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ABSTRACT

Due to the growing demand for precise and efficient agricultural monitoring and management systems, interest in crop
classification using machine learning has significantly increased in recent years. Conventional machine learning algorithms,
however, have limitations when dealing with high-dimensional data. Training time is a crucial factor in developing crop
classification models, as it directly impacts the model’s efficacy and efficiency. Large volumes of data are often needed to train
crop classification models properly, making the training procedure laborious and computationally demanding. In this paper,
crop classification model training time is reduced by utilizing wavelet decomposition in combination with traditional machine
learning techniques such as SVM, Naive Bayes, RF, and others. The performance of different algorithms before and after
utilizing wavelet decomposition was evaluated in order to find the way that is the most efficient while using this methodology.
Additionally, the significance of quality loss when applying wavelet coefficients was determined. The results of this paper
show that applying wavelet transformation coefficients in combination with classification techniques can achieve accuracy
levels that are comparable to those achieved by training on the original images. For example, using the Random Forest model
in combination with Daubechies transformation coefficients can achieve an accuracy of 0,89 while significantly reducing
training time from 11,15 to 3,49 seconds with Haar transformation providing almost identical results. The paper demonstrates
the value of using wavelet transforms for crop classification and highlights the significance of accounting for training time
when developing accurate and practical crop classification models that may be useful in developing decision support tools for
agricultural applications, where it is crucial to make prompt decisions based on current data.
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INTRODUCTION Also, when implementing a model in the field, time is essen-
tial. Crop classification models are frequently used to make
in-the-moment choices, such as determining which fields need
irrigation or pest control. The decision-making process can
suffer if the model takes too long to analyze the data, which
can lead to delays. As a result, time should be considered
when crop classification models are being trained. This could
involve employing hardware accelerators like GPUs or TPUs,
optimizing the data processing pipelines and algorithms used
for training, and picking the right hyperparameters to speed
up training. We can create accurate and effective crop classi-
fication models by putting time first, making them more use-
ful as decision support tools in agriculture.

Crop classification using machine learning have become a
popular topic in recent years due to the increasing demand for
accurate and efficient crop monitoring and management sys-
tems. Numerous studies have been conducted on crop clas-
sification using machine learning techniques such as support
vector machines (SVM), artificial neural networks (ANN), de-
cision trees (DT), and random forests (RF). However, tradi-
tional machine learning algorithms have limitations in deal-
ing with high-dimensional data. Wavelet transformations have
been proposed as a solution to this problem [1]. A wavelet
transformation is a mathematical tool that can decompose
complex signals into simpler components with different fre-

quency bands. This technique has been applied in various Our goal is to conduct a compgrative agalysis Of the per-
fields, including image processing, signal analysis, and pat- formance of the most popular machine learning algorithms for
tern recognition. classification before and after applying the wavelet decompo-

sition and to choose which of the algorithms are the most ef-
ficient in terms of performance when used together with the
wavelet transformation. In addition, we set the task of qual-
ity evaluation of the algorithms and determining how signif-
icant the quality loss is. The rest of the work is as follows. In
section 2, we provide a literature review and statement of the
problem. In section 3, we set the goals and objectives of the
study, which we implement using the methodology described
in section 4. In section 5, we present the results of the exper-
iments. In Section 6, we formulate the conclusions obtained
in this study and present a plan for future work.

