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Introduction: Deep Learning plays an important role in machine learning and artificial intelligence. It is widely applied in many
fields with high dimensional data, including natural language processing and image recognition. High dimensional data can lead
to problems in machine learning, such as overfitting and degradation of accuracy. To address these issues, some methods were
proposed to reduce dimensions of the data and computational complexity simultaneously. The drawback of these methods is
that they only work well on data distributed on the plane. In the case of the data distributed on the hyper-sphere, such as objects
moving in space, the processing results are not so good as expected. Purpose: The use of Conformal Geometric Algebra in order to
extract features and simultaneously reduce the dimensionality of a dataset for human activity recognition using Recurrent Neural
Network. Results: Human activity data in a 3-dimensional coordinate system is pre-processed and normalized by calculating de-
viations from the mean coordinate. Next, the data is transformed to vectors in Conformal Geometric Algebra space and its dimen-
sions are reduced to return the feature vectors. Finally, we use the Recurrent Neural Network model to train feature vectors. Em-
pirical results performed on the Motion Capture dataset with eight actions show that the Conformal Geometric Algebra combined
with Recurrent Neural Network can give the best test results of 92.5 %. Practical relevance: In human actions, some actions such
as jump or dance will not move in motion and other actions, such as run, walk, will move in space. Therefore, we need a method
to standardize actions. In the case of the data distributed on the hyper-sphere, the developed method can help us to extract fea-
tures and simultaneously reduce the dimensionality of a dataset for human activity recognition using Recurrent Neural Network.

Keywords — activity recognition, Principal Components Analysis, Conformal Geometric Algebra, Deep Learning.

For citation: Nguyen Nang Hung Van, Pham Minh Tuan, Do Phuc Hao, Pham Cong Thang, Tachibana Kanta. Human action recognition
method based on conformal geometric algebra and recurrent neural network. Informatsionno-upravliaiushchie sistemy [Information
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Introduction

Deep Learning (DL) is a new research trend in
recent years for many applications, such as image
processing, object detection, and remote control [1—
4]. DL has two main models: Convolutional Neural
Network (CNN) used to feature extraction in image
processing [5, 6], and Recurrent Neural Network
(RNN) used to handle sequence identification (se-
quence/time-series) [7].

The drawback of the Neural Network (NN) model
is that each input x event is handled independently
and gives the corresponding output y without the ex-
change of information collected at each input x [8].
The RNN contains internal loops that are able to save
the exchanged information and the saved information
can be transferred from one step to another of NN. So
RNN can be used to input data from image and video
converted into sequences for recognition or prediction
problems. However, the most challenging problem of
DL is still the selection process of data preprocessing
and feature extraction techniques for training models.

Some commonly used machine learning mod-
els, such as Principal Components Analysis (PCA)
[9, 10], Principal Components Regression (PCR)
[11], and Multi-class Linear Discriminant Analysis
(MLDA) [12], were proposed to reduce dimensions
of the data and computational complexity simulta-
neously for training models. These machine learn-
ing method sonly work well with data distributed
on a plane, such as face recognition or image clas-
sification [13]. In the case of data distributed on
hyper-sphere, eg. moving objects in space, it is dif-
ficult to calculate accurately with the above meth-
ods. To address this issue, in this paper, we propose
to use the Conformal Geometric Algebra (CGA) to
extract features and reduce the number of data di-
mensions during the training of the RNN models.

In recent years, there have been a number of
studies that have successfully applied Geometric
Algebra (GA) for dimensionality reduction in some
applications, such as color image processing, signal
processing, and time-Series analysis [14-16]. CGA
is part of GA, and a vector in CGA space is called a

2 /7 VHOOPMALVIOHHO-YNPABASIOLLVE CUCTEMBI
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conformal vector. Each of conformal vector is rep-
resented for m + 2 dimensions of hyper-plane and
hyper-spheres (see [17-20] for more details).

In this work, we propose to use principal compo-
nents in m + 2 dimensional CGA space. The feature
vectors are gotten by eliminating the less relative
components. We propose to transfer data from re-
al space R™ to conformal vectors as a set of points
in CGA space PG, 2. The selection of principal
components determines the eigenvalues and eigen-
vectors. The eigenvectors of A (conformal vector)
are arranged in descending order. Then, £ smallest
eigenvectors are removed to reduce the data dimen-
sions. It leads to receive the conformal vectors B
with m — k main components. These conformal vec-
tors B are used to train an RNN model.

Related works

A growing interest in human action recognition
using the DL model has recently arisen. To build a
training model, we need to collect data via sensors
or cameras [21, 22]. Next, it is important to use
some preprocessing and machine learning methods
for object feature extraction. Finally, we use the
RNN model for action recognition.

Some methods are used in feature extraction for
data dimensionality reduction such as PCA, LDA,
and PCR. However, these methods are linear and
it is hard to perform 3D relationships like linear
motion or rotation. For example, a joint moves and
rotates around the parent joint. Hence, motion da-
ta will be distributed on a sphere (or hyper-sphere)
with the center coordinates of the parent joint.

Next, we present some feature extraction methods.

Principal Components Analysis

Principal Components Analysis algorithm [9,
10] is usually used to convert dataset from a mul-
ti-dimensional space into a less dimensional space,
but the method still ensures that the variance of the
input data on each new dimension is the largest.

Given training set X = {xi |xi € Rd}, i={1, ..., n},

where x; is a vector in d-dimensional space, and n
is the number of vectors in the set X. PCA will per-
form a linear transformation to convert data into a
new coordinate system. The linear transformation
is defined by the scalar product of the vector x and
the unit vector of the weight w € R? where Iw = 1I.
The problem is transformed into finding weight
vectors so that the covariance of the linear trans-
formation wTx is the largest. We need to solve the
problem:

1& (1 T \2 9
max— Y (wix; -win) stiwi2=1, (1)
Wi

where the average of all vectors in the X dataset is
defined as follows:

1 n
p=—D> X;. @
n1=1

Equation (2) is the average of all vectors of the X
dataset. To solve this optimal problem, this paper
introduces the Lagrange coefficient A > 0 for the
Lagrange function as follows:

L(w, x):%i( Txi—pr)Z—k("w"z—l). 3)

i=1

Then, calculate the derivative of L(w, A) with w
going to zero will get the following formula:

%Z(Xi —p)(x;—p)" w=Rw. “)
i=1

So the optimization problem solved by decom-
posing Eigen is as follows:

Cw = Aw, )

where
1 n
C==(x;—)(x;—n)"- ®)
niz

Equation (5), C is the variance matrix of the X
data set. Finally, PCA uses a decrease in the number
of dimensions of the data using the first k eigenvec-
tors. These vectors are one that corresponds to the
value of the maximum eigenvalues. This means that
the original data set is approximated by data with
less dimensionality and overview than the original
data. The feature f(x) can be extracted from vector
x using the first k& eigenvector as follows:

fPCA(X) =(x- F)Twp ey (X — H)ka)T’ (7

where w; is the ith eigenvector, 1 <i < k.

The extraction feature method using PCA uses
a linear transformation for the input data. Hence,
it is only possible to represent accurately the data
distributed on the plane. However, the feature ex-
traction results are not good with data distributed
on the sphere. Furthermore, PCA mainly uses 3D
coordinates during data collection, but it does not
go in-depth into an analysis of 3D relationships of
objects.

Conformal Geometric Algebra

Given training set X ={x[x, € R%}, i € {1, ..., n}
represented in real d-dimensional space. A CGA
space is extended from the real Euclidean vector
space R? by adding 2 orthonormal basis vector.

N°S,2020 N\
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Thus, a CGA space is defined by d + 2 basis vectors
{e, wre,, e, e}, wheree, ,e_ ande;,ic{l, .., d}
are defined as following:

ef:e+-e+:1;

e2 =e_-e_=-1;

e.,ce=e e=ece=0,Viell,.. d}. )

Thus, a CGA can be expressed by G,,; ;. This
paper then defines the converted basis vectors e and
e, as

eozé(e_—eJr), e, =(e_+e). 9)

From Eq. (8) and (9), it is easy to see that:
eye,=e e, =0;
eye, =ee;=—1;
eye;=e e =0,Viell,.. d}. (10)

This training set is re-represented by the set of
points Pe G, 1 in CGA space [23, 15] as follows:

1
P, =x, +§||xi IP e +e0 €Gai11- (11)

Hence, a sphere in CGA space is represented as a
conformal vector

S=s+s_e,+5pe. 12)

The estimating process is performed by using
the least squares dz(Pi, S). The error function is de-
fined as follows:

n 9 n 1 9 2
E=} d*(P, S):Z(Xisj_sooj —§||Xi|| So;‘j - (13)
i-1 i-1

This means that when minimizing the error E
function, s can be limited by Isl2 = 1. In this case,
the optimization problem becomes as follows:

< 1, 2. ) 2
man(xisj—sooj —E"xi” 30) s.t"sj” =1. (14)
i=1

Following [14], the optimal problem is solved by
the Eigen decomposition as follows:

Asi=1s), (15)

where A is the variance matrix of the i training
set in CGA space:

A:Zf(xi)fT(Xi)- (16)

The function f(x;) is defined as follows:

fx)=x — f, — IxI2f, € R™, ar)
where
n n 2
= D 42X +2222i:1||xi" Xi . (18)
(zz ) -nY,
n n 2
fo- ZzZHXz "Z,-=1||Xz I x; ’ 19)

2
(X2 ) -n24
22 :Z;”Xi ||2 and the sum of the four powers

PIPRED I

An eigenvector s; is an conformal eigenvector of
a subset X, defined in hyper-plane or hyper-sphere
S;=s;+ s, +5g€,and eigenvalues }; are variance;
s and s are the scalar coefficient of the basis vectors
eand e.

Recurrent Neural Network

Recurrent Neural Network models [7] are mostly
used in the fields of natural language processing,
speech recognition, and action recognition. The
learned model always has the same input size, be-
cause the input of each state is the output of the pre-
vious state. It allows to use same transition function
with same parameters at every step. These proper-
ties make it possible to learn the model executing on
all steps and all sequence lengths. Hence, RNN is
able to generalize the sequence lengths not being in
the training set. Therefore, the learned model will
be estimated with much fewer data.

In this study, we will introduce RNN with data
as human action videos (Fig. 1). These actions will
go through PCA and CGA to create the feature vec-
tor x of size n. The calculation will take many to one
form of the RNN model, with multiple input and
output predicting actions in the data set.

Each input value x, is of size n, after passing
RNN, there will be an output value y of size ¢ (num-
ber of clustering), for each circle called a state, the
input of each state is x, and s,_; (which is the output
of the previous state). Now output s, is calculated in
the following formula:

s, = tanh(Ux, + Ws,_,), (20)

where s; of size m; U and W is hyperparameter [24]:
U of size (m x n)is a coefficient matrix between x,_;
and x,; W of size (m x n) is a coefficient matrix con-
necting s, and s, ;. In Fig. 1, a V of size (c x m)is a co-
efficient matrix converting x, toy.

Because there is only one output value, y can be de-
termined through the activation function is softmax:

4 7 VHOOPMAUVIOHHO-YMPABASIOLLVIE CUCTEMEI
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y
a)
v
w
S
U
X
b)
So $1 S2
w w
U U
X4 X

B Fig. 1.]llustrate the many to one problem of the RNN
model: a — short RNN model; » — RNN model for appli-
cation

y = softmax(Vs,). (21)

From (21) from the input sequence x, we also de-
termine the output value quite simply.

Deep Learning has two big models that are
CNN and RNN. CNN is a processing model in the
problem of image input, and very common applica-
tions in computer vision are classification, object
detection, and segmentation. However, in human
action recognition, the input data of the models is
different actions and the model needs to predict
the appropriate output action (predict time series).
Therefore, in this paper, we choose the many to one
model in RNN to apply.

The proposed method

The proposed method is to analyze data of mov-
ing objects and human actions with markers with

X1 %
Feature . s51 7
Extraction
X2 | s
Input PCA rY 2
data [
CGA x, ‘sn y
N >

B Fig. 2. The overview of proposed RNN model

coordinates in 3D space. Specifically, the proposed
use of the CMU (Carnegie Mellon University) [25]
motion capture dataset consists of 08 different ac-
tions, each action consisting of multiple files and
each file consisting of corresponding frames. In
each frame there are 41 markers (41 joints), each
marker is each coordinates are represented in 3D
space.

In this paper, we propose a technique to normal-
ize data by moving the coordinate axes of all joints
back to their original coordinates, then using PCA
and CGA to extract features. Finally, use these
feature vectors to create input values for the RNN
(Fig. 2).

Transformation method of coordinates

In human actions, some actions such as jump
or dance will not move in motion and other actions
such as run, walk will move in space. Therefore,
we need a method to standardize actions to be
similar. In this study, we propose to transform
all markers to new coordinates by calculating de-
viations from the mean coordinate to extract fea-
tures.

Give a data set:

3 ={gl¢; € R3S} e {1, ..., n}, (22)

T :
where (; =[8;-1:1, ey BT (i)} eRI™3 g a vector

it

of the i action; t(i) is frame number of the it*
T

action; 8; ; =[9;{j,1, - e’i[:j,mJ eR™3 is a vector

corresponding to the it* frame of action and
0ijr1

0;ik =| Bijr2 eR?® is the coordinates of the it
0ijk3

marker of the j** frame of the i*? action.

Then, we convert action {; to the set of vectors
as follows:

X = {x;/x;; € R™3}, j € {1, ..., t(i)}, (23)

where x;; is a vector corresponding to features the
jt" frame, and the i** action:

Xii= [gT(ejjl), oo gT(ej]’k)’ ooy gT(ejjm)]T, (24)

where g(ejjk) is a transformation of coordinates of
the k" marker of the j** frame of the it action.
In this paper, we can use the function

gT(ijk) = ejjk (25)

or transformation method of coordinates

N°S,2020 N\
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987k ) =0, ~ B> (26)

n 1 —m
where Ol] = ;Zk,zl e”k' .
So, we have the new set of vector for the training
set of PCA and CGA_PCA.

Model combining PCA with RNN

Recurrent Neural Network can combine well with
other models to predict in time series (predict time
series). However, RNN uses many parameters on
each state, which can lead to over-fitting. By combin-
ing PCA with RNN, PCA is capable reduce feature
dimensions so that network nodes can be reduced but
retain the original properties (original information).

The PCA algorithm uses orthogonal transfor-
mations to convert the data set from a multi-dimen-
sional space to a new space with less dimension.
This transformation is based on finding the axis of
the new space so that the method of data projected
on that axis is greatest. From Eq. (22) and (23), we
have X as follows:

X = {xi].|xl.]. e Rm*3}jell, .., t0),ic{l, .., nk. @27
Now, we need to solve the problem:

1 2, T \2
max———— wx;;—w | s.tlwl2=1,(28)
S T

S @)
= Xi"
* Yoti)iAia !

Equation (28), to the optimal problem, this pa-
per introduces the Lagrange coefficient A > 0 for
the Lagrange function as follows:

L(w, \)=

t(i

—
—

_ 1
Z?:lt(i)i

Then, calculate the derivative of L(w, A) with w
going to zero will get the following formula:

(wai —pr.)z _7\.(||W||2 —1). (30)

M=

1l
—

j=1

1 n (1) T
=1\

Then, the eigenvalues can be obtained via the
following function:

Cw = Aw, 32)

where

¥ it(z)( J(xi-w)- @3)
RS Xjj — Xji— .
Z;t(i)i:lj:l j )X TR

Equation (32), C is the variance matrix of the
X data set. Finally, PCA uses a decrease in the
number of dimensions of the data using the first
k eigenvectors. The feature fpo, (%) can be extract-
ed from vector x using the first & eigenvector as
follows:

fpea®) = ((x — Wrwy, o, (x — wTwyT,  (34)

where w, is the i*? eigenvector, 1 <i < k.

Now, we use the transform fpo,(x) to apply
the learning model by converting the data set T =
={fpcax;), yix; e Rm3,y e {l, ..., cl},iefl, .., n},
where fpca(x;) and y; are label and feature vector
after applying PCA.

Then, we use the data set T to initialize the input
data for the RNN model. From Eq. (20), the formula
is rewritten as follows:

s; = tanh(Ux;; + Ws,_;). (35)

Because there is only one output value, y; can be
determined through the activation function is soft-
max and Eq. (21) is rewritten

k_t(i)

D (V). (36)

Ypca,i = sofimax
i t(i)i=1j=1

From Eq. (36) we get the clustering result of
each action. Because PCA uses linear methods and
assumes that the data is distributed on the plane,
in cases where the data is distributed in the hy-
per-sphere, the PCA will not give a high result. The
study further suggests using CGA to combine with
the RNN.

Model combining CGA with RNN

This proposal will proceed to build the RNN
model on CGA space. From Eq. (22) and (23) data is
converted into points in CGA space as follows:

Pjj=x; + %"Xij "2 ex +€0 € Gny31,1- (87

The process of estimating using least squares
dz(Pl., S). The error function E as follows:

n t(i)
E=>.> d*(P;, 8)-
i=1j-1
n i) ?
-y Z(xijs—soo —%”x,-j [ soj NG

i=1j=1
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This means that when minimizing the error E
function, s can be limited by Is|2 = 1:

2
manZ(x S — 8, 1| X;j 230) . 39)

i=1j=1
Therefore, we might be tempted to express the

previous problem using a non-negative Lagrange
multiplier A as the minimization of

L(s ) 5 zz[x”s e ||xi,-||2soj2—

i= lt i i= 1]_

- (Isff -1). (40)

The optimal result can be solved using Eigen
problem

As =s, “41)

where A is the variance matrix of the i** training
set in CGA space:

AT

The function f;4(x;) is defined as follows:
feaa®) =x;;— £, — Ix, ||2f0 e R™, 43)

where
n (i) noti) 2
B ‘Z4Zi:12j=1xii +Zzzizlzj:1||xij " Xij
- 2 no,y.
(X, ) -ZitX,
Z Zl 12] =1 l] 27:1t(l)27:1t(l)
(Zz ) _Zizlt(i)24
Similar to the PCA model, RNN uses input data

is foga(x;) after using the CGA to extraction fea-
ture. From Eq. (20), (21) and (43) can be rewritten as

s (44)

(45)

E t(i)

> 2.(Vs;). @6

ycaa,i = softmax————
(l)l =1j=1

This model is implemented on CGA space,
i. e. data in real space is transferred to CGA space.
With the characteristics of CGA, it is possible to
represent objects in space and geometric relation-
ships very well. So movements with complex distri-
butions like human joints use CGA very reasonably.

Experimental

Experimental data

The database of motions of CMU, USA [25] is
free for all uses. Motions are captured in a work-
ing volume of approximately 38 x 8 m. In this model,
humans wear a black jumpsuit having 41 markers
taped on (Fig. 3). The Vicon cameras see the mark-
ers in infrared. The images picked up from the var-
ious cameras are triangulated to get 3D data.

head
upperneck
lowerneck
rclavicle - - lelavicle
rhumerus thorax lhumerus
rradius upperback Iradius
. lowerback .
rwrist rthum : Ithumt Iwrist
rfingers = Ifingers
rhipjoin rhipjoin

Root
rfemur Ifemur
rtibia Itibia
rfoot rfoot
rtoes Itoes

B Fig. 3. Illustration model of markers on the body

B Table 1. Database experiment

N°S, 2020 N\

Number frame
Action
Training Testing Total
Dance 3.305 1.577 4.882
Jump 1.198 846 2.044
Kick 1.605 1.163 2.768
Placing Tee 1.487 1.096 2.583
Putt 1.534 974 2.508
Run 452 322 774
Swing 1.324 977 2.301
Walk 1.074 928 2.002
Total 11.979 7.883 19.862
VH®OPMALIMIOHHO-YMPABASIOLLVE CUCTEMBI N\ 7
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This study uses 8 kinds of human action. They
are dancing, jumping, kicking, placing tea, putt,
running, swing, walking. This paper uses the ware-
house file format .c3d and data include total frame
is 19.869 frames, divide the number of frames
of each action into 2 parts (¢train — 60 % and the
test — 40 %). Details are presented in Table 1.

Figure 3 shows the labels of markers, which have
3D coordinates (x, y, 2).

Predict with RNN

This experiment is conducted with the original
data set on the RNN model with the non-transfor-
mation using Eq. (25) and with the proposed trans-
formation using Eq. (26). The parameters of the
RNN network are the number of neural = 200, ep-
ochs = 20, and classes = 8 (8 kinds of human action),
batch_size = 5, and activation function is Tanh.

The results from Table 2 show that when the
coordinates are moved closer to the original coor-
dinates, the result is 84.45 %. This result is much
higher than when keeping the coordinates is about
70.97 %. However, to improve as well as increase
efficiency when using the RNN. In this study, we
propose to use many methods of dimensional reduc-
tion before putting into the RNN to predict.

Predict with PCA_RNN

In this experiment, we will conduct coordinate
transformation before using PCA to extract fea-
tures. Results Fig. 4 shows that as the number of di-
mensions increases, the result gradually increases.

When the number of dimensions is 13, the Train
result is 93.12 % and the Test is 78.2 %, the result
will not increase and can be considered to have con-
verged at the number of dimensions equal to 14.

Next, research should continue to experiment with
the use of CGA to extract features.

Predict with CGA_RNN

In this experiment, we will conduct preprocess-
ing before using CGA to extract features. Fig. 5
shows that the result when using CGA will converge
most when receiving the full attributes of the ob-
ject. At the same time, the results clearly show that
if you remove some key attributes, the result will
decrease.

The highest train result was 98.1 % with a di-
mension is 2 and the highest test was 92.52 % with
a dimension is 5.

Evaluation of results

The experiment was conducted with 5 times of
implementation on the proposed method with the
number of neural = 200, epochs =20, the results
achieved in Table 3. The results of using CGA
RNN are much higher than PCA_RNN, this is also
true. when using CGA to represent moving objects
in space.

In the previous study [26], we used PCA and
CGA to extraction feature and predict on data set
[25]. The best result is 88.86 %. However, when we
use PCR to classify and predict the results, we en-
counter some limitations such as calculation speed
and complexity. So we propose a method of combin-
ing CGA with RNN.

Currently, some studies are using ML models
[27-29] and DL in human action recognition [5, 30,
31]. However, these studies only focus on developing
RNN and Long Short Term Memory (LSTM) mod-
els to predict but do not care about the character-
istics of the object and extraction feature methods

B Table 2. Comparison results of two data sets using

RNN, %
Part non-Transformation Transformation
Train 72.57 87.11
Test 70.97 84.45
1
N
S» 0.8 — - =
£ 0.6 - N
> ~
% 04 d -
s/
0.2
<
0

1 2 3 4 5 6 7 8 9 10111213 14 15

Number of dimensions
—— PCA_Train — —PCA_Test
B Fig. 4. Results of combining PCA and RNN

0.95
0.9 — =« /=

0.85 ~ 7
0.8
0.75

Accuracy rate, %

/
N
/
/

N
7
\

1 2 3 4 5 6 7 8 9 1011 12 13 14 15
Number of dimensions
—— CGA _Train — — CGA _Test

B Fig. 5. Results of combining CGA and RNN

B Table 3. Compares the results of the two proposed
methods, %

Part PCA_RNN CGA_RNN
Train 85.24 95.59
Test 72.83 88.50
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~
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— PCA_Train — CGA_Train

Accuracy rate, %

20
0

B Fig. 6. Comparison of the results of the two proposed
methods

Loss rate
-

0

1 3 5 7 9 11 13 15 17 19

Number of epoch
— —Loss_ PCA — —Loss_CGA

B Fig.7.Thelossrate of the two methods with epoch = 20

of the data (object). In the study [32], the authors
used Android phones to collect actionable data and
then used the LSTM-RNN model to train and the
research results were quite high at 96 %. Although
the number of markers (joints) is only 3, this study
has the number of markers is 41.

The results of Figs. 4 and 5, the maximum re-
sults are achieved by the PCA method with the
number of dimension 13, and by the CGA method
with the number of dimension 2.

Figure 6 shows that as the number of epochs
increases, the recognition accuracy will increase.

When epoch increases, the recognition results can
also increase, and when epoch reaches a certain val-
ue, the results cannot increase (a straight line or
descending).

Figure 7 shows the output loss in each step of
RNN. The loss rate decreases, the recognition re-
sults increases. This figure also shows that the loss
rate of the CGA method is lower than that of PCA
during each epoch.

Conclusion

In this paper, we proposed a normalization
method for input data by calculating deviations
from the mean coordinate, before using PCA and
CGA to reduce the number of dimensions and cre-
ate input data for the RNN network. Experimental
results show that the proposed method CGA_RNN
has 88.50 % higher results than 72.83 % of PCA _
RNN. Theoretically, RNN can learn distant states.
However, in reality, RNN only brings the previous
states to the later stages.

However, the RNN model only carries a certain
number of states after that, it would be vanishing
gradients, and this model can only be learned from
near states (short term memory). Therefore, it is
necessary to apply the proposed model with LSTM
to improve the research results. Researching CGA
to apply to DL is a direction, creating a basis for
analyzing large data of moving objects in space
and other applications such as image processing,
action recognition, and automatic control in the
future.
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ITocTaHOBKA MPOOIEMBL: ITy0OKOE 00yUeHNe UTPaeT BasKHYIO POJIb B MAIIMHHOM O0YUYEeHUH U NCKYCCTBEHHOM MHTeIeKTe. OHO Haxo-
IUT IIAPOKOe IPUMEHeHHe BO MHOTUX 00JIaCTAX, e IPUXOAUTCA OIePUPOBATh OOJIBIIMMY MacCHBaMU JaHHBIX, HAIIPIMeD B 06paboTke
eCTeCTBEHHBIX A3BIKOB MJIM PACIIO3HABAHUU M300paskeHmil. BhICOKasa pa3sMepHOCTh JAaHHBIX BeleT K TaKUM IIpobjeMaM MAaIIXnHHOTO 00-
YUYeHUs, KAaK uYpe3MepHOe O0yJyeHUe WU MajfeHue TOUHOCTH. [[JIs UX IIPeomoJIeHNs IPeAIaraloTCs MeTOAbl OJHOBPEMEHHOT'O CHIKEHU
PasMepHOCTH NAHHBIX U BBIUMCINUTENHHOH cI0KHOCTH. HeZocTaToK 9TUX METOZOB COCTOUT B UX OPHUEHTHPOBAHHOCTY Ha JaHHbIE, paclpe-
ZIieJIeHHBIE 110 IIJIOCKOCTU. B ciIyyae JaHHBIX, paclupeesieHHbIX 110 runepcdepe, TaKUX Kak IePegBUTAOIUICS B IPOCTPAHCTBE O0HEKT,
pesyJibTaThl 00pab0TKY IOKA3BIBAIOT KAUECTBO HUKe 0)KuaeMoro. Ilens: npuMeHeHre KOH(DOPMHOI reOMeTPUUECKO are0phI AJIA OJHO-
BPEMEHHOTO CHH)KEeHUs PasMePHOCTH MacCUBa JaHHBLIX, HEOOXOAUMBIX AJIA BbIAEJIEHUA IPU3HAKOB U PACIO3HABAHUA NEHCTBUH YesIoBe-
Ka C MCIIOJIb30BAHUEM PEKYPPEHTHOU HeWPOHHOI ceTu. Pe3yapTaThl: JaHHBIE O JeHICTBUAX UeJIOBEKa B TPEXMEPHOM CUCTeMe KOOpAUHAT
O BePrarTcsa IpesoopadoTKe M HOPMAIN3AIUY IYTEM BLIUYUCIEHUA OTKJIOHEHUH OT CpeJHUX KoopauHaT. [lanee qaHHbIe IPeoOpasyoTcsa
B BEKTOPHI B IPOCTPAHCTBe KOH(GOPMHOM reOMeTPUIECKOH auredphl, a UX pa3MepPHOCTb CHIIKAETCH [JIA N3BJIEUEHNU A BEeKTOPOB IPUBHAKOB.
Haxkomer, npumMmeHsieTcs MOJeJIb PEKYPPEHTHON HEHPOHHOM ceTU AJsa 00ydueHUsI BeKTOPOB MPU3HAKOB. OIBITHEIE PE3yJIbTAThI, IIOJTYyYeH-
Hble Ha MacCUBe JaHHBIX 3aXBaTa JBUKEHUN IJI BOCBMHU AeHCTBUI, ITIOKA3au, YTO KOMOMHAIUA KOH(OPMHOMN reoMeTPpUYeCKOo aaredpbl
C PEeKYyPPEeHTHOI HeHPOHHOI ceThI0 obecledunBaeT HAaWIydmui pedyasrar B 92,5 % cayuaes. IIpakTHueckas 3HAUYUMOCTB: HEKOTODEIE
IefiCcTBUSA YeJI0BeKa, HAIPUMED NPblicOK NI MAaHey,, He COIPSKEeHEI ¢ IepeMell[eHeM B IPOCTPAHCTBe, B OTJINYNe OT TAKUX, KaK 0ez Uiu
x00v0a. IlosTromy HEOGXOAMM CIIOCOO CTAaHAAPTU3ALMU AelicTBUil. B ciayyae maHHBIX, paclpeesleHHBIX 10 runepcdepe, paspaboTaHHBIN
MeTO/, II03BOJIAET BBIJEIATH IPUSHAKY C OZHOBPEMEHHBIM CHUIKEHNEeM PadMepPHOCTH MacCHUBa JAHHBIX [JJIA PACIIO3HABAHUSA JeHCTBUI Ue-
JIOBEKa IIOCPEICTBOM PEKYPPEHTHO HETPOHHOI CeTH.

KuroueBsie ciioBa — pacro3HaBaHUe AeMCTBUI, aHAIN3 IPUHIIUITNATHLHBIX KOMIIOHEHT, KOH(GOPMHAs reoMeTpuIecKas ajarebpa, riry-
6oKkoe obyueHue.

Ias uutuposanua: Nguyen Nang Hung Van, Pham Minh Tuan, Do Phuc Hao, Pham Cong Thang, Tachibana Kanta. Human action
recognition method based on conformal geometric algebra and recurrent neural network. Hrgopmayuonno-ynpasnsouue cucmembot,
2020, Ne 5, c. 2-11. doi:10.31799/1684-8853-2020-5-2-11

For citation: Nguyen Nang Hung Van, Pham Minh Tuan, Do Phuc Hao, Pham Cong Thang, Tachibana Kanta. Human action recognition
method based on conformal geometric algebra and recurrent neural network. Informatsionno-upravliaiushchie sistemy [Information
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MNpuMmeHeHne WITPpUXKOZUPOBaHUA ana uudposoro
MapKUpPOBaHUA BUAEONOC/ef0BaTeNIbHOCTEN
Ha OCHOBE YaCTOTHbIX Npeobpa3oBaHuM

A. I” 3oTuH?, KaHg. TexH. HayK, AoueHT, orcid.org/0000-0001-9954-9826, zotin@sibsau.ru

M. H. ®aBopckas?, foKTop TexH. HayK, npogheccop, orcid.org/0000-0002-2181-0454, favorskaya@sibsau.ru
aCMBUPCKUIA rocyfapCTBEHHbIN YHUBEPCUTET HAyK1 U TEXHONIOMMI UM. akafemuka M. &. PelueTHEBa,

uM. rasetbl «<KpacHosipckui paboynii» nip., 31, KpacHospck, 660037, Po

MocTaHoBKa npobnembl: 3alynTa UUPPOBLIX AaHHbIX NPeACTaBsSET BaXxHyt 3afady A/ BAafenbLeB MyabTUMeAUAHbIX
npoaykToB. OfHUM U3 ahheKTUBHbIX MyTel ee peLleHns SIBNISIETCA UCMOoJIb30BaHue UMpoBOro MapKupoBaHusi Bugeonocse-
JAoBartenbHocTel. [Tpobnema 3akroyaeTcsl B HE06X04UMMOCTH MOBbILIATbL YCTONYMBOCTb LIUGPPOBbLIX BOASIHbIX 3HAKOB K TPaHC-
KoAMpoBaHuio npy nepefadye MHopMaLum no HesaluulieHHbIM KaHanam cBsa3u. Llenb: paspaboTka meToga BCTpauBaHWs
MHbopmaLun B BUAEONOCTe[0BATENIbHOCTY, 06/1aAatoLLEro MOBbILIEHHONW YCTOMYMBOCTbLIO K TpaHcKoAupoBaHuio. MeTogbl:
HOBbIY METOJ BCTPauBaHUs1 U U3BJIeYEHNUS TEKCTOBbIX LMPPOBbIX BOASHbIX 3HAKOB OCHOBAH Ha LUTPUXKOAMPOBaHUU U MPeod-
pasoBaHun ApHosnbfia. Pe3ynbTatbl: pa3paboTaHbl CXeMbl C/ENOro MapkupoBaHWUs LMPpoBbIX BUAEONOCe[0BaTe/IbHOCTEN
B XpOMaTUYeCKMX KOMIMOHEHTaX Ha OCHOBE AUCKPETHOro BeHBeT-npeobpa3oBaHns N GUCKPETHOrO KOCUMHYCHOro rnpeobpaso-
BaHus. [poBefjeHO aKCcrepuMeHTasbHoe UccrieoOBaHNe Ha yCTOMYUBOCTb MPeasI0XeHHOro MeToAa C UCMOoIb30BaHNEM KOLEKOB
x264 (AVC/H.264) n x265 (HEVC/H.265). BbinonHeHa oLyeHKa BMSIHWASI TPAHCKOAMHIa, KOTopasi nokasasna BbICOKYH CTENeHb
YCTOMYUBOCTU YAaCTOTHOrO MeTofa Ha OCHOBE BeBeT-Npeobpa3oBaHusl. SKCNepPUMEHTANIbHO YCTaHOBJ/IEHO, YTO AJIS Cl1yda-
€B TPaHCKOAMPOBaHUS METOLOM OLHOMPOXOAHOro CXaTusi BUAEOoNocae[0BaTe/lbHOCTeN Npyu 3HayeHun napametpa Constant
Rate Factor, He npeBbiLwatoLLeM 26, yiaeTcs NOJHOCTbH BOCCTaHOBUTb BCTPOEHHYH TEKCTOBYH MHpopMauumio. MpakTuyeckas
3HaYUMOCTb: pa3paboTaHHbIN MeTOo[ M03BOJISIET HafleXHO BCTpaMBaTb U U3BNIEKaTb TEKCTOBYH MHGPOPMaLUIO U3 BUAEOMO-
criefoBaTeslbHOCTEN, MoABEPratoLMXCs CXaTU METO4aMU BbICOKO3(PEKTUBHOIO KOAMPOBAHUS, NPy UX nepefade ro Hesa-
LMLLeHHbIM KaHaslaM CBSI3M, YTO ABNAETCA 3alUyUTON aBTOPCKMX NPaB BAafeNbLeB My/bTUMELUAHbIX MPOAYKTOB.

KnioueBbie cnoBa — 4nhpoBoli BOAAHON 3HAK, UMhpoBOe MapKUpoBaH1e BUAEOMNOCeA0BaTeNIbHOCTEN, LUTPUXKOZUPO-
BaHue, npeobpasoBaHue ApHosbAa, AUCKPETHOE BelBIeT-Npeobpa3oBaHne, AUCKPETHOE KOCUHYCHOE NpeobpasoBaHume.

Mas putupoBanusd: 3otul A. I'., ®aBopckada M. H. [IpumeHenue MITPUXKOAUPOBAHUA AJIs U(GPOBOTO MaAPKUPOBAHUS BUJE0IIOCTEI0BA~
TeJIbHOCTEM Ha OCHOBE YaCTOTHBIX IIpeodpasoBanuii. MH@opmayuonHo-ynpasrsouue cucmemst, 2020, Ne 5, c. 12-23. doi:10.31799/1684-
8853-2020-5-12-23

For citation: Zotin A. G., Favorskaya M. N. Application of bar coding for digital watermarking of video sequences based on frequency
transforms. Informatsionno-upravliaiushchie sistemy [Information and Control Systems], 2020, no. 5, pp. 12—-23 (In Russian). doi:10.

31799/1684-8853-2020-5-12-23

Beemenmne

3aniura MyJIbTUMEIUNHBIX TaHHBIX, IIeperaBae-
MBIX I10 He3aIUINEeHHBIM KaHaJaaM CBA3U, ABJIAETCS
Ba)KHOU 3amaueil OJs BJIAJebIeB MYJIbTUMEIUA-
HBIX TpoayKToB. OHA BKJIIOUAET ABa OCHOBHBIX Ha-
IpaBjJeHud — INNU(POBaHUE U COKPbITHE MH(popMa-
muu. [IluppoBanme mogpasyMeBaeT NCIOJIb30BaAHIE
Kpunrorpa@muiyecKux METOLOB 3aIlUThI, & COKPBITHE
MTaHHBIX BKJIIOUAET cTeraHorpaduyuecKre MeTOAbl 1
muppoBoe MapxupoBaHue. OCHOBHLIM Ha3HAUYEHU-
eM MeTOomoB IM(pPOBOTO MAPKUPOBAHUS SABJAIOT-
cA ayTeHTU(PUKAIUA U 3allUTa aBTOPCKUX IIPaB.
ITudpoBoe MmapKupoBaHUe IIOApPa3yMeBaeT BHeIpe-
HUe B U300pakeHmne UJau BUAEOIIOCTIeI0BATEIbHOCTD
CKpBITOTO IM(poBoro Bogauoro 3Haka (I[B3), mo-
3BOJIAIOINEr0 OOHAPYKUTh M3MEHEHUsS BUeoMaTe-
praia, a TaKksKe IOJIYyUYUTh BCTPOSHHYIO MeTamH Op-
Mauio W3 MYJbTUMeIuaKOHTeHTa. BcTpauBaHume
IIB3 B BuAeomoc/iefoBaTeIbHOCTH WCIIOJb3yeTCs
IS 3alIUTHl aBTOPCKUX IIPaB, KOHTPOJIA II€JIOCT-

HOCTHU, a TaKiKe IJIs CKPBITOH IIepefaun CayKeOHoi
uHpopmarnuu. Tak, B ciaydae 3allfUTHI aBTOPCKUX
mpaB B [IB3 BcTpauBaercs nudopmalius o6 aBTope,
HCIIOJIb3yeMOM HPOTrPaMMHOM obGeclieueHU! U WHAaS
nHpOpMAaIA, XapaKTepPU3yoIlasa aBTOPCTBO.

IToaxoasl K BCTpauBaHUIO HH(POPMALHT
B BU/I€ONIOCTIEI0BATEIBHOCTH

OT mepegauy HEC)KATOTO BUAeoMaTepuasa o He-
3alIUIITEeHHBIM KaHAJaM CBSI3U OTKA3aJIUCh IPAKTHU-
YeCKHU cpasdy BBUAY UPE3BBIYANHO OOJIBIIIOTO WHPOP-
MaIlIOHHOTO 00'beMa 1 M30bITOYHOCTU. DTO IIPUBEJIO
K aKTHBHOMY PAa3BUTHIO TEXHOJIOTHHN IH(PPOBOTO
c)KaTusA BHUIEOCUTHAJIa. B HacrosdAlllee BpeMs IIIHU-
POKOe paclIpocTpaHeHne moayduua craugapt H.264,
uiu AVC (Advanced Video Coding), memee pacipo-
cTpaHeHHBIM fABJsgercsa ¢opmar H.265, naun HEVC
(High Efficiency Video Coding). IIpu sTom moTpebo-
BaJiach 3allluTa M300paKeHUuil OT HEeCAHKIMOHUPO-
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BaHHOrO KonupoBauus. C 1990-x romoB Haua I aK-
TUBHO PA3BUBATHCA METOIbI I[U()POBOTO MapKUPOBA-
Hud. [Ipryem mcciegoBaHUA TPOJOIKAIOTCA 0 CUX
TIOp, UTO BBIZBAHO ITOSIBJIEHHEM HOBBIX KOIEKOB IJIs
mepefadYy nM300paKeHUN U BUEOIOCJIEeL0BATEIHFHO-
cTell ¢ BBICOKMM UM CBEPXBBICOKUM pPaspelleHueM, a
TaKJyKe BBISBJIEHHEM (PAKTOPOB WMCKAMKEHUS BU3Y-
aJIbHOTO KOHTEHTa B OOJBIINX Habopax OAaHHBIX,
npeaHasHAUEHHBIX A/ 00yUYeHNn s INTyOOKUX CeTel.

