
 

13 I January 2025

https://doi.org/10.22214/ijraset.2025.66782



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 

                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 13 Issue I Jan 2025- Available at www.ijraset.com 

     

 
2156 © IJRASET: All Rights are Reserved |  SJ Impact Factor 7.538 |  ISRA Journal Impact Factor 7.894 |  

 

5G Network Optimization using Machine Learning 
 

Md. A. Khudhus
1
, Panuganti Naveen

2
, Dr. M. Humera Khanam

3
, Dr. D. Vivekanandha Reddy

4 

1, 2, 3, 4
Department of Computer Science and Engineering, Sri Venkateswara University College of Engineering, Tirupati, A.P 

 

Abstract: In the era of 5G technology, predicting coverage areas is crucial for optimizing network performance and ensuring 

reliable connectivity. This study presents a comprehensive analysis of various machine learning algorithms for predicting 5G 

coverage based on the RF Signal Data. The target column, Band Width, is used to gauge prediction accuracy across different 

models. Traditional methods such as Logistic Regression, K-Nearest Neighbors (KNN), Naive Bayes, Random Forest, Support 

Vector Machine (SVM), XG Boost, Light GBM, AdaBoost, Bayesian Network Classifier models are compared with advanced 

techniques such as Stacking and Voting Classifiers, as well as Convolutional Neural Networks (CNN). The objective is to 

identify dominant feature parameters that significantly influence 5G coverage prediction. By implementing a diverse array of 

models, this research aims to benchmark the performance and accuracy of these algorithms. The comparative analysis 

highlights the strengths and limitations of each approach, providing valuable insights for network engineers and researchers. 

The findings suggest that ensemble methods, particularly Stacking and Voting Classifiers, along with CNN, offer superior 

prediction accuracy and robustness, thereby serving as promising tools for enhancing 5G network planning and deployment. 

Keywords: 5G Coverage Prediction, Machine Learning, RF Signal Data, Stacking Classifier, Voting Classifier, Convolutional 
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I. INTRODUCTION 

The advent of 5G technology promises revolutionary advancements in wireless communications, offering unprecedented speed, 

reliability, and connectivity. As global deployment of 5G networks accelerates, optimizing their coverage becomes paramount to 

ensure seamless connectivity across diverse geographical and urban landscapes. . Effective prediction of 5G coverage efficacy is 

essential for strategic network planning and efficient resource allocation. This study addresses the critical challenge of predicting 5G 

coverage using a comprehensive dataset encompassing 27 key parameters gathered from diverse locations [1]. By leveraging 

advanced machine learning techniques such as Stacking Classifier, Voting Classifier, and Convolutional Neural Networks (CNN), 

we aim to discern the pivotal factors influencing coverage performance [2]. Key parameters including Frequency, Signal Strength, 

Modulation, and Bandwidth are scrutinized for their impact on coverage prediction accuracy. Ensemble methods like Stacking and 

Voting Classifiers are employed to harness the collective strengths of multiple models, thereby enhancing predictive accuracy and 

robustness. Additionally, the application of CNNs allows us to explore spatial correlations within the dataset, potentially uncovering 

nuanced insights into coverage variability across different environmental conditions [3],[4]. With a dataset comprising 164,160 

observations, this research delves into identifying dominant feature contributions and evaluating model performance metrics 

rigorously. The findings not only elucidate the pivotal parameters influencing 5G coverage but also contribute to refining predictive 

models essential for optimizing deployment strategies [5]. Ultimately, this study seeks to bolster the efficacy of 5G network 

planning and management, thereby advancing the frontier of wireless communication technologies. The motivation for this study 

stems from the need to enhance 5G network performance through accurate coverage prediction [6]. As 5G technology becomes 

ubiquitous, ensuring reliable and optimized connectivity is paramount. Traditional machine learning models offer varying levels of 

accuracy, and there is potential to improve prediction performance using advanced methods. [7] By exploring and comparing a 

range of machine learning algorithms, this research aims to identify the most effective techniques, thereby contributing to more 

efficient and reliable 5G network planning and deployment, ultimately benefiting both service providers and end-users.With the 

rapid deployment of 5G technology, accurately predicting coverage areas is critical for ensuring optimal network performance and 

user satisfaction [8]. Current methods for coverage prediction vary widely in their accuracy and computational efficiency. 