In this work, we apply wavelet decomposition to reduce
the time spent by machine learning algorithms such as RF,
SVM, Naive Bayes, and others to train a classifier model.
While developing crop classification models, training time is
crucial because it has a direct impact on the model’s efficacy
and efficiency. Large volumes of data are frequently needed
for crop classification models to be trained properly, and the
training procedure can be laborious and computationally de-
manding. The capacity to swiftly iterate and modify the model
may be hampered if the learning process is slow. In agricul-
tural situations, where choices need to be made fast and cor-
rectly based on real-time data, this can be especially difficult.
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MATERIALS AND METHODS

Literature review and problem statement

Several studies have explored the use of wavelet transfor-
mations in crop and weed discrimination and image classifi-
cation in general including RGB and hyperspectral features.
For instance, wavelet transform was used to discriminate be-
tween crop and weed in perspective agronomic images which
showed that wavelets were well adapted for perspective im-
ages with the best results provided by Daubechies 25 and dis-
crete approximation Meyer wavelets [1]. Another study pro-
posed a hyperspectral image classification method based on
two-dimensional Empirical Wavelet Transform (2D-EWT)
feature extraction with the result of improved performance in
terms of classification evaluation measures for hyperspectral
image classification tasks [2]. The wavelet transform com-
bined with a traditional machine learning algorithm can be
used for a variety of classification problems, for example, the
system of tuna fish classification was proposed to achieve an
accuracy of 94.58% using a cubic support vector machine
(SVM) classifier combined with complex wavelet-based deep
architecture [3].

Wavelet optimization to eliminate interference that oc-
curs because of external noise and internal multiple compo-
sitions, was used in [4] to assess the chlorophyll content in
corn leaves. The results obtained by the authors made it pos-
sible to use wavelet optimization for accurate diagnosis of
the state of corn growth. A new machine-learning algorithm
to estimate a potato’s shape and size based on a support vec-
tor machine was proposed in [5]. Wavelet moment and other
geometric characteristics were extracted for marking the pota-
to’s characteristics. Various combinations of data fusion tech-
niques at pixel, feature, and decision levels for crop classifi-
cation were used in [6] on Sentinel-1 and optical data for the
Yadgir district of Karnataka, India. For pixel-level data fusion,
techniques such as principal component analysis, multiplica-
tive transformation, and wavelet with IHS (intensity-hue-sat-
uration) were used [6].

In [7], a detailed review of crop recognition methods and
their application to the open dataset under the name Agri-
culture crop images [8] is presented. The authors compare
various neural network architectures such as Inception V3,
VGG16, VGG19, ResNet50, ResNet152 and demonstrate that
Inception V3 is the most performing among them. It is worth
mentioning that the recognition accuracy of a particular crop
depends on the applied architecture. For example, the Incep-
tion V3 architecture often mistakes maize for rice whilst hav-
ing no problem in a reverse situation. While ResNet50 faces
a similar problem but with rice and sugarcane.

0

The difference of our work is that the deep learning algo-
rithms which are resource intensive in terms of time and pro-
cessing power spent on training are not applied. Our goal is
to research how wavelet transformations can be used to re-
duce required time and resources without a significant loss of
classification quality. Despite the promising results of using
wavelet transformations in image classification and crop clas-
sification specifically, there is still a need for further research
to investigate the effectiveness and explore the performance
of different machine learning algorithms when combined with
wavelet transformations for crop classification.

The aim and objectives of the study

The aim of this study is to investigate the use of differ-
ent wavelet transformation methods combined with machine
learning algorithms for crop classification using image data.
The specific objectives of the study are:

. To compare the performance of different wavelet
transformation methods (such as Haar and Daubechies) in
reducing the dimensionality of features from image data for
crop classification.

. To compare the performance of different machine
learning algorithms (such as Support Vector Machines, Lo-
gistic Regression, Decision Tree, Random Forest, and Naive
Bayes) in classifying crops based on the features reduced by
wavelet transformations.

. To evaluate the performance of the proposed ap-
proach of transforming data and compare it with machine
learning algorithms that train on original data.

The findings of this study can contribute to the develop-
ment of accurate and efficient crop monitoring and manage-
ment systems, which can improve crop yield and quality by
automation of the irrigation process and spraying while reduc-
ing the environmental impact of agriculture.

