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Abstract. Real-time image recognition is required in many important practical 
problems. Interaction with users in online mode requires flexibility and adaptability 
from applications. The Group Method of Data Handling (GMDH) allows changing 
the model structure and adjusting the system architecture to the characteristics of 
each task under consideration. Moreover, the approximating properties of neo-fuzzy 
neurons used as elements of the system provide the high recognition accuracy under 
conditions of short data samples. This paper proposes a multilayer GMDH-neuro-
fuzzy network based on extended neo-fuzzy neurons. The learning algorithm has fil-
tering and tracking properties, guarantees the required speed important for real-time 
applications. The effectiveness of the proposed system is confirmed for the human 
emotions recognition. 

Keywords: Group Method of Data Handling, extended neo-fuzzy neuron, online 
image recognition, facial expression recognition. 

INTRODUCTION 

Information technologies are actively being introduced into education, business, 
healthcare, entertainment and other spheres of human life. This requires tech-
nology interactivity, to conduct continuous two-way cooperation between person 
and computer or mobile device. One of the promising areas for such intellectual 
interfaces’ development is the approach that uses the recognition of people, their 
age, sex, state of health, emotional status on the real time video. This complex 
technical problem already finds its own solutions [1–9]. Frequently, these deci-
sions use the machine learning and neuro-fuzzy approach. 

As a technical problem, the task of a user emotional status recognition by 
video is reduced to characteristic features detecting, and to the collected data clas-
sification. This problem is related to the fact that machine learning algorithms in 
this task require the training data sets in which the samples number can be tens or 
even hundreds of thousands. The forming of such sets is a serious, time-
consuming task, significantly increasing the projects developing cost and imple-
mentation duration. 

The prospective methods of recognition by short datasets are fuzzy systems 
and GMDH. Earlier it was proved that neural networks are universal approxima-
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tors and have some remarkable properties, such as parallel information processing, 
ability to work with incomplete noisy input data and learning possibilities to 
achieve the desired output. 

The GMDH, from the other side, uses the principle of self-organization that 
allows constructing an optimal structure of the mathematical model during the 
algorithm operation. It’s very promising to combine advantages of these both 
approaches for the solution of the problem — development an efficient model 
structure. GMDH-neural networks whose nodes are active neurons [10–12], 
N-adalines [13], R-neurons [14–16], Q-neurons [17] are known. At the junction 
of the fuzzy GMDH [18] and neural networks, the GMDH-neuro-fuzzy system 
[15, 19] and the GMDH-neo-fuzzy system [20] were created. These systems have 
proven their effectiveness in solving a wide range of problems, but have lost the 
main advantages of the original GMDH: a small number of evaluated parameters 
in each node. In this regard, it seems promising to develop a GMDH-neo-fuzzy 
system that combines the advantages of traditional GMDH and hybrid computa-
tional intelligence systems, and is trained using simple procedures to ensure high 
speed of online image recognition. 

The goal of the present paper is a synthesis of the GMDH neo-fuzzy system 
for the online image recognition. 

THE EXTENDED NEO-FUZZY NEURON AS A NODE OF GMDH-NEURO-

FUZZY SYSTEM 

Takeshi Yamakawa and co-authors in [21–23] proposed the architecture of neo-
fuzzy neuron (NFN). The authors of the NFN admit among its most important 
advantages, the high learning rate, computational simplicity, the possibility to find 
the learning criterion global minima in real-time processing. Besides, NFN is 
characterized by fuzzy linguistic “if-then” rules. The neo-fuzzy neuron is a non-
linear multi-input single-output system shown in Fig. 1. 

It realizes the following mapping 

 



h

j
ijijiii xwxf

1

)()(  

and implements fuzzy inference 

 jijii wxx   IS  OUTPUT  THE  THEN      IS      IF , 

where  jix  is a fuzzy set with membership function )( iji x , jiw  is a singleton 

synaptic weight in consequent [2]. As it can be seen nonlinear synapse in fact 
actualize Takagi–Sugeno fuzzy inference of zero order. The membership 
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example, like this 

 

























 









,otherwise              ,0

;],[  if    ,

;],[  if    ,

,1,
,,1

,1

,,1
,1,

,1

ijiji
ijij

iij

ijiji
ijij

iji

ji ccx
cc

xc

ccx
cc

cx

 



Ye. Bodyanskiy, Yu. Zaychenko, G. Hamidov, N. Kulishova 

ISSN 1681–6048 System Research & Information Technologies, 2020, № 3 68

where jic — the centers of membership functions, usually distributed on interval 

[0, 1]. This contributes to simplify the fuzzy inference. An input signal ix  
activates only two neighboring membership functions simultaneously and the sum 
of the grades equals to unity, providing Ruspini partition: 

 1)()()()( ,1,1   iijijiijiiij xxxx . 

