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ABSTRACT

Context. The article is devoted to the problem of a training data set forming for the automatic human emotions recognition
system on the basis of a multidimensional extended neo-fuzzy neuron. The aspects of choice the attributes vector’s dimension and
composition, their influence on the system learning rate are considered. The object of research is the method of multidimensional
data clustering. The subject of research is two-dimensional images geometric features systematization.

Objective. The main goal of the work is to develop an approach to person’s face expression description using geometric features
fixed set that can be obtained by video sequence frames processing.

Method. To study the facial expressions recognition system it is proposed to form a feature vector consisting of characteristic
points coordinates. There were selected points that relate to the location and shape of the eyelids, eyebrows, eye pupils, lips contours,
nose wings, nasolabial folds. Such points can be easily found during the automatic image processing using known contour detectors.
Also, the possibility of using for the human facial expression description not the coordinates of characteristic points, but the distances
between them, was investigated. From these distances a different feature vector was created, the properties of which were compared
with the points coordinates vector.

Results. The developed recognition system on the basis of a multidimensional extended neo-fuzzy neuron have been
implemented in software and investigated for solving the problem of facial expression classification. A comparison between the
attribute vectors that are different in composition and dimension is made. The structure for the feature vector, which provides high
system learning rate, and does not require the additional structural elements was chosen.

Conclusions. The experimental study fully confirms the effectiveness of the developed approach for the human facial
expressions recognition using a multidimensional extended neo-fuzzy neuron.

KEYWORDS: facial expressions recognition, characteristic features, neo-fuzzy neuron, membership function, fuzzy clustering,
computational intelligence.

ABBREVIATIONS SURF — speeded up robust features detector and

2D — two-dimensional; descriptor.

3D — three-dimensional;

FACS — facial action coding system; NOMENCLATURE

AU — action units; X; — input data vector;

N — feature points number; wj; — I-th synaptic weight;

MENFN - multidimensional extended neo-fuzzy i — number of nonlinear synapse in neo-fuzzy neuron;
neuron; | — number of membership function in nonlinear

PICS — Psychological Image Collection at Stirling  synapse;
image database; wi(X)) — the membership function on i-th input;

CK — Extended Cohn-Kanade image database;
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wo— synaptic weights vector;

fi(x;) — output signal of nonlinear neo-fuzzy synapse;
1(K) — output signal of system intermediate layer;
Y, (k) — output signal of system first layer;

m — number of emotion to recognize;

§(k) — system output signal.

X1,Y1, X2,Y2, ..., X35, Y35 — the coordinates of the
proposed 35 feature points;

D1, ..., D24 — the distance indicators of the proposed
35 feature points position;

K1, ..., K14 — the ratio indicators of the proposed 35
feature points position.

INTRODUCTION

The human face is a communicative system with
many inputs and many outputs, which is very flexible. To
transfer information in this system, several signal groups
are used [1, 2]:

1) static signals are relatively permanent signs, such as
bone structure, soft tissues and general proportions. These
signals are usually used to identify a person;

2) slow facial signals are changes in the person
appearance that occur gradually over time, such as
developing permanent wrinkles and changing the texture
of the skin. These signals can reduce the distinctness of
the facial features and prevent fast facial signals
recognition;

3) artificial signals are exogenous facial features, such
as eyeglasses and cosmetics. They can hide facial features
or, conversely, strengthen;

4) fast facial signals are temporary changes in
neuromuscular activity that can lead to visually detectable
changes in the face appearance. These person atomic
signals are the basis of facial expressions.

Given the significant role of the individual in social
life, it is not surprising that the potential benefits of
efforts to automate the facial signals analysis, in particular
fast facial signals, are diverse and numerous. Especially it
concerns human-computer interfaces. Automatic analysis
of fast facial signals is used in various vision subsystems,
including gaze tracking, lip reading, bimodal speech
processing, morphemes visual synthesis, and the
formation of commands based on facial expressions.
Among the areas where they are applied [3]:

— control the movement of one or more vehicles,
aircraft and car control;

— control of high-risk facilities;
— monitoring elderly patients in hospitals;

— video conferences, internet lectures and distance
learning.

In numerous facial expressions automatic recognition
systems, two approaches to encoding information are used
primarily: the detection of facial features changes and the
facial muscles action. These approaches are based on the
work of psychologists and physiologists. To use them in
automatic analysis, it is necessary to find corresponding
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changes in the image characteristics (static in the photo or
dynamic in the video sequence) for each psycho-
physiological feature. Such characteristics include
contour, structural and textural image descriptions. For
example, these are contour corners, contour extreme
points, individual regions color data, the texture
properties, etc.

The human-computer interface involves interaction in
real time. This means that the number of characteristics
that are calculated from the person’s face image during
the dialogue should not be too large. On the other hand,
for a precise identification of a person’s state, a set of
characteristics cannot be small, since the possible
emotional states number is large enough. Therefore, the
problem of a data set forming for the automatic person’s
expression recognition on the image remains unresolved.

