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EEG ANALYSIS OF PERSON FAMILIARITY
WITH AUDIO-VIDEO DATA ASSESSING TASK

To solve the problem of assessing a person’s familiarity with audio-video data, various methods of machine learning were com-
pared. The feature space has been optimized for the best way to make such an assessment. The high efficiency of the genetic algo-

rithm in the problem of optimizing the space of attributes is shown.
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Introduction

Assessment of the emotional state of students in the
process of studying the lecture material is an impor-
tant task in both scientific and practical terms [1].
However, such studies are rather complicated due to
the fact that the indicators of the emotional state dif-
fer considerably, depending on whether the studied
material is familiar to the student or not [2].

Studies [3, 4] show that the assessment of the
degree of familiarity with the presented material
allows much more accurate assessment of the emo-
tional state. Dynamic evaluation of familiarity with
the materials, also allows us to estimate the speed
of the skills mastering, which require repetition of
the material, as shown in [5] using the example of
evaluating familiarity with integrated development
environments.

Thus, the control of the educational process
would be much more effective if it were possible to
objectively evaluate, by the totality of signs, the fa-
miliarity of a particular student with the materials
presented to him/her.

Evaluation of the level of familiarity with the
presented audiovisual data is also needed in other

areas, in particular, in the developing area of neu-
romarketing research [6—S8].

Purpose

The purpose of the article is to conduct a compara-
tive analysis and experimental study of the effec-
tiveness of various machine learning methods, to
build a model for determining familiarity with the
presented audiovisual materials, based on the anal-
ysis of the user’s EEG signal, and to determine the
set of signs that best classify this signal.

Using the EEG signal
in the analysis of cognitive activity

Due to technical progress in the methods of extrac-
tion and filtering of EEG, as well as the spread of
EEG monitors with a reasonably simple connec-
tion to a PC, it is theoretically possible to use EEG
monitoring to determine whether a person is famil-
iar with the presented audio-video data.

It is known that the cognitive activity of the brain
in many states correlates with EEG indices [9]. So
in recent studies, precise correlates of EEG have
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been found with orientation in an imaginary maze
[10], solving verbal and spatial problems [11, 12].

To solve the general problem of analyzing cogni-
tive activity, in addition, to pick up a signal, it is
necessary to solve several types of problems.

The first type is directly related to the physical na-
ture and methods of the EEG signal extraction. EEG
sensors record the total activity of many independent
sources (individual neurons) from the surface of the
skull, which leads to the fact that the received signal is
noisy and has recording artifacts. These artifacts can
reveal themselves either as a result of external (pick-
ups from electrical equipment, poorly fixed elec-
trodes) and for internal reasons (for example, changes
in potential due to eye movement or electrical muscle
activity). Given the chaotic nature of the EEG signal,
even a small noise can significantly change the analy-
sis results. Fortunately, there are well-established
methods of automatic filtering and error correction.
These include noise suppressing filters of high and
low frequencies, filters with a finite impulse response,
the common average reference [13].

The second type of the tasks is associated with the
difficulties of analyzing and interpreting obtained
data. In the absence of objective features of cognitive
activity in the original signal of an electroencephalo-
gram, one or several methods of identifying character-
istic features are traditionally used in EEG analysis:

= statistical analysis;

= spectral analysis;

= signal analysis in the time-frequency domain.

The statistical analysis considers various statisti-
cal characteristics of the signal, such as dispersion
and an average signal value, it is the least complex
(of the above) methods and is often used in addition
to other methods [14].

Spectral analysis basically contains a signal con-
version from the amplitude-time to a frequency
domain. Within this conversion, signal power is
calculated in various frequency ranges (commonly
known as alpha, beta, delta, and others). This type
of analysis has been widely used in various medical
and non-medical tasks of EEG analysis, and the
characteristics obtained through its use correlate
with such cognitive processes as attention [15], a
solution of spatial and verbal problems [16], read-
ing and mental calculation [9].
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The third type of task is the selection of significant
features. It is known that different areas of the brain
are responsible for different types of cognitive activ-
ity [17]. Although currently there are only few unam-
biguous indicators of the participation of the certain
brain areas in a specific cognitive task, it is possible to
note that not all areas of the brain, and not all char-
acteristics of the EEG signal will contribute equally.
This fact creates the need for feature selection to im-
prove classification accuracy. In addition, reducing
the dimension of the feature space significantly re-
duces the computational complexity of many math-
ematical analysis algorithms, which is especially use-
ful in real-time execution applications.

