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MATHEMATICAL MODELING AND APPLIED MATHEMATICS

YK 519.872 DOI 10.15622/ia.23.6.1

B.A.TTOHYAPEHKO, A.JI. XOMOHEHKO, P. ABY XACAH
KOMIIO3ULIMOHHBIN MOAX0J K UMUTAIIMOHHOMY
MOJEJUPOBAHNUIO CUCTEM MACCOBOI'O
OBCJYKUBAHUS CO COYYAMHBIMU ITIAPAMETPAMU

Tonuapenko B.A., Xomonenxo AJ], A6y Xacan P. KoMNo3MUMOHHBIA MNOAX0]
K HMHTAIIMOHHOMY MOJIeTHPOBAHHIO CHCTEM MAacCCOBOI0 00CTy:KHMBaHHs €O CIyYaiiHLIMU
napaMeTpaMH.

AnHotamusi. OGOCHOBaH OOIMMH TMOAXOA K MOICIMPOBAHMIO CIyYailHBIX IPOLIECCOB
OOCTy)XMBaHUS B YCIOBHSX BO3MYIICHHH M HEONPEJEICHHOCTH HCXOAHBIX JaHHBIX.
IpennoxeH KOMIIO3UMIMOHHBIH IOJXOJ IOCTPOEHHs HMMUTALIMOHHBIX MoJeNeil MaccoBoro
o0ciTyKMBaHUs C IapaMeTPUYeCKOH HEONPENENIEeHHOCTbIO HA OCHOBE paclpesieeHui
¢azoBoro tHma u (a3oBeIx (yHKHui. [IpoBeneHBI pacueT M CpPaBHEHHE XapaKTEPHUCTHK
pa3paboTaHHBIX ~ MMUTALMOHHBIX ~ MOjeNed ¢  aHAINTUYECKUMH  PElIeHMAMH IS
HOATBEpXICHUA  UX  3(dexkTnBHOCTM W TouHocTH.  OcBemieHa — mpoOieMaTHka
HEOIPEeIeICHHOCT! HCXOJHBIX JAaHHBIX M HX BIMSHHE HAa MOJAEIHPOBAHHE CHCTEM
obciyxuBaHus. Ilog4epkuBaeTCsi Ba)KHOCTh ydeTa HapaMeTPHYECKOH HEONpPEeAeeHHOCTH
B MIMHTALIOHHBIX MOJIEIISX IS IOBBINICHNS HX aJJeKBaTHOCTH ¥ IPIMEHUMOCTH Ha IPAKTHKE.
IIpoBeneHHoe wHCCIeOBaHME BKIIOYACT ONUCAHME OOMIEro MOAXOAAa K MOJEIMPOBAHHUIO
CITyJaifHBIX MPOIECCOB OOCIY)KMBAHUS C HEOIPEICICHHOCTBIO, a TaKXKE METOJOJIOTHUCCKUE
OCHOBBI TIpUMEHEHHS (Da30BBIX pacrpefeNeHHid ¥ (QYHKIHMI B  KOMIIO3UIHMOHHOM
MOZICIHPOBAaHUU. PaccMOTpeHBI 4eThIpe Kiacca MOJENed OOCTyKHBAHUS, OTIMYAIONINXCS
THUIIOM MHTETPAIBHOTO sipa U (Ha3oBoi (GYHKINH, YTO ITO3BOJSET PealM30BaTh pa3zHooOpasue
CIIyJaifHBIX IIPOLECCOB OOCTY)KMBaHHS C YYeTOM HX OCOOCHHOCTEH U YCIOBHH HX
BO3HHKHOBEHHA. [IpoBeneH aHamm3 MOJENH € SKCHOHEHIMAIBHBIM HHTETPAIBHBIM SIPOM
U pa3IuYHBIME BUJIAMH (a30BBIX (YHKIOUH, YTO AEMOHCTPUPYET TMOKOCTh M IIHPOKHE
BO3MOXKHOCTH HPEIOKEHHOI'0 KOMIIO3UIMOHHOTO MOAXO0Aa K M3YYEHHIO M MOJEIHPOBAHUIO
cucteM oOcmyxuBaHus. IIpencTaBieHsl pe3ylbTaThl HMHTAIHMOHHOTO MOJEIMPOBAHHS,
MOATBEPXKIAIOIINE AaHAJIUTHYECKHE WCCIENOBAaHMS M  IIOKA3bIBAIOIIME IIPHMEHHMOCTD
1 3QPEeKTUBHOCTE pa3pabOTAHHOTO ITIOAXOJA NPH MOCTPOSHHUM M aHAIM3e MOJENel cHCTeM
0o0CTyXMBaHUS CO CIydalHbIMH mapamerpamu. OTMedaercsi HpaKTHYecKas 3HAYUMOCTb
KOMIIO3HIIHOHHOTO MeTOJa M1 HPOEKTHPOBAaHHS M MOJEPHU3AIMH HH()OPMaIHOHHO-
BEIYUCIIMTENBHBIX CHCTEM Ha PAa3IMYHBIX dTalaxX MX Pa3BUTUS C YIETOM HEONPEHEICHHOCTH
HCXOJHBIX JaHHBIX. PacCMOTpeHBI MpUMephl pacyeTa XapaKTepPUCTHK DIeMEHTOB apXUTEKTyPbI
ACY Xene3HOJOpOXKHOIO TPaHCIOpTa 00pabOTKH HH(OpPMAIMK B CpeAe MMHUTAIMOHHOTO
mozmemupoBanuss GPSS  World mns  cereBoro y3ma © ceTeBOl MOIEIM MaccCOBOTO
o0ciy)KMBaHHsl cerMeHTa. PaboTa OpHEHTMpOBaHAa Ha PA3BUTUE METOJOB HMMHUTAILMOHHOTO
MOJICITUPOBAHHS CHCTEM MACCOBOTO OOCITY)KUBAHHS U OTKPHIBaeT HOBBIC NIEPCIEKTHBBI U HX
HCCIIeIOBaHNS M ONTHMH3AINH B YCIOBUSIX HEONPEIEICHHOCTH HCXOHBIX TapaMETPOB.

KiioueBble c¢/10Ba: KOMIIO3HI[HOHHBI MHOIXOA, HHTErPANBHOE SAPO, MMUTAILMOHHOE
MOJIEIMPOBaHHUE, ciydaiiHblii  mapamerp, nmapaMeTpuyeckasi  HEONPEJENeHHOCTb,
TUIEPJIENbTHOE PAaCHpE/ielieHHe BEPOATHOCTEH, 0000LIeHHass (QYHKIMA, paclpeselicHue
(a3oBoro THIa, paBHOMEPHO-IKCIIOHEHIINANFHOE PAcIpeeleHne, allpoKCHMaIus, (pazoBas
(yHKIMS, CHCTEMBI MAacCOBOTO OOCITYKUBaHHSI.

1. BBegenue. Mojenn CHCTEM H CETe MacCOBOTO OOCITY>KHBaHHS
SIBIIIIOTCSL  Ba)KHBIM HHCTPYMEHTOM JUIl aHalu3a U ONTHUMHU3aLUU
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MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

MPOLIECCOB OOCIYKMBaHHSA B Pa3IMYHBIX cdepax, BKIIOUas TPAHCIOPT,
TEJICKOMMYHUKAIMK W Jpyrue cdepsl. OTH MOJEIH  IO3BOJITIOT
HCCIIEI0BATEISIM u WHKEHEpaM MIPOTHO3UPOBATH MIOBE/ICHHE
U XapaKTEPUCTHKH CHCTEMBI, aHAIM3UPOBATH €€ MPOU3BOAUTEIBHOCTD
U WACHTH(UIIIPOBATh y3KHE MECTa, MPEATIaratb MEpbhl Ul MOBBIMICHHS
3¢ EKTHBHOCTH PaOOTHI CHCTEMBI B IIEJIOM.

B uymcrne axTyanbHBIX COBPEMEHHBIX HAIPaBICHHH Pa3BUTHS
MoZeled U METOAOB HCCICNOBAaHUM CUCTEM M CETE€d MaccOBOIO
00CITy)KMBaHHsI MOXKHO BBIZICIIUTH CJIEIYIOIINE KIACCHI.

1. Mopgenu cucTeM MaccoBOro OOCIY)XHUBaHHUS C YIIPaBIIEMbIMH
peXumamy, BKJIIOYas MexaHum3Mbel "pasorpeBa" u  "oxmaxiaeHus",
MPECTABISIIOT COO0H pa3BUTHE KIACCHYECKHUX MOAXOJOB K YIPaBICHUIO
ouepensIMH. DTH MEXaHU3MBI MO3BOJISIOT AMHAMUYECKH aJalTHPOBATHCS K
N3MEHSIOMNMCS YCIIOBHAM IIOTOKAa 3asfBOK, ONTHMH3HPYS PECypchl H
yiry4masi Ka4ecTBO oOcCirykuBaHus. [ cucTeM 0ONMadHBIX BBIYMCICHUH C
Be6-unTepdeiicom B crathe [l] TpemyokeHBI BEpOSATHOCTHBIC MOIEITH
MHOTOKQHAJIBHBIX ~ CHCTEM C  «pPa3orPeBOM»,  «OXJAKICHUEM» H
ANMPOKCHUMUPYIONIMMH pacipesesieHusaMu ¢a3oBoro tumna. Pabora MHOTHX
peanpHBIX CHCTEM, HalpHUMeEp, CEPBEPOB JaTa-IEHTPOB, CONPOBOXKIAETCS
HarpeBoOM M OXJIAXKJCHHEM cepBepa. B crathe [2] paccmaTpuBaeTcs 3agada
ONTHMAJIBHOTO BBIOOpPAa MOPOrOBBIX 3HAYEHHH pa3orpeBa U OXJIAKICHUS
cepBepa B COOTBETCTBUH C BEIOPaHHBIM 3KOHOMHYECKUM KPUTEPUEM.

2. Bo MHOrmX peajpHBIX CHCTEMax odepeneil 3amadul WIN
KJIMEHTHI UMEIOT pa3Hble YPOBHU NPUOPHTETA. JTO TpeOyeT pa3paboTKu u
aHaJ M3a MOJENICH CHUCTEM MacCOBOTO OOCIY>KMBAaHHUS C IIPHOPUTETAMHU,
4T00B! 3()(EKTUBHO YNPaBIATH ITIOTOKOM KIMEHTOB B COOTBETCTBHMHU C HX
Ba)XHOCTBIO. PacyeT NPHOPUTETHBIX PEXHUMOB I MHOTOKaHAIBHBIX
CHCTEM MaccoBOTO OOCIY)KMBaHHS OTHOCHUTCS K KJIacCy TPYAHO peIIaeMbIX
3aga4. B wactHOCTH, B pabore [3] paccMarpuBalOTCsS YCIIOKHEHHBIE
BapUaHTBl CHUCTEM MAacCOBOTO OOCIYy)XMBaHHS C JUHAMHYCCKUMH
mpuopuTeTaMu. B umcie MeTomoB pacdera BEpOSITHOCTHO-BPEMEHHBIX
XapaKTEpPUCTUK MHOTOKAHAIBHBIX CHCTEM MAacCOBOTO OOCITyXKHBaHHA
(CMO) ¢ npuopuTeTaMH OTMETHM IPEIOKEHHBI B [4] M pa3BHBaeMBbIit
B[5] momxonm K paspemieHHI0 MpoOJIeMbl CHIDKEHUS Pa3MEpHOCTH,
OCHOBaHHBIH Ha WCIIOJNB30BAHMUHM MEPHOAA HEMPEPHIBHOW 3aHATOCTH
CUCTEMBI 00CITy)KMBaHUEM 3asIBOK BBICIIETO IIPHOPUTETA.

3. Mopuenn cHCTEM MaccoBOrO OOCIY)XHMBaHHS C IOBTOPHBIMHU
BBI30BaMH — 3TO KaTEeropusi MOejed, MCHoNb3yeMasi Ul HCCIeIOBaHHS
CHUCTEM, B KOTOPBIX 3asBKH, HE IOJYyYHBIINE OOCITy)KHMBAaHHE C IIEPBOH
TONIBITKH, ~ BO3BPAINAIOTCS B CUCTEMY Uil TIOBTOPHOW  HOMBITKH
oOciyxuBaHus. OHU IIMPOKO NMPUMEHSIOTCS /s aHaJIM3a PasHOOOpa3HBIX
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CHCTEM U TIPOIIECCOB, TAKMX KaK TEICKOMMYHHUKAIIIOHHBIE CETH, CHCTEMBI
TeXHUYECKOH  MOMNEPKKH,  KOJUI-IEHTPHI W MHOTHE  JIpyTHe.
Ux ncnonp3oBanue oOecrednBaeT Oojiee pealncTHYHOE MOAEIHPOBaHUE,
B YACTHOCTH, CHCTEM C TIOBTOPHBIMH BBI30BAMH W KOH(IUKTAMH
3agBoK [6]. B pabote [7] mccrexyercs 3¢pdekt sroncTmyHOTO 00ydeHUS
B CHCTEME oOdepelneil, TZe COPEBHYIOTCA 3a PpEecypchl, HO pPayHIBl He
SIBIIIIOTCS. MOJTHOCTBIO HE3aBHCHUMBIMU: UYHCIIO IIAKETOB, KOTOPHIC HYXHO
MapUIpyTU3UpPOBaTh B  KaXIOM  payHAe, 3aBHCUT OT  YycIexa
MapuIpyTH3aTOPOB B NpEAbIIYIIMX payHaax. B pabore [8] ucciemyercs
YCJIO)KHEHHBIH KJIacC MOJIENEH CHCTEM C NPUOPUTETHBIM O0CITYKHBaHHUEM
Y TIOBTOPHBIMHY 3asiBKAMHU.

4. Mogenn u METOABI HUCCIEAOBAaHHS CHCTEM MacCOBOTO
OONMyXKMBaHUS ~ C  HEONPENCICHHOCTHIO  MapaMEeTPOB  OTHOCSTCS
K CPaBHUTEIIFHO HOBOMY HAaIpaBICHHIO. [Ipy MOIENHpOBaHUH MPOIECCOB
oOciy)kuBaHUS B WH(POPMANHMOHHO-BEIUUCIUTENBHBIX cucteMax (MBC)
O0OBIYHO TapaMeTphl MOJCTH 33Jal0TCS B BHAEC KOHCTAHT Ha OCHOBE
HCXOIHBIX JAaHHBIX, MOJy4aeMbIX B Pe3yibTaTe HaOIIOJCHHUN 3a peaabHOM
CHUCTEMOM MO0 HKCHEPTHOTO OIICHUBAHHSA JJIS MPOCKTHPYEMOW CHCTEMEL.
OnHako WCXOIHBIM JaHHBIM TSI MOJIENHM 3a4acTyld CBOMCTBEHHA
HEKOTOpasi CTENEeHb HEOINPEAeIEHHOCTH, OOYCJIOBICHHAs Ppa3IHMYHBIMH
npuunHaMu. Tak, peanbHble CcHCTeMbl 00paboTku  uHpopManuu
(GYHKIHMOHUPYIOT B YCJOBHUSX HECTAOMJIBHOCTH OCHOBHBIX MapaMeTpoB,
BO3/ICHCTBUS Pa3IMYHBIX BO3MYLIAIOUIMX (HAKTOPOB, IMPUBOSIINX HE
MIPOCTO K YBEIMUYCHHUIO pa3dpoca CIryJyaliHbIX MOKa3aTeiel KadyecTBa, HO U K
ux cmemeHuio [9]. Kpome TOro, HETOYHOCTh MOJIy4a€MbIX HCXOTHBIX
JTAHHBIX 0 HAOJFOaeMO CHCTEME BIICYET HETOYHOCTh 3aIaHUsI TAaPaMETPOB
MOJAENU M pe3yiabTaToB MozenupoBanus [10]. s rumoreTHUecKUx
00BEKTOB M IIPOIIECCOB HEOIPEJEICHHOCTh NCXOJHBIX JAHHBIX elle Ooiee
CYLIECTBEHHA, TaK KaK CBEJCHHA O MOJAEIUPYEMOM CHUCTEME BechbMa
OTPAHWYEHBI U IPUOIH3UTEIBHBL.

B sToMm ciydae merecoobpa3sHo onmcaHUe TaKOW HEOIPEIeIeHHOCTH
BBOJUTH B MOJENIb, KaKk cocTaBHOW ee snmemeHT [11, 12]. B paGore [13]
MIPECTaBICHBl MCCIIETOBAaHHUS HEONPEICICHHOCTH BXOIHBIX AaHHBIX IIPH
CTOXaCTHIECKOM MOJIeTNPOBaHHH, KIaccu(uKaus OCHOBHBIX
HaTpaBJICHUH UCCIEIOBAHAN W C aKIEHTOM Ha pa3paboTKax B IMOCIEIHUE
rojpl. PaccmMaTpuBarOTCS TpPUKIANHBIE UCCICIOBAHHSA, B  KOTOPBIX
AHATM3UPYIOT TPEACTABICHUS HEOMPECIICHHOCTH BXOJHBIX NAHHBIX MPH
MOJEITUPOBAHUN PEANbHBIX CTOXaCTHUECKUX CHCTEM B  Pa3IMUYHBIX
oTpaciasax. OTMETHM, 4YTO aHAJOTMYHBIE 3a7ayd TPH CTOXACTUYECKOM
MOJICIIUPOBAHUM  YIPaBICHUS TPAQUKOM  BO3IYIIHBIM  JIBHYKCHUCM
pemaroTcs B crathe [14].
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B cratee [15], mpu ycinoBHM OTCYTCTBHS TNpEIBAPUTEIHLHOU
nHPOPMAIMK O BXOAHBIX MOJENAX M CpPEIHEH MOBEPXHOCTH OTKIIHKA
CHCTEMBI, TIpejIaraercsi OaiiecoBcKkast HermapaMeTprudeckas CTPYKTypa st
KOJIM9YEeCTBEHHON OIICHKH BO3JCHCTBUS obomx HCTOYHHUKOB
HEOINpENeNIeHHOCTH.  JI7Is  MomenupoBaHWSI ~ CMECH  Pa3HOPOIHBIX
pacmpeneneHuii UCHOIB3YIOTC HelapaMeTPpUIecKue BXOTHBIE MOJACTH Ha
ocHoBe mpouecca Jupuxne (DPM), xoTopble MOTYyT TOYHO OTpa)aTb
BaXKHBIC XapaKTCPUCTUKH peabHBIX JTAHHBIX, TaKue KaK
MYJbTUMO/IATBHOCTh U aCHMMETPHSL.

Cy1iecTByeT psiJi aHAJTUTHUECKUX PEIIEHUH JJIi CUCTEM MacCOBOTO
00CTy)KMBaHUSI C HEOMPEACICHHOCTRI0 WM BO3MYIICHUSIMHU HCXOHBIX
naHHbIX [16 —20]. Omnako 3ajaud, BO3HUKAWOIIME TPHU HCCIEI0BaHUU
CIOXKHBIX CHCTEM B YCIOBHAX HEOIPEOCICHHOCTH HCXOTHBIX JaHHBIX
TPYOHO, a TOAYacC W HEBO3MOXKHO PEIINTh AHAIUTHYCCKUMH METOIaMH,
MO3TOMY  IesiecooOpa3Ho  mpuberatb K METOAaM  HMMHTAIIMOHHOTO
mozenupoBanus [11, 21].

B pmaHHOW cTatbe TpemOKEH ~KOMIIO3WIMOHHBIA  ITOJXOJ
K AMUTAIIMOHHOMY MOJISIIMPOBAHUIO CHCTEM C HEOIPEIeIIEHHOCTHIO, IS
KOTOPBIX aHAJIUTUYECKUE pEIIeHUS He BCEerJa BO3MOXHBI, a TaKKe
CpPaBHUTENbHBI aHalN3 pPe3yJbTaTOB HMMUTAIMOHHOTO MOJACIHUPOBAHUS
C U3BECTHBIMU aHATUTHICCKUMU PEIIICHUSIMH.

Haydnas HOBHM3Ha mpeIaraeéMoro HMCCIEJOBaHMs IO CpPaBHEHHUIO
¢ paHee OMyOJIMKOBaHHBIMH pa00TaMU COCTOWT B CIIEIYIOIIEM:

1) Bmepsbie MIPEUTOKEHBI Oonee TTOJTHBIE KpUTEPHUH
KIaccu@uKamuyu  MoAeNed  OOCHYXHBAaHHUA C  KOMITO3UIIMOHHBIM
MpeCTaBICHUEM UCXOIHBIX paclipeieieHuid, npeaioxeHHbie B [13];

2) pa3BUT  MOAXOH  THIICPIPEACTABICHUS  paclpeleieHu
CIy4YallHbIX BEJIMYHH, IPEIJI0XKEHHbINH B [26], BBEJEHO THIIEPPaBHOMEPHOE
pacmpeneneHde,  NOJYyYEHHOE  KaK  KOMIIO3UIHUS  PaBHOMEPHOTO
HMHTETPAIBHOTO SIpa U TUIEePACTHTHON (ha30BOH (HyHKINH;

3) mpemtokeHa HWIes UMHUTAIIMHOHHOTO MOJICIMPOBAHUSA CHUCTEM C
MapaMeTPUIEeCKO HEONPEAETICHHOCTEI0O Ha OCHOBE KOMITO3HIIHOHHOTO
MOJIX0/1a, TPENNOJAralomiero IBYXATAlTHYI0 TEHEparuio CIyJaiHBIX
WHTEPBAJIOB BPEMEHH MEXAY COOBITHAMH (T€HEepamusi CIyJalHBIX
IapaMeTpOB — IreHepaIys CIIyJIaitHBIX HHTEPBAJIOB);

4) mpeioKEHAa KOMIIO3UIIMOHHAS KOHCTPYKIHS —OIEpPaTopoB
(6moxoB) s3pika GPSS Generate u Advance s reHepaniy CIry9aiHbIX
Yucell, paclpeleJICHHBIX 110 3aKOHAM CO CIy4ailHbIMU MapaMeTpaMu;

5) TUpeMToKEH psAA MMHUTAIMOHHBIX MOJCNCH, B TOM YHCIC
CETEBBIX, DKCIEPUMEHTAIBHO MOATBEPKAAIOMIUX THIIOTE3Y O CMEIEHUH
CpeMHMX BpPEMEH MpeObIBaHHMS B CHCTEME MpPU  PaHIOMHU3ALUU
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napametpos [14], 9TO BEJIET K MTOBBIIIEHUTIO TpeboBaHUi
K MIPOEKTHUPYEMBIM CUCTEMaM 00pabOTKH HH(DOPMAIIHH.

2. O0mumii moaxox K MOJEJHPOBAHMIO CJIYYaHBIX IMPOIECCOB
¢ HeonpeeJIeHHOCThIO napamMeTpos pacnpe/eeHuii.
Heonpenenennoctsb OIUCAHMS CIy4yailHbIX IIPOLIECCOB n3-3a
HEJIOCTOBEPHOCTH HCXOJHBIX MJAHHBIX M JAEHCTBUS  BO3MYIIAIOIMINX
(akTOpoB  4acTo MOXeT OBITh CBeleHa K  IIapaMeTPHYECKOH
HEONPENICICHHOCTH, KOTOPYI0O HEOOXOIMMO B TIPOIECCe HAKOIUICHHS
WCXOJIHBIX JIJAaHHBIX JIMOO YCTPaHUTb, JIMOO omnucaTh OoJiee TOYHO (B ciydae,
€CIIM  HEOJHO3HAYHOCTh IapaMeTpoB MpHCYIla 3TUM  CIy4daiHbIM
mporieccaM H3HaudanbHO). IIponeaypa yMeHBIIEHUS MM YTOYHEHHS 3TOil
HEIOCTOBEpHOCTH OyJeT 3aBHCETh OT XapaKTepa HEONPEIeIeHHOCTH,
BO3MOXKHOCTEH TIOTY9eHUS JIOTIOJTHUTETbHON nHpopMannuu
1 KOPPEKTUPOBKHU PacueToB A0 NpUHATHS peweHuit [12, 16]. CymectByer
PN METONOB aHANINM3a CTOXAaCTHYECKHMX CHCTEM, B KOTOPBIX HCXOIHBIE
JaHHBICE W3MEHIIOTCA CIydaliHbIM oOpazom [22]. OmHUM ©3 cmocoOoB
OmMCaHUs MoAeJIed ¢ HEONpPEIEICHHOCTBIO IapaMeTpPOB  SBISETCS
HHTEpBaJIbHBIN moaxoxa [24, 25], MO3BOJSAIOIIMA ONHMCATh Pa3MbITOCTb,
HEYETKOCTh IapaMeTPOB C MOMOIIBIO 33aJJaHNs TUAITa30HOB MX BO3MOXKHBIX
3HaueHHuH. B 10100HbBIX Cilyyasx UCIOJBb3YIOT METO/IbI IPHUHSATHS PELICHUIT
B YCJIOBHSAX HEOTIPEJICIIEHHOCTH U aflanTanuu [26].

PaccmorpuM  oOmmit MOAXOA K MOJCTHUPOBAHUIO  CIYYaWHBIX
IpoIlecCOB B CHCTeMax  MaccoBoro  oOcayxkuBanus  (CMO)
C HEOIIPEAEIEHHOCTHI0 NCXOJHBIX JAaHHBIX W BHEITHUMH BO3MYIIAIOIINMHU
BO3/ICHCTBUSIMU C IOMOIIBIO 331aHUs CIy4aifHOCTH ITapaMeTpPOB OCHOBHBIX
pacnpeneneHuil BeposTHocTed, onuceiBaromux CMO. Byaem cuutats, 9to
clydallHO€ H3MEHEHHUE JAaHHBIX MapaMeTpoOB MOXKET ONpeNeNsaTbca Kak

JTTHAMUKOM (hYHKIIMOHHPOBAHUS CJIOKHOM CUCTEMBI, Tak
Y BO3HUKHOBEHUEM BO3MYIIAIOIINX BO3JICHCTBUA, TIPHUBOISATIIX
K OTKJIOHCHHUIO mapamMeTpoB pacnpeneneHuit oT HCXOJHBIX

HEBO3MYIICHHBIX 3HaYeHM [12]:
MO =h O+ AN (1), i=1+m. (1)

Takass MOJieIb MO3BOJISIET YYECTh, KAK HEAOCTOBEPHOCTh MCXOJHBIX
rapaMeTpoB, Tak M MX Bo3MylueHHne. OueBUIHO, YTO MOMEHTBI M3MEHEHUS
CIIy4alHBIX TIApaMETPOB paclpeleeHUH BpPEMEHH MEXAY COOBITHIMH
OIIPE/ICIISIFOTCSI MOMEHTAaMH HACTYIUICHHUsI COOBITHH. [10CKOJIBKY mTapamMeTphl
pacupeneneHuii caMd (OPMaNbHO SBILIFOTCS CIyYalHBIMH, TO (yHKIHS
pacupenenenus (PP) BpemMeHHm MexXITy COOBITHAMH TIPEICTABISIETCS
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onemenmapnou  cayuaunou  gyuxyuen —  F(x,A)= p(x). Tlomuow
XapaKTEPUCTUKON TaKOW (YHKIMHU SIBISIETCS (YHKYUOHAN PACHpedeneHus.
G(y(x))zP{j/(x)<y(x)}, a MaTeMaTHYeCKUM OXUAaHHUEM — (QYHKIHSL
pacnpenenenus ciydaiinoi Beamumnsl (CB) X, ycpenHeHHas 110

A

Clly4aliHBIM ITapaMeTpaM A, .

Ecim wucxomHyr Cciy4alHYR IUIOTHOCTH pacipeaencHus f(t,A)
3aMEHHUTh YCPEIHCHHOW IUIOTHOCTBIO paclpeleNieHus, 3TO CBEICT
OTMCBIBAEMBIA CIYYaWHBIA TIpolecC K npoyeccy eoccmanosnenus [17].
[Tocnenquuii MOXXHO CYMTATh MATEMAaTHMUECKUM OXKUAAHMEM CIIy4ailHOTO
mpouecca €O CIyyalHO paclnpeAeieHHbIMU — napameTpamu. llpu
3HAYUTEIIFHOM YBEIHUYCHHUH TUCIIEPCHU aIMIPOKCHMHUPYEMOTO CITyJaifHOTO
mporiecca Ka4ecTBO TAKOW ammpoKCHMAaIu OyaeT yxyamatsces [21, 27].

Hcnonp30BaHue JTAHHOTO IIpHEMa IO3BOJIMJIO KCCIICOBATh Ps
HOBBIX MOJIEJIEH TEOpUU oOuepeled C HEOIPENEeIEeHHOCThI0 NapamMeTpoOB
pacupenenenuii [16]. B Takux MojensX BBOJMTCS MOHATHEC @HA30601U
@ynkyuu (unu @ynkyuu paszer), xax o0000IIeHHEe TOHATHS Habopa a3
(mocnenoBaTeNbHBIX,  MAPAUICNBHBIX),  HCIOJAB3YEMOTO B  METOE
¢ukTHBHBIX (a3 Dpnanra [16, 18].

