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IMPLEMENTING DOCUMENT CLASSIFICATION
IN PYTHON AND EVALUATING RESULTS

In our article, we will cover general information about machine
learning, its main types, as well as the most important libraries for
machine learning in Python. Machine learning is one of the main methods
for demonstrating data science in general. In machine learning, the
computational and algorithmic capabilities of data science are combined
with approaches, and the result is a set of data mining approaches, mainly
related to the efficiency and theory of computation. Document classification
plays an important role in the archiving department, they classify pre-
defined documents and store them in a digital archive. Relevance of the
topic In digital archives, document classification is an important process
for many document preservation organizations. In the course of the study, a
technology for testing the use of deep learning algorithms is being created.
Deep learning, i.e. deep structured learning, is part of a broad group of
machine learning methods based on artificial neural networks. Learning
cannot be controlled, partially controlled or controlled.

Keywords: Machine learning, Artificial neural networks, Python,
Scikit-learn, Keras, TensorFlow.

Introduction

«Machine learningy this term sometimes effectively solves all data problems.
Although the possibilities of these methods are enormous, they must be used
effectively. Machine learning is often considered part of the field of artificial
intelligence. The program is trained on real data and can then be used to predict
and understand various aspects of the data from new observations. At a basic level,
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machine learning can be viewed in two main ways. Machine learning with the help
of a teacher called be Supervised learning, without the help of a teacher machine
learning called be Unsupervised learning. Machine learning for teachers involves
modeling data labels and corresponding labels. Once a model is selected, it can
be used to label new, previously unknown data. It is divided into classification
and regression tasks. In classification, labels are discrete categories, while in
regression they are continuous variables. Untrained machine learning involves
modeling the features of a dataset without any features. These models include
tasks such as clustering and dimensionality reduction. Clustering algorithms are
used to extract individual groups of data, while reduction algorithms are designed
to find compressed representations of data. There are partial teaching methods that
combine the advantages and disadvantages of the two original methods.

Deep learning, i.e. deep structured learning, is part of a broad group of
machine learning methods based on artificial neural networks. Learning cannot
be supervised, partially supervised or supervised [1].

Document classification is an important task in the office, which is designed
to classify pre-defined documents and store them in a digital archive. Document
classification is an important process for many organizations when storing digital
documents. In the course of the study, a technology for testing the use of Deep
learning algorithms is being created.

If we consider the stages of classification on three grounds, according to the
location of documents, analysis of textual information, content [2].

When classifying our documents, textual and visual are divided. NLP is used
in sentiment analysis to analyze words and phrases in research [3].

Currently, deep learning convolutional neural networks are becoming a
powerful tool for recognizing CNN layers.

This research focuses on the use of deep learning for document classification.
In this study, a complex classification and compilation of documents is performed.
In CNN deep learning, eight pre-trained layers prepared by ImageNet are trained
from scratch on a dataset and then trained and classified to train the CNN.

This study examined the effect of image types on the accuracy of deep
learning and transfer learning, as well as the effect of image types on crack level
classification. The results show that the CNN models have the highest accuracy
on the pooled image during deep zero training. In deep learning methods,
Convolutional Neural Networks are known to use CNNs for computer tasks. The
role of CNN in image classification is huge, it is modern and competitive, effective
for complex work [4].

Unlike video analysis methods, CNN does not require manual generation of
rules and automatically extracts multilevel features [5].
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Materials and methods

Python is an object-oriented language with multiple inheritance. We can
say that Python supports the classic OO model with some peculiarities. Classes
in Python can have static variables that are common to all instances of the class,
but cannot have static methods. All methods are class instances.

The Python programming language appeared in 1991 and quickly gained
popularity and became a recognized language for machine learning. It is
characterized by the ease of use of high-level programming languages. Learn how
to load and visualize data, perform statistical calculations, process images, and
more in Python. There are libraries for Let’s take a closer look at the most popular
Python machine learning libraries: Scikit-learn, PyTorch, Caffe, TensorFlow, Keras,
OpenCV and TensorFlow [6].

