ISSN 2713-3192
DOI 10.15622/ia.2024.23.2
hitp://ia.spcras.ru

UHPOPMATUKA
U ABTOMATU3ALLUA

INFORMATICS
AND AUTOMATION

Cno6 ¢uL, PAH

CaHkT-lNMeTepObypr
2024



INFORMATICS AND AUTOMATION

Volume 23 Ne 2, 2024

Scientific and educational journal primarily specialized in computer science, automation,

robotics, applied mathematics, interdisciplinary research

Founded in 2002

Founder and Publisher

St. Petersburg Federal Research Center of the Russian Academy of Sciences (SPC RAS)

Editor-in-Chief

R. M. Yusupov, Prof., Dr. Sci., Corr. Member of RAS, St. Petersburg, Russia

A. A. Ashimov

I. A. Kalyaev

Yu. A. Merkuryev
A. |. Rudskoi

V. Sgurev

B. Ya. Sovetov
V. A. Soyfer

0. Yu. Gusikhin
V. Delic

A. Dolgui

M. N. Favorskaya
M. Zelezny

H. Kaya

A. A. Karpov

S. V. Kuleshov

A. D. Khomonenko
D. A. lvanov

K. P. Markov

R. V. Meshcheryakov
N. A. Moldovian
V. V. Nikulin

V. Yu. Osipov

V. K. Pshikhopov
A. L. Ronzhin

H. Samani

A. V. Smirnov

B. V. Sokolov

L. V. Utkin

L. B. Sheremetov

Editorial Council

Prof., Dr. Sci., Academician of the National Academy of Sciences of the Republic
of Kazakhstan, Almaty, Kazakhstan

Prof., Dr. Sci., Academician of RAS, Taganrog, Russia

Prof., Dr. Sci., Academician of the Latvian Academy of Sciences, Riga, Latvia
Prof., Dr. Sci., Academician of RAS, St. Petersburg, Russia

Prof., Dr. Sci., Academician of the Bulgarian Academy of Sciences, Sofia, Bulgaria
Prof., Dr. Sci., Academician of RAE, St. Petersburg, Russia

Prof., Dr. Sci., Academician of RAS, Samara, Russia

Editorial Board

Ph. D., Dearborn, USA

Prof., Dr. Sci., Novi Sad, Serbia

Prof., Dr. Sci., St. Etienne, France

Prof., Dr. Sci., Krasnoyarsk, Russia

Assoc. Prof., Ph.D., Plzen, Czech Republic
Assoc. Prof., Ph.D., Utrecht, Netherlands
Assoc. Prof., Dr. Sci., St. Petersburg, Russia
Dr. Sci., St. Petersburg, Russia

Prof., Dr. Sci., St. Petersburg, Russia
Prof., Dr. Habil., Berlin, Germany

Assoc. Prof., Ph.D., Aizu, Japan

Prof., Dr. Sci., Moscow, Russia

Prof., Dr. Sci., St. Petersburg, Russia
Prof., Ph.D., New York, United States
Prof., Dr. Sci., St. Petersburg, Russia
Prof., Dr. Sci., Taganrog, Russia

Prof., Dr. Sci., Deputy Editor-in-Chief, St. Petersburg, Russia
Assoc. Prof., Ph.D., Plymouth, UK

Prof., Dr. Sci., St. Petersburg, Russia
Prof., Dr. Sci., St. Petersburg, Russia
Prof., Dr. Sci., St. Petersburg, Russia
Assoc. Prof., Dr. Sci., Mexico, Mexico

Editor: A.S. Lopotova Interpreter: Ya.N. Berezina
Art editor: N.A. Dormidontova

Editorial office address

SPCRAS, 39 litera A, 14-th line V.O., St. Petersburg, 199178, Russia

e-mail: ia@spcras.ru, web: http://ia.spcras.ru
The journal is indexed in Scopus

The journal is published under the scientific-methodological supervision of Department

for Nanotechnologies and Information Technologies of the Russian Academy of Sciences
© St. Petersburg Federal Research Center of the Russian Academy of Sciences, 2024



MHOOPMATUKA U ABTOMATUSALUA

Tom 23 Ne 2, 2024

HayuHbli, Hay4HO-06pa3oBaTenbHbIl }KypHaa c 6a3oBoi cneunanusaumen

B obnactu MHd)OpMaTVIKM, ABTOMaTMU3auun, pOﬁOTOTeXHVIKM, I'IpMKJ'Ia,D,HOI‘/’I MaTeMaTUKN

N MeXANCLUNANHAPHbBIX UCCNEe0BAHUN.
MypHan ocHoBaH B 2002 roay

Yupeputenob u usgarenpb

depepanbHoe rocysapcTBeHHoe B0 KeTHOE yUpeadeHne HayKku
«CaHKT-MeTepbyprcknini ®egepanbHbiil UCCNEA0BATENLCKUI LEHTP POCCUIICKOM akafeMnm Hayk»

(CN6 GULL PAH)

FnaBHbIli pegakTop

P. M. IOcynos, yn.-kopp. PAH, a-p TexH. HayK, npod., CaHKT-MeTepbypr, PO

A. A. Awumos

PepaKuMOHHbIN coBeT

akagemvk HauvoHanbHoit akagemumn Hayk Pecnybnukv KasaxcraH, A-p TexH. Hayk, npod.,
Anmartbl, KazaxcraH

WU. A. KansieB akapgemuk PAH, o-p TexH. Hayk, npod., TaraHpor, P

10. A. MepkypbeB akagemuk JlaTeuiickoit akagemumn Hayk, a-p, npod., Pura, Jlateus

A. U. Pyackom akagemuk PAH, g-p TexH. Hayk, npod., CaHkT-Metepbypr, P®

B. Crypes akagemuk bonrapckon akagemumn Hayk, A-p TexH. Hayk, npod., Cochus, Bonrapus

B. A. CoBeToB akapgemuk PAO, A-p TexH. Hayk, npod., CaHkT-lNeTepbypr, P®

B. A. Colicrep akapgemuk PAH, o-p TexH. Hayk, npod., Camapa, PO
PepakumoHHana Konnerua

0. 10. 'ycuxun A-p Hayk, [inabopH, CLUA

B. fenuny BA-p TexH. Hayk, npod., HoBu-Caa, Cepbus

A. B. flonruw A-p Hayk, npod. CeHT-OTbeH, dpaHuus

M. XenezHb! [-p Hayk, AoueHT, MNnb3eHb, Yelickas pecnybnuka

. A. UBaHoB [A-p 3KOH. Hayk, npod., bepnuH, lepmaxns

X. Kans B-p HayK, AOLeHT, YTpexT, HnaepnaHabl

A. A. Kapnos [1-p TeXH. HayK, aoueHT, CaHkT-TMeTepbypr, PO

C. B. Kynewos [-p TexH. Hayk, CaHkT-MNeTepbypr, PO

K. M. MapkoB BA-p Hayk, foLeHT, Augy, AnoHus

P. B. MewepsikoB DO-p TexH. Hayk, npod., Mocksa, PO

H. A. MongossiH [-p TexH. Hayk, npod., CaHkT-leTepbypr, PO

B.B. Hukynun A-p Hayk, npod., Hbto-Mopk, CLUA

B.10. Ocunos [-p TexH. Hayk, npod., CaHkT-MNeTepbypr, PO

B. X. Mwuwuxonos BA-p TexH. Hayk, npodd., TaraHpor, P®

A. 1. PoHXuH B-p TeXH. Hayk, npod., 3aM. rnasHoro pepaktopa, CaHkT-MNetepbypr, P®

X. CamaHu B-p Hayk, poueHT, MNnumyTt, CoeanHéHHoe KoponescTBo

A. B. CmupHoB [-p TexH. Hayk, npod., CaxkT-MNeTtepbypr, PO

B. B. Cokonos A-p TeXH. Hayk, npod., CaHkT-MNeTepbypr, PO

1. B. YTKuH [-p TexH. Hayk, npodp., CaHkT-MNeTepbypr, PO

M. H. ®aBopckas BA-p TexH. Hayk, npodd., KpacHosipck, PO

A. 1. XomoHeHKo BA-p TexH. Hayk, npodd., CaHkT-lNeTepbypr, P

. B. lLlepemeTOB [O-p TexH. Hayk, Mexuko, Mekcuka

BbinycKatowmii pegakrop: A.C. Jlonotosa

MepeBoauumk: A.H. bepe3nHa

XyaorkecTBeHHbI pegakTop: H.A. lopMna0oHTOBA

Appec peaakuuu

14-a nvHna B.O., 4. 39, auT. A, . CaHkT-letepbypr, 199178, Poccun

e-mail: ia@spcras.ru, cait: http://ia.spcras.ru
YypHan uHgeKkcupyeTcs B mexayHapoaHoi 6a3e gaHHbIX Scopus
KypHan BxoauT B «[lepeyeHb BeAyLMX PeLLeH3UPYEMbIX HAYYHbIX KYPHAN0B U U3LAHU,
B KOTOPbIX A0/KHbI 6bITb ONYBGAMKOBaHbI OCHOBHbIE Hay4HbIE PE3Y/bTaTbl AUCCEPTALMM
Ha COMCKaHMe YYEHOM CTeNeHn AOKTOPa U KaHAMAATa HayK»
KypHan BbINycKaeTca npu Hay4HO-METOAMYECKOM pyKoBoacTBe OTaeNeHUA HAHOTEXHOIOMMI
1 MHOOPMALIMOHHBIX TEXHONOTMI POccMitcKol akagemum Hayk
© depepanbHoe rocyfapcTBEHHOE BIOAMKETHOE YUpeKAeHEe HAYKK
«CaHKT-MNeTepbyprckunii PegepanbHbiil UcCnefo0BaTENbCKUIA LLeHTP PoccuitcKoi akagemun Hayk», 2024
PaspeluaeTca BocnpousBeaeHVe B Npecce, a TakKe cooblueHne B 3dup uam no kabento onyb6IMKoBaHHbIX
B COCTaBe NeYyaTHOro NepmoanYeckoro n3aanuns - )xypHana «MH®OPMATUKA U ABTOMATU3ALNA»
cTaTei No TEKYLLMM 3KOHOMUYECKMM, NOSUTUYECKUM, COLMANbHBIM U PEIUTMO3HBIM BOMPOCaM
c 06A3aTeNbHbIM YKa3aHMEM UMEHM aBTOPA CTAaTbW M NEYaTHOrO NePUOANYECKOTO U3JAHNUA
)ypHana «MHOPOPMATUKA N ABTOMATU3ALLNA»



CONTENTS

Mathematical modeling and Applied Mathematics

O. Zayats, M. Korenevskaya, A. Ilyashenko, V. Muliukha

PRIORITIZED RETRIAL QUEUEING SYSTEMS WITH RANDOMIZED
PUSH-OUT MECHANISM

E. Karepova, V. Petrakova

STATISTICAL SUBSTANTIATION OF THE REVISING OF READINGS BY
THE CITYAIR STATION OF PM2.5 CONCENTRATION LEVELS IN THE
ATMOSPHERIC BOUNDARY LAYER OF THE CITY

A. Ebraheem, I. Ivanov
TOWARDS AUTOMATED AND OPTIMAL IIOT DESIGN

A. Sirota, A. Akimov, R. Otyrba
IMAGE WARPING AND ITS APPLICATION FOR DATA AUGMENTATION
WHEN TRAINING DEEP NEURAL NETWORKS

Artificial Intelligence, Knowledge and Data Engineering

N.S. Gupta, K.R. Ramya, R. Karnati

A REVIEW WORK: HUMAN ACTION RECOGNITION IN VIDEO
SURVEILLANCE USING DEEP LEARNING TECHNIQUES

D. Kravchenko, Yu. Kravchenko, A.M. Mansour, J. Mohammad, N. Pavlov
ALGORITHM FOR OPTIMIZATION OF KEYWORD EXTRACTION BASED
ON THE APPLICATION OF A LINGUISTIC PARSER

D. Baloni, D.S. Rai, P.G. Sivagaminathan, H. Anandaram, M. Thapliyal, K. Joshi
H-DETECT: AN ALGORITHM FOR EARLY DETECTION OF
HYDROCEPHALUS

V. Romaniuk, A. Kashevnik
INTELLIGENT EYE GAZE LOCALIZATION METHOD BASED ON EEG
ANALYSIS USING WEARABLE HEADBAND

A.E. Astha, A. Vaish

INFORMATION SECURITY RISK ASSESSMENT IN INDUSTRY
INFORMATION SYSTEM BASED ON FUZZY SET THEORY AND
ARTIFICIAL NEURAL NETWORK

G. Vorobeva, A. Vorobev, G. Orlov
THE CONCEPT OF PROCESSING, ANALYSIS AND VISUALIZATION OF
GEOPHYSICAL DATA BASED ON ELEMENTS OF TENSOR CALCULUS

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print)
ISSN 2713-3206 (online) www.ia.spcras.ru

325

352

377

407

436

467

495

521

542

572

323



COJEPXKAHUE

MaremMaTH4ecKoe MO/IeIMPOBAHNE H PHKJIATHAS MaTeMATHKA
0O.1. 3asu, M.M. Kopenesckas, A.C. Unesmenko, B.A. Mymtoxa
CHUCTEMA MACCOBOTI'O OBCJIVKUBAHI S C ABCOJIFOTHBIM
TIPUOPUTETOM, BEPOSITHOCTHBIM BBITAJIKUBAIOIIIUM
MEXAHN3MOM U TTOBTOPHBIMU 3ASIBKAMUA

E.Jl. Kapenosa, B.C. [lerpakoBa

CTATUCTUYECKH OBOCHOBAHHA S KOPPEKTHPOBKA TTOKA3AHUI
JTATUYMKOB CTAHLIUI CITYAIR YPOBHS KOHIIEHTPALIA
B3BEIIEHHBIX YACTHI] PM2.5 B IIPUBEMHOM CJIOE ATMOC®EPBI
T'OPOJA

A. Dopaxum, U.A. MBanoB
HA IIYTU K ABTOMATU3MPOBAHHOMY U OIITUMAJIBHOMY
TTPOEKTMPOBAHUIO CUCTEM IIOT

A.A. Cuporta, A.B. Axumos, P.P. Otsrpba

JE®OPMUPYIOIINE [TPEOBPA3OBAHUS M30BPAXXEHUI U X
IMPUMEHEHUE ITPY1 AYTMEHTALMWUN JAHHBIX J1JIs1 OBYUEHUA
[JIYBOKMX HEMPOHHBIX CETEM

McKycCTBeHHBIH HHTEICKT, HHKEHEPHs JAHHbIX U 3HAHMIT

H.C. T'ymra, K.P. Pambs, P. Kapnaru

PACITIO3HABAHUE JEVICTBUM YEJIOBEKA B CUCTEMAX
BUJEOHABJIIOJAEHMA C UCIIOJIbB3OBAHMEM METOOB I''TYBOKOI'O
OBYYEHUS - OB30P

J1.1O. Kpasuenko, FO.A. KpaBuenko, A. Mancyp, XK. Moxamman, H.C. I1aBnos
AJITOPUTM OIITUMU3AIINM N3BJIEYEHU S KIIFOUEBBIX CJIOB HA
OCHOBE ITPUMEHEHV JINHI'BUCTUYECKOI'O ITAPCEPA

. banonw, /[.C. Paii, IL.T". CuBaramunaran, X. Anannapam, M. Taruusin,
K. Dxomm
H-DETECT: AJITOPUTM PAHHEI'O BBISIBJIEHUA T JPOLIEDAJTNN

B.P. Pomantok, A.M. KaneBunk

METO/I MHTEJIJIEKTY AJIBHOM JIOKAJI3ALIIN B31"J'IHZ[A HA
OCHOBE AHAJIM3A 23T C UCIIOJIbB30OBAHUEM HOCUMOI
T'OJIOBHOM TIOBSI3KI

A.D. Actxa, A. Baifm

OLIEHKA PUCKOB MH®OPMALIMOHHOM BE3OITACHOCTH B
OTPACJIEBOI THOOPMAIIMOHHON CUCTEME HA OCHOBE TEOPUU
HEYETKMX MHOXECTB U UICKYCCTBEHHON HEMPOHHOI CETH

I'.P. BopoGbeBa, A.B. Bopo6ses, I'.O. Opnos

KOHLEIILMSA OBPABOTKH, AHAJIM3A U BU3YAJIM3ALIMN
TEO®U3NYECKUX JJAHHBIX HA OCHOBE 2JIEMEHTOB TEH30PHOI'O
WCYUCJIEHUA

324 Wndopmaruka u aBromarmsanus. 2024. Tom 23 Ne 2. ISSN 2713-3192 (meu.)

ISSN 2713-3206 (ommaiin) www.ia.spcras.ru

325

352

377

407

436

467

495

521

542

572



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

YK 519.872.[1+3+8] DOI 10.15622/ia.23.2.1

O.1. 3A411, M.M. KOPEHEBCKAS, A.C. MJIBAIIEHKO, B.A. MYJIIOXA
CUCTEMA MACCOBOTI'O OBCJIYXKUBAHUA C
ABCOJIIOTHBIM IPUOPUTETOM, BEPOSITHOCTHBIM
BBITAJIKUBAIOIIIUM MEXAHNU3MOM U IOBTOPHBIMUA
3ASIBKAMHA

3asy O.U., Kopenescxas M.M., Hivawenxko A.C., Mynwxa B.A. Cucrema MaccoBOro
00C/Ty;KMBaHUSI € a0CONIOTHBIM TNPHOPHTETOM, BEPOATHOCTHBIM BbITAJIKHBAIOLIIHM
MEeXaHHU3MOM H MOBTOPHBIMH 3asIBKAMM.

Annotamusi. CTaThsl HOCBSIICHA HCCICAOBAHHUIO OJHOKAHAJIBHON CHCTEMBI MacCOBOTO
obcmyxuBanus. Ha BXon cmcTeMsl MOZAIOTCS [Ba CTAlMOHAPHBIX IIyaCCOHOBCKHX MOTOKA
3asBoK. IlepBblii M3 HUX 00JazaeT abCONOTHBIM MPUOPHTETOM IO OTHOIICHHIO KO BTOPOMY.
EmKocTh cHcTeMBl OrpaHMYeHa k 3asBKaMH. B cucTeme NpPHCYTCTBYET BEpOSTHOCTHBIN
BBITAIKMBAIOMINIA MEXaHH3M: €CIM IOMOLICIIAsT BHICOKOMPUOPUTETHAS 3asiBKA 3aCTAaeT BCE
MecTa B HaKOIUTENE 3aHATBIMHU, TO OHA C 3aJlaHHOI BEPOATHOCTBIO BBITAIIKMBAHUS ( MOXKET
BBITECHUTb M3 HAKOIHUTEIS OJHY HU3KOIPHOPUTETHYIO 3asIBKY, €CJIM TAKOBBIE B HEM MMEIOTCSI.
Bce 3asBKH 00CIY:KMBAIOTCS 10 OZHOMY M TOMY K€ [OKA3aTEIbHOMY 3aKOHY. 3asiBKH, HE
CyMEBIIIHE€ MONAacTh B CHCTEMY H3-32 OIPAaHMYEHHOCTH O0bEMa HAKOIMTENs, a TaKKe
BBITECHEHHbIE U3 HAKOIUTEIISI IPH cpabaThIBaHUH BHITAJIKMBAIOIIETO MEXaHH3Ma, HE TEPSIIOTCS
cpaszy OE3BO3BpATHO, a HANpPABIAIOTCS B OCOOYIO YacTh CHCTEMBI, Ha3bIBAEMYK OpOMTOW M
IpeIHAa3HAUCHHYIO JUIi COXPAaHEHUs ITIOBTOPHBIX 3asBOK. Ha opbure dopmupyroTcs nse
OTJICNbHBIC HEOTPAaHUUYEHHBIE OUYEPEH, COCTOAIIHNE, COOTBETCTBEHHO, 3 HU3KOIPUOPHTETHBIX
U BBICOKONPHOPUTCTHBIX MOBTOPHBIX 3asBOK. Ilpm OTCyTCTBMH CBOOOJHOrO MecTa
B HAKOIIMTEJIC BHOBb IIOJOIICIUING 3asBKM C 3aJaHHOIl BEPOSTHOCTHIO HACTOWYHBOCTH
¢ TIPUCOCIMHAIOTCA K COOTBETCTBYIOIIEH OpOMTanbHOH odepenu. Bpems mnpeObiBaHMS
HOBTOPHBIX 3asBOK Ha OpPOMTE PacHpesiesIeHO MO MOKa3aTeIbHOMY 3aKOHY, Mapamerp 3TOro
3aKOHA Pa3IM4acTCsl I pasHbIX TUIOB TpeboBaHuit. [Tocie oxunanus Ha OopoUTE BTOPUUHBIC
3asBKM BHOBb HANpaBIAIOTCA B CHUCTEMY. BeposATHOCTHBIE XapaKTEPUCTHKH OIMCAHHOH
CHCTEMBI PAaCCUUTHIBAIOTCS METOAOM MPOM3BOAAMINX (YHKIHH, paHEe MPEUIOKCHHBIM
aBTOpaMM Ul pacyeTa AHAJOIMYHBIX CHCTEM 0€3 MOBTOPHBIX TpeOoBaHMil. JleTanbHO
UCCIIElyeTCs 3aBHCHMOCTh BEPOSITHOCTEH IOTEpH OOOMX THIIOB 3asBOK OT ITapaMeTpPOB
CHCTEMBI, IPEXKE BCErO OT BEPOSITHOCTH BBITAIKMBAHUS d, EMKOCTH CHCTEMBI kK H BEPOSITHOCTH
HOBTOPHOTO OOpaleHns (BEPOSITHOCTH HACTOIYMBOCTH) ¢. [TokazaHo, 4TO paHee BBISBICHHBIC
B aHAJIOTHYHBIX 3aJa4ax Oe3 IMOBTOPHBIX oOpamienuit 3(GQeKT 3anmpanns cucteMsl U 3PheKT
JIMHEHHOCTH 3aKOHA IIOTEPh COXPAHSAIOT CBOIO CHJIy M TNPH HAIMYUK BTOPUYHBIX 3asBOK.
Teopernueckye pe3ybTaThl MOAKPEIUIIOTCS YMCICHHBIME pacdeTraMu. IlocTpoeHsl obiactu
3aNMpaHusl CUCTEMBI M 00JIACTH JeHCTBHS JMHEHHOrO 3aKkoHa motepb. Mccienyercss BiusHne
BEPOSITHOCTU TOBTOPHOro oOpamieHust ¢ Ha (GopMy 3TUX objacTedd, a TaKKe Ha KpPUBbBIE
3aBUCUMOCTH BEPOSITHOCTEH OTEPH 0OOUX TUIIOB 3asBOK OT BEPOSTHOCTH BBITAIKMBAHMU d.

KirodeBble cJI0Ba: TPUOPHUTETHBIE CHUCTEMBI MAacCOBOTO OOCTYKHUBAaHHUS, TEOPHS
MaccOBOTO OOCITy)XHBaHUs, aOCOMIOTHBIII HPHOPHTET, NMOBTOPHBIC 3asBKH, BEPOSTHOCTHBI
BBITAJIKUBAIOIINH MEXaHHU3M, JIMHEHHBII 3aKOH NOTeph, 3Q(EeKT 3amupaHus CHCTEMBI.

1. BBenenne. Cuctembr MaccoBoro oocnyxuanus (CMO) mmpoko
WCTIONB3YIOTCA TMPU W3YYEHUU U MOJETUPOBAHUU PEANBbHBIX IMPOLIECCOB,
TakUX, HalpuMmep, Kak Iepefadya JAHHBIX C  HUCIOJb30BAaHUEM
KOMIBIOTCPHBIX CETCH, MPH MAaTEMAaTUYeCKOM aHalu3e pPa3HOOOpPa3HBIX
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MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

SKOHOMHYECKUX W COLHAIBHBIX SBICHUH, a TakKe IMPH MOICIHPOBAHUU
Pa3IMIHOTO POJa IPOU3BOICTBEHHBIX CHCTEM.

OcHoBHBIMH ditIeMeHTaMu 1100011 CMO SBIAIOTCS BXOISIINI ITOTOK
3a4BOK, HAKOMHUTEIh OYEpPEenNd ¥ WCIOJHHUTENbHAS YacTh, BKIIIOYAIOIIAS
HEKOTOPOE YHCIIO KaHAJIOB OOCITyXuBaHHS. [Ipy 3TOM B MOAEIHh CHCTEMBI
9acTO MPHUXOIUTCS JOOABIATH CHICM(PHIECKIE YCI0XKHEHNUS, TI03BOIISIONIHE
OnucaTh peayibHble 0COOEHHOCTH ee¢ (QyHKIMOHUpoBaHMA. Tak, HampuMep,
anmnpoKCUMUPYS BXOJAIIMH MOTOK B paMKax Mojaenu nortoka Ilambma,
MOJYKHO BBIOpaTh KOHKPETHBIH BHJ IUIOTHOCTH BEPOSTHOCTH HWHTEpBaia
BPEMEHU MEXJIy MOMEHTAMU MOCTYIUICHHsS 3asfBOK, a TakXke 3a1aTh
HaJUIeXKAIIUi  3aKOH  paclpeiesieHus] AIUTENIbHOCTH — OOCITYKHBAaHHUSL.
B MHOrOmnoTokoBBIX ~ CHUCTEMax 4YacTo  Iel1eco00pa3HO  yYCTAaHOBHUTH
COOTBETCTBYIOIUI NPHOPUTET 3asABOK TOTO WM HHOTO THIA, a TaKKe
YCHIUTHh 3TOT TPHOPHUTET JOOABICHWEM BHITAJIKUBAIOIIETO MEXaHH3Ma,
KOTOPBIi TMpHW  TOJHOM  3alOJHEHWH  HAKONHTENsA JaeT  IPaBo
BBICOKOTIPHOPHUTETHEIM 3asiBKAM BBHITAJIKUBATh U3 HETO HU3KOIIPHOPUTECTHBIC
u 3aHuMath ux wMecto [l]. Paspaboran Ttakke wenslid psnm Ooxee
cnenu(@UIECKUX W TOHKUX ycinokHeHHH wmomenun CMO, nHampuMmep,
YUUTBIBAIOMIMX (aKTOp pa3orpeBa WINM OXJIKACHUs cucTeMsl [2, 3],
JTUHAMHUYECKH U3MEHSIOIUECS IPUOPUTETHI [4], U, HaKOHEIl, BO3MOXKHOCTh
MIOBTOPHOW MOJauM 3asfBOK B CIy4ae WX IEPBOHAYAIBHOTO OTKIOHEHHS
cucreMoii [5, 6,7, 8]. B koHTekcTe paccMoTpeHus mpuoputeTHeix CMO
HEOOXOIMMO BBIICTUTH PpabOTH, B KOTOPHIX pa3paboTaH TOAXON
K YHCJICHHOMY pacueTy BEPOSITHOCTHBIX XapaKTEPUCTHK MHOTOKAaHATBHBIX
npuoputeTHBIX CMO ¢ aOCONIOTHBIMA M OTHOCHUTEIBHBIMH TIPHOPUTETAMH,
Py KOTOPOM JJIsl MPEOJONIEHUS NPOOJIEMbl Pa3MEPHOCTH NPEIOKEHO
UCTIONB30BaHUE paCIpeeieHuss Nepuoja IMONHOM 3aHATOCTU CHCTEMBI
00CITy’)KHBaHUEM 3asBOK C BBICIIUM IproputTeToM [9, 10].

Mopenn cucteM OOCITYy)XMBaHUS C IIOBTOPHBIMH  3asiBKAMHU
OTHOCATCSI K YHCITy Hanbojee BaKHBIX, BOCTPEOOBAHHBIX W MPAKTHIECKU
3HAYNMBIX MOJIENIell COBPEMEHHONH TEOPHH MAacCcOBOTO OOCITYKHBaHUS.
BriepBrie BO3MOKHOCTH MMOBTOPHOM MOJAauH 3asiBOK ObLIa BBEJCHA B HAYKY
Oonee momyBeka Tomy Hazan [11]. Ilocmemnme — mecsaTmieTHs
XapaKTepU3yIOTCsS HOBOM BOJHOM HHTEpeca UCCIENOBaTENed K 3ITUM
3amavaM. B mactosmee Bpems CMO ¢ MOBTOPHBIMH 3asiBKaMH, COBMECTHO
C MMUTAIIMOHHBIMH METOJIaMH HCIOJIB3YIOTCS JUISl MOJICIIMPOBAHUS PaOOTHI
MHOTOYHCICHHBIX TEXHUYECKUX CHCTEM, BKIIOUas KOMIIBIOTEPHBIE CETH,
TeNeKOMMYHHUKAIMOHHbIe ceTd U Apyrue IT-npunoxenus. [Toaromy Broixe
€CTEeCTBEHHO, YTO B TOCIEAHUE JCCATWIETHS Ha OTy TeMy ObUIO
OIyOJINKOBaHO OOJIBIIOE YHCIIO CTaTeid, MOSBUBIINXCS, B YacTHOCTH,
B KypHaJax II0 NPUKJIAJHOM TEOPUU BEPOATHOCTEH, CTOXaCTHUYECKHUM
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MOJEISIM,  HCCIIEIOBAHUIO  OMNEpalHi,  KOMIBIOTEPHBIM  HayKaMm
1 pa3sHOOOpa3HbIM HHKECHEPHBIM MPHIOKEHHSAM.

PerynsipHO mIpOBOAATCSI CEMUHAPHI M KOH(PEPEHIIUH 10 IpodIeMam
TEOpHM oOuepenel ¢ TOBTOpHBIMH 3asBKamMu. OpHuM n3 HaumOoiee
W3BECTHBIX W AaBTOPHUTETHBIX TakuX (opyMoB sBisieTcs «International
Workshop on Retrial Queues and Related Topics» (WRQ). Ilepssrit
CeMMHap U3 3Toi cepuu cocrosuica B 1998 roxy B Manpune, a mociegHuit
Ha JJaHHBII MOMeEHT, TpuHanuateli — B 2021 rogy B onnaita ¢popmare [12].

Nmeercs psin MOHOrpadMuECKUX MCCIIEI0BaHMH IO TEME MOBTOPHBIX
3asBoK. [loBenenue xiaccuuecknx CMO mpu HalIU4MU MOBTOPHBIX 3aSBOK
C aKI[EHTOM Ha YHCJICHHBIE METOJbl aHANIN3a JIETAILHO pa300paHoO B KHUIE
C.H. Crenanona [13]. HeobxonuMmo Taxke YyNOMSHYTb COAEp)KaTelIbHOE
u nogpobHoe pykoBoactBo [. @ammna m J[x. Temmnrona [14], a Take
kaury X. Apranexo u A. 'omec-Koppana [15], cogepxaiiyto, B 4aCTHOCTH,
obmmpHytlo OnOmuMorpaguio TO 3TOH TeMaTHWKe, BKIIOYAIONIYIO Oolee
CEMHUCOT paboT, a TaKXKe H3JIOKCHHE DSAa HOBBIX COBPEMEHHBIX TEXHHK
YHCJICHHOTO aHaJIN3a.

Hosrie patotrsr mo CMO ¢ NOBTOPHBIMH 3asgBKAMH TPOJIOJDKAIOT
BBIXOJUTh TIOCTOSIHHO, MPHYEM IO CPaBHEHHIO C KJIACCHYECKUMU
pe3yiapTaTaMH, M3BECTHBIMH  paHee, 3HAUUTEIBHO  YCIOXKHSIIOTCA
IIOCTAaHOBKM COOTBETCTBYIOIIMX 3ahad. ABTOpbl paboT cTpemsrcs
MaKCHMAaJIbHO IPUOIU3UTH TOCTAHOBKH PELIaeMbIX UMM 3a7ad K MOJAEIIIM,
aKTyaJbHBIM JJISI COBPEMEHHOM TeJIeMaTHKH M MPOTPaMMHON MHXCHEPHH.
[osicHuM 3TOT Te3uC Ha IpUMepe psifia MOCIEAHUX ITyOIHKAIHH.

Taxk, Hanpumep, ctaThs [16] COOEPKUT KpaTKUil 0030p COBMECTHBIX
pe3ynbTaToB JBYX Ipymnn uccienopateneil. Ilepsas rpynma, pabGoraromas
B Tomcke u Bo3riaBisiemast A.A. Ha3zapoBbIM, 3aHHUMaeTcsl HCCIIeI0BaHUEM
CHCTEM C ITOBTOPHBIMH BBI30BaMH U KOH(IMKTOM 3asBOK. [1o1 KoHpIMKTOM
MIOHUMAeTCsl Takas CHUTyallWs, KOTJia BHOBb IOCTYIMBIIAsl 3asBKa MOJXKET
C HEKOTOPOI1 3aaHHOI BEPOATHOCTBIO «3aXBaTHTh) 3asBKY, HAXOSIIYIOCS
Ha OOCITy)XMBaHMH, IIOCIE€ 4YETr0 00e OHM BMECTE IOKHIAIOT CHUCTEMY
U yXomaT Ha opbuty. Bropas rpymma paboTaeT Moa PyKOBOJCTBOM
. lltpuka B Benrpum u cnenmammsupyercs Ha wusydeHmun CMO
C OTKa3aMH KaHAJOB oOcmyxuBaHusA. B pabote [16] pazOupaercs momens
CMO c TOBTOpPHBIMH 3asBKaMH, CIIOCOOHBIMH BCTYNaTh B KOH(QIIHKT,
NIPUYEM YYMTHIBas OTKa3bl KaHajla oOCHyXuBaHusl. Takue CHCTEMBI
MOJIENIMPYIOT ~ MHOTHE  peallbHbIe CUTYyalluH, B YaCTHOCTH,
TEJIEKOMMYHHUKAIIUOHHbIE CUCTEMBl C MPOTOKOJAMH MHOXECTBEHHOIO
JOCTyNla TpPU HAIWYMKA KOJUTH3MEM (Tak HaseiBaeMeli CSMA/CD
npotokoi [17]). Tloxoxue cHUCTEeMBI B HECKOJIBKO YCIOXHEHHOM UX
BapUaHTe M3y4yaroTCsl B HEJIaBHO OIyOIMKoBaHHOU pabore [18].
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B ximaccuueckoit Teopun MaccoBOTO OOCITYKUBAaHHS HE YIUTHIBACTCS
pacxom pecypcoB, HEOOXOMWMBIX is 00pabOTKM TpeOOBaHUM, dYTO
SKBHBAJCHTHO JIONMYIICHHIO O HEOTPaHHYEHHOM W300WINH pPEecypcoB
B obOcmyxunBatormeM mnpubope. Ecmm ke o00beM pecypca OrpaHHYeH,
TO 3asiBKAM TMpPHICTCA JHOO JKJaTh €ro IOMOJHEHHUsS, 00 ITOCPOYHO
MMOKUIATh CHUCTEMY HEOOCITyKeHHBIMH. Takas CHUTyanus THIIHIHA IS
CHCTEM OBITOBOTO OOCTY)XMBaHHUS, MPOU3BOJCTBEHHBIX M TPAHCIOPTHBIX
CHUCTEM,  MEIUIIMHCKUX  YUPEXKJEHUH,  aBTOCEPBHCOB,  TOPTOBBIX
NPEIIPUATHA U IPYTHX PEalbHBIX CUCTEM, MOJOOHBIX MEPCUYUCICHHBIM.
Jannast MoJienib BecbMa uHTepecHa u Jyis cdepsl [T-TexHOIOTHA, €ClTn 1o
«pecypcom» MOHHMMAaTh, HampuMmep, 00beM maMaTH, Tpedyemol mms
3aMoOMHUHAHKSI HHPOPMAIIUH.

Mogens CMO ¢ noBTOPHBIMH 3asiBKAMH, OIPAHUYEHHON €MKOCTbIO
W OTpaHWYCHHBIMH pecypcaMH Ha OOCITy)XKHBaHHE IPEII0KCHA
B pabote [19]. Mogenp sBIsSETCS OTHOKAHANBHOW W JIBYXIOTOKOBOW,
C IOTIOJIHUTENFHBIM ~ TIOTOKOM  TONOJNHEHUs pecypca. O6a moToka
CUHTAIOTCS MAapKOBCKHMH, TEPBBI MMEET aOCOJIOTHBIA NPHOPHUTET HAT
BTOpEIM. [IpHopuTeT TPOSBIAETCS BO BHEOUYCPEAHOM OOCITY>KUBAHHU
BBICOKOIIPUOPHUTETHLIX TPEeOOBaHMIA, U B TIEPBOOUEPETHOM BBIJCIIEHUU UM
pecypca. Ecnu 3asiBka HE MOXET MOMACTh B CUCTEMY WIHM € He XBaTaeT
pecypca, oHa HampaBJsieTcsl Ha OpOuTy.

B pabote [20] comepxwurcs o630p mociegHux pador mo CMO
C MOBTOPHBIMH  OOpAIlCHUSIMM  NPH  HAJIWYAH TaK  HA3bIBAEMBIX
«OTpHUIATEIBHBIX» 3adBOK. 110 oTpunarenbHbEIME 3assBKamu (G-3assBKaMM)
MTOHUMAIOTCSI 0COOBIC 3asIBKU, KOTOPHIC MOCTYIAIOT B CHCTEMY HE JUIA TOTO,
9TOOBI OOCITYXHUTBCS, a I TOTO, YTOOBI 3aXBaTUTh OOBIYHBIC
(«IOTOXKUTENbHBIC») 3asBKH W YAAJHTh WX W3 CUCTeMEL. [lOBTOpHBIE
ouepel B TPUCYTCTBHH OTPHIATEIBHBIX 3asSBOK IPEACTABISIFOT COOOU
UACaTbHYI0 MOJCNb JJIs1 ONKCAaHWS MHOTHUX pPEalbHBIX CHUTYAI[H,
BCTPEYAIOIIUXCS B MPOTPaMMHON MH)KCHEPUH, HAIIPUMED, IIPOHUKHOBEHUS
BHpyCa B TENEMAaTHYECKYyI0 CHCTEMY, cOOeB B paboTe KOJUI-IICHTPOB,
(O YHKITMOHHPOBAHWMSI POCTOTO MPOTOKOJA repeaadn modtel (SMPT).

B cratee [21] paccmarpuBaercst  oaHokaHampHas ~ CMO
C OTpaHWYEHHBIM Oy(hepoM M HECKOIBKIMH MNPOCTEHIIMMH BXOIAIINMHU
MMOTOKAMH  3asBOK, OOCITY)XMBaeMBIX II0 OJHOMY H TOMY K€
MoKa3zaTeJIbHOMY 3aKoHy. B Hacrtosimieil ctarbe ucciieqyercs aHaJOoTU4HAs
cUCTeMa C JBYMS BXOJIIMMH IOTOKaMH, HO 3aTO TMpPH HAJTUYUHU
MIPHOPUTETA TIepPBOTO MOTOKa, a Takxe BEPOSITHOCTHOTO
(paHIOMHM3MPOBAHHOTO) BBHITAJIKUBAKOIIETO MexaHH3Ma. CUMTAOCh, YTO
BpeMsl TIPeOBIBAHUS HA OPOUTE paclpeeNicHO TI0 MOKa3aTeIbHOMY 3aKOHY.
OTo AomylieHUE SBISETCS HauOOJee PAaCIPOCTPAHCHHBIM B JIUTEPAType,
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XOTSl B TIOCTIENHEE BPEMs CTAJIM PAcCMATPUBATH M NPOW3BONBHBIA 3aKOH
pacnpenenenus [22]. Hama pabora HareneHa Ha TO, 9TOOBI TIPEX/Ie BCETO
y9ecTh HaJIM4Yhe BEPOSTHOCTHOTO BBITAIKWBAHUS, ITO3TOMY YKa3aHHOE
00001IIeHNEe TIOKa OCTAaBJICHO B CTOPOHE.

Hcnonp30BaHHEe BEPOATHOCTHOTO BBHITAIKHBAIOMIETO MEXaHU3Ma
OBUIO MPOAMKTOBAaHO OCOOCHHOCTAMH KOCMHYECKOTO HKCIEPHUMEHTA
«Kontyp-2» [23]. B 3TOM 3KCIIepUMEHTEe peaibHO HCIOIb30BANIaCh MOJIENb
C a0COJIOTHBIM TIPHOPUTETOM. VI3MeHssi mMapameTp BBITAJIKHBAIOIIETO
MexaHu3Ma « (OH paBeH BEPOSTHOCTU BBITAJIKUBAHHUS HU3KONPUOPUTETHOM
3asBKU BBICOKOIIPHOPUTETHON) YyAaBAJIOCh O4€Hb d((MEKTHBHO YIPaBIATh
BEpOATHOCTSIMM ToTepu. Hampumep, [Isi TUNUYHBIX BapHaHTOB 3aJaHUs
HCXOIHBIX TaHHBIX, MPEJCTAaBICHHBIX B paboTax [24, 25], npu yBenndeHUN
BEPOSATHOCTH BBITAIKMBAHUSA OT HYJS IO CIWHHIBI BEPOSTHOCTh MOTEPH
BBICOKOTIPHOPUTETHBIX 3asBOK yMeHbIIazach B 1022 pas.

OCHOBHOM 3amadel KocMHUYECKOTO J3kcnepuMeHTa «KoHTyp-2»
B 4acTH, Kacaromieicss o0paOboTku WH(POPMAIIMOHHBIX TOTOKOB, ObliIa
opranm3aius dQpQPexkTUBHON Tepenadn WHPOPMAIUK TIO0 KaHaJiaM CBS3H
OTPaHWYEHHOW TPOIMYCKHOM CHOCOOHOCTH C  IENbI0  YIpPaBJICHUS
HETIOCPEICTBEHHO C TIOBEPXHOCTH 3eMII OOBEKTaMH, PaCHOI0KCHHBIMHU
BKkocMoce Ha Oopry MKC. J[lns pemieHuss JaHHOM 3amaud  ObLia
peanu3oBaHa npuopuretHas Monens CMO, B KOTOpo#l ceTeBble NaKeTh
c Oojiee BBICOKMM IPUOPUTETOM 3aHMMaJI B HAKOMMTENIE CHCTEMBI MECTO
OJiKe K KaHaly 0OCITy)KMBaHUS, YeM IMaKeThl HU3KOIPUOPUTETHBIX 3asBOK,
a TaKkKe MMENIH MPEeUMYIIECTBO MO MOCTaHOBKE B OUEpe]lb 3a CYET CBOETO
MIpaBa BHITAIKUBATH HU3KOIPHOPHUTETHEIE MTAKETHI.

Vcnonp30BaHUEe TaKkoW MOJENH, OJHAKO, BCE PAaBHO HE YUHTHIBAIIO
TIOJTHOCTHIO BCE HIOAHCHI NMPOBEICHHS KOCMHYECKOTO JKCrepuMeHTa. Jlims
TIOBBIIICHUS TOYHOCTH MOJEIUPOBaHUS OBLTIO OBl BechMa IIeIeco00pa3HbIM
Y4ecTh TaKXKe BO3MOKHOCTB MTOBTOPHOM oJa9n 3asIBOK.
COOTBETCTBYIOIIME METOIBl JAeTalbHO paspaboTtanel [13,14,15] u B
KOMOWHAIIMH C BEPOATHOCTHBIM BBITAJIKHBAHHEM IO3BOJIIOT CYIIECTBEHHO
MIOBBICUTh HA/IKHOCTh U OTKa30yCTOMUNBOCTH CHCTEMBI [23].

B umeromeiics nmureparype no CMO ¢ NOBTOpPHBIMH TpeOOBaHUSIMU
MIPUOPUTETHBIE MOJCIH paHee PacCMAaTPHBAINCh, OJHAKO, HACKOJIBKO HaM
M3BECTHO, OHM HE OXBATHIBAJIHM BBHITAJKUBAIOMINN MexaHH3M. Hexoropoe
MIPEJCTAaBICHAE O COCTOSHHU HCCICNOBAHMH IO TEOPHUU TNPHOPUTETHBIX
CMO c BepOSATHOCTHBIM BBITAIKABAIONIMM MEXaHHU3MOM MJAlOT PaOOTHI
aBTOpOB  Hacrosimiet crateu [4,5,24,25] u nOpuBeAEeHHAs TaMm
oubmuorpadus. IloBTopHBIE OOpamieHuss B HUX (UIypHUpOBaIM TOJIBKO
Bpabore [5], HO B Heil pa3oOpaH [npyrol TWUO IpUOpHTETA —
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OTHOCHTEJIbHBIN, a He aOCOJIOTHBIM, Kak Toro TpebyeT Qu3udeckas
MTOCTaHOBKa 3a1a4u [23].

CorylacHo  cuctemMe  00o3HadeHWH  mpuopureTHeix  CMO,
npemproxxeHHo#t I'.I1. Bamapuasiv [1], KoTopas pacmmpseT KIacCHIECKYIO
HoTammio J. Kenmamna [26, 27], Hamma cucteMa uMeeT 0003HaAUCHHE:

M, /M/1/k/f3. ()

3meck TEPBBIH  CHMBOI Fz 03HAYaeT, 4YTO Ha BXOJ INOCTYIAKOT JBa
MIPOCTEHIIINX TTOTOKA TPEOOBaHMIA, BTOPOH CHMBOJI M TOBOPHT, 4TO 00a OHU
0OCITY>KHBAIOTCSI TI0 OJJHOMY U TOMY € IMOKa3aTeIbHOMY 3aKOHY, CIMHHIIA
B TPEThCH MO3UIIMU YKA3bIBACT HA HAIMYKE OJTHOTO KaHaia OOCITy)KHUBAaHUS,
aCcHUMBOI PUOPUTETA f, COOTBETCTBYET AaOCONIOTHOMY HPUOPHTETY
1 BEPOSTHOCTHOMY  BBITAJIIKMBAIONIEMY  MexXaHm3My. OTMeTHM, dTO
B OpUTrHHAJIbHOW pabore barmmapuna [1] ams BepxHEro WHAEKCA B CUMBOJIC
MPUOPHUTETa  TPEIyCMAaTPUBAINCh TOJNBKO 1Ba 3HaueHus O  (Oe3
BBITJIKABAIOIIETO MEXaHW3Ma) U 2 (ICTepMUHHUPOBAHHBIN BBHITAJIKUBAFOIIHN
MexaHu3M). Mcrnons3oBath 1 B clydac BEpOSTHOCTHOTO BBITAKUBAKOIIECTO
MEeXaHu3Ma MPEATIOKUIN aBTOPHI HACTOSAIIEH cTaThu [4, 5, 24, 25]. Cuctema
Buza (1) yxe m3ydanach panee aBropamu [24,25], HO 0e3 BO3MOXHOCTH
NIOBTOPHOM I0OAa4Yu 3asBOK. Mexay TeM, XOpOLIO H3BECTHO, 4YTO YYeT
MOBTOPHBIX OOpamieHnii CrocoOeH KapAWHAIbHO WM3MEHHUTh CBOMWCTBa
cuctemsl [13, 14, 15].

2. CBeeHue MojAeJH K cucTeMe 0e3 MOBTOPHBIX 3asBOK.

PaccmarpuBaemas Hamu CMO kiacca 1|72> /M/1/k/f}, HO Ge3 MOBTOPHBIX
3asBOK paHee OblIa JETAILHO PacCMOTpPEHA aBTOpaMM B pabotax [24, 25].
VYuecTh BO3MOXKHOCTH HOBTOPHOTO BO3BPAILEHUS OTKJIIOHEHHBIX 3asBOK
B CHCTEMY Y/AeTCsi CPaBHHUTEJILHO MPOCTO, IOCKOJIBKY 0e3 yuera (hakTopa
MOBTOPHBIX 0OpalieHuni 3a/1aua y)xe Oblia pelieHa paHee.

PaccMoTpum 3asBKy, KOTOpas IOCIE€ MNEPBHYHOTO MOCTYIUICHUS
B CMO nokuHya cHCTEMY HEOOCITy>KeHHO (BooOIIIe He Tomaia B Hee MIIN
OblIa BBITECHEHA M3 Hakomurels). Takas 3asBKa JOJKHA BCTAaTh B OCOOYIO
ouepens Ha moBTopHOE nonaxanue B CMO. [lannas odepens hopmupyercs
HE3aBHCHMO OT CHCTEMBI BHE €€ I'DaHHMI] M HA3bIBACTCSA OPOMTOM cHuCTEMBI
MaccoBoro obciyxuBauus [ 13].

3asBKa, KOTOpas Iionaja Ha OpOUTY, HaXoAWUTCS Ha opOuTe
CIy4aiHbI NIPOMEKYTOK BPEMEHHU, a IIOTOM BHOBb IIBITAE€TCS BEPHYTHCS
B CMO. IlepBbiM mnpuOMIDKEHWEM IIpU ONUCAHUHM OpPOUTHI SIBISIETCS
NPE/CTaBIICHUE €€ B paMKax MapKOBCKOW MOJENH, B KOTOPOH Kakaas
3asBKa HE3aBUCHMO OT Jpyrux 3aHUMaeT OpOMTy clydallHOoe BpeMs,
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pacnpeieleHHOE 110 OKa3aTeIbHOMY 3aKOHY.
Omucannas CMO  mpencraBmsier  coO0H  ABYXIOTOKOBYIO

MIPHOPUTETHYIO CHCTEMY KJjlacca 1|72> /M/1/k/f}. B Heii uaTepBansl Mex Ly
NEPBUYHBIMH ~ TOCTYIUICHUSIMH B CHCTEMY  BBICOKOIPHOPUTETHBIX
U HU3KOTIPHOPHUTETHBIX 3aBOK PACIPE/CIICHBI 10 MOKa3aTeIbHOMY 3aKOHY.
O6a 1noToKa SBIAIOTCS MPOCTEHIIMMHU C NapameTpamu Ag;, rae i = 1,2
ompejensieT HOMEp TOTOKa. Jlis  i-T0  TMOTOKA HWHTEPBAT MEXIY
TpeOOBAHUSAMH PACTIPEJIEIICH 0 TOKA3aTEILHOMY 3aKOHY:

a;(7) = Ao M0, (i=12), @

npuYeM Bpemsi O00CIy)KMBaHMsI HE 3aBHCHUT OT THIA MOTOKAa W JUISl BCEX
TpeOoBaHUil HMEET MMOKa3aTelIbHOE Paclpe/ielieHHe ¢ TapaMeTpOM L

bi(x) = by(x) = pe ™. (€))

Jonyctum, 4to Bpems npeObIBaHMS 3asBKM 1-TO THIA Ha opouTte
HMeeT [I0Ka3aTelbHOe pacupeelieHne ¢ napamerpoM y; (i = 1,2), rak uro:

¢i(0) = yie ™%, (i = 1,2). “)

B o0mem cnywae 3asBka THma i, nmpoOblB Ha OpOHTE BpeMs,
pacripenienieHHoe 1o 3aKoHY (4), ¢ 3aJaHHONH BEPOSATHOCTHIO ¢; MBITACTCS
BHOBb IIOTIACTE B CHCTEMY W BCTaThb B OuYepenh Ha OOCITy)XHBaHHE.
CooTBeTcTBEHHO, ¢ BeposatHocThio (1 —q;) dTa 3asBKa TepseTcs
OKOHYATENbHO, TOKKas He Toiapko CMO, HO 1 opOuUTY.

Ecimm 0003HauUWTH AIMHY OdYepenn 3asBOK i-TO THIA B MOMEHT
BpeMeHH t Ha opOuTe Kak Ny,p;(t), TO OYEBHJHO, YTO MOTOK MOBTOPHBIX
3as8BOK 1-TO THIA Ha BBIXOJE OPOMTANBHOM ouepean OyneT MpocTeHIIMM
C MHTEHCHBHOCTBIO  ¥; 4TO 00yCIIOBIICHO MOKa3aTeJIbHbIM
pacrpenenenueM (4). IIpu aToM cyMMapHbIil IOTOK BCeX 3asBOK C OPOUTEL,
HarnpasisieMslx B CMO, OyneT cyneprno3unueil npocTeHIInx MoTOKOB BCEX
TUTOB 3asBOK. Kak moka3aHo B [13], MOTOK MOBTOPHBIX 3asBOK i-I'O THUIIA
OyZeT SBIATHCS MPOCTEHIITUM ¢ HHTEHCHBHOCTBIO:

lrep,i =YiNorp,ir (i = 1:_2), ®)]
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TO€ Mypp; ABTACTCA CPENHEH JUIMHOW OdYepeny IOBTOPHBIX 3asBOK i-TO
tuna. IIpu 3TOM HEOOXOJMMO OTMETHUTh, YTO IMOTOK IOBTOPHBIX 3asBOK
CTATUCTUYECKH HE 3aBUCUT OT MCXOIHOTO BXOJSIIErO MOTOKA MEPBHYHBIX
3a51BOK.

B pa6ote [13] Takke Moka3aHo, YTO CPEHSISI JITMHA OUEPEIN 3asIBOK
i-ro TMOa Ha OPOUTE OMPEACISICTCS CIEAYIONIMM BhIPaKEHHEM:

Ay ;P _
Torsi = °§—)q (i=T2), ©)
(1 = Ppssavi

rie Plf,s)s 0003HaYaeT MOJHYK BEPOSATHOCTh IMOTEPH 3asABKH 1-IO THIIA.
[oncraBnss BeIpakeHne (6) B ypaBHEHHE ISl HHTEHCHBHOCTH IOTOKA (5),

MOJTYYUM:

AO!'PLE)Ls)sql . —
Arepy = ——=2—— (i =1,2). (7)
(=R

dakTHuecKas MHTEHCHBHOCTh 1-r0 IOTOKa 3asBOK Ha Bxoge CMO,
YUUTHIBAIOIIAS KaK MEPBUYHBIC, TAK M TIOBTOPHBIC 3asIBKH, MOXET OBITh
BBIYKCIICHA B BUJIE CYMMBI:

A' - 2—0 i + Arep i (l 2) (8)
¢ omorpio (7) ee MOKHO IPeoOpa3oBaTh K BUITY:

AO!
T1-p0

loss qi

(i=12). ©)

OTO BBIpaKEHHWE TOKA3bIBACT, YTO H3-3a HANWUYWSA OPOUTHI, CyMMapHas
MHTEHCUBHOCTh TIOJHOTO TIIOTOKA HAa BXOJE CHCTEMBI MOXKET 3aMETHO
MPEB30HTH HMHTEHCHBHOCTH COOTBETCTBYIOIIETO IEPBHYHOTO ITOTOKA
3asBOK.

B pabotax [24, 25] moka3aHO, YTO BEPOSTHOCTh MOTEPHU ISl 3asIBOK

—
00ouX THMOB B cucTeMax kiacca M, /M/1/k/f; npencrasnser coboii
(GYHKIHIO OT CIIEAYIOINX apaMeTPOB MOJIEIN:
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szfs)s = ¢i(p1, p2. k), (i =1,2), (10)

TIe Py, P2 — MOJHBIC KO3(D(HUIIMCHTHI 3arPy3KH 0 KKIOMY M3 BXOMISIIMX
ITOTOKOB 3asiBOK, K — €MKOCTb CHCTEMBI, @ — IapaMeTP BBITAJKHBAIOIIETO
Mexanusma (p; > 0,1 = 12,0<a<1; k= 0,—00) BaxxHo 3ameTuth, 4TO
(bYHKIMS ; MOHOTOHHO BO3pacTaeT OTHOCHTENBHO apryMeHTa p;, TaK Kak
NpU yBEJIMYCHUH MHTCHCHBHOCTH MOTOKA YaCTOTa MOTEPh TPeOOBaHUU U3
3TOTO MOTOKA HE MOXKET YMEHBIIHTHCAL.

BBozas ko3(GduIMeHTs 3arpy3ku 1Mo TEpBUYHBIM TIOTOKaM p;go ,
MOJyYHM BBIPQXCHUS I TOJHBIX KO3()QHUIUEHTOB 3arpy3Ku pPq, P
C YYETOM MTOBTOPHBIX IMOCTYIUICHUN 3aSBOK C OPOUTHI B CIICAYIONIEM BUJIC:

ﬁ _ Pio
n o 1—¢(p1,p2

pi = A a)qi,(i =1.2). (11)

Pewast cucremy ypaBHenuit (11) OTHOCUTENEHO HEU3BECTHBIX P U Py, JIETKO
HAWTH 3HAYEHUS BEPOSATHOCTEH MMOTEPH IS 3aIBOK OOOUX THIIOB.

Heobxonmumo otmeTuth, uTOo cucrteMa (11) mMeeT eIMHCTBEHHOE
pewienne. [l uccieqoBaHWs — Pa3pelIMMOCTH  JTAHHOM  CHCTEMBI
npeoOpasyeM ee ypaBHCHHUS K BUNTY:

Pio .. ==
L= ilpu Pk @) = —2, (i = 12) (12)

i

Jajgee MOXKHO TIpaUYecKH INPeACTaBUTh Ha OJHOM PHCYHKE (YHKLIUH
3aBHCHUMOCTEH MpaBoil m JeBoil dactelt ypaBHeHus (12) oT aprymeHTa p;
IPY HEN3MEHHBIX 3HAYECHUAX OCTAJIBHBIX TapaMeTPOB.

Hwke Ha pucynke | rpaduk, o6o3HaueHHBIH mudpon «1y,
npexacTaBisier QyHKOMIO n3 JeBoil yacTu paBeHcTBa (12), a rumepOona,
o0o3HaueHHas nuQpoii «2», BEIpakaeT npasyro 4acThb (12). Ypasuenue (12)

by
MMeeT eAMHCTBEHHOE PelleHH e, JIexkallee Ha uHTepsaie (p; o; ﬁ):
—4aj
Pio . =
Pio < pi < (@ =1,2).
1-gq;
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Pio Pio Py

Puc. 1. Jlesas (1) u npaBas (2) yactu ypaBHenus (12)

3. TpagunuoHHasi JABYXIMOTOKOBasi CHCTeMa C TOBTOPHBIMH
3agsBKaMHu. Bxomgamuii motok Hameii CMO BKIIIOYaeT aBa BUAA ITOTOKOB:
MIOTOKH MEPBUYHBIX U MOBTOPHBIX 3asBOK, PUYEM BCE ST MaprHUHAJIbHBIE
MIOTOKH HE3aBHCHUMBI U SIBIISIIOTCS MpocTedmumu. CyMMapHBI BXOJSIINI
MOTOK Takke OyIeT MNPOCTCHIIMM, IO3TOMY CHCTEMa C MOBTOPHBIMHU
BBI30BaMH OyAeT NpUHAIIEKATh K TOMY K€ Kiaccy E/M/l/k/ f3, uro
Y aHAJIOTMYHAas cucTeMa 0e3 MOBTOPHBIX 3asBOK. Pa3nmuuue Mexmy ABYMs
YKa3aHHBIMH CHCTEMaMH COCTOMT TOJBKO B UHCJIOBBIX 3HAYEHUSX
WHTEHCUBHOCTEH BXOJSAIIAX TIOTOKOB: TMPH TOBTOPEHHWM 3allPOCOB OHH
YBEJINIHBAIOTCS.

O003HAaUMM HMHTEHCHBHOCTh IIEPBHYHOTO IIOCTYIUICHHS 3asABOK
B CHCTEMY JJISI BHICOKOIIPHOPHUTETHOTO M HHU3KOIPHOPHTETHOTO TpadwuKa,
COOTBETCTBEHHO, 4epe3 A; u A,, BEPOSITHOCTh BBHITAIKUBAHHSI — 4Yepe3 a,
MHTCHCUBHOCTh OOCITY>KUBaHUsI JIFOOOH 3asBKH — yepe3 | BeITeCHeHHBIE U3
ouepear  BBICOKONPUOPUTETHBIE U  HHU3KONPUOPUTETHBIE  3asBKHU
C BEPOATHOCTSIMH HACTOMYUBOCTH G; U 5, COOTBETCTBEHHO, HAMIPABIIAIOTCS
HA CBOU y4YacCTKH OPOMTHI, EMKOCTh HIOCIIEHEH He orpaHnuuBaetcs. OTryna
3asBKM BHOBb TBITAIOTCA IMomactb B cucteMy. Cxema Ttakoit CMO
MIpeJCTaBIeHa Ha PHCYHKE 2.
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WHTCHCHBHOCTH TIOSIBJICHUS BTOPHUYHBIX BBICOKOTIPHOPHTETHBIX
Y HU3KONPHOPHTETHBIX ~ 3afBOK  0003HAUMM  4epe3  Aj,ep = q1V1
U A3 rep = q2V2, COOTBETCTBEHHO, TJI€ ¥; U ¥V, — MHTEHCMBHOCTH BBIXOJA
3aABOK C OPOUTBI, & A4 yep U A rep 3a/1a10TCS BhIPAXKEHUAMH (7).

Bxonstiumii morok Hakonurens Kanan
nepEHl{Hl’lX 3as1BOK OGCHYM(MBQHHSK

BricokonpropuTeTHbIE

3asBKH (THN 1) IIl "
sk | k-
a;(t) = Me M7

HuskxonpuopuTeTHbie a
3asBKH (TUM 2) T
a, (T) = AZ e -7 TloTox Tlorox
BTOTPUYHBIX orox BTOPHYHBIX Torok Tlorok
3a5BOK norepb 3aBOK norepb || BBITECHEHHBIX
Tuna 1 Tina 1 Tuna 2 Tuna 2 3asBOK THMA 2
Opbura Opbura
3a5ABOK q, 3aABOK q,
Tuna 1 THna 2
TloTox TloTox
6e3B03BPATHBIX 6€e3B0O3BPATHBIX
noTepb 1-q, noTepb 1-q,
3asBOK THNA 1 3as1BOK THIA 2

Puc. 2. Cxema CMO xnacca 1\72> /M/1/k/f3 ¢ TOBTOPHBIMU 3asBKAMH

Pabora cucTeMBbl, NPENCTABICHHONH Ha PHUCYHKE 2, IOJHOCTHIO
moBTopsieT pabory CMO 0e3 MOBTOPHBIX 3asBOK, JETAJIbHO Pa300paHHYIO
B cTaThsX [24,25]. Ecmum mnepecuutath 3(QPeKTUBHBIE WHTEHCUBHOCTH
BXO/IAIIMX TOTOKOB TaK, KaKk 3TO OBbLIO OMKCAHO B pasjeiie 2 HacTosien
CTaThH, TO JAIbHEHIINE BBIYMCICHHS MOJHOCTHIO MOBTOPSIOT alrOPHUTM
pelIeHus 3a1a9u, H30KEHHEIH B [24, 25].

OuHaNbHBIE BEPOSTHOCTH CHUCTEMBI  BBIYHCISIOTCS  METOIIOM
npou3BoAsAIINX QyHKIHHA. CYIIHOCTh 9TOT0 METO/Ia COCTOUT B CIICAYIOIIEM.
BHauasie 3anuceiBaercs cucrema ypaBHeHuii Konmoroposa uist puHabHbIX
BEPOATHOCTEH COCTOSIHMS CHCTEMBI P;j , TAe 1 0003HaYaeT YHCIO
BBICOKOTIPHOPHUTETHEIX, & ] — HU3KOIPHOPHUTETHRIX TPESOOBAHUIA B CHCTEME,
npudeM 0 <i+j<k. O6o3naunm uepe3 G(u,v) NPOU3BOASAIIYIO
(QyHKuMIO  BepoATHOCTEH p;; . [Jnd €e  BHIYUCIEHMA  ypaBHEHHE
Komnmoropoa ¢ HomepoM (i,j) JoMHOXkaercst Ha u'v/, mocne 4ero jeBbie
YacTH BCEX TAKUX YPABHEHUH CYMMUPYIOTCS [0 MHOXECTBY JIOITYCTHMBIX
3HAYEHHH 1, .

B pesynbrare ¢pynknus G(u,v) IpeACTABISCTCS B BUJIE OTHOIICHHS
MOJIMHOMA CTerneHUu k+2 OTHOCHUTENhHO apryMEHTOB U M V K IOJHHOMY
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BTOpPO# CTETEHH OT TEX K¢ apryMeHTOB. I[IOJIMHOM B 3HaAMEHaTele WMECT
OTHOCHTENILHO U 1Ba KOPHS Uy (V) H U, (V), KOTOPBIE SBISIOTCS TOJIIOCAMU
¢yaxkunn G. Ho mo cmeicny 3amaun G(u,v) cama SBISIETCS TOJTHHOMOM
cTernieHu K W He JOJDKHA MMETh HUKAKHWX MONFOCOB. [IpHpaBHUBAs K HYITIO
BerueTel G MpU U=U; U U=U,, TIOIy4acM BbIpakenue it G, B KOTOPOM
COXPaHSIOTCS  TOJNBKO TaK HA3bIBAEMBIE  «OIOPHBIE»  BEPOSTHOCTH
Pi = Pik-i(i=0, k).

JIOCTOMHCTBO 3TOTO METOJA COCTOMT B TOM, YTO OH IIO3BOJISICT

NEepeNTH OT peleHust IMOoJIHOM cucteMbl ypaBHeHud Koamoroposa,
k(k+1)
2

HUMEIOIIEH TTOPSII0K , K PEIICHUIO «yKOPOUEHHOW» CHCTEMBI MOPSIKA

(k+1) s «OTOPHBIX» BEPOSTHOCTEH, BCE OCTaNbHBIE (HHATHHBIC
BEPOSATHOCTH JHHEWHO BBIPAXKAIOTCA 4Yepe3 P; . YKa3aHHBIM METOJIOM
MOJTyYCHBI BCE IPUBOIUMBIC HIXKE YUCIIOBBIC PE3yIIbTATHL

4. OnfHONMOTOKOBAsI CHCTeMAa ¢ NMOBTOPHBIMHU 3asiBKamu. B sTom
paszzene OyleT pacCMOTPEH MOTU(PHUIMPOBAHHBIN MPAKTUUCCKU 3HAYUMBIN
BapuaHT cucremsl 1.3. Peub uger dakruyeckn o6 oxHonorokoBoit CMO,
Ha BXOJ] KOTOPOH MMOCTYMAIOT 3asBKHU JIMIIB OJHOTO THIIA, AMEIOIINE TIPABO
MOBTOpHOTO OOpamienus. [lpm 3ToM 3asfBKM W3 TMEPBHYHOTO ITOTOKA
paccMaTpuBalOTCS KaK ~ BBICOKOIIPHOPWUTETHBIC. [lepBUUYHBIE  3asiBKH,
KOTOpbIE OBUIM TOTEPSTHBI W3-32 OTCYTCTBHSL MECT B  OYEpeIH,
C BEpOATHOCTHIO ¢, = 1, momazmaioT Ha opOuty cuctemsl. Eciu 3asBKa Obla
BBITECHCHBI W3 CHCTEMBI HE BICPBBIC, TO €CTh, €CJIA OHAa YXE YCIena
MMOCETUTh OpPOWTY, TO TakKas 3asBKa BHOBb HANpaBISIETCS HA OpOUTY
C 33J]aHHOW  BEPOSITHOCTHIO HACTOMYMBOCTH ( , W, COOTBETCTBEHHO,
C BEpOSTHOCTRIO 1 —q TepseTcs Oe3Bo3BpatHo. C(xeMa ONMHCAaHHOMN
OJTHOTIOTOKOBOM CHCTEMEI IIPUBEIeHAa HA PUCYHKE 3.

Bxonsiuuii norok Hakonurens  [Kanan obcimyxuanus]
nepBHqulX 3as1BOK
= ekt
A=A sxx | k-1 bl(T) ne
BricokonpuopurerHbie 1 1,0 b, @) = peH
3asBku THNA |
a,(t) = Ae™M7 I a
Torox Torox Totok
noTepb 1
2 1 noTephb BBITECTEHHBIX
2 ina THa 2 3asBOK THMA 2
\_> Opbura |le—T 1
Huskonpuopurernsie qi=1 3a5BOK q 1
3as1BKU THUNA 2
Tlotok

6e3B03BPATHBIX
noTepb
3as1BOK TUMA 2

Puc. 3. Cxema ognonoroxoBoit CMO ¢ opOHUTOIi U TOBTOPHBIMU 3asiBKAMU
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Jnsa manHo CMO HMHTEHCHBHOCTH BXOJSIIMX IIOTOKOB 3asBOK
BBIYHCIISIOTCST OYE€BUTHBIM 00pa3zoMm:

/11 = /11 0
A1 oPSY . A,qP® (13)

loss loss

1-p5%)  1-qp2

loss loss

Ay = )ll,rep + Az,rep =

Torma s dexTrBHBIE KOIDYHUIMEHTHI 3arpy3KH MO KAKIOMY THITY 3asIBOK
MOYHO TMOJY4HUTh, PEIlIasi CACTEMY YPaBHECHUIL:

P1 = P10
py = P1,0P1(P1, P2, k, @) ) 1—q¢z(p1,p2. k) . (14)
2 1- ¢1(p1! P2, k! (X) 1- 2q¢2(p1! P2, k! (X)

Janee, wucnonb3yss HallleHHblE 3HAYEHUS pP; U Py , MOKHO
uccnenoBath u 3Ty CMO MmeTomamu, M3IIOKEHHBIMH B paboTax [24, 25].
B pesynpraTte OBUTH YHCIEHHO ITIOCTPOCHBI 3aBHCHMOCTH BEPOSTHOCTEH
MOTEPh KAXKJOr'0 U3 THIIOB 3aJBOK OT MapaMETPOB CHCTEMBI, B TOM YHCIIC
OT BEPOSITHOCTH HACTOWYHBOCTH (.

5. Uucnossble pe3yabrarhl M X aHaau3. B CMO ¢ orpaHu4eHHbIM
HAKOMHTEJIEM Hau0oJiee HMHTCPECHBIMU JJI1 HUCCIICAOBAHUS SBJISIOTCS
BEPOSITHOCTH NOTEPh. B mporiecce X BEIYUCICHUS U1l 000MX THUIIOB 3asIBOK
B pabotax [24,25] BHauame ONPENeIIINChH «OIOPHBIE» BEPOSITHOCTH
pi(i =0,k), TO ecTh BEPOATHOCTH COCTOSHHH, B KOTOPHIX CHCTEMa
[EJMKOM 3alloJHEHa TpeOOBaHWAMH, NPHYEM U3 HHX 1 SBISIOTCS
HHU3KOIPUOPHUTETHBIMHU, a (k — i) BBICOKONIPHOPHUTETHBIMU. BeposTHoCcTH
moTepH i1  3agBOK OOOMX THUIIOB BBIPAXAIOTCS depe3 OIOpHBIE
BEPOSATHOCTH CIEAYIOUIIM 00pa3oM:

k-1
P =po+ (=) ) pi, P = Zp+ zpﬁ “p (15)
i=1

re:
1. p1, Py — KOOPPUIMEHTHI 3aTPy3KU MO KOKIOMY THITY 3asBOK;
2. @ — BEpOSITHOCTH CPabAThIBAHMUS BHITAIKHUBAIOIIETO MEXaHN3Ma,
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3. ¢1,9, — BEpOSTHOCTH HACTOWYMBOCTH KaXIOTO THIIA
OTKJIOHEHHBIX 3a5BOK;

4. k — eMKOCTh CHCTeMBI (BKIIFOYast k-1 MECTO OXHMIAHHS U OIHO
MECTO OOCITyKUBAHHUS).

s mcciaeqoBaHUs BIMSHUS Pa3UYHBIX (QaKTOPOB HA BEPOSTHOCTH
MOTEPh PACCMOTPHM JIBa TECTOBBIX BapUaHTa 3arpy3KH, B KOTOPBIX IOJIHAS
3arpy3ka OJM3Ka K €JUHHUIIE, HO C MpeodiIaJjaHueM Pa3HBIX TUIOB 3asBOK.
3HaueHHs MapTrUHAJIbHBIX KO3 UIMEHTOB 3arpy3ku 3afajuM Tak:
BIIEPBOM  BapHaHTE  MPEBAIUPYIOT  HU3KONPHOPHUTETHBIE  3asBKU
(p1 = 0.2,p, = 0.9), a Bo Bropom — Haobopot (p; = 1.2,p, = 0.2). Pan
KadyeCTBEHHO  BAXHBIX  PE3yIbTAaTOB,  KACAONIUXCS  3aBHUCHMOCTH
BEpOSITHOCTH TOTEPHU OT MapamMeTpoB (@, qy, ]y ), OBIIM TIOJYYCHBI IS
BBICOKOTIPHOPHUTETHOTO Tpaduka B ciydae ciaboil 3arpy3ku (pHCYHOK 4)
1 17151 HA3KONPHOPUTETHOTO B CIIydae CHIIBHOM 3arpy3Ku (PUCYHOK 7).

I'papuku pucyHKa 4 OEMOHCTPHUPYIOT ONM3KYyI0 K JHHEWHOW
3aBUCHMOCTbh BEPOSTHOCTH IIOTEPHU BBICOKOIIPHOPHUTETHBIX 3asBOK MpHU
cnaboii 3arpy3ke CHCTEMBbI. DTOT ke (aKT YUCICHHO MOATBEPKIACTCS IS
HU3KOIIPUOPHUTETHBIX 3asBOK (pUCYHOK 5). Jlanublii addekr B paborax
[24,25] ObT Ha3BaH <«JIMHEWHBIM 3aKOHOM TOTEPH», U OH HAOIOJaeTCs,
KaK BHIMM, M JUI MOJEIIH C IIOBTOPHBIMHU 3asBKaMH. Ba)kHO 3aMeTHTh, 4TO
y4eT IMOBTOPHBIX 3asgBOK IT03BOJIIET CyIIecTBEHHO (B 3-4 pasa) CHH3HTH
YPOBEHb IIOTEPh, HYTO XOPOIIO COTJACYeTCAs C MaHHBIMH HAaTypPHBIX
HaOJIIONCHU.

AHaNOTUYHBIC 3aBUCUMOCTH OBUIH TIOCTPOCHBI IUIS CITydasi CHIBHOM
3arpy3Kd CUCTeMBI (pHCYHKH 6, 7). [lpu cuibHOW 3arpy3ke JTHHEHHOCTH
KPUBOH TOTEph C IOBTOPHBIMH 3asBKAMH OTCYTCTBYeT. [Ipm 3TOM HX
MOBTOpHAs 10jja4a CHUYKAaeT ypOBEHb MOTePh B 2-3 pasa.

B pabotax [24,25] BBeaeHO NOHATHE OOJACTH 3amUpaHUs (3TO
COBOKYITHOCTh 3HaueHHi K03()GHUIMEHTOB 3arpy3ku(py , P2), IPH KOTOPBIX,
YBEJIMYMBasi BEPOSTHOCTb BBITAIKMBAHUS (@, MOXKHO CJIeJIaTh BEPOSTHOCTh
MOTEpH HU3KONPHOPUTETHBIX TpeOoBaHUH Onn3koil k enunuie). Pucynox 7
WLTIOCTPUPYET 3TOT 3((HEKT Ui CUCTEMBI ¢ OBTOPHBIMH TPeOOBaHUSIMH.
Ecimm BeposATHOCTh HACTOMYMBOCTH ¢, ONM3Ka K E€OUHMIE, TO 3alHpaHHe
MIPOUCXOTUT yrke s o mopsinka 10-20%.
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p,=02,p,=09,q, =000

Puc. 4. I'paduk 3aBUCUMOCTH BEpOSITHOCTH MOTEPU BBICOKOIIPUOPUTETHBIX 3asBOK
OT HNapaMeTpa @ pU PA3IMUHBIX g1 U ¢, IS cIaboii 3arpy3Ku CUCTEMBI

(p1 = 0.2,p, = 0.9).
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p,=02,p,=09,q,=0.00

_q2 =0
0.8+ ---q, =0.25
0.6 %05
o --.q,=075
=04 o q,=099
0.2k
0 i
0 0.2 0.4 06 0.8 1
oL
p,=02,p,=09,q,=050
1
—q2 =0 [
0.8+ ---q, =0.25
I W N S q,=05
b --:q, =075
04 o q,=099
0.2
0 1 i 1 I
0 0.2 0.4 0.6 08 1
oL
p,=02p,=09,q,=099
1 Z
_q2 = b
0.8 ---q,=025
P N N U R q,=05
B --.q, =075
0.4} 0 q,=099
0.2
0 1 i 1 I
0 0.2 0.4 0.6 0.8 1

o
Puc. 5. Fpa(i)m( 3aBUCUMOCTH BEPOATHOCTHU NMOTCPU HU3KOIIPUOPUTCTHLIX 3aABOK OT

HapaMeTpa @ [ Pa3lIMiHbIX ¢; U ¢, B CIydae cl1aboii 3arpy3KH CHCTEMBI
(p1 =0.2,p, =0.9).
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p,=12,p,=02,q, =000

loss

Q]

0.2% 02 0.4 06 08 1
[0 4
p,=12,p,=02,q, =099
097
—q2 =
0.965| -enqy=0.25
q,= 05
=% 096 -nq, =075
o
°© ° q2 =0.99
0955
]
0.9% 02 0.4 06 08 1

[0
Puc. 6. I'pacuk 3aBHCUMOCTH BEPOSITHOCTH MTOTEPh BHICOKOIIPHOPUTETHBIX 3a5BOK
OT NapaMeTPOB «, §1, (2B Clly4ae CUIbHOM 3arpy3ku p, =1.2,p, =0.2
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p,=12,p,=02,q, =000

0% 02 0.4 06 08 1

p,=1.2,p,=02,q, =050

06 08 1

p,=12p,=02,q,=0.99

1

0.99

,0.98 Gy =05
0.97 ==t = 0.75

2
pIos

0.96

0'950 0.2 0.4 0.6 0.8 1

a

Puc. 7. I'paduk 3aBHCUMOCTH BEPOSITHOCTH MOTEPh HU3KOIPHOPUTETHBIX 3as5BOK OT
apaMeTpoB @, 4y, 2B CIydae CUIbHOM 3arpysku p, =1.2, 0, =0.2

HOCHQ,I[HI/IM N3 OCTaBaBIIUXCA OTKPBITBIM BOIIPOCOB ABJIACTCA
BOOpoOC O BJIMIHUUM Ha MOOTCPU CyMMapHOﬁ €MKOCTH K CHCTEMEIL.
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Ha pucynke 8 mpuBeneHa COOTBETCTBYIOIAas 3aBHCHMOCTb B JAWANa3OHE
oT 5 mo 100 egunum. JlanpHelnee yBenudeHne Kk oka3ajaoch JUIICHHBIM
CMBIC/A, TAK KAK HE3HAUUTEJIBHO BIUSIO HA BEPOSITHOCTD IIOTEPB.

UYucnenHele  pacyeTbl  ObUIM  NPOBEJEHBI  TaKke W JUIs
MOJU(UIMPOBAaHHOW — OJHOIOTOKOBOH CHUCTEMBI, ONHCAHHOW B 1I. 4
Hacrosimed paboTsl. Ha pucyHke 9 npencraBieHsl rpadyku 3aBUCUMOCTH
BEPOSITHOCTEH NOTEpPH MEPBUYHBIX 3asJBOK, a TAKXKE IOBTOPHBIX 3asBOK
oT mapameTpa q. 13 rpadMKoB BUIHO, YTO yBEJIMYEHHUE AAHHOTO MapamMeTpa
MO3BOJISIET CYIIECTBEHHO YMEHBIINTh BEPOSITHOCTD MOTEPH (KaK MUHHMYM,
B 5-6 pa3).

3akiaouenue. B pamkax maHHON paboTel BHawanme OblLia
HCCIIeIOBAaHa  TPAAMLIMOHHAs  MapkoBckas  JByxmorokosas CMO,
coueTtaomas B cebe KOMOMHAIIMIO CICAYIOIIMX TpeX SJIEMEHTOB!
1) HaJM4KMe TOBTOPHBIX 3asBOK; 2) aDCOJIOTHBIH IPHOPUTET OJHOTO
13 TUIOB 3a8BOK; 3) BEPOATHOCTHBIN BBITANKHUBAIOIUN MexaHH3M. [lanee
MIPUBOJAUTCS HCCIENOBaHUE emle OJHOW HoBoit momenun CMO, Ha BXof
KOTOpOH TOAaeTcsl BCEro JHIIb OIWH MEepBUYHBIN IMOTOK TpeOOBaHUIHA,
3a1BKH M3  KOTOPOTO  TPAKTYIOTCS  KaK  BBICOKOTIPHOPUTETHBHIC.
[MosiBnstomyecst MOBTOPHBIE  3asBKM  (DOPMHPYIOT  JTONOJHHUTEIBbHBIN
HU3KONPUOPUTETHBIA BXOJALIMI NOTOK. JlOKa3aHO, 4TO aHalIu3 Takoi,
(haKTH4ECKH OJHOTIOTOKOBOW MOJEIH CBOJHUTCS K aHAJIN3y TPalUIMOHHOMN
JIBYXIIOTOKOBOH MOJICJIM, €CIIM HaJyuIeXKaluM o0pa3oM 3aiaTh MapameTpsl
nocneaHent. s obeux ymomMsiHyThIX BhIlie Moneneit CMO ¢ mOBTOPHBIMH
3agBKaMH METOAOM MPOM3BOAANINX (YHKIMH MOilydeHO (UHAIBHOE
pactipeneneHre BeposTHOCTEN cocTosiHUSA. [leTanbHO M3ydeHa 3aBUCUMOCTD
3HAYCHHH BEPOATHOCTEH TMOTEpH 3asBOK OT OCHOBHBIX ITapaMeTpoB
CHCTEMBI.

OmHMM W3 MPAKTHYECKH 3HAYMMBIX PEe3yIbTaTOB PabOTHI SBISAETCS
n3ydeHue 3¢ QeKTa 3anupaHusi CUCTEMbl B YCJIOBHSX I10/1a4d TTOBTOPHBIX
TpeboBaHM. OTOT pe3yiabTaT MOXHO NPHUMEHHTh Ha MPAKTHKE JUIA
CHIDKEHUsI BBIUMCIUTENbHON HArpy3Ku Ha TeIeMaTU4eCKHE YCTPONCTBaA,
paloraronye B pexxuMe peanbHOro BpeMeHH. 3HaHHe 00JiacTel 3anupaHus
TIO3BOJISIET 3apaHee palMoHAIBFHO BBIOpATh MapaMeTphl MOJEIH U N30eXaTh
TPOMO3JKUX TPYAOEMKHX BBIUUCICHHH B pEaJbHOM BpeMEHU. OITO
CIOCOOHO CYIIECTBEHHO TIOBBICUTH MPOU3BOIUTEIBHOCTD
TEJICKOMMYHUKAIMOHHBIX YCTPONCTB M ONEPATUBHOCTH YIPABICHHUS WM.
OO0 3TOM CBHIETENBCTBYET, B YACTHOCTH, OINBIT NPUMEHECHUS U3JIOKEHHON
B CTaTh€ TCOPHHU B 33Jadax YNpPaBJICHHUS POOOTaMH B CEPHM KOCMUYECKHX
sKcnepuMenToB Ha 6opty MKC.
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Puc. 9. I'paduk 3aBUCUMOCTH BEpOSITHOCTH IIOTEPH OT IapameTpa o
B MOZU(UIMPOBAHHON CHCTEME JUISl PA3IMYHbIX 3HAUCHUH BEPOSATHOCTH (

JlpyruM BaXHBIM TIPHKIAIHBIM pE3yIbTaTOM pabOThl SBISETCS
TEOPETHUECKOE O0OOCHOBAHME BO3MOXKHOCTH TTOCTPOCHUS MPENT0KEHHBIM
METOJIOM O0O0JIacTe JEWCTBHS JIMHEHHOTO 3aKOHAa TOTEPh. JTa TEXHHUKA
panee ObL1a MOJApPOOHO omucaHa aBTOpamMu B paborax [24,25]. Cratps
COJICP)KUT Ppa3bsICHEHUS, Kacalolluecs OCOOCHHOCTEH ee MNpPUMEHEHHUs
B CITy4ae HaJIW4usl [IOBTOPHBIX OOpaIleHUH.
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O. ZAYATS, M. KORENEVSKAYA, A. ILYASHENKO, V. MULIUKHA
PRIORITIZED RETRIAL QUEUEING SYSTEMS
WITH RANDOMIZED PUSH-OUT MECHANISM

Zayats O., Korenevskaya M., Ilyashenko A., Muliukha V. Prioritized Retrial Queueing
Systems with Randomized Push-Out Mechanism.

