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Abstract

Artificial neural networks have been used in a multitude of applications in various research
areas in recent decades, providing excellent results in both data classification and data
fitting. Their success is based on the effective identification (training) of their parameters
using optimization techniques, and hence a series of programming methods have been
developed for training these models. However, many times these techniques either can
identity only some local minima of the error function with poor overall results or present
overfitting problems in which the performance of the artificial neural network is signifi-
cantly reduced when it is applied to different data from the training set. This manuscript
introduces a method for the efficient training of artificial neural networks, where a series
of genetic algorithms is applied to the network parameters in several stages. In the first
stage, an initial identification of the network value interval is performed; in the second
stage, the initial estimate of the value interval is improved; and in the third stage, the final
adjustment of the network parameters within the previously identified value interval takes
place. The new method was tested on some classification and regression problems found
in the relevant literature, and the experimental results were compared against the results
obtained by the application of other well-known methods used for neural network training.

Keywords: genetic algorithms; evolutionary computation; artificial neural networks

1. Introduction
A widely used machine learning model is the artificial neural network [1,2]. In most

cases, artificial neural networks are defined as parametric machine learning models, where
learning is achieved by calculating the values of their parameters through some optimiza-
tion technique. The underlying optimization procedure should minimize the associated
training error, calculated as

E
(

N
(−→x ,−→w

))
=

M

∑
i=1

(
N
(−→x i,

−→w
)
− yi

)2 (1)

The function N
(−→x ,−→w

)
stands for the artificial neural network and the input vector

−→x represents the input pattern. Also, the input vector −→w stands for the parameter vector
of the neural network. The set

(−→xi , yi
)
, i = 1, ..., M defines the so-called training set of

the objective problem, where the values yi are the expected outputs for every pattern −→xi .
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A closed form that can be used to represent neural networks was used in [3], where it is
defined as

N
(−→x ,−→w

)
=

H

∑
i=1

w(d+2)i−(d+1)σ

(
d

∑
j=1

xjw(d+2)i−(d+1)+j + w(d+2)i

)
(2)

Here, the constant H defines the number of processing units and the symbol d stands for
the dimension of the input pattern −→x . The function σ(x) represents the sigmoid function:

σ(x) =
1

1 + exp(−x)
(3)

Following Equation (2), it is deduced that the total number of elements in the weight
vector are n = (d + 2)H. Also, alternative activation functions can be used. As an example,
consider the tanh, defined as

tanh(x) =
e2x + 1
e2x − 1

(4)

Moreover, Guarnieri et al. introduced the usage of an adaptive spline function as
the activation function of neural networks [4]. Similarly, Ertuğrul introduced the trained
activation function [5]. Recently, Rasamoelina et al. [6] published a review on activation
functions for artificial neural networks.

Artificial neural networks have been incorporated in a wide series of problems ap-
pearing in real-world problems, such as image processing [7], time series forecasting [8],
credit card analysis [9], problems derived from physics [10], medicine [11,12], mechanical
applications [13], etc. During the past years, a series of optimization methods have been
incorporated to tackle the Equation (1). Among them one can detect the Back Propagation
algorithm [14], the RPROP algorithm [15,16], the ADAM optimization method [17], etc.
Moreover, many advanced global optimization methods have also been used, such as
genetic algorithms [18], the Particle Swarm Optimization (PSO) method [19], the Simulated
Annealing method [20], the Differential Evolution technique [21], the Artificial Bee Colony
(ABC) method [22], etc. In the same direction of research, Sexton et al. proposed the appli-
cation of the tabu search algorithm for optimal neural network training [23]. Additionally,
Zhang et al. introduced a hybrid algorithm that combines PSO and the Back Propagation
algorithm to efficiently train artificial neural networks [24]. Also, in a recently published pa-
per, Zhao et al. proposed the usage of a new Cascaded Forward Algorithm to train artificial
neural networks [25]. Additionally, the widespread use of parallel processing techniques
in recent years has resulted in a series of related works on the training of artificial neural
networks that utilize such techniques [26,27].

Nevertheless, the previous optimization methods faced a number of problems such
as, for example, identifying only local minima of the error function or suffering from the
phenomenon of overifitting. In overfitting, the artificial neural network exhibits reduced
performance when it used on data that was not used in the training process. This prob-
lem has been tackled by various researchers in the past and some methods have been
introduced, such as weight sharing [28], pruning [29,30], early stopping [31,32], weight
decaying [33,34], etc. Furthermore, many studies proposed as a solution the evolution of
the architecture of neural networks using some programming techniques. For example,
genetic algorithms were proposed in a series of papers [35,36] to create the architecture
of neural networks or the PSO method [37]. Additionally, Siebel et al. introduced the
usage of evolutionary reinforcement learning for the optimal design of artificial neural
networks [38]. Also, a review on the usage of reinforcement learning for neural architecture
search is provided by Jaafra et al. [39]. Recently, Pham et al. introduced a method for the
optimal identification of the architecture of neural networks with parameter sharing [40].
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Similarly, Xie et al. proposed the incorporation of Stochastic Neural Architecture search [41]
for the construction of the architecture of neural networks. Also, Zhou et al. used a Bayesian
approach for neural architecture search [42].

