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    The Digital Pillbox: Integrating AI, IoT, and Pharma Solutions (Part-II) explores the convergence of cutting-edge technologies shaping the future of healthcare and medication management. Building upon the foundation laid in Part I, this volume dives deeper into advanced topics such as robotic automation, smart pillboxes, ethical frameworks, and the integration of IoT across various pharmaceutical and healthcare platforms. It highlights futuristic trends, the societal impact of digital tools, and strategic approaches for building connected patient-centric systems. The chapters are authored by interdisciplinary experts who examine not only the technological benefits but also the ethical, regulatory, and operational challenges faced in real-world implementation. This book aims to serve as a comprehensive guide for healthcare professionals, technologists, researchers, and policymakers, providing insights into the potential of digital innovation to enhance patient outcomes, streamline care delivery, and transform global health systems. We hope this volume inspires thoughtful dialogue, practical integration, and sustained innovation in digital healthcare.
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      Abstract




      The extraction of optimal parameters of Artificial Neural Networks (ANN) is a tedious task, as it requires continuous efforts. This process also leads to high cost and low efficiency. To overcome these problems, we have proposed a hybrid model of the Particle Swarm Optimization Algorithm (PSO) and Salp Swarm Algorithm (SSA), namely PSO-SSA, which combines three strategies, namely the Weighted Position Strategy, Adaptive Velocity, and Locality Pruning Strategy. To study the effectiveness of the proposed model, the model is applied to seven classification problems varying from low-dimensional to high-dimensional, namely, 3-digit XOR, Iris, Balloon, Breast Cancer, Heart, MicroMass, and Health News on Twitter. The extensive comparative study shows that our model performed best among other state-of-the-art techniques. The performance metrics used are convergence rate, classification accuracy, general performance, and Mean Square Error (MSE).
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      INTRODUCTION




      Artificial Neural Networks (ANN), bioinspired by the neurons in the human brain, are conventional computational intelligence tools. They can perform tremendous parallel computations; therefore, their application domain ranges from solving classification and clustering to approximating function problems [1]. The classification problem involves two phases, training and testing. During ANN training, the data sets are randomly divided into training data sets and test data sets [2-4]. The training data sets build the classification model, which is then




      applied to the test data sets to predict the class label [5]. Training the ANN is an optimization problem in which we find the weights and biases to minimize the Minimum Square Error (MSE) [6]. Since the search space of ANN is complex, multimodal, and high-dimensional, therefore, training the ANN requires an effective optimization technique.




      According to the state-of-the-art literature techniques, training of the ANN can be of two types, Deterministic and Stochastic. Deterministic training uses mathematical optimization techniques to train the ANN. If the test samples are compatible, the classification accuracy achieved by deterministic training remains the same consistently, e.g., gradient-based [7] and back propagation [8]. These trainers demonstrate effective convergence; however, if the initial solution is near the local optima, it gets stuck and affects the quality. On the other hand, the stochastic techniques use metaheuristics to improve the solution quality by avoiding the local optima trap. They are also known as metaheuristic optimization algorithms. They are, nevertheless, slower than deterministic methods. These techniques sample multiple regions of the search space and have a high capability of achieving exploration and exploitation, e.g., Particle Swarm Optimization (PSO) [9], Firefly Algorithm (FA) [10], Chameleon Swarm Algorithm (CSA) [11], Red Fox Algorithm (RFA) [12], Horse Optimization Algorithm [13], Bat Algorithm [14], Differential Evolution (DE) [15], Bacterial Foraging Algorithm [16], and many more.




      Metaheuristic algorithms can successfully train ANNs due to the following characteristics: 1) They are global optimizers, 2) they have the ability to balance exploration and exploitation, 3) they can solve the nonlinear and multimodal problems due to their gradient-free behavior, and 4) they avoid local minima to a large extent due to their stochastic behavior [17, 18]. Each metaheuristic optimization algorithm has its advantages and disadvantages for training the ANN. FA helps optimize the weights of the ANN, though its convergence time is relatively higher [19]. CSA has been used for feature selection, which is an important step in the subsequent classification task using ANN [20]. It gives good convergence speed and accuracy and performs parallel search effectively, but it sometimes offers random solutions and is complicated. PSO is a simple- to-implement algorithm and takes less time in computations, but it has poor exploration ability [21]. Artificial Bee Colony Algorithm (ABC) and bacterial foraging algorithm have good global convergence against other optimization algorithms, but have a limited search space for initial solutions [22]. RFA and SSA are used to solve high-dimensional problems, but they have weak searchability. We can conclude that no optimization technique is capable of solving real-world problems (no-free lunch theorem) [23]. Many global optimizers were capable of optimizing neural networks by finding the weights and biases, though the convergence was not fast. Hence, there was a need to find the best optimal parameter values and ensure faster convergence in addition to exploration-exploitation balance. Some optimization algorithms from the literature got stuck in the local optima trap and led to premature convergence and higher computational costs. Also, there is no mention of the overfitting problem, which is the phenomenon where the algorithm gives the best performance on training data but poor performance on generalization [24]. It is the biggest challenge in the ANN optimization that hampers the quality of solutions. Metaheuristic algorithms can impact the performance of ANNs by addressing the overfitting problem.




