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Abstract

Introduction/purpose: The utilization of machine learning methods has
become indispensable in analyzing large-scale, complex data in
contemporary data-driven environments, with a diverse range of
applications from optimizing business operations to advancing scientific
research. Despite the potential for insight and innovation presented by
these voluminous datasets, they pose significant challenges in areas such
as data quality and structure, necessitating the implementation of effective
management strategies. Machine learning techniques have emerged as
essential tools in identifying and mitigating these challenges and developing
viable solutions to address them. The MNIST dataset represents a
prominent example of a widely-used dataset in this field, renowned for its
expansive collection of handwritten numerical digits, and frequently
employed in tasks such as classification and analysis, as demonstrated in
the present study.

Methods: This study employed the MNIST dataset to investigate various
statistical techniques, including the Principal Components Analysis (PCA)
algorithm implemented using the Python programming language.
Additionally, Support Vector Machine (SVM) models were applied to both
linear and non-linear classification problems to assess the accuracy of the
model.

Results: The results of the present study indicate that while the PCA
technique is effective for dimensionality reduction, it may not be as effective
for visualization purposes. Moreover, the findings demonstrate that both
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linear and non-linear SVM models were capable of effectively classifying
the dataset.

Conclusion: The findings of the study demonstrate that SVM can serve as
an efficacious technique for addressing classification problems.

Keywords: statistical analysis, machine learning, SVM, PCA,
classification.

Introduction

Classification and data analysis are central to the discipline of
machine learning, as they enable the effective comprehension of data
(Suthaharan, 2014; Wang et al, 2019; Subasi, 2020; Ahmed et al, 2022).
In this study, statistical methods were utilized to gain a deeper
understanding of the data. Two machine learning techniques, namely the
Support Vector Machine (SVM) and the Principal Components Analysis
(PCA), were employed on the MNIST dataset, the largest collection of
handwritten digit images used for classification problems (LeCun, 2023).
The MNIST dataset consists of 70,000 handwritten digits, divided into
60,000 training images and 10,000 testing images (Al-Hamadani, 2015).
Simple statistical techniques were applied to the MNIST dataset to
improve the knowledge about the data. The PCA, an unsupervised
machine learning technique, was utilized for visualization purposes,
utilizing two principal components for plotting (Abdi & Williams, 2010). The
SVM, a supervised machine learning technique, was utilized in linear and
nonlinear models to classify the MNIST dataset into classes (Suthaharan,
2016).

The paper is organized as follows: Section 2 provides an overview of
the dataset, programming language, and statistical techniques employed.
In Section 3, the PCA algorithm utilized for visualization is explained, as
well as the determination of the number of principal components for
dimensionality reduction. The SVM linear and nonlinear models are
discussed in Section 4. Finally, conclusions and future work are presented
in Section 5.

Research method

Dataset

The MNIST (Modified National Institute of Standards and Technology)
dataset is the largest and most well-known handwritten digits dataset for
recognition and classification problems in machine learning (LeCun et al,
1995). This dataset has been taken from Yann LeCun website (LeCun,
2023). The MNIST dataset consists of 70,000 images of handwritten digits,
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each labeled with a number from 0 to 9. These images were collected by
the National Institute of Standards and Technology (NIST) and split into
two parts (Nielsen, 2019). The first part includes 60,000 images which
were provided by 250 individuals, including employees of the US Census
Bureau and high school students. These images were normalized and
centered in (28 *28) = 784 gray scale pixels per image. Each pixel is
represented by a value between 0 and 255, with 0 being black, 255 being
white, and any value in between representing a shade of gray. The second
part of the MNIST dataset includes 10,000 images for testing, which were
also provided by 250 different individuals to properly evaluate the
performance of the algorithms trained on the dataset.

Program

Python has gained widespread popularity among data scientists due
to its simplicity and ease of use in coding (Hao & Ho, 2019). Python is a
widely-used programming language that supports various programming
styles such as object-oriented, functional, and imperative programming
(Raschka et al, 2020). Nowadays, most of machine learning complex
problems, or Al in general, are being solved by using Python. Python can
be written and developed using various Integrated Development
Environments (IDEs), including PyCharm and Google Colab. For this
paper, we have used both IDEs for building models over the MNIST
dataset.

