intelligence and evolutionary algorithms. Among the evolutionary 

algorithms, the Genetic algorithm has recently found application in improving the performance of ANNs. 

The ant colony algorithm has been used by some researchers to train ANNs. Adjusted ACO has also been adopted 

for learning the structure of feed-forward neural networks [16]. In [17], the multiverse model was used to find a 

solution to a global optimisation problem. PSO was developed by Kennedy & Eberhart, and since its launch, it has 

found applications in several areas, including ANN training [18]. The performance of adjusted PSO in finding solutions 

to simple problems is high, especially in tasks where other approaches may not perform well [19]. The improvement of 

the structure and weight of FFNN using Gaussian and Fuzzy-based models has also been reported. The use of the 

Gaussian distribution has been reported to improve the convergence of PSO [20]. 

A PSO-based approach has been proposed for determining synaptic weights in NN models to achieve low RMSE 

[21]–[23]. The study by Liu & Yin presented a nature-inspired PSO for ANN training. The adjusted acceleration 

operator of the PSO and the developed adjusted inertia weight helped optimise the weights and backpropagation 

thresholds of the ANN model. The efficiency of the approach was evaluated using the multimedia evaluation approach 

[24]. The present work proposes the use of the WOA for training ANNs. The algorithm is evaluated using 10 problem 

datasets sourced from the UCI ML repository to assess its performance [25].  

By examining the advantages of ANNs, it should be noted that the drawbacks of ANNs are being addressed 

gradually, and the advantages are improving daily. It is believed that ANNs will become an indispensable part of our 

lives in the future due to their growing importance.  

 

3. PROPOSED SYSTEM 

In a memplex, the best and worst whales are denoted by Xb and Xw, respectively, while the best whale in the 

population is denoted by Xg. The following equations are utilised to ascertain the worst whale: 

 

 
 

where Smax is the maximum feasible speed at which the whale may travel at a given latitude and longitude. i = 1, 2; 

the "Mgn" symbol represents the passage of time at the whale's current location. Each memplex goes through Mgn 

iterations, and a submemplex is built to avoid getting stuck in a local optimum. Members of the submemplex are 

chosen based on the fitness of the amphibians. Si equals a random number between 0 and 1 multiplied by the difference 

in quality between the best and poorest whales. Calculating the worst whale's new position with a step size of Si 

(Equation 2) gives us the updated position of the worst whale. If the fitness value of the new position is higher than that 

(1) 

 

 

(2) 
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of the old position, the old whale is replaced. In this case, the optimal global solution Xg is substituted into Xb, as 

indicated in Equations 3 and 4. 

 
If the fitness value does not increase, the ranking of the previous form will be determined randomly. This will 

continue until the termination condition is met. Equations 1 and 2 are utilised to adjust the position of the worst whale 

in the original WOA, and in each memplex, the algorithm attempts to leverage the information from the best whale to 

improve the performance of the worst whale. In addition, if the regional best whale is unable to perform its job, only 

then will the global best whale be utilised. However, this is not the best way to disseminate information about global 

best practices to the general public. The purpose of this research was to enhance the local search capability of the WOA 

by developing two algorithmic models. The first model was the original WOA. Secondly, the ASFL has been modified 

to include the contraction factors C1 and C2, and the ranking of the worst whale has been raised by averaging it with 

the others. The WOA can be enhanced with the use of the following equations: 

 

 
where C1 and C2 are non-negative constant acceleration parameters, R1 and R2 are random values between 0 and 

1 and w is the inertia weight (0.6). The average number of whales in a given memplex is expressed as a fraction of the 

total number of whales in that memplex. As seen in Equation 5, C1 and C2 determine the algorithm's path towards the 

optimal solution. Additionally, C1 and C2 evaluate the value orientation of one of the sections of Equation 5 on the 

right. If C1 is greater than C2, the algorithm will randomly search for the optimal solution around the Xb value. 

However, if C1 is less than C2, it will randomly search around the mean value. When C1 = C2, a parallel movement is 

implemented on both sides to find the optimal solution. Furthermore, a large step size, S, means that the algorithm will 

search faster with fewer steps, but reducing the step size can affect the chance of finding the best solution. Hence, the 

inertia weight, w, was introduced for step size adjustment. The flowchart of the standard WOA is shown in Fig. 2. 

 

(3) 

 

 

(4) 

(5) 

 

 

(6) 
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FIGURE 2. - Flowchart for the Whale Optimization Algorithm (WOA) 

4. RESULTS AND DISCUSSION  

To enhance the performance of the WOA, two variations of the algorithm are adopted. Classification problems 

were addressed using the WOA. The data set shown in Table 1 was used to evaluate the performance of the WOA. 

Programming of the adjusted algorithm was performed using C# in Visual Studio 2013. The dataset was normalised 

within the interval [0, 1], while the selection of initial weights for the ANN model was done randomly within the range 

of [-10, 10]. The hidden layer output was calculated using the Tang-Sigmoid transfer function. The computation of the 

output of the output layer neurons was done with the log-sigmoid transfer function. The fitness function of the 

algorithm was based on the mean squared error (MSE). A total of 1000 iterations were implemented for the WOA, 

while performance accuracy was validated using 10-fold cross-validation. Table 1 shows the parameters of the WOA 

used in this study.  

We set the number of iterations of the WOA's (WOA) w parameter to 0.6. This number was used to adjust the 

distance between the original and replacement whales' locations. That's why it's useful to examine the inertia weight 

value when comparing the effectiveness of the algorithm with large and tiny steps. Both C1 and C2 were modified at 2, 

making their respective impacts on the right-hand side of the step size equation S equal. In addition, the random R1 and 

R2 values have opposite effects on the left and right sides of the step size equation S. The parameter values, memplex 

count, total population size and individual whale count were all the same between the two versions of the WOA. We 

compared the efficiency of our suggested method to. The results of the experiment with the WOA are listed in Table 2. 