The object of study is the method of
multidimensional data clustering.

The subject of study is two-dimensional images
geometric features systematization.

The purpose of the work is increasing the accuracy
of a person’s face expression automatic recognition in
real-time, when the sizes of the training data are small.

1 PROBLEM STATEMENT

Automatic facial expressions recognition is reduced to
solving the data clustering problem. If the data comes
from the video, it is obvious that it can contain
information about static, slow and exogenous signals that
do not change from frame to frame. However, the most
important are the fast signals that need to be registered,
processed and recognized in each frame. The changing
fast signals dynamics also indicate a psycho-emotional
state. Therefore, it is necessary to register and process the
information about fast signals formation rate in real time.
Such rigid limitations to the rate of facial expressions
automatic recognition method lead to the necessity of
using a compact but informative features vector that will
ensure the information preservation and high clustering
rate.

The main goal of this work is to choose a way of face
features detecting for an online human facial expression
recognition using a system based on multidimensional
neo-fuzzy neurons.

2 REVIEW OF THE LITERATURE

The task of automatic facial expression recognition is
complex and multistage. It includes the image pre-
processing and face area searching. After the face area is
detected, it is possible to recognize the emotion according
to the facial characteristic features set. Depending on the
chosen approach, the next stage of the problem solving -
the calculation of the characteristic vector. If the
recognition is performed in real time, then the 3D model
use could be inefficient due to the high time costs. For
online applications, the 2D image features vector
(received as a result of frame-based analysis) will be
justified.
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The recognition of faces and their expressions uses
several descriptor types. The most common are local
binary masks (Local Binary Patterns), attributes selection
using Gabor Facial Features, active and adaptive models
of the shape and appearance (Active Shape Model, Active
Appearance Model) [4]. Examples of these descriptors are
shown in Fig. 1. In addition, curvilinear contours can be
represented in the form of splines, as proposed, for
example, in [5]. Local binary masks can be attributed
more likely to textural features, since they represent
generalized histograms of the face image fixed segments.
Such a description will be less informative in emotions
recognition.

The Gabor filtering results are definitely interesting
for the facial expression recognition. Usually features
detected in the image are either geometric shape features
of the facial components (eyes, lips, wings of the nose,
etc.) or the singular points location (corners of the eyes,
mouth, etc.) or appearance elements, representing the skin
face texture, including wrinkles, bulges and furrows.
Typical examples of geometric characteristics are
described in [6], where a 19-point grid is used; in [7],
where a model of shape, defined by 58 landmarks for the
face is used, and in [8]. Some examples of a hybrid
description of the geometric features and appearance
model are the methods in [9], where the eye, eyebrows
and mouth shapes and wrinkles (crows and nasolabial
furrows) were used, and in [10], where 26 facial points
around the eyes, eyebrows and mouth were used and the
same descriptors as in [9]. Methods based on appearance
are the use of Gabor wavelets in [11, 12], and the
application of a holistic, monochrome, spatial and
temporal patterns of facial coefficients [13]. Adaptive
model in this sense is more useful, since it includes not
only nodal points, but also contours (eyelids, eyebrows,
lips, chin). Such signs, undoubtedly, convey exhaustive
information about the emotional state of a person, even if
it has a weak degree of expression.

Now, for the labeling of facial actions, the facial
action coding system is widely used [1, 2]. FACS links
the changes in the face to the muscles actions that produce
them. It defines 44 different action units, which are
considered to be the minimum visually perceptible face
movements. The face expression descriptors are most
often used for the six basic emotions (fear, sadness,
happiness, anger, disgust, surprise) suggested by Ekman
and theorists of discrete emotions. They assume that these
emotions are everywhere displayed and recognized from
facial expressions. FACS also provides rules for
recognizing AU time segments (start, culmination,
completion) in the front-end video. However, the main
disadvantage of this system for automatic video
recognition is the fact that the movements of the facial
muscles on 2D frame images can not always be detected
by filters, detectors, or other algorithms to numerically
evaluate the properties of images. The researchers noted
that methods based on geometric features, often exceeded
those that are based on the use, for example, of wavelets
or Gabor eigenvectors [11].

A separate problem is the definition of dimension of
such a model. It is directly related to the clustering
method, which is used for recognition. For example, the
model in Fig. 1c contains 83 points, taking into account
the number of their coordinates, the dimension of the
feature vector can be equal to N = 166 (in the 2D case) or
N = 249 (in the 3D case). If a neural network or neuro-
fuzzy system is selected for clustering, the number of
adjusting parameters can be 2".

For some types of neural networks, neuro-fuzzy
systems, it is possible to reduce the number of
configurable parameters to NxM, where M is the
dimension of the output vector (it is determined by the
number of recognizable emotions and their
combinations). Nevertheless, for real-time processing, the
represented dimension of the attributes input vector will
also be unacceptable.

