. mathematics ﬁw\p\py
Z

Article

Introducing an Evolutionary Algorithm for the Optimal Training
of RBF Networks

TIoannis G. Tsoulos *, Vasileios Charilogis ! and Dimitrios Tsalikakis 2

W) Check for updates

Academic Editor: Zhizhong Liu

Received: 27 June 2026

Revised: 31 July 2026

Accepted: 6 August 2026

Published: 7 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

Department of Informatics and Telecommunications, University of Ioannina, 45110 Ioannina, Greece;
v.charilog@uoi.gr

Department of Engineering Informatics and Telecommunications, University of Western Macedonia,
50100 Kozani, Greece; dtsalikakis@uowm.gr

Correspondence: itsoulos@uoi.gr

Abstract

A large collection of real-world classification and regression problems can be addressed
using machine learning tools such as, for example, radial basis function networks (RBF
networks). However, the techniques used for training RBF networks often exhibit various
problems, such as getting trapped in the local minima of the error function, or even encoun-
tering numerical issues when solving systems of linear equations in order to estimate the
parameters of the RBF network. This paper presents a multi-stage evolutionary technique
based on genetic algorithms for the effective training of RBF networks. In the first stage, the
value ranges of the RBF network parameters are estimated using the K-Means algorithm.
In the second stage, the chromosomes of the genetic algorithm are initialized within the
parameter ranges determined in the first stage, followed by the execution of the genetic
algorithm. Each chromosome of the genetic algorithm is considered a candidate parameter
vector for the machine learning model. The centers and variances of the RBF network are
estimated by the genetic algorithm, while the network weights are determined by solving
a system of linear equations. This method was applied to a large set of classification and
data-fitting problems, yielding excellent results.

Keywords: machine learning; neural networks; genetic algorithms

MSC: 65K05; 65K10; 68W01

1. Introduction

The rapid development of machine learning has enabled its adoption in numerous
practical applications. Representative examples can be found in scientific and technological
fields such as physics [1,2], astronomy [3,4], chemistry [5,6], medicine [7,8], economics [9,10],
image processing [11], time-series prediction [12], financial and credit card analysis [13],
and mechanical engineering [14]. Such problems are typically tackled through machine
learning approaches, with Radial Basis Function (RBF) networks [15] representing one
of the most widely adopted and effective model classes. An RBF network is commonly
defined as a function:

k
R(Z) = L (|7 - ) o

The following notation is used in Equation (1):

1.  The vector ¥ = (x1,x2,...,x;) denotes the input pattern.
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The constant k denotes the number of weights for the RBF network.
The vectors c_i>, i=1,...,kstand for the so-called center vectors.
The value R (7) denotes the predicted value of the network for the input pattern Y.

ARl

The function ¢(x) typically is defined as the following Gaussian function:

2
(x) = exp (—(x_c)> @)

o2

6. The vector @ represents the weight vector of the RBF network. The vector W contains
the coefficients used to weight the output of each basis function ¢(x).

Moreover, the training error associated with any RBF network R(x) is defined as:
M= 2
E(R(x)) = ) (R(¥7) —vi) ®)

In this equation, the set (Z), vi), i =1,..., M represents the training set of the objective
problem and the values y; are the actual outputs for any given pattern %,. The effec-
tiveness of RBF networks has been demonstrated across numerous application domains.
Representative examples include physics-related problems [16-19], differential equation
solving [20-22], robotic systems [23,24], facial recognition [25], digital communication sys-
tems [26,27], chemical applications [28,29], economic modeling [30-32], cybersecurity and
network security tasks [33], time-series forecasting [34], wind energy production predic-
tion [35], constrained optimization [36,37], etc. A schematic description of the RBF network
is outlined in Figure 1.

Input Layer Hidden Layer (RBF Units) Output Layer
Wy
X3 P2
W2
R(x)
\ W3
X3 P3
Wi

Figure 1. General structure of an RBF network. The input vector 7 is fed to k hidden units, each
characterized by a center c_,> (a reference point in the input space) and a variance o; (the spread of the
basis function). The output R(x) is a weighted sum of the hidden unit responses, with weights w;.

In recent years, numerous studies have introduced novel approaches for initializing
the parameters of RBF networks [38—40]. In addition, the influence of kernel widths on the
performance of RBF networks has been extensively investigated by Benoudjit et al. [41],
while Neruda et al. [42] provided a comparative evaluation of several learning algo-
rithms designed for RBF training. Furthermore, a variety of pruning strategies have been
proposed [43-45] with the objective of reducing the number of network parameters and,
consequently, the overall model complexity. Given the widespread adoption of RBF net-
works and the substantial computational effort often required for their training, several
studies have recently focused on exploiting parallel computing architectures to accelerate
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neural network parameter optimization [46,47]. Finally, Park et al. [48] demonstrated that
an RBF network consisting of a single hidden processing layer possesses the universal
approximation property, being capable of approximating any continuous function with
arbitrary accuracy.

Moreover, Mohammadi et al. proposed [49] a novel hybrid evolutionary-based RBF
network method for forecasting time series that can estimate both the network architecture
as well as the values for the parameters of the network. Likewise, Wu et al introduced [50]
a hybrid method that combines the Particle Swarm Optimization (PSO) [51] method as
well as genetic algorithms to determine the parameters of RBF networks. Recently, Elansari
proposed a new method [52] that utilizes genetic algorithms for the optimal training of
RBF networks. Likewise, Mukherjee et al. developed hybrid Gaussian Radial Basis Neural
Networks (GRAB-NNSs) for data-driven models in a recent study [53]. Beyond genetic
algorithms, other population-based metaheuristics have also been applied to RBF training,
including differential evolution [54] and particle swarm optimization [55,56].

A third research direction recognizes that purely global metaheuristics, while effective
at exploration, converge slowly in the vicinity of the optimum, motivating hybrid or
memetic algorithms that combine global search with local refinement [57,58]. Recent RBF-
specific examples include hybrid schemes combining particle swarm optimization, cuckoo
search, and biogeography-based optimization, refined by a local BEGS step [59].

In conventional RBF network training, the centers of the basis functions ¢(x) are
initially determined, and the corresponding weight vector W is subsequently obtained
by solving a linear system of equations. The k-means clustering algorithm [60] is among
the most frequently employed techniques for center selection. Despite its simplicity and
computational efficiency, this approach often suffers from overfitting, reducing the predic-
tive performance of the model on unseen samples. Moreover, because the optimization
process does not impose explicit constraints on the parameter values, the resulting esti-
mates may become excessively large or small, adversely affecting both model stability and
generalization capability.

The present work introduces a novel training methodology for RBF networks con-
sisting of two distinct phases. During the first phase, a promising range of values for the
network centers and variances is estimated by exploiting the k-means clustering technique.
In the second phase, a modified genetic algorithm [61,62] is employed to determine the
optimal values of the centers and variances within the search intervals identified during
the first phase. The weights of the RBF network are computed through the solution of an
appropriate linear system of equations.

