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ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

YK 004.934.2 DOI 10.15622/ia.23.1.1

A.A.TIOBOJIOLIKAS, A.A. KAPTIOB
AHAJIMTUYECKHUMN OB30P METO/IOB ABTOMATHYECKOI'O
AHAJIN3A SKCTPAJIMHIBUCTUYECKUX KOMIIOHEHTOB
CIIOHTAHHO! PEYHU

Tlosonoykaa A.A., Kapnoe A.A. AHanuTH4YeckMii 0030p METOJOB ABTOMAaTHYeCKOIo
AHA/IN32 IKCTPATHHIBHCTHYECKHX KOMIIOHEHTOB CIIOHTAHHOI peun.

AnHoTanus. ToYHOCTH CHCTEM aBTOMATHYECKOIO DACHO3HABAHUS CIIOHTAHHON peuHn
Jlajeka OT TeX, KOTOphble JAEMOHCTPUPYIOT CHCTEMbI Paclo3HAaBaHMs MOArOTOBJICHHON peyH.
OOycIIOBIIGHO 3TO TEM, YTO CIOHTaHHAs pedb HE XapaKTepU3yeTcs TOHW IUIABHOCTBIO M
OTCYTCTBHEM c0O€B, 4TO MOAroToBieHHAs. CIIOHTaHHAs pedb BapbUPYeTCS OT AUKTOpa K
JIMKTOPY: OTJIMYHOE MPOM3HOIIEHHE (JOHEM, HaluuMe Tay3, peueBbIX CcOOeB U
9KCTPAJIMHIBUCTUYECKUX KOMIIOHEHTOB (CMEX, KallleNlb, YUXaHUE, H LbIKaHbE IIPU BBIPAKEHUH
OMOLHMK  pa3fpaXeHHs H  1p.) TPepeBaloT  IUIABHOCTh  BepOalnbHOW  pedn.
OKCTpaJIMHIBUCTHYECKUE KOMIIOHEHTBI OYECHb YacTO HECYT BAXKHYIO HMAPAIMHIBUCTHYECKYIO
HHGOPMALHMIO, MO3TOMY I CHCTEM aBTOMATHYECKOrO PACIO3HABAHWs CIIOHTAHHOH peuw
Ba)KHO pACHO3HABAaTh IOJOOHbIE SBICHHS B IIOTOKe peud. B  mganHoM o00630pe
NIPOAHAIM3UPOBAHEl HAyYHbIE PabOTHI, MOCBSIICHHbIE NMPOOJIeMe aBTOMAaTHYECKOrO aHaIn3a
9KCTPAIMHIBUCTUYECKIX KOMIIOHCHTOB CHOHTaHHOW pedyd. PaccMOTpeHBl M OIMCaHBI Kak
OT/ICNbHBIC METOIBI M MOAXO/bI 10 PACIIO3HABAHUIO YKCTPAIHMHTBUCTHYECKUX KOMIIOHEHTOB B
IIOTOKE PEYH, TaK M pabOTHI, CBI3aHHBIE C MHOTOKJIACCOBOI KiIaccH(HKaUell N30IMPOBaHHO
3aIlMCAaHHBIX  OKCTPAIMHTBHCTUYCCKHX KOMIOHEHTOB. Hambomee pacmpocTpaHeHHBIMH
METOZIaMH aHaIN3a SKCTPATMHIBUCTUYECKHX KOMIIOHEHTOB SBIISIIOTCSA HEHPOHHbBIE CETH, TAKUe
KaK IIyOOKHE HEHpOHHBIE CETH M CETH Ha OCHOBE Mojenel-tpancdopmepo. [IpuBeneHbt
OCHOBHBIC IIOHATHS, OTHOCSIIMECS K TEPMHUHY OKCTPAJIMHIBHCTHYECKHE KOMIIOHCHTEI,
IPEeUIOKEHA OpPHIMHANbHAS CHCTEMATH3alus OKCTPAIMHIBUCTHYECKHX KOMIIOHEHTOB B
PYCCKOM sI3bIKE, OMHCAHBl KOpIyca M 0a3bl JAaHHBIX 3Bydallell pasrOBOPHOM peud Kak Ha
pycckoM, TaKk W Ha  JPYIMX  s3BIKaxX, TAKKe IIPHBEJEHBI HAOOphl  JAHHBIX
9KCTPAIMHIBUCTUYECKUX  KOMIIOHEHTOB,  3allUCAaHHBIX  H30IMPOBAaHHO.  TOYHOCTH
pacHo3HaBaHHUS OKCTPAIMHIBHUCTUYECKUX KOMIIOHEHTOB MOBBIIIAETCS IPHU COOJIIOJCHHU
CHIEAYIONMX YCIOBHA pPabOTBI C pPEYeBBIM CHTHAJIOM: TIIpeobpaboTKa ayaMOCHTHAJIOB
BOKaJIM3alMil TIOKa3ana MOBBIIICHAE TOYHOCTH KIACCH(HMKALMK OT/JCNBHO 3alMCAHHBIX
SKCTPAITMHIBUCTHYCCKUX KOMIIOHCHTOB, Y4YeT KOHTEKCTa (QHAIM3 HECKONbKUX (peiiMoB
pEeYeBOro CHrHaja) M UCHOJIB30BAaHHU (DMIIBTPOB JUI CIJIQKHBAHUS BPEMEHHBIX PSIOB IIOCIIE
U3BJICYCHHUS BEKTOPOB IPU3HAKOB IIOKA3ald IOBBILIEHHE TOYHOCTH Ipu modpeiiMoBOM
aHaJIU3e PEYeBOro CUrHajla CO CIIOHTAHHOH peyblo.

KiroueBble cjI0Ba: aBTOMaTHYECKOS pACIO3HABAHWE pEYH, pPEYEBBIE TEXHOJIOTHH,
MalIMHHOE OOyueHHe, NPUKIAJHAs JIMHTBHCTUKA, AKCTPAIUHIBUCTHYECKHE KOMIIOHEHTHI,
CIIOHTAaHHAsI Peyb, ABTOMAaTUYECKOE PACIIO3HABAHNE SKCTPATMHIBUCTHYECKIX KOMIIOHEHTOB.

1. Bsenenmue. [ToTok BepOanbHON pedn XapaKTepH3yeTcs HAIUIHEM
MApaJIMHTBUCTHUECKUX U JKCTPAJIMHTBUCTUUECKHX CPEICTB, KOTOPBIE,
(opMHpysl pedeBOr MOPTPET YeIO0BEKa, CIIOCOOCTBYIOT PACIIO3HABAHUIO €I0
TICHX09MOIIMOHAIBHOTO ¥ (PU3NUECKOro cOCTosHUMU. [lapasMHrBUCTHYECKHE
(hOHAIIMOHHBIEC SIBJICHMS, TAaKHe KaK WHTOHAIMS, MEJOJMKA, JUIMHA May3,
TeMI, TeMOp, TPOMKOCTh PEYM, YaCTO HCIOJIB3YIOTCS NPH PEIICHUH 3a1ad
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UCKYCCTBEHHbBIN UHTEJUJIEKT, MH)KEHEPU S JIAHHBIX Y 3HAHUI

KIaccuukammu SMouuii. B TOo Bpems Kak, AKCTPaJHMHIBHCTHYECKHE
CpelcTBa BKIIIOYAIOT B Ce0sl May3bl, U Pa3IM4HBbIE NCHXOIMOIMOHAIBHBIE
NpOsIBJICHUsT ~ HeBepOalbHOrO  XapakTepa  (Iulad, CMeX,  Kalllelb,
B3JIOXH/BBIJJOXH U 1p.). HecMOTpst Ha TOCTUTHYTHIN CyIIECTBEHHBII IIporpecc
B 00JacTH aBTOMaTH4ecKOro pacro3HaBaHusi peun (APP), no cux mop
YIOENMACTCS HEJIOCTATOYHO BHUMAHHUS aHANM3Y SKCTPATUHIBHCTHYCCKUX
CpeICTB peud. AHAIIM3 HKCTPAIMHIBUCTUUECKUX CPEICTB MO3BOJIHUT PELINThH
CIIOKHBIE HayJHO-TEXHHUYECKHE BOIpockl B obmactu APP, pacnosznaBanms
TICHXOAMOIIMOHATGHBIX U (PU3WYECKUX COCTOSIHHH YeNOBeKa, MOCKOJBKY,
0JJ00HBIe HeBepOaIbHBIE SBICHHUS MOTYT COAEPKaTh OOJbIIe HHPOPMAIIHH,
4yeM BepOabHOE BBIPAYKEHHUS SMOIIHIH.

DKCTpaTMHTBUCTHYECKHE CPENICTBA YacTO PACICHUBAIOTCS, Kak
«3allyMIICHHE)» UCXOIHOTO PEYeBOTO CHTHAJIA FITH «apTe(aKThl», KOTOPHIE,
NPUCYTCTBYS B TMOTOKE pe4H, HapymaroT paboty cucrem APP wmm
3allpOCHO-OTBETHBIX JHANOroBBIX cucteM [1]. Taxxke, ompenereHHYIO
CJIO)KHOCTh CO3JIAIOT SIBJICHUSI, BOCIIPOM3BOAMMBIE COBMECTHO C PEUbIo,
HaopuMep, Koraga 4Y€JIOBCK CMECTCA U MBITACTCA OAHOBPECMCHHO 4YTO-TO
ckazaTth (peueBoii cmex). C npyroil CTOpPOHBI, Ha JaHHBIH MOMEHT HET
€IMHOT'0 MHEHUS U OTIPEIeNIEHHOTO TePMHUHA, KOTOPBIi ObI XapakTepru30Bai
SKCTPATMHTBHCTUYECKUE CPENICTBA, IPUCYTCTBYIONIUE B PSUH YEIIOBEKA.

COBEpIICHCTBOBAHUE METOJIOB AaHAIHM3a SKCTPaTHHIBHCTUICCKUAX
CPEICTB TIO3BOIUT TNPUMEHATP WX B pPa3IMIHBIX 00JaCTAX, KOTOPEIE
TIEPEYHCIICHBI HIKE.

1) bBuomerpuueckue TEXHOJIOTHH: pacrio3HaBaHHE u
Bepudukanus nukropa [2, 3].

2) ABroMarHueckas pacIIMpeHHas TpaHCKpHumuus [4, 5].

3) VYder 3KCTPaIIMHTBUCTHYECKUX CPEACTB NPH PaCHO3HABAHUH
AMOIIHiA B peun [4, 6].

4)  OueHka 370pOBbS TOBOPSIIETO: JAETEKTHUPOBAHKME KIS, Kak
CUMITOM  3a00NeBaHM  [OBIXaTENbHBIX  MyTE€H  WIH  HPOSBICHUS
TICUX0AMOIIMOHAIBHOTO COCTOSHUS [7, 8].

5) YcoBepuieHCTBOBaHHE YCTPOWCTB IUISI KOHTPOJS POIUTEISIMH
HOBOPOXXKICHHBIX WJIA MaJIEHBKUX JeTel, OCTABIIMXCS B KOMHATE OJHH
(pamgno HsAHS), ITyTeM KJIACCH(UKAINU JETCKUX BOKAIM3AIUH: IJIad, CMeX,
MapTHHAIbHBIH/KAaHOHUIECKHH JierneT [9].

6) CoBepIICHCTBOBaHMWE IHAJIOTOBBIX CHCTEM M TOJOCOBBIX
ACCHUCTEHTOB, KaK IPU pAacllo3HaBaHMM PEYM MOJb30BATElNsl, TaK U IPH
coctaBieHnn otBera cucteMbl [10, 11]. B03MOXHOCTh «0OYETOBEUUTH)
roJIOCOBOTO AaCCUCTECHTA W JUAJIOTOBBLIC CHUCTEMbI IIYTCM BKJIHOYCHUA
JKCTPAJIMHIBUCTUYECKUX CPEACTB B IOTOK PEYH, CHHTE3UPYEMOH
CUCTEMOMH.
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7)  CoBepIICHCTBOBAaHNE YEIIOBEKO-MAIIMHHOTO B3aMMOJEHCTBHS
JUIl  JIOJIEH ¢ OTpaHUYCHHBIMH BO3MOXKHOCTSIMH, T.€. YIIPaBJICHHUE
MOOMJIBHBIMH YCTPOMCTBAMU M KOMITBIOTEPAMH C IIOMOILBIO OTIPEJIENIEHHBIX
KOMAaH[-3BYKOB, HAalpUMep, MICJIKAHbE S3BIKOM — «BBIOPATH JJIEMCHTY,
0oJiee MHTCHCHUBHBIN BBIJIOX — «OTIIPABHUTH COOOIICHUE» U T.1. [12].

JlaHHas craThsi NOCBsIIEHA 0030pY COBPEMEHHBIX TEXHOJIOTHI
aBTOMAaTHYECKOTO aHalM3a SKCTPATMHIBUCTHYECKUX CpeACTB. B pasnene 2
colep)Karcs OCHOBHBIE TMOHATHS ¥ OpHTHHAIBHAS CHCTEMAaTH3aIis.
B pa3smene 3  mpuBeneH ~— CpaBHUTENFHO-COMOCTaBUTENBHBI  0030p
CYIIECTBYIOIINX KOPITyCOB W HaOOpOB MaHHBIX, Ha OCHOBE KOTOPBIX
BO3MOJKHO oOyueHme Moenei CHUCTEM TUTS aHamm3a
SKCTPAIMHTBUCTUYECKAX CPEICTB B CIOHTAaHHOH peun. Ha ocHOBe
MPOBEIGHHOTO 0030pa TpEINIOKEHa METOAWKA 3alliCH KOpIyca Cco
CHOHTaHHOM peubto. B pa3znenax 4 u 5 npeicTaBieH aHaIUTHUECKUHA 0030D
MOJIXOZI0B M METOZ0B aBTOMaTHYECKOTO aHallM3a dKCTPAIMHIBUCTHYECKUX
cpeacTB kak B cnoHTaHHoM peun (CP), Tak u paclo3HaBaHue
OKCTPAIMHIBUCTUUCCKUX CPEACTB, 3allMCaAHHBIX U30JIUPOBAHO. BI)IBOI[I)I 10
MpoeIaHHoMi paboTe 0(OpMIICHBI B pasere 0.

2. OcHOBHBIE TOHATHS " cucTeMaTH3anusl
IKCTPATHHIBUCTHYECKHX KOMMOHeHTOB. B [13] sBnenwus, momoOHBIC
CcMexy, KallTlo, WKOT€ W [Ip. HA3BIBAIOTCS HEBepOallbHBIC BOKAIM3AIIUI
(HB, nonverbal vocalization). B [14] mogoOHbIe KpaTkue, HeBepOalIbHEIC
MIPOU3HECCHNUS, BO3HHUKAIONINEC MEXKAY DSIH30JaMU PEUH HAa3BIBAIOTCS
BOKaJbHBIC BCIUlecku (vocal bursts). Oana w T1a ke HB Moxer
MPEACTAaBIATh peain3aliio pa3IndHbIX sBieHuil. Hanpumep, B310X MOXeT
SIBIISATHCS. KaK BETeTAaTHBHBIM 3BYKOM (IIPOIECC ABIXaHUs), TaK U OBITh
YaCcThO CMEXa, HIH OBITH nmparMaTu4e€CKuM CUTrHaJIOM CO 3HAYCHUEM
pasIpakeHusi, yCTAIOCTH WU MPOCHObI 00paTUTh BHUMAHUE.

B [15] mpemnoxxeno pasnenenne HB Ha deTblpe chemyronimx
YPOBHSI:

1) BereraTMBHBIN YpPOBEHb — SIBICHHS, IOJOOHBIC IBIXaHUIO,
YUXaHUIO, W JPYTHEM PEQICKTOPHBIM pPEaKmusM, KOTOPBIE MOTYT
CUTHAJIM3UPOBATh O COCTOSIHUH 3JI0POBBS YEJIOBEKa, HO M HMCIOJIb30BATHCS
JUISl pacTiO3HaBaHMSI JINYHOCTH TOBOPSIIETO.

2) opdorpaduyueckuii ypoBeHs — mpexactasiuser HB, xortopsle
MOTyT OBITh 3alFicaHa B BHJE IOCIEAOBATEIFHOCTH 3BYKOB ((oHeM)
OIHOTO S3bIKa W OBITh TOHATHOM IS HOCHTENEH J3TOro s3BIKa
(opdorpadudeckast HeBepOATbHAS BOKATH3AITHS).

3) addexktuBHBII  ypoBeHb —  a@eKTUBHBIE 3BYKHM H
OOJIBIITMHCTBO MEXIOMETHH OTIPETICIISIOT addexTuBHOE u
TICHXOAMOIIMOHAILHOE COCTOSIHUE 4esioBeka. AQdeKkTuBHAsS HHPOpMAIUI
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OOBIYHO HE MPUCYTCTBYET B BETETATUBHBIX 3BYKaX U 3BYKAX-3aMOTHUTEIAX.
3ByKHM 00paTHON CBsSI3M (OTBETHBIE JIEKCEMBI), OJHAKO, HHOIZA MOTYT
nepenaBath ahHeKTHBHYIO HHPOPMAIIHIO.

4) nparMaTMuecKHi YPOBEHb — IIPEJCTABIISICT BBIPAKCHUE
HekoTopelx HB B posnn mparmMaTHUecKUX 4YacTHL, KOTOpBIE BBIMOJIHIIOT
(GYHKIMIO yIIpaBieHUs pa3roBopoM. Hampumep, 3Bykun oOpaTHOW CBS3H
(oTBETHBIE JIEKCEMBI), cMeX U a(p(PEeKTUBHBIC 3BYKH MOTYT BBIIOJIHSATH
(bYyHKIMIO oA KaHHUs Pa3roBopa.

B pesynprate mpoBeneHHOro 0030pa JMTEpaTypsl OBLIO PELICHO:
CHCTEeMAaTH3aLHsl SKCTPAITNHIBUCTUYECKUX CPEICTB M MX 0OBEANHEHUE IO/
o0IMM TEpPMHHOM BOKAalM3alMM HE IPEICTABIACTCS BO3MOXKHBIM,
MIOCKOJIbKY, B IIPOIECCE BOKAJIM3AIMK YYacTBYIOT TOJIOCOBBIE CBS3KH. B
CBSI3M C YEM PEIICHO pAa3elNTh SKCTPATMHTBUCTUYECKHE CpEICTBA Ha
JKCTpaIMHTBUCTHUYECKUE siBIeHUs (D), T.e. Kalienb, YnxaHue, IbIKaHbe U
JIpyTHe 3BYKH, NPH BOCIPOMU3BEICHUM KOTOPBIX T'OJOCOBHIC CBA3KH HE
MIPUHUMAIOT YYacTHe, M SKCTPAIMHIBHCTHUECKHE Bokanu3anuu (OB), korna
TOJIOCOBBIE CBSI3KM BHOPUPYIOT, U OOBEIMHUTH IKCTPAIMHTBUCTUYECKHUE
SIBICHUS. ¥ BOKAJIM3ALlMHM O] OOLIMM TEPMHHOM AHKCTPAIMHTBUCTHUECKHE
komnoHeHTH (OK) BepbanbHOI pedn.

Ha pucynke 1 npezncraBiieHa opurvHaibHas cucremaruszanus DK
IUIA pycckoro s3bika. Bee DK MoxHO pasgenuts Ha: 1) BpOKICHHBIC,
2) mproOpeTeHHEIE.

|3KCTpaJIHHl'BHCTH‘ISCKHE KOMITOHEHTHI Bep6am,Hof1 peqnl
I

2 v
TIpnobpeTeHHbIE Bpoxnennste
(seyxu, Komopuie oceaueaiomEs € (seyxu, xomopuie oceaueamea va
npoyecce coyuanizayuu u smane paseumua n100a u e nepewvte
DOPMUPOEAHUA TUYHOCTIL) OHU HCUBH)

SKCILICTHBHBIE

€ TUHTIIIBI addeKxTiBbI

BOKAJII30BAHHDIC 3BYKIL Heq}OHeMHOrO

XapakTepa

TIPOTOHOHBI

r
(g€) nnmesnrexods
AIDIOSRMIdNAIHIIRdIoNE

TIpeotiagaHie
myma

TpeobiafaHie
Tomoca

apTHKYIHpyeMble
3BYKH

yuacTie
MATKOTO Heba

SI3BIK | | 3y0OB |

TyOB ‘

BEI'CTATHBHEBIC 3BYKIL

(K€) BUHALEE
SIMOORIIOHAIHIIEALONE

Puc. 1. CI/ICTeMaTI/I?)aI_[I/IS[ OKCTPAJIMHIBUCTHYICCKHUX KOMIIOHEHTOB B PYCCKOM S3bIKE
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1) Bpoxnennnie JK. Tlompasgenstorcs Ha  BereTaTHBHBIE
(pednexropHble) M NMPOTOQOHBI, T.e. 3BYKH, KOTOPbIE 3aKJIa/JbIBAIOTCS Y
YeJI0BeKa BO BpeMsl BHYTPHYTPOOHOTO Pa3BUTHS U (POPMHUPYIOTCS BO BpeMs
NIEPBBIX JHEH KHU3HU:

a.  BereraTHBHBIC (pedIIEKTOPHbIE) 3BYKH TaKHe KakK: BIOX-BBIJIOX,
TJIOTaTeNIbHBIE 3BYKH, JKEBaTEIbHBIE 3BYKH, OJBIIIKA (MOCie (U3MYECKOH
Harpy3kd), B TIIEPBYIO oOdYepeldb, HE SBISIOTCS KOMMYHUKATHBHBIMH
CHTHAJJAMH W HE BCE HAXOAATCA IOA OCO3HAaHHBIM KOHTpoieM. Kak
MIPaBUJIO, BETETATHUBHBIE 3BYKH HE «HU3YYAIOTCS» W HE «3ayYHBAIOTCS»
YEJIOBEKOM, a SBIIIFOTCS] €CTECTBEHHBIMHU (hM3HOJIOTHIECKUMHE MPOLIECCAMH,
KOHTPOJMPYEMBIMH MOJCO3HATENbHO. Takke B JAHHYIO TPYIIY BXOIST
€CTECTBEHHbIC pEaKIMM OpraHW3Ma 4YeJOBEKa Ha  OINpEJCICHHbBIC
BO30yaUTENN/pa3ApasKUTENN: Kallellb, HKOTa, 3¢BOTa, YHNXaHHE, OTPhDKKA H
Iip. B mannyto rpynmy Takxke BO3MOKHO OTHECTH IUIa4 U KpUK (y AeTel 3TO
CUTHaJBl JCTpecca), CMeX, M JApyrHe SMOLMOHAJbHbIE peaKiuy,
MMpOBOLMPYEMbBIC BHCIIHUMU W BHYTPCHHUMH (HCI/IXOSMOL{I/IOH&J’ILHBIC
MIPOIIECCHI) CTUMYJIaMH.

0. K BOKaJIM3alMsAM y MIIQJICHIIEB TaKXX€ OTHOCATCS MPOTO(OHBI
(peuenogoOHBIE  3BYKH), KOTOpBIE  MOTYT  OBITh  CBOOOJHBIMH
BOKaJIM3aLMsIMU — OT/AEJIbHBIC 3BYKH, KBa3HCOTJACHBIE, MapTUHAJIBHBIN H
KaHOHMYECKHH  JiemeT. Bocnpow3BoactBo  mpoToOHOB  sIBISETCA
SHJOTEHHBIM M CHUTHAJIM3HPYET O ICHXO(H3NOJIOTHYECKOM COCTOSIHUH
peOeHka Ha HOBepOAIBLHOM CTaluM Pa3BUTHSA, B TO BPEMs KaKk KpHK, CMeX,
a4 HECYT COLMalbHYI0 (YHKIMIO W BBIPaXAIOT OIpeeIeHHbIE
OMOIMOHAIBHBIE COCTOSTHHSA [ 16].

2) Mpuodperennbie DK. B panHeM Bo3pacTe 3BYKH AHCTpecca
(cmex, 1mma4, KpPUK, H Jp.) SBISIOTCS HENPOW3BOJBHBIMH M HE
KOHTPOJIUPYIOTCSI peOEHKOM Oco3HaHHO. [1o Mepe B3pocCIieHHUs, YeIOBEK
OBIIA/ICBAET HABBIKAMH KOMMYHHUKAIMM, B3aUMOJICUCTBYS C APYTUMH
yieHaMH OOINECTBa, OCBaWBAeT INpaBHiIa M HOPMBI KOMMYHMKAIUH, H
«Hay4aeTcs» KOHTPOJIMPOBATh Pa3lIMYHBIC NPOSBICHHUS CBOMX SMOLMH B
COOTBETCTBHUH C KYJIBTYPHBIMH OCOOCHHOCTSIMH OOIIIECTBA.

a. 3BYKH, apTHKYJIHMpyEeMble C TOMOIIBIO PEYEeBOro armapara,
MOXHO pa3/ieliuTh [0 aKTUBHOMY JICHCTBYIOIIEMY OpraHy: S3bIK
(menkaHbe, pIKaHbE, Ap.); TyObl (IPUYMOKMBAHHE, CBHUCT, Jp.); 3yObI
(cTyk, ckpuIieHHe, Ap.); 3BYKH, peallu3yeMble MOCPEACTBOM MSTKOro Heoda,
a IMEHHO, TIPH €T0 OITyCKaHUH (3BYKH XpaIa, XpPIOKaHbs U JIp.).

0. BOKanM30BaHHBIE 3BYKH (WiM ad(EeKTUBHBIE 3BYKH) MOTYT
peamm3oBBIBAaThCA ¢ TpeoOmaganmeM Troiioca (BO BpeMs (HOHAIIUH
TOJIOCOBBIE CBSI3KM OYyIyT CBEACHBI, HANpPSDKCHBI W HAXOIUTHCS B
COCTOSTHAHM KOJIEOaHNUs) B TAKOM CIIydae BOCIIPOM3BOANTCS KPHK, BO3IIIACHI,
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IU1a4, CMEX, | JIP.; TaK U IIyMa (HET CMBIYKH MEKAY TOTOCOBBIMH CBSI3KaMH
U OTCYTCTBYET KoJjieOaHHe) MOXKET OBbITh PEaTM30BaHO YTO-TO IOXOXKEe Ha
KpSIXTEHHE, IIUTNCHNE, KallleNb U JIp.

B. 3BYKM HE(OHEMHOIo XapakTepa pealu3yloTCs BO Bpems
3aII0JIHEHHBIX Tay3 XE3UTAIMU: TJacHble Oe3 IIeNH, IUTIOC TOTEeHIUATbHBIHA
HEUTpaJIbHBIH HOCOBOW COTJIACHBINA («9M» WU «MMM»); TYISIIUE CUTHAIIBI,
(«xm», «aza», «yey» W Ip. — OOBIMHO OHHM HCIIOJNB3YIOTCS KaK CUTHAJIBI
00paTHOTO OTBETA, HO IMOTCHIHAIBFHO MCHONB3YIOTCS TAKXKE JUISI BBIPAKCHUS
OTHOWIECHUsI B Pas3roBOpe); BOCIPOM3BEICHHUE MeENOIUH 0e3 Tekcra C
HCTIOB30BaHUEM OJIHOTO 3BYKa («IIPOMBIYATH)» HITH «IIPOMYPIBIKATEY).

I.  OKCIUIETHBHBIE CIUHUIIBI — JICCEMaHTHU3UPOBAHHBIE 3JIEMEHTHI
PasTOBOPHON pe4M, KOTOpBIE SBISIOTCS, CKopee, (OpMOH yaep>KaHUs
KaHalla CBS3M, K HUM TaKXe OTHOCcATCA AucKypcuBHBIE cinoBa (HC): «ny»
«3MOy, KKOMOpoey, KMUnay, «60-0-omy, 1 IIp.

O.  addeKTUBBI WK MEKIOMETHS HE UMCIOT aapecaTa COOOIICHHUS
U SABIAIOTCS  (OPMOW  BBIPOKEHHS OMOLMU  PA3IMYHOM  CTETeHH
JIEKCUKAIIU3AIUU: «Oal», «02o!», «oi», «mc-c-c-c» 1 Jp.

Peup kaxmoro MHIAMBHAA YHUKAIbHA M MOXET XapaKTepPH30BaThCS
WHAWBUIYalnbHBIMH  OCOOCHHOCTAMH, KaK BpOXXACHHBIMH, TaK M
MIPUOOPETEHHBIMH:

a. Bo3MoxkHO uyactoe ymorpedbnenme J[IC. UYro Moxer OBITH
NIPOSIBIICHUEM PEYEBOM IPUBBIYKH, 3allOJHUTENEM I1ay3 XE3HUTallWH,
BBIP@KCHUEM OMOIMOHAIBHOTO COCTOSIHUSI WJIM MHEHHs, MapKepamH
YWICHEHHS TEKCTa, CII0COO0OM YIIPaBJICHHUS BHUIMAHHUEM CITyIIAIOIIETO.

0. HaIMYHe CHUHIPOMOB PEYEBHIX HAPYIICHWH, KOTOPHIE MOTYT
OBITh KaK BPOXKJICHHBIMH (HACIEICTBEHHBIE 3a00JI€BaHUS C YMCTBEHHOU
OTCTaJIOCTBIO, XapaKTEePHU3YIOIMIHECs TPOOIeMaMy Pa3BUTHS PEUH: 3aTSKKI
3BYKOB W/WJIM UX YacTOE TIOBTOPEHHE), W IPHOOPETEHHBIMHU, BOSHUKAIOIIUE
IIPU OPraHMYECKUX PACCTPOMCTBAX PEUEBOTO OTJENa KOPBI T'OJIOBHOTO
MO3ra B pPe3yJbTaTe NEPEHECCHHBIX TPaBM, OIIyXOJIECH, HHCYIbTOB U Jp.

B. Hagu4yue  HEHpPOJETreHEepaTHUBHBIX  Ooje3Heil:  OOKOBOI
amMuoTpoduyecKkuil ckiaepos, bonesun Anbureiimepa u [lapkuncona u ap.,
KOT/1a HaOJII01aeTCsl 3aMETHOE N3MEHEHHE B ITOPOXKICHUH PEUH.

Takyro cucTeMaTH3allMUl0 MOXHO IPHU3HATh YHHUBEPCAIBHOH,
MIOCKOJBbKY OHA OMUCHIBAeT U o0beauHseT Bce DK mo XapakTepucTUKU
BPOXKJIEHHOCTH-TIPHOOPETEHHOCTH U He paccMaTpuBaeT DK ¢ Touku 3peHus
MIParMaTH4ecKON COCTABIIAIOUICH, T.€. MOTHBHPOBAHHOCTH HCIIOIb30BAHUSA
B IIOTOKE PEUH.

3. Bba3bl gaHHBIX 3By4alleil pa3sroBOPHOI peYyd M OTAEJBLHO
3aNMMCAaHHBIX IKCTPAJHHIBUCTHYECKNX KOMIOHeHTOB. Hanbonee vacro
OK Bcrpeuarorcs B CP. CP — HenoAroroBieHHass U SKCIPOMTHas,
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CUTYyaTUBHO OOYCIIOBJICHHAsE peueBas [esTeNbHOCTb, HCIONb3yeMas B
KOHTEKCTE€  MOBCEJHEBHOTO  HE(QOPMAIBLHOTO  OOLICHUS  MEXIy
coOeceIHUKaMHi, KOTOPbIE COCTOSIT B HEO(UIMANBHBIX OTHOLICHUSIX,
BKIIFOYAMOMIAsl  3JCMEHTHl HOPMHPOBAHHOIO W HEHOPMHUPOBAHHOTO
MIPOU3HOLICHUSL.

Cucrtematu3upoBaHHble  JaHHble  o03opa  kopmycoB  CP
MpEeCTaBICHBI B Tabmuiax 1 (pycckas peub) u 2 (pevb Ha MHOCTPAHHBIX
SI3bIKAX), B KOTOPBIX COJACPIKUTCS Clienyrolias HHOPMAILHs M0 KOpITycam:
00mIas [UIMTENFHOCTh 3ByYaHus B acax (/]); KOIMIecTBO JUKTOPOB UX O
(M — wmyxumsbel, X — xeHmomHE) W Bo3pact (B); merommka 3amucu
KOpITyca; YpoBHH pa3MeTku: opdorpaduueckas pacmmpposka (O),
xe3uTanuu u pedeBbie cOou (X), IKCTPATHMHIBHCTHYCCKAE KOMIIOHEHTHI
(OK), («+» — BBINOJNHEHA TIOJHASI PAa3METKA, «4» — BBIMOIHEHA YaCTHYHAS
pasMerTKa, «—» — pa3MeTKa OTCYTCTBYET); PEXKHM JOCTYIIA.

Tabauua 1. CpaBHeHHE KOPIYCOB CIIOHTAHHOM PyCCKOH pedn

YpoBHU
Kopmyc HukTopE! Mertoauka 3anucu J | pasmerku | Jloctyn
B |IM|X O | X |3K
YTEHHE U MepecKas
CAT [17] | 18-52|89|123|TekcTa, omucanue ~50 |- |- |- | o 3ampocy

n300p., pacckas Ha TeMy
OPJI[18] | 18-83 |69 |61 |moBcenHeBHOe obmenne | ~5 [+ |+ [+ | 3axpbiThiid
7-17 |59 |67 |paccka3 o CHOBHJIEHHSIX

Kopmyca
3Byuaneii | 19-70| 8 | 9 paccKaskl CHOUPAKOB 0 ~5 |+ |+ |+ |Mo sampocy'
peuu [19] AHOHH
20-30| 12|28 |paccka3bl U3 XKU3HU
16-30(10(10
CO[%SS 3145 (10110 ) or >10|- |+ [+ | Mo sanpocy
46-77(10[10 ’

nepecka3s Quipma —

PMJI[21]]18-36 3462 nomIior 3 y4acTHUKOB

~17H H H |Mo sanpocy?

[Tpoananu3upoBaHbl TakXkKe KOpIIyca, COEpXKallye peub Ha APYTrUux
s3bIkax. B Tabmuue 2 mpencraBneHsl He ToiubKo amepukaHckuil (The
Buckeye speech corpus [22]) u Opuranckuii anrnmiickuii (LUCID [23],
SSPNet Vocalization Corpus [24]), HO u wuHTephepUpOBaHHAS peUb
KUTaWLEB: MAaHJApUHCKUM, CHUHTANYpCKUM M TallBaHCKUH JUAJIEKThI
kutaiickoro (The Wildcat Corpus [25], SpiCE [26]), peup KopeHres,

! http://spokencorpora.ru/
? https://multidiscourse.ru/main/
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UCTIAHIEB, TYPKOB W  OWKTOPOB  JPYrHX  HAHMOHAJIBHOCTEH
(ALLSSTAR [27], The ICSI Meeting Corpus [28]). Takxe, B Tabnuie 2
npuBeieHa HH(OpMaIUs 110 KOpIlycaM Ha JpYyTrHX s3bIKax: KuTaiickom [28],
BeHrepckoM [30], KOTOpble YacTO BCTPEUarOTCsl B MCCIEJOBAHUAX IO
pacno3HaBanuo CP u OK.

Tabnuma 2. CpaBHEHHE KOPIIYCOB Pa3sTOBOPHOM peuyr Ha HHOCTPAHHBIX SI3bIKAX

JIUKTOpBI Yposu
Kopmyc p Meronuka 3anucu J | pasmeTku Hocrtyn
B [M[X 0] X 3K
AHrnuickuii s3bIK
Buckeye {18-30[10| 10 "3
~ + |+ |+
[22] [40-6010]10 HWHTEPBBIO 19 OTKpBITHIN
LUCID 19| 29| 20 |0MeK oriniit ria ~73 | + |+ | + | Orxperreit®
[23] n300p. B mapax
SSPNet 18-64| 57| 63 |CPaBHEHHE OTBETOB Ha <9 | + |+ |+ Tlo sanpocy
[24] BOIIPOCHI
Wildcat |{18-33|20 |20 |mouck oTinuunii Ha .5
~ + |+ |+
[25] |22-34|36|24 |u300p. B mapax 40 Oripuihiii
SPICE 934110 |17 |Pacoras o pany usobp., | o\ | 4 | 4 | Orxpprrenii®
[26] HMHTEPBBIO
ALLS- napaule/IbHbII IepeBo;
STAR |18-41|86 |54 |uctopus 1 nouck ormaumii | ~48 | + | £ | = | OTKpbITHIi’
[27] 110 U300D.; HHTEPBbIO
The ICSI 3aMKCh MOJIUIIOTOB B
Meeting KoH(]epeHL-3ale .
Corpus 20-62|40| 13 |MexayHapoJHOTO ~72 | + | + | + | OtkpbIThIii
[ng] HWHCTHUTYTa
KOMIBIOTEPHBIX HAYK
Kuraiickuil a3b1k
NNIME 19-30120 |22 CIIOHTAHHBIC MMHEChI 1l s+ OTKpLITbIﬁ9
[29] MEXIY IByMs aKTepaMmu
Benrepckuii s13b1K
BEA pacckas U BBIPAKEHHE
HSLD (20-90(112(168/MHeHuUs; OIUIIOT 11O ~260| + | + | £ | 3axpbIThlil
[30] TEME; IIEPECKa3 TEKCTa

? https://buckeyecorpus.osu.edu/

* https://valeriehazan.com/wp/index.php/lucid-corpus-london-ucl-clear-speech-in-interaction/
* https://groups.linguistics.northwestern.edu/speech_comm_group/wildcat/
*https://borealisdata.ca/dataset. xhtmI?persistentld=doi: 10.5683/SP2/MJOXP3
"https://speechbox.linguistics.northwestern.edu/ALLSSTARcentral/#!/recordings

8 https://groups.inf.ed.ac.uk/ami/icsi/

? https://nnime.ee.nthu.edu.tw/
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MOXHO BBIICIUTH HECKOJIBKO OCHOBHBIX METOIOMK cOOpa JaHHBIX
co CP: uHTEpBBIO WIIM OTBETHI HA BONPOCHI, C KOTOPHIMU JMKTOP HE OBLI
O03HAaKOMJIEH /IO TIPOBEJICHMSI 3allMCH; paccKka3 WM MOHOJOI Ha
ONpEJENICHHYI0 TeMy (4alle BCero O IEPEeKUTOM ONbITE JAUKTOpPA);
ONMCaHWe KAPTHHOK WIJIM COCTABJIEHHE paccKasa 10 psAy H300paKeHWil;
KapTa WM TIOMCK MapIupyTa.

Ecmu nns ydacTuss B 3amucH  PasrOBOPHOM CHOHTAaHHOHM pedH
TIPUBJIEKATh Mapbl JUKTOPOB (JIpy3eH, BIOOIEHHBIX, POANUTENECH C AETHMH,
U JIPYTUX JIIOAEH), KOTOPbIE MPOJIOKUTEILHOE BPEMS COCTOSIT B OJIM3KOM
HepopMaTFHOM KOHTaKTe, TO MOXKHO cO34aTh Ooiee HedopManbHYIO
00CTaHOBKY B IpoIiecce OOIIEHUS B paMKaxX CTYAWHHOW 3aIMCH, YeM €CIIH
OyIyT NpUIJIAMICHBI IBa a0COTIOTHO HE3HAKOMBIX YEIOBEKa, KOTOPBIM
OyIeT BBIIAHO 3aaHHeE.

B xkagectBe wmetoamku cbopa kopmyca co CP mpeamaraercs
UCIIONIb30BaTh  JWKTOPOB,  COCTOSIIMA B OJM3KOM  KOHTaKTe
MPOJNOJDKUTENFHOE BpeMsi M MPEICTaBJIsITh MM HMIPOBOI  (opmar
KOMMYHHUKAIIMU, B KOTOPOH AMKTOpPaM HE yKa3bIBaeTCSl KOHKpPETHAas 1EJlb
(mponOXWUTh MapumIpyT Ha KapTe, HAWTH OTIMYMS M Jp.), HO TAe
HEOOXOJMMO HCIOJIb30BaTh aCCOIMATHBHOE MBILNUICHUE, TakKXKe, CTOUT
TIPEATION0XKNTD, YTO, €CIIM OTPAHMYUTH KOJIMYECTBO KaHAJIOB MH(OPMALUH
(HanmpuMep, OCTaBUTH TOJIKO PEYEBOH), TO BO3MOXHO MOJY4YUTH Ooiee
BapUaTHUBHYIO peub, ¢ OOJBIINM KOJIMIECTBOM 03BYy4eHHBIX DK.

Hdnsa anmamm3a OK B pamkax pycckoit CP  menecooOpasno
HCHONb30BaHue cnexyomux kopmycos: «CAT» [17], «Kopmyca 3By4ameit
peun» [19], «CORUSS» [20], mOCKOIBKY B 3TUX KOPIycax MPeacTaBIeHBI
3aMKCH 3ByYallel pyccKkoi peun, HanboJiee OJU3KON K CIOHTaHHOM, TakKe,
Npe/ICTaBIeHA PeYb HOCUTEJICH PYCCKOTO SI3bIKa, B IaIbHEHIIIEM BO3MOXKHA
arnpobaiust cucteMbl aHaianza DK Ha Ipyrux si3blkax.

IIpoBenen 0630p HabopoB AaHHBIX ¢ DK, 3aIMMCAHHBIMU OTAEIHHO
oT peun. CpaBHeHHEe Ha0OpPOB NaHHBIX TMPEACTABIEHO B TabmuIle 3, Tae
coiepKUTCsT HHpOpPMANKs O MPOJOIDKUTEIBHOCTH 3By4YaHUs! (KOJIMYECTBO
naHHbIX: Y — gackl, @ — KOIN4YeCTBO parMeHTOB); CIIHCOK peaTM30BaHHBIX
9K u ux kommyectBo — K (KOTHUUECTBO); pEKUME JTOCTYTIA.

Hus wm3yuenuss DK u mocienyromero OOy4YeHUs MOJENeH, WU
otaenbHbIX 010K0B MTHH HEeoOxoanMo ucnons3oBaHue HAOOPOB JaHHBIX C
OK, peanuzoBaHHBIMM H30iMpoBaHHO: «Multiclass cough sound
dataset» [7], «ASVP-ESD» [31], FSD50K (Human Sounds) [34],
«VocalSound» [35], mOCKONBKY, TaHHBIE KOPITyca HaXOASITCA B OTKPBITOM
JOCTYTIE U, B OOIIEH CIIOXKHOCTH, NIMEIOT MINPOKUHA CHEKTP PeaTM30BaHHBIX
OK.
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Ta6nnua 3. Ha60pI)I JAHHBIX C SKCTPAJIMHIBUCTHYCCKUMU KOMITIOHCHTAMU

Hljfliz?x O%eM MH;HX 9K (KOIHUeCcTBO) Hoctyn
Multiclass Kallenb: .6p0Hxnam>Haﬂ actMa
cough sound| ~1 2944 |(787); covid-19 (907); CEPACHNAA) oy omait 0
7] HEIOoCTaTO4HOCTh (554); 3mopoBoe
nexanue (696)
AS\S’I;ESD ~11 3104 ?g;l;) (892); cmex (772); xpux Otporrsii'!
B31I0X;  CMeX; IIa4;  KpWK;
H-VB[32] | ~37 | 59201 |BopuaHHe/XpIOKaHEE; cToH;| 3aKpbiThiii'?
TSDKEJIOE JIBIXaHUE; Jp.
cMex (563); peuesble
BeICKa3bIBaHUA (849); ynuBieHne
MA[I;I;OB ~4 1 697 |(494); nocranoBounslid cmex (51);| Ilo 3anpocy13
peueBoit  cmex  (67); npyrue
Bokam3aiuu (167)
Bo3riac (1368); xpuk (1246); cmex
(5696); IUTaY/BCXJIMIIBIBAHUE
(1462); Bomms/cTon (215); B3mOX
FSD50K (321); 3aBbiBanus (702); BopuaHue
(Human (334); cBucr (1985); npixanue .14
Sounds) | 2 | 2000% | @34) xamems (871): umxamme| OT<PPTH
[34] (1200); BHIOXMBAHHC (205);
xeBanue (829); xycanme (366);
nonockaune  (137);  oTpbDKKa
(1302); nxota (931); mp.
cMex; B3JI0X; KallleJb;
VocalSound 4 | 21 024 |IPOTHILCHEE | TOPIA;  HHXaHHE; Orphibiii'®
[35] BIbIXaHHUE/COTIeHUEe (BCE 3BYKH II0
3504 ¢parmenToB)

He crout mckiaodaTh BO3MOXKHOTO YBCIIMYCHUS Ha60p0B JaHHBIX
myTeM R15(000) HaKJIaJibiIBaHUs 3BYKOBBLIX CHUI'HAJIOB C OK na Bep6am,Hon
pcub, o0 OCYHIICCTBJIATh MOUCK HOL[O6HLIX nepecequI/Iﬁ B OTKPBITBIX
HUCTOYHHKAX, CBA3aHO J3TO C TEM, 4YTO BO BpEMsA PCUCTIOPOKIACHUA

' http://web.firat.edu.tr/turkertuncer/acute_asthma_cough.rar.

' https://www.kaggle.com/datasets/dejolilandry/asvpesdspeech-nonspeech-emotional-
utterances

"2 https://doi.org/10.5281/zenodo.6320973

"% https://mahnob-db.eu/laughter/

' https://zenodo.org/record/4060432

'3 https://github.com/YuanGongND/vocalsound
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BO3MOXXKHBI TaKHE SIBICHHA KaK PEUCBOM CMEX, WM, KOTAAa BO BpEMs
IUI1a4a/IPUCTYTIa UKOTHI YEJIOBEK IBITAETCS YTO-TO IPOU3HECTH.

4. Metroasl aBTOMAaTHYeCKOoro aHaam3za JK, 3anmumcaHHBIX
OT/AEJILHO OT peuH, B pamkax copesHoBaHuii Affective Vocal Bursts (A-
VB’22). 13BecTHO HE Tak MHOTO HCCIIEJJOBaHUM, MOCBSILEHHBIX aHAIN3Y
OK B CP. UccnemoBanus BemyTcss OO MO aHaNIW3y OXHOM-IBYX
ompeneneHHbIX peanmzamuii DK BO BceM pedyeBoM curHaie, Jin0o
OCyIIECTBIISIETCS Kiaccuukanust pparMmenToB DK, 3amrcaHHBIX OTIEIBEHO
OT peyn.

B 2022 romy Ha mexayHapomHoit koHdpepennnn ACII (Affective
Computing + Intelligent Interaction) cocrossicss ceMHHap B paMKax
COPEBHOBAHMH, TTOCBSIIICHHBIX PACHO3HABAHMIO a(p(hEeKTHBHBIX BOKAIBHBIX
BerwteckoB (Affective Vocal Bursts, A-VB'®), samucasHbIX OTACIBHO OT
peun [32]: cmex, B310X, BopuyaHHe U Ap. B pamkax copeBHOBaHUS ObII
npescTapieH 6osbmoil Habop AaHHbX Hume-VB'’, ommcanme xoroporo
npuBeneHo B Tabmuue 3. Becy nabop nmanseix (59 201 aynmodparmenr)
ObLT TIOo/IeNieH Ha 3 BBHIOOpKM: oOydaromas, BaJuJallMOHHAs W TECTOBas, B
kaxaoi 1o 19 900 aynrodparMeHToB. YUaCTHUKH MPEACTaBISUIN PaboTy C
ONMCAaHWUEM METoJa, TA€ YKasblBaM pe3yiabTaThl KiaccH(UKaluy,
MOJTyYeHHBIE Ha TECTOBOM BBIOOPKE.

CopeBHOBaHNE BKITIOYANO 4 pa3IHMYHBIX 3aJaHUs:

1) A-VB-High — Kuraccuguxayua smoyuu. YYacTHHUKAM
NPEACTOSNIO  TOCTPOWTH ~ MOJENb  MHOTOLICNICBOM  pErpeccud s
pacnio3HaBaHus 10 5MOIMii, CBSI3aHHBIX C BOKaJbHBIMHM Bcluleckamu. Ilo
pe3ysbTataM 3KCHEPHMEHTOB, YYaCTHUKH COOOLIAIM CpeJHee 3Ha4YeHUE
koapdunuenta koppemsiuu  kKoHkopaaiuu (Concordance Correlation
Coefficient, CCC) mo BceM JeCATH SMOIHUAM.

2) A-VB-Two — Knaccupurayus eanenmmocmu u  cmeneHu
8030YHCOEHUsL IMOYUL — PETPECCUOHHAsS 3a]]a4a, B KOTOPOH MOJENb JOJDKHA
OTIPE/ICNIUTh 3HAYCHUSI BO30Y)KAEHMSA U BAJCHTHOCTH (B COOTBETCTBHH CO
CIIEYIOIINMH 3HaYeHUsIMHU: | — HENPHUATHOE/TIOIaBICHHOE, 5 — HEHTpaIbHOE,
9 — IpUATHOE/CTUMYJIMPOBAHHOE), MPE/ICTABICHHBIE B IIUKINYECKOH MOIEIN
addexToB. YuacTHHKA cooOmIIamn opranusaropam cpernee 3Hadeane CCC no
JIBYM M3MEPEHHUSIM.

3) A-VB-Culture - Knaccugukayus smoyuii ¢  yuemom
KYIbMYpPHOU NPUHAOTENCHOCIU OUKIMOPA — MHOTOLIEJIEBasl PerpecCHOHHAs
3amada. Mojenp JODKHA pacro3HaTe MHTEHCHBHOCTH 40 smorwii (mo 10
JUTST K@XIO0TO SI3BIKA/KYJIBTYPHI), MPEACTaBICHHOTO B HAa0Ope IaHHBIX IO

' https://www.competitions.hume.ai/avb2022
'7 https://zenodo.org/record/6308780
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nukTopam w3 cienyomux crpad: CIIA (anrmmiickwmii s31K), Kwuraid
(MaHmapuHCKUM KuTalickoro s3bik), lOxHas Adpuka (aHrnuiickuii),
Benecyana (ucnaHckuil si3bIk). Bce ywacTHMKM cooOmmianu cpejHee
3HayeHue CCC no BceM 40 smonusim.

4) A-VB Type — Knaccugurayus muna eoxaruzayuu. Moaenb
KJIacCU(UIMPYET THUIBI SKCIPECCHBHOIO BOKAIBHOIO BCIUIECKA MO 8
KkiaccaM (B3/10X, CMeX, IUIa4, KPHUK, BOpPYaHUE/XPIOKAHbE, CTOH, TSDKEIOe
IBIXaHWE, Jpyroe). YYacTHHUKH COOOIMaNy 3HAaYeHHE IOKa3aTesst
Her3BemenHoro cpexnero (Unweighted Average Recall, UAR) B xauecTBe
MOKa3aTeJIsl TOYHOCTH.

B pamkax o030pa ocHOBHOW (OKyC CMEIEeH B CTOPOHY YETBEPTOTO
3amanus — A-VB Type — Knaccuguxayua muna 6okanuszayuii, T1€ OCHOBHOM
3agadeit sBisercs Kinaccupukamma OK  (pe3ynbpTaThl NPEUIOKEHHBIX
MoJiesiell mpeacTaBieHbl B Tabnuie 4).

Tabmuna 4. CpaBHeHHE pe3ynbTaTOB pabOTH METOAOB HAa COpEeBHOBaHUU A-VB’22
B 3aganuu Knaccugpuxayua muna soxanuzayuti (UAR, %)

Pesynbrar
Pab6ora Merton kinaccudukarym Bammpannonnas Tecrosas BeiGopKa
BEIOOpKA
[37] data2vec-SM 58,40 58,60
[38] wav2vec 2.0 56,86 56,18
[39] wav2vec2 — XLSR53 49,89 49,70
[32] |End2You (6a30BEIii MeTO) 41,66 41,72

Hmxe npuBeen 0630p METOIOB, MIPEACTABICHHBIX B COPEBHOBAHMUH.

4.1. Ba3oBblii meToa [32]. B xauecTBe 6a30BOro MeToaa aBTOpaMU
OBUT BBIOpAaH MHCTPYMEHTAPHH I MYJIBTUMOJAIBFHOTO MPO(UIHPOBAHUS
C TIOMOIIIBI0 CKBO3HOTO TIyOOoKoro ooyuenuss End2You. Metox mpuBeneH
Ha PUCYHKE 2.

[pu3Haku U3BICKAIOTCS MOKAJIPOBO U3 HEOOPAOOTAHHOTO CHTHAJA C
MOMOINEI0 HelipoHHOU ceth Emo-18 CNN, mpemoOydueHHyo Ha Habope
nanueix RECOLA [36]. 3a Heil cinemyloT aBYyClIONHAs ceTh JOJTON
kpatkocpounoii nmamsaru (Long Short-Term Memory, LSTM), kotopas ans
nocienymomeil  kaaccuuKaluy  UCMOJIb3YeT BPEMEHHBIC —MATTECPHBI
curHama. Pe3ynpTaTel KiaccH(UKAIIMM pearn30BaHHON 0a30BOH MOIENH
MpeaCTaBIcHEl B Tabiuie 4, Ha BaTUJAlMOHHOW W TECTOBOH BHIOOpKax
pesynbrar cocraBun  41,66% u 41,72% no noxazaremo UAR,
COOTBETCTBCHHO.
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H3BneueHne NpU3HAKOB:
EMO-18 CNN

Aynuocursai |
BOKaJIH3aliH

PexkypeHTHBIE
clon

_, Knacenduxauus smounii
(4-VB High)

Kaaccudukanus BaJJeHTHOCTH
|, ¥ CTeleHH BO30yx/1eHHsI
IMOUMIA
(4-VB Two)

Kaaccudukanus smoumii

Conv8-64
Leaky ReLU

Maxpool 10

|, € YU€eTOM KyJIbTyPHOI
NPHHALJIEKHOCTH AHKTOPA
(4-VB Culture)
Knaccuduxanus tuna

— BOKaJIM3aluii

(4-VB Type)

Conv6-128
Leaky ReLU
Conv6-256
Leaky ReLU
Maxpool 8
LSTM-256
LSTM-256

Puc. 2. Cxema 6a30Boro Merosa B paMkax copeBHoBaHUs A-VB’22 [32]

4.2. Metoa Ha ocHoBe data2vec-SM [37]. s knaccudpukanmu K
rpynma aBTOpoB HMCIOJIB30Baja Ipenodydennyto Mozenb data2vec. Cxema
METo/1a MpeJICTaBlIeHa Ha PUCYHKE 3.

Knaccnpukauus smouuii

Croit
TIPOEKIIHI

(A-VB High)
— K.
= CHOH BaJICHTHOCTH N

T Croit IIPOEKLHH M CTeneHH BO30Y/KAeHHs IMOLMIE

Aynuocursan | Ipexo6padorka SBICUCHNE | | cpeero (4-VB Tivo)
-] [>| TPU3HAKOB: B mynuHra K " J—
BOKaJM3aluy | ayaruocurHana data2vec (average Cron Mol
li Jiou € Y4eToM KyJIbTYpHOii
pooling) npoekuHi

NPHHALIEKHOCTH AHKTOPA
(4-VB Culture)
Knacenduxanus tuna
BOKAJIH3aUMi{

(4-VB Type)

Croii
MPOCKIHI

Puc. 3. Cxema meTona Ha ocHoBe data2vec [37]

HeoOpaboTaHHBIil ayaMOCHTHAI IIOJA€TCS B IPEJBapUTEIBLHO
oOyueHHyI0 Monenb data2vec, KOTopas BKIIOYAeT OJIOK IMPenoOpaboTKH.
[lepemeHHast AMHMHA MOCIEAOBATENBHOCTH AOTONHIETCS HYISIMU JI0 CaMOM
JUTMHHOH TIOCHeIoBaTeNIbHOCTH. M3-3a Macku BHUMaHms (attention mask),
W3BJICUYCHHBIE MPU3HAKK pa3MUYaroTCs 10 JUIMHE, [O3TOMY OHH
O0BENMHAIOTCS C TIOMOLIBIO OIEpPAallMHl CpPeIHEro IyluHra (average
pooling) u nmepenarTcs B MOCICIYIONIUE CIIOU MPOCKIIUH.

[TpoeKLMOHHBIE CII0M YMEHBIIAIOT Pa3MEPHOCTh BBIXOIHBIX JaHHBIX
¢ nomomsto ¢yskumn GELU (Gaussian Error Linear Unit), koropas
YMEHBIIAET Pa3MEpHOCTh JI0 TpeOdyeMol [uii KOHKPETHOW 3ajadu
(Knaccugpuxayus muna éoxanuzayuu = 8).

Jis knaccudukanuy ucrosbdyercs GyHKIMs akTUBauuu Softmax,
¢GbyHKIMA TOTeph — mepekpecTHas sHTponms (cross-entropy, CE) c
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UCTIONB30BAaHMEM OOPAaTHO IPONOPIMOHANBHBIX BECOB KJIACCOB. 3aTeM
3HAUEHMs IOTeph  JIMHEWHO  OOBEOUHSIOTCS  4epe3  HaliJieHHbIC
onTHMalbHbIE Beca. Pe3ynbrartel TpencTaBieHsl B Tabimue 4, Ha
BINJAIMOHHOW W TECTOBOW BHIOOpKax pe3yibrar cocraBui 58,40% wu
58,60% 1o nokazaremto UAR, COOTBETCTBEHHO.

4.3. Meton Ha ocHoBe wav2vec 2.0 [38]. B ocHoBy nanHOrO
MeTo/a JIeTJIO HCIOJIb30BaHUE OOJNBIION mpesoOydyeHHOH MOJAeNIn C
pexxumoMm  camooOyuenms  (self-supervised learning) wav2vec2.0.
OCOOEHHOCTh ~ ApXHUTEKTYpBI: IIPU3HAKH, IOJTYYEHHBIE C ITOMOIIBIO
wav2vec2.0, ABIAIOTCA OTIPaBHOW TOYKOM [UIsi NEpBOM  3ajgaudu
(Knaccugpuxayuss muna eoxanuzayui (A-VB Type)), 3aTeM TOIydICHHEIC
MPOTHO3BI JUIA TIEPBOTO 33JaHHS OOBEIMHSAIOTCS C MPOTHO3aMH KaXKIOH
MOCIIeAYIOLIECH 3aJaul, ¥ UCIONB3YIOTCSI B KAUECTBE BXOIHBIX JaHHBIX JUIA
cienytomiei 3anadu. MeTo1 mpeICTaBIeH Ha pUCYHKE 4.

B kauecTBe ananTUBHOM CTpaTerMd HWHULMAINA3ALUU  BECOB
ucnonb3oBaics Meron Dynamic Weight Averaging (DWA), kortopsrii
SBJSIETCST YacTHBIM ciiydaeM Softmax pacmpeneneHusi, C IOMOILBIO
KOTOpPOI'0 MHUIIMAIU3UPYIOTCSI Beca Ay, JuIsl Kaxkaoro k-oro kiacca [39]:

Kexp(%/ﬂ
Ay == (1)

D exp(w,(t—1)/T)

i=1

rae k — Kiacc W3 MHOXeCTBa KiaccoB K B paMKax MHOT03aJaqyHOTO
oOyueHus; ¢+ — wHAEKC uTepammu; 1 — «remmeparypa» Softmax, xoTopas
YIpaBisieT MSTKOCTBIO — pAaclpefelieHus BEpOsSTHOCTEH B 3anaue;
L — 3nHauenune morepu, N — KOJHWYECTBO COCTOSIHMM IJI1 Ka)AOro i-ro
COCTOSIHMSI, TJ€ KaK/l0€ i-0€ cOocTosiHHe — Kiacc. bosbioe 3nauenue 7'
NPUBOAMUT K Oo0Jiee PaBHOMEPHOMY PACHPENEIICHUI0 MEXAY pa3IuuHbIMH
3agadamu. Ecnm 3Hauenune T 0CTaTOYHO BEJIMKO, Torna A; = 1 u 3agaum
B3BEIINBAIOTCSl OJHaKoBO. Oneparop Softmax, KOTOpBI yMHOXaeTcs: Ha
KOJMYECTBO KiaccoB K TapaHTupyet, uto Yoo, A;(t) = K. B peanusauuu
[38] 3nauenue mnorepu Ly (t) paccuuThiBaeTCs Kak CpejiHEe 3HauCHHE
NOTEpH B KaKJOW SIIOXE 3a HECKOJIBKO HTEpalyid, YTO IO3BOJISET
YMEHBIIUTh HEONPENEICHHOCTh, BO3HHKAIOUIYI0 IPH CTOXaCTHYECKOM
TPaJMeHTHOM CITyCK€ M CIIydaifHOM BBIOOpe OOydaromux AaHHbBIX. /IBe
nepBeie urepamuu ¢ =1 u 2 B [38] ObUIM TPOWHUIMATH3IUPOBAHEI, KaK
w(t) = 1.
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Knacenduxanus tuna
BOKAJIM3aLMi
(4-VB Tipe)

Pesynbrar
TMPOTrHO3UPOBAHUS

Kinaccupukanusi BaleHTHOCTH
M CTeneH! BO30y:KIeHHs IMOLUTi
(4-VB Two)

Ws3Bneyenne
MPHU3HAKOB: |
wav2vec2.0

AynmocurHan |
BOKAIIM3aLHN

MyJIMHra

(average pooling)
Pesynbrar
TIPOTHO3UPOBAHHS

Cuoii cpeanero

Knaccudukanus smoumii
(4-VB High)

Pesynbrar
[POrHO3MPOBAHKS

Knaccupuxauus svonuii
€ y4eToM KyJIbTYPHOii
NPHHALIEKHOCTH IHKTOPA
(A4-VB Culture)

=
=
3
5%
= o
Z2&
52
o)

~E
(=]
f=%
=]

Puc. 4. Cxema meToza Ha ocHOBe wav2vec 2.0 B pamkax copeBHoBaHMs A-VB’22 [38]

OO0mas cyMMa OTepb CTAHOBHUTCS B3BEIIEHHONW cyMMoii [38]:

K
Loy, = Zﬂ’k L, . (2)
k=1

rae A, — NPOMHUIMAIM3UPOBAaHHBIC Beca Ha Wrepauuu f, L, — 3Ha4YeHue
(YHKINU TTIOTEPE.

Pesymbratel mpencraBieHsl B Tabnuie 4, Ha BaNMIALMOHHOW M
TECTOBOM BEIOOpKaX pe3ynpTaT cocTaBmi 56,86% u 56,18% mo mokaszarerro
UAR, cOOTBETCTBEHHO.

4.4. Metona Ha ocHoBe wav2vec2-XLSR53 [40]. Monens wav2vec-
XLSR53 npexacraBmsier 0a30Byr0  KoHGuUrypamuio — Tpanchopmepa,
00yueHHOTO Ha Tpex Habopax Hepa3MeueHHBIX maHHBIX: Multilingual
LibriSpeech [41], Common Voice [42], BABEL [43], xoropas
UCIOJBb30Bajach JJIs W3BICYCHUS TMPH3HAKOB ayauocurHaia. Cxema
MOJIENY TIpE/ICTaBIeHa Ha PUCYHKE 5.

[NocnemoBaTenbHOCTh MPHU3HAKOB, ITONYYEHHBIX W3 ayAHOCHTHAJA
mozaeabio wav2vec-XLSRS53, momaercs Ha BXxox cetu LSTM. 3a cioem
LSTM cmenyer momHocBs3HbI cmoit  (Fully Connected, FC).
Ucnonp3oBanne FC  o0ocHOBaHO  HEOOXOAWMOCTBIO  COKpAIICHUS
pa3MEpHOCTH BJIOKCHUS OO0 3HAYCHUS, COOTBETCTBYIOUIETO 3HAYCHHIO
BBIXOJHOTO CJIOSi B 3aBHCHMOCTH OT 3aJaHHWs, 3aTEM CJOW MOCJICIHEro
nyiunra (last pooling) [44], T.e. HUcmoJb3yeTcs TMOCIEOHUNA BEKTOP
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MIPU3HAKOB U3 ITOCIICIOBATEIFHOCTH, U 3aBEePIIaeT MOAEITh (QYHKITUS TOTEPh
CCC.

Pesynbratel mpencTtaBicHbl B Tabnuie 4, Ha BAIMIALMOHHOW U
TECTOBOW BBIOOpKaX pe3ynbTat coctaBui 49,89% u 49,70% 1o mokazaresro
UAR, cOOTBETCTBEHHO.

@)
EQ| g
1] accuuKanus THIA
] £ A [~ Boxanm3anmii
& 2| (VB Tpe)
=
= O
§8 Knaccndpukauust BajJleHTHOCTH
= <2 1 i §_ [~ M cTemeHH BO30Y:KAeHHs IMOLHUIT
z MRE @ &5| (4-VBTwo)
V3Breyenue s 8 _2S||SEE =
Aynuocursan X =) 232l E8
poxammsauy | PHBHAKOB: gy g 2 8PS 2 2 [8)
wav2vec-XLSRS3| | = | |25 |2 2% | |80
S =lle = @] o
= é s < H E " Knaccuq?uxauuﬂ Mouuit
Z 5| (4-VB High)
S5
=
@) o
) 8 Kunaccupuxauus smounii
L,| 22 L, € yuerom Ky.abTypHOii
Z § NPUHALIE/KHOCTH THKTOPA
S S| (4-VB Culture)

Puc. 5. Cxema metona Ha ocHOBe wav2vec-XLSR53 B pamkax copeBHOBaHUSA
A-VB’22 [40]

B pamkax copeBHOBaHUS A-VB’22 Hammydmmid pe3yiabpTaT IoKazaia
mozenb data2vec-SM: 58,40% u 58,60% Ha BaauganMOHHON M TECTOBOM
BBIOOpKaX, COOTBETCTBEHHO, MO mokasatento UAR. DTo emuHCTBeHHAas
MOJIeNIb, TJC OCYIIECTBIUIACH MPenoOpadOTKa CHrHala Tepea TeM, Kak
nepeiaTh €ro B CIEAYIOUINE OJIOKH.

OnHako, CTOMT OTMETHTH TO, 4YTO BO BCEX MOJEIIX
OCYIICCTBISJIOCh ~ MApajUICIbHOC  MPOTHO3HPOBAHHE  PE3YJLTAaTOB
Knaccn(anaum/I II0 BCEM 3aJaHUAM COpeBHOBaHI/IH, U JIUMIb METOA Ha
ocHoBe wav2vec2.0 [38], peanm3oBaH B BHIE KAaCKaJHOH CTPYKTYpHI,
CHavasia IPOTHO3HUPYETCS pe3ynbTaT I 3amanus Kraccuguxayus muna
soKanu3ayuil, ¥ 3aTeM, OCHOBBIBASICh Ha pe3yJbTaTax MPOTHO3MPOBAHMUS,
OCyIIecTBIsIeT aHamu3 ® kinaccupukanmo DK g kaxzmoro
MOCIIEAYIOMETO 3aJaHus. OTO SBISETCS TMPaBWIBHOH CTpaTerue
HpOI‘HOSHpOBaHI/Iﬂ HpI/I peIlIeHI/II/I HCCKOJIBKHX 3aJa4, OTJIHYarIIUuXCs
CJIOXKHOCTBIO U MPOCICKUBACMON HEPAPXUIHOCTHIO, TIOCKOJIBKY JIMIIEL Ha
OCHOBE BBIJICTICHUSI OOIIMX NPHU3HAKOB OTAEIBbHO B3ATHIX DK, MOXHO
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IpeacKa3aTh 0oJice YacTHBIE, HANPHMEP 3MOILMIO, KYJIbTYPHYIO TPYIILY
JUKTOPA, U JIp.

Hust knaccupukanuun DK Bo Bcex MeToJax HCIHOJIb30BaIMCh
MOJIeNI € YK€ NpenoOy4eHHBIMH MOJEISIMH Ha KOpIycax ¢ OOJbIIUM
00beMOM NaHHBIX, Takux Kak: Multilingual LibriSpeech [41], Common
Voice [42], BABEL [43], Libri—Light [45], MSP—Podcast [46], koTopbIie
BKIIIOYAIOT B ce0s 3amucu 3Bydalleld pedn Kak pa3MEUeHHOW, Tak H
Hepa3MeueHHOH. Mogens data2vec-SM, wucmome3yemMass B paMKax
COpeBHOBaHUs, He OblIa JOOOyYeHa Mocie MPeaBaAPUTEIFHOT0 00yICHHS
Ha xopmyce Librispeech ASR [47], ¢ ucnonp3oBaHHEM HHCTPYMEHTA IS
n3MepeHus ckopoctu padoTsl Momenei Libri-Light ASR benchmark [45]
Ut O0NBIION BepcuH, ockoiIbKy DK He sBisroTcs BepOanpHOH pednio, a
MIPECTABISIIOT COOOM CHUTHAJ, KOTOPBIH COCTOUT M3 BOKAJIM30BaHHBIX
3MOLUH.

5. MeToanl aBTOMaTHM4eckoro aHanuza JK B moroke peum c
ucnoab3osanueM kopnyca SSPNet Vocalization Corpus. O6nacts
aHaM3a May3 Xe3UTalUN U CMeXa, KaK 3KCTPAMHIBUCTHYECKUX CPEICTB, B
IIOTOKE pEeYM MOCTEIEHHO CTAaHOBUTCS Oojiee MOMYNSIpPHOH, IOCKOJBKY
yYEHbIE OCO3HAIOT BAXKHOCTh YNOTPEOJEHHS TOAOOHBIX CHIHAJIOB
YEJIOBEKOM.

Kommnekcurie uccaepoBanuss DK B CP  ocymectBisuiuch Ha
koprmyce SSPNet Vocalization Corpus, mpencTaBI€eHHOM B paMKax
copesHoBanust INTERSPEECH 2013 (Social Signals Sub-Challenge [48]),
B KOTOpPOM OBLIM BpYy4YHYI0O aHHOTHPOBaHB 1aBa Tuma OB: cMex,
3aIOJIHATENh MW 3allOJTHEHHBIC TAy3bl XE3WTauu - “uhm”, “eh”, “ah”,
KaK CHTHalbl y/Ep)KaHHs PEe4eBON MHHUIMATHUBBI), U «MYCOPHbBIE» KaJpBbI
(“garbage’), KOTOpBIE MPEACTABISAIOT JIPYyrUe BOKAIHM3AIMU, TaKHE Kak
peus nmubo THmuHy. Kopmyc cocromt m3 2763 aymmodparmentor (11
CeKyHIl Kaxnaerid): 1158 ¢parmeHToB cmexa, 2988 — 3amoHEHHBIX Tay3
Xe3uTanuu. B paMkax cOpeBHOBaHMA 3ajada COCTOSJIA B ITOKAaJPOBOH
KiaccH(UKaIMKM IBYX KJIACCOB COOBITHH: CMeXa W 3alOJHEHHBIX May3
xe3uranuu.  TOYHOCTH  paboOTHl ~ METOJa  pacCUMTHIBAIach  C
HCIIOJIb30BaHUEM IOKa3aTels miomany mnox kpusoit (Area Under Curve,
AUC) nmns  kaxJaoro sBJIE€HUS B OTAeNbHOCTH. Ilockombky
pacro3HaBaJIMCh JBa TUNa siBieHuit: cmex (L — laughter) n 3amonneHHsie
nay3bl-xesutauuu (F — fillers), pacuer mus nByx coGwituit (B — both)
ONPEACIAICS HEB3BEIICHHONW CpeJHEH OLEHKOM IUIOLAau IMOJA KPUBOH
(Unweighted Average AUC, UAAUC). PesynpTaTtsl uCCIIeOBaHHN
IIPeCTaBICHHI B Tabaume 5.

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 21
ISSN 2713-3206 (online) www.ia.spcras.ru



UCKYCCTBEHHbBIN UHTEJUJIEKT, MH)KEHEPU S JIAHHBIX Y 3HAHUI

Tabmmma 5. Pe3ynbpraTel MeTOnOB BhIsIBICHUS cMexa (L), 3anonHeHHbIX nay3
xesutarmu (F), coBMecTHO i1t cMexa u may3-xesuranu (B)

PaGora PesynbTar
(ron) Axycruueckue npusHaku | Knaccuduxarop AUC |UAAUC
L F B
Jnst MFCC 1-12, LE - A n
[48] A? 3mauenmms. Jns VP,|SVMc 829836 o
(2013) |HNR, FO, ZCR - A |JIMHEHHBIM SIPOM ’ ’
3HAUCHUSL. U, O
Jus MFCC 1-12, LE - A n
[50] A? 3mauenmms. Jns VP,|Deep BLSTM L 94.0
(2014) |HNR, FO0, ZCR - A|RNN ’
3HA4YEHUs. U, O
BepostHOCTS BOKanm3anmuy,
[52] MFCC 1-12, HNR, FO, BDCN(I:ISI?HOCTHOG 95,3190,4 —
(2016) |ZCR,  norapudmuueckas KOI;I HpoBasHe ? ’
MHTEHCUBHOCTh CUTHAJIA
[53] MFCC 94,4 (88,0 91,2
(2017) FBANK DNN+CMA-ES [95,0(87,7| 91,3
ComParE 96,0 190,1 | 93,1

5.1. Metoa Ha ocHoBe SVM c JuHeiiHbIM siipoM [48]. B 6a3oBoM
noaxone aHamm3 OK ocymiecTBIsuICS C MOMONIBIO METOJA OIOPHBIX
BEKTOPOB ¢ TuHEHHBIM siipoM (linear kernel Support Vector Machines).

Habop axycTiuecknx mpHU3HAKOB i 0A30BOT0 METOJIA: ITOKAIPOBO
BBIUUCISUIACH MEN-9aCTOTHBIE KeTCTpaibHbIe KO3 ¢uuenTs! (anri. Mel-
Frequency Cepstral Coefficients, MFCC) 1-12 u norapudmuueckas
sHeprus curHana (logarithmic energy, LE) BMecTe ¢ mx mpoM3BOIHBIMH
nepBoro (A) u Broporo nopszka (A 2), BeposTHOCTh BOoKanu3aluu (voicing
probability, VP), otHomenue rapmonnka/mym (HNR), gyactora ocHOBHOTO
tona (F0), umcno mepexomoB uepe3 Houb (ZCR) M MX TpOHW3BOJHBIC
NepBOrO TOpsAAKa. 3aTeM Uil KaKJ0ro HU3KOYPOBHEBOTO JECKPUIITOpa
(Low Level Descriptors, LLD) Bbluncisitorcsi cpeanee apupmMeTHIecKoe
(1) m cTanzapTHOE OTKIJIOHEHME () Ha ypOBHE KajJpa U BOCBMHU COCEIHHX
KaapoB (WeTblpe MO M 4UETBIpe TMocie). B pesynprate BbeUHCHACTCA
47x3 = 141 neckpunTop Ha Kazp.

ABTOpHI  BOCHOJB30BAIHCH peanu3anmell kiaccupukaTtopa U3
Habopa mHCTpyMeHTOB WEKA [49]. [l maHHOW 3aadél MCHOJIH30BaJICS
METOJl ONOPHBIX BEKTOPOB C JHMHEHHBIM siApoM. B kadecTBe anroputma
o0y4eHust UCIIOJIb30BaNIaCh MOCIIe/IoBaTeIbHAs MUHHMaJIbHAS
ontumusarus  (Sequential Minimal Optimization, SMO), mapamerp
CIOXHOCTH,  KOTOpBIM  IO3BOJSET  HAWTH  KOMIPOMHUCC  MEXAY
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MaKCUMHU3AIMENd pPa3aessiomed MoJoCkl M MUHUMHU3AIUeH CyMMapHOU
omu6ku, coctaBui C = 1073, Uro6s1 cnpaBuThCA ¢ HECOATAHCHPOBAHHBIM
pachpesieieHueM KJIacCOB, HCIIOJIb30Bajach CYOJMCKpEeTH3alns, I10CIe
UCIIONIb30BAaHU KOTOPOH OCTaIOCh TOJIBKO 5% «MYCOPHBIX» KaJIpOB.
Pe3ynpraT mnoKagpoBOro OOHApy>KeHHS CMeXa W 3aloJHEHHBIX I1ay3
XE3UTAalluM IIPEACTaBICH B Ta0mUIE 5, HA TECTOBOH BHIOOPKE METOJ
mokazan 82,9% wu 83,6% mo KiaccaM «CMeX» H  «3aIlOJHHUTENbY,
COOTBETCTBEHHO.

5.2. Meton Ha ocHoBe Deep BLSTM RNN [50]. B nannoii padote
MPE/CTABICHO HCIOJIb30BAHUE MOJICNN JBYHANPABICHHOW PEKYPPEHTHOM
ueiipornoit cetn (Reccurent Neural Network, RNN) c¢ monroit
KpaTkocpouHoil mamsaTeio  (Bidirectional LSTM, BiLSTM), mnyrem
HaJIO)KEHUsI KOMOMHammu TiyOokoit HediponHon cetnm (Deep Neural
Network, DNN) u BILSTM. Cxema MeToia peicTaBiIeHa Ha PUCYHKE 6.

Baok DNN-BILSTM

Onpenenenne Pesynsrar
ArocTEpHOPHON KIaccH(rKaLmm no [—
BEPOATHOCTH

B L Kiaccy "emex"
Kiacca "emex’
DNN Pe‘zymﬂ'a'r
K. o
KJ1accam

2 CKPBITBIX Onpezenenne Bi]ﬁSN-II.‘lM-
105t 110 256 it v
Ayanocurxan W3Bneuenne cnos o 256 anocTepHOPHOI 20 CRpLITBIX Pesynbrar

AT | aKyCTHYECKHX P P BEPOSTHOCTH cloeB KraccnuKarin 1o ||
BOKAIM3AUMH | py3HakoB KKIOM K1acca BBIXOHOI KJIace!

BbixozHoit "3anonHATeND" c10ii ¢ "3anonunTens"
cIioii ¢ i

gymancit | | Onpezeneime ||| Softmax
oftmax anocTepropHoii Pesynbrar
BEPOATHOCTH Ki1accu(uKauum no
Kacca Jnacey
"Mycop” Mycop’

Puc. 6. Cxema metona Ha ocHoBe DNN+BILSTM [50]

C NOMOIIBIO IKCTPAKTOpa HPU3HAKOB C OTKPBITBIM HCXOJHBIM
kogom openSMILE [51], xaxapie 10 mMc mnpu pasmepe kaapa 25 mc
N3BJIEKAJINCH cleyronye HHU3KOYPOBHEBBIC JIECKPHUIITOPBI u
¢ynkiuonansl: LE, xoaddummentst MFCC 1-12, mis KOTOpBIX Takxke
Berancsnuchk A u A 2; VP, HNR, FO, ZCR u A 115 Ka)10ro IIpH3HAKA.

Pesynprar mokaapoBoro oOHAapy)XEHHs CMeXa M 3aloJHHUTeNeH
Npe/ACTaBiIeH B Tabuuie 5, aBTOpaMu ObUI NPUBEJICH TOJIBKO COBMECTHBIH
mokazarens UAAUC = 94% mo IByM KiaccaM «CMEX» U «3aIllOJTHUTEIb.

5.3. Metroa y4yera KOHTEKCTHBIX MNPH3HAKOB W MNPHHATHA
pelieHHsi Ha OCHOBe 3HadeHuss BeposTHocTH [S52]. B palore
JIEMOHCTPHUPYETCS TPEXITAIHBIN ANTOPUTM aHAJIN3a CMeXa M 3alOJTHEHHBIX
may3 Xe3UTaIluH B TOTOKE pedn (PUCYHOK 7).
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Ay;mocnman*m]canmauun

1. IIporHo3upoBaHue BEPOSTHOCTH COOBITHS HA
OCHOBE IIPU3HAKOB CUIHAJIa

M3BreueHne KOHTEKCTHO-HE3aBUCUMBIX IIPU3HAKOB

Y4eT KOHTEKCTHBIX IIPU3HAKOB An A2 Ha ypOBHE
BPEMEHHOI'O OKHa
2

2.AHanu3 KOHTEKCTHBIX IIPU3HAKOB B
0(peMOBBIX BEPOSITHOCTAX

- crnaskuBatonmit KUX-punsrp HUKHUX yacToT
- aBTODHKOJIED (HEHPOHHAs CETh)

3. MackupoBaHue BEICOKOBEPOSTHBIX
MaJIOBEPOSITHBIX COOBITHI

Pesynbrar
Pesynprar
KJIacCU(pUKaNU
KJIacCU(HUKALIIH
10 KJ1accy " "
" " 1o KJaccy "cmex
3aMoJIHUTENb

[ @ I

Pesynprar kinaccudukanuu mno
2 kiaccam

Puc. 7. Cxema 3-3Tannoro merona ananusza 9K ¢ yueToM KOHTEKCTHBIX TPU3HAKOB
U TIPUHATYUS PELICHUS Ha OCHOBE 3HAUEHHsI BEPOSTHOCTH [52]

Orarm 1. IIporHo3upoBanue BEPOSITHOCTH COOBITHSI

E € {«cMex»,«3ano/siHUTeNb»}. Ha  3TOM  3Tame  BBIIOJHSIOTCS
clenyrouue JeHCTBUS:

a) l3BieueHne KOHTEKCTHO-HE3aBUCUMBIX IIPU3HAKOB. B maHHOM
O/0Ke  TPOTHO3MPOBAHME  OCYNIECTBIISIETCS  C  HCHOJIB30BAHUEM
npenooygernnoit DNN ¢ 1ByMst CKPBITBIMH CIIOSIMH, Ha BEIXOJHOM CJIO€ TPH
HeWpoHa (B COOTBETCTBHM C  KOJIMYECTBOM  KJACCOB:  «CMEX),
«3aIOJTHUTEIbY, «MYCOpP»), KQKABIA ¢ CUIMOMIHON (QyHKINEH aKTUBaLUH
MIPOTHO3UPYET 3HAaYEHHsI BEPOSITHOCTEH Ka)KI0ro U3 Tpex cobbiTuii. Beero
n3BieKkanuch 17 mnpusHakoB (Tabmuna S5) w3 Kaxaoro ¢pelima (BEKTOp
NpPU3HAKOB Uit X-ro (dpeiiMa 0003HAUYEH KakK X,), COOTBETCTBYIOILEE
3HaYEHHE BEPOSITHOCTH, TOJIyYeHHOE JUIsl coObITUs E B mpesenax ¢peiiMa,
obo3nauvaercs u(n)). Ilepen mocnemyromum oOydeHHEM CHCTEMbI ObLIa
OCYIIECTBIICHA Z-HOPMAJIM3aNNs Ka’KI0T0 BEKTOPa IPU3HAKOB JUIS KaXKI0TO
¢aiina. CpengHue 3HA4YEHUS] W JUCHEPCHS MPU3HAKOB AT HOPMAIHM3AINH
PACCUUTHIBAIINCH C YIETOM BCEH JITUTEIBHOCTH (aiina.

6) Yder KOHTEKCTHBIX IPU3HAKOB. YUEeT KOHTCKCTHBIX MPU3HAKOB
OCYLIECTBIISICTCS ~ CJEAyIOmMM  o0pa3oM: Uil  HPOTHO3UPOBaHHSA
BEPOSITHOCTH COOBITHS E B X,,-OM (peiiMe ycTaHaBINBAETCS IJIMHA OKHA
2M, + 1, rne 3Hauenue M, — Koiu4ecTBO (PEHMOB 10 U TOCIE X,-T'O
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¢peiima. K xaxmaoMy W3 TpU3HAKOB W3 TEKyIIero Xx,-ro (dpeiima
nobaBnsioTca  3HadeHnss A u A%, KoTophle  M3BIEKAaOTCA M3
COOTBETCTBYIOIIEr0 OKHA. B pesynbraTe mosyyaercst BEKTOP NPH3HAKOB
pasmeprocThio 17 X 3 (nmpmsHak + A + A?), 3atem, Ha nHaGope m3 51
NpU3HaKa BBIYMCISIIOTCS U U O, W Y)K€ Ha JIaHHOM HaOope NPH3HAKOB
peammuzyercst noodOydenue DNN wmoxpenmun. B pesynbrate mnomyuaercs
BpeMeHHOM psi Bpemenuoi psia U = (u;(n), ..., w;(N)).

Oran 2. Y4eT KOHTEKCTa B BEPOSITHOCTHBIX 3HAUCHHUSX, TIOJTyYEHHBIX
Ha ypoBHe (ppeiima.

a) KHUX-ounpTp HHU3KHX dYacTOT OBUI CHPOSKTHPOBAH IS
yCTpaHEHHUsI BRIOPOCOB BO BpeMeHHOM psine U. [l kaxmoro kmacca u3 E
COOBITHII  BBIUMCIACTCS CIVIA)KEHHOE 3HAUeHHE BEpOATHOCTEH v([n]
MOCPENCTBOM MpuMeHeHHus criaxuBaomero KWX-punptpa HU3KHX
4acToT, KaK MoKa3aHo B Gpopmyiie [52]:

M

v[n]= z a,u(n+m), 3)

m=—M

e a,, — 370 kodpdunueHT QuIbTpanuHU, TPUMEHSEMBIH K BBIXOJIHBIM
¢peliMaM Ha paccTOSHHH m OT Tekymero ¢peiima. Koaddumments:
¢bunpTpa (am) OTIPEICIISITUCH c TTOMOIITBIO MHUHUAMAaTbHOU
cpenHekBapaTudeckoi ommoku (MMSE).

06) BepostHocTHOE KomupoBaHue. B pesynpTare NpUMEHCHHS
crinaxuBatorero KMX-punpTpa HU3KHX YaCTOT OBLUTH YCTPAHEHBI BCE
HEJIMHEWHbIE 3aBUCHUMOCTH. 3HAYEHHUs] BEPOATHOCTEH v[n] moCTymaroT Ha
BXOJ aBTOPHKOJZIepa (HCHPOHHAS CETh C MPSIMOM CBSI3bI0 M CHTMOUIHOM
¢GyHKIMEH Ha eIUHCTBEHHOM BBIXOJHOM HeiipoHe). 3ajada JaHHOM
orepanyy, Kak YTBEpXKIAalOT aBTOPbl, — 3a(UKCHPOBAaTh JIIOOYIO
HEJIMHEHHYI0 KOHTEKCTHYIO 3aBUCHMOCTD, KOTOPYIO JIMHCHHBINH (IIBTP HE
CMOT OTCIIenTh. JleTallbHOE ONMMCaHWe MOAETH aBTOSHKOEpa B CTaThe HE
MIPUBEICHO.

Oran 3. MackupoBaHHE BBICOKO- W MaJIO-BEPOSTHOCTHBIX COOBITHI
Ha OCHOBE TPaBWJI, OCHOBAaHHBIX Ha YBPHCTHUKE!

1) MackupoBaHHWE HYISIMH: €CITH CYIIECTBYET HEIPEpPhIBHOE
CYIIECTBOBAHME 3HAYEHHM BEPOATHOCTH Wg(N) HWKE IOPOTrOBOTO
3HaueHus1 Ty, 1Mo KpaiiHeH Mepe, Ui 3amaHHOrO yucia ¢peiimoB K, Bce
TaKhe BEPOSITHOCTU MAaCKUPYIOTCS HYJIEM.

