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Preface 

It is with great enthusiasm that we present the Proceedings of the International Con-
ference on Sustainable Innovations in Statistics and Data Science (SISD-2025), jointly 
organized by the Department of Statistics and Data Science, CHRIST (Deemed to be 
University), Bengaluru, and the Department of Statistics, University of Kerala, Thiru-
vananthapuram. This conference serves as a vital platform for researchers, academicians, 
and industry professionals to explore innovative methodologies, exchange knowledge, 
and discuss the role of statistics and data science in addressing real-world challenges. 
SISD-2025 has witnessed overwhelming participation, with 264 research paper sub-
missions from 82 institutions across the world. After a rigorous peer review process, 
44 high-quality papers have been accepted; out of which 23 papers are registered and 
selected for inclusion in these proceedings. The research presented covers a broad spec-
trum of themes, including statistical modeling, artificial intelligence, machine learning, 
health analytics, financial analytics, climate informatics, and sustainable development. 
These contributions reflect the growing importance of interdisciplinary collaboration in 
harnessing data-driven insights for societal and economic progress. In an era where data 
science and artificial intelligence are transforming industries, this conference under-
scores the need for applied research that bridges the gap between theoretical advance-
ments and practical applications. By integrating statistics, computational techniques, and 
domain expertise, the research showcased in these proceedings contributes to evidence-
based decision-making, policy formulation, and technological innovation. We extend our 
sincere appreciation to all authors for their contributions, the reviewers for their critical 
insights, and the organizing committee, keynote speakers, and session chairs for their 
invaluable support in making SISD-2025 a success. We hope the insights shared in these 
proceedings will encourage further research, promote meaningful collaborations, and 
advance the fields of statistics, data science, and their applications to global challenges 
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Optimizing Radial Basis Function Networks 
to Comprehend and Alleviate Perturbation 

Effects 

Vanaparthi Kiranmai(B) and A. Manikandan 

Department of CSE, SEOT, VISTAS, Pallavaram, India 
kiranmaibolishetti18@gmail.com 

Abstract. This study primarily focuses on the design and enhancement of Radial 
Basis Function Networks (RBFNs). We’ve made these findings possible by creat-
ing two combined models: PSO-RBFN uses Particle Swarm Optimization (PSO), 
and GD-RBFN uses Gradient Descent (GD). We use the PSO and GD algorithms 
separately to determine the optimal weights and biases for the RBFN. We select 
various algorithmic parameters to optimize the performance of each technique. 
We evaluate the performance of these hybrid models using various training and 
testing sets derived from time-series data. This study investigates the response 
of both models to training changes using different methods and subsequent test-
ing. Experimental results demonstrate that the PSO-RBFN model outperforms the 
GD-RBFN model in terms of both accuracy and robustness. A paired t-test also 
demonstrates the statistical validation of PSO-RBFN over GD-RBFN. 

Keywords: PSO algorithm · RBFN · GD algorithm · Perturbation analysis 

1 Introduction 

Many optimization methods, including those based on perturbation theory, are used 
to solve difficult problems; these methods are especially common in numerical anal-
ysis, machine learning, and metaheuristics. The fundamental principle behind these 
approaches is to investigate and enhance solutions by introducing tiny changes, or per-
turbations, to the system’s variables or parameters. The core idea is to steer the system 
away from local optima and toward a better global solution. The FWA, evolutionary 
methods, and simulated annealing are all examples of sophisticated algorithms that are 
based on perturbation-based techniques. These algorithms employ either random or con-
trolled perturbations to enhance the diversity of the search space. These techniques are 
excellent at dealing with difficult search situations in high-dimensional, non-convex, 
or multimodal problems, where gradient-based methods usually fail. These strategies 
make sure that things can adapt and be resilient in changing situations by using pertur-
bations in a planned way that strikes a balance between exploration and exploitation. 
Optimization, forecasting, and addressing real-world problems in engineering, finance, 
and biology are examples of this. Furthermore, their flexibility and lack of assumptions