The present work is positioned at the intersection of all three research directions de-
scribed above: the first phase draws on the initialization literature by using K-means to
establish informed, data-driven search bounds rather than fixed or arbitrary ranges; the
second phase contributes a genetic algorithm operating within these bounds, following the
evolutionary training paradigm; and the local optimization step applied at the end of the
second phase follows the hybrid/memetic paradigm. Unlike prior evolutionary RBF meth-
ods that treat the search space as unconstrained, and unlike prior hybrid methods that do
not exploit data-driven initialization to constrain the search space before the global search
begins, the core contribution of the proposed method lies in this three-stage integration.

The main contributions of the proposed method are summarized as follows:

1.  The k-means clustering algorithm is employed to effectively identify suitable value
ranges for the parameters of the RBF network.

2. A well-established global optimization technique, namely genetic algorithms (GAs),
is introduced to efficiently determine the optimal parameters of an RBF network,
regardless of the dataset to which it is applied.
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3. Anumerical method is proposed for estimating the output weights of the RBF network.
4. Alocal optimization procedure is incorporated to further reduce the training error of
the RBF network.

The remaining of this article is organized as follows: in Section 2 the proposed method is
fully described, in Section 3 the experimental results are outlined and finally in Section 4 a
discussion is provided on the experimental results.

2. Materials and Methods
2.1. The First Phase of the Proposed Method

In the first phase, the k-means clustering algorithm is employed to estimate promising
search intervals for the centers and variances of the RBF network. Specifically, for each
network parameter, the corresponding search interval is defined as a multiple of the
value produced by the k-means algorithm, thereby providing a bounded region for the
subsequent optimization process. The k-means algorithm is presented in Algorithm 1.
This algorithm is an unsupervised clustering technique that splits a dataset into a number
of predefined clusters by minimizing the within-cluster sum of squared distances. The
algorithm iteratively assigns each data point to its nearest cluster centroid and at every
generation updates the centroid as the mean of the assigned points. This process is repeated
until convergence.

The set of parameters comprising the centers and variances of an RBF network with k
hidden units is represented by a vector of dimension

n=kxd+k 4)

where d denotes the dimensionality of the input patterns. This vector has the follow-
ing structure:

N
I = {Cllr €12,€14,01,€21,€22,- - -, C24,02,« - - , Ck1,Ck2, - - - s Ckds O-k} (5)

- =
For this vector of parameters, the bound vectors L, R are constructed using the procedure
depicted in Algorithm 2.

2.2. The Description of the Second Phase

In the second phase of the proposed algorithm, a genetic algorithm is employed
to optimize the centers_e)mci> variances of the RBF network within the search intervals
defined by the vectors L, K obtained during the first phase. The output weight vector
W of the RBF network is subsequently computed by solving the corresponding linear
system of equations. Within the proposed genetic algorithm, each chromosome follows
the structure of the parameter vector [ introduced in Equation (5), where all decision
variables corresponding to the RBF centers and variances are encoded.

A suitably modified genetic algorithm was adopted in this stage because genetic
algorithms constitute robust evolutionary optimization techniques that have demonstrated
their effectiveness across a broad spectrum of practical applications. Genetic algorithms
(GAs) are evolutionary optimization techniques designed to search for the global minimum
of a multidimensional objective function. To achieve this, a GA maintains a population of
candidate solutions, referred to as chromosomes. These chromosomes evolve continuously
over successive iterations of the algorithm, known as generations, through the application of
genetic operators that mimic natural evolutionary processes, including selection, crossover,
and mutation. In addition, they are particularly well-suited for integration with machine
learning models, as they generally require only the formulation of a suitable fitness function
while treating the underlying model as a black-box optimization problem. For example,
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they have been applied to energy problems [63], water distribution problems [64], economic
problems [65], training of of neural networks [66], statistics [67], RBF interpolation [68], etc.
The steps of the used genetic algorithm have as follows:

Algorithm 1 The k-means algorithm used to estimate centers and variances.

1. Initialization
(a)  Input: the training set (¥/,;), i = 1,..., M of the objective problem.
(b) Set as k the number of desired centers.
(c) Assign randomly every pattern x;, i = 1,..., M in a cluster Si, i=1,...,k
(d) For each clusterj=1,...,k do
i Denote with M; the number of points in §;
1i. Estimate every center ¢; as
1
(e) End For
2. Repeat
(@ SetSj={},j=1...,k
(b) Fori=1,...,Mdo
i Set j* = argmin® _ {D(x;,c;u)}. In this formulation, j* denotes the
index of the closest center to the input sample %], whereas D(x,y)
corresponds to the Euclidean distance function.
(c) End For
(d) Forj=1,...,kdo
i Calculate the number of points in each cluster S; and denote them
as M;.
ii. Calculate every center o using the equation:
o=t rod
o= L
] Z?ES]‘
iii. Calculate the quantities 0; as
M; 2
o2 = Lizi (xi —¢j)
] M
]
(e) End For
3. Ifthe centers ¢}, j=1,...,k did not change then the loop is terminated.
4. End Repeat
5. The algorithm returns as output the estimated centers e, i=1,...,kand the associ-
ated varianceso;, i=1,...,k
1.  Initialization step.

(@)  The algorithm has the following set of parameters:

i. N¢, the desired number of chromosomes.

ii. Ng, the maximum number of allowed generations.
iii. ps, the used selection rate with ps < 1.

iv. Pm, the used mutation rate with p,;, < 1.
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(b)

(©

Construct a set of chromosomes with dimension 7 as defined in Equation (4).
Each chromosome represents the centers and variances of any given RBF
network and the value of each chromosome is initialized inside the bound
vectors L, R.

Set it = 0, which represents the current number of generations.

Fitness calculation step.

(@)

(b)

Fori=1,...,N:do

i. Produce an RBF network R; = R (7) The centers and variances of R; are
derived from chromosome Z The weight vector W= (wy,wy, ..., wy)
is calculated as follows:

A. Set W = [wl,wz,...,wk]

B.  Set® = ¢;(x;), that denotes the outputs of the computation units.

C. SetT= {tj =yi,j=1., M}, that denotes the real outputs for
the training set.

D.  Solve the following system of equations:

o7 (T - cpr) =0 6)

The solution is

-1
WT = (cpTcp) OIT = @' )
ii. Calculate the corresponding fitness value f; as
M 2
fi= L (Ri(¥)) ) ®

=

j=

End For

Genetic operations step.

(@)

(b)

(c)

Selection procedure: The population is first ordered based on fitness. A frac-
tion ps of the population, corresponding to the top ps X N, chromosomes,
is retained intact for the next generation. The rest of the population is
regenerated by applying crossover and mutation operations to selected
parent chromosomes.