      The literature shows that there have been a lot of surveys using metaheuristic optimization algorithms to solve classification using neural networks. The various optimization algorithms have been applied and tested on feed-forward neural networks to prove their efficiency and reduce MSE [25]. The Arithmetic Optimization Algorithm has been used to optimize the weights in ANN by the authors [26]. The authors simulated the proposed algorithm by replacing healthy generation with improved indicators. This paper highlights the use of nature-inspired algorithms in improving the accuracy and performance of ANNs. The multi-objective grey wolf optimizer was used to train the network by selecting the optimal values as weights and biases between the layers [27]. The paper showed an integration of optimization algorithms and ANNs for complex systems and highlights the importance of optimization algorithms for achieving the right predictions. A thorough analysis of results showed good performance over other conventional algorithms. The biological neurons are imitated by training the artificial neural networks using cuckoo search with Levy flight behavior [28]. The algorithm demonstrated good convergence compared to other state-of-the-art algorithms and successfully classified the patterns. The neural network model was processed using the genetic algorithm [29] and used to predict accurate air temperature. The authors determined the optimal duration and resolution of the weather variable using the proposed model. The results were good, though the parameter settings were fixed and could not be changed.




      In the same context, many variants of PSO have come up over the years to optimize artificial neural networks since PSO works on the current best and the global best solution, which results in a quality solution. It is relatively simple and efficiently solves real-world problems [30]. The hybrid of PSO and Gravitational Search Algorithm (GSA) was proposed by Mirjalili et al. [31]. The use of PSO bridled the slow searching speed of GSA, and the resultant hybrid trained the ANN model. The analysis proved that the PSO-GSA hybrid could solve the neural networks without getting trapped in local optima and with good convergence speed. Also, this paper showed the ability of nature-inspired algorithms to improve the efficiency of neural networks in terms of convergence and accuracy. Jianbo Yu et al. [32] proposed an improvement in the existing PSO, where the PSO was used to optimize the weights of neural networks and their structure. However, PSO suffers mainly due to a lack of momentum that leads to stagnation of swarm movement in the local optima region. The classification performance was improved in both structural and weight optimization using modified PSO. However, it hinders its efficiency and leads to the local optima trap. Another metaheuristic algorithm named the Salp Swarm Algorithm (SSA) [33], inspired by the simulation behavior of the salps, shows superior performance in optimizing neural networks. This algorithm has rapid harmonized changes and foraging behavior, where follower salps follow the leader salps [34]. Many researchers have tried to improve the efficiency and convergence of SSA. The authors [35] incorporated the space transformation search in SSA, where they estimated the candidate solutions on two search spaces and passed the optimum solutions to the next iteration. SSA was improvised using PSO and applied in the feature selection problem; however, it did not cater to high-dimensional datasets for classification problems of ANN [36]. Ahmed et al. proposed a hybrid PSO and SSA for the large economic load dispatch problem, and it gives a good global optimum solution [37]. It fails to reduce the convergence rates and takes longer to execute. Multi-objective SSA was used to optimize the neural networks to determine the best values of the input and the best activation function [38]. It shows the performance of SSA in improving the performance of ANN in a specific prediction task. The performance parameters were accuracy, generalization, and prediction. The results of the comparison among the resultant algorithm, multi-objective PSO-based neural networks, and the multi-objective crow algorithm proved the superiority of multi-objective SSA over others. The SSA and chaos theory hybrid could minimize the features while maximizing the classification accuracy in feature selection problems [39]. An extension of the original SSA incorporated the opposition-based learning and local search strategy in feature selection problems to overcome the local optima trap [40]. However, due to the poor exploitation ability of SSA, its convergence is very slow. Therefore, there is a dire need to design an optimization algorithm that can perform better in real-world problems, has good exploration and exploitation, avoids local optima, and is effective.




      The above challenges motivate us to develop a hybrid of two metaheuristic optimization algorithms for better performance and quality solutions. In this paper, we have developed a novel hybrid PSO and SSA named PSO-SSA, and modified the hybrid using three novel strategies, namely, the Weighted Position strategy, Adaptive Velocity, and the Locality Pruning Strategy. In the Weighting Position method, the weights are added to update equation of SSA to rank the search agents. In this way, the search agents with better ranks are driven towards the global optima solution. It leads to better convergence and a better exploration-exploitation balance. In Adaptive Velocity, we introduce a new velocity update equation to update the velocity of particles using a scaling factor. This approach is low-level, heterogeneous, and co-evolutionary [41]. In the locality pruning method, the weaker search agents are replaced in the neighborhood of the stronger search agents. In this way, the weak search agents are not eliminated but replaced with newer positions that have a higher chance of reaching global optima at a faster rate. Also, this strategy ensures local optima trap avoidance and better results. Statistical tests validate the performance of the proposed technique on nine standard benchmark functions and 28 CEC_2017 benchmark functions. The proposed algorithm optimizes the weights and biases while training the feed-forward ANN and improves the classification accuracy of five UCI data sets. The unbounded activation function in the neural network was used, which has resulted in reducing the problem of overfitting. To the best of our knowledge, PSO and SSA are not applied for the classification of high-dimensional datasets, so the decision to choose PSO and SSA for hybridization is wise. Although there are many different metaheuristic algorithms that are already in use, there are several convincing reasons for combining PSO and SSA in our study. Firstly, PSO and SSA are both well-known and popular metaheuristic algorithms that are renowned for their efficiency in tackling optimization issues. The proposed algorithm harnesses the strengths of both algorithms and combines their individual exploration and exploitation capabilities to create a synergistic optimization strategy. Second, the combination of PSO with SSA improves the overall efficiency of the optimization process. While SSA offers its adaptive and swarm intelligence traits, which might facilitate efficient convergence towards global optima, PSO brings its capacity to efficiently explore the search space and exploit promising regions. Further evidence for the selection of PSO and SSA as the fundamental algorithms for hybridization comes from significant research and their successful implementations in a variety of fields. These algorithms have proved effective in solving challenging real-world optimization problems and complex optimization landscapes. The results show that the proposed methodology has good performance and offers high stability in solving the classification problem. Fig. (1) shows the novelty of the proposed work.
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Fig. (1))


      The new proposed model.



