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ABSTRACT

Context. The problem of determining the optimal topology of a neuromodel, which is characterized by a high level of logical
transparency in modeling complex technical systems, is considered. The object of research is the process of applying an indicator
system to simplify and select the topology of neuromodels.

Obijective of the work is to develop and use a system of indicators to determine the level of complexity of the modeling problem
and gradually select the optimal logically transparent topology of the neuromodel.

Method. A method is proposed for selecting an optimal, logically transparent neural network topology for modeling complex
technical systems using a system of corresponding indicators. At the beginning, the method determines the overall level of complex-
ity of the modeling task and, using the obtained estimate, determines the method for further optimization of the neuromodel. Then,
using Task data and input data characteristics, the method allows to obtain the most optimal structure of the neural model for further
modeling of the system. The method reduces trainingvtime and increases the level of logical transparency of neuromodels, which
significantly expands the practical use of such models, without using neuroevolution methods, which may not be justified by re-
source-intensive tasks.

Results. The developed method is implemented and investigated in solving the problem of modeling the dynamics of pitting pro-
cesses of steel alloys. Using the developed method made it possible to reduce the training time of the model by 22%, depending on
the computing resources used. The method also increased the level of logical transparency of the model by reducing the number of
computing nodes by 50%, which also indicates faster and more efficient use of resources.

Conclusions. The conducted experiments confirmed the operability of the proposed mathematical support and allow us to rec-
ommend it for use in practice in the design of topologies of neuromodels for further solving modeling, diagnosis and evaluation prob-
lems. Prospects for further research may consist in the development of methods for structural optimization of previously synthesized
models and the development of new methods for feature selection.

KEYWORDS: complexity assessment, indicator system, modeling, neuromodel, sampling, training, error, gradient.

ABBREVIATIONS
A3C is asynchronous advantage actor-critic
ANN is an artificial neural net;
CAwP is complexity is associated with people; N 0p
OC is organized complexity;
OS is organized simplicity;
RC is random complexity;
RNN is recurrent neural network.

N;j, is a neuron at the network input;

N, is a multiple neurons at the network output;

is a neuron at the network output;

N}, is a multiple neurons of the hidden network layer;
Ny, is a hidden network layer neuron;

NUMgjemtype 1 @ number of element types in the neu-

ral network;
NN is a neural network;

NNgiryct is a structure of neural network;

NOMENCLATURE
Kinput is @ number of element types in the neural net-

work;

. . . | is a number of neurons at the network input;
Keorry 1s @ number of independent variables that pub

LeVaccmeas 1S @ measurement accuracy level;

strongly correlate with the original features; . . .
Kimp 1s a number of the most significant independent LeVieyr is a level of significant and less significant

variables among factors; and/or non-significant factors;

Kntcorrx 1S a number of independent variables that
are weakly dependent on others or do not correlate with
each other;

n is a number of input features that characterize sam-
ple instances;

N; is a multiple neurons at the network input;
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LeVmanag 1s a level of possible control and manage-

ment;
Levi,gi 1s a conditional difficulty level of the task;

LeVgmpifetn is @ level of possible simplification of the

structure;
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m 1is a number of dependent (categorical) features of
sample instances;
p is a number of neurons at the network output;

q is a number of connections between neurons in the

network;
r is number of neurons in the hidden network layer;

Sample is a data set;
w is a multiple of connections between neurons;

w, is a connection between neurons in the network;

q

x,, is a independent attribute of the sample instance;

n
X is a set of independent attribute (variables);
Y, 1s a value of the dependent variable (attribute) of

the sample instance;
Y is a set of values of dependent variables.

INTRODUCTION

Usually, it can be concluded that ANN can developed
hidden knowledge from data: forecasting, classification, pat-
tern recognition skills, etc. are formed, but its logical struc-
ture usually remains hidden from the user [1-3]. The prob-
lem of manifestation (contrast) of this hidden logical struc-
ture is solved by reducing neural networks to a special logi-
cally transparent sparse form.

When designing an ANN the main questions usually
arise [1]:

1) determine the set of neurons (Nz{Ni,NO,Nh},

where N; = {Nil,Ni25-~ N; },

- Vg,

NO: 015N02’”.’N0p; Nh:{Nhl,thﬂ'“’Nhr}’

1=12,[Ni|, p=12,..[No|, r=12,.[Ny|) required
to solve the problem;
2) determine the structure NN, (topology, number

of layers, etc.) of the ANN.

Usually, after this or even at the testing stage, a third
task/question arises: how to make the work of the ANN un-
derstandable to the user (logically transparent) and what ben-
efits such an understanding can bring [4].

When solving the first question, the researcher is faced
with two opposite points of view [5, 6]. One of them claims
that the more neurons you use, the more reliable the network
will be. Proponents of this position cite the example of the
human brain. Indeed, the more neurons there are, the greater
the number of connections between them, and the more
complex tasks a neural network can solve. In addition, if you
use a deliberately larger number of neurons than is necessary
to solve the problem, then the neural network will definitely
train. If you start with a small number of neurons, the net-
work may not be able to train how to solve the problem, and
the whole process will have to be repeated first with a large
number of neurons. This point of view is popular among
neural network software developers and is confirmed by a
number of criteria [4—6].

