
 

 

 

 

Processes of Multidimensional Classification of 

Scoring Objects with Heterogeneous Features 

Based on the Neural Networks Modeling 
 

Oleg Jakovlevich Kravets*, Sergey Alekseevich 

Barkalov**, Natalia Andreevna Butyrina**, Vladimir 

Dmitriyevich Sekerin***, Anna Evgenevna 

Gorokhova*** 

*Sustainable Developments in Civil Engineering Research 

Group, Faculty of Civil Engineering, Ton Duc Thang 

University, 

Ho Chi Minh City, Vietnam 

**Voronezh State Technical University,  

Voronezh, Russian Federation 

***Moscow Polytechnic university, 

Moscow, Russian Federation 

 

Abstract 

The article is devoted to the expansion of the class of 

solving problems of multidimensional classification into 

heterogeneous input variables. Practically in any 

sphere, one has to start with the task of classifying-

assigning a certain object specified by a set of 

parameters to a class of similar objects. More complex, 

but no less relevant, is the problem of 

multidimensional classification, when the number of 

classification characteristics characterizing the object 

is large.  

In solving practical problems, the use of neural 

network classification methods is often complicated by 

the fact that the parameters characterizing the object 

are of different nature and are described by both 

quantitative and qualitative marks simultaneously. 

Such tasks often occur in the banking sphere. Often the 

solution of the classification problem is a necessary 

stage in solving more global problems and the quality 

of the solution largely depends on the quality of the 

solution of the problem as a whole. 

Elements of the theory and instruments of 

multidimensional classification based on neural 

networks and fuzzy sets are presented to increase the 

efficiency of solving the problem of classifying objects 

with heterogeneous features. 
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1 Introduction 
The existing methods of accounting for qualitative 

input attributes have significant shortcomings 

associated with incomplete reflection of the meaning 

enclosed in a fuzzy variable when it is converted to a 

clear form[3, 8]. Especially this situation is complicated 

in the case when fuzzy data cannot be easily brought 

to a clear view using direct methods of determining 

the membership function in applied problems[2, 6, 7]. 

One way to overcome the shortcomings of existing 

models of neural networks (NN) is to combine the 

capabilities of existing neural NN with the 

possibilities offered by the apparatus of the theory of 

fuzzy sets[12]. 

The necessity of developing an existing NN device 

for more efficiently solving the problems of 

multidimensional classification of objects with 

heterogeneous features determines the relevance of 

the study. 

The goal is to develop elements of 

multidimensional classification theory and tools based 

on NN and fuzzy sets to improve the efficiency of 

solving the problem of classifying objects with 

heterogeneous features. 

2 Neural Network Approach to 

Solving the Multidimensional 

Classification Problem 

To solve the problem of classifying 

multidimensional objects on the basis of a NN approach, 

it is not necessary to know either the form of the 

functional dependence between the characteristics or 

their statistical parameters - it is sufficient to have a 

training sample in the form of a set of input parameters 

and desired output values[1]. At the same time, NN 

classification methods are also not a universal tool for 

solving any problem and are not without their 

shortcomings. Unfortunately the existing methods for 

encoding fuzzy variables code them according to the 
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frequency of the appearance of a fuzzy term in the 

training sample[4], that is not always permissible. The 

method used in hybrid networks is also not applicable, 

because it used there for obtaining the membership 

function assumes a clear character of the input data. In 

hybrid networks, input data is initially clear and leads 

to an unclear view in order to use the output rules in the 

network operation, and not to take into account fuzzy 

data[9, 11]. These shortcomings pose the task of more fully 

taking into account fuzzy input data, regardless of the 

frequency of occurrence of terms in the training sample. 

The existing method for encoding fuzzy input data 

is based on the frequency of the occurrence of a term in 

the training sample, which usually leads to 

approximately uniform filling of the interval [0, 1] by 

codes of fuzzy terms, i.e. the distances between 

adjacent codes are approximately equal for all terms of 

a fuzzy variable. However, this approach is not always 

justified - in some cases this leads not to an 

improvement, but to deterioration in the adaptability of 

the network, since the semantic value of the odd 

variables is not taken into account in this case 

completely. 

3 Model with Mixed Type of 

Input Variables 
To overcome the identified shortcomings of 

existing models of NN’s, it is proposed to make certain 

changes in their structure. Consider this for the 

example of a multilayer perceptron (MLP), the most 

common type of NN[10]. 

In order to take into account the influence of a 

fuzzy variable, it is necessary to convert it to a form 

that the NN can perceive while retaining the behavior 

of the given variable. To do this, you can use the μ(x) 

membership function of a fuzzy variable that satisfies 

the above requirements. In view of the fact that the 

type of input variables is mixed, this transformation 

must be applied not for all inputs, but only for fuzzy 

ones. Thus, before the fuzzy inputs of the network it is 

suggested to add an additional block - the signal 

conversion unit (SCU), and the modified network 

structure in this case will take the form of Fig1. 