In this paper, a three-stage technique is proposed, which aims, on the one hand, to
effectively train artificial neural networks and, on the other, to limit the phenomenon of
overifitting. In the first phase of the new method, a genetic algorithm is used to make
an initial estimate of the value interval for the parameters of the artificial neural network.
In this genetic algorithm, a modified version of the training error of the artificial neural
network is used in order to avoid the phenomenon of the network parameters taking large
values and, consequently, the phenomenon of overifitting. In the second phase of the
process, an interval technique using a genetic algorithm is utilized to locate the optimal
interval for the parameters of the artificial neural network using the best chromosome
obtained by the algorithm of the first phase. Finally, in the third phase a simple genetic
algorithm is incorporated to train the artificial neural network using the bounds located
in the second phase of the method. The proposed technique was tested on a series of
classification and regression problems from various research fields and it was compared
against traditional methods used for the training of neural networks.

The proposed method consists of three distinct stages which have as their ultimate
goal the improvement of the generalization ability of artificial neural networks. In the
first phase, an estimate of the initial values for the value intervals of the parameters of the
artificial neural network is performed. In this phase, the use of sigmoid functions is taken
into account, as well as the observation that they can lose their generalization abilities when
the inputs to them exceed certain values in absolute value. For this reason, the parameters
of the artificial neural network are limited in such a way that the inputs of the problem
are also taken into account. In the second phase, an interval technique undertakes to
identify a reliable value interval for the parameters of the artificial neural network, using
the information from the first phase, and finally, in the third phase, an optimization method,
such as a genetic algorithm, can be used for the final phase of training the parameters of
the artificial neural network.

The remainder of this article has the following sections: Section 2 describes the pro-
posed method, Section 3 outlines the experimental datasets and the series of experiments
conducted, and finally, Section 4 presents some conclusions.

2. Method Description
This section describes in detail the three distinct algorithms used in every stage of the

proposed method.

2.1. The Algorithm of the First Stage

The activation function used commonly in neural networks is the sigmoid function,
defined as

σ(x) =
1

1 + exp(−x)
(5)

An example plot for this function is outlined in Figure 1.
As it is clearly shown in this figure, the sigmoid function very quickly takes on the

value 1 as x goes towards infinity and very quickly takes on the value 0 as x goes towards
minus infinity. This behavior has the direct result that the function loses its generalization
capabilities very quickly and these are limited to a small range of values.
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Figure 1. An example plot of the sigmoid function in the range [−10, 10]. The function tends quickly
to 0 as x → −∞ and moves quickly to 1 as x → ∞.

The sigmoid function converges very fast to 1 as x → +∞ and to 0 as x → −∞.
The consequence of this effect is that the corresponding computing unit has the same
output for different input values and different values for the computational nodes and
hence the corresponding unit. Based on the previous consideration, one can define the
function B

(
N
(−→x ,−→w

)
, a
)
, which stands for the percentage of how many times the absolute

value of the input argument of the sigmoid units exceeds a limit a. This function can be
used to avoid the phenomenon of overfitting by limiting the values of the parameters
of the artificial neural network to specified intervals which will also directly depend on
the inputs presented to the sigmoid functions. This function is described in Algorithm 1.
The parameter a is used as a heuristic measure for the value that is input to the sigmoid
function. If the input to the function is greater in absolute values than this parameter, then
we can consider that the sigmoid function loses any generalization abilities, as now the
result of the sigmoid will be the same (0 or 1) regardless of changes in its input.

Algorithm 1 Calculating the quantity B(N
(−→x ,−→w

)
, a) with a > 0 for a a provided neural

network N(x, w).

1. Function B(N
(−→x ,−→w

)
, a)

2. Inputs: The neural network N
(−→x ,−→w

)
and the bound factor a > 0.

3. Set k = 0
4. For i = 1..H Do

(a) For j = 1..M Do

i. Set v = ∑d
k=1

(
w(d+2)i−(d+i)+kxjk

)
+ w(d+2)i

ii. If |v| > a then k = k + 1
(b) EndFor

5. EndFor
6. Return k

H⋆M
7. End Function
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The steps of the algorithm used are outlined below.

1. Initialization step.

(a) Set Ng as the maximum number of allowed generations.
(b) Set Nc the number of chromosomes used. Each chromosome is considered as

a vector of the n = (d + 2)H double-precision values. The value d is used to
represent the dimension of the input pattern and the constant H defines the number
of the nodes of the neural network. Every value in the chromosomes is initialized
randomly in the range [−I0, I0], I0 > 0.

(c) Set ps as the selection rate, where ps ≤ 1.
(d) Set pm as the mutation rate, where pm ≤ 1.
(e) Set k = 0 as the generation counter.

2. Fitness calculation step.

(a) For i = 1, . . . , Nc perform the following.

i. Create the neural network Ni
(−→x ,−→gi

)
for the chromosome −→gi .

ii. Set Ei = ∑M
j=1
(

N
(−→xj ,−→gi

)
− yj

)2.

iii. Set bi = B(N
(−→x ,−→gi

)
, a) using the function of Algorithm 1.

iv. Set fi = E
(

N
(−→x ,−→gi

))
×
(
1 + λb2

i
)

as value for the fitness of chromosome gi,
with λ > 1.

(b) End For

3. Application of genetic operations.

(a) Copy the best (1 − ps)× Nc chromosomes of the current population intact to the
next generation. The remaining of chromosomes will be replaced by new chromo-
somes produced during crossover and mutation.

