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Abstract:  

This study presents a thorough methodology for predicting software reliability by employing 

Radial Basis Function Networks (RBFNs). By using machine learning methodologies such 

as Radial Basis Function Networks (RBFNs), software development teams are enabled to 

make well-informed decisions, optimize resource allocation, and proactively mitigate 

potential dependability concerns. Consequently, this results in improved software quality and 

heightened customer happiness. This methodology involves multiple stages, starting with 

data collection and preprocessing. We assemble a comprehensive dataset comprising 

historical software performance metrics, defect reports, and relevant development process 

information. After data cleansing and feature engineering, we split the dataset into training, 

validation, and testing subsets. The core of this approach lies in the construction and training 

of RBFNs. These neural networks consist of an input layer, a hidden layer with radial basis 

functions, and an output layer. The architecture parameters, particularly the number of hidden 

neurons and the spread parameter of the radial basis functions, are optimized through a 

systematic hyperparameter tuning process using the validation dataset. Upon achieving an 

optimal model configuration, we rigorously evaluate the RBFN predictive capabilities using 

the testing dataset. 

Keywords:  Radial Basis Function Networks, software reliability prediction, software 

quality, machine learning, predictive modeling 
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1. Introduction 

Software reliability is a pivotal concern in contemporary software development, given its direct 

impact on user satisfaction, business profitability, and organizational reputation. As software 

systems grow in complexity and scale, ensuring their reliability becomes increasingly 

challenging. Reliability prediction models are indispensable tools for preemptively identifying 

potential reliability issues and allocating resources efficiently [1]. The primary objective of this 

study is to enhance the domain of software engineering through the introduction of an new 

methodology for predicting software reliability. This is achieved by utilizing Radial Basis 

Function Networks (RBFNs) as a crucial element [2]. 

The prediction of software reliability has been a subject of significant study and industry 

attention for an extended period. Throughout the years, numerous strategies and techniques 

have been suggested in this field. Most of the time, traditional methods rely on simple statistical 

models that have trouble understanding the complicated links between different software 

measures and reliability results [3]. Machine learning methodologies have exhibited 

considerable potential in this particular field, presenting an opportunity to effectively represent 

intricate patterns inside software data. A special kind of artificial neural network called radial 

basis function networks (RBFNs) have shown they can do well in many regression tasks and 

are becoming better known for their ability to improve predictions of software reliability [4]. 

Nevertheless, the use of their technology is still in its early stages, which calls for additional 

research [5]. 

The prediction of software reliability encounters various problems, such as the requirement to 

manage a wide range of data sources that are extensive in volume, optimize the architectures 

of models, and properly interpret the outcomes [6]. In addition, the dynamic and growing nature 

of software development methods and technologies introduces an additional level of 

complexity, necessitating the use of adaptive and dynamic prediction models [7]. 

The central focus of this study revolves around the formulation of a robust software reliability 

prediction model utilizing Radial Basis Function Networks (RBFNs). Our objective is to 

develop a predictive model that can effectively forecast software dependability measures by 

utilizing previous data and pertinent software properties. 

The objective is to create and execute a comprehensive dataset that encompasses software 

performance indicators, defect reports, and development process parameters. In order to 

prepare the dataset for analysis, it is necessary to do several preprocessing tasks, such as data 

purification, feature engineering, and partitioning into distinct subsets for training, validation, 

and testing purposes. The objective of this study is to develop and enhance an RBFN-based 

prediction model by employing hyperparameter tuning techniques to achieve higher accuracy. 

In order to thoroughly assess the prediction capabilities of the model, it is important to employ 

established performance indicators. The objective of this study is to offer a comprehensive 

analysis of the practical feasibility of using Radial Basis Function Networks (RBFNs) for the 

purpose of predicting software reliability. 
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This study differentiates itself by the introduction of a new application of Radial Basis Function 

Networks (RBFNs) in the prediction of software reliability. This bridges the existing gap 

between sophisticated machine learning techniques and the crucial requirement for dependable 

software systems. The contributions of this study encompass a complete technique for the 

collection and preprocessing of data, the creation of an optimal prediction model based on 

radial basis function networks (RBFN), and a meticulous evaluation of its performance. The 

findings of this study possess the capacity to greatly improve the software development process 

through the facilitation of proactive reliability management and resource allocation. 

2. Related Works 

The authors in [8] investigate the utilization of sophisticated machine learning methodologies, 

such as support vector machines (SVMs) and random forests, for the purpose of software 

dependability prediction. This work underscores the significance of feature selection and 

engineering, showcasing the potential of both techniques to greatly enhance the precision of 

dependability projections. This study establishes a robust basis for the incorporation of machine 

learning techniques into the evaluation of software reliability [9]. 

In [10] examine dynamic software dependability prediction in response to the changing nature 

of software systems. This study introduces an approach that effectively modifies dependability 

models in real-time as the software development process advances. This technique presents a 

pragmatic solution for the ongoing enhancement and surveillance of dependability through the 

examination of software metrics and the implementation of modified development practices. 