PaccmarpuBaeMblii  KOMITO3UIIMOHHBIA ~ TMOJXOJ  COCTOUT B
MIPECTAaBICHAN DPACTpEICICHI BEpPOATHOCTEH B BHIE IBYXYPOBHEBOI
KOMIIO3HIINN HMHTETPANBHOTO siapa W (pa3oBoil (QyHKINH, SBISAIOIICHCS
00001IeHNEM TOHATHS IDIOTHOCTH PACIpECICHUS CIIy9aifHOTO MmapaMeTpa.
Oynkmuro  TotHoct pactpenencaus ([IP) CB ¢ 3ammmem B Buze
KOMNO3Uyuy AHTETpajgbHoro sapa f(1,\) u dasosoii hyukuuu i(L) [29]:

SO = [ f&h0)dL. @)

AHanutnyeckue pemeHus g Takux CMO Obutd HaWACHBI TpH
NPOCTEHIINX ~ TPEANONIOKEHUSIX 00  HCXOOHBIX  PACHPENCNICHUAX
(9KCHIOHEHIMANBHBIE  PACIpPENCICHUSI BPEMEHH MEXIy COOBITHSIMHU
1 paBHOMEpPHBIC paclpellelieHus] CIlydaiHbIX mapamerpos) [12, 17, 18].
OpHaKO TEOPETHYECKH HMHTerpayipHoe sapo f(£,A) B dopmyne (2) MOXKHO
3a1aTh MPOW3BOJBHON (YHKIMEH (CTeIeHHOW, TPHUTOHOMETPHUYECKOH,
TUIEepPOOTUUCCKOM, TorapupMUUECKOl, paBHOMEepHOU 1 1p.). Da3oBas xe
(GYHKIMS MOXKET OBITH 3a/laHa Jaxe 0006wennot GpyHKIUeH TiHa aenbTra-
¢ynkuun  upaka wnm  e€ mnpousBogHoit [28,29], npu 3TOoM 1O
(U3MYECKOMY CMBICIY OHa MOXKET M HE OBITh TNIOTHOCTBIO pacIpeaeIeH s
ciydaiiHOrO mapamerpa. Haubosbux pe3yabTaToB MOXKHO TOOUTHCS, €CITH
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BEIOpaTh B KadecTBE HMHTETPAIFHOTO sAapa SKCHOHEHTy. Ecimm BMecTo
¢a3zoBolf  (QYHKIMHM  WCHOJH30BATh JIMHEHHBIE KOMOWHAIIMK WA
MPOU3BOMHBIE NenbTa-QyHKIWA (B TOM dYHCIE TaKk Ha3bIBaeMoe
THIEPIICNETHOE TIPEACTABIEHHE), TO MOXHO IIONYYUTh CEMEHCTBO
W3BECTHBIX pacnpedenenui ¢asosoco muna [30-32]. Ilpu BeiOOpe Xxe
¢a30BeIX  (QYHKIWA, TPEACTABISIONMX IUIOTHOCTH  pacIpeneseHHH
HerpepbIBHBIX CB B pe3ynbpTare KOMIIO3MLUM MOTYT OBITH IIOJIy4YEHBI
HOBBIE CMEIIaHHBIE PACIIPE/IENICHNs, KOTOPBIE SBIISIOTCS YCPEAHEHHBIMU T10
Clly4alHBIM HENpPEpPBIBHBIM mapamerpaM ¢GyHkumsmu [29]. Oxnako obiiee
AQHAJINTUYECKOE DEILIeHHe ypaBHEHHS (2) BO3MOXHO TOJNBKO B YaCTHBIX
ciydasx s f(t,A) u h(A).

3. Knaccsl Mmopesieii  00CHy:KMBaHMSI C TNapaMeTpUYecKoi
HeomnpeneJeHHOCTBI0.  Pacnpenenenus  ¢a3oBoro  THma  HalLIH
HanOoIbIIee MPIMEHEHHE B TEOPHH MAacCOBOTO OOCTYKMBAHUS U TEOPUH
HAJIGKHOCTH BBUAY MPOCTOTHI MAapKOBH3ALWH CIYYalHBIX IPOIECCOB
MyTeM C8epmKU WIH  6epOSMHOCMHOU  cMecu  IKCIIOHCHITMATBHBIX
pacupeneneHuii. B To ke BpeMs SKCHOHEHIHMAIbHOE pacTpeacicHue
MOJKHO CYHTATh YaCTHBIM CIIy9aeM pacrpeaercHus (a30BOro THIIA C OTHOM
¢a3oii.

OpHako CymecTByeT W pSI  MoOJeNedl ¢  pacupenereHUusIMH
He]a3oBOro TMHa — JETEPMUHHPOBAHHBIM, PABHOMEPHBIM, HOPMAaJbHBIM,
ramma-pacnpenenenueM, Ilapero, BeitOymia u ap. K atomy ke kiaccy
MOXXHO OTHECTH M TaK Ha3blBaeMoe THIEpAeNbTHoe pacmpenenenue [30],
00pa3oBaHHOE CMechio aenbTa-GyHknuii Jupaka. B HMUTanMOHHOM
MOJICTIMPOBAaHUU TaKXK€ MCIONB3YIOT CMECH W CBEPTKH JUCKPETHBIX
1 HeNpephIBHBIX pacnpezeneHuit [18].

B pesynbrare mccienoBaHuil OBIIIO BBISBIEHO, YTO PsiJi M3BECTHBIX
pacrpeseneHu SBIIeTCs CBEPTKOH MIIM CMECHIO APYTHX M3BECTHBIX Ooiee
MPOCTHIX pactipeneneHuit [9, 12].

B [16] npuBenens! yetslpe knacca Mmogeneit CMO, NOCTpOEHHBIX Ha
OCHOBE KOMIIO3UIIMOHHOTO MpeJcTaBlIeHNs BUaa (2).

1) ¢ D3KCHOHEHIMANBFHBIM HHTETPAIBHBIM SIIPOM H AHCKPETHOH
(azoBoit pyHKITHEH;

2)  COKCTIOHEHIMAIGHBIM HHTETPATBHBIM sapoM U (Pa3oBoid
(dhyaxuueit, He sBistomeics [1P;

3) ¢ saapom ($a30BOTO THIIA M HETPEPHIBHOH (Pa30Boi hyHKIHEH;

4) csagpom Heha3o0BOrO THIA M MPOU3BOJBHOW  (ha30BOU
(yHKIHEH.

Mopgenu nepgoco knacca ABIAIOTCS  Hauboslee  MPOCTHIMHU
W MO3BOJISIIOT TOJIYYHMTh CTaHAApTHBIE (a3oBble pacnpeneneHus (Tuma
THIIEPIKCIIOHEHIIMAIBHOTO, TUIIOOKCIIOHEHIINaIbHOTO, Kokca u np.).
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Ipu 9KCHOHEHIMAIbHOM UHTErpajbHOM aape AL\
1 THIIepAETbTHOU (Da3oBoi GyHKINH /(D)

h) =3 a0, 3)
i=1

u3 (2) TONyYUM 2unepIKCNOHEHYUANbHYI0 NIOMHOCMb pacnpedeneHus,
YacTO HCIOJBb3YyEeMYIO Uil ANNPOKCHMAIMK PEalbHBIX pacrpe/eIeHui
ClydaliHBIX BEJIMYHUH B TeOpuu ouepeneit [34]:

f()= Z Che™ . 4)

AHAJOTUYHO MOXHO TOJIYYHTh KOMIIO3UIIMOHHOE MpPEICTABICHUE
2UNOIKCNOHEHYUATbHOU NIOMHOCMU  pacnpedenenus ¢ KodPOUITUESHTOM
Bapualyy MEHbIIE 1, eClid UCIOJIb30BaTh TaK HA3BIBACMYIO 2UNOOENbINHYIO

Gaszosyro yukyuro h(\):

h(y) = i(—l)i_l CH0-1,), (5)

FO=Y(-1)" Cre™. (©)

Mopgenu @mopozo kaacca TakXe MOTYT CIYXKUTh JJISI OCTPOCHHS
(a3oBBIX pacnpeseneHui (B YAaCTHOCTH, IOCIEIOBATENLHBIX (a30BBIX
pacnipeneneHuii Tuma Opnadra). Hampumep, npu 3KCIOHEHIHAILHOM
HHTETpATbHOM sipe # (a30BOH (YHKIWH, IMPEICTABICHHON YacTHOM
IpoM3BOIHOH S-hyHKIMK J{npaka 1o nepeMeHHoi A

Ay - dd(L—Ny)

h(\) = (7
M) S
MTOJIYIHUM TIPOCTOE pacmpeiesieHne Dpiianra 2-ro mopsaka
o
ft=Are ™" - ®)
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Mogenu mpemvezo kiacca B Ka4ecTBE sIpa MOTYT HCIIONB30BATh
¢da3oBele pacnpenencHus (IKCIOHEHIHAIBFHOE, THIEPIKCIOHEHIIHAIBHOE,
THUIOOKCIIOHEHIIANIbHOE, OJpianra, Kokca W J1p.), a ¢ TIOMONIbIO
HeTpepbIBHON (ha30BoK (DYHKIIMHM co37qaBaTh pa3MBITBIE IO CITyYailHBIM
(BO3MyIIEHHBIM)  TapaMeTpaM  pacmpeneneHus.  Hampumep, mpu
SKCIOHCHIIMATHHOM WHTETPAJIBHOM S1pe M HEIPEPHIBHOM PaBHOMEPHOM
npeacTaBiaeHUH (Ha3zoBoi GyHKIMN

h()) = W’ )

rae 1(x) — enuHWYHAs WMOYJbCHas (QYHKIUS, 00pa3syeM pagHOMepHO-
9KCHOHEHYUAIbHOE pAChnpedeieHue:

(I1+at)e™ —(1+bt)e™
(b-a)y’

f(0)= (10)

AHaJNIOTUIHO MOXET OBITH MOJIyYeHO PasHoMepHO-
2UNEPIKCNOHEHYUATIbHOEe pdachpedenienye TIPU THIEPIKCIIOHEHINAIEHOM

Aaape U PAaBHOMEPHBIX  PACIpPEACICHUAX €ro napaMeTpoB )\‘i

l'unepskcroHEHIIMATPHOE  pacIipefiesieHie OOBIYHO HCIIONB3YeTCs I
MOJICIMPOBAaHUSI BpeMeH 00pabOTKH, KOTOphIE WMEIOT  OOJBIIYIO
BapHaTUBHOCTh, YEeM CTAaHIAPTHOE SKCIIOHEHIMAIBLHOE paclpe/ieieHue.
B crydae BBemeHHS pPaBHOMEPHOTO paclpeleNieHHs] ero ImapaMeTpoB
MOJXHO OO0€cCIeunTs eme OONBIIYI0 THOKOCTh U  JOIOJHHUTEIHHEIC
BO3MOKHOCTH AIIPOKCUMAITUH PA3INIHBIX THIIOB TAaHHBIX.

CriemyeT OTMETHTh, YTO aHAJIOTUYHOE PACIPEICIICHUE MOXKET OBITh
MOJIY4YCHO )44 Ipu  SKCNOHCHUHUAJIBHOM  A4p€ U TakK Ha3bIBACMOM
2UNneppasHOMepHOM MPEICTaBICHUN (hazosoit GdhyHKIHH.
l'uneppaBHOMEpHOE  pacmpelielieHHe  MpejcTaBiseT  coboil  cMech
pPaBHOMEpHBIX paclpeiesieHuil ciydaiiHoro mnapamerpa. Ilomydennas
IUIOTHOCTh PACTpEICICHNs B COOTBETCTBHH C (2) MpencTaBiseT coboit
2UNEPPABHOMEPHO-IKCHOHEHYUAIbHOe — pacnpedenenue. Kak — mokazamm
MPOBEACHHBIE  HCCICOBAaHUS, HECMOTpPS Ha  pa3iu4yHble  CXEMEI
00pa30BaHUA ITHX pacmlpeneleHuil, UTOTOBBIe (HopMymsl coBmagaroT. O6a
moaxona B KOHEYHOM — CU€Te  NPUBOMAT K  HWHTETPHUPOBAHUIO

OKCIOHCHIMAIBHON  (YHKIMHM 1O  CIy4alHOMY mapameTrpy A
pacnpelieI€EHHOMY PaBHOMEPHO Ha HECKOJbKMX HWHTepBasiaXx. B ciyuae
TUIIEPPABHOMEPHO-IKCIIOHEHIIMAIBHOTO PACIpPENEIEHUs 3TO IPOUCXOAUT
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Yepe3 CMEeChb PABHOMEPHBIX pACHpENeNeHU CIy4ailHOTO mapamerpa,
a B ClTy4ae PaBHOMEPHO-THIIEPIKCIIOHEHIIMAILHOTO PACIPEACICHHS — Yepe3
psMoe paBHOMEpPHOE pacrpeneneHue 3THX apaMeTpoB
THIIEP3KCIIOHCHTHI.

[Ipu H>KCIOHEHIMANIFHOM SApPE W SKCIIOHEHIMANBHON (a30BOit
(GYHKIMM yCpeIHEHHOE M0 CIIlydalHOMY IIapaMeTpy pacIpeaeieHHe
npeacTaBisieT cobol cMemeHHoe pacnpenenenue [lapero 1-ro mopsinka, y
KOTOpPOTI'0 MaTeMaTH4YecKoe OXKuaaHne OecKoHeYHO. MOXXKHO ToKa3arth, 4To
¢dopmupoBanue pacrpeneneHuii [lapeto BBICHIMX NOPSJKOB Ha OCHOBE
KOMITO3MLIMOHHOTO  MMOJX0Ja  NOTpeOyeT  HCHOJIb30BaHUS  HOBBIX
OIepaTopoB IpeoOpa3oBaHMs, HAIPUMEP, TaKUX, KaK CTEIIEHHbIE WM
sorapupmMudeckue (GYHKIUH, WIA CIy4alHOCTH BBICHIMX CTEIeHeH
(HampuMep, CIy4ailHOCTh TIapaMeTpPOB  pACIpElelCHUS  CIydaifHOro
mapameTpa X).

Hanbomnee o0umme MoAenn uemeepmozo Kiacca TO3BOISIOT
CO3/1aBaTh CKOJb YTOJHO CIOXHBIE pacnpeaeneHus. K mpocreiimemy
pacmpeneNieHHi0  TOr0  Kjacca  OTHOCHUTCS — JETEPMHHHPOBAHHOE
(perymsipHOE) pacrmpenerneHie, y KOTOPOTO W HWHTETPANbHOE SApO, H
(a3oBast QyHKIMA MpeCcTaBICHbI AenbTa-QyHKIIIMA Jupaka.

[lpn neTepMUHUPOBAHHOM HMHTETPAIBLHOM SIIpE, MPEICTaBICHHOM
nenbra-pynkuueit Jupaka o(f—-7) , ¥ TUNEpPACIbTHOM IPEACTaBICHUN

(a3oBoii GyHKIIUH
h(T)=iC,6(T—Ti) (11)
i=1
HUMCEM TUINICPACIIBTHYIO IJIOTHOCTD paCclpeacICHUA
1@ = éC,-S(t—T,-)- (12)

[Ipu HempepbIBHOM PaBHOMEPHOM IIPEACTABICHUH WHTETPAIBHOTO
siIpa MIOTHOCTD PacHpeIeieHUs UMEET BUJ

1(t—u)-1(v 1)
V—u ’

f@n)= (13)
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rae T:(u+v)/2,u:T—0'\/3_,u:T+0'\/§ , U TpU TUNEPAEIbTHOU

¢da3oBoil  QyHKUMM [OIyYUM  2uneppasHoMepHoe  npeocmasienue
IUIOTHOCTH PacipeieNieHus
Z 106 —u;) - 1(v; —¢)
i) =26t (14)
i=1 P TU;

BbiienuM  kputepun  KinaccuuKanuuu  Mozeied  o0cimyKMBaHHS
C KOMIIO3UIIMOHHBIM ITPEACTaBICHUEM NCXOJHBIX pacIpeaeIeHuH:

— 10 muny uHmezpanbHo20 A0pa:

1) csaapom da3zoBoro Tuna (BKI0YAs SKCIOHEHI[HAIbHOE);

2) ¢ saapoM He(ha3zoBOro THIA;

—  no Qusuueckoli unmepnpemayuu Qazoeou QyHKyuu.
1) ¢

¢azoBolt  (yHKIOWEW, ~ SABIAIOMIEHCS  IUIOTHOCTBIO

pacupeneeHus napameTpa;

2) c¢ ¢da3oBoii (QyHKOHMEH, HE ABIAIOMEHCS IUIOTHOCTHIO
pacupeeneHus napameTpa;

—  no muny ¢aszosoii pynxyuu:

1) ¢ da3oBoit  (yHKIMEH, SIBIAIOMICHCS  HEMPEPHIBHBIM
pacrpezaeneHem;

2) ¢ dasoBoit  (QyHKIMEH,  SABIAIOMICHCS  JHUCKPETHBIM
pacrpezaeneHem;

3) ¢ dazoBoit  (QyHKIHUEH,  SBIAIOMICHCS  CMCIIAHHBIM
pacrpeaeneHreM.

BbiienieHHbIE KJIACChI Pacpe/ieieHHid YI00HO MPEICTaBUTh B BUIC
Tabmus 1.

Ta6JII/II_[a 1. Knaccwr pacnpeueneHI/H‘/’I C KOMIIO3UIIUMOHHBIM NPEACTABJICHUEM

HMuterpanbHoe aapo

Tun (asosoii hymxi @quecxaﬂuumepnpemum Anpo Anpo
(asoBoil GpyHKIHI ¢azoBoro | HedazoBOro

THIA THIA
JuckperHast pa3oBast IUIOTHOCTB Paclpe/ieNieHHsI 1Dd 2Dd
dynkuus (discrete) HE SBJISIETCS INIOTHOCTBIO 1Dn 2Dn
HenpepsiBHast azoBast IJIOTHOCTh PacIpeieIeHus 1Cd 2Cd
¢ynxnus (continuos) HE SIBJISIETCS INIOTHOCTBIO 1Cn 2Cn
Cwmerannas dasoBast IUIOTHOCTB Paclpe/ieNieHHsI IMd 2Md
¢byskuus (mixed) HE SIBJISICTCS] INIOTHOCTBIO 1Mn 2Mn

OpHaKo JUisi MHOTHX M3 3THX MOJENeil aHaIUTHYECKUE pPELICHHS
HE BCerja BO3MOXHBI, IO3TOMY MPEAJIOKEHHBIH  KOMIIO3HUIIMOHHBIH
moaxon [29] MOXXHO TPUMEHUTh TIPU HMHUTAIMOHHOM MOJEITUPOBAHUU
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cuctem [21, 27, 35]. [IpenBapuTebHO IJIs MPOCTHIX MOJIENIECH HEOOXOIUMO
MPOBECTH  CPABHUTEIBHBIH  aHAlN3  IOIYYEHHBIX  PE3YNIbTaTOB
UMHTAllMOHHOTO  MOJEIHPOBAaHHUA C W3BECTHBIMH  AHAINTHICCKUMH
pELICHUAMH.

4. ITocTpoeHHe MMHUTANMOHHBLIX MoOjejeii ¢ MapaMeTpuyecKoi
Heomnpe/eJeHHOCTLIO HAa  OCHOBE  KOMIIO3MIIMOHHOIO  MOJAXOA.
CcopmynupyeM IOCTaHOBKY 3aJadyll WMUTALMOHHOTO MOZEIHPOBAHUSL.
Jlana oJHOKaHaJIbHas CHCTEMa MacCOBOTO OOCIY>KUBAaHUS, Ul KOTOPOH
3aganbl: (QyHKUUs pacrpeneieHus (OP) uHTepBanoB BpeMEHH MEXIy
BXOJHBIMH 3asiBKamu A(?), PP BpemeHu oOciyxuBaHusi 3asiBok B(x)
u QyHKOUHU pactpenerneHust i;(A;), hy(1L;) caydalfHBIX apaMeTpoB 711., n;
pactipenenennii A(2) u B(x). HeoOXomuMo NOCTPOUTh MMHUTALMOHHYIO
MOJIeTIb, TO3BOJIIONIYIO HCCIIEA0BATh IIPOLECCHl  OOCIY)XUBAHUS TIPH
pasMUHBIX KOI(QQUIMEHTaX Bapualdd W CTENEHSX HEONpeIeICHHOCTH
IapaMeTpOB PACIPEICICHAH.

B kadecTBe MHTETpasNbHBIX sep OyIeM HCIIOIb30BaTh PAa3IHIHBIC
pacupenenenus ¢asoBoro tuma. [IpocTeiimeir MOIENbI0 ¢ BO3MYIICHUIMHI

sesercss cuctema M /M /1 ¢ OKCHIOHEHLHMAILHBIMU A() m B(x) npm

CIIy4aiHbIX TIapaMeTpax A U [I COOTBETCTBEHHO.

Takke mnsd MOAETMPOBAHUS BXOIMIINX IIOTOKOB M IIOTOKOB
oOcimyxuBaHuss ¢ Kod(QQUIMEHTAMH Bapuanud UL>1  HUCHONB3yeM
TUTIEPIKCIIOHEHIIUANIbHBIE pacnpeneneHus ¢ OGP puna:

A(t)=1-Ce™ —(1-C))e™ (15)

i 06001eHHbIe pacnpeeneHus Dpianra (pu v<l) c OP:

MA _ _
A(t):l—#(e Mg W). (16)
Ay =N

Bripaskenust uist B(x) IMEIOT aHAJIOTUYHBIN BHJI.

®dopMHpOBaHHE  HMHTEPBAIOB  MEXIY  COOBITHSIMH  HMCXOIHBIX
pacnpezeneHuii B Mojeian OyAeM NPOU3BOAMTH B J(Ba JTara: Ha IEPBOM
(opMHpYIOTCSl CllydaiiHbIE 3HAUCHHUS IAPaMETPOB paclpeiesieHui, a Ha
BTOPOM — HETIOCPEACTBEHHO CaM MHTEPBAll B COOTBETCTBHU C BHIOPaHHBIMHU
3HAYCHUAMH [TAPaMETPOB. DTO MO3BOJIIET OOJIee aIeKBATHO BOCIIPOU3BOANTD
HCCIIeyeMbIe TIPOIECCHl, HE YCPEOHAS WX IO CIydalHBIM IIapameTpam,
MIOCKOJILKY B COOTBETCTBHMM ¢ [l2] ycpeaHeHHble 10 mapamerpy
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pacmpeneneHus SBISIIOTCA MaTeMaTHYSCKUMH OXHJAHUAMH CITyYaiHBIX
(YHKITH.

Jl1s1 reHepaniuy paBHOMEPHBIX 3aKOHOB PACIIPEAEICHUI CIIydalHbIX
napameTpoB /i, (A;), hx(l;), Kak M JNA  OKCHOHEHIMAIbHBIX 3aKOHOB
pacnpenenenuii A(t) u B(x), MOXHO WCIOJb30BaTh METOJ OOpaTHOH
¢dysxuun [21]. Hanpumep, aid ciaydalHbIX apaMeTpoB A, , paBHOMEPHO

pacrpeeleHHbIX B Anana3one [a; b;], moaydum:
A= (b, —a)E, +a,, (17)

rae & — i-A cilydaiiHas BeNMYMHA, paclpejeseHHas 10 PaBHOMEPHOMY
3aKkoHy B auanasone [0,1]. Ananornano GopMupyrOTCs 3HAICHHUA 1 .

I'enepanust  SKCNOHEHLUABHO  paclpeleNieHHONM  ciydyaifHoil

BEJIMYMHBI X, CO CIIy4aiHBIM IapaMeTpoM A, OCYLIECTBIACTCS Ha OCHOBE
(bopmyIbl

X, =—(1/2)In(1-U,), (18)

rae A, 6epercs U3 paHee NONy4YeHHbIX BelYncaeHui (17).

Crneunguka reHepaTopoB CIIyYalHBIX 4YUCEN IS MMHUTAIOHHOTO
MOJIETTMPOBaHUs (Ha30BBIX PACIPENENCHUI THIIA cUNEePIKCHOHEHYUATLHOO
pacnpedenenus U pacnpedenenus Ipianea COCTOUT B TOM, YTO OHH TaKxke
BBITIOJTHSIOTCS U3 JIBYX ITOJITAIIOB.

Obobujennoe  pacnpedenenue  Opranea 1-20  NOpsAoKa €O
CITy4aiiHBIMH napaMeTpamMu npenmonaraeT MIOCJIeIOBATEIEHOE
HPOXOJKIeHUE 7 (a3 U COOTBETCTBEHHO SBJIACTCS PACIPEACICHUEM CYMMBbI
7 9KCIIOHEHIIMAIBHO PacIPe/IeNIeHHBIX YUCEI, Y KaXIOTr0 U3 KOTOPBIX CBOM

mapamerp A, Cly4aifHO BbIOMpaeMblil U3 COOTBETCTBYIOLIEIO JMaIa30Ha
[a; b;]. CnenoBarenbHO, u3 (18) nmeem

r

A 1 A
X=>|-=In(1-0U)) |. (19)
=L

DopMHpyeMBIil  CIydaliHBII TOTOK MOXKHO HMHTEPIPETUPOBAThH
JIByMsI CLIOCOOAMHU:
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1) xak BO3MYIICHHBIH BapHaHT UCXOJTHOTO 00OOIIEHHOTO MOTOKA

OpnaHra ¢ Hecloy4aifHBIMM mapaMerpamu A, , TrOe A, =X +1,
e[~ —a)/2; (b, —a))/2].

2) KaKk paHJOMHM3HMPOBaHHBIH OOOOIIEHHBIH IIOTOK JpJiaHra,
uMeromuii  Oonee  LIMPOKMI  AMama3oH M3MEHEeHHs Kod(duireHTa
BapHallud, Ye€M Yy HUCXOJHOro pacnpesaeneHus. Hanpumep, HadanbHbIE
MOMEHTBI TaKOTO paclpelesieHus] 2-ro IMOopsIKa MOTYT OBITh IOJy4YEHBEI
WHTETPUPOBAHNEM YCIOBHBIX HA9aJIbHBIX MOMEHTOB MO BCEM BO3MOKHBIM

3HAYECHUAM A,

>

— _In(h/a)) . In(b,/a,)

1

bl -4 bz —4a,
(20)
v, = 2 2 In(by/a;) _ In(b,/a,) N 2 '
aby b —a b, —a, ab,
Tunepaxcnonenyuanvroe pacnpedenerue r-2o nopsioka

npeAroaraeT napauielisHoe IpoXokaeHue (as, Ho Takxke TpedyeT IByX
oOparmenuid. [Ipu nepoM oOpaiennn BeIOMpaeTcss Homep ¢asbl 1 <i<r,
a IIpu BTOPOM OOpAICHMH TEHEPUPYESTCs IOKa3aTeNbHOE PACIpPEneICHUe

¢ BBIOpaHHBIM TapaMeTpoM A, U3 i-i (asblL

PazpaboTanHas mporpaMma HMHTAIMOHHOTO  MOJEIUPOBAHMUS,
HaluCaHHAas Ha s3bIKE Python, TO3BOJISET MOJAEIUPOBATH CHCTEMEI
MaccoBOTO OOCITyKHBAaHUS KaK CO CIy4aiHbIMH, TaK M HECIyJalHBIMH
rapaMeTpaMH pacIlpeAeiIeHIH, a TaKKe HCIIOIb30BaTh PAa3IUYHBIC THIIBI
pacIpeneneHiii BPEMEHH MEXAY 3asiBKaMH M BPEMEHH OOCITYKUBaHUS
B y37€: OSKCIOHEHIMAIBHOE, THMIEPIKCIIOHCHINAIBPHOE M 0000IIeHHOE
9pIIaHroBcKoe. MIcX0oHBIMH JaHHBIMH JJIsl MOJICTTUPOBAHUS SIBIISTIOTCS:

—  TUN  anOpoKCHMAallMd  HUCXOAHBIX  pacmpeneieHuit  (mo
k03(ppuUnKeHTy BapualMd JUIS  BXOJHOTO TIIOTOKa 3afBOK VL H
pacrpeneseHus: BpeMeHH 00CITy>KUBaHUS L;);

—  rpaHunpl mapamerpoB [a, b] u [¢, d] COOTBETCTBYIOLIMX
pacnpeneneHui;

—  Ipeaen MOAENHMPOBAaHUS B BHUJE YHCIAa OOCITY)XEHHBIX 3asBOK
WJIN BPEMEHH MOJICTTUPOBaHHSI.

B pesynbrare MOJENMPOBAHMS ~ ONPENCISIOTCS  CIEAYIOLIHE
XapaKTEePUCTUKH:

—  HayaJbHBIE MOMEHTBHl pACHpPENCICHHH BPEMEHH MEXTY
3asiBKAMHU U BpEMEHH 00CITyKUBaHUS O U Bj;
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—  K03()(ULMEHT 3arpy3KU CUCTEMBI p;

—  HayaJbHBIC MOMCHTBI PACIPEJCICHUS BPEMEHH OTBETa
CHCTEMBI ;.