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2027 
A. Roy et al. (Eds.): SISD 2025, ACSAR 9, pp. 12–26, 2027. 
https://doi.org/10.1007/978-3-032-29942-0_2 
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about the problem’s structure enable their application to a diverse range of problems. 
The key to how well perturbation-based approaches work is how well they tune their 
search processes. To achieve this, they employ systematic variation or randomization to 
enhance convergence and reduce noise. It’s important to use perturbation-based methods 
to solve challenging optimization problems because they provide reliable ways to search 
in high-dimensional, multimodal, and non-convex spaces. Perturbation-based methods 
are an essential part of tackling complicated optimization issues. These approaches aim 
to break out of local optima, delay convergence, and increase the number of solutions. 
landscape exploration; this approach uses These approaches rely on simulated anneal-
ing (SA), initially introduced in [9]. SA was able to find a satisfactory balance between 
exploration and exploitation by accepting less desirable solutions based on probability 
to get out of local minima. Genetic algorithms [11] were another pioneer in the field; 
they used mutations as a perturbation to keep populations diverse and avoid becoming 
stuck. Subsequently, GAs began to employ adaptive mutation methods [6]. These meth-
ods change perturbations dynamically based on the fitness distribution that subsequently 
emerged in Gas. To make it easier to look into many places in the search space at the same 
time, FWA [26] made perturbation-based methods a lot better by simulating fireworks 
going off to create different sparks, or perturbed solutions, around possible candidates 
tests. Both Dynamic FWA (DFWA) and Enhanced FWA (EFWA) made the technique 
even more scalable and convergent when dealing with high-dimensional situations [28]. 
Improvements based on adaptation and hybridization have also helped perturbation-
based approaches. By adding tools to change temperature schedules on the fly [12], 
adaptive simulated annealing makes sure that the ideal perturbation magnitude is main-
tained throughout the optimization process. In the same way, SADE [3] made the balance 
between exploration and exploitation better by using performance measures to choose 
mutation techniques [24] that work best for each situation. These hybrid systems, like 
Hybrid FWA, can fine-tune solutions by using gradient information [32]. They do this 
by combining gradient-based methods with FWA’s perturbation mechanics. Memetic 
algorithms (MAs) are quick to compute and good at finding better answers to hard prob-
lems. They do this by combining perturbations with local search heuristics [22]. Thanks 
to these developments, perturbation-based approaches are now powerful resources in 
many fields. We developed two hybrid models, PSO-RBFN and GD-RBFN, based on 
the provided information to examine their performance in various environments. We 
tested the models for their ability to classify breast cancer data. We evaluated the two 
models’ performance in data classification using the accuracy measure. 

Enhancing RBFNs through PSO and GD promotes sustainability by increasing com-
putational efficiency, decreasing training duration, and minimizing resource consump-
tion. PSO expertly navigates the solution space to find the best parameters, and GD 
carefully tweaks them for accurate learning. This speeds up convergence and lowers the 
cost of computing. This hybrid methodology curtails redundant computations, reduces 
energy expenditure, and optimizes memory utilization, rendering model training more 
resource-efficient. Better optimization also reduces overfitting, which means less retrain-
ing is needed and the model can be used safely in energy-efficient settings like smart 
grids and renewable energy forecasting, which helps the model last for a long time.
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2 Related Works 

