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Abstract

Purpose. Disc cutters are the main cutting tools for the Tunnel Boring Machines (TBMs). Prediction of the number of con-
sumed disc cutters of TBMs is one of the most significant factors in the tunneling projects. Choosing the right model for
predicting the number of consumed disc cutters in mechanized tunneling projects has been the most important mechanized
tunneling topics in recent years.

Methods. In this research, the prediction of the number of consumed disc cutters considering machine and ground condi-
tions such as Power (KW), Revolutions per minute (RPM) (Cycle/Min), Thrust per Cutter (KN), Geological Strength Index
(GSI) in the Sabzkooh water conveyance tunnel has been conducted by multiple linear regression analysis and multiple
nonlinear regression, Gene Expression Programming (GEP) method and Support Vector Machine (SVM) approaches.

Findings. Results showed that the number of consumed disc cutters for linear regression method is R?=0.95 and
RMSE = 0.83, nonlinear regression method is — R? = 0.95 and RMSE = 0.84, Gene Expression Programming (GEP) method
is — R?=0.94 and RMSE = 0.95, Support Vector Machine (SVM) method is — R? = 0.98 and RMSE = 0.45.

Originality. During the analyses, in order to evaluate the accuracy and efficiency of predictive models, the coefficient of
determination (R?) and root mean square error (RMSE) have been used.

Practical implications. Results demonstrated that all four methods are effective and have high accuracy but the method of

support vector machine has a special superiority over other methods.
Keywords: regression, gene expression programming, support vector machine, Sabzkooh water conveyance tunnel

1. Introduction

Over the past few decades, the technology of rock TBMs
developed greatly. These machines have now reached a stage
that they can excavate nearly any kind of rock or ground, but
excavating with machine is highly risky, because it's always
possible to encounter a ground that the machine cannot exca-
vate or the ground is such hard and abrasive that cutting tool
consumption rate reach higher leading to impose more costs
to the project. Predicting the number of consumed disc cut-
ters is an important factor in improving the performance of
TBMs. It should be noted that the lower the number of discs
consumed, the TBM costs will also be reduced. Disc cutters
are the most important cutting tool used in TBM. At present,
single disc cutters are the most common and effective cutting
tool for rock excavation.

The design of the discs for optimal operation requires un-
derstanding of the interaction between disc, rock and the
forces on the disc when cutting the rock. Researchers have
been studied the forces involved in the disc and their depend-

Received: 9 June 2021. Accepted: 21 October 2021. Available online: 24 December 2021
© 2021. A. Afradi, A. Ebrahimabadi, T. Hallajian

ence on rock properties, diameter, disc geometry and depth
of penetration in the rock for many years. Disc consumption
rate of TBM in soft and hard rocks that are in contact with
excavated materials is one of the effective factors in the
mechanized tunneling process. One of the most critical exca-
vating conditions using the TBM is the impact with abrasive
soils and rocks, followed by excessive wear of the disc cut-
ters, which has been recorded and reported in many tunneling
projects around the world. Therefore, a general assessment of
the consumption of TBM disc cutters before excavating and
its refinement during tunnel excavating operations is neces-
sary due to its direct impact on excavating efficiency.
Accurate estimation of the number of disc cutters required
for excavating a certain area of the tunnel is a very difficult
and complex task due to numerous and effective parameters
such as lithological and geological conditions, TBM specifica-
tions and various performance parameters. Akiyama [1] pre-
sented a theory of the rock-breaking function of the disc cutter.
Evans [2] estimated relative efficiency of picks and discs for

Published by the Dnipro University of Technology on behalf of Mining of Mineral Deposits. ISSN 2415-3443 (Online) | ISSN 2415-3435 (Print)
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/),
which permits unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

68



http://www.nmu.org.ua/en/
http://mining.in.ua/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.33271/mining15.04.068
mailto:alirezaparsi804@yahoo.com
https://orcid.org/0000-0002-1071-3990
mailto:Arash.xer@gmail.com
https://orcid.org/0000-0002-1996-2731
mailto:Hallajian.san@gmail.com
https://orcid.org/0000-0002-2513-9944
mailto:A.Ebrahimabadi@iauctb.ac.ir