The second point of view is based on an empirical rule:
the more configurable parameters, the worse the approxima-
tion of the function in those areas where its values were pre-
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viously unknown [4—6]. From a mathematical point of view,
the tasks of training neural networks are reduced to continu-
ing the function of a given finite number of points for the
entire domain of definition. The second approach defines the
required number of neurons as the minimum required. The
main disadvantage is that this minimum required number is
unknown in advance, and the procedure for determining it by
gradually increasing the number of neurons is very time-
consuming [5]. Based on the experience of various groups in
the field of medical diagnostics, space navigation and psy-
chology, it can be noted that all these tasks never required
more than a few dozen neurons.

In the end, a network with a minimum number of neu-
rons should better approximate the function, but determining
this minimum number of neurons requires a lot of intellec-
tual costs and experiments on network training. If the num-
ber of neurons is excessive, then you can get the result on the
first attempt, but there is a risk of building a poor approxima-
tion. And as a specific methodology, you can use the ap-
proach: double the number of neurons in the network after
each failed learning attempt.

An alternative approach is the use of neuroevolution
methods [7-9]. When the ANN population is formed at the
beginning. And then, in the course of using evolutionary
operators (mutation, selection, crossover), the best solutions
are obtained. In the form of big data with a large number of
hidden relationships or incomplete data (or with the approach
of teaching without a teacher), such methods and approaches
show good results (high level of accuracy of work, choice of
the optimal structure of the ANN). However, for not very
complex tasks, such methods may not become justifiably
resource-intensive, because they will work with populations
of ANNSs and constantly evaluate them [8]. However, there is
a more reliable way to estimate the minimum number of
neurons: using the contrast procedure [10]. In addition, the
contrast procedure allow to answer the second question:
what should be the network structure.

Therefore, using this example, we can conclude that at
the beginning it is still necessary to more accurately assess
the complexity of the problem in order to determine the
strategy for finding the optimal structure of the neuromodel
in the next one.

In this case, the term optimal structure of the ANN will
be understood as the highest possible level of logical trans-
parency of the ANN [1]. So, one of the main disadvantages
of neural networks, from the point of view of many users, is
that the ANN solves the problem, but cannot provide an ex-
planation of exactly how the answer was received. In other
words, you can’t extract an algorithm for solving the prob-
lem from a trained network. In the case of using simple feed-
forward ANN with a fixed and small number of neurons in
the hidden layer, this can still be studied. However, for more
complex topologies, we recommend using special method-
ologies, such as the contrast procedure.

That is why the scientific and applied task of developing
new methods for assessing the complexity of the problem
and then selecting the optimal structure of the ANN as a
neuromodel in solving applied problems, such as modeling,
classification and evaluation, is relevant.
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The object of study is the process of using an indicator
system to select the topology of a neuromodel.

Existing methodologies are general recommendations
and do not have a solid mathematical basis for defining clear
rules.

The subject of study is a system of criteria for determin-
ing the optimal structure of a neuromodel.

To date there are methods of neuroevolutionary synthesis
of ANN, but they are quite resource-intensive, which may
not be justified for simpler practical tasks. Therefore, the
paper proposes a new approach based on presenting informa-
tion about the task and evaluating input data.

The purpose of the work is to develop and use a system
of indicators to determine the level of complexity of the
modeling problem and gradually select the optimal logically
transparent topology of the neuromodel.

1 PROBLEM STATEMENT
Let it be a problem which can be characterized by a
conditional level of complexity ( Lev,, ). The difficulty

level is a specific integral estimate consisting of several
characteristics:

—the sample Samplez(X Y > of input data, where
X ={x,x,,..x,} is the set of independent variables-

features, and Y = {yl,yz,...ym} is the set of values of de-

pendent variables, and-the number of input features that
characterize sample instances;

— Levg,em 18 the level of possible simplification of
the structure (for example, the amount of input data);
— Lev, s a total number of significant and less sig-

nificant and/or non-significant factors;

— Lev,..meas 15 @ level of measurement accuracy;
— Lev,4nqg 18 the level of possible control and man-
agement.

Based on this the problem can be present as follows:
for the synthesis of ANN ( NN ), it is necessary to define

a set of neurons N = {Nl., N,,N h} consisting of subsets of
N, =N, Ny N 1= 12,00 [N

ip 2o

N, = {NUI,N,,2 ,...,an ;p = 1,2,...,|N0|, hidden neurons

input output

Ny =AN), Np s Ny fr=12,0|N,| and a set of
weights of connections between neurons w = {wq}. Hav-

ing determined the values of the elements of sets, we can
consider the synthesis of ANN is complete.

To do this, it will be used an estimate of the complex-
ity of the problem, after receiving which we will solve
how we will design the ANN topology NN in the

struct
future. If the problem can be classified as OS by its level
of complexity, then using the feature selection, we will
get the most informative ones and using the study of input
data, it will be indicated the required number of neurons
in the hidden layer of  the network
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Ny = ANy, Njy oo Ny b= 12,00 [N After that, it will
be possible to perform neuromodel training.

2 REVIEW OF THE LITERATURE

Complexity is a characteristic that reflects the extent
to which the project or implementation of a system or
element is difficult to understand and verify
(ISO/IEC/IEEE 24765).

A complex system is a system consisting of many in-
teracting components (subsystems), as a result of which a
complex system acquires new properties that are absent at
the subsystem level and cannot be reduced to the proper-
ties of the subsystem level.