2) MacKUpOBaHHE CIUHHUIIAMHU: €CIM 3HAYCHUS BEPOSATHOCTH
CMEXXHO TIPEBBIIAIOT IOPOTrOBOE 3HAadeHUe Ty, MO KpailHeH Mmepe, it
gucna K; gpeiiMoB, Bce Takue BEPOSITHOCTH MACKUPYIOTCS € TUHUTIEH.
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[Tonbop moporoBeix 3uaueHuit Ty u T;, 1 3Ha4ueHus QpeiimoB K, u
K, ocymiecTBsICS Ha BaIMJAIIMOHHOM HaOope MaHHBIX. B [52] 3HaveHust
Ty =0,02uT; =0,98.

Pesynbrar nmodpeiiMoBoro oOHapy>KeHHsI CMeXa W I1ay3 Xe3UTaLUH
npeAcTaBieH B Tabnune S5, Ha TECTOBOM BBIOOpDKE METOJ MOKazal
AUC = 953% u 90,4% 1o KjgaccaM «CMeX» M «3alOJHUTEIbY,
COOTBETCTBEHHO.

5.4. Meroa Ha ocHoBe DNN u CMA-ES [53]. B nmauHoii ctaThe
MpUBEIeH MpuMep wucnoib3oBaHusd DNN u QuiubTpa, CriIa)XHBaroMIEro
BpPEMCHHBIC pSIbI, ONTUMH3AIMS BECOB KOTOPOTO OBLTa TpOBEICHAa Ha
ocaHoBe Meroma ontummzaimn CMA-ES (Covariance Matrix Adaptation
Evolution  Strategy —  JBOJIOIMOHHAs  CTpaTerus  aJanTalul
KOBapHalMOHHOW Marpuipl). MeToJ ONTUMH3alH BECOB (QHIbTpa C
momoteto CMA-ES mnoapoOHo omucan B [54] W MMEET CXOJCTBO C
METOJIOM TJIaBHBIX KOMIIOHEHT.

ABTOpBI BBIACIWINA TPU TPYMIBI IPU3HAKOB, ONMUCAHHBIE HHXE, HA
OCHOBE KOTOPHIX MTPOBOIIIIOCH MTOKAIPOBBIN aHamn3 pparMmeHTOB CP:

1) Cranggaptaeni: 13 koapdunuenroB MFCC, ux mnepBas u
BTOpasi MPOU3BOIHEIC.

2) FBANK: 20 3HaueHH{ T'peOCHKH MEI-9acTOTHBIX (HIBTPOB,
norapudMudecKas SHepTHs, 3HaueHus A u A2,

3) ComParE -  INTERSPEECH 2013  Computational
Paralinguistic Challenge: 13 xosddumuentop MFCC, 3Hauenus A u A?;
VP, HNR, FO, ZCR u A qnsa kaxzaoro nmpusHaka. B obmieit cnoxxnoctu 47
MIPU3HAKOB, KOTOPBIE HW3BIEKAIOTCSA C MOMOIIBI0 HabOpa MPOTPaMMHBIX
cpencts openSMILE [51].

[ModpeiiMoBble  3HaYEHWSI BEPOSTHOCTEH OBUIM TOJyYSHBI C
nomomipto DNN, n3HauabHO 00y4eHHOW AJIsl MOJTy4eHHs aloCTEPUOPHOM
oueHKH (OHEMBI Ha ypoBHE (peliMa, METONOM CKOJB3SIIIETO OKHA C
Y4ETOM COCEIHUX BEKTOPOB NPH3HAKOB Ha ypoBHe (peiimoB. [ToapodHoe
onmcanue o0yuerus DNN B cTaThe HE MPUBEICHO.

[Momy4yeHHple 3HAYEHUS BEPOATHOCTEW Ha KaXmoMm ¢peiime
arperupyroTcs B JIOKAJIFHOM OKPYKEHHH W3 HECKOIBKHX BEKTOPOB, YUCIIO
KOTOPBIX OBUIO OIpeNeNeHO Ha mpedpiayimieM odtame. s ¢umbsrpa C
mmpruHOH 2N + 1 3HaueHHMs BecOB OBIIM ONPENENCHBI CIEAYIOIUM
06pazoM: (W_y, Wyt1, -, Wy) = 0 u XN _yw; = 1. Jlanee mns Kaxaoro
j-To ¢peliMa co 3HAYCHHWEM IMPaBAONONOOMS BBYUCISUIOCH 3HAYCHUE
arperupoBanus 1o gopmysne [53]:
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N

a; = :Z: Wildjiis “4)

—N

re W; — 3HAa4CHHS BECOB, KOTOpbIE MOAOMPAIOTCA C IOMOIIBIO
OTIPEJETICHHOTO TUIA (QHUIBTPA.

B o0meli cmokHOCTH OBLTH TPOTECTHPOBAaHBI 4 THMA (QHUILTpA:
KOHCTaHTHBIH, TpeyroiubHbIH, (puipTp Ha ocHoBe DNN, m ¢umsTp Ha
ocHoBe CMA-ES. Jlyummii pe3yipTaT MoKazald (HUIbTp, 3HAUCHHUS BECOB
KoToporo OblM 1o100paHsb ¢ nomortubio meroga CMA-ES.

Pe3ynbpraT mokaapoBOro OOHapy)KEHHHM cMeXa U 3aroJHHUTENeH
Npe/ACTaBIeH B Tabnuie 5, Ha TeCTOBOI BbIOOpKe MeTox nokasan 95,0% u
90,1% mo kmaccam «cMex» U «3aloJIHUTEINb)», COOTBETCTBEHHO. Pe3ynbpTar
JUIS COBMECTHEIX coObIThii coctaBmi UAAUC =93,1%.

Hamnyummit pesynsrar UAAUC = 94,0% mnokaszama Mozens Ha
ocHoBe komOmHanmu DNN u BiLSTM, omgHako, B cTaTbe HE MPUBEACHBI
OTAENBHBIC PE3yNbTaThl IO KIACCAM «CMEX» M «3aIlOJHHUTEIN, JIydIIue
OTAENBHBIC pe3ylbTaThl IIOKa3aja Mojenb Ha ocHoBe DNN
ontumuszaropa CMA-ES — 96,0% no knaccy «cmex» u 90,1% mo kmaccy
«3aTOJTHATEIIBY.

Ha ocHoBe mpoBeneHHOro 0030pa JUTEpaTypbl MOXKHO CHENIaTh
BBIBOJI, YTO TIOBbIIeHHe KaudecTBa aHanu3za JK B CP B03MOXHO mpu
YCIIOBMH UCTIONIB30BaHMS (PUIBTPOB CIIIAXKUBAHUS BPEMEHHBIX PAOB MOCTe
BBIJICTICHUS] BBICOKOYPOBHEBBIX IIPU3HAKOB C MCIIOJIB30BAaHHUEM HEHpPOHHOI
cetu. Takxke, CTOUT OTMETUTh, uTo Npu aHanmze DK B CP Heobxommmo
MIPUHUMATh BO BHUMaHHUE NPU3HAKU HE TOJBKO aHAIM3MPYEMOTo Kajapa, HO
U HECKOJBbKHX COCEAHUX (T.€. OCYIIECTBISITH aHAIN3 KOHTEKCTA), I
TIOBBIIIEHUS] TOYHOCTH UCTIOJIB3yeMOoro MeTosia. CTOUT OTMETHTb, YTO HH B
OJTHOM M3 BBILICTICPEUNCICHHBIX IT0/IX0/0B HE HMCHOJIB30BAINCH METOBI
penoOpaboTKH pEeueBOro CHUrHajga Uil IIOCIEIYIOIIEro HW3BJICHYEHHS
npusHakoB. Matepuan kopryca SSPNet Vocalization Corpus Obl1 3anucan
Ha MoOmieHOe ycTpoicTBo Nokia N900, 4To MOTIIO MOBJIMATE HA Ka4eCTBO
3allCaHHOI'O PEYEBOro MaTepuana.

6. 3akiouenne. B naHHOW CTaTbe TPEICTABICH aHATUTHYCCKHMA
0030p HaAy4YHBIX HCCIEeI0BaHWH, MocBsAmeHHbIX aHanu3dy DK B CP, Tak u
OK, 3amucaHHBIX OTAENHHO. PacCCMOTPEHBI JIMHTBUCTHYECKHE OCHOBHI DK,
NIPUBE/ICHA OPUTHHANbHAS CHUcTeMaTh3anus. lIpencTaBieH cpaBHUTENLHO-
COIOCTaBUTENbHBIA 0030p KoprmycoB co CP u HabGopsl maHHbIX ¢ OC,
3aMUCaHHBIMU OTJEJIBHO OT PEUH.

Ha ocHOBe npoBeZIEHHOTO aHAJIUTHYECKOTO 0030pa CYLIECTBYIOMINX
noaxonoB k aHammzy DK B CP, MoxHO chopmynupoBaTh cieqyloliue
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MPEATOKEHUS ISl MOBBINICHHS TOYHOCTH PAacIO3HABAHHMS MOJOOHBIX
sineHuii B CP:

a. Ilpu amnotanuu OK B kopmycax CP BaxHO pa3meudaTh
¢dparmentsl nepecedenust peun 1 OK. DK MoryT mposiBIsTECS HE TOJIBKO
KaK OTJIeNIbHBIC OT PEe4YH COOBITHS, HO M IEPECEKAThCs C PEUbI0 M APYTUMH
cpeactBamMu. EcTh  mpendmosiokeHue, 4YTO B Cly4ae, OTCYTCTBHS
nepeceuennss DK ¢ peubto ToyHOCTh aHanmmza DK B mortoke CP Oyner
MPOXOINTH yCHENIHee, HeXenH, eclu peub cMemuBaercs ¢ OK. U, kxax
CJIEICTBHE, PENPE3CHTATUBHOE NpecTaBieHne nepeceucHnii OK ¢ pedsio B
kopirycax CP 1mMo3BOMUT MOBBICUTH TOYHOCTH aHAIN3a MOJOOHBIX COOBITHI
B nnotoke CP.

6. IIpu wmccmemoBanmm OK, KOTOphle BKIIOYAIOT B ce0s OBa
pedueKkTopHbBIX Tpolecca (BAOX M BBIOX), TAKHE KAK CMEX, IUIa4, KPUK U
IIp., LIeNecoo0pa3Ho yYUTHIBATh aKyCTHUECKHE XapaKTePUCTHKU KaK BIOXa,
Tak M BBIAOXA, IOCKOJIBKY MPEICTABISIOT OIHO IEJIbHOE COOBITHE
(cMex/mnau/KpuK), a He OTIENbHBIE APYT OT APYTa SIBICHUS.

B. IlepBuuHo wuccinemoBanne DK B pamkax OJHOH KyJIbTYpBHI,
MOCKOJIBKY aBTOPBI IIPEIONaraloT MEXKYJIbTypHYI0 BapUaTUBHOCTH B
peammammsix DK, MexkynapTypHoe wuccienoBanne OK  BTOpUYHO,
MIOCKOJIBKY BO3MOXHBI CXOXHE peann3anuu oTaeibHbix JK B pamkax
OJHOH SI3bIKOBOM I'PYIIIbI.

r. B ycioBusx 3amrymiaeHHOH OOCTaHOBKM KaueCTBO BBISBICHHS
n aHamm3a DK 3HAYUTENBHO CHIDKAETCs, BCIEICTBHE YEro HEOOXOIMMO
MIPOM3BOUTD NPEABAPUTEIHHYIO OYUCTKY WM TOAABICHHUE, OTINYHBIX OT
peuH LUIYMOB, IPUCYTCTBYIOIINX B CUTHAJIE.

n.  Jns moBbmmeHWss ToYHOCTH pacmo3HaBanmst OK B CP
HEO0OXOMMO paccMaTpuBaTh 0Oojiee MIMPOKUN CIEKTP KOPIYyCOB U 0a3
naHHbIX. g oOy4deHHs CHCTeMbI HEOOXOAWMO HCIOJIB30BATH HE TOJBKO
sammcud CP, HO m otTaensHo 3anucaHHble DK, Taxkke BO3MOXKHO
UCTIONB30BaHKE 3aMKCeH MoJeH ¢ nedeKTaMu peud U MOTOPHO-PEUEBBIMU
HapyIIeHUsIMH, TeM caMbIM, BbIOOpKa peanmsannii DK Oyner Ooinee
BapuaTHBHa W CTaHET BO3MOXXHBIM YUY€T pas3JIMdHBIX OCOOEHHOCTEH
BOCIIPOU3BOACTBA TeX UK UHBIX OK.

e. Jlms ©Oonee TouHoro BeigBieHHs OK HeoOxogumo 1ubO
yBeJIM4YMBaTh IMpUHY ¢peliMa, b0 mpu aHanmm3e Tekymero ¢peilima
YUUTBIBaTh KOHTEKCT (3-4 cocemHux (QpeiiMa), CBI3aHO 3TO C TEM, 4TO
CKOPOCTb CMEHBI ()OHEM HE COOTBETCTBYET CKOPOCTH BO3HHKHOBEHHS H
nponokurensHocTh DK B IOTOKE  pedd, CIeNOBaTeNbHO, IS
¢ukcupoBannss DK 1mb0 MOBTOPSIEMOCTH AaKyCTHUECKHX IIPH3HAKOB,
moxoxunx Ha DK B curHaje MeToxy HEOOXOAWMO 3aXBaTBHIBATh «OOJBIITHIT
0030p» CHTHANA JUIA €TO aHaJIH3a.
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B  npampHeiimmerd  paboTe  ITUTAHHMpYeTCS  MPOBENEHUE — psaa
UCCJIEJOBAaHNUH, ITOCBSIIEHHBIX H3YyYEHUIO aKyCTHYECKUX XapaKTEePUCTHK
pazmuusbix DK, uccrnenoBaHue CTaTUCTUYECKHUX 3aBUCHUMOCTEH, M aHaIM3
OK B noroxe CP.

1) Ilnanupyercst mpOBECTH HCCIIEAOBaHUS Ha HaOOpax NaHHBIX C
OK, 3anmcaHHBIMM OTHENBHO OT peun: «Multiclass cough sound
dataset» [7], «ASVP-ESD» [31], FSD50K (Human Sounds) [34],
«VocalSound» [35], mms Toro 4ToOB MOJOOpPATh ONTHMANFHBIE MOJEIH
HCKycCTBEeHHBIX HeWpoHHBIX ceteil (IHC), KoTOphIe TO3BOJIAT MOBBICUTH
TOYHOCTH pacno3HaBanusi OK B ¢Qopmare oOTAenbHBIX OT pedn
aynnodparmenToB. IImaHupyercst OCYIIECTBHTh CONOCTAaBICHHE H
TECTHPOBaHUE pa3NHYHBIX HabopoB mpm3HakoB (GeMAPS, eGeMAPS,
BoAW, wav2vec, wav2vec2, u [Ip.) Ha Ka4ecTBO pacro3HaBanus JK.

Takxke, U1 TOBBIIIEHHS TOYHOCTH PACHO3HABAHUSA OTIEIBHO
3anucaHHbIX OK Oyner HeoOXOOUMO NPOBECHUT ayrMEHTAIMI0 IaHHBIX,
ITyTeM W3BJIEYECHUS paznuuHbIX peanusanuii DK u3 xopmycoB CP, Takxke
BO3MOJKHA 3aITUCh YHHKaIbHOTO Kopiryca CP u otaensHo 3anucanHbix K.

2)  Amnamms peanmzanuii OK B paMKax CIIOHTaHHON PYCCKOM pedH.
HccnenoBanue OyneT MpoBOAUTHCS Ha Kopmycax momoOHeIx «CAT» [17],
«Kopmnyca 3Byuamedt peun» [19], «CORUSS» [20]. Ilpeanonaraercs
uccienoBaTh METOIBl IMpenoOpadoTku pedeBoro curHama co CP s
MIOCJICAYIONIETO BBIJICJICHHUSI BEKTOPOB MPU3HAKOB W3 Kaxnoro ¢peiima. B
paMKax BTOpPOTO 3Tala IUIAHUpYyeTCs M3YYWTh BIMSHHUE LIIMPHHBI (peiima
Ha kauecTBO pacno3HaBaHus OK B CP.

3) Kpocc-xkynmerypHoe  wuccienoBanne OK.  HccnegoBanue
BO3MOKHOCTH PUMEHEHHU MeTooB Ha ocHoBe THC, pa3zpaboTaHHBIX IS
agammza OK B pamkax omHOW KyJbTypsl (PYCCKHH SI3BIK), JUIS
pacnio3HaBanus DK B npyroii (aHTUACKUN A3bIK). B pamMKkax uccienoBaHus
OK y aHIIoroBopsmux AUKTOPOB BO3MOKHO HCIOJIBb30BAHHE CIIETYIOMINX
kxopmycoB co CP: Buckeye [22], LUCID [23], Wildcat [25], SpiCE [26],
ICSI meeting corpus [28].

4) OdopmicHHEe BBIBOJAOB IO NPOHM3BEICHHONH pabore U
pa3paboTka aBTOMAaTH4YECKOW CHUCTEMBI, KOTOpas OyJeT OCYILIECTBIISTH
ananu3 OK pasnuunoro tuna B CP.
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A. POVOLOTSKAIA, A. KARPOV
ANALYTICAL REVIEW OF METHODS FOR AUTOMATIC
ANALYSIS OF EXTRA-LINGUISTIC UNITS IN SPONTANEOUS
SPEECH

Povolotskaia A., Karpov A. Analytical Review of Methods for Automatic Analysis of
Extra-Linguistic Units in Spontaneous Speech.

Abstract. The accuracy of automatic spontaneous speech recognition systems is far from
that of trained speech recognition systems. This is due to the fact that spontaneous speech is
not as smooth and failure-free as spontaneous speech. Spontaneous speech varies from speaker
to speaker: the quality of phonemes’ pronunciation, the presence of pauses, speech disruptions
and extralinguistic items (laughing, coughing, sneezing, and chuckling when expressing
emotions of irritation, etc.) interrupt the fluency of verbal speech. However, it is worth noting
that extralinguistic items very often carry important paralinguistic information, so it is crucial
for automatic spontaneous speech recognition systems not only to identify such phenomena
and distinguish them from the verbal components of speech but also to classify them. This
review presents an analysis of works on the topic of automatic detection and analysis of
extralinguistic items in spontaneous speech. Both individual methods and approaches to the
recognition of extralinguistic items in a speech stream, and works related to the multiclass
classification of isolatedly recorded extralinguistic units are considered and described. The
most popular methods of extralinguistic units’ analysis are neural networks, such as deep
neural networks and networks based on transformer models. The basic concepts related to the
term extralinguistic items are given, the original systematization of extralinguistic items in the
Russian language is proposed, the corpus and databases of audio spoken speech both in
Russian and in other languages are described, the data sets of extralinguistic items recorded
isolatedly are also given. The accuracy of extralinguistic items recognition increases with the
following conditions of work with the speech signal: pre-processing of audio signals of items
has shown an increase in the accuracy of separately recorded extralinguistic items
classification; consideration of context (analysis of several frames of speech signal) and use of
filters for smoothing the time series after extraction of feature vectors showed an increase in
accuracy in frame-by-frame analysis of the speech signal with spontaneous speech.

Keywords: automatic speech recognition, speech technology, machine learning,
linguistics, extralinguistic units, spontaneous speech, automatic extralinguistic units
recognition.
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SENTIMENT ANALYSIS FRAMEWORK FOR TELUGU TEXT
BASED ON NOVEL CONTRIVED PASSIVE AGGRESSIVE WITH
FUZZY WEIGHTING CLASSIFIER (CPSC-FWC)

Naidu G., Seshashayee M. Sentiment Analysis Framework for Telugu Text Based on Novel
Contrived Passive Aggressive with Fuzzy Weighting Classifier (CPSC-FWC).

Abstract. Natural language processing (NLP) is a subset of artificial intelligence
demonstrating how algorithms can interact with individuals in their unique languages. In
addition, sentiment analysis in NLP is better in numerous programs, including evaluating
sentiment in Telugu. Several unsupervised machine-learning algorithms, such as k-means
clustering with cuckoo search, are used to detect Telugu text. However, these techniques
struggle to cluster data with variable cluster sizes and densities, slow search speeds, and poor
convergence accuracy. This study developed a unique ML-based sentiment analysis system for
Telugu text to address the shortcomings. Initially, in the pre-processing stage, the proposed
Linear Pursuit Algorithm (LPA) removes words in white spaces, punctuation, and stops. Then,
for POS tagging, this research proposed a Conditional Random Field with Lexicon weighting;
following that, a Contrived Passive Aggressive with Fuzzy Weighting Classifier (CPSC-FWC)
is proposed to classify the sentiments in Telugu text. Consequently, the method we propose
produces efficient outcomes in terms of accuracy, precision, recall, and fl-score.

Keywords: machine learning, natural language processing, polarity, sentiment analysis,
Telugu.

1. Introduction. NLP is both a study and a topic which examines
how computers can comprehend and adapt natural language text or speech
to do useful tasks [1 —4]. NLP scientists try to learn further about how
people understand and use language to ensure suitable technology and
methods can be developed to assist computers in perceiving and
manipulating natural languages to do the required tasks. Sentiment
analysis is an NLP technique that examines a person's emotions,
sentiments, and opinions on various items, including products, films,
events, reports, and businesses [5]. The main goal of sentiment analysis is
to identify the polarity of a text within a given resource. Positive,
negative, and neutral polarities are all conceivable.

In addition, there are three layers of sentiment analysis for text:
sentence level, document level, and aspect level [6]. The goal of sentence-
level analysis is to determine the polarity importance of each sentence in
the examined material. Lexicon-based methods, along with Machine
Learning (ML) [7] techniques, are the two basic approaches to Sentiment
Analysis (SA). The lexicon-based technique analyses the text data by
applying a sentiment lexicon for keyword matching. Word sentiment
information can be found in lexicons. In [15] the aythors suggested
SenticNet, and in study [14] suggested SentiWordNet as examples of the
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lexicon. Lexicon alone fails to deliver high accuracy, yet when combined
with the Semantic Rule [16, 17], good results are obtained [19]. Semantic
rules are used to deal with language exceptions like negation. It positively
affects the categorisation of polarities. However, the method necessitates
the human definition of Semantic Rules.

Furthermore, the polarity value is established by document-level
analysis according to content evaluation. To determine the polarity of
each text feature, aspect-level analysis (word-by-word) is performed [18].
While document categorization is less common than short text analysis
along with social network evaluation, it could prove quite beneficial in a
variety of situations, including the research of political views [20]
displayed in the media, the analysis of feedback from consumers [21],
with news coverage. Then there's "NLP," a discipline of Al that shows
how techniques may connect with people utilizing their native languages.
Considering the proliferation of fabricated reports then the growth of
internet platforms, mining Telugu news data and classifying it depending
on public sentiment is critical. The Stanford Sentiment Treebank — 2
(SST-2) dataset is extensively utilized for sentiment analysis (SA), and
Bidirectional Encoder Representations from Transformers (BERT)
outperform previous modern methods in this field [8]. Bataa and Wu [11]
used BERT and transferable learning methodologies to achieve a new
state-of-the-art Japanese SA.

Despite its efficacy in basic sentiment categorization, aspect-based
sentiment analysis (ABSA), an enhanced SA task, showed less significant
improvement when BERT was directly applied [9]. In paper [9] the
authors created an auxiliary phrase to use BERT's powerful representation
more by transforming Aspect Based Sentiment Analysis (ABSA) from a
single-sentence classification issue to a sentence pair classification
challenge. Furthermore, study [12] suggested that the BERT might profit
from the addition of a pooling component, which might be performed as a
Long Short Term Memory (LSTM) or an attention mechanism to use the
BERT's intermediate levels for ABSA [13].

The amount of variables used in models has increased dramatically
due to the introduction of Deep Learning (DL) [12]. A substantially
bigger dataset is necessary to train the model's variables entirely while
avoiding overfitting. Creating large-scale labelled datasets, nevertheless,
is a substantial obstacle for the bulk of NLP positions owing to the
relatively high annotation costs, especially for semantically and
syntactically related jobs. In earlier research [22], we studied the efficacy
of Convolutional Neural Network (CNN) and LSTM methods for lengthy
text and observed that combining Doc2vec and CNN models generated
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marginally superior outcomes than RNN. It is required so that CNN may
use the Doc2Vec models to identify the polarities of the entire work.

Telugu is India's second most frequently spoken language, behind
Hindi. Following Ethnologue, Telugu is the fifteenth most frequently
spoken dialect globally, with 85 million native Telugu speakers
globally [23]. Several Telugu-language electronic newspapers publish
news daily, including Eenadu, Sakshi, Andhrajyothy, Vaartha, and
Andhrabhoomi, among others. Telugu material is prevalent on most news
websites, web journals, Twitter accounts, and other social media
platforms. Therefore, it is important to analyse the feelings underlying
Telugu news.

Natural language processing has benefited considerably from data
mining techniques [24]. Application for Knowledge Discovery in Real
Time, such as Clinical Analysis [25], to proceed with comprehending the
prediction methods, Association Rule Mining in the Business of
Marketing [26], and the System of Education, demand a lean towards
information disclosure techniques. The advent of ML and DL in NLP
simplified and practicalized the difficult and tedious work of constructing
perceives [23]. The following is the primary contribution of this study:

After collecting the Annotated Corpus of Telugu Sentiment
Analysis (ACTSA) Telugu annotation dataset, the following steps were
taken to ensure good quality input data for our machine learning models.

In the pre-processing stage Split () function is utilized to split the
sentences into words based on the white spaces and punctuation. Then, we
removed the words with no information (stop words) and special
characters by using our proposed Linear Pursuit Algorithm (LPA). We
balanced the dataset by using our proposed Adaptive Synthetic Sampling
(ADASYN) approach.

—  Then, this research proposed a Conditional Random Field
(CRF) with Lexicon weighting for POS tagging.

—  Then, to classify the Telugu text, this research proposed
Contrived Passive Aggressive with Fuzzy Weighting Classifier (CPSC-
FWC). Consequently, the suggested CPSC-FWC framework classifies
emotion as positive, negative, or neutral.

—  This research article is organised as follows: The third part
discusses the proposed machine learning-based approach after a study of
the present sentiment analysis for various article phrases in Part 2. Section
4 examines the implementation outcomes briefly, and Section 5 concludes
this study piece.

2. Literature Survey. Utilising Telugu SentiWordNet, in
paper [27] the authors presented a two-phase sentiment analysis for
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Telugu news phrases. It first identifies subjectivity categorization,
categorising statements as subjective or objective. Objective sentences are
considered to have neutral feelings because they lack any emotive value.
As part of the Sentiment Classification procedure, the subjective
statements are separated into positive and negative sentences. However,
the accuracy of this study is lacking, as is the ability to develop another
technique for creating this SentiwordNet dynamic in the future.

Study [28] adopted a rule-based methodology to create
SentiPhraseNet. SentiPhraseNet was used to extract the sentiment in this
case, and the results were confirmed using the annotated corpus data set
ACTSA. Sentiphrasenet does not include all possible phrases.

Paper [29] used ML methods with a knowledge-based strategy to
develop a Telugu-language Word Sense Disambiguation (WSD)
framework. Lexical Knowledge Base (LKB) is the information source for
developing the WSD system. Disambiguation of words is still in the early
stages, and little research has been published. Telugu has greater potential
for word sense disambiguation than every other regional dialect
nowadays. An unsupervised method can develop an upcoming word sense
disambiguation algorithm for the local Telugu language.

In paper [30] the authors used ML classifiers to create an effective
framework for classifying Telugu news data. In the authors' work, ML
classifiers, including Multinomial Nave Bayes, Random Forest, Passive
Aggressive Classifier, Perceptron, and Support Vector Machine (SVM),
address the challenge of categorizing news sentiments in Telugu. A
dataset is acquired via the open-source Kaggle platform. DL
methodologies, including Recurrent Neural Network (RNN) and LSTM
framework, will be used to discover the attitudes. It is also possible to
extend the work to examine the news sentiments in Malayalam, Kannada,
Tamil, and Urdu.

In study [31] the authors investigated numerous unsupervised
machine-learning techniques for categorising Telugu text into either
negative or positive classifications. Cuckoo search's superiority over K-
means in locating the cluster's centroid is the explanation behind this.
Next, research might look at more unsupervised techniques to find a
viable solution for sentiment analysis in Telugu.

In [32] the authors planned to broaden a unique Evolving C4.5
ML with Spider Monkey Optimization (EC4.5-ML-SMO) to categorize
sentiment evaluation in the Telugu language successfully. Spider Monkey
Optimization is a contemporary-inspired technique defined by Swarm
Intelligence Approaches. This approach is being employed in the present
study to improve the accuracy of sentiment categorization. Furthermore,
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the bioinspired structure has its fitness that is determined by its behaviour.
As a result, the current study evolved a novel hybrid system learning
model for validating the client summary in the Telugu dataset. Iteration,
on the other hand, requires more time.

Study [33] systematically classified views in Telugu using a
lexicon-based methodology with ML in sentiment analysis. First, we
detected subjective phrases from the Telugu corpus using a Lexicon-based
technique called Telugu SentiWordNet. Second, we classified the
sentiment in the corpus using ML methods such as SVM, Naive Bayes,
and Random Forest.

Hence, the existing research utilized a rule-based methodology to
create SentiPhraseNet. However, Sentiphrasenet does not include all
possible phrases. Then, to classify the Telugu text, various unsupervised
ML algorithms such as k-means clustering and cuckoo search algorithm
are used; however, k-means has difficulty clustering data with varying
cluster sizes and density, and the cuckoo method has the drawbacks of
slow search speed and low convergence accuracy. This study created a
special network, which is covered in more detail in the following section,
to overcome the above-mentioned disadvantages.

3. Proposed Approach. The following are the steps of an
innovative ML-based sentiment analysis tool for Telugu text. Stage I: we
collected the ACTSA Telugu annotated dataset, and then the datasets were
pre-processed using the proposed Linear Pursuit Algorithm. Hence we
removed the white spaces, punctuation, and stop words and balanced the
dataset by using our proposed Adaptive Synthetic Sampling (ADASYN)
approach. In Stage II, a Conditional Random Field with Lexicon
weighting is proposed for parts of speech tagging. Then, the processed
data are fed into the proposed Contrived Passive Aggressive with Fuzzy
Weighting Classifier (CPSC-FWC) is described in Stage III. Therefore,
the proposed CPSC-FWC framework classifies emotion as positive,
negative, or neutral. Figure 1 displays the proposed approach's design.

Dataset Description. In this part, we will peek at the places where
the initial information was received. Our source data was collected from
five distinct Telugu news websites: Andhra Bhoomi, Andhra-Jyothi,
Eenadu, Kridajyothi, and Saakshi. The writers gathered over 453 news
pieces and whittled them down to 321.

Annotators labelled all of the statements, with every statement
annotated by precisely two annotators (Table 1).
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LINEAR PURSUIT ALGORITHM
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Fig. 1. Architecture of the proposed approach

Table 1. Example Annotations

ID Original Sentence English Translation Class

1 | obe o Eag” 5 85 | US  President Donald Trump | Negative
oD BR0FH SHLPBeET . withdrew theUS from the Paris
- ayetio Climate Agreement

2 | o5t G M@ J303® wwe | Thereis no need for any objection | Neutral
it to any- one in this

3| erOSRY DoraS Moo 98,6 eutid Bog | India’s Prime Minister Narendra | Negative
2PE SForr HyeBoEd Modi has re- acted severely to the

- Kashmir riots

4 | S0 Doth toedd The minister is happy on the results | Positive

placb)
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Sentences deemed ambiguous by at least one annotator were
removed from the corpus to avoid unclear sentences. Table 2 displays
several corpus annotation examples.

Table 2. Agreement for Sentences in ACTSA

Annotator Positive Negative Neutral Total
Positive 1463 31 103 1597
Negative 23 1421 116 1560
Neutral 112 127 2427 2666
Total 1598 1579 2646 5823

Our data statistics, from raw data collecting to the last words. The
writers gathered 453 news stories and whittled them down to 321 associated
with their study area. The writers have 11952 sentences in their initial
information. The researchers then examined the statements for subjectivity
and deleted 4327 objective sentences, leaving 7812 sentences. The annotators
were given these sentences to annotate. There were 1802 sentences eliminated
because a minimum of one annotator identified them as questionable. Of the
remaining 5823 sentences, 512 were in dispute and were referred to a third
independent annotation. Following the third annotation, 413 sentences were
deleted if there was a dispute or if they were objective. The annotated corpus
requested by ACTSA is made up of the other 5405 sentences. Table 3 gives
statistics for our whole corpus. Following the third annotation, 413 contested
or objective sentences were eliminated. The annotated corpus requested by
ACTSA is made up of the remaining 5405 sentences. Table 3 gives statistics
for our whole corpus.

Table 3. Statistics about the data

News articles 321
Cleaned Sentences 11952
Objective Sentences (Removed) 4327
Uncertain Sentences (Removed) 1802
Disagreement Sentences 512
Classified 99
Removed 413
Positive sentences 1489
Negative sentences 1441
Neutral sentences 2475
Total sentences 5405
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In the pre-processing stage, the information received was cleaned, for
example, by deleting punctuation and removing phrases with non-Telugu terms,
excess spaces, URLs, and other trash values. Later, Sentence Segmentation is
conducted after all of this info is separated into discrete sentences. The initial

data corpus is split between 90% training and 10% test datasets.

Pre-processing. We took the following measures to secure high-quality

input data for our ML models (Table 4).

Table 4. Example of the pre-processed Telugu sentence

Original Telugu Sentence

Pre-processed
Sentence

Polarity
1,0,-1)

DBHIFPRY, $OBD 5850 1860 T3 5RO BT 4B’
RER 499 ASZDSP, 900K HoSHONS 2, 230w
LS 500 DS &,&5;5

* HYSRTRY !
1EORT
125850
'1860"

!anegl

PA o= %
RTINS
ES

14997
ArATeX it Totonts N
EleTa VN

' DEOBBORS
195 %,
2308
2ES

1500
NI AN

0

PISets’ &y HOK Leoyodd anGES Jrd SSaren ISy &
R0, T dilrde SHHIBerP SEIy & SrEe Yo
ST

T TETSOE
&Sy
%
2008
SES
" @o’f‘é "
rESTen”
'BIH!
100N
] S‘é) v
' (s
RN Tols
BSOS B
[ g\’owv
VANNTY

Doy 3, PR T g EDDoSd

THoDHey
),
DBDHLY
ey

S ged
EQDOTISY
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In the pre-processing stage Split () function is utilized to split the
sentences into words based on the white spaces and punctuation. Here, we will
separate the text by all commonly used characters, such as "." and "/n," then,
given two sentences, the model will determine whether they should be
combined. As a result, the model will provide us with a new sentence-by-
sentence breakdown of the text.

Then, we removed the words with no information (stop words) and
special characters by using our proposed Linear Pursuit Algorithm (LPA)
(Algorithm 1, Table5). It searches all the elements in the datasets
sequentially. First, it checks for the first sentence; if the sentence has to stop
words, it will remove them. Otherwise, it continues for n sentences; by doing
this, we obtain an accurate dataset with less memory usage. The most
fundamental search method is linear search, also called sequential search.
This type of search entails searching the complete list (Telugu dataset) for a
match for a particular component. If a match is detected, the stop words of the
matched target component are sent back. On the contrary, if the component
cannot be found, it returns NULL. The following is a step-by-step procedure
for doing the Linear Pursuit Procedure:

—  First, read the search sentence (Stop words) in the dataset.

—  The stop words are compared to the initial phrase in the array in
the next stage.

— If both are matched, the Linear Pursuit function will be
terminated and the message "Stop word found" will be shown.

—  If none is found, compare the stop words to the next phrase in
the dataset.

—  Steps 3 and 4 should be repeated until the search result (Stop
words) contrasts the dataset's end sentence.

—  If the final sentence in the list fails to match, the Linear Search
Function is halted, and the message "Sentence not found" is shown.

Algorithm 1. Linear Pursuit Algorithm
Linear Pursuit (Telugu Sentence Sen, Value b) //Sen is the name of the dataset,
and b is the stop words element.
Step 1: Seti=0//1i is the index of a which starts from 0
Step 2: if i > n, then go to step 7 // n is the number of stop words in the sentence
Step 3: if Sen [i] = b, then go to step 6
Step 4: Seti=i+1
Step 5: Go to Step 2
Step 6: Display stop word is found
Step 7: Display stop word is not found

Step 8: Terminate
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Table 5. Example of Linear Pursuit Algorithm

Original Telugu Stop words Polarity (1, 0, -1)
Sentence removed
sentence
2008¢5° 0200005’ 2008¢S° -1
oS S, 8o QDO?;)OC%)GSG&)
- .. 23T
@aogag 200 @Q&&)O __&5\5‘@5, 2,30
w6 VoliyetS $ree 93 | (BToL 238AS
.;'Jé@&ﬁ &S :&l)&lz,d)@ oS
. v HodB0)S S
OEP Yo PSSR0 a8 DES
B0 DS
§TYT0
Srvlettel
SDHYOB
26 DEATHD DB AT | -1
Donesisody Do’ | DQOVOLRD)
s N D50’ DS
Qe SO SNDRIFS0E
SERP B DI SEIT T3 0
i =S, &
BEID Sotiol's HITR BAID
e SoocS’s
BroEe0. B5HS$08

This study proposed an Adaptive Synthetic Sampling (ADASYN)
method for learning from unbalanced data sets. The goal here is twofold:
minimizing bias and learning adaptively. [Algorithm ADASYN] describes
the proposed solution for the three-class (positive, negative, and neutral)
classification issue.

Input: Stop words removed training dataset Dg.,. with m samples
{x;,y:}, i =1,...,m, where x; is a sentence in the n-dimensional dataset
Xand y; €Y = {1,—1} is the class identity label (positive, negative, and
neutral) associated with x;. Define my and m,; as the number of samples
from the minority & majority classes correspondingly. Consequently,
mg < my and my +m; = m.

Process Flow:

Determine the degree of class imbalance:

d = mg/m;, Where d € (0, 1). (1)
If d < d;y, then (dg, is a pre-determined highest allowed degree of
class imbalance ratio).
a) Determine the amount of synthetic data samples necessary for
the minority class:
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G = (m —mg) Xp, 2)

where f € [0, 1] is a parameter utilized to set the desired balance level once
the synthetic data has been generated. § =1 After the generalization
process, a properly balanced data set is obtained.

b) For every sample x; € minority class, find K nearest
neighbours depending on Euclidean distance in n dimensional space and
estimate the proportion 7; described as:

rizAi/K,izl,...,ms, (3)

where A; is the amount of samples in K nearest neighbours of x; that belong
to the majority class, consequently r;€ [0, 1];

¢) Normalize 7; allowing to 7, =r; /X% 11, so that 7 is a density
distribution (}; 7; = 1).

d) Determine the number of synthetic data samples required for
every minority sample x;:

gi =1 XG. 4)

G is the total synthetic data samples required for the minority class,
as stated in Equations (2).

e) Generate g; synthetic samples of data for every minority class
data item x; using the following stages.

Make the Loop from 1 to g;.

Select one minority data sample at random x,;, from K nearest
neighbours for data x;.

Create a synthetic data sample (s;).

S; =X+ (X — x) XA, (5)

where (x,; — x;)the n-dimensional difference is a vector, and A is a random
number: Ae [0, 1].

End Loop.

The basic concept behind the ADASYN method is to utilize a
density distribution (7}) as a criterion to mechanically determine the number
of synthetic samples necessary for every minority data sample. As a result,
this study generates synthetic data based on data density, eliminating the
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bias created by class imbalance. Hence, our dataset has negative, positive
and neutral samples as 1400, 1400, and 1400. Then, for Parts of Speech
(POS) tagging, this research proposed a novel Conditional Random Field
with Lexicon weighting described in the following section.

POS Tagging. Part-of-speech tagging, often known as POS,
provides a unique label to each token in a text to recognize its part of speech
and, in certain situations, extra grammatical meanings. Text classifier
algorithms then use this labelling information. For POS tagging, this
research proposed a Conditional Random Field with Lexicon weighting,
which is utilized to identify similar entities. These lexicons (e.g., positive
and negative) are used as features to increase the models' accuracy.

A CRF is a sequence-modelling technique that recognizes entities or
patterns in text, including POS tags (Table 6). This technique not only
shows that attributes are connected, but it also takes into account potential
implications while learning a pattern. The CRF equation is as follows: Y is
the hidden state (such as a chunk of speech), and X is the observed variable
(in our case, the entity or other words within it). A CRF stands for
Discriminative  Probabilistic ~ Classifier. The difference between
discriminative and generative mathematical structures is that discriminative
models try to reflect conditional probability distributions. However,
generative models do not, i.e., P(y[x), and generative models try to model a
joint probability distribution, i.e., P(X,y). As demonstrated in Equation (6),
the CRF framework may offer a conditional probability of a potential output
sequence for an input sequence supplied by x.

K
1 T
POl = o] | e {Z FT, (yt,yt_l,xa}. ©)
— =t k=1

Normalization Weight Feature,

where (Y, Vi_1,X;) is utilized to represent a feature function, (F,Ty) is
employed to signify the lexicon weight vector, then to close Z (x) is used to
represent the normalization factor. T;, — Fj, is such that every term in T is
mapped to a term in F with or without stemming. Following that, n-grams
with the odds of particular words occurring in specific sequences might
enhance auto-completion system forecasts.

50 Undopmarnka u asromarusauus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (nieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru


https://www.sciencedirect.com/topics/engineering/weight-vector

ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

Table 6. Example of POS Tagged Sentence

Telugu Sentence | English Translation | POS Tagged

_achel Audit NN

a8 geren Management NN

eachend Auditer NN

2l A QFNUM

Bl New 1

Dot Undertaking VEEB

ot Before PREF

EATEIN Correct 11

Died Method NN

& In PREP

T Work i}

PP Plan NN

drsrofotrd) | Should be made VEM
SYM

Then, these tagged sentences are fed into the proposed Contrived
Passive Aggressive with Fuzzy Weighting Classifier (CPSC-FWC)

(Figure 2).

NN NN NN v

AdjP
B ikis R

Yilirks rém
’ AQ"I ’ Prep Adj

P : K r or
Fig. 2. Tree for POS tagged sentence
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Contrived Passive Aggressive with Fuzzy Weighting Classifier
(CPSC-FW(). For sentiment classification, the existing research utilized
regularization parameters. However, it leads to dimensionality reduction in the
dataset, and it leads to error. Moreover, the loss functions are very sensitive to
outliers, so there is a need to change the regularization and loss functions.
Therefore, this research proposed a Contrived Passive Aggressive with Fuzzy
Weighting Classifier (CPSC-FWC) to overcome the limitations. In this
proposed model, the membership function is evaluated based on the passive-
aggressive classifier, and then, for each sample, the weights of vectors are
evaluated based on the fuzzy weighting classifier. The weight vector (W;) can
be changed as the membership is introduced using this simple, efficient method.

Wipr = Wi + 1eTeyexe, (7

where p, is the membership degree corresponding to the t-th sample, 7, is
the Lagrange multiplier, C is a positive parameter that governs how
aggressive the update is, x; and y; is the input and target data to the t-th
sample. This approach might be adapted to other online learning techniques
because the membership computation remains independent of the
framework update. Furthermore, such a generalized system may be used
with kernelized weighing systems. The generalized Fuzzy PA technique is
summarized below:

Algorithm 2. Contrived Passive Aggressive with Fuzzy Weighting Classifier
(CPSC-FWC)

Input: Data stream (x4, y1), (X2, ¥2),- .., (Xn, Yn), Parameter C > 0
Output: The vector of weights Wy
Initialization: W; = (0, ....,0)
Fort=1;N-1
Calculate the membership p, of the sample x;
Update the vector of weights, W1 = Wy + 1oy xe
End

At last, in our proposed CPSC-FWC, the Bi-direction Long Short
Term Memory (Bi-LSTM) model is used to tune the hyperparameter. This
table lists the layer names and the hyperparameter settings for every layer.
The hypertune BiLSTM model comprises six layers in total.

In this framework, there are additional settings for the
hyperparameters. Compared to the unidirectional LSTM structure, the
proposed framework model is a superior option for managing huge time
series sequences and preventing information loss. The hyperparameter
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influences network convergence and accuracy significantly. Bi-LSTM was
used to choose network hyperparameters. The variety of epochs and the
learning rate are standard Bi-LSTM training hyperparameters. The network
speed is modified according to weight updates (CPSC-FWC) and the
learning rate (Figure 3). The learning strategy that retrains the network
multiple times using the complete dataset represents the entire epochs. As a
result, the network can produce more precise outcomes.

POS Tagged
Dataset

Convolution Layer
Convolution Layer
Flatten Layer

Fig. 3. Architecture for Bi-LSTM

Consequently, the proposed CPSC-FWC framework categorizes
emotion as positive, negative, or neutral (Figure 4). The following section
discusses the proposed model performance.

Start
// Data training in machine

ACTSA Telugu Annotated Dataset|
// Removing white spaces, punctuation,

stop words -
Pre-processing

// Data Balancing
| ADASYN Approach

/I POS Tagging
CRF w1th LW

/I Classify the sentiments
| CPSC-FWC
| // Hyper Tuning

[]
Positive Wordsl | Negative Words | |Neutral Words

l Accuracy Validation

Fig. 4. Overall flowchart of the proposed approach
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4. Result and Discussion. This part examines the outcomes of an
experiment on the ACTSA dataset using the proposed CPSC-FWC
classifier.

Tool :PYTHON 3

0S : Windows 7 (64-bit)
Processor : Intel Premium
RAM : 8GB RAM

Performance Metrics and Comparison Analysis. After developing
all of the techniques mentioned above, we must evaluate the effectiveness
of these frameworks.

Performance Measures. The various performance metrics of the
novel Machine Learning based sentiment analysis framework for Telugu
text are described in this section.

Various metrics, including accuracy, F1 Score, and precision, are
utilized to assess the efficacy of our proposed strategy. The proposed
method's performance evaluation measures are shown in Figure 5. The
results were 78% accuracy, 75% precision, and 79.9% F1 score. By
implementing a unique Contrived Passive Aggressive with Fuzzy
Weighting Classifier (CPSC-FWC), Accuracy, F1 score, and precision are
all improved by our proposed approach.

Performance metrix

0.8

0.7 4

0.6

Epech
o
£

i3

0.1

0.0
Accuracy Precision Fl-Score

Performance Measures
Fig. 5. Performance metrics of the proposed approach

Error Metrics of the proposed approach. The mean squared error
(MSE) is used to calculate the degree of error in statistical frameworks. It is
determined as the average squared variance between actual and anticipated
values.
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nz
1 —
MSE = _Z(yzi - yzt)zt (8)
Ny 4
i=1
1
MAE = —, 9)

z

where, n, is the number of data points, y,; are the observed values, ¥,, is
the forecasted value.

Figure 6 illustrates the MSE and MAE for the proposed Contrived
Passive Aggressive with Fuzzy Weighting Classifier (CPSC-FWC) model.
The obtained MSE and MAE values are 0.26 and 0.17, respectively, using
our proposed approach.

Performance metrix

[sBedi]

a1s

Epoch

010

0.05

0.00

Performance Measures
Fig. 6. Error measures of the proposed approach

Comparison of Accuracy. The entire performance validation of a
system's learning approach is completed by assessing the precision of
classification according to true positive (TP), true negative (TN), false
positive (FP), and false negative (FN) results. Table 7 shows the evaluation
validation of accuracy for sentiment type.

2 _ TN +TP (10)
CCUraY = IN+TP + FN + FP'
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Table 7. Comparison of Accuracy

Techniques Accuracy (%)
K means Clustering 51
Cuckoo Search Algorithm 58
Rule-based approach 70
K-Nearest Neighbour 49
Ada Boost Classifier 73
Proposed Approach 78

The overall accuracy comparison is shown in Figure 7. The accuracy
of the proposed technique improves by using Contrived Passive Aggressive
with Fuzzy Weighting Classifier (CPSC-FWC). When compared to the
baseline, the method we propose achieves greater accuracy as K means
Clustering, Cuckoo Search Algorithm, Rule-based approach, K-Nearest
Neighbour, and Ada Boost Classifier such as 51%, 58%, 70%, 49%
and 73%. As a result, our novel technique has an accuracy of 78%, which is
higher than baseline approaches.

Accuracy Comparision

0.75

0.70

ACCUracy
o
=
=

o
@
=]

0.55

0.50

k_mean Cuckeo  Rule_based KNN Ada_boost  Proposed
Models

Fig. 7. Comparison of Accuracy

Comparison on Precision. The accuracy of the information
processed is calculated by dividing the entire amount of sentiment sentences
by the amount of precise particular sentiment predictions. Table 8 shows the
precision validation evaluation for sentiment type.
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TP

Precision = TP+ FP (11)

Table 8. Comparison of Precision
Techniques Precision (%)

K means Clustering 51
Cuckoo Search Algorithm 55
Rule-based approach 70
Ada Boost Classifier 71
Proposed Approach 75

The overall precision comparison is shown in Figure 8. The
precision of the proposed technique improves by using Contrived Passive
Aggressive with Fuzzy Weighting Classifier (CPSC-FWC). The proposed
approach attains higher precision when compared to the baseline as K
means Clustering, Cuckoo Search Algorithm, Rule-based approach, and
Ada Boost Classifier, which have the precision of 51%, 55%, 70%, and
71%, respectively. As a result, this novel technique has a 75 % precision
higher than baseline approaches.

precision Comparision

0.75

0.70

precision
=
o
Ln

=
o
=1

0.55 4

0.50 +— T T T T
k_maan Cuckoo Rule_based Ada_boost Proposed
Models

Fig. 8. Comparison of Precision

Comparison on F1_score. The fl_score has been verified to evaluate
the mean average for accuracy and recall, allowing the fl score to be
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compared. The fl score average is produced via the average of accuracy
and precision. F1_score is used to test categorization accuracy. Excellent
accuracy and precision result in a higher f1_score rate (Table 9).

F1 ) Precision X Recall (12)
=2X .
score Precision + Recall

Table 9. Comparison of F1_score

Techniques F1_score (%)
K means Clustering 67.4
Cuckoo Search Algorithm 69.9
Rule-based approach 79
Ada Boost Classifier 78.6
Proposed Approach 79.9

The overall fl1 _score comparison is shown in Figure 9.

f1_score Comparision

80

78
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fl_score

721

0 A

58 1

k_mlea n cuckoo Fu:le_f:ased pda_tlmosl: Pra p;:s.p.d
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Fig. 9. Comparison of F1_score

The fl1_score of the proposed technique improves by using Contrived
Passive Aggressive with Fuzzy Weighting Classifier (CPSC-FWC). The
proposed approach attains a higher f1 score when compared to the baseline as
K means Clustering, Cuckoo Search Algorithm, Rule-based approach, and
Ada Boost Classifier such as 67.4%, 69.9%, 79%, and 78.6%. As a result, the
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novel technique has a precision of 79.9%, which is higher than the baseline
approaches.

5. Conclusion. In this research, we developed a unique ML-based
sentiment analysis framework for Telugu text. First, in the pre-processing
stage, Linear Pursuit Algorithm (LPA) is proposed, which aids in removing
the white spaces, punctuation, and stop words in the ACTSA Telugu
dataset. Following that, we balanced the dataset by consuming our proposed
Adaptive Synthetic Sampling (ADASYN) method, decreasing the bias
presented by the class imbalance. Then, for POS tagging, this research
proposed a Conditional Random Field with Lexicon weighting to improve
the accuracy of the proposed Contrived Passive Aggressive with Fuzzy
Weighting Classifier (CPSC-FWC) models. As a result, our proposed
approach provides an accuracy of 78%, a precision of 75% and an fl score
of 79.9% when compared to the existing approach such as K means
Clustering, Cuckoo Search Algorithm, Rule-based approach, and Ada Boost
Classifier. The goal for years to come is to develop those classifiers so that
they may adapt effectively to large-scale datasets. Consequently,
DL models such as multi-layer feed-forward neural networks, CNN, RNN,
and ensemble DL models have become an unavoidable avenue of future
study.
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J. HAiy, M. CELUALLASA
CUCTEMA AHAJIN3A TOHAJIBHOCTHU TEKCTA HA TEJYTY
HA OCHOBE HOBOI'O IACCUBHO-AI'PECCUBHOI'O
KIIACCUDPUKATOPA C HEUETKHUM B3BEILIMBAHUEM

Hanoy /., Cewawasu M. CHcTeMa aHAIH3a TOHAJBHOCTH TEKCTAa HA TeJYry Ha OCHOBe
HOBOT'0 MACCHBHO-ATPeCCHBHOI0 KJIACCH(HKATOPA C HEYeTKNM B3BelIHBAHHEM.

AnHoranus. OOpaboTtka ecrectBeHHOro s3pika (NLP) — 9To pa3sHOBHIHOCTB
MCKYCCTBEHHOTO HHTEIUIEKTa, AEMOHCTPHUPYIOIIAs, KaK aJrOPUTMbI MOTYT B3aHMOJICHCTBOBATH
C JIOOBMM Ha HX YHHKaIbHBIX si3bIkax. Kpome Toro, aHamm3 HactpoeHmit B NLP myumre
[POBOAMTCS BO MHOTHX IIPOrpaMMax, BKJIIO4Yas OLCHKY HACTPOCHMH Ha Temyry. Jlms
OOHapyXeHHsl TEKCTa Ha TENYTy HMCIIONb3YIOTCS HECKOJIBKO HEKOHTPOIHPYEMBIX aJTOPHTMOB
MAaIIMHHOTO 00yYeHHMs, TAKUX KaK KJIACTepu3aIs K-CpeHIX ¢ IIOUCKOM ¢ KyKymKoil. OnHako
9TH METOABI C TPYAOM CIIPABISIIOTCS € KJIACTepH3alneil JaHHBIX C IIEPEMEHHBIMU pa3MepaMu 1
IUIOTHOCTBIO KJIACTEPOB, HHU3KON CKOPOCTBHIO MOHMCKA U IUIOXOW TOYHOCTBIO CXOIMMOCTH. B
XOJIe 9TOr0 MCCiefoBaHus OblTa pa3paboTaHa YHHKalbHAs CHCTEMa aHAIM3a HACTPOCHMII Ha
OCHOBE MAIIMHHOrO OOY4eHHs IS TEKCTa Ha TEIyry, MO3BOJSIONAs YCTPAHUTh yKa3aHHbIC
HelocTaTKH. llepBoHAuYadbHO, Ha JTame INPEABAPHTEILHOH 00pabOTKH, IpelIaraeMbIit
anropuT™ JuHelHoro npecienoanus (LPA) ynanser cioBa B mpobenax, 3HaKax MpenuHaHHUS
MU OCTaHOBKax. 3aTeM s MapkupoBku POS B 3TOM HccnenoBaHuM OBUIO TPEIIOKEHO
YCJIOBHOE CIIyJaifHOe IIOJie C JIEKCHYeCKUM B3BemnBaHMeM; [locie srtoro mpemmaraercs
Ha/lyMaHHBI MAaCCHUBHO-arpeCcCUBHbIN KiaccudukaTop ¢ HeuerkuMm B3BemuBanueM (CPSC-
FWC) nns xnaccupukanuu HaCTpOeHU B TekcTe Ha Tenyry. ClienoBaTenbHO, MpeaIaraeMblii
HaM¥ MeTOX JaeT d((EKTUBHBIC PE3YJIbTATHI C TOUKH 3PEHHS TOYHOCTH, BOCIIPOU3BOIMMOCTH
u nokasarens fl.

KiioueBble cj10Ba: MammHHOE 00ydeHHE, 00pabOTKa eCTECTBEHHOTO S3bIKA, MOJISIPHOCTD,
aHAIIM3 HACTPOCHHUIA, TEIYTY.

Jluteparypa

1. Chowdhary K.R., Chowdhary K.R. Natural language processing. Fundamentals of
artificial intelligence. 2020. pp. 603—-649.

2. Eisenstein J. Introduction to natural language processing. MIT Press. 2019. 536 p.

3. Raina V., Krishnamurthy S., Raina V., Krishnamurthy S. Natural language

processing. Building an Effective Data Science Practice: A Framework to Bootstrap
and Manage a Successful Data Science Practice. 2022. pp. 63-73.

4. Nguyen H.V., Tan N., Quan N.H., Huong T.T., Phat N.H. Building a Chatbot System
to Analyze Opinions of English Comments. Informatics and Automation. 2023.
vol. 22. no. 2. pp. 289-315. DOI: 10.15622/ia.22.2.3.

5. Qiu X., Sun T., Xu Y., Shao Y., Dai N., Huang X. Pre-trained models for natural
language processing: A survey. Science China Technological Sciences. 2020. vol. 63.
no. 10. pp. 1872-1897.

6. Song L., Xin C., Lai S., Wang A., Su J., Xu K. CASA: Conversational aspect
sentiment analysis for dialogue understanding. Journal of Artificial Intelligence
Research. 2022. vol. 73. pp. 511-533.

7. Wang Y., Chen Q., Ahmed M.H., Chen Z., Su J., Pan W., Li Z. Supervised Gradual
Machine Learning for Aspect-Term Sentiment Analysis. Transactions of the
Association for Computational Linguistics. 2023. vol. 11. pp. 723-739.

8. Liu B. Sentiment analysis and opinion mining. Springer Nature, 2022. 167 p.

62 Undopmarnka u asromarusauus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (nieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

10.

11.

19.

20.

21.

22.

23.

24.

25.

26.

Talaat A.S. Sentiment analysis classification system using hybrid BERT models.
Journal of Big Data. 2023. vol. 10. no. 1. pp. 1-18.

Hoang M., Bihorac O.A., Rouces J. Aspect-based sentiment analysis using Bert.
Proceedings of the 22nd nordic conference on computational linguistics. 2019. 187—
196.

Bataa E., Wu J. An investigation of transfer learning-based sentiment analysis in
Japanese. arXiv preprint arXiv:1905.09642. 2019.

Lv H., Liu J.,, Wang H., Wang Y., Luo J., Liu Y. Efficient hybrid generation
framework for aspect-based sentiment analysis. Proceedings of the 17th Conference of
the European Chapter of the Association for Computational Linguistics. 2023.
pp. 1007-1018.

Chen C., Teng Z., Wang Z., Zhang Y. Discrete opinion tree induction for aspect-based
sentiment analysis. Proceedings of the 60th Annual Meeting of the Association for
Computational Linguistics. 2022. vol. 1. pp. 2051-2064.

Esuli A., Sebastiani F. Determining the semantic orientation of terms through gloss
classification. Proceedings of the 14th ACM international conference on information
and knowledge management. 2005. pp. 617-624.

Cambria E., Havasi C., Hussain A. SenticNet 2: A semantic and affective resource for
opinion mining and sentiment analysis. Proceedings of the Twenty-Fifth International
Florida Artificial Intelligence Research Society Conference. 2012. pp. 202-207.
Xiaomei Z., Jing Y., Jianpei Z., Hongyu H. Microblog sentiment analysis with weak
dependency connections. Knowledge-Based Systems. 2018. vol. 142. pp. 170-180.
Appel O., Chiclana F., Carter J., Fujita H. Successes and challenges in developing a
hybrid approach to sentiment analysis. Applied Intelligence. 2018. vol. 48. pp. 1176—
1188.

Yin C., Chen S., Yin Z. Clustering-based Active Learning Classification towards Data
Stream. ACM Transactions on Intelligent Systems and Technology. 2023. vol. 14.
no. 2. pp. 1-18.

Naseri S., Dalton J., Yates A., Allan J. CEQE to SQET: A study of contextualized
embeddings for query expansion. Information Retrieval Journal. 2022. vol. 25. no. 2.
pp. 184-208.

Sobkowicz P., Kaschesky M., Bouchard G. Opinion mining in social media:
Modeling, simulating, and forecasting political opinions in the web. Government
information quarterly. 2012. vol. 29. no. 4. pp. 470-479.

Hu Y.H., Chen Y.L., Chou H.L. Opinion mining from online hotel reviews—a text
summarization approach. Information Processing and Management. 2017. vol. 53.
no. 2. pp. 436-449.

Yousfi S., Rhanoui M., Mikram M. Comparative study of CNN and LSTM for
opinion mining in long text. Journal of Automation, Mobile Robotics and Intelligent
Systems. 2020. pp. 50-55.

Ethnologue Languages of  the World [online]. Available at:
https://www.ethnologue.com/statistics/size (accessed 01.09.2023).

Sultana J., Rani M.U., Farquad M.A.H. Knowledge discovery from recommender
systems using deep learning. International Conference on Smart Systems and
Inventive Technology (ICSSIT). 2019. pp. 1074-1078.

Sultana J., Jilani A.K. Predicting breast cancer using logistic regression and multi-
class classifiers. International Journal of Engineering and Technology. 2018. vol. 7.
no. 4(20). pp. 22-26.

Sultana J., Nagalaxmi G. How Efficient is Apriori: A Comparative Analysis.
International Journal of Current Engineering and Scientific Research. 2015. pp. 2393—
8374.

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 63
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBIN MHTEJIJIEKT, UHXEHEPUS JIAHHBIX M 3HAHUI

217.

28.

29.

30.

31.

32.

33.

Naidu R., Bharti S.K., Babu K.S., Mohapatra R.K. Sentiment analysis using telugu
sentiwordnet. International Conference on Wireless Communications, Signal
Processing and Networking (WiSPNET). 2017. pp. 666—670.

Garapati A., Bora N., Balla H., Sai M. SentiPhraseNet: An extended SentiWordNet
approach for Telugu sentiment analysis. International Journal of Advance Research,
Ideas and Innovations in Technology. 2019. vol. 5. no. 2. pp. 433-436.

Koppula N., Rani B.P., Srinivas Rao K. Graph-based word sense disambiguation in
Telugu language. International Journal of Knowledge-based and Intelligent
Engineering Systems. 2019. vol. 23. no. 1. pp. 55-60.

Sultana J. Telugu News Data Classification Using Machine Learning Approach.
Handbook of Research on Advances in Data Analytics and Complex Communication
Networks. 2022. pp. 181-194.

Janardana Naidu G., Seshashayee M. Sentiment analysis for Telugu text using cuckoo
search algorithm. Smart Computing Techniques and Applications: Proceedings of the
Fourth International Conference on Smart Computing and Informatics. 2021. vol. 2.
pp. 253-257.

Suryachandra P., Venkata P., Reddy S. Machine Learning Approach to Classify the
Sentiment Value of Natural Language Processing in Telugu Data. Journal of
Engineering and Applied Sciences. 2020. vol. 15. pp. 3593-3598.

Tammina S. A hybrid learning approach for sentiment classification in Telugu
language. International Conference on Artificial Intelligence and Signal Processing
(AISP). 2020. pp. 1-6.

Haiiny [k [:kanapgaHa — ydeHbIH-HCcIeoBaTenb, (haKyJbTeT KOMIBIOTEPHBIX HayK,
WHCTHTYT TeXHOIOTHI 1 MeHeLKMeHTa ["anau. O6macTh Hay4HBIX HHTEPECOB: HH(POPMATHKA.
jana.766@gmail.com; I"annu Harap, Pymmkonna, 530045, Bumakxanataam, Dunpa [Ipanen,
Numus; p.r.: +91(0891)284-0501.

Cemamassu M — Ph.D., Dr.Sci., moneHrt, ¢akyiabTeT KOMIIBIOTEPHBIX Hayk, MHCTHTYT
TEeXHOJOTHH M MeHepkMeHTa [apmu. OOnacTs HaydHBIX MHTEPECOB: HH(pOpPMaTHKA.
mseshashayee@gmail.com; I'anmu Harap, Pymukonma, 530045, BumrakxamatHam, DHzapa
Tpanewr, Muaus; p.1.: +91(0891)284-0501.

64

Undopmaruka n aBromarusarms. 2024. Tom 23 Ne 1. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

YK 004.852 DOI 10.15622/ia.23.1.3

C.A. JIABBIJIEHKO, E.1O. KOCTIOYEHKO, C.H. HOBUKOB
OIIEHUBAHUE UH®OPMATHUBHOCTHU IIPU3HAKOB B
HABOPAX JAHHBIX JIJISI TPOBEJEHUS IPOAJTEHHOM
AYTEHTU®UKALIUN

Jasvioenko C.A., Kocmiouenko E.FO. Hosuxos C.H. OuenuBanue HWH(PpOPMATUBHOCTH
NIPU3HAKOB B Ha00PaX JaHHBIX /LISl IPOBEIeHHs NPOLIEHHOM ayTeHTU(UKALUH.

Annoramms. IlpomniéHnas ayTeHTH(MKAIMs TMO3BOJACT M30AaBUTBCS OT HENOCTATKOB,
HNPHUCYIIUX CTaTHYECKOH ayTeHTH(MKALNHM, HAnpuMep, HACHTU(HKATOPHI MOTYT OBITh
MOTEPSIHBI MU 3a0BITHI, IOIB30BATENb COBEPIIACT TOIBKO IEPBOHAYAIBHBIN BXOA B CHCTEMY,
YTO MOXET OBITh ONACHO HE TOJBKO I oOnacTed, TpeOyromux oOecredeHus BBICOKOTO
ypOBHs 6€301aCHOCTH, HO | JUIst 00bIYHOTO orca. JlMHaMUYecKas IPOBEPKA IOJIb30BATENS BO
BpeMsI BCETO ceaHca PabOTHI MOXKET HOBBICUTH 0€30IIaCHOCTh CHCTEMBI, IOCKOIBKY BO BPEMsI
paboThI T0B30BATEIb MOXKET MOJBEPIHYTHCS BO3JECHCTBUIO CO CTOPOHBI 3/I0YMBIIUICHHHKA
(HampuMep, OBITh aTAKOBAHHBIM) MIIM HAMEPEHHO MepeiaTh eMy npaBa. B Takom ciydae
OIepHPOBaTh MAIINHOHN OyZeT He MONIB30BaTeb, KOTOPHIH BHIIOIHIII IePBOHAYAIBHBIH BXO.
Knaccnduranus momp3oBartesneid BO BpeMst pabOThl CHCTEMBI TI03BOJIUT OrPaHMYUTh JOCTYII K
BaXHBIM JIAHHBIM, KOTOpPBIE MOTYT OBITh IIONYYEHBI 3JIOYMBINUICHHHKOM. Bo Bpems
HCCIIeI0BaHHS OBLIH U3y4CHBI METOIBI M HAOOPHI IaHHBIX, HCIIOIb3YIOIIUXCS UL IPOAIEHHOH
ayTeHTU(UKanUK. 3aTeM ObUI c/ieTaH BBIOOP HAOOPOB JAHHBIX, KOTOPHIC HCIOJIb30BAINChH B
JlaNbHEHIIEM MCCIEIOBaHUU: JIAHHBIE O JIBIKEHHMH cMapThoHa u cMapr-dyacoB (WISDM) n
nuHamuke aktuBHOcTH MbiK (Chao Shen’s, DFL, Balabit). [ToMoub yny4muTh pe3yibTaThl
paboTel Mozeneil NpM KIaCCH(UKALMH MOXET IPEABAPUTENbHBI OTOOP NPHU3HAKOB,
HanpuMep, 4epe3 OlleHUBaHNE UX HH)OPMATHBHOCTH. YMEHBIICHHE Pa3MEPHOCTH MPH3HAKOB
MO3BOJISIET CHHU3UTH TPEOOBAHHSA K YCTPOHCTBAaM, KOTOpbIe OyAyT HCIOIBb30BATHCS NMPU HX
00paboTKe, TOBBICHTE 00BEM Iepedopa 3HAUEHWI IapaMeTpoB KIACCH(UKATOPOB TP
OJIMHAKOBBIX BPEMEHHBIX 3aTPaTaX, TEM CaMBIM MOTEHIIMAIBHO MOBBICUTH JIOJIFO MTPABUIIBHBIX
OTBETOB IpU Kiaccupukanuu 3a c4€T Oosiee MONHOro nepedopa napamMeTpoB 3HadeHul. [l
OIICHNBAHMSI MH(OPMATHBHOCTH WCIIONb30BaNMCh MeTon IlleHHOHa, a TakXkKe aJTOPHTMBI,
BCTPOGHHBIE B IIPOTPaMMBI [T aHAIN3a JIAHHBIX ¥ MammHHOr0 o0ydyenus (WEKA: Machine
Learning Software u RapidMiner). B xome wuccrmenoBanusi OBUTH BBIIOTHEHBI PACYETHI
MH(POPMATHBHOCTH KaXJIOTO TPH3HAKAa B BBIOPAHHBIX JUIS MCCIIEIOBaHHMSA HAaOOpax JaHHBIX,
3aTeM ¢ nomompio RapidMiner ObUIM THPOBEIEHBI DKCIEPUMEHTHI 110 KJIACCH(HKAIUK
monp30BaTeneil ¢ IOCIeqOBaTeNbHbIM YMEHBIICHHEM KOJIUYECTBA MCIONb3yeMBIX IIPU
KJIaccu(uKanyuy npu3HakoB ¢ maroM B 20%. B pesymbrare Obu1a chopmupoBaHa Tabiamma c
pEKOMeHTyeMbIMI HabOpaMM NPH3HAKOB I KAJKJIOTO Habopa TaHHBIX, a TAKXKE ITOCTPOCHBI
rpadMKu 3aBUCHUMOCTEH TOYHOCTH M BPEMEHM palbOoThl Pa3iIMYHbIX MOZENEH OT KOJIMYecTBa
HCTIOJIB3YEMBIX TIPH KJIACCH(UKAIINY TIPH3HAKOB.

KumoueBrie c10Ba: MHPOPMATUBHOCTh, KiaccU(UKaNus, NPOUIEHHAs ayTeHTUHKAINS,
MaIIMHHOE 00ydYeHne, 0TO0p MPH3HAKOB, NH(OPMAIOHHAs 6E301aCHOCTS.

1. Beenenue. Ayrentudukanys noab3oBaTeneli KpUTHYECKH BaKHA
JUIsl KOMITBIOTEPHBIX CHUCTEM. B HacTosiee BpeMsi HanOoJiee MoIysipHbIe
MOAXOAbl K ayTeHTH(UKAIMU — 3TO METOJbl, OCHOBAaHHbIE HAa 3HAHUM
(maponm) U MeTopl, OCHOBAaHHBIC Ha BIIAQJICHUH (HAIIpUMep, CMapT-KapTo,
TokeHoM). [Ipnm 3TOM naHHBIE CpencTBa MOTYT OBITH JIETKO YKPAaICHBI,
TIOTEPSTHBI WK 3a0BITHI [ 1], TOIB30BaTENN 3a9aCTyIO UCTIOIB3YIOT IIPOCTHIE
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Mapomu, Takue Kak «1234», cBoio (paMHINIO WM K€ HCIOJIB3YIOT OJUH
TapoJTb T OOJIBIIIOTO YHCIIA PA3NIWYHBIX pecypcoB. [ permeHus JaHHBIX
mpobJeM CYIIeCTBYIOT Pa3IMYHbIE MOIXONBI, HampuMep Omomerpus [2].
HecMoTtps Ha 310, BCE €l CylecTBYET OOUH KPUTHMYECKUI HENOCTaTOK:
MIOJIb30BATENh ayTEHTH(PHUINPYETCS TOIBKO MPH IIEPBOHAYATIBHOM BXOJE B
CHCTEMY M HE ayTCHTHU(HUIMPYETCS] MOBTOPHO IO TE€X MOP, ITOKA HE BBIMICT
U3 CHCTEMBl WIM HE NpPOWAET 3HAYUTENBHBIA HMHTEPBAl MEXIY €ro
JEWCTBUAMH Ha paboveil CTaHIMHU. DTO MPEJCTaBIIseT OOIBUIYIO TPOOIEMY
HE TOJIbKO JJIs 00J1acTeld, B KOTOPBIX TpeOyeTcs: BBICOKasi 6€3011acHOCTh, HO
1 B OOBIYHOM Oq)l/lce: BEIb KTO YI'OJJHO MOXKET IMOJYYUTH JOCTYIl K JaHHBIM,
C KOTOpBIMH paboTaeT MoJIb30BaTellb, €CJIM OH HE BBIIIET M3 CUCTEMBI Ha
BpeMsi TiepephiBa. YK€ YCTaHOBJIEHO, uTo 29% aTak Ha OpraHu3aluu
MPOUCXOJAT Mo BUHE uHcaiiaepoB [3]. Ilpu 3TOM ceTu, HCHOB3YIOLIUE
KOHIICTIIIMIO HMHTEpHeTa Belmedl i oOMeHa WH(oOpMamumen MexIy
yCTpoWicTBaMH (HAIpUMeEp, B KYMHOM JIOME»), TOXKE TPEOYIOT 3aIllUTHl OT
atak [4, 5, 6]. UToOBl YMEHBITUTH BEPOSATHOCTH TOTO, UTO 3IOYMBIIUICHHIK
CMOJKET COBEPIIUTHh KaKHe-THOO JEHCTBHUSI C YCTPOWCTBA IIOJIE30BATEII,
HCTONB3YIOT MPOMIEHHYIO ayTeHTH(UKanuio. [log STUM TepMHHOM
II0JIpa3yMeBaeTCs, YTO JIMYHOCTh YeJOBeKa, paboTaroIIero Ha YCTPONUCTRBE,
TIOCTOAHHO TIIPOBEPACTCA. B HacCToAIIEEC BPEMs CIOCOOBI IMPOBEACHUA
MpOANEHHON ayTeHTH(HUKAIMK MOXKHO pa3feiIuTh Ha JBa BHAA:
UCIIONIB3YIOIIME TOBEJICHUSCKHE XapaKTEPUCTUKU U UCIOJB3YIOIIUE
(usnUecKue XapaKTepUCTHKH [7].

UccrenoBanusi, HampaBJICHHBIC Ha W3YYCHHE JaHHOW 00JacTw,
CTaBAT nepes co00i CIIeAYIOIHE TCITH:

— OWCK JaHHBIX, TMPH WCIOJNB30BAaHHH KOTOPBHIX OyjaeT
JOCTUTHYTa  BBICOKast ~ TOYHOCTb ONpeJielIeHUsl  JISTHTUMHOCTH
TI0JIb30BaTEIs;

—  YOpOILIeHWE  IIpolecca  IPOXOXKICHUS  ayTeHTU(QHUKALMH
MTOJIF30BATEJIEM, C COXPAHEHHEM TOYHOCTH OTIPEICIICHUSL.

OCHOBHOM LIENBIO TaHHON PabOTHI SBISAETCA COKpPAIICHHUE BPEMEHH
paboTBl MoJeNeld TpH pPEIIeHUH 3aJadd MPOJJIEHHONW ayTeHTHU(PUKAUN
myTéM TIOMCKa Hambojee WH(POPMATUBHBIX TPU3HAKOB B HECKOJIBKHX
Habopax MaHHBIX M M3y4YCHHWE 3aBHCHUMOCTEH IOJH IMpPaBUIBHBIX OTBETOB
pu  KJIACCH()HUKAMU TIOJB30BaTeNiell M BpeMeHH pabOTBl pPa3IHIHBIX
Mojiesied OT BBIOPAHHOTO QJITOPUTMA M KOJMYECTBA HCIIOJIB3yEMBIX
HauOonee MHQPOPMATHBHBIX MNpU3HAKOB. OOBEKT HCCIENOBaHUSI —
mpoueaypa HpoBeAeHHs NpoiinéHHOW — ayreHTUdukanuu. Ilpeamer
UCCIIEIOBAaHHUSI — W3y4YCHUE 3aBUCHMOCTH BPEMEHH W TOYHOCTH DPabOTHI
Pa3MYHBIX MOJENeH JUIsl KJIacCU(HKAIMK I0Jb30BaTEIsl OT KOJIMYECTBA
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HCTIONB3YeMBIX HMH(OPMATHBHBIX NPHU3HAKOB IS 3a/Ja4M IMPOIIEHHOM
ayTeHTU(UKAITAH.

OcCHOBHBIE 3a7jadyl, IIOCTABJICHHBIE B JaHHOM HCCIIEIOBaHHH,
BKITIOYAIOT B ceOs:

—  W3YYCHHE CYIIECTBYIOIIMX METOIOB M HAOOpOB JAaHHBIX IS
BBITIOJTHEHUS TTPOATIEHHOH ayTeHTH(PHUKALINY;

—  H3y4YeHHe CYLIECTBYIOIINX METOJIOB OLICHUBaHUS
nH(pOpPMATUBHOCTHU MPHU3HAKA,;

—  OUcHMBaHME WH(OPMATUBHOCTU IIPU3HAKOB B BBHIOPAHHBIX
Ha0Opax JaHHBIX;

—  U3yYeHHe BIIMSTHUS KOJIMYECTBa UCTIOJNIb3YEMBIX
nH(OpPMATUBHBIX NPHU3HAKOB HAa TOYHOCTH M BpEMsi pabOTBI pa3UuHBIX
MoJeneit KitacCu(pUKany.

IMon mHPOPMATHBHOCTHIO B 00IIEM CIy4ae NOHUMAIOT COBOKYITHOE
KOJIMYECTBO nH(pOpMAIHH, oITy4aeMoe moTpeduTeneM o
MIPOCTPAHCTBEHHBIM, CIEKTPaJbHO-YHEPTeTHICCKUM, BPEMCHHBIM U HHBIM
pU3HaKaM Opu UX BocopusiTHU U aHanuse [8]. COOTBETCTBEHHO NOJ
OlLleHMBaHHEM HMH()OPMATHBHOCTH NMOHMMAETCsl pacdyéT 3TOro 3HA4YCHHs, a
caMo 9TO 3Ha4YCHHUE Ha3bIBACTCSI OLIEHKON NH(POPMATHBHOCTH.

Jnga wu3MepeHHMs TOYHOCTH pPabOTBI CHCTEMBI HCCIEIOBaTENH
ucnons3ytot cnexyromue metpuku: FAR, FRR, EER [9], TPR, FPR [10],
JUTSE KOTOPBIX MOYKHO BBIICIUTH cienayromue curyauuu: FP (false positive)
— camo3sBaHen onpenenéH HeepHo, FN (false negative) — JeruTUMHBIN
MOJIB30BaTeNh oOmpeneiéH HeBepHo, TN (true negative) — camo3BaHeI]
ompenenéH BepHO, TP (true positive) — JIETUTUMHBIH IOJIB30BATEIh
omnpenenéH BepHo. FAR (false acceptance rate) — mokas3pIBacT OTHOIICHUE
FP x oOmeMy 4mciy MOMBITOK HEJICTUTHMHOTO IOJB30BATENSI MOMACTh B
cucremy, FRR (false rejection rate) — mokaspiBaer orHomieHme FN k
00IIeMy YHUCITy TOIBITOK JISTUTUMHOTO ITOJIb30BATENsI MTOMACTh B CUCTEMY.
Ha pucynke 1 mokazan cnoco6 pacuéra metpuku EER (equal error rate) —
Ha OCH a0CHIMCC HAaXOAWTCS TOPOTOBOE 3HAYEHHE BBIXOJHONH METPHKH
kimaccudukaropa, a Ha ocu opauHat — 3HaueHuss FAR u FRR. ITonumats
JIaHHBIA TpaduK HEOOXOIUMO CIEIYIOMMM 00pa3oM: 10 Mepe YBETUUCHUS
noporoBoro 3HaueHuss FAR ymeHbpmaercss (mpu MHUHHMAITLHOM 3HAYECHUH
Iopora CHCTeMa BITyCKAaeT BCEX, B TOM 4YHCJIE BCEX HEIEIHTHMHBIX
[0JIb30BaTENe, MPU MaKCUMajibHOM He BIyckaeT HHKoro), a FRR
yBeNIU4UBaeTCs (IPU MUHHUMAJIbHOM 3HAYCHHU MOPOTa CHCTEMa BITYCKAeT
BCEX JICTUTHMHBIX MOJb30BaTENCH, IPU MAaKCHUMAaJbHOM HE BITyCKAaeT
nukoro). EER nokasbiBaeT B kakoMm 3HaueHuu BenuunHa FAR coBmagaer ¢
FRR. TPR u FPR Boruncnstores no gpopmymnam 1 — 2.
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TP
Ro_ TP (1)
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Y

Error
Threshold

Puc. 1. Equal Error Rate

2. IToaxoas! k BBHINOJHEHUIO NPOAIEHHON ayTeHTHdUKanun. Ha
JAHHBI ~ MOMEHT  MOXHO  BBIIENIUTh  CIEAYIOLIME  MOJIXOABL:
ayTeHTU(UKAMA 110 TMOBEICHYECKHM MNPU3HAKAM U ayTEHTH()UKAIHA 110
(U3MYECKNM XapaKTEpUCTUKAM, KOTOPbHIE, B CBOIO OYEpEnb, ACIATCS Ha
BHEIITHNE NPU3HAKH U IPU3HAKHU JKU3HEACATEILHOCTH.

B cratee [11] aBTOpHI paccMaTpUBAIOT HCIIONB30BaHHUE TaHHBIX CO
CMapT-4acoB MOJIB30BATEINIS Al MPOATIEHHON ayTeHTH(HUKanuu. B mirockr
OHM TPHUBOIAT TO, YTO JAHHBIC BO3HHKAIOT E€CTECTBEHHBIM IYTEM IpHU
B3aMMOJICHICTBUM C YCTPOWCTBAaMM BBOJAA (MBIIIBIO, KJIABUATYpOIl,
CEHCOPHBIM 9JKpaHOM), Uil HMX cOopa He TpeOyercss aKTUBHOTO
BMEIIATENIbCTBA IOJIb30BATENsl, a YCTPOMCTBa, COOMparolie JaHHbIE, I10
YMOIYaHHUIO OCHAIlEHBl HEOOXOAMMBIMM JaTYUKaMU  (THPOCKOIIOM,
aKCeNnepoMeTpOM) M HMEIOT MOAKIIOYEHHE K HHTEPHETy. ABTOPHI
HCTIONB30BaH 0o0mienocTynmHb Habop maHHEIX WISDM, cobpaHHBIN BO
BpEMs HCIIOJIb30BAHUSI CMAapT-4acoB W CMapTQOHOB U PasIMIHBIX
JNEWCTBUH B TeUeHHWE TPEX MHHYT, HO pacCMaTpUBAIN OHH TOJIBKO
aKTHBHOCTh IIpH IeyaTaHWH. Bcero B Habope naHHBIX conepxkurcs 90
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BBICOKOYPOBHEBBIX ~IPU3HAKOB, HO FHCCIECIOBATEIIMHA TakXe OBLIN
MIPOBEACHBl HKCIEPUMEHTH, B KOTOPBIX HCIIOJIB30BANINCE TONBKO 60
MPU3HAKOB. ABTOpPBI HCIONB30BaIM 6 pa3HBIX KJIacCU(UKATOPOB U
momyunnu Avg. TP Rate B 77,3-87,2%, Avg. FP Rate B 0,2-0,5% u Avg.
Precision B 78,2-87,9%, mocne 4ero MpHUIUIN K CIETYIOUIAM BEIBOJAM:
knaccupukatop MLP cnipaBistercs ¢ 3agadeii Tydine BCero, IMesi BRICOKUI
TPR u Huskuit FPR, ymenbiienue npusHakoB 10 60 He CUIBHO BIUSET Ha
TOYHOCTh, IPH DITOM YBEIHYUBAs CKOPOCTb PabOTHI CHCTEMBI, JaHHbBIE
aKceJepoMeTpa MOKa3bIBAIOT 00Jiee BBICOKYK TOYHOCTh, FPR ocraércs
Hwke 1% B OONBIIMHCTBE CIy4aeB, YTO TOBOPUT O BBICOKOI
3aLUIIEHHOCTH.

B cratbe [12] aBTOpBI TOXE MCHONB3YIOT HAOOp maHHBIX WISDM,
HO B 3TOT pa3 UCCIEAOBAHUE MPOBOIIIIOCH ISl BCEX TUIOB ACATEIFHOCTH,
a He TONBKO TmeyaraHus. lVccrmemoBaTtenw — MOATBEPIVIIN,  9TO
MTOBEICHUCCKUE XapaKTEPHUCTHUKH, MOTy4aeMbIe c TTOMOIIBIO
akcelepoMeTpa B TeleoHEe WIM cMapT-dacax, XOPOIIO CIIPABISIOTCS C
3amadell oOecrmeyeHHs TPOUIEHHON ayTeHTH(HKANWM, Takas CHCTeMa
MOIXOAWT i MHOrodakrtopHoi  ayreHTHukamuu. [lpm  3TOM
UCIIONIb30BaHbl TPU PAa3HBIX KOMOHMHAIMM BXOJHBIX JIaHHBIX: TOJILKO
nIaHHbIe ¢ akcenepomerpa tenedona (Ph Acell), nanHbie ¢ akcenepomeTpa
yacoB U akcenepomerpa Teiedona (All Acell) u nanHbsle ¢ TUpockona u
akcenepomerpa kak Tenedona, Tak u uyacoB (All Sensors). Cpenusis
TOYHOCTh WACHTU(GHUKALUK I0JIb30BATENS] TIPH BBIIIOJIHEHUH Pa3IUYHBIX
JEHCTBHH C MOMOMIBIO Pa3HBIX KiaccH(uKaTopoB cocraBuiaa oT 59,3%
(SVM mo pmannemmM All Sensors) mo 95,7% (Random Forest mo maHHBIM
Ph Accel). PacmmpuB kommdecTBO OCUCTBUM s KiacCH(DUKAIUU
MOJb30BaTeNsl W WUCIOJB3Ys TOJBKO JaHHbIE aKcellepoMeTpa Ul
ayTeHTU(UKAIMH, UCCIIE0BATEIN HE TOJIBKO CMOTIIH JOOUTHCS TOYHOCTEH
BHIIIIE, YeM B Mpeaplaymied paboTe, HO M PaCIIMPUTH BO3MOXKHOCTH
BBITIONTHEHUS TpoAni€HHOM ayTeHTHuKaruu. [Ipu padoTe 3a KOMITBIOTEPOM
YeIIOBEK MOXKET HE TONBKO Ie4araTh, HO W NPHHAMATh MHHILY, aKTHBHO
IIEBETNTh PYKaMH, WIH MPOCTO CHACTH CIIOKOIHO; YBEIHMYCHHE KOTUIECTBA
paccMaTpUBaeMbBIX aKTUBHOCTEH MO3BOJISET MPHOIM3UTH SKCIIEPUMEHTHI 10
MPOANEHHON ayTeHTU(HUKAIINH C TIOMOLIBIO JAaHHBIX CO CMapT-4acoB K
PEaTbHOCTH.