      The main contributions of the paper are as follows:





      

        	Hybridization of PSO and SSA-A novel algorithm, is proposed to improve the convergence of global optimization problems. This algorithm is based on a hybrid of nature-inspired algorithms, namely, PSO and SSA. The PSO has the best exploitation ability, and the SSA has the best exploration ability, so the decision to choose PSO and SSA for hybridization is wise. To achieve the best result, 30 runs of each model were run.




        	Innovative Strategies - To improve the convergence rate and avoid local optima traps, three new strategies are introduced, namely, the Weighted Position strategy, Adaptive Velocity, and the Locality Pruning strategy, to improve the performance of the proposed hybrid PSOSSA model.




        	Implementation and validation of the proposed algorithm are carried out on nine standard and 28 CEC_2018 benchmark functions. The model is tested using four performance parameters: global optimum value, mean, standard deviation, and convergence curve.




        	Comparative Analysis-The proposed model’s performance is compared against other nature-inspired algorithms. Comparison with seven other methods proves the improved performance and uniqueness given by PSO-SSA. To evaluate the statistical significance of the algorithm, the Friedman test is performed.




        	Effective Optimization of ANN-Implementation of the proposed approach is carried out by optimizing the weights and biases while training the ANN and applied to seven UCI classification datasets. The datasets of different dimensions (low and high) are used to validate the performance of the proposed method. The unbounded activation function is used in training ANNs using PSO-SSA, because of which the problem of overfitting in neural networks has been significantly reduced. We have used five performance indicators: MSE, standard deviation, convergence rate, classification accuracy, and generalization performance. The effectiveness of the suggested model using a real dataset demonstrates the significance and scope of its application.


      




      The structure of the paper is as follows: Section 2 describes the Particle Swarm Optimization, the Salp Swarm Algorithm, and the training of neural networks. Section 3 describes the proposed model with all three strategies and its application in optimizing neural networks. Section 4 provides the experiments and discussions in detail. The last part of the paper includes conclusions and future work.


    




    

      



      PRELIMINARIES




      

        



        Particle Swarm Optimization




        The PSO [9], inspired by the social behavior of bird flocking and fish schooling, achieves optimization by repeatedly improving the candidate solutions (particles) for a quality metric. Initially, a set of particles is selected, and then these particles move in the search space using the position and velocity equations of PSO. The movement of each particle is affected by its best local position and guided towards the global location (the best-known location in the search space). Whenever the particles find better locations compared to their present state, they update themselves. It enables the entire swarm of particles to converge on the optimal solution. The basic idea of PSO is to converge each particle to the global best (Gbest) position along with the local best (Pbest) position with each iteration. The particles try to modify their current velocity and position according to Equation (1) and Equation (2), respectively.
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            	(1)
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            	(2)

          


        




        where, w=weighting function (inertia), vit= current velocity of ith particle, a1& a2= acceleration coefficients, r1 & r2 =random coefficients between [0,1], posit= current position of ith particle, Pbesti=best previous position of ith particle, and Gbest = global best solution so far of all particles.




        The first part of Equation (1), i.e., wvit maintains the current direction and also provides the ability to explore; the second part, i.e., a1×r1×(Pbesti −posit) gives the cognitive component (private thinking), and the third part, i.e., a2×r2×(Gbest−posit)gives the social component (collaborative approach). The social and cognitive learning has a significant role in balancing the exploration and exploitation of the swarm optimization. The cognitive coefficient works on the global search, and the social coefficient works on the local search. In several modifications of PSO, these two parameters are adjusted to enhance the performance and achieve better convergence.




        The steps of PSO are summarised in Algorithm 1.




        Algorithm 1 Particle Swarm Optimization Algorithm




        Initialize the controlling parameters




        Do




        For each particle




        Calculate the objective of the particle




        Update Pbest whenever required




        Update Gbest whenever required




        End for




        Update the inertia weight




        For each particle




        Update the velocity by using Equation (1)




        Update the position by using Equation (2)




        End for




        While the end condition is not fulfilled




        Return the best global optima, Gbest


      




      

        



        Salp Swarm Algorithm




        A novel Salp Swarm Algorithm [33] takes inspiration from the foraging behavior of salps in chains using harmonized movements. This movement was mathematically modeled and tested on various optimization functions. SSA is a population-based approach that divides the population into two groups-Leader and followers. The leader salps are the pioneers in the chain and guide the remaining salps, who become the followers. In this way, the salps move together towards the global best position. A swarm X consisting of n salps in d-dimensional space can be represented in the matrix as given in Equation (3).
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            	(3)

          


        




        The leader salp updates its position while moving towards the food source according to Equation (4).
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            	(4)

          


        




        Where xj1 denotes the position of the leader in jth dimension. Fj is the food source that influences the movement of the salp. lbj refers to the lower bound, and ubj refers to the upper bound. c2, and c3 are random variables between the range [0,1]. c1 is the controlling parameter to balance the exploration and exploitation phases and is calculated in Equation (5).
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            	(5)

          


        




        where t is the current iteration and max_Iter is the maximum number of iterations.




        After the position of the leader is updated, the followers update their positions according to Equation (6).
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            	(6)

          


        




        where i ≥ 2 and xij is the position of ith follower along j dimension. The steps of the SSA algorithm are summarized in Algorithm 2.




        Algorithm 2: Salp Swarm Algorithm




        Initialize the controlling parameters.