The complexity of a system is determined by the
number of its constituent elements and possible connec-
tions between them. The degree of complexity is meas-
ured by the variety of the system. Diversity characterizes
the number of possible states of the system.

According to the work of Peter M. Senge [11], system
complexity exists in two main forms.

Complexity of granularity (structural complexity) oc-
curs as a result of a large number of systems, system ele-
ments, and established relationships in any of the two
main topologies (hierarchy or network). This complexity
is related to the systems as they are; namely, their static
existence.

Dynamic complexity (behavioral complexity) is re-
lated to the relationships that arise between ready-made,
functioning systems in the course of their operation, that
is, between expected and even unexpected behavior that
actually occurs.

Weaver [12] formulated the initial point of view, iden-
tifying the following categories of complexity: organized
simplicity, organized complexity, random complexity.
These categories and later reflections, in particular Flood
and Carson [13] and the author of the book, give grounds
for using the following classification of complexity.

OS occurs when there are a small number of essential
factors and a large number of less significant and/or non-
essential factors. At first, the situation may seem compli-
cated, but after studying it, less significant and insignifi-
cant factors can be excluded from the picture and hidden
simplicity can be discovered [12, 13].

OC prevails in such physical and abstract systems, the
structure of which is organized in such a way as to be un-
derstandable, and therefore pliable to scientists in describ-
ing complex behavior and structuring the process of creat-
ing complex systems and managing their life cycles. This is
a wealth that should not be oversimplified [12, 13].

RC occurs when there are many variables that exhibit
random, random behavior to a high degree. It can also be
the result of a lack of necessary control over the structure
of complex heterogeneous systems due to inadequate ar-
chitecture management during the system lifecycle
(creeping complexity) [12, 13].

CAwP occurs where the perception of any system
causes a sense of complexity. In this context, people be-
come systems of observation. This category also can be
linked to systems in which people are elements and can
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contribute significantly to organized simplicity, organized
complexity, and disorderly complexity. Reasonable or un-
reasonable behavior of individuals in specific situations is
naturally a significant factor in relation to complexity [12,
13].

3 MATERIALS AND METHODS

As already reported, it will be used the difficulty as-
sessment of the task at the beginning for future work. So,
based on the estimate, it will be determined which of the 4
types of Weaver [12, 13] classification the task belongs
to. The main distribution is shown in Fig. 1. This is how
the input data of the problem is studied at the beginning:
the larger the sample size of the input data, the higher the
score will be, because such tasks require either more
complex operations for preprocessing input data (data
reduction, feature selection, etc.), or more complex to-
pologies of the ANN to encode all the features and track
their relationship.

Next, it will defined the level of possible simplifica-

tion of the structure (Levg,s.n, ). Usually it will be

talked about the general possibility of deleting small in-

formation input data. So, Levg,,,/.,, =—1 if the number

of input features is not large (by default, it is suggested up
to 200, but it is possible to increase/decrease due to the
technical resources used) and simplification is not possi-

ble, Levgpiprn =0 if the number is large (from 200 to

1000), but it is possible to reduce them, and
Levgupifern =1 if the number is large and the reduction is

not possible (when working online) or too resource-
intensive.

The study of the total number of significant and less
significant and/or non-significant factors requires pre-
liminary factor analysis [14—18]. In view of the simplifi-
cation of this stage, it is proposed to perform the usual
factor analysis using the principal component method. So,
Lev ;. = =1 if the factor analysis did not show a large

number of significant factors; Lev ., =0 if the number

of significant factors is not large, but there are a certain
number of less significant factors, or during the factor
analysis there were correlation matrices that were poorly
determined (their determinant was 0); and Levy, =1 if

the factor analysis showed a large number of significant
factors and/or a large number of less significant ones.

During determining the level of measurement accu-
racy it will be guided by two main cases:

— Lev,.cmeqs =1 if the measurements are related to

the human factor, then people (or human sensory systems)
become observation systems;

— Lev,cemeqs =0 if measurements are made using
special sensors (sensor systems).

The level of possible control and management can al-
so show only two states, so:

© Leoshchenko S., Subbotin S., Oliinyk A., Narivs’kiy O., 2021
DOI 10.15588/1607-3274-2021-1-12

120

— Levyneg =1 if the system exhibits highly random,

disorderly behavior, or this behavior is the result of a lack
of necessary control over the structure of complex hetero-
geneous systems;

— Ley =0 if the system was under control (hu-

man or automated) and even if certain signs (e.g. deformi-
ties) were under control.

It should be noted that this paper will provide mecha-
nisms exclusively for the first category: OS [12, 13]. After
all, it should be noted that if a system, for example, after
evaluating a problem, its complexity is determined as an
OC, then at the beginning it is recommended to synthesize
a neuromodel (for example, using neural network meth-
ods), and only then carry out structural optimization, if
necessary. This is explained by the fact that in this case it is
not possible to select information features according to the
problem conditions, but it is possible to simplify and ex-
clude links in the model. If the score is defined as CAwP,
then it is recommended to check the truth of the input data
before selecting information features. In the form of RC, it
is recommended to use a special class of neural network
methods for the synthesis of neuromodels, namely swarm
intelligence methods, or use the RNN topology with the
A3C method to train it [19, 20]. This approach will allow
for much better data processing, because swarm intelli-
gence methods do not have the disadvantages of most neu-
roevolutionary methods and emulate the behavior of inde-
pendent agents [7—9], and RNN allows you to encode most
hidden relationships in its structure.

