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NETWORKS AND PROPERTIES OF NON-STATIONARY OBJECTS 

 

Abstract: Methodological foundations have been developed for the creation of methods for optimizing the 

analysis of data of non-stationary objects based on neural networks (NN) and genetic algorithms (GA) with 

mechanisms of simplified search, adjusting the weights of neurons, coefficients of synaptic connections, activation 

functions, the number of neurons in the layers of NN.  Improvement and development of methods for optimizing 

learning of neural networks based on the synthesis of GA s, the use of operators of crossworing, mutation, inversion, 

selection of the best individuals, generation of the initial and subsequent populations has been carried out.  

Mechanisms for generating a bank of individuals for the formation of rational sets of parameters and training samples 

based on a knowledge base with fuzzy inference rules are proposed. 
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Introduction 

Relevance of the topic.  An effective toolkit for 

the construction of modern data mining systems 

(DMS) of non-stationary objects is represented by the 

components of the mathematical apparatus of soft 

computing based on neural networks (NN), 

evolutionary modeling, genetic algorithms (GA) for 

solving key problems of optimization of learning NN, 

identification and approximation of non-stationary 

objects [1]. 

This paper proposes methods and algorithms for 

optimizing data processing based on learning 

algorithms for neural networks using GA, simplified 

search procedures and mechanisms for setting 

parameters [2]. 

 

II.Literature review 

The principles of designing methods for 

searching and adjusting the parameters of structural 

components of a multilayer neural network to 

optimize training involve the development of methods 

for synthesizing GAs with algorithms for stochastic 

modeling, search with annealing, prohibitions, and 

self-organizing learning [3].  A feature of the hybrid 

model of optimization of training in the NN is the use 

of GA as a regulator of parameters to provide a 
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simplified adjustment of the weights of neurons, the 

coefficients of synaptic connections, the rational 

structure of the network, the number of neurons in the 

layers of the NN [4]. 

The improvement and development of 

optimization methods is carried out through the 

execution of genetic operators to generate a bank of 

individuals, which serve as additional information 

support in determining and adjusting the parameters 

of synaptic connections, neuron weights, activation 

functions [5].  The determination and adjustment of 

the parameters of the NN components is based on the 

use of the chromosome length (individuals), 

chromosome filling (loci and alleles) and particular 

parameters determined using the operators of 

crossover, mutation, inversion, selection of the best 

individuals, generation of the initial and subsequent 

populations [6]. 

 

III.Analysis 

The DMS system algorithms include synthesis 

mechanisms for a random search with annealing and 

with stochastic modeling, which are used to select 

informative parameters about successful previous 

searches [7].  Other key tasks of optimizing the 

training of neural networks based on the hybrid model 

are the formation of knowledge bases, the creation of 

a generation unit and the receipt of new individuals.  

The NS training unit receives data on the common 

chromosome, the parameters of the designed NS, the 

training process, the method, speed and schedule of 

training.  At the output of each layer of the network, 

matrices of weights of synaptic connections are given 

[8]. 

It is believed that an individual consists of 

several chromosomes, and the NN has a large number 

of variations in the number of inputs, outputs, layers, 

and the number of neurons in the layers [9].  The 

principles of operation of mutation, crossover and 

inversion operators for a modified chromosome are as 

follows: the crossover operator works only with the 

main chromosome;  the inversion operator works with 

the main chromosome and the daughter, which are 

responsible for inputs and outputs;  the mutation 

operator works with the main chromosome and the 

daughter, which are responsible for the number of 

neurons;  the generator of new individuals and 

knowledge base is responsible only for the inputs and 

outputs of the NS [10]. 

The implemented multilayer neural network 

with the backpropagation algorithm is synthesized 

with the zero-order Sugeno fuzzy inference algorithm, 

has two input variables and, EZ  and EF  the 

network output is determined by a linguistic variable 

VK  [11]. 

 For the linguistic assessment of the input 

variable, seven terms are used, for a variable EF  

one term with direct and inverse output, which are 

used when reducing the number of terms [12]. 