@ Threshold Multiply
| [ 1
f 7112 102 4 1|10/ 4
{ 2 |(5)] s 8 16 0 16
; 513|0 32 |64 | 128 2|0
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Figure 1 — Examples of approaches to the face characteristic features determining: a — using local binary masks;
b — using the Gabor filter; ¢ — using the adaptive model of appearance
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3 MATERIALS AND METHODS
In this paper, the system of human face expressions
automatic recognition in real time, based on the
multidimensional extended neo-fuzzy neuron [14], is
considered.
This system implements a fuzzy Takagi-Sugeno
inference of an arbitrary order (p—1) in the form:

IF X; IS X;; THEN THE f (xi) IS
(1)

Wil Wi e Wi P = 1,2, h

Its architecture is shown in Fig. 2. The input layer of
the system consists of extended neo-fuzzy neurons, the
intermediate layer consists of elements performing non-
linear transform, and the output layer combines the output
values into the resulting vector.

In the input layer, the extended neo-fuzzy neurons

convert the input signals
X(K) = (% (K)o X; (K)o Xq (K))" s follows:
fi (%) =wl 5 (%) )

where

th nonlinear synapse in neo-fuzzy neuron; |=1,2,...,h,
i=12,..n; pji(x) — the I-th membership function in the

i-th nonlinear synapse, realizing the fuzzification of a
crisp component X; .

Elements of the intermediate layer compute the signal:

Vj(k):\y(yj(k)):tanh(yj(k)). @)

Output layer detects the maximums in the calculated

learning algorithm values v;(k), j=L2..m; m -

number of emotion to recognize:

5 m

y(k) =sjur1>{vj (k) 5)
which is necessary if the learning vector set in the range
[0, 1].

As a basis for the feature vector, it is proposed to use a
set of 35 characteristic points. Their location scheme is
shown in Fig. 3.

Taking into account the number of their coordinates
X1, Y1, X2, Y2, .., X35, Y35, the dimension of the
feature vector can be equal to N = 70 (for the recognition
by 2D images). These points can be localized in the face
area using contour detectors, for example, using SURF
[15] or Shi-Tomasi detectors [16].

The placement of such points can indicate the basic
facial actions of the FACS system in the facial dynamics.
The action unit codes and the numbers of the corresponding
characteristic points are presented in Table 1.
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Figure 2 — Multidimensional extended neo-fuzzy neuron
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Figure 3 — 35 feature points location

As noted in [1, 2], the basic human emotions (anger,
fear, disgust, happiness) correspond to the repetitive
sequences of certain AUs:

Anger A4+AS5+AT+A23
Disgust A9+A15+A16

Fear A1+A2+A4+A5+AT+A20+ A 26
Happiness A6+A12

Sorrow Al+A4+A15
Surprise A1+A2+A5+A26.

Then the emotion of anger, for example, can be
detected by changes in the position of proposed points as:

A4+AS+ATHA23 =(1,2,3,7,8) + (7, 8) + (3, 7, 8,

15) + (20, 21, 24, 29, 30, 31).
for the right side of the face and

A4+ASTATHA23 = (4, 5, 6, 11, 12) + (11, 12) + (4,
11,12, 16) + (21, 24, 22, 31, 32, 33).

for the left side of the face. Other basic emotions are
indicated using the proposed set of points in a similar
way.

Adaptive models of shape appearance use not only
positions of individual points, but also the location of
especial lines. These include nasolabial folds, facial
wrinkles and so on. In addition, the relative position of the
eyes, corners of the mouth, and the wings of the nose also
indicate a change in the state of a person. These indicators
can be calculated on the basis of the values of the
coordinates of the proposed 35 characteristic points.

Absolute and relative distances from the corners of the
lips to the outer corners of the eyes (Fig. 4) are calculated
in accordance with the formula (6):

DI = /(X17-X20)* +(Y17-Y20)?,

D2 = (X19-X22)% +(Y19-Y22)?,

m:\/(X18—X21)2+(Y18—Y21)2, ©6)
Kiz=2!

m
K13=22,

m

The distance from lips corners to the outer eyes
corners (Fig. 4):

D3 =4(X7-X20)% +(Y7-Y20)?,

(M

D4 =J(X12-X22)% +(Y12-Y22)}

The distance from the lips corners to the eyebrows
outer corners (Fig. 4):

D5 = /(X1 X20)* +(Y1-Y20)?,

®)

D6 = |(X6-X22)% +(Y6-Y22)°.