IIpomecc BcrpamBanma I[B3 B Bupmeomocseno-
BaTEJLHOCTh MOJKHO PacCMATPUBAaTh C PABIUYHBIX
TOUEK 3peHUudA. B ogHOM M3 HMOAXOZ0B BUAEOMH(DOD-
MalnusA paccMaTpUBaeTCs KaK II0CJIeJ0BaTeIbHOCTH
o6urtoB. IIpu sToM B ciyuae cOXpaHeHUS WJU Iiepe-
rauu BUJAeOMH(OPMAIIUY C HCIOJb30BAHUEM KOH-
TeiiHepoB OyAyT (DOPMUPOBATHCA COOTBETCTBYIOIIIE
TIaKeThl, 3a4acTyI0 UMeIue N30bITOUYHY0 NHMOP-
manuio. [JanHas n36bITOUHAA MHPOPMAIIUA MOMKET
OBITH MCITOJIb30BAHA B IeJAX BHEAPEHUA WHPOpPMa-
num B popme IIB3 [1, 2].

Jpyroit moaxoa MHTEPHPETUPYET BUIEOIIOCITIEI0-
BaTEJILHOCTh KaK MHOYKECTBO IIOCJIEJ0BATEIbHBIX
KaJpoB, OTOOpa’kKaeMbIX C BBICOKON CKOPOCTHIO.
Ilpu Takoit mHTEpHpeTAnUM MOXKHO HCIIOJH30BaTh
Ji060it Meron BcrpaumBauus 1[B3, paspaboTaHHBIN
IJI cTaTUYeCKUX m3obOpaskeHuit. [Ipu sToM mIpexrio-
JlaraeTcs He3aBHUCHMAas 00paboTKa KasKIoro Kajapa
BUIEOIIOCJIeJOBATEILHOCTY KaK BO BpeMs BCTpauBa-
HUS, TaK U B X0o7e udBiaeuenusd [[B3. B pamkax man-
HOTO TIOXO0/a Pean3yIOTCS N3BECTHBIE aJITOPUTMBI
BcTpauBaHusa 11B3 6e3 Mogudukaumu Moy e, or-
BEUAIOIINX 3a KOAMPOBaHME/JEKOIUPOBAHNE BUIE0-
mocaenoBarenbHocT. OXHAKO IIPUMEHEeHUe AaJiro-
PUTMOB AJI KaXKIOTO KaZpa BOSMOXKHO TOJIbKO JJIA
UMPOBOTO MAPKUPOBAHUSA BUIE0IIOCIEI0BATEIHLHO-
CTel, He IOABEPTraIOIIUXCA COKATUIO.

Tak:ke n3BecTeH moxxon BecrpauBaunusa 11B3, uc-
MOJIb3YINUI BPEMEHHYIO XapaKTePUCTUKY BUIE0-
TOCJIEeN0BAaTEILHOCTY U OCOOEHHOCTU KONUPOBAHUSI,
COCTOSAIIIE B TOM, YTO MHOKECTBO KaJpPOB UHTEP-
mpeTupyeTrca KakK Habop MaKpOOJIOKOB, BKJIIOUAIO-
mux [-kanpsl (KJaoueBble Kaapbl), P-kKaapsl (Komu-
poBaHUe c TpeAcKasaHmeM) u B-Kanapwl (KogmpoBa-
HUe C TpeacKasaHWeM U OMHAIpaBJIEHHBIM KOAU-
poBaHueMm). IIpm 5TOM BO3MOKHBI pasHble (HOPMBI
peasusanuy MeXaHnu3Ma BCTPaUBaHUA, KOTOPHIE 3a-
BUCAT OT MCIOJIb3yeMOro Koxeka. Tak, cyliecTByeT
PAL aJITOPUTMOB, IO3BOJAIONINX BeTpauBaTrh 11B3
B cxareii moTok MPEG mampsamyio, 6e3 mporiecca
KOAUWPOBaHUA U AeKonupoBanus [3, 4]. OnHako y Ta-
KUX aJITOPUTMOB UMEETCs 3HAUNTEJIHLHOE OrpaHuYe-
HUe Ha 00'beM BcTparBaeMon naGopMaliuu, KoTopoe
3aBUCUT OT OuTpeiiTa (KOJIMYECTBA OUT, MCIIOJIBL3Y-
eMbIX AJIA Iepenadyn/o06paboTKU AAHHBIX B €IUHU-
1y BpeMeHnu). [IoMrMO 3TOTO MCHOJIB3YeTCA MOAXO
K BcTpauBaHuio I[B3, B paMKax KOTOPOTO IPUAETCA
BHOCUTH M3MEHEHUS B MOAYJIU KOZUPOBAHUS/IEKO-
IUPOBaHUSA WHMPOPMAIIUM, B YACTHOCTU, HPU WC-

nosib3oBaunu (opmaros cxxatua AVC/HEVC [5, 6].
Meton BcTpamBaHua Bu3yaJabHBIX 1[B3 B I-Kampsr
BHU/IEOIIOCJIEI0OBATEILHOCTEH IIPEelJIOKEH B CTaTbe
[7]. Bonee momHbBIH 0630 IO ITUPPOBOMY MAPKUPO-
BaHMIO BUJEOIIOCJIeI0BATEILHOCTEl IPUBe/ieH B pa-
6ore [8].

Metoap! ¢ poOBOro MapKUPOBAHUS
BU3yaJabHOI MH(pOpMaLTUU

MeToab! 11pOBOTO MaPKUPOBAHUA Pa3AeIaioT-
¢ Ha IIPOCTPAHCTBEHHbIE U YacTOTHBIE. [Ipu MapKu-
POBaHUU B IIPOCTPAHCTBEHHOU 06JIaCTH BCTpamBa-
Hue I1B3 mpoucxoguT HeoCPEICTBEHHO B TUKCEJIHI.
IIpocTpaHcTBEHHBIE aJrOpUTMBI BHeApsAnoT I11B3
B UCXOZHOE U300pasKeHUe ITOCPEeICTBOM M3MEHEHUH
mapamMeTpoOB APKOCTU WJIU I[BETOBBIX KOMIIOHEHTOB.
Hanpumep, mpu BCTpaumBaHUU MOTYT U3MEHATHCS
MJIagIIe GUThI — METOJ HauMEHbIIIero 3Havalle-
ro 6ura (Least Significant Bits — LSB). B merozme
Kyrrepa — [I:xopmana — BocceHa oTaerbHbIE OUTHI
BOJISHOI'0 3HAKA MHOIOKDPATHO BHEAPSIOTCA B H30-
OpaskKeHVe yTeM U3MEHEHWSA 3HAUEHUsA CUHEro Ka-
HaJja B nukcese. CaMo n3MeHeHUe IPOIIOPIINOHAIE-
HO SPKOCTHOM KOMIIOHEHTE ITNKCEeJIa X MOKET UMEeTh
KaK TIOJIOKUTEeJbHbIe, TAK U OTPUIlATEJIbHBIE 3HA-
YeHUsI B 3aBUCUMOCTH OT 3HAUEHUS BCTPAUBAEMOTO
6ura BomaHoro 3Haka [9]. HemocraTkom mpocTpan-
CTBEHHBIX METO/IOB SIBJISI€TCS HU3KAas YCTOMYUBOCTh
K HeJernTHMHBLIM OIepamusaM o0paboTKu m3o0pa-
JKeHUs (HampuMep, 3allyMJEHUI0, U3SMEHEHUI0 pas-
Mepa, GuIAbTPAINu, CIKATHUIO).

YacroTHble MeTOALI 00JaZaroT 0oJiee BBLICOKOI
YCTOMYMBOCTHIO, TaK KaK [1B3 BHegpsAeTcs B uacToT-
HbIe K09 PUITMEeHTH KOHTelTHepa (M300pakeH A UJIT
Kajapa), KOTOpble BBIUUCJIAIOTCS C KCIOJb30BAHU-
eM oIlpelieJIeHHBIX IIpeoOpasoBanuii. K yacToTHBIM
mpeoOpa3oBaHUAM OTHOCAT: AWCKPETHOEe IIpeodpa-
soBanue @ypoe (Digital Fourier Transform — DFT)
[10], iMCKpeTHO-KOCUHYCHOE U ZUCKPETHO-CUHYCHOE
npeobpasosauusa (Digital Cosine Transform — DCT
u Digital Sine Transform — DST) [11], guckpert-
Hoe BeiliBieT-ipeoOpasoBanme (Digital Wavelet
Transform — DWT) [12], nuckpeTHOoe mpeobpaso-
Banme Amamapa (Digital Hadamard Transform —
DHT) [13] u ap. OnHUM 13 METOIOB, UCIIOJIb3YIOIITUX
IVCKPETHO-KOCUHYCHOE ITpeoOpa3oBaHUe, ABJIAETCA
meron (anroputm) Koxa — #ao [14].

IIporiecc MapKMpOBaHUA BKJIOYAET JBE OCHOB-
HEBIe onteparuu: BHeapeHue 1[B3 B n3obpaskeHue niu
KaJp Ha CTOPOHE OTIPABUTEJS U €ro M3BJIeUeHUe
Ha CTOPOHE IOJIyUaTesid IIOCJe Iepeladyd II0 Hesa-
ITUAIITeHHBIM KaHajaM cBsas3u. B aaroputme Koxa —
sKao BHempeHme OUT BCTPAaMBAEMOTO COOOIITEHUS
OCYIIIECTBJISETCA 3a CUeT U3MEHEHUA NBYX IICEBIO-
cayJyaliHO BBIOpPAHHBIX KO03(h(UIIMEHTOB CpeaHeua-
CTOTHOI 00JacTH, chOPMUPOBAHHBIX B Pe3yJbTaTe
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IpUMEHEeHUsS IUCKPETHO-KOCHHYCHOI'0 IIpeodpaso-
BaHUA IJs HellepeKPBLIBAIOINUXCs OJIOKOB M300pa-
JKeHus pasmepoM 8 x 8 mukcesios. IIpeagmonaraercs,
yTO OMTOBOE MpPEACTABJIeHNEe BCTPAUBaeMOUi MH(POP-
MaIM¥ MeHbIe KOJUYeCTBa IIOTEHIITMAJbHO BO3-
MOXKHBIX OJIOKOB pasmepoM 8 x 8 mukcesos. Ilpu
9TOM JKeJIaTeJIbHO, UTOOBI MCXOMHOE H300pasKeHume
WMeJIO pa3Mephl, KpaTHbIe BOCBbMU ITKCEJIaM.

Metox BerpanBanus 1[B3
C MpMMeHeHNeM MITPUXKOTUPOBAHU S

W3-3a ToOro, UTO CiKaTHME BUAEOIIOCJIEIOBATEIHHO-
CcTel YacTo IMIPOUCXOAUT aBTOMATUUYECKU C TIOMOIIIO
KOJIeKa JOCTOBEPHO HeM3BECTHO THIIA, I[eJIeCO00Pa3HO
BBITIOTTHATE 1T(poBoe MapKupoBaHue [-Kagpos, OT-
YacTU yYUTHIBAS ABUKeHUe B Kaape. OTmerum, 4TO
upu popmupoBanuu P- u B-kagpoB coxpaHsaeTrcsa He
TOJILKO MH(GOPMAIIHA O HOBBIX YUacTKax KaJpoB, HO
¥ JaHHBIE 0 IepeMelreHnun 0,10K0B. COOTBETCTBEHHO,
yeMm Oosibitie rpymma Kagpos (Group Of Pictures —
GOP), Tem 00JIbIlIEe U3MEHAETCS CTPYKTYPA TEKYIIETO
KaJpa OTHOCUTEJBLHO KJIIOUeBOTO Kaapa U CKa3bIBaeT-
ca apdexT cxkarusa. ITo ymMosruaHUIoO B OOJIBIITHHCTBE
obmmegocTynHbIx AVC- 1 HEVC-KomeKoB MakcuMaIb-
uoiit pasmep GOP cocraiser 250 KaapoB, HO MOYKET
u3MeHATHCA moabaoBaTeseM [15, 16]. IlockoabKy Ha
ypoBHe API KOZEeKOB He IPEACTABJIAETCS BO3MOIK-
HBIM KECTKO YCTAHOBUTH KJIIOUEBOM Kalap U yIIpaB-
aats pasmepom GOP B mpoliecce KOAMPOBAHUA, TO
TMEePBUYHBLIM STAIlOM MapKHUPOBAHUSA BUAEOIOCIIEIO-
BaTeJILHOCTH OyZeT BbIOOP KAHAUIATOB HA POJIb KJIO-
YeBBIX Kaapos [17].

Iasiee TPOBOAUTCS OIEHKA CMEKHBIX KaapoB,
PACIIOJIO}KEHHBIX 3a IMOTEHIIMAJIBHO KJIIOUEBBIM Kaj-
pOM, C IIeJbI0 OIPEeAeIUTh MOTEHIIMAJIbLHBIE 30HBI
IBKeHus. KomupoBaHME BUAEONOCTIEOBATEIHHO-
CTell BBIIIOJHAETCS OTAEJBHO IJIA APKOCTHOM KOM-
TIOHEeHTHI ¥ XPOMATHUUYECKUX KOMIIOHEHT B I[BETOBOM
apoctpaucTBe YCbCr. Ilpu 5ToM B 3aBUCHUMOCTH OT
paspellleHUA Kaapa IPUMEHAIOTCS PasInuHble I[Be-
TOBBIE CXEMBI COTJIACHO PEKOMEHIAIINAM CEKTOpa pa-
IUOKOMMYHUKaIuil MesKayHapoJHOTO COI03a SJIEKT-
pocesasu (International Telecommunication Union
Radiocommunication Sector — ITU-R). B cayuae
craugapTHoro Bemmanua (SD) nmpumeHsAeTca cxema
BT.601, n1s reneBumenns Bbicokoi ueTkoctu (HDTV)
¢ pasperierreM 1920 x 1080 nmuKcesIoB TpuMeHAETCS
cxema BT.709, a 1151 Bugeorocae0BaTeIbHOCTEI, CO-
OTBETCTBYIOIIUX CTAHJAPTY CBEPXBBICOKOI YeTKOCTH
(UHDTYV), rorga pasperieHue kKagpa pocturaer 4K
(3840 x 2160 muxcenoB) nau 8K (7680 x 4320 mukce-
JIoB), ucnonbadyetcs cxema BT.2020 [18].

B rauecTBe Mephl U3MEHEHUA OJIOKOB B3ATA CPEI-
HaA abcosrfoTHAA pasuuiia ¢ yuerom 50 % monu ap-
KocTHOM KommoHeHTsI (Y) u 25 % Ha KayKIyro Xpo-
maTtuuecKkyio kommnoHeHTy (Cb, Cr). Pacuer MeTpuku

nnsa 6imoxa BL pasmepom N x N Tekyimero xazapa f
MMPOUCXOAUT C yUYeTOM IpeabIayIrero xazpa f— 1
cJaeayIoNIIM 00pas3oMm:

> | (p) - Yy (p)|

MAD _ peBL
BE 2x N2 ’
Y [cor(p—ctr ()| + X [Cri(p)-Cry1 ()
+ peBL peBL
4x N2 ’

rIe p — MUKCceJI, IpuHaagexanui 6jaory BL.

B coryuae ecsiu 3HaueHUE TPEBBITIIAET HEKOTOPBIH
mopor T,., TO cunMTaeTcs, YTO IPOM3ONIILIN CyIIe-
CTBEHHbBIE U3MEHEeH!s U, CKOPee BCero, 3TO N3MeHeH-
HBIH OJIOK.

ITogroroBka BCTpauBaeMou
MetanHpoOpManun

O6pruno m3BieueHHBIN 1[B3 comep:kuT mckKaske-
HUsSA, BBI3BAHHBIE HEpPeIHAMEPEHHLIMU WU TIPEe.I-
HaMepeHHbIMU arakaMu. IlosTomy TpeOyroTcs mexa-
HU3MBI, KOTOPbIE ITO3BOJIMIN ObI BoccTaHOBUTH 1[B3.
Wcnonb3oBanme OOBIYHOM TrpaduyecKoil (GopMbI He
JlaeT TaKOl BOBMOXKHOCTH M3-3a HEM3BECTHOT'O Xapak-
Tepa WCKaKEHUI, COOTBETCTBEHHO, BOCCTAHOBJIEHUE
BCTPOEHHOI mMH(popManuu OyaeT 3aTPyLHUTEJILHBIM.
Inst GONBINIel YCTOMYMBOCTH BCTPAWBAEeMOM MeTa-
uH(pOPMAIIUYN ITIpeJaraeTcad WCIOJIb30BaTh IIITPUX-
KogupoBaume. IIITpUXKOA ITO3BOJISET ITOBBLICUTH Be-
POATHOCTh KOPPEKTHOI'O CUUTHIBAHUSA MHMOPMAIINU,
TIOCKOJIbKY TP TIOTEePe YacTy MHMOPMAIIMU BO3MOK-
HO BOCCTAHOBJIEHNE TIOJIOC IIITPUXKOAA Oaromapsa ux
MBBECTHOII reoMeTpuuecKoii hopme. [l obecreueHns
HaubOOJBIIell €MKOCTH BCTPAaWBaeMOHM WHMOPMAIINH
perieHo ncmnoJib3oBaTh mTpuxkon Code 128, KoTopbIit
YUUTHIBAET JIATUHCKYE CUMBOJIBI, IT(PHI U CIIEI[aThb-
uele 3Haku: «CumBoJbI mTpuxoBoro Koma Code 128
COCTOAT M3 TPEX IIITPUXOB U TPEX IIPOMEKYTKOB, TMe-
IOIUX MOAYJIBHOE CTpoeHme. Paszmep ofHOro mTpmxa
U IIPOMEKYTKA COCTABJISAET OT OZHOT'O O YETHIPEX MO-
nynei. KasKapiii KOOUPYEeMbIN CUMBOJI IIPEICTAaBJIEH
11 mogyasamu. OCTaHOBOUHBIH (CTOM) 3HAK COCTOUT U3
13 mogmyneii» [19]. IIpu dopmMupoBaHMM INTPUXKOAA
nis ITB3 petrieHo caesaTh OMMH MOAYJIb 9KBUBAJIEHT-
HBIM OJHOMY BCTpamBaeMoOMy ImKcesy. [as Boccra-
HOBJIEHUS IIITPUXKOZAA BayKeH BEePTUKAJBHBIN pasMep
TMoJIoc. DKCIEPUMEHTAJIbHO BBIACHEHO, UTO BBICOTA
16 IHMKCeJIOB SBJISAETCS JOCTATOUHOM AJI PEKOHCTPYK-
IV UBBJIEUEHHOT'O IIITPUXKO/A.

B menax JydIiiero COKpPBITUS BCTPAMBaeMBIX
IITPUXKOAOB MX OTOOparkeHUe M3MEHEHO CJIeIVIO-
M obpasoM. BeinmonHseTCA pasaesieHne IMITPUXKO-
Ia Ha (h)parMeHThI pasMepHOCThI0 32 X 16 mMKcesoB
U OPOMCXOJUT CKJeHKa B 00K 32 x 32 muKceJa.

14 7 VHOOPMAUVIOHHO-YMPABASIOLLVIE CUCTEMEI
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Bar-code-Copyright

e

i

6)

B Puc. 1. IlogroroBrka IIB3: a — cdopMUpPOBaHHBIN
HITPUXKOJ C JejieHueM Ha 0J0Ku; 0 — ciaenok 1IB3; 6 —
caenok 11B3 mociie mpeobpa3oBaHusa ApHOJIBIA; 2 — I'pa-
¢uueckoe npexacrasienue Koga [1B3

B Fig. 1. Preparing of digital watermark: a — barcode
divided into blocks; 6 — mask of a watermark; 6 — mask
of a watermark after Arnold transform; 2 — graphic rep-
resentation of watermark code

Hamuble OJIOKY UBMEHAIOTCA IOCPEACTBOM IIpeobpa-
3oBaHUus ApHoubaa [20]. A 6;10ka pasMepHOCTHIO
N x N npeobpasoBanue ApHoJbaa nmpeobpasyeT Ko-
opaguHaThl (X, Y) sileMeHTa B HOBBIE KOODIUHATHI
X Y, ,,), HCIIOIL3YS cleqyIole YPaBHeHNA:

new?’
X,o =X + Y)mod N;
Y, 0=+ 2xY)mod N.

OcobeHHOCTBIO IIpeoOpasoBaHuA ApHOJIbAA SAB-
JIsIeTCA TO, UTO IIOCJIe OIIPeaeeHHOTO KOJMYecTBa
UTepaIui moJyJaeTcs ero OpurnHaJIbHOe 3HAUeHe.
715 yCII0:KHEeH U A ITPOoIlecca 3J10y MBIIITJIeHHOTO JeKO-
IVPOBaHUSA MHMOPMAINY NCIOJIb3YeTCA PA3InIHOE
KOJIMUECTBO HUTepaluii mpeobpasoBanus ApHOJIbIA
nnsa rasxgoro 1IB3. KoamuecTBo mTepamuii ompe-
nensiercsa KiaiouoM (maposem). Ilocae mpeoOGpaso-
BaHUSA GJIOKM cOOMpPAIOTCA B eAUHOE Iejioe (CJIEIIOK
1IB3). B manbpueiinem ¢ yueToM HHOOPMAIIMOHHOMN
eMKocTHU Kaapa (popmupyercsa kog [1B3, BosmoskHO,
C IIUKJINYECKUM TIOBTOPEHUEM cJienka. [Ipumep BhI-
nmoJHeHus: sramna nmoAaroroBku 11B3 B kaap pasmepom
1280 x 720 muKcesoB mpeAcTaBJeH Ha puc. 1, a—a.

OrneHuTh pasmMep nHGOPMAIIMOHHOT'O COOOIIEeH U
(B OuTax) MOXKHO, UCIIOJIb3ys BhIPAKeHNIe

V =(cntSim x 11 + Fpart) x LineH,
e cntSim — KOJIM4YecTBO CUMBOJIOB; LineH — pas-
Mep mrTpuxa; Fpart — pasmep (GUKCUPOBAHHON Ya-
CTHU, OIIpeaesieMbIil Kak cyMMa 010K0B Hauaja (11),
kou1a (13) u kouTpoabHOTO cMBoJIa (11).

Berpausanue I[B3

Cxema BHegpeHusa [[B3 B mpemosaraeMsblii KO-
yeBOU Kaap msobOpaskeHa Ha puc. 2. ITocie mepeBo-

Ia KaapoB B I1BeTOBYI0 Mozaesnb YCbCr mpoucxogut
ompejieieHre MOTEeHI[MAJbHBIX TPAHUI] BCTPAMUBa-
HuA (KOJIWUYecTBa KaJPOB OTHOCUTEJNBHO KJIIOUEe-
Boro kazapa). Ha srom srame Kaap pasneiisgeTrcs
Ha OJIOKM U BBIACHSAETCH, CKOJBKO OJIOKOB OBLIO
chopMUPOBAHO B pe3yJbTaTe IiepeMellieHusd (Ma-
JIBIA BEKTOP ABUMKEHUS) U CKOJIBKO HOBBIX OJIOKOB
TMOABUJIOCH. JlaHHBINA dTal HEOOXOMUM, ITOCKOJIBKY
npu ¢gopmupoBanuu P- u B-kagpoB coxpaHseTcs
nHGOPMAIUA O ITepeMellleH N/ U3MeHeHuU 0JIOKOB,
a He caMu OJIOKH.

Pazbuenune Ha 0JIOKU IIPOUCXOAUT B 3aBUCUMOCTH
OT CXeMbI BHEAPEHUA U BHIOPDAHHOTO YPOBHS BeIiB-
JeT-mipeoOpasoBaHus. Ha ocHOBe IIpegBapuUTeb-
HBIX OIIEHOK OBIJIO PEIIeHO MCI0JH30BaTh ABa YPOB-
HA BelBJeT-IpeoOpazoBaHusi. B paMKax BTOPOTO
ypoBHA (HOPMUPYETCSA SHEPTUA, XapaKTepHad IJid
0JIOKOB Pa3MEPHOCTBHIO 8 X 8 MMKCEI0B, KOTOPYIO
MOYKHO MHTEPIIPETUPOBATh KAK CPEJHNEe YaCTOTHI.
Tperuii ypoBeHb maeT 60jiee HU3KME YACTOTHI, UTO
MOJKeT OBITH II0JIE3HO C YUEeTOM OCOOeHHOCTell KOmu-
poBaHUA BHUAeolocjaenoBareabHocTe. Tak, B ciy-
yae KopupoBauua Kogexkamu AVC/HEVC uadopma-
mus o Kaape (6e3 crenuaabHOTO IIepeonpeeaeHn s
ImapaMeTpoB) IiepefaeTcAd B BHUAe MaKPOIUKCEJOB,
copmupoBaHHBIX 10 cxeme Y UV420 u YUV420p16
I 8- u 10-0UTHBIX PEKUMOB COOTBETCTBEHHO. [Ipu
TaKO! cxeMe XpOoMaTHUeCKHe KOMIIOHEHTHI MMEIOT
BIBOE MEHBIIIee Pas3pelleHmre, YeM SPKOCTHASI KOM-
noHeHTa. B ciyuae mncmosnb3oBaHus cxembl Y UV444
paspellleHre XPOMATUYECKMX KOMIIOHEHT Oymer
TIOJTHOCTBHI0O COOTBETCTBOBATH Pa3pEIIeHUI0 APKOCT-
Hoit KommoHeHTHI. Cxema YUV422 obGecmeuuBaer
XPOMATUYECKUM KOMIIOHEHTAM IIOJIOBUHY T'OPU-
30HTAJBHOT'O Pa3peIlleHns U IIOJHOe BePTUKAJIbHOE
paspermterre. Ha puc. 3 mokasaHBI CXeMbI PA3JIOiKe-
HUA APKOCTHON M XPOMAaTUUECKOIl KOMIIOHEHT IIPU
opMUpPOBaHNN MaKpPOOJIOKOB, rme X o0Oo3HauaeT
YacTOTY AVUCKPETU3AIUU APKOCTHOT'O KaHaJia, OIpe-
[IeJISTIOIero ITUPUHY MaKPOIIUKCeIa, @ — 9TO UNCJIO
BBIOOPOK xpomaTudeckux Kommonet (Cb, Cr) B ropu-
30HTAJbHOM HaIPABJEHUU B IIEPBOII CTPOKE, a UUC-
Ji0 b xapakTepusyeT Boi0opKu KomiouneHT (Cb, Cr) Bo
BTODOI CTPOKe.

BeiiBier-ipeobpasoBanue pasfeaseT CHUTHAJ
Ha [Ba KOMIIOHEHTa paBHOIo pasMmepa. llepBrbrii
KOMIIOHEHT XapaKTepusyeT HU3KOYaCTOTHBIE 00Jia-
CTM — anmpoKcuManuio (approximation), BTOPOH
KOMIIOHEHT — BBICOKOYACTOTHBIE 00JIaCTH, OIUCHI-
paromrue gerauu (detail) niu pasnuuue (difference).
ITockonbKY B IIPOTPAMMHOM MOZYJE€ BCTPAMBAHUA
IIB3 BBINOMHAIOTCA II€JIOYNCJIEHHBIE BBIUUCJIEHUA,
TO JJIA OCYIIIECTBJIEHUS IPSAMOTO M 0O0pATHOTrO IIpe-
00pa3oBaHUll PEIIEeHO WCII0Jh30BaTh YIIPOIIEHHYIO
peanmsalnio BEWBJIETOB Xaapa, aJalTUPOBAHHYIO
IJIs XpaHeHUA B Bujme 6aiiT. B ciyuae o6paboTku
O/THOMEPHOT'O JHMCKPeTHOro curaana S={s;},_, BBI-
yrcJieHue KOMIIOHEHT approximation (L) u detail (H)

N°S,2020 N\
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Nudopmanusa giusa N HIrpuxKoxupOBaHUE N dopmupoBaHue N IIpeo6GpasoBanue
BCTpauBaHUA Code 128 0JIOKOB Apsoabna
v
Paziokenue R dopmMupoBaHUIe
Kazp YCbCr 7| (AEAIHS0ACKeS cienka I1B3
L
Cb
Y. Cr dopmupoBaHTe Koy,
? BeiiBier- koga IIB3 mapaMeTpbl
npeobGpa3oBaHUe
ypoBHs L

v

BcerpauBanue
koxa I1B3
sHH;, HL;, LH

A

OmnpepeneHue cxem
BcTpanBaHusa Koxa IIB3

v

O6paTHOe BeiBJIET-
mpeobpasoBaHue

HOCJIG/:[OBaTeJILHOCTI/I 5

YaCTOTHBIX KOMIIOHEHT

dopmuposanue RGB

v

Kanp c I1B3

ﬁ‘Cb
A

|
|
|
| ompepensoNIe KOMOUHAIIUIO TIAD
|
|
|
|

BeiiByIeT-IpeoOpa3oBaHmU s

B Puc. 2. Cxema BHeapenus [[B3 B kaap Bugeonocef0BaTeIbHOCTH
B Fig. 2. Flowchart of watermark embedding in a frame of video sequence

B Puc. 3. CxeMbI pas3IosKeHUs SPKOCTHOI U XpoMaTuue-
CKOJ KOMIIOHEHT

B Fig. 3. Schemes of decomposition of intensity and
chromatic components

C YYeTOM IIeJIOUUCJIEHHOTO IIpeAcTaBjeHuA (0aiiT)
IIPOUCXOIUT IO hopMyIaM

_ Sgjt82541 _%2j %2

i 5 ; H; +128.

O6paTHOe BeiliBJeT-IpeoOpas3oBaHmre (BOCCTAHOB-
JIeHWe CUTHAJa) BBIIMOJIHAETCA CJIEAYIOIIUM o0pa-
30M:

82]' =L] +H] —128; 32j+1 ZLJ _(H] —128)

B pesysibraTe nmpumenHeHus BeliBJeT-IpeoOpaso-
BaHUA K M300pakeHUI0 IIyTeM II00UEePETHOTO OTHO-
MEepHOI'0 BeHBJIeT-IPeo0pPasOBaHUsA CTPOK U CTOJIO-
1oB OyayT chopmupoBaHsl ueThbipe obaactu LL, HL,
LH u HH. Ha puc. 4 nokasaHbl cxeMa 1 IpUMep BHI-
TOJIHEHS BeHBJIET-Pa3JIOKeHNA N300paKeHus JIs
IBYX ypoBHel. [I1sa ¢)opMUpPOBAHUSA TPETHETO YPOB-
HA pasJyioyKeHus OyAeT WKCIIOJIb30BaThCs 00J1aCTh
HUBKOUACTOTHBIX KOMITOHEeHT LL2.

Upesa aaropuTMa BCTpaWBAHUSA B BeHBJIET-KO-
a(ppunueHTsl, TOJy4YeHHbIe Ha 3aJaHHOM YypOBHE
pasmosxkenusa L xpoMmaTtudeckoil cocrasisiomnieit Chb,
pacmupsier aaroputrm Koxa — #Kao. BerpauBanue
kKozma IIB3 mpoumcxoauT Ha OCHOBEe Iap IICEBIOCJIY-
uaiiHeIX daemeHTOB obsnacreit HL;, HH;, LH;. Ilpu
9TOM KOMOMHAIIUY Tap AJIA KasKIOW YacTOTHOM 00-
JacTu OyAyT COOTBETCTBOBATDH OIIPEEIEHHOII cxemMe
BCTPaWMBaHUsA, CHOPMUPOBAHHON HaA OCHOBE KJIIO-
ya. IIOCKOJBKY WCIIOJb30BaHA YIIPOIIEHHAA CXe-
Ma IpeAcTaBJIeHUS YACTOTHOUW obJsacTu (aualasoH
0...255), To nna 3amucu 6muTa THGOPMAIUU UCIIOTIb-
30BaHO CJIeAYIOIIee IIPaBUJIO:

16 7/ VHOOPMALIVIOHHO-YNPABASIOLLIVIE CUCTEMBI
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LL1 HL1
Pasnorxenue Pasnoskenue
Wzo0paskenue TI0 CTpOKaM - - 1o cTo6mam
Kaapa E——
LH1 HH1
LL2 |HL2
e e HL1
I BaHU!
ob6sactu LL1 LH2 |HH2
LH1 HH1 LH1 HH1

B Puc. 4. CxeMa BeliBJIeT-Ipeo6Pa30OBAHNA C PA3IOXKEHNEM Ha [BA YPOBHA
B Fig. 4. Scheme of wavelet transform with two-level decomposition

K, >K, + St,ectu Wy;, = 1;
K, <K,—-Stx0,5, ecmtu W, =0,

rae K| u K, — seMeHTBI YacTOTHOM obnactu; St —
BeJINUMHA, XapaKTepUIYoIasa CUIY PasIudus da-
CTOTHBIX KO2(DUIINEHTOB (3HAUEHVE M3 AUaIa3oHa
1...4); W,, — GuT BCcTpanBaeMoro cooOIeHn.

B mpensnaraemom criocobe maMeHeHUA KOd(DDu-
IIUEHTOB IIPU 3alIKUCU OUTa, B OTIMYUE OT aJITOPUT-
ma Koxa — iKao, mpeayiaraercss usMeHATH CPasy
00a Koa(PuIreHTa HA UAEHTUYHYIO BEJIUUYUHY, HO
C Pa3HBIM 3HAKOM.

B kauecTBe anbTepHATWBHON CXEMBI BCTPamBa-
Huda [[B3, HO yiKe A APKOCTHON KOMIIOHEHTHI WJIN
XpoMaTUUecKoit KommoHeHThI Cr, IpejiaraeTcs mpu-
meHuThH anaroputm Koxa — iHao ¢ ucrmonbsoBaHmIEM
IUCKPETHO-KOCUHYCHOI'0 IIPeo0pa3oBaHus PasMepoM

4 X 4 TUKCeJIOB JJIsl IIePBOT0 YPOBHS BeHBJIET-IPe00-
pasoBanudA. B cayuae 3a/1efiCTBOBAHUA BCEX NOCTYII-
HBIX OJI0KOB m3o0paxeHus pasmepom (I x Iy,) uH-
¢dopMaImoHHasI eMKOCTh BCTPANBAEMOT'0 COOOITIEH A
oA Kjaaccuuyeckoro aaroputrma Koxa — Kao 6yzer
ompenenera Kak ([ x Iy;,)/64, HOCKOJIbKY JaHHBIH aJI-
TOPUTM IIPeAyCMaTPUBAET BCTPanuBaHUE OTHOTO OuTa
B 010K 8 x 8 muKcesioB. [Ipu ucmonb30BaHUM TOJHKO
BeUBJIET-TPe0OpA3OBaHNA YPOBHA L MaKcUMaJIbHAA
nH(pOPMAITMOHHAS €MKOCTh BCTPANBAEMOTr'0 CO00IIe-
HUSA OIIPEIEJIAETCA CIIEYIOINM BhIPAKEHIEM:

v axlw)
2X Ppit x 2L’

TZie Py — CTEIeHb Pa3PerKeHHOCTU UBMEHIEeMBIX KO-
3(pPUIIeHTOB.

N°S, 2020 N\
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Ons nByX YypoOBHeH BeHBJEeT-IPe0OpPasOBaHUA
nH(MOPMAIMOHHAS €MKOCTh BCTPAUBAHUS COOOIIEe-
HUA IPU py;;, = 1 OyaeT B aBa pasa BHIIIIe, YeM y aJ-
roputma Koxa — #Kao, a npu p,;, = 2 Oyzmer uznen-
TUYHASA €MKOCTh. [Jis TpexX ypoBHEH BeHBJeT-TIpe-
00pa3oBaHUs U CTEIIEHU Pa3pekeHHOCTH, PaBHOI 1,
nH(GOPMAIIMOHHAA eMKOCTh OyJeT B IBa pasa HIKe
o cpaBHeHUIO ¢ anropurmom Koxa — #ao. B cay-
yae KOMOMHAIINY BeHBJIET-IIPeoOpPa30BAHUA C IIUC-
KPETHBIM KOCHHYCHBIM IIpeoOpa3oBaHUEM 00JacTH
4 x 4 muKCceJa0B MHPOPMAIIMOHHAS €MKOCTh BCTPaU-
BaHUA COOOIEHNA BEIUUCIAETCA IO (popmyJte

(g xIw)
16 x 22><L
IIpu BeliBieT-PA3JIOKEHUN TIEPBOTO YPOBHA €M-
KOCTh BCTPAMBAHUA COOOIIEHUsI OyIeT IIOJIHOCTHIO
SKBUBaJieHTHAa aaroputmy Koxa — iKao.

HN3Baeuenue IIB3

WsBineuenue nadopmanuonnoro 11B3 u3 kaapa
BUIEO0IIOCIIeIOBATEIbHOCTH BBIIIOJIHAETCS II0 CXeMe,
IpeNCTaBJIEHHON HA PUC. 5.

JdexoqupoBaHHBIN Kajp IEePeBOJUTCA B I[BETO-
By10 mozmesib YCbCr. Jlasiee BBIMIOJIHSIETCS BEHBJIET-
mpeobpas3oBaHUe U cUUTHIBaloTcA Koabl I[B3 us ua-
croTHEIX obnacreir HL;, HH;, LH;. Bo Bpema cun-

TeiBaHUA Koma 1IB3 (KD) mpoucxXoguT OIleHKa IIap
K02 (PUIIMEHTOB M3 COOTBETCTBYIOIIEN YaCTOTHOI
obsactu ciaegyromum obpasom: ecau (K; > K,), To
KD =1; ecmn (K; <K,), 7o KD =0.

Ha ocHOBe MOJyUYEHHBIX KOIOB (opMupyercsa
3HAUEHUEe KOJa IIOJHOTO IIPEeACTABJIEHUSA IITPUX-
Koma FKD c yueToM KOJMUYECTBA IIOBTOPEHUU rpt u
pasmepa OpUTHMHAJIBHOII BCTPOEHHON MH(pOpMAaIlUU,
BBIUUCJIAEMON PYHKI[UEN size (IPU MOMOIIU CIEeIH-
aJILHOT'O MapKepa) COrJIaCHO BHIPAYKEHUIO

rpt-1
FED;= > > KDy (i+rxsize(W)),
r=0 k
ke{HL;, HH , LH,}.

Ha ocuoBe xoga FKD nipoucxonuT (hopMUPOBaHLIE
cJIeTIKa, KyJa 3aHOCUTCS 3HaueHue 1 B ciydae, ecau
FKD, > rpt x 2, u sHaueHne 0 B IPOTUBHOM CJIydae.

Ilonyuennsiii ciemoxk IIB3 Tpanchopmupyercs
B OJIOUHYIO CTPYKTYPY, AJIS KOTOPOM BBIMOJJIHSIETCS
mmpeobpasoBaHue ApHosbaa. 1A mosiyueHHOTO Ipes-
CTaBJIEHUS IIITPUXKOA OCYIIIECTBIISIETCA PEKOHCTPYK-
LIV, YUUTHIBAIOIIAS ITOJIOBUHHYIO BBICOTY IIITPUXA.

SKCHepHMeHTaJIBHBIe HCCJIeJOBAHUA

IKCIepUMEHTEI IIPOBOAUINCE C MCIIOJb30BAHIEM
BHU/IEOTIOCJIeIOBATEILHOCTEH CO CIeAYIOIMMY Paspe-

Pasnoxenue
YCbCr

Ranp

YYY

v Cb

Kirou,

mapaMeTpsI

ypoBHsa L

BeiiBsier-npeobpasoBanue

Ompenenenue cxem
cuuThiBaHUA Koxa I[B3

v

WsBaeuyenue koga I1B3
ns HH;, HL;, LH;

A
-

hl

Koppeknusa xoxa u
(bopmupoBanue cienka I[B3

v

|

: ITocemoBaTenbHOCTH,

| ompepessoNIe KOMOMHAIIKIO ITap
: YaCTOTHBIX KOMIIOHEHT

: BEHUBJIET - IPe00pa3oBaHU A

Tpauchopmanusa ciaenka [IB3
B GJIOUHYIO CTPYKTYDPY

IIpeobGpasoBanue

PexoHCTpYKRIIUA

ApHosbaa TIOJIOC MITPUXKOAA

A 4

IexogupoBaHUe IITPUXKOLA

B Puc. 5. Cxema ussieuenus [1B3 Ha ocHOBe XpoMaTuuecKoi KoMmmnoHeHTH Cb
B Fig.5. Flowchart of watermark extraction based on chromatic component Cb
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meguamu: 1280 x 720, 1920 x 1080, 2560 x 1440 u
3840 x 2160. [a 6oJiee JOCTOBEPHOM OIMEHKU KaK-
lasg MWCXOAHAs BUIEOIOCJIENOBATEJILHOCTH 00pada-
THIBAJIACh B HE3aKOAMPOBAHHON (hOpMe C IpeacTaB-
JeHueM IiBeTa mo cxeme YUV444pl6. [lna BcTpau-
BaHua I1B3 ucnonnsoBasocs RGB-npencrasienue.
B sKcmepuMeHTaJbHOM HCCIENOBAHUU OBIIU 3a-
meticTBoBaHBI Komeku x264 (AVC) u x265 (HEVC).
Konuposanue ¢ npumenenueM x264 BBIIIOJIHSAJIOCH
B IBYyX pekmmax — 8 u 10 6ut. B ciyuae Komeka
x265 npumeHnsiica 10-OMTHBIN pe:xkuM. B Komexkax
HCIIOJIE30BAJINCH HACTPONKY IO YMOJIUYAHUIO C IIPU-
MeHeHUeM ITIPeNyCTAHOBJIEHHBIX HACTPOEK Iapame-
TpoB — cxema Medium. {151 OIeHKY BJIUAHUS CTE-
TIeHU CKaTUA Ha YCTOMUYMBOCTH aJITOPUTMAa BCTPAU-
BaHusa 11B3 6bl1 3a7eiicTBOBAaH MeXaHU3M PeryJu-
POBKU KauecTBa OJHOIIPOXOIHOI0 KOAMPOBAHUS (T1a-
pamerp CRF — Constant Rate Factor), sagaromuii
nepemenHbIll OutpeiT (Quality-controlled variable
bitrate).