  
Fig1: The generalized structure of a two-layer network MLP, 

characterized by a mixed type of input variables 

In general, the functioning of a NN can be 

represented by the following relationship: 

( , ) Fy x w , (1) 

where y – vector of output signals, x – vector of 

input signals, w – network weight vector, F – reflects 

the functional relationship between x, w and y. Taking 

into account the addition of the SCU, the dependence 

(1) takes the following form: 

( , , ) Fy x μ w , (2) 

where μ – vector of fuzzy input signals. 

The operation of a MLP network with the addition 

of a SCU is described by the following relations: 

1 1 1
 NET w x

j ij ij i
i

  (3) 

( ) jl jl jlOUT f NET   (4) 

( 1)



x OUT
ij l il , (5) 

where i - entry number, j - neuron number in the 

layer, l - layer number, NET - activation signal, f - 

neuron activation function, OUT - output signal of a 

neuron, ( )i i    - value of fuzzy variable 

membership function βi. It is assumed that for clear 

inputs μi = 1, but for fuzzy – xij1 = 1.  

With the known values of the membership 

function, the addition of SCU to the network structure 

is not particularly complicated, but usually this value 

is unknown beforehand and moreover - not always can 

be found in the form of a functional dependence. In 

this case, it is necessary to use expert estimates of the 

value of the adjoint function, for example, such as the 

Saaty’s paired comparison method or the α-slice 

method. The choice of method should be approached 

carefully, because it is noted that the high efficiency of 

a number of fuzzy models is explained by the well-

chosen values of membership functions. 

In essence, the SCU should perform the function 

of pre-forming a fuzzy input variable into a 

membership function, using for this purpose one of the 

methods proposed by the theory of fuzzy sets.  

4 Features of Learning a Neural 

Network with Fuzzy Variables 
The disadvantage of existing methods of 

accounting for non-clear variables is that the 

determination of the value of codes is carried out 

outside the network[5]. These codes are constants and 

do not depend on training, i.e. mistakes made in 

determining their values will automatically be 

transferred to the network and will increase the 

overall classification error, but unlike the network 

error, this error can not be minimized with the help of 

training. To eliminate this disadvantage, it is 

necessary to adjust the values of the membership 

function during the training of the network, if they 

were not accurately determined. 

Training is reduced to iterative adjustment of 

values of network weights for the purpose of reducing 

the error calculated by the formula: 

21
( )

2
  s s

j j

s j

E d y
, (6) 

where d – desired output value, y – network 

output, s – the number of the training sample element, 

j – iteration number. 

 The value of the weighting coefficients at each 

step is determined as follows: 

( 1) ( )k k  w w w  (7) 

( )w p w , (8) 

 
1

( ) ( )


 p H w g w , (9) 

where λ – learning factor, p(w) – direction in a 

multidimensional space w, g(w) – gradient vector, 

H(w) – hessian. 

If we replace the exact value of the Hessian by the 

approximated value G(w), determined from (12), and 

assume that [ ( ) ]i i ie y d w , but 
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then the gradient vector and the approximated 

hessian matrix are defined as 

 ( ) ( ) ( )
T

g w J w e w  (11) 

 ( ) ( ) ( ) ( ),
T

 G w J w J w R w  (12) 

where R(w) - the hessian components H(w), 

containing higher derivatives with respect to w. 

The approximated Hessian matrix on the k-th 

step of the algorithm takes the form: 

 ( ) ( ) ( )
T

kv G w J w J w 1 . (13) 

If g(w) is represented in the form: 

1 2

( ) ( ) ( )
( ) , , ,

T

n

E E E

w w w

   
  

   

w w w
g w

, (15) 

then the value of the gradient can be calculated 

using the conjugate graph method. 

Adding SCU leads to the need to develop a new 

network training algorithm that allows you to adjust 

not only the weights, but also the SCU parameters, 

during the training. This will minimize not only the 

network error E, but also the errors introduced when 

determining the value of the membership function. 

The initial adjustment of the weighting factors is 

carried out according to the traditional learning 

algorithm for MLP. Training is conducted until the 

network error reaches η.  

The second stage is to adjust the SCU 

parameters, the weighting factors are fixed at this 

stage. Neither the direction of the minimization 

(gradient) nor the step size is known. However, unlike 

the weight coefficients, the values of the membership 

function are initially located close enough to their 

exact values and can be adjusted by sequential search, 

and the step is chosen to be fixed. 

In the third stage, the SCU parameters are fixed 

and the network is trained with the configured SCU 

parameters up to the desired network error value. 