B TO e Bpems IaHHBIE, IOJy4aeMble C TOMOIIBI0 MOOWIIBHBIX
YCTPOWCTB, MPEAIaraloTcsi K UCHOIB30BAHUIO HE TOJIBKO JUIS MPOJUIEHHOM
ayTeHTU(UKAMK [TpU paboTe 3a KOMIBIOTEPOM, HO U TP paboTe ¢ caMuM
cmaptdonom [13], mockoybKy B HEM TakXKe MOTYT COIEPKAThCS OYEHb
Ba)KHBIC JIaHHBIC, KOTOpBIE TPEOYIOT 3alMTHl (HaNIpUMep, OaHKOBCKHUE
NpWIOKeHUs)). B KkadecTBe WCIOIB3YeMbIX JAHHBIX JUIS BepUpUKALUH
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MTOJIB30BATENSI HCCIEAOBATENN YK€ PACCMOTPENN OCOOCHHOCTH MOXOIKH
nosib3oBarens [14, 15], xmaBmarypubeiii mouepk [14, 16, 17], nanabie ¢
akcenepometpa [17 —25], rupockoma [17 —25], mamnmeie GPS [17, 21],
Marautometrpa [17 — 20, 25], nanHsle C ceHCOpHOTO dKpaHa [19, 24, 26],
JTAaHHBIE 00 MCTIOIF30BaHHUH MPIJIOKEeHNH [21, 27, 28], naHHBIE 0 HAXKATHAAX
Ha 9KpaH (Cmjia JaBJCHHSA, MECTO HaXKaTHs, UIMHA HaxaTui) [21,29] u
matyukyd  BpamieHus [17]. Boipmoioe KoMM4YecTBO HMCCIENOBaHHUN 110
MPUMEHEHHUIO aKCeJIepOMETPa U THPOCKONA Pa3JINuHbIX YCTPOHCTB TOBOPUT
0 JIOCTaTOYHO YacTOM NPUMEHEHHMH TaKWX HAOOpOB JaHHBIX, a TAKXKe O
TOM, YTO WX IOJIydeHHE HE SIBJISICTCS HETPUBHMAIBLHOW 3a/aueil U MOXKET
OBITH HCHOJI30BAHO HE TOJBKO Ha CHENU(PUYECKUX HPEANPUITHIX C
BBICOKUMH TPEOOBAHUSAMHU K O€30IaCHOCTH, HO OBITh JOCTYIHBIM JUIS
OOBIYHBIX MOITH30BATEIICH.

OmnHa W3 TOBEICHYECKHX XapaKTEPHCTHUK YeJIOBEKa INPH padoTe C
KOMIBIOTEPOM — 3TO JAWHAMHKA HaXXaTws KiIaBuml. EE mumocamu siBIseTCS
TO, 9Tro I e W3MEepeHUs HeT HEOOXOOUMOCTH B WCHOJIB30BaHUHI
JOTIOTHUTEBHOTO ~ 00OpYyNOBaHWS, a  IONB30BATEIH  HCIIOJB3YIOT
KIIABUATYpYy KakK IUIS pabOoTHI, TaK M BO BpeMs OTABIXa, IIO3TOMY y HUX HE
BO3HUKAET JIOTIOJTHUTEILHOTO pasipaxeHus [30]. ITonxonel,
UCIIONb3YIOIINE JIMHAMHUKY Ha)KaTHSl KIIABHIL, HCIIOJIB3YIOTCS B CTaThsX
[31 —38]. B uwactHOocTH, B cTaThe [39] mcchenoBaTenn YTBEPKAAIOT, UTO
NpU HaKaTHW KIABHIIM TEHEPHpYeTCs TpHu coObiTHs: key up (kimaBuiia
ornymieHa), key down (knaBuma Haxata), key press (dakTuueckuii
CHUMBOJI BHOCHUTCS B TEKCT); TAK)KE OHU ACIAT MPU3HAKK HA OOIIHE: YacTOTa
MOSIBIICHHUST OIMIMOOK TIpu Habope TekcTa (WCmoib3oBaHUS backspace,
delete), ucronp3oBanus KnaBui ynpasieHus (ctrl, alt), u o0uryro ckopocTb
neyaTtaHus; ¥ BpeMeHHbIe: Interval (Bpemst Mexay HakaTHEM KIIaBHII),
Dwell time (TpofOKNUTEIBHOCTh HAXKAaTHS), a TaKXKe METPUKH Uil JBYX
MIOCJIEIOBATENILHBIX HaXaTHH KiaBuul: Latency (BpeMsi MeXay HakaTHEM
MEepPBOM KIABUIIM M MOMEHTOM KOTJa oTmymieHa Btopas), Flight time
(BpeMst MEeXIy Ha)KaTHEM TIEPBOW KIIABUIIM M HaxxaTweM BTopoi) u Up to
Up (Bpems MeXIy MOMEHTOM, KOT/a OTITyII[eHa TiepBasi KIaBHIIa W KOTJa
oTITymIeHa BTOpas). B ocHoBe pabOTHI ¢ AWMHAMHUKOW HaXaTHS KIIABHII
nexuT pabora ¢ N-rpamMmaMu, B JaHHOM HCCIIEZOBAHUH «CXOXKHE»
N-rpammsl 00BETUHIINCH B KIIACTEPHI, IIOUCK ONTUMAIBFHOTO KOJIHIECTBA
kiactepoB (k) cTosu1 Kak ojHAa M3 OCHOBHBIX 3ajady Iepej aBTopami. [lpu
KiaccuuKaMy BXOJHBIX JAaHHBIX X T€HEPUPYETCsl BEKTOP BEPOSTHOCTEH
NpUHAJIeKHOCTeH K kiaccam. OObpHO X ompenensieTcss  Kak
NpUHAUIeKAIIUA K  KJaccy ¢  HauOoNbIIel  BEpPOSTHOCTBIO, HO
UCCeNOBaTeIN MPUHAIM pelleHHe 00 WCIOJIb30BaHHU MOPOTOBOTO
3HaueHus (Pt), manoe 3nauenue Pt ysennunBaer FAR u ymensmaer FRR,
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BBICOKOE€ — OKa3bIBaeT oOpaTHbIi 3¢ dekT. Mcnoap30BaHHBIA HAOOP TaHHBIX
ObUT B3AT W3 WCCIIECNOBaHMs, TpoBoauBiierocs panee [40], mpu 3TOM
aBTOpaMH OBUIO TPUHATO pEIIeHHE O BBIHECEHWH BEPAUKTa HE IOCTe
IIOJIHOM ceccuy, a Mocie ONHOM, ABYX M Tpéx uerBepredl ceccuil. FAR
cocraBui oT 0,3% 10 0,61%, a EER ot 0,15% mo 0,3%.

B cratee [41] aBTOp Takxke paccMaTpUBaeT AWHAMHKY Ha)KaTH
knaBuml. OH NPUXOAWT K BBIBOAY, 4YTO TaKUE€ CHCTEMBI MOXKHO
paccmarpuBaTh Kak =~ KeWiorrep, IO3TOMY ISl TOrO, 4YTOOBI HX
HUCIIOJIB30BATh HCOGXOHI/IMO LITO6]>I IMOJIb30BATECJ/Ib MOJIHOCTBIO JOBEPAI
pa3pa60Tq1/u<aM CHUCTEMBI, B€Jb OHU MOT'YT OTCJIC)KHUBATL €TI0 COO6HJ,6HI/IH,
MIapoJId MHBIE BaJKHBIE U CEKpETHbIE JaHHBIE. [Ipyras 4yacTo MCHONb3yeMast
JUIS TPOJUIEHHOW ayTeHTU(UKAIMK MOBEJCHUYCCKAsT XapaKTEePUCTHKA —
AKTUBHOCTb MbIIIM. Takoi Moaxoa paccMaTpuBaeTcs B cTaThix [42 —46].
B wuwactHOCTH, B cTathe [47] aBTOpEI coOpamum wH(poOpMaIMIO 00
WCTIOJB30BaHUH MBIIIH CTYICHTAMH C KOHIIAa HOSIOpS MO Hadano Jexadps
2014 roma. [{ns cObopa DaHHBIX O KypcOpe HCIIONB30BAJICS BCTPOCHHBIA B
OC Windows GetCursorPos() u3 3aromoBodHoro aiinma winuser.h,
OTCJIC)KUBAIOIINN €r0 TMOJOXKEHHE B ONpeAeNEHHBIE MOMEHTHI BPEMEHHU.
IToMuMoO HaHHBIX O Kypcope Takxke coOupasiach MHPOPMAIHs O COCTOSIHUH
KJIaBHUIII MBIIITH (Ha)KaTI)I 501050 HeT), JAaHHBIC 3aIllMChIBAJIUCh KaXJbIC
15,6 mc. Bcero Owmio cobpano 76500 oOpa3noB ngaHHBIX a1 45
M0JIb30BaTEIICH. st COCTaBJICHUSA npodus M0JIb30BaTENSA
HCTIONB30BAJHCh CIEIYIONINe MPU3HAKU: JJIUHA TPABOTO U JICBOTO KIIHKA,
JUIMHA JIBOMHOTO JIEBOTO KIIMKA, CKOPOCTh, YCKOPEHHE U PE3KOCTh
JBIDKCHUS (M3MEHECHHE YCKOPEHHS C TCUCHUEM BpeMeHH). VccrmemnoBaTenu
pa30win mosydeHHbIe JaHHbIC KaXKI0To I0JIb30BaTelst Ha 2 Habopa, OuH
UCTIONB3YEeTCS JUIS TOTO, YTOOBI MOJTYYUTh NPOQIIb TOIB30BATENS, APYTOH
ucronbp3yercs Uit TecTHpoBaHMs. OIEHKAa COOTBETCTBUSL  ITPOQHIIS
TI0JIb30BATEINsI M TECTOBBIX JAHHBIX — 3TO OTHOIICHHE IIPUHSITHIX CHCTEMOM
MIPU3HAKOB K OOIIEeMy YHCIy IOJNy4eHHBIX NpHU3HaKkoB. [lo pe3ynsraTtam
uccnenoBaHus aBTopbl nonyurid 3HaueHuss EER, camoe Huskoe wu3
KOTOpBIX: 6,7%, a cpemnee: 13,19%. Crenyer oTMeTHTh, uTO 1O R values
HCCIIeAOBATENN TOPa3yMEBall MOPOTOBOE 3HAYEHHWE MJIS TOTO, YTOOBI
YMEHBIINTh KOJWYECTBO ITyMa B IONYyYCHHBIX NAHHBIX, HO TIPH 3TOM
COXpaHUTh YHHKAIBHOCTh IIOKa3aTeneidl, a mox M values — pasmax
Jara3oHa B CTAHJIAPTHBIX OTKJIOHEHHUSX, YeM MEHbIle M, TeM ClloXkHee
YCIELTHO NMPOMTH ayTeHTU(HUKALIUIO.

Bonpiioe KoIMYECTBO MCCIIENOBaHMM, MOCBSIIEHHBIX JHHAMHKE
Ha)KaTus Ha KJIABHIIM M JUHAMHKE JIBUOKEHHS MBIIIH, TOBOPUT O BBICOKOI
BOCTPEOOBAaHHOCTH ¥ NPUMEHMMOCTH TaKOro THNA JaHHBIX IS
npouiéHHOM ayreHTHUKauuu. lllupokoe pacnpocTpaHeHHE YCTPOKCTB,
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WCTIONB3YeMBIX [UIS TIONy4YeHHS HWHQOPMAIMH O TONb30BaTeNe It
COCTaBJICHUS €ro MPOQIIIA, TO3BOIIET YIPOCTUTH COOP AAHHBIX, a TAKXKe
MIPUMEHATh MOJENHN U KiIacCH(UKAINH T0Ib30BaTeNIeil MOYTH Ha JTI0O00M
KOMIBIOTEpE.

B cratee [48] aBTrOopamMm OBUI paccMOTpPeH MOAXOX IO
HCIONB30BAaHUIO0  JMHTBHCTUYECKOTO CTHIS TekcTa. Jlmsg  cBoero
HCCIIeIOBaHMs aBTOPHI UCIONIb30Bamu 00pasnbl Tekcra u3 CASIS (Center
for Advanced Studies in Identity Science): 4000 o6pasuoB Tekcta ot 1000
M0JIb30BATEIIC, HE SBJIAIOIIUXCS HOCUTENAMHU aHIVIMHCKOTO s3bika. B
KaxaoMm oOpasue B cpepHem okosio 1600 cumBosnoB, 300 cioB wu
13 mpenioxeHui, OlleHUBaHUE NMPOU3BOAUIOCH AJIs OJOKOB C pa3Mepamu
B 50 um 100 cumBomoB. TekcT xapakTepusyeTcs MpU3HAKAMH,
MPOUCXOIIIIMMHA M3 IIEeCTH KaTeropuid: CUMBONBHBIE (N-rpammebl),
JMeKcHYecKue (OTIMYMS Ha YPOBHE CIIOBa), CHHTAKCHYECKHE (CTPYKTypa
HAa YpOBHE TMPEIIOKEHUSA), CEMAaHTHYECKHE (CMBICIOBOEC 3HAYCHHE),
CTPYKTYpHBIC (OpraHM3amus JOKYMEHTa, HalpuMep OTCTYIbI) |
mpeaIMeTHO-CIielupuIeckiue. B KkadecTBe KiacCH(pUKAaTOpa aBTOPEI
HCTONB3YIOT alNTOPUTM H3OJAIUOHHOTO Jeca ¢ 50 mepepsamu. I[lo
rpadpuxy TPR, mnpuBenéHHomy wuccienoBareiassMd BHIHO, 4YTO C
yBeanueHueM ducia obpasnoB TPR yBennuamBaeTcs, npu 3ToM yxe Ha 5
oOpasnax gocruratorcs 3HadeHus B 99,35% u 98,5% COOTBETCTBEHHO.
ABTOpBHI JI€NalOT BBIBOJ, YTO MAaCHITA0MPYEeMOCTh TaKOTO TOAX01a, a
TaKke Majblid maHc omuO0YHON Bepudukanuu (MeHblne 1%) roBopsT o
BBICOKOW aKTyallbHOCTH TakoTo pemicHus. [Ipu 5TOM OHH OTMEYaroT, 4TO
Takas CUCTEMa MMEET CMBICT B CHTYallHsSIX C OJHHM IOJb30BaTeleM, HO
MOXET OBITh HEMPAaKTUYHOH, €CIM B CHCTEME HECKOJBKO YYaCTHHKOB
(HarmpuMep, HECKOJBKO aBTOPOB, padOTalOIMX HajJ OJHON CTaThEM),
TaKXe MaclTabUpyeMOoCTb OrpaHUYUBAETCS IPpYTuMH sizbikamu. Cremnyer
oTMeTuTh, 4TO0 TPR sBnfercs He camoil my4med METpPUKOM st
HM3MEpeHUs] KauecTBa KiacCH(HUKAINK, MOCKoIbKy nobutbes 100% TPR
MOXXHO TyTéM MPOCTOTO TPAKTOBAHUS BCEX IOJH30BATENEH Kak
neruTUMHBIX. [l Oornee OOBEKTHBHOI OIEHKHM CTaThM HE XBaTaeT
JOTIOJTHUTEIHHBIX METPHUK, MOKA3bIBAIOIIMX HHBIE ITapaMeTphl pabOoThHI
mocTpoeHHoN Mopaenu. Ilpoduns mpuMeHeHHs Takoro Habopa TaHHBIX
UL TPOANEHHONW ayTeHTH(WKAIWW BeCbMa OTPaHWYCH, a JaHHEIE,
HE0O0XOIUMBIE ISl TOCTPOECHUSI NPOQMIS MOJIb30BATENS, CIOXKHBI JIIs
cOopa. JlaHHBIE HEZOCTATKH HE MO3BOJSIIOT T'OBOPUTH O BO3MOKHOCTH
IIMPOKOTO HCIIOJIb30BaHUSl MOJIeNIeH, HCHOJb3YIOUINX TaKhe HaOOpEI
JTQHHBIX.

B cratee [49] aBTOpHI mMpeAsiaralOT HCIOJIB30BATH «MSTKYIO»
OroMeTpHro (IIBET OAEKIbI U LIBET KOXKH I0JIb30BATENs) /sl BBITOJHEHHS

72 Wndopmaruka u aBromarmsanus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

MIPOUTEHHON ayTeHTU(UKANMKA. B TUIFOCKI TaHHOTO METOJa BBIABUTAETCS
cienyromee: MOJIb30BaTENN0 HEe TpeOyeTcs BBOIUTH HUKAKUX JAaHHBIX, B
TOM 4YHClle OWOMETPHYECKHX, TakKe HeT HeoOXOAWMOCTH B
MpEeaBApUTENFHON  PErHCTpalliil  TPU3HAKOB, OHH  PETHCTPUPYIOTCS
aBTOMAaTHYECKH TPH KaKIOM BXOJE MOJB30BaTENsS B cucTeMy. KirroueBbIM
OTIIMYMEM IIOAXOJa aBTOPOB CTAaThH OT HCCIEIOBAHMMN, HCIIONB3YIOIINX
CXO0’KHM€ JaHHbIE (JIHLO MOJb30BaTeNs) ABISETCA TO, YTO MEpel CUCTEMOil
CTaBUTCA HE 3ajavya WACHTH(UKAIMM TONb30BaTels, a IPOBEPKa TOrO,
SIBJISIETCSI JIM OH TEM JKE YEeJIOBEKOM, YTO COBEPIIMII IEPBOHAYAIBHBII BXO]
B cucreMy. Ha pucyHke 5 moka3aHa HauajbHas pPErHCTpalus JaHHBIX
MOJIB30BaTeNs, JUIsl PaboTBl € «MSTKOI» OHOMETpuell HCHONB3YHTCS
LBETOBBIE TUCTOTPaMMBI, a JJIsl pabOThI C JIMLOM I0JIb30BATENs — KacKabl
Xaapa. Ilpum o>TOM cHCTeMa YyYWUTHIBACT WM3MCHEHHE OCBEIICHUS B
MIOMEIICHNH, B TaKOW CHUTyallMH JAaHHBIE CECCHU TIOJNB30BaTeNsl OYyAyT
OoOHOBNICHBI. MCIONMB3yst «MSTKYIO» OHOMETPHIO B JIOTIONHEHHE K
¢dororpadun IUIIA TOITH30BATENS, aBTOPHI CMOTIIM YIPOCTHTH IpoOIecC
PO ANEHHOM ayTeHTU(HUKALINH. Cucrema ToKa3aia CBOIO
paboTOCTIOCOOHOCTh TPH PA3IHYHBIX JEHCTBHAX TIOJH30BATEIS IIEpe]
MOHUTOpOM. [IpH cOope AaHHBIX AJIsI MOJENU HE HCIIOJIb3YeTCs CI0XKHBIX
YCTPOWCTB, MHOTHE HOYTOYKH OCHAIICHBI BEO-KaMEpOW IO YMOJIYAHHIO
MO3TOMY IPHUMEHHMOCTh TAKOTO CHOCO0A BBHIMOJHEHHS ayTeHTU(DHUKALUH
JIOCTaTOYHO BBICOKA.

B cratee [50] aBTOpBI HMCHOIB3YIOT YCTPOHCTBA OTCIICKUBAHUS
HaTpaBJICHUS B3TJANa UL aHalk3a pamykKkd ria3a. [lo wmrory
uccinenoBanus onu nonydwid EER B 9% u npunumu x BbIBOLy, 4TO JJIst
€IMHCTBEHHOT'O CPEJICTBA ayTeHTH(HUKAINU JaHHBIH CIOCO0 HE MOIXOIMT,
HO OH MOJKET OBbITh MCIOJIb30BaH KaK JOMOJHUTEIHLHOE CPEICTBO.

B crarbe [51] aBTOpBHl mpeasaraloT MCHOJIb30BaTh CUCTEMY
NpOJUIEHHON ayTeHTH(HKAMKM Ha OCHOBE cepiuednenus. s nomydeHus
JMAHHBIX HCIIONB3YETCS JOIUICPOBCKUM  PagMONOKAI[OHHBIA  JaTYHK.
[Imfockl maHHOTO TMOAXOMA CIIEAYIOIIME: dTa XapaKTePUCTHKA YHHKaJIbHA
(pa3muumMa IS pa3HBIX CYOBEKTOB), HM3MepuMa (TSDKEIO CKPBITH),
HENpOW3BOJbHA (HEM3BECTHA  IIOJIB30BATEN0), Oe3omacHa (TpyIHO
MOJIAETIaTh) U €CTh y JI000TO KHUBOTO YeloBeKa. Takxke Ha e€ pe3yabTaThl
HE BIHSIOT ITyMBI, KOTOPHIE NMPHCYTCTBYIOT B METOIAX, HCIIOJIB3YIOMINX
kamepy. Hccnenosatenu cooOmator, uto nobunuce BAC (balanced
accuracy) B 98,61% u EER B 4,42%. ABTOpBI HCHONB30BAIU JaHHBIE 78
YeJIOBEeK, JUISl OKCIIEpUMEHTa BBIOMpAMCh JIIOAM, He oO0Jsajaromue
CepAeYHBIMU 3a00JI€BaHUSAMHU, ISl KaXK10ro ObL10 coOopano 20 00pasioB 1o
8-10 cepmeyHBIX WMKIOB. 3a MpPU3HAKKM OBUTM B3ATHl BHYTPEHHHE

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 73
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX U 3HAHUI

TEOMETPUYECKUE TECKPHUIITOPHI (aMIUTUTY/Ia, TUIOIIAAb, YTO), TOTy4eHHbIC
U3 PETePHBIX TOYEK.

B cTaThe [52] HcclieIoBaTeIu WCIIONIb30BAIIH
AJEKTPOKAPAMOTPAMMBl IS  HASGHTUOHUKAMK W BepUPUKAINH
MOJIF30BATENs, B pab0OTE MCIOIB30BANOCH 5 OTKPHITHIX HA0OPOB JTaHHBIX
1 OJIMH, CO3JIaHHBIN HcclieqoBaTe s IMU. JJaHHBIE MTOTYydaoT ¢ MOMOIIBIO
CEHCOPOB, MPUKPEIUIIEMBIX K Ty YeJIOBEeKa I CHATUSA CUTHaja, WU C
MPUMEHEHHEM CHEeIHUAIbHOTO0 YCTPOHWCTBA, MO3BOJSIOLIEIO MOJydYaTh
nanusle DKI' 6e3 mpeaBapuTesbHON HMOArOTOBKM YeJIOBEKa K CHSATHIO
naHHbiX. ABTOpHI cMoriin Jo6uThess 100% TOUHOCTH pacmo3HaBaHUs C
EER, Bapsupyrommumcs ot 0,5% no 1,8%. Jlns u3BnedyeHus JaHHBIX 00
aKTHBHOCTH Ce€p/illa TaK)Xe MOXXHO HCIOJIb30BaTh (UTHECC-TPEKEPHI,
9TO0 OBUIO MPOJEMOHCTPUPOBAHO HCCIENOBATeISIMH B cratbe [53].
I[ockonpky B crathbsix [50—52] mis cOopa NaHHBIX O TOJIB30BATEINE
HCIIONB3YIOTCSA CIICIHAbHBIE yCTPOHCTBA, KOTOPHIE HE MPUMEHSIIOTCS
IpU ©XETHCBHOW paboTe 3a KOMIBIOTEPOM, MPUMEHHMOCTH TaKOTO
croco0a BBHINONHEHUS TPOMIEHHOH ayTeHTU(QUKAIIUH B PCATBHBIX
YCIIOBHSAX TOCTATOYHO Maja.

B craTtpe [54] aBTOpBHI paccMaTpUBAIOT HCIIOJIB30BaHHUE rojoca I
NpOJUIEHHOW — ayTEeHTU(QHKALMM BO  BPEMs  BBINIOJHEHHS 3BOHKOB.
HccnenoBaTenu morydain 3anuchk 3ByKoB uepe3 VoxQGuard, B jansHeem
M3BJICKAINCh MPU3HAKH C TOMOINBIO CKPBITBIX MapKOBCKHX MoOJeNeil.
Kaxxnas moxens mpeacraBisieT coboil oHEMyY, BCero ux ObUIO MOJYYEHO
41, mnst pabOTHI C HUMH HCIOJIB30BAJICS PACMO3HABATENb (POHEM, KOTOPBIH
MOKa3al He OYEeHb BBICOKYIO TOYHOCTH (okoso 30-50%). Bepudukarus
NIPOM3BOJUTCS  CIEAYIOIMM 00pa3oM: 3amuch ToJloca JEJHUTCS  Ha
CerMEHTHI, 3aTeéM CerMeHT pa3OuBaercs Ha (oHeMmbl. DoHeMBl H
NepBOHavallbHAsl 3alMCh rojoca mepenatorcsi cucreme VoxGuard, oHa
BBIHOCHUT OLIEHKY CXOXeCTU. Takas omepauusi BBINOIHSAETCS AN KaxXA0ro
CerMeHTa 3allMCH IIOCJIE Yero BBIHOCHTCS oOmuii BepAWKT. B wmrore
nccnenoBarensamu 0s1a momyderna EER B 15%. MukpogoHsI — 10cTaTO49HO
IIUPOKO  PacTpOCTpaHEHHOE yCTPOICTBO, 3a4acTyid BCTPOCHHOE B
HOYTOYKH, HO IIPH 3TOM JJIs TOJydCHHsI JAHHBIX O TOJ0Ce HE0OXOAMMO
TOBOPUTH, B TO BpeMsI KaK IPH EKEeIHEBHOW pabdoTe 3a KOMITBIOTEPOM
MOJB30BaTeNh, KaK MPABHIO, COONMIOAAeT THINMHY M HH C KEM He
pasroBapuBaeT.

B cratee [55] paccMmarpuBaeTCsl HCIHOJIb30BaHHE IATTEPHOB
JBIXaHUSl JUISL BBIMOJIHEHHMS NPOJJIEHHOW ayTeHTU(HKaluu. B mirockl
NPUBOJATCS  CJIEOYIOUIME apryMeHThl: He TpeOyeTcst Kakux-aubo
JOTIOJTHUTEIbHBIX JAEMCTBUH OT TMONb30BaTENs, IOCKOJBKY JBIIIUT
YeJOBEK aBTOMATHYECKH, JaHHAs CUCTEMa MOXET OBITh HCIIOJb30BaHa
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IS MOOBIX yCTporceTB, padboTtatomux ¢ Wi-Fi, HanmpuMep B yMHOM J0Me.
Wi-Fi mcmomnp3yercss BO MHOTHX KOPIIOPATHBHBIX M JIOMAIIHUX CETSAX,
MMO3TOMY TIpUMEHEHHE TaKOTO TIOAXO0Ja MOXeT OBITh BechbMa
MPaKTUYHBIM, TJIaBHOW mpoOiemol OymeT cOOp MAHHBIX O JBIXaHHUH
MTOJTb30BATENs Yepe3 NaHHBIe KaHalbl oOMeHa WMHQopmarmen. [[pixaHue
Ka)KIOT0 YelIOBEeKa YHUKAIBbHO, OHO CONEPXKUT CIEAYIOUINE MPU3HAKU:
riyOuHy, PUTM BJOXOB/BBIIOXOB, wYacTtoTy. J[lns cOopa maHHBIX O
IBIXaHUU TI0Jh30BATENICH HCIONB3YyeTCs HWHGOpMAaNus O COCTOSHUH
kanama Wi-Fi, koropas mo3BoyiseT TOdy4aTh HHGOPMAIHIO O
JKU3HENIEATEIbHOCTU uesioBeKa [56], Ha OCHOBAaHUU DTH JAHHBIX CTPOUTCS
npoduap mosp3oBareis. Takke aBTOPHI HCIOJIB3YIOT HEHPOHHYIO CETh
JUTSL ONIPEJICIICHUS JIMYHOCTH OJIB30BATENsl U COOMPAIOT OOPATHYIO CBS3b
OT TOJB30BaTENeH (B cilydae M3MEHEHUS MaTTepHA JBIXaHI, CBI3aHHOTO,
HaTmpuMep, ¢ OOJIE3HBIO).

HUccrnenoBatenn ucmonp3oBanu ganHbe 20 yenoBek (14 MmyxuuH u 6
JKSHIIUH), U1 KaKIOro W3 HUX ObUIo coOpaHo okono 200-300 obpasmor
IBIXaHUS BO BpEMs CHJICHHS Ha Kpecie Ha MPOTSHKCHUN YETHIPEX MECALEB.
Jlns oneHMBaHUS WCIONB30BAIMCh clenyromue MeTpuku: Authentication
Success Rate (nmpoueHt ycnemHo#d ayrenTudukamun), FPR, Spoofing
Detection Rate (mpolieHT arak, KOTOphIE OTMEUCHBI KakK araka), Receiver
Operating Characteristic (moka3piBaeT KOMIPOMHUCC MEXay dactotoir FPR
nu SDR mpu pa3nuyHbIX IOPOTOBBIX 3HA4YEHHUAX). B pesymbraTe
9KCIEPUMEHTOB OBUIM MOJIYYEHBI CIEIYIOIINE Pe3ynbTaThl: cpeaauit ASR
oko0110 90%, SDR — 92,14% c FPR okomno 5%. ABTOpbI OTMEUAIOT BIUSHUE
pa3MepoB oOyyaromield BBIOOPKM W CKOPOCTH TIepelavyd JaHHBIX Ha
KOHEYHYIO TOYHOCTH CUCTEMEI.

B HacTosmie#t paboTe ObUIM W3y4YCHBI CYIIECTBYIONIME MOJIXOMBI K
MPOBEACHUIO TIPOUIEHHOW ayTeHTH(UKAIMH JUII KOMIIBIOTEPOB U
cMapTOHOB, a TAKKE PACCMOTPEHBI HCIOJIB3yEMbIC HCCIICAOBATCIIMHU
BXOJHBIE JaHHbBIC UII Kiaccudukanuu. B Tabmuie 1 npuBeneHsl kpaTkue
UTOTH HCCIICTOBAHMUA.

PaccMoTpeHHBIE HWCCenOBaHMS He coaepkaT wuHopMmarmu 00
OIICHUBaHUH WH()OPMATHBHOCTH MPU3HAKOB IS KJIACCHU(PHUKAINHN, TIOATOMY
MOJKHO TPEAIOJIOKUTh, YTO aBTOPHI HE HCHOIB30BAJHM ATOT METOJ JUIA
oTOopa mpwW3HAKOB. J[II W3ydeHUS 3aBHCHMOCTH [OJIM TIPaBHIIBHBIX
OTBETOB W BpeMeHH paboThl KIacCU(UKATOPOB OT  KOJIUYCCTBA
HCTOJIB3YEMBIX IPHU3HAKOB, OBUIO MPHHATO PEUICHUE MPEABAPUTEIBHO
OIICHUTh WH()POPMATUBHOCTh KAXKIOTO MNPHU3HAKA Ha TpuMepe HaOOpPOB
JAHHBIX JIJIS IPOUIEHHON ayTCHTU(DUKAIIHH.
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Ta6JII/IL[a 1. UTtoru uccnenoBanus CYHICCTBYIOIINX TUIIOB JAHHBIX JJISL HpOIIJIéHHOﬁ

ayTeHTU(HKALUU

Tun ma"HHbIX

YcrpoiictBo

Hcnonp3yeMsblil kaHan
CBSI3H

JIBmwxeHns Bo Bpems Habopa
TEKCTAa, TIOJIy4eHHbIE Yepes3
cMapT(oH/cMapT-4achl

CmapTthoH/cMapT-4acsl

DnekTpoHHasl 1oyYTa,
Oyxrantepckuil yuér

KnaBuaTypHblil mouepk

KnaBuatypa, cMapTdon

DeKTpOHHAs 10YTa,
OyXraJnTepcKui yuér

TIOJTYYEHU ST

JlMHaMHKa aKTUBHOCTH MBI | MbIlIb JIro6ast pabota 3a [IDBM
JInno Kawmepa CeaHCBbI BUAECOCBSA3U
OTneyarok nansna Craiep ornesarka JIro6as pabora 3a [IDBM
najbla
Jlpixanue Wi-Fi poyrepst JIro6as pabota 3a [IDBM
Pamyxxka rmaza Orcnexcusarens rias, JItobas pabora 3a [I9BM
CKaHep paJy’KKu, Kamepa
JlonnepoBckuit
PaIHOIOKALOHHBIH
CepaeuHasi aKTHBHOCTb JIaT4MK, ycTpoiicTBa it | JIro0ast pabora 3a [IDBM

JIMHIrBUCTUYCCKUI aHAIN3

YCTPOKCTB He Tpedyercs

IEKTPOKAPAUOTrPaMM

CeaHCBbI BUICOCBS3U

Tonoc MukpodoH . ’
TOJIOCOBO# CBSI3H

Msirkas Ouomerpust Kawmepa CeaHChl BUICOCBSI3U

CrienMalIbHBIX DeKTpOHHAs 10YTa,

Oyxranrepckuil yuér

JIBrokeHus mpu

PaboTa ¢ npuioKeHus M1

HCHOJIb30BaHUK MoOWIbHOTO | CMapTdhoH

. Ha cMapTQoHe
ycTpoiicTBa
JluHamMKKa UCIIOJIB30BAHUS Chaprdon PaboTa ¢ npuinoKeHusIMH
HPUIOKCHUH P Ha cMapTdoHe

JIMHAMHKA MCTIONB30BaAHMS
CEHCOPHOTr0 9KpaHa

MoOunbHbI TenedoH ¢
CEHCOPHBIM YKPaHOM

Pabora ¢ npunoxeHusIMI
Ha cMapTQoHe

2. OuenuBanue wuHpopMaTuBHOCTH. [lociae W3y4EeHHS THUIIOB
Ha0OpPOB JaHHBIX, NPEJCTABICHHBIX B pasfene 1, ObIIIO NPHHATO peIICHHE
HCTIONIb30BaTh  TIOBEIEHYECKHE  XApPAKTEPUCTHKH IS JaIbHEUIIHNX
nccnenoBaHuid.  OOOCHOBAaHO  3TO  CIEAYIOIIUMH  (aKTOpaMH:  TI0
MOBEJICHYECKUM TIPHU3HAKaM OOJNbIIE WCCIECIOBAHUH, a CIECIOBATCIBHO, H
0oJbIIIe NCTOYHUKOB JAHHBIX, B TO BPeMs KaK Ul BHEIIHWX NPHU3HAKOB H
MIPU3HAKOB JKU3HENICATENBHOCTH HCCIEN0BaTeNd, Kak MpaBHIO, COOUpArOT
JAHHBIC CAMOCTOATCIIBHO U B OTKpblTbIﬂ JAOCTYIl UX TTOTOM HE BBIKJIAJAbIBAIOT.
Cnez[yeT OTMETUTL, YTO IMPHU TIOHUCKE CJICAYCT OPUCHTUPOBATHCA Ha
CIeAyIOIUE MapaMeTphl: OTKPBITOCTh HaOOpa AAHHBIX M HAalM4YMe B HEM
BBIJIEJIEHHBIX IPU3HAKOB. B 1IepByro o4epeb ObLT BHITIOIHEH MTOUCK HAOOPOB
JAHHBIX, KOTOPbIe PabOTAIOT ¢ AMHAMUKON HaxaTus KiaBuIl. Mckimrouas Te
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HCCIICOBAaHMs, B KOTOPBIX aBTOPHI COOMpAIH JaHHBIE CaMOCTOATENBHO, B
OCHOBHOM HCIIOJIB3YIOT CIIEAYIOIIHE Ha0OphI JaHHBIX:

—  Clarkson University Dataset (Tpebyert 3ampoca) [57 — 60];

—  Buffalo Dataset (TpeGyeT 3ampoca) [58, 60, 61];

—  University of Victoria (Tpedyert 3ampoca) [62];

— Keystroke and Mouse Dynamics for UEBA Dataset (et
IIpU3HAKOB) [63];

—  The WOLF of SUDT (tpebyeT 3ampoca) [64];

—  BB-MAS (ner npusznakos) [65].

Tarxoke MOMUMO 3THX HAOOPOB JIAHHBIX HECKOJIBKO HCCIeIoBaTeeH
YIIOMHHAIOT 00 MCIOJIB30BaHUH B CBOMX paboTax coOpaHHBIE UMK HaOOPHI
JAHHBIX:

—  Free vs. transcribed text for keystroke-dynamics evaluations
(met mpu3HaKoB) [66];

— On continuous user authentication via typing behavior
(paccmatpuBaroT BUI€03aIHCH Habopa TeKcTa) [67];

— Shared Data Set for Free-Text Keystroke Dynamics
Authentication Algorithms. (HeT npu3HakoB) [68];

—  Identity verification through dynamic keystroke analysis (ueT B
OoTKpBITOM Joctyrne) [40, 69];

—  Keystroke patterns as prosody in digital writings: A case study
with deceptive reviews and essays (Het npusHakoB) [70];

—  Shared Dataset on Natural Human-Computer Interaction to
Support Continuous Authentication Research (aet B otkpbiToM noctyme) [71].

IockoneKy HE OIMH U3 EPEYHCICHHBIX paHee HAOOPOB JAaHHBIX He
YIOOBJICTBOPSIET BBIILICOOO3HAYCHHBIM YCJIOBHSAM, OBUI BBIIOJHEH IOHCK
Ha0OpOB JaHHBIX, OCYLICCTBISIOIIMX NPOJIEHHYI0 ayTeHTU()UKALHUIO C
UCTIONB30BAaHMEM aKTUBHOCTH MbIM. HaiineHsl ObUIM HCCIeIOBaHMS,
UCTIONIb3YIOIINE CIIEYIOIINe HAOOPhI TAaHHBIX:

— Bogazici mouse dynamics dataset (HET B OTKPBITOM
nocryne) [46, 72];

—  Chao Shen’s [43, 73, 74];

—  Balabit [75 - 77];

—  DFL [78].

W3 pganmboro cmmcka Balabit, DFL m Chao Shen mogxomsTt mis
JaJbHEHIero HCCIEeJOBaHUs, IMOCKOIBKY OHHM OTKPBITBI M B HHX YKe
BBIZICJICHBl INPU3HAKU. Tarke, MOMHMO 3THX HAaOOpPOB MJaHHBIX, OBLIO
MIPUHATO pEIIeHUe HCIOIb30BaTh Habop maHHBIXx WISDM. OrtoT HabOp
JaHHBIX TOXE COOTBETCTBYET OOO3HAYEHHBIM KPHTEpHAM, HO Tpedyer
NpeABapUTENbHON 00pabOTKH, MOCKOJBbKY paccMaTpuBaeT HE TOJIBKO
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paboTy 3a KOMIIBIOTEPOM, HO W JAPYrHe JEHCTBUS, KOTOpPBIE MOXKET
BBITIONHATE TONIb3oBarenb. Janupie n3 WISDM [79] Obumn 06paboTaHbl
CIEeYIONMM 00pa3oM: Ui OJHOTO YCTpOoWCTBa (TenedoHa WM CMapT-
4acoB) BBIOMpAJNICS OJUH THIT JaTYMKa (THPOCKON HIIH aKCeIepOMET)),
Iocjie dYero JaHHbIE BCEX IIOJIb30BATENie, W3MEpEHHBIE OJTUMHU
YCTPOWCTBOM M JATYHKOM, OOBETUHSIINCH B OMUH (aiii. 3aTeM U3 TaHHOTO
(aiina yaamsuick Bce akTHBHOCTH IOMHMO Habopa TeKcTa.

Hns  ouenuBanust uHpopmaruBHoctn [80, 81] wucmonabp3oBaIUCH
cnenyronue cpenctea: WEKA machine learning tool [82], RapidMiner
Studio [83] u coOcTBEeHHOPYYHO HalMCaHHAs IPOrpaMma Ha si3blke python
it pacu€ra uH(OPMATHBHOCTH TIpu3Haka 1o wMetoay llleHHoHa
(popmyust 6 — 8). Takoit BEIOOP TporpaMm Jisi pacu€ToB CBS3aH B MEPBYIO
odepens C TeM, UYTO B OTIIMYUE OT aHAJIOTOB OHU MPEIOCTABISAIOT HE TOJIBKO
NTOPUTMBL, TIO3BOJISIOIIAE MPOBOTUTH IPEIBAPHUTEIBHYI0 00pabdOTKy
MIPU3HAKOB Tiepe]] KIacCu(pHUKAIeld, HO W JaHHbIe 00 WHPOPMATHBHOCTH,
paccyuTaHHBIE BO BpeMs 3TOH 00paOOTKH. DTO TO3BONACT BHIIONHATH
COPTHPOBKY NPU3HAKOB IO NAHHOMY Hapamerpy (10 BO3paCTaHUIO HITH
yobBanmoo). M3 paccmoTpeHHBIX aHaimoroB B Orange JOCTyIeH
HHCTPYMEHT MpenoOpaboTKH, B TOM YHCIE C OTOOPOM NPU3HAKOB IO
nH(OPMATUBHOCTH, HO MOJYYUTh CIIMCOK NPU3HAKOB M COOTBETCTBYIOIIEH
UM HMHPOPMATHBHOCTH HeNb3s, a B uHHCTpyMmeHTe Knime rmuiarus
InformativityGainCalculator — tuatHelii. B cBI3M ¢  JaHHBIMH
orpaHWuYeHUsIMH, a Takke ¢ TeM, uTo WEKA u RapidMiner GecnnaTasl,
OHH OBLTH BEIOPAHBI B KAYECTBE OCHOBHBIX MHCTPYMCHTOB, UCIIOJIB3YEMBIX
B uccnenoanuu. [Ipu atom RapidMiner moanepxuBaeT Kak COOCTBEHHBIH
anroput™M pacuéra WH()OPMATHBHOCTH INPU3HAKA, TaK U AITOPHTM W3
onbnmorekn WEKA (pynkums weka.information gain ratio), Taxxke 310
CPEACTBO TO3BOJISIET BBHIMOJHATE KIACCU(UKAINIO OOBEKTOB C 3aJlaHUEM
ONpeNeNEHHBIX NPU3HAKOB, II03TOMY JAalbHEWIINE O3KCIEPUMEHTHI, He
cBs3aHHBIE ¢ MeToZioM lllenHOHA, OyIyT BRIIOIHATHCS B ATOH IIpOrpamMme.

Jnsa pacuéra nHOPMATHBHOCTH MPHU3HAKA C TOMOIIBIO aJTOPUTMOB
WEKA uncmnonbs3yrores ciaeayroniiue GopmMyb:

_ ((H(class)— H (class | attribute))
H (attribute)

1 , 3)

H(x)==S(B*Inp), @)

rne I — nadopmaTuBHOCTS Npu3HaKa, a H(x) — sHTponus, P — BEpOSITHOCTD
MOSIBJICHUS PUMeEpa, IPUHAJJIEKAIIETO K KIIaccy i.
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s pacuéra H(class | attribute) pazmenum HaOOp TaHHBIX Ha YacTH

C OAMHAKOBBIMH 3HAUCHHWSMH NPU3HAKOB (WIM TPHHAUICKAIINX
OJIMHAKOBBIM MHTEPBAJIaM 3HAYEHHMN — JJIs HETPEPBIBHBIX IPU3HAKOB, HE
MOJJIAFONINXCST TIPSIMOM TPYNITUPOBKE IO OTAENBHBIM 3HadeHWsIM). Jl1s
KaXI0T0 3HAYCHMS WM UHTEpBalla 3HAUCHUH MpHU3HAKa MPOBOJUM pacuéT
YCIOBHOM SHTPONUHU, a HUTOTOBYIO OSHTPONHI0 HAXOAUM Kak CyMMY
COOTBETCTBYIOIIMX YCIOBHBIX SHTponuid. B RapidMiner mnst pacuéra
WHQOPMATUBHOCTH  HCHOJB3YIOTCS  CXOXasi (opmysia, HO BMECTO
HaTypaJIbHOTO JIorapu(mMa UCIIOIB3YeTCs JIOrapu(M 110 OCHOBAHHIO 2.

Meron IlleHHOHa MO3BOJSET OLEHWBATH WH(POPMATHBHOCTH KaK
CPEIHEB3BECIICHHOE KOJMYECTBO WH(OpMAIWH, TNPHUXOJIIIeecs Ha
pas3y4Hble rpajanyuy npusHaka. [lox kommuecTBOM HHGDOPMAUH B TEOPUU
WHPOPMALINU TOHUMAIOT BEIMYNHY yCTpaHeHHOH sHTpormu [84]. Crexyet
oTMeTuTh, YT0 MeTox llleHHOHa NaéT omeHKy MH(GOPMATHBHOCTH B BHIE
HOPMHUPOBAHHOW BENWYHMHBEI, Bapeupytomeiici or 0 mo 1. OO0
HH(POPMATUBHOCTH B TaKOM ClIydae TOBOPST clemyroliee: ueM [(x) Ommxe
Kk 1 Tem Bblie MHGOPMATUBHOCTh X, U HA00OPOT, ueM Ouike /(X) K HYJIIO,
TeM uHpOpMaTHBHOCTh HMke [85]. PaccumrhiBaercst MH(OOPMAaTUBHOCTH
IpHU3HAKa X 10 cienyroueil hopmyie:

G

I(x)=1+) (B*

i=l1

DM~

Pi,k *lOgK Pi,k) 4 (5)

=~
Il

rne G — 4WClo Tpajanuidi mnpusHaka, K — KOJHYECTBO KJIACCOB,
P; — BepOATHOCTh TIOIIaJaHUs 3HAYCHUS MPU3HAKA B i-F0 Tpajanuio (popmya
2), P; ), — BEpOATHOCTb NOABIEHHUSA i-Oi IpaJaluy NpPU3HAKa B k-OM Kiacce
(dpopmyma 3).

Jlnst HaxoxxaeHus P; uicrionb3yeTtcs cienyromas popmyna:

& (©)

rae N — obuiee uucino HaOIOJEHUH NPU3HAKA, M; ) — YacTOTa IOABICHHS
i-o¥i Tpajanyy Mpu3HaKa B k-OM Kiacce.
Hnsa vaxoxnenus P; ; ucnone3yercs ciaenyromas Gopmyna:

p = m
wTE T )
2y
k=1
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I[Ipumep npaHHBIX 00 WHPOPMATUBHOCTH TIPU3HAKOB B Habope
naHHeIXx Balabit, paccYMTaHHBIX C WCIIOJNB30BAHUEM TPEX METOJIOB
MpeICTaBIeHBI B TAOIHUIIE 2.

Tabmmma 2. CpaBHeHne HH(OPMATHBHOCTH IIPU3HAKOB B HaOope maHHBIX Balabit

TpusHax Cnoco0 pacuéra -
shannon weka rapid miner

a beg time 0,000623 0,25805 0,32903
direction of movement 0,00543 0,00000 0,00455
dist end to end line 0,003989 0,03265 0,22556
elapsed time 0,001628 0,04777 0,24204
largest deviation 0,012828 0,06026 0,25286
max a 0,008029 0,04548 0,31813
max_curv 0,011305 0,05192 0,22556
max_jerk 0,009352 0,07502 0,31320
max_omega 0,022478 0,13271 0,27680
max v 0,006949 0,04698 0,31320
max_vx 0,00344 0,06239 0,27384
max_ vy 0,001489 0,07896 0,24204
mean_a 0,012486 0,08390 0,26115
mean_curv 0,001805 0,02117 0,22556
mean_jerk 0,007407 0,07900 0,22556
mean_omega 0,002935 0,02644 0,22556
mean Vv 0,001375 0,03230 0,22556
mean_vx 0,00085 0,01892 0,26798
mean_vy 0,000339 0,01419 0,22556
min_a 0,015152 0,06077 0,25286
min_curv 0,001036 0,06454 0,22556
min_jerk 0,001937 0,08974 0,23720
min_omega 0,034644 0,12979 0,29641
min v 0,005781 0,04389 0,25286
min_vx 0,00282 0,06531 0,31059
min_vy 0,00523 0,09105 0,22556
num_critical points 0,004077 0,08430 0,22556
num_points 0,00206 0,07257 0,22556
sd a 0,005084 0,04127 0,27384
sd curv 0,001067 0,03506 0,25286
sd jerk 0,002005 0,08441 0,27384
sd omega 0,005857 0,07404 0,24204
sd v 0,005983 0,04235 0,24204
sd vx 0,001944 0,03298 0,26637
sd vy 0,003355 0,03670 0,22556
straightness 0,00699 0,03250 0,16915
sum of angles 0,00332 0,14158 0,33866
traveled distance pixel 0,007664 0,03891 0,24204
type_of action 0,008792 0,02382 0,02184
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Jlnst maHHOW TAOMUIGI OBUT TPOBEAEH KOPPEISIIIMOHHBIA aHaJu3,
KOTOPBIM IMOKa3al HalWdpe 3HAYNMON KOPPEISIIUH MEeXIy Croco0amu
onenkn uHpopmatuBHocTH WEKA wm  RapidMiner (ko3¢ddumment
koppemsiun - Criupmena 0,494 craTucTHYeckd 3HAYMM TIPH YPOBHE
3HagnMoctd 0,01) M OTCyTCTBHE CTAaTHCTHYECKH 3HAYMUMON KOPPEISIIUI
mis  merona lllenHona (HamOonpmmid  KOA(QGUIMEHT  KOPPEISIUN
Cnupmena 0,241 cratucTudeckd He 3HA4MM MpPHU YPOBHE 3HAYUMOCTH
0,01). D10 TOBOPUT 00 OTCYTCTBHH IOJHOW COTJIACOBAHHOCTH MEXIY
paccMaTpuBaeMbIMU KPUTEPUSIMH HMH(POPMATHBHOCTH M HEOOXOIMMOCTH
JIANTbHEHILIET0 PACCMOTPEHUS KaXKIOT0 U3 HUX.

3. OuneHka BJIMSIHUSI OTOOPAHHBIX HH(POPMATHBHBIX NPU3HAKOB
Ha KadecTBO padorThl cucreMbl. Clenyoomuid 3Tanm HCCIEJAOBaHUS —
MPOBEpKa 3aBUCHMOCTH JOJIH MPABIIIFHBIX OTBETOB IPH KJacCU(DUKAIIUH 1
BPEeMEHH pPa0OTHI Pa3IMYHBIX MOIENCH KIACCU(PHUKANANA OT KOJIMYECTBA
HCTIONB3YeMBIX Tpu3HaKoB. s srtoro ¢ momomipio RapidMiner Oymer
MOOYEPENHO BHIMONHATECS KIACCH(UKAIUSA C PAa3HBIM  KOJHYSCTBOM
UCTIONb3YEMBIX IPU3HAKOB: crepBa OyayT ucnoib3oBatkesi 100%, 3atem
80% cambIXx HMHGOPMATHBHBIX, Iocie 3Toro 60% wu Tak manee. s
knaccudukauu ¢ nomoisio RapidMiner ucmosb30Bajicss WHCTPYMEHT
Auto Model, on ympomiaer pacyérel 10Jieil MPABUIBHBIX OTBETOB IMPHU
pabore pa3HbIX Kiaccu(pUKATOPOB Ha OMpelNeEHHOM Habope NaHHbIX, IPU
9TOM MPOHMCXOTUT ABTOMATHYECKOE pa3lielieHHe NaHHBIX Ha 00Yy4YalolIyro
(60%) wu BammmanuoHHyo (40%) BeIOOpKH. B mporiecce BBHITOTHEHHS
paboTHI OBLTH 3a/IeiiCTBOBAHEI BCE MOJICNH, JOCTYITHBIE Yepe3 Auto Model:
Naive Bayes, Generalized Linear Model, Logistic Regression, Fast Large
Margin, Deep Learning, Decision Tree, Random Forest, Gradient Boosted
Trees, Support Vector Machine. Kaxnplii kinaccudukaTop BBINOIHSII
MHOTOKJIACCOBYIO KJIaCCH(HMKALUIO, PaCCMaTpUBasl KaKJOT0 MOJIb30BATENS
Kak OT/IeJBHBIH Kitacc.

ITocne wu3MepeHus moKazaTeneil Mojeiaedl ¢ pa3HbIM YHUCIOM
MIPU3HAKOB TOJY4YEeHHBIE UMM JaHHbIC OBLIM SKCHOPTHPOBAHBI U IO HUM
ObTH  TIOCTpOeHBI Tpaduku. IlpuMepsl TpadUKOB 3aBUCUMOCTH JTOJH
MPaBUJIBHBIX OTBETOB MOJETECH OT KOJHYECTBAa IIPU3HAKOB MOKA3aHEI
Ha pUCYHKax 2 — 4.

Ha xaxmom rpaduke ykazaH WHCTPYMEHT, WCIIOJB30BAaHHBIA [UIS
pacuéra MH(OPMATUBHOCTH, Ha OCH aOCHMCC TIOKAa3aHO KOJIMYECTBO
NPU3HAKOB, HCIIONB30BAHHOE IPU PACIIO3HABAHMM, a4 HAa OCH OpJAMHAT —
UTOTOBAs! JIOJIS IPABWIILHBIX OTBETOB I Mojien. Kaxknas nmuHust Ha rpaduke
0003HaYaeT COOTBETCTBYIOLIYIO MOJENb W IIOKa3bIBaeT 3aBUCHUMOCTB JIOJIU
NPaBUWIIBHBIX OTBETOB MpH paboTe MOJAENM OT KOJMYecTBa Hambojee
nH(POPMATHBHBIX IPU3HAKOB, HCIIOJIb30BAaHHbIX IIPH PACIIO3HABAHUH.
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WISDM, gaHHble c akcenepomeTpa TenedoHa,
WHOPMaTUBHOCTb OLLEHWBaNach Hepes MmeTos
LlleHHOHa

1,200000
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[ons NpaBMALHbLIX OTBETOB
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Konudectso npusHakos
= Naive Bayes === Generalized Linear Model === Logistic Regression
- =Deep Learning = Decision Tree === Random Forest

== Gradient Boosted Trees w===Support Vector Machine s Fastlarge Margin

Puc. 2. OnenuBanne nadopmaTuBHOCTH Yepe3 Merox lllenHona, rpaduk TogHOCTH
WISDM, aaHHbie c akcenepomeTpa TenedoHa, MHbopMaTUBHOCTb
oueHuanacb yepes WEKA
1,200000
1,000000
0,800000
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0,400000

[Jona npasnabHbIX OTBETOB
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Konuyectso Npu3HaKkoB

== Naive Bayes === Generalized Linear Model === Logistic Regression
=== Deep Learning wm Decision Tree == Random Forest
= Gradient Boosted Trees —=====Support Vector Machine se==FastLarge Margin
Puc. 3. OuennBanue napopMaTuBHOCTH Yepe3 pacuétsl B WEKA, rpaduk
TOYHOCTH
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WISDM, aaHHble ¢ akcenepomeTpa TenedoHa,
MHbOPMaTUBHOCTL OLeHuBanack Yepes RapidMiner
1,200000
1,000000
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[N —

0,400000

JLlons NpasuAbHbIX OTBETOB
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Konuuecteo npusHakos
—— Naive Bayes —— Generalized Linear Model = Logistic Regression
-Deep Learning ——Decision Tree ——Random Forest

——Gradient Boosted Trees =——Support Vector Machine =———Fast Large Margin

Puc. 4. OuennBanue nunpopmaTuBHOCTH Yepe3 pacuérsl B RapidMiner, rpaduk
TOYHOCTH

[Tpumepbl TpaduKOB 3aBUCHMOCTH BpPEMEHH pabOThI MOJENECH OT
KOJIMYECTBA IIPU3HAKOB I10Ka3aHbl HA pUCYHKaX 5 — 7.

WISDM, aaHHble ¢ akcenepomeTpa TenedoHa,
MHGOPMATUBHOCTb OLEHMBANAC Yepes METOZ,
LlleHHoOHa
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KonuuectBo NpM3HaKoB

—Naive Bayes ——Generalized Linear Model
—Logistic Regression ——Deep Learning
——Decision Tree ——Random Forest
—Gradient Boosted Trees =—=Support Vector Machine

—Fast Large Margin
Puc. 5. OnenuBanue I/IH(i)OpMaTPIBHOCTI/I 4yepe3 MECTO H_[eHHOHa, rpad)m( BpEMCHU
006paboTku
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WISDM, aaHHble ¢ akcenepometpa TenedoHa,
MHbOPMaTUBHOCTb OLeHMBanach Yepes WEKA
900000,0
800000,0
700000,0

-5 600000,0
é 500000,0
= 400000,0
& 300000,0
200000,0
100000,0 e

0,0 = —

100% 80% 60% 40% 20%

Konu4ecTteo npusHakos

—Naive Bayes ——Generalized Linear Model
——Logistic Regression ——Deep Learning
—Decision Tree ——Random Forest
—Gradient Boosted Trees =—Support Vector Machine

—Fast Large Margin
Puc. 6. OuennBanue napopMaTuBHOCTH Yepe3 pacuétsl B WEKA, rpaduk Bpemenn
006paboTKu

WISDM, faHHble ¢ akcenepomeTpa TenedoHa,
MHGOPMATUBHOCTb OLeHMBaNACh Hepes

RapidMiner
1000000,0
800000,0
I
= 600000,0
®
=
2 400000,0
[
200000,0
— ——
0,0 -
100% 80% 60% 40% 20%
Konuuectso npusHakos
—Naive Bayes ——Generalized Linear Model
——Logistic Regression -Deep Learning
——Decision Tree ——Random Forest
—Gradient Boosted Trees ——Support Vector Machine

—Fast Large Margin

Puc. 7. OuennBanue nunpopmaTuBHOCTH Yepe3 pacuérsl B RapidMiner, rpadux
BpeMeHH 00paboTKH
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Hcxonst 3 momydeHHbIX IpadHKOB, MOXKHO CAENATH CIEAYIOIIHE
BBIBOJIBI:

—  HEKOTOphle  Mojaenu  oOJIamgaroT  CTaOWIBHO  BBICOKOM
TOYHOCTBIO, Ha KOTOPYIO B OOJBIIMHCTBE CIy4aeB HE CHJIBHO BIHSACT
n3MeHeHne koimdectBa npu3HakoB (Deep Learning, Generalized Linear
Model), a nHekortopsle, Haobopor, crabmasHO HuU3K0i (Naive Bayes,
Decision Tree);
NPU YMEHBLICHUH YHCIIa MCHONB3YEMBIX IS KJIACCU(pUKALUH
NPU3HAKOB Yy OOJBIIMHCTBA MOJIENIe yMEHbIIaeTcss Bpems 00paboTkwy,
uckimodeHneM sBisitotess Gradient Boosted Trees m Random Forest mpu
00paboTke npu3HAKOB Habopa nanHeix WISDM;
Ipu KJacCUPHKaMKM Ha OCHOBE AaHHBIX C aKcelepoMerpa
cMapT 4acoB U TenedoHa, a TakKe THPOCKOIa Tesie)oHa HE NMEET CMbICIIa
0TOpachIBaTh CIIMIIKOM MHOTO HEHMH(OPMATHBHBIX IIPU3HAKOB, TOCKOJIBKY
y OONBIIMHCTBA MOAENEH MOHMXaeTcs TOYHOCTh. OCOOEHHO 3TO 3aMETHO
npu oHmxeHnu ¢ 40% mpuzHakoB 10 20% (pucyHox 2);
YMEHBIICHNE KOJIMYECTBAa NPHU3HAKOB Ul HAOOPOB IAaHHBIX,
BBITIOJTHSIOMINX KIaCCH(UKAIMIO MOIb30BaTENIeil 110 aKTUBHOCTH MBIIIH, B
LIEJIOM CKa3bIBAETCS MOJIOKUTENBEHO U B OOJIBIIMHCTBE CIIyYaeB MO3BOJISIET
YBEJIMYUTh HU3KYIO H3HAYAIBHYIO TOUHOCTb.

Hcxonst U3 TOJydeHHBIX B pe3yJbTaTe SKCIEPUMEHTOB JIAHHBIX,
ObputM  BBIOpaHBI HAOOPHI IPHU3HAKOB, KOTOpPHIE PEKOMEHAYIOTCS s
JOCTHXKEHUsT ~ HaumOounplliell  TouyHOCTH  Kiaccupukauuu.  [laHHble
PEKOMEHIAINY PUBEICHBI B Ta0IHIE 3.

Tabmmma 3. Pekomengyemble HaGOpBHI MPU3HAKOB A HAOOPOB TAHHBIX
HaGop maHHBIX Pexomenyemblif HA0Op IPU3HAKOB

WISDM, o
40% caMbIX HHOPMATUBHBIX IIPH3HAKOB,
aKceJIepoMeTp
MH(OPMATHBHOCTE pacCUUTHIBATh uepe3 Meto Lllennona
TenedoHa
WISDM, o
40% caMbIX HHOPMATUBHBIX IPH3HAKOB,
aKCeJIepoMeTp CMapT-
4ACOB MH()OPMATHBHOCTL pacCUUTHIBATh uepe3 MeTo LllenHoHa
WISDM, rupockon | 80% cambIx HH)OpPMATHBHBIX PU3HAKOB,
TenedoHa nH(OpMaTUBHOCTH paccuuThiBaTh uyepe3 RapidMiner

WISDM, rupockon
CMapT-4acoB

80% cambIX HHPOPMATHBHBIX NPU3HAKOB,
nH(OpMaTHBHOCTE paccuuThBaTh uepes WEKA

80% cambIx HHGOPMATHBHBIX IPU3HAKOB,

Balabit R
nH(OPMAaTHBHOCTE paccUUTHIBaTh uepe3 RapidMiner
Chao Shen 60% cambIX HHPOPMATHBHBIX NPU3HAKOB,
MH(POPMATHBHOCTh pacCYMTHIBATh Yepe3 Merox IllenHoHa
DFL 20% caMbIX HHOPMATUBHBIX IPH3HAKOB,

nH(OPMAaTHBHOCTE paccUUTHIBATh uepe3 Meron lllennona
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B Tabimue 4 mpuBeneHO CpaBHEHHE METPHUK, ITOJYYEHHBIX B XOJE
HCCIICOBAaHUA W METPHK W3 aHAIM3UPYEeMBIX HCTOYHHKOB. Cremyet
OTMETHUTD, YTO HU3KHE TOYHOCTH Y HaOopoB naHHEIX Balabit, Chao Shen u
DFL MoryT OBITH CBSI3aHBI C TEM, UTO B HCCIICAOBAHISIX, IOCBSIIEHHBIX UM,
paccMarpuBanack OuHapHas KiIacCUQUKANWA, NTPH KOTOPOH W ObLTH
MONMYYCHBI TaKWe pe3yNbTaThl, B TO BpeMs Kak B JaHHOH paboTe
MIPOM3BO/INIIACH MHOT'OKJIACCOBasi Kiaccu(uKaims (KaXIbli 1MoJb30BaTelb
SIBIIICTCA OTHENBHBIM KilaccoM). JlaHHBIM MOJIXOA TakXke MPUMEHSETCs B
UCCJIEJOBAHMAX, TMOCBAIIEHHBIX IMPOUIEHHON ayTeHTH()UKAMU Kak s
cpaBHeHHs ¢ OuHapHOW [86—89] Tak W Kak OTHCIBHBIA CIIOCOO
uaeHTU(UKamu noip3osarens [11, 90, 91].

B [86] npu ucnonbp30BaHuy OMHAPHOW ayTeHTH)HUKALMK CpETHUN
EER cocraBun 14,7%, B TO BpeMss Kak @pUd HCIOIb30BaHUH
MHOTOKJIacCOBOH Kkiaccupukanuu oH poctur 24,9%. B [87] mpm
HCITOJIb30BAHUH MHOTOKJIACCOBOH ayTeHTH(HUKAIIUU TOCTUTIINA F Mephl B
82%, a mpu WCHONb30BaHMM OWHApHOH Kiaccupukamun 92%.
B [88] c momompio HeiipoHHO# cetm ANN, pa3paOoTaHHOW aBTOpaMH
yAAIOCh JHOOUTHCS MAaKCHMAalbHOH TOYHOCTH Ha TECTOBOHW BEIOOpKE B
92,4% mna 40 xnaccax. B [89] OunapHas ayreHTu(dHKAMs MOKaszana
EER Ha 1,01% Menpmie yem MHOTOKJaccoBas. [Ipu 3ToM aBTOpHI
OTMEYAIOT, YTO XOTSA HPOAYKTHUBHOCTH MoOJelell u OyneTr Beime, cOop
JAaHHBIX [N pacIIUpeHHs MOJeNeH, MCHOAB3YIIMUX OHHAPHYIO
ayTeHTH(UKAMIO B pa3bl CIOXKHEe dYeM IS MHOTOKJIAcCOBOM
KITacCCH(UKAIHH, MOCKOIBKY TpeOyeT WHIWBHIYAIBHOW MOICTH IS
Kaxzaoro noJsb3zoBatens. B [11] nmpu ncnonb3oBaHMU MHOT'OKJIACCOBOTO
kinaccupukaropa B cucreMe ¢ 49 mMoib30BaTENsIMH, HCCIEAOBATEIH
nocturniu  TPR B 80,7-87,2% nayist pa3HbIX THUIIOB CUMTBIBAIOIIUX
yctpoiicte. B [90] nmpum  MCHONB30BaHMM — MHOTOKIACCOBOM
ayTeHTU(UKALUN aBTOPHl JOCTUIIM TouHOocTH B 91,72-98%. B [91]
C HCII0IB30BaHHEM MHOTOKIIACCOBOW KJIacCH(HKAIUN aBTOPHI JOCTHUTIH
cpennero 3HaueHus EER B 3,96%. PaccmoTpennsple wmcclenoBaHHA
MMOKa3bIBAIOT, YTO MHOTOKJIACCOBas ayTeHTH(UKANNI, XOTA U objIamgaeT
HEIOCTaTKaMHU [0 CPAaBHEHHIO ¢ OWHApPHOW KiIacCHPUKAIUEH, MOXKET
OBITH YCIIEITHO MPUMEHUMA IS 3ala9d IPOUIEHHOW ayTeHTH(HUKAun
(ocobenHo Ha Habope JAHHBIX C MaJbIM KOJUYECTBOM II0JI30BATEIEH).
Takum 00pa3oM, HCIOIB30BAaHHE MHOTOKIJIACCOBOW KiacCHU(pUKAIMH
M03BOJIAET YBEJIMYUTHh KOJIWYECTBO HCCIENOBAHUH, C KOTOPBIMU MOTYT
OBITH CPaBHEHBI PE3YJIbTATHl PaOOTHI.
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Tabmmna 4. CpaBHEHHE METPHK

JlaHHbIE, ONTyYEHHBIE B
JlaHHbIE U3 aHATU3UPYEMBIX
Ha6op naHHbIX pe3yabTaTe JaHHOTO
HCTOYHUKOB
HCCIeN0BaHHS
WISDM Accuracy: Accuracy:
(axcenepomerp |Random forest: 51,7-94,3% | Random forest: 98,8%
Tenedona) SVM: 30,6-94,6% SVM: 94,5%
Accuracy:
Avg. Random forest: 72,29%
Balabit Accuracy: [75]
. 0/.0
Random forest: 46,12%% Avg. Random Forest: 79,7%
[77]
DFL AUC: 0.928 AUC: 0.99
Chao Shen FAR: 70,6% FAR: 0,37-44,65%
FRR: 70,6% FRR: 1,12-34,78%

4. 3axmoyenne. B xone npoBen€HHOrO HCCIEAOBaHUS OBLIO
BBHIIIOJTHEHO ~ OLCHMBaHME WH(MOPMATHBHOCTH B  JIOCTYHHBIX  JUIA
uccienoBaHMs ~ Habopax  JaHHBIX JUIA  BBIIOJIHEHUS  IIPOJUIEHHOM
ayTeHTU(HKAIMH, SKCIEPUMEHTAIFHO OBUIM IIPOBEPEHBI 3aBUCHMOCTD
TOYHOCTH M BPEMEHH Pa0OTHI PA3IMYHBIX MOJENCH Ui KiIacCH(UKAINU
MOJTb30BaTENsl OT KOJIMYECTBA HCIOIb3YEMBIX MPU3HAKOB, IHOCTPOCHEI
rpagukn 3THX 3aBHCHMOCTeH. [lomydeHBl peKOMEHZanuu MO BBIOOPY
nH(pOpPMATUBHBIX IPU3HAKOB, MO3BOJIIOINX COKPATHTh BPEMsI TOCTPOCHHS
u paboTel Mojelell 0e3 CyIIeCTBEHHOTO CHIDKCHMS METPHKH KauecTBa HX
pabotsl. Bee 3amaum, mocraBieHHbIE B Hadane paOOThl OBIIM yCHENIHO
BBHINIOJIHEHBI. B pe3yiprare W3y4eHUsl IOCTPOCHHBIX TIpaUKoB Oblia
cocTapjeHa TabJIMIa PeKOMEH/IOBAaHHBIX HA0OPOB NPU3HAKOB JJIsI KXKAOTO
Habopa JaHHBIX, PAacCMOTPEHHOTO B XOJE MCCIEJOBAaHHUS, a TaKKe
BBITIOJTHEHO CPaBHEHUE Pe3yJbTaToB 0e3 0TOOpa MPU3HAKOB U C 0TOOPOM
MPU3HAKOB C TMOMOIIBIO OIICHWBaHUS HH(opMaTHBHOCTH (Tabiuua 4).
YMeHbIICHHE KOJMYECTBA NPHU3HAKOB 3a CUET HMCIHOJIB30BaHUS Hamboiee
3HAQUUMBIX  TO3BOJUT  YMEHBIIUTH  BpeMs  OOy4eHHs  Mojelner
(B 3aBUCHMOCTH OT aJTOpUTMa KiIacCHu(UKaIny 1 HabOpa JaHHBIX YIAJI0Ch
COKpaTuTh BpeMmsi pabotel or 5 1o 82%, B cpemHeM MaKCHMallbHBIA
IPUPOCT CKOpocTH pabotel Mognenu coctaBwn 40%), 3arpaTtel Ha
pacmpeHre HaOOpOB JaHHBIX 3a CUYET COKpAlIeHUs] CHHMAaeMbIX
MPU3HAKOB, & TaK)Ke MOTCHI[MAJIBHO MOBBICUTh TOYHOCTH PAOOTHI MOJIEINEH
NPU  BBIMIOJIHEHUU TPOJAJEHHON ayTeHTH(HKAUUK W KiIacCH(UKAIWK.
[lepcriekTHBB  JaNbHEHIIETO HWCCIENOBAaHHWA JIe)KaT B MIPUMECHEHUH
PacCCMOTPEHHBIX METOJOB W MHCTPYMEHTOB IUIS COKPAIICHHS KOJINYECTBA
HCTIONB3YEeMBIX TPHU3HAKOB B HCCIICIOBAHUAX, TAaKKe IOCBAMIEHHBIX
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MpOANEHHON ayTeHTH(WKAIWK Ui JAPYTHX (pakTopoB, HampuMep,
ayTeHTH(HUKAINH 110 THHAMUKE JIBIDKEHHS 3padKOB.
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S. DAVYDENKO, E. KOSTYUCHENKO, S. NOVIKOV
EVALUATION OF THE INFORMATIVENESS OF FEATURES IN
DATASETS FOR CONTINUOUS VERIFICATION

Davydenko S., Kostyuchenko E., Novikov S. Evaluation of the Informativeness of Features
in Datasets for Continuous Verification.

Abstract. Continuous verification eliminates the flaws of existing static authentication,
e.g. identifiers can be lost or forgotten, and the user logs in the system only once, which may
be dangerous not only for areas requiring a high level of security but also for a regular office.
Checking the user dynamically during the whole session of work can improve the security of
the system, since while working with the system, the user may be exposed to an attacker (to be
assaulted for example) or intentionally transfer rights to him. In this case, the machine will not
be operated by the user who performed the initial login. Classifying users continuously will
limit access to sensitive data that can be obtained by an attacker. During the study, the
methods and datasets used for continuous verification were checked, then some datasets were
chosen, which were used in further research: smartphone and smart watch movement data
(WISDM) and mouse activity (Chao Shen’s, DFL, Balabit). In order to improve the
performance of models in the classification task it is necessary to perform a preliminary
selection of features, to evaluate their informativeness. Reducing the number of features makes
it possible to reduce the requirements for devices that will be used for their processing, and to
increase the volume of enumeration of classifier parameter values at the same time, thereby
potentially increasing the proportion of correct answers during classification due to a more
complete enumeration of value parameters. For the informativeness evaluation, the Shannon
method was used, as well as the algorithms built into programs for data analysis and machine
learning (WEKA: Machine Learning Software and RapidMiner). In the course of the study, the
informativeness of each feature in the selected datasets was evaluated, and then users were
classified with RapidMiner. The used in classifying features selection was decreased gradually
with a 20% step. As a result, a table was formed with recommended sets of features for each
dataset, as well as dependency graphs of the accuracy and operating time of various models.

Keywords: informativeness, classification, continuous verification, machine learning,
feature selection, information security.
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BUILDING AN ONLINE LEARNING MODEL THROUGH A DANCE
RECOGNITION VIDEO BASED ON DEEP LEARNING

Hung N.V., Loi T.Q., Binh N.H., Nga N.T.T., Huong T.T., Luu D.L. Building an Online Learning
Model Through a Dance Recognition Video Based on Deep Learning.

Abstract. Jumping motion recognition via video is a significant contribution because it
considerably impacts intelligent applications and will be widely adopted in life. This method can
be used to train future dancers using innovative technology. Challenging poses will be repeated
and improved over time, reducing the strain on the instructor when performing multiple times.
Dancers can also be recreated by removing features from their images. To recognize the dancers’
moves, check and correct their poses, and another important aspect is that our model can extract
cognitive features for efficient evaluation and classification, and deep learning is currently one
of the best ways to do this for short-form video features capabilities. In addition, evaluating the
quality of the performance video, the accuracy of each dance step is a complex problem when
the eyes of the judges cannot focus 100% on the dance on the stage. Moreover, dance on videos
is of great interest to scientists today, as technology is increasingly developing and becoming
useful to replace human beings. Based on actual conditions and needs in Vietnam. In this paper,
we propose a method to replace manual evaluation, and our approach is used to evaluate dance
through short videos. In addition, we conduct dance analysis through short-form videos, thereby
applying techniques such as deep learning to assess and collect data from which to draw accurate
conclusions. Experiments show that our assessment is relatively accurate when the accuracy and
F1-score values are calculated. More than 92.38% accuracy and 91.18% F1-score, respectively.
This demonstrates that our method performs well and accurately in dance evaluation analysis.

Keywords: online learning, deep learning, LSTM, GRU, RNN, Vietnam.

1. Introduction. Video technology research has been one of the
hottest topics in recent years. Dance motion recognition, one of many video
technologies, is critical for intelligent applications and is widely used in
many aspects of life and education. Training and coaching a smart dance
assistant takes significant time for the individual learner and the instructor.
Some poses are difficult to perform repeatedly, impacting the psychology of
students and teachers. The dancers’ postures can be mapped using features
extracted from their images. As a result, existing extraction techniques rely on
this method to focus more on the video’s spatial domain, that is, extract pixel
information from video frames while ignoring changes in the motion state of
the video motion in the time domain [1]. The process of transitioning from
one movement to the next is critical because there are unrelated movements,
making it difficult for learners to grasp the lessons.

Furthermore, all dance movements are based on human body
movements [2]. The development of dance motion detection and recognition
has been slow due to the complexity and breadth of dance movements. As

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 101
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBII MHTEJJIEKT, MTHXKEHEPUS JIAHHBIX U 3HAHUI

a result, technology assistance is required. In [3], dance motion recognition
technology primarily needs to process activities that change in space and time
to maintain stability when performing some dance movements, which is the
primary goal of standard muscle training for general strength, strength, and
bodybuilding.

Indeed, we can easily see two motion recognition methods: those
based on manual features and those based on deep learning models. Although
there are various aspects, deep learning is the primary technology to extract
video features [4, 5]. Deep learning algorithms are used to recognize complex
movements and capture them [6]. Through advanced features of many layers,
deep learning has much higher generalizability than other methods [7].
Furthermore, classification [8, 9] and semantic segmentation [10, 11]
outperform traditional methods. At the moment, depth neural networks
are more commonly used by dividing them into many convolutional neural
networks [12] that process both image data and string data. The cyclic neural
network outperformed traditional classification methods and has gained
widespread attention.

Many studies have shown that deep learning occurs primarily through
learning and training a large amount of data [7, 13], with the goal of the
parameters in the model exactly matching the rules given by the user to
significantly reduce the gap between the original data, the target category,
and perform the corresponding dance action recognition classification, through
the use of the object’s motion recognition technology. We can assess a dancer’s
jump position and suggest modifications by comparing the move with a standard
action. Our dance motion recognition system will be significantly improved,
especially today, as learning and teaching have become commonplace in the
internet age as universities want to expand internships online with modern
technology. Technology can evaluate teachers or judges in dance competitions
or sports for performing complex moves. Figure 1 is an experimental case
depicting how new research technology will replace humans. Instead of doing
it manually, dance moves on stage will be marked automatically through
technology. School needs are needed when teachers can only perform a
few times per facility, and teachers can use this proposed method to improve
assessment work.

Dance has become as famous worldwide as in India [14]. However, in
Vietnam, when it comes to physical education and sports, generally referred
to as physical education, most people immediately think of athletics, football,
volleyball, badminton, etc. A few think about dancing because this subject
has received little attention in Vietnamese universities based on the necessary
conditions in Vietnam.
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Video display time t Video display time t

EC T

== The Computer
a) Current Research b) Our Research
Fig. 1. a) Current Research: The examiner looks at the live dance, evaluates it, and
gives it a live score; b) Our Research: We build and store the model on the computer;
the computer will calculate and give the score directly

In Vietnam, processed videos are often analyzed and processed in
manual evaluation, and some deep learning techniques have been widely used
recently. However, contributions are still limited. Therefore, applying deep
learning and video analysis techniques to classify dances from a computer
perspective is necessary. Furthermore, because students at university in
Vietnam need a realistic view of their experience, recorded videos help them
describe the practice. On the one hand, there needs to be more experimentation
in Vietnam with online video in teacher training and other professional training
programs using web video applications. In our system, to support self-
assessment, students must be familiar with the assessment standards and the
criteria they represent. When trained, our system thus improves the quality
and aids in evaluating each regular and memorable dance. Our system will
help consider a teacher’s comments critically and act more. On the other hand,
subjective evaluations significantly impact the outcomes of dance participants.
Therefore, safety and trust should be established during the assessment process,
mainly when dealing with sensitive issues related to complex life. Consequently,
we formulate the scientific novelty of the paper as follows: the proposed method
can replace the current manual model; the proposed process will automatically
evaluate and give direct results, avoiding waiting time from manual evaluation.
The model is used for active online learning through trained videos. The
experimental results are practical models of 3 models, RNN, LSTM, and GRU,
with evaluation rates of 91.88%, 95.96%, and 96.98%, respectively.

This paper is organized as follows: Section 2 discusses the related work.
Section 3 presents the concepts and features of identifying fake news on social
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networks. Section 4 describes the suggested viewport estimation technique.
Section 5 contains the performance assessment. Section 6 concludes with a
discussion of our conclusions and open questions.

2. Related work. In [15], the algorithm provides a robust and trusted
environment for video transactions by incorporating the FISCO alliance
chain for secure transaction management and leveraging trusted computing
techniques for video processing. It combines the benefits of blockchain
technology, secure communication, and hardware-based security to enhance
the video transaction process’s overall security, integrity, and transparency
without focusing on processing and dance analysis techniques in the dancer
video.

On the other hand, the methods recently, the author will use deep
learning, the procedures generally looking for ways to differentiate and predict
and provide better prospects, such as [16, 17]; the author focuses on analyzing
user behavior and then focuses on a series of behavioral recognition algorithms
based on image and bone data; deeply examine their theories and performance,
and finally offer further perspectives. However, this application still has many
limitations, such as the fact that each person’s behavior changes over time, and
in the coming years, as people and society change, attitudes toward behavior
assessment will also change. In [17], the author focuses on its construction as
a dance figure classification problem using three-dimensional body joints and
wearable sensors based on long short-term memory (LSTM), and it includes
time- and orbit-wise structure using orbital information in timestamps and
time-mask modules. However, as stated by the author, the author relies on
three-dimensional body joints and sensors, which has the limitation that the
research will heavily depend on the sensor. According to a recent study [18],
the author recommends short-form videos on TikTok and songs and dances
for users to repeat. However, the author only investigates the social spread
of TikTok challenges by predicting user engagement and combining potential
users and challenge representatives from previous videos to perform this user
challenge prediction task. As a result, the author still needs to address the
training issue and has limited his analysis to the dances in the video.

Furthermore, the advancement of Internet technology has brought
opportunities and challenges for dance education in colleges and universities.
Traditional dance instruction in universities still needs to meet students’
needs [19]. Effective reform measures must be implemented to strengthen the
reform of dance instruction in colleges and universities. The author proposes
using dance teaching in universities as a research breakthrough while also
researching and analyzing the methods of teaching dance in the new era in
depth. Besides, researchers and technical staff have taken notice of a recent new
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study that used virtual reality technology in multimedia technology to create a
teaching system that simulates dance sports in [20, 21]. However, the author is
primarily divided into two aspects to explore the inevitable dance process of
editing the actions of virtual humanoid technology dancers. Finally, regarding
the three movements included in the final sport dance teaching, the author
focuses on fundamentally solving the shortcomings of contemporary dance
sports teaching while offering sports-specific solutions and measures. In [21],
the author also explains the related concepts of virtual reality technology dance
teaching in colleges and universities. In general, the studies only focused
on teaching work but did not focus on video analysis for processing, thereby
making a final assessment of video analysis and processing.

Dance movement is becoming an increasingly common research
topic in the broader field of human motion analysis [6]. Recent approaches
primarily employ recurrent neural networks (RNNs), which have been
shown to accumulate prediction errors, limiting models that synthesize
short choreography to less than 100 poses. The author [22] also proposes a
multimodal convolutional autoencoder capable of generating novel dance
motion sequences of arbitrary length by combining 2D bone and audio
information using an attention-based feature fusion mechanism. However, the
author must consider the skeleton’s characteristics as input in this method
according to the previous model. This is only true for passive data sets, so
our approach will carry out automatically when the data is transferred to the
model for monitoring.

3. Theory background. In this section, we discuss some concepts,
thereby discussing and recommending models for analysis and performance
evaluation for future use models.

3.1. Dance identification. Counseling identification is an important
area that many scientists focus on researching to serve life. Martial arts is
considered the most exciting field in recent times. In [19 — 21, 23, 24], Sports
dance is a sport that combines music with flexible, graceful, beautiful, and
appealing movements. Currently, this sport is gradually becoming popular.
It is practiced regularly, helping people exercise, improving exchanges and
solidarity, and improving spiritual life quality. On the other hand, sports dance
does not require high artistic and technical skills in daily practice, so in recent
years, this subject has gradually become popular and developed rapidly and
widely, with people of all ages, genders, and professions practicing together.

This subject not only brings health but also mental comfort to those
who participate in the practice, assisting them in becoming more confident in
themselves, meeting new friends, having a great time immersed in melodic
music, and dispelling life’s stress and depression. With the same starting point
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as everyone’s passion for sports, today’s dance clubs are contributing to the
development of the sport and physical training movement worldwide to improve
everyone’s health and spiritual life.

3.2. Discussion. In general, with the development of information
technology, scientists have expanded and researched a lot in the evaluation,
analysis, and comment models. Based on practical conditions, this paper
analyzes three basic and widely used models below: RNN — Recurrent Neural
Network, GRU — Gated Recurrent Unit, and LSTM — Long Short-Term
Memory.

3.2.1. RNN - Recurrent Neural Network. RNN is a special machine
learning model designed to process sequential data such as time series or time-
dependent data [25]. An important feature of an RNN is its ability to maintain
a hidden state during input data processing and reuse this information when
processing subsequent components of sequential data. This allows the RNN
to understand and preserve the context and temporal relationships between
elements in the sequential data.

In dance recognition problems [26], RNNs can classify dances based on
previous temporal information. To do this, we create an RNN with an LSTM or
GRU layer to understand and model the material characteristics of the dances.

Suppose we have a data set of dance patterns recorded in a time series.
Each dance pattern can be represented as feature vectors, and we need to feed
them into the RNN to classify them as corresponding to different dances.

The RNN model is built with several layers, in which the first layer is an
LSTM layer, then Dropout layers to avoid overfitting, and finally, a Dense layer
with softmax activation function to perform classification. Once the model
trains on the dataset, it recognizes new dances that have not been seen before
by relying on the knowledge of dance patterns learned from the training set.
While RNN has advantages in sequential data processing, it also faces some
limitations, such as the problem of vanishing gradients and the difficulty of
long-term information retention.

RNN is a powerful tool for dance recognition and other sequential data
processing [27]. Combining LSTM layers helps the model understand and
mimic complex time patterns and predict and classify dances accurately. First,
an embedding layer is pushed in. Next, ignore the already stored space to
remove the standalone feature that dropout keeps. The SimpleRNN class uses
50 units in Figure 2. Each type identifies with five topics. Next, the Dense class
is used to classify feature features based on the outputs from the composite
courses.

On the other hand, we perform classification using the softmax
activation function commonly used for the output layer. Softmax ensures
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that the predicted probabilities across all classes sum up to 1, providing a
probability distribution over the classes.Besides, the appropriate loss function
for multi-class classification with softmax activation is the categorical
cross-entropy loss. This loss function measures the dissimilarity between the
predicted probability distribution and the actual class labels.

Y Yy ) Y

Xy ) Xz ) X
Fig. 2. Algorithm for RNN model

For the RNN model, for the input value x;, there will be a corresponding
y; value. The process of using our RNN model is as follows:

at:f(Ta*xt+Wa*at—1))7 (1

i =h(Vaxa;), )

where T, V,, and W, are learnable weight matrices; x is the input at t that is
the one-hot vector corresponding to the size of n — 1; a; is the hidden state at t
that is calculated based on both the presiding state and input. y, is the output
at t, a probability vector of predicting words by learning information from all
previous inputs.

3.2.2. GRU -Gated Recurrent Unit. GRU is a type of RNN developed
to address limitations found in LSTM networks and enhance the performance of
processing sequential data [28]. Like LSTM, the GRU maintains a hidden state
to handle sequential information and learn intricate timing patterns. However,
the GRU simplifies the LSTM architecture by eliminating sure gates and
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replacing them with a single gate mechanism. This modification results in a
more straightforward structure for the GRU to understand and work with.

The gate mechanism in the GRU allows the model to decide what
information should be ignored and hidden. This helps the model focus on
the important factors in the sequential data and reduces problems such as
disappearing gradients during training.

In the dance recognition problem, GRU builds a dance classification
model based on sequential data of dance features. Each dance pattern can
be represented as feature vectors and fed into the GRU network to learn the
designs and the time dependence between dances.