The inference result can be produced by arbitrary defuzzyfication method. 
Center-of-Gravity method gives output in the simple form: 

 )()()( ,1,1 iijijijijiii xwxwxf   . 

It is possible to improve approximating properties of such a system by using 
a structural unit, called by authors as “extended nonlinear synapse” (ENSi) (Fig. 2) 
and synthesized on its basis the “extended neo-fuzzy neuron” [24–27] (ENFN). 
ENFN contains ENSi as elements instead of usual nonlinear synapses NSi. 
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Fig. 2. Extended non-linear synapse 
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By introducing the additional variables: 
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It’s easy to see that ENFN contains  1p hn  adjusting synaptic weights and 

fuzzy output, implemented by each ENSi, has the form: 

 IF ix  IS lix  THEN THE OUTPUT  IS   hlxwxww p
i

p
liilili ,...,2,1,...10  , 

i.e. essentially coincides with p-order Takagi–Sugeno inference. 
Fig. 3 shows the architecture of an extended neo-fuzzy neuron. 

THE NEO-FUZZY NEURON LEARNING ALGORITHM 

As a goal function for NFN learning the local quadratic error function  is used: 
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Fig. 3. Extended neo-fuzzy neuron 
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where )(ky  — external reference signal. 

It is minimized in the gradient stepwise algorithm in the form: 
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)(ke — learning error;   — the scalar learning rate parameter. 

To increase the speed of training process Kaczmarz–Widrow–Hoff one-step 
learning algorithm [28–32] can be used: 
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which has filtering and tracking properties can be effectively used in stochastic 
and nonstationary situation. 

THE NEURO-FUZZY SYSTEM AND ITS ARCHITECTURE OPTIMIZATION 

USING THE GROUP METHOD OF DATA HANDLING 

The neuro-fuzzy system under consideration is a multilayer feedforward architec-
ture that consists of extended neo-fuzzy neurons and shown on Fig. 4.  

A )1( n -dimensional input signals vector 
T

21 ),...,,( nxxxx   arrives at 
system zero receptive layer, and is transmitted then to first hidden layer containing 

2
1 nn C  neuron nodes with only two inputs. At the outputs of first hidden layer 
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from output signals set ]1[ˆly  the most accurate )( 1
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cepted criterion sense, most often the mean square error 2
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 . From these *
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*]1[ˆly , 2n  ( 2 2n n n  usually) pairwise combi-
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nations are formed, which are fed to second hidden layer formed by neurons 
]2[N  similar to neurons ]1[N . From output signals of this layer 

]2[ˆly , the selec-

tion block of the second hidden layer ]2[SB  selects only those that exceed the 

best signal of the first hidden layer 
*]1[ˆly , for example, in terms of accuracy 2

]2[
ly

 . 

The third hidden layer generates signals that are superior in accuracy to the 

best signal *]2[ˆly  etc. The process of system forming occurs until the selection 

block ]1[ sSB  generates at its output only two signals *]1[
1ˆ
sy  and *]1[

2ˆ
sy . These 

signals that are applied to a single output neuron ][sN  are used to calculate the 

single system output signal ][ˆ sy . 

As the nodes of the GMDH system, one can use various neurons types with 
necessary approximating capabilities. However, at the same time, the main advan-
tage of the original GMDH method — the ability to real-time work in the pres-
ence of short training sets — may be lost. 

This paper proposes to use the extended multidimensional neo-fuzzy neurons 
[24–27] as GMDH system nodes. Its architecture is a Takagi–Sugeno–Kang neu-
ro-fuzzy system [33–35] with two inputs 1x  and 2x , five sequentially connected 

information processing layers and one output ˆly . A two-dimensional vector of 

input signals T
21 ))(),(()( kxkxkx   to be processed is fed to the input of the node 

( 1,2,...,k N — the observation number in the training set or the current discrete 
time). The node first layer contains 2h membership functions )(),( jpjipi xx  , 

1,2,...,p h  and implements fuzzification of input variables. The second layer 
provides aggregation of membership levels calculated in the first layer, contains h  
multiplication blocks and forms two-dimensional radial basis activation functions 