Crossover procedure: In this step (1 — ps) X N; new offsprings will be
produced. For each pair (Z,@) of these new chromosomes, two chromo-
somes (z,w) are chosen from the current population with the assistance
of tournament selection. The new chromosomes will be created using the
following equations:

Z; = a;z; + (1 - ai)wi

Wi = ajw;+ (1—a;)z ©)
In this equation, a; denotes random numbers in the range [—0.5,1.5] [69].
Mutation procedure: Select a random number r € [0,1] for each element

g_i;, j =1,...,n for the corresponding chromosome g; . If r < p;, , then this
element is changed using the following scheme:

S =8 EX pe X g (10)
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where p. is a number in range [0, 1] that denotes the magnitude of changes
applied to the current element and ¢ is randomly selected integer that could be
—lorl

4. Termination check step.

(a) Setit=1it+1

(b) If it < N, then goto Fitness Calculation step.
=

(c) Otherwise, obtain the best chromosome ¢* and create the associated RBF
network R* = R (?) The weight vector for this RBF network is also obtained
by solving a similar system of equations as in Fitness Calculation Step.

(d)  Apply alocal search procedure to minimize the error function:

=Y (R(¥) —y)° (11)

M=

I
—

]

A modified BFGS algorithm based on the method of Powell [70] was
adopted as the local optimization procedure. This variant efficiently en-
forces the parameter bounds established during the preceding stage of the
proposed methodology.

= =
Algorithm 2 The algorithm that is used to construct the bound vectors L, K.

1. Input: the vector T of Equation (5).

Input: the scale factor used for the bound vectors denoted as F with F > 1.

3.  Input: a small positive number v, used as the lower limit of the variables representing
the variances of the RBF network.

4. Setm=1

5. Fori=1,...,kdo

(a) Forj=1,...,d do //this loop is for the variables of each center

N

_>
i Set L, = —F X |Iy| //this denotes the m element of vector L.
%
The value I, represents the m element of vector I . R
ii. Set Ry, = F x |I,| //this denotes the m element of vector R.
iii. Setm=m+1
(b) End For
(o) Set L, = v, //set the bounds for the variables representing the variances.

(d)  SetRy = F x |Iy|
(e) Setm=m+1
6. End For

- =
7. Output: The bound vectors L, R

The overall structure of the second phase is illustrated in Figure 2. The procedure
begins with the initialization of a population of chromosomes within the parameter bounds
established during the first phase. The centers and variances of each candidate RBF
network are extracted directly from the corresponding chromosome, the network weights
are subsequently estimated by solving the corresponding linear system of equations, and a
fitness value is assigned to each candidate based on the resulting prediction error. Following
the evaluation of all candidates, the genetic operations of selection, crossover, and mutation
are applied to produce the next generation. The generation counter is then incremented
and checked against the maximum allowed number of generations. This cycle repeats until
the termination criterion is met. At that point, the best chromosome identified throughout
the search is used to reconstruct the final RBF network, whose weights are re-estimated
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by solving the linear system once more, after which a local optimization step based on the
BFGS method is applied to further refine the solution.

Phase 2 Start

Population Initialization

Fitness Evaluation Loop

——> Centers & Variances Extraction

|

‘ Weight Estimation ’

Fitness Evaluation

Genetic Operations

Selection
Crossover

Mutation

!

-~ Max ions Reached?

Best Solution Refinement

Best Solution Retrieval

v

Weight Re-estimation ’

v

Local Optimization ’

-

A

Trained RBF Network

Figure 2. Flowchart of the second phase of the proposed training procedure.

3. Results
3.1. Experimental Datasets

The datasets used in the conducted experiments were obtained from the following
online databases:

1.  The UCI website, https:/ /archive.ics.uci.edu/ (accessed on 24 June 2026) [71]

2. The Keel website, https://sci2s.ugr.es/keel/datasets.php (accessed on 24 June
2026) [72].

3. TheStatlib URL ftp:/ /lib.stat.cmu.edu/datasets /index.html (accessed on 24 June 2026).
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The list of classification datasets has as follows:

Appendictis dataset, which is a medical dataset [73].

Alcohol dataset, related to alcohol consumption and appeared in [74].

Australian dataset [75] used in economics.

Balance dataset [76], related to various psychological experiments.

Bands dataset, used to detect printing problems [77].

Circular dataset, which is produced artificially and contains two distinct classes.
Cleveland dataset, related to the presence of heart disease [78,79].

Dermatology dataset [80], a medical dataset.

Ecoli, used to detect protein problems [81].

The Fert dataset, related to sperm concentration problems.

Glass dataset, related to glass issues.

Haberman, a medical dataset that contains data used in the prediction of breast cancer.
Hayes roth dataset [82].

Heart dataset [83], which was used to detect heart diseases.

HeartAttack, a medical dataset related to heart diseases.

HouseVotes dataset [84].

Ionosphere dataset, that was used to classify radar data from the ionosphere [85,86].
Liverdisorder dataset [87], which is a medical dataset.

Lymography dataset [88].

Mammographic dataset [89], which is a medical dataset related to breast tumors.
Parkinsons dataset, which is a medical dataset used to detect the presence of the
Parkinson’s Disease [90].

Page Blocks dataset, related to the determination of blocks inside various documents.
Phoneme, a dataset related to sound.

Pima dataset, which is a medical dataset used widely [91].

Popfailures dataset [92], used in various experiments regarding climate.

Ring, a dataset related to some distributions.

Spiral dataset, which was produced artificially and contains two classes.

Regions2 dataset [93].

Saheart dataset [94], a medical dataset related to the presence of heart diseases.
Satimage dataset, related to satellite images.

Segment dataset [95], which is an image processing dataset.

The Sonar dataset [96].

Spambase dataset, regarding the detection of spam emails [97].

Statheart, which is medical dataset on heart diseases.

Student, which contains data from various experiments in schools [98].
Transfusion dataset [99].

Wdbc dataset [100], which is a medical dataset related the presence of breast tumors.
Wine dataset, used for the classification of the quality of wines [101,102].

Eeg dataset, which is an EEG dataset [103]. From this dataset the following cases were
used: Z_F S, ZONF_S and ZO_NF_S.

Zoo dataset [104], which was used to estimate the class of various animals.

In addition, the list of the used regression datasets has as follows:

Abalone, used to detect the age of abalones [105].

Airfoil, a dataset derived from NASA [106].

Auto, used to estimate the fuel consumption of cars.

BK, used to estimate the points scored in basketball games.

BL, that contains measurements from electricity experiments.

Baseball, used for the estimation of income of baseball players.
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7.  Concrete, a dataset that contains data from civil engineering [107].