The GRU is built with a simple GRU layer, followed by Dropout layers,
to avoid overfitting — finally, a Dense layer with a softmax activation function
to perform multiclass classification. Thanks to the unique gate mechanism
and the smaller number of parameters compared to LSTM, GRUs typically
train faster and require fewer resources. GRU is popular for sequential data
processing problems, including dance recognition.

GRU is an efficient variant of recurrent neural networks in recognizing
and classifying dances based on sequential data [29]. This makes processing
temporal data in dance applications easier and is highly efficient in identifying
and classifying different dance patterns. In Figure 3 simulates our calculation
algorithm; we recalculate the values using the formulas for the gates Reset
gate (1), Update gate (z,), Candidate hidden state (h}), and Hidden state (/1)
as follows:

b/ N Iyit

8 3

e

Zt
o0 | ?

Ltani |

|
\. J

Xt

Fig. 3. Algorithm for GRU unit
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rr =0 (W [ly—1,x]), 3)
2z =0(W,x[h—1,x]), “
) = tanh(W), * [ry % hy—1,x7]), (5)
hy=(1—r)*h_1+2z*hl), 6)

where W,,, W,, and W), are learnable weight matrices, x; is the input x; time
step t, h;—1 is the previous hidden state, and 4, is the current hidden state.
Besides, y, is used for passing information to future time steps and computing
the output.

3.2.3. LSTM - Long Short Term Memory. LSTM is an RNN
architecture that processes sequential data with complex long-term and
short-term characteristics [28, 30]. LSTM helps to solve the problem of
gradient vanishing and the difficulty of long-term information retention in
conventional RNNs. This makes LSTM a powerful tool for handling complex
sequential data such as time series or natural language.

In the dance recognition problem, LSTM builds a dance classification
model based on the temporal information of the dance features [14]. Each
dance pattern is represented as feature vectors and fed into the LSTM network
to learn the designs and the time dependence between dances. The LSTM
model is built with an LSTM layer, then Dropout layers to avoid overfitting, and
finally, a Dense layer with a softmax activation function to perform multiclass
classification.

The ability to store long-term information in long-term memory is
an important feature of LSTM. This allows the model to capture the dances’
complex relationships and temporal structure. Long-term memory helps the
model recognize intricate dance patterns based on information learned from the
training set and then applies this knowledge to recognize new dances that have
not been seen before. Although LSTM has outstanding advantages in handling
complex sequential data, it also requires more computational resources than
other models, such as GRU. This can sometimes make it difficult to train and
deploy the model.

LSTM is a recurrent neural network architecture powerful in
recognizing and classifying dances based on temporal information of dance
features. This makes time data processing in dance applications efficient
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and reliable and allows identifying complex and varied dance patterns. In
Figure 4 simulates our calculation algorithm; we recalculate the values using
the formulas for the gates Forget gate (z;), Input gate (y;), Output gate (n;)
as follows:

h*t
Ct1 / An \
uyr Ct
Zt Vi
|—’ [tanh |
o N o | C’t‘[

[ ] = h

hey 1 S ¢
o
x[t]

Fig. 4. Algorithm for LSTM cell
Zt:G(Uz*xt+W/z*ht—l+bz))a (7
yt:G(Uy*x[+Wy*h[7]+by)), (8)
ny =0o(Uysx, +Wyxhi_1 +by)), 9)

¢; = tanh(U, xx; + W hy—1 + b)), (10)
Ct:ZI*Ct—l"_yt*C;u (11)
hy = h, = n, xtanh(c,), (12)

where Uy, Uy, Uy, U¢, W, Wy, W,,, and W, are learnable weight matrices, b, by,
and b, are bias coefficients, x; is the input x; time step t, ;1 is the previous
hidden state, and 4, is the current hidden state. ¢, is the forget gate that decides
how much to get from the cell state first, and the input gate decides how much
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to take from the input of the state and a hidden layer of the previous layer.
Besides, 4, is the output gate that decides how much to take from the cell state
to be the output of the hidden state. In addition, 4, is also used to calculate the
output /; for state t.

3.2.4. Loss function. A loss function is a function that measures the
difference between the model’s predicted value and the ground truth. We
calculate the loss function using the following formula:

| N
Lossz—N ZlOg(P(YiPCi))v (13)
i=1

where N is the number of training samples,

x; is the input data of the i sample,

y;i: is the actual label of the i sample,

P (yilx;): is the probability that the model correctly predicts label y; for
data x;.

4. Proposed model. In this section, we present the proposed method
and the model we use. The article is analyzed and proposed with three separate
models: RNN, GRU, and LSTM. Detailed descriptions are provided in the
following sections.

4.1. Problem Formulation. Dancing is a type of sport that most
students are interested in when they want to exercise their health and can
solve boring problems in life, with the desire to change the lifestyle of society
and change the daily life of Vietnamese people. Besides that, the aspect changes,
and towards the competition expands beyond the country.

In addition, higher education in Vietnam aims to be more
comprehensive.  Therefore, this study also seeks to build a quality
assessment team for university dance. Besides, analyze dances to cluster and
evaluate dance classification for each object, thereby extracting information. In
this section, we identified five popular dance types in Vietnam corresponding
to 5 trends on social networks: "Heyhey," "Kyngucfan," "Thuyen Quyen,"
"Trong Hoa," and "Mua Bai Vietname" dance. Each type of dance consists of a
set of basic movements represented by corresponding landmarks on the body.

The way we do it is as follows. We used landmarks from the Mediapipe
Pose to show the moves. Each landmark is represented by a vector by:
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D; = (Xi, Xig 15 s Xitn—1)s (14)

where x; (1 < i < n) are the x coordinates of the i landmark. Next, we use
geometric analysis and linear algebra to determine the degree of correlation
between landmarks by calculating the Euclidean distance between landmark
points. Finally, Building a Dance Recognition Model After extracting
landmarks and performing analysis, we make a machine learning model to
recognize the dances. The model includes hidden layers to learn complex
relationships between landmarks and correlations. To do this, we calculate
according to the following formula:

Step 1: Calculate the expected vector of all data, with N data points
represented by the column vectors xp, x2,.., X, then the expectation vector and
the covariance matrix of the entire data are defined as:

1 N
F=g n; X (15)
Step 2: Subtract each data point from the expected vector of all data by:
X=x,—x (16)

Step 3: Calculate the covariance matrix by:

1
N

M=

S (x, —%)(x, — %) = %xxT (17)

n=1

Thus, to calculate the eigenvalues and eigenvectors with a norm equal
to 1 of this matrix, we arrange them in descending order of eigenvalues, with
K eigenvectors corresponding to K largest eigenvalues to build a matrix Ux
with columns forming an orthogonal system. Furthermore, these K vectors,
also called principal components, include a subspace close to the distribution
of the normalized initial data. Projecting the original data normalized X down
the subspace finds new data, which is the coordinates of the data points on the
new space as follows:

Z=Uk+%. (18)
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Thus, the original data can be approximated according to the new data as
follows:

x=Ug *Z+%. (19)

After determining the correlation of the data, we analyze and put in the models
presented above for training.

4.2. Design and problem solve. In this section, we design a model to
evaluate the dance in Figure 5. We created this model to expect the model to
consider each dancer automatically for each video. We pulled some images
from selected videos, as shown in Figure 6.

MODEL PROPOSED|
PREPROCESSOR MODEL Layer|
Feature NN
(Data frames) l i
Model Training
Pre-processing
Choice Layer
Videos Mediapipe pose
Dense Layer
Data encryption
= 1
i‘ Dropout Layer
.
| | Dataset
b I
L .
[
_
] Classification
Data test of dances
Experimental

results

Fig. 5. Procedures for receiving and handling dancer information of our
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e R

a) Video 1 b) Video #2
|
A l
' !
i

|
n |

c) Video #3 d) Video #4

Fig. 6. Some images represent some videos extracted from the experiment

After being trained and trained, the specific model is analyzed as
follows:

— Step 1: The first data is the videos to be injected and preprocessed
through the Mediapipe. Mediapipe is a very accurate and lightweight body
gesture detection library. So, we used Mediapipe to assign body gestures to
identify objects and categorize them later. We can see that Figure 7 shows the
process of validating dance gestures using Mediapipe. Besides, we also encode
the data to know the data into the data with the middle sentence and save the
data set for training in the following steps.
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a) Original image extracted b) Point-assigned image
from the video

Fig. 7. a) Original image extracted from the video; b) Point-assigned image

— Step 2: After the data is normalized, the data will be saved to the
Dataset and the area partition as shown in Figure 8; the data will be used
based on the features to extract into the models. Thus, steps one and two,
which are our proposed system, these steps perform data preprocessing and
feature extraction to get into training models. Their recommendation system
implements this process to improve the direct processing of the data before it
is fed to the training models, thus reducing the training load.

Furthermore, the Extracting Feature will be the analysis content of the
video will be converted to a vector to create a folder to use the features in the
video. Each dance is labeled, analyzed, and given the corresponding numbers.
Each dance is converted to an array with fixed-assigned natural numbers.
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Scatter plot of Extracted Features

J 4.0
0.9 °
0.8 35
0.7 3.0

Feature 2
(%)
o
Classification of dances

T T T T 0.0
0.0 0.2 0.4 0.6 0.8 1.0

Feature 1
Fig. 8. Data Partition of Model

— Step 3: As shared in steps 1 and 2, these are two essential steps that
support the implementation and training of models. In this step, after the data
is preprocessed and extracted features are sent to the model, the Modes will
drop unnecessary features, traversing the classes to train and storing the parts
for later testing.

Moreover, the poses in training will be relevant if there is a wrong
posture, and our system will find and analyze the mistakes that the dancer often
encounters. In this section, the system will clearly show some typical features
that dance encounters in the training data set. After being stored and analyzed,
data will be saved as feature vectors. During training, the model can extract
this feature to give warnings and guide the dancer through challenging poses.

5. Performance Evaluation

5.1. Experimental Settings. In this paper, we use five dances, each
with ten videos. These are short-format videos, less than 20 seconds in length.
The experiment was conducted on a Windows 10 computer using an ASUS
Rog Strix G15 G513IC Laptop with a Ryzen 7- 4800H processor, 16 GB RAM,
and an RTX 3050 4GB graphics card. Moreover, to test our model, we conduct
the video extraction evaluation analysis into two parts from the dynamic; part
1 consists of 80% for the training and the remaining 20% for testing. The
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language we use is the python programming language with the libraries used

including:

— Mediapipe: we use it to detect body gestures;

Pandas: We use it to build data structures;

— Opencv-python-headless: We use it for video processing;

— Scikit-learn: We use it to handle classification problems.
In addition, we set up each model to 50 units, Dropout (0.2), Dense(units
= 1, activation = "sigmoid"), and each model saves on a file with the extension

hS.

Tensorflow: We use to compute, train, and infer deep neural networks;

5.2. Performance evaluation. The precision, recall, accuracy, and
F1-score criteria assessed the model performance. Table 1 [6, 9] shows the
parameters, which are as follows:

— TP: The model predicts 1 while actually, it is 1;

— TN: The model predicts 0 while actually, it is O;

— FN: The model predicts 0, but the truth is 1;

— FP: The model predicts 1, but the truth is 0.

Table 1. Matrix of confusion

Labels

Positive prediction

Negative prediction

Positive action False positive (FP)

True negative (TN)

Negative action | True positive (TP)

False negative (FN)

On the other hand, the Precision is calculated as the number of positive
points divided by the total points of TP and FP as follows:

TP
Pre

“TPYFP

(20)

Recall is calculated as the number of positive points divided by the total
points of TP and FN as follows:

TP
Rec

“TP+FN’

ey

Accuracy is determined by the sum of TP and TN overall points on the
sum of TP, TN, FP, and FN as follows:

TP+TN

Ac

~ TP+TN+FP+FN’
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Finally, the F1-score is calculated as follows:

F1 _ Pre Rec

= * .
2 Pre+ Rec Pre—+ Rec

(23)

5.3. Results. Experiments show that all three methods show stable
results. In five independent runs, the GRU model method gives the best results,
and the RNN gives the most limited results in Table 2.

Table 2. Experimental results of 3 models RNN, GRU, LSTM
Nu. of times

Value . LSTM | RNN | GRU
for testing

F1-score (%) 1 98.42 92.7 | 94.87

2 95.31 | 86.93 | 96.65

3 96.58 | 92.22 | 97.58

4 95.19 | 91.03 | 98.24

5 98.36 92.3 | 98.22

Average 96.77 | 91.04 | 97.11
Accuracy (%) 98.48 92.81 | 94.94
95.41 87.43 | 96.84
96.73 | 92.43 | 97.66
95.48 | 91.08 | 98.29
98.46 | 92.58 | 98.27
Average 96.91 | 91.27 | 97.20

G| A W N~

Loss (%) 1 4.57 21.93 | 15.63
2 13.69 | 36.19 | 8.83

3 9.4 2327 | 7.05

4 1423 | 2578 | 4.97

5 4.87 20.83 | 5.12

Average 9.35 25.60 | 8.32

Experimentally, we can see that using the model of GRU is the best
choice when the F1-score value reaches about 97.11%, followed by LSTM and
RNN, respectively. Besides, the Loss or Accuracy values also show promising
results when Accuracy offers is 97.20%, while the loss value is 8.32%. For the
RNN model, the loss value of 25.60% is relatively high and three times higher
than that of the LSTM model at 9.35%.

Overall, Model GRU showed better results with three models than the
LSTM and RNN models. However, the experimental results are processed in
short video formats. Our future direction will be to conduct more reviews with
longer videos. Table 2, Figures 9, 10, and 11 show the results for each time to
experiment.
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Loss Over Epochs RNN Accuracy Over Epochs RNN
— Tain Loss — Train Accuracy
— Validation Loss | 0,9 { — Validation Accuracy

12 —

10

508

k|

06

04

02

¢ 2z 4 6 & m B 1 52 3 & 8 1 & 1
Epochs Epochs

a) Random experimental model RNN - time 1

Loss Over Epochs RNN Accuracy Over Epochs RNN
— Train Loss 09{ — main Accurac
— Validation Loss —— Validation Accuracy >

12
o
"
207
Fos
2
o
os
04 ‘\ N 05
- AV
S R S S A R S ERE
ochs ochs
b) Random experimental model RNN - time 2
Loss Over Epochs ccuracy Over Epochs At Los Over Epchs RN Accuaey OverEpochs
— v =

/

08 i 408
3o §
B

041 0s
05

02 02

L S S S S Y R S B S B Ry Tz 5 6 & ®m n oW T2 3 6 © B oW
epochs evochs pochs epachs

¢) Random experimental model RNN - time 3 d) Random experimental model RNN - time 4

Loss Over Epochs RNN Accuracy Over Epochs RNN
— main Loss — Train Accuracy ,,,

12 — validation Loss | 09| — veldatonAccuracy A\~
10
08
3
06
04
02

6 2 4 ¢ 8 1 v 1 S 31 & & & D © 1

Epochs Epochs

¢) Random experimental model RNN - time 5
Fig. 9. Accuracy and Loss value of RNN model
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6. Conclusions. The dance classification plays the most important role
in online learning through video tutorials. This paper proposes a model to
classify and evaluate dance based on RNN, GRU, and LSTM models. The
GRU algorithm showed better results for this study in short-form videos.
However, our experiments show that our proposed models achieve a reasonable
fl-score rate of over 91%. In which GRU is approximately 97%. The article’s
contribution is processing videos and thereby improving online learning tools
for students at universities in Vietnam.

In addition, our method can evaluate learners without requiring a study
coach or a panel of judges to comment. We can learn continuously and repeat
many times for complex dance.

However, our method also has a few limitations, as follows:

— First: the experimental model for short-form video.

— Second: the current model has limited data, so it only works with
trained videos; in case the model has not been trained, it needs to be trained,
so it takes time to train.

Therefore, in the future, we plan to build a reinforcement learning model
to limit the need to retrain the mode and expand the study of longer videos.
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H.B. XvHr, T.K. Jlou, H.X. buHb, H.T. Hra, T.T. XblOHI, I.JI. JIVY
IHOCTPOEHHME MOJEJIN OHJIAH-OBYYEHMUS C moMoOmbIO
BHUJIEO I1O PACIIO3HABAHUIO TAHIIEB, OCHOBAHHOI'O HA

INTIYBOKOM OBYYEHUU

Xyne H.B., Jlou T K., bune H.X., Hea H.T., Xvione T.T, Jlyy /.JI. IlocTpoenune moaenn
OHJIAiH-00yYeHH s ¢ IOMOIILIO BH/IEO 110 PACIO3HABAHUIO TaHIIEB, 0CHOBAHHOT'0 HA IUTy00KOM
00yueHHH.

AnHoTanus. Pacrio3HaBaHue IBMXEHMII NPU INPBDKKAX C MOMOINBIO BUIEO SIBIISETCS
3HAYUTEJIbHBIM BKJIAJJOM, OCKOJIBKY OHO 3HAUHTE/IBHO BJIUSET Ha HHTEJIEKTya IbHbIe IPHIOKEHUS
1 OyZAeT IHPOKO NMPUMEHSTHCS B KH3HA. DTOT METOJ MOKET OBITh UCHOJIb30BAH IJIs1 00y UeHUs
OyIyIMX TAHIIOPOB C MCIIOJIb30BAHMEM MHHOBALMOHHBIX TeXHOMOTHI. CJIOXKHBIE MO3bI OYIyT
HOBTOPSTBCS M COBEPIIEHCTBOBATHCS C TEUEHHEM BPEMEHH, UTO CHU3HUT HArpy3Ky Ha HHCTPYKTOpa
NP MHOTOKPaTHOM BBINOJHEHUH. TaHLIOPOB TaK:ke MOXKHO BOCCO3JaTh, YIAJIMB 3J€MEHTHI
13 UX u300paxeHuil. Pacrio3HaBaTh ABMKEHUS TaHIIOPOB, NPOBEPATh U KOPPEKTHPOBATH UX
TIO3BI, U ellle OJHMM BaXXHBIM acHEKTOM sIBJISIeTCS] TO, YTO HAIlla MOJAENb MOXET U3BJIEKaTh
KOTHUTHBHbIE (DYHKUIMH 17151 93((PEKTUBHOI OLIEHKU M KJIACCH(UKALINH, a ITTyOOKoe 00ydeHre
B HacToOsIIllee BpeMsI SIBJISIETCS] OHUM U3 JyUIIHX CHOCOOOB CHeslaTh 9TO AJIsT BO3MOXHOCTEN
KOPOTKHMX BHJEOPOJIHKOB. Kpome Toro, mpu oleHKe KauyecTBa BUJEO3AIUCU BHICTYIUICHUS
TOYHOCTb BBIIIOTHEHHs KaKJOTO TAaHIIEBAJILHOTO IIara sIBJSIeTCS CJI0KHO# MPoOIeMoii, Koria riiaza
cyneit He moryT Ha 100% cokycupoBaThes Ha TaHLE Ha cleHe. Bosiee Toro, TaHIbl Ha BUAEO
CerofHs NpeCTaBIA0T OONBIION HHTepeC AT yUeHBIX, IOCKOJIbKY TEXHOJIOTUH Bce OOJIbIIe
Pa3BHUBAIOTCS ¥ CTAHOBSITCSI MOJIE3HBIMH U151 3aMeHB! Jiofieil. OCHOBBIBAsICh Ha pEaJIbHBIX YCJIOBHSIX
1 noTpeOHOCTsIX BreTHama. B 9Toii cTaThe Mbl pe/iiaraeM METOJ, 3aMEHSIOIIHIT PyYHYIO OLICHKY,
1 Hall IOAXO0J] UCTIONb3YeTCs [JIs1 OLIEHKH TaHIIA C TIOMOLIBI0 KOPOTKHUX BUAEOPOMKOB. Kpome
TOro, MBI IPOBOJMM TAHLIEBAJIbHBIH aHATU3 C MOMOILIBI0 KOPOTKHX BUAEOPOJIMKOB, IPUMEHSIS
TaKUM 00pa3oM TaKHe MeTOHBl, Kak ITyOoKoe oOydeHHe, [UIsl OLEHKU M cOopa JaHHBIX, Ha
OCHOBE KOTOPBIX MOXXHO JI€J1aTh TOYHbIE BHIBOIBL. DKCIIEPUMEHTHI IIOKA3BIBAIOT, UYTO HAIIA OLIEHKA
SIBJISIETCS] OTHOCUTEIbHO TOYHOM, KOIJa pacCUMTBHIBAIOTCS 3HaueHUs ToyHocTu U Fl-Gamna.
TouHocTb cocTaBisiet 6osee 92,38% u 91,18% F1-6amna coOTBETCTBEHHO. TO JEMOHCTPUPYET,
YTO HAIll METOJ XOPOIIO ¥ TOYHO pabOTaeT MpY aHaJM3e OLEHKU TaHIIA.

KiroueBble cjI0Ba: IUIaHMPOBaHWE TPASKTOPHHM, KHHEMaTHYEeCKOe IUIAHMPOBaHUE,
MPUMUTUBBI IBIKEHHS], 9BPUCTUYECKUIT TIOUCK.
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A. ALSABRY, M. ALGABRI
ITERATIVE TUNING OF TREE-ENSEMBLE-BASED MODELS'
PARAMETERS USING BAYESIAN OPTIMIZATION FOR BREAST
CANCER PREDICTION

Alsabry A., Algabri M. Iterative Tuning of Tree-Ensemble-Based Models' parameters
Using Bayesian Optimization for Breast Cancer Prediction.

Abstract. The study presents a method for iterative parameter tuning of tree ensemble-
based models using Bayesian hyperparameter tuning for states prediction, using breast cancer
as an example. The proposed method utilizes three different datasets, including the Wisconsin
Diagnostic Breast Cancer (WDBC) dataset, the Surveillance, Epidemiology, and End Results
(SEER) breast cancer dataset, and the Breast Cancer Coimbra dataset (BCCD), and
implements tree ensemble-based models, specifically AdaBoost, Gentle-Boost, LogitBoost,
Bag, and RUSBoost, for breast cancer prediction. Bayesian optimization was used to tune the
hyperparameters of the models iteratively, and the performance of the models was evaluated
using several metrics, including accuracy, precision, recall, and f1-score. Our results show that
the proposed method significantly improves the performance of tree ensemble-based models,
resulting in higher accuracy, precision, recall, and fl-score. Compared to other state-of-the-art
models, the proposed method is more efficient. It achieved perfect scores of 100% for
Accuracy, Precision, Recall, and F1-Score on the WDBC dataset. On the SEER BC dataset,
the method achieved an accuracy of 95.9%, a precision of 97.6%, a recall of 94.2%, and an
F1-Score of 95.9%. For the BCCD dataset, the method achieved an accuracy of 94.7%, a
precision of 90%, a recall of 100%, and an F1-Score of 94.7%. The outcomes of this study
have important implications for medical professionals, as early detection of breast cancer can
significantly increase the chances of survival. Overall, this study provides a valuable
contribution to the field of breast cancer prediction using machine learning.

Keywords: iterative tuning, tree ensemble-based models, bayesian optimization, breast
cancer, machine learning.

1. Introduction. Machine learning (ML) has a crucial role in
predicting breast cancer (BC) and offers several benefits, including early
detection and diagnosis, improved accuracy, personalized risk assessment,
handling complex interactions, reducing false positives and negatives, and
enabling continuous learning and improvement. By analyzing a vast
amount of medical data, including mammograms, MRI scans, and patient
health records, ML algorithms can identify patterns that might indicate the
early stages of BC, leading to more effective treatment and improved
patient outcomes [1].

Traditional methods of BC prediction, such as the BC Risk
Assessment Tool (BCRAT) and Breast and Ovarian Analysis of Disease
Incidence and Carrier Estimation Algorithm (BOADICEA) models, have
limitations in their predictive accuracy [2, 3]. However, ML models can
achieve higher accuracy rates, which are significantly higher than those of
traditional models [4].
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Furthermore, ML models have the ability to consider a wide range
of risk factors, such as genetic data, lifestyle factors, and medical history,
providing personalized risk assessments for individuals. This can help
stratify prevention strategies and customize clinical management for each
patient. In addition, ML algorithms can identify complex interactions
among multiple heterogeneous risk factors, capturing nonlinear
relationships and interactions that traditional models may overlook. ML
models also have the potential to reduce false positives and negatives in BC
diagnoses, preventing unnecessary treatments for those wrongly diagnosed
and ensuring timely treatment for those with the disease. Finally, ML
models can continuously learn and improve over time as they are exposed
to more data, which can result in improved predictive accuracy as they
analyze more patient data and learn from previous predictions [5]. Tree
ensemble-based models, such as AdaBoost, Gentle-Boost, LogitBoost, Bag,
and RUSBoost, are powerful ML tools that can be used for a variety of
tasks, including predicting BC. These models work by creating decision
trees and making predictions based on iteratively improving the
predictions [6].

Traditionally, hyperparameters are tuned using methods like grid
search or random search, which involve trying out many different
combinations of hyperparameters and selecting the one that performs best
on a validation set. However, these methods can be computationally
expensive and do not guarantee finding the optimal set of
hyperparameters [7].

Bayesian hyperparameter tuning is a more sophisticated approach
that treats hyperparameter tuning as a Bayesian optimization problem. It
builds a probabilistic model of the objective function (i.e., the validation
error as a function of the hyperparameters) and uses this model to select the
most promising hyperparameters to try next. This approach can be more
efficient than grid search or random search because it uses information
from previous evaluations to make smarter decisions about what
hyperparameters to try next [8].

1.1. Authors Contributions. This study makes a significant
contribution to the field of BC prediction across different datasets. By
applying Bayesian hyperparameter tuning to tree ensemble-based models
through several iterations, the study aims to enhance the performance of the
models and generalization capabilities for BC prediction in diverse datasets.
The challenges of model adaptability and robustness are tackled in this
study through systematic evaluation and assessment of various datasets.
The findings of this study can provide valuable insights into the
effectiveness and transferability of the proposed approach across various
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BC datasets, contributing to the development of more reliable and versatile
prediction models.

In the following sections, we will review relevant literature, describe
the methodology employed in this study, present the experimental results,
discuss the implications of our findings, and A comparative analysis is
conducted to compare the results obtained from the proposed method to
those of state-of-the-art models and to the findings of a literature review.
By the end of this research, we will have provided valuable insights into the
iterative tuning of tree ensemble-based models using Bayesian
hyperparameter tuning for BC prediction.

2. Review of Literature. This literature review aims to investigate
prior research on using ML for BC prediction, with a particular emphasis
on tree-ensemble-based models. The review will also cover various tree
ensemble-based models such as AdaBoost, GentleBoost, LogitBoost, Bag,
and RUSBoost and their applications in BC prediction. Additionally,
current approaches to hyperparameter tuning, such as grid search and
Bayesian hyperparameter tuning, will be discussed. The objective of this
review is to identify the most efficient tree-ensemble-based models and
parameter tuning methods for BC prediction.

Table 1 serves as a comprehensive summary of the related works,
providing a clear and concise overview of the studies analyzed in this
research.

2.1. Previous studies on breast cancer prediction. The research
objectives of previous studies regarding BC prediction were diverse. Some
studies aimed to predict the presence or absence of BC, using the BCCD
dataset. Other studies focused on classifying breast tumors as benign or
malignant, utilizing the WDBC dataset. Additionally, some studies aimed
to predict patient survival or death, and the SEER dataset was used for this
purpose. In this section, we delve into the studies carried out for each of
these datasets.

2.1.1. Studies Utilizing the WDBC Dataset in Prior Research.
Numerous studies have utilized the WDBC dataset to assess various
machine learning (ML) algorithms and techniques for binary classification.
These studies have employed a diverse range of classification methods,
including Support Vector Machine (SVM), Random Forest (RF), Extreme
Learning Machine (ELM), and Naive Bayes. In some of these studies,
optimization techniques were utilized to enhance the performance of the
classification algorithms.

In one such study, [9] achieved the highest accuracy of 99.3% by
utilizing an optimized SVM with Bayesian hyperparameter optimization.
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This study exemplified the effectiveness of leveraging a well-established
optimization technique to boost the classification algorithm's performance.

Table 1. Summary of the related works

Ref. |Year | Dataset Methods / Techniques Ac::,}:; <
[10] [2019 | WDBC WQPSO with smooth SVM 98.42
[12] |2019 WDBC SVM with 10 selected features 96.72
[13] |2020 | wppc | Optimized FSTBSVM with Jaya 94.36
optimization techniques
[11] [2021 WDBC Cloud-based ELM 98.68
[14] [2021 WDBC SVM and RF 96.5
o] [2022 WDBC Optimized SVM w1th b'aye'51an 993
hyperparameter optimization
[15] |2019 | SEER BC Gradient Boostlgg with Genetic 7503
Algorithm
[16] |2020 | SEER BC Improved Random F orest - based 80.5
rule extraction
[17] [2020 | SEER BC J48 93
[18] [2022 | SEERBC RF 94.6
[19] |2020 BCCD GA and Gradl'ent Boosting 79
Classifier
[20] |2021 BCCD Adaboost Classifier 80
[91 |2022 DCCD polynomial SVM 76.9

Study [10] achieved an accuracy of 98.42% using Water Quality
Prediction using Particle Swarm Optimization (WQPSO) with smooth
SVM, indicating that the algorithms used in these studies are effective for
the WDBC dataset.

Study [11] achieved an accuracy of 98.68% using cloud-based ELM,
which is slightly higher than the accuracy achieved by [10]. ELM is a
relatively new algorithm that has been shown to be effective for
classification tasks, and this study demonstrated its usefulness for the
WDBC dataset.

Study [12] achieved an accuracy of 96.72% using SVM with 10
selected features, which is slightly lower than the other studies. However,
this study used feature selection techniques to identify the most relevant
features, which can reduce the computational complexity of the
classification models and improve their performance.

Study [13] achieved an accuracy of 94.36% using optimized
FSTBSVM with Jaya optimization techniques, which is lower than the
other studies. However, this study explored a relatively new technique for
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classification and demonstrated its effectiveness in achieving high
accuracy.

Study [14] examined the performances of six different classification
algorithms and achieved an accuracy of 96.5% using SVM and RF. While
this study did not achieve the highest accuracy, it provided a
comprehensive evaluation of different algorithms' performances on the
WDBC dataset.

The studies included in this comparison exhibited high accuracy in
classifying the WDBC dataset. The performance of the classification model
was considerably influenced by the selection of algorithm, technique, and
feature selection. While study [9] achieved the highest accuracy by utilizing
optimized SVM with Bayesian hyperparameter optimization, indicating its
efficacy in classifying the WDBC dataset, other studies also attained high
accuracy using different algorithms and techniques. These findings
demonstrate the significance of exploring various methods for classification
tasks.

2.1.2. Studies Utilizing the SEER BC Dataset in Prior Research.
Several other studies have concentrated on improving ML techniques to
develop models for predicting the survival of BC patients using the SEER
BC dataset. These studies employed different algorithms and techniques for
classification, such as Gradient Boosting, RF, and J48 decision tree.

Study by [18] achieved the highest accuracy of 94.64% using RF,
indicating the effectiveness of this algorithm for the SEER BC dataset. RF
is a well-established algorithm for classification tasks, and its success in
this study further emphasizes its utility for BC prediction tasks. Similarly,
study by [17] achieved an accuracy of 93.02% using the J48 decision tree
algorithm, demonstrating the effectiveness of Decision Tree (DT)
algorithms for the SEER BC dataset.

In contrast, study [15] achieved the lowest accuracy of 75.03%
using Gradient Boosting with Genetic Algorithm (GA). While this study
demonstrated the potential of using optimization techniques to improve the
performance of classification algorithms, it was not as effective as other
studies in achieving high accuracy for the SEER BC dataset.

Study [16] explored a novel approach for rule extraction and
classification, achieving an accuracy of 80.45%, which is lower than the
accuracies achieved by the other studies. However, this study's approach
has the potential to improve the accuracy of classification models,
demonstrating the importance of exploring novel techniques in the field of
BC prediction using ML.

In general, the studies presented in this revision achieved varying
levels of accuracy in classifying the SEER BC dataset. The choice of
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algorithm significantly affected the performance of the classification model.
Studies [18] and [17] achieved high accuracy using well-known algorithms
such as RF and J48, while study [16] explored a novel approach for rule
extraction and classification.

2.1.3. Studies Utilizing the BCCD Dataset in Prior Research.
Similarly, several studies have explored the use of ML techniques in the
development of models for BC diagnosis using the BCCD dataset. These
studies have used different algorithms such as Adaboost, Gradient
Boosting, and SVM, among others. They have also employed feature
selection and optimization techniques to improve model performance.

Study [20] achieved the highest accuracy of 80% using the Adaboost
Classifier. This study demonstrated the effectiveness of using Adaboost for
the BCCD dataset, which is a well-known algorithm for classification tasks.

Study [19] achieved an accuracy of 79% using the Gradient
Boosting Classifier with the Genetic Algorithm for feature selection. This
study demonstrated the effectiveness of using feature selection techniques
to identify the most relevant features for classification, which can reduce
the computational complexity of the classification models and improve
their performance.

Study [9] achieved an accuracy of 76.9% using a polynomial SVM,
which is lower than the other studies. However, this study explored a
different algorithm than Adaboost and Gradient Boosting and demonstrated
the potential of using a polynomial SVM for the BCCD dataset.

Overall, the studies presented in this comparison achieved varying
levels of accuracy in classifying the BCCD dataset. The choice of algorithm
and technique significantly affected the performance of the classification
model. Studies [20] and [19] achieved high accuracy using Adaboost and
Gradient Boosting with GA for feature selection, respectively. Study [9]
explored a different algorithm and achieved lower accuracy but
demonstrated the potential of using a polynomial SVM for the BCCD
dataset.

2.2. Existing tree ensemble-based models. This section focuses on
reviewing the tree-ensemble-based models that exist, including AdaBoost,
GentleBoost, LogitBoost, Bag, and RUSBoost, and their applications in
breast cancer (BC) prediction. Each of these models possesses unique
characteristics that can be effective for different datasets and objectives. A
detailed description of each model and its algorithm will be presented.
Additionally, we will examine the applications of these models in BC
prediction, including their performance on different datasets and feature
selection. The objective of this section is to offer insights into the strengths
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and weaknesses of each model and identify the most effective models for
BC prediction.

2.2.1. Bagged Trees. It is an ML ensemble meta-algorithm designed
to improve the stability and accuracy of ML algorithms used in statistical
classification and regression. The algorithm was first introduced by
Breiman in 1996 and has since been widely used in various applications
such as text classification, image classification, and bioinformatics [21].

The basic idea behind bagging is to generate multiple versions of a
predictor and use these to get an aggregated predictor. The aggregation
averages usually over the predictions for regression problems and does a
majority vote for classification problems. The Bagged Trees algorithm has
several advantages. Firstly, it can reduce overfitting and improve the
generalization performance of the model. Secondly, it is robust to noise and
outliers in the data. Finally, it can handle high-dimensional feature spaces
and large datasets. However, Bagged Trees have some limitations. One of
the main limitations is that it can be computationally expensive, especially
when the number of trees in the ensemble is large. Additionally, the
interpretability of the model is reduced as the number of trees increases.
Finally, the quality of the predictions can be affected by the choice of
hyperparameters such as the number of trees, the depth of each tree, and the
size of the bootstrap samples [22, 23].

The process of Bagged Trees can be described as follows [22].

Algorithm 1. Bagging algorithm when applied to decision trees for a
classification problem

Initialize: Determine the number of bootstrap samples, B, to be created.
For b =1 to B, repeat steps 1-3:

Step 1. Bootstrap Sampling: Create a bootstrap sample by randomly
selecting N instances from the original dataset with replacement, where
N is the size of the dataset.

Step 2. Tree Building: Build a decision tree based on the bootstrap
sample. Grow the tree to maximum size and do not perform any
pruning.

Step 3. End of the loop: Return to step 2 and repeat the process until
B trees have been grown.

Prediction: For a new data point, make a prediction with each of the B trees.
The final prediction is the class that gets the most votes among the B trees.

Several studies have investigated the efficacy of the bagged trees
algorithm for BC classification. However, there are variations in the
datasets utilized and the accuracy achieved by these studies.
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One study [24] applied the SMOTE technique for oversampling the
data acquired from Shengjing Hospital of China Medical University. The
study used the Bagged Tree algorithm and achieved an accuracy of 70.3%.

Another study [25] investigated a supervised learning technique for
classifying BC using four different classifiers, namely Boosted Tree,
Bagged Tree, Logistic Regression (LR), and Artificial Neural Networks
(ANN). The ANN outperformed the other classifiers with an accuracy of
97.56%, while the bagged tree achieved the second-best accuracy. This
study highlights the effectiveness of the ANN and bagged tree in
classifying BC and demonstrates the importance of comparing multiple
classifiers to identify the best-performing one.

In a third study [26], the performance of the bagged trees algorithm
was evaluated on a dataset of 23 attributes containing 575 samples obtained
from the Mizoram State Cancer Institute of Aizawl, Mizoram, India. An
accuracy of 82.5% was achieved, which is higher than the first study but
lower than the second study. However, the study was limited by the small
size of the dataset, which may affect the generalization of the results.

2.2.2. Adaboost Trees. It is a variant of AdaBoost, which uses DT
as a weak classifier. In each iteration, a DT is trained on the weighted
samples, and the weights are updated based on the misclassification rate.
The final prediction is made by combining the predictions of all the DTs,
typically by taking the weighted average.

Studies have widely used the Adaboost algorithm for BC
classification. For example, in [27], the performance of DT and Adboost
was evaluated on an imbalanced dataset such as WDBC. Both models
achieved high accuracy, with DT achieving 88.8% and Adboost achieving
92.5%. The study highlights the importance of selecting appropriate models
for imbalanced datasets, such as Adboost, which is designed to handle such
datasets, and demonstrates its efficacy in classifying BC.

In another study [28], ten models, including Adboost, RF, Tree,
Gradient Boosting, KNN, ANN, Naive Bayes, SVM, LR, and SGD, were
compared for their performance in BC classification. Adboost achieved the
best performance with an accuracy of 98.3%, an fl-score of 98.3%, a
precision of 98.4%, a recall of 98.3%, and an AUC of 99.9%. The other
models achieved varying levels of accuracy, with RF achieving 88.7%,
Tree achieving 89.0%, Gradient Boosting achieving 86.3%, KNN achieving
77.3%, ANN achieving 74.7%, Naive Bayes achieving 71.7%, SVM
achieving 73.7%, LR achieving 73.0%, and SGD achieving 71.3%. The
study demonstrates the importance of comparing multiple models and
selecting the best-performing one for BC classification.
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The algorithm for AdaBoost classification is described as
follows [29].

Algorithm 2. Real AdaBoost
Initialize: Start with weights w;=1/N, i=1,2, ..., N.
For m=1,2, ..., M, repeat steps 1-3:

Step 1: Fit the classifier to obtain a class probability estimate p, (x) =
p," =1/x) € [0,1], using weights w; on the training data.

Step 2: Set f,,(x) < logp, (¥) / (1-p, (¥)) € R.

Step 3: Set wi«— exp [-y; fm(x))/,i= 1,2, ...., N, and renormalize so
that Y, w; = 1.

M

Output the classifier sign [Z fm (x) =1
1

m=

2.2.3. GentleBoost Trees. It is an ML method used to improve the
performance of DTs on binary classification problems. GentleBoost is
known for its robustness and simplicity, and it is particularly effective when
dealing with noisy data or outliers.

The GentleBoost algorithm works by iteratively adding weak
classifiers (in this case, decision trees) to the model in a way that minimizes
the overall error.

The algorithm for GentleBoost classification is described as
follows [29].

Algorithm 3. GentleBoost

Initialize: Start with weights w; = 1/N, i=1, 2, ..., N, F(x)= 0.
For m=1, 2, ..., M, repeat steps 1-3:
Step 1: Fit the regression function f,(x) by weighted least-squares of
y, to x; with weight w;.
Step 2: Update F(x) « F(x) =f(x).
Step 3: Update w; <= w; exp /-y, fi(x;)/ renormalize.

M

Output the classifier sign /F(x)] = sign [Z fm (x) ]
1

m=
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2.2.4. LogitBoost Trees. It is a boosting algorithm used for binary
classification problems. It was introduced by Jerome Friedman, Trevor
Hastie, and Robert Tibshirani in 1998 [29]. The algorithm is based on
additive logistic regression and uses decision trees as base learners. The
main idea behind LogitBoost is to iteratively fit a simple model (like a
decision stump) to the current residuals, then add this model to the
ensemble, and update the residuals. The process is repeated until a stopping
criterion is met.

The LogitBoost algorithm has several advantages. Firstly, it can
handle noisy and complex datasets and achieve high accuracy. Secondly, it
is robust to overfitting and can generalize well to new data. Finally, it is
computationally efficient and can handle large datasets. However,
LogitBoost also has some limitations. One of the main limitations is that it
can be sensitive to outliers in the data. Additionally, the quality of the
predictions can be affected by the choice of hyperparameters such as the
number of weak classifiers and the learning rate.

The LogitBoost algorithm was utilized for BC classification and
showed significant results compared to other methods; i.e., Study [30]
compared the performance of several ML models in classifying tumors as
metastatic or non-metastatic using two different datasets (Vijver dataset and
Wang dataset). The study evaluated the performance of Logitboost, LR,
SVM, Tree, Adaboost, and RF models. The results showed that the
performance of the models varied depending on the dataset used. With the
Vijver’s dataset, the models achieved moderate to good accuracy, with
Logitboost achieving the highest accuracy of 79% and an AUC of 0.810.
SVM attained commendable results in terms of accuracy and AUC values,
achieving an accuracy rate of 77.1% and an AUC of 0.806. Adaboost also
performed well, achieving an accuracy of 77.7% and an AUC of 0.782.
However, the accuracy and AUC values of the other models were relatively
lower. With the Wang dataset, the models achieved higher accuracy and
AUC values, with Logitboost achieving the highest accuracy of 8§9.7% and
an AUC of 0.923. RF achieved high accuracy and AUC values, with an
accuracy of 87.6% and an AUC of 0.915. Adaboost performed well,
achieving an accuracy of 86.3% and an AUC of 0.893. SVM and Tree also
achieved moderate to good accuracy and AUC values, while LR achieved
relatively lower accuracy and AUC values. The results suggest that
Logitboost, SVM, RF, and Adaboost are effective models for the Wang
dataset, while Logitboost, SVM, and Adaboost are effective models for the
Vijver dataset. However, it is important to consider the limitations of the
study, such as the relatively small sample sizes and limited number of
features used in the datasets.
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The algorithm for LogitBoost classification is described as
follows [29].

Algorithm 4. LogitBoost

Initialize: Start with weights w; = 1/N, i=1, 2, ..., N, F(x)= 0 and probability
estimates p(xi):%.
For m=1,2, ..., M, repeat steps 1-3:

Step 1: Compute the working response and weights
7 o LR
- PX)(I-PX))

Step 2: Fit the function f{x) by a weighted least-square regression of z;
to X; using weights w;.
Step 2: update F(x) « F(x) = 13 f-m (x) and P(x) « (e"®)/ @F® +
(eFX),

Output the classifier sign /F(x)] = sign [¥M, £, (x) ].

m=

2.2.5. RUSBoost Trees. It is a hybrid ML algorithm that combines
Random Under-Sampling (RUS) and AdaBoost to handle imbalanced data
classification problems. It was proposed is study [31] in 2010. The
algorithm is designed to improve the performance of AdaBoost on
imbalanced datasets by integrating a data sampling strategy. The RUSBoost
algorithm exhibits several strengths. Primarily, it is capable of managing
imbalanced datasets and achieving exceptional accuracy for the minority
class. Moreover, it is resilient to overfitting and can generalize effectively
to novel data. Lastly, it is computationally efficient and can handle sizable
datasets. Despite these advantages, RUSBoost has certain drawbacks.
Foremost among these is its susceptibility to noise and outliers in the data.
Additionally, the quality of its predictions can be affected by
hyperparameter selection, such as the number of weak classifiers and the
size of the randomly selected negative class samples.

RUSBoost and SMOTE are used by several studies to handle
imbalanced datasets; i.e., Study [32] aimed to examine the performance of
two methods, RUSBoost and SMOTE-Boosted C5.0, for handling the
problem of an imbalanced WDBC dataset for the classification of BC. The
results showed that RUSBoost outperformed SMOTE-booted C5.0 in terms
of accuracy, sensitivity, and specificity. With RUSBoost, the study
achieved an accuracy of 94.4%, a sensitivity of 93%, and a specificity of
95.4%. On the other hand, with SMOTE-Boosted C5.0, the study achieved
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an accuracy of 92.5%, a sensitivity of 93.9%, and a specificity of 91.15%.
These results suggest that RUSBoost is a more effective method for
handling the imbalanced dataset in this context.

The algorithm for RUSBoost classification is described as
follows [31].

Algorithm 5. RUSBoost

Given: Set S of examples (xy, Y,), ..., (Xm, y,,,) With minority class y'e Y, [Y| =
2

Weak learner, WeakLearn

Number of iterations, 7

The desired percentage of total instances to be represented by the minority class,
N

Initialize: D, (i)= — for all i

Do For t=1, 2, ..., T, repeat steps 1-7:
Step 1: Create a temporary training dataset S't with distribution D'I
using random undersampling.
Step 2: Call WeakLean, providing it with example S't and their
weights D',.
Step 3: Get back a hypothesis h: X x Y —/0.1].
Step 4: Calculate the pseudo-loss (for S and Dy):
e= ) D@ b v+ (%))
@y):yAy

Step 5: Calculate the weight update parameter:

_ St

I-¢/
Step 6: Update Dy:
D1+1 — Dt(l) a_t(lz (1+h‘(x,, yi)' ht(xis Yi. )’,#Y)
Step 7: Normalize Dy, : Let Z, = Y, Dy (i)
Dy (i) = DUZ_ll(I)

T
Output the final hypothesis: H(x) = argmax, _ thl ht(xi, yi) log;—t .

2.3. Current methods of parameter tuning. Parameter tuning is a
crucial step in the process of building an ML model. It involves selecting
the optimal values for the parameters of a model to improve its
performance. The current methods of parameter tuning can be broadly
categorized into Grid search and Bayesian optimization.

140  Vndopmaruka n aBromaruzanus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (ueu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

2.3.1. Grid Search. It is a traditional method for hyperparameter
tuning. It involves specifying a subset of the hyperparameter space as a
grid, and then systematically checking every point in the grid. For each
combination of parameters, the model is trained, and its performance is
measured. The main disadvantage of grid search is that it can be
computationally expensive, especially for models with a large number of
parameters. The following presents several studies that investigated the
use of grid search to improve the performance of various ML
models [33 —36].

In study by [33], the authors employed grid search to fine-tune the
hyperparameters of nine ML models, including Naive Bayes, LR, SVM,
LASSO, DT, KNN, RF, AdaBoost, and XGBoost. The objective of the
study was to identify which algorithms perform best for both balanced and
imbalanced datasets. The results indicated that RF and XGBoost
outperformed the other algorithms when the data was less balanced,
whereas SVM, LR, and LASSO performed better than the other algorithms
when the data was balanced. This finding highlights the importance of
selecting the appropriate ML algorithm based on the dataset's balance or
imbalance.

Another study [34] utilized grid search to optimize the
hyperparameters of the SVM algorithm for BC classification. The authors
compared the performance of SVM with and without grid search and found
that grid search significantly improved the recall and precision of the SVM
algorithm. The recall and precision were 83% and 61%, respectively,
without grid search, while they were 95% and 95%, respectively, with grid
search. This result suggests that hyperparameter tuning using grid search
can enhance the performance of SVM for BC classification.

Similarly, study [35] employed grid search to optimize the
hyperparameters of the RF algorithm for BC classification. The authors
compared the performance of RF with and without grid search and found
that grid search improved the recall, precision, and F1 score of the RF
algorithm. The recall, precision, and F1 scores were 96% without grid
search, while they were 97% with grid search. This result supports the
effectiveness of hyperparameter tuning using grid search in enhancing the
performance of ML algorithms in various applications.

Finally, study [36] used grid search to optimize the hyperparameters
of the KNN algorithm for BC classification. The authors compared the
performance of KNN with grid search and default tuning and found that
grid search significantly improved the accuracy of the KNN algorithm. The
accuracy was 94.35% with grid search, while it was 90.10% with default
tuning. This result emphasizes the importance of hyperparameter tuning
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using grid search in improving the performance of KNN for BC
classification.

These studies demonstrate the effectiveness of hyperparameter
tuning using grid search in enhancing the performance of ML algorithms
for BC classification. The results highlight the importance of selecting the
appropriate algorithm and tuning the hyperparameters for the specific
dataset.

2.3.2. Bayesian Optimization. It is a more advanced method for
hyperparameter tuning. It builds a probabilistic model of the function
mapping from hyperparameter values to the objective evaluated on a
validation set. By using this model, the algorithm can choose the most
promising hyperparameters to evaluate in the true objective function. This
method is more efficient than grid search and random search, especially for
high-dimensional hyperparameter spaces [7, 37, 38].

Several studies have investigated the use of Bayesian optimization to
enhance the performance of various ML models. In one study [7], a
comprehensive comparative analysis was conducted on different ML
models using various hyperparameter optimization methods, including
Bayesian, grid search, and random search optimization. The findings
revealed that the Bayesian hyperparameter optimization method was more
stable than grid search and random search methods. Additionally, the
XGBoost algorithm achieved a high accuracy of 94.74% and a sensitivity
of 93.69%. In another study [37], a hybrid feature selection approach was
implemented along with Bayesian hyperparameter tuning, resulting in the
Extra tree classifier algorithm achieving the best accuracy of 96.2%. In a
third study [38] a performance comparison was conducted on several ML
algorithms, including SVM, DT, Naive Bayes, KNN, and Ensemble
Classifiers, and the Bayesian optimization algorithm was applied to all
classifiers to maximize the prediction accuracy. The results showed that the
Bayesian optimization-based KNN algorithm outperformed the other ML
algorithms, achieving an accuracy of 95.833%. Overall, these studies
demonstrate the importance of selecting the appropriate optimization
method and tuning hyperparameters to improve the performance of ML
algorithms.

2.4. Research gap. The literature has shown that the performance of
machine learning models heavily relies on the selection of appropriate
hyperparameters. While several studies have investigated the use of various
optimization methods to tune these hyperparameters, there is a research gap
in exploring the potential benefits of Bayesian hyperparameter optimization
for iterative tuning of Tree-Ensemble-Based machine learning models.
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Tree-Ensemble-Based models, such as AdaBoost, Gentle-Boost,
LogitBoost, Bag, and RUSBoost, are commonly used in various
applications, including classification and regression tasks. However, the
optimal hyperparameters for these models are not always known and can be
challenging to determine given the large number of possible combinations.

Bayesian optimization is a promising approach for hyperparameter
tuning that has been shown to outperform other optimization techniques in
various applications. However, to the best of our knowledge, there is no
investigation in the literature that explores the use of Bayesian
hyperparameter optimization for iterative tuning of Tree-Ensemble-Based
machine learning models.

Therefore, the research gap in the literature is the lack of studies that
investigate the potential benefits and limitations of using Bayesian
hyperparameter optimization for iterative tuning of Tree-Ensemble-Based
machine learning models, such as AdaBoost, Gentle-Boost, LogitBoost,
Bag, and RUSBoost. This research gap highlights the need for further
exploration of this approach to improve the performance of these models in
various applications.

3. Methodology. The aim of this study is to develop an iterative
machine learning approach based on tree ensemble-based models with
Bayesian hyperparameter tuning. The methodology involves the following
steps.

3.1. Data collection and preparation. This study utilized three BC
datasets, namely the WDBC, BCCD and the SEER BC dataset. The
WDBC, BCCD, and SEER BC datasets are distinct from one another and
have been utilized for different classification purposes, rather than being
employed for the same classification task. Therefore, these datasets do not
intersect. In the case of the WDBC dataset, the target class is labeled as
"classification" and pertains to determining whether a tumor is malignant or
benign, as presented in Table 2. On the other hand, the BCCD dataset
assigns the target class as "Diagnosis," indicating the presence or absence
of breast cancer, as specified in Table 3. Lastly, the SEER breast cancer
dataset employs a target class called "STATUS," which indicates whether
the patient is alive or deceased, as described in Table 4.

WDBC dataset is a well-known dataset used for breast cancer
classification tasks. It contains 569 samples, each of which corresponds to
a breast mass detected in a patient. Each sample is described by 30
different features, which provide information about the characteristics of
the mass [39]. Table 2 shows a brief description of each feature in the
dataset.

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 143
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX Y 3HAHUI

Table 2. WDBC dataset description

No. Feature Description
1 radius mean The mean radius of the mass
2 texture_mean The mean texture of the mass.
3 perimeter_mean The mean perimeter of the mass
4 area_mean The mean area of the mass
5 smoothness mean The mean smoothness of the mass
6 compactness_mean The mean compactness of the mass
7 concavity mean The mean concavity of the mass
8 concave points mean | The mean number of concave points on the mass
9 symmetry mean: The mean symmetry of the mass
10 | fractal dimension mean |The mean fractal dimension of the mass
11 radius_se The standard error of the radius of the mass
12 texture se The standard error of the texture of the mass
13 perimeter_se The standard error of the perimeter of the mass
14 area_se The standard error of the area of the mass
15 smoothness_se The standard error of the smoothness of the mass
The standard error of the compactness of the
16 compactness_se
— mass
17 concavity se The standard error of the concavity of the mass
. The standard error of the number of concave
18 concave points_se .
- points on the mass
The standard error of the symmetry of the
29 symmetry_se Y vy
mass
. . The standard error of the fractal dimension of the
20 fractal dimension se
- - mass
21 radius_worst The worst (largest) radius of the mass
22 texture worst The worst (most irregular) texture of the mass
23 perimeter worst The worst (largest) perimeter of the mass
24 area_worst The worst (largest) area of the mass
25 smoothness worst The worst (least smooth) smoothness of the mass
The worst (most compact) compactness of the
25 compactness_worst W ( pact) P
mass
26 concavity worst The worst (most severe) concavity of the mass
. The worst (most severe) number of concave
27 concave points_worst .
- points on the mass
Th t (least trical try of th
28 symmetry worst e worst (least symmetrical) symmetry of the
- mass
29 | fractal dimension worst The worst (most irregular) fractal dimension of
- - the mass
30 Classification Malignant (cancerous) or benign (non-cancerous)
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BCCD is a dataset used for BC classification tasks. It contains 116
(64 patients and 52 healthy controls) samples, each of which corresponds to
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a breast mass detected in a patient. Each sample is described by 10 different
features, which provide information about the characteristics of the
mas [40]. Table 3 shows a brief description of each feature in the dataset.

Table 3. BCCD dataset description

No. Feature Description
Age The age of the patient at the time of diagnosis

2 BMI The body mass index of the patient

3 Glucose The fastlng plasma glucose concentration of
the patient

4 Insulin The fasting serum insulin level of the patient

5 HOMA The home.ostams. model'asse.ssmex.n (HOMA)
index, which estimates insulin resistance

6 Leptin The concentration of leptin, a hormone

involved in regulating energy balance

The concentration of adiponectin, a hormone

7 Adiponectin involved in regulating glucose levels

The concentration of resistin, a hormone

8 Adiponectin . . . . s
diponec involved in regulating insulin sensitivity

The concentration of monocyte
chemoattractant protein-1, a cytokine

9 MCP-1 . .. . .
involved in inflammation and immune
response

10 | Diagnosis Presence or absence of breast cancer

The SEER BREAST CANCER dataset is a dataset used for survival
analysis tasks of breast cancer patients. It contains information on patients
diagnosed with breast cancer between 2006 and 2010 and includes 4024
instances, of which 3408 are alive and 616 are deceased. Each instance is
described by 15 different features, which provide information about the
characteristics of the patients and their cancer [41]. Table 4 shows a brief
description of each feature in the dataset:

To prepare the datasets for analysis, the study used several
preprocessing techniques. One of the preprocessing techniques used is the
Synthetic Minority Over-sampling Technique (SMOTE) to address the
imbalance problem that was obvious in the three datasets. SMOTE
generates synthetic samples for the minority class to balance the dataset and
improve the performance of the classification models.
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Table 4. SEER BC dataset description

No. Feature Type

1 AGE The age of the patient at the time of diagnosis

2 RACE The race of the patient

3 MARITAL STATUS | The marital status of the patient

4 T STAGE The size and extent of the primary tumor at
diagnosis

5 N STAGE The spre;ad of cancer to nearby lymph nodes at
diagnosis
The stage of the cancer at diagnosis, based on

6 6TH STAGE the TNM system
The grade of the tumor, indicating how

7 GRADE abnormal the cancer cells look under a
microscope

] A STAGE The stage of t.he cancer at diagnosis, based on a
different staging system

9 TUMOR SIZE The size of the tumor at diagnosis, in
millimeters

10 | ESTROGEN STATUS | The status of the estrogen receptor in the tumor

1 PROGESTERONE The status of the progesterone receptor in the

STATUS tumor
12 REGIONAL NODES | The number of lymph nodes examined during
EXAMINED surgery
13 REGIONAL NODES The number of lymph nodes with cancer cells
POSITIVE found during surgery

14| SURVIVAL MONTHS The number of months between diagnosis and

last follow-up or death
STATUS .
15 (classification) Alive or Dead

Additionally, the study removed outliers from the WDBC and SEER
BC datasets using the method of three standard deviations (3 SD) above
and below the mean. This method removes extreme data points that may
skew the analysis or modeling results. Figures 1, 2 display a comparative
analysis of three distinct outlier detection techniques. The first technique
employed in the analysis is the three standard deviations (3-SD) above and
below the mean, which are depicted in red. The second technique involves
1.5 times the interquartile range (IQR) above or below the third and first
quartiles and is represented by a blue color. The third technique is based on
three scaled median absolute deviations above and below the median and is

displayed in black.
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Fig. 1. Outlier detection techniques for the WDBC dataset

150 WNudopmarnka u aBromarusarust. 2024. Tom 23 Ne 1. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onnaiin) www.ia.spcras.ru




ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

200

600
100 400

200
J

0
20 40 60 80 100 -50
AGE

o

50 100
UMOR SIZE

-

1500
400

1000
200

500

0 0
-20 0 20 40 60 -20 0 20 40
REGIONAL NODES EXAMINED REGIONAL NODES POSITIVE

400

200 ‘”_‘

0
0 50 100 150
SURVIVAL MONTHS

Fig. 2. Outlier detection techniques for the SEER dataset

3.2. The proposed iterative process. The study used five tree
ensemble-based models: AdaBoost, GentleBoost, LogitBoost, Bag, and
RUSBoost. Each model was trained with the default hyperparameters and
with iterative tuning using Bayesian hyperparameters tuning. Figure 3
shows the workflow of the proposed iterative training process while the
iterative tuning process involved the following steps.

Algorithm 6. Steps of iterative tuning process
Let i be the number of the models i [1,2,3,4,5].
Let N be the number of iterations.

Step 1. Split the dataset into training and validation sets.

Step 2. Train the model; with the default hyperparameters on the training set
and evaluate its performance on the validation set.

Step 3. Use Bayesian hyperparameters tuning to select the best
hyperparameters for the model based on the performance on the validation
set.

Step 4. Train the model with the selected hyperparameters on the training set
and evaluate its performance on the validation set.

Step 5. Repeat the above steps until the performance on the validation set no
longer improves or a maximum number of iterations is reached.

Step 6. Repeat the above steps until the performance on the validation set no
longer improves or a maximum number of iterations is reached.

Step 7. If the performance of model; best than model, | then set the best
result = the performance of model;.

Step 8. Repeat steps 1-7 for all i.

Step 9. Repeat steps 1-7 for N iteration.

Output The final prediction result including the Method name, best performance
metrics, and the optimal hyperparameters.
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3.3. Evaluation. The performance evaluation of each ML model in
the study is conducted based on their effectiveness in predicting the target
class. To assess their performance, a range of metrics, including accuracy,
precision, recall, and Fl-score, are employed. These metrics provide a
comprehensive evaluation of the predictive capabilities and overall
performance of the ML models. The calculation details of these evaluation
metrics can be found in Table 5, which illustrates how each metric is
computed and provides further insights into the model performance.

Table 5. Evaluation Metrics Equations

Measure | Equation

Accuracy | (TP+TN)/(TP+TN+FN+FP)

Precision | TP/(TP+FP)

Recall TP/(TP+FN)

F1 score | (2xPrecisionxRecall)/(Precision + Recall)

Iterative Tuning }\
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4. Result and Discussion. The experiments were conducted on three
different datasets: WDBC, SEER BC, and BCCD. In the case of the WDBC
dataset, the results showed that Gentle-Boost and AdaBoost achieved the
highest accuracy of 100% across multiple iterations. These algorithms
outperformed other models such as LogitBoost, which achieved an
accuracy of 99.1%, Bagged trees with 98.2% accuracy, and RUSBoost with
95.5% accuracy. The detailed results can be found in Table 6. Moving on to
the SEER BC dataset, Gentle-Boost demonstrated superior performance
compared to the other models in all experiments with varying iterations. It
consistently outperformed the rest and achieved the highest accuracy of
96% with 100 iterations. These findings are presented in Table 8. For the
BCCD dataset, the Bagged trees algorithm stood out by achieving the
highest performance. It attained an accuracy of 94.7% in the case of 60
iterations. The detailed results for this dataset can be found in Table 10.

4.1. Discussion of the results obtained by implementing the
proposed framework on the WDBC. Table 6 shows the best accuracy
achieved by the proposed iterative tuning of the tree ensemble-based model
using Bayesian hyperparameter tuning. The results displayed in Table 7
show the performance of several tree ensemble-based algorithms applied to
the WDBC dataset for different numbers of iterations. The results show that
the various tree ensemble-based algorithms achieve very high accuracy,
precision, recall, and Fl-score values, indicating that they are generally
effective in classifying the WDBC dataset. The Gentle-Boost algorithm
appears to be the most effective, achieving the highest performance in six
of the 12 cases, including the highest accuracy and F1-score values for 10,
30, 40, 60, 90, 110, and 100 iterations. AdaBoost also performed well,
achieving the highest performance for 20 and 80 iterations. LogitBoost
achieved the highest performance over 70 iterations, whereas RUSBoost
achieved the highest performance over 50 iterations. Finally, the Bagged
trees algorithm achieved the highest performance for 120 iterations. The
performance of the different algorithms varied depending on the number of
iterations. For example, AdaBoost achieved the highest performance for 20
and 80 iterations, but its performance was not as good for other numbers of
iterations. Similarly, RUSBoost achieved the highest performance for 50
iterations, but its performance dropped sharply for higher or lower numbers
of iterations. Overall, the results suggest that the Gentle-Boost algorithm is
robust and effective for classifying the WDBC dataset. However, the choice
of algorithm may depend on the specific application and the number of
iterations required.
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Table 6. The accuracy achieved in different numbers of iterations of the WDBC

dataset
No. Iteration | AdaBoost | GentleBoost | LogitBoost B:; gizd RUSBoost
10 Iteration - 100 - - -
20 Iteration 100 - - - -
30 Iteration - 99.1 - - -
40 Iteration - 99.1 - - _
50 Iteration - - - - 955
60 Iteration - 99.1 - - -
70 Iteration - - 99.1 - -
80 Iteration 99.1 - - - -
90 Iteration - 99.1 - - -
100 Iteration - 100 - - -
110 Iteration - 100 - - -
120 Iteration - - - 98.2 -

Table 7. Evaluation

of the performance of the proposed framework applied to the

WDBC dataset
No. Evaluation Metrix
Iteration Model Accuracy | Precision | Recall | F1-Score
10 Iteration GentleBoost 100 100 100 100
20 Iteration AdaBoost 100 100 100 100
30 Iteration GentleBoost 99.1 100 98.3 99.1
40 Iteration GentleBoost 99.1 100 98.3 99.1
50 Iteration RUSBoost 95.5 943 96.6 95.4
60 Iteration GentleBoost 99.1 100 98.3 99.1
70 Iteration LogitBoost 99.1 100 98.3 99.1
80 Iteration AdaBoost 99.1 100 98.3 99.1
90 Iteration GentleBoost 99.1 100 98.3 99.1
100 Iteration GentleBoost 100 100 100 100
110 Iteration | GentleBoost 100 100 100 100
120 Iteration | Bagged trees 98.2 100 96.6 98.3
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4.2. Discussion of the results obtained by implementing the
proposed framework on the SEER BC dataset. Table 8 shows the best
accuracy, whereas Table 9 displays the performance achieved by the
proposed methodology applied to the SEER BC dataset for different
numbers of iterations. The results show that the Gentle-Boost algorithm
achieves high accuracy, precision, recall, and Fl-score values, indicating
that it is effective for classifying the SEER BC dataset. It is interesting to
note that the performance of the Gentle-Boost algorithm is consistently
high across all different numbers of iterations. In particular, the algorithm
achieved the highest performance in all 12 cases, with an accuracy ranging
from 90.1% to 96%, a precision ranging from 96.4% to 98%, a recall
ranging from 93.8% to 94.2%, and an F1-score ranging from 95% to 96%.
Compared with the results obtained for the WDBC dataset, the performance
of the Gentle-Boost algorithm for the SEER BC dataset was generally
lower. This is likely due to the fact that the SEER BC dataset is more
complex and noisier than the WDBC dataset. In general, the results suggest
that the Gentle-Boost algorithm is effective for classifying the SEER BC
dataset, and that its performance is consistent across different numbers of
iterations.

Table 8. The accuracy achieved in different numbers of iterations of the SEER BC

dataset
No. Iteration | AdaBoost | GentleBoost | LogitBoost | Bagged trees | RUSBoost
10 Iteration - 90.1 - - -
20 Iteration 953 - - -
30 Iteration - 95.8 - - -
40 Iteration - 95.9 - - -
50 Iteration - 95.6 - -
60 Iteration - 95.7 - - -
70 Iteration - 95.7 - -
80 Iteration 95.8 - - -
90 Iteration - 95.8 - - -
100 Iteration - 96 - - -
110 Iteration - 96 - - -
120 Iteration - 95.6 - -
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Table 9. Evaluation of the performance of the proposed framework applied to the
SEER dataset

No. Iteration Model Evaluation Metrix
Accuracy | Precision | Recall | F1-Score
10 Iteration GentleBoost 90.1 96.4 93.8 95
20 Iteration GentleBoost 95.3 96.9 93.8 95.3
30 Iteration GentleBoost 95.8 97.4 94.2 95.8
40 Iteration GentleBoost 95.9 97.6 94.2 95.9
50 Iteration GentleBoost 95.6 97.4 93.8 95.6
60 Iteration GentleBoost 95.7 97.4 94 95.7
70 Iteration GentleBoost 95.7 97.4 94 95.7
80 Iteration GentleBoost 95.8 97.4 94.2 95.8
90 Iteration GentleBoost 95.8 97.4 94.2 95.8
100 Iteration GentleBoost 96 98 94 96
110 Iteration | GentleBoost 96 97.4 94.2 95.7
120 Iteration GentleBoost 95.6 973 94 95.6

4.3. Discussion of the results obtained by implementing the
proposed framework on the BCCD. Table 10 presents the accuracy
achieved in different numbers of iterations of the BCCD dataset. The
results in Table 11 show the performance of several tree ensemble-based
algorithms applied to the BCCD dataset for different numbers of iterations.
Among all the algorithms, the Bagged trees algorithm achieved the highest
performance in the case of 60 iterations, with an accuracy of 94.7%, a
precision of 90%, a recall of 100%, and an F1-score of 94.7%. The results
suggest that the Gentle-Boost algorithm is generally effective in classifying
the BCCD dataset, achieving the highest performance in six of the 12 cases.
However, the performance of the Gentle-Boost algorithm is not consistent
across different numbers of iterations. For example, the algorithm achieved
high performance in cases with 10, 20, 50, and 100 iterations, but its
performance decreased in cases with 70, 80, and 120 iterations. Other tree
ensemble-based algorithms, such as AdaBoost, LogitBoost, and RUSBoost,
also achieved high performance in some cases; however, their performance
was generally less consistent than that of Gentle-Boost. For example,
AdaBoost achieved the highest performance in the cases of 40 and 90
iterations, but its performance was not as good in other cases. Similarly,
LogitBoost and RUSBoost achieved the highest performance in the cases of
30 and 110 iterations, respectively; however, their performance dropped off
in other cases. Overall, the results suggest that the bag algorithm is
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effective for classifying the BCCD dataset. However, compared to the
results obtained for the SEER BC dataset and the WDBC dataset, the
performance of the tree ensemble-based algorithms for the BCCD dataset
was generally lower.

Table 10. The accuracy achieved in different numbers of iterations of the BCCD

dataset
No. Iteration | AdaBoost | GentleBoost | LogitBoost | Bag | RUSBoost
10 Iteration - 78.9 - - -
20 Iteration 78.9 - - -
30 Iteration - 84.2 - -
40 Iteration 89.5 - - -
50 Iteration - 68.4 - _
60 Iteration - - 94.7 -
70 Iteration - 84.2 - -
80 Iteration 84.2 - - -
90 Iteration 78.9 - - -
100 Iteration - 68.4 - - _
110 Iteration - - - 842
120 Iteration 84.2 - - -

Table 11. Evaluation of the performance of the proposed framework applied to

BCCD
No. Evaluation Metrix
Iteration Model Accuracy | Precision | Recall | F1-Score
10 Iteration GentleBoost 78.9 70 88.9 78.3
20 Iteration GentleBoost 78.9 70 88.9 78.3
30 Iteration LogitBoost 84.2 70 100 82.4
40 Iteration AdaBoost 89.5 90 88.9 89.4
50 Iteration GentleBoost 68.4 70 66.7 68.3
60 Iteration Bag 94.7 90 100 94.7
70 Iteration GentleBoost 84.2 90 77.8 83.5
80 Iteration GentleBoost 84.2 90 77.8 83.5
90 Iteration AdaBoost 78.9 70 88.9 78.3
100 Iteration | GentleBoost 68.4 70 66.7 68.3
110 Iteration RUSBoost 84.2 70 100 824
120 Iteration GentleBoost 84.2 90 77.8 83.5
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5. Comparison of the results. This section presents a comparative
analysis of the performance of multiple machine learning models for
predicting BC using publicly available datasets such as WDBC, BCCD, and
SEER BC. We evaluate the performance of both state-of-the-art models and
the proposed framework. The performance of each model is assessed based
on accuracy, precision, recall, and F1-score, and the best-performing model
for BC prediction is identified. Additionally, we compare the performance
of the proposed framework to the results reported in the literature for BC
prediction.

5.1. Comparative Analysis of the Performance of Various
Machine Learning Models in Predicting Breast Cancer. Table 12
showcases the results obtained from several machine learning models that
were applied to three distinct datasets: WDBC, SEER, and BCCD, with a
training and testing ratio of (80:20), (80:20), and (85:15), respectively. The
experimental setup for these datasets is identical to the one mentioned in
Section 3.1. The performance of the machine learning models was
evaluated using metrics such as accuracy, precision, recall, and F1-Score.
The metrics used to evaluate the performance of these models were
accuracy, precision, recall, and F1-Score.

The best-performing model across all datasets was the proposed
model, with perfect scores on the WDBC dataset and impressive results on
the SEER and BCCD datasets. The proposed model's F1-Score, a measure
that balances precision and recall, is particularly high, indicating strong
performance in both identifying positive cases and limiting false positives.

The Cubic SVM and the Narrow, Wide, and Bilayered Neural
Networks also achieved perfect scores on the WDBC dataset. However,
their performance on the SEER and BCCD datasets is not as strong as that
of the proposed model.

The Fine, Medium, and Coarse Trees, as well as the Linear SVM,
showed consistent performance across all datasets; however, their scores
were generally lower than those of the aforementioned models. The fine
trees performed slightly better than the Medium and Coarse Trees,
indicating that a more complex decision boundary might be beneficial for
these datasets.

The Gaussian SVMs and KNN models exhibited varied
performance. For instance, the Fine Gaussian SVM had high recall but
lower precision, indicating a higher rate of false positives. The Course
KNN, on the other hand, had high precision but low recall on the BCCD
dataset, indicating a higher rate of false negatives.

The Neural Networks showed strong performance, particularly the
Wide Neural Network and the Bilayered Neural Network. These models
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achieved perfect scores on the WDBC dataset, and performed well on the
SEER and BCCD datasets.

Table 12. The performance of various ML models

ML Model Name Dataset Accuracy | Precision | Recall | F1-Score
WDBC 94.6 92.5 96.6 94.5
Fine Tress SEER 91.9 94 89.8 91.9
BCCD 84.2 70 100 824
WDBC 94.6 92.5 96.6 94.5
Medium Tree SEER 88 90.3 85.8 88
BCCD 84.2 70 100 82.3
WDBC 92 86.8 96.6 914
Coarse Tree SEER 82.7 96.7 68.6 80.3
BCCD 87.9 70 88.9 78.3
WDBC 97.3 100 94.9 974
Linear SVM SEER 80.1 83.2 77 80
BCCD 84.2 100 66.7 80
WDBC 99.1 100 98.3 99.1
Quadratic SVM SEER 86 92.3 79.7 85.5
BCCD 78.9 80 77.8 78.9
WDBC 100 100 100 100
Cubic SVM SEER 89.2 92.5 85.9 89.1
BCCD 73.7 80 66.7 72.7
. . WDBC 92 83 100 90.7
F‘“esc;’;‘;‘/lss‘a“ SEER 90.9 86.3 954 90.6
BCCD 63.2 40 88.9 55.2
) ) WDBC 99.1 98 97.3 97.6
Med‘msnv(;zussm SEER 87.7 923 83 87.4
BCCD 84.2 80 88.9 84.2
) WDBC 97.3 100 94.9 974
C"arsg\?ﬁmlan SEER 79.7 827 76.6 79.5
BCCD 68.4 90 44 .4 59.5
WDBC 96.4 92.5 100 96.1
Fine KNN SEER 94 90.9 97.1 93.9
BCCD 78.9 80 77.8 78.9
WDBC 96.4 94.3 98.3 96.3
Medium KNN SEER 85.9 88 83.8 85.8
BCCD 78.9 90 66.7 76.6
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Continuation of Table 12

ML Model Name Dataset Accuracy | Precision | Recall | F1-Score

WDBC 95.5 96.2 94.9 95.5

Coarse KNN SEER 78.8 86.3 71.4 78.1

BCCD 57.9 100 11.1 19.9

WDBC 95.5 98.1 932 95.6

Cosine KNN SEER 84.3 87 81.6 84.2

BCCD 733 90 55.6 68.7

WDBC 97.3 96.2 98.3 97.2

Cubic KNN SEER 84.2 84.1 84.3 84.2

BCCD 84.2 90 77.8 83.5

WDBC 98.2 98.1 98.3 98.2

Weighted KNN SEER 91.9 89.1 94.7 91.8

BCCD 78.9 90 66.7 76.6

1 WDBC 100 100 100 100

Narrow Neura SEER 87.3 90.3 84.3 87.2
Network

BCCD 68.4 80 55.6 65.6

, WDBC 99.1 98.1 100 99.0

Medium Neural SEER 88.1 87.8 88.5 88.1
Network

BCCD 733 80 66.7 72.7

. WDBC 100 100 100 100

Wide Neral SEER 91.8 90.5 93.1 91.8
Network

BCCD 78.9 90 66.7 76.6

. WDBC 100 100 100 100

Bilayered Neural SEER 87.3 87 87.6 87.3
Network

BCCD 78.9 80 77.8 78.9

avered 1 WDBC 100 100 100 100

Trilayered Neura SEER 88.8 89.8 87.8 88.8
Network

BCCD 73.7 80 66.7 72.7

WDBC 100 100 100 100

The proposed SEER 95.9 97.6 94.2 95.9

BCCD 94.7 90 100 94.7

5.2. Comparison with previous studies. According to Table 13,
hyperparameter tuning plays a crucial role in improving the performance of
ML models. The proposed framework utilizes the power of Bayesian
optimization and Tree ensemble-based models in an iterative process to
achieve the best possible results. Table 13 indicates that the proposed
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framework outperforms the results reported in the literature for the three
commonly used datasets.

Table 13. Comparison with previous studies

Ref. Year | Dataset Methods/Techniques Accuracy
[10] 2019 | WDBC WQPSO with smooth SVM 98.42
2019 SEER Gradient Boosting with Genetic
[15] BC Algorithm 75.03
[13] | 2020 | wppc | Optimized FSTBSVM with 94.36
Jaya optimization techniques
SEER Improved Random Forest -
[16] 2020 BC based rule extraction 80.5
[19] 2020 | BCep GA and Gradl;nt Boosting 79
Classifier
SVM, LR, KNN, DT, Naive SVM and
[14] 2021 | WDBC Bayes, and RF RF =96.5
[9] 2022 | WDBC Optimized SVM w1th Bgyesan 993
hyperparameter optimization
[18] 2022 Sg]éR RF 94.6
[9] 2022 | DCCD Optimized SVM w1th Baygman 76.9
hyperparameter optimization
The WDBC Tree ensemble-based models 100
roposed 2023 SEER with iterative tuning of 95.9
prop BCCD Bayesian optimization 94.7

6. Conclusion. This paper presents a method for the iterative tuning
of tree-ensemble-based model parameters using Bayesian hyperparameter
tuning for BC prediction. The proposed method achieved perfect scores on
the WDBC dataset and impressive results on the SEER and BCCD datasets.
The results show that the proposed method can significantly improve the
performance of tree ensemble-based models for BC prediction. By utilizing
Bayesian hyperparameter tuning, we were able to identify the optimal
hyperparameter values for the models, resulting in a higher accuracy. The
optimized tree ensemble-based models' high F1-Score indicates their
effectiveness in identifying positive cases and limiting false positives,
making them a robust and reliable option for generalization. Compared with
various state-of-the-art models, the proposed method is more efficient. The
outcomes of this study have important implications for medical
professionals, as the early detection of BC can significantly increase the
chances of survival. By utilizing ML models, such as tree ensemble-based
models, and optimizing their hyperparameters using Bayesian
hyperparameter tuning, medical professionals can improve their ability to
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detect BC in its early stages, leading to better patient outcomes. Overall,
this study provides a valuable contribution to the field of BC prediction
using ML, and its proposed method can be extended to other domains
where tree ensemble-based models are used.
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A. AJICABPU, M. AJIbI'ABPU
HUTEPATUBHASI HACTPOMKA ITAPAMETPOB MOJIEJIE HA
OCHOBE JPEBOBHM/IHBIX AHCAMBJIEWM C
HCIOJb30BAHUEM BAMECOBCKOM ONITUMMU3ALIMA 1151
MPOTHO3UPOBAHMUSI PAKA MOJIOYHOM KEJIE3bI

Ancabpu A., Anveabpu M. UTepaTHBHAs HACTPOiika HmapaMeTpoB Mojejeil Ha OCHOBe
JIPeBOBUAHBIX aHcaMOuell ¢ HCHO/b30BaHHeM 0aliecOBCKO onNTUMM3AUMU LIS
NPOTrHO3UPOBAHMSI PAKa MOJIOYHOIA JKe1e3bl.

AHHoTanus. IlpencraBieH MeToJ UTEPATUBHOW HACTPOMKM IHapaMeTpoB Mojeied Ha
OCHOBE aHCaMOJIel IepPeBLEB C MCIIOIb30BAHMEM HACTPOIKH 0aifleCOBCKHX THIIEPIapaMeTpoB
JUIsL TIPOTHO3MPOBAaHMS COCTOSHMII Ha NpHMepe paka MOJIOYHOW xenesbl. IIpemaraemslit
METOJl HCIIONB3YeT TPU pPa3MYHBIX HAbOpa JaHHBIX, B TOM 4HCIe HA0Op JAaHHBIX II0
JIIarHOCTHYECKOMY DaKy Mono4HOH xene3sl Buckoncuna (WDBC), nabGop maHHEIX IO
HaJ30py, SIHUAEMUOIOTUH U KOHe4HbIM pesyibratam (SEER) mo paky MonovHOIt xenessl u
Habop JaHHBIX MO paKy Moio4HOM skeine3sl B Koumbpe (BCCD), a taxke peanusyer Habop
JIAaHHBIX Ha OCHOBE JIPEBOBUHBIX aHcamOuei. Monenu, B uactHoctu AdaBoost, Gentle-Boost,
LogitBoost, Bag 1 RUSBoost, st mporHo3upoBaHus paka MOJIOYHOIT xene3sl. baiiecoBckast
ONTHMHU3ALMs HCIOb30BaNach sl UTEPATHBHOW HACTPOMKU T'HMIEpHIapaMeTpoB MoJEie, a
[IPOM3BOUTENBHOCTh MOJIENCil OIL[CHHBANACh C MCIIOIb30BAHMEM HECKOJBKHX MOKa3aTeneH,
BKJII0YAsi TOYHOCTb, PELM3NOHHOCTD, TIOMHOTY M oleHKy fl. Hamm pe3ynbTaTel HOKa3kIBAIOT,
YTO NPEIOKEHHBII METO]] 3HAUUTEILHO MOBBIIACT IIPOM3BOANUTEILHOCTE MOZICNICH HAa OCHOBE
aHcamOJIeil JepeBbEB, YTO MPUBOAUT K GoJiee BEICOKOH TOYHOCTH, MPELM3HOHHOCTH, ITOJTHOTE
u oueske fl. ITo cpaBHEHHIO C APYTMMH COBPEMEHHBIMH MOJCISIMH IIpEJIaraeMblii METOX
oomee sddextnBen. On goctur 100% wpeanbHBIX pPE3yNbTAaTOB MO  TOYHOCTH,
MPELU3UOHHOCTH, MonHOTe U oneHke F1 B Habope nanupix WDBC. B Habope nanubix SEER
BC tounocth MeTOna cocraBuia 95,9%, npenusnoHHocTs 97,6%, momHota 94,2% u oreHka
F1 95,9%. Jnsa wabopa manueix BCCD merox moctur TouHocTH 94,7%, NPEM3MOHHOCTH
90%, nonHoTh! 100% 1 onienku F1 94,7%. Pe3ynbTaThl 3TOr0 UCCIEIOBAHUS UMEIOT BaXKHOE
3HAYCHHUE Ul MCIAMLMHCKUX PAaOOTHHUKOB, IOCKOJIbKY PaHHEE BBIABICHHE paKa MOJIOYHOI
JKeJIe3bl MOXKET 3HAYHUTENIHHO ITOBBICHTH IAHCHl HA BBDKHBaHUE. B menoM, 310 HccienoBaHne
BHOCHT [CHHBIH BKJaJ B 00JacTh HPOTHO3HPOBAHHS paka MOJOYHOH JKENe3sl ¢
HCHOJIb30BAHUEM MAIIMHHOTO 00y4CHUS.

KnioueBble cjoBa: UTepaTHBHAs HACTPOiKa, MOJENM HAa OCHOBE JAPEBOBHJIHBIX
aHcaMOJieii, GaliecoBCKash ONTUMHU3ALINS, PAK MOJIOYHOM JKENe3bl, MAIIMHHOE 00YYCHHE.
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J1.C. COJIOBLEB
METO/ PACYETA KO®PUIIMEHTOB KOMIIETEHTHOCTH
YYACTHUKOB I'PYIIIIOBOI'O NPUHSITUS PEINEHUM 111
BbIBOPA HAUJIYUYLIEN AJIbTEPHATHUBBI IIPU
MYJIBTUBAPUAHTHOCTHU PE3YJIbTATA

Conogves  J.C. Meroa pacdyera KOIQOUIHEHTOB KOMIETEHTHOCTH YYACTHHKOB
TPYNNOBOI0 NPUHATHS pelleHMii sl BpIOOpa HaWJdy4liell aJbTePHATHBBI NpH
MYJIbTHBAPDHAHTHOCTH Pe3yJbTaTa.

AnHoTammsi. B paGore paccmaTtpuBaercs mpoOieMa  NONYYCHHMS — HAMIIydIIei
aJIbTEPHATUBHI C IOMOIIBIO0 METOIOB IPHHSTHS PELICHU}, OCHOBAHHBIX HA OIBITE CIEIHAIICTA
U MaTeMaTHdecKux pacuetoB. [ pelieHWs AaHHON TNPOOJIEMBI TOAXOAUT TIPYHIIOBOE
HNPHHATHE PEIICHHI, OIHAKO OHO MOXET IPHBECTH K BHIOOPY HECKOJIBKHX HAMIIYHIIHX
abTepHATUB (MYJIPTUBAPUAHTHOCTH PE3yNbTaTa). YUeT KOMIIETEHTHOCTH IO3BOJIUT OTAAaTh
IIPHOPHTET PEIIEHUIO 00j€e KOMIIETEHTHBIX YYaCTHUKOB M YCTPAHUTh BO3HHKHOBEHHE
HECKOIBKHX HAWIy4lIMX aJbTEPHATHB B MPOIECCE TPYNNOBOrO MPUHATHUS PpELICHUH.
CdopmynupoBana 3amada onpenesieHuss Ko3(QPUIMEHTOB KOMIIETEHTHOCTH JIsl YYaCTHHKOB
IPYIIOBOTO MPHHSTHS PELICHHH, KOTOpble 00eCIeUNBAIOT BBIOOP HAWIyUIIEH ajlbTepPHATHBBI
IPU MyJbTHBAPHAHTHOCTH pe3yibTaTa. Pa3paboTaH METOJ PeIleHHs [OCTaBJICHHOM 3ajadM,
KOTODBIN BKIIOYAET B ce0sl JUCKPETH3AIMIO JHANA30HA H3MEHEHHS BXOIHBIX IIEPEMEHHBIX U
YTOYHEHHE B HEM 3HAa4YeHHH KOI()(UIMEHTOB KOMIETEHTHOCTH YYaCTHHKOB TPYIIIIOBOTO
NPUHATUSL PEIICHUH. YTOYHEHHE BBIIOJHSACTCS C HCIOJIb30BaHHEM JIMOO MaKOPHTAPHOTO
MPUHINIA, JTHO0 ¢ HOMOIIBIO JIMIA, IPUHUMAIOIIETO pemeHue. Ilocnenyromee BBIYHCICHUE
K09 (UIUCHTOB KOMIETCHTHOCTH U YYAaCTHHKOB TIPYNIIOBOIO IPUHATUS PEIICHHH
OCYIIECTBISACTCSl TNpPH IIOMOIIM JIOKAJIGHOH JIMHEHHOH HMHTEpPIOSIMM  YTOYHEHHOI'O
Kk0d(hdUIUEHTa KOMIICTCHTHOCTH B OKPYXKAIOIIMX TOYKAX M3 JUCKPETH3UPOBAHHOTO
IuamnazoHa. lIcmonb3oBaHME MPEIIOKEHHOIO METOAA pEIICHHs IIOCTAaBICHHOH 3a1adu
PaccCMOTPEHO Ha IpHMepe IPYIIIOBOrO HMPUHATHS PELIEHHI 10 OCHOBHBIM Pa3HOBHIHOCTSIM
Ma)XOPHTAPHOTO IPHHIUIA UL BBIOOpPAa BapHAaHTA TEXHOJIOTHMYECKOro INPOLEcca HAHECCHHS
rajbBaHHYECKOTO MOKPBHITHA. B pesymbraTax mokas3aHO, YTO NpPEANOKEHHBIH METOJ pacdera
KO QUINEHTOB KOMIETEHTHOCTH YYaCTHHKOB TPYNIIOBOIO IIPHHSATHS pEIICHUH dYepe3
JIOKAIBHYIO JIMHCHHYIO WHTEPIHOJALMIO sBIsieTcs Hanbonee 3(GexTUBHBbIM Juisi BbIOOpa
HAMITy4dIled anpTepHATHBBI NpPHU MyJIbTHBAPHAHTHOCTH pe3yldbTaTa II0 MAa)KOPHUTapHOMY
MIPUHIIHAITY OTHOCHTEIHFHOTO OOJIBITHHCTBA.

