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The stability of smart grids is crucial for ensuring reliable and efficient power distribution in modern energy systems. This paper presents an optimized Long Short-Term Memory model for predicting smart grid stability, leveraging the Novel Guide-Waterwheel Plant Algorithm (Guide-WWPA) for enhanced performance. Traditional methods often struggle with the complexity and dynamic nature of smart grids, necessitating advanced approaches for accurate predictions. The proposed LSTM model, optimized using Guide-WWPA, addresses these challenges by effectively capturing temporal dependencies and nonlinear relationships in the data. The proposed approach involves a comprehensive preprocessing pipeline to handle data heterogeneity and noise, followed by the implementation of the LSTM model optimized through Guide-WWPA. The Guide-WWPA combines the strength of the WWPA with a novel guidance mechanism, ensuring efficient exploration and exploitation of the search space. The optimized LSTM is evaluated on a real-world smart grid dataset, demonstrating superior performance compared to traditional optimization techniques. Experimental Results indicate significant improvements in prediction accuracy and computational efficiency, highlighting the potential of the Guide-WWPA optimized LSTM for real-time smart grid stability prediction. This work contributes to the development of intelligent energy management systems, offering a robust tool for maintaining grid stability and enhancing overall energy reliability. On the other hand, statistical evaluations were carried out to prove the stability and difference of the proposed methodology. The results of the experiments demonstrate that the Guide-WWPA + LSTM strategy is superior to the other machine learning approaches.
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1 INTRODUCTION
Both traditional grids, which consisted of small generation centers that supplied energy to customers, and renewable energy came into existence as a result of the expansion in population across the world, which led to an increase in the amount of power that was used. The proliferation of renewable energy, on the other hand, has resulted in the emergence of a hybrid of these two that is known as ”prosumers,” which both provide and consume energy (Siddiqui et al., 2017). These prosumers, on the other hand, require the flow of energy in a grid to be in both directions. The delivery, generation, and use of energy are all more complicated for these prosumers, as well. In light of this, the financial implications that are associated with prosumers and renewable energy have grown increasingly difficult to manage, particularly with regard to the decision of whether or not to purchase energy at a cost that is already known (Bajaj and Singh, 2020). Furthermore, this research on the stability of smart grids has received a substantial amount of attention (Panda et al., 2022). To facilitate the development of a system that is capable of efficiently distributing power, smart grids can collect data pertaining to users. The deployment of additional power plants for the purpose of dissipating electricity is reduced as a result of the implementation of smart grids (Kumar et al., 2016; Mahmud et al., 2020; Kumar et al., 2022). Additionally, smart grids make use of renewable energy resources in order to become secure when they are hooked into a grid in order to get an additional source of electricity. The use of smart grids has the potential to significantly lower the cost of power and simultaneously lower pollution levels. These grids then obtain a cost value for the power and convey this cost information to the clients so that they may make decisions regarding their usage. After receiving information from consumers, these grids assess the information with regard to the current supply information. The capacity to forecast the stability of a smart grid is one of the most important requirements for such systems. This is because the process is reliant on the passage of time.
Deep neural networks (Alazab and Tang, 2019; Vinayakumar et al., 2019; Irshad et al., 2020) and machine learning (Shafiq et al., 2018; Iwendi et al., 2020) are two examples of artificial intelligence applications that have brought about a revolution in the process of energy generation and distribution. In addition to this, it was a crucial factor in the forecast of the stability of the smart grid for residential loads (Hong et al., 2020). Recurrent neural networks, have been suggested as a promising method for precisely forecasting the stability of smart grids (Adil et al., 2020). The problem of low accuracy is effectively addressed by feed-forward neural networks, which develop and implement effective solutions. Image processing (Szegedy et al., 2014) and speech recognition (Yu and Deng, 2015) are two examples of applications that have already demonstrated the feasibility of these neural networks. Additionally, they are relevant for forecasting the stability of smart grids. It is abundantly evident that numerous interactions take place between power sources, distribution stations, and a variety of entities, including smart cities, electric cars, industries, and smart buildings (Alazab et al., 2020Alazab et al., 2020). The research suggests that smart grids make use of a wide variety of artificial intelligence approaches, including deep learning, machine learning, and artificial neural networks, in order to implement energy consumption strategies that are more efficient. There were a number of different deep learning algorithms that were presented in (Jindal et al., 2016) for the purpose of predicting electricity demands for a smart grid. The focus of the writers is on the employment of a variety of deep learning technologies for load prediction in smart grids. Additionally, they compared the accuracy results for the developed applications in terms of the mean absolute error and the root-mean-square error. Based on the results that were obtained, they concluded that CNN with the k-means algorithm had a significant percentage of minimizing the RMSE during the process.
The cost of electricity greatly impacts the stability of the electrical networks. The stability parameter of smart grids is also affected by the reaction times of power consumers and providers. Wood provided a mathematical model for DSGC systems in (Razavi et al., 2019), which correlates the cost of power to changes in the frequency of grids based on time measurements of a few seconds. The purpose of this model was to show the demand control of smart grids. We simulated the power demand-side production and consumption based on analog time gauges, we created a machine learning technique that corresponded to the data, and we determined that the variables that were employed were independent. When training the algorithm with massive amounts of data that change their dimensions, the accuracy of the algorithm is reduced. Through the use of a principal component analysis technique (Pham et al., 2020), Chen suggested a machine learning algorithm in (Kotb et al., 2019) with the goal of reducing the dimensions of the data that is employed in order to improve the stability of smart grids. A number of artificial intelligence algorithms have been developed for the purpose of predicting the stability of smart grids. In the article (Iwendi et al., 2021), the authors suggested a classification and regression trees method for the purpose of predicting the stability of smart grid operation. An overall accuracy of 80% was reached by the authors through the utilization of a four-node star topology for a simulated DSGC system. A decision tree method with a significantly simplified design was given by the authors in (Din et al., 2019) for the purpose of predicting the stability of smart grid power systems. This method was implemented on the power system that consisted of 39 buses. Using six different samples from the dataset, it was able to attain an accuracy rate of 83%.
An accuracy of 89.22% was attained by the CNN that was presented by the authors in (Ahmed et al., 2019) for the purpose of predicting the stability of a smart grid. The CNN was tested on the IEEE 118-bus and 145-bus systems. Several different assessment measures were utilized in order to assess the quality of this work. Using the Bayesian rate algorithm, the authors of (Xiang et al., 2023) devised a method for predicting the stability of smart grid operation. However, this approach required an excessive amount of computing time for the training procedure, despite the fact that it was also applied to the IEEE 39-bus test system and achieved an accuracy of 91.6%. For the purpose of predicting the stability of a smart grid with a high number of data features, the authors of (Ghorbanian et al., 2019) presented an XGBoost algorithm that used inertial sensors. This method was utilized on a power system consisting of 39 buses, and it achieved an accuracy rate of 97%. For the purpose of assessing the effectiveness of the algorithm that was constructed, however, just one assessment parameter, specifically accuracy, was applied. Additionally, real-time modeling of power systems may be utilized for a variety of smart grid models (Zhang et al., 2018; Moldovan and Salomie, 2019; Syed et al., 2020; Jin et al., 2023; Shrivastava and Yadav, 2023). A lot of research projects have attempted to construct an accurate neural network for smart grid stability prediction; nevertheless, there are still improvements that need to be attained, according to the literature that has been examined. This is something that may be argued. With the ultimate goal of raising or improving the forecast accuracy of the neural network through the use of a hyperparameter tuning approach, a neural network is presented in this research as a means of predicting the resilience of smart grids. On the dataset that is accessible through the Kaggle repository, the neural network is practiced and evaluated (Bassamzadeh and Ghanem, 2017).