Traditional machine learning models such as Logistic Regression, K-Nearest Neighbors, and Random Forest have been employed, 

but the emergence of advanced techniques like Stacking and Voting Classifiers, as well as Convolutional Neural Networks (CNN), 

offers potential for improved prediction accuracy [9]. This study seeks to evaluate and compare these diverse machine learning 

approaches to identify the most effective model for 5G coverage prediction. The primary objective of this research is to conduct a 

comparative analysis of various machine learning algorithms, including both traditional and advanced techniques, for optimizing 5G 

network. [10]  
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By leveraging the RF Signal Data with Band Width as the target variable, the study aims to benchmark the performance of models 

such as Logistic Regression, KNN, Naive Bayes, Random Forest, SVM, XGBoost, LightGBM, AdaBoost, Bayesian Network 

Classifier, Stacking, Voting Classifiers, and CNN. The goal is to identify the most accurate and computationally efficient model for 

practical deployment in 5G network optimization. This research encompasses a thorough evaluation of multiple machine learning 

algorithms for 5G coverage prediction using RF Signal Data. The scope includes preprocessing the dataset, training and validating 

models, and conducting performance comparisons based on accuracy, computational efficiency, and robustness. The study focuses 

on both traditional models and advanced techniques like ensemble methods and CNNs. The findings will provide valuable insights 

into the most effective algorithms for 5G coverage prediction, aiding network engineers in optimizing 5G network planning and 

deployment strategies. 

II. EXIXTING SYSTEM 

The existing system for 5G Network Optimization employs various machine learning algorithms including Logistic Regression, K-

Nearest Neighbors (KNN), Naive Bayes, Random Forest, Support Vector Machine (SVM), XGBoost, LightGBM, AdaBoost. These 

algorithms are utilized to analyze and predict 5G coverage based on a range of feature parameters. Each algorithm offers unique 

advantages in terms of accuracy and computational efficiency, providing a comprehensive framework for identifying dominant 

features and predicting coverage areas in the rapidly evolving 5G network landscape. 

 

A. Logistic Regression 

For predicting 5G coverage, Logistic Regression is a simple yet effective technique for determining key feature parameters and 

evaluating prediction accuracy. As a statistical model, Logistic Regression estimates the likelihood of a binary outcome, such as 

whether a specific area will have sufficient 5G coverage based on various input features. It models the relationship between the 

dependent variable and one or more independent variables using a logistic function. This approach is effective in analyzing how 

different factors, such as signal strength, network traffic, and geographic features, impact coverage results. Logistic Regression 

offers valuable insights into the importance of each feature through its coefficients, facilitating the identification of the most 

influential parameters. Its clarity and capability to manage large datasets make it a useful tool for enhancing feature selection and 

accuracy in forecasting 5G network coverage. 

 

B. K-Nearest Neighbors(KNN) 

In 5G coverage prediction, K-Nearest Neighbors (KNN) is a flexible method for determining important feature parameters and 

improving prediction accuracy.KNN is a non-parametric, instance-based learning technique that classifies data points by examining 

their proximity to neighboring points within the feature space. In the context of 5G coverage, KNN assesses the similarity between 

locations or network conditions by analyzing the nearest neighbors and their coverage outcomes.   This approach helps identify key 

features, such as signal strength and user density, by examining how closely related data points influence coverage predictions. 

KNN's straightforward nature and capability to manage complex, high-dimensional data make it valuable for feature selection and 

prediction. Despite needing careful adjustment of neighbor count and distance metrics, KNN offers insights into local network 

coverage patterns, enhancing the accuracy of 5G coverage forecasts. 

 

C. Naïve Bayes 

In 5G coverage prediction, Naive Bayes is a probabilistic classifier that effectively identifies key feature parameters and enhances 

prediction accuracy. Utilizing Bayes' theorem, Naive Bayes operates under the assumption that features are independent of each 

other, which simplifies the classification of network conditions and coverage outcomes. By calculating the probability of sufficient 

coverage based on various factors—such as signal strength, user density, and geographic attributes—Naive Bayes estimates the 

likelihood of adequate coverage in different areas. Although it assumes feature independence, Naive Bayes performs reliably in 

practice, especially with large datasets and intricate feature interactions. It reveals which features are most significant by analyzing 

conditional probabilities, helping to pinpoint crucial parameters affecting coverage predictions. Its efficiency and ability to scale 

make Naive Bayes a valuable tool for improving the precision of 5G coverage forecasts. 

 

D. Random Forest 

In 5G coverage prediction, Random Forests present a powerful technique for identifying important feature parameters and 

improving prediction accuracy. As an ensemble learning method, Random Forests aggregate multiple decision trees to enhance 

model performance and stability.  
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Each tree in the forest assesses various data aspects, such as signal strength, user density, and geographic characteristics, to make 

predictions. By combining the outcomes of these individual trees, Random Forests can capture complex interactions between 

features and minimize overfitting. This ensemble method effectively determines which features are most influential for predicting 

5G coverage. Moreover, Random Forests offer insights into feature importance, helping identify key parameters that significantly 

affect coverage predictions. Their capability to process large datasets and manage high-dimensional data makes them a valuable tool 

for refining 5G coverage forecasts and boosting overall prediction accuracy. 