KroueBnble cioBa: K0d(p(QUIUEHTE KOMICTCHTHOCTH, IPYIIIOBOE IPHHATHE PCUICHHUH,
BBIOOp JTy4llel albTepHATUBbI, MYJIbTUBAPUAHTHOCTh PE3YIIbTATA.

1. Beegenne. OCHOBHOI LEeNbl0 MNPUHATHS PELICHHUN SIBISETCS
BBIOOD HAaWJTydIlIeH albTepHATUBBI, CPEAN OTIIMYAIOIIUXCS BapuaHTos [ 1, 2].
st ee mOCTHKEHUS! HEOOXOJMMO CPaBHHUThH pa3lIMuHbIC aJbTEPHATUBBI U
BBIOpaTh Ty, KOTOpas HAaWJIy4YIIUM 00pa3oM COOTBETCTBYET IOCTaBJICHHOW
nenu. MepaMu OLEHKH COOTBETCTBUS PAacCMaTpPHBAEMBIX albTEPHATUB
MOCTaBICHHON LEAM SBIAIOTCA TOKa3aTead, IO 3HAUCHUSIM KOTOPBIX
OLIEHUBAIOTCS AJIBTEPHATHBEI M BRIOMpaeTcs Mydinid BapuanT. OmHAKO, KakK
NPaBWJIO, Yy KaXIOH albTEepHATUBBl €CTh CBOM IIPEUMYIIECTBA U
HEJIOCTATKH, W BHIOOP JYYIIETO pEIMICHHS MOXET ObITh CIO0XKHBIM
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nporieccoM. CyIiecTBYIOT pa3IUdHbIe METOIbI puHATHS pemenuii (MIIP),
pasleneHHbIe Ha 1Ba Kiacca. MeToabl B IEPBOM KJIACCE OCHOBBIBAIOTCS Ha
OTIBITE W WHTYWITNH NN, npuarMatommero pemenne (JIIP) [3, 4]. B Takom
Cllyyae HE TapaHTHpyeTcs MOJTydeHHE HENMpPaBIIbHOM WM €IWHCTBCHHON
aNbTepHATHBH M3-3a cyowrexTuBHOCTH JI[IP. Meromel Bo BTOpoM Kiacce
HCTIONB3YIOT MaTeMaTHdeckne Mmoaxoasl [5, 6]. TIocKombKy alropuTMBI
pacyera B paHHbix MIIP omimuarorcs, To pe3yiabTaT BhIOOpa HawmTydIlen
aNbTEPHATHBBI TaKKe MOXeT ommdatbes. CpaBHeHHE S(P(PEKTUBHOCTH
BbIOOpa HaWIydlled albTepPHATHBBI IS TPYIIIOBOIO TOJIOCOBAHUS C
nomompro Mmaremarnueckux MIIP  paccmarpuBaercs, Hanpumep, B
uccienoBanusax [7—9]. Beibop B kauecTBe y4YacTHHKOB TIPYIIIOBOIO
NPUHATUS  PElIeHHH  MaTeMaTHYecKHMX  METOJIOB  00ycCiaBiIMBaeTCs
CKOPOCTBIO (PKOHOMHSI BPEMEHH), NPO3PAYHOCTHIO (M3BECTEH alrOpHTM
pacuera) W TPOCTOTON  («pU3WUECKOe» OTCYTCTBHE  YIaCTHUKOB)
peanu3anuy  TPOLEXypbl  ONpENeNeHNS HAWIy4Imed albTepPHATHBBL
[Monpa3ymeBaeTcs, 4TO HAWIYUIINE ATbTEPHATHBBI, KOTOPHIE BEIOPAHBI TI0
MaxoputapHoMy npuHOUNY (OompmmHCTBOM MIIP), B OOMNBIICH CTeTIeHH
YUUTHIBAIOT NPEANOYTEHHS BCEX YYACTHUKOB TOJIOCOBAHMS W SIBIISIOTCA
OOBEKTHBHBIMH M €IMHCTBEHHO «CIIPABEUIMBBIMIY» AT TPYMIIBI B ILEJIOM,
HEXXEJM Te albTePHATHBHI, KOTOpbIe BBIOpaHb! MeHbIIMHCTBOM MIIP [10].
OnHako HCCIEOBAaHMSM B JJAHHOM HANpaBICHHH MPUCYL] OOIIHHA
HEJOCTaTOK — OTCYTCTBHE OOOCHOBAaHMHA IO BBIOOPY €IMHCTBEHHOTO
pemeHuss B CilIy4ae MYJIbTHBAPHAHTHOCTH pe3yibTaTa (HECKOJIBKUX
HaWJIyqlIMX ajabTepHaTHB). OMHON M3 NIPUYUH BOZHUKHOBEHHUS! HECKOJIBKUX
HaMITYqIIHX aJbTEPHATHB SIBIISICTCS HeJocTaTouHast OLIEHKa
KOMITETEHTHOCTH YYaCTHHKOB TPYHIIBI, OIpPEAEISAIONIEH HX CHOCOOHOCTh
BHOCHUTh 3HAUMMBIM BKJIaJ B mpouecc NpuHsTHs pemenuit [11]. B caydae
UCIONb30BaHUSI B KAueCTBE YYACTHUKOB TOJOCOBAHUS MaTeMaTHYECKHX
MIIP nox MX KOMIETEHTHOCTBIO IMOHUMAETCS CTENEHb IPaBUIBHOCTU
MHTEPIIPETALUN U HCIOJB30BaHUS MH(POpMAnUU METONOM A BbIOOpa
HaWIydniel ajabTEepHATUBBI. YYET KOMIIETGHTHOCTH TIO3BOJIUT OTHATh
MPUOPUTET pPEUICHUIO Oo0Jee KOMIETEHTHBIX YYAaCTHHKOB M YCTPaHHUTh
BO3HMKHOBEHHE HECKOJBKMX HAWIYYIINX albTCpHATHB B MpoIecce
TPYNIIOBOTO TPHUHATHSA perreHnii. Takum oOpas3om, pa3zpaboTka merona
pacdera K03((UINCHTOB KOMIICTEHTHOCTH MO3BOJHUT OIPEACIUTh BKIAJ
KaXJOro YYacTHMKa B TIPHUHATHIE pEIICHHS W TIPOU3BECTH BHIOOP
HaWJIy4dlIed ajJbTepPHATUBBI IIPH MYJIbTUBAPHAHTHOCTH PE3YJIbTaTa C YUETOM
KOMIIETEHTHOCTH WICHOB IPYMIIb], YCUIMBAIOLINHM YPOBEHb YBEPEHHOCTH B
€ro NMPaBUIbHOCTH.

Lenpto  paboTel  sBISETCS ~ CO3AaHME  METola  pacyera
K03()(UIMEHTOB KOMIIETEHTHOCTH YYaCTHHKOB TPYIIIOBOTO IPHUHSTHUS
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pereHui ISt BEIOOpaA HaWJTy4Ien abTePHATHUBBI npu
MYJBTHBAPHUAHTHOCTH pe3yIbTaTa.

2. [HocTtanoBka 3amauu. IlycTh 3amaHO MHOXKECTBO BO3MOJKHBIX
BapHaHTOB (abTEPHATHB), HCMIOIB3YEMBIX B 3a/1a4€ MPUHATHS PEIICHHUIA:

A={4y .. Ay Ay | s (1)

JUIL  OLEHKM KOTOPBIX IIPHMEHSETCS MHOXXECTBO  XapaKTepHCTHK
(moxazareneii):

K={K,,..K,....K\}, ()

rne A, K — MHOXecTBa albTepHATUB M TMOKazatened; A, — m-s
anpTepHaTuBa; K, — n-il mokasarenab; M, N — KOJIHYECTBO aJbTEPHATUB U
roKaz3aTeJei.

Jns kopTexa 3aJaHHbIX 3HAUEHUN BXOHBIX MEPEMEHHBIX:

X = (X val ). (X val )X pval ) 3)

ompejeeHa Tabnuma (MaTpuUlla PEHICHUH) co 3HAYCHUsIMH anbTepHATuB (1)
0 ToKazareism (2):

set set set

11 12 - LN
set set set
set _| P21 22 e 2N
§$*= , 4
set set set
M1 OM2 - POMN

C  OTHOCHUTEJBHOW BAKHOCTBIO KAKAOTO0 MOKaszaTedas (BECOBBIMHU
ko3¢ puUnmeHTaMU 3HAYUMOCTH TT0Ka3aTemei):

Wset:(VV]set’."’VVr;vet,“"W/;et) , (5)

JUTA JOCTIDKEHHS [eH (BBIOOp HAWITydIIed albTePHATHBEI) ITOCPEICTBOM
IPYIIIOBOrO MPHHATHS PEIICHUH MPH TTOMOIIU KOPTEXa METOIOB:

F=(<nF1:Fl (S.W))..oo.(nF2F; (S.W)).....(nF, :F, (s,w))) , (6)
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rie X' — KOpTeX 3aJaHHbIX 3HAYEHMI BXOJHBIX IEPEMEHHBIX;

P, o t . u o
X; — HaMeHOBaHUE - IepEeMEHHOMT; Val-se — 3HAYCHHUC [-U NICPCMCHHOU,
i ] i ]

I — KOJNMYecTBO mepeMeHHbIX; S™ — Marpuua peureHuit; S°¢ — 3HaveHHe
9 9

m,n

m-ii  aNbTEpHATMBEL 10 A-My TOKaszaTemo; W'Y — BeKTOp BECOBBIX
koa¢pdunmentoB;, W, — BecoBod KOIDPUIMEHT 3HAYMMOCTH K-TO
nokasarenss; F — koprex MIIP; nF, — wnaumenoanwe [-ro MIIP;

F;— dynakmus, peammsyromas [-it MIIP; L — xonmngectso MITP.

TpeOyeTcs ans 3amaHHBIX 3HAYEHWH BXOJHBIX IepeMeHHBIX (3) 1o
Marpuie penennid (4) u BecoBbIM Kodhduumentam (5) moxazartenei (2)
OTpENeNIuTs I YYaCTHUKOB TPYNIIOBOTO NPWHATHH pemeHuid (6)
CrOoCcOOHOCTh MPAaBWIBHO MOHUMATh M HCIOJB30BaTh HH(DOPMAIUIO IS
JOCTHOKEHUS 1eiu (K03 GUIMEHTHI KOMIIETEHTHOCTH):

set __ set set set
r —(rl sernsl] geens] ), (7)

KOTOpBIE C HCIOJb30BAHHEM MaXKOPUTAPHOTO IMPHHIHMIIA OOECIeUYUBAIOT
BEIOOp Hammydmed ambrepHAaTHBH W3 (1) TpM MyIBTUBapHAHTHOCTH
pe3yJibTata, TO eCTh:

dim A*'=1, (3)

rme r — Bektop KOdQQUIMEHTOB  KOMIeTeHTHocTH  MIIP;
. ~

1 — koodduument xomnerentHoctn [-ro MIIP; A* — mHONkecTBO

HaWIydlIMX aabTepHAaTuB; dim — pa3MEpHOCTh MHOXECTBA HAMTYUIINX
aJbTEPHATHB.

3. Merox peumrenusi mocraBieHHoi 3amaun. s xoprexa (3) c
MOMOILBIO JIeKapTOBa MNPOU3BENCHHS M3 IUCKPETHBIX 3HAUCHUH BHYTpU
JIOITYCTHMOT'O JTMana3oHa U3MEHEHUsI BXOJIHBIX NMEPEeMEHHBIX (GopMupyeTcs

)i
COBOKYITHOCTb U3 HJ,- KOpTEeXeH:
i=1

Xt (X, VYo XVl ) X Vel V) =1200,), - (9)
rae J; — KOTU4eCTBO NUCKPETHBIX 3HAYCHUM i-U TePEMEHHOM.

Kaxnomy xoptexy (9) onpenensercs MaTpuIia penieHAN:

172 Wndopmaruka u aBromarmsanus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

Tsvendff s T Tl T Jlodfiseeed I
Sl,l SL2 SLN
o Sj],.“,jl',.“,/'] Sjl’“-Jiv“:/.I Sjl’"'zji’“-J[
Slla JiJ —| M2,1 2,2 2N , (10)
JUseedfi e [ JUseeedfised T JUseedfisend [
SM’1 SM,2 SM’]v
C BECOBBIMHU KO3 (UIIUCHTAMU 3HAYMMOCTH TTOKA3aTeIICH:
Tl [ — Tl I Tl s T JUseeedfi s T
Wil = (il ool i) (11)
1 K03 duImeHTaMmu komrereHTHocTH MITP:
il :(,,1/1 bl | bl il ) ’ (12)

MEPBOHAYAIILHBIC 3HAUCHHMS KOTOPBIX COBMQJAOT MEXAy co0oil u
BBIYHCIISIOTCS Kak oOpaTHas BeanmunHa konmdectBa MITP:

o 1
| )
b =—, (13)
L
rae r,jl"“’” - kodpdunueHt komnereHTHOCTH /-ro MIIP s koprexa
Xj],...,jl',...,/']

ITo matpume pemennii (10) m BecoBbIM Koddp¢dunuentam (11) ¢
WCTIONIb30BaHUEeM  Kkod(duiuenToB  kommereHTHoctn  MIIP  (12)
(dbopMupyeTcst MyJIbTUMHOKECTBO BBIOPAHHBIX AJIbTEPHATHB:

A i vendl = { g1l Tl Tl
Rltiesdl = gfosiendl g et g it g L (14

e A/l MynBETUMHONKECTBO  BBIODAHHBIX — lbTEPHATHB;

ar],ll""’]i""’]l — KpaTHOCTb /- albTEpPHAaTUBBI, KOTOPas OINpEleNseTcs] Kak

cyMMa MepBOHayalbHBIX KommereHTHocTed (13) Tex MIIP, kotopsie
BEIOpAN ee HanTydIei:

" L [yttt ecnu F, (Sll,...,/i,-..,u Wil ) = A, e ANl
g/l Il —
m

(15)

=1 | 0, nHAYe
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CreyeT OTMETHTh, YTO MYJIBTUMHOXeCTBO (14) HE COOTBETCTBYET
CBOEMY CTPOrOMY MaTeMaTHYECKOMY OIPEENICHUIO0, TOCKOJIbKY KPaTHOCTH
BXOXJEHHUS 2JIeMeHTOB (15) TpencTaBisioT co0OW IeNble 4Yhcia, a ero
MOIITHOCTh TIPH WCIIOJIB30BAHUH TIEPBOHAYAILHBIX KoMIeTeHTHOCTeH (13)
paBHa eJMHHUIIC.

U3 »snemeHTOB MynmbTHMHOXeCTBa (14) mO MakopuTapHOMY
MPUHIUIY CTPOUTCS MHOXKECTBO HAWIYYIIUX aJbTePHATUB, 3JICMEHTHI
KOTOPOT'0 MMEIOT MaKCHMaIbHOE 3HaU€HHE KPATHOCTH BXOXKJCHUSI:

) ) S A JLsefid [ Jlsedfised [ _ Jlsefi e [
ATl = argmax AV —{Am|am i —max{am e >(2)z}}, (16)
aflrdiil "

IZie z — 3aJaHHas CyMMapHas KOMIIETEHTHOCTh YYaCTHHKOB TPYIIIIOBOTO
rOJIOCOBaHUSI.

Ecnu MHOXeCTBO Haumy4ymux anbrepHaTuB (16) UMeeT eqUHUYHYIO
Pa3MepHOCTD:

dim A/l =] amn

TOo g kaxmgoro MIIP, BeiOpaBiiero A,, YTOUHSETCS 3HAYEHHE €T0
nepBoHadabHOrOo K03 duimenta xommeteHTHOCTH (13) crnemyrommm
obpazom:

. . — . ecnu F, (S/l sl foeeed [ W/l sl f o [ ) =4 e A]l sl foeeed [
R F R s 1/ )
}"1‘” Jird ] L m , (18)

0, nnave

WHa4ye Il YCTPAaHEHHs MYJIbTHBAPHAHTHOCTH pPE3yJbTaTa IPHUBIEKACTCS
JITIP n nepBoHavajbpHOE 3HaueHHe Kod(duimeHTa komreTeHTHOCcTH (13)
YTOYHSIETCS COTJIACHO:

1 o L
1 Tloredi v T NN oo T\ — T
oo ed T , ecmu £ (S W ) = fmp (A )

7 =4L , (19)
0, nHaue
rne fump — QYHKOMS BbIOOpa aibTepHATHBHI W3 MHOXecTtBa (16),

peanuzyemas JIIIP.
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W3 popmyn (18), (19) crenyer, 4To MpU HECKOJBKUX HAMITYUIIHX
aTbTepHATUBAX, BEIOPAHHBIX OoTIWYarommMucs MIIP, mpu mpodnx paBHBIX
YCIIOBHSIX, KPATHOCTh BXOX/ICHHUS B MyJIFTUMHOXKeCTBe (14) Oyner MeHbIIe
y Toi, Koropas Oputa BeIOpaHa MIIP ¢ yTOYHEHHBIM 3HaYCHHEM
KO3 PHIHIEeHTa KOMIIETECHTHOCTH PaBHBIM HYJIIO.

Takum oOpa3oM, o Bcelf COBOKYMHOCTH (9) KOpTexed BXOIHBIX
MepEeMEHHBIX 33Jal0TCs IIepBOHaYaIbHbIE KOI()(DUIIMEHTHl KOMIETEHTHOCTH
(13) u yrounsirorest mo (18), (19) ms BemmonHenus (17), onpenensst codoit
3HaueHwus J;-X y310B [-MepHbIx L-cetok st MITP u3 (6).

Janee no marpune peunienuii (4) u BecoBbIM Koddduiuentam (5)
JUIsl KOPTEXa BXOJHBIX NepeMeHHbIX (3) popMUpyeTcss MyIbTUMHOMKECTBO
BBIOPaHHBIX AIBTEPHATHB:

Lset | set set set
A= Al Ayl Ay} (20)
set o
rae a;e — KpaTHOCTb m-U aJbTCPHATUBBI, KOTOpasA OHNPECACIACTCA KakK

cymma koo punmentoB komnereHTHOCTH Tex MIIP, koTopbie BeIOpanu ee
HaWTy4IIein:

rlset’ ecIi F} (Sset ’Wset): Am c ;set (21)

i=1 | 0, nHage

Pacuer 3nauenus ko3¢ ¢punnenra komnereHTHoCTH u1st /-ro MIIP u3
(7), Bxomsiiero B (21), npon3BoauTCs MO [-MEPHOH JIOKAJIBLHOM JIMHEHHOM
MHTEPHOIANNY BUAA!

set _ o Jlsedised] | T sf [ 1
o= Noo.o+1 Nog.1 +--

22)
i1+ 1egfi t 1, +1 ’ (
rljl 4 a 'Nll“.l

rae Noo 0, Noo 1, ---, Ni1. 1 — 3HAUCHHUSA MOJHMHOMOB JIJIS BCEBO3MOXKHOTO
KOJIMYECTBA CIIOCOOOB YIOPSANOYMBAHUS 33JaHHBIX 3HAYCHUH HMEPEMEHHBIX
1 MIX TPAHUI], OTIpe/IeIsIeMbIE CISAYIONIIM 00pa3oM:
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N (Vall’jﬁ1 - Valfe’)-(ValzJ2+1 —Valzm)-...-(Val,’/-l+1 —Val,“’)
o (Valu1+1 —Valh; )'(Valz,/zﬂ —Vab, ) ' (Valh/l“ ~raly, )
N (Valu1+1 —Val}* )-(ValzJ2+1 - Valﬁ"’)n..-(Val;e’ ~Val,,, )
U (Valyy V) )-(Val,,y o ~Val, ) ) (Valy o —Valy ) > (23)
v (vai -val,, )-(valy" ~val,, )-...-(valy* ~val, )
-t (Valu1+1 —Votll}jl )'<Val2jz+1 —Val2J2 )~...~(Va11J[+1 _Valml )
- n./1,-<-,/i»-»-,/1 ’ ,,lflw-:/'z‘»-w/l” s ;f[-/l+1""=’i+1""”1 o YTOUHEHHBIE 3HAYCHHS

Kod(dunreHTa KoMneTeHTHOCTH s [-ro MIIP B OkpyXKarommx TOYKax;

Val,, , Val ., , Val,;, , Valy,,., ,..., Val,; , Val;; 3HAYCHUS
OKpYXalomux Todek mans 1-i, 2-H, ..., [-i BXOIHBIX IEPEMEHHBIX
COOTBETCTBEHHO, TPHYEM:
set
Valu1 <Val* < Valu1+l
_<Val¥ < .
Val,;,, <Val,”™ <Val,; ., (24)

Val,, <Val;" <Val,, .,

Beruncienne HHTEPIOIAMOHHOTO KO3 (PHUIIEeHTa KOMIIETEHTHOCTH
(22) ans [-ro MIIP B ciygae / BXOIOHBIX MEpeMEHHBIX (3) HCIOIB3YET ero
YTOUHEHHOE 3HaueHHE B 2’ OKPYKAIOMMX TOUKaX 10 (23) u3 (24).

W3 osnemeHToB MynbTUMHOXecTBa (20) 1O  MaXKOpUTapHOMY
NPUHLOUIY CTPOMTCS MHOXECTBO HAWIYYIINX ajbTEPHATUB, HJIEMEHTHI
KOTOpPOI'0 MMEIOT MaKCHMaJIbHOE 3HaU€HHE KPATHOCTH BXOXKICHUSL:

A® = argmax A* = {Am|a;‘;' = max {am > (Z)Z}} . (25)

m
set
m

Takum 00pa3oM, pasMepHOCTh MHOXeCTBa (25) OymeT coBmaaarh C
C€IMHUIICH, TeM CaMbIM BBITIONHSSA TpedyeMoe paBeHCTBO (8), MOCKOIBKY
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paccurMTaHHBIC 3HA4YeHUS KOA(P(GUIIMEHTOB KomreTeHTHocTH it MIIP
ONIEPUPYIOT 3HAYEHUSAMHU 2! okpyKarommx ToYek u3 J-X y310B I-MepHbIX L-
CeTOK, KOTOpBIE SIBIISTEOTCSI YTOYHEHHBIMHU KO3 pUIHEeHTaMH
KOMIIETEHTHOCTH, WIH O00€CIeYNBAIONIMMY OOJBIINHCTBO HAMITydIIeH
ajTbTepHATHBE A, U3 MHOXKecTBa (25), WM COBMANAIONIUMU C €€ BRIOOPOM
UIS QYHKIAH fjipip.

4. BoluucanTe bHbIi JIKCIEPUMEHT. [Ipu MIPOU3BOJICTBE
METaUTMYECKUX JeTalled TajJbBaHUYECKOE MOKPBITUE SIBISIETCS Ba>KHBIM
9TanoM, OOECHeUMBAIONIMM 3alUTy IOBEPXHOCTH OT KOPpPO3MH U
yIy4lIaloONMM €€ 3CTeTUYeCKHe M MexaHuuyeckue cBoicTBa. IIpormecc
raJlbBaHM3allMM  IIUPOKO  TNPUMEHSETCS B PA3IUYHBIX  OTpacsax
MPOMBINUICHHOCTA ~ (aBTOMOOMJIBHOM, 3JICKTPOHHOM, MEIMIUHCKOW U
npyrux). OH OCHOBaH Ha WCIOJIB30BAaHUH DIIEKTPOIUTHIECKOTO PacTBOPA,
COIIEpIKAIIETO METaJUTMIeCKUe HOHBL, KOTOPBIE B3aUMOJCHCTBYIOT C
MTOBEPXHOCTHIO JECTAIH IO ACHCTBUEM JJIEKTPHUECKOTo ToKa. [Ipu sToM Ha
moBepxXHOCTH oOpabarbiBaeMoil getamn  (HOpMUpPYETCS TOHKHK — CIOH
MeTaiuia. Vcronp3oBaHue MpeIosKeHHOTO METO/Ia PEIICHHUS TOCTaBICHHON
3aJa4d PacCMOTPEHO Ha TPUMEpE TPYIIIOBOTO MPUHSATHS PEIICHHHA s
BbIOOpa BapHaHTa TEXHOJIOTHYECKOTO mporecca HaHECEHUs
TaJIbBAHUYECKOTO TOKPBITUSA. K OCHOBHBIM NEpEeMEHHBIM, BIMAIOIIUM Ha
BBIOOpP TEXHOJIOTHH, OTHOCHTCS IUIOINAAb TMOBEPXHOCTH 00pabaThiBacMOi
netand. COBOKYIHOCTh KOPTEKEH BXOIHOW MEpEeMEHHON U3 AMCKPETHBIX
3HAa4YEeHUH BHYTPH JOIYCTHMOTO JUaNa3oHa €e U3MEHEHHs UMeeT BU:

X7 = (<X1:Valul >),(j1 —12,..., = 11), (26)

rae Xl - momanab MOBEPXHOCTHU O6pa6aTLIBaCMOI7[ JACTAJIN;
Val,;

HMEIoIasl uama3oH usMeHeHus ot 10 ILM2 no 100 ILM2 C 1Iarom
JIUCKPETHBIX 3HAUEHUH 9 M.
AnsrepHatuBsl (1) onpenenstoT caenyromue M = 7 BApUaHTOB:

BEIIMUMHA IUIOMIAJM TIOBEPXHOCTH OOpabaThIBaeMON JeTaiu,

A= {44y Ay Ay As A Ay @7
JUTS. TEXHOJIOTHYECKOTO MPOIECCca HAHECEHUsI TAIbBAHUYECKOTO MMOKPHITHS B
BaHHEe C: A, — aHoxamu, paOoraromMMu pasnndHoe Bpems [12];
A, — aHomamu, pa0OTAIOIIMMH B [HKIHYEeCKOM pexume [13];
A — C OTKIIOYaeMBIMH TIpH PEBEPCHPOBAHMM TOKa aHomamu [14];
Ay — ¢ 3amuTHBIMH Katogamu [15]; As — ¢ TOKOHENMPOBOISIIUMHU
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skpaHamu [16]; 4 — ¢  OumossspHeIMH  3nekTpomamu  [17];
A7 — ¢ urypusiMu aHogamu [ 18].

Hanmmume B rampBaHWYECKON BaHHE HECKOJIBKHX aHOJOB IMO3BOJSIET
OTKJIIOYAaTh WX OT HWCTOYHWKAa THUTAaHUS B  pa3IuyHOE  BpeMs
(ampTepHaTHBa A), I3MEHATH IYTh NMPOTEKaHHU MOCTOSHHOTO TOKA IPH HX
OUKITHYECKOM TIePEKIIOYCHUN (aJbTepHATHBA A,), a TaKKe «IPIMOM» U
«o0OpaTHOM» peXHMe dJIeKTpoiu3a (anbrepHathBa A;). Pacrmonoxenue B
rajJbBaHMYECKOIl BaHHE 3alIWTHBIX KaTOJOB (aJbTepHaTHBAa A;) Jaer
BO3MOXXHOCTh OTBJ€Yh Ha Ce0S YacTh HAHOCHUMOTO IOKPBITHS OT
oOpabaTbiBaeMoOi jieTanu (Ha y4acTkax, HauOosee Onu3kux K aHoay). st
3aIIMTHI BBICTYNAIOMINX YYaCTKOB JETaJIH OT MPOTEKaHHs Yyepe3 HUX TOKa B
JJIEKTPOJIUTE HCTIOJIB3YIOTCS TOKOHENPOBOISIINE 9KpaHbI
(ampTepHaTHBa A5). [Ipumenenwne OUIOJIAPHBIX AJIEKTPOJIOB
(ampTepHaTHBA Ag) TO3BOJIIET HANPABUTH TOK B YIIYOJICHUS M «TITyXHE)»
MOJIOCTH JEeTANH. YMEHBIICHHE DPACCTOSHHS MEXIY aHOIOM W JEeTajbio-
KaToJIOM JTIOCTUTAETCS HCTIOJIb30BaHUEM ¢urypHoro aHoJa
(ampTepHaTHBa A7), uMeromero (opMmy, KoTopas TMOBTOPSAET KOHTYPHI
00pabaTbIBaEMO JETaIIH.

AnprepHatuBbl (27) oneHuBaroTcs 1o cienytommm N o= 4
mokazaressiM (2):

K={K,.K,.Ks.K,}, (28)
rae K; — paBHOMEPHOCTb pacHpeaesieHHus TOJIIUHBI TallbBAaHUYECKOTO
HOKpBITI/Iﬂ Ha HOBCpXHOCTI/I JACTalIn, K2 — HpOI/ISBO,I[I/ITCHBHOCTB

ralbBAHAYECKOI BaHHBL, 4 '; K3 — SJIGKTPOSHEPIHs, 3aTpadyMBacMas Ha
HaHECeHHe ralbBAaHNUECKOTO MOKPHITHS, BT 4; K4 — cTomMOCTh peann3annn
rampBaHM4YecKoro mporecca, py0. Iloxazaremn K; m K, crpemsrcs
MaKCUMyMYy, a moka3atenu K3 u K, — K MUHUMYyMY.

OOBeKTHUBHBII  BBIOOp TexXHOJOrMYeckoro mpouecca u3 (27)
MO3BOJIUT OOECIIEYNTh BBHICOKOE KadeCTBO HOKpHITHS (moKaszarens Kj),
MHTEeHCH(HUIMPOBATh Npouecc (rmokazarenb K,) W CyIIECTBEHHO CHHU3HMTh
3aTpaThl Ha rajbBAHUUECKOE ITPOM3BOACTBO (MoKazatenu K;, Ky).

3HadeHus anbTepHATUB (27) 1o mokazatensM (28) (a)—(T) u3 maTpuig
pemennit (10) mmst (26) mpuBoaATcs Ha pUCyHKE 1.
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10 19 28 37 46 55 64 73 B2 91 100 Al 10 19 28 37 45 55 64 73 B2 91 100 Al

Puc. 1. 3nauenns ansTepHaTuB A -47 110 MOKazaTesaM K-K, a)-T) U3 MaTpHI
peleHui 1 JUCKPETHBIX 3HaUE€HUH BHYTPU JOIIYCTHMOIO AUANa30Ha U3MEHECHUS
BXOJIHOW NEpEMEHHON

B cocraBe ydYacTHHKOB TpYNIIOBOTO NPUHATHS peuieHuidl (6)
ucnoip3ytores cienyromue L = 10 MeTomoB:

F=((nF:F, (S,W))....(nFo:Fo (S;W))), (29)
rne nF; — oueHkdu agmuTuBHOrO Koddduimenta (ARAS) [19];
nF, — komOunatuBHOM onenku paccrosaus (CODAS)  [20];
nF; — xomiulekcHoi npomnopuuonansHOM oueHkn (COPRAS) [217;
nF, — oueHku paccrossuust or cpeanero pemenus (EDAS) [22];
nks - ceporo PEJIAIUOHHOTO aHaim3a (GRA) [23];
nFs — MHOTOKpUTEPHAITLHOW oNTUMHU3aIiny aHanm3a otHomeHuit (MOORA)
[24]; nF; — MHOTOKpHTEPHAIBLHOW ONTHMHU3AIMKA MPOCTOTO aHajH3a
otHomenuii (MOOSRA) [25]; nFs — IPOCTOTO aJITUTHBHOTO B3BEIIMBAHHS
(SAW) [26]; nFy — mnpemmodreHuss TOPSAAKAa TOCPEACTBOM TOM00US

nneansHoMy pemenuto (TOPSIS) [27]; nF)y — OIEHKH B3BEIIEHHOTO
arperupoBaHHOTO cymMmMmapHoro npomsseneaus (WASPAS) [28].
OyHKIUA frp BEIOUPACT aNbTEPHATUBY C HAUMEHBIIIUM HHACKCOM.
COBOKYITHOCTh ~ KOpPTEeXEW  3aJlaHHbIX  3HAUY€HUH  BXOJHOH
nepeMeHHoi! (3) uMmeeT BUL:
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X = (<X1:Valfe’>) : (30)

rae Val® — Bemmumma miomaaM MoBEPXHOCTH 06paGaThIBACMON IeTal,
NIpUHUMAIOIIAs CIEAYIOIINE 3HAYEHHUs, M 17,2; 26,2; 35,2; 44,2; 53,2;
62,2;71,2; 80,2; 89,2; 98,2.

Kopre:xxam 3agaHHbIX 3HaueHWil BxonHoil mnepemenHoit (30)
COOTBETCTBYIOT 3Ha4€HUsI anbrepHaTuB (27) no nokasareisim (28) (a)—(r) u3
MAaTpHI] pemeHui (4), mpeacTaBICHHBIC Ha PICYHKE 2.

Ky

a) 6)

s, BT

' II“““ e
172 2 24, 2712802 832 98,2 A1
valy, u?

B) r)
HC. 2. 3HaUCHUS allbTepHATUB A-A; 110 moka3aTeasiMm K-K, a)-T) u3 MaTpHIl
Puc. 2.3 Ai-A47 K-K,
peleHuit 1 3aJaHHBIX 3HaU€HUH BXOIHOM MepeMeHHON

OrnpeneneHre BECOBBIX KOIPPHUITMEHTOB 3HAYMMOCTH ITOKa3aTelei
MpOU3BOIUTCS 1O MeTony w3 [29]. Metox mpennonaraer (opMupoBaHHe
MaTpPHIIBl BECOBBIX KOI(D(UIIMEHTOB (C HCIIOB30BaHHEM KOJIMISCTBEHHBIX
MOJIXOJIOB), KOTOPOH COIMOCTABISIETCS MATpUIA PaHroB (KaueCTBEHHBIN
noaxox). Cpeau METOAOB KOJMYECTBEHHOTO MOJXO0Ja HCHOJIB3YIOTCS:
PaBHO3HAYHBIN; SHTPOIMHHBINA; CTAaHIAPTHOTO OTKJIOHEHHS; OCHOBaHHBIH
Ha S ¢eKTax ynaneHHs; KOPPEeIHUH; NOTEPH BIHMSHUS, KOMILUICKCHBIN;
yIJIOBOH; OCHOBaHHBI Ha Kod(h¢uumenre J[KUHM; cTaTUCTHYECKOU
mucriepcud.  Jlns  mojydeHHMs  33JlaHHOTO  3HaudeHus  KoddduiueHTa
COTJIACOBAHHOCTH C TIOMOINBI0 MATPHUIBI PAHIOB peHIaeTCs 3ajada
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OunHapHOW onTuMH3anuu. COTIACOBAHHOCTh pPE3yiIbTaTOB (HAHICHHBIX
PaHTOBBIX 3HAYEHUH BECOBBIX KOA()(PHUIIMEHTOB) OIIEHWBAETCS C TIOMOIIBIO
kodpdunreHTa KoHKopaanun KeHpgamma TpW  3aJaHHOM — YPOBHE
3HAYUMOCTH. BecoBble KO3(D(DUIMEHTH 3HAYUMOCTH MOKazaTejed Io
Matpuriam pemrenuit (10) mma (26) u (4) mna (30), HaiimeHHble aus
koddunrenTa cormacoBanHoctr 0,8 mpu ypoBHe 3HaumMoctH 0,05,
nokasaHsl Ha pucyHke 3(a) u 3(6) cOOTBETCTBEHHO.

BeiOop Hawiywined ajgbpTepHATHBBL IMPU  MYJIBTHBAPHAHTHOCTH
pesynbTata ocymectsugerca B (16) u (25) mns 3amaHHON cyMMapHOM
KOMIETEHTHOCTH YYacTHHUKOB IpyrmnoBoro rojocosanus: 0, 1/2, 2/3 wu 3/4,
YTO COOTBETCTBYET OTHOCHTEIBHOMY, aOCOIIOTHOMY, KBaJIHM()UIIMPOBAHHOMY
U TOJIABIIAIOIIEMY MaXKOPUTAPHOMY OOJIBIIIMHCTBY.

06 06

05 05

02
| (LR 1
10 19 28 37 46 55 2,2 1,2 0,2 89,2 8,2
Valy 1, 2

Ll 2m3ms "l 2m3 ms
a) 6)
Puc. 3. 3naueHust BecoBBIX K03( QUIUESHTOB 3HAUNMOCTH ToKa3areneit K -K, mo
MaTpHIaM penIeHuH I COBOKYITHOCTH AUCKPETHBIX 3HAUCHUH: a) BHYTPH
JIOMYCTUMOTO Maria30Ha N3MEHEHHs] BXOJIHON ITepeMeHHOH; 0) ¥ 3a1aHHBIX
3HAUYEHUH

'g:s

02
|| ml | | ||
ok R1E : 1N AT
4 73 82 91 100 17,2 26,2 352 442 6

val

LA

B cmywae  modydeHus ~— MyJNBTUBAPMAHTHOCTH  pe3ysbTara
MIPOM3BOJIUTCS JOTOJHUTENbHAs MPOBEPKA €IUHCTBEHHOCTH HaWJEHHOTO
pemienuss no Merony boppa, cormacHo kotopoMmy Kaxaelii  MIIP
YIOPSAZOYMBAET AIbTCPHATHBBI, TNpHCBamBag MM Oamiel oT M mo 1
(3amepBoe MecTo TpUCYXkAaeTcss M  0amIoB), C  IOCIEIYIOIINM
B3BEIICHHBIM CYMMHPOBAaHHEM OalIOB Yy KAXKAOTO PEIICHHS C Y4ETOM
komnereHTHOCTH MIIP 1 BRIOOpOM Hamimydineil ambTepHATHBBI, IMEIOMICH
HanOONBIIyI0 B3BemeHHYI0 cymmy OamroB [30]. KommerentHocts MITP
pacCUMTHIBAETCSI MTEPAILIMOHHO IO CTEIIEHH COTJIACOBAHHOCTH €r0 OLIEHOK C
IPYNIIOBOM OLEHKON aJIbTepHATHUB MO JOCTIKeHHI0 TouHocTH 0,001.

CpaBHeHI/Ie AJIbTCPHATUB mo nmoxasarcisiMm MpOU3BOAUTCA B
pa3paboTaHHOM MPOrpaMMHOM obecmeueHuH Ha s3bike Python 3 [31],
HCTIONB3YIONIEM B CBOEM cocTaBe (ByHKIUHU U3 OubnuoTeku pyDecision s
peanu3anyi MHOTOKPHTEPHAIBHOTO TMPHHATHSA pEImeHuil 1o BEIOOPY
HaWTy4IIeit ampTepHaTuBhl cormacHo MITP u3 rpymmst (29).

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 181
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX Y 3HAHUI

5. AHAJIU3 MOJIYYEeHHBIX pe3yabTaToB. B Tabnmie 1 mpuBoasTCs
pe3ynabTaThl TPUHATHA pEIIeHH I TUCKPETHBIX 3HA4YEeHU BHYTPH
JOTyCTUMOTO ~ JTala3oHa HM3MEHEHWS BXOJHOM TepeMEeHHOW IMpH
paBHO3HAYHOCTH K03 PuirmeHToB KomrereHTHocTH MITP.

Tabmuma 1. Pe3ynbraTel IpUHATHS pelIeHuH Ui JUCKPETHBIX 3HAYCHHH BHYTPH
JIOITyCTUMOTO JMana30Ha U3MEHEHUs BXOJHOM EpEMEHHOH ITPU PaBHO3HAYHOCTH

k03 durrenToB KoMnereHTHOCTH MITP

Val, j1, iv* 10 | 19|28 |37 | 46 | 55 | 64 | 73| 82 | 91 | 100

= a 1 1| 1]09] 05 0| 0] 0103 0

§T;g a 0 0| 0] 0 0 0 03|01 0 0

el o o] olor] o5 [o2] o o] o0fo2] o
m &

= 2| @ o lofo] o 0 oo ]o] o] o0 0

S| as 0o loflo]|o 0 ol oflo|lo]| o] o

55 as 0o [o]o0] o 0 [08]02| 1 |06]|08]| 1

a 0o [ofo] o 0 0 [05] 001 0 0

=0 | Ay | A | A | A | Ands | Ae | A7 | As | As | As | Ae

T 2 A A A 4 O | ds | @ | A5 | As | Ao | Ao

=23 | A | A | A | 4 O | 4| @ | 4| O | 4o | Ao

=34 | A | A | A4 | 4 O | 4| @ | 45| O | 4o | Ao

=0 1 1|1 1 2 1 1|1 1 1 1

= (=2 1t o[t o [t ot 1] 1]

E =2/3 | 1 1|1 ] 1 0 1 0|10 1 1

=3/4 | 1 1|1 ] 1 0 1 0|10 1 1

z=0 - - - - A, - - - - - -

E =12 - - | - - | - 2 - - - -

=23 | - | - | -] - 2 - lal|l-1a/|-] -

=34 | - | - | - | - 2 -l a | - - | -

Hawubonee nomynsipHol BEIOpaHHOW anbTepHATUBOM siBisieTcst A (Ha
nepBoii NoJI0BHHE) U Ag (HAa BTOPOIl MOJIOBHUHE) [UISl AUCKPETHBIX 3HAYCHUN
BHYTPH JONYCTUMOIO JHana3oHa W3MEHEHUs BXOJHOW IEpEeMEHHOM.
Curyanuss MyNIbTUBAapUAaHTHOCTH pe3ynbraTa Bcerpeudaercs 9,09% ot
KOJIMYEeCTBA JAMCKPETHBIX 3HAUYEHHH BXOJHBIX MEPEMEHHBIX — Npu z = 0y
Val,;; =46 aM®  MHOXECTBO Hammy4ymux —anbrepHatuB (16) wumeer

pasmeprocts dim A/l = 2, uTo TpeGyer npuBieueHMs fipp. CuTyarms

OTCYTCTBUSI HAWJIydlled anbTepHAaTHBEI B MHOXecTtBe (16) u, Kak
CIeCTBHE, HEBO3MOXKHOCTU TPUHATHUS peuieHuit BcTpedaercs 18,18%
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(Val,, = 46 aw° wu Val; = 64 a) u 27,27% (Val,;; = 46 mv,
Val,; = 64 nv* u Val, ;, = 82 nv°) ipu z = 1/2, a Takxke z = 2/3 u z = 3/4 ot
KOJIMYECTBA IUCKPETHBIX 3HAYCHUH BXOTHOH MEpEMEHHOI COOTBETCTBEHHO.

YTouHeHHble  KOY(PPHUIMEHTHI  KoMmMmeTeHTHOCTH  MIIP ;s
COBOKYIHOCTH KOPTEXEW BXOAHON NEPEMEHHOMN M3 AMCKPETHBIX 3HAYCHUI

BHYTPH IOIyCTHMOTO IHAlla30Ha ¢ M3MEHEHUs NPOJEMOHCTPHPOBAHBI Ha
pucyHke 4.

rl

0,02

=]

nk10

=t
L

B2

nkF3

=
oo w c
o0 =

Valy 1, Am?

Puc. 4. Yrounennsie k03¢ uireHTsr KomnereHTHocTH MITP 17151 COBOKYITHOCTH
KOpTexXell BXOIHOW NIepeMEHHOH U3 AUCKPETHBIX 3HAYCHUH BHYTPH JOILyCTUMOIO
J1ana3oHa e¢ U3MCHEHHUs

MakcumanbsHOE cpeHee 3HaueHHe KO3 (UIeHTa KOMIIETEHTHOCTH
Cpean OUCKPETHBIX 3HAYEHUH BHYTPH JOITYCTHMOTO JHAana3oHa M3MEHEHUS
BXOJIHOM TepeMeHHOW wumeeT wMeton nFg, a HauMeHbliee — nFs.
Koa¢h¢uuneHTs KOMIIETEHTHOCTH B Y3JI0BBIX TOUKaX y METONOB nFy u nk,
a Taxxke nFy u nkF'jy COBIagaroT.

B Ttabnuue 2 npuBOAATCS pPE3yAbTAThl NPUHITUS DPELICHWH Ui
3aJ]aHHBIX 3HAYEHUH BXOJHOI NMEepeMEHHOM NPH PaBHO3HAYHOCTH (BEPXHsS
CTpOKa) M pacyere (HWXKHSIS CTpoKa) Ko3((UIMEHTOB KOMIETEHTHOCTH
MIIP. Haunbomnee momynsipHO BEIOpaHHOW aTbTEPHATHBOM TaKKe OCTAETCS

A, (Ha mTepBOi mTONIOBHMHE) M Ag (HAa BTOPOM TOJOBHWHE) JUIS 3aJaHHBIX
3HAYEHHUI BXOIHOM MEPEMEHHOM.
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Tabmmma 2. Pe3ynbraTel IpUHATHS pEeNIeHHH IS 3aJaHHBIX 3HAYCHUH BXOTHON
MepEeMEHHOH NPHU PAaBHO3HAYHOCTH (BEPXHSAS CTPOKA) U pacueTe (HWKHSASA CTPOKaA)
k03¢ pureHToB koMmnerenTHoctn MITP

Vali”, ad® | 17,2 ] 262 | 352 | 442 | 53,2 | 622 | 71,2 | 802 | 892 | 982
- 1 1 1 02 | 0 | ol 0 0 0 0
B a 1 1 092 |02 | 0 002 | 0 0 0 0
§ 0 0 0 0 0 0 0 0 0 0
g | @ 0 0 0 0 0 0 0 0 0 0
‘% . 0 0 0 0 0 0 0 0,3 0 0
s } 0 0 0 0 0 0 0 o4 o 0
= 0 0 0 0 0 0 0 0 0 0
§'< aa 0 0 0 0 0 0 0 0 0 0
g . 0 0 0 0 |09 | 0 0 0 0,5 0
= 5 0 0 0 0 |064 | 0 0 0 | 028 | 0
5 ) 0 0 0 0 | 01 |07 1 0.6 | 05 1
g 6 0 0 0 0 | 01 |044 | 09 |052 | 048 | 0,96
g 0 0 0 |08 | 0 |02 | 0 |o1 0 0
= @ 0 0 0 038 | 0 | 01 0 002 ]| 0 0

=0 Ay Ay Ay 4, As As A6 As As,As As

A | A | A | 4 | As | As | As | A5 | As | As

i A A A A [y [ A | A | A 0 A

§ A] A] Al @ A5 0 A(, A(, 0 Aé

s A A A4 4 [ 4 [ 4 [ 4 | O O | 4

A4, | 4 | 4, 7] %] 0 | 4 | © 0 A

g LA A A Ay [ 0 | 4 | 0 0 A
A4 | 4 | 4, 7] 7] 0 | 4 | © 0 A

o 1 1 1 1 1 1 1 1 2 1
1 1 1 1 1 1 1 1 1 1

g 1 1 1 1 1 1 1 1 0 1

é =2 1 1 0 1 0 1 1 0 1

£ 1 1 1 1 1 1 1 0 0 1

S |23 1 1 0 0 0 1 0 0 1

1 1 1 1 1 0 1 0 0 1

734 1 1 0 0 0 0 0 0 1

=0 — - - - - - - As -

_ _ _ _ _ _ _ _ ﬁ _

: z=1/2 — — — 7 — 3 — — 3 —
= e
T T =3 A A |- [ a [ a |-

- - T oA e |-

AT T T =13 13 [a |- | a [ a [-

[IpousBeneM CpaBHUTCIBHBIH aHANW3 JaHHBIX  albTEPHATHUB.
[Ipeobnamanue anmbTepHATUBBI A; JJIs HAHECEHUS TallbBaHUYECKOTO
MOKPBITHS HA JETadl MEHBIINX pa3sMEepOB OOBIACHACTCS IJIyUIINMHU
3HAYCHMSAMH 10 TIOKazaTemsiM K -K3, TIOCKONBKY TIPEIOCTaBIICT:
a) BO3MOXKHOCTh JTMHAMHYECKOTO HW3MEHEHHWsS paclpeiesieHus ToKa B
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ANEKTPOJINTE W, KaK CIEACTBHUE, yIyUIIEHHEe PABHOMEPHOCTH OCaXIaeMOT0
HOKPHITHS HA TMOBEPXHOCTH KaTonga (cpemHee sHaueHme W™ = 0,128);
0) yBenW4YeHHE CHJIBI TOKAa TaJIbBAHMYECKOW BaHHBI 3a cYeT OoJbImeit
IUTOINAAN aHOJMOB M, KaK CIICACTBHUE, MOBHIIICHNE €€ MPOU3BOAUTEILHOCTH
(cpemree 3HaueHME W)™ = 0,414); B) CHIDKCHHE 3aTpaT Ha JIEKTPOIHEPTHIO
(cpennee 3mauenne W3* = 0,231) MOCKONBEKY B BaHHE HE HPUCYTCTBYET
MIOCTOPOHHUX JJIEKTPOJIOB, e moTpedistomux. OaHaKo 1o rmokaszareio Ky
anpTepHatiBa A; yctynaer Ag, 4TO OOBsCHAETCS ee Oojiee BBICOKOH
CTOMMOCTBIO peanusaimuu (cpeaHee 3Hauenme W, = 0,228), Tak Kak
HEOOXOMMMO  HAJNUYUWE  WCTOYHMKA  THTAHUS C  HECKOJBKUMHU
YIPABJISIONIMMH U CHJIOBBIMU Monyisimu. [Ipeobnananue anpTepHATUBEI Ag
JUTS. HAHECCHUS TAJIbBAHUYECKOTO TIOKPBITHS Ha JICTATH OOJIBIINX Pa3MEepPOB
OOBSICHAETCSI CHIDKEHHEM CTOMMOCTH pealii3aliy (CpeaHee 3HaueHHe
W, = 0,341), HOCKONBbKY OGHMIOIAPHBEIE DIEKTPOILI M3rOTABIMBAIOTCA M3
HEIOPOTUX MAaTEepHAJIOB, TaKWX KaK YTJIEpOX WM Hep)KaBerouas CTaib,
HUMEIOT MPOCTYI0 KOHCTPYKIHUIO M HE TPEOYIOT CIIOKHOTO MPOU3BOJICTBA, a
TaKXKe MOTYT HCIIOJIb30BaThCS Ha MPOTSDKEHUH JIUTEIBHOTO BpeMeHH 0e3
HeoOxXoIuMOoCTH 3aMeHbl. OHaKo 1o MmokasareisaM K -K3 albTepHaTuBa Ag
ycTynaer A4;, 4To CBSI3aHO C: @) BO3MOXXHOCTBIO YJIYYLIEHHUS IUIOTHOCTH
TOKa TOJBKO B TPYJHOJOCTYITHBIX MOJOCTSIX Ha KaToJe M, KaK CIEICTBUE,
PaBHOMEPHOCTH OCaXKJJaeéMOT'0 IIOKPHITUSI HE Ha BCEil €ro IOBEPXHOCTH
(cpemuee 3mavenue W,*' = 0,047); 6) MeHbIUEH NPOM3BOAUTEIHLHOCTHIO
rajbBaHUYECKON BaHHBI (cpenHee 3Hauenume W, = 0,309) 3a cuer
YBEIMYCHHSI €€ JJIEKTPHYECKOTO CONPOTUBICHHS W, KaK CIEICTBUE,
TIOBHIIICHHUIO JITUTEIHHOCTH 00pabOTKY eTaly; B) YBEIMUSHHEM 3aTpaT Ha
3IeKTpodHepruo  (cpemHee 3HadeHme W5 =0,304) wu3-3a co3gaHus
OonpIIel IUIOTHOCTH TOKAa Ha TIOBEPXHOCTH AJIEKTPOAOB, YTO BIIEYET 3a
co00if WHTCHCH(UKAIMIO DJJIEKTPOXUMHUYECKOW peaknuu, Tpedyromei
00JBIIIETO KOJIMYEeCTBA SHEPTHH IS €€ MO IePIKaHS.

Curyanusi MyJIbTUBAPUAHTHOCTH pe3yibTaTa HE BCTpeUacTCs
HU pa3y npu pacuere KoddduipeHToB kommereHTHoctH MIIP m npm
UX paBHO3HaYyHOCTH BcTpedaercs B 10% OT KoinyecTBa AMCKPETHBIX
3HaueHWi — npu z = 0 y Val,; = 89,2 M MHOMKECTBO HAMITYYIIHX

anprepHaTHB (25) wuMeer pasMepHOcTh dim A =2, 4gro TpebyeT
npuBicueHUst fipp. CHTyanuss OTCYTCTBHS HAaWJIYYIICH albTCPHATHUBBI
B MHOXecTBe (25) U, Kak ClIeJICTBHE, HEBO3MOKHOCTH MPUHSITUS PEHICHUN
P PAaBHO3HAYHOCTU KOd(PuimeHToB KomrnereHTHOCTH MIIP BeTpeuaercs
10% (Val,* = 89,2 nmm®), 20% (Val,* = 80,2 am* u Val,* = 89,2 am°) u
30% (Val,*™ = 62,2 nM>, Val,* = 80,2 nm” u Val,* = 89,2 nm®) nipu z = 1/2,
z=2/3 uz=3/4 oT KONMYECTBA 3aJJaHHBIX 3HAYCHNUH BXOJHBIX TIEPEMEHHBIX
cooTBeTCTBeHHO. CHTyanus OTCYTCTBUS HAWIydlled ajlbTepHATHBHI
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B MHOXKeCTBe (25) M, KaK CJICICTBHE, HEBO3MOXXHOCTH TIPUHATHS PEUICHUIH
mpu pacdere kod3ddurmmentor xommnereHTHOCTH MIIP BeTpeuaetcs 30%
(Val,™ =442 av°, Val,™ = 622 am® u Val™ = 89,2 nv®) u 50%
(Val* = 44,2 v, Val,* = 53,2 ov?, Val,™ = 62,2 i, Val,*' = 80,2 nv’* u
Val** = 89,2 nm®) npu z = 1/2, a taxke z = 2/3 u z = 3/4 or KoIMYeCTBA
3aJaHHbIX 3HAYEHUH BXOIHBIX IEPEMEHHBIX COOTBETCTBEHHO.

Pe3ynbraThl NpOBEPKH €IWHCTBEHHOCTH HAaWJIEHHOTO peuleHust Ag
IpH MyYJIbTHBAPMAHTHOCTH pe3yibrata mis Val,* = 89,2 nm° mo Meromy
Bopna mnoxazaHsl Ha pucyHke 5. bamnsl g aneTepHaTHB  Aj-A7,
NOJyYeHHbIE B pe3ysbTaTe WX YIOPSJIOYMBaHHS ¢ IpumeHeHuneM MIIP
nF-nFy, npuBOAATCS Ha pHCyHKe 5(a). B3BemieHHble cyMMapHble OailIbl
sl anbTepHaTuB A,-A;, paccunTaHHble ¢ yuyeToM KomneTeHTHocTu MIIP,

JIEMOHCTPHUPYIOTCS Ha pUCyHKe 5(0).
a) 0)

HAL | A2 MA3 NAY NAS EAG mAT
Puc. 5. banns! 11 anbTepHaTUB A-A7, IOIly4EHHBIE B PE3YNbTATE UX:
a) ynopsinounsanusi ¢ npuMenerneM MIIP nF'-nFy; 6) uX B3BeIICHHbIE CyMMapHbIe
6aymte! o MeToxy bopna

Bannbt am aabTepatHa
w o

B3sewennan cywma 6annos

3HayeHuss KOA(PPUIMEHTOB  KoMMeTeHTHocTH it MIIP  mo
Mpe/yIaraeMoMy U UTEPAIliMOHHOMY METO/IAM pacyeTa MoKa3aHbl Ha PUCYHKE 6.

0,12

11
0,08
% 006
0,04
0
0
nFl nF2 nF3 nFd nF5 nF& nF7 nFg

nF%  nFl0

=}

=]

E

=]
=]

Wpegnarassii metos  BWWTEPALMOHHBIE METOL
Puc. 6. 3nauennst ko3¢ punuenToB komrerenToctu At MIIP mo npeanaraemomy
Y UTEPALIMOHHOMY METOJaM pacyera
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B pe3yibTaTe JIOTIOJIHUTEIIEHOTO pacyeta HaWIy4Inen
aTbTEPHATUBOM TaKXKe ABISACTCH Ag, HE3HAUUTENBHO MpeBocxons As (6,36 u
6,32 Oamra cooTBeTCTBEeHHO). OJHAKO ITOJYYCHHbIE OauIbl OMPEACISIOT
TOJIBKO TIOPSIIOK PACIHOJIOKEHUS aNbTEPHATHB IO ITOKA3aTeIsIM CPaBHEHHUS
W HE JAaf0T BO3MOXXHOCTH CHENaTh BBIBOJ O TOM, Ha CKOJBKO WJIH BO
CKOJIBKO pPa3 MpeNrovTHTeNbHee A 1Mo cpaBHEHHMIO ¢ As. [IpeamoureHue
Hamnyuiied Ag 1O HaOpaHHBIM OaylaM MOXXET HE OIpaBJbIBATh
JIOTIOJTHUTENBHBIX 3aTpaT WM PHUCKOB, CBSI3aHHBIX C BBIOOPOM 3TOM
aNbTCPHATHBBI, W TPHUBECTH K HEOOXOJAMMOCTH MEPEecMOTpa JaHHOTO
peleHus B OyAyIieM, Tak Kak 10 CYTH OHa PacIoiaraeTcs Ha TOM XKe MECTe
B paHXUpOBKe, 4T0 U As JlaHHOE OOCTOSATEIBCTBO OOYCIOBICHO
HE3HAYUTEILHBIM CPEIHEKBAIPATUUCCKUM OTKJIOHCHHEM (COBMAIacT ¢
TOYHOCTBIO UX pacyera) 3HaueHUH K03 HuIimeHToB KoMmrereHTHoctn MIIP,
HaliIeHHBIX WTEpPalMoOHHO I MeToma bopma. DTo cBsA3aHO ¢ TeM, 4TO
ucnons3yemble  MIIP ocHOBaHBI Ha ONPENENIEHHBIX MaTEeMATUYECKUX
MIPUHITUIIAX U aJTOPUTMAX, KOTOPBIE UMEIOT OOIINe YepTHl B CBOCH JIOTHKE
1 TOAXOJe, U pacyeT WX KOMIETEHTHOCTH, OCHOBaHHBIH HAa MUHUMH3AIINN
PacXOKACHUS CTENECHH COTIIACOBAHHOCTH YACTHBIX OLIEHOK C TPYMIIOBOM
OLICHKOW allbTEpPHATHUB, CXOJUTCS K PEIICHUIO BCEro 3a 2 UTepaluu MpH
PaBHO3HAYHOCTH HayaJIbHBIX 3HAYCHUI KOO (HUIIMEHTOB.

B nmpeanaraeMmom MeTone anbTepHaTMBAa Ag MPEBOCXOIUT As
3HaumrenbHee (0,48 wm 0,28 COOTBETCTBEHHO), YTO O0OYCIaBIMBACTCS
OONBIIMM  cpeqHeKBazpaTuieckuM  oTkioHeHuem  (0,041)  3HaueHmit
kodpdunreHToB kommeTreHTHOCTH MIIP, o3HagarommMm uX OONBIIYIO
BapHaTUBHOCTH, TO3BOJIAIONICH JIydIlle OLEHHUTh CTENEeHb IPAaBHIBHOCTH
HMHTEPIPETALMU U UCIIOJIb30BaHUS JaHHBIX U3 MaTpullbl pemennii MIIP nns
BEIOOpA HAWITYHIIEeH abTePHATHBEIL.

Takum 06pa3oM, MOXKHO 3aKITIOYHTH CIIEAYIOIIee:

1. MynpTHBapHAHTHOCTh pe3yJibTaTa BCTPEYACTCS TOIBKO TIO
Ma)XOPUTAPHOMY  HPUHIMIY  OTHOCHTEILHOTO  OOJILIIMHCTBA  MpPH
(hOpMHUPOBAHNU MHOXKECTBAHAH JIyUIIIUX ATbTCPHATHB.

2. Pa3pemenue cuTyaluu MYJIbTHBAapUaHTHOCTU pe3ynbTaTa 0e3
YTOYHCHUSA KOS(I)(bI/IHI/IeHTOB KOMIETCHTHOCTU YYAaCTHHUKOB TI'0JIOCOBAaHUA
(Ipu MX paBHO3HAYHOCTH) BO3MOXKHO TOJIBKO C NpUBJIeUCHHEM (DYyHKINH
BbIOOpA abTepHATUBEI, peanuzyemoit JIITP.

3. Pacuer k0>Q(UINCHTOB  KOMIETEHTHOCTH  YYAaCTHHKOB
TOJOCOBAaHUS dYepe3 JIOKaJbHYI JHHEHHYI0 WHTEPIONSAIUI0 10 WX
YTOYHEHHBIM 3HAYEHUSIM B OKpYXaromux Toukax mno3sosster B 100%
CIydaeB  OCYIIECTBIATH  BBHIOOp HAWIYYIICH  albTepHATUBH  IIpH
MYJBTHBAPUAHTHOCTH PE3yIbTaTa.
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4. Halinennele Kod()(PHUIMEHTH KOMIIETEHTHOCTH  00JIaaioT
Jy4dIel BapHaTHBHOCTHIO, oOecmeunBarommeld OOJBINYI0 3HAYMMOCTH
BBIOpaHHOW ajbTepHATHUBE.

5. MaxopHuTapHbIil TPUHIMIT aOCOTIOTHOTO, KBATH(QHUITMPOBAHHOTO
n monasisttomero OomnemuHCTBA B 10-50% citydaeB BBI3BIBACT CHUTYAIHIO
OTCYTCTBHSl pemIeHHSs B CPOPMHPOBAHHOM MHOXKECTBE HAWITYUIINX
AIBTCPHATHB, KOTOPYIO HE CIOCOOHO MPEONOJeTh HHU PABHO3HAYHOCTH
KO3(Q(DUIIMECHTOB ~ KOMIIETCHTHOCTA  YYAaCTHHKOB  TOJIOCOBAaHUS  C
npuBieYeHeM (QYHKLIUM BbIOOpa anbTepHaTuBbl, peanuzyemoi JIIIP, Hu
pacuer ko3 ¢uimeHToB  kommereHTHOcTH MIIP  dyepe3  JoKajbHYHO
HHHeﬁHyIO HUHTCPIOJIANUIO IO UX YTOUYHCHHBIM 3HAYCHUSAM B OKPYKAIOIHX
TOYKAX.

6. 3axmiouenue. I[lpuMeHeHne KOA(QUIMEHTOB KOMIIETCHTHOCTH
YY9aCTHUKOB TPYIIIOBOTO MPHUHATHS PEIICHUH MPEICTABIIET COO0H BaKHBIN
WHCTPYMEHT [UIS BBIOOpa HAWIydmieH ambTepHATHBEI B  YCIIOBHSIX
MYJBTHBAPUAHTHOCTH PE3YyJIbTaTa U CIOCOOCTBYET MOBHIIICHUIO JOBEPHS K
mporeccy  NPHUHATHS ~ pPElICHUH, TMOCKONBKY  TIO3BOJIIIET  OTAATh
MpeOIoYTeHHEe albTepPHATHBAM, BBIOPAaHHBIM yYacTHHKaMH C OoJjee
BBICOKHMH  3HAYCHUSMH  COOTBETCTBYMOIIUX  Kod(duiuentos. B
pe3yabTaTax UCCICAOBAHUS [MOKa3aHO, YTO MPEJIOKCHHBIN METO]] pacueTa
K03()(DUIMEHTOB KOMIIETEHTHOCTH YYaCTHHKOB TPYIIIOBOIO IPHUHSITHUS
PEIICHH Yepe3 JOKAIbHYIO JTHHSHHYI0 HHTSPIIOJINIO SBIISICTCS HanboJiee
5pQeKTUBHBIM Ui BbIOOpAa  HaWwiydmled  aJbTepPHATHBBI  IPU
MyJbTHBAPUAHTHOCTH  pe3ylbTaTa 10 MaKOPHUTAPHOMY  IPHUHIUITY
OTHOCHTEIIEHOTO OOoNbINMHCTBA. [IporpamMMHas peanu3anus JaHHOTO
METOJ]a  IO3BOJICT  aBTOMATH3MPOBaTh  pacdyeT  KOA(PPUIHMEHTOB
KOMIETEHTHOCTH, YIPOIIAIIUN U YCKOPSIOIIUHN MOJyYeHUEe pe3ybTara, a
TaKXKE COXPAHATh W aHATU3UPOBATh JaHHBIC O NPUHSATHH PEIICHHUH, YTO
MOXKET OBITh TOJE3HO M TOCICAYIONIMX HCCICIOBAHUN ¥ YIYYIICHUS
MIPOIIECCOB IPYIIIOBOTO TOJIOCOBAHUS.
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D. SOLOVIEV
COMPETENCE COEFFICIENTS CALCULATION METHOD OF
PARTICIPANTS IN GROUP DECISION-MAKING FOR
SELECTING THE BEST ALTERNATIVE WITH THE
MULTIVARIATE OF THE RESULT

Solovjev D. Competence Coefficients Calculation Method of Participants in Group
Decision-Making for Selecting the Best Alternative with the Multivariate of the Result.

Abstract. The problem of obtaining the best alternative using decision-making methods
based on the experience of specialists and mathematical calculations is considered in the
article. Group decision-making is appropriate for solving this problem. However, it can lead to
the selection of several best alternatives (multivariate of the result). Accounting for
competence will prioritize the decision of more competent participants and eliminate the
emergence of several best alternatives in the process of group decision-making. The problem of
determining the competence coefficients for participants in group decision-making has been
formulated. The selection of the best alternative with the multivariate of the result is provided
in the problem. A method for solving the problem has been developed. It involves discretizing
the range of input variables and refining the competence coefficients values of group decision-
making participants in it to select the best alternative, either by the majority principle or with
the decision-maker’s involvement. Further calculation of the competence coefficients for
participants in group decision-making is carried out using local linear interpolation of the
refined competence coefficient at surrounding points from the discretized range. The use of the
proposed method for solving the problem is considered using the example of group decision-
making according to the main types of the majoritarian principle for selecting an
electrodeposition variant. The results show that the proposed method for calculating the
competence coefficients of participants in group decision-making through local linear
interpolation is the most effective for selecting the best alternative with a multivariate result
based on the relative majority.

Keywords: competence coefficients, group decision-making, selection of the best
alternative, multivariate of the result.
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U PPOBLIE MHOOPMAIIMOHHO-TEJIEKOMMYHUKAIIMOHHBIE TEXHOJIOI'MA
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A.B.TIAPIIYTKYH, JI.W. ByunHckuii, 10.H. KOMAJIOB
MOJEJIb ®YHKIIMOHUPOBAHUSA KAHAJIA CIIYTHUKOBOM
CBJI3U B YCJIOBUAX 3HI/I3OI[I/I‘-IECKOI71 CUHXPOHM3ALINU

C IOTOKAMMU UMITYJIbCHBIX ITIOMEX

Hapwymxun A.B., Byuuncxuii [.HU., Konanos FO.H. Monens (pyHKIHOHUPOBAHMSI KaHAJIa
CIyTHHKOBOI CBSI3M B YCJOBHSIX DJNH30JMYECKOil CHHXPOHHM3AIMH € TOTOKAMHU
HMMIYJIbCHBIX IIOMeX.

AHHoTanmus. B cTaThe HMccienyercs BIMSHHME HENPEIHAMEPEHHBIX MMITYJIBCHBIX HMOMEX
Ha IpueM HH(OpPMalUM B YCIOBHSAX JMU30ANYECKON CHHXPOHM3AIUH KaApOB (PH3HIECKOTO
YPOBHS KaHaja CIYTHHKOBOM CBsSI3M C IIOTOKaMH HUMIyJbcoB momex. Ilpennoxkena
aHAIUTUYECKAas MOJENb BIMAHMS HENPEIHAMEPEHHBIX HMIYJIbCHBIX IIOMEX Ha HpHEM
nHOpMAMK B CIYTHUKOBOM KaHAle CBSA3H B YCIOBHSAX SMH30IMYECKON CHHXPOHH3AIUH
KaapoB (hPH3UYECKOTO YPOBHS C IIOTOKAMU MMITYJILCHBIX IToMex. Ha npumepe crannapra DVB-
S2 1noka3aHO COBMECTHOE BJIMSIHME IlyMa M HENPEIHAMEPEHHBIX HMITYJIbCHBIX TOMEX Ha
YCIOBHBIE BEPOATHOCTH OIIMOOK IIPHU IIPpUEMe CHHXPOTPYIIIBI, CIIY’)KeOHON 9acTH 3ar0JI0BKa U
HHGOPMALMOHHONH YacTH Kajpa. [IpuBeIeHbl OLCHKU CPEIHEro 4ucia KagpoB (HH3UIECKOro
YPOBHSI Ha JUIMTENILHOCTH WHTEpBasia 3MU30AWYECKON CHHXPOHM3AIMU, YUC]a MHTEPBAJIOB
SMU30ANYECKON CHHXPOHH3AIMH U JONMH DJIEMEHTapHBIX MOCBUIOK B Kajpe, MOJBEPIUINXCS
BO3/ICHCTBHIO TIOMEXHU, B 3aBUCUMOCTH OT CKBa)KHOCTH UMITYJIbCHOM romexu. IToka3aHo, uTo
CYIIECTBYIOT TAKHE COOTHOLIEHHS MEXK/1Y JUTUTEIbHOCTBIO UMITYJIBCA TIOMEXH U CKBAYKHOCTBIO
ee CIIeJOBaHUsl, IIPHU KOTOPBIX SBICHHE dIH30JMIECKON CHHXPOHHU3ALUH KaJpoB (HH3UIECKOro
YPOBHS C IIOTOKOM HMITYJIbCHBIX IIOMEX OKa3blBaeT CYILECTBEHHOE BIIMSIHUE Ha
(yHKIMOHMpOBAaHNE KaHaja CIyTHHUKOBOW CBsI3M. IlOMydeHBI 3aBHCHMOCTH BEpOSTHOCTH
OLIMOOYHOro IpueMa Kazipa (pU3HIECKOro ypoBHS KaHala CIIyTHUKOBOI CBSI3H OT OTHOIICHUS
CHUTHAJI/TIoMeXa IpH (UKCHPOBAHHOM OTHOIIEHHH CHTHAJ/IIYM H OT JUIUTENIBHOCTH MMITYJIbECA
IIOMEXH. YCTAaHOBJIEHO, YTO IIPU BBICOKMX OTHONICHHSX CHTHAJ/IIOMEXa M JUIMTEIEHOCTH
MIOMEXH, COOTHOCHMOI C ATUTENBHOCTBIO CIY)KEOHOI 4acTH KaJpa, HO 3HAYUTEIbHO MEHBIIE
JUTITETIEHOCTH KaJpa, BEPOSITHOCTh OIIMOOYHOTO TIpHeMa KaJpa MOXKET ObITh BBINIE, YeM IpU
OoJyiee HU3KMX OTHOLICHMSIX CHTHAJ/TIOMeXa 3a CUeT OMIMOOK IPH HpHeMe CIIy)XKeOHOH JacTH
KaJIpoB.

KiroueBble c¢10Ba: 3MM30MUYECKas CUHXPOHU3ALUs, HENPEAHAMEPEHHbIE MMITYJIbCHBIE
nomexu, DVB, moMexoycToiunBOCTb, IIUPOKONOJIOCHAS CITyTHUKOBAs CBSI3b.

1. Beenenune. OyHKIMOHUPOBAaHUE COBPEMEHHBIX CUCTEM CBSA3M U
nepenayu JaHHBIX MPOUCXOIUT B YCIOBUSIX BO3JCHCTBUSI €CTECTBEHHBIX
(hOHOBBIX ITYMOB OKPYKAFOIIETO IPOCTPAHCTBA, MHIYCTPHAIHHBIX TOMEX H
HENPEIHAMEPEHHBIX IIOMEX, CO3/aBaéMbIX IepeJaTYuKaMHu JPYIrHux
pPaouo3NeKTPOHHBIX cpencTB U cucteM. lllupokoe pacnpocTpaHeHue
CTallMOHAPHBIX U TOJIBIDKHBIX PAJAMOJIOKAIMOHHBIX CHCTEM IMPUBOJUT K
TOMY, 4YTO HMIIYyJIbCHBIE CUTHANbl BBICOKOM HMHTEHCHBHOCTU OCTAOTCS
CYIIECTBECHHLIM (l)aKTOpOM, BJIMAOIIUM Ha QJICKTPOMAruuTHYIO
COBMECTHUMOCTb PaauOdIEKTPOHHBIX CPEICTB. CymecTBytomiye
PaauoJIOKallTMOHHBIE  CUCTEMBI 06ecnequm[ JABUKCHUS  UCHOJIB3YIOT
JUana3oHsl 4acToT oT coreH MI'n no coren I'T u Moryr pasmemarbcst Ha
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MTOJIBIKHBIX HOCHTEINSAX: BO3MYIIHBIX, MOPCKHX M Ja)X€ Ha JIETKOBBIX
aBToMoOmsIx. Kak mpaBmito, uX mepegaTInKi UMEIOT BBICOKYIO CPEITHION0
MOIIHOCTh M HMITYJICHBIE peXHMBI pabdoTel. Korma mmpuHa crnexrpa
MMIyJbca ITOMEXH CYIIECTBCHHO TPEBBIIIACT IIMPHHY CIIEKTpa CHrHAJa,
IoMeXa MOXKET OBITh PaccMOTpeHa KaK MMITYyJbC ITyMa C PaBHOMEPHBIM
CIIEKTPOM B TIOJIOCE YacTOT CHUTHAJIA.

HccnenoBannio BIMSIHUSL MMITYJIBCHBIX ITOMEX Ha paboTy cucTeM
CBSI3W W TIepe/iaud AaHHBIX M pa3paboTke Mep 00ecHedYeHUs 3alUThl OT
MOJOOHBIX MOMEX IOCBSIIIEHO JIOCTATOYHO MHOTO TEOPETHYECKUX U
npukiaaHeix  pador [l —8]. TpaguuuonHele mnoaxoAasl K Oopbbe ¢
AMITYJIbCHBIMHM TIOMEXaMHU OMHUCaHbl B Kiaccuueckux Tpyaax [1, 2]. s
oOecricueHHss TpUeMa  JUCKPETHBIX  COOOUICHMHA B  KaHAlaX C
COCPENOTOYCHHBIMH [0  CHEKTPY H  HUMIIYJIbCHBIMH  IOMEXaMH
HCTIONB3YIOTCS. HeMHEHHBIC OTPAHUYHUTENNA W ONOKMPOBAHUE MPHEMHUKA,
KOMIICHCAIIMSI TIOMEX, pa3HECEHHBI TpPHEeM W TOMEXOYCTOHYHBOE
KOAMPOBaHUE.

B coBpeMeHHBIX cHCTEeMax IUQPPOBOH CBS3H IS  OCITAOJICHUS
BIUSIHAS TIOMEX HCIONB3YeTCsl KaHalbHOe KoaupoBaHHe. B pabore [5]
paccMoTpeHa BO3MOXHOCTb MIPUMEHEHHUS IIOMEX0YCTOWIHBOTO
KOJIMPOBaHUS C MEPEMEKEHUEM JUIsi OOPHOBI C 3aMHUPAHUSIMU WU IPYTUMH
MPUYMHAMY, TPHUBOIIIMMHA K BO3HHMKHOBEHHMIO TPYMIOBBIX OIMIMOOK MPHU
pueme.

B cBsi3u ¢ TeM, 4TO METOUKH OIEHKU BIUSHUS HEMpPeIHAMEPEHHBIX
IMOMEX, KaK ITPaBUIO, OPHCHTUPYIOTCS Ha CPEIHUEC 3HAYCHUS MOIIHOCTEH
IOMEX, TO B PSANC CIIy4acB MOXKET BO3HUKATh HENOOICHKA OITACHOCTH
UMIOYJIBCHBIX TMOMeX. JlaHHOe CBOWCTBO WMITyJBCHBIX TIOMEX OBLIO
orMeueHo B pabore [9]. B pabore [10] moka3ano, kak AaHHBIA 3¢ deKT
NpOSBIIAETCS. B CIlydya€  BO3JCUCTBUSA  UMIYJbCHBIX IOMEX Ha
HHPOPMAIIMOHHYID  YacTh  Kajpa, I[EpeJaBacMoro B CTaHIApTe
IIUPOKOTIONIOCHOM nepenayuu AaHHbIX DVB.

B oramuune ot 3amupaHuil CUTHaNA, CBSI3aHHBIX C MHTEpEpeHINEH
ANEKTPOMArHUTHBIX BOJH TIIPH MHOTOIYYE€BOM paCIpPOCTPAaHCHUH U
BO3HHUKAIOIINX B CTydalfHbIe MOMEHTHI BpEMEHH, HMITYJIECHBIE TIOMEXH, KaK
MIPaBHJIIO, MPEACTABIIOT COOOH COBOKYIMTHOCTh HEKOTOPOTO YHCIIA TIOTOKOB
pamuoOMMIyYJIbCcOB. lIpM 3TOM TOTOK pPaIHOMMITYIIBCOB, CO3IaBaeMBbIil
KOKJIOM OTAENbHOM paJMOJIOKAIIMOHHOW CHUCTEMOW MOXXHO CUMTATh Ha
OTpaHMYECHHOM HHTEpBajle BpEMEHU MmepuoandeckuM. [lockoibKy mpu
nepenaue HWHQGOpMALMK  HCIOJB3YIOTCA KaJpbl, KOTOpPBIE JaXe B
aJanTHBHBIX TPOTOKOJIAX TMepefayd HHGPOpPMAIlMd Ha  JIOCTATOYHO
MPOTSDKEHHBIX ~ HMHTEpBANaXx  BPEMEHH  HUMEIOT  (DUKCHPOBAHHYIO
JUINTEJIBHOCTh, TO BO3MOXKHO BO3HHMKHOBEHHE HHTEPBAJIOB BPEMEHM, Ha
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KOTOPHIX BO3HUKAET CHHXPOHHU3AIlMSA YacTOT CJCJOBAHHUS KaIpoB U
MOCTYIUICHHS TIOMEX Ha BXOJ TPUEMHOTO YCTPOWCTBA CHUCTEMBI CBSI3H.
B paborax [11, 12] uccienoBaHo BIWsSIHHE TMOMEX Ha IMpolecc TprueMa
3aroJIOBKOB KaJpoB (PM3MUECKOTO YPOBHS CTaHAApTa IIHPOKOIOIOCHOM
nepenayu AaHHbIX DVB W 1OKa3aHO, YTO CUHXPOHHBIE C 3arojlOBKaMu
KaJpa moMexu Ooyiee OMAacHBI, YeM HCCICIOBAaHHBIC paHee aCHHXPOHHEIC
IIOMEXH.

[TapameTpbl MOTOKOB  PaTUOJIOKAIIMOHHBIX CHUTHAJOB HMEIOT
JUINTEIbHOCTA ~ UMITyJIbCOB  OT  JECATKOB HAHOCEKYHA JI0 COTEH
MUIJIUCEKYHA M 4acToTy mnoBTopeHuss ot 200 ngo 4000 TI'm. Takue
U3ITyYeHUsl, OKa3blBasl BJIMSHME HA TPUEM CHUTHAJOB IIUPOKOMOIOCHON
CITyTHUKOBOM CBSI3U, HE MOTYT OBITh CTPOr0 CHHXPOHHBIMH C 3ar0JIOBKaMU
KagpoB (PH3UYECKOTO YPOBHS, WMCIOIIUMH JUTHTENBHOCTH OT CIWHUIL
MHUKPOCEKYH]] U IO COTEH MUKPOCEKYHJ W IEPHUOJ TIOBTOPCHUS OT COTEH
MHKPOCEKYHI] H JO JeCATKOB MIDUIHCEKyHH. [losTtomy Momenb
CUHXpPOHHBIX MoMeX [13] He BHONHE aJeKBAaTHO OIKCHIBAET PEATBLHYIO
CUTYAIlIO BO3ICHUCTBHUS PaIUOJIOKAIMOHHBIX MMITYJIbCHBIX H3IIyUYCHHH Ha
IPUEM CHUTHAJIOB IIUPOKOIIOJIOCHOW CITyTHHKOBOW CBs3H. boiee
KOPPEKTHas MOJIENb JOJDKHA Mpeanojarath He TOYHYIO, a ATH30INYECKU
BO3HUKAIONIYIO CHHXPOHH3AIHIO.

Hens paboThl: HccleAOBaHUE BIUSHUS HMITYJIBCHBIX IOMEX Ha
pueM HHPOPMALUU B YCIOBUAX 3MU30JAUYCCKON CHHXPOHU3AIUU KaJApPOB
(U3NYECKOTO YpPOBHS KaHala CIYTHHKOBOW CBSI3W C  I[TOTOKaMH
PaAMOUMITYTTECOB HETIpeTHAMEPEHHBIX TIOMEX.

2. AHATUTHYECKAsl ONEHKA BJIHMAHUS HMMIYJIbCHBIX NOMEX Ha
npueM HWHPOPMAIHH B COYTHHKOBOM KaHAajJe CBI3M B YCJOBHUAX
MMU30AMYECKO CHHXPOHU3AUNH C MOTOKAMM MMIYJIbCHBIX noMex. [lox
AMHU30JUYECKON CHHXPOHHM3ANUEH KaapoB (HU3MYECKOIO YPOBHS KaHaja
CITyTHUKOBOH CBSI3M C MOTOKAaMHU HMIYJIBCHBIX MOMEX OylneM MOHHMATh
TaKyl CHUTYaIlMIO, KOT/Ia BO3JICHCTBUE MMITYJIHCHOW MTOMEXHU COBIAIAET BO
BpEMEHU C TMPHEMOM CIY)KeOHOW YacTH Kajpa (PU3UIECKOro YpPOBHS B
TeUeHNE HEKOTOPOTO YHCIIa MIEPUOIOB TIOBTOPEHHUS KaIPOB.

B coBpeMEeHHBIX TpPHEMHHKAX CIYTHUKOBBIX CHCTEM  CBSI3H
MIPEIYCMOTPEHO JBa PeXHMa paboTHl OJI0OKa KagpOBOW CHHXPOHU3AIIMH —
«peXKUM TIOWCKA» W «PESKHUM 3axBaTay. B «pexnme Toucka» OJ0K
CUHXPOHHM3AIMM  OCYIIECTBISIET  KOPPEJSIIMOHHOE CpaBHEHHE  BCeX
MOCTYMAIOIINX OTCYCTOB ¢ CHHXpOrpymnmnoi. [lopor mpuHATHS pemieHus 00
OOHApY)KCHUHM CHHXPOTPYNIBI B 3TOM PEXKUME YCTAHABIHMBACTCS
OTHOCHUTEJIbHO BBICOKUM I YMEHBIIIEHUSI BEPOSATHOCTH JIOKHOM TPEBOTH.
IMocne oOHapyXEHHS W YCICIIHOTO MpHEMa OJHOTO WM HECKOJIBKUX
KaJpoB, OJIOK KaJpPOBON CHHXPOHH3AIUHU MEPEXOIUT B «PEIKUM 3axBaTay.
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BaTom pexuMme, 3a CYeT HCHONB30BaHUS HMHGOPMAIMKM W3 HPUHSATHIX
KaJpoB O BpEMEHH T[OSBICHUS CIEAYIOIIEro Kajapa, IPOU3BOAUTCS
KOPPENSALUOHHOE CpaBHEHHE C CHHXPOIPYIIOH JIMIIb TeX OTCYETOB
NPUHUMAEMOTO CUTHama, rie oxuaaercs e nosiieHue. [lopor npUHSATHS
pELICHUSI O HAJIMYMU B MPUHATBIX OTCYETAX CHHXPOTPYIIBI B «PEKHUME
3axBaTa» BbIOMpAeTCs CYIIECTBEHHO MeHbIIMM. B ciydae ecnu B
MPOBEPSIEMBIX OTCYETaX He OyaeT oOHAapyKeHa CHHXPOTpPYINa, OJIOK
KaJpOBOY CHHXPOHU3AIINH MIEPEXOTUT 00PATHO B «PEIKUM TIOUCKA» U CHOBA
HaYUHACT IMPOBEPATH BCC MNPUHHUMACMBIC OTCYECTBHI C YCTAHOBJICHHBIM [UIA
JAHHOTO peXHuMa TOoporoM oOHapyxeHus. OTHOCHTENBHO HEBBICOKHUI
MOpOr OOHAPYKEHUS CHHXPOTPYIIBI B «PEXKHME 3aXBaTa» CHHKACT
BEPOSATHOCTH MPOMYCKa Kajpa, a KOPPEIsIMOHHAs 00paboTKa JIUIIb YaCTH
MOCTYMAIOMIMX OTCYETOB IMO3BOJIIET COXPAHUTh BEPOSTHOCTH JIOKHOM
TPEBOTH HE BBICOKOM.

[ToMex0ycTOHYNBOCTD 610Ka KaJpOoBOM CHUHXPOHHU3AINU
CYIIECTBEHHO BBIIIE B «PEXKHME 3aXBaTa», TaK KaK HHU3KHHA [OpOT
00HApYKEHHST CHHXPOTPYIIIBI MO3BOJISICT MPUHSITH NPABHIBHOE PEIICHUE
Opd  [pUeMe  JIOCTATOYHO  OOJBUIOrO  KOJMYECTBA  HMCKAKECHHBIX
HEOPECAHAMEPECHHBIMHU [IOMEXaMU  CUMBOJIOB. HOSTOMy HUMITYJIbCHBIC
IIOMEXHU C BHHSOHHHECKOﬁ CHHXpOHHSaHHefI JJIsL IMPUEMHHNKOB C
BBILICONMCAHHBIM AJITOPUTMOM pabOThl OJ0Ka KaJpOBOH CHHXPOHH3ALUH
0COOCHHO OMNACHBI, TaK KaK IOTEpPs Kaapa MPH BO3ACHCTBUU MOMEXH 3a
CYeT OINMOKM B MpHEME CHHXPOTPYIIBI MNEepeBOIUT OJOK KaapoBOil
CHUHXPOHHU3AIMH B MEHEE MMOMEXOYCTOWYMBBIN «peXuM moucka». Tak
MOTEeps] CHUHXPOHHM3ALMKM 33 CYET BO3JACUCTBHS HMITYJIbCHOW MOMEXHU W3
Havajga OIU30JUYCCKH CHHXPOHH3MPOBAHHONW TAYKH  IOMEXOBBIX
UMIYJIbCOB IPUBEACT K 00Jiee BHICOKOW BEPOSTHOCTH MOTEPH KAJPOB MPHU
BO3JICHCTBUHM TIOCJICAYIONINX ITOMEXOBBIX HMIYJIBCOB, W3-3a CHIDKCHUS
MTOMEXOYCTOWYMBOCTH OJIOKAa KaJpOBOW CHHXPOHU3AIMH B «PEIKUME
TIOUCKaY.