Visualizing and analyzing the MNIST dataset

To better understand the MNIST dataset, we need to analyze and
visualize it. We started by examining the training and testing parts of the
dataset to see if the data is balanced in terms of understanding the number
of classes and their attributes. Also, we checked the dimensionality of each
part of the dataset. Additionally, we plotted some samples from the training
dataset to visualize the digits included in the MNIST dataset. Furthermore,
we used the describe () method to calculate some statistical data such as
mean, standard deviation, and percentile of the numerical values in the
data frame. Table 1 shows the dimensionality of the training and testing
dataset.

In Table 2, we have computed various statistical measures. One of
them is the standard deviation which indicates how spread out the data in
a dataset is from the mean.

The mean is the average of a set of numbers and can be found by
adding all the numbers together and dividing by the number of values. In
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the table, the mean of the 10 classes (ranging from class 0 to class 9) is
4.45,

Additionally, the minimum and maximum values in each column are
shown in Table 2.

Lastly, we have calculated the quantiles which divide the dataset into
groups containing an equal number of data points.

Table 1 — Dimensionality of the MNIST training and testing dataset
Tabnuya 1 — PasmepHocmb Habopa OaHHbIx Ot 06yyeHus u mecmuposaHusi MNIST
Tabena 1 — [JQumeH3uoHanHocm ckyna nodamaka 3a yeexbaeare U mecmupare

MHUCT
No. Dataset Dimensions (Shape)
1 Training Data (60000, 784)
2 Training (60000, 1)
Labels
Testing Data (10000, 784)
4 Testing Labels (10000, 1)

Table 2 — Statistical distribution of the MNIST training dataset
Tabnuya 2 — Cmamucmudeckoe pacrpedeneHue Habopa 0aHHbIx Onsi 06yyeHuss MNIST
Tabena 2 — Cmamucmuyka pacrniodena ckyrna nofamaka 3a yeexbasamwe MHUCT

index Label Pixel0 pixell Pixel2z Pixel3 Pixel4 Pixeld Pixelé Pixel7
count 60000.0 60000.0 60000.0 60000.0 60000.0 60000.0 60000.0 60000.0 60000.0
mean 4.4539333333333335 00 0.0 0.0 0.0 0.0 0.0 0.0 00
std 2.8892704373739795 00 0.0 0.0 0.0 0.0 0.0 0.0 00
min 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00
25% 2.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 00
50% 40 00 0.0 0.0 0.0 0.0 0.0 0.0 00
75% 7.0 00 0.0 0.0 0.0 0.0 0.0 0.0 00
max 9.0 00 0.0 0.0 0.0 0.0 0.0 0.0 00

To continue with the visualization part, we have checked the number
of observations for each class in the MNIST dataset by plotting randomly
some samples from the dataset, as the following:

MNIST training dataset

It contains 60,000 images of handwritten digits (ranging from 0 to 9).
Figure 1 shows the ratio of the training set. At the same time, Table 3
shows the number of the observations with the corresponding digits.
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We observed that the training set is balanced because each class has

6,000 images approximately.

Wumber of Observation with its Corresponding Digits

7000

G000

5000 1

4000 1

count

3000 4

2000 1

1000 +

I] m
o 1 2 3 4 5 B 7 8 9
Label

Figure 1 — Number of observations for each digit-training set
Puc. 1 — Konuyecmeo pacno3HasaHull o kaxxdol yugpe 8 y4ebHom Habope
Cnuka 1 — Bpoj onicepsayuja 3a ceaky yugpy y cemy 3a ysexbasare

Table 3 — Number of observations in the MNIST training set
Tabnuua 3 — Konudyecmeo pacriosHogaHul 8 obydaroujeli enibopke MNIST
Tabena 3 — bpoj oncepsayuja y cemy 3a yeexbasame MHUCT

MNIST Training Dataset Number of
Classes Observations

0 5923
6742
5958
6131
5842
5420
5918
6265
5851
5949

Ol 0N bl W[IN|PF
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MNIST testing dataset

It contains 10,000 images of handwritten digits (ranging from 0 to 9).
Figure 2 shows the ratio of the training set. At the same time, Table 4
shows the number of the observations with the corresponding digits. We
observed that the training set is balanced because each class has 1,000
images approximately.

