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Abstract: In the contemporary world of highly efficient technological development, fifth-generation technology (5G) is seen as a vital step forward with theoretical maximum download speeds of up to twenty gigabits per second (Gbps). As far as the current implementations are concerned, they are at the level of slightly below 1 Gbps, but this allowed a great leap forward from fourth generation technology (4G), as well as enabling significantly reduced latency, making 5G an absolute necessity for applications such as gaming, virtual conferencing, and other interactive electronic processes. Prospects of this change are not limited to connectivity alone; it urges operators to refine their business strategies and offers users better and improved digital solutions. An essential factor is optimization and the application of artificial intelligence throughout the general arrangement of intricate and detailed 5G lines. Integrating Binary Greylag Goose Optimization (bGGO) to achieve a significant reduction in the feature set while maintaining or improving model performance, leading to more efficient and effective 5G network management, and Greylag Goose Optimization (GGO) increases the efficiency of the machine learning models. Thus, the model performs and yields more accurate results. This work proposes a new method to schedule the resources in the next generation, 5G, based on a feature selection using GGO and a regression model that is an ensemble of K-Nearest Neighbors (KNN), Gradient Boosting, and Extra Trees algorithms. The ensemble model shows better prediction performance with the coefficient of determination R squared value equal to. 99348. The proposed framework is supported by several Statistical analyses, such as the Wilcoxon signed-rank test. Some of the benefits of this study are the introduction of new efficient optimization algorithms, the selection of features and more reliable ensemble models which improve the efficiency of 5G technology.
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1  Introduction

The communication technology was fully revolutionizing and establishing a new paradigm of 5G where one can get a peak speed of around number two hundred gigabytes per second, which is way different from its initial introduction to the world in the form of four gees where there was theoretical top speed limit which is close or nothing more than mere single gigabits. However, 5G is not a very minor enhancement; it offers the potential to realize huge revolutions, primarily in those varieties of low latency [1]. This trait has a great opportunity to increase the efficacy of various applications, from business systems to immersion information technologies, including online gaming, virtual conferences, and self-driving cars. However, unlike previous cellular technologies that were all about connectivity, 5G goes beyond those boundaries by providing connected experiences that are not rationally restrained from the cloud but rather reach end users. They include virtual and software-led designs based on cloud technology that strike the world of connectivity. Portability can be eliminated by going below the surface of 5G connectivity. Using its seamless roaming features, a user can move uninterruptedly from one cellular access point or Wi-Fi hotspot outdoors and in buildings. This is achieved without any user participation or need for re-authentication so as not to break connectivity betweenenvironments [2,3].

5G will connect people who live in remote rural areas to the Internet, which will help solve problems. It also tries to keep up with the growing need for connectivity in cities with lots of people, where 4G technology might not be able to keep up. Some ways to speed up the processing of data are to change the network’s architecture to make it denser and more spread out and to store data closer to the edges. AI and optimization synthesis has become the most important part of 5G technology in order to get the most out of it [4]. Metaheuristic optimization is a field that uses complex algorithms to solve these kinds of optimization problems. It is the way to solve these problems because there are an infinite number of resources available. It is important to use the most useful information from the sources that are available in the real world, so optimizations and new ways of doing things areneeded [5,6].

One of the main aspects related to machine learning model optimization includes feature selection, which refers to picking up relevant features from various data. This cumbersome process is replete with obstacles involving complex combinatorial optimization. Binary optimization algorithms, including bGGO [7,8] and others, pave the way. Following the feature extraction strategy, they obtained better results with relatively few selected features that can be applied in many areas as problem solutions [9]. Our question is not limited to binary optimization but continues into other wide-ranging approaches. In the framework dedicated to 5G resource allocation operations, machine learning models are optimized by using various algorithms such as Greylag Goose Optimization (GGO) [10], Gray Wolf Optimizer (GWO) [11], Particle Swarm Optimization (PSO) [12], Biogeography-Based Optimization (BBO) [13]. Additionally, we have a vast array of machine learning algorithms that play varied roles in the optimization process for resource allocation to 5G networks [14–16]. In our study, we use the following toolkit, which mainly consists of K-Nearest Neighbors (KNN) [17], Gradient Boosting [18], Extra Trees [19], Multilayer Perceptron (MLP) [20], Support Vector Regression [21], XGBoost [22], Catboost [23], Decision Tree [24], Random Forest, and Linear Regression [25–27].

The main contributions of this study include:

○    Development of a Novel Optimization Framework: The introduction of an advanced optimization framework that leverages bGGO for feature selection, specifically tailored to enhance the performance of machine learning models in 5G resource allocation.

○    Improvement in Feature Selection Strategies: Utilizing bGGO to significantly reduce the feature set while maintaining or improving model performance, leading to more efficient and effective 5G network management.