IToaTOMy paccMOTpUM CHTyalnio, KOTJa BXOJHAs pea3amnus y(2)
NPUEMHUKA CHCTEMbl  CIIyTHHKOBOW CBS3M  MPEICTaBIsET  COOOi
aIIUTHBHYI0 CMeCh CHUTHama s(f), HUMIynbcHOW moMmexu p(f) u
COBOKYITHOCTH KaHAJIFHBIX IITYMOB W COOCTBEHHBIX IITYMOB ITpHEMHHUKA 71(f):

y(t) =s@)+ pt)+n(). (1)
NmnynecHyto oMexy MpeACTaBUM TIePUOTUIECKOM

HOCNIEI0BATEILHOCTRIO UMITYJILCOB IIyMa JUIUTEIBHOCTBIO 7, U TIEPUOJIOM
nosTOpenus 7T,
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x(@), mpu T, <t<(jT,+7,);

PO=1, npu (T, +7,)<t<(j+DT,, @

rae y(f) — IIyMOBOW CITydaiHBI TIpOIECC ¢ HYJIEBBIM MaTeMaTHYECKHM
OXKUIAHUEM U CPEIHEKBAPAaTUYHBIM OTKJIOHEHHEM o, j=0, £1, £2, ...

NHbopManmoHHBIH CUTHAT S(f) COCTOUT M3 KaJIPOB JUTHTEIHLHOCTHIO
T, BKIIOYAOMUX N, 3JICMEHTAPHBIX MOCBUIOK JUIUTEIBHOCTBIO 7, T,= N T.
B cBoto ouepenp, kak Oblmo moka3zaHo B [14], xamp cranmapra DVB-S2
BKITIOYa€T YacTH C pa3HOW MOMEXOyCTOWYMBOCTBIO: CHHXPOTPYIILY,
CITy’keOHYIO 4acTh 3aroJIoBKa Kaapa U 00K nepegaBaeMoil MHPOpPMAaIUH U3
N,, N, u N,, TOCBIJIOK COOTBETCTBEHHO:

N.=N,+N,+N,. 3)

IMpu 5TOM OAHO W3 JONYIICHWH, NPUHATBIX B HCCIEAOBAHUH,
3aKJIF0YaeTCsl B TOM, YTO HA OT/ACNBHBIM KaJp CHrHANA BO3JCHCTBYET He
6oJiee OJJTHOTO UMITYJIbCA TIOMEXH.

OILCHUM HEKOTOPBIE ITapaMeTPhl MU30ANIECKON CHHXPOHU3AIMH Ha
OTPaHMYCHHOM HHTEpPBAajC CJICAOBaHMs L KaapoB C YY4ETOM CIy4aifHOTO
HAYaJbHOTO TMOJOXKCHUSA HMMITYyJbCa TOMEXH, a UMCHHO CPEIHEE YHUCIIO
KaJapoB (PH3MYECKOTO YPOBHS Ha OTACIBHOM HHTEPBAJIC 3MU30IUYCCKOM
CHHXPOHU3ALMU M, YUCIIO MHTEPBATOB IMU30JUYECKOH CHHXPOHM3ALUM
Ny ® jmoimo OOINEro 4Yuciia 3JEMEHTAPHBIX MOCBUIOK, MOIABEPTIIUXCS
BO3JICUCTBUIO ITIOMEXH N, :

L
Z N cri
= JJIL CHHXPOI'PYIIIBI
N = N.L @
nL L H
2 N 301
jZZI\J—L AJIsL CJ'Iy)KC6H017[ YJacCTH 3aroJioBKa Kajpa
3

rae Ny — 4UCIO 3JIEMEHTApHBIX MOCBUIOK CHHXPOTPYIIBI i-r0 Kajpa, a,
N,y — YHCIIO 3JIEMEHTaPHBIX MOCBUIOK CITY)KEOHOW YacTH 3arojoBKa i-ro
KaJipa, MOABEPIIINXCs BO3ACHCTBUIO IOMEXH.

Bpemennas nmarpaMMa OTHOAIOMMX IIOMEXH, CHHXPOTPYII |
CITy’)kKeOHBIX YacTel 3arojlOBKOB KaJpOB € OOO3HAUEHHEM HWHTEPBAJIOB
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SMU30IMYECKON CHHXPOHU3AIMU ITIOMEXH C KaJpaMu (pU3NIECKOTO ypPOBHA
KaHaJla CIIlyTHUKOBOM CBSI3U IIOKa3aHa Ha pUCYHKe 1.

20 -

L -] ] ]
sy L B Nen | Negyt i1
il | . 12| l1En 12
Net Nt Nini T NinaT Nin3T s
Ny, | B B I

=N i i i i i i Wnreppan i

T L - | | DIM301MYECKOH |

:‘ | WHTepBai onn301M4eCKON CHHXPOHH3ALMH CHHXPOHH3ALMH C|

ico cy»KkeOHOIt 4acThIO 3aT0I0BKA Kapa CHHXPOTPYNIIOH |

HurepBan oTcyTCTBHA
3HH30HI/[LICCKOI\;I CHUHXPOHU3aIUN
(Imomexa BO3ACHCTBYET TOJIBKO Ha
MH)OPMALMOHHYIO 4acThb KaJpa)

Puc. 1. Bpemennas quarpamMma oru0aronux NOMeXH, CHHXPOTPYII U CIy>KeOHBIX
4yacTeil 3aroloBKOB KaJpoB

B crpykrype kampa Ha pucyHke | 00O3HAUeHBI KPacHBIM IIBETOM
CHHXPOTPYIIIBI, CHHAM IIBETOM CIyXeOHBIE YacTH 3aroJIOBKOB Kaipa,
3eJIEHBIM I[BETOM 0003HaueH OJIOK mepenaBaeMoit nHpopMalu. TakuMm xe
BeTOM 0003HAYCHBI MHTEPBAJIBI SIU30IMUECKON CHHXPOHU3AINH ITOMEXHU
C COOTBETCTBYIOIIEH dacThlo Kampa. (OOO3HAUeHHMS Ha PHCYHKE
COOTBETCTBYIOT BBIpakeHHAM (1) — (4). Ilox mHTEpBaNOM CHHXpPOHHU3ALIUU
MOHMMAETCsl TaKOW WHTEpBaJ BPEMEHH CJEIOBaHUS KaJpoB, B KOTOPBII
ciy)keOHblE YacTH KaXXIOro Kajapa CHUrHaja IOJAPSJl COBIAAAlOT BO
BPEMEHHON 00JIaCTH C UMITYJIbCAMH TOMEXH.

PaccMoTpuM  uwacmmueili  TIpuMep — BO3HUKHOBEHMS  YCJIOBHH
3HH30I[HHCCKOﬁ CUHXPOHU3AlUMU NOMEXU C PA3JIMYHBIMU YaCTsAMH Kaapa
cragaapra DVB-S2. Ilycte Ha unTepBane, BitovaromeM L = 100 kagpos,
7, npuHUMaeT 3Hauenus (N.+ N,) 7 0,125N, 7 0,25N, 7.

Beenem o0o3HaUYCHHS: ¢ — HOMEP JEMEHTAPHONW TOCHUIKH TIEPBOTO
KaJpa MHTEpBajia, COOTBETCTBYIOIINI HaYaly IEPBOTO MMITYJIECA IIOMEXH,
M,, = My/L — HOpPMHPOBAHHOE 3HAYEHHE CPEJHEr0 YHCIA KaJapoB
(¢u3MIecKoro  YpoBHS Ha OTACTBHOM HHTEpBajle  SIU30JMYECKON

NK
2 M,
9=l
cunxponuzaiuu, M, :T
K

quciia HWHTCPBAJIOB AMU30IUICCKOM CHUHXPOHMU3allMM Ha HWHTECPBAJIC,

» Nup = Ny/L — HOpMHPOBAHHOE 3HAYECHHE
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Ny
2 Ny
-l
BKIIOYAOmeM L Kajapos, NH—¢—, = TJz, —
N

/) CKBaXHOCTb
K

CJICIOBAHUS UMITYJIbCOB ITOMEXMU.

Ha pucynkax 2 -7 mpeacTaBieHbl 3aBHCHMOCTH MapaMeTpoOB
SMU30JUUECKON CHHXPOHHU3AIMU OT CKBAaXXHOCTH CIEJOBAHUS UMILYJIHCOB
NOMEXH W €€ Ha4YaJbHOI'O IIOJIOKEHUs /IS BBHIOPAHHBIX 3HAYECHUH
JUIMTEIBHOCTH HMITyJlbca ToMexu. Ilpu 3TOM CIUIOIIHON JNHMHHEH
0003HaUEHBI 3HAYCHUS IAPAMETPOB SMHU30ANYECKHHA CHHXPOHHU3AIUHU C
CHUHXPOTPYIIOH, a ITPUXOBOM JIMHUEH — SMU30ANYECKON CUHXPOHU3ALUU
C 3aroJOBKOM Kazpa (B TeX CIydasX, KOr[a JaHHBIC 3HAYECHWS COBHAAIOT
JUISL CHHXPOTPYIIIIBI U 3ar0JIOBKA, IPUBOANTCS TOJILKO OJUH rpaduk).

07 07 M,

—— «CHHXpOrpyIIIa»
— — —  «3aronoBoK»

06

06
05

05
v
04

04
03 !

03
\
02

02
0.1 i

01

07

06

05

04

03

02

0.1

6 7 8 9 10Q

Puc. 2. 3aBucumoctu HOPMUPOBAHHOI'O 3HAYCHUA CPCAHETO YUCIIa KaJIpOB

(hU3UIeCKOro YPOBHSI Ha OT/IEIIFHOM HHTEPBAJIC SITH30ANICCKON CHHXPOHU3AINN
OT CKBA)KHOCTH HMITyJILCHOH TIOMeXH npu: a) 7, = (N, + N,)7; 6) 7, = 0,125N, 73
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B) 7, = 0,25N, 7
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, ’ ‘
1 )
08

1000

10 0

«CHHXpOTpyIma)» «3aro;I0BOK»

a) 0)

10

B) r)

Puc. 3. 3aBucuMocTH HOPMHPOBAHHOTO 3HAYCHUSI CPEIHETO YHCIIa KapoB
(U3MIEeCKOro YpOBHS Ha OTACIFHOM HHTEPBAJIE SIIN30JHIECKON CHHXPOHHU3AINT
OT CKBaXHOCTH MMITYJIbCHON MOMEXH U HAYAJILHOTO MOJIOXKEHUSI TIOMEXH TPH:
a) 7, = (N, + N,) («cuHxporpymmay); 0) g, = (N + N,) 7 («3aronoBok»);

B) 7, = 0,125N,5; T) 7, = 0,25N, 7

IlomyyeHHble 3aBUCHUMOCTH IOKAa3bIBAIOT, 4YTO CPEJHEE YUCIIO
KaapoB (PU3MYECKOTO YPOBHS Ha OTACIBHOM HHTEPBAJIE 3MU30JUICCKOU
CHHXPOHH3AINHU C BBICOKOIl BEPOSTHOCTBIO TPEBBIMIAET €IUHUILY TOJIBKO
IIPU CKBaXHOCTH HMITYJICHOM momexu (=2, a I IPYyTHX 3HAYCHUH
CKB)XKHOCTH B 3HAYWTEILHOI Mepe 3aBHCHT OT JUINTEIBHOCTH HMITYJIbCA
momexu. [l HCHONB3yeMBIX HCXOMHBIX JAHHBIX YHCIO HWHTCPBAJIOB
SNM30UUECKOM CHHXPOHM3ALIMM BBIMIE JUIsI HEUETHBIX 3HA4EHUil
CKBAXXHOCTH HUMIYNbCHOW mioMexu. IIpu 3TOM mOBBIIIEHHE dYHCTIA
HHTEPBAJIOB SMU30JUUECKOH CUHXPOHHU3AIUU COIIPOBOXKIAETCS
YMEHBIIIEHHEM CpEJHEro 4dYHcia KaJpoB Ha OTAEIbHOM HHTEpBaJe
cunxpoHm3anuu. CpenHee 3HA4YEHUE JOIM DSJIEMEHTapHBIX IOCHUIOK,
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TIOABEPTIINXCA BO3IEHCTBUIO IIOMEXHW, HC 3aBHCUT OT JJIHUTCIBHOCTHU
HUMITyJIbCa TIOMEXU 1 ONIPEACIISIETCS TOJIBKO 3HAYCHUEM CKBAKHOCTH.

025 —&
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Puc. 4. 3aBUCMMOCTH HOPMHUPOBAHHOT'O 3HAYEHNUS YNCIIa HHTEPBAJIOB
SMU30AUYECKOH CHHXPOHU3ALMHU OT CKBKHOCTH HUMITYJIbCHOM OMEXH IIPH:
a) 7,= (N. + N,))5; 0) 7, = 0,125N,7; B) 7,= 0,25N, 7
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10 0

«CHHXpPOTpyTma» «3aroI0BOK»

a) 0)

«CHHXpOTpYIIIa» «3aro;I0BOK»

B) r)

«CHHXPOTPYTITaY» «3arol10BOK»
1) e)

Puc. 5. 3aBucuMocTi HOPMUPOBAHHOTO 3HAUYEHHS CPEAHETO YHUCIIa HHTEPBAIOB

3MU30/IMYECKO CHHXPOHU3ALMH OT CKBAXKHOCTH UMITYJIbCHOM MOMEXH
Y Ha49aIbHOTO MOJIOKEHHS IOMEXH HpH: a) 7, = (N, + N,) 7 («CUHXpOTpymma);

0) 7, = (N. + N,) 7 («3aronoBok»); B) 7, = 0,125N, 7 («CMHXpOTpymIa»);

r) 7, = 0,125N, 7 («3aronoBok»); 1) 7, = 0,25N, 7 («CHHXPOTpyIIa»);
€) 7, = 0,25N, 7 («3aronoBok»)
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Nu

02 3 4 5 6 7 8 9 10Q
Puc. 6. 3aBucUMOCTH J0JIU 3JIEMEHTAPHBIX IMOCBUIOK, IMTOABEPITIIUXCS BO3I[eI710TBHIO
TNIOMEXHU Ha 3aJaHHOM UHTCPBAJIC Ha6J'I}OZ[eHI/I${ OT CKBa)XHOCTHU HMHyJ’ILCHOfI
IIOMEXH

Puc. 7. 3aBUCHMOCTH JI0JIH DJIEMEHTAPHBIX IIOCHUIOK, OABEPTIIHXCS BO3ICHCTBUIO
MOMEXH Ha 3aaHHOM HHTePBajIe HAOMIOACHHS OT CKBAKHOCTH UMITYJIbCHOM
HOMEXH U HAYaJIbHOTO TIOJIOKEHUS HOMEXH NpH: a) 7, = (N, + N,)7;, 0) 7, =
0,125N,7; B) 7,= 0,25N, 7
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3HaueHUs PacCMOTPEHHBIX IapaMeTpoB SMH30JUIECKOH
CHHXPOHHU3ALUH B 3HAYUTEIBHON Mepe 3aBUCAT OT HAYAJIBHOTO IOJOKEHUS
(mavanpHON (aszpl) momexw. C yBemUUEHHWEM [UINTEIBHOCTH HMITYJIECA
MIOMEXH HMHTEPBAJbl 3HAYEHUH ¢, TIPH KOTOPHIX BO3MOYKHO BO3HHKHOBCHHE
sddekTa SMM30MIECKON CHHXPOHU3ALNH, PACIIUPSIOTCS, OJHAKO UX YHUCIIO
cOKpamaercs. MaKCUMalbHBIC 3HAYEHHS BEPOSTHOCTH BO3HUKHOBCHUS
s(dexTa AMU30ANYECKON CHHXPOHM3AUMH JIOCTUTAIOTCS TPU 3HAYEHHUAX
0=2u Q=3, ogHako I UMITyJIbCOB IOMEX, UMEIOLIUX [UINTEIBHOCTb,
PaBHYIO JUIMTEILHOCTH 3aroJioBKa Kajpa, HEOOXOAMMO BBIICIUTh 3HAYCHHE
Q=7, mpu KOTOPOM HHTEpBAJbl DSMU30JUYECKOM CHHXPOHHU3AIMU B
3aBUCHMOCTH OT 3HAYEHUS ¢ MOTYT JJOCTUTaTh MaKCUMANbHOHN JUIUTEIHHOCTH
U MaKCHMAJbHOTO 3HA4€HHs JOJH 3JIEMEHTApHBIX MOCBUIOK B 3arojioBKe,
MIOABEPTIIINXCS BO3JCHCTBHUIO TIOMEXH.

Temepp HaliieM BEpOATHOCT, TOTEPH Kaapa IepefaBacMOu
nHpopManmy TPH HATWIMKA COOCTBEHHBIX INYMOB TNPHEMHHKA H
HETIpeHAMEPEHHBIX UMITYJIbCHBIX ITOMeX. [IJI 3TOro paccMOTpUM MOJETb
(YHKIMOHMPOBAaHMSI KaHAJa CIyTHUKOBOW CBS3M, CTPYKTypa KOTOpPOH
IIpe/CTaBIIeHA HA PUCYHKE 8.

-
HpP[CMHI/IK CHUCTEMBI

| TlepenaTuuk cHCTEMBI
CITyTHUKOBOM CBSA3H | : CITyTHUKOBO# CBSA3H
|

I |
I |
|| Popmuposarens Hcroynuk brnox Beruncnenus | |
| 3aroJIoBKa COOOLIECHUS | | | MeTpuky KauecTa | |
| I I i I
I I |
I Konep I Jexonep l
| I I
| 1 i |
|
| [ I
| IMepemexurens ' Jenepemexurens | | |
[ T I i '
| [ I
| Myanbturmekcop ||| | Jemynsumnexcop :
| I
I ! I i |
| [ I
I Mopuysstop I Jemonymsitop |-
I I |
————————— e pp—— i .
Hcrounuk |
Cpena | Ananusarop
HEeIpeIHaMEPEHHBIX ol
pacrpocTpaHenus | | 3aroJIoBKa
HMITYJIbCHBIX TTOMEX
| i |
: biok oncanBanus | | - |
| mapametpoB | | Yerpoicrso |
HcTounuk mymoB | snmzommueckoif | | | CHHXPOHHM3aUMH | |
|
OMHXPOHWGAIMM |  _ I

Puc. 8. CtpykTypa Moaenn GpyHKIMOHHPOBAHHS KaHalla CITyTHUKOBOH CBSI3H
B YCJIOBUSIX HETIPEIHAMEPEHHBIX UMITYJIECHBIX TIOMEX
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Bynem cuwrtath, 9YTO KaAp HE TPUHAT KOPPEKTHO B Ciydae
HACTYIUICHHS OJTHOTO W3 CIICAYIOIINX HE3aBUCUMBIX COOBITHIL:

— He oOHapy)XeHa CHHXPOTpYIa W HE BBIACICHB TPaHUIBI
Ka/ipa, C BEPOSITHOCTBIO Py;

— He KOPPEKTHO pacrno3HaH 3aroJIOBOK Kajpa,
C BEPOATHOCTHIO P;;

—  KaHaJbHOC KOJUPOBAHUE, BKIIIOYAIOIICE IOMEXOYCTOWYHBOC
KOJMPOBaHUEC M IEPEMEIKCHHE, HE OOCCIEeUIIN HCIPABICHUE ONIMOOK
BO3HHUKAIOIIUX MNpU npueMe HHOOPMAIMOHHON 4YacTH Kaapa C
BEPOSATHOCTBIO P,

[onarasi, 4To HApyIICHWU! CBSI3U HE IMPOUCXOAWUT, CCIU IPUEM
BeJleTcss Ha (DOHE TOJBKO KAaHANBHBIX IIYMOB M COOCTBEHHBIX IIYMOB
MpUEMHUKA CHCTEMBl CITyTHUKOBOH CBSI3M, COOMl B TIpHeMe MOXKET
MPOUCXOOUTh TOJNBKO TIPW TOMAAAaHWU HUMITYJIBCHOW TOMEXH B
COOTBETCTBYIOIYIO YacTh Kanpa. Torma, 0e3 ydera KpaeBbIX 3(¢dekros,
CBSA3aHHBIX C TIOTAJJAHWEM TIOMEXM Ha CTBHIK pa3HBIX dYacTed Kauapa,
BEPOSATHOCTh OIIMOOYHOTO TIpHEMa KaJpa MOXET OBITh OIpenesicHa
Bblpa)KeHl/IﬂMI/II

P .=1-(1-P)(1-P,)(1-P,); (5)
Poc = Pncpomw P03 = PnsPomz’ Pou = PrmPoum’ (6)

rne Py, P, Puy — BEpOSATHOCTH MOMAJaHUs UMITYJIbCHOM TMOMEXH B
CHHXPOTPYIITy, B CIy)XeOHyI0O dYacTh 3arojloBKa Kaapa H B
WHPOPMAMOHHYIO YacTh Kazapa;

Poues Powss Poun — YCIOBHBIE BEPOSTHOCTH OIMUOOK IPH TIpUEME
CHHXPOTPYIIHI, CIyXeOHOW JacTH 3aroloBKa M WHPOPMAIMOHHOW YacTH
Kagpa TpH YCIOBHM BO3JACHCTBUS WMIYIHCHOM TIOMEXH C Yy4ETOM
COOCTBEHHBIX IIIYMOB MPHUEMHUKA ¥ KAHAIBHBIX ITYMOB.

[Tonarasi ciBUrM UMIYJILCHOT'O MTOTOKA MOMEX U CHHXPOTPYII Kajpa
CIy4allHBIMK UM PABHOBEPOSTHBIMHU, MOXKHO OIEHUTH BEPOSITHOCTh
MomajaHusl IeHTpa HWMIYJIbCHOW TOMEXH B COOTBETCTBYIOIIYIO YacTh
KaJpa:

PHC:PHKNC/N](;PITSZPITKNS/NK;PHI/I:PHKNH/NK’ (7)

rae Pru( — BCPOATHOCTDL NOMaAaHUA I/IMHyHLCHOﬁ MOMCXHU B KaJp:
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N/T,, mpul,> N7 ;
B = ®)
L npu 7, < N,7.

OmnpenenuM  YCIIOBHBIE ~ BEPOSITHOCTH ~ HAapyHIEHUs  paboThI
MIpUEeMHHUKA Tpu 00pabOTKe CHHXPOTPYIIIBI, CITy>KeOHOW YacTH 3arojIoBKa
Kagpa U Ojoka mepenaBaeMoi MH(DOPMANWKM TPH HATHIUH HMITYJICHOU
TIOMEXH.

OOHapyXeHHE CHHXPOTPYIIEI BENETCS YCTPOMCTBOM, CXeMma
KOTOpOTO TIpEACTaBlIcHa HA pHCYyHKE 9. OHO COCTOUT M3 COTIIACOBAHHOTO
¢unbTpa ¢ oauHOYHBIM uMmmyiabcom (COOU), N, nuHHH 3a1EpKKH,
YMHOXHTEJIEH, Ha BXObI KOTOPBIX MOAAIOTCS OTCYETHI C JIMHUN 3aJIepKKH
n  Ko3(D(UIMEHTH COOTBETCTBYIOIIME CHMBOJaM cuHXporpymmsl G,
k=1...N..

OTC'-ICTLI, TIoJABEprumecs BO3JICHCTBUIO IIOMEXH
—

— COOU |- H |-

=00 Q)
C

yMMaTop

K pemaroniemy ycTpoicTBY
Puc. 9. Cxema ycrpoiicTBa 00HapyXEHUS CHHXPOTPYIIIIBI

Jlisi OLEHKM YCJIOBHOM BEpPOATHOCTH OWIMOKH P,y HpH TpHeMe
CUHXPOTPYINBl U UMITYyJIbCHON MOMEXH PAaCCMOTPUM BBIXOJ CyMMaTopa B
MOMEHT, KOIJa MEepBBI CHUMBOJ CHUHXPOIPYIIBl AOCTUIHET MOCIETHErO
oTBOJa YycTpoiictBa oOHapyxeHHs. [lOCKONBKY INyMBI M TOMEXH
HEKOPPEIMPOBAHbI C CUTHAJIOM, Ha BBIXOAE CyMMAaropa IOSIBUTCS CHTHAI,
CiTydaiHasi COCTaBJIAIOLIAas KOTOPOro OymeT oOycClIOBIEHA BO3ACHCTBHEM
mymMa W TIOMEXHM M TIIOCTOSHHAs COCTaBJIAIOIIAs, OIpeAeIeMas
HAKOIUIEHHEM CHUMBOJIOB CUHXPOTPYIIIBI ¢ aMIUIUTYAON paBHOM N.w,,, Toe
W, — TIOCTOSTHHAS cocTaBiisifommas Ha Beixoae COOU npu ycnoBum HaIMIUs
cuaxporpynnsl Ha Bxoge C®OU. Ilockosbky xoadduuuentst Cj 10
MOJYJII0 PAaBHbI €IUHMIE, TO CilydaiiHas COCTaBISIOINAas HAa BBIXOJE
cymmaropa B CJIEACTBHH LIEHTPAIBHOM NpeliesIbHOI TeopeMbl OyleT UMETh
HOpMAaJIbHOE paclpesieieHHe C MaTeMaTHUeCKHUM OXHJaHHEM, PaBHBIM
HYJIIO0, ¥ AUCTIEpCUEN paBHOM:
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0-2 = Ngo-i + Ncuo-f > (9)

IJie 0y — CPEIHCKBAAPATHICCKOE OTKIOHCHHE aMILTUTYbI 00YCIOBICHHOE
myMoM Ha Beixone CDOOU, ¢, — cpeaHeKBaApaTUUYECKOE OTKIOHEHUE
aMILUTUTY /b1, 00YCIIOBIICHHOE BO3JIEUCTBHEM IToMeXH Ha Bbixoje COOMU.

[Ipu 3TOM mpH OTCYTCTBUHM MOMEXH OTHOIICHHE CHUTHAJ/IIYM IO
ammuuTyze Ha Berxoge COOU pasHo:

(10)

rae E; — sHeprus OJHOTO CHMBOJNA CHHXPOTPYMNBI, Ny — CIEKTpanbHas
IUIOTHOCTH MOIIHOCTH IITyMa.

ITockonbKy CHrHaaI NMpH HAIUYUHM NIOMEXH Ha BBIXOAE CyMMaropa
OyneT mpencTaBiATh COOOH CydaiiHyI0 BEJIMYMHY paclpeAeIeHHYIO II0
HOpMaJIbHOMY 3aKOHY C MaTeMaTHYECKUM OXHJIaHueM N w,, U aucnepcueit
0, TO BEPOSITHOCTb OINMOKM INpH OOHAPYKEHHH CHHXPOTPYIIIBI Oyner
paBHa:

(e Newm)?

U
1 ¢ 2
P e 2 4. (11)
" O'\/271'_'[0

rae U, — mopor oOHapyKeHHsI CHHXPOTPYIIIIbI.
Ucnonssyst 3ameHy y =(x—N,w,, )/ o , Bblpaxenue (11) moxHO

MIPEICTaBUTh B BUJIC:

WUe—Newm) 2

1 T 12
-—— | ey (12)

[Mepenmmem Beipakenue (12) ¢ WCHOIB30BaHWEM HWHTETpaa

BEPOSTHOCTH ((x) = (1/\/%).[; exp (_yl /2) dy:

U-N
Py =@ CAALY) . (13)
o
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IMoxacraBnsas (9) B (13) m mpousBeas HeCIOXKHBIE anreOpandecKue
peoOpa3oBaHus, OIYUIM:

N.w
Pomc:q) == 2 (uc_l) 5 (14)
O Nc+Ncn O-g
GH.[

C

Ncwm

rae u, = — HOPMHPOBAHHEIH ITOPOT 0OHAPYKEHUS CHHXPOTPYTIITHL.

Cuntasd, 4TO CHEKTpanbHas IUIOTHOCTh MOILIHOCTH moMmexu D,
paBHOMEpHA B TOJIOCE MOJE3HOTO CUTHala, TO OTHOIIEHHE AUCHEepCHUil
MOMEXOBOM M IIYyMOBOH COCTaBISIIOIIEH pPaBHO OTHOUIEHUIO HX
CNEKTPANbHBIX MIOTHOCTEH o2 /02 = py/Ny . YUUTHIBAs BHIIEH3T0KEHHOE U

nonctasiss (10) B (14) momyuum:

f2E N
Pomc =@ TS—CD(MC_I) . (15)
¢ IN+N, 2
Ny

HpOBCHH HCCJIOXKHBIC aﬂre6panquKI/Ie HpeO6pa30BaHI/IH B UTOIC
MOJIyYuM:

(u, =1 1. (16)

B crartbe, B TOM 4mCIe, pacCMaTpUBaeTCsl Ciydail MCIOJIb30BaHUS
aTanTHBHBIX MPOTOKOJIOB. Hampumep, mporokossr DVB-S2, DVB-S2(X),
CCSDS-131b. B 3tix mpoTokojax BMECTO KagpOB KaHAJHHOTO YpPOBHS
UCIIONb3YeTCs MOHATHE KaApoB (hM3UUECKOro ypoBHs. BBereHue kaapos
¢u3nYeckoro ypoBHS O0OYyCJOBIEHO TeM (AaKTOM, YTO OTH KaaApbl H
nHdopManusi B MX 3arojOBOYHBIX YaCTSIX HCIONb3YeTCS JUIS PELICHUS
3a1a4 B TOM 4Huclie (U3NYECKOrO YPOBHS, T.6. CHHXPOHHU3ALUU H
nemonyisinui. Kaap ¢uszndeckoro ypoBHs MMEET HECKOJIBKO BapHUAHTOB
ciykeOHOM uacTu 3arosioBka. Kaxzplii BapuaHT ciy)keOHOW dYacTH
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3aroJIOBKa COOTBETCTBYET KOHKPETHOH CHUTHAJIbHO-KOMOBON KOHCTPYKIIWH,
HCTIONIE3yeMO B WHGPOPMAaMOHHOH dYacTh Kaapa. COOCTBEHHO 3TO
HEOOXOAMMO I pealn3allid MeXaHu3Ma ajanrtanud. [IpueMHUK mpu
MONMyYCHUH OOJBIIOTO KOJIWYECTBA OMIMOOK M0 OOpaTHOMY KaHaIy
MochITaeT  cooOmieHne o HeoOXOAMMOCTH TIepexoja Ha  Ooree
MIOMEXOYCTOWYNBBIE CHI'HAIBHO-KOJOBBIE KOHCTPYKIMH. OJHAKO, TOYHOH
nHdopManuy o TOM, KOrJa IOCTYIUT Kaap c Ooyiee MOMEXOYCTOHYHBOM
CUTHAJIbHO-KOJIOBOM KOHCTPYKIMEH M Kakas MMEHHO CHI'HAJIbHO-KOJOBas
KOHCTpYyKLUs OyJIeT MCII0Ib30BaHa Ha CTOPOHE NpueMHKKa HeT. [ToaTomy B
3aroJIOBKE  KajJpa Takoro MPOTOKOJA TIOMHMO  CHHXPOTPYIIIIbI,
HEOOXOAMMOM Uil OOHAapyKEHUs 3arojioBKa MMeEeTcsl Cily)keOHas 4acTh,
cojepkamas HMHpopManmoo 00  HCIOJIb3YeMOH  CUTHAJIbHO-KOJOBOM
KOHCTPYKIHUH.

OpHuM 13 BapHaHTOB OOpabOTKM TAaKMX 3aroJIOBKOB MOXKET OBITH
HECKOJIKO MapauleNIbHBIX KOppessiTopoB. KoindecTBo KOppensiTopos
PaBHO KOJHMYECTBY BAPHAHTOB CITy)KECOHBIX YacTeH 3arojoBKOB Ny, HIH
UCTIONb3YEMbIX BApPHAHTOB CHTHAJIBHO-KOJOBOW KOHCTPYKINH, KaXIbIH W3
KOTOPBIX OCYIIECTBISIET BBIENICHHE CBOEH Ciy)keOHOH wactH. B aTom
cilyyae sl NPaBHJIBHOTO NpUEMa  CIY)KEOHOW 4YacTH  3aroJioBKa
HEOOXO0AMMO 4YTOOBI KOPPEINSATOp, OOHApYKHMBAIOIIMI CIYy)KEOHYIO YacTb
repelaBaeMoro 3arojioBka YCIEIIHO ero OOHapy»Wl, TO €CTh BBIXOJ
KOppenaTopa  NpPEeBBICHI  MOpOr.  BeIXoabl  ocTambHBIX Ny, — |
KOppeNATOpOB, OOHAPY)KMBAIOLIIMX JpPyrHe BHUIBI CIYXKEOHBIX YacTel
3aroJIOBKOB, HE NPEBBICHIIM MOPOT OOHAPYXKEHHS, TO €CTh HE MPOM3OIILIO
JIOXKHOW TpeBOTH. I HAXOXKICHUS BEPOSTHOCTH HPABHIBHOTO IpHEMa
CITy’)keOHOM dYacTh 3arojioBka P, HEOOXOINMO HAaWTH MHOTOMEpPHYIO
IUIOTHOCTh ~ pacmpefencHust  BeposTHOcTH. OgHAako, B NEPBOM
MPUOIMKEHUH, MOXHO I0JIaraTh, YTO CIIyYalHbIC BEIWIMHBI HAa BBIXOJE
KOpPPENATOPOB HE3aBHCHMBI, TOTJA BEPOSTHOCTh MPABHIBHOTO IIpHEMa
CiTy>keOHOIM 4acTH 3aroJioBKa IPEJICTaBUM MPOMU3BEACHHEM BEPOSTHOCTEH
HE3aBHCUMBIX COOBITHH:

P, =P

nm ip

P! (17)

n >

rae P, — BEPOATHOCTb IPAaBWILHOIO IPHEMA 3aroji0OBKa KOPPENISATOPOM,
HACTPOCHHBIM Ha TpHEM IIepelaBaeMOro 3arojioBka, P;, — BEpOSTHOCTH
OTCYTCTBHUS JIO)KHOM TPEBOTH B KOPPENATOpax, HACTPOCHHBIX Ha ApPYyTHE
3arOJIOBKH.

B npouecce npuema ciyke0HOM 4acTH 3aroJioBka ouruOka rnpuema
CiIy)keOHOM 4YacTH 3arojoBKa M €€ IPaBWIBHBIA IPHUEM COCTaBISIOT
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MIOJIHYIO Tpynmy coObITHH. [103TOMY yCIOBHAasi BEpOSATHOCTh OMIMOKH TIPH
mpueMe cIyeOHOW JacTH 3arojoBka P, paBHa:

P, =1-p p Mt (18)

o3 tp

ly

n

AHaNOrM4YHO YCIIOBHOW BEPOSITHOCTH OLIMOKM TIpH  IIpHEMeE
CUHXPOTPYIIIBI, UCIOJB3YsI CBOICTBO D(x) =1— D(—x) , 3anuiem:

2N,E,
N, +N,.D,/ N,

(I-u,) |, (19)

3

N3Wm

Tae u, = — HOPMHPOBAHHBIN TOPOT 00HAPY>KEHHS 3ar0JIOBKA.

B cBoro ouepens, cUrHam Ha BBIXOAE KOPPENATOPOB, HACTPOECHHBIX
Ha JIpyTrue BUBI CIY)KEOHOW 4acTH 3arojioBKa, Oy/leT NpeacTaBisiTh COO0M
ClIydallHBIi TIpoLeCcC C HYJIEBbIM MAaTeMaTHYECKHM OXHJIAHHEM U
JICIIEpCHEH 0, @ BEPOSITHOCTh OTCYTCTBUS JIOXKHOW TPEBOTH OyJIeT paBHa:

2
U X
¢ T2 2N, E
B [ e a0 L)oo 2B | Co)
o2 =, o Ny +N,D,/N,

Honcrasnss (19) u (20) B (18), momywm:

IN.E IN.E Nt
po=1-o| |28 gl —2NE . @D
Ny + N, D, /N, Ny + N, Dy /N,

Heobxomumo oTmetuth, uTo B dopmynax (16), (19), (21) yuer
BpEMEHU BO3JCHCTBUS IOMEXU OCYLIECTBIISIETCS 3a CUET yyeTa KOJIMUYECTBA
CHMBOJIOB 3arojioBka N,; WM CHUHXPOTPYNIbl N, COOTBETCTBYIOIIMX
BPEMEHU BO3/I€UCTBUS IOMEXH.

JIns HaxoKAEHUST BEPOSITHOCTH OIMIMOKHM TpHeMa MH(pOPMaImoHHON
4acTH KaJpa HEOOXOIWMO pacCMOTPETh pealm3yeMble B CEMEHCTBe
cra"aapToB DVB cpeacTBa KaHAJIbLHOTO KOAUPOBAHMUSL.

B coBpeMeHHBIX IIUPOKOINOJIOCHBIX CHUCTEMax CBSI3HM CEMENCTBa
cTaaapToB DVB 4acTO MCHOJB3yeTCsl COUETaHUE JIETKO AEKOAMPYEMBIX
konoB  boyza-UHoynxypu-Xoksuarema (BUX) wu  TtypOomomoGHOTO
(turbo-like) ~ kOAMPOBaHWsSI  HHU3KOIUIOTHOCTHBIM  IOMEXOYCTOHYHUBBIM
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(Low Density Parity Check — LDPC) kogoM BMecTe ¢ OJOKOBBIMHU HITH
MICeBIOCTyYaiiHEIME ~ TIepeMexuTensivMu.  Omepanuyl  KOAWPOBaHHUS |
JIEKOTNPOBaHHUA O0ECIIEUNBAIOT HWCIPABICHHE HE3aBHCHUMBIX (CITydaifHBIX)
OomMOOK Ha OTHOCHTENBHO KOPOTKMX WHTEepBalax Kkoma. Ilpm 3ToM
nepeMeskeHne 178 BOCCTaHOBJICHHE obecnieuymBaroT  pa3dueHue
TPYIIUPYIOMIHUXCS B TAKETHI OMIMOOK Ha CiTydaifHple omnOku. Ha mpakTike
B ciydae AaMHHBIX LDPC KOJIOB YacTo NPHUMEHSIOTCS TICEBIOCIYyYaiHbIe
nepemexurenu [15, 16].

Paccmorpum  BiausHue nepeMexenus. Ilycte  nepemexurens
(OTOKOBBIN WIIM TICEBJOCITYyYalHBIN) UMeeT MIyOHHY nepeMexeHus M, To
ecTb o0ecneynBaeT JIOCTATOYHO paBHOMEpHOE pacmpenenenue M
HHTEPBAJIOB KOJa JUIMHHON N, KaXKObli Mo Kaapy AAMHHOHU N,. [l 3Toro
MIEpEeMEeXUTENs JOJDKEH HUMeTh (pakTop paccewBaHus (spreading factor)
(Ny, 1), TO ecTh Jt0ObIe JBa 3JIEMEHTa HWCXOIHOHM TOCIECIOBATEIHHOCTH,
HaXOJAIIMECsS Ha PACCTOSHHUM IPYT OT Apyra B Ipeneiiax UINTEIBHOCTH
KOZOBOTO WHTEPBAJA, IOCIE TEPEMEKECHHS OKa3BIBAIOTCS HA PACCTOSHUHI
HE MEHBIIIEM 7 DJIEMECHTOB.

bes ydera mocnenelcTBUS NOMEXM MOKHO CYMTaTh, YTO
UMITyIbCHAsl TIOMEXa JUTUTETBHOCTBIO 7, NPUBOJUT K POCTY BEPOSITHOCTH
OWMOKK TpH TpPHUEME I0CIEJOBATEIbHOCTH W3 N, CHMBOJIOB, IpHUYEM
Ny=1,/7.

ITpn 3TOM MOKHO CUMTATh, YTO BCS MHPOPMAIIMOHHAS YacTh KaJpa
paszensieTcsl Ha JIBe 4acTH: TPYIITy CUMBOJIOB Ha (poHE IIyma M IOMeXH,
UMEIOIIUX OJTHY BEPOSITHOCTH OIIMOOYHOTO TpHEMa, W TPYIILYy CHMBOJIOB
Ha (DOHE TONBKO IIyMa, UMEIOIIUX JAPYIYI0 BEPOSTHOCTH OIIMOOYHOTO
mpuemMa. B ycroBHWsX, KOTHa IIUTEIHHOCTH IIOMEXH IPOMOPIHOHAIHHA
JUTITENFHOCTH ~ CHHXPOTPYIIBI UM  3aroJIoBKa Kaapa, a Takke

HMCTIONB3YeTCs HeanbHblil mepemesxutens (wis kotoporo N, =r=4/N ),

BEPOSATHOCTh OIIUOOYHOrO TpHeMa Kaapa OyIeT OMPENeNAThCS TOJIBKO
COOTHOIIICHUEM JUTUTEILHOCTH TIOMEXU C TIyOnHO# nepemexenus M. Eciu
ryOuHa TEePeMEXCHHsS HE MPEBBINIACT HCIPABISIONIYI0 CHOCOOHOCTD
nomexoycroitunporo koga M < U,, TO O4EBUIHO, YTO NpPHU UIUTEIBHOCTH
IOMeXH MeHbIIe M BEpOSATHOCTh OIMMOOYHOTIO TMpHeMa Kaapa Ha (oHe
moMexu OyIeT CXOAWTHCS K BEPOSITHOCTH OIMMOOYHOTO TpHeMa Kajapa Ha
¢oHe mymMa, a NpH AIUTEIHHOCTH TOMEXH Oojpmie M — CTpeMHTHCS K
eIMHULIE.

[ToaToMy n7si OILIEHKH YCJIOBHOW BEPOSITHOCTH IMOTEPHU Kajpa MNpu
BO3JICHCTBUH MOMEXHU Ha €ro HH(POPMAIMOHHYIO YacTh CJIEAYyeT CHadaja
OIICHUTHh HCIPABIIAIONIYI0 CIIOCOOHOCTh KOJOB KOPPEKIUH OUIHOOK. J[is
OIICHOK HCHPABJISIOIICH CIOCOOHOCTH KOJOB KOPPEKIMH OIIMOOK, MPU
YCIOBHHU OOJIBIION JUTMHHBI KOJJOBOTO CJIOBA II€JIECO00Pa3HO UCIOJIb30BATh
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aCUMOTOTUYECKUE TrpaHuipbl. [l0dTOMY JJisi OLIEHKH HCIPABISIOIICH
CITOCOOHOCTH KOJIOB KOPPEKIHH 1115 () BOCTIOJIE3YEMCS
acCHMIITOTHYECKOU rpanunielt Bapmamosa-I'unbepra [17]:

R(8) 21— h(5), 22)

rie R — CKOpOCTh KOJIUPOBaHHUS, 0 = d/n — OTHOCHTEIHLHOE KOIOBOE
paccrosHue, h(J) — buHapHas QyHKIUS HHPOPMATMOHHOI SHTpormH [18]:

h(3) = —5log,s —(1-5)log,(1-5) . (23)

Ilonarasi, 4ToO COBpEMEHHbIE aNrOpUTMbl AexkoaupoBanuss LDPC
KOZOB 0OECIeUMBAIOT MPOU3BOJUTENBHOCTh, ONM3KYyIl0 K TpaHHMIE
Bapmawmosa-T'uns0epra [19, 20], 3amumieM MaKCHMalbHOE KOJUYECTBO
OIMHUOOYHBIX OUTOB, KOTOPOE MOXET OBITh HCIIPABICHO KOJOM KOPPEKINH
omnbok U,

nh™'(1-R)-1
U, = — 5 | (24)
rae h' — Qyskius, oGpaTHas GuUHApHOH HH(OPMALMOHHON SHTPOIHH,
KOTOpasi MOXKET OBITh allPOKCUMHUpPOBaHa Kak [21]:
1,992
0,244 _ 21,8026 \"
! (I—R) :(20,6794(1—R) _p01357(1-R) j (25)

Tenepb OLIEHUM BEPOSATHOCTH TOTO, YTO BO3JEHCTBUE MOMEXU BO
Bpemsi mpueMa  MH(POPMAIMOHHOW  YacTH  Kajgpa  MOpHUBEICT K
BO3HHKHOBEHUIO KOJIMYECTBA OLIMOOYHBIX OUTOB NV, mpeBbimatomero U,.
s 3TOorO paccMOTpPHM IPOCTPAHCTBO AIIEMEHTAPHBIX HCXOJO0B NpHeMa
nHPOPMAIMOHHONW YaCTH Kajapa Ha (OHE BO3ACUCTBHS IIYMOB M IIOMEXH,
BO3JICHCTBOBABINICH, BO Bpems mpuema N, OutoB. ['padmyecku Takoe
MIPOCTPAHCTBO MOJKHO IIPEICTaBUTH B BHJAE TAOIHMIBEI M300paKeHHOH Ha
pucynke 10. Kaxzmprii 31eMeHTapHBIH HCXOI TaKOTO «HCIBITAHHS», T.€.
Kaxaas suelika TaONUIBI COOTBETCTBYCT KOJIMYECTBY OMIMOOK B
UHPOPMAIMOHHOW dYacTH Kazapa. IIpW 3TOM y4YUTBIBAeTCS, YTO 4YacCTh
OIIUOOK BO3HHKIIA BO BpeMs MpuéMa CUTHaANIA Ha ()OHE IIyMma, a 4acTh Ha
¢one Bo3melcTBHS TOMEXHM u InyMma. JKupHOW JwHHEH O00BeneHO
MIOJIMHOXKECTBO  IMPOCTPAHCTBA  DJIEMEHTAPHBIX  HCXOJOB, KOTOPOE
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COOTBETCTBYET COOBITHIO MpUeMa KaJpa C KOJUYECTBOM OLIMOOK,
MPEBBIIAIOIIEM HCIIPABISIONIAE BO3MOXKHOCTU KOJIa KOPPEKIUH OIIUOOK.
370 U Oy/AeT BEpOSATHOCTh MOTEPHU KaJpa MPH YCIOBUH MOMAaHUS TOMEXH
B MH()OPMAIMOHHYIO 4acTb Kanapa P, Ha pucynke P; — BEpOATHOCTbH
TOrO, 4YTO B HWH(DOPMALMOHHOW dYacTH Kaapa, MPUHITOH BO Bpems
OTCYTCTBHS BO3JEHCTBHS IIOMEXH BO3HHKHET [ OIIMOOK, P; — BEPOATHOCTD

TOro, 4YTO B HWH()OPMALMOHHOM YacTH Kajapa, NPUHATOH BO BpeMs
BO3/ICHCTBYSI TOMEXH BO3HUKHET j OIIMOOK.

Pt | NN Ni-Nut1 Nu-Nit Uy | N-Nit Uit WA
Pyt U,t+1 U2 U tU,+1 UtU2 Nyt Uy
Pun Uy Uitl Uit Uy UntUst1 Not Un-1
P 1 2 Ul Uit2 .. Nptl
Py 0 1 Un Uitl e Nu
Py P Puyy Pyt Pxa
Puc. 10. BapnanTsl konmdecTBa omMO0K, 00YCIOBICHHBIE BO3ICHCTBHEM IITyMa
U TIOMEXH

CyMMHpYS BCE DIIEMEHTHI IIPOCTPAHCTBA 3JIEMEHTApHBIX HCXOMIOB,
oOBeziecHHBIE Ha pHCyHKe 10 JXHpHOW IMHHEHW IIONy9UM BEpOSTHOCTH
OIMOKH BO BpeMs IpreMa HHPpOPMAIIMOHHON JacTH KaIpa:

min(Uy ,Ny =Ny ) min(Uy =i, Ny )

Paw=1= 2 > BR. (26)
i=0 =0

Cuntasgs  BO3JCHUCTBYIOLIYI0O  IIOMEXy Ha  HUHTEpBajle  ee
CYIIECTBOBAHUS CTALMOHAPHOM, a BEPOSTHOCTH OIIMOKH IpH TpHEME
Ka)XJJOro KaHaJbHOTO OWTa HE3aBUCHMBIMH COOBITUSIMH IIOJIOXKHM, YTO
BEPOATHOCTU P’; 1 P; pacripeiesieHbl 10 GUHOMHAILHOMY 3aKOHY:

'

B =Cy _y P (1= phe) ™7, 27)
P, =C} ph/ (- pp )", (28)
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rae pmbers pnber

BEpPOSITHOCTH OWTOBOM OMIMOKK TIpH TpUEME
nHPOPMAIMOHHON YacTH Kajapa Ha (oHe mymMa U Ha (OoHE IOMEXH U IIymMa
COOTBETCTBEHHO.

B cewmeiictBe cranmaptoB DVB peanu3oBaHO YETHIPE OCHOBHBIX
pexxnma moxysmun: QPSK n 8PSK, sBistoniiecs oCHOBHBIMU, U 164 PSK
u 32APSK, nctionb3yemMble IPH BEICOKOM YPOBHE CHUTHA/IITYM.

HUMIYNbCHI IIyMa [22]:

PaccmarpuBas QPSK B kauecTBE OCHOBHOI'O PEXHMa MOIYJISLMU,
OIIPEIENUM Py U Pper € YIETOM TOTO, YTO MOMEXA MPEICTABISET cO00i

2E
Ph =®| |5

) 29
D, (29)
2F
per = @ [ 30
Py, N, (30)
Hanpumep, mis E/Ny = 16,5 1b p"y.. 10, 1 3aBUCUMOCTH
P e(Ey/Ny) IpuBeicHa Ha puCYHKe 11.
Pher Pper(Ey/Dp)
10° i
T i Pher
10" o N *
102

w
Poer

10'6 L L L L L
20 -10 0 10 20 3
Puc. 11. 3aBucuMOCTh BEpOATHOCTH OUTOBOM OLIMOKY ITPU IpUEME

0
E,/D,n6
nH(OPMAIMOHHO 4acTu Kazpa OT OTHOIIEHUS CUTHAJI/TIOMeXa MpH

(1)I/IKCI/IpOBaHHOM OTHOIICHUHA CPII‘HaJ'I/H.IyM
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B kauecTBe mprMmepa pacCMOTPUM BO3IEHCTBHE MMITYJIECHBIX ITOMEX
Ha KaJp, IepeaaBaeMbId B KaHalle CBS3M cTaHmapta DVB-S2, xorma yxe
BO3HHUKIM YCIIOBHS SMHU30JWYCCKON CHHXPOHHM3AIMM MOTOKa KaJpOB C
MTOTOKOM HMITYJIbCHBIX TTOMEX.

3. Pe3ysabTaThl aHAJIUTHYECKOH OLeHKH BJIMSTHUSI MMITYJIbCHBIX
nomMex Ha mnpueM HHPOPMALNUH B CIOYTHUKOBOM KaHaje CBA3HU
crangapra DVB-S2 B yciaoBUAX 3NHM30HYECKOil CHHXPOHU3ANMH C
MOTOKOM HMITYJbCHBIX MoMeX. [lapamMeTpbl 3aroioBKOB M JUTUTEIBHOCTD
nH(pOpMALMOHHON YacTH KaJgpoB Ul YKAa3aHHOIO CTaHAapTa ONHCAHbI B
pabotax [10, 15, 16]. B kauecTBe OCHOBHOTO peXUMa MOAYIALUHU BEIOEpEM
OPSK.

[TosryyeHHbIE BBILIE 3HAYECHUS P por U P per MO3BOISIOT PACCUMTATD
BEPOSATHOCTH OIIMOKH BO BpeMs IIpHeMa CHHXPOTPYIIIBI, CIYXeOHON 4acTH
3arojioBKa Kajpa ¥ MH(GOPMAIIMOHHOIN YacTH Kajpa, a TakKe BEepPOSTHOCTD
omubouHOr0 TpHeMa kaapa (pucynku 12, 13, 14 u 15 cooTBeTCTBEHHO).
[pu stom pucynkm 12(a), 13(a), 14(a) u 15(a) mpencraBmarOT CcOOOIt
3aBHCHMOCTH BEPOSATHOCTH OWIMOKH TpHEeMa COOTBETCTBYIOUICH YacTH
KaJgpa OT OTHOIICHWS CHTHAJ/TIoMexa NMpH (PUKCHPOBAHHOM OTHOIICHUH
CUTHAJ/IIYM JUIS Pa3IMYHBIX 3HAYCHUH JUTMTEIHHOCTH MMITYJIbCAa TTOMEXH,
a pucynku 12(0), 13(6), 14(6) — 3aBHCHMOCTH BEPOSTHOCTH OINUOKH
npueMa COOTBETCTBYIOLIEH 4YacTW Kajpa OT JJIMTEILHOCTH HMITYJIbCa
MOMeXH TpH (UKCUPOBAHHBIX OTHOLICHUSIX CUTHaj/TiomMexa. Berumcienus
MIPOU3BOJIMIINCH B COOTBETCTBHH C BbIpakeHusimu (16), (21), (26) u (5)
COOTBETCTBEHHO. [IpM  HW3MCHEHMH  CKBAXHOCTH  IEPHOINYECKOI
MOCTICIOBATEIFHOCTH HMITYJIBCOB IMyMa OblIa 3a(UKCHpOBaHA CpemHsI
MOIITHOCTb.

Ha pucynke 12(a) mnpencraBieHO CEMEWCTBO 3aBHUCHMOCTEH
BEPOSATHOCTH OMIMOKKA BO BpeMs IMPHEMa CHHXPOTPYIIIBI OT OTHOIICHUS
CHTHaJ/TIoOMEXa TNpH  (QUKCHPOBAHHOM  OTHONICHWH  CHUTHAIY/IIYM.
[TonyueHHble  3aBHCHMOCTHM  IOKa3blBAlOT, 4YTO C  YBEIHYCHHUEM
JUTUTEILHOCTH HUMITyJIbCa [IOMEXH OTHOIIEHHE CHTHaJ/TIoMexa, IpH
KOTOPOM O00E€CIeYMBAeTCsl 3aJaHHbIl ypPOBEHb BEPOSTHOCTU OIIUOKH,
yYMEHbINAaeTCsl. DTO OO0YCJOBIEHO CHI)KEHHEM JONH JHEPrUH IOMEXH,
npuxosieiics Ha cHHXporpymmny. [Ipu 3TOM NpU HHM3KMX OTHOIICHHSX
CUTHAJI/TIOMEXa BEPOSTHOCTh OINMOKKM TIPU TPHEME CHHXPOTPYIIIIHI
0OCTaeTCsi OTHOCHTENBHO BBICOKOH INPH JIOOBIX JIUTEIBHOCTSX HMITYJIBCA
TIOMEXH, KaK II0Ka3aHo Ha pucyHke 12(0).
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Powe P uc(P/P) npu P P = const
10°
S o =N
N = 10N,
107 O\ ’ :
'S ZONE
75 = 025N,
102 \\ 75 = 08N,
7 =N
o =Ny
107 \\
\\
10 \ ¥
\ i
10° \
\
10
20 -10 0 10 20 30 40

a)

50
PP AB

p
o
10°

107 F\

102

e

P

ouwc

(7 )npuP_IP_=const,P_P_= const
[ P /P

PP, =-1005 |
PP, =006

o
o

PP =1005
PP, =2005

2 3 4 5 [

6) )

Puc. 12. 3aBUCHMOCTB BEPOSITHOCTH OLIMOKH BO BpeMsI IpUeMa CHHXPOTPYIIIBI OT:
a) OTHOILICHUS CHTHAII/TIOMeXa MPU (PUKCHPOBAHHOM OTHOLICHHH CUTHAJ/IITYM;
6) OT AMTETBHOCTH MMITYJIbCA TOMEXH

P -
"ous P s(P/P,) npuP /P, = const
N — 7 =N
N
\ N 7, = 10N,
10 N = = 20N,
» 20N,
\ 7, = 025N,
102 7, =05,
=N
o N
10 \
104
10%
10° -
20 10 0 10 20 30 40 50
PP AB

a)

P
ous
100 ¢

3

P

o

(7,

) npu PP = const, P_/P_ = const
wa(Tp /Py Pn

PP, =-1006

2 3 4 5 6 T

6) x

Puc. 13. 3aBHCHMOCTB BEPOSITHOCTH OIIMOKU BO BpeMsl [IpHEMa 3ar0JI0BKa Kaapa
OT: a) OTHOIICHHUS CUTHAJI/TIOMeXa P (PUKCHPOBAHHOM OTHOIICHUH CHTHAII/IYM;
0) OT AIUTENBHOCTH UMITYJIbCA IIOMEXH

oun P_uu(P/P,) npUP [P = const
10f : ; . ) .
N: = ZUM
|
e NJ=3U,
N: = 0‘25NM
) NI=05N,
10 NI=N,
107
|
|
10
0% |
108 —
20 10 0 10 20 30 40 50
P_IP_pb
P
a)

1070

10712

P,(7,) PM PP, = const, P /P = const

PP, =045
P /Pn =506
PP, = 1085

6)

6 T

<10

Puc. 14. 3aBuCHMOCTB BEpPOSITHOCTH OIIMOKH BO BpeMsl IpHeMa HHPOPMAIIOHHON
YaCTH KaJpa OT: a) OTHOIICHHUS CUTHAJ/TIOMeXa NP (PUKCHPOBAHHOM OTHOIICHUH
cUrHan/mryM; 6) OT JUINTEIFHOCTH UMITYJIbCa TOMEXH
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P Poy) iU P JP = const, P /P = const

PP, =205
PP, =-1006
P 505
P /P, =06
P /P, =505
I | PP =1006
P /P, =2006

~ 15000
OGacts 1
10000
% Bt
—_Otmacts 2 5000
0 DG

PP, x5 ° 20

0 2000 4000 6000 8000‘ 10000 12000 14000 ‘SOODTD/'
a) 0)
Puc. 15. 3aBucuMOCTs BepOSTHOCTH OLIMOOYHOTO IIpHEMa Kajpa OT:
a) IIMTETBHOCTH HMITYJIbCa IIOMEXH; 0) OT OTHOIICHUS CHT'HAJI/TIOMeXa MpH
(PMKCHPOBAaHHOM OTHOIIEHHN CHUTHAJ/IIYM U OT JUIUTEIFHOCTH UMITYJIbCa TOMEXH

Jlist cmy>keOHON YacTH 3aroJIoBKa Kajipa BEPOATHOCTH OMIMOOYHOTO
IpUeMa yMEHBIIAETCS C YBEIWYEHHEM AIUTEILHOCTH HMITYIbCa HOMEXH
aQHAJIOTUYHO CcHHXporpymnme (pucyHOK 13(a)), omHako TpH HU3KHUX
OTHOIICHHUAX CHTHAJ/TIOMEXa M MaJoi JUIMTEIBHOCTH HMITYJIbCa HOMEXH
MOXXHO HaOmogaTh Ooyiee BBICOKYIO CKOPOCTh YOBIBaHHSA (QYHKIIUH
BEPOSITHOCTH OUIMOOYHOTO TpHEMa CIY)KeOHOW 4YacTH 3arojioBka Kajapa
(pucyHok 13(a, 0)). JlaHHOE 00CTOATENHCTBO OOYCIOBICHO HMPUMEHEHHUEM
MHOT'OKaHAJILHOTO KOPpPEJIATOpa NpH NMpUeMe CIy)KeOHOW 4acTH 3aroJioBKa
Kajpa.

BeposiTHOCTh 01IMO0YHOTO NMpremMa HHPOPMAIIMOHHON YacTH Kajapa,
B LIEJIOM, HOCUT IOPOTOBBIM XapakTep, OINpeAesseMbld HCIpPaBISAIOIIEH
CHOCOOHOCTBIO NOMEXOYCTOHYMBOTO KOAWPOBAHUS, M CJa00 3aBUCHUT OT
JUTNTEIBHOCTH HMMITyJbca TMOMeXH. IIpym 3TOM IpH BBICOKOM OTHOIICHUH
CHUTHAJI/TIOMEXa BEPOATHOCTh OIMMOOYHOTO MpruemMa HH(YOPMAIHOHHOH
YacTH KaZipa CTPEMUTHCA K BEPOSTHOCTH OIMMOOYHOTO MpHeMa JaHHOH
YacTH Ka/ipa B YCJOBHUSX BO3JCHCTBHS TOJIBKO IIYMOB, KakK IOKAa3aHO Ha
pucyske 14(6).

W3 3aBucuMocCTeil, IpeICTaBICHHBIX HA PUCYHKe 15(a) ciexyer, 4To
NPU HU3KUX OTHOIIEHHSIX CHUTHAJ/TIOMEXa BEpOSTHOCTh IOTEPH Kajipa MpH
BOSﬂeﬁCTBHH KOPOTKUX HMITYJBCHBIX ITOMEX ONPEACTIACTCA, B OCHOBHOM,
BEPOSITHOCTBIO OIIMOOYHOrO IIpUeMa 3aroJioBKa, a IPH BO3ACHCTBUH
HUMITYJIbCOB TOMEX 6OHBIHOﬁ JJIATCIIBHOCTH — TOJIBKO BCPOATHOCTBHIO
OmMOOYHOr0 TpHeMa WHPOPMAIMOHHONH dYacTH Kaipa. OpHako mpH
BBICOKMX  OTHOIICHHAX CHUTHAJI/TIOMEXa  BEPOSITHOCTD oTepu
nH(pOpMaNMOHHON YacTH Kajpa He OKa3bIBAET CYIIECTBEHHOTO BIIMSHUS Ha
00I11yI0 BEpOSATHOCTh MOTEPH Kajapa. B Takom citydae BEpOsITHOCTb HOTEPH
Kajzpa OIpEeNeNsieTcsi, B OCHOBHOM, YCJIOBHBIMH BEPOSITHOCTSAMH OIINOKH
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IIpU TpUEMe CHHXPOTPYNIEI M OIIHOOYHOTO TMpHeMa CIyXeOHOW dacTu
3arojoBKa Kajapa. DTO JOKa3bBaeT TOT (PAKT, YTO MMEHHO BO3ICHCTBHUE
KOPOTKMX WMITyTbCOB IIOMEX Ha CIyKEOHyI0 dYacTh KajJpa MOXKET
MIPUBOJINTH K O0Jiee BEICOKOI BEPOSATHOCTH MOTEPH Kazpa.

CooTBeTCTBEHHO, Ha pUcyHKe 15(0) obOxacTh | (BBIIETICHHAS CHHUM
I[BETOM), OTIpeNIeNsieT AUAna30Hbl 3HAYCHUH OTHOIICHWH CHrHAJ/TIoMeXa 1
JUINTEIBHOCTEH HMITyJIbCa ITOMEXH, INPH KOTOPHIX OCHOBHOHM BKJIaa B
BEPOSITHOCTh OIIMOOYHOTO IMpHEMa KaJpa BHOCHT BEPOSTHOCTh OLIMOKH
npu npueme MHOOPMAaLMOHHON uactd kanpa. OGmacte 2 (BblIeNeHHAs
KpaCHbIM ]_lBeTOM), OINpCACIAET COOTBETCTBYIOIIME AHAIIA30HbI, TIPpU
KOTOPBIX OCHOBHOW BKJIaJl B BEPOSTHOCTh OLIMOOYHOTO MNpHEMa Kajapa
BHOCHT BEPOSITHOCTh OLIMOKK IPH PUEME 3arojoBKa Kajpa.

4. 3akaiouenue. B craTee mpencTaBleHa aHAIUTHYCCKas OICHKA
BIHMSIHAS WMITYJIBCHBIX ITOMEX Ha TpHeM HH()OpMAIMH B CIHYTHHKOBOM
KaHaJe CBS3M B YCIOBHAX SIU30JUYECKOW CHHXPOHM3ALUUU KaIpoB
(¢U3NIecKoro ypoBHS KaHANa CIIyTHHKOBOW CBSI3W C  ITOTOKaMH
UMIYJIbCHBIX TIOMEX.

PesynbTaThl aHANHTHYECKOW OICHKH BEPOSTHOCTH OIIHOOYHOTO
mpuema Kaapa cTraHgapra DVB-S2  mokasslBaloT, YTO NpPHU HHU3KHX
OTHOIICHUSIX curHaj/momexa (He 6oinee 3 nb) BEpOATHOCTh MOTEPH Kajapa
pu BOS}IGﬁCTBHI/I KOPOTKHUX MMITYJBCHBIX MTOMEX, TIUTCIbHOCTHE KOTOPBIX
He mpeBblaeT 5% JUIUTENBHOCTH Kanpa, OIpEesseTcs, B OCHOBHOM,
BEPOSITHOCTBIO OIIMOOYHOrO IIpUEeMa 3aroJioBKa, a IIpH BO3ACHCTBUH
HMIYJIBCOB TIOMEX OONBIIOW IIUTETBHOCTH — TOJBKO BEPOSTHOCTHIO
omuboYHOr0 mpreMa HHOOPMAIIMOHHON YacTH Kazapa. I[Ipu BBICOKHX
OTHOIIGHHUAX CHUTHajJ/ioMexa (mpeBblmatommx 3-5 nab) BeposTHOCTDH
notepy MH(MOPMALMOHHOM YacTHW KajJpa HE OKAa3bIBAET CYIIECTBEHHOTO
BIMSHHUSA Ha OOLIYI0 BEpOATHOCTH MOTEPH KaJpa, OIpenesisieMylo, B
OCHOBHOM,  YCIIOBHBIMH  BEPOSITHOCTSAMH  OIIMOKM TP  IpHUEMeE
CHHXPOTPYIIB ¥ OIMOOYHOTO IpHEMa CIy>KeOHOW YacTH 3arojoBKa
kazpa. IIpu aToM cyIecTBeHHOE 3HAYeHHE UMEET AIUTEIbHOCTh HMITYJIhCa
MTOMEXH.

I[Ipy mnpueme CHHXpPOTPYHOIIBI C YBEIWYCHHEM TUTCIBHOCTH
UMIylTbca TIOMEXH OTHONICHWE CHTHAI/TIOMEXa, TpH  KOTOPOM
obecrieunBaeTcs 3aaHHBI YPOBEHb BEPOSATHOCTH OIMIMOKH, YMEHBIIIAETCS.
310 00YCIIOBIEHO CHM)KEHHEM JIOJIM SHEPTUH IIOMEXH, IPUXOJSIIeHCs Ha
CHUHXPOTPYIITY.

Jnist cny>keOHON YacTH 3aroJioBKa Kajipa BepOSTHOCTH OIIMOOYHOTO
npueMa yMEHbBLIAETCS C YBEIWYEHHEM JJIMTEILHOCTH UMITYJIbca MOMEXH
aHAJOTUYHO CHHXPOTPYINIE, OJHAKO NPUMEHEHHE MHOTOKAaHAIBLHOTO
KOppensTopa TMpH HU3KKUX OTHOWICHHUSX CHTHAJ/TIOMEXa U MAaJIOH
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JUTATEEHOCTH MMITYJIbCa ITOMEXH MPHUBOAMUT K Ooiiee BBICOKOW CKOPOCTH
yObIBaHHSA (YHKIUH BEPOSTHOCTH OIIMOOYHOTO MpHEMa CITy>KeOHOH J4acTh
3aroJjoBKa Kajpa.

BeposTHOCT ommboYHOTO TIpreMa HH()OPMAIIMOHHOW YacTH KaJpa,
B LIEJIOM, HOCUT IOPOTOBBIM XapakTep, ONpEeAeseMblil HCIpPaBIISIOLIEH
CIIOCOOHOCTRIO TTOMEXOYCTOWYHBOTO KOIWUPOBAaHHA H COOTHOIICHHEM
JUTUTEIEHOCTH UMITYJIbCa IIOMEXU C MHTEPBAIOM HEPEMEKEHHS.

Takum oOpa3oM, J0Ka3aHO, YTO CYLIECTBYIOT TaKHE COOTHOILEHHS
JUIMTCJIBHOCTU UMITYyJIbCa HJyMOBOﬁ IIOMEXHU C AJIUTCIBbHOCTBHIO Cﬂy)KCGHI)IX
yacTedl KaJapa (HU3MYECKOro ypOBHsS KaHalla CIYyTHHUKOBOW CBS3H, IPH
KOTOPBIX BO3JICHCTBHE MMITYJILCHON MOMEXH Ha CIIY)KEOHYIO 4acTh Kajpa
MOXET TPHBOAUTH K OOJiee BBICOKOW BEPOSTHOCTH OMIMOOYHOTO NpHeMa
KaJpa, YeM TPH BO3JCHCTBUU Ha WHPOPMANMOHHYIO YacTh Kaapa. JTO
MPOUCXOTUT TPH COYCTAHWW JIBYX VYCIOBHH: IIUTEIHHOCTh ITOMEXH
com3MepHMa C JUIMTENFHOCTHIO 3aroJIOBKa KaJpa WM B HECKOJBKO pa3
Oompme, u He oOecmeyMBaeTCS OOCTATOYHOE IIPEBBIIICHHE MOIIHOCTH
CUTHAJIa HaJl CpEAHEH MOIIHOCTEIO TOMEXH.
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A.V.PARSHUTKIN, D.I. BUCHINSKIY, YU.N. KOPALOV
MODEL OF SATELLITE COMMUNICATION CHANNEL
FUNCTIONING UNDER CONDITIONS OF EPISODIC
SYNCHRONIZATION WITH PULSE INTERFERENCE FLOWS

Parshutkin A.V., Buchinskiy D.I., Kopalov Yu.N. Model of Satellite Communication
Channel Functioning under Conditions of Episodic Synchronization with Pulse
Interference Flows.

Abstract. The article investigates the effect of pulse interference on information reception
in conditions of episodic synchronization of frames of the physical level of a satellite
communication channel with streams of radio pulses of unintended interference. An analytical
model of the influence of pulse interference on the reception of information in a satellite
communication channel under conditions of episodic synchronization of physical-level frames
with pulse interference streams is proposed. Using the example of the DVB family of
standards, the combined effect of noise and unintended impulse interference on the conditional
error probabilities when receiving a synchro group, the service part of the header and the
information part of the frame is shown. Estimates of the average number of frames of the
physical level for the duration of the interval of episodic synchronization, the number of
intervals of episodic synchronization and the proportion of elementary parcels in the frame
exposed to interference, depending on the duration of the pulse interference, are given. It is
shown that there are such relations between the duration of the interference pulse and the
continuity of the sequence, in which the phenomenon of the episodic synchronization of
physical-level frames with the flow of pulse interference has a significant impact on the
functioning of the satellite communication channel. The dependences of the probability of
erroneous reception of a frame of the physical level of a satellite communication channel on
the signal-to-interference ratio at the fixed signal-to-noise ratio and on the duration of the
interference pulse are obtained. It has been found that at high signal-to-noise ratios and the
duration of the interference correlated with the duration of the service part of the frame, but
significantly less than the duration of the frame, the probability of erroneous reception of the
frame may be higher than at lower signal-to-noise ratios due to errors when receiving the
service part of the frames.

Keywords: episodic synchronization, unintentional pulse interference, DVB, noise
immunity, broadband satellite communication.
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YK 004.056.5 DOI 10.15622/ia.23.1.8

O.M. JIENEWKKH, O.A. OCTPOYMOB, H.B. MUXAMJIMYEHKO,
A.C. TIEPMSKOB
METO/JUKA OBECHEYEHUS ®YHKIIMOHAJBHOM
YCTOMYHUBOCTU CUCTEMBI CBSI3M 3A CUET BBISIBJIEHUSI
KOH®JIUKTOB

Jlenewxurn O.M., Ocmpoymos O.A., Muxaiinuuenko H.B., Ilepmskos A.C. Meroauka
obecrievyenust (YHKIMOHAIBHON YCTOHYMBOCTH CHCTEMbI CBSI3M 32 CYeT BbISIBJCHHUS
KOH()JIUKTOB.

AnHoTanus. Beenenne: CoBpeMEHHbIE CIIOXKHBIC TEXHHYECKHE CHCTEMBI YacTO OBIBAIOT
KPUTHYECKH  BWKHBIMH.  KpPUTHYHOCT  OOYCIOBJICHA  MOCIEACTBHSAMH  HapyLICHHUS
(DYHKIIMOHUPOBAHUS TAaKUX CHCTEM, HE BBIIOJHEHUEM MMM TpeOyeMmoro nepedns QyHKIMH
3ama4. [lpomecc KOHTpons M yNpaBlIeHUS TAKMMHM CHUCTEMaMH OCYILIECTBIAETCA C
HCIOJb30BAHUEM CHCTEM H CETEH CBS3HM, KOTOPHIC CTAHOBSTCSA JUIL HHUX KPHUTHYHBIMH.
Bo3Hukaer moTpeOHOCT, B 00ECHEUEHHH YCTOHYMBOrO (DYHKIMOHMPOBAHHUS, KaK CaMHX
CJIOKHBIX TEXHHYECKHMX CHCTEM, TaK M MX CHCTEM YIPABIICHHS, KOHTDPOJS, CHCTEM U CeTei
cBs3u. B pabore mpeanoxeHa Mmeroauka oOecrieyeHUs (PYHKUHMOHAJIBHOW YCTOHMYMBOCTH
CHCTEMBI CBSI3M, OCHOBOIl KOTOPOH SIBIISETCS MNPOLECC BBISBICHHS W YCTpPAaHEHHs B Heil
KOH(IIMKTOB, 00YCIIOBICHHBIX OTIMYHEM MpoQuiist GYHKIIMOHUPOBAHUS U MPOGHIIs TIporecca
(YHKIMOHMPOBaHUS CHCTeMbl. [IpefnoxeHHass MOZETIb mpouecca (QYHKIMOHUPOBAHUS
CHCTEMBI ~ CBA3M IIO3BONSIET HAa OCHOBE aHAlM3a HMHTEHCHBHOCTEH  BO3JCHCTBUS
JIeCTaOMITM3UPYIOIHUX (PAKTOPOB Ha CHCTEMY, BBISABICHHMS KOH(IMKTOB M HMX YCTPAHEHUs,
OIPEACINTh BEPOITHOCTH obecriedeHus (YHKIMOHAIBHOW yCTOi4YMBOCTH cucteMsl. llensb
HCCIIEOBaHUS: pa3padOTKa METOAMKH obecrieyeHus: (DYHKIMOHAIBHOH YCTOMYMBOCTH
CHCTEMBI CBS3H B YCIIOBHSX BO3ICHCTBHS JIECTAOMINM3HPYIOMNX (AKTOPOB M BO3HUKHOBEHUS
KOH(IIMKTOB, a TaKXe MOZEN Hpouecca (HYHKINOHHPOBAHHS CHCTEMBI CBSI3H, ITO3BOJISIONICH
OIPEAEIATh BEPOSATHOCTh HAXOXKICHUS CUCTEMBI B (DYHKI[MOHAIBHO YCTONYMBOM COCTOSTHHH.
Merozs! Teopur rpadoB M TEOPHH MAaTpUL, TeOpHuHM MapKOBCKMX HpoueccoB. Pe3ynmbrarhl:
HPEIOKEHA MOJIENb Tpolecca (pyHKIMOHUPOBAHUS CHCTEMbI CBSI3U B YCIIOBHSX BO3ICHCTBUS
JecTabMIH3UPYIOIKX  (PAKTOPOB, IO3BOJAIOMIAS.  ONpPECIATh BEPOSTHOCTH HAPYIICHHS
(YHKIMOHMPOBAHUS CHUCTEMBI, pa3paboTaHa MeTojHKa oOecrieueHus (QyHKIMOHAIBHOM
YCTOMYMBOCTH CHCTEMBI CBsI3H. IIpaKTHdeckas 3HaYMMOCTb: PE3Y/IbTaThl UCCICAOBAHHS MOTYT
OBITh HCIIONB30BAHBI MPH TPOCKTHPOBAHUN U MOCTPOCHUH CIIOXKHBIX TEXHHYECKHX CHCTEM, a
TaKOKe B CHCTEMax IMOIEPIKKH NIPUHATHS PEIICHHUH, KOHTPOJIS, CBSI3U U YIIPaBICHHUSI.

KnroueBble cioBa: (GyHKIMOHANbHAS YCTOHYMBOCTh, KPUTUYHOCTb, CHCTEMa CBSI3H,
CHCTEMa YIPABICHUS, CJIOXKHAs TEXHHYECKas cHcTeMa, Npoduis (QYHKIMOHUPOBAHHUS
CHCTeMBbI, PYHKIMH, 3a/1a4H, PEIIaMEHT.

1. BBenenue. CoBpeMEHHbIC CHCTEMbI YIPABICHUS UMEIOT B CBOEM
COCTaBe CHCTEMbl WM CETH CBS3M. 3HauyeHHE CBS3W B  YCIOBHAX
MOBCEMECTHOW  UU(DPOBHU3AIMU ¥ HCIOJIb30BAHUS  HMHPOPMAIMOHHBIX
TEXHOJIOTHH 3HaYuTeNbHO Bo3pactaeT. Cuctemsl cBsizu (CC) mpuoOpeTaroT
Ba)KHOC KPHUTHYECKOE 3HAaucHWe Juis cucteM ympasieHus (CY), mpu 3tom
KPUTHUYHOCTD MPOSIBIISICTCS B MOCIICACTBUSIX HAPYIICHUN (HYHKITHOHUPOBAHUS
CHCTEM, B MX HECIIOCOOHOCTH BBIMOJHATH OIPEACICHHBIC TpeOyeMbIe 3a1auu
u QyHKIMU. Y CIOKHEHHE CUCTEMBI, YBEJIMUCHHUE €€ BO3MOKHOCTEH, OOJIbIIIast
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JIMHAMUKA W3MEHEHMSI COCTOSIHUM CHCTEMBI M €€ 3JIEMEHTOB OIPEACISIOT
MOTPEOHOCTH B MH(OPMAIIMH O €€ COCTOSHHH, & TAK)KE MPOMCXOSIINX B HEH
mporeccax. Mapopmamms o cocrossand CC mo3Bomur CY CBOEBPEMEHHO
BIIMSTH HA HEe JUTs 00ECIICUeHNsI €€ YCTOWINBOTO (hYHKIIMOHUPOBAHHS.

B mpornecce GyHKIIMOHMPOBaHUS Ha CHCTEMY, KOTOPAsl BBIMOJIHSET
ompeneNeHHBI Habop (yHKOWHA ¥ 3agad, BO3ACHCTBYIOT pPa3iNYHBIC
necrabmmmsupytomue ¢daxtopsr (D) [1, 2]. Tlox D Oyner noHmMaThCs
moboe BozaeiictBue Ha CC U ee 3MEMEHTHI, PE3ylbTaTOM KOTOPOTO
SIBJISIETCSI HApyIIeHHEe ee (YHKIHMOHUPOBAHUSI.

Ion ¢yukumonansHol ycrodunBocthio (PY) CC monumaercs ee
CIIOCOOHOCTh O0OecreYnBaTh BBINOJIHEHNHE (YHKIMHA W 3aJad B YCIOBHSX
BO3JIelicTBUS Ha Hee pasnuuHbix D [3, 4].

B pabore mpu omenke ®PY He YUHTHIBACTCS OCBEIOMIICHHOCTh
3JI0yMBIIIJICHHUKA, YPOBEHb €r0  IIOATOTOBKHM, KBIM(QHUKALUSA U
TEXHHYECKOE OCHAIIECHHE, a TaKKe XapakTep BO3ICHCTBUSA M (pakTOpBI,
BIMSIOLIME HA cucTeMy [5, 6]. YuutsiBaeTcsi Tosnbko Bo3zaeiicteue Ha CC,
Ppe3yIbTaToM KOTOpOTO SIBIISIETCSI HapylIeHUE YCTOWYHBOTO
¢ynknuonnpoBannsi CC M ee 3JIEMEHTOB, T.C. HEBBINOJIHEHHE CHUCTEMOM
¢byHKUMii 1 33124, Tpoduiis GyHKINOHUPOBAHHS CUCTEMBI [7].

TpaauLIMOHHO YCTOMYMBOCTH CUCTEMBI CBS3M pacCMaTpUBAETCS uepe3
HaJeXHOCTH [8 — 12], xuByuects [13, 14], momexoycToitunBocts [15, 16] u
kubepycrounBocTts [17 —22], mpu 3TOM B KauecTBE XapaKTEPHUCTHUKU
YCTOWYMBOCTH, KakK IIPaBMJIO, BBICTYNAeT TOJNBKO OXMH MapameTp. Pexe
YCTOIYMBOCTD PacCMaTPHBAETCS KaK CBEPTKA IOKAa3aTelied MepedrCIICHHBIX
xapakTepuctuk. Kpome 5T1Oro, psix paboT IMOCBSMIEH OOLIECHCTEMHBIM
BompocaM oOecriedeHHs yCTOHYMBOCTH CJIOKHBIX TEXHHYECKHX CHCTEM
[23-26]. Ouenka mnokaszaTenell YCTOMYMBOCTU OCYILECTBISIETCA Ha
OCHOBaHMM aHallM3a CTaTUCTUKH (yHKunoHupoBanuss CC 1o MomeHTa
OLICHKH, YTO B YCJIOBUSX OOJIBIION AWHAMHKHA W3MEHEHUs OOCTaHOBKH, a
TaKKe MOTPEOHOCTH B MONyYEHHHM HHPOPMALUH O CHCTEME B DPEXHUME
pEabHOTO BPEMEHH, HE BCET/IA MIPHUEMIIEMO.

B  wuHOCTpaHHBIX  HMCTOYHMKaX TEPMHHBI  (DyHKIHMOHAJIbHAS
YCTOHYMBOCTD, (YHKIMOHAIbHAS HAAEKHOCTh M  (yHKIHOHAIbHAS
KHMBYYECTh HCIONB3YIOTCA HapaBHe. Bkiag B pa3sBUTHE TeopuH
¢yHKIMOHATMBHON ycToiumBocTH BHeciu JlomonoB A.I'., TapacoB A.A.,
boponakuii }0.B. [4, 27], boratsipeB B.A., borateipe A.B. [28 —29],
Typyra E.H. [30 —31], Kpusomes [I.0., Bacunser C.B., lemuyk B.A.,
Heunsackuit A.A., MamkoB O.A. [32], Kopones A.H. [33], ®upcos C.H.,
Kmumo C.M., Opoesckuiit CM. u ap. B paGoTax 3THX aBTOpOB MO
(YHKIMOHAJIBHOW  YCTOWYMBOCTBIO,  KaK  IIPaBHJIO,  IOHHMAaeTcs
(yHKIMOHAIbHAs HA/Ie)KHOCTh CUCTEM M OOBEKTOB, oOecreyeHre KOTOpPOi
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CBSI3aHO TOJBKO CO CTPYKTYPHOH peKOH(HTypammeidl CHCTeMbI, OOBEKTa.
OTIMYUTENBHOR OCOOCHHOCTBIO pPa3pabOTaHHON aBTOpaMH METOJHKH,
SIBIISICTCS TPEAJIOKEHNE Ha OCYIISCTBIICHHE CHHTE3a HE TONBKO CTPYKTYPHI
CHUCTEMBI, HO W e (PYHKIMOHAIFHOW XapaKTEepHUCTHKH, OIpeaensieMoi
IIEJIEBBIM IIpeHa3HAYCHUEM CHCTEeMBI. Kpome Toro, aBTOpamMu MpeioskeH
HOBBII monmxox  (opMamm3aliii CHUCTEMBI Ha  OCHOBE  MPOQUMIS
(YHKIIMOHMPOBAHUS CUCTEMBI, a TaKKe Mporecca ee (YHKIMOHUPOBAHUS
Ha OCHOBe mpo¢mis npouecca (pyHKIMOHUPOBAaHHS CUCTEMBI. B pamkax
METOJIMKH pa3paboTaHa HOBas MOJeIb mpoiiecca ¢pynkuuonuposanus CC,
MO3BOJISIIOIIASL  ONPENCNIUTh  BEPOSITHOCTh  HAPYLIEHHS  yCTOMYMBOIO
(YHKIIMOHMPOBAHUSI CHUCTEMBl B 3aBHCUMOCTH OT HMHTEHCHBHOCTH
Bo3zeiicTBusA J|®, HHTEHCUBHOCTh CUHTE3a CUCTEMBI, BIUAOUIETO HA BPEMS
ee yCTOHYNBOro (PYHKIIMOHHPOBAHUSI.

PaspaboranHass  merommka — obecmeueHWs — (PYHKIIMOHAIEHOW
ycrouuBoctt CC B yCHOBHAX BO3JIEHCTBUS HAa HEE U €€ DJIEMEHTHI
JIECTa0MITHU3NPYIOMUX (aKTOPOB TMpeTHa3HaueHa IS JODKHOCTHBIX JTHIL,
3aHUMAIOIIUXCS TUIAHUPOBAHUEM CBS3H, a TAKXKE JIUI, KOTOPBIC TPUHIMAIOT
pelreHre B 3TOM cucteme. Bpems, HEoOXoauMoe Al CHHTE3a CHCTEMEI,
ompenenseT HHTEPBaJl MPOBEPKH TOTOBHOCTH K BBINOJHEHUIO TEKYyIIeH
3a1a4uu, QyHKIHH.

Cunte3 CC Oyner mpeacTaBisTh co00il (yHKIMOHAIBHBIN CHHTE3,
3aKITIOYAIONINICA B IepepacipeesiecHHH PECypCcoB Ul BBINOTHEHHS 3a7ad
W 3amad JuUis BBINOJHEHHWS (YHKIMHA, a TakKe CTPYKTYpHBIH CHHTE3
CHCTEMBI, BKITIOYAIOMNH peKoHpUTyparuio ¢pusmdeckoit ocnoBel CC.

eas padoThI 3aKrovYacTcs B pa3paboTKe METOAMKH obecriedeHust PY
CC, no3Bossironield B ycioBusix BozaedcTBust 1P 1 M3MEHEHHs] COCTOSHUM
CHCTEMBI, OOCTAaHOBKH, BBIIBIATH KOHQIIMKTHI B HEH, 0OYyCIOBICHHbBIE
ommyreM npo¢uis mporecca (YHKIMOHUPOBAHUS CHCTEMBI OT IPOGHIIS
(YHKIIMOHMPOBAHUSI CHCTEMBI B JIIOOOH MOMEHT BpeMeHH. Ha ocHoBaHMH
MOJTYYECHHBIX JaHHBIX MPUHAMATH MEPbI VISl CHHTE3a, KaK CTPYKTYPbI CHCTEMEI,
TaK U ee (PYHKINOHATIBHON XapaKTePUCTHKHL.