Through the classification of the smart grid dataset obtained from the UCI machine learning repository, a novel optimized LSTM model is proposed in this article. The model’s purpose is to predict the stability of smart grids. The findings of the experiments are then contrasted with more contemporary machine learning algorithms and optimization methods. The main contributions of this work are listed in the following:
[image: image] A novel optimization algorithm is proposed based on a novel modification denoted by Guide-WWPA.
[image: image] The proposed Guide-WWPA is used to optimize SMOTE for better selection of the synthetic samples to boost the overall performance of the prediction of smart grid stability.
[image: image] The proposed Guide-WWPA is binarized and denoted by (bGuide-WWPA) to solve the problem of feature selection applied to the adopted dataset.
[image: image] In order to evaluate the effectiveness of the bGuide-WWPA method that has been presented for feature selection, the implementation of a set of computational analytic measures is realized.
[image: image] The continuous version of the Guide-WWPA is used to optimize the parameters of the LSTM model for improving the prediction accuracy of smart grid stability.
The remainder of the manuscript is structured as follows: The research that has been done before on the smart grid stability prediction is discussed in Section 2. More information on the methodology that has been proposed is found in Section 3. In Section 4, the experimental process that was used to evaluate the proposed method is presented and discussed. Section 5 presents the conclusion of this work as well as a view on its potential future directions.
2 LITERATURE REVIEW
With the potential to directly reduce the availability and safety measures of a smart grid, a covert data integrity attack on a communications network might potentially be dangerous (Hafeez et al., 2020a; Hafeez et al., 2020b; Hafeez et al., 2021). It is possible for this attack to challenge the integrity of the data and to cause a false evaluation of the status, both of which would have a devastating impact on the entire power system process. This attack is carefully deployed in order to escape the typical bad data detectors that are found in power control stations (Hafeez et al., 2020c; Hafeez et al., 2020d; Nawaz et al., 2020). An intelligent system is developed by the authors of (Ahmed et al., 2019) to identify stability in smart grids by making use of non-labeled data. This system is based on an unsupervised machine-learning application. To construct the smart grid, numerous information and communication technologies are utilized, which results in enormous amounts of data coming from a variety of sources. It is possible to overcome the difficulty of processing and managing the enormous volume of data by utilizing intelligent systems and big data analysis (Xiang et al., 2023) in smart grid systems. The article (Ghorbanian et al., 2019) highlights a number of difficulties that are linked to the utilization of big data analysis in smart grids.
In light of the fact that the information used for the verification of membership may result in instabilities in the grid, the assessment of the stability of the smart grid is a research challenge that is particularly difficult to solve. This allows for setups to be governed in such a way that the grid remains stable regardless of any irregularities that may occur. Using feature extraction as a basis, the authors of (Moldovan and Salomie, 2019) investigate the use of a machine learning method for the purpose of forecasting the stability of smart grids. For the feature selection process, the authors of this paper make use of three different methods: Multivariate Adaptive Regression Splines, Binary Kangaroo Mob optimization Features Selection, and Binary Particle Swarm optimization Features Selection. Classifiers such as Logistic Regression, Random Forest, Gradient Boosted Trees, and Multilayer Perceptron Classifier are utilized in order to predict the stability of the grid that is accurate.
In the past, electrical grids consisted of communication that only went in one direction between the infrastructure and the end users. Despite the fact that these grids were installed all over the world, there remained a large amount of worry over the effectiveness of power management. The evolution of smart grids, which include communication in both directions between the grid and the customer, was motivated by the need to address this difficulty. The development of this smart grid was primarily motivated by the desire to properly forecast the kinds of energy that a particular population will consume. For the purpose of making forecasts, machine learning algorithms are implemented with the use of information such as historical weather, load, and energy generation data (Jin et al., 2023). The researchers also built two models, which are referred to as the deep neural network model and the linear regression model (Shrivastava and Yadav, 2023). The root mean squared error was used to evaluate these models, and the results showed that the deep neural network models performed better than the linear regression models when it came to predicting the amount of load and energy output in a specifically designated area. Within the context of the smart grid, energy load prediction refers to the process of anticipating the electrical power requirements in order to satisfy dynamic demands. In order to assist electrical services in monitoring their energy generation and process, there is an urgent requirement to incorporate predictive accuracy for load. At the moment, the majority of the prediction in any system is carried out by means of machine learning algorithms in order to attain the highest possible level of effectiveness. For the purpose of predicting the energy demand, large data frameworks such as Apache Spark and Apache Hadoop (Syed et al., 2020; Almetwally and Meraou, 2022) have been offered as available options. Other regression approaches, such as linear regression, modified linear regression, decision tree, random forest, and gradient-boosted trees, are evaluated by the authors using MLib to determine how accurate their predictions are.
The implementation of power systems that are able to regulate the dissipation of energy effectively is now being driven by the trend of smart grids. The utilization of artificially intelligent systems is helpful in simplifying the process of deploying a smart grid network, which is notoriously difficult owing to the enormous amount of data that is being produced. Learning techniques such as DL, reinforcement learning, and deep reinforcement learning have been made possible as a result of the progress that has been made in the evolution of intelligent systems. For the purpose of enabling future academics to do more study, the difficulties that need to be overcome in order to implement these technologies in smart grids are mentioned (Zhang et al., 2018; Muhammed and Almetwally, 2024). The fluctuating energy consumption of home appliances is a significant issue that has to be addressed in order to ensure the sustainability and effectiveness of the construction of smart cities. The development of Internet of Things technology has made it possible to use additional energy management strategies in order to deal with the ever-changing energy consumption. When it comes to consumption prediction in occupied buildings, the authors of (Bassamzadeh and Ghanem, 2017) propose the deployment of a probabilistic data-driven prognostic approach. The system is able to discover dependency links among the contributing variables thanks to the utilization of a Bayesian Network architecture, which is utilized by this approach. Using the datasets that were provided by Pacific Northwest National Lab and that were compiled through a pilot Smart Grid project, the authors evaluate the proposed method.
The issues that smart grids face and the requirements that they will have in the future have prompted a consortium to be formed by a number of large corporations. Artificial Neural Networks, Machine Learning, and DL are some of the Artificial Intelligence techniques that smart grids employ in order to achieve efficient energy usage. With regard to the smart grid, (Almalaq and Edwards, 2017) proposes a variety of different DL algorithms for load prediction problems. Within the context of the smart grid network, the authors concentrate on the utilization of various applications of deep learning for load prediction. In addition, the authors examine the accuracy results of Root Mean Square Error and Mean Absolute Error for the applications that were investigated. Based on their findings, they conclude that the utilization of a convolutional neural network in conjunction with the k-means method resulted in a significant reduction in the root mean square error proportion. When it comes to the stability of distributed power networks, the price of electricity has a considerable influence. Many other factors affect the stability factor, such as the cost sensitivity and reaction times of power providers and consumers. By connecting the price of electricity to fluctuations in grid frequency over a time scale of a few seconds, authors in (Wood, 2020) proposed a model that is referred to as DSGC. This approach is intended to deliver demand-side control of distributed power grids. On similar time gauges, the authors performed a simulation of the power demand-side consumption and production. For the purpose of achieving dynamic grid stability for the simulation based on its independent variables, the authors additionally designed an improved data-matching machine-learning technique known as the transparent, open box learning network. When training a machine learning model with a large amount of data that has fluctuations in the dimensionality, the efficacy of the model is reduced accordingly. In order to decrease the number of dimensions of the data, the authors of (Chen, 2019) devise a secondary principal component analysis technique (Reddy et al., 2020). Increasing the stability of grid systems is accomplished by the application of this approach, which is used to regulate machine learning techniques. According to this review, it can be noted that there is no approach that is completely meet the stability difficulties in a smart grid network and predict its stability accurately. Therefore, in this research a novel approach is proposed to boost the prediction accuracy of smart grid stability using metaheuristic optimization.