Pesynbrarel  umuTauuoHHoro  mojenupoBanus < CMO  Tuma

M/M/1 co CIy4YallHBIMM  TNapaMeTpaMH, paclpeleieHHbBIMU IO
PAaBHOMEpPHBIM 3aKOHaM, TpejacTaBieHbl B Tabmuie 2. Ilpu 3TOoM
npoBoannack oopadorka 10000 3asiBOK B KaKAOM Cllydae IPH XOJOCTOM
nporone 500 3asBOK AJIsi BXOXKACHUSI CUCTEMBI B YCTAHOBUBILIHUICS PEKUM
paboTel. B 0CHOBHOM, pe3ynbTaThl HIMUTAIIMN TOATBEP)KIAIOT PE3yIbTATHI
AHAINTHYECKUX HCCIIEIOBAaHUN, NMPOBENCHHBIX B [16, 17], u m3BecTHBIC
OIIEHKH CHCTEM MaCCOBOTO OOCITYXHBAHUSI.

Ta6nuna 2. PesyabTarsl HMATAMOHHOTO MoaeupoBanus CMO tuna M / M /1

a,1/c | b,1/c | c,1/c | d, 1/c Hau. ARait. Ynwran. IorpemnocTs, %
MOMCHTBI "{J pe3yabTaT pe3yabTaT
Y1, € 1,0 0,989 1,11
1,0 1,0 2,0 2,0 2, 2 2,0 1,922 4,12
1, 6,0 5,690 5,45
Y1, € 0,501 0,497 0,81
1,0 2,0 3,0 4,0 72, €2 0,506 0,489 3,48
i, C° 0,768 0,686 11,95
Yi, € 0,441 0,482 -8,5
1,0 5,0 3,0 8,0 72, 2 0,412 0,453 -9,05
7s, € 0,589 0,651 -9,52
Y1, € 0,901 0,852 5,63
1,0 8,0 2,0 10,0 72, 2 1,784 1,627 7,78
73, ¢ 5,291 4,61 13,03

Taxke okazanock, uto BpeMs orBera B CMO Tuma M/M/1 Gombite,
yeM B cucremax E,/M/1 u M/E,/1 u menbumie, ueM B cucremax H,/M/1
n M/H,/1 xak npu (UKCHUPOBaHHBIX, TaK M INPH CIy4alHBIX Mapamerpax
(Ip¥ OIMHAKOBOM CTENEHH HEONPEIEIICHHOCTH IOCIEIHUX B PasJIMUHBIX
cucremax). Jlng cucreM ogHOrO THHAa CIyd4aifHOCTH AapaMeTpOB
YBEJIMYHMBACT CPEIHEe BpeMsi OTBETa M TeM OOJblle, YeM IIUpe Auara3oH
nX U3MEHEHUs, a, CIICA0BATEIILHO, JUCTIEpCHs M KO3 (DUIIMEHT BapHaLUH.

OTHOCUTEIBHO  TOYHOCTM  MMHUTALMOHHOTO  MOJIEIMPOBAHMS
B CPaBHEGHHH C AHAIWTHYECKHMH DPACUYETAMH HYXHO OTMETHUTh, YTO OHA
BO MHOTOM 3aBHCHT OT MCXOJHBIX JAHHBIX M OT HPUMEHIEMON MPOICIyPhI
TeHEepalny NICEBJIOCITyYaiiHbIX YKcesl. B OCHOBHOM, Ul IEPBOTO MOMEHTa
BpPEMEHH NPeOBIBAHNS OTHOCHUTENbHAS TIOTPELIHOCTh HE MpeBbImaeT 5-7%,
JUIS BBICIIMX MOMEHTOB OHa yBeIM4HBaeTca. Kpome TOro, HmorpenrHoctsb
MOJIETIMPOBAHMS YMEHBINIAETCS MPH YBEJINUEHUN KOd((UIIHEHTa 3arpy3KHy,

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1591
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

OJIHAKO, TIPH CTPEeMJICHUU KOIPHUIMEHTa 3arpy3kd K | TOTrpentHocTh

CHOBa pacTeT,

4qTo

00yCIIOBIEHO

MOJCIMPOBAHUSA BBICOKOHAI'PYKEHHBIX CUCTEM.

Jltst

OOITHOCTH  TMpEACTaBICHUS

B

TabIHIEe

TIOTPCINHOCTBIO  UMHUTAIITHOHHOT'O

3 mpuBeneHo

KaueCTBEHHOE CPaBHEHHE MPEHMYIIECTB ¥ HEAOCTATKOB KOMIIO3HUIIHOHHOTO
MOAXOlAa C YHCJICHHBIMH U AHAIUTHYECKUMH METOJAMH MOJICITUPOBAHUS
CMO npu Heonpe1eIeHHOCTSX.

Tab6muua 3. CpaBHeHne N0AX0/10B K MoaeaupoBannio CMO

Kputepwnii / KomnosumyonHsstit .
YuncneHHbIE METOJIBI AHanUTHYECKUI pacuer
Iloaxon OJXO0J
I'mbxocTs mpu
N Bricokast TOUHOCTS ISt
MozenupoBanuu | [logxomut At HenMHEHHBIX
HPOCTBIX CHCTEM.
HCEOIPE/ICIICHHOCTH. | CHCTEM U ONTHMHU3ALMH.
IIpeumymiecta He tpebyer
MogynsHocTh H |['HOKOCTH B MOJETUPOBAHUH
N BBIYUCIUTENIBHBIX
ajlanTamnys K HEOIIpe/IeIeHHOCTEeH
pecypcoB
U3MCHEHUAM
OrpannueHHas
3aBHCHMOCTb OT TpeOyer 3HaAYNTETBHBIX
HPUMEHUMOCTb TIPH
BBIYHCIIUTENBHBIX BBIUHCIINTEIBHBIX
. HEOIIPEIeNCHHOCTSX.
Henocratku pecypcoB. MOII[HOCTEH.
. YhpolieHue peaabHOCTH
CroxxHOCTh TOYHOH | CJIOKHOCTh HHTEPIIPETALINH
U OTpaHUYCHUS B
KaJIMOPOBKH pe3yJIbTaToB
MOZEISIX
VHpaBicHHIc BosmoxHOCTE MoeT anmpoKCHMHpPOBATh IpobnemaTnuno
P JIeTKOH MHTEeTpanuy MIOBEJICHHE CHCTEM IIPU CHIIBHBIX
HEOIpE/CIICH-
HOCTAMH Pa3IHYHBIX C HEeOoIpe/leIeHHBIMU HEOIIPEIeTICHHOCTAX
CIICHapHeB apamMeTpamMu apaMeTpoB
Beicokast (ocob6eHHO Beicokas (st Hwuzkas (BO3MOXXHOCTh
3aBUCUMOCTb OT
JUISL CITIOXKHBIX BBIUHCIIMTEIIBHO CIIOKHBIX AQHAJIMTUYECKUX
pecypcoB .
Mozenei) 3a1a4) pacueToB BPYUHYIO)
JIro6as cTenens Jlyuie noaxoaut ans ITpenmymiecTBeHHO A1
IIpumenumocTb e penmy
Mozexet CIIOXKHOCTH U CIIOXKHBIX CHCTEM U TIPOCTHIX ¥ XOPOIIO
HEOIIPEICTICHHOCTH | ONTHUMHU3AIHOHHBIX 32129 W3YYCHHBIX CHCTEM
MozkeT ObITh
Wurteprnperanust|  CIOXHOH H3-3a Cnoxna 6e3 creruanbubix | OOBIYHO IPSIMOIUHEHHA
pe3ynbTaToB  [00beMa M CI0KHOCTH| 3HaHMH JUISL M3y4CHHBIX MOJIETICH
JTAHHBIX
5. llpumep peajauzanuun KOMIIO3UIIHOHHOT O noaxoja.
PaccMOTprM TIpUMEp pealu3ali pacdera XapaKTEPHCTHK 3JCMEHTOB
APXUTEKTYPBI aBTOMAaTHU3UPOBAHHOM CHCTEMBI YIpaBJICHUS

xenezHogopoxuoro tpancnopra (ACY XKT) ob6paborkm uHpOpMAIUN
Bcpene wumuTannonHoro MoxenupoBaHus GPSS  World  (cBoGomnO
pacupocTpaHsemas CHCTeMa, IpeJHa3HayeHa I HMMHUTalHOHHOTO
MOJICTIMPOBAHUS CJIOXKHBIX CHCTEM C JUCKPETHBIMH M HENPEPBHIBHBIMH
mpoueccamy, — obnazaer  TMOKMMH ~ BO3MOXKHOCTSMH  HACTPOMKH
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Y BU3yallM3allMl MOJIENICi, UMEeT CPEACTBa Ui MOJCIMPOBAHUS CHCTEM
U ceTeil MaccoBoro oOciyxuBaHus). CHadama pacCMOTPUM OTJIEIBHBIN
CeTEeBOW y3esl M CIOCOOBI peanu3alud ero WMUTALMOHHON MoJesu
(pucyHok 1).

L HaAKOITUTECIIb N

A BXOISIIHI ouepenu H BBIX OISAIIHI
MOTOK MMOTOK
—» OV |—
A A A
:HOCTyrIJ'IeHPIeI 0)KHJIAaHUE B |06cny>KI/IBaHI/Ie
| 3@iBOK | ouepenu |ByCTp017ICTBe
|

I I
Puc. 1. Mozens CMO co ciny4aifHpIMU TapaMeTpaMu

Jlist iMUTanMK CITyYaiHOCTH IIapaMeTpOB paclipe/ieIeHUi BpeMEeH!
MEXAY BXOAALNIMMH 3asiBKaMH W BpEMEHHM OOCIyXHBaHHMs Oblia
peamm3oBaHa KOHCTpykuusi OmokoB GPSS ¢ ngBoifHON reHepammeit
cirydaiiHoi BenmmuuHEL. Hampumep, 6mox GPSS

Generate (Exponential (1, 0, (1/Uniform (2, a, b))))

MO3BOJISIET CHAaYalla CTeHEpUPOBaTh MO paBHOMepHOMY 3akoHY (Uniform)

CllydyailHbId TapameTp }1, U3MEHSIOIMICS B [Uama3oHe [a, b], 3areM HaiiTu
oOpaTHyI0 €My BEJMYMHY CIy4allHOr0O MAaTeMaTHYeCKOTO OXKHIaHHS
BPEMEHH MEXJYy BXOJANIMMHU 3asBKaMM, BBICTYIAIOUIYI0 B KayecTBe
napamerpa B Gioke Generate, U moToM HCIONAB30BATh €€ Ul TeHEPAIluH
COOCTBEHHO CITly4allHOrO BpPEMEHHM MEXIY BXOJSIIMMHU 3asBKamu. [lpu
Bei3oBe Exponential, Uniform wu apyrux ¢yukmmii pacnpemeneHus
MIEpBBIMH NapaMeTpaMH SBJSIFOTCSI HOMEpa FeHepaTopoB MCEBIOCTyYaHBIX
grcend oT 1 10 999, xoTopble peKOMEHAyeTCs B OJHON Mporpamme Ajst
Pa3IMUHBIX CIyYailHBIX BEJIMYWH JENaThb DPa3HBIMH, YTOOBI OOECIEUHTH
HE3aBHCUMOCTh HIMUTHPYEMBIX BEJIHYHH.

AHanornuHblii TpueM ucmojie3yeTcs B Onoke Advance mns
reHepaniy BpeMEHN 00CITyKUBAHHS CO CITyqailHBIM IapaMeTPOM |1 :

Advance (Exponential(3,0,(1/Uniform(4, c, d)))).

broku Generate u Advance mo ¢opmary BbI30Ba OTIMYHN He
HMEIOT, pa3Ihyhe B HA3BaHUU OJIOKOB OOYCIOBIEHO Ppa3HBIMH
MOJIETMPYEMBIMHU C UX MOMOIIBIO CITYYaHHBIMU BETHYHHAME — HHTEPBAJIOB
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MEXIy CMEXHBIMH 3asBKaMH ¥ JUINTEIBHOCTEH  0OCITy)XKHBaHUS,
COOTBETCTBEHHO.

I[lpu  MomenmupoBaHmM g ymoOcTBa  ydera  CTETEHH
HEOIIPEeIIEHHOCTH CIIyJalHBIX IapaMeTpoOB pacHpeieleHHH MOKHO
HCTIONB30BaTh TaK Ha3bIBaeMbIe K03((PHUITHEHTHI HEOIPEeIEHHOCTH

Ay =(b-a)/(b+a), Ay =(d—c)/(d+c),

npuHuMaromue 3HadeHust oT 0 o 1. OTCyTCTBUIO HEOIpeAeIeHHOCTH
COOTBETCTBYIOT HYJIEBBIC 3HAYCHHS KOX(PQPHUIMEHTOB, MPU YBEIUICHUH
CTETICHH HEONPEICIICHHOCTH ITapaMeTPOB KOIPPHUITUEHTHI CTPEMATCS K 1.
W3 Tabmuiel 4 BUAHO, YTO NMPHU PACIIUPSHHH TPaHUI] W3MEHEHUS
WHTCHCUBHOCTH  OOCIY)KMBaHHWS  YBEIMYHBACTCS  CpeJHEEe  BpeMs
oOciy)XKMBaHUS, W KaK CIEICTBHE, pAacTeT KOA(PPHUIMEHT 3arpy3Ku
U cpefHee BpeMs okugaHus. [Ipyn yBenmndeHHH ke auanazoHa M3MEHEHUS
MHTEHCUBHOCTH BXOJISIIETO MOTOKA 3arpy3ka U BpeMs OKUAAHUS MaJaloT.
IIpu 0THOBPEMEHHOM YBEIHUCHHH HEOIMPEACICHHOCTH 000UX MapaMeTpOB
3arpy3Ka OCTaeTcsl IPUMEPHO OJIMHAKOBOI, HO BpeMs 0>KHJIAHUS pacTeT.

Tabmuna 4. IMuTamOHHOE MOJICIMPOBAHUE CUCTEM C HEOTIPEIEICHHOCThIO

I'panutpt I'panutpt Cpennee Cpennee | Cpennsist
Mozenb [abl, A, [ed], Ag BpeMst 3arpyska BpeMst JUIMHA
O6CHy)I(HBaHHﬂ OXHUIOaHus ouepeaun
MM/ 8,0 10 0,100 0,799 0307 2,447
8,0 [9,11], 0.1 0,101 0.802 0313 2,495
8,0 [8,12],0,2 0,102 0,810 0333 2,655
. 8,0 [5.15], 0,5 0,110 0,878 0,614 4,894
MiM/1 8,0 [4,16], 0,6 0,116 0,023 1,122 8,046
8,0 [2,18], 0,8 0,138 1,00 584201 | 4658,51
8,0 [1,19], 0,9 0,164 1,00 1907.79 | 15206.72
[79,0125 | 10,0 0,100 0,795 0,303 2,407
[6,101,025 | 10,0 0,100 0,782 0,291 2271
. [4.12], 0,5 10,0 0,100 0,728 0,246 1,786
MIMIT 739370625 | 10,0 0,100 0,682 0,219 1491
2,141,075 | 10,0 0,100 0,617 0,191 1,178
[1,15],0,875 | 10,0 0,100 0,517 0,164 0,845
[7.91,0,125 | [9,11],0,1 0,101 0,798 0,309 2,454
[6,10],0,25 | [8,12],0.2 0,102 0,793 0314 2,453
- [4.12],05 | [5,15],0,5 0,110 0.3 0,416 3,020
MIMIT 739370,625 | [4,16], 0,6 0,116 0,788 0,467 3,177
[2,14],0,75 | [2,18],0.8 0,138 0,848 LI19 6,889
[1,15], 0,875 | [1,19],0,9 0,164 0,849 2,088 | 10,779
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B Tabnune 5 npuBeneHbI pe3yIbTaThl OLEHUBAHUS JOBEPHTEIBHBIX
unTepBanoB Ay, cpenHero BpeMeHH NpeObIBAHMs B CUCTEME Y, IPH
MMHUTAIIMOHHOM MOJIEITUPOBAHNUY B 3aBUCHMOCTH OT YHCJIA HCIIBITAHUH IIPU
Pa3IMYHBIX BUIAX HEOIPENeNICeHHOCTH (IIapaMeTpOB BXOMHOTO IIOTOKA U
obcmyxuBanus).  PaccMoTpensl 4 cimydas, Korja  CiIydaifHbIe
MHTEGHCHBHOCTH BXOJAIIEr0 IOTOKA A M MOTOKA OOCTYKHBAHHS [i THGO
yepenustorest  (0.05 w  0.1), mmbo paccMmarpuBaroTCs pPaBHOMEPHO
pacmpeneneHHbIMA B 3amaHHbIX AuanasoHax (0.02-0.08 u 0.04-0.16
COOTBETCTBEHHO). [lpHBefeHbI Tarke NaHHbIE AHAJIUTHYECKOTO pacyera

AHAJIUT
Y1 .

Ta6uma 5. OneHKa JOBEPHTENBHEIX HHTEPBATOB CPETHETO BPEMEHH MPeGHIBAHIS
B CHCTEME 110 Pe3yTbTaTaM MMHTAIIHOHHOTO MOJCTHPOBAHHS TIPH P o= 0,95

1 A y™™ [Nuemsrr| y,"™™" | Ay™™ |y = Ay | 71+ Ay

500 | 20240 | 1,782 | 18,458 | 22.022

MMA | 0,05 | 01 | 20 [1000 | 21,816 | 1,407 | 20,409 | 23,223

10000 | 19.726 | 0,369 | 19,357 | 20,095

500 | 31,845 | 2,891 | 28,894 | 34,736

M/M/1| 0,05 %’0146' 30,049 | 1000 | 35,513 | 2,530 | 32,983 | 38,043
’ 10000 | 29,870 | 0,618 | 29,252 | 30,488

0.02 500 | 20,163 | 1,752 | 18,411 | 21,915

MIMI| Gog | 01 | 18874 1000 [20371 | 1,259 [ 19,112 [ 21,630
’ 10000 | 18,733 | 0,356 | 18,377 | 19,089

0.02—| 0.04 500 | 30,846 | 2,785 | 28,061 | 33,631

MIM/ (’)’08* 0”16' 27,130 [ 1000 | 30,669 | 2,142 | 28,527 | 32,811

10000 | 27,028 | 0,565 | 26,463 | 27,593

PesynbraThl nccienoBaHMi MOATBEPXKAAOT BhIBOABI [13 — 15], uTo
ke eCld TpU MOJCIMPOBAHWM  3aTpayuBaeTCs OOJBIION 00bheM
BBIYMCIHUTENBHBIX ~ YCHJIMM  [UI1  YJNydIIE€HWs  OLEHKM  IOKa3aTels
MPOW3BOANUTENBHOCTH, €r0 OLEHKAa OyJeT TOoJBEpKEHa 3HAYUTEIBHOMN
W3MEHYMBOCTU M3-32 HEONPENEIEHHOCTH B TOYEYHBIX OLCHKAX MapaMeTpoB
pacmpezneneHuil. Ecnu HETOYHOCTh BXOIHBIX JAHHBIX HE YYHTBIBAETCS
JIOJDKHBIM 00pa3oM, TO JAOTIOTHUTEIBHBIC YCIIIHS TI0 MOJETHPOBAHUIO MOTYT
NPUBECTH K elle Oojee HU3KUM JOBEPUTENBHBIM HHTEPBalIaM C MEHBIINM
oxBatoM. llpm MajoM 4ucie HCHOBITAHUN  JOCTATOYHO  IIUPOKUU
JIOBEPUTETbHBIM  MHTEpPBAJl TEPEeKPhIBA€T IOTPEIIHOCTH  IMEPEXOJHOTr0
nepuoja. Ilpu yBenuueHnu ke yuciia UCIIbITAHUM CYXKaeTcsl JOBEPUTEIbHBIN
UHTEpBaJl, ¥, HECMOTPS Ha YBEIUUCHHE TOUHOCTH MOJEIHPOBAHUA, €CTh
PHCK HCKIIIOYEHHs HCTHHHOTO 3HAUEHMs MapaMeTpa U3 JOBEPUTENBHOIO
uHTepBana. B [15] wucmonp3yercss HemapamMeTpUYECKH MOAXOJ NpHU
HEONPENENEHHOCTH [UISl YIIy4IlIeHHs OLEHKH JOBEPUTENBHBIX HHTEPBAIIOB.
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O4eBuAHO, 4YTO CpaBHEHHE CHUCTeM yaoOHee MPOBOIUTH TIPH
OJIMHAKOBBIX KOA(QQHUIMEHTaX 3arpy3Kd, KOTOpbIE MEHSIOTCS IpH
n3MeHeHn! K03 (OUIIMEHTOB HEONPEICICHHOCTH U3-3a CMELICHHS CPEIHUX
BpPEMEH MEX/1y MOCTYIICHUSIMH U 00CITyKHBaHHS.

Ilpu paccMOTpeHHH 3aBHCUMOCTH OTHOCHUTEIBHOTO CpEIHEro
BpeMEHU OXHUJIaHMs (K CpeIHEMY BpeMeHH oOcCiyxuBaHUs) ©/f; OT
KO QUIMEHTOB HEONpEeNeeHHOCTH A, H Ag TIpH (buKcHpOBaHHOM

kodpdunuente 3arpy3kn p=0,5 (pHUCyHOK 2) MOXHO yBHIETb, HYTO
xapakrtepuctuku CMO ¢ HeoIlpeaeneHHOCThI0 0oJiee YyBCTBHUTEILHEI
K CIly4alilHOCTH IapaMeTpOB  OOCIY>KHBAaHHUs, 4YeM K CIIy4yalHOCTH
apaMeTpoB BXOJHOI0 MoToKa [16].

00-2 O2-4 O4-6 068 O8-10 O10-12 O12-14 O14-16 O16-18

Puc. 2. 3aBucuMocTs /B, 0T K03QPUIHEHTOB Ay H Ag

Ilenepanmio ciayyallHBIX YHCell, MOMYMHSIOMINXCS PacCIpEAEICHUsIM
¢azoBoro THma, orcyrcTByommM B Ombmmoreunsix ['CU GPSS World,
HalpuMep, paclpesieNieHHsi DpiiaHra, MOKHO BBIIIOJIHUTE C IIOMOIIBIO €ro
0000meHHON POPMBI — FraMMa-pacipeieNieHHsI, IPU LEIIOM TIOJIOKHUTEIIEHOM
mmapameTpe a, 3aaaromeM Gopmy pactpeneneHus (Iucio ¢as).

Martematiyeckoe OXHJAHHE BPEMECHH OOCITYKHBaHHS B OSTOM
ciyyae OyneT onpenensaThes no Gopmyne: Mg=ab+s, rae s=0 — cMmenieHue,
b — cpemnee Bpems oOciyxuBaHus Ha onmHOU (asze. g peammsamum
pacripeneneHus OpllaHra 2-ro IOpsika CO CIIy4aliHBIM I1apameTpoMm b,
pacIipeieieHHbIM B inarna3oHe [c, d], mpruMeHnM BBIIIE OITUCAHHYIO CXEMY:
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Advance (Gamma(6,0,(1/Uniform(7, c, d)),2)).

Kpome Toro, ans reHepanuu ciaydailHbIX BPEMEH CO CIydalHBIMU
rapaMeTpaMy MOXET MCIOJIb30BAThCA CXeMa C TPOMHOW TeHepaIueil:

1) renepupyroTcs cly4yalHble peanuzauuu CIy4JailHbIX
mapaMeTpOB pacIpeesieHIi (a30BOro THIIA;

2) TreHepHpYIOTCS ClydaiiHble BpeMeHa 3aJep>KKM Ha KaXIoW W3
(UKTHUBHBIX (ha3 B COOTBETCTBHUH C MOJIYYECHHBIMHU ITapaMeTpaMu;

3) BBITIOJIHACTCA HOpoucaypa aJJuTUBHOIO WK BEPOATHOCTHOI'O
CMCEIIMBaHUA cnyqaﬁﬂmx 3aICPIKCK.

Hanpumep, i peann3aiyu reHepaniy BpeMeHH 00CTyKUBaHHS 110
3aKOHy OpiaHra 2-TO TOpsiOKa €O CIIyJ9allHBIMM [apameTpamu [1;

HCTOJB3YETCS aJIMTUBHAS CXeMa (CYMMHUPOBAHUE 33ICPKEK):
Advance(Exponential(5,0,(1/Uniform(6,c1,d1)))+Exponential(7,0,(1/Uniform(8,c2,d2)))).

[Mpn pa3nuuHBIX TpaHUIAX AWANA30HOB HM3MEHEHUs IapaMeTpoB
[cl,d1], [c2,d2] MoxeT OBITH peanu3oBaHO OOOOIICHHOE pacHpeiecHUE
OpnaHra co CioydJailHBIMM I1apameTpaMi. lIpy OIWHAKOBBIX TpaHHUIAX
peanu3yeTcst IPOCTOe paclpeelecHue Jpianra.

JUii  TeHepanMM — TUHEP3KCIOHCHIHAIBHOTO  pacIpeleieHUs
HCTIONB3YEeTCS CXeMa C JIOTHYECKUMH MepeKIodaTeNsiMu [36], IMeromumMu
IIBA COCTOSIHMS (BKJIIOYEH, BBIKIIOYCH), IIOCKOJNBKY ISl TEHEpalnuu
CITydalfHOW BETMYMHBI HYXKHO OyIeT BEIOpPAaTh TONBKO OJHY M3 CIYYalHBIX
BEJIMYHH C 33JaHHON BEPOSITHOCTBIO (JIUCTHHT 1).

06nactb onucaHus

Ver1 EQU 0.396 ; BeposiTHocTb nepexopa TpaHaakTa Ha Kluch1

Ver2 EQU (1-Ver1)  ; BepositHocTb nepexopa TpaH3akTa Ha Kluch2

T EQU 26.33 ; Bpems obcnyxuBanus TpaH3akTa B 1 hase

T2 EQU 15.85 ; Bpems obcnyxvBanus TpaH3akTa Bo 2 thase
************************MMVITaLWIﬂ paGOTbI KJ'IIO‘-IeVI

GENERATE ,,,1 ; dopmmpoBaHve 1 TpaH3akTa

Variator TRANSFER Ver1,KI1,KI2 ; Mepexog ¢ BepositHocTbio Vert B KI2

K1 LOGICS Klucht ; Bkntouenne kntoua Kluch1

ADVANCE (T1#5) ; 3apepxka TpaH3akTa B 6rioke Ha T1*5 efl. MofienbHOr0 BpEMEHM

LOGICR Kluch1 ; Bbikntouerve kmioya Kluch1
TRANSFER Variator ; Be3ycnoBHblit nepexod nepekmodatenb Kioyen
KI2 LOGICS Kluch2 ; Bkntoyenne kntoua Kluch2
ADVANCE (T2#5) ; 3apepxka TpaH3akTa B 6roke Ha T2*5 efl. MoLenbHOrO BpEMEHM
LOGICR Kluch2 ; Bblkntouerve kmtova Kluch2
TRANSFER ,Variator; be3ycnoBHblit nepexog B nepeknioqaresb Kroyen
Jluctunr 1. Umuranus paboTs! Kitouei
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Kox AMUTALUI 00CITy)KUBaHUS 3a51BOK o
THITEPIKCIIOHSHITNAIFHOMY 3aKOHY 2-T0 TIopsizika ¢ momortpio 6moka GATE
TIPUBEICH Ha JINCTUHTE 2.

RGeS MM Taums 06CnyKVBaHUS 3asBOK

GENERATE (Exponential(11,0,10)) ; ®opmupoBaHue npocTeliLLero noToka

GATELS Kluch1,Met10 ; Ecrim kntou Kluch1 BkntoueH, To nepexog k criegytoLlemy
; 6rioky, nHave nepexog Ha Met10

SEIZE Uzel ; MonbiTka 3aHsTb ycTpoicTso Uzel

ADVANCE (Exponential(1,0,T1)) ; OBcnyxusarue 3asisku B 1 dhase

RELEASE Uzel ; OcoboxaeHue yctpoiictsa Uzel

TRANSFER ,Met20 ; BeaycnosHasi nepefiaya TpaH3akTa Ha BbIXOA U3 CHCTEMbI

Met10 SEIZE Uzel ; MonbiTka 3aHaTb yeTpoitcTeo Uzel

ADVANCE (Exponential(2,0,T2)) ; ObcnyxuBaHue 3asisku Bo 2 hase

RELEASE Uzel ; OcoboxaeHue yctpoiictsa Uzel

Met20 TERMINATE 1

Jluctuar 2. Umurtarms o0CITyKHBaHUS 3aIBOK

Tenepp paccMOTpUM TpUMEp peau3alid CETEBOM MOJENH
MaccoBoro obcmyxuBanus cermeHTa ACY JKT u3 Tpex o0CIyKHBaIOmmx
y310B (0-it y3en — UCTOK, 4-if y3en — CTOK), IPUBEAECHHON Ha pUCYHKE 3.