Number of Observation with its Corresponding Digits

1000 4

800 4

500 4

count

400 4

200 4

Label

Figure 2 — Number of observations for each digit-testing set
Puc. 2 — Konuyecmeo pacrno3HasaHuli no kaxxool yugpe 8 mecmosom Habope

Cnuka 2 —

Bbpoj oncepsayuja 3a ceaky uugpy y cemy 3a mecmupar-e

Table 4 — Number of observations in the MNIST testing set
Tabnuua 4 — Konudyecmeo pacrio3HagaHuli 8 mecmogom Habope MNIST
Tabena 4 — bpoj oncepsayuja y cemy 3a mecmupare MHUCT

MNIST Training Dataset Number of
Classes Observations

0

980

1135

1032

1010

982

892

958

1028

974

Ol oI N OO Ol W DN

1009
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Samples plotting from the MNIST dataset

Digit 3

Digit 1

Digit 5

20

25

0 5 10 15 0 5

Figure 3 — Plotting samples from the MNIST dataset
Puc. 3 — ®opmuposaHue 8biI6opok u3 Habopa OaHHbIx MNIST
Cnuka 3 — Y3opyu 0obujeHu rnnomosarem 3a cKyrn nodamaka MHUCT

Principal Components Analysis (PCA)

The PCA is unsupervised machine learning and statistical technique
that is used to examine relationships between multiple variables in a
dataset (Abdi & Williams, 2010). It aims to extract important information
from the data by finding a new set of variables, known as principal
components. These variables can describe the data more efficiently.
These principal components are orthogonal (uncorrelated) and are ranked
by their ability to explain the variance in the data. The PCA relies on the
decomposition of positive semi-definite matrices using eigenvalues and
eigenvectors, as well as the decomposition of rectangular matrices using
singular values and singular vectors (Mishra et al, 2017). Therefore, the
PCA is a statistical technique used for dimensionality reduction and
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visualization of high-dimensional datasets such as, in our case, the MNIST
dataset. Since each digit in the MNIST dataset consists of 784 features
(dimensions) or pixels, the PCA reduces this number into a smaller number
of dimensions while keeping as much of the variance in the data. This
method is useful in terms of reducing the computational cost of training
machine learning techniques, reducing the problem of overfitting in the
data, and making the data easy for plotting in 2D or 3D plots.

To determine the principal components of a dataset, the PCA
performs the following steps as shown in Figure 4:

Covariance
Standardization Matrix
Computation

Eigen Vectors and Feature Vector

Eigen Values

Figure 4 — PCA processing flowchart
Puc. 4 — brok-cxema obpabomku PCA
Cniuka 4 —Tok npouyecuparsa NLA

Standardization

This step is known as standardization and is often referred to as a
preprocessing step. Standardization involves transforming the data so that
each variable has a mean of zero and a standard deviation of one. This
helps to ensure that all of the variables are on a similar scale and have
similar variances, which can improve the accuracy of the PCA analysis.
Standardization can be done as follows:

Variable values — mean

Standard deviation

We have used the whole MNIST training dataset which contains
60,000 handwritten digits. For this purpose, we used this method
(standardized_data = StandardScaler().fit_transform(data)).

Covariance matrix computation

A covariance matrix is a square matrix that shows the correlation
between any two or more elements (attributes) in a multidimensional
dataset.

228



Var(x,) e Cov(X ,X))

Cov(x ,x) ----r Var(x)

The correlation between the attributes can be either positive
covariance or negative covariance. Positive covariance means that
increasing the value of one variable is associated with an increase in the
value of some other variable and vice versa. Negative covariance means
that increasing the value of one variable is associated with a decrease in
the value of some other variable. Therefore, we calculate the covariance
matrix which is equal to (A*T * A) using this method (covar_matrix =
np.matmul(sample_data.T , sample_data)).

Eigenvectors and eigenvalues

Eigenvectors and eigenvalues are mathematical concepts that are
used in linear algebra, and they are closely related to the diagonalization
of matrices. Given a square matrix A, an eigenvector of A is a non-zero
vector v such that Av = Av, where A is a scalar value known as the
eigenvalue associated with the eigenvector v. The eigenvectors of a matrix
are often used to represent the "directions” of the maximum variance in a
dataset and are used as the principal components. Therefore, finding the
eigenvector with the highest eigenvalue is the principal component of the
dataset. To project the data onto a 2D space, we can find the top two
eigenvalues and the corresponding eigenvectors, and use these to
transform the data.