3 THE PROPOSED METHODOLOGY
This section describes the methodology proposed to boost the prediction accuracy of smart grid stability. The proposed method is based mainly on a novel modification to the WWPA algorithm, denoted by Guide-WWPA. This algorithm is used for feature selection and optimization of the LSTM hyperparameters. In the first step of the proposed methodology, the dataset about the electrical system that is compiled from the various power-generating units is completed. Normalization of the dataset is then performed using the min-max normalization method. The maximum and minimum values of the data are acquired and then substituted by applying Equation 1.
[image: image]
where [image: image] and [image: image] are notations that indicate the minimum and maximum values of the attributes in the provided dataset, respectively. In this context, [image: image] stands for an attribute that is an element of the dataset. [image: image] and [image: image] describe the upper and lower boundary values in the provided range, respectively. [image: image] represents the updated value of each item in a dataset, while [image: image] relates to the values that were present in the dataset before. In addition, the dataset is balanced using the synthetic minority oversampling technique (SMOTE) which is optimized based on the proposed optimization methodology which is presented in the next section.
On the other hand, the machine learning algorithms are unable to handle the category values that are contained in the dataset. Label encoding is a technique that turns the category values in the dataset into numerical values that are appropriate for processing by machine learning algorithms. This is the reason why it is used. In the subsequent stage, the dataset comprising the smart grid is trained using the optimized LSTM technique that has been described. Several measures such as accuracy, precision, recall, and F1-score are used to evaluate the performance of the proposed model in comparison to other models, including classic LSTM, SVM, KNN, DT, MLP, and RF models. Detailed explanations of these models are provided in the following paragraphs. The coming sections present more details about the key steps of the proposed methodology.
3.1 Synthetic Minority Oversampling Technique (SMOTE)
The SMOTE method is a strategy that is used to oversample the minority classes in order to get a balanced dataset as proposed by authors in (Chawla et al., 2002). Through the process of interpolation and the selection of a neighbour from a minority class, the primary objective is to bring about fresh minority samples. Instead of only copying samples from minority classes, this method is able to generate synthetic sample data through its use. Because of this, the overfitting problem may be avoided with this strategy. This is how the SMOTE algorithm is supposed to be described. At the beginning of the process, a point [image: image] is chosen at random from the minority class sample, and then its [image: image] nearest neighbours are obtained from other minority samples. Next, select one minority class sample from each of the [image: image] neighbours and multiply it by one. A new synthetic sample, denoted by [image: image], is generated in the vector that lies between [image: image] and [image: image] by the utilisation of an interpolation technique during the last step. After careful consideration, one can reach the conclusion that the mathematical formulation of SMOTE is represented by Equation 2:
[image: image]
A random integer between 0 and 1 is denoted by the expression [image: image]. In order to enhance the total number of minority class samples, the process described above is then repeated based on the beginning of the set of oversampling rates. Additionally, the SMOTE method is used to add a new minority class sample to the initial training samples. When viewed from a geometric point of view, this approach may be seen as an interpolation between two samples of minority classes. The classifier is able to generate more accurate predictions for samples of unknown minority classes as a result of this expansion of the decision space for the minority class. It is possible to prevent overfitting issues by using the SMOTE approach, which is both effective and straightforward in the generation of synthetic samples. Our databases contain a very small number of positive samples. The SMOTE technique was carried out after the five-fold cross-division in order to increase the number of positive samples in the training dataset. The final step is to feed the newly acquired training dataset into the classifier for the purpose of classification, and then to retrieve the results of the prediction. An illustration of the SMOTE method is shown in Figure 1. In this figure, the red circles represents the minority class samples and the dashed squares represents the majority class samples. The target of SMOTE is to increase the samples of the minority class to be equal to the number of samples in the majority class. This can be achieved by synthesizing the new class samples, small green circles.
[image: Figure 1]FIGURE 1 | The schematic of SMOTE algorithm.
In this work, the synthetic samples generated by the SMOTE algorithm are optimized using the proposed optimization algorithm. This optimization enables generating the best set of samples that balance the dataset with boosting the overall performance of prediction process.
3.2 Long Short-Term Memory (LSTM)
The LSTM network has emerged as one of the most prominent strategies for overcoming this difficulty, according to an analysis of current research (Sutskever et al., 2014). A chain structure that contains many neural network modules is a characteristic of LSTM. An illustration of the architecture of LSTM may be found in Figure 2. This architecture is comprised of several gates, such as an input gate, an output gate, and a forget gate. The information that is being transmitted via the network is selected and rejected by these gates. Input gate [image: image] is made up of [image: image], which is an activation function that ranges from [image: image] to 1. Processing requires the current input [image: image], as well as the parameters [image: image] and [image: image]. It is important to remember that the activation function of gate [image: image] is a [image: image] and [image: image]. The forget gate is responsible for determining the amount of information that must be kept from the output that came before it. In the event that the value is 1, the data will be translated into the network; yet, in the event that the value is 0, the data will not be sent through the network. The activation function of the output gate [image: image] is denoted by the [image: image] function, which ranges from [image: image] to 1. Equations 3-5 are utilized in order to compute [image: image], [image: image], and [image: image] at each timestamp.
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[image: Figure 2]FIGURE 2 | The structure of a typical LSTM model.
In this work, One LSTM is utilized for scanning in the upward and downward directions, while the second LSTM is used for scanning in the right and left directions. While traditional LSTM operates in both directions, this research makes use of two LSTMs. Specifically, the input of the second LSTM is a summation of the input of the first LSTM.
3.3 Waterwheel Plant Algorithm (WWPA)
WWPA is a novel approach to stochastic optimization that was conceived of in (Abdelhamid et al., 2023) and drew inspiration from the functioning of natural systems. A core concept that has been established for the Guide-WWPA is based on the assumption that it is possible to model the natural behavior of the waterwheel plant when it is engaged in the process of hunting. As the major source of inspiration for the core concept of Guide-WWPA, the approach that waterwheel plants use to detect their insect prey, catch it, and then transfer it to a more accessible spot before digesting it served as the key source of inspiration. We will talk about the concepts that led to the development of the algorithm in the next part, as well as the mathematical model that was used to describe the program’s methods.
3.3.1 The WWPA Inspiration
Small, translucent structures that resemble flytraps are seen on the broad petiole of the Waterwheel plant, which is formally referred to as Aldrovanda vesiculosa. As a means of preventing damage or unintentional activation, these traps, which measure around one-twelfth of an inch in size, are surrounded by bristle-like hairs. When the trap is closed around its victim, the hook-shaped teeth that are located on the outside edges of the trap interlock with one another, just like the teeth that are found on a flytrap. Around forty elongated trigger hairs, which are similar to those seen in Venus’s flytraps, are located inside the trap. These trigger hairs are responsible for causing the trap to close automatically. An additional feature of the plant is the presence of glands that secrete acid, which facilitates digestion. Once the unfortunate victim has been seized, it is successfully trapped and directed toward the base of the trap at the hinge by means of interlocking teeth and a mucus sealant. This process is repeated until the prey is completely trapped. The majority of the nutrients that are contained in the prey are absorbed by the trap when it digests the residual water. Similar to a flytrap, an Aldrovanda trap can collect and devour anywhere from two to four meals before it shuts down.
3.3.2 The Mathematical Model of WWPA
The WWPA algorithm is an iterative approach that calls for a population of persons to search for an optimal solution within the huge space of potential solutions. This search is carried out in order to get the best feasible solution. Particular values are assigned to the problem variables for every individual member of the WWPA population, which is symbolized by a waterwheel. The location of the waterwheel determines these values within the search area. Consequently, each waterwheel functions as a vector-based solution inside the system. It is the collection of waterwheels that the WWPA is represented by Equations 6, 7.