Scikit-learn is one of the oldest and once popular libraries for training
neural networks. It was created in 2007 and is still a reliable tool in areas such as
classification, regression, clustering, modeling.

Keras is an open source library written in Python for interacting with artificial
neural networks.

Basic principles of the scikit-learn library’s statistical evaluation API:

- uniformity lies in the fact that all objects have the same interface and are
based on a limited set of methods;

- visibility of the given values of control parameters as public attributes;

- limited object hierarchy, Python language classes are used only for
algorithms, data sets are presented in standard formats;

- the integration of many machine learning problems can be expressed as a
sequence of low-level algorithms;

- sensible values sets appropriate initial values for option templates required by
the library. In practice, these principles make learning the Scikit-learn library easier.

Often, using the Scikit-learn Statistical Estimation API involves the following
steps: a model class is selected by importing the appropriate class from the Scikit-
learn library; select the hyperparameters of the model by creating an instance of
this class with the appropriate values; put data into feature matrix and target vector;
train the model on your data; applying the model to new data.

TensorFlow - is currently the most popular machine learning library, meaning
it is a very useful library for our work. It has a simple intuitive interface that
facilitates the implementation of neural networks, is ideal for developing complex
projects such as building multi-layer neural networks, and its training methods
are constantly being improved. Let’s take a closer look at the architecture of the
TensorFlow library. It works with a static calculation schedule. First, the graph is
set, then the calculations begin, if necessary, changes are made to the architecture
and the model is retrained. This approach was chosen for reasons of efficiency, but
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many modern machine learning tools are able to take into account changes in the
learning process without a significant loss in speed. The TensorFlow library can
be used to perform numerical calculations. In this library, these calculations are
done using graphs called data flow. In these graphs, the vertices are mathematical
operations, and the edges are data, usually represented as multidimensional arrays
or tensors connected by these edges. The name «TensorFlow» comes from artificial
neural network computations with multidimensional data and tensors, literally
«tensor flow». Tensors are the core objects in TensorFlow and are implemented
as n-dimensional arrays of data that allow you to represent data in complex
dimensions. Each dimension can be thought of as a separate label [7].

Our documents are saved to disk. In our study, 6 classes were identified and
supplemented.

Picture 1 —The number of classes of our work is planned, at the moment 6
classes have been recruited.

Picture 2 — Registration of diplomas of higher education
issued in an individual name
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The existing algorithms and strategies of the classification task allow to reduce
the error in half of the document image [8].Let’s take a look at our exploration of
these collected documents using the Python programming language. Let’s write a
function that calculates the confidence level of the scanned text, further illustrating
our work in the Python programming language:AlexNet is a convolutional neural
network that has greatly influenced the development of computer vision machine
learning algorithms. In 2012, The Big Network won the IMAGENET Isvrc-2012
image recognition competition (15.3 % error rate, 26.2 % runner-up). The
architecture of AlexNet is similar to the LeNet network created by Yann LeCum.
However, AlexNet has many per-layer filters and built-in convolutional layers. The
network includes summation, maximum pooling, collapse, data pooling, ReLU
activation functions, and stochastic gradient descent.
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Picture 3 - mage recognition

Features of AlexNet. Relu is used instead of the arc tangent as an activation
to add non-linearities to the model. Due to this, the speed is 6 times higher than
the accuracy of the method.

Results and discussion

Using a drip instead of a corrector solves the problem of retraining. However,
the reading time is doubled with a drop rate of 0.5.

Unions are closed to reduce the size of the network. Due to this, the error rate
at the first and fifth levels will decrease to 0.4 percent and 0.3 percent, respectively.

A convolutional neural network (CNN) differs from the other two models
in that each layer in a CNN has a known convolution operation, hence the name
«convolutional» neural network. The weights in CNNs are distributed among
neurons, similar to the communication patterns between neurons in the animal
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visual cortex, which was apparently a network inspired by a biological process.
Typically, the results of multiple convolutional layers used sequentially in a CNN
are reduced with a pooling layer to speed up the process. Thus, a maximum pooling
layer or a global pooling layer is often added after the convolutional layers.