        While t = 1: maxI ter




        Evaluate the fitness of the salp




        Set F as the best salp




        Update c1 using Equation (5)




        For each salp xi




        if (i==1)




        The position of the leader salp is updated using Equation (4)




        else




        The position of the follower salp is updated using Equation (6)




        endif




        End for




        End while




        The best solution F is returned


      




      

        



        Training and Classification in Feed-forward Neural Networks




        The Feedforward Neural Networks (FNN) with three layers [42], namely the input layer, output layer, and hidden layer, are widely used in many practical applications like diagnosing medical problems [43], classification problems [44], approximating functions [3], etc. These networks consist of neurons that act as processing elements distributed over a series of connected layers. Fig. (2) shows the basic structure of a three-layer FNN, where the input layer has y nodes, the hidden layer has h nodes, and the output layer has one node.
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Fig. (2))


        Feedforward Neural Network with weights and biases.



        The two functions performed on the neural networks are summation and activation [45]. Equation (7) defines the summation function.
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            	(7)

          


        




        Where for y total number of inputs, ωij is the connection weight between the nodes i and j, Ii refers to the input variable, and Bj is the bias added to node j of the hidden layer.




        The activation function applies to the output of the summation function. The most commonly used activation function for neural networks is the sigmoid function [46], but it leads to the overfitting problem due to its bounded nature. Hence, using an unbounded activation function significantly reduces the problem of overfitting. In the present work, we use the unbounded activation function named Leaky Rectified Linear Unit (Leaky-ReLU), which is defined as Equation (8).
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            	(8)

          


        




        0.01 is taken as the value of α. Equation (9) gives the output of hidden node j after applying the summation and activation function.
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            	(9)

          


        




        After obtaining the outcome, the weights are changed and rationalized to estimate the results and minimize the error. This step is termed the learning step. The learning error for the kth training sample is calculated in Equation (10).
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            	(10)

          


        




        where oki is the output obtained and dki is the expected output for the ith input node and the kth training sample.




        Equation (11) shows the total learning error, or the Mean Square Error (MSE), evaluated as the sum of squares of the difference between the actual and desired output for all input values, divided by the total training samples.
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            	(11)

          


        




        where E is the training error and q is the total number of training samples. Similarly, Equation (11) gives the generalization error G for the generalization samples. As E is for the training samples, similarly, G is for generalization samples.




        While optimizing the neural network, the learning error becomes the fitness function, shown in Equation (12). Since the learning error should be minimized, this becomes a minimization problem.
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            	(12)

          


        




        The structure of the neural network is constant, and the optimization algorithm finds a balance between the weights and bias to minimize the overall error, i.e., MSE in neural networks, and increase the classification rate. While doing this, we addressed three concerns: presenting the fitness function, the problem of overfitting, and determining the encoding strategy . The first issue is the presentation of the fitness function. So, to attain the fitness of the particles, they are sent to the FNN as weights and biases. The FNN evaluates the particle according to the training dataset. The fitness function is the MSE obtained by using Equation (11). The FNN with the lowest value of MSE is the best. The second issue is the problem of overfitting. Overfitting occurs when the algorithm gives the best performance on training data but poor performance on generalization. This abnormal behavior is due to an excess of free parameters of neural networks. So, to reduce the overfitting behavior, we have used an unbounded activation function. The unbounded activation function eases the convergence of swarms, and our network does not face overfitting. One more way to reduce overfitting is an appropriate model selection. In this paper, the model used is constant and does not change. The third issue is the encoding strategy. Three types of encoding strategies are there, namely binary encoding, vector encoding, and matrix encoding [47]. In binary encoding, a string of 1’s and 0’s represents the weights and bias, but as the length of the particle increases, the structure becomes complex. In vector encoding, the vectors represent the weights and biases. It is used mainly for function optimization. In matrix encoding, the matrix represents the weights and biases. It is used to train neural networks. In this paper, we have used the matrix encoding strategy for training our Feed-forward ANN.




        Equation (13) gives the representation of each particle using the matrix encoding.
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            	(13)

          


        




        Where W1= Weight matrix of the hidden layer, B1= Bias matrix of the hidden layer, W2 = Transpose of Weight matrix of the output layer, and B2 = Bias matrix of the output layer.


      


    




    

      



      THE PROPOSED HYBRID PSO-SSA ALGORITHM




      This section describes the proposed PSO-SSA methodology in detail. PSO is a simple-to-implement algorithm having good exploitation capability with fine global searching ability, Gbest. However, it gets trapped in local optima and therefore suffers from stagnation. Alternately, SSA shows superior performance in avoiding local optima traps and has good exploration capability, but converges more slowly. So, consolidating both the algorithms achieves the balance between exploration and exploitation, and the convergence towards the global optima becomes faster. Also, PSO has an associated memory, Pbest, which is responsible for instantiating the next movement, while SSA does not have an associated memory. Hence, the hybrid creates a structure to control harmonized movement and avoid the local optima trap. Another compelling feature is that both the PSO and SSA are nature-inspired algorithms that are population-based, so they work over multiple agents and result in better exploration as compared to other single solution-based algorithms like simulated annealing, tabu search, etc. These reasons motivate us to use PSO and SSA together. To fully leverage the potential of conventional algorithms, we have introduced several novel enhancements to improve their capabilities, specifically weighting and replacement strategies. In addition, we propose a new velocity equation in PSO that expedites the convergence phenomenon and enhances its exploitation capability.




      

        



        Weighted Position Method




        In SSA, c1 is the controlling parameter to establish a balance between exploration and exploitation. This parameter is adaptive and decreases with each iteration, causing the salp to get closer to the food source (global optimum). Initially, the position of the leader salp is the closest out of all other salps to the food source, and the follower salps follow the leader to reach the food source. Here, the food source represents the global optima, and the best position is the maximum or minimum value of the fitness function. Theoretically, it is understandable that the leader is the one closest to the global value at the beginning of the search. However, during the conclusion of the final result, the leader salp can drift far from the global optima. It is due to the stochastic nature of any nature-inspired algorithm. So, in such a case, any follower salp can become a leader salp in future iterations.