The last, fourth task is the selection and optimi-
zation of a mathematical classification model. This
class of tasks is a subclass of the currently popular
class of supervised machine learning problems, and
has many solutions, such as logistic regression, a
naive Bayes classifier, decision trees (as well as en-
semble models based on this method), the k-near-
est neighbors method, linear support vector ma-
chine (and its nuclear version) and various neural
network models.

It is important to note that the third (the choice
of significant features) and the fourth (selection
and optimization of the model) tasks are strongly
related (the choice of significant features in prac-
tice may largely depend on the model), and for this
reason are performed in an arbitrary order.

Analysis of existing approaches to solving the
classification problem

Before proceeding to the solution of the prob-
lem, we will briefly describe the existing approach-
es to machine classification, which will be used in
experimental studies.

Logistic regression. This model considers the
probability of occurrence of an event as a depend-

ent variable |

—(09+0,x,+..40 ,x,,) ? (1)

y:
I+exp

where x,, ..., x — is a set of independent variables,
and 0, ..., 0 — regression coefficients.

Naive Bayes classifier. This model is based on the
maximum aposterior probability and treats each
input parameter as an independent variable. Thus,
the probability of occurrence of the desired event
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is defined as
Plel )~ PXLOPE)
P(X) '
where P(c[X) is the a posteriori probability of class ¢
with a given set of independent variables X, P(c) —
is the a priori probability of a given class, P(X|c) —
is the probability of a given characteristic values for
a given class, P(X) — is the probability of a given
characteristic value.

Decision trees. The method of the decision trees
is based on the idea of recursive division of the set
of elements of X into such subsets in order to maxi-
mize entropy. To do this, first calculate the entropy
of the original set:

H(X)=-Yp,log, p, 3)

i=1
and then at each step of the algorithm, the infor-
mation increment function is calculated for each
of the attributes of the set:

(2)

X
> | "|H(Xa) “4)

Gain(X,A) = H(X) - ]

aevalues(A)
where values(A) are all received attribute values of
A, X isasubset of the data set in which A=a, [X| —
the number of elements in the set.

The attribute with the largest information in-
crease is selected as separating for a given step,
and the algorithm proceeds to the next step. The
number of steps of the algorithm (called tree depth)
is a configurable parameter.

Method k-neighbors. The method is based on
the principle of similarity of the object with the ma-
jority of the nearest neighbors. For this, for each ob-
ject from the test sample, the distance to all objects
of the training sample is calculated, and the object
class is determined as the most frequent among the
k closest objects.

y=argmax Y I1(y, == y), Q)

k=1

The parameter k is a configurable parameter of
this method.

Linear method of support vector machines (SVM).
This method occupies an important place in the
modern theory of the pattern recognition and suc-
cessfully competes with the multilayer neural net-
work pattern recognition systems [18].

Let there be a training set:: (x,, y,), ..., (X, ¥,)),
x, € R, y. €{-1,1}. The idea of the method for the
binary classification problem is to divide all the
learning points by the classifier hyperplane so that
the separation and the difference between the 2
classes are maximum. The classifier hyperplane is
defined by the function:

{w,x)+b=0, (6)

where w is a normal vector to the separating hyper-
plane, b — is an auxiliary parameter. To do this, the
optimization problem is solved:

arg min | (7)
yi(w,x)+b)zLi=1..m.

The kernel method of support vector machines.
This method is a generalization of the SVM meth-
od for linearly inseparable cases and is based on the
mapping of the original features of X into a space of
higher dimension @: R"—X where the set becomes
linearly separable. Thus (6) takes the form

F(x)=sign({w,x)+b) (8)

The function K : X x X — R is called the ker-
nel, if it can be represented in the form of K(x,x') =
= (0(x),4(x)),, with a mapping ¢: X — H, where
H — space with scalar product.

The task of building a model using the kernel me-
thod of SVM is reduced to choosing / building the
most optimal kernel for this task. Building an ad-
equate kernel is an art and, as a common practice, re-
lies on a priori knowledge of the subject domain [19].