OreHKa CcTeleH M3MeHEeH!T B BU3yaJbHOM OTO-
OpaskeHNM KaJpOB BBIMOJHAJACH C WCIIOJIb30Ba-
auem meTpuk PSNR (Peak Signal-to-Noise Ratio),
PSNR-HVS (Peak Signal-to-Noise Ratio taking
into account Contrast Sensitivity Function), SSIM
(Structural Similarity), MS-SSIM (Multiscale
Structural Similarity) u UIQI (Universal Image
Quality Index). Omenka ycTORYMBOCTY IIPEII0MKEH-
HOTrO MeToza BcTpauBauusa 1[B3 BrimosrHAIaCH C MC-
nosib3oBanuem MmeTpuku BER (Bit Error Rate):

1, ecnim Bl; # B2;;

N
p.
BER(BL, B2)=3 "L, p; = {o, conn BL B2,

i=1

rae Bl u B2 — moceoBaTe IbHOCTU OUT [0 BCTpan-
BaHUS U II0CJIe U3BJeueHusd; N — pasMep IIOCJIe0-
BaTeJbHOCTH.

OreHKa MaKCHUMAaJbHOI'O 00'beMa BCTparBaeMOM
nH(poOpMaIUK AJIS PACCMATPHUBAEMbBIX AJITOPUTMOB U
HCITOJIB3yeMOT0 BrieoMaTepraja IpuBeaeHa B Taor. 1.

s omeHKU paboThl aJTOPUTMOB BCTPaWBAHUSA
ObLma momoOpaHa KOMOMHAIIMA IIapaMeTPOB MJIs
BcrpauBauua 1[1B3 Ha ocHoBe DWT Takum o6pasom,
uyT0OBI 00'beM BCTpamBaemMoil MH(GOPMAIIUY OBIJI CO-
nocraBuM ¢ ajroputrmom Koxa — Hao. Tak, mia
IIpeJjiaraeMoro MeTofa ObLIUN ONpeneseHbl CIeqyIo-
e ImapaMeTphbl: AJisd YPOBHS L = 2 cTemeHb paspe-
YKEeHHOCTH U3MeHeHAeMbIX KO9(D(MUIIMeHTOB Py, = 2;
IOIIOJIHUTEJIbHO B 9KCIEPUMEHTAJBHBIX WCCJIEN0-
BaHNAX ObLIA MCIIOJb30BaHaA KoMOuHanus L =3 u
Ppit = 1. YcpenHeHHBIe TaHHBIE OIEHOK CTEIIeHU HC-
KasKeHUA Kajpa mocje BerpauBaHus [[B3 mpuee-
HBI B Tab6J1. 2.

Cpennee Bpemsa BcTrpauBauus 11B3 giaa uccaeny-
eMBIX peasirsaliuii mpeacTaBjeHo B Tabua. 3. Bpems
paccuurano ajasa 30 Kagpos, IO KaKIOMY U3 KOTO-
pBIX cmenaHo mo 15 3aMepoB. 3aMep BBIMOJIHSIJICSA
Ha KommbioTepe ¢ mpoiteccopom Intel Core i5 3550
(3,3 I'T'm).

IIpeBocxoacTBO B CKOpocTu BcTpauBauus I[B3
¢ npumerneaueM DWT mo cpaBHeHUIO ¢ aJIrOPUTMOM
Koxa — #Kao 00ycoBIeHO Te€M, UTO IIPU OCYIIECT-
BJIEHUM BeliBJeT-IpeoOpas3oBaHuili He TpedyeTcs
MIPOBOAUTH CJIOJKHBIE BBIUMCJEHUA. B ajropurme
Koxa — iKao ocHOBHOe BpeMs 3aTpauuMBaeTcs Ha
BBIUMCJIEHNE JUCKPETHOr0 KOCHHYCHOr'O IIpeodpaso-
BaHUA 1 00PATHOT'O JUCKPETHOTO KOCHHYCHOT'O IIpe-
o0pasoBaHUA.

B xome sKciepruMeHTaJIbHBIX UCCIEIOBAHU ¢ aJ-
roputmoMm Koxa — iKao mpu ncnoib3oBaHUYT BUIEO0-
mocJiegoBaTesibHOCcTel ¢ paspernenrem 1920 x 1080
TMIUKCEJIOB 1 BBIIIE OBbIJIO BBISACHEHO, UTO MOCJIe CoKa-
THUSI C IIOMOIIBbIO KOJAeKoB x264 u x265 B cayuae,
ecau nokaszareasb CRF Beime 20, To BoccTaHOBJIE-
HUe BCTPOEHHOU MHGMOPMAIIUU ABJISETCS 3aTPYIHU-
TeJLHBIM WM BO MHOTOM OyIeT 3aBUCETH OT KOHTEHTA
HMCXOMHOM IIOCJIeJOBATEIBbHOCTU. ITO OO0YCJIOBJIEHO
0COOEHHOCTBIO KOAWPOBAHUS BUIEOIOCIENOBATEIIb-
HOCTell, TaK KaK KoZeK X264 mcrmoab3yeT MaKkpo0.J1o-
Ku 16 x 16 mukcesioB, a Kofek X265 — 6JIOKH ¢ ape-
BOBUJHOU CTPYKTYpPOIl KoampoBaHua oT 64 x 64 mo

B Tabruya 1. MakcuManbHBIN 00bEM BCTPANBAEMBIX JaHHBIX, OUT

B Table 1. Maximum amount of embedded data, bits

Mertoq BcTpauBaHus Koga I1B3 Pasmep xazipa, muKces
(napamerpry) 1280 x 720 1920 x 1080 2560 x 1440 3840 x 2160
Koxa — #Kao 14 400 32 400 57 600 129 600
DWT (L =2,p;, = 1) 28 800 64 800 115 200 259 200
DWT (L =2, p,;, =2) 14 400 32 400 57 600 129 600
DWT (L =2, p;, =3) 9600 21 600 38 400 86 400
DWT (L =2, p,;; =4) 7200 16 200 28 800 64 800
DWT(L =3,p,;; =1) 7200 16 200 28 800 64 800
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B Tabruya 2. OneHKa HCKaKeHUA Kaapa npu BecrpauBanuu 11B3
B Table 2. Estimate of frame distortion during watermark embedding

Merox BeTpauBanna Koza KoMmonerTer Paamep xaapa, mukcer
oB3 serpansanus B3 1280 x 720 1920 x 1080 2560 x 1440 3840 x 2160
PSNR
Cb 36,941 36,678 36,675 36,677
Koxa — Kao Y 35,743 35,982 35,971 37,079
RGB 37,851 37,674 37,644 37,659
DWT (L = 2, py;; = 2) Cb 37,615 37,431 37,865 38,045
DWT (L =3, p;; = 1) Cb 34,481 34,468 34,753 35,019
PSNR-HVS
Cb 100 000 100 000 100 000 100 000
Koxa — iKao Y 34,6531 34,4193 34,2877 34,2616
RGB 39,9231 39,3529 39,3681 39,3758
DWT (L =2, py; = 2) Cb 38,1900 37,4128 37,9958 38,0996
DWT (L = 3, p,;; = 1) Cb 34,6241 33,8627 33,1627 34,1285
SSIM
Cb 0,9427 0,9600 0,9693 0,9361
Koxa — iKao Y 0,9534 0,9663 0,9740 0,9451
RGB 0,9719 0,9778 0,9837 0,9665
DWT (L =2, p,;; = 2) Cb 0,9727 0,9803 0,9838 0,9698
DWT (L =3,p; =1) Cb 0,9636 0,9720 0,9766 0,9622
MS-SSIM
Cb 0,9393 0,9064 0,8902 0,8819
Koxa — #Kao Y 0,9304 0,8875 0,8602 0,8575
RGB 0,9583 0,9272 0,9152 0,9131
DWT (L =2, pp; = 2) Cb 0,9685 0,9508 0,9422 0,9388
DWT (L =3, p;; = 1) Cb 0,9622 0,9367 0,9332 0,9293
UIQI
Cb 0,9970 0,9893 0,9923 0,9934
Koxa — iKao Y 0,9973 0,9812 0,9866 0,9877
RGB 0,9974 0,9799 0,9879 0,9872
DWT (L = 2, p,;; = 2) Cb 0,9981 0,9894 0,9906 0,9968
DWT (L =3,p; = 1) Cb 0,9964 0,9827 0,9846 0,9861

8 x 8 mukcesnoB. TakiKe cieqyeT yUUTBHIBATH, UTO
IpU TeKOAMPOBAHUU HCIIOJNb3yeTcA (GUILTP YMEHD-
mIeHuA 6JIOYHOCTHU, UTO BJINAET HA KAYECTBO BOCCTA~
HOBJIEHUSA Kaapa.

IIpu oreHKe yCTOMYMBOCTH BCTPAMBAHUS KOJa
IIB3 ¢ npuMeHeHUEM IUCKPETHOTO BEHBJIET-IIPEO0O6-
pasoBaHUA U KCIIOJb30BaHUA KoJeKa x264 BbIsCHe-
HO, UTO B ciiyuae ecyau nokasarenb CRF pasen 30,
To tokasaresb BER B cpenunem numeer suauenue 0,32

(puc. 6). OMHOBPEMEHHO C 3TUM BO3MOKHA DEKOH-
CTPYKIIUA IITPUXKOA, OCHOBaHHAS HAa MCIIOJIb30Ba-
HUU TOBTOPeHU#. B cayuae ecam opuruHa bHaA 3a-
much cokuMagach ¢ mokasareaem CRF 18 uiau menee,
TO IPU TPAHCKOAWPOBAHUY C IIPUMEHEHUEM 3Haue-
uus CRF mo 25 ymaerca moctuub 3Havenus BER,
He mpesbimiatomniero 0,17, a ¢ yueToM IUKJIUYHO-
ctu 3anucu cjaenka [[B3 mosrHOCTHI0O BOCCTAHOBUTD
MITPUXKOA. B ciyuyae MHOTOKPATHOr'O TPAHCKOAU-
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B Tab6ruya 3. Cpeguee BpeMa BecrpauBanud [1B3, mc
B Table 3. Average time of watermark embedding, ms

MeToz BCTpauBaHKUA Koja KoMIoHeHTHI Pasmep Kazpa, IuKcex
B3 scrpansanua B3 1280 x 720 1920 x 1080 2560 x 1440 3840 x 2160
Cb 4634,04 10 498,31 18 789,35 42 148,45
Koxa — ¥Kao Y 4616,81 10 483,12 18 862,77 41 969,31
RGB 14 021,37 31 885,08 57 334,18 126 405,21
DWT (L =2, p;;, = 2) Cb 157,64 298,37 496,57 969,30
DWT (L =3, pp = 1) Cb 150,96 294,76 473,34 954,12

BER

18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33
CRF
B x264 8 bur

B x264 10 6uTr x265 10 6uT

B Puc. 6. Iloxasatens BER usBieuennoro koga I1B3 B 3aBUCMMOCTH OT CTEIIEHU CKATUA HA OCHOBE IIOKa3aTeJd KOHTPOJIA

kauectBa CRF

B Fig.6. BER estimate of extracted watermark code depending on a compression degree based on CRF estimate

poBanusa (2—4 pasa) ¢ mokasareaeMm CRF, He mpeBbI-
IIaIoIUM 3HaUeHnA 25, TaKiKe IMOJHOCTHIO YIaJ0Ch
BOCCTAHOBUTH HMITPUXKO/. IIpu sTom suauenne BER
nas koma ITB3 cocrasuo 0,19.

3aKaoueHue

Paspaboran meTozn BHeApPEeHUs TEKCTOBOT'O CO00-
IIeHUS B BUIEOIOCTIEN0BATEILHOCTD C IPUMEeHEeHIEeM
MITPUXKOAUPOBAHUA U ITU(GPOBOTO0 MapKUPOBAHUA
Ha OCHOBE AUCKPETHOTO BeWBJET-Ipeo0pasoBaHUA.
ITocTpoens! cxeMbl BHeApeHUA U m3BjaeueHua 1[B3
B I-Kaap BUIEOIIOC/IeI0BATEIBHOCTH, IIPEACTAaBJIEH-
HbIA B 11BeToBOM Mogean YCbCr. ITokasamo, uro aJ-
roputm Koxa — #Kao cyIecTBeHHO HNPOUTPHIBAET

ud)POBOMY MAPKMPOBAHUIO Ha OCHOBE IITPUXKO-
IUPOBAHUSA II0 BPEeMEHH! [AJs BUIEOIOCJIeSOBaATe b-
HOCTElI BBICOKOI'O M CBEPXBBICOKOI'O Pa3pelleHusd.
IIpoBeseHHBIE SKCIEPUMEHTHI IIOKA3aJM BBICOKYIO
YCTOMUYMBOCTD K TPAHCKOANPOBAHIIO BHIEOIIOCIE0-
BATEJILHOCTH C KCIIOJb30BAHMEM CTAHIAPTHBIX IIa-
paMeTpoB KojeKa. Eciiu opurnHaabHas 3alIUCh CHKU-
maJsiack ¢ moxkasaresem CRF 18 uiam menee, To mipu
TPAHCKOAUPOBAaHNY ¢ npuMeHeHueM sHadeHns CRF
no 25 suauenne BER me mpesswimiaer 0,17, a ¢ yue-
TOM IMUKJUYHOCTHU 3amucu cjiemnka 11B3 miTpuxkosn
IOJIHOCTBIO BOCCTAHABJIMBAETCSA. B ciiyuae MHOTO-
KpaTHOTO TpaHCKomupoBauusA (2—4 pasa) ¢ moxasa-
tesiem CRF, He mpeBwIMIaoiuM sHaueHusa 25, TaKkKe
yIaJI0Ch MOJHOCTHI0 BOCCTAHOBUTD INTPUXKOA. IIpn
srom 3Hauenue BER misa xoga I1B3 cocrasmio 0,19.
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Introduction: Owners of multimedia products face an important problem of protecting their digital data. An effective way to solve
it is digital watermarking of video sequences. The challenge is the need to improve the digital watermark tolerance for transcoding
when the data are transmitted via unprotected channels. Purpose: Development of method for embedding data into a video sequence
which would have a higher tolerance for transcoding. Methods: We propose a novel method for embedding and extracting textual digital
watermarks based on the bar coding and Arnold transform. Results: Blind marking schemes have been developed for digital video
sequences in chromatic components, based on the discrete wavelet transform and discrete cosine transform. An experimental study
has been conducted to check the stability of the proposed method using encoders x264 (AVC/H.264) and x265 (HEVC/H.265). The
estimation of transcoding impact has shown that the frequency method based on wavelet decomposition has a high degree of stability. It
was discovered during the experiments that for the cases of video transcoding by single-pass compression with a Constant Rate Factor

22 7 VHOOPMAUVIOHHO-YMPABASIOLLVIE CUCTEMEI VAR 5, 2020



\

OBPABOTKA NHPOPMAUN N YIIPABNAEHWNE

N\

not exceeding 26, the embedded textual information is fully restorable. Practical relevance: The developed method allows you to reliably
embed or extract textual data from video sequences compressed using highly efficient coding methods during their transmission via
unprotected channels, providing copyright protection for multimedia product owners.

Keywords — digital watermark, digital marking of video sequences, bar coding, Arnold transform, discrete wavelet transform,
discrete cosine transform.
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Introduction: Due to its advantages, such as high flexibility and the ability to move heavy pieces with high torques and forces,
the robotic arm, also named manipulator robot, is the most used industrial robot. Purpose: We improve the controlling quality of a
manipulator robot with seven degrees of freedom in the V-REP program'’s environment using the reinforcement learning method
based on deep neural networks. Methods: Estimate the action signal’s policy by building a numerical algorithm using deep neural
networks. The action-network sends the action’s signal to the robotic manipulator, and the critic-network performs a numerical
function approximation to calculate the value function (Q-value). Results: We create a model of the robot and the environment
using the reinforcement-learning library in MATLAB and connecting the output signals (the action’s signal) to a simulated robot
in V-REP program. Train the robot to reach an object in its workspace after interacting with the environment and calculating the
reward of such interaction. The model of the observations was done using three vision sensors. Based on the proposed deep
learning method, a model of an agent representing the robotic manipulator was built using four layers neural network for the actor
with four layers neural network for the critic. The agent’s model representing the robotic manipulator was trained for several hours
until the robot started to reach the object in its workspace in an acceptable way. The main advantage over supervised learning
control is allowing our robot to perform actions and train at the same moment, giving the robot the ability to reach an object in
its workspace in a continuous space action. Practical relevance: The results obtained are used to control the behavior of the
movement of the manipulator without the need to construct kinematic models, which reduce the mathematical complexity of the
calculation and provide a universal solution.
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Introduction

The use of deep neural networks has been rising
lately in solving many different technical problems
in many fields, especially in robotics and automa-
tion control, where the aim is to build intelligent
systems that can operate without the need of hu-
man experts. The progress of unsupervised deep
learning has continued to rise in rank, aiming to
learn intelligent behavior in complex and dynamic
environments [1, 2]. Therefore, we will review the
methods of controlling a robotic manipulator using
kinematic control and machine learning control in
the field of reinforcement learning and examine
the problems that can face us in this procedure.
Learning control policies in different systems’ op-
erations have made reinforcement learning an op-
timal solution where it fits well with various tasks.
In addition, recent work in this field has progressed
towards capturing the state of the environment
through images, something developers are still try-
ing to achieve but in a different context.

Reducing continuous spaces of action would be
poorly scaled, as the number of discrete actions in-
creases exponentially with the action dimensional-

ity, so deep reinforcement learning operates with
continuous spaces of action to be convenient with
real-world control problems. Furthermore, having a
parameterized policy can be beneficial, since it can
generalize in the space of action [3].

Reinforcement learning is one of the most popu-
lar areas of machine learning [4—6]. Stimulated by
human behavior, it allows an agent (the learner and
decision-maker) to discover optimal performance by
experiment and failure interactions with its enclos-
ing environment to solve the problems of control.
The environment is everything outside of the agent
that can be associated with, while a learning task is
the complete specification of the environment. The
first method in the field of reinforcement learning
is dynamic programming [6]. Dynamic program-
ing uses value functions to structure the search for
good policies but needs a perfect environment mod-
el. The need to know the complete model of the envi-
ronment limits the dynamic programming method,
wherein many control problems, knowing the whole
aspects of the environment, could be impractical
because many problems give rise to huge state sets.
The next method is Monte Carlo (MC) one [6]. The
model-free MC method enables us to learn from the
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environment’s sample sequences of states, actions,
and rewards. MC method works by equating the
sample returns from the environment on an episode
by episode base, so we do not require the full mod-
el of the environment like in the case of dynamic
programming, but in MC method the agent must
consider the exploration-exploitation tradeoff in
order to get information about the rewards and the
environment. It needs to explore by analyzing both
previously unused actions and uncertain actions
that could lead to negative rewards. A new method
of reinforcement learning evolves from both dy-
namic programming, and MC method. This method
is called temporal-difference (TD) learning [6]. TD
learning combines dynamic programming’s ability
to learn through bootstrapping and Monte Carlo’s
ability to learn directly from examples selected
from the environment without access to the Markov
decision process. Alternatively, TD method only
waits until the next time-step by using temporary
errors to notify us how different the new value is
from the old prediction. Temporal difference learn-
ing led us to a method called state-action-reward-
state-action (SARSA) [4-6]. SARSA is an on-policy
TD control algorithm. This name is derived from an
experience in which the agent starts in certain state
performs an action, receives a reward, then trans-
fers to a new state, and decides to do a new action.
Based on SARSA, @-learning method appeared but
conversely to SARSA. Q-learning is an off-policy
TD control algorithm, which directly approximates
the expected reward independent of the policy be-
ing followed [4—6].

The main disadvantage of all of the above-men-
tioned methods is the need for a vast database of
samples and their need to train them before we
start to perform the process of control. On the other
hand, we need an algorithm that can be suitable for
continuous spaces, where the algorithm can learn
and perform simultaneously with sensor reading
and action executions. Deep deterministic policy
gradient or deep @-learning was developed to solve
this problem and to overcome all the mentioned
methods’ disadvantages by developing the architec-
ture of the agent to consist of a critic deep neural
network and an actor deep neural network. The crit-
ic and the actor can work in parallel to give us the
actions and the estimated rewards for these actions
while the training process continues.

Hence, we study deep reinforcement learning al-
gorithm, namely, deep deterministic policy gradi-
ent [3]. In order for robots to achieve a common ad-
vantage purpose, reaching objects is a fundamen-
tal ability to learn. Traditionally, human experts
are required to analytically produce an algorithm
for a particular task under adaptive control using
kinematic control and supervised learning control,
but this is a challenging and time-consuming ap-

proach. By applying deep learning, we overcome
these restrictions in generalizing robotic control
and demonstrating how building the actor-network
and the critic-network based on convolution neural
networks (CNN) increases the quality of the perfor-
mance compared with fully connected neural net-
works. We begin by showing the area of interest,
machine learning, focusing on deep learning and
reinforcement learning, and deep deterministic
policy gradient; we describe how to control a robotic
arm using deep learning.

Kinematics control of a robotic manipulator

Given the joint rotation angles and the lengths
of the manipulator’s frames, we represent the for-
ward kinematics [3]

X =F(q, Opiy), 1)

where X is the coordinates vector containing the
position and orientation of the robot’s end effector;
q is a matrix of joints’ angels; 6,,, is a vector of
fixed kinematic linking parameters. It consists
of parameters describing the robotic manipulator
lengths and angles, illustrating each joint axis’s
rotation relative to the previous joint axis.

Closed-form solutions of (1) are favored.
However, there are manipulator structures, for
which only iterative numerical solutions are pos-
sible. From equation (1) we get the equation of the
inverse kinematics given as

a=F (X, C, 0,;,) @)

where C is a vector containing some information
used to select a possible solution, and another
alternative is to let C be the previous solution and
choose the new solution as the closest solution.
When the robot’s end effector is in a fixed po-
sition, there will always be existing values for the
joints angles which led the end effector to be in such
position and direction, so a closed-form solution for
the forward kinematics problem is always assured
in comparing with the inverse kinematic making
it more comfortable to deal. This solution defines
the workspace of a manipulator. On the other hand,
there can even exist an infinite number of solu-
tions, like the case of a redundant manipulator [3].
When the dimension of the task-space is smaller
than the dimension of the joint space, the kinematic
structure is considered redundant. Here the inter-
est is in the inverse problem because we can calcu-
late the angels of the joints that will lead to reach-
ing a point in their workspace. As we can see, the
kinematic control needs to know the robot’s param-
eters and environment, which makes it a non-uni-
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versal solution for the controlling problem. Each
robot needs to rebuild the complete mathematical
model and recalculate all the inverse and forward
kinematics metrics, which will take a lot of process-
ing each time. The solution for finding a universal
solution for the controlling process is by using un-
supervised learning.

Advantages of reinforcement learning
in controlling a robotic manipulator

In unsupervised learning, we get a lower com-
plexity compared to supervised learning because
we are not expected to understand and then mark
the input data. This situation happens in real-time
so that all the input data must be analyzed and
marked, which helps us understand the various
training models and sorting of raw data [4—6]. It is
easier for us to get unmarked data from a comput-
er than marked data because marked data demands
human interface and understanding of the catego-
rization of such data to use in the learning process.
Experts should estimate the target output or part
of it in order to achieve the learning process. The
supervised learning makes this way time-consum-
ing and not flexible for various systems where some
changes to the environment or the robot could hap-
pen. Nevertheless, there are many systems where
we can not estimate the output, and we can not have
enough information to build the target output to
achieve the learning process.

In supervised learning, we would have a set of
coordination of some locations in the workspace
and the corresponding angles of the manipulator’s
joints. We can then feed those input frames through
a neural network that, at the output, can produce
the angles of the motors or joints by training on the
data set from the previous data of the locations and
the corresponding angles. Many approaches could
be used, like backpropagation, so we can train that
neural network to replicate human manual control
actions. However, when we want to do supervised
learning, we have to create a data set to train [6—8].
On which is not always a straightforward thing to
do, and on the other hand, if we train our neural
network model to imitate the actions of the human
control well only, then by definition, our agent can
never be better at executing the right action. When
we want to train a neural network to perform by it-
self a controlling process on a robotics manipulator,
where this controlling will take place in different
environments, it could face many new problems. On
the other hand, the offered method of unsupervised
learning achieves this goal [9, 10].

However, the only difference here is that now we
do not know the target label. Therefore, we do not
know the rotation of the manipulator’s joints in any

situation because we do not have a data set to train
on, and in reinforcement learning, the network that
transforms input frames to output actions is called
the policy network [11]. The approach in policy gra-
dients is that we start with a completely random
network, we feed that network the coordinates from
the environment, and it produces random action.
Send that action back to the joints motors and then
produces the next frame and this is how the loop
continues and the network, in this case, it could be
fully connected networks, but we can apply convolu-
tion network, in other words, deep neural networks
and from this, we get the name “Deep learning”.
Allowing our agent to randomly explore the envi-
ronment and discover better rewards and better be-
havior [12].

Within the task, the learning process is divided
into episodes. We usually use each episode as a con-
trol for a finite steps model, where it is essential to
operate in many steps until we reach the time where
we reset and restart.

When we move from a step to another under
making an action, the agent receives a reward de-
scribing the effectiveness of this step regarding the
task. The objective here is to maximize this collec-
tive reward during the learning process for the ro-
bot [13]. The equation of the collective reward R is
given as

K
R=r1+r2+r3+-"+"1{+1=Zrkﬂ’ 3)
k=0

were r is a reward for moving from the state 0 to
the state 1 in the step 1; ry is a reward for moving
from the state 1 to the state 2 in the step 2; (K + 1)
is the number of rewards or steps, which refers to
the end of the episode; %k is a counter for the sum
sign; (k + 1) is a step number.

As we can see from equation (3), the collective
reward could increase without any conversion,
making it not suitable for all the tasks [14, 15].
Therefore, we define a factor 0 <y < 1 that assures
the conversion and determines the value of the fu-
ture rewards that the robot might receive. By add-
ing this discount factor to equation (3) we get the
expected collective reward as

K
2 K k
R=r +yrg +yrg+- 47 g = D ¥ i1, @
k=0

where v is the discount factor.

We must take extreme caution when choosing an
appropriate value of y in equation (4) because it can
often change the form of the optimal solution where
different values lead to different performances
[16]. If y is small, the agent could select cases that
only increase the reward and lead to lower perfor-
mance in the long-term. In contrast, if y is big, the
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agent will lose the capacity to differentiate between
the policies that will get a reward in the future and
those directly get a big reward [17, 18].

Controlling a robotic manipulator
using deep learning

Deep learning is a field of reinforcement unsu-
pervised learning involved with deep neural net-
works. We used two types of deep neural networks
each time, the convolution neural network and the
fully connected neural network. In convolution neu-
ral networks, the connections are between the neu-
ron and its surrounding neurons from the previous
layer, and these connections share the same weights
and bias [19-21].

Let’s consider the method of deep deterministic
policy gradient with using deep neural networks as
an actor and critic. Set up the following notations
and variables: n(s/€) is the actor-network output
calculated on the basis of the actor neural network
having the input vector S; and the parameters vec-
tor &; j is the current step; S; is the state vector built
by the observation in step j; & is the parameters
vector of the actor-network; Q(sj ny Tc(sj 11/6)10) is the
output of the critic network having the input vec-
tor s.,;, which is obtained from state s; after action
a; of] the actor-network, and the parameters vec-
tor 6. On the basis of the TD learning, the updat-
ed parameters vector 0 of the critic-network results
from solving the optimization problem [6, 9]

inf(y—Q(S' a.|9))2—>min 5)
Mj:l i jr 4j 0

where L is the loss function; M is the maximum
count in the last step; Y; is the value function target,
output vector of deep neural network, which gives
the critic signal or the joint angels; a; is the action
vector in the given state s.. This output vector,
similar to the solution of the inverse kinematics
equation (2), is described as

Y= +YQ(SJ+1’ 7t(SJ'+1 |§)|9)’ ©

where r;is the reward in step j; j is the current step.

We train the network to decrease the mean
squared error concerning the @ function [22, 23].
However, the dependence of the @ targets on @ itself
can lead to instabilities or even divergence during
learning. We consider a policy that can be described
by parameters very beneficial for control because it
allows for learning when the sensory reading and
actions executions belong to continuous spaces. The
target value function Y; in (6) is proposed to be a
permanent value on learning a neural network by
the back-propagation algorithm.

After updating the parameters vector 6 of the
critic-network, to updat the parameters vector & of
the actor-network we use the following policy gra-
dient when maximizing the expected discounted
reward (4) [6, 9]:

1M
Ved x— > GGy, 7
& Mjgl nj FEj ()

Gn:j = VTEQ(Sj’ TI:(SJ- |§) | 0),
Ggj =Ven(s;|8),

where V&J is the policy gradient; an, Géi are the
gradient vectors of the critic’s and actor’s outputs
with respect to an actions and parameters of the
actor-network respectively; V_ is the gradient
ascent with respect to the policy of the action; V, is
the gradient ascent with respect to the parameters
vector & of the actor-network.

From equation (7), the resulting policy gradient
increases the expected discount reward, and we use
it to update the actor-network weights and bias. On
the other hand, from equation (5), after minimiz-
ing the loss function over all the experiences, we
use it to update the critic-network weights and bi-
ases. In consideration of the observation, we eval-
uate the gradient of the critic-network output and
the gradient of the output of the actor-network. We
perform a smoothing process to update the weights
and the biases of the target actor-network and the
critic-network:

0=10+(1-1)0, E=1E+(1-1)E,

where t is a smoothing factor equal to less than
one; 0, & are the updated parametes vectors of the
critic and actor networks correspondently.

Finally, we repeat performing equation (6) af-
ter we get the new observation for a new step in the
training until the end of the episode and the begin-
ning of new training episode.

The practical experiment of controlling
the robot manipulator

As illustrated in Fig. 1, the learning process
starts with taking the coordinates of the end effec-
tor and the cube on the three-axis from the cameras,
generating the state vector. We send the state vec-
tor to the actor-network. The critic network takes
both the action generated by the actor-network and
the state and gives us the expected reward from
this action or the @-value. In the next steps to im-
prove the performance, when we are in a state, and
the actor is proposing a particular action, we take a
slightly different action and see if the @-value a lit-
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B Fig. 1. The block-scheme of the deep deterministic
policy gradient used to control the robotic manipulator

tle higher we change the action to the new proposed
action. The robotic manipulator moves when it gets
the action signal. The cameras make the observa-
tions, generating a new state vector describing the
new situation of the environment. On each axis, if
the distance between the end effector and the cube
gets smaller than before, we add a positive reward.

On the contrary, if the distance gets bigger, then
before we add a negative reward. We sum the re-
wards to get the actual reward of the current action.
We calculate the loss by achieving a TD between the
actual reward and the estimated reward generated
by the critic (the @-value). We use the loss in com-
puting the gradient of the @-value with respect to
the action. We back propagate the gradient of the
®-value with respect to the action to train and up-
date the neural networks and to evolve our actor in
the right direction.

The simulation environment is built using
V-REP program. A robot arm model with seven de-
grees of freedom (7 DoF manipulator) is used. In ad-
dition, three cameras are added in different places
to use them in determining the state and the val-
ue of the reward function. A linkage library called
Remote API is used to connect V-REP program with
MATLAB language. This library provides a way to
create a connection between the programming lan-
guage and the simulation program, so it becomes
possible to take pictures from the cameras and pro-
cess them using MATLAB image processing func-
tions. The connection mechanism also allows send-
ing motion commands to the motors on the robot
joints, which makes the simulation environment so
close to the real implementation environment.

We want to enable our agent to learn entirely by
itself. The only feedback that was going to give it

is the distance between its end effector and the ob-
ject we want the manipulator to reach. Whenever
our agent manages to make this distance smaller, it
will receive a positive reward. If the gap gets bigger
than before, then our agent will receive a penalty of
negative reward. The target of the agent is to opti-
mize its policy to earn as much reward as possible.
To train our policy network, we will collect a bunch
of experiences by selecting random actions to feed
them back into the actor and create a whole bunch
of random movements in the environment. Since
our agent has not learned anything useful yet, it is
going to make arbitrary, not accurate movements.
Sometimes our agent might get lucky while it is go-
ing to random select of action. In this case, when
a sequence minimizes the distance, our agent will
receive a reward. We should note that every epi-
sode, regardless of whether we want a positive or
a negative reward, we can compute the gradients
that would make the actions that our agent has
chosen more likely in the future. Therefore, what
policy gradients are going to do is that for every
episode where we have a positive reward, we will
use the normal gradients to increase the probabil-
ity of those actions in the future. Whenever we got
a negative one, it is going to apply the same gradi-
ent, but we are going to multiply it with minus one,
and this minus sign will make sure that in the fu-
ture, all the actions that we took in a bad episode
are going to be less likely. The result is that while
training our policy network, the actions that lead
to negative rewards are slowly going to be reduced,
and the actions that lead to positive rewards will
increase.

To make observations of the state for the agent
of the reinforcement learning (the robotic manip-
ulator), we have used three web cameras that take
photos of the manipulator workspace from three
perspectives so we can analyses a 3D vision for the
environment on the three axes. Because of the lim-
itation of the hardware, we do not have the ability
to give the images as input to the neural networks,
so we performed image processing using MATLAB
to get the coordinates of both the robot and the end
effector. We added as well the angles of rotation for
each joint to form the state vector (the observations).
Thus, using simulated webcams with 128 x 128 res-
olution, the environment was observed. Before each
action, a picture is taken from each cam. Then using
image processing methods of segmentation and de-
tection in MATLAB system, we get the coordinates
of the end effector and the object we want to reach
to form our state. The original photos from three
vision sensors in the environment of V-REP with a
resolution of 128 x 128 showing the robotic arm as
a whole and the box we want to reach are depicted in
Fig. 2, a. The images obtained after the photos pro-
cessing in MATLAB and showing two green pints,
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a)

b)

B Fig. 2. The original photos from three vision sensors in the environment of V-REP with a resolution of 128 x 128 to
simulate real life web cameras (a) and the images obtained after the photos processing (b)

which are the end effector of the robot and the box,
we aim to reach, are depicted in Fig. 2, b.

Let us consider the simulation environment. The
robotic manipulator has seven motors; each motor
is related to two adjacent digits, respectively. The
motor rotates in a clockwise direction if the first
digit is bigger than the second one and vice versa.
Thus, the number of the action signal parameters
is 14. After that, we start taking pictures from the
cameras and discovering the green areas in them,
because the end effector and the element we want
to reach are made in green. Then, we determine the
coordinates of these two elements in the three im-
ages, as seen in Fig. 2, b. The state contains seven
values that reflect the motors’ angles, and 12 val-
ues reflect a pair of coordinates in each of the three
images. The total number of the state signal param-
etersis 19.

Two kinds of neural networks are chosen to
build the actor and the critic networks. In the first
case, the actor and critic networks are designed as
CNN and, in the second case, as the fully connected
neural networks. The actor-network includes four
layers and has a size of 200 x 200 x 38 x 14, where
every number means the number of neurons in a lay-
er. The actor-network has 14 output signals to give
the rotation of the joints with two pairs for each of

the seven joints. The critic-network comprises four
layers and has a size of 200 x 200 x 10 x 1. The out-
put signal is a value of the @-function.

The training process of the robot consists of a
maximum number of 600 episodes when using con-
volution neural networks and 1000 when using the
fully connected networks, where the episode is all
the actions, and the states that come in between an
initial-state and a terminal-state and each taken
action and state is considered to be one step inside
the episode. The episode consists of a maximum
number of 600 steps when using the convolution
neural networks and 1000 when using the fully con-
nected networks. Each episode ends when the robot
achieves the task of reaching the cube or when it
reaches its maximum number of steps without be-
ing able to reach the cube. After that, a new episode
begins with a new initial position for the cube in the
workspace of the robot. As a start of the training
process during the first step in the first episode,
the state vector is constructed by taking the coor-
dinates of the end effector of the robot and the cube
(the object we aim to reach) from three images in the
initial observations. We send the state vector to the
actor-network as its input. The actor-network gen-
erates the first action as an output, and we send it
to the motors’ joints to perform the first movement.
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We take the new observations constructing the new
state vector, and we send it to the critic-network
with the action vector. The critic-network takes the
state vector, and the action vector as an input and
generates the @-value is output. At the end of this
step, the reward of the taken action is demonstrat-
ed by calculating the distance in the three images.
Depending on the @-value and the reward, we up-
date the parameters of the actor-network and the
critic-network entering the next step. In the next
step, the actor-network gives the new action signal
for the join’s motor to rotate depending on the cur-
rent state vector, and the new observations are tak-
en constructing the new state vector. The new state
vector is sent with the action vector to the crit-
ic-network repeating the same process. If the taken
action in the step leads the robot to move far from
the cube, the reward takes a negative value in order
to reduce the repetition of such actions, and if the
action in the current step reduces the distance mov-
ing the robot towards the cube, the rewards take
a positive value to ensure repeating such actions.
The task is considered to be accomplished when the
distance is reduced to a certain level (very small
distance) in the three images at the same time. The
episode ends, and we give the reward a big positive
value, and the robot returns to its initial position,
a new position is determined randomly for the
cube (the element we want to reach). A new episode
starts, and a new action is taken from the output of
the actor-network repeating the same process in the
previous episodes. The training stops in the final
episode, where the parameters of the actor-network
always lead the robot to execute the actions, those
making it reaching the cube.

In our experiment, we achieved two training
process first using convolution neural networks to
build the actor and critic networks. The results are
represented in Table 1. Then, we repeat the training
using the fully connected neural networks to build
the actor and critic networks. The results are noted
in Table 2.

In table 1 is clear that, the larger the network’s
size, the higher the learning parameters, the high-
er the average reward, which leads the robot to exe-
cute more likely good actions to reach the cube and
to reaching high accuracy and lower elapsed time
quickly.

As follows from the analysis of tables 1 and 2,
the architecture of the convolution neural networks
gives the character to be more specialized and effi-
cient than the fully connected networks. In the ar-
chitecture of the fully connected neural networks,
there are connections between all the neurons in
previous layers with each neuron in the next lay-
er, with a unique weight to each connection. This
connection pattern increases the network param-
eters and makes no assumptions about the data’s

B Table 1. The number of parameters, average reward
and elapsed time on learning the actor and critic networks
in the form of convolution neural networks

Sizes of actor and Number of | Average | Elapsed

critic-networks parameters | reward | time, h
220000X>< 220000X>< 318() i 114 Sf 1420 100.02 >-10
ot | S e | s
118800X>< 118800><><318() ><>< 114 237';120 98.01 >51

B Table 2. The number of parameters, average reward
and elapsed time on learning the actor and critic networks
in the form of fully connected neural networks

Sizes of actor and Number of Average Elapsed

critic-networks parameters | reward time, h
A B | ma | e
119900xX119>900XX31% 1114 é‘é (2’91"1‘ 94.21 5.40
1188002118800131%2114 32 2811 90.46 559

features, increasing the expenses of the memory
and the computation. On the other hand, in the con-
volution neural network’s architecture due to its
convolutional layers, the connections are between
the neuron and its surrounding neurons from the
previous and the next layer, and these connections
share the same weights. This connection pattern
decreases the number of the network parameters
affecting its memory use (less memory use), the
computation (less time), and increases the accuracy
by producing more likely actions that increase the
average reward.

We trained the networks using back propaga-
tion of the loss error by taking the gradient of the
®-value with respect to the input. However, the
training process time depends on many factors; for
example, each neural network is initialized with
random values of biases and weights, giving dif-
ferent starting points per simulation during the
training process. Due to its architecture, fewer
connections and weights make convolutional layers
relatively cheap in memory and computation (less
time). In other words, CNN has a lower number of
parameters, making it quicker to achieve the train-
ing target.