○    Ensemble Model Innovation: Creation of a robust ensemble model combining KNN, Gradient Boosting, and Extra Trees algorithms, which significantly improves predictive accuracy and stability in the context of 5G networks.

○    Optimization Using GGO: Implementing the GGO algorithm to fine-tune the ensemble model, further enhancing its performance and ensuring optimal resource allocation in 5G networks.

○    Empirical Validation: Demonstrating the practical applicability and superiority of the proposed framework through rigorous testing and validation, highlighting substantial improvements in network efficiency and resource management.

These contributions collectively advance understanding optimization techniques, feature selection strategies, and ensemble modeling in 5G technology, offering valuable insights for researchers and practitioners.

Previous research has been majorly pegged on heuristic and metaheuristic optimization techniques in resource scheduling. Although these methods are proven effective, the problem is that, in many cases, they are limited in terms of their scalability and ability to adapt to the current state of the networks. Moreover, feature selection still represents an important issue because 5G network data presents many elements that must be analyzed to create machine learning models.

The primary research gaps identified include:

○    Scalability Issues: Several optimization algorithms available today are not easily scaled up to large volumes of data and the high-speed technological environments of the 5G network.

○    Dynamic Resource Management: It has emerged that there remain issues when it comes to source management in the networks and the demands of users.

○    Efficient Feature Selection: When machine learning models are employed in 5G network data, high dimensionality affects feature selection, which may reduce the model’s performance.

○    Integration of Advanced Optimization Techniques: There are diverse areas in which AI and machine learning have been incorporated in 5G; however, scattered models have not improved the performance of integrated feature selection and model optimization.

Based on the abovementioned shortcomings, this research will propose a new optimization framework to address feature selection using bGGO and fine-tuning an ensemble model with GGO. This integrated approach addresses these concerns and promotes scalability, dynamism, and optimization in resource management in 5G networks. To fill the abovementioned gaps, this study aims to enhance the developmental pace of 5G technology by offering concrete recommendations for improving all the interconnected components of a telecommunication network.

In the subsequent parts of this paper, the focus is on specific performance measures and statistical tests used to measure efficiency optimization algorithms. Then, it dives deeply into Related Works, Materials and Methods, Experimental Results, and a forward-looking Conclusion and Future Directions, offering a holistic view of the research endeavor.

2  Related Works

Applying s-BSs interconnected via mmWave backhaul links is one strategy to control traffic requirement dynamics in contemporary 5G mobile networks [28]. This paper introduces the intelligent backhauling and s-BS/BH link sleeping (IBSBS) framework to minimize power consumption in heterogeneous networks (HetNets). Considering power and capacity constraints, the framework optimizes UE association and backhauling through a heuristic function-based intelligent backhauling algorithm. Additionally, a load-sharing-based s-BS sleeping algorithm dynamically adjusts the states of s-BSs to meet UE demands without compromising power efficiency. Evaluation results demonstrate the superiority of the proposed framework in terms of network energy efficiency, power consumption, and the number of active s-BSs/BH links compared to state-of-the-art algorithms.

In the world of 5G/B5G, mmWave communications, the beam selection problem is one tough nut that must be cracked to overcome attenuation and penetration losses [29]. Traditional exhaustive search methods for beam selection struggle within short contact times. This paper explores the application of machine learning (ML) to address the beam selection problem in a vehicular scenario. Through a comparative study using various ML methods, the work leverages a common dataset from the literature, enhancing accuracy by approximately 30%. The dataset is further enriched with synthetic data, and ensemble learning techniques achieve an impressive 94% accuracy. The novelty lies in improving the dataset and designing a custom ensemble learning method, showcasing advancements in addressing the beam selection problem in mmWave communications.

Spoofing attack detection is important in the 5G wireless communications domain because it helps to preserve network security [30]. This paper focuses on leveraging information from the radio channel to minimize the impact of cyber threats in 5G IoT environments. The integration of artificial intelligence (AI), particularly a Support Vector Machine (SVM) based PHY-layer authentication algorithm, enhances security by detecting possible attacks at the physical layer. The simulation results demonstrate the effectiveness of the proposed method in achieving a high detection rate across various attacks.

The growing dependence on wireless devices for daily necessities necessitates efficient data processing, particularly in applications involving smart technologies [31]. In this context, 5G networks play a crucial role, and this paper addresses the challenge of 5G data offloading to save energy over time. The suggested solution applies MEC and PSO algorithms for edge node selection in order to achieve energy-efficient offloading over the 5G networks. Load balancing is highlighted in the edge nodes to minimize energy consumption, making it clear that the PSO-based offloading method is working well. Results show that mobile edge computing consumes less energy than core cloud and mobile devices, highlighting the power savings obtained using this approach.