A. Afradi, A. Ebrahimabadi, T. Hallajian. (2021). Mining of Mineral Deposits, 15(4), 68-74

cutting rock. Snowdon et al. [3] studied the cutting mechanism
on discs in selected rocks. Sanio [4] proposed a model to pre-
dict the performance of disc cutters in anisotropic rocks. Ros-
tami [5] developed a force estimation model for rock fragmen-
tation with disc cutters. Frenzel et al. [6] studied at factors
influencing disc cutter wear. Roby et al. [7] proposed a new
model for disc cutter design. Numerous researchers [8]-[14]
have attempted to develop predictive models for disc cutters.
In the present study, the number of consumed disc cutters in
the Sabzkooh water conveyance tunnel will be predicted using
linear and nonlinear regression methods, support vector ma-
chine and gene expression programming algorithm.

2. Methods and materials

2.1. Describing the case study

Sabzkooh water conveyance tunnel is located in the south-
south east of Chaharmahal and Bakhtiari province, southwest
of Borujen city, and east-south east of Ardal and Nagan cities
in Iran. The northern portal of the tunnel is located in the
southern part of the Chaghakhor Dam Lake and the north of
the Klar Mountains. Access to it is through the Boroujen-
Boldaji cities to the village of Saki Abad and the Petrochemi-
cal town, as well as the Shahrekord-Nagan road to the villages
of Galugerd and Saki Abad. The southern crater of the tunnel
is located in the central part of Sabzkooh and southern Klar
Mountains. This section is accessible through the route of
Shahrekord-Nagan to the villages of Joghdan-Chahartagh and
Chehraz. At present, this route is paved to the Hyderabad
village and the rest of the route is towards the southern crater
of the tunnel [15]. Position and region of Sabzkooh water
conveyance tunnel, As can be seen in Figure 1.
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Figure 1. Position and region of Sabzkooh water conveyance tunnel
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2.2. Linear regression

It is one of the methods of regression analysis. In linear
regression, the dependent variable is a linear combination of
input or independent variables [16]. Of course, the dependent
variable does not need to be linear in relation to the inde-
pendent variables. The purpose of the regression analysis is to
identify the linear model of this relationship. In the following,
we use the dependent variable instead of the variable of the
response and the independent variable instead of the descrip-
tive variable. Since independent variables may be involved
and unknown factors also play a role in determining the value
of the dependent variable, the regression model with the most
suitable number considered an independent variable and con-
sidered the error rate as representative of other random factors
that could not be identified, which is expected to be less de-
pendent on the dependent variable variations [17], [18].

2.3. Nonlinear regression

Nonlinear regression can examine and measure model re-
lationships among independent and independent variables..In
nonlinear regression, at least one derivative of the function
relative to the parameters depends on at least one of the pa-
rameters.This kind of regression (nonlinear regression) is a
method for finding a nonlinear model to find the relation
between a dependent variable and a set of independent varia-
bles [19], [20]. Unlike the old way of linear regression that
limits the calculation of linear model; nonlinear regression
can examine and measure the model relationships arbitrarily
and voluntarily between independent and independent varia-
bles [21], [22]. The use of this is based on the estimation
algorithm. It is worth noting that this method is not done for
multi-formula (complex) models, which can be calculated by
the old way of linear regression [23].