Convolution neural networks have a connection
pattern that increases its accuracy in comparison
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with the fully connected network because this pat-
tern provides the characteristic of feature extrac-
tion allowing the data to be represented as spatial
with the locally and equally possible to occur ex-
tracted features at any input. This feature extrac-
tion quality produces a lower rate of decreasing
the average reward when reducing the parameters
of CNN over reducing the parameters of the fully
connected networks, which lack this property of the
feature extraction.

Conclusion

In robotic control, we trained the robotic arm,
using a typical robot with seven joints to move in
high action space, using deep reinforcement learn-
ing algorithms and deep deterministic policy gra-
dients. These methods have the advantage of allow-
ing our robot to perform actions and train at the
same moment. Therefore, we used them to control
our robotic manipulator to reach a cube in its work-
space; since these methods give the robot the ability
to perform in continuous space action (the sensory
reading and actions executions belong to continu-
ous spaces).

The results of the investigation show that using
convolution neural networks for designing the ac-
tor and the critic-networks has the following advan-
tages over the fully connected networks:

— higher accuracy by driving the actor-network
to perform more likely actions that led the robot to
increase the average reward during the training;

— the robustness over decreasing the network
parameters due to the feature extraction property,
where decreasing the network’s parameters, did not
affect the convolution neural network in the same
way it affects the fully connected networks.

— a quicker performance using less computa-
tion power and less memory than the fully connect-
ed neural networks.

The obtained results expand the possibilities of
reinforced learning used in control systems, in par-
ticular when controlling a robotic manipulator, by
combining the method of deep deterministic policy
gradient with deep neural networks. An essential as-
pect of the research results is the demonstrated ef-
fectiveness of using cellular neural networks for re-
inforcement learning on controlling a robotic manip-
ulator. This fact is important because cellular neural
networks are very popular and they are part of many
different structures of deep neural networks.
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Cucrema ynpasiieHUsI HA OCHOBE HeIIPOHHBIX ceTeil IIpU 00yJYeHNH ¢ MOJKPeNIeHneM I po6oTa-MaHUITYIATOPa
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aCaukTr-IleTepOyprecKkuii rocyfapcTBeHHBIN dJIeKTpoTeXHUUecKuil yauBepcuret «JIOTU », ITpodeccopa ITomosa yii., 5,
Caukr-Ilerepbypr, 197376, PO

Beenenue: B CUJIy BBICOKOI I'MOKOCTH U CIIOCOOHOCTU IIepeMeIlaTh TSAXKeJble IPEeIMEeTHI ¢ OOJbIINME BPALIAIOIUMUA MOMEHTaAMHU U
yCcuIusiMu poOOTU3UPOBaHHAA PYKa, HasbIBaeMasi pOOOTOM-MaHUIIYJIATOPOM, IBJISAETCI YACTO UCIIOIb3yeMbIM IIPOMBIIIIIEHHBIM POOOTOM.
ITesb: MOBBICUTH KAYECTBO YIIPABJIEHUSA POOOTOM-MaHUIIYJIATOPOM C CEMBIO CTEIIEHAMY CBOOOBI, IIPEJCTABIEHHBIM B CPefie CUMYJIATOpA
V-REP, npumMeHnsisi MeTof 00yUeHUs C MOJKPeIJieHreM IJIsi TJIYOOKUX HeMPOHHBIX ceTeil. MeToabl: OIeHKA CUTHAJIA IOJUTUKY JAeHCTBUA
TIOCPECTBOM IIOCTPOEHUSA YUCIEHHOTO aJITOPUTMA C UCIIOJIb30BAHUEM IVTYOOKUX HeHPOHHBIX ceTell. CeTh aKTOpa OTIIPaBJIsAET CUTHAJ Hei-
CTBUA B POOOTU3UPOBAHHBIN MAHUIIYJIATOD, & CETh KPUTUKA BBIIOJIHAET YUCJIEHHYIO alIIPOKCUMAIIUIO JAJIs BEIUUCIECHU OIleHKY QYHKITNN
(Q-omenku). Pe3yabTaTsl: MBI CO3aeM MO/eIb POOOTA U eT0 OKPYIKAIOIIYIO CPEY, UCIIONIb3Y A OUGIN0TEeKY 00yUIeHN ¢ IOTKPEIlJIEHIEM B
MATLAB u HanpaBJisisg BBIXOQHOM CUTHAJ (CUTHAJ JefiCTBUA) K CUMYJIATOPY poboTra B mporpamme V-REP. Po6oT o6yuaercsa JOCTHIKEHUIO
00BeKTa B paboueM IIPOCTPAHCTBE IIPY B3ANMOEUCTBUY C OKPY KAIOIIEell CPeNoi U IPU pacueTe BO3HATPAKACHUA 32 9TO B3ANMOIECTBHE.
Mogens HaOIIONEHUA CO3LaHa C IPIMEHEHNEM TPeX BULe0CeHCOPoB. C IOMOIIbI0 MeTofa IITyO0KOro 00yUeH A MOesIb areHTa, IPefCcTaB-
JISIIOIIEro co0o0i po6oT-MaHUIIYIATOP, IIOCTPOEHA Ha 6a3e YeTHIPEXCIOMHBIX HEPOHHBIX ceTell aKkTopa 1 KpuTtuka. Mozess arenra odoyda-
Jlach B TeUeHUe HECKOJIbKUX YaCcOB O MOMEHTA JOCTU)KeHUA POOOTOM 00'BEKTA B CBOEM PaboueM IIPOCTPAHCTBE C IIPUEMJIEMOI TOUHOCTHIO.
OCHOBHOE IIPEUMYIIECTBO IPeAIaraeMoro yIIpaBlIeHua HaJl YIPAaBIeHHEM ¢ YUUTEJIeM 3aKI0UaeTcsa B TOM, YTO POOOT OZHOBPEMEHHO 00-
y4JaeTcs U BBIIOJIHAET IepeMell[eHre B HeIPePhIBHOM IIpOCTpaHCTBe meiicTBuil. IIpakTuyeckas 3HAYUMOCTD: IIOJIyUeHHBIE PE3yJIbTATHI
IPUMEHAIOTCA [JIs YIPaBJIeHUA NBU)KEHUEM DPo0OTa-MaHUIYJATOpa 0e3 KOHCTPYUPOBAHUSA KMHEMAaTUUYECKHX MOJeJel, B pe3yabTaTe
YMEHBIIIAeTCA CI0KHOCTb PACUETOB U 00eCIIeunBaeTCA YHUBEPCAIbHOCTD PEIIeHN .

KaroueBsie c10Ba — KMHEMaTHUYeCKOe yIIpaBjeHue, o0ydeHue ¢ IIOJKPellJIeHreM, IITy0oKoe o0yueHre, po6OT-MaHUIIYJIATOD, TIIy00-
Kasd HeHpOHHAs CeTh, IIyOOKUI IeTePMUHUPOBAHHBIHM I'PAANEHT IIOJTUTHKH.

Nas yurupoanus: Solovyeva E. B., Abdullah A. Controlling system based on neural networks with reinforcement learning for robotic
manipulator. Hugopmayuonno-ynpasnsaiowue cucmemwt, 2020, Ne 5, c¢. 24-32. doi:10.31799/1684-8853-2020-5-24-32

For citation: : Solovyeva E. B., Abdullah A. Controlling system based on neural networks with reinforcement learning for robotic
manipulator. Informatsionno-upravliaiushchie sistemy [Information and Control Systems], 2020, no. 5, pp. 24-32. do0i:10.31799/1684-
8853-2020-5-24-32
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HelpoceTeBoe nporHo3upoBaHue cobbiTuK gna poboToB
C HenpepbiBHbIM 00yuyeHuem

B. 0. OcunoB?, fokTOp TexH. Hayk, npogpeccop, orcid.org/0000-0001-5905-4415, osipov_vasiliy@mail.ru
. N. Munocepgos?, acnupaHT, orcid.org/0000-0002-5312-5531

aCaHKT-[leTepbyprckuit UHCTUTYT MHCPOPMAaTUKK u aBToMaTu3auymmn PAH, 14-s nuHns B. 0., 39,
CaHkT-lleTepbypr, 199178, P®

BBegeHue: onblime Hafexabl Ha CyLeCTBEHHOE pacLUMPEHUEe BO3MOXHOCTEN YenioBeKa B pas/inyHbiX cchepax fesTeNlbHO-
CTW BO3J1aratoT Ha Co34aHune U MPUMEHEHNE BbICOKOUHTENIEKTYaslbHbIX PO6OTOB. L1151 LOCTUXEHWUS TAKOrO YPOBHS MHTENIEKTY -
aNbHOCTU HeO0B6X0AUMO YCreLLHO peLlaThb 3afjayu NPOrHO3uPOBaHUS BHELLHEN cpefbl U COCTOSIHUI caMux poboToB. B kayecTBe
MHOroobeLaroLLnx HeMPoCeTEBLIX CUCTEM MPOrHO3UPOBAHUS BbICTYNAKT PELLEHNS] HA OCHOBE PEKYPPEHTHbIX HEMPOHHbIX ce-
Tel ¢ ynpaBisieMbIMU 351eMeHTamu. Lienib: nouck HOBbIX METOLO0B U LieecoobpasHbiX HeMpPOCeTeBbIX CTPYKTYP AJIS MPOrHo-
3upoBaHus cobbliTuil. PaspaboTka noaxo[0B K yrnpaBieHN0 accounaTUBHbIM BbI30BOM MHPOPMaLMMU U3 NaMSTH HEMPOHHbIX
ceTen. MeToAbl: KOMMNbIOTEPHOE MOLEMPOBaHUE PEKYPPEHTHbIX HEMPOHHBIX CETEN C yrpaBisieMbIMU 3/1IeMEHTaMu C pasiny-
HbIMW CTPYKTypamu csioeB. Pe3ynbTaTbl: pa3paboTaH yCOBEPLIEHCTBOBAHHbIAN METO[ HEMPOCETEBOro MPOrHO3MPOBaHUS CO-
6bITUI c HenpepbiBHbIM 00y4YeHneM poboToB. MeTo N03BONSET MPOrHO3UPOBaTh COBLITUS KaK Ha [J/IMHHbIX, TaK U Ha KOPOTKMX
BbIOGOpKax BPEMEHHbIX PSA0B. 1115 MOBbILEHNS] TOYHOCTU NMPOrHO3MPOBAaHUS NPEAJIOXEHbI HOBbIE MpaBuia yrnpaBieHnsl acco-
LMaTUBHLIM BbI30BOM MHDOPMaLMm U3 HelipoceTeBoy naMaTu. PaspaboTaHa nporpaMMHasi cucTeMa, peanuayrolyas npeana-
raembif METOZ M [OrMycKaroLas dMYJSLNI0 HEMPOHHbIX CETEN C pas/IMYHbIMU CTPYKTypaMu C/0€eB. Ha npumepe nporHo3mpo-
BaHUS ropOLCKUX TPAHCMOPTHbIX NOTOKOB MPOaHaIn3npoBaHbl BOZMOXHOCTU PEKYPPEHTHbIX HEMPOHHbIX CETEN C IMHENHbIMU
M CrvMpanbHbIMU CTPYKTYPaMu CJI0€B. Bbinrpbill npeaioxXeHHOro MeTo4a B CPaBHEHUU C MHTErPUPOBaHHOM MOAENbIO aBTope-
rpeccum — ckosnb3slero cpegHero — no nokasartento MAPE coctasun ot 4,1 go 7,4 %. Cpeaun nccneqoBaHHbIX HEMPOCETEBbIX
CTPYKTYP HanbosbLLy TOYHOCTb MOKa3aau CnmpasnbHble CTPYKTYPbl, HAUMEHbLUYIO — JIMHeVHbIe. [paKkTuyecKas 3HaYUMOCTbD.
pesynbTaThbl Uccie[0BaHUS MO3BOJISIKOT MOBbICUTb TOYHOCTb MPOrHO3UPOBAaHUS COOLITUI AJ11 UHTENIEKTYallbHbIX PO6OTOB.

KnioueBble coBa — HelipOHHas CeTb, MPOrHO3upoBaHue cobbiTuii, HerpepbiBHOE 00y4yeHune, Po6oT.

Ias uutuposanusa: Ocunos B. 0., Munocepgos II. V1. HeiipoceTeBoe MpOrHo3upoBaHue COOBITU AJIs pOOOTOB € HEIIPEPHIBHLIM 00y YeHU-
eMm. Hugopmayuonno-ynpagrsiowue cucmemst, 2020, Ne 5, ¢. 33—42. doi:10.31799/1684-8853-2020-5-33-42

For citation: Osipov V. Yu., Miloserdov D. I. Neural network event forecasting for robots with continuous training. Informatsionno-
upravliaiushchie sistemy [Information and Control Systems], 2020, no. 5, pp. 33—42 (In Russian). doi:10.31799/1684-8853-2020-5-33-42

BBenenmne

Bonabmue Hame)xkAabl HA CYIECTBEHHOE ITOBBIITIE-
HUE 3(P(PeKTUBHOCTU [eATEIBHOCTU YeJIoOBEKa B pas-
JUYHBIX cdepax BO3JaraiTcA Ha CO3JaHUE U IIPU-
MeHEeHVe BBICOKOMHTEJUIEKTYaJIbHBIX POOOTOB. [i1a
JOCTUKEHUS HEeOOXOAMMOI'O YPOBHS WMHTEJJIEKTYaJb-
HOCTH POOOTOB TpebyeTcsl YCIIEITHO PeIllaTh 3agauu
TPOTHOBUPOBAHUA WX COCTOAHUI M BHEITTHEH CpPeJbl.
Crernuduka sTuX 3a7jad TaKOBa, YTO COCTOSHIE POOO-
TOB M BHEITTHEH CPelbl OIpeesisieTca O0IbITUM KOJIU-
YeCTBOM BHYTPEHHUX U BHEIITHUX TIOCTOSHHO U3MEHs-
foruxces (paxTopos. IlepcnekTrBHBIE POOOTHI B 00IIIEM
clIyJae JOJIKHBI (DYHKIIMOHUPOBATH B YCJIOBUSAX C BbI-
COKOIi CTeIIeHbIO HEOIIPeIeJIEHHOCTY cOObITHH [1—4].

g s PeKTUBHOTO TPOTHOSUPOBAHUA CPENbl U
BHYTPEHHUX COCTOSHUI POOOTOB B 9TUX YCJIOBUAX
HEOoOXOAUMO HAJIMUVe COOTBETCTBYIOIIMX METOJOB.
ITU MeTO bl Ha OCHOBE 00pabOTKY BPEMEHHBIX PAIOB
COOBITUM, HecyHnX MHGOPMAIIUIO O HaOJII0ZaeMbIX
mpoIieccax, JOJIKHBI BBIIaBaTh B CUCTEMY yIIPaBJIe-
HUA POOOTOM TOUHBIE U CBOEBPEMEHHbIE ITPOI'HO3EI.

B Hacrodiiee BpemMsa A1 IPOTHOSMPOBAHUS BPe-
MEHHBIX PSNOB B MHTepecax KaK PoOOTOB, TaK U

IPYTUX CUCTEM HCIIOJL3YIOT PA3JNUHble METOABI U
uHCTPpyMeHTHI [1, 5—6]. IIlupoko TpUMEHAIOT JIuU-
HeliHble W HeJUHEHHBbIe PEerPecCUOHHBIE, a TaKiKe
apyrue mozesu [5]. K uucsy mepcneKTUBHBIX pellie-
HUH OTHOCATCS METOABI, OCHOBAHHbBIE Ha MCIIOJIb30-
BaHUU MCKYyCcCTBeHHBIX HelpoHHBIX ceTelt (HC). Bee
MHOroo0pasre HeNpPOCEeTEBBIX APXUTEKTYDP MOYKHO
pasgenuts Ha HC mpsmoro pacmpocTpaHeHUus, pe-
KyppeHnTHble Hetiponuble ceTu (PHC) u rubpunubie
peleHus.

HeiipoHHbIe ceTu MPSIMOT0 PACIIPOCTPaHEeHU A [ —
13] 6aromapsa IIPOCTOTe peaau3anuu U O0yUeHUS
HAIIJIA [IUPOKOEe IIPUMEeHeHNe IPU IIPOrHO3WPOBa-
Hun. Tak, 4Jid TIPOrHOBWMPOBAHUSA NOPOYKHOTO Tpa-
dura B pabote [7] ucmonp3oBaHa HEHPOHHASA CETh
C IBYMA CKPBITHIMU cjaoAMU. B [8] mpuMmeneHb aB-
TOKOJUPOBIIUKH, a B [9] MCTIOIB30BAHBI MeIAHHBIE
HelipouubIe ceTu. IloxorK1e nccaeoBaHnsA 3aTparu-
BAIOT IPO0JIEMY IIPOTHOBMPOBAHUA HSKOHOMUUYECKUX
BpeMeHHBIX pAnoB [10—13]. Tem He MeHee BO3ZMOIK-
Hoctu HC nmpamoro pacrpocTpaHeHUs CyIIleCTBEHHO
OrpaHUYEHbI 0 TOYHOCTU U T'OPU3OHTY IIPOTHO3Aa.
BoTux ceTsax Ipu IPOrHO3UPOBAHNY HE YUNUTHIBAIOT-
ca obpaTHBIE Pe3yabTaThl. TaKkue ceTu He CIIOCOOHBI
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0e3 nepeo0yUYeHNA aJalTUPOBATHCA K MEHAIOIIUMCS
BHYTPEHHUM U BHEIITHUM (PAKTOPaAM, BIUSIOIINM Ha
OIUHAMUKY aHAJU3UPYEMbIX BPEMEHHBIX PATOB.

Pexyppenturbie HeliporHbIe ceTu [14—-20] ob6ana-
0T MeHbITUMU HegoctaTKaMu. O030p apXUTEKTYypP
PHC mpumeHHTEIBHO K 3ajade ITPOrHO3UPOBAHUS
BPEMEHHBIX PAIOB IIpuBeieH B padore [14]. Pacmpoct-
PaHeHO IpUMeHeHUe HeNPOCETEBBIX CTPYKTYP C JOJI-
TOM KPaTKOCPOYHOU mamATkio [15—17] u ¢ yupasiisa-
eMBIMU PEeKypPPEeHTHBIMU HedpoHamu [21]. Haa mpo-
THO3BUPOBAHUS MPUMEHSAIOTCA MHOTOCJIONHAA orpa-
HUUYeHHaaA MaluHa Boabiimana [18], cetu dabmaHa
[19], pan mpyrux apxurektyp [20]. BosmosxkHOCTHI
PHC sHauuTtenwnHO BhIIe, ueM y HC mpsmoro pac-
npoctpanenua. OJHAKO CUCTEMBI IIPOTHO3UPOBAHUA
Ha ocaoBe PHC Bo MmHOTOM He mpopaboransbl. [[1a Hux
XapaKTepPHbI HEBBICOKAA YCTONUMBOCTb, HEOOXOAU-
MOCTB IIPEPLIBAHUSA Ha II€peo0yueHre s TPOTrHO3U-
poBaHUA BPEMEHHBIX PAMOB C U3MEHSAIOINTMMUCA 3a-
KOHAMMU TIOBEJIeHUA, TPYAHOCTU IIPU acCOIUATUBHOM
BBI3OBE paHee 3alIOMHEeHHOUN nHopmatuu [14—-21].

IToaBmeHMe rMOPUAHBIX HENPOCETEBBIX PEITeHUN
BBI3BAHO JKeJaHUEM IIPEOJ0JIeTh OTPAaHUYEHUS OT-
IeJbHBIX apxuTeKTyp [22—-25]. B pabore [22] mpen-
JIOJKEH TIOAXOJ, OCHOBAHHBLIM Ha KOMOWMHUPOBAHUU
JIOJITOM KPATKOCPOUHOII ITaMSTH U CBEPTOUHBIX HEM-
poHHBIX ceTeil. B [23] ucnonbayoTca riryboKue ce-
T noBepus. ['mOpuJ HEPOHHBIX CETEeM COCTOSHUIA
«9X0» ¥ KBAHTOBBIX ceTel mpeziiosxeH B [24]. B [25]
paccMOTpEeH IIOAXO[, OCHOBAHHBIN Ha 00beIMHEHUN
HC mpsamoro pacnpocTpaHeHUS U HEYETKUX CUCTEM.
O0bennueHne HecKoabKuX TunioB HC B equuyio cu-
CTeMy IT03BOJISET HEMHOI'O PACIIHNPUTH BO3MOIKHO-
CTU CUCTEM IPOTHO3UPOBAHUSA, HO 3TO HE YCTPAHSAET
IPUHIUIINAJBHBIX HEIOCTATKOB, XapaKTepHbix HC
npamoro pacupoctpanerus u PHC. Kpome sToro,
YCJIOMKHAETCA 00II[ad apXUTEeKTypa.

B xauecTBe MHOrooG6eIamIUX HEHPOCEeTeBhIX
CHCTEeM IIPOTHO3MPOBAHUSA BHICTYIIAIOT PEIIeHUA Ha
ocaoBe PHC c ynpaBisgembIiMu asieMeHTamMmu [26—32].
IToryuenHbIe pe3yIbTATHI IPUMEHEHUS 9TUX CUCTEM
B YCJIOBUSX MUHAMHUUYHON OOCTAHOBKU U HECOBED-
IIIEHCTBA BBHIOOPOK BPEMEHHBIX PSI0B CBUIETEJIb-
CTBYIOT, UTO II0 TOUHOCTU U TOPUBOHTY IIPOTHO3UPO-
BaHUS OHU IIPEBOCXOAAT M3BECTHBIE MOAXONBI [32].
Hcnosnb3yemMble B 9TUX CUCTEMAaX IPOTHO3UPOBAHUA
PHC c ynpaBinsaembimMu ssiemenTamu [31, 32] ob61ana-
IOT PAcCIINPEHHBIMY BO3MOYKHOCTAMU ACCOIIUATUB-
HOTO CBABLIBAHUA U 3aIllOMUHaHUS obOpabaThIBae-
MBIX CUTHAJIOB, a TAKJKe U3BJICUCHUS UX U3 IaMATH.
Wx BOBMOXHOCTH BO MHOTOM 3aBUCAT OT BUJIOB JIO-
TUYecKux cTpyKTyp cioeB PHC, peanusyembIx 1mpa-
BUJI YIPABJIEHUA aCCOIMATUBHON MaMATHIO, CIIOCO-
00B MpUMEHEeHUA caMuX ceTeii. B HacTosAIee BpeMs
HEeT OJHO3HAYHOTO OTBETa Ha BOIIPOC, KaKWe CTPYK-
Typbl cioeB PHC c¢ ympaBiaseMbIMU 3J€MEHTaMU
MPEANOUYTUTEIbHO HCIIOJb30BATH B HMHTEpPEcax pe-
IIeHUA 3a1a4 IPOTHO3UPOBAHUA BPEMEHHBIX PAIOB.

Kpowme aTOoT0, BO MHOTOM HE MCCJIEIOBAHBI MOAXOMbI
K YIIPaBJIEHUIO ACCOIMATUBHBIM BbI30BOM MH(MOPMA-
MUY U3 TaMATH 9TUX ceTeil. OCTaloTCA OTKPBITHIMU
BOIIPOCHI TIOMCKA IIeJIeCO00Pa3HBIX METO0B IIpUMe-
Henuda stux PHC.

B HacrodIne#l craTrbe YTOUHAETCS ITPEIIOKeH-
HBII B pabore [32] MeTon HpPOrHO3UPOBAHUSA Bpe-
MEHHBIX PAN0B ¢ ucnosb3oBanremM PHC ¢ yapasisa-
e€MBIMU 9JIEMEHTaMU, KOTOPBIH IT03BOJIAET IIOJIyYaTh
MIPOTHOS3LI C HEIIPEePBIBHLIM O0yUYeHUEeM STUX CeTeld.
PackpriBaeTca apxmTeKTypa peaamsyoIneil ero
IporpaMMHOM cucteMbl. OIleHUBAIOTCA BO3MOYKHO-
CTU TIPOTHO3UPOBAHUSA BPEMEHHBIX DPAIOB OTUM Me-
TomoM ¢ mpuMmeHenueM PHC ¢ pasiuyHBIMU CTPYK-
TypaMu cJioeB. I[laroTcsa peKoMeHIAIUU II0 IPuMe-
HEHUIO IIPeJJIaraeMoro MeToJa B MHepPCIeKTUBHBIX
WHTEJJIEKTYaJIbHBIX CUCTEMAX.

MeTom HelpOCEeTEeBOTO IIPOrHO3MPOBAHM

ITosicHUM yCOBEepIIIEHCTBOBAHHBINI METOJ] HEHPO-
CeTeBOr0 MPOTHO3UPOBAHUSA COOBITHUH HJisI POOOTOB
Ha IIpuMepe peausyIiolneil ero cucrteMbl. B cocTtas
0000IIIeHHO 0JI0K-CXeMBbI 9TOi crcTeMbI (puc. 1) BXo-
IAT OBe uaeHTUUYHBbIe AByxciaoiiubie PHC c¢ ympas-
JIAeMBIMU dJIEMEHTaMU, a TaKiKe OJIOK yIpaBJie-
Hua nporuosuposanuem. Ha Bxox PHCI1 mogarorcs
CUTHAJIBI, IIpeoOpasoBaHHBIE B IIOCJEIOBATEILHO-
CTH COBOKYITHOCTEeM emZuHUUYHBIX o0paszoB (CEO).
ITomauunie B PHC1 CEO npoaBUTaioTcs BJOJb CJIOEB
coryiacHo 3amaHHOU cxeMme [cm. 28]. B xauecTBe Ta-
KMX CXeM MOTYT BBICTYHATh JUHEHHBIE, COUPAaJb-
HbIe, meTJeBble u aAp. Taxkoe mpoaBUIKeHMEe obecIie-
YUBaeTCsA 3a CUET IIPOCTPAHCTBeHHBIX caBuros CEO
Ipu IIepefade oT OgHOTO cjaosd K apyromy [30]. Ilpu
npoasu:kenuu mnociaenosarenbHocTeit CEO 8 PHC1
OHU CBA3BIBAalOTCA. Pe3ynbTaThl CBASLIBAHUS 3aIloO-
MUHAIOTCA Ha 2JIEMEHTAX CeTH.

B mporecce HempepwiBHOro obyuenumsa B PHC1
GOPMUPYIOTCA TOCTOAHHO OOHOBJISIEMbBbIE MOEJIU
BOCIPUHUMAaEMbIX CHUTrHAJ0B. Ha mpaBoM BBIXOZE
PHC1 MosxHO IOTyUaTh pe3yIbTaThl PACIIOSHABAHUA
o0paboTaHHBIX CeThIO mocienoBarenbHocTeir CEO.

B umuTepecax mpenackasaHUA COOBITUU AJA PO-
60TOB B cucTeMe Ha puc. 1 GJIOKOM yIIpaBJIeHUS
IIPOrHO3MPOBAHNEM CUUTBIBaeTCSA MHGOPMAIUSA O
cocrosauuu snemenToB u3 PHC1 8 PHC2. Ilocse Ha-
neneausa PHC2 srtoii mH(poOpMalimeir 3amycKaeTcs
mpoiiecc 00pabOTKM B Hell CUTHAJIOB M YCKOPEHHO-
T0 BBI30Ba 13 aCCOIIMATUBHONM NaMATH Pe3yJIbTaTOB
mporuosda B Buje BbIxomHbIX CEO2. I[n1sa moBwimie-
HUA 3((EeKTUBHOCTH NPOTHO3UPOBAHUA OCYIIIECT-
BJIETCS yCUJIEHVE TaKOTO BBI3OBA B HAIPAaBJIEHUU
Bxoga PHC2 coGcTBeHHBIM OJIOKOM yIIpaBJICHUS
9TOl ceTy. Bri3BaHHBIE M3 aCCOIMATUBHON NaMATHU
pe3yabTaThl MPOTHO3UMpPOBaHUA ciaenyior B PHC2
3a obpabarsiBaembiMu CEO. B ciyuaax o6paboTKu
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B Puc. 1. O60011IeHHAas cXeMa CUCTEeMbI, PeaJus3yiolneil MeTo ] HelipoceTeBOTro MPOrHO3UPOBAHUA COOBITUHN AJid POOOTOB

C HEeIIPEePBHIBHEIM O0yUYeHUEeM

B Fig. 1. A generalized scheme of a system that implements the method of neural network event prediction for robots
with continuous training: SSP is a set of single pulses; RNN1, RNN2 are the first and the second identical recurrent

neural networks

Masbrx Beioopok B PHC2 mpepsaraercsa cHauajga ux
VOJUHATH 34 CUeT BBIZ0BA M3 MAMATHU IIPEAIIECTBY-
OIIUX CHUTHAJOB, a4 3aTeM TOJbKO OCYIIECTBJIATH
mporuosupoBaHmue. s 9TOro Ipeajaraercs CHa-
yajia yCUJIUBATH ACCOIMATUBHBIN BBIZOB CUT'HAJIOB
u3 namatu PHC2 B HanmpaBJeHUU BBIXOa, a 3aTeM
B HampaBJeHuu Bxoma. Ilocjie TOro Kak pesysbTa-
THI IPOTHO3a B BUJIE TTOCJIeIOBATEIBHOCTY OYIYIITUX
CEO2 mosyueHbI, MOMKET HAUMHATHCA OUePeIHOI
nukJ cuntbiBanua ¢ PHC1 uadopmanum o cocros-
HUU ee smeMenToB B PHC2 u mporuosupoBaHme e
COOBITHUII OTHOCHUTEJIbHO OUYepPEeIHOr0 MOMEHTa Bpe-
MeHH.

IIpumep snoruueckoii cxemsl nmpumenaemoir PHC
CO CTPYKTYPOI CJIOEB B BHUJE CXOAAIIENCS, a He I0-
cTossHHOI mo nuametpy [29, 30] ciupasu, moKasan
Ha puc. 2.

B peryppeHTHBIX HeHPOHHBIX CeTAX YCUJIeHUe
acCcOIMaTUBHOTO BHI30BA CUTHAJIOB U3 ITAMSATHU B TPe-
OyeMOM HAIIpaBJIEHUM OCYIIIECTBJISETCA 3a CUET U3~
MEeHeHUs MapaMeTPOB PACXOAWMOCTH eIMHUUHBIX
00pa30B COOTBETCTBYIOIINX COBOKYIHOCTEH IIPU IIe-
pernaue oT cJios K cioro [26]. B cooTBeTcTBUE ¢ G0Jee
paHmHUMHU ucciefoBaHuAMM [27] ammiauTyna enu-
HUYHOTO o0pasa Ha BBIXOEe Ka’KIOTO CHHATIICA PaB-
Ha aMILJIATY/Ie BXOIHOT'0 eIUHIYHOTO 00pasa, YMHO-

JKeHHOU Ha Bec wl.j(t) cuHamnca. Beca wij(t) CHHAIICOB
OIIPesIeJIIOTCS Uepes3 IPOUBBeIeHe X BECOBBIX KO-
3 GHUIMEHTOB kij(t) U QYHKIIUHT ocaabieHus B(rij(t)),
n(rl-]-(t)) PACXOAANIUXCA U CXOAAIINXCA eTUHUIHBIX
o6pasos [26, 27]:

wij(t) = kij(t) : B(rij(t)) : T](rij(t))-

Becosrble Koa(hpunreHTHI ki]-(t) M3MEeHAITCA B 3a-
BUCHMOCTHU OT BO3/IEHICTBUI HA CHHAIICHI e ITUHUYHBIX
00pa30B U BBICTYIIAIOT B KAUECTBE BJIEMEHTOB JJOJITO-
BpPEeMeHHOI maMATH ceTu. EfuHuYHbIe 00paskl, IIPo-
XOJ A Uyepes CUHAIICHI, CHUMAIOT C HUX NWH(MOPMAIIIO
0 TOPemBIAYIIUX BO3AEHCTBUAX U OCTABJAIOT WH-
dopMaruio 0 CBOEM HOABJIEHUM UYepe3 M3MeHEeHU:d
BECOBBIX K09 GUIMeHTOB. a9 KasKIoro AMHAMU-
YEeCKOTO CUHAIICA, CBA3BIBAIOIIErO i-il HEHPOH C j-M
HePOHOM, BecOBOH K02(h(hUIUEHT kij(t) Ha MOMEHT
BpeMeHHu { IIOCTYILJIEHWS HA CHUHAIC OYepPeqHOro
€IMHUYHOT0 00pa3a MOYKET OIPeNeIAThCA COTJIACHO
mpaBuyiam [27]

ki) = (1 — exp(-yg;(1)/(1 + exp(—yg;(1)) =

= th(g, (1)/2),
gij(t) = gij(t - At) + Agl.j(t),
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B Puc. 2.Crpykrypa PHC B Buze cxonsiietica cuupasu: 1, 3 — nHanpasiaenus npoasuskenusa CEO BIoIb 1 MeXK Iy CI0aMU
PHC; 2 — snuuuu pasaeleHuns CJIOEB Ha JIOTUYECKUe 0JIs; 4 — HeWpPOHBI IIEPBOT0 U BTOPOT'O CJIOEB

B Fig. 2. The RNN structure in the form of a converging spiral: 1, 3 —

direction of SSPs promotion along and between

the layers of the RNN; 2 — the lines of splitting layers into logical fields due to spatial shifts of SSPs during transmis-
sion from one layer to another; 4 — neurons of the first and second layers

rIe gij(t), gij(t — At) — mpenpICTOPUSA Ha MOMEHTHI
BpeMeHHU t 1 At COOTBETCTBEHHO; gl-j(O) =0; Yy — HeKo-
TOPBIN IOJIOKUTENbHBIN Koadduiiuent. Besnunna
Agij(t) oIpeiesigeTcs B 3aBUCUMOCTH OT COCTOSTHUI
i-To u j-ro HelipoHOB. Eciu i-#1 HeIpOH creHeprpoOBaJ
CUTHAJ U IIOCJIe BTOTO BO3OYyIUMJICA j-iI HEWPOH, TO
Agij(t) IpUCBAaWBAETCA HEKOTOPAsA IOJIOKUTEIbHAA
BeauumHa. B cayuae, ecau Bo30yKAeHUE j-TO HEHPO-
Ha Tpom30IILIo 6e3 yJyacTus i-To HelipoHa, TO Agij(t)
oTpuUIlaTeJbHO. B ocTaJbHBIX BapuaHTaX Agij(t) =0.
DyHKIIINT B(r (t)) ocabaeHnsT eIUHUYHBIX 00pa30B
3aBHUCAT OT 7 (t) — YCJIOBHOI yIaJIeHHOCTY CBA3BIBAE-
MBIX Yepes cpmancm HEHPOHOB (YCJIOBHBIX PaCCTOS-
HUU MeXK/Iy HUMI) Ha TEeKYIIUI MOMEHT BpeMeHU. [[1a
pacuera B(rij(t)) u rij(t) IPUMEeHNMBI (DOPMYJIEI [26]

B () = 1/(L + ol (1)),
r 0 = (A (0)2 + Ay, ()2,

TZe o, & — IOJIOKUTeJbHBIe KO3 (PUITNEeHTHI; Axij(t),
Ayij(t) — IPOEKIUU CBA3U i-TO HEHPOHA C j-M HeH-
poHoM Ha ocu X u Y 6e3 yuera IPOCTPAHCTBEHHBIX
caBuroB. [TosmaraeTcs, 4TO pacCTOAHUE MEXK Y CJIOA-
MU IPEeHeOPeKUMO MaJo.

CorsnacHo atTuM (popmysiam cmerienrne CEO Bnoan
CJIOEB Peayim3yeMo 3a CUeT M3MEHEHU:d ri]-(t) myTeM
3aaHuA 3HAUEHUU Axi]-(t) u Ayl.j(t). PacxogumocTs

ermHUYHBLIX 00pa3oB B PHC ympaBisercsa musmene-
HUueM Koo @duiueHToB o.. Bo3MOXKHBI U gpyrue Ba-
pUaHTHI TAaKOTO yipaBienus [31].

DOYyHKIUY N3MEHEHUS IIapaMeTPOB PaCXOAUMO-
cTu eqUHUUYHBIX 00pa3oB B PHC Boamararorca Ha
OJIOKM yIpaBJieHUS 9Tux ceTeit. OmMHAKO KOMaHIBI
Ha TaKVe M3MeHeHUdA IIpeJjiaraeTcs IIoJaBaTh ¢ 0JI10-
Ka yIpaBJIeHus IPOrHOSUPOBAHUEM B 3aBUCUMOCTU
ot ycaoBuii samosmenus PHC1 o6pabaThiBaeMbIMU
COBOKYITHOCTSAMM €IWHUYHBIX 00pPa3oB HA MOMEHT
CUMTHIBAHUSA ¢ Hee uHpopManuu. B ciyuae samoJr-
"Heuus PHC1 CEO He MeHbIIEe 3aJaHHOIO 3HAYCHUS
oOpabaTpiBaeMas BBEIOOPKA BPEMEHHBIX PSAJOB CUM-
TaeTCsd AJIUHHON, B IPOTUBHOM CJIydae — KOPOTKOI.
C yuetom storo nisa PHC2 zagaercsa peskuM IPOTHO-
3MPOBAHUSA Ha AJINHHBIX UJIA KOPOTKUX BEIOOPKAX.

B kauecTBe pe3yJbTaTOB IPOTHO3UPOBAHUA Ha
Beixogie PHC2 BricTymatoT Te CEO, KoTOpHIE Clenay-
IOT 3a BBI3BIBAIOIIIMMU X CUTHAJIAMU.

Anropur™M HelipoceTeBOro MPOTHO3MPOBAHUA

IIpuauMas BO BHUMAaHUE BBIIIIECKAa3aHHOe, ITPe/I-
JaraeMblii YCOBEpPIIIEHCTBOBAHHBIA METOJ MOKHO
TIPEJICTAaBUTH B BUJE CIEAVIOIIEl ITOCIeI0BaTeIHFHO-
CTH IIIaToB.
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IIIar 1. BBox B cucTeMy HelpoCeTeBOTO IPOTHO-
3UPOBAHUS HAOJIIOTaeMbIX CUTHAJIOB.

IITar 2. TIpeo6pa3oBanue 3TUX CUTHAJIOB B IIOCJIE-
JIOBaTEJIbHOCTh COBOKYIHOCTEH eTMHNYHBIX 00pas3oB
B basuce, corstacoBanuoMm ¢ Bxogom PHC1.

IIIar 3. AccomuaruBuas obpadorka 8 PHC1 mpe-
00pa3oBaHHBIX CUTHAJOB. POPMUPOBAHME U 3aTO-
MHUHAHIe Ha 3JIeMeHTaX CeTH MOMAeJin oopabaThIBae-
MBIX CUT'HAJIOB C YUY€TOM HAKOILJIEHHOTO OIILITA.

IITar 4. CuuTbiBaHUEe UHPOPMAIIUU O COCTOAHUN
snemenToB 3 PHC1 B 6GyioK ympaBJIeHUS TPOTHO-
supoBaHueM. OupeneseHre mapaMeTPOB 3arpysKu
PHC1 BXOZHBIMU CHUTHAJAMMU, AJUHBI BBIOOPKU U
OJIOXKEeHUA BBIOOPKU HA CJI0OAX ceTu. IIpuHsaTue pe-
IIeHUA O perKuMe IIPOrHO3MpoBaHUA. Ilepenoc uH-
dopmariuu o cocrossuuu saemenToB PHC1 8 PHC2.

Illar 5. Ecau sarpyska PHC1 BxomgHBIMU cCHUT-
HajJlaM{ COCPeJOTOUYeHa [0 CepeJUuHBI ee CJIOEB, a
ocTaJIbHbIE YaCTH CJIOEB CBOOOIHBI MU ¢J1abo 3arpy-
JKEHBI, TO OCYII[ECTBJIAETCA IIEPEXO] K IIary 7 mpo-
THOBMPOBAHUS C BO3MOYKHBIM YAJUHEHWEM KOPOT-
KUX BBIOOPOK.

IIIar 6. 3anyck u peajus3anus IIporecca obpa-
6otk B PHC2 curHajoB ¢ yCKOPEHHBIM BBIZOBOM
U3 acCOI[MATUBHON MaMATH PE3yJIbTaTOB IIPOTHO3a
B HAIIPaBJIEHUU BXOJA 9TOU CETU B BUE COBOKYIIHO-
cTelt eTMHUYHBIX 00pasos. Ilepexon K mrary 9.

IIlar 7. Banyck u peaJjmsalus mporecca obpa-
6otk B PHC2 curmaJsioB ¢ yCKOPeHHBIM BBI30BOM
uHGOPMAIMY U3 AacCOIIMATHMBHONM IaMATA B Ha-
IIPaBJIEHUM BBIXOJA 9TOM CETH B TeUEeHHE BPEMEHW,
3aBUCAIIETO OT IJIWHBI 00pabaThIBaeMoOil BBEIOOPKU
U ee IOJIOMKEHUS Ha CJI0AX ceTu. Pe3ysbTaT TaKom
YACTHUUYHOM 00paboTKM — yAJIWHEHUe cIipaBa obpa-
0aThbIBaEMbIX KOPOTKUX BHIOOPOK.