Table 1 — The action unit codes and the numbers of the corresponding characteristic points

. . . Numbers of the correspondin Numbers of the correspondin
Facial action units (AU) of the FACS characteristic points of thel;ight sigde of characteristic points of thﬁf left si(%e of
system
the face the face
Al 2,3 4,5
A2 1,2 5,6
A4 1,2,3,7,8 4,5,6,11,12
AS 7,8 11,12
A6 7,15,34 12, 14, 35
A7 3,7,8,15 4,11,12,16
A9+A10 1,2,3,7,8,9,34,17,20,21 4,5,6,10,11,12,35,19,20,22
All 17,34 19,35
Al2 20,21,24,34,29,30,31 21,24,22,35,31,32,33
Al3 20,21,24,34,29,30,31 21,24,22,35,31,32,33
Ald 20,21,24,34,29,30,31 21,24,22,35,31,32,33
Al5 20,21,24,29,30,31 21,24,22,31,32,33
Al6 20,21,24,30,31 21,2422,31,32
Al7 20,21,24,30,31 21,24,22,31,32
Al 20,21,24,34,29,30 21,24,22,35,32,33
A20 20,21,24,29,30,31 21,24,22,31,32,33
A22 20,21,24,34,29,30,31 21,24,22,35,31,32,33
A23 20,21,24,29,30,31 21,24,22,31,32,33
A24 20,21,24 21,2422
A25, A26,A27, A28 20,21,24,29,30,31 21,24,22,31,32,33
A41,A42,A43 1,2,3,7,8,9 4,5,6,10,11,12
A44,A45,A46 1,2,3,7,8,9,15 4,5,6,10,11,12,16
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The distance from the lips corners to the eyebrows
inner corners and their ratio (Fig. 4):

D7 =J(X3-X20) +(Y3-Y20)?,

D8 = /(X4 X22) +(Y4-Y22)?, )
KII:E.
D8
The mutual eyebrows and eyes position (Fig. 5):
DI10=Y2-Y8,
Dl1=Y5-v11, Dl4=Y8-YI5,
DI2=Y2-Y13, DI5=Y11-Yl6. (10)
DI3=Y5-Y14,
The eyebrows position and curvature (Fig. 5):
D17=Y3-Y],
D18=Y3-Y2,
3y
D19=Y4-Yé,
D20=Y4-Y5.

The mutual position of the eyes, wings of the nose and
cheeks (Fig. 5):

D21 =(X9- X34)% +(Y9-Y34),

2

>

(12)

( )
D23 =/(X17—-X34)" +(Y17-Y34)?,
( )

2

X19-X35)> +(Y19-Y35

(

D22 = \/(X10-X35)* +(Y10-Y35
(

D24 = 4/(

20

4
Figure 4 — Scheme for calculating the absolute and relative
distances from the lips corners to the outer eyes corners, the
distance from the lips corners to the eyebrows outer corners, the
distance from the lips corners to the eyebrows inner corners and
their ratio

;L S8
Figure 5 — Scheme for calculating the mutual eyebrows and
eyes position, the eyebrows position and curvature, the mutual
position of the eyes, wings of the nose and cheeks
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The relative mouth opening and width (Fig. 6):

a=Y24-Y2l,
b=Y31-YI8,
c=X19-X17,
(13)
d = X22— X 20,
kKi=2k2=9.k14=9.
b o a

31

Figure 6 — Scheme for calculating the relative mouth
opening and width, the relative eye size and inclination

The relative eye size (Fig. 6):

e=X9-X7,
f = X12-X10,
¢ (14)
K3=S:Kka=_.
C c
The eye inclination (Fig.6):
g =X10- X9,
h=X14-X13,
i=Y9-Y7, s
k=Y12-Y10, (15)
Ks=2iKk6=1:Kk7=" kg=X.
h h g g
4 EXPERIMENTS

For a comparative evaluation of the different in
composition and dimension characteristic points vectors,
photographs from two open image databases that were
designed to solve the problems of facial expressions
recognition were used: Psychological Image Collection at
Stirling [17], partly from the Extended Cohn-Kanade
database [18]. Another important question was the
verification of the recognition system on the basis of the
neo-fuzzy neuron, if the training sample is small (up to
1000 samples). Photographs were selected from the image
databases, where the person emotional state expression
degree is different — from barely visible, to strongly
noticeable.

The total number of photos in the training sample was
344, their distribution by basic emotions is shown in
Table 2.
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Table 2 — Dimensions of photos training sets for single emotions

Emotion Anger Disgust Fear

Happiness Sorrow Surprise Neutral

Data set size 49 66 35

45 19 50 80

For these photographs, the coordinates of the proposed
35 points were found: X1, Y1, X2, Y2, ..., X35, Y35, and
then calculated the indicators D1, ..., D24 and KI, ...,
K14. To test the possibility of the feature vector
dimension reducing, two sets of data were additionally
formed. The first set includes the coordinates of four
points from the original vector. These are points 13, 14,
18, 23 (Fig. 7a). In the second set — the coordinates of 22
points (Fig. 7b).