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The number of waterwheels is denoted by the letter [image: image] in this context, whereas the number of variables is denoted by the letter [image: image]. The random number that corresponds to the value [image: image] is a number that falls anywhere between 0 and 1. The lowest and highest bounds of the j-th variable in the problem are denoted by the symbols [image: image] and [image: image], respectively. The population matrix, which includes the addresses of the waterwheels, is denoted by the letter [image: image]. The value of the j-th variable for the i-th waterwheel is denoted by the formula [image: image], and each row [image: image] in the matrix indicates a potential solution to the problem. It is feasible to evaluate the objective function of each waterwheel since each one of them is regarded to be a potential solution to the problem. A vector may be used to effectively represent the values that make up the objective function of the issue, as was established by previous research as being possible to use. Guide-WWPA population, which is a matrix of ten. A method that is given in the following equation is used to randomly decide the placements of the waterwheels in the search space. This is done in order to start the process.
[image: image]
Using vector F in Equation 8, which includes all of the values of the objective function, we are able to estimate the value of the i-th waterwheel. Objective functions are evaluated and analyzed to determine which solutions are the best. Based on this, the candidate solution that is considered to be the best is linked to the greatest value of the objective function, while the member that is considered to be the worst is linked to the lowest value. The ideal solution is subject to change with each iteration due to the fact that the waterwheels move around the search area at varying rates. Waterwheels have a highly developed sense of smell, which enables them to successfully track and find pests they encounter throughout the process of exploration. This gives them a strong instinct to hunt. When a bug comes into the region of the waterwheel, it immediately begins to attack and then continues to pursue the target by precisely determining where it is located. In order to represent the first step of its population update process, the WWPA models this behavioral pattern of hunting. Through the incorporation of the waterwheel’s attack on the insect, the WWPA makes it more capable of exploring the ideal zone and avoiding becoming stuck in the local optimal region. As a consequence of this modeling methodology, major positional adjustments take place inside the search space. It is necessary to employ an equation in conjunction with a simulation of the waterwheel’s approach to the insect in order to compute the new location of the waterwheel using this method. By doing so, it is possible to ascertain the new position. Suppose the value of the goal function is increased by shifting the waterwheel to this new position. In that case, the location that was previously mentioned will no longer be employed in favor of the one that has been presented more straightforwardly, as represented by Equations 9, 10.
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Using Equation 11, one is able to make adjustments to the location of the waterwheel in the case that the result does not improve after three iterations in a row.
[image: image]
With values ranging from 0 to 2 and 0 to 1, respectively, the variables [image: image] and [image: image] are examples of random variables that are included in this context. Furthermore, [image: image] is a variable that has values that range from 0 to 1, making it an exponential variable. The waterwheel plant will examine possible promising regions inside a circle that has a diameter of [image: image], which serves as the vector for the circle.
As part of the process of exploitation, the population is updated in WWPA, which is modeled by the way waterwheels capture and transport insects to a feeding tube based on their behavior. As a result of this simulated behavior, the exploitation capacity of WWPA is improved during the local search. This makes it possible for the algorithm to converge on better solutions that are relatively near to those that have been identified in the past. The placement of the waterwheel inside the search space is subject to certain minute alterations as a consequence of modeling the process of transferring the insect to the appropriate tube. The architects of the WWPA first choose a fresh, arbitrary position for each waterwheel in the population. This process is done in order to imitate the natural behavior of waterwheels. A ”good position for consuming insects” is what this particular place is referred to be. Following that, the waterwheel is moved to this new location, which replaces the previous location, in accordance with Equations 12, 13 if the value of the goal function is higher at this new location.
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A random variable with values ranging from 0 to 2 is denoted by the variable [image: image] in this scenario. The current solution at iteration [image: image] is denoted by the symbol [image: image], whereas the best solution that has been produced up to this point is written as [image: image] best. In a manner analogous to the exploration phase that was discussed before, the following modification represented by Equation 14 is implemented in the event that the solution does not improve for three iterations in a row. This is done to guarantee that local minimum solutions are avoided.
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where the values of [image: image] and [image: image] are independent random variables that range from -5 to 5 each. However, in order to illustrate the exponential decline of [image: image], Equation 15 might be utilized:
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The WWPA is provided as a method that may be carried out again and time again. The third and final stage of the WWPA implementation process involves adjusting the placements of all waterwheels. This phase comes after the previous two stages have been completed. Following the comparison of the values of the target function, the candidate for the best solution is improved. In the subsequent iteration, the locations of the waterwheels are modified, and this process continues until the algorithm reaches its last iteration to complete the process. WWPA offers the best feasible candidate answer that it has been storing when a sufficient number of iterations have been completed.
3.4 The Proposed Guide WWPA
There is a modified version of the original WWPA that is known as the Guide-WWPA and its steps are presented in Algorithm 1. It is possible to avoid the drawbacks of this technique by substituting the search strategy for a single random whale with a more sophisticated approach that can move the waterwheel plants fast in the direction of the most advantageous solution or prey. Within the framework of the original WWPA, the following equation is responsible for the random movement of waterwheel plants, which is analogous to the global search. When using the improved WWPA, also known as the Guide-WWPA, a whale is able to follow three random waterwheel plants rather than just one in order to improve its exploration performance. In order to prevent whales from being influenced by the leader position, Equation 16 may be substituted, which will drive whales to engage in more exploration.
[image: image]
where [image: image], [image: image], and [image: image] are three random solutions, and [image: image] is the global best solution. [image: image] decreases exponentially to change between exploitation and exploration smoothly and is calculated using Equation 17:
[image: image]
3.4.1 Binarization of the guide-WWPA
An updated version of the algorithm has been developed to optimize solutions in a discrete solution space. This was accomplished by merging the capability of the Guide-WWPA with numerous additional operators. As a result of the first phase, which is the definition of transformation functions, the process of solution representation and optimization can be converted from a continuous to a discrete type.
Algorithm 1. The proposed Guide-WWPA algorithm.
1: Initialize waterwheel plants’ positions    [image: image] for [image: image] plants, objective function    [image: image], iterations [image: image], parameters of [image: image],    [image: image] and [image: image]
2: Binarize the solution space
3: Calculate fitness of [image: image] for each position [image: image]
4: Find best plant position [image: image]
5: Set[image: image]
6: while[image: image]do
7:  Select three random search agents [image: image], [image: image],     and [image: image]
8:  Update[image: image] by the exponential form of:
    [image: image]
9:  for[image: image]do
10:   if[image: image]then
11:    Explore the waterwheel plant search space:
       [image: image]
       [image: image]
12:    if Solution does not change for three         iterations then
         [image: image] [image: image]
13:    end if
14:   else
15:    Exploit the current solutions to get best        solution using:
       [image: image]
16:    if Solution does not change for three         iterations then
        [image: image]
17:    end if
18:   end if
19:  end for
20:  Decrease the value of K exponentially using:
      [image: image]
21:  Update [image: image]
22:  Calculate objective function [image: image] for each       position [image: image]
23:  Find the best position [image: image]
24:  Set [image: image]
25: end while
26: Return best solution, cost of best solution
This is necessary for the new technique to address issues that are directly related to feature selection. The modification of the fitness function is the second method that has been modeled in order to accomplish the new variety of bGuide-WWPA being achieved. Finding the response that is best for the situation as a whole requires assessing the appropriateness of all of the potential choices. We present a specification of the fitness function in order to handle the particulars of the particular circumstance that is now taking place. In addition to this, the algorithmic structure of the bGuide-WWPA is being demonstrated and investigated, and a schematic of its functioning is also being presented. Equation 18 is a sigmoid function that is used to transform the continuous solution that is obtained from the Guide-WWPA method into binary. The [image: image] variable represents the best continuous solution that was recovered by the continuous Guide-WWPA approach.