Feature vector

Feature vectors are constructed by selecting the top eigenvectors
from the covariance matrix of the original dataset (Manshor et al, 2011).
The eigenvectors are determined by calculating the eigenvalues and
eigenvectors of the covariance matrix, which capture the most important
features or variations of the data. These eigenvectors are then sorted by
eigenvalues in a descending order to determine which ones represent the
most important features. The final feature vector can be in this form:

Vv = (eigu, eigz, €igs, ......, €ign)
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Plotting

2nd_principal

Figure 5 — 2D data points visualization
Puc. 5 —Busyanusayusi moyek 2D OaHHbIX
Cnuka 5 — Busyanu3sayuja mayvaka 2[] nodamaka

The overlapping of classes in Figure 5 suggests that the PCA is not
the most effective method for visualizing high-dimensional data, as it is
unable to clearly distinguish between different classes. In such cases, it
may be more effective to use other visualization techniques such as t-SNE,
UMAP or non-linear dimensionality reduction techniques, which are more
effective in visualizing high-dimensional datasets.

To determine the number of principal components that we keep for
the purpose of visualization in our work, we take into consideration what
we really want from the PCA in order to deduce the right value of the
number of components. We applied the following methods:

1. Since we use the PCA for the purpose of visualization, we need to
select 2 or 3 principal components in order to plot them as 2D or 3D.
Therefore, we convert high dimensional data into 2-dimensional data to
visualize it in a 2D plot. This is shown in Figure 5.

2. We can create a scree plot which is the visual representation of
eigenvalues that define the magnitude of eigenvectors (principal
components). Figure 6-A shows the explained variance ratio for each
component. Figure 6-B shows the eigenvalues for each component on the
y-axis and the number of components on the x-axis. By these two plots,
we can determine the number of principal components we have to keep.

Note: We used the PCA for visualization only in this paper.
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Scree Plot

10 A

Explained variance ratio

T T T T T T T T
0 100 200 300 400 500 600 700 800
Number of components

Figure 6a — Scree plot of the explained variance ratio for each component
Puc. 6a — Npaguk ocbinu ob6bsicHeHHOU ducnepcuu po Kaxxo0oMy KOMIMIOHEHMY
Cniuka 6a — Scree plot o6jawr-eHe sapujaHce 3a c8aKy KOMIIOHeHmMy

Scree Plot
[ ]
300000
2500004
[ ]
¢ 200000
=2 L ]
g .
5 1500004 e
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Figure 6b — Scree plot of the eigenvalues for each component
Puc. 66 — paghbuk ocbinu cobcmeeHHbIX 3Ha4eHUl Kax0020 KOMIMOHeHMa
Cniuka 66 — Scree plot coricmeeHux epedHoCcMu 3a c8aKy KOMIMOHEHMY
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Dimensionality reduction

We applied the Principal Component Analysis (PCA) for
dimensionality reduction. As shown in Figure 7, the first 300 components
explain almost 90% of the variance in the data. Based on this, we can
reduce the dimensions of the dataset by selecting only the most important
components, which will preserve a high level of variance while also
significantly reducing the complexity of the data. This can be useful for
tasks such as classification or clustering, where a high-dimensional
dataset may be more difficult to work with.

1.0+

0.8

variance

0.6

plained

0.4 1

Cumulative_ex

0.2 1

T T T T T T T T

0 100 200 300 400 500 600 700 800
n_components

Figure 7 — Cumulative sum of variance with the components

Puc. 7 — CosokynHas cymma Oucriepcuu ¢ KOMIoHeHmamu
Cnuka 7 — KymynamueHu 36up eapujaHce ca KOMIIOHeHmMama

Classifier

Support Vector Machine (SVM)

The Support Vector Machine is a well-known supervised machine
learning technigque that can be applied to solve big data classification and
regression problems (Suthaharan, 2016). The SVM is relatively robust to
overfitting that occurs in other machine learning algorithms, especially
when using a nonlinear kernel (Guenther & Schonlau, 2016). There are
two main types of SVM models which are linear and nonlinear (Saputra et
al, 2022). The SVM is called linear when data classes can be separated
by a linear line or a hyperplane using the simple mathematical model
y=wx+b where y is the response (dependent) variable, xis the
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predictor (independent) variable, w is the estimated slope, and b is the
estimated intercept. The optimal hyperplane can be selected by finding the
hyperplane with the maximum margin which is the distance between the
nearest data points of different classes. This is in case the problem can be
solved by a linear hyperplane. If a problem cannot be solved linearly, then
the data can be separated into different classes using a linear boundary in
a transformed space called the feature space. This case is called the
nonlinear SVM which uses the mathematical model y = w@(x) + b where
the @ is the kernel function (Suthaharan, 2016).