Therefore, if the task was evaluated by the OS, we
will proceed to the second stage. First, you need to deter-
mine the number of element types in the neural network.
In our case Num =3, by default, because it is as-

manag

elemtype

sumed that only input, hidden and output neurons are
used. Next, you need to determine the number of inde-
pendent variables that strongly correlate with the original
features K,y . Additionally, the number of independent

variables that are weakly dependent on others or do not
correlate with each other is determined K ,;.,,.x . Addi-

tionally, information about the number of the most sig-
nificant independent variables among the factors is pulled
up from the previous stage K,,,. After that, the number

of neurons in the hidden layer can be determined by the
formula:

|Nh| = Kinput - KcorrY _Kimp — BntcorrX - (1)
4 EXPERIMENTS

To research the developed method, it will be used the
problem of modeling the dynamics of pitting processes of
steel alloys [16, 17]. Pitting (spot) corrosion is a type of
corrosion destruction to which only passive metals and
alloys are subjected. Pitting corrosion is observed in
nickel, zirconium, chromium — nickel, chromium, alumi-
num alloys, etc. during pitting corrosion, only certain ar-
eas of the surface are destroyed, on which deep lesions
are formed-pitting (point ulcers). AISI 304 steel is used in
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many areas, for example, in the manufacture of prefabri-
cated and welded metal structures, components of pipe
fittings, as well as household equipment: balcony and
staircase fences, kitchen equipment, automobile exhaust
systems [21, 22]. Such structural materials have high cor-
rosion resistance in many aggressive environments, but
can be subjected to pitting corrosion in solutions contain-
ing chloride (C;). That is why it is an urgent task to

build models of the dependence of pitting formation on
the characteristics of the steel used and reversible solu-
tions. A promising basis for such models is the ANN, due
to their ability to learn from experimental data, generalize
data, and extract knowledge from data [1-3]. ANNs can
be used to build models of dependencies based on obser-
vations in the absence of uncertainty of dependencies in
the data. Table 1 shows a fragment of the input data.

The data sample consisted of 50 point observations
characterized by the values of input features: x; is pH

(medium characteristic, dimensionless); x, is Cg;, mg/l
V.., Vol.

OK

(chloride concentration in the medium); x; is
% (volume of oxides in steel); x, is the amount of oxides

up to 1.98 microns in size per 100 visual obstacles of an
optical microscope (%320 ) in steel; x5 is the amount of

oxides ranging in size from 1.98 microns to 3.95 per 100
visual interference of an optical microscope (x320) in

steel; x¢ is L, , microns (average distance between ox-
ides in steel); x; is d;, microns (average diameter of
austenite grain in steel); xg is P, , Vol. % (volume-ferrite
in steel); x, is C the mass percentages (carbon content in
Steel); x;, is Mn, % (manganese content in steel); x;; is

Si, % (silicon content in Steel); x, is Cr, % (chromium

content in steel); x;;3 is Vi, % (nickel content in steel);
X14 1s N, % (nitrogen content in steel); x;5 — Ti, % (tita-
nium content in Steel); x4 is S, % (sulfur content in
steel); x;; is P, % (phosphorus content in steel); x;g is
X,, m’/kg (specific magnetic susceptibility of austenite).
Dependent variables: y, is ACr, mg (10°°) the chro-
mium losses from steel after its exposure in solution; y,
is AFe, mg (10°) the iron losses from steel after its ex-
posure in solution; y; is ANi, mg (10°°) the nickel losses
from steel after its exposure in solution; y, = ZCr ; ys if
ZCr <1, then steel in solution with such parameters
(signs x;, x,) is subjected to pitting corrosion with the

formation of stable pitting, otherwise, steel in solution
with such parameters (signs x;, x,) is subjected to pit-

ting corrosion with the formation of metastable pitting;
V¢ = ZNi ; y; if ZNi <1, then pittings grow intensively,
otherwise, pittings do not increase in size intensively.

5 RESULTS

The results of factor analysis are demonstrated at the
table 2. This results will be used for evaluate the level of
task and for calculations of number hidden neurons.

Pairwise correlation coefficients of input features are
demonstrated at table 3 and will be used in future calcula-
tions of number hidden neurons.

Pairwise correlation coefficients of input and output
features are demonstrated at table 4 and will be used in
future calculations of number hidden neurons.