Multilayer perceptron. A multilayer perceptron
is a neural network with forward propagation of an
error and has the following features:

= consists of neurons with a continuously differ-
entiated activation function (usually logistic):

PO ——— )

1+exp

= contains several hidden layers of computation-
al neurons. These layers allow you to consistently
extract important features from the input image.

= provides a fully connected network architecture [20].

In addition to the above methods, we will also
investigate the following ensemble models:
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Random forest. This algorithm is to build an ensem-
ble of decision trees. Each of the trees is constructed
from a fixed sample with a return, from the original
training set. The number of trees and the size of a fixed
sample are parameters of this method in addition to
the parameters of the decision trees themselves [21].

Gradient boosting decision trees. This method
considers the decision tree algorithm:

b(x) = Zle[x € Xj]

in which the feature space is divided into a finite fam-
ily of domains{Xj}, in each of which B, is chosen inde-
pendently, in order to minimize the error. The error
function, for a fixed family {X} takes the form:

regulating parameter for the gradient boosting is the

(10)

n
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Fig. 1. Research information technology block diagram.

speed of the gradient descent (also called the learn-
ing speed), and the configuration of the regions,
given by the depth of the trees and the number of
objects in trees [22].

Experimental design

The general block diagram of information tech-
nology for research is presented in Fig. 1. In the
“Building a classification model” stage, simple clas-
sification models imply logistic regression models,
naive Bayes, decision trees, k-neighbors, linear and
kernel SVM.

A set of real EEG from DEAP database [23] was
used for experiment. It represents multichannel re-
cordings of physiological signals (PS) of 29 volun-
teers. For each volunteer, 40 tests were conducted,
consisting of:
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Fig.2. The standard arrangement of electrodes “10—20”:
a — side projection; b — top view; ¢ — extended “10—20”
scheme

1. Recording PS in the absence of a stimulus
(baseline) with a duration of 3 s.

2. Recording PS in the presence of a stimulus
(display of an audio-video fragment) with a dura-
tion of 60 s.

3. Evaluation of an audio-video fragment by sev-
eral parameters, including the “Familiarity” pa-
rameter.

The EEG signal was recorded from 32 leads, with
a sampling frequency of 512 Hz, according to the
standard “10—20” (extended) electrode arrange-
ment (Fig. 2).

Each subject signal records, subsampled to 128 Hz,
was saved to individual data files, and translated into
the numpy data format of the python programming
language. Each data file contains 40 segments cor-
responding to 63s records (3s of the baseline and 60s
of the stimulus). Therefore, overall dataset consists of
29*40 = 1160 data segments.

Before the beginning of the analysis, each data
segment was aligned with the mean value of the
baseline, and the corresponding 3s records were
excluded from further analysis. Since many ma-

chine learning methods are sensitive to data out-
liers, emissions of more than 26 have been reduced
to a mean value:

X, X, e|:

1 M
X, -28,—>X +2
S 2,530, |

= 1 M 1 M
ﬁ;Xm,Xi ¢ {V;Xm —ZS,V;X,” +28 }

To construct the initial feature space, each of the
1160 data segments was divided into 15 parts with
a duration of 4 s. Next, for each part, in each of the
32 leads, the signal power was calculated in 4 fre-
quency bands: theta (4—8 Hz), alpha (8—12 Hz),
beta (12—30 Hz), gamma (30—64 Hz) . Thus, for
each of the stimulus, we received 32 * 15 *4 = 1920
characteristic features. Since most machine learn-
ing methods require normalized data, the obtained
spectral power values were normalized.

The initial target parameter “Familiarity” is pre-
sented in the form of values on an ordinal 5-point
scale. It was converted to a binary feature (“Famili-
arity”> = 3) and all data segments were divided into
2 derived classes. The ratio of classes in the original
sample is 0: 725 (62%), 1: 435 (38%). For further
use, the classes were balanced by dropping random
segments of a larger class. Thus, in a further study,
870 data segments, equally divided between the two
classes, were used.

For training and model testing, the resulting
data set was randomly divided into training and test
samples at a ratio of 70%/30%.

The model was measured using the accuracy
measure:

12)

P
Accuracy N (13)
where P is the number of correctly classified data
points from test sample, N is the size of the test
sample.