Optimization and solving problems have embraced perturbation-based approaches, 
which offer a solid framework for dealing with multimodal search spaces that are chal-
lenging to understand, have many dimensions, and are otherwise complicated. To get 
around problems like local optima, stagnation, and premature convergence, these meth-
ods rely on controlled disturbances or perturbations to look for possible solutions. These 
ways came from SA [9], which showed how to find a balance between exploration and 
exploitation by letting less-than-ideal solutions happen on a probabilistic level. This 
approach helped them escape from local minima. The author of [11] built GAs that 
take this idea a step further by including mutations to keep diversity high and prevent 
convergence too soon. Disturbance-based innovations, such as the FWA [26], use fire-
works explosions to make different sparks, or perturbed solutions, that can be used to 
quickly explore many search space regions. Both Dynamic FWA and Enhanced FWA 
made high-dimensional problem scalability and convergence much better. Use cases 
cover a wide range of fields. Stochastic GD (SGD) is a machine learning technique that 
leverages noise to overcome the limitations of deep learning [2]. In financial forecast-
ing, perturbation-based methods are used to make predictions more accurate and models 
more resilient [31], and in engineering challenges, they are used to get around in multi-
modal environments [7]. Bioinformatics uses them to solve nonlinear issues like protein 
structure prediction [16]. Parameter sensitivity, computing cost, and scalability are still 
issues, despite their benefits. To resolve these issues, we could look into quantum com-
puters, use reinforcement learning to create adaptive perturbation strategies [17], and use 
parameter-free algorithms. A few examples of new developments are green operations 
and real-time optimization for autonomous systems. Furthermore, RBFNs are renowned 
for their many uses in areas like signal processing, forecasting, feature extraction, and 
control systems. They are also known for being able to fit data in non-linear ways, 
converge quickly, and remain stable in the presence of local minima. To create RBFs 
effectively, one has to use parameter adjustment techniques for fine-tuning and structured 
building methods to find out how many hidden nodes to use [19]. Some new ideas have 
been put forward, such as adaptive perturbations in quantum mechanics [20], adaptive 
divided-difference methods for stochastic problems [27], and adaptive control systems 
based on parameter perturbations [21]. Changes have been used in many different ways, 
such as in adaptive spatio-temporal neural networks to guess what will happen in the 
environment [30], in black-box models to avoid picture detectors [18], and in adaptive 
neural network controllers for complicated nonlinear systems [29]. New frameworks, 
like Beneficial Perturbation Networks, have been created to make AI systems that can 
adapt. Online modeling with sliding windows lets hidden nodes be changed on the fly, 
which improves convergence and generalization [13]. Researchers have developed some 
frameworks by combining perturbation techniques with RBF neural networks. One such 
framework is the proposed PSO-RBFNN. It uses mistakes in training and information 
from nodes to change hidden layers in a way that is more effective and lasts longer in sit-
uations that change over time and are not linear. Putting together perturbation-based 
methods and cutting-edge neural network models shows how flexible they are and how 
well they might work for solving real-world problems. These methods not only lead to



Optimizing Radial Basis Function Networks to Comprehend 15

better performance, but they also pave the way for smart decision-making frameworks, 
ecologically friendly designs, and adaptable systems. 

3 Materials and Methods 

This section elaborates all the materials and methods used to carry out this research. 

3.1 RBFN Network 

In RBFN, the input, hidden, and output layers are all feedforward. There is no change 
to the one fixed weight link between the input and hidden layers. To keep things simple, 
we’ll say that an RBF network has I input nodes, H hidden nodes, and 1 output node, 
abbreviated as I-H-1. Figure 1 shows this structure. 

Let xp = [xp,  1, xp,  2,  ….,  xp, I ] represents the pth I-dimensional sample in the RBF 
network. The output of the hth hidden node is defined by Eq. (1). 

Oph = exp − 
xp − ch 

2 

2σ 2h
(1) 

Where, 

oph -is the output of the hth hidden node for the pth sample, 
ch -is the center of the hth RBF, σh is the width of the hth RBF. Whereas, xp − ch 2
-represents the squared Euclidian distance between the input sample xp and the center 
ch of the hth radial basis function.

The output of the network for the pth sample is defined by Eq. (2). 

Op = 
H 

h=1 

wh∅p xp + w0 (2) 

Where, 

OP -is the output of the network for the pth sample. 
wh-denotes the weight between hth hidden node and the output node. 
w0-is the bias 
∅p(xp) - represents the activation of the pth sample at the hth hidden node 

.
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Fig. 1. Architecture of RBFN 

3.2 Gradient Descent (GD) 

GD is a widely- used optimization algorithm in machine learning and deep learning 
for minimizing a model’s loss function and enhancing prediction accuracy. It iteratively 
adjusts the model’s parameters in the direction that reduces error, making it a cornerstone 
in training models like regression and neural networks [2]. Starting from an initial param-
eter set, updates are made based on the gradient, or slope, of the loss function, with step 
size controlled by the learning rate. This learning rate must be chosen carefully; a value 
too large risks divergence, while one too small slows convergence [25]. GD comes in 
three main forms: batch, stochastic, and mini-batch. Batch GD uses the entire dataset for 
updates, providing stability but at a high computational cost. While stochastic GD adds 
noise, it offers speed by updating parameters for individual data points. Mini-batch GD 
strikes a balance by using small data batches, combining stability and efficiency. Over 
time, improvements like momentum and adaptive methods like AdaGrad, RMSProp, 
and Adam have improved GD work by changing the learning rates on the fly, especially 
when there isn’t enough data or the gradients are noisy [14]. One problem is that gradi-
ents can disappear or explode in deep networks. This can be fixed with techniques like 
gradient clipping and advanced initialization strategies [23]. Additionally, non-convex 
optimization problems can lead to saddle points or local minima, but advanced heuristics 
and algorithms help mitigate these issues [5]. For instance, we use GD to train neural 
networks, enhance clustering, and reduce the number of dimensions in k-means and 
t-SNE algorithms. Its scalability and adaptability make it essential for modern machine 
learning. However, optimal performance depends on careful hyperparameter tuning and 
variant selection. Continued innovation ensures GD remains a robust tool for solving 
complex problems in artificial intelligence [10]. The working principles of the GD algo-
rithm are given in Fig. 2. Interested readers may refer to articles [23, 25] for in-depth 
knowledge about the working principles of the GD algorithm.
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Fig. 2. Working principles of GD algorithm 

