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Abstract—It is considered the problem of structural-parametric synthesis of a hybrid neural networks
based on the use of radial basis network. Hybridization is achieved through the use of various radial
basis functions: Gaussian, multivariate, inverse quadratic, inverse multivariate, thin plate spline, linear,
cubic, wavelet functions. The problem of structural-parametric synthesis of hybrid neural network
consists in the optimal choice of the number of layers, the number of neurons in the layers, the order of
alternation of layers with different neurons. The problem of optimal choice of the number of network
cascades and the type of radial basis function in each cascade of the number of layers is solved.
Examples of a hybrid neural network synthesis using this methodology for classification and prediction

tasks solution are given.

IndexTerms—Hybrid neural network; structural-parametric synthesis; optimization problem.

I.  INTRODUCTION

In present time, many problems are solved with
the help of artificial intelligence, or rather artificial
neural networks. Many researchers and developers
are paying attention to this new technology. This is
due to many successful applications of neural
networks, and in particular in the context of structural
and parametric uncertainty, which is not solved by
conventional approaches and algorithms. This success
is due to the ability of the neural networks to learn,
that is, after the training data is displayed, the
algorithm studies certain properties and patterns and
universal approximating properties. When learning
neural networks, one of the most difficult steps is the
selection of hyperparameters of the network, i.e. the
type of activation function, the number of layers and
neurons in them, the network topology, etc.

There are many tasks that can be solved by
neural networks, but some of the most practical and
demanding tasks are classification and forecasting.
Each of them requires its own architecture and set of
network parameters. As a rule, any architecture has
its own disadvantages and advantages. Hybridization
of networks is one way to solve the disadvantages of
a particular architecture. This means splitting one
neural network (NN) into several, where each
network will be responsible for part of the solution
of the problem, and collectively all parts will create
a common solution. But as NN architectures and
their topologies reach many, the choice of a hybrid

neural network (HNN) becomes infinite. Therefore,
it is necessary to solve the problem of parametric
synthesis of HNN.

II. PROBLEM STATEMENT

The problem of parametric synthesis has two
approaches to solving: the first is the determination of
the topologies of NNs that are included in HNN, and
the second is the selection of neurons and their
parameters that are included in one HNN. This paper
uses a second approach. As a basic topology, we use a
cascade topology, where in each cascade there will be a
radial-basis network with different radial-basis functions.

Consider a radial basis network. It is a neural
network that has an intermediate layer of radial basis
neurons. Such a neuron converts the distance from
the input vector to the center by a nonlinear law.
Traditionally, this is a single-layer network, which is
presented in Fig. 1.
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f(f)=iw,.h,- @),

where £, means the function of a neuron, and w, is

the weighting for a neuron ;.
Thus the output of the RBF network is a linear
combination of some set of basic functions:
Different radially basic functions can be
considered as a neuron. In this paper, studies were
conducted with the following:

2
e Gaussian function A(X) = eXp(_zr_}

e thin plate spline 4(X)=7r"In(r);
e linear A(X)=r;
e cubic A(X)=r",

2 . . . .
, x is the vector input signal; ¢ is

where r = ||x —-c
the center vector, it is given at the beginning of
training; s is the function width values.

A wavelet function from [1] can also be used as a
radially basis function:

¢ (x,)= (1 - ocitf)exp{—g}

S2
2 (e -1, : .
o multiquadric 4(%)= exp /1+[ I’_2 J; where ¢, =(x, —¢;)o; ; ¢, is the center parameter;
2s o, is the width parameter and o, shape parameter.
) o 1 Cascade topology was used as the topology. Its
* inverse quadratic 4(X) = =D ; principle is that initially the weights of a single layer,
1+ [J when its weights are adjusted, this layer freezes. The
2s following layer is added. It accepts the input vector
' ' o 1 as well as the outputs of the previous layer. After
e inverse multiquadratic 4(x) ST adjusting the weights of the second layer, the
1+ ’”72 following layer is similarly joined, etc. The topology
2s of the cascade network is presented in Fig. 2.
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Fig. 2. Cascade topology

The problem of structural-parametric synthesis of
HNN is posed, which consists in the optimal choice
of the number of layers, the number of neurons in
the layers, the order of alternation of layers with
different neurons.