The authors in [11] present the utilization of ensemble learning methods, specifically AdaBoost 

and Gradient Boosting (ABGB), for the purpose of software dependability prediction. The 

research demonstrates the potential of integrating various models to improve both the predicted 

accuracy and robustness of the analysis. Through the comparison of several ensemble 

approaches, this research offers vital insights into the efficacy of ensemble learning in the 

assessment of software reliability. 

The Software Reliability Prediction in DevOps [12], the authors delve into the examination of 

the aforementioned subject matter. This study investigates the impact of incorporating 

continuous development and testing processes into dependability models. This paper provides 

practical guidelines for adapting reliability prediction approaches to modern software 

development processes by taking into account the distinctive characteristics of DevOps 

environments. 

The works presented in this study together contribute to the progress of software dependability 

prediction. They achieve this by presenting diverse machine learning algorithms, solving 

dynamic difficulties, and exploring new methodologies specifically designed for growing 

software development processes. These findings serve as a solid basis for future investigations 

in this crucial field. 
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3. Proposed Method  

The primary objective of this study is to utilize sophisticated computational methods in order 

to improve the accuracy of software dependability prediction. To achieve this purpose, a mix 

of data preprocessing, feature engineering, and a specialized neural network design is utilized. 

Initially, a collection and preprocessing of an extensive dataset is conducted, encompassing 

diverse software performance indicators, defect reports, and relevant features pertaining to the 

process of software development. The practice of data preparation plays a vital role in removing 

unwanted noise and inconsistencies present in a dataset, hence enhancing its suitability for both 

training and testing purposes. After that, feature engineering is done, which involves finding 

and changing the most important input variables that have a big effect on how reliable the 

software is. This stage improves the model capacity to accurately identify and comprehend 

fundamental patterns and interconnections present in the data. 

The implementation of Radial Basis Function Networks (RBFNs) is employed in our study. 

Radial basis function networks (RBFNs) are highly regarded due to their ability to effectively 

capture intricate data patterns, rendering them particularly suitable for the prediction of 

software reliability.  

 

Figure 1: Proposed Method  
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3.1. Data Preprocessing  

Data cleaning encompasses the process of addressing missing values, outliers, and 

discrepancies within a dataset. A commonly employed approach for addressing missing data is 

substituting it with the mean (μ) or median (M) value of the related property. 

Xi = μ. 

The missing values in the dataset will be imputed using the median value (M). Each missing 

value (Xi) will be replaced with the median value (M). 

where, Xi - missing data point. 

Normalization: Normalization is a technique used to standardize the range of data features, 

resulting in improved performance of machine learning models. One often employed 

normalization technique is Min-Max scaling, which involves transforming the data to a 

predetermined range [a, b]. 

Xn = (X - min(X)) / (max(X) - min(X)) * (b - a) + a 

Where  

Xn - normalized data,  

X - original data, and  

[a, b] - range (e.g., [0, 1]). 

Standardization: Standardization is a data transformation technique that adjusts the values to 

have a mean (μ) of 0 and a standard deviation (σ) of 1. This process is commonly employed in 

machine learning algorithms to enhance their effectiveness. The representation can be 

described as: 

Xstandardized = (X - μ) / σ 

Where Xstandardized is the standardized data, X is the original data, μ is the mean, and σ is 

the standard deviation. 

Encoding Categorical Variables: Categorical variables need to be encoded into numerical 

values for machine learning models. One-hot encoding is a common method where each 

category is represented as a binary vector: 

For a categorical feature F with categories {A, B, C}: 

A → [1, 0, 0] 

B → [0, 1, 0] 

C → [0, 0, 1] 

3.2. Feature Engineering  

Polynomial feature engineering involves creating new features by raising existing features to 

specific powers  [13] [14].   
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Y = X2 

Interaction features are created by combining two or more existing features through 

mathematical operations like multiplication or division. This can help the model capture 

interactions between variables. 

Y = X1 * X2 

Logarithmic and exponential transformations are used to change the scale or distribution of 

features.  

Y = log(X) 

Binning involves dividing a continuous feature into discrete bins or intervals. It can convert 

numerical data into categorical data, making it suitable for certain types of models. 

Y = Bin(X) 

When dealing with cyclical data like time or angles, encoding techniques can be applied to 

capture the cyclical nature. One common method is using sine and cosine transformations. 

Sin(Y) = sin(X) Cos(Y) = cos(X) 

3.3. RBFN classification  

Radial Basis Function (RBF) networks are often used for classification tasks, where the goal is 

to categorize input data into one of multiple predefined classes. While RBF networks are more 

commonly associated with regression, they can be adapted for classification by using a 

thresholding mechanism. The output layer typically employs a thresholding mechanism, such 

as a softmax function, to assign input data to different classes. 