Table 5 demonstrate the comparison of neuromodel
learning outcomes.
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Table 1 — General information about data set
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X1 X X3 X18 i 2 3 7
4 300 0,0199 2,27 0,01421 0,18776 0,01620 0
4 300 0,0216 2,27 0,01109 0,63335 0,01337 0
5 300 0,0199 2,27 0,00275 0,00296 0,01479 1
5 300 0,0216 2,27 0,00379 0,00275 0,01400 1
8 600 0,0216 2,27 0,00412 0,02114 0,03708 1
Table 2 — Results of factor analysis
X Factor 1 Factor Ne2 Factor Ne3
X —0.000000 —0.000000 —0.894181
X2 0.000000 0.000000 —0.447706
X3 —0.989883 0.031646 —0.000000
X4 0.677879 —0.644594 0.000000
Xs —0.980149 0.158833 0.000000
Xo 0.817799 0.493587 —0.000000
X7 0.837964 —0.210144 —0.000000
Xg 0.533363 0.743210 0.000000
Table 3 — Pairwise correlation coefficients of input features
r X1 X2 X3 X4 Xs X6 X7 Xg X9 X10 X11 X12 X13 X14 X16 X17 X18
X 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
X2 0.00 | 1.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
X3 0.00 | 0.00 | 1.00 | —0.68 | 0.99 | —-0.83 | —0.80 | 0.94 | -0.46 | 0.15 | -0.06 | 0.32 | -0.13 | -0.49 | -0.16 | 0.25 | 0.89
X4 0.00 | 0.00 [ -0.68 | 1.00 | -0.78 | 0.18 | 0.59 | -0.79 | 0.00 | —0.39 | —-0.49 | —0.86 | 0.58 | —0.09 | —0.40 | 0.31 | —0.62
Xs 0.00 | 0.00 | 099 [ -0.78 | 1.00 | —0.75 ] -0.80 | 0.96 | -0.39 | 0.20 | 0.04 | 0.44 | -0.23 | —0.40 | —0.05 | 0.15 | 0.89
X6 0.00 | 0.00 [ -0.83 | 0.18 | -0.75] 1.00 | 0.54 | -0.71 | 0.69 | —0.02 | 032 | 0.17 | -0.16 | 0.82 | 0.61 [ —0.65 | —0.73
X7 0.00 | 0.00 [ -0.80| 0.59 | -0.80 | 0.54 | 1.00 | —0.61 | 0.28 | —0.08 | 0.18 | —0.31] 0.13 | 0.13 | -0.34 | —0.03 | —0.60
Xg 0.00 | 0.00 | 094 | -0.79]| 096 | -0.71 | -0.61 | 1.00 | -0.30 | 0.16 | 0.11 | 0.44 | -0.20 | —=0.40 | —0.19 | 0.10 | 0.93
X9 0.00 | 0.00 [ -0.46 | 0.00 | -0.39 ] 0.69 | 0.28 | 030 | 1.00 | —0.61 | —0.18 | —-0.03 | 0.35 | 0.92 | 048 | —0.94 | 0.11
X10 0.00 | 0.00 | 0.15 | -0.39 | 0.20 | —0.02 | -0.08 | 0.16 | -0.61 | 1.00 | 0.87 | 0.70 | —-0.95 | -0.38 | 0.12 | 042 | —0.20
X1 0.00 | 0.00 [ 0.06 | 0.49| 0.04 | 032 | 0.18 | 0.11 [-0.18 | 0.87 | 1.00 | 0.83 | -0.93 | -0.01 | 0.26 | 0.01 | -0.23
X12 0.00 | 0.00 | 032 | 0.86| 0.44 | 0.17 | 031 | 044 | —0.03 | 0.70 | 0.83 | 1.00 | —0.88 | 0.17 | 0.54 | -0.26 | 0.17
X13 0.00 | 0.00 | -0.13 | 0.58 | -0.23 | -0.16 | 0.13 | -0.20 | 0.35 | -0.95|-0.93 | -0.88 | 1.00 | 0.09 | -0.38 | -0.11 | 0.16
X1a 0.00 | 0.00 [ -0.49 | —0.09 | -0.40 | 0.82 | 0.13 | 040 | 0.92 | —0.38 | —0.01 | 0.17 | 0.09 | 1.00 | 0.77 | -0.94 | —0.28
X16 0.00 | 0.00 | -0.16 | -0.40 | —0.05 ] 0.61 | -0.34 | —0.19 | 048 | 0.12 | 0.26 | 0.54 | -0.38 | 0.77 | 1.00 | —0.68 | -0.24
X17 0.00 | 0.00 | 0.25 | 0.31 0.15 | -0.65 | -0.03 | 0.10 [ -0.94 | 0.42 | 0.01 | -0.26 | -0.11 | —0.94 | —0.68 | 1.00 | —0.02
Xis 0.00 | 0.00 | 0.89 | -0.62 | 0.89 | -0.73 ] -0.60 | 0.93 | —0.11 | -0.20 | -0.23 | 0.17 | 0.16 | —0.28 | —0.24 | —0.02 | 1.00
Table 4 — Pairwise correlation coefficients of input and output features
r b4l V2 V3 V4 Vs Ve 7
X —0.0240 —0.3045 0.0292 0.1242 0.1260 0.1317 0.1132
X —0.3102 —0.2726 0.1651 —0.2519 —0.3563 —0.2464 —0.1601
X 0.1198 0.0172 0.2271 0.2153 0.0417 —0.0259 0.1020
Xa 0.0757 0.0193 —0.0486 —-0.1540 0.0086 0.1167 -0.0194
Xs 0.0862 0.0104 0.2032 0.2145 0.0337 —0.0461 0.0909
X6 -0.2262 —0.0467 -0.2617 -0.1657 -0.0708 —0.0532 -0.1225
X7 —0.1016 —0.0253 —0.1831 —0.2068 0.0060 —0.0075 —0.0460
Xs 0.0404 -0.0113 0.1788 0.1881 0.0445 —0.0828 0.1013
Xo -0.3200 —-0.1464 -0.1721 —0.0998 —0.0484 —0.1651 —-0.0282
Xio 0.1397 0.1280 -0.0134 0.0441 —-0.0052 0.0852 —-0.0676
Xi —0.0254 0.0618 -0.1145 -0.0126 -0.0192 -0.0108 —0.0820
Xi2 -0.0717 0.0230 —0.0507 0.0833 —0.0306 -0.0713 —0.0511
X13 —0.0442 —0.0918 0.0562 —0.0462 0.0249 —-0.0267 0.0806
Xia -0.2920 —-0.1089 -0.1929 —0.0861 -0.0731 -0.1287 -0.0718
Xi6 —-0.1545 -0.0229 -0.1222 0.0133 —-0.0840 —-0.0535 —0.0961
X17 0.3191 0.1352 0.1549 0.0456 0.0576 0.1793 0.0345
X1s 0.0025 —0.0547 0.1910 0.1750 0.0472 —0.1046 0.1274
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Table 5 — Comparison of neuromodel learning outcomes