Abstract. The article is focused on a single-channel preemptive queuing system. Two
stationary Poisson flows of customers are incoming to the system. The first flow has an
absolute priority over the second one: a new high-priority customer from the first flow
displaces a low-priority one from the service channel and takes its place. The capacity of the
system is limited to k£ customers. There is a probabilistic push-out mechanism in the system: if
a new high-priority customer finds that all the places in the queue are occupied, then it has the
right to displace one low-priority customer from the queue with probability a. Both types of
customers have the same exponentially distributed service times. Customers who failed to enter
the system due to the limited size of the queue, as well as those expelled from the queue or
service channel when the push-out mechanism is triggered, are not lost immediately, but they
are sent to a special part of the system called the orbit and designed to store repeated
customers. In orbit, there are two separate unlimited queues, consisting of low-priority and
high-priority repeated customers, respectively. If there are no free places in the system, new
customers with a probability ¢ are added to the corresponding orbital queue. The waiting time
of repeated customers in orbit is distributed according to an exponential law. The parameter of
this law may differ for different types of customers. After waiting in orbit, secondary
customers try to re-enter the system. The probabilistic characteristics of the described queuing
system are calculated by the method of generating functions, previously proposed by the
authors for calculating a similar system without repeated customers. This method allows
finding the main probabilistic characteristics of distributions for both types of customers.
Particular attention is paid to the study of the dependence of the loss probabilities for both
types of customers on the parameters of the system, primarily on the push-out probability a, the
capacity of the system £, and the probability of repeated circulation (probability of persistence)
g. It is shown that the effect of blocking the system and the effect of the linear law of
customers’ losses, previously identified in similar problems without repeated customers,
remain valid even in the presence of secondary repeated customers. The theoretical results are
proved by numerical calculations. The blocking area for the second type of customers was
calculated along with the area of linear loss law for both types of customers. We studied the
influence of the probability of repeated circulation ¢ on the shape of these areas and on the
dependence of the loss probabilities for both types of customers on the push-out probability a.

Keywords: priority queueing systems, queueing theory, absolute priority, retrial
customers, randomized push-out mechanism, linear loss law, system locking effect.
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E.[I. KAPENOBA, B.C. [IETPAKOBA
CTATUCTUYECKHA OBOCHOBAHHA 1 KOPPEKTUPOBKA
IOKA3AHUM JATYUKOB CTAHIIMM CITYAIR YPOBHSI
KOHIEHTPAIIMN B3BEIIIEHHBIX YACTHII PM2.5
B IPU3BEMHOM CJIOE ATMOC®EPBI 'OPOJA

Kapenosa E. /1., [lemparxosa B.C. CTaTHCTHYECKH 000CHOBaHHAsI KOPPEKTHPOBKA MOKA3aHMI
narunkoB cranmmii  CityAir ypoBHsI KOHIEHTpamuum B3BeHIeHHbIX vactun PM2.5
B IIPH3EMHOM cJIoe aTMocepbl roposa.

Annoramusi. B xavecTBe MapKepa, XapaKTepU3yIOLIEro 3arpsisHeHHe BO3yXa B IPU3EMHOM
cyoe aTMocdepsl COBPeMEHHBIX FOPOJIOB, YACTO HCMONb3YeTCs YPOBEHb KOHLIEHTPALIMH TBEPIBIX
YacTuIl AMamMeTpoM 2.5 MuKpoHa u Mensie (Particulate Matter, PM2.5). B pa6ote o6cyxaaeTcst
MpaKTUKa IPUMEHEHHs [T U3MEepPEeHHsI KOHLeHTpauu PM2.5 B yC/IOBUSIX TOPOJICKOI cpefbl
OTHOCHTEJIHO JIELIIEBOr0 ONTHIECKOTO JaTuMKa, BXoasmero B cocta cTanmuu CityAir. B cratse
Npe/JIoKeHa CTaTHCTUYECKH OOOCHOBAHHAsA KOPPEKTUPOBKA MomydaeMbix ctaHuusamu City Air
MEPBUYHBIX JAHHBIX O 3HAUCHHSX KOHIEHTPAIMU B3BEIICHHBIX yacTul PM2.5 B mpuzeMHOM
cinoe atmocdepsl I. KpacHosipcka. [l HOCTpOEHUsI PErpecCUOHHBIX MOJieJel 9TaTOHHBIMU
CYUTAJIUCh U3MEPEHUs, ToydaeMble OT aHanu3aTopoB E-BAM, pacrnionoxeHHBIX Ha TeX ke MocTax
HaOJIIOEHNs], YTO ¥ KOPPEKTHpyeMble JaTYnKH. [JIs aHamM3a HCTI0Ib30BAIICh NEPBUYHbIE TaHHbIE
1) ¢ 9 aBTOMaTU3MPOBAHHBIX OCTOB HAOIOJCHNS KPaeBOi BEeJIOMCTBEHHON MH(DOPMAIIMOHHO-
AQHAJIUTUUECKON CHCTEMBl JaHHBIX O COCTOSHUM OKpyxawomeil cpeasl KpacHosipckoro kpast
(KBUAC); 2) ¢ 21-it cranuuu CityAir cucteMbl MOHUTOPMHTa KpacHOSApCKOro Hay4yHOro
uenrpa CO PAH. B pabore npoieMOHCTPUPOBAHO, YTO NPU KOPPEKTUPOBKE IMOKa3aHWii
JaTYNKOB HEOOXOIMMO YUHTHIBATh METEOPOJIOTHIECKye MoKa3aTend. Kpome Toro, nokasano, 4ro
K03(pHILIIEHTH PErpecCcuy CyIIECTBEHHO 3aBUCAT OT ce30Ha. IIpoBeieHO cpaBHEHHE METOOB
00y4eHHs C yuuTeJIeM JUIsl pelIeHUs 3aJaul KOPPEeKTUPOBKHU MOKA3aHUI HeIOPOTHX AaTUHKOB.
JlononHuTeNbHAs MHGOPMALKA 10 Pe3yJbTaTaM aHAIN3a JaHHBIX, HE BOIIEAIIAs B TEKCT CTaThy,
pa3MellieHa Ha IeKTPOHHOM pecypcee https://asm.krasn.ru/.

KuroueBrble ciioBa: ypoBeHb KOHLEHTpauu PM2.5, o0ydeHue ¢ yuutesieM, perpecCHOHHbIE
MoJeU, KOPPEeKTUPOBKA CHCTEMBI JATUUKOB.

1. Beenenne. [To nmanapiM MuHKCTEpCTBA TPHUPOTHBIX PECypPCOB
u sxosioruu P® ropon KpacHospck ABIsSETCA OOHAM U3 HECKOJIBKUX T'OPOJOB
Poccun ¢ caMbIM Tpsi3HBIM BO3[yXOM, KOHLIEHTpAlMsi BPEIHBIX BELIECTB
B aTMocdepe ropopa 4acTo IpeBbIIIAET JIOMyCTHMble HOpMbL. TosbKo 3a
despanb 2023 ropa KpacHosipck aBax sl (5 u 13 deBpass) nomnan Ha nepoe
MECTO B PEHTHHIe KPYITHBIX TOPOJIOB MUPA C BHICOKUM YPOBHEM 3arpsI3HEHUS
aTMocepsl 1o Bepcuu cepBica IQAir, 0TCIeXMBAIOIIEro KayecTBO BO3AyXa B
peansHoM Bpemenu (https://www.igair.com/ru/world-air-quality-ranking).

OOIIETIPUHSATHIM MApKEPOM U OTHOBPEMEHHO OJJHIM U3 CAMBIX BPETHBIX
3arpsi3HUTENIE BO3/AyXa B IPU3EMHOM CJIO€ arMoc(epbsl COBPEMEHHBIX
TOPOIOB SIBJISIOTCS TBEPIBIE YACTHIBI TUAMETPOM 2.5 MHUKPOHA M MEHBIIE
(Particulate Matter, PM2.5). B3pemieHnsle yacTtuiibl PM2.5 uMeT Kak
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€CTECTBEHHOE IIPOUCXOXKJEHUE (YaCTUIBI MOYBbI, IbUIb, CaXa, CIOPBI
pacTeHui, IIBETOYHAS MBUIbLA, & TAKXKe JbIM OT JIECHBIX MOXAapOB) TaK U
AQHTPONOreHHOe (BBIXJIOMHBIE Ta3bl JBHUraTeseil aBTOMOOWJIEH, BHIOPOCHI
MIPOMBIIUICHHBIX MPEINPUATHN, NPOLYKThl CTOPaHUsl YIJIsl WIM JOPOB IpU
otoruiennn). KoHneHTpars B3BemeHHbIX YacTll PM2.5 sBisiercst 6a30BbIM
MIOKa3aTeJieM 3arpsi3HeHUs] TOPOJOB M IIMPOKO OOCYXKIaeTcsl B Hay4dHOI
yutepatype [1 — 6]. Mozaenn MHOTO(baKTOPHOI JTMHEHHON pPerpeccuu MMpOKO
OMUCaHBl B CHJIy JIETKOCTH UX MOMY4YEHHUS UM BO3MOXKHOCTHU NPUMEHEHUS
B MPaKTUYECKHUX 3aJadax ONEepaTUBHOIO MpOrHosa 3arpssHenus [7 — 10].
[MpencrasisieT Takke MHTEPEC PA3BUBAIOIIMICS MOAXOA K MOJEIMPOBAHUIO
COIJIACOBAHHOCTH M3MepeHwii [11, 12].

B nocnenHee Bpemsi KOJIMYECTBO M KaUeCTBO COOMPAEMbIX JaHHBIX,
a Takke MX JeTanu3alys UMeT TeHAeHUMIo K pocTy. [loatomy momumo
HEIOCPEe/ICTBEHHON padOThl C JIAHHBIMM O 3arpsi3HEHHSIX U MOJEJISIMH UX
pacripocTpaHeHus yzaessiercs: Oofbllloe BHMMaHMe IpoOsiemMaM cOopa H
HaKOIUIeHUsI MH(POPMAIMHU O 3arpsi3HeHUsAX. B cBs3m ¢ 3TUM npeacTaBiseT
0coObIli HHTEpec OLEeHKa 3(P(EeKTUBHOCTH MWCIOIb30BAHUS HEJOPOTHX
ceHcopos [13 — 18].

KpacHospck sBisieTcs ogHUM U3 ropogos Poccun B kKoTopoM Beercs
MOHHUTOPUHT KayecTBa aTMOC(epHOro BO3jayXa Ha CTAlIOHAPHBIX MOCTaxX
HaOmoneHns. Bo-mepBbix, MHHHCTEPCTBO 3KOJOTMM ¥ PaIIOHAJIBHOTO
MPUPOJOIIONb30BaHNsl KpacHOspCKOro Kpasi MOAJepXKUBAcT KpaeByIo
BEJJOMCTBEHHYI0O MH(OPMAIIMOHHO-aHATUTUYECKYI0 CHCTEMY JaHHBIX O
cocTosiHumM okpyxatwtieit cpeapl Kpacnosipckoro kpasi (KBUAC). deBaTh
aBTOMaTH3MpOBaHHBIX NocToB Habmoaenuii (AITH) KBUAC pacrionoxeHs! B
r. KpacHosipcke. Pa3 B 20 MUHYT BBITNOJHSIETCSI aBTOMAaTHUECKOE N3MEPEHNE
METEOpOJIIOTMUECKUX APaMETPOB U KOHIIEHTPALUK 3arpsI3HEHUI B IPH3EMHOM
cnoe atMmocepsl. B KBUAC ngns MoHHTOpHMHTa KOHLEHTpauuun PM2.5
UCIIONB3YI0TCA aHanu3aTopsl bl Mogenu E-BAM (Met One Instruments Inc.,
CILA) [19], npuHumMO AeACTBUS KOTOPBIX OCHOBAH Ha U3MEPEHUM MOTJIOIEHU S
[B-n3ily4eHus1 YaCTHUIAMHU TIbUIM, OCAXJEHHBIMA Ha (PUIIBTPYIOLIYIO JIEHTY.
Srta metoaTka cepruduimpoana U.S. EPA (United States Environmental
Protection Agency) [20]. AHanu3aTOpsl 3TOro KJjacca pPeKOMEHIOBAaHBI
I m3MepeHus coiepxkaHus ¢dpakuuit PM10 u PM2.5 B atmocdepe,
cepTU(ULIMPOBAHBI U aKKPEJIUTOBAHBI BO MHOTHX CTPaHaX MHUpa, B TOM UMCJIe
u B Poccun (Ne 57884-14 B ['ocpeectpe cpecTB U3MEPEHHUIR).

Bo-BTophix, B r. KpacHosipck neiicTByeT cucTeMa MOHHUTOPHHIA
KadecTBa Bo3ayxa KpacHosipckoro nayunoro mentpa CO PAH (KHIL]
CO PAH) [21]. Kaxplii TOCT OCHAIIIEeH CTaHIIMEe MOHUTOPUHTA BO3yXa
CityAir [22], pa3paboTaHHOH TIpyNIoil KOMIAHWiI M3 HOBOCHOMPCKOIO
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TEeXHOMAapKa W MHHOBAIIMOHHOro ILieHTpa CkonkoBo. Crannusa pa3 B 20
MHUHYT BbIJJa€T OCHOBHbBIE METEOPOJIOTMUECKUE MTapaMeTphbl ¥ KOHLIEHTPALIUIO
aspo3osbHbIX yactull PM2.5 u PM10. [y MOHUTOpUHIa KOHIEHTpAlUU
PM2.5 ucnoms3yorca ontudeckue natavku (Ne 75984-19 B T'ocpeectpe
CPeICTB M3MEPEHNil), B KOTOPBIX IPOXOASIIHI Yepe3 MOTOK 3arpsiI3HEHHOTO
BO3/1yXxa (DOKYCHPOBAHHBIN JTa3ePHBII JIyd paccerBacTCs HAa TBEPABIX YACTHIIAX,
YTO peructpupyercs (OTOAMOLOM U IO3BOJISIET KOJMYECTBEHHO OLIEHUTH
3arpsAsHeHue. [IpakTuka NpuMeHeHus TakuxX JaTYMKOB MOKa3ala, YTO OHU
YCTYIAIOT [0 TOYHOCTH aHanm3atopaM E-BAM, oHaKko NpUrogHs! AJ1si OLEHKH
ypoBHs koHUeHTpauuu PM2.5 [18]. Cucrema monutopunra KHII CO PAH
nmeeT okoio 30 MoCTOB, pacoOKEHHBIX B pa3HbIX pailoHax I. KpacHospck,
4TO 00ECNeYrBaCT XOPOIIYIO AETATM3ALHUI0 MHPOPMAIIMH O 3arpsI3HEHUSIX.

B craThe aHasM3MpyeTCs COINTACOBAHHOCTb IOKAa3aHUI JaT4MKOB,
NpUHAJUIeKAIMX pa3sHbIM CHCTEMaM MOHHWTOPMHIa W  IpejJlaraercs
CTaTUCTUYECKH OOOCHOBaHHasi KOPPEKTHPOBKA MEPBUYHBIX MAAHHBIX O
KOoHLeHTpauun PM2.5, mosmy4yaeMsIX C TIOCTOB CHUCTEMBI MOHHUTOPHHIA
KHII CO PAH.

CraTucTuyecKuii aHaJIN3 BHIITOJIHEH Ha s3bike Python ¢ ucnons3oBanuem
6ubimortek numpy, pandas, sklearn, statsmodels. OrtmeTum, 4YTO
JOTIONHUTEbHAsT WH(pOpManMs MO pe3ylbTaTaM aHalu3a JlaHHBIX, He
BOILIEJIIAs B TEKCT CTaThbU, pa3MelleHa Ha 3JIEKTPOHHOM pecypce [23].

2. Hcnoab3yemble 1151 aHAIN3A JaHHbIE H NX 0003HaYeHus1. [[1s
aHaJIM3a UCIIONb30BAJIMCH IEPBUYHBIE JaHHBIE 1) ¢ 9-TH aBTOMATU3UPOBAHHBIX
noctoB Habmonenus cetu KBUAC; 2) ¢ 21-it crannuu CityAir cuctemsl
monuroputnra KHI] CO PAH. [lanee B 3aBUCUMOCTH OT NPUHAAJIEXKHOCTU
nocta AITH KBUAC wmu cucreme monutopudra KHIL CO PAH nokazarenun
OynyT umeTs npeduke “m_" uiam “s_", cooTBeTcTBeHHO. Kpome Toro, ms
KpaTkocTu Aatunku koHeHtparyu PM2.5 AITH KBUAC u cranmuu City Air
OyneM yImOMHHAThH Kak “‘aHaimm3aTopbsl E-BAM” u “onThdeckue AaTyvku’,
COOTBETCTBEHHO.

ITo kax10My MOCTy [JaHHBIE IPEICTABJIEHHl BPEMEHHBIMH psIaMy
W3MEpeHnii B MpU3eMHOM cjoe armocdeps Temmeparypsl (f) B °C,
JaBJieHus (p) B MM pT. CT., OTHOCUTENIbHON BiakHOCTH Bo3ayxa (h) B %
Y KOHIIEHTpAllMU B3BelIeHHbIX yacTul PM2.5 (PM) B MKr/m>. B ckoOkax
yKa3zaHbl HCHOJIb3yeMble Jajiee 00o3HaueHus (akTopoB. Kaxniplii psn
conepxut 1o 105192 uzmepenuii (¢ 01.01.2019 00:00 no 31.12.2022 23:40, 3
M3MEPEHU B Jac).

ITockonbKy 1ebl0 padoThl SIBISETCS MOCTPOSHHE PErpecCHOHHON
MOJIeNIU J1Jisl KOPPEKTUPOBKM JTaHHBIX O KOHIEeHTpamusax PM2.5 craHiwmii
CityAir, mbl OyneM paccMaTpvBaTh JaHHblE HE KaKk BpPEMEHHbIC psijpl,
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a Kak CBsA3aHHble BBIOOPKM CJIydaiHBIX BeJuunH. OmnucartesbHas
CTAaTHCTHKA IOKa3blBaeT, YTO paclpelesieHue TeMIepaTypsl HMeeT
SAPKO BBIPAXXEHHYI0 TPEXMOJAJIbHOCTh (3MMHUIA, JIETHUIA U 1€MUCE30HHBIN
MepUO/bl), TIPUUEM 3MMHHI CE30H MMEET <«TSsDKEJIbIH XBOCT» B CTOPOHY
HU3KMX OTPHLATENIBHBIX Temriepatyp. Pacripenesnenne maBieHus 0JM3K0 K
HOPMaJILHOMY, paclipeieieHHe BIKHOCTH UMeeT OOJIbIIYI0 aCHMMETPHIO C
«TSIKEJIBIM XBOCTOM» BJIEBO. [ ICTOrpaMMel pactipe/iesieH!sI 1J1s1 KOHLEHTpaLuu
PM2.5, TemnepaTypbl, AaBieHHs M BJIAXKHOCTH Ui 4-X AyOJIMpYyOIIMX
JaTYMKOB (Kapyceslb M300paXeHwWil), a TakXke OIMCaTesbHAsl CTaTUCTHKA
JAHHBIX [IPEICTAaBIIEHbI B pa3jeiie «OnucaTespHas CTaTUCTUKa» pecypea [23].

Pacnipenienienne koHueHTpanud PM2.5 G/M3KO K JIOTHOPMaIbHOMY
(Tabnuua 1), ogHAaKO UMEET JBE MOJIBI, IIepBasi U3 KOTOPHIX COOTBETCTBYET
(bOHOBBIM 3HAYEHUsAM KOHLIEHTPALMH, a BTOpas, MEHee BbIpaXKEHHAs, —
Mepuo/iaM BBICOKMX KOHIEHTpauuii. OTMETHM, 4TO 3Ha4eHHs, OOBIYHO
olpe/iesisieMble B OITMCATEIbHOM CTATHCTHKE Kak BHIOPOCHI (T.€. PEBBIIIAIOIIIE
B NIOJITOpa MEKKBapTUJILBHOTO PacCTOSIHUS 3HAUEHUE TPEThEro KBapTuis [24]),
JUIl HaC TAKOBBIMU HE SABJIAIOTCH, IOCKOJIBKY OTPaXalOT CHUTYalUIo
3HAYUTEJILHOTO MPEBBILICHNUS MPeiebHO A0MyCcTUMBIX KoHIeHTpauuil (TTIK)
PM2.5 B atmocdepe.

Tabmuma 1. YpoBHH KOHIIEHTpALIMK TBEPIbIX B3BEIICHHBIX YacTul] PM2.5.
OnucarenpHas CTaTUCTHKA. [laHHBIe ocTa «BeTyxaHka»

TepBuyHble IepBuuHbIe Jlorapudpm Jlorapudpm
JaHHbBIE JIaHHBIE [TOCTIe | OT MEPBUYHBIX | OT HEPBHIHBIX
(MKr/M3) OYUCTKH JTaHHBIX JIaHHBIX T0CJIE
(MKr/™M?) OYHCTKH
CraTuctuka
S m s m s m s m
Makcumym 797.00 403.00 | 797.00 403.00 | 6.68 6.00 | 6.68 6.00
Cpennee 4590 2478 | 48.19 25.99|2.85 2.63|2.94 2.70
OumbKa cpeHero 034 0.14] 037 0.16|0.01 0.00 | 0.01 0.00
CpenHekBagpaTUYHOE 79.12  33.04| 8133 34.13|1.37 1.09 | 1.33 1.04
OTKJIOHEHUE
25% (Q1) 6.50 7.00| 7.17 8.00|1.87 1.95(1.97 2.08
Mennana (Q2) 14.50 14.00| 15.50 14.00|2.67 2.64|2.74 2.64
75% (Q3) 4250 27.00| 45.26 28.00|3.75 3.30|3.81 3.33
IQR=Q3 — Q1 36.00 20.00| 38.00 20.00|1.88 1.35|1.84 1.25
AcummeTpust 316 333 3.06 324|035 -0.03 | 0.42 0.11
OKcuecc 14.64 17.71| 13.83 16.72|2.56 3.08 | 2.54 3.02
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B jpaHHBIX MPUCYTCTBYIOT MPOITYCKH, COOTBETCTBYIOLIME MEPUOAAM
MOJIOMKH ammnapaTypsl. [ Halllero uccie1oBaHUs 3all0JHEHUE IPOITyCKOB
Hellesiecoo0pa3Ho, TakKe JaHHble OBUIH IIPOCTO y/IAJIeHBl N3 BHIOOPOK. Kpome
TOTO, IaHHBIe O KOHIeHTparwu PM2.5 comepxkani HEOOIBIIOEe KOJIMYECTBO
CllydaeB, KOTOpble ObLIM paclieHeHbl Kak cOou anmapatypsl. Hanpumep, eciv B
nieprof1 (POHOBBHIX KOHIeHTparmit PM2.5 B Tpex HAyIIUX OIS M3MEPEHUAX
MekIY ABYMS I3MEPEHUSAMH, KOTOPbIE COOTBETCTBYIOT HEOOJIBIINM 3HAUSHUSIM
KoHIeHTpaiuii PM2.5, npoucxoauTt pe3kuil CKauok MOKa3aHU| AaTUMKa, Mbl
cuntamu ero coboem anmapatypsl. Takue curyanuu peaku (< 10 cirydaes),
XaoTH4YHO paszOpocansl Mo 30 BEIOOpKaM M, CIEJ0BATENBHO, HE OTPAXKAIOT
KaKylo-IM00 TeHIEHUHWI0. DTH AaHHBIE TOXEe ObUIM yIajeHbl U3 BBIOOPOK.
CrnenyeT UMeTh B BUJLy, UTO HE BCE OIIMOKM U3MEPEHHIi 1 cOOM armapaTypsl
MBI MOIJIH BBISIBUTh, 1 OHU OCTAJIMCh B BHIOOPKE.

Jlis cpaBHEHMsI TOKa3aHWH JATYMKOB, NPHHALICKAIMX Pa3HbIM
crucTeMaM MOHHMTOpPHMHIA CYIIECTBYET 4 IMocTa, Ha KOTOPBIX YCTaHOBJICHA
M3MepUTeNIbHAs ammapatypa oO0oMX THHOB. DTo TocTH ‘‘Bermyxkanka”,
“ITokposka”, “Ceepaosckuit”, “Kuposckuii™! .

Ve Ha 3Tamne OmMcaTeSbHOM CTATUCTHKU CTAHOBUTCH SICHO, YTO
UMEIOTCS CYIIECTBEHHbIE pa3/Iiuvs B JIaHHBIX, MOJYyYEHHbIX C MOMOIIBIO
M3MEpPUTENILHOM anmaparypsl pasHoro tuna. Harpumep, cpeaHee 3HaueHne
KOHIeHTpayy PM2.5 1o BEIOOpKe H3MEpEeHHi ONTHYECKOTO AATYMKA CTAHIMH
CityAir, mouTu B 2 pa3a npeBblIAl0T CpeJHEe 3HAUCHHE B BHIOOPKE aHAIN3aTopa
E-BAM.

IMTockoneky MeTOAMKa U3MepeHUs KoHLeHTpauu PM2.5, ucnons3yemas
aHaymsaropamu E-BAM, tmarensHo Bepugunmposasa [20], a onTuueckue
JaTYMKH IPUHATO MCHOIb30BaTh, KaK CPABHUTEJILHO ACIIEBYIO aJIbTEPHATHUBY
[13 — 18], To akTyaJbHO TOCTPOSHUE CTATUCTIYECKH 0OOCHOBAHHOTO MPaBHJIa
KOPPEKTHUPOBKH MEPBUYHBIX JAAHHBIX O KOHIEHTpauuu PM2.5 ontryeckux
JATYMKOB 10 JaHHBIM, MOJMyYeHHbIM 0T E-BAM.

JuarpamMma paccesiHs pUCcyHKa 1(a) OKa3bIBaeT CHCTEMaTHUECKOe
3aBbIIIIEHNE KOHIIEHTPAIIMM ONTHYECKUX JATYMKOB. MBI IPUHSIN pelieHne
JUTSL KaXKJIOW Mapel JaTYMKOB MCKIIOYNTh M3 aHaM3a ~5 % map 3HaueHWid,
KOTOPBIE COOTBETCTBYIOT MAaKCHUMAJbHBIM PACXOXICHUSAM B ITOKa3aHHAX
ypoBHel KoHieHTpanuii PM2.5 B nmape. B pe3ynbrare u3 mocjieyionero
aHaM3a ObUTH MCKJTIOUEHBI ITaphl 3HAUSHHH, B KOTOPBIX OKA3aHUS ONITHIECKOTO
Jar4rka 6osee 4yeM B 6 pa3 OTJIMYaJIMCh OT TOKa3aHuil aHam3aropa E-BAM.
Junarpamma paccesiHus ocjie KOPPEeKTHPOBKH O0TOOpaxeHa Ha pucyHKe 1(6).
B rabsme 1 npuBeseHa onucartesibHasi CTATUCTHKA JUISI CKOPPEKTUPOBAHHBIX
BBIOOPOK KOHIIeHTpauii PM2.5.

'pasnen «Kaptel» pecypea [23]
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CityAir, s_vet
CityAir, s_vet

0 100 200 300 400 500 600 700 800 o 100 200 300 400 500 600 700 800

E-BAM, m_vet E-BAM, m_vet
a) 0)

Puc. 1. [JnarpaMma paccesiHus TOKa3aHUI O KOHLIEHTPALIMK B3BEILIEHHbIX YaCTHIL
PM2.5 (Mkr/m®) Ha anamuzatope E-BAM (m_vet) 1 oNITHYECKOM JIaTUMKE CTAaHIIUN
CityAir (s_vet), pacroJoxeHHbIX B BeTiyxkanke a) 10; 6) Mocjie OYUCTKU JaHHBIX

Hanee B Tekcte OyIyT MPHUBEACHBI PE3YJIbTATH aHATM3A JJIS Mapbl
OyOMpyIOIIMX IaTYMKOB ¢ mocta “Beriyxanka”. [Ins kpaTkoctu Oymem
noMmeuaTb “s_vet” m “m_vet” usMmepeHusa crtaHuuu CityAir ¥ JaTYUKOB
AIMTH KBUAC, cooTBeTCTBEHHO. AHamu3 i OCTaBIIMXCSA Tpex Map
JATYMKOB, pacnonoxkeHHbX B IlokpoBke, CeepmioBckoMm U KwupoBckom
paiionax r. KpacHosipcka, MpOBOAUJICS aHAJIOTMYHO, HEOOXOMMBIE CChUIKH
Ha 3JeKTPOHHBIA pecypc [23], comepkaluil pe3ybTaThl aHAIU3a M0 3TUM
nocTam, OyAyT AaHbl B TEKCTE CTAThH.

3. Onmncanne HCMOJBL3YEMBIX JIJISI AHAJIN3a MeTOA0B. OCHOBHBIMU
xopomio  (hOpMaTM3OBAaHHBIMU ~ CPEJCTBAMH  CTATUCTHKH, KOTOpHIC
WCTIONB3YIOTCS TIPHU TOMCKE B3aMMOCBS3el MeXIy BBIOOPKAMH, SIBIISIOTCS
1) KOppeALMOHHBIIA aHAINU3, BBISBJAIOLIMNA HATWUME JIMHENHHBIX CBA3EH MEXIY
JBYMS BBIOOpKaMH, U 2) amnmapaT MapHOi WM MHOXECTBEHHON perpeccuu,
yCTaHaBJIMBAOIIMI Gosee OOLIYI0 B3aMMOCBSI3b MEXy HaOOpaMy JaHHBIX
[25 —27]. B 060ux ciy4asx, BRIOOPKHU JOJKHBI OBITH JOCTATOYHOTO 00beMa U
XOPOIIIO OTMCHIBATh TEHEPATbHYI0 COBOKYITHOCTb.

IycTh u3BecTHO MHOKeCTBO X7 € RPX™, cocrosmee u3 n céaszanHvix
BBIOOPOK ((hakTOpoB) MomHocTH D. Kax/as BEIOOpKa NPeICTABIAETCSA BEKTOP-
cronéuom 2/ = (27,...,295)%, j = 1,...,n. Ormerum, uto X7 Takxe
MOKHO PacCMaTpHMBaTh KAK MHOKECTBO CTPOK-HaOmonenuii z; = (x}, ..., z%),
i=1,...,D. IlycTb Kax/10My HAOJIOJEHHUIO X; COOTBETCTBYET CKAJSIPHbIIA
otkimuk y , i = 1,..., D. Ha ocHoBe 3Toil HH(OPMAIMU B PETPECCHOHHOM
aHamM3e HeoOXOIUMO MOCTPOUTH AITOPUTM OLICHKU 3HAYCHUS OTKJIMKA ¢ TI0
BXOJIHOMY Habopy 3HaueHwuii hakTopos & = (£1,...,2") ¢ X7. Anroputm
HA3BIBAIOT PezpeccuoHtoil Mo0enbio, a MHOKecTBO Tiap (i , ;) — 06yuaougum.
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B Hacrosimiee BpeMsi B pPErpecCMOHHOM aHalIu3e Hapsay
C KJACCUYECKUMM CTATHCTUYECKMMU METOJIaMHU HKCIOJIb3YIOTCS METO/bI
MAIITMHHOTO 00y4YeHHUs ¢ yuuTesieM. KpaTko onmIiieM MeTOIbl, HCIIOb3yeMble
B IaHHOI#1 padore.

B OGonbIIMHCTBE ClOy4YaeB, Mbl pPACCMATPUBAIN  JIMHEHHbIE
perpeccuoHHbIe MOJEIIH, AJIs1 KOTOPHIX IMIPOTHO3HOE 3HAUCHUE OTKIMKA § € R
HIIETCS B BUJE:

i = f(&) = wo+wid + ... + w,i", (1)

nMHeiiHOM kKomMOuHaln (aktopos & = (2',...,4") € R". B atom ciyuae
MOCTPOEHUE PErPECCHOHHON MOJIENIM CBOIUTCS K OINpEJeeHrio Habopa
apaMeTpoB w = (W, ..., Wy, ) HA OCHOBE 0OyyalolIero MHOKecTBanap (v , ;),
rnex; € Xy,t=1,...,D.

Kiaccuveckuit MeTos] onpe/iesieHus apaMeTpoB w, pa3paboTaHHbI
eme K.®. ayccom u A.A. MapkoBbIM — 3TO METOJ] HAUMEHBIIIUX KBAaJIPaTOB
(MHK), B KOTOPOM MUHUMH3UPYETCsI CyMMa KBapaTOB HEBSI30K:

D
min " (57 — f(@:)” @
1=1

Ecin 06yyatoniee MHOXECTBO COZIEPXKHUT BHIOOPKH ITOUYTH KOJUTMHEAPHBIX
(hakTOpOB (HeueTKass MyJIbTUKOJUIMHEAPHOCTh Habopa ¢akTopos), To MHK
CTaHOBMTCSI HEYCTOWYMB, B TOM YHCJIE BBHIYUCIUTENLHO. B Takux ciryyasx
UCTIONB3YIOT HEKOTOPYIO PEryJIsipu3alivio (2), He MO3BOISIONIYI0 ITapaMeTpam
w CHJIBHO BO3pacTaTh. B MeTone zpebresoii pezpeccuu (Ridge) ucronsiyercs
perynsipusanus TruxoHoBa B HOpMe TipocTpancTBa Lo [28], B Metoge LASSO
(Least Absolute Shrinkage and Selection Operator) — B HOpMe IPOCTpaHCTBa
Ly [29], a momenb anacmuunoii cemu (Elastic Net) ucronb3yet o6e 3Tu
perynspuszaruu [30]. [Ipu 5TOM B MOIENsIX MOSIBISIIOTCS JOTOJTHUTEbHbBIE
napameTpbl, KOTOpble HEOOXOIMMO MOAOHMpaTh Ha OCHOBE CIIELMAJIbHOTO
HCCIIeIoBaHUsl HaOopa [AaHHBIX, HalpHMep, METOAOM KpOCC-BaIUAALH.
MeTtox LASSO yacTo npuBOAUT K pa3pekeHHBIM PErPECCHOHHBIM MOJIENSM,
IMOCKOJIbBKY HEKOTOPBIE KOMIIOHEHTBI B W MOIYT CTaTb HYJIEBbBIMU WU,
CJIe/IOBaTeJIbHO, OYIYT UCKIIIOYEHbI U3 Moje . Metos rpeGHeBOi perpeccun
MOXET AejlaTh 4acTh KOMIIOHEHT B w MaJbIMH, HO PEIKO 3aHyJseT WX.
OnacTU4YHAsl ceTh AaeT OoJsiee MIAJKYI0 3aBHCHUMOCTb W OT TapaMmeTpa
perynsipuzatiuu, yem meton LASSO. Takum 0O6pa3oM, 3T METOIBI TAKkKe
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MOXHO HCIOJb30BaTh JJIs1 OOOCHOBaHUS YMEHBLIEHHsS pa3sMEpPHOCTH
MPOCTPaHCTBa (paKTOPOB.

Memoo onopnvix gexkmopos (SVM, Support Vector Method) 6but
npemioked B [31], kak Merton KiaccuduKanmuy (MeTon O0OOOIIeHHBIX
MOPTPETOB) TOJIE3HBIA JISI HEUETKO pa3JesieHHbIX KiaccoB. B [32, 33]
MeToJ ObLT pacIIMpeH Ha pelleHHe 3ajad Perpeccud, armpoKCHUMaluH U
olLleHVBaHUA (pyHKLMIA. B MeTo1e OMOpHBIX BEKTOPOB HapsAAy ¢ MUHUMU3ALKeH
(pynkumonana (2) u ero peryaspusanyei B npocTpancTse Loy ONTUMU3MpYETCA
1 MHOXXECTBO HaOJIIO/IEHUH (OITOPHBIX BEKTOPOB), TI0 KOTOPBIM BBIYMCIISIETCS
cymMa B (2). MeToa MTHOpUpYeT OIIMOKK, MEHbLIME 33/IaHHOTO E.

I[MpesckazaHue OTKIIMKA MO JIMHEHHOI MOJIeN U perpeccuu, 00y YeHHOM
Mo 00yYalIEeMy MHOXECTBY 03 BRIOPOCOB, JOBOJIBHO YCTONUMBO. OHAKO,
MOCKOJIbKY HAKJIaJbIBAaeTCSl CWJIbHOE OrpaHMYeHHE Ha CTPYKTypy MOJeNu
(ymuneiinbii Bun Gpyskuun f(x) B (1)), npeackasaHue OTKIMKA MOXET OBbITh
HeTouHbIM [27]. CymecTByeT MMpOKHit HaOOp METOJIOB, B KOTOPHIX allpHOpPHbIE
JONYILIEHUs] O CTPYKType MOIENHM OuYeHb ciabble. B pesympraTe Mopens,
OOBIYHO, IIEpeCcTaeT ObITh JIMHEWHO 1 TMOKO MOJCTpauBaeTcs noj odyyaniee
MHOXecTBO X7. Ilpu orcyTcTBuM mepeoOydeHust (0 4eM HEeoOXOTUMO
3a00THThCS CHIEIMATIBHO) MTPeACKa3aHus TAKUX METOJOB MOTYT OBITh BeChbMa
TouHbl. OHAKO, OOpPaTHON CTOPOHOH aAaNTMBHOCTH MOJEJH SIBJISIETCS ee
HeycToiunBoCcTh. CTPYKTypa MOAEIN CHIBHO 3aBHCHT OT OOYYAIoIIero
MHOXECTBA; U MPEJCKA3aHUs OTKJIMKOB MOTYT CHJIbHO OTJIMYAThCS, €CTIM OHU
TIOJTY YeHBI 110 MOZIEJISIM, O0YUEHHBIM 1aKe Ha MaJIo OTJIMYAIOIIMXCS 00y YaloN1X
MHOXXECTBaxX.

B pabote MbI cpaBHIIM pe3y/IbTaThl, OTyUESHHBIE ITO OMMCAHHBIM BHIIIE
JIMHEIHBIM MOZIEJISIM 1 IBYM METO/IaM, B KOTOPBIX CTPYKTYpa MOZE/H 3apaHee
He pukcupyetcs. O6a MeToaa pazpabaThiBaIUCh 1JIs 3a/1a4 KJIacCU(UKALIIY,
HO OBbLIM a/IaITUPOBaHBI K 33/1auaM perpeccuu. B aTUX MeTosax MmpoCcTpaHCTBO
00BEKTOB paccMaTpuBaeTcsi, Kak 7n-MepHOe METPHUYECKOe NMPOCTPAHCTBO
C OIpe/lesieHHbIM PAcCTOSIHUEM p(-,-), a HAOMONEeHUst T — KaK TOYKU B
HEM.

Merton k Oaudcatiutux cocedeti IPeACKa3bIBACT 3HAYCHUE OTKJIMKA
{ 1o BXOIHOMY Habopy 3HaveHuii (pakTopoB & = (#!,...,2") Ha ocHOBe
OCpeJIHeHH!sI OTKJIMKOB OT k HaOJII0JeHUi U3 00yJarolero MHoxecTsa X,
KOTOPBIE SIBJISIOTCST OJIMKANIIMMU K 3HAYEHHUIO BXOJHOI IepeMeHHOM I 10
METpPHKE p.

B perpeccronHo# Monenm depega peuteruii [34, 35] mpocTpaHCTBO
00BEKTOB MPEJCTABNAETCS AUIBIOHKTHHIM 00beIMTHEHNEM HeTlepeCceKalouX st
obnacreit R,,, m = 1,..., M, BKak[IOM 13 KOTOPBIX HACTPAaHBAETCS POCTAs
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perpeccroHHasi Mofieslb (HalpuMep, KOHCTaHTa) Ul Ipe/ICKa3aHusl OTKJIMKA!

S

—

m=

3pecs I(x € R) — upeHtuduKanuonHas GyHKuus obnacta R, a ¢, (x) —
cooTBeTCTByIOIass R,, perpeccuoHHas Mmopenb. [nd uaeHTHU(UKALUN
PErpeccCHOHHON MOfield HEeOOXOOUMO ONpe/eUTh NPaBWIO pa3OueHus
MPOCTPAHCTBAa OOBEKTOB Ha 00JIACTH M COOTBETCTBYIOILYIO Kak/10i oOsacTn
Cm. B OONBIIMHCTBE MTAKETOB B HACTOSIIEE BpeMs IJIsI 0OyUeHUsI IepPEBbEB
pereHnii ucronb3yercs uteparmonnsii anroputm CART [35], B koTopom
pas3OueHue Ha Moji00JIaCTH IPOMCXOJUT IMIEPIUIOCKOCTSIMU, NapasliebHBIMU
OMHON M3 KOOPAMHATHBIX oceil, a c,, = avg(y/|z; € R,,) ycpemmser
OTKJIMKM U3 00y4aloliei BHOOPKH, COOTBETCTBYIOIIME BCeM T; € R,,.

ITockonpky mMonenu, noiaydyeHHsle 1o aaroputMmy CART sBisiorcs
HEYCTOYMBBIMA OTHOCUTEFHO 00YYaIOIIero MHOKECTBA M UMEIOT TeH ICHLIHIO
K MepeoOydyeHUI0, TO OOBIYHO HCHOJIB3YIOT CHELUAIbHYI0 MPOLEAYPY
Garrunra [36], MOBHIIAIONIYI0 YCTOWYMBOCTh MPOrHO3a. MBI UCTIONb30BAIN
anroput™m cayuaiinozo neca (Random Forest) [37], koTopslii reHepupyeT
aHcaMOJIb PEIIAOIIX JePEBbEB U YCPEAHSET M0 HEMY IIpeICKa3aHue.

4. Koppeasimuonnsbiii aHamm3. Ce30HHoOCTb. [TocTpoeHHbIE Ha
pPUCYHKE 2 AuarpaMMbl pacCesiHUs U a) TEeMIepaTypsl; 0) AaBJIeHUS;
B) BiaxHocTH, nonyudeHHbIX ¢ AITH KBUAC (m_vet) u craniuu CityAir
(s_vet) WILIOCTPUPYIOT? COIIACOBAHHOCTH TOKA3aHMii TeMIepaTyphbl
n jpaBieHus (K03(p(PHUUIMEHT AeTepMHHAIMM TIOKa3aHWH OIHOTO THIA
JaT4yrKa OTHOCHUTEJIBHO JAPYroro B 3TOM Clly4ae R > 0.98). Omnako
W3MEPEHUs BIQKHOCTH Pa3sHBIMHM NPUOOPAMH CYIIECTBEHHO OTJIMYAIOTCS
(pucyHok 2(B)). Perpeccus Buna:

— 0.01305h2

s_vet

= 0.000028h3

!/
hm_vet s_vet

+ 1.9667hs_yer — 14.62964,

¢ ko3 dunueHToM AeTepMuHay B2 = (.78 ylyumaeT COrnacoBaHHOCT
MOKAa3aHUI pa3HbIX THUIOB JAaTUMKOB (PUCYHOK 2(T)), HO BCE PaBHO NpuU
TIOBBIIIEHHO BJIAXKHOCTH pa3opoc noka3anuit ctaHuuy City Air OTHOCHTENIBHO
ATTH KBUAC ocraercs 6onee 40 %.

2 AHATOTMUHBII aHATA3 JUTS OCTABIINXCA Tap AyOIMPYeMBIX IaTUMKOB JOCTYTIEH B pa3fiene
Juarpammbl paccesiHus pecypea [23]
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I) CKOPPEKTUPOBAHHAST
a) Temreparypa 0) naBneHue B) BJIQXXHOCTb ) cropp P

BJIA)KHOCTDH
Puc. 2. )II/IanaMMI)I paccedaHrd METEOPOJIOTUIECKUX TAapaMETPOB, NMOJTYYEHHBIX

co ctanuuu CityAir u AITH KBUAC Ha nocty Betnyxanka

Kmumvatr r. KpacHOSpcK KOHTHMHEHTaIBHBIA C OTHOCUTENIBHO
MOPO3HOH MaJIOCHEXKHOW 3MMOH M KapKUM JIETOM C MaJIbIM KOJTMYECTBOM
ocajkoB. bosee TOro, B XOJOIHbINA CE30H OOJBINON BKJIA B KOHIICHTPAIUIO
3arpsi3HUTENST B aTMocdepe BHOCAT paboTaiolye Ha MOJHYI MOIIHOCTh
T3l u nmeuynoe oromeHue. [Io3TOMy ecTeCTBEHHa TMIOTE3a O Pa3HOM
MPOSBJICHUU CBS3M 3HAUCHUI KOHLIEHTPALUU 3arpsA3HUTENIs B aTMocdepe
1 METEOPOJIOTMYECKUX ITAPaMETPOB B Pa3Hble CE30HBI, UYTO HEN30EKHO OyaeT
BJIMSITH Ha MOJEJIb KOPPEKTUPOBKY JATUMKOB. [ moaceTn ayoampyomux
JaTYMKOB CrpYyNIMPOBaHHBIE MO MecsaM Ko3((UIMUEHTb KOPpPEesALn
MexJy KoHLeHTpauueil PM2.5 u Temnepatypoil, JaBieHHeM U BJIa)KHOCTBIO
npuBeeHb B Tabauiax 2 (a—B), COOTBETCTBEHHO . 3aMETHM, UTO B3ATHIE
O MecsAllaM 3HAYeHUs] METEOpPOJIOTMYECKUX MapaMeTpOB pPaCIHpeesIeHb
HOPMAJIBHO.

KoppesuoHHBIil aHaIN3 M03BOJIAET OBICTPO OLICHUTh BO3MOXHOCTh
JUHEHHON CBSI3M MEXJy 3HAaYeHUsIMHM KOHLeHTpauuii PM2.5 wu
MeTeonapameTpamu. Ha ero ocHoBe MOXHO cJenaTh Cleayolive
npe/iBapUTeNIbHbIE BBIBOLL. Bo-MepBhIX, B X0IOAHOE BpeMs rofia CyLIeCTBEHHB
OoTpHLaTeNIbHAsA KOppessiuusl KoHueHTpanuu PM2.5 ¢ temmeparypoil n
MOJIOXKUTENIbHASA C JABJIEHUEM M BJIAXKHOCTBIO, a MO3HEN BECHOR U JIETOM
9TH KOPPEJALMU TMPAKTUYECKU OTCYTCTBYIOT. DTO JIErKO OOBSCHSETCS
cienyloIMMU NpuyrHaMu. Huskue temmeparypsl, OTCYTCTBHE BeTpa U
BBICOKA$l BJIA)KHOCTb SIBJIAIOTCS IPUUYMHON TeMIlepaTypHbIX MUHBEPCHIA B HUKHUX
CJI0sIX aTMOC(EPBL, UTO 3aTPYAHSIET paccesiHie 3arpsA3HsAIoIMX BemecTs [38]
U TPHUBOIUT K TMEPUOAAM YCTONYMBOH IMOBBILIEHHONM KOHLIEHTPALIUU HUX
Mapkepa PM2.5. Bonee TOro, ¢ MoHWKEHHEM TeMIEpaTypHl MOBHIIACTCS
MHTEHCUBHOCTH MIEYHOro OTOILIeHHs U padoTsl TILL, uTo TOXE yBeImuMBaeT
3arps3HEHNE HIKHUX CJIOEB aTMOC(EpH! B XOJIOAHBII CE30H.

3 launbie s Beex 30 1aTYMKOB AOCTYTHK B pasaee «Koppesionnsiii anamus» pecypea [23].
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Tabmmma 2. KoadduimeHt Koppesainuy Mex/1y MOKa3aHUsIMU MOJCETH 1y OIMpPYIOIIIX
JATYMKOB O KOHIIEHTpAIMH yacTull PM2.5 1 u3aMepeHusmMu a) TeMIeparyphl;
6) BIIaXXHOCTH; B) JIaBJICHUS

a)
Jan| Feb | Mar| Apr| May | Jun| Jul|Aug| Sep| Oct| Nov| Dec
m_vet | -0.48 | -0.58 | -0.49 | -0.05 | -0.13 | -0.04 | 0.03 | 0.08 | -0.06 | -0.36 | -0.10 | -0.64
m_pok | -0.45 | -0.47 | -0.36| 0.08 | 0.10| 0.12| 0.12{0.21 | 0.02 | -0.12 | -0.28 | -0.42
m_svr | -0.35|-0.42 (-0.32| 0.21 | 0.13| 0.27 | 0.12]0.21 | 0.20 | -0.05 | -0.22 | -0.52
m_Kkir | -0.32 | -0.44 | -0.37| 0.08 | 0.10 | 0.17|-0.05]0.14 | -0.01 | -0.11 | -0.22 | -0.38
s_vet | -0.55 | -0.57 | -0.52 | -0.15 | -0.22 | -0.07 | -0.16 | 0.07 | -0.25 | -0.33 | -0.33 | -0.67
s_pok | -0.48 | -0.55 | -0.40 | -0.09 | -0.09 | -0.01 | -0.12'] 0.09 | -0.13 | -0.17 | -0.26 | -0.55
s_svr | -0.46 | -0.36 [ -0.38 | 0.16 | 0.02 | 0.07 | 0.12]0.22 | 0.04|-0.13|-0.22 | -0.45
s_kir | -0.45 | -0.38 | -0.42 | -0.02 | -0.06 | -0.05 | -0.06 | 0.08 | -0.15 | -0.24 | -0.24 | -0.41

0)
Jan | Feb | Mar | Apr | May | Jun| Jul|Aug | Sep| Oct| Nov | Dec
m_vet [ 0.49 [ 0.46 | 0.40 | 0.12| 0.04 | 0.10| 0.18 [ 0.21 [ 0.28 | 0.27 | 0.37 | 0.49
m_pok | 0.39 | 0.38 | 0.22 | -0.01 | -0.15 | -0.04 | -0.00 | 0.08 | 0.06 | 0.04 | 0.36 | 0.32
m_svr | 0.48 ] 0.38 | 0.28 | -0.05 | -0.07 | -0.18 | -0.04 | 0.02 | 0.01 | 0.04 | 0.36 | 0.52
m_kir | 0.54|0.47 | 0.35| 0.03 {-0.04 | 0.01 | 0.11 [0.11{0.23]0.18 | 0.40 | 0.41
s_vet |0.35[0.19 | 0.34| 0.18 | 0.14 | 0.18 | 0.03 [0.12]0.30|0.22 | 0.25| 0.05
s_pok [ 0.31[0.12] 0.18 | 0.07 | 0.01 | 0.11| 0.05|0.12 [0.14 | 0.14 | 0.20 | 0.19
s_svr | 035021 0.18]| 0.02| 0.04| 0.21 | 0.13|0.01 |0.16]0.12 [ 0.15| 0.15
s_kir [ 0.35(0.34| 023 | 0.15| 0.05| 0.24| 0.27]0.13]0.27 | 0.14 | 0.34 | 0.32
B)
Jan | Feb |Mar | Apr | May | Jun| Jul| Aug| Sep | Oct| Nov| Dec
m_vet | 0.13| 0.21 | 0.07| 0.05| 0.15|-0.12|-0.28 | -0.21 | 0.02|0.19 [ 0.03 | 0.26
m_pok | 0.31| 0.34 | 0.05| 0.00 | 0.04|-0.02|-0.02|-0.11| 0.06 |0.16 [0.31 | 0.14
m_svr | 0.14 | 0.26 | 0.02 | -0.05 | -0.03 | -0.04 | -0.08 | -0.14 | -0.07 [ 0.09 | 0.27 | 0.40
m_kir | 0.20 | 0.34| 0.02 | -0.00 | -0.01 | -0.15 | -0.06 | -0.09 | -0.05 | 0.16 | 0.20 | 0.31
s_vet [ 0.35(-0.07| 0.08 | 0.09 | 0.19|-0.02 |-0.07 | -0.09 | 0.09 | 0.23 | 0.29 | -0.32
s_pok [ 0.33] 043 [0.07| 0.03] 0.02| 0.04] 0.03| 0.00| 0.10]0.10 | 0.32 | 0.37
s_svr | 0.30 | 0.26 | 0.08 | -0.05 | 0.02 | -0.23 | -0.14 | -0.12 | -0.06 | 0.17 | 0.31 | 0.34
s_kir [0.28 | 0.33 [ 0.09| 0.05| 0.06 |-0.16 | -0.10 | -0.10 | 0.05]0.17 [ 0.27 | 0.30

Ectb u Gonee obiee 3amedanue. Jletom B 11e10M KoHIeHTparmu PM2.5 Huke,
YeM B XOJIOJHBIN MepHOJ, a TOYHOCTh U3MepeHuii aHam3artopa E-BAM [19]
Y ONTUYECKOro JaT4MKa MPU HU3KUX KOHIIEHTPALMSIX B3BEIIEHHBIX YacTHIL
HIKeE, YeM ITPU BHICOKUX. TakuM 00pa3oM, Juicriepcst 000UX U3MEPEHUIA pacTeT,
YTO IUTOXO OTpakaeTcs Ha UX COINIACOBAHHOCTU. BO-BTOPHIX, B XOJOHHBIN
TIEPUO]] TTOJIOKUTETbHAS KOPPEISALUS MEXIy MOKa3aHUSIMHU KOHIICHTPaIuy
PM2.5 n BnaxHocThl0 1J1s1 JaT4uKoB 3TagoHHoin nmoacetn KBUAC Beie,
4yeM Jist JaTyukoB ctanuii City Air, 4To, 10 BCeil BUIMMOCTH, OOBSACHSIETCS
HEBBICOKOI TOUHOCTBIO M3MepeHuii cranmu City Air.

Takum 006pa3oM, U3 pe3y/IbTaATOB KOPPEJISAIMOHHOTO aHAIIM3A CIIeyeT,
YTO MapaMeTpsl perpeCCHOHHON MOJENIN COTJIACOBAHUS MMOKA3aHUI apHBIX
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JATYMKOB JIOJDKHBI 3aBHCETh OT ce30Ha. [IJ1s mocienyoIero aHan3a HaMu
ObLIM YCJIOBHO BBIJEJICHBI TP nepuopa: 1) 3umHuii (OKTSOpb — MapT) C
CUJIbHON KOppeJsiliMell Mexly TeMmrepaTypodl U KoHueHTpauueir PM2.5);
2) netHWil (MIOHb — aBIyCT); 3) IEMHCE30HHBIA (ampesb, Maii, CEHTSIOPb).
CrnelyeT OTMETHTh, YTO B aBrycTe HaOofaercsi ciiabas MOJOXUTEIbHAS
KOppEJANUs 3arpsi3HEHUI C TeMIIepaTypoi, TOra Kak B ApPYyrue JICTHHE
MECSIIIBI 3Ta CBSI3b OTCYTCTBYET. Takoe MmoBeieHre KOCBEHHO MOATBEPKIaeT,
YTO U3MEPEHUS MTPU HU3KUX KOHIEHTPALIUAX TI0OXO COMIACOBAHbI, TOCKOJbKY B
aBrycte B KpacHosipce 4acTo BOZHHUKAIOT MTEPUO/IHI IOBBIICHHS KOHIIEHTPAITIA
PM2.5, cBsizaHHBIE C JIECHBIMU MOXAPAMHU.

5. Mogeann perpeccuH JJIsi KOPPEKTHPOBKH  3HAYeHU
KoHIeHTpamun PM2.5 or patumkoB cranmmii  CityAir. CHavana
Mbl BBITIOJIHUM PErpeCCUOHHBI aHadu3 ISl BBISBJICHUS] 3aBUCUMOCTH
3HAUYEHUH KOHIEHTPAlMM B3BeLIEHHbIX YacTtul PM2.5, monydyeHHBIX ¢
TOMOIIIBIO ONITHYECKOTO AaTuyrka ctaHimu CityAir, OT 3TaJJOHHBIX 3HAYCHUI
KoHHeHTpamuit PM2.5, monmydeHHslx oT aHammsaropa E-BAM, c ydetom
3HAUEHUIA METEOpOJIOTMYecCKMX MapaMeTpoB. Kpome TOro, Mel CpaBHUM
METO/Ibl 00YyUeHHsI pErpecCUOHHON MOJEJIH, ONMCAHHBIE B pasjede 3.

Nmeromuecst naHHble ObUTA pa30UTH Ha oOyJanIyo (80% obbema)
u tectoBylo (20% obOwema) BbIOOpKH. KadecTBO Momend OIEHHBAJIOCH
K03 uIMenToM JeTepMuHAaNuM  R2, KOTOpHIA TIOKA3bIBAaET, KaKYIo
JIOJI0 UCTIEPCHU TECTOBO# BBIOOpKM KOHIeHTpauuii PM2.5 oObsicHseT
mogenb. [Tockonbky 3HaYeHHe Ko3(pUIlMeHTa AeTepMHUHAIIUN 3aBUCUT OT
pa3OueHus JaHHBIX Ha OOYYaIoIyl0 U TECTOBYIO BBIOOPKH, TO MpOIeaypa
noBTopsiiack 11t 100 corydaitHeix pa3ouenwmii. Janee B Tabnuiax npuseaeH
cpenHuil KO3 (PUIMEHT AeTepMHUHAIIMHA IO BCEM IIOMBITKAM, MPH 3TOM
CpeAHEeKBaIpaTHIHOE OTKJIOHEHHE He MPeBhIIaeT MporeHTa. Hike mpruseieHs!
pe3yNbTaThl AT AyOIUPYIOIMX AATUMKOB C TocTa BeTmyxkanka®,

B perpeccroHHOM aHaJM3e PACCMATPUBAJIUCH PA3JIMUHbIC KOMOMHAIIAM
cienyomux ¢pakTopoB: KOHLIeHTpauuu PM2.5, noigy4yeHHble aHaIU3aTOpoOM
E-BAM (PM,,); temmepatypa (ts), maBinenue (ps;) W BIaxHOCTH (hj),
MOJTyYeHHBIE ¢ TTOMOIIBI0 gaTunkoB cTaHiun CityAir. B kayecTBe oTKIIMKA
paccMaTpUBAJIMCh 3HA4YeHHs] KOHLEHTpauuun PM?2.5, mnonydyeHHble
ontuueckoro natumka CityAir (PMg). CoenaeMm HECKOJbKO 3aMevyaHUid
OTHOCHUTEJIPHO BCEX IMOCTPOEHHBIX B CTaTbhe JIMHEHHBIX PErpecCUOHHBIX
Mofeneil. Bo-mepBrIX, Bce OCTaTKM MMEKIOT HYyJIEBOE CpelHee, MeIuaHy B
paitone 0,8 Mkr/mM?, c1a6yio oTpUIATETBHYI0 CUMMETPHIO (~-0,2) 1 yMepeHHbIi
skcuecc (~ 15). ITo kpurepuio [JapOrHa- YOTCOHA aBTOKOPPEJISILIUK IEPBOTO

4Pe3yTbTaThl PErPECCHOHHONO aHAIM3a 110 OCTANBHBIM MapaM JaTYMKOB MPEJICTABJIEHH B
paszene «PerpeccuoHHbIi aHaM3» pecypcea [23].
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MOpsIJKa y OCTaTKOB OTCYTCTBYIOT. TeM He MeHee, CTaTUCTUUECKYIO IPOBEPKY
Ha HOPMaJIbHOCTbh OCTATKW HE MPOXOAAT. Bo-BTOpHIX, t-cTaTUCTUKA C 5%
YPOBHEM 3HAYMMOCTHU IOKA3bIBAET, UTO BO BCEX Ciydasix KO3(PPUIMEHTHI
3HAYMMO OTJIMYHBI OT HyJsA. F'-CTaTUCTUKU ¢ 5% ypOBHEM 3HAUYMMOCTH
MOKA3bIBAET, YTO BO BCEX CIIydYasiX CYMIECTBYIOT KO(P(PHUIIMEHTH OTINIHBIC
OT HyJIsl, T.6. B 9TOM CMBICJIE€ JIMHEHAasA MoOJesb NnpuemiieMa. B-TpeTbux,
¢ nomotisio uHpopMamonHoro kputepus Akxavmke AIC u GaiiecOBCKOro
kputepus BIC [40, 41] npoBeaeHo cpaBHeHHe KayecTBa JIMHEHHBIX perpeccuit
C pasNMyYHBIM HaO0OpPOM (PaKTOpPOB, MOCTPOCHHBIX HA OJHOM M TOM Ke
oOyuaroinem MHoxkecTBe. AHanu3 nokasai, uro Haumenbinve AIC u BIC
uMeeT perpeccus, yuutsBaomas PM,,, ts u ps.

B Tabmuue 3 mnpenctaBieHbl KO3 DUIMEHTH JeTepMHUHALINY,
BBIUMCJIEHHBbIE ISl KaXJAO0W U3 PAaCCMOTPEHHBIX PErpecCUOHHBIX MOjelie,
00YUEHHBIX Ha BceM 06beMe o0yualomeii Beioopku. B2 oleHuBasics Ha OCHOBE
MOJIHOTO 00bEMa JIAHHBIX TECTOBON BBHIOOPKH C YYETOM MHOXKECTBEHHOCTHU
¢akTOpOB.

Ta6mana 3. Koabduruent aetepmunaiiy R perpeccMOHHbIX MOJEeil, 06y YeHHBIX
Ha IIOJTHOM 00beMe JJaHHBIX 00yJaloleil BBIOOPKH

PaxTOph!
Mopnens PM,, PM,,, PM,,, PM,,, PMm, ts,
ts ts, hs ts, Ps ps,hs
Jluneiinas perpeccus (MHK) | 0.844 0.856 0.857 0.858 0.859
LASSO 0.844 0.856 0.856 0.858 0.859
DJacTUyHAs CeTh 0.844 0.856 0.856 0.858 0.859
Merton onopHsix BekTopoB | 0.831 0.850 0.853 0.760 0.748
k Gmmxkaiiimx coceneit 0.830 0.870 0.882 0.883 0.889
JlepeBo peleHuit 0.847 0.789 0.803 0.815 0.825
Ciyyaiinslii nec 0.848 0.864 0.883 0.893 0.902

Ha ocHOBe pe3ynbTaToB perpecCHOHHOTO aHAJIM3a MOXKHO CAEIaTh
cilenyiouye BbBOOb. Bo-epBBIX, MHOXKECTBEHHAs! JIMHEHHas perpeccus
¢ momonibio HanMeHbIMx kBajgparoB (MHK) naér xopoiee npubikenue,
CpPaBHMMOE 10 TOYHOCTU C OoJjiee CJIOKHBIMH M BBIUHCIMTEILHOEMKHUMU
METOAaMH MalIMHHOTO 00y4eHus. [Ipn aToM MHeliHas perpeccust Mo3BoseT
B SIBHOM BHJIE NOJMy4yaTh KOI((PHUIMEHTH, OTpaxaiolue 3aBUCUMOCTb
3HAYEHUs OTKJMKAa OT 3HavyeHWil hakTopoB. Bo-BTOpBIX, 17151 Bcex map
[[y6.III/IpyIOIJ_lI/IX JATYUKOB JIYUIIYI0 TOYHOCTH NPEACKA3aHUA OTKJIMKA JaloT
HerapaMeTprUUecKre MEeTObI “CiTydaiiHblii jtec” u “k Ommkaiimx coceneit”.
B-Tperbux, noGaBieHHME B aHIM3 3aBUCUMOCTH (DaKTOPOB BJIAKHOCTH
W JaBJeHUs] HEe AaeT 3HAYMUTENIBHOTO YIyUIIeHHS TOYHOCTH MOZEJEH.
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DTO MOXHO OOBSICHUTH IBYMs NMpPUUYMHAMH: 1) BCECE30HHOCTh BHIOOPKHU
racUT pPa3HOHAINpPABJIEHHOE BIWSHUE 3THUX (DAKTOPOB B pa3HblE CE30HBI;
2) obcyxaaeMast paHee HEeKOPPEKTHOCTh U3MEPEHHI BIAKHOCTH.

MHoXecTBeHHAs IMHEHHAS perpeccus, YUUTHIBAIIAs MAKCUMAaJIbHOE
KOJIMYECTBO (PaKTOPOB, IJIsI MAPHBIX JATYMKOB MOCTa BeTirykaHka mMeeT
CJIeIyIOLIMI BUL:

PM; :a0+a1'PMvrz+a2'ts+a3'ps+a4'hs =
= 88.068 + 2.100 PM,,, — 0.781t, — 0.127ps + 0.054 hs, (3)

rae Ko3(pUIMEHTH OIpeAesieHbl CO CIEAYIOIIMMH JOBEPUTEIbHBIMU
uHTEepBaMaMu: ap €  [86.584;89.209], a; €  [2.097;2.103],
ay € [—0.785;—-0.777], a3 € [-0.129;—-0.125], a4 € [0.054;0.056].
OTMeTHM, YTO y4eT JJOTHOPMAJIBHOCTH pacilpeieieHuil KoHeHTparmit PM2.5
He JIaeT CYLIECTBEHHOTO y/IyylleH s B IIPOTHO3e”.

[MocTpoeHHbIe 10 NOJHOM 00yJaloIeil BHOOPKe perpecCHOHHBIE MOJEIIN
MbI OLIEHWJIM [J1s1 OTJEJIbHBIX TPYII 3HAUEHHUI TeCTOBOI BHIOOPKY (Tabsmua 4).
Bo-niepBbiX, K03(p(UIMEHT AeTepMUHAIMU 2 ObUT BHIYMCIIEH 110 TPYIaM
3HAYEHUIl TECTOBOW BBHIOOPKH, OTHOCSIIMMCS K OJIHOMY CE30HY (CTpPOKH
3uma, Jleto u Jdemuceson). Bo-BTophix, R? 6bi BHIUKCIIEH 15 HAOMIOACHHIT
U3 TECTOBOI BBHIOOPKH, COOTBETCTBYIOIIMX MOMEHTaM, KOIJa CKOJIb3siliee
cpejiHee 3a CyTKM 3HayeHHe KOHIeHTpauy PM2.5 He npeBblIano NpuHSITOro
B Poccuu [39] cpennecyrouHoro 3Hauenus IIJK PM2.5 (35 MKr/M®) n
HaOJTIO/ICHUSIM, B KOTOPBIX CPeIHeCYTOYHAs KOHIeHTpalus npesbiiana [TJIK.
B tabmmue 4 coorBeTcTBy0OIIME CTpokK nomedens! “‘He npepbiiaer ITIK”
u “TIpessimaet ITJIK”, coorBeTcTBeHHO. B 3TOM Cily4yae [jisi TOro, 4TOOBI
n30esxaTh 3ana3/bpBaHusl EPHUOIOB POCTa M Craja KoHUeHTpauuu PM2.5
TeKyIlee CpeiHee 3HaYeHNE BBIUKCIISIOCH [0 HAOTIOICHUAM, B3STHIM 32 IEPUOJL
12 yacoB 10 TEKyIIero 3HayeHus 1 12 yacoB, HAUMHAs C TEKYIIEro 3HAYCHHUS.
Haxoner, R? GbL1 BBIYMCIIEH 1151 yCPETHEHHBIX CKOJB3SIIMM CPETHUM JaHHBIX
¢ okHOM 1 yac, 6 4acoB, CyTKH.

W3 naHHBIX TabMMLBL 4 clie/lyeT, YTO JIMHEiHasl perpeccust Xopouio
NpuOIMKaeT CKOJb3sAIIee CpefHee, M TeM JIydlle, YeM OoJblle OKHO.
B 1O Xe Bpems OXHIAaeMO IpeACKa3aHWs OTKJIMKA B IMEPUOA BBICOKHX
KOHIIEHTPALIUI TOYHEE, YeM B IIEPUOJ HU3KHX. DTO MOATBEPKIAETCS U OUYCHD
HHU3KOW TOYHOCTBIO MOJENM JJIsi J€MHUCE30HHOTO, M, OCOOEHHO, JIETHEro
nepuonoB. Kpome Toro, yuet B Mojesi TeMIiepaTyphl MOBHIIIAET €€ TOUHOCTh

Spasjien «YYeT JOrHOpMaNbHOCTH» pecypea [23]
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(R? YBEJIMUMBAETCS] HA MPOILCHTHI), 10OaBJIeHHE B MOJEJIb JIaBJICHHS elle
HE3HAUUTEJILHO YIydlIaeT TOUHOCTb IPOrHo3a oTkuKa (R yBemmuuBaeTcs Ha
JiecsIThie JIOJIM TPOIleHTa). BBeleHre B MoJIesh BIIaXKHOCTH HelleJiecooOpas3Ho.

Ta6muna 4. Koapduiuent aerepmusany R, pacCUnTaHHBIA U1 IPYIIT 3HAYSHUI
ypoBHsI KOHLeHTpauu PM2.5 natumka “s_vet” TeCTOBOi BHIOOPKH, JIsl TUHEHHOIM
perpeccunt (MHK), mocTpoeHHO# Ha BCEM 00beMe IaHHBIX 00yJaroleil BRIOOPKU

DakTopsl
O6yuaromas BHIOOpKa PMp, PMp,, PMp, PMpy,, | PMm,ts,
is ts, hs s, Ps Pss hs
Ckosnb3sinee cpeanee 3a cytku | 0.939 0.944 0.952 0.954 0.953
Ckonp3suiee cpeasee 3a 6 4. | 0.936 0.941 0.947 0.947 0.947
CkoJb3siliiee cpeiHee 3a yac 0.895 0.901 0.907 0.907 0.907
He npeppmmaer ITJIK 0.324 0.304 0.357 0.356 0.357
Ipesbunaer IIK 0.739 0.770 0.764 0.771 0.771
3uma 0.862 0.863 0.866 0.867 0.868
Jleto 0.220 0.314 0.338 0.367 0.363
Jlemuce30H 0.582 0.600 0.603 0.603 0.602

W3 mpoBeseHHOTO HCCIENOBaHUs CIEAyeT, YTO ISl TOBBIIICHUS
TOYHOCTH KOPPEKTUPOBKM JaTYMKa HEOOXOIMMO 00ydaTh MOJEJM He Ha BCei
COBOKYIHOCTH 00y4arolieil BHIOOPKH, a MPeJBAPUTENLHO BBIIENSATH U3 BCETO
MHOKECTBA JaHHBIX IIeJIeBYIO IpyIny. B Tabmiie 5 npeacraBieHs! 3HAYCHUS
ko3(urmenta netepmuHanuy R? mocne o6ydeHns Tpex MojieNeit: TMHeiHol
perpeccuu Ha OCHOBE METOJa HauMeHblIuX KBaaparoB (LR), ciayuaiiHoro
neca (RF) u «k 6mkaiimmx coceneit» (k-N). B HazBaHuu cTpoku yka3aHa
rpyIIa IaHHbIX, HA KOTOPO#l POXoauiIo odydeHue. B vactHocTH, 13 Tabuiib 5
CJIe/IyeT, YTo 00yJIeHHe Ha OCPeTHEHHBIX JaHHBIX C YYETOM BCeX (haKTOPOB JaeT
R? 6mmskuii k eunmie. Kpome TOro, Mbl BUIMM 3HAUMTEBHOE YTy dIleHHe
MoIeJeil Ha IaHHBIX C HeOOJBIIMMU 3HAYeHI MU KOHIeHTparwy PM2.5. Takum
00pa3oMm, pe3y/IbTaThl aHANM3A, IPEICTABICHHBIE B TAOIMIAX 4, 5, TOKa3bIBAIOT,
YTO KOPPEKTUPOBKA KoHIIeHTpaluii PM2.5 st ontudeckoro aatyuka CityAir
OTHOCHUTEIIbHO aHay3aTopa E-BAM [10KHA BHITONHATC S, TIO KpaiiHeid Mepe,
IO CE30HHBIM JaHHBIM.

Jl1si orepaTWBHOW KOPpPeKTHPOBKM PM, ymoOHO WCIOIh30BaTh
NapaMeTPUUYECKYI0 MOJEIb MHOKECTBEHHON JIMHEHHOU pErpeccuu METOIOM
HAMMEHBIIMX KBaJPaTOB, yYUTHIBAIOIIYIO [IOKA3aHUs TEMIIEPATyphl U AaBICHHUS.
B stom ciydae akTopom siBisieTcsi KoHLeHTpanus PM2.5, usMmepeHHast
onrryecknM gaTarkoM CityAir, a st 00yJYeHHs] MO B KaUuecTBe OTKJIMKA
UCTIONB3YIOTCS KOHLeHTpanuu PM2.5, m3mepenHsie aHamm3aTopom E-BAM.
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Ta6mua 5. Koaguuuent nerepmunariy R, paccudTaHHblii 115 3HAYEHUH yPOBHS
KoHIIeHTparmu PM2.5 ontudeckoro gat4nka “s_vet” TecTOBOM BHIOOPKH ISt
HECKOJIBKHMX MOJIeJIell perpeccuu, NOCTPOSHHBIX Ha YKa3aHHOH B CTPOKe IpyIie

JTAaHHBIX 00yYaloIeil BHIOOPKH

PMn, PMm, ts PMm, ts, ps
O0yuaromas BHIOOpKa
LR RF k-N | LR RF k-N | LR RF  k-N

Ckonb3sliee cpeaHee

3a CyTKH 0.945 0.945 0.949]| 0.959 0.991 0.988| 0.959 0.997 0.997

3a 6 yacoB 0.944 0.944 0.945| 0.955 0.978 0.977| 0.955 0.985 0.984

3avac 0.904 0.904 0.898| 0.914 0.930 0.931| 0.915 0.943 0.938
He npesbiuaer ITJIK 0.616 0.621 0.577| 0.631 0.654 0.683| 0.631 0.725 0.712
Ipesbimaer ITIK 0.772  0.769 0.752] 0.795 0.796 0.799| 0.807 0.840 0.820
3uma 0.889 0.893 0.883]| 0.890 0.879 0.889| 0.890 0.898 0.893
Jleto 0.795 0.782 0.788] 0.797 0.787 0.799| 0.799 0.874 0.823
Jemuce3oH 0.693 0.709 0.667| 0.715 0.712 0.723| 0.716 0.773 0.737

Huxe npuseneHsl ¢opmysbl nepecyeTa MOKa3aHU ONTUYECKOTO
JaT4hKa I IocTa “BeTJIy)KaHKa”6Z

PMET" = 36.109 + 0.367 PM;_yor — 0.143 5 yor — 0.041 ps_ves, (4)

s_vet

PMZ% = 286.693 4+ 0.535 PM;_yetr + 0.300%5_ver — 0.385 Ps_ver, (5)

s_vet

PMErT = 28.500 + 0.361 PM;_yer + 0.166 5 ver — 0.0310 ps_ves, (6)

s_vet

s 3umeero (R? ~ 0.88), nerHero (R? ~ 0.81) M IeMHCE30HHOTO
(R? ~ 0.67) NEPUOI0B, COOTBETCTBEHHO.

Bonee toro, onHonapamerpuueckas perpeccust PME™" = a - PM,,
MOCTPOEHHAS 10 TEM K€ JaHHBIM JaeT KO3((PUIMIEHTHI IiepecyeTa a paBHbIe
0.43, 0.7 m 0.54 npns 3uUMHEro, JIETHETO M JEMHCE30HHOTO MEPHOJIOB,
COOTBETCTBEHHO. B 3TOM ciyyae, k03¢ puiiueHTs feTepMUHau paBHbI .85,
0.57 u 0.40.

6 Ananornumbie hOPMYITHI 7T TPEX APYTHUX TIOCTOB MOKHO HAHTH B pasferne «DopMybt s
KOPPEKTHPOBKM» pecypca [23].
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6. KoppexTupoBka 3Ha4yeHuil KoHeHTpamun PM2.5 o nocram
cuctembl MoHutopuHra KHII CO PAH. B pesyiabraTe ONMCaHHOTO
CTaTUCTUYECKOI0 aHAJIM3a Mbl MIMeeM TOACUCTEMY U3 UEThIPEX ONTUYECKUX
JaTYMKOB (s_vet, s_pok, s_svr, s_kir), OTKATMOPOBAHHBIX 11O TIOKA3aHUSM
3TaJIOHHBIX aHam3aTopoB E-BAM.

Bynem ncrnonp30BaTh 3TH JATYUKH [JIs1 KODPEKTUPOBKH ONTHYECKUX
natyukoB CityAir Bcex gpyrux noctos cuctemsl Monutopunra KHI] CO PAH.

Ha pucynke 3 npeacrasiieHbl KO3((PHUIMEHTH KOPPEISILUN MEX Ty
MOKAa3aHUSIMA O KOHIeHTparmu PM2.5 Kaxkgoro OTKaJIuOpOBaHHOTO
ontuueckoro aatduka City Air ¥ BceMu JpyrMMH ONTUYECKUMU JaTYhKaMy
CityAir moctoB cuctemsl Monutoprara KHL] CO PAH. [1ns kaxaoro gatauka
HaiijieH OTKaIMOPOBaHHBIiA, Y KOTOPOTO ¢ HUM MaKCHUMaJIbHbIN K03 dureHT
koppensanuu. Ha pucyHke 4 Bce JaTUYMKM HaHECEHBl Ha KapTy M OJHUM
LBETOM 3aKpallleHbl Tornorpaguueckie 00J1acTu, OObeAUHSIONINE JaTUYNKH,
KO3 (PUIMEHTH KOPPEJIANMN KOTOPBIX MaKCUMAJIbHBI C OIHUM M3 YeTHIpEX
OTKAJIMOPOBAHHBIX JATYHKOB.

0.95

0.86 0.87 |0.82 (VR JNR-TH 0.75] 0.72 0.93 0.90

062|076 07 ] 068 06 [069|075|069|071]|071|074] 072 085
- 0.80
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Puc. 3. Koppensmus Mexay MoKka3aHUsIMU 00 YPOBHSIX KOHIEHTpanuu yactur PM2.5
MOJICETH AyOIMPYIOIINX JATYMKOB U JaTYMKOB, ocTaBieiics mogacetu KHIT CO PAH

INonyuyeHHsle Tomorpapuyeckue 00JACTH XOPOIIO OOBSICHSIOTCS
clenyoImuMy reorpadgpuiyeckuMu  (pakTamu. Bo-mepBeIX, HaTdmk s_pok
PACTIONIOKEH Ha XOpOIIO IPOBETPUBAEMOM BBICOKOM XOJIME BT OT
TPAHCIIOPTHHIX pa3Bs30K. OXKUAAETCS, YTO ITOT AATUYMK OyleT HauMeHee
KOppeaupoBaH ¢ Apyrumu. [1o3ToMy B 30HY €ro AefCTBUs He MONasl HU OJUH
JaTauK. Bo-BTOphIX, camas Oombinast 30Ha BiusHUA (30Ha 1) okazanack y
JaTIMKA S_vet. DTO MOXKHO OOBSCHUTH MPeodIialaHueM CeBepO-3araIHbIX
BETPOB M PACIOJIOKEHHEM [aTYhKa sS_vet Ha ceBepo-3amajie B KUAJIOM
paiione KpacHosipcka. Bee matumku 30Hbl 1 OTHOCATCS K JieBOMY Oepery
Enuces. Dtu gatuuku OydyT aHAJOTMYHBIM 00pa3oM peardpoBaTh Ha
CyTOYHBIE KOJieOaHUsl ypOBHEl KoHIeHTpauu PM2.5, cBsi3aHHbIe, HanpuMep,
¢ MpoOKaMU Ha JIOpOTax, M JUIUTENIbHbIe TIepHUObI BEICOKON KOHIICHTPAIiN
PM2.5, cBs3aHHBIE ¢ HEOIATONPUATHBIMI METEOPOJIOTHUSCKIUMH YCIIOBHSIMU.
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Puc. 4. O6act MaKCUMAaJIbHOM KOppeJIAIMK MoKa3aHuuii njaTunkos cetu KHIL CO
PAH c noka3saHusiMu CKOPpEeKTUPOBaHHBIX AATYMKOB MOCTOB "vet "pok "svr "kir"

MoxeT noka3aTbCsl yAUBUTEBHBIM, UTO B 30HY BIMAHUA (30Ha 2) AaTyMKa
S_SVr, pacroIoXeHHOT0 Ha 1paBoM Oepery Enuces1, monasm naTuuky ¢ JIEBOTo
6epera. OHaKO BCE 9TH AATUYMKH PACHIOJIOKEHBI B XOPOIIO MTPOBETPHUBAEMON
OTHOCUTEJIBHO YWCTOH YacTW TOpOAa, PACIIONOXKEHHOH B JONMHE pEKH
Enuceii. [ToaToMy NOHATHA U MX XOpoLIasl KOPpeJsLMs C JaTYUKOM S_SVT,
HaxOJsIIMMCS B aHAJIOTMUHBIX YCJIOBUSAX. 30Ha BiIUsHUA (30Ha 3) maTuuka
s_kir oObenuHsieT HEOOJBIIYI0 TPYINIy AAaTYMKOB, PACIHOJIOKEHHBIX B
HamnbOoJlee 3arpsI3HEHHOM YacTH AOJMHBI peku EHucelt, a Takke Ha OCTpOBax,
yepe3 KOTOphIe IMPOXOAUT MOCT C IIOTHBIM TPAHCTIOPTHBIM TTOTOKOM.

7. BaaromapHocTH. ABTOpH Onarogapst Ajekcess TokopeBa 3a
MpeJOCTaBICHHBIE JaHHbIE.

8. 3akJurouenne. B craTbe npejioxkeHa cTaTHCTHYECKH 000OCHOBaHHAS
KOPPEKTUPOBKA NIEPBUYHBIX IaHHBIX 00 ypOBHE KOHIIEHTPAIIMH B3BEIIEHHBIX
yactuy, PM2.5 B npusemHom ciioe artmocgepnl I. KpacHosipcka,
MOJTyYaeMbIX ONTUYEeCKMMHU JaTunkamu ctaHmmy CityAir. s mocTpoeHus
PETPECCHOHHBIX MOJIeJIeil 3TaJJOHHBIMU CUUTAJIICh U3MEPEHU S, TTOJTyYyaeMble
oT aHaym3aTopoB E-BAM, pacrosiokeHHBIX Ha TeX ke MOCTaxX HaOIoNCHHUS,
YTO U KOPPEKTUPYEMblE JATUUKH.

Ha ocHOBe poBeI€HHOT0 aHaIN3a MOKHO C/IENIaTh CIIEAYIOIINE BBIBOIBI.

1. IIpu KOPPEKTHPOBKE NMOKA3aHMii JaTINKOB HEOOXOOUMO YUUTHIBATh
METEOPOJIOTMYECKHE ITapaMeTphl. B Haliem cityuyae B JIMHEHHOH perpecCuoHHOR
MOJENU JIydYllle Y4YUTHIBaTh 3aBHCUMOCTb OT TEMIIEpPAaTyphl U JaBJICHUS.
TouHoCTh M3MepeHus BiAaXHOCTH Ha craHIMAx CityAir He mo3BoiseT
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YUMTBIBATh 3TOT NIOKA3aTeJb I[P KOPPEKTUPOBKE, OAHAKO HE UCKJIIOYAET ET0
BJIMSIHMSA Ha MOKA3aHMS JaTUMKa.

2. TlapameTpsl KOPPEKTHUPOBKM YpPOBHSI KOHIeHTpauuu PM2.5
C TIOMOILBIO PETPECCUOHHON MOJIEJIU CYLIECTBEHHO 3aBUCST OT CE30HA.

3. [MokazaHus onTUYeCcKUX AaTyrkoB cTanumit CityAir gaxe mocie
KOPPEKTUPOBKM HE MOTYT OBITh KCIOJIB30BaHbl B Ka4eCTBE ITAJIOHHOTO
000pyIOBaHKS JJIsl ONpe/esieHUs] YPOBHSA KOHIleHTpaiuu PM2.5. B 1o xe
BpeMsi UX TIOKa3aHusI [TOJTHOCTHIO OTPAKAIOT TPEH Il IOKa3aTeselt 3arpsi3HeHusl,
MO3TOMY 3TU JATYMKU MOTYT HCIIOJb30BATHCS [JIsI ONMUCAHUSI CLEHApUEB
Y TIPOTHO30B MEPUOAOB MOBBIIEHHBIX KOHLEHTPALMil B3BEIIEHHbIX YacTHL]
B aTMOcepe TOpoIOB.

4. Jlna omnepaTWBHOW KOPPEKTHPOBKU 3HAYEHWI KOHIEHTPAINU
PM2.5 matumkoB cranumii CityAir TOCTATOYHO MCIIOJL30BATh JMHEHHYIO
MHOTO(PaKTOPHYIO PErPECCUOHHYIO MOJIEJIb HA OCHOBE METO/1a HAUMEHbBILIUX
KBaJparoB. [Jisi HAy4YHBIX pETPOCHIEKTUBHBIX UCCIIEOBAHUI BPEMEHHBIX PSIIOB
KoHIeHTpammit PM2.5 pexoMmeHAyeTcsi MCIONIb30BaTh MHOTO(aKTOPHYIO
perpeccuio, OCHOBaHHYIO Ha METOJIE CJIy4aiiHOrO Jieca.
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E. KAREPOVA, V. PETRAKOVA
STATISTICAL SUBSTANTIATION OF THE REVISING OF
READINGS BY THE CITYAIR STATION OF PM2.5
CONCENTRATION LEVELS IN THE ATMOSPHERIC BOUNDARY
LAYER OF THE CITY

Karepova E., Petrakova V. Statistical Substantiation of the Revising of Readings by the CityAir
Station of PM2.5 Concentration Levels in the Atmospheric Boundary Layer of the City.