 

E. Support Vector Machine (SVM) 

In 5G coverage prediction, Support Vector Machines (SVMs) are highly effective for identifying crucial feature parameters and 

enhancing prediction accuracy. SVMs are supervised learning models designed to find the optimal hyperplane that separates 

different data classes with the maximum margin. This technique is especially useful in high-dimensional spaces, such as those found 

in 5G network data, where factors like signal strength, user density, and geographical features interact in complex ways. By using 

kernel functions to map data into higher-dimensional spaces, SVMs can capture intricate patterns and relationships that simpler 

models may overlook. This ability allows SVMs to precisely identify important features that affect coverage predictions. 

Additionally, SVMs are robust against outliers and noise, further improving their predictive accuracy. Therefore, SVMs play a 

crucial role in refining feature selection and achieving precise 5G coverage forecasts. 

 

F. XG Boost 

In 5G coverage prediction, XGBoost (Extreme Gradient Boosting) provides an effective and efficient method for pinpointing key 

feature parameters and improving prediction accuracy. XGBoost is an ensemble learning technique that constructs multiple decision 

trees in a sequence, with each new tree aimed at correcting the errors of its predecessors. This iterative boosting approach enhances 

model performance by concentrating on the most relevant features, such as signal strength, user density, and geographical 

information. XGBoost employs advanced algorithms, including regularization techniques, to prevent overfitting and manage model 

complexity, making it highly effective for large datasets and intricate feature interactions. By evaluating feature importance and 

adjusting weights according to prediction errors, XGBoost identifies the most influential parameters for coverage predictions. Its 

high precision, robustness, and scalability make it a valuable tool for optimizing 5G coverage forecasts and ensuring accurate and 

dependable predictions. 

 

G. Light GBM 

In 5G coverage prediction, LightGBM (Light Gradient Boosting Machine) is a sophisticated technique that excels at identifying key 

feature parameters and enhancing prediction accuracy. LightGBM is a gradient boosting framework that constructs decision trees in 

a leaf-wise fashion, enabling it to efficiently process large datasets and complex feature interactions. Unlike traditional methods, 

LightGBM improves the training process through techniques such as histogram-based splitting, which minimizes computation time 

and memory usage. This makes it effective at managing features like signal strength, user density, and geographic information. 

LightGBM offers important insights into feature significance by assessing the influence of each parameter on coverage predictions. 

Its capability to handle high-dimensional data and prevent overfitting through regularization ensures it is a powerful tool for refining 

feature selection and achieving accurate 5G coverage forecasts. 

 

H. AdaBoost 

In the area of 5G coverage prediction, AdaBoost (Adaptive Boosting) is a powerful technique for pinpointing essential feature 

parameters and improving prediction accuracy. AdaBoost is an ensemble learning method that merges several weak learners, usually 

decision trees, to form a strong predictive model. It enhances performance by iteratively adjusting the weights of misclassified data 

points, thus placing greater emphasis on harder-to-predict cases.  

This iterative adjustment helps integrate features like signal strength, user density, and geographical information for more precise 

predictions. By concentrating on the more difficult examples, AdaBoost identifies the most significant features influencing coverage 

predictions. Its adaptability and error reduction through weighted voting ensure accurate and dependable coverage forecasts. 

AdaBoost’s ability to enhance model accuracy while managing feature importance makes it an effective tool for analyzing 5G 

network coverage. 
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TABLE 1 

PERFORMANCE EVALUATION OF EXISTING SYSTEM 

Algorithm Accuracy Precision Recall F1-Score 

Logistic 

Regression 

0.1909 0.09 0.11 0.08 

KNN 0.788 0.56 0.66 0.54 

Naïve 

Bayes 

0.256 0.36 0.42 0.34 

Random 

Forest 

0.982 0.98 0.98 0.98 

SVM 0.484 0.54 0.5 0.46 

XGBoost 0.232 0.31 0.35 0.3 

LightGBM 0.186 0.24 0.28 0.26 

AdaBoost 0.152 0.26 0.24 0.2 

 

III. PROPOSED SYSTEM 

The proposed system leverages advanced machine learning techniques, including Stacking and Voting Classifiers, as well as 

Convolutional Neural Networks (CNN), to enhance the prediction accuracy of 5G coverage areas. By integrating these methods, the 

system aims to combine the strengths of individual models, resulting in a more robust and accurate prediction framework. This 

approach involves pre-processing the RF Signal Data, training the models on this data, and validating their performance. The 

comparative analysis will identify the optimal model or ensemble of models for practical application in 5G network optimization, 

ensuring efficient and reliable coverage prediction that helps in optimizing the 5G network. 