8.  DEE, a dataset related to the prediction of the prices of electricity.

9. The FA dataset, which is related to fat measurements.

10. FY, that contains measurements related to fruit flies.

11. HO, which was downloaded from the STATLIB repository.

12. Housing, a dataset that contains data from prices of houses [108].

13. Laser, a dataset containing data from various physics experiments.

14. LW, a dataset used to detect problems in the weight of babes.

15. MB dataset [109].

16. Mortgage, a dataset that contains economic data.

17.  NT dataset [110].

18. PL dataset, which was downloaded from the STATLIB repository.

19. Plastic, a dataset that contains measurements from plastic experiments.
20. PY dataset [111].

21. Quake, related to measurements on quakes [112].

22. SN, which is a benchmark dataset obtained from the STATLIB repository.
23. Stock, related to the prices of stocks.

24. Treasury, which is a dataset contains economic data.

25. The VE dataset, which was downloaded from the STATLIB repository.

3.2. Experimental Details

The RBF network implemented in this study was developed in ANSI C++ with the
support of the open-source Armadillo v15.4 library [113]. The optimization algorithms
used were obtained from the OPTIMUS v1.0.0 environment, downloaded from https://
github.com/itsoulos/OPTIMUS/ (accessed on 24 June 2026) [114]. Furthermore, derivative
computations required by the optimization procedures were performed using the Adept
v2.1.1 automatic differentiation library [115]. All the experiments were conducted on an
Linux system with 128 GB of RAM. During the experimental evaluation, the 10-fold cross-
validation technique was employed, where each dataset was partitioned into ten folds.
In each iteration, 90% of the instances were used as the training set, while the remaining
10% constituted the test set. Both the training procedure and the application of the k-means
initialization method were performed exclusively on the training set, with no information
from the test set being used during model construction. Each experimental setup was
repeated 30 independent times, with a distinct initialization seed assigned to the random
number generator in every run. Random number generation was carried out using the
drand48() function provided by the C programming language. The average classification
error is defined as

L% (class(N (%7, @)) # yi)

Ec(N(®,)) =100 x v

(12)

The set T denotes the corresponding test set, with T = (x;,y;), i =1,..., M. Also, the aver-
age regression error is defined as follows:

Ex(N(F, @) = Ei (N(?;-\;IW) )

(13)

The settings used in the conducted experiments are listed in Table 1.
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Table 1. Experimental settings.

Parameter Meaning Value
N, Number of 500
chromosomes finalstrutarstrutbox
N, Maximum number 500
of generations finalstrutarstrutbox
Ps Selection rate 0.10
Pm Mutation rate 0.05
Pe Mutation magnitude 0.05
F Scale factor 4.0
Ve Small value 0.01
used in variances finalstrutarstrutbox
k Number of weights 10

Also, in the tables containing experimental results, the following notation is used:

1. The column DATASET represents the name of the used dataset.

The ADAM column stands for the usage of the ADAM optimizer [116,117] to train a

neural network with 10 processing nodes.

3. The column BFGS stands for the results obtained when the BFGS optimiza-
tion procedure [118] is used to train an artificial neural network [119,120] with

10 processing nodes.

4.  The column NEAT [121] is used to denote the results from NEAT (NeuroEvolution of

Augmenting Topologies).

5. The column RBF represents the results where the traditional training method is used

to train an RBF network with 10 processing nodes.

6.  The column GRBF is used for the experimental results of the method presented in [122]

to train an RBF network with 10 processing nodes.

7. The column RBFCON denotes the incorporation of a recently introduced method [123]
that constructs RBF networks with the assistance of Grammatical Evolution [124].
8. The column PROPOSED stands for the results obtained by the incorporation of the

proposed method.

9.  The row labeled AVERAGE presents the mean classification or regression error ob-

tained across the entire collection of datasets.

3.3. Comparison with Other Machine Learning Methods

The results of the comparative evaluation are presented in Table 2 for the classification

problems and in Table 3 for the regression problems, while Figures 3 and 4 display the

distribution of errors via box plots and report the outcomes of the overall Friedman test.
For classification tasks (Table 2), the mean error rates were 35.18% for ADAM, 35.50% for
GRBE, 33.25% for BFGS, 32.16% for NEAT, 28.68% for RBF, 24.96% for RBFCON, and 21.58%
for the proposed method. The overall Friedman test (Figure 3) yielded p = 3.60 x 10716,
confirming that the differences among methods are statistically significant at a very high

confidence level. The proposed method achieves the lowest mean error and outperforms
the second-best method, RBFCON, by approximately 13.5%. At the individual dataset level,
the proposed method ranked first in 21 out of 42 datasets (50.0%), with particularly strong
performance on RING, SPAMBASE, Z_F_S, and ZONE_S, as detailed in Table 2.
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Table 2. Experimental results on the classification datasets, using a variety of machine learning methods.

Dataset ADAM BFGS NEAT RBF GRBF RBFCON  Proposed
APPENDICITIS 16.50% 18.00% 17.20% 12.23% 16.83% 13.60% 17.80%
ALCOHOL 57.78% 41.50% 66.80% 49.38% 52.45% 51.24% 20.43%
AUSTRALIAN 35.65% 38.13% 31.98% 34.89% 41.79% 14.14% 18.90%
BALANCE 12.27% 8.64% 23.14% 33.53% 38.02% 39.94% 17.50%
BANDS 36.92% 36.67% 34.30% 37.17% 43.95% 35.75% 36.28%
CIRCULAR 19.95% 6.08% 35.18% 5.98% 21.43% 18.26% 5.04%
CLEVELAND 67.55% 77.55% 53.44% 67.10% 67.47% 49.14% 50.14%
DERMATOLOGY 26.14% 52.92% 32.43% 62.34% 61.46% 45.20% 39.80%
ECOLI 64.43% 69.52% 43.44% 59.48% 70.58% 54.18% 58.36%
FERT 23.98% 23.20% 15.37% 15.00% 15.00% 15.20% 21.40%
GLASS 61.38% 54.67% 55.71% 50.05% 66.91% 55.38% 52.76%
HABERMAN 29.00% 29.34% 24.04% 25.10% 24.37% 26.27% 27.37%
HAYES ROTH 59.70% 37.33% 50.15% 64.36% 63.46% 34.54% 40.08%
HEART 38.53% 39.44% 39.27% 31.20% 28.44% 17.22% 22.00%
HEARTATTACK 45.55% 46.67% 32.34% 29.00% 40.48% 22.60% 19.13%
HOUSEVOTES 7.48% 7.13% 10.89% 6.13% 11.99% 3.05% 4.61%
IONOSPHERE 16.64% 15.29% 19.67% 16.22% 19.83% 14.32% 12.83%
LIVERDISORDER 41.53% 42.59% 30.67% 30.84% 36.97% 32.21% 30.41%
LYMOGRAPHY 39.79% 35.43% 33.70% 25.50% 29.33% 26.36% 24.57%
MAMMOGRAPHIC 46.25% 17.24% 22.85% 21.38% 30.41% 17.67% 17.72%
PARKINSONS 24.06% 27.58% 18.56% 17.41% 33.81% 12.79% 15.53%
PAGE BLOCKS 34.27% 8.49% 10.22% 10.09% 10.83% 11.09% 9.47%
PHONEME 29.43% 15.58% 22.34% 23.32% 27.70% 24.58% 15.59%
PIMA 34.85% 35.59% 34.51% 25.78% 27.83% 24.13% 23.59%
POPFAILURES 5.18% 5.24% 7.05% 7.04% 7.08% 6.98% 5.61%
REGIONS2 29.85% 36.28% 33.23% 38.29% 39.98% 26.34% 25.71%
RING 28.80% 29.44% 30.85% 21.67% 52.03% 11.08% 5.05%
SAHEART 34.04% 37.48% 34.51% 32.19% 33.90% 29.52% 28.89%
SATIMAGE 73.22% 71.73% 76.19% 40.19% 61.20% 59.16% 32.97%
SEGMENT 49.75% 68.97% 66.72% 59.68% 54.25% 62.36% 32.47%
SONAR 30.33% 25.85% 34.10% 27.90% 37.13% 27.20% 24.00%
SPAMBASE 48.05% 18.16% 35.77% 29.35% 35.36% 16.95% 10.54%
SPIRAL 47.67% 47.99% 48.66% 44.87% 50.02% 42.14% 41.03%
STATHEART 44.04% 39.65% 44.36% 31.36% 42.94% 19.22% 23.89%
STUDENT 5.13% 7.14% 10.20% 5.49% 33.26% 7.63% 12.43%
TRANSFUSION 25.68% 25.84% 24.87% 26.41% 25.67% 25.15% 25.23%
WDBC 35.35% 29.91% 12.88% 7.27% 8.82% 6.77% 4.19%
WINE 29.40% 59.71% 25.43% 31.41% 31.47% 11.00% 10.59%
ZFS 47.81% 39.37% 38.41% 13.16% 23.37% 11.13% 4.68%
ZO_NF_S 47.43% 43.04% 43.75% 9.02% 22.18% 11.08% 5.47%
ZONF_S 11.99% 15.62% 5.44% 4.03% 17.41% 4.14% 1.82%
700 14.13% 10.70% 20.27% 21.93% 33.50% 11.60% 10.60%
Average 35.18% 33.25% 32.16% 28.68% 35.50% 24.96% 21.58%