A significant surge in mobile data traffic forces 5G BSs to respond by demanding a lot of power [32]. However, existing energy conservation technologies usually ignore the dynamics of user (UE) change and influence the ability to achieve maximum sleep for idle or lightly loaded BS. To overcome this, the paper presents ECOS-BS or Energy Consumption Optimization Strategy of 5G BSs Considering Variable Threshold Sleep Mechanism. This strategy dynamically adjusts the optimal sleep threshold of BSs based on UEs’ dynamic changes, enhancing the management of BS energy consumption in heterogeneous cellular networks.

As a new concept of the next-generation access networks, commonly known as 5G cellular networks, multi-tenancy network slicing remains a fundamental aspect. In this technology, we have the idea of network slices for the initial time as a new kind of public cloud service that brings more flexibility to services and better utilizes the network resources. However, they also come with new problems in managing the network system’s resources. Over time, researchers have proposed multiple techniques to tackle these problems, and several of them utilized ML and AI solutions. In the article [33], the authors present a general overview of the possibilities of network slicing used for resource management and the abilities of machine learning algorithms in the context of the presented solutions. The identified method concerns outline the need to manage network slicing better and handle the multi-tenancy complexity through utilizing ML and AI in 5G networks. The article seeks to bring insights and understanding of the current state of network slicing resource management, especially with the advent of machine learning as a transformative force in this specific network architecture resource management.

Internet and other communication networks are among the most vital aspects of the current society, but despite their importance, several issues remain unsolved, hence the need for constant evolution. Hence, the integration of graph-based deep learning algorithms has gained significant prominence as a pacesetter in modeling different transmission network topologies, outcompeting other approaches in tackling several concerns in the field. This latest survey by [34] provides a comprehensive overview of the rapidly growing literature applying a wide range of graph-based deep learning models, including GCNs and GATs, to various issues in various communication scenarios (e.g., wireless, wired and SDN). The survey presents systematically all the problems examined and solutions suggested in the studies and offers a convenient report for a scholar. In the same way, it also pointed out potential avenues of study that would be useful to explore and fields that would be worth investigating more deeply. Most notably, to the author’s knowledge, this work is novel in proposing deep learning architectures built on graph theory for wired and wireless network scenarios.

Table 1 summarizes the key contributions of the related works.
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3  Materials and Methods

3.1 Dataset

This paper uses the Kaggle-obtained dataset [35] to achieve a deep understanding of 5G resource allotment trends. Advanced AI algorithms play an important role in the dynamic resource management of the network using bandwidth, frequency spectrum, and computing power. The dataset provides a multifaceted perspective on resource allocation, delving into various aspects:

○    Application Types: This facet offers insights into the resource demands and allocations associated with diverse applications, ranging from high-definition video calls to IoT sensor data.

○    Signal Strength: The dataset allows an in-depth examination of how signal strength influences resource allocation decisions and subsequently impacts the quality of service delivered.

○    Latency: A crucial element in the study, latency considerations shed light on the intricate balance between low-latency requirements and the availability of resources.

○    Bandwidth Requirements: The dataset enables detailed exploration of the varied bandwidth needs of different applications, unveiling their influence on allocation percentages.

○    Resource Allocation: At the core of the investigation lies the dynamic resource allocation process, where AI-driven decisions determine optimal network performance through allocated percentages.

Fig. 1 shows the distribution of signal strength with respect to different application types in the dataset. The figure thus categorizes applications from high-definition video calls to IoT sensor data in order to shed light on how some specifics place significant drains and are themselves drainable by so much signal strength.
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Figure 1: Signal strength by application type in the selected dataset

Fig. 2 shows a heatmap of the correlation matrix of numeric columns in the dataset. This graphical representation provides a broad analysis of the elements between core values. Every cell in the heatmap denotes a correlation coefficient value that is presented as an image of how variables interconnect themselves.
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Figure 2: Heatmap of the correlation matrix for numeric columns in the selected dataset

3.2 Machine Learning Basic Models

Machine learning, one of the branches of frameworks advanced by artificial intelligence, teaches machines how to mimic intelligent human behavior in solving complex issues, almost like a problem-solver. Fundamental machine learning models that are used as reference models:


○    K-Nearest Neighbors (KNN): This algorithm is applied for classification and regression tasks. It operates because similar data points share akin labels or values. During training, KNN stores the complete dataset as a reference [36].

○    Gradient Boosting: A boosting technique in machine learning that minimizes overall prediction error by amalgamating the strengths of prior models. It strategically establishes target outcomes for the subsequent model to diminish error [37].

○    Extra Trees: Abbreviated for extremely randomized trees, this supervised ensemble learning method utilizes decision trees. It is applied by the Train Using AutoML tool, contributing to classification and regression tasks [38].