Target ANumber of Training Average Independent ‘Number of Training Average
. hidden neurons . . hidden neurons .

variable Time, s error variables used Time, s error
Vi 8 4.2400 0.00336 X2. Xo 4 3.2190 0.00165
V2 8 5.6440 0.00686 X1. X2. Xo. X8 4 4.3480 0.00639
V3 8 4.3280 0.00641 X1. X. Xg. X9. X13 4 3.3090 0.00181
V4 8 5.5470 0.00344 X1. Xp. Xo. Xi8 4 4.9320 0.16357
Vs 8 4.4030 0.00316 X1. X. Xo. X13 4 3.3320 0.00191
Ve 8 7.8150 0.72003 X1. X2. Xo. X13 4 4.9700 0.84592
V7 8 4.4480 0.00501 X1. X. Xo. X13 4 4.3400 0.00357

6 DISCUSSION itis x; —x,; for Factor 2 it is x,,x, ; for Factor 3 it is x;,

Let’s analyze the input data and sample it. So,
Levgpifeim =0 because the number of input attributes is

not large and it is possible to reduce them.
In our case Levy, =0, due to the fact that during the

factor analysis there were correlation matrices that were
poorly determined (their determinant was 0). Factor loads
are shown in table 2.

Under the conditions of the problem, measurements
were made using special sensors, S0 LeV,..yeqs =0 . And

Lev =0 because the experimental system was al-

manag

ways under supervision and control.

In table 3 shows the coefficients of paired correlation
of input features with each other. It should be noted that
x5 does not correlate at all.

From the results of table 3, we can conclude that the
signs x;, x, and x5, ta do not depend on other signs,

and all other signs are strongly related.

Table 4 shows the pairwise correlation coefficients be-
tween input and output features. It should be noted that
X5 does not correlate at all.

From the results of table 4, it can be concluded that
the most individually significant for the initial features are
the following: x;, x, and xg.

So we get the coefficients K .,.,y=3, K icomy=3,

K;,,, =8 . The result is the most optimal number of hid-

imp
den neurons |N h| =4.

It will be tested and compared the average error values
for the complete data and for the data after feature selec-
tion and with the optimal number of hidden neurons in the
hidden layer defined by (1). The comparison results are
shown in Table 5. The Forward—Backward greedy algo-
rithm was used to select features [23].

Based on the results of the initial analysis, the task
was assigned to the OS group. After all, the input sample
was not excessive, and the risks of human influence were
excluded. The only significant complicating factor is the
poorly conditioned correlation matrices (their determinant
was 0), which was confirmed by factor analysis.

Therefore, at the beginning , neuromodel training was
tested using all input data, and since the results of factor
analysis revealed 8 most significant variables: for Factor 1

© Leoshchenko S., Subbotin S., Oliinyk A., Narivs’kiy O., 2021
DOI 10.15588/1607-3274-2021-1-12

then at the beginning |N h| =8.

Analyzing the initial results, it should be noted that
there is a fairly large difference between the training time
of the model: from 4.24 to 7.82. at the same time, the size
of the average error was quite acceptable and ranged from
0.00316 to 0.72003.

The results obtained on the data after reduction
showed that the accuracy in some cases (for y;, ¥,, »3,

ys and y,) improved, and the time was significantly

reduced, moreover, the time distribution between training
iterations was distributed more evenly. However, for a
number of cases ( V4, Vg ), the accuracy of the model has

decreased. This may be due to a slight influence of the
eliminated features, which may be of a group nature.
Therefore, we can conclude that to feature selection in
this case, we should use methods that can select not only
individual features, but also groups of features [24, 25].

CONCLUSIONS

The urgent scientific and applied problem of determin-
ing the optimal and logically transparent structure of a
neuromodel is solved.

The scientific novelty lies in the fact that a method
has been developed for selecting the optimal, logically
transparent topology of a neural network for modeling
complex technical systems using a system of correspond-
ing indicators. Using the problem complexity assessment
and a system of indicators, the method allows you to de-
termine the most optimal and logically transparent struc-
ture of the neural network.

The practical significance lies in the fact that the de-
veloped method allows you to use clear mechanisms to
increase the level of logical transparency of the model
based on a comprehensive assessment of the problem.
When testing the method, the learning time of neuromod-
els was accelerated by an average of 22%. Therefore, the
results of experiments indicate a real simplification of the
structure and more rational use of computing resources.