Post hoc pairwise comparisons (Conover test, Holm-corrected) confirm that the

proposed method differs significantly (p_adj < 0.05) from RBF (p_adj = 0.0276), NEAT
(p_adj = 5.39 x 107%), BFGS (p_adj = 2.31 x 10~%), ADAM (p_adj = 2.06 x 10~8), and GRBF
(p_adj = 7.76 x 10~11), but does not differ significantly from RBFCON (p_adj = 0.7358),
indicating statistically comparable classification performance between the two methods.
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Figure 3. Classification error distribution across the six evaluated methods (overall Friedman test:
p = 3.60 x 10719).

Table 3. Experimental results on the used regression datasets using the series of machine learn-
ing methods.

Dataset ADAM BFGS NEAT RBF GRBF RBFCON Proposed

ABALONE 4.30 5.69 9.88 7.37 9.98 6.14 6.37
AIRFOIL 0.005 0.003 0.067 0.27 0.121 0.004 0.004
AUTO 70.84 60.97 56.06 17.87 16.78 11.03 10.02
BK 0.025 0.28 0.15 0.02 0.023 0.02 0.021
BL 0.622 2.55 0.05 0.013 0.005 0.04 0.0005
BASEBALL 77.90 119.63 100.39 93.02 98.91 66.74 53.20
CONCRETE 0.078 0.066 0.081 0.011 0.015 0.012 0.008
DEE 0.63 2.36 1.512 0.17 0.25 0.23 0.16
FA 0.048 0.426 0.19 0.015 0.15 0.013 0.019
FY 0.038 0.22 0.08 0.011 0.041 0.017 0.051
HO 0.035 0.62 0.169 0.03 0.076 0.013 0.007
HOUSING 80.998 97.38 56.49 57.68 95.69 20.6 10.36
LASER 0.03 0.015 0.084 0.03 0.075 0.06 0.0198
Lw 0.028 2.98 0.17 0.03 0.057 0.011 0.016
MB 0.06 0.129 0.061 543 0.159 0.055 0.066
MORTGAGE 9.24 8.23 14.11 1.45 1.92 0.165 0.0096
NT 0.006 0.129 0.027 13.97 0.01 0.006 0.006
PLASTIC 11.71 20.32 20.77 8.62 2591 3.58 2.30
PY 0.321 0.578 0.075 0.012 0.029 0.003 0.015
PL 0.117 0.290 0.098 2.118 0.155 0.064 0.024
QUAKE 0.039 0.012 0.102 0.01 0.79 0.036 0.036
SN 0.026 0.400 0.174 0.027 0.027 0.025 0.024
STOCK 180.893 302.43 215.818 12.23 25.18 8.31 1.208
TREASURY 11.16 9.91 15.52 2.02 1.89 0.003 0.047
VE 0.359 1.92 0.045 0.024 0.023 0.04 0.04
Average 17.98 25.50 19.69 8.90 11.13 4.69 3.36

Mean classification error for the incorporated classification datasets and average
Friedman rank is outlined in Table 4.

The raw average regression error is disproportionately influenced by datasets with
large target-value magnitudes (e.g., STOCK, BASEBALL); the scale-free average rank in
Table 5 confirms the same overall ordering, with the Proposed method achieving the best
(lowest) average rank of 2.06 across the 25 datasets.
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Figure 4. Regression error distribution for all evaluated methods (overall Friedman test: p = 1.26 x 10~12).

Table 4. Mean classification error and average Friedman rank across the 42 datasets (lower
rank = better). Overall Friedman x? = 84.82, p =3.60 x 101,

Method Mean Error Avg Rank
PROPOSED 21.58 2.02
RBFCON 24.96 2.74
RBF 28.68 3.61
NEAT 32.16 4.55
BFGS 33.25 4.64
ADAM 35.18 5.02
GRBF 35.50 542

Table 5. Mean regression error (raw scale) and average Friedman rank across the 25 datasets.
The average rank is scale-free and is not dominated by high-magnitude datasets (e.g., STOCK,
BASEBALL), unlike the raw mean error. Overall Friedman Xz =67.61,p =1.26 x 1012,

Method Mean Error Avg Rank
PROPOSED 3.36 2.06
RBFCON 4.69 2.24
RBF 8.90 3.58
ADAM 17.98 4.34
GRBF 11.13 4.62
NEAT 19.69 5.56
BFGS 25.50 5.60

Post hoc pairwise comparisons confirm that the proposed method differs significantly
from ADAM ( p_adj = 0.0108), GRBF (p_adj = 0.0022), NEAT (p_adj = 1.06 x 1079),
and BFGS (p_adj = 8.65 x 1077) (all p_adj < 0.05), but the differences from RBFCON
(p_adj = 0.9999) and RBF (p_adj = 0.3272) did not reach statistical significance, indicating
that its advantage over these two closest competitors is directionally consistent but not
conclusively established at the individual-comparison level.