[image: image]
3.4.2 Fitness and Cost Functions
The implementation of a proposed strategy that took into account both the evaluation of fitness functions and the evaluation of cost functions was necessary in order to arrive at the most efficient solution to the feature selection problem. The solution is evaluated depending on how well it performs when employing the classifier [image: image]. This evaluation is based on the application of the control parameter [image: image] and a subset of the dataset [image: image] when the tuning parameter is in effect. Equation 19 illustrates this evaluation. Within the equation, the notation [image: image] is responsible for determining the total amount of 1’s that are present in the array, which stands for the [image: image] components.
[image: image]
Based on the results of the fitness function, the cost function is evaluated by subtracting the value that was returned by the [image: image] function from the value of 1, as demonstrated in the equation that follows. The fitness and cost function values are used to do a visual analysis and interpretation of each optimum solution for a particular dataset, as represented by Equation 20.
[image: image]
3.5 Feature Selection
When a classifier is applied to a subset of the dataset, the amount of the dataset that is used in the calculation of the fitness and cost functions is determined by the accuracy of the classifier. As the basic classifier, KNN algorithm is utilized. In this study, we analyze the influence that a large number of well-known classifiers have on the problem of feature selection and describe the findings. It is possible to compute the number of selected features for a certain person [image: image] by employing Equation 21. In this equation, [image: image] represents the dimension of the feature size in the dataset, and [image: image] represents the number of feature locations that include [image: image].
[image: image]
In order to locate groupings of items that are connected, KNN model is utilized. This allows the categorization problem to be resolved. By trying k-fold values of 5, 3, and 2, we were able to identify the circumstances that were the most successful. When applying the bGuide-WWPA method, we discovered that a k-fold of 5 produced the best results across the bulk of the datasets that we evaluated. On the other hand, a k-fold of 2 produced the greatest results for the Iris and Lung datasets. In the next part, we will go into further detail about the experimental settings and computer infrastructure that were deployed in order to assess this technique.
4 EXPERIMENTAL SETUP
In order to determine whether or not the Guide-WWPA + LSTM algorithm is superior and beneficial, a thorough testing procedure was carried out. Working on an Intel(R) Core(TM) i5 CPU working at 3.00 GHz, the tests were carried out on a machine that was running Windows 10 and Python 3.9. In the context of a case study, the experiments were carried out with the primary purpose of contrasting the results obtained from the Guide-WWPA + LSTM approach with the results obtained from other models that were based on the LSTM technique. Other optimization strategies included in the conducted experiments, such as binary PSO (Awange et al., 2018; Martínez-Rodríguez et al., 2023), binary WOA (Mirjalili and Lewis, 2016), binary GWO (Mirjalili et al., 2014; Liu et al., 2023), binary MVO (Mirjalili et al., 2016), and binary SBO (Samareh Moosavi and Khatibi Bardsiri, 2017), binary FA (Fister et al., 2013), binary GA (Immanuel and Chakraborty, 2019). In the next sections, the experiments were performed after splitting the dataset into training set (80%) and testing set (20%). This splitting is performed randomly after balancing the dataset using the optimized SMOTE.
4.1 Dataset
For the purpose of demonstrating the smart distribution grid stability control, it was developed by Vadim Arzamasov, and the dataset was obtained from the machine learning repository at the University of California, Irvine. In this context, one of the input components that is taken into consideration is the total energy balance, which refers to the quantity of energy that is estimated to be created or utilized in each grid region. The reaction time for participants to alter their consumption and/or production in response to changes in price is referred to as the response time energy price rise. Other considerations include the proportion of price variations and the response time for participants to adapt their consumption and/or output. There are a total of 10,000 records that are included in the database, and each of those entries has 12 feature properties. There are a number of features that can be predicted, such as the response time of the power producer, consumer-1, consumer-2, and consumer-3, the energy balance of the power producer, consumer-1, consumer-2, and consumer-3, as well as the price efficiency and flexibility of the power producer, consumer-1, consumer-2, and consumer-3. In this particular instance, the response or target variable is categorical, which means that it can be either stable or unstable depending on the state of the grid. In accordance with the grid, the output variable is assigned a value of 0 for stable and a value of 1 for unstable. Following the completion of an exhaustive investigation, it was found that the dataset is significantly uneven, with 3620 records coming from stable. The fundamentally unstable nature of the grid is exemplified by the remaining 6380 samples, which are considered to be typical of the unbalanced data ratio. Verifying the correlation between each numerical characteristic and the dependent variable, as well as the correlation among numerical features that might lead to undesirable collinearity, is a key step in the process. A summary of the association between the dependent variable (’stabf’) and the 12 numerical characteristics are presented in the heatmap that can be seen in Figure 3. ’stab’ is an alternative dependent variable that has been included in this analysis for the sole purpose of indicating the degree to which it is connected with ’stabf.’ Because this connection is significant (-0.83), as it should be, the choice to delete it is strengthened by the fact that it is substantial. Additionally, the correlation between ’p1’ and its constituents ’p2’, ’p3’, and ’p4’ is considerably higher than average, as was anticipated; nonetheless, it is not sufficiently high to warrant any removal.
[image: Figure 3]FIGURE 3 | The correlation matrix of the dataset features.
4.2 Data Balancing Evaluation
Figure 4 shows the results of the proposed approach compared to both the standard SMOTE and the GWO-SMOTE, the residual plot of the Guide-waterwheel plant optimization algorithm-optimized SMOTE demonstrates a significant increase in model fit. Through the process of distributing residuals randomly over the horizontal axis, guide-waterwheel plant optimization has successfully reduced the amount of bias in model prediction. A more accurate predictor-response link is demonstrated here, which contributes to an increase in model confidence. Unbiased predictions are displayed on the residual plot of Optimised SMOTE, which also reflects the capacity of the Guide-waterwheel plant optimization algorithm to capture complex data connections successfully. The plot dispersion of the residuals demonstrates the algorithm’s ability to handle intricate patterns and nuances, which in turn makes the model more durable and sophisticated. When compared to standard SMOTE and GWO-SMOTE, homoscedasticity plots for optimized SMOTE, which is based on the use of the Guide-waterwheel plant optimization method, exhibit a substantially lower level of heteroscedasticity. In order to demonstrate the effectiveness of the algorithm in resolving unequal variation, the consistency of the residual variance across predicted values is established. The presence of homoscedasticity enhances the model’s dependability and stability, making it more suitable for producing predictions that are consistent across all of the predictor variables. Furthermore, the improved homoscedasticity of the Guide-waterwheel plant optimization method demonstrates its capacity to distribute defects uniformly.
[image: Figure 4]FIGURE 4 | The Residual, homoscedasticity, QQ, and heatmap plots of the prediction results based on the SMOTE approach.
The Guide-waterwheel plant optimization algorithm-optimized SMOTE QQ plot demonstrates considerably better residual normally than both the standard SMOTE and the GWO-SMOTE plots. Based on the fact that the plot points are aligned with the diagonal line, it would suggest that residuals are more usual. The purpose of this normalization is to ensure that the Guide-waterwheel plant optimization approach has rectified any model error deviations from normality, hence confirming the validity of statistical inferences. The accomplishment of the Guide-waterwheel plant optimization method through the construction of a statistically sound model is demonstrated by the QQ plot, which indicates greater normality. The capability of this technique to normalize residuals has the effect of improving statistical tests as well as the assumptions of many statistical studies, which in turn increases the validity of the model. A summary of the performance statistics for the Guide-waterwheel plant optimization algorithm-optimized SMOTE, standard SMOTE, and GWO-SMOTE models is presented in the heatmap graphic. The Guide-waterwheel plant optimization method surpasses SMOTE and GWO-SMOTE in terms of accuracy, precision, recall, and F1-score, as demonstrated by color-coded metrics. The visual representation of the heatmap graphic shows the overall performance of the Guide-waterwheel plant optimization method, hence praising its superiority. The algorithm’s consistent outperformance across a number of criteria provides insight into the existence of a model that is both comprehensive and reliable. If those in charge of making decisions want to have a better understanding of how the algorithm influences the performance of the model, this visualization is beneficial.