Since the SVM is a binary classification method,it is used to support
classification for two classes. In our case, we used the SVM algorithm for
multiclass classification. In multiclass classification, the SVM approach
mainly involves splitting the dataset into several binary classification sub-
datasets and then fitting a separate binary classifier for each one. There
are two different types of multiclass classification for this SVM approach
which are one versus one (OvO) and one versus the rest or all (OVR).

The OvO method is splitting the Multiclass dataset the data into
Multiple binary classification problems. This approach splits the dataset
into one dataset for each class versus every other class. The formula for
calculating the number of binary datasets is: (Num_Classes *
(Num_Classes — 1)) / 2. For the MNIST dataset is (10 *(10-1)/2)=45 binary
classification problems.

The OVR method is also splitting the multiclass dataset into multiple
binary classification problems. This approach trains a binary SVM
classifier for each class, where the class is treated as a positive class and
all other classes are combined into a single negative class. For example,
class No (0) versus all the other classes combined as one class.

In this paper, we used the SVC (Support Vector Classification)
method which implements the “one-versus-one” approach for multi-class
classification.

For our MNIST dataset, we build linear and nonlinear SVM models to
check the accuracy of these models. For the linear SVM model, we build
it with its default hyperparameters to check the accuracy using the
confusion matrix. The confusion matrix provides a decision that has been
collected in training and testing which contains the actual labels with the
predicted ones (Saputra et al, 2022). Accuracy can be calculated based
on this equation:

TP+TN

(Tp+TN + FP + FN)
where true positive (TP) refers to the data that has been correctly classified
as positive, true negative (TN) refers to the data that has been correctly

Accuracy =

233

Al-Hamadani, M.N.A., Classification and analysis of the MNIST dataset using PCA and SVM algorithms, pp.221-238



QVOJNOTEHNICKI GLASNIK / MILITARY TECHNICAL COURIER, 2023, Vol. 71, Issue 2

classified as negative while false positive (FP) refers to the data that has
been incorrectly classified as positive and false negative (FN) refers to the
data that has been incorrectly classified as negative.

We build the nonlinear SVM with its randomly chosen
hyperparameters using the RBF kernel (Specifying the kernel type since it
has several types such as “linear”, RBF, which is the radial basis function,
“poly”, which is polynomial kernel function, “Sigmoid”) and it is used to take
the data as an input and transform it into a required form of processing
data. We used the RBF kernel because it is a commonly used kernel
function due to its ability to perform well in classification tasks, as well as
due to its flexibility since it does not require prior information about the
dataset to be used effectively. When C=1, itis the regularization parameter
which controls the trade-off between maximizing the margin and
minimizing the training error in the model. When the value of the
regularization parameter C is large, the model prioritizes correctly
classifying all training points over having a larger margin. On the other
hand, when C is small, the model will prioritize having a larger margin,
even if it leads to misclassifying more training points. Both models have
been built using sklearn.svm.SVC from scikit-learn (Scikit-learn, 2023).
Table 5 shows the accuracy of linear and nonlinear SVM models.

Table 5 — Accuracy of linear and nonlinear SVM models
Tabnuua 5 —ToyHoCcMb NTUHEUHbIX U HeruHelHbIx SVM-modenel
Tabena 5 — lNpeyusHocm sluHeapHUx u HenuHeapHux CBM modena

SVM Model Accuracy

Linear SVM 91 %

Nonlinear SVM 94 %
Conclusion

In recent years, understanding and analyzing datasets have been a
major challenge in the field of machine learning. To address this issue, we
used the MNIST dataset which is the largest collection of handwritten
digits. We applied various statistical techniques, including the PCA, to
analyze the dataset. While the PCA was effective for dimensionality
reduction, it was not as effective for visualization. In addition, we used both
linear and nonlinear SVM models to classify the dataset. These models
achieved accuracies of 91% and 94%, respectively. For future endeavors,
utilizing the PCA and the SVM together can enhance the efficiency and
accuracy of the classifier. The PCA will perform dimensionality reduction
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by transforming features into a set of principal components, thus reducing
the number of features in the dataset. Subsequently, training the SVM on
this reduced dataset will result in quicker training times and improved
performance.
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Knaccudumkaumsa n aHanns Hadopa gaHHbix MNIST ¢ ncnons3oBaHnemM
anroputmoB PCA n SVM