 

Table 1. - Whale Optimization Algorithm (WOA) parameters 

 

Parameter Value 

Number of memplex m = 4 

Number of whales in each memplex n = 9 

Number of whales in the community as a whole F = 49 

The maximum allowed change in the whale position Smax = 1.8 

Constant acceleration C1 and C2 C1 = C2 = 3 

Random numbers R1 and R2 Random value between 0 and 2 

Weight of inertia w = 0.5 
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Table 2 explains the methodology employed to determine the particular values for the parameter w, which were 

derived through a series of iterative tests. 

 

Table 2. - Repeated inertia-weight tests for reliability 

 

Dataset test       w = 0.2    w = 0.6    w = 0.7    w = 0.8    w = 0.9    w = 0.1     w = 0.2 

Iris 94.22 95.64 94.00 94.32 95.65 94.31 94.65 

Haber 75.16 73.83 72.55 71.16 71.55 72.51 73.77 

Liver 63.93 63.95 73.44 74.56 65.72 75.63 75.35 

Wine 93.45 96.04 97.88 97.26 98.64 95.66 94.85 

Thyroid 94.18 93.75 99.18 90.72 90.70 96.66 95.70 

E. coli 76.89 78.72 76.22 87.42 81.72 77.25 78.12 

Heart 71.37 71.22 76.92 68.62 66.14 67.17 66.87 

Balance 88.71 87.12 87.23 91.21 90.86 90.16 90.47 

Blood 78.48 77.68 76.66 79.68 78.87 76.88 77.45 

Diabetes 71.68 75.54 78.63 78.14 77.10 74.21 77.66 

 

Table 3 indicates the rankings and shows that a value of w = 0.6 yielded the best results. Consequently, the 

previously established value for inertia mass was employed in the implementation of the WOA. 
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Table 3. - Values of inertia weight is ranked 

 

Dataset test w = 2 w = 0.7 w = 0.6 w = 0.5 w = 0.5 w = 0.4 w = 0.2 

Iris 2 2 1 4 5 3 1 

Haberman 2 3 3 5 4 5 2 

Liver disorder 5 5 3 3 6 2 1 

Wine 6 4 4 3.1 7 2 2 

Thyroid 3 2 2 3 7 2 3 

E. coli 6 3 6 1 8 3 4 

Heart 2 4 2 3 8 4 7 

Balance 6 6 6 4 4 3 2 

Blood transfusion 3 5 7 3 3 3 3 

Diabetes 6 7 6 3 2 4 1 

Mean 4 4.7 4.7 6.2 7.8 3.3 2.2 

 

Table 3 shows that the WOA demonstrated improved performance in both training and testing accuracy at w = 0.6 

compared to w = 1 under identical conditions. The small step size of the method, when w is small, allows for a more 

thorough search of the solution space, leading to improved speed. When applied to the datasets, the WOA showed 

superior training performance with a value of w = 0.6. Except for the Heart, Haberman and Blood datasets, the 

suggested algorithm outperformed the other methods. In terms of testing accuracy, the proposed approach 

outperformed the SFLA on all datasets, except for the Haberman, Heart and Thyroid datasets. At w = 0.6, the WOA 

exhibited greater performance compared to the alternative technique in relation to training accuracy. However, it only 

demonstrated superior testing accuracy compared to the algorithm on the Haberman's Survival, Liver Illness, Blood, 

Iris, Wine, E. coli, Thyroid and Balance datasets. When compared to the SFLA, the results of training and testing 

favour the WOA. 

To achieve optimal results, ANN algorithms necessitate a thorough training period. Except for the Heart dataset, 

the WOA performed admirably on all the other datasets. For all three data types—continuous, integer and mixed—the 

optimal value of w for the WOA is 0.6, not 1. The following charts display the results of the accuracy tests conducted 

on each dataset using various comparison algorithms. 

 

 
 
         FIGURE 1. - Pima diabetes test results                                            FIGURE 2. - Haberman's survival function test results 
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          FIGURE 3. - Liver disorder algorithm comparison tests                                FIGURE 4. - Blood-transfusion algorithm evaluation results 

 

 
             

              FIGURE 5. - Iris algorithm comparison test outcomes                                          FIGURE 6. - Wine algorithm comparison test results 

 

 

 
 

                      FIGURE 7. - The outcomes of thyroid tests                                                FIGURE 8. - The outcomes of the E. coli algorithm tests 
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             FIGURE 9. - The outcomes of heart failure comparison tests                        FIGURE 10. - Compared balance algorithm testing results  

 

5. CONCLUSION 

A WOA algorithm was proposed in this paper. WOA was able to identify the synaptic weights of the ANN. The 

efficacy of the suggested WOA-trained ANN model was measured using 10 datasets available through the UCI ML 

repository. The Min-Max normalisation technique was used to modify the datasets. The effectiveness of the proposed 

WOA algorithm was evaluated using datasets with different features. When applied to the selected datasets, WOA 

approaches enhanced accuracy. By incorporating the mean of the whales into the algorithm, every whale in the group 

was able to contribute to finding the optimal solution for the weakest whale. When compared to the SFLA algorithm, 

the suggested WOA often produces higher accuracy rates during both training and testing. The MSE value of the WOA 

is low, indicating that it converges quickly. In comparison to the other SFLA algorithms discussed in our research, the 

WOA has a shorter execution time. The WOA algorithm will be improved in the future by being hybridised with other 

optimisation strategies to provide more robust frameworks for training ANNs. 
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