(b) Perform the crossover procedure. For each new element, two parents, z =

(z1, z2, ..., zn), w = (w1, w2, ..., wn), are selected from the current population using
using tournament selection. After the selection of the parents, the new offspring z̃
and w̃ are formed using the following:

z̃i = rizi + (1 − ri)wi

w̃i = riwi + (1 − ri)zi (6)

where ri are random numbers in the range [−0.5, 1.5] [43].
(c) Perform the mutation procedure, as proposed in [44]: For every chromosome and

each element select a random number r ∈ [0, 1]. If r ≤ pm alters the corresponding
element gij as

gij =

{
gij + ∆

(
t, bg,i − gij

)
t = 0

gij − ∆
(
t, gij − ag,i

)
t = 1

(7)

The number t is a random number that can be 0 or 1 and the function ∆(t, y) is
calculated as

∆(t, y) = y
(

1 − ω

(
1− t

Nt

)
z
)

(8)

where ω ∈ [0, 1] is a random number and z is parameter defined from the user.

4. Termination check step.

(a) Set k = k + 1.
(b) If k < Ng go to fitness calculation step.

5. Final Step.

(a) Obtain the chromosome g∗ having the lowest fitness value in the population.



Knowledge 2025, 5, 17 6 of 23

(b) Produce the vectors L∗and R∗ using the following:

L∗
i = − f

∣∣g∗i ∣∣, i = 1, . . . , n
R∗

i = f
∣∣g∗i ∣∣, i = 1, . . . , n

where f > 1. These vectors will be used in the following phase of the proposed algorithm.

2.2. The Algorithm of the Second Stage

In the second phase of the current work, a bound method is applied using the vectors
L∗ and R∗ of the previous stage to discover the optimal bound for the parameters of
the network. During this phase, a modified genetic algorithm is incorporated, where
the chromosomes are defined as interval sets

[−→
Lk ,

−→
Rk

]
. Also, the fitness value for each

chromosome is considered as an interval f = [ f1, f2]. The function D(a, b) is introduced
here for the comparison of two intervals a = [a1, a2] and b = [b1, b2]. This function is
defined as

D(a, b) =

TRUE, a1 < b1, OR (a1 = b1 AND a2 < b2)

FALSE, OTHERWISE
(9)

A modified genetic algorithm is incorporated here to locate the most promising interval
for the weights of the neural network. This procedure uses the vectors L∗ and R∗ of the
previous algorithm. Each chromosome is considered as a set of intervals, which is initialized
randomly inside the vectors L∗ and R∗. The steps of the algorithm for the second phase are
presented below.

1. Initialization step.

(a) Set as Ng the maximum number of allowed generations and as Nc the total number
of chromosomes.

(b) Set as ps the selection rate and as pm the mutation rate.

(c) Initialize every chromosome, gi =
[−→

Li ,
−→
Ri

]
, i = 1, . . . , Nc, randomly inside the

produced vectors L∗and R∗ from the previous phase.
(d) Set as Ns the number of samples used in the fitness calculation step.
(e) Set k = 0, the generation counter.

2. Fitness calculation step.

(a) For i = 1, . . . , Nc perform the following.

i. Calculate the fitness fi of each chromosome gi using the procedure provided
in Algorithm 2.

(b) End For.

3. Application of genetic operators.

(a) Selection procedure. Copy the best (1 − ps)× Nc chromosomes to the next gener-
ation without changes. The remaining ones will be replaced by offspring created
using crossover and the mutation procedure. The sorting is performed using the
operator D(a, b) for the fitness values.

(b) Crossover procedure. Perform the crossover procedure, where for every couple
(z̃, w̃) of produced chromosomes, two parents (z, w) will be chosen using tour-
nament selection. The new chromosomes will be produced using the one-point
crossover method, graphically presented in Figure 2.

(c) Mutation procedure. For each element of each chromosome a random number
r ∈ [0, 1] is drawn. The corresponding element is altered randomly when r ≤ pm.

4. Termination check step.
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(a) Set k = k + 1
(b) If k < Ng, go to fitness calculation step.

5. Final step.

(a) Obtain the best chromosome from the population g∗.

(b) Produce the corresponding set of intervals
[−→

L∗ ,
−→
R∗
]
.

Algorithm 2 Fitness calculation function.

1. function fitness(g, Ns)

2. Input: The chromosome g =
[−→

Lg ,
−→
Rg

]
and the number of random samples Ns.

3. Draw Ns random samples in g and create the set Sa =
{−→s1 ,−→s2, . . . ,−→sNs

}
.

4. Set fmin = ∞
5. Set fmax = −∞
6. For i = 1, . . . , Ns do

(a) Set Ei = ∑M
j=1
(

N
(−→xj ,−→si

)
− yj

)2

(b) If Ei < fmin set fmin = Ei
(c) If Ei > fmax set fmax = Ei

7. End For
8. Return as fitness value the quantity fg =

[
fmin, fmax

]
9. End Function

Figure 2. An example of the one-point crossover procedure.

2.3. The Final Training Algorithm

During the final step of the proposed method, a genetic algorithm is incorporated to
train the artificial neural network inside the bounds

[−→
L∗ ,

−→
R∗
]

produced in the final step of
the previous phase of the method. The main steps of this algorithm are listed below.

1. Initialization step.

(a) Set as Ng the maximum number of allowed generations and as Nc the total number
of chromosomes.

(b) Set as ps the selection rate and as pm the mutation rate.
(c) Initialize randomly the chromosomes gi, i = 1, . . . , Nc as random vectors with

n = (d + 2)H elements inside the bounds
[−→

L∗ ,
−→
R∗
]
.

(d) Set k = 0, the generation counter.