        To accommodate the changing positions of the salps, we propose a new method to rank the follower salps and distinguish them based on their distance from the global optima. The weights to the follower salps are assigned, followed by assessing the rank. So, as the follower salps move towards the solution, their ranking gets promoted, i.e., the weights assigned to the salp’s position get incremented. In this way, we estimate the proximity of salps to the final solution. The ranking of salps using weights decreases the complexity and improves the algorithm performance [48]. The steps of weighted position are as follows:




        1. The particle with the best fitness becomes the leader and updates its position according to Equation (4).




        2. Then, δ1, δ2, and δ are evaluated using Equation (14), for assigning the weights.
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                    	(14)

                  


                


              


            


          


        




        Where δ1 is the fitness of the ith particle along the jth dimension, and δ2 is the fitness of the (i − 1)th particle (previous one). δ is the sum of both δ1 and δ2.




        3. The follower salps update their position considering their distance from the global solution by adding weights as per Equation (15).
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            	(15)

          


        




        Where i ≥ 2 and xij is the location of the ith particle along the j-dimension.




        4. Rank all the search agents based on their updated positions based on weights.





        Now in Equation (15), while updating the position of the particle, the weighting terms δ1/δ and δ2/δ are used before the positions of the ith and (i − 1)th particles. The significance of using weights for assigning ranks is that they reflect the preference of the decision-making and also give the preference order of the combination of the two positions. The weights increase with the number of iterations, and the controlling parameter decreases exponentially. It ensures better performance and avoids the local optima trap.


      




      

        



        Locality Pruning Method




        The weaker section does not exhibit promising computational ability, so to enhance the computational performance, we introduce the Locality Pruning method. In this method, the non-prevalent positions are pruned, and the weaker search agents are quickly shifted in the vicinity of the stronger agents. To achieve this, a random number θ is used, which falls in the range [0,1]. So, in the second half of the population i.e., from n/2 to n, each element of the second half gets a corresponding new position in the neighborhood of the first half. Let us say, if the population size is n=10, so in the sorted list, the search agent at the sixth position gets the new position in the vicinity of the first position, the seventh position gets the vicinity of the second position, and so on. The following pseudo-code describes this.




        1. SORT all the search agents based on weighted positions in descending order. The first half of the list gives the stronger agents, and the second half gives the weaker agents.




        2. Place the second half of the population of agents into the neighborhood of the stronger agents.




        For i = n/2 + 1, ..., n




        xji= (xji-n/2-1 − θ) where θ [image: ] [0, 1]




        End for




        3. Reiterate and calculate the fitness of all search agents.




        By pruning the locality of weaker sections, the exploitation of the search agents is achieved quickly. So, the search agents are not killed, but rather relocated to another location. In this way, we highly reduce the chances of missing the global optima, avoid the local optima trap, and optimize the performance time that could be wasted on evaluating weaker section agents.


      




      

        



        Adaptive Velocity




        In the adaptive optimization strategy, the search generally starts on a large scale to ensure better exploration and diversity. As the search progresses, the search area scales down to obtain a fine-tuned solution and ensure good exploitation ability. So, adaptation acts as a controlling parameter and scales down the search space. Keeping this strategy in mind, we now introduce a scaling factor in the velocity equation of PSO that changes adaptively with each iteration. Equation (16) shows the new velocity equation, i.e., the scaling factor for adaptation h [0,1] multiplied by the original velocity.
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            	(16)

          


        




        We found the value of the scaling factor h experimentally and obtained the best results at a value of 0.05. The velocity changes with each iteration, resulting in expediting the performance of the search agent.


      




      

        



        The algorithm




        Algorithm 3 shows the steps of the proposed approach with modifications in position and velocity. It starts with the initialization of all the search agents randomly. The algorithm progresses by calculating the fitness values of all the particles, and accordingly, Pbest and Gbest are updated. After all the fitness values are known, the particles with the best fitness value become the leader salp, and the rest of the particles become the follower salps. The position of the leader salp gets updated according to Equation (4). The position of fthe ollower salps is updated according to the weights assigned, as shown in Equation (14). After the position of all the search agents is updated, the new velocity is calculated according to Equation (16). If the new fitness value is better than the previous values, Pbest and Gbest are updated. After reaching the maximum iteration or meeting the termination condition, we get the final value of Gbest.




        Algorithm 3: The Proposed PSO-SSA Algorithm




        Define PSO and SSA parameters: objective function f(), population n, dimension d




        Initialize the population of particles randomly, xi (i = 1, 2, ..., n)




        While t < max_Iter




        Evaluate the fitness f(xi) of all particles




        Update Pbest, Gbest, and inertia weight w




        If ((t > 2) && (f(xi) < Gbest)




        For each i in swarm of size n




        For each j in dimension d




        δ1 = fitness(xⱼᵢ−1)




        δ2 = fitness(xⱼᵢ)




        δ = δ1 + δ2




        Update the velocity of search agents using Equation (16)




        If (i == 1)




        Update the position of search agents using Equation (2)




        Else




        Update position using Equation (15)




        Endif




        End For




        End For




        SORT search agents based on positions




        For i = n/2 + 1 to n




        For each j in dimension d




        Update the position of xi using the Equation: xjᵢ = (xjᵢ−n/2−1 − θ)




        End For




        End For




        End If




        End While




        The best solution Gbest is returned


      




      

        



        Complexity of the proposed method




        To evaluate the complexity of the proposed PSO-SSA algorithm, it is important to understand the complexities of each component along with their interactions. The PSO algorithm’s complexity is mostly determined by the population size (the number of particles) and the number of dimensions (the number of parameters) that are being optimized. When K is the number of iterations, N is the population size, and D is the number of dimensions, the usual time complexity of the core PSO method is O(KND). Similar to PSO, the population size and number of dimensions have an impact on the complexity of the SSA algorithm. The core SSA method has an O(KND) time complexity, where K denotes the number of iterations, N is the population size, and D denotes the number of dimensions. The complexity impact of the weighted position strategy and adaptive velocity strategy is expected to be minimal due to their implementation details and their efficiency in multiplication and addition of scaling factors. In locality pruning, the complexity is affected by identifying and replacing the weaker agents, and, most importantly, the type of sorting done. The complexity varies by O(n2) for bubble sort, selection sort, and insertion sort, whereas it is O(nlogn) for merge sort, quick sort, and heap sort. So, the complexity varies depending on the specific implementation of each application.