With SMOTE, without SMOTE (W/O SMOTE), and with optimized SMOTE in accordance with the Guide-WWPA algorithm (Guide-WWPA SMOTE) are the three preprocessing options that are considered. An accuracy of 90.5% is achieved by beginning with the LSTM model that does not include SMOTE. While the specificity (76%) emphasizes its capacity to minimize false positives, the sensitivity (95.4%), which indicates its potential to identify instances of grid instability efficiently, demonstrates that it is able to do so. The F1 score of 94.2% highlights the model’s balanced performance due to its high level of accuracy. As a result of the influence that oversampling has had on the minority class, the accuracy has increased to 91.3%. An increase in the capacity to recognize unstable grid circumstances is indicated by the sensitivity, which has significantly improved to 96.8%. The model continues to be effective in reducing the number of false positives, as evidenced by the fact that the specificity (77.6%) remains unaffected. The overall improvement in prediction accuracy is confirmed by the fact that the F1 score reaches 95.5% (Table 1).
TABLE 1 | Evaluation of the prediction results based on the standard SMOTE, optimized SMOTE and without SMOTE.
[image: Table 1]In order to prove the efficacy of the Guide-WWPA algorithm in the process of fine-tuning the SMOTE procedure, this configuration achieves a boosted accuracy of 93.7%. The model’s greater ability to identify both stable and unstable grid situations is shown by the fact that both the sensitivity (97.1% of the time) and the specificity (83.4% of the time) indicate improvement. The F1 score achieves an impressive 96.2%, which highlights the influence that the optimized SMOTE has on the achievement of a predictive model that is both well-balanced and very accurate when it comes to prediction. Both the major role that SMOTE plays and the extra benefits that are brought about by the Guide-WWPA algorithm are brought to light by the comparison of the performance of the LSTM model under various preprocessing approaches. For the purpose of achieving improved accuracy, sensitivity, specificity, and overall predictive performance, the optimized SMOTE, which is directed by the Guide-WWPA algorithm, emerges as the most successful preprocessing strategy. In addition to highlighting the potential of improved preprocessing approaches in improving the reliability of predictive models, this illustrates the significance of resolving class imbalance in the context of smart grid stability prediction. When dealing with unbalanced datasets in the context of smart grid stability prediction, researchers and practitioners may make use of these insights to determine how to optimize their method.
ANOVA test results show the importance of the proposed model for smart grid stability prediction under multiple preprocessing methods: without SMOTE, with SMOTE, and with optimized SMOTE using the Guide-WWPA algorithm. ANOVA tables have Treatment, Residual, and Total components. The Treatment component shows how much each preprocessing approach affects model prediction accuracy. The Treatment sum of squares (SS) is 0.00187, with 4 DF and 0.0005 MS. The F-statistic (F (4, 20) = 137.2) shows a significant difference (P < 0.0001) between preprocessing approaches (Table 2). This suggests that at least one preprocessing strategy significantly impacts model prediction. The residual component indicates each preprocessing method’s unexplained variability or mistake. Differences between observed and projected values. With 20 degrees of freedom and an MS of 0.000003, the Residual SS is 0.00007. The Residual component assesses data variability not caused by preprocessing processes, indicating data variability or model inadequacies. The total component shows the model’s predicted performance variability. It combines Treatment and Residual. Total SS is 0.00194, with 24 degrees of freedom. The Total SS shows how much variability pretreatment methods explain relative to data variability. The ANOVA test results indicate that the proposed smart grid stability prediction model performs significantly differently under different preprocessing procedures. The Treatment component, which represents preprocessing procedure variability, greatly affects model performance. These findings emphasize the significance of preprocessing, with the optimized SMOTE employing the Guide-WWPA algorithm possibly improving predictive performance the most. These findings can help researchers and practitioners improve smart grid stability prediction models and preprocessing procedures.
TABLE 2 | Analysis of variance (ANOVA) test applied to the prediction results using the optimized SMOTE approach.
[image: Table 2]The proposed model for smart grid stability prediction uses several optimization strategies applied to SMOTE, and statistical analysis provides useful insights into performance variances between approaches. Optimization strategies include PSO-SMOTE, GWO-SMOTE, WWPA-SMOTE, and Guide-WWPA SMOTE. Examine and expand each method’s summary data. SMOTE: SMOTE alone is the comparative baseline. The analysis shows a mean accuracy of 0.9129 and a standard deviation of 0.0018 for accuracy values from 0.9101 to 0.9151. The sample mean estimate is precise, with a standard error of 0.0008. PSO-SMOTE, GWO-SMOTE, and WWPA-SMOTE: These optimization approaches make SMOTE accuracy distributions smaller than baseline SMOTE. Each approach improves mean accuracy compared to SMOTE alone; however, range and standard deviation vary, indicating optimization strategy efficacy. The proposed Guide-WWPA SMOTE has the greatest mean accuracy (0.9369) among all approaches, demonstrating its predictive performance improvement. A lower range and standard deviation indicate a more consistent and exact accuracy distribution (Table 3). A deeper statistical summary analysis is possible with the comment extension. Guide-WWPA SMOTE’s shorter range and lower standard deviation indicate stronger predictive performance consistency and stability than other optimization approaches. The reduced standard error of the mean supports this increased precision and provides a more accurate population mean estimate. Comparing percentiles across optimization strategies reveals accuracy distributions. Guide-WWPA SMOTE has greater median and percentile accuracy across the spectrum. Guide-WWPA SMOTE increases the smart grid stability prediction model’s predictive capabilities, yielding more accurate findings than previous optimization approaches. The statistical research shows that Guide-WWPA SMOTE improves smart grid stability prediction model performance. Higher mean accuracy, decreased variability, and increased consistency make it a suitable optimization technique for unbalanced data in smart grid stability prediction tasks. Researchers and practitioners may use these insights to optimize preprocessing and improve the smart grid prediction model’s dependability.
TABLE 3 | Statistical analysis of the data balancing results.
[image: Table 3]4.3 Evaluating Machine Learning Models
A complete comparison of several algorithms is shown in the findings of the smart grid stability prediction models. The results show that LSTM emerges as the model that is used due to its superior performance. The following metrics will be taken into consideration: accuracy, sensitivity, specificity, Pvalue, Nvalue, and F1-score. Let’s go into the study of each pair of measures. To begin, it exhibits a remarkable accuracy of 81.0%, with a high sensitivity of 89.7%, which indicates that it is proficient in properly recognizing instances of grid stability. This is demonstrated by SVM. On the other hand, the rate of false positives is greater because of the comparatively poor specificity of 62.0%. In situations when accuracy and memory are of the utmost importance, it is essential to strike a balance between sensitivity and specificity. Following that, KNN model gets an accuracy of 82.3% while doing exceptionally well in terms of sensitivity, which is 90.9%. However, in a manner comparable to that of SVM, its specificity is significantly lower, coming in at 72.5%. There is a possibility that KNN has a greater probability of false positives despite the fact that it is quite good at recognizing stable grid conditions. A high level of sensitivity of 91.7% and an accuracy of 83.4% are both features of DT model, which operates well. When it comes to accurately detecting unstable grid states, however, the specificity is still very low at 62.7%, which indicates that there is space for improvement. As we go on to MLP model, we find that it exhibits a high level of sensitivity of 92.0% and an accuracy of 84.3%. A better balance between accurately categorizing stable and unstable circumstances is proposed by the fact that the specificity has improved to 64.8% with this adjustment. In the comparison, the Random Forest (RF) model is one of the models that performs very well since it has an excellent accuracy of 87.4%. It demonstrates its capacity to differentiate between stable and unstable states by virtue of its high sensitivity (93.5%), as well as its high specificity (71.8%). As a result of achieving the maximum accuracy of 89.2%, LSTM model is ultimately selected as the model to be implemented. The sensitivity of this model is 94.4%, which indicates that it is exceedingly capable of identifying grid configurations that are both stable and unstable. Furthermore, the specificity of 76.0 percent reveals a powerful capability to minimize false positives, which makes it more reliable in terms of predicting the stability of smart grids (Table 4). In terms of accuracy, sensitivity, specificity, and overall predictive performance, LSTM model appears to be superior to other algorithms, as demonstrated by the thorough metrics study. This is a promising choice for real-world applications in electrical grid management, which is why LSTM model was chosen as the adopted model. Its greater capacity to reliably anticipate smart grid stability is the reason for this choice.