Puc. 3. CereBas mozens o6cinyxuBanusa cermenta ACY XKT

JlaHO: y37BI OJHOKAaHAJIBHBIE, AWCHMIUIMHA oOciyxuBanus FIFO,
ouepenu K y3naM He orpaHmueHsl. Ilycte ysen 1 peamusyer Mooyaw
YNpaenenus pecypcamu Cmanyuti, Ha KOTOPBIM IOCTYNAIOT JaHHbIE
0 BpEMEHH IPUOBITUS/OTIIPABICHUS T0e3/10B. Y3en 2 peanusyer bazy
OQHHLIX C UHMESPAYUOHHBIM ClI0eM, KOTOpas OOECHEeUHBAET XpaHEHHUE
NAHHBIX ¥ BBIAAYY peE3ynbTaToB 3ampocoB. Ha Hero moctymaioT
aKTyaJlbHbIE JaHHBIE O COCTOSIHUM PECYpCOB CTaHIMH ¢ y3ma 1, a Takxke
JTAaHHBIE OT BHEUIHMX Y3JIOB. 3 Y3l UMUTHPYET Mooyas npocHo3uposanus
U aHaIumuKy, Ha KOTOPBII IOCTYHAIOT OMNEPATUBHBIE W HCTOPHIECKHUE
JaHHBIE s aHanu3a. Pe3ynmbraToM 00paOOTKM Ha y3iie 3 SABISIOTCS
aQHAJUTUYECKHE OTYEThl M PEKOMEHIAalWH ISl ONTHMHU3AUUU PabOTHIL.
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HyneBoii y3eir UMATHPYET UCTOYHHK 3asBOK CE€TH (B YaCTHOCTH, OT Modyis
ynpaenenus pachucanuem, Mooyna ynpasnenus oOsudxcenuem W T.1.),
y3er 4 — cTOK (BBIXOJ] CETH, Pe3yIbTaThl 00Pa0OTKU TaHHBIX).

[Ipumem crepyromue BEpOSTHOCTH TepeAad MEXAY y3JIaMH CETH:
po1 =05 p=04; piz=0,1; p1n=07 p13=03; pp=04; py=0,0;
P3¢ =1. IlmoTHOoCTHM pacmpeneNeHuss WHTEPBATIOB MEXIY 3asBKaMHU
BXOJ/IHOTO TIOTOKA d(?) ¥ BPEMEHH OOCIYXHMBaHHs 3asBOK B y3nax b;(x)
OyneM cyHuTaTh OSKCIOHEHIMAJIbHBIMH, CO CIy4allHBIMH PaBHOMEPHO
pacmpeneleHHbIMA TIapaMeTpamMu A u W A€[a, b], welc;, d;]. Cnenyer
HAWTH XapakTePUCTHKH BpeMeHH oOpabOTKM 3asBOK B ceTH 0Oe3 ydera
ucydetoM (akTOpoB  HeompeneneHHocTH mpu A =10+8 MuH,
p;=5+£3 MI/IH'I, p, = 8+6 MI/IH-l, u; = 10£6 MuH".

Ecin  dakTopsl ciyyaliHOCTH  (HEONPEIEIEHHOCTH) MapaMeTpoB
pacnpeneneHuii He YYUTBIBaTh, CETh OY/AET PAacCCUMUTHIBATHCS KaK OOBIYHAS
9KCTIOHEHIMAJIbHASL CETh MAaccoBOro oOciykuBaHMs. Ho ecnm B kauectBe
UCXOJHBIX JaHHBIX OpaTh  YCpPEOHEHHBIC  CIy4aiiHbIC  MapamMeTphl
pacripeseneHuii BeposTHOCTEeH, T.e. A = (a+b)/2, W =(c+d;)/2, momyanm
HCKaKCHHBIE CPEIHNE BPEMEHa MEXy BXOAIINMH 3assBKaMH O} 1 BpeMeHa
oOcrmyxuBaHUsI B y37Max [J;; co caBurom BieBo (tabmuma 4) w,
COOTBETCTBEHHO, KO3(h(DUITHEHTHI 3aTpy3KH Y3JIOB CETH p; (B TaHHOM CIydae
3aBbleHHbIe). [Ipm  ydere (HakTOpOB HEONPENEIEHHOCTH HCXOIHBIX
napameTpoB [16, 17] mepBele HayadbHbIE MOMEHTBI BPEMEHU MEXITY
BXOJSLIMMH 3asiBKaMH O, MU BPEMEHH OOCIyXKMBaHUs B y3Iax Py;

(tabnuua 1) OyxyT UMETh BUIL:
In(b/a In(d,; /¢c;

alz (/)’ Bl[: (l/l).
b—a d;—c¢

e2y)

CpenHue WHTEHCUBHOCTH TOTOKOB 1/ot; u 1/B;; oOKa3wIBaroTCs
MEHbIIIC CPETHUX 3HAYCHUN CIyYalHBIX MApaMETPOB A, L. DTO SBIIACTCS
ciaenctBueM TeopeMbl 1 w3 [14], rhacsmed, 4YTo Mamemamuueckoe
0oicUOaHue CAy4aHolu HeoOMmpuUyamenbHOU GeaUdUHbI X 6cez0a ne menvuie
00paMHO20 3HAYEHUSL MAMEMAMUYECKO20 0HCUOAHUSL OOPAMHOU CYYAHOU

senuyunvl 1/X .

B pesynpraTe MMUTAIIMOHHOTO MOJICIMPOBAHUS MOJIYY4aeM CPCIHUC
BpeMeHa NpeObIBaHKs 3aaHuil B y3Jax Y, 3aTeM PAaCCUMTHIBAEM CpEIHEe
BpeMs IpeObIBaHMS 3a/IaHUi B ceTH Y, (Tabmuma 4).
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Tabmmna 4. Pesynbratel MogemupoBanus cermenra ACY XKT

V3en Be3 yuera HeOMpeneIeHHOCTH C y4eTroM HeoIpeIeIeHHOCTH
o Bi p Yi o B P Y

1 yzen 0,249 0,2 0,82 1111 0,335 | 0,231 | 0,690 1,073

2 y3en 0,2 0,125 | 0,625 0,333 0,275 | 0,162 | 0,590 0,595

3 y3en 0,133 0,1 0,75 0,4 0,183 | 0,116 | 0,631 0,439

Cerb 1,078 1,216

Beenennsie panee K03()(QUITMEHTH HEONIPEASIEHHOCTH MapaMeTPOB
JUIA paccMaTpUBaeMOro MpHMepa IPUHAMAIOT CIEeIyIoIIne 3HAYeHUS:

Ay =0.8, A, =06, A,=0.75, A, =06,

W3 aHanm3a pe3ynbTaToB, MPUBEIACHHBIX B TaOyuIe 4, CIeayeT, 4TO
IIpH  ydeTe HEONPEISIICHHOCTH 110 CPAaBHEHHIO C OTCYTCTBHEM ydeTa
HEOTIPEJICICHHOCTH OIICHKAa 3aJCPKKHA TPOXOXKICHUS 3asBOK B MOJEIH
cermenTa ACY KT yBemmumBaetcs Ha 11,35%. Takum o6pasowm,
pe3yiabTaThl  HWMHUTALMOHHOTO MOJEIHMPOBAaHUS TIOKa3alH, dYTO yd4eT
BO3MOKHOH HEOTIPE/IEICHHOCTH (CIIyd4aifHOCTH, HETOYHOCTH, KOJIeOaHWH,
B TOM YHCIC U3-3a JCUCTBHUS BHCIIHUX JCCTAOWIU3UPYIOMUX (PAKTOPOB)
MapaMeTPOB PACIPEACICHUN TO3BOJIACT HE TOJBKO IOKA3aTh, YTO YYCT
HEOMPEJCIICHHOCTH  BaXKGH, HO W  YHCICHHO MO  pe3yjibTaTaMm
MOJICIIPOBaHUsl (C y4eTOM U 0e3 ydeTa HEOMPEICICHHOCTH) 000CHOBATh,
HAaCKOJIbKO HMMEHHO OH CIIOCOOCTBYET YIYUILIEHHUIO OIICHOK 3a/ePiKeK
B oOCIyXHBaHMH ¥  (OPMYIHPOBAHUIO  AICKBATHBIX  TpeOOBaHWUI
K MIPOU3BOIUTEIFHOCTH PACIIPEICIICHHBIX BEIYUCIIUTEIFHBIX CHCTEM.

6. 3akarouenne. KoMNO3UIMOHHBINA MOAXO MO3BOJSET IPOBOAUTH
KaK  aHaJNUTHYecKoe, TaK W  HMHUTAlMOHHOE  MOJCIHPOBaHUEC
CTOXAaCTUYECKAX CHCTEM MpPH HaJMIUN HETOYHOCTH, Pa3MBITOCTH U
M3MEHYMBOCTH TIApaMETPOB pacIpeleNicHHd BEPOSTHOCTEH, 3aJaHHBIX
B Ka4eCTBE HCXOIHBIX. [IpM 3TOM mpenamojaracTCs HECTaHIAPTHOE
WCTOJIb30BaHUE JKCIIOHEHIIMATLHOTO PpaClpe/eieHnsT KaK OCHOBBI TSt
co31aHus 00JIee CIOXKHBIX PACIPEACICHUMN, YTO MOXKET MPUBECTH K HOBBIM
MHTEPECHBIM pE3yNbTaTaM B CTOXAaCTHYECKMX IIPOILECCAX U TEOPHH
pactpenenenuii. Ho B oTiMuMe OT aHAJIWTUYECKUX  PacyeTroB,
AMHUTAMOHHOE MOJCIUPOBAHHE HE OrPAHUYMBACTCS HCCIICOBaHUCM
MPOCTEUIINX JKCIIOHCHIIMANBHBIX MOJENCH, a IMO3BOJICT 3aJeHCTBOBATH
Ipyrue pacnpeaencHus (Ha3oBoro W Heda3oBOTO THIA CO CITyYadHBIMHU
napaMmeTpamu (THIIEPIKCIIOHEHIaIbHOE, Dpianra, Kokca, THIIepebTHOE,
PaBHOMEpHOE U JIp.).

CpaBHHBasT KOMIIO3WIIMOHHBIA TIOAXOJ M YHCICHHBIE METOJFI,
MOJKHO OTMETHTH, YTO 00a 3TH MOJIX0/a 00JIAAAI0T CBOUMHU YHHKAIHLHBIMHU
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MPEeUMyYIIECTBAMIH W OTPAHWYCHUSMH B 3aBHCHMOCTH OT CICHU(PHUKH
3amaun. OZHAKO KOMIO3MIIMOHHBIA MOIXOJ OCOOCHHO BBIIETSIETCS CBOEH
CrocOOHOCTRIO K aHANIM3y CHCTEM C HEONpEeACNeHHBIMH IapaMeTpaMiu
Omaromaps €ro MOAYIBHOCTH, THOKOCTH M BO3MOKHOCTH HHTETPHPOBATH
IIMPOKUHA CHEKTP BEPOATHOCTHBIX paclpelesieHHil. JTO JenaeT ero
OCOOCHHO  HEHHBIM HAa  Pa3NMYHBIX  JTamax  IPOCKTHPOBAHUS
n monepHmzanmn  MBC, mo3Bomsisi Gonee 0OOCHOBaHHO MPEIBSBISTH
TpeOOBaHUS K MPOU3BOAMTEIBHOCTH M HajaexkHocTH MBC, 4T0 KPpUTHIHO
JUTSL IOJICPIKAHUS YCTOHUMBOCTH MX (PYHKIIUOHUPOBAHHS.

IIpakTHyeckas  3HAYMMOCTB  METOJA  ONpeZesieTcd  ero
BO3MOKHOCTBIO MCIOJIB30BAHMS HA PA3JIMYHBIX 3Tamax MpPOEKTUPOBAHUS
n MonepHuzanuu MBC B 3aBUCHMOCTH OT MMEBILETrocsi 00beMa UCXOAHBIX
NAaHHBIX, W Oomee OOOCHOBAaHHOTO  TIPEABSABICHUS  TPeOOBaHUS
K nnpou3BoauTeNbHOCTH VIBC, KpUTHYHBIX K HapyLIEHUIO YCTOHYHMBOCTH
(YHKIMOHUPOBAHWSL.

JlanpHeie uccireoBaHus M0 BOMPOCAM MPAaKTUIESCKH MOJIE3HOTO
MPUMEHCHHSI PACCMATPUBaeMOr0 B CTaThe METONA HMMHUTAIIHOHHOTO
MOJICIIMPOBAHMsI, Ha HAII B3TJSN, MEJIECOOOpa3HO IMPOIOIDKUTH B YaCTH
OIICHUBAHMS JOBEPUTEIBHBIX HHTEPBAJIOB IIOKa3aTeNieil ONepaTHBHOCTH
CHCTEM C HeompeleneHHOCThlo [13, 15], aHaim3a BO3MOXKHOCTEH
U TeXHOJIOTUH 3(pPEKTHUBHOTO MCIIOIH30BAHUSA B COBPEMEHHBIX aKTYaIbHBIX
cthepax obecreueHHsT TPeOYeMOTo YpPOBHS OIEPATUBHOCTH, HAICIKHOCTH
u KubepOe30macHoCTH  (YHKIMOHUPOBAHUA HH(POPMAIMOHHBIX CHCTEM,
ceTell mepeiauy JaHHBIX 1 00paboTKu OobIInx naHHBIX [37 — 39].
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V. GONCHARENKO, A. KHOMONENKO, R. ABU KHASAN
A COMPOSITIONAL APPROACH TO THE SIMULATION
OF QUEUING SYSTEMS WITH RANDOM PARAMETERS

Goncharenko V., Khomonenko A., Abu Khasan R. A Compositional Approach to the
Simulation of Queuing Systems with Random Parameters.

Abstract. A general approach to modeling random service processes under conditions of
disturbances and uncertainty of the initial data is substantiated. A compositional approach to
constructing simulation models of queuing with parametric uncertainty based on phase-type
distributions and phase functions is proposed. The calculation and comparison of the
characteristics of the developed simulation models with analytical solutions were carried out to
confirm their effectiveness and accuracy. The problems of uncertainty of the initial data and
their impact on the modeling of service systems are highlighted. The importance of taking into
account parametric uncertainty in simulation models is emphasized in order to increase their
adequacy and applicability in practice. The study includes a description of a general approach
to modeling random service processes with uncertainty, as well as methodological foundations
for the application of phase distributions and functions in compositional modeling. Four
classes of service models are considered, differing in the type of integral core and phase
function, which makes it possible to implement a variety of random service processes, taking
into account their characteristics and conditions of their occurrence. The analysis of a model
with an exponential integral core and various types of phase functions is carried out, which
demonstrates the flexibility and wide possibilities of the proposed compositional approach to
the study and modeling of service systems. The results of simulation modeling are presented,
confirming analytical studies and showing the applicability and effectiveness of the developed
approach in the construction and analysis of models of service systems with random
parameters. The practical significance of the compositional method for the design and
modernization of information and computing systems at various stages of their development,
taking into account the uncertainty of the initial data, is noted. The work is focused on the
development of simulation methods for queuing systems and opens up new prospects for their
research and optimization in conditions of uncertainty of initial parameters.

Keywords: compositional approach, integral kernel, simulation modeling, random
parameter, parametric uncertainty, hyper-delta probability distribution, generalized function,
phase-type distribution, uniformly exponential distribution, approximation, phase function,
queueing systems.
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C.3. KyPAKUH, A.JO. OHY®PE, A.B. PA3YMOB
HUCCIEJOBAHUE BAPUAHTOB ITIOCTPOEHUA
HUHO®OPMAIIMOHHO-YITPABJIAIOIINUX CUCTEM HA OCHOBE
CETEBBIX MOJIEJIEM CUCTEM MACCOBOI'O
OBCJYXUBAHUS

Kypaxun C.3., Onygpeii A.IO., Pazymos A.B. WcciienoBaHne BapHAHTOB HOCTPOEHHS
HH(OPMALMOHHO-YIPAB/ISIOUINX CHCTEM Ha OCHOBE CEeTeBBIX MO/IeJIeli CHCTeM MacCoBOro
00CIyKHBAHUS.

AnHoTanusi. OHMM U3 HanpapJIeHUH JabHEHIEro COBEPUICHCTBOBAHMS U MOBBILICHHS
9 }QEKTUBHOCTH NPHMEHEHHS TEXHHYECKUX OOBEKTOB IIPH PEHICHUHM HMH IIENeBHIX 3a1ad
SIBISICTCSL TIPUMeHeHne HHdopMannoHHo-ynpasmstoumx cucrem (MYC) mns ynpasneHust
CIIOXKHBIMU TeXHMYeckuMH oObekTamu. CymecTByromue coBpemeHHsle MYC npencraBisior
co0Ol KOMIUIEKC ammapaTHO-IPOrPaMMHBIX CPEACTB, INpeAHAa3HAaYeHHBIX 11 cOopa,
00paboTKM M XpaHeHHs MHGOPMALMM U YNpaBICHHSA. B ycloBUAX Hamuuus OOJBIIOTO
KOJIMYECTBA MH(OPMALNH, TPOTUBOPEUHBBIX (PAKTOPOB, BIUAIOIIMX HA KA4E€CTBO yIPABICHHUS,
MPUHATHE 0OOCHOBAHHBIX U CBOCBPEMEHHBIX PEIICHUH B MpOIecce yIpPaBICHUS HEBO3MOXKHO
6e3  npumenenus MYC. PaspaGateiBaembie WNYC, Kkak  mpaBmio, — SIBISIFOTCS
CIELMATN3UPOBAHHEIME CHCTEMAaMH M HPOSKTUPYIOTCS Ul PEIICHUs KOHKPETHBIX 3aiad.
B cBasu ¢ atuMm paszpaborka u npoektupoBaHue MYC HOIKHBI NMPOBOAUTHCS C Y4ETOM
B3aHMOCBSI3U C LEJIEBBIMH ITOKA3aTEIIMH U OCOOCHHOCTSMH OOBEKTOB YIPABIICHUS, a TaK¥Ke
pe3ynbTaTaMH BCECTOPOHHETrO aHamu3a MH(popMaimu o mapamerpax MYC, Bimsrommx Ha
mokasartenu ux dddexruBHocTH. Vcmomp3oBaHHE MaTEeMAaTHYECKHX  MOJENCH Uit
HCCIeOBaHUsl BapuaHTOB mocTpoeHusi MYC sBiseTcs OCHOBOM INPOCKTUPOBAHMS U
pa3pabotku ycrpoiictB u noacucteM UYC. PaspabatpiBacMble B HACTOsIIEE BPEMs] MOJIEITH
WNYC, xak mpaBuio, MO3BOJSIOT NPOBOJUTH HCCICAOBAHUS I OJHOCTAAUHHBIX IPOLECCOB
YIpaBIIeHUs ¢ HAIMYMEM B CHCTEME OTHOTUIHBIX O0BEKTOB OOCTyXHBaHHUA. B To ke Bpems
COBPEMEHHbIE TEXHHYECKHE O0BEKTHI H CHCTEMBI YIIPABIICHHS NIPEICTABIIOT COOOH CIIOXHBIE
KOMIUIEKCHl C IHUKIWYECKH MOBTOPSIONIMMHUCS IIPOLECCAMH YIPABICHUS Pa3HOTHIHBIMU
cpeacrBamu. Kak npaBuio, B TaKMX KOMIUIEKCAX MMEETCs HabOp mapajuieibHO paboTaromumx
YCTPOICTB (KaHAJIOB YIIPaBJICHNS), 00CIICUHBAIOIINX YIIPABICHAE Pa3HOTUITHBIX OOBEKTOB Ha
pa3IMYHBIX CTamusix 00paboTku uabopmanuu. B atom ciydae crpykrypy UYC HeoOxomumo
MPEeNCTaBIATh B BUAC MHOrO(a3sHONW MHOTOKAHAIBHON TEXHHYECKOW CHCTEMBI, B KOTOPOW
MIPOUCXOJUT MPOIECC OFHOBPEMEHHOIO YIPABICHHS HECKOIBKHIMH OOBEKTAMH Da3iIHIHBIX
THUIOB. B CBsI3U ¢ 3TUM IIeNbIO CTAThU SABIIAETCA pa3paboTKa U HCCIEI0BaHUE MAaTEMATHIECKOH
momemu UYC ¢ nByms ¢dasamu 00pabOTKH M HAJIHYHEM OIPEICICHHOrO KOJIHYECTBA
00CITy)KMBAIOINX Pa3HOTUITHBIX YCTPOHCTB. OCHOBOI MOZeNH sBIIsIeTCss MHOrO(asHas ceTeBast
MOZieNIb CHCTEMBI MacCOBOro oOciyxuBaHMs. MccnenoBaHHe MOJENH IIO3BOJAET BBHIOpaTh
Bapuant mnoctpoeHuss MYC, B 4YacTHOCTH BBIOpPAaTh ONTHMAJIbHOE KOJIMYECTBO KaHAJIOB
00pabOTKM Ul Pa3IMYHBIX THIOB OOBEKTOB II0 KPHTEPUIO ONTHMAIBHOCTH C Y4eTOM
OrpaHMYEHHH 110 CTOMMOCTM M BpeMEHM oOciykuBaHus. Pa3paboraH anroputm BbIOOpa
Bapuanra noctpoeruss MYC u npuBeneH npumep pacuyera KOJMYECTBa KaHAIOB 00pabOTKU B
IBYX(pa3HOH cHCTeMe IIPH YIPABJICHAH TPeMs TUIIaMU OOBEKTOB.

KnroueBble c10Ba: uH(OPMAI[MOHHO-YNPABISIONIAs  CHCTEMa, MaTeMaTHYECKOe
MOZICIIPOBAaHKE, CEeTeBass MHOTOKAaHANbHAs CHCTEMa MAacCOBOTO OOCITyXXUBAaHHS, BBIOOD
BapHaHTa IOCTPOCHUS, KPUTEPUH ONTHMATEHOCTH.
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1. BBenenue. B HacTosmee BpemMsi HHGOPMAITMOHHO-YIIPABIISIFOIIHE
cuctembl (MYC) HaxomsTr Bce OoJjiee MUPOKOE MPUMEHEHHE B CHCTEMax
YIPaBJICHUS CIIO)KHBIMH TEeXHHYECKUMH oObekTamu. CoBpemeHHble MYC
MPEACTAaBIIIOT COOOH KOMIUIEKC —AamNllapaTHO-IPOTPAMMHBIX — CPEICTB,
NpeIHa3HAaYeHHBIX I cOopa, 0OpabOTKM W XpaHeHUs WHGOpMAaIII
u ynpasieHus.  OcHoBHOe  mpenHasHauenne MYC  3akmodaercs
B obOecnieueHnu TpeOyeMoii 3 PeKTHBHOCTH PabOThl 00BEKTOB YIPABICHUS
IpU pELICHHHM HMMH IEJeBhIX 3aj7a4. B ycnoBusx Hamuuusi OOJBIIOTO
KoJmyecTBa MH(OpMaluK, IPOTHBOPEYMBBHIX (HaKTOPOB, BIMSIOMIMX Ha
Ka4yecTBO YIPABJICHUS, NPHUHATHE OOOCHOBAHHBIX M CBOEBPEMEHHBIX
pelLIeHuil B mpolecce yIpaBlieHHs: HEBO3MOXHO 0e3 npumeHenus UYC.
PaspabarsiBaecmble B HacTosimee Bpemst UYC saBistiorcst B OONBIIMHCTBE
CBOEM CIIEIMAIM3UPOBAHHBIMU CHCTEMAaMH U IPOSKTHPYIOTCS IS PEIICHHUS
KOHKPETHBIX 3a7lad HE3aBUCHMO OT TOTO, YTO OYZIET Jie)kaTh B OCHOBE HX
pean3anuy: CHEeNHATN3UPOBAHHBI MHUKPOKOHTPOIIIEP, BBIYMCIHTEIBHAS
CeTh WX MHBIC BBEIYUCIUTENbHBIE CpecTBa. B cBsA3M ¢ »THM pa3paboTka u
npoektupoBanre UYC sBiseTcss BaXHOH HAyIHO-TEXHHUYECKOH 3amadei,
TpeOyIomeil  BCECTOPOHHETO0 aHaimnW3a HWHPopManmuu 00 o0BeKTax
yhpaBieHus, B3aMMOCBSI3U 3JIEMEHTOB nyc B npoliecce
(YHKIIMOHMPOBAHUS, CTPYKTYpHbIX mapamerpoB MWYC wu  BHemHHX
(hakTOpOB, BIMSIOLINX Ha MOKa3aTesid 3 (EKTUBHOCTH YIPABICHHUSI.

JlaHHOMY BONpPOCY IIOCBSILEHO JOBOJIBHO OOJBLIOE KOJIMYECTBO
paboT OTeuecTBEHHBIX M 3apyOexHbIX aBTopoB. Tak B paborax [l —5]
paccMaTpuBaloTCs  BONpPOChl  moctpoeHns UWYC © METOIUYecKoro
obecriedeHusl JUIS OpraHW3aIllMd TNpoeKTHpoBaHuWs. B paborax [, 2]
MPeUIO’KEH HAYYHO-METONMYECKHi ammapaT OOOCHOBaHHSA CTPYKTYPHI
WHPOPMAMOHHO-YIIPABIIIONINX ~ CHUCTEM, IMpoBeleHa BepOampHas U
(dopMammM30oBaHHAS IIOCTAHOBKH 3aJaydl HCCIIEOBAaHHS, OIpPEIeIICHBI
BPEeMCHHBIE M CTOMMOCTHBIC OTpaHMYCHHS IIPH BBIOOpE pEIIeHWH IO
co3nanuio Y C, mpeaioskeHsl alropuTMbl peIeHHs 3a/1a4, OCHOBaHHbIE Ha
MPUMEHCHUM METOJIOB onTuMu3aiuu. B paborax [3 —5] mnoka3aHbl
ocobenHocTH npoexktupoBanus 1Y C Ha nprMepe KOMIUIEKCOB YIpaBICHUS
BIJIA [3], rae mpeyioskeH MEeTO.T CHHTe3a HH()OPMAIHOHHO-YITPABIISIOIICH
CHUCTEMBl Ha OCHOBE CETCIEHTPUYECKOI0 TIOAXO0Ja M IpeACTaBiIeHa
CTPYKTYpa  HMHGOPMAIIMOHHO-YIPABISIONICH  CUCTEMBI  YIPaBICHHUS
JIECOXO3UCTBCHHBIM KOMIUIEKCOM C  HCIIOJIE30BaHHEM  ITOJICHCTEMBI
MOIICPKKA TIPHHATUS pelieHus [4], paccMaTpuBaeTcs TOIXOABI K
MpoBeIcHUIO cuHTe3a pacupeaeneHHsx MYC [5]. B paborax [6 — 8]
paccMaTpHBaIOTCS BOIIPOCHI, CBS3aHHBIE C HEMOCPEICTBEHHON pa3paboTKOM
NYC. Ilpemnaraercs yuutbiBaTh npu nocrpoennn MYC HaaexHOCTb
000pyIOBaHUS CHUCTEM YIPAaBICHHUS W HCIONB30BATh JTHHAMHYCCKYIO
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M30BITOYHOCTH  pEecypcoB B  Tmpomecce (GyHKIIMOHHpOBaHHS [6, 7].
B pabore [8] mms omeHKH (YHKIHOHAJIBHON YCTOHYMBOCTH 3JIEMEHTOB
cTpykTypsl MYC mpeamaraeTcst MCIONB30BaTh TEOPHIO ITTOIYMapPKOBCKHX
mporieccoB. YacTe paboOT TMOCBSIIEHA aHAIM3Y M OLEHKE 3(PPEKTHBHOCTH
npumerernss UYC [9—11]. Ipemmaraercs paccmatpuBath MYC, Kax
CIIO)KHYIO TEXHHUYECKYIO CHCTEMY, IPH OIEHKEe I(PPEKTHBHOCTH KOTOPOU
HEOOXOAMMO  YYUTHIBaTh  HMEPAPXHI0  IIOCTPOCHUS M IIOKa3aTenlu
3¢ (GEKTUBHOCTH MPOLIECCOB YIPABJICHUS HA PAa3IUUHBIX YPOBHAX HEPAPXHUU
nvcipo, 10].

B [11] mpemnoxxeHo omwucbiBaTh CY B BUJE OPHUEHTUPOBAHHOTO
rpadga u crnocobd QopManuzanuy 3amaud BbIOOpa BapHaHTa IOCTPOCHUS
NYC. bBonpioe Konan4ecTBO pabOT  MOCBSIIEHO  MOJEIMPOBAHUIO
mporieccoB  ympasieHuss B MYC wu  pa3paboTkm Mojeneil pacdera
ToKasaresie pe3yiabTaTuBHOCTH TpuMeHnenuss UYC [12 —32]. B paborax
[12-14] pa3paboraHbl MaTeMaTHYECKHE MOJEITH MHOTOCTATUHHBIX
MPOIIECCOB  OOCITY)KWBAaHWSI ~ IPOM3BOJIBHOTO  KOJNMYECTBA  3aIaHUi
B KOHBEHEPHBIX cHcTeMax, a B pabote [13] mpemiokeHa ceTeBasi MOJIENb
Iporiecca yrpaBiIeHNs 00pa3oBaTeIbHOM NeSTETFHOCTHIO By3a.