Illar 8. V3meHeHuWe HAMPABJIEHHOCTU ACCOITU-
aTUBHOrO BbIZOBa mHGpopMalnuu ud mnamaru PHC2
B CTOPOHY BXOJla CETHU U IPOAOJI’KEHIE Pean3aruu
mporecca 00paboOTKM CUTHAJIOB ¢ (hOpMHPOBaHUEM
IIPOT'HO3A.

IIIar 9. O6paTHoe mMpeobpa3oBaHMe Pe3yILTATOB
nporuos3oB B PHC2 B cooTBeTCcTBYyIOIIME UM HCXOJ-
HBbI€ CUT'HAJIBL.

CorsacHO 3TOMY aJITOPUTMY OCHOBHOE YyCOBEp-
IIIEHCTBOBaHMe 0a30BOr'0 METOZa COCTOUT B IIPABU-
JlaX accOIMaTUBHOTO BBI30BA MH(OPMAIUU U3 IIa-
matu PHC2 nnsa mporHosupoBaHUSA CUTHAJIOB Kak
Ha IJIWHHBIX, TaK ¥ HA KOPOTKMUX BBIOOpKax. Ha
yIJIMHEeHEe KOPOTKHX BBIOOPOK MOYKET TPATUTHCH
He MeHee Y4 BpeMeHU, OTBOAMMOI'0 Ha BCI0 00paboOTKy
curuaajoB B PHC2. B ciyuae 06paboTKU HEOLHOPOI-
HBIX BXOIHBIX BBIOOPOK C IIPONYCKAMU CUT'HAJIOB U
JIOXKHBIMY BBIOPOCAMU BO3MOIKHO IPOTHO3UPOBAHIIE
C yCpeAHeHUWeM MHOIOIIaroBbIX MPOrHO30B, IIOJIY-
YEHHBIX OTHOCUTEJIbHO CMEIIeHHBIX MOMEHTOB Bpe-
MEHMH.

3a cueT IIpeJiaraeMoro MeTona IpPemoCTaBJIAET-
CA BO3MOYKHOCTH YCITEIITHO ITIPOTHO3MPOBATE PA3JINY-
HbIe COOBITHSA He TOJIbKO 0e3 ITpepbIBaHUs 00y UeHU s,
HO ¥ Ha Pas3JUYHBIX IJUHAX BEIOOPOK o6pabaTbiBae-
MBIX BPEMEHHBIX PSI0B.

IIporpaMmMHas peaaus3anus

IlpenyiokeHubIii MeTO/, OB peayiM30BaH B IIPO-
rpaMMHOM crCTeMe ITPOrHO3UPOBaHM Ha A3bIKe C++
¢ mpuMmeneHueM ¢peirimBopka Qt [29, 31]. Apxurek-
Typa 9TOH CHCTEMBbI IIpeJCTaBJeHA Ha pHC. 3.
IIporpaMMHasa cucTeMa NIPOTHO3UPOBAHUS II03BO-

v RN
( Biok ynpaBiieHusI IPOrHO3MPOBAHUEM \
s N |
‘ Kuonounas T'paduueckuit Kuonounas I'paduyeckmit
naHesab 1 Moayab 1 naHeab 2 MOAYIbL 2 ‘
\
Mopnynb urenus / Mopynb urenus / |
3amnucu mapaMeTpoB 1 3amucu mapameTpos 2 |
Mongyns ‘
k PEeKUMOB /
\______________/
Monynb
Mogyab
e —— TpeIo6paGoTEH PHC1 - > PHC2 mocroGpaboTKn

B Puc. 3. ApxuteKTypa IporpaMMHOM CUCTEMbI HeIPOCETEeBOTO ITPOTHO3UPOBAHUA
B Fig. 3. Architecture of software neural network forecasting system
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a)

6)

2)

0)

B Puc. 4. JloruuecKkue cTpyKTypsI ciioeB PHC, peasnn3oBaHHBIX B IPOTPAMMHOM CUCTEME IPOTHO3UPOBAHUSA: A, 0, 8 — JIU-
HellHAas, IeTJeBasd U CIUPAIbHASI CTPYKTYPHI; 2, 0 — CTPYKTYPBI B BUJE CXOAIIENCA U PACXOAIIENC CIInPaIn

B Fig. 4. Logical structures of the RNN layers implemented in the forecasting software system: a, 6, 6 — linear, loop
and spiral structures; 2, @ — structures in the form of converging and diverging spiral

JIAeT KOHPUTYPUPOBATH JI00YIO JOTUUECKYIO CTPYK-
Typy npumeHnsemblx PHC, BBIGMpaTh KOJHUYECTBO
U pasMep JIOTMYECKUX II0Jieil, HacTpauBaTh APyrue
mapaMeTphbl.

A OIeHKM BO3MOYKHOCTEH MPEeIJIOKEeHHOTO
MeTona (POPMUPOBAJIUCH IATH PA3JIUUYHBIX KOHMU-
rypamuiit PHC, BXogAmmnx B CUCTEMY IIPOTHO3UPO-
BaHUsd. KoHQurypamum oTJMYaJNUCh TOJBKO THUIIA-
MU peaju3yeMbIX JiormuecKux cTpykTyp PHC mpu
768 HelipoHAX B KaKAOM CJIoe. 3a CUET Pean3yeMbIX
npoctpaHcTBeHHBIX caBuroB CEO ciou PHC pas6u-
Bajuch Ha 24 moJis 1mo 32 Heiipona. HampaBiieHus
npoasukenusa CEO BIoJIb €/I0eB B TAaKUX KOHPUTY-
pamusax moKasaHbl HA puc. 4.

ITpu npounx paBubIx napamerpax PHC onenuga-
JINCH BO3MOXKHOCTHU ITPOTHO3UPOBAHUS MIPEII0NKEH-
HBIM METOJOM U PeaJIu3yIoIleill ero ImporpaMMHOI
CUCTEMOI B 9TUX IATU KOHPUTYPATIUIX.

Hcxomubie JTaHHBIE U PE3YIbTATHI
NPOTHO3MPOBAHUSA

J1a mporHo3upoBaHuA ObLTT BRIOPAH STAJIOHHBIN
Habop maHHBIX JlabopaTopuu MCCJIeIOBAHUSA TPAHC-
noptHbIX AaHHBIX (TDRL) [33]. 9ToT Habop comep-
SKUT MHQOPMAIINIO O TOPOKHOM CUTyaIluu B T'OPO-
nax-nobparumax MunHecora u PoTuecrep, mosryueH-
HYIO C MUKPOBOJIHOBBIX JaTUYUKOB. [[J1s1 mpoBemeHns
uccaeIoBaHusA OBIIU BRIOPAHBI AaHHBIE 00 0O0Bheme
Tpaduka (paitasl *.v30) B mepuon ¢ 12 mo 24 aHBa-
pa 2018 roxa ¢ gerexkTopoB Ne 51, 56, 61, 77, 80, 90,
453. Manuble 3a 12-23 auBapa 2018 roma mcmosb-

3oBaJjuch A ooyuenuss PHC, B To Bpemsa Kak IIpo-
THO3UPOBAHUE BBITIOJHAJIOCH HA TOPUBOHT, PABHBIH
oguuM cyTtram (24 auBapsa 2018 roga). MHTEpBaT
COCTaBJIAJ 3 Uaca, a KOJMUECTBO IPOTHO3UPYEMBIX
3HAUEHUI PaBHSAJIOCH BOCHMU.

Ha sTux ucxXomHBIX JaHHBIX OBLJIN IIOJIYYEHEI Pe-
3yJIBTAaThl IIPOTHO3UPOBAHUA, KOTOPhIE CpaBHUBA-
JIUCh C PeaIbHBIMU 3HAaUeHUAMY 00'beMa Tpaduka 3a
24 guBapa 2018 roga. MeTpuKu, NCIOJIb3yeMbIe IIPU
OIleHKEe TOYHOCTU, BKJIIOYAJHU CPEIHIOI0 abCOJIIOT-
Hy!0 nporenTHyio omuoky (MAPE), cpennioro abco-
grotHyo omuoky (MAE) 1 cpenHekBaapaTUUecKyIo
ommu6ry (RMSE):

MAPE, =YY_.(R,,~ F,;|/R,) - 100%/N;
MAE,;, =%Y_ (R~ F,))/N;
RMSE, = XN_((R,,;,— F,)?)/N)V2,

rge k= 1..7; N = 8; R, — peallbHble 3HaUeHHU; F,, —
IIPOTHO3HBIE 3HAUEHU .

PesynbTaThl OIlEHUBAHUSA TOYHOCTU ITPOTHO3U-
POBaHUSA II0 ATUM METPUKAM AJS PACCMOTPEHHBIX
OATHA KOHQUTYPAIUI ITPOrPaMMHOI CUCTEMBI IIPe/-
cTaBJIeHBI B Tabauie. B aToit :Ke TabiuIle O cpas-
HEeHUsl IPUBEJEHBI OIeHKHU, MOJyUYeHHbIe HA TaKUX
JKe MCXOMHBIX JaHHBIX C IIOMOIILI0 Moeu Bokca —
H:xenxkunca (ARIMA — autoregressive integrated
moving average).

PesynbTaThl TMOKAa3bIBAIOT, UTO BCE MOATH KOH-
durypamnuii - IPOAEMOHCTPUPOBAJIUA  JOCTATOYHO
BBICOKYIO TOYHOCTDL IIPOTHO3MPOBAHUS o0beMa mo-
poskHOoro Tpadura. Oua Bbeimie TouHoctu ARIMA.
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B The results of the evaluation of prediction accuracy
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Jatuuk
Crpyxrypa PHC ITorasarennb Cpennee
1 2 3 4 5 6 7
MAE 1,63 1,39 0,34 0,53 0,30 0,68 0,69 0,79
Jluneiinas MAPE 27,90 19,20 22,70 10,00 11,60 | 30,50 | 20,40 20,30
RMSE 2,22 2,18 0,44 1,06 0,43 0,98 0,98 1,18
MAE 1,15 1,07 0,47 0,53 0,18 0,68 0,63 0,67
Coupanb
€ TIOCTOSIHHBIM MAPE 18,80 13,80 | 25,90 10,00 8,90 30,50 11,30 17,00
AMAMETPOM RMSE 1,80 1,78 0,65 1,06 0,21 0,98 0,96 1,06
MAE 1,29 1,44 0,33 0,60 0,18 0,69 0,63 0,74
Merresas MAPE 20,70 | 24,00 | 22,30 14,40 8,90 30,50 11,30 18,90
RMSE 2,01 2,37 0,42 1,08 0,21 0,99 0,96 1,15
MAE 1,29 1,27 0,33 0,59 0,18 0,65 0,63 0,71
Cnupasn MAPE 21,10 16,60 22,30 10,80 8,90 28,50 11,30 17,10
CXOIAIIASCST
RMSE 1,87 2,04 0,42 1,09 0,21 0,97 0,96 1,08
MAE 0,97 1,13 0,44 0,55 0,18 0,71 0,63 0,66
Crmpae MAPE 15,50 | 14,50 | 25,80 | 10,30 8,90 32,40 | 11,30 17,00
pacxoaAiascs
RMSE 1,72 1,95 0,55 1,07 0,21 0,99 0,96 1,06
MAE 1,72 1,34 0,61 0,89 0,36 0,80 0,65 0,91
ARIMA MAPE 30,10 19,00 | 30,80 17,40 13,90 | 41,20 18,70 24,40
RMSE 2,50 2,03 1,12 1,16 0,50 1,19 0,94 1,35

Haunyuimmue pesyabTaThl XapaKTePHBI OJA CIOU-
PaJIbHBIX CTPYKTYP, KOTOpbIe TMPEAIIOUTUTEIbHEee
JMHENHBIX.

Hab6mromaemsrii pesyabrar 06bACHUM IPEUMYIIIe-
CTBOM CIIMPAJIbHBIX HEHPOCETEBBIX CTPYKTYP C TOU-
KU 3peHUS IIJIOTHOCTHY ACCOIIMATUBHOT'O CBA3BIBAHUA
BbI3bIBaeMbIX curHajioB ¢ temu CEO, KoTophie y:ke
"Haxomarca Ha caosax PHC. B To ke Bpemsa nuueiiHasa
CTPYKTypa MOKeT 06ecriedunuTh OTHOCUTEJIHHO ILJIOT-
HOe cBsa3bIBaHUe ToabKo Ommkanimmux CEO, a Bausa-
HUe IPYTUX efUHUYHBIX 00pa30B M0 Mepe yaaJIeHU s
CTAHOBUTCS IIPEHEOPEIKMO MaJIbIM.

3aKJI0ueHne

B pesyabTaTe maHHOrO mCCJIEIOBAHUSA OBIJI pas-
paboTaH W NPOAHAJM3UPOBAH YCOBEPIIIEHCTBOBAH-
HBI MeTOJ, HelipOCEeTeBOr0 ITPOTHO3MPOBAHUS CO-
OBITUH C TPUMEHEeHNEeM IBYX SK3EeMILIAPOB ITOTOKO-
Bbix PHC ¢ ynpaBasiembiMu snemeHTamu. CorsracHO
METOAY IIEePBBIA 9K3EMIIJIAD IOCTOSIHHO HAXOJUTCS
B pekuMe oOyueHUs, Ojaromapsa UeMy Ha €ro Cu-
HAIlCaX BBICTPAMBAETCS U IIOCTOSHHO OOHOBJISETCS
IPOCTPAHCTBEHHO-BPEMEHHAA MOZEJNh aHAJIUBUPY-
eMbIX cOObITHII. B mHTepecax mpeicKasaHus OJIOK

yIIpaBJIeHUS TPOTHO3UPOBAHUEM CUUTHIBAET 3Ty MO-
JIeJib BO BTOPOM 9K3eMILJISAP U 3alyCKaeT B HEM ITPO-
mecc 00paboTku nH(pOpMAaIK, B Pe3yJIbTaTe Yero us
aCCOIIMATUBHOM TaMSATH BBI3BIBAIOTCSA PE3YJIbTATHI
IPOTHOBUPOBAHUSA. YCOBEPIIIEHCTBOBAHHBIA METO/I
IIpeAIIoIaraeT IPOTHO3UPOBAaHME He TOJIBKO C Helrpe-
PBIBHBIM OOyUYeHMEM, HO M Ha Pa3JUYHBIX AJIUHAX
BbIOOpPOK. Eciu BBIOOpPKA IIpu3HaeTCs KOPOTKOIi,
TO TIpU ee 0OpabOTKe BHAUAJIe B HEJIX HOJIYUCHUS
MIPEeIIECTBYIONINX 3HAUEHUH OCYIIeCTBISIETCS YCU-
JIeHUe acCOIIMaTUBHOI'O BHI30BA CUTHAJIOB B HAIIPAB-
JIEHUU BBIXOJa CeTHU. 3aTeM OJIOK YIPaBJEHUSA IIPO-
THOBMPOBAHWEM YCUJIWBAET BLI3OB CUTHAJIOB B Ha-
MpaBJIeHNN BXOJAa CETH, M BBIMOJHSIETCA IPOTHO3.
Hasmume BO3MOYKHOCTH YIPABJIATH HAIPABJIECHHO-
CTHIO aCCOI[MATHUBHOTO BHI30BA CUTHAJIOB ITO3BOJISET
YMEHBIIIUTh KOJUUYECTBO OIMIMOOK B BHUIE IIPOOEIOB
B OyZyIIux cOOBITHAX 0e3 MCKaKeHUs TOoCJIeIoBa-
TeJILHOCTHY CUTHAJIOB, KOTOPBIE UX BBHIBLIBAIOT.

I moncka 1mesecoo0pasHoil CTPYKTYPHI CJIOEB
nmpuMeHseMoil pekyppenTHoit HC mpoBegeHo mcce-
JOoBaHMe IATHA BApUAHTOB (JIMHEITHO, ITeTJIeBOM, CIIH-
PaJbHOM CTPYKTYP, a TaKKe KOH(GUTYypaIuii B Buie
cxonAleicsa u pacxondAlneiica cnupadseit). [asa saTo-
ro Ha A3bIKe mporpammupoBanus C++ paspaborana
mporpaMMHas CHCTeMa IIPOTHO3WUPOBAHUSI, peau-
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3yrolias NpeaiosKeHHbIN MmeTon. VceienoBanue a¢-
(heKTUBHOCTH 9TUX CTPYKTYP IIPOBOAMUJIOCH HA IIPHU-
Mepe IPOTHO3UPOBAHUSA TOPOACKUX TPAHCIOPTHBIX
IIOTOKOB. B KauecTBe MCXOIHBIX HAaHHBIX OBLJI BBI-
6paH sramonHbIl Habop TDRL. PesyabraThl cpaBHU-
TeJILHOU OIleHKU 3G (GEeKTUBHOCTU IIPEIJIOKEHHOTO
MeTozma ¢ msBecTHOU mozesibio ARIMA ma ogHuX 1
TeX JKe MCXOAHBIX JaHHBIX IIOKA3aJI1 CYIeCTBeHHOe
IPEerMYyIecTBO HPeaJ0KeHHBIX pellneHuii. B uact-
HOCTHY, BBIUTPHIII 10 moKasaTento MAPE cocraBua

or 4,1 1o 7,4 %. Omubku mo merpuke RMSE Huxe
Ha 3HauveHud ot 0,17 10 0,29 u mo MAE — ot 0,12 no
0,2. Cpenu ucciiefOBaHHBIX CTPYKTYP HAUOOJIBITYIO
TOUYHOCTb TOKAa3aJy CIHpPaAJbHbLIE CTPYKTYPBI. ITO
0o0bsicHAETCS OoJiee HUBKOI IIJIOTHOCTHIO accoIua-
THBHOI'O CBA3LIBAHUS CUTHAJIOB B JIMHEMHON KOH)U-
rypanunu. PaspaboTaHHBII MeETOJ PEeKOMEHIYeTCs
JIJIsl UCIIOJIb30BAHMS B COBPEMEHHBLIX POOOTOTEXHU-
YeCKMX U JPYIUX MHTEJJIEKTYaJbHBIX CHCTEMAaX
ILJIsI IPOTHOSUPOBAHUS PA3INUYHBIX COOBITHH.
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Neural network event forecasting for robots with continuous training

V. Yu. Osipov?, Dr. Sc., Tech., Professor, orcid.org/0000-0001-5905-4415, osipov_vasiliy@mail.ru
D. I. Miloserdov?, Post-Graduate Student, orcid.org/0000-0002-5312-5531

aSaint-Petersburg Institute for Informatics and Automation of the RAS, 39, 14 Line, V. O., 199178, Saint-Petersburg,
Russian Federation

Introduction: High hopes for a significant expansion of human capabilities in various fields of activity are pinned on the creation and
use of highly intelligent robots. To achieve this level of robot intelligence, it is necessary to successfully solve the problems of predicting
the external environment and the state of the robots themselves. Solutions based on recurrent neural networks with controlled elements
are promising neural network forecasting systems. Purpose: Search for appropriate neural network structures for predicting events.
Development of approaches to controlling the associative call of information from a neural network memory. Methods: Computer
simulation of recurrent neural networks with controlled elements and various structures of layers. Results: An improved method of
neural network event forecasting with continuous robot training has been developed. This method allows you to predict events on either
long or short samples of time series. In order to improve the forecasting accuracy, new rules have been proposed for controlling the
associative call of information from the neural network memory. A software system has been developed which implements the proposed
method and supports the emulation of neural networks with various layer structures. The possibilities of recurrent neural networks
with linear or spiral layer structures are analyzed using the example of urban traffic flow forecasting. The gain of the proposed method
in comparison with the ARIMA model for the MAPE indicator is from 4.1 to 7.4% . Among the studied neural network structures, the
spiral structures have shown the highest accuracy, and linear structures have shown the lowest accuracy. Practical relevance: The
results of the study can be used to improve the accuracy of event forecasting for intelligent robots.

Keywords — neural network, events forecasting, continuous training, robot.

For citation: Osipov V. Yu., Miloserdov D. I. Neural network event forecasting for robots with continuous training. Informatsionno-
upravliaiushchie sistemy [Information and Control Systems], 2020, no. 5, pp. 33—42 (In Russian). doi:10.31799/1684-8853-2020-5-33-42
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Introduction: The implementation of data storage process requires timely scaling of the infrastructure to accommodate the
data received for storage. Given the rapid accumulation of data, new models of storage capacity management are needed, which
should take into account the hierarchical structure of the data storage, various requirements for file storage and restrictions on
the storage media size. Purpose: To propose a model for timely scaling of the storage infrastructure based on predictive estimates
of the moment when the data storage media is fully filled. Results: A model of storage capacity management is presented, based
on the analysis of storage system state patterns. A pattern is a matrix each cell of which reflects the filling state of the storage
medium at an appropriate level in the hierarchical structure of the storage system. A matrix cell is characterized by the real, limit,
and maximum values of its carrier capacity. To solve the scaling problem for a data storage system means to predict the moments
when the limit capacity and maximum capacity of the data carrier are reached. The difference between the predictive estimates
is the time which the administrator has to connect extra media. It is proposed to calculate the values of the predictive estimates
programmatically, using machine learning methods. It is shown that when making a short-term prediction, machine learning
methods have lower accuracy than ARIMA, an integrated model of autoregression and moving average. However, when making
a long-term forecast, machine learning methods provide results commensurate with those from ARIMA. Practical relevance: The
proposed model is necessary for timely allocation of storage capacity for incoming data. The implementation of this model at the
storage input allows you to automate the process of connecting media, which helps prevent the loss of data entering the system.
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Introduction

Data storage is a service needed by companies,
governmental structures or individuals. Banks and
insurance companies are active users of this ser-
vice, as they keep all the primary documentation in
scanned format. National security structures also
have a high demand in data storage [1]. Urban in-
frastructure projects such as “Smart yard”, “Safe
city”, etc. assume real-time data storage with sub-
sequent archiving. The storage of unstructured
medical data is often regulated by law. Individual
users also contribute to the rapid growth of the data
amount, creating private “clouds” in order to store
their personal content.

The tendency of rapid data accumulation is re-
ferred to as “big data”. It is often characterized by
its “three Vs”:

Volume, i. e. physical amount of data;

Velocity, i. e. speed of the data growth;

Variety, i. e. the capability to process different
data types in the same time.

Big data is a trend in the modern stage of our
transition to a digital society. To organize data
storage, you need special infrastructure [2]. It can

be provided by a data storage system (DSS) which
is a software/hardware solution for recording the
data to be stored, secure storage of this data, and
reading it by user’s demand [3]. The total capacity
of a DSS, without going into details about the soft-
ware/hardware solution, is also called data storage
[4, 5].

A data storage is a complex control object which
must deal with two types of load: data coming in
real time, and data whose secure storage requires
timely procedures of archiving, backuping, etc.
[6—8]. Thus, the problem of big data is not the lack
of the storage space but the lack of adequate models
for controlling this space, in particular, its timely
extension [9, 10]. Currently, the solution for this
problem is not automated, being a part of the DSS
operator’s duties. Implementing such a model at the
input of a storage would allow us to automate the
process of linking up the storage media, making
sure the input data is not lost [11].

The results presented in this article are a con-
tinuation of the work [12]. The model proposed in
[12] allows you to make short-range forecasts about
events that require your DSS to be scaled. However,
data storage systems need mid- and long-range
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forecasts, as the implementation of scaling takes
time, including the time for purchasing, installing
and setting the equipment.

Description of the research object
and statement of the problem

A data storage system follows the principle of hi-
erarchical storage. Nowadays, at least three levels
are specified in the DSS architecture [13-15]:

—RAID (Redundant Array of Independent
Disks);

— automated libraries;

— long-term storage media.

Increasing the number of the levels is the prob-
lem of vertical scaling. Let us denote the number of
levels in a DSS as m.

Increasing the number of the volumes/carriers
at the ith level of a DSS is the problem of timely
horizontal scaling. Let us denote the number of vol-
umes/carriers in a DSS as n [16].

The state of a DSS can be formalized as a ma-
trix B of size m x n [17], whose elements are sets of
files with assigned parameters F ={t, f, A}, where ¢
is the time of guaranteed storage determined from
the file extension *.type; fis the file size; A is the fre-
quency of requests for the file. Parameters ¢ and f
are metadata analyzed at the DSS input. Parameter
A is dynamic; it determines the migration of files
over the DSS levels.

Each cell of the matrix B, in its turn, can be rep-
resented by its own characteristics (Fig. 1).

Thus, the problem of DSS scaling formulated in
[12] as a forecast problem (estimating the moment

of an event at which V. tends to Vj;,, and es-

tlim cur

timating the moment ¢_ .. of an event at which V.

tends to V. ) is still the same. But our goal is get-
ting mid- and long-range forecasts.

Let us call the DSS state specified by the matrix
B at the time moment ¢ a behavior pattern B(¢) [18,
19].

Periodic analysis of B(t) patterns allows you to
adjust the forecast estimations ¢;,, and ¢ .. . The
structure of the data storage scaling management

model is given in Fig. 2.
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The forecast model is adjusted automatically if
the deviation of the pattern parameters from the
forecast estimations becomes significant.

Proposed solution

In order to estimate the values of ¢; and ¢ ..,
let us use the following machine learning methods:

— Decision trees;

— Random forest;

— Feedforward neural network;

— Support vector machines.

Decision trees are the most popular method of
numerical forecasting in the case when the fore-
cast variable values are continuous. The method
is popular due to the tree structure, in which the
decision-making sequence is reduced to a number
of vertex transitions, which subsequently makes
model very comprehensible. The major shortcoming
of the method is that it often requires retraining,
which can lead to branchy trees and/or high class
bias.

Formally, a decision tree is a graph G =(V, E),
where V is a finite non-empty set of vertexes, i. e.
tree leaves; E is a finite non-empty set of vertex
pairs, i. e. tree branches. The branches contain var-
ious conditions, and the leaves contain their val-
ues. The main parameter of the method is the tree
depth, i. e. the distance from the root to the most
remote leaves. The model of a decision tree is built
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following two algorithms: induction and pruning.
Induction specifies the borders of a hierarchical
solution, based on the feature space x. Pruning re-
moves less informative structures from the tree,
preventing retraining. The conditions for splitting
tree vertices are formed with a feature chosen by a
greedy algorithm in order to reduce the cost func-
tion. In numerical prediction, this function is mean
squared error (MSE):

MsE=3(v, -V, ), M
i=1

whereV, isreal datain the ith point; Vl isapredicted
value in the i*h point; N is the sample size.

The decision tree G breaks all the feature space
into a certain number of non-overlapping subsets
{E{, ..., Ey}, and in each subset E]. produces a pre-
diction V;

N
mKB:ZW@ﬁE} 2
j=1

In the prediction problem to be solved, the tree
vertices are traffic amounts, and the branches are
the moments of time when the incoming traffic
amount is fixed.

Random forest is an ensemble of trees in which
each tree has its weight when obtaining the final
prediction estimation. The randomness is intro-
duced into the ensemble of trees at the induction
stage. The most common way of building an ensem-
ble of trees is called bagging (abbreviated bootstrap
aggregation). It is based on artificial creation of
several samples V ={V;, V,, ..., V;} from the train-
ing set, uniformly and with replacement. On each
sample, a decision tree G;, i=1, C is built. Bagging
is normally used in order to avoid retraining, i. e.
saving the training dataset indiscriminately. The
algorithm is characterized by two main parame-
ters: number of the trees and their depth.

In addition to bagging, you can randomly select
a subset of features in each vertex in order to make
the trees more independent. The final prediction is
chosen by averaging:

1 C
mWEFEZQ. 3)
i=1

Using neural networks for time series prediction
is based on the assumption that a regression prob-
lem can be replaced by a recognition problem. As a
matter of fact, a neural network cannot predict. It
can only recognize, in the current parameters of a
time series, a familiar situation, reproducing a re-
action to it as precisely as possible. Thus, the state-
ment of a prediction problem as applied to a neural
network can be formulated as follows: to find the

best approximation to a function defined by a finite
set of a training sample.

In time series prediction, a multilayer percep-
tron, i. e. a feedforward neural network can be use-
ful, as a feedback network uses short-term memory.

The inputs of a multilayer perceptron are fed
with parameters reflecting the function of the da-
ta stream ¢(¢) to the DSS, and the outputs are the
predicted values of ¢, and ¢, . This method was
dubbed “sliding windows”, as its implementation
requires two windows: the input window corre-
sponds to the values of the input layer of the neu-
ral network; the output window corresponds to the
expected values of its output layer. In the course of
a prediction, both these windows move along the
function ¢(¢) with a step which corresponds to the
time series interval. Like in all regression problems
solved by neural networks, supervised training
method is used.

Support vector machines solve the prediction
problem through classification, taking the initial
data vector to an n-dimensional space and search-
ing for (n — 1) dimensional hyperplane with a max-
imum Euclidean distance between the borders of
areas separating one class from another. The initial
data vector is a time series describing the amount
of traffic coming to the storage to be stored. In
fact, support vector machines solve an optimization
problem where the target function is maximizing
the Euclidean distance between the decision planes
or minimizing the average value of the MSE clas-
sifier. During the training, “volume-time” classes
of the function ¢(¢) are determined; and during the
prediction, the classes are revealed to which the fu-
ture values of ¢(¢) can be assigned, and the values
ti, @) and ¢ (#) are calculated.

Linear optimization assumes that a system of
equations is written as a scalar product; non-linear
optimization assumes that it is written as a non-lin-
ear kernel function. In this work, Gaussian radial
basis function is chosen.

Discussion of the results

To estimate the accuracy of a short-term predic-
tion, we used LTE traffic data for 6 days (August 20—
25, 2018) provided by MTS mobile operator in Saint-
Petersburg, Russia (Fig. 3). The time series consists
of 144 observations averaged by 1440 values of the
service amount V.

Since most machine learning methods are sen-
sitive to scaling, the data should be pre-processed,
using the procedures of data normalization if the
nominal features can be put into the range from 0
to 1, or standardization if each feature has a mean
value equal to 0 and dispersion equal to 1. In Fig. 4,
you can see standardized LTE traffic from Fig. 3.
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of autoregression and moving average. Fig. 6 shows
graphs demonstrating the difference between the
real traffic and predicted one obtained through
ARIMA. The results do not contradict the state-
ments that autoregression models are currently the
best tool for time series prediction.

For obtaining medium- and long-term predic-
tions, we need long records of traffic traces [20]. This

1
2 0.5
Y
C_0.5
= 4
2100 -0.72 -0.44 -0.16 0.12 040 0.68 0.96
£ h

B Fig. 4. Standardized LTE traffic by MTS

The short-term prediction was built for
August 25, 2018. Fig. 5, a—d contains graphs de-
monstrating the difference between the real traffic
and the predicted one, obtained through machine
learning. Table 1 contains the values of MSE from
which you can judge the prediction error, along with
the key parameters selected during the training.

In [12] it was shown to be possible to obtain
MSE = 0.04 by using ARIMA, an integrated model

B Table 1. MSE values and key parameters of machine
learning

Machine
learning MSE Key parameters
method
Decision 0.54 | Depth of the tree is 15
tree
Bagging, and randomly generated
Random 0.525 | subsets from the training set with
forest iy
repetitions
Support Gaussian kernel with radial basis
vector 0.41 .
. function
machines
Architecture (4) is a multilayer
perceptron with 3 hidden layers.
Neural The number of the hidden layers &
network 0.62 | i3 chosen experimentally:
lim A(k) —> min(MSE)
0<h<9
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B Fig.5. Real traffic (—) and traffic short-term prediction (---) through machine learning: a — decision tree; b — ran-
dom forest; ¢ — support vector machines; d — neural network
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B Fig. 6. Real traffic (—) and traffic prediction (---)
through ARIMA model

seemingly unsatisfiable demand was satisfied due
to the open publication of internet traffic data by a
Japanese MAWI research group, WIDE project. The
training set has 24-hour traces for September 05,
2018 and September 04, 2019, 48-hour traces for
September 01, 2007-November 01, 2007, 72-hour
routes for March 18—20, 2008, and 96-hour traces
for March 30, 2009 and February 01-04, 2009.

Figure 7, a—d contains graphs demonstrating
the difference between the real traffic and predict-
ed one obtained through machine learning.

The values of MSE in ARIMA model, as applied
to long records of traffic traces with medium- and
long-term predictions do not significantly change,
being equal to 0.035.

Table 2 shows the predicted values of #;;,, t, .. for
the storage at RAIDO, RAID3 and RAID5 levels with
the following parameters: capacity of one 2.5” SSD is
3840 Gbytes; number of the discs is 50; total capacity
is 192 Tbytes; time of switching between the discs at
RAID3 level is 1 minute for taking into account the
difference in performance between RAID3 and RAID5;
time given by the administrator for scaling is 9 hours.

After applying different machine learning
methods to the analysis and prediction of filling up
the storage, we can make the following conclusions:

1. In spite of the fact that ARIMA model shows
good results when its parameters are properly set
up, it should be noted that the parameters are cho-
sen through auto-correlation analysis which can
take an order of magnitude more time as compared
to machine learning.

2. There is no commonly accepted model for the
prediction of filling up a data-storage system in or-

B Table 2. Predicted values of the onset of time of the
maximum and real storage capacity

RAID Capacity, Efficient Him» tnax,

level Thytes capacity, Thytes | days days
RAIDO 192 192 14.27 | 14.57
RAID3 192 188.16 14.06 | 14.36
RAID5 192 188.16 13.98 | 14.28
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t, days t, days
B Fig. 7. Real traffic (—) and traffic long-term prediction (---) through machine learning: a — decision tree,

MSE = 0.047; b — random forest, MSE = 0.047; ¢ — support vector machines, MSE = 0.013; d — neural network,

MSE = 0.056
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der to make a decision about timely scaling of the
system. However, based on the obtained results, we
can recommend the following:

— ARIMA model for short-term predictions;

— machine learning models for long-tern predic-
tions.

3. Although any prediction is an extrapolation
of data, machine learning methods actually solve
an interpolation problem. This allows us to restore
the amounts of data written in the storage which
are not fixed in time.

Conclusion

The article discusses the importance of timely
scaling of a data storage system. A model of hori-

zontal scaling is proposed which presumes that the
number of volumes/carriers at any hierarchical
storage level is differentially increased.

Planning the scaling of storage capacity is based
on predicting the amount of the incoming data traf-
fic and the moment when the limit or maximum ca-
pacity of the storage medium is reached.

We have discussed various methods of machine
learning applied to the analysis and long-term pre-
diction of filling up a data storage system. The meth-
od of support vector machines provided predictive
estimates three times higher by MSE value than
those obtained through ARIMA which is currently
considered the best model for time series prediction.

The prediction of storage capacity scaling is nec-
essary for timely allotment of memory resources
and reduction of the incoming traffic loss.
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Introduction: Monitoring the learning process usually involves an analysis of the higher mental functions of the student:
imagination, memory, thinking, attention, etc. Currently, there are wide opportunities for objective monitoring and evaluation of
these characteristics based on the achievements of modern neuroscience. Analysis of the personal characteristics of the student
allows to perform personalization of educational process. In this context, the approaches based on the electroencephalography
analysis are particularly promising. Currently, one of the main barriers to the widespread introduction of EEG based systems in the
school educational process is the lack of ready-made solutions to such systems for use in the learning process of schoolchildren,
as well as scenarios for their application. Purpose: Development and initial testing of the system for monitoring and adjusting the
learning process, as well as strategies for its use for primary school students. Methods: EEG analysis, wavelet analysis of recorded
multichannel EEG data, analysis of changes in the energies of the main rhythms of the neural activity of the brain, the feedback
provided by the system. Results: The concept and diagram of the developed system for monitoring and adjusting the learning
process and the strategy for its use for elementary school students are described in detail. An increase in the efficiency of learning
process with developed system was demonstrated as a consequence of feedback based on the assessment of changes in the
energies of the characteristic rhythms of the student’s brain activity. Practical relevance: The use of EEG systems for an objective
analysis of the personal characteristics of students and the personalization of the learning process through the implementation
of feedback based on the data obtained will increase the quality of the educational process and the efficiency of learning new
material.
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Introduction

The control of the learning process on the all lev-
els of education has always been an demanded top-
ic. The control has been considered in the context
of the evaluation the learning process efficiency by
teacher as well as by the students. The pedagogical
control implies correction of the learning process
based on the analysis of the data obtained by the
teacher. The procedure of adjustment itself can be
carried out at each step of the learning process, but
it has the most important value at the completion
of the learning new material. Thus, the pedagogical
control is a certain way to assess information about
the quality of the learning process and the readi-
ness of the student.

Traditionally, the Russian and foreign pedago-
gy of XX century was focused on the quality of the
learning, skills and attitudes. Various forms and
methods of control were able to not only to verify

learning, skills and attitudes, but also change the
system of teaching in the process of learning, which
allows to individualize and differentialize it [1-5].

Introduction of competency approach in the
school education highlighted certain dissatisfac-
tion with the traditional methods of learning pro-
cess control. The search for the new methods and
techniques was initiated for verifying not only tra-
ditional learning, skills and attitudes, but also per-
sonal and mental features of the student.

Since the works of L. S. Vygotskiy, the educa-
tional psychology implied the analysis of the de-
velopment of the higher mental functions, such as
imagination, memory, thinking, attention, etc. [2,
6] Russian and foreign teachers and psychologists
tried to consider corresponding neuropsychological
knowledge in the process of the learning and con-
trol [5, 7]. Recently, the great opportunities for ob-
jective control and evaluation of such features were
discovered based on the achievements of modern
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neuroscience. In [8, 9] the relationships between
academic progress, cognitive abilities and features
were studied. The modern techniques of neuroim-
aging (EEG, MEG, fNIRS, fMRI) have broad po-
tential to consider the development of memory and
attention of preschoolers [10], as well as to visual-
ize the cognitive processes while solving the spa-
tial reasoning mathematical tasks [11], arithmetic
tasks [12], or the tasks that require auditory pro-
cessing during reading and spelling [13].
Introduction of the digital learning devices and
remote educational technologies, as well as tran-
sition of the learning in the digital environment,
highlighted the issue of relevance of the learning
process quality control. On the one hand, the an-
alytics of a large amount of data obtained in the
process of mass training and, on its basis, the per-
sonalization of the learning process has become in
demand [14]. On the other hand, personalization
became possible based on the analysis of the cogni-
tive characteristics of the students [15]. EEG based
research on the analysis of brain activity seems to
be especially promising. First of all, this is due to
the fact that EEG, being a relatively inexpensive,
affordable, easy-to-use and safe technology, allows
obtaining objective information about the brain’s
work with good time resolution [16]. Moreover, when
using EEG, preliminary analysis and optimization
usually allows to significantly reduce the number
of electrodes, as well as the duration of recordings
of EEG signals when solving a specific problem [17].
For example, in [18], it was shown that the state of
the subject upon perception of an ambiguous visual
stimulus can be identified with high accuracy using
signals recorded with only two EEG channels.
Electroencephalogram studies have shown [19]
that children with lower math skills need more
careful monitoring and processing of resources. In
[20], it was revealed how the type and complexity of
the task affect the information processing mecha-
nism and how the approaches to solving linguistic
and visual-spatial tasks differ in individuals of dif-
ferent intelligence levels. However, such works are
rather in the nature of scientific research and are
not intended for the direct introduction of EEG in-
to the learning process. The 2018 survey mentions
only 22 examples of publications on this topic [16].
At the same time, it became clear that the use
of EEG for an objective analysis of the cognitive
characteristics of students and personalization of
the learning process through the implementation of
feedback based on the data obtained will significant-
ly improve the quality of the educational process
and the efficiency of learning new material [16]. It
is expected that the proposed approach will give the
best results when used on primary schoolchildren.
This is due to the higher lability of children and the
presence of simpler scenarios for using such a sys-

tem on the relatively simple and easily systematized
educational material of primary school.

Currently, there are two main barriers that pre-
vent the widespread introduction of EEG systems
into the school educational process. Firstly, the
technical difficulties of using EEG, which include
the relatively long process of mounting electrodes
on the head and the need to use special gel and
paste. Secondly, the lack of ready-made solutions
for systems based on EEG to use in the learning
process of schoolchildren, as well as scenarios for
their use. However, the development of compact and
relatively inexpensive electroencephalographs and
“dry” electrodes already makes it possible to over-
come the first barrier [16].

In present paper, we took a step towards over-
coming the second barrier by describing the con-
cept and scheme of the developed system for mon-
itoring and adjusting the learning process and the
strategy of its use for primary schoolchildren. The
results of the first tests of the implemented system
are also given.