      




      

        Optimizing ANN using the Proposed PSO-SSA




        This section presents the application of the proposed PSO-SSA algorithm to train neural networks to optimize weights and bias. Fig. (3) shows the flowchart to train the neural network using the proposed approach. The steps for optimizing ANN using the proposed algorithm are as follows.





        

          	Initialization: The PSO-SSA algorithm starts the training by randomly initializing all the search agents




          	Mapping of the search agents: The weights and biases of the ANN become the search agents of the algorithm.




          	Fitness evaluation: The mean square error is the fitness function for the PSO-SSA algorithm to evaluate the quality of the results.




          	Updating the positions: Update the location of the search agents to better positions based on their MSE (or fitness) values.




          	Termination: Repeat steps 3 and 4 until maximum iterations are reached or at termination condition.




          	Output: The agent (weights and biases) with the minimum MSE gives the best solution.


        




        The ANN models have been successfully trained using gradient-based methods; however, our approach, named PSO-SSA, offers several compelling advantages over gradient-based methods. Firstly, gradient-based approaches are challenged by the fact that non-convex and non-differentiable surfaces are frequently used in ANNs. Being a metaheuristic algorithm, PSO-SSA can efficiently explore and optimize such complex surfaces without being constrained by their non-convex nature because it does not require gradient information. Secondly, the adaptive behavior of the PSO-SSA hybrid helps in escaping the local optima because of the balance between exploration and exploitation. Due to stochastic behavior, PSO-SSA is not sensitive to parameter initialization as well. Thirdly, gradient-based methods face challenges in handling high-dimensional search spaces due to higher time complexity in finding global optimal solutions. In such cases, nature-inspired approaches offer a better solution for handling ANN-related issues. These advantages make our proposed PSO-SSA a better alternative for gradient-based methods.


      


    




    

      4. RESULTS AND DISCUSSION




      In this section, the validity of the proposed algorithm has been tested based on the two sets of experiments. In the first set of experiments, we used nine standard benchmark functions and 28 CEC_2017 benchmark functions to test the performance of the proposed algorithm. In another set of experiments, we trained the neural networks and performed the classification of seven datasets to validate the efficacy of the proposed algorithm. We compared the performance of PSO-SSA with seven other optimization models, namely, Particle Swarm Optimization (PSO) [9], Salp Swarm Algorithm (SSA) [33], Ant Lion Optimization (ALO) [49], Gravitation Search Algorithm (GSA) [50], Particle Swarm Optimization-Elman Recurrent Neural Network Algorithm (PSO-ERNN) [51], and Particle Swarm Optimization- Gravitation Search Algorithm Hybrid (PSO-GSA) [6], and Magnetic Optimization Algorithm-Particle Swarm Optimization (MOA-PSO) [52].




      

        Performance Measures and Parameter Setting




        In this paper, we used five performance measures to evaluate the performance of PSO-SSA. They are described as follows:
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Fig. (3))


        Flow chart for optimizing FNN using PSO-SSA.



        

          



          Optimum Value




          The minimum/maximum values of the fitness function over all the possible input values.


        




        

          



          Mean Value




          It is the average of the solutions acquired by running the algorithm for n different runs. Equation (17) shows the mean calculation.
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              	(17)

            


          




          where Fi* is the best solution obtained from the ith run.


        




        

          



          Standard Deviation




          It gives the variation of the acquired solution from running the optimizer over n different runs. It is an indicator of the robustness and stability of the algorithm. A small value of standard deviation indicates that the solution obtained is the same over multiple runs. Equation (18) shows the standard deviation calculation.
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              	(18)

            


          


        




        

          



          Classification Accuracy




          It is the ratio of the samples identified correctly (positive or negative) to the total number of samples. It can be calculated as per Equation (19).
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              	(19)

            


          


        




        

          



          Generalization factor




          It is a quantification of overfitting in a neural network, and is calculated as per Equation (20).
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              	(20)

            


          




          Where E is the training sample error and G is the generalization sample error. It is desirable to have ρf < 1 to remove the problem of overfitting.




          We compared the results of the proposed methodology with seven other algorithms, namely PSO, SSA, ALO, GSA, GWO, PSO-ERNN, PSO-GSA, and MOA-PSO. The values of different parameters of our proposed approach are selected as follows.




          

            

              	

                noP = 30, w = 0.4, a1 = 2, a2 = 2, maxIter = 100 = h (scaling factor) 0.05, initial velocity = randomly generated in the interval [0,1]


              

            


          




          It was imperative to study the impact of parameter h before testing the algorithm's performance. This parameter has been introduced in the velocity component and can affect the algorithm's performance greatly since it makes the velocity adaptive. The influence of this parameter on the working of the proposed method was observed by varying h. For this, we took the optimal parameter set of PSO-SSA and performed testing by varying the values of h, keeping the other parameters constant. We conducted the test systematically. Fig. (4) shows the fitness values obtained using PSO-SSA by varying different values of h. We received the results by running the algorithm for 20 discrete values of h for the functions F1 and F4. From the figure, we found that as the value of h varies, the fitness value changes significantly. We obtained the optimal value of the fitness function for both F1 and F4 at h = 0.05, so we opted for this value for our experiments. This parameter can be considered specific to the problem, where finding an appropriate value is subject to extensive testing.
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Fig. (4))


          Effect of h on the algorithm performance for the functions a) F1 and b) F4.