Abstract. As a marker characterizing air pollution in the surface layer of the atmosphere
of modern cities, the concentration level of particulate matter with a diameter of 2.5 microns
or less (Particulate Matter, PM2.5) is often used. The paper discusses the practice of using a
relatively cheap optical sensor, which is part of the CityAir station, to measure the concentration
of PM2.5 in an urban environment. The article proposes a statistically justified correction of the
primary data obtained by CityAir stations on the values of the concentration of suspended particles
PM2.5 in the surface layer of the atmosphere of Krasnoyarsk. For the construction of regression
models, measurements obtained from E-BAM analyzers located at the same observation posts
as the corrected sensors were considered as a reference. For the analysis, primary data was used
1) from 9 automated observation posts of the regional departmental information and analytical
system of data on the state of the environment of the Krasnoyarsk Territory (KVIAS); 2) from the
21st CityAir station of the monitoring system of the Krasnoyarsk Scientific Center of the Siberian
Branch of the Russian Academy of Sciences. The paper demonstrates that when correcting sensor
readings, it is necessary to take into account meteorological indicators. In addition, it is shown that
the regression coefficients significantly depend on the season. Supervised learning methods are
compared for solving the problem of correcting the readings of inexpensive sensors. Additional
information on the results of data analysis, which was not included in the text of the article, is
available on the electronic resource https://asm.krasn.ru/.

Keywords: particulate Matter, PM2.5 concentration level, supervised learning, regression
models, sensor system revising.
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A. EBRAHEEM, I. IVANOV
TOWARDS AUTOMATED AND OPTIMAL I1OT DESIGN

Ebraheem A., Ivanov I. Towards Automated and Optimal IIoT Design.

Abstract. In today’s world, the Internet of Things has become an integral part of our lives.
The increasing number of intelligent devices and their pervasiveness has made it challenging for
developers and system architects to plan and implement systems of the Internet of Things and
Industrial Internet of Things effectively. The primary objective of this work is to automate the
design process of Industrial Internet of Things systems while optimizing the quality of service
parameters, battery life, and cost. To achieve this goal, a general four-layer fog-computing model
based on mathematical sets, constraints, and objective functions is introduced. This model takes
into consideration the various parameters that affect the performance of the system, such as network
latency, bandwidth, and power consumption. The Non-dominated Sorting Genetic Algorithm
II is employed to find Pareto optimal solutions, while the Technique for Order of Preference by
Similarity to Ideal Solution is used to identify compromise solutions on the Pareto front. The
optimal solutions generated by this approach represent servers, communication links, and gateways
whose information is stored in a database. These resources are chosen based on their ability
to enhance the overall performance of the system. The proposed strategy follows a three-stage
approach to minimize the dimensionality and reduce dependencies while exploring the search
space. Additionally, the convergence of optimization algorithms is improved by using a biased
initial population that exploits existing knowledge about how the solution should look. The
algorithms used to generate this initial biased population are described in detail. To illustrate the
effectiveness of this automated design strategy, an example of its application is presented.

Keywords: 10T, IoT, NGSA-II, TOPSIS, cloud, fog computing, multiobjective optimization,
gateway, edge devices.

1. Introduction. One of the drivers of Industry 4.0 is the Industrial
Internet of Things (IloT), the development of which is a consequence of the
widespread use of computer technology. Cloud computing is one of the factors
driving the success of the Internet of Things (IoT) and Industrial Internet of
Things. It allows users to solve computing problems using the resources of
connected servers and data centers scattered around the world and working as
a single ecosystem [1]. In some cases, the long network distance between edge
devices and remote cloud data centers reduces the quality of service, resulting in
high latency, high bandwidth usage, and unreliable connections. The concept of
fog computing helps solve these problems by bringing computing and storage
closer to end users. It can also help reduce unplanned downtime, improve
efficiency, and keep the Internet from being flooded with data from a myriad
of sources. Thus, fog computing provides services in the same way as the
cloud, with better quality parameters that meet the critical requirements of
IIoT [2]. Therefore, it can be used as a basis for IIoT systems and models. For
fog networks to reach their full potential, good and careful planning is required.
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The structure of the paper is as follows: A review of the revised literature
is presented in the following section. The architecture of the IIoT system
and the suggested techniques for choosing and allocating its components are
subsequently specified. After that, the mathematical model is extensively
described. The methods related to optimization and decision-making follow.
The next steps before the conclusion are the simulation process and outcomes.

2. Related work. The problem of optimizing and synthesizing IIoT
systems belongs to a much wider class of problems related to the synthesis of
the structure of complex systems, examples of which can be found in [3 — 6]. In
this context, special attention was paid to IIoT and cyber-physical systems in [7],
where models, methods, and algorithms for synthesizing complex management
plans in cyber-physical systems and industrial internet are proposed.

This topic was also addressed by different organizations, alliances
and consortiums. As a result, different frameworks and architectures were
suggested like RAMI 4.0 (Reference Architectural Model Industrie 4.0) [8],
IIRA (Industrial Internet Reference Architecture) [9], and IVRA (Industrial
Value Chain Reference Architecture) [10]. However, these frameworks do not
propose any kind of optimization or automation methods. They rather provide
definitions, guidelines and suggestions on how to construct and organize IIoT
systems.

Study [11] reviewed the various methods used to optimize IoT
networks, and classified them into 8 groups based on the network aspect
being optimized (network routing, power consumption, congestion control,
heterogeneity, scalability, reliability, quality of service , security). Optimizing
and synthesizing IIoT and IoT systems has also been addressed as a problem
of network planning and optimization for different technologies like mobile
networks [12, 13], LoRaWAN (Long Range Wide Area Network) [14],
SigFox [15], NB-IoT [16].

Paper [17] proposed a model based on a three-layer fog computing
architecture that takes into account transmission, propagation, and processing
delays, as well as network traffic while keeping the overall deployment cost
within the desired budget. Paper [18] uses the same model with modified
objective functions, introduces a new optimization method, and compares the
results of several optimization algorithms.

The revised literature can be loosely divided into the following
categories:

— technology-specific literature addressing certain types of networks
or certain layers in the technology stack.

— literature that is more general in nature that addresses the structure
of the system and the territorial distribution of its components.
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This work falls into the second category and is a continuation and
an expansion of the approach presented in [17, 18] by adding the necessary
elements to enable an automated buttom-up design approach for IIoT, which,
to the best of the authors’ knowledge, is not encountered in previous literature.

3. Architecture and methodology. To develop the mathematical
model in a simple yet realistic and feasible manner, a four-layer architecture
based on fog computing is used (Figure 1).

Cloud Layer @

Fog Layer

Edge Layer

Device Layer
Fig. 1. Fog architecture for IIoT [19]

The layers from bottom to top are:

— layer 1 (the device layer): it includes sensors and actuators used in
the system.

— layer 2 (the edge layer): it contains edge gateways that provide edge
analysis, data flow multiplexing and throttling, and local data storage.

— layer 3 (the fog layer): it contains fog network nodes, which can be
servers or any specialized computing devices.

— layer 4 (the cloud): it is seen as a large network of connected servers
operating as a single ecosystem that provides a set of services such as data
storage and management, and application hosting [1].

As stated earlier, improving the quality characteristics of IIoT systems is
critical and should start early in the design process. To accomplish this purpose,
resource allocation at various levels of the aforementioned architecture is used.

The starting point is a set of edge devices, each of which supports
one communication technology. These devices have to be connected to edge
gateways, the type and location of which are to be selected from a set of possible
choices. The gateways must then be connected to a set of fog network nodes,
the type and location of which are also to be selected from a set of possible
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choices, or directly to the cloud. In this work, we consider that the servers of
the cloud are located in one data center to which gateways are either connected
directly through the internet (the fog layer is bypassed) or indirectly through
the fog layer. The fog layer is connected to the cloud using special links.

The approach used is to divide the solution process into two main
optimization stages and one intermediate stage (Figure 2).

Stage 1: Edge Gateways Selection and
Positioninig

¥

Stage 2: Calculating vCPU, Memory and
Bandwidth Requirements

2

Stage 3: Fog Nodes Selection and
Positioning

Fig. 2. Solution stages

The types and location of edge gateways are established in the first stage
to reduce equipment cost and device-to-gateway distance, which also reduces
deployment overhead, power consumption, and enhances connection quality by
reducing link errors and packet loss [20]. In preparation for the third stage, the
vCPU (virtual Central Processing Unit), memory, and bandwidth requirements
are computed in the second stage. The third stage specifies the type and location
of the fog network nodes, as well as whether or not to connect to the fog network
node or to the cloud directly. The main goal in this stage is to reduce the cost,
latency, and traffic traveling over the network.This split simplifies the search
for optimal solutions and avoids expanding the dimensionality of the solution
space.

4. Mathematical Model. The major purpose of the suggested
methodology is to give users the ability to select technological solutions
(gateways, servers, communication channels) that best match the needs of
their IIoT system at every level. While the majority of the revised literature
focuses on either the highest three levels of the used model or the lowest two
levels, the contribution of this study is the offering of a holistic approach that
addresses the system as a whole. The incorporation of technology-specific
algorithms or procedures (routing, automatic configuration, etc.) is beyond the
scope of this study. The main components of the model (Figure 3) are:

— available resources represented by mathematical sets that could
possibly reflect information stored in database tables for example,
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— binary decision variables, whose values determine whether a specific
resource is allocated or not and where it is installed,

— constraints that guarantee the solution to be feasible and to meet the
technical requirements,

— cost functions that have to be either minimized or maximized. In this
work, all the cost functions are to be minimized.

Cloud
) pc

P2

] -
(o)
o 2 |*m
w
>
N
S
[T
S & |l —
w4d
3
N
[

Fig. 3. Architecture and mathematical model of the fog network

The model expands the model proposed in [17, 18] by adding an
additional low-level layer, which is the device layer mentioned earlier. It is
worth noting that the formulation of the sets U, N, P, L, the decision variables
XnpsYup, Vuc,bpi » the constraints from 8-14, and objectives from 3 to 5 described
next is based on these two works. The following are the seven mathematical
sets employed in this model:

— I'is the set of communication technologies {1, 72,. .. } that can be
used. Commnication technology can be something like ZigBee , wireless,
and so on. Each technology ¥ is characterized by the maximum number
of supported devices dpq and the carrier frequency f7. Some technologies
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support adaptive data rates and some do not, so we assume that devices and
gateways can be configured to operate at the same data rate as long as they
support the same technology.

— D is the set of edge devices {d;,ds,...}. Each edge device d; is
characterized by its communication technology ¢, location p?, the number of
bytes per second transmitted by the device 69, receiver antenna gain G%, (dBi),
receiver sensitivity S$, (dBm), transmitter power output P{, (dBm). If 8¢
is not precisely known, because the device sends packets on the occurrence
of some events and not on a timely basis, worst-case scenario can be used to
estimate 0¢. Sometimes 8¢ might be implied by the used technology ¥*.

— U is the set of edge gateways that can be installed in the network
{u1,uz,...}. Each gateway is characterized by the speed of the communication
channel ¥, the cost £* and the set of communication technologies supported
by the gateway I'“. For each y* € '™ there is a receiver antenna gain G%’; (dBi),
a receiver sensitivity S};’;{ (dBm), and a transmitter power output P}'?( (dBm).
In our model, these values are known from the very beginning. However, some
of the values need to be calculated during stage 2. These values include the
total amount of memory A" and the number of virtual processors (vCPU) a*
required to process the data sent by the gateway to the fog node or the cloud
6" which also requires calculation.

— N is the set of fog nodes {nj,n,,...}. Each node is characterized by
the total available memory A", the number of available vCPUs ", the network
interface bandwidth 6" in bytes per second, and the cost £” in currency units.

— L is the set of possible types of links that can be used to connect
the nodes of the fog network and the cloud {/;,l,...} . Each channel is
characterized by its bandwidth in bytes per second 6, and a cost in currency
unit per meter &/ .

— M is the set of possible places to install gateways {m,m,,...}.

— P is the set of possible places to install the fog nodes {pi, p2,...}.

In this model, six decision variables are utilized to allocate the
aforementioned resources. This allocation involves the installation of network
hardware at specific locations and establishing links between the installed
hardware.

— Wym 1S a binary decision variable such that w,,,, = 1 if and only if the
gateway u € U is installed at the location m € M.

— Z4y 1s a binary decision variable such that z4, = 1 if and only if the
edge device d € D is connected to the gateway u € U.

— Xpp is a binary decision variable such that x,, = 1 if and only if the
fog net node n € N is set to the location p € P.
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— Yup is a binary decision variable such that y,, = 1 if and only if
gateway u € U is connected to the location p € P.

— Wy 1s a binary decision variable such that v, = 1 if and only if the
gateway u € U is connected to the cloud.

— by is a binary decision variable such that b,; = 1 if and only if the
node of the fog network, set at the location p € P, is connected to the cloud by
a channel of type / € L.

The first stage in the adopted approach employs the following
constraints:

— Constraint 1: the maximum number of devices connected to a gateway
via a certain technology must not be exceeded:

Y 2au6(d,y) <q(u,7)d g ey
deD

where 6(d, y) is a binary function that returns 1 if device d supports technology
7, and g(u, y) is a function that returns the number of physical interfaces of
type v in gateway U.

— Constraint 2: this constraint is related to the placement of the
gateways. A good approach is to use a link budget constraint, which can
be defined as the difference between the gains and losses of the system and
must be greater than zero:

Py + Gy — Sy —B[" >0

el ueU,deD, 2
Py + Gy — 84 — PV > 0 }yu @

where PLyud is the path loss from the device to the gateway for the frequency
used by communication technology y. Computing this value requires knowing
the precise locations of the transmitter and receiver and the environment in
which the signal is traveling. There are various approaches to get close to
this value. One approach is to analyze site-specific radio wave propagation
using ray tracing techniques, which are used by software like Wireless Insite,
that include a collection of RF propagation models (3D ray-tracing, quick ray-
based methods, and empirical models) [21]. Matlab communications toolbox
provides such capabilities by using RayTracing objects which are propagation
models that compute propagation paths using 3-D environment geometry [22].
Empirical models can also be used to estimate the value of the path loss
like Cost-231 Walflsch-Ikegami model [23, 24], Hata model, close-in model,
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floating-intercept model, Longly-Rice model, communications research centre
predict model [25]. In cases where there is a line of sight, the free space path
loss model can be utilized:

P, = 32.45+20log(d) +20log(f), €)

where d is the distance between the device and the edge gateway in km and f is
the frequency in MHz.
— Constraint 3: each device is connected to exactly one gateway:

sz,,zl,deD. 4)

uclU
— Constraint 4: each location has a maximum of one gateway:

Zwumgl,meM. ®))
uclU

— Constraint 5 : a gateway can only be installed if at least one device is
actually connected to it:

Yu)=1luecU, (6)

1: (ZmEM Wum > O and ZdEDZdM > 0)
19(”) = or (ZmEM Wum = 0 and ZdeDZdu = O) N/AS U. (7)
.0: otherwise

— Constraint 6: a device and a gateway can be linked if they support
the same communication technology:

2au < Y, Y(d,Y)q(u,y),d € D,uU. (®)
yer

— Constraint 7: the traffic passing through a gateway cannot exceed its
bandwidth capability:

Y 2009 < k" 9)
deD
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The following set of constraints is used in stage 3 described earlier:
— Constraint 8: no more than one fog node can be installed at any given
location:

Y xp<lper (10)
neN

— Constraint 9: each gateway used is connected to only one fog node
or to the cloud:

Y yuptvue=1lLuel. (1D)
pEP

— Constraint 10: each fog node used is connected to the cloud:

Y xup=Y bp,peP. (12)

nenN leL

— Constraint 11: the number of vCPUs required by edge gateways does
not exceed the number of vCPUs that can be provided by the fog node:

Zyupau < anpan7P€P (13)
ucl neN

— Constraint 12: the amount of memory required by the gateways does
not exceed the amount of memory that can be provided by the fog node to
which they are connected:

Y vupAt <Y xpA p €P. (14)

uclU neN

— Constraint 13: the total bandwidth required to connect edge gateways
to the fog node does not exceed the bandwidth of the fog node:

Y vupb" < Y x,p0" peP. (15)

uclU neN
— Constraint 14: the bandwidth required to send data from the fog node

to the cloud does not exceed the bandwidth of the link used:
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Z Z VupXnp0"r" < prlﬂl,p eP (16)
neNuelU leL

where r" is the average percentage of data sent to the cloud from the incoming
data at the fog network node.
During the first stage the goal is to:

— Objective 1: minimize the total distance from devices to gateways:

® = min (Z Z Zaué (da Z Wumm>> , (17)

deDuclU meM

where & (a,b) is a function that returns the distance between two points a and b.
— Objective 2: minimize the cost of deployment, which is primarily
the total cost of the gateways:

A=min ) Y wmé" (18)

meMuclU

During stage 3, the goal is to:
— Objective 3: minimize network latency:

Dr = min(D; + D, +D,), (19)

where:
— Dy is the transmission delay, which can be calculated using the
following formula:

Y vup

peEP

D =) 6"/x" ((h1+1)

uclU

+(h+h+ 1)vuc>

b
+ (h2+ 1) Z Z Z yupxnpeurn (Z 6]711> , (20

neN pePuclU leL

where /; is the average number of hops from edge gateways to fog network
nodes, and h; is the average number of hops from fog network nodes to the
cloud. It is assumed that the average number of transitions from edge gateways
to the cloud is (A1 + ha).
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— D, is the propagation delay, which can be calculated using the
following formula:

g Uus C é() u7 . (g) u? ¢
Dn:Z (mvp)vchrZ( (m*,p")+ & (p P)Z’yup>7 Q1)

ucl uclU v pEP

where v is the signal propagation speed, m“ = Y,,cps Wumm is the location of
the gateway u, p" =3 ,cp Ynen XnpYupP 18 the location at which is installed the
fog node to which the gateway u is connected, and p€ is the location at which
the data center representing the cloud system (or at least part of it) is installed.

— D, is the processing delay, which can be calculated using the
following formula:

Dy=Y (hi+h)k, (22)

uclU

where k is the average processing delay in seconds per transition.

— Objective 4: minimize the total traffic going to the cloud, which is
the sum of the traffic from all the edge gateways connected to the cloud, plus
the traffic coming from the various fog network nodes:

ﬂmin<z

uclU

Ve + Z Z xnpyuprn‘| 914) . (23)

neN peP

— Objective 5: minimize costs:

%:min<z [an1)§n+sz[g(p7p0)§l]> . (24)

pEP | neEN leL

At the intermediate stage 2, the following values are calculated for the
used gateways:
— the number of bytes per second sent by the gateway 0“:

0= Y z,0%ucU, (25)
deD

— the number of vCPUs a* and the amount of RAM A" needed to
process the data sent by the gateway to the fog nodes. These quantities are
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difficult to calculate accurately. When visiting the websites of popular cloud
providers and technology companies [26 — 28], it turned out that the maximum
bandwidth is related to the number of virtual processors and RAM in addition
to the type of workload and the required performance in addition to other
factors. To determine these values in our model, we assume a linear relationship
between the outbound bandwidth of the edge gateway and the number of
required virtual processors and RAM.

o' = Ko 0" + Qhin + Cmargin s (26)
At = K2 0"+ 2‘min + )Lmurginv
where:

— Kg is a coeflicient that relates throughput to the number of vCPUs.

— O4pin 1s the minimum number of vCPUs required for a virtual machine
to function properly.

— OYnargin 18 the number of vCPUs dedicated to handle unexpected load
changes or ensure proper system operation.

— k3 is a coefficient that relates bandwidth to the amount of RAM.

— Amin is the minimum amount of RAM required for a virtual machine
to function correctly.

— Amargin 18 the amount of RAM, reserved to handle unexpected changes
in load or ensure proper system operation.

The proposed model does not claim to be complete and has a number
of limitations:

— Devices are treated as stationary and do not move from one gateway
to another. In such cases, a network should be planned to ensure and maximize
coverage in areas where assets are moving. However, these cases are not
considered by the current model.

— Energy consumption is not taken into account in an explicit way. This
model aims to minimize the distance between IoT devices and gateways, which
can lead to situations where some technology-specific settings that allow for
less energy consumption can be applied.

It is also worth mentioning that the system structure and the software
operation requirements are two important correlated factors in the context of
territorially distributed systems. On the one hand, the system architecture can
affect how efficiently data is processed. On the other hand, the structure of the
system may be determined by the requirements for software operation. While
the proposed method does not take into consideration the technicalities of the
used software, it aims to enhance the quality of service factors, which usually
positively impact the software performance.
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The environmental factors also affect the quality of the obtained
solutions, by affecting the link budget of the communication systems. Rain,
terrain, and interference from other sources can all affect the quality of the
communication link. While this might sometimes be accounted for by choosing
an appropriate propagation model and good quality equipment (antennas,
cables,....), it is hard to take into consideration all the factors. The authors
recommend using equation 2 with a positive margin or safety factor Py gine:

U U ud
Py +Ghy — Shx — P > Prargine

d el uelU,deD. 27
P%X +G%X _SdRX _PZM > Pmargine }

5. Searching for optimal solutions. The problem is formulated as a
multiobjective optimization problem. Optimality is understood as a situation
where no objective function can be improved without worsening at least one
other (Pareto optimality). In the absence of any additional information, it cannot
be said that one of the Pareto optimal solutions is better than the other. This
means that a slight increase in costs may lead to a decrease in traffic or latency,
or an increase in delay may be accompanied by a decrease in traffic or costs. In
such situations, it is important to find as many solutions as possible on the Pareto
front. By isolating one specific optimal solution at a time or by scalarizing
the problem, certain common optimization approaches offer to reduce a multi-
objective optimization problem to a single-objective optimization problem.
When such techniques are employed, they must be used repeatedly in order
to acquire the greatest number of solutions, which increases the time costs.
However, there exist techniques that aim to guarantee convergence to a Pareto-
optimal set while maintaining diversity in solutions [29]. They simultaneously
consider all objective functions reserving the nature of the original problem.
Evolutionary algorithms are one such method. This article uses the Non-
dominated Sorting Genetic Algorithm I (NSGA II), which is a very famous
and widely used variant of the genetic algorithm. According to [30], by
solving several test problems using the NSGA-II, it was found that this method
outperforms other algorithms under testing, such as PAES (Pareto Achieved
Evolution Strategy) and SPEA (Strength Pareto evolutionary algorithm), in
terms of finding a diverse set of solutions. The algorithm follows the general
scheme of the genetic algorithm with modified crossover and selection. By
definition, A solution p; is said to dominate the other solution p; if p; is no
worse than p; for all objectives and p; is strictly better than p; in at least one
objective.
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The crowding distance measures the density of solutions around an
individual in the objective space based on the distances between neighboring
solutions in each dimension. It is used in NSGA-II to select diverse solutions
for the next generation. For each objective function, the population is initially
sorted in ascending order of magnitude. Intermediate solutions are given a
distance value equal to the absolute normalized difference in the function
values of two adjacent solutions, while the boundary solutions are given an
infinite distance value. The overall crowding-distance value is calculated as
the sum of individual distance values corresponding to each objective [29].

The selection of individuals is carried out using a binary tournament
selection, which involves several tournaments between two individuals chosen
at random from the population each time. The winner of each tournament
is selected for crossover. The steps of NSGA-II can be summarized as
follows [31]:

1. initialize the NSGA-II parameters like the population size N, the
generation counter ¢ = 0, and the offspring population obtained by applying
crossover and mutation Q; = 0.

2. create the initial parent population P, according to the procedures
described later on.

3. merge the parent and offspring populations for maintaining elitism
R, =R UQ;.

4. sort the population of candidate solutions R; into different fronts
F1,F,,...,F, using non-dominated sorting.

5. calculate the crowding distance of each candidate solution in each
front F;.

6. using binary tournament selection, choose the parent population for
the next generation P, based on the non-domination status and crowding
distance .

7. apply crossover and mutation on P 1, generate offspring population
Qy+1 for next generation.

8. increment ¢.

9. check for termination criteria which might be a maximum number
of generations or a satisfactory level of convergence. If the termination criteria
is not met repeat steps from 3 to 9.

Figure 4 illustrates the main steps of the algorithms as described in the
original article [29].

In step 1 during the generation of the initial population, individuals that
represent pseudo-solutions are generated. A pseudo-solution might not satisfy
all the constraints but its structure is similar to a feasible solution.

390 Undopmaruka u asromarusanus. 2024. Tom 23 Ne 2. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

Pt+1

Crowding Distance Sorting
— |:|

Non-Dominated

Sorting I

Pt ﬁ i

Rejected

Rejected

R;
Fig. 4. NSGA II procedure [29]

This helps reduce the time required to reach feasible and optimal
solutions. The following procedure is used:

1. determine the set of communication technologies I';;.; used by all
the devices in D.

2. filter out any gateway in U that does not support any ¥ € I'50q. As a
result, U can be written as (U = Uyge fuir U Uygseless)-

3. determine the maximum number of gateways iy ;. that can be
installed, which is the minimum between the size of U,y and the size
of M.

4. choose a random number i, € {1, ..., iu,max} of gateways from Uyge i1
and install them at random locations from M. As a result, we obtain w,,,.

5. assign each device to an installed gateway that supports its
communication technology. As a result, we obtain z,,.

6. repeat 3, 4 and 5 until the required number of individuals in the initial
population is reached.

A similar procedure is used to generate the initial population for the
second step:

1. choose a subset U oug C Uinstaitea = {u € U : Im € M, wy, # 0}
For each u € Ugjpyq set vye = 1.

2.if the size of U,y is equal to the size of Ujganiea SEt
Xnp=0,YnEN,pe P and b, = 0,Vp € Pl € L then go the previous
step if the number of individuals is not reached.
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3. if the size of Ug,y,q 1S less than to the size of Uj,gaieq determine
the maximum number of fog nodes j, mqx that can be installed, which is the
minimum between the size of P, the size of N and the size of Uj,s1a110d ™ Ucloud-

4.choose a random number j, € {l,...,jumax; Of fog nodes
Ninstaiiea C N and install them at random locations Pyecypica C P. As a result,
we obtain x;,.

5. assign to each location p € P,ccupieq its closest gateway first to make
sure all fog nodes are used then assign the rest of the gateways in the same way.
As aresult we obtain y,,.

6. for every p € Pyccupiea assign a random [ € L. As a result we
obtain b,,.

7. repeat the previous steps until the required number of individuals in
the initial population is reached.

In this work, the algorithm implementation within the pymoo
framework [32] is used. Pymoo is a python framework that supports modern
single-objective and multi-objective optimization algorithms.

To automatically select the best compromise solution among those
obtained, the Technique for Order of Preference by Similarity to the Ideal
Solution (TOPSIS) method is used. It is a multi-criteria decision making
(MCDM) technique that compares a set of alternatives based on predefined
criteria. According to this method, the chosen optimal solution must have the
shortest Euclidean distance from the positive-ideal solution and the longest
Euclidean distance from the negative-ideal solution [33]. In this work, the
TOPSIS method is implemented in python based on [34]:

— Construct a normalized objective matrix with m rows and n columns:

lijj = 7]27 .
/ 2
Xiti fi
— Construct a weighted normalized objective matrix by multiplying

each column by a weight w; corresponding to the importance of the objective
function:

(28)

Vij =tjjwj. (29)

— Determine the positive ideal solution, AT, and negative-ideal solution,
A~ by finding the best value of each objective function. Where maximization is
required, the best value is the largest value within the column of the objective
matrix and where minimization is required (which is the case for all the
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objective functions used in our case), the best value is the smallest value
in the column. Mathematically, the positive ideal solution is given by:

At = {(m?lx(vij> ’ jEJ) ; (min(w/') ‘ J EJ’) i€ 1,27---”"}
1 14

_ ot + +
—{vl,vz,...,vj,...,vn}, (30)

where J is the set of indexes of maximization objectives and J' is the set of
indexes of minimization objectives in the overall set {1,2,3.4,...,n}. Next,
find the worst value of each objective, which is the smallest and largest value
within the column of the objective matrix for maximization and minimization
objectives respectively. These values constitute the negative-ideal solution is
given by:

A= {(miin(vij) ’ je J) , (mlax(vij) ‘ je J’)

:{v;,v;,...,v;,...,v;}. 31)

i€ 1,2,...,m}

— Calculate the Euclidean distance between each solution and the
positive-ideal and negative-ideal solutions:

S,»+=,/(Xn: (vi,—vj)z,izhz,’j‘,...,m. (32)
=1

S,-,z,/znj(vij—v;)z,i:1,2,3,...,m. (33)
=1

— Calculate the closeness of each optimal solution:

S
Ci=——, 34
o (34)
when S;— = 0, C; = 0 and solution i is the closest to the negative ideal. When

Si+ = 0,C; = 1 and solution i is the closest to the positive ideal. The solution
having the largest C; is the recommended solution.
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The order in which the previously mentioned algorithms and procedures
are applied is shown in Figure 5.

’ Initial population generation for NSGA I |

Decision variables: Zg,,, Wym :

Constraints: 1 to 7 ‘ Applying NSGA I ‘

Stage 1

Objective functions: 1 and 2

“

’ Applying TOPSIS for best compromise |

“

Stage 2 ‘ Calculate a®, A* for every used gateway |

&

Initial population generation for NSGA I |
Stage 3

=

Decision variables: ¥, Xnp, Ve, bpi

Constraints: 8 to 14 ‘ Applying NSGA I |
Obijective functions: 3,4 and 5 &

’ Applying TOPSIS for best compromise l

Fig. 5. The sequence of applying NSGA II and TOPSIS

6. Simulation and Results. A simple example is provided to
demonstrate the results of applying the proposed method. However, the
method was successfully applied to much larger and more complex cases.
The success of the application refers to the convergence of the method and
the quality of obtained solutions. Some of the numerical values chosen for
the simulation are similar to what might be found in a real scenario, but
some values, such as the position of the fog nodes and the cloud data center,
are chosen to make it easier to visually demonstrate the concept. In real
life, they would exist at much greater distances from the edge of the system.
The example uses a set of abstract communication technologies that are
characterized by the maximum number of supported devices d .. and the used
frequency f? (Table 1). These communication technologies are supported
by both the set of edge devices and the set of gateways. The edge devices in
this example are listed in Table 2 and are described by the supported interface
¥?, the number of bytes sent per second 8¢, and their location p? = (x4,y4).
It is worth noting that for simplicity and convenience of demonstration, it
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is assumed that all components of the IIoT system can be distributed over a
geographical area whose dimensions are 4000m x 4000m.

Table 1. Parameters of the used communication technologies
dnax | f7
MHz
Yo 32 915
" 128 | 433.92
v | 128 17.12

Table 2. Parameters of the edge devices

(1 | 7 o X! ¥ Gix Six | Pix
(bytes per second) (m) (m) (dBi) | (dBm) | (dBm)
dy Y 512 1391 | 1945 2 -70 14
di ) 25600 1408 | 1461 2 -70 14
dy Yo 6400 488 | 1578 2 =72 14
ds Y 12800 834 518 2 -71 14
dy ) 12800 594 387 2 -75 14
ds Y 3200 949 | 1628 2 -73 14
de Yo 25600 904 235 2 -72 14
d7 " 25600 401 | 3323 2 -82 22
dg N 3200 200 | 3306 2 -81 20
dy ) 51200 3348 | 2960 2 -90 20
di0 | p» 12800 159 | 2917 2 -86 22
dil | 1w 12800 3267 | 3273 2 -89 22
di2 | p 25600 3406 | 3512 2 -91 22
di3 | p 12800 3800 | 2899 2 -88 22
di4 | n 6400 3748 | 3546 2 -89 22

The gateways to choose from are listed in Table 3. In this case, there
are 5 gateways described by their link speed k“, cost %, and supported
communication technologies I'*. A gateway can support multiple technologies
and multiple instances of the same technology.

Gateways can be physically installed in 6 possible locations, the
coordinates of which are indicated in Table 4. The proposed method selects
the best gateway and the best location given the given constraints at the first
stage of optimization. It also determines which devices should be connected to
the selected gateway.

The fog nodes to choose from are listed in Table 5. In this case, there are
4 nodes that can be described using available memory A", number of available
virtual processors &, network bandwidth interface 6" and cost £".

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print) 395
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHME U ITPUKJIAIHAS MATEMATHKA

Table 3. Parameters of the gateways
l"u
K" é " GW Syu Pyu
v | q(u,y) RX RX TX
Mbs) | ($) ’ dBi | dBm | dBm

4 110 24
3 -120 26

uz | 67 | 15000 | n
us | 85 | 12000 | 1o

% 1 3 | —120 | 26
w | 95 | 20000 X S
N 1 4 | 110 | 24
w| 92 | 25000 | 1 5 e
N 1 4 | 110 | 24
w | 32| 18000 | 1 5 e
1
1

Table 4. Coordinates of the possible locations for installing gateways
X" y"
(mm) | (mm)
mo | 921 1254
my 339 3093
my | 3592 | 3239
m3 | 489 2830
my | 3847 | 3225
ms | 1026 956

Table 5. Parameters of fog nodes

}Ln a”l 9” én
(Gigabyte) (megabit per second) 3
no 256 96 3598 1000000
n 128 48 2768 520000
ny 256 24 3486 600000
n3 128 96 2265 4800000

Nodes can be physically installed in 4 possible locations, the coordinates
of which are indicated in Table 6. The proposed method will select the best
variant and the best location, taking into account the given constraints, at the
second stage of optimization. It will also determine which gateways should
be connected to the selected node. The data center or cloud system is usually
far from the edges of the IIoT network, but for demonstration purposes, it is
considered to be set to (x°,y°) = (2000,3800).
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Table 6. Coordinates of the possible locations for installing fog network nodes

P VP
(mm) | (mm)
po | 2569 | 3084
P1 1679 | 2589
)22) 1209 2896

Four possible communication channels or links can be used to connect
the fog node to the data center. For each communication channel, the
transmission rate ' and the price &’ are listed in Table 7. The price represents

the cost of deployment in dollars per meter.

Table 7. Parameters of the communication links

01 5/

(megabits per second) | ($/m)
Io 10 6
A 100 14
I 1000 24
I3 10000 50

The initial data on the system are depicted in Figure 6.

40000

1 e ® g
oo | R
-0 N Rg°
1 PO
- @7 L L

24000

20000

10000 ® (@)
O

-
w00 e
- e

°
o 4000 800.0 12000 16000 20000 24000 28000 32000 36000 40000

Fig. 6. Initial data about the IIoT system

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print)
ISSN 2713-3206 (online) www.ia.spcras.ru

397



MATEMATHUYECKOE MOJEJIMPOBAHME U ITPUKJIAIHAS MATEMATHKA

In the first optimization step, NSGA Il is applied first. As a result, we get
3 optimal solutions after 200 generations. As for the path loss, we consider that
there is a direct line of sight between the devices and gateways for simplicity.
Hence, the free space path loss model is considered.

In this example, we have no preference as to which solution to use, so
TOPSIS is applied, resulting in the following solution:

Wum =

(=N elNeNeNe)
el N eBeN=]
SO = OO
(=N eleNeNe]
(=N elNoNe Nl
[eNeNelNeNe]
—_ o O OO

Zdu =

|
[eleoNeoBoloBoNolso oo oo Nk =)
[eNeoNeoBololoNoReoloNeho oo No R
—_—_—_ O, OO0 0000 OoO0OCOoO0
S OO OO, P OO OOoOoCOCO
[eNeoNeoBololoNoRe oo o NeoRao o N
[eNeoNeololNoNoNoRe oo o NoRoNoNa
[eleoNeoBoloBoNosRol=hc oo o=

SO OO O OO O = ===

These results are shown in Figure 7.

Note that, for example, wyy = 1 means that u; is installed at m;, and
z04 = 1 means that dy is connected to u4. At the intermediate stage, additional
parameters of the installed gateways are determined, as in Table 8.

As a result of applying NSGA 1I at the second stage of optimization, 7
optimal solutions were obtained. In this example, we have no preference as to
which solution to use, so TOPSIS is applied again, resulting in the following
solution:
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Yup =

—_——= = OO

88 000 1 00 0 8
0 o,x,,,,:(l) 8 8,19,,,:0 0 0 0f,vue=|0
0 0 0 0 0 00 0 0, 0
0 0 0
28000, '"<m3> p2

A

2400.0

2000.0

1600.0

12000

4000

4000 8000 12000 1600.0

Fig. 7. Visualization of the results of the first stage

20000

24000 28000 32000 3600.0 40000

Table 8. Additional parameters for the installed gateways

At o 0
(Gigabytes) (bytes per second)
ug - - -
u - - -
up 2 2 3720
u3 2 2 1520
uy 2 2 5756

The final results are shown in Figure 8.
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28000

12000

0 4000 8000 12000 1600.0 20000 24000 28000 32000 36000 40000

Fig. 8. Visualization of the results of the third stage

Note that, for example, y»9 = 1 means that u; is connected to a node
that is installed at pg, and x;0 = 1 means that n; is assigned to pg. bgyp = 1
means that a channel of type [y is used to connect the fog node at pg to the
cloud.

Thus, the proposed method automatically allocates network resources
using TOPSIS and NSGA II. The user is only required to provide a database of
available resources and possible places to install these resources. The algorithm
then decides what to use and where to install it.

7. Conclusion. Although the proposed technique does not consider
mobility or technology-specific factors, it has the potential to ensure IIoT
performance and effectiveness and decrease the dependency on the knowledge
of system architects by looking for the best non-dominated Pareto solutions. The
importance of this work lies in its holistic approach and generality. It not only
handles specific architectural layers as most methods presented in the revised
literature do but also includes all layers in the system hierarchy. The generality
comes from the technique being agnostic to the type of IoT technology by
using only general properties that characterize each level component. While
the presented example demonstrates the applicability of the method on small-
scale problems, applying the method to larger-scale problems has also yielded
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similar results. The next step in this research is to introduce more hardware
acceleration by exploiting the potentials of graphics cards, collect statistical
data about the results of applying the proposed technique in different projects,
which might help further verify its usefulness and practicality, and comparing
the results and performance indicators of using the proposed model with
optimization algorithms other that NSGA-II.
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A. 9pPAXUM, U.A. IBAHOB
HA ITYTU K ABTOMATU3UPOBAHHOMY U OIITUMAJIBHOMY
IMPOEKTUPOBAHUIO CUCTEM IIOT

dopaxum A., Heanoe H.A. Ha myTm K aBTOMATH3HPOBAHHOMY U ONTHMAJbLHOMY
npoextupoBanuio cucrem IloT.

AnHotanus. B coBpemeHHOM Mupe VIHTEpHET Bellleii CTal HeOThEMJIEMOIA YaCThI0 Halllel
JKU3HU. PacTyliee yncio yMHBIX YCTPOUCTB U UX TIOBCEMECTHOE PACIIPOCTPAHEHHUE YCIOKHSIOT
pa3paboTUMKaM ¥ CUCTEMHbBIM apXUTeKTopaM 3 (eKTUBHOE IIAHUPOBAHUE U BHEAPEHUE CUCTEM
WHrepHeTta Bemeill U npomblieHHoro MHtepHeTa Bemeil. OCHOBHasI Liesib JaHHOM paboThl —
aBTOMATU3UPOBATh NPOLIECC MPOSKTUPOBAHMSI MPOMBIIIIIEHHBIX ccTeM VIHTepHeTa Bellei npu
OIITUMH3ALIMH NTapaMeTPOB KauecTBa 0OCIIyKUBaHHUs, CPOKaA CIIyKObI GaTaper U cTonMocTu. Jist
JOCTHIKEHHUS 9TOM LIeJI BBOAUTCS OOIIast YeThIpeXypPOBHEBAsI MOJE/Ib TYMAHHBIX BHIYUCIICHHIA,
OCHOBaHHasI Ha MAaTeMaTUYECKMX MHOKECTBAX, OTPAaHMUYCHHUSIX U LIEJIeBbIX (DyHKIUAX. DTa MOJIENb
YUUTBIBAET Pa3MYHbIE MTAPAMETPbI, BIMSAIOIIME HA POM3BOAUTEIbHOCT CUCTEMBI, TAKUE KaK
3aJIepKKa CETH, MPOITyCKHAsl CIIOCOOHOCTh U 3Hepromnorpednenue. s Haxoxkaenus [lapero-
OINTUMAJIbHBIX PEIIEHHI UCTIOJb3YeTC TeHETHYECKUIT HEeJIOMMHUPYEMBIiA arOpuT™ copTUpoBKH 11,
a /17151 oIIpe ieIeHHs] KOMIIPOMUCCHBIX pelieHuii Ha [TapeTto-(hpoHTe — MeTo onpe/ieseHus nopsiaka
NPeANOYTEHUs 110 CXOACTBY C MJI€aIbHBIM peliieHueM. ONTHMaJIbHbIE PELIeHN s, CTeHEpUPOBaHHbIE
9THM MOAXOAOM, MPEICTABISAIOT COOOM CepBephbl, KOMMYHHKAIIMOHHbIE KAHAJbI M IUTIO3BI,
uHGOpPMALHSA O KOTOPBIX XPAHUTCs B 6a3e JaHHBIX. DTH PeCypchl BHIOMPAIOTCS HA OCHOBE MX
CIOCOOHOCTH YIYYIIUTh OOLIYI0 MPOM3BOAUTEIPHOCTh CHCTEMBL. [lpejaraemasi cTpaTerus
CJie/lyeT TPEXITAHOMY MOAXOAY Uil MUHUMM3AIMK Pa3MEPHOCTH U yMEHbIIECHUS 3aBUCUMOCTEit
IPU MCCJIEJOBAaHUM IPOCTPAHCTBA MNoucka. Kpome TOro, cXoAMmocTb ONTHUMH3ALMOHHBIX
JTOPUTMOB YJIy4IIAETCs 33 CUET MCIOJb30BaHMUs MpeIBapUTEIbHO HACTPOSHHON HavalbHOM
MOMYJIALMK, KOTOpash MCHOJIB3yeT CYIIECTBYIOIME 3HAHMSA O TOM, KaK JOJUKHO BBIIVIAAETb
peleHue. AJrOpUTMBI, UCTIONb3yeMbIe [J1s1 FTEHEPALY STOW HAYaIbHOI MOMYJISLMH, ONUCHIBAIOTCS
noapo6Ho. [l wutocTpanuu 3¢pOEKTUBHOCTH aBTOMAaTU3MPOBAHHOM CTPATETUH MPUBOIUTCS
MPUMED €€ MPUMEHEHHUS.

KmoueBbie caoBa: 10T, IIoT, NGSA-II, TOPSIS, o61ako, TyMaHHble BBIYUCIICHUS,
MHOTOKpUTEpHAJIbHAS ONITUMU3ALMS, LIUTI03, IOrPAHUYHbIE YCTPOHCTBA.

JIuteparypa

1. Odunmanensii  caiit  Microsoft Azure. URL: https://azure.microsoft.com/en-
us/resources/cloud-computing-dictionary/what-is-the-cloud ~ (gara  oOpamenus:
02.01.2023).

2. Basir R., Qaisar S., Ali M., Aldwairi M., Ashraf M.I., Mahmood A., Gidlund M.

Fog Computing Enabling Industrial Internet of Things: State-of-the-Art and Research
Challenges. Sensors. 2019. vol. 19(21). no. 4807.

3. LiBupkyn A.Jl. OcHOBBI CUHTE3a CTPYKTYPHI CTOKHBIX cucTeM. M.: Hayka, 1982. 200 c.

4. Heupkyn A.J., Axundpues B.K., ConosbeB M.M. MojaeaupoBaHue pasBUTUSA
KkpynHoMacmTabHsix cucteM: (Ha npumepe TOIIMBHO-9HEepPreTHIECKUX OTpacieil 1
KoMIUIeKcoB). M.: DkoHoMmuKa, 1983. 176 c.

5. Axunoues B.K., [[supkyH A.[l. MeTozbl 1 MHCTPYMEHTAJIbHBIE CPEJCTBA YIPABICHUS
Pa3BUTHEM KOMIIaHHMIA CO CJIOXKHOM CTPYKTypoil akTuBoB. M.: MITY PAH, 2020. 307 c.

404  Wudopmaruka u asromatuzanus. 2024. Tom 23 Ne 2. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

10.

11.

12.

13.

14.

16.

18.

19.

20.

21.

22.

23.

Heupkyn A.Jl., Akundues B.K., Gumunmnos B.A. IMuralimoHHOe MOJEIMPOBaHUE B
3aayax CMHTE3a CTPYKTYPBI CJIOKHbBIX cucteM. M.: Hayka, 1985. 173 c.

IMotpsicaes C.A. CuHTe3 TEXHOJOTMH W KOMIUIEKCHBIX IUIQHOB YIIPABJICHHS
MH()OPMAILIMOHHBIMY [IPOLIECCAMH B IIPOMBIIIUIEHHOM MHTEPHETE: OUC. A-P TeX. HayK.
CIIB., 2020.

Oduumanpueiii  cadt  MexayHapoaHoro ooOmectBa aBromarusaumn. URL:
https://www.isa.org/intech-home/2019/march-april/features/rami-4-0-reference-
architectural-model-for-industr (rara o6pawmenust: 13.09.2023).

Od¢urranbHblit caiiT TIPOMBIIIJIEHHOTO IoT-koHCOpHIMYyMa. URL:
https://www.iiconsortium.org/pdf/IIRA-v1.9.pdf (nata obparmenust: 12.09.2023).
OdunuaabHeiiz caiT VHULAATHBBI B obusactu TIPOMBIILTEHHO
LETMOYKU CO3/aHUSA CTOUMOCTH. URL: https://docs.iv-
i.org/doc_161208_Industrial_Value_Chain_Reference_Architecture.pdf (mata
obpamenus: 14.09.2023).

Srinidhi N.N., Kumar S.D., Venugopal K.R. Network optimizations in the Internet of
Things: A review. Engineering Science and Technology, an International Journal. 2019.
vol. 22. no. 1. pp. 1-21.

Ceselli A., Premoli M., Secci S. Mobile Edge Cloud Network Design Optimization.
IEEE/ACM Transactions on Networking. 2017. vol. 25. no. 3. pp. 1818-1831.
Chimmanee K., Jantavongso S. Practical mobile network planning and optimization for
Thai smart cities: Towards a more inclusive globalization. Research in Globalization.
2021. vol. 3. no. 100062.

Gava M.A., Rocha H.R.O., Faber M.J., Segatto M.E.V., Wortche H., Silva J.A.L.
Optimizing Resources and Increasing the Coverage of Internet-of-Things (IoT) Networks:
An Approach Based on LoRaWAN. Sensors. 2023. vol. 23(3). no. 1239.

Purnama A.A F., Nashiruddin M.I. SigFox-based Internet of Things Network Planning
for Advanced Metering Infrastructure Services in Urban Scenario. IEEE International
Conference on Industry 4.0, Artificial Intelligence, and Communications Technology
(IAICT). 2020. pp. 15-20.

Nashiruddin M.L., Purnama A.A.F. NB-IOT network planning for advanced metering
infrastructure in Surabaya, Sidoarjo, and gresik. 8th International Conference on
Information and Communication Technology (ICoICT). 2020. pp. 1-6.

Haider F., Zhang D., St-Hilaire M., Makaya C. On the Planning and Design Problem of
Fog Computing Networks. IEEE Transactions on Cloud Computing. 2018. vol. 9. no. 2.
pp. 724-736.

Zhang D., Haider F., St-Hilaire M., Makay C. Model and algorithms for the planning
of Fog Computing Networks. IEEE Internet of Things Journal. 2019. vol. 6. no. 2.
pp. 3873-3884.

Ebraheem A., Ivanov L.A. Internet of Things: Analysis of Parameters and Requirements.
International Conference on Smart Applications, Communications and Networking
(SmartNets). 2022. pp. 01-04.

Kaur S., Mir R.N. Base station positioning in Wireless Sensor Networks. International
Conference on Internet of Things and Applications (IOTA). 2016. pp. 116-120.
Odumanenetii caiit REMCOM. URL: https://www.remcom.com/wireless-insite-em-
propagation-software (gara oopauienus: 04.07.2023).

Ocdummanensii  caiit  Mathworks. URL:  https://mathworks.com/help/comm/ref/
rfprop.raytracing.html (gara oopauenus: 04.07.2023).

Alqudah Y.A. On the performance of Cost 231 Walfisch Ikegami model in deployed 3.5
GHz network. The International Conference on Technological Advances in Electrical,
Electronics and Computer Engineering (TAEECE). 2013. pp. 524-527.

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print) 405
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHME U ITPUKJIAIHAS MATEMATHKA

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

Correia L.M. A view of the COST 231-Bertoni-lkegami model. 3rd European Conference
on Antennas and Propagation. 2009. pp. 1681-1685.

Zhang J., Gentile C., Garey W. On the Cross-Application of Calibrated Pathloss Models
Using Area Features: Finding a way to determine similarity between areas. IEEE
Antennas and Propagation Magazine. 2019. vol. 62. no. 1. pp. 40-50.

Odunmanehsiii caiit Rackspace. URL: https://docs.rackspace.com/blog/different-types-
of-oci-servers-in-the-cloud (nara o6pamenus: 12.05.2023).

Od¢umanbhsiii caiit Google Cloud. URL: https://cloud.google.com/compute/docs/
machine-resource (nara oopawenust: 12.05.2023).

Odunmansusiii caitt Amazon Web Services. URL: https://aws.amazon.com/ec2/instance-
types (mara obpamenus: 12.05.2023).

Deb K., Pratap A., Agarwal S., Meyarivan T. A fast and elitist multiobjective genetic
algorithm: NSGA-II. IEEE Transactions on Evolutionary Computation. 2002. vol. 6.
no. 2. pp. 182-197.

Yusoff Y., Ngadiman M., Zain A. Overview of NSGA-II for optimizing machining
process parameters. Procedia Engineering. 2011. vol. 15. pp. 3978-3983.

Palaparthi A., Riede T., Titze I.R. Combining Multiobjective Optimization and Cluster
Analysis to Study Vocal Fold Functional Morphology. IEEE Transactions on Biomedical
Engineering. 2014. vol. 61. no. 7. pp. 2199-2208.

Blank J., Kalyanmoy D. Pymoo: Multi-objective optimization in python. IEEE Access.
2020. vol. 8. pp. 89497-89509.

Halicka K. Technology Selection Using the TOPSIS Method. Foresight and STI
Governance. 2020. vol. 14. no. 1. pp. 85-96.

Sarraf A., Mohaghar A., Bazargani H. Developing TOPSIS method using statistical
normalization for Selecting Knowledge Management Strategies. Journal of Industrial
Engineering and Management. 2013. vol. 6. no. 4. pp. 860-875.

Jopaxum Aam — acrnupanT, HallmoHaTbHBIA KCCIIeqOBATENbCKIN YHUBEPCUTET «Boictnast
IIKOJA SKOHOMHKH». OOJacTh HAay4YHBIX HHTEPECOB: IPOMBIIUICHHBI HHTEPHET Belleil,
TEOpHsl YIpaBJICHHUs, TEXHOIOTUSI Pa3pabOTKU MPOrPAMMHBIX KOMILIEKCOB. UHCIIO HAay4YHBIX
nyOsmkanmii — 4. aebrakhim@hse.ru; ymuua TamumHckas, 34, 123592, Mocksa, Poccus;
p-T.: +7(495)772-9590 [15166].

HBanoB Mibsa AJleKCaHAPOBMY — KaH/. TE€XH. HAyK, AOLIEHT, HAay4YHbIl PyKOBOAUTEIb
MPOrpaMMbl (MHTEPHET Bellieil u Kubephusnueckue cucTeMsl), HalmoHabHbli HCCie10BaTebCKUIL
yHUBepcHuTeT «BbIcInast mkosia SKOHOMUKH». OOJIacTh HAyYHBIX MHTEPECOB: HHTEPHET BelleH,
KrOepU3nIECKIe CUCTEMbI, KOHTPOJIb M AUArHOCTUKA JIEKTPOHHBIX yCTPONUCTB. UMCIIO HAyYHBIX
nyomkammii — 105. i.ivanov@hse.ru; ymuna TaumHckas, 34, 123592, Mocksa, Poceus;
p.T.: +7(495)772-9590 [15166].

406

Wudopmaruka u aBromatuzams. 2024. Tom 23 Ne 2. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

YK 519.85 DOI 10.15622/ia.23.2.4

A.A. CHPOTA, A.B. AKUMOB, P.P. OTBIPBA
JTE®OPMUPYIOIIUE IPEOBPA3OBAHUS U3OBPAKEHUN
U UX IPUMEHEHMUME ITPU AYTMEHTAIIUU JTAHHBIX
JJIS1 OBYUYEHMUS I''TYBOKHUX HEMPOHHBIX CETEM

Cupoma A.A., Axumos A.B., Omwipba P.P. [ledopmupyiomue Inpeodpa3oBaHust
u300pakeHNii M MX NpPUMeHeHHe NMPU AYTMEHTAIMH JAHHBIX ISl 00y4YeHHs TIyO0OKHX
HEHPOHHBIX CeTe.

AnnoTtanus. [IpoBeJcHBI HCCIeOBaHNs BO3MOXKHOCTEIl ayrMeHTalu (MCKyCCTBEHHOTO
pasMHOXKEHMsT) OOy4aroliMX MAHHBIX B 3aJade KIACCH(UKALMKH C HCIOIb30BAHHEM
nedbopMupyOIIMX — HpeoOpa3oBaHuii  oOpabaTbiBaeMbIX — H300paxkeHuid.  IIpencraBieHb
MaTeMaTH4YecKas MOJIE/b U OBICTPOJEHCTBYIOIIHIT aJrOPUTM BBINOIHEHHS 1e()OPMHUPYIOIIETro
peoOpa3oBaHuss M300pa)KEHUs, IPU HCIOIB30BAHWM KOTOPBIX HCXOJHOE H300pakeHne
peoOpa3yercst ¢ COXPaHEHHEM CBOGH CTPYKTYPHOH OCHOBBI M OTCYTCTBHEM KpaeBbIX
sddekroB. IIpennoxkeHHBI  alTOpPUTM  HCIONB3YeTCS JUIs  ayrMEHTanuu HabopoB
n300paKeHUH B 3a/1aue KJIaCCU(PUKAIMHU, COAEPIKAUIMX OTHOCUTEIBHO HEOOIIBIIIOE KOJTUYECTBO
o0yJaromux NprUMepoB. AYIMEHTallMs HCXOAHOW BBIOOPKM OCYIIECTBIISIETCS B J[Ba 3Tarla,
BKJIFOYAIOIINX 3€pKalbHOE OTOOpaXkeHHe M JeopMHUpYoIee NpeoOpa3oBaHUE KaxIoro
HCXOIHOTO M300pakeHus. st mpoBepku 3(PPEeKTHBHOCTH MOAOOHOIH TEXHHKH ayrMEHTAaluU
B CTaThE NPOBOANTCA OOYYECHHME HEHPOHHBIX CeTel — KIacCH(HUKATOPOB Pa3IMYHOTO BHIA!
CBEPTOYHBIX CETeH CTaHJApTHOH apXMTEKTyphl (convolutional neural network, CNN) u cereii
¢ ocratounbiMu cBsi3amu (deep residual network, DRN). OcoOGeHHOCTBIO peanu3zyemMoro
MOJX0/a TIPH PEIICHUH PacCMaTpUBAEMON 3a/ladM SIBISCTCS TAKXKE OTKa3 OT HCIOIb30BAHUS
NpenoOyYeHHBIX HEHpPOHHBIX ceTeil ¢ OONbIIMM KOJIMYECTBOM CJIOCB M  JalbHEHIINM
[IEPEHOCOM 00Yy4eHUs, ITOCKOJIbKY MX HPUMEHEHHE HECeT 3a COOOM 3aTpaThl ¢ TOUKH 3PCHHUS
HCIIONB3YEMOr'0 BBIUMCIUTENBHOTO pecypca. [okasaHo, uTo 3d(hekTHBHOCTD KiIacCH(HKALNH
n300paKeHHil NIPH peaTn3aliy IPEUIOKEHHOTO METO/la ayrMEHTAIlNH O00yYarolliX JTaHHbIX
Ha BBIOOPKAaX Majoro M CpeJHero oObeMa MOBBINACTCS [0 CTATHCTHYECKH 3HAYMMbIX
3HAYEHUH UCIIOJIb3YEMOH METPUKH.

KnroueBble coBa: rimy0okHe HEHPOHHBIE CETH, ayrMEHTAUUs OOyYaroIIMX NaHHBIX,
nehOpMUPYIOIIUE HCKaXKESHHS N300pakeH i, 3P (HEKTHBHOCTD TITyOOKHX HEHPOHHBIX CETEH.

1. BBenenue. B coBpeMeHHBIX O0Y4YaIOMIMXCSl CUCTEMAx 3a4acTylo
BO3HMKaeT npobiemMa HeAoCcTaTKa JaHHbBIX, MCIOIb3YEMbIX IS 00y4YeHus,
CBSI3aHHAs KaK C PECYpPCHBIMH OTPaHMYEHUSIMH IIPU UX MOJITOTOBKE, TaK U C
OOBEKTHBHBIMH (PaKTOpaM¥, MEIIAOIIMMH TIOJyYUTh TOCTATOYHBIN HaOOp
npuMepoB. st pa3pemeHust 3Toi NpoOIeMbl B CUCTEMAaxX KJIAcCH(PHUKALIUH
Ha oOcHOBe TiyOokmx HeWpoHHbix cereit (I'HC) mnpumenstoTcs
pa3HOOOpa3HbIe TEXHOJIOTHMH AyTMEHTAIlMM JAHHBIX, HCIIOJIB3YyEeMbBIX IS
oOyuenus. Iloxg ayrmenranmeil nganee OyaeM NOHMMAaTh HCKYCCTBEHHOE
pasmHOxenne gaHHbX (MP]I), T.e. Mcmonp30BaHne HEKOTOPHIX «OTIOPHBIX)»
o0pazoB Juisi yBenuueHHs oObeMa OOydaromMX BBHIOOPOK Ha OCHOBE
CTOXAaCTUYCCKUX NI NJCTCPMUHUCTCKUX MOILCHeﬁ MNpCACTaBJICHUA NTaHHBIX.
IIpuMeHeHHe ayrMEHTAIMM B YCIOBHAX MaJOM M cpeaHed Mo obbemy
BBIOOPKM BO MHOTHMX CIIy4dasX TIO3BOJISIET MOIYYUTh Oo0Jiee BBICOKYIO
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3¢ peKTHBHOCT,  aNTOpPUTMOB  KJacCHDUKAMK M CETMEHTaIluu
M300paKeHUH TPU WX TECTHUPOBAHWUM HAa HOBBIX JAHHBIX. Takod MOIXOT
K MTOJITOTOBKE O0YyYaroIInX JAHHBIX MO3BOJISIET CHU3UTH 3aTPaThl BPEMEHH,
a TaKke, B  ONpENECNIEHHOH CTEMeHHW, IPEoA0JIeTh  MpodieMy
HecOaTaHCUPOBAHHOCTH O0YJArOIINX JaHHBIX Pa3INYHBIX KIACCOB.

CymecTByeT W albTepHATHBHBIA MOIXOX B CIyd4asx, Korma cOop
HEOOXOAMMOro Yuciaa OOyYalomuX oOpa30B OKa3bIBAETCS CIIOKEH H3-3a
crneuuduyIeckoro  xapakrtepa InpeaMeTHoi obmactu. OH  cocTOUT
B MICIIOJIb30BaHMU 3apaHee MpeAoOydYeHHBIX MOJeNiel KilacCU(HUKAaTOPOB.
Tak, dacTo peanu3yeMbIM MOJXOJOM IPUMEHUTENBHO K IIPaKTHKe
npumeHerus 'HC sBnseTcss MCHoOib30BaHUE TOTOBBIX (MPero0ydYEHHBIX)
HEWpOHHBIX ceTell C OOJBIIUM KOJIMYECTBOM CIIOEB M IOCIEAYIOIIEH
peanu3ayy TeXHUKH TepeHoca O0yIeHHsT B KOHTEKCTE pelraeMoi 3amadu
Ha OCHOBE HWMEIOMICHCS Manoil BEIOOPKH, KOTOpas MpPHUMEHSICTCS It
noo0OydaeHms. OIHAKO TaKOH MOIXO0/ BUAUTCS HE BCETJa ONPABIaHHBIM, TaK
KaK WCIOJB30BAHNE AapPXHUTEKTYpPHl MPEJOOOYUCHHBIX CceTe TpedyeT
CYIIECTBEHHBIX  BBIYHCIHTENBHEIX  pecypcoB. [losromy  BapuaHT
c mpoBeleHHEM  OOy4deHHsT  ceTeli  COOCTBEHHOH  apXHUTEKTYpHI,
YIOBJICTBOPSIIOIIEH  TpeOOBaHHSM 10  PECYpCOEMKOCTH,  OCTaeTCs
BOCTpeOOBAHHBIM.

Bompocsl  moBblieHUsT  KadecTBa  Kiaccupukauud - 00pasos,
ocHoBanHble Ha WPJl, npomeMoHCTpupoBaHel B paborax [1-—15].
B GonmpmimHCTBE W3 HMX JUIA  TEHEpPAllMd HOBBIX  HM300pakeHuil
B oOyuatomeii BeiOopke mpu oOydenun ['HC mncmons3yroTcst pasimudHbIC
mpeoOpa3oBaHus: MOBOPOT, CXKATHUE W PACTSDKCHHE, HAKIOH, 3epKalbHOE
oTpakeHHe, 00pe3Kka, CMeLIeHHE U JApyrue. Bo3MOXKHOCTH COBPEMEHHBIX
nporpaMMHBIX cpen, Hanpumep, Keras (Tensorflow) mpemycmarpusator
BKJIFOUCHHE OIIUI MO HMCIHOJIBb30BaHUIO MOJOOHBIX CTaHAAPTHBIX CPEICTB
ayrMeHTanuu. B paboTax oTedecTBEHHBIX aBTOpoB [7 —15] Takke
MPEACTAaBICHO  INPHMEHEHHE  pasINMYHBIX  COYECTAaHHH  alNrOPHUTMOB
ayrMEHTaIlH B 3a7a4ax 00paboTK H300paKeHUH.

B [7] HoBhle gaHHBIE B O0Oy4YamoIIeld BBIOOPKE TEHEPUPYIOTCS
C TIOMOIIBI0 MOP(HUHT-TIPe0OPa30BaHIA MYyTEM «CKPEIIMBAHUS» UCXOIHBIX
MAaHHBIX MeXay coboil. B [8] mpennokeHBl anropuTMBl BHECEHHS
peamcTHdeckoil medopmanuy n300pakeHUH JHUI, C MOMOIIBI0 KOTOPBIX
OblIa pa3MHOXKEHa CTaHAapTHas oOydaromas BIOOpKa M300pa)KeHWH JUIs
anroputMa Buonsi-/[)xonca. [lokasano, 4to momoOHBIM 00pa3oM 00BbeM
oOyyatorieii BHIOOPKM MOXKET OBITh YMEHBILEH B mpuMepHO B 10 pa3 mpu
CHIDKCHUH BEpOATHOCTU pacrio3HaBaHMsi He Oonee uem Ha 2-4%. B [10]
omuceiBaercst amroput™ WP/ s 3amauy MammHHOTO — 0Oy4eHUs
KJIaccu(PUKaTOPOB OUOJIOTHUECKUX OOBEKTOB MO CIEKTPaM, OCHOBAHHBIM
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Ha WCHOJBb30BaHMUHU SIACPHBIX OLEHOK (YHKIHMH MpPaBAOIONOOHS KIIACCOB
00pa3zoB.

CymecTBYIOT TaKXKe pealn3aly aJrOpUTMOB Je(opMHUPYIOIINX
mpeoOpa3oBaHWi, HCIONB3YEMBIX TPH ayTMEHTAIUH HW300pakKeHHH,
BKITIOYCHHBIC B COBpPEMEHHBIE OmOmmorekn u ¢peiiMBopkm misi Python,
Takhe, HampuMep, Kak OwuOmmoreka Albumentations. Hamboiee
NONYJIAPHBIA CpeM JaHHOW KaTeropuu JIrOPUTM, W3BECTHBIH TOA
nasBanueM ElasticTransform [16], B Albumentations opueHTHpOBaH Ha
ayrMEHTalMI0 TpU pPEUIeHUH 3a1a4 KiIacCHU(UKALWH, CErMEHTALUH
U IIOMCKAa OOBEKTOB Ha HW300paXEHMSX W OCHOBAaH Ha HCIIOJIb30BAHUH
Pa3HOOOpa3HbIX METOJOB MHTEPHOJIALUH JaHHBIX. [IpuMepsl mpruMeHeHus
3TOTO aJIrOpUTMa IpeacTasiessl B [15, 17, 18].

[Homumo 3ajmau ayrmeHTanuu JaHHbIX [4,5,8,9] B H3BECTHBIX
paboTax OmHCaHO MCHOIb30BaHUE EPOPMHUPYIOIINX MTPE0OPa30BAHMNA U X
MozeNell BHYTpPU CaMHX aJrOpUTMOB pacno3HaBanus [19-21], nmns
TeHepalmud W MOAU(UKAIMKM  W300paXEHHH TP TOCTPOCHUH
cBepxpaspemienus [22], 3D-mopenupoBanuu [9, 23], nmns  3amuThl
OMOMETPHUYECKUX CHUCTEM OT aTaK C MCIOJIb30BaHHEM JTHX JedopManui
[24,25]. B [26,27] mnupexacraBieHBl peaJn3allMil HAHHBIX [OJXO/0B
Ha ocHoBe 'HC.

B menom mo pe3ympTataM paHee BBINOJHEHHBIX HCCIEOBAHUH
cienyer OTMETHUTH BBICOKYIO 3¢ PEeKTUBHOCTD MIPUMEHEHHUS
nehopMHUPYIOIIUX TpeoOdpa3oBaHuii  M300paKeHUH, MOKa3aHHYI0 TIpU
00y9YeHNH allrOPUTMOB PACIIO3HABAHHS.

B To e Bpems, cieqyer OTMETHTb, YTO NPHUMEHEHHE IIOOBIX
ITOPUTMOB ayTMEHTAIMH CONPSDKEHO C YBEJIMYEHUEM BpeMeHH 00ydeHus,
BCJIC/ICTBHE €CTECTBEHHOTO €ro pacxojia Ha TNpeoOpa3oBaHME BXOJIHBIX
n3o0paxeHnii. B 0co0eHHOCTH 3TO KacaeTcsi alropuTMOB, PEATU3YIOMINX
nedopmupytommue npeodpa3oBaHus, Kak BECbMa 3aTPaTHBIX.

B cBA3M ¢ M3T0KEHHBIM LENBI0 HACTOALIEH pPabOTHI SIBIAETCA
HCCIIEJOBAaHUE BOIPOCOB MOCTPOEHHS OBICTPOACHCTBYIOLINX AJTOPUTMOB
dbopMmupoBaHus TUTABHBIX jaedopmupyrommx mnpeodpazoBanmii  (JI1),
o0eCreunBaONINX  COXPAHCHHE  CTPYKTYPHOW  OCHOBBI  HCXOJHOTO
n300pakeHNs], a TAK)KE BO3MOXKHOCTEH MX MPUMEHEHHS AJSI ayTMEHTALUH
maHebIX npu  oOydenmn [HC pa3nuyHON apXUTEKTypbl B 3amadax
Kaccu(UKaIMK ¥ OLIEHKH HOJIy4aeMOT0 IIPH ATOM BBIUTPHIILIA.

2. MatemaTH4yeckasi MoOJedb W AJTOPUTM JAe(OPMHPYIOLINX

npeodpasoBanmii. ITycte Q c R" — HekoTOpoe MHOXKECTBO 3HAUCHHH

aprymMeHTa HenpepbiBHOH  ¢yHkumu. OmnpenenuM  aedopmupyioiee
npeoOpasoBanne (1)  ckamsipHOit  GyHKOMM 7 TEPEMEHHBIX
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f:Q ->GcR', g=f(x), xeQ_,geG KaKk  TIpeobpa3oBaHME,
MOMUIMPYIOIIee 3HAYCHHE € apIyMEHTOB B OONACTH ONPEICICHHS 10
3a[laHHOMY 3aKOHY. OUEeBHIHBIM CIIOCOGOM TAKOH MOIM(HUKALMH SBISETCS
no6aBneHHe 3HaueHMs (GyHKUMH  aeOpPMAlMH  M3BECTHOrO  BHJA
K MICXO/IHBIM 3HAUEHHSM JTHX MEPEMEHHBIX 110 ciieayomeii hopmyire:

JIx (g, X,)sen X, +1, (X000 X,)] =

(1

= [l Oy Xp))seenstt, (X500 X,)] = (X505 X,)
roe  g(x,..,x,) — pesyipTupylomas jaegopMupoBaHHas (QyHKIHMS;
F(X)5es X,) s i=1,_n — HenpepbiBHble  ¢yHkuun Il mo  kaxmoi

KOOpAWHATE, KOTOPBIE MOTYT OBITh AECTEPMUHHUPOBAHHBIMH (YHKIUIMHU
(UKCUPOBaHHOW (DOPMBI WM TPEACTABIATH Peai3allid MHOTOMEPHOTO
CIy4aiiHOI O MoJIs.

IlepefimeM K  WUCIOJNB30BAHUIO  BEKTOPHBIX  OOO3HAYCHUI
X =(x,00x,)" 5 1(X)=(#(X),..0, 7, (X)) 1 u(x) = (4 (X),...,u,(x))" . Torma
MOJKHO 3alHcaTh BhIpakeHHe i BeIMoiHseMoro J[I1 B BekTOpHOM BHIE
cienyroneM oopa3oMm:

SIx+r(x)]= flu(x)]=g(x).

IIpu peammsanun anroputmoB [II1 Ha ocHoBe (1) ciemyer ydecTsb
psx 0COOEHHOCTEW peann3yeMBbIX Mpeodpa3oBaHuil.

IlepBast W3 HHUX 3aKIIOYaeTCSI B TOM, YTO MAISI KOPPEKTHOTO
(dbopMupoBaHus 3HaueHWH aedopMmupoBaHHOi ¢GyHKIMH [ (u(x)) = g(x),
3HAQUEHHs €€ apTyMEHTOB HE JOJDKHBI BBIXOJHUTH 3a MpEAeNbl 001acTH
ompeneneHus] HCXOAHOH (QyHKIuH f(X), UMEIOIEeH B 00IIeM Cilydae BUA

MHOTOMEPHOH peryyspHoil AMCKpEeTHOH ceTku. J[pyruMM cIOBaMu, €CiId
s f(X) BEKTOp X € Q, TO HE0OXOAUMO, YTOOKI BEKTOp u(x) € Q. .

IlomoOHOe ycmoBme MoOKeT OBITH BBHIOINHEHO [28], ecim
UCTIONIb30BaTh CNENUaNbHble MacouHble QyHKIUM h(x) = (A(x,),....h(x,))",

OIpaHUYMBAIOIIME KPAEBbIC 3HAYCHUSA u(X) :
u(x)=x+u'(x) =x+h(x)®r(x),

rae ® — o0o3HaUEHHE OIEpally MO3JIEMEHTHOTO YMHOXCHHS BEKTOPOB.
B kauecTBe MacoYHBIX (DYHKIMI MOTYT OBITh HUCIIOJNB30BAaHBl OKOHHEIC
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(YHKIIMY, UMEIOIUE TPaNeIUeBUAHYIO0 GOpMYy UK (POpMy MHOTOMEPHOTO
rayCCOBCKOI'0 3aKOHA pacnpeneieHus. B nanpHeimeM B pealn30BaHHBIX
anroput™Max  00paboTkm  m300pakeHMH ~ OyIyT  HCIONB30BaTHCS
TpamelueBUAHble (QYHKIMH, KOTOpble, B OTIMYME OT TIayCCHaH,
MPaKTHIECKH HE  MOTUPUIHMPYIOT  (YHKOHIO  J1e(OPMHUPYIOMIETO
mpeoOpa3oBaHus B IEHTPAIBHON 00IaCTH ONpeAeIICHHS.

Bropas ocobGennocth anroputmoB BHecenusi JI1 cocrout (o
KpaitHel Mepe, Ui 3a71a4 00pabOTKH H300paxKeHUI) B HEOOXOAUMOCTH UX
MNPUMECHCHUSA IO OTHOWICHUIO K pCHICTYAThIM q)yHKLlI/I)IM, 3alaHHbIM Ha
MHOTOMEPHBIX JUCKPETHBIX CeTKax. B 3ToMm ciydae, kak moka3zaHo B [8]
Juisl o0ecriedyeHus] BO3MOKHOCTH MOJU(UKAIMKA apryMEHTOB pelleT4aToi

¢yHKIMKH f(X) TpH BHECEHMHM B HHUX HEMPEPHIBHBIX AedopMartiii
MIPOM3BOJIFHOTO XapakTepa HEoOXOJIMMO NpE/IBApUTEIbHO BBIIOJIHHUThL €€
MHTEPIOJALUIO U NpEACTaBlieHne B BUJe QYHKIUH f(X) BEIECTBEHHBIX

MEpEeMEHHbBIX. 3aTeM I HHTEPIIONUPOBAHHON HENPEPHIBHON (DYHKITMH
HEOOXOIMMO  BBIIOJMHHUTH  OOpATHBI  Tepexox K  TUCKPETHOMY
NPE/ICTAaBICHUIO 1e()OPMUPOBAHHON pemierdatod QyHKIUH g(X), MyTeM

JUCKPETH3AIMH C HCXOAHBIM IITaTOM.

AHanmM3 TIPUMEHEHHS BO3MOXXHBIX CIIOCOOOB  HWHTEPHOJISIINY,
HamlpuMep, C FHCIIONB30BAaHUEM PAaTNalbHO-0a3MCHBIX (QYHKIUH HIIH
CIuTaifHa TOHKOW TIACTHHBI TTOKA3bIBAET, YTO HPU PEaM3aliy MOT00HBIX
MMOIX0/I0B, ONTHMHU3HUPOBAHHBIC aJTOPUTMBI MMEIOT CIIOXKHOCTH IMOPSAKA

O(N,, -log(N,))) [29-31], rme N, - oOwee HYNCIO DIIEMEHTOB

HHTEPIOIMPYEMOTO MacCHBa HaHHBIX MPOM3BOJIBHON  pa3MepHOCTH
(B maHHOM ciydae oOlee YHWCIO THKCeNed u3o0pakeHus). Takke Npu
WCTIONB30BaHUN WHTEPHOJIIUN JIOTIOTHUTENFHBIE HAaKJIaJHBIE PaCcXOMIbI
BO3ZHUKAIOT TPH BBINOJHEHWH COBUTOBBIX JedopManuid, CIO0KHOCTh
KOTOPBIX MpPH 3apaHee BBIYMCICHHOW (QYHKIUH jaedhopMalid MOKHO
oueHuth Kak O(N,). Bce oro nemaer mono0Hble  amroputmbel  JIT

3aTPaTHBIMH B BBIYUCIUTEIHFHOM OTHOIIECHHH, OCOOCHHO, €CIH TpeOyeTcs
nmpeoOpa3oBarh OONBIIOE YHCIO HW300paKCHWH TIpU  ayrMEHTaluu
obyuatommx  mpuMmepoB.  [loaTomy — mpemiaraercss — peaam3oBaTh
YIPOUICHHBIN MOJXO0J, OCHOBAHHBIN HA HCIOJIH30BAHUU OTPAHUIHBAIOIICH
MAacK{ M peali3alliy MePECTAHOBKU 3JIEMEHTOB PEIICTYaTON (YHKIUH B
COOTBETCTBUE C HCIOJB3yeMBbIM MeXaHu3MoM BHeceHus [II1, crioHOCTB
Kotoporo coctaBisieT O(N,, ).

PaccMoTpuM TNpUMEHHTENBHO K 3amade 0oOpabOTKH W300pakKeHHIA
cleAymlomylo  nocraHoBky. [lycte  nuddepenumpyemas — GyHKIMA

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print) 411
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

f(x,x,), x=(x;,x,) €€, omnpeleieHa Ha HPAMOYrojJbHOH obmactu Q.
pasmepa R, x R, . Tpebyetcs npeobpaszoBats ee myTeM BHecenus JI1:

g(x,xy) = flxg + A4,1(x1, %), X, + 4,15 (x;,%,)],

rae r(x)=(r(x;,x,),r(x;,x,))" — HepepbIBHbIC (YHKINH, OMHCHIBAIOIINC

neOpMUpPYIOIIKE UCKAKEHHUS U ABISIOIIUEC TMO0 QYHKIUAMY H3BECTHOM
(opMmeL, 1160, B 00IIEM cTydae, peanu3aldsaMi CIy4aiHOro mos, IpH4eM
|Vj (x)| <1, j=1,2; A, — ammmryga JII, obecrneumBaomas ¢ y4eToM

OTpaHUYEHUH, BHOCUMBIX HAJTOXEHHEM MAacOYHON (PYHKIIMH, BBIMOJIHEHUE
ycnoBua x+u'(x) e Q.

IIpu 1mdpoBoit  0OpaboTke W300pakeHWH B  pe3yibTaTe
JIUCKPETU3AIMK [0 MPOCTPAHCTBEHHBIM KOOPJAMHATAM C WHTEPBAJIOM
Ox =0x; =8x, Gopmupyercs uudpPOBOI IKBUBATIEHT MUCXOAHOH QyHKIMH

myTeM (UKCAUM ee 3Ha4eHUH B Toukax f(i,k) W nu(pOBOH 3KBUBAICHT
g(@i,k) nepopMupoBaHHOH (QYHKIMH, 3aJaHHBIX Ha MPSIMOYTOJbHOM

JMCKpeTHO# ceTke (i,k)eW ={i=1,N,k=1,M}:

SGk)=f(t,s;)s
t=(-D)Sx, i=L,N, s, =(k=1)ox, k=1, M ,
N=R/6x,t,=0,ty=R,M=R,/6x, 5=0, 5, =R,,

é(l7k) :g(twsk):f[t[ +Amr1 (tiask)ask +Amr2 (t[ask)] .

2

BeezeM BEKTOp LIENOYUCIIEHHBIX UHAEKCOB v(i,k) = (v, (i,k),v,(i,k))",
v (i,k) =round[4,r(t;,s,)/ o6x], v,(i,k) =round[ 4,7 (¢,s,)/ Ox], THE
round[...] o003Ha4YaeT Omepanuio OKPYTJICHHS 0 ONKaiiero 3HaYeHHS.
Torga KOMIOHEHTHI apryMeHTa B (2) MOXKHO NMPEACTABUTD KaK:

t+A,n (,8,)=0x(-1)+0oxv,(i,k)+¢&(i,k),
S + A1 (t,8,) = 0x(k=1)+0xv,(i,k) + &,(i, k) , (3)
—0x/2<¢&(i,k)<6x/2, —=6x/2<¢&,(i,k)<ox/2.

Bektop  &(i,k) = (g,(i,k), €,(i,k))" B (3) Takxke sBISETCS
ciyqaiiHeIM. OH XapaKTepu3yeT MOTPEIIHOCTh KBAaHTOBAHHUS II0 YPOBHIO
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3aJaHHOM B HENPEPHIBHOM BpeMeHH (yHKOMH aedopMayu, KOTopas
CONYTCTBYET TMPOIECCY IUCKPETH3AIlMH  HCXOJHOTO  HM300paskeHUs
10 TIPOCTPAHCTBY:

g, k) =g(t,s,) =

= flt, + oxv (i, k) + €,(i,k), s, +Oxv, (i, k) + &, (i, k)] . )

Ha ocnoBe mpencraenenus I B (4) ucnonb3yem mis mudpoBoro
JIe(OPMHUPOBAHHOTO U300PAKCHHUS TICPBOC PUOITMIKCHUE:

8(i.k) = f10x(i—1)+Sxv, (i, k), Sx(k—1)+3xv,(i,k)]+
+ LTt + Sxv, (i, ), 5, +Sxv, (i, k)&, (i, k) +
+ LT + 8w, (1, k), 5, +Sxv, (i, k)], (0, k)

rae f,, f, — 4acTHele MPOU3BOIHBIE UCXOAHOM byHKIMU f . Torna nus (4)
MOKHO 3aITiCcaTh B CKAISIPHOU M oTiepaTopHOi hopme:

8G.K) = F+v (k) k+v, (k) +0(6)) + O(s)
&=G[iv]+G[iv]es +6[inv]@s,, ®

rre ¢ — o0O3HaueHME IOJYYEHHOH I0Cie NEepPEeCTaHOBKH pEIIeTYaTOH
byHKIIH; G[f ,V] — OIepaTop NEpPEeCTaHOBKM MO3ULMHA pa3MeLleHus
UCXOJHOW pemeryaTtol (QyHKIUH j} (i,k) B COOTBETCTBUU CO 3HAUEHUSIMU
v(i,k); G[f',"s,v} — 0003Ha4YeHNE CHHXPOHHO BBINOJIHAEMBIX ONEPaTOPOB

MIEPECTaHOBKM  TNPOU3BOAHBIX  (YHKIMH  f, B3SATBIX B TOYKax
JUCKPETH3AIMH TI0 TIPOCTPAHCTBY.
OmnepaTtop G(f,v) SIBIISICTCS CIIy4yaliHbIM oIepaTopom,

OIIPE/IeISIOINM BO3MOYXKHBIE Pa3MELICHHs YIeMEHTOB f 1 f' B d1eMeHTHI
g = G[f' ,v} ug,= G[f' ’, v} , COOTBETCTBEHHO. JI11sl CiTydaiiHOM (yHKIUM
JIT oH 3a1aeT BEPOSITHOCTHBIC IEPEXObI IPHU MPE0OPa30BaHUK MHOKECTBA
MUKCeNIe  MCXOAHOTO  H300paKeHUS f BO MHOXeCTBO mHKceneil
n300paxeHus g .

OmnepaTop sBISCTCA CHOPBEKIMEH, B TOM CMBICIE, YTO KaXKABIi
3JIeMeHT J1e(OPMHUPOBAHHON (PYHKIHH, SBISETCS 00pa3oM XOTs OBl OJHOTO

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print) 413
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

ajeMeHTa ucxomHoi. OOparHoe, BooOIIe TOBOps, HeBepHO. Kak yxke
CKa3aHO, BO3MOJKHBI HE3HAYMTENBHBIC BBIMIAJCHUS IHKCEIeH HMCXOIHOTO
n300pakeHNsT W WX 3aMelleHHe ONM3KO DPACHOJIOKCHHBIMH MHKCEISIMHI
3TOTO Xe M300pakeHns. Taroke IMpH pa3MeIIeHHH BO3MOXKHBI TOBTOPEHUS
MUKCENIe MCXOTHOTO M300paXeHHWs B CiIydae, ecl HM3MEHEHUS
nedopMann MPOUCXOIAT C OTPUIIATEIHHON MTPOU3BOTHOM.

AHanu3 Noka3bIBaeT, YTO 3HAa4YeHUs €(i,k) B Pa3IMUHBIX TOYKaX

MPOCTPAaHCTBA Masbl (CONMOCTaBHMBI C IOTPEIIHOCTBIO KBAaHTOBAHHSA
HCXOMHOW (yHKIMEH nedopmanmy) U MPaKTHIECKH HE KOPPEIHPOBAaHEI,
YTO ITO3BOJIAET CUMTATh €€ BO3JCHCTBHE ONM3KUM K BO3JCHCTBHIO OEIOTO
IIyMa C CYIIECTBEHHO MEHBIIEH OTHOCHTEIBHO IEPBOTO CJIAracMoro
ammutygoil. C  TOYKM 3peHHMs pemeHHs 3aJadd  ayrMEHTALUH
n300pakeHUid 3TO BIMSHHE OyJIeT HE3HAYMTENbHBIM M, CKOpEe BCEro,
HUMETh MO3UTHBHOE 3HAUEHHUE, TaK KaK JOMOJHUTENIBHOE 3allyMJIEHHE 9acTo
UCTIONb3YyeTCs B CTAHJAPTHBIX CXeMaX ayrMEeHTAI[H JaHHBIX.

B xoze nanpHEMIIUX HCCIENOBAaHUI Ha OCHOBE PacCMOTPEHHOMU
MaTeMaTH4eCcKOM Mojenu ObUIM peayn3oBaHbl anropuTMsl BHeceHus [I1,
HMEIOIINe BO3/EHCTBHE B BUJIE OUIIOIAPHBIX UMIIYJIbCOB
KBa3UACTEPMUHUPOBAHHOH (HOPMBI.