The results obtained using various deep learning methods and simple machine
learning methods are compared. It also includes a comparative analysis of the
effectiveness of various submission methods.

Switch to the main function: image scanning;:

Picture 4 —The process of checking the documents we have collected

Picture 5— Lists of students are shown.
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It was then extended to the complex task of generating features (signatures)
for image classification, often constructed as a combination of CNN and LSTM [9].
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Picture 7-The result of our created program
The next step.
Mo [13] transfors « transforas.Cospose{]

transforms, ToPILImage(),
transforms. Rasize(slaea(228,224)),
transforas. TeTeasor{),

Picture 8—Stage of digitalization
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Unlike video analysis methods, CNN does not require manual classification
of documents and can automatically extract the required features of the layers [10].
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Picture 9 — Stage of digitalization

The above will do the following:

— Scans an image buffer or image file.

— Pre-processes the image.

— Starts the Tesseract engine with predefined options.

- Calculates the confidence level of the received image content.

— Draws a green bar around readable text elements with a confidence score
greater than 30.

— Search for specific text in captured image content.

— Highlights or edits found matches with the search text.

— Readable text fields, displays a window with selected or edited text.

— Creates the text content of an image.

— Prints a summary to the console.

So, one of the most popular tools for machine learning is Python. In our study,
the Python programming language allows us to work with many machine learning
libraries such as Scikit-learn, PyTorch, Caffe, TensorFlow, OpenCV.

Conclusions

It must be said that machine learning has become an integral part of our lives,
from medical diagnosis to subsequent treatment and social networking. One of
the most popular machine learning tools is Python, which combines power and
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ease of use. It allows you to work with many machine learning libraries such as
Scikit-learn, PyTorch, Caffe, TensorFlow, OpenCV.
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PYTHON BAFJAPJIAMACBIHIA KYXKATTAP/bI
KIIACCUOUKAINIUAIAYABIH KY3EI'E ACBIPBLITIYbI
/KOHE HOTU/XKEJIEPAIH BAFAJTAHYbBI

bi30iy ocymubicoimbl30a MAUWUHALBIK OKbIMY MYPATbl HCAANb
Monimemmep, OHbIH He2i3el myprepi, coHoau-ax Python mininoe MawuHablx
OKblmYy2a apHai2au ey Maubiz0bl KIManxamaiap Kapacmuipblidobl.
Mawunanvix oxbimy — Oyn Jcannvl 0epexmep 2uLiblMblH KOPCemyOin
Hezizel 9dicmepdiy Oipi 6onvin mabwiiadsl. Mawunanvlk oKbimyoa
Oepekmep 2blIbIMbIHbIY eCenmey JHCoHe ANeOPUMMOIK MYMKIHOIKMepiH
macinoepmern OIPIKMIPinin, HOMuCeci Heei3iHeH MUIMOLIIK NeH ecenmey
meopusicoiMen batianvicmel depexmepoi 3epmmey MOCiiOepiHiy
orcuvtnmotewl. Kyoicammapowr sicikmey apxue 06aiMiHOe MaHvl30bl POl
amkapaovl, 01ap andbIH-AIAd AHLIKMATZAH KYHCAmmapobl HCiKMen JHcoHe
yupprvik mypazamma cakmatiovl. Taxeipbinmuly o3ekminici yuppavly
Mypazammapoa KOnmezen Kyicammapovl cakmay yublmoapvl yulin
Kyolcammapobl Jicikmey Manvl30bl npoyecc 00abin mabwvliadsl. 3epmmey
bapvicoinoa Deep Learning ancopummoepin KorOanyovl 0aMblmy
mexHono2usChl dcacaraovl. Tepey okvimy, seHu mepey KypblibLMObIK
OKbIMY — OYJ1 HCACAHObL HEUPOHOBIK JHCeNiiepee He2i30e2eH MAUUHATbIK,
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OKbIMY d0ICmepIHiK Key moObikblH Oenici 6obin mabdwliaowl. OKbimyosl
bakvirayea, iwminapa baxpliayea Hemece 6axvliayaa 60amMaiob.