AJ" Jf

Figure 7 — Disposition of points in additional data sets

The resulting feature vectors were used to learn a
facial expression automatic recognizing system based on
a multidimensional extended neo-fuzzy neuron (Fig. 2).
In the power polynomial of this neuron nonlinear synapse,
the terms number equal to three is assumed. Thus, this
system implements the Takagi-Sugeno second order fuzzy
inference. The number of membership functions and
learning epochs was variable. The recognition system
learning results are given in Tables 3—6.

5 RESULTS

As a result of the experiment, it was found that the
reduction of the feature vector dimension can be
compensated by increasing the membership functions
number in the multidimensional extended neo-fuzzy
neuron structure. Characteristics in the form of distances
between feature points reduce the system learning rate.
This problem can also be solved by increasing the
membership functions number.

Table 3 — Percentage of unrecognized emotions, when the feature vector includes the coordinates of 4 points

Number of Basic emotions The average
learning . . . percentage of
epochs Anger Disgust Fear Happiness Sorrow Surprise Neutral unrecogmzed
emotions
Number of membership functions =7
10 55 80 100 86.7 100 92 53.8 93
30 67.4 72.7 100 82.2 89.5 82 50 77,3
50 63.3 65.2 100 77.8 89.5 76 50 75,3
70 65.3 63.6 100 77.8 89.5 72 48.8 86
150 61.2 59.1 100 77.8 84.2 68 47.5 84
2000 57.1 424 92.9 75.6 57.9 46 51.3 46
Number of membership functions =9
2000 [ 592 [ 379 | 80 | 733 [ 368 | 36 [ 438 ] 58
Number of membership functions = 11
2000 [ 571 ] 50 | 686 ] 66.7 [ 368 | 40 [ 475 ] 45

Table 4 — Percentage of unrecognized emotions, when the feature vector includes the coordinates of 22 points

Number of Basic emotions The average
learning ) _ ) percentage of
epochs Anger Disgust Fear Happiness Sorrow Surprise Neutral unrecogmzed
emotions
Number of membership functions =7
10 63.3 63.6 94.3 77.8 89.5 62 66.3 73.8
30 53 48.5 82.9 68.9 84.2 40 58.8 62.3
50 51 40.1 77.1 66.7 84.2 30 53.8 57.5
70 48.9 43.9 65.7 48.9 73.7 28 42.5 50.2
150 36.7 33.3 65.7 444 36.8 20 36.3 39.0
2000 18.4 4.6 25.7 15.6 15.8 6 17.5 14.8
Number of membership functions =9
2000 | 122 [ 106 [ 171 ] 6.7 [ 105 ] 4 [ 188 ] 11.4
Number of membership functions = 11
2000 [ 61 [ 46 | 143 | 22 [ 53 ] 2 [ 113 ] 6.5
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Table 5 — Percentage of unrecognized emotions, when

the feature vector includes the coordinates of 35 points

Number of Basic emotions The average
learning ‘ ) . percentag_e of
epochs Anger Disgust Fear Happiness Sorrow Surprise Neutral unrecogmzed
emotions
Number of membership functions =7
10 63.3 75.5 65.2 91.4 84.4 94.7 64 77.5
30 53 65.3 39.4 85.7 62.2 78.9 36 68.8
50 51 53.1 30.3 62.9 51.1 63.2 30 62.5
70 48.9 44.9 27.3 65.7 48.9 52.6 26 51.3
150 36.7 30.6 18.2 51.4 33.3 42.1 24 40
2000 18.4 12.2 6.1 20 6.7 15.8 4 11.3
Number of membership functions = 9
2000 [ 2 [ 46 [ 86 | 44 | 53 0 [ 63 ] 44
Number of membership functions = 11
2000 [ 2 ] 0 [ 57 ] 44 0 0 | 0 | 1.7

Table 6 — Percentage of unrecognized emotions, when the featu

re vector consists of the parameters D1, ..., D24 and K1, ..., K14

Number of Basic emotions The average
learning . . ' percentage of
epochs Anger Disgust Fear Happiness Sorrow Surprise Neutral unrecogmzed

emotions

Number of membership functions = 11

2000 26.5 6.1 28.6 222 15.8 4 15 16.9

4000 24.5 3 25.7 24.4 15.8 4 11.3 15.5

8000 22.5 3 25.7 17.8 15.8 2 12.5 14.2
Number of membership functions = 13

8000 | 184 [ 6.1 [ 17.1 ] 11.1 [ 158 ] 2 | 75 ] 11.1
Number of membership functions = 17

8000 [ 122 ] 4.6 [ 57 ] 4.4 | 53 4 | 5 | 5.9
Number of membership functions =21

8000 [ 41 ] 1.5 | 57 ] 0 0 0 | 1.3 | 1.8

6 DISCUSSION training data of tens and hundreds of thousands of

The experiment shows that for the system of emotions
recognition based on a multidimensional expanded neo-
fuzzy neuron, there is not enough a feature vector that
includes only the coordinates of four characteristic points
(position of the eyes, nose and mouth). The recognition
accuracy cannot be increased by increasing the training
duration or the nonlinear synapses number. Obviously, it
would be easier to find four characteristic features in the
video sequence using automatic detectors, but for the
clustering system will not be enough of these data.