B paborax [15-17] npeanmaracTcs  WCIOJIB30BATH  JUIS
MozenupoBaHus ~ Maremarudeckui ammapatr CMO  Ha  mpumepe
OJIHOKAHAJIBHON CUCTEMBI MAacCOBOI'O OOCHYXXHBAHUS C MPHOPUTETAMH W
MOBTOPHBIM 00CHyXHBaHUEeM 3asBOK [15]. Takue cHcTEeMBI MOACTHPYIOT
MHOTHE pCajbHBIC CUTYalldd, B YaCTHOCTH, TCJICKOMMYHHKAIIMOHHBIC
CHUCTEMBI C TIPOTOKOJAMH MHOXXECTBEHHOTO JIOCTyIa IIPH HAJIUIHU
kommmuit  CSMA/CD  [16]. IlpoBemeHBI HCCIENOBAHHUS PA3ITUIHBIX
croco0oB  (HOPMHUPOBAHUS TIOPSIKOB BBHIIIOJHEHHUS MAKETOB 3aJaHU B
MHOTOCTaIMHHBIX cUcTeMax [17].

B pabotax [18 — 24] mccmenyroTcss BOIMPOCH BBIOOpa MPOITYCKHBIX
crocoOHOCTE KaHANOB CBs3W. Pa3paboTaHa aHamUTHYeCKass MOJIEINb
TPAaHCIIOPTHOW CETH CBSI3W, KOTOpas NpejarnosiaraeT pa3doueHne MCXOIHON
CETU Ha OTICJIbHBIC (I)paI‘MeHTI)I, AHAJIU3UPYEMBIC HE3aBUCUMO Jpyr' OT
JIpyra ¢ MOMOIIbI0 CUCTEM MaccoBoro obcmyxusanus [18)]. IIpoBeneHHbIN
aHalu3 AaHAJIUTUYECKUX MoOJeNied ceTed CBSA3M, OCHOBAHHBIX Ha
MaTeMaTHYCCKOM ammapaTe ceTeid MaccoBoro oOcmyxuBaHus [19 —24],
MOKasaj, 4YTO OHU HE T03BOJISIIOT YYHUTHIBATH OCOOEHHOCTH MepeHoca
Tpaduka pa3IMIHOTO MPHUOpUTETa. B TO ke BpeMsi METOJ AEKOMIIO3HIINH,
npeacraBiaeHHbId B [19], mo3BosisieT omucaTh HMCXOIHYIO CETh CBS3H C
KOMMYTalllell TMaKeTOB B BHJEC MHO)KECTBA B3aUMOICHCTBYIOIIUX CHCTEM
MaccoBoro obOciyxuBaHus (CMQO), BXOJHBIE W BBIXOJHBIC IPOIECCHI
KOTOPBIX CBSI3aHBI MEXKAY COOOH Ha yPOBHE ITapaMeTpOB.
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B pa6orax [25 — 30] npemararoTcsi METOIbI COBMECTHOM 00paboTKH
Pa3sHOPOIHBIX UCXOMHBIX MaHHBIX B JIBC. OnnchIBatOTCS MOJETH H METOIBI
MOCTPOCHHUS CETH B YCIOBHSX HEJOCTaTKAa NaHHBIX, JAETCS OIHCaHHe
ctpykTypsl JIBC, Brimrouaromee cBeJeHHs 00 YIPaBIIEMBIX JJIEMEHTaX U
CBS3IX HEpapXuM W Iepeladd NaHHBIX Mexny HuMmH. Paboter [31, 11]
MIOCBAIICHEI BEIOOPY BAPHAHTOB ITOCTPOCHHS TEXHUIECKAX CHCTEM.

B [31] mpeamaraeTcss OCYIIECTBIATh BBIOOP CTPYKTYPHI Ha OCHOBE
kinactepuzaumu  [lapero ONTUMAaJbHBIX PEUIEHWH B  MHOTOMEPHOM
KpUTCpHUaJIbHOM MpOCTPaHCTBE C HUCIIOJIb30BAHUEM T€HETHUYCCKUX
anroput™MoB, a B [11] BBIOOp CTPYKTYpbl TPOBOIMTCS HA OCHOBE
JIBYXCTYIIEHYaTOW TpOLEeNypbl ONTHMH3alWK, BKJIIOYaromed BbIOOD
ONTUMAJIBHOIO  0a30BOr0  BapHaHTa HAa OCHOBE  AHAJIUTHYECKOTO
MOJCNHPOBAaHUS W  JaNbHEHIIEro ero  yCOBEpIICHCTBOBAaHUS  HA
HMHUTAHOHHBIX MOJIENIIIX B COOTBETCTBHH C BBIOPAHHBIM KpPHUTEPHEM
ONTHUMAIIEHOCTH.

AHanmW3  TIpeNCTaBICHHBIX  pabOT  TMOKa3bIBaeT, YTO A
HCCIICAOBaHMS BapuaHTOB mocTpoeHHs MYC BO3MOXHBI pa3TUYHBIC
MTOJTXOIBI © METOIBI MOJCITUPOBAHUS. BONBIIMHCTBO M3 HUX COOTBETCTBYIOT
LIEJI UCCIIEJIOBAHUS U OCOOCHHOCTSAM MCCIENyeMBIX 00BEeKTOB. B maHHOM
cTathe IS MOJETUpPOBaHMSA mporeccoB ynpasieHus B UYC ¢ nByms
sTamaMud 00pabOTKHM JaHHBIX MPENJIaracTCs HCIOIb30BaTh ABYX(Pa3HYIO
CeTEeBYI0  MOJIeTh  CHUCTeMBbl  MaccoBoro  oOcayxuBaHus (CMO).
OOycloBIIEHO  3TO  OCOOCHHOCTSAMH  OOCIYy)XMBaHHS  OOBEKTOB B
nepcrekTHBHEIX WUYC, B KOTOpPHIX TMOPSAIOK OOCITYKHUBaHHS 3asBOK
MPECTaBIsIeT COOOM HECKONBKO TMOCIEIOBATEIEHO —ITOBTOPSIOIIUXCS
UKJIOB OOCTYKMBaHUS C BBITOTHCHUEM OJHOTHITHBIX 3amad. [Toatomy mms
MOJICTIMPOBaHMS ~ TaKUX NPOLECCOB  Haubojee  NpeNoYTHTEIEHBIM
MaTeMaTHYeCKUM aNlapaToM HCCIICAOBAHUS SIBISIOTCS CETEBBIC MOJENHN
CMO.

B cBs3M C 3THM LENBIO CTaThU SBISIETCS 0OOCHOBaHHME BapHAHTOB
moctpoeanss WYC Ha OCHOBE MOJEIMPOBAHHS  TPOIECCOB €€
(dbyHKIIMOHMpOBaHMS B BUIIE ABYyX(Da3Hoi ceTeBoi moaenun CMO.

Jlnst  pelreHust TOCTaBICHHOW 3aJadyd  HEOOXOJWMO IMPOBECTH
(hopMaTM30BaHHYIO IOCTAHOBKY 3a1a4H UCCIICIOBAHMS.

2. MoctaHoBKka 3ajayM  BbIOOpPAa BapuaHTa  MOCTPOEHHS
HHPOPMALMOHHO-YIpaBJslomeil  cucrembl. PaccmoTrpuMm  mpornecc
MPOEKTUPOBAHUS nH(OPMaMOHHO-YTIPaBIISIONIEH CHCTEMBI F,
npeaHa3sHaYeHHOH 111 00CTy)KMBaHUs 00BEKTOB B 00iacTi D 3a 3ajaHHOe
Bpemst T,,;. OOBEKTHI B 3aBUCHMOCTH OT CBOHMX XapaKTEPHUCTHK MOTYT
OTHOCHMTBCA K ompeneieHHOMY i-my Tumy (i =1,1) ¥ C pasiTuUHBIMH
HHTEpPBAJIAaMH BpeMEHH BXOAAT B obOmacte D. Ilpm stom 3a Bpems T,
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BoOmacte D TOCTYIUT MHOXECTBO OOBEKTOB, KOJHMYECTBO KOTOPBIX
xapakTtepusyetcs Bektopom M = {m;},i = 1, I, rne m; — MmaTemaTudeckoe
OKHJIaHWE KOJIMUeCTBA O0BEKTOB i-I'0 THUIA, / — KOJMYECTBO Pa3HBIX THUIIOB
0OBEKTOB.

Ob6cnyxnBaHre OOBEKTOB NPOW3BOAWTCS B 1Ba 3Tama. Ha mepBom
9Tare OOBEKTHI OOCITY)KHBAIOTCS B TOJACHCTEME S, B KOTOPOH pemiaercs
3amada OOHAPYKEHHS W Paclo3HaBaHUS OOBEKTOB, a HA BTOPOM JTale — B
mojcucTeMe Z, B KOTOpOW pemiaercss 3amada oOpaOOTKHM MJaHHBIX 00
oObekrax. Ilpm 3TOM BBIXOJHOH TOTOK OOCIY>KEHHBIX OOBEKTOB
TIOJICUCTEMBI S SIBIISIETCS] BXOAHBIM TIOTOKOM JUIS TIOJICUCTEMBI Z.

Iloncucremsr S U Z COCTOSAT U3 ONPENENCHHOTO KOJIMYECTBA
oOcmyxuBaromux  cpencrs. Ilpu 3rom B moxacucrtemMe S Bce
00CITy’)KMBAIOIIME CPEACTBA MOJPA3JCIAIOTCS Ha TPYIIBl OJHOTHITHBIX
CPENCTB M XapaKTepu3yloTcsi BekTopom K5 = {k]-s}, j=1,], e kf -
KOJIMYECTBO OJHOTHUIHBIX CPEACTB j-TO THIA, OTIMYAIOMIMXCS MO CBOUM
XapaKTepUCTHKAM U ITOKa3aTeIsIM KadecTBa 00CTyXUBAHUS, | — KOTMYECTBO
TUIIOB OOCITY>KMBAIOLIMX CpeACTB B mojacucrteme S. B moxacucreme Z Bce
o0CITy)KMBaIOIIME  CPEACTBA  TaKXKe IOJAPA3JENSAIOTCS HA  IPYIIBI
ONHOTUIIHBIX ~CPEACTB M  XapakTepusyrorcs Bektopom K% = {kZ},

n=1,N, rae kf — KoIM4ecTBO OJHOTHIHBIX CPEACTB A-TO THIIA,
OTJIMYAIOIIMXCS IO CBOMM XapaKTEPHCTHKaM M TIOKa3aTelssM KadecTBa
obcimyxuBaHusi, N — KOJMYECTBO THIIOB OOCITYXHBAIOIINX CPEACTB

B [IOJICUCTEME Z.

3anaHbl I0MycTHMBbIC 3aTpathl (s, HA CO3QaHME MOJACHCTEMBI S
¥ JOIyCTUMBIE 3aTpaThl CZ,; Ha CO31aHNe IOACUCTEMBI Z.

Tpebyercs  BBIOpaTh  BapuaHT  coCTaBa W KOJHMYECTBA
0OCITy)KHBAIOINX YCTPOMCTB B IOJCHCTeMax S M Z, IPH KOTOPBIX
obecnieunBaeTcsi 00CTy)KMBaHHE MaKCHMAaJbHOTO KoimdecTBa M 0OBEKTOB
B obmactu D 3a 3amaHHOE BpeMs Iy,;, 9TO, B CBOIO OYepeab, MOXKET OBITh
obecreueHo MaKCUMU3aIuel MPOIMYCKHOW CIIOCOOHOCTH CHCTEMBL.

JlanHast 3ajada TpeACTaBIseT COOOW ONTUMH3ALMOHHYIO 3a/ady
MIOMCKA BapuaHTa MOCTPOEHMSI CUCTEMBI I, B KOTOPOH B KaueCTBE KPHUTEPHs
BBIOOpa ONTHMAJIBHOTO BapUaHTa II€1eCO00pa3HO HCIOJIB30BaTh IOKa3aTeNlb
W(KS,K?) mpomyckHOli CIOCOGHOCTH CHCTEMBI, OOECTIedHBAIONIMIA
MaKCHUMaJIbHOE KOJHMYECTBO OOCTYXEHHBIX OOBEKTOB B oOmactu D.
OrpaHiYeHHsIMHU TP PEILIEHUH 3TOH 3a/1a4uM SIBJISIIOTCS 3aTpaThl Ha pa3padoTKy
CHCTEMBI, BKJIIOYAIOLIME JONYCTHMbIC 3atpathl Cr,, Ha pa3paboTKy
NOZCUCTeMBI S U JIOMyCTHMBIC 3aTpathl CZ, Ha pa3paGOTKy MOJCHCTEMbI Z,
aTaKkKe JIOMyCTUMOE BpeMs T3§u1 Ha OOCIyXWBaHUE B MOJACHCTEME S
u jorycriumoe Bpemst Ty, Ha 00CIy)KHBaHHE B IOACUCTEME Z.
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C y4eToM orpaHWdYeHHH 3amada BbIOOpa B (OpMaIM30BAHHOM BHIE
MOJKET OBITh TPE/ICTaBIICHA CIECTYIONTIM 00pa3oM:

F(S,2):v* = argrggch(K,f,K,,Z) (1)

Ipyu OTPpaHUYCHUIX

CS(KS) < €Sy CEKE) < Chys )

Tosen(K3) < Titps The(KE) < TE,, A3)

rie v — HOMep BapuaHTa Moctpoenus nojacuctem Su Z (v = 1,V);

V — o01miee KOJIMIECTBO BAPHAHTOB TIOCTPOCHUS TIOJICUCTEM S U Z,

K — 3nauenue Bextopa K° ams v-ro Bapuanta nocrpoerus UYC;

K7 — 3nauenue Bextopa K% s v-ro Bapuanra nocrpoenust MY C.

Jns  pemeHuss  3TOW  3adayM  IeNiecOO0pa3HO  MPOBECTH
JIEKOMIIO3UIIMIO 0OIIel 3ajauM Ha JBe NOJA33Jadyu: I10/3a7ady BbIOOpa
BapuaHTa IOCTPOCHUsS TMOJACHCTEMBI S W TOA3aAady BBHIOOpa BapHaHTa
IIOCTPOEHHMSI TIOJICUCTEMBI Z.

2.1. ®opmaju3anus 3aga4yu BHIOOpPa cOCTaBa 00CJIYKMBAIOIINX
cpenctB moacucreMbl S. Ha mepBoM »Tame oOcimyxuBaHHE OOBEKTOB
B MH(QOPMAIHOHHO-YTIPABIIIOIICH CUCTEME F MIPOU3BOIUTCS
B MOJICUCTEME S.

[Moncucrema S cOCTOUT M3 MHOXKECTBA OOCIYXMUBAIOLIUX CPEJCTB,
XapaKTepU3yeMbIX BeKTOpoM K5, seMeHTaMH KOTOPOTO SBJISIOTCS kjs -

KOJINYECTBA OHOTHITHBIX CPEICTB j-ro Tumna (j = 1, J), oTauyaromuxcs mno
CBOUM XapaKTEPHUCTHUKaM, 33JJaHHBIX BEKTOPOM XapaKTePUCTUK R = {R]-}.

3amaHpl CTOMMOCTH OOCTYXHBAIOIIUX CPEICTB IO KAKIOMY j-MY
THITY CPEACTB st U JOIYCTHMBIE 3aTPaThl C,Lfon Ha TIPOEKTUPOBAHHE
TTOJICUCTEMBI S.

BX0JHBIM MOTOKOM OOBEKTOB Ha OOCIYXKHBAaHUE UIS MOJCHCTEMBI
S SBISICTCS  BXOJHOM TOTOK OOBEKTOB [-F0 THUMA, IOCTYMAKOIINX
n3 oomactu D. Kaxaplii 00BEKT §-r0 THIA ONKCHIBAETCS BEKTOPOM
xapaktepuctuk B = {B;} u MOXeT ObITh 00CIyKEH CPEACTBOM j-TO THIA
MIOJICUCTEMBI .S C BEPOSITHOCTHIO P{j-, i=11, j= r]

TpeOyeTcs onpenenuTs BapuaHT v* € IV mOCTPOCHHUS MOJCUCTEMBI S,
XapaKTepu3yeMblii  BeKTopoM K., KOTOpBI  OIpedenseT  CoCTaB

" KOJIMYECTBO CPCEACTB KaXAO0ro THIIA k]‘-s,j = 1,] u obecreunBaer
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MaKCHUMallbHyI0 TIpomyckHyto crocobnocts W (K;,R,B) noacuctembl S
pu 00CITy>)KUBaHUKM 00BbEKTOB U3 obxacTu D:

F(S"):v* = arg UmgﬁW(K],S,R,B) 4)

TIPH OTPaHUYEHUSIX

]
€5 = kS < Gl (5)
j=1
Tiso6cn(K1§' R, B) < T3§,q; Vi= ﬁ (6)

Paccmorpum (hopmanm3zanuo 3aauu BBIOOpa cocraBa
00CITy’)KMBAIOIINX CPEJICTB JIJISl TOJICUCTEMBI Z.

2.2. ®opMmaju3anus 3aga4yu BHIOOpPa cocTaBa 00CJIYKMBAIOIINX
cpeacTB moacucrembl Z. Ha BTOpOM J3Tame oOCTyXHBaHHE OOBEKTOB
B MH(QOPMALIHOHHO-YTIPABIIIOIICH CUCTEME F IIPOU3BOIUTCS
B IIOJACHUCTEME Z.

IMoncucrema Z cOCTOMT M3 MHOXKECTBA OOCITYKHBAIOIIUX CPEICTB,
XapaKTepU3yeMbIX BEKTOpoM KZ, nleMeHTaMu KOTOpOro sBisioTcs kZ —
KOIIMYECTBA OJHOTHIHBIX CPEACTB 7-ro Tuma (n = 1, N), OTIHYaonuXcs
[0 CBOMM XapaKTEepHUCTHKAaM, 3aJaHHBIX BEKTOPOM XapaKTEPHCTHK
H = {H,}.

3amaHpl CTOMMOCTH OOCTYXHBAIOIINX CPEACTB IO KAKIOMY #-MY
THIy cpeacTB CF W jomycTumbie 3aTpathl Ci,, HA IPOCKTHPOBAHHE
[IOJICUCTEMBI Z.

BX0J1HBIM TTOTOKOM 0OBEKTOB Ha 00CITY)KMBaHUE JIJISI IOJCHCTEMBI Z
SIBIISICTCS BBIXOJITHOW TOTOK OOCIYXCHHBIX OOBEKTOB W3 IIOJCHUCTEMEI S.
Kaxnplii OO0BEKT {-r0 THIIA OIKCHIBACTCS BEKTOPOM XapaKTEPHCTHUK
B = {B;} u MoxeT ObITh OOCITYKEH CPEACTBOM 7-T'O THIIA MOICHUCTEMBI Z
¢ BepositHOCTBIO PZ, i = 1,1, n =1,N.

TpebyeTcst onpeaeinTh BapuaHT V™" € V HOCTPOCHHUS IMOACHCTEMBI
Z, xapakrepusyeMblii BexkTopoM KZ, KOTOphlil ompenenseT cocTas

M KOJIMYECTBO CpeiacTB Kaxmoro tuma kZ, n=1, N um obecreunBaer
MaKCHMaJIbHYyIO TpOmyckHyio crocobnocts W (KZ, H, B) noacucremsl Z
npu  0OCIY>KMBaHUHM OOBEKTOB, TMOCTYNHUBIIUX IOCIAE OOCTYKUBAHUS
B mojicucreMe S:
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F(Z"):v" = arg max W(KJ, H, B) (7)

Ipyu OTPAHUYCHUAX

N
% = Z CEkZ < C2; 8)
n=1

T 6en(KZ H,B) <TZ, Vi=1,1 )

Pemenne mpencraBieHHBIX (DOPMaIM30BaHHBIX MOCTAHOBOK 3ajad
BBIOOpa COCTaBa OOCTY)KMBAIOLINX CPEACTB B CHCTEME F TMpeACTaBIsIeT
co00if CIOXKHYI0O KOMOHMHATOpHYIO 3amady. Ilostomy memecoobpa3HO
paccMOTpeTh MOAXOAbl K pELIeHHI0 3TOM 3aJady M Ha OCHOBE
MOJICTIMPOBaHMs TporeccoB obOcyxuBanust 00bekToB B UYC ¢ nomorbio
anrnapaTa TEOpUH MacCOBOTO 00CITYKHBaHHUSI.

3. MopeaunpoBanue npoueccos odcay;kuBanus o0bexToB B UYC.
PaccmoTpuM nporeccsl 00CTykMBaHUs OOBEKTOB B CUCTEME F B TEpMUHAX
CMO c yyeToM paHee NpeACTaBICHHOW (OPMAaIM30BaHHOW ITOCTaHOBKH
3a7a4d. YUHUTBHIBas, YTO MpoLecC OOCIYXHBaHUs TPEICTaBIsSCT COOON
JIBYX3TAITHYIO TPOLERypy, TO Uil e¢ MOJEIHPOBAHMS, IIEIeco00pazHO
HCTIONB30BaTh CeTeBYIO AByxda3znytro CMO, kaxnas (asza KOTOpOii, B CBOIO
ouepenb, COCTOMT M3 Y3JOB OINPEACICHHOTO THIA, YTO IO3BOJIET
HMHUTHPOBATH TPOIECC 00pabOTKH MOTOKA 3asgBOK B MpoekTupyemoir UYC
(pucyHok 1).

Moacucrema S Moacucrema Z

Puc. 1. Ctpykrypa cereBoii aAByx(azHoii MHOrokanaisHOH CMO, nMUTUpYOIIECH
npoiiecc 06pabOTKU MOTOKA 3a8BOK B IpoekTupyemoit UYC
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B nanHo#t ceteBoil nByxdasznoit CMO KaKIbIi y3ell MpeacTaBiseT
coboif wmHOrokanameHyto CMO c¢ odepenpto, B KOTOPOW KaHAJBI
MOJICTIUPYIOT TPOILIECCHl OOCITY)KUBAHUSI OJHOTHUITHBIMH YCTpOHCTBAMHU
B cocTaBe mojacucteM S u Z (pUCYHOK 2).

Mopcncrema S

Motok
06C/yKE HHbIX
3aABOK

Bxoaawmi

MNOTOK 3aABOK | |

KaHan k}

MNorepu
a)

Mogcucrema Z

Morok
06C/yKE HHbIX
3aABOK

Bxogswmit

MOTOK 3aABOK | |

KaHan k

MNorepn
0)
Puc. 2. Crpykrypa y31a B Buge MHorokaHanbHoit CMO B coctase cereBoit CMO:
a) IUIs TIOJICUCTEMEI S; 0) JUIS TIOICUCTEMBI Z

B coorBercTBMM ¢ MOCTaHOBKOW 3amaun  Ha Bxox MYC,
NIPE/ICTaBICHHONH B BUjae ceTeBoW JByx(daszHol MHorokanaisHoit CMO,
MOCTYIAaeT CyMMapHBIH BXOJHOW MOTOK Ay 3asBOK, COCTOSIIMHA M3 3asBOK
I-TO THUIIA:

AZ =Al+lz+"'+li+"'ll, (10)

rie  A; — MHTEHCHBHOCTb BXOJHOTO MOTOKA 3asBOK i-ro Thmna (i = 1, 1);
pi = A;/As — BEPOATHOCTD MpHX0/a 3asBku i-ro Tuna (i = 1, 1);
p1 + Py + -+ p; = 1 — ycnoBre HOPMHUPOBKH.
Tlepsas Gasa CETEeBOM CMO HMHUTHPYET rporecc
(YHKIIMOHNPOBAHUS MOJCUCTEMBI S, IPH 3TOM B €€ COCTaB BXOIAT Y3JbI j-

ro tuma (j=1, J), Kaxuelii U3 KOTOPBIX MpeICTaBIsieT coOon
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MHOTOKaHaimpbHyto CMO c¢ ouepenpio. Kaxnapiii kaHam oOCITYy>KHBaHHS
B MHOrokaHanbHoii CMO j-ro tuma (j =1, J) Mozmemupyer paGoTy
OJNHOTHITHBIX HMH()OPMALMOHHBIX CpelncTB mojacuctemsl S. KoandectBo
KaHaJIOB 00CITy)KUBaHH CMO COOTBETCTBYET KOJIMYECTBY
MH(POPMAIIMOHHBIX CPECTB j-ro Tvma (j = 1, J).

IIpu sTOM mpHBEICHHAs WHTCHCHBHOCTh OOCIYXXHMBAaHHS 3asBOK
B MHOrOKaHaibHOii CMO y3mom j-ro Tuma (j = 1, J) 3aBHCHT OT Tuma
obciry>)knBaeMoH 3asBKH U OIPeAeIsieTcs o popMyIie:

I

us ZZPg.kfufj, (11

i=1

rae P{j‘- — BEpOATHOCTh TIPUX0ia 3asBKH i-ro Tuna (i = 1, I) B y3en j-To
tuna (j = 1, ]) B moxacucreme S;

k; — xonmuecTBo kananoB o6cnyKuBanus y3na j-ro Trma (j = 1, )
B mojacucreme S;

#isj — WHTEHCHUBHOCTb OOCIYKHBAaHHUs 3asBOK i-TO THIA OIHUM
KaHaJIoM 00CITy>KHBaHU y3J1a j-TO THIIA B MOJICHCTEME S.

Bmopas Gaza CeTeBoit CMO AMUTHUPYET rpotecc
(YHKIIMOHUPOBAHUS TOJICUCTEMBI Z, IIPU 3TOM B €€ COCTaB BXOAST Y3JIbI
n-ro tuma (n =1, N), Kakablii M3 KOTOpHIX MpeAcTaBiseT coOoii
MHOrokananeHyto CMO c¢ ouepenpro. Kaxaplii kaHanm oO0cCITyXHBaHUS
Bysne n-ro Thna (n=1, N) wmoaenupyer paboTy OJHOTHITHBIX
oOciyxuBalOIMX  cpeAcTB  moxacuctembl Z.  KonudectBO — KaHaJIoOB
0oOCITy)XHMBaHHA B Y3/I€ COOTBETCTBYET KOJIMYECTBY OOCIYKHBAIOIINX
cpencts n-ro Tuna (n = 1, N).

IIpn sTOM mpHBEICHHAs WHTCHCHBHOCTh OOCIYXHMBAaHHS 3asBOK
B MHOTOKaHaibHOH CMO y3n0oM n-ro tunma (n = 1, N) 3aBMCHT OT Tuma
o0ciryKMBaeMoii 3asBKU U OIpeeiseTcs o popmyIie:

1
Wi =) PEKGE, (12)
i=1

rae P/ — BepostHOCTH pHXOAa 3asBKH i-r0 THHA (i = 1, I) B y3en n-ro
toma (n = 1, N) B moacucteme Z;

kZ — xomuuecTBO KaHANOB OOCITYXHBAHHS y3la 7-TO THNA
(n =1, N) B noacucreme Z,
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UZ, — WMHTEHCHBHOCTb OOCIYKHBAHMS 3afBOK i-r0 THIA OHUM
KaHaJIOM 00CITy>KHBaHUs y3Ja 71-I'0 THIIA B ITOJICHCTEME Z.

JucuumnrHa oOCITy)KUBaHUS B y3JIaX KaXKA0H M3 moacucteM S u Z
3a7iaeTcs ¢ y4eTOM OTpaHHYECHUI Ha BpeMs NpeObIBaHUS 3aBKH B CHCTEME,
IIPU KOTOPBIX MpHINEAIIas Ha oOCIyKHBaHUE 3asBKa MOTYydYaeT OTKa3 IpU
OTCYTCTBUY HAJIMUHsI CBOOOIHBIX KaHAJIOB WIIH, KOTZa € BpeMs OXKUIaHMA
B OYEpeH NPEBHIIIACT AOIMyCTUMOE 3HAUCHHE.

PaccmorpuMm mokazatenu 3¢ (ekTuBHOCTH MHOTOKaHaNBHEIX CMO,
KOTOpbIE MOJICTUPYIOT MPOIECChl 00CTY>KUBAHUS 3asBOK B Y3JIaX CETEBBIX
CMO, MOIeTHPYIONIHUX MPOLECCH PYHKITMOHUPOBAHUS TOCHCTEM S 1 Z.

B kauecTBe KpuTEpHs BEIOOPA KOJMYECTBA KAHAJIOB B y3JIaX CETEBBIX
CMO nenecoobpa3HO HCIOIB30BaTh IIOKa3aTelb 3arpy3kd KaHaJoOB
oOcnyxuBanus. [Ipu 3TOM 3arpy3ka KaHajoB OOCITYKHMBaHHS KaKAOTO U3
y3JI0B j-TO THIIA B IOACUCTEME S orpeensieTcs o popmyie:

i 5 (13)
i=1

rac #5 — HWHTCHCHUBHOCTH 06CHy)KI/IBaHI/IH 3asBOK I-TO THIIA OJHHUM

KaHaJIoM 00CITy>KHBaHUs y3J1a j-TO TUIIA B MOJICHCTEME S.
3arpy3ka  KaHajoB  OOCIy)KMBaHUS ~ KaXIOro W3  Y3JIOB
n-TO THUIIA B MTOJICUCTEME Z OTIpeessieTcst o popMmyJie:

rme  pZ, — MHTEHCHBHOCTH OOCTYXMBAHHS 3asBOK i-TO THIA OJHUM
KaHaJIOM OOCITy’KHBaHUs y3J1a 71-T0 TUIIA B IIOJCHCTEME Z.