○    Multilayer Perceptron (MLP): Employed in diverse machine learning techniques, such as classification and regression, MLPs demonstrate heightened accuracy for classification predicaments. Regression, a supervised learning technique, approximates continuous-valued variables[39].

○    Support Vector Regression (SVR): Applied for regression analysis, SVR seeks a function that approximates the relationship between input variables and a continuous target variable, curtailing prediction error [40].

○    XGBoost: A robust machine-learning algorithm implementing gradient-boosting decision trees. It has earned global acclaim among data scientists for optimizing machine-learning models [41].

○    CatBoost: A variant of gradient boosting adept at managing both categorical and numerical features. It circumvents traditional feature encoding techniques, utilizing an algorithm termed symmetric weighted quantile sketch to manage missing values and enhance performance [42].

○    Decision Tree: A non-parametric supervised learning algorithm utilized for both classification and regression tasks. It structures information hierarchically with root nodes, branches, internal nodes, and leaf nodes [43].

○    Random Forest: An ensemble learning method constructing numerous decision trees during training for classification, regression, and other tasks. For classification, the output is the class selected by the majority of trees [44].

○    Linear Regression: This analysis predicts a variable’s value based on another variable. The predicted variable is the dependent variable, while the variable used for prediction is the independent variable [45].

3.3 Ensemble Learning

Ensemble learning is a well-thought-out strategy in machine learning through which the predictions of several models are summed up to have relatively better results compared with any one model alone. The approach reduces human or machine errors within the separate models by science being derived from an assortment of such finished artifacts. This teamwork, in turn, contributes to better precision and improved performance of the system performing ensemble learning, meaning this approach is one powerful tool within the machine-learning field [46].

3.4 Greylag Goose Optimization (GGO) Algorithm

3.4.1 Geese: Social and Dynamic Behavior

Geese show both social and dynamic behaviors which are adaptive and make them cooperative. They create durable alliances with their mates, manifesting fidelity through vigilance in the presence of sickness or injury. Intriguingly, a goose could move to isolation after losing a partner and could be single till they die, signing a great level of loyalty rarely seen in many other species. During the breeding season, geese undertake breeding behaviors, with males fervently guarding the nests while females tend to them. Some geese show nest site fidelity, repeatedly returning to the same nesting place if conditions allow. This trait depicts their dedication to keeping the future generation on the safe side.

In group settings, geese would gather to form larger groups known as gaggles. Among these groups, individuals in rotation act as sentries guarding for predators as others feed. Such an interdependent behavior is like the way the teamwork among sailors on board, where members watch each other’s safety. Well-being geese have been observed protecting injured individuals and behaving as the brood generally. The migration of geese is equally impressive. They travel thousands of kilometers in large flocks. They fly in a unique V-shaped pattern, which reduces air resistance and allows them to save energy while on long trips. Also equipped with joint memory and navigation, geese rely on recognized reference points and sky indicators.

The Greylag Goose Optimization (GGO) algorithm [10] borrows concepts of this dynamic behavior of geese. It begins by randomly producing individuals, each referring to a prospective solution to a particular problem. Such individuals are then divided into exploration and exploitation groups, the size of each adjusting dynamically based on how well the best solution is performing. This results in an effective search of solution space and avoids the algorithm being successfully stuck in local optima, as shown in Fig. 3.
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Figure 3: Exploration and exploitation of grey goose optimization

3.4.2 Exploration Operation

The exploration operation in the Greylag Goose Optimization (GGO) algorithm focuses on finding promising areas within the search space and avoiding stagnation in local optima by moving towards the best solution. This is achieved through iterative adjustments of agent positions using specific equations.

One key equation used in the GGO algorithm for updating agent positions is:

X(t+1)=X∗(t)−A⋅|C⋅X∗(t)−X(t)|(1)

Another equation used to update agent positions involves utilizing three random search agents, named XPaddle 1, XPaddle 2, and XPaddle 3, and is expressed as:

X(t+1)=w1⋅XPaddle 1+z⋅w2⋅(XPaddle 2−XPaddle 3)+(1−z)⋅w3⋅(X−XPaddle 1)(2)

where w1,w2,w3 are updated within [0, 2], and z is calculated exponentially based on iteration number.

Additionally, another updating process involves adjusting vector values based on certain conditions, and is expressed as:

X(t+1)=w4⋅|X∗(t)−X(t)|⋅ebl⋅cos⁡(2πl)+[2w1(r4+r5)]⋅X∗(t)(3)

where b is a constant, l is a random value in [−1,1]. The w4 parameter is updating in [0, 2], while r4 and r5 are updating in [0, 1].

3.4.3 Exploitation Operation

The exploitation operation in the Greylag Goose Optimization (GGO) algorithm focuses on improving existing solutions based on their fitness. The GGO identifies the solutions with the highest fitness at the end of each cycle and utilizes two strategies to enhance them.