2. Fitness calculation step.

(a) For i = 1, . . . , Nc perform the following.

i. Create the neural network Ni
(−→x ,−→gi

)
for the chromosome −→gi .

ii. Calculate the associated fitness value fi as fi = ∑M
j=1
(

N
(−→xj ,−→gi

)
− yj

)2.

(b) End For.

3. Incorporation of genetic operators. Apply the same genetic operators as in the first
phase of the proposed algorithm, described in Section 2.1.
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4. Termination check step.

(a) Set k = k + 1
(b) If k < Ng, go to fitness calculation step of the current algorithm.

5. Testing step.

(a) Obtain the chromosome with the lowest fitness value in the population and denote
it as g∗.

(b) Produce the associated neural network N
(−→x ,

−→
g∗
)

.

(c) Apply a local search procedure to the error function for this network. The local
search procedure used was a BFGS method of Powell [45].

(d) Apply the neural network on the associated test set of the problem to obtain the
test error.

3. Results
The validation of the proposed method was performed using a wide series of classi-

fication and regression datasets, available from various sources from the Internet. These
datasets were downloaded from

1. The UCI database, https://archive.ics.uci.edu/ (accessed on 30 April 2025) [46].
2. The Keel website, https://sci2s.ugr.es/keel/datasets.php (accessed on 30 April 2025) [47].
3. The Statlib URL https://stat.ethz.ch/Teaching/Datasets/Statlib-index (accessed on

30 April 2025).

3.1. Experimental Datasets

The following datasets were utilized in the conducted experiments:

1. Appendictis, which is a medical dataset [48].
2. Alcohol, which is dataset regarding alcohol consumption [49].
3. Australian, which is a dataset produced from various bank transactions [50].
4. Balance dataset [51], produced from various psychological experiments.
5. Cleveland, a medical dataset which was discussed in a series of papers [52,53].
6. Circular dataset, which is an artificial dataset.
7. Dermatology, a medical dataset for dermatology problems [54].
8. The Hayes–Roth dataset, which was initially suggested in [55].
9. Heart, which is a dataset related to heart diseases [56].
10. HeartAttack, which is related to heart diseases.
11. Housevotes, a dataset which contains data from Congressional voting in the USA [57].
12. Ionosphere, which is related to measurements derived from the ionosphere [58,59].
13. Liverdisorder, a medical dataset [60,61].
14. The Lymography dataset [62].
15. Mammographic, which is related to the presence of breast cancer [63].
16. Parkinsons, which is a medical dataset used for the detection of Parkinson’s

disease [64,65].
17. Pima, which is related to the presence of diabetes [66].
18. Popfailures, a dataset related to experiments regarding climate [67].
19. Regions2, a medical dataset applied to liver problems [68].
20. Saheart, which is a medical dataset concerning heart diseases [69].
21. Segment dataset [70].
22. The Sonar dataset, related to sonar signals [71].
23. Statheart, a medical dataset related to heart diseases.
24. Spiral, which was created artificially and contains two distinct classes.
25. Student, which is a dataset regarding experiments in schools [72].

https://archive.ics.uci.edu/
https://sci2s.ugr.es/keel/datasets.php
https://stat.ethz.ch/Teaching/Datasets/Statlib-index
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26. Transfusion, which is also a dataset used for medical purposes [73].
27. Wdbc, which is used for the detection of breast cancer [74,75].
28. Wine, a dataset used to detect the quality of wines [76,77].
29. EEG, which is a dataset regarding EEG recordings [78,79] and from this dataset the

following cases were used: Z_F_S, ZO_NF_S, ZONF_S and Z_O_N_F_S.
30. Zoo, which is a dataset regarding animal classification [80].

Moreover, a series of regression datasets was adopted in the performed experiments.
The list of the regression datasets is as follows:

1. Abalone, which is a dataset for the detection of the age of abalones [81].
2. Airfoil, founded by NASA [82].
3. Auto, a dataset used to predict the fuel consumption in cars.
4. BK, which is used to predict the points scored in basketball games.
5. BL, a dataset that contains measurements from electricity experiments.
6. Baseball, which is a dataset used to predict the income of baseball players.
7. Concrete, which is a civil engineering dataset [83].
8. DEE, a dataset that is used to predict the price of electricity.
9. Friedman, which is an artificial dataset [84].
10. FY, which is a dataset regarding the longevity of fruit flies.
11. HO, a dataset located in the STATLIB repository.
12. Housing, regarding the price of houses [85].
13. Laser, which is used in physics experiments.
14. The MB dataset, originated in the Smoothing Methods in Statistics.
15. The NT dataset [86].
16. Mortgage, a dataset that contains data from the economy of the USA.
17. PL dataset, located in the STALIB repository.
18. Plastic, a dataset regarding problems occurring with pressure on plastics.
19. The PY dataset [87].
20. Quake, a dataset regarding the measurements of earthquakes.
21. SN, a dataset related to trellising and pruning.
22. Stock, which is related to the prices of stocks.
23. Treasury, a dataset that contains measurements from the economy of the USA.