)(),( jpjipi xx  . The third layer is a layer of synaptic weights to be adjusted 

during the training process, while layer outputs are values )(),( jpjipi
ij
lp xxw  , 

and weights number is determined by number of membership functions at each 
input h. The fourth layer is formed by two adders and calculates the sum of second 
and third layers output signals. Finally, in the fifth neuron output layer normalization 

is performed, as a result of which the node output signal lŷ  is calculated. 
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2ŷ

]1[
1

ˆ
ny  

x1 

x2 

xn 

N[2]

N[2]

 SB
[2

]  

]2[
2ŷ
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Fig. 4. GMDH-neuro-fuzzy system based on extended neo-fuzzy neurons 



Ye. Bodyanskiy, Yu. Zaychenko, G. Hamidov, N. Kulishova 

ISSN 1681–6048 System Research & Information Technologies, 2020, № 3 72

Thus, when a signal )( kx  is fed to the neuron node input, elements of the 

first layer calculate membership levels 1)(0,1)(0  jpjipi xx . As 

membership functions, bell-shaped constructions with a not strictly local receptor 
field are usually used. They avoid the appearance of “holes” in the fuzzified space 
when using the scattered partition spaces of input variables [35]. The membership 
functions of the first layer are Gaussian  
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where pic , pjc — parameters defining the centres of membership functions; 

i , j  — width parameters of these functions. 

The h  aggregated signals appear on second layer outputs  
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The third layer outputs are the values 
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h

p
p

h

p
p

ij
lp

h

p
jpjipi

h

p
jpjipi

ij
lp

l

kx

kxw

kxkx

kxkxw

ky

1

1

1

1

)(~

)(~

))(())((

))(())((

)(ˆ  

 ))(()())((

)(~

)(~
T

11

1

kxwkxw

kx

kx
w ijij

l

h

p

ij
p

ij
lp

h

p
h

p
p

pij
lp  
 



, 

where  

 
1

1

))(())(())(())(())(((














 

h

p
jpjipijpjipi

ij
p kxkxkxkxkx ; 



Multilayer GMDH-neuro-fuzzy network based on extended neo-fuzzy neurons … 

Системні дослідження та інформаційні технології, 2020, № 3 73

 T
21 ),...,,( ij

lh
ij
l

ij
l

ij
l wwww  ; 

 T
21 )))(()),...,(()),((())(( kxkxkxkx ij

p
ijijij  . 

It can be noticed that the node implements a non-linear mapping of input 
signals to output. 

THE EXPERIMENTS 

The task of a person's facial expression recognition is complex and multi-stage. It 
includes pre-processing of the image and searching for the face area within the 
image. After the face area is distinguished, it is possible to recognize the emotion 
by the face features set. In the practice of faces expressions recognition, several 
descriptor principles are used. The most common are adaptive appearance 
models, which use the descriptions based on face image feature points and con-
tours. It is established that such descriptions convey complete information about 
the person emotional state, even if it is expressed weakly. 

Under the emotions influence, the facial muscles reduction leads to the dis-
placement of feature points and this movement can serve as an indicator of basic 
facial actions. The most commonly used facial expressions are some basic emo-
tions (fear, sadness, happiness, anger, disgust, surprise) and neutral state. 

As a base for the feature vector, it is proposed to use a set of 35 characteris-
tic points that can be localized in the facial area using contour detectors (Fig. 5). 
The neo-fuzzy neurons has one output as the dimensionality of the output data 
vector. Seven basic emotions were selected for recognition: anger, disgust, fear, 
surprise, happiness, sadness, neutral expression. Therefore, the output values are 
{1; 2; 3; 4; 5; 6; 7}. The character features vector contains the two-dimensional 
coordinates of feature points position (fig. 5). So, the system input is vector 

701}{ ix . The order of the polynomial in nonlinear synapse membership function 
was chosen equal to 4, the number of synapses in the neo-fuzzy neuron was 
equal to 5. 

The proposed architecture ability to recognize individual emotions was in-
vestigated using photographs from two open bases — Psychological Image Col-
lection at Stirling (PICS) [36], partly from the Extended Cohn-Kanade (CK +) 
database [37]. Some images are in public use as objects for recognition. 

In this set of photographs, those were selected differ in the person emotional 
state expression degree — from weakly noticeable to very noticeable. 

 
Fig. 5. Examples of training images and position of characteristic points 
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In this task, special attention was paid to a learning data set small size. To 
examine how the proposed architecture and learning algorithm will recognize fa-
cial expressions, small photo sets are used. Their dimensions are given in Table 1. 