For regression tasks (Table 3), the mean error values were 17.98 for ADAM, 25.50
for BFGS, 19.69 for NEAT, 8.90 for RBF, 11.13 for GRBF, 4.69 for RBFCON, and 3.36 for
the proposed method. The overall Friedman test (Figure 4) yielded p = 1.26 x 10712,
again confirming statistically significant differences across methods. The proposed method
achieves a mean error of 3.36, representing an improvement of about 28% over RBFCON
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(4.69), which is a nearly threefold improvement over RBF (8.90), and nearly eightfold (not
tenfold) improvement over BFGS (25.50).

3.4. Experiments with the Scale Parameter F

Table 6 and Figure 5 present the effect of the scale parameter F on classification
performance, while Table 7 and Figure 6 present the corresponding results for regression
tasks. For classification (Table 6), the mean error rates were 25.93% for F = 1, 22.85% for
F =2,21.58% for F = 4, and 21.24% for F = 8. The overall Friedman test (Figure 5) yielded
p = 6.43 x 107>, confirming that the choice of F has a statistically significant impact on
performance. A clear decreasing trend in error is observed as F increases, with F = 8
yielding a marginally lower average than F = 4. However, the difference between these
two settings is minimal (21.58% versus 21.24%), suggesting that F = 4 represents a practical
default with a favorable performance-to-complexity trade-off. For regression (Table 7),
the mean error values were 4.69 for F =1, 4.03 for F =2,3.36 for F =4, and 3.29 for F =8,
with the Friedman test (Figure 6) yielding p = 3.09 x 10~*. A consistent improvement is
again observed with increasing F, and the results for F = 4 and F = 8 are closely comparable
across regression datasets.

80 1 Overall Friedman test: p =6.43 x 107
p=1
p=01744

X 60 1 p=0.1744
5 p =0.0049
=
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Figure 5. Effect of the scale parameter F on classification accuracy of the proposed method (overall
Friedman test: p = 6.43 x 107°).
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Figure 6. Sensitivity of regression performance to the scale parameter F (overall Friedman test:
p =3.09 x 107%).
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Table 6. Experimental results on the classification datasets, using the proposed method and different

values for scale parameter F.

Dataset F=1 F=2 F=14 F=38
APPENDICITIS 17.60% 14.20% 17.80% 18.50%
ALCOHOL 30.09% 23.83% 20.43% 20.21%
AUSTRALIAN 16.35% 18.64% 18.90% 20.13%
BALANCE 34.97% 23.28% 17.50% 18.27%
BANDS 34.33% 35.03% 36.28% 34.14%
CIRCULAR 34.83% 8.55% 5.04% 3.76%
CLEVELAND 48.38% 49.03% 50.14% 50.28%
DERMATOLOGY 60.10% 38.57% 39.80% 38.26%
ECOLI 56.73% 59.36% 58.36% 59.61%
FERT 25.80% 22.80% 21.40% 21.70%
GLASS 53.90% 53.65% 52.76% 51.29%
HABERMAN 28.23% 27.24% 27.37% 27.13%
HAYES ROTH 59.69% 53.92% 40.08% 37.31%
HEART 22.67% 24.15% 22.00% 20.85%
HEARTATTACK 20.03% 19.67% 19.13% 19.17%
HOUSEVOTES 5.52% 5.26% 4.61% 5.00%
IONOSPHERE 11.20% 13.51% 12.83% 12.43%
LIVERDISORDER 30.85% 29.65% 30.41% 29.56%
LYMOGRAPHY 32.86% 20.50% 24.57% 23.26%
MAMMOGRAPHIC 28.14% 21.88% 17.72% 17.80%
PARKINSONS 17.84% 17.32% 15.53% 15.37%
PAGE BLOCKS 9.48% 9.43% 9.47% 9.36%
PHONEME 23.37% 20.32% 15.59% 15.82%
PIMA 23.91% 24.87% 23.59% 23.71%
POPFAILURES 10.18% 6.43% 5.61% 5.63%
REGIONS2 25.73% 25.97% 25.71% 25.65%
RING 5.55% 5.45% 5.05% 5.57%
SAHEART 29.00% 29.13% 28.89% 28.78%
SATIMAGE 33.62% 34.01% 32.97% 34.68%
SEGMENT 32.05% 31.62% 32.47% 33.33%
SONAR 44.05% 29.45% 24.00% 22.05%
SPAMBASE 13.39% 10.84% 10.54% 10.44%
SPIRAL 36.80% 41.27% 41.03% 41.49%
STATHEART 22.74% 25.22% 23.89% 23.26%
STUDENT 25.50% 19.33% 12.43% 4.25%
TRANSFUSION 25.19% 24.92% 25.23% 24.65%
WDBC 4.86% 5.19% 4.19% 4.37%
WINE 11.29% 9.82% 10.59% 10.41%
Z_F_S 5.03% 6.80% 4.68% 5.37%
ZO_NE_S 5.67% 5.74% 5.47% 7.22%
ZONE_S 2.45% 2.22% 1.82% 2.30%
Z00 29.00% 11.80% 10.60% 9.50%
Average 25.93% 22.85% 21.58% 21.24%

Table 7. Experimental results on the used regression datasets using the proposed method and a series

of values for the parameter F.

Dataset F=1 F=2 F=4 F=8
ABALONE 10.32 7.76 6.37 5.83
AIRFOIL 0.004 0.004 0.004 0.004
AUTO 10.06 9.68 10.02 9.53
BK 0.025 0.02 0.021 0.003
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Table 7. Cont.

Dataset F=1 F=2 F=4 F=38
BL 0.0098 0.0052 0.0005 0.041
BASEBALL 67.54 59.65 53.20 51.28
CONCRETE 0.027 0.022 0.008 0.005
DEE 0.16 0.16 0.16 0.16
FA 0.02 0.019 0.019 0.017
FY 0.046 0.047 0.051 0.053
HO 0.007 0.007 0.007 0.007
HOUSING 12.43 10.45 10.36 11.70
LASER 0.096 0.044 0.0198 0.009
LW 0.032 0.028 0.016 0.014
MB 0.067 0.066 0.066 0.06
MORTGAGE 0.011 0.009 0.0096 0.011
NT 0.006 0.006 0.006 0.006
PLASTIC 11.74 10.66 2.30 2.24
PY 0.029 0.017 0.015 0.014
PL 0.117 0.106 0.024 0.022
QUAKE 0.036 0.036 0.036 0.036
SN 0.031 0.025 0.024 0.023
STOCK 4.28 1.92 1.208 1.08
TREASURY 0.041 0.044 0.047 0.052
VE 0.026 0.034 0.04 0.035
Average 4.69 4.03 3.36 3.29