3.2. Experimental Results

The software used in the experiment was coded in C++ with the assistance of the
freely available Optimus environment [88]. Each experiment was conducted 30 times
and in every execution a different seed for the random generator was used. For the
validation of the experimental results, the ten-fold cross validation technique was used.
The average classification error, as measured in the corresponding test set was reported for
the classification datasets. The classification error is computed using the following formula:

EC
(

N
(−→x ,−→w

))
= 100 × ∑N

i=1
(
class

(
N
(−→xi ,−→w

))
− yi

)
N

(10)

For the calculation of this error, the test set T, a set T = (xi, yi), i = 1, . . . , N, is used.
Similarly, the average regression error is reported for the regression datasets and it is
calculated as follows:

ER
(

N
(−→x ,−→w

))
=

∑N
i=1
(

N
(−→xi ,−→w

)
− yi

)2

N
(11)



Knowledge 2025, 5, 17 10 of 23

Table 1 contains the values used for the experimental parameters of the proposed
method. The results obtained for the classification datasets are depicted in Table 2 and for the
regression datasets in Table 3. The following notations were used for the experimental tables:

1. The column DATASET is used to denote the name of the dataset.
2. The column BFGS represents the results obtained by the training of a neural network

with H = 10 processing nodes using the BFGS optimization method [45]. This method
terminates either when the derivative is zero or when a maximum number of iterations
is reached. In the experiments performed, this number was set to 2000.

3. The column ADAM is used to denote the training of a neural network with H = 10
processing nodes using the ADAM optimization method [17]. The parameters used
for the conducted experiments were the following: b1 = 0.9, b2 = 0.999, and the
maximum number of iterations was set to 10,000.

4. The column NEAT represents the incorporation of the NEAT method (NeuroEvolution
of Augmenting Topologies) [89]. The population size was set to 500, as in the case of
the proposed method.

5. The column RBF is used to denote the usage of a Radial Basis Function (RBF) net-
work [90,91] with 10 processing nodes. The network was trained with the original
training method incorporated in RBF networks with two distinct phases: during the
first phase, the centers and the variances of the model were calculated using the
k-means algorithm [92], and during the second phase, the weights of the network
were obtained by solving a linear system of equations.

6. The column GENETIC denotes the usage of a genetic algorithm to train a neural network
with H = 10 processing nodes. The parameters used in this algorithm are listed in Table 1.

7. The column PROPOSED denotes experimental results of the proposed method.
8. The row AVERAGE represents the average classification or regression error for all datasets.

Table 1. The values for the parameters of the proposed method.

Parameter Meaning Value

Nc Chromosomes 500

Ng Maximum number of generations 200

pS Selection rate 0.1

pM Mutation rate 0.05

H Number of nodes 10

I0 Initialization factor 10.0

a Bounding factor 10.0

f Scale factor for the margins 2.0

λ Value used for penalties 100.0

Table 2 shows the error rates resulting from the incorporation of the mentioned ma-
chine learning models on the classification datasets used. The columns refer to the models
(BFGS, ADAM, NEAT, RBF, GENETIC, PROPOSED), while the rows correspond to the datasets.
From the analysis of the data, it is observed that the PROPOSED model exhibits the lowest error
rates in many datasets, such as “HouseVotes” (3.05%), “Dermatology” (5.97%), and “ZONF_S”
(2.35%). Furthermore, it has the lowest average error rate (19.49%) when a comparison is made
against the other models, indicating overall superior performance. The NEAT model shows the
highest error rates in several cases, such as “Cleveland” (77.55%) and “Segment” (68.97%), while
ADAM and BFGS exhibit high errors in datasets like “Z_F_S” (47.81% and 39.37%, respectively).
However, ADAM has a slightly better average error rate (33.73%) compared to other traditional
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models like BFGS (33.50%) and NEAT (32.77%). The GENETIC model, although competitive in
some datasets like “Hayes–Roth” (56.18%) and “Z_O_N_F_S” (64.81%), has a higher average
error rate (25.68%) compared to RBF (28.54%). RBF, though not the best in terms of accuracy,
demonstrates balanced performance in many cases, with low error rates in datasets such as
“Popfailures” (7.04%) and “HouseVotes” (6.13%). Overall, the PROPOSED model stands out
as the most effective, with the lowest average error rates and exceptional performance across
multiple dataset categories, making it the preferred choice for classification tasks.

Table 2. Experimental results using the incorporated machine learning methods on the classification
datasets. The numbers in cells represent average classification error for the test set.