General description of the system for
monitoring and adjusting the learning
process

Functional diagram and main blocks

A diagram of the proposed prototype (briefly —
a learning control system, LCS) is shown in Fig. 1.
It includes three main blocks.

1. Electroencephalograph for recording the elec-
trical activity of the student’s brain in the process
of solving cognitive tasks.

2. A tablet with a developed electronic educa-
tional environment (EEE). EEE provides an inter-
face for the student to interact with the L.CS using
a tablet, solving the proposed tasks, studying the
proposed educational material, or perceiving other
accompanying information.

3. Control computer (personal computer or lap-
top) with a software module for reading and prima-
ry processing of data coming from the electroen-
cephalograph and a software module of the control
system that processes all incoming information,
controls the effectiveness of the learning process
and develops a strategy for its correction.

There are three main streams of information or-
ganized in LCS.

1. The EEG data are transmitted to the control
computer (to the software module for reading EEG
data and then to the software module of the control
system) via wireless communication channel (for
example, Bluetooth).

2. The results of the students’ testing are trans-
mitted from the tablet with EEE to the control com-
puter (to the software module of the control sys-
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Control computer

Software block
- for EEG data
reading

Link between

Software block
of the control system ~

EEG and computer

Link between

Electroencephalograph

B Fig. 1. Functional diagram of the proposed system

computer and
Feedback tablet

Tablet with EEE

Monitoring of the current state:

a) psychoemotional state
b) psychophysiological state
c) cognitive fatique

Brain activity recording

Task

»

Task difficulty adjustment

Users’ answers recording

B Fig. 2. Qualitative illustration of the developed learning control system

tem). The results can be both the correctness and
speed of the solution, as well as the reaction time,
the number of errors and any other behavioral spec-
ifications; a wireless communication channel is
used for data transmission.

3. Feedback in the form of control commands
transmitted via wireless channel from the soft-
ware module of the control system to the tablet with
EEE. Feedback is necessary to adjust the tasks and
educational material (their level of difficulty, type,
rest time and other parameters) offered to the stu-
dent through the EEE. The control system deter-
mines the direction of changing the task param-
eters based on the analysis of incoming informa-
tion (see items 1 and 2) using original algorithms.
Moreover, control or adjustment can be carried out
by an operator (teacher, psychologist) in manual

mode based on information displayed in real time
on the monitor of the control computer.

Figure 2 shows an illustration of the developed
system for monitoring and adjusting the learning
process of primary schoolchildren based on the
analysis of EEG data, which schematically demon-
strates the variant of its use.

The principle of functioning of the developed
system

Let’s consider the principle of operation of the
proposed LCS system on a simple example of its use
during one student control session. In this case, the
student is invited to pass a set (battery) of tests in
the EEE on a tablet, consisting of mandatory and
variable parts. The obligatory part includes tests
for assessing the student’s cognitive resource, in
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particular, Schulte tables, memory test, proofread-
ing test, etc. These tests allow assessing the stu-
dent’s current cognitive resource, as well as his psy-
cho-emotional and psychophysiological state and
the level of cognitive fatigue. The variable part of
the tests includes subject-oriented test assignments
in the frames of the taught discipline. Tests can be
both input and intermediate, or final verification
tests for the chosen topic.

A fundamental feature of the developed system
is the feedback (see Figs. 1 and 2), based on contin-
uous monitoring and analysis of the student’s brain
activity and adjusting the complexity of test tasks
based on the aggregate information about the cor-
rectness of tasks and the characteristics of brain
activity. The latter allows to objectively and con-
tinuously assess such components of the cognitive
resource as the level of attention, cognitive fatigue,
and working memory. Thus, the following main sce-
narios of feedback have been implemented:

— The student successfully copes with the cur-
rent test task (the success criterion is set by the
teacher) — the feedback commands EEE to increase
the complexity of the task. For example, the student
copes well with the implementation of the Schulte
table consisting of 25 digits, then the feedback will
lead a Schulte table of 36 digits, on the next step of
testing.

— The student does not cope with the current
test task, the analysis of EEG data shows a high
level of cognitive fatigue — the student is given the
rest necessary to reduce cognitive fatigue, for ex-
ample, an educational game or cartoon is offered.
The test then continues.

— The student does not cope with the current
test task, the analysis of EEG data shows a low level
of attention, while cognitive fatigue is at a normal
level — the student is given comments that moti-
vate him to perform the test more attentively.

— The student does not cope with the current
test task, while the analysis of the EEG data shows
that cognitive fatigue and the degree of attention
are at normal levels. This means that the student is
trying to solve the task proposed to him, effective-
ly using his cognitive resource. However, the com-
plexity of the task is too high for him. As a result,
the feedback gives the EEE command to reduce the
level of task complexity.

The described adaptive adjustment of the com-
plexity of the test tasks based on the analysis of the
student’s EEG data, allows to determine the max-
imum task complexity for each student, which is
determined by his cognitive resource and abilities.
This adjustment is carried out both for mandatory
and optional tests. In the first case, feedback al-
lows to assess the most correct and objective state
of the cognitive resource of the student, as well as
his psychoemotional and psychophysiological state.

In the second case, it is possible to determine the
current level of the student on the topics covered by
the tests.

Relationships between EEG and cognitive
resources

As mentioned in the previous subsection, the
feedback in LCS based on a continuous assessment
of the components of a student’s cognitive resource,
which are attention level, cognitive fatigue, work-
ing memory load, using recorded EEG in the pro-
cess of passing test tasks. It is well known that
M/EEG signals reflect the activity of the brain
in different frequency ranges [17, 21, 22], mainly
d-rhythm (1-4 Hz), 6-rhythm (4-8 Hz), a-rhythm
(8-12 Hz), B-rhythm (18-30 Hz) and y-rhythm
(> 30 Hz). The ratio of given frequency ranges re-
flects various cognitive processes in the human
brain [23—26]. To assess the cognitive resource (in
particular, indicators of attention and cognitive fa-
tigue), the most important is the ratio of the ener-
gies of the o- and B-rhythms [27-32]. For example,
an increase in the level of attention and concentra-
tion on solving a problem in most cases is accompa-
nied by a significant decrease in the energy of the
o-rhythm with a simultaneous increase in activity
in the B-range [29, 31, 33]. Note that it is not the
absolute values of the energies of different rhythms
that matter, but how they change relatively to a cer-
tain basic level (for example, the corresponding en-
ergies at rest), or their dynamics in the process of
solving problems. Thus, when using EEG signals to
assess the cognitive characteristics of a student, a
necessary step is to calibrate the system for a par-
ticular student, which is carried out during resting
state [34]. Further, the system monitors changes in
various rhythms of brain activity in the process of
performing test tasks by students, as well as dur-
ing rest between tasks. To assess the energies of
various rhythms in EEG signals, wavelet analysis
is used [35].

The methodological basis of the algorithms that
establish the relationship between the levels of the
main components of the student’s cognitive re-
source and changes in rhythm energies in EEG sig-
nals is described in more detail in [31, 36, 37] and
presented in registered computer programs [38,
39].

The strategy of using the developed system
to control and adjust the learning process

The developed system in the educational process
monitors and adjusts the learning process at cer-
tain points in time.

Suppose that some educational course consists
of N topics (Fig. 3), and the level of complexity of
the taught material within each of the topics may
vary. For simplicity, let’s assume that there are only
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B Fig. 3. A qualitative illustration of the principle of application of the developed system for monitoring and adjusting
the learning process: T; symbols and circles indicate reference points in time at which testing is performed using the
learning control system, while white circles correspond to entrance tests, and gray circles correspond to intermediate
ones; a thick line with arrows shows the “educational path” in terms of changes in the complexity of the taught material
over time, while the arrows indicate the direction of the change in complexity at reference points in time

three difficulty levels (the dashed horizontal line in
Fig. 3 corresponds to the average level), and each
topic is two weeks long. Then, a possible effective
scenario for using LCS would be testing each stu-
dent using this system twice during one topic: con-
ducting an entrance test before the beginning of a
new topic (white circles in Fig. 3) and an intermedi-
ate test in the middle (in this case, a week after the
start topics; gray circles in Fig. 3).

As mentioned, entrance testing with the help of
LCS allows to objectively determine the current lev-
el of a student according to the topics covered by the
tests, which makes it possible to choose the most
suitable level of complexity of the material planned
for teaching. During intermediate testing (in this
case, after a week), the difficulty level is adjusted
based on the test results. Thus, an “educational
trajectory” personalized for a particular student
is built in the chosen discipline (see the thick line
with arrows in Fig. 3). The described adaptive ad-
justment of the complexity of the material taught
to the student in accordance with its current level is
aimed at increasing the efficiency of the education-
al process and the success of mastering the neces-
sary material.

Let’s take a closer look at the structure of EEE
tests. The variable part of the tests should consist
of several blocks (usually from three to five), which
allows to change the difficulty level from block to
block in accordance with the feedback commands
and, thus, to implement adaptive adjustment. A set
of related tasks can act as a block. Also, the block
structure turns out to be convenient for the man-
datory part of the test. In this case, for example,
one Schulte table or a proof test can act as a block.
Moreover, the cognitive characteristics of the stu-
dent, as well as the success of his solution of tasks,
is assessed throughout the block, and not when solv-
ing individual tasks. Such averaged characteristics

are more objective and less susceptible to random
fluctuations.

Note that when completing tasks from the first
block of the variable part, the difficulty level is se-
lected based on the assessment of the components of
the cognitive resource based on the test results for
the mandatory part and the difficulty level deter-
mined in the previous testing session, if the current
test is intermediate. The result of testing for the
variable part is an assessment of the level of com-
plexity of the material that will be most appropriate
for a given student at a given period of time, taking
into account his current training and abilities. Thus,
the level of complexity of the taught material is set in
accordance with the test results in the period from
the next lesson to the next reevaluation, adjusting
the level of complexity using the LCS.

For the system to work successfully, it is neces-
sary to foresee in advance the possibility of chang-
ing the level of complexity of the taught material
for different students, for example, by combining
students into different subgroups according to the
level of difficulty. Also, blocks of tasks of various
difficulty levels must be included in the base of LCS
tests.

Note that the number of difficulty levels can be
more than three. Also, instead of difficulty, anoth-
er scale can act, for example, the type of material
taught, the strategy of material presentation, etc.
Moreover, the scale can consist of several parame-
ters, i. e. be multidimensional.

Algorithm of functioning of the developed
system for monitoring and adjusting
the learning process

Let us consider in more detail the algorithm un-
derlying the functioning of the developed system
for monitoring and adjusting the learning process
of a primary school student. Algorithm consists of
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B Fig.4. The algorithm for the functioning of the learning control system: a — the preparatory part related to the cali-
bration of the system and passing the required tests; b — the main part associated with the passage of tasks from the

variable tests

two main parts, preparatory and main, shown in
Fig. 4, a and b, respectively. The first step is to cal-
ibrate the system, which consists in assessing the
base levels of the basic rhythms of neural activity
using EEG data under rest condition. This cali-
bration must be done for every new user; then the
calibration information is saved in users’ profile.
To improve the accuracy of the system, it is neces-
sary to periodically recalibrate it (for example, once
in a month) for already registered users. Based on
the calibration information, the parameters of the
time-frequency analysis of EEG signals are also ad-
justed.

The next step starts the obligatory part of
the test, which is implemented using feedback
based on the analysis of changes in the energies
of the rhythms of neural activity according to
the recorded EEG data. As a result of the test,

the levels of the components of the student’s cog-
nitive resource are determined, and on the basis
of these data, the initial level of difficulty and
other settings of the tasks of the variable part of
the test. Then control is transferred to the block
with the variable part of the test (see Fig. 4, b).
Here, the student is asked to solve a number of
test tasks, grouped into separate blocks, while
the complexity of the tasks varies from block to
block in accordance with the principle of feedback
implementation (for more details, see subsection
“The principle of functioning of the developed
system”). As a result, the system generates a
summary of the test results, the level of the com-
ponents of the student’s cognitive resource and
recommendations on the optimal parameters (for
example, the level of difficulty) of the material
planned for teaching on the test topic.
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Description and testing of the implemented
system to control and adjust
the learning process

System was implemented with electroencephalo-
graph “ActiCHamp” (Brain Products, Germany), a
tablet with a stylus and a laptop as a control com-
puter. EEG signals were recorded from 31 channels
using active electrodes “ActiCap” (Brain Products)
based on high-quality Ag/AgCl-sensors, while the
electrodes were placed using a special cap in accord-
ance with the “10-10” scheme with a ground elec-
trode on the position “Fpz” and one reference elec-
trode in the area of the right mastoid. An abrasive
“NuPrep” gel was used to increase the conductivity
of the scalp, and the “SuperVisc” conductive gel was
applied to the EEG electrodes.

Electroencephalogram recordings were sampled
at 250 Hz and filtered with a bandpass filter from
0.016 to 70 Hz and a notch filter at 50 Hz. An illus-
tration of the learning process using developed LCS
is shown on Fig. 5.

To interact with the student in the process of
passing the tests, an EEE was developed in an in-
teractive form familiar to the child, in which a spe-
cial fictional character conducts communication
with the child (Fig. 6). The type and character of
this character were developed in cooperation with
psychologists in terms of the best communication
with a primary school child.

Working process with EEE consists of three
stages:

1) the procedure for calibrating and configuring
the system (Fig. 6, a);

2) the obligatory part of the test (in Fig. 6, b
and ¢, the task with the Schulte table is shown as an
example);

3) the variable part of the test. In the developed
EEE it consists of logic tasks (an example is shown
in Fig. 6, d).

B Fig.5. Thelearning process with the developed system

a)

MNow | will tune in on the activity
of YOUR brain. | need lo see, how your
brain beraves when youre resting or dong
ing I . Then | can

you and it will be mare fun for us
to play together. Please, try to help me!
ou need to do two simple tasks

i Now, | will show you tabels .
/ with numbers. Each tatle has numbers "y
fram 1 to 25 that are out of order.
Please, lock at the tasle, show and
say all numbers aloud in descending
order - from 2510 1
(25, 24, 23, 22, 21, 20.....1).
Try to do this fast and without errors!
And at the end we will ses
which of us is faster!

)

21 | 23 9 [ 22| 4

| 28| Nl S| B3 10 | 14

el [SAl7f | |k 18 | 2

d) Cheburashka went to school. The teacher put him at the second desk,
if you count from the front, and the fourth,
if you count from the back.
How many desks are therain a row?

S 6

B Fig. 6. Screenshots of the developed e-learning envi-
ronment: a — the stage of calibration and tuning of the
system; b and ¢ — an example task with a Schulte table
from the mandatory part of the test; d — an example of a
logical problem from the variable part of the test
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The system gives out test results, an assessment
of the cognitive resource and individual recommen-
dations for teaching material for the student who
passed the tests.

We now consider its functioning when a student
completes an assignment with a Schulte table, which
is a simplified version of the Zahlen—Verbindung-
Test [40]. The completion of this task allows to de-
termine the effectiveness of the student’s work and
his ability to work, as well as resistance to external
distractions. By default, the Schulte tableisa 5 x 5
matrix with randomly located numbers from 1 to 25.
However, its size can be increased or decreased
by the system as the student passes the test. By
default, the student should select numbers from
25 to 1 in the table in descending order by clicking
on them on the tablet. The system registers time in-
tervals At, between two consecutive clicks on adja-
cent numbers. For example, At, is the time interval
between the moment the task starts and the moment
you press the digit “25”, At, is between pressing the
non-digit “25” and “24”, etc.

The participants in the experiment were
10 schoolchildren aged 7 to 10 years (grades 1-3 of
the school). Each student completed N =5 Schulte ta-
bles, the execution of 1 table took from 50 to 90 s, we
denote the execution time as ¢, t,, ..., Afy. Between
the tables there was a short break of 10-20 s. As a
result, the following individual cognitive character-
istics of schoolchildren can be determined:

1. Efficiency of work, which is the arithmetic
mean of the execution times of all tables: W, = (¢; +
+ ty + .. + ty) / N. It characterizes consistency of
attention and productivity.

2. The indicator of working capacity, which is
the ratio of the time of execution of the first table
to the efficiency of work: Wi, =t, /Wp. W; < 1 indi-
cates good working capacity, otherwise, it indicates
that the student needs a longer preparation for the
main job.

3. Psychological stability (a person’s ability
to maintain work activity for a long time) PS =
=ty— 1/Wg. If PS <1, then this indicates good
psychological stability.

Let’s consider the main steps that the developed
LCS takes, and the results and conclusions obtained
in the process of executing the Schulte table. First,
the system analyzes the dependence of the time re-
quired for a student to search for each subsequent
number on its number: At, (m). An example of such
a dependence is shown in Fig. 7. Its analysis allows
to draw conclusions about the efficiency and speed
of execution of a given table.

Second, according to EEG data, the dependenc-
es of the energy values of a- and B-rhythms on the
number m, averaged over the corresponding in-
tervals Az, : Ea’ﬁ(m), are estimated for each of the
31 channels. Analysis of these dependencies allows

At,,, s

0 5 10 15 20 256 m

B Fig.7.Thetime At, required for the student to search
for each subsequent number on his number m

you to determine the level of concentration on solv-
ing the problem when choosing each of the num-
bers. Thus, an increase in the B-rhythm with a si-
multaneous decrease in the o-rhythm relative to the
activity of the brain in a calm state, recorded dur-
ing the calibration process, indicates an increase in
the level of attention and concentration on solving
the problem [41].

However, more objective assessments are giv-
en by the values of the energies of the correspond-
ing rhythms averaged over one table (in the general
case, one test block). Fig. 8 shows the values of the
efficiency of each of the five Schulte tables, which
is the inverse to the time spent on its execution
(eff, = 1/t,), and the corresponding ratios of the f-
and o-rhythm energies (E B/E ) in the temporal brain
area, averaged over period of execution of each of
the tables. The task consisted of five 5 x 5 Schulte
tables in total. Fig. 8, a corresponds to the typical
case when LCS is used in the process of completing a
task. One can see that for the second table, the effec-
tiveness of solving the assigned task decreases (solid
line). This is accompanied by a decrease in the - and
the a-rhythm energies ratio (dashed line), which in-
dicates a decrease in the level of attention and con-
centration. LCS reveals this feature and, in accord-
ance with the described above algorithm, gives the
student a feedback, motivating him to perform the
task more attentively. This leads to an increase in
the efficiency of the task, starting from the fourth
Schulte table. As a result, the efficiency of the last
table exceeds the efficiency of the first one.

On the contrary, Fig. 8, b corresponds to a sit-
uation when LCS is not used in the process of a
schoolchild’s fulfillment of an assignment. In this
case, starting from the fourth table, the efficiency
of task performance is significantly reduced, and
for the last table it becomes much lower than for the
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B Fig. 8. Efficiency of each of the five Schulte tables (solid line) and the corresponding values E;/E  in the temporal
region, averaged over the period of execution of each of the tables (dashed line): a — the characteristic case when the
student uses the learning control system; & — the case without the use of the learning control system (for another sub-

ject)

first one. This is due to a decrease in the level of at-
tention and concentration of the student on solving
the task (see the dependence EB/Ea in Fig. 8, b).

Comparing the Fig. 8, a and b, we demonstrate
that in case with Schulte tables the LCS increased
the efficiency and the stability of the results of the
student’s performance due to the presence of feed-
back.

Additionally, the analysis demonstrated that the
tendency towards a high B/a-rhythms ratio is most
pronounced in the occipital and temporal areas of
the brain. Excitation of high-frequency B-activity
and a decrease in the a-rhythm in the occipital re-
gion indicates an increased load on the visual cor-
tex, while a similar trend in the temporal cortex
indicates the activity of the brain associated with
learning and processing new information [42, 43].

In conclusion, note that in order to reliably con-
firm the effectiveness of the proposed system and
demonstrate the statistical significance of the dif-
ferences obtained, it is necessary to conduct its
versatile testing on a group of schoolchildren, in-
cluding various types of tasks and scenarios. The
results of such testing will be presented in our sub-
sequent works.

Conclusion

We described in detail the concept and scheme
of the developed system for monitoring and adjust-
ing the learning process, as well as the strategy its’
application for primary schoolchildren. The func-
tional diagram and the main blocks of the system,
the principle and algorithms of its functioning are
described. The relationship of the characteristics
of EEG signals with the components of the cogni-
tive resource and the implementation of this con-
cept in the LCS system are discussed. The strategy
of using the developed system for monitoring and

adjusting the learning process in the educational
process is described. A description of a specific im-
plemented system along with an electronic educa-
tional environment is given. The results of the first
tests of the implemented system are presented when
schoolchildren perform a simple task consisting of
N Schulte tables. The results of comparing the ef-
fectiveness of solving the proposed tasks with and
without active LCS system demonstrated using a
specific example of the increase in the efficiency of
a schoolchild’s work when using LCS system. This
is a consequence of the influence of feedback and
personalization of the testing process, based on the
assessment of changes in the energies of the charac-
teristic rhythms of the student’s brain activity.
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Brenenue: KOHTPOJIb IIpoIiecca 00yUeHUA OOBITHO IIOAPAa3yMeBaeT aHAINS3 PA3BUTHUA BBICIINX ICUXUIECKUX (DYHKIIUH 00yUaIoIerocs:
BoOOpasKeHUsd, IaMATH, MBIIJIEHNS, BHUMAHUA U Ap. B HacTosAmee BpeMs OTKPHIBAIOTCA IINPOKKE BO3MOKHOCTH O6'HEKTUBHOTO KOH-
TPOJISA U OIEHKU JaHHBIX XapaKTePUCTUK Ojarogaps JOCTUIKEHUAM COBPEMEHHOU HelpoHayKu. IlepcoHaim3anus CTAHOBUTCS BO3MOYK-
HOI Ha OCHOBE aHAJIN3a JUYHOCTHBIX XapaKTEePUCTHK 00ydaeMbIX. OCOOEHHO IePCIeKTUBHBIMY IIPEJCTABIIAIOTCA IIOJXOABI C UCIIOIb30-
BaHUEM sJIeKTpodHnedanorpadpun. OFHUIM U3 TJIABHBIX 0aphepOB, IPEIATCTBYIOIIUX IMHPOKOMY BHeApeHUo dII-cucreM B IITKOILHBII
06pa3oBaTeNbHEIN IIPOIECC, ABJISETCA OTCYTCTBUE FOTOBBIX PEIIEHUN TAKUX CUCTEM AJIA IPUMEeHEHNUS B XO/e 00yUeHUs IIIKOJIbHUKOB, a
TaK’Ke CIleHapueB UX NpuiokeHud. Ileab: paspaboTKa U TeCTUPOBAHNE CUCTEMBI JJIA KOHTPOJIA U KOPPEKTHPOBKYU IIpoIlecca o6ydeHns,
a TaKiKe CTPATeTHU ee MCIIOJIb30BAHUA [JIA IIKOJIPHUKOB MJIAAININX KiaccoB. Meronpr: d9I-ananus, BefBIeT-aHAINS PETUCTPUPYEMBIX
MHOTOKaHaJAbHBIX I -TaHHBIX, aHAJIN3 U3MEHEHUI 9HEePTUil XapaKTepPHbIX PUTMOB HEHPOHHOI aKTHUBHOCTY I'OJIOBHOTO MO3ra, a TaKKe
peanmayeMasi CHCTEMOIl o6paTHAA CBA3h. Pe3yJbTaThl: eTaJbHO ONNCAHA KOHIIENINUA U cXeMa paspaboTaHHO! CHCTEMBI JJIs KOHTPOJIA
¥ KOPPEKTHPOBKU IIpoliecca o0yUeHUs, CTPATErNs ee HCIOJb30BaHUA A IIKOJILHUKOB MJIAIINX KJIaccoB. IIpofeMoHCTpUPOBAHO CY-
miecTBeHHOE MoBbIIIeHne 3PGEeKTUBHOCTA PAOOThHI MIKOJHHUKOB [IPYU IPUMEHEeHNU Pa3paboTaHHON CHUCTEMBbI, UTO SIBJIAETCS CJIELCTBUEM
BJINAHUA OOPATHOH CBASH M IIEPCOHAIN3AINY IIPOIlecca TECTUPOBAHUA U 00yUeHUA, 6a3UPYIOIINXCA Ha OlleHKe N3MeHeHU A S9HepIruil xa-
PaKTepPHBIX PUTMOB MOBTOBOI aKTWBHOCTH INKOJbHUKA. IIpakTHYeckass 3HAUMMOCTh: UcIoab3oBanue III-crucreM A/ 00BEKTUBHOTO
aHaIM3a JUIHOCTHBIX XapPaKTePUCTUK 00ydaeMbIX U IePCOHAIM3AIINY [IPoIecca O0yIeHUA IIyTeM peaansanui 00paTHOM CBA3K Ha OCHO-
BaHUM IOJIyUaeMbIX JaHHBIX CYIIECTBEHHO IOBBICUT B IIEPCIEKTHBE KAaUeCTBO 00Pa30BaTEJIHHOI0 Ipolecca u 3(pGHEeKTUBHOCTL YCBOCHUA
HOBOTO MaTepuaa.

KaroueBsie ci10Ba — IepCOHAIN3UPOBAHHOE 00yueHue, 91", MiaaIve NIKOJIbHUKY, HHTEP(deic MO3T-KOMIbIOTED, KOHTPOJIb IIPOITeC-
ca o0yueHHs, saeKTposHnedanorpadusa, ananus curaanos 931, MosroBas aKTUBHOCTS, HEHPOHHAA aKTUBHOCTb.

Oas uutupoBanusa: Kurkin S. A., Grubov V. V., Maksimenko V. A., Pitsik E. N., Khramova M. V., Hramov A. E. System for monitoring
and adjusting the learning process of primary schoolchildren based on the EEG data analysis. Hrgopmayuonno-ynpasaawouue cucme-
mot, 2020, Ne 5, ¢. 50—61. doi:10.31799/1684-8853-2020-5-50-61

For citation: Kurkin S. A., Grubov V. V., Maksimenko V. A., Pitsik E. N., Khramova M. V., Hramov A. E. System for monitoring and
adjusting the learning process of primary schoolchildren based on the EEG data analysis. Informatsionno-upravliaiushchie sistemy
[Information and Control Systems], 2020, no. 5, pp. 50—61. doi:10.31799/1684-8853-2020-5-50-61

YBAXXAEMbIE ABTOPbI!

Hayunasa saekTponHas 6ubamorexa (HOB) mpomosmxaer paboTy mo peajimsanuu IPOEKTa
SCIENCE INDEX. Ilocne Toro Kax Bwr saperucrpupyereck Ha caitte HOB (http://elibrary.ru/
defaultx.asp), 6yzer cosmana Bara iuunasi CTpaHUYKA, COAEPIKAHNE KOTOPOU COCTABAT HE TOJIBKO
Baiu mepcoHaIbHBIE JaHHBIE, HO U II€PeUeHDb BCexX Balllnx ImeuaTHLIX TPY/A0B, IMEIOIUXCa B 6ase
mauuasix HOB, BKIOUas quccepTaliiii, IIaTeHThl U Te3UChl K KOH(PEPEeHIINIM, a TaKKe CPABHUTEIb-
Hble nHAeKchl nutupoauus: PUHIL (Poccuiickuil MHAEKC HAyYHOrO IUTHUPOBAHUS), h (MHIEKC
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poBaHusa Bamux TpymoB.
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Introduction: The olfactory system in chronic animal experiments is studied according to the records of bioelectric activity
recorded with microelectrode arrays located on the dorsal surface of the olfactory bulb. It is believed that the response of the
olfactory bulb bioelectric activity to the odorant presentation is associated with fluctuations synchronized by respiration and
belonging to the range of so-called gamma rhythms. Purpose: To develop a method of automatic search for time boundaries of
odor-induced gamma rhythm patterns in the bioelectric activity of an olfactory bulb. Results: The complexity of automatic search
for odor-induced patterns are due to masking them by spontaneous oscillations of gamma rhythms unrelated to the olfactory
system activity. Besides, the modal frequency of the patterns is a priori unknown and changes dynamically during an experiment
on an anesthetized animal. The Hausdorff distance is used as a cost function of the search. In order to increase its sensitivity,
an adaptive band-pass filter was synthesized based on a multichannel singular spectrum analysis. Its passband in the analyzed
time sample corresponds best to the spectrum of the required patterns. The results of experiments on rats are presented. The use
of band-pass filters based on the Fourier transform with parameters unchanged during the experiment due to the non-stationary
nature of the frequency characteristics of the desired patterns does not ensure their effective search. In particular, when using the
Butterworth band-pass filter in the search algorithm, significant errors were observed in determining the time boundaries of the
epochs of patterns, and omissions of patterns. But the use of a synthesized adaptive band-pass filter provided reliable automatic
search for patterns and determination of their time boundaries with a high accuracy. Algorithm failures in this case were observed
only in rat motion artifacts. Practical relevance: The developed method extends the existing tools used to study the olfactory
system of a living organism.

Keywords — olfactory bulb, bioelectric activity, odor-induced patterns, Hausdorff distance, multichannel singular spectrum
analysis.
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Introduction

Experimental studies of the olfactory system in
chronic animal experiments presume the analysis of
multidimensional time records of bioelectric activ-
ity (BEA) of the olfactory bulb (OB), recorded with
microelectrode arrays. The observed BEA reflects
the averaged aggregates of synaptic, neuronal, and
axonal activities of neuron groups which represent
the functioning of the neural network in the volume
of tissue [1, 2]. The difficulties of the research in
this case are mainly due to the fact that the appli-
cability of the event-related potentials (ERPs), a
well-proven method in studying other sensory sys-
tems, is fundamentally limited here. Classically,
the ERPs method is based on a dogma that there is
a certain synchronizing factor, a stimulus label. In
experimental studies of the somatosensory, visual
or auditory system of a living organism, the time
moments of their external influences are known
quite accurately. This allows us to reasonably sum-
marize a large number of EEG fragments which

immediately follow the presentation of a stimulus,
reflecting a weak BEA response from the organ-
ism. Thus, averaging the selected epochs by their
implementations makes it possible to pick out ERPs
components in the EEG against the background of
other oscillations unrelated to the BEA response of
the sensory system under study.

In the olfactory system, the main synchronizing
factor is the moment of inhalation. Normally, respira-
tion is characterized by variability in frequency and
depth of inhaling [3]. Respiratory activity patterns
affect the temporal structure of the sensory input and
subsequent processing in the brain [4], amplifying
the modulation of the incoming sensory signals [5].
Such variability, especially taking into account the
weak reaction of the olfactory system to a low concen-
tration of odorants makes it impossible to accurately
determine the initial moment of the organism’s reac-
tion and, thus, to perform multiple summation of the
response ERPs. Besides, the latency (duration) of a
reaction to the presentation of odorants in the BEA
structures of an OB is still unclear; this reaction is
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determined both by changes in the air concentration
of the odorant and by the adaptation of the olfactory
system to the presented odorant at different levels of
its organization, or by other reasons.

The activation mechanisms and information
coding principles used in the olfactory system are
not fully understood yet, unlike the other sensory
systems. At present, it is generally accepted that an
OB, when an odorant is presented, produces a BEA
response associated with fast gamma oscillations
synchronized with the respiration and related to the
frequency range 30—-150 Hz[1, 2, 6]. The difficulties
in the automatic search for epochs containing such
odor-induced gamma rhythm patterns are caused
by the following reasons. The activity pattern has
a narrow-band spectrum within 30-150 Hz, and
at certain moments of observation the spectrum
width can be only 20—-35 Hz. Moreover, its modal
frequency is not only a priori unknown; it is also not
constant, dynamically changing during the experi-
ment, in particular, on an anesthetized animal. The
pattern duration is 20-25% of the respiration peri-
od, falling on the final phase of the inhalation, and
the amplitude is only 10-30% of the recorded BEA
record amplitude. Thus, odor-induced patterns are
masked by other rhythms of a close frequency range
which have a significantly higher amplitude, and by
spontaneous gamma oscillations of a strong intensi-
ty with close frequency spectra.

The existing approaches to solve similar prob-
lems of search and time-axis localization of a pri-
ori undefined structures of unknown frequency
oscillators are well developed. For example, there
is a widely used technique which, through win-
dowed Fourier transform, or through discrete or
continuous wavelet transforms, turns a temporal
representation into a time-frequency one, and runs
a search based on various entropy criterion func-
tions. Such methods were used in the problems of
identifying the effects of alcohol on EEG [7], as-
sessing cardiac rhythm irregularities by ECG [8],
diagnosing epilepsy [9], and others.

However, it is the temporal non-stationarity in
the frequency characteristics of gamma rhythm
patterns that makes it impossible to use many of
the existing approaches for their search. For exam-
ple, the authors of [10, 11] discuss methods which
allow you to detect low-intensity gamma oscilla-
tions in EEG when their frequency spectra are al-
so unknown and close to the characteristics of the
noise components. But the additional criterion
functions introduced here in order to select the fre-
quency range most suitable to the spectrum of the
sought patterns can be used only if the frequency
characteristics of the patterns are stationary over
the observation interval.

Therefore, in order to expand the available tools
for studying the olfactory system by a recorded

BEA, we need a method of automatic search for the
time boundaries of odor-induced gamma rhythm
patterns.

Formalization of the problem

Using the microelectrode array on the dorsal sur-
face of an OB, at time moments ¢ € [t,; T'] we record
a multidimensional time series of BEA S(¢) = (S,(?),
Sy(@), ..., S;(E)T, where tyis the initial moment equal
to zero by default; T is the current sampling inter-
val; J is the number of electrodes in array; and Tis a
transpose operator. Thus, for a sampling interval T

at each jth ( j :I,_J) channel of array, the observed
BEA can be presented as a one-dimensional time se-

ries S; (T)= {sj,k }kK=1 as large as K = T'/ At numbers,

where At is the discretization interval. At short
time intervals significantly smaller than the sam-
pling interval T, the presence of periodic odor-in-
duced BEA is assumed, manifested in the form of
low-amplitude patterns. The frequency spectrum of
the narrow-band patterns is unknown beforehand;
it refers to the range of 30—150 Hz, changing dy-
namically during the experiment. The problem is to
find temporal epochs in the recorded signal which
would contain such patterns.

Synthesis of an adaptive narrow-band
band-pass filter

To solve the problem, it is reasonable to use the
traditional approach when the search is performed
within a certain sliding time window, much smaller
than the sampling interval T. The criterion function
for that should reflect the presence or absence of the
desired gamma rhythm patterns in the current win-
dow. Apparently, ensuring a sufficient sensitivity of
such a function when searching for low-amplitude
patterns is possible on the basis of preliminary fil-
tering of multidimensional BEA records in order to
select the frequency range of interest. Experimental
studies have shown that due to the presence of noise
in the BEA records with frequency spectra close to
the spectra of the sought patterns, the use of band-
pass filters (BPF) with a priori specified parameters
does not ensure that the criteria search functions
are sensitive enough. In the multidimensional signal
S(#), we need to pick out a narrow frequency range
which would most closely match the spectrum of the
sought patterns. Besides, it should be taken into ac-
count that the synthesized BPF must be adaptable to
temporary fluctuations in the frequency character-
istics of the sought patterns.

In order to synthesize a BPF that meets the for-
mulated requirements, it is a good idea to apply
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the technique of Singular Spectrum Analysis of
time series (SSA), also called “Caterpillar” in its
Russian version [12—14] or, in the multidimension-
al case, MSSA (Multichannel SSA). It allows you to
synthesize a set of one low-frequency filter (LFF)
and (M — 1) linear BPFs. After applying the MSSA
technique at a sampling interval T (see Appendix),
we can use a set of M filters to split a multidimen-
sional record S(T') into M time series, so-called re-
constructed components (RCs), of the same dimen-
sion J x N, as the original record S has:

$1(1)=(S11 San - Ssa) s o

Su(T)=(Sum Som Ssm )T . ey

The frequency spectra AFy, ..., AF;; of the RCs
(1) are sorted in ascending order, and the upper
boundaries of the spectra satisfy the inequality
i <fy <---<fyr, where fy; =0,5f;; f,=1/At is the
sampling frequency. The sum of the narrow-band
RCs is the initial multidimensional time series

S1(T)+Sa(T)+ ... +Sp(T)=S(T). 2)

Varying the number of filters M leads to chang-
es in their passbands. The frequency spectra AFy,
.., AF,; of the RCs change in a similar way (1).
Therefore, when varying M based on the features
of the signal under study and selecting the required
RCs (1), we can separate the harmonic components,
even those which intersect in the time-frequency
space [15-18].

In order to simplify the synthesis of the required
BPF, let us restore the narrow-band signal by just
one multidimensional reconstructed component
S (T) (m=1, M) from (1). In [12, 17, 18] it is
shown that the number M can be constrained by an
upper limit M, < 0,5N,,. Since it is known that the
largest possible width of the sought patterns cannot
exceed 35 Hz, we also can find a lower limit M, .
The following reasoning will help us reach our goal.

It is known that M<J counts of the eigenvector V,,
of the averaged sample correlation matrix C (A.2)
formed from the trajectory matrix X(T') (A.1) for
S(T) are MdJ counts of the impulse response func-

tion h,, of the non-recursive mth (m=1, M ) fil-

ter [18]. The frequency response H,, is a Fourier
transform of the impulse response function
Hy (€27 ) = 3 M0y e 27, where £ < [0; 0,5]
is a reduced frequency, and the frequency response
of this mth filter is a function of the number of fil-
ters M used in the MSSA:

A, :‘Hm (e727 )\ = A (f's M). 3)

Since for a given M the width of the effective
passband AF, (M) =fY — f!is the same for all the
BPFs [12-14], where f¥ and f/! are the upper and
lower cut-off frequencies of the frequency response
(3), the value of M, ; can be found from the condi-
tion

M i, =argmax{AF,, (M)<35}.
M

With the reduced frequency step ' = 1/f; chosen
in (3), we can calculate the values of the frequen-
cy response A, (f, M) in the actual frequency range
f € [0; 0.5f,] with 1 Hz resolution. Thus, when M is
selected in the range M, ; <M <M, _, the effec-
tive passband width of each BPF will approximately
correspond to the a priori known width of the gam-
ma activity pattern spectrum.

Due to the fact that the components S;(T), ...,
S;(T) of a multidimensional BEA S(T') measured on
aliving organism on J channels in array at the same
time moments are produced by the same physiolog-
ical process, it would be permissible to average the
corresponding counts of the power spectrum (PS)
for the channels in the frequency range of interest:

J
P(f)=§zle(f); fe[30; 1501 Hz,  (4)
]:

where Pj(f) are PS values of a one-dimensional
K
signal {s]-,k }k—l for each count of frequency f. It

should be noted that averaging over J channels of
the similar on time k*h counts of the components

K
{sf’k}k—l with the subsequent calculation of the PS

function is incorrect since, as we know, some of the
J one-dimensional time series of the BEA can be
recorded inverted.

Frequency responses of the BPF (3) have a Gaus-
sian shape [13]. Apparently, for an adaptive BPF,
the frequency f'#* corresponding to the maximum
of its frequency response AM2* at every moment of
the observation should be close to the current mod-
al frequency fymax = argmax{P(f); 30<f< 150}

f
of the sought gamma activity pattern. Hence, the
characteristics of the required mt* BPF should be
such that the averaged PS function

. 1.
Pm(f)zjzpm,j(f) ()
j=1

of the RC S,, (T) comes nearest to the PS function
P(f) (4), where f € [30; 150] Hz.

Based on the presented reasoning, we can make
a final conclusion that if the optimal values of M,
and Mt should be chosen from the condition
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5 2
min P(f)-P,(f, M)| +;
My SM<My {3037‘3150[ " ]
nr;1aX —> fymax ’ (6)

then the spectrum of the BPF output signal S, (T)
most closely matches the spectrum of the sought
gamma activity patterns.

Criterion function and algorithm
of search for gamma activity epochs

Within the reconstructed narrow-band compo-
nent S, (T), the search for epochs with gamma ac-
tivity patterns can be based on the comparison of
two adjacent non-overlapping time samples N and
N+ 1 (where N=1, 2, ..., K/n is the sample num-

ber), equal in volume and each containing n << K
Nxn
similar on time counts {(§m ) k} and
(N+1)><n I k:(Nfl)xn
{(§m) k} from each j** channel. If a pattern
DR p=Nxn

is present in any of these samples, this fact should
be reflected by a corresponding criterion function.
Thus, with the resolution of n counts, you can de-
termine the time boundaries of a pattern begin-
ning or end. The choice of a criterion function is
determined by the choice of a metric. For example,
Hausdorff distance (HD) dj [19-21] is used quite
efficiently for the purposes of this kind. We will use
this metric here.

The algorithm for search and time-axis local-
ization of epochs containing low-amplitude nar-
row-band BEA patterns will finally be as follows.