Since the majority of the above models have a
number of hyperparameters, responsible for learn-
ing speed and regularization of the model, the val-
ues choice was carried out using the method of ex-
haustive search from the logarithmic scale

[0.001, 0.003, 0.01, 0.03, 0.1, 0.3, 1, 3, 10, 30,
100, 300, 1000, 3000, 10000].

To implement the machine learning algorithms,
the Python programming language scikit-learn li-
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Fig. 3. Schematic representation of the data conversion to obtain the space of characteristic features: a — segmentation of
the signal into 4s parts; b — obtaining the spectral characteristics of the signal

brary [24] was used. For evaluation of models, selec-
tion of hyperparameters and genetic algorithm the
corresponding functions and modules in the Python
programming language were implemented.

The selection of the significant features was car-
ried out for a model built on the basis of the linear
SVM, since this model has a smaller number of
the regularization parameters, which made it pos-
sible to compare the different methods for select-
ing features.

Results of experimental studies

Using the above-described procedure for selecting
model parameters, the following parameters were
selected and the following model accuracy results
were obtained (table 1):

Models in the table marked with an asterisk
provide the accuracy of the above statistically sig-
nificant. Ensemble and neural network models
achieved the greatest accuracy.

Experiments have shown that further improve-
ment in the quality of models can be achieved us-
ing the feature selection method. To compare such
methods, a model of the linear method of support
vector machines was chosen, as one of the mod-
els with the least influence of the hyperparameters

ISSN 0130-5395, YCuM, 2018, N* 4

random selection, and a high dependence on the
dimension of the input data.

The following algorithms were used for the se-
lection of the significant features:

Principal component analysis. The essence of
the principal component analysis (PCA) method
is a significant reduction in the data dimension.
The original matrix X is replaced by two new ma-
trices T'and P, the dimension of which is less than
the number of variables (columns) of the original
matrix X [25].

Let there be a matrix of variables X of dimension
(M xN), where M is the number of samples (rows),
and N is the number of independent variables (col-
umns), which, generally, are many (N >>1). The
PCA is a method with minimal loss of useful in-
formation, since it uses new, formal variables 7 (a =
=1, ..., A), which are a linear combination of the
initial variables x (n=1,..., N)

,= DXt t Dy Xy (19
where p, — are the coefficients applied to the ini-
tial variables. With these new variables, the matrix
X is decomposed into the product of two matrices
T and P: P

X=TP' +E=>1p,+E.

a=1

(15)
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Fig. 4. The coefficients of the linear combination applied to the original characteristics: ¢ — derived from reference point P3
and applied to components Ne 0-19; b — from P3 to Ne 200-219; ¢ — from F8 to Ne 0-19; d — from F8 to Ne 200-219; (dark-
er areas correspond to the characteristics that have made a greater contribution to the corresponding principal component.
The names of the characteristics are formed as reference point + spectral range + the end timepoint of the segment)

Fig. 4 shows partial examples of the matrix of co-
efficients applied to the initial characteristics when
the number of significant features decrease to 447.
The total size of this matrix is 447 * 1920 values.

Experiments have shown that the use of the PCA
has made it possible to increase the accuracy of the

SVM model from 55.9 to 58.2%, while reducing the
number of significant features to 447.
Non-negative matrix factorization. This method
is based on the representation of a matrix Y € R™
as a product of matrices W € R™*and H € R*" | in
which all elements of the three matrices are non-

Table 1. Accuracy and appropriate hyperparameters for different models without feature selection