DATASET BFGS ADAM NEAT RBF GENETIC PROPOSED

Alcohol 41.50% 57.78% 66.80% 49.38% 39.57% 26.24%

Appendicitis 18.00% 16.50% 17.20% 12.23% 18.10% 14.90%

Australian 38.13% 35.65% 31.98% 34.89% 32.21% 31.64%

Balance 8.64% 7.87% 23.14% 33.42% 8.97% 7.80%

Cleveland 77.55% 67.55% 53.44% 67.10% 51.60% 47.51%

Circular 6.08% 19.95% 35.18% 5.98% 5.99% 5.42%

Dermatology 52.92% 26.14% 32.43% 62.34% 30.58% 5.97%

Hayes Roth 37.33% 59.70% 50.15% 64.36% 56.18% 39.28%

Heart 39.44% 38.53% 39.27% 31.20% 28.34% 16.85%

HeartAttack 46.67% 45.55% 32.34% 29.00% 29.03% 23.77%

HouseVotes 7.13% 7.48% 10.89% 6.13% 6.62% 3.05%

Ionosphere 15.29% 16.64% 19.67% 16.22% 15.14% 8.75%

Liverdisorder 42.59% 41.53% 30.67% 30.84% 31.11% 29.53%

Lymography 35.43% 29.26% 33.70% 25.50% 28.42% 17.17%

Mammographic 17.24% 46.25% 22.85% 21.38% 19.88% 16.45%

Parkinsons 27.58% 24.06% 18.56% 17.41% 18.05% 17.46%

Pima 35.59% 34.85% 34.51% 25.78% 32.19% 27.25%

Popfailures 5.24% 5.18% 7.05% 7.04% 5.94% 4.66%

Regions2 36.28% 29.85% 33.23% 38.29% 29.39% 25.88%

Saheart 37.48% 34.04% 34.51% 32.19% 34.86% 31.59%

Segment 68.97% 49.75% 66.72% 59.68% 57.72% 42.43%

Sonar 25.85% 30.33% 34.10% 27.90% 22.40% 19.30%

Spiral 47.99% 48.90% 50.22% 44.87% 48.66% 44.67%

Statheart 39.65% 44.04% 44.36% 31.36% 27.25% 18.90%

Student 7.14% 5.13% 10.20% 5.49% 5.61% 4.33%

Transfusion 25.84% 25.68% 24.87% 26.41% 24.87% 23.60%

Wdbc 29.91% 35.35% 12.88% 7.27% 8.56% 8.69%

Wine 59.71% 29.40% 25.43% 31.41% 19.20% 7.27%

Z_F_S 39.37% 47.81% 38.41% 13.16% 10.73% 5.33%

Z_O_N_F_S 65.67% 78.79% 77.08% 48.70% 64.81% 53.15%

ZO_NF_S 43.04% 47.43% 43.75% 9.02% 21.54% 5.82%

ZONF_S 15.62% 11.99% 5.44% 4.03% 4.36% 2.35%

ZOO 10.70% 14.13% 20.27% 21.93% 9.50% 6.07%

AVERAGE 33.50% 33.73% 32.77% 28.54% 25.68% 19.49%
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Executions were carried out using scripts in the R language, based on the experimental
measurement tables, to determine the significance levels of the experiments using the critical
parameter p. In Figure 3, the significance levels are presented, referring to classification
datasets and comparing the performance of the PROPOSED model with various machine
learning models. The comparisons include the following cases: PROPOSED vs. BFGS with
p = **** (very extremely significant), PROPOSED vs. ADAM with p = ****, PROPOSED
vs. NEAT with p = ****, PROPOSED vs. RBF with p = ****, and PROPOSED vs. GENETIC
with p = ****. The results provide a clear assessment of the statistical significance of the
differences in performance between the PROPOSED model and the other models. The lower
the p-value, the stronger the indication that the observed difference in performance is not
due to random factors but reflects the genuine superiority of the PROPOSED model.

Figure 3. Comprehensive statistical evaluation of the performance of different machine learning
algorithms on benchmark classification datasets.

As an example of a comparison in terms of the drop in error in the control set between
the proposed method and the simple genetic algorithm, consider Figure 4.

As can be seen from the figure above, the proposed method has a lower error in the
control set compared to the simple genetic algorithm and furthermore presents very small
fluctuations in the value of this specific error.
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Figure 4. Example of the execution progress of the genetic algorithm and the proposed method for
the classification problem of Dermatology. The figure outlines the classification error as calculated on
the test set.

Table 3 presents the obtained regression errors from the usage of different machine
learning models on regression datasets. The columns refer to the models (BFGS, ADAM,
NEAT, RBF, GENETIC, PROPOSED), while the rows correspond to the datasets. From the
analysis of the data, it is evident that the PROPOSED model managed to achieve the
lowest average error (5.33). This model exhibits exceptionally low errors in datasets such
as “BL” (0.001), “HO” (0.012), and “Concrete” (0.004). The RBF model ranks second in
performance, with an average error of 9.19 and stands out for its low values in datasets
like “Laser” (0.03) and “PY” (0.012). The GENETIC model, with an average error of
8.1, demonstrates competitive performance in certain datasets like “Plastic” (2.79) and
“Treasury” (2.93) but generally falls short compared to PROPOSED and RBF. The NEAT
model has a higher average error (12.84), though it performs well in datasets such as “Stock”
(12.23). The ADAM and BFGS models exhibit the highest average errors, 19.62 and 26.43,
respectively, indicating less reliable overall performance. However, ADAM performs well
in datasets like “BK” (0.03) and “FY” (0.038), while BFGS achieves good values in specific
datasets like “Airfoil” (0.003). Overall, the PROPOSED model significantly outperforms the
others across most datasets, showcasing the best overall accuracy. RBF and GENETIC are
also reliable in specific cases, while ADAM and BFGS, although less competitive, deliver
good results in certain datasets.

Figure 5 displays the results of statistical significance tests conducted on the regression
datasets, aiming to evaluate the statistical significance of performance differences between
the proposed method (PROPOSED) and other machine learning methods. The p-values
obtained from the statistical tests are extremely low, indicating strongly statistically sig-
nificant differences: for the comparison PROPOSED vs. BFGS, the p-value is ***; for the
comparison PROPOSED vs ADAM, the p-value is ***; for the comparison PROPOSED vs.
NEAT, the p-value is **** for the comparison PROPOSED vs. RBF, the p-value is ***; and for
the comparison PROPOSED vs. GENETIC, the p-value is ***. These findings demonstrate
that the proposed method does not differ randomly from the other methods but exhibits
statistically significant superiority in performance. The presence of three or four asterisks
indicates that the differences are at least highly significant, meaning that the probability of
the observed differences being due to chance is less than 0.1%.
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Figure 5. Detailed statistical assessment of the experimental performance of machine learning
algorithms on a range of regression datasets.