As a term-set of a linguistic variable, a set is 

used: EZT  = {"acceptable", "positive small", 

"negative small", "positive average", "negative 

average", "positive large", "negative large"}, which is 

written in  symbolically 

 

}2,2,3,3,4,4,{ EZNEZPEZNEZPEZNEZPEZDTEZ = . 

 

As a term-set of a linguistic variable EF  the 

term "small" is used. 

Mechanisms for adjusting the accessory 

functions (AF) of linguistic terms, which are 

performed in accordance with the information for one 

NN learning cycle, have been implemented.  

Dimension of the term-set of the output variable VKT  

is equal to the number of rules.  A five-layer neural 

fuzzy network (NFN) has been implemented, which 

has the following purposes. 

Layer 1. Defines fuzzy terms of input 

parameters.  The outputs of the nodes of this layer 

represent the values of the FP at specific values of the 

inputs.  Each node of the layer is adaptive with FP 

)(x
iA , where x  – entrance i - th node, 

ni ,...,1= ; iA – linguistic fuzzy variable associated 

with this node. 

For the terms of the input variables, triangular, 

trapezoidal, S -shaped and Z - shaped FP. 

Layer 2. This layer is non-adaptive and forms the 

premise of fuzzy rules.  Each node is connected to 

those nodes of the first layer that form the 

prerequisites of the corresponding rule. 

Layer 3. Performs the normalization of the 

degree of rule fulfillment. Non-adaptive nodes of this 

layer calculate the relative degree (weight) of the 

fuzzy rule fulfillment 


=

=
8

1j
jjj www  

Layer 4. A crisp number kjv , specifying the 

conclusion of each j -th rule is considered as a fuzzy 

set with a singleton FP. The adaptive nodes of this 

layer calculate the contribution of each fuzzy rule to 

the network output 

k jjj vwy = ,  8,...,1=j . 

Layer 5. The non-adaptive node of this layer 

sums up the contributions of all rules: 



Impact Factor: 

ISRA (India)        = 6.317 

ISI (Dubai, UAE) = 1.582 

GIF (Australia)    = 0.564 

JIF                        = 1.500 

SIS (USA)         = 0.912  

РИНЦ (Russia) = 0.126  

ESJI (KZ)          = 9.035 

SJIF (Morocco) = 7.184 

ICV (Poland)  = 6.630 

PIF (India)  = 1.940 

IBI (India)  = 4.260 

OAJI (USA)        = 0.350 

 

 

Philadelphia, USA  167 

 

 


=

=
8

1j
jyy . 

 

IV.Discussion 

The discrepancy error between the 

experimentally measured parameter and Lv   the 

calculated network output VK is determined by the 

condition 

min)]()([
1

1

2 →−= 
=

N

t
L tVKtv

N
 , 

Where N   is the number of measurements in 

the training data sample Lv . 

The hybrid learning algorithm is a combination 

of least squares and backpropagation of error.  

Modeling of control processes was carried out in 

MATLAB with the Fuzzy Logic Toolbox extension 

package.  Before and after training, training samples 

of the conditional parameters of the tested object and 

are fed to the network input EF  and EZ . The 

training set contains 947=N   observations.  The 

initial step value is set 410−  towards criterion   when 

changing the FP parameters.  Allowable change in 

step size per iteration – 20%. Before network training, 

the value of the training criterion 0972,0= , and 

after 200 iterations 0859,0= . The reduction of the 

parameter is achieved due to the mechanisms of 

synthesis of heuristic search algorithms with 

annealing and stochastic modeling based on the 

Markov chain. 

 

V.Conclusion 

Analysis of the research results of the considered 

example of identifying a conditional technological 

parameter shows that the combination of NN with GA 

and NFN with GA makes it possible to achieve a 

decrease in the variation of statistical parameters of 

the initial non-stationary process at the output of the 

system.  At the same time, the relative sample variance 

of the calculated data does not exceed 5%, which 

confirms the achievement of the required accuracy of 

analysis and data processing at significantly lower 

computational costs. 
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