        


      




      

        



        Experiment 1- Performance analysis over standard benchmark functions and CEC_2017 benchmark functions




        In this experimental section, we used MATLAB to test the performance of the proposed approach using 9 standard benchmark functions and 28 CEC_2017 benchmark functions. Table 1 and Table 2 show the description of the classical benchmark functions taken from [53] and the CEC_2017 benchmark functions taken from [54, 55], respectively. The CEC_2017 functions consist of features such as shifting, rotating, or variants of these functions. We compared the efficiency of the proposed algorithm to the other established optimization algorithms, including PSO, SSA, ALO, GSA, PSO-ERNN, PSO-GSA, and MOA-PSO. For this purpose, we performed qualitative and quantitative tests. A total of 30 search agents were employed, and 100 was the maximum iterations.




        

          Table 1 Classical benchmark functions explained:




          

            

              

                	Type of Function



                	Function



                	Dim



                	Range



                	Optimal value

              


            



            

              

                	Unimodal benchmark functions



                	F1(x) = ∑n i=1 xi2 (Sphere Model)



                	30



                	[-100, 100]



                	0

              




              

                	-



                	F2(x) = ∑n i=1 (∑i j=1 xj)2 (Schwefel’s Problem 1.2)



                	30



                	[-100, 100]



                	0

              




              

                	-



                	F3(x) = ∑n i=1 ([xi + 0.5])2 (Step Function)



                	30



                	[-100, 100]



                	0

              




              

                	Multimodal benchmark functions



                	F4(x) = ∑n i=1 [xi2 − 10cos(2πxi) + 10] (Generalized Rastrigin’s Function)



                	30



                	[-5.12, 5.12]



                	0

              




              

                	-



                	F5(x) = −20exp(−0.2√(1/n ∑n i=1 xi2))−exp(1/n ∑n i=1 cos(2πxi)) + 20 + e (Ackley’s Function)



                	30



                	[-32, 32]



                	0

              




              

                	-



                	F6(x) = 1/4000 ∑n i=1 xi2 − ∏n i=1 cos(xi/√i) + 1 (Generalized Penalized Functions)



                	30



                	[-600, 600]



                	0

              




              

                	Composite benchmark functions



                	F7(x): Composite Sphere functions



                	30



                	[-5, 5]



                	0

              




              

                	-



                	F8(x): Composite Griewank’s functions



                	30



                	[-5, 5]



                	0

              




              

                	-



                	F9(x): Composite Griewank’s functions (λ=1)



                	30



                	[-5, 5]



                	0

              


            

          




        




        

          Table 2 CEC_2017 optimization functions explained:




          

            

              

                	Function Type



                	Function Number



                	Function Name

              


            



            

              

                	Unimodal function



                	C01



                	Shifted and Rotated Bent Cigar

              




              

                	-



                	C02



                	Shifted and Rotated Sum of Different Powers

              




              

                	-



                	C03



                	Shifted and Rotated Zakharov

              




              

                	Simple Multimodal function



                	C04



                	Shifted and Rotated Rosenbrock

              




              

                	-



                	C05



                	Shifted and Rotated Rastrigin

              




              

                	-



                	C06



                	Shifted and Rotated Expanded Schaffer F6

              




              

                	-



                	C07



                	Shifted and Rotated Lunacek Bi-Rastrigin

              




              

                	-



                	C08



                	Shifted and Rotated Non-Continuous Rastrigin

              




              

                	-



                	C09



                	Shifted and Rotated Levy

              




              

                	-



                	C10



                	Shifted and Rotated Schwefel

              




              

                	Hybrid function



                	C11



                	Zakharov; Rosenbrock; Rastrigin

              




              

                	-



                	C12



                	High-conditioned Elliptic, Modified Schwefel; Bent Cigar

              




              

                	-



                	C13



                	Bent Cigar; Rosenbrock; Lunacek bi-Rastrigin

              




              

                	-



                	C14



                	High-conditioned Elliptic; Ackley; Schaffer F7; Rastrigin

              




              

                	-



                	C15



                	Bent Cigar; HGBat; Rastrigin; Rosenbrock

              




              

                	-



                	C16



                	Expanded Schaffer F6; HGBat; Rosenbrock; Modified Schwefel

              




              

                	-



                	C17



                	Katsuura; Ackley; Expanded Griewank+Rosenbrock; Schwefel; Rastrigin

              




              

                	-



                	C18



                	High-conditioned Elliptic; Ackley; Rastrigin; HGBat; Discus

              




              

                	-



                	C19



                	Bent Cigar; Rastrigin; Griewank+Rosenbrock; Weierstrass; Expanded Schaffer F6

              




              

                	-



                	C20



                	HappyCat; Katsuura; Ackley; Rastrigin; Modified Schwefel; Schaffer F7

              




              

                	Composite functions



                	C21



                	Rosenbrock; High-conditioned Elliptic; Rastrigin

              




              

                	-



                	C22



                	Rastrigin; Griewank; Modified Schwefel

              




              

                	-



                	C23



                	Rosenbrock; Ackley; Modified Schwefel; Rastrigin

              




              

                	-



                	C24



                	Ackley; High-conditioned Elliptic; Griewank; Rastrigin

              




              

                	-



                	C25



                	Rastrigin; HappyCat; Ackley; Discus; Rosenbrock

              