Generalized error is selected as the optimization
criterion:

1
E(n)=—=) ' (n),
2 jeC
where e;(n) is the error signal of the original j

neuron at the n iteration and is determined by the
ratio e, (n) =d;(n)—y,(n).

III. OVERVIEW OF METHODS

This article was considered with the problem of
structural-parametric synthesis of a hybrid neural
network based on the use of multilayer perceptron.
Hybridization is achieved through the use of artificial
neurons of different types, namely Q-neuron,
W-neuron, and classic perceptron [2].

It is proposed ([3], [S]) the modification of the
architecture of a multilayer hybrid GMDH-neural
network by introducing hybrid Q-neurons and
W-neurons into the node structure, which allowed to
increase the approximate properties of the GMDH-
neural networks, increase the number of inputs to the
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network node, optimize the structure of the hybrid
network in the learning process.

A cascade GMDH-wavelet-neuro-fuzzy network
was proposed [4]. As nodes of such a network are
distinguished R-neurons with the function of
Epanechnikov activation and block adaptive fuzzy
wavelets with adaptive wavelet function of
membership. Was proposed the training algorithms,
which have tracking and filtering properties, allow
to adjust not only synaptic scales but also the
parameters of the activation-belonging function in
online mode.

Thus, the problem statement is new.

IV. PROBLEM SOLUTION

To solve this problem, we use a genetic
algorithm, namely SPEA2 [6]. The structure of the
chromosome consists of the following parameter:
number of network cascades, type of radial basis
function in each cascade.

The algorithm for solving the problem of
structural-parametric synthesis of HNN based on the
use of genetic algorithm has the following form:

Set the initial iteration number i =1.

1) Form i-cascade network and solve the
problem of optimizing the optimal choice of the radial
basis function and determining the appropriate weights.

2) If the generalized error for the NN found on the
test data satisfies the set threshold then the learning
process ends otherwise we proceed to point 4.

3) Form (i+1)-cascade network and optimally

using GA choice radial basis function and the
corresponding weights of the (i+1)-cascade (the
weights for the previous stages are unchanged).

4) Repeat steps 3 and 4 until the optimal
topology is found.

V. RESULTS

The results of the solution of the problem of
structural-parametric  synthesis of HNN are
considered in the example of the problem of
classification and forecasting.

A sampling of handwritten numbers from [7] was
used for the classification task.

The results of the operation of the optimal HNN
according to the criterion of generalized error in
solving the classification problem are presented in
Table I.

The sample with the lowest temperatures was
used for the forecasting task [8]. This sample has a
minimum temperature for each day for a specified
period. Sampling takes 64 consecutive days to enter
the neural network and the next 65 days to exit the
neural network.

Table 1. RESULTS OF SOLVING THE CLASSIFICATION
PROBLEM
E Type of radial basis network =
sl i
= O é; é.-)
£ 2 £
=S8 Ist 2nd 3nd 6 51
(4 cascade cascade cascade
3 Radial Radial Radial 0.2246878
basis basis basis
network | network network
with with with
inverse inverse wavelet
multiqua | multiqua | function
dratic dratic
function | function
2 Radial Radial 0.2255450
basis basis
network | network
with with
inverse wavelet
multiqua | function
dratic
function
3 Radial Radial Radial 0.235816
basis basis basis
network | network network
with with with
cubic gaussian | wavelet
function | function function
2 Radial Radial 0.2427712
basis basis
network | network
with with
gaussian | wavelet
function | function

The results of the experiments on the forecasting
problem are presented in Table II.

Table II. RESULTS OF SOLVING THE FORECASTING
PROBLEM
Number Type of radial basis network )
of Generalized
cascade Ist 2nd 3nd error
cascade | cascade | cascade
2 Radial Radial 0.008361
basis basis
network | network
with with
gaussian | wavelet
function | function
3 Radial Radial Radial 0.008849
basis basis basis
network | network | network
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O. I. Yymauenko, C. T. Iluuxo, A. P. Prxuii. I'iOpuaHa HeiipoHHa Mepeska HA OCHOBI paaianbHO-0a3MCHOI Mepexi
3 pi3HMMH paiaJbHO-0a3McHUMH QYyHKIIAMHI