On the other hand, the use of the distances between
facial features to describe the facial expression dynamics
leads to the need to increase the duration of the system
training. Since these distances are parameters that are to
be calculated from the coordinates (that is, in fact, they
are indirect data), their application for automatic analysis
of facial expressions is less preferable.

As a result of the experiment, a high efficiency of
vector consisting of 35 characteristic points coordinates
was established for automatic recognition of facial
expressions using a system based on a multidimensional
expanded neo-fuzzy neuron. High clustering accuracy is
achieved already for 2000 learning epochs with 11
nonlinear synapses in the neuron structure. The reduction
of the feature vector dimension (up to 22 points) leads to
an increase of training duration and can be compensated
by increasing the synapses number to 21. Let’s note here,
that the number of training samples does not exceed 1000.
This is quite important for many practical problems, when
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samples are inaccessible.

CONCLUSIONS

The problem of basic human emotions automatic
recognition in real time is considered. For this task, a
multidimensional extended neo-fuzzy neuron is used.

The scientific novelty of the work lies in the fact that
the feature vector dimensionality is determined for the
proposed computational architecture. It can include both
the coordinates of individual characteristic points, and the
distances between them. These data vector correlate well
with the well-known facial action coding system. The
system learning rate can be increased by increasing the
number of neo-fuzzy neuron membership functions.
Detection of characteristic points in the automatic
recognition system can be realized in real time using
standard detectors. Despite the small volumes of the
learning sample set, the system provides high recognition
accuracy. This factor is especially important in such
practical applications, where it is not always possible to
obtain thousands and tens of thousands of training
samples.

The practical significance of obtained results is that
the size of the feature vector has been found that provides
high accuracy of automatic recognition of basic emotions
from 2D images. The experimental results allow using
this vector to study the dynamics of facial expression by
video.
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®OPMYBAHHS BEKTOPY XAPAKTEPHUX O3HAK JUISI PO3III3BHABAHHS BUPA3IB OBJINYYST
3A JOITIOMOI'OI0 HEO-®A331 CUCTEMU

Boasinebkmit €. B. — n1-p TexH. Hayk, mpodecop, kepiBHHK [IpobieMHOI HayKOBO-AOCHIIHOI Jaboparopii aBTOMaTH30BaHHX
CHCTEM YTpaBIiHHA, Tpodecop Kadenpu INTYYHOTO iHTENIEeKTy XapKiBChKOTO HALlIOHAIBHOTO YHIBEPCHTETY paliOCNeKTPOHIKH,
XapkiB, YkpaiHa.

KyaimoBa H. €. — kaH1. TeXH. HayK, JAOLEHT, nmpodecop kadeapu MeaiacHCTeM Ta TEXHOJOTiH XapKiBCbKOTro HaliOHAJIEHOTO
YHIBEPCHUTETY pafioeneKTpoHikH, XapKiB, YkpaiHa.

Trauenko B. II. — xanza. TexH. Hayk, podecop, 3aBixyBad KaheapHu MeaiacucTeM Ta TEXHOJOTiH XapKiBChKOTO HalliOHAIBLHOTO
YHIBEPCHTETY paJliOeJICKTPOHIKH, XapKiB, YKpaiHa.

AHOTAULIA

AxTyanbHicTh. CTaTTs IPHUCBSYCHA BUBYCHHIO MpodieMu (GopMyBaHHsI HAOOpY HABUAJIBHHUX JaHHUX [UISI CHCTEMH aBTOMATHYHOTO
pO3Mi3HaBaHHS €MOLii JIOJWHU Ha OCHOBI 0araTOBUMIPHOTO PO3MIMPEHOTO Heo-(a33i HelpoHa. Po3rmsimaroThes acmekTH BHOOpPY
PO3MIpPHOCTI 1 CKJIagy BEKTOPY O3HAK, X BIUIMBY Ha MIBHIKICTH HABYAHHS CHCTEMH.

OO0’ €KTOM JOCHIDKEHHS € METOJI KllacTepr3allii 0araToBUMipHUX JaHUX. [IpeqMeT HOCHiPKeHHS — CUCTeMAaTH3allis TeOMETPHIHUX
O3HaK JIBOBIMIpPHUX 300pa<eHb.

OcHOBHa MeTa poOOTH — PO3POOKA MiXOY JI0 OMKCY BUPAa3y OOIHYYS JIFOIUHH 33 JOMOMOTOK0 (DiKCOBAHOIO HAOOPY reOMETPHYHUX
03HaK, sIKi MOXKYTh OyTH OTpPUMaHi B X0/li 0OPOOKH KaJIpiB BiCOPSIY.