Model Hyperparameters Accuracy
Logistic regression * C =300 54,4%
Linear support vector machines* | C = 1000 55,9%
Kernel support vector machines* | C = 10000, y = 0.001 57,1%
K-neighbors Classification number of neighbors = 151 49,4%
Naive Bayes method — 47,1%
Decision trees method tree depth= 5 49,4%
Random forest ensemble model* | the maximum depths of trees = 2, number of features = 9 56,7%
Random forest ensemble model* | the maximum depths of trees = 2, number of features = 9 56,7%
Gradient boosting decision trees | the maximum depths of trees = 3, learning rate= 0.1, number of estimators = 100 | 57,5%
ensemble model*
Multilayer perceptron neural net- | number of neurons in the hidden layer = 10, o = 1 57,1%
work model with 1 hidden layer*
-|- with 3 hidden layers* number of neurons in the hidden layers = [10, 10, 30], o = 0.01 58.,2%
-|- with 5 hidden layers* number of neurons in the hidden layers = [20, 20, 10, 10, 20], oo = 0.01 59,0%
-|- with 7 hidden layers* number of neurons in the hidden layers = [10, 10, 30, 10, 50, 30, 70], 2 =0.01 | 60,2%
ISSN 0130-5395, YCuM, 2018, N° 4 77
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Fig. 5. The covariance coefficients applied to the initial characteristics: a — obtained from the reference point PO4 and applied
to the components Ne 0-19; b — from PO4 to Ne 200-219; ¢ — from FC1 to Ne0-19; d — from FC1 to Ne 200-219; (darker
areas correspond to characteristics that have a higher covariance coefficient to the corresponding decomposition component.
The names of the characteristics are formed as reference point + spectral range + the end timepoint of the segment)

negative [26]. At the same time, it is necessary to
minimize the difference between the original ma-
trix and the product of the resulting matrix:
FOV,H)= %"Y—WH"z. (16)
This method resembles the PCA method. How-
ever, if in the PCA we need to obtain the orthogonal
components explaining the maximum possible part
of data variance, then in non-negative matrix fac-
torization (NMF) we need non-negative decom-
position components and covariance coefficients.
Since the data in this study were previously nor-
malized to the range [0, 1], this condition is satis-
fied. Fig. 5 shows partial examples of the matrix of
covariance coefficients applied to the initial char-
acteristics with a decrease in the number of signifi-
cant features to 521. The total size of this matrix is
521 * 1920 values.

The process of decomposing data into a non-
negative weighted sum is especially useful for data
created as a result of combining (or overlaying) sev-
eral independent sources, which in our case is con-
sistent with the nature of the data (the total electri-
cal activity of many neurons).

Experiments have shown that the use of the
method of non-negative matrix factorization made

ISSN 0130-5395, YCuM, 2018, N* 4

it possible to increase the accuracy of the SVM
model from 55.9 to 58.6%, while reducing the
number of significant features to 521.

Genetic algorithm. This method refers to heu-
ristic search algorithms, and is used to solve opti-
mization and modeling problems by sequentially
selecting, combining and varying the desired pa-
rameters using mechanisms resembling biological
evolution. In general, the application of this algo-
rithm can be divided into the following steps:

1. The choice of optimized parameters, and the
generation of the initial genome. In this experi-
ment — the genome consisted of 1923 binary genes
[X), ..., X551, where X[, X, X, encoded one of the 8
variants of hyperparameter C from the logarithmic
sequence [0.01, 0.03,0.1, 0.3, 1, 3, 10, 30] + 1920
genes responsible for the use of the corresponding
feature in the model.

2. The choice of the fitness function f(X,,

.» X 5,3)- In this experiment — the accuracy func-
tion of the model for the linear SVM from hyperpa-
rameter C and the set of input features. In the case
of the same accuracy of the model, the gene that
had fewer features was considered as more fitted.

3. Cyclic selection of parameters of the function.

1.1. Generation of a “child” by mutation of the
“parent” (inversion of m random genes). The pa-
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Fig. 6. Dependence of the number of significant features and the achieved accuracy of the SVM model on the total run
time of the genetic algorithm: ¢ — model accuracy; b — number of features.

rameter m affects the speed of movement along the
slope of the fixture function.

1.2. The calculation of the fitness function of the
device fiX,, ..., X,,,) for the resulting “child”.

1.3. Selection (selection of the most adapted in-
dividual from a descendant-ancestor pair).

1.4. Estimation of the age of the genome (the
number of iterations in which a parent genome has
the result of the fitness function better than a child
genome). In case of reaching the limit — the de-
struction of the ancestor and its replacement by a
descendant. This parameter affects the chance of the
“stuck” of the optimizing function in local minima.

1.5. If the condition for stopping the cycle is satis-
fied, then the end of the cycle, otherwise the beginning
of the cycle. Since the genetic algorithm refers to sto-
chastic optimization methods, the condition for stop-
ping is often the impossibility of finding a more adapted
individual in k iterations or in a certain time interval. In
this case, this parameter affects the total running time
of the algorithm. In this experiment, the operation
time of the algorithm was limited to one day.