Jns  wuckmroueHWs KpaeBbIX JPdextoB u orpanmueHus JII1
UCTIONIb30BANIACh TPATICIMEBHUIHAS MacodHast (GYHKIIHS, 3a/laBacMasi B BHJC
MaTpuisl pasmMepa NxAM W OAHO3HAYHO HCKIIOYAIOIIAsl KpPacBbIC
3 EKThI:

B, ) = iy iy (), o (i) = — D

max[/y ()]~
oy =—2® i TN k=T
max[#, (k)] ©)
i-1, 1<i<i_+1, k=1, 1<k <k, +1,
h(@)=qi,, i, +1<i<N-i -1, hy(k)=1k,, k,+1<k<M-k, -1,
N-i—1, N-i <i<N. M-k=1, M-k, <k<M.

rae i, =k, =24, —1 — uenouncieHHoe (B eA. MUKCEIeH) NPeACTaBICHHE

nuana3oHa  BO3MOXKHBIX — 3HadeHWd  nedopmanmii,  Ompenersroniee
paccTosiHUE OT Kpast obJacTu omnpeseseHus aehopmupyemMoi GyHKITNH, Ha
KOTOPOM HAa4YMHAIOT JEeHCTBOBaTh OrpaHMYeHMs. 3HaueHue A, IpU 3TOM

(baKTI/I‘IeCKI/I OonpeAeII€T MaKCUMAJIbHOC KOJINMICCTBO HO3I/IIII/II71, Ha KOTOpOC
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MOXET OBITh IIEPECTABIICH OJUH JIEMEHT. [l BCeX TPaHUYHBIX 3JIEMEHTOB
3HaYeHWE MAacKW paBHO Hym0. B memom, anHamm3 ¢opmsl ¢yHKInu (6)
MOKAa3bIBaeT, YTO HHU OAWH M3 DJIEMEHTOB HCXOAHOTO M300pakeHHs IpH
MIEPECTAaHOBKE HE BBIMJIET 3a TPaHUIBl OOJacTH ompexaeneHus. Taxas
MacouyHas (QYHKIHS YK€ MOXKET OBITh MCIIONIb30BaHa B KadecTBE (PYHKIINH
neopmanuy, €cIM MBI XOTHM OTPAaHHYHUTHCS KYCOYHO-JIMHEHHBIM
XapaKTepOM BHECEHHBIX MCKa)KEHUH THIIA CIBUTa U PaCTSHKECHHUS.

Jis wimiocTpanuM Ha pucyHKe | mpezcrtaBiieH rpad mepexoios,
OHI/IC])lBaIOIJlI/Iﬁ MEPECTAHOBKY JJICMCHTOB BJ0JIb 0[[H0171 KOOPAUHATHI
(aHanmorM4HYI0 1O CYTH OJHOMEPHOH TEPEeCTAaHOBKE  DIIEMEHTOB
MOCJIEI0BATENILHOCTH) B cOOTBEeTCTBHU ¢ (pyHkumeit J{I1, 3anaHHO# TONBKO
Ha OCHOBE oOrpaHuuuBaromied Macku Bupa /.  KomuyecTBo

nepecTaBisieMbIX 3JieMeHTOB paBHO 20. Bun dynkumm, obecrneunBatomei
TaKkye NepecTaHOBKHU, IPEJCTABIEH IITPUXOBOH JIMHIEH. 31€Ch MBI BUAUM,
YTO KpaeBble 2JIEMEHTHl HE MEHSIOTCS, YaCTh 3JIEMEHTOB BBIMAJA€T, a 4aCTh
3aMellaeT BBIIAJAI0IIKe C IOBTOPEHUSIMH.

iy ¥ Z Y x- R §

Puc. 1. I'pad mepexo10B, ONKUCHIBAIOIINI ITEPECTAHOBKY 3JIEMEHTOB BIIOJb OJTHON
KOOPJIMHATHI B COOTBETCTBUH ¢ (ynkimeit {11 Ha ocHOBE MacKu BUIa /1

Ha pucynke 2(a) mpezncraBiieH B NOJy4aeMOil TakuM o0Opazom
¢byHkmMK nedopmanmu, 3amaHHoR h(i, k) = Ijq(i), i=1,N OIMHAKOBHIM
o0pa3oM sl KaxIOM  KOOpIAMHATBI C  HWHAEKCOM Kk :1,_M
(hy(k)=1,i=1,M) mupu N=M =200, 4, =25. Ha pucynke 2(B)
NIPE/CTABICHO JTAJOHHOE W300paXeHHE B BHJIE PETYJISAPHOM NIaXMaTHOM

crpykrypet  NxM, N=M =200, a mwa pucynke 2(r) - ero
npeo0pa3oBaHHe B COOTBETCTBHHM C HCIOJB3YEMOW TakuM o0pa3oM
¢byHKIMen negopmannu.

Ananu3 pucyHka 2(a, B,T) IIOKa3blBaeT, 4YTO 3/I€Chb CMEIICHHUE
9JIEMEHTOB OCYILIECTBIIETCS TOJNBKO B OJHOM HampaBieHHd. B pesynbrate
takoro JIII, mpyMeHEHHOro K HW300paKeHMIO, NPOUCXOIMT «IPYIKHBIH»
CABUT DJIEMEHTOB, pa3MEIICHHBIX [0 BEPTHKalIM, B JIEBOW YacTH
N300paXeHHsl, M PpACTHKEHHE DJIEMCHTOB, TAKKE PA3MEIICHHBIX 10
BEPTHKAIH, B NPAaBOM YacTH H300pakeHms. Takoe mpeoOpa3zoBaHHE, IO
CYTH, COOTBETCTBYET CXEME TIEPECTAHOBKH, MPECTABICHHON Ha PUCYHKE 1.
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Kak yxe oTMeuanoch, IpU HCHOJb30BAHUU COOTHOLICHHUH
s hy (i), i=1L,N, hy(k), k=1,M un3 (6) B nonHoil Mepe B pe3ynabrare
MOJy4aeTcss OrpaHUYMBAIOIass 1O O0CHMM  KOOpAMHATAM  Macka
TpanenueBuIHON (OpMBI, KOTOpas ¥ OyIET Jajiee MCIOJb30BaHa BO BCEX
MpUMEpax W aHATU3UPyeMbIX Mojensx. OtoOpaxkeHue ee (GOpMbI st
N =M =200, 4, =25 npeacrasneHo Ha pucyHke 2(0).

1
Wiy
Wy

\l'.m'l':l"l

\\\
i\ﬂ,\

* M

il

il
Iy flmm'}wf#lm it

25 5

100

50 100 150
B) r)
Puc. 2. Bua dpynkuun nedopmaniy, 3a1aHHOI: a) Ha OCHOBE MAcKHU /i TONIBKO
BJIONTb OJTHOM U3 Ocell KoopauHaT; 6) MacoK /i M /i, B TIONHOH Mepe; B) ITalOHHOE

n300paXkeHue; r) pe3yibTar ero npeodpasosanus npu nomoinu ¢pyukuuu I (a)
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CobOcTtBeHHO, GYHKIUSA —OehOPMUPYIOMUX HCKAKCHUH MOXKET
3a1aBaTbCsi B ICTIOYMCICHHOM BHAE KaK KBa3HICTCPMHUHHPOBAHHAS
(YHKIHS CO CITyYaifHBIMH TTapaMeTpaMy 1 HaJIOXKEHHOW Ha Hee MacKoii (6).

IIpu sTOM paccmaTpuBaiuCch JBa Bapuanrta. llepBwIii BapuaHT
MIpeIoIaraeT UCIoNb30BaHue (QYHKIINN BUIA!

1 o
vl,Z (Z) = Sal,Zh(Z) exp[_E(Z - mmd) Crnld (Z -m,, )] >

San € -1}, m,_, € {mT,LamT,RamB,LamB,Ramc,c} ) @)
_ NM 1 Prnd

= , —1< <1,
rnd 3 Do 1 Prnd

rae Z:(zl,z2)T =(i,k)" — BEKTOp IMCKPETHBIX KOOPJMHAT TOYKH Ha
u3obpaxkenuu; S, , — CiydaiiHas BEJIMYMHA, ONPEHCILIIONIAs 3HAK
umnynsca JIM; m,, — ciuydaiiHelM 00pa3oM BBIOMpaeMBbIH LEHTp

pasmerieHuss Makcumyma (ynkuuu IV mo uerbipem yriam cetku ¥ oc
HEKOTOPBIM OTCTYIOM OT Kpas, a TaKkKe B ee ILEHTpe, OIpelelsieMOM
BEKTOPOM m. . = (m..m¢ )", M, =round(N/2), m , =round(M /2);

C,, — TIONOXKMTEIBHO OIpEJeNIEeHHas MaTpulla Co  CllydailHpIM

rn
PAaBHOBEPOATHBIM B YKAa3aHHOM JHUaIlla3oHe 3HAYCHUI KO3(1)(1)I/IIII/ICHTOM
Prpg ¥ TIAPAMETPOM BJIMAHUSA ds , OMPCACIIAIOIIEM (baKTI/I‘IeCKI/I JAUCTICPCUIO

nmoyneca JIM. @axtudeckn nmaHHag (yHKOES ompenenser (opmy
nMmiynbca JW, 3HaK KOTOpOM 3aJaeT pas3idyHble HampaBiCHUS
BBITOJTHAEMOH Jie(hopMaIiuH.

Bropoii BapuaHT mpennoiaracT UCIoIb30BaHue (QYHKIMK BUA:

1
VI,Z (Z) = Sal,Zh(Z) exp|:_5(z_mmd )T C;nld (Z_mrna’ )i‘ a(z) 5 (8)
1) .

a(z) = (Zl - mrnd,x+1) (ZZ - mrnd,y

B omiauuue oT mpenplaymiero BapuaHTa 3aech ummyibc JU
o0ecrieynBaeT MAaKCHUMAIBHYIO MO aMIDIHTyJe AeopMainuio B IIEHTpax
KBaJIpaHTOB, pa3MEUIAIOMIUXCS OTHOCUTEJIBHO LEHTPAIBbHON  TOYKH
M300paKeHUSI.

IMocne wHamokeHUsT Macku K o00enM (YHKOHAM TpPHUMEHSIIACh
HOpMaJIM3alns C IPHUBEICHHEM MaKCHMAJIBHOIO 3HAYEHUS K BEJIIMYMHE
aMIUIATYOBL A, :
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Vi (2) = A4,V , (Z)/m\f}x Vi 2(2) -

Ha pucynke 3(a) npencraenen Bun Gyukuun JU (7) ¢ HamoxeHHON
Ha Hee cTaHIapTHoOi Mackod (6) (pucyHok 2(0)) M C pa3MelleHneM

B LIEHTPE M,,; =M -, @ HA PUCYHKE 3B — COOTBETCTBYIOLIECE UCKAKEHHOE

n300pakeHNe  W3HAYANBHO  PETyMSIpPHOM  IMaXMaTHOH  CTPYKTYPHI
(pucynok 2(B)). Ha pucynke 3(06) npexacraBneHn Bun (ynkmum U (8)
C HAJIOXKEHHOW MACKOii (6) U ¢ pa3MENICHHEM B LIEHTPE M, =M, -, a Ha

pucyHke 3(T) — COOTBETCTBYIOIIEE HCKaKEHHOE M300pakeHNe N3HAYAIHHO
peryjisipHO#  HIaXMATHOW  CTPYKTYpbl.  AHaiM3  MPEJCTaBICHHBIX
n300pakeHUH MOKAa3bIBAET, YTO MPEUIOKEHHBIC AITOPUTMBI PEAH3YIOT
JIOCTATOYHO IUIABHOE HX HCKakeHHe. [Ipy 3TOM Bce CTPYKTypHbIE
AJIEMEHTHI — CETMEHTBI MCXOJHOTO M300paKCHHsS COXPAHIIOTCS NaXe MpU
BeChMa 3HAYMUTCILHOW AaMIUIMTyJe BHOCHMBIX paedopmarmii. Takke
U COXPAHSIOTCS TPAHUIBI MEXKy HIUMHU.

CnenyeT OTMETHTh, 4YTO JUI TIOBBIIICHUS OBICTPOACHUCTBUS
mporiecca redepanuud M npu HEOOXOAMMOCTH MOXKHO OTPAHUYUTHCS
HCTIONB30BaHNeM 00mmeld (yHKIUU IedopManuu 1Mo 00enM KOOpIUHATaM

vi(z) =v,(z) =v(2) .

.:#'ll'l Ry
(KRN
O
..\“'«"‘\\\\\“:'\
LA
Sl

Al "" 'l?’ ]

1

; LTI

I

T

nﬂl-"i:l’,ﬂ"_l#i?}"l N
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418 Wndopmarrka n aBromarusarms. 2024. Tom 23 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onnaiin) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

Puc. 3. [lpumeps! 3a1anus GyHKLIUH AeOpPMALUK H COOTBETCTBYIOIIUM 00pa3om
J1e()OpPMHUPOBAHHBIX ITAJIOHHBIX N300pKEHUN

Kak yxe ynmoMuHanmoch BBIIIC, OJHON W3 Iesiell TaHHON paboThI
ObUI0O  co37aHME  OTHOCUTENBbHO  ObicTporo  amroputma [l
OpUEHTHUPOBAHHOTO Ha CHM)KEeHHUe 3aTpaT BpemeHu npu MPJ[ B 3amauax
knaccudukanuy n3oopakennii. OCHOBHAs MJes NpeIaraeéMoro ajaropurma
COCTOHT B UCIIOJIb30BAaHHUH IUIABHBIX Je(OpMaIMii IMITYJIbCHOTO XapakTepa
C peanm3amuel omepaTopa IEPEeCTAaHOBKH JJIEMEHTOB  HCXOJHOTO
n300pakeHHs B AJIEMEHTHl TPaHC(POPMUPYEMOTo M300paKeHHUS B paMKax
HaJIOXEHHOW OrpaHUuYMBaKOIIEd Mackd. JlJIs OLEHKUM I[OJIy4aeMOro
BBIMTPHIIIA 110 BpeMeHH BbInosiHeHUs [I1 Obl7I0 IpOBEAEHO CpaBHUTEIHHOE
uccienoBanue 3toro anroputma c anroputmom ElasticTransform. Ilpm
3TOM PacCMOTPEHO JBE N3BECTHBIC TPOTPAMMHBIE PEATH3AINH MTOCIETHETO,
pa3MelleHHas B BHUJE MCXOJHOTO KOJa B OTKPBITOM JOCTYIE Ha pecypce
Kaggle [32] u pa3menieHHas B cocraBe Oubnmorexu Albumentations [17].
IIpennaraeMelii aJropuT™M Takke OBIT peaJn30BaH B JBYX BapHaHTaX.
[lepBblii BapuaHT OCHOBAaH Ha TI€HEPAlMM PA3IUYHBIX  (QYHKLUHA
nebopmarn v,(z),v,(z) AnA Kaka0H NPOCTPAHCTBEHHOH KOOPIAMHATHI

B COOTBETCTBHUH ¢ (8). BTOpoil BapmaHT peann3yeT WCHOIb30BaHUE O0IIei
byukumu  gedopmamun vy (z) =v,(z) =v(z) And KaxA0H KOOPIMHATHI.
CnenyroT OTMETHTH, YTO BU3YaJbHO IIOJNy9aeMble OT NMPUMEHEHHS ITHX
BapHaHTOB PE3YJIbTATHl OTIIMIAIOTCS HE CYNIECTBEHHO.

CpaBHEHHE TIPOBOAMIIOCH JIJISI PAa3HBIX Pa3sMEpOB HU300paKCHUM
1 pa3HBIX 3HAYCHHWH THUIEPIapaMeTPOB aJTOPUTMOB, OTBEYAIOIINX 3a
CTETIeHb IUIABHOCTH W aMIUmMTyny zaedopmarum. g mpemraraeMoro
ajropuTMa TakUM MapameTpoM siBisiercst amruutyna I, ompenensiemas
OTHOCHTEJIBHO pasMepa u3o0paxenus N =N, =N, KaK 4, =k x N, T1e
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k, — BappupyeMblil B oKkcrmepuMmeHTax Kodpdumuent 0<ik, <1 . Jua

s
anroputMa  ElasticTransform  BappupyeMBIM —mapaMeTpoM  SIBISUIAChH
BEIIMYUHA o =k, x N , KOTOpas OnpeAeseT pasMephl OKHA CIIIaXKUBAIOLIHNX

(GUILTPOB, MCHONB3YEMBIX B 3TOM ajroputme. Ilpum sTtom uem Oosblie
BEJIMYUHA L , TEM MONydaeMble AeopManin ABIAOTCA Oonee IIaBHBIMU

W, HaIpOTWB, IPH MajbIX 3HAYEHHUSX ATOro Kod(duiueHTa BHOCHUMBIE
neopmanuy  CTAHOBSITCS Oosiee  WM3PE3aHHBIMH  BIUIOTH 1O MOTEPH
CTPYKTYpHOTO  CXOZCTBAa OJIEMEHTOB. B  X0o#e  BBIYHCIHTEIHHOTO
9KCTIEPUMEHTa 3aMEpbl BPEMEHM IPOM3BOAWINCH ISl 3TaJOHHOTO
n300pakeHNs, BUA KOTOPOTO NIpEeACTaBIeH Ha pHcyHKe 2, kotopoe 1000
pa3 noxsepranock Il Ha craumonapuom IIK. IlomydeHHble pe3yabTaThl
NPEACTaBICHbl B Tabnmume 1 M HOCAT, €CTECTBEHHO, OTHOCHTENIbHBIH
XapakTep, Mo3BOJisAA, TEM HE MCHEC, IPOBOAUTH COMNOCTaBUTEIbHBIN aHAIN3
aJIrOPUTMOB.

Tabnuua 1. CpaBHeHHe BpeMEHHBIX XapakTepucTuk anroputmos JI1 nmpu
BoinosHeHuH 1000 3amycKkoB anropurMa

Bpewms (c), Bpewms (c), | Bpewms (c), Bpewms (c), Bpewms (c),

Vicrions3yembiii N =200, N =400, N =600, N =400, N =400,
ITOPUTM 4, =0,125N,| 4, =0,125N, |4, =0,125N, |4, =0,0625N, |4, =0,25N,

o=0,05N o=0,05N o=0,05N o=0,025N o=0,1N

ElasticTransform
(Kaggle)

ElasticTransform
(Albumentations)

37,47 245,52 753,30 164,54 415,56

17,27 113,29 364,87 71,84 206,61

IIpenmnaraemslit
ITOPUTM 6,00 34,46 83,26 34,33 34,61
(BapuanT 1)

IIpennaraemprit
ITOPUTM 3,58 19,99 48,41 19,93 19,76
(BapuaHT 2)

AHanu3 TOKa3bIBaeT, YTO NpelaraeMblil alrOpUTM I03BOJISET
MOJYYUTh TOBBIIIEHUE ObIcTpopecTBus oT 2,9 no 4,4 pa3 il 1epBOro
BapuaHTa peaim3amuud W oT 4,8 70 7,6 [uIsi BTOpPOTO BapWaHTa B
3aBHCHMOCTH OT pa3Mepa M300pakeHHs NMpH (UKCHPOBAHHBIX 3HAYCHUIX
THIIEpIIapaMeTpoB (TIEpBBIE TPH KOJOHKH). Tarke CleayeT OTMETHThH
MIPAaKTUIECKYI0 MHBAPHAHTHOCTH BPEMEHHU €TO BBIIOJHEHHSI OTHOCHTEIIEHO
aMIUTUTYOB! AedopMaIy, TOTHAa KaKk BpEeMs BBHIIOJHEHHUS alTropuTMa
ElasticTransform cymecTBeHHO 3aBHCHT OT THUIepHapamerpa o,
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OTBEYAIOIIET0 32 YPOBEHb BHOCHUMBIX JnedopMmarnuii (kojmoHkm 2,4, 5
Ta0nmIe 1).

3. Meroanka u Ppe3yJbTaThl 00y4YeHUS] HeiipOHHBIX ceTeil ¢
HCNOJIb30BAaHHEM MpeajiaraeMoro MeroAa ayrMeHrauum. B xoxe
MPOBEACHHBIX HWCCIENOBAHWW pelanach 3ajada OICHKH  BIHSHUS
MpeyiaraeMoro  crmocoba  ayrMeHTanuu  u300pakeHWid B 3amade
KJaccuduKay Ha OCHOBE O0YYEHUsI C HYJISI OTHOCUTENBHO JIETKOBECHBIX
rIIyOOKMX HEHPOHHBIX CeTel CcTaHJapTHOM apXWUTEKTypbl. Takux cereil
ObUIO PAacCMOTPEHO [BE: CBEPTOYHAS CETh CTAHIAPTHOW apXHUTEKTYPHI
(convolutional neural network, CNN) u ceTb C OCTaTOUHBIMH CBS3SIMH
(deep residual network, DRN). B 3aBucumoctu 0T 00beMa 00ydaromux
JaHHBIX KOJWYCCTBCHHBIC XaPAKTCPUCTHUKHU CJIOEB U HCIIOJB3YEMBIC MPHU
00yUeHIH THITEPIIAPAMETPHI TOIOUPATTUCH PA3IIMIHBIM 00pa30M.

ApXUTEKTypa TIepBOH CceTH B BHAE HA00pa IMOBTOPSIOLIIXCS
(parMeHTOB TIOKa3aHa Ha pUCYHKE 4(a). 3/ech MCIIONB30BaHbI CIEAYIOIIHE
ob0o3HaueHns: N — pa3Mmep BXOAHOTO H300pakeHHs; kn — pasmep smpa
ceeptky; filters — xonuuecTBo GUIBTPOB (KaHATIOB) IEPBOIO CBEPTOYHOIO
CIIOSI, OIpEAENIoNIee KOJIMYECTBO pEAM3yeMbIX KapT IPH3HAKOB;
NIL,..,.N5 — ymHoxarommi KodpQUIMEHT A KoimuecTBa (PUIbTPOB Ha
MIOCNIEAYIONINX CIOSIX; S — BEIMYMHA CIBUra IPU IPOBEICHUM CBEPTKH
wid nywidHra; dr —  BenumuuHa  KO3()QMIMEHTa IO ApoNayTa,
BCTaBJIEHHOTO TIOCJIE BBIIOIHEHHS TPEIIIECTBYIONMETO CII0A, OTACICHHOTO
yepToif; Rn — KOJMYECTBO HEMPOHOB B TMEPBOM IIJIOTHOM  CJIOE,;
Num_classes — KOIMYeCTBO KiaccoB u3o0paxenuit; Relu, Softmax -
CTaHJApTHBIE O0OO3HAYCHHS AKTUBAI[MOHHBIX (DYHKIUHA, HCIOIB3YEeMBIX
B cosix HeiipoHHO#W cetH; Ind classes — ¢GopmMupyeMblii Ha BBIXOJE
HHJIEKC Ki1acca. Bo BceX CBEPTOYHBIX CIIOSIX MCIIOJIB30BaIach CTaHAApTHAs
batch-Hopmanuzanusi.

ApXUTEeKTypa BTOpOH ceTH Moka3aHa Ha pucyHke 4(0). 3mech
UCIIONIb30BaHbl  ClieAyrone o0o3HaueHHs: N — pa3Mmep BXOJHOTO
n3o0paxcenmsi; kn — pasmep sapa ceeptku; filters — komuuecTBO
GunbTpOB  (KaHAJIOB) TEPBOTO CBEPTOYHOTO CJIOS, OIpEAesIoniee
KOJIMYECTBO pealn3yeMbix KapT npusHakos; N1,..,N5 — ymuoxaromuii
ko3 PUIIMEHT I KodmdecTBa (GWIBTPOB HA TOCIEIYIONIMX CIOSX;
S — BenmWyWHA CIBUTa MpPH TPOBEICHWM CBEPTKH WM ITyJUIMHTA,
dr — BenmumHa Kod(uUMEHTA CIOs Apomayra, BCTaBICHHOTO IIOCIE
BBHIIIOJTHEHUS ~ INPEALIECTBYIOIIET0  CJIOsl,  OTAEJIEHHOIO  YepToi;
Rn — xommuecTBO HEHpOHOB B MEpPBOM IUIOTHOM cioe; Num_classes —

KOJIMYECTBO KiaccoB m3o0paxkenmii; Relu, Softmax - cranmaprHbie
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0003HaYeHHs] AaKTHBALMOHHBIX (YHKLIUH, HCIOJB3YeMBIX B  CIOAX
HeliponHoii cety; Ind_classes — popMHUpyeMBlil Ha BBIXOJE HHACKC Kiacca.

=
v

| Conv2D: N1xfilters@(knxkn), S=2 |

‘ Conv2D: N1xfilters@(knxkn), S=2 |

v

BatchNormalization() ‘

v

| Activation: Relu ‘

BatchNormalization()

Activation: Relu

* ’ Conv2D: N1xfilters@(knxkn), S=1 | ’ Conv2D:N1xfilters@(1x1), $=2

BatchNormalization()
Activation: Relu

‘ MaxPooling: (2x2),S=2 |dr=0.2

(____-

| Conv2D: N5xfilters@(knxkn), S=2 | ‘ Conv2D: Nixfilters@(knxkn), $=1 |

MaxPooling: (2x2),8=2 |dr=0.2

v

‘ BatchNormalization()

v

Activation: Relu
* '

‘ MaxPooling: (2x2),S=2 BatchNormalization()

_ o

v Conv2D: N5xilters@(knxkn), S=1 | Conv2D:NSxfiters@(1x1), S=2

Dense: Rn, Relu | dr=0.5 |
+ BatchNormalization()
Dense: Num_classes, Softmax
Activation: Relu

| Output (Ind_classes) | Conv2D: N5xiilters@(knxkn), S=1

MaxPooling: (2x2),S=2

dr=0.2

| Dense: Num_classes, Softmax |
| 2
Output (Ind_classes)
a) 0)

Puc. 4. ApxutexTypa NCIOIb3YEMBIX HEHPOHHEIX CeTeH
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MeTomuka MOATOTOBKU IAHHBIX JJIsi OOYYEeHHS HEWPOHHBIX CETeH
cocTosyla B clenyromeM. VCcrmomp30BaINCh TPU HCXOAHBIX 00ydarommx
BEIOOPKH M300pa’keHIH, MPUBEICHHBIX K 00IIEMy pa3Mepy 10 00eHM OCsM
Ws‘ize :

—  Mamad BbIOOpKa B, Hu300paxkeHHMil 3 KIaccoB JKHBOTHBIX,
coxepxkamas mo 1000 3K3eMITIIPOB H300paKEHUH B KaXKIOM Kitacce (BCETro
3000);

—  cpeaHsa mo obbemy BbIOOpKa B, M300paxkeHMH 3 KiaccoB
XKHUBOTHBIX, copepikarias mo 2000 3K3eMIUIIPOB M300paKCHUH B KaXKIOM
knacce (Bcero 6000);

—  cpeaHss no obbeMy BeIOOpKa B, msobOpaxkenuit 10 xmaccos
JKUBOTHBIX, cojnepkamias mo 2000 3K3eMIUBIpOB M300paKeHUH B KaxXaoM
knacce (Bcero 20000).

Bribopka B, (xak HauOoJjee BakHas C TOUKU 3PEHUs UCCIIEI0BAHNU)
Obula copMHpoBaHA B JBYX BapHaHTaX C  pa3IHYarOI[UMUCS
M300paKEHUSIMH OIHUX W TEX K€ KIJIACCOB, IMOJNIYYCHHBIMH U3 Pa3HBIX
HCTOYHUKOB.

Kaxnasi Beibopka B, , B, , B; mnojseprajgach MpeoOpa3oBaHMAM,
HATPABJICHHBIM Ha KCKYCCTBEHHOC Pa3MHOXKCHUE OOYYaroIUX JaHHBIX.
CHavana Ha OCHOBE HCXOJIHOW (POPMHPOBANACh BBHIOOPKA YBEIHMYCHHOTO
BJIBOC O0BEMa IyTEM BBIMOJHCHHUS 3EPKAIBHOTO OTPAXKEHHUS KaxJIoro

u3o6paxkenns. Takum 06pazom, ObuTHM MoMydeHs! BHIGOpKH: B — 6000

usobpakennit; By” — 12000 usobpakenuii; By? — 40000 uzoGpaxkeHuii.

3areM yXe OTH BBHIOOPKM TIOABEPTAINCh AayrMEHTAllMd Ha OCHOBE
M3JI0KEHHOTO BHIIIE NTOPUTMa BHECEHUS Ae(GOpMHUPYIOMHX HCKAXECHUH,

YTO MO3BOJIWIO, B CBOK OYepe[lb, MOJIYYUTh BHIOOPKH Bf”’””g — 12000

u3obpakennit; BJP*¢ — 24000 wusobpaxenmii; BJPT¢ — 80000
usobpaxkeHuil. Beibopku B, , B, M npeoOpa3oBaHHbIE OT HUX BHIOOPKH

pa30uBaIKuCh Ha OOYYAIOIIYIO M BATUAAHOHHYIO, UCXOS U3 COOTHOUICHHS
80% m 20%. Bribopka B, u mpeoOpa3oBaHHBEIE OT HeEEe BBIOOPKH
3
pa3duBaKch Ha O0YYAIOIIYIO M BAJUIAIMOHHYIO, UCXOJIS U3 COOTHOIICHUS
90% u 10%. [dns TecTHpoBaHWSI BCeria MCIOJb30Bajach MOJBHIOOPKa,
cojepxkaias, coorBerctBeHHo, 20% wus B, , B, u 10% wus B,
T.C. UCKJIFOUUTEIFHO COCTOSINAS U3 OPUTHHAJBHBIX, HE MPEeoOpa3OBaHHBIX
KakuM-Jub0o oOpazom wu3oOpaxenuid. [lodroMy mpu OOy4YeHHH IO
UCXOJIHBIM, HE TpeoOpa3oBaHHBIM BBIOOpKaM, B, , B; TeCTHPYOIIHE U

BaJIMJALMOHHBIE BBIOOPKH coBnayy. Jlist BBIOOPOK B, , B, U IPOM3BOJHBIX
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OT HHUX BBIOOPOK HCIIONB30BAIMCH JBA 3HAUCHUS pa3zMepa H300pakeHUs
W, =128 1 w,, =200 . nd BbIOOPKH B, M €€ ayrMEHTUPOBAaHHBIX

size size

BAapUaHTOB HCIIOJb30BaJIOCh 3HAYCHUC W

size

=128 BBHIY 3HAYUTEIBHOTO
pocTa BpeMEeHH 00y4eHHSI.

Ayrmenrtanus JIW ocymectBisutack B Bapuante (7) ¢ mapaMeTpoM
A, =16 nna w,,, =128 u A4, =25 nia w,,, =200.

Jlnst nepBoii cetu npu 00yueHUH O MajbiM BeIOOpKaM B, B, U HX
NPOM3BOJIHBIX  33JaBAINCh CJEYIOIIME THIeprapaMeTpbl. 3HaueHue
UCXOMHOro  KomuuecTBa  filters  ycramaBnmBamock — paBHBIM - 32,
Hcnonp3oBanock  MATh ~ BBIYUCIHUTEIBHBIX ~ CBEPTOYHBIX  OJIOKOB
(pucyHok 4a) ¢ koadduIMeHTaMH  YMHOXKEHUS uucia  (QUIBTPOB
N1=1, N2=N3=2, N4=N5=4. Pasmep siupa  (QUIBTPOB  CBEPTKH
=128 u kn=5 nmpu w_, =200.
B cmosix cereit mcmonp3oBanack L2-perymsapuzanus ¢ KodQQHIHEHTOM
12,,=0,01, a Taxke peryispusanus Ha OCHOBE METOJA CTOXaCTHYECKOTO

YCTaHaBIMBAICA paBHbIM Kn=3 mpu w,

size

UCKJIFOUCHUsI BECOBBIX CBsizel (MeTox dropout) co 3HaY€HHEM BEPOSTHOCTH
uckiaroueHuss dr=0,2. Tlpu o0OyYeHUM WCHOJB30BAICSI ONTHMHU3ATOP
RMSprop ¢ HauaneHOi ckopocThio Ir,,=0,0004. Ilpouecc oOyueHus
3aamMan 200 3MOX W CONPOBOXIAJICS TMOCTEIIEHHBIM MOHI)KEHHEM
ckopocTH 00ydeHus no HwkHero npenena 0,00001. IIpu oOyuenun mo
BBIOOpKE B; U NMPOU3BOAHBIM OT Hee BBHIOOPKAM 3a/1aBalliCh AHATOTHYHbIE

mapaMeTpel, ¢ TeM TOJBKO OTIMYHEM, YTO KOA(D(UIMEHTH YMHOXKCHHUS
yncna (GuibTpoB 3amaBamuch kKak  N1=1, N2=2, N3=4 N4=8, N5=16.
B crosix cereit mcmone3oBanach L2-perymspuszaiis ¢ kKod(QPHUIHEHTOM
12,,,=0,001, mpu 3TOM perynspusanus Ha OCHOBE METOAA CTOXACTHIECKOTO
UCKJIFOUCHHs] BECOBBIX cBs3eil He mpoBommwiack (dr=0,0). IIpomecc
oOyuenuss 3aHuMan 100 3mM0X ©  CONPOBOXKIAICA IMOCTEICHHBIM
MMOHMKEHUEM CKOPOCTH 00ydeHus 10 HikHero mpezena 0,00001.

Jls BTOpOI ceTH aHaJOTHYHO NpH OOyYEHHUH 10 MaJbIM BEIOOpKaM
B,, B, W uX NPOM3BOJHBIX 33/aBaJIMCh CIIENYIOIUE TUIEPIAPAMETPBL.

3HayeHne MCXOMHOro Konmudectsa filters ycramaBmuBanoch paBHbIM 32.
Hcnonp30Banock MSTh BBEIYUCIUTEIBHBIX CBEPTOYHBIX OJOKOB (PHUCYHOK
4(0)) c ko3 punmeHTaMu YMHOKEHUS yuclia ¢uneTpoB
N1=1, N2=N3=2, N4=N5=4, pasmep supa (QUIBTPOB  CBEPTKH
= 200.
Bcrosx  cereii  aHANOTMYHO  WCIOJB30BANAch  L2-peryssipusariust
¢ koo duientom 12 ,=0,01, a Takxke peryispusanyus Ha OCHOBE METOJa

yCTaHaBIMBAICS paBHBIM kn=3 mpm w,

size

=128 u mpu w,

size
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CTOXaCTHUYECKOTO HCKIIOYEHHUS] BECOBBIX CBsizel (Mmerom dropout) co
3HaYeHWeM BeposiTHocTH  HckimodeHns  dr=0,2. IIpm  oOydenun
HCTIONB30BaJIiC  onTUMm3aTop RMSprop ¢ HadambHOW  CKOPOCTHIO
Ir,,;=0,0004 . Ilpouecc oOyuenus zanuMan 200 510X M CONPOBOKIANICH

MOCTEIICHHBIM TIOHIDKEHHEM CKOPOCTH OOYYCHHs JI0 HIDKHEro Ipejesa
0,00001.
Ilpu o6yueHuu 1o BbIOOpKE B; M NPOM3BOJHLIM OT Hee BbIOOpKaM

3aJ]aBaJINCh AHAJOTUYHBIE NapaMeTpbl, C TEM TOJIBKO OTIMYUEM, 4YTO
KO3()(PUIMEHTBl  YMHOXEHHsT 4ucina  (QWIBTPOB  3a/aBajiuCh  Kak
NI=1,N2=2, N3=4, N4=§, N5=16. B cmosx cereil  aHAJOIUYHO
ucrnonb3oBanach L2-perynspusanus ¢ xoaddunuentom 12 ,=0,001, npu

9TOM pEryispHu3alus Ha OCHOBE METOAA CTOXACTHUECKOTO HCKIFIOUEHHS
BecOBBIX cBs3ei He mpoBommiachk (dr=0,0). IIpomecc oOydeHust 3aHMMAN
100 5moxX W COIPOBOXKAAJICS IIOCTETIEHHBIM TOHIKEHHEM CKOPOCTH
obOyuenus 10 HkHero mpenena 0,00001.

Kak yxe ormeuanocs, B nporecce o0yueHus: ObUI peai30BaH IUIaH
CTYNCHYATOTO HM3MCHEHHS CKOPOCTH OOyuYCHHs B YKa3aHHBIX Mpeesiax
C COXpaHEHUEM BECOBBIX K03((PHUIIMEHTOB ceTH, KOTopast IMoKa3aia JIydIine
[0 OTHOMICHHUIO K MPOIUIBIM PE3yJIbTAThI 10 BaTHIAIIMOHHON MOJBBIOOPKE.
ITocnenHsAs U3 COXpaHEHHBIX CeTeH MCIOIB30BaJach AJISI TECTHPOBAHUSL.
Hecmorps Ha oOueBMIHBIE NpPU3HAKM IepeoOydyeHus ceTedl Ha
3aBepIuaroiiell 4acTh OOyYeHHs, ONpeAeTICHHOE YIIyUIICHHEe KadecTBa
KIIacCH(UKAITUH ITPOUCXOIMIIO TIPAKTHICCKH J0 TIOCIETHEN TOXH.

B Tabmumax 2 — 4 mpencTaBiIeHHI MOIyYeHHBIC B X0 ABYXITAITHOM
ayTMEHTAIlNH Pe3yNbTaThl TOYHOCTH KIIacCH(PHUKAIUU (METpHKa accuracy)
s cetelt kimaccoB CNN u DRN npezacraBieHHOM apXUTEKTYPBI.

Tabmuua 2. Pe3ynbTaTsl TECTUPOBAHHUS IIPH 0OY4IEHHH 10 BEIOOPKE B,
¥ TIPOM3BOJIHBIM OT Hee BhiOopkam (3 wiacca, 12=0,01, dr=0,2, B srueiikax
CO 3HAYEHMSMH: BBEPXY — NEPBBIH BapUaHT B, , BHU3Yy — BTOPO Bapuant B, )

OO6yuenue Mo
OGyuenue no Obyuenue no B}]’,?GopKe
Pasmep H306paeHus BhiGOpKe 3 BEIGOpKE B/P pfliv+aug
i

apamMeTphbl
SICp CBEPTKH

CNN DRN CNN DRN CNN DRN

85,57 85,83 88,67 90,50 90,68 | 91,00

Wyize =128, kn=3 86,50 | 83,66 | 88,83 | 87,00 | 89,60 |89,67

88,00 88,17 90,16 90,17 92,60 | 92,67

Wiize = 200, kn=5 87,83 00,00 89,00 87,17 89,83 | 87,83
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Tabnuna 3. Pe3ynbTaThl TECTUPOBAHHUS TIPH OOY4IEHHH 110 BBIOOpKE B,

W IPOHM3BOIHBIM OT Hee Bbibopkam (3 kiacca, 12=0,01, dr=0,2)

O6ydenue mo OO6yuenue o OO6yuenue o
PasMep n306pakeris 1 BhIGOpKE B, Bbibopke B{"7  |BbiGOpKE BfPTauz

HapaMeTphl
SIIEP CBEPTKU

CNN DRN CNN DRN CNN DRN

w,., =128, kn=3 93,75 | 94,17 | 9442 | 9550 | 9592 | 9558

Wy, = 200, kn=5 93,58 | 9333 | 9508 | 9483 | 9583 | 9550

Tabnuna 4. Pe3ynbTaThl TECTUPOBAHHUS IIPH 00Y4IEHHH MO BRIOOPKE B,

W IPOM3BOJHBIM OT Hee Bbibopkam (10 kiraccos, 12=0,001, dr=0,0)

OO0y4enue 1o OO0y4enue mo OO0y4enue 1o

Pasmep usobpaxeHus u BBIGOPKE B, Bribopke BY"P  |BBiOOpKE B{PHauE
napameTpsl

SIep CBEPTKU
CNN DRN CNN DRN CNN DRN

Wy =128, kn=3 89,25 84,85 91,28 89,90 92,05 92,60

AHanu3 TpeicTaBIeHHBIX B Tabmumax 2 —4  pe3ynbTaToB
MIOKa3bIBaET, YTO BO BCEX IPOBEICHHBIX 3KCIEPUMEHTaxX ayrMeHTalus,
BBITIOJTHEHHAs] TOJBKO HAa OCHOBE CTAaHJApTHOW IPOLEAYyphl 3epKaIBLHOTO
OTPaXEHUs, JaeT NPUPOCT B TOYHOCTH (YAcCTOTHl IMPAaBUIILHOTO
pacro3HaBaHus). JTOT MPUPOCT OCOOCHHO 3aMETCH IPU Pa3MHOKCHUH
Majioif BEIOOPKM B, M, B OTAEHbHBIX CIydasx, AOCTUTaeT ypoBHs 3,0%.

Crnenyromuit 3tant P/l BEITONHEHHBII 1T0 OTHOIIEHUIO KaK K MCXOTHBIM,
TaKk U K 3€pKAIBHO OTPaXXCHHBIM BBIOOpKAM, TaKXKe IMOKa3ajl HaJUIne
MIPUPOCTa TOYHOCTH KIACCH(PUKAIMU BO BCEX DKCIIEPUMEHTAX, KOTOPBIH
AHAJIOTUYHO OCOOEHHO 3aMeTeH MM HCXOAHOH BBIOOpPKM B, . 31ech ero

3HayeHHe JocTuraeT 3HadeHuil 1o 2,5%. Jna BeIGOPKM B, MPHPOCT,

€CTECTBEHHO, MEHee 3HauuTeNeH, ocobeHHo jurs cetd DRN. [[ns BeIOOpKH
B, , HAIIPOTHB, HaUOOJIEE 3HAYMMOE YBEIMYEHHE TOYHOCTH 2,7% MOIy4eHO

11 cetu DRN. B nmenoM MOXXHO KOHCTaTUPOBaTb, YTO CYMMAapHBIH
MIPUPOCT TOYHOCTH KIIACCH(HUKAINN 1O pe3ylbTaTaM BBITOTHEHUS 00OWX
9TaloOB ayrMEeHTallUd MMEeT 3HaueHus, B OCHOBHOM Joxonasiue 1o 5%.
DTO0, Ha Halll B3V SIBJISIETCS BIIOJIHE YJOBJIETBOPUTEIBHBIM PE3YyIbTaTOM
Ut (PUKCUPYEMOTO TUAra30Ha 3HAYCHUN TOYHOCTH KIaCcCHU(UKAIIHH.
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AHamu3 ypoBHA CTAaTHCTHYECKOH 3HAYMMOCTH  IIOJYYEHHBIX
pe3yJbTaToOB  INPOBOAWICS 1O CTaHAAPTHBIM  COOTHOLICHWAM UL
OLICHCHHBIX BEPOSTHOCTEH W TMpeicTaBieH B Tabmume 5 B BUIe
MaKCUMAJIbHOTO 3HAYEHHS MOJYJsS OTKJIOHEHHS OLEHEHHOH TOYHOCTH
KiIaccu(UKail  OT BO3MOXKHOH HCTHHHOW. OO0BeM  HE3aBUCHMOI
TECTHPYIONIEH  MOABBIOOPKM  HMCXOOHBIX  (He  mpeoOpa3oBaHHBIX)
n300pakeHNit COCTaBIIAN, COOTBETCTBEHHO, 20% U3 B, B, n 10% u3 B; .

Tabnuna 5. Pe3yapTaTel aHaIM3a CTATUCTHYECKOM 3HAUUMOCTH

OO0y4enue u OO0y4enue u O0y4ueHue u
Obnem TECTHPOBAHHE 110 TECTHPOBAHKE 10 TECTUPOBAHHUE 110
TCCTHPYIOLICH BBIOOpKE BBIOOpKE BBIOOpKE

MOABLIGOPKIE B, (600 npumepo) | B, (1200 npumepos) | B (2000 npumepos)

VpoBeHb 10 % 5% 10 % 5% 10 % 5%
3HAYHMOCTH

MakcumanbHoe

3HAYCHHE

MOZLYIL 146% | 1,74% 1,03 % 1,23 % 0,80% | 0,96 %
OTKJIOHEHHS] OT

HCTHHHOTO

3HAYCHHSI

AHanmmM3  TPEACTAaBICHHBIX  Pe3yJIbTaTOB  IIOKA3bIBAET,  4YTO
MONMYYCHHBIA U1 KaXIOTO JSKCIEpUMEHTa CyMMAapHBIA IO pe3yibTaTam
BBITIOJIHEHHSI JIBYX 3TalOB MPUPOCT TOYHOCTH KIACCU(DUKAIMH SIBIIICTCS
CTaTUCTHYCCKU 3HAYMMBIM. TaKke, C y4eTOM CMEIICHHS BCEX MOIYYCHHBIX
OLICHOK B OOJBIIYIO CTOPOHY, CTATHCTHYECKH 3HAYUMBIM SIBISIETCS |
MIPUPOCT, MOJYYCHHBIM TOJBKO HAa OCHOBE ayTrMEHTAIlMM C BHECEHUEM
JeopMUPYIOMINX UCKaKEHHUH.

Crnenyer Takke OTMETHTb, YTO paziandus B I(PGEKTHBHOCTH
MPUMEHEHHS  CeTe  pasiIMyHOH  apXUTeKTyphl B  IPOBEACHHBIX
AKCIEPUMEHTAX HE SBIIAIOTCS NPHHIUMUAIBHBIMH C Y9€TOM TOTO, 4YTO
MOCTaBJIGHHAs 3a/lada COCTOWT HE B HAXOXICHUHM ITydIIed ceTH, a B
JIEMOHCTpAIlMA BO3MOXKHOCTEH TMpEIaraéMoro MeToJa ayrMeHTaIlul
JTAaHHBIX.

4. 3axmouenue. Takum oOpa3om, B paboTe MpemIokKeH MOAXOI K
00yUYCHHIO TITyOOKUX HEHPOHHBIX ceTeil s Kiaccu(pUKaIuu n300parkeHH
B YCIOBHSX MaJlol M cpeaHedl 1mo oO0beMy BBIOOPKH, OCHOBaHHBIM Ha
NPUMEHEHUH  TEXHUKH  ayrMEHTallMu  O0y4aromux  JaHHBIX  C
UCIIONIb30BAaHMEM  3€pKaJbHBIX  OTP&XKEHHH U JIeOpPMHUPYIOMINX
peoOpa3oBaHUA 00pabaTbIBaEMBIX HU300paKeHU. IIpennoxxena
MaremMatuueckas MoOJeidb W OOOCHOBAaH pealM3yIOIIUil ee aJIrOpUTM
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BHECCHHS Ae(HOPMHUPYIOIINX HCKAXKCHWH, OCHOBAHHBIC Ha BBITIOJTHEHUH
OUKIAYECKOH  TMEPeCTAHOBKU  DIIEMEHTOB  HCXOTHOTO  HM300paskeHUs
B COOTBETCTBHE C  HCIONB3yeMOHl  (yHKOHWEH  IpPOCTPaHCTBEHHOM
nepopmanuu. IlokasaHo, WTO €ro HPUMEHEHHWE IPH JIIOOBIX YPOBHAX
nedopManrui COXpaHseT CTPYKTYPHYIO OCHOBY MCXOTHOTO M300pa)KeHWS,
YTO Ji€JaeT €ro NPUroJHBIM AJIsl NpoBencHUs ayrMeHrauuu. Ilokazano
TaKke, 4YTO OBICTPOAEWCTBHME aJIrOPUTMa CYIIECTBEHHO BBIIIE 110
CPaBHEHHIO C H3BECTHBIMH pealu3allisIMi aHAJOTHYHOTO XapakTepa.
B xoze Bcex IKCIEPUMEHTOB ¢ 00y4eHHWEM HEHPOHHBIX CeTed pa3IMYHOM
APXUTCKTYPbl YCTAHOBJICHO HAJIMYUC NPUPOCTAa TOYHOCTU KJ'laCCI/I(bI/IKaHl/II/I
IIpY IPUMEHEHUU IMPOUEAYPbl CTAaHAAPTHOM ayrMEHTAalud Ha OCHOBE
3epKaJIbHOTO OTPa)KEHHs HMCXOJHBIX M300pakeHHi oOyuarolei BHIOOPKH
C IOCHEAYIOUIUM MIPUMEHEHHEM ayrMEHTALMM Ha OCHOBE NPEIJI0KEHHOTO
anroput™Ma aehOpMHUPYIOIIEro Ipeodpa3oBaHms. YKa3aHHBIH MPUPOCT I
PacCMOTPEHHBIX apXHUTEKTYp HEWPOHHBIX ceTel Hamboliee 3aMeTeH IpH
00yUEHHH 10 OTHOCHTEIBHO Majoil BeIOOpke (mopsaka 10° mpumepos Ha
KK KITacc).

JlanpHeWmue wWcclIemoBaHUSA, HA HaIl B3IJAI, IeiecooOpasHo
COCPEeIOTOUUTh Ha UCCIENOBAHUU BO3MOXKHOCTEH IpeasaraeMoro noaxoaa
JUIl  TIOBBILIGHWsS] KadecTBa OOydeHHMs B 3ajJade CEMaHTHYECKOH
CerMEHTAlluM, a TaKXe €ro CPaBHEHMU C M3BECTHBIMU aJrOpHUTMaMy,
KOTOpBIE paHee UCTIOIb30BAIUCH NIPH PELICHUN JaHHON 3a1a4H.
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A. SIROTA, A. AKIMOV, R. OTYRBA
IMAGE WARPING AND ITS APPLICATION FOR DATA
AUGMENTATION WHEN TRAINING DEEP NEURAL
NETWORKS

Sirota A., Akimov A., Otyrba R. Image Warping and Its Application for Data
Augmentation when Training Deep Neural Networks.

Abstract. The paper focuses on the improvement of the quality of learning for deep neural
networks for a small data set in a classification task. One of the possible approaches to
improve the quality of learning is researched which is based on the use of data augmentation
(artificial reproduction of the data set) by image warping. The presented mathematical model
and fast algorithm for warping make it possible to transform the original image while
preserving its structural basis. The proposed algorithm is used to augment image data sets
containing a small number of training samples. The augmentation consists of two stages
including horizontal mirroring and warping of each of the samples. The effectiveness of such
augmentation is tested through the training of neural networks of various types: convolutional
neural networks (CNN) of a standard architecture and deep residual networks (DRN).
A specific feature of the implemented approach for the solution of the problem under
consideration consists in the refusal to use pre-trained neural networks with a large number of
layers as well as further transfer learning, since their application incurs costs in terms of the
computational resources. The paper shows that the efficiency of image classification when
implementing the proposed method of augmenting training data on small and medium-sized
data sets increases to statistically significant values of the metric used.

Keywords: deep neural networks, training data augmentation, image warping, efficiency
of deep neural networks.
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N. SUJATA GUPTA, K. RAMYA, R. KARNATI
A REVIEW WORK: HUMAN ACTION RECOGNITION IN VIDEO
SURVEILLANCE USING DEEP LEARNING TECHNIQUES

Sujata Gupta N., Ramya K., Karnati R. A Review Work: Human Action Recognition in
Video Surveillance Using Deep Learning Techniques.

Abstract. Despite being extensively used in numerous uses, precise and effective human
activity identification continues to be an interesting research issue in the area of vision for
computers. Currently, a lot of investigation is being done on themes like pedestrian activity
recognition and ways to recognize people's movements employing depth data, 3D skeletal data,
still picture data, or strategies that utilize spatiotemporal interest points. This study aims to
investigate and evaluate DL approaches for detecting human activity in video. The focus has
been on multiple structures for detecting human activities that use DL as their primary strategy.
Based on the application, including identifying faces, emotion identification, action
identification, and anomaly identification, the human occurrence forecasts are divided into four
different subcategories. The literature has been carried several research based on these
recognitions for predicting human behavior and activity for video surveillance applications.
The state of the art of four different applications' DL techniques is contrasted. This paper also
presents the application areas, scientific issues, and potential goals in the field of DL-based
human behavior and activity recognition/detection.

Keywords: face recognition, emotion recognition, action recognition, anomaly
recognition, DL, human behavior and activity recognition/detection.

1. Introduction. Numerous actual environments have applications for
human behavior identification, such as intelligent video surveillance and
purchasing behavior evaluation [1]. There are many uses for surveillance
footage, particularly in indoor, outdoor, and public spaces. Safety includes
surveillance as a crucial component. For the sake of security and protection,
surveillance cameras are now a must [2]. Among the key goals of the Indian
government's growth initiative, Digital India is e-surveillance. It still includes
surveillance footage in some form. Efficient surveillance, a need for less
labor, cost-effective auditing capabilities, adopting of recent safety trends, etc.
are all benefits of surveillance footage [3]. Until now, monitoring was done
manually. We have to manage enormous amounts of video footage that can
easily wear individuals out. Furthermore, omissions brought on by manual
intervention will significantly reduce the structure's efficacy [4]. Video
surveillance automation has provided a solution for this. Nowadays, it is
difficult to manually watch every incident captured on a CCTV (Closed
Circuit Television) camera. Even if the incident occurred previously,
manually looking for it in the video footage is a laborious procedure [5].

Among the oldest and most active areas of computer vision and pattern
identification study is monitoring footage. In earlier times, operator humans
who watched dozens of displays at once were the mainstay of video-based
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monitoring systems [6]. Individuals are shown to be extremely inconsistent in
identifying the so-called "unusual events" while evaluating either online video
clips or archival data because of the amount of data and relatively lengthy
monitoring recordings [7]. The key difficulty is creating an intelligent,
autonomous, video-based monitoring system that doesn't need human
involvement. An emerging area in the field of automated video surveillance
structures is the analysis of anomalous occurrences from video [8].

In recent times, DL-based video surveillance systems (VSSs) have
produced a range of impressive outcomes when used for diverse purposes,
including crowd counting (CC) [9], abnormal event detection (AED) [10],
object detection (OD) [11], human action recognition (HAR) [12], etc. Deep
networks mimic human vision by modeling high-level abstractions via
several levels of non-linear transformations. DL algorithms must be trained
on a large quantity of data to do this [13]. These techniques, meanwhile,
have drawbacks to numerous other uses and only perform effectively for
specific applications when getting the data is simple [14].

The most important details are that there are insufficient funds and
data scales to train DL algorithms from scratch, it is costly and takes time to
gather massive databases, the majority of DL algorithms rely on supervised
learning, and enlisting the help of human experts to label training datasets is
a significant expense and effort [15].

Many other strategies are being put forth; however, the initial research
heavily depends on trajectory-based methods. These methods use visual
tracking to make an effort to predict the target's trajectories, while a model is
acquired to explain typical activities [16]. The activity associated with
trajectory deviations from the learned model is therefore considered an
anomaly. However, because of their great temporal complexity and the
occlusion problem brought on by objects moving, these approaches are
unsuitable for difficult and dense situations [17]. As a result, non-object-
centered unsupervised techniques have become increasingly popular recently.
By learning typical patterns of activity from the behavior-related traits of
individuals and things in geographical and temporal settings, these techniques
address the issue of recognizing anomalies [18]. Target size, gradient, speed,
and direction are all typically considered to be behavioral characteristics
along can be represented with low-level illustrations like dense spatial-
temporal interest points (dense STIPs), histograms of optical flow (HOF), and
histograms of oriented gradients (HOG). These techniques are superior to
trajectory-based techniques because they operate at the pixel level, which
renders them more reliable in challenging settings [19]. Although there are
numerous distinct kinds of anomalous behavior, all of these approaches rely
on hand-crafted characteristics that are challenging to explain a priori. They
are also incapable of adapting to defects that were never seen before [20].
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In the last decade, DL approaches have been primarily employed to
address a variety of computer vision problems, beating the state-of-the-art
in a variety of challenging scenarios, based on the depth of hidden layers we
can differentiate the neural network into four various categories
as illustrated in Figure 1.

Deep Neural Network
Medium Neural Network

Shallow Neural Network

Traditional Neural Network

Performance (%)

Data
. 1. Graphical representation of various neural networks' performance in human
activity recognition

Fi

—_
agQ

Traditional neural networks, also known as single-layer perceptrons,
are simple linear classification models that cannot handle complicated
problems. Shallow neural networks feature a limited number of hidden
layers, which makes them successful for basic tasks but ineffective for more
complicated ones. With a reasonable number of hidden layers, medium
neural networks may learn more complicated features and patterns. With
over six hidden layers, deep neural networks excel at learning highly
abstract characteristics and can perform complicated tasks such as picture
and speech recognition. Deep network training, on the other hand, maybe
computationally costly and require a huge quantity of data to avoid
overfitting. Integrating recognizing objects, object classification, and action
identification. Since DL, a subtype of ML, trains to interpret the input as
a hierarchy of nested concepts within various stages of the neural network,
this study focuses on DL advancement to achieve outstanding results. As
data volumes increase for recognizing behavior and activities,
DL outperforms classical machine learning.
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2. Literature Survey. The review has covered papers under the
years 2019-2023 are provided in Figure 2. Totally 40 research articles from
different sources are collected and the works are elaborated clearly in the
following section with their respective pros and cons.

No of publications

2023 18
2022 11

2021 2

Year

2020 3

2019 6

0 2 4 6 8 10 12 14 16 18 20

No of publications
Fig. 2. Year-wise weightage of papers considered in the review

From Figure 2 it is clear that recent 2023 papers are considered in
more numbers compared to the other papers. The variation in the study from
2019 to 2023 can be evaluated from this review. The collection of journals
that have shown a lot of curiosity in recognizing human conduct and
activities for video surveillance is depicted in Figure 3.

m 1 IEEE/CVF Conference on Computer Vision and Pattern
Number of publications in various journals Recognition
® 2 [EEE/CVF International Conference on Computer
Vision
3 European Conference on Computer Vision

4 IEEE Transactions on Pattern Analysis and Machine
Intelligence
B 5 [EEE Transactions on Image Processing

m 6 Pattern Recognition

® 7 [EEE/CVF Computer Society Conference on Computer
Vision and Pattern Recognition Workshops (CVPRW)
B 8 Medical Image Analysis

B9 [EEE/CVF Winter Conference on Applications of
Computer Vision (WACV)
B 10 International Journal of Computer Vision

Fig. 3. Top 10 journals which have shown interest in video surveillance

Face recognition. In study [21] the authors suggested a technique
for updating model parameters that will allow the dispersed EC
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environment to synchronize the global DL model. A dynamic data
movement strategy is further suggested to resolve the disparity between the
workload and processing capabilities of edge nodes. The suggested DIVS
system can effectively handle video surveillance and analysis duties,
according to experimental results, which also demonstrated the EC
architecture's ability to deliver elastic and scalable processing capacity.

In paper [22] the authors suggested an attribute-driven strategy for
feature disentangling and frame re-weighting. In the study disentangling the
characteristics of a single frame into sub-feature groups that individually relate
to distinct semantic properties is described. The final representation is created
by aggregating the sub-features at the temporal dimension after the sub-features
have been reweighted by the attribute recognition confidence. This method
enhances the most informative areas of each frame and helps the representation
of the sequence be more discriminative. Numerous ablation experiments
support the value of both feature disentangling and temporal re-weighting. The
proposed strategy outperforms current state-of-the-art methods, as shown by the
experimental findings on the iLIDS-VID, PRID-2011, and MARS datasets.

Paper [23] offered a straightforward method for achieving this goal
using several key machine learning technologies, including TensorFlow, Keras,
OpenCV, and Scikit-Learn. The proposed method detects the face in the picture
or video and then assesses whether or not it is covered by a mask. It can
distinguish a face and a mask in motion and a video as a surveillance task
performance. The method achieves superb accuracy. We look at the most
effective parameter settings for the Convolutional Neural Network model
(CNN) to precisely detect the presence of masks without producing over-fitting.

In study [24] the authors state that AdaFocus is an adaptive focus
technique that, although requiring a challenging three-stage training pipeline,
has achieved a favorable accuracy-to-inference-speed trade-off. Through the
use of an enhanced training scheme and a differentiable interpolation-based
patch selection operation, this work reformulates the AdaFocus training as a
straightforward one-stage approach. Extensive tests on six benchmark datasets
show that the model performs far better than the original AdaFocus and other
industry benchmarks while being much easier and more effective to train.

Study [25] presented a face mask identification technique for static
photos and real-time videos that separates images into "with mask" and
"without mask" categories. The Kaggle data set is used to train and assess
the model. The collected data set has a performance accuracy rating of 98%
and contains around 4,000 images. Comparing the proposed model to
DenseNet-121, MobileNet-V2, VGG-19, and Inception-V3 reveals that it is
more accurate and computationally economical. Schools, hospitals, banks,
airports, and many other public or commercial institutions can use this work
as a digital scanning tool.
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In paper [26] the hybrid driver and vehicle identification module that
can identify both the driver and the vehicle is presented. It can identify the
driver and the car using facial recognition, voice recognition, and license
plate identification. FaceNet was utilized for face identification, multi-task
cascaded convolutional networks were used to crop the faces for facial
recognition, and a three-layer long short-term memory model was used for
speech verification. A tesseract was employed to identify vehicle license
plates. The trials' findings demonstrate that the suggested method can
consistently recognize both drivers and autos with zero error, which is a key
advancement for guaranteeing the security of institutions.

In study [27] the authors sought to apply a model to complicated data
by focusing on tasks for face identification in the picture and real-time video
footage of persons wearing and without masks. The suggested technique
performed well, with a 99.64% accuracy rate for images and a respectable
accuracy rate for real-time video images. According to experimental findings,
the suggested technique worked effectively, achieving an accuracy of 99.64%
for images and a respectable accuracy for real-time video images. With an
accuracy of 100%, recall of 99.28%, fl-score of 99.64%, and an error rate of
0.36%, additional measures demonstrated that the approach beat earlier
models. In current technology, face mask detection is frequently employed in
fields like artificial intelligence and smartphones.

In paper [28] the authors use a mix of a neural network and a genetic
algorithm to pick and categorize face traits. The efficiency of the suggested
technique was recently evaluated using both individual and composite
elements of the face region. In experimental experiments, composite
features outperform face region features. This research also includes a
thorough comparison with different face recognition methods found in the
FERET database. The classification accuracy achieved by the suggested
approach is 94%, which represents a considerable increase and the highest
classification accuracy among the findings from earlier investigations.

Study [29] presented real-time face recognition along with a DL
framework for person identification and authentification in live or recorded
CCTV feeds. The recommended approach is based on the VGGFace DL
neural architecture and utilizes transfer learning to retrain the algorithm
using a lesser originally designed dataset of 7500 photos of 26 different
people. The presented approach provides the maximum level of recognition
accuracy, as evidenced by a mean average of 96 percent on real-time inputs
and confidence levels that vary from 78.54 percent to 100%.

In paper [30] the simple and effective facial detection method
QMagFace is built using a recognition algorithm that utilizes a magnitude-
aware angular margin loss and a quality-aware comparison score. The
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suggested method incorporates model-specific facial picture characteristics
into the comparison process to improve identification performance in
unrestricted environments. The tests performed on various face recognition
benchmarks and databases show that introducing quality awareness
consistently improves recognition performance. The QMagFace source

code is accessible to everyone. The information is presented in Table 1.

Table 1. Systematic Survey on Face Recognition

l;(e)f Year Technique Significance Limitation/Future scope
values to ensure global analos?s dutics
[21] | 2019 |DL network yst C. Low contrast images
P — Deliver elastic and
synchronization in a .
distributed EC scenario scalable processing
capacity
— Enhances the most
An attribute-driven informative areas of Low-resolution movies
1221 | 2019 approach for feature each frame often feature background
disentangling and then — Represents the movement which is not
frame re-weighting sequence being more | considered
discriminative
Distinguish a face and a ?ig?f?:ﬁgéi?;&da Biometric scans can be
[23] | 2021 |mask in motion of a . . carried out in the future
. video as a surveillance . .
video while wearing a face mask
task performance
Differentiable The time-consuming phase
[24] | 2022 |[interpolation-based patch | Simple and efficient ep
selection procedure of feature representation
A face mask
identification technique _ 000 Yet to increase the
(251 | 2022 for static photos and real- Accuracy = 98% reliability
time videos
The hybrid driver and Capable of recognizing | Scaling up the
[26] | 2023 |vehicle identification both drivers and autos | recommended technique for
module with 0% error estimating the risk factors
Face detection tasks with Accuracy rate of
[27] | 2023 |an effort to apply a 99.64% y Space complexity costs
model to complex data el
. Non-local change between
[28] | 2023 Neur‘?l netwqu with Accuracy = 94% frames increases the
enetic algorithm
g g complexity
DL system for person Confidence = 78.54 to To Fedpce the' dataset's size
297 | 2023 identification and 100 % while increasing the
recognition in live or Meanoavera =96 % number of photographs it
recorded CCTV feeds g ° | contains
Should concentrate on
[30] | 2023 |QMagFace Accuracy 98.98 % quality-based fusion
methods
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Despite significant progress, there are still several limitations as
given in Table 2 that make video-based physical detection more difficult
and demanding.

Table 2. Systematic Survey on Emotion Recognition

Ref Year Technique Significance Limitation/Future
no. scope
E::}gﬁ:ziff&ih Makes content
[31] | 2019 | Brand-new RAN perior interpretation
occlusion and complicated
alternative poses P
The effectiveness of g:lszggsr:y:ggly
[32] | 2019 .The I?L—bgsed emotion the system s performance in an edge-
identification system suggested using cloud computing
CNNs and ELMs environment
The research uses the DL DL methods .
. . effectively classify .
1331 | 2019 technique to categorize emofions using a Integrating sensors and
emotions through an & modalities
o large number of
iterative process
sensors
chteeively suppreses | SCNoutpertorms
[34] | 2020 ¢y supp advanced techniques -
uncertainty in deep with hich scores
networks e
The article introduces the Sensitivity is ve
[35] | 2021 | DL technique for focusing | | 1§ very -
. R igh
on facial characteristics
System performance
The article lists facial was evaluated for
[36] | 2022 | expressions and outlines databases and -
four steps for execution compared to current
approaches
Transformer-based fusion
371 | 2022 module combines static The performance of )
vision with dynamic the model is increased
multimodal properties
Paper reduces processing Optimal speed- Researchers can
138] | 2023 power using a hierarchical | precision balance improve convolutional
Swin Transformer for through high modules for expression
expression recognition computational effort recognition
Research develops CNN The model achieves Future SMM facial
1397 | 2023 for facial expression 93.94% accuracy and | expression collection
recognition using SMM 67.18% FER2013 should include emotions
dataset score on CK+ like fear and contempt
Low-light image Experimental Rescarchers developed
enhancement, assessment shows smart olasses profotynes
convolutional neura. suggested technique LT, .
407 ] 2023 lutional ! d techni for v1s§1;0n—1m Ie)uredtyp
network for facial emotion | outperforms others identi ﬁcationp
recognition with 69.3% accuracy
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In actuality, choosing the traits that make a moving object is
a difficult process since they have a significant influence on the description
and analysis of the activity. For example, when the scene's backdrop
changes often or when brand-new things appear out of nowhere, it could be
challenging to depict the action. Furthermore, a variety of elements, like
scene location (outdoor/indoor) and outfit (dress, suit, footwear, etc.), can
influence how the moving object seems.

Survey on Emotion Recognition. In [31] the authors looked at
several in-the-wild FER datasets with pose and occlusion characteristics to
answer the real-life pose with occlusion robust FER challenge. A unique
Region Attention Network (RAN) was suggested in addition to the pose
variation FER where an area biassed loss was added to imaginatively
capture the significance of facial areas for occlusion. High attention weights
for very significant locations might be encouraged by this method.
Numerous investigations show that RAN and area biassed loss produce
novel findings on FERPIus, AffectNet, RAF-DB, and SFEW, significantly
enhancing FER performance with occlusion and changing position.

Study [32] demonstrated a DL-based emotion recognition
mechanism built on emotional Big Data. Both speech and video data are
recovered and fed to a CNN after being processed in the frequency domain
to create a Mel-spectrogram. The outputs of the two CNNs are combined
for the last classification using two ELMs and an SVM. The utility of the
suggested technology was demonstrated by experimental results.

In study [33] an ongoing procedure that includes incorporating and
eliminating enormous quantities of sensor data from several modalities
is offered, this research applied a DL approach for emotion categorization.
CNN-LSTM is employed in the approach, which reduces the requirement for
human feature discovery and engineering by applying a hybrid strategy to raw
sensor data. The findings show that DL algorithms are effective at classifying
human emotions when a lot of sensors are being utilized (average accuracy is
95% and F-Measure is %95). In addition, hybrid models perform better than
previously created Ensemble approaches that train the model through feature
engineering (average accuracy 83%, F-Measure = 82%).

In study [34] it is described how to avoid deep networks from over-
fitting ambiguous face images, this research proposed a simple but efficient
Self-care Network (SCN) that efficiently suppresses uncertainty. Two
methods that SCN particularly suppresses the uncertainty are through a self-
attention mechanism over a mini-batch to weight every sample used for
training with a ranking regularization with a meticulous relabeling procedure
to update the labels of those specimens in the lowest-ranked group. Both
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simulated FER datasets with gathered Web Emotion datasets have been used
to assess the effectiveness of the proposed technique. SCN overcomes state-
of-the-art approaches according to outcomes from open benchmarks, scoring
89.35% on FERPIlus, 60.23% on Affect-Net, and 88.14% on RAF-DB.

In article [35] the author proposed an attentional convolutional
network-based DL technique that can target important face characteristics and
surpasses previous approaches on a range of datasets, such as FER-2013,
CK+, FERG, and JAFFE. In addition, based on the classifier's output, we use
a visualization technique that may help us pinpoint key facial features that
indicate different moods. This research study's findings indicate that various
emotions are responsive to various facial characteristics.

In research [36] a technique to identify facial expressions was
suggested. Its four primary components are face recognition, a CNN
framework founded on DL, data augmentation techniques, and a trade-off
among data augmentation with DL characteristics. For thorough results
from experiments, three benchmark databases — KDEF, GENKI-4k, and
CK+ — have been employed. The performance of the suggested approach
is being compared to currently employed state-of-the-art techniques,
demonstrating its advantages.

Paper [37] offered a transformer-based fusion module that fuses
static vision with dynamic multimodal features. The fusion module's cross-
attention module focuses the output integrated features on the critical
sections, easing downstream detection tasks. To increase model
performance even further, we employ various data balance, data
augmentation, and post-processing strategies. In the EXPR and AU tracks
of the official ABAW3 Competition test, the model wins first place. On the
Aff-Wild2 dataset, extensive quantitative evaluations and ablation
experiments show how effective the recommended method is.

In article [38] the author uses the hierarchical Swin Transformer for
the expression recognition job, which significantly reduces its processing
power. The Swin Transformer with CNN and utilize it in an expression
recognition job. At the same time, it is fused with a CNN model to suggest a
network design that integrates the Transformer and CNN. We next test the
suggested strategy using certain expression datasets that are available to the
public, and we can achieve competitive results.

Paper [39] proposes a CNN design to distinguish facial expressions
and create a facial expression dataset for the SMM. The suggested technique
was evaluated for facial expression identification on two distinct benchmark
datasets, FER2013 and CK+. We tested the suggested model on CK+ and
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obtained accuracy for FER2013 of 93.94% and 67.18%, respectively. To
investigate as well as assess the recommended algorithm's accuracy, we used
the SMM Facial Expression dataset and attained 96.60% accuracy.

Study [40] offered a method for recognizing facial emotions in masked
facial photographs by utilizing low-light image enhancement and feature
analysis utilizing a CNN. The suggested method makes use of the AffectNet
picture collection, which contains eight different types of facial emotions and
420,299 photos. The head and upper features of the face are represented using
boundary and regional representation approaches. A facial landmark
identification method-based feature extraction methodology is used to extract
features. In an experimental test using the AffectNet dataset, the
recommended method achieved an accuracy of 69.3%.

From Table3 we can find that tracking gets challenging when
analyzing photos with fluctuating light, which is a common aspect of actual
environments. Outside CCTV cameras are subjected to external
illumination fluctuations while gathering footage at night, which may
provide low-contrast images that are challenging to comprehend. The
adaptive background subtraction method also offers a consistent means of
handling recurrent and long-term situation changes, as well as fluctuations
in light. Noise reduction is necessary because low-resolution videos
frequently have background movement brought on by camera movement or
changes in lighting. While the optical flow vector's amplitude is a very
effective signal for determining how much movement there is, the flow
direction also may provide extra motion data.

Action Recognition. Study [41] presents a deep neural network that
collects and categorizes activity characteristics by fusing convolutional
layers with LSTM by fusing convolutional layers with LSTM, collects and
categorizes activity characteristics. The proposed architecture comprises
a two-layer LSTM followed by convolutional layers, a GAP level to reduce
the parameters of the model, and then a BN layer to speed up convergence.
The efficacy of the model was assessed using three publicly accessible
datasets. The accuracy of the model was 95.78%, 95.85%, and 92.63%
overall. The results demonstrate that the suggested theory looks more robust
and effective in spotting activity than many of the previous results.

In paper [42] the author suggested a deep human action detection
framework that is view-invariant and incorporates two crucial action cues:
motion and shape temporal dynamics (STD). The motion stream encodes
the motion content of the action as RGB-DIs, whereas the STD stream
learns long-term view-invariant shape dynamics of action by mining view-
invariant features from structural similarity index matrix (SSIM) dependent
key depth human pose images. Research that employed cross-subject and
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cross-view validation methodologies to measure the performance utilized
three publicly accessible benchmarks. In regards to accuracy, ROC curve,
and AUC, the technique greatly beat the state-of-the-art at the time.

Study [43] presented a brand-new end-to-end method for identifying
unsupervised human actions using skeletons. We provide an innovative
design that employs a convolutional autoencoder and graph Laplacian
regularization to describe the skeletal geometry across the temporal
dynamics of activities. Due to this approach including a self-supervised
gradient reverse layer that provides generalization between camera
perspectives, it is resistant to viewpoint fluctuations. The proposed method
outperforms all earlier unsupervised skeleton-based methods on the cross-
subject, cross-view, and cross-setup protocols on the large datasets NTU-60
and NTU-120. Though unsupervised, the system even outperforms a few
supervised skeleton-based action recognition techniques owing to its
learnable representation.

Research [44] offered a complete method for recognizing human
motion in real-time from unprocessed depth picture sequences. It is based
on a 3D fully CNN called the 3DFCNN, which dynamically encodes
spatiotemporal patterns from raw depth data. The suggested 3DFCNN has
been adjusted to operate in real-time with a respectable accuracy
performance. On three well-known public datasets, it was recently
compared to different state-of-the-art systems, showing that 3DFCNN
surpasses other non-DNN-based current methods with an optimal precision
of 83.6% yet maintains a noticeably lower computational cost of 1.09
seconds.

In paper [45] the authors used LSTM and CNN to construct a hybrid
approach for activity identification. 20 individuals used the Kinect V2
sensor to build a brand-new challenging dataset with 12 distinct groups of
human physical activity. A detailed ablation investigation was conducted
using several traditional ML and DL neural networks to discover the
optimal HAR solution. The accuracy of 90.89% achieved with the CNN-
LSTM method shows that the model suggested is suitable for HAR
applications.

In paper [46] the authors suggested a unique deep ConvLSTM
network for skeletal-based activity identification and then fall detection. In
sequence, LSTM systems, fully linked layers, and CNNs are combined. The
acquisition method uses human identification and posture assessment to
pre-calculate skeletal coordinates from an image/video sequence. From the
raw skeleton coordinates and their unique geometrical and kinematic
properties, the ConvLSTM network generates fresh directed features. On
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the KinectHAR dataset, the recommended approach surpassed CNNs and
LSTMs, which recorded accuracy of 93.89% and 92.75%, respectively.

In study [47] a spatially adaptive residual graph convolutional
network (SARGCN) based on skeleton feature extraction was suggested for
action recognition. It employs a learnable parameter matrix to decrease the
number of parameters and improve feature extraction and generalization. To
achieve greater accuracy at reduced computing costs and learning
challenges, a residual connection is added. The effectiveness of the offered
strategy has been confirmed by extensive trials on two substantial datasets.

In [48] the authors examined how well cuboid-aware feature
aggregation performed when huge amounts of activity were presented. The
authors also suggested monitoring actors and conducting temporal feature
aggregation along the corresponding tracks to improve actor’s feature
representation under big motion. The intersection-over-union (IoU) between
the boxes of action tubes/tracks was used by the authors to describe the
actor’s motion at various fixed time scales. Large-motion activities would
eventually have reduced IoU, but slower actions would keep IoU higher.
Researchers discover that, as compared to the cuboid-aware baseline, track-
aware feature aggregation regularly produces a significant boost in action
identification performance, particularly for actions with significant motion.
As a result, the authors also provide the most recent findings using the
extensive multi-sports dataset.

Paper [49] suggested the Spatio-TemporAl cRoss (STAR)-
transformer, that is capable of successfully representing two cross-modal
information as a vector. The encoder consists of a full spatio-temporal
attention (FAttn) module and a proposed zigzag spatio-temporal attention
(ZAttn) module, whilst the continuous decoder comprises a FAttn component
with a recommended binary spatio-temporal attention (BAttn) module.
Investigations show that the recommended method enhances performance
excitingly on the Penn-Action, NTU-RGB+D 60, and 120 datasets.

Study [50] focused on the body occlusions for Skeleton-based One-
shot Action Recognition (SOAR) in their study. It primarily takes into
account two types of occlusions: arbitrary occlusions and more realistic
occlusions brought on by various commonplace items. The authors
formalize the first benchmark for SOAR from partly occluded body
postures by using the suggested process to blend out sections of the skeleton
sequences of three widely used action identification datasets. A novel
transformer-based model called Trans4SOAR uses mixed attention fusion
and three data streams to lessen the negative impact of occlusions. On all
datasets, it performs better than alternative designs, outperforming the best-
reported method on NTU-120 by 2.85%.
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Table 3. Systematic Survey on Action Recognition
Ref Year Technique Significance Limitation/Future
no. scope
Deep neural network .
[41]| 2020 | combining LSTM and | 1he model achieves -
. 95.67% accuracy
convolutional layers
Shane temporal The method The author seeks to
d Zmics 1rr)1 dee outperforms the current | improve action
[42] | 2020 hzrrlnan behaviorp state-of-the-art in identification with
ercention accuracy, ROC curve, skeletal and depth
pereep and AUC details
New end-to-end Improved methodology ;[:211?_31[1;}20220_?15% on
approach for skeleton- outperforms previous deplovment and
[43]| 2022 | based unsupervised unsupervised skeleton- S erl)tio}t]grln oral
human action based algorithms on c?)nnec tiog
identification large datasets
enforcement
Real-time human Enhancing recognition
activity recognition 3 DFCNN outperforms accura 1%1 Eeﬁiﬁi ro
[44] | 2022 | method using non-DNN techniques T Icl:ll;incyan N ino s
unprocessed depth with 83.6% accuracy © s an ongong
: research concern
picture sequences
The author's mixed CNN-LSTM algorithm Deve} opa mode} for
. . identifying multiple
[45]| 2022 approach combines achieves 90.89% conle's activitics and
LSTM and CNN for accuracy in HAR px En ding advanced
activity identification applications expanding acvance
physical activities
The article presents the ConvLSTM achicves
ConvLSTM network 08.89% accurac
[46] | 2022 | for skeletal-based oo th
o surpassing CNNs and
activities and fall
. . . LSTMs
identification
The study proposes .
SARGCN for action . A writer explores
[47]| 2023 | identification using The efﬁmepcy of the featL_lre extraction and
skeleton feature model is high spatiotemporal graph
extraction structure analysis
Track-aware feature
Investigating cuboid- aggregation enhances
aware feature action recognition
[48] | 2023 | aggregation performance,
performance in high particularly for
activity significant motion
actions
STAR-transformer Study shows suggested | Scientists develop
[49] | 2023 represents cross-modal | strategy improves algorithms without
characteristics as performance compared | overfitting using
identifiable vectors to older methodologies | limited data
Future investigation
(50] | 2023 The study focuses on Ezg; tz ggztl[{erforms into one-shot video
SOAR body occlusions technique by 2.85% identification is

excluded
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Conquering the following problem will be challenging for optical
flow-based motion assessments as given in Table 4. The mathematical feature
points of the head, arms, legs, elbows, and shoulders form distinctive
abstractions of various postures. The phase of correlation technique should be
utilized to determine global motion among every pair of succeeding frames. If
global motion is found, a Point Spread Function must be created using the
projected slope and length of displacement, and the following frame can be
deconvolved using the iterative deconvolution method.

Table 4. Systematic Survey on Anomaly Recognition

Ref Year Technique Significance Limitation/Future
no. scope
Neural network for anomaly | Detecting abnormal
[51]1{2019 ..
recognition occurrences
Real-world traffic | Real-world ~ video  traffic| The code may be
surveillance records require | surveillance datasets are used | implemented on
ongoing monitoring to ensure [ to run the model, and both | PYNQ hardware in
proper response to fatal | qualitatively and | the future to process
situations. Nevertheless, | quantitatively substantial | video frames more
(52]| 2022 maintaining constant human | results have been obtained quickly for anomaly
supervision of them is time- identification.
consuming and prone to The application of
mistakes active leamning to
identify  anomalies
might also be the
focus of the study
The researcher proposed the | The frame-level evaluation for | The author's future
Deep Residual | the three benchmarks has an | work will concentrate
Spatiotemporal ~ Translation | average AUC score of|on ongoing learning
Network  (DR-STN), an|96.73%. Between DR-STN |of unknown events,
innovative unsupervised | and cutting-edge techniques, | helping to determine
[53]]| 2022 | Deep Residual conditional | there is a 7.6% improvement |if they are truly
Generative Adversarial | in AUC at the frame level aberrant or merely
Network (DR-cGAN) unusual typical
architecture using an online happenings
hard negative mining
(OHNM) algorithm
This paper proposed a|The authority is informed of
cheating detection system to | the unusual conduct by an
[54]| 2022 | deal with plagiarism and |automated alarm, reducing the
other forms of academic |possibility of error that may
dishonesty arise from manual monitoring
In this study, researchers|The results show that the
proposed a weakly | recommended method works
supervised deep temporal | as well as or is superior to the
[55]| 2023 encoding-decod.ing 'flpproach state-qf-the-art te(.;hnigues. for
based on multiple instances | detecting anomalies in video
of leamning for anomaly |surveillance uses, achieving a
detection in  surveillance | state-of-the-art false alarm rate
videos on the UCF-crime dataset
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Continuation of Table 4

Ref Year Technique Significance Limitation/Future
no. scope
The suggested method | The outcomes show that | Practical
efficiently  uses both | the network surpasses | surveillance needs to
geographic with temporal | state-of-the-art improve in the
information by adopting a | techniques, obtaining, in | future
[56] | 2023 | geographical branch with a | terms of Area Under
temporal branch in a single | Curve, 97.4% for UCSD
network Ped2, 86.7% for CUHK
Avenue, and 73.6% for
the Shanghai Tech dataset
This study demonstrated the | On the test set database, | Future studies will
creation of an automated | the suggested approach's | examine new feature
safety mechanism that can | AUC was equal to | extraction theories,
quickly assist victims and | 94.21%, and the detection | feature selection
identify suspicious activity | accuracy was equivalent | strategies, and
[57]11 2023 | in real time to 88.46% decreasing
dimensionality
approaches to
increase the
precision of the
indicator
This paper describes | To create safer and more | Future studies will
Ancilia, an end-to-end | secure communities, | examine new feature
scalable, intelligent video | Ancilia intends to change | extraction theories,
surveillance platform for the | the surveillance | feature selection
IoT environment by | strategies, and
[58] | 2023 introducing more | decreasing
efficient, intelligent, and | dimensionality
fair security to the sector | approaches to
without asking individuals | increase the
to give up their right to | precision of the
privacy indicator
The author of this work | According to | Data training and
using isolation tree-based | experimental findings, the | quality must be
unsupervised clustering | suggested framework | improved in the
[59] | 2023 | divides the deep feature | outperforms state-of-the- | future
space of the video segments | art  video anomaly
detection techniques in
terms of accuracy
In  video  surveillance, | The recommended | The suggested
finding frames that differed | method's value  was | method's key is to
noticeably from the norm | confirmed by the | interpolate normal
was the aim of anomaly | excellent frame-level | frames with little to
[60] | 2023 detection. To solve this | video anomaly detection | no mistakes, t?ut
problem, the author created | results on open | aberrant frames with
a unique bi-directional | benchmarks significant errors

frame  interpolation-based
video anomaly recognition
framework
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Anomaly Recognition. In study [51] the authors recommended
the Anomaly Net neural network as a unique neural network for anomaly
recognition because it combines feature learning, sparse representation,
and dictionary learning in three joint neural processing blocks. To
address the shortcomings of existing sparse coding optimizers, the
researchers developed a special RNN to learn sparse representation with
a sparse representation dictionary. Numerous trials demonstrate the
method's cutting-edge performance in the task of detecting abnormal
occurrences.

In study [52] the authors suggested that to monitor and respond
appropriately in the event of tragic incidents, real-world traffic
surveillance recordings need constant oversight. However, it is time-
consuming and error-prone to oversee them continually with humans. As
a result, a DL method for automatically detecting and localizing traffic
accidents has been suggested by redefining the issue as anomaly finding.
The technique uses sequence-to-sequence LSTM autoencoder and
spatiotemporal autoencoder to model spatial and temporal representations
in the video. Additionally, it employs a one-class categorization scheme.
Real-world video traffic surveillance datasets are being used to apply the
methodology, and both subjectively and numerically useful outcomes
were achieved.