T a b l e  1 . Dimensions of training sets of photos for individual emotions 

Emotion Anger Disgust Fear Happiness Sorrow Surprise Neutral 
Data  

set size 
49 66 35 45 19 50 80 

 

Then the architecture ability to learn from a mixed set was examined, and 
sets total size was 344 photos. The number of unrecognized emotions is given 
in Table 2. 

T a b l e  2 . The number of unrecognized emotions as a result of GMDH-neuro-
fuzzy system based on extended neo-fuzzy neurons learning from a mixed set 

Primary emotions Recognition 
accuracy Anger Disgust Fear Happiness Sorrow Surprise Neutral 

The percentage 
of unrecognized 

images,% 
2,04 0 5,71 4,44 0 0 2,5 

 

A GMDH-neuro-fuzzy system based on extended neo-fuzzy neurons con-
figured a task model from two rows. Learning error change is shown in Fig. 6. 

CONCLUSIONS 

The article proposes the GMDH system with extended neo-fuzzy neurons as 
nodes. The system architecture allows modifying the process model structure in 
real time due to proposed neo-fuzzy nodes-neurons synaptic weights adjusting. A 
feature of the proposed architecture and its learning algorithm is the ability to 
work with small training samples. 
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БАГАТОШАРОВА МГУА-НЕЙРО-ФАЗЗІ МЕРЕЖА НА ОСНОВІ РОЗШИРЕНИХ 
НЕЧІТКИХ НЕЙРОНІВ ТА ЇЇ ВИКОРИСТАННЯ ДЛЯ ОНЛАЙН РАЗПІЗНАВАННЯ 
ВИРАЗІВ ОБЛИЧЧЯ / Є.В. Бодянський, Ю.П. Зайченко, Г. Гамідов, Н. Є. Кулішова 

Анотація. Розпізнавання зображень в реальному часі потрібно  в багатьох  
практичних задачах. Взаємодія з користувачами в режимі онлайн потребує 
гнучкості та адаптацїї від прикладних програм. Метод групового урахування 
аргументів (МГУА) дозволяє змінювати структуру моделі та налаштовує її ар-
хітектуру відповідно до характеристик кожної задачі. Більш того, апроксимацій-
ні властивості нео-фазі нейронів як структурних елементів системи забезпе-
чують високу точність розпізнавання в  умовах коротких вибірок даних. 
Запропоновано багатошарову МГУА-нейро-фаззі мережу на основі розшире-
них нео-фаззі нейронів. Алгоритм навчання має фільтрувальні та відслідкову-
вальні властивості та гарантує необхідну швидкість для застосувань реального 
часу. Ефективність запропонованої системи підтверджено в задачі розпізна-
вання людських емоцій. 

Ключові слова: метод групового урахування аргументів, розширений нео-
фаззі нейрон, онлайн розпізнавання зображень, розпізнавання виразів обличчя. 

МНОГОСЛОЙНАЯ МГУА-НЕЙРО-ФАЗЗИ СЕТЬ НА ОСНОВЕ РАСШИРЕННЫХ 
НЕЧЕТКИХ НЕЙРОНОВ И ЕЕ ПРИМЕНЕНИЕ ДЛЯ ОНЛАЙН РАСПОЗНАВАНИЯ 
ВЫРАЖЕНИЙ ЛИЦА / Е.В. Бодянский, Ю.П. Зайченко, Г. Гамидов, Н.Е. Кулишова 

Аннотация. Распознавание изображений в реальном времени требуется в мно-
гих практических задачах. Взаимодействие с пользователями в  режиме он-
лайн требует гибкости и адаптации от прикладных программ. Метод группо-
вого учета аргументов (МГУА) позволяет изменять структуру модели и 
настраивает ее архитектуру в соответствии  с характеристиками каждой зада-
чи. Более того, аппроксимационные свойства нео-фаззи нейронов как струк-
турных элементов системы обеспечивает высокую точность распознавания 
в условиях коротких выборок данных. Предложена многослойная МГУА-
нейро-фаззи сеть на основе расширенных нео-фаззи нейронов.  Алгоритм обу-
чения имеет фильтрующие и отслеживающие свойства и гарантирует необхо-
димую скорость для приложений реального времени. Эффективность предла-
гаемой системы подтверждена в задаче распознавания человеческих емоций. 

Ключевые слова: метод группового учета аргументов, расширенный нео-фаззи 
нейрон, онлайн распознавание изображений, распознавание выражений лица. 