Meron. [lns HaBYaHHA CHCTEMM pO3IMi3HABAaHHA BHUpa3iB OOJMYYS IPONOHYETHCS YTBOPUTH BEKTOpP O3HAK, LIO CKIANAEThCS 3
KOOpJIHMHAT XapaKTepHUX TOYOK. BrOpaHi Taki TOUKH, SIKi MOB’s13aHi 3 PO3TAIIyBaHHIM i ()OPMOIO 3iHUIIb 04, KOHTYypamu Ty0, HOBIK,
OpiB, KpWJI HOCA, HOCOTYOHUX CKJIanOK. [101i0HI TOUKM TOCHUTH JIETKO MOKHA BHIUIATH B aBTOMATHYHOMY PEXHMi 00pOOKH 300paKeHb
3a JJOOMOTOI0 BiZIOMHMX KOHTYPHHX AETEKTOpiB. TaKoX PO3IVISIHYTO MOXKIMBICTH BUKOPHCTaHHS JUISl ONMCY BHUPKEHHS O00JIMYYs HE
KOOpAMHAT XapaKTepPHUX TOYOK, a BiJICTAaHEH MK HHUMH. 3 LMX BiJICTaHEH CTBOPEHO IHIIMH BEKTOP O3HAK, BIACTHBOCTI SKOro OyIio
[OPiBHSHO 3 BIACTUBOCTSIMH BEKTOPY 3 KOOP/HHAT TOYOK.

PesyabTatn. Po3pobneHa cucreMa po3mi3HaBaHHA Ha 0a3i 0araTOBUMIPHOTO pO3IIMpPEHOro Heo-(assi Heilpona Oyna
peayizoBaHa y HporpaMHoMy 3a0e3redeHHi Ta JIOCIHiJKeHa Uil BUpIeHHs npobiemu kiacudikanii BupasiB obnuyus. 3pobieHo
MOPIBHSHHS BEKTOPIiB aTpuOyTiB, 1[0 BiAPIi3HAIOTHCS 3a CKIAIOM Ta po3Mipamu. OOpaHO TaKy CTPYKTYpy BEKTOpY O3HAK, IO
3a0e3reuye BUCOKY LIBUJIKICTh HABUAHHS CUCTEMHM, Ta HE BUMArae BBEJICHHS JIOIATKOBUX CTPYKTYPHUX €IE€MEHTIB.

BucHoBku. ExcriepuMeHTanbHe TOCTIIHKEHHS MMOBHICTIO MATBEPMKYE €(DEKTUBHICTH PO3POOICHOrO MiIXOAy A PO3Mi3HABAHHSI
BUpa3iB 00JIMYYs JIFOIUHY 3 BUKOPUCTaHHIM 0araToBUMipHOTO Heo-(a33i HeiipoHa.

KJIIOYOBI CJIOBA: po3nizHaBaHHs BUpa3iB 001MI4s, XapaKTepHi 03HAKH, Heo-(a33i HelipoH, (GyHKIis IPHHAIEKHOCTI, HeUiTKa
KJIacTepu3allisi, 00YNCITIOBATLHAN IHTEIICKT.

© Bodyanskiy Ye. V., Kulishova N. Ye., Tkachenko V. Ph., 2018
DOI 10.15588/1607-3274-2018-3-10

96



e-ISSN 1607-3274 PagioenexrpoHika, inpopmatuka, ynpasminsas. 2018. Ne 3
p-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2018. Ne 3

YK 004.825:004.932.72°1
®OPMHPOBAHHME BEKTOPA XAPAKTEPHBIX ITPU3HAKOB JIJISI PACIIOSHABAHUSA BBIPAKEHWI JIMIIA C
IIOMOIIBIO HEO-®A33U CUCTEMBI
Boasinckuii E. B. — 1-p TexHn. Hayk, mpodeccop, pykoBoautenab [IpoGrneMHO# Hay4HO-HCCIEI0BAaTENbCKOW J1abopaTopun
aBTOMATH3UPOBAHHBIX CHUCTEM YIpaBieHMs, npodeccop Kadeapbl HCKyCCTBEHHOIO HHTEIIEKTa XapbKOBCKOTO HAIMOHAIBHOIO
YHUBEPCUTETA PAAUOIINEKTPOHUKH, XapbKOB, YKpanuHa.