Furthermore, to clarify the effect of the number of generations parameter on the speed
of the method, another experiment was performed, in which the number of generations
was gradually increased from 50 to 400 and the execution times were compared between the
simple genetic algorithm method and the proposed procedure. The results are presented
graphically in Figure 6.

Figure 6. Average execution time and comparison between the original genetic algorithm and the
proposed method.
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Table 3. Experimental results using the incorporated machine learning methods on the regression
datasets. The numbers in cells represent average regression on the test set.

DATASET BFGS ADAM NEAT RBF GENETIC PROPOSED

Abalone 5.69 4.30 9.88 7.37 7.17 4.42

Airfoil 0.003 0.005 0.067 0.27 0.003 0.003

Auto 60.97 70.84 56.06 17.87 12.18 12.10

Baseball 119.63 77.90 100.39 93.02 103.60 79.30

BK 0.28 0.03 0.15 0.02 0.03 0.017

BL 2.55 0.28 0.05 0.013 5.74 0.001

Concrete 0.066 0.078 0.081 0.011 0.0099 0.004

Dee 2.36 0.630 1.512 0.17 1.013 0.21

Housing 97.38 80.20 56.49 57.68 43.26 20.74

Friedman 1.26 22.90 19.35 7.23 1.249 3.569

FA 0.426 0.11 0.19 0.015 0.025 0.011

FY 0.22 0.038 0.08 0.041 0.65 0.038

HO 0.62 0.035 0.169 0.03 2.78 0.012

Laser 0.015 0.03 0.084 0.03 0.59 0.004

MB 0.129 0.06 0.061 2.16 0.051 0.048

Mortgage 8.23 9.24 14.11 1.45 2.41 0.85

NT 0.129 0.12 0.33 8.14 0.006 0.006

PL 0.29 0.117 0.098 2.12 0.28 0.022

Plastic 20.32 11.71 20.77 8.62 2.79 2.20

PY 0.578 0.09 0.075 0.012 0.564 0.016

Quake 0.42 0.06 0.298 0.07 0.12 0.037

SN 0.40 0.026 0.174 0.027 2.95 0.024

Stock 302.43 180.89 12.23 12.23 3.88 3.25

Treasury 9.91 11.16 15.52 2.02 2.93 1.11

AVERAGE 26.43 19.62 12.84 9.19 8.10 5.33

As expected, the time required by the proposed method increases significantly as the
number of generations increases. This is of course because the proposed method consists
of a series of genetic algorithms executed in serial. However, the execution time could be
significantly reduced by using parallel programming techniques, since genetic algorithms
can be parallelized relatively easily.

An additional experiment was performed using a variety of values for the initialization
factor I0 and the regression datasets. The average regression error from this experiment
and for each value of I0 is depicted graphically in Figure 7.

The obtained regression error remains low for lower values of the initialization factor
and increases as this factor obtains higher values. This means that initializing the parame-
ters of the neural network in a value interval with smaller extreme values and a smaller
range gives the artificial neural network better generalization capabilities.

Also, a similar experiment was conducted using different values of the scale factor f
and the utilized regression datasets. The average regression error for this experiment is
outlined graphically in Figure 8.
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Figure 7. Experiments using different values of the initialization factor I0 and the regression datasets used.

Figure 8. The average regression error obtained by the usage of the proposed method on the
regression datasets for a variety of values of the scale factor f .

As it can observed, as the scale factor increases, the average regression error increases
also. The conclusion from this experiment is that the artificial neural network is able to
generalize more efficiently when its parameter values are limited to a smaller range of
values than those identified in the first phase.

Furthermore, in order to assess the contribution of the local optimization method BFGS
to the performance of the proposed method, an additional experiment was performed
where the proposed method was executed without the use of the method BFGS in the final
stage. The experimental results from the above experiment are presented in detail in Table 4
for the classification datasets.

As can be seen from the study of the above results, the local optimization method BFGS
improves the results of the proposed method in some problems, but on average the classifica-
tion error of the proposed method remains low compared to a simple genetic algorithm.
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Table 4. Experimental results using the genetic algorithm, the proposed method without the incor-
poration of the BFGS local search method and the proposed method with the addition of the BFGS
method. The experiments were conducted on the mentioned classification datasets and the numbers
in the cells represent average classification error, for the test set.

DATASET GENETIC PROPOSED (NO BFGS) PROPOSED

Alcohol 39.57% 26.32% 26.24%

Appendicitis 18.10% 16.00% 14.90%

Australian 32.21% 28.09% 31.64%

Balance 8.97% 7.81% 7.80%

Cleveland 51.60% 46.24% 47.51%

Circular 5.99% 5.51% 5.42%

Dermatology 30.58% 8.83% 5.97%

Hayes Roth 56.18% 42.38% 39.28%

Heart 28.34% 18.37% 16.85%

HeartAttack 29.03% 19.50% 23.77%

HouseVotes 6.62% 3.48% 3.05%

Ionosphere 15.14% 10.03% 8.75%

Liverdisorder 31.11% 30.94% 29.53%

Lymography 28.42% 20.79% 17.17%

Mammographic 19.88% 16.59% 16.45%

Parkinsons 18.05% 16.21% 17.46%

Pima 32.19% 31.11% 27.25%

Popfailures 5.94% 4.61% 4.66%

Regions2 29.39% 25.10% 25.88%

Saheart 34.86% 31.20% 31.59%

Segment 57.72% 40.87% 42.43%

Sonar 22.40% 25.55% 19.30%

Spiral 48.66% 46.13% 44.67%

Statheart 27.25% 17.59% 18.90%

Student 5.61% 3.88% 4.33%

Transfusion 24.87% 22.99% 23.60%

Wdbc 8.56% 8.43% 8.69%

Wine 19.20% 6.53% 7.27%

Z_F_S 10.73% 6.73% 5.33%

Z_O_N_F_S 64.81% 49.68% 53.15%

ZO_NF_S 21.54% 7.52% 5.82%

ZONF_S 4.36% 2.28% 2.35%

ZOO 9.50% 13.90% 6.07%

AVERAGE 25.68% 20.04% 19.49%
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3.3. A Practical Example