Paper [53] offered that the Deep Residual Spatiotemporal
Translation Network (DR-STN) is a unique unsupervised Deep Residual
Conditional Generative Adversarial Network (DR-cGAN) system
that employs an online hard negative mining (OHNM) technique.
It expands the network available for finding a mapping from spatial
to temporal memories thus raising the perceived calibre of artificially
created images. It has thoroughly tested against publicly accessible
benchmarks and has outperformed other cutting-edge techniques. The
difference in AUC between DR-STN and cutting-edge techniques at the
frame level is 7.6%.

In study [54] the authors suggested a cheating detection method to
deal with plagiarism and other types of academic dishonesty. During
examinations, the system employs video monitoring to keep an eye on
student behavior, particularly unusual behavior. The system employs three
distinct methods: calculating the direction of the students' heads as they
turn from their starting orientation, seeing pupil movement, and
recognizing the point at which a student's hands come into touch with
their faces. An automated alarm that informs the appropriate authority
when any of these are found helps to reduce the possibility of error that
may result from manual monitoring.
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In paper [55] the authors proposed a weakly supervised deep
temporal encoding-decoding approach employing multiple instances
of learning for anomaly detection in surveillance videos. The proposed
approach makes use of a deep temporal encoding-decoding network
to record the spatiotemporal evolution of video instances across time
while training using both abnormal and typical video clips. Low false
alarm rates are produced by the suggested loss function, which optimizes
the mean separation between predictions for normal and abnormal
instance types. On the UCF-crime dataset, the suggested technique obtains
a state-of-the-art false alert rate when compared to -cutting-edge
procedures.

Study [56] adopts a geographical branch and a temporal branch in a
single network, effectively using both geographic and temporal
information. It has a residual auto-encoder structure that is comprised of a
deep CNN-powered encoder and a multi-stage channel attention-based
decoder. System performance is estimated by utilizing three standard
benchmark datasets: UCSD Ped2 (97.4%), CUHK Avenue (86.7%), and
ShanghaiTech (73.6%).

Paper [57] demonstrated the creation of an autonomous security
mechanism that can quickly assist victims in recognizing suspicious
activity in real time. It utilizes an adaptive method based on DL (DL),
PCA, and machine learning (ML). The suggested method has an
experimented AUC and detection accuracy of 88.46% on the UCF-crime
dataset. When compared to previously constructed systems, the suggested
solution has proven to be accurate and resilient.

Study [58] introduces Ancilia, an end-to-end scalable, intelligent
video surveillance solution for the IoT. Ancilia utilizes cutting-edge
artificial intelligence for practical surveillance applications while
upholding moral considerations and executing complex cognitive
operations in real time. By bringing more efficient, intelligent, and fair
security to the field, Ancilia hopes to change the surveillance environment
and create safer and more secure communities without asking individuals
to give up their right to privacy.

In paper [59] the deep feature space of video clips was divided
using isolation tree-based unsupervised grouping. A pseudo anomaly
score is produced by the RGB- -stream, while a pseudo dynamicity score,
is produced by the flow stream. The majority voting method is employed
to combine these scores and generate initial bags of beneficial
and negative parts. Both scores are refined using a segment re-mapping
and cross-branch  feed-forward network refinement approach.
According to  experimental findings, the suggested framework
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outperforms cutting-edge video anomaly identification techniques in
terms of accuracy.

Paper [60] offered that in surveillance footage, finding frames that
differed noticeably from the norm was the aim of identifying anomalies.
The investigators used bi-directional frame interpolation to develop a
brand-new model for video anomaly identification to address this issue.
The proposed system includes a unique dynamic memory technique to
balance memory scarcity with normality presentation variance, along with
an optical flow estimating network with an interpolation system that has
both been collaboratively optimized end-to-end. Numerous tests on
widely used benchmarks show how much better the proposed framework
is than existing solutions.

In common, the computationally and time-intensive phase of
feature representation through video violence recognition acts as a
substantial impediment to the deployment of violence detection in
practical applications. The vast number of technologies as given in
Table 5 is now in use to detect violent material in video and thus have
substantial time and space complexity costs. These methods are therefore
inappropriate for usage in real-world applications. As a result, denser and
deeper DNN models are needed for better feature extraction and
description. There is also a need for quicker, easier, and more accurate
ways to identify violence. The high dimensional structure and a non-local
shift among frames, nevertheless, make it more challenging for the
methods employed to identify aberrant video.

3. Summary. After studying different paradigms of human
behavior and activity recognition in video surveillance systems the
following conclusions arrive which must be concentrated on in future
research:

—  The review of the literature reveals that certain methodologies
aim to ignore the background and concentrate exclusively on foreground
characteristics for anomaly identification. We believe that
background knowledge might be helpful to simulate potential event-
causing situations.

—  The potential of human activity and behavior identification
employing CNN, Deep Learning, LSTM, and GAN is bright since they
provide more accuracy in most surveillance settings.

— In addition, the performance of the anomaly detection
technique depends on the crowd density; as the crowd grows, its
effectiveness declines, and it performs best in sparse crowds.
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—  In addition, while only benchmark data sets could be used for
comparison, they might not be adequate to account for all real-world
events.

—  Edge computing is a potential strategy for delay-sensitive
applications like intelligent surveillance and anomaly recognition. Since
the data is handled on the device itself, it provides greater privacy and
security. The burden is distributed through job offloading and ongoing
improvement in edge devices, increasing total efficiency. Edge computing
and human behavior and activity identification together will open up new
opportunities for computer vision.

—  From the research, we can find that more concentration must
be provided in the arena of human action identification and anomaly
detection which is the most crucial need in the current video surveillance.

—  Although every group may be employed in a supervised or
unsupervised way, the assessment reveals that the majority of
investigators employed unsupervised learning to address the challenge of
recognizing human conduct and activities since there was a dearth of huge
datasets.

Table 5 compares various deep learning techniques used
in detecting human activities across different applications. Convolutional
Neural Networks (CNNs) excel in identifying faces, leveraging robust
feature extraction and spatial hierarchies. Recurrent Neural Networks
(RNNs) are pivotal in emotion identification, adept at modeling
sequential data and capturing temporal dependencies. Long Short-
Term Memory Networks (LSTMs) shine in action identification,
effectively handling long-range dependencies in sequences. Autoencoders
prove valuable in anomaly identification by self-supervised learning,
although they may be sensitive to hyperparameters. Generative
Adversarial Networks (GANs) show promise in generating synthetic
data for anomaly detection, but their training stability can be
challenging. Capsule Networks (CapsNets) offer improved handling
of spatial hierarchies and resistance to certain adversarial attacks,
though they're  still underexplored. Lastly, Transfer Learning
is a versatile approach applicable across all subcategories, leveraging pre-
trained models to reduce the need for extensive data and accelerate
training, but it may require task-specific fine-tuning for optimal
performance.
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Table 5. Comparison chart based on various deep learning methods

Signifi- Future
Technique Used for Advantages Limitations Recommen-
cance .
dations
Convolutional | Identifying Highly Robust feature | Limited to fixed- | Investigate
Neural faces effective in | extraction, size inputs, may | multi-scale
Networks image spatial struggle with | architectures
(CNNs) recognition | hierarchies occlusions for better
tasks adaptability
Recurrent Emotion Sequential | Captures Prone to | Explore
Neural identification | data temporal vanishing / variants  like
Networks modeling | dependencies, |exploding LSTMs, and
(RNNs) variable- gradients, GRUs for
length computationally improved
sequences intensive efficiency
Long  Short- | Action Handling Effective for | Computationally | Investigate
Term identification |sequential | modeling expensive, harder | attention
Memory data long-range to interpret mechanisms
Networks dependencies, for better
(LSTMs) avoids context
vanishing modeling
gradient
Autoencoders | Anomaly Anomaly | Self- Sensitive to choice | Explore
identification | detection in | supervised of unsupervised
unlabeled | learning, hyperparameters, | pre-training
data robust to| may require large | for improved
noisy data datasets anomaly
detection
Generative Anomaly Generate Effective  in | Training Investigate
Adversarial identification | synthetic generating instability, mode | techniques for
Networks data for | realistic  data | collapse stable GAN
(GANs) anomaly distributions training, utilize
detection in semi-
supervised
setups
Capsule Identifying Improved |Resistant to|Limited adoption, | Investigate
Networks faces, handling of | certain types | computationally | hybrid
(CapsNets) Emotion spatial of adversarial | intensive architectures
identification | hierarchies | attacks with CNNs for
improved
performance
Transfer Across all | Utilizing Reduces the|May not always | Investigate
Learning subcategories | pre-trained |need for large | transfer well, task- | techniques for
models for | datasets, faster | specific fine-tuning | better ~model
specific training needed adaptation in
tasks transfer
learning
scenarios
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4. Future recommendation. Advancements in CNNs, Deep
Learning, LSTM, and GANs hold great promise for improving accuracy in
surveillance. Further exploration of novel architectures and techniques, such
as attention mechanisms and multi-modal integration, could significantly
enhance human activity identification. Some more recommendations are
given below based on the state of the art:

—  Future research could explore hybrid approaches that
incorporate both foreground and background information, leveraging the
potential benefits of simulating event-causing situations with background
knowledge.

—  Investigate novel architectures and techniques within CNNS,
Deep Learning, LSTM, and GANs to further enhance accuracy in
surveillance settings, possibly by incorporating multi-modal information or
attention mechanisms.

— Develop adaptive anomaly detection techniques that
dynamically adjust their sensitivity based on crowd density, potentially
utilizing reinforcement learning or adaptive thresholding mechanisms.

—  Encourage the creation of more diverse and realistic benchmark
datasets that capture a broader range of real-world events, potentially
through crowdsourcing or incorporating simulated data augmentation
techniques.

—  Investigate techniques for optimizing and accelerating anomaly
detection algorithms specifically for edge computing environments,
possibly through model compression, quantization, or specialized hardware
acceleration.

—  Allocate research efforts towards developing specialized
models and algorithms dedicated to human action identification and
anomaly detection, possibly exploring novel architectures or incorporating
domain-specific knowledge.

—  Encourage the creation of larger annotated datasets to support
the application of supervised learning approaches. Additionally, explore
techniques for semi-supervised learning that leverage limited labeled data
with a larger pool of unlabeled data.

—  These future directions aim to address specific areas of
improvement and expansion within the field of human activity identification
and anomaly detection, ultimately advancing the capabilities and
effectiveness of surveillance systems.

5. Conclusion. This article examines DL-based methods for video
surveillance that span a range of techniques and approaches for recognizing
human behavior and activities. Readers should ideally be able to appreciate
not just the justification for employing a particular technique, but also to
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compare several approaches, generate a comparative analysis, and suggest
a strategy after reading a complete overview of human behavior and activity
identification. First, we divided the methods into four groups, based on how
well they could identify faces, emotions, actions, and anomalies.
Additionally, we listed every category's advantages and disadvantages in
accordance. Future work on the DL model should focus on studying human
action and emotion identification, which can improve situational knowledge
for targeted video surveillance.
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H. CYDKATATYIITA, K.P. PAMBA, P. KAPHATU
PACIIO3HABAHMUE JENCTBUN YEJIOBEKA B CUCTEMAX
BUIAEOHABJIOIEHUSA C UCITIOJIB30BAHUEM METO10B

TJIYBOKOI'O OBYUEHUA - OB30P

Cyoocama I'ynma H., Pames K.P., Kapnamu P. Pacno3HaBaHue NelCTBUI 4ejl0BeKa B
CcHCTeMaxX BH/ICOHADII0IeHHS € UCII0/Ib30BAHMEM METO/10B I1y00KOoro 00y4eHust — 0630p.

AnHoTanusi. HecMmoTps Ha IIMpOKOE NPUMEHEHHE BO MHOTHX OO0JacTsIX, TOYHAs
U o0deKTUBHAs  UICHTU(UKALMS JeATCIPHOCTH  4YeNIOBEKAa IPOJODKAET  OCTaBaThCs
WHTEPECHOW HCCIIeNOBATEIbCKOW MpoOJieMold B 00JIaCTH KOMIBIOTEPHOro 3peHus. B
HACTOSIIEe BPEMs IPOBOJUTCS MHOTO MCCIIENOBAHHMN MO TAaKUM TeMaM, KaK paclio3HaBaHHE
AKTUBHOCTH TIEIIEXOZ0B U CIOCOOBI PACIO3HABAHMS IBMKEHUH JIOJEH € UCIIOIb30BaHUEM
JIAaHHBIX TJIyOWHBI, TPEXMEPHBIX CKEJETHBIX JAHHBIX, JAHHBIX HEMOIBIKHBIX H300paKECHUIT
WIA CTpaTeruii, MCHONb3YIOUIMX MPOCTPAHCTBEHHO-BPEMEHHbIE TOYKM HHTEpeca. JTo
HCCIICIOBAaHHE HANpaBJICHO Ha H3YYCHHE M OLEHKY moaxomoB DL s obGHapyxeHuUs
YeJIOBEYECKOW aKTUBHOCTM Ha Buaeo. OCHOBHOE BHHMMAHHE OBLIO YIEIEHO HECKOIBKUM
CTPYKTYpaM Juisi OOHapy»KeHUs JeHCTBHH 4YeOBEKa, KOTOpble MCIONB3yloT DL B kayecTBe
CBOCH OCHOBHOI CTpaTeruy. B 3aBHCHMMOCTH OT IPHIIOKEHHUS, BKITIOYast MICHTU(DUKALMIO JIUII,
UACHTUDUKALUIO SMOIMH, HACHTHOUKALMIO JACHCTBUH W HMICHTH()UKALMIO aHOMANWA,
MIPOTHO3bI MOSIBJICHHUS JIIOACH pa3/elieHbl Ha YEThIpe pa3iMyHble NoAKaTeropuu. B aureparype
OBLIO IPOBEIEGHO HECKOJIBKO HCCIEAOBAHMI, OCHOBAaHHBIX Ha JTHX PAaCIO3HABAHUSAX VIS
MIPOTHO3UPOBAHUS TOBEICHHS U AKTHBHOCTH YEJIOBEKA B MPUIIOKECHUSX BHICOHAOTIOJCHUSL.
CpaBHHUBAETCsI COBPEMEHHOE COCTOSHHE MeTO0B DL 1S YeThlpex pa3inyHbIX MPHIIOKEHUI.
B oT0if crathe TaKKe NPEICTABICHBI OOJACTH IPUMEHEHHS, Hay4dHble IPOOJIEMBI
U MIOTEHLIMAJIbHBIC 11U B 00JIACTU PAaCIO3HABAHMS YEIOBEYECKOTrO MOBEACHHUS M aKTHBHOCTU
Ha ocHoBe DL.

KiroueBble cJI0Ba: paclio3HaBaHUE JIML, pAcloO3HaBaHME SMOLMH, pacro3HaBaHUE
JefCcTBUM, pacno3HaBaHue aHoManui, DL, pacrno3HaBaHHe ueIOBEYECKOrO MOBEICHUS
1 aKTHBHOCTH /0OHapy KeHHeE.
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YK 004.912 DOI 10.15622/ia.23.2.6

J.JO. KPABUEHKO, FO.A. KPABUEHKO, A. MAHCYP, 2)K. MOXAMMA/I,
H.C. T1ABJIOB
AJITOPUTM ONITUMU3AIINU U3BJTEUEHUSA KJIIOUYEBBIX
CJIOB HA OCHOBE ITIPUMEHEHMUSI TUHI'BUCTHYECKOI'O
IMAPCEPA

Kpasuenxo J[10., Kpaguenxo FO.A., Mancyp A., Moxammao K., Ilasenos H.C. Anropurm
ONTHMH3ANNH W3BJeYeHUs KIIUEBbIX CJI0B HA OCHOBE NMPHUMEHEHNs JUHIBHCTHYECKOT0
napcepa.

AHHOTamMsi. B  JaHHOH cTaThe TPEACTABICHO AHAJIMTUYECKOE HCCIICIOBAHHE
0COOCHHOCTEH ABYX THIIOB MApCHHra, a MMEHHO CHHTAKCHYCCKHIl aHAIM3 COCTAaBIISIOLINX
(constituency parsing) ¥ CHHTaKCHYeCKHil aHanu3 3aBucuMocteii (dependency parsing). Taxoke
B paMKax IpPOBEIEHHOIO HCCIEIOBAHUSA Pa3pabOTaH alrOPUTM ONTHMHU3ALMH H3BICYCHUS
KJIIOYEBBIX CJIOB, OTJIMYAMOIIMIICS HPHUMEHCHHEM (GYHKIMM H3BICYCHUS HMEHHBIX (pas,
NPEeOCTaBISIEMON MapcepoM, Tl (pUIbTPALUK HEMOAXOAAIIHX (pa3. AITOPUTM pean30BaH ¢
momouiplo Tpex pasHbix mapcepoB: SpaCy, AllenNLP wu Stazna. 3OddextuBHocTs
MIPEATIOKEHHOTO alrOpUTMa CpaBHUBANACH C ByMs momyisipHeiMu Metonamu (Yake, Rake) Ha
Habope IaHHBIX C AQHDIMACKMMH TEKCTaMH. Pe3ynpTaTbl IKCHEPUMEHTOB IOKAa3alid, 4YTO
NIPEIUIOKEHHBIA anroput™ ¢ mapcepoM SpaCy HNpeBOCXOIUT APYTHE alrOPUTMBI M3BJICYCHHS
KJIIOUEBBIX CJIOB C TOYKH 3pEHHs TOYHOCTH M ckopoctH. J[ns mapcepa AllenNLP u Stanza
AITOPUTM TaK K€ OTJIMYACTCS TOYHOCTBIO, HO TpebyeT ropasmo OONBLIEro BPEMEHU
BEINIOJIHEHHUS. [loTydeHHble pe3yabTaThl MO3BOILIIOT OoJiee IEeTaIbHO OLCHHTH IPEHMYIECTBA
U HEJOCTaTKH M3Y4aeMbIX B paboTe [apcepoB, a TAKIKE ONPEACINT HaPABICHNS AAIbHEHIINX
uccnenoBanuit. Bpemst pa6otsl mapcepa SpaCy 3HaYMTENbHO MEHBIIE, YEM Y IBYX IPYTUX
IapcepoB, IOTOMY YTO IIapcepbl, KOTOPBIE HCIONB3YIOT IIEPEXOABI, IPUMEHSIOT
JICTEPMUHUPOBAHHBIA WM MAIIMHHO-00y4aeMblii HaOOp JAeHCTBMH JUIi  [OLIArOBOTO
MOCTPOEHUsI JepeBa 3aBUcHMMOCTEeH. OHM OOBIYHO paboTaloT OblcTpee M TPeOYIOT MEHbIle
IaMsATH 110 CPAaBHEHHIO C IapcepaMyl, OCHOBAaHHBIMH Ha rpadax, 4To Jenaer uUX Ooiee
a¢dexTuBHBIMA ISl aHanu3a Oojpmux oobeMoB Tekcra. C apyroit croponsi, AllenNLP u
Stanza UCTIONB3YIOT MOJEIH MAPCHHIA HAa OCHOBE rpa)oB, KOTOPBIC OMUPAIOTCS Ha MUJLUIMOHBI
MIPU3HAKOB, YTO OTPAaHIYMBAET UX CIIOCOOHOCTH K OOOOIICHUIO U 3aMeUIsIeT CKOPOCTh aHAIIH3a
[0 CPaBHEHHIO C IMapcepaMH Ha OCHOBE IEPEXOIOB. 3ajaua JOCTIDKCHHS OanaHca MEXIy
TOYHOCTBIO M CKOPOCTBIO JITHI'BUCTUYECKOTO Mapcepa SBJIAeTCs OTKPHITON TeMOM, TpeOyroei
JaNbHEHINX HCCIIENOBAaHUH B CBSI3M C BAXHOCTBIO JAHHOW IPOOIEMBI JUISL ITOBBIIICHUS
3 (heKTUBHOCTH TEKCTOBOTO aHaIN3a, OCOOCHHO B HPUIIOKCHUSX, TPEOYIOIINX TOYHOCTH MPH
pabore B peanbHOM MaciuTade BpeMeHH. C 3TOH 1Iebl0 aBTOPHI IJIAHUPYIOT MPOBEICHUE
JTaNbHEHITHX MCCIeI0BaHNI BO3MOXHBIX PELICHHUIT JUTS TOCTIDKEHHS TaKOro OanaHca.

KiroueBble ¢j10Ba: CUHTAaKCHUYECKHMI aHAINW3 COCTABJIAIONIMX, CUHTAKCHYECKHMI aHamu3
3aBUCHMOCTEH, U3BJICUCHUE KIIFOYEBBIX CJIOB, 00paboTKa ecrecTBeHHOro s3bika, NLP, SpaCy,
Stanza, AllenNLP.

1. BBenenune. B muHAMUYHOM Mupe OOpPabOTKH E€CTECTBEHHOTO
s3pika  (Natural Language Processing, NLP) cuHTakcndeckwii aHamm3
(mapcuHT) WrpaeT KIIOYEBYI0 pPOJIb B PAcKPBITHH  CIOXKHOCTEH
€CTEeCTBEHHOTO s3bIka. Kak OCHOBa K MOHHUMAHHIO CTPYKTYPBI M CMBICIA
NpeAIOKEHUH, Mapcepbl  CIyKaT HE3aMEHUMBIMH  HHCTPYMEHTaMu
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B pa3nuuHbIX 3agadax NLP, mo3Bonss MammHaM  BOCHPUHUMATh
n o0pabaThiBaTh ©CTECTBEHHBIM S3BIK C 0oJiee BBICOKOW TOYHOCTHIO
n 3¢ dexkTuBHOCTRIO. OT aHaNMM3a HACTPOSHWH 10 MaNIMHHOTO TIepeBOa,
a TaKKe IS CHCTEM BOIPOCOB M OTBETOB, Mapcephl MIPAOT KIFOYECBYIO
pOIH B TIpeoOpa3oBaHUH MPEIIOKCHUN B CHHTAKCHIECKIE CTPYKTYPHI, YTO
B CBOIO ouepenp obnerdaer 0ojee TOYHYI0O M KOHTEKCTHO 3HAYUMYIO
00paboTKy s3bIka. Pa30uBas mpeIOKEHWs Ha TOHSATHBIC EAWHHIIBI,
napcepsl co3JaroT (GyHIaMeHT Ul MallWHHOTO ITOHUMAaHUSl CEMaHTHKU U
B3aUMOCBSI3eld MEXIY CIIOBaMH, Jejias BO3MOXHBIM JOCTHIXKEHHE OoJee
CIOXKHBIX M TOHKHX pE3yJbTaTOB B pPa3lIMYHBIX MNpuioxeHusx [l —3],
MO3TOMY CO30aHUe IPPEKMUBHBIX MEKCHOBbIX NAPCEPOB SGISETCS BeCbMA
aKmyanvbHoU Hay4Hou npooaemoll 8 Hacmosujee 8pems..

OCHOBHBIE TOAXOABI K CHHTaKCHYECKOMY IApPCHHTY BKIIFOYAIOT
CHHTAKCHYCCKHH  aHalW3  COCTaBIIIOMMX  (constituency — parsing)
U CHHTaKCHYECKUH aHanm3 3aBucuMocTeit (dependency parsing).

Anamms COCTaBJISFOIIIX u 3aBHCHMOCTEH - 3TO
B3aMMOJIOTIOJIHSIONIME TOAXOJBI, KOTOPBIC HAmpaBlieHBl Ha aHaJN3
CHHTAKCHYECKOH CTPYKTYpBl TMPEUIOKEHUH. OTH METOABl aHaln3a
NPEJOCTABIISIIOT  LEHHBIE CBEACHHS O TIpaMMaTH4YeCKOW CTPYKType
Y CEMaHTHUYECKUX OTHOIIEHUSX B MpeaiokeHuu [3].

AHanM3  COCTaBJIAIOUIMX  COCPENOTOYEH  Ha  ONpelesieHHH
KOHCTHTYEHTOB, KOTOpPBIE SBIISIOTCS TPYNIaMU CJIOB, BBITOJIHSIIOIUMA
eIMHYI0 (YHKIUIO B TPEUIOKEHHH. ITH KOHCTUTYEHTBHI MOTYT OBIThH
¢dpazamu, TakuMu Kak UMeHHBIE (Ppa3sl (NP) wmu rmaromsabie ¢passl (VP),
WK Jaxe Ooyiee KPYIHBIMH CIWHUIIAMH, TaKUMH KaK MPEIIOKCHHUS.
AHanu3  COCTaBJIAIOIIMX  NPEJACTABIIET  HEPApXUUECKYI0  CXEMY
NPEATIOKEHHS C HMCIOJIb30BaHUEM JPEBOBUIHON CTPYKTYpBI, Ha3bIBaeMOU
JlepeBOM paz0opa WM CHHTaKCH4YecKuM jaepeBoM. C Ipyrod CTOPOHBI,
aHaJIM3 3aBUCHMOCTEH COCPEeJOTOYEH Ha OTHOLICHHSX MEXIY OTICIbHBIMU
cinoBaMu B TpemnoxeHud. OH TPEACTaBISET 3TH OTHOIICHHS B BHUAC
HaTIpaBJICHHBIX CBS3€H WJINM 3aBHCHMOCTEH, I/ie KaKIOoe CIOBO CBSI3aHO CO
CBOWM CHHTAKCHYECKHMM KOPHEBBIM HIIM YIIPABISIOMIAM CIOBOM. AHAIN3
3aBHCHUMOCTEH oOecrieunBaeT Oosee JMHEHHOE MPENCTaBICHUE CTPYKTYPHI
MIPEUIOKEHUSI, aKIIEHTUPYs] BHUMAaHWE HA 3aBHCHMOCTSIX MEXAY CIOBaMH,
a He Ha MepapXU4ecKoil opraHn3aluil KOHCTHTYEHTOB [4].

OnHUM W3 M3BECTHBIX aJTOPUTMOB B KOHCTHTYEHTHOM aHAJIN3e
spistrorest anroput™ CYK (Cocke-Younger-Kasami). DToT kiaccuueckuii
aNropuT™M pa3bopa, OCHOBaHHBIA Ha JAMHAMHUYECKOM IPOrpaMMHUPOBAHUH,
3¢ (GEKTHBHO CTPOHUT JACPEBO pa3dopa, pa3dmBas MPEIUIOKEHUS Ha Oojee
MEJIKHE KOHCTUTYSHTBl C HCIIOJIb30BaHUEM KOHTEKCTHO-CBOOOIHON
rpaMMaTHku. Tak »Ke HU3BECTEH alrOpuTM OpiH, KOTOPBIH CHOCOOEH
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00pabaTpIBaTh HEOJNHO3HAYHBIE TPAMMATHKH W pPa3OUpaTh MPEIIONKCHHS
C MCIOJIb30BAHUEM IIPEJICKA3BIBAIOMIETO CBEPXY-BHH3 UM CHHU3Y-BBEPX
MI0JTX0/1a, YTO MPUBOIUT K OoJiee HaIeKHOMY TIporieccy pasbopa [3].

C gpyroif  CTOpPOHBI, TOMYJISPHBIM  aNTOPUTMOM  aHAIN3a
3aBHCHUMOCTEH siBisieTcst anroputM Arc-Eager. OT1o anroputMm pasbopa Ha
ocHoBe mepexonoB  (Transition-based), KoTOpeIii  mpencka3biBaeT
MIOCJIEIOBATENILHOCTh JEWCTBUH ISl TIOCTPOCHUSI JEpeBa 3aBUCHMOCTEH,
3G PEeKTUBHO OTOOpakasi OTHOIICHUSI MEXIYy KOPHEBBIMH M 3aBHCHMBIMHU
CJIOBaMHU. prFI/IM MOAXO0JA0OM Ha OCHOBE IMEPCXOJ0B ABJILACTCA aJITOPUTM
Arc-Standard, KOTOpBIif ~ CTPOMT  JiepeBbsl  3aBHCUMOCTEH,  CBOAS
MpeUI0KEeHNE K OJTHOKOPEHHOMY JIEPEBY € IIOMOIIBIO CepUH JeHcTBuil [5].

IMocnennue uccnenoBanusi B obisactd 00pabOTKU €CTECTBEHHOTO
SA3bIKa OTKPBUIM MOTEHIMAN TIJMyOOKOro oOydeHHs IS TIOBBIICHUSA
3(Q(PEKTUBHOCTH  CHHTAKCHYECKOTO  aHanmmM3a  3aBUCHUMOCTed  [5, 6].
Hcnonb3yss apXUTEKTypbl HEHPOHHBIX ceTeii W OOIMUpHBIE O00BEMBI
pa3MedYEeHHBIX JaHHbIX, ITAPCEPhl HA OCHOBE TIIyOOKOTO 00Yy4eHHs JOCTUTIIH
3HAQUUTEJIBHOTO YJYYIICHHS TOYHOCTH W 3¢ dekTnBHOCTH. CyIIecTBYIOT
TEXHHUKH, BKJIIOYas IApCHHI Ha OCHOBE IIEPEXOJ0B C HCIOJIB30BAHUEM
HEHPOHHBIX ceTell [5], KOTophIe yIydIIaroT TPaaAUIIHOHHBIE TapCepPhl MyTeM
MHTETpAllil HEHPOHHBIX ceTed g Ooyiee TOYHOTO  YJNABIMBAHUSA
KOHTEKCTYyaJIbHBIX 0COOEHHOCTEH U 3aBUCUMOCTEH.

B [6] ucnone3yror rpadoBsie HelipoHHble ceTu (graph-based) mis
BBITIOJIHEHHS CHUHTaKCHYECKOTO aHajiu3a 3aBUCHMOCTEH, YTO I03BOJISIET
O6omee  3pQexTHBHO  00pabaThIBaTH  HESIBHBIC ~ 3aBUCHMOCTH U
CHUHTaKCHYECKUE CTPYKTYPBI.

bbuo  ycraHOBNEHO, 4YTO TIIYyOOKO KOHTEKCTYaJM3MPOBaHHBIE
NIPE/ICTABIICHUS CJIOB OKa3bIBAIOT €Ile OOJIBIINI MONIOKUTENbHBIN dddekT
Ha transition-based mapcusr, yem graph-based mapcunr [7]. Uadopmanus o
CHUHTaKCHYECKOH CTPYKTYpE, coeprkarasics B riryooKo
KOHTEKCTYyaJIM3UPOBAHHBIX TPEICTABICHHUAX CJIOB, IIOMOIaeT CMSAIIHUTh
TJIaBHBI HENOCTAaTOK transition-based anropuTMOB B BHAE OMHMOOK TPH
00paboTke JUTHHHBIX TIPETIOKEHUH. Mopenu TIIyOOKO
KOHTEKCTyaJIM3UPOBAHHBIX TpencTaBiennid ciioB ELMo [2] u BERT [1]
MO3BOJIMIIM 3HAYUTENBHO YIYUIIUTh PE3yNbTaThl Ui 000MX alrOpUTMOB
mapcuHra, IpudeM s transition-based mapcuwHra yirydineHne okas3aloch
OoJiee 3HAUNMBIM.

Transition-based u graph-based TOJIXO/IbI oOnanator
B3aUMO/IOTIOJHSIONIMMH TIPEUMYIIECTBAMH U HeJocTaTKkaMu. HecMmoTpst Ha
TO, 4TO transition-based u graph-based mapcepbl HMOKa3BIBAIOT MPUMEPHO
pPaBHYIO TOYHOCTb, OHM COBEpIIAIOT OMIMOKHM paszHoro popa. Transition-
based mapcepbl uyamie OMmMMOAIOTCS B JJIMHHBIX  IPEIJIOKCHHAX,
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3aBHCHUMOCTSIX OKOJIO KOPHS JepeBa, 3aBHCUMOCTSIX C TJIar0JIOM M COI03aMH,
a TaKKe B OINpeNeleHHH KOPHEBOTO CJOBa. JTO CBS3aHO C JKaJHBIM
QNTOPUTMOM, TIe OImMOKa B OJHOM 3aBHCHMOCTH MOXXET TIPHBECTH
K KaCKaJHBIM OIMMOKaM B JAPYTHX 3aBUCHMOCTAX. C Ipyrodl CTOPOHBI,
graph-based mapcepsl Wame JONMYCKAalOT OMMOKA B  KOPOTKHX
MIPEUIOKEHIUSIX, 3aBHCUMOCTSX C CYIIECTBUTEIHHBIMH U MECTOMMCHUSIMH,
aTaKke B 3aBUCUMOCTSAX BOJM3M JIMCTBEB JepeBa. OJTO CBjI3aHO C
OrpaHMYCHHBIM Ha0OpOM Npu3HaKoB. TakuM 00pazoM, 00a MOJaX0a UMEIOT
CBOM MPEUMYIIECTBA  HEAOCTATKH, KOTOPBIE AOMOIHSIOT APYT IpyTa.

YToObl OATBEPANTH HAOJIONEHHS, YIIOMSHYTHIE BBIIIE, U C LEJIbIO
BBIACHEHUS Pa3IUUMi MEXAy OTHMH JBYMS THUIaMH JIMHTBUCTHYECKUX
aHATU3aTOPOB M M3YYEHHUS UX BIMSIHHUA Ha INPOU3BOJAUTENHBHOCTE U
CKOpPOCTb 3aj[ay aHAJIH3a TEKCTa, B JNAHHOM HCCICIOBAHUU TIPEICTABICHO
QHAINTHYECKOE CPAaBHEHHE HECKONBKUX HW3BECTHBIX JIMHTBUCTHYCCKIIX
aHANIM3aTOPOB, KAXKIOBIH M3 KOTOPHIX TPHHAIUICKHUT K PA3TUIHBIM
momxonaMm: SpaCy [8], oCHOBaHHBIN Ha Mepexoaax (aHaIu3 3aBUCHMOCTEH),
n Stanza [9] (amamu3 3aBucumocted) u  AllenNLP [10] (anayims
COCTaBIIIOIINX), OCHOBaHHBIE Ha Tpadax. OIeHeHa CKOPOCTh KaXKIOTro
rapcepa Ipu aHalin3e JUIMHHBIX TEeKCTOB U KOPOTKUX npejioxxeHuil. Takxke
n3ydaeTcs BIMSHUE MCIOJIB30BAHMA KaXKJOTO M3 3THUX MapCcepoB HA 3a/ady
W3BJICUCHUS KIIIOYEBBIX (hpa3, rae pa3pabaTeiBaeTCsl aNrOpUTM Ui
W3BJICUCHUS KITIOUEBBIX (pa3, HCHONB3YIOMMHA BO3MOXKHOCTH  3THX
TEXHOJIOTHHT AJIs OTIPeIeSICHNs] IMEHHBIX (h)pa3 B TEKCTE.

2. CHHTaKCHYeCKHH MapCHHI CcOCTABAAOMMX. CHHTaKCHYECKUH
aHallM3 COCTABILIONIMX 3aKIIOYaeTCs B Pa3OMCHHH MPEIUIOKCHUS Ha
cocTaBHBIe HacTu (oTHenbHBIE cioBa). Haumbomee pacnpocTpaHeHHON
MOJIENBIO, OMHUCHIBAIOILEH COCTABHYIO CTPYKTYpPY NpPEIOKEHUs, SBISIETCS
KOHTEKCTHO-CBOOOIHAst TpaMMaruka (context-free grammar).

KoHTekcTHO-cBOOOIHAs TpaMMaruka IpeicTaBisieT coboil Habop
MIPaBUJ, KOTOPBIA OMPEAesieT CIIOCOOBI TPYIIHPOBKH U YIIOPSIOYHBAHUS
cnoB. Ona momydmwsia CBOE€ Ha3BaHHWE MO TPHUYMHE TOTO, YTO BCE
MTOPOYKIAIONIHE TPaBUIa B TPAMMATHKE MOTYT IPAMEHATHCS HE3aBUCHMO OT
KOHTEKCTAa — OHM HE 3aBHCAT OT KaKUX-JINOO APYTHX S3BIKOBBIX €IMHHIIL,
KOTOPBIE MOTYT WJIM HE MOTYT OBITH BOKPYT JaHHOU SI3BIKOBOW €IMHMIIBI,
K KOTOPO# MIPHMEHSETCSI TPABHIIO.

Hanpumep, mpaBuia KOHTEKCTHO-CBOOOJHOW TpPaMMaTUKH MOTYT
OBITh MPECTaBIEHBI CIEAYIOIUM 00pa3oM:

Nominal — Noun | Nominal Noun, €8
NP — Det Nominal, 2
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NP — Proper Noun. 3)

Nmennas rpynma (Noun Phrase mim NP) moxer ObITh cocTaBieHa
6o u3 omnpexesitomiero ciosa (determiner wim det) u ciexyromero 3a
HUM OJHOTO WJIM HECKOJBKUX CyIIecTBUTENBHBIX (Nominal), 9T0 oTpaskeHO
B BBIpaXeHHH 2, 1mb0 w3 wuMmeHH cobctBeHHoro (Proper Noun) —
B BBIPAKEHUU 3.

KonrtekctHo-cBOOOMHAsT TpamMMaTHKa oONajaeT HUepapXHIecKon
CTPYKTYpO#l, TO €CThb MNpaBmia MOTYT OBITb BIJIOKEHBI APYr B JIpyra.
Hanpumep, B mpaBuiio 2 MOXKET OBITH BJIOKEHO CIEAYIONIEE IPaBHIIO:

Det - a, “)
Det - an, (5)
Det - the, (6)

Noun — cat. @)

B KOHTEKCTHO-CBOOOIHOW TpaMMAaTHKE HCIIOIb3YIOTCS CHMBOJIBI
JIByX  KiaccoB. TepMmMuHanIbHBIC  CHUMBOJBI  (terminal — symbols)
COOTBETCTBYIOT cioBaMm (“a”, “good”, “dog” W T.1.) U HE MOTYyT OBITh
pasJiesieHbl Ha MEHbIIHE 3JIeMEHThl. BMecTe OHU COCTABIISIIOT JIEKCUKOH MIIH
cnoBapb s3blka. HerepmuHaibHBIE CcHMBOJBI  (non-terminal symbols)
MPE/CTABISIFOT COOOM TPYNIbI MM KaTerOpUM TEPMHHAIBHBIX CHMBOJIOB,
TaKUX KakK MpeJUIoKHbIe Tpynibl (prepositional phrases), UMeHHbIE TPYIITBI
(noun phrases), rmaronapHble Tpymibl (verb phrases) u T.1. Takue cHMBOIBI
MOTYT OBITH Pa3JIOKEHBI Ha MEHBIINE SJIEMEHTHI, BKIIIOUasi TEPMHUHAIbHBIC
CHUMBOJIBI W JIpyrMe HETepMHHAJIbHbIE CHMBOJBL. Takum oOpazom,
KOHTEKCTHO-CBOOO/IHAasE TpaMMaThKa HpeACTaBIsieT co0oH TreHepaTop,
npeoOpa3ylomuii HeTepMUHAIBHBIE CUMBOJIBI B CTPOKY CHIMBOJIOB.

CHHTaKCHYECKHH aHallM3 COCTABJISIIOLIMX MOXET ObITh MPE/CTaBICH
B BHJIE JiepeBa (PUCYHOK 1).
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Sentence (S)
NP VP
/ \
Noun Verb NP
Cats love Noun
fish

Puc. 1. CuHTaKcHYecKHii aHAIU3 COCTABIAIOIIUX B BUE JepeBa

CoBpeMeHHbIe TOIXOABl KOHBEPTHUPYIOT HEepeBO B JIMHEHHYIO
¢dopMmy, 4TOOBI clenaTh BO3MOXHBIM INPHUMEHEHHE sequence-to-sequence
Mojieneii [4]. B nuHEeHOM BHJE IEPEBO BRIMIISIIUT CIIEIYIOIUM 00pa3oM:

(s (NP N)(VP VNP N)) ). ®)

Jlns  TpuUMEHEHHS ~— aJTOPUTMOB  TAPCHHTa  COCTaBIISAIOIIAS
KOHTEKCTHO-CBOOOIHOI TpaMMaTWKM JOJDKHA OBITh INpHUBEACHA K
HOpMansHOH hopme Xomckoro. B HopManpHOH opme XOMCKOTO TIpaBMia
rpaMMaTHKN MOTYT IPUHUMATh JIBE CJIEAYIOLIHE (OPMBI:

1. A— BC,tne A, Bu C— HerepMHHAIBHBIE CHMBOJIEI,

2. A — a, rne A — HeTepMHUHAIBHBIA CUMBOJI, @ — TEPMHUHAIBHBINA
CHUMBOIL.

BBugy [naHHBIX TpaBWi, JEpeBbs, IIOCTPOCHHBIE W3 IIPaBUII
HOpManbHOH (hopmbl XoMcKoro, OynyTt 6uHapHbIMH. [loTepu nHpOpMarm
IIPY Mepexo/ie K HopManbHOH GopMe XOMCKOTO He IIPOUCXOIMNT.

JIrobast KOHTEKCTHO-CBOOOIHASI TPAMMATHKA MOXKET OBITh TIPUBECHA
K HOopMaspHOU (opme Xomckoro. Ecmu mpaBmio KOHTEKCTHO-CBOOOTHOMH
rpaMMaTHKU COJIEPKUT C NPABOM CTOPOHBI OJIMH HETEPMUHAIBHBIA CUMBOJI
U OAMH TEepMUHANbHBIM, Hanpumep, npasuino INF-VP — to VP
(VvHQUHUTHBHAS TpyIna — to rJarojbHas rPyIIa) MOXKET ObITh IPUBEICHO
K HopMasbHOM (opme XoMmMcKoro IyreM mo0aBieHHS  HOBOTO
HETePMHUHAIBHOTO cuMBOJa. Torma mpaBmwio INF-VP — to VP Oymer
3ameHeHo Ha 2 mpaBuia: INF-VP — TO VP u TO — to.
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Ecnmun mpaBmino KOHTEKCTHO-CBOOOJHOM TI'pPaMMATHKH COAEPKHUT
BIpPaBOil dacTW TMpaBWiIa OAWH HETCPMHHAIBHBII CHMBOJI, TO OHO
npeoOpa3yeTcs B MPaBWIO C OJHUM TEPMHHAIBHBIM CHMBOJIOM B IIPaBOH
gacTu mnpaBwia. Hampumep, Habop mpaBun A — B, B — C, C — to
mpeobpasyercss B A — to, ycTpaHsAsi TEM CaMbBIM H30BITOYHOCTH
nHpOpPMALINH.

Ecnmu B mpaBoit wactu mpaBwia Oosiee 2 CHMBOJOB, TO OHO
npeoOpa3yeTcss IMyTeM BBEACHHS HOBOI'O HETEPMUHAJIBHOTO CHMBOJIA.
Hampumep, npasuio A — B C a, rne A, B, C — TepMUHaiIbHBIE CHMBOJIBI,
a — HeTepMUHAIIbHBIHN, 3aMeHseTcs Ha 2 nmpaBmwia: A — X1 u X1 — B C.

3. CuHTrakcuveckuii mnapcuHr 3asucumocTteii. Ecium mapcunr
COCTaBJISIOLINX OCHOBBIBA€TCA Ha KOHTEKCTHO-CBOOOJHON rpaMMaTuKe, TO
MIApCUHT 3aBHCHUMOCTEH — Ha Tpammaruke 3aBucumocteil (dependency
grammar). ['paMMaTHKa 3aBHCHMOCTEH MPEACTABISIET CHHTAKCHYECKYIO
CTPYKTYpPY MPEATI0KEHHS Kak COBOKYIIHOCTh HarnpaBICHHBIX
rpaMMaTHYIECKUX 3aBHCHMOCTEl Mexay clioBamMH. B mpemnoxeHun
BBIJICIISIOTCS. TJIaBHBIE W 3aBUCHMBIE cioBa. OIHO W TO )K€ CIIOBO
B IIPEIUIOKEHUH MOJKET OBITH TJIABHBIM 110 OTHOIICHHIO K OJHOMY CJOBY
1 3aBUCHMBIM TI0 OTHOWICHWIO K JpyroMmy. KOpHEBBIM  CIOBOM
B IIPEJIOKEHUH, KOTOPOE HE SIBISETCS 3aBHCHMBIM IO OTHOLICHHMIO HU K
OHOMY JPYIOMY CIIOBY, SBISIETCA MpPEIUKaT, B POJIH KOTOPOTO, Kak
MIPaBUJIO, BhICTymaeT ryaroyi. Ha pucyHKe 2 oTpakeHa CHHTaKCHYECKas
CTPYKTYpa, IPEJIOKEHUS B COOTBETCTBHM C TPaMMaTHKON 3aBHCHUMOCTEH,
TJIe CTPEJIKN HAIPaBJICHbI OT TJIABHBIX CIIOB K 3aBUCHMBIM.

Puc. 2. Cuntakcuueckas CTpyKTypa IIPEIJIOKEHUS B COOTBETCTBUHU C TPAaMMaTHUKOM
3aBHCUMOCTEH

B ¢dopme cHHTaKCHYECKOro [AepeBa JAHHOE MPEIIOKCHHE MOXKET
OBITh MPEJCTABICHO CIIEAYIOINM 00pa3oM (PUCYHOK 3).
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ordered
‘______-—-'
r
She pizza
X L4 ™

the large cheese

5
with extra

Puc. 3. [Ipemnoxenue B hopMe CHHTAKCHYECKOTO IepeBa

JlepeBo 3aBUCHMOCTEH IpeAcTaBisieT cOOOH OpPHEHTHPOBAHHBIN
rpad, yIOBIETBOPSIOMINI CIEAYIOIUM OTPAaHUICHHUSIM:

1.  CymecTByeT eIMHCTBEHHBIN OIpEeIeHHBIN KOPHEBOH y3e, y
KOTOPOTO HET BXOASAIINX IYT.

2. 3a HWCKIIOYEHHEM KOPHEBOTO Y374, KaKAas BEpIIMHA HMeEeT
POBHO OJIHY BXOASIIYIO JYTY.

3. CymecTByeT YHHKaJIBHBIH IIyTh OT KOPHEBOTO y3JIa O KaKIOH
BEPLIMHBI B IEPEBE 3aBUCUMOCTEH.

Takue orpaHuueHuss 00ecCNeYMBAIOT  CBA3HOCTb  CTPYKTYpPHI
3aBUCHMOCTEH, TJ€ Y KaXJOro cjoBa He Oojiee OJHOT0 IJIABHOTO CJIOBA
U CYIIECTBYET YHHMKAIbHBIM IyTh M3 KOPHEBOIO y3Jla K KaXAOMY CIIOBY
B IIPEUIOKEHHH.

3.1. Anzopummsl CUHIMAKCUYECKO20 RAPCUHZA 3A8UCUMOCHIEN.
OCHOBHBIMHU aJTOPUTMAaMHM MapCHHIa 3aBUCHMOCTEH sBIsIOTCS Transition-
Based Dependency Parsing u Graph-Based Dependency Parsing.

Transition-Based Dependency Parsing ocHoBaH Ha Mexanu3Mme shift-
reduce. Amroputm Ol Tpemmtoxkern Smama w Matmymoro [11] u
Hugpe [12] Ha ocHOBe history-based parsing [13] u data-driven shift-reduce
parsing [14]. Wges anroputMa 3aKIrO4acTCs B CBEACHUH 3a1a4H MAPCHUHTa K
MOLIIArOBOMY IIPOTHO3MPOBAHUIO HAJMYUSA WM OTCYTCTBUS 3aBHCHMOCTHU
MEXIy IBYMs CJIOBaMH B TIPEAJIOKCHHHM U HANpPaBICHHUS BBIIBICHHON
3aBucuMOCTH. [lapcep cocTout u3 6ydepa BXOIHBIX TOKEHOB (CJIOB), CTEKa,
MpeauKTOpa M Habopa OIpeneNeHHbIX 3aBUCHMOCTeH. B mepBoHauanpHON
KoH(puryparuu 0ydep BXOAHBIX TOKEHOB COCTOUT U3 CJIOB MPEIOKESHUS B
MOpsIKE, B KOTOPOM OHHM pAacHOJIOKEHBl B IIPEUIOKEHHH, Habop
OTIpeJIeTIeHHBIX 3aBUCUMOCTEH IIyCT, CTEK COCTOUT M3 OJHOTO CIy>KeOHOTO
anmemenTa ROOT. Ilapcep oOpaGarbiBaeT NpesioKEHHE CiieBa HAIpaso,
MIOCJIC/IOBATENILHO CABHIasl 3JeMEHTH U3 Oydepa B cTek. Ha xakpom miare
NPEANKTOP OTIpAaBIseT OAWH TOKEH u3 Oydepa B CTEK, aHAIM3UPYET /Ba
BEPXHUX 3JIEMEHTA B CTEKE U IPUHUMAET OJJHO U3 CIETYIOIINX PEIICHHH:
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—  Ha3HAYUTH IIEPBOE CIOBO B CTEKE IVIABHBIM II0 OTHOIICHHIO KO
BTOpOMY (JIeBasi IyTa) U yJAINTh BTOPOE CIOBO U3 CTEKa;

— ecoM I BEPXHETO CIIOBA B CTEKE YK€ HA3HAUCHBI BCe
3aBUCHMBIC CJIOBA, TOT/la HA3HAYUTHh BTOPOE CIOBO B CTEKE ITABHBIM IIO
OTHOIIECHHIO K MEPBOMY CJIOBY (IIpaBasi [yra) M yJaluTh IEPBOE CIOBO U3
CTEKa,;

—  OTJIOXKHUTH 00pabOTKY TEKYIIEro CJIOBa, CABUHYB €ro BHH3 IO
CTEKY.

JlononHUTENbHOE YCIOBHE AJISI BTOPOTO orepaTtopa (Tpasasi jayra)
HEO0OXO0AMMO ISl TOTO, YTOOBI CJIOBO HE OBIJIO U3BJICUYEHO U3 CTEKa JI0 TOTO,
Kak eMy OyZyT NPHUCBOEHBI BCE €r0 3aBUCHMBIE DJIEMEHTHI.

OKoHYaTEeNIbHOE CHHTAKCHUECKOE ZIepeBO OyJeT COCTaBJIEHO, KOT/a
Oydep okakeTcst MycT, a B CTEKE OCTAHETCSI TOJNBKO CITy>KCOHBIH CHMBOI
ROOT. IIpeumyiiecTBOM aaropurMa B CpPaBHEHHHU C JUHAMHUYECKHUMH
AITOPUTMAaMH  TAPCHHTA  COCTaBIIIOIIMX  SIBISCTCS €ro  JIMHEHHas
CJIOKHOCTh TI0 JJIMHE IpPEJIOKEHUs. J[aHHBIH alropuT™M MpEeACTaBIsIET
co0O0# JKagHBIM AJTOPUTM, TaK KakK NMPEJUKTOp JeJaeT OJWH BBHIOOp Ha
Ka)K[JOM 1Iare, JTaHHBIH BBHIOOpP CUMTAETCS KBAa3UONTHMAJILHBIM, ITOBTOPHO
9JIeMEHTBl He 00pabaTeIBalOTCsA, M JApPYTrHe€ BapHAHTHI IOCTPOCHUS
3aBUCHMOCTEH He paccMmarpuBaioTcsi. HeKoppekTHbI BbIOOp Ha OJHOM
mrare BeleT K IIOCTPOEHHIO ONIMOOYHOrO JiepeBa, 0e3 BO3MOXKHOCTHU
BEepHYTbCA Ha3axl M ucHpaBuTh omudbky. Kpome Toro, anropurm
BO3BpAILlaeT TOJBKO OJWH BapUaHT CHHTAKCHYECKOTO JIepeBa, B TO BpeMs
Kak, BBHAY IpOOJIEMBI BYCMBICICHHOCTH, BO3MOXXKHO Hanmuiue Oosee
OJTHOTO BapHaHTa KOPPEKTHBIX CHHTAKCHYECKHX JICPCBHEB.

[MpeankTop mapcepa MOKeT OBITH OCHOBaH Ha KiaccHU(HKaTOpe Ha
ocHoBe mnpu3HakoB (classic feature-based algorithm) wim Ha HelipoHHOM
KiaccudukaTope. ANTOPUTM Ha OCHOBE NPHU3HAKOB IOJIAraeTcs Ha Takue
NPU3HAKH, KaK (opMa CloBa, JIEeMMa, YacTh PEUH IJIABHOTO M 3aBUCHMOTO
cnoBa; ¢GopMa CcloBa, JIeMMa, YacTh PEYd Ui CJOB MEPed WM MEeXIY
IJIABHBIM M 3aBUCHMBIM CIIOBOM; TAaKKE YUUTBHIBaeTcs cocTosiHME Oydepa
BXOJIHBIX TOKEHOB, CTEKa M Ha0opa ONpeeNIeHHBIX 3aBUCUMOCTEH.

[Tpu3Haku OMpPEAENAIOTCS BPYYHYIO HIM C TOMOINBIO OOydYeHUS
knmaccudukaropa. Beibop NMpH3HAKOB BPYYHYIO HECeT B ceOe HECKOJBKO
npoOsieM. Bo-miepBEIX, CIMIIKOM GONBIIOE KOJIMYECTBO MPU3HAKOB MOXKET
NPUBECTH K NEpPeoOydYCHUIO W 3aMEJICHHUIO MOAENH. Bo-BTOpBIX, st
KOPPEKTHOTO BBIOOpa NPU3HAKOB HEOOXOIUMBI INTyOOKHE 3HaHHS B 00JIacTH
JIMHTBUCTHKH [15].

Yro kacaercs Kiaccu(uKaTopa, B MOCIEAHHE TOJABI MPOM3OILEI
mepexoJy K HEHpOHHBIM KiaccuuKaTopaMm, KOTOPBIH MpHBENT K
3HAYUTEIEHOMY TIIOBBIIICHHUIO TOYHOCTH Npeawkropa [7]. CramapTHBIH
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QITOPUTM COCTOMT B CIIEAYIOLIEM: IIPEAJIOKEHUE TPOXOAUT Yepe3 SHKOAED,
3aTeM BEKTOPHBIE NPEICTABICHUS JIBYX HEPBBIX CIOB M3 CT€Ka M IEPBOTO
cinoBa w3 Oydepa KOHKATEHHUPYIOTCI W TOJAIOTCS B HEHPOHHYIO CETh
npsMoro pacrpocrpaneHus. Kpome Toro, Obl1 pa3paboTaH HeTepIENUBBIH
(arc eager) transition-based anropuT™M, KOTOPHI HCIONB3YET IIapcep
SpaCy [5]. I'maBHBIM OTIHYHEM arc eager ajiropuTMa OT CTAHAAPTHOTO
3aKJIIOYaeTcsli B INPUMEHEHHM OIEpaTOpoB K IIEPBOMY CJOBY B CTEKe
W IIepBOMY CJIOBY B Oydepe. DTO mNO3BONSET H30aBUTHCS OT YCIIOBHS
npeaABapyUTCIbHOIO Ha3HA4YCHHUA BCCX 3aBUCHUMBIX CJIOB JId 3aBUCUMOIO
CJIOBa B OIEpaTrope «IpaBasi Jyra», Tak Kak B JIAHHOM aJITOPUTME 3TO
3aBUCHMOE CJIOBO BMECTO TOr0, YTOOBI OBITH YAQJEHHBIM OTIIPABUTHCS
B CTEK M OyJeT JOCTYITHO sl JajibHeimeld o0paboTtku. Takoe U3MeHeHNe
MO3BOJICT OBICTpee Ha3HA4YaTh 3aBHCHMOCTH CIICBa HAIpaBo (TpaBas Iyra)
U yckopsieT paboty mapcepa. s KOppeKTHOH paboThl mapcepa 100aBIeH
omeparop  «cokpamieHue/reducey», HEOOXOAMMBIH Uil  3aBEpIUCHUS
NPOLEAYPHI TAPCHHTA B CIydae, CIIM BXOIHOH Oydep okazaics mycr.

JIis TOBBITIIEHUST TOYHOCTH transition-based mapcuHra OH MOXKET
OBITh  JOMONHEH  aIrOPUTMOM  Jy4deBoro momcka  (beam-search
algorithm) [2], 4ro cwmsirdaeT mnpoOIEMy IKAIHOCTH Y TaKOro THIIA
HWHCTPYMEHTOB. I/II[CH COCTOHUT B TOM, YTO BMECTO TOIO, qTOOBI BI)I6I/IpaTI)
€/IMHCTBEHHBIN OIIEpaTop Ha KaXK/IOM IIare, BHIOMPAIOTCs BCE ONepaTophl Ha
KaXXJI0M 1Iare, a 3aTé€M BCE IMOJTYYCHHBIC YaCTUYHBIC JCPEBbI OLICHUBAIOTCA
knaccupukaropoM. OlleHKa KaXIOTO CIEIYIONIero JepeBa B OJHOM
MOCIIE0BATEILHOCTH paccuuThIBaeTCS KaK cymma OLICHKH
NPeIIeCTBYIOLIEro JepeBa U OLICHKH PUMEHEHHOTO K HEMY OIeparopa:

TScore(i) = TScore(i —1) + OpScore(i—1) , )

rae TScore — onieHka nepeBa, OpScore — OIIEHKA OIlepaTopa.

KonnuecTBO  JIepeBbEB  OrPaHUYMBACTCSI  MPEIyCTAHOBICHHBIM
JMMHUTOM — IIUPUHOM Jyda. UeM mimpe Jiyd, TeM BbIlE TOYHOCTh U HUXKE
ckopocTh. Korma mmpuHa Jiyda JOCTHraeT JIMMHTA, HOBBIE AEPEBbS
JI00ABJISIFOTCSI BMECTO XYJIIINX, €CJIM OIIEHKa HOBOTO JI€PEBa BBIIIE OLEHKH
XyAmero jaepeBa B niyde. lIporiecc mapcuHra 3aBepliaeTcsi, KOTAa JIyd
CONICPXKUT  TOJNBKO  TOJIHBIC  JICPEBbS  BXOJHOTO  MPCJIOKCHHS.
CHHTaKCHYCCKUI aHANM3aTOp BBIOMpACT W3 Jy4ya JCPEBO C HAMBBICIICH
OIICHKOI W BO3BpAIllacT €ro B KaYeCTBE OKOHYATENILHOT'O BBIBOJA. TaKuM
00pa3oM, mapcepy He MPUXOTUTCS MPUHAMATh OKOHUYATCIBHBIC PELICHUS
CJIMIIKOM pPaHO, €CTb BO3MOXXHOCTbH BCPHYTHCSA Ha HaYaJbHBIC OTallbl
MOCTPOCHHS [lepeBa M HMCHPABUTh OMIMOKY, YTO 3HAYUTENHHO IMOBBINIACT
TOYHOCTB Mapcepa.
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3.2. Anzopumm napcunza 3asucumocmeii Ha ocnoge zpaga (graph-
based parsing). Jlanusiii anroputMm paspabotan MaxnoHansaoMm [16] Ha
ocHOBe paboTel DiicHepa [17]. B ormuume ot transition-based mapcunra,
MOJIaralomIerocsi Ha >KaJHBIC JIOKANbHBIE pemieHus, graph-based mapcuar
OCHOBaH Ha OIIEHKE MOJHOTO CHHTaKCHYecKoro nepeBa. Mmes graph-based
ITOPUTMAa 3aKJIIOYAeTCsl B IPEICTaBICHUHM IPOCTPAHCTBA BO3MOXKHBIX
CHUHTaKCHYECKUX JEPEBbEB B BHIE OPHEHTHPOBAHHOTO Tpada (BepuIMHaMu
KOTOPOT'O SIBJISIFOTCS CJIOBA, a HAallpaBJIEHHBIMU peOpaMyu — 3aBUCUMOCTH) U
MOUCKEe B 3TOM rpade aepeBa ¢ Hawrydmieid oueHkod. OOImas oreHka
KaXJa0Tro A€peBa BBIMUCIACTCA KaK CyMMa BECOB OTACIIbHBIX 3aBI/ICl/lM0CTeI‘/II,
U3 KOTOPBIX OHO cocTouT. B pesymprare, graph-based anropurm
paccMarpuBaeT M OLIGHUBAaeT BCE BO3MOXKHBIE 3aBHCUMOCTH B
NPEIUIOKEHHUH, YTO SBISAETCS NPEANOCHUIKON Tl GoJiee BBICOKOH TOYHOCTH
10 CpaBHEHMIO ¢ transition-based mapcuHrOM.

Takum 00pa3oM, HaXOXKICHHE HAWIYYIIECr0 JepeBa 3aBHCHMOCTEH
CBOAUTCS K HAXOXKICHHIO MAaKCHMAaJIBHOTO OCTOBHOTO JEpeBa, KOTOPOE
npencraBisier coboi moarpad ¢ MakKCHMAalbHOW CyMMOW BecoB pebep,
COZepKAIMi BCEe BEPIIMHBI HCXOJHOTO Tpada U KOPHEBYH) BEpILUHY
ROOT.

Tak ke, kaKk 1 npu transition-based napcunre, oleHKa 3aBUCUMOCTEN
W TOJHOTO JiepeBa, KaK CyMMBl OLEHOK 3aBUCHMOCTEH, MOMKeET
MPOM3BOUTHCS KIaCCU(PHUKATOPOM Ha OCHOBE MpH3HakoB (classic feature-
based algorithm) winu Ha HediponHoM Kiaccudukartope. B feature-based
aNropuTME OIIGHKa 3aBHCUMOCTH (peOpa Tpada) BEUHCIICTCS Kak
B3BEILLICHHAS CyMMa MPH3HAKOB!

N
Score(S,e) = w;fi (S, e), (10)
2

rae S — IpemIokKeHne, e — 3aBUCHMOCTE (pedpo), w — Beca, f — MpH3HAK,
N — KOJIM4eCcTBO MPU3HAKOB.

I'maBHOHM 3ajmadeil SBISETCS BBHIABICHHE PEIEBAaHTHBIX IPHU3HAKOB
1 MX KOMOWHanui. MOryT UCTONB30BaThCsl CACIYIONIUE MPU3HAKK: (popma
CJIOBa, JIEMMa, YacTh PEUYM TJABHOTO M 3aBHCHUMOIO CJIOBA; PACCTOSHUE
MEXIy TJaBHBIM M 3aBHCHMBIM CJIOBOM, HAIPaBICHHUE CBs3HM (CJicBa
HampaBo WM CIipaBa HaHeBO), BEKTOPHBIC NPEACTABJICHUSA CJIOB U T.A.
Mo cpaBHeHuto ¢ transition-based mapcunrom, mist graph-based mapcunra
BO3MOXKEH OTpPaHWYCHHBIH HAa0Op TMPH3HAKOB, TaK KaK aJrOpUTM
paccMaTpuBaeT MPHU3HAKH TOJBKO CaMOM TMaphl CIIOB (paccMaTpHUBacMBIX
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KaK TOTEHIMAbHas 3aBHCUMOCTb) W WTHOPHPYET NPHU3HAKU JPYTUX CIOB
B IIPEUIOKEHNH, YITyCKasi TEM CaMbIM INI00aTbHBIA KOHTEKCT.

Heiiporrsle xitaccmuKaTopel  MOKa3bIBAIOT  0OJiee  BBICOKYIO
TOYHOCTh. [IpennmoxeHue mogaercs B SHKOJAEP, TAE AT KaXIOrO TOKECHA
CTpouTCcs TTyOOKOE KOHTEKCTYaJH3HMPOBAaHHOE BEKTOPHOE IIPECTABIICHHE.
Psn mccnenoBaTenel yCTaHOBWIIM, YTO TakKWE IPEACTABICHUS COAEPXKAT
nH}OpMaNUIO 0 CHHTAaKCHYECKOW CTpYKType mpeanoxenus [18, 19]. 3atem
MOJTydeHHbIE IPEJCTAaBICHUSA IepeJacTcss B HEHpPOHHYIO ceTh, KOTOpas
IIPUCBAUBAET OLIEHKU KaXJIOH 3aBUCUMOCTH.

Jlo3aT 1 MOHHUHI NPENJIOKWIA apXUTEKTypy HEUPOHHOU CETH,
B KOTOPOH Hcnonb3oBaiu ouadunHoe BHuManue (biaffine attention) BMecTo
cragaapTHoro OwivHeiHoro BHuMMaHus [20]. B Takoil ceTm Ha BXOA
MOJIAIOTCS TIOCIIEI0BATEIFHOCTh TOKEHOB, KOHKATCHHPOBAHHBIX C TEraMu
HX YacTel peuu:

x; = v;(word) @ v;(tag), (11)

e x; — KOHKATCHHpOBaHHBIH Bektop, v, "%

v{*¥ _ npejicTaBIeHNe Tera 4acTH PeUN TOKEHA.
3areM OHM 00pabaTHIBAIOTCS IHKOAEPOM B BHIE MHOTOCIOHHON
JIByHAIIPaBIEHHOI ceTH J0aroi kpatkocpouHoi namstu (LSTM):

— HPEACTABICHUE TOKCHA,

r; = BiLSTM(7y, (Xq,--+, %)) (12)
rae 7, — KOHEYHOE COCTOSHME, 7y — IIEPBOHAYAIBLHOE COCTOSHHE,
(X,»..-,X,) — KOHKAaTCeHHpOBaHHbIC BekTopa. Takod sHKOAEp OTpaxkaer

IJ100abHBIH KOHTEKCT B JIOKAIBHBIX PEICTABICHUIX CIIOB, YTO PACIIHPSIET
Ha0Op NPHU3HAKOB 3a IPEAEbl HEMOCPEICTBEHHO IJIABHOTO U 3aBUCHMOIO
CJIOBa, CMATYasi TEM CaMbIM TJIaBHBIN HEOCTaTOK graph-based mapcunra.

4.TlocraHoBKa 3aJa4d U3BJI€YEHHUS KJKYEBBIX CJIOB C
NMOMOWLIbI0  mapcepa. VI3BiedYeHHWE  KIIIOYEBBIX  CJIOB  SIBISICTCS
(¢yHIaMeHTaIFHOW 3amadeil B 00paboTke ectecTBeHHOTo s3bika (Natural
Language Processing, NLP) u BkifodaeT B ce0sl BEIIBICHHE W M3BJICUCHHE
HanboJiee PeJIeBaHTHBIX M 3HAYUMBIX CJIOB WM (pa3 U3 3aJaHHOTO TEKCTA.
[Tapcepsl uWrpaloT KIIOYEBYIO pOJIb B 3TOM IpPOLECCE, aHATU3HPYS
CHUHTAKCUYECKYI0 CTPYKTYpY TEKCTa M IIOMOTas BBIABIATH KIIOYEBBIE
KOMIIOHCHTBI, TPEACTABJIAIOIINEC BAXKHBIC ITOHATHUA UJIN TEMBIL.

1.  Cummaxcuyeckuii anaiuz cmpykmypvl OJisl  U3GJEUEHUs
Ka04esblX ¢n06. Jns BBINOJHEHMS M3BJICYCHUS KIIOYEBBIX CJIOB C
UCIIONIb30BAHMEM  CHHTAKCHYECKOrO  aHaliM3a  CTPYKTYPbl,  MOXHO
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COCPEIOTOUNTHCS Ha KOHKPETHBIX CHHTAKCHYECKHX CIUHHIAX, TAKHX Kak
nMenHbie Gpassl (NPs) [21] u rmaronsabie dpas3sl (VPs). DT dpas3sl gacto
SIBIISIIOTCSL XOPOIIMMH KaHIUJATAMH HA POJb KIIOYEBBIX CJIOB, TaK Kak
0OBIYHO COAepXKaT BaXHYI HH(POpMAIHI0O O CyOBeKTe, OOBEeKTe WIN
neiictBun B mpemntokeHnH. Hampumep, paccmoTtpum mpemioxenue: "The
swift fox jumps over the lazy dog." C moMoImpi0 CHHTAKCHYECKOTO aHATN3a
CTPYKTYpPBI OYAYT BBIJEIICHBI CIICAYIOLTHE (pas3bl:

—  Hwmennste ¢ppazsr (NPs): "The swift fox", "the lazy dog";

—  I'marombnas ¢pasza (VP): "jumps over".

W3 u3BnedeHHBIX ()pa3 MOXKHO BBIIEIUTH CIEIYIOUINE KIIOUEBbIC
cnoBa: "swift fox" (Oeictpas nuca); "lazy dog" (eHmBas cobaka); "jumps
over" (mepenpbriruBaeT uepes), Kak CyIIeCTBEHHbIE KOMIOHEHTHI JaHHOTO
TIPEUTOKEHUS.

2. Cummaxcuueckuii auaau3 3agucumocmeil O U3GleYeHUs
Katoyegvlx  cnos. CHHTAaKCHMYSCKH aHAN3 3aBUCHMOCTEH IIOMOTaeT
OTIPE/ICTUTh OTHOUICHUS MEXIY CYOBEKTOM, TJIarolioM W OOBEKTOM, a
TaKkXKe [PYrHe CYIOICCTBEHHBIE CHHTAKCHYECKHE 3aBUCHUMOCTH, KOTOpEIC
BHOCAT BKJaJI B OOLIMI CMBICH TpeiioxkeHus. KiroueBbie ClioBa MOTYT
6I)ITI) HU3BJICYCHBI U3 OTUX SaBHCHMOCTeﬁ, pU4YeEM NPEATIOUYTEHUE OTHACTCA
CJIoBaM, HECYIIUM 3HAYUTENILHBIA CEMAHTHYECKHH BeCc U HUIrparommm
BaXXHBIE POJIM B CTPYKTYpe Ipeanoxenus [1].

B KkOHTeKcTe M3BJIEYEHUs KIIOUEBBIX CIOB TEKCT MpeoOpasyercs B
rpad, rie BEPIIMHBI MPEICTABISIOT COOOKW BO3MOXKHBIE KIIFOUEBBIE CIIOBA,
apebpa — WX OTHOWICHUS. B3amMOCBsI3p MeXIy KIIOYEBBIMH (pa3amu-
KaHAWOATAMA MOXET OBITh OIpeJeNicHa II0 TOMY, KaK dYacTo OHH
BCTPEYAIOTCS BMECTE MITH HACKOJIBKO CEMAHTHICCKH OJTM3KH.

[IpennonoxxuM,  9YTO  CTPOUTCS  OPUCHTUPOBAHHBIA  rpad
G = (V, E), rne — V MHOXeCTBO BeplnH, a £ — MHOXecTBO pedep. Ouenka
WJIN BXXHOCTh BEPIIMHBI OIIPEAEIIeTCs KakK:

1
S == td ), oS (13)

rne In(V;) — oto wHabop BeplIMH, KOTOpPHIC YKa3plBAlOT Ha V;,
a Out(V;) —oro HabOp BEpIIMH, HAa KOTOpbIe yKasbiBaeT V. Ilpu sToM
d — 9310 K03(h(HULMEHT 3aTyXaHUs, KOTOPBII yCTaHABJIMBAETCS B Mara3oHe
ot 0 o 1.

5. Pazpaborka ajJropuTrMa ONTUMM3ALNHU H3BJICYEHUS
KJI0UYeBbIX CJI0B Ha OCHOBe mapcepa. lcxoxas W3 NpEeANONOXKEHHS, ITO
KITFOYEBOE CIIOBO (KITIOUYEBHIE (ppa3br) OOBIYHO SBIAETCS CYIIECTBHTEIEHBIM
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WIH WMEHHOW (pa3oif, mpemnaracTcs airopuTM ONTHUME3AINNA IS
W3BJICUEHUS KITIOYEBBIX CIIOB, XapaKTEPHU3YIOMIMMHCS WCIIOIB30BaHIEM
mapcepa s QEIBTpAIMA HETOAXOAAIHNX (pa3, KOTOPHIE HE SBISIOTCS
nMeHHBIMH (¢pazamu. Llenb cocTouT B TOM, YTOOBI MPOBEPHUTH BIUSHHE
mapcepa Ha MPOU3BOIUTEIFHOCTh aJITOPUTMA N3BJICUCHHS KITFOUEBEIX CIIOB.

B coopmymmupoBaHHOM NHUCTHHTE | IMarm anroputMa OIHCAHBI
B BUJE ICEBAOKOJA. BXOAHBIMM JaHHBIMHM aNropuUTMa SIBISETCS TEKCT,
a BBIXOJIHBIMU JIaHHBIMH SIBJISIETCS OKOHYATENbHBIA CIHCOK KIIFOUEBBIX
CJIOB.

CHavyana ¢yHKUMA preprocessing o00pabaTbiBaeT TEKCT IS
yIaleHUs HEHYXHBIX CHMBOJIOB, 3HAKOB IPENHMHAHMS, CTON-CIOB U
MEPEeBOIOB TeKcTa B HIDKHHUM peructp. Ilocnme 3Toro cioBa-kaHIUAATHL,
n-rpaMMbl (IIHHOM OT 2 10 4), U3BJIEKAITCA C TOMOIIBI0 (YHKIHUU
extract_ngrams, KOTOpas TPUMCHSIET BECOBYyI0  (QyHKmuio 1F,
OTIpENICIICHHYIO TI0 CIeayromIei hopMmyie:

n

anf{’

TF = (14)

rjne n, — ooliee KOJMYECTBO n-TpaMM (C i JJIEMEHTOB) B JIOKYMEHTE,
a My — KOJIMYECTBO BXOXKJICHHH TOKEHA ¢ B JOKYMEHT.

ITocne 3TOro TEKCT HEOOXOAMMO pAa3NEeNUTh Ha NPEITI0KEHHS,
a3aTeM KaxJI0€ IPEUIOKEHHE AaHAIN3UPYETCST Ha KOMIIOHEHTHI JUIs
W3BJIeUeHUs] WUMEHHBIX (pa3 NP. J[ns 3TOoro Bech TEKCT aHAIM3HPYETCs
mmapcepoM, KOTOpBI, B CBOIO O4YEPEAb, BO3BPAIIACT MPEITOKCHHUS,
COCTABILSIIONIME TEKCT, a TAaKKE KOMIIOHEHTBI M aTpHOYTHl KaXJIOTrO
TIPEATI0KEHHS BKITIOYast IMEHHBIX (pa3s.

Hmennsle ¢pa3el B X HCXOAHOH (hopMe HE MOAXOAAT B KauecTBE
KJIFOUEBBIX CJIOB, TaK KaK OHM MOTYT COAEPXKaTh apTHKIM WIN OBITh
CJIMIIKOM JUIMHHBIMHM, TTO3TOMY OHHM 00pabaThIBAIOTCS, OINyCKash apTHUKIIH,
JUIMHHBIE ~ CJIOBOCOYETaHHMsT M (pasbl, KOTOpble HE HaYMHAIOTCS
C CYIIECTBUTEIBHOTO WIIH IIpUjIaraTeabHoro (JuctuHr 1, crpoxu 10-20).

B wurore mosrydaercs CHMCOK HMMEHHBIX ()pa3 Ha YpOBHE TEKCTa,
KOTOpBIE MCHOJIB3YIOTCS B KayecTBe (uibTpa (cTpoku 21-32 B jucTHHTE).
Ecnu xmogeBas (paza-kaHIUIAT COOTBETCTBYET OAHON M3 MMEHHBIX (pas,
oHa coxpansercs. Ecim wuMeHHas ¢pasa sBisercs dYacTbio  (hpasbl-
KaHIn/JaTa, B OKOHYATEIFHOM CHHCKE COXpaHsieTcs HMEHHas (pasa,
TIOCKOJIbKY MMEeHHas (pa3a umeeT Oosee MOJIHYIO CTPYKTYPY.
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1 BBoj TekcT

2 BriBoa crimcok kimoueBbix ppaz KWS

3 T* = preprocessing(T) //ynanenne HeHyXHBIX CHMBOJIOB, 3HAKOB
[PETHHAHMS, CTOII-CJIOB U [IEPEBOJ TEKCTA B HIKHHI PErUCTP

4 Candidates = extract_ngrams(T*, (2,4)) // opmyna 14

5: S =splitter(T*) // Pa3gennTb TEKCT Ha CIIUCOK MPEIOKESHHUS S

6 NP = [] // Ilyctoii ciucok it XpaHeHUsI UMEHHBIX (pa3 NP

7 Foreach sentence in S do:

8

NP « get_noun_phrase(sentence) //Pa36op npemioxeHus ¢
MIOMOIIBIO ITapcepa M COXpaHeHHe NMEHHOH (pa3sl B criucke NP

9:  End

10:  // mpeoGpa3zoBaHus UMEHHBIX (hpa3 B KIIOUYEBBIE CIOBA

11:  FNP =[] //Crncox st XxpaHeHus OTGUIBTPOBAHHEIX UIMEHHBIX (pa3s.

12:  Foreach np in NP do

13: if len(np) == 1:

if np[0].pos_in [[NOUN', 'PROPN', 'ADJ']: // mepBoe cioBo np

14: — CYIIECTBUTENIBHOE, MMsI COOCTBEHHOE HIIM IIPUJIAraTeibHOe
15: FNP.append(np.text.strip())
16: elif 1 <len(np)< 6: // ecnu MHA np HE MPEBBIILIACT 6 CIOB
17: if np[0].pos_ in ['DET"]: //mepBblii TEpPMHH - 3TO apTUKIIb
18: FNP.append(np[1:].text) // ynamuts apTHKIb
19: Else
20: FNP.append(np.text.strip())
21:  //TIpoBepka COBIaJeHHsI MIMEHHOH (pasbl ¢ KaHAUIATAMH Ha N-IPAMMBbI
22:  Foreach candidate in candidates do:
23: If candidate in FNP do
24: KWS []€ candidate / 106aBuTh KaHAUIATA B CIIUCOK
25 Else // npoBepka Hamu4ust OOIINX TEPMOB MEXAY KaHIUIATOM U
' UMeHHOH (pa3oi
26: Foreach np in FNP do
27: If np N candidate # @ do:
28: KWS []€ np / no6aButh np B CIUCOK
29: End
30: End
31: End
32: End

JIuctunr 1. IlceBmokon AJIropruT™Ma OIITUMHU3allU U3BJICYCHHUS U (bPIHI)TpaHI/II/I
KJIFOYEBBIX CJIOB C IIOMOIIBIO TAPCEPOB
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OTOT TPOUECC CIOCOOCTBYET IOBBIICHHIO TOYHOCTH aNTOPHTMAa
W3BJICUEHUS KIIOYEBHIX CIIOB, ITOCKOJBKY OH TapaHTHPYET, YTO CIIOBa-
KaHAUIATHl TIPEACTaBIAIOT cO00M HE MPOCTO MOCIIEI0BATEIFHOCTh CIIOB, a
COCTaBHBIE CJIOBA B OJJHOPOJHOM KOHTEKCTe. Jlajee, B SKCIIEpUMEHTATBHBIX
WCCIICAOBAHMUAX  TPOBOAATCS  TECTHI NS TOATBEPKACHUS  STOTO
YTBEPKICHHUSL.

6. JKkcnepuMeHTAJIbLHbIE HCCJIeIOBAHNS. PazpaboTanHbIii
NrOPUTM M3BJICYEHUS KIIOYEBBIX CJIOB pEAJM30BaH C HCIIOJIb30BaHHEM
TpeX MOMYNISIPHBIX MAapCepOB, 3 UMEHHO:

SpaCy — »T0 OecruiaTHas OMOJUOTEKA C OTKPBITHIM HCXOHBIM
KOZOM Ui pAacCIIMPEHHOW 00paboTKH ecTecTBeHHOro si3pika (NLP) B
Python.

Mapcep SpaCy — sto kommoHeHT Oubmmoreku SpaCy, KOTOPHIHA
OTBEUaeT 3a aHajNW3 TPaMMATHYECKOW CTPYKTYPHl  MPEIUIOKEHUIL.
Peamuzanuss mapcepa SpaCy BBINONHSIET CUHTAKCHYECKUM —aHaIN3
3aBHCHMOCTEH W BKIIOYaeT B ceOS METOIBl MAITUHHOTO OOY4YCHHS IS
MIPOTHO3UPOBAHUS B Tmporecce pa3dopa. OH HCIONB3YET CTATUCTHICCKYIO
MoOJeNnb, OOYYeHHYI Ha pa3MEUeHHBIX MJaHHBIX, I TIpEACKa3aHus
HauboJiee BEpOSITHOIO ITiepexoia Ha Kaxaom miare. [lapcep ucnonbsyer
BapuMaHT HEMOHOTOHHOW JyroBoW CHCTeMbl C mepexomamu [22], ¢
nobaenenueM mepexoma  'break" IS BBIMOJHEHHS — CEIMEHTAIUU
npeiokeHuid. I BO3MOXKHOCTH TIPEJICKa3aHUsI HEBEPHBIX pa30opoB
mapcep HCIONIb3yeT IMCEBIONPOCKTHBHOE MPEoOpa3oBaHUE 3aBHCHMOCTEH,
npeanoxxeHHoe B [23].

AllenNLP [10] — 310 mmatdopma i MCCICIOBaHHH B OOJIACTH
riry6oKoro 00y4eHus MeToJ0B 00pabOTKH ecTecTBEHHOTO si3bika. AllenNLP
HE MUMeeT BCTPOEHHOT0 napcepa, nogoonoro SpaCy, oHaKO Npe1ocTaBiseT
MpeIBapUTEIFHO OOyYCHHBIE MOJEIH JJISI CHHTAKCHYECKOTO MapCHHTa
COCTaBIJIIIOLIMX U MapcuHra 3asucumocteil. [lapcep 3aBucumocteil cnegyer
Mozenu  Tioybokoro OwadGuHHOrO BHUMAHHWS JJII  HEHPOHHOTO
CHHTAaKCUYECKOTO  aHalM3a  3aBUCHUMOCTEH, KOTOPBIH  HCIOJb3YeT
HEHpOHHOE BHUMaHHWE B MpocToM TpadoBoM mapcepe 3aBucumocteit [20].
ITapcep cocTaBisIOMKUX TOCTPOEH HAa OCHOBE MHUHUMAJIBLHONW HEHPOHHOU
MOJZEJIM, OCHOBaHHOM Ha HE3aBUCHMOM OLICHKE METOK. MoJienb UCIOIb3YET
BCTpoeHHY10 npoueaypy ELMo u xoaupyeT nocienoBaTelIbHOCTh TEKCTA C
moMoInkko ctekoBoro Seq2SeqEncoder.

Stanza [9] — 9T0 maker JIA aHaJIWM3a ECTECTBEHHOTO s3bIKa,
HanrcaHHbli Ha Python, co3mamusiii Ctandopackoii rpynmoit NLP. On
MIPEJOCTABIAET HECKOJIbKO HHCTPYMEHTOB MJIi aHAJINW3a ECTECTBEHHOIO
TEKCTa, OJHUM M3 KOTOPBIX SBJISETCS INPENOCTaBICHHE CHHTAaKCUUECKOM
CTPYKTYpbl B Buze aepeBa 3aBucumocteid. Kak m B AllenNLP mapcep
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3aBUcUMOCTell B Stanza peammsyer Bi-LSTM-ceth, OCHOBaHHYIO Ha
ryookoit OnadGuHHON HEWPOHHOW MOAENH, KOTOpas OTHOCHUTCS K
KaTeropuH MapcepoB 3aBUCHUMOCTEH Ha ocHOBe TpadoB [20].

[IpennoxeHHbI aBTOpaMH aQJITOPUTM CPABHUBAETCS C  JIBYMS
HM3BECTHBIMH MeTOoAaMH, Y ake 1 Rake.

Metox Yake (Yet Another Keyword Extractor) [24] mcmoms3yer
KOMOWHAIIMIO CTATUCTHYCCKUX H JIMHTBUCTHUCCKUX TPU3HAKOB IS
olpefeNiecHus] BaXKHOCTU cJIOB Wi (pa3 B Tekcre. OH YUUTHIBAET Kak
Y4acTOTy U paclpejelieHHe TEPMHHOB BHYTPU JIOKYMEHTa, TaK W HX
CEeMaHTHYECKYIO CBA3b. MeTOJ NCTIOJIb3yeT MOAXO0 CKOJIB3SIIEro OKHa JUIs
BbIABJICHUA KaHAWJIATOB Ha KIKOYEBBIC q)pa3b1, a 3aTrcM M[PpUMCHACT
(YHKIMIO OLEHKH JIJIsl UX PAH)KUPOBAHMS 110 CTENEHH PEJIeBaHTHOCTH.

Metox Rake (Rapid Automatic Keyword Extraction) [25]
HCTIONB3YET MPOCTOH aJIrOpUTM, KOTOPHIA OMHUpacTCs Ha pacIpeelicHHe
CIOB B TEKcTe ais ompeneneHus ¢(pa3 kanaumatoB. CHagama TEKCT
pa3OmBaeTcs Ha OTIENBHBIC CIIOBa, a 3aTeM TCHEPHUPYIOTCS (pasbl-
KaHAUIOATHl, HACHTUGHUIHMPYS IMOCICIOBATEIEHOCTH CIIOB, pa3/ciCHHBIC
CTOII-CIIOBAMH HJIM 3HaKaMU ITYHKTYaIllH. AJTOPUTM MPHCBAaUBACT OLICHKU
9TUM (bpa3aM Ha OCHOBE€ HX 4YaCTOTbl H CTCIIEHH COBMECCTHOI'O
BCTPEYAEMOCTH CJIOB.