HayuyHasi HOBM3HA TIOJNYYEHHBIX pE3yAbTATOB 3aKIIOYACTCI B
pazpabotke HOBOW Meromuku obecnieuenns DY CC, ucnonb3yromei
npo¢wis (HYHKIMOHUPOBAHUSA CHUCTEMBI [UIS BBIIBICHUS KOH(IUKTOB,
00yCTIOBIICHHBIX BO3/eicTBHEM Ha cucteMy pasnuaseix Jd. Kpome storo,
NoJyuyeHa HoBasi Mojens npouecca ¢yHkiuoHuposanuss CC Ha ocHOBe
UCTIONB30BaHUM  MaTeMaTHUYeCKOro  ammapara Teopud MapKOBCKHX
MPOIIECCOB, KOTOpas IO3BONAET OLEHUBAaTh BpeMs U BEPOSITHOCTh
coxpanenus Tpedyemoit @Y CC.

3.IlocTanoBKka 3agaunm  Ha HcciaegoBanue. CBOEeBpeMEHHOE
oOHapyxeHHe KOH(IIMKTa B CUCTEME CBS3H U IIPAaBUIILHOE pearupoBaHue Ha
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Hero /0 MOMEHTAa OKOHYaHHs BBINOJHEHUS 3a1aud, (GYHKUUH IIyTeM
CHHTE32 CHCTEMbI ITO3BOJIMT BBIMOJHUTH 3a7ady, GYHKIHIO U 00eCHeYnTh
@V CC, He3aBUCHMO OT XapakTepa BosaeicTeus J1d.

OnruMu3alMoHHas 3a/a4a 3aKJIF0YaeTcsl B OMCKE TAKOTO PEILICHUS
BBISBJICHUsI  KOH(IMKTA, TPH  YCTPaHEHHH KOTOPOro  Tpedyercs
3aJIeCTBOBAHME MHHHMAIbHOTO pPecypca CHUCTEMBI, HCIOJIb30BaHHE
KOTOPOTO MO3BOJHUT OOECHCUUTh JOCTHKCHUE IEIICBOTO TpPEIHA3HAUYCHUS
CHUCTEMBI U 0becreunTs ce DY,

[eneByro QyHKIHMIO MOXKHO MPEACTABUTH CIICAYIOIIUM BBIPAXKCHUCM

(W(E.JVF) > minAE | koy < koy pegej € N, (1

riue W(E, j) — YIOPSIOYECHHOE MHOXKECTBO BEKTOpPoB pecypcoB CC,

obecrieunBaONMX €€ (QYHKIMOHUPOBAHHE U BBHINOJIHEHUE LEJIEBOTO
npeaHasHadeHus; j € N — konmmdecTBo 31eMeHTOB CC, XapaKTepH3yIOIIIX
CTPYKTYPY CHUCTEMBI CBSI3U; F' — MHTEHCUBHOCTH Bapuaiuu 3iementoB CC,
MO3BOJISIIOIIMX ~ TIPEJIOCTABIAITE CHCTEME CBSI3M  TpeOyeMblli  pecypc;
koy— koadpdummnenT OV CC; key rpes — TPEOYeMsIit kodddumuent OV CC.
Brixoassie pe3ynbraTsl MeToaukn obecniedennss Y CC B ycrnoBusix

Bo3zeiicTBust 1P 1 HanM4Mst KOHQIIMKTA B CHCTEME: <W(E . J ),F >

IepeiineM Kk ONUCaHUIO UCXOIHBIX JAHHBIX.
Hcxonnbie faHHBIC METOAMKH:
Jlannsle, xapakrepusyomue cTpykrypy CC: KOIMYeCTBO 3J€MEHTOB

B cucteme i =1, N, , rae Ny — o0llee KOJMYECTBO JIEMEHTOB B CHCTEME,

y o

KOJIMYECTBO CBs3eH, coequusroniux smeMmentsl CC, k =1,L, roe L — oOiee
KOJIMYECTBO CBsI3¢d B CHCTEME, KOJIMYCCTBO TEXHUYCCKUX CPEICTB,
Haxomsnmxcs Ha dneMenTax CC u mo3BOJSIOMUX GOPMUPOBATH CBS3H, IPU
9TOM HAIPABIICHHUS CBSI3M MEX/Y dJIEMEHTAMH 33Jal0TCsl mapaMu <i, m>e€L,

ieNy, meNy, j=1,N,_, rae N; — oblee KOIUIECTBO TEXHUIECKHUX CPEJCTB

cBs13u Ha aneMmeHTax CC u I(j) — Koau4ecTBO pexXuMOB (YHKIIMOHHPOBAHUS

Ka)XJI0T'0 j- TO CPe/ACTBa CBS3M, A (i, ;) — MHOXKECTBO, XapaKTepu3yoliee

Harpy3Ky B BUJIe HHTEHCHBHOCTEH TIOTOKA cooOmenuii A; oT i - ro YC.
JlanHbIe, XapakTepu3yromnre (yHKIHOHATIBHYIO cocTaBisttonyio CC:

mHOkecTtBo Tiener CC A4 = {4, Ay, ..., A,}, MHOXXECTBO TpeOOBaHHIA,
mpenwbsiBnsieMix k CC T = {Ty, T,, ..., T,}, MHOXeCTBO (yHKITHH,
BemonHsieMbix CC F = {F}, F), ..., F.}, MHOXXecTBO 3ajiad, permaembrx CC
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Z =172\, Z,, ..., Z;} u mHOXecTBO pecypcoB CC E = {E|, E,, ..., E,},
obecrieynBarOmuX ee QyHKIIHOHNPOBAHHE.

Jannbie, xapakrepusyromue morpedHocTrn CVY: MHOXECTBO Iemneit
CC 4 = {4y, 4,, ..., A,}, KOTOpBIE eli HEOOXOIUMO JTOCTHYb B MHTEpecax
CVY, MHOXeCTBO TpeOOBaHUH, MNPENBABISEMBIX K CHCTEME CBS3H CO
cropousl CY T = {T\, T», ..., T,}, MHOXeCTBO (DYHKIHH, BBIMOITHIEMBIX
cucremoit F' = {Fy, F,, ..., F.}, KOTOpble eli HCOOXOIMMO BBIITOJHHUTH B
unTepecax CY, MHOXKECTBO 3a/1a4, PelIaeMbIX CHCTEMOH CBSI3U B HHTEpEcax
CcY Z = {Z,, Z,, ..., Z;# ¥ MHOXKECTBO pECYpPCOB CHCTEMBI
E={E,E,, ...,E,}, ob0ccreunBaronnx ec¢ (YHKIHOHHPOBAHUC U
HEOOXOAUMBIX /ISl yI0BJIeTBOpeHus norpedHoctei CY.

HcxomHple JaHHBIC, XapaKTEPU3YIONIME MPOTHBOOOPCTBYIONIYIO
CTOpPOHY: Nyjp — KOJIMYECTBO CPEACTB, MPEAHA3HAUCHHBIX A OOHAPYKEHUS
BozzeitctBua J®; Lyp(nyp, ) — MHOXKECTBO CPEJICTB, NPEAHA3HAYEHHBIX IS
obHapyskeHus BoszelcTeus D nyp, nyp =1,N;p HaXOMIIINXCA Ha i-M,

ieN, vyse (auemenre) CC; —  MHOXECTBO,

7‘/:113 (nI[B’ }\’nﬂB )
XapaKTepu3yollee HUHTEHCUBHOCTh BozaelcTus P Ha snementsl CC,
orpezieisieMoe 10 BO3JICHCTBHIO Ha CPEJCTBA OOHAPY)KEHUsI BO3/CHCTBHS B
BHJIC MHTCHCHBHOCTH TMOTOKA ), . OT 73-TO CPE/ICTBA.

Hcxonuble faHHBIE, XapaKTEPU3YIONIME JIOCTOBEPHOCTH (o) M
TOYHOCTb (€) MOAEIUPOBAHUSL.

IMoka3aTenn W KpUTEepHH, OrpPaHUYeHUS M AONYIIEHMS,
NPUHATHIE B METOAMKE:

IHoka3artenb: BEPOATHOCTD HapyLIeHUs YCTOHYHMBOIO
¢yakunonnpoBanus CC.

KP"TePﬂﬁ: PHapym bynx < Pﬂapym bynx 3a1 tyCT ¢yﬂxu> szym(u 3an:

Jlonyuennsi 4 orpaHUYeHHUs

— Ha mepuox ¢yHKunoHMpoBaHUS (MonemupoBanmia) CC ee
CTPYKTYypa 33aHa U OCTACTCS] HEM3MEHHOM;

—  BO3AeHcTBUA, NpUBOAAIIME K HapymeHHto CTpykTtypel CC,
T.¢. ynanenue YC u JIUHUH CBSA3U HE pacCMaTpUBAeTCS;

— y3ue1 CC crocoOHBI BBINIOJHUTH BECh MEPEUCHb 3aJaHHbBIX
GyHKIUT ¥ 3371a4;

—  TpOITyCKHasi CIIOCOOHOCTH JIMHMH cBsizu Mexay ysnamu CC,
TMHUHN npuBsa3kH eMeHToB CC 1 IPYrHX CHCTEM H3BECTHA M MO3BOJISET
CHCTEME BBITIONIHATH CBOE LIEJIEBOE TIPETHA3HAUCHIE;

— mepemada COOOIICHWH  TONB30BaTeNlell  MeXIy — y3JIamu
OCYIIECTBIISICTCS 110 U3BECTHOMY anropuTtmy. s mepenadm cooOmeHni B
CC BpIOmWpaeTcs KpaTdallliMii MapmipyT, BKIIIOYAOIIUN MHHUMAIEHOE
KOJINYECTBO MPOMEXKYTOUHBIX Y3JIOB;
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—  CC umeeT orpaHudeHHBINH PeCypC, TO3BOJISIONUN BaphbUPOBAThH
apaMeTpaMy JIEMEHTOB;

—  HE paccMaTpuBaeTcs BoccTaHOBIIeHHE paborocnocobHocTrn CC
13 COCTOSIHUS TIOJTHOTO Pa3pyIICHHUSI CHCTEMBL.

OO6JacTh NpPUMEHEHHMA: METOIUKAa TPHMEHUMAa IS CHUTYaIliid
HapymeHuss (YHKINOHUPOBAHUS CIOXKHBIX TEXHWYECKHX CHCTEM, TaKHX
KaK CHUCTEMBbI M CETH CBS3H, NHPOPMAIMOHHBIE CUCTEMBI, HH(POPMAIIHOHHO-
TEJICKOMMYHHKAIIMOHHbIE ~ CHUCTEMBI, KauecTBO M 3((PEKTUBHOCTH
BBITIOJTHEHHS KOTOPBIX OINPEAEIAIOTCS TPEOOBAHUSAMHU K HUM.

IMocnenoBaTeTbHOCTH NMPOBeIeHUs pacyeToB Mo Meroamke. Kak
cllelyeT U3 NPUHATHIX orpanndeHuid u ponymenuit, CC GpyHKunoOHUpYeT ¢
BBHINIOJIHEHHEM  TpeOoBaHWM, NpexbsBiIsieMblx K Hed. Ha  Hee
OCYIIECTBIISIETCS BO3eiicTBHe pasniuHbIX 1D, mpuBOaAIINX K HAPYIICHUIO
mporiecca (PYHKIIMOHHPOBAHUS CHUCTEMBI, T.€. HEBBHINIOJHEHUIO 3a7ad M
(GYHKIWN CHCTEMEI.

[ocnenoBaTenbHOCTh ~ TPUMEHEHHS  pa3pabOTaHHOW  METOIHKH
obecriegenns @Y CC cocToUT U3 3TAIoB, IPENCTaBICHHBIX Ha pucyHke 1. Ha
NepBOM  JTale  IPOM3BOJNUTCS  BBOJ  MCXOAHBIX  JAaHHBIX. /[lanee
pa3pabaThIBaeTCsl CTPYKTYpHO-(pyHKIMOHATBHAsS Moaeab CC, mo3BosIstoIIas
OMPEEIIATh €€ BO3MOYKHOCTH IO BhINoJHEeHHIO (hyHKuit u 3aqad CC u CY.

Ha BTOpOM 3Tame ocymecTBIseTcsl KOHTPOJIb BBIOTHEHUS PO
¢ynkiuonupoBanuss CC. Ha TpeTbeM »dTame mpoBepseTcs HalIUuue
KOH(JIMKTOB B cucreme. [Ipu oOHapyxeHHH KOHQIUKTA, 00YCIOBICHHOTO
ormmuueM mpodwis npomecca QyHkuoHupoBanus CC ot mpodrs
¢yakumonnpoBanuss  CC, TpUYMHBI  BO3HUKHOBEHHS  KOH(IIMKTA
OTIPENICIIAIOT Ha YSTBEPTOM JTaIle.

IMon mnpodunem QYHKUMOHUPOBAHHMS CHUCTEMBl  IOHMMAETCs
XapaKTepUCTUKA CHCTEMbl, XapakTepusylomas ee MOTpeOHOCTh B
BBITIOJTHEHUH  IIEJIEBOTO  MPEJHA3HAUCHHUS CHCTEMBI,  OINpEIEIsIeMOro
B3aMMOCBSI3aHHBIM BBITIOJTHEHHEM Iieield, QyHKIUH, 3a1ad U TpeOOBaHUH,
MPEeaBABISEMBIX K cHcTeMe. B pabore mnpodwmnb GyHKITMOHUPOBAHUS
CHCTEMBI COOTBETCTBYET MPOdHITIO TuTaHa U o6o3Havaercs Q.

IIpoduns nporecca GyHKINOHUPOBAHKS CHCTEMBI — XapaKTEPHCTHKA
nporecca (yHKIIMOHUPOBAHMS CHCTEMBI MOKA3bIBAIOIIAs B JIFOOOH MOMEHT
BPEMEHH CTeleHb JIOCTIDKCHHS IIEJIEBOTO TMpeJIHa3HAYCHUS CHCTEMBL,
BBITIOJIHEHUS TTPOQuIst (GyHKIIMOHUPOBAHUS CUCTEMBI, @ TaKKe KOJINYECTBO
BBITIOJIHEHHBIX M BBINOJIHSEMBIX 1eNel, (QYHKUMHA, 3anad, TpeOOBaHUS,
TpebABIIAEMBIX K CHCTEME M ee aneMeHTaM. B pabote o6o3nadaeTcst Q.

Ha msatom »srtame mpoBepsiercs, OOYyCIOBICH JIM KOHQIHUKT
OTCYTCTBHEM pecypca s BBIIOJHEHHS TEKyIero mnpoduus 6e3 ero
n3MeHeHHs1 (BO3MOKHOCTh BBINOJHEHHs Tekymiero npodmis dpynkuus CC
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CYIIIECTBYIOIIEH CTPYKTypou cuctembl). Ecmum HeT, To Ha 6 »dTame
MIPOBEPSAETCS] BOSHUKHOBEHHNE KOH(IMKTA W3-3a MOSIBICHUS HOBOW 3a/1auH,
GyHKOIMH, YTO  ompeAersieT MOTPeOHOCTh  M3MEHEHHS  HpOQIIIs
¢yakunonnpoBanus CC. Ha 7 stane ompenensercs motpednsiii pecype CC
IUTA BBITIONIHEHUsI HOBOW 3ajmaum, Qynkmum. Ecnm ma, To Ha 8 srame
ompeneNaroTes QYHKIUA U 331a4H TEKYIeTo npodmist pyHKINOHUPOBAHUS
CC, xoTOopble OyIyT HE BBHITIOJIHEHBI W3-32 OTCYTCTBHUS pecypca IJisl HUX.

Ha 9 srane ouennBaercsi HeoOxonumocTs cunte3a CC cHavana 1o
(YHKIMOHAIBHOMY NpEIHAa3HAYCHUIO, IOTOM I10 CTPYKTYPE CHCTEMBI.

IMpu orcyrctBun HeoOxomumoctn cuHTesa CC Ha 10 orame
UCIIONIb3YeTCS PEecypc M3 pe3epBa WM PECypChbl, 3aIllaHHPOBAaHHBIE ISt
BBITIOJIHEHHS JPYrUX 3a1ad, (YHKIHUHA, KOTOpbIE B JNaHHBII MOMEHT He
3a[IeICTBOBAHBI [T BHITONHEHUS APYTUX 3a1a4, () yHKITHIA.

Ha 11 stame, nmpu HeoOX0AUMOCTH, OCymIecTBIIIOT cuHTe3 CC s
oOecrieueHHs BHITTOTHEHHS 33124, ()YHKITHIA.

Ha 12 »srane mwmenstor mnpodwuns QyHkmuoHupoBanusi CC wu
MPEJOCTABILIIOT HHAOOPMAIMIO O TMPOU3BEACHHOM CHHTE3€ CHCTEMBI M
HM3MEHEHHOM Ipo(uiie Ha 3Tane 1, rae KOppeKTHPYIOTCS UCXOIHBIC JaHHBIC
JUISl CHCTEMBI.

IIpun JIOCTHKEHUU TpeOyeMoro (3amanHOrO) BPEMEHU
¢ynkuuonupoBanusi CC Ha »dTtane 13 oOLEHMBAIOT HEOOXOAMMOCTD
nanpHeimero koaTposst CC.

Iopsnok ocymectsienus cuate3a CC, cooTBeTCTBYIOMMK 650Ky 11
pUCyHKa 1, BKIIFOYAET JITAIlbl, TPEACTABICHHBIC HAa PHCYHKE 2, KOTOPHIC
PacCMOTPUM HIKE.

Jle#icTBUs, BRIIOTHSIEMBIEC B OJIOKE 1, COOTBETCTBYIOT IIEPBOMY ITAITY
MeTonuKH. VcxonHele naHHbIE (OPMHUPYIOTCS B CHCTEME KOHTPOJIS
npouecca Qynkuuonuposanuss CC u mocTymaioT B 0a3y JaHHBIX, I7ie
(opMHUpYIOTCSL XapaKTepUCTHKH Hpoduis mpouecca (YHKIHOHUPOBAHUS
CC u mpodwmnsa pyakunonupoanust CC.

B Omoke 2 Ha OCHOBaHWM TIPUMEHEHHUS  CTPYKTYPHO-
¢yakmuonansHoii Monmemn CC, TpuUMEHEHUsT MeTOJ0B (OPMUPOBAHUS
npopunss CC, mozenu KoHTposrsi mpomuecca ¢(yHkrumonupoanns CC u
METOIWKH  KOHTpONISI  mporecca  (pYHKIMOHUPOBAHHUS  CHUCTEMEL,
OCYIIECTBIISIETCST (OPMHUPOBaHHE TPOPHICH M KOHTPOJIH BBIIOTHEHUS
npoduisa pyHkronuposanus CC.

B Gnoke 3 ocymecTBnsiercsi cpaBHeHue npoduiei. Ecim ycinosue
BBITIOJHSACTCS, TO TPOIOJDKAETCS KOHTPOJIb BBITIOJIHEHUS MPOQUIL, €Cin
yCJIOBHE HE BBINOJHSETCS, U NMPO(WIN HE COOTBETCTBYIOT, TO B OJyoke 4
OTIPENETISIIOT IPUYMHY HECOOTBETCTBHUS IIPODIICH.
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Hauano

BBO}J MCXOJAHBIX JAHHBIX:
cTpykTypa 1 napametpsl Gpparmenra CC;
TpoQuIb MIaHa CBA3M
npodmns npouecca hynkuuonnposanis CC

TIpumeHeHre MO/1eH KOHTPOIIS Tpolecca
dynkumonnposanus CC
Ouenka BbinonHenns 3amay B CC
Brisienenne kon(mukTos B CC, 00yCI0BICHHBIX
OTINYHEM mpoduIeit

Kondnkr o6ycrosicn
oTeyTcTBIeM pecypea

6 KouukT 06ycnoBicH
MOSIBNICHIEM HOBOM 3a7auu, GYHKIMH 8
7 Omp 3a1a4 ¥ QyHKIWH,
Onpejenenne noTpedHOro pecypea s KOTOpBIE Oy/TyT HE BBITIOJTHEHB
BBITOJNHE HUSL 33/1a9H, DYHKIMH

10

Hcnons3zoBanue pecypcos CC u3 peepsa
WJTH CTIIAHHPOBAHHOTO JUTS BBITI JPYTHX
3a1a4, GyHKIMi

11

Cunres CC mis obecrieueH s BHIOJTHEHUA 33124
n dysxnnit CC

12

H3meHenne npoduis mwiana

1y = L rpes
Puc. 1. Biaok-cxema TOCJICAOBATCIIbHOCTU IPUMEHECHU S METOJUKHU
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Hauano

BBojt HexoHbIX
JIaHHBIX

TIpuMeneHHe CTpYKTYpHO-
ynximonansHoit Mosen CC,
TPHMCHEHHE METOIa hOpMHpOBAHIS
npoduis CC, MojieitH KoHTposIs
npomecca dyrkHorHpoBanns CC,
METOAKH KOHTPOIIs TIpoliecca
dynkumonnposanns CC

OnpenessioT NPUIHHY HECOOTBETCTBHS
npodueit

— 7
5 “Orcytetaie pecypea
5 craporo npod

Hwmeercs pecype

Hcnonb3oBanue pecypca U3 peepsa
B peseppe peeyp pesep

— 9 8 i

AHaIH3 BO3SMOKHOCTH
. HCTIONB30BAHHE PECYpC
TlosBnenne HOBOII 3aa4u (¢ ) pecypez,

4EHHOTO U BT
— 10 —l—

JIPYTHX 1IOCTIEyIOLINX 3a1a1
OuenuBaiot Bo3MoxkHOCTE CC

BHITONHITS 5a1a4H, GYHKIMH 6e3
cunresa ctpykTypsi CC

— 13

€00X0/MM CHHTES
crpykrypsi CC

12 " Hmeercs pecype

Hcnonb3oBanne pecypca U3 pesepsa
B pesepae pecyp pesep

— 1 AHanM3 BO3MOKHOCTH H
DOPMHPYIOT H 3aIOMHHAIOT LEMOYKH [ ca,
saneiicTaopars oementor CC, peeyp
TpeIHA3HAUEHHOTO JUTS BbITIONTHEHH S
HEOOXOMMBIX JUIst BBITTONHEHUS 3a/a41
JIPYTUX MOCIEIOMuX 3a1a
(pymxuam)
— lé_l— @
Monennpyercst BHINOTHEHHE 3a7a4 K
(pymkum)

I

BriGnpaetcst BapuanT no3Bosisonmit
BEIIONHHTS 3112y ((GyHKIHIO) ¢
MUHHMATBHBIM 38T PaHBae MbIM
pecypcom

— I8

Ocymecrsasierest cunres CC, myrem
peasM3alhM HEMOYKH 3a/1eH CTBOBAHH A
anementon CC U1 BHIMOTHEHHS 32141
((yHximm)

— 19

Peammsyior CC u npouecc ee
bynKimonpoBa A

Puc. 2. biaok-cxema cunre3a CC mus obecrieuenus OY
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B Onoke 5 mpomepsercs HamuuuMe pecypca IS BBITIOJHEHUS
npodms pyaxnuonuposanus CC. Ecim pecypc oTCyTCTBYeT, TO B OJioke 6
IpoBepseTcsl Hanmmuue Tpedyemoro pecypca B pesepBe. Ecim B pesepse
pecypc ecTh, TO OH HCIONB3yeTcsl B OJoKe 7 Ui BBITOJHEHHS HPOQUIISA
¢yakunonnpoBanuss CC. B mpoTHBHOM cirydae HCIIONB3YETCS pecype,
MIpeHa3HAYCHHBIN JUIS BRITOJHEHUS APYTHX 33134 B Ooke 8.

Ecmun pecypc wumeercss sl BBINOJHEHHS TEKYIIEro Npoduiis
¢ynkiuonnpoBanusi CC, a KOH(IMKT OOYCJIOBJIEH IMOSIBJIEHHEM HOBOI
3amauu, QyHKIUHU 070K 9, To orieHuBaeTCs BO3MOKHOCTh CC BBITIOJIHUTH €€
HOBYIO 3aj1a4y, pyHKIU0 6e3 cunresa ctpykrypsl CC 6ok 11.

Ecnu HeoOXomuMoCTH cUHTE3a CTPYKTYpbl HET, TO B Oioke 12
NpoBepsIeTCs HaJIMYMe pecypca B pe3epBe JUlsl BBIIIOJIHEHUS! HOBOH 3aj1a4u,
¢yakunu. Eciam pesepB umeercs, mepexoauM K 010Ky 13 u ucmoibp3yeM ero
IUTA BEITIONIHEHUS HOBOW 3amadd, (YHKIWUU, €CIH OH OTCYTCTBYET, TO
mepexoauM K Ooky 14 — aHammM3upyeTcss BO3MOXKHOCTH HCIIOJIH30BAHUS
pecypca, TpeAHA3HAYEHHOTO [UIS BBIOTHEHUS APYTHX MOCICIYFOIINX
3a1a4, QYHKIUHA, U IPU HATMIAHA TaKOW BO3MOKHOCTH OH HCIIOJIB3YETCS.

Ecmu mpucyrerByetr HeoOxoaumocTh cuHTe3a CC, TO mepexomsT K
omoky 15, rme GopMuUPYIOT ¥ 3allOMHHAIOT BapHAHTHI  (I[CTIOYKH)
ucnonb3oBaHus sneMeHToB CC, /1Tsl BBIOJIHEHHS HOBOM 3a/1auil, GYHKIHH.

B Onoke 16 moxaenupyeTcss BBITIOJHEHHE IIETIOYKONW JJIEMEHTOB
HOBO# 3a1a4u, PYHKIIUH.

B 6mnoke 17 BeIOMpaeTcs BapuaHT 3ajeiicTBoBaHUs 3MeMeHTOB CC,
MTO3BOJISAIOIINH BBITOTHUTE 33729y, QYHKIIHMIO ¢ MUHUMAJIbHBIMH 3aTpaTaMu
pecypcoB.

B Omoke 18 ocymecrBusercs cunre3 CC myTreM peanu3anuu
LIEMOYeK 3aJCHCTBOBAHUS €€ JJIEMEHTOB JUIs BBIIIOJIHEHHS HOBOM 3aj1aud,
¢ynkun. [locne momydeHUst HEOOXOAMMBIX JAHHBIX HX 3allOMHHAIOT U
peanuzyrot ¢pyHkiuonupoBanue CC (61ok 19).

2. Onpenejienue MHTeHCUBHOCTU cuHTe3a CC U ee 3JIeMeHTOB B
YCJI0BHUSIX MOSIBJIeHUS] KOHIUKTOB B Hell. OTpeiesieHne HHTEHCUBHOCTH
cuate3a CC B pa3pabOTaHHOW METOJMKE BBITIOJHEHO C TIOMOIIBIO
MaTeMaTHYeCKOM MOJENH, ONHMCHIBAIOUICH Iporece (GyHKIMOHUPOBAHUS
CC, xoTopplii MOXET OBITh TpeAcTaBiieH B Buue Tpada coctosHuit CC
(pucyHok 3).

IMon wmnTeHCHBHOCTHIO cuHTe3a CC INOHMMAaETCs XapaKTEPUCTHKA
repexo/ia CUCTEMBI U3 TEeKyLIEero (PyHKIMOHAJIBHO YCTOHYUBOTO COCTOSHUS
B Jpyroe ()yHKIMOHAJIbHO YCTOHYMBOE COCTOSIHHE, KOTOPOE MO3BOJISIET
obecrieunTh peasiu3anuio nenesoro npenHasnaueHus CC.
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&N
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S

}\145 )\'31 }\'1 3
A3

Y

g
A

S3 )

A34
Puc. 3. I'pad cocrosumii CC

Ha pucynke 3, pebpa rpada NoKa3pIBalOT HEPEXOAbl M3 OJHOU
BEPLIMHBI B JPYI'YIO, KOTOpBIE B rpade 0TOOpakaroT COCTOSHHMS Ipolecca
(YHKIIMOHUPOBAHUS CUCTEMBI.

[pemmaraercs paccmorpers maTh coctosiHMt CC (S)-S5), onmcanne
KOTOpPBIX TpeAcTaBicHBl B Tabmmie . PaccMoTpeHHOE MHOXECTBO
COCTOSIHUH TIpEeNICTaBNsieT co0OW ToNHyo Trpymmy coOwstuil. Kaxmoe
COCTOSIHHE XapaKTepu3yeTcs ycroBusMH ¢yHKunoHupoBanust CC B moboit
MOMEHT BpeMeHHu. lIporecc mepexoia M3 OMHOTO COCTOSHHS B JPYyroe
00yCIIOBIICH OCOOCHHOCTSIMU M XapaKTepOM paccMaTpHBacMOTo Ipolecca
¢yukuonnposanus CC.

Tabauua 1. Juckpernsie coctosinus rpada cocrosiuit CC

Ne [Iponeccel, XxapakTepusyromme Bxopgamuii | Ucxopsmuii
CocTtosiHe
/1 cocrosiamst CC MTOTOK MTOTOK
TpeOoBanus, mpenwsiBisieMble  k  CC
BBIIOJIHSFOTCS B Tporiecce ee
(DYHKUMOHHUPOBAHWS, obecreunBaroTes
1 Sh 3a/aHHble TpeboBaHms o Y. Mopmupyercsi| A3, Asi M3

npoduins ¢pyHkimonnposanus CC 1 mpopuiib
nporecca  ¢yHkimonuposanmst  CC B
niporiecce koHTpos (hyHKuuoHupoanus CC.
IIpekparenue YCTOHYMBOIO
¢ynxmonuposanus CC

Berssnenne CHCTEMOH KOHTPOJISL
3 S3 KOH(JMKTa, OOYCJIOBJICHHOTO  OTJIUYHEM M3 A31,M32,A34
npoduiert

dopMUpOBaHHE  BAPHAHTOB  YCTPAHCHUS
KOH(IIKTa (topmupoBanue HOBOT'O
4 Sy npoduIis TJ1aHa), MOJCIHPOBAHUE IpoLiecca A3a Aas
¢dynxiponupoBanusi CC B COOTBETCTBUH C
HOBBIM BapHaHTOM MPOQuJIs IUIaHa

Cuare3 CC B COOTBEICTBHM C HOBBIM
5 Ss npoduIIeM [UIaHa U OTyYCHHBIMH JaHHBIMHI s As1
MOJICJIMPOBAHUS

)\432
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[Ipomecc GopmupoBanust rpada, MpeACTaBICHHOTO Ha PUCYHKE 3,
MOKa3aH Ha pucyHKe 4. Ero MOXHO ommcars ¢ IOMOIIBIO IBYX COCTOSTHHUN
(pucyHoK 4(a)), KOTOpbIE TTOKA3hIBAIOT, YTO CHCTeMa OO0 (YHKIIMOHAIHHO
yCTOWYMBA, T.€. BBIIOJHSIOTCS 3aJaHHBIC IOKa3aTenn (yHKIHOHAIBHOU
ycroitunBocti (cocTostHUE 1), WM yYCTOMYMBOCTH (PYHKIIMOHHUPOBAHUS
CHCTEMBI CBSI3M CHIDKCHAa [0 HENONMCTUMOTO YpPOBHS (COCTOSIHHE 2),
T.€. IPOUCXOJUT OTKJIOHEHHE XapaKTepU3YIOIUX €€ IoKa3zaTeledl Huxe
obmacTi JONMYCTMMBIX 3HadeHuil. Hapymenune (GyHKIIMOHMpOBaHUS
CHUCTEMbI O00YCJIOBJIICHO BO3ACHCTBHEM pasianyHbiX J|D He3aBUCHUMO OT UX
npupoJbl. Pe3ynbTaroM Takoro BO3JEHCTBHSI SIBISIETCS OTCYTCTBUE Y
CUCTEMbl BO3MOXKHOCTH BBINOJHUTh HEOOXOAMMBIN IepeueHb 3agad u
¢ynkuuii  (cocrostuue  3)  (pucyHok  4(0)), 4YTrOo XapakTepusyercs
KOH()JIMKTOM HEBO3MOKHOCTH BBIITOJHEHHS MPOQIIT (HyHKIHOHUPOBAHUS
CC. Ipum wHapymennn ¢yakuuonupoBanuss CC  (BO3HHKHOBCHUHU
KoH(IKTa) HeoOxoamMo obecneunth nepexoq CC u3 cocrosHus 2 B 1.
B manHOM cnywyae mpemnaraeTcs pacCMOTpPETh [Ba JIOIIOJHHUTEIBHBIX
cocTosiHHS:  ()OPMHMPOBAHME  BAPMAHTOB  YCTPaHEHHs  KOH(]IMKTa
(popmmpoBanme HOBOTO npouILst IUTaHA), MOJICITHPOBaHUE
¢yukipronupoBanusi CC B COOTBETCTBUM C HOBBIM IpOoQHeM IUIaHa
(cocrostame 4) u npeobpazoanus CC B COOTBETCTBUHM C HUM — COCTOSIHUE
cunte3a CC (coctosinue S5) (pucyHok 4(B)).

S > S, S ] S3 » S
a) 0)
Asi
Ss S
}\'45 )\'31 )\'13
A3
AYRR S5 )
A4

B)

Puc. 4. Jloruka noctpoeHus rpada, MpeaCcTaBICHHOTO Ha PUCYHKE 3
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KoppekTHOCTD M afeKBaTHOCTh MPEICTABICHHONH MOJENN OCHOBAaHA
Ha €€ COOTBEeTCTBHHM OOMMM 3aKOHOMEPHOCTSIM ()YHKIIMOHHPOBAHUS
CHCTEM.

Ornenka 3¢ ¢dexruBHOcTH pyHKIHOHUpOoBaHNsI CC ¢ BO3MOKHOCTBIO
cuHaTe3a ee A obecmeuenmss DY  cBg3aHa ¢ HEOOXOIMMOCTHIO
MOJICIMPOBAaHUS B pPEXHME pEATBHOTO BpeMEHH. OTO 00yCIOBIMBAET
Lesecooopa3HoCTh UCIIOJIb30BaHMs MaTEeMaTHIECKOTO ammapara
MapKOBCKUX CITy4alHBIX IPOILIECCOB, HEOOXOAMMOE YCIOBHE KOTOPOTO —
MOTOKU COOBITUH SIBJIAIOTCS MPOCTEHIIMMH, T. €. 00JafaloT CBOMCTBaMHU
CTallMOHAPHOCTH, OPAUHAPHOCTH U HE UMEIOT mociueneicTeuit [34].

Bo3nukHoBEHNE KOHq)JII/IKTOB n nepexona U3 OJAHOT0 COCTOSHUSA B
Jpyroe  SBISeTCS  CIy4alHBIM  IIPOLIECCOM,  MO3TOMY  Mpoliecc
¢yakunornpoBanus CC, omnuceiBaeMBIii rpadoM, NpEeACTaBICHHBIM Ha
pUCYHKE 3, MOXKHO NPEJCTaBUTh, Kak MapKOBCKUN Clay4dallHBIA IpOLECC C
JUCKPETHBIMU COCTOSIHUSIMU M HENIPEPBIBHBIM BpemeHeM [34, 35].

[Ipomecc mepexoma W3 OTHOTO COCTOSHHUS CHCTEMBI B IpYyroe
MIPOUCXOTUT TOJ NCHCTBHEM IIOTOKOB COOBITHH, KOTOPHIC OIHCBHIBAIOTCS
WUHTEHCUBHOCTAMH A;. Jlnsa omucanus npouecca (ynkunonuposanus CC
pPaccMOTPUM CIIEAYIOUIUI TIEpeYEeHb TIOTOKOB COOBITHIA:

A3 —IOTOK  3asBOK BO3JCHCTBUS Ha CC Ppa3IuYHbIX
JeCTa0MIU3UpPYIOIUX  (AKTOPOB — HHTEHCHBHOCTh  BO3HUKHOBCHHS
koH(pmkTOB B CC;

A3y — IOTOK 3asBOK NPU HEBO3MOXXHOCTU BBINIOJHCHHUS (DYHKIMA H
3a1a4 — epexoj B Hepabodee COCTOSHHE;

A3; —TIOTOK 3asBOK TIOCTIE BO3JCHCTBHS JIeCTAOMIIM3HPYIOIINX
¢akTopoB Ha Tmepexod B (YHKIHOHAIHHO YCTOHYHMBOE COCTOSIHHE
(BozmeiictBue Ha CC JI® He mpuBeNo K HapyIIEHHIO €€ yCTOWIHBOTO
(YHKIMOHUPOBAHUSA);

A4 — TIOTOK 3agBOK Ha (OPMHpPOBAHWE BO3MOXHBIX BapHAHTOB
ycTpaHeHUs KOHGUIMKTa ¥ HOBOro mnpoduis ¢ynkuuonuposanus CC,
MOJICIIUPOBAHIE BO3MOXKHBIX BAPUAHTOB YCTPAHCHHS KOH(MIMKTa U HOBOTO
npodus;

A4s —IOTOK 3assBOK Ha cuHTe3 CC B COOTBETCTBHHM C OJHUM U3
BapHaHTOB yCTpaHEHUs! KOH(IIUKTA u HOBBIM npoguieM
¢ynkuonnposanus CC (npodunem ruana);

As; — oTOK 3asBOK Ha rnepexoa CC B (QyHKIIMOHAIBLHO YCTOWYHBOE
COCTOSIHUE.

Vcnonp30BaHue TPENIOKEHHOW MOJENH CHOCOOCTBYET TOHCKY
HEOOXOMWMBIX  3HAYeHWH  HWHTEHCHBHOCTeW  cumHTesa CC, mpu
BO3HMKHOBEHUH KOH(IMKTOB B HEW, 00YyCIOBIEHHBIX Bo3neicTBuem J|D,
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YTO TIO3BOJIUT OOECIICYHUTH MJOCTIKCHHE CHCTEMOH CBOETrO IIeJIEBOTO
MpeIHa3HAYCHHUS.

Jnsg  pasnmuYHBIX CIIGHApHEB COCTOSIHUS CHCTEMBI B YCIIOBHSAX
BozzeiicTeua [I® CC nepexouT U3 TEKYILEro COCTOAHMS S; B COCTOSHHE S;
(TOTOK ~ MHTEHCHBHOCTEH  1;), KOTOpOE MOMKET XapaKTePU30BATHCH
KOH()ITUKTOM.

IIycts mepBonauanpao Monenupyemas CC HaXOMUTCS B COCTOSHHH,
B KOTOpoM oOecrnieunBaercss ce DY B COOTBETCTBUM C 3aJaHHBIMHU
TpeboBanusimu — S). Ilpomecc mnepexoga W3 JAaHHOTO YCTOWYHMBOTO
COCTOSIHHSL B JIpyroeé — HEyCTOWYMBOE, OOYCIIOBJIEH HW3MEHEHHEM
00CTaHOBKH, B KOTOPOUH OHA (PYHKIIHOHUPYET.

B cootserctBum ¢ rpadom coctosamit CC (pUCyHOK 3) mepexo ee B
(YHKIMOHAIBHO YCTOMYMBOE COCTOSHHE MOXKET IPOUCXOTUTH B
CIEIYIOMINX CIyJasiX:

- BozzaeiicTBus [P, HE MpHUBOAANINX K KOH(IUKTY B CHCTEME.
IIpu sTtom onHa mnepexomur B DY cOCTOSIHHE, KOTOPOE OIPEAEISETCS
HaXOXJICHWEM 3HAUCHHH TapaMeTpoB, XapaKTEPU3YIOIINX COCTOSHHE
CUCTEMBI, B Ipeesiax 3aJaHHOW HOPMBI. Takoe COCTOSIHUE MOKHO
paccMmaTpuBaTh, KaK CHUTyallMIO0 ycTpaHeHus BozaeilctBus [P wu
ompeneneHuss Bo3MOKHOCTH obecnieueHuss @Y CC 0e3 HEOOXOIMMOCTH
CUHTe3a cucTeMbl W (OpMHUpOBaHUS HOBOro npoduis IuaHa (3aMeHa
JJIEMEHTa CHCTEMBI, pecypca, B3SATOrO U3 pe3epBa WM pecypca,
CIUIAHMPOBAHHOTO JJIsi Jpyroi 3amauu). I[lepexom B Takoe COCTOSHHE
MIPOUCXOIUT TOJT IEHCTBHEM ITOTOKA 3asBOK A31;

—  OCYIIECTBICHHS CHHTE3a CHCTEMBI B COOTBETCTBHH C
npodpmrem ¢yakunonupoBanumst CC, HEOOXOAMMOTO ISl YCTpaHEHHUS
BO3HUKINETO KOH(IMKTA B CHCTEME, IIOCIE COOTBETCTBYIOIIUX JTAIOB
MozenupoBaHus. [lepexon B Takoe COCTOSIHHE TMPOMCXOTUT TIOA ICHCTBHEM
IIOTOKOB 3a5IBOK A34, A4s, As].

Hapymenue (YHKIMOHUPOBaHUS CC, 00yCIIOBIICHHOE
BO3HMKHOBEHHEM KOH(IMKTa M (WJIM) HE BBHINOJHEHUEM TpeOOBaHU,
MPEIBSBISCMBIX K HEH, BICUCT MEPEX0]] CHCTEMBI U3 COCTOSHUS BBISIBICHUS
KOH(JIMKTa B COCTOSHHE TIOMCKa BApUAHTOB €r0 YCTPAaHCHUSI U
MOJICIUPOBaHUs (hYHKIIMOHUPOBAHUS CUCTEMBI ((HOPMHUpPOBAHHUS HOBOTO
npodmins 1ranHa). Ilepexox B Takoe COCTOSHHE MPOHMCXOMUT IOJ
BO3JIEHCTBUEM ITOTOKA 3aIBOK A43.

Obecriedenue Mporecca yCTOWINBOTO (H)YHKITMOHUPOBAHUS CHCTEMBI
B  mpemernax  TpeOyemMoro  WHTEpBaja  3HA4eHWH  IMapaMeTpoB,
XapaKTepU3yIOIINX BBIIIOJHEHNE TpeOoBaHuil, mnpeabsBiusieMbix k CC,
OCYIIECTBIISIETCS] ITyTeM W3MEHEHHS WHTEHCHBHOCTH ITOTOKOB 3asBOK Ha
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MIEPEX0]] CUCTEMBI M3 COCTOSIHUSI OOHApYKCHNS KOH(DINKTa B COCTOSHHS €€
MOJIEIMPOBAHUS U CHHTE3A.

B mponecce QyHKIIMOHMPOBAHUS CHCTEMbI IMPOUCXOIUT H3MEPEHHE
MapaMeTpoB, XapaKTEPU3YIOUIUX MPOLECCHl, NPOUCXOISNNE B HEH B
COOTBETCTBHH C alTOPUTMOM (PHCYHOK 2). DopMHpyeTcs MHOXECTBO
BapUaHTOB YCTPAaHECHUS KOH(IMKTa, Momenupyercs (pyHKIMOHHPOBaHWE
CUCTEMBI C MCIIOIb30BaHUEM TAaKMX BAPUAHTOB B COCTOSIHUM Sy, ITOCIIE YETO
NPOMCXOUT M3MEpPEHHE 3HAYE€HWH MapaMeTpoB, XapaKTEPH3YIOIIMX
¢ynxunonnpoanre CC u BBIOOp ONTHMAJILHOTO BapuaHTa €€ CHHTE3a.
B cocrostHum S5 ocymiecTBisSieTCS CHHTE3 CHUCTEMBI, B COOTBETCTBHH C
npoduieM ImaHa, YTO IOJ MAEHCTBUEM IIOTOKa 3asiBOK As; MO3BOJISET
NIEPEBOUTH CUCTEMY B (DYHKIIMOHAJILHO YCTOWYHBOE COCTOSIHHUE.

VIHTEHCHBHOCTD M3MEHEHHs MapaMETPOB 3aBHCUT OT AKTUBHOCTHU
BozneicTBus  J|®, MHTEHCUBHOCTM M  KOJMYECTBA BO3HUKAIOLIUX
koHumkToB B CC, a Taxke BozMoxkHOcTe CC mo peanm3anul mpoQIis
IUIaHA.

Jns onmcanms nporecca GpyakuuorupoBanus CC, peacTaBIeHHOTO
rpadoM Ha pucyHKax 3 u 4, HEoOXOAMMO pa3paboTaTh MaTeMaTHIECKYIO
Mozenb ¢pyHkunonuposanus CC.

B paccmarpuBaemom cinyyae CC B 110001 MOMEHT BPEMEHH MOXKET
HAaXOJIUTHCS B OTHOM M3 COCTOSIHUM S|, S5, ..., S5 UM NEPEXOIUTh U3 OJHOTO
cocrosiHus B apyroe. I1ox BeposSTHOCTBIO i-r0 COCTOSIHUS OyJieM IOHMMAaTh
TaKyl0 BEpOSTHOCTb pi(f), s kotopoir CC B MOMEHT BpeMeHH ¢ Oyner
HaxomuThes B S; coctostanu. CormacHo [36] mist paccmarpuBaemoro rpada
COCTaBISIIOTCS ypaBHeHUs1 KonMoroposa — nuHelHbIe 1uddepeHuatbHbe
ypaBaeHust (JIAY) c Hem3BeCTHRIMH (QYHKIHAMU p(£):

dp, (¢
pdlit()z7‘31173(1)+7“51P5(t)—}”13171(t);
dp, (1)
=) 1);
dt 3P3(0)
dp,(t
PO 0= 40+ 0

(2)
M =3y P3 (1) = Ayspy(D);

dt
dps(t
p;t( ) - Ayspa(D) =5 ps(0);
5
> p=1.
i=1
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Br16op HagampHBIX YCIOBHH OMpEAesieTcs MCXOOsS M3 BO3MOXKHBIX
cocrossauit  CC. HavaipHOE  COCTOSHHE  OIKCHIBACTCS  BEKTOPOM
BEpPOSITHOCTEN HAaYaJIbHBIX COCTOSIHUM MapKOBCKO 1eTH:

pz(o) = ((1 'Riapqu)ym() PHapyLurbyHKu 000 ) (3)

3ajaBasi 4MCIICHHBIE 3HAYEHMsT MHTEHCHBHOCTEH A (Tabmuua 1) u
nepexo/isi K HelpepbIBHOMY BpeMeHH ¢ — oo, pemmaercst cuctema JIIY (2) ¢
MIOCTOSTHHBIMU KO3 puIiieHTaMn (0XHOpOAHBIIT MapKoBCKUi Mporiecc).
Jlist mo0oro MOMEHTa BpPEMEHH CyMMa BCEX BEpOSTHOCTEH COCTOSHUMA
CUCTEMBI paBHA €MHUILIE!

5
D> p=1 )
i=1

3Ha4YeHUs] UHTEHCUBHOCTEH 3asBOK ONPEENSIOTCS B COOTBETCTBHUH C
TpeOOBaHMAMH, 33JaHHBIMH CTPATETUSIMH MOJEIHPOBAHMSA, BBIONPAEMBIMH
B 3aBHCUMOCTH OT NCXOJHBIX JaHHBIX.

ITocraHoBKa 3a1a4n HA MO/eJIMPOBaHNe:

TpebyeTcs OICHUTH BEPOSTHOCTH obecmedeHHs (PyHKIMOHAIBHON
ycroitunBoctn mporecca ¢yaknuoHnpoBanuss CC B 3aBHCHMOCTH OT
WHTEHCHBHOCTEH BO3HUKHOBEHUS KOH(DIMKTOB B HEH.

Hcxonusle nanHsle:

—  MHOJXECTBO paccMmarpuBaeMsbIx coctosiHuit CC;

—  ypaBHEHHA Konmoroposa 2), XapaKTepU3yIole
(YHKIIMOHNPOBAHUE PACCMATPUBAEMON CUCTEMBbI;

—  BEKTOp BeposiTHOCTeH HawdanpHBIX cocrosHUit CC  (3),
omHCckIBaeMoi TpadoM (pUCYHOK 3);

—  HOPMHUPOBOYHOE yclioBHeE (4);

—  UHTCHCHBHOCTH  TIOTOKa  COOBITHH,  COOTBETCTBYIOIIHE
cueHapusaM MoaenupoBanus CC.

Pewenust 3agau st cucremsl JIJIY MOXHO pas3nenuth Ha TpU
rpynnsl [36]: TpuOIMKEHHO-aHATMTHYECKHE METOJbI; rpaduiecKue HiH
MAalIMHHO-TpadUueCKie METO/Ibl; YUCICHHBIE METOIbI.

UucieHHBIE METOABl MPEANONaraloT IOJyYeHHE NPUOIMKEHHBIX
3HAYCHUH p; NICKOMBIX peIIeHuil p(f) Ha HEKOTOPOM HHTEpBale ! € [ft(].
[TpumeHeHne K IOJTYYEHHOW 4YMCIIOBOHW TabiiMie 3Ha4YeHWil p; crmocoda
anMnpoKCUMaliy, HaNpuUMep, CIUIAHH-WHTEPIOSIINY, MO3BOJISIET HMETh
npuOIMKEeHHOe pelieHne p(f) Ha 3aJaHHOM HMHTEpBaje BPEMEHH, YTO II0
CPaBHEHUIO C JPYrMMH METOJaMH DELICHHs, II03BOJSIET pelarh
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MOCTABJICHHYIO HNPUKJIAAHYIO 3agaqy u OLICHUBATh ee
BO3MOXHOCTH [35, 37].

Henocratkn wmertomoB Dinepa M APYTMX UYHCIEHHBIX METOJOB
pemeHust Ooyiee  BBICOKMX TOpsakoB [36,38], 3aximrouaronviecs B
HEOOXOJUMOCTH BBIYMCICHHMS HAa Ka)XKIOM IMare 4YacTHBIX HPOM3BOIHBIX
¢yukm S (4, p), 9TO TPUBOAUT K OOJBIION BBHIYUCIUTEIBHOU CIOKHOCTH,
NpeIonpe eI BBIOOp B KauecTBe perreHus cucteMsl JI/IY knaccuueckoro
Merona — Merona Pynre-Kyrra yerBeproro mopsiika ¢ (pUKCHpOBaHHBIM
[IaroM HMHTCTPUPOBaHuUs, umewmero Bua (5), rme h — npupamieHue,
COOTBETCTBYIOIEE IIaroBOM IMompaBke Oinepa, Ap;— cpeJHEB3BEIICHHAs
BeNMuMHA TOHPaBoK 'y hinhy’iuhy’; xaxmoro srama mHTErpupoBaHms
(c BecoBeiMu k03 durrienTamu 1/6, 2/6, 2/6, 1/6 COOTBETCTBEHHO), TO €CTh
pe3ynbTaT YCPEOHEHUS C YKa3aHHBIMH KO3((HIMEHTaMH YeThIPEX3TallHbIX
ronpaBok [37].

[epBEIif 3Tarm COOTBETCTBYET NMPUMEHEHHIO SIBHOTO METOAa Jinepa,
BTOPOM M TPETUH — yTOUHEHHBIX METOIOB Diffiepa, a YeTBEPThI — HESIBHOTO
MeToza. ['eomeTprdeckoe TOIKOBaHIE METOAa U3BecTHO [37]:

m =S, p,);

ny = S(t;+h/2, p; + ] - h/2);
7 = St + /2, p, + 1y h/2);
My =S(t +h, p; +15 - h);

Ap; = (7] + 215 + 215 +17) h/6;
Divi = Di +Ap;.

(6))

Hcnone3oBanne metoma Pynre-Kyrra o0ycioBieHO Tem, 4TO s
pemenus (2) MpUMEHEHWE METOAO0B Diiiepa W MCKIIIOUEHUS HE TO3BOJISET
peLINTh JaHHOE ypaBHEHHE M3-32 HEOOXOIAMMOCTH PEIUCHUS YpaBHEHHUS,
CBSI3BIBAIOIIETO (DYHKIMH p;(f) BMECTE.

[TpuBoaum cucteMy (2) K BEKTOPHOMY IIPECTaBIECHHIO — cTonoen D,
rJie KaXIbld DJIEMEHT COOTBETCTBYET IIPAaBOH YacTH OIPEJEIICHHOTO
i depeHransHOro ypaBHEHUS B CHCTEME!

23103 () + A5y ps (1) — A3 1 (8);
23203 (0);
D(t, p) =| 3P (1) = U3y + 235 + A34) P3(2); (6)
Aaa D1 () = 245 P4 (0);
Z45P4 () — 451 5 ().
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Wcnonb3ys m3BecTHbIl [37, 38] mopsgok pemenus cuctembl JIJIY
meronoM Pynre-Kyrra, yuuThIBass BEKTOp BEPOSTHOCTEH HayajlbHBIX
coctostHuii  p;(0), WHTEpPBaJ WHTETPUPOBAHUS [fy; #;] W YHCIO OTaIoOB
WHTETPUPOBAHUS 7, MPOW3BOJUTCA pacyeT [UId 3aJaHHBIX 3HAYCHUN
UHTEHCUBHOCTEN coObITHH A; = const (MapkoBCKMIl 0JHOPOIHBII Mpouecc)
(Tabmuma 2). DTO TO3BOJHT IONYYUTh NPUOMIDKEHHBIE 3HAYCHUSA p;
HCKOMBIX pelieHuH p(f) Ha HEKOTOPOM MHTEpBaJie ¢ € [fo; ;] (Tabnmma 3).

Tabnuua 2. Ctparerinu MoieaupoBaHus nporecca Gynkuponnposanus CC

3HaueHNUs] HHTEHCUBHOCTEH ITIOTOKOB COOBITHI ISt
MHTEeHCHBHOCTH ITOTOKA 2 cTpaTeruu
COOBITHI

Cl|C2|C3|C4|C5|C6|CT7|C8|CY|Cl0|C11

HHTEHCHBHOCTh
Bo3zeiicteus Ha CC 1D,
XapaKTepU3yIoIast AMz| 1 | 10| 10|50 |50 |50 |100{100{100|100|100
BO3HHKHOBEHUE B HEil
KOH(JIMKTA

HWHTEHCHBHOCTb Mepexo/ia
B COCTOSIHHE
IUIAHAPOBAHUS CUHTE3a U | Az | O 0 5 0 [10]|10(| O 0|10 20| 30
MOJICTIMPOBAHHUS
ycTpaHeHHUs] KOH(IINKTa

HMHTEHCHBHOCTb Mepexo/ia
B COCTOSIHME CHUHTE3a Ms| O] O] 5|10([10{10] 0] 0 |10]|20]30
CHCTEMBI

HWHTCHCHUBHOCTH II€pexoaa

B pabouee coctosrue |, | o\ o | s | o 10|10 0| 0 |10]20]30
nocie cuaresa CC uium ee

DJICMCHTA

UHTEHCHUBHOCTb,
XapakTepu3yromas
nepexoq CC B ®Y
COCTOSIHHE, B KOTOPOM M| 1 919 4545140199 [90|90 (90|90
OTCYTCTBYET
HEOOXOAMMOCTh CHHTE3a

CcC

HWHTEHCUBHOCTB Nepexo/a
B (D)YHKIIMOHAJIEHO
HEYCTOITYMBOE COCTOSIHUE, | Az, | O | 1 1| 5|5 (10/1]10f{10]|10] 10
Korzia KOH(QIUKT
YCTPAHUTh HE MOJIy4aeTcst
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Jlnst monmydeHuss TPUOMMKEHHBIX pelneHuid p(f) Ha 3agaHHOM
WHTEpBaJIE BPEMEHH HCIOJb3yeM CIUIAHH-MHTEPIIOJHIIUIO K ITOJIy4YeHHON
YUCIIOBOM Ta0JIMIle 3HAUCHUH p);.

Hnsa ouenkn DY mporecca ¢ynkunonupoBanuss CC B moboit
MOMEHT BpeMeHH (II1are MoJIeIbHOTO BPEMEHH) MIPH PAa3JIMIHBIX CTPATETHSX,
XapaKTepU3yIOIINX BO3HUKHOBEHHE KOH(MJIMKTOB B cucTeMe (Tabmwmia 2),
MpeJUIaraeTcsl HMCIOJNb30BaTh METOJl, KOTOPBIA TO3BOJIACT MOJYYHTh
BEPOSATHOCTHO-BPEMCHHBIC XapaKTCPUCTHKH, ONHChIBaromue coctosuaus CC
B yCIOBUAX Bo3zeicTBUs IO 1 BO3HUKHOBEHHS KOH(JIUKTOB B HEH.

Tab6auua 3. IIpubnrmkeHHbie peuienus p,(f)

Sramst Touka uHTEpBaa p()
WHTETPUPOBaHHUs, [,
WHTCTPHPOBAHHA, 1 #] pi@) | paAt) | p3@) | pa®) | ps(D)
1 f pito) | pato) | ps(to) |palto)| ps(to)
n t pit) | paAt) | p3(t) |pa(t)| pstr)

Ha ocnoBe hopmanpHOTO OomucaHus mporecca (GpyHKIIMOHUPOBAHUS
CC nmomydaeM BepoOSTHOCTh HapymeHus (QynknuonupoBanns CC
PHapymd)yHKH :p2(t)'

Tpebyercst OlleHUTh (PYHKIIMOHATIBHYIO YCTOWYHUBOCTh MPEIaracMoi
MOJICITH, OMUCKIBatolIel mporece GyukiponupoBanus CC st pa3iyHBIX
ClcHapueB (MCXOJHBIX JIAHHBIX). 3alaJuM TpaHWYHbIC 3HAYCHHUS B
Pa3UYHBIX CTPATETUSIX (PYHKIIMOHUPOBAHUS B3aUMO/ICHCTBYOIINX CTOPOH.

s nmpumepa paccMoTpuM ctpateruto C2 ¥ MCXOIHBIC TaHHBIC JUTS
Hee. OmpenenseM WHTEpBAI HHTETpHpoBaHus ¢ty = 0, #; = | 1 4HCII0 3TanoB
nnterpupoBanus n = 1000. BeiOop wHTEpBama W ITamoB OMpPenesIeTCS
TOYHOCTBIO W OBICTPOJCHCTBHEM NPOBOIMMOIO HCCIECIOBAHMSA, a TaKXKe
MTOTPEOHOCTAMU HcciiefoBarelis. Jlagee B cooTBeTCTBHU cO cTpaterueii C2
OCYIIECTBIISIETCSI BEKTOPHOE IIPEJCTABICHUE BBIpAXCHUS (2), TAC KaKIBIH
JJIEMEHT COOTBETCTBYET IpaBoi yacTh AudQepeHnnansHOTO YpaBHEHUS B
CHUCTEME C 33JJaHHBIMH WHTCHCUBHOCTSIMH:

9p;() +0ps(2) —10p,(9);
1p;(1);
D(1,p) = 10p;(1) - (9+1+0) p5(1); @)
0p; () = 0p, (0);
0p4(t) = 0ps(0).
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IIpousBoaum pacuer o METOY Pynre-Kyrra co
CpeaHEB3BEUICHHOM BEJIMYMHOUN MOTPaBOK Kax0ro JTamna
HHTETpUpOBaHUA (5) ¥ TOdy4aeM TpHOIKEHHbIE 3HAYCHUS p; Ha
HHTEpBae ¢ GUKCHPOBAHHBIM IIArOM HHTErprpoBaHms 10 ° (Tabuuua 4).

Tabmmma 4. [IpubmarkeHHsle 3HaUeHNUH p(f) pas crpaterun C2

Oranbl Touxa uHTEpBaIa ()
MHTCTPUPOBAHH| MHTECTPUPOBAHMS,

s, n [to, 1] J210)] paA?) p3(0) pa(t) | ps(1)
1 0,001 0.99 [4.967-10°]9.901-10°| 0 0
2 0,002 0.98 [1.974-10°| 0.02 0 0
3 0,003 0.971 | 4.411-10°| 0.029 0 0

999 0,999 0.299 | 0.385 0.316 0 0

1000 1,000 0.299 | 0.385 0.315 0 0

[Tpumenss K MOTyYeHHOH YHCIOBOI Tabiuie 3HaUeHUH p; crmocod
annpokcuManuy  (CIUIafH-MHTEPHONALNIO), TOIydaeM IpUOIKEHHOE
pemenue p(f) Ha 3aJaHHOM WHTepBajie BpeMeHH. [ paduku 3aBUCHMMOCTEH
BEPOATHOCTEH cocTosHui mporecca Gpynknuonuposanus CC p,(¢), p(9), ...,
ps(f) 1 3HAYCHUH UWHTEHCUBHOCTCH COOBITHH, COOTBETCTBYIOLIHE
crpareruu C2 (Tabyuna 2), npeacTaBiIeHbl HA PUCYHKE 5.

XapakxTep BBISBICHHBIX 3aBUCHUMOCTEH (PHCYHOK 5) TOBOPUT O TOM,
9YTO CHCTEMa eIle He JOCTHIJIA CTAI[iOHAPHOTO COCTOSHHA. [lpum 3TOM
HU3Kas MHTEHCUBHOCTH Bo3/eHCcTBHA [|® 1 BOSHUKHOBEHHS KOH(IUKTOB B
CC mo3BomseT eif 0CTaBaThCS B PYHKIIMOHAIBHO YCTOMIHUBOM COCTOSTHUM.

Ha ocHOBaHMHM MpeNCTaBICHHOTO BEHIIIE TIpUMepa, Ui BCeX
OCTaJBHBIX CTpaTeruit (hYHKIMOHUPOBAHUS CC (Tabmuma 2),
PACCUUTHIBAIOTCA BEPOSITHOCTHBIE M BpPEMCHHBIC XapaKTEPUCTUKU IS
COOTBETCTBYIOIUX HHTEHCUBHOCTEH.

[Momyyaem mpuONKCHHBIC 3HAYCHUS p; HA WHTEpBANE ¢ € [f); 4] ¢
(DUKCHPOBAHHBIM  IIATOM  MHTerpupoBaHMs  10° s 3HAueHHil
WHTEHCHBHOCTEH ITOTOKOB COOBITHI, coOTBeTCTBYrommxX crparerusimM Cl,
C3 - Cl11 (yBenuueHue WHTEHCUBHOCTU BozfeicTBus D u mnosBieHus
koH(pHkTOB B CC (Tabyuua 2), crutaiflH-MHTepHONISLUS 3HAaYeHNI KOTOPBIX
NpEe/CTaBlIeHa Ha rpaduKax 3aBUCHMOCTEH BEPOSITHOCTEH COCTOSIHUI OT
BpeMeHH (pHCyHKH 6 — 15).
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P P
1 1

09 0.9
08 T\ 08
074!

\ :
0.6 0.6 e
05 s 0.5

20 40 60 80 100 f ¢ 20 40 60 80 100 % ©
Puc. 5. Pacuer BeposiTHOCTEH
HaXO0XJEHHS CHUCTEMBI B MOJEIUPYEMBIX
COCTOSIHHSAX B COOTBETCTBHU CO

ctparerueit C2

Puc. 6. Pacuer BeposiTHOCTEH
HAXOXKJICHHS CUCTEMbI B MOZICIIMPYEMBIX
COCTOSIHUSIX B COOTBETCTBUH CO
crparerueit C1

XapakTep BBISIBICHHBIX 3aBHCUMOCTEH (PUCYHKH 6, 7) TOBOPHUT O
TOM, 4YTO CHCTEMa, aHaJIOrM4HO creHapuro C2, eme He JOCTHIIA
CTaLMOHAPHOT'O COCTOSIHMS. [IpH TOM HU3Kasi HHTEHCHUBHOCTh BO3JIEHCTBUS
J® wu Bo3HmkHOBeHHs KOHQIMKTOB B CC I03BOJIIET CHCTEME CBS3H
ocTaBaThCsi B (DYHKIMOHAIBHO YCTOHYMBOM COCTOSHMM. PaccMmoTpum
MOBEICHUE CUCTEMBl NPH YBEIWYEHHMH WHTEHCHBHOCTH Ha Iepexol] B
MozenupoBanue u cuntes CC.

7
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100 fe:C 40

m
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Puc. 7. Pacder BeposiTHOCTEH

HaXOXJICHUS CHCTEMBI B MOZICITPYEMBIX

COCTOSIHUSIX B COOTBETCTBUH CO
ctparerueii C3

Puc. 8. Pacuer BeposiTHOCTEH
HaXOXJICHUSI CHCTEMBI B
MOJIETIMPYEMBIX COCTOSIHUSX B
COOTBETCTBUH cO cTparerueii C4

XapakxTep BBISBICHHBIX 3aBUCHUMOCTEH (PHCYHOK 8) TOBOPUT O TOM,
yTo cuctema, aHamornyHo cueHapusim Cl, C2, C3 eme He apocTuria
CTaI[MOHAPHOTO COCTOSIHUSL. Bpemst  HapymieHus YCTOWYUBOTO
(YHKIHMOHHMPOBAHUA CUCTEMBI CBS3H C BEPOSATHOCTBIO Piapymgymar = 0,7
cocraBiseT 480 exn. MosensHOTO BpeMeHH. Jlajee paCCMOTPUM yBETHUCHHE
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WHTCHCUBHOCTEH CHHTE3a CHCTEMBI MpPH COXPAaHCHWHM HMHTEHCHBHOCTEH
nepexoaa B Hepabodee cocTosHue. BuaHo (pucyHOK 9), 4TO ¢ yBeTHIeHIEM
WHTCHCUBHOCTEH  HAa  CHHTE3  CHUCTEMBl  BpeMsl  yCTOWYMBOTO
¢yuxunonuposanus CC ¢ BEPOATHOCTBIO Pipymdyma; = 0,7 yBEIHUUBAETCA
n cocraBiusger 985 en. MomenpbHOrO BpeMEHHW. PaccMoTpuMm  ciydait
YBEIMYECHNSI WHTEHCHBHOCTH Tepexona B (PyHKIIMOHAIBHO HEYCTOMYMBOE
coctositnue. C  yBeJIMYEHHMEM WHTEHCHUBHOCTEH O0TKa30B (pucyHoK 10),
00yCIIOBICHHBIX KOH(IUKTaMU U BO3neiicTBusMu D Bpems: HapylieHUs
ycroitunBoro ¢yHkuuonuposanuss CC ¢ BepOSATHOCTBIO Piapympyma = 0,7
YMEHBILAETCS U cOCTaBisIeT 458 e1. MOIETILHOIO BPEMEHH.
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Ps
20 40 60 80 100 ‘¢ ’ 20 40 60 80 100 ¢
Puc. 9. Pacuer BeposiTHOCTEH Puc. 10. Pacuer BeposTHOCTEH
HaXO0XKJEHHS CUCTEMBI B MOJEIHPYEMBIX HaXO0XJIEHHUsI CHCTEMBI B
COCTOSIHHSAX B COOTBETCTBHU CO MOJIETUPYEMBIX COCTOSHUAX B
crparerueit C5 COOTBETCTBUU cO cTparerueit Co

IIpn yBenuueHHH MHTEHCUBHOCTM BO3AeWcTBHA Ha cucremy 1P u
BO3HUKHOBEHUS OOJIBIIIETO KOJUYECTBA KOH(PIMKTOB 0€3 CHHTE3a CHCTEMBI
MOJIyYCHBI 3aBUCUMOCTH, XapaKTep KOTOPBIX (PUCYHOK 11) TOBOPUT O TOM,
YTO cuctema, aHajoruyHo cueHapusmMm Cl u C2, eme He IOCTHUIIA
CTaIMOHAPHOT0 cOCTOSIHUS. [Ipu 3TOM Ha BCEM BpEMEHU MOJEIUPOBAHHS
cucteMa SIBIsIeTCs (PYHKIIMOHAIBHO YCTOWYHBOM.

VYBennueHne WHTEHCUBHOCTM BO3JEHCTBHS Ha cucremy [P
MIPUBOAUT K BOZHUKHOBEHHUIO OOJBIIErO KOJMYECTBA KOH(IUKTOB, a TAKXKE
YBEIMYCHUIO WHTCHCHUBHOCTEH Tepexoma B Hepabodee COCTOSHHE
(pucyHok 12). XapakTep IONXyYeHHBIX 3aBUCHMOCTEH IIOKa3bIBaeT, UTO
cucTeMa HE JOCTUIVIa CTalMOHapHOro cocrosiHus. Ilpu s3TOM C
YBEIMYCHHEM MHTEHCHBHOCTEH OTKa30B, 00YCIIOBICHHBIX KOH(DIUKTAMH H
BozzaericTBusMu D, BpeMsi HapyIIeHUS YCTOHYHNBOTO (DYHKIIMOHHPOBAHUS
CC c BeposaTHOCTBIO Pyypympymar = 0,7 cocrabnser 240 ex. MOAEIbHOro
BpEMEHHU.
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Puc. 11. Pacyer BeposTHOCTEH Puc. 12. Pacuer BeposTHOCTEH
HAXOXKJCHUS CUCTEMBI B MOJICIIUPYEMBIX HaXOXKJCHUS CUCTEMBI B
COCTOSIHUSX B COOTBETCTBHU CO MOJIETUPYEMBIX COCTOSHHAX B
ctparerueit C7 COOTBETCTBUH cO cTparerueii C8

PaCCMOTpI/IM MNOBCJACHUC CUCTEMBI IIpU HaﬂLHeﬁmeM YBEJIUYCHUU
HMHTCHCUBHOCTHU IMEPEXOoJia B COCTOAHUA MOACIHNPOBAHUSA U CHUHTE3a CCc
MoCJIeAyonuM nnepexoaoM B (IJYHKIII/IOHEU'ILHO yCTOﬁ‘IHBOG COCTOSHHC.

20 40 60 100 ‘¢
80 20 40 60 80 100 ¢

Puc. 13. Pacuer BeposTHOCTEH Puc. 14. Pacuer BeposTHOCTEH
HaXOXJICHUS CHCTEMBI B HaXOX/ICHUSI CHCTEMBI B
MOJIETUPYEMBIX COCTOSTHUAX B MOJIETUIPYEMBIX COCTOSHHAX B
COOTBETCTBUU coO cTparerueit C9 cooTBeTcTBUH co cTparerueii C10

[Ipu yBenuueHUM WHTEHCUBHOCTU BO3JAeWCTBUA Ha cuctemy D u,
BCJICJICTBHE STOr0, BOHUKHOBEHHH OOJBIIEr0 KOJMYECTBA KOH(IUKTOB, a
TAaKXKE  yBEIMYCHUM  WHTCHCUBHOCTEH  mepexoja B COCTOSHHSA
MonenupoBanus u cuHTe3a CC MOIyYeHBI 3aBHCHUMOCTH, XapaKTep KOTOPBIX
(pucyHok 13) moka3sIBaeT, 9YTO C yBEIMUCHHEM MHTEHCHBHOCTEH Iepexosa
B COCTOSHHE CHHTE3a W BO3BpamICHHS B (DYHKIIMOHAIBFHO YCTOWMYMBOE
cocrostane CC BpeMst HapyHmIeHHS €€ yCTOWYMBOTO (DYHKITMOHMPOBAHUS C
BEPOATHOCTBIO Piapymiyma; = 0,7 cOCTaBisieT 492 €. MOJENBHOTO BPEMEHH,
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9TO TOBOPUT 00 d¢deKkTuBHOH padoTe CHUCTEMBl KOHTPOJIS |
BOCCTaHOBJICHHSI Pa0OTOCIIOCOOHOCTH CHCTEMEI U €€ SIIEMEHTOB.

IIpn yBenmuueHMM WHTEHCHBHOCTH IIEpexoja B  COCTOSIHHUSA
MoenupoBaHus u cuHTe3a CC MOTydeHbI 3aBUCHMOCTH, XapaKTep KOTOPBIX
(pucyHok 14) TOBOPHUT O TOM, YTO C YyBEITWYEHHEM HHTCHCHBHOCTEH
mepexoja B COCTOSHHME CHHTE3a M BO3BpAallCHUSI B (PYHKIHOHAIBHO
ycroiunBoct  coctostnne CC  BpeMsi  HapylleHHs  yCTOHYMBOTO
¢dynkinonupoBanus CC ¢ BepOATHOCTBIO  Prypymgyma = 0,7 COCTaBIAET
509 en. MOJENBHOTO BpPEMEHM, YTO TOBOPUT 00 3(dexTuBHOI pabote
CHCTEMbI KOHTPOJISI M BOCCTAHOBJICHHSI paO0TOCIIOCOOHOCTH CHCTEMBI U €€
9JIEMEHTOB.

Takum oOpa3zoM, panbHelllee yBEJIWYEHHE WHTEHCHBHOCTEH
MTOTOKOB cOoOBITHIT Ha MozaenupoBanre M cuHTe3 CC mpH COXPaHAIOUTIXCS
WHTCHCHUBHOCTSIX TIOTOKAa COOBITHI Bo3aehcTBHS JI® M BO3HUKHOBEHUS
KOH()IMKTOB 3aKOHOMEPHO TPHBOOUT K CHIDKCHHIO BEPOATHOCTH
Hapymenuss QynkmuonupoBarans CC (pucyHok 15). Bpems nHapymenus
ycToiunBoro (GyHkuuoHupoBaHus CC ¢ BEPOATHOCTBIO Prapymgyma = 70%
cocTaBisieT 521 el. MOJEIEHOTO BPEMEHH.

V3meHeHHe WHTEHCHBHOCTEW 3asBOK COOTBETCTBYET H3MEHEHHUIO
CTpaTeruii B3anMOAEHCTBYIOLIMX CTOPOH M, KaK CJEICTBUE, M3MEHEHHUIO
BEPOSITHOCTH ~ HapymieHus  (yHkuuoHupoBanuss CC  (tabamua 5).
I'mcrorpamma 3aBUCHMOCTH IIpEJICTABICHA Ha PUCYHKE 16.

Tabmmna 5. CBopHas TabimIa nokasarened pyHKIMOHaNbHOI yeToitunBoct CC

= z g X
28 S ¢ 2 g ><8 8 £ x = o
o;:(E{::m 5E & 50 A= g E =9og =
o] o=} m =) [5) =)
=25 ¢ g0 = 20 9 S oo 238 A
SEFED | f2i:z | 2G| é525s | =FEi ot
N| S EESEE =23 E S EgEa® g F 035
= O o =& ) 8, % o 9 = > 9, O
= 5] = T & BEE B S » o == O =
3 EEE 5368 5 = 2288 ESE T
EXES S ESpg | ES | BEEES 282 =z
=2 §m SEERES = £ O7TE g
= = A
Cl1 1 0 0 0 > 1000
C2 10 1 0 0.319 > 1000
C3 10 1 5 0.182 > 1000
Cc4 50 5 0 0.868 480
C5 50 5 10 0.619 > 1000
Co6 50 10 10 0.835 503
C7 100 1 0 0.329 > 1000
C8 100 10 0 0.983 240
Cc9 100 10 10 0.842 492
C10 100 10 20 0.84 509
Cl1 100 10 30 0.838 521
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Puc. 15. Pacuer BeposTHOCTEH Puc. 16. ['ucrorpamma 3aBUCHMOCTH
HaXO0XJIEHHUsI CHCTEMBI B BEPOSITHOCTH HAPYyLICHHS
MOJIETUPYEMBIX COCTOSHHAX B yCTOHYHMBOTO (Q)YHKIIMOHHPOBAHHS
cooTBeTcTBUU co crparerueit C11 CC or cTpareruu ee
(YHKIMOHNPOBAHHUS

PazpabortanHas Mmomens mpomecca QynknuonupoBanus CC B
YCIIOBHAX BO3JIEHCTBUS Pa3IUYHBIX o, 00yCTIaBINBAIOMINX
BO3HHKHOBeHHE KOHQIUKTOB B CC, y4HTHIBaeT BIMSHHE U MHTEHCUBHOCTH
BO3HHMKHOBeHHs B Hel koHQuukToB. [Ipomecc oGecneuenus ®Y CC
CcBOAUTCS K TOUCKYy cTpaterun cuHTe3a CC B 3aBUCHUMOCTH OT
MHTEHCUBHOCTU Bo3jeucTBus [P, npuBOAsIEl K yBEIUYCHUIO BPEMEHU
¢dynkimonnpoBanus CC ¢ 3aJaHHON JIOMyCTUMOM BEepOSTHOCTBIO DY

Kak BupHo u3 Tabmuupl 5 u pucyHka 16 ¢ yBenndyeHUeM
WHTEHCUBHOCTH BO3HHMKHOBEHHs KOHQmUKTOB B CC BEposSTHOCTH
HapyIIeHUsT yCTOWYMBOrO (YHKIMOHMpOBaHMS TamaeT. [Ipu stom mpum
PaBHBIX YCJIOBHAX HM3Kas MHTEHCHBHOCTD Iepexojia B HepaboTocrnocoOHoe
coctossane CC mo3BoiseT oOecreduTh Oojee UIMTEIbHOE HaXOXICHHE
CHCTEMBI B ()YHKIIOHAIBHO YCTOHYHUBOM COCTOSIHHH.

C yBeqMUEHWEM WHTCHCHBHOCTH BO3HHKHOBEHHS TIlepexoja B
PEXUMBI MOJICTTMPOBAHUS U CHHTE3a CUCTEMBI C IOCIEAYIOUINM IIePeX010M
B PE&XKHM YCTOWYMBOrO (YHKIMOHHPOBAHMS BEPOSTHOCTh HAPYILICHHUS
ycTOW4YMBOrOo  (DyHKIHMOHMPOBAaHMS MaJaeT, a BpeMs YCTOWYHMBOTO
¢yukuonnpoBanusi CC yBenuuuBaercs. [Ipu 3TOM 1pu paBHBIX yCIOBHAX
HHU3Kasg MHTEHCHUBHOCTH Iepexoja B HepaborocrocobHoe cocrostHne CC
MIO3BOJISIET OOECIIeUnTh OoJiee UINTEIbHOE HAXOK/ACHHE CHUCTEMBI CBSI3H B
(YHKIIOHAIBHO YCTOHYMBOM COCTOSIHHH.

Mopgens ¢ynknuonupoBannsi CC, Kak cocTaBHas 4acTh METOAWKH
obecrieuennst (GyHKIMOHaNbHOW yctoitumBocTH CC, 3a CUET BBISABICHUS
koH(uukToB B CC, BhimonHeHus cuHTe3a CC U ee 3IeMEHTOB, IO3BOJISET
OIIPENETINTh 3aBUCHUMOCTh IIpoliecca ycToiiunBoro ¢yHkuuonupoBanus CC
OT MeXaHW3Ma MOJAeINpoBaHMs (IIaHupoBaHusd), cuHTesa CC u ee
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anemeHToB. Kpome 3T0r0, OneHMBaTh 3(h()EKTHBHOCTH CHCTEMBI KOHTPOJIS
nporiecca GyHkrmonupoanus CC u 000CHOBAHHO BBIOHMPATH AJTOPUTMBI
obecnieueHns (GyHKIIMOHAIBHON YCTOIYNBOCTH.

4. 3akiaouenue. Komnuectso JD, BIIMSAIOIINX Ha
(yHKIMOHUPOBaHMUE, KaK OTACIBHHBEIX 31eMeHToB CC, Tak M BCeil CHCTEMBI,
€ Ka&XIBIM TOJIOM pacTeT. JTO CBS3aHO, B IIEPBYIO OYEPEb, C MOSBICHUEM
HOBBIX CPEACTB BO3ICUCTBHUS Y 3JI0YMBIIUICHHUKOB, COBEpPIIIEHCTBOBAHUEM
UX TAKTHKO-TEXHHYECKHX XapaKTEPHCTHK. Y CHENIHOCTh PEean3alii TaKuX
BO3JICHCTBUI 3aBUCUT OT MHOTHUX (DaKTOPOB, HANpUMEp, Xapakrepa
BO3/ICICTBYSL, CPEICTB U KBATH(DUKAIIMU 3JI0YMBIIIJICHHUKA, UCIIOJIb3yeMON
B CC cucrembl 3alIUTBl M KOHTpOJSI W T.1. B pesynbrare Takux
BO3/ICHCTBUI MOXXET HapyllaThCsi yCTOWYHMBOCTH (yHKIHoHHpoBaHus CC,
YTO HEJOITYCTHMO ISl KPUTHYECKH BaXKHBIX OOBEKTOB.

C uenpl0 yMeHbUIEHMS BepossTHOCcTH HapymeHus @Y CC
paspaborana Meroauka obecneueHns GpyHKunoHansHO# ycroiunsoctn CC
B ycnoBusix BosaeictBus JI®, ocHOBaHHAs Ha BBISBICHHH KOH(INKTOB B
CC, 00yCIIOBIICHHBIX HECOOTBETCTBUEM npodus npouecca
¢yrkunonnpoBanus CC npodmwiro pyrxnmornposanus CC.

[MpakTHyeckas 3HAYMMOCTh METOIUKH 3aKJIHOYAETCsl B TOM, YTO OHA
TIO3BOJISIET BBISIBIIATH 3aBUCHMOCTb BpEeMeHHU YCTOWYHMBOTO
¢yukiuonupoBanusi CC ¢ 3alaHHOW BEPOSITHOCTHIO OT HMHTEHCHBHOCTH
nepexona B coctosHue cuHTe3a CC U ee 3JIEMEHTOB W MHTEHCHUBHOCTH
BozzeiicTBus JI®, mosieieHus koH(auktoB B CC, HHBIMH CJIOBaMH,
OTIpeNeTsATh BpeMs ycToiuuBoro ¢gynkunonuposanus CC.

PazpaboranHass ~ Meronguka — oOecrieueHHss — (YHKIMOHAILHOH
ycroiiunBoctd CC MOXKET MCIOJIB30BAaThCS JIMIAMH, NPHHUMAIOIUMHU
pemieHne, W JOJDKHOCTHBIMH  JIMIAMH,  KOTOpbIE  3aHHUMAlOTCA
IUIAHUPOBAHUEM CBSI3W, NIPH PEIICHHH PACUETHBIX 3aJad, B XOJE€ OLEHKU
00CTaHOBKH M pa3pabOTKH NPEUI0KEHUH 110 YIIPABIECHUIO CBS3BIO.

ITomydeHHble pe3ynbTaThl SIBISIFOTCS OCHOBOM M OIPEAENSAIOT
Hanbosee MEepCIEKTHBHBIC HANpaBICHUS A Pa3pabOTKH IOAXOAOB IIO
obecrieuennio @Y CC B ycnoBusax BosaeicTBus J® pa3muaHON mprupoas! B
XO0/1e TIOCTPOCHUSI, MOAEPHU3AINN 1 HAPALINBAHIH CHCTEMBI CBSI3H, a TAKKe
IIPY TIJIAHUPOBAHHUH CBSI3H.
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O. LEPESHKIN, O. OSTROUMOV, N. MIKHAILICHENKO, A. PERMYAKOV
A METHOD FOR ENSURING THE FUNCTIONAL STABILITY OF
A COMMUNICATION SYSTEM BY DETECTING CONFLICTS

Lepeshkin O., Ostroumov O., Mikhailichenko N., Permyakov A. A Method for Ensuring the
Functional Stability of a Communication System by Detecting Conflicts.

Abstract. Introduction: Modern complex technical systems are often critical. Criticality is
due to the consequences of disruption of the functioning of such systems, and their failure to
fulfill the required list of functions and tasks. The process of control and management of such
systems is carried out using communication systems and networks that become critical for
them. There is a need to ensure the stable functioning of the complex technical systems
themselves, their control and monitoring systems, communication systems and networks. The
paper proposes a method for ensuring the functional stability of a communication system, the
basis of which is the process of identifying and eliminating conflicts in it due to the difference
between the profile of functioning and the profile of the process of functioning of the system.
The proposed model of the process of functioning of the communication system allows, based
on changes in the intensity of the impact on the system of destabilizing factors, the
identification of conflicts and their elimination, to determine the probability of ensuring the
functional stability of the system. The purpose of the study: to develop a methodology for
ensuring the functional stability of a communication system under the influence of
destabilizing factors and the emergence of conflicts, a model of the process of the system's
functioning, which makes it possible to determine the probability of the system being in a
functionally stable state. Methods of graph theory and matrix theory, the theory of Markov
processes. Results: an approach is proposed for assessing the functional stability of a
communication system under the influence of destabilizing factors, a technique has been
developed to ensure the functional stability of a communication system. Practical significance:
the results of the study can be used in the design and construction of complex technical
systems, decision support systems, control, communication and management.

Keywords: functional stability, criticality, communication system, control system,
complex technical system, system functioning profile, functions, tasks, regulations.
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GRAPH ATTENTION NETWORK ENHANCED POWER
ALLOCATION FOR WIRELESS CELLULAR SYSTEM

Qiushi S., Yang H., Petrosian O. Graph Attention Network Enhanced Power Allocation for
Wireless Cellular System.

Abstract. The importance of an efficient network resource allocation strategy has grown
significantly with the rapid advancement of cellular network technology and the widespread
use of mobile devices. Efficient resource allocation is crucial for enhancing user services and
optimizing network performance. The primary objective is to optimize the power distribution
method to maximize the total aggregate rate for all customers within the network. In recent years,
graph-based deep learning approaches have shown great promise in addressing the challenge of
network resource allocation. Graph neural networks (GNNs) have particularly excelled in handling
graph-structured data, benefiting from the inherent topological characteristics of mobile networks.
However, many of these methodologies tend to focus predominantly on node characteristics during
the learning phase, occasionally overlooking or oversimplifying the importance of edge attributes,
which are equally vital as nodes in network modeling. To tackle this limitation, we introduce a
novel framework known as the Heterogeneous Edge Feature Enhanced Graph Attention Network
(HEGAT). This framework establishes a direct connection between the evolving network topology
and the optimal power distribution strategy throughout the learning process. Our proposed HEGAT
approach exhibits improved performance and demonstrates significant generalization capabilities,
as evidenced by extensive simulation results.

Keywords: MISO, cellular network, edge-feature, graph attention network, power allocation.

1. Introduction. In recent years, significant advancements have been
witnessed in the technology employed for data transmission inside wireless
networks. The contemporary landscape exhibits a smooth amalgamation of
diverse mobile terminals within these networks, including cell phones and
wearable gadgets. Consequently, this integration has resulted in a substantial
surge in the number of simultaneous users. As a result, the cellular network’s
topography has witnessed a rise in the concentration of User Equipments (UEs)
in highly populated areas, accompanied by a simultaneous reduction in cell size.
The cellular environment is now experiencing a significant increase in wireless
transmissions due to this phenomenon. The interference problem has become
notably apparent as a direct result, manifesting inside individual cells and across
cell boundaries. Due to the intricate nature of the circumstances, implementing
strategies for interference management and rational power control has increased
significance. These strategies mitigate any interference among users and
enhance the network’s overall efficiency. The gravity of this subject has
engendered significant scholarly attention, leading to robust research endeavors
to discover more efficacious solutions.
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Considerable research endeavors have been devoted to formulating
power allocation algorithms for cellular networks, whereas conventional
methodologies frequently depend on numerical modeling methodologies.
Decentralized and centralized optimization approaches have been prominent
in power distribution in cellular networks, primarily due to the intrinsic
complexity of this task, which is categorized as an NP-hard problem [1].
Using numerical simulation techniques requires a sequence of repetitive
calculations using both implicit and explicit approaches. Noteworthy examples
include genetic algorithms (GA), weighted minimum mean square error
(WMMSE) [2], fractional programming (FP) [3], branch-and-bound techniques
[4], and heuristic algorithms [5]. However, in scenarios involving large-scale
networks, these iterative methods often come with extended computational time,
rendering them unsuitable for real-time resource allocation. This limitation
stems from the rapid fluctuations in the wireless channel’s state, which can
occur within a brief time span of milliseconds.