3.3 Particle Swarm Optimization (PSO) 

PSO is a population-based metaheuristic optimization algorithm inspired by the social 
behaviors of bird flocking and fish schooling. Due to its simplicity, adaptability, and 
efficiency, PSO finds widespread use in solving complex optimization problems across 
various domains. PSO operates by initializing a population of candidate solutions, called 
particles, which explore the search space by adjusting their positions based on individual 
and collective experiences. Each particle maintains two key pieces of information: its 
personal best position (the best solution it has found so far) and the global best position 
(the best solution found by the entire swarm). These positions guide the particles’ move-
ments as they attempt to converge on the optimal solution [15]. Unlike GD methods, 
PSO does not rely on derivative information, making it suitable for non-differentiable, 
non-convex, or multi-modal problems. The movement of each particle is influenced by 
its inertia (continuing in its current direction), cognitive component (moving toward its 
personal best), and social component (moving toward the global best). These factors are 
controlled by parameters such as inertia weight, acceleration coefficients, and random 
factors to balance exploration and exploitation of the search space [4]. The simplicity 
of PSO lies in its straightforward implementation and lack of complex mathematical 
computations, which makes it computationally efficient. The working principles of the 
PSO algorithm are given in Fig. 3. PSO has been adapted to various fields, including 
machine learning, engineering, and financial modeling, for optimizing hyperparame-
ters, solving scheduling problems, and tuning neural networks. More complex types, 
like Adaptive PSO and Multi-Objective PSO, have been created to make convergence



18 V. Kiranmai and A. Manikandan

better and deal with specific problems, like not rushing to local optima. PSO works 
better and is more reliable with techniques like dynamic parameter tuning, constriction 
coefficients, and combining it with other algorithms [1, 8]. Despite its strengths, PSO 
has limitations. It may suffer from slow convergence in high-dimensional problems and 
can become trapped in local optima, especially in complex landscapes. Some ways to 
reduce the damage are to change the swarm topology, add diversity-preserving features, 
or mix PSO with local search algorithms. PSO’s versatility and effectiveness make it an 
invaluable tool for solving real-world optimization challenges, from engineering design 
to resource allocation and machine learning applications. Its ability to adapt to a wide 
range of problem landscapes ensures its continued relevance and application in opti-
mization [1] research. Interested readers may find more details about PSO from [1, 4, 
15]. 

Fig. 3. Working principles of PSO algorithm 

3.4 GD-RBFN Model Training 

The detail of the training RBFN using GD algorithm is given in Algorithm 1.
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Algorithm1: GD-Based RBFN training
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3.5 PSO-RBFN Model Training 

The detail of the training RBFN using PSO algorithm is given in Algorithm 2. 

Algorithm 2: PSO-Based RBFN training 

Initialize Swarm 
Initialize swarm size N , dimension D , position x , velocity v 
Set parameters: inertia weight w , cognitive 1c , social 2c 
Define fitness function based on accuracy 
Main Loop 

for iteration in range( itermax_ ): 
for each particle i : 

Decode ix into RBFN parameters 
Train RBFN and calculate fitness of particle i 
Update 

ibestp if current fitness is better 

Update bestg if any particle has better fitness than 
ibestp 

for each particle i : 
Update velocity iv using ktxprctvwtv ibestii i 

))(()(.)1( 11 

Where ))((22 txgrck ibesti 

Update position ix as follows: 

)1()()1( tvtxtx iii 

Adjust inertia weight w dynamically (optional) 
Output optimized RBFN parameters 

Train final RBFN using bestg parameters 

4 About the Dataset 

In this research, we examined the perturbation characteristics of the RBFNs network 
across two distinct datasets. Additionally, we explored the models’ performance in two 
specific application domains: classification and prediction. For classification tasks, we 
evaluated the model’s behavior using breast cancer datasets. A comprehensive descrip-
tion of the datasets is provided in Table 1. The classification performance of the models 
(PSO-RBFN and GD-RBFN) was measured using the accuracy metric. 