1. Moving towards the best solution: This strategy involves guiding other individuals towards the estimated position of the best solution using three solutions known as sentries. The position updating equations for each sentry ((X1), (X2), and (X3)) are computed as follows:

X1=XSentry 1−A1⋅|C1⋅XSentry 1−X|(4)

X2=XSentry 2−A2⋅|C1⋅XSentry 2−X|(5)

X3=XSentry3−A3⋅|C1⋅XSentry 3−X|(6)

where A1,A2,A3 are calculated as A=2a.r1−a and C1,C2,C3 are calculated as C=2r2. The updated positions for the population, X(t+1), can be expressed as an average of the three solutions of X1,X2, and X3 as follows X(t+1)=X¯i|03

2. Searching the area around the best solution: In this strategy, individuals explore regions close to the best solution to find enhancements. The position updating equation is given by:

X(t+1)=X(t)+D(1+z)∗w∗(X−XFok)(7)

where (XFok) represents the ideal response (leader), (D) is a constant, (z) is a parameter calculated based on iteration number, and (w) is another parameter.

These strategies allow the GGO algorithm to continuously improve solutions by adjusting the positions of individuals towards more promising regions in the search space.

Algorithm 1 acts as a systemic tutorial, displaying how GGO uses behaviors analogous to flock dynamics, gathering from studies of the behavioral patterns of Greylag Geese. Through the deconstruction of the GGO algorithm, we learn how this AI system enhances solutions via a flying bird example showing networked conditions that emulate collaborative and efficient flight behaviors.
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3.5 Binary GGO Algorithm

Feature selection has gained prominence in data analysis due to its ability to reduce the dimensionality of data by eliminating irrelevant or redundant features. This optimization process aims to find relevant features that minimize classification errors across various domains. Feature selection is often formulated as a minimization problem in optimization. In the context of the GGO algorithm, solutions are binary, taking values of 0 or 1, to facilitate feature selection. To convert continuous values to binary ones, the Sigmoid function is utilized:

xdt+1={1 if\, Sigmoid (m) ≥0.50 otherwise,(8)

Sigmoid(m)=11+e−10(m−0.5)(9)

where xdt+1 represents the binary solution at iteration t and dimension d, and m is a parameter reflecting the chosen features. The Sigmoid function scales the output solutions to binary values, where the value changes to 1 if Sigmoid(m) is greater than or equal to 0.5, otherwise remaining at 0.

In the binary GGO algorithm, the quality of a solution is evaluated using the objective equation Fn, which incorporates a classifier’s error rate (Err), a set of chosen features (s), and a set of missing features (S):

Fn=αErr+β|s||S|(10)

where β=1−α and α∈[0,1] denote the population significance of the provided trait. The K-Nearest Neighbors (KNN) classification strategy is commonly used in feature selection to achieve a low classification error rate. While KNN selects features based on the shortest distance between query instances and training instances, this experiment does not utilize a k-nearest neighbor model.

3.6 Hyperparameter Tuning

Hyperparameter tuning is a basic element of the field of machine learning since it gives this conduit for data scientists interested in maximal efficiency to boost results. This rather intricate process is related to settings tailor-made for fine-tuning, referred to as hyperparameters, that flavor the performance of a model. The selection of the proper values for such a setter hyperparameters is key to success in this field, where machine learning dominates. Demonstrating with a learning rate, one of the most significant hyperparameters, tuning it right can lead to dramatic changes in model performance and the predictability of its results.

Fig. 4 shows the generic approach to resource management in 5G networks and how sophisticated feature selection, and optimization may be additive features. The framework uses the employed Binary Greylag Goose Optimization (bGGO) algorithm to determine which features from the dataset are relevant to the ML models and incorporate them into the models for better performance. Hence, it is through these optimized features that the recently developed ensemble model consisting of K-Nearest Neighbors (KNN), Gradient Boosting, and Extra Trees algorithms for performing a final prediction. The mentioned working approach helps optimize the resources used across the layers and fulfill the 5G requirements. This figure summarizes the different steps within the framework, including the pre-processing of data, selecting the relevant features, and building and training the model. This structured methodology underscores the interaction between feature selection and enzyme learning regarding considerable precision enhancement and better resource utilization in 5G networks. Analyzing the results obtained for test data in terms of Mean Squared Error (MSE) and the degrees of explained variance (R-squared) indicates the efficiency of the proposed framework and thus makes it one of the main contributions of this paper to the field of 5G network optimization.
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Figure 4: Proposed framework for optimizing 5G resource allocation

4  Experimental Results

In our study, we meticulously conducted at least 30 independent runs for each of the algorithms evaluated. This rigorous approach ensured the robustness and reliability of our experimental results. Beginning with the crucial step of feature selection, we identified the most significant feature through various optimization techniques such as bGGO, bGWO, bPSO, and others. Notably, the bGGO implementation stood out, exhibiting superior performance with record-low average error compared to alternative methods. Encouraged by these promising results, we proceeded to assemble an Ensemble model utilizing the GGO algorithm.