Data description

The dataset [8] used in this study is available in open
source, and it consists of a collection of images of various
crops that are commonly grown in agricultural practices. The
dataset contains a total of 804 images, with each image rep-
resenting a crop. The images are in JPEG format and have a
resolution of 224x224 pixels. The images are organized into
folders based on the type of crop they represent, with 5 dif-
ferent crop types represented in the dataset. The crop types in
the dataset are as follows: maize, wheat, jute, rice, and sugar-
cane (Fig.1).For each crop type, there are around 160 images
available. The images were taken from different angles and
various lighting conditions. The dataset is split into subsets
with the following proportions: 80% of images for the train-
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Figure 1 - Images from the dataset representing 5 different crop types.
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ing process and 20% for testing. Each image in the dataset is
normalized to avoid numerical issues and for the sake of faster
convergence during training.

Wavelet transformation

Wavelet transformation is a mathematical technique used
to analyze signals, images, and data. It decomposes a sig-
nal into different frequency components, which makes it eas-
ier to analyze and process. The Haar wavelet transformation
is a simple and fast wavelet transform. It is a step function,
which is a simple piecewise constant function that changes
its value abruptly at certain points. The Haar wavelet trans-
formation decomposes an image into four different compo-
nents: approximation, horizontal detail, vertical detail, and
diagonal detail. It works by first dividing the image into four
different sub-images of the same size. The first sub-image is
the approximation image, which represents the low-frequency
components of the image. The other three sub-images repre-
sent the high-frequency components of the image, which are
the horizontal, vertical, and diagonal details [9].

In case of 1D signal the simplest Haar transformation will
divide the signal into the approximation which represents low-
er-frequency components:

_ Sy 4850
a,=———_——
2
and detail component which represents higher-frequency
components:

(M

b = S2i _S2i+1
' 2

To get the approximation coefficients from the image,
the Haar wavelet transformation computes the average of the
pixel values in each row and column of the image. This results
in a new image that represents the low-frequency components
of the original image. For the horizontal coefficients, the Haar
wavelet transformation computes the difference between ad-
jacent pixel values in each row of the image. That represents
the high-frequency components of the image in the horizon-
tal direction. When it comes to vertical coefficients, the Haar
wavelet transformation computes the difference between ad-
jacent pixel values in each column of the image. This results
in a new image that represents the high-frequency components
of the image in the vertical direction. Finally, to get the diag-
onal coefficients, the Haar wavelet transformation computes

2)

the difference between adjacent pixel values in both the hor-
izontal and vertical directions [9].

The Daubechies wavelet is a more complex function than
the Haar wavelet, but it has the advantage of providing a more
accurate representation of the signal or image being analyzed.
It is working with more than two coefficients depending on
which type is used, in case of four points the filter looks like
this:

a=cx+c,y+c,z+c,t(3)

The Daubechies wavelet transformation also decomposes
an image into different components, which are the approxi-
mation, horizontal detail, vertical detail, and diagonal detail.
However, it uses a different method to calculate these compo-
nents than the Haar wavelet transformation. The Daubechies
wavelet transformation works by first applying a series of fil-
ters to the image. These filters are designed to extract different
frequency components from the image. The filters are applied
repeatedly to the image, resulting in a series of sub-images at
different resolutions [10].

As mentioned before, the wavelet transformation process
involves applying a series of high-pass and low-pass filters to
the image at different scales, producing a set of coefficients
that represent the image in terms of its frequency content [10].
These coefficients can then be used as features for machine
learning algorithms that can classify the crops based on their
characteristics:

In this study, we will compare Logistic Regression, Deci-
sion Tree, Random Forest, Support Vector Machine, and Na-
ive Bayes.

Logistic Regression is a supervised machine learning algo-
rithm that is used for binary classification tasks. However, it
can also be extended to handle multiclass classification prob-
lems, where there are more than two categories such as crop
type classification. The logistic regression algorithm works
by modeling the probability of an input belonging to a cer-
tain class using a logistic function [11].