Prospects for further research are the development
of methods for structural optimization of pre-synthesized
neuromodels in the case of complexity of the OC type
problem and the use of feature selection methods that
would allow taking into account group information con-
tent.
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AHOTALIA

AKTyanbHicTh. Po3risiHyTO 32124y BU3HAYCHHS ONTHMAIBHOI TOIOJIOTIT HEHPOMO/IE, 10 BiAPI3HIETHCS BUCOKMM PiBHEM JIO-
TiYHOI MPO30POCTi MPHU MOJAENIOBaHHI CKIAIHUX TeXHIYHHUX chcTeM. O0’€KTOM IOCTIHKEHHS € MPOLEC 3aCTOCYBAHHS 1HIUKATOPHOI
CHCTEMH IS CIIPOILEHHS Ta BUOOPY TOMOJIOTIi HeHPOMOAEi.

Meta po6oTH nosrae y po3poOiii Ta BUKOPHCTAHHI CUCTEMH 1HIUKATOPIB Ul BU3HAYCHHS PIBHIO CKJIAIHOCTI 33249l MOJIEIIO-
BaHHS Ta IIOCTYIIOBOMY Mi0OPi ONTHMAIBHOI JIOTTYHO MPO30POI TOIMOIOTIT HeHPOMOIeIti.

MeTona. 3anpornoHoBaHO METOJ I MiA00PY ONTHMAJBHOI, JOTIYHO IIPO30POi TOMOJIOTIT HEHPOHHOT MEPEkKi ISl MOJCITIOBAHHS
CKJIQIHUX TEXHIYHUX CHCTEM 3 BUKOPHCTAHHSIM CHCTEMH BiIIOBIAHUX iHAuKaTOpiB. Ha mouaTky mMeTos BU3HAYae 3arajbHUN piBEHb
CKJIQJIHOCTI 3aa4i MOJCIOBAHHS Ta BUKOPHUCTOBYIOYM OTPUMaHy OL[HKY BH3HA4a€ CIoOCi0 mojanbInoi onTuMizauii HeHpoMozei.
IToTiM BHKOPHCTOBYIOYHM JlaHi IPO 3aJady Ta XapaKTEPUCTHUKM BXIJHUX JaHUX METOJ JO03BOJISE OTPHUMATH HAHOLIbLI ONTUMANIbHY
CTPYKTYpY HEHPOHHOI MOZEIi 11 MOAAIBIIOr0 MOJICIIOBAHHS CUCTEMH. METOoI 103BOJISIE CKOPOTHTH Yac HABYAHHS Ta MiJBUIIUTH
PiBEHB JIOTIYHOI MPO30POCTi HEHMPOMOZET, 10 3HAYHO PO3MIMPIOE MPAKTUYHE BUKOPHCTAHHS TaKUX MoJeleil, 63 BUKOPUCTAaHHA
HEHPOEBOMIOMIMHIX METOIB, II0 MOKYTh OyTH HE BHIIPABJAHO PECYPCOEMHUMH IPH PSIi 3a/1a4.

PesyabTaTu. Po3pobienuii MeTol peanizoBaHO Ta JOCTIHKEHO IPH BUPINICHHI 33aJadi MOJCIIOBAHHS JWHAMIKA IITTIHTOBUX
IIPOLECiB CTAJBHUX CIDIABIB. BHKOpHCTaHHS pO3p0o0IEHOr0 METOLY JTO3BOJIHMIO CKOPOTHTH Yac HaBYAaHHS Mozeni Ha 22%, B 3aex-
HOCTI BiJl BUKOPHUCTOBYBAaHHX OOUMCIIOBAIBEHHUX pecypciB. Takox METOA J03BOJIMIIO MiIBHIIMTH PiBEHb JOTIYHOI IIPO30POCTI MOJENi
CKOPOTHUBIIU KUTBKICTh O0YHCITIOBATLHUX BY3JiB Ha 50%, 1110 TaK0X CBIAYHTH PO MPUCKOPEHHS Ta OLIBII palliOHATLHE BUKOPHUC-
TaHHSI PEeCypCiB.

BucnoBku. IIpoBeneHi eKClIepUMEHTH MiATBEPIMIN NPALE3JaTHICTh 3alIPOIOHOBAHOTO MAaTEMAaTUYHOTO 3a0e3MedeHHs 1 103B0-
JISIIOTh PEKOMEH/IyBaTH HOTro Ul BUKOPHCTAHHS Ha MPAKTHILI HPH MPOEKTYBaHHI TOIOJOTIH HefipomMoene Ui MoJajbIIoro BUpi-
LICHHS 33124 MOJICIIOBAHHS, JIarHOCTYBaHHS Ta OLiHIOBaHHA. [lepCieKTHBY MOAANBIINX TOCTIHKEHb MOXKYTh MOJISATAaTH B PO3pOOIIi
METOJIiB CTPYKTYpPHOI ONTHMIi3amii IIomepeHb0 CHHTE30BaHUX MOJIeNeil Ta po3po0Li HOBUX METOAIB BiOOpy iH(pOpMaLiiiHUX 03HAK.