1. On the sampling interval T with a sampling
frequency f, on J channel in array, we observe BEA

T
S(T):({sl,k}szl {32,k}kK=1 {SJ,k}szl) , which

is a multivariate time series of the dimension J x K.
The interval T is chosen to satisfy the hypothesis
that the frequency characteristics of the sought
patterns are stationary. Then we calculate the cur-
rent modal frequency fymaX(T) of the gamma activity
pattern.

2. With MSSA technique and a solution of the op-
timization problem (6), from the original record we
extract a narrow-band signal S, (T) of the same di-
mension J x K counts, whose spectrum most closely
matches the spectrum of the sought patterns.

3. The multidimensional series S,, (T) is divided
into K/n non-overlapping time samples of the same
dimensions J x n, and for all the adjacent time sam-
ples the Hausdorff distance d;; is calculated. The
size n << K of the sliding time window is chosen so
that the a priori known duration of the gamma ac-

tivity pattern is guaranteed to exceed the value of
nAt. Then, if any of the adjacent samples contains
an initial or final pattern border, the criterion func-
tion dj will have a local maximum.

4. Next, the subsequent K measurements of the
BEA S(T) are accumulated on the same interval T,
and the algorithm is repeated.

Experiments on rats

The experiments are carried out on sexually ma-
ture adult rats about 10 months old and 300—400 g
of weight, under xylazin-zoletil anesthesia at the
rate of 0.6 and 30 mg/kg respectively. 10—14 days
before the experiment, in the course of a surgical
operation, J =16 microelectrodes are implanted
into their olfactory analyzer structures. The mi-
croelectrodes are made of glass-insulated tungsten
alloy with a tip diameter of about 5 uym and resist-
ance 0.5 MQ. The BEA is recorded with respect to
two reference electrodes which are microscrews in
the skull bones. The microelectrode matrix is fixed
with six 0.7 mm bolts screwed into the skull bones.

The experiments are started after a complete
postoperative rehabilitation of the animal. Under
anesthesia, it is placed in a shielding chamber
eliminating background electromagnetic interfer-
ence. The BEA is recorded by a 32-channel MAP
(Multichannel Acquisition Processor) from Plexon
Inc. with a recording frequency of 10 KHz. After
that, the records are decimated by a factor of 10 to
the sampling frequency f, = 1 KHz. The duration of
the experiment is about 2 hours, during which the
16-channel BEA is continuously recorded. Olfactory
stimuli are given by spraying various odorants at
the animal’s nose. After the experiments are com-
pleted, the animal is carried back to the vivarium
for recovery.

Two time samples of BEA were obtained during
the same experiment but at its different stages and
their fragments for some of the J = 16 channels are
shown in Fig. 1, a and b. Each time sample contains
4 patterns associated with the activity of the olfac-
tory system structures. The graphs of d; search
functions calculated using the developed BPF or us-
ing the Butterworth BPF (BBPF) for the both time
samples of BEA are shown at the same figures. The
interval for analysis and the sliding time window
size are chosen equal to T=6 s, n = 100 ms.

Results and conclusions

Figure 1 shows that the sought patterns are
masked by spontaneous oscillations of the gamma
rhythm range and by high-amplitude alpha and be-
ta rhythms similar in their frequency spectra and
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B Fig. 1. Two time samples (a) and (b) of the bioelectric activity of an olfactory bulb and Hausdorff distances using BPF

and BBPF calculated for the both samples

unrelated to the olfactory system activity. These
facts, as well as the inversion of the multichannel
BEA signal in some channels, explain the low sensi-
tivity of the search function.

The research has confirmed that the use of band-
pass filters with parameters unchanged during the
experiment does not provide an effective search,

because the frequency characteristics of the sought
patterns are non-stationary in time. For example,
in Fig. 1 (the graphs “HD with BBPF”) you can see
that when the BBPF is used in the search algorithm,
there are gaps in patterns, and errors in determin-
ing the epoch boundaries. BBPF parameters (its
order and cut-off frequencies) were chosen in the
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beginning of the experiment. The “best on average”
BBPF in the experiment under discussion, using
which the time boundaries of the gamma rhythm
patterns were found with the least number of er-
rors, had an order 6 with cut-off frequencies 50 and
120 Hz.

For the two samples of the original BEA shown
in Fig. 1, a and b we calculated PS function P(f).
In Fig. 2, a the solid line shows the graph of PS
function calculated for the time sample of the BEA
from Fig. 1, a and in Fig. 2, b the solid line shows
the graph of the same PS function calculated for the
time sample of the BEA from Fig. 1, b. The graphs
show the PS components caused by the above-men-
tioned spontaneous gamma rhythms which are not
associated with the olfactory system activity. It can
alsobe seen how much, during the same experiment,
the modal frequencies f™2%(T') of odor-induced pat-
terns differ, equal to 106 and 83 Hz respectively for
the considered time samples.

On the other hand, the use of a developed adap-
tive BPF provides a reliable automatic search for
odor-induced patterns (see, for example, the graphs
“HD with the developed BPF” in Fig. 1). The time
boundaries of the gamma rhythm epochs are de-
termined with an accuracy not worse than 0.5nAt.
Algorithm failures in the experiments are observed
only in cases of motor artifacts, which significantly
distort the BEA records and are usually excluded
from the analysis.

The obtained effect can be explained by the fact
that a developed BPF provides filtering of S(T') so

that the output signal S, (T) has a spectrum on the

lated to the olfactory system activity. Due to this,
the search function has the required sensitivity.

A final conclusion can be drawn that the devel-
oped method provides a reliable real-time automatic
search for the time boundaries of odor-induced pat-
terns in a recorded BEA of an OB. The method can
be used in the studies of information coding in an
animal’s olfactory system.

Appendix. M SSA algorithm

1. By a measured multidimensional time series

T
S:({sl,k}iikl {Sz,k}kN:kl {SJ,k}kN:kl) of the di-

mension dim(S) = J x N,, you build a block trajecto-
ry matrix

X=(X; Xy .. X; .0 Xy), (A
where
Sj,l Sj,z sj,k Sj,K
S; S; S; S;
_ 7,2 7,3 j,k+1 7, K+1
Xj - : : : :
Si,M  Sj,M+1 Sj,M+E Sj,N,,

isaHankel matrix of thedimensiondim(X;) = M x K,
built for each j*® component separately; M is the
caterpillar length (embedding dimension); K =
=N, - M+ 1.

2. You calculate the restored matrix

analyzed time sample which most closely matches X(T)= % X,, (T), (A.2)
the current spectrum of the sought patterns. In mel
Fig. 2, a the dotted line shows the graphs of PS func- here
tion P, (f) calculated for the BEA from Fig. 1, a w
and in Fig. 2, b the dotted line shows the graphs X :( 5 P B )
of the same function calculated for the BEA from 1 L1 1.2 FALT )
Fig. 1, b. You can see that the developed BPF ad- X, =( o1 Xoo X, J)’ ,
justs itself to the current spectrum of odor-induced ’ ’ ”
patterns and excludes the signal components unre- X :( X M1 X2 X M, J)
a
’ 1RO B (1) . PSofaBEA Y
% pattern, and PS
BEA PS components | / of RC
caused by spontaneous
oscillations ;
30 50 70 91 111 131 f, Hz 30 50 70 91 111 131 f, Hz
fmax fmax

Y

B Fig. 2. Functions P(f) (solid lines) and ﬁm(f) (dashed lines) both calculated for the bioelectric activity shown in
Fig. 1, a (a) and for the bioelectric activity shown in Fig. 1, b (b)
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are block Hankel matrices generated by the
corresponding eigenvectors V, of an averaged
sample correlation matrix C = 1/K(XXT); V=(V; ...
V., « V) is an orthogonal matrix of eigenvectors
V., (dim(V,)) = (MJ)x 1) of the matrix C, built as a
result of ordering the eigenvectorsV,, indescending
order of their eigenvalues A; >%ky2>.. 2k, ;> 0;
C=VAVT is a singular value decomposition of
the matrix C; A =diag(X; A, ... A,;;) is a diagonal
matrix of eigenvalues. The blocks X , of the
restored matrices from (A.2) are calculated as
follows:

UMJ-M+1,MJ-M+1 P1L,MI-M+1 !
XLJ(T)z UMJ—M+2:,MJ—M+1 Pz,MJ:—M+1 :
UMJ,MJ-M+1 Pr,MJI-M+1
UMJ-M+1,MJ P1,mg
XM,J(T): UMJ—J\/:I+2,MJ _ Pz,:MJ ,

UMJ,MJ Pg,MJ
where p; 1, Pg1> - Pp oy are elements of a non-
centered principal components matrix.

3. The application of antidiagonal averaging
procedures to each of the matrices Xy, ..., Xy
(A.2) allows you to form M multidimensional nar-
row-band RCs S{(T), ..., Sy (T) (D).

T
V1,1 P11
5 Va1 P21
X1,1 (T)= N LI
vl ) \PK,1
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Beenenue: nsyuenue 060HATEIHBHON CHCTEMbI B XDOHMYECKUX 9KCIEPUMEHTAX Ha KMBOTHBLIX IIPOBOAUTCS II0 BAMIHCAM OMOIEKTPU-
YeCKON aKTUBHOCTY, PETUCTPUPYEMON C MCIIOIb30BAHNEM MUKPO3JIEKTPOJHBIX MaTPUI], PACIOJOKEHHBIX Ha JOP3aJIbHOU IOBEPXHOCTH
060HATEIbHON JTYyKOBULEI. CUunTaeTCda, YTO OTBETHAA HA IPEIbABIEHNE 0JOPAHTa 6109IeKTPpUUeCKasd aKTUBHOCTb O0OHATEIBHON JTYKO-
BUIIBI CBABAHA C KOJIEOAHUAMYU, CHHXPOHU3UPOBAHHLIMY ABIXaHUEM U OTHOCAMIMMUCS K AUANAa30HY TAK HA3bIBAEMBIX I'aMMa-PUTMOB.
ITesas: pagpaboTaTh METOJ aBTOMAaTUUYECKOTO ITIOMCKA BDEMEHHBIX I'PAHUIL TOZOOHBIX OJOPOJOTHYECKY BBI3BBAHHBIX IIATTEPHOB raMMa-pPUT-
MOB B OMO3JIEKTPUYECKOH aKTUBHOCTY O00OHATEJbHOH JIYKOBHUIIHI. Pe3yabTaThl: CIOKHOCTHA aBTOMATHYECKOIO IIOMCKA OJOPOJIOTUYECKH
BBIBBAHHBIX IIATTEPHOB 00YCJIOBIEHB MACKUPOBAHNEM UX CIOHTAHHBIMY OCIULIAIUAMA TaMMa-PUTMOB, He CBABAHHBIMY C [eATEJIHHO-
CTHI0O OOOHATEJIBLHOU cucTeMbl. KpoMe TOro, MomaspHad 4acTOTa MATTEPHOB AIIDUOPHO HEM3BECTHA U JUHAMHYECKYU U3MEHSAETCH B XOJe
9KCIIEpUMEHTa, B YaCTHOCTHU, Ha HADKOTU3UPOBAHHOM KMBOTHOM. B KauecTBe KPUTEPUATbHON (PYHKIMY IIOMCKA MCIIOJb30BaHA METPU-
ka Xaycgopda. B 1ensax yBenmdueHusa ee UyBCTBUTEIHLHOCTY Ha OCHOBE alllapaTa MHOI'OMEPHOI'O CUHIYJIAPHOTO CIIEKTPAIbHOTO aHAIN3a
CHHTEe3UPOBAH aJalTUBHBIN II0JIOCOBOM (DUIIBTD, II0J0CA IPOIIYCKAHUA KOTOPOTO Ha aHAIM3UPYEeMOl BpDEMEHHOU BHIOOPKE MaKCUMAaJIbHO
COOTBETCTBYET CIIEKTPY MCKOMBIX IaTTepHOB. IIpencTaBieHbl pe3yIbTaThl 9KCIIEPUMEHTOB Ha KpbIicax. [IpruMeHeHMe MOJI0COBBIX (DUIIB-
TPOB Ha OCHOBe IpeobpasoBanus Pyphe ¢ HEU3MEHIEeMBIMY B X0/ie 9KCIIEPUMEHTa IIapaMeTpaMy B CUJIY HeCTAIlIOHAPHOCTH BO BPEMEHU
YaCTOTHBIX XaPaKTEPUCTUK MCKOMBIX IATTEPHOB He o0ecueunBaeT a)(eKTUBHOIO UX MOUCKa. Tak, IPU NCIOJIb30BAHUY B JITOPUTME 10~
HCKa 1oJIocoBoro huabTpa BarTepBopTa HAOII0AINCh 3HAUNTEIbHBIE OIITUOKY B OIIPeleJIEHUY I'PAHUI, BDEMEHHBIX 310X IIaTTEPHOB, IIPO-
nycKu maTTepHOB. Vcmonb3oBaHue JKe CHHTE3UPOBAHHOTO aJAalITHBHOTO II0JIO0COBOr0 (hUIHTPA 00€CIeUnIO HaLeKHbIH aBTOMATUIECKUIT
IIOWCK IIATTEPHOB U OIIPeJieJIeHNe UX BPEMEHHBIX I'DAHUII ¢ BBICOKOU TOYHOCTHI0. COOM aIropuT™Ma B 9TOM CJIydae HaOII0JaIUCh JIUIIb IPU
JBUTATEJBHBIX apredakTax Kpbic. IIpakTHyeckas 3HAUMMOCTbh: Pa3paboTaHHBIN METO/| PacCIlUpseT CYIIeCTBYIOINI NHCTPYMEHTapuii,
IPUMEHSEeMBbIH 1) N3yUeHns 000HATEIHHOM CUCTeMBbI JKUBOTO OpPraHu3Ma.

KaroueBsie c10Ba — 060HATEIbHAA JYKOBUIIA, OM03JIEKTPUUECKAA aKTUBHOCTD, OJJ0POJIOTUYECKY BhI3BaHHBIE IATTEPHBI, METPUKA Xa-
ycropda, MHOTOMEDHBIN CUHTYJIAPHBIN CIEKTPAIBLHBIN aHAJINS.
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Introduction: Information overload and complexity are characteristic of decision-making in medicine. In these conditions
information fusion techniques are effective. For the diagnosis and treatment of pneumonia using x-ray images and accompaniyng
free-text radiologists reports, it is promising to use text-image fusion. Purpose: Development of a method for fusing text with
an image in the treatment and diagnosis of pneumonia using neural networks. Methods: We used MIMIC-CXR dataset, the SE-
ResNeXt101-32x4d for images feature extracting and the Bio-ClinicalBERT model followed by ContextLSTM layer for text feature
extracting. We compared five architectures in the conducted experiment: image classifier, report classifier and three scenarios of
the fusion, namely late fusion, middle fusion and early fusion. Results: We got an absolute excess of metrics (ROC AUC = 0.9933,
PR AUC = 0.9907) when using an early fusion classifier (ROC AUC = 0.9921, PR AUC = 0.9889) even over the idealized case of text
classifier (that is, without taking into account possible errors of the radiologist). The network training time ranged from 20 minutes
for late fusion to 9 hours and 45 minutes for early fusion. Based on Class Activation Map technique we graphically showed that
the image feature extractor in the fused classification scenario still learns discriminative regions for pneumonia classification
problem. Discussion: Fusing text and images increases the likelihood of correct image classification compared to only image
classification. The proposed combined image-report classifier trained with the early-fusion method gives better performance
than individual classifiers in the pneumonia classification problem. However, it is worth considering that better results cost
the training time and required computation resources. Report-based training is much faster in training and less demanding for

computation capacity.

Keywords — text-image fusion, medical diagnostics, late fusion, early fusion, middle fusion, x-ray image.
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Introduction

The richer the information flow is, the more po-
tential opportunities it provides for the organization
of effective control, but at the same time, the more
difficult it is for the decision-maker to review it and
bring it together into a single whole. Therefore, in
conditions of information overload and complexity,
information fusion techniques are increasingly used.
At the substantive level, information fusion can be
described as combining complementary information
from different sources concerning the same object or
scene to obtain complex information representation
providing more effective control. In the literature,
fused sources are often in different modalities, and
the process itself is called multimodal fusion.

A number of definitions of information fusion
are presented in the literature [1-6], emphasizing
various aspects of this process. In the context of
this article, it is vital to highlight the following as-
pects:

— information fusion aims to maximize the de-
cision maker’s or expert systems performance;

— sources of information for information fusion
can be not only physical sensors but also social media
and human intelligence reports (expert knowledge);

— information fusion is a hierarchical process
and can occur at multiple abstraction levels (meas-
urements, features, decisions).

Multimodal fusion is widely used in various prac-
tical tasks, such as web-search [7], image segmenta-
tion [8-10], image and video classification [11, 12],
emotion recognition [13, 14], analysis of social media
content [15], audio-visual speech enhancement [16],
etc. With the development of high-tech diagnostic
tools, multimodal fusion is becoming increasingly
prominent in medicine. Here, such areas are actively
developing as predicting the patient’s health based
on genomic, transcriptomic, and lifestyle informa-
tion of one [17] as well as predicting the development
of certain diseases [18, 19]. For instance, multimod-
al fusion in neuroimaging is actively developing
these days [20—24]. It combines data from multiple
imaging modalities, like positron emission tomogra-
phy, computed tomography, and magnetic resonance
imaging, to overcome the limitations of individual
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modalities. In this case, an artificially combined im-
age of the zone of interest in the brain is constructed
as subject to further visualizing. In the clinical pro-
cess, the attending physician acts as an analyst and
interpreter of those images.

It is vitally important to make the right decision
as fast as it is possible, but this is implementable on-
ly if there are adequate diagnostic tools. As we are
trying to solve the classification of pneumonia pres-
ence problem we have to build on the diagnostic tools
used in these cases. Chest x-ray (CXR) is mandatory
for lung diseases, so it is hard to overemphasize its
importance. Developing multimodal fusion-based
technologies may improve such concerns of the CXR
as the time gap from getting the image to taking the
clinical decision and accuracy of the image interpre-
tation. Both these possible improvements should be
based on the experience of interpreting CXR’s gained
by professional radiologists because they are carriers
of context and highly specialized knowledge.

Here it is impossible to diminish the significance
of the interpretations performed by radiologists.
They are carriers of context and highly specialized
knowledge that the attending physician does not
have. Their interpretation is presented in the form of
a textual report. However, like any human opinion,
these reports are subjective and error-prone [25, 26].

On the other hand, today, a large and growing
role in interpreting medical images is assigned to
machine learning-based tools. The results of their
work can be, for instance, segmented images with
highlighted malignant zones or other areas of in-
terest, the manifestation of the alleged diagnosis,
etc. However, the use of machine learning in medi-
cine encounters well-known problems, including the
small volumes of available datasets, which do not
allow to form a full-fledged context for learning,
and the uninterpretable conclusions (the so-called
black-box problem). Hence, medical image process-
ing results with machine learning-based tools can-
not be regarded as objective and error-free.

In this regard, for the diagnosis and treatment
of pneumonia presence, it is promising to use
text-image fusion in order to provide the attending
physician with information for making a decision
in the most reliable, visible and at the same time in-
terpretable (not “black-box”) form. The article dis-
cusses the emerging challenges, and also proposes
an approach to their solution based on the specific
problem , namely the classification of pneumonia
presence using x-ray images and accompaniyng
free-text radiologists reports.

Background and related works

The analysis of reviews [6, 17, 20, 21, 27, 28] de-
voted to the problem of multimodal fusion allows us

to highlight the main aspects that determine spe-
cific technological solutions for the fusion of imag-
es and texts in medicine:

— features the fusion is based on;

— IT architecture;

— and fusion level.

With regard to images, [21] divides features the
fusion is based on into three groups: based on spa-
tial domain, based on transform domain, based on
deep learning. Features of the first group are the
result of spatial (per-pixel) image segmentation,
which can be performed according to various rules.
For example, in [29, 30], the characteristics of in-
tensity, hue and saturation are used for this. The
selected features can be semantically labelled using
anatomical brain atlases [31], special visual indexes
[31] or ontologies [32]. The ontology describes the
medical terms via a controlled vocabulary, where
the conceptualizations of the domain knowledge are
constructed as an OWL (Ontology Web Language)
model.

Features of the second group are the result of
transforming the source image to spatial-frequency
domain which gives subband images with different
scales and directions [33—35]. For example, in [35],
sparse representation algorithm is used for merg-
ing low frequency subbands.

Features of the third group are formed directly
by the neural network during the learning. As we
approach the network’s output layers, they reflect
the image’s structure with an increasing degree of
generality, thereby constituting its multi-level ab-
stract representation [36]. Nevertheless, as a rule,
they stay semantically uninterpretable up to the
last (decision) network level [7].

As for the text, the components of the text it-
self (words, terms, phrases, etc.) [37] or embed-
dings which transfer text information into a dense
representation of the semantic space [38, 39] can
be used as features. However, the texts of medical
reports demonstrate the high syntactic and termi-
nological complexity and the ambiguity in word us-
age. As shown in [40], embeddings perform signifi-
cantly better in natural language processing tasks
for such texts.

As the analysis of literature sources shows and
as confirmed by the practice of radiologists [41],
it is challenging to establish a formal correspond-
ence between any fragments of medical images
and fragments of medical reports describing them
without involving semantic interpretation in both
domains. Attempts to use external structures for
this (such as visual indexes [31] or ontologies [32])
lead to significant losses in context, which in many
cases decreases the benefits of multimodal fusion.
Therefore, in recent publications, approaches relat-
ed to the use of features that preserve contextual
domain dependencies dominate [18, 19, 21-23], and
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the deep learning methods are used as a technolog-
ical base.

In tasks of semantic processing of medical texts,
contextual word embeddings, primarily BERT [38],
consisting of multiple layers of transformers which
use self-attention mechanism, show the best results
[40, 42, 43]. For example, for fusing text and speech
in depression detection [19] features were extract-
ed by BERT-CNN and VGG-16 CNN in combination
with Gated Convolutional Neural Network (GCNN)
followed by a LSTM layer. Additionally, [42] shows
that BERT performs better than traditional word
embedding methods in feature extraction tasks,
and the BERT pre-trained on the clinical texts
shows itself better than pre-trained on the general
domain texts.

Thus, as the analysis shows, today, the CNN +
BERT bundle is a popular architecture for joint
processing of information from semantically loaded
images and texts, a typical medicine case. However,
the question of the fusion level remains open.

In a semantic sense, the information fusion can
be performed at various levels of abstraction: meas-
urements, features, decisions [1]. In [44], these lev-
els correspond to various technological (architec-
tural) solutions: recognition-based (also known as
early fusion), decision-based (also known as late
fusion), and hybrid multi-level.

In [45], feature map (DenseNet) and embeddings
(BERT) are fused in an intermediate level using
cross attention mechanism and afterward are sup-
plied to fully connected layers. [12] compares the
effectiveness of three fusion options: early fusion
and late fusion combine information on the first
convolutional layer and the first fully connected
layer respectively, and slow fusion is a balanced mix
between the two approaches such that higher layers
get access to progressively more global information
in both dimensions. The third option revealed some
advantages and a strong dependence of efficiency
on the context (the content of the dataset). In [46]
and [8], the identical structures of late fusion with
different weighting options are implemented, with
opposite efficiency estimates obtained.

The work [9] explores several options for merg-
ing information of different modalities to highlight
objects in an industrial landscape, including late
sum fusion, late max fusion, late convolution fu-
sion, and early fusion. Early fusion showed the best
results; simultaneously, it was revealed that perfor-
mance is highly problem dependent. Similar results
were obtained in [10].

Authors of the work [23] implement a hybrid
multi-level fusion based on a particle swarm search
method to obtain optimal results. In [47], the au-
thors propose a specialized module for intermediate
fusion. The module operates between CNN streams
and recalibrates channel-wise features in each mo-

dality. This module is generic and, in principle,
suitable for any task, but, as the authors themselves
note, the optimal locations and number of modules
are different for each application.

Late fusion is rather popular in different appli-
cations [7, 18, 19, 37]. However, as noted in [47],
this can be mainly due to resource reasons: the
network for each unimodal stream can be designed
and pre-trained independently for each modality.
At the same time, late fusion can give rise to losing
cross-modality information [27]. On the other hand,
as the literature review reveals, the implementation
of early and, even more so, multi-level fusion is a
complex technological task and highly dependent
on the subject area.

In conclusion of the review, it should be said that
there are few works devoted directly to the fusion
of texts and images for the diagnostics of particu-
lar diseases [18, 48] — this emphasizes the urgency
of the problem.

Considering that the formation and training of
deep learning models that implement multimodal
merging for medical applications is a complex and
resource-intensive process, the authors set them-
selves the task of experimentally assessing the effect
of the fusion level on the effectiveness of the classi-
fication of pneumonia presence using x-ray images
and accompaniyng free-text radiologists reports.

Method and materials

Datasets and data preprocessing

We used MIMIC-CXR [49-51] — the extensive
publicly available chest radiographs dataset with
free-text radiology reports. The dataset contains
more than 300,000 images from over 60,000 pa-
tients. Labels were made with CheXpert labeler
[50]. We used pl10 and pl1 data split folders.

‘We have performed the data preprocessing as fol-
lows. For images, pixel values were normalized to
the range [0.0, 1.0]. Then, according to the DICOM
field “Photometric Interpretation (0028, 0004)” im-
ages pixel values were inverted such that air in the
image appears white (highest pixel value), while
the patient’s body appears black (lower pixel value).
Then, the scikit-image library [52] was used to histo-
gram equalization of the image to enhance contrast.
Histogram equalization involves shifting pixel val-
ues towards 0.0 or 1.0 such that all pixel values have
approximately equal frequency. All images were re-
sized to 224 x 224 px size. For reports, we excluded
all the text punctuation, and then used tokenizer
from the pretrained BERT model (see next section).

Models and training procedure
We consider the model’s architecture as a combi-
nation of feature extractors for image and text da-
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ta, and the fusion network appended to combine the
extracted features. Training pipeline describing
our training approach is shown in Fig. 1.

For images feature extracting we used the SE-
ResNeXt101-32x4d [53] which is the ResNeXt101-
32x4d model with added Squeeze-and-Excitation
[54] module. In order to get word embeddings to
feed the report feature extractor we used the pre-
trained Bio-ClinicalBERT Model [565]. The Bio-
Clinical BERT model was trained on all notes from
the MIMIC III database containing electronic
health records from ICU patients at the Beth Israel
Hospital in Boston [51].

The report feature extractor prepares report-lev-
el embeddings, which we train with the network we
called the ContextLLSTM layer. The ContextLSTM
includes two-layer stacked LSTM network, and one
fully connected layer. As input, ContextLLSTM takes
the sequence of word embeddings from the report.
Then, each embedding vector from the sequence is
stacked (concatenated) with the next N neighbours
in the sequence, forming the context vectors for
each entry of the sequence. We used context size
N=2.

We compare five architectures in the reported
experiment.

Image classifier. To classify pneumonia using
only x-ray images, on top of the image feature ex-
tractor, we placed a fully connected classification
layer followed by the softmax activation.

Report classifier. To classify pneumonia using
only reports, on top of the report feature extractor,
we placed a fully connected classification layer pre-
pended by the ReLU activation and followed by the
softmax activation.

Fused classifier. As a fusion model we used the
model consisting of the both feature extractors, fol-
lowed by the single fully-connected classification
layer. We consider three scenarios of the fusion:

Late Fusion: fully-connected classifier is train-
ing on top of completely frozen pre-trained image
and report feature extractors.

Middle Fusion: fully-connected classifier is
training on top of the pre-trained image and text
feature extractors with unfrozen last block of the
SE-ResNeXt101-32x4d image feature extractor and
the entire unfrozen ContextLSTM report feature
extractor.

Early Fusion: the entire network is trained
(except the BERT word embedding extractor) in-
cluding SE-ResNeXt101-32x4d feature extractor,
ContextLSTM report feature extractor, and the last
fully-connected classification layer.

To compare the model quality we use the met-
rics: accuracy, model sensitivity and model spec-
ificity (at 0.5 probability threshold), area under
ROC curve, area under precision-recall curve. Of
these, the ROC AUC and PR AUC metrics — in-
tegral metrics for all possible decision thresh-
olds — are key to conclusions. Metrics accuracy,
specitifcity and sensitivity, typical for the medi-
cal literature, are auxiliary in this case. They are
indicated at a typical threshold value of 0.5; the
task of selecting the optimal threshold value was
not posed here.

Training procedure we used looks as follows.
First, we pre-trained each feature extractor as a
separate classifier with the same task of classify-
ing the presence of pneumonia. Then we trained
late- and middle-fusion scenarios on the top of
the pre-trained feature extractors. Finally, we
trained the early fusion scenario network. All ex-
periments were conducted with Adam optimizer
(betas =0.9, 0.999), learning rate was optimized
with the Cosine Annealing scheduler [56] with the
following hyperparameters of the scheduler: base
LR=1e-8, T 0=50, T mult=2, eta_max = le-4,
GAMMA =0.1. We used batch size=16, image
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size = (224, 224). During training, images were
augmented with random flips, shifts, scales, rota-
tions, and small elastic transforms. NVIDIA RTX
2080Ti was used for training.

Results and discussion

We present the obtained metrics values for all
types of classifiers in the Table, using the follow-
ing abbreviations: ROC AUC — area under the
ROC curve, PR AUC — area under precision-re-
call curve. These curves for each type of classifier
is illustrated by Fig. 2, a—e. The last column in the
Table shows training time comparison.

Figure 3 shows examples of Class Activation
Maps [57] for results of image classifier and image
feature extractor in early-fusion model indicating
the most distinctive areas used by each classifier to
determine the category to which the image belongs:
0 — no pneumonia, 1 — pneumonia. Areas with
higher activation values have more impact on the

network decision. Color graduations correspond to
the level of activation of the image features on the
last convolution layers. Lighter areas are more crit-
ical for the network to gain the decision than the
darker ones. Here we can see that the image feature
extractor in the fused classification scenario still
learns discriminative regions for pneumonia clas-
sification problem.

Analysis of the results obtained allows us to
draw the following statements.

Though the values of all metrics for the image
classifier (see Table) are relatively poor compared to
the report classifier, they entirely correspond to the
current world level [58—60]. Note that during train-
ing the report classifier, only obviously correct text
reports were used; in reality, it is necessary to con-
sider the human factor associated with errors and
fatigue of radiologists, which reduces the received
metrics. Under these conditions, fusing text and
images increases the likelihood of correct image
classification. Besides, Table shows that we got an
absolute excess of metrics when using an early fu-

B Metrics values for different classifiers

Classifier type Accuracy Sensitivity Specificity ROC AUC PR AUC Training time
Image classifier 0.6823 0.5718 0.7637 0.7195 0.6438 6 h 14 min
Report classifier 0.9590 0.9696 0.9511 0.9921 0.9889 20 min
Late-fusion classifier 0.9484 0.9558 0.9430 0.9876 0.9800 15 min
Middle-fusion classifier 0.9613 0.9669 0.9572 0.9897 0.9838 29 min
Early-fusion classifier 0.9579 0.9684 0.9504 0.9933 0.9907 9 h 45 min
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sion classifier even over the idealized case of text
classifier.

Comparing Figures 3, a and b shows that in the
case of the image classifier, the network learns on-
ly from those areas of the image that are directly
affected by pneumonia. Simultaneously, in the case
of the fusion classifier, the network takes into ac-
count not only these areas but also the surrounding
context, which is more consistent with the approach
of a radiologist to the medical images classifica-
tion. Besides, as shown in Table, the report classi-
fier learns much faster than all other classifiers.
However, Fig. 3, b indicates that introducing a text
classifier into the fusion pipeline does not lead to
training only on the textual data, i.e., image feature
extractor in the fused network model still learns
correct semantic image areas for classification.

Comparing the results of the Table for three
types of fusion shows an exchange ratio between
the classification and training efficiency metrics:
the higher the desired classification efficiency met-
rics, the more computing resources are required to
train the network. This circumstance must be taken
into account when choosing the proposed models in
areal clinical process.

Conclusion

We have presented that combining x-ray images
and accompanying free-text radiologists reports in
neural network model training improves the quali-
ty of the model’s decision in the classification task.

In the experiment, we have compared five train-
ing scenarios for the pneumonia classification task.
Two individual classifiers based on each modality
and three fused classifiers differ in training meth-
ods: late, middle, and early fusion. The proposed
combined image-report classifier trained with the
early-fusion method gives better performance than
individual classifiers in the pneumonia classifica-
tion problem. However, it is worth considering that
better results cost the training time and required
computation resources. Report-based training is
much faster in training and less demanding for
computation capacity.
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CpaBHUTEJIbHAS OLIEHKA MOeJIel CAUIHUS TeKCTa M N300PaskeHn s IJId MEeTUIIMHCKON TUATHOCTHKHI

A. A. Jlo6an1eB?, nHKeHEeP-TIporpaMMucT, orcid.org/0000-0002-8314-5103
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6BesopyccKuii rocyAapCcTBeHHBIH MeUIIMHCKIH YHIBEPCUTET, J]3epKIMHCKOTO 1Ip., 83, 220116, Muuck, Benopyccus

BBenenue: B MeIuIHe IPYU IPUHATUM PEIIeHUN XapaKTepHbI MHGOPMAIMOHHASA IEePEerpy3Ka U CJI0KHOCTh. B 9TUX ycIoBUAX 3d-
(heKTUBHBI METOABI CANAHUS MHGopMaruu. s IUarHOCTUKY U JIeUeHUs THEBMOHUY C UCII0JIb30BAHNEM PEHTTeHOBCKUX CHUMKOB U UX
TEKCTOBBIX OIMCAHU, BBIIOJIHAEMBIX PAIU0JIOTaMy, IEPCIEKTUBHO UCIIOIb30BATh CIUAHNE TEKCTA ¢ n300parkenueM. Ilenn: paspaboTka
Mo/ieJiell CAMAHUA N300paKeHNs ¥ TeKCTa IPY JUarHOCTUKE THEBMOHUU C IIOMOIIBI0 HEHPOHHBIX ceTeli. MeTobl: NCII0Ib30BAJICS JaTaCeT
33 MIMIC-CXR; puist 00paboTKu n3obparkenuii ucmnosb3oBana ceTb SE-ResNeXt101-32x4d; gyia 06paboTKY TEKCTA UCIIOJIH30BAHA MOJEb
Bio-Clinical BERT B coueranuu co cioem ContextLSTM. IIpoBefjeHO sKCIIepUMEHTANbHOE CPABHEHNE IISATH aPXUTEKTYD HEHPOHHOU CEeTH:
KJaccu(uKaTop n3o0paskeHui, KaacCu@UKaTop TEKCTOB U TPU KJjaccudUKaTOpa Ha OCHOBE CIUSHUSA, a UMEHHO II03[HETr0, PAaHHEero u
IIPOMEKYTOYHOI'O CAUSHUA. Pe3ybraTsl: IPU UCIOJIb30BAHUN KJIacCU(GUKATOPA PAHHErO CAUAHUS IIOJYUYEHO aOCOII0THOE IPEBhIIIe e
nokasareseit (ROC AUC =0,9933, PR AUC =0,9907) naske 110 CpaBHEHUIO C UAeaIU3UPOBAHHBIM (T. €. 6e3 yuyeTa BO3MOYKHBIX OIIUO0K
pazumoJsora) caydaeMm TekcroBoro Kiaaccuduraropa (ROC AUC =0,9921, PR AUC =0,9889). Bpemsa o0yueHus ceTu BapbUPOBAJIOCH OT
20 MUHYT AJI5 TO3LHETO CIAUAHUA 10 9 yacoB 45 MUHYT A paHHero causaaus. C nCIob30BaHNEeM KapThl aKTHUBAIIUU KJIACCOB HATJIALHO
IIOKa3aHo, YTO BO BCEX KJacCU(PUKATOPAaX Ha OCHOBE CAUAHUA AeHCTBUTEIHHO BRIIEIAIOTCA HanboJiee XapaKTePHBIE A KJIacCU(MUKAIIUN
mHEeBMOHMU 00J1acTu n3obpakenus. O6cy:xaeHne: cIuAHNe TeKCTa U N300paskeHUil YBeJINYNBAEeT BEPOSATHOCTh IPABUJILHOM KJacCudu-
Kamuy n300paskeHuil M0 CPaBHEHUIO ¢ KJaccuuKramueil ToabKo nsobpaskenuii. IlokasaHo, 4To B 3azaue KJIacCU(MDUKAIUYA THEBMOHUK
KJaccu(ukaTop n300pakeHUil ¥ TeKCTOB, 00YUEHHBIN C IIOMOIIIbIO0 METOa PAHHEr0 CAUSHUS, JaeT JIYUIIYI0 IPOU3BOJUTEIbHOCTD, YeM
KJaccu(uKaTopbl N300pakeHul U TEKCTOB 10 OTAeIbHOCTH. OZHAKO CTOUT YUYECTh, YTO JIYUIIIe Pe3yJIbTAaThl TPEOYIOT 3aTPAT BPEMEH! Ha
0o0yJueHre U BBIYUCIUTEIbHBIX pecypcoB. O6yueHne Ha OCHOBE TEKCTOBBIX OTUETOB IIPOXOAUT HAMHOI'O ObICTPEe U TPeOyeT MEHBIINX BbI-
YUCJIUTEIHHBIX PECYPCOB.

KuaroueBsie caoBa — causHNe TEKCTa U M300parKeHNs, MeIUIINHCKAsA TUarHOCTUKA, II03JHee CANIHNEe, DaHHee CIAUSHNE, IIPOMEKY-
TOYHOE CIAUSHNE, PEHTT€HOBCKOe U300pasKeHue.

Iusa yuruposanus: Lobantsev A. A., Gusarova N. F., Vatian A. S., Kapitonov A. A., Shalyto A. A. Comparative assessment of text-
image fusion models for medical diagnostics. Hngopmayuonno-ynpasrswouue cucmemst, 2020, Ne 5, c. 70-79. doi:10.31799/1684-8853-
2020-5-70-79

For citation: Lobantsev A. A., Gusarova N. F., Vatian A. S., Kapitonov A. A., Shalyto A. A. Comparative assessment of text-image
fusion models for medical diagnostics. Informatsionno-upravliaiushchie sistemy [Information and Control Systems], 2020, no. 5,
pp. 70-79. do0i:10.31799/1684-8853-2020-5-70-79

NAMATKA AN ABTOPOB

ITocmynawwue 8 pedakyuio cmamovu npPoxodam 0013amenvbHoe peueH3uposarue.

Ilpy HAIMYMU TOJIOKUTEIBHON PEleH3UU CTAaThd PACCMATPUBAETCSA PENAKIIMOHHON KOJLIeru-
eit. [IpuHATasA B IIeUaTh CTAThA HAIPABJIAETCA ABTOPY AJIS COTJIACOBAHUA PESAKTOPCKUX IIPABOK.
ITociie corsracoBaHus aBTOD HPECTABJISIET B PeIaKI[NI0 OKOHUATEJIbHBIM BADUAHT TEKCTA CTAThH.

IIpomenypbl COIJIACOBAHUSA TEKCTA CTATBU MOI'YT OCYIIECTBIATHCA KAK HEIIOCPEICTBEHHO
B peflaKIINM, TakK u mo e-mail (ius.spb@gmail.com).

IIpy OTKJIOHEHWHU CTATBU PEeJAKI[UA IIPEACTABJSAET aBTOPY MOTHBHPOBAHHOE 3aKJIOUEHNE
¥ PEIeH3UI0, IPU HeOOXOANMOCTH AOPab0OTaTh CTATHI0O — PEIEeH3UIO.

Peé?axuuﬂ HYpHAJLA HAnNoOMUHaAem, 4mo omeemcCcmaeeHHOCNb
3a 0ocm06epuocmb U MOYHOCMb PEKJAAMHBLX Manepuajios Hecym pe}cﬂamoaameﬂu.
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ABAYJJAX
Ann

AcnupasT kadeopel TeopeTmye-
CKHX OCHOB  DJIEKTPOTEXHUKH
CaukT-IlerepGyprckoro rocyzmap-
CTBEHHOT'O 3JIEKTPOTEXHUYECKOTO
yuusepcureta «JIOTU».

B 2019 romy oxomumn CaHKT-
TlerepOyprekuit rocyjapcTBeHHbLH
9JIEKTPOTEXHUYECKUN yYHUBEPCH-
rer «JIOTHU» mo cmemuanabHOCTH
«YTpaBieHre B TeXHUYECKUX CHU-
cTeMax».

O6s1acTh HAYYHBIX WHTEPECOB —
CHCTEMBl YIPaBJIEHUSA HAa OCHOBE
00y4eHus ¢ MOAKPEIIeHIeM, IIy-
0OKMe HENpPOHHbIE CeTH, HUCKYC-
CTBEHHBII HHTEJLIEKT.