KymumoBa H. E. — kana. TexH. Hayk, OOLEHT, mnpodeccop kadeapsl MeAHAaCHCTEM H TEXHOJOTWH XapbKOBCKOTO
HAIMOHAJIBHOIO YHUBEPCUTETA PaJUO3ICKTPOHUKH, XapbKOB, YKpauHa.
Trauenko B. ®. — xaHx. TexH. Hayk, mpodeccop, 3aBeAyromMi Kadeapsl MeIUacHCTeM M TEXHOJOIHH XapbKOBCKOTO
HAIMOHAJIBHOI'O YHUBEPCUTETA PAUO3IEKTPOHUKH, XapbKoB, YKpauHa.
AHHOTANUA

AxTyanbHocThb. CraThsi TOCBAIIEHAa H3y4YeHHIO MpoOiieMbl (opMupoBaHHs Habopa OOydYarOUIMX [OAHHBIX IJISI CHCTEMBI
aBTOMAaTHYECKOTO pACIO3HABaHHMS SMOIMH 4YeJoBEeKa Ha OCHOBE MHOTOMEPHOTO PpACHIMPEHHOro Heo-(a33u HelpoHa.
PaccmarpuBaroTcs acneKTsl BEIOOpa pa3MEpPHOCTH 1 COCTaBa BEKTOPA MPU3HAKOB, UX BIMSHUSA HA CKOPOCTh O0YIEHHS CHCTEMBL.

OOBEKTOM HCCIIE0BAHUS SIBISIETCS METOA KJIACTEPH3AI[MM MHOTOMEpHBIX JaHHBIX. [Ipenmer ncciaemoBaHus — CHCTEMaTH3AIHS
TEOMETPHIECKHX IIPU3HAKOB ABYMEPHBIX H300paKeHHH.

OcHoBHas LielTb paboTHI — pa3paboTKa IMOX0/a K ONHMCAHUIO BHIPA’KSHU JINIA YeI0BEKa ¢ IOMOIIbI0 (puKCHpoBaHHOTO Habopa
TeOMETPHYECKHX MTPU3HAKOB, KOTOPBIE MOT'YT OBITh OJIyYEHBI B X0J1e 00pabOTKH KaJlpOB BUIEOPsA.

Metoa. [Ins oOydeHHs: CHCTEMBI paclO3HABAaHMS BBIPOKCHUH JIMLA INpe/laraeTcsi co3ZaTh BEKTOP IPH3HAKOB, COCTOSIIMN M3
KOOPJMHAT XapaKTEpHBIX TOYEK. BpIOpaHbI Takue TOUKH, KOTOPHIE CBS3aHBI C PACIIONOXKEHUEM U (pOPMOI 3pavkoB Iiia3, KOHTYD Iyo,
BeK, OpoBeil, KpbUIBEB HOCA, HOCOTYOHBIX CKagoK. [1o100HbIE TOUKH JOCTATOYHO JIETKO MOXKHO BBIJENIATH B ABTOMAaTUUECKOM PEXXKUME
00paboTKH M300paKEHUH C MOMOIIBI0 M3BECTHBIX KOHTYPHBIX JETEKTOPOB. TakkKe PacCMOTPEHA BO3MOXKHOCTH HCIIONB30BAHHSA IS
ONMCAHMS BBIPKCHHE JIMIA HE KOOPAMHAT XapaKTEpPHBIX TOYEK, a PACCTOSHUN MEXTy HUMHU. M3 3TMX paccTOSHMII cO3MaH APYyToit
BEKTOp TPU3HAKOB, CBOHCTBA KOTOPOTO OBLIM CPABHEHBI CO CBOMCTBAMHU BEKTOPA U3 KOOPAMHAT TOYEK.

Pe3yabTarel. Pa3zpaGoranHas cucTeMa pacno3HAaBaHHMS Ha OCHOBE MHOTOMEPHOTO pAaCIIMPEHHOro Heo-(pa33n HelpoHa
peann3oBaHa B INPOrpaMMHOM OOECIIEYEHMH W HCCIIE[OBaHa JUIsl pEIIeHHs NpoOJeMbl KiacCH(UKALMK BBIPAXEHUH JIHIA.
BEeInonHeHO CpaBHEHHWE MEXIy BEKTOpaMHM aTpuOyTOB, KOTOpbIE OTJIHMYAIOTCS II0 COCTAaBy M pa3MepHOCTH. BriOpaHa Takas
CTPYKTypa BEKTOpa IPHU3HAKOB, KOTOpas OOECHEeYMBacT BBICOKYIO CKOPOCTb OOydeHHSI CHCTEMBI, M He TpeOyeT BBEICHUS
JOTIOJTHUTEIBHBIX CTPYKTYPHBIX JIEMEHTOB.

BbiBOABI. DKCIIEPUMEHTATBHOE HCCIEIOBAHUE MOJTHOCTHIO TMOATBEPKAaeT 3()(HEKTHBHOCTH pa3padOTaHHOTO TOAXOMAA LIS
pacno3HaBaHMs BEIPAKCHHUH JINIA YeT0BEKa C UCIONIb30BaHHEM MHOTOMEPHOTO Heo-(a33u HelipoHa.

K/IIOUEBBIE CJIOBA: pacrio3HaBaHue BBIDOKEHUH JIMIA, XapaKTepHbIE IPU3HAKH, Heo-(pa33um HeHpoH, (yHKIus
MIPUHAUIEKHOCTH, HeUeTKas KIIaCTepHU3alyisl, BEIYUCIUTSIBHBIA HHTEIUICKT.
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