2.4. Gene Expression Programming (GEP)

The GEP algorithm actually gathers the prevailing view
of two pre-inherit algorithms to cover the weaknesses of the
two. In this method, the chromosome genotype is similar to
the genetic algorithm of a linear structure, and the phenotype
of the chromosomes is a tree structure of variable length and
size similar to genetic programming algorithm. Hence, the
GEP algorithm, by overcoming the dual role of chromo-
somes in its predecessor algorithms, allows the application of
multiple genetic operators with a permanent health guarantee
for child's chromosomes, and at a rate faster than GP due to
structural variation above GA, the space of possible respons-
es to find a fuller picture. In fact, GEP has succeeded in
passing through the first and second thresholds in natural
evolution processes (Replicator Threshold and Phenotype
Threshold) from this perspective. Gene Expression Pro-
gramming (GEP) method is based on the Darwin's Theory of
Evolution. This method is the combining and developing two
methods of genetic algorithm and genetic programming,
which was invented by Ferreira [24]. In this method, linear
and simple chromosomes with constant length, similar to the
genetic algorithm and branch structures with varying sizes
and shapes, which include the set of terminals (problem
variables), and the set of functions (the principal mathemati-
cal operators), are combined similar to decomposition trees
in genetic programming [25], [26]. The first phase in GEP is
the formation of a primary population of solutions [27]. Then
the chromosomes are represented by expression tree. In the
next step, the degree of compatibility of each member of the
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chromosome population is determined by the fit function and
finally provides a suitable solution [28]. The values of the
parameters used by GEP to predict the number of consumed
disc cutters in the Sabzkooh water conveyance tunnel are
presented in Table 1.

Table 1. GEP parameters

Parameter description Parameter value

Head Size 10
Chromosomes 30
Number of genes 4
Mutation Rate 0.00138
Inversion Rat( 0.1
One Point Recombination Rate 0.00277
Two Point Recombination Rat( 0.00277
Gene Recombination Rate 0.00277
IS Transposition Rate 0.00546
RIS Transposition Rat( 0.00546
Gene Transposition Rat( 0.00546
Fitness Function RMSE
Linking Function (+)

2.5. Support vector machine

SVM is a type of learning system that is used to classify
the input data and to estimate the fitting function of the data,
so that the least error occurs in sorting the data and fitting
function. Data are divided into three categories: training data,
validation and testing so that training data will train support
vector machine, verify accuracy of the machine parameters,
and finally use this machine for classification or estimation
of test data. this method is based on constrained optimization
theory which uses the principle of minimizing the structural
error and leads to a general optimal response. Support Vector
Machine can also be used as a regression technique.

The basis of SVM classifier is a data linear classification,
and in linear division of data, we try to select a line that has a
more reliable margin[29], [30]. Before linear division for the
machine can classify data with high complexity, we take data
by phi function into a much larger space [31], [32]. To solve
a very high -dimension problem using these methods, we use
the Lagrange duality theorem for converting the desired
minimization problem to its dual form, which, instead of the
complex phi function, which takes us to a high-dimension
space, a simpler function with the name of the kernel func-
tion appears that is phi function vector product [33], [34].
Various kernel functions, such as Linear, Gaussian, RBF,
Polynomial, and Sigmoidal cores can be used [35]. The set-
tings used in SVM to predict the number of consumed disc
cutters in the Sabzkooh water conveyance tunnel are as de-
scribed in Table 2.

Table 2. SVM parameters
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2.6. Database

Input and output variables of the predictive models of the
number of consumed disc cutters in the Sabzkooh water
conveyance tunnel are shown in Table 3 and the descriptive
statistics of data shown in Table 4.

Table 3. Input and output variables of the predictive models

Power (KW), Revolutions per minute

Input (RPM)(Cycle/Min), Thrust per Cutter (KN),
Geological Strength Index (GSI)
Output Number of consumed disc cutter

Table 4. Descriptive statistic of database

Power Revolgtions Thrust per Geological Number of
Model (KW) per minute cutter (KN) Strength consumed
(RPM)(cycle/min) Index (GSI) disc cutter
Mean 557 6.1379 252.8117 49.8093 15.40
N 99 99 99 99 99
Std. Deviation 126.960 1.75778 30.04549 13.47463 3.964
Minimum 440 2.97 160.96 27 9
Maximum 1100 10.00 310.86 83 22
Variance 16119.050 3.090 902.731 181.566 15.713
Harmonic Mean 534 5.6483 248.8623 46.0056 14.36
Geometric Mean 545 5.8902 250.9114 47.9256 14.88
Std. Error of Mean 12.760 0.17666 3.01969 1.35425 0.398

