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Objects and processes classification is a common experimental
problem. Its solution, first of all, is needed in automatic diagnosis systems,
for example, to determine the equipment operation state through the
diagnostic signal or to identify abnormalities with medical images. With the
development of convolutional neural networks, new prospects for solving
such problems have risen up. However, the classification accuracy that can
be achieved on these networks is not sufficient enough for all diagnosis
issues. It is subject to, for example, timely diagnosis of the onset of
transient phenomena. At the same time, another type of neural network,
Kohonen self-organizing maps, has a conceptual property for training on
unclassified set of classes, that is, giving the opportunity to solve such an
issue. Therefore, the accuracy enhancement of the classification on the
basis of Kohonen networks implementation in the architecture of
convolutional networks is a relevant objective and has practical
significance.

The article analyzes the means of improving the accuracy of
convolutional neural networks and arising problems solution. The ways of
increasing the proportion of correct clustering on Kohonen networks due to
the ‘growth’ of its grid shape in determining new classes in the learning
process are also given. It is this property that makes it possible to recognize
transient phenomena. It is determined that the existing solutions of the
combination of Kohonen networks and convolutional networks are aimed
at improving the efficiency of only self-organizing maps, with the purpose
to improve the accuracy of classification by convolutional networks, it
became necessary to develop a new architecture. The paper provides a
description of this issue. Since the initial information of the Kohonen
networks is the weighting matrix values of the grid shape neurons, it was
necessary to associate it with the representation of the images in order to
process the diagnostic images. The paper proposes the concept of a built-in
associative array block based on Kohonen networks.

According to the proposed method, a software implementation of a
hybrid neural network is developed. The formulation and results of
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computational experiments are presented. The efficiency of the proposed
method is experimentally proved.

Keywords: convolutional neural networks, CNN, Kohonen self-
organizing maps, SOM, signal classification, image classification.

Problem statement. Classification based on neural network methods
was one of the first objectives of artificial intelligence. With the
development of deep learning networks, new perspectives have risen up for
the classification of processes by diagnostic signals and images. Such
objectives are typical for technical, medical, seismic diagnostics. When
solving them, accuracy is crucial. The problem is that on convolutional
neural networks, the required classification accuracy may not be achieved
for all diagnostic objectives. For example, such networks are not always
capable to detect the transition stages of the diagnosed processes. To solve
such objectives, there is another kind of neural networks — Kohonen self-
organizing map (self-organizing map — SOM). However, SOM is designed
to solve the clustering objective and requires the use of additional tools to
further classifying of the current example. The use of SOM as a
convolutional network unit extends the class of technical diagnostics
objectives and increases the accuracy of classification. Therefore, accuracy
enhancement of classification through the use of Kohonen self-organizing
maps as part of the cohort network is an urgent objective and has practical
significance.

Analysis of recent research and publications. Deep learning
networks are primarily designed for classification, discovery, segmentation
objectives. The current research in deep learning aims to improve accuracy
and/or reduce work time,

The results of modern research on machine learning can be tested in
special competitions, the most famous of which is ImageNet - competition
for the classification of objects in images. The first significant
iImprovement in classification accuracy was achieved by AlexNet [1],
which won the mageNet LSVRC-2012 competition. This network was a
modification of LeNet [2] and had several main features:

- ReLU activation function, which allowed to increase the learning
speed by reducing the gradient vanishing;

- accidental exclusion of the group of connections between neurons
(DropOut), which partially solved the problem of overfitting.

The ImageNet LSVRC-2014 competition was won by VGG [3],
which was a modification of AlexNet. In the VGG network, the
convolutional high-dimensional filters have been replaced by a series of
3*3 filters. With this approach, the receptive field of an individual neuron
does not decrease, but the number of network parameters decreases,
making the network easier to train.
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In 2015, Google's Inception (GoogleNet) network was introduced.
[4] When implementing the network, the idea laid down in VGG was
developed — replacing the n*n filters with a sequence of n*1 and 1*n
filters. Besides, on the basis of Inception, the Inception V2 and V3
networks were developed.

However, these networks were characterized by the degradation
problem. The problem is that an increase in classification accuracy can be
achieved by adding new layers, but this can be achieved to a certain
threshold, after which the accuracy begins to decrease. The main reason for
this is the vanishing gradient. On the last layers of the network, the gradient
Is significant, and on the first — unacceptably small. The degradation
problem was solved by ResNet network [5] with new links allowing the
input signal to be added to the result of multiple layers of convolution
(shortcut connection).

One of the last means of accuracy enhancement was the attention
mechanisms [6].

However, all these methods to improve the accuracy of convolutional
networks do not always provide the desired accuracy in the diagnosis
objectives in cases where it is impossible to introduce a rigid classification
of the process due to the emergence of transitional stages, which, in turn,
must be recognized. On the other hand, the Kohonen self-organizing map is
a kind of neural networks specifically designed to solve the problem of
clustering, which allows for training in pre-defined classes. The basis of
this work was the assumption that this property SOM will improve
convolutional neural networks. SOM properties in combination with deep
learning networks should allow for more accurate identification of transient
processes with diagnostic signals.

SOM significant advantages include the ability to train on a small
number of training sample examples, fast training and resistance to noisy
data. However, the SOM network is sensitive to initial initialization of
weights, so that the test result may be unstable when conducting a series of
identical experiments. Studies presented in [7-9] solve this issue and increase
the proportion of correct operation in operating modes. These papers propose
an approach aimed at creating a SOM network structure that is changing in
the process. The basic idea is to extend the SOM grid shape if the new
training sample example differs significantly from the neural network
weights. That is, the network can ‘grow’ in the learning process.

Since the definition of the current object class is carried out behind
the SOM neuron output matrix, further classification is carried out either on
additional neural networks or behind the visualization of a trained map with
a dedicated current example. Traditionally, the additional circuitry in
combination with the SOM uses a multi-layered perceptron. In modern
studies [10-12], SOM has been connected to convolutional networks. These
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studies aim to improve SOM clustering. In [10], two types of SOM are
presented, which differ in application. In the first case — instead of
convolutional layer, in the other — instead of pooling. In [11], the concept
Is to train multiple SOM, each corresponding to a separate area of the input
image. In [12], the hidden layers are replaced by modified self-organizing
maps. However, all these studies are aimed at improving the efficiency of
Kohonen's self-organizing maps. Therefore, it is necessary to conduct
research on the concept of improving the accuracy of classification of
convolutional neural networks by adding SOM.

The aim of the article is to propose an architectural solution of the
neural network complex of the convolution neural network with the
Kohonen self-organizing map to improve the classification accuracy. To
achieve this object in view the following tasks have been solved:

- to design the concept of SOM integration in the deep learning
network;

- to develop a hybrid convolutional network architecture with an
integrated Kohonen self-organizing map;

- to carry out the results comparative analysis of the test problems
solution on a convolutional neural network and the network modified in a
set way.

Implementation of SOM block in deep learning network. It is not
possible to directly integrate SOM into convolutional neural networks
(CNN) through heterogeneous representations of information transmitted
between CNN blocks and outgoing SOM information. The problem lies in
the fact that the result of SOM operation in the working mode is a matrix of
distance differences between the input vector and the vector of weights of
neurons, by which the winning neuron is selected. This result must be
compared with the actual display of the input signal, which must be
provided further to the convolutional layers. It was proposed to implement
the matching of winning neurons to specific fragments of the input signal.
To do this, the SOM network is combined with an associative array. This
array is implemented as a reflection of the SOM grid shape in the form of a
matrix. The elements of such an array are represented as fragments of the
SOM input signal. The SOM block implements a direct correspondence
between a neuron and a matrix element.

Figure 1 schematically shows a fragment of a two-dimensional SOM
grid shape displaying an associative array for the handwriting recognition
test. For clarity, the association is presented for the input block, because the
following blocks, firstly, many channels, and secondly-less clear contours.

The SOM grid shape can have different dimensions:

— for the input signal as a sequence of values (1D signal) - two-
dimensional grid,;
— for input signal-images (2D signal) - three-dimensional grid.
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Fig. 1. Associative matching of images on SOM fragment in input block

The associated array has the same dimension as the SOM lattice. The
neuron indexes in SOM are the same as the indexes of a cell in an array.
However, with such a matching system, the network does not learn
universally, but only from the examples of the training sample and is not
capable of generalization in the future. That is, the network is also
overfitting. Therefore, it is proposed that in the operating mode, the SOM
block returns a signal that is obtained by generalizing all associated signals
of the winning neuron and its surroundings. The output signal of the SOM
block is calculated by the formula:

0.5%1
0.5 * Iwinner + TZ;}:O In (1)

where lyinner 1S the signal associated with the winning neuron,
I, — associated signal of a neighboring neuron,
n — is the number of neighbors.

During SOM training, the winning neuron is selected. After that, the
signal associated with it is mapped to the signal received from the previous
block. Signal fragments are also updated in the same way as weights in the
Kohonen neural network are updated:

Inew =1 —t)*Ilyq+t*1, (2)
where | — is the input signal,
loig — signal - associated with this cell,
t —is a function that vanishes away from the winning neuron.

The proposed SOM block is attached to the CNN base blocks.

The architecture of the hybrid network. The convolutional network
contains the following base layers:

— convolution layer - (Conv) basic component of convolutional neural
networks;

— pooling layer - (Pool) to reduce the dimension of the input signal;

— activation layer - (Activation) to introduce nonlinearity into the
network;

— full connection layers (Dense) - for direct classification-usually used
in the last layers of the network.

In addition, support layers are used, for example, normalization layers
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(Norm), link exclusion layers, global pooling (Global pooling), uniting
layers (Concatenate) and others.

In this research, SOM was added to the traditional layers. Figure 2
shows the convolutional network block architectures: for the traditional
case (2a) and the two proposed architectures using the SOM block.
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Fig. 2 — convolutional network base unit: a) currently existing,
b) using the SOM block, c¢) using the SOM block with the previous
dimension reduction

The input signal is fed in parallel to the convolutional layer and the
SOM layer (Figure 1,b). After processing, the results are concatenated
(combined) and then fed to the next layers. The unit is the SOM
architecture (2,b), (2,c) applied starting from the second block from the
input layer of the SOM network. This is necessary for the first SOM
network to be signaled after the convolution layer. Otherwise, the input
signal will be almost unchanged throughout the network. Thus, in the first
(input) CNN block, the SOM layer is not applied.

Determining the optimal number of layers is a separate issue. To avoid
this, often use proven architectures such as ResNet34, ResNet50, VGG16
and others.

Because input signals, such as graphics, are noisy in applications, it is
necessary to reduce their impact on SOM operation. For this purpose, batch
normalization is used. Thus, the SOM layers will be less sensitive to noise
and changes in the amplitude of the input signal. If batch normalization is
used in the convolution block, the use of normalization before the SOM
layer is not required.

In the concept of convolutional networks has been widely used to
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reduce the dimension of the signal with a simultaneous increase in the
number of channels. The SOM layer must be used independently for each
channel. Since the neural network on the last layers often has many
channels, to save computational resources and memory on the lower layers
before the SOM block used convolution dimension 1*1, which reduces the
number of channels (Fig. 1, c). The block in Figure 2,b it would be
advisable to use if the number of channels is less than 8. Otherwise, it is
advisable to use a block with architecture 2.c.

Research results. To experimentally confirm the effectiveness of the
proposed method of embedding SOM in CNN, the following test issues
were solved:

— classification by diagnostic signal, which is set as a time series of
values of characteristic indicators;

— handwritten digit recognition on MNIST dataset.

For realization of the first issue the example on recognition of fitting
curves of the second order on similar fragments, upper halves of a circle, an
ellipse, a parabola is chosen. The problem is provided in [13]. The
characteristic signal is calculated by second-order fitting curve equations:
circle, ellipse, parabola. For each discrete value, a noise curvature in a
given range is randomly generated. Thus, the input signal is a list of
discrete values of the function. The data set consists of train and validation
samples, each containing 999 original examples: 333 examples for each
fitting curve. The length of the input signal vector is 100.

The test problem of recognition is solved on a dataset MNIST - a
database of handwritten digits. Every sample is represented as an image
with a scale of 28*28 pixels. The dataset also consists of train and
validation samples. Train one contains 60000 single-channel (black and
white) images, validation-10000. The task is to classify the numbers in the
current image.

2 neural networks were constructed for computational experiments.
The first one uses traditional convolutional ConvBlock blocks (Fig. 2,a), in
the second - the proposed convolutions using SOM - ConvSomBlock and
ConvSomReduce. Simple models were chosen for test neural networks. For
correctness of experimental set up both networks, both traditional and
modified, have identical architecture. The block and layer designations
match the descriptions provided when defining the hybrid network
architecture.

To solve the first issue, all convolutions were one-dimensional (1D),
and the SOM matrices were two — dimensional (2D), in the second issue,
respectively, 2D and 3D. In the experiments, the maximum number of
SOM channels was 4, 8, 16 and 32.
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Fig. 3. Network architectures: a) a convolutional network, b) hybrid
network

The accuracy metric in all experiments was the ratio of the number of
correctly defined classes to the total number of examples.
The results of the experiments are shown in Table 1.

Table 1.
Results of computational experiments
Network Number of SOM channels | Accuracy metric

The classification problem for time series
Convolutional - 0.9629
Hybrid 4 0.9709
Hybrid 8 0.9719
Hybrid 16 0.9709
Hybrid 32 0.9709

Image classification task

Convolutional - 0.9937
Hybrid 4 0.9945
Hybrid 8 0.9949
Hybrid 16 0.9948
Hybrid 32 0.9945

The results of the experiment proved that the proposed method of
modifying the signal network increases the accuracy of classification for
the problem of signal recognition over a time series in the range of 0.9629
to 0.9719; for the problem of image recognition — from 0.9937 to 0.9949.
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Conclusions.

1. A method of association of the self-organizing grid shape reflection
with fragments of the input signal for embedding the SOM block in a
hybrid convolutional neural network is proposed.

2. The architecture of hybrid convolutional network with SOM block
IS proposed.

3. The efficiency of the proposed method of convolutional network
modification is experimentally proved.

Prospects for further research are the improvement of SOM block
algorithms, in particular the implementation of vanishing depending on the
distance to the winning neuron, as well as the study of the influence of the
number of channels on the accuracy of classification for complex images.
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KITACU®PIKALIS OB'€EKTIB HA 3STOPTKOBUX MEPEZKAX 3
BUKOPUCTAHHSAM KAPT CAMOOPI'AHI3ALIIIL

[ITanmoBanosa C.I., Mockanenko 1O.B.

Knacugpixayia 06 'ckmie i npoyecie € po3noecioodieHow npukiaoHo
3a0auero. i  pose’sazammns, Hacamneped, NOmMpPIOHO 8  CUCMEMAX
a8mMoMamu4yHo20 OIlA2HOCMYBAHHSA, HANPUKIAO, OJil GUSHAYEHHS CHMAHY
pobomu 0061a0HAHHSL 3 OIACHOCIMUYHUM CUCHATIOM AOO0 BUSEIeHHS NAMON02il
3a MeOUYHUMU 3HIMKAMU. 3 DO3GUMKOM 320PMKOBUX HEUPOHHUX MEPENC
BIOKPUNUCH HOBI NePCneKmusU po38 si3antsa maxux 3aoay. OOHaK He 0/ 8Cix
BUNAOKIB 0IACHOCMYBAHHS OOCMAMHbLO MOYHOCHI Kiacugixayii, Ky MO’CHA
oocsiemu Ha yux mepexcax. lLle cmocyemwvcsa, Hanpukiao, c80EYACHO2O0
0lacHOCMYBAHHA NOYAMKY NepexioHux npoyecie. Boonouac inwiuill pizHO8UO
HEeUpoHHOI Mepexci — kapmu camoopearizayii Koxonena — maromo
KOHYenmyabHy G1acmusicms Ol HABYAHHS 34 HEBUIHAYEHON) MHONCUHOIO
Kaacie, moomo 0aromv MONCIUGICMb po38'a3yeamu maxy 3aoavy. Tomy
niosueHHss MmoYHocmi Kiacugixayii Ha ocnoasi 60yodyeants mepedic Koxonena
8 apximexkmypy 320pMKOGUX Mepedc € aKmyaabHolo 3adadero i Mae
NPAKMu4Hy 3HAYYUWICMb.

B cmammi nposedeno amaniz 3acobie niosuweHHss MOYHOCMI
320PMKOBUX HEUPOHHUX Mepedc ma po38 s3anHs npobiem, aKi npu Yoomy
BuHUKaromo. Taxodxc HasedeHi cnocoou m()euu;eHH;z uacmru KopeKnmoz
Kknacmepuzayii Ha mepexcax Koxonena 3a paxynox 3pocmanmus’ il pewdimxu
npu U3HA4eHHI HOBUX KaAcie 8 npoyeci naguanus. Came ys enacmugicms 0ae
MOJNCIUBICMb PO3NI3HABAHHS Nepexionux npoyecie. Busnaueno, wo icuyroui
piwienns noeoHanHs mepedxc Koxonena ma seopmrosux mepesic cnpamosani
Ha NiOBUWEHHS eeKMUBHOCI MITbKU KAPM Ccamoopeaizayii, momy ons
niOBUWEeHHT MOYHOCMI Kaacupixayii 320pmKoGUMU MePeNCAMU  BUHUKLA
HeoOXiOHicmb po3pobKku HO80I apximekmypu. B pobomi nasedeno ii onuc.
Ockinbku 6uxioHorw iHopmayicto mepedc Koxonena € mampuys 6a2o8ux
3HAYEHb HEUPOHI8 peuimku, 071 00pOOKU OIACHOCMUYHUX 3HIMKIE HEOOXIOHO
OY10 nos’s3amu ii 3 npedcmasienHaM 300padiceHv. B pobomi 3anpononosano
KoHYyenyito 80y0068an020 OIOKY acoyiamueHo20 MAcugy Hd OCHOBI Mepedic
Koxonena. 3a 3anpononosanum cnocobom po3pooieHo npoepammy peanizayiio
2ibpuonoi  HetipoHHoi mepedxci. Haseoeno nocmanosxy ma pe3yiomamu
00UUCTIIOBATILHUX eKCNepUMeHmis. Excnepumenmanvno 006€0eH0
eghekmusHicmy 3anpPoNnoOHOB8AHO20 CROCOD).

Knouosi  cnosa: 3eopmrkosi  netiponni  mepexci, CNN, kapmu
camoopeanizayii Koxonena, SOM, xnacughikayis cuenanis, xnacughikayis
300pasiceHd.
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KJIACCUDPUKAIIVS OBBEKTOB HA CBEPTOYHBIX CETSIX C
NCHOJBb30BAHUEM KAPT CAMOOPI'AHU3ALINHU

IITanoBanosa C.M., Mockanenko FO.B.

Knaccugpuxayus 00veKmos u npoyeccos A8/15emcsl
PACNPOCMPAHEHHOU NPUKIAOHOU 3adadel. Pewenue Oannoti 3a0auu
HeoOX00UMOo OJisl Cucmem asmoMamuieckou OUacHOCMUKY, Hanpumep, OJis
onpeoenenuss  COCMoOsiHUsA ~ pabomel  000py008anusi, Ol  AHAIU3A
OUACHOCMUYECKUX CUSHANI08, UMW OJisl BbIABNEHUs NAMON02ULL HA OCHOGE
MeOUYUHCKUX CHUMKOS. OQOHAKO OAHHBIL Memoo nooxooum He O 6cex
3a0a4 OUACHOCMUKU, NOCKOJIbKY 8 OAHHbLIX CemsX HeBO3MONCHO O0CMUYb
mpebyemoti mounocmu. B nepgyro ouepedb 3mo Kacaemcs c80e8peMeHHOll
OUACHOCMUKY HAYana NepexooHbix npoyeccos. B mo owce epems opyeas
PA3HOBUOHOCMb HEUPOHHOU cemu — Kapmol camoopeanuzayuu Koxonena
SOM (self-organizing map) wumerom KoHyenmyanvhoe CE0UCMEO OJis
00yUeHUs HA HeonpeOdeléHHOM MHOMCecmee KIacco8, U MmaKum 00pazom
0am B603MOJNCHOCMb peuwums makxyro 3adavy. I[losmomy, nosvlutenue
MmoyHoCMU Klaccugukayuu Ha ocHose ecmpausauusi cemeti Koxomnena 6
ApXUMexKmypy C8EPMOUHbLIX cemell AGIAeMcs aKmyaibHoU 3a0adell U umeem
NpaKmu4eckoe sHaueHue.

B cmamve nposedén amnanuz cnocob6os nosvliienuss MOYHOCMU
CBEPMOUHBIX HEUPOHHBIX Cemell, a Maxdce peuleHue BO03HUKAIOUWUX Npu
smom npobrem. CoomeemcmeeHHo, Npusedenbl CnoCoObl NOBbIUEHUSL 00U
KoppekmHuou Kiacmepuzayuu Ha cemsx Koxoumena 3a cuém «gospacmanusiy
e€ pewlémku 8 npoyecce onpeoesieHusl HO8bIX K1ACCO8 80 8peMsi 00yUeHUsL.
Hmenno smo ceoticmeo Oenaem BO3MONCHbIM PACNO3ZHABAHUE NEPEeXOOHbIX
npoyeccos. OnpedeneHo, 4mo cywjecmsyroujue peuerus o0beOUHeHUs.
cemetl Koxomena u ceépmouHvlx cemell HANPAGieHbl HA NOBbIUUEHUE
aghghexmusnocmu  MoabKO Kapm camoopeanusayuu, 66udy 5mozo OJis
NOBLIUWEHUSL MOYHOCMU — KIACCUPUKAYUU — CEBEPMOYHBIMU — HEUPOHHbLMU
cemsaMu B803HUKIIA HeOoOX0OUMOCMb pa3pabomams HOBYIO apxumexkmypy. B
pabome npusedeno ee onucanue. IlockonvbKy 6vIX0OHOU uHGOpMayuerl
cemeu Koxonena sensemcs mampuya 6eco8blx 3HAYEHUU HEUPOHO8
pewémku, 051 00pabomKu OUAZHOCMUYECKUX U300padcenuil eé HeobXo0ouMo
ces3amu ¢ npeocmasienuem uzoopadicenuti. B pabome npeodnodceno
KOHYenyuio 6CmpoeHHo2o D10Kka namsamu Ha ocHose cemeli Koxonena.

Coenacro npeonodiceHHomy cnocoby papabomano npocPaAMMHyIO
peanuzayuio 2UOPUOHOU HeupouHol cemu. Ilpusedeno nocmanosky u
pe3yibmamol  BbIYUCIUMENbHBIX — IKCNEPUMEHMO8.  DKCnepuMeHmaibHo
00KA3AHO 3HeKMUBHOCTIb NPEONONCEHHO020 CROCOOA.

Knrouesvie cnosa: ceepmounvie netiponnvie cemu, CNN, xkapmuol
camoopeanuzayuu  Koxomena, = SOM,  knaccugukayus  cueHanos,
Kaaccugurayus u300paxceHul.