The algorithm for adjusting the SCU parameters 

is as following steps (Fig3): 

S1. n-е the value of the membership function of 

the l-th fuzzy variable changes in the selected 

direction by the step size α. 

S2. The E value for all training samples according 

to the selected formula is calculated. 

S3. If the E value has decreased, then go back to 

S1, continuing the movement in the selected direction. 

If the E value increases, return to S1, changing the 

direction to the opposite. 

S4. If the change in the value of the membership 

function of the current variable exceeds the 

permissible threshold , then its value is set to a value 

that precedes the threshold and is fixed. 

S5. If any change in the current value of a given 

value of a fuzzy variable leads to an increase in E, 

then the given value of the fuzzy variable is fixed and 

go to the next value (or to the next variable if all 

values for the current variable have already been 

fixed). V – is the total number of values of all fuzzy 

variables. 

The value σ is chosen depending on the structure 

of the network and the speed of its training based on 

 1
1 1
min

3

i i
i T

 



 




, (16) 

where T – number of terms. 

A priori, it is impossible to determine whether the 

experts made a mistake in their assessments. In order 

to determine whether to use the algorithm for 

adjusting the values of the membership function, it is 

suggested to use the algorithm in Fig4. 

On the basis of the obtained neural network, a 

neural network model of multidimensional 

classification is constructed. In this case, the number 

of inputs of the network N s determined by the 

number of input parameters of the model, and the 

number of outputs M – by the number of classes 

(Fig1). Between the output of the neural network and 

the output of the model, a special interpreter is added, 

selecting the maximum of all outputs of the network 

and outputting its number to the output of the model, 

i.e. class number. 

 
Fig2: Training neural network with SCU 
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Fig3: Algorithm for adjusting SCU parameters 
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Fig4: Choice of network training method 

 

 

 

5 Evaluation of the Quality of 

the Neural Network 

Multidimensional 

Classification Model 
To assess the quality of the classification, two 

classes of assessments were used - quantitative and 

qualitative. The proportion of erroneously classified 

objects of the control sample served as a quantitative 

estimate. Qualitative evaluation was defined as the 

mean square error for all values of the membership 

vector, calculated on the objects of the control sample. 

The experiments were conducted of object 

classification with two classes of normally distributed 

objects, separated by two clear and one fuzzy feature, 

200 objects, results in Table 1, 2: 

1 experiment - the difference between the 

neighboring values of the membership function is 

approximately equal for all terms - the codes assigned 

to them approximately uniformly fill the interval [0, 

1]. 

2 experiment - the values of the term membership 

function fill the interval [0, 1] unevenly. 

The new model takes into account fuzzy input 

data according to the values of the membership 

function of their terms and preserves the quality of the 

classification, regardless of the mutual arrangement of 

terms by a fuzzy change. 
Method Incorrectly classified Classification error 

Class 1 Class 2 General Class 1 Class 2 General 

MLP 2 3 5 0,0036 0,004 0,004 

SCU 3 2 5 0,004 0,0037 0,004 

Table 1: Results of the first experiment 

Method Incorrectly classified Classification error 

Class 1 Class 2 General Class 1 Class 2 General 

MLP 5 3 8 0,007 0,004 0,0056 

SCU 2 2 4 0,0032 0,0035 0,0034 

Table 2: The results of the second experiment 

6 Discussion  
Comparative results of the study of the 

classification system on the basis of the model of the 

MLP network and on the basis of the neural network 

with SCU are obtained (Table 3). The quality of 

product distribution (scoring in lending) when using a 

network with SCU is higher than when using an MLP 

network. This suggests that the proposed model of a 

neural network allows us to more accurately take into 

account the true value of non-clear variables. 

Method 

Wrong classified Classification error 

Class 
General 

Class 
General 

1 2 3 4 5 1 2 3 4 5 

MLP 0 1 2 3 1 7 0 ,003 ,006 ,009 ,003 ,0042 

SCU 0 1 0 2 0 3 0 ,003 0 ,006 0 ,0018 

Table 3: The quality of classification when using different 

neural network models in the distribution of a banking 

product 

7 Conclusion  
In this paper we obtained: 

1. the structure of the neural network, which 

works simultaneously with both clear and odd input 

data, which takes into account the semantics of fuzzy 

variables when coding fuzzy network input signals; 

2. the neural network learning algorithm, which 

allows to take into account both clear and fuzzy input 

data and is characterized by the possibility of 

automatic refinement of the values of the membership 

function determined expertly; 

3. a multidimensional classification model that 

allows for the classification of both quantitative and 

qualitative parameters that are distinguished by 

irreducibility to a clear form using direct methods for 

determining the membership function that can be 

used to solve the problem of distributing a banking 

product. 
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