Kinmmi ce30ep: Mauunanvix 0Kbimy, s#cacanobl HeUPOHObIK Jceiep,
Python, Scikit-learn, Keras, TensorFlow.
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3CtaMOyIbCKUI TEXHHUCCKUI YHHBEPCHUTET,

Typernkas PecryOnuka, r. CtamOyiL

Material received on 13.03.23

BHEJAPEHUE KIIACCUOPUKAIIMU JOKYMEHTOB
B PYTHON U OHEHKA PE3YJIbTATOB

B naweti cmamue mvl paccmompum 06110 uHGOpMayuio 0 MaUHHOM
00YUueHU, €20 OCHOBHBIX BUOAX, A MAKINHCE CAMBIX BANCHBIX OUOIUOMEKAX
05l MauuHHo20 0byuenus 6 Python. Mawunnoe obyuenue — 00uH u3
OCHOBHBIX MEMOO08 OeMOHCMPAYUU HAYKU O OAHHBIX 6 YeloM. B MawuHHOM
00YUEHUY BLINUCTUMENbHBLE U ANCOPUMMULECKUE 603MONCHOCHIU HAYKU O
OAHHBIX COMEMAlOMCst ¢ NOOX00aMU, U 6 pe3yibmame noIy4aemcs Habop
n00X0008 K UHMELIEKMYANbHOMY AHANU3Y OAHHBIX, 8 OCHOGHOM CEI3AHHbIX
¢ agghexmusrocmuio u meopueil svryucieruil. Knaccughuxayusi doxymenmos
uepaem 8AaNCHYI0 PONb 6 APXUBHOM OMOeNe, OHU KIACCUDUYUPYOm
3aparee onpeoeieHHble OOKYMEHMbl U XPAHAM UX 6 YUupposom apxuee.
Axmyanvrocms memvl B yugposwix apxueax knaccugpuxayus 0oKyMeHmog
AGNACTCSL BANCHBIM NPOYECCOM OI5i MHOSUX OP2AHUZAYUTL O COXPAHEHUIO
00KYMeHmOo8. B x00e uccie008anus co30aemcs MmexHON02UsL MeCupOSanUsL
UCNONIb308AHUSL ANIZOPUMMO8 2T1y00K020 0byuenus. Inyboxoe obyuenue,
mo ecmb 21y60Koe CMPYKMypupo8anHoe obyueHue, AGIAEmCcs Yacmbio
WUPOKOU 2PYRNbl MEMO00068 MAWMUHHO20 00VUeHUs, OCHOGAHHBIX HA
UCKYCCMBEHHBIX HEUpOHHBIX cemsx. ObyueHue Hellb3sk KOHMPOIUPo8ams,
YACMUYHO KOHMPOIUPOBANb WU KOHMPOIUPOBAMb.

Knrouesvle crosa: mawunHoe ooyuenue, UCKYCCMEEHHbIE HEIPOHHbLE
cemu, Python, Scikit-learn, Keras, TensorFlow.
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Tepyre 13.03.2023 x. xibepinzi. bacyra 31.03.2023 . K01 KOHBUIBL.
DNeKTpoH/Ibl Oacra
3,44 Mb RAM
laptTe! 6acna Tabarsl 23.59. Tapansimbr 300 nana. barace! keniciM OolibIHIIA.
Komnerorepae 6erreren: A. K. MbIpxkukoBa
Koppekrop: A. P. Omaposa
Tanceipsic Ne 4039
Cnano B Ha6op 13.03.2023 r. [Toamnucano B nevats 31.03.2023 r.
DIEKTPOHHOE U3/IaHue
3,44 Mb RAM
VYen. ned. 1. 23.59. Tupax 300 sx3. Llena gorosopHasi.
KomnsrorepHast Bepetka: A. K. MbipxukoBa
Koppexkrop: A. P. Omapoga, [[. A Koxac
3axa3 Ne 4039
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