KJIFOYOBI CJIOBA: omiHKa CKJIQJHOCTI, CHCTEMa 1HJMKATOPiB, MOJCIIOBAHHS, HEHPOMOJIETb, BUOIpKa, HABYAHHS, TIOMHJIKA,
Ipai€HT.
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AHHOTALUA

AKTyaJbHOCTBb. PaccMOTpeHa 3afaya onpezesieHusl ONTHUMalIbHONW TONOJOIMK HeHpoMojeliell, KOTopas OTJIMYAeTCsl BBICOKUM
YPOBHEM JIOTHYECKO¥ MPO3PavyHOCTH MPU MOJICTUPOBAHUH CJIOKHBIX TEXHHYECKHX cucTeM. OOBEKTOM HCCIIeIOBAHNUS SIBISIETCS MPO-
LecC MPUMEHEHUs HHMKATOPHOM CHCTEMBI [UIS YIIPOLIEHHs U BEIOOpA TOMONIOTHU HEHPOMOJIEIH.

Henr padoThl 3aKm0vacTcst B pa3paboTKe M HCHONB30BAaHUH CHCTEMBI MHIUKATOPOB AT ONPEIEICHHUs YPOBHS CIOXKHOCTH 3a-
JIa49d MOJEIMPOBAHUS W IOCTEIICHHOM NMOAOOPE ONTUMAaIBHON JIOTHYECKH MTPO3PAYHON TONOIOTHH HEHPOMOETIEH.

Meton. [Ipeanoxen Meton st mogd0pa ONTUMAIBEHOH, IOTHYHO MPO3PAYHOI TOMOIOTHH HEHPOHHOM CEeTH [T MOJCTHPOBAHUS
CIIOKHBIX TEXHHYIECKHUX CHCTEM C MCHOJIB30BaHUEM CHCTEMBI COOTBETCTBYIOIINX MHIWKATOPOB. B Hauane MeTox onpenenser oommit
YPOBEHB CIIOKHOCTH 3aJaddl MOJCIMPOBAHMS WM HCIIOJIB3YS IOJYYEHHYIO OLEHKY ONpEeAeNsieT CHOCO0 NalubHEHIIeH ONTHMM3AINu
HelipoMojienield. 3aTeM HCHONB3ysl JaHHBIE O 3a/ade M XapaKTEePHCTHKH BXOMHBIX JAHHBIX METOJ IO3BOJIIET MOJNYYHTh Hauboiee
ONTUMAJIHYIO CTPYKTYpY HEHpOHHON MoJeNu Ul JalbHEHIIero MOJEIMPOBaHHUsS CUCTEMbl. METOA MO3BOJSET COKPAaTUTh BpeMs
00y4eHHS U MOBBICUTH YPOBEHb JIOTHYECKOHN MPO3PaYHOCTH HEHPOMOMENH, YTO 3HAYUTEIBHO PACIIUPSET MPAKTHYECKOE HCIIOIIBb30-
BaHUE TAKUX MoJieJiel, 0e3 NCTOIb30BaHMs HEHPO3BOIIOLUOHHBIX METOAOB, KOTOPBIE MOTYT OBITh HE OMPAaBJAHHO PECYPCOEMKHMHU
TIpH pAze 3a1ad.

Pe3yabTaThl. PazpaboTaHHBI METOJ peann3oBaH U HCCIEIOBAH HPH PEHICHUH 3aJadd MOASIUPOBAHUS ITMHAMUKH MUTTHHIO-
BBIX IIPOIIECCOB CTANBHBIX CIUIaBOB. Mcnonp3oBaHne pa3pabOTaHHOTO METOJA MO3BOIMIO COKPATUTH BpeMs OOY4eHHS MOJCIH Ha
22%, B 3aBUCUMOCTHU OT MCIOJIb3YyEMbIX BBIUUCIMTENBHBIX pecypcoB. Takxke METOZ IIO3BOIMI IOBBICUTh YPOBEHb JIOTHUECKOU IIpo-
3pavHOCTH MOJIEH COKPAaTHB KOJHMYECTBO BBIYMCIHMTEIBHBIX y3JI0B Ha 50%, 9TO Takke CBHIETENLCTBYET 00 YCKOpEeHHH U Ooiee
palMOHAIBHOM HCIIOIb30BaHUU PECYPCOB.

BriBoasl. [IpoBesieHHBIE SKCIEPUMEHTHI HOATBEPIMIN pabOTOCIIOCOOHOCTh IPEUIOKEHHOTO0 MaTEMaTHYECKOro obecieYeH s 1
MO3BOJIAIOT PEKOMEH/I0BATh €TI0 JUIsl HCHOJIb30BAaHUS Ha NMPAKTHKE MPH MPOSKTHPOBAHUN TOTIOJIOTUH HeHpoMoienelt 1uisl JanbHeHe-
TO pelIeHus 3a7a4 MOAENUPOBAHUS, JUATHOCTUPOBAHUS M OLeHuBaHUs. IlepcreKTHBBI JadbHEHIINX MCCIIEI0BAaHUI MOTYT 3aKiIO-
4aThCA B Pa3pabOTKe METOJOB CTPYKTYPHOH ONTHMH3ALMK NPEABAPUTENHFHO CHHTE3MPOBAHHBIX MOAENEH U pa3paboTKe HOBBIX Me-
TOZI0B 0TOOpa MH()OPMATUBHBIX IPHU3HAKOB.

KJIIOYEBBIE CJIOBA: omeHKa CIOXHOCTH, CHCTEMa HHIUKATOPOB, MOJICIHPOBAHHE, HEHPOMOJENb, BBIOOPKA, 00y4YeHUE,
ommOKa, rpaJiieHT.
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