Hnst Yake U3 kaxaoro Tekcra u3BliekaroTcsi nepBble 20 n-rpamMm
(or1 mo 3). To e camoe u ¢ Rake, Ho Rake He mo3BossieT yka3aTh
KOJIMYECTBO HN3BJICKACMBbIX CJIOB. He BBIIIOJIHAJIACH HUKaKast
IpeaBapuTenbHas 00paboTKa TEKCTOB, YTOOBI HE MOBIHATH Ha CTPYKTYPY,
HO TIOCJIC MOJyYCHHS MMCEHHBIX (ppa3 BBIMOIHACTCS HEKOTOpas oOpaboTka
TEKCTa, HAIpUMep, Takas KakK yIaJeHHe CTON-CJIOB.

Habop oaunwix Inspec [26] cocrout u3 2000 pedeparoB crareil u3
HAyYHBIX JKypHAJIOB 10 KOMIIBIOTEPHBEIM HaykaMm. KaxnoMy TOKYMEHTY
IIPUCBOCHBI JBa Ha0opa KIIOYEBBIX CJIOB: KOHTPOJHMPYEMbIE KIIIOYEBbIC
CIIOBa, KOTOPEIE SIBISIOTCS HA3HAUYECHHBIMH BPYYHYIO KIIIOUEBBIMU CIIOBaMU
1 TIOSIBIIAIOTCS B Te3aypyce Inspec, HO MOTYT He MOSBIATHCS B TOKyMEHTE.
HekxonTponupyemple  KIIIOYEBBIE ~ cJlOBa  CBOOOTHO  HAa3HAYAIOTCS
penaKTopamm.

Jlis OLleHKH pe3yNbTaTOB OTCIEKHUBAIOCH TOYHOE COBIAJCHHUE, MPH
KOTOPOM aBTOMAaTHYECKH W3BIICUCHHAs KIO4eBas (¢paza W3 TOKyMEHTa
JIOJDKHa TOYHO COOTBETCTBOBATh KIIFOUEBOHM (hpa3ze ITAIOHHOTO IaTTepHA
JUISL JOKyMeHTa. TpaJuIMOHHO H3BJICYCHHE KIIIOYEBBIX CJIOB MO CBOEH
IpupoJie sIBJIAETCS NpoOJeMoil pamwkupoBaHus. Mcxons w3 atoro, uis
omnpezaeneHuss 3QGEKTUBHOCTH IPEIaraeMoro ajiropurMa HCIHOJIb3yeTcs
OJlHa M3 HauboJIee YacTo MCIOJIb3YEMBIX MEp KauecTBa Ul PaHKUPOBAHUS
Cpenusss TouHocTh Ha K anemeHtax «Mean average precision at K,
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MAP@K». Takum 00pa3oM, COBMAACHHUS MPOBEPSIOTCS CPEIOH IMEPBBIX K
KIIIOYEBBIX CIIOB, BO3BpamiaeMbix anroputmoMm. [lms ouenku MAP@K
CHayvana TMOJCYNTHIBaeTCs TOo4HOCTh Ha K oamementax p@k. basosas
MeTpUKa KadecTBAa DPAaHXMPOBAHUS IS OJHOTO OOBEKTa OMpeAesseTcs
CJIEYIOIINM BEIPAKEHUEM:

pr, = w’ (15)

IJIe e; 9TO dJeMeHT (KIIYeBOe CJIOBO) € € E, KOTOpBI B pe3yibTaTe
NEPECTAHOBKYM OKA3aJICs Ha i-OW TO3MIMH, Tyye(€;) — QyHKIMs paBHas 1,
eciu e peneBaHTeH, ) — B MpOTHBHOM ciiydae. HemoctaTok 3Toi METpUKH
3aKJIFOYAaeTCs B TOM, YTO HE YYHUTBHIBAIOTCS TO3UIUH MPABHIBHBIX
9JIEMEHTOB (TOPSIOK 3JIeMEHTOB). [laliee Ha OCHOBE Pry PacCUUTHIBACTCS
average precision at K (aprk):

K
1
apry = Ez 7ﬂt‘rue”_l(k) * DTk (16)
k=1

Takas Mepa yYWTHIBAET IO3HMIUHM D3JIEMEHTOB, HO KadeCTBO
PAH)KUPOBAHUS OLEHUBACTCS U OTHACIBHO B3STOr0 0OBEKTa. st Toro
qr00Bl TocumMTaTh Mean average precision at K pna N pasmMdHBIX
00BEKTOB BBIYHCIISIETCS cpeHee 1o apr@K s kaxoro:

, .
map,, =+, apri. (17)

e aprj; — 310 apry ans i-ro oowsekta. Ilog MAP noapasymesaercst Mean
average precision 1o BceM 00beKTaM1 1 BCEM DJIEMEHTaM.

7. Pe3yJibTaThl 3KCNIEPUMEHTAIBHBIX HCCIeJ0BaHUIl. Pe3ynabpTaTsl
CPaBHHMTEIILHOTO aHajW3a aJFOPUTMOB W3BJICUYEHHs KIIOUEBBIX (pa3
npeacTaBiaeHsl B Tabimnax 1 u 2. CpaBHHUBaeTCS MPOM3BOAUTEIHHOCTH
NPEATI0KEHHOT0 AJITOPUTMa TP UCTIONIb30BAaHUU TPEX PasHbIX MapcepoB C
MIPOM3BOIUTENBHOCTRIO JIBYX HCCIIEIOBaHHBIX anroputMoB Yake n Rake.

PaspaboTanHbIii anroput™m (C HCIONB30BaHWEM JIO0OTO Iapcepa)
npeBocxoaut Metons! Yake u Rake, monrBepkaast yTBEepKICHUE O TOM, 9TO
OONBIIMHCTBO ~ KIIIOYEBBIX  CIOB  SABISIFOTCS  MMEHHBIMH  (hpazamu.
Hamnydamme pesynbraTsl mocturatorcss ¢ mapcepom SpaCy, Kak ¢ TOUKH
3pEHUs] TOYHOCTH, TaK U C TOUYKH 3PEHHS CKOPOCTH.
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Tabmmma 1. ToyHOCTH AITOPUTMOB, M3MEpeHHas ¢ noMombsio MAP@K

Meron map@k

K @l @5 @10 @20
TF-SpaCy 0.36 0.15 0.095 0.077
TF-Stanza 0.303 0.131 0.083 0.06
TF-AllenNLP 0,299 0,128 0,081 0,064
Yake 0.267 0.127 0.084 0.0775
Rake 0.169 0.103 0.081 0.074

Pesynerater Yake m Rake mpubOmmkaercs k mokazarermsim TF-SpaCy
TIPY OTIPEJISTICHUH TTPABIIILHBIX KITFOUEBBIX CJIOB B Tom-20 (K = 20).

Pe3ynbTaThl MpOBEAEHHOTO HMCCIENOBAHUS IIPOMLIIOCTPUPOBAHBI B
tabmure 2. B ctpoke “Gold keywords” BeIeneHbI MOYKUPHBIM MPpHGTOM
KJIIOYEBBIE CJIOBA, ONPENeNICHHbIE M3 TEKCTa SKCIepTaMu. Uto Kacaercs
CJIOB BHE TEKCTa, TO B JAHHOH paboTe OHU HE YUHUTHIBAIOTCS.

W3 tabmuisl 2 BUIHO, YTO pa3pabOTaHHBIH alrOPUTM ONTUMH3AINN
OIIPCAC/ICHNUA KIIIOYEBBIX CJIOB HaxXOJUT 4 IMpaBUJIbHBIX CJIOBA U3 5¢
oMotk SpaCy, B To Bpems kak AllenNLP onpenenser Tonpko 2. Stanza
npaBuibHO ompenensier “Bar code labels”, B To Bpems kak SpaCy
orpezessieT 4acTb 3Toro kak “code labels”. AllenNLP e pacnosnaer “food
processing” u “Bar code labels”, moromy uto oH paccmarpuBaer "Fresh
tracks [food processing] Bar code labels" kak omHy ¢pasy Ha OcHOBe
CYIIECTBUTEIBHOTO.

Ta6JII/IL[a 2. Texcr u3 Ha60pa JaHHBIX B Ka4C€CTBE MMPUMEPA, ITOKA3bIBAIOIIETO
OTAJIOHHBIC KIIFOYEBLIC CJIOBA U KIIFOYCBLIE CJI0OBA, OIIPCACICHHBIC KaXXK/IbIM

aITOPUTMOM
Fresh tracks [food processing] Bar code labels and wireless terminals linked to
Tekcr a centralized database accurately track meat products from receiving to
customers for Farmland Foods
Gold ['food processing', 'bar code labels', 'wireless terminals’, 'Farmland

keywords Foods', 'automatic data capture', 'Intermec Technologies', 'bar codes', 'data
acquisition', 'food processing industry', 'mobile computing', ‘production
control', "]

TF-SpaCy | ['Fresh tracks', 'food processing', 'code labels', 'wireless terminals’,
'centralized database', 'meat products', '"Farmland Foods']

TF- ['wireless terminals', 'Farmland Foods', 'centralized database', 'Fresh tracks',
AllenNLP | 'meat products']

TF-Stanza | ['wireless terminals', 'Farmland Foods', 'food processing', 'customers for
Farmland Foods', 'Fresh tracks', 'meat products', 'centralized database', 'Bar
code labels']

Yake ['Bar code labels’, 'wireless terminals linked', 'centralized database
accurately', 'database accurately track’, 'accurately track meat', 'track meat
products', 'Bar code', 'Farmland Foods', 'customers for Farmland', 'food
processing']

['wireless terminals linked', 'bar code labels', 'fresh tracks', 'food processing',
'farmland foods', 'receiving', 'customers']

Rake
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Anroputmbl Yake n Rake nenpaBunbpHo onpenenuiu riaaron «linked»
KaK 9acTh KITFOYEBOTO CJIOBa «wireless terminalsy, Toraa kak Tpem mapcepam
yAaIoCch HICHTUPHUINPOBATH €r0 MIPAaBIIIFHO M UCKITIOUUTH U3 (passl.

Xotsa SpaCy mpeBOCXOIUT IpyTHe Mapcepsl B 3ahade ONpereseHAs
WMEHHBIX (pa3, HeIb3s OJHO3HAYHO YTBEPXKIATh, UYTO Mapcepsl,
OCHOBaHHBIC Ha IEPEeX0JaX, BCEra MPEBOCXOIT ITapcephl, OCHOBAHHBIC Ha
rpadax. DTo 3aBUCUT OT HECKOJBKHUX (aKTOpPOB, BKIIOYAs CTPYKTYpY MU
CJIO)KHOCTh aHAIM3UPYEMOT0 TeKCTa, P PEeKTUBHOCTh peau3alliy mnapcepa
1 €T0 BHYTPCHHUX aJITOPUTMOB.

[MTapcepsl Ha OCHOBE NEPEXOJOB IIOCTEIIEHHO CTPOAT JIEPEBO M
NPUHUMAIOT pEIleHusi O pa3dope Ha OCHOBE JIOKAJIBHOTO KOHTEKCTa, YTO
MOXET TOMOYbL paclio3HaBaTb W HU3BJICKATb HWMCHHBLIC (bpasm, HUMCIOIIHEC
SIBHBIC 3aBHCHMOCTH B TIpelesiaX KOPOTKOTO paccTosHH. TakuMm oOpaszom,
MIOCKOJIBKY TEKCT, MCIOJNB30BAHHBIA B 3THX SKCIEPUMEHTAX, OTHOCHUTEIBEHO
KOPOTKHUH, OH COACPKHUT MPOCTHIC MPEUIOKCHUS, B KOTOPHIX IPeoOIagaroT
JIOKAIBHBIC 3aBUCHMOCTH, TOAXOISIIIE U1 JAHHOTO THIIA CHHTAKCHIECKOTO
aHamm3aropa. C Ipyrod CTOPOHBI, Mapcepbl Ha OCHOBE Tpad)OB YUUTHIBAIOT
BCIO CTPYKTYPY MPEIUIOKESHUS TIPH TIOCTPOSHHUHN JIePEBa 3aBUCUMOCTEH. DTOT
rI00aIBHBIA KOHTEKCT MOYKET 6I)ITI) TIOJIE3CH I ONMPCACIICHUSA HEABHBIX
3aBUCUMOCTEH MEXKAY CJIOBaMHU, KOTOPBIE OXBATBIBAIOT HECKOJIBKO CJIOB WJIHA
npeioxeHui, kak B npumepe AllenNLP B Tabnuie 2.

Ananuz epemenu evinonnenus. Pucynku4 um 5 wum Tabnuna 3
JIEMOHCTPUPYIOT Pa3In4yne B CKOPOCTH pabOThI MPEATI0KEHHOTO aJrOpuTMa
Mo cpaBHEHHIO ¢ Merogamu Yake u Rake mpu oOpaboTtke pasHOTO
KOJIMYEeCTBA JOKYMECHTOB. IIOCKOJIEKY BpeMs BBIIIOJHCHHS aJrOPUTMOB
Rake, Yake m SpaCy oueHp Majgo IO CpPaBHEHHIO C OCTaJbHBIMU
aNrOpUTMaMH, JUISI HAlJBIJHOCTH WX BpPEMEHHBIE XapaKTePHCTUKH
MIPOAEMOHCTPHUPOBAHHBI B IPYTOM MacmiTade (PUCYHOK 5).

Bpems BBIONHEHHWS TPEAJIOKECHHOTO  aBTOPAMH  aJNTOpUTMa
NPE/ACTaBIsIET COOOH CyMMY BPEMEH BBINOJHEHHUSI HECKOJIBKUX OIepanui
(JuctvHT 1): BpeMsl WM3BJIEYEHHsI #-ITPaMM B KadeCTBE KJIFOYEBBIX CIIOB-
KaH/IW/IAaTOB; BpeMs aHajIM3a TEKCTa HAa KOMIIOHEHTHI IPEUIOKECHUH u
UMCHHBIX ()pa3; BpemMs (QUIbTpAIlMA JTUX WMCEHHBIX (pa3; Bpems
(GUIbTPaLK KIIOYEBBIX CJIOB-KaHAMIATOB IO HIMEHHBIM (hpazam.

Tabnuna 3. AHaiIu3 BpeMEHH BBIITOJHEHHSI AJITOPHTMOB

Bpewmsi BBIMONHEHHS B CEKYHIAX
Kon-Bo 1okymeHTOB 10 20 30 40 50 100 2000
TF-SpaCy 1 1,33 2,2 3,58 3,56 8 102
TF-AllenNLP 71 80 147 222 295 481 10614
TF-Stanza 223 414 585 820 1071 1954 14625
Yake 2,39 3,08 3,61 5,6 9 14 207
Rake 0,012 0,035 0,047 | 0,056 | 0,071 0,094 2 sec
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Bpemsi BBITIOJIHEHUSI AITOPUTMOB
1200
1000 /
800 /
600 /
400 / /

200

Bpewms (cex)

10 20 30 40 50 100
KomuectBo TOKyMEHTOB

- === Spacy AllenNLP Stanza Yake Rake

Puc. 4. CpaBHCHI/Ie BPEMECHHU BBIIIOJIHEHUS aJITOPUTMOB U3BJICUCHU S KIIIOUEBLIX CJIOB

Bpewms Beinonsenus SpaCy Rake, Yake

Bpewms (cex)

10 20 30 40 50 100

Konmuectso oKyMeHTOB

Yake ——Rake
Puc. 5. CpaBHenue Bpemenu BoinosHenus anroputmos SpaCy, Yake u Rake

—— Spacy

XOTS CTaTUCTHUYECKHWE alTOPUTMBI paboTatoT ObICTpee, YeM
ITOPUTMBI Ha OCHOBE ITapcepa, MOCKOJIBKY MX paboTa He TpeOyeT aHanu3a
TEKCTa, INMPEAJIOKEHHbIH B JAHHOW CTaThe aJrOpUTM C HapcepoM Spacy
(TF-SpaCy) mpeB3omién Bce pacCMOTPEHHBIE KAaHOHWYECKHE aITOPUTMEI
kpome Rake.

BpeMsi BEIIIONIHEHHS TPEIOAKEHHOT0 anropurMa ¢ napcepom SpaCy
3HAYUTEJIBHO MEHBIIIE, YeM Y IBYX APYTHX MapCepoB, IIOTOMY YTO Mapcepsl,
KOTOpBIE HCIMOJBb3YIOT MEPEXO/Ibl, NPUMEHSIOT IETCPMUHUPOBAHHBIN WIIN
MAaIIMHHO-00y9aeMblii Ha0Op MAEHCTBHHA IS TIOIIATOBOTO TOCTPOCHHUS
nepeBa 3aBUCHUMOCTed. OHH OOBIYHO paboTaroT OBICTpee M TpeOyroT
MEHBIIIE MaMSITU 10 CPAaBHEHHUIO C MapcepamM, OCHOBaHHBIMH Ha rpadax,
9TO0 AenaeT uX Oojee A(P(PEKTUBHBIMHU IS aHAIHM3a OOJBIINX OOBEMOB
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tekcra. C gapyroit croponsl, AllenNLP u Stanza wucmonb3yroT Momaeimu
MapcuHra Ha OCHOBE TpadoB, KOTOpHIC IIONATAIOTCS HAa MIJUTHOHBI
CO3aHHBIX BPYYHYIO NPU3HAKOB, YTO OTPAHUYMBAET WX CIIOCOOHOCTH K
0000IIEHNIO W 3aMeIIsIeT CKOPOCTh aHali3a M0 CPaBHEHHUIO C IMapcepaMu
Ha OCHOBE IIePEXO0JIOB.

3amava mocTmkeHHs OalaHCa MeEXIy TOYHOCTBIO M CKOPOCTBHIO
JIMHTBHCTHYECKOTO TMapcepa SBISIETCS OTKPBITOM TeMOH, TpeOyrome
JTATbHEHIIINX MCCIICIOBAHUM B CBSI3M C Ba)KHOCTBIO JaHHOM MpoOIeMbl JUIs
NOBBILIEHUsT  3(G(PEKTUBHOCTH  TEKCTOBOTO  aHajiM3a, OCOOCHHO B
MPWIOKEHUSIX, TPEOYIOLIMX TOYHOCTH NMpHU pabOTe B pealibHOM Maciitabe
BpeMeHu. C 3TOH LeJbI0 aBTOPHI IUIAHUPYIOT MPOBEAEHHE IaTbHEHUIINX
UCCIIeJOBAaHUH BO3MOXHBIX PELICHUH ISl JOCTHKEHUsI Takoro OaaHca.

[Tmanupyetcs paccMOTpeTh NUCTWUIAIHNIO HEHPOHHBIX CeTeH I
OBICTpOTO pa3dopa 3aBHCHMOCTEH, a TakKe MCIIONB30BAaHHE ATOMAapHBIX
MIPU3HAKOB, TAKUX KaK YHUTPAMMEBI CJIOB U YHUTpaMMbl POS-TeroB, BMecTo
HCTIOJB30BaHUs OONBIIOT0 KOJIMYECTBAa MPU3HAKOB, CO3AaHHBIX BPYUYHYIO.
Kpome Toro, mmaHHpyeTCsl pacCMOTPETh HHTETPALIUIO ITOAX0J0B HA OCHOBE
rpadoOB W TIEPEXOJOB C HCIOJIH30BAHWEM IPEHMYIIECTB TITyOOKOTO
KOHTEKCTHOTO MPECTaBICHHUS.

3akiaiouenue. B 1aHHOH cTaThe MCCIENOBAaHBI J[Ba OCHOBHBIX THIIA
JUHTBUCTHYECKOTO aHAJIN3a: CHHTAKCHYECKHM aHalIW3 COCTaBIAIONINX HU
aHanmu3 3aBucuMocTed.  I[IpencTaBneHO  aHANUTHYECKOE  CpaBHCHHE
HEeCKONIbKMX  u3BecTHhIX mapcepoB  (SpaCy, Stanza, AllenNLP),
NPUHAANCKAIIAX K  pa3IMYHBIM  MOaXoJaM o0pabOTKH  TEKCTOBOH
nHpopmanmu. Takke ObLT pa3pabOTaH alrOPUTM H3BICYCHUS KIFOUEBBIX
CIIOB HAa OCHOBE YacTOTHI, OTIMYAIOIIUNCI NPUMCHEHHEM (YHKIIHU
W3BJICUCHUs] UMCHHBIX ()pa3, IMPEIOCTABIIEMOI TapcepoM, IS H3BICYCHUS
YTOYHEHHOTO CIHMCKa MMEHHOW (pa3bl. DTOT CIIMCOK HCIIONB3YyeTcs B
KauyecTBe (UIbTpPAa JUIsI OTCEMBAHMS HENOAXOISIIMX KIIFOUEBBIX CIIOB-
KaHAMIATOB, U3BJICUCHHBIX HA OCHOBE YAaCTOTHI, YTO IMO3BOJIIET MOBBICHTH
TOYHOCTH M3BIJICUCHUS KITIOUCBHIX CIIOB.

MHOX€eCTBO SKCIIEPUMEHTOB TIPOBECHO C HENBI0 N3yUCHHS BIHSIHUS
WCTIONB30BaHUSl Tapcepa Ha BpeMs W A(PQPEKTHBHOCTh H3BICUCHUS
KIIFOYEBBIX (pa3 10 CPaBHEHMIO C AByMs m3BecTHBIMH MeTomamu YAKE
n RAKE. Pe3ympraTl SKCHEpUMEHTOB TOATBEPAWIH TOT (akT, dUYTO
UCIIONIb30BAaHKUE Tapcepa CYIIECTBEHHO MOBBINIAET TOYHOCTh AITOPUTMA
W3BJICYEHUS KJIIOYEBBIX CJOB. Tarke oTMedaercsi, 4To 3(PQEeKTUBHOCTH
3aBUCHT OT THIIA Mapcepa, KOHTEKCTa U JAJMHBI 00pabaThIBaeMOro TEKCTa.

B JaHHOW  pabore OCHOBHOC  BHUMAaHHE  YHAEIJIOCH
MPOU3BOJUTEIHLHOCTH Mapcepa B KadyecTBE MHCTPYMEHTA IJIS M3BJICUCHUS
KJIIOYEBBIX (pa3 0e3 yriyOseHust B aHalU3 BHYTPEHHHUX ajrOPUTMOB. DTO
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HE JIaeT MOJHOW KapTHHBI PA3IHMIUH B MPOU3BOANTEIBHOCTH aHAIM3aTOPOB,
a JMIIb TIOKa3bIBAET pPA3MUUUsl C TOYKM 3PEHUS UX TNPUMCHEHHUS.
B Oynymem TpeOyeTcs NpPOBECTH J[OMOMHHUTEIBHBIM aHAIN3 JaHHBIX
AITOPUTMOB C IENBI0 TOMCKAa pEIICHWH MpoOJIeMBl CHIDKEHHA HX
BPEMEHHOM CJI0KHOCTH.
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D. KRAVCHENKO, YU. KRAVCHENKO, A. MANSOUR, J. MOHAMMAD,
N. PAvLOV
ALGORITHM FOR OPTIMIZATION OF KEYWORD
EXTRACTION BASED ON THE APPLICATION OF A LINGUISTIC
PARSER

Kravchenko D., Kravchenko Yu., Mansour A., Mohammad J., Paviov N. Algorithm for
Optimization of Keyword Extraction Based on the Application of a Linguistic Parser.

Abstract. This article presents an analytical comparison between constituency parsing and
dependency parsing — two types of parsing used in the field of natural language processing
(NLP). The study introduces an algorithm to enhance keyword extraction, employing the noun
phrase extraction feature of the parser to filter out unsuitable phrases. This algorithm is
implemented using three different parsers: Spacy, AllenNLP and Stazna. The effectiveness of
this algorithm was compared with two popular methods (Yake, Rake) on a dataset of English
texts. Experimental results show that the proposed algorithm with the SpaCy parser is superior
to other keyword extraction algorithms in terms of accuracy and speed. For the AllenNLP and
Stanza parsers, our algorithm is also more accurate, but requires much longer execution time.
The results obtained allow us to evaluate in more detail the advantages and disadvantages of
the parsers studied in the work, as well as to determine directions for further research. The
running time of the SpaCy parser is significantly less than the other two parsers because
parsers that use transitions for deterministic or machine-learned set of actions to build the
dependency tree step by step. They are typically faster and require less memory than graph-
based parsers, making them more efficient for parsing large amounts of text. On the other hand,
AllenNLP and Stanza use graph-based parsing models that rely on millions of features, which
limits their ability to generalize and slows down the speed of analysis compared to transition-
based parsers. The task of achieving a balance between the accuracy and speed of a linguistic
parser is an open topic that requires further research due to the importance of this problem for
improving the efficiency of text analysis, especially in applications that require real-time
accuracy. To this end, the authors plan to conduct further research into possible solutions to
achieve this balance.

Keywords: constituency parsing, dependency parsing, keyword extraction, natural
language processing, SpaCy, Stanza, AllenNLP.
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D. BALONI, D. RAIL P. SIVAGAMINATHAN, H. ANANDARAM, M. THAPLIYAL,
K. JOSHI
H-DETECT: AN ALGORITHM FOR EARLY DETECTION OF
HYDROCEPHALUS

Baloni D., Rai D., Sivagaminathan P., Anandaram H., Thapliyal M., Joshi K. H-Detect:
an Algorithm for Early Detection of Hydrocephalus.

Abstract. Hydrocephalus is a central nervous system disorder which most commonly
affects infants and toddlers. It starts as an abnormal build-up of cerebrospinal fluid in the
ventricular system of the brain. Hence, early diagnosis becomes vital, which may be performed
by Computed Tomography (CT), one of the most effective diagnostic methods for diagnosing
Hydrocephalus (CT), where the enlarged ventricular system becomes apparent. However, most
disease progression assessments rely on the radiologist's evaluation and physical measures,
which are subjective, time-consuming, and inaccurate. This paper develops an automatic
prediction utilizing the H-detect framework for enhanced accurate hydrocephalus prediction.
This paper uses a pre-processing step to normalize the input image and remove unwanted
noises, which can help extract valuable features easily. The feature extraction is done by
segmenting the image based on edge detection using triangular fuzzy rules. Thereby, the exact
information on the nature of CSF inside the brain is highlighted. These segmented images are
saved and again given to the CatBoost algorithm. The Categorical feature processing allows for
quicker training. When necessary, the overfitting detector will stop model training and thus
efficiently predicts Hydrocephalus. The outcomes demonstrate that the new H-detect strategy
outperforms the traditional approaches.

Keywords: Hydrocephalus, Computed Tomography (CT), H-detect technique,
Cerebrospinal fluid (CSF), Triangular fuzzy rules, Edge detect.

1. Introduction. Hydrocephalus is a typical central nervous system
disorder engendered by abnormalities in Cerebrospinal Fluid (CSF)
circulation. It is caused by an aberrant development of dynamic CSF
balance inside the brain's ventricular system [1]. As a result, the ventricles
bulge and compress the surrounding brain tissue, resulting in potentially
dangerous intracranial hypertension. The degree of ventricular enlargement
is frequently considerable, necessitating neurosurgery. It has some of the
most severe conditions affecting the central nervous system in children and
calls for early neurosurgical treatment [2]. Although this disorder can affect
patients of any age, it most commonly affects newborns and babies in their
early period of living. Hydrocephalus is predicted to affect one out of every
500 newborns [3]. Hydrocephalus has been examined and scanned;
nevertheless, there is no standard solution or efficient strategy for the
precise detection and quantitative assessment. Existing measuring methods
are predominantly qualitative and produce unsatisfactory results [4].
Radiological methods, such as Computer Tomography (CT) and Magnetic
Resonance Imaging (MRI), play a major role in the evaluation of
Hydrocephalus (MRI). These tests yield three-dimensional (3D), volumetric
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pictures of the brain. However, Hydrocephalus is still primarily assessed
manually. It is often based on a qualitative study of the lesion size and other
distinguishing characteristics [5].

These methods and procedures use various biophysical factors
to depict anatomical features and pathological changes in the human brain.
The advancement of medical imaging technology can significantly improve
the identification and treatment of numerous lesions and pathological
alterations [6]. Radiological diagnostics enable the precise identification
of the lesion. A comprehensive analysis of the condition is required before
making a treatment approach. The development of tools for automated
pathogenic change recognition and classification is thus one of the trickiest
problems in contemporary clinical image processing and analysis [7].
There are several methods for segmenting the CSF and the brain ventricular
system from CT and MRI imaging. However, only a few papers have been
undertaken regarding image processing and analysis in the quantitative
assessment of Hydrocephalus [8]. These works are typically significant,
and there has been no comprehensive research in this field. It is difficult
because of the intricacy and wide range of brain regions. As a result,
most known algorithms are based on manual or semi-manual CSF
extraction or automated segmentation utilizing basic image processing
methods [9].

As a result, this paper aims to propose an H-detect framework which
aims:

—  To remove the noise existing in the raw data and normalize that
can be understandable by the model developed.

— To develop an edge detection using a triangular fuzzy rules
model for a significant feature extraction process that can contribute highly
to a better understanding of the predicting algorithm.

—  To utilize the efficient CatBoost algorithm that can learn the
extracted features and predict the disease, thereby improving the accuracy
of hydrocephalus diagnosis.

This essay is divided into five distinct sections: Section 1, which
discusses the introduction of the research; Section 2, which highlights
earlier work completed with the same goal; Section 3, which elaborates the
proposed method with three subsections; Section 4, which discusses the
implementation of the model and the findings achieved; and Section 5,
which wraps up the essay.

2. Literature Survey. In paper [10] analysis of the DL-based MRI
image recognition system for bone fracture diagnosis. The study
demonstrated that the MRI pictures could be categorised and arranged using
deep convolutional neural networks. The CNN was able to gather
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information at a high rate and was not hindered by the surrounding tissues
of the hydrocephalus when collecting the 3D images of the hydrocephalus.
The research still has significant drawbacks, such as the fact that deep
learning depends on data.

According to the authors in [11], convolutional neural networks were
used to extract patient-specific information from pictures, create dimensions
for the lesion location in the picture, and apply a predetermined recognition
system. Besides a classifier, the questionable components were categorised.
The properties of the conventional physically constructed identification
entity were altered by a small modification to the recognition system. The
deep convolutional network can precisely identify the lesion's site and has
a wealth of characteristics. But still, there is a need to enhance the accuracy
of the paper by utilizing the data from the features in an efficient manner.

Convolutional network segment brain MRI semantic pictures were
employed by the authors in [12]. In accordance with the findings, the brain
MRI separation study indicated good precision, as well as the area of
technology, had great reliability in the anatomical outcomes of the
classification of brain MRI. The MRI characteristics of CI patients were
retrieved using a convolutional network, and the results were outstanding.
Since the network has not saved the segmented image and processed it,
hence the features are not clearly estimated.

Brain tumours were classified using DL characteristics and machine
learning algorithms by the authors in [13]. The support vector machine
(SVM) with the basis function kernel outperformed other machine learning
classifiers, and the incorporation of DL greatly enhanced effectiveness.
Additionally, the properties of the sensors were examined, and the WHGO
descriptor demonstrated outstanding recognition accuracy for the model
classifiers. But it is also time-consuming and operator-dependent.

In [14] the objective of this study is to create a screening method to
identify hydrocephalus cases from head MRIs. A 3D convolutional neural
network was utilised to autonomously partition the other 480 exams and
retrieve volumetric anatomical information after being trained on 16 manual
segmentation exams (ten of which had hydrocephalus). On 240 exams,
a logistic learner of these variables was developed to spot instances
of hydrocephalus that needed surgical treatment for therapy. This approach
can speed up and improve neuroradiology reads as well as help with the
diagnosis of probable hydrocephalus. Still, this method needs to be further
enhanced to be automated.

The fuzzy brain-storm optimal solution, which combines fuzzy and
brain-storm objective functions, was suggested by the authors in [15] for the
segmentation and classification of medical images. Brainstorm optimizing
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prioritises the cluster centroids and focuses on them; like other swarm
techniques, it may fall into local optimization. The brain-storm optimizer is
interesting and surpasses the other strategies with superior outcomes in this
investigation. The fuzzy runs numerous cycles to propose an ideal network
model. But it can only be used to detect high-grade hydrocephalus.

Study [10] still needs to rely on data. In [11] there is a need
to enhance the accuracy of the paper by utilizing the data from the features
in an efficient manner. In [12], the network has not saved the segmented
image and processed it, hence the features are not clearly estimated.
Paper [13] is time-consuming and operator-dependent, [14] must be further
enhanced to be automated and [15] can only be used to detect high-grade
hydrocephalus. So, there is a need to develop a model which can overcome
all the above-mentioned issues in an accurate manner.

3. H-Detect Framework for Prediction of Hydrocephalus. This
research work proposes a code-based H-detect model that pre-processes
MRI brain images, segments them using Fuzzy and extracts the necessary
features, based on the features classifies them, and predicts them for early
recognition of hydrocephalus. We used an original dataset of 100 patients
from several testing facilities to test the algorithm. In order to extract better
features and weed out incorrect predictions, the input photos are first pre-
processed to reduce noise and normalise the image into a similar
comprehensible format. Then the normalized images are segmented using
the triangular membership function in fuzzy rules for Edge detection. The
edge-featured images are then used as a training and testing set. For training
and testing, we use datasets from the UCI machine learning laboratory and
mridata.org for our larger requirements. The training and testing set
includes characteristics of healthy individuals and cancer patients at various
stages. CatBoost is an open-source platform that is tailored in this paper to
predict hydrocephalus. CatBoost is an excellent choice because of its
resilience, capacity to handle various datasets from various sources, work
on non-numeric data and lack of knowledge of rigorous data preparation.
The algorithm can also accept categorical variables without displaying the
conversion type mistake, allowing the programmer to fine-tune the model
rather than correcting trivial errors.

The H-detect framework is a combination of segmentation
techniques, triangular fuzzy rules and the CatBoost algorithm. Feature
extraction is done by segmenting the image based on edge detection using
triangular fuzzy rules. Therefore, the exact information on the structure of
CSF inside the brain is efficiently highlighted. The segmented images are
given to the CatBoost algorithm. Thus, the H-detect strategy efficiently
predicts hydrocephalus.
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Steps followed in the proposed method:

Step 1. Pre-process image to remove noise.

Step 2. Design fuzzy input and outputs.

Step 3. Define membership functions.

Step 4. Define Fuzzy rules.

Step 5. Fuzzified images to get the segmented images.

Step 6. Label the segmented images and add them to the digitized
dataset.

Step 7. Construct a structure and append labels and images to that.

Step 8. Split the data into training and testing sets.

Step 9. Apply the CatBoost algorithm to generate results.

Step 10. Take an MRI of a new patient and segment using fuzzy
rules in step 2. Create labelled data.

Step 11. Apply predictive analysis.

The proposed method, H-detect, can be categorized into three
sections: pre-processing, segmentation, and classification as shown in
Figure 1. The subsequent sub-sections explain the overall methodology
under the three steps mentioned earlier.

_..—l

Input Image Image Bre- Image
Processing Segmentation

CatBoost
Algorithm
-« «—

-

Detected Assess Image
Hydrocephalus Accuracy Classification

Fig. 1. Process flow diagram of the proposed H-detect method

3.1. Pre-processing. In computer-aided medical diagnostics, image
pre-processing is a crucial component, specifically in hydrocephalus-related
classification, thereby the segmentation and feature extraction algorithms
can perform efficiently. Accurate hydrocephalus detection and
segmentation lead to precise feature extraction and classification of
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hydrocephalus. If the image is pre-processed according to image size and
quality, precise hydrocephalus segmentation is feasible which is essential
since most real-world data is noisy, inconsistent, and incomplete.

The quality of the acquisition equipment to capture the scene being
imaged, such as the structures of the human body, is fundamental for visual
interpretation and analysis of digital pictures. It is standard procedure to
pre-process images to adjust or improve them before feeding them into
more sophisticated processing steps. When deep machine learning is used to
edit images, common pre-processing tasks include adjusting their initial
dimensions and the augmentation of their intensity. Before feeding the
learning machines, the dimensions of the input images are normally reduced
to an appropriate size. The basic assumption of size reduction is to reduce
the learning machines' compute times at the rate of image quality.

There is a requirement to establish a baseline dimension for all
photos input into our Al algorithms in order to extract the features quickly
without generating any incorrect predictions because the size of some
images captured by the camera and provided to our Al technology
fluctuates. The proposed framework employs the following approach to
eliminate noise and provide a suitable scale to the input image shown in
Figure 2.

Fig. 2. MRI Image of the brain with Hydrocephalus
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Algorithm 1. Pre-processing

Setup: Initialize required variables

Start

Step 1: Read the MRI image

Step 2: Get the dimensions of the image I
Step 3: Get a grey threshold of Ig

Step 4: Get the class type of red channel of I
Step 5: Determine the scaling factor

Step 6: Get a red channel of

Step 7: Lcareq = Ig/scaling Factor

In this paper, the input image is first imparted to the H-Detect
algorithm, which retrieves the image information first. Sound interruption,
offset field effects, and short-channel impacts could happen while
processing brain images. The converted grey threshold function is then used
to compute a threshold value. As just one channel is evaluated in each
iteration, the algorithm determines the original image's grey threshold value.
The image's scaling factor is also determined using the threshold value and
Class type.

Step 1. Get Step 2. Find Step 3. Find Step 4. Crop
the original image the biggest contour the extreme points the image

Fig. 3. Pre-processing steps involved in the proposed method

Figure 3 clearly shows the normalization of the image by finding the
biggest contour, finding the extreme points and scaling the image. Finally,
one image channel is retrieved and split by the scaling factor to generate
anormalized image, allowing the algorithm to gather features through
correct segmentation and eliminating erroneous classification. The next
phase in identifying Hydrocephalus is feature extraction with segmentation,
detailed in the next section.

3.2. Segmentation based feature extraction. The process of
simplifying and modifying the representation of an image into a much more
relevant and simpler form to analyse is known as segmentation. Image
segmentation is commonly used to find objects and borders in images.
Medical image segmentation is critical in demarcating areas of interest
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under investigation. It is required in nearly all medical imaging applications
and is necessary for automated disease state identification in diagnostic
imaging. Nevertheless, because of separate variations and the difficulty of
human organs like the brain, segmentation outputs from medical images,
particularly those of brain hydrocephalus, are insufficient.

Medical brain pictures are ambiguous by nature and are therefore
rife with ambiguity in diagnosis and prediction. The pixel grayscale border
between the limit of the brain image and the background becomes hazy and
overlapped due to the interaction between light and spatial resolution with
brain pictures. It is also challenging to accurately depict the connections
between the borders, points, and areas of the locations in the scene due to
the influence of equipment elements, which increases the uncertainty, since
voxels on a boundary often include two substances, such as border and
item.

In order to improve the effectiveness of brain image classification as
well as diagnostics, this work makes use of the boundary information of
unlabelled and labelled data in brain medical imaging. The human brain
MRI image is divided into various situations. Finally, the enhanced
algorithm creates a brain disorder medical image segmentation system via
fuzzy rules with a triangular membership function.

Algorithm 2. Segmentation

Setup: Initialize required variables from the pre-processed image

Start

Step 1: Create a new fuzzy structure based on the triangular membership
function.

f@=m (m (G=.==).0) (M

where f(x) is the Triangular membership function,
a, b, c are the parameters,
x is the input value.
Step 2: Add image gradients as input and add output variables.
Step 3: Declare the membership function as P, , P;.
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(OifFSSW
(F,—w)
KB =N py 2)
(e—b) "P=f=¢
Oif Fs>e

where u(F,) is the membership function,

Fs is universe of discourse,

w is white,

b is black,

e is edge.

Step 4: If all the membership function equals 0, then black.

Step 5: If anyone or more numbers of the membership function are
not equal to 0, then edge.

Step 6: If all the membership functions are not equal to 0, then white.

Step 7: Create an empty matrix for the output.

Step 8: Collect the rules, and create the array.

Step 9: Evaluate fuzzy rules and add the rules to FIS based on the
following function:

ZVR ZVG ZVB F(Imri)VRGB’ (3)

where VR: Red Channel,

VG: Green Channel,

VB: Blue Channel,

L,is: Pre-processed MRI image, (dcom converted to jpg).

Step 10: Segment the image based on fuzzy rule-based feature
extracted image:

vai Imri n F(Imri)a (4)

where V,,,;: All the elements of the MRI image,

Sseg: Edges detected using (3),

Iyri: Pre-processed MRI image (converted into jpg),

F (I,;,yi): Fuzzified image.

The segmentation is computed with fuzzy membership values using
the triangular membership function. The augmented image shown in
Figure 4 obtained after pre-processing for separate channels is taken as
input. Then the proposed H-detect has designed a fuzzy model to segment
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the RGB MRI images with a triangular membership function. The
mathematical representation of the triangular membership function is
explained in steps 1 and 3. The images are segmented with different
membership functions to choose the right membership function as shown in
Figure 5. The other parameters remained the same. The functions in steps 9
and 10 are employed to design the Fuzzy model, and then the designed rules
are applied to detect the edges. The whole algorithm is repeated for green
and blue channels also. Thus finally, the segmented RGB image is obtained
by overlaying the segmented R, B and G channel images.

Fig. 4. Augmented image with a single channel for edge detection

Fig. 5. Segmented Hydrocephalus Images

3.3. Classification. All the segmented images are stored in a folder
and are scaled to bring uniformity. The scaled images are read one by one
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from the folder, and a threshold value is predicted by calculating the mean
of the minima of an Image. The threshold of all the images is summed up
and then divided by the number of images in the folder. It gives us the
scaling factor. The folder is again iterated, and every image is divided by
the scaling factor and forms the image dataset; thus, the image will be free
from all falsifying factors, enhancing accuracy.

Then a label is assigned to each dataset for classification. Before
applying CatBoost, the data type is changed to float. It is then flattened and
then divided by 255 (pixel value). We use steps 4 and 5 to design the model
and then fit the data on the model. Once the model fits, a new image is
taken, and predictive analysis is done, as explained in Step 7.

Setup: Initialize required variables

Start

Step 1. Read folder having Edge featured images.

Step 2. Create a learning dataset using fn (3):

VSeg

> {F(sie) ) )

i=1

where VS, ,: All the elements of the segmented image from (4)

{F (Sseg)i}: The segmented image taken as features

Step 3. Label the data.
Step 4. Create the CatBoost classifier model:

S0 {F (Seeq) ) (©6)

where VS, ,: All the elements of the segmented image from (4),

{F (Sseg)i}: The segmented image taken as features.
Step 5. Train the CatBoost classifier model with training data:

Z DC ({Ftrain ’ Ftest })l (7)
VF

where VF: All the features,
D.({Fyain» Frest }): Apply CatBoost on the Training and testing set
Created after (6).
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Step 6. Fit the model on Dataset, Data Label.
Step 7. Test the model using (8):

Z P(VR! Nfeature )' (8)
VR

where VR: Results of CatBoost,

P(VR, Ngnive ): Predictive analysis of New Features.

The CatBoost classifier is one machine learning technique that's also
effective in forecasting classified variables. Gradient boosting is carried out
via CatBoost, which uses binary decision trees as baseline forecasts [16].

Xj = X, X7 e .., %] vector of n features and response feature y; € R,
which can be binary (i.e., yes or no) or encoded as a numerical feature
(Oor1). Samples (X;,y;) are independently and identically distributed
according to some unknown distribution (+,). The goal of the learning task
is to train a function H : R® — R, which minimizes the expected loss given

as:

L(H) = EL(y, H(X)), 9)

where L(:,) is a smooth loss function, and (X, y) is testing data sampled
from the training data D.

The procedure for gradient boosting constructs iteratively a sequence
of approximations H: R™ - R,t = 0,1,... in a greedy fashion. From the
previous approximation Hf™1, H® is obtained in an additive process, such
that H® = H*™! + ag'. With a step size a and function g*:R™ — R,
which is a base predictor, is selected from a set of functions G to reduce or
minimize the expected loss defined below:

g" = argminge; L(H™ + g), (10)

= argmingeg EL(y, H1(X) + g(X)). (11)

Often, the minimization problem is approached by the Newton
method using a second-order approximation of L(H*™* + g%) atH!™?! or by
taking a (negative) gradient step.
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Thus, the suggested H-detect algorithms accurately identify
Hydrocephalus in brain MRI images with minimal processing time. One
ofthe predictions is depicted in Figure 6. The suggested technique
effectively eliminates incorrect predictions and overfitting. The next part
evaluates and discusses the results gained by applying the proposed strategy
and its performance.

Actual class: 0
Predicted class: 1

Fig. 6. Prediction of labelled image classes

4. Result and Discussion. The proposed H-detect technique is
implemented in MATLAB. MRI images are converted from DCOM to jpg
format using a third-party tool. If we discuss about pattern recognition we
may use the YOLO technique but in this section, we initialized the basic
approach to segmentation for hydrocephalus detection. 3D image
processing technique is used for visualization, processing, and analysis of
3D image data through geometric transformations. The 3D approach can be
also applicable for such tasks since CT is a sequence of images of a brain
and the 3D approach can also be useful for the diagnosis of hydrocephalus
with a couple of datasets. 3D is an older technique. Here, we use the
Catboost algorithm which is used for prediction and classification. It is
much better than 3D for various factors such as segmentation, classification,
decision-making, precision and accuracy. By applying Catboost with fuzzy
logic, the proposed system works better than the existing work. The output
of the implementation and the obtained results are discussed in this section.

4.1. System Configuration.

Processor : Intel Core i5, V generation

RAM : 16 GB
Graphics : Nvidia
HDD :1TB

(0N : Windows 10
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4.2. Dataset description. Hydrocephalus datasets from three testing
labs have been taken. Due to the non-disclosure agreement, further details
cannot be shared. The dataset also includes records of Tumor, Malignant,
Benign, and Hydrocephalus which were taken from Brigham and Women's
Hospital, Surgical Planning Laboratory, Department of Radiology, Harvard
Medical School (Boston, MA, USA), BRATS, BITE, metadata.org, and
cancerimagingarchive.net.

4.3. Implementation results. The image of Figure 7, 8 shows the
input dataset containing both brain MRI images with and without
hydrocephalus. The distribution of the images with respective ratio values is
given below in Figure 9. The H-detect model predicts the hydrocephalus
efficiently.

" T ! [ \
iﬁ:‘" \ ‘ J ‘ .
- \.- - . . .

Fig. 8. Dataset images without hydrocephalus
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Count

: _ ooen N |

0.8 10 12 14 16 18
Ratio Value
Fig. 9. Distribution of Image Ratios

The cat boost model has 34 Iterations, 0.05 Learning rate, depth of
12 and multi-class loss function.

4.4. Performance metrics. The following formulae from (12)
to (15) are calculated for checking the robustness of H-detect Precision,
Recall, Accuracy, and F1 scores. True Positive (TP), True Negative (TN),
False Positive (FP), and False Negative (FN) are the metrics used to
calculate the scores:

Precision = — (12)
recision = (TP n FN),
Recall = —— 13
ecatt = (TN_I_FP); ( )
(TP + TN)
A = , 14
CCUracy =Tp + TN + FP + FN) (14)
2 x (Precision X Recall)
Fl1= (15)

(Precision + Recall)

The confusion matrix that was produced after using the proposed
approach is shown in Figure 10. A True Positive (TP) value of 19, a True
Negative (TN) value of 0, a False Positive (FP) value of 1, and a False

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print) 509
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBIN MHTEJIJIEKT, UHKEHEPUS JIAHHBIX M 3HAHUI

Negative (FN) value of 30 are displayed in the matrix. Thus, utilizing the
proper extracted features obtained from the fuzzy triangular membership
function increases the accuracy which is clear as the model has just a 1%
loss.

Confusion matrix

{0, "NO'}

Tue label

{1, "YES")

L Lo

Predicted label

Fig. 10. Confusion matrix obtained for the proposed method

The proposed model's accuracy and loss function are depicted above
in Figure 11. The validation set performs significantly better than the
training set as the CatBoost algorithm performs efficient prediction. With
40 epochs, the maximum accuracy of 0.99 was achieved. The validation
set's loss is similarly lower than the training sets. With 40 epochs, only 0.1
of loss was observed.

Model Accuracy Model Loss

" _/\Nv\_/v\_/ W o

gnw /\/ £a0
]

— Tanset
—— Vi St

AN

a B n I3 £ E3 n E3 = [ s it 15 3 E3 »n E3 Ll
Epachs Epochs

Fig. 11. Performance Graph obtained for the proposed method
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Table 1 displays the performance of the proposed H-detect method
based on its precision, accuracy, F1 score and recall. As this research
removed the unwanted noises, normalized and extracted features from fuzzy
logic and utilized the CatBoost algorithm for prediction the findings
indicate that the proposed technique has obtained 99% precision, accuracy,
F1 score, and 100% recall.

Table 1. Performance metrics of the proposed method

Performance measures Value
Precision 0.99009901
Recall 1
Accuracy 0.995
F1-score 0.995025

4.5. Comparison Metrics. Table 2 shows the variation in time taken
for the segmentation proposed method compared with Consecutive deep
encoder-decoder networks, Morphological adaptive fuzzy thresholding and
Fuzzy c-means. The graph shows that a Consecutive deep encoder-decoder
network takes 3021 ms, Morphological adaptive fuzzy thresholding takes
1894 ms, and Fuzzy c-means takes 189 ms. Our proposed method, H-detect,
takes just 62 ms, as fuzzy logic uses the triangular membership function
which is much faster than the conventional methods.

Table 2. Comparison of time taken in segmentation with different techniques

Model Time (in ms)
[17] Consecutive Deep Encoder-Decoder Network 3021
[18] fuzzy c-means 189
[19] Morphological Adaptive Fuzzy Thresholding 1894
H-detect 62

Table 3 above exhibits how the proposed methodology compares
to the Consecutive deep encoder-decoder network, Morphological adaptive
fuzzy thresholding, and Fuzzy c-means in terms of classification duration.
The graph shows that the Deep Convolutional Neural Network requires 261
milliseconds, Spark-based parallel fuzzy c-means requires 278 milliseconds,
F score-based method requires 176 milliseconds. Our proposed method,
H-detect requires only 98 milliseconds, which is significantly superior to
the conventional methods by utilization of the CatBoost algorithm.
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Table 3. Comparison of time taken in classification with different techniques

Model Time (in ms)
[20] Deep Convolutional Neural Network 261
[18] Spark-based parallel fuzzy c-means 278
[21] F score-based method 176
H-detect 98

Table 4 tends to parallel the accuracy of the proposed method
founded on the membership function used. The proposed method uses
triangular membership, compared with singleton, gaussian, generalized bell,
and sigmoidal functions. The results show that the proposed membership
function has 100% exactness, accurateness, F1 score and recall, which
shows that the proposed triangular membership function is the most
superior function to the traditional one in all aspects.

Table 4. Performance metrics based on membership function

%{lennclzzflsshlp Precision Accuracy F1-score Recall
Singleton 0.900901 0.945 0.947867 1
Gaussian 0.925926 0.96 0.961538 1
Generalized Bell | 0.884956 0.935 0.938967 1
Sigmoidal 0.943396 0.97 0.970874 1
Trapezoidal 0.961538 0.98 0.980392 1
Triangular 1 1 1 1

Table 5 compares the suggested method's performance dependent on
various types of cancer data like tumour, benign, malignant and
Hydrocephalus. The suggested technique compares the exactness,
correctness, F1 score and recall. The findings indicate that 100 percent
exactness, accurateness, F1 score, and recall have been obtained for
Hydrocephalus, demonstrating that the proposed H-detect method
is outstanding to the conventional one.

Table 5. Performance based on the type of cancer

Type Precision Accuracy F1-score Recall
Tumour 0.99009901 0.995 0.9950249 | 1
Benign 0.981 0.99 0.989 1
Malignant 0.980392157 | 0.99 0.990099 1
Hydrocephalus 1 1 1 1

512  Undopmaruka u asromarusauus. 2024. Tom 23 Ne 2. ISSN 2713-3192 (nieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

Table 6 shows the accuracy of 7 various methods compared with our
proposed method with and without noise. The graphs depict that the
proposed method has shown outstanding results than the previously
proposed method, with 99.9% accuracy with and without noise as the pre-
processing step efficiently contributes to the accuracy.

Table 6. Accuracy comparison with different techniques

Method With Noise Without Noise

[22] KM 0.9720 0.6239
[23] RKM 0.9743 0.7832
[24] FCM 0.9728 0.7698
[25] RFCM 0.9782 0.7806
[26] GRFCM 0.9679 0.7622
[27] SFRCM 0.9264 0.7786
[28] RIFCM 0.8992 0.9016
Proposed 0.99 0.99

Table 7 compares three other conventional models based on
precision, accuracy, F1 score and recall. The results obtained showed that
the proposed model has the best precision of 99%, the accuracy of 99.5%,
the F1 score of 99.5 %, and the recall of 100% proving that the proposed
method is the best one with précised pre-processing step, fuzzy logic with
triangular membership function-based segmentation, edge-based features
and the CatBoost classification methodology.

Table 7. Comparison of performance with different techniques
Algorithm Precision Accuracy | Fl-score | Recall
[29] Fuzzy Reasoning Model | 0.917431193 0.955 0.956938 1
[30] Modified Timed
Automata Model 0.934579439 0.965 0.966184 1
[31] Gaussian Mixture Model | 0.952380952 0.975 0.97561 1
H-Detect 0.99009901 0.995 0.995025 1

5. Conclusion. This research adopted MRI data to detect various
kinds of Hydrocephalus early. The brain and hydrocephalus volumes are
heavily influenced by the spatial resolution of successive brain cross-
sections and the slice thickness employed during CT imaging. As a result,
the focus of this study is on two major enhancements. Firstly, the image
segmentation method will be enhanced, allowing for better separation of the
targeted brain areas by utilizing a neural fuzzy method with a triangular
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membership function. Then for predictive analysis, a classifier based on the
cat boost method is presented to classify Hydrocephalus. For novelty, we
aggregate the fuzzy rules and CatBoost for better results. According to the
observations, the suggested model has a precision, accuracy, and an F1
score of 99% and a recall of 100%. In each aspect, the comparative findings
have shown to be superior to the conventional ones. As a result, the
proposed H-detect approach can reliably diagnose Hydrocephalus early
without any false predictions or overfitting issues, allowing numerous
people's lives to be saved. In future studies, we may impose a particular
feedback system to monitor the diagnosis system for hydrocephalus in a
medical era so that the processing time may be reduced.
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J. BAJioHM, 1. PAiA, IT. CUBATAMUHATAH, X. AHAHJAPAM, M. TAIUIMSLI,
K. JIxomm
H-DETECT: AJITOPUTM PAHHET'O BBISIBJIEHUS
TUJAPOLE®AJINN

Banonu /1., Pau ., Cusacamunaman I1., Anandapam X., Tanmusn M., Jorcowu K. H-Detect:
aJITOPUTM PaHHEr0 BbISIBJICHHS ruapouedannm.

AnHoranus. I'maponedamms — 3710 3aboneBaHHe LEHTPATLHOH HEPBHOH CHCTEMBI,
KOTOpOE 4Yallle BCEro MopaxkaeT MIIAJCHIEB U JeTeil sicenbHoro Bo3pacra. OHO HauMHAeTCs
C aHOMAJIBHOTO HAKOIUICHHS CIIMHHOMO3IOBOH JKMAKOCTH B JKEIYJOYKOBOH CHCTEME
ronoBHOro Mosra. CreoBaTenbHO, KU3HEHHO BAXKHOH CTAHOBHUTCS DaHHSSA IUATHOCTUKA,
KOTOpasi MOXKET OBITh BBIOJHEHA C IIOMOIIBIO KoMIbioTepHOi Tomorpaduu (KT), oguoro us
HauOonee HddexTuBHBIX MeTonoB auarHoctiku ruapouedamuu (KT), mpu koropom
CTaHOBUTCS OUCBUIHBIM YBEIUUCHHE JKeIyJ0UKOBOI cucTeMbl. OHAKO OONBIIMHCTBO OLEHOK
NPOrPECCUPOBaHMsl 3a00JICBaHUSI OCHOBAHBI Ha OLCHKE PEHTICHONora M (H3HYECKUX
[IOKA3aTeNsiX, KOTOPHIC SBISIIOTCS CYOBCKTUBHBIMH, OTHHMAIOIIMMH MHOTO BpPEMEHH
U HETOYHBIMH. B 9Toif crathe paspabaTeiBaeTCs aBTOMATHYECKOE IPOTHO3HPOBAHHE
¢ HCTIONB30BaHueM (¢peliMBopka H-detect 1Jisi TMOBBINICHHS TOYHOCTH HPOTHO3MPOBAHMUS
rugpouedanuu. B aTol craThe HCHONB3yeTCs OdTal MpEeNBAapUTENBHOH 00paboTKU  uis
HOpPMa/M3alMi BXOJHOTO M300paKCHHS U yHAICHUS HEKEIATCIbHBIX IIYMOB, YTO MOXET
IIOMOYb JICTKO M3BJICYb IICHHBIC NMPH3HAKH. BEIIeNeHNe NMPU3HAKOB OCYIIECTBILSIETCS MyTEM
CErMEHTALMH H300paKeHHs Ha OCHOBE ONPE/ICICHHS TPAHMIL C UCIIOIB30BaHUEM TPEYTOIbHBIX
HedeTKHX mpaBumi. TakuM o0pa3oM, BBIAESCTCS TOYHAs MH(OPMALUS O MPUPOAE JIUKBOPA
BHYTPH MO3ra. DTH CErMEHTHPOBaHHBIC M300PAKCHUSI COXPAHSIOTCS M CHOBA IIEPEIAIOTCS
anroputMmy CatBoost. OOpaboTka KaTeropuajibHBIX IPH3HAKOB I0O3BOJISIET YCKOPUTH
oOyuenue. [Ipu HEOOXOAUMOCTHU IETEKTOP HEepeoOydeHHsI OCTAaHABIMBAET O0YYEHUE MOJICIH H,
TakuM 00pa3oM, 3((HEeKTHBHO MPOrHO3UPYeT rujapouedanuio. Pe3yabraTsl JEMOHCTPUPYIOT,
41O HOBast ctparterus H-detect mpeBOCXOANT TpaUIIMOHHbIE HOJXO/IbL.

KaroueBble cioBa: rungponedanus, kommbioTepHas ToMorpadus (KT), wmerox
H-nereknuy, CNMHHOMO3roBas JKHIKOCTh (JIMKBOP), TPEYrONbHBIC HEUYETKHUE IIpPaBHIIA,
oOHapyXeHHE KpacB.
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EEG ANALYSIS USING WEARABLE HEADBAND

Romaniuk V., Kashevnik A. Intelligent Eye Gaze Localization Method Based on EEG Analysis
Using Wearable Headband.

Abstract. In the rapidly evolving digital age, human-machine interface technologies are
continuously being improved. Traditional methods of computer interaction, such as a mouse
and a keyboard, are being supplemented and even replaced by more intuitive methods, including
eye-tracking technologies. Conventional eye-tracking methods utilize cameras to monitor the
direction of gaze but have their limitations. An alternative and promising approach for eye-tracking
involves the use of electroencephalography, a technique for measuring brain activity. Historically,
EEG was primarily limited to laboratory conditions. However, mobile and accessible EEG devices
are entering the market, offering a more versatile and effective means of recording bioelectric
potentials. This paper introduces a gaze localization method using EEG obtained from a mobile
EEG recorder in the form of a wearable headband (provided by BrainBit). The study aims to
decode neural patterns associated with different gaze directions using advanced machine learning
methods, particularly neural networks. Pattern recognition is performed using both ground truth
data collected from wearable camera-based eye-tracking glasses and unlabeled data. The results
obtained in this research demonstrate a relationship between eye movement and EEG, which can be
described and recognized through a predictive model. This integration of mobile EEG technology
with eye-tracking methods offers a portable and convenient solution that can be applied in various
fields, including medical research and the development of more intuitive computer interfaces.

Keywords: eye-tracking, EEG, neural networks, wearable EEG, supervised learning,

unsupervised learning.

1. Introduction. In an ever-evolving world humans predominantly rely
on vision as the primary conduit for gathering information and making decisions.
This centrality of vision is mirrored in modern computing interfaces, which
are predominantly graphical and designed for interaction through screens. As
technology advances, new methods of control — ranging from body movements
to eye movements, speech, and even brain activity — are being developed to
foster more natural and intuitive human-computer interactions.

Eye-tracking technologies have witnessed significant advancements
in terms of accessibility and ease of use. These technologies record eye
movements to pinpoint an individual’s focal point and are increasingly being
employed in both academic research and commercial applications. Traditional
eye-tracking methods often utilize video cameras to capture the shape of the
pupil or other markers. While effective, these methods come with limitations,
such as sensitivity to light levels and the necessity for open eyes [1].

An alternative and promising approach to eye tracking is the use
of electroencephalography, a technique for measuring brain activity. Eye
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movements affect EEG recordings by adding muscle and eye dipole potentials
to signals recorded by EEG electrodes [2]. This effect can be used to extract eye
movements from recording. Like traditional eye-tracking methods, EEG does
come with its own set of challenges. It is highly constrained by environmental
factors, such as electromagnetic interference, but it doesn’t require specific
lighting conditions or opened eyes, making it versatile in different scenarios.
Historically, EEG was predominantly limited to laboratory settings and required
specialized equipment and trained personnel. However, mobile and affordable
EEG devices are revolutionizing this domain, offering a more versatile yet
effective means of capturing biopotentials [3].

This study aims to investigate the correlation between EEG collected by
BrainBit — wearable headband [4], and eye movements recorded by eye tracker.
We hypothesize that there exists a correlation between eye gaze direction
based on a change of coordinates for 0.1 second and electrical activity from
01, 02, T3, and T4 leads recorded by wearable EEG. We aim to decode the
neural signatures associated with different gaze directions using advanced
machine learning techniques, particularly neural networks. Our approach
combines the strengths of both EEG and eye-tracking technologies, offering a
comprehensive perspective on gaze localization. The use of a wearable EEG
headband facilitates data collection in more naturalistic settings, enhancing
the ecological validity of our findings.

Objectives of the study:

1. Collect and find recordings of eye activity recorded by camera-based
devices and EEG recorded by wearable devices;

2. Preprocess and normalize the data;

3. Develop predictive models using supervised and unsupervised
machine learning methods.

The scientific novelty of the paper includes employing a wearable EEG
headband for collecting a unique dataset with an uncommonly low number of
EEG channels and a correlational research of this data with eye movements to
localize gaze.

The rest of the paper is structured as follows: Section II provides a
comprehensive review of existing literature on eye movements, EEG data,
and the challenges posed by artifacts in EEG data. It also discusses the
integration of EEG and eye-tracking, the challenges and solutions associated
with mobile EEG systems, and the combination of EEG and eye-tracking in
mobile scenarios. Section III explains the methodology of the study. It begins
with a general description of the study’s objectives and approach. The dataset
subsection provides details about the participants, experimental setup, and
methodology for the two used in the study datasets. The first dataset is collected
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during this study using the BrainBit EEG headband and PupilLabs eye tracker.
The second one is the open NeuMa dataset [5]. The preprocessing subsection
discusses the challenges and solutions for handling eye movements in EEG
data. The neural network architecture subsection describes the supervised and
unsupervised machine learning models used in the study. Supervised learning
is presented by feedforward and recurrent neural networks. They use previously
discussed datasets to build predictive models based on known ground truth.
Unsupervised learning is presented by clustering datasets with time-specific
distance calculation. Section IV presents the results of the study. It provides
a detailed analysis of the performance of different machine-learning models.
The results from both supervised and unsupervised learning approaches are
discussed. Section V summarizes the main findings of the study, discusses its
implications, and suggests directions for future research.

2. Related work. The integration of EEG and eye-tracking technologies
has garnered significant attention in the realm of cognitive and neuroscientific
research over the past years. Numerous studies have sought to harness the
complementary strengths of these two methodologies.

In study [6] the authors provide a comprehensive discussion on the
challenges posed by eye movements in EEG data. They emphasize the
importance of identifying and effectively correcting them to ensure the accurate
interpretation of underlying neural signals.

The use of Independent Component Analysis (ICA) combined with a
high temporal resolution eye tracking has been highlighted as a promising
approach for identifying and correcting ocular artifacts in laboratory EEG
data [7]. In study [8] the authors introduced the VME-DWT algorithm, which
efficiently detects and eliminates eye blinks from short segments of single
EEG channels using Variational Mode Extraction (VME) and the automatic
Discrete Wavelet Transform (DWT) algorithm. In [9] the authors developed the
"Optimized Fingerprint Method" that utilizes spatial, temporal, spectral, and
statistical features to automatically classify artifactual independent components
in EEG, achieving over 90% accuracy in identifying artifacts of physiological
origin. In study [10] the authors proposed a framework combining unsupervised
machine learning with singular spectrum analysis (SSA) to remove eye blink
artifacts without altering the uncontaminated EEG regions.

The integration of EEG and eye tracking provides a comprehensive
understanding of cognitive processes during visual tasks. In paper [7] the
authors developed a system that captures EEG signals during eye movement
and employs a random forests classification algorithm to categorize them into
6 classes — eyes open, close, left, right, up, down.
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In [11] the authors introduced the BeMoBIL Pipeline, a MATLAB-
based solution that supports the synchronized handling of multimodal data,
including EEG and eye tracking. It presents a new robust method for region-
of-interest-based group-level clustering of independent EEG components.

In paper [12] the authors explored a multimodal approach for identifying
Autism Spectrum Disorders of children by fusing EEG and eye-tracking data,
demonstrating the potential of such integrative methods in clinical applications.
The approach consists of extracting EEG and eye-tracking features from data
and using two separate deep learning models for feature processing accordingly
at the first step and one deep learning model for processing the outputs of the
first step.

In study [13] the authors used an eye tracker to improve the detection of
evoked responses to complex visual stimuli during EEG by excluding moments
when the gaze was disoriented. This approach increased the accuracy of
detection by 15%.

In paper [14] the authors employed a wearable EEG headset with
stationary eye tracker for prediction of decisions made during the product
design selection. They concluded that the fusion of eye movements and EEG
characteristics can significantly improve the efficiency of decision-making
in projects compared to using a single data processing method. In their
experiment, the accuracy improvement was more than 10%.

Mobile EEG systems, while offering the advantage of capturing brain
activity in naturalistic settings, come with inherent challenges.

One of the challenges associated with mobile EEG is the reduced
number of channels compared to traditional stationary EEG systems. This
limitation can potentially impact the quality and interpretability of the recorded
data.

In [15] the authors conducted a study where participants performed
an auditory oddball task while concurrently completing various motor tasks
outdoors. The study utilized a 30-channel mobile EEG montage and observed
that increased movement complexity imposed a higher workload on the
cognitive system, effectively reducing the availability of cognitive resources
for the cognitive task.

In paper [16] the authors explored a human EEG-based emergency stop
interface designed to activate when the human operator detects or foresees
a potential emergency. The study employed a mobile EEG recorder with 14
channels and utilized a decision tree for classifying the operator’s state. While
the use of mobile EEG introduced complexities to the classification task, the
findings indicated consistent EEG signal patterns across various potential
emergencies.
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In study [17] the authors specifically addressed the challenges of
Independent Component Analysis (ICA) decomposition in both mobile and
stationary EEG experiments. They found that while commonly used settings
(like stationary experiments with 64 channels and a 0.5 Hz filter) yield
acceptable ICA results, mobile experiments with fewer channels require higher
high-pass filter cutoff frequencies for optimal decomposition.

In study [18] the authors researched the existence of cardiogenic artifacts
in EEG recorded by single-channel mobile EEG and proposed an algorithm
for automated artifact detection and removal.

These studies underscore the importance of considering the limitations
and specific requirements of mobile EEG systems, especially when working
with a reduced number of channels. While mobile EEG offers unique
opportunities for research in real-world settings, careful preprocessing and
data analysis are crucial to account for the challenges posed by the limited
channel count.

The combination of EEG and eye tracking in mobile scenarios offers
valuable insights into cognitive processes during visual tasks.

In [19] the authors explored this domain by investigating the automatic
detection of visual attention using pre-trained computer vision models in
conjunction with human gaze in mobile eye-tracking scenarios.

In [20] the authors investigated the impact of swiping direction on the
interaction performance using mobile EEG and eye-tracking technology.

Table 1 provides a summary of these works. Many researchers are
affected by eye activity in their data and remove it as well as use of additional
devices to collect such activity. There is no one-size-fits-all solution. The
choice of method often depends on the specific application, the nature of the
artifacts, and the constraints of the mobile device. Continuous research and
development in the area of mobile EEG and eye tracking are essential to further
enhance the reliability and utility in real-world scenarios for improving and
extending existing ways of working with human activity.

3. Method. The primary objective of this study is to investigate the
intricate relationship between eye movements and neural activity as captured
by EEG recordings. The method of this study includes dataset collection and
selection, preprocessing of this data and applying two different deep learning
techniques — supervised and unsupervised learning of predictive models.
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Table 1. Summary of the related work
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3.1. General Description. The study involves the collection and
analysis of EEG and eye-tracking data from participants engaged in predefined
tasks. The data is then subjected to a series of preprocessing steps to extract
meaningful patterns and eliminate potential noise or artifacts. Subsequent to
preprocessing, the data is fed into neural network models, both supervised and
unsupervised, to discern patterns and relationships.

Figure 1 provides a visual overview of the entire process, showing the
flow from data collection to analysis. The subsequent sections explain the
specifics of the dataset, the experimental setup, and the models employed. The
first section describes data collection in terms of devices, tasks and information
that we collected. The second section gives an overview of datasets with the
recordings of information. The third section lists the models and classes that
were used to do predictions.

Eye-tracker ]
Computer Mobile EEG
(Eye movements, gaze direction, [—m [— N
scene video QOperator (4 channels of potentials)
Predefined movements T T
application Natural reading
(eye movements, gaze direction)
¥ k4
Predefined movements Matural reading NeuMa
7 participants 2 participants 42 participants
1 recording per participant 7 recordings per participant 1 recording per participant
~15 minutes per recording ~15 minutes per recording ~5 minutes per recording
Supervised models Unsupervized models
Saccade Detection Direction Detection Clustering
Model Model with DTW distance

Fig. 1. A general description of the proposed method (from data collection with the
signal collecting sources to deep learning models that use it)

3.2. Dataset. The dataset used in a study plays a pivotal role in shaping
the outcomes and conclusions drawn from the research. In this section, we
provide a comprehensive overview of two datasets employed in this study and
preprocessing of these data. The first dataset is collected for this study using
wearable devices. The second an one is open NeuMa dataset that can be used
in the same way as the first one. The preprocessing part includes specifics of
work and extracting valuable information from EEG and eye-tracking data.

3.2.1. Our Dataset. A new dataset was recorded for the purpose
of this study. Data were collected during two tasks: predefined movements
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and natural reading. The recording involved the use of a wearable
EEG recorder in the form of a headband and a wearable eye tracker in
the form of glasses.

Seven (6 males; 1 female; age 21 + 3 years) healthy volunteers with no
neurological or vision deficits participated in this study. All seven participants
were recorded in an experiment with predefined movements for ~ 15 minutes,
in total 90 minutes of recording. Two participants were recorded in 6 sessions
of natural reading experiments 15 minutes each, in total of 180 minutes of
recording.

EEG was recorded using a 4-channel mobile band (BrainBit, 100Hz
sampling rate). Dry electrodes were placed at O1, O2, T3, and T4 points
according to the 10/20 system. Eye gaze data was collected using glasses with
video cameras that point to the pupils (Pupil Invisible [21], 60Hz sampling
rate). The computer showing tasks with a Full HD resolution 23-inch display
was positioned at a distance of 1 meter in front of the person with a refresh
rate of 60Hz.

The structure of the experiments remained consistent regardless of
the specific task assigned to the participants. The typical procedure for each
experiment is as follows:

1. The participant sits in a comfortable position in front of a computer
screen, at a distance of 1 meter. Relaxation and minimization of body
movements are emphasized.

2. Connection and calibration of the glasses are performed.

3. Connection and verification of electrode contact with the mobile
recorder are conducted.

4. Instructions specific to the current experiment are provided.

5. The participant performs the assigned task.

6. Devices are disconnected and the experiment concludes.

For the predefined movement experiment, a graphical application
was developed. This application displayed fixation points alternately to the
participant. These fixation points were located centrally and at 16 surrounding
points as shown in Figure 2. The participants would fixate on each point in a
randomized sequence, and then return to the central point. The points alternate
each other in the interval from 2.5 to 3.5 seconds.
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® | Dataset recording = [} X
Settings

Connect Experiment 1 Experiment 2 Experiment 3

Super Up-Left SuperUp Super Up-Right

Little Up Left LittileUp Littile Up Right
Super Left Little Left Center Little Right Super Right
Experiment 3
Little Down Left LittdeDown Littile Down Right
Super Down-Left SuperDown Super Down-Right

Fig. 2. The interface of an application for predefined movement experiments showing
the position of points before the start

3.2.2. NeuMa Dataset. In addition to our dataset, an open dataset with
the recorded EEG and eye tracker data named NeuMa was also utilized [5].

The NeuMa dataset stores raw experimental data for 42 subjects
(23 males and 19 females, aged 31.5 & 8.84).

Structure of dataset:

1. EEG Data: Continuous mode brain activity recording. This includes
a time series of the 128 channels of EEG activity and corresponding timestamps
recorded at 600 Hz.

2. Eye Tracker Data: Gaze data metrics for both left and right eyes
recorded in 200Hz.

3. Mouse Clicks: Sequence of mouse clicks.

4. Mouse Positions: 2D screen coordinates corresponding to each
mouse click.

5. Markers: Information regarding alterations among brochure pages,
initiation, and completion of the experiment.

During the NeuMa dataset experimental procedure the participants
were seated comfortably in an armchair positioned 50 cm away from a 28-inch
LCD monitor. Although the participants had the freedom to move their heads
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during the procedure, they were advised to restrict their movements, including
those of the head, to reduce potential artifacts in the EEG signals. However,
they were also encouraged to ensure their comfort to prevent any negative
impact on their overall experience. Before the presentation of the products, a
resting state EEG was recorded for a duration of two minutes. Following the
resting state recording, the participants were presented with brochures. They
were allowed to navigate freely through these brochures using the left and right
arrow keys on the keyboard to move forward and backward.

3.2.3. Dataset comparison. A wearable EEG recorder and a camera-
based eye tracker were used to record both of these datasets according to our
objectives. Despite this, it had different additional channels of information and
different amounts of the recorded EEG channels. A comparison is presented
in Table 2.

For the purpose of this article, only 4 channels (O1, 02, T3, T4) from
the NeuMa dataset were selected and used. This decision was based on the
fact that our dataset only contained these channels, ensuring consistency and
comparability.

Table 2. The comparison of our and NeuMa datasets

Name Eye Wearable |EEG EEG rate |Mouse |Electrodes
tracking |EEG channels data placement
system
Our + + 4 100 Hz - 10/20
NeuMa + + 128 600 Hz + 10720

3.2.4. Preprocessing. In the recordings obtained with eye-tracking
glasses, two key moments are distinguished: fixations and saccades.

Fixations refer to the concentration of a person’s attention on a specific
point in the visual field, indicated by reduced eye movement amplitudes.
During fixations, the brain processes the visual information from the point
of focus, making it a crucial moment for understanding cognitive processes
and attention. Saccades, on the other hand, are rapid eye movements that shift
the gaze from one fixation point to another. These movements are essential
for redirecting the line of sight to new areas of interest. The amplitudes of
movements during saccades and fixations differ by an order of magnitude. In
data processing, the period between saccades is considered as fixations because
the brain is actively processing visual information during these periods, while
saccades themselves are represented by significant changes in gaze coordinates,
indicating shifts in attention. The detected saccades along with EEG data are
presented in Figure 3 as vertical lines denoting the start of the saccade on the
eye gaze coordinates graph.
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Fig. 3. Saccades on the graph of eye gaze coordinates along with EEG data

Eye movements, particularly saccades, induce large electrical potentials
due to the movement of the eye’s retinal dipole. The retina has a natural
electrical polarity, with the front of the eye being positively charged and
the back being negatively charged. When the eyes move, this retinal dipole
also shifts its orientation. This movement generates electrical fields that can
propagate through the tissues of the head and influence the electrical recordings
on the scalp, including those of EEG. Because the eyes are anatomically close
to the frontal EEG electrodes, these electrical fields generated by the retinal
dipole can have a significant impact on EEG recordings. The influence of the
retinal dipole’s movement is so substantial that it can sometimes be mistaken
for brain activity if not properly accounted for.

The EEG data is divided into series with a duration of 300 ms — the
average duration of a saccade. EEG is highly dependent on the physiological
state of the participant. The values of the potentials are not constant even within
a single individual throughout the day due to factors like fatigue, caffeine intake,
or even time of day. Therefore, each series is normalized to the average change
in the potential to account for these variations and ensure that the data are
comparable across different time points and p articipants. Normalization helps

in emphasizing the relative changes in EEG signals, which are more informative
X —median(X)

than the absolute values. It can be shown as X ormalized = ,
mean(X —median(X))

where X is a series of one EEG channel signal in the form of voltage value.
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Additionally, EEG is influenced by physical parameters of the
surrounding environment, such as electromagnetic oscillations, high-frequency
signals, and other phenomena. Such noise can be eliminated using frequency
filters. The relevant brain activity signals are typically found within the range of
1 to 40 Hz; it is common to remove other frequencies. However, it is necessary
to retain low frequencies from 0 to 2 Hz. These are EEG oscillations of
sufficient duration that are associated with eye movement and provide valuable
insights into the correlation between eye movements and brain activity.

3.3. Model Architecture. Collected and preprocessed datasets are
used to build predictive models of eye movements. This can be done in two
ways: with the use of ground truth (known eye movements) or without it.
These approaches are called supervised and unsupervised learning, respectively.
Supervised learning includes the use of two types of neural networks to classify
data into different classes based on direction and amplitude. Unsupervised
learning consists of clustering data using the k-means algorithm with time-
specific distance calculations.

3.3.1. Supervised learning. Supervised learning models require a
structured data for training and testing. The dataset was split into the train,
validation and test parts as 64%, 16% and 20% accordingly. Classes in every
part have a balanced amount of entries. So, the saccade classification task has
a dataset with 50% of saccades and 50% of fixations, direction classification
has 12.5% of each direction.

Feedforward neural networks and recurrent neural networks are
commonly used to determine eye activity due to their architecture and
effectiveness in pattern recognition. The most effective configuration of
a feedforward neural network consisted of a network with an input of 120 our
dataset or 800 NeuMa dataset EEG points — they represent 300 ms of 4-channel
EEG recording from the dataset, 1 hidden layer with 8 neurons, and output with
8 neurons for direction classification and 2 for saccade classification. ReLu is
used as an activiation function. Optimization is done by the Adam algorithm.

Unlike the previous approach, a recurrent neural network can feed its
output back as input in addition to the new signal. This allows for processing
sequences of variable lengths, rather than strictly fixed networks. There are
several types of neural networks that implement this principle, such as RNN,
LSTM, and GRU. The key difference among them is their ability to remember
and forget data from previous iterations. The best results were obtained using
a GRU network with 2 hidden layers of 16 neurons each, where 4 potential
values from different electrodes were sequentially provided as an input.

Support Vector Machine offers a distinct approach to the classification
of EEG data, complementing the feedforward and recurrent neural networks
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discussed earlier. Its core principle involves finding the optimal hyperplane
that distinctly classifies the data points into different categories. The model
would treat each EEG series as a feature vector in a high-dimensional space.
The SVM would then find the hyperplane that best separates saccades from
fixations or classifies the direction of eye movement.

The obtained results are presented in Table 3.

Table 3. Comparison of the results of supervised learning models

Model | Dataset | Classes | Accuracy | Recall | Precision | F1
Our 2 73% 72% 66% 69%
FF 8 66% 67% 56% 62%
NeuMa 2 73% 74% 73% 71%
8 62% 62% 62% 62%
Our 2 76% 75% 65% 70%
RNN 8 61% 69% 55% 62%
NeuMa 2 73% 64% 81% 66%
8 68% 68% 68% 67%
Our 2 54% 66% 51% 58%
SVM 8 62% 59% 56% 57%
NeuMa 2 81% 81% 81% 81%
8 55% 40% 39% 35%

3.4. Unsupervised Learning

3.4.1. Unsupervised learning. Data clustering is a pivotal technique
in the realm of data analytics and machine learning. It involves grouping data
points into distinct clusters or sets based on intrinsic patterns or similarities.
Unlike supervised learning paradigms where data is labeled, and models
are trained to recognize these labels, clustering operates in the unsupervised
domain. In unsupervised data clustering, the algorithm sifts through datasets
without the guidance of ground truth labels. Instead, it relies solely on the
intrinsic differences and similarities between the data points or series.

Among the many clustering techniques available, the k-means clustering
algorithm has garnered widespread acceptance and utilization. The crux of
the k-means algorithm lies in partitioning the dataset into k distinct clusters.
These clusters are formed by minimizing the distance between data points
within the cluster and maximizing the distance to data points in other clusters.

While the k-means algorithm predominantly utilizes the Euclidean
distance to ascertain the difference between series, our dataset mandated a
slightly nuanced approach. Given the temporal nature of our data, traditional
distance measures might fail to capture the underlying intricacies. For instance,
physiological factors such as reaction time, event duration, and amplitude
can variably affect the series, leading to potential discrepancies in clustering
outcomes.
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To mitigate these potential inconsistencies, we employed the Dynamic
Time Warping (DTW) algorithm. At its core, DTW is a time-scale
transformation technique. Unlike traditional distance computation methods
that compare data points in a point-to-point fashion, DTW aligns the two
series in a way that the alignment minimizes the overall distance. Essentially,
DTW can stretch or compress the series along the temporal axis to achieve an
optimal alignment. This transformation accounts for time-dependent variances
like elongated reactions or variations in amplitude, ensuring a more robust
clustering outcome.

4. Results

4.1. Supervised Learning. The performance of different machine
learning models on both the Our and NeuMa datasets is summarized in Table 3.
The metrics used for evaluation include Accuracy, Recall, Precision, and F1
Score. These metrics provide a comprehensive view of the model performance,
taking into account both the true positive rate and the false positive rate.

Among the three models, RNN showed the most balanced performance
across different metrics, making it a strong candidate for further optimization
and real-world testing. However, the SVM’s strong performance on the NeuMa
dataset suggests that with sufficient data, simpler models can also achieve high
accuracy.

In the segmentation of the dataset, we discerned nine distinct clusters.

The unsupervised learning approach, specifically clustering using the
k-means algorithm combined with Dynamic Time Warping (DTW) for distance
computation, resulted in distinct clusters representing different gaze trajectories.

The number of clusters was determined using a widely accepted method
for finding the optimal number, known as the *elbow method.” In the context of
k-means, the elbow method involves plotting the total within-cluster variation
against the number of clusters. As the number of clusters increases, this
variation decreases. However, there is a point, resembling the bend in an elbow,
where the rate of decline sharply changes, indicating the optimal number of
clusters for the dataset. The critical points for the dataset are illustrated in
Figure 5. There are multiple points on the graph and interpretations of each
clusterization result remain ambiguous. Upon scrutinizing video segments
associated with each cluster, following the segmentation to every k amount
of clusters shown in Figure 5, we observed congruent behaviors among the
participants. Notably a consistent shift in gaze in a uniform direction when
k equals 9. This observation is substantiated by an evaluation of the mean
displacement along both the vertical and horizontal axes.

As depicted in Figure 4, the x and y axes represent these respective
displacements. Each cluster has a distinction from all others at a minimum
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of 0.1 distance along one or two axes. This distance represents 10% human
visual field. The visualization distinctly demarcates eight saccade trajectories
and a central fixation, which collectively characterize the identified clusters.
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Fig. 4. Mean movement distance for every cluster along vertical and horizontal axis
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Fig. 5. Graph delineating the relationship between the number of clusters and the
corresponding total within-cluster variation
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The unsupervised learning approach, specifically the clustering using
the k-means algorithm combined with Dynamic Time Warping (DTW) for
distance computation, yielded distinct clusters that represent different gaze
trajectories.

5. Conclusion. This study represents an endeavor in the realm of
eye-tracking technologies, specifically focusing on the integration of wearable
EEG headbands and machine-learning techniques. The results affirm that there
is a discernible correlation between eye movements and EEG signals. This
opens new directions for non-intrusive eye-tracking methods that can operate
in various environmental conditions. The use of BrainBit as a mobile EEG
recorder has proven to be effective for tracking eye activity. This is a significant
step towards making eye-tracking technology more accessible and versatile.
The study also introduces a methodology for the automatic labeling of EEG
datasets, which can significantly expedite the data analysis process. Both
supervised and unsupervised machine-learning techniques were employed to
analyze the EEG data, demonstrating promising results in terms of accuracy,
precision, and F1 scores.