3.5. Experiments with Number of Chromosomes N

Table 8 and Figure 7 illustrate the effect of the chromosome population size N; on
classification performance, while Table 9 and Figure 8 present the corresponding regression
results. For classification (Table 8), the mean error rates were 23.03% for N, = 100, 22.44%
for N. = 200, 21.58% for N. = 500, and 21.55% for N, = 1000. The overall Friedman
test (Figure 7) yielded p = 0.0010, confirming a statistically significant effect of N, on
classification accuracy. A steady improvement is observed from N, = 100 to N, = 500,
while the increase to N, = 1000 yields no meaningful additional gain, suggesting that a
population of 500 chromosomes offers a well-balanced trade-off between computational
cost and predictive performance. For regression (Table 9), the mean error values were 3.63
for N, = 100, 3.45 for N. = 200, 3.36 for N, = 500, and 3.55 for N. = 1000. The overall
Friedman test (Figure 8) yielded p = 0.2415, a value that does not reach statistical signifi-
cance, indicating that for regression tasks the chromosome count does not substantially
influence performance and that N. = 500 remains a sufficient and well-justified setting.

Furthermore, the proposed method was compared to the GRBF method on the classifi-
cation datasets for a range of population sizes (i.e., different numbers of chromosomes).
The comparison was performed with respect to both the average classification error and the
execution time. The comparison for the average classification error is presented in Figure 9
and the comparison for the execution time is depicted in Figure 10.

The proposed method significantly outperforms the GRBF technique in terms of aver-
age classification error. Moreover, the classification error remains essentially unchanged
for population sizes exceeding 500 chromosomes, supporting the choice of this value for
the parameter N.. However, the execution time of the proposed method is considerably
higher than that of the GRBF method, particularly for large population sizes. This increase
is expected and can be attributed to the greater computational complexity of the proposed
approach compared to the GRBF method.
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Table 8. Experimental results on the classification datasets, using the proposed method and different
values the number of chromsosomes denoted as N,.

Dataset N, =100 N, =200 N, =500 N = 1000
APPENDICITIS 20.00% 19.40% 17.80% 15.40%
ALCOHOL 25.32% 20.21% 20.43% 19.36%
AUSTRALIAN 23.87% 20.94% 18.90% 17.81%
BALANCE 17.18% 16.97% 17.50% 17.84%
BANDS 38.28% 36.61% 36.28% 36.17%
CIRCULAR 11.10% 6.42% 5.04% 5.29%
CLEVELAND 48.66% 48.86% 50.14% 50.38%
DERMATOLOGY 41.69% 41.94% 39.80% 40.83%
ECOLI 60.40% 60.76% 58.36% 59.52%
FERT 22.50% 21.10% 21.40% 24.00%
GLASS 55.99% 55.14% 52.76% 51.62%
HABERMAN 26.17% 26.77% 27.37% 27.53%
HAYES ROTH 41.61% 42.39% 40.08% 38.08%
HEART 22.85% 23.34% 22.00% 21.59%
HEARTATTACK 17.90% 18.87% 19.13% 18.83%
HOUSEVOTES 6.65% 6.35% 4.61% 5.35%
IONOSPHERE 14.66% 14.12% 12.83% 11.83%
LIVERDISORDER 29.50% 29.59% 30.41% 29.77%
LYMOGRAPHY 29.72% 29.79% 24.57% 22.43%
MAMMOGRAPHIC 18.27% 17.77% 17.72% 17.84%
PARKINSONS 15.95% 15.68% 15.53% 16.05%
PAGE BLOCKS 9.40% 9.36% 9.47% 10.43%
PHONEME 16.00% 15.54% 15.59% 16.37%
PIMA 23.50% 23.66% 23.59% 23.23%
POPFAILURES 5.91% 6.33% 5.61% 5.46%
REGIONS2 25.71% 25.66% 25.71% 25.43%
RING 5.88% 5.88% 5.05% 4.46%
SAHEART 28.46% 28.00% 28.89% 28.94%
SATIMAGE 34.96% 35.21% 32.97% 35.15%
SEGMENT 33.05% 32.73% 32.47% 31.95%
SONAR 25.75% 25.00% 24.00% 22.95%
SPAMBASE 12.41% 11.74% 10.54% 10.11%
SPIRAL 40.59% 41.39% 41.03% 41.11%
STATHEART 23.78% 24.30% 23.89% 25.11%
STUDENT 22.18% 17.10% 12.43% 11.45%
TRANSFUSION 25.91% 25.74% 25.23% 25.34%
WDBC 4.54% 4.54% 4.19% 4.75%
WINE 11.00% 10.12% 10.59% 10.71%
ZFS 5.90% 5.43% 4.68% 6.07%
ZO_NF_S 7.74% 7.34% 5.47% 5.70%
ZONF_S 3.26% 2.52% 1.82% 2.60%
Z00 13.10% 11.90% 10.60% 10.40%
Average 23.03% 22.44% 21.58% 21.55%

Table 9. Experimental results on the used regression datasets using the proposed method and
different values for the number of chromosomes N..

Dataset N, =100 N, = 200 N, = 500 N. = 1000
ABALONE 724 6.90 6.37 6.13
AIRFOIL 0.004 0.004 0.004 0.004
AUTO 9.70 9.57 10.02 9.88
BK 0.02 0.02 0.021 0.022
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Table 9. Cont.

Dataset N, =100 N, = 200 N, = 500 N, = 1000
BL 0.0007 0.0006 0.0005 0.022
BASEBALL 56.15 53.69 53.20 56.45
CONCRETE 0.01 0.009 0.008 0.007
DEE 0.23 0.16 0.16 0.16
FA 0.025 0.022 0.019 0.016
FY 0.049 0.049 0.051 0.051
HO 0.007 0.007 0.007 0.008
HOUSING 10.50 10.92 10.36 11.94
LASER 0.058 0.025 0.0198 0.017
LW 0.02 0.018 0.016 0.014
MB 0.06 0.063 0.066 0.065
MORTGAGE 0.014 0.008 0.0096 0.01
NT 0.006 0.006 0.006 0.006
PLASTIC 5.11 3.37 2.30 2.32
PY 0.015 0.016 0.015 0.013
PL 0.045 0.032 0.024 0.023
QUAKE 0.036 0.036 0.036 0.036
SN 0.023 0.023 0.024 0.024
STOCK 1.31 1.22 1.208 1.38
TREASURY 0.048 0.048 0.047 0.047
VE 0.039 0.042 0.04 0.047
Average 3.63 3.45 3.36 3.55
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Figure 7. Impact of population size N on classification results of the proposed method (overall
Friedman test: p = 0.0010).