Several researchers have proposed the application of deep learning
(DL) techniques as an innovative approach to power distribution, including
supervised learning methods [6-8]. In contrast to traditional iterative methods,
Convolutional Neural Networks (CNNs) and Multi-Layer Perceptrons (MLPs)
have emerged as prominent architectural choices for capturing the underlying
mapping functions in power control [9]. Once adequately trained, artificial
neural networks can efficiently deduce solutions for various scenarios through
feed-forward computations. However, it’s crucial to recognize that the use of
data-driven learning approaches necessitates the development of a benchmark
algorithm for training, which can impose constraints on the resulting model’s
effectiveness. Additionally, while CNN- and MLP-based approaches offer rapid
inference capabilities, they may not fully leverage the network’s topological
characteristics, which could require substantial training data and potentially
limit their efficacy.

There have been proposals for GNN-based methodologies aimed at
tackling the difficulties above. GNN can collect spatial information that
is concealed inside the network topology. Moreover, they can extend this
knowledge to other topologies, particularly in dynamic scenarios. The existing
body of research demonstrates the efficacy of GNN-based approaches in
addressing diverse challenges across various network contexts. The graph
convolutional network (GCN) architecture is used to get close to the UWMMSE
solution for the power allocation problem in the interference channel [10]. The
power allocation technique, developed using GCN, aims to determine the
best way to allocate resources in Federated Learning (FL) activities that take
place in wireless networks with interference restrictions [11]. Interference

260  UWudopmaruka u asromatuszanus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



DIGITAL INFORMATION TELECOMMUNICATION TECHNOLOGIES

GCN (IGCNet) is introduced as a novel approach for addressing the power
control problem in K-user interference channels [12]. In contrast to the
conventional GCN, the model learning process is contingent upon incorporating
the structural information neighborhood matrix encompassing the entirety of
the graph. The Graph Attention Network (GAT) is a neural network model
incorporating the widely used attention mechanism to calculate the weights
between nodes in a graph [13]. This approach involves utilizing the feature
representation of nodes rather than depending just on the structural information
of the network, hence facilitating inductive learning for weight computation
between nodes.

While previous studies have successfully designed homogeneous or
heterogeneous GNNSs, these designs have primarily focused on the node
update mechanism, often overlooking the valuable information contained
within edge characteristics. In conventional research, each transceiver pair
in cellular networks has typically been represented as an individual node,
with the channel state information of the direct communication connection
serving as the corresponding node characteristic. The connections that disrupt
communication between various pairs of transceivers are depicted as edges
in the model, with the channel state information associated with each edge
considered as the relevant edge feature [1]. To address the limitations outlined
above, this study introduces the HEGAT framework as a potential solution for
multiplexing the downlink of cellular users in Long-Term Evolution (LTE)
systems. The primary contributions of this paper are as follows:

— We provide a comprehensive methodology for addressing power
control challenges in cellular networks using heterogeneous graph topologies.
In this theoretical framework, the communication links originating from the
base station and connecting to user equipment are represented as vertices.
In contrast, the interference links between different pairs of transceivers are
denoted as edges. It’s important to note that every node within the cellular
network exhibits isomorphism, ensuring fair treatment. However, edges are
categorized into two distinct types: intra-cell and inter-cell interference.

— We introduce an innovative method to enhance feature properties. It’s
crucial to highlight that the optimization of unknown variables primarily occurs
within nodes. Consequently, when updating node features, we intentionally
give due consideration to the attributes and classifications of the neighboring
edges. This approach allows us to extract information from these two sets of
adjacent edges using distinct methodologies. Building upon the edge feature
enhancement technique, we propose the introduction of a neural network
architecture named HEGAT. This architectural design exhibits a high degree
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of effectiveness in mapping graph characteristics to node variables, thereby
achieving the power allocation objective.

— The simulation results illustrate the effectiveness of the HEGAT
approach in addressing power allocation challenges within cellular networks,
particularly in the context of power distribution in interference channels.
Comparative trials further substantiate that the proposed HEGAT surpasses
existing state-of-the-art methods in terms of achieving higher sum rates.
Moreover, HEGAT consistently delivers strong performance across a wide
range of scenarios, encompassing varying numbers of BSs and UEs, diverse
network characteristics, and different transmit power budgets.

The remainder of the paper is organized as follows. Section 2 introduces
the related work. Section 3 presents the mathematical formulation of the power
allocation problem in wireless cellular networks. Section 4 offers an exhaustive
elucidation of the graph representation of the network, alongside a detailed
exposition of our novel HEGAT algorithm. Section 5 presents the analytical
simulation outcomes. Section 6 presents the discussion and conclusions.

2. Related Works

2.1. Edge Enhanced Graph. GNNs have demonstrated strong learning
capabilities in tackling challenges associated with graph structures. The need
to effectively handle edge information is prevalent in real-world scenarios.
Message-passing neural networks (MPNNs) encompass several distinct stages,
including message-passing and readout phases. Integral to this paradigm
is the incorporation of node attributes. In parallel, the utilization of edge
attributes for network characterization is also prevalent, and a technique has
been proposed for updating these attributes to predict node features. While
MPNNS s incorporate edge information during the message-passing phase, their
message-passing mechanism lacks the ability to capture knowledge about
the topological relationships between nodes and edges. Relational Graph
Convolution Networks (RGCN) employ forward-passing rules to enhance the
weight matrix with additional edge-related weights [14]. However, empirical
studies have shown that computing this simple aggregation doesn’t significantly
improve performance. Instead, the Edge Feature Graph Neural Network
(EGNN) employs an aggregation function to combine node information while
training separate attention weights for each feature dimension [15]. But this
method may result in the loss of peripheral information. The Convolution
with Edge-Node Switching Graph Neural Network (CensNet) utilizes a line
graph structure to create an auxiliary graph [16]. This approach involves
training the model on both the original graph and the line graph, allowing for
the updating of node and edge embeddings. However, using an approximate
spectrogram convolution during layer-by-layer propagation renders CensNet

262  Uudopmaruka u asromatuszanus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



DIGITAL INFORMATION TELECOMMUNICATION TECHNOLOGIES

inept in managing extensive directed graphs. Consequently, it is unsuited for
wireless networks that are represented as directed graphs

2.2. Heterogenous Networks. Although homogeneous graphs have
shown to be highly effective in radio network power control problems
involving only one kind of node or edge, it is important to acknowledge
that most scenarios are characterized by a diverse range of node and edge
types [17]. Heterogeneous graphs have been found to be more advantageous
than homogeneous graphs in addressing intricate radio resource management
challenges. The Heterogeneous Interference Graph Neural Network (HIGNN)
is specifically developed to effectively address diverse network scenarios
characterized by heterogeneity [18]. The nodes in the communication
network of Device-to-Device (D2D) connections are categorized based on
the number of antennas present on the transmitters inside their respective
links. The allocation of power is employed in D2D downlink systems. The
introduction of the Heterogeneous Ultra-Dense Network (HUDN) aims to
address the challenge of resource allocation in communication situations that
involve a combination of D2D networks and cellular networks [19]. The
communication linkages are considered as nodes, which are classified based
on the sorts of devices they establish connections with. The introduction of
Heterogeneous Graph Neural Network (HetGNN) aims to explore the Power
Allocation strategy in Multi-Cell-Multi-User Systems [20]. The nodes in the
network diagram represent the entities BS and UE, while the edges reflect the
communication links between them.

One common characteristic seen in the aforementioned publications is
their primary emphasis on the weights of edges, while neglecting the differences
that arise from different types of edges. However, the focus of these studies
is on the incorporation of different node types inside the framework of GNN.
In contrast, the present study adopts a divergent methodology. The cellular
network is represented as a directed graph, with a distinction made between
two types of interfering links: intra-cell and inter-cell. In order to examine the
various sorts of edges, we employ the HEGAT architecture. This architectural
design is very suitable for effectively capturing and acquiring the intrinsic
characteristics of edges, comprising both their properties and classifications.

2.3. Material and Methods. In this subsection we introduce the basic
concepts related to resource allocation. MISO (Multiple-Input Single-Output):
The MISO cellular network is a wireless communication technology that is
employed in cellular networks and several other wireless applications. In
a MISO system, the base station or access point is equipped with multiple
transmit antennas (inputs), while the user’s device, commonly referred to as the
UE, is equipped with a single receive antenna (output). One notable attribute
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of a MISO system is its capability to enable the base station to concurrently
broadcast numerous data streams to a single user equipment, effectively using
the spatial diversity offered by the multiple transmit antennas. The presence of
spatial diversity has the potential to enhance the dependability and efficiency
of wireless communication links, particularly in settings characterized by
interference or signal fading. The utilization of MISO technology is prevalent
in diverse wireless communication protocols, such as 4G LTE (Long-Term
Evolution) and 5G, with the objective of augmenting the capacity and quality
of wireless connections.

The Graph Neural Network (GNN): It is an innovative neural network
structure capable of inferring the interdependencies between nodes in a
graph utilizing propagating messages among the nodes. Hence, GNN have
demonstrated their efficacy in tackling the learning task by employing a
graphical structure, whereby each vertex incorporates feature information
from neighboring vertices to derive a hidden state embedding based on graph
perception. In practice, the hidden state embedding of each node is repeatedly
updated by aggregating state information from its neighboring nodes. This
study employs GNN to model the subnetwork system as a dynamic graph. Next,
a two-stage attention method is employed to streamline the graph and identify
the probable interference link across subnetworks across different dimensions.

3. System Model And Graph Representation

3.1. System Model. We consider a classical scenario of downlink
multicell communication, a massive MISO network with M-antennas BSs
and single-antenna UEs. The PA problem in the cellular network is with the
setting of interfering multiple-access channels (IMAC) [21]. All BSs within the
network coverage area simultaneously serve all UEs. However, since different
cells use the same frequency, the UEs are still subject to inter-cell and intra-cell
interference. Index the BSs as .4#" = {1,...,N} and UEs as ¥ = {1,...,K}.
Denote D, as the set of k-th UE’s neighbour UEs in the n-th cell, denote C,
as the set of n-th cell’s neighbour cells. Assume thatn € A, k € #, k' € Dy,
n’ € C,, then the received signal of the k-th UE from n-th BS in n-th cell can
be formulated by:

H H
Ynk =8&nnkWnk/ PrkSnk + Z 8n.nkWnk' \/ Pnk Suk/
N—— k/#k
desired signal

intra—cell interference

+ Y X 8w P Swne + 2k (1)

n'#n kK

inter—cell interference
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where g, ,x denote the the channel response from n-th BS to k-th UE in n-
th cell, p, denotes the corresponding transmit power. sy ~ % (0,1) is
the transmit signal. z ~ .4 (0,6?) is the additive white Gaussian noise
(AWGN). The coordinated beamforming (CB) vector from n-th BS to k-th
UE is denoted as w,y. The literature on Coordinated Multi-Point (CoMP) CB
has explored multiple schemes. In this study, we have opted to utilize the
zero-forcing beamforming scheme [22] to simplify the problem. Then the
signal-to-interference-plus-noise ratio (SINR) of k-th UE can be calculated as:

8nk,nk Pnk
Zk’;&k 8nk,nk! Pnk’ + Zn/fn Zk Enk.n'k! P’k + 62 ’

Yk = 2

where g ik = denote independent channel gain of the desired

H
gn’nkwnk

2
denote channel gain of intra-cell interference from

: _ | H
Slgnal- 8nk,nk! = gmnkwnk’

2
neighbour UEs in n-th cell. g v = ‘ gﬁﬁkwn/kr‘ denote channel gain of

inter-cell interference from neighbour UEs in n-th cell’s adjacent cells.
The downlink rate of communication link nk can be expressed in terms
of normalized bandwidth as:

Cu = 10g2 (1 + Ynk) . 3

The primary aim of this study is to identify the ideal power level that
optimizes the overall network sum rate, while adhering to the limitation of
a maximum power limit for each transmitter. The provided problem may be
expressed as:

Pnk> Wnk

N K
max 3 Y loss (147
K <

st.0<p Pmax, Vn € N ke X . “)

The objective function presents a challenging obstacle in the form of
a nonconvex nonlinear optimization problem, which is further complicated
by the presence of constraints. As a result, finding the global optimal
solution becomes a complex endeavor [23]. Heuristic algorithms have the
capability to approximate solutions that are globally optimum, but at the
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cost of substantial computing resources. In order to cater to the demand
for real-time applications that require low-complexity solutions, we suggest
using deep learning techniques to parameterize these solutions. Although
attaining theoretical optimality for learnt solutions may pose challenges, actual
evidence continually shows that deep learning methods often produce extremely
satisfying performance results.

3.2. Graph Representation. We model the multicell cellular network
(Figure 1) as the fully connected weighted directed graph (Figure 2) which can
be expressed as G = (V,E). Each BS-to-UE communication link is considered
as a node, denoting V as a set of nodes, V = {vnk} ,nE N ke . Incontrast,
each interfering link is considered as an edge, denoting E as a set of edges,
E = {ewm},n,m € N k1 €A nk+ml The attributes such as distance,
channel information, and weight associated with the communication link
are node characteristics. The assigned power is used as the predicted node
label. Attributes such as distance and channel information associated with the
interfering links are considered edge features. The notations ¢ — C% and
v — CY represent the mapping of nodes and edges to their respective features,
where dy and df represent the dimension of feature space for node and edge,
respectively.

D UE.3
P

VE.2 ] 7/ BS.2
CELL. 2
()
((é)) — %
BS.1 UE. 1 0
CELL. 1 / UE. 4
((;)))
____________ + Inter-cell interference. BS.3
CELL. 3

Intra-cell interference.

——— Data transmission.

Fig. 1. Example of cellular

266  Uudopmaruka u asromatuszanus. 2024. Tom 23 Ne 1. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



DIGITAL INFORMATION TELECOMMUNICATION TECHNOLOGIES

To train the GAT model, the graph in Figure 2 is used as input, and the
iterations of the neural network are used to learn the vector representation of
each network.

(O  Communication link
<«— Interference link

Fig. 2. Graph representation

4. Heterogenous Edge feature Enhanced Graph Attention
Network

4.1. Feature Concate. Prior to integrating neighbor information into
the heterogeneous graph, it is crucial to recognize that the connections between
neighbors and each node, whether through nodes or edges, may possess distinct
functionalities and varying degrees of importance in the task of generating
node embeddings for resource allocation [24].

In the context of this work, we propose the utilization of node feature
attention in conjunction with the augmentation of edge features. The proposed
strategic combination is formulated as an effective a pproach to carefully
evaluate the importance of both node-based and edge-based neighbors. By
integrating the attention mechanism, it becomes possible to generate node
and edge embeddings, effectively c apturing t he r epresentations o f these
significant neighboring entities. This methodology enables us to reveal their
unique functions and contributions inside the complex framework of resource
allocation procedures [25].

The presence of diverse edges within a network introduces a spectrum
of variations in their characteristics. As a result, different types of edges may
manifest distinctive properties. These features encompass both attributes and
types, where attributes are expressed by continuous and intricate variables,
while types are denoted as discrete variables. The attribute of the edge

enk,m denoted by the vector e%f;nl, and the type of the edge e, ,; is denoted

by the vector "¢ . The features of the edge e, can be represented as
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type

attr enk‘ml] , which is obtained by concatenating its transformed

Cnk,ml = {enk,ml
node attributes and type information.

4.2. Edge Feature Enhanced Node Attention Layer.In the
heterogeneous graph, the definition of node-based neighbors N, refers
to the nodes directly connecting to a particular node v,;. It is essential to
acknowledge that the neighbors of a certain node encompass the node itself.
Similarly, the edge-based neighbors E,; ,,,; refers to the set of edge e, that
directly connect to a certain node v, [26].

As shown in Figure 3, circles represent nodes, and squares represent
edges. Take vy for example, the node-based neighbors of node vy are vy, vy2,
v23, and v34. Note that the node-based neighbors of node vy contain itself;
The edge-based neighbors of node vi1 are ej1 12, €11,23, and eq1 34.

Input feature Output feature

zzzzzz

o e D =

More
Attention
“““ Layer

=000 042 M se]

L th attention layer.

Node-based neighbors Edge-based neighbors

concatenate

Fig. 3. Architecture of HEGAT. The model consists of multiple HEGAT layers. Each
iteration incorporates the features of the first-order neighbors (nodes and edges) to
generate new node features

It is necessary to map these vectors to a high-dimensional space using
the GAT layer to enhance the network topology information contained in the
original low-dimensional features ny = [Wuk, Puk, nk,nk| Obtained from the
network. The input to the GAT network contains a set of node features denoted
asn = (njq,., N, ..,0NK ) , Dy € R%, where each n,; is the feature of existing
BS-to-UE pair vy.
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Theoretically, GAT can use all nodes other than the central node to
calculate the similarity with that central node. The dimensions of the node
and edge feature spaces may vary. To enhance the expression of the node
features, the layer of parameter-sharing neural networks is added to linearly
transform the features (whether for nodes or edges), and the network is denoted
by Attyoge and Att,qq,. Define W, € RV xdy and W, € R *4E as the learnable
weight matrix transforming input features linearly into high-level features, the
dimension for the feature vector of the node is made to change from dy to dj,,
the dimension for the feature vector of the edge is made to change from df to
df. The self-attention mechanism is used to calculate the similarity between
the central node and the neighbor nodes, where the similarity is calculated
by a layer of the neural network the parameters are denoted by B7, and the
two transformed feature vectors are fed into this network after stitching. The
importance coeflicient of node v,,;; to node v, is expressed as:

Cnk,ml = Attyode (Wnnnk7 Wnnml) . (5)
The importance coeflicient of edge ey, to node v, is expressed as:
Crk,(nk,ml) = Attegge (Wnnnka Weeml) . (6)

In this context, we apply the edge feature enhanced attention mechanism
to calculate the attention weights associated with the neighbors of each one-
degree node and edge. This calculation considers not only the features of the
neighboring nodes, but also incorporates the features of the adjacent edges.
Throughout this process, the features are jointly combined, with their respective
parameters governed by the attention vector B7 and the activation function
LeakyReLU . The resulting weight which is normalized using the softmax
function for node v,,; is expressed as:

exp (o (BF Wanu [[Wanuu))
Zme!/j exp (0 (B [Wanux [[Wanys]))

» (1)

Olpkemi = SO ftmaxy, (an,ml> =

where B € R4 denotes the attention vector for node-based neighbors. The
attention mechanism is implemented as a single-layer feedforward neural
network, which is characterized by the parameters W and . This neural
network utilizes the LeakyReLU nonlinearity with a negative slope of 0.2.
The variable o, refers to the attention score that is used to quantify the
significance of a neighboring node v,,; concerning node v,.
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Similarly, the resulting weights which are normalized using the softmax
function foredge e, s is expressed as:

ank,(nk,ml) = Softmax(nk,ml) (an,(nk,ml))

_ exp (0 (B [Wanuk [|Weenim |)) )
Z(rs,tu)eﬁ,- exp (o (al [Wan[[Weeys.u])) )

where B € R4 +4: denotes the attention vector for edge-based neighbors.
The variable 04 (k1) refers to the attention score that used to quantify the
significance of a neighboring edge e, ,,; concerning node v,.

Hence, the node-based neighbors’ embedding of node v, is computed
by aggregating the features of its first-order neighbors and weighted by the
attention score:

Ny [Nk = © (Zmle%k ank,mannml) ) ©)

where o is the activation function, nﬁ,;“ is the new feature of each vertex v,

aggregated with neighborhood information.
Similarly, the edge-based neighbors’ embedding of node v, is expressed
as:

Dk [é’@ﬂk] =0 (Z(nk,ml)eéi,k ank,(nk.,nll)WCe(nk,ml)) : (10)

To make the learning process of the self-attention mechanism more
robust, we use a multi-headed attention mechanism, which can be viewed
as multiple single-headed attentions executed independently in parallel and
averaged as the output. Then n5" [#] and n’!! [£,] can be calculated as:

12
M [l = 0 | 5 2 Yore g Fa Wit | (1)
g=1
1 & g g
Ny [Enk] = © Q;Z(nk,mz)egnk ke (ke ymt) We S(akl) | » (12)
-

where the variable Q denotes the number of attention heads, while W4 signifies
the weight matrix shared by the g th attention head. The aggregation function
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can be classified as either tandem or average. Specifically, when conducting
multiple tasks at the final stage, the method of averaging is employed.

At last, by integrating the edge-based neighbors’ embedding n, [€]
and node-based neighbors’ embedding n, [.4;], the embedding of node v,
in the (L + 1)-th layer is expressed as:

nk = concar (nf [l |Inf (6] ) , (13)

where concat denotes the operation of concatenation.

Upon the integration of the previously discussed components, the
resulting node representation becomes accessible, thus facilitating its
application in a range of subsequent tasks. HEGAT is trained through a
supervised learning methodology that considers task-specific attributes of
nodes. The model’s weights are effectively refined using back-propagation and
gradient descent techniques. The objective of this process is to minimize cross-
entropy, ultimately yielding meaningful node embeddings for heterogeneous
networks.

4.3. Training Samples Generation. The current research study makes
a suggestion for a semi-supervised training strategy that may be used for the
HEGAT-based architecture. This method requires a significant quantity of
labeled training data. According to a study that compared many stochastic
search-based algorithms to discover the estimated optimum power allocation,
the Particle Swarm Optimization (PSO) approach outperformed all others in
a range of application circumstances. This was determined by comparing
the algorithms® performance. A collection of candidate solutions for the
optimization issue that is being considered in this work is first generated
at random. These candidate solutions are then moved throughout the search
space according to rules that have been defined, and the search is guided by
optimal positions that are already known to exist. The goal of this process
is to identify the best option for allocating resources. When new prospective
solutions are found, their locations are mapped out and used to influence the
movement of those that are close by. After a number of iterations, the PSO
approach produces outcomes that are very close to being optimum. These
replies may be used as labels for the expected graph locations, and we record
the properties of the sample graph, including information about the graph’s
structure and channels, at the positions corresponding to those labels.

The graph neural network we use learns resource allocation strategies
through semi-supervised learning. We run the simulated environment and
record a graph representation of the network realization, including the graph
topology and channel states. The graph representation of each time point
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is regarded as an independent sample, regardless of the dependence of the
user’s state on the front and back time, and the users in the network are
randomly distributed. Among them, the power allocation and beamforming
vector as optimization variables are used as features of each vertex and are
also variables predicted by the graph neural network. The loss function L is
the negative expectation of utility function over different channel realizations:
£ (0) = —Ey [LimBlog(1+ )], which updates the model parameters 6
of HEGAT by backpropagation of the neural network. This is an optimization
process of a static graph. The graph neural network learns the mapping
relationship between the topology of the graph and the channel state to the
optimal resource allocation strategy. Essentially graph neural networks are
data-driven optimization methods, and whether or not the sample contains as
comprehensive a network realization as possible determines the upper bound
of the model.

5. Ilustrative Results

5.1. Simulation Environment Setting. Through the use of numerical
simulations, this part evaluates the effectiveness of the proposed GAT
framework for solving the challenge of maximizing the total rate. We evaluate
the suggested methodology in comparison to a variety of standards derived
from past research. The computer that was utilized to do the simulation studies
for this research has a Central Processing Unit (CPU) with a speed of 3.19 GHz
and 32 Gigabytes of Random Access Memory (RAM). In the recommended
method, Python 3.6 is utilized as the platform for the simulation, while Pytorch
is the tool of choice for the development of the neural network. Table 1
presents both the cellular network and the neural network’s corresponding
parameters for your perusal.

Table 1. Simulation parameters

Number of BS 9
Average users per cell 4

The Doppler frequency 10 HZ
Minimum allocated power 5 dBm
Maximum allocated power 38 dBm
Inner space distance 0.01 km
Half cell-to-cell distance 1 km
Noise power spectral density | — 114 dBm/Hz
Learning rate 0.0001
Number of layers 3
Optimizer ADAM
Batch size 32
Epoch count 300
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5.2. Performance Comparison. In order to evaluate the efficacy of the
proposed HEGAT, a thorough comparison study is conducted, encompassing
many cutting-edge baseline approaches. The present analysis incorporates
many strategies, such as network embedding approaches and techniques based
on graph neural networks.

— GAT: GAT incorporates an attention mechanism that operates on
homogeneous graphs. In this study, we conduct an evaluation of several meta-
paths and provide the findings on the optimal performance achieved.

— GCN: The GCN architecture proposed in [11] captures the deep
features of topology in the network. The topology and channel information
are concatenated as input features, and then the model is trained offline in a
semi-supervised manner.

— Multi-Layer Perception (MLP): A fully connected neural network
is designed to build a mapping from channel information to power allocation
through the data of the Euclidean structure. This approach has been studied
in [27].

The performance evaluation of HEGAT is conducted as the network
scale expands, in comparison to benchmarks. As illustrated in Figure 4, the
average sum rate per UE achieved by HEGAT exhibits notable enhancements
0f 9.14%, 9.68%, and 10.2% respectively, as opposed to the leading benchmark
GAT, with the increase in the number of cell pairs from 4 to 16.

Average sum rate per UE (bps/Hz)

9 16
Number of UEs

Fig. 4. Average sum rate per UE versus cellular network scale
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Notably, HEGAT demonstrates robust generalization capabilities while
simultaneously achieving optimal performance. The effectiveness of the
proposed edge feature enhanced mechanism can be attributed to its ability
to proficiently extract features from the channel state of the edge attributes,
resulting in a further augmentation of the effectiveness of the initial node
update approach.

The performance of each algorithm for various cellular network
densities is shown in Figure 5. The simulation takes into consideration the
inherent fluctuations in user density, reflecting the real-world intricacies of
time and spatial factors. The user density is subject to variations contingent
upon the number of UEs present within a specific cell, and this value ranges
from 1 to 6. As the user density escalates, a concomitant decline in the
average total rate becomes evident. This consistent trend is observed across
all algorithms, implying a shared behavior among them. To assess the
performance of the proposed technique in high-density networks, we change
the number of UEs in the cell while maintaining the other parameters constant
(N=16). The average sum rate per UE drops when network density rises as a
result of the rise in interference. It is important to note that the GAT algorithm
continues to perform better than other algorithms at boosting the overall
network rate.

35 —e— MLP  —&— GAT
' GCN  —— HEGAT

Average sum rate per UE (bps/Hz)

Number of UE per cell

Fig. 5. Average sum rate per UE versus network density
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Figure 6 illustrates the performance of the algorithms with respect to
different cellular network radii. In this section, we explore the variability of
the range between half a BS degree and a full BS degree, which is represented
as Ryqx. In general, it is observed that a decrease in cell range has a tendency
to amplify both intra-cell and inter-cell interference, resulting in a decrease
in the average total rate. The aforementioned tendency is notably apparent
in the overall rate performance, as the random and maximal power tactics
demonstrate the least effectiveness. The mean rate per UE increases as the
radius increases within the range of 0.2 km to 0.4 km for the half-cell length.
The mean rate per UE does not significantly increase beyond a distance of 0.4
km, which corresponds to half the length of a cell. The data clearly indicates
that the influence of cell radius on the overall rate enhancement has significantly
lessened. The performance of the HEGAT algorithm across different network
settings illustrates its effectiveness and reliability.

1.8 1
M
I
2
§174
w
D
8 1.6
g
[
£
3 1.5
9]
()]
©
g
z 141
—e— MLP  —A— GAT
1.3 GCN  —— HEGAT
0.2 0.4 0.6 0.8 1.0

Half BS-to-BS distance (km)

Fig. 6. Average sum rate per UE versus cell length

As shown in Figure 7, the HEGAT demonstrates a runtime that is similar
to that of previous benchmark algorithms. The comparable runtime of these
approaches may be ascribed to the utilization of the same network architecture
and input characteristics. However, the strategy that has been suggested exhibits
a higher level of time consumption in comparison to alternative benchmark
techniques. The reason for this is the increased amount of time needed to
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get and combine the embedding information of both nodes and edges. Every
node iteratively enhances its own embedding characteristics together with the
embedding features of its neighboring nodes and edges. When the quantity
of BS reaches 16, HEGAT exhibits a computational duration of 0.01 seconds,
which is notably below the required timeframe for decision-making in wireless
systems, namely 0.02 seconds. This solution satisfactorily addresses the need
of making real-time judgments. Therefore, the proposed methodology exhibits
effectiveness in enabling immediate implementation into wireless networks.

107!

mm MLP
I GCN
mm GAT
BN HEGAT

Running time (sec)

8 16 32
Number of UEs

Fig. 7. Computation time comparison

As shown in Figure 8, the doppler frequency, denoted as fy, is a crucial
quantity that is closely associated with the phenomena of small-scale fading.
The incorporation of real-time data into our suggested data-driven methodology
for instantaneous power distribution may encounter obstacles arising from the
swift variations in signal intensity. The observed oscillations have the potential
to result in a decrease in overall performance. The Doppler frequency is seen to
occur within a frequency range that extends from 4 Hz to 18 Hz. The simulation
results presented in Figure 8 reveal a steady decrease in the average sum rate
associated with the data-driven algorithm as the values of f; span throughout
this frequency range. This fascinating discovery suggests that the data-driven
model has the ability to withstand the changes offered by f;.
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Fig. 8. Average sum rate per UE versus doppler frequency

6. Discussion and Conclusion

6.1. Discussion. From the perspective of the convolution operator, the
graph neural network can be divided into two categories, spectral methods and
spatial methods.

Spectral methods: e.g., GCN, depend on Laplacian eigenbasis of the
graph, which is hard to calculate for a large graph. Its main drawbacks: 1) the
edge weights are fixed when fusing, not flexible enough; 2) poor generalizability
because it is a full graph convolutional fusion, the whole graph does gradient
update, and when the graph is larger, such an approach is too slow and
inappropriate.

Spatial methods: e.g., GAT, perform information aggregation only on
the local neighborhood, avoiding heavy calculation of Laplacian eigenbasis.
The HEGAT algorithm proposed in this paper is based on the attention
aggregation mechanism of GAT, and the performance degradation is weaker
and more stable than that of the spectral graph-based neural network when the
graph structure is changed.

Different graph tasks may have different preferences for node and edge
features. There are some graphs where node features have a greater impact on
the graph and some graph edges where edge features have a greater impact on
the graph. Whereas, in the graph representation of cellular networks, direct
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links from BS-to-UE are considered as nodes and channel gain of the desired
signal is considered as node features. The interference links between different
BS-to-UEs are regarded as edges, and channel gain of interference is regarded
as node features. While the latter is computed from the former and the topology
of the graph, the edge characteristics are strongly correlated with the node
characteristics. So essentially the graph representation in cellular networks is
still a node-sensitive task. Edge features are used as a complement to enhance
the performance of the graph neural network.

6.2. Conclusion. This study introduces a framework called HEGAT,
which has been developed to tackle the issue of power regulation in
cellular networks. The cellular network is represented as a heterogeneous
directed graph, and the network parameters of HEGAT are trained using a
semi-supervised learning technique. The HEGAT framework successfully
incorporates node and edge properties, resulting in a notable improvement
in node and edge embeddings across various neural network layers. This
technique effectively captures the significance of adjacent nodes and edges
inside the network. The experimental findings derived from thorough
studies conducted on huge datasets of mobile traffic provide evidence of
the almost ideal performance of our proposed strategy. Moreover, the
system demonstrates robust generalization abilities across many network
conditions. In anticipation of future endeavors, our research agenda includes
the investigation of complex heterogeneous network settings, enhancement of
current approaches, and the incorporation of multi-source datasets to attain
higher levels of prediction accuracy. In future work, we will continue research
in this area to verify the versatility of HEGAT in different network scenarios.
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C. o, X. fgH, O.JI. TIETPOCIH
PACITPEJIEJIEHUE MOIITHOCTHU B BECITPOBO/ITHOU COTOBOU
CUCTEME C IPUMEHEHUEM I'PA®OBO1 CETH BHUMAHU S

Liowu C., An X., [lempocsn O.J1. PacnipeiesieHe MOIHOCTH B GeCIIPOBOIHON COTOBOI
cHcTeMe ¢ IpHMeHeHneM rpacoBoii ceTH BHUMAaHMS.

AnHoranusi. C OBICTPBIM Pa3BUTUEM TEXHOJIOTMH COTOBBIX CeTeil M pacIpocTpaHeHUEM
MOOWIbHBIX YCTPOICTB 3(h(heKTUBHAS MOJUTHKA Paclpe/IeIcHUs CETEBbIX PECYpPCOB CTAHOBUTCS
Bce Oosiee BaXXHOH [UIsl y/TyUIIEeHUs MOJIb30BATENLCKUX YCIYT U MPOM3BOJUTEILHOCTH CETH.
Hama nesnp — MakCHMMM3MpOBaTh CyMMAapHYI0 MOILIHOCTb BCEX IOJIb30BaTesleil ceTH IyTem
HAaXOXJEHHs ONTHUMAJIbHOH CXeMbl pacHpefeleHHss MOLIHOCTU. B mocnemHue roasl MeToab!
[IIy00KOro 00yueHus Ha OCHOBE IpachoB IPOEMOHCTPUPOBAIIH GOMBIION MOTEHIUAN VIS PEeIleHAS
po0JIeMBbl pacrpe/ie/IeHHs CETEBBIX pecypcoB. M3-3a TONoIOrn4eckoii Mprpo/ibl MOOMIIBHBIX ceTeil
rpacosele HeiiponHsle cetdt (GNN) MoryT siydine paboTaTh ¢ JaHHBIMH, CTPYKTYPHUPOBAHHBIMU
B BuJe rpao. OfHaKo GOJIBIIMHCTBO U3 STHX METOJ0B (DOKYCHUPYIOTCS TOJIBKO Ha Y3JIOBBIX
yHKIMAX B mpoLiecce 0Oy4YeHHs U 9aCTO UTHOPHPYIOT MM YIPOIIAOT IPaHIYIHbIe (DyHKIUH,
KOTOpBIE UIPAIOT HE MEHee BaXXHYIO POJIb, YeM y3JIbl. UTOOBI pEIIUTh 3Ty HPOOJIEMY, MBI IpE/iIaraeM
ou3aiiH cetu ¢ pacimpeHHbiM rpaduyeckum BHuMaHueM (HEGAT), koTopblii Hampsimyio
CBSI3BIBAET M3MEHSIIOLLYIOCS TOTIOJIOTHIO CETH Y HAMJTYUIIMii CIIOCO0 pacrpeesieHusI MOLTHOCTH
BO BpeMsi 00ydeHust. OGIIMPHBIE Pe3y/IbTaThl MOAEIMPOBAHUS HOATBEPKIAIOT IPEBOCXOIHYIO
MIPOM3BOJIUTEIBHOCTD U HaJIe)KHbIe BOBMOXKHOCTU 00O00IIEHHs], IeMOHCTPUpPYeMbIe Ipe IaraeMoi
merogoorueii HEGAT.

Kurouessle ciaoa: MUCO, coToBast ceTb, OrpaHuuHast (byHKIUs, CeTh Ipahuueckoro
BHUMAaHHsl, paclipe/ieJieHue MOIIHOCTH.
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Abstract. The huge volume of data produced by IoT procedures needs the processing
power and space for storage provided by cloud, edge, and fog computing systems. Each of
these ways of computing has benefits as well as drawbacks. Cloud computing improves the
storage of information and computational capability while increasing connection delay. Edge
computing and fog computing offer similar advantages with decreased latency, but they have
restricted storage, capacity, and coverage. Initially, optimization has been employed to
overcome the issue of traffic dumping. Conversely, conventional optimization cannot keep up
with the tight latency requirements of decision-making in complex systems ranging from
milliseconds to sub-seconds. As a result, ML algorithms, particularly reinforcement learning,
are gaining popularity since they can swiftly handle offloading issues in dynamic situations
involving certain unidentified data. We conduct an analysis of the literature to examine the
different techniques utilized to tackle this latency-aware intelligent task offloading issue
schemes for cloud, edge, and fog computing. The lessons acquired consequently, from these
surveys are then presented in this report. Lastly, we identify some additional avenues for study
and problems that must be overcome in order to attain the lowest latency in the task offloading
system.

Keywords: task offloading, cloud computing, edge computing, fog computing, Internet of
things, latency.

1. Introduction. The smart IoT is widely consumed, which allows
for the connection of numerous electric sensors and gadgets and produces a
higher amount of data flow [1]. IoT products that influence and alter our
daily activities consist of smart homes, sickness control and avoidance, and
connection [2]. These time-critical applications need a greater amount of
power, memory and compute resources. While IoT devices are getting
stronger all the time, running big programmes on a single device still puts a
strain on the battery, Central Processing Unit (CPU), and memory. One
solution to the aforementioned problems is computational offloading, in
which the computing tasks are moved to another system for execution [3].

The cloud, on the other hand, is a tried-and-true option with
established data center infrastructures that might boost the resource
capabilities of end devices. Additionally, the cloud has the requisite
automation features and instruments to provide end devices with the
transparency they want while concealing the complicated technical and
logistical problems of this resource augmentation [4]. As a result, shifting
computation-heavy activities of resource-heavy apps to centralised Cloud
infrastructure is a well-studied approach [4—6]. Edge computing is a
revolutionary computing platform that places edge servers near clients to
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perform services including video processing, online gaming, augmented
reality (AR), virtual reality (VR), and self-driving automobile applications
with recommendation engines. It is required owing to the distance between
the final devices and cloud infrastructure, the transport network's reliability,
the expense of traveling via the backhaul network, and the wider security
surface [7]. Because wireless networks have varied performance, task
offloading increases the quantity of data that devices broadcast, implying a
longer transmission length and higher transmission energy [8, 9], that results
in a shorter device battery life and worse application performance. Edge
computing [10] may assist with the previous problem by bringing computing
resources (i.e., edge/fog serversl) closer to consumer devices, hence reducing
communication distances and, as a result, latency. Edge servers, on the other
hand, are significantly fewer than cloud servers, as just a few servers may fit
in an edge computing center owing to space constraints and restricted cooling
capacity [11]. As an outcome, edge computing will probably provide
inadequate processing resources for consumers to finish all activities.
Edge-cloud computing, which mixes the profits of cloud and edge
computing, provides one of the approaches that is closest to addressing all of
the problems mentioned earlier in order to improve user device battery life
and application performance. Because each operation is executed on the
consumer device, an edge, or a cloud, edge-cloud computing [12] could offer
better computation and transmission performance than edge computing or
cloud computing collectively. While task offloading is one of the greatest
difficult challenges to solve, it is essential to increase resource utilization
efficiency in edge clouds. In an edge-cloud system, task offloading comprises
selecting which activities are relocated from customer devices, which edge or
cloud the work is allocated to, as well as the server that every offloaded
function executes on and in what order. The best offloading solutions must
take into account a variety of resources, user requirements, complex
networks, user mobility, job dependencies, and other considerations, making
these decisions difficult. Compared to fog computing, which occurs within
the device's local network, edge computing occurs within the device itself.
Since there is no round-trip time to the cloud when using fog nodes, they are
especially useful for applications that require low latency. The cloud can be
used to run programs that can take a long time to execute as well as to
regularly save highlights and information from various fog nodes. Because
there are still difficulties for further investigations, we evaluate newly
released studies on latency-aware task offloading in cooperative edge, fog,
and cloud computing in this work. We begin with a complete description of
latency-aware intelligent task offloading in edge-cloud situations, followed by
a detailed examination of associated studies efforts based on latency.
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Following that, we examine unresolved concerns and propose some exciting
areas for further study. We hope that our research on service delivery in edge-
cloud computing will be useful to both academics and industry.

The rest of the work is structured as below. The second section
offers and thoroughly examines the detailed latency of job offloading in
edge-cloud computing. Section 4 compiles the challenges and opportunities
for additional research. Lastly, Section 5 brings the paper to a close.

2. Task Offloading. Task offloading is a technique of having user
equipment operate some computationally expensive programs while
wirelessly transmitting the data processed by these applications to an edge
server on the condition of weighing continuous or other indicators. As
portrayed in Figure 1, the following instances represent possible
assessments that could be made while calculating the offload [13].

Local Execution: This means that every phase of the calculation is
carried out locally. In general, tasks requiring less computational power are
the primary goal of this circumstance.

Full Offloading: The base station wirelessly connects, offloads, and
sends the entire computation to the edge server to be processed. This
procedure is sometimes referred to as the binary uninstallation problem and
the entire uninstallation difficulty. This problem shows that the edge service
application is not isolated it can execute local computations or outsource
them to the edge server.

Partial offloading: If a portion of the calculation may be done
locally, the balance is directed to the edge server for execution.

} @ g@ Data center
. N

! —-. @ { Edge servers

gEsel | Meagima’,  ese ==

1 User devices

Fig. 1. The architecture of computation offloading 5G networks in edge computing
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In Figure2, a few requirements/important justifications for
offloading the tasks are shown. Despite these requirements, the offloading
process is also caused by several additional reasons, including energy
restrictions, bandwidth restrictions, a lack of server computing power, a
lack of available storage, and task size [14].

Implementation of
Resource Constraints security, privacy and Computation time
protection

Data analysis 8

Network Latency :
evaluation

Energy consumption

Load Balancing Saving bulk data Other criteria

Fig. 2. Task offloading constraints

Some activities have delayed responses, and there is a chance that
subsequent jobs might not get resources at all; therefore, latency exists.
Therefore, the task offloading (delay) difficulty in cloud-edge-fog computing
is explored in their study, while they present advice on how to handle it.

3. Literature Survey. The existing research conducted a review on
offloading strategy either cloud or edge or fog. This research examined the
major and essential difficulty of latency in the task offloading approach
used in cloud, edge, fog, edge-cloud, and fog-cloud computing.

Latency offloading strategy in cloud computing. Cloud service
latency is the amount of duration required for a provider of cloud services to
reply to a client request. Latency has a substantial influence on device usage
and enjoyment. These concerns might be exacerbated for cloud service
communications, which could be especially vulnerable to delay due to
several factors.

In [15] the authors provided multilevel full and partial offloading
solutions using cloudlet, private, and public cloud servers. According to the
simulation findings, the suggested multilayer total and partial offloading
systems lower power utilization by roughly 8-9% and 20%, respectively. Here,
instead of retrieving the data for processing, the authors were transmitting a
brief piece of code. However, the suggested system requires more bandwidth
and time-consuming for transferring the little objects. Study [16] provides a
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simple distributed architecture focused on the alternate direction process of the
multipliers procedure to decrease processing latency for all operations. In
comparison to current methodologies, the suggested user-assisted computation
offloading strategy may minimize calculation latency while retaining high
convergence speed. Simulations confirmed the benefits of the suggested user-
assisted multi-task offloading approach in terms of minimizing computation
latency under diverse conditions. Nonetheless, allocating computing resources
will significantly raise the complexity of this challenge.

To improve decision reaction time, in paper [17] the authors
proposed a pipelining task offloading method and modeled it as a delay-
aware Markov Decision Process (MDP). The researchers then developed a
delay-aware MADRL method to lessen the weighted total of job execution
latency and power usage. First, the Markov property is rebuilt by enhancing
the state space with the most recent state and historical activities. Second,
Gate Transformer — extra-long (XL) is introduced to retain the constant
input dimension dynamically altered by random transmission delays and to
capture the significance of previous events. Third, a sampling approach
with a novel loss function with the variations between current with
objective state values, as well as the variance between actual state-action
value and improved state-action value, are developed to generate state
transition trajectories that closely match genuine ones. However, the
reaction time difference between the two job-offloading approaches grows
as the latency between state collection and action transmission grows.

As a result, in order to meet the aim of minimising average task
computation delay while maintaining transmission dependability, a framework
for distributed multi-hop computing task offloading depends on an enhanced
evolutionary process is suggested by the authors in [18], in which workloads
can be recursively distributed among Network Control Protocol (NCPs). The
approach optimizes population setup, employs the crossover operator to
accelerate convergence, and minimizes the possibility of resource excessive
usage resulting from circular schedules by establishing filter chains to filter
schedulable nodes before the initialization step. However, finding the best
option is tough. In paper [19] the authors introduced a Deep Reinforcement
Learning (DRL) depending cooperative task offloading (DCTO) strategy for
movement, contact, and load awareness to optimize that. DCTO supports both
binary and partial offloading methods, as well as cellular and mm Wave radio
access technologies (RATs). DCTO tries to decrease latency by
opportunistically switching RATs and offloading mechanisms. When compared
to the other evaluated plans, the DRL-based cooperative task offloading
proximal policy optimization (DCTO PPO) method exhibited notable
outcomes in terms of reward and TFPS ratio. Consider Table 1.
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Table 1. Review on latency offloading strategy in cloud computing

Ref no.| Algorithm Perform.ance Simulation (Offloading Objective Demerits
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private, then
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Multllevgl full Power and | MATLAB Partial servers, Time-consuming
[15] offloading dela 2015 and fully | multilevel full rocess
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Latency and calculation computing
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efficiently energy the difficulty of
availability this task
The time to react
variance among
the two job
offloading
PyTorch strategies grows
1.10.0 and as the latency
Python between state
Multi-Agent 3.7.11, and Reduce the collection and
Deep Decision the Partial total task action
[17] |Reinforcement |reaction time| hardware offloadin execution transmission
Learning and latency GPU g delay and grows. This is
(MADRL) environment power usage |because the agent
is NVIDIA of the delay-
A100-40 aware MADRL
GB process doesn't
have to wait for
the current
strategy's
response
To meet the
aim of The search
minimising solution space
average task grows in
[18] In;g;z:;zd Latency Python Partial computation | proportion to the
algorithm offloading| latency while | quantity of the
keeping task data. Finding
transmission | the best option is
dependability tricky
in mind
Delay
Deep Python 3.7 reduction by | When the amount
infe " using Fully and | opportunistic | of activities is
[19] rel? orcemen Latency PyTorch | partially | switching of | significant the
‘Zgrlg}?)g STable |offloading| RATSs and system will not
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Latency offloading strategy in edge computing. The authors
in [20] suggested a latency-aware computation offloading technique for 5G
networks. First, some latency and power usage frameworks for 5G edge
computing offloading are described. Then, fine-grained computation
offloading is used to lessen total task completion time. The method is
lengthy to address the problem of multiuser computation offloading.
Extensive simulation tests are carried out in order to validate the efficacy of
the suggested tactic. The findings indicate that the suggested offloading
approach might efficiently minimise task execution latency. Although
restricted resources result in a high rate of resource contention, certain
irrational judgments happen owing to a shortage of total network
knowledge.

Furthermore, in study [21] the authors offered Nimbus, a task
placement and offloading solution for a multi-tier edge-cloud design
wherein DL responsibilities for Augmented Reality (AR) applications
removed from the pipeline and offloaded to adjacent Graphics
Processing Unit (GPU)-powered edge devices. To validate Nimbus'
efficiency, the researchers employed trace-driven simulations. The
authors demonstrated the potential of Nimbus in enhancing the
effectiveness of augmented reality services when offloaded from mobile
devices to an edge-cloud structure using a large amount of actual data
and experiments. According to the stringent latency limits imposed by
immersive applications including AR/VR, the deployment of edge
servers in the network is required. As a result, study [22] proposed an
innovative design whereby task queue lengths are subject to
probabilistic and statistical constraints that are calculated via extreme
value theory in order to reduce consumers' electrical usage while trading
off the allocated resources for local computation and task offloading. To
achieve this purpose, the resources given for local computing and task
offloading must be balanced with the energy utilization of the
consumers. In this context, a user-server association technique is
developed that takes channel quality into consideration as well as server
workloads and computing capabilities. By combining matching theory
with Lyapunov optimization tools, a two-timescale technique is given in
which the long timeframe is utilized to address a user-server association
issue, and the short timescale is employed to execute a dynamic job
offloading and resource allocation strategy. Currently, ML strategies to
reduce latency and dependability are needed.

As a result, study [23] suggested a deep deterministic policy gradient
(DDPG) technique for determining offloading strategy. The Deep
Deterministic Policy Gradient-based technique, allowing task offloading in
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multi-server multi-smart mobile devices (SMD) and multi-task mobile edge
computing (MEC) with ultra-low latency and expands long-term
performance by at least 19%, is detailed. During the resolution process, the
dynamic communication environment and the fluctuating server status
information across continuous time intervals are taken into account. The
researchers can get the offloading object and offloading sections of jobs in
every tiny region using the offloading technique. Even so, Offload-MBS
and Offload-Local strategies cannot provide a satisfactory user experience
in a multi-SMD scenario. In paper [24] the authors presented a two-stage
joint optimum offloading approach, optimizing computation along with
resource allocation under restricted energy and sensitive latency, to
investigate the trade-off between latency and power utilization in low-cost
large-scale marine communication. Considering their needs and
circumstances, the marine users decide in the first stage whether to offload a
computation. In the next phase, the offloading strategy was optimized,
taking into consideration the dynamic trade-off between latencies and
power consumption, and coordinated with the center cloud servers.
Although as the amount of tasks accessed grows, these solutions become
increasingly susceptible to delay.

To shorten the overall completion time study [25] demonstrated a
simple yet effective offloading strategy for multiuser Edge networks that
offloads many important [oT tasks/subtasks to edge servers to minimize
anticipated execution time. This is accomplished by explicitly taking
into account 1) IoT job topology/schedules; 2) heterogeneous resources
on edge servers; and 3) wireless interference in multi-access edge
networks. Nonetheless, to increase the offloading efficiency, there is a
need to develop a novel optimization algorithm. As a result, study [26]
introduced an offloading approach for the joint optimization of
telecommunication then processing resources while accounting for the
blue trade-off amongst latency and energy utilization. The approach is
offered as a tactic for an optimization issue in which the overall power
usage is minimized while the execution latency restriction (or deadline)
is satisfied. The ideal gearbox power, rate, and proportion of the task to
be offloaded are computed analytically and utilized in a solution to
satisfy the optimization purpose. Although partial offloading is an
extremely complicated procedure that is influenced by a variety of
circumstances.

To circumvent the aforementioned constraint, in this study [27]
the authors proposed a flexible MEC-based requirement-adaptive partial
offloading system to cater to every consumer's unique demands in terms
of delay and then consumed energy. The writers gave two normalized
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variables to account for the dimensional disparities between time and
energy and then calculated the computational price of processing
operations. To reduce compute overheads while maintaining acceptable
delay, task workload, and power restrictions, this paper takes into
account realistic fluctuations in user request patterns. However, it
increases time complexity. In study [28] the authors concentrated on
subtask offloading with logical dependence for IoT applications to
reduce weighted task completion latency and power consumption. To
investigate subtask dependencies and consider scheduling priorities,
subtask-dependent graphs are used specifically. Furthermore, a task
offloading technique with dependency assurances for all IoT jobs in
multi-server edge networks is provided in order to improve task latency
and device power usage.

To minimize total delay, study [29] investigate particularly
efficient dynamic spectrum allocation-aided multiuser computation
offloading in MEC. To be more exact, the researchers initially
concentrated on a static multiuser compute offloading situation before
jointly optimizing users' offloading preferences, transmission periods,
and resource allocations on Edge Servers (ESs). The authors take into
account a dynamic workload and channel offloading scenario for
multiuser computation. To efficiently determine the close-to-ideal
transmission length in this dynamic context, the researchers offer an
online deep reinforcement learning-based technique. However, moving
workloads from wireless devices to cloud servers takes time. In paper
[30] the authors looked into delay sensitivity-aware computation
offloading to maximize task performance benefits by considering into
account the state of the network under computation and communication
constraints, in addition to the client's tolerance for task delay. The
researchers highlight the Ilatency sensitivity of task offloading
especially, through an investigation of delay distribution across job
groups utilizing a multi-user and multi-server MEC network.
The researchers then created a sensitivity-dependent rating system
to measure the value of the task's completion and built the Centralised
Iterative Redirection Offloading (CIRO) technique to gather all data in
the MEC network. By beginning with an early offloading scheme,
the CIRO technique allows [oT gadgets to interact along with iteratively
redirecting task offloading decisions to boost the offloading scheme
until it converges. The summary is presented in Table 2.
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Table 2. Review on latency offloading strategy in edge computing
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Continuation of Table 2
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The aforementioned studies have contributed major improvements to
computation offloading in MEC. Based on the preceding study, we explore
the partial offloading mode and resource allocation in a system with several
users in the present study. Although balancing edge servers for efficient
server utilization hasn't been fully researched in either binary or partial
offloading modes, the frequent mobility of several clients in a multi-user
MEC system must be considered.

Latency offloading strategy in edge-cloud computing. Cloud
computing is considered as a realistic and desirable technique to assist this
development due to its ability to provide on-demand access to a massive pool
of computational power for service operations and data analytics [31, 32].

To state the limitations of cloud computing, the edge computing
concept has emerged, resulting in the creation of a pool of virtually operated
storage and processing assets at the network's edge that are within a variety
of [oT devices and therefore minimize latency gaps [33, 34]. In addition, the
edge computing design prohibits outsourcing task pre-processing and
minimizes massive data uploading and downloading, both of these reduce
overall service time [35, 36].

However, the effective administration of edge-cloud computing
capabilities along with the managing of computational tasks for applications
that are latency-sensitive is an essential problem [37], which could require
the proposal of a successful task scheduling approach to enhance total
service performance while decreasing offloaded task delay.

In relation to the preceding justification, it ought to be observed that
the feasible approach to scheduling tasks that are offloaded on the edge-
cloud framework requires into account different application features
(computational, communications, and latency), resource heterogeneity, and
resource utilization, that could be shown as a dynamic multi-objective
optimization issue that changes as time goes on [38].

Study [39] suggested a unique methodology for offloading duties in
an edge-cloud network to reduce total service time for latency-sensitive
applications. This technique employs fuzzy logic techniques and considers
resource utilization along with heterogeneity, in addition to application
features (including CPU demand, network demand, and delay sensitivity).
Additionally, other factors like network congestion have an impact on the
network time of transmitted data. As an outcome, approaches like
reinforcement learning may prove useful for teaching the framework to
make correct judgments but also for monitoring the effectiveness of
offloading decisions by observing every action. Furthermore, because this
operation trades utilization for a shorter total service duration, it may
squander resources at the edge, particularly processing power. More energy-
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efficiency solutions (including Virtual Machine migration and auto-scaling
horizontal/vertical) need to be added in the forthcoming to address this
problem and strike stability amid serving the demands of applications and
then effectively applying the Edge/Cloud computing resources (Figure 3).
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Fig. 3. An overview of the Edge-Cloud system

In a multi-user situation, in paper [40] the authors suggested a multi-
tier edge-cloud computing method for work offloading that is delay-
optimal. The difficulty is given as an optimization framework consuming
Integer Linear Programming (ILP) approaches to decrease the entire service
time of Unmanned Aerial Vehicles. Furthermore, the researchers organized
the task offloading challenge as an Integer Linear Programming (ILP)
model in order to shorten the overall service time of UAVs. A task
offloading algorithm that is more effective was also created using the ILP
model's insights. Long latency is, nevertheless, essential for cloud
computation. As a result, study [41] proposed a back-pressure algorithm
(BMDCO) that created a computational offloading technique for reducing
latency to acquire the offloading choice and the number of jobs that may be
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offloaded in order to minimize computational delay while improving
reaction rate. The researchers then designed an offloading approach to
lower the queue length of jobs in every time slot by decreasing the
Lyapunov drift optimization issue in order to achieve queue stability while
enhancing offloading performance. In study [41] the authors do not include
consuming power as one of the tasks in an edge-cloud system (Table 3).

Table 3. Review on latency offloading strategy in ed,

ge-cloud computing

Ref Algorithm Perform.ance Simulation System Offloading Objective Demerits
no. metric tool type
To meet the Job dura?lon, the
needs of quantity of
transmitted data
latency- .
. for uploading
sensitive
Delay, time. ToT programs .
Fuzzy ’ > | Edge-Cloud | Multi- Partial B downloading
[39] . . and resource g . while
ogic algorithm e environment | user | offloading . data, that may
utilization effectively
S not always be
utilizing X .
. precise owing
resources in .
Edee-Cloud to the influence
ge-L of another
scenarios
element
UAVs' entire
Latency and . .
. service Cloud execution
Delay-optimal safety Multi- Partial duration necessitates a
[40] [task offloading concerns are | MATLAB . .
. . user | offloading [should be kept| high level of
algorithm taken into
as short as delay
account .
possible
MATLAB
R2016b, T(c):l}:;ll’;;gle The energy
[41] BMDCO Delay and | 8 GB RAM, } } time and consumption of
algorithm |Response rate| Intel i5 3.20 increase the the task is
IGHz CPU, and| response Tate considered
Windows 10 P
Resource To decrease corrllrl;(l)t];ion
schédulmg Latency and Edge-Cloud | Multi- Partial the general model,
[42] | policy and | better energy ;i . |system latency] .
f . environment | user | offloading . computing at
routing efficiency of all mobile Lo
algorithm phones local devices is
not considered
For [oT services,
the JTOS fails to
A joint offer mobility-
ofﬂt:)‘asllc;in SDN Fog To minimize loc::?(?rlfa(v)&l;are
& Delay and Cloud Multi- Full the hybrid . .
[43] and . . . services. This
. energy Simulation user | offloading | delay of all S
scheduling Tool applications effort is still
JTOS) PP hampered by
framework safety holes in
the fog cloud
network

To reduce energy with latency, paper [42] examined the interface of
cloud and edge computing, wherein mobile device operations might be
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performed a portion at the edge node with the cloud server. To begin, the
weighted-sum latency of all mobile gadgets is decreased by developing a
combined interaction and compute resource allocation issue. The closed-
form optimum task-splitting approach is then resultant using the normalized
backhaul connection capacity and the normalized cloud compute capacity.
Although the computational paradigm, computing at local devices, is not
taken into account, necessitating the use of linear programming to distribute
task offloading and scheduling. Then, the authors [43] employ
combinatorial integer linear programming (CILP) to solve joint scheduling
and management issues. The researchers suggested a joint task offloading
and scheduling (JTOS) structure in response to the problem. JTOS has task
offloading, sequencing, scheduling, searching, and breakdown parts. Hence,
Figure 3 shows the overview of the Edge-Cloud system.

Edge clouds will help meet the strict latency demands of the future
types of applications that run in real-time including AR and VR by moving
computing, memory, and networking resources nearer to consumer devices.

Latency offloading strategy in fog computing. Fog computing is a
distributed computing methodology that is quickly gaining traction because
it delivers cloud-like services near to end devices. It improves the
computational abilities of mobile nodes and IoT devices by offering cloud-
like computing and storage functionalities with lower latency and lower
bandwidth usage.

The issue of offloading for latency-sensitive applications may have a
solution due to fog computing. Fog devices will significantly minimize
processing latency if they are used to process the tasks. This also helps to
reduce network congestion that can occur when multiple IoT devices submit
information and activities to cloud servers at the same time.

In study [44] the authors developed a dynamic service that chooses
jobs that can sustain another offloading. The offloading destination node is
selected depending on job type, latency constraints, and quantity of resources
required. Three heuristic offloading approaches are proposed in this paper.
Every method focuses on a specific job type. An overloaded fog node is
allowed to send out one offloading request to implement any of these
techniques based on the task offloading priority. Requests for offloading are
made to a Software Defined Networking (SDN) controller. The fog node and
controller decide the amount of jobs that are offloaded. Although the impact
of movement on the intended service wasn't taken into account. To minimize
the execution cost of a task burden offloaded to fog devices, study [45]
proposed a Quality of Service (QoS)-aware task offloading solution using a
brand-new, nature-inspired optimization technique termed the Smart Flower
Optimization algorithm (SFOA). When choosing the best fog nodes to offload
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computing work to, the suggested technique takes into account QoS
characteristics including task deadlines and financial limitations.

Study [46] offered a cost-cutting offloading approach in fog
computing, which is a weighted average of energy use and general
processing delay for every end-user operation. The researchers leveraged
the heterogeneous nature of fog computing nodes with variable CPU
frequencies to handle jobs. The individual computational capacity of the fog
node was found to be a significant factor in the local task processing time,
which in turn affected the overall task processing cost. The authors used
semidefinite relaxation (SDR) to an optimization problem to resolve the
non-convex optimization problem. The offloading profile of the fog node,
in particular, gives insight into work offloading for every fog node with
regard to energy and processing time.

The dynamic collaborative task offloading (DCTO) technique,
introduced by the authors in [47], depends on the resource circumstances of
fog devices. To minimize task execution latency, a job might be performed
by a single fog device or by numerous fog devices via parallel processing of
subtasks. By comparing the suggested offloading approach to the current
methods, rough simulation outcomes indicated significant benefits in
drastically decreasing the average latency in networks with an extensive
amount of service requests and a diversified fog climate. Certain fogs that
have restricted resources are incapable of handling all of the data from a
single task. As a result, in paper [48] the authors developed Fog Resource
aware Adaptive Task Offloading (FRATO), an architecture for IoT-cloud
systems that employs an adaptive task offloading strategy to enable the
fastest service providing feasible. FRATO focuses primarily on the usage of
the fog resource to establish an optimum offloading technique, involving a
collaborative task offloading technique that utilizes the notion of data
fragments. To efficiently deploy optimized offloading technologies in
resource-constrained environments, two distributed fog resource allocation
techniques, task priority-based resource allocation (TPRA) and maximum
resource utilization-based allocation (MaxRU), are developed. However, in
the iterative procedure, it has a poor convergence rate.

Paper [49] presented the meta-heuristic scheduler Smart Ant Colony
Optimisation (SACO) task offloading approach to offload jobs for IoT-sensor
applications in a fog environment in order to minimize compute and
transmission delay. The numerical results of the proposed Smart Ant Colony
Optimization (SACO) method indicate the task offloading algorithm's
considerable decrease in latency. In comparison to the Round Robin (RR),
throttled procedure, and two bio-inspired methods modified PSO and Bee life
algorithm (MPSO and BLA), computational findings show that the suggested
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SACO technique has significantly lower latency in task offloading for IoT-
sensor functions. Study [50] suggested a Globally Optimal Multi-objective
Optimisation method for Task Offloading (GOMOTO) that utilized the
performance model to successfully and swiftly realize task offloading. The
performance framework for task offloading in a fog computing situation is
built utilising network calculus theory. The outcomes display that their
suggested approach and technique may successfully reduce the system's total
latency and power usage while improving network Quality of Service (QoS).
As a result, achieving prompt and dependable job offloading in the fog layer
is a significant problem for fog computing technology.

In [51] the authors proposed the distributed computation offloading
architecture (DISCO) for offloading splittable workloads in order to obtain
a decreased execution period for the fog computing scenario. Through an
extensive simulation study, the presented approaches reveal possible
benefits in decreasing average latency. The model given in this work can
suggest some directions for further research. First, a Helper Node (HN) that
can process several tasks or subtasks can be employed with a many-to-many
matching model. Several HN users can work together to manage a group of
jobs or subtasks with the aim of optimizing the method's latency
performance. Although the scheduling of tasks or subtasks for every HN is
considered in this circumstance, the externality is also considered (Table 4).

Table 4. Review on latency offloading strategy in fog computing
Ref Performance Simulation | Offloading

1o, Algorithm metric tool System| type Objective Demerits
Dy S e T
g-10-"0g . ) Multi-|  Fully calculation time as Y
[44]| Offloading Latency | Algorithms were . . proposed
LFFO written in Java, | " offloading | well as increase the service was not|
algorithm 16 GB of RAM response rate considered
The subject under
consideration is
Smart Flower lgiven as the problem
Optimization Workload-Fog | Multi- of minimizing the Time-
[45] ; Delay . - cost of consuming
Algorithm scenarios user . .
(SFOA) implementation of a process
work burden
offloaded to fog
devices
If the primary

Under energy along| fog node's
with latency computational
limitations, resource is
determine the  |insufficient, the|
Multi- Fully appropriate quantity| primary fog
user | offloading | of'task data to be [node chooses to
handled locally or | offload the
offloaded to the work to a
preferred fog node | neighbouring
and remote cloud | fog node and
cloud

Minimization
Proposed of the total
[46]| Offloading pystemcostand MATLAB
Strategy  [task processing|
delay
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Continuation of Table 4

Ref Algorithm Perform.ance Simulation System| Offloading Objective Demerits
no. metric tool type
Heavy workloads
(ie.,a=10MB)
have considerable
A dynamic effects on the fog
collaborative Reduce computing
. | Fulland .
tas| the tas| ulti- . o meet the delay| environment
k he task Mul T he del:
[47] . X Python partial . .
offloading execution user | e oadin reduction goal | because certain
(DCTO) delay s fogs with few
approach resources aren't
able to handle the
entire data of just
one task
The PSO
approach has the
FRATO (Fog dls‘tidvant:%ge of
. being easier to
Resource To deliver s
aware Powerful fogs Lontext-aware [0 slide into a local
48] Adaptive Dela have 1 GB of |Multi-| Full task computin: optimum in high-
T ai " Y RAM and 6 GB | user | offloading ca abilfties ng ith dimensional space]
. of storage pa while maintaining
Offloading) — minimal latency
a framework a low rate of
convergence in
the repeating
phase
2018b MATLAB,| Minimizing task
Itwasrunona offloading time
Smart Ant PC with a 2,80 in [oT-Fog Power
olony atency an z Inte environment by L
[49] Col L d | GHz Intel(R) - - i b consumption is
Optimization [processing timgl Core(TM) i7 considering not con;)i dored
(SACO) ICPU M640@2.8 computation and
GHz and 8 GB communication
RAM latency
Globally The complete FN|  Asa fegult,
. . performance providing
Optimal Multi- . .
L lconcept is defined| consistent and
objective . .
Obptimization Latency and Multi- as the linear reliable work
[50] ptin Energy JDK 12 - weighted total of | offloading in the
algorithm for . user N H .
Task consumption equivalent delay, | fog layer is a big
. power usage, challenge for
Offloading and storage fog computin
(GOMOTO) & g computing
space design
Distributed To decrease the
[51] cgtfnﬂ}())l;t;it:l(;n To reduce the | SimPy library in| Partial ti[lr)lzoflfilslibnfgog Computational
framework | 2VETage delay Python offloading computing complexity
(DISCO) atmosphere

Despite technical breakthroughs, IoT and smartphones remain resource-
restricted. Because of their restricted memory, processing, and networking
abilities, these gadgets might be unable to independently analyze massive
quantities of information or perform compute-intensive processes over an
assured time period. If the bulk of data or the complexity of apps grows, these
electronics will be impossible to run them for a reasonable length of period.
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Latency offloading strategy in cloud-fog computing. The IoT layer
(Tier 1), Fog layer (Tier 2), and Cloud layer (Tier 3) are three tiers of a three-
layered hierarchical structure Figure 4 that are taken into consideration.
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Fig. 4. A three-layered Framework for IoT-Fog-Cloud [52]

In paper [52] the authors suggested a fuzzy logic approach for task
prioritization that uses resource needs and deadlines in order to benefit from
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the effectiveness of the underlying computing nodes for jobs' heterogeneity
and computational requirements with deadline constraints. For effective
planning, an elitism-based multi-population Jaya is suggested to map these
distinct groupings of activities to a cluster aggregation of computationally
capable heterogeneous computing nodes.

A compatibility-based heuristic offloading approach is created as well to
locate compatible computing nodes to offload computations while considering
the availability of resources and delay in communication from relevant loT
gadgets into account. These activities necessitate the use of increasing
resource — and memory-intensive computer nodes for execution. In study [53]
the authors suggested a multi-armed bandit (MAB) theory-based optimized
oftloading system to reduce mean computing task offloading latency. USV
cluster nodes may employ this strategy to minimize the average computation
task offloading latency by recognizing the potential computing capabilities of
their neighboring team nodes. The Adaptive Upper Confidence Boundary
(AUCB) method is an optimized technique with related simulations to evaluate
performance. Further complicated tasks were not met by this technique.

Less bandwidth equals less delay, which enhances reaction time. In
paper [54] the authors propose fog computing as middleware since it delivers
operations to the network's edge effectively and serves delay-sensitive
activities. Since creating a task-offloading strategy is complex, this research
paper tackles the problem that proposes an intelligent task-offloading
framework. They cannot operate for an extended amount of time or could fail
to make helpful judgments in complicated scenarios, and the main goal of the
task offloading problem is to minimize latency and power usage (Table 5).

Study [55] examined the topic of task offloading delay decrease in a
hierarchical fog computing Cloud Radio Access Network (C-RAN) with three
tiers of computational services: MEC servers in radio units, MEC servers in
distant units, and cloud-based services in centralized units. The receive
beamforming vectors, job distribution, processing performance for offloaded
tasks on every server, and transmission bandwidth split of front haul links are
all optimized by answering the given mixed integer programming issue.

To offer a realistic setting for the evaluation of the suggested task-
loading strategies, in study [56] the authors compile a set of Python tasks. In
addition, a four-tier structure is developed in this research to identify the
appropriate decision-maker for the job at hand. The examiners then classify the
issue as a population (evolutionary) game that employs Maynard replicator
dynamics. The primary optimization goals in this study are to reduce time and
energy consumption. Finally, the authors utilized MATLAB to simulate the
suggested strategy, paying particular attention to the usage of accurate values
and parameters. As a result, the NP-hard optimization on the character of the
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issue has restricted computing resources. In paper [57] the authors presented fog
computing as an extra computing model for cloud computing to reduce latency.
IoT-based systems run with greater effectiveness when combined with fog
computing. When fog is unable to perform an operation owing to insufficient
capacity, heavy calculations are offloaded to the cloud. However, understanding
when to go from fog to cloud is crucial. The decision to move work from fog to
cloud needs to be taken cautiously, and this research provides a solution.

Table 5. Latency offloading strategy in cloud-fog computing

Ref Algorithm Perform.ance Simulation Sy Offloading Objective Demerits
no. metric tool type
Minimise To provide a
offloading time latcncy—awam These activitics
Elitism-based for lat,e].le- ofﬂf)admg necessitate the use of
multic sensitive technique that increasin
. applications . . Multi-| Binary [takes into account s
[52]| population hile keepi iFogSim fHloadi K prioriti resource-
Jaya while keeping user | offloading |  task priorities and memory-
algorithm deadline and whilst fulfilling intensive computer
& latency deadlines along pul
L ; . nodes for execution
constraints in with competing
mind QoS restrictions
IAdaptive Upper] s
Confidence . To minimize This algorithm did not
. . Multi- Fully average .
[53]] Boundary delay iFogSim . . satisfy more complex
(AUCB) user | offloading | computation task tasks
algorithm offloading delay
[They cannot function for
Intelligent task | Bandwidth Multi- | Multi & LCSSI bla ndzl?th an c;xtcnd((:id am}(l)ullet of
[54]| offloading | delayand | SFogSim ti- tifog | equals less delay, | time and might be
model response fime user | offloading | which increases unable to arrive at
P reaction time | effective conclusions in
complex scenarios
RAN Fog- . . To improve the | .. . .
[55] C Delay computing Multi- Bmary delay performance| limited compqtatlonal
network network | User offloading of task offloading capabilities
Polynomial The NP-hard character
gaﬁ The basic goals | of this issue, as well as
Ar megts on of the task the presence of several
. clay an on an ti- inary | offloading issue junfounded presumptions
[56] ]g)ulrected Del d h d | Multi Bi ffloading i founded i
Graphs energy Matlab® user | offloading | are to minimize | in the offered answers,
(PP/]\JD) delay and energy | represents an essential
aloorithm expenditure study need in this
s domain
[To allow task migrations
from node to node in
the fog computing
System circumstances, as well ag
MTFCT S . Multi-|  Partial | To minimize the |an improved strategy to
[57] . efficiency and | FogSim . N
algorithm dola user | offloading delay manage the job on the
Y cloud data center, either
work is offloaded
from a portable device
or any fog node
Minimizing the - .
Branch-and- Eneray and Multi- Partial and total energgy MObﬂ;gt‘(;I;(rill(fferem
[58]| bound for &y Matlab2018a| full consumption and .
delay user . components is not
MILP offloading latency of considered
communication
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In [58] by decreasing the overall power usage of IoT users about
communication and computation latency, the authors are putting forth an
ideal offloading choice technique and resource allocation scheme in a fog
atmosphere. To optimally offload jobs to the fog node, an optimization
issue is constructed, with an upgraded branch-and-bound tree proposed for
issue assessment. Among the characteristics used by the researchers to
assess performance include the average task delay, average power usage per
job, and median remaining power per [oT node.

Cloud platforms have already penetrated all sectors of business and
left an impression on the economic landscape. Each enterprise is searching
for cloud-based business solutions because of the advantages that have a
significant impact on a corporation's operational costs. Fog Computing is
helping the Cloud Computing platform with increasing its market share and
providing technologies depending on the Cloud with a new lease on life.

Latency offloading strategy in IoT-edge-cloud. In paper [59] the
authors investigated the workload distribution issue in an IoT edge-cloud
computing structure with guaranteed delays and energy efficiency. The
researchers created a latency-based task allocation problem that provides
the optimum workload distributions over local edge servers, neighbouring
edge servers, and the cloud while ensuring minimal power usage and delay.
The difficulty is then solved by consuming a delay-based workload
allocation (DBWA) method that utilises the Lyapunov drift-plus-penalty
theorem. Meanwhile, dynamic traffic patterns of edge and cloud servers, in
addition to their diverse computing capacities provide an issue to task
allocation. Paper [60] described a block-chain situation whereby secured
task offloading may done by collaborating with edge computing and cloud
computing to reduce the usage of energy of the IoT device with delay
limitations. In addition, the writers proposed an IoT-Edge-Cloud computing
framework for block-chain that leverages both Mobile Cloud Computing
(MCC) and MEC, with MEC servers given decreased latency computing
services and MCC servers providing more powerful processing capacity.
Moreover, they provide an energy-efficient dynamic task offloading
(EEDTO) approach by determining the appropriate processing location
online, whether on an IoT device, an MEC server, or an MCC server, in
order to minimize both power consumption and task response time. The
Lyapunov optimization approach is employed to regulate compute and
communiqué expenditures for diverse applications, including dynamic
alterations to wireless settings. Offloading duties from IloT gadgets to
MEC/MCC servers may not be advantageous, particularly if network
bandwidth is limited (Table 6).
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Table 6. Latency offloading strategy in loT-edge-cloud

Ref Algorithm Perform.ance Simulation System Offloading Objective Demerits
no. metric tool type
To minimize the | The dynamic
drift-plus- traffic patterns of
Delay-base Transmission penalty, as well | edge and cloud
workload power use and Matlab and as the method's | servers, along
59]| allocation network - - power usage, | with their diverse
C++
(DBWA) transmission while providing computing
algorithm delay aper-job abilities pose an
granular delay issue to task
guarantee allocation
Offloading
duties from IoT
Eneray- With time gadgets to
Cmcgl ) constraints, the | MEC/MCC
dynamic task Delay and MObllC' Single Partial objective is to | processors might
[60] . energy blockchain . lower the not prove
offloading . user | offloading .
(EEDTO) consumption network electrical advantageous,
aloorithm consumption of | particularly if
£ the IoT device network
bandwidth is
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However, due to
resource
Multi-hop constraints in the
cooperative- Aiming for QoS | s ;(clrg: :;r\ézr c-
[61]] communi- QoS, and delay Matlab - - . s ystem, s
cation model improvements | based IloT may
be unable to
(MCCeM) support resource-
intensive
activities
When the MEC
surroundings
shift, the
DI:ZE’I l;grc-ta Delay, minimise To identify the algorithm
cement computing best offloading quickly
[62]|  Leamning- strain, and 1 Multi- Full system in terms | converges, SO
base dg enhance job user offloading of weighted only a few
Offloadin processing delay and power | learning steps are
(DMRO)g efficiency usage required to
provide low-cost
offloading
alternatives
CPU energies,
e’iﬁ(‘)‘f Offloading tasks
DDMTO demands to the edge/cloud
Distributed > To enhance servers might not
delays, as well &
Deep Meta Y5, Multi- Partial | service time and be ideal,
[63] . as resource Python . Ny .
learning- L user offloading resource particularly if
X utilization, X
driven Task heterogeneitics consumption network
Offloading) S g bandwidth is
and overall X
X constrained
times are all
considered
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Study [61] investigated the multi-hop computation-offloading issue
for the IloT-edge-cloud computing paradigm by employing a game-
theoretical method for distributed computation offloading that is QoS
aware. To lower the computational period and power usage of every task,
the writers initially investigated the computation-offloading and
communication-routing difficulties. The overall challenge is then
formulated as a possible game whereby the IIoT devices select their
computation-offloading approaches. Secondly, a free-bound technique with
a finite enhancement route to a Nash equilibrium is adopted. Finally, the
writers created two distributed methods capable of reaching the Nash
equilibrium that suggest a multi-hop cooperative messaging network.
Meanwhile, due to resource constraints in the edge server, an edge-based
IToT may be unable to support resource-intensive activities.

Paper [62] suggested a Deep Meta Reinforcement Learning-based
Offloading (DMRO) method that employs numerous concurrent DNNs
along with Q-learning to generate precise offloading judgments in direction
to recognize the optimal offloading system that lessens the weighted delay
along with power use. The optimum offloading method from the IoT
environment may be acquired quickly and flexibly by integrating DL's
perceptual capacity, reinforcement learning's decision-making strength, and
meta-learning's rapid environment learning ability. After that, to resolve the
problems of poor portability and ensure that DNNs are employed for
creating successful and productive offloading decisions, study [63] offer
DDMTO (Distributed Deep Meta learning-driven Task Offloading). The BP
method computes the outputs of these networks utilizing inputs from hidden
layers. Based on discrepancies, errors are tracked from intended outputs to
hidden layers and from hidden layers to input layers. Neuron weights alter
when the flow returns. Epochs are cycles that travel from inputs to outputs
and back.

3. Problem Statement. The researchers mentioned here have
provided major improvements to task offloading in cloud, edge, and fog
computing.

—  If there is an excessive amount of task-offloading consumers,
certain offloaded processes require waiting for sufficient processing
capacity, incurring a delay. The waiting time for task processing at the
server can't be overlooked in this scenario and must be considered.

—  Task offloading in multi-user systems in MEC ought to be
investigated, since balancing edge servers to optimal server utilization
hasn't been well investigated in either binary or partial offloading modes.

—  Moreover, there is a delay in resource provisioning for an edge
or cloud, such as the seconds or minutes it takes a cloud to activate a virtual

Informatics and Automation. 2024. Vol. 23 No. 1. ISSN 2713-3192 (print) 307
ISSN 2713-3206 (online) www.ia.spcras.ru



U PPOBLIE MHOOPMAIIMOHHO-TEJIEKOMMYHHKAILIMOHHBIE TEXHOJIOI'MA

machine instance. Hence, this delay in task offloading could lead to
violations of QoS standards, such as response times.

—  Furthermore, edge-cloud computing necessitates the assessment
of provisioning delay, as well as task offloading which is aware of the
resource provisioning delay. The calculation of provisioning delay is
complex since there are numerous aspects to consider, including the
heterogeneity of the resource collection, the software required for offloaded
activities, network configuration, time of day, location of edge or cloud, and
furthermore.

—  To overcome the above-mentioned consequences we provided a
suggestion which is discussed in the following section.

4. Objectives.

— In cloud computing, offloading strategies can accelerate the
computation of certain parallel ML methods by leveraging their high degree
of parallelism, hence reducing latency.

—  Furthermore, DL algorithms are extremely effective in
addressing the inherent difficulties of edge-cloud computing platforms,
where neural network algorithms may decrease multiplication processes
during model solutions, also accelerate the method of convergence.

—  Various optimization algorithms are introduced to minimize
latency and convergence time, hence expediting offloading choices. In this
manner, we plan to assess the effectiveness of procedures when offering
time-sensitive operations with preset deadlines.

— Asaresult, we want to create a unique latency-aware intelligent
task offloading strategy for edge or cloud computing as a component of our
next project.

5. Future Directions. This study proposes some open directions for
addressing the latency restrictions in cloud-edge-fog computing.

—  As discussed in the overview, the division of data is a critical
technique for decreasing latency in complex heterogeneous surroundings.
Anyway, because of the variety of input data structures in actual
applications, various division techniques are required to improve or
optimize system efficiency. Furthermore, the information might be
specifically split into distinct properties including size. The optimization
may therefore be framed to determine the ideal amount of data subsets and
related data subset sizes for optimizing system efficiency.

— A novel swarm-based optimization technique is needed to
consider the average metrics such as queue length and latency.

— In addition, traditional as well as classic logic is an intelligent
system suitable for being used in those revolutionized sectors where
decision-making help is required; consequently, it may be an effective
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approach to keep up the existing research conducted with the fog-cloud job
offloading technique.

—  Work to come may collaborate on local, edge, and cloud
processing resources to improve performance even more.

6. Conclusion. A complete study of the system's efficiency with
regard to latency in cloud, edge, and fog computing is one of the
prospective research. In this research, we present a strategy for detecting
associated research in edge-cloud-fog computing based on task type,
offloading methodology, and purpose. After that, we thoroughly examine
previously published studies that are related to task offloading. Due to
investigations on latency-aware task offloading in edge-cloud computing,
several challenges must be investigated before edge-cloud computation may
be utilized for providing services. As a consequence, we discussed a few of
these difficulties, in addition to possible additional research on task
offloading latency in edge-cloud-fog computing. For academics, and
industry groups interested in edge clouds, we trust that our survey work is
beneficial.
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b. CBAIIHA, B. [IMBbA
HUHTEJUVIEKTYAJIBHAS CXEMA PACIIPEJEJEHHUE 3AJJAY C
YUYETOM 3AJIEPKEK BBIYUCJIEHUM B EDGE-FOG-CLOUD —

OB30P

Ceanna b., [Jusvs B. UHTe/llIeKTya/IbHAs cXeMa paclpe/ieJeHusl 3224 ¢ Y4eTOM 3a/iepiKeK
BbluucieHnii B Edge-Fog-Cloud — 0630p.

AnHoTtanus. OrpoMHBI 00beM JaHHBIX, CO3JaBAaEMbIX IponeIypaMu MHTepHeTa Bemei,
TpeOyeT BBIYUCINTEIBHON MOIITHOCTH M MECTA T XPAHEHUS, PEIOCTaBIACMOr0 00IauYHbIMH,
nepuepruilHBIMUA U TyMAaHHBIMU BBIYHUCIHTENHBIME cHCTeMaMH. Kaxplii u3 9Tux cnoco6oB
BBIYUCICHHI MMeeT KaK IpeuMyIlecTBa, Tak U HemocTaTku. OOnauHble BBIYUCICHUSL
YIy4IIAlOT XpaHeHHe HH(OPMAlMM ¥ BBIYMCIMTEIbHBIE BO3MOXKHOCTH, OJHOBPEMEHHO
yBenuuuBas 3aJepxkKy coenunenus. Ilepudepuiinble 1 TyMaHHbIE BBIYUCICHUS IPEATAraroT
aHAJIOTWYHbIE IIPEHMYIIECTBA C YMEHBIICHHOH 3aJepXKKOH, HO HMEIOT OrpaHHYEeHHOE
XPaHWIHILE, EMKOCTb U MOKphITHE. [lepBOHAYaIbHO ONTUMHU3ALHS IPUMEHSIIACH TS PELICHUS
npobnembl  cOpoca Tpaduka. UM Ha000pOT, TpaAMIMOHHAS ONTUMH3ALMSA HE MOXKET
YIIOBJICTBOPUTH JKECTKHE TPEeOOBAHUA K 3a/IepiKKe NPUHATHS PEIICHHH B CIOKHBIX CHCTEMaX,
BapbUPYIOIIEHCS OT MIJUTMCEKYH]T 0 JIOJIeld CeKyHABl. B pe3ynbraTe aaropuTMbl MAIIMHHOTO
00y4eHus, 0cOOEHHO 00y4eHHE ¢ MOJKPEIUICHHEM, HAOMPAIOT NOMYJISPHOCTh, TOCKOJIBKY OHU
MOTYT OBICTPO peIIaTh HPOONEMBI PAa3rPy3KH B AUHAMUYECKUX CHTYAIHAX, BKIIOYAIOIIUX
oIpeJieJIeHHbIe HEOO3HAaHHbIe NaHHbIe. MBI IPOBOJMM aHAIIM3 JUTEPATyphl, YTOOBI U3YYHTh
pa3nMYHBIC METOIBI, HCIONb3yeMble Ul PEHICHUS JTOH HHTEUIEKTyalbHOH 3ajadd MO
pasrpy3ke 3agad C Y4eToM 3aJiepikeK I OONauyHbIX, HepuepuiHBIX U TyMaHHBIX
BEIYUCIICHHI. YPOKH, OJIydeHHbIE B PE3yJIbTaTe 3THX HCCICIOBAHMIL, 3aTeM IPEe/ICTaBICHbI B
HacToseM oTdeTe. HakoHel, MbI ompezensieM HEKOTOPbIE IOMOIHHTENIbHBIE BO3MOXHOCTH
Ui M3YYEHUS U NpoOJIeMbl, KOTOpblE HEOOXOAMMO IPEOJONETh, YTOOBI JOCTHYb
MHHHMAJIBHOH 3aJIep)KKH B CHCTEMe Pasrpy3Ky 3a1ad.

KiioueBble ciaoBa: pasrpy3ka 3afad, oOONauHble BBIUHCICHHSA, IepupepuilHbe
BBIYUCIIEHHS, TYMaHHbIE BEIYMCIIEHHS, MIHTepHET Belel, 3anepiKka.
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	Показатели и критерии, ограничения и допущения, принятые в методике:
	Показатель: вероятность нарушения устойчивого функционирования СС.
	Последовательность проведения расчетов по методике. Как следует из принятых ограничений и допущений, СС функционирует с выполнением требований, предъявляемых к ней. На нее осуществляется воздействие различных ДФ, приводящих к нарушению процесса функци...
	Рис. 1. Блок-схема последовательности применения методики
	Рис. 2. Блок-схема синтеза СС для обеспечения ФУ
	2. Определение интенсивности синтеза СС и ее элементов в условиях появления конфликтов в ней. Определение интенсивности синтеза СС в разработанной методике выполнено с помощью математической модели, описывающей процесс функционирования СС, который мож...
	Рис. 3. Граф состояний СС
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	4. Заключение. Количество ДФ, влияющих на функционирование, как отдельных элементов СС, так и всей системы, с каждым годом растет. Это связано, в первую очередь, с появлением новых средств воздействия у злоумышленников, совершенствованием их тактико-т...
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