This research has multiple implications. In the medical field, such
technology could be used for diagnosing and monitoring neurological
conditions. In human-computer interaction, it could lead to the development
of more intuitive and responsive interfaces. Moreover, the technology has the
potential to be used in safety-critical applications, such as fatigue detection in
drivers.

While this study lays the groundwork for mobile EEG-based eye
tracking, there are several avenues for future research:

— Optimizing Machine Learning Models: Further tuning of the neural
network architectures could lead to even more accurate results.

— Real-world Applications: Testing the technology in real-world
scenarios, such as driving or operating machinery, would provide valuable
data on its effectiveness and limitations.

— Multi-modal Approaches: Combining EEG with other biometric
data could offer a more comprehensive understanding of human behavior and
cognitive states.

In conclusion, this study marks a significant step forward in the
integration of EEG technology and eye-tracking, offering a potentially
transformative approach to understanding human cognition and behavior.
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B.P. POMAHIOK, A.M. KAIIIEBHUK
METO/] NHTEJUIEKTYAJIBHOI JIOKAJIN3AIINU B3IVIAJIA HA
OCHOBE AHAJIN3A 93T C UCIIOJIb30BAHUEM HOCUMOMN
I'OJIOBHOM ITOBA3KHU

Pomaniok B.P.,, Kawesnux A.M. MeTo/] HHTeJUIEKTYaJIbHOM JIOKAJN3AIMH B3IJIs1/1a HA OCHOBE
anaan3a 3T ¢ HenoJab30BaHNEM HOCHMOIT IOJOBHOI MOBSI3KHL.

AnHoTamus. B ctpemutensHO pa3BHBaoLieiicst U poBoil noxe HHTePQEHCH YeT0BEKO-
MAIIIMHHOTO B3aUMOJEWCTBUSI HENPEPHIBHO COBEPIIEHCTBYETCs.  TpaauliMOHHBIE METOb
B3aNMOJIEICTBUSI C KOMIIBIOTEPOM, TaKHe KaK MBI U KJIaBHATypa, JONOJHSIOTCS U Jaxke
3aMeHsIIOTCsI 00JIee HHTYUTUBHBIMHA CIIOCOOAMH, KOTOPbIE BKJTIOYAIOT TEXHOJIOTHH OTCIICKUBAHUS
raa3. OObIYHBIE METO/BI OTCJICKUBAHUSA I71a3 MCIONB3YIOT KaMephbl, KOTOPbIE OTCJICKUBAIOT
HarpasJieHHe B3IVIS/1a, HO UMEIOT CBOM OIPAaHUYEHHUsl. AJIbTEPHATUBHBIM U MHOTOOOEIIAIOIUM
MOAXOAOM K OTCJICKMBAHHUIO IJIa3 SIBJISETCS HCIOJNB30BaHME 3JeKTpo3dHLedatorpaduu,
TEeXHUKH M3MEpPEeHUs1 aKkTUBHOCTH Mo3ra. Vcropuuecku DI Obuta orpaHudeHa B OCHOBHOM
1abopaTopHbIMU  ycJOBUAMUA.  OpHAaKO MOOWIbHBIE M JOCTYIHbIe ycTpoucTBa g D3I
MOSIBJISIIOTCS] Ha PBIHKe, Ipejyuiarasi Oojlee yHUBEpCaJbHOe M 3((PEKTUBHOE CPEICTBO IS
peructpanyy OMONOTEHIMAIOB. B 1aHHOI cTaThe NMpecTaB/IeH MeTOI JIOKAIN3ally B3IJIsiAa C
UCIIOIb30BaHKUEM JIEKTpodHIedaorpaduy, MoIyYeHHO! ¢ HOMOIIBI0 MOOWIIBHOTO PeriucTpaTopa
33T B BUJIe HOCUMOIi TOJI0BHO# NOBA3KM (KoMmranuu BrainBit). 3To uccienoBaHue HarpaBieHo
Ha JEKOJMPOBaHKE HEMPOHAJIBHBIX MATTEPHOB, CB3aHHBIX C PA3HBIMU HAIIPABJICHUSIMH B3IJIS/1a,
C KCTIONB30BAHMEM HPOJBHHYTHIX METOJOB MAIIMHHOTO OOYYeHHs, B YaCTHOCTH, HEMPOHHBIX
ceteil. [TOMCK MaTTEPHOB BBINOJHAETCS KAK C MCIOJIb30BAHUEM JIAHHBIX, TIOJTyYEHHBIX C TIOMOIIBIO
HOCHMBIX OYKOB C KaMEpOM JIJIs OTCJICKUBAHUS IV1a3, TaK U C UCIIOJIb30BAHMEM HEPa3MEUEHHbIX
naHHbIX. [loydeHHBIE B MCCIIEIOBAHUU PE3Y/IbTaThl JEMOHCTPUPYIOT HAINYUE 3aBUCHUMOCTH
Mexay apukeHneM ras u D3I, koTopas MoxeT ObITh ONMCAaHA M PacHO3HAHA C MOMOIIBIO
npecKa3aresibHOi Moaesu. [laHHasi MHTerpanus MoOWIbHON TexHomorun DI ¢ MeTompamu
OTCJICKMBAHUs IJ1a3 IpejjlaraeT MOPTATHMBHOE W yAOOHOE pellieHHe, KOTOPOe MOXKET OBITh
MPUMEHEHO B PA3JIMYHBIX 00JACTSIX, BKIIOYAIOIINX MEUIIMHCKUE HCCICIOBAHUS U pa3paboTKy
00Jiee MHTYUTHBHBIX KOMITBIOTEPHBIX MHTEP(EHCOB.

KuroueBsbie ciioBa: oTciexuBanue a3, 31, HelipoHHbIe ceTH, HocuMblid D3I, 00yueHne
¢ yuurtenem, o0ydeHue Oe3 yuuTens.
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INFORMATION SECURITY RISK ASSESSMENT IN INDUSTRY
INFORMATION SYSTEM BASED ON FUZZY SET THEORY AND
ARTIFICIAL NEURAL NETWORK

Asfha A.E., Vaish A. Information Security Risk Assessment in Industry Information
System Based on Fuzzy Set Theory and Artificial Neural Network.

Abstract. Information security risk assessment is a crucial component of industrial
management techniques that aids in identifying, quantifying, and evaluating risks in
comparison to criteria for risk acceptance and organizationally pertinent objectives. Due to its
capacity to combine several parameters to determine an overall risk, the traditional fuzzy-rule-
based risk assessment technique has been used in numerous industries. The technique has a
drawback because it is used in situations where there are several parameters that need to be
evaluated, and each parameter is expressed by a different set of linguistic phrases. In this
paper, fuzzy set theory and an artificial neural network (ANN) risk prediction model that can
solve the issue at hand are provided. Also an algorithm that may change the risk-related factors
and the overall risk level from a fuzzy property to a crisp-valued attribute is developed. The
system was trained by using twelve samples representing 70%, 15%, and 15% of the dataset
for training, testing, and validation, respectively. In addition, a stepwise regression model has
also been designed, and its results are compared with the results of ANN. In terms of overall
efficiency, the ANN model (R2= 0.99981, RMSE=0.00288, and MSE=0.00001,) performed
better, though both models are satisfactory enough. It is concluded that a risk-predicting ANN
model can produce accurate results as long as the training data accounts for all conceivable
conditions.

Keywords: risk, risk assessment, artificial neural network, fuzzy set theory, industry
information system, cement industry.

1. Introduction. Over the past few decades, industrial digitalization
has altered conventional procedures and practices in virtually every
industry, and numerous digitalization solutions have been included in
manufacturing assets [1]. The facility and processing of industry is no
exception, and since the early 2000s, it has undergone a rapid digitalization
process. For example, the Cement industry infrastructure in particular is
subject to large and growing cybersecurity threats in the form of threat
actors, vulnerabilities, and potential consequences.

Cybercriminals and others could potentially conduct cyberattacks
against the industrial infrastructure, and all industries are always targets of
malicious attacks. Modern exploration and production industry techniques
depend more and more on remotely connected operational equipment,
which is frequently essential for security and susceptible to cyberattacks.
Because its operational technologies may have fewer cybersecurity
protective measures, older infrastructure is equally prone to attack [2].
Thus, a successful cyberattack on industry infrastructure could cause
physical, environmental, and economic harm.
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Therefore, over time, the complexity of information systems is
increasing, and the issues of information security are becoming increasingly
important for any industry information system. Information security is
concerned with protecting data, particularly electronic data, from unwanted
use [3]. The security of the information at their disposal must be evaluated
by every industry that uses information. Consequently, information security
analysis is required. The first step in the risk management process is to
assess the potential for information security breaches. The assessment of
a system's information security or the design phase typically involves the
analysis of information security threats [4]. Assessing the capability and
efficacy of control mechanisms used on information technology
components and the architecture of information systems in general is the
primary goal of an information security evaluation.

An information security assessment includes many tasks, such as
evaluating the effectiveness of the information processing system,
evaluating the security of the technologies used, the processing process, and
the management of the automated system [5]. The overarching goal of an
information security assessment is to ensure the confidentiality, integrity,
and availability of an organization’s assets. There are numerous risk
assessment tools, and they can be used in either of two ways. Therefore,
approaches for analyzing information security threats can be either
quantitative or qualitative, depending on the outcome of their assessment.
The numerical value of risk is produced by the algorithm of a quantitative
technique [6]. Information concerning unfavorable or unexpected events in
the information security system that could endanger the protection of
information (information security incidents) is often gathered using the
input data for evaluation. However, the results are less accurate and
relevant because there are frequently insufficient statistics.

The use of overly basic scales with three degrees of risk assessment
(low, medium, and high) makes qualitative procedures more prevalent.
Experts are interviewed for the assessment, but there is still limited use of
intelligent methods [7]. It is clear that both of the aforementioned choices
have a number of fundamental flaws. In order to overwhelm them, the latest
research focused on identifying alternative techniques that would be both
more accurate and more adaptive, as the constant emergence of new
sources of threats often renders existing approaches inaccurate and
ineffective. Among the promising approaches are models based on solving
uncertainty problems, such as fuzzy logic models and artificial neural
networks (ANN).

Finally, fuzzy logic and artificial neural network approaches have
been recommended as the appropriate tools to improve the industry
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information system and may help analyze complex conditions. Thus, the
main purpose of this paper is to evaluate risk values in a more reliable,
flexible, and objective manner by using this proposed method and
prioritizing the level of risk value.

1.1. Problem Descriptions. Every processing industry performs a
large number of operations and tasks on a daily basis. Each activity and
procedure comes with its own set of hazards, which must be identified and
ranked. The sector has numerous difficulties and costs as a result of its
failure to identify accessible dangers, which can lead to a lack of
competitiveness, a lack of greatness, a loss of representative trust, and,
ultimately, a departure from the basic goal of adequacy. Thus, the aim of
this section is to identify the existing problems and evaluate the efficiency
and accuracy of information security risk analysis output in industry
information system.

One of the primary research problems in information security risk
analysis in the industrial processing system is the lack of appropriate and
standardized methodologies for industry risk analysis in different stages of
the risk management process, especially the shortcomings of qualitative and
quantitative risk analysis methodologies, as well as the use of old
techniques. In short, the criticism of the approaches is as follows.

By ensuring that the limitations of one form of data are balanced by
the strengths of another. Thus, using or integrating both a fuzzy inference
system (FIS) and an artificial neural network (ANN) will result in more
accurate and efficient results in industry processing systems.

1.2. Research Goals. This research paper aims to increase the
efficiency and accuracy of information security risk analysis result in
industry information systems by developing an ANN model for determining
the risk of critical information security incidents based on an ISO 27005
standard. To achieve this goal, the following research objectives are set:

1.3. Research Objective. The objectives are listed below:

Obj. #1: Analysis of the existing and most recent risk analysis methods and
tools in industry information systems.

Obj. #2: The authors have identified the different information security risks
that may exist during the early developmental phases of the industrial
system. Experts’ opinions have been collated for compiling this list. Then
develop a solution to address the identified problem(s).

Obj. #3: To design and implement a fuzzy inference system and artificial
neural network (ANN) technique to estimate the information security risk
in industry information systems.

Obj. #4: Evaluating the efficiency and accuracy of the proposed ANN
model. To validate the applicability and effectiveness of the proposed ANN
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model in industry information systems through fuzzy multiple regression
modeling (MRM).

The aim of this paper is to develop a novel method for conducting
risk assessments in industry information systems. Thus, this paper
presented a fuzzy inference system and artificial neural network (ANN)
model for estimating, evaluating, and prioritizing a more accurate and
efficient risk level that minimizes the limitations of the existing methods.

2. Literature review. Existing risk assessment approaches mostly
differ in the applied risk assessment scales: quantitative or qualitative. The
output of the algorithm of the quantitative approach is the numerical value
of the risk [5]. The information on unforeseen occurrences and threats is
typically used as assessment input. But the frequent absence of adequate
statistics reduces the sufficiency of the outcomes. The most prevalent
qualitative processes, however, employ too straightforward scales that
typically have three degrees of risk assessment (low, medium, and high).
The assessment is conducted through expert interviews and the use of
clever techniques is still insufficient [8]. Furthermore, such outcomes are
not reusable.

Due to the aforementioned flaws, experts are actively seeking a
method that would produce high-quality results while being able to adapt to
the threat landscape's ongoing changes, omit ineffective and irrelevant
expert assessments, and allow for the reuse of earlier assessments [9].
Although it takes a lot of time and intellectual energy, the fuzzy logic and
artificial neural network (ANN) approach is the most promising way in this
research because it addresses the problems with current approaches, notably
in terms of flexibility and adaptability [10]. Additionally, the ANN has
cognitive features like self-learn, making it possible to identify the optimum
solution while gathering knowledge of both internal and external processes.

Fuzzy logic is a valuable method for dealing with complexity and
uncertainty, providing a way to model the systems by simulating human
thinking without relying on quantitative and qualitative data in
computation [11]. Due to the ambiguous and complex nature of the
characteristics, evaluating industrial information systems utilizing
sustainable decision-making processes is difficult. Due to a lack of
knowledge and a high degree of domain-related uncertainty, it is
challenging to quantify risks using standard mathematics. Simple risk
assessment, ranking, and prioritization based on the expertise, experience,
and opinions of experts are made possible by fuzzy logic-based
methodologies [12].

The key to fuzzy logic is to find appropriate fuzzy rules. For
example, fuzzy IF-THEN rules are IF-THEN statements. The amount of
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rules needed varies depending on the particulars of the problem [13].
Membership functions are used to characterize specific linguistic labels in a
problem. The complexity of the components or information, the cross-
interaction and effect between various elements, and the subjectivity of
some aspects all contribute to the fuzziness in the risk assessment of the
industry information system, making it challenging to precisely quantify
and characterize. Fuzzy logic offers a more adaptable technique of
evaluation because it doesn't rely on exact mathematical models to define
and process problems [14].

Fuzzy logic can handle fuzzy and uncertain situations by introducing
membership functions to characterize the relationships between variables
and mapping variables to the interval between 0 and 1 [15]. In the risk
assessment process, fuzzy logic is divided into fuzzy inference, fuzzy
clustering, and fuzzy decision-making. Fuzzy inference is the process of
deducing one or more conclusions from fuzzy rules, and it can solve the
problem of uncertainty and vagueness in decision systems [16]. For
instance, when customs officers receive report information most of which
are inaccurate linguistic information, fuzzy logic can be used to make the
information fuzzy and analyze the risk by fuzzy IF-Then rules.

To help customs agents make wiser decisions, it is helpful to model
each data point to each cluster using membership functions to represent
similarity degrees between data and clusters, fuzzy clustering is used to
group data based on comparable features and thoroughly conduct risk
assessment [17]. The process of choosing the best course of action from a
variety of alternatives is known as fuzzy decision-making, and it can take
both the abruptness and smoothness of variables into account. It can be a
useful sensitivity analysis method for determining how variables interact
with one another and how this affects the output results [18].

A collection of neurons that are organized into layers and placed in a
particular configuration makes up an artificial neural network (ANN). A
multilayer network is one that has an input layer, one or more hidden
layers, and an output layer. The number of parameters that are provided to
the network as input in the input layer corresponds to the number of
neurons in the output layer. The neurons in the buried layer increase
dimensionality and are in charge of feature extraction. They support
activities like classification and pattern recognition [19].

The structure of ANN depicts a schematic of a fully connected,
three-layer neural network consisting of input neuron layers (or nodes,
units), one or more hidden neuron layers, and a final layer which consists of
the output neurons. There are several approaches to categorize neural
networks, with the training method-based classification being the most
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common. A neural network is trained when it has had its weights, biases,
and maybe other parameters updated. Once trained, ANNs may implicitly
identify novel patterns and generalize output based on previously learnt
patterns [20].

The two main categories of training techniques are supervised and
unsupervised. While the unsupervised training of neural networks, also
known as self-organizing maps, primarily uses the classification and
clustering algorithms, the supervised training method enables learning
based on feedback [21]. Unsupervised networks are those that are not given
any feedback and are typically requested to categorize the input vectors into
groups and clusters. They are widely used in the industry for lithology
identification and well log interpretation. The majority of neural network
applications in the industry sector, however, are based on supervised
training methods [22].

The methods for assessing risk have significantly advanced, and
neural network techniques are now often used. Neural networks are able to
automatically learn and extract nonlinear correlations between input data
through extended training on vast volumes of data because of the numerous
components and their complicated relationships in the risk assessment of
import and export firms [23]. Because of the neural network's adaptive
characteristics, it is possible to recognize these complicated relationships
and constantly alter the model parameters until the best result is reached.
Back-propagation (BP), multilayer perception (MLP), recurrent neural
network (RNN), and radial basis function network (RBF) are a few of the
regularly utilized artificial neural network architectures.

3. Methodology. This research methodology was implemented to
evaluate the efficient and more reliable risk analysis in industry information
systems. In order to collect data, a questionnaire was developed to identify
different risks. This method offers sufficient results for all the research
questions and objectives of the study to be addressed. The relevant areas of
data collection were identified, and interviews were conducted with
different management and expert staff of the cement industry to secure an
accurate account of information about the risks. An opinion was also made
by the researcher so as to obtain useful information that will yield results
that can address the problem identified in the study.

The participants in this study were experts and staff from different
sections of the cement industry information system (N =81). The
participants were executive management, regular staff, technical and asset
operators, and third-party consulting companies.

Participants were asked to evaluate twelve different information
assets based on a scale of five points (one, two... and five) to estimate the
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likelihood and consequence of the threat and group them into a five-point
Likert scale (very low, low, average, high, and very high), as shown in
Table 1. The collected data was analyzed to calculate the likelihood of
related threats and their consequences. Some specialists in the field of
cement industry information systems confirmed the reliability of the
questionnaires.

Table 1. Likert-scale questionnaires

Likelihood
Very Low Low Average High Very High
1 2 3 4 5
Consequence
Very Low Low Average High Very High
1 2 3 4 5

3.1.Risk factors identification. Identifying the industrial
information system risk factors, and this is the process of identifying,
assigning, and characterizing the types of risks. All aspects of the risk
assessment process are included.

Asset identification. In the process of identifying assets and their
value, we consider the value placed on assets (including information). What
work was required to develop them, how much it costs to maintain, what
damage would result if it were lost or destroyed and what benefit another
party would gain if it were to obtain it.

Vulnerabilities identification. It is a weakness or absence in
information systems, system security procedures, internal control, or
implementation that could be exploited by a threat of sources. So this
means in short control is absent, not efficient, and no longer relevant...etc.

Threat Identification. After identifying the assets that require
protection, the threat to those assets must be identified and examined to
determine the loss. Finally, the estimation of the likelihood and
consequence of risk factors based on vulnerability and threat identification
based on data collection.

3.2. Fuzzy Inference System (FIS) Model. Because of the
uncertainty of the risk factors, the fuzzy logic method and a fuzzy inference
system are used in this study. First, membership functions are determined
for all likelihood and consequence. Hence, it could be deduced that the
membership function is a curve showing a point mapping points of
inputting data into membership values, whose interval is between zero and
one. Figure 1 shows the FIS process.
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Risk Identification

Data collection and expert judgment
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¥
l Defuzzification

Fig. 1. Fuzzy inference system process

Fuzzification (Fuzzify Inputs). The first step is to take the inputs
and determine the degree to which they belong to each of the appropriate
fuzzy sets via membership functions (fizzification) as noted in Table 2.

Table 2. Fuzzification table

Linguistic Value Fuzzy value
Level Linguistic Variables (Likelihood of Security Risk Occurrence: 0-1)
1 Very Low (0.000, 0.125, 0.250)
2 Low (0.200, 0.325, 0.450)
3 Averages (0.350, 0.500, 0.650)
4 High (0.550, 0.675, 0.800)
5 Very High (0.750, 0.875, 1.000)
Linguistic Variables (Consequence of Security Risk Occurrence: 0-10)
1 Very Low (0.000, 1.000, 2.000)
2 Low (2.000, 3.250, 4.500)
3 Average (3.500, 5.000, 6.000)
4 High (5.500, 6.750, 8.000)
5 Very High (7.500, 0.875, 10.000)
Linguistic Variables (Security Risk Value: 0-1)
1 Low (0.000, 0.125, 0.250)
2 Very Low (0.200, 0.325, 0.450)
3 Average (0.350, 0.500, 0.650)
4 High (0.550, 0.675, 0.800)
5 Very High (0.750, 0.875, 1.000)

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print)

549

ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX U 3HAHUI

In this case, the likelihood (L) and consequence (C) were used as
crisp inputs (CI) to the FIS (these values were taken from data collection
and expert judgment).

Fuzzy Rule. subsequently defining fuzzy membership functions, in
this paper, Table 3 shows the 25 fuzzy rules constructed for the FIS.

Table 3. Risk matrix

C%i(:;;};(;?lie Very Low Low Average High Very High
Very Low VL VL L IL A
Low VL L A A A
Average L A A H H
High L A H H
Very High A A H

VL= Very Low, L=Low, A= Average, H= High, and VH=Very High

Aggregation. It is the process of combining all of the fuzzy sets that
symbolize each rule's outputs into a single fuzzy set. Interconversion occurs
only once for each output variable, just prior to the final defuzzification phase.

Defuzzification. The last step in the fuzzy-molecular inference model
is the defuzzification process, which is used to resolve a crisp value from the
results of the inference process. Figure 2 indicates the defuzzification process
using the center of gravity to finalize the FIS output.

HeE

Center of
gravity

x”
Defuzzification using COG method

If g is defined with continuous MF: If uC is defined with discrete MF:

. Jue(x) . xdx o = Di=ike(x) X

T e dx PRTEIED)
Fig. 2. Defuzzification processes using the Center of Gravity Method

Table 4 presents the likelihood and consequence given by Expert 1
for each security risk factor. The same procedure is then repeated for 80
experts, and the knowledge database is created. Here, the authors have
assumed that the data is normally distributed. We know that if the data are
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assumed to be normally distributed, Table 5 also presents the risk factors of
all 81 experts in Raw Material Processing (RMP)”.

Table 4. Likelihood and Consequence Given by Expert 1 for Each Security Risk Factor

0.500 8.750 10.675
0.500 5.000 ]0.500
0.325 3.250 ]0.325
0.875 6.750 | 8.750
0.675 3.250 ]0.500
0.500 5.000 ]0.500
0.875 6.750 10.875
0.325 1.250 ] 0.125
0.675 5.000 ]0.675
0.125 3250 ]0.125

RMP | Raw Material Processing
HRS  [Hardware and Software
NWEF | Network and Firmware
HRM | Human Resource and Data
RPT Reputation
RMP | Raw Material Processing
ST Storage and Transportation
RMM | Raw Material Milling
CP Clinker Production
CM Cement Milling

=R (n|W R[N ]W W
[\O) NOST ICy BANS KOS Y NS ) NS | (O3 UV ) 9}
=R |=n|WwWlwlun|ND]|W

Table 5. Available data for risk of «Raw Material Processing (RMP)» in Database
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Continuation of Table 5

58. 4 (High) 4 (High) 4 (High) 0.675 6.750 0.675
59. 5 (Very High) 2 (Low) 3 (Average) 0.875 3.250 0.500
60. 4 (High) 4 (High) 4 (High) 0.675 6.750 0.675
61. 3 (Average) 1 (Very Low) 2 (Low) 0.500 1.250 0.325
62. 3 (Average) 4 (High) 4 (High) 0.500 6.750 0.675
63. 2 (Low) 1 (Very Low) 1 (Very Low) | 0.325 1.250 0.125
64. 3 (Average) 3 (Average) 3 (Average) 0.500 5.000 0.500
65. 1 (Very Low) 3 (Average) 2 (Low) 0.125 5.000 0.325
66. 5 (Very High) 2 (Low) 3 (Average) 0.875 3.250 0.500
67. 3 (Average) 3(Average) 3 (Average) 0.500 5.000 0.500
68. 2 (Low) 2 (Low) 2 (Low) 0.325 3.250 0.325
69. 4 (High) 4 (High) 4 (High) 0.675 6.750 0.675
70. 5 (Very High) 3 (Average) 4 (High) 0.875 5.000 0.675
71. 3 (Average) 3 (Average) 3 (Average) 0.500 5.000 0.500
72. 4 (High) 1 (Very Low) 2 (Low) 0.675 1.250 0.325
73. 3 (Average) 5 (Very High) 4 (High) 0.500 8.750 0.675
74. 2 (Low) 2 (Low) 2 (Low) 0.325 3.250 0.325
75. 3 (Average) 1 (Very Low) 2 (Low) 0.500 1.250 0.325
76. 2 (Low) 5 (Very High) 3 (Average) 0.325 8.750 0.500
77. 4 (High) 4 (High) 4 (High) 0.675 6.750 0.675
78. 1 (Average) 1 (Low) 1 (Average) 0.125 1.250 0.125
79. 4 (High) 2 (Low) 3 (Average) 0.675 3.250 0.500
80. 5 (Very High) 4 (High) 5 (Very High) | 0.875 6.750 0.875
81. 5 (Very High) 4 (High) 5 (Very High) | 0.875 6.750 0.875
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Figure 3 notes the number of 25 if-then rules in order to provide a
better understanding of the proposed fuzzy inference system framework,
and with the input of the likelihood of occurrence and consequence, the risk
size can be calculated. For instance, with 0.125 and 3.25 for likelihood and
consequence, respectively, the risk size would be 0.125. A likelihood of
0.125 is related to rules 1-5, and a consequence of 3.25 is related to rules 2,
7,12, 17, and 22.

Likelihood = 0.125 Consequence = 3.25 Risk_value = 0.125
~ 1 1]

O NG LW

T

HHHHHHHHHHHHHHHHHHHHHHHHH
l
)
I

Input- 0 125 3.25) Plotpoinis: 44 Move: gt ‘ right | down‘ up ‘

Opened system Untitled, 25 rules Help | Close ‘

Fig. 3. Fuzzy rules according to Mamdani method

The fuzzy model designed by combining these rules estimates the
risk value. The authors generated and plotted an output surface map for the
industry information system fuzzy model using a surface viewer to
visualize the dependence of one of the outputs on any one or two of the
inputs. According to Mamdani, Figure 4 presents the processing industrial
fuzzy model's output surface viewer.
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Risk_wvalue

Consequence 0 o " Likelihood

Fig. 4. 3D plots for 9 rules according to Mamdani method

Figure 5 indicates the normal probability illustration and the
probability diagram of residuals for the criterion of “risk likelihood”.
Figure 6 indicates normal probability and residual illustrations for the

criterion of “risk consequence” for the first factor “Raw Material
Processing (RMP)”.

Probability Plot of Likelihood

Normal

Mean 05759
StDev 0.2718
N 81
AD 3.075
P-Value <0.005

80

Percent
n
3

-0.5 0.0 05 1.0 15
Likelihood

Fig. 5. Probability plot of likelihood
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Probability Plot of Consequence
Normal

S Mean 5278
yd StDev 3.099
N 81
AD 2693

. //
e P-Value <0.005
95
90
e
e

Percent
&3
—

30 s
20 l/
e

10

5 /

e
// .
1 // *
e
e
0.1 -
5 0 5 10 15
Consequence

Fig. 6. Probability plot of consequence

4. Result and Discussion. This part uses a variety of statistical
approaches to evaluate the quantitative data and provide the results of the
data analysis in order to test the research hypotheses generated for the
current study.

4.1. Data collection. Considering the chosen strategy of handing out
the questionnaires to specific individuals one at a time, 95 were distributed.
As a consequence, 81 of the 85 questionnaires received were complete and
functional, yielding a response rate of 95.29%, which is regarded as
excellent in research using a survey method and is displayed in Table 6.
However, 10 employees failed to submit their surveys, and the remaining
four representing 4.71% of the impractical forms were incomplete and
contained inconsistent answers.

Table 6. The response rate of the participant

Questionnaire Number Percentage
Distributed 95 100 %
Received 85 89.47%
practical 81 95.29%
Impractical 4 4.71%

4.2. Performance evaluation. Minimum error occurrence has been
considered as the basis for the selection of the best membership function.
The performance of the designed fuzzy system has been evaluated on the
basis of two types of errors, such as: — MSE (Mean Squared Error), and
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RMSE (Root Mean Squared Error). According to the provided formulas,
the correlation coefficient R between the data that were acquired and the
data that ANN predicted has been determined (Equations (1) to (3)).

MSE (Mean Squared Error): it is the average squared difference between
the value observed in a statistical study and the values predicted from a
model.

MSE=— 3" (4, - F). (1)

Root Mean Square Error (RMSE). It is a common method for calculating
a model's error in predicting quantitative data. One of the most widely used
indices in performance evaluations, the RMSE index, could explain the
discrepancy between the model output and the real result. It is a non-
negative number that has no upper bound and can be 0 when the projected
and recorded outputs coincide exactly.

RMSE=\ MSE (square root of MSE). 2)

The correlation coefficient (R? is a positive number that indicates how
much of the variability in the dependent variable can be explained by the
independent variable(s) and how well the model fits the data. R* can take
values between 0 and 1; 1 indicates the model can acquire all the variability
of the output variable, while 0, which indicates a weak correlation between
predicted and actual results, expresses this.

R= Zzl:l(At—fD(Ft—F)
\/ z?=1(‘4f_“f)2* ZL(F:—F)Z

3

I‘T:(Z?ﬂ Ag)/m and FZ(Z?:l F)/n,

where A, F;, and n represent real data (Actual) data, estimate (Predicted)
data, and the number of data, respectively.

4.3. Data prediction by ANN. In this research, a two-layer feed-
forward with a backpropagation learning algorithm was used for the risk
analysis model. Based on Figure 7, the input data consisted of 81 likelihood
and consequence factors, and the output data from the FIS model was used
as the target data to define the ANN output. To determine with ANN, the
gray color (57= 70%) data points were selected for training, the green color
(12=15%) for testing, and the remaining (12=15%) for data validation. The
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number of hidden neurons was defined in different ways. The model was
trained using Levenberg-Margardt with a backpropagation algorithm as
noted in Table 7. In this paper, the authors used MATLAB software to
evaluate the efficient results based on the ANN flowchart and FIS process.
The outputs of the program which include the optimum membership
functions for likelihood of occurrence, risk consequence, errors of training,
test and validation, procedure of inference rules, and correlation between
predicted data by network and training, test and validation data, are
obtained.

:
Performance

evaluation

Input and output parameters
Likelihood, Consequence, & risk value

Data division: Training: 70%,
Testing: 15%, and Validation: 15%

I Number of hidden layer |

r~ Gef the beg nefwork
> .

v architecture and
training parameters

Change number layer and retrain |

l N/W 1s ready for
performance prediction

I Define learning algorithms |

Weights and bias are End

selected at random
Training algorithms: Levenberg-
Marquardt No

Update number of hidden layer |
Fig. 7. ANN flowchart

Figure 8 indicates the function-fitting neural network. It is the
process of training a neural network on a set of inputs in order to produce
an associated set of target outputs. After you build the network with the
preferred hidden layers and the training algorithm, you must train it using a
set of training data. This research risk analysis was applied with different
hidden layers of ANN (n= 10, 15, 25, and 50) and then the authors have
selected the lowest error and best fit with the data.
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(i )

- a ° a 3
O | o [ONT

—1 = —1 =

. J \. J

Fig. 8. Function fitting neural network (view)

Table 7. The specifications of the proposed ANFIS model
Parameters Description/Value
Number of layers 3 (Input, output, and hidden layer)
Number of inputs( Predicators) | (2*81 double)
Number of outputs

1 (1*81 double)

(Responses)

Hidden layer 10

Number of iteration 1000

Training Algorithm Levenberg-Marquardt
Data Division Random

The neural network regression has been shown in Figure 9, which
demonstrates the interaction of the network with the training, test, and
validation data. The correlation coefficient was found to be 1.00000,
0.99991, and 1.00000 for training, test, and validation data, respectively.
Moreover, the straight line illustrates the linear relationship between the
model-predicted and target output data. These results imply that there is a
good match between the observed and model-predicted data. As a result,
the model is adequate to forecast the data with high precision. The overall
correlation coefficient (0.99998) confirms the outstanding prediction
performance of the developed ANN model.

The plot for the best validation performance against the training data
has been 6.9154e-18 at epoch 5 as shown in Figure 10. The circle in the
plot clearly depicts that the validation plot lies exactly between the actual
data plot and the observed data plot. Therefore, the research work is said to
be validated.
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Fig. 9. ANN regression plot
Best Validation Performance is 6.9154e-18 at epoch 5
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Fig. 10. ANN validation performance
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Plotting the gradient values, mu, and validation fail has been shown
in Figure 11. Gradient represents the slope of the tangent of a graph of a
function. It points to the direction in which there is a high rate of increase
for the considering function. The momentum constant or momentum
parameter (mu) is the control parameter for the back-propagation neural
network that we modeled, and the choice of mu directly affects the error
convergence. A validation check is used to terminate the learning of the
neural network. The number of validation checks will depend on the
number of successive iterations of the neural network. Thus, gradient, mu,
and validation check are 4.1263e-09, 1e-10, and 0 respectively at epoch 31
as shown in Figure 11.

1o Gradient = 4.1263e-09, at epoch 31
E \
= 51 i
'@ 10
o

10,19 1 1 1 L 1
Mu = 1e-10, at epoch 31
10° 1

mu

10 L L L L

Validation Checks = 0, at epoch 3‘

31 Epochs
Fig. 11. ANN training state

Table 8 noted the information security risk prediction of “Raw
Material Processing (RMP)”, and the coefficient of determination (R?),
RMSE, and MSE were also found. The results imply a good fit between the
model-predicted data and the experimental data, indicating the models'
aptness and coherence.
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Table 8. ANN InfoSec risk prediction of «Raw Material Processing (RMP)»

Risk Prediction

Rl(s:sf;ct;or Likelihood Consequence Il;{iosslf ¢ ANN
0.675 6.750 0.675 0.674
0.875 3.250 0.500 0.500
0.675 6.750 0.675 0.675
0.500 1.250 0.325 0.327
0.500 6.750 0.675 0.675
0.325 1.250 0.125 0.126
0.500 5.000 0.500 0.500
—_ 0.125 5.000 0.325 0.325
% 0.875 3.250 0.500 0.500
=3 0.500 5.000 0.500 0.500
& 0.325 3.250 0.325 0.325
‘2 0.675 6.750 0.675 0.682
§ 0.875 5.000 0.675 0.675
& 0.500 5.000 0.500 0.500
= 0.675 1.250 0.325 0.325
§ 0.500 8.750 0.675 0.675
g 0.325 3.250 0.325 0.325
. 0.500 1.250 0.325 0.328
§ 0.325 8.750 0.500 0.500
0.675 6.750 0.675 0.675
0.125 1.250 0.125 0.113
0.675 3.250 0.500 0.500
0.875 6.750 0.875 0.875
0.875 6.750 0.875 0.875

RMSE 0.00288

MSE 0.00001

R 0.99991

R 0.99981

4.4. Validation of InfoSec Risk analysis via Fuzzy Multiple
Regression Modeling (MRM). A comparison of the findings acquired is
necessary for confirming and validating the efficacy of the technique being
used to solve any problem. The current method and the alternative
procedures that were previously applied in the prior research investigations
must be compared in this comparison. The authors used the ANN to
evaluate the security risk in the aforementioned case study.

Multiple Regression Analysis (MRA) is a statistical technique that
predicts the outcome of a response variable using a variety of explanatory
variables. This technique will be heavily employed to represent the causal
relationships between inputs and outputs. Equation4 serves as a
presentation of the multiple regression approach.
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Risk = X, + X; * Likelihood + X, * Consequence,

where X, is a fixed and X, and X, are regression coefficients.

The stepwise regression method has been applied for the first risk
factor of “Raw Material Processing (RMP)” by using MINITAB 19
software to choose the best regression method for the prediction of risk
size. Stepwise regression models have been presented in this paper. These

models are shown in Tables 9 — 12.

“

Table 9. Correlation Coefficient among Input and Output Factors

S Securi
Likelihood Consequence/Impact Riskty
Likelihood 1.0000
Consequence 0.219 1.0000
Security Risk 0.709 0.793 1.0000

Table 10. Consists of the Multiple Regression Equation for security risk through the

hierarchy
Multiple Regression Equation R’

Security Risk Regression Equation - 093104

Evaluation Risk = -0.0419+ 0.5033 Likelihood %

Model Level +0.05699 Consequence
Table 11. Multiple Regression (MRL) Equations for each identified security risk
factor
L Multiple Regression Equation RMSE | MSE R’
Factor
R

RMP ;069(7) ;3972 ch) 111 Zéquenc eL‘kethOd 0.05250 | 0.00276 | 0.93104
HRS | -0.0386 +0.5843 L + 0.05286«C 0.05672 | 0.00322 | 0.91832
NWF | -0.0281 + 0.4858 L + 0.05749.C 0.03993 | 0.00159 | 0.97120
HRM | -0.0109 + 0.6597 + L + 0.05594 « C 0.04738 | 0.00224 | 0.96112

RPT | -0.0535+0.4693 «L + 0.06453«C 0.04164 | 0.00173 | 0.96216
RMP | -0.0178 +0.4941 L + 0.05398 «C 0.06825 | 0.00466 | 0.90721

ST -0.1065 + 0.5837 » L + 0.05915 + C 0.04015 | 0.00161 | 0.97082

RMM | -0.1356 + 0.6471 « L + 0.06000 « C 0.06106 | 0.00373 | 0.91012

CP -0.0904 + 0.5987 «L + 0.05971 - C 0.04738 | 0.00225 | 0.95919

CM -0.0130 + 0.5530+ L + 0.05104 - C 0.05168 | 0.00267 | 0.94401
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Table 12. Risk prediction using the MRM model

Risk
Prediction
Risk
factor Likelihood | Consequence InfoSec Risk MRM
(Asset)

0.675 6.750 0.675 0.683

0.875 3.250 0.500 0.584
0.675 6.750 0.675 0.683
0.500 1.250 0.325 0.281

0.500 6.750 0.675 0.594
0.325 1.250 0.125 0.193
0.500 5.000 0.500 0.495
o 0.125 5.000 0.325 0.306
S 0.875 3.250 0.500 0.584
& 0.500 5.000 0.500 0.495
e 0.325 3.250 0.325 0.307
2 0.675 6.750 0.675 0.683
g 0.875 5.000 0.675 0.683
& 0.500 5.000 0.500 0.495
= 0.675 1.250 0.325 0.369
g 0.500 8.750 0.675 0.708
S 0.325 3.250 0.325 0.307
> 0.500 1.250 0.325 0.281
2 0.325 8.750 0.500 0.620
0.675 6.750 0.675 0.683
0.125 1.250 0.125 0.092
0.675 3.250 0.500 0.483
0.875 6.750 0.875 0.783
0.875 6.750 0.875 0.783

RMSE 0.05250

MSE 0.00276

R 0.96491

R’ 0.93104

4.5. Comparison between actual and model-predicted results.
In this section, to prove the effectiveness of the proposed method, we
compare our proposed algorithm with different methods. The authors
compare our proposed ANN classifier with fuzzy regression modeling
(MRM). The comparison and statistical analysis of the actual values and the
model-predicted values of risk analysis in industry information systems are
presented in Table 13. It was found that both models have sufficient

capability to predict the properties of the industry.
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Table 13. Comparison between actual and model-predicted results

Risk Prediction
Risk Likelihood | Consequence | InfoSec ANN MRM
factor Risk model model
(Asset) predicted | predicted
0.675 6.750 0.675 0.674 0.683
0.875 3.250 0.500 0.500 0.584
0.675 6.750 0.675 0.675 0.683
0.500 1.250 0.325 0.327 0.281
0.500 6.750 0.675 0.675 0.594
0.325 1.250 0.125 0.126 0.193
0.500 5.000 0.500 0.500 0.495
P 0.125 5.000 0.325 0.325 0.306
= 0.875 3.250 0.500 0.500 0.584
& 0.500 5.000 0.500 0.500 0.495
0 0.325 3.250 0.325 0.325 0.307
2 0.675 6.750 0.675 0.682 0.683
§ 0.875 5.000 0.675 0.675 0.683
& 0.500 5.000 0.500 0.500 0.495
= 0.675 1.250 0.325 0.325 0.369
§ 0.500 8.750 0.675 0.675 0.708
§ 0.325 3.250 0.325 0.325 0.307
z 0.500 1.250 0.325 0.328 0.281
2 0.325 8.750 0.500 0.500 0.620
0.675 6.750 0.675 0.675 0.683
0.125 1.250 0.125 0.113 0.092
0.675 3.250 0.500 0.500 0.483
0.875 6.750 0.875 0.875 0.783
0.875 6.750 0.875 0.875 0.783
RMSE 0.00288 0.05250
MSE 0.00001 0.00276
R 0.99991 0.96491
R’ 0.99981 0.93104

As represented in Figures 12, 13, 14 in terms of overall efficiency,
the ANN model (R*=0.99981, RMSE =0.00288, MSE =0.00001)
performed better than the MRM model (R*=0.93104, RMSE = 0.05250,
MSE = 0.00276), though both are satisfactory enough. Figure 15 shows the
time series plot of actual observed values versus the values predicted by the
ANN and MRM models on the test dataset.
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Fig. 12. Correlation Coefficient of ANN and Stepwise Regression
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Fig. 13. RMSE of ANN and Stepwise Regression
0,003 0,00276
0,0025
0,002
4 0,0015
0,001
0,0005 0,00001

ANN MRM
MODEL
Fig. 14. MSE of ANN and Stepwise Regression
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Time Series Plot of Actual Data, MRM, ANN
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Fig. 15. Time Series Plot of ANN and MRM based on Actual data

5. Conclusion. Due to their shortcomings, both qualitative and
quantitative methods are considered non-complete, subjective, including an
element of randomness, and difficult to update or reuse. At this time many
papers provide the necessary horizon scanning, focusing on Al-based
methods, fuzzy logic, adaptive neural fuzzy inference system (ANFIS), and
artificial neural networks (ANNs) and their usage for a more effective
calculation of risk, considering the mix of qualitative input parameters such
as likelihood and consequence. Thus, in this study, an information security
risk assessment model based on fuzzy logic and an artificial neural network
(ANN) is proposed to evaluate and calculate both qualitative and
quantitative risks in a more reliable, flexible, and objective manner. The
application of an artificial neural network can be used to assess information
security risk since they have self-learn ability, can solve uncertain
problems, and are appropriate for quantity data processing.

After fuzzy membership, functions are constructed for likelihood,
consequence, and risk value. In order to obtain a more reliable and less
subjective approach to the risk assessment process, an ANN has been used
in this new model. Finally, in terms of overall efficiency, the ANN model
(R>=0.99981, RMSE=0.00288, and MSE=0.00001,) performed better
performance, though both models are satisfactory enough.
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A.D. ACDXA, A. BAIII
OLIEHKA PUCKOB HH®OPMALIMOHHOM BE3OIMTACHOCTH B
OTPACJIEBO HH®OPMAIIMOHHOM CUCTEME HA OCHOBE
TEOPUU HEYETKHUX MHOKECTB U HCKYCCTBEHHOM
HEMPOHHOM CETH

Acgpxa A.3., Baiiu A. Onenka puckoB HH(pOpManUHOHHON 0e30IACHOCTH B OTpac/eBoi
HHPOPMANMOHHON cHCTeMe HAa OCHOBE TEOPHH HeYeTKHX MHOKEeCTB M MCKYCCTBEHHOI
HeHPOHHOIi ceTn.

AnHoTtamusi. OLeHKa PHCKOB MH(OPMALMOHHOH 0E30MacHOCTH SIBISICTCS BaXKHEUIIHM
KOMITOHEHTOM METOJIOB HPOMBIIIJICHHOTO MEHEIKMEHTA, KOTOPbIM IOMOraeT BBISBISATH,
KOJIMYECTBEHHO OINPEAENATh M OLIEHMBATh PUCKM B CPABHEHUM C KPUTEPHUAMH INPUHATHS
PUCKOB M LEIsIMH, OTHOCSIIMMHUCA K oOpraHuszauuu. bnaromaps cBoell crnocoOHoOCTH
KOMOMHHUPOBaTh HECKOJBKO MapaMeTpOB JUIS OIpe/eNieHUs] OOIero pucka TpaauIHOHHBIN
METOJl OLEHKHM PHCKOB, OCHOBAaHHbI Ha HEYETKUX MpaBUJIAX, UCIIOJIb3YETCS BO MHOIHMX
OTpACIIAX MPOMBIIUICHHOCTH. DTOT METOJ UMEET HEI0CTAaTOK, IIOCKOJIBKY OH HCIONb3yeTCs B
CUTyalsiX, KOTJIa HEOOXOAMMO OLEHUTh HECKOJBbKO IapaMeTpoB, M KaXIblid Mapamerp
BBIP)XaeTcsl PasIMYHBIM HAaOOpOM JIMHIBHCTHYECKUX (pa3. B aTol craTthe mpencraBiieHbI
TEOpHsT HEYETKUX MHOXKECTB M MOJENb IPOTHO3HUPOBAHMS PHCKOB C HCIIOIB30BAaHHUEM
UCKycCTBeHHOW HelpoHHOH ceTt (ANN), KOTOpble MOTYT PpEIINTh pPacCMaTPHBAEMYIO
npobaemy. Tarke pa3paboTaH aaropuTM, KOTOPBEIH MOXXET H3MEHATH (DaKTOPHI, CBSI3aHHBIC C
pHCKOM, ¥ OOLIMI YPOBEHb PHUCKA C HEYETKOTO CBOWCTBA Ha aTPHOYT C YETKUM 3HAYCHHEM.
Cucrema Oblma 0OydeHa C MCHOJB30BAHHEM JBEHAIIATH BBIOOPOK, mpeacTaBisomux 70%,
15% wn 15% nHaOopa naHHBIX Ui 00y4eHMs, TECTUPOBAHMS M BAJMIALUH COOTBETCTBEHHO.
Kpowme Toro, Taroke Obuta pa3paboTaHa MOLIAroBask PErPECCHOHHAS MOJENb, M €€ Pe3yJIbTaThI
cpaBHuBatoTcs ¢ pesynbrataMu ANN. C touku 3penus oOueit sddexruBHocTH, Moxenbr ANN
(R2= 0,99981, RMSE=0,00288 u MSE=0,00001) noka3ana JIy4iuIyro mpOH3BOIUTEIHLHOCTS,
XOTsl 00€ MOJENH IOCTaTOYHO YIOBJICTBOPUTENbHBI. [lenmaercs BbIBoA, uto Monenb ANN,
MIPOTHO3UPYIOIAs PUCK, MOXKET JaBaTh TOYHBIE PE3YNBTATBHI IO TEX MOp, MMOKa 00ydaromue
JIaHHBIE YYUTHIBAIOT BCE MBICIMMBIC YCIOBHS.

KiroueBble cjioBa: pHCK, OLIGHKAa PHCKA, HUCKYCCTBEHHass HEHWpOHHas CeTh, TEOpUs
HEYETKHX MHOXKECTB, OTpaciieBasi HHPOPMAlMOHHAs CUCTEMa, LIEMEHTHAsI IPOMBIIIICHHOCTb.
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T".P. BOPOBBbEBA, A.B. BOPOBLEB, I".O. OPJIOB
KOHIEIIIINSI OBPABOTKHW, AHAJIN3A U BU3YAJIN3AIINN
TEOPU3ZNYECKHNX JAHHBIX HA OCHOBE 3JIEMEHTOB
TEH30PHOI'O UCUUCJIEHU ST

Bopobvesa I'.P., Bopobves A.B., Opnoé¢ I.0. KoHuenuusi 00padoTku, aHaau3a
M BH3YQJIM3allMH  reo(M3dM4YecKHX JAaHHBIX Ha OCHOBE JJIEMEHTOB TEH30PHOIO
HMCYHCICHHSI.

AnHotamusi. OJHUM M3 OCHOBHBIX IOIXOZOB K 00pabOTKe, aHANM3Yy M BU3YalIU3aLHU
reo(U3NUECKUX TAHHBIX SBIIETCS MPHUMECHEHHE Te€ONH(OPMAIIMOHHBIX CHCTEM M TEXHOIOTHIA,
9TO0 OOYCIIOBJIICHO HX TIEONPOCTPAHCTBEHHOH TPHBs3KOH. BMmecTe ¢ TeM, CIOXKHOCTh
NPEICTaBIeHUs] TeO(pU3MYECKHX JaHHBIX CBA3aHA C MX KOMIUICKCHOH CTPYKTYpOH,
MPEIIoIarafonieii MHOKECTBO COCTABILIIONINX, KOTOPbIE HMEIOT OJHYy H Ty IKe
reOIPOCTPAHCTBEHHYIO MPUBSI3KY. SIPKUMU MpUMEpaMyl TaHHBIX TaKOH CTPYKTYpHI U (opmaTa
SIBJISIIOTCS] TPABUTALIMOHHBIE M TE€OMAarHUTHBIE TI0JIsI, KOTOpBIE B O0IIEM cllydae 3aJaloTcsi TpeX
1 YEeTHIPEXKOMIIOHEHTHBIMH BEKTOPAMH C PAa3HOHANPABICHHBIMA OCSMU KOOpAUHAT. [Ipu aTOM
Ha CEroAHSLIHUH JeHb OTCYTCTBYIOT PELICHHS, NMO3BOJIIIONINE BH3yalH3HPOBATh yKa3aHHbIC
JTaHHBIE B KOMIUIEKCE, HE JACKOMIIO3HPYS MX Ha OTHENbHBIC CKAISPHBIC 3HAYEHHUS, KOTOpHIE,
B CBOIO 0Yepe/ib, MOTYT OBITh MPE/ICTABICHBI B BH/IE OJHOTO HJIM MHOTUX MPOCTPAHCTBEHHBIX
cioeB. B oTOl cB3M B paboTe MpEIOKEHA KOHLEIIWS, HCIIONB3YIOmas 3JIeMEHTHI
TEH30PHOTO HCYMCIICHUS 11 00pabOTKH, XpaHEHHs M BH3yalH3alUH HH(MOPMAIMH TaKoro
tdopmara. @DopManH3O0BaH MEXAHW3M TEH30PHOTO TMPEACTABICHHS KOMIIOHEHT OIS
C BO3MOKHOCTBIO €r0 KOMOMHUPOBAHMS C JAPYIHMHU JAQHHBIMH TaKoro xe (opmara, ¢ OIHOU
CTOPOHBI, M CBEPTKM IPU COYCTAHMHM C IAaHHBIMH Ooyiee HU3KOro panra. Ha npumepe
THOPUAHON PEISAIHOHHO-HEPAPXUIECKON MOJETH JAHHBIX MPEUIOKCH MEXAHU3M XPaHCHHS
nHGOpPMALMK 110 TEH30PHBIM IIOJSIM, HPEIyCMAaTPHBAIOIIMA BO3MOXKHOCTH  ONHCAHHS
1 IPUMEHEHUs] WHCTPYKIMH II0 TpaHC(GOpPMAalMH NPH IEepPexXofe MEXIy PpasIHIHBIMA
cHCTeMaMH KoopauHAaT. B paboTe paccmMarpiBaeTCs MPUMEHEHHE IOAXOfa MPH HEepexoie
OT JIEKapTOBOH K c(epuyeckoil CHCTeMe KOOpAMHAT IPH IPEICTAaBICHUHM I1apaMeTpOB
reOMarHuTHOro mnoiis. JIisi KOMIUIGKCHOH BH3yalHM3alMH I1apaMeTPOB TEH30PHOIO MOJIS
MPEUIOKEH MOX0/I, OCHOBAHHBII HA MPUMEHEHNH TeH30PHBIX ri(oB. B kauecTBe moceqanx
IIPU 9TOM HCHOJB3YIOTCSI CYNIEPIIUINICH C OCSMH, COOTBETCTBYIOIMMY PaHTry TeH3zopa. Ilpu
9TOM aTpUOYTHBHBIE 3HAYCHUS IIpeUIaraeTcsl BH3YaIM3HPOBaTh OTHOCHTEIBHO —oOCei
rpadHyecKOro MPUMHUTHBA TaKKUM 00Pa30M, YTO PacIpeeieHHe TaHHBIX MOXKET OBITh 3aJaHO
MOCPEACTBOM BapbUPOBAaHHS TIPAJMEHTa MOHOXPOMHOIO IPEICTABIICHUS IapaMerpa BOJIb
ocu. PaboToCcrocoOHOCTh KOHLEMIMKM ObLIa MCCIIENOBaHA B XOJE CPABHUTEIBHOTO aHAJM3a
TEH30PHOTO TOAXOAa C PCIICHHAMH, OCHOBAaHHBIMH Ha CKALIPHON JIEKOMITO3HIIUH
COOTBETCTBYIOIMX KOMIUICKCHBIX 3HAYCHHUH C TOCICAYIOUIMM HX IPEICTaBICHHEM B BHJC
OIHOTO WJIM MHOTHX IIPOCTPAHCTBEHHBIX CJIOEB. I[IpOBEICHHBIN aHaIW3 IOKa3ay, 4YTO
MPUMEHEHHE MPEUIOKCHHOrO IOJX0Ja IO3BOJUT B 3HAYUTENBHONH CTENEHH MOBBICUTH
HaISHOCTh  (POPMHUPYEMOro TeONPOCTPAHCTBEHHOTO H300paKeHuss 0e3 HEeoOXOIUMOCTH
CJIO’KHOTO TIEPEKPBIBAHUSI IPOCTPAHCTBEHHBIX CJIOCB.

KioueBble cj10Ba: TECH30pHBIC MOJS, TEH30PHOE HCYHCICHHE, T'€OMH(OpPMAILIOHHBIC
TEXHOJIOTHH, TIIU(BI, CYTIEPIIUIUIICHL.

1. BBenenne. B  Hactosimee Bpemss  0o0paboTka,  aHAIW3
Y BU3yau3alus reopU3NICCKUX JaHHBIX SIBIIIOTCS BAXKHBIM ()yHIAMEHTOM
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[PU PELICHUH NPUKIAIHBIX 33[ad, a TaKKe MPOBEICHUH pPa3HOILIAHOBBIX
HccreoBaHuA B 00jacTH Hayk o 3emne. Tak, Kk mpumepy, WHPOpMAIUsS
TAKOr0 POJia MCIHOJIB3YETCsl Ul IMarHOCTHPOBAHHS T'€OMHAYIHPOBAHHBIX
TOKOB, HaBOJMMBIX B CETSAX O3JIEKTPONEpesad M CHOCOOHBIX MPHBECTH
K KpUTHYeCKUM cOosiM B mx pabote [l]. [Jpyras m3BecTHas 3amada —
MOJICIMPOBAaHKUE M aHAIHM3 MPOCTPAHCTBEHHO-BPEMEHHOTO PACIPEIeICHUs
rapamMeTpoB T'€OMarHUTHOTO TOJII M €ro BapHalui, B OCHOBE KOTOPBIX
JIeKaT pe3yabTaThl HAOMIOJICHUH HA3eMHBIX MAarHUTHBIX CTaHIHH, C OJHOM
CTOPOHBI, U PACUCTHLIC JaHHBIC, MOJYYCHHBIC Ha 6a3e COOTBETCTBYIOIIUX
reo()U3NIECKUX MOJIeNeH, ¢ Apyroi [2].

O0beM reoduzuyeckoil MHpOpMaMU HenpepbiBHO pacrteT. [lpum
OTOM pa3IMYHbIC TUIbBI JAaHHBIX JOCTYHNHBI C Pa3JIUYHBIM IHaromM
JIMCKPETH3aIMU BO BpEeMEHU U mpocTpaHcTBe. D(QDeKTHUBHAS BU3YyaIU3aINsI
TAKUX [AHHBIX SBIAETCS BAXKHBIM HHCTPYMEHTOM Kak [Uisl aHalun3a
MPUPOIHBIX U TEXHOTCHHBIX MPOIECCOB, TAK U Sl NPUHSATHS pPEIICHUN
B COOTBETCTBYIOIINX MPUKIIAJHBIX 00JIACTAX.

leompocTpaHCcTBeHHAs MpHUBsA3Ka Treodu3nueckoll uHpOpMamu
o0yciaBiuBaeT NpUMEHEHHE TeOnH(OPMAIMOHHBIX TEXHOJIOTHH i ee
00paboTKM, aHamM3a W BH3yadM3auuu. Tak, K [puMepy, aHalu3
TEOMarHUTHBIX aHOMaJIMi, Trpaduyecky mpejcTaBIeHHBIX B Qopmare
W30JIMHUM, TMO3BOJISIET JlaKe BU3YAJIBHO OMNpPEICIUTh MECTO  JUIst
pasmelleHus J1labopaTopuM MO  TOBEPKE  MarHUTOYYBCTBUTEIHHOTO
obopymoBaHusA. AHAJOTMYHBIM 00pa3oM oOecrednBaeTcsl TMOAJEpKKa
NPUHSITHS PEHICHUI M HCCIIEAOBAHUE PA3IHUYHBIX MPOLECCOB / SBICHHUN
B U3BECTHBIX F€OMH()OPMAIHOHHBIX PEUICHHSIX HA OCHOBE reo(pu3nvecKoin
nHdopmanum.

Ocoboe MecTo B psiny 3agad  o0paboOTKM W BU3yalIu3aluu
reopu3nvyeckod MHPOpPMAIMM  3aHMMaeT IpodjeMa  IpeACTaBICHUS
reoU3N4ecKuX IoJieil B ToM (hopmare, KOTOPHIH MO3BOJIHUT HOJIB30BATEITIO
3((PeKTHBHO KCIOJIB30BaTh ATy MH()OPMAIMIO B CBOMX IEJIAX. BaxHO mpu
ATOM OTMETHTb, YTO OOIIHE TCHACHIINN PEIIeHUsI 0003HAYCHHON TIPOOIEMBI
TAKOBBI, YTO aHAJIM3MPYyEeMbIC MapaMeTphl MOJjel IEeKOMIIO3UPYIOTCS Ha
CKaJSIPHBIC ~ BEJNMYMHBI, JUISI BH3YaJM3allMd KOTOPBIX  HCIHOJB3YIOTCS
M3BECTHBIE WHCTPYMEHTBI, MOJEIM M METOJbl TeOUH(OPMAIMOHHBIX
cucteM [3]. K HAM, B 9aCTHOCTH, OTHOCATCS W3OJWHUH, TETUIOBBIC KapThI,
MIPOCTBIE TEONPOCTPAHCTBEHHBIE OOBEKTHI M UX KOMOMHAIINH, JIOIIOJIHEHHBIE
COOTBETCTBYIOIIMMH LIBETOBBIMH CXEMaMH U TIp.

VYka3aHHOE YNPOLIEHHOE TMpeJCTaBIeHHe TIeo(U3MUECKUX MOJen
B BUJIE CKAJSIPHBIX I'€ONPOCTPAHCTBEHHBIX M300paKCHUI B psije ClydaeB
HelocTaroyHo  uHpopMaTHBHO. Tak, B  YacTHOCTH, OCHOBHOW
XapaKTepHCTHKOﬁ T€OMArHuTHOIO MOJid ABJIACTCA BEKTOP, HpeﬂCTaBﬂeHHbIﬁ
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TPEMSI COCTaBIIIOIUMH. [Ipy 3TOM N3BECTHBIE MIPUIIOKEHHUS, PEATTH3YIOIIIC
BU3yaIM3a[MI0 T€OMAarHUTHOTO IIOJISI, TPEICTAaBIIIOT COOTBETCTBYIOIINE
JTaHHBIE B BHAE CKAJSIPHOTO IOJISI, KOTOPOE MMEET MECTO NpH (HKCALUH
OJIHOTO M3 KOMIIOHCHT WJIH TIOJTHOTO BEKTOpPA T€OMarHUTHOTO OISt [4].

[Ipu sToM cnennduka reoPpU3MUECKUX IONEH 3aKITI0YaeTCS B TOM,
YTO OHHM OTHOCATCA JHOO K BEKTOPHBIM, MO0 TEH30PHBIM IOJSIM.
VYrpolieHue uxX NpeACTaBICHUS IIyTeM CBEICHHS K OTOOPa)KEHHIO OJHOTO
KOMITIOHEHTa M3 COBOKYITHOCTH COCTAaBIISIIOIINX BEKTOP HEM30EKHO
MIPUBOJMUT K CHIDKCHUIO HH)OPMATUBHOCTH M 3P PEKTUBHOCTH NPUMEHEHUS
COOTBETCTBYIOIIMX TeOMH(GOPMAIMOHHBIX pelleHuil. B  mnpukmagHeix
00JacTAX ¥ B MPOIIECCe MPOBEICHIS HAYYHBIX HCCIICOBAHUI KOMITOHCHTHI
BEeKTOpa (WJIM TEH30pa, B OTIEJIBHBIX Clly4asx) reo(U3UYEcKOro IO,
HUMEET CMBICI PAacCMaTpUBATh B COBOKYITHOCTH, 0€3 OTHENCHHS WX JIpYyT
OT ApyTa C TOCIIEAYIONICH BBIACICHHON BU3yann3alien.

AHanu3 W3BECTHBIX pENICHHII B 00NacTH TIeONpOCTPaHCTBEHHON
BU3yIHM3aIlMN T'eOPU3UIECKUX IOJIEH ITOKa3ajd, YTO B MX OCHOBE JIEKHT
IpeacTaBiIcHUe N NU(GPOBO Moaenblo Ha peryisipHoit cetke (GRID-
Monenb) win B Buae Tpuanrymsinuu (TIN-monens), mopnepskuBaeMble
MHOTHMHM PaclpOCTPaHEHHBIMH T'e€OWH(GOPMAIMOHHBIMU CHCTeMaMu [5].
IIpu >TOM TakWe TOAXOJbl HEMPUMEHUMBI HMEHHO JUIsl OTOOpaKCHHUS
BEKTOPHBIX M TEH30PHBIX MoJieil. B 3To# cBsA3m HeoOxoauMo pa3paboTarh
noaxond, KOTOpI)II\/’I IIO3BOJIUT HCIIOJIB30BATh MMpEeUMyHICCTBa
reoMH(pOPMAaIMOHHBIX CHCTEM, C OJHON CTOPOHBI, & TaKXe IOJHOIEHHO
MIPOJIEMOHCTPUPOBATH CHENU(PHKY NAPaMETPOB MOJIEH, ¢ APYTOMH.

[IpencraBnsiercss  nenecooOpasHBIM — IIPOBECTH  CPaBHUTEIBHBIN
aHaIM3 M3BECTHBIX NOAXOZOB K BH3yallM3alMM TeO(U3UUECKUX IOJIeH
(B HacTosiIIee BpeMs JOCTYNBI PE3YJITAaThl MCCIEAOBAHUI I10 PELICHHUIO
0003HaUeHHOW 3a/auu Ul T€OMarHUTHOTO W TPaBUTAIIOHHOTO TIOJIEH),
BBIJICNIUTh WX KIIIOUEBBIC MOJIOKUTENbHBIE aclekThl. Ha ocHoBaHMM
MIPOBEJCHHOTO aHalN3a TpedyeTcs pa3paboTaTh MOAX0M, KOTOPHIH C yIeTOM
0003HaUEHHBIX IPEUMYINECTB PACCMOTPEHHBIX METOAOB  IO3BOJUT
chopMynHpoBaTh KOHIETIUIO 00pabOTKH, aHamu3a W BHU3yaIW3alHUH
reopmU3NIECKUX IMOJIell WMEHHO C YYeTOM HX BEKTOPHOH / TEH30pHOMH
cenudukn. YKa3aHHbIE 0COOCHHOCTH JOJKHBI B 3HAYNTEIBHOW CTETIEHU
ObITh OpHUCHTHPOBAaHBI HAa MOTCHIMAN COBPEMEHHBIX IPOTPAMMHBIX
nHTepdeiicoB, peann3yronx BO3MOKHOCTH IByX- U TPEXMEPHOH IrpadKH.
[pencraBnsiercss 1enaecooOpa3HbIM, € TEXHMYECKOM TOYKH 3pEHMS,
YUYHUTHIBATH 0COOCHHOCTH Be0-OpHEHTUPOBAHHOMN peanuzanun
COOTBETCTBYIOIIUX NMPOTPAMMHBIX PELICHHH, YTO MO3BOJHUT CYIIECTBEHHO
pacUIMpHUTh KPYT €ro NOTEHIUAIBHBIX M10JIb30BaTENIeH.
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2. CocrostHHe Bompoca. B HacTosimiee BpeMsl MOJABISIONIAsT YacTh
WCCIIeIOBAaHUM TOCBAIIEHA pa3padoTke HOBBIX 3(PQPEKTUBHBIX CIOCOOOB
BU3yalIM3alliy BEKTOPHBIX ToJieil. B mepByro ouepenp, N3BECTHBI PEIICHUS
Ha pa3pabOTKy METOJOB BU3YyaJIN3alNU THIPOINHAMIYECKHX MOJIEH.

B pabore [6] mpoBemeH CpaBHHUTEIBHBIA 0030p METOIOB
BU3yalIM3allid MHOTOMEPHBIX BEKTOPHBIX IONEH. BblaeneHHBIE METOBI
pas/iesieHbl Ha YeThIpe YKPYIHEHHbIE TPYIIIIbL:

—  TpsAMBIE  METOJBI, NpEeNoNaralolue  UCIONb30BaHUe
CTPENOYHBIX MHUKTOrpaMM, KOTOpBIE, B CBOIO O4Yepenb, pa3MellaroTcs
B 3aJIaHHBIX MPOCTPAHCTBEHHBIX KOOpJHMHATax (reorpaduueckue
mumpota / nonrora). IlpsMoil MeTOx BHM3yaiM3alUH SIBISETCS JIOCTATOYHO
HarJaJHbIM DPCUHICHUCM TIPpU 06pa60TKe JJAHHBIX KaCaTCJIbHO JABYMCPHBIX
BEKTOPHBIX TIOJIEH. Hamnpuwmep, CTpEIIOYHBIE MTUKTOTPAaMMBI
B IIPOCTPAHCTBEHHBIX TOYKAaX, IPEICTABICHHbIE MNOA Pa3IHIHBIM YIIIOM
K 3eMHOM TOBEpXHOCTH, 3(P(EeKTHBHBI NpH JBYMEPHOH BH3yalIN3alMu
HaNpaBJICHUH OKEAaHCKHX TEYCHHUH, paclpOCTPaHECHUs yparaHoB H Ip.
Bmecte ¢ Tem Takoil moaxox cmabo TNPHMEHMM K BU3YyalIH3alMd
MHOTOMEPHBIX BEKTOPHBIX IoJieH. Pa3sHOHampaBiieHHBIE W TpPUBSI3aHHBIC
K OJTHOH MPOCTPaHCTBEHHOH TOYKE BEKTOPBI MOTYT BbI3BATh HEKOPPEKTHYIO
HHTEPIPETALMIO PE3yIbTaTa BU3yaIH3allid KOHEYHBIM I10JIb30BATEIIEM,
COOHOM  CTOPOHBI, a TakXKe 3HAUMUTENBHYI0O  MEepPerpy’eHHOCTh
TeONPOCTPAHCTBEHHOTO H300pakeHHs, ¢ Opyroil. B ciydae BeIcOKOM
IDIOTHOCTHU BU3YAJIU3UPYEMBIX NPOCTPAHCTBCHHBIX MTAHHBIX CHUTyalusd CHIC
Oouee ycyryouseTcs.

—  MeToAbl, OCHOBaHHBIC Ha  XapakTEepPHBIX  IPH3HAKAX,
MIPEATIONAraloT BBIICJICHHE ITOJMHOXKECTBA JAHHBIX C OINPEICICHHBIM
Ha0OpOM XapakTepHCTHK, AaKTyaJbHBIX JJIsI KOHKPETHOTO KOHEYHOTo
MOJIb30BaTeNsl U / WM B paMKax OINpeJeNICHHONW pelraeMoi MpHKIIagHOH /
HayYHO-TEXHHYECKOH 3amaun. DakTHdyeckn Bech 00padaThIBacMBbIN
HaHaHHBpreMBIﬁ 00beM JAHHBIX CYXACTCAd 10 YPOBHA OTACIBHBIX
MOJMHOXECTB, 4YTO B LEJIOM IIO3BOJSIET MOBBICUTH 3(P(PEKTUBHOCTH
paccMaTpuBaEMOro METOJa, MO CpaBHEHHIO, K MpUMEpy, C paHee
onucaHHbBIM. HemocTaTkoM paccMaTpuBacMOro METOZA SBISETCS ITPEXKIE
BCETO €ro TPYAOEMKOCTb, IIOCKOJIBbKY HETOCPEICTBCHHO BBIJCICHNE
MOJIMHOXECTB M3 BCEH COBOKYHMHOCTH AAHHBIX TpeOyeT HOMOJIHHUTEIBHBIX,
3a4aCcTyI0 OOJBLINX, BBIYUCIUTEIBHBIX 3aTpPaT.

—  TEKCTYpPHBIE METOAbl BU3YAIN3allMd BEKTOPHBIX  IOJeH
OCHOBaHbI Ha IIPUHIMIIE HMCKKEHHS TI'€ONPOCTPAHCTBEHHOW CTPYKTYPHI
B COOTBETCTBHU C JIOKaJbHBIMU CBOMCTBAMH BEKTOPHOTO TMOJS TaKUM
oOpazoM, 4YToOBI OTOOPa3UTh HEIOCPEJCTBEHHO BEKTOPHOE  IIOJIE.
QdakTHuecKn HMeeT MecTo aedopmanus mBeta U (OPMBI HCXOTHON
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TEONPOCTPAHCTBEHHON IOBEPXHOCTH. TEKCTypHBIE METOABI IOCTATOYHO
nH(pOpPMATHUBHBI, COTTIACOBAHHBI M AETAIM3UPOBAHEI U MOTYT OBITH YCIICIITHO
NPUMEHEHBl JUIA BH3yaJHM3allid CJIOKHBIX MHOTOMEPHBIX BEKTOPHBIX
nosnedt. Ilockonmbky pedp nAeT TONBKO O Aedopmanuu yxke TOTOBOTO
TEONPOCTPAHCTBEHHOTO  M300pPaKEHUsI  HEMOCPEACTBEHHO  CPEICTBAMHU
rpauIecKkoro mporeccopa, TEKCTYPHBIM METOJaM CBOWCTBEHHA BBICOKAs
MIPOU3BOIUTEIBHOCTD.

—  TeoMeTpUYecKHe METOAbI, B OCHOBE MPUMEHEHUS KOTOPBIX
JISKUT BbIZIEJICHHE HaOopa OMOPHBIX TOYEK, IOCIETYIONIEro pacueTa o0Iei
XapaKTepHOW Ul HUX TPACKTOPUHM U MOJ00pa reoMETPUYECKON (GUIYPBI.
CHOXHOCTh METOJa, OYEBHJIHO, 3aKII0YAETCS B TOM, YTO HENPaBHIBHO
BbIOpaHHBIE OTMIOPHBIE TOUYKU MOTYT BHECTH CYIIECTBEHHBIE 3aTPOMOXKICHHUS
U UCKaXCHUS BU3YaTM3HPYEMOTO T'EOMPOCTPAHCTBEHHOTO H300paKEHHUS.
B nenom, reomerpudeckne METOIBI OTHOCSTCS B HACTOSIIEE BpeMs
KTpynmne HauOoimee pa3BUTBIX H  A3(P(EKTHBHBIX € TOYKM 3pCHHA
nH(GOPMATHBHOCTH MOTY4aeMOTo pe3yibTaTa Bu3yannsanuu. Henocratkom
T€OMETPHUYECKUX METOJIOB SIBIISAETCS OOJIbINast BEIYUCIUTENbHAS CIIOKHOCTD.

OTnensHO  MpeAcTaBisieTCs  1eIecOOOpasHbIM — OTMETHTH  JIBa
OCHOBHBLIX Haubojiee dYacTo MPaKTUKYEMBIX B FeOI/IH(i)OpMaHI/IOHHOM
MOJIEIMPOBAaHUH CII0C00a BU3YyalIH3allii BEKTOPHBIX mosieit [5]. IlepBrrit u3
HUX, 0003HaYaeMblii MOKOMIIOHEHTHOW BHU3yaJM3alMel, TMpeanoiaraeT
BBIACJICHUC OTACIIbHBIX KOMIIOHCHT BEKTOPHBIX MnoJiek u ux IpEACTABIICHUC
B BHUJIE CKaJSIPHBIX NOBEpXHOCTEH. MeTon ImpoCT B INPHUMEHEHUH, OJHAKO
3aMeHa BEKTOpPA OJJHUM M3 €r0 KOMIIOHEHT NPUBOIMT K MOTEpE BaXKHOM ISt
MOHMMAHHS HCCIIEyeMOro Ipolecca / sSBIeHUsS MH(POPMAIUH, HOCKOIbKY
B TI0/IaBJISIONIEM OOJIBIIMHCTBE ClTy4aeB TpeOyeTcst HHPOPMAIHs O OJIHOM
BEKTOpE B COBOKYMHOCTH €r0 KOMIIOHEHT.

Bropoil moaxoxn OCHOBaH Ha NPUMEHEHHUH pealn30BaHHBIX
B COBPEMEHHBIX T€OMH()OPMAIMOHHBIX CHCTEMaX IIPOCTHIX aJITOPUTMOB
BU3yaIM3alliX TIOCPEJICTBOM CTPEJIOYHBIX AnarpamMm. JlaHHBINH MOAXOX BO
MHOTOM IEPEKINKAETCS] C ONMMCAHHBIM BBIIIE METOIOM (IIPSAMBIE METOIPBI),
KOTOpBI  HCHONB3YyEeT CTPEIOYHBIE IUKTOTPAMMBI C  OJHO3HAYHOU
MPUBSI3KOH K CBSA3KE IIPOCTPAHCTBEHHBIX KOOpAMHAT (reorpaduueckue
mMHpOTa M JAOJNT0Ta, K HpUMeEpy). MeTox XapaKTepu3yeTcsi TeMH JKe
HEJIOCTaTKaMH, YTO U MpsMbIe MeToAbl. [Ipexne Bcero, 31ech HEOOXOAUMO
OTMETUTh HHU3KYIO pa3pelialollylo crnocoOHOCTh MpU  OTOOpa)KeHHH
BEKTOPHBIX  MOJIeH BBHAY 3alIyMJICHHS BH3yaJM3alMH  OOJBLINM
KOJINYECTBOM B3aUMHBIX NIEPECEUECHUN CTPEIOYHBIX TUKTOIPaMM.

Pestomupysi, mnpeacTaBiseTcs LelecOOOpasHbIM OTMETHTh, YTO
NIepeurcIIiCHHbIe B 0030pe METObI OPUEHTHPOBAHbI TJIaBHBIM 00pa3oM Ha
BHU3YyaJM3alUI0 BEKTOPHBIX mojeil. Ilpu 3ToM B ciiydae TEH30pHBIX MHOJEH
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TaKhe METObI TMO0 HEMPUMEHUMBI, TH00 ManodQekTUBHBL. B 310 CBs3M
HEOOX0ANMO pa3paboTaTh MOJXOJ, KOTOPBIH IO3BOJHMT BU3YalIN3UPOBATH
TaKoro poja momns 0e3 moTepu MHGOPMALMH, BAXKHOM AJISI MCCIEIOBAHUA
COOTBETCTBYIOIIETO MpoIiecca / sIBICHNUS.

3.0030p ¥ XxapakTepuCcTHKa THUNOB TmoJeil. B obmem Buume
IOPHUHATO BBIAEJSATH TPU TPYHONbl  IOJEH, KaXZOe U3  KOTOPBIX
B I'€ONPOCTPAHCTBEHHOM BBIPAKEHUH MOXET OBITH 3aJaHO
COOTBETCTBYIOIUMH NTOBEPXHOCTIMU.

CkaispHbIMU Oy/ieM Ha3bIBaTh MOJIS, KOTOpbIE 3ahaHbl (yHKIHEH
MOBEPXHOCTH, T/le KaXJON TOYKE CTABUTCS B OJHO3HAYHOE COOTBETCTBHE
HEKOTOPBbIM CKaJsp, IPEACTABICHHBIA B BUJIE JECHCTBUTEIBHOIO WIHU
KOMIUIEKCHOro 4yucia [7]. TumuuHelMH nOpuMepaMH TakuX —TOnei
U TIOBEPXHOCTEH SBISIOTCS BU3yalU3als MPOCTPAHCTBEHHO-BPEMEHHOTO
pacIpeneneHiss MIHOBEHHOTO / CPEIHECYTOYHOTO 3HAUCHHS TeMIIepaTyphl
BO3/lyXa, BIIAXHOCTH, KOJMYECTBA OCAAKOB M TIIp. (MHBIMH CIOBaMH,
C YY9ETOM CKa3aHHOTO CKaJSIPBl JOJDKHBI OBITH HPEICTABICHBI B KaXIOH
MPOCTPAHCTBEHHOM TOYKE B 33[aHHBI MOMEHT BPEMEHH TOJIBKO MPOCTHIM
aTOMapHBIM 3HAYCHHEM). Busyannzanus CKaJISIPHBIX nonei
MpeaycCMaTpUBAaeT HCIIOIB30BAaHUE CTaHAAPTHBIX T'€OMPOCTPAHCTBEHHBIX
rpagu4ecKuxX MPUMHUTUBOB, IPEICTABICHHBIX B COOTBETCTBUH C 3aJaHHOU
BeTOBOM cxemol (pucyHok 1). K WX uuciIy OTHOCSTCS, B YacCTHOCTH,
MIPOCTPAHCTBEHHBIC  TOYKH, MOJHIOHBI, NONWIMHUK (K TIpUMeEpy,
BBIPOKCHHBIE B BHJE COBOKYIIHOCTH HNPOCTPAHCTBEHHBIX W30JIMHUH H/WIN
n3obap) u mp.

K BekropHbIM monsiM OyneM OTHOCHTH 3aJaHHbIC (YHKIMEH
IPOCTPAHCTBEHHBIE IOBEPXHOCTH, KaXKIOM TOUKE KOTOPOH CTaBHUTCS
B COOTBETCTBHE BEKTOp C HadaloM B 3Toi Touke (pucyHok 1) [8].
B kauecTBe mpuMmepa IpeAcTaBIseTCs LesiecOO0pa3sHbIM IPUBECTH TAKHE
mapaMeTphl, KaK HAaNpaBlI€HUE BETPa, MOTOKM MHUIPALUU HACENEHUS
B Pa3IMYHBIX TEPPUTOPHANBHBIX o0OmacTsx u mnp. Kak mnpasumo, mnpu
3aJaHUM BEKTOPHBIX IOJEH 00s3aTeIbHBIMHU SBIAIOTCS JBa IapaMerpa:
TOYKa HaJajga BEKTopa (MPOCTPAaHCTBCHHAs TOYKA, IPEACTAaBICHHAA
COOTBETCTBYIOLIEH TMApOM MPOCTPAHCTBEHHBIX KOOPJAWHAT B 3a/laHHOU
CHCTEME KOOpPAMHAT), a TaKXe HalpaBICHHE BEKTOpPa B COOTBETCTBHU
C YIJII0M K HOPMaJIH 10 OTHOIICHMIO K 33/laHHOM MOBEPXHOCTH. B obmem
BUJIe BU3yaln3alMsi BEKTOPHBIX I10JIEH MOXKET OBITH NpEACTaBICHA OJHUM
n3 AByX cmnocoOoB. [lepBeli W3 HHMX OpPHUEHTHPOBAaH Ha YIPOIICHUE
MPECTAaBICHUS TNPOCTPAHCTBEHHBIX MAAHHBIX, NMOCKOJBKY CBOAMT BEKTOP
K IOKOMIIOHEHTHOMY  Pa3JIO)KEHHIO  Ha COOTBETCTBYIOIME  CKaJAPHI
(B mogaBysifonieM OOJBITMHCTBE CIIy4aeB TAaKOM IMOAXOJ] TaKk WIM HHA4e
COMPSDKEH C IMOTepeil 3HAaYMMOMW /I WCCIIEIOBAaHMs / IPUHATHS PEIICHUN
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nadopmanumn). Bropolf BapmaHT BHU3yanM3alMHW IMPOCTPAHCTBEHHBIX
BEKTOPHBIX TOJIEH CBsI3aH C MPUMEHEHHEM Tpa(UUEecCKHUX IPUMHTHBOB,
HMUTHPYIOLIUX BEKTOP.

TensopHsIM ToOJeM OyaeM Ha3pIBaTh 3aJaHHYI0  (QyHKIHEH
MOBEPXHOCTh, KaXJIOW TOYKE KOTOPOM CTABHTCS B COOTBETCTBHUE TEH3O0D,
NPUBS3aHHBI K COOTBETCTBYIOIIEH CHCTEME KOOpAMHAT M HMEIOIIMI
HayaJio B 3aJIaHHOM MpocTpaHCTBEHHOH Touke [9]. IIpuMepamu TeH30pHBIX
MOJIeH SIBIISIFOTCS, B YAaCTHOCTH, Pa3IMYHOTO poja reo(U3MYecKue IoJis
(reoMarHuTHOe, TpaBUTAIlMOHHOE M Jp.). B 3aBucumocTH OT paHra
COOTBETCTBYIOIIETO TEH30pa, MPEJCTaBIAIONIETO HCCIIeIyeMBbIil
aTpuOyTUBHBIA TapaMeTp, KaXAbIA TEH30p 3aJaeTCsi UCXOAHOW TOUYKOM
U COBOKYITHOCTBIO XapaKTEpU3YIOIIUX €ro BeKTOpoB. B obmem Bune
BH3yalln3alys TEH30PHOTO MO TPaAHLUOHHO BBIIOIHAETCS OJHUM U3
CHoco00B, MPEAYCMOTPEHHBIX AT MPEACTABICHUS JaHHBIX 110 BEKTOPHBIM
nonasiM. TeH30p MOMKHO TIOKOMIIOHEHTHO PAa3JIOKUTh Ha CKaIspHBIE
3HAa4YEeHUs, NPEACTaBUB KaXKA0€ U3 HUX, K NMPUMEPY, B BHIE OTIAEIHLHOrO
MPOCTPAHCTBEHHOIrO cnos. Jpyro BapuHaHT — HMCHOIb30BATh MHOKECTBO
T'€ONPOCTPAHCTBEHHBIX NPUMHUTHBOB JUII TIpaUIecKOro IpeACTaBICHUS
COCTaBIAIONIMX TEH30pa, 4dYTO, B CBOIO OYepenp, CONPSDKEHO C
Ype3BBIYANHON MEepPEerpyKEHHOCTHIO I'e€ONPOCTPAHCTBEHHOTO H300paXKeHUS
M, Kak CIEACTBHE, €ro HH3KOH S(MQEKTHBHOCTBIO NpPU MPOBEICHUU
UCCJICIOBAaHUN U / WM NPUHATUH PEIIEHUH B COOTBETCTBYIOIIMX 00JIACTIX
(pucyHox 1).

CrkanfapHoe
3Ha4eHne

Puc. 1. VI3BecTHBIC OAXOABI K BU3YAIH3AINH: a) CKASIPHBIX; 0) BEKTOPHBIX;
B) M TEH30PHBIX MOJEH
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Takum oOpa3om, pe3ynbTaThl MPOBEIEHHOrO 0030pa W aHanm3a
CBHUJIETENBCTBYIOT O TOM, YTO HanMMEHee NMPOpabOTaHHOW C TOYKH 3pEHHS
TEONPOCTPAHCTBEHHON BH3yalM3allM SIBIAETCA 33Jadya OTOOpaKeHMs
TeH30pHBIX moJieil. CooTBeTcTBEHHO Tpedyercss pa3paboTaTh IMOIXO,
MOBBIIIAIOMIMN ~ HAIIAAHOCT  BU3yalHM3allMM  TEH30PHBIX  MOJEH
U PacCHIMPSIONIMN  BO3MOXKHOCTH WX IPEACTAaBICHHUSA MJIsI KOHEYHOTO
MIOJIb30BATENsl B MPOIIECCE MPOBEACHHS MCCICAOBAHUN W / WIW NPUHATUS
pEeLIeHHi B IPUKIIAHBIX 00JIaCTSIX.