2.7. Evaluation criteria

The definition of determination coefficient (R?) is rela-
tively simple: “determination coefficient (R?) indicates that
the percentage of variations of a variable is dependent on the
instrument of the independent variable” or, in other words,
the determination coefficient indicates that “how much of the
variation of the dependent variable is affected by the inde-
pendent variable and the rest of the dependent variable
changes are related to other factors”. The root mean squared
error (RMSE) is considered as a measure of absolute error
between precipitation and observation. In this study, in order
to evaluate the accuracy and performance of the models, the
coefficients of determination (R?) and root mean square error
(RMSE) is used [36].
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3. The results of modelling

3.1. Predicting by linear regression

Linear regression analysis is applied to the database to ob-
tain a prediction model for the number of consumed disc cutter.
With this respect, the determination coefficient of the multivari-
ate linear regression model is presented in Table 5. The regres-
sion coefficients related to the predictive model of consumed
disc cutter in this tunnel are presented in Table 6, as well as the
linear relationship achieved from these coefficients between the
independent variables and number of consumed disc cutter used,
as described by Equation 1. Also, the distribution diagram and
the matching diagram between the measured values of number
of consumed disc cutter or target and the predicted number of
consumed disc cutter are shown in Figures 2 and 3, respectively.
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Table 5. Coefficient of determination of linear regression

: Std. Error
Model R R Square Adjusted of the
R Square -
Estimate
1 0.978a 0.956 0.955 0.8447

*a. Predictors: (constant), Power (KW), RPM (cycle/min), Thrust
per Cutter (KN), GSI

Table 6. Regression coefficients of linear regression
Standardized

Unstandardized

Model coefficients coefficients t Sig.
B Std. Error Beta

Constant 0.381 0.348 1.097 0.275
Power (KW) 0.011 0.001 0.389 8.899 0.000
RPM 0268  0.086 0124 3128 0002
(cycle/min)
Thrust per
Cutter (KN) 0.019 0.003 0.234 5.464 0.000
GSlI 0.089 0.016 0.302 5.476 0.000

“a. Dependent Variable: Number of consumed disc cutter
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3.2. Predicting by Nonlinear Regression

As part of study, the database was analyzed through non-
linear regression modeling. The determination coefficient of
the multivariate nonlinear regression model to predict the
number of TBMs consumed disc cutter is shown in Table 7.
The regression coefficients related to the predictive model of
the number of consumed disc cutter in this tunnel is listed in
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Table 8, as well as the nonlinear relationship created by these
coefficients between the independent variables and the num-
ber of consumed disc cutter, are described in Equation 2.
Moreover, the distribution diagram and the matching dia-
gram of the measured values and the predicted values of the
number of consumed disc cutter by predictive model are
shown in Figures 4 and 5, respectively.

Table 7. Coefficient of determination of nonlinear regression

. Std. Error
Model R R Square Adjusted of the
R Square .
Estimate
1 0.977a 0.955 0.953 0.8599

*a. Predictors: (constant), Power (KW), RPM (cycle/min), Thrust
per Cutter (KN), GSI

Table 8. Regression coefficients of nonlinear regression
Unstandardized  Standardized

Model coefficients coefficients t Sig.
B Std. Error Beta

Constant 1.515 0.573 2.645 0.010
Power (KW) -0.073 0.009 -0.336 -8.457 0.000
RPM . 0.149 0.049 0.127 3.072 0.003
(cycle/min)

Thrust per

Cutter (KN) 0.266 0.048 0.241 5.529 0.000
GSI 0.374 0.058 0.350 6.400 0.000
*a. Dependent Variable: Number of consumed disc cutter
Number of consumed disc cutter = 0.42 +
+0.0028POWER + 0.56RPM —0.02RPM 2 + 2
+0.037Thrust per cutter®8% 4 0.179G51 %88
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Figure 4. Distribution diagram by nonlinear regression
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3.3. Predicting by the Gene
Expression Programming Model