              

                	-



                	C26



                	Expanded Schaffer F6; Modified Schwefel; Griewank; Rosenbrock; Rastrigin

              




              

                	-



                	C27



                	HGBat; Rastrigin; Modified Schwefel; Bent Cigar; High-cond. Elliptic; ESF6

              




              

                	-



                	C28



                	Ackley; Griewank; Discus; Rosenbrock; HappyCat; Expanded Schaffer F6

              


            

          




        




        

          



          Qualitative results and discussion




          With the help of the qualitative analysis, we study the simulation of search agents and their final convergence to the global optimum. Figs. (5 and 6) show the optimization behavior of the search agents through five different types of diagrams. The first diagram shows the simulation or the search history of the search agents, the second diagram shows the value (trajectory) of the leader search agent in each iteration and the third diagram indicates the average fitness value of the search agents in each iteration, and the fourth diagram shows the convergence curve of the agents towards the final optimal value.
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Fig. (5))


          1(a)-5(a) are shapes of the test functions to be optimized, 1(b)-5(b) show the search history of the PSO-SSA search agents, 1(c)-5(c) show the value (trajectory) of the leader search agent in each iteration, 1(d)-5(d) show the average fitness value of the search agents in each iteration, and 1(e)-5(e) depict the convergence curve of the agents towards the final optimal value.
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Fig. (6))


          6(a)-9(a) show the shape of the test functions to be optimized, 6(b)-9(b) represent the search history of the PSO-SSA search agents, 6(c)-9(c) depict the value (trajectory) of the leader search agent in each iteration, 6(d)-9(d) show the average fitness value of the search agents in each iteration, and 6(e)-9(e) represent the convergence curve of the agents towards the final optimal value.



          Fig. 5(a) and Fig. 6(a) show the parameter space visualization of the benchmark functions F1 to F9. The optimization results are analyzed as follows:





          

            	The first metric for qualitative analysis is the search history of all search agents shown in Fig. 5(b) and 6(b). It depicts that the search agents could explore the promising areas in the search space and reach the optimum point. For the unimodal functions F1-F3, the agents localized in favorable regions and gave better results. The search agents were scattered more for the multimodal (F4-F6) and the composite functions (F7-F9). It is due to their high level of difficulty. Functions F4, F8, and F9 exhibit the search agents scattered in promising and non-promising regions. However, PSO-SSA attained the global optimum in all the cases.




            	The second metric, as depicted in Fig. 5(c) and 6(c), shows the trajectory of the leader search agent. This path exhibits the value of the first search agent throughout the iterations. It is observed that the search agents show sudden changes in unimodal functions in the first 70-80 iterations on average. For the multimodal and composite functions F4, F5, F8, and F9, the changes were observed for 50 iterations. For the functions F6 and F7, the oscillations were again rapid and extended to 80-90 iterations. So, the value of leader search agents settled at the first 50 iterations for some functions and oscillated more for others. However, towards the end, i.e., during the exploitation phase, the values of the search agent became stable. The fluctuating trajectory curves are likely due to weights assigned to follower salps, motivated by the distance between the agent and the final solution. Due to changes in weight with each iteration, the position of salps changes rapidly, leading to improved exploration with each iteration. The fluctuation decreases gradually towards the end and leads to a better exploitative stage. It shows that the rank of salps is more or less constant and stable, and does not change dynamically.




            	The third metric in Figs. 5(d) and 6(d) is the average fitness curve of PSO-SSA. The average fitness curves converge to the global optima value during their lifetime. The convergence was rapid in the case of the functions F1, F2, F3, F5, and F6. The convergence was sensitive for the functions F4, F7, F8, and F9. Out of all these functions, function F5 gave the best average. We observed the balance between exploration and exploitation, so this function gave a convincing convergence curve.




            	The fourth metric is the convergence curve, as shown in Figs. 5(e) and 6(e). It is an essential parameter to understand the final output results. The figure shows that all the curves show that PSO-SSA has maintained a balance between exploration and exploitation. The convergence occurred rapidly during the initial iterations and then progressed slowly. It demonstrated that the algorithm's stability remained intact. Moreover, we observed that PSO-SSA did not get trapped in the local optima. The search agents roam the space to explore promising regions and converge smoothly to the global optimal point. Due to the modified velocity, the convergence curve was smooth while descending from exploration to exploitation. It is significant since the velocity of the search agent is adaptive and makes the search progressive and without stagnation.


          




          The above observations prove that PSO-SSA can solve optimization problems and establish a balance between exploration and exploitation. It can also avoid the local optima trap and improve the convergence process with each iteration. The above test proves the stability of the proposed PSO-SSA algorithm.




          Fig. (7) shows the comparison of convergence curve results of PSO-SSA, PSO, and SSA. The convergence curve of PSO-SSA for all the test functions converged to the optimal solution. Moreover, it is observant that the search agents gradually descended towards the global optima for the functions solved using PSO-SSA, which means that the search agents first exhibited exploration and then exploitation. However, for the PSO and SSA curves, the exploration phase was higher for functions F1-F6, and the search agents could not exploit the search space effectively. For the composite functions F7-F9, the PSO and SSA curves showed exploration and exploitation, but the PSO-SSA curves were much more stable. PSO-SSA performance for F8 was slightly less than PSO and SSA individually. Overall, we can conclude that the proposed PSO-SSA algorithm can converge to the optimal solution for unimodal, multimodal, and composite test functions and can establish an exploration-exploitation balance.




          
[image: ][image: ][image: ]


Fig. (7))


          Comparison of convergence curves of PSO-SSA, PSO, and SSA on unimodal (F1-F3), multimodal (F4-F6), and composite (F7-F9) functions.
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