4.T'eomarHuTHOE TMOJe Kak TIpUMep TEH30PHOro MOJs.
MaruuTHOE 1ojie 3eMJIH MPEeACTaBIsieT co00il 1Mojie, KOTOpOe T'eHEPUPYeTCs
BHYTPU3E€MHBIMH  HCTOYHMKaMH. B 1000 TOuke  OKOJI03EMHOI'O
IIPOCTPAHCTBA OHO OMNpENeNsIeTCsl TOJIHBIM BEKTOPOM HANPSIKEHHOCTH,
T.€. HaIlPaBJICHHEM ACHCTBUS U COOTBETCTBYIOIINM MoxaysieM. [Ipu 3Tom Ha
MarHuTHOE ToJie 3eMJIM TaKKE OKa3blBaeT BO3ACHCTBHE IIEPEMEHHOE
MarHuTHoe mose (Tof0BbIC M CYTOYHBIC MarHUTHBIC BapHALlUH, MaTHUTHBIC
Oypy pa3iMYHONH HMHTCHCUBHOCTH M TIp.), OOYCIIOBJICHHOE BHEUIIHUMH
IpoueccaMy, KOTOpbIE TIOJ BO3ACHCTBHEM KOCMHYECKOM  ITOTOJBI
MIPOMUCXOJIAT B HOHOC(hEpE.

Jlna pa3iokeHHs BEKTOpa HANPSHKEHHOCTH F Ha COCTaBIIAIONINE
0OBIYHO HCTONB3YyeTCs JeKapToBa CHCTEMa KOOpAMHAT, MpEACTaBIICHHAsS
TpeMs OCSIMH (X, ¥ ¥ z COOTBETCTBEHHO). OCh X IIpH 3TOM OpPHUEHTHUPOBaHA
10 HAIPaBJICHHUIO TeorpagpuyecKkoro MepuanaHa, och y — 10 HAIPaBICHUIO
reorpaUuecKkoil mapajuieNnu, och z — HalpaBjeHa CBEPXy BHH3 K LICHTPY
3emim. BakHO OTMETHTH, YTO AL OCH X TIOJIOXKHUTEIHHBIM CUHTACTCS
HampaBJICHUE K CEBepy, a IJIsl OCHM y — HampaBieHHe K BocToky [10]
(pucyHOK 2).

Z |
| S 4

Puc. 2. BzaumMocBs3b KOMIIOHEHT BEKTOpa reOMarHuTHOIO I1OJIA

<

Ilycte X, Y, Z — COOTBETCTBYIOUIME KOMIIOHEHTBHI BEKTOpa
T€OMarHUTHOTO Hous. IIpoeknus monHOro BEKTOpa F Ha TOPH3OHTAILHYIO
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IJIOCKOCTh HAa3bIBAE€TCS TOPHU3OHTAIBHON COCTABIISIIOIICH M 0003HA4YaeTCs
H. Torna B3auMOCBS3b MEXIY yKa3aHHBIMH KOMITOHEHTAMH T€OMarHUTHOTO
TIOJIST MOYKET OBITH MPECTaBIICHA TOCPEICTBOM COOTHOIICHUH CIIEAYIOMIETO
BHA:

F=+X2+Y2+22=H?+22
H=F-cosa, Z =F-sina, (1
X=H-cosf,Y=H-sinf;

rae f/ — MarHUTHOE CKIIOHEHHE, XapaKTepPHU3YIOIIee Yol MEKIy OChIO X H
TOPU30HTANBHON COCTaBisitomed H, o — MarHUTHOE HAaKJIOHCHHE,
XapaKkTepu3yloulee Yroil MeXIy BEKTOpOM [ M TOpU30HTAIBHOMN
IUTOCKOCTBIO.

C y4eToM CKa3aHHOTO W COOTHOmEeHHWH (1) TEH30p TeOMarHUTHOTO
rpagueHTa G XapakTepu3yeT CKOPOCTh HM3MCHEHHS  I1apaMeTpoB
TE€OMarHUTHOTO BEKTOPA TI0 TPEM HANpPaBJICHUSAM (COOTBETCTBEHHO X, V) H Z)
B JIEKapTOBO# cucteMe koopaunar [11]:

OFy OFy OFy
dx ay 0z

dx ay 0z
[BFZ O0F, 6FZJ

dx ay 0z

; 2

rae Fy, F, u F. — Tpu KOMIIOHEHTa BEKTOPa B CBOMX NPOEKIMAX Ha OCU
X,y ¥z COOTBETCTBEHHO (B (1) MM COOTBETCTBYIOT 0003HaueHus X, Y, Z).

Jnga ynpomeHuss 3amucu npeactaBuM  (2) B BUAE CBEPTKH
caenytouiero Buaa [11]:

Gxx gxy Ixz
G=|9x 9yy 9yz|. (€))
9zx gzy 9zz

Takum 0Opa3oM, TEH30p TpagleHTa TE€OMArHUTHOTO  TOJIs
MpeCTaBIsieT co00i TEH30p BTOPOTO PaHra, KOTOPBIH MPH 3TOM COCTOHT U3
3 X 3 =9 COOTBETCTBYIONINX NPOCTPAHCTBEHHBIX TIPOU3BOIHBIX.

31ech Ke MPECTaBIseTCs 11e7ecO00pa3HbIM OTMETHTh, YTO BBUAY
TOTO, YTO JWUBEPICHIMS W BPAIICHUE N'COMArHUTHOT'O TOJS PaBHBI HYIIIO,
MOTYT OBITh MOJYYCHBI CICTYFOIIUEC COOTHOIICHUS:
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Gxx T Iyy +9,,=0, (4)
Ixy = Gyx, xz = Gzxr Gyz = YGzy-

CrnenoBaTenpbHO, TEH30P MAarHUTHOTO TPAAMEHTa MPEICTaBISAET
c000if CHMMETPHYHYIO MaTpPHUITy pasMepoM 3 X 3, mis KOTOpOi MOTYT OBITh
BBIJICJICHBI ISTh ~ HE3aBHCUMBIX ~ KOMITOHEHTOB, 0003HaYCHHBIX
COOTBETCTBEHHO, KAK iy, Zyy» Suys &z M &= [11]. TIpu 3TOM B cooTBETCTBMM C
ypaBHeHUsAMH Jlammaca cymma pasMEIICHHBIX [0 JAWAroHajdd MaTpPHUIBI
2JIEMEHTOB paBHA HYIIIO.

B obuiem Buzae TeH30p BOOOIIE M TpaJUe€HTa FeOMarHUTHOTO IOJIS
B YACTHOCTH TpaAuLIMOHHO 3a/1aeTcs Tpems OCHOBHBIMU
xapakrepuctukamu [11]: dopma C, panr R u pasmep /, KOTOpbIe 3a1a0TCs
BEIpAYKEHUEM CJIEIYIOMICTO BHA:

G=[C,R,1. (5)

Tak, 1y paccMaTpUBaeMOro B cly4yae T€OMarHuTHOTO TOJIsl TEH30pa
3anuch (5) 6yner umets Bua: G = [3, 3, 9]. IHpIMH clTOBaMU, UMEET MECTO
MIPSIMOYTOJIBHBIA TEH30p, B KOTOPOM JUTHHA KaXKII0oH U3 oce (popma) paBHa
3, KOJIMYIECTBO ocell (paHr) Takxke paBeH 3, o0IIee KOINIeCTBO HIEMEHTOB B
TeH3o0pe (pa3Mep) paBHO 9.

B xaxpodl TOYKe MPOCTpaHCTBA TEOMArHUTHOE TIOJIE 3aJacTcs
TEH30pOM OJHOTO M TOro ¢ (BTOPOTrO) paHra, TakkKe Ha3BIBAEMOTO
muanamu [11]. B aToM cimydae i AByX U OoJiee MPOCTPAaHCTBEHHBIX TOUCK
BO3MOXHO TOJYYUTh HOBBIM TEH30p TaK )K€ BTOPOTO PaHTa, MOJYUEHHBIH
anredpanyeckuM CyMMHPOBAHHEM Ka)KJIOTO KOMIIOHEHTa TEH30pa OJHOTO
cJIaraeMoro C COOTBETCTBYIOLIUM KOMIIOHEHTOM TEH30pa JpPYyroro
cinaraemoro. TakuM oOpa3oM, BO3MOXKHO PAacCMOTPETh OOMIUI TEH30p
rpajueHTa TMoJid KaK pe3ylbTaT CIOKEHHUS €ro KOMIIOHEHT, 4TO B 00IIemM
BHJIE BBIPAXKAETCS CIEIYIONINM 00pa3oM:

YGxxy gxyA Ixzy YIxxp gxyB Ixzp
Gy =|9yxy vy, 9yzyl; Gy = |Iyxp Gyyp YGyzg|;
Gzx 4 gzyA Gzzy Y9zxp gzyB 9zzp

(©))
Gxx 4 + Ixxyp gxyA + gxyB Ixz, + Ixzp

GAB = gyxA +gyxB gyyA +gyyB gyzA +gyzB .
YGzxy + Yzxp gzyA + gzyB YGzzy + YGzzp
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I[Ipy »o>ToM BBUIY HEOJHOPOTHOCTH TEOPUINICCKUX  MOJICH
(¢opMHUpOBaHHE HOBBIX TEH30POB Ha OCHOBE CIIOKEHHUS HECKOIBKHIX
W3BECTHBIX JIOJDKHO OBITh OTPaHHYEHO CPaBHUTEIBHO HEOONBIINMHU
MPOCTPAHCTBEHHBIMH ~ OOJIACTSIMHM, pa3Mephl KOTOPBIX MOTYT  OBITH
OTIpe/IeIeHBl Ha TIPEeIBAapHUTENBHBIX JdTamax HccienoBaHusa. Kak mpasmiio,
yKa3aHHBIC OTIEPAUH MOTYT OBITh MPUMEHHMEI TOIBKO JUISI CTATUCTUIECKH
OIHOPOJMHBIX HPOCTPAHCTBEHHBIX TOYEK, M3MEHEHHUE HCCIIEeyeMOro
rnapaMerpa B KOTOPBIX OJHO3HAYHO W PaBHOMEPHO OMpeAeseTcs,
K IpUMEpY, BO3JCHCTBMEM OJHHMX M TeX K€ BHEUHUX (akTopoB
(B yacTHOCTH, TAPaMETPOB KOCMUUECKON MOTOBI).

IIpencraBnsercs neiaecoobpa3HeIM 0003HAUYNUTH MOATEH30P TEH30pPa
G rpagMieHTa TEOMarHUTHOTO IOJisl KaK €ro IOJAMHOXECTBO, 3aJaHHOE
COOTBETCTBYIOIIUMH ~ TIapamMeTpamMu  (OpPMBI, paHra ©  pa3Mepa.
B cooTBeTCTBMM ¢ TPUHIMIAMH TEH30PHOTO HCYHUCICHHS, MOIATCH30p
JOJDKEH WMETh MCEHBIIYI0 Pa3MEpHOCTh IO CpPaBHEHHIO C HWCXOIHBIM
TeH30opoM.  Tak, Jusd  TEOMAarHHTHOTO  TONI1  TPEACTaBISACTCA
[eIeco00pa3HbIM  BBIICINTh, K MPUMEPY, MOATEH30p, IpPEACTaBICHHBIN
3HAYCHUSMHU TPAJUCHTa OJHOTO M3 KOMITOHEHT BEKTOpa IO BCEM OCSIM.
0O603HaYNM MOATEH30]P F€OMarHuTHOTO oJst G  Kkak G'
¢ xapakrepuctukamu Buja [1, 3, 3]. MapiMu ciioBaMu, UMEET MECTO HOBBIM
TEH30p, B KOTOPOM [UIMHA KaKI0W u3 ocell (popma) paBHa 1, KOJHYECTBO
ocell (paHr) Takke paBeH 3, o0IIee KOJHYCCTBO DJICMEHTOB B TEH30pE
(pa3mep) paBHoO 3.

Beemem mis  moareHzopa G' ciedyrolnee  COOTHOILICHHE,
XapaKTepU3ymIee TPAIUCHT 10 OCH X UL TPEX 3aJaHHBIX B UCXOJHOM
TEH30p€e OCEei:

Gxx
G' = |9yx|;G 3 G'. (6)
9zx

AHanorn4HeIM 00pa3oM JUIS Ka/O0W INPOCTPAHCTBEHHOH TOUYKH
BO3MOXKHO BBINOJIHUTh CBEPTKY TEH30pa TakuM 00pa3oM, 4TOOBI CBECTH
TeH30p paHra N k TeH3opy panra M, mpu s3tom N > M. CBepTka TeH30pa,
B COOTBETCTBUM C NPHHLUIAMM TEH30pHOro ucuuciaeHus [11], cogurcs
K HOHIDKCHUIO BAJICHTHOCTH (paHra) TeH3opa Ha 2. VHBIMH cloBamH,
(dopmupyeTcst HOBBIN TeH30p panra M, takoro uro M = N — 2. Ilockosbky
B Clly4ae IpaJMeHTa T€OMAarHUTHOTO IIOJII MMEET MECTO TEH30p BTOPOTO
paHra, To pe3yJbTaTOM CBEPTKH SIBISIETCS CKajsp, HAa3bIBAEMBIH MEPBBIM
TJIaBHBIM MHBAapHUAaHTOM HJIM CJIeIoM TeH3opa [11]:

582 Wudopmaruka u aBromatuzanus. 2024. Tom 23 Ne 2. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

CBepTka Bcerza TPOM3BOAMTCSA TI0 Tape pa3HOBapHaHTHBIX
WH/ICKCOB (OJUH WMHACKC JOJDKCH OBITh BEPXHUM, a IPYroil HwkHuM). [Ipu
9TOM CJeN JUisl ABYXPAaHTOBOTO TEH30pa SIBIAETCA cKaiusipoMm. Tak, it
BbIpaKeHUs (3) BBIIOJHUM CBEPTKY BHIAa MO €ro CIMHCTBCHHOH mMape
HHJICKCOB:

Gxx  Gxy YGxz
trG =tr | [Jyx Gyy Iyz| | = Gux + Gyy + G2z ®)
9zx  Yzy Yzz

Takum oOpas3om, AN ONTUMH3AINK XPaHEHWS M BapHaTHBHOCTH
MPEACTAaBICHAS I1apaMeTpPOB T'EOMAarHUTHOTO TONS  IeIecooOpa3Ho
WCTIONB30BaTh B TOM YHCIE M CBEPTKY COOTBETCTBYIOIIETO TEH30Da,
KOTOpPBI  AJi  COBOKYNMHOCTH  IPOCTPAHCTBEHHBIX  TOYEK  TaKxkKe
JIEMOHCTPUPYET KapTHHY MPOCTPAHCTBEHHO-BPEMEHHOTO pacIpeieiIeHUs
COOTBETCTBYIOIINX TapaMeTPOB.

5. TpanchopManuoHHbIii  TeH30p. (OCOOCHHOCTBIO  OMHUCAHHUS
HUCCICAYEMBIX MapaMeTpOB TIIOJId B BUAC TEH30POB MNPCACTABIACTCA
[eIeco00pa3HBIM OTMETHTH BO3MOXKHOCTH TPaHC(OPMALUU 3HAYCHUH TpH
W3MEHEHHH COOTBETCTBYIOIIUX CHCTeM KoopauHat. [Ipm sToM HH paHr
TEH30pa, HH €ro pa3MepHOCTh, HH QopMa B pe3yIbTaTe TaKOH
TpaHchopMaIy U3MCHEHUH HE TIPETePICBAIOT.

Tak, xk mpuMmepy, MapaMmMeTpbl T€OMarHUTHOTO MOJS MOTYT OBITh
1 OOBIYHO TIPE/ICTABICHBI KaK B ACKAPTOBOM, TaK M CPEpUICCKON CHCTEMe
koopauHaT. Hauano 3Toi cucTeMbl KOOpJMHAT MMOMEIICHO B IIEHTpe 3eMJIH,
MoJIApHasi OCh HampaBjieHa [0 OCH BpalleHus 3eMJd, KOoopJIuHaTa
OTCUWTBIBAETCS BJIOJIb PAJINyC-BEKTOPA, MPOBEIESHHOTO M3 IIEHTpa 3eMIIH.
B obmiem Buzme chepuyeckre KOOPIUHATHI 3aaal0Tcsi B dopmare (7, 0, L),
re r — paauyc-BeKTOp 00bekTa, 6 — moJsipHOE paccTosHUE (KOIIMPOTA)
B auanasone ot 0° 1o 180°, A — monrora B auanaszone ot 0° go 360°.

Jns npumepa TpeAcTaBISIETCS  IEIECOOOpPasHBIM  MPHUBECTH
COOTHOIIICHUS, XapaKTePU3YyIOIINe CBS3b COHEPUIeCKOM W JIeKapTOBOH
CHCTEM KOOPIMHAT:

x = r-sin(0) cos(A),
y = r-sin(0) sin(), )
z =1 cos(0).
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Kpowme Toro, npu pelieHuH HayYHBIX ¥ NPUKIaJHBIX Te0(QU3HISCKIX
3a7a4 4acTO HCIOJIB3YIOTCS MAarHWTHBIE KOOPAHHATHI (COOTBETCTBEHHO
MarHUTHBIE ITUPOTa U JIOJITOTA, a Takke MarHuTHOE Bpems (Magnetic Local
Time, MLT)), uro Takke, B CBOIO OYEpelb, COINPSKEHO C PAIOM
HEOOXOIUMBIX TTPeoOpa30OBaHMUI.

B  obmem Buae mpomecc — TpaHchoOpMalMM — KOOPAWHAT
1 aTpuOyTUBHBIX 3HAUYCHUH W3 OJHOM CHUCTEMBl KOOpPAWHAT B APYTYIO
MOXeT OBITh 3aJJaH (QYHKIMEH 0TOOpaXKeHHsl BUa:

f:B—> B, (10)

rae B — ucxoHas cucTeMa KOOpAUHAT, B' — 1eyieBast cucteMa KOOpANHAT.

bonee  neranbHOe — pasBepThIBaHHME — (QYHKIMH C  y4eTOM
npeoOpa3oBaHusl OTHENBHBIX ATPHOYTUBHBIX 3HAYEHHH INpH HM3MEHEHUH
COOTBETCTBYIOIMX OCEil IpeacTaBisieTcs IeIecoo0pasHBIM — ONMHUCATh
CIeIYIoNTNM 00pa3oM:

f:B - B':va; 3 f(as) = fap), (11)

rae B — ncxomHas cucteMa KOOpIMHAT, B' — 1ieneBasl CHCTeMa KOOpAWHAT,
a; — 3HaA4€HHE M0 i-i OCH, a;p — 3HAYEHHE T10 i-i1 OCH B CUCTEME KOOPIMHAT
B, a;3 — 3HadeHue mo i-il ocm B cucTreMe KoopamHart B', T — mpaBuia
TpaHchopMaIum.

31ech MpeAcTaBIsAeTCs 1enecoo0pa3HbIM BBECTH TOHATHS 0a30BOTO
u TpaHcopmammoHHOTO TeH30pa. llempio mepBOro W3 HHUX SBIACTCS
IpeCTaBIeHHE COOTBETCTBYIOLINX MapaMeTpOB MO B 3aJaHHOH cucteme
koopauHaT. Tak, k mpumepy, rpagueHT G u3 BbIpakeHHd (3) MOXeT
paccMaTpuBaThCsl Kak 0a30BBIM TEH30p IpajdeHTa T'€OMarHUTHOTO MOJS,
BBIpAXKEHHBIN B JEKapTOBOM cucreMe koopauHaT (pucyHok 2). Ilpu stom
MpaBWJia peoOpa3oBaHusl 3HAYCHUM U3 OJHOW KOOPJAMHATHON CHCTEMBI B
IpYTYIo TpeaaraeTcs 3a1aBaTh B popMare TpaHCPOPMAINOHHOTO TEH30pa
TOTO e paHra, GOpMBI U pa3Mepa, YTO UCXOTHBIN (PHCYHOK 2).

B oOmem Buae TpaHCPOpPMAIMOHHBIH TEH30p 2-TO paHTa C
xapakrepuctukamu [3,3,9] mnpennaraeTrcsi NpPEACTaBUTh CIEIYOLIMM
o0OpazoMm:

rf(aw) 5 ) f(az) = fazy)  fags) = f(aggf)]
Gpop' f(a4B) _> flayp) f(asp) _’ flasg) f(agp) _’ f(%g’) -(12)
lf(aw) - f(a;p)  f(agp) _’ f(agg) f(agp) = f(a9B’)J
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Jns TeoMarHWUTHOTO WO YKa3aHHOE MpeoOpa3oBaHHWE MOXKHO
MPEACTaBUTh TaK, KaK IIOKa3aHO B BBIPAKEHHUH, XapaKTEePHU3YIOIIEM
TpaHCHOPMAITMOHHBIN TSH30D JIJIS TIepeXo/ia OT JCKapPTOBOH K ChepHIeCKOM
cUCTeMe KOOPIMHAT:

ar a0
6(f(ch)—’f(Fys)) 3 (Fyc) >F (Fys)) 6(f(ch)—’f(Fys))_

(13)

a6

o
la(f(cm)—’f(Fzs)) a(f(Fz(:)’—r>f(1'"zs)) a(f(FzC)—’f(FzS))
a0

O (Fr)of (Fys) 0 (Fyo)of (Fxs) 3(f(Fxc)—>f(Fxs))]
[

/- Ba3oebli TEH30p \I

-~

/

Puc. 2. O60o6uIieHHbIE cXeMbI 6a30BOT0 U TpaHC(HOPMALMOHHOTO TEH30POB
(xyOBI HCHIONIB3YIOTCS TSl YCIIOBHOTO 0003HAaYeHUs TeH30pa 2 paHra ¢ 9
9JIEMEHTaMH, KaXJIOMy U3 KOTOPBIX COOTBETCTBYET CBOS siuciika; hparMeHT TeH30pa
(cpe3 1o o/iHOI U3 CTOPOH) pa3MelleH B IIPaBoOH YacTH PUCYHKaA)
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Ilpu sTtOomM mpeamonaraercsi, YTO IJIs KaXXIOH HOBOW CHCTEMBI
KOOPJMHAT BBOJUTCS COOCTBEHHBIH TpaHC()OPMANMOHHBIN  TEH30D,
B KOTOPOM (OPMYIHPYIOTCS TPaBUiIa MPeoOpa3oBaHus 3HAYCHUH OIS U3
OJHOH CHCTEMBI KOOpAMHAT B APYryro. DakTHIEeCKHn NMpH CMEHE CHUCTEMBI
KOOPJMHAT TIPOUCXOANT «HAJIOXKEHHE» JBYX TEH30pOB: 0a30BOTO
u TparcopmarmionHoro. Ilpu 3ToM CHOPMHPOBAHHBI HOBEIM TEH30P
3aMEHSCT UMCIOIIUICS Oa30BbIi.

6. Mudpopmanuonnoe obecneyeHne TeH30poB. Cl0OXHOCTB
NpeACTaBJICHUA TCH30POB B COOTBETCTBHUU C MNPEAJIONKCHHBIM MMOAXOJ0M
3aKJII0YaeTcsl B HEOOXOAMMOCTH XpaHEHHs METalaHHbIX, 0a30BBIX TEH30POB
W BBIPQXEHHH /ISl MX NpeoOpa3oBaHKs B COCTaBe TPaHC(HOPMAIMOHHOTO
TEeH30pa IS TOCIEAYIOIIEro  ONEpaTHBHOIO  JOCTyHa K  HHUM
C BO3MOXXHOCTBIO MHTETPALMK B CAUHBIN MIPOCTPAaHCTBEHHBIN cioil. JIrobas
M3BECTHAsi MOJICTh JAHHBIX (CeTeBasi, HepapXuuecKas, peJIIIHMOHHAs U TIp.)
MIO3BOJISIET YaCTUYHO PELINTh AAHHYIO 33/1a4y, OPUEHTHPYS pa3padoTdmka
NPEeUMYIIIECTBCHHO Ha MpEACTaBICHHE 0a30BOr0 TEH30pa, C OJHOU
CTOPOHBI, 1 METAJaHHbBIX, ¢ Apyroi. Kaxnomy M3 yka3aHHBIX KOMIOHEHT
JTAaHHBIX MOXKET OBITH BBIZIEJICHA COOCTBEHHAs CTPYKTypa B COOTBETCTBHUH
C IPUHATON MOJENbI0, HampuUMep, OTHeNbHas Tabiuia B CciIydae
penanuoHHOH Mojnenu. B TakoMm ciaydae cama CcyTh TpaHchopMaru
TeH30pa (B YAaCTHOCTH, IIPHU IEpexoAe OT OJHOW CHCTEMBI KOOPIMHAT
K Ipyroi) MmpH TaKOM IIOAXOJE OCTaeTcs HepacKpeITod. B mepBom
MpUOIMKEHUH  COOTBETCTBYIOIIKME  TpaHC(HOPMAIMOHHBIC  OIEparuu
JIOJDKHBI  OBITH 3aJaHbl Ha YPOBHE OW3HEC-JIOTHKH COOTBETCTBYIOLIETO
NIPWJIOKEHUST W BBIMOJHATCS 10 Mepe OOpalleHus] MOTpeOuTeNs JaHHBIX
K HUM. OTO CYXaeT BO3MOXXHOCTH NPUMEHEHHS PELICHUS Pa3IMYHBIMU
MOTPEOUTESIMU, TIOCKOJIBKY TpeOyeT MOBTOPHOW pealM3alliy BBIPRKECHUN
TpaHcopManmy OTHAEIBHO JUISi KaXJIOIO IPOrPpaMMHOTO  PELICHHUS.
B pesynbraTte yBennunBaeTCs YHCIIO MPOLECCOB 0OPAaOOTKU JTaHHBIX U, KaK
CJIEICTBHE, CHIJKACTCSl PEAKTUBHOCTh COOTBETCTBYIOIIMX IPOrPaMMHBIX
pemenuii. IIpeacraBnsiercs: menecooOpa3HBIM pa3paboTKa TAKOTO MOAXOZA
K MIPEACTABICHUIO TEH30POB B paMKax IPEUIOKECHHON KOHIICTIIINN, KOTOpas
MO3BOJINT 3a/aThb B €AWHOM CTPYKTYpe TEH30pbl M MpaBWia HX
TpaHcopmManmud € BO3MOXKHOCTBIO ~ JMHAMHYECKOTO  HM3MEHEHHSA
WHPOPMAIMOHHOW CTPYKTYpPHI TaKUM 00pa3oM, 9TOOBI B 3aBUCHMOCTH OT
METaJaHHbIX TeH30pa (OPMHUPOBATH COOTBETCTBYIOIINE OIK3EMIULIPHI
00beKkTOB Il WX XpaHeHus. [lo cyTm uMeer MecTo IUHAMHYECKas
CTPYKTYypa, ajanTupyemas TMOJA KOHKpETHbIE TeH30phl. l3BieueHue
HCKOMBIX JaHHBIX OCYILECTBIAETCS €IMHOW orepanueil 1o o0paboTke
B COCTaB€ OJHOHW CTPYKTYphl M MOXET OBITh peajr30BaHO MHOTHUMHU
MOTPEOUTEISIMU 1101 YIPABJICHHEM €AMHOTO METO/1a I0CTYIa.
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BazoBomy u  TpaHC(hOpMAIIOHHOMY  TEH30pPy  CTaBsATCA
B COOTBETCTBHE METaJaHHbIE, Ha OCHOBAaHMH KOTOPHIX BO3MOXKHO
HACHTUGHUIHUPOBATh 0a3UC HMCXOMAHOTO TEH30pa, a TaKKe OMNpPEeHeHTh,
K KaKOH CcHCTeMe KOOpIOMHAT TPHUBEIET COIMOCTaBJICHHSA 0a30BOTO
1 TpaHC(hOPMAIIOHHOTO TEH30pOB. MeTagaHHBIE TO KaXIOMY TECH30PY
MOryT OBITH TIPENCTaBICHHl B MpPOW3BOIBHOM (opmarte. OnHaxo,
HaKOIUICHHBI aBTOpaMH ONBIT Pa3pabOTKH M HCCIEAOBaHWI B oOnacTu
00paboTKM MPOCTPaHCTBEHHOIH MH(OpManMKM TMOKa3blBaeT, YTO Hauboiee
3¢ (GeKTUBHBIM B JaHHOM Cilydae sBISICTCS HCIoJb30Banue XML-
¢dopmara [11].

HenocpencTBeHHO JJaHHBIE 110 KaXKIOMY TEH30py HE3aBHCUMO OT €T
BHJa B OOIIEM Cilydae MPEACTaBJISAIOT coOoi Matpuiy. Ee ¢usuueckoe
XpaHCHHE MOXKET OBITh BBIIIOJHEHO IIOCPEACTBOM JIOOBIX TOCTYITHBIX
peanu3anuii MoJeNell MpencTaBleHUs NaHHBIX, HAIPUMEp, PEIAIHOHHBIX,
HepapXUUecKuX, OOBEKTHO-OPHEHTHPOBAHHBIX M TIp. Bmecte c¢ Tewm,
MpeCTaBIICTCS — IeNIecOOOpa3HBIM  HCIIONB30BaTh TaK  Ha3bIBaeMBIN
rHOpHUIHBIH (QopMaT mpencTaBieHUs WHPOPMALUH, COUYSTAOIUN B cede
PEIIIUOHHBIN 1 HepapXUIEeCKUH ITOAX0BI K OPTaHU3aIMH JAHHBIX.

[Mpeanaraercst opraHu30BaTh MPEACTABICHUE JAHHBIX CIEIYIOLUINM
obpazom. KaxoMy TeH30py CTaBHUTCSI B COOTBETCTBHE OTACIBHBIA KOPTEXK
B pemsnuoHHOW Tabmume. Ilpu sToM mpenctaBisercs leaecooOpa3HbIM
BBIJICNIUTh 0a30BBIil TEH30p B OJHY TabiMily, a TpaHc(hOPMALOHHBINA
TEH30p — B Jpyryto. TaOmuupl CBsi3aHbl JAPYr C JPYyroM HESIBHBIM
OTHOIIICHUEM BHJIA «OJUH-KO-MHOTUMY («1:M»), B KOTOpOM Ha OCHOBaHUHU
cBsi3kH «repBuuHbIid K04 (Primary Key, PK) — BHenmHwmii kimou (Foreign
Key, FK)» Bo3MoxHO omnpenenuTs npaBuia TpaHcopManny U3 HEKOTOPOH
CHCTEMbI KOOPIMHAT B TOT, KOTOPBIM 3a/laH HEMOCPEICTBEHHO B 0a30BOM
teHzope. Ilockonpky K  06a30BOMy  TEH30py  MOTYT  IIPHBECTH
npeoOpa3oBaHMs N3 MHOTUX JPYTHX CHCTEM KOOPJHMHAT, COOTBETCTBYIOIIAS
peIuoHHas TabIUIIa TOMEYaeTCs KaK pesIIHOHHAas.

XapakTepUCTUKH TEH30pa J000ro BHIa (GOPMHUPYIOTCS YACTHIHO
aBTOMATHYECKH M TIOMEMIAIOTCS B II0JIE COOTBETCTBYIONIETO KOpTEkKa
pesIMoOHHOM TabauIEl. MeTaganHble, 0 MPEICTaBICHUN KOTOPhIX B XML-
¢dopmare coOOMmANIOCH BBIIIE, 3aIMOJHAIOT OJHOWMEHHOE IT0JIe TaOIUIThI
B COCTaBe 3aJaHHOTO KOpTeka B HE()OPMATHPOBAHHOM BHIE TaKUM
oOpazoM, 4YTOOBI B JajbHeWIIeM HX MOXHO ObuUIO 00paboTath
CTaHAApTHBIMH cpejacTBaMu paborsl ¢ XML-maHHBIME (B 4YacTHOCTH,
C UCIIONIb30BaHUEM COOTBETCTBYIONMX DOM-00bekTOB [12]).

IMpn ¢opmupoBannn u 3arpy3ke 0a30BOrO TEH30pa YacTh €ro
MeTaJaHHbIX JOJDKHA OBITh BBIYMCIIEHAa aBToMaTHdecku. K HUM oTHOCSTCS,
B 4YacTHOCTH, (OpMa, paHr M pa3Mep COOTBETCTBYIOIIEIO TEH30pa.
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Ota uHbOpManMsA IONy4daeTcs B  pe3yibTaTe IapCHHTa  JaHHBIX,
MPEACTaBICHHBIX B  TOM  JK€ KOPTeXKE W  XapaKTePH3YIOLINX
HETIOCPEICTBEHHO 3HAYNMYIO YacTb TCH30Da.

Kaxmas ocp  6a30oBOoro  TeH30pa  TakkKe  pa3Mermaercs
B COOTBETCTBYIOIIEM KOPTEXE PEIAINOHHOW TAONHIBI M 3aHUMAET OIHY
BeTtky XML-npencrasnenus. KoaudecTBO BETOK, COOTBETCTBEHHO,
ompenenseT KOJIUYECTBO OCeH TeH30pa M ABISETCd OCHOBaHMEM IS
BBIUMCIICHUs] PaHra W JpYyrux MeTajaHHbIX. (DakTHUeCcKH caM TEH30p
B CBOEM COJEpP)KAaTE€IbHOM MPEJICTAaBICHUN 3aJaeTcsi OTAeabHbIM XML-
JOKYMCHTOM, B KOTOPOM YHCJIO Y3JIOB HEPBOr0 YPOBHA COOTBECTCTBYCT
ocsM, Kaxapld gouepHuil XML-anemMeHT, B CBOIO Ouepe/b, MOKa3bIBaeT
JJIEMEHTHI TE€H30pa B POJUTENbCKON ocu U mp. COOTBETCTBEHHO MapCHHT
Takod XML-CTpyKTypbl MO3BOJSET BBIUUCIUTH Pa3MEPHOCTh TEH30pa
1 OCTaBIIWECS MeTamapaMeTphl UL OPYroro IONII B TOM XKE KOPTEKE
PEIAIIMOHHON TaOIHIIHL.

s TpaHCOpMAaNIMOHHOTO  TEH30pa B IIEJIOM  CXeMa
mpeacTaBiIcHAs / U3MUSCKOTO XpaHEHWs Takas Jke, Kak Ui 0a30BOTrO
TeH3opa. OMHO TMoNie KOPTekKa PEISIMUOHHON TaOIUIBI BBIIEICHO IO
XML-npezncrasiieHue MeTaJlaHHbIX, Apyroe — nox XML-npencrasieHue
HETMOCPEJCTBEHHO  BBIpOKEHHsT i TpaHchopMmaimu  (Hampumep,
B COOTBETCTBUH C BbIpakeHHEM (9) NPUMEHHUTENFHO K T'€OMarHHUTHBIM
naHHbIM). HenocpeacTBeHHO TpaHC(OpMalysi 3aTparuBaeT MOAJIEMEHTHOE
mpeobpa3oBaHHe  KOMIIOHGHT  TEH30pa K3  0a30BOro  KopTexa
B COOTBETCTBUH C BBIPAKCHUSIMHU, MPEACTABICHHBIMUA B COOTBETCTBYIOMICH
CBSI3aHHOW JOYEpHEH 3amucu TpaHC(OPMAIIMOHHOTO TeH30pa. [Ipu 3ToM BO
n30exaHue BO3MOXKHBIX KOJUIM3MHA mpu oOpaborke XML-cTpyKTypsl
TEH30pa, B YaCTHOCTH, €ro Y3JOB, COJIEpPKAIINX MpaBUiIa TpaHCc(HOpMALUH
aTpUOYTHUBHBIX 3HAYEHUH W3 OJHOM CHCTEMbl KOOpIMHAT B JIPYTyIo,
MOCJIEAHUE  JIOJDKHBI  OBITH  NIPEJCTaBIeHBl B  QopMare, YCIOBHO
urHopupyemoit XML-napcepamMu ¥ COOTBETCTBYIOIIUMHU MPOTPAMMHBIMU
oubnmorekamu. B kadecTBe Takoro ¢opMara MOTYT OBITH MCTIOJIH30BAHBI,
B YaCTHOCTH, KOMMEHTAapuWH, a Takke OJOKH HeoOpadaThIBaeMOro
TekcToBoro  comepxkumoro tuma CDATA. Jlns  mpencTaBieHHS
TpaHCc(OPMAIIMOHHBIX WHCTPYKIMHA aBTOpaMH OBUT BBHIOpaH BTOPOH U3
YKa3aHHBIX BApHAHTOB: COOTBETCTBYIOIINE KOHCTPYKIIMH ITOMEIIAIOTCS
Mexay orpanuuntensmMu cekuuu CDATA u u3BnekaroTcsl MOCPEICTBOM
JIOTIOJTHUTEIBHBIX MaHMITYJIALHUA, YTO TO3BOJSIET B LIEJIOM H30€XaTh HX
aBTOMaTHYeCKOl 00pabOTKM W 3amycka Ha BBIIOJHEHHE, CIIOCOOHBIX
MIPUBECTH K PA3IIMYHBIX OMINOKaM IpH paboTe C TEH30POM.

Eme oquH BaXHBI MOMEHT KacaTeJIbHO (M3MYECKOTO PEISLIMOHHO-
HEepapXxUuecKoro IpeAcTaBieHUs O00O3HAUYEHHBIX TEH30POB  CBS3aH

588 Wudopmaruka u aBromatuzanus. 2024. Tom 23 Ne 2. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

C peanu3anyell OTHOWICHUS MEXIy TaOIHLIaMH, COOTBETCTBYIOIIUMHU
pasHbIM THTaM TeH30poB. C 3TOW Menbi0 B JOYEpHEH PEISAIIMOHHON
TabNHIle, COOTBETCTBYIOIIEH TPaHC(HOPMAIIMOHHBIM TEH30PaM, BBOIWTCS
UACHTH(HUKATOp — MEPBUYHBIA KIIOY B COCTaBE OTAEIBHOTO OIS,
HampuMep, YHCIOBOrO THUMA €O CBOMCTBAMH HWHKPEMEHTHPYEMOTO
c4eTyMKa. AIIbTEpHATHBHBIM BapHaHTOM, B YaCTHOCTH, SBISAETCA
UCIIONIb30BAaHHE CYpPPOraTHOrO KIo4a (IO YCMOTPEHHUIO pa3paboTdmKa).
B cooTBeTcTByIOIIEM KOPTEXKE POAUTEIBCKOM TaONHUIBI pa3sMelaercs
CCBUIKA Ha JIAaHHBIA UJCHTU(GHUKATOP — BHEIIHUI KITIOY.

[MpennoxeHHass cxema OpraHu3alUM (U3MYECKOTO XPaHEHUS
W MPEJICTaBIICHUs] TEH30pOB OOOMX BHJOB IIpEJCTAaBIEHa B OOIEM BHUJE
Ha pUCYHKe 3.

Baaosbli TeHaop

oo mmemm e o :
i Mpentudukatop | METALAHHBIE | TEH3OP
' (PK) o i
! ; CwcTema ! Ocs 1
"""""""""""" KoOpOMHaT H |
. ) » Dopua H — @ SHaueHwe 1
 TpaHchoOpMaLMOHHBIA | P H
| o » Paame | o 3HaueHne 2
! Tensop (FK) 1 P H | 1
I — | L o Pawr ! e
[ ; I L g 3Hauenme N
Oce M
— @ 3HaueHwe 1
I g 3HaueHne 2
- -1
TpaHcthopMAaLMOHHEIA TEH30P
i HpeHTnduxaTop i :METAAAHHI:IE i TEH30P
! (PK) [ — I e
H H ! Ock 1
o : I Cucrema : .
KoopauHaT H
——e ©opma ; e Buipaxenme 1
———=e Pasuep ! @ Buipaxexue 2
L o Pawr ! e
L — e Bupaxesue N M
Ocs M
L eBuipamenue 1
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Puc. 3. O6mas cxema nH(OPMAIIOHHON MOJIETH TEH30POB
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[Tnardopma JUTSE peanuzanyu 0003HaYeHHOH MOJEITH
OTpaHWYMBAETCA TONBbKO persinnoHHbIMA CYBJl BBHIY TOTO, OCHOBOM
COOTBETCTBYIOIIEH MOJIENTN SABIISICTCSA UMEHHO peNAIOHHOE

npencraBieHre. KoHKpeTHass peanm3amisl 3aBHCHT OT BO3MOXHOCTEH
1 KOMITJIEKCa TEXHUUECKUX CPEICTB pa3paboTInKa.

7.Hoaxonq K BHU3yaIM3alUUM TEH30PHBIX MoJieil. AHanmu3
OINMCAHHBIX BBIIIE MOAXOJO0B K BU3yaJIM3allMK TEH30PHBIX IOJICH MOKa3al
X HEBBICOKYI0 3((GEeKTHBHOCT W HMH(POPMATHBHOCTH C TOYKH 3pEHUS
KOMIUIEKCHOTO ~PacCMOTPEHHs COCTABILSIIOIIMX €ro IapaMeTpoB IO
pasiMuHBIM ~ OCSIM  3aJaHHOW  cHCTeMbl  KoopauHar.  HaumOosee
paclpoCTpaHeHHbIM IPU  3TOM  SBJISETCA  BAapUaHT  IOCJIOWHOIO
NPE/ACTABICHUS]  CKAISPHOTO  pA3JIOKEHUs  TEH30pPHOrO  TOJIsi  Ha
KOMIIOHEHTHI, YTO MPHU OOJBIIOM KOJMYECTBE MAHHBIX, XapaKTECPH3YOIIIX
CJIO)KHO OPTaHU30BAHHBIN IpoIlecc / SBJICHUE, MOXET IPUBECTH K TOTEpe
3HaYMMOH  WHGOpPMAIMA  BBHAY  HCPETPYKCHHOCTH  HTOTOBOTO
MIPOCTPAHCTBEHHOTO M300paKCHUSI.

B mHacrosmeir paboTe mpemtaraeTcs IMOIXOM, YYHUTHIBAIOIIHMA
ITOOCEeBOE pacmpeneneHue mapaMeTpoB oJIst B cocraBe
COOTBETCTBYIOIIErO TEH30pa M TO3BOJSIIOLUIMK  MPOJEMOHCTPUPOBATH
NPOCTPAaHCTBEHHOE (WJIM B psilie 33a4 MPOCTPAHCTBEHHO-BPEMEHHOE)
pacrpezeneHe AJaHHbIX B yJ0OHOW AJisl KOHEYHOTO IMOoJb30BaTels (hopme.
IMpu 3TOM OXHIAETCs, YTO BO3MOXKHOCTh KOMIUIEKCHOTO BH3YyajbHOI'O
aHajgM3a Ha YPOBHE MPOCTPAHCTBEHHOIO H300pa)K€HHsI  ITO3BOJIHT
MOJB30BATEISIM ~ TOBBICUTH  OMNCPATHBHOCTh  TNPHHATHS  PEUICHHUN
B COOTBETCTBYIOIIUX MPUKIATHBIX 007TaCTAX.

B ocHOBe mpemnmaraeMoro Mmoaxona JCKHUT HPEANONIOKEHHE, UYTO
KaXIbI TEH30p MOXHO IIPEJACTAaBUTh B BHJIE TI'€ONPOCTPAHCTBEHHOI'O
NPUMHTHBA, (OpMa KOTOPOrO aJANTHUPOBAaHA 110/ COOTBETCTBYIOIINE
3HAUEHMsl paHra TeH3opa W ero ¢opmMmel. B kaudectBe Takoro 6a30BOro
rpauIecKoro MPUMHUTHBA MIPEJICTABIACTCA BEIOPATh CIIEHAIN3NPOBAHHYIO
¢urypy — rmud (glyth). B TepmuHax HaydHOW BU3yaJIM3alMU TIAUQBI WA
rpa¢udecKkie CHMBOJIBI OTOOpPaXalOT HECKOJIBKO 3HAYCHWH MaHHBIX,
xapakTepusys uX (opMmy, pasMep, OpHEHTALWI0O W BHEUIHHHA BHJ
TMOBEPXHOCTH 0a30BOro TeoMeTpuueckoro mnpumutuBa [14, 15]. 3xech
MPECTABISETCS IIeJIECOO0pa3HBIM OTMETHTh, YTO HEMOCPEICTBEHHO
NIPOCTPAaHCTBEHHBIE ~ JIaHHBIE 110 TEH30paM TI'EOMAarHUTHOTO  TOJIS
NIPEACTaBICHl B  COOTBETCTBUM C  HMH(QOPMAIMOHHOH  MOJEINBIO,
NIPEATIOKEHHOM B MpepLAyIeM pasjeie. EauHbIM 3anpocoM ¢ 3agaHHBIMU
MIPOCTPaHCTBEHHO-BPEMEHHBIMH T1apaMeTpaMu (opmupyeTcsi oOpalneHune
K COOTBETCTBYIOIIEMY  MH()OPMALMOHHOMY  XPaHWIHMILY  TEH30pOB.
dopmupyeMblii IIPU ITOM Pe3yJbTaT MEPENacTCs] MOAYJIO BH3YyalU3aluu
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TS MTOCTIC Ty FOIIETO (hopmupoBanus COOTBETCTBYIOIIETO
MIPOCTPAHCTBEHHOTO CIIOA.

[Ipu sTOM TpencTaBIsIeTCS IENeCOOOPa3HBIM OTMETHUTh, YTO MPH
BH3YJIN3AIUH TIH(OB HCIOIB3YIOTCS CTPOTO OIpeAeeHHBIe Tpaduaeckue
MPUMHUTHBEI, CpPeId  KOTOPHIX  BBIACISIOT  JJUIMIICOHMI,  KyOOwm,
MUIMHAPUYECKUi Tud, a Takke cynepkBanpukc [16]. Ilpeamomaraercs,
4yro BbIOOp 6a3o0BoW (GopMbl riuda HANPSIMYI 3aBUCUT OT KOJMYECTBA
COCTaBJSIIOLIMX TEH30p OCEH, 4YTO, OYEBHIHO, OIpPEAESIeTCsl DPaHroM
cootBeTcTBylomIero rauda. [Ipencrasnsercs nenecooOpasHbIM B KauecTBE
TaKOW OCHOBBI BBIOpaTh MPOCTEHIIMH BapHaHT NpeacTaBieHus riuda —
aumncons.  Jus  NOANEpKKH — NPEACTABICHUS  AJUIMIICOMIA  JUIs
BU3yaIM3allid  CJOXHBIX TJIM(OB TNPEACTABISETCS  11e7eco00pasHbIM
HCTIONB30BaTh CYMEPIJUIUIICOMABI, Oa3HpyIOMHecs Ha HCIOJIH30BAHUU
KkpuBbIx Jlame [17].

Js BO3MOKHOCTH TPHUMEHEHHUS CYTEPIUIUICONAA U PEIICHUS
MTOCTaBJICHHON 3amaun TIPEIICTABISACTCS JIOTIOITHUTH ero
COOTBETCTBYIOIIUMH OCSIMH C LIEHTPOM B IEHTPOHIE TpaduuecKoro
NpPUMUTHBA. BHYTpH Kaxmoll ocu rimda TNpeacTaBlieHa KOHKpETHas
cocraBigomias TeH3opa. Hampumep, B ciydae TeH30pa TpaIueHTa
r€OMarHUTHOTO TOJIsL, TaKUMH COCTABJISIFOIM SIBIISIFOTCS
COOTBETCTBYIOIINE KOMIIOHEHTHI BEKTOPa MarHUTHOTO MOJIS 3eMiH. 31ech
W lajiee  TPEJCTAaBISIeTCS  LesiecoOOpasHbIM — UCIOJb30BaTh  TEPMHH
TEH30pHBIH  TrUd» UIs  OmMcaHus TNOAXOAa K  BH3yallU3aluu
paccMaTpHUBaecMOro THIIA TIOJEH.

Janee pasmep W LBET KaXIOM COCTaBHOM YacTu BIOJb
COOTBETCTBYIOIIEH BUPTYaJbHOW OCH, NCXOJSIIEH W3 IIEHTPOW/IA, MOKHO
UCIIONIB30BATh Ul OTOOpaKeHMs MH(OPMALMK O CKAISIPHBIX BETMYMHAX.
B uactHocTH, 11 MHOOPMATMBHOTO  M300pakeHMsT  KOHKPETHBIX
COCTAaBIISIOIINX NIPE/CTaBISETCS UCIIOJIL30BATh MOHOXPOMHOE
MIpecTaBIeHIE 3HAYCHNUN M0 KaXKI0M BUpTyallbHOHM ocu riuda. [Ipu satom
mo 3apaHee CQOPMHPOBAHHON IIBETOBOM Macke B 3aBHCHMOCTH OT
KOHKPETHOT'O BH3YaIM3HPYEMOTO 3HAYEHUS WTOTOBBIM IIBET JOJKEH OBITH
MPEACTaBICH B BHAE COOTBETCTBYIOUIETO TpagdeHTa C IIHPHHOM,
ompenesIeMon pa3MepamMu H(a 1 KOIHIECTBOM MTPETyCMOTPEHHBIX B HEM
oceil. B pe3ynprare MHTEHCHMBHOCTh TIpaJMEHTa IO KAXKIOW U3 oOceil
TEH30pHOrO TiH(pa B cOcTaBe €AWHOH (UIyphl HO3BOJHUT BU3YaJbHO
OLIEHUTh MX pacHpe/ielieHHe C Y4YeTOM aHAJIOTHYHBIX HW300pakeHUH
B COCEJTHUX MPOCTPAHCTBEHHBIX TOUKAX.

Jlnis ykazaHWs HamlpaBJICHHOW WHQOpManMd O TEH30PHOM IOJIe
HEOOXOMUMO JIOTONHUTh TIK() JIIOOBIM  H300pakeHHUEM  yKa3aTes,
NpeACTaBISIIOMMM  BeKTop. [lockonbKy B paccMaTrpuBacMOM  I10/IX0J1E
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K BU3YaJIM3aIliH MpeJIaraeTcsl NCIOIb30BaTh HESBHBIE OCH, TO M yKa3aHHE
HaTpaBJIeHUS TOJDKHO OBITh PEajM30BaHO TOCPEICTBOM JOIOTHHUTEIBHBIX
MTUKTOTPaMM, COCTaBIIAIONINX YaCTH UCXOIHOTO TIHda.

B o0meM Buae HWTOrOBOE€ MPOCTPAHCTBEHHOE H300paKEHUE
CKJIaJIBIBAETCS] U3 MHOYKECTBA CYNEPAIIINIICOB, KOOPAWHATHO MPHUBSI3aHHBIX
K COOTBETCTBYIOIIMM IIPOCTPAaHCTBEHHBIM TOYKAaM B 3aJaHHBIX CHCTEMax
koopauHaT. lIeHTpoua  Cymepayuiuica TIeOMETPUYECKH  COBMEIICH
C COOTBETCTBYIOLLIEH  TPOCTPAaHCTBEHHOM  Touykod. B pesynbrarte
c(hOpMUPOBAHHOE  MPOCTPAHCTBCHHOEC HM300pa)KCHUE BHU3YAJIbHO HE
OTJIMYACTCS OT TPATUIMOHHOTO MPOCTPAHCTBEHHOTO CJOS H  IIpHU
HeO6XOZlI/IMOCTl/I MOXET 6]:.ITI> TaKXKE€ JOOIIOJIHECHO MOOIIOJHUTCIIbHBIMU
MPOCTPAHCTBEHHBIMHU 1/1306pa>1<eH1/1;1M1/1 )44 COOTBETCTBYHOIIUMHU
MPOCTPAHCTBEHHBIMH  clIosiMH ~ 0e3  moTepw  HH()OPMAaTHBHOCTH.
[osicanTenpHAas UHPOPMALUA MO TIUQY MOKHA OBITH TOKYMEHTHPOBAaHA
COOTBETCTBYIOIIEH IBETOBOM cXeMOi (JIereHIoi).

Bo wm30exxaHue NeperpyKeHHOCTH IIPEAIaracMoro BH3YallbHOTO
MIPECTaBICHAS TOJCH MPENCTABISACTCS OTPAHUYHUTHCS TONBKO TCH30paMU
HYJICBOTO, TIEPBOTO M BTOPOTO TOPSIKA, YTOOBI KOJIMIECTBO BO3MOXKHBIX
ocell B TEH30pHOM TJIH(e He IMPEBBIIIAo TPeX.

Oco0eHHOCTh MPEJIOKEHHOTO MOAX0/Ia K BU3yaIU3allMd Ha OCHOBE
CYIIEPAJUIMIICOB 3aKIF0YacTCs B TOM, YTO B CIy4ae HEUYETHOTO KOJIMYECTBA
ocell AIIMIIC TepseT COOCTBCHHYH) CHMMETPUYHOCTH. F3BECTHO, dYTO
B 00ImeM BUAE IMPOCTOH 3JUIMIC MpeNCTaBiseT coboil ¢urypy, 3amaHHyIO
KPUBBIMH BTOPOTO MOPSIIKA U BRIPAXKAEMYIO OTHOIIICHHEM BHUJIA!

x? y

@t

2
1, (14)

rae kodpuumeHTsl @ W b ONpenessioT COOTBETCTBEHHO CIKATOCTh
(«ITPUTLTIOCHOTOCTBY) AJLTUTICA BIOJB OCEH KOOPIMHAT.

Bwmecte ¢ TeM, Takoil IOOX0J HENPUMEHUM B TOM Cllydae, €CIM OCeH
Ooyiee BYX W HEBO3MOXHO OIPEHCIUTh HUCKOMBIC KO3(DUIIUCHTHI s
MOCTPOCHHS COOTBETCTBYIONIETO CHUMMETPHYHOTO 3Jutnmica. B 3ToMm ciyuae
€ro 3aMEHa Ha CYNEPIJUIUIC BBIPAXKACTCS C IOMOIIBI COOTHOIICHHUS
CJIEYIOIICTO BUIA:

G - w
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rae n — Ko3(GUIMEHT, 3HaAYeHHE KOTOPOTO ONpPEAEIISeTCS KOJIMYECTBOM
Oceif, KOTOpbIe JOJDKHBI OBITh BU3YaIM3HPOBAaHBI B COCTABE CYIEPAJUIUIICA.
Tak, x npumepy, Ipu n = 1, pe3ylbTaTOM BU3YaJH3allM{ CYNEPAIUIUIICA
B 00111eM BHUJIE SBISIETCS poMO ¢ BEpIIMHAME Ha OCsX KoopauHat. B ciydae,
€CJIM 3HaUeHHE yKa3aHHOTO Ko3((HUIMeHTa JexaT B AuanazoHe 1 < n < 2,
TO  pe3yJbTaTOM  BH3YaJIHM3AUMH  CYIEpIJUIMIICAa  SBISETCS  POMO
C BBITYKJIBIMU cTOpoHaMu. [Ipu n = 2 pe3ynbraToM BU3yaln3aluy SBISIETCS
ayuunce (WM, eci @ U b paBHBI — OKpykHOCTH). [lo Mepe mpuOIKeHns
n K OECKOHEYHOCTH pEe3yJbTaT BU3yalIM3allMyd IPUOIIKACTCS BHELIHE
K IPSMOYTOJIbHUKY.

C yueroM o0coOeHHOCTEH TIpajalli TEH30pOB IO paHTraM
NpeACTaBIsIeTCsl TOA0MPaTh KO3(D(UIMEHT 1 TAKUM 00pa3oM, 4TO B 00LIEeM
BUJIE €r0 MOXKHO MPE/ICTABUTh KaK:

VG =[lr N]3S; = (%)n + (%Z)n +ot (%)n —lin=r+1, (16)

rne G — teH3op ¢opmbl [ paHra r ¢ OOIIKMM KOJHYECTBOM 3JICMEHTOB,
paBEbIM N. 3mech W ganee o0y, 0y, ..., O, COOTBETCTBYET OCAM
CYTIEP3JUTUIICA, BEIICJIEHHBIM B COOTBETCTBHH C PAHTOM BH3YaIH3HPYEMOTO
TEH30pa 7.

[IpencraBnsercs menecooOpa3HBIM TaKXe OTMETHTh, 4TO MOA0Op
ko3¢ unmeHToB a, b,..., z BO3MOXKHO BBIITOJHUTL MPOMOPIHOHAILHO
3HAYCHUSAM COOTBETCTBYIOUIMM OCSM TeH30pa. IIpm 3ToM Ui Kaknoi ocu
KOA((PUIHUEHTHI JOKHBI OBITH MOJOOPAaHBI C YYETOM MAacIITaOHpPOBAHUS
COOTBETCTBYIOIINX 3HAYCHUN. AHAJIOTHYHBIC pPACUYCThl MPEACTABISICTCS
L[EJIECOOOPAa3HBIM BBIMOJIHATH B TOM YHCIIC M HA YPOBHE COOTBETCTBYFOIIUX
rpaJUeHTOB ~ MOHOXpOMa IO  pacCMaTpUBaeMbIM  OCSIM  TEH30pa
U HETIOCPEICTBEHHO XapaKTEePU3YIOIIET0 €ro CynepasuInmca.

31ech cienyeT OTMETHTh, YTO B OTJENBHBIX CIy4asX MOJIy4aeMble
B pe3yJbTaTe IMOA00pPa COOTBETCTBYIOIINX KOA(P(OHUIMEHTOB CYIEPIIUIHUIICH
MOTYT BEITJIIIETh TaK, KaKk OYATO OHU UMEIOT MPSIMBIE CTOPOHBI MO KaKIOH
u3 oceil. BMecTe ¢ TeM Bce TOYKM Ha MEPECEUCHUH C OCSAMHE CYTIEpAIUTUIICa
COCIUHCHBI KPHUBBIMH, KOTOPBIE W30THYTH (aKTHYeCKH TIO0 BCEMY
nepuMmeTpy. WMHBIME croBaMu, nake B TeX (parMeHTaX, TIe CETMEHT
CYIIEPAJLUIUIICA BHEIIHE BBITJISIIUT MPSAMBIM, B ICHCTBUTEIILHOCTH OH CJIETKa
n30THYT. IIpu 3TOM KpHBH3HA COOTBETCTBYIOIIMX JHHHUU CYMEpIJUIHIICa
HU3MEHSIeTCS MTOBCIOY HempepbiBHO [18, 19].

Ha pucynke 4 npuBeneHsl 00001IEHHBIE MPUMEPHI HCTIOIB30BAHUS
CYNEpaJUTMICOB ISl  BH3YIM3allMM TEH30POB  PA3IMYHOTO  PaHra.
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PesynpraThl  OTUIMYAIOTCA ~ KOJMYECTBOM  OCEH, BIOIb  KOTOPBIX
Pa3MeIaoTCs SJUIHUIICHL.

WHdpopMaTUBHOCTE  NPEJIOKEHHOTO BapWMaHTa  BU3yalu3aluu
TEH30POB MpOsBIsieTCsT ABOsIKO. C OJHOW CTOPOHBI, BBITSHYTOCTH BOJb
OTIpE/ICTICHHOW OCH  CYNEpAJUIMIICOB, M300paXCHHBIX Ha PHUCYHKE 4,
MOKa3plBaeT paHr TeH3opa. C Jpyrodl CTOPOHBI, LBET TEX JKe
CYINEPAIUTUIICOB OTpaXkKaeT 3HAUEHHs TPaUEHTOB TEH30POB T€OMarHUTHOTO
nojis. B memoM 3TO TO3BOJISET ONEPaTHMBHO OLEHUTH BU3yalIN3UpPyEeMBbIe
JaHHble  (aTpuOYTHBHBIE  MapaMeTpbl) Kak  KOJWYECTBEHHO,  Tak
1 KQ4EeCTBCHHO B €JIMHOM rinde.

Gx Gz

Puc. 4. HpI/IMepr BU3yaiM3alui CUMMETPUIHBIX CYNEPIJUIMIICOB JIs1 TEH30POB
Ppa3IMYHbIX PAHI'OB

Jns TmpocTOTEI W HATMOHOCTH B KaXIOM M3 BapHaHTOB Ha
pucyHke 4 paccMaTtpuBaeTcsi  YacCTHBIN ciy4ait cynepaJIuIca,
[IPEACTABIEHHBI CUMMETPUYHBIM 3JUIMICOM. B EHCTBUTENBHOCTH TaKast
CUTYyaIllisI BO3MOXHA KpaifHe PeaKo M B JAaHHOM CIIydae SIBIISIETCS TPOCTO
HCKYCCTBEHHO CHHTE3UPOBaHHBIM NMPpUMeEpoM. B ciyuae, ecnu paHr TeH3zopa
He HyJIeBOH, TO noabop ko3 duIMeHToB 7, a, b,... z IPUBOJUT K TOMY, YTO
UTOTOBBIA CYNEP3JUINIC CUIBHO UCKPUBIISIETCS MO OTHOIISHHUIO K TOM MK
HHOU OCH.

8. AnpofGauusi npemIo:keHHOro mnoaxoaa. Jljis TOATBEPKACHUS
paboTOCHOCOOHOCTH TPEUIOKEHHOTO MOAX0Aa K 00paboTke, aHaIU3y
U BU3yaJM3allid TEH30PHBIX TIIOJIei B KadecTBe TECTOBOTO  OBLI
HCTIONB30BaH TECTOBBIN Habop JAaHHBIX, XapaKTePU3YIOIINX
MIPOCTPAHCTBEHHOE pacIpe/ieiecHue TpaJieHTa MAarHUTHOTO MO B BHUJE
Habopa COOTBETCTBYIOLINX TEH30POB BTOPOTO paHTa.

OCHOBHBIM KpHUTEpHEM OIECHKH 3(P(EKTUBHOCTH CTajla HATJISIHOCTh
pe3ynbTata  Bu3yamm3amud. Jnsg  cpaBHCHHS ~ OBUIM  BBITIOJHEHBI
aHaJIOrMYHbIE MPe00pa3oBaHus Ha IPUMEPE OJTHOCIOWHON U MHOTOCIIOWHON
BHU3yaJIM3aIlMl TOCPEACTBOM CHCTEMbI IPOCTPAHCTBEHHBIX H30JIMHHM,
a TaKKe CMEIIaHHOTO MOAX0/a Ha OCHOBE M30JMHUI U MPOCTPAHCTBEHHBIX
touek [20, 21] (pucyHoxk 4).
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IpeacraBnsiercst  1enecoOOpa3HbIM — OTMETHTh, YTO BO  BCEX
OTJIMYHBIX OT TMpPEJJIaraeMoro IOJAX0Ja CiydasX pelieHHe 3a/1adu
BU3yalM3allid T[OJISl CBOJMTCS K €ro mnpeoOpa3oBaHHIO Ha YpPOBHE
OTJICTIbHBIX CKAJSIPHBIX 3HaUeHu. K mpumepy, B KOHTEKCTE T€OMarHUTHOTO
TOJIsl TAKOBBIM SIBJISICTCSI OJTUH M3 KOMIIOHEHT COOTBETCTBYIOIIETO BEKTOPA.
PesynpraT BH3yanu3alud MPOCTPAHCTBEHHO-BPEMEHHOIO paCIpeelieHUs
0 OJHOMY 33aJaHHOMY KOMIIOHCHTY TMPEICTABICH B BHUAC CHCTEMBI
MPOCTPAHCTBECHHBIX U30JIMHUI HA pUCYHKE 5(0).

Gx Gy Gz

ZOOOH H H l‘ ‘
.2, :
0

Puc. 5. Bo3MOXHOCTH BH3yalIn3alMi TEH30pa HIPOU3BOIEHOTO TPAIUeHTA
MarHATHOTO TIOJIS: &) TIpe IaraeMbli T01X0/] (TPaIUeHTHI IT0 TPEM 3aJaHHbIM
B FICXOJTHOM TE€H30p€ 0CsIM); 0) OXHOCIOHHBIE H30JIMHHH,

B) MHOTOCJIOHHBIE U30JIMHUH, )OJJHOCIOHHBIE H30JIMHUH U TIPOCTPAHCTBEHHBIE
TOYKH (TPaJUeHT MO OCH X JUIS TPEX 3aJJaHHBIX B HCXOJJHOM TEH30pe Oceil)

B JIeHCTBUTEIILHOCTH HeoOxoaumas nHpOpManus
0 NPOCTPAaHCTBEHHOM pacIpeAeIeHNH IapaMeTpoB MOJs JIOJDKHA OBITh
MOJydeHa TOJIBKO B KOMILJIEKCHOM PACCMOTPEHUHU COCTaBIIAIOLINX €ro
KoMIoHeHT. Tak, Ha pucyHke 5(B) MokazaHO, KaKUM 0Opa3oM BBITIOJIHEHA
BU3yalIH3als BCEX KOMIIOHEHT T€OMAarHWTHOTO IIOJIST ¢ Y9ETOM TOTO, YTO
Ka)XIbIl M3 HUX TIPEICTaBJICH COOCTBEHHBIM IPOCTPAHCTBCHHBIM CIOEM,
3a7aHHBIM COOTBETCTBYIOIIMM HAaOOpPOM TeONPOCTPAHCTBEHHBIX H30JIMHHUN

Informatics and Automation. 2024. Vol. 23 No. 2. ISSN 2713-3192 (print) 595
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX U 3HAHUI

B pa3MYHOW IBETOBOW cxeme. M3 pUCYHKa BHIHO, 4TO HaOIIOmacTCs
IUIOTHOE IEPEKPhIBAHNE IPOCTPAHCTBEHHBIX CIOEB, YTO, B MTOTE, KpaifHe
3aTpyJHAET WX BU3YAIbHBIN aHAIM3 W HMHTEPIpeTanuio, (hakTHIeCKn He
TIO3BOJISISL OTJICNTUTH OAWH KOMIIOHEHT BEKTOPA OT JIPYTOro.

Ha pucynke 5(r) mpuBeneH pe3ysbTaT BH3YAIHM3aLUM IO, TaKKe
MIPECTaBILIOMNN cO00H THOpHUAHEIN moaxon. OMuH U3 mapaMeTpoB IOJISA
IpEeACTaBIe€H B BHUJE COBOKYIIHOCTH IPOCTPAHCTBEHHBIN W30JIMHHM,
a pyroit BHU3YaJIU3UPYyEMBIi napameTp 3a/laH MHOX€ECTBOM
MIPOCTPAHCTBEHHBIX TOYEK. IIpM 3TOM HET NPUHIUNHANBHOM pa3HUIIBI
B IIOCJIOWHOM CIOCO0E peain3aly IPeJIOKEHHOTO MOJX0/a, KOTOPBIN
MOJXKET 3a/JaBaTh KaK OTJENbHBIE CJIOH, COOTBETCTBYIOIIME OTJEIIbHBIM
BU3YyalU3UPYEMBIM IIapaMeTpaM, TaK M €OUHBIA CJIOH, B KOTOPOM
COYETAIOTCS BCE BH3yalIM3WpyeMble IapaMeTpsl, B TOM 4YHCIE,
NIPEACTABICHHBIC  MOCPEICTBOM  PA3IMYHBIX  T'€ONPOCTPAHCTBEHHBIX
NPUMHTUBOB (B JaHHOM ClIydae, 3TO MPOCTPAHCTBCHHBIC MONWINHUN
1 TOYKH COOTBETCTBEHHO).

@parMeHT pe3ysbTaTOB BU3yAIN3AIMH, MOJYYEHHBIX IIOCPEICTBOM
NIPEATIOKEHHOTO MOAX0Ja K Tpauyeckod HMHTEPHpETAlMd TEH30PHBIX
moJie, TMpeAacTaBleH Ha pHCyHKe 5(a). B kaxmoi  mocTymHOU
IIPOCTPAHCTBEHHOMN TOYKE MPOBECHA BU3YAIN3AIHsl CYIEpPAIUIHIICA C TPEMs
OCSIMH, BJIOJIb KQ)XKJIOW M3 KOTOPBIX COOTBETCTBYIOIINE BH3yaIH3UPyEMBbIC
3HAYCHHS KOMIIOHEHTAa BEKTOpPAa T€OMAarHUTHOTO MOJS XapaKTepU3yIOTCS
TpaMeHTOM 3aJaHHOTO I(BeTa (MOHOXPOM). 34eCh MOKa3aHBI I'PAJHEHTHI
moocsiMm X, y, z (coorBerctBeHHO Gx, Gy, Gz B COOTBETCTBHH
C BeIpaXeHHEM (3) M MONTCH30paMH BhIpaKeHHs (6) U1 TpeX 3aJaHHBIX
B MICXOJHOM TEH30p€ BEKTOpa TE€OMarHUTHOTO TIIOJIST Ocei (JaHHBbIE
M3BIEKAIOTCS M3  XPAaHWIMIIA, HOCTPOEHHOTO B COOTBETCTBUU
¢ TpeIoKeHHOM THOpuaHOI Moaenbio Ha 0aze CYB]] PostgreSQL u Sedna
XML). ITosyueHHslii B pe3ynbTaTe IPOCTPAHCTBEHHBIH CII0H B 001IeM Buie
HeceT MHGOPMAIMIO O XapakTepe MPOCTPAHCTBEHHOIO pPACHpENEICHHS
COBOKYITHOCTH  COCTaBIIIIOIIMX  BU3YaJIM3UPYEMOE TEH30PHOE  IIOJE
KOMITOHEHT C PacIpeieICHNEM 0 COOTBETCTBYIOIIMM OCSIM. JlOTIOTHEHHOE
JETEHION C MOSICHEHUSAMH KacaTeJIbHO HMCHOJIb3yEMOW IIBETOBOW CXEMBI, a
TakkKe JOIMOJHUTEIBHOH  KOHTEKCTHOW WHGpOpMamued O  KaXIou
COCTAaBIIIONICH CJOS TaKOM TOAXON TMO3BOJSAET COCTaBUTH OOMIYIO
(enuHyI0) KapTUHY pacHpeeseHUs BCEX KOMIIOHEHT paccMaTpHUBaeMOro
1oJ1st (B JaHHOM CiIydae JaHHble ObU c(hOPMHUPOBAHEI IPOU3BOJIBHO).

Hdns o0oOmieHuss  pe3yiabTaTOB  CPaBHUTEIBHOIO  aHAIN3a
0cOoOCHHOCTE! BH3yaJM3allMd KOMIIOHEHT TEH30PHOTO ToJis (Ha mpuMmepe
BEKTOpa F€OMarHUTHOTO T0JIs1) Pa3IMYHBIMH crioco0amu OBbLT BBIAEIEH P
KpUTEPHEB, XapakTepU3ymIIUX  UX  Pe3yIbTaTUBHOCTE. 3nech
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MIPEACTaBIACTCS 1IelIeco00pa3HbIM OTMETHUTh, YTO OIICHUTH 3(PPEKTUBHOCTD
BU3yalM3allid B  PAacCMaTPUBAEMbIX  CIy4asX BO3MOXKHO  TOJBKO
kagecTBeHHO. OmHako, HeOOJNbINAs TpPYyMIa IOKa3aTeled MOXeT OBITh
YCIOBHO OlieHeHa KoJmdecTBeHHO. (COOTBETCTBYIOLIME PE3YJIbTAThI
CPaBHHUTENILHOTO aHajHu3a [0 BBIICICHHBIM KpUTEpUsM 3(GPEKTHBHOCTH
BU3yalM3aliy NPUBECHBI B TabmuIe 1.

Tabnuua 1. Pe3ynbraTel CpaBHUTENBHOTO aHAITH3a TI0IX010B K BU3yaIN3aLuK
TEH30pa MPOU3BOJILHOTO IPaJUeHTa MAarHUTHOT'O NOJIS

~
m
8o 8 8
K o = =] =
putepuii S g = = 3 =
M s o = O ~
o) o] = & <
EE28z2|8¢3 £
oS E 5 E = =
035 F 85 o m
Faxez2a | 525 g
EaEZz&E | &8 8 )
HO,Z[XO,H E SRR = ) - g = =
c 2223 =z =
SECE|2E 2
b 1)
I - T - =
=N a =%
H = =
o+
TToxxox Ha OCHOBE TEH30PHOTO
. P >1/1 4 2
HMCYHCIICHUS
OIHOCIIONHBIE H30JUHUN 1/1 2 2
MHOTOCIIOMHbIE H30JIMHUU >1/>1 5 6
OHOCIIONHBIE M30JIMHUN U
9 >1/>1 4 5
MIPOCTPAHCTBEHHBIE TOUYKH

IIpumedanne: BBMHUCIUTENBHBIE OKCIEPHMEHTHl OBUIM  TIPOBEIECHBI Ha
kieHTckoi cropone ¢ mpumeHennemM DBM (CPU Intel Core iS5 10300H I'Tw,
oneparuBHas namiath 4 I'B, ckopocth MHTEpHET-coequHeHus ~52.4 Mb6ur/c) u Ha
cepBepHO CcTOpoHe — Ha 0a3e BeO-cepBepa ¢ mpoueccopom 72 * Intel(R) Xeon(R)
Gold 6140 CPU @ 2.30GHz.

AHanu3 mnpeicTaBIEHHBIX B Tabiune 1 pe3yiabTaToB IO3BOJSIET
3aKJIIOYUTh, YTO IPY MUHUMAaJIEHOM BPEMEHH OTKJIMKA M HE ITPEBBILIAIOIIEM
MakCHMyM BpEMEHH pEHAEpPHHTa Ipe/UlaraeMbli IOAXO0J Ha OCHOBE
TEH30PHOI'O HCYHUCICHUS OO0ECHeYrBaeT BO3MOXKHOCTh BH3yaJH3allUH
MHOXXECTBa  aTpUOYTHBHBIX  [APaMeTpoB B paMKax  OJHOTO
HPOCTPAHCTBEHHOTO ciosi. OXMmaeTcs, 9YTO 3TO IO3BOJUT YHPOCTUTH
aHaIW3 JAaHHBIX [UI CIEOUAJINCTOB B COOTBETCTBYIOLICH oOiacT,
B YaCTHOCTH, [UISl HHTEPIPETALUH TeOMAarHUTHOH HH(POpMaLUH.

9. 3akiouenue. B Hacrosmee Bpems 3amada oOpaOOTKH, aHAIHM3a
Y BU3YQJIM3aLMK TOJICH pPa3IM4HON NpUPOIBI NPOHCXOXKICHUS YCIELIHO
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pelraeTcss TONBKO JUIs CKAISIPHBIX 3Ha4deHWil. V3BecTHble pelieHus
o0ecreynBalOT  LIMPOKUI  CIIEKTP  MHCTPYMEHTOB,  MO3BOJISIOIIUX
BU3yaJIM3UPOBATh CKAISIPHBIC 3HAYEHHs, PACIpeNelieHHbIe [0 3eMHOU
MOBEPXHOCTH.

BMecte ¢ TeM AaHHbIC, ONMHUCHIBAIOUIME TE€ WM HHBIC MPOLECCHI
U/ WK SIBICHUS, HMMEIOT 0o0Jiee CIOXKHYI, OTJIMYHYI) OT aTOMapHbBIX
3HaUeHHUH CTPYKTYpy. K HUM OTHOCSATCS, B YaCTHOCTH, BEKTOPHBIE JIaHHBIE,
KOTOpbIE ~ TNOMHMO  aTpHOYTHBHBIX  3HA4E€HHH  XapaKTEepHU3YIOTCS
COOTBETCTBYIOIIIUM HaIIpaBJICHUEM, BCKTOPOM, HCXOIAAIIUM U3 3aﬂaHHOl7[
MIPOCTPAHCTBEHHON Touku. Emie Ooniee ClIOXKHOW CTPYKTypoll 001amaroT
JIaHHbIE, OTHOCSIIMECS K KaTeropuy TEH30PHBIX IOJIEH: B 3TOM Cllydae
YBEIIUYMBACTCSI  KOJHYSCTBO  HAMpABJICHUil / ocell / BEKTOPOB,  BJOJIb
KOTOPBIX aAHAJIM3UPYIOTCS COOTBETCTBYIOIME AaTPUOYTHBHBIC 3HAYCHHUSL.
Tak, npuMepamMu TaKUX JAHHBIX SIBISIFOTCS, B YaCTHOCTH, TPABUTAIIIOHHOE,
FEOMAarHUTHOE  MOJIe, KOTOPbIE  33Jal0TCSl ~ MHOTOKOMIOHEHTHBIMU
BEKTOpaMH WM TEH30paMu (TaKk Ha3bIBAEMBbIC TEH30PHBIC IIOJIs).
Ha cerogusimiauii  neHp  00pabOTKa W BU3yalnM3alusl TaKWX JAaHHBIX
OCYLIECTBISIIOTCS B TMOJABIAIONIEM  OONBIIMHCTBE  CIOy4aeB  HUX
JICKOMIIO3MIIMEH Ha CKaJSIPHBIE COCTaBJISIOUIME, KaXIbld W3 KOTOPBIX
paccMaTpuBaeTcsi OTAEIBHO OT IPYrux. B pesynbraTe TepseTcs 3Haunmas
JUIsl TIPUHSATHS PELICHUI M / WM MCCIIEAO0BaHUSI HEKOTOpPOro Iporecca /
sSBICHUs  uHpopMamusa, KoTopas  JODKHa  OBITh  paccMOTpeHa
1 TIPOaHANN3UPOBaHa HMEHHO B KOMIUIEKCHOW CBOEH (opme.

B 91011 cBsi31 B paboTe ObUT PEIOKEH OAXO, OPHEHTHUPOBAHHBIN
Ha 00pabOTKy, XpaHEHHE M BU3yaIM3alMI0 JAHHBIX TEH30PHBIX MOJEH Ha
OCHOBE MPHUHIUIIOB TEH30PHOT0 UcUUCIeHus. Ha mpuMepe reou3maeckux
JTAHHBIX OBLITO (hopmannzoBaHo TEH30pHOE IIPE/ICTaBIICHUE
COOTBETCTBYIOIIMX aTPUOYTHUBHBIX 3HAYEHHUH, OMpEAENEHbl TUIIOBBIE
orepanuy oObEIUHEHHS / IEKOMITO3MLUM OTACIBHBIX TEH30PHBIX MOJeH
U MX COCTABIISIFOIIX.

Ha ocHOBe cMeIIaHHOTO IOJX0/a, COYETAIOIIEr0 B ce0e AIEeMEeHThI
PEISIIMOHHBIX W HEepapXUuecKUX MoJeNeld [aHHBbIX, ObUI MPEIIOKEH
crmoco0 (U3MYECKOTO XpaHeHUs WHPOpMAIMKd IO TEH30PHBIM TIOJISIM.
B uactHoctH,  Oblma  copMyiMpoBaHa  KOHIENTyaJlbHas  cXema
MPE/CTABICHUS. TEH30PHOTO TIOJIi UMEHHO MO JaHHOMY MPEJIOKEHHOMY
THOPHTHOMY TTOJIXOJY.

[TpoBeneHHbIe (hOpMaNU30BaHHBIE PE3yIbTATHI MOCIYXKHIN OCHOBOW
JUISL CO3JaHMsl MOAXoJa K BH3YyaJlM3alMM TEH30pHBIX moiyied. Ilpu sTom
NPOBEJCHHBII aHAIN3 W3BECTHBIX IOJXOJOB IO3BOJIMI BBIIBUTH HX
NpeuMyIecTBa Uil BH3yaJW3allUM  CJIOKHO  OpraHW30BaHHBIX
MPOCTPAHCTBCHHBIX JAaHHBIX W MCIOJb30BaTh HUX JIA q)OpMyJ'll/IpOBKI/I
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HOBOTO, YCOBEPIICHCTBOBAHHOTO TMoOAXonaa. IIpenioskeHHBIH aBTOpamMu
MOJIXO/ TIONYy4YWJI Ha3BaHHE TeH3opHOro riuda. IIpm >ToM B KadecTBe
TeONpPOCTPAaHCTBEHHOTO MIPUMHUTHBA MIPEII0KEHO HCII0JIH30BaTh
CYTIEPIJUTUIICE], OCH KOTOPOTO COOTBETCTBYIOT PAHTy BH3YaIH3UPYEMOTO
TEH30pa, a aTpUOYTHBHBIC 3HAYCHHWS BBIPAXAIOTCS BapbHPOBAaHHEM
IBETOBOTO T'PAJNEHTa B €r0 MOHOXPOMHOM IIPECTaBICHUN.

Ha npumepe mNOpou3BOJMBHBIX 3HAYEHUH BEKTOpa T'€OMArHUTHOTO
MOJIST TPE/NIOKCHHBIN MOAX0/] OBUT CPaBHEH C TOYKHU 3PCHHUS HATJISTHOCTH
C U3BECTHBIMU MIPaKTUKYEMBIMU MOJIXOTaMH: OJITHOCJIOMHBIM
MpPEeACTAaBICHUEM  OJIHOTO  CKaJsIPHOTO  3HAYEHHUs, MHOTOCIOWHBIM
MIPEeICTaBICHUEM HECKOJIbKMX CKASPHBIX 3HAYEHUH, a TakkKe COueTaHHeM
Pa3IUYHBIX TEOMPOCTPAHCTBEHHBIX MPUMHUTHUBOB Ui MPEICTaBICHHS
Pa3HOPOIHBIX CKASIPHBIX 3HaueHWi. [IpoBemeHHBIN aHANMHM3 IMOKa3al, 9To
MPUMEHCHHE TPEATIOKCHHOTO IMOIX0/a TO3BOJIAT 3aMETHO «Pa3rPy3UThH)
HUTOTOBOC  IIPOCTPAHCTBEHHOE  W300pakeHHEe 0e3  HeoOXOAWMOCTH
MHOTOCJIOHHOTO TpefcTaBiIcHUs. JIOMOTHEHHOE JIETEHI0H C MOSCHCHHIMHU
KacaTeIbHO HCIIONIb3YEMOH IBETOBOH CXEMBI, a TaKkKe OTONHUTEIHHON
KOHTEKCTHOW MH(OpMAIeld 0 KaKI0H COCTABIISIONICH CIIOS TaKOH TOAXOT
MO3BOJISICT COCTABUTH OOINYIO (CAMHYIO) KapTHHY PpACHpPEACICHUS BCEX
KOMITOHEHT PaccMaTpUBAEMOTO TIOJISL.
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G. VOROBEVA, A. VOROBEV, G. ORLOV
THE CONCEPT OF PROCESSING, ANALYSIS AND
VISUALIZATION OF GEOPHYSICAL DATA BASED ON
ELEMENTS OF TENSOR CALCULUS

Vorobeva G., Vorobev A., Orlov G. The Concept of Processing, Analysis and Visualization
of Geophysical Data Based on Elements of Tensor Calculus.

Abstract. One of the main approaches to processing, analysis and visualization of
geophysical data is the use of geographic information systems and technologies, which is due
to their geospatial reference. At the same time, the complexity of presenting geophysical data is
associated with their complex structure, which involves many components that have the same
geospatial reference. Vivid examples of data of such a structure and format are gravitational
and geomagnetic fields, which in the general case are specified by three and four-component
vectors with multidirectional coordinate axes. At the same time, today there are no solutions
that allow visualizing these data in a complex without decomposing them into individual scalar
values, which, in turn, can be presented in the form of one or many spatial layers. In this
regard, the work proposes a concept that uses elements of tensor calculus for processing,
storing and visualizing information of this format. In particular, a mechanism for tensor
representation of field components has been formalized with the possibility of combining it
with other data of the same format, on the one hand, and convolution when combined with data
of a lower rank. Using the example of a hybrid relational-hierarchical data model, a mechanism
for storing information on tensor fields is proposed, which provides for the possibility of
describing and subsequently applying transformation instructions when transitioning between
different coordinate systems. The paper discusses the use of this approach in the transition
from the Cartesian to the spherical coordinate system when representing the parameters of the
geomagnetic field. For complex visualization of tensor field parameters, an approach based on
the use of tensor glyphs is proposed. The latter are superellipses with axes corresponding to the
rank of the tensor. In this case, the attribute values themselves are proposed to be visualized
relative to the corresponding axes of the graphic primitive in such a way that the data
distribution can be specified by varying the gradient of the corresponding monochrome
representation of the parameter along the corresponding axis. The performance of the proposed
concept was investigated during a comparative analysis of the tensor approach with known
solutions based on the scalar decomposition of the corresponding complex values with their
subsequent representation in the form of one or many spatial layers. The analysis showed that
the use of the proposed approach will significantly increase the visibility of the generated
geospatial image without the need for complex overlapping of spatial layers.

Keywords: tensor fields, tensor calculus, geographic information technologies, glyphs,
superellipses.
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