The coefficient of determination (R%) and the root mean
square error (RMSE) and distribution diagram of the Gene
Expression Programming Model (GEP) for predicting the
number of consumed disc cutters in the Sabzkooh water con-
veyance tunnel are shown in Figure 6. The matching diagram
of the measured values of the number of consumed disc cutters
or target and the predicted values of the number of consumed
disc cutters by the GEP predictive model is shown in Figure 7.
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Tree expression of predictive relation of cutters in this tunnel,
created by the GEP model, is shown in Figure 8 between input
variables and the number of consumed disc cutters. The mathe-
matical expression of this equation is described in Equation (3):

ET1= \/\/Q/e\/Thrust per Cutter+POWER POWER:

ET2=4/JGSI -RPM;
1

ET3= .
\/\/\/RPM 1217 eFPM 217

3.4. Predicting the number of consumed disc
cutters in the Sabzkooh water conveyance tunnel
by the Support Vector Machine Model

The coefficient of determination (R?) and the root mean
square error (RMSE) and distribution diagram of the Support
Vector Machine Model (SVM) for predicting the number of
consumed disc cutters in the Sabzkooh water conveyance
tunnel are shown in Figure 9.

)
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Sub-ET1

Sub-ET1

Figure 8. Expression tree of predictive relation between the num-
ber of consumed disc cutters by GEP model in Sabzkooh
water conveyance tunnel

The matching diagram of the measured values of the
number of consumed disc cutters or target and the predicted
values of the number of consumed disc cutters by the SVM
predictive model is shown in Figure 10.
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Figure 9. Distribution diagram by SVM
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4, Conclusions

By the rapid development of tunnel and technology of
underground spaces, increasingly tunnel boring machine
(TBM) play an important role in hard rock tunnel excavating.
The mechanized excavating technique in the construction of
the tunnel has attracted much attention due to many ad-
vantages over other common methods. Tunnel boring ma-
chine is often used to excavate long tunnels under various
geological conditions. With the rapid growth of tunnel boring
machines in rock tunnel projects around the world, especially
over the past two decades, it is required to be predicted the
number of consumed disc cutters. Predicting the number of
consumed disc cutters is an important factor in improving the
performance of tunnel boring machines. TBM rock cutting is
accomplished by the cutterhead.

The cutting tools on the cutterhead are the parts which in-
teract directly with rocks. Number of consumed disc cutter is
a crucial problem that influences the working efficiency of
tunnel boring machines (TBMs). In this study, linear and
nonlinear multivariate regression analysis, GEP and SVM
were used to predict the number of consumed disc cutters in
the Sabzkooh water conveyance tunnel and to predict the
number of consumed disc cutters, four parameters of Power
(KW), Revolutions per minute (RPM)(cycle/min), Thrust per
Cutter (KN), Geological Strength Index (GSI) as independ-
ent variables and the number of consumed disc cutters are
considered as a dependent variable. In this study, in order to
evaluate the accuracy and efficiency of predictive models of
TBM disc cutters, the index of coefficient of determination
(R?) and root mean square error (RMSE) is used.

Results showed that number of consumed disc cutter for
linear regression method is R?=0.95 and RMSE = 0.83,
nonlinear regression method is R? = 0.95 and RMSE = 0.84,
Gene Expression Programming (GEP)method is R? = 0.94
and RMSE = 0.95, Support Vector Machine (SVM) method
is R?=0.98 and RMSE = 0.45. According to the results all
four methods have high accuracy, with the difference that
the support vector machine has a special superiority over
other methods.
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IIporno3yBaHHs KIILKOCTI BATPAYeHUX JUCKOBHX (ppe3 TyHeJIenpoxXiTHHIBKOI0
KOMOaiiHa i3 BUKOPHCTAHHSAM IHTeJIeKTyaIbHUX METONIB

A. Adpani, A. Edparimadani, T. Xamramksaa

Merta. Bubip npaBriibHOI MO TSl IPOTHO3YBAHHS KUTBKOCTI BUTPAUSHHX IUCKOBUX (pe3 Y MPOEKTaX MEXaHi30BaHO! IPOXO/IKH TYHENIB.