The Decision Tree algorithm works by recursively parti-
tioning the input space into regions based on the values of the
input features. At each node of the tree, the algorithm selects
the feature that best separates the training data into different
classes. The algorithm then continues to split the data until it
reaches a stopping criterion, such as a maximum depth or a
minimum number of samples required to make a split [12].

Approximation

Vertical

Horizontal

Figure 2 - Applying Haar wavelet transformation on an image from the dataset.
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Figure 3 - Simplified crop classification process

Random Forest Classifier is an ensemble learning algo-
rithm that combines multiple decision tree classifiers to im-
prove the performance of the model. The random forest al-
gorithm works by training multiple decision tree classifiers
on different subsets of the training data and input features.
During training, each tree is trained using a random subset of
the training data and a random subset of the input features.
The final prediction of the random forest classifier is then
based on the predictions of all the individual decision trees,
either by taking the majority vote or by weighing the votes
based on the confidence of each tree [13].

The SVM algorithm works by finding a hyperplane that
separates the training data into different classes with the larg-
est possible margin. In the case of binary classification, the
hyperplane separates the data into two classes, while in the
case of multi-class classification, multiple hyperplanes are
used to separate the data into multiple classes [14]. During
training, the SVM algorithm learns the optimal hyperplane
by maximizing the margin between the hyperplane and the
training data. The margin is defined as the distance between
the hyperplane and the closest training data points. The op-
timal hyperplane is the one that maximizes the margin while
still correctly classifying all the training data.

Gaussian Naive Bayes (NB) is a probabilistic machine
learning algorithm that is used for classification tasks. The
Gaussian NB algorithm works by modeling the conditional
probability of each class given the input features using Bayes’
theorem [15].

Table 2 - Results on Haar wavelet coefficients

Table 1 - Results on original images

Algorithm Accuracy tr?sizil;ﬁ;i;)ne
Regresson 085 87
Decision Tree 0,75 57,69
Random Forest 0,88 11,15
SVM 0,85 87,59
Gaussian NB 0,45 1,58

RESULTS AND DISCUSSION

As was mentioned before, classifiers had been trained us-
ing 80% of the dataset and evaluated their performance using
the remaining 20%. The performance of the classifiers was
evaluated based on the accuracy of the predictions:

TP+TN
accuracy = (4)
TP+TN + FP+ FN

In addition, the training time of the classifiers was re-
corded. The table below shows the performance of classifica-
tion on original normalized images:

From the results, we observe that the Random Forest clas-
sifier achieved the highest accuracy of 0.88, while Gaussian
NB achieved the lowest accuracy of 0.45. Now we can es-
timate the results of these algorithms whilst combined with

Algorithm Wavelet coefficients Accuracy training time (seconds)
Logistic Regression Approximation 0,85 10,29
Decision Tree Approximation 0,77 6,22
Random Forest Approximation 0,89 3,51
SVM Approximation 0,78 6,1
Gaussian NB Approximation 0,47 0,12
Logistic Regression Horizontal 0,8 2,99
Decision Tree Horizontal 0,72 5,3
Random Forest Horizontal 0,77 431
SVM Horizontal 0,75 4,83
Gaussian NB Horizontal 0,55 0,11
Logistic Regression Vertical 0,78 2,59
Decision Tree Vertical 0,7 6,24
Random Forest Vertical 0,73 4,17
SVM Vertical 0,71 4,63
Gaussian NB Vertical 0,5 0,1
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Table 3 - Results on Daubechies wavelet coefficients

Algorithm Wavelet coefficients Accuracy training time (seconds)
Logistic Regression Approximation 0,85 11,08
Decision Tree Approximation 0,77 5,81
Random Forest Approximation 0,89 3,49
SVM Approximation 0,78 8,95
Gaussian NB Approximation 0,47 0,12
Logistic Regression Horizontal 0,8 4,17
Decision Tree Horizontal 0,72 5,02
Random Forest Horizontal 0,77 3,21
SVM Horizontal 0,75 5,29
Gaussian NB Horizontal 0,55 0,09
Logistic Regression Vertical 0,78 2,28
Decision Tree Vertical 0,7 6,86
Random Forest Vertical 0,73 3,53
SVM Vertical 0,71 3,81
Gaussian NB Vertical 0,5 0,1