The use of the genetic algorithm made it pos-
sible to increase the accuracy of the SVM model
from 55.9 to 80.7%, while reducing the number of
significant features to 478 (fig. 6).

The graphs of the achieved accuracy and the
number of significant features show that the genet-
ic algorithm quite quickly achieves high accuracy
and reduces the set of significant features to ~ 1/4
of the initial number, after which further improve-
ment slows down and becomes more random.

It is important to note that in the process of
multiple repetition of the experiment, in a rela-
tively short time (within 7200s), the genetic algo-
rithm consistently found a set of parameters for
the SVM that allows to obtain accuracy higher
than any other previously used algorithm, includ-
ing multilayer neural network models.

Conclusions

Conducted experiments on the analysis of the EEG
signal to determine familiarity with the presented
audiovisual data have shown that some of the ma-
chine learning methods do not allow achieving any
significant accuracy. So the basic models of decision
trees, naive Bayes and k-nearest neighbors did not
show significant results, which is most likely due to
the lack of clear distribution rules for features.
However, among many models without selection
of features, ensemble and neural network models
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have reached a significant accuracy. Neural network
models accuracy increases with an increase in the
number of the hidden layers. These results may in-
dicate that the complexity of such process as think-
ing in general, and in particular the recognition of
what had been seen, has the complex internal de-
pendencies, which can only be seen by observing
the whole process, and not its individual features.
The high result of the ensemble models is also pre-
sumably related to the flexibility of these models in
relation to non-uniformly distributed data.

Given the fact that the recognition of video-audio
images is a complex process distributed in space (over
brain regions) and time, increasing the accuracy of its
determination is possible by reducing the dimension-
ality of the data and highlighting significant features.

Experiments have shown that the choice of the
optimal (from a practical point of view) subspace
of features can be achieved in a relatively short time
using a genetic algorithm. When solving the prob-
lem posed, the genetic algorithm made it possible
to isolate the signs with the greatest information and
to increase the accuracy of the linear SVM model
from 55.9 to 80.7%.

Further improvement of the result is possible by
combining neural network models and a genetic
algorithm as a search algorithm for building the
model architecture. Strengthening the genetic algo-
rithm for selecting significant features is possible by
improving the mutation algorithms to speed up the
search for a global maximum of the accuracy func-
tion from a set of features.
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AHAJII3 EJIEKTPOEHLUE®AJIOTPAM Y 3AJAYI OLITHKH
CTAHY O3HAVMOMJIEHHS YUHA 3 AV/IIO TA BIIEOJAHUMU

Beryn. O1iiHka eMOLIiiHOTO CTaHy Y4YHiB B LIJIOMY i ITMHaAMiYHa OLliHKa O3HAOMJIEHHSI 3 MaTepialaMu 30KpeMa, 103BOJIsSIE
Kpallle OL[iIHUTH 3aCBOEHHSI TEOPETUUYHOIO MaTepially i IIBUIKICTh OBOJIOAIHHS BMiHHSIMU, SIKi OTPeOyIOTh Oararopas3o-
BOT'O ITOBTOPEHHSI MaTepiay.

KoHTpoJib HaBYabHOTO Tpoliecy OyB OM 3HAYHO e(eKTUBHIlle, SIKOU OyJia MOXJIMBICTh 00’ €EKTUBHO OLIHUTH, 3a
CYKYIHICTIO O3HaK, 3HAHOMCTBO KOHKPETHOI'O YUYHsI 3 IIPeACTaBIeHUMU 1OMY MaTepiaJaMu.

Mera crarti. BukoHaTH MOPIBHSUIbHUI aHaIi3 i eKCriepuMeHTalIbHe OOCTiIKEeHHS e(eKTUBHOCTI Pi3HUX METOIIB
MAalIMHHOIO HaBYaHHS ISl TOOYIOBY MOZEIi BU3HAUECHHS 3HAOMCTBA 3 aylioBi3yaJIbLHUMMU MaTepiajiaMM, Ha OCHOBi
aHaJi3y CUTHaIy eJleKTpoeHliedaiorpaM i BA3HAYMTU HaOip 03HaK, AKi HalKpallle Ki1acu@ikyloTh JaHU CUTHAIT.