Metoauka. Y 1p0My AOCTIKSHHI KiTBKICTh BUTPAuYeHUX AUCKOBHX (pe3 Oyia po3paxoBaHa 3 ypaXyBaHHSIM XapaKTepHCTHK KOMOaiiHa
Ta IPYHTY, TaKUX SIK MOTYXHicTh (KBT), KinbKicTh 00epTiB 3a xBuKMHY (00/XB) (LUKI/XB), 3ycuiuist Ha ¢pesy (kH), iHIekc reonoriyHol Mil-
Hocti (GSI) mts ymoB BomompoigHoro TyHenro Ca03kox. [IporHozyBaHHS OyJ0 MpOBEAEHO 3a IOMOMOTOK MHOXKHHHOTO JIiHIHHOTO Ta
HENIHIHOTO perpeciifHoro aHamizy, Metoxy nporpamyBaHHs ekcrpecii rediB (GEP) Ta metony omopaux Bektopie (SVM). B xoni anamizy
JUTSL OLiHKM TOYHOCTi Ta e)EeKTHBHOCTI TIPOTHO3HUX MOJIeNell BAKOPUCTOBYBanucs koedimienT nerepminanii (R?) Ta cepeHbOKBapaTHIHA
nomuika (RMSE).

PesyabTaTn. PesynbraTi mokaszasy, 10 HpPH IPOTHO3YBaHHI KiJABKOCTI BUTpauyeHHMX IUCKOBHX (pe3 MeToloM IiHiifHOi perpecii
R? =0.95 ta RMSE = 0.83, meTosiom Heniniitnoi perpecii — R? = 0.95 ta RMSE = 0.84, meTojioM nporpamysanHs ekcrpecii renis (GEP) —
R? = 0.94 Ta RMSE = 0.95, i meToa0om onopuux Bektopis (SVM) — R? = 0.98 Ta RMSE = 0.45. Pe3yabTaTi MOKa3aH, O BCi YOTUPH METO-
I e(eKTHBHI Ta MAlOTh BUCOKY TOUHICTb, aJle METO/I OTIOPHHUX BEKTOPIB Ma€ MepeBary nepe iHIIMA METOJaMH.

HaykoBa HoBU3HA. BcTaHOBIEHO XapakTep pO3MOIUTY Ta BIAMOBIZHOCTI MK BUMIPSHIMHU 3HAYEHHSIMH KUTBKOCTI BUTPAYCHUX AUCKO-
BHX (ppe3 Ta IPOrHO30BAHOIO KiJIbKICTIO BUTPAUEHNX AUCKOBHX ()pe3 3a JOIMOMOTOI0 Pi3HUX METOJIB MAaTEMATHYHOTO MOJIETIIOBAHHS.

IIpakTnyHa 3HAYUMicTh. Bu3HaueHO ONTHManbHUH METOX MPOTHO3YBAHHS BUTPATH JUCKOBUX (pe3, IO JTO3BOJISIE MiABAIIUTH e(ek-
THBHICTB IIPOXOJPKEHHSI TYHEIiB.

Knrwwuosi cnosa: npoxionuyvkuii Kombaiis, pecpecitinuil ananis, npocpamy8aHHs eKkCnpecii 2enie, Memoo ONOPHUX 8eKMOopie, 000NPO-
GIOHULL MyHelb

l'[porﬂo3up03anne KOJIUYIECTBA U3PACXOJOBAHHBIX TUCKOBBIX (1)[)63 TOHHEJICNPOXOAIECKOI'O
KOMOaiiHa ¢ HCIOJIb30BaHUEM HHTECVICKTYAJIbHBIX ME€TO/10B

A. Adpanu, A. D6parumabamy, T. Xannamksax

Ieas. BeiOop npaBUIbHOM MOJIENH TS TPOTHO3UPOBAHUS KOJIMYECTBA N3PACXOAO0BAHHBIX TUCKOBBIX ()pe3 B MPOEKTaxX MEXaHU3UPOBAH-
HOM NMPOXOJIKU TYHHENEH.