Haar wavelet transformation:

As we can see, the results of combined approach do not
lack accuracy compared to classification on original images
while also being much faster in terms of training time of the
algorithms. Now we will compare it with Daubechies wave-
let transformation:

The performance of these algorithms combined with Haar
and Daubechies transformations are almost identical both in
terms of accuracy and training time. If we select the 5 best
classifiers in terms of accuracy, we can clearly see the differ-

Logistic Regression / Haar

Logistic Regression / Daubechies

Random Forest / Haar

Random Forest / Daubechies

Random forest / original images

00 02 04 06 08

accuracy

ence between training on original images and wavelet trans-
formation coefficients (Fig.4).

The confusion matrices are used for the further compar-
ison of models trained on original images and wavelet coef-
ficients (Fig.5).

It shows that despite the similar performance of these
models in terms of overall accuracy, the challenging labels for
the models to classify are different. For example, the model
trained on original data make mistakes on the images of rice
and maize while the model trained on Haar coefficients have

Logistic Regression / Haar

Logistic Regression / Daubechies

Random Forest / Haar

Random Forest / Daubechies

Random forest / original images

training time

Figure 4 - Comparison of 5 best-performing classifiers
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Figure 5 - Confusion matrix of the models where rows represent true labels and columns represent predicted labels
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problems with differentiating sugarcane from rice.

CONCLUSION

We can see that the accuracy and training time of using
wavelet transformation coefficients in combination with clas-
sification methods can be comparable to training on original
images. This shows that feature extraction and reduction us-
ing wavelet transformation may be a useful technique in im-
age processing applications. The outcomes also imply that the
selection of the classification algorithm may affect accuracy
more so than the selection of the feature extraction technique.
It becomes clear, though, that training on the wavelet trans-
forms coefficients yields superior results to training just on
the original images when choosing the best classifiers. Thus,
combining wavelet transformation with classification meth-
ods may enhance performance, especially in situations when
accuracy, as well as training time, is important.

As a further step to expand the scope of the study, the
evaluation of the results on the wider range of datasets and
crop types can be considered as well as the investigation of
the use of deep learning approaches, such as convolutional
neural networks combined with different wavelet.
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AHHOTAIUA