Po3risinyTo mpobieMy CTpyKTYpHO-TIapaMETPHYHOTO0 CHHTE3Y TiOpHAHUX HEHPOHHHX MEpPEX Ha OCHOBI BUKOPHUCTAHHS
panmianpHuX Oa3ucHUX Mepex. [i0puau3anis JOCATaeThCS 32 PaxXyHOK BUKOPHCTAHHS PI3HUX paialibHUX Oa3MCHHX
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(GYHKIIH: TaycCOBUX, 0araTOBUMIPHUX, 3BOPOTHHX KBaJPATUYHHUX, 3BOPOTHUX OaraTOBHMIpHUX, CIUIAiiHA TOHKHX
IUIACTUH, JIHIHHUX, KyOiYHMX, BeHBIeT-QYHKUIA. 3aBOaHHS CTPYKTYPHO-IIAPaMETPUYHOIO CHHTE3y TiOpuaHOl
HEWpOHHOI Mepexi Moisrae B ONTHMAJBHOMY BHOOpI KIUIBKOCTI IIApiB, KUIBKOCTI HEHPOHIB B IIapax, MOPSAKY
YepryBaHHs IIApiB 3 PI3SHUMU HeifipoHamMu. Po3B’s13aHO 3a7auy ONTHMAJIBHOTO BUOOPY KUTBKOCTI MEPEIKEBUX KacKaliB i
TUITy pajiagbHOi 0asucHOl (YHKIIT B KOXXHOMY Kackali 3 yucna mapiB. HaBeaeHo mpukiamu CUHTE3y TiOpHIHOT
HEWPOHHOI MepeXi 3 BUKOPUCTAHHSM I1i€1 METOIOJIOTI /ISl BUPILIEHHS 3aBaHb Kiacu(iKalii Ta IporHo3yBaHHsI.
Karou4osi ciioBa: riOpuiHa HeHpoOHHA MepeXka; CTPYKTYPHO-TIapaMeTPHYHUI CHHTE3; PO0IeMa ONTUMI3allii.

Yymauenko Ouaena LiutiBHa. orcid.org/0000-0003-3006-7460. [TokTop TeXHIYHUX HAYK. JIOIICHT.

Kadenpa rtexniunoi kiOepHerrku, HarionanbpHuii TexHiuHWH yHiBepcuTeT YKpaiHu «KWiBCbKHMH IONMITEXHIYHUHA
inctutyt iMm. Irops Cikopcerskoro», KuiB, Ykpaina.

Ocgita: ['py3uHCHKUT TOMITEXHIYHAN IHCTUTYT, TOLmici, ['py3is, (1980).

HamnpsiMok HaykoBOI IisSUTBHOCTI: CHCTEMHHI aHai3, IITYy4YHI HEHPOHHI MEpexi.

Kinbkicts myOmikariii: monaa 80 HAyKOBHX POOIT.

E-mail: chumachecko@tk.kpi.ua

Juuko Codina TapaciBHa. bakanasp.

Kadenpa rtexniunoi kiOepHerrku, HarioHanbHuii TexHiuHWH yHiBepcuTeT YKpaiHu «KWiBChbKHH IONMITEXHIYHUIHA
incrutyt iMm. Irops Cikopebkoro », Kui, Ykpaina.

O0mnacTb JOCTIKEeHb: ITYYHI HEHPOHHI MepeKi, INTHOOKE HABYAHHSI.

Kinpkicts myOmikarii: 1.

E-mail: sofiyadychko@gmail.com

Pwxnii Anppiii Pyciaanosuy. bakanasp.

Kadenpa rtexniunoi kiOepHerrku, HarioHanbHuii TexHiuHWH yHiBepcuTeT YKpaiHu «KWiBCbKHH IONMITEXHIYHUIHA
inctutyt iMm. Iropst Cikopcbkoro », Kui, Ykpaina.

O0rnacTh JOCTIKEeHb: ITYYHI HEHPOHHI MepeKi, INTHOOKE HABYaHHSI.

Kinpkicts myoOmikarii: 1.

E-mail: rizhiy99@gmail.com

E. . Yymauenko, C. T. Abruko, A. P. Poikuii. 'uOpuanas HeiipoHHasi ceThb HA OCHOBE PaJAMAJIbHO-0a3MCHOM
CeTH C Pa3IMYHBIMH PATUATBHO-0a3UCHBIMH (PYHKIIUSIMU
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