BepositHocTe  OTKa3a B OOCIHYXHMBaHMM  3asBOK  3aBHUCHT
OT pacmpefeNieHus] BEPOSITHOCTEH HAXOXKAEHHS MHOTokaHanbHbIX CMO
B OIIPEZICIEHHBIX COCTOSIHUSIX CHCTEMBI, KOTOPbIE HYMEPYIOTCS IO YHCIY
3asBOK, HaXOJIIIIUXCS B OYEpenr M Ha OOCITyXMBaHHM B cucteme. Jlamee
OyneM paccMaTpUBaTh MpeesbHbIe BEPOSTHOCTU COCTOSIHUA CHCTEMBI JIS
CTaIlMOHAPHOTO PEeXKHUMa PaOOTHL.

B cootBerctBuM c [32] mnpenenbHble BEPOSITHOCTU COCTOSHHUM
CHUCTEMBI ONIPENIENSIOTCS CIEAYIOIIUMHU BBIPAXKEHUAMU.
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BeposTHOoCcT,  HaxokaeHUsT MHOTOKaHambHBIX CMO  (y370B),
BXOomAmmx B coctaB cereBelx CMO, B CBOOOZHOM COCTOSIHHU
OTIpEIEIISIETCS:

— 78 y3JI0B j-TO THIA B TOJICUCTEME S:

P 1/2 (1 +f;_1?>; (15)

- JUISL Y3JIOB 71-T'O THUIIA B IOJACUCTEME A

kit
r
=/ 1+
r=1 )

BeposTHOCTh 0TKa3a B OOCIYXHBAaHUU 3asBOK B Ka)XIOM U3 Y3JIOB
cereBbix CMO paBHa BEpOSTHOCTH TOTO, HYTO BCE  KaHAJBI
COOTBETCTBYIOIIETO Y3JIa 3aHSTHI, U OIPEIENASTCS:

— 78 y3JI0B j-TO THIA B TIOICUCTEME S:

K
si _Pi s (17)
POTK = kS PO ;

i

- JJIA Y3JI0B n-T'0 THUIIA B IIOJACUCTEME A

K%
p.
P = T P (18)
Z)

Iocne onpezencHus BEPOSATHOCTH OTKa3a B 0OCITY)KUBAHHHU 33aIBOK B
y3nax cereBbix CMO MOXHO OMNpPECTUTh OTHOCUTEIBHYIO IPOIYCKHYIO
CIIOCOOHOCTB:

— 78 y3JI0B j-TO THMA B MOACUCTEME S:

Q% =1-"Fyc; (19)
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- JJIA Y3JI0B n-T'0 TUIIA B IIOJACUCTEME A
Q™ =1-PRZ%. (20)

Tak kak y37bI, BXomsAmme B cocTaB cereBelIx CMO w
MIPEICTaBISIONTIE coboit OTIIEJIbHBIE MHOTOKaHaJIbHBIE CMO,
(YHKIMOHHUPYIOT TapaJUIebHO, TO OICHKY OTHOCHUTEIBHOW MPOMYCKHOMN
CIOCOOHOCTH MOJICUCTEM S U Z MOXKHO TOTYYHTh, HCIIOIb3YsI COOTHOIICHUS
JUTS. CXEMBI MApajlIeIbHOTO COCIMHEHUS:

— IS IOJCUCTEMEI S:

J
Ph=1/) (1/R%) 5 @1
=

- TSI IOJICUCTEMEI Z:

N
Phe= 1/ /R, (22)
n=1
[Ipu 5TOM UHTEHCUBHOCTb BBIXOJJHOTO IMOTOKA OMPEENSIeTCS:

— W3 IOACHUCTEMSBI S:
Ag’ = Al(l - POSTK); (23)

- W3 MOJICUCTEMEI Z:
Ag = AZ(]- - POSI‘K)(]' - Pogm)- (24)

AOCOITIOTHBIE OPONYCKHBIC CIIOCOOHOCTH Y3JI0B paCCHYUTBIBAOTCS
B COOTBETCTBHUU C BBIPAKCHUAMMU

— VIS TIOICUCTEMBI S:
AS = Afé - QS; (25)
- TSI IOJICUCTEMBI Z:
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Z = )Z. Q7. (26)

3HaYCHHE TIOKA3aTEIIsT CTOUMOCTH OTIPEICIISICTCS:
—  JUIS TIOJCUCTEMBI S:

]

o= Y ke @7)

j=1

- TSI IOJICUCTEMEI Z:

N

cZ = Z KZcZ (28)

n=1

TakuM 00pa3oM, B COOTBETCTBHH C MNPEAJIOKEHHBIM OMHUCAHHEM
cucreMsl F' B tepmuHax CMO mocTaBiIeHHYIO 3a7ady BBIOOpa BapHaHTOB
moctpoeanss UYC ¢ yderoM orpaHwdeHHd B (DOpManM30BaHHOM BHJE
MOYKHO IMPEACTABUTH B CIICAYIOIIEM BHIE:

F(S,Z):v" = argmax W(KS, KZ, Az, 15, u%) (29)
vEV

IIpu OTPpaHUYCHUAX

oﬁcn (Kv 'AZ' P- 28 ) < Taag ) (30)
06c.n (K1JZ'/12' HZ) < T3Za,q ; (31)
J
€5 = Y K} <Chon (32)
=1
N
cZ = z kicZ < CZ.; (33)
n=1
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I
A o
o= ) s < Phons Vi =T (34)
i=1 U
1
A —
PE= ) s <l VR =TN, (35)
=1 b

rme v — HOMep BapHaHTa IOCTpoeHus noacucreM Su Z (v = 1, V);

V' — o01ee KOJIMYECTBO BAPUAHTOB IIOCTPOCHUS nojicucTeM S u Z.

Llenbio McclIeI0BaHMs SBISETCS ONpeeleHne Bekropa K- = {k].s},
j=1, ], anemeHtsl k]-S KOTOPOTO OIPEIEIIAIOT KOJIMYECTBO KAaHAJOB
06CITyXMBaHUA y3I0B j-TO THNA B moacucteme S u Bekropa K% = {kZ},
n=1, N, snementsl kZ KOTOpPOro ONpENENSIOT KOJHYECTBO KAHAJIOB
0o0CTy)XKMBaHUS y3JI0B 7-T0 TUMNA B TOACUCTEME Z, IpPH KOTOPHIX
oOecrieynBaeTCss MaKCUMalibHasl MMPOITYCKHASI CIOCOOHOCTh 3TUX MOJICUCTEM
U 00CIy)XKHUBaHHE MAaKCHMAJIBHOTO KOJIMYECTBA OOBEKTOB B oOmactu D 3a
3a7aHHoe BpeMs 1.

JlanHas 3ajmada TpeAroNiaraeT HEKOTOPYH MPOIEAypy IOMCKa
ONTUMAIIFHOTO PEHICHHS, KOTOpas MOXKET OBITh TpEeACTaBICHAa B BHUJE
anropuT™Ma BBIOOpa CcOCTaBa CpEeACTB OOCIYXKMBaHHS B yKa3aHHBIX
nojacucreMax S u Z.

4. Aaroput™M BbIOOpa cocTaBa 00CTY:KMBAIOIIMX CPEACTB B
noacucremax S u Z. Anroput™ BeIOOpa cocTaBa 00CITyKHBAIOIINX CPENICTB
B TojiccTeMax S ¥ Z Npe/ICTaBIICH Ha PUCYHKE 3.

MCXO}IHblMI/I JaHHBIMU JJIs aJIrTOpUTMa SBJIAIOTCA:

- CyMMAapHBIA BXOIHOH IMOTOK Ay 3asBOK, COCTOSAIINNA U3 3aSBOK
i-ro TMma u 3amaHHbIi BekTOpoM Ay = {A;}, i =1, | wunTEeHCHBHOCTEH
MOCTYTIIICHUS 3asBOK i-T'O THIIA;

— MaTpuua us = {uisj}, i=11, j= T], cocTosIas U3

JIIEMEHTOB Misj WHTCHCUBHOCTEH OOCITYy)XHBaHUS 3asgBOK i-TO THIIA

(i=1, I) omuuM kaHamom obcmyxkuBaHHs y3nma j-ro tuma (j =1, J)
B nojacucreme S;

- wvarpuma pZ={u4} i=1,1, n=1, N, cocrosumas u3
3JIEMEHTOB |7, WHTEHCHUBHOCTEH OOCIYKMBAHHS 3afBOK [-TO THIA
(i=1, I) omHMM KaHAmoOM OOCHYXMBaHHSA y3ma n-ro THma (n =1, N)
B [IOJICUCTEME Z.

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1623
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

Havano

1

BBO A MCXOAHbIX

AarHbix As={\},
Pi=(Mjsz},

H7={uin }

- 10

Bbi6op Ha4anbHOro
BapuaHTa NoCTPOeH 1A
nogcucremsl S
kS=1,j=1.J

OueHKa OTHOCUTENbHO I U
abCco NOTHOM NP oMY CKHOM
cno cob HocTn nogcuc-mol §

Qs AS, WS

T 11
OUueHKa MHTEHCU BHOCTH
BXO/ALLErO MOTOKa B

s nogecucremy Z
OueHKa 3arpy3km pj )\ZZ={)\i2)
1 cToumocTn cis y3na

j-ro Tvna noacuc-mel S |
— 12

Bbi6Op Ha4anbHoro
BapuaHTa NoCTPOeH 1A
noacvcremol Z
k'=1,n=1.N

K=k +1

7 [

OueHKa cToMmMocTn
noacucremsl S
S

9
Konwndectso
KaHanos y3na
j-ro Tvna
YBeNNUNTL
HEBO3MOKHO

z
OueHKa 3arpyskv Pn

z
u ctoumocTn Cy~ y3na
n-ro TMna nogcuc-mol Z

OueHKa cToMmocTn
noacucrembl Z
z

19
Konunuectso
KaHanos yana
n-ro TMna
yBeNNUMTL
HEBO3 MOKHO

20 I

OUEHKa OTHOCUTENbHO I 1

a6CcoNOTHOI NP Oy CKH O

nocobHOCTM noacnc-mbi 7|
\Z AZ WZ

! BbiBOg,
pesynbTaTos

K® = k),
K? = {ko'}

Puc. 3. Anroputm BeiOOpa BapuanTa nocrpoenus UYC

AnroputM BKJIIOYACT
MOCIEI0BATEILHOCTH JICHCTBUM:

BBITIOJTHCHHUC

cienyromei

—  BBOX HMCXOmHBIX maHHBIX: Ay ={A;}, i=1,1; p’S= {uisj},
i=1 7, j=1 J;uf={f), i=T [, n=T, N (Gnox I);

—  BBIOOp HAYaNBPHOTO BapHaHTa COCTaBa IOJICHCTEMBI S Ui
MIPOBEACHUS UCCIIEJOBAHUM: kf =1, j=1, ] (6n0k 2);

—  OopraHm3anys IMKJIa OUCHKU 3arpy3Kd U CTOUMOCTH Y3JIOB j-TO
TUTIA B COOTBETCTBUH C BeIpakeHIsIMH (32), (34) (6moku 3, 4);
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—  TIpOBEpKa BHIMOJIHEHHS YCJOBHS JIOITYCTHMOM 3arpy3Kd y3ia
j-ro Tuna (050K 5), eciim yclOoBHE HE BBINOJHSETCS, TO KOJIMYECTBO k]-S
KaHAJIOB y3/a j-TO THMNAa yBEIMYMBACTCA Ha |, MHa4Ye — NPOU3BOAMTCS
Mepexoa K BEIOOPY KOJIMYECTBAa KaHAJIOB y3Ja ciexyromero tuna (j = j+1)
(6moxu 3-6);

— pU YBeNIWYCHWH KOJNMYECTBA KaHAJIOB Yy3/la j-TO THIA
MIPOU3BOIUTCS OIICHKa CTOMMOCTH MOJCHCTEMBI S M MPOBEpKa YCIOBHS HE
MPEBBIICHUS  JOMyCTUMBIX ~ 3aTpaT Ha  IIOCTPOEHHE  MOJCHCTEMBI
S (6soxu 7, 8);

— B CIyyae BBIMOJHEHHUS YCJIOBUS IPOU3BOJIUTCS TEPEXO]
K OLICHKE 3arpy3Kd y3Ja j-TO TUIA MPHU YBEJIMUYEHUU KOJUYECTBAa KaHAJIOB
(6mox 4), uHaye — BBIBOJUTCSI COOOIEHNE O HEBO3MOXKHOCTH YBEITUUCHUS
KOJIMYECTBA KaHAJIOB B y3Je j-ro Tuna (610K 9);

— jamee  TPOU3BOAMTCA  OLEHKAa  3arpy3KH, CTOHUMOCTH
¥ HeOOXOMMOTO KOMYECTBA KAHAJIOB /IS BCEX y31oB j-ro Tuma (j = 1, J)
(6110KH1 3-9);

— 10 3aBEpUICHHIO IWKJIAa [0 THIIAM MPOM3BOIUTCS OIICHKA
BEpPOSATHOCTH OTKa3a ¥ OTHOCHTENHbHOW (aOCONIOTHOI) MPOIyCKHOMH
crocoOHocTH ToacucteMsl S (6o 10).

Jlanee aHaJOTHMYHBIM O0pa30M MPOU3BOJUTCS aHAJIN3 W BBIOOP
KOJM4YecTBa KaHajoB mozacucteMbl Z (Omoku 11-20). Ilo okxoHYaHHIO
BBITIOJTHEHUS aJIrOpUTMa MPOU3BOIUTCS BBIBOJ MOJYYEHHBIX PE3yJIbTaTOB
(6mox 21). IlodydeHHBIH pe3ynbTaT SBISIETCA KBA3HONTUMAIBHBIM MU
0a30BBIM M MOXET OBITh HCIHOJB30BaH B JainbHeWIIeM Ipu Oosee
neranbHoM ucciieqosannu MY C.

5. IIpumep BbIGOpa cocTaBa obcayxuBaromux ycrpoiicte HYC
HAa OoCcHOBe e¢ MopaennpoBaHusi B Buae ceresoii CMO. Paccmorpum
mporiecc BeIOOpa cocTaBa oOciyxmBatommx ycrpoiictB MYC, kotopas
mpeacTaBicHa B BHAe OByx¢aszHou cereBoit CMO, monemupyromeii nBa
JTamna o0CITyKUBaHHA 3asBOK, IIOCTYIAIONINX Ha BXOJ] CUCTEMBI.

[Iycts Ha Bxox MUY C noctynaeT TpH THIa 3a1BOK, XapaKTEPU3YEMBIX
nHTeHCcHBHOCTAMU: A, = 0,1; 1, =0,3; 43=0,4.

B cocraB HNYC BxomsT [aBe TMOACUCTEMBI: ITOACHCTEMA S,
MpeJHa3HAYCHHAS JIIs  BBINOJIHEHHUS IEPBOrO 3Tama OOCITyKHBaHUS
MOCTYMHUBIINX 3asBOK, U MOJCUCTEMa Z, BEHINOJHAIONIAS 00CTy)KUBaHUE HA
BTOpPOM 3Tane. B cocTaB kaxkaoi u3 noacucteM S U Z BXOAAT 1O TPU y3J1a,
MMEIOIUX OJHOTHUIIHBbIE KaHajbl, KOTOPbIE XapaKTEepHU3YIOTCS MaTpHIei
HHTEHCHBHOCTEH OOCIyXKMBAaHHSA 3a1BOK U5 = {,uf‘j}, i=11 j=1,]
KaHaJIaMH y3JI0B B TIOZCHCTEME S:
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03 04 05
w$=105 06 06
06 07 08

W MaTpuleil MHTEHCHBHOCTeH ob6cmyxuBanus 3asBok  uZ = {u?},
i =1,I, n=1,N kananamu y3JI0B B IOJCUCTEME Z:

02 03 04
u?= (04 04 05|
05 06 07

3amaHpl CTOMMOCTH OJHOTO KaHaja B mojacucreme S (B y.e.):
¢ =10; ¢5 =20; c5 = 30;
H B IoJicucTeME Z:
c¢Z =50; ¢5 =60; c5 =80,
a TaKKe JIOMMYCTUMBIC 3aTPaThl Ha CO3/IaHUE MOJCUCTEM S U Z:

S
C,uon

_ . zZ
=200; Cgon = 500.

Kpome Toro, mpu BbIOOpe cOCTaBa OOCITY)KHMBAIOIIMX YCTPOWCTB
YUUTBIBAETCA JAOMyCTUMas 3arpy3ka COOTBETCTBYIOIIMX Y3JIOB MOJCUCTEM S U
VA
Pron = 0,75.

Tpebyercst onpeneauTs KOJIMYECTBO KaHAIOB KaXKJOrO M3 y3JIOB B
nojicucreMax S M Z, npu KOTOpHIX obecnieunBaeTcs oociayxuBanue B UYC
MOCTYMAIOMIMX 3asBOK C Y4€TOM 3aJJaHHBIX OrpaHHUCHUH.

Pewenue.

| mar. 3agaHue HavaJbHOTO BApHAHTA KOJIMYECTBA KAaHAJIOB BCEX
y3J10B ToAcucTeM S u Z:

Kf={1,1,1}

KZ = {1,1,1}.

2 mar. 3aganue j = 1. OueHka npuBeneHHON 3arpy3ku 1-ro ysna u
CyMMAapHOH CTOMMOCTH MojicucTeMbl S pu ky = 1:
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5—21: b O s O 033+ 06+067=16
PL= L sus T 03705 06 o0 O RRI= L0

(pf > pion);

J
€5 =) kfg=10+20+30 = 60;

j=1
(c*<Csn).

3 mar. VYeemuuenue ki =k{+1=2. Ouenka NpuBeACHHOI
3arpy3ku 1-To y3/1a ¥ CyMMapHO# CTOMMOCTH TIofcucTeMsl S tipu k3 = 2:

. N A 01 03 04
pPl=) o=t 4= 0,17403+033 = 08;

(05 > pron);

J
c* =ij5cj = 20 + 20 + 30 = 70;
j=1

(€5 < C3n).

4 mwar. VYeemuuenme ki =ki+1=3. OueHka NpuBeEHHOI
3arpy3ku 1-ro y3j1a u cyMMapHoO# CTOMMOCTH HozicucTeMbl S pu ki = 3:

5—21: A 01 08 04 024 022=053
pl _' klslusl _0‘9 1‘5 1,8_ ) ) ) - Y )

A

(pf < Pion);

J
c* =ij5cj =30 + 20 + 30 = 80;
j=1
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(€5 < C3n).

5 mar. 3aganue j = 2. OueHka NpUBEJEHHON 3arpys3ku 2-ro y3na u
CyMMAapHOH CTOMMOCTH MozicucTeMbl S pu k3 = 1:

S—i A —01+03+04 0,25+ 0,5+ 0,57 = 1,32;
P2 = LSS, T 047 06 07 -
(5 > pion);

J
=) Kkfq=30+20+30 = 80;

j=1
(cs < Csn).

6 mar. VYeenuuenue k; = k3 +1=2. Ouenka NpUBEACHHOI
3arpysku 2-To y3J1a ¥ CyMMapHO# CTOMMOCTH TIOJICHCTEMBI S TIpH ky = 2:

S—ZI: A __01,03 04 0,125 + 0,25 + 0,29 = 0,67 ;
Pe= LS T 0a 127147 -
(05 < Pron);

J
= kg =30+ 40+ 30 = 100;

j=1
(€5 < C3n).

7 mar. 3amanne j = 3. OneHKa MPUBEICHHON 3arpy3Ku 3-To y3i1a u
CyMMAapHOH CTOMMOCTH MozicucTeMbl S pu k3 = 1:

5—21: b O Y 02+05+405=12
p3_ k§MS3_0,5 0,6 0,8_ ) ) O = L,4,

(05 > pron);
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J
c* =Zkfcj =30 + 40 + 30 = 100;
j=1

(c5 < Csn).

8 mar. Veenmuenne ki =k3 +1=2. Ouenka mHpHBeJIEHHON
3arpy3Ku 3-T0 y3j1a  CyMMAapHO# CTOMMOCTH MOJICHCTeMbI S npu k3 = 2:

5—21: A _ 01 08 0 025+4025=06
p3 - k?f#fs _1‘ 1‘ 1'4_ ’ ’ )y - WY,

(05 < Pron);

J

cS =ij5cj =30+ 40 + 60 = 130;
j=1

(C5=cC3n).

9 mar. OrneHka OTHOCUTENIBHOW W aOCOJNIOTHOW IPOIYCKHOM
CHOCOOHOCTH  JuIsi  MOJy4eHHOro  0a30BOro  BapHaHTa  COCTaBa
06CITyKUBAIOIIMX y310B noacuctemsl S mpu K& = {3,2,2}:

1) mas 1-ro ysma noacuctems S (ipu ki = 3):

kS
o S Pl 0,28 0,15
pst = 1/2(1 +F) = 1/(1+ 0,53+ ——+ =) = 0,588 ;
r=1

K$ 3
0,53
psi = fLSpgl - -0,588 = 0,015
k3! 6

Q5 =1— P51 =1-0,022 =0,985;

2) s 2-ro y3nma noacucteMsl S (pu ki = 2):

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1629
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHASL MATEMATHKA

S
& 0,45
ps? = 1/2 (1 +F) = 1/(1+0,67+—) = 0,528
r=1 ’
S
o 0,672

RSt = —-— 0,528 = 0,116

5=1-— P34=1-0,116 = 0,884;
3)  ans 3-ro ysna noacuctemsl S (mpu k3 = 2):

K

r 0,36
=1/ (1+52) = 1/a+ 06+ =2 = 0561
r=1

K3 2
0,6
3

05 =1- P$3=1-0,019 = 0,899;
4)  nna nopcuctems S (mpu K$ = {3,2,2}):

pS — Poﬁ'}c'Poii'POi?( _

o Posr}c ! P()‘Sr%(-l'Posr}c ! P()‘Sr?(-l'Posr%c ' Po‘sr?(
_ 0,015-0,116-0,101
~0,015-0,116 + 0,015-0,101 + 0,116 - 0,101

=0,0117;

Q5=1-P5,=1-0,0117 = 0,9883;
AS =2;- Q5 = 0,8-0,9883 = 0,7906.

10 mrar.  OmneHka  HMHTEHCHBHOCTH  BXOJMINETO  ITOTOKA
noAcucTeMy Z:

A% =25-Q5=0,1-0,9883 = 0,09883;
M2 =25-05=03-09883 = 0,29649;
Mz =25-Q5=04-09883 = 0,39532.
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11-20 mrarn.  OmeHkKa  XapakTepUCTUK JUIS  TOACHCTEMBI Z
(mIpow3BOAMTCS  aHAJIOTHYHBIM  00pa3oM) W  BBIBOA  IOJIYYCHHBIX
pEe3yJIbTATOB.

B pesymbrare OUEHKM MOJYYEHBI  CIEIYIOUIME  3HAYCHUS
XapaKTePUCTHUK JIJISL OACUCTEMBI Z:

1) Bektop K% ={kZ}, n=1,N xomudecTBa 0OCTyXHBAIOIINX
KaHaJIOB Y3JIOB MOJICUCTEMbI Z:

K*={3,3,2};

2) 3Ha4YeHHWsA 3arpy3Ku OOCIHYXXHMBAIOIINX KaHAJOB  Y3JIOB
HOJICUCTEMBI Z:

p? =0,68; p£ =0,58;pf =0,71;
3) 3aTparhl HAa CO3JAHKE MOJICUCTEMBI Z:
C*=490y.e.< Chy;

4) BEpOATHOCTH OTKa3za B OOCIYy)KHBaHHH 3asgBOK B y3IllaX
MOJICUCTEMBI Z:

PZL =0,027; PZ =0,018; PZ =0,128;

5) oTHOcHTENbHAs M abCONIOTHAS NPOIYCKHAas CIIOCOOHOCTH IS
6a30BOr0 BapHaHTa COCTaBa OOCITYKHBAIOMIMX Y3JIOB MOACHUCTEMBI Z IpU
K* = {3,3,2}:

PZ.=0,0099;
Q?=1-P%,=1-10,0099 = 0,9901;
AZ = 2%-0Q% =0,79-0,9901 = 0,7821.
Ha pucynkax 4-11 mpuBeZeHsl  3aBHCHMOCTH  3arpy3KH,
OTHOCHUTENIFHOM MPOIYCKHOM CIIOCOOHOCTH Y3JIOB MOJCHCTEM S U Z, a TaKKe
nokasatens 3ddexTuBHOCTH W cuctembl F oT €€ mapametpos. Ilpu 3ToMm

Ha PUCYHKE 4 moka3aHBl 3aBHCHMOCTH 3arpys3Ku Yy3JIOB CETCBbIX CMO JJIA
BI)I6paHHOFO KOJIMYCCTBa KaHaJIOB O6CJ'Iy)KI/IBaHI/I$[ B IIOJACHUCTEMAX SucZ
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0,66071

0,8 0,60000
0,53333
0,6
a
% 0,4
>
g 02
2]
0,0
1 2 3
Howmep y3na noacucremst S
a)
0,68333 0,71071
0.8 0,58333
0,6
a
g 0,4
g’\ 5
£
S 02
0,0
1 2 3

Howmep y3na noncucremsl Z
0)
Puc. 4. Ouenka 3arpy3ku y3moB ceteBbix CMO: a) moacuctemst S; 0) moacucteMst Z

Ha pucyHkax 5-7 10Ka3aHbl 3aBUCHMOCTH  OTHOCHTEJIHHON
MPOITYCKHOW CIOCOOHOCTH y310B ceTeBoH CMO 0T KolnM4ecTBa KaHajoB
B y3J1aX [IOJICUCTEMBI S.

le 1,2
0,985134  0,999285  0,999980

1,0 0,849057

0,8

g’i 0,384615

0’2 '

0,0

1 2 3 4 5

Komuuectso kanaios k5

Puc. 5. 3aBHCHMOCTH OTHOCHTENBHO TIPOTTYCKHOH CIIOCOBHOCTH Q5 OT KoJTHYecTBa
KaHAJIOB 1-r0 y37a MOJCUCTEMBI S
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QS 1,2
1,0

0,8
0,6
0,4
0,2
0,0

0,990821 0,999643  0,999992
0,883835

0,430769

2 3 4 5

Konnuectso kaHaios k,5

1

Puc. 6. 3aBHCHMOCTH OTHOCHTEILHOM TIPOITYCKHOI CIOCOBHOCTH Q5 OT KOIHYecTBa

Qs 1,2
1,0

0,8
0,6
0,4
0,2
0,0

KaHaJIOB 2-TO y371a HOJCHUCTEMBI S

0,992844  0,999750  0,999995
0,898876

1 | I I I
1 2 3 4 5

Konmuectso kanasos k,S

Puc. 7. 3aBHCHMOCT OTHOCHTEILHOM TIPOITYCKHO# CIOCOBHOCTH Q3 OT KoHuecTBa

Ha

KaHaJIOB 3-r0 y371a HOJCHUCTEMBI S

pucynkax 8—10 moka3aHBI 3aBHCHMOCTH OTHOCHUTEIHHOMN

NPOITYCKHOW CIOCOOHOCTH y310B ceTeBoH CMO 0T Konn4ecTBa KaHajoB
B y3J1aX MOJICUCTEMBI Z.

Q7 12
1,0

0,8
0,6
0,4
0,2
0,0

0,986987  0,999411 0,999984
0,859456

0,397351

2 3 4 5

Konmuecrso xananos k%

1

Puc. 8. 3aBHCHMOCTb OTHOCHTENbHO TIPOIYCKHO# criocoGHocTH QF 0T KoNmMJecTBa

KaHaJioB 1-ro y3i1a noJIcucTeMsl Z
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Q* 1.2 0,090821  0,999643  0,999992

1.0 0,883835
0,8
0,6 0,430769
0,4
0,2 l
0,0
1 3 4 5

2
Kosnmuecrso kaHanos k,”

Puc. 9. 3aBUCUMOCTb OTHOCHTENLHOM TIPOITYCKHO# crioco6HocTH Q% 0T KonuuecTBa
KaHaJIOB 2-T0 y371a HOACUCTEMBI Z

Z
Q& 12 0,992844  0,999750  0,999995

1,0 0,898876
0,8
0,6 0,454545
0,4
0,2 l
0,0
1 2 3 4 5

KonmuectBo kananos ky”

Puc. 10. 3aBMCHMOCTb OTHOCHTENLHOM MPOMYCKHO# criocobHocTH QZ
OT KOJIMYECTBA KAHAJIOB 3-T0 y371a HOJACUCTEMBI Z

AHanu3 pe3ysnbTaToB MOJIEIMPOBAHUS ITOKA3bIBAET, YTO MPOITYCKHAS
cnocobHocts MYC 3aBHCHT OT KOJMMYECTBA KaHAJIOB B y3J1aX M OT MX
NPOM3BOAUTENbHOCTH. [IpM 3TOM 3HAYMTENBHOE CHW)KEHHME 3arpy3Ku
MPOMCXOJUT IIPY YBEIMYEHUH KOJIMYECTBA KaHAJIOB Oojiee TpeX WIIM ISITH B
3aBUCHMOCTH OT MHTEHCHBHOCTH BXOJHOTO notoka. [Ipudyem mpu 3arpyske
meree 0,75 mnenecooOpa3sHO MOBBINIATH ITPOM3BOANUTEIHHOCTh KaHAJIOB,
anpu 3arpyske Ooinee 0,75 menmecooOpa3HO YBEIWYHMBATH KOJIHMYECTBO
KaHaJloB. JTO OOBACHAETCS PE3KUM BO3PACTAHWEM BEPOSTHOCTH OTKa3a B
oOcIyXMBaHNH 3asBOK NpH OombIION 3arpy3ke cuctemsl. [losTomy mpu
BBIOOpPE BapHaHTa IIOCTPOCHHUS CHCTEMBl HEOOXOJMMO YYUTHIBATH
OCHOBHBIE Moka3aTenu dpdexruHOCTH MY C.