B cBs31 ¢ pacTymum cripocoM Ha TOYHbIE M d()(EKTHBHBIC CHCTEMbI CEIbCKOXO3IHCTBEHHOTO MOHUTOPHHTA M YIIPaB-
JICHUS! B TIOCJICHUE TO/IbI 3HAUUTEIBHO BO3POC MHTEPEC K KITaCCH(MKAIINU CEITbCKOXO3SIHCTBEHHBIX KYJIBTYP C MCIIOIb30Ba-
HUEM MaIIMHHOTO 00yueHHs. OHAKO TPaJUIIMOHHBIC AITOPUTMBI MAIIMHHOTO O0Y4EHHS UMEIOT OrpaHHUuCHHUs IPU padoTe
C MHOTOMEPHBIMU JaHHBIMH. CKOpPOCTb 00y4eHHs SBISIETCS peIaronM (GakTopoM npu pazpaboTke Mozesel kiaccuduka-
LIUH CEITLCKOXO3SIHCTBEHHBIX KYJIBTYP, IIOCKOJIBKY OHO HaNpsIMyIo BiIHsieT Ha 3G (eKTHBHOCTD U ieiicTBeHHOCTh MozemH. Jlis
MIPaBWIILHOTO 00YYEHHs MOJIeIeH KIIaCCU(HUKAIIMN CETbCKOXO3SIHCTBEHHBIX KYJIBTYp 4acTo TpeOyIoTCst O0JbIe 00bEeMbI JaH-
HBIX, YTO JIeJIaeT MPOLEAypy 00yUeHHUs TPYJOEMKON 1 TPeOOBaTEIbHON K BEIUUCIUTEILHBIM pecypcaM. B aToli crarbe Bpemst
00yueHHsI MOZIENN KIaCCU(DUKAIIMN CEIbCKOXO3SIMCTBEHHBIX KYJIBTYDP COKpAIAeTCsl 3a CYET UCIIOIb30BaHMs BEHBIET-IPE00-
pa3oBaHMsI B COUYETAHWU C TPAAMIMOHHBIME METOAAMHU MaIIMHHOTO 00y4eHus, TakuMu kak SVM, HausHblii OaiiecoBckuii
knaccudukarop, RF u npyrue. [Ipon3BoanTeIbHOCT pa3iMyHbIX aJTOPUTMOB J0 U ITOCIIE UCIONB30BaHMs BEHBIET-Ipeodpa-
30BaHUs ObLIa OlleHEeHa, YTOOB! HalTH Hanbosee ApHEKTHUBHBIN CIIOCOO MPU UCTIOIB30BAHUH ITOH METO0I0THH. JlomomHH-
TENIBLHO ObLIa ONpe/esieHa 3HaYUMOCTb ITOTEPH KayecTBa MY MPUMEHEHNH BeHBIeT-kod(hunneHToB. Pe3ynbrarsl 310l cTaThn
IOKa3bIBAIOT, YTO MPHUMEHEHUE KO UIIEHTOB BEHBIET-TIPEOOPA30BaHUS B COUCTAHUH C METOJAMH KIIACCU(PHUKAIIN MOYKET
00ecIeynTh YPOBHU TOYHOCTH, CPABHUMBIE C TEMH, KOTOPBIE JOCTHI'AIOTCSI TPU 00YYEHUH Ha UCXOAHBIX N300pakeHusx. Ha-
npumep, ucronb3oBanue mMonenu RF B coueranuu ¢ ko duimentamu npeodpazosanus JJo6ern nmo3BosieT J0CTUYb TOYHO-
ctu 0,89 pu 3HAYMTEILHOM COKpaleHu Bpemenn odydenus ¢ 11,15 no 3,49 cexyna, a npeoOpasoBanne Xaapa JAaeT MOYTH
WJICHTUYHBIC pe3yJbTaThl. B TOKyMEHTE 1IeMOHCTPHUPYETCS IEHHOCTh UCTIONb30BaHNUS BEHBIIET-TIPEOOPa30BAHUIMA /TSI KITaCCH-
(UKaIMK CENbCKOXO3SMCTBEHHBIX KYJIBTYP U ITOAYEPKHBACTCSI BAKHOCTH ydeTa BPEMEHHU 00yUeHUS ITPU pa3padOTKe TOYHBIX U
MIPAaKTHYHBIX MOJIENEH KiIacCH(DUKAINK CeITbCKOX03IHCTBEHHBIX KYIBTYP, KOTOPBIE MOTYT OBITh MTOJIE3HBI IIPH pa3paboTKe WH-
CTPYMEHTOB TIOJUICPIKKH MPUHSATHS PEIICHUH /IS CEIbCKOX03SHCTBEHHBIX MTPUIIOKEHUH, T/Ie KpaiiHe Ba)KHO IPUHUMATH ObI-
CTpBIE PELICHUS HA OCHOBE TEKYIMX JTaHHBIX.