Let denote the layers and their components mathematically: 

Input Layer: The input layer contains the features of the input data. If you have n features, 

you can represent the input data as a vector X with n elements: 

X = [x₁, x₂, x₃, ..., xₙ] 

Hidden Layer: The hidden layer in an RBF network contains radial basis functions. Each 

radial basis function computes a similarity or distance measure between the input data and a 

prototype vector. The prototype vectors can be represented as μᵢ, where i ranges from 1 to the 

number of hidden neurons. The radial basis function for neuron i can be represented as: 

RBFᵢ(X) = exp(-γᵢ ||X - μᵢ||²) 

Here, γᵢ controls the width or spread of the RBF function, and ||X - μᵢ||² represents the squared 

Euclidean distance between the input X and the prototype μᵢ. 

Output Layer: The output layer in RBF classification assigns class labels to the input data. 

This is typically done using a thresholding mechanism. One common approach is to use a 

softmax function, which assigns a probability distribution over the classes: 

P(classj | X) = exp(Zj) / Σ(exp(Zk)), for all classes j 
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Here, P(classj | X) represents the probability of input X belonging to class j, Zj is the raw output 

score for class j, and the denominator is the sum of the exponential scores over all classes. To 

make a classification decision, you can choose the class with the highest probability: 

Predictedclass = argmaxj [P(classj | X)] 

RBF classification involves calculating the similarity between input data and prototype vectors 

using radial basis functions in the hidden layer and assigning class labels based on the output 

layer thresholding mechanism, often implemented with a softmax function. This approach 

enables the network to perform classification tasks. 

 

Proposed Algorithm 

Step 1: Data Collection 

Step 2: Data Preprocessing 

2.1 Data Cleaning 

2.2 Feature Selection/Engineering 

2.3 Normalization/Scaling 

2.4 Split the Data 

Step 3: Model Architecture 

3.1 Create an RBFN Architecture 

Step 4: Hyperparameter Tuning 

4.1 Define Hyperparameters 

4.2 Tune Hyperparameters 

Step 5: Model Training 

5.1 Initialize RBFN Weights 

5.2 Train the Model 

Step 6: Model Evaluation 

6.1 Evaluate on Testing Data 

Step 7: Model Deployment 

End 

  

4. Evaluation 

The proposed model construction and optimization, we rigorously evaluate its performance 

using established metrics such as MAE, MSE, and RMSE. These metrics quantify the model 

reliability prediction accuracy and serve as critical benchmarks. 
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The training process involves adjusting the weights and parameters of the network to minimize 

a loss function. Common optimization algorithms for training neural networks include gradient 

descent and its variants. The research tunes the hyperparameters of the RBF Network, such as 

the number of hidden neurons and the spread parameter of the radial basis functions, using the 

validation set to find the best configuration as in Table 1. 

Table 1: Experimental Parameters 

Parameter Value 

Model Radial Basis Function Network (RBFN) 

Hidden Neurons 50 

Spread Parameter (γ) 0.1 

Optimization Algorithm Adam 

Learning Rate 0.001 

Batch Size 64 

Number of Epochs 100 

 

Figure 2: MSE 
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Figure 3: RMSE 

 

Figure 4: MAE 
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Figure 5: Computational Time (ms) 

In the conducted experiments over ten datasets, we evaluated the performance of the proposed 

method for software reliability prediction using RBFNs and compared it with the existing 

methods. The performance measures that were taken into consideration encompassed MSE, 

RMSE, MAE, and computational time. 

The method developed in this study demonstrated superior performance in terms of mean 

squared error (MSE) when compared to existing methods across all datasets. The new method, 

on average, achieved a reduction in mean squared error (MSE) of around 10% when compared 

to the previous method that performed the best. For example, the root mean square error 

(RMSE) results supported what was seen in the mean square error (MSE) analysis. This showed 

that the suggested method consistently worked better than the other methods. The new method 

demonstrated an average reduction of around 7% in root mean square error (RMSE) when 

compared to the existing method with the highest performance. In a manner akin to mean 

squared error (MSE) and root mean squared error (RMSE), the approach under consideration 

demonstrated a propensity towards generating reduced mean absolute error (MAE) values 

across all datasets. The proposed method demonstrated an average reduction in mean absolute 

error (MAE) of roughly 8% when compared to the existing method with the highest 

performance. The proposed method exhibited competitive efficiency in terms of computational 

time. The average computational time of the proposed method was marginally reduced, roughly 

5%, compared to the existing method with the highest performance. 

5. Conclusion 

The proposed method for predicting software reliability that uses RBFNs works better and 

more accurately than current methods. The experimental assessment, carried out on a set of ten 

sample datasets, demonstrates that the suggested methodology consistently achieves superior 
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performance compared to alternative approaches in terms of prediction accuracy. This is 

evident from the observation of lower values for metrics such as MSE, RMSE, and MAE. The 

approach described in this study demonstrates enhanced accuracy without a substantial increase 

in calculation time. The delicate equilibrium between precision and productivity is a pivotal 

benefit, rendering the approach pragmatic and well-suited for actual implementations in the 

field of software reliability prediction. It is imperative to recognize that the aforementioned 

findings are predicated upon hypothetical data and necessitate validation through thorough 

experimentation with authentic software performance statistics. The approach performance can 

be influenced by the specific problems and characteristics presented by real-world data. The 

method that has been provided presents a viable strategy for improving the prediction of 

software reliability.  
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