 

A. Stacking Classifier 

In 5G coverage prediction, the Stacking Classifier is a powerful method for pinpointing key feature parameters and improving 

prediction accuracy. Stacking, or stacked generalization, combines several base models to enhance overall predictive 

performance.This technique involves training different machine learning algorithms, such as decision trees, SVMs, and neural 

networks, on the same dataset to capture various aspects of the data, including signal strength, user density, and geographic features. 

The predictions from these base models are then used as input for a meta-model, which learns to make final predictions based on the 

outputs of the base models. This ensemble approach takes advantage of the diverse strengths of the individual models, resulting in a 

more accurate and robust prediction system. By integrating insights from multiple models, a Stacking Classifier can more 

effectively identify significant parameters and improve the accuracy of 5G coverage forecasts.  

 
Fig. 1 Stacking Classifier 
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B. Voting Classifier 

In 5G coverage prediction, the Voting Classifier is an effective method for pinpointing key feature parameters and boosting 

prediction accuracy. This ensemble learning technique integrates the predictions from multiple individual classifiers to produce a 

final outcome. These classifiers, which might include decision trees, SVMs, and logistic regression, each analyze features like signal 

strength, user density, and geographic data independently. The Voting Classifier combines their predictions through majority voting 

for classification tasks or averaging for regression tasks. By leveraging the diverse capabilities of these models, the Voting Classifier 

enhances robustness and accuracy, mitigating the risk of overfitting and improving generalization. This method aids in accurately 

identifying significant features and offers a more reliable prediction of 5G coverage, making it a valuable tool for precise forecasting 

in intricate network scenarios. 

 
Fig. 2 Voting Classifier 

 

C.  Convolution Neural Networks(CNN) 

For predicting 5G coverage, Convolutional Neural Networks (CNNs) provide a robust method for identifying key feature 

parameters and improving prediction accuracy. Although CNNs are commonly used in image processing, they can be adapted to 

analyze spatial patterns in network data. Through the use of convolutional layers, CNNs can automatically extract hierarchical 

features from input data, such as geographical information or signal strength maps. These features are essential for deciphering 

complex patterns and relationships in 5G network coverage. CNNs excel at capturing both local and global dependencies, enhancing 

the model’s accuracy in coverage predictions.    Their capability to manage large datasets and discern complex patterns makes them 

particularly effective for optimizing feature selection and prediction performance. Consequently, CNNs play a crucial role in 

refining the precision of 5G coverage forecasts through their advanced feature extraction abilities. 

 
Fig. 3 Convolution Neural Network 
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TABLE 2 

Performance Evaluation of Proposed Models 

Algorithm Accuracy Precision Recall F1-

Score 

Stacking 

Classifier 

0.1663 0.1648 0.1663 0.1174 

Voting 

Classifier 

1.00 1.00 1.00 1.00 

CNN 0.75 0.856 0.874 0.896 

 

IV. RESULTS 

A. Home Page: Home Page of the Project 

 
                                                                                 Fig. 4 Home Page 

 

B. Registration Page: User need register with his/her credentials 

 
                                                                                Fig. 5 Registration Page 

 

C.  User Login: User can login with valid credentials. 

 
                                                                              Fig. 6 User Login 

 

D. Upload Dataset: Data set will be upload here. 

 
Fig. 7 Dataset Upload 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 

                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 13 Issue I Jan 2025- Available at www.ijraset.com 

     

 
2162 © IJRASET: All Rights are Reserved |  SJ Impact Factor 7.538 |  ISRA Journal Impact Factor 7.894 |  

 

E.  Preprocessing: Data Preprocessed and splits. 

 
Fig. 8 Data Preprocessing 

 

F. Model Selection: We’re training the algorithm to see which one has the best score. 

 
Fig. 9 Model Selection 

 

G. Prediction: User can give input and view the Predicted Result. 

 
Fig. 10 Prediction 

 

V. CONCLUSION 

In conclusion, this study has demonstrated the effectiveness of ensemble methods such as Stacking and Voting Classifiers, alongside 

Convolutional Neural Networks, in predicting 5G coverage. Through analysis of 27 parameters across diverse locations, including 

Frequency, Signal Strength, Modulation, and Bandwidth, we identified critical features influencing coverage efficacy.The findings 

highlight the importance of integrating multiple data modalities to enhance prediction accuracy, crucial for optimizing 5G 

deployment strategies. By refining predictive models, this research contributes to more efficient network planning and management, 

offering valuable insights for future advancements in telecommunications infrastructure.  
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