Ha pucynke 11 moka3zaHa 3aBHCHMOCTb KOMILJIEKCHOTO IOKa3aTelis
W* 3h(heKTUBHOCTH CHUCTEMBI, TMPEICTABISIONICIO COOOH OTHOIICHUE
NpUpOCTa MPOIYCKHOW CHOCOOHOCTH K CTOMMOCTH, HOPMHPOBAHHOW IO
OTHOIIEHHIO K MAaKCUMaJILHOIM cTOMMOCTH BapuaHTa noctpoenust UYC, npu
YBEJIMYEHUH KOJIMYECTBA KaHAJIOB B y31ax cereBoit CMO moncucrem S u Z.
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2,5

L 2
¥
5

e 1,5
m
=

g 1
o
=

@ 0,5

0

1 “
2 L4
3 4

KOqueCTBo KaHajnop

Puc. 11. 3aBucUMOCTh KOMILUIEKCHOTO TOKa3aTenst 3)(HEeKTUBHOCTH OT KOJIMYECTBA
KaHAJIOB B y3JIaX CHCTEMbI

AHanu3  3aBHCHMOCTH, TIPEACTaBJIEHHOM  Ha  pucyHske 11,
MOKa3bIBaeT, 4TO JUIsl NPHBEAEHHOTO INpuMepa Haubonee 3()(EeKTHBHBIM
BapHaHTOM IOCTpoeHus mpoekTupyeMoit MY C saBnsieTca Hanudue B y3max
oOciykuBaHMsS He MeHee 3 KaHaloB oOcmykuBaHus. JlanpHelmiee
yBEJIMYEHUE KOJIMYECTBAa KaHAJIOB (U MPUBEAECHHOTO NpuMepa — Ooee 5)
HENenecoo0pa3Ho, TaK KaK pPOCT CTOMMOCTH 3HAYHUTEIHHO IPEBHIMIACT
MIPUPOCT MPOIYCKHOM CITOCOOHOCTH CHCTEMBI.

Pa3paboTanHBIii MeTOAWYECKHH ammapar ¥ TPeaoXCHHBIC
MIPUHIUIBI TIOCTPOCHUSI MOJIEJNIEH paHee ObUIN HMCIOJIBb30BaHbI IIPU BHIOOpE
KOoJM4ecTBa KaHAIoB oOcyxuBanus B MYC ¢ mepapxudeckoit CTpyKTypoi
MyHKTOB ympasieHus [11].

3akiiouenue. [IpemioxkeHnple ocTaHOBKA 3a1auu 1 Mojenb MY C
Ha ocHOBe aByX(asHoii cereBoii mozenu CMO sBISIOTCS AaabHEHUIIMM
COBEPIIICHCTBOBAaHMEM HAayYHO-METOAMYECKOTO ammapaTa HCCIeJOBaHUSA
CJIOKHBIX TEXHHUYECKHX CHCTEM M MOTYT OBITh HCIIOJIb30BaHBI HA PaHHUX
stanax mnpoekrtupoBanuss MYC. B pamkax paHHO# paOoThl NpHUBEACH
NpaKTHYeCKUi TpuMmep BbIOOpa BapuaHTa moctpoeHus HWYC wu
HCCIICOBAaHBl  3aBHCHMOCTH  TPOITyCKHOM  cmocobHoctn  UYC ot
KOJIMYecTBa OOCTyKMBAIOIMX KaHaioB B y3nax MYC npu oOcmyxnBaHUN
3aBOK M 3a7aHHON WH(OpManMOHHON Harpyske. YCTaHOBJIECHO, YTO
3HAYUTENBHOE CHI)KEHUE 3arpy3KM IPOUCXOAUT MPH  YBEJIWYEHUU
KOJIMYecTBa KaHaJoB Oojiee TpeX WIM TMATH B 3aBUCHMOCTH  OT
MHTCHCUBHOCTH BXOJHOTO IMOTOKa. IIpn 3TOM yBenW4eHHe MpOMYyCKHON
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criocooHoctn UYC BO3MOXHO OO IyTeM YBEJIHUYEHHUS KOJIWIECTBA
KaHaJIOB, MO0 TPH 33JaHHOM KOJIMYECTBE KAHAJIOB ITyTEM YBEIMYEHHS MX
MIPOU3BOAUTEIBHOCTH. DTH ABA PELICHUS SBJISIOTCS HEPABHO3HAYHBIMU, TaK
KaKk, KaK I[I0Ka3aJM WCCIEAOBAHUS, NPH OIPEICICHHBIX YCIOBHUIX
L[ENIECO00Pa3HO MOBBIMIATE MPOU3BOAUTEIBHOCTh KAHAJIOB, a MPH JIPYTHX
YCIOBUSIX II€7I€COOOPa3HO  yBEIWYHMBATh KOJIMYECTBO KAaHAIOB. OTO
0OBsCHSIETCSI PE3KMM BO3pPACTaHHEM BEPOSITHOCTH OTKa3za B 0OCITYXMBaHUU
3asBOK IpU OOJIBIION 3arpy3ke cucteMsl. [loaToMy npu BbIOOpE BapHaHTa
MOCTPOEHHS CHCTEMBI HEOOXOIMMO YYHMTBHIBATh OCHOBHBIE IIOKa3aTein
spdexruBHoctn NYC.

CnenyromuM  3TalloM — Pa3BUTHSL  MaTeMaTHYECKUX  Mojesel
MOJIOOHOTO  Kilacca SBJISIETCSl WCIOJIb30BAHHUE B XOAE HCCIIEJOBAaHHMN
IIPUOPHUTETHONH 00pabOTKM 3asBOK M OOBEIMHEHHWE OTACNIBHBIX MOAEIeH
yerpoiictB MUY C Ha ocHoBe CMO B ceTeBble CTPYKTYPBI C UCIIOIb30BAHUEM
HCKYCCTBEHHOTO HHTEIUIEKTa TNpPH (OPMUPOBAHUM MOJEIH CTPYKTYPHI
nyc.
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S. KURAKIN, A. ONUFREY, A. RAZUMOV
RESEARCH OF OPTIONS FOR CONSTRUCTING INFORMATION
MANAGEMENT SYSTEMS BASED ON NETWORK MODELS OF
QUEUING SYSTEMS

Kurakin S., Onufrey A., Razumov A. Research of Options for Constructing Information
Management Systems Based on Network Models of Queuing Systems.

Abstract. The use of information management systems (IMSs) for the management of
technical facilities is currently one of the directions for further improvement and increase in the
effectiveness of the use of technical facilities in solving their target tasks. The existing modern
IMSs are a set of hardware and software tools designed for collecting, processing and storing
information and management. In the presence of a large amount of information and
contradictory factors affecting the quality of management, making informed and timely
decisions in the management process is impossible without the use of IMSs. The IMSs
currently being developed are, for the most part, specialized systems and are designed to solve
specific tasks. In this regard, the development and design of IMSs should be carried out taking
into account the relationship with the target indicators and features of the management
facilities, the results of a comprehensive analysis of information about the IMS elements in the
process of functioning, and structural and algorithmic parameters that affect performance
indicators. The use of mathematical models for the study of options for the construction of an
IMS is the basis for the design and development of devices and subsystems of an IMS. The
IMS models currently being developed make it possible to conduct research for single-stage
management processes with the presence of similar service facilities in the system. At the same
time, modern technical facilities and control systems are complex complexes with cyclically
repeating control processes of various types of means. As a rule, such complexes have a set of
parallel operating devices (control channels) that provide control of different types of objects at
various stages of information processing. In this case, the structure of the IMS must be
represented as a multiphase multichannel technical system in which the process of
simultaneous management of several objects of various types takes place. In this regard, the
purpose of the article is to develop a mathematical model of an IMS with two phases of
management and the presence of an arbitrary number of serviced different types of
management facilities. The basis of the model is a multiphase CFR network model with a
limited waiting time for an application in the service queue. The study on the model allows
choosing an option for building an IMS, in particular, choosing the optimal number of control
channels for various types of objects according to the criterion of optimality and restrictions on
the cost and time of management. An algorithm for selecting an option for building an IMS has
been developed, and an example of calculating the number of control channels for managing
three types of objects is given.

Keywords: information management system, model, mathematical modeling, network
multichannel queuing system, choice of construction option, optimality criteria.
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B.H. KVIEIs
PEIIEHUE 3AJJAY TIEPEBOPA IYTEHX B CJJOKHBIX TPA®AX

Kyoens B.H. Pemenue 3a1a4 nepe4opa myTeii B CJIO3KHBIX rpadax.

AHHOTanus. MonenupoBanue pa3IMYHBIX CHCTEM CBS3aHO C IHepeOOpoM 3HAUYeHHH
IIapaMeTPOB 3JIEMECHTOB CTPYKTYPbl M YYETOM BCEX XapaKTEPUCTHK (DYHKIHMOHHPOBAHHS H
B3aHMOJCHCTBUS KOMIIOHEHTOB JUI HAXOXIEHHS OIPEIENCHHOro Habopa pelIeHUi,
OIIpeIeAIOIX KOH(PUTYpAUIo CUCTeMbl. Takue 3a1aui OTHOCSTCS K 3afadyaM I1epeOOpHOro
THIIA U MOJAPAa3yMEBAIOT, YTO HEKOTOPOE KOJIMYECTBO OYEPEAHBIX PEIICHHIT U3 3TOoro Habopa
MOJTy9aeTCs U3 MPEbIIYIIEro PEIICHNs B ONpeAeIcHHOM nopsake. V3BecTHO, 4TO JOCTATOYHO
OonbIIOe KOMMYECTBO 3ajad IepeOOpHOr0 THNA pEIIaeTcs TOJAbKO METOAaMU IOJHOTO
nepebopa M IPYruX METOIOB JUIi MX TOYHOIO PEIICHHWs IOKa He CyLIeCTByeT. B crartbe
MIPEACTaBIICH HOBBII MeTON nepebopa myteit B rpade — Metoa TpaHcopmanuu y3iaoB-rpados.
Ilo mpenBapuTenbHOI OLEHKE, NPEUIOKEHHBII METOA, B OTJIMYHME OT CYIIECTBYIOIIHUX,
NO3BOJISIET  3HAUUTENIBHO OBICTpee OCYIIECTBIATh IOWCK BCEX IMPOCTBIX IIyTed B
OPHEHTHPOBAHHOM Trpade HMPOU3BOIBLHOH CTPYKTYphl. B m3BecTHBIX MeTomax mepebopa B
rpade (Breadth First Search u Depth First Search) o6bexToM mepedopa sBisercs myTb. Beé
KOJIMYECTBO TaKWX ITyTell B rpade ompemessieT pasMmep NMpocTpaHcTBa mepedopa. OcHOBHas
uzges Meroga TpaHchopManuu y3moB-rpadoB 3aKIIOUAECTCS B 3HAYUTENHHOM YMEHBIICHHU
pa3mepa HpOCTpPaHCTBA Imepedopa 3a CUeT YKPYIMHEHHs OOBEKTOB mepedopa. YKpyNHEHUe
00BEKTOB Iepebopa OCYIIECTBISIETCSl KiacTepu3anyeil myreil B KOMOMHATOPHBIE OOBEKTEHI,
00BeUHSIOIE [0 ONPEIEICHHOMY PEraaMeHTy HEKOTOPOe MHOXKECTBO ITyTel OIMHAKOBOU
bl Takue KOMOMHATOpHBIE OOBEKTHI Ha3BaHbI y3aaMu-rpadamu. Ysen-rpad oTHocUTCS K
LEHTPAIbHO-TIepU(epHIecKIM KOMOMHATOPHBIM OOBEKTaM ¥ Il Iepebopa Bcex IyTeil B
rpade paspaboTaHbl CrenU(pUUECKHE OMepalrd MPeoOpPa3oBaHUs y3I0B-rpad)oB, KOTOPHIE
MO3BOJISIIOT HAHTH CIIEAYIONIMe IyTH HA OCHOBE MPebLIyIHX. MeToa MOXKeT UCIIONb30BaThCs
KaKk 0a30BBIi HHCTPYMEHTApWil [UII yMEHBIICHHS pPa3MEPHOCTH IIPOCTPAHCTBA IOMCKA
pemenniit NP-nonHbIX 3a/1a4, COXpaHsisl YHUBEPCATILHOCTh M TOYHOCTD Tiepedopa.

KioueBbie cioBa: rpad, myTb, raMWIBTOHOB IMyTbh, NepeOOp, KOMOMHATOPHBIA B3PHIB,
NP-nonHbie 3aa4n, KIacTepu3anusl, y3ema-rpad.

1. Begenue. C OypHBIM pa3BUTHEM HH()OPMAIIMOHHBIX TEXHOJIOTHI
Teopus rpadoB pe3Kko pacmpuiio cepy CBOEro MPUMEHEHHS B Pa3INIHBIX
obmactsax 3HaHUN. ['padsl MOTYyININ UCKITIOUYUTEIHHYIO TMOMYIAPHOCTD TIPH
MOJICTIMPOBAaHUM TAaKMX CHCTEM, Kak paclpe/elieHHble OyXxrainrepckue
KHUTH THIIA HAalpaBJeHHBIX alukiIndeckux rpadoB [1], couuanbHble
cetu [2], TpaHCHOpTHBIE cUCTeMBI [3,4], cuCTeMbl CBS3U [S5], CHCTEMBI
KOMOMHATOPHBIX ayKIIMOHOB [6], prHaHCOBBIE cucTeMBI [7] U T.1.

MopgenupoBaHue BCeX KOMIIOHEHTOB CHUCTEMBI, TaKHUX Kak
CTPYKTYpa, perjaMeHTbl, JrOpPUTMbl (YHKIHMOHHPOBAHHUS U JPYTHX,
0OBIYHO CBOJWTCS K PEIICHHIO KOMIUIEKCA 3a/1a4 TEOPHH TpadoB, KOTOPHIE
MOJKHO yCIOBHO OOBEINHHUTH B HECKOJIBKO TPYIII:

—  3a1aYd aHaNW3a CBSI3HOCTH: OLEHKAa HAIMYHS CBSI3H MEXIY
KaKIMHU-JINOO0 3JIeMEeHTaMHu rpada;
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—  33/1a4M YNOPSAJOYEHWs BEPIIMH WIM 33Ja4d KJIACTCPU3AINU:
BBIJEIICHNE HEKHMX cKomneHnii B rTpade. Hampumep, HezaBuCHMBIE
MHOXKECTBa BEPIIMH MM MHOXECTBA BEPIIMH C OJUHAKOBBIMHU
XapaKTEepUCTUKAMH H T.J1.;

—  337a4d  pa3MEIIEHMs LEHTPOB: BBIACICHHE KAKHX-THOO
JIEMEHTOB Tpada C YHHKAIBHBIMH CBOMCTBAMH, HaIpHMEpP, MHHUMAKCHOE
MHOKECTBO LIEHTPOB, MHOXECTBO LIEHTPOB ¢ MUHUMAIBbHOM CyMMOI! U T.11.;

—  3aJla4d O MapuHIpyTax: MyTb, TAMUIBTOHOB IIyTh, HE3aBHCUMBIE
OyTH U T.1.;

—  TIOTOKOBBIE 3aJjaud: 3ajjaya O MaKCHMaJbHOM IIOTOKE, MOTOK
BCeTH C OlpaHUYEHWSIMHM, paclapajuleMBaHHE TIOTOKa  3ajad,
pacrnpenieneHue NOTOKOB JaHHBIX U T.J.

Opnnako u3BecTHO [8], 9yTo HamOoibIIEe KOTMYECTBO MPAKTHIESCKH
Ba)KHBIX 3a]a4 TeopuH rpadoB BXoAAT B crucok NP-monHbIx 3amad. Kpome
Toro, mobast NP-monHast 3amad4a MOXKET OBITh pelIeHa METOIOM IOJTHOTO
nepedopa [9 — 11], Hanpumep, 3amava nepedncieHus myTeid. KommaecTo
myTeil amuHO#M oT p=1 10 p=v—1 B IOJTHOM OPHEHTHPOBAHHOM rpade

coctaBsier ev! (e=2,71828... —umucno Diepa, v= |V| — MOIIIHOCTh

MHOXECTBa BepliMH FV  rpada G[V,E]). W3-3a Takoro konmdecrsa

pe3ynbTaToB (pazMepa MpOCTpaHCTBA Mepedopa) 3amada IMepearcICHHs
myTell OTHOCHTCA K 3ajadaM ¢ KOMOMHATOpPHBIM B3pbIBoM [12], dTO
U OTIpENeNsieT BBICOKHI YPOBEHB CIOXHOCTH OoibIIMHCTBA NP-TONHBIX
3am1ad.

Hambonee w3BeCTHBIMH SIBISIOTCS [1BA MeToaa Iepebopa myTeil
B rpade — mouck B mupuny (Breadth First Search, BFS) u nouck B ryonay
(Depth First Search, DFS). A meTon BoO3BeIeHHS B CTCIEHb MAaTPHUIIBI
CMEXHOCTH Takoro pacmnpocTpaHeHuss He monyuun [13]. Meroasr BFS
u DFS wuccrnenoBanbl B JOCTAaTOYHOM O0BEME W UX HUCIOJB30BaHUE MpPU
pELIeHUH MHOTHUX 3a/1a4 epe0OPHOro THUIA NPUBOAUT K KOMOMHATOPHOMY
B3pbIBYy. KOMOMHATOPHBIH B3pBIB IPOUCXO/IHUT, KOTJIAa CO3AaeTCsl IPOMaIHOE
KOJIMYECTBO BO3MOXKHBIX KOM6HH3U,I/II>1 3a CUCT YBCJIMYCHHA KOJUYCCTBA
00BexTOB mepebopa. st ob6xoma mpobieMsl KOMOMHATOPHOTO B3pHIBa
pa3pabaThIBalOT CHENHANBHBIE METOABI pelIeHus. Yalie BCero MpUMEHSIOT
IBPHUCTHYECKUE AJITOPUTMBI, KOTOPHIC OCHOBBIBAIOTCS HA MPEAMIOIOKEHHUIX
0 HanboJee MEePCIeKTUBHBIX BETBIX Mpolecca mepedopa, OCTalbHbIC BETBU
HcKIroYaroTes. Mexoms u3 Heo0X0AUMOCTH TPEOI0JICHHS KOMOMHATOPHOTO
B3pBIBa, aBTOP pa3paboTal M HMCCIEeNOBall HECKOJIBKO METONOB mepebopa
myTel B rpade u cnoco0oB KIIaCTepH3aIuy Pe3yIbTaToB nepedopa:

1.  Pa3paboTaHsI cienyroniie METOOb! mepedopa:
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—  METOJ TPaHCTIOHUPOBaHUs [14], MO3BONISIOMNN penaTh 3a1a9y
MIOWCKa BcexX MyTe B rpade, Tak ke kak u Metonasl BFS u DFS, nepebupas
MYTH JUTUHBL p JUIsl TIOMCKA MyTel [UIMHBL p = p+1 ;

—  uWHBepcHBIH Meron [15], maromuii BO3MOXKHOCTH IepedupaTh
MyTH AIUHOH p [ TOWCKAa MyTed mMHOW p+k, rme k :{1,2,3...} -

pasmep nmpupocra (mmara) AIMHBI OyTH. [IpocTtpaHcTBO Iepedopa

83 83
COKpAaTHJIOCh W IIPU pa3Mepe mara k =2 COCTaBUIIO Tv!, rue T -
KBaJipaTHas JIeAsHas! TOoCTOsTHHAS JIuba.

2. HccnepmoBanme  pa3pabOTaHHBIX ~ METOZOB  ITO3BOJIMIIO
NOJATBEPJUTh  HEKOTOpbIE IPUYMHBI KOMOWHATOPHOTO  B3phIBA U
c(hopMyIHpOBATE HOBBIE TIONOXKEHUS IO YCKOPEHHIO  aJTOPUTMOB
niepedopa:

—  BBIYHCIHTENBHAS CJIOKHOCTb PEIICHHS 3aJad IIOMCKa BCeX
myteii B rpade oOycinoBIeHAa TEM, UYTO dYeM Ooyplle UIMHA p

OTBICKMBAEMBIX ITyTEH, TEM OOJIBIIEC UX BO3MOXKHOE KOJHYECTBO;
- KOJIMYECTBO HCKOMBIX NyTed ANUMHOW p+1, Haxoautcs B

sapucumoctu Buna O, =0, (v—p—1) or konnuecTsa nyTeil JUIMHOH p ;

—  CIIOXKHOCTH perreHnss NP-IoHBIX 3a1a4 MOKeT OBITh CHIDKEHA,
HaIlpUMep TPH HCIOJIL30BaHUM HHBEPCHOTO METOJA, JUISl PEeLIeHHs 3aJaduu
IOMCKa BCEX TaMMIBTOHOBBIX IyTed B rpade. Ilpu sToM TOYHOCTB
MIOJYYEHHBIX PE3YJIbTaTOB COXPAHSIETCS;

— OOWH U3 OCHOBHBIX CIIOCOOOB 3HAYHMTEIILHOTO CHIDKCHHUS
s¢pdexkra KOMOMHATOPHOI'O B3phIBA —3TO COKpAIlEHHE IPOCTPAHCTBA
nepebopa, HO HE C MOMOIIBI 3BPUCTHK [16 —20], marommx BEepOSTHBIC
pe3yNbTaThl, a 3a CYEeT O0BEUMHEHNUS MyTeil B IPYIIIBI (KJIacTepsl), TO €CTh
00beMHUTE B Ooiee KpynHble 00BbeKTHI Tepedopa [14, 15];

—  JOIOJHHTENBEHO COKPAaTHTh HPOCTPAHCTBO Iepedopa M, Kak
CJIENICTBYE, YCKOPHUTH AJITOPUTM Hepebopa MOXKHO MPU YBEIHYCHHH, TAE 3TO

JOMyCTHMO, pasmepa mara k = {2,4,6...} .

B nmanHO# cTaThe TpeACTaBIsIeTCS HOBBIM METOM mepebopa myTeit B
rpage — MeTox TpaHchopManuu y3nos-rpados. s ZAeMOHCTpAally METOIA
TpaHcopmauuy y3inoB-rpagoB aBTOpP BbIOpan 3agady IMepeYUCICHHs
raMuIbTOHOBBIX nyTeid B rTpade [18]. IlocranoBka 3amaunm: KaxkoBa

MOIITHOCTh MHOKECTBA TAMIJIBTOHOBBIX ITyTeH B rpade G[V,E ] .

2. O0mue nonoxkeHusi. ABTOP UCIONB30BaN CIEAYIOUIIEe TEPMUHBI.
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Ilymy — nocne1oBaTeNbHOCTh PeOEp ¢, , e, , ..., e, , B KOTOPOH KOHell

OJHOTO pebpa sBISETCS HavyaaoM cieaymoomlero pedpa. Hauano nepsoro
pebpa Ha3bIBa€TCS HAYaIOM IyTH, KOHEI[ MOCJIEAHEro pebpa — KOHIIOM
My TH.

Ipocmoii nyms — 0yTh, KOTOPBI MPOXOAUT Yepe3 KaKAYI0 BEPIIHHY
He 6oJiee 0IHOTO pa3a.

Jlnuna nymu p— aucino pedep (Iyr), KOTOPBIC €ro 00pasyorT.

Tamunbmonos nyms —3TO NMPOCTOW MyTh, NMPOXOIAIIUN Uepe3 Bce
BEpIIIMHEI rpada.

Oxpecmnocms eepuiunbl v, B rpade —noarpad rpaga G[V,E],
COCTOSIIMM M3 BCEX BEPIIMH, CONPSXKEHHBIX Vv,, M Bcex pédep,
COCAMHSIIOIIMX JIBE TAKHE BEPIINHBI.

Vsen-epagh — nonrpad rpapa G[V,E], cocrosiumii u3 o6pasyrouei

TIOAMHOXECTBO U MOCJICAOBATCIBHOCTH  BECPIIUH U ,U,, ... U

1
(i= {1,2,3,...} , 1<v—2), U3 NOAMHOXECTBA S BEPIIWH, HE BXOASAIIUX B
U u uMeromux MCXOIsLyIo Ayry B u,, U U3 IOJAMHOXKeCTBAa 1 BEpLIUH,
He BXoMsmuX B U M NMEIOIUX HCXOJISILIYIO IYTY U3 u, , @ TAKKe BCeX YT,
COCIMHAIOMMX TAKWE BEPHIMHBI C MEPBOM 1, W TOCIEAHEH u, W3

noaMHoxectsa U .

Cxema Kaacmepuszayuy — cxeMa TPYIIHPOBAHHUS KOMOMHATOPHBIX
00BEKTOB, B HAallleM ClTy4ae IyTeH.

B nmanbheiinem, eciim He OroBapHBaeTcsi HHOE, IOJ rpadom
MOHMMAeTCsl OPHEHTHPOBaHHBIA rpad Oe3 merens. B rpade wnmyrcs
NpocThle MyTH, Jajee—myTb. Jius o0003HaueHMs BEpUIMHBI OyaeM
UCIIONb30BaTh OJHY LU(py, a ImMpbl dYepe3 3amsaTyro —d3TO [Iyra,
COCAMHSIONMAass CMEXHBIE BEPIIMHBL. TOYKa C 3aMATOM pasfeisieT 4Hcia,
0003HAualONe BEPIIMHBI, HE WMCIOIME IPHU3HaKa CMEKHOCTH B
TIOJIMHOKECTBE.

Ha m3o0paxenusx rpada, s TOro 9YTOOBI HE 3arpoMOXKIaTh
PUCYHOK, HCHANpaBICHHBIMH peOpamu Oymyr oOo3Ha4aTbcs JBE
MIPOTUBOIIOI0XKHO HAIIPABJICHHbIE TyTH.

3. Mertoa TpancgopManuu y3JjaoB-rpagos

3.1. IIpencraBaenue rpaga. Hosoe mpezcrasienue rpada Oyaer
Jajee pacCMOTPEHO Ha OCHOBe mpuMmepa rpada, H300paKeHHOro Ha
pucyHke 1.
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Puc. 1. T'pad G[V,E]

Boitemnm B rpade G[V,E| oaHy M3 OKPECTHOCTEH, HanpuMep Juist

BEPIIUHBI 5, CMOTPH PUCYHKE 2.

Puc. 2. V3en-rpadp

BepmHbl M3  OKPECTHOCTH (CIUIOIIHOM KOHTYp), HMCHOIIUE
HCXOIIIYI0 AYTY, HAmpaBICHHYI0O K BEpIIMHE C Cepoil 3aJMBKOW,
pasMeniaem cneBa oT BEPIIUHBI c cepou 3aJIUBKOM.
DTO TMOAMHOXKECTBO BEPIIMH HA30BEM HCTOKOM S BEpHIMHBI C CEpoi
3anuBKOM. BepumuHbl U3 OKpPecTHOCTH (WITPUX-KOHTYpP), HMEIOIINE
BXOISIIYI0 MYy, HANPaBICHHYI) K3 BEPUIMHBI C CEPOH 3aJIMBKOW,
pa3MemniaeM crpaBa OT BEPIIMHBI C cepoil 3amuBKOi. [loaMHOMXKECTBO
BEpIIMH, WMEIOIUX INTPUX-KOHTYp, OyIeM Ha3pBaTh CTOKOM [
BEPIIMHBI C CEPOI 3ATMBKOM.

Bynem cuutath, 4TO TyTh OT KAKOH-TMOO BEPIIUHBI B ceOs
CYIIECTBYET BCEraa — 3TO MyTh JUIMHON p = 0. Mcxoast u3 3TOro, npuMeM,
4TO 00JIACTh C CEPOW 3aJIMBKON TOXKE SBJSICTCS MMOJAMHOXECTBOM — TE€JIOM
U vy3na-rpada. Knacrep mogmuoxkects S, U, T u sABIAETCS Y3JI0M-
rpagoM. B oTimuyme OT OKPECTHOCTH BEPIIMHBI, y3ei-rpad cBs3aH ¢
MECTOM COCPEIOTOUYCHUS ITyTeH, TAKUX KaK MEPEKPECTOK, KEJIE3HOIOPOXKHBIN
y3el1, eHTP Topoja, Tae mepecekaroTes myTu. To ectp y3en-rpad — moarpad
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rpada G[V ,E], cocroslMii M3 oOpasyromeid mnoaMHOoxectBo U
TOCIIEI0BATENILHOCTH BEPIHH U, ,u, , ... ,u, (i={1,2,3,.}, i<v-2), u3
MOJMHOXECTBa S BEpHIMH, He BXOmAmuX B U W MMEIOMHX HCXOIAIIYIO
Oyry B u,, ¥ M3 NOJAMHOXecTBa [ BeplIuH, He BXogamux B U u
UMEIOIIUX HCXOJAILYI0 AYTY U3 u,, a TaKKe BCEX AYT, COEIHHSIOMINX
TaKWe BEPUIMHBI C MEPBOM 1, W IOCIAEAHEH u, m3 moaMuoxecTsa U .