MeToau. 3anponoHOBaHO iH(popMaliliHy TEXHOJOTilo, AKa Ha migctaBi Habopy peanbHux EEI 6a3u manux
DEAP BuKOHYE MOOYA0BY, Iia0ip rinepnapamMeTpiB i OLIIHKY pi3HUX Moaeseii Kiaacudikalii cTaHy 03HallOMJIEH-
HS YYHS 3 aydioBi3yaJbHUMM JaHUMMU. [ JiHIHAHOTO METOAY OMOPHUX BEKTOPiB peajlizoBaHO iH(POpMaliiiHy
TEXHOJIOTiI0 BigbOpy AiarHOCTUYHMX O3HAK Ha MiJACTaBi METOAY FOJIOBHMX KOMIOHEHT, HEBiJl’€MHOI MaTPpUYHOI
dakTopu3allii i e HETUYHOT'O aJIrOPUTMY.

Pe3yasrar. 3a BUKOpPUCTAaHHS 3alIpONIOHOBAHOI iH(MOPMAIliiHOT TEXHOJIOTIi MigiopaHo MapaMeTpu i OTpUMaHO pe-
3yJIBTATH TOYHOCTI JUISl pi3HUX MoJesel Kinacudikallii, 110 J03BOJIMJIO MOPIBHATH TaKi MoJeJli i BUBHAUUTH HANOIIbII
aJleKBaTHI 0 BUpIllIEeHHs ITOCTaBJIEHHOI 3aJa4i. 3acTOCYBaHHSI METO/iB BiOOPY O3HAK J03BOJMIO HMiABUIIUTU TOY-
HiCTb MOJIeJIi IiHIiTHOTO METOaY OMOPHUX BeKTOPiB 3 55,9 no 80,7BincoTKiB.

BuchoBok. 3anponoHoBaHa iH¢opMaliiiiHa TexHoJorist aHanizy curHany EEI mist o3HaliloMaeHHs 3 IpeacTaBIeHUMU
ayioBi3yaJJbHUMM JaHMMU TOKa3ajia BUCOKY e(EeKTUBHICTh aHcaMOJIEBUX 1 HelipoMepeXkeBUX MOJEIe B NaHiii 3amayi.
ITigBuiieHHS TOYHOCTI Kaacudikallii craHy 03HalOMJIEHHS 3 IOJaHUMU aydio-BileoJaHMMU MOXJIUBO LIJISIXOM 3HUXKEH-
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HsI pO3MIPHOCTI TaHWX i BUIiJIEHHS] 3HAYMMUX O3HAaK, 110 eKCTIEPUMEHTAIBHO TiNTBEPIKEHO Ha MPUKIIAIi 3aCTOCYBaHHS
FeHETUYHOTO aJTOPUTMY A0 BiIOOPY O3HAK METOIOM OTIOPHUX BEKTOPIB.

Karouosi croea: mawunne HaguaHHs, ceHeMUMHUL AA20pUMM, enekmpoeHyedanoepama, Haoip dannux DEAP, posniznaganms
emouiil.
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AHAJIN3 SJIEKTPOOHIEDAJIOTPAM B 3AJAYE OLIEHKHA
COCTOAHHA O3BHAKOMIJIEHUA YYAIIUXCA C AYINO-BUAEO JAHHBIMHA

Beenenne. OlieHKa 3MOIIMOHAJIBLHOTO COCTOSIHMSI y4yalllMXCsl B LIEJIOM M JMHAMUYecKasi OLleHKAa O3HAKOMJIEHUsS C
MaTepuajaMM B YaCTHOCTHM, IMO3BOJISET JIydyllle OLIEHUTh YCBOCHUE TEOPETUYECKOTro MaTepuaia U CKOPOCTb OBJIaJeHUS
YMEHUSIMU, TPEOYIOIIMMU MHOTOKPATHOTO MOBTOPEHUSI.

KoHTposib yuedbHoro npouecca 011 Obl 3HAYUTETbHO 3(h(heKTUBHEE TTPU BO3MOXKHOCTU 00BEKTUBHO OLIEHUTh YPOBEHb
03HAKOMJICHUSI KOHKPETHOTO y4alllerocsi ¢ MaTepuajaMu 1Mo COBOKYIMTHOCTH MPU3HAKOB.