Moxaned H.A. Anb-XamagaHu

[ebpeLeHcknin yHMBepcuTeT, [lokTopckas Lwkona MHopmaTukuy,

dakynbTeT Hayku O AaHHbIX U Bu3yanusauuu, r. debpeueH, BeHrpus;
CeBepHbIN TEXHNYECKUIA YHUBEPCUTET, TeXHNYECKMn MHCTUTYT/Anb-XaBnaxa,
AenapTameHT 3aNeKTPOHHbIX TexHonorni, AgaH, Knpkyk, Pecnybnuka Wpak

PYBPUKA TPHTW: 27.41.23 MawwuHHble, rpaduyeckue n apyrme MeTtoabl
BbIYMCITUTENBHOW MaTeEMaTUKW,
50.35.37 MporpammnpoBaHme rmbpuaHbix 3BM n BK
BWO CTATbW: opurmHanbHas HayyHas ctaTbs

Pe3stome:

BeedeHue/uenb: B cospeMeHHOM MUpe Uucrofib308aHue Memodos
MawuHHO20  0bydYeHUss cmaso  He3aMeHUMbIM  [pu  aHanuse
KpyrHomacuwimabHbIX U CrIOXHbIX OaHHbIX. []aHHblie MemoObi LWUPOKO
MPUMEHSIIOMCST 8 pas/iuyHbIX obnacmsx: om onmumusayuu 6usHec-
onepayuti 00 rnpPod8uUXXeHUs1 Hay4YHbIX uccriedosaHul. Hecmompsi Ha mo
4mo makue bonbuwue Habopbi OaHHbIX OMKPLIBAOM 803MOXHOCMU Orsi
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eryboKo2o MOoHUMaHUs U UHHOBauuli, OHU makxe npedcmaersnsiiom
cepbe3Hyto npobsieMy 8 makux obracmsx, Kak kKadecmeo U cmpyKmypa
OaHHbIX, Komopbie mpebyrom rMpuMeHeHUs1 3¢bgheKmuUBHbIX cmpameaud
ynpaeneHusi. Memodbl MawuHHO20 0Oy4YeHUsI cmarnu Ki4esbiMu
UHCMpyMeHmMamu 8 8bisieNieHUU U CMsI24eHUU 8bILUEOMNUCaHHbLIX npobriem,
a makxe 8 paspabomke coomeemcmeyrowux peweHul. Habop daHHbIX
MNIST npedcmaenssiem cobol spkuli npumep WUPOKO UCMOMb3yeMo20
Habopa OaHHbIX 6 amol obsiacmu, omnauYaru,e20css 02pOMHOU
Konekyuel pykonucHbIx yugbp. JdaHHbIl Habop Yacmo ucronb3yemcs 8
makux 3adayqax, KaK Knaccugbukayusi U aHanus, o Yyem caudemerncmeyem
Hacmosiwee uccriedosaHue.

Memodbi: B daHHOM uccrnedosaHuu UCONL308a5cs Habop OaHHbIX
MNIST 0nsa usydeHusi pasnuyHbIXx cmamucmu4ecKux Memodos, sKroyast
anzopummM aHasnusa OCHO8HbIX KoMmrioHeHmos (PCA), ¢ nomouibto
CKpUNmMoeoz2o si3blka rnpozspammuposaHusi Python. Takxe npumeHsinuch
moOerniu ornopHbIX eekmopos (SVM) dna oueHKu moyvHocmu Modesu 8
3a0ayax nuHeliHoU U HeruHeliHoU Knaccugbukayuu.

Pe3synbmamsbi: Pesynbmamsi Hacmosiue2o uccriedogaHusi
rokasbigatom, 4ymo xomsi memod PCA aghchekmueeH Ornisi yMeHbLWeHUs
pasMepHOCMU, OH MOXem oKasambCs He Cmorib 3hhekmusHbIM Ons
uenel  eusyanusauyuu. borree = moeo, nony4yeHHble  pe3yrbmamsol
rokasasu, Ymo JiUHelHble, maK Xe Kak U HesnuHelHble SVM-modernu
aghghekmusHo knaccughuyupyrom Habop OaHHbIX.