@7
V-
OynyT ompeneneHbl manee. Cxema KiacTepusaliud IyTed B y3en-rpad
npejacTaBieHa B Tabymie 1.

CUMBOJIBLHOE MpeACTaBJICHUC y3na-rpaq)a HUMCCT BU] quw

Tabmmna 1. Cxema KacTepu3alyu ImyTed B y3en-rpag

Ne
wn OTHOUIEHHS B MOJIMHOKECTBAX M MEKIYy MOIMHOKECTBAMH
Teno y3na-rpada U — moMHOXKECTBO MOCIIEA0BATEIBHOCTH CMEKHBIX
1 Bepuma. U cV , u= |U| — MOIIHOCTE MHOXKecTBa U

u ={1,2,3,...}, uv-2

Hcrok y3na-rpada S — NOJMHOXECTBO HECBA3AHHBIX BEPIIUH.
2. SclV,s= |S| — MOLIHOCTH MHOX€ECTBa S , § = {0,1, 2,3,...} s
s < (v - 1)

Hcrok y3na-rpada pasmeruaercs cieBa oT Teja. Bepiurna u3 ucroka S
3. HMeEeT TOJbKO HCXOMSIIYIO AyTY, HAIPABICHHYIO K IEPBOY BEPILHHE U3

tena U, SNU =

Croxk y3na-rpadga T — MOJAMHOMKECTBO HECBA3aHHBIX BEPILKH.
4. TcV,t= |T| — MOIHOCTH MHOXecTBa 1 , ¢ = {0,1,2,3,...} s

tS(v—l)

Crox pa3Mmelaercs cipasa oT Tena. Bepuimna u3 croka 1 uMeeT ToIbKo
5. BXOMSILYIO AyTy, HAIIPaBJICHHYIO OT TOCIeHeH Bepiuunbl u3 tena U

TnU=J

Jisn  ymoOcTBa JEeMOHCTpaluM onepanuid ¢ y3namu-rpadamu,
JIeMeHTbl mojgMmHOokectB S w1 Moryr pacnonaratbes  Jmbo
TOPU30HTAJBHO 4Yepe3 TOYKy C 3amiarod, Jndo —BepTHKaIbHO 0e3
pa3fenuTeNbHbIX 3HAKOB.
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IMapameTper ¢ ®w w  XapakTepm3ylooT y3ei-rpad. JlaHHbIe
mapaMeTpsl SBISIOTCS JIOTIOJHUTEIBHBIMH, WX HAJIHYUE W KOJHYECTBO
HEO0O03aTeNTFHO. DTO MOTYT OBITH:

—  BHYTPCHHHE TapaMeTphl y3ia-rpada: KOJMYECTBO JIEMEHTOB,
BEC, JAJIMHA, CTOUMOCTD U JIPYTHUE;

—  TmapaMmeTpsl MOJIETTUPYEMOTO oObeKTa: napameTpsl
B3aMMOJICHCTBHS CO Cpelod, B KOTOpOHl (DYHKIIMOHHPYET OOBEKT;
TEXHUYECKHE; XUMHUYECKHC; OMOMH()OPMAIMOHHBIC, TCHETUYCCKHE U T.J.
XapaKTePUCTHKH 00BEKTA.

COBOKYITHOCTh ~ BCEX  y3JIOB-Tpad)oB, Yy KOTOPBIX MOIIHOCTh
MHOXECTBa 1 =1, TIOJIHOCTHIO OTIHCHIBAET Tpad G[V,E ] , TO €CTb SIBJISICTCS
crmoco0oM TpesacTaBieHust rpada, SKBUBAJICHTHBIM BCEM CYIIECTBYIOIIMM
crocobam, Tak Kak Ha OCHOBE JIIOOOTO TIPEICTABIICHHSI MOXKHO TOIYYIHTH
Bce octaibHble. Kaxaprii y3en-rpad, y KOTOPOro MOIIHOCTH MHOXKECTBA
u =1, oObeIMHICT BCE HAIMPABICHHBIC MYTH JIUHON p =2, MPOXOMAIINE

uepes Teno U . Bce nymn B ysme-rpade HampaBieHbl OT HCTOKA S
K cToky T .

Torna rtpap G[V,E| (pucynok 1) s3amaercs —ciueayroueii
COBOKYITHOCTBIO y3JIOB-IpadoB:

(O 0] ©)~(2) ©)20) [OFIO) 4 g() 4) (6) 47
[2:4] “[2:4:7) [1;3;7]2[1:3:7] [2:5:6] " [2:4:5:6] [1,3;6]4[1:6] [3:7]5[3;6;7] [3:4;5]6[3,4] [1:2:5] © [2:5]

Jns BepmivH U3 MOAMHOXKECTB S M 1 TNPHU3HAK CMEKHOCTU HE
YKa3bIBA€TCS, Ja)Ke €CIIN OHM SIBIISIOTCS CMEKHBIMU B rpade.
3aecy U ganee ¢ —4HCIO MyTeH, Mpoxoisamux yepe3 Teno U ,

a w={1,2,3,..} —HoMep y3na-rpada B COBOKYITHOCTH.
KonmunuectBo myTeil AMMHBI p B rpade MONKHO pacCUUTATH IO
vl
(v— p- 1)!
cocTosIeM U3 ceMu BepinH, uMmeercs 210 myteit (00bekTOB mepedopa)
ImHONW p =2 . IIpu 3TOM KaXXIBIi TyTh COACPXKUT 3 BEpPIINHBI (JIEMEHTA).

dopmyne O, = . Torma B moONMHOM OPHEHTHPOBAaHHOM Tpade,

To ecrb Bce mnyru Briaoyaror 630 osmementoB. Tor ke rpad,
NIPE/ICTAaBICHHBIN y3naMu-rpadaMu, BKIIOYaeT 7 OOBEKTOB nepedopa.
Kaxnpiii y3en-rpad MoxeT cojepxath MakcumyMm 13 snementoB. Torma
npejAcTaBieHue rpada COBOKYIHOCTBIO y3lOB-TpadoB comaepxut 91
9JIEMEHT, 4TO MOoYTH B 7 pa3 MeHbile. C yBelIMYEHHEM YHUCIA BEpIIMH
B rpade CTeTIeHb OTIMYHS BO3paCTaeT.
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Knacrepuzanusi 3j1eMeHTOB (BEpIIWH, AYyr) MHOXeCcTB V u E
B rpymisl moamMHoxkecT8 S, U u T mo3BOINISET MpeaCTaBUTh rpad B Oosee
KOMIAKTHO# (popMe — B BUJIC COBOKYITHOCTH y3J0B-TrpadoB. O4EeBUAHO, YTO
KOJINYECTBO 00BEKTOB mepebopa JUIMHOW p s MOWCKAa OOBEKTOB JUIMHOU

p+k ymenbiimnock. Takum o0pa3oM, MPOCTPaHCTBO Hepebopa 3a cuer

YKpYITHEHUsI 00bEKTOB Nepebopa COKPaTUIIOCh.

Kracrepuzaiyss MOXXET NPOM3BOAMTHCS W MO JIPYTMM OCHOBAHHSIM,
a yzen-rpad MOXET CO37aBaThCsl M U1 APYruX oObeKToB nepedopa. BHyrpn
nogMHOKecTB S, U n T Tarke MOTyT (OPMHUPOBATHCS TPYIIITHI 0OBEKTOB.

3.2. Onepanun TpaHcopmanun y3aa-rpada. 3necn
MIPECTaBICHBI ONepanuu TpaHchopManuu y3na-rpada I MOWCKa BCeX
IyTell B COBOKYIHOCTH y3i0B-rpadoB. Omepanuu TpaHchopMmanuu y3ia-
rpada o3BT HAlTH IMyTH JUIMHOH p + k Ha OCHOBE ITyTeW UIMHOH p,
TO €CTh OCYIIECTBUTH NCUSPIIBIBAIOLIMH TIOUCK MyTeH B rpade.

Ilpn ommcaHuM W JAEMOHCTpalMM ONepanuii TpaHchopMmalyy y3ia-
rpaga rnogpaszyMeBaeTcs, 4To napamMeTp w , HoMep y3jia-rpada, OTHOCHTCS KO
BCEM cocTaBisifolnM y3ei-rpada. Onepaumm TpaHchopmanuu yzna-rpada
BBITIOJIHSIOTCSL /Ul KOMOWHATOPHBIX OOBEKTOB, TAKMX KaK BEpIIHHA, JyTra,

@r7o
y3el-rpad, HaXO[MIMXCs B OTHOLICHHMSX CMEKHOCTH. Y3ibl-rpapst (U

2 . 1 . 2 . 5
n [(S"]‘U[‘;]’ SIBJISTFOTCST CMEXKHBIMH, €CJIA BepInHa [ € T Oyies? wmier?

uiesSY.

VY3en-rpad OTHOCUTCS K LEHTPAIbHO-TIEpH(HEPUIECKIM
KOMOMHATOPHBIM OOBEKTaM, M NpoLecC IOoWCKa TIyTed B Tpade
ACCOLIMUPYETCS C MOCIIE0BATEIbHBIM IIOIIOMEHNEM HeHTpoM (Tenom) U
nepudepuiHbIX 3JIEMEHTOB (CMEXKHBIX y3710B-TpadoB, BepiimH u3 S u T).

JIro6oit yzen-rpad (u>1) pa3spenieHO HCIOJIB30BATH B ONEpPaLUSIX
HEOHOKpAaTHO, HAallpuMep, MUl yBeNndeHus mara k . J{ina nepebopa B rpade
Ka)XIbIH y3en-rpad BhIONHSAET (GYHKIHMU TO LEHTpa, TO nepudepun. Jlrodas
ornepanusi TpaHC(HOPMAILMA MOXKET BBIIOJIHSITHCS COBEPIICHHO HE3aBUCHMO
JUISL Pa3NMYHBIX y3J0B-Tpa)oB, TO €CTh OOECHEYMBACTCS MHAPAIIICTBHBIA
MPOLECC MOTYyYEHUS PE3YIIBTAaTOB Mepedopa.

VY3en-rpad, nmeromuit u > 1, CymecTByeT IpH YCIOBHH:

~ ecmn S EPATM 2P, nym  obssatensHo  re-To
HAYMHACTCS ¥ KyJ1a-TO IPUBOINT;

- ecmu S=1=1y S ) 7 , IINKJTBI HCKITFOYAIOTCS.

3.2.1. /lobasnenue sepuiun. PernmamMeHT 100aBICHNS BEPIINH B y3€I-
rpad mpejpcraBieH B Tabnuie 2.
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Tabmmma 2. PermamenT nqo6aBiieHns BepmuH B y3en-rpad
Ne i/ PeriiameHnT Onepanun

1. d =maxw+1 + — cnoxeHus

Ecm i e S, jeT(w) ui#j,to
2. + — 100aBICHUS BEPIIUHBL

U =iyu™ 4
3. S(w:d) — S(w:[) \(S(w:[) A U(w:d))

\ — Pa3HOCTb MHOXECTB

4, pl=d) _plv=i)y (T(w=j) AU )) M — [epeceyeHust MHOXKECTB
IpoBepka yCclIoBHii CyLECTBOBAHMUS
5 o) yaaieHue ysna-rpada, ecim
" y3ma-rpada [s(”‘:")] U, ﬁ;(:j d)] YCJIOBUE HE BEHIIOIHICTCS

6.  Ilepecuer 3Hauenus napamerpa ¢ ysna-rpada

CyILECTBYIOT CIEIYIONIUE OTPAaHIYCHHS HA ONEpAINIo0 JT00aBICHUS
BEpIIMH:

—  MOIIHOCTh MHOXKECTBA BepIIUH rpad)a v HE MEHee 5;

— omepamus BBITIOJNHSAETCSA IS y37I0B-rpadoB, y KOTOPBIX
S urT 2.

OyeBUAHO, YTO MHOXKECTBO IMyTeH IUIMHON p+2 ToJdy4yaeTcs u3
MHOXK€CTBa MyTel JUIMHON p , TO ecTh pa3mep mara k =2.

JlobaByieHUEe OJHOW BEPIIUHBI C OJHOW W3 CTOPOH SIBISETCS
YACTHBIM CITy4aeM JOOaBIICHHs BEPIIUH B y3enu-Tpad.

Anroput™m 100aBliCHHS BEPIIUH NPOMIUTIOCTPHPYEM Ha  y3lie-
rpade Ne 3 st rpada, npeacTaBieHHOro Ha pucyHke 1. B sueiikn f,
®)

Tabmumpl [ pasMepoM vxXv, Y KOTOPBIX i€ s, jeT™ n i#],
() 29
BITUCHIBACTCA y3en-rpad [25;43)]3[2;45;43)} .
Homepa Bepmun cToKa j
1 2 3 4 5 6 7
11010 00 0 0 0
21010 0 ) ) o) 0
) ((3))3(4) o ((3))3(4) " ( (”)3(3) "
= [ [nse®] | [ [esd®] | [25®] rse]
s 3[0]o0 0]0 0 0 0
g 4]0 00 0
Z 510 () 0 () 0 () 0
=
\ 3(1) \ \ 3(3) X \ 3(1) \
% [z.s o )J 24560 }J [2.5:5( )} 2456 ’} [2.5.6( )J [2.4.5.6( ]J
2 610 ) 0 ) 40 0 0
£ [z.s(f,tx%3([i:_“w>] [z;}ﬁtsq)3fls_arq B (u}) f’q
B
= 71010 00 0 0 0
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I[anee BBITIOJTHACM PECTIIAMCHT I[O6aBHCHI/I}I BEpIIMH JIA  y3Ja-

rpaga Ne 3. Hanpumep, 11t st4eiku f, , , ONPEAEITUM:

1.

5.

6.

2.
3.
4

UY =i+UY 4+ j=243+4=23,4;

(8)):1;3;7\(1;3;7(\2;3;4):1;3;7\321;7;

d=maxw+1=7+1=8;
S(S) (2) \(S(Z)
7® = 7@\ (7

AU =16 \(1,612;3;4) = 1,6\ D = 1;6;

(o

V2@, T® £ @, 3naunr, [S “"}]Uﬁ?‘g)} CYIIIECTBYET.

q(g) =5.

B pesynbrate Tpanchopmaryu yzna-rpada Ne 3 nmeem.

12 3 4 5 6
00 0]0 0 0
010 0 ® ES 210 "
ol s s o R e
00 00 0 0
00 00 0 0
0 (") D) 0] () 2) 0 () (1)
D320 15347 197953, 67 05
o> 2 o> A )3
0 () (1) 0 (‘“:)} 409 () (1) 0
6,3,2("., 9703547 76,3,5 0%
[ &4y | )&%
00 00 0 0

Tak kak p#v-—-1,

MPOAOIDKUM TPaHC(HOPMALUIO TSI TOTYICHUS

raMWJIBTOHOBBIX ITyTeH, HanpuMep JIst y3na-rpada Ne 9, u mosryqum.

1

~N NN AW

,HO63BJ'[6HI/I$I BCpIIWH, OnCpanus ,Z[O6aBJ'IeHI/I${ y3n03—rpa(1)03 npeanojaract

1 2 3 4 5 6

0 0 0 0 0 (=) < (=07) 5
417 [4117)] ]2 el [zm)J

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0

0 0 0 0 0 0 0

0 0 0 0 0 ) To
[(,(17)}7,2,3,5,6‘[4(.’7@

3.2.2. Jlobasnenue y3nos-epaghos. B omimume 0T  omepainuu
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nobapneHue (TIOTJIONICHWE) Kak BepmuH U3 S W T, Tak W MOAMHOXECTB
U B Tpoiike CMEXHBIX y310B-rpadoB. IIpu 3TOM MOPSIOK IIEMEHTOB B

nogmuoxectBax U  coxpamserca. Omepamus J00aBieHHss OyzeT
0603HayaThCA cumBosoM |,
I o ("(I) O] ("(Z))U(Z) ( )U(B)
yCTh BBIOpaHbl Tpu y3ia-rpada ] [ 7 eV u o
rpada G[V ,E].

Jlob6aBnennem y3710B-rpadoB Ha3bIBAETCS y3en-rpad

e~ Py (() ( ) N TIOTYYIEeHHBIH N
eVt = oy Moy Uiy IpenUgs - moaye °

periaMeHTy, NpeaACTaBJICHHOMY B Ta6nnue 3.

Tab6nuua 3. Pernmament no6asnenust y3inoB-rpados

Ne /i PeriiamenT Onepanun
. d=maxw+l1 + — cnoxenus
Eom i e TV = s® , J€ 7 N AS s© , + — nobaBaeHus BepuIMH
2.
o U =y H(i+U(2) + /) lo® || - no6asnenns Tena yana-rpada
3. S =5\ AUty \
— Pa3HOCTb MHOECTB
4. =4 _ 0B \(T AU W:d)) (M — mepeceyeHne MHOKECTB
TIpoBepKa yCIOBHiT CyIIECTBOBAHHS y371a-
s o) yranenue y3na-rpada, ecim

rpada [ wed }U[Tf“?"q . YCIIOBHME HE BBITOJIHACTCS

6. Ilepecder 3nayenns mapamerpa ¢ ysma-rpada

OrpaHnyeHHs Ha OTIepaIio JOOaBIEHNS Y310B-TpadoB:

—  MOIIHOCTH MHOXKECTBA BEpINWH rpada v He MeHee 7;

—  omepamus BBIONHAETCA [UIT  Y3J0B-TpadoB, y KOTOPBIX

V2B ATYV20 A SP20 A TP 22 A SO 2@ A TY 20,

atacke UV ~U? =@, UV AU =@, UP AU =3

O4eBHIHO, YTO MHOXECTBO MyTeH UIMHOW p+4 moiydaercs w3
MHOJXECTBA ITyTeH JIMHBI p , TO ecTh k =4 . JlobaBneHne nByx y3iI0B-TpadoB
C OZTHOM M3 CTOPOH SIBJISIETCS YaCTHBIM CITydaeM J00aBIeHHUs Y3I0B-TpagoB.

ANTOpPUTM omepanuu A00aBIeHHUS Y3I0B-Tpa(oB MPOMLIIOCTPHPYEM
Ha y3nax-rpadax Ne 1, 6 u 5 st rpada, mpeacTaBIeHHOTO Ha PUCYHKe 1:
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Ular 1. B sueiiku f, . Tabmmupsl /' pasmepom vXv, eciu iesSY,

()

jeT u i+ j,BuucsiBaercs ysen-rpad [3:45(6)]6?4(6)} (TIeHT).

Hlar 2. B sueiikn m, tabGmuusl-crondbua M pasmepom vx1, eciu
i e T, BuceiBaercs yen-rpad [2;(1:::}18;4;7(”] (nepudepus).

llar 3.B sueiiku [, tabauusl-ctpoku L pasmepom lxv, ecnu

o),
((s)})siglﬁu)} (nepudepus).

. 7
je S| BiucsiBaetcs y3en-rpad [
Ular 4. Eciu siueiika f;; Ha ICPECEYCHUH CTPOKU i CO CTOIOLOM |

Tabnumpl F HE MycTa, TO BBINOJHSEM PETIIAMEHT OIepaliui 100aBICHHS

y3J10B-TpagoB.
B pesynbrate BbINOTHEHUs maros 1-3 uMeem.

010 (@)5(5) 0 010 (415))5(5) .
[3;7(”} [3;«;7‘5)} [3;7‘5)] [3;6;7“@
1 2 3 4 56 7
110 (0 |0 0 010 0
(4(1))1(1) 210 (0|0 0 010 0
[2;4“)} [2;4;7“)]
310 (0 |0 (416))6(6) 010 0
[3:4.5“”} [3,4“@
(4(1))1(1) 4 (0 (0 (4(6))6(6) 0 010 0
[2;4(‘)} [2;4;7“)] [3;4‘5("’@ [3,4(6@
310 (‘(6)) (6) (“(5)) (6) 0 0
3 4:5(")] 6[3;4(6)] [3:4:5((’)] 6[3;4(6)]
6 |0 0 0 010 0
(4“’)1(1) 710 (0 |0 0 010 0
[2;4“} [2;4;7“)]

JeiictBua Ha 1are 4 MpoJeMOHCTpUpPYeM I AYelKu f, , , TaK Kak

TOJIBKO 3Ta STYCHKA YIOBICTBOPSACT YCIOBHSM BBITOIHCHHUS TOTO IIIara.
l.d=maxw+1=7+1=8;

2. 09 =0 1lG+U" + ) IUY =11(4+6+3)15=1,4,6,3,5;
3. S =SSV AUY) = 2,4\ (2;4N1;4;6;3;5) = 2;4\4=2;
4.7 =7ONTO AU =367\ (3;6,7 N 1;4;6;3;5) = 3,6,7\ 6,3 = 7;
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i
5. [E(x)]} 1,4,6,3, 5([87)‘*‘] CYIIECTBYET;

6. q(x) =1.

3.2.3. [lepeceuenue  y3znos-epaghos. JIas TOSICHEHHs] ONepaIvu
mepecedeHusl y3JIoB-rpad)OB 3JeMEHTHl moaMHOXkecTB S u 1 OyayT
pacroarathCsi BEpTHKAIBHO 0€3 pa3AeIuTeIbHBIX 3HAKOB.

Torna rpad Ha pucyHke 1 OynmeT MpeacTaBISThCS COBOKYIHOCTBHIO
y3JI0B-Tpa)OB CICIYIOIIETO BHIA.

[penBapurensHple mosicHeHus. [lycte nmaH y3en-rpad [(S"]’U[‘;‘]', y

2
.

KOTOpOTO # =2 . PasobbeM Teso y3ma-rpada Ha msa cermenta U™ =

i=1{i

R

(it

yepe3 KOTOpbIE CYLIECTBYIOT IIyTH UIMHOM p =2 Mexay %/} u {lz]} . Taxoit

Memy CETMCHTAMHU BCTAaBHUM IMOJAMHOKCCTBO HECBSA3aHHLIX BCPIINH

>

y3en-rpad UMeeT BHJ, IPEACTABICHHBIN Ha pUCYHKE 3.

Puc. 3. Fpéq)nquKoe n3o0pakeHue y3na-rpada

VCIOBHS CYIIECTBOBAHHSI TAKOTO Y31a-Tpada HeCKOJIBKO PaCIIUPSIOTCSL:
mpu S 2B AT™ ;t@/\{R};t@ ;
J

— mpus=t=1u S =T" unpu s=r=1u S(W)i{R},I/IHpI/I
J

t=r=1 T ¢{R} , TIIe 7 — MOIIHOCTH MHOY€ECTBA {R .
J J
@ 70 @ 7@ @ 70)
Ilycts umeroTcss Tpu  y3na-rpada o> w1 GUn-

IlepeceuenneM y3710B-rpadoB HaspBaeTcs ysen-rpad [%’U[(;“]:‘” = Ui 0

(€0) #4C)] @ 703)
17t O U

MIpeCTaBICHHOMY B TabwuIe 4.

HOHy‘IeHHLIﬁ no PEriaMCcHTy nepeceucHus,
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Ta6ymia 4. PernameHT nepecedeHus y3noB-rpados

Ne n/m Persiament Onepauun
L. d =maxw+1 + — cioxenue
2. R} = <T(l) N S(2)> \u® Ecnu u(l) >2, 10
{t
0]
smecro U’ Gepercs
3, R= <T(2) A S<3>>\U<” o
5 v
S0 _ [{ SO\ (SO A U<2>)}\ =1 {3
4. 0 ) Ecnu u(z) >2, 10
(ST AU ):I BMECTO U(2) Oepercst
i=u?
%
e =H{rO\@® AUt "
s - Ecnu u()ZZ, TO
. \(T(3) ﬁU(z)):| BMECTO U(s) Gepercs \ —pasnocts
e IMHOXXECTB
M — nepeceyeHne
ill Elj} IMHOXXECTB
e s" V=1, 10 R=R\S", R =R\ |lI-nooemrcis
6. (Lt 22 {2 cermenTa Tena
=) _ plw=d) | glw=d) ly3ma-rpada
Ben (" =1, 0 R=R\T"" R=R\T",
7. o {n 2r {2
S(w:d) — S(w:d) \T(w:d)
Ecu 7 =1, 1o =R\R, S(w:d)—S(w:d)\R,
g {1} 2 2y {1}
B A SR
{1}
Ecmn 7 =1 o R=R\R, S(W:d) = S(W:d) \R,
2} {2 {2}
9.
70 ==\ R
{2}
10. U(W:d) =U.0.U.2.U , — TIPU3HAK
Wy gy B CMEXHOCTH
yaaneHue y3ia-
11.  TIpoBepka ycioBuii CyecTBOBaHUs y3na-rpada [(;])U [(:j’d) ;[c) i(})):;le ecj:;
BBINOJIHSCTCS
12. Ilepecuer 3HadeHus mapamerpa ¢ ysia-rpada
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OrpaHuueHrsi Ha OMNEpALUIO TaKWUe e, YTO U JUIS Olepaluu
no0aBieHUs y37I0B-TpadoB.

Ilepeceuenne nByx y3moB-rpaoB C JO00W W3 CTOPOH SIBISAETCS
YAaCTHBIM CITy4aeM MepecedeHust y3noB-rpados.

BhIMoTHUM OTEpalfio nepecedeHus, Hanpumep sl y3ioB-rpagos
o Homepami 1, 6 u 5 (pucyHok 1), ¥ morydnm:

l.d=maxw+1=7+1=8;

2] [3
2. R=(T" A sONUD =(]4]n|4| )\5=(4)\5=(4);
{1} 7 6 )

3. R =<T<6> mS<5>>\U“’ =<mmm>\1 =(3)\1 =({§}) ;
4. 8® = [{S(]) VS AU (s mU(”)J - Hm\[m A 6]}\
(B )b ehel -2

5.7% :[{TS)\(Ts AU \(T(S AU ))}

2 2 2 2 77®
3(1]3 3 3
= V|7 (AR \@H6| = 3] ;
6|6 6| 6
7
7] \[7 7 7
2
8 r=1, R=R\R=(3\(4)=(3), s® =5\ r=| " \(4)=[2]",
1) 2 = {2} {1} 12 {1} 4
2 21"
T =1""\R=3\(4)=|3| ;
b
7 7
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.r=1, R=R\R= - ®) _ O\ R = _H1®
9. n=L B=R\R (4N(3)=(4), sV =5 \R [2]\(3)=[2]",

1. QU = E;i1,<4>,6,<3>,5% — CYIIECTBYET.

12. ¢® =1.
3.3. lIpeaBapuTebHasi OLEHKA MeTOAa TPaHCPOPMAIMHU Y3JI0B-
rpagos. 3nech MpPeJ/ICTaBIICHBI COOTHOUICHHUSI, MPOBEPEHHbIC

SMIHUPUYECKAM METOAOM MPHU PEIICHHH OYeHb OONBIIOrO YHCia 3afad Ha
rpadax. g momydeHHWs BepXHEHW OIEHKM CIIOKHOCTH PEIIeHHs 3aJadd
TIEPEIHCIICHUS TaMHAIIBTOHOBBIX myTei paccMoTpeH TIOJTHBIT

OpPHEHTHPOBAHHBIN Tpad G[V,E]. Jliis mepecdera BCEX IaMIUIBTOHOBBIX

nyTeid B rpade HCIOJIb30Bajiach ONeEparys IepecedeHHs y3IoB-rpadoB U
MOJy4EeHO CIEeAYIOILee.

I'pad 3amaercs v ysnamu-rpadamu, KOTOpble OOBEIUHSIOT IyTH
JUIMHOW p =2, TO €CThb KOJHYECTBO Y3JOB-TpadoB (TIPOCTPAHCTBO
nepebopa) Ha BXOJE 3a[a4d COCTAaBUT b ,_, =V . Bbinonxenue onepauun
HepecedeHus MO3BOJIAeT NepeiTH OT myTel JIUHON p =2 K NMyTAM JUIMHOU
p=6, motoM Kk mytsiM amuHOH p =10 u T.A. To ecTh MHUHUMAaIHHBII

pa3mep mara k =4, ero u OyaeM paccMarpuBaTh. J{JIs MoWCcKa Bcex MmyTei
B rpade ¢ KaKIBIM U3 y37I0B-Tpad0B MPOU3BOJANUTCS ONEPAIHs IIEPECCUCHUS

¢ Kaxgoil mapoii  ysmos-rpapo, y koropeix UV AUP =@,
UYAUY =@, UY AU =@ . Mpu noucke nyreii amumol p=p+k

2
p—4 p—4
KOJIMYECTBO TaKUX Map COCTAaBUT | V— