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RECOGNITION OF THE TEXT BY MEANS OF DEEP LEARNING
Nurmukhanov T.A. %, Daribayev B.S. *
!AL-Farabi Kazakh National University, Almaty, Kazakhstan

Abstract

Using neural networks, various variations of the classification of objects can be performed. Neural networks are used
in many areas of recognition. A big area in this area is text recognition. The paper considers the optimal way to build a
network for text recognition, the use of optimal methods for activation functions, and optimizers. Also, the article checked
the correctness of text recognition with different optimization methods.

This article is devoted to the analysis of convolutional neural networks. In the article, a convolutional neural network
model will be trained with a teacher. Teaching with a teacher is a type of training for neural networks in which you
provide the input data and the desired result, that is, the student looking at the input data will understand that you need to
strive for the result that was provided to him.

Keywords: neural network, deep learning, machine learning.

Annomayus
T.A. Hypmyxanoe', B.C. Japubaes*
Kaszaxckuii Hayuonanonvui Yuueepcumem um. ano-Papabu, 2. Anmamer, Kazaxcman
PACITIO3HABAHME TEKCTA IIPU ITIOMOIINX METOJ1OB I''IYBOKOI'O OBYUEHUS

[Ipu moMom HEHPOHHBIX CETEH MOYKHO BBHITIOJTHUTH pa3HbIe BapHalny Kiaccupukanuu oosekToB. HelipoHHBIE ceTi
MIPUMEHSETCS BO MHOTHUX 00JIacTsAX pacro3HaBaHUs. bobInoit 00macTeio B 3TOH cepe sBIsgeTCs pacrio3HaBaHHUE TEKCTa.
B pabote paccMmaTpuBaeTCcs ONTHUMANBHBIN CIIOCOO TOCTPOCHWE CETH Ui PACIO3HABAHHS TEKCTa, MPUMEHCHHIO
ONTHUMAIIFHBIX METOJIOB IJISl aKTUBAIIMOHHBIX (DYHKIUH, H ONTHMH3AaTOPOB. Takke B CTaThe MPOBEPHIIN KOPPEKTHOCTH
pacno3HaBaHUs TEKCTA [P Pa3HbIX METOJIaX ONTHUMH3ALIH.

JlaHHas cTaThs OCBELICHA AHAJIM3Y CBEPTOYHBIX HEMPOHHBIX CETEH. B CTaThe MOJIENIb CBEPTOUHBIX HEHPOHHBIX CETEH
Oynetr oOyuyaTbcs ¢ yuureneM. OOy4eHHE C yYUTEIEM — 3TO THII OOYyYCHHs] HEHPOHHBIX CETeii B KOTOPOM BBI
MIPEOCTaBIIsAeTe BXOHbIE JaHHBIE U XKelaeMbIil pe3yabTaT, TO €CTh YYCeHHK [TOCMOTPEB HA BXOJHBIC JaHHbBIE MOWMET,
YTO HY)KHO CTPEMHUTHCA K TOMY Pe3yJIbTaTy KOTOPBIM eMy IMPeJOCTaBHIIN.

KutioueBble cjloBa: HEWPOHHBIE CETH, TTy0OKOe 00ydeHre, MalIMHHOE 00Y4YeHHE.

Anoamna
T.A. Hypmyxanoe', B.C. lapubaes*
Yano-@apabu amvindazer Kasax ¥immotx Yuueepcumemi, Anmamel k., Kazaxcman
TEPEH OKBITY 9AICTEPI APKbLJIBI MOTIHAI TAHY

HeiipoHapik sxesiiepi KoJiJaHa OTHIPBIN, OOBEKTUIEPAl KIKTEYIIH OpPTYPil BapHalMsIapblH OpbIHIAyFa OOJaibl.
HeiipoHIplK >keliiep TaHYIbIH KONTEreH CalachlHIa KOJIaHbUIaAbl. bysl camajarbl YJIKEH OarblT - MOTIHII TaHYy.
Makasajja MOTIH/Ii TaHy YIiH XKeTiHI KYPY/bIH OHTaHIIbI TSC1I, aKTUBTEHAIPY QYHKIUSIIAPHl MEH ONTUMHU3ATOpIIAp YILiH
OHTAMJIBI dAiCTEep/Il KOJaHy KapacTbipbuiraH. COHbIMEH KaTtap, Makaja op TYpJii OHTailsIlaHJbIpy o/iCTepiMEeH MOTiHi
TaHy/bIH TYPBICTBIFBIH TeKCepi. byl Makana KOHCOMOIMSIIBIK HEHPOH/IBIK JKeNijIepli Tajiayra apHainraH. Makanana
MYFaTIMHIH KOMETIMEH HEHPOH/IBIK KYHECIHIH YHIPTKI MO/l OKBIThUIAABI. MyFaiMMeH cabak Oepy - OyJ1 HeHPOHIBIK
JKeJiepre apHaJFaH OKBITY TYpi, OHIA Ci3 €HTI3UIreH MANIMETTEepHi JKOHEe KallaFaH HOTIDKEHI Oepeci3, sSFHU Kipic
JIepeKTEepiH Kapall )KaTKaH CTYJICHT Ci3 OFaH OepUIreH HOTIKETe YMTBUIYBIHBI3 KEPEK CKCHIH TYCIHE 1.

Tyiiin ce3aep: HEHPOHBI KeJliiep, TEPEH OKBITY, MAIIMHAIBIK OKBITY.

Introduction

Today, machine learning is actively used to recognize images and objects, and many search engines are
built on its basis. One of the most common pattern recognition tasks is text recognition. Despite the large
number of different programs designed for text recognition, the relevance of developing new software tools
does not decrease. Text is an excellent means of communication and documentation. It remains the most
effective and easiest way to express a person’s thoughts. During the rise of the computer era, when using
scanned text in computers, it was less convenient to use these documents on an industrial scale, but with the
development of information technologies and devices, as well as the beginning of the digitalization of
documents, it became an urgent task to convert scanned text to computer-readable data task for today.

The active development of machine learning has led to the proliferation of artificial neural networks. One
of the most effective types of artificial neural networks for text recognition is the convolutional neural network.
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The operation of a convolutional neural network is usually interpreted as a transition from specific features of
the image to more abstract details, and then to even more abstract details, up to highlighting concepts of a high
level. Despite their large size, these networks have a small number of configurable parameters. This article
will examine convolutional neural networks for text recognition.

Research in the field of text recognition has been going on for a very long time. For example, in 1993, the
text recognition technology of the Russian company ABBY'Y was released. On its basis, a number of corporate
solutions and programs for mass users have been created. In particular, ABBYY FineReader, a program for
recognizing texts, applications for recognizing text information from mobile devices, ABBYY FlexiCapture
[1], a system for streaming input of documents and data.

Convolutional neural networks are used to implement such tasks. Using this technology allows you to
recognize text with very high accuracy. For example, network can recognize handwritten text that Priya
Dwivedi [2] implemented in English. The article will consider the main stages in the construction of a neural
network for text recognition.

Introduction

To test the developed system, a database was used containing various styles of English letters and their
corresponding labels. For the training of the network, 370000 images were used, of which 279337 images were
used as a training sample and 93113 images as a test one. The size of each image is 28x28 pixels. Each pixel
is encoded by a number in the interval [O; 1], where O corresponds to black and white to 1.

2 &
UV &

T

Figure 1. Picture of educating for letter u

Image pre-processing is necessary to achieve maximum system recognition accuracy. Thus, the resulting
neural network will be invariant to minor distortions such as noise, rotation and scaling.

Simple image distortions such as shift, rotation and angular displacement can be eliminated by applying
simple affine transformations. Also, to improve the quality of the neural network, the images supplied to the
input were additionally averaged.

This approach allows you to get a network, the training of which was carried out using a different set of
images for each era.

Description of neural networks

A convolutional neural network model containing 3 layers was implemented and used in the work. Network
training took place over 20 eras. In this article, a convolutional network was chosen for 2 reasons:

+ Using common weights for each layer reduces the number of customizable parameters.

» Greater accuracy on validation data.

For clarity, it is necessary to compare convolutional neural networks with multilayer perceptrons.

A multilayer perceptron consists of an input, hidden (their number varies from 1 to several tens), an output
layer (Fig. 2).

: — Output Layer
Input Layer Hidden Layer

X8 W w
’ \ 7 = 7
= S
. S

= % \\.\:\.
o @

X ; w
Figure 2. Structure of neural network

The connecting strands of neurons are called synapses, which have their own weight coefficients. In the
field of machine learning, weight coefficients are marked with the letter “w”, and “x” is the input data that is
transmitted to the first layer. In order to transmit data for the input layer, in each previous layer, neurons must
perform several operations and transfer data to the last layer.
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Accordingly, each neuron is 1 pixel of the picture. If we multiply the width of 28px by the height of 28px,
we get the value 784. The input layer would have 784 neurons and since each neuron in each layer would be
connected, the naya would have many weight coefficients. This is not profitable since it would require a large
amount of resources.

Convolutional neural networks are limited by the number of weight coefficients. And this has become the
main reason for the success of convolutional neural networks in the recognition of pictures, audio, video, etc.
Since the letters in the network are a 28x28 matrix (tensors), this method was used for training in this model.
The main difference between a fully connected layer and a convolutional layer is that convolutional neural
networks study local patterns in the space of input features, while multilayer perceptrons study global patterns.

The picture with letters is a picture of only one channel (28x28x1). The input layer reads a two-dimensional
image topology and consists of one matrix (map), there can be one map, if the image is presented in shades of
gray, otherwise there are 3 of them, where each map corresponds to an image with a specific channel (red,
green, blue) .

The input data of each specific pixel value is normalized in the range from 0 to 1, according to this formula:

f (p, min, max) = ﬂ
max— min

where,
f —normalization function.
p — specific color value in pixels from 0 to 255.
min — minimum pixel value — 0.
max — maximum pixel value — 255.

Convolution is applied to three-dimensional tensors, called feature maps, with a depth axis (channel axis), and
with two space axes (height and width). For black and white images, the depth axis has one dimension (shades
of gray). The folding operation extracts patterns from its input feature map and applies the same
transformations to all patterns, producing an output feature map. The size of the output map can be calculated
using the formula:

(w,h) =mW —kW +1,mH —kH +1
where,
(w, h) — calculated convolution card size.
mW — width of previous map.
hW —height of previous map.
kW — core width.
kH — core height.

The core is a filter that glides over the entire area of the previous map and finds certain signs of objects.
Since the network was trained on many letters in order to recognize the text, then one core in the learning
process could give the largest signal in a certain area.

The kernel glides over the previous map, performs a convolution operation, and transfers the value to the
activation function, then, feature maps are created (new matrix), formula:

(f*g)Imn]=%k | fIm—-k,n-1]*glk,1]
where,

f — source image matrix.
g — convolution core.

Methods

In this article, three activation functions Relu, Elu, Tanh were compared and used. For hidden layers of the
perceptron, these three functions were also used, and the Sigmoid function was used on the output layer.
Having performed the activation function, the resulting matrix is transferred to the subsample layer. The
purpose of the layer is to reduce the dimension of the maps of the previous layer.

If some signs were already detected in the previous convolution operation, then such a detailed image is no
longer needed for further processing, and it is compressed to a less detailed one. By the way, filtering out
already unnecessary details helps not to retrain.
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During the scanning process by the filter of the card of the previous layer, the scanning cores do not
intersect, unlike the convolution layer. Each card has a core size of 2x2, which allows you to reduce the

previous card convolution layer by 2 times.
After reducing the size, the reduced image size is transmitted without losing important data to the input of

the multilayer perceptron.
After receiving the vector data, training is performed. The task of training is to reduce the function of loss.

This is implemented using the backpropagation method.
The first step is to find errors by the formula:
E=(d-y)°

where,
d — expected result.

y — output.

The output is calculated by using the Sigmoid activation function. The sigmoid is expressed by the formula:

rs) 1+e >
where,
n
S= > X.*w.
iZq i
n — number of neurons.
Relu

f (s) = max(0,s)

Relu activation function.
The function displays 0 if the value passed to the function is s <0, and if s>0 returns the same value.

Elu
f (s) = (s,alpha =1.0)

Elu activation function.
The function displays s if the value passed to the function is s> 0, and if s <0 returns: alpha*e® —1.

Tanh
e’ —e®
f(s)=——
) e’ +e®
Tanh activation function.
Results
The most inefficient network in this article is the network where the Tanh activation function was used.
The accuracy of this network on verification data is 99.00%, and on training data 99.23%. The loss of this

network is 0.023.

Model loss madel accuracy
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Figure 3. a) Losses on training and verification data. b) Accuracy on training and verification data.
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The average network in this article is the network where the Elu activation function was used. The accuracy
of this network on verification data is 99.29%, and on training data 99.50%. The loss of this network is 0.0147

maodel accuracy

Modsl loss
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Epoch epoch
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a)
Figure 4. a) Losses on training and verification data. b) Accuracy on training and verification data.

The most effective network in this article is the network where the Relu activation function was used. The
accuracy of this network on verification data is 99.38%, and on training data 99.63%. The loss of this network
is 0.0107.

model accuracy
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Figure 5. a) Losses on training and verification data. b) Accuracy on training and verification data.

Discussion
During training, the network faced retraining. This means that the network ceases to correctly recognize

verification data due to incorrect memorization of patterns.
We solved the problem with retraining the network by selecting the optimal number of layers and eras.
Retraining is a common problem for neural networks. Due to the fact that the network begins to memorize

training data, the network will begin to learn excessively. The method that is used to prevent overfitting is
called the regulatory method.

Conclusion
During the study, the recognition accuracy of letters was achieved over 99% on the validating data. Three

types of activation functions are compared and their accuracy is shown.
The above approach to automatic recognition of letters can be effectively applied in various text recognition

systems.
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HUCCJIEJOBAHUE AUHAMUKU CITPOCA HA KPEJUTOBAHUE ®U3UYECKUX JINL]
CIIOMOIIbIO MHCTPYMEHTOB A3bIKA R

AnHomayus

B craTpe mpoBoaUTCS MCCIEIOBaHNE OLCHKH CIIpoca (PU3MYCSCKUX JIUI] Ha YCIYTH KPEIUTOBAHUS, TIPEIOCTaBIIsICMbIC
O6aHKaMu BTOpOro ypoBHA B Pecrrybnmke Kazaxcran. McTournkoM MH(QOpMAIIH TOCTYKIIT TOPTAJl OTKPBITHIX JaHHBIX
HammonanmsHoro Ganka PecmyOnmmkm Kazaxcran. CTaTHCTHYSCKUM HHCTPYMEHTOM WCCIICIOBAHUS BEIOpaH aHAIH3
BPEMEHHBIX PSIOB, BHIIOJHCHHBIA CPEICTBAMH, IIPEIOCTABIICMBIMH S3BIKOM CTATHCTHIECKOW 00paboTku maHHBIX R.
BriBoAbI, clienaHHble HA OCHOBAaHUM MPUBENIEHHBIX JAHHBIX, JOKA3bIBAIOT, UTO Cpelia MPorpaMMUpOBaHus R nMeer Bce
BO3MOXHOCTH Ui OBICTPOTO, MPOCTOTO M HATTSAHOTO aHalu3a BpPEMEHHBIX PSAOB TPU  HCIOJb30BAHUU
CICIMATM3UPOBAHHBIX TAKETOB, B TOM unciie nakeTa forecast. [Iporao3upoBaHue BpEeMEHHBIX PSIIOB MPOBECHO METOI0M
SKCIIOHEHIIMATILHOTO CTJIaKMBaHUA. TpeHpl, OOHapy)KEHHbIE B pslaxX Uil Pa3IdYHBIX BHIOB IOTPEOUTENHCKOTO
KPEMTOBAHUSI, MOKA3BIBAIOT OOIIYIO TEHICHITHIO K HECTAOMIBHOCTH M HEKOTOPOMY CHIDKEHHIO CIIPOCca Ha IAHHBIN BUJT YCIIYT.

KaroueBble cioBa: mMoTpeOUTENBCKOE KPEIUTOBAHKE, MIIOTEYHOE KPEAWTOBAHUE, NIPOTHO3UPOBAHNE, BPEMCHHBIC
psmbl, makeT forecast, si3pIK R.

Anoamna
E.I'. Hegeposa
NARHOZ ynugepcumemi, Anmamut k., Kazaxcman
R TUIAIK KYPAJIJAP/bI KOJIJAHA OTBIPBII ) KEKE TYJIFAJIAPJAbI HECUEJIEYTE
CYPAHBIC JMHAMMUKACBIH 3EPTTEY

Makanana sxeke TywanapapiH KasakcraH PecnyOnmkacklHAaFbl eKiHINI JEHreilyli OaHKTep YCBIHATHIH HECHENiK
KBI3METTEpre JIereH CYPaHbICHI 3epTTeNreH. AKnapar ke3i - Kazakcran PecriyOirkackl ¥ n1TThIK BaHKiHIH allbIK gepexTep
noptansl. CTaTHCTHKAIBIK 3€PTTeY Kypasibl CTaTHCTHKAJIBIK MAJIIMETTEp/l OHJACY/IH TiiHIe OepiireH KypajlapMeH
OpBIHJQJIFAH YaKbITTHl TalJaylabl TaHIAaWAbl. ¥CHIHBUIFAH MAJIIMETTEpre Heri3ielreH TYXblppiMaamaiap R
Oarjapiamaray oprachkl MaMaHIaHABIPBUIFAH MAKeTTep 1l Naijanany Ke3iH/e yakbIT KaTapiapblH KblU11aM, KaparnaibiM
JKOHE aHBIK TajjaayFa, 00JhKaM MaKeTiH Koca aliFaH/a. Y akbIT KaTapaapbhiH 00JKay SKCIIOHEHIHAIIBI TETICTEY 9/IiCiMEeH
XKy3ere achlpbuiaibl. TYTHIHYIIBUIBIK HECHEJICYIiH SpTYpii TYPJEpiHiH KaTapblHIa KaJbIITACKAH TeHJISHUIHUsIIAp
TYPaKChI3IBIKTBIH Kbl TEHICHIMSICHIH J)KOHE OChI KbI3MET TYPiHE CYPaHBICTBIH a3/1all TOMEH/IEYiH KOpCeTeIi.

Tyiiin ce31ep: TYTHIHYLIBUIBIK HECUETICY, HIIOTEKANIBIK HecHeney, 0ouKay, yakbIT cepusichl, forecast makeri, R Tii.

Abstract
RESEARCH OF DYNAMICS OF DEMAND FOR LOANING OF INDIVIDUALS
BY USING LANGUAGE INSTRUMENTS R
Neverova Ye.G.
NARHOZ University, Almaty, Kazakhstan

The article studies the assessment of the demand of individuals for lending services provided by second-tier banks in
the Republic of Kazakhstan. The information source was the open data portal of the National Bank of the Republic of
Kazakhstan. The statistical research tool selected time series analysis performed by the tools provided by the statistical
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