KioueBble ciioBa: Kitaccnukanus celbCKOX035HCTBEHHBIX KYJIBTYpP, MallMHHOE 00y4YeHHE, METOJI OIIOPHBIX BEKTOPOB,
CITy4alHBbIH Jiec, BeHBIIET-IpeoOpa3oBaHue.
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TYWUIH

Hakrsl sxoHe THIMI aybLil IIAPYalLIbUIBIFBIH OaKbLIAY )KOHE OacKapy *KylieliepiHe CYpaHbICThIH apTybiHa OaliIaHbICThI COHFBI
KBULAAPHI MAIIMHAJIBIK OKBITY/IbI MalijajlaHa OTHIPBII, TAKbUIIAP/Ibl KIKTEYTe KbI3bIFYIIBUIBIK aiTapibIKTail apTThl. Komimri
MaIllMHAJIBIK OKBITY JIFOPUTMJIEP] )KOFaphl OJILEM/Ii IEPEKTEPMEH JKYMBIC icTey Ke3iHJe mekTeynepre ue. OKbITY yaKbIThI
JAKbUTIAP/IBI KIKTEY YIITUICPIiH d3ipieye mennyii (hakTop OObI TabblIa bl, O©UTKSHI 01 MOACIbIIH THIMILIIT MEH THIMILTi-
riHe Tikenei acep ereni. Jlakpuiap/bl KIKTey YIACUIEPiH QypbIC YHPETY YILIH KUl IePeKTep/IiH YIKSH KoJieMi KaeT, OYJI OKBITY
MIPOLICAYPACHIH aybIp JKOHE ecenTeyi Kaxer ereni. by makanana SVM, Naive Bayes, RF xone T.0. CUAKTBI 1oCTYpJIi MallidHa-
JIBIK OKBITY 9JIicTepiMEeH YillieciMie BeHBIeT TpaHchopManus naianany apKbUIbl JaKbUIIAP/bI XKIKTEY YITICIH OKBITY YaKbIThI
KbICKapa b, OChI 9IICTEMEHI MTaliaaany Ke3iHae eH THIMI JKOJIbl Taly YIIiH BeHBIeT TpaHchopMalys aiaaanranra i
JKOHE OJIaH KEHIHT1 SpTYyplli alirOpUTMAEPAIH oHiMaLir Oarananel. COHbIMEH Katap, BeiiBieT koddduimeHTrepai Koijiany
Ke3iHJIe CalaHblH JKOFaTybIHBIH MaHbBI3IbUIBIFBI aHBIKTAIIBI. BYJI )KYMBICTBIH HOTHXKEIIEP] JKIKTEY dficTepiMeH Yilaecimae
BeiiBieT Tpanchopmanys K03hPUIUEHTTEPIH KoJIaHy OacTarkbl KECKiHAEPAl OKBITY apKbUIbl KOJI )KETKI31IETIH TOJIIK JIeH-
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reinepine xeryre OonaTbHbIH Kepcere/i. Mpicansl, Random Forest monenin Daubechies Typnennipy koaddunmenrrepimen
yinecripe naiinanany 0,89 mamirine Ko skeTKiyre Oonajbl, COHbIMEH Oipre Oipiei HoTHKesIepAl KamTamachl3 eretin Haar
TYPJICHIIPYIMEH JKaTThIFy YakbIThH 11,15 cexynnran 3,49 cekyH/Ka JciiH aliTapiIbIKTai KbICKapTaabl. byl Makarana qaKkpui-
Jlap/ibl JKIKTey YIIIH BEWBIIET TpaHCOopMalus naijanany/ablH KYH/ABUIBIFBI KOPCETLIE/ )KOHE ayblIIapyalbuIblK KOChIMIIa-
Japbl YIIiH HIeMIiMAEp/l KoJiiay KypaiJapblH 3ipieyse naiiiansl 00aybl MYMKIH JaKbULAAPBI KIKTEY/IIH 171 HKHE MTPaKTH-
KaJIbIK YIITUIEPiH 93ipiey Ke3iHJe OKY YaKbITHIH €CEIKEe ally/IblH MaHbI3/IbIIBIFbl KOPCETLUIE/.

Herizri ce3nep: lakpuiiap kinaccudukanusicsl, MammuHaAIBIK oKbITY, SVM, RF, BeiiBneT Tpancopmanuscel.
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