MeTtoauka. B 1aHHOM HCCII€I0BaHUH KOJIHYECTBO U3PACXOMA0BAHHBIX JUCKOBBIX (hpe3 ObUIO PACCUMTAHO C YIETOM XapaKTEPUCTHK KOM-
GaifHa W TpyHTa, TAKUX KaK MOIIHOCTH (KBT), urciio 060poToB B MuHyTy (06/MuH) (Lukin/MuH), yeunue Ha Gpesy (kH), HHAEKC reonornye-
ckoit mpounocty (GSI) s yenosuit Bogonposoaaoro ToHens Cad3kox. [IporHozupoBanne GbUI0 MPOBEAEHO C MOMOIIBIO MHOKECTBEHHO-
0 JINHEITHOTO U HEIMHEHHOro PerpecCHOHHOr0 aHaiuu3a, MeToja mporpaMMupoBanus dkcnpeccu reHoB (GEP) 1 MeToa onmopHBIX BEKTO-
poB (SVM). B xo/1e ananu3a ist OIEHKH TOYHOCTH ¥ 3(PGEKTHBHOCTH MPOTHO3HBIX MOIEIICH UCTIOIB30BATUCH KOIPPHUITUSHT TeTePMUHAIINN
(R?) u cpennexBanparnunas ommbka (RMSE).

Pe3yabTaThl. Pe3ynpTaThl 1OKa3aaM, YTO NPH NPOTHO3MPOBAHHM KOJMYECTBA M3PACXOJIOBAHHBIX AMUCKOBBIX (pe3 METONOM JMHEItHOI
perpeccun R?=0.95 u RMSE = 0.83, metonom Hermueiinoii perpeccun — R2=0.95 u RMSE = 0.84, MeTO/10M MpOrpaMMHpPOBAHHS 3KC-
npeccun renoB (GEP) — R? = 0.94 u RMSE = 0.95, u MeTos10M omopHbIx BekTopos (SVM) — R? = 0.98 u RMSE = 0.45. Pe3ynbTaThl 10Ka3a-
JIM, 4TO BCE 4eThIpe MeTona d((PEeKTHBHBI U 001aaloT BEICOKOW TOYHOCTBIO, HO METOJ] OIIOPHBIX BEKTOPOB MMEET MPEHMYIIECTBO Iepen
JIPYTMMH METOAaMH.

HayuyHasi HOBH3HA. YCTaHOBJICH XapaKTep PaclpeeIeHNs] U COOTBETCTBUS MEX/Y M3MEPEHHBIMHI 3HAYSHUSAMHU KOJIMYECTBA U3PACXOI0-
BaHHBIX JUCKOBBIX ()PE3 M MPOrHO3UPYEMbIM KOJIMYECTBOM H3PACXOAOBAHHBIX AMCKOBBIX ()PE3 IPHU MOMOIIH PA3INYHBIX METOJ0B MaTeMa-
THYECKOTO MOZCITHPOBAHHSL.

IIpakTHyeckas 3HAa4MMOCTh. ONpesesieH ONTUMAIbHBIH METO/ NPOrHO3MPOBAHHUS PaCXOAa AUCKOBBIX ()pe3, YTO MO3BOJISIET MOBBICUTD
3¢ PeKTHBHOCT IPOXOAKK TyHHETEH.

Kntouegwie cnosa: npoxooueckuil KOMOQIH, pecpecCUOHHbIN AHATU3, NPOSPAMMUPOBANUE IKCNPECCUU 2eHO8, MeMOO ONOPHBIX 8EKIMOPOS,
8000NPOBOOHBIU MOHHENb
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