3.6. Experiments with the Major Parts of the Method

An additional set of ablation experiments was conducted by removing key components
of the proposed methodology to assess its robustness and quantify the contribution of
each component to the overall performance. In the first experiment, the local optimization
procedure was removed, and the experiments were carried out on both the classification and
regression datasets for different values of the critical parameter F. The average classification
error for all classification datasets is depicted in Figure 11. Similarly, Figure 12 presents
the average regression error obtained by the application of the proposed method to the
used regression datasets. The column LOCAL denoted the incorporation of the BFGS
optimizer in the proposed method and the column NOLOCAL represents the application
of the proposed method without the BFGS optimizer.
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Figure 8. Regression error under varying chromosome population sizes N, (overall Friedman test:
p = 0.2415).
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Figure 9. Comparison of average classification error between the proposed method and the GRBF
method on the series of selected classification datasets for different values of used chromosomes.
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Figure 10. Comparison of average execution time between the proposed method and the GRBF
method on the series of classification datasets, for different values of number of chromosomes.
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Figure 12. Average regression error of the proposed method for the regression datasets using different
values for parameter F with and without local optimization.

The above plots clearly demonstrate that the incorporation of the local optimization
procedure improves the performance of the proposed technique, with a more pronounced
improvement observed on the regression datasets than on the classification datasets.

In the next experiment, an attempt was made to evaluate the effectiveness of the
k-means algorithm for estimating the initial range of values of the RBF network parame-
ters. Figure 13 presents the average classification error using the proposed method and
different initialization ranges and Figure 14 stands for the average regression error using
the proposed method and the same initialization ranges. The columns presented in graphs
have the following meaning:

1.  The column INIT = 1 denotes the application of the proposed method, where the
variables of the RBF network are initialized in range [—1, 1].

2. The column INIT = 10 represents the application of the proposed method and initial-
ization for the variables in range [—10, 10].

3. The column INIT = 20 stands for the incorporation of the proposed method and
initialization for the variables in range [—20, 20].

4. The column PROPOSED represents the usage of the proposed method with the
initialization presented in this article with the k-means technique.
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Figure 13. Average classification error obtained in the used classification datasets using the proposed
method and different initialization ranges.
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Figure 14. Average classification error obtained in the used regression datasets with the application
of the proposed method and different initialization ranges.

It is evident that, in both cases (classification and regression), the proposed initializa-
tion technique significantly improves the performance of the proposed method.

4. Conclusions

This paper introduced a two-phase evolutionary methodology for the effective training
of Radjial Basis Function networks. In the first phase, the K-means clustering algorithm
is employed to establish informed search bounds for the network centers and variances,
thereby constraining the subsequent optimization within a meaningful parameter space.
In the second phase, a genetic algorithm operates within these bounds to identify optimal
center and variance configurations, while the network weights are determined analytically
by solving a system of linear equations. The proposed method was evaluated across a large
and diverse collection of 42 classification and 25 regression benchmark datasets, consistently
outperforming five competing approaches, namely ADAM, BFGS, NEAT, RBF, and GRBE.
The mean classification error of 21.58% and the mean regression error of 3.36 represent
substantial improvements over all baselines, and the differences were confirmed to be
statistically significant by the Friedman test. The sensitivity analysis further demonstrated
that the method is robust across a range of parameter settings, with a population size of
500 chromosomes and a scale factor of F = 4, providing a reliable and computationally
efficient default configuration.
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While the proposed method achieved the lowest error on roughly half of the bench-
mark datasets (21 of 42 classification and 13 of 25 regression datasets), it was outperformed
by at least one baseline on the remaining cases, and these cases follow identifiable patterns.
For classification, RBFCON emerged as the most competitive alternative, achieving the
lowest error on seven datasets (AUSTRALIAN, CLEVELAND, HAYES ROTH, HEART,
HOUSEVOTES, PARKINSONS, and STATHEART), a cluster of predominantly medium-
sized, and binary or near-binary medical and economic classification problems. This is con-
sistent with the post hoc analysis (Table 4), which shows that the performance gap between
the proposed method and RBFCON does not reach statistical significance (p_adj = 0.7358),
unlike the gaps with all other baselines. Beyond RBFCON, the remaining losses largely
follow the previously observed pattern of small sample size (e.g., APPENDICITIS, FERT,
HABERMAN, STUDENT, POPFAILURES) or a relatively large number of classes with
limited samples per class (e.g., DERMATOLOGY, ECOLI, GLASS, BANDS, BALANCE,
TRANSFUSION), where a fixed number of hidden units (k = 10) and limited training data
may not provide enough signal for the evolutionary search to consistently outperform
simpler, directly-optimized alternatives. Notably, in several of these cases (e.g., MAMMO-
GRAPHIC, PAGE BLOCKS, PHONEME), the performance gap with the best-performing
baseline was under one percentage point and is unlikely to be practically meaningful.
For regression, RBFCON was again the strongest competing method, prevailing on FA, LW,
MB, PY, and TREASURY, while RBF remained competitive on BK, FY, QUAKE, and VE;
correspondingly, the post hoc tests (Table 5) show that the proposed method’s advantage
over both RBFCON (p_adj = 0.9999) and RBF (p_adj = 0.3272) does not reach statistical
significance, whereas its advantage over ADAM, BFGS, NEAT, and GRBF is significant
(p_adj < 0.05 in all four cases). These datasets are generally characterized by low target-
value magnitude and low intrinsic noise, where traditional RBF training, grammar-guided
architecture search, or direct gradient-based optimization already achieve a near-optimal
fit; in such cases, the broader exploration performed by the genetic algorithm offers limited
additional benefit and may introduce marginal variance. Taken together, these observations
suggest that the advantage of the proposed evolutionary training is most pronounced
on larger, higher-dimensional, or structurally complex datasets, while on small-sample,
low-noise, or already well-fit problems, RBFCON and, to a lesser extent, conventional RBF
training may already be near-sufficient.

A limitation of the present study is that only the mean error across the 30 independent
runs was retained for each dataset-method combination; per-run standard deviations were
not stored during the original experiments and could therefore not be reported. Future
revisions of the experimental protocol will retain per-run results to support variability
analysis alongside mean performance.

Several directions are proposed for future investigation. First, the computational cost
of the genetic algorithm could be reduced through parallelization, enabling the simultane-
ous evaluation of multiple candidate solutions across multi-core or distributed computing
environments. Second, adaptive strategies for the automatic selection of key parameters,
such as the population size N, the number of generations N, and the scale factor F, could
further reduce the need for manual tuning while improving performance across diverse
problem types. Third, the current Gaussian basis function could be replaced or comple-
mented by alternative kernel functions, such as multiquadric or inverse multiquadric
kernels, potentially broadening the class of problems the model can address effectively.
Fourth, the integration of feature selection mechanisms within the training pipeline could
improve both accuracy and interpretability, particularly for high-dimensional datasets. Fi-
nally, extending the proposed framework to deep or multi-hidden-layer RBF architectures
represents a promising avenue for tackling more complex learning tasks.
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