TABLE 4 | Evaluation of various machine learning models.
[image: Table 4]4.4 Feature Selection Evaluation
The feature selection results from several optimization approaches applied to the smart grid stability dataset show how well different strategies find significant features. Binary bGuide-WWPA, Binary bWWPA, Binary bGWO, Binary bPSO, Binary bBA, Binary bWAO, Binary bBBO, Binary bMVO, Binary bSBO, Binary bFA, and Binary bGA: This measure indicates feature selection accuracy. Lower numbers indicate better performance. The proposed bGuide-WWPA technique has the lowest average error of 0.796, suggesting its efficacy in picking important features (Figures 5, 6). This shows that bGuide-WWPA feature selection is more accurate than other techniques (Table 5). Average Select Size: Each technique selects an average amount of features. Here, bGuide-WWPA has a lower average select size than other approaches, showing it can find a more compact and informative subset of features. This can simplify computation and improve model interpretation. Average Fitness, Best Fitness, Worst Fitness, Std. Fitness: These measures show feature subset quality and variability. With high average fitness, best fitness, and low standard deviation of fitness data, bGuide-WWPA performs well. This indicates that bGuide-WWPA’s feature subsets are accurate, consistent, and robust. The proposed bGuide-WWPA successfully selects key features for smart grid stability prediction. Its decreased average error, small subset of features, and high fitness values make it preferable to other feature selection approaches. These findings can help researchers and practitioners enhance smart grid management forecasting models and feature selection.
[image: Figure 5]FIGURE 5 | The average error of the prediction results based on the feature selection methods.
[image: Figure 6]FIGURE 6 | Analysis Plots of the feature selection results.
TABLE 5 | Evaluation of the feature selection results.
[image: Table 5]ANOVA test on smart grid stability prediction feature selection results using bGuide-WWPA, bWWPA, bGWO, bPSO, bBA, bWAO, bBBO, bMVO, bSBO, bFA, and bGA shows how these methods affect predictive performance. Treatment: The Treatment component indicates how much each feature selection approach affects predicted accuracy. The Treatment SS is 0.080, with 10 DF and 0.008008 MS. The F-statistic (F (10, 99) = 115.4) shows a significant difference (P < 0.0001) across feature selection approaches (Table 6). This suggests that at least one feature selection approach significantly affects model prediction. Residual: Each feature selection method’s unexplained variability or inaccuracy is the residual component. Differences between observed and projected values are included. With 99 degrees of freedom and an MS of 0.00006942, the Residual SS is 0.007. The Residual component assesses data variability not caused by feature selection techniques, indicating data variability or model shortcomings. Total: The Total component indicates model prediction performance variability. It combines Treatment and Residual. The Total SS is 0.087 with 109 degrees of freedom. The Total SS shows how much variability feature selection strategies explain relative to data variability. The ANOVA test findings indicate that smart grid stability prediction feature selection approaches function differently. The Treatment component, which reflects feature selection process variability, is critical to model performance. These findings emphasize the relevance of feature selection, which may improve smart grid management prediction model accuracy and dependability. These findings can help researchers and practitioners improve smart grid stability prediction predictive models and feature selection procedures.
TABLE 6 | ANOVA test applied to the feature selection results.
[image: Table 6]The Wilcoxon signed-rank test helps determine the relevance of smart grid stability prediction technique differences between matched feature selection approaches. The medians of the differences between the paired feature selection approaches are compared to a theoretical median of zero. Examine and expand on the important results. Theoretical and Actual Medians: The theoretical median is zero, suggesting no predicted difference between the paired feature selection approaches. Actual median values show method discrepancies. The median for bGuide-WWPA is 0.796, bWWPA is 0.820, etc. These values indicate the main procedure differences. Each feature selection technique is matched with the others, creating 10 pairings. The absolute differences between paired feature selection approaches are summed according to signed rankings. All pairings have 55 signed rankings, indicating consistency in ranking discrepancies across approaches. The sum of positive rankings reflects ranks given to positive differences (where the first technique has a higher median than the second). In contrast, the total of negative ranks represents ranks assigned to negative differences. All differences are positive in this test; thus, positive and negative ranks are equal. Two-Tailed P-Value: The P number reflects the chance of seeing the findings (or more extreme) under the null hypothesis of no difference between the matched feature selection procedures. For all couples, the P value is 0.002, strongly rejecting the null hypothesis (Table 7). This suggests that feature selection approaches varied greatly. The discrepancy column shows variations between the matched feature selection approaches. These medians reveal technique differences in direction and size. The Wilcoxon signed-rank test shows substantial differences amongst smart grid stability prediction paired feature selection approaches. Choosing the right feature selection approach is important since the constant sum of signed rankings and low P values indicate strong findings across all pairings. These findings can help researchers and practitioners choose the best feature selection method for smart grid stability prediction.
TABLE 7 | Wilcoxon signed rank test applied to the feature selection results.
[image: Table 7]4.5 Smart Grid Stability Prediction Evaluation
When compared to earlier methods of feature selection, the Smart Grid Stability Prediction that makes use of the optimized Guide-WWPA + LSTM model distinguishes itself by displaying the prediction performance of the model. It has been demonstrated that Guide-WWPA + LSTM is more accurate than other LSTM models such as PSO + LSTM, GA + LSTM, GWO + LSTM, MVO + LSTM, BBO + LSTM, WOA + LSTM, and the standard LSTM model. A more concentrated and smaller accuracy distribution in the histogram is indicative of predictive performance that is of a higher quality. In order to increase the accuracy of smart grid stability forecasts, Guide-WWPA is able to detect significant factors that optimize the LSTM model. In terms of accuracy and prediction error variance, the accuracy histogram demonstrates that the Guide-WWPA + LSTM model works better than other feature selection techniques. With the enhanced Guide-WWPA method, the model’s capacity to generalize to new data is improved, resulting in more consistent and predictable performance (Figures 7–9). This is accomplished by effectively traversing across feature space and detecting variables that have significance. When it comes to smart grids, having credible stability forecasts is necessary for ensuring the safety and effectiveness of the network. The Guide-WWPA provides a higher level of accuracy when compared to other classification methods such as PSO + LSTM, GA + LSTM, GWO + LSTM, MVO + LSTM, BBO + LSTM, WOA + LSTM, and the standard LSTM.
[image: Figure 7]FIGURE 7 | The histogram of the prediction accuracy.
[image: Figure 8]FIGURE 8 | The accuracy of the prediction results achieved by various prediction algorithms.
[image: Figure 9]FIGURE 9 | Analysis plots of results of the smart grid stability prediction.
The capability of the algorithm to recognize important features and effectively collaborate with the LSTM model contributes to an increase in the predictive capacity of the hybrid model. The Guide-WWPA + LSTM model may perform better than other techniques if it is essential to have intelligent grid stability forecasts that are precise and reliable. Other feature selection methods are outperformed by the Smart Grid Stability Prediction accuracy histogram, which makes use of the improved Guide-WWPA + LSTM model. A demonstration of the LSTM model’s expanded predictive capacity is provided by Guide-WWPA’s enhanced and consistent accuracy distribution as well as its reduced prediction errors. Under real-world applications, this hybrid technique for predicting the stability of smart grids appears to have a lot of potential. It may even surpass other feature selection methods that are now under implementation.