Bbigodbi: Pesynbmamei uccriedoeaHusi rokasasnu, ymo SVM sedsiemcs
achgbekmusHbIM Memodom Or1s peuleHUs npobrem Knaccugukayuu.

Knoyesble crnosa: cmamucmuydeckull aHanu3, MawuHHoe oby4yeHue,
SVM, PCA, knaccugukayus.

Knacudukuuja n ananusa ckyna nogataka MHUCT nomohy
anroputama NUA n CBM

Mokxaned H.A. An-Xamaganu

YHuusepauteT y [lebpeuuHy, [lokTopcke cTyamje nHcopmaTtuke,
Opcek 3a Hayky 1 BU3yanusauujy nogartaka, [lebpeumvH, Mahapcka;
CeBepHU TEXHUYKN YHUBEP3UTET, TeXHNYKN MHCTUTYT/AnxaBsuja,
Opererse 3a enekTpoHcke TexHuke, AgaH, Knpkyk, Penybnuvka Upak

OBNACT: maTematuka, padyyHapcke Hayke, MHOpMaLMOHe TEXHOMOornje
KATEITOPWJA (TUIM) YITAHKA: opurinHanHu Hay4Hu paa

Caxemak:

Yeod/yurb: Memodu malwuHCKoz yqersa rnocmarsnu cy He3aMeHsbusu y
aHanu3u CcrioxeHux rnod0amaka eefnukoz obuma y caspemeHuMm
OKpyXeHUMa 3acHosaHuM Ha nodayuma. [lpumersyjy ce y
Hajpasnuyumujum obriacmuma, 00 ornmumu3auyuje nocrosHUx rpouyeca 6o
CIIOXKEHUX Hay4YHUX ucmpauearba. YrpKoc mome Wwmo 08akeu 0OUMHU
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cKyrosu rnodamaka Hyde moayhHocmu OybuHckoe caenedasar-a, Kao U
uHosauuja, oHU rpedcmassbajy U 8enuKu u3a3os y obnacmuma Kao Wwmo
Cy Keanumem U cmpykmypa fodamaka, Wmo 3axmeea [puMeHy
epuKkacHUX cmpameauja yripasrbarba. TeXHUKE MallUHCKO2 y4eHsa Cy ce
rokasasie Kao CYWMUHCKU 8aXHU arnamu 3a udeHmugukauujy u
CMak-UBaH-€ MuX U3a30ea, Kao U 3a pa3ssujare Moayhux pewerba. CKymn
nodamaka MHUCT npedcmaserba uspasum rpumMep LWUPOKO KopuLheHux
cemosa rnodamaka y 08oj obriacmu, no3Ham ro Ceojoj 8E/IUKOj Konekyuju
PYKOM riucaHux yucgpapa, u 4Hecmo je yrompebrbagaH 3a Kracugukayuje u
aHanuse, Kao Wmo je mo rokasaHo y 080j cmyoduju.

Memode: Ckyn nodamaxka MHUCT kopuwheH je 3a ucrnumugar-e
pasnuyumux cmamucmuykux rocmynaka, yKk/bydyjyhu anzopumam
aHarnuse anasHux komroHeHmu (Principal Components Analysis (PCA —
lLA)) y3 nomoh rnipoepamckoe jesuka [lajmoH. Takofje, npumerseHuU cy
moderiu Mmemoda rnomropHuUx eekmopa (Support Vector Machine (SVM —
CBM)) 3a npouerusare ma4yHocmu Mmodesia y JIUHEapHUM U
HernuHeapHUM KrnacugukayuoHUM rnpobremuma.

Pesynmamu: [lokasaHo je da, uako mexHuka LA jecme ecpukacHa y
pedykogsarby OUMEH3UOHaSIHOCMU, OHa Huje MmOosuKo egbukacHa 3a
susyanusauujy. Llimasuwe, Hana3u mokasyjy 0a cy U JuHepaHu U
HenuHeapHu modenu CBM ycrnienu O0a egbukacHO Knacugbukyjy CKyn
rnodamaka.

Bakrbyyak: Pesynmamu cmyduje nokasyjy da CBM moxe da 6yde
ehukacHa mexHuka 3a peuagar-e rpobrema Knacugpukayuje.

KrbyyHe peyu: cmamucmudka aHanusa, MawuHcko yyere, CBM, LA,
Knacudbukauyuja.
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