1. agpec:
eliyaabddullah@gmail.com

BATBbAH
Anekcangpa
Cepreesna

Accucresnt daxyaprera HHQOKOM-
MYHUKaIIMOHHBIX TeXHOJIOTHI
Vuusepcurera WTMO, Canxr-
IlerepGypr.

B 2014 rony oxoHumIa YHUBEPCH-
rer UTMO mo cmenuajIbHOCTH
IIpurnaguas nEpOPMATAKAY.
SBnaerca aBropoM 21 HAyYHOH ITy-
Osukanyu u mectu PUJ.

O6sacTh HAyYHBIX HHTEPECOB —
MaIIMHHOE 00yUYeHue, HCKYCCTBEH-
HBII WHTEJJIEKT, aBTOMATHOE IIPO-
rpaMMUDPOBaHUE.

1. agpec:
alexvatyan@gmail.com

I'PYBOB
Bagum
BanxepseBuu

Crapiuuit HayYHBIH COTPYAHUK Jia-
0opaTopuy HEPOHAYKU U KOTHU-
THUBHBIX TE€XHOJIOTUH YHUBEPCHUTE-
ta lHHOMIOIHC.

B 2012 roxy oxomuma CapaTos-
CKUIi rOCYapCTBEHHBIN YHIUBEPCH-
rer uM. H. I YepHbImmeBckoro mo
crenraibHOCTH «Pagropusukas.
B 2015 romy samwmruia muccepra-
IUI0 HA COMCKAHWE YUYEHOH crere-
HU KaHauzaaTa (pusnKo-MareMaTy-
YEeCKUX HayK.

SfABnaerca aBropom Gostee 40 Hayy-
HBIX TYOJUKALIAA.

OGJsiacTh HAyYYHBIX HHTEPECOB —
aHaau3 M 00paboTKa KOMILJIEKC-
HBIX CHI'HAJIOB, BEIBJIETHBIN aHa-
JIA3 ¥ €70 IIPIJIOKEHNS B HeJIMHEH-
HOU IMHAMUKe U HelipOHayKe.

1. agpec:

vvgrubov(@gmail.com

TYCAPOBA
Haraaua
denoporHa

Crapmuii Hay4YHBIA COTPYAHUK,
IOLEHT (hakyapTeTa MHDOKOMMY-
HUKAIMOHHBIX TEXHOJOTUH YHU-
Bepcurera WUTMO, Cauxr-Ilerep-
Oypr.

B 1974 rony oxonunia JleHusrpaa-
CKUI MHCTUTYT TOUHOU MEXaHUKHU
¥ ONTHUKH TI0 creruaabHocTu «Orm-
TUKO-9JIEKTPOHHBIE IIPUOOPBI».

B 1984 ropy samuTuia aumccepra-
U0 HA COMCKAHME YUEHOU CTere-
HU KaHAUJATa TEXHUYECKUX HAYK.
fBngerca aBTopoM 95 HayuHBIX
nybnuganuii u 47 CBUAETEIHCTB
0 perucTpanuyd MPOrpaMMHOI0
POAYKTA.

Ob6sacTh HAyYHBIX HHTEPECOB —
MaIIMHHOE 00yUYeHue, NCKYCCTBEH-
HBIl MHTEJLIEKT, aBTOMATHOE PO~
rpaMMUpPOBaHUE.

9. agpec: natfed@list.ru

J0
dyx Xao

IIpenogaBaTens (axymprera uH-
(opManuoOHHBIX TexHOJOrHMi [la-
HAHTCKOI'0 apXUTeKTYPHOTO YHU-
BepcureTa, [lananr, BeeTHAM.

B 2017 rogy OKOHUMJI MarucTpary-
py [laHaHrcKoro yHmBepcuTeTa Ha-
VKM U TexHoJoruii, BbeTHam, 1m0
crequanbHocTy  «KoMmbioTepHbIe
HaYKU».

fIBisieTcs aBTOPOM IATU HAYUHBIX
nyOIMKAIUT.

O6s1acTh HAYYHBIX WMHTEPECOB —
MalmuHHOe OOyueHue, 6asbl AaH-
HBIX.

9. axpec: haodp@dau.edu.vn

30THH
Anexcanmp
T'emnanneBuY

HouenT Kadenpbl HHGOPMATUKY 1
BBIUMCJIUTENBHON TeXHUKY Cubup-
CKOTO TOCYZAPCTBEHHOTO YHUBEP-
cuTeTa HAYKM WM TEXHOJOTH
uM. akagemuxa M. @, Pemrernéna,
Kpacuosipck.

B 2005 rony 0KOHYMIJI MarucTpary-
py Cubupckoro rocygapCTBEHHOTO
a9POKOCMHUUECKOTO YHUBEPCUTETA
uM. akagemuxka M. @. Pemreruéna
mo cmenuanbHocTu <«VHpOpPMaTH-
KA ¥ BHIUUCIUTEIbHAS TEXHUKAY.
B 2007 roxy sarmuTmi amccepTa-
M0 HA COMCKAHWEe YUEHOU CTere-
HU KaHANAATA TEXHUYECKUX HAYK.
fAsnserca asropom Gosee 120 ma-
VUHBIX IyOIUKANUi u 22 CBHAE-
TEJIBCTB HA PErHCTPAI[AI0 IIPO-
I'PAMMHBIX IPOAYKTOB.

O6acTh HAayYHBIX MHTEPECOB —
nudpoBas 06paboTKa u300paKe-
HOM ¥  BUIEONOCJIELOBATEILHO-
CTell, HapaJsiebHBIE aJTOPUTMbL
00paboTKY N300pasKeHuii U 1p.

9. agpec: zotin@sibsau.ru
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KAIINTOHOB CTymeHT IeJMaTpUueckoro a- KOCEHEKO Benymuil HAy4HBIH COTPYIHHUK

Anppeit KyabTeTa BelopyccKoro rocymap- Ietp Hay4Ho-1cCIe0BATENIBCKOTO TeX-

A CTBEHHOTI'0 MeJUIIMHCKOTO YHUBED- HOJIOTHYEeCKOr0 IIeHTpa HeiipoTex-
HApPeeBUY OxneroBuu

curera, Munck, Pecriyosniuka Besa-
pyCh.

06acTh HAYYHBIX WHTEPECOB —
nH(OpMaTH3anNA MeUINHEL.

1. agpec:
akapitonov1999@gmail.com

Hostoruit FO:xHOTO (hemepasbrHOrO
yHuBepcurera, Poctos-ua-l{ony.

B 2001 roxy oxroHums Gakamias-
puar mo cuemuansHOCTH «EcTe-
CTBO3HAHME. BHOJOrusa, XuMusi»,
B 2003 r. — MarmcrpaTypy ecre-
CTBEHHO-HAYYHOr0  00pasoBaHUS
IO0:xHOTO (hemepaIbHOTO YHUBEPCH-
Tera.

B 2010 romy samwrui amccepra-
I[MI0 HA COMCKAHNE yUYeHOH cTere-
HU KaHAugaTa OUOJIOTUYECKUX
HayK.

SfBasercsa aBropom Gosee 30 Hayd-
HBIX TyOJUKAWi.

Ob6sacTh HAyYHBIX HHTEPECOB —
HelipousmoIorus, HeHpPOXUMUL,
COMHOJIOTHA.

9. agpec: peza-i@mail.ru

KYPKUH
Cemen
AnpgpeeBuu

o

IIpodeccop maboparopun HeTpoHa-
VKU ¥ KOTHUTHUBHBIX TeXHOJOTHI
IlenTpa TEXHOJIOTMIT KOMIIOHEHTOB
POOOTOTEXHUKU U MEXaTPOHUKH
Yuusepcurera uHOMOIHC,

B 2003 roxgy oxomumn Caparos-
CKUI rOCyJapCTBEHHBIN YHIBEPCH-
rer uM. H. I YepHbImmesckoro mo
cenuanbHocT «Pagnodusuka u
9JIEKTPOHUKAY.

B 2017 roxy saumuTui auccepTa-
U0 Ha COMCKAHWE YUYEHOH cTere-
HU JOKTOpa (pusmko-maTeMaTnde-
CKUX HaYK.

fBnserca aBropom Gosee 150 Hayy-
HBIX yOamMKamii, 6osee 20 maren-
TOB Ha M300PETEHNA U CBUIETEIBCTB
Ha [IPOrpaMMHOe 00ecTeIeHue.
061acTb HAyYHBIX WHTEPECOB —
HellpoOHayKa, IPUMeHeHWe HCKYC-
CTBEHHBIX HEUPOHHBIX CeTeil, Hc-
cJre[oBaHVe KOTHUTHUBHBIX IPOIIEC-
coB, Data Science, HenuueiiHas
NUHAMUKA, 9JIEKTPOHUKA U JIP.

9. agpec: kurkinsa@gmail.com

JIOBAHIIEB
Aprem
AHpapeeBuy

Nuxernep-mporpaMmMucT  (paxrymnib-
TeTa MHPOPMAIMOHHBIX TEXHOJO-
Uil ¥ TIPOrPaMMUDPOBAHUA YHU-
Bepcurera UTMO, Caurr-Ilerep-
Oypr.

B 2020 rogy OKOHYMJ acIUpaHTY-
py Yuusepcutera U'TMO no crieriu-
ampHOCTH «VIH(pOPMATHKA U BBI-
YHCAUTENbHAST TEXHAKAY.
fBngerca aBropom 14 HayuHBIX
ny0IUKAIAN.

O6acTh HAyYHBIX HHTEPECOB —
IpUMeHeHVe HefpoceTeBbIX Moje-
Jeil B MeJuIuHe, POOOTOTEXHUKA,
0aifeCcOBCKYE METOBI B MAIITTHHOM
o0yueHun.

1. ajgpec:
lobantseff@gmail.com

JIOB3EHKO
ITaBexn
Bragumuposuu

TonenT kadenpbl UHGOPMATUKYI U
BBIUMCAUTENbHON TexHUKU CeBe-
po-KaBrasckoro ¢unuana Mo-
CKOBCKOT'O TEXHWYECKOT0 YHUBED-
curerta CBASM U HHGPOPMATUKH,
Pocros-ua-lony.

B 1988 roxy oxonumsn PocroBckoe
BBICIIIeE BOGHHOE NHIKEHEPHOe Y-
suie PakeTHBIX BOWCK IIO CHEI-
ampHOCTH «CHCTEMBI yIpaBIeHUS
JIeTAaTeJbHBIX aIlIIapaToB».

B 1999 ropy samuTtui auccepra-
[UI0 HA COMCKAHWE YUYEHOH crere-
HU KaHJU/aTa TEXHUIECKUX HAYK.
SIBnsercsa aBTopom Gosee 100 na-
YYHBIX Ty0JIUKAIAI.

ObsacTb HAyYHBIX MHTEPECOB —
ONTHMaJbHAA  WJeHTH(UKAIUA,
OIlEHVUBAHNE, CTOXaCTHYEeCKUe [IU-
HaMUYEeCKUe CUCTeMbI (00'beKTHI).
9. agpec: pasha.van@list.ru

MAKCHUMEHEKO
Baagumup
AnexcanapoBuyu

Houent CapaToBCKOro rocymap-
CTBEHHOT'O TEXHUYECKOTO YHIBEDP-
cutera um. 'arapuna 0. A., crap-
NI HAYYHBIN COTPYAHUK HAYUHO-
obpasoBaresbHOr0 IeHTpa «Hemn-
HelHas IUHAMUKA CJIOMKHBIX CH-
CTEM>.

B 2012 romy oxomumn Caparos-
CKUI1 TOCYJapCTBEHHBIH YHIBEPCH-
rer uM. H. I. UepHbIIEBCKOr0 IO
crnenuagbHOCTH «PUBMKA OTKPBI-
TBIX HEJIMHEHHEIX CHCTEM».

B 2015 rogy samwmrun amccepra-
M0 HA COMCKAHWEe YUEHOU CTere-
HU KaHguaarta Gus.-MaT. HayK.
SBnsercsa aBropom Gosee 50 HAyU-
HBIX IYOJUKAIW.

O6acTh HAyYHBIX WHTEPECOB —
aHATNU3 YCTONYUBOCTY AUHAMUYE-
CKUX PEKUMOB, PeaJU3YIOIINXCA B
IPOCTPAHCTBEHHO-PACIPEIeIeH-
HBIX CHCTEMaX PasIUdHOI IPHPO-
IBI, ¥ JID.

91, agpec:
maximenkovl@gmail.com
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MUJOCEPIOB AcnupanT Camkr-Iletrep6yprckoro HIT'YEH AcnupanT (axyrbreta mH(GOPMA-
JMuTpuii HHCTUTYTa WHPOPMATHKY M aBTO- Hanr Xynr Ban IIVOHHBIX TeXHOJIOrHi [JaHaHTCKO-
I/II‘OpeBH'I marusamuu PAH. T'0 YHUBEPCUTETA HAYKYU U TeXHOJIO-

B 2018 roxgy oxonums YHuBepCH-
ret UTMO 1o cieriuanbrocTH «MAH-
(hopmarmorHas 6e30IacHOCTb.
fIBsieTcss aBTOPOM CEMU HAYYHBIX
nyOIMKAIAT.

061acTh HAYYHBIX WMHTEPECOB —
HMCKYCCTBEHHBIN WHTEJJIEKT, Hei-
DOHHBIE CETH.

9. axpec: dmmil94@yandex.ru

ruit, lanaur, BeeTHaM.

B 2011 rozy oKOHYMI MarucTpary-
py JlaHaHrCcKOro yHUBEpCUTETA HA-
VKU U TeXHoJoruii, BrerHam, mo
cnenuaibHocT  «KoMIboTepHbIe
HayKU».

SABisieTcss aBTOPOM IATU HAYUHBIX
my0IUKAIAN.

061acTh HAYYHBIX WHTEPECOB —
MaIIMHHOE 00yUeHue, TeOMeTpIYe-
cKkas anreGpa.

1. ajgpec:
nguyenvan@dut.udn.vn

OCHIIOB
Bacuamit
OpneBuu

IIpodeccop, raBHBII HAYYHBIH CO-
TPYAHUK, PYKOBOAUTEb Iab0paTo-
pun  uH(OPMAINOHHO-BEIUHCIIN-
TEJNBHBIX CHCTEM WU TEXHOJOTUI
IPOrpaMMUPOBAHUA CaHKT-
IleTepOyprckoro MHCTUTYTA WH-
(opMaTUKN ¥  aBTOMATHBAI[UU
PAH.

B 1981 roxy oxoruna Briciee Bo-
€HHO-MOPCKO€ YUYMJININE Ppajguo-
anexkTponuku uM. A. C. ITomosa mo
cmernuanbHocTy  «PanuorexHumye-
CKIe CPEZCTBAY.

B 2000 roxy samurui auccepra-
[UI0 HA COMCKAHWE YUEHOH crere-
HU JJOKTOPA TEXHUYIECKHUX HAYK.
SIBnsiercsa aBTopom Gosee 100 na-
VUHBIX TY0IUKAIMN U CEMU [IaTeH-
TOB Ha N300peTeHN.

06acTh HAYYHBIX WHTEPECOB —
MHTEeJJIEKTyaIbHbIE CHCTEMBI, Hell-
DOHHEIE CeTH, MOJIEJINPOBAHIE,
nH(OPMaNHOHHASA GE30MaCHOCTb.
911 ampec: osipov_vasiliy@mail.ru

MUK
Enena
Huxonaesna

Munagmuii HayyHBIH COTPYLHUK
snabopaTopuy HEPOHAYKU WM KOT-
HUTHUBHBIX TeXHOJOTUH YHUBEPCH-
reTa VIHHOMOTHAC.

B 2017 rogy oxonumaa CapaTos-
CKMII HAIMOHAJBHBIA HCCJIEH0BA-
TeJBCKUHA TOCYyJapCTBEHHBIN YHU-
Bepcurer uM. H. I. YepHbimmeBcKo-
ro mo cuernuaasHocTH <«IIporpam-
MHAs HHKEHePUsI».

O6acTh HayYHBIX WHTEPECOB —
MaIInHHOe 00yUYeHNe, NCKYCCTBEeH-
Hble HEMPOHHBIE CeTH, UHTep(dei-
CBI MO3r-KOMIbIOTEp, aHaaua J9T,
MOCTUHCYJIbTHAS peabuInTanus,
HeJIMHeHHAd JTUHAMUKA.

9. agpec: e.pitsik@innopolis.ru

IIOMMAHOBA
Exarepuna
JAMuTpueBHa

Crapmuii mpenogaBartenb Kaden-
pel OesomacHOCTH WH(OPMAIWOH-
HeIX cucreM Caukr-IleTepOypr-
CKOI'0 TOCYZapCTBEHHOT'O YHUBED-
cuTeTa asPOKOCMUUECKOTO Ipubo-
POCTPOEHUS.

B 2005 roamy oxonumma CaHKT-
IlerepOyprckuii rocyaapcTBeHHBIH
YHUBEPCUTET TEJIEKOMMYHUKAIUI
um. mpod. M. A. Bouu-Bpyesuua
mo crenuaabHocTu «MHDOPMAany-
OHHBIE CHCTEMBI B 00JIACTH CBASH».
fBnsercs aBropom Gosee 15 Hayu-
HBIX ITyOJUKALIHH,

ObJsacTh HAYYHBIX WHTEPECOB —
CHCTEMBI ¥ TEXHOJIOTUU XPAHEHUST
TaHHBIX.

1. agpec:
e.d.poymanova@gmail.com

COBETOB
Bopuc
AxoBaeBuu

IIpodeccop Kadeapsr nHGOPMALIH-
onHbIX cucteM Caukr-IleTepOypr-
CKOTO TOCYJZAapCTBEHHOTO  3JIEK-
TPOTEXHUYECKOr0 YHUBEPCUTETA
«JI9OTU», 3aciyKeHHBIH AeATeNh
HayKu U TexHuUKu P®P, neiicTBu-
TeJbHBIH uien Poccuiickoit akaze-
Muu 00pa3oBaHUA.

B 1960 roxy oxonuns JleHuHTrpaa-
CKUH DIIEKTPOTEXHUUECKUN MHCTH-
Tyt uM. B. . VYiapaHoBa (Jlenuna)
TI0 CIEI[AATIBHOCTY «ABTOMATHUKA 1
TeJIeMeXaHUKa».

B 1974 ropy samutui amccepTa-
M0 HA COMCKAaHWE YUEHOU CTere-
HU JIOKTOPA TEXHUYECKUX HAYK.
fAsnserca aBropom 6Gosee 400 Ha-
VUHBIX MyOJUKAIH.

O6acTh HAayYHBIX WHTEPECOB —
TEOpHsS U MpaKTUKa MH(OpMAI-
OHHBIX CHCTEM U T€XHOJIOT .

9. agpec: bysovetov@mail.ru
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COJIOBBEBA IIpogeccop, saBexyomas Kades- TATAPHHUKOBA TIpodeccop Kadenpsl Ges30macHo-
Enxena POil TEOPETHYECKUX OCHOB JJIEKT- TarbaHAa e MH(QOPMAIMOHHBIX CHCTEM
Bopucosna POTEXHUKH, YUYEHBIH CeKpeTapb MuxaiiIoBHA Cangr-TleTepOyprckoro  rocymap-

Cankr-IlerepOyprckoro rocygpap-
CTBEHHOT'O 3JIEKTPOTEXHUUYECKOT'O
yHuBepcutera «JI9TH».

B 1987 ropy oxonumina Jlenus-
IPajCKUil  JIEKTPOTEXHIUECKII
uHCTUTYT UM. B. U. Vnbanosa (Jle-
HUHA) 110 criernuaabHocTy «MHbop-
MAaIVOHHO-M3MePUTeIbHEIE CHCTe-
MBI».

B 2001 roxy sammuTuia auccepTa-
[UI0 HA COMCKAHVE YUYEHOH crere-
HU IOKTOPA TEXHUYECKUX HAYK.
SIBnsiercss aBTopoMm Gosee 250 Ha-
YYHBIX IIyOIUKAIUI, B TOM YHCJIE
ceMu MOHOTpaduit.

06acTb HAYYHBIX WHTEPECOB —
TeopusA HeJIWHEHHBIX JUHAMUYe-
CKUX CHCTEM, IJIyOOKHe HeHpOH-
Hble ceTd, IudpoBas 00pabOTKa
CUT'HAJIOB U JIp.

A1. axpec: selenab@hotbox.ru

CTBEHHOT'O YHUBEPCUTETA a9POKOC-
MHIYEeCKOro IPHO0POCTPOCHIUS.

B 1993 roxy oxonumia Bocrouno-
CubupCKuil TeXHOJOTNUECKUIT UH-
CTUTYT IO CHEI[UATBHOCTH «IJIEK-~
TPOHHO-BHIUUCIUTENbHbIE MAIlU-
HBI, KOMILJIEKChI, CHCTEMBI U CeTH».
B 2007 romy samuruia auccepra-
LMI0 HA COMCKAHNE yUYEHOH CcTere-
HU JJOKTOPA TEXHUIECKNX HAYK.
fAsnsiercss aBropom 6Gosee 100 Ha-
VYHBIX TyOJUKAIIVI.

O6acTh HAYYHBIX WHTEPECOB —
YH(GOKOMMYHUKAINY, B3ANMOEH-
CTBUE HEOLHOPOAHBIX CETEl.

9. agpec: tm-tatarn@yandex.ru

TATHUBAHA
Kanra

TIonent yauBepcurera Korakyus,
Toxwno, Anonus.

B 1997 roxy oxornuunn Haroiickuit
Yuusepcurer, fnoHus, mo cuemnu-
anbpHOCTH «HGOPMaTUKAY.

B 2002 roxy sammTui muccepTa-
M0 HA COMCKAHWE YUEHOU CTele-
HU KaHAWJATa TeXHUYECKUX HAYK
(PhD) B Haroiickom YuuBepcure-
Te.

fABnserca aBropom 50 HAyUHBIX
nyOIMKaIU.

O6acTh HAYYHBIX WHTEPECOB —
KOMIIBIOTEPHBIN MHTEJLIEKT, B3au-
MOJIEICTBYE UEJIOBEKA M KOMIIBIO-
Tepa

1. agpec:
kanta@cc.kogakuin.ac.jp

DPABOPCRAA

Maprapura

Huxoaaesna

IIpodeccop, saBexgyromas Kaden-
poil WH(OPMATHKUA ¥ BEIUHCIN-
TeJapHOM TexHUKM Cubupckoro
TOCYZApCTBEHHOTO YHUBEPCUTETA
HAYKY U TEXHOJIOTUIl UM. aKaJeMu-
ka M. @. Pemernésa, KpacHospck.
B 1980 romy oxonumia PeiOuH-
CKMIl aBUAIMOHHBINA TeXHOJOIMYe-
CKUI MHCTUTYT IO CIEINAIbHOCTH
«KoHCTpYyHpOBaHME ¥ TIPOM3BOJ-
CTBO  BJIEKTPOHHO-BBHIUUCIIHTEND"
HOU ammapaTypbi».

B 2011 rogy sammruia auccepra-
L[MI0 HA COMCKAHNE yUYeHOH CcTere-
HU JJOKTOPA TeXHUIECKNX HAYK.
fAsnsiercss aBropom okoso 160 Ha-
VYHBIX TyOJUKAIIVI.

061acTh HAYYHBIX WHTEPECOB —
pacmosHaBaHWe 00pasoB, 1up-
poBas o0paGoTKa u300paKeHUit,
KJIACTEDHBIH aHANIWU3, WHTEJLIEeK-
TyaJIbHBIE TEXHOJIOTMY 00PabOTKY
IaHHBIX 4 .

9. agpec: favorskaya@sibsau.ru

DdAM
Kour Txanr

IIpenoxaBaTens (akympreTa HH-
(opmaruonHEIXx TexHOMoruit la-
HAHTCKOT'0 YHUBEPCUTETA HAYKU U
TexHoJoruii, [lananr, BoeTHaMm.

B 2013 roay oxomumsn Tynabckuit
rOCyJapCTBEHHBIH YHUBEPCHUTET 110
crenuaJbHOCTH  «Bhrumesauress-
HEIE MAIINHbI, KOMILIEKCHI, CHCTe-
MBI U CET».

B 2016 ropy samuTui auccepra-
[UI0 HA COMCKAHVE YUYEHOH crere-
HU KaHIWUIATa TeXHUUYECKUX HAYK
B TyabcKOM TrocyzapCTBEHHOM
YVHUBEPCHUTETE.

fBnsiercss aBropom 20 HayYHBIX
nyOIMKAIUT,

061acTh HAYYHBIX WMHTEPECOB —
o0paboTKa M300parKeHuil, MaIlIH-
HOe 00yueHue, HayKa O JaHHBIX.
9. axpec: pcthang@dut.udn.vn

DPAM
Muns Tyan

\p

¢

IIpenonaBarens (akyabTeTa HH-
dopmarnuoHHbIX TexHONTOTHMH [la-
HAHTCKOT'0 YHUBEPCUTETA HAYKHU 1
TexHosoruii, [lananr, Boernam.

B 2007 rogy OKOHUMI YHUBEPCUTET
Mus, Amonus, mo cmenuaIbHOCTH
«JH(pOPMANOHHBIE TEXHOJIOTU».
B 2012 rogy samuTHiI auccepra-
W0 HA COMCKAHWE YUEHOU CTere-
HU KaHIUJAaTa TeXHUUYECKUX HAyK
B Haroiickom Yuusepcurere, fmo-
HUA.

SfABnserca aBropom 50 HayYHBIX
myOIUKAIAN.

061acTh HAYYHBIX WHTEPECOB —
VCKYCCTBEHHBIN WHTEJJIEKT, MSI-
KUe BBIYWCJIEHWS, TIeoMeTpuye-
ckag auaredpa.

9. agpec: pmtuan@dut.udn.vn
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XPAMOB TIpodeccop, 3aBexyromuit 1adopa- XPAMOBA IonerT xadeapsl HHPOPMAIIUOH-
Aexcan p TOprell HeWPOHAYKM U KOTHUTHUB- M apuHa HBIX CHCTEM U TEXHOJIOTHH B 00y ue-
HBIX TexHosoruit [feHTpa TeXHOJI0- HUU (DAKyIbTeTa KOMIIBIOTEPHBIX
EBrenneBuu BuxTropoBHa

Uit KOMIIOHEHTOB POOOTOTEXHUKH
¥ MeXaTpOHWKYN YHUBEPCHUTeTa
MuHOMONHC.

B 1996 roxy oxomuma CapaTos-
CKUI1 rOCyapCTBEHHBII YHUBEPCH-
rer uM. H. I. YepHbImesckoro.

B 2005 roxy sammTui guccepTa-
IUI0 HA COMCKAaHWE YUEHOH CTele-
HU JOKTOpa (hpusmko-maTeMaTmyde-
CKUX HayK.

fBnsiercss aBropom Gosiee 200 Ha-
YYHBIX Ty0IUKAIII.

06s1acTh HAYYHBIX WMHTEPECOB —
HeNPOHAyKa, TeopUs CIOKHBIX Ce-
Tell, BEUBJIET-aHAJIN3 U €T0 IIPUJIO-
JKeHUs B HeJIMHENHON TUHAMUKE 1
HelpoHayKe, HeHPOMHTEP(ECHI.
D. agpec: hramovae@gmail.com

HAYK ¥ WHPOPMAIUOHHBIX TEXHO-
soruit CapaTOBCKOTO TOCYapCTBEH-
Horo yHuBepcurera uMm. H. I Hep-
HBIITIEBCKOTO.

B 1996 romy oxonumna Tam6oB-
CKUI FOCYAapCTBEHHBIN YHUBEPCH-
rer uM. I. P. [lep:raBuHa 1o creru-
anpHOCTH «Maremaruka, uHGOD-
marura u BT».

B 2000 roxy samuruia aumccepra-
I[MI0 HA COMCKAHNE yUYeHOH cTere-
HO KaHAUJATA IIeJarOTUYecKUx
HayK.

SfBaserca aBropom Gosee 100 ma-
VUHBIX TyOJUKAIIVI.

Ob6sacTh HAyYHBIX HHTEPECOB —
MeTOAbI 06paboOTKU TaHHBIX, 00pa-
30BaTeIbHBIE TEXHOJIOTUH, HEHpo-
meJarormKa.

9. agpec: mhramova@gmail.com

IIAJBITO
Anaroauit
Ab6pamoBuY

IIpodeccop daryabrera nubOPMA-
[MOHHBIX TEXHOJIOIHil ¥ IIPOrpam-
mupoBaHud Yausepcurera 1'TMO,
yuenbiii cekperapb HIIO «Aspo-
pa».

B 1971 roxy oxonuunn Jlenuurpai-
CKUII BJIEKTPOTEX HUUECKUI UHCTH-
tyT um. B. Y. Viabauosa (Jlennna)
110 CIIeIATbHOCTH «ABTOMATHUKA 1
TEeJIEMEXaHIKA».

B 1999 roay sammrui muccepra-
M0 HA COMCKAHWE YUEHOU CTere-
HU JJOKTOPA TEXHUYIECKHUX HAYK.
SIBnsiercss aBTopoM Gosee 250 Ha-
YYHBIX TyOJUKAIVi, TPEX MOHO-
rpaduit u 70 usobpeTeHUi.
06acTb HAYYHBIX WHTEPECOB —
CHCTEMBI JIOTUYECKOTO YIIpaBJie-
HUs, aBTOMATHOE IIPOrpaMMUPOBa-
HIE.

9. agpec: shalyto@mail.ifmo.ru

IMEPBAHB
Oxcana
T'eopruesna

Touent kadenpbl MHOOPMAIIMOH-
HBIX ¥ H3MEPUTEIbHBIX TEXHOJIO-
ruit VIHCTUTYTa BBICOKUX TEXHOJIO-
ruil u npesorexuuku FwxHOTO (e-
JIepaJIbHOTO YHUBEPCUTETA, POCTOB-
Ha-Jlony.

B 1993 roxy oxkonuwmia KOk ubIi de-
JlepasbHbIH YHIBEPCUTET II0 CIIeIH-
aspHOCTH «Maremaruka, napopma-
TUKA ¥ BBIUUCIUTENbHAS TEXHU-
Ka».

B 2011 roxy samuruia auccepra-
IUI0 HA COMCKAHWE YUEHOH crerme-
HU KaH/U/aTa TEXHUIECKUX HAYK.
fsnsiercss aBropom 30 HayYHBIX
nyOIuKaIUi 1 300peTeHmil.
061acTh HAYYHBIX WMHTEPECOB —
nudpoBass 06pabOTKA CUIHAJIOB,
HemapaMeTpuuecKas UIeHTADU-
KaIusd, CTOXaCTUUYeCKHe AUHAMIU-
YeCKUe CUCTEMBI (00BEKTHI).

9. agpec: shchero@mail.ru

IIMEPBAHb
Hrops
BacuiabpeBuu

IlolieHT, TIJIABHBIN HAYYHBIH CO-
TpyaHuK HayuHo-mccienoBaTes b
CKOI'0 TEXHOJIOIMUYECKOr0 IIeHTpa
HeliporexHosoruii F0:xuHoro dese-
pajJbHOrO yHUBepcuTera, PocToB-
Ha-[lony.

B 1989 roay oxonuuns PocroBckoe
BBICIIIEE BOGHHOE MHIKEHEPHOE YUI-
suie PakeTHBIX BOWCK IO CIIEIIH-
anpHOCTH «CHCTEMBI YIPaBJIEHUA
JIeTaTeJbHBIX alllapaToB».

B 2007 roxy samuTui amccepTa-
U0 HA COMCKAaHME YUEHOU CTere-
HU JIOKTOPA TEXHUYECKUX HAYK.
fAsnserca aBropom Gosee 100 ma-
VUHBIX TyOJIUKanuii u msodpere-
HUH.

061acTh HAYYHBIX WHTEPECOB —
ONTHMAaJbHAA  WAEHTU(DUKAIUSA,
OLIEHVMBAHUe, CTOXACTHUYECKHE V-
HaMHUYECKUe CUCTeMbI (00'beKTHI).
9. agpec: shcheri@mail.ru
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YBaskaeMmsbie aBTOPHI!

IIpu moAroTOBKE PyKOINCeli cTaTeil He00X0AUMO PYKOBOICTBOBATHCS CJIETYIOIIMMHU PEeKOMEeHIaAI[UIMU.
CraThu JOMKHBI COEPIKATh N3JI0KeHe HOBBIX HAYUYHBIX Pe3yIbTaToB. HazBaHme cTaThu JOIIKHO OBITh KDATKUM,
HO MH(MOPMATUBHBIM. B HasBaHWU HEIOMYCTHMO HCIIOJIH30BAaHWE COKPAINEHUI, KPOME CAMbIX OOIEeIPUHSATHIX
(PAH, P®, CAIIP u T. 1.).
O0beM craTbu (TEKCT, TAOJUIILI, WUJIIOCTPAIlUy W OumOamorpadus) He OOJKEH IIPEBBIIIATh SKBUBAJIEHTA
B 20 cTpaHuil, HaneuaTaHHBIX Ha Oymare dopmara A4 Ha ogHOI cTopoHe uyeped 1,5 mutepBana Word mpudrom
Times New Roman pasmepom 13, moJid He MeHee IBYX CAHTHMETPOB.
O6sa3aTeTbHBIME dJIeMEeHTaMu 0(hOPMJIEHUA CTAThU ABJIAOTCA: nHAeKC ¥ K, 3armaBue, nHUIIMAIBI U (haMUIAA
aBTOpa (aBTOPOB), yUeHas CTEIEeHb, 3BaHWEe (IIPU OTCYTCTBUU — JOJKHOCTDH), IIOJHOE Ha3BaHIE OpPTraHW3aIluu,
aHHOTAIIMS UM KJIOUEeBbIe CJI0Ba Ha PYCCKOM U aHTJIHCKOM s3biKax, ORCID u sIeKTpOHHBIN aapec OJHOTO U3
aBTOPOB. [Ipu HanmMcaHMM aHHOTAIIUHU He NCIIOJIbL3YyiiTe ab0peBUaTyp U He [eIaliTe CCHLIOK Ha NCTOUHUKY B CIUCKE
auteparypsl. [IpegocraBiaaiTe mOogPUCYHOUHBIE ITOAIVCH 1 Ha3BaHUA TAOJIUIL HA PYCCKOM U aHIJIMUCKOM fA3BIKaX.
CraTbu aBTODPOB, HE MMEIOIIVNX YUYEHOU CTEIeHW, PEKOMEHIyeTcs IyOJMKOBAaTH B COABTOPCTBE C HAYYHBIM
PYKOBOIUTEJIEM, HATUYNE ITOAINCYU HAYIHOT'O PYKOBOAUTEIA HA DYKOIIUCY 00A3aTEJIFHO; B CJIyUae CAMOCTOATEIHEHOKR
IyOJIUKauy 003aTeIHHO IPELOCTABIANTE 3aBEPEHHYIO 110 MECTY PAOOTHI PEKOMEH JAIINI0 HAYYHOTO PYKOBOAUTEILSI
¢ yKasaHueM ero haMuJInm, MMeHH’, OTUECTBA, MeCTa PaboThI, JOIKHOCTU, YUEHOTO 3BaHUA, YUIEHOUN CTEIIEHN.
®Dopmyasl  HabupaiiTe B Word, He wucmoab3ys dopmyabHbI pemakTop (Mathtype mam Equation), mpum
HEOoOX0AUMOCTY MOKHO HCIIOJIb30BaTh (hOPMYJIbHBIN PeIaKTop; OIS Habopa oAHOM (DOPMYJIbl He UCIOIb3YHTe qBA
pemakTopa; mpu Habope GopMyJa B (DOPMYJHHOM pemaKTope 3HAKU IpPeNWHAHUsS, OrpaHuumnBamIinme GopMyy,
Habupaiite BMecTe ¢ (DOPMYJIOi; [JIs YCTAHOBKY pasMepa mipudra HUKOTAA He moIb3yiTech BKaankou Other...,
HCIIOJIB3YHTE BaBOACKIIE YCTAHOBKY PETAKTOPA, HE IIOATOHANTE Pa3Mep CUMBOJIOB B (hopMyJiax moJ pasMep mpudra
B TEKCTe CTATbW, HEe PACTACUBAiTEe U HE CIKUMAaiTe MBIIIbIO (POPMYJIbI, BCTABIGHHBIE B TEKCT; B (popmysax He
OT[eJIANTe IpobeIaMu BHAKM: + = —.
Ina mabopa dopmys B Word mHukorga He ucmoabsyiire KoHcTpykTop (Ha BepxHeil mamesnu: «Pa6ora c
dbopmynamu» — «KoHCTPYKTOP» ), TaK KaK 9TOT PeCcypcC MpeJHa3HAUeH TOJbKO AJIA BHYTPEHHETO NCI0Jb30BAHUS B
Word u He mogaep:KUBaeTCsa MporpaMMaMi, IIpefHa3HAUeHHBIMHU AJIs U3TOTOBJICHUSA OPUTHHAI-MaKeTa JKypHaJa.
IIpu maGope CUMBOJIOB B TEKCTE MIOMHUTE, UTO CUMBOJIBI, 0603HaAUAEMbIe JJATUHCKUMY OYKBaMu, HAOMPAOTCA
CBETJIBIM KYPCUBOM, DYCCKUMHU U I'PEUECKUMU — CBETJIBIM IPSIMBIM, BEKTOPBI ¥ MATPUILILI — IMIPAMBIM HOJIYKUPHBIM
mpudTom.
HUnnrocTpanyuu mpeocTaBIdg0TCSa OTAEIBHBIMY UCXOAHBIMUY (hatiiaMu, IOALAI0INNMUCA PESAKTIPOBAHUIO:
— PpHCYHKH, I'padUKu, AUArpaMMbI, OJIOK-CXEeMBbI IIPEJOCTABJANTE B BUAE OTAEIbHBIX HCXOAHBIX (hailjios,
TMOAJAOIIUXCA PEJaKTUPOBAaHUIO, MCII0Jb3YA BEKTOPHEIE IIporpaMMer: Visio (*.vsd, *.vsdx); Coreldraw (*.cdr);
Excel (*.x1s); Word (*.docx); Adobe Illustrator (*.ai); AutoCad (*.dxf); Matlab (*.ps, *.pdf unu sxkcmopT B hopma’
*lai);
— ecJI¥ PelaKTop, B KOTOpPOM BbI m3roraBinBaeTe PUCYHOK, He II03BOJIAET COXPAHUTHh B BEKTOPHOM opMare, .

* wmf, *.emf, *.svg;
— ¢oto u pacTpoBeie — B opmare *.tif, *.png ¢ makcumanpHBIM paspenienuemM (He meree 300 pixels/inch).

(sKeJIaTeJIbHO HEe ITOBTOPAOIINX JOCTIOBHO KOMMEHTAPUU K PUCYHKAM B TEKCTE CTAThI).
B pemakmuio npegocTaBISIOTCA:
— cBeJleHn A 00 aBTOpe ((hbaMuausi, UMs, OTUECTBO, MECTO PAOOTHI, TOJIKHOCTh, yUeHOe 3BaHue, yueOHOe 3aBeJeH1e I

(HOTO MOKHO IPeCTABATE B 2JIEKTPOHHOM B B (hopmare *.tif, *.png ¢ MaxcuMaabHBIM paspelieHneM — He MeHee
300 pixels/inch mpu muauMaabHOM pasmepe dhoro 40x55 Mm;
~— 9KCIIEPTHOE 3aKJIIUYEHNE.
Croucox 1uTepaTyphl COCTABISAETCS IO MOPALKY CCHLIOK B TEKCTE M 0POPMIIAETCA CIAEAYIOINM 00pa3oM:
— )i KHUT 1 COOPHUKOB — (haMUIuA W WHUIHMAJIBI aBTOPOB, ITOJHOE HasdBaHUe KHUTU (COOPHUKA), TOPOI,
U3IaTebCTBO, T, 00Iee KOJUUeCTBO CTPaHuIl, doi;
— [ JKYPHAJIBHBIX cTaTe — (haMUINA U MHUIINAIEI aBTOPOB, II0JHOE Ha3BaHUe CTaThy, Ha3BaHUe JKypHAJIa,
roJ M3JaHUsg, HOMED JKypHaia, Homepa ctpanui, doi;
— CCBLIKY Ha WHOCTPAHHYIO JIUTEPATYPY CIEAYET JaBaTh HA sISbIKEe OPUTHHAJIA 0e3 COKPAIeHI;
— IIPU UCIIOJh30BAHUY Web-MaTeprajioB yKasbiBaiiTe agpec caiiTa u AaTy 00paIeHusd.

i-us.ru/paperrules): Jluteparypa u References.

Bosee moapo6HO mpaBma MOATOTOBKU TEKCTA ¢ 00pasiaMu U3JI0KeHbl Ha HallleM caiiTe B paszeie «IIpasuia
IIJIS1 aBTOPOB» .
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