As a practical example of an application with many patterns, consider the PIRvision
dataset, which was presented in 2023 [93]. This dataset contains data from occupancy
detection. The associated data were collected from a Synchronized Low-Energy Electroni-
cally Chopped Passive Infra-Red sensing node in residential and office environments. The
dataset has 15,302 patterns and each pattern has 59 features. The following methods were
applied to this dataset in the conducted experiments:

1. RBF, which represents the application of the RBF network with 10 processing nodes.
2. BFGS, which stands for the BFGS method, used to train a neural network with H = 10

processing nodes.
3. GENETIC, which represents a genetic algorithm incorporated to train a neural net-

work with H = 10 processing nodes.
4. GEN2GEN, when represents the proposed method.

The results were validated using the ten-fold cross validation method and they are
presented graphically in Figure 9.

Figure 9. Results obtained for the PIRvision dataset, using a variety of methods and the pro-
posed method.

As is evident from the experimental results, the proposed method significantly re-
duces the classification error, especially compared to the simple genetic algorithm and is
around 5%.

4. Conclusions
The proposed method for training artificial neural networks is based on the application

of genetic algorithms in three distinct phases, with the primary objective of efficient training
and minimizing overfitting, a common challenge in modern optimization techniques.
The first phase focuses on identifying an initial interval for the values of the network.
This phase is crucial as it sets the initial positioning of the parameters within a range that
avoids excessively large values, which could limit the model’s generalization capability.
The proposed value range is determined using a genetic algorithm that incorporates a
modified error calculation, penalizing large parameter values. This step reduces the risk of
overfitting to the training data, enhancing the model’s capacity to respond effectively to
unseen data. In the second phase, the method employs an optimized genetic algorithm to
identify the ideal parameter value bounds within the initially defined range. This process
makes the method particularly effective as it focuses on intervals already evaluated as
suitable while incorporating representative samples from the initial value range to assess
accuracy. The use of genetic algorithms allows for gradual and adaptive improvement,
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eliminating local minima, a frequent issue in traditional optimization methods. The third
phase focuses on training the neural network within the optimized parameter bounds.
In this phase, a genetic algorithm to minimize the training error followed by a local
optimization step using the BFGS method are used. This local optimization ensures further
accuracy improvement, fully utilizing the model’s potential. The experiments conducted
demonstrate the clear superiority of the proposed method compared to other established
techniques. For classification datasets, the method achieved significantly lower error
rates compared to techniques like ADAM, BFGS, and NEAT. For example, in datasets
such as Dermatology and HouseVotes, the error rate was nearly halved compared to
alternative methods. Similar results were observed for the regression datasets, where the
method achieved the highest accuracy across nearly all datasets. The lowest average error
achieved highlights its consistent and versatile performance. A notable innovation of the
method is its approach to tackling overfitting. The genetic algorithms enable exploration
across a wide range of values without being constrained to local minima. Simultaneously,
the incorporation of penalties for large parameter values prevents excessive adaptation to
the training data. This is particularly important as overfitting often limits the performance
of artificial neural networks when applied to unseen data. Experiments with varying
initial parameters, such as the initialization factor and the scale factor, provide valuable
insights into model configuration. For instance, smaller initial value ranges contributed to
better generalization, while larger scale factor values led to higher error, emphasizing the
importance of tighter parameter bounds. This indicates that careful parameter selection is
critical for overall performance.

The proposed method paves new paths for the application of genetic algorithms in
the training process of neural networks. Its adaptive nature makes it suitable for a wide
range of applications, from medical diagnosis and forecasting of physical phenomena
to the optimization of industrial processes. Future steps could include its application in
deep learning networks, the integration of hybrid methods combining genetic algorithms
with other optimization techniques, and the use of distributed computing environments to
accelerate training. This approach has the potential to become a benchmark for effective
and reliable training of artificial neural networks.

Although the proposed method demonstrates clear superiority across a wide range
of classification and regression problems, it is important to note that the experiments and
analysis focus primarily on relatively simple neural network architectures. While the au-
thors mention the potential application of the method to deep neural networks and hybrid
approaches, the article does not provide a thorough discussion of the challenges that may
arise when extending the method to such contexts. Deep neural networks, characterized by
their multilayered structure and large number of parameters, introduce significant issues
related to the stability of the evolutionary process, the efficiency of training, and computa-
tional cost. Furthermore, the dynamic interaction between genetic algorithms and other
optimization techniques may require specialized adaptations to ensure both effectiveness
and scalability when applied to more complex or hybrid environments. Including a brief
discussion of these aspects would enhance the completeness of the article, offering a more
nuanced perspective on the strengths and limitations of the proposed approach and helping
to guide future research efforts towards optimizing the method for use in truly deep and
hybrid network architectures.
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