Iless cratbu. BBIMOJHUTHL CpaBHUTENbHBIM aHaaW3 U IKCIIEpUMEHTalbHOE HccienoBaHue 3¢ @ekTuBHOCTU
Ppa3IMYHBIX METOIOB MAlIMHHOTO OOYyYEHUsI IJIsl TIOCTPOSHMST MO OTpeaeIeHUsI 3HAKOMCTBA C MpPeIcTaBIeHHBIMU
ayIMOBU3YAJIbHBIMU MaTepuajaMu, Ha OCHOBE aHajiu3a CUTHajJa 3JIEKTpo3HledaniorpaMM U OMNpeAeJuTb Hadbop
MPU3HAKOB, HAWJIYYILIUM 00pa30M KIacCU(ULIMPYIOLIUX TaHHbBIN CUTHAI.

Mertoapl. [TpemioxeHa nHGopMaLMOHHAsI TEXHOJIOT S, KOTOpasi Ha OCHOBaHUM Habopa peaibHbIX DDI 0a3bl JaHHBIX
DEAP BbINOTHUSIET TOCTPOEHKE, MOAOOP rUMeprnapaMeTpoB U OLIEHKY Pa3IMUHbIX MOJIeei KilaccubUKalluy COCTOSIHUS
03HAKOMJICHHUSI y4alllerocst ¢ ayIMo-BU3yaJbHbIMU JaHHBIMU. JIJIsl TMHEMHOIO METOa ONMOPHBIX BEKTOPOB peaan30BaHa
vHGOPMAIIMOHHAS TEXHOJOTUSI OTOOpa OMAarHOCTUYECKUX TPU3HAKOB Ha OCHOBE METOJA TIJIABHBIX KOMIIOHEHT,
HEOTpULIATEIbHOI MaTPUUHON (PaKTOPU3ALMU U TEHETUYECKOTO aJITOPUTMA.

Pesyabrar. C vcnofib30BaHUEM MPENI0XEHHON MH(MOPMAIIMOHHOMN TEXHOJIOTUH, TOA00PaHbI TapaMeTPhl U MOJYYEHbI
pe3yabTaThl TOUHOCTU JIJISI pa3IMUHBIX MOJIe/Iel KiacCu(pUKaluy, YTO MO3BOJIMUJIO CPaBHUTh TAKUE MO U OMNPENeIUTh
HaunboJee aeKBaTHbIC PELIEHUIO MOoCTaBeHHOM 3agaun. [IpuMeHeHre MeTOI0B 0TOOpA IMPU3HAKOB MO3BOJIUIIO IMTOBLICUTH
TOYHOCTb MOJIEJIU JIMHEHOTO METOIa OITOPHBIX BEKTOPOB ¢ 55,9 1o 80,7 mpoueHTOB.

BoiBoapl. IlpemnoxeHHasi MH@OpMalLMOHHAs TEXHOJIOTWMS aHaiu3a curHaia OO nasg omnpeneneHs: CTENeHU
03HAKOMJICHUS C MPEACTaBICHHBIMU ayIMOBU3YaJIbHBIMU TAHHBIM TOKa3ajia BbICOKYIO 3((EeKTUBHOCTh aHCAMOJIEBbIX
U HelpoceTeBbIX Mojesell B gaHHON 3amaye. [ToBbllIeHWE TOYHOCTU KiaacCU(UKALIMKU COCTOSIHUSI O3HAKOMJICHUS C
MpeaCcTaBJIeHHbIMI ayauo-BUIEO AAHHBIM BO3MOXHO TYTEM CHMXEHMSI MX Pa3MEPHOCTU M BBIACICHUS 3HAUMMBIX
MPU3HAKOB, YTO 3KCMEPUMEHTAJbHO MOATBEPXKIAECHO Ha MpUMeEpe NMTPUMEHEHUSI TeHETUUECKOro aJiropuTMa isi oTdopa
MPU3HAKOB METOJOM OMOPHBIX BEKTOPOB.

Karoueevie caoea: mawunnoe obOyyenue, eeHemuuecKuil daneopumm, 3neKmposnuepanroepamma, Habop danuvix DEAP,
DPACRO3HABAHUE IMOUUL.
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