Our Ensemble model combines three well-known machine learning algorithms: KNN, Gradient Boosting and Extra Tree algorithms. We selected these algorithms for strong predictive abilities to the extent that they collectively deliver R2 values. From this point onwards, we would like to discuss our methodology, explain the algorithms used, and present all results of experiments followed by their critical analysis. This travel points out essential cooperation between Feature Selection and Ensemble modeling, indicating the crucial place of respective means in achieving the predictive performance enhancement accuracy of machine-cognizance models.

Table 2 shows the results obtained from feature selection due to various algorithms that were tested using this dataset. With the best results in terms of performance and precision, it is a binary Greylag Goose Optimization (bGGO) algorithm with the lowest value of 0.3627 as the average error, which proves its efficiency for finding relevant features.

[image: images]

Fig. 5 shows the accuracy of different Feature Selection algorithms. This visual reflection illustrates the performance of accuracy for each algorithm. It can, therefore, be concluded from the findings that the bGGO algorithm is one of those algorithms with remarkable accuracy in feature selection for the dataset.

[image: images]

Figure 5: Accuracy investigation of various feature selection algorithms

Heatmap and the residual values for bGGO, bGA, and bPSO are shown in Fig. 6. Finally, through residual values, the variations between observed and predicted outcomes can be closely assessed to determine how effective this model has been. Alternatively, a heatmap graphically shows the correlation matrix of numeric columns. It allows for further increasing performance indicators by understanding how different variables influence each other in this way, and that is not necessarily the case. This figure is useful in evaluating the efficacy of the bGGO algorithm compared to different algorithms by looking at the remainder assessment and correlation patterns.
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Figure 6: Residual values and heatmap for the proposed GGO algorithm and other algorithms

Fig. 7 depicts a convergence plot of the proposed bGGO algorithm against different algorithms in the literature. This chart demonstrates the transformative path of the optimization process as it is dependent on the number of evaluations of people.
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Figure 7: Convergence curve of proposed bGGO algorithm vs. VS algorithms

So, convergence curves or time optimization curves refer to the period of evaluations and cover how an optimization continues toward determining the optimal solution during its execution. Looking at such a curve allows you to get acquainted with the efficiency and convergence patterns of bGGO algorithms compared with others.

Table 3 shows the outcome of the Wilcoxon signed-rank test, which was conducted to evaluate bGGO Feature Selection against other algorithms. The p values, both exact and estimated, are assumed to point to the significance of differences. The table also contains observed differences in performance measurements, like average error, for all the algorithms that show significance.
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As part of our study, we utilized the GGO algorithm for ensemble modeling based on k-nearest neighbors, Gradient Boosting and Extra Tree models. This ensemble was selected because of its collective optimality to attain the maximum R2 values. Table 4 does an excellent review of the performance results for several simple machine learning models used on the above-described dataset. The models are KNeighborsRegressor, GradientBoostingRegressor, ExtraTreesRegression classifier and MultiLayerPerceptron Regulator classifiers. The measures appraised include Mean Squared Error (MSE), Root Means Square (RMSE) for the examination, Measure absolute error (MAE), and Bias mean alteration as means of evaluation. Such metrics evaluate models in terms of their performance across a number of criteria.
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Table 5 discusses in detail the performance measures of different optimization algorithms on the tested data. Notably, the GGO model significantly outperforms with low error values, which only indicates that this works effectively at optimizing predictions. Furthermore, the small Fitted Time value for GGO of 0.01421 suggests that it performs better more quickly than other algorithms.

[image: images]

These algorithms, including Grey Wolf Optimization (GWO), Particle Swarm Optimization (PSO), Genetic Algorithm (GA), Binary Bat Optimization (BBO), and Sine Cosine Algorithm (SCA), display higher error values. For instance, GWO has a more elevated MSE of 0.00226, RMSE of 0.04759, MAE of 0.03757, and MBE of −0.01858. The significant performance changes illuminate the better GGO model efficiency in perfecting forecasts with respect to the tested dataset.