When comparing the Guide-WWPA + LSTM model to the WWPA + LSTM model for the purpose of predicting the stability of smart grids, the ROC curve is an essential visual tool, as depicted in Figure 10. In order to demonstrate that the models are able to differentiate between stable and unstable circumstances, the ROC curve illustrates the compromise that exists between the true positive rate and the false positive rate. By having a greater area under the curve (AUC), which indicates better discrimination and prediction, the recommended Guide-WWPA + LSTM model surpasses the WWPA + LSTM model in this comparison. In the Guide-WWPA + LSTM model, the ROC curve gets steeper and more convex as it is studied more carefully. This indicates that the model has greater sensitivity and specificity across all classification thresholds. With the help of the Guide-WWPA algorithm, the feature selection process was optimized, which in turn enabled the LSTM model to generate predictions that were precise and reliable. For the purpose of managing energy proactively and efficiently, achieving smart grid stability prediction requires an expanded discriminating power to recognize prospective instability occurrences. In addition to that, the comment investigates the use of ROC curve comparison in the real world. It is possible that the Guide-WWPA + LSTM model, which has superior performance, would lower the number of false positives and negatives that are associated with smart grid stability prediction. This will reduce the risk of ineffective actions or the occurrence of key instability events. By ensuring the dependability and robustness of smart grids this makes it easier to make decisions on the management of electrical networks. With regard to discriminatory power and predictive performance, the Guide-WWPA + LSTM model is superior to the WWPA + LSTM model. This conclusion is based on the results of ROC curve analysis conducted on the findings of smart grid stability prediction. In order to improve the accuracy and dependability of the LSTM model, the Guide-WWPA approach optimizes the selection of features. Exact stability projections are necessary for smart grid operations in order to guarantee the long-term reliability and effectiveness of the electrical framework. Using the Guide-WWPA + LSTM model for smart grid stability prediction, energy management and grid reliability may both be improved over time.
[image: Figure 10]FIGURE 10 | The ROC cCurve between Guide-WWPA + LSTM and WWPA + LSTM.
Both Guide-WWPA + LSTM and WWPA+LSTM models have AUCs of 0.99, which is high. This suggests that Guide-WWPA + LSTM and WWPA + LSTM models may accurately categorize cases due to their strong discriminatory strength. Standard Error: Measures AUC estimate variability or precision. We have a tiny standard error of 0.01616 around the AUC estimate. 95% Confidence Interval: The 95% confidence interval gives us a reasonable estimate of the real AUC value. The CI is 0.9583–1.000, showing good AUC estimate confidence. A P-value reflects the statistical significance of the performance difference between the two models. The P-value is 0.0002, below the significance level of 0.05. This shows that Guide-WWPA + LSTM outperforms WWPA + LSTM statistically. Data: The data summary lists the number of controls (LSTM model-classified as normal stability) and patients (LSTM-classified as unstable) utilized in the analysis. Both models were tested with 10 controls and 10 patients, and no data was missing. The ROC curve shows that Guide-WWPA + LSTM and WWPA + LSTM models predict smart grid stability effectively. Guide-WWPA + LSTM may have a modest performance advantage over WWPA + LSTM, as seen by the low P-value. For reliable smart grid stability prediction, optimization methods such as Guide-WWPA and LSTM models work well (Table 8).
TABLE 8 | Prediction results based on various optimization methods.
[image: Table 8]The ANOVA test findings, in Table 9, show that smart grid stability prediction approaches function differently. The treatment component shows significant variability between prediction approaches, with an SS of 0.02069 and a high F-statistic of 383.6 (with 8 and 81 degrees of freedom), resulting in a low P-value (<0.0001). This shows that at least one prediction approach significantly affects model prediction. An SS of 0.000546 and an MS of 0.000006741 indicate a tiny residual component, which accounts for unexplained variability or error in each prediction technique. This suggests that predicted performance variability is mostly due to technique variations rather than random variability within each method. A total SS of 0.02123 (89 degrees of freedom) shows model prediction performance variability. The large ANOVA difference emphasizes the importance of choosing the right prediction approach, which may improve the accuracy and dependability of smart grid stability prediction models.
TABLE 9 | ANOVA test results of the prediction results.
[image: Table 9]The Wilcoxon signed-rank test shows that Guide-WWPA + LSTM outperforms alternative smart grid stability prediction approaches as presented in Table 10. The theoretical median for all approaches is zero, showing no performance difference from Guide-WWPA + LSTM. However, each method’s median results, ranging from 0.949 to 0.997, show significant performance differences from Guide-WWPA + LSTM. The sum of signed rankings appears to rank performance differences consistently across all approaches, supporting this disagreement. Each technique performs significantly better than Guide-WWPA + LSTM (P-value 0.002, two-tailed). This strongly contradicts the null hypothesis that Guide-WWPA + LSTM performs similarly to the other approaches. The Wilcoxon signed-rank test findings show that Guide-WWPA + LSTM outperforms alternative smart grid stability prediction approaches. This emphasizes the significance of choosing the best approach, with Guide-WWPA + LSTM performing best.
TABLE 10 | Wilcoxon signed rank test applied to the prediction results.
[image: Table 10]The statistical test of smart grid stability prediction using LSTM, WAO + LSTM, BBO + LSTM, MVO + LSTM, GWO + LSTM, GA + LSTM, PSO + LSTM, WWPA + LSTM, and Guide-WWPA + LSTM shows their performance and variability. Analysis of the statistics reveals each method’s predictive power as presented in Table 11. Central tendency measurements like the mean, median, and quartiles help us comprehend each method’s usual performance. Guide-WWPA + LSTM has a mean smart grid stability prediction accuracy of 0.997. Range and standard deviation show predicted performance metrics’ distribution around the mean. A lower range and standard deviation indicate less performance variability across experiments or observations. Guide-WWPA + LSTM has the lowest standard deviation of 0.000, showing consistent performance across assessments. Mean confidence intervals also show the accuracy of estimated performance levels. Guide-WWPA + LSTM ’ s narrow confidence intervals suggest strong mean performance value confidence. Skewness and kurtosis assess performance value distribution shape. The distribution is skewed to the right for positive skewness, suggesting lower performance values, and to the left for negative skewness, indicating greater performance values. Kurtosis indicates distribution peaking. Understanding these measurements helps evaluate each method’s performance value distribution. By revealing the performance characteristics of the tested approaches, statistical analysis allows stakeholders to choose them for smart grid stability prediction.
TABLE 11 | Statistical analysis of the prediction results.
[image: Table 11]5 CONCLUSION
This paper proposed a novel Guide-WWPA+LSTM model for boosting the prediction accuracy of smart grid stability. On the smart grid dataset that is available from the UCI Machine Learning Repository, the proposed model is demonstrated through experimentation. The effectiveness of Guide-WWPA+LSTM is evaluated in comparison to that of various optimization methods and conventional machine learning models such as LSTM, SVM, DT, and MLP. Regarding accuracy, precision, loss, and ROC curve metrics, the comparison study demonstrates that the proposed model is superior to the other models. In comparison to other conventional models, the proposed model attained an accuracy of 99.7%. In addition, the proposed model has a sensitivity, specificity, Pvalue, Nvalue and F1-score as 97.6%, 99.6%, 99.9% and 99.7%. The ROC curve is another indicator that demonstrates how successful the proposed model should be. The model that was presented accomplishes an ROC of 99.00%, which is superior to the performance of the other models. It is possible to implement a context-aware model as part of the work that will be done in the future in order to meet the ever-changing demands for electricity and enhance the dependability of smart grids.
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