Table 1. Basics of Dataset 

Type of Data No. of Features Source Purpose 

Breast Cancer 28 UCI Machine learning Classification
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5 Experimental Setup and Result Analysis 

All models were developed and implemented using MATLAB 9.0 on a Windows 10 
platform. To look into how the PSO-RBFN and GD-RBFN models react to changes, they 
were trained for 20 and 40 epochs, respectively, and the changes in their performance 
were measured. Here, the maximum number of generations for PSO has been 150. 
The number of populations for PSO was considered 100. Similarly, for GD, we set a 
maximum iteration count of 500 and a learning rate of 0.01. We trained both models using 
the entire dataset (100%) for each epoch count, and we assessed their performance based 
on accuracy. The average training accuracy achieved by both models was calculated and 
recorded. Subsequently, each model was validated individually using the same dataset. 
The average training accuracies are displayed in the upper section of Table 2, while the 
lower section contains the validation accuracies for each model. Additionally, box plots 
were created to represent the performance of each model in terms of average training 
accuracy. Figure 4 illustrates the validation fitness of the models after 20 epochs, whereas 
Fig. 5 depicts their fitness after 40 epochs. Finally, Figs. 6 and 7 present the validation 
curves for the models after 20 and 40 epochs, respectively. 

Table 2. Average performance comparison 

No. of epochs / Avg. Accuracy Number of Epochs 

20 40 

Avg. Training Accuracy (%) 0.7215 0.7392 

Validation accuracy (%) 

PSO-RBFN 0.7199 0.7377 

GD-RBFN 0.7136 0.7298
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Fig. 4. Accuracy comparison for 20 epochs 

Fig. 5. Accuracy comparison for 40 epochs
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Fig. 6. Validation accuracy comparison after 20 epochs 

Fig. 7. Validation accuracy comparison after 40 epochs 

6 Statistical Validations 

We used RMSE and training duration as important performance measures and did a 
paired t-test to confirm that PSO-RBFN and GD-RBFN did not perform the same. The 
alternative hypothesis (H1) suggested that PSO-RBFN outperformed GD-RBFN, but the 
null hypothesis (H0) claimed that there was no significant difference in performance. 
The results demonstrated that, in comparison to GD-RBFN, PSO-RBFN shortened train-
ing time and obtained a lower RMSE. The p-values for both measures were less than 
0.05, which meant that H0 was not accepted. This shows that PSO-based optimization 
improves model correctness and computational efficiency. See Table 3 for a summary 
of the findings. Using PSO in conjunction with RBFNs is the best way to train RBFNs 
since it greatly increases accuracy and efficiency, as these results show.
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Table 3. Results of t-test 

Measure PSO-RBFN GD-RBFN p-value 

RMSE 0.0457 0.0624 0.0032 

Training time (s) 12.9 21.6 0.0015 

Table 3 demonstrates that GD has a lower computational cost per iteration, but it 
frequently takes more iterations to converge, which increases the total training time. PSO 
is more effective in complicated optimization landscapes, despite being more expensive 
per iteration; its global search capabilities enable faster convergence. It is also more suited 
for large-scale applications due to its parallel nature, which increases scalability. Hybrid 
techniques that combine PSO for global optimization with GD for fine-tuning can be used 
to make machine learning models that are both long-lasting and good on resources. This 
combination allows for the ideal balance between accuracy and computing efficiency. 

7 Conclusions 

The study used two hybrid models trained with GD and PSO to look at how the RBFN 
network changes when things go wrong. We individually tuned the RBFN’s weights and 
biases using gradient descent and particle swarm optimization. We then deployed each 
model for a classification task using breast cancer datasets. We assessed the models’ 
performances under several settings, particularly after 20 and 40 epochs, using accuracy 
as the assessment metric. The results indicated that both models were not always as 
effective in these conditions, with PSO-RBFN often being more efficient than GD-
RBFN. The paired t-test also showed PSO-RBFN is statistically better than GD-RBFN. 
This work is limited by the absence of hyperparameter adjustment, which we intend to 
rectify in future research to better investigate the variability of these models. 
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