In Table 6, the results of the Wilcoxon signed-rank test [47] are shown to evaluate the statistical validity of differences between the GGO model and other algorithms. The p-values speak of the statistical significance, and in detail, the nature of the results serves to support consistency in GGO’s superior performance against its rivals across different parameters. The differences further show that the GGO algorithm is an improved approach to yielding better outcomes.
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In Fig. 8, we perform a detailed analysis of the accuracy of GGO with respect to other methods. This visual representation enables us to judge the performance standards achieved by GGO against other optimization procedures, thus determining their overall accuracy.
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Figure 8: Accuracy investigation of GGO and compared algorithms

Moving on to Fig. 9, we see a histogram that reveals the accuracy level distribution for GGO and the alternative methods. This graphic display offers an easily understandable comparison of the accuracy levels achieved via GGO and other processes in various circumstances, thus contributing to a general elaboration on their distribution.
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Figure 9: The histogram of accuracy for GGO and other algorithms

Finally, in Fig. 10, we discuss the residual values and heatmap for the proposed GGO algorithm’s version, including its competitors. Residuals help to identify the differences between predicted values and those observed, while heatmaps reflect this gap from different scenarios. This figure enables further analysis of the operation and precognition approaches offered by GGO and facilitates comparing it with other algorithms.
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Figure 10: Residual values and heatmap for the proposed GGO algorithm and other algorithms

5  Conclusion and Future Directions

In our study, we delve into the realm of optimization algorithms, with a particular focus on the GGO algorithm and its application to ensemble models. Through meticulous experimentation and analysis, we have demonstrated the superior performance of bGGO in feature selections. It consistently achieves remarkably low error rates while maintaining high effectiveness. Important results have been obtained through a comprehensive assessment of fundamental machine learning models and an ensemble model, which includes GGO. Statistical analyses, such as ANOVA tests and the Wilcoxon signed-rank test, were also conducted. The R-squared values are quite impressive, as is evident from the consistently lower errors of GGO compared to other algorithms. The correlation coefficients further support this observation. In the future, our GGO experiments will have promising results, suggesting various opportunities for further study and practical application.

Future research endeavors should delve into the fine-tuning and extension of the GGO algorithm, tailoring it to suit specific applications and exploring its untapped potential across diverse fields. The development of hybrid models, amalgamating GGO with other optimization techniques, holds promise for enhancing results and bolstering resilience. It is imperative to acknowledge the limitations of our study, such as the need for further empirical validation and consideration of real-world constraints. Despite these constraints, our findings contribute valuable insights into the progression of optimization algorithms, setting the stage for future breakthroughs in the realm of artificial technology.
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Table 3: Wilcoxon signed-rank test statistical results for the bGGO feature selection and other
algorithms

bGGO bLGWO bPSO bBA bWAO bLBBO bMVO bSBO bFA bGA
Actual median 0.3627 0.4492 0.4437 0.4533 0.4435 04119 04204 0452 04421 0.4235
Number of values 30 30 30 30 30 30 30 30 30 30
Wilcoxon signed rank test
Sum of signed ranks (W) 465 465 465 465 465 465 465 465 465 465

Sum of positive ranks 465 465 465 465 465 465 465 465 465 465
Sum of negative ranks 0 0 0 0 0 0 0 0 0 0

p value (two tailed) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
Exact or estimate? Exact Exact Exact Exact Exact Exact Exact Exact Exact  Exact

Significant (alpha = 0.05)? Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
How big is the discrepancy?
Discrepancy 0.3627 0.4492 0.4437 04533 04435 04119 0.4204 0452 04421 04235
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Table 6: Wilcoxon signed-rank test results for the GGO and other algorithms

GGO GWO PSO GA BBO SBO
Actual median 0.005576 0.04759 0.04767 0.04845 0.05221 0.06363
Number of values 30 30 30 30 30 30
Wilcoxon signed rank test
Sum of signed ranks (W) 465 465 465 465 465 465
Sum of positive ranks 465 465 465 465 465 465
Sum of negative ranks 0 0 0 0 0 0
P value (two tailed) <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001
Exact or estimate? Exact Exact Exact Exact Exact Exact
Significant (alpha = 0.05)? Yes Yes Yes Yes Yes Yes

How big is the discrepancy?
Discrepancy 0.005576 0.04759 0.04767 0.04845 0.05221 0.06363
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Table 4: Results of the basic machine learning models on the selected dataset

Models MSE RMSE MAE MBE r R2 RRMSE NSE = WI Fitted time
KNeighborsRegressor 0.0375 0.1938 0.1455 —0.052 0.9006 0.8111 41.1756 0.7312 0.8003 1.3532
GradientBoostingRegressor 0.0565 0.2377 0.1856 —0.097 0.8669 0.7515 50.5028 0.5956 0.7452 1.3245
ExtraTreesRegressor 0.0707 0.2658 0.2260 —0.092 0.8151 0.6644 56.4840 0.4942 0.6897 1.3347
MLPRegressor 0.0822 0.2866 0.2625 —0.062 0.7153 0.5116 60.9108 0.4118 0.6397 10.1691
SVR 0.0856 0.2926 0.2605 —0.084 0.7142 0.5101 62.1806 0.3870 0.6425 1.9379
XGBoost 0.0894 0.2990 0.2759 —0.058 0.6848 0.4689 63.5464 0.3598 0.6213 78.4494
CatBoost 0.0948 0.3079 0.2747 —0.093 0.7111 0.5056 65.4308 0.3212 0.6229 108.8333
DecisionTreeRegressor 0.1070 0.3271 0.2339 —0.156 0.6419 0.4120 69.4998 0.2342 0.6789 1.6187
RandomForestRegressor ~ 0.1083 0.3290 0.2470 —0.150 0.6278 0.3942 69.9220  0.2249 0.6610 2.3503
LinearRegression 0.1271 0.3565 0.3273  —0.069 0.3530 0.1246 75.7502  0.0903 0.5508 1.4652
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Algorithm 1: GGO Algorithm

1: Initialize GGO population X;(i = 1,2, .. .,n), size n, iterations ¢,,,, objective function F,.

2:

Initialize GGO parameters a, A, C, b, [, ¢, 1\, 15, 13, T4, F's, W, Wi, Wy, W3, Wu, Ay, Ay, A;, C, C,, Gy, ¢
1

3: Calculate objective function F, for each agents X;

4: Set P = best agent position

5: Update Solutions in exploration group (n,) and exploitation group (n,)
6: while r < 1¢,,. do

7

27

28:
29:

30:
31:
32:
33:
34
35:

for(i=1l:i<n +1)do
if (%2 == 0) then
if (r; < 0.5) then
if (JA4| < 1) then
Update position of current search agent as X(¢ + 1) = X*(¢) — A.|C.X*(?) — X(?)]|
else
Select three random search agents Xpuuie1, Xpuaez, and X Paddle3
Update (z) by the exponential form of z =1 — ( ! )
Update position of current search agent as
X(t+ 1) =wl % XPaddlel + z %« w2 x (XPaddle2 — X Paddle3) + (1 —z) * w3 (X
Paddlel)
: end if
else
Update position of current search agent as
X+ 1) = wy x [X*(t) — X(@)).€".cosQn]) + [2w,(rs + 15)] * X*(7)
end if
else
Update individual positions as
X+ 1)=X(0)+DA+2)* wx X —Xpeur)
end if
end for
for(i=1l:i<n,+1)do
if (%2 == 0) then
Calculate X1 = XSentryl — A1.|C1.XSentryl — X|, X2 = XSentry2 — A2.|C2.XSentry2
X3 = XSentry3 — A3.|C3.XSentry3 — X|
Update individual positions as  X; Z
else
Update position of current search agent as
X+ 1D)=X(0)+DA+2)* wx X —Xpeu)
end if
end for
Calculate objective function F, for each X,
Update parameters
Setr=1t+1
Adjust beyond the search space solutions
if (Best F, is same as previous two iterations) then
Increase solutions of exploration group (n;)
Decrease solutions of exploitation group (n,)
end if
: end while
: Return best agent P
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Table 2: Results of the feature selection on the tested dataset

bGGO bGWO

bPSO bBA DbWAO

bBBO

bMVO bSBO bFA bGA

Average error 0.3627
Average select size 0.3455
Average fitness 0.4559
Best fitness 0.3577
Worst fitness 0.4562
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0.6788
0.4804
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0.5439

0.4437 0.4533 0.4435
0.5455 0.6849 0.7089
0.4705 0.4934 0.4783
0.4508 0.3831 0.4424
0.5185 0.4847 0.5185

0.4119
0.7093
0.4762
0.4659
0.5524

0.4204
0.6420
0.5002
0.4254
0.5434

0.4520 0.4421 0.4235
0.7158 0.5800 0.4879
0.5102 0.5224 0.4835
0.4533 0.4411 0.3868
0.5330 0.5387 0.5019






OEBPS/Images/cmc-logo.png





OEBPS/Images/table-5.png
Table 5: Comprehensive overview of the performance metrics of GGO models and other algorithms

on the tested dataset

Models MSE RMSE MAE MBE r R2 RRMSE NSE WI Fitted time
GGO 0.00003 0.00558 0.00072 —0.00010 0.99970 0.99939 1.07408 0.99939 0.99818 0.01421
GWO 0.00226  0.04759 0.03757 —0.01858 0.98363 0.96752 9.16598 0.95575 0.90527 0.69041
PSO 0.00227 0.04767 0.03773 —0.01830 0.98408 0.96842 9.18253 0.95559  0.90489 0.27713
GA 0.00235 0.04845 0.03404 —0.02568 0.98355 0.96737 9.33194 0.95413 091419 0.02724
BBO 0.00273  0.05221 0.04481 —0.04356 0.99193 0.98392 10.05684 0.94673 0.88703  0.94821
SBO 0.00405  0.06363  0.04803  —0.02497 0.96598 0.93311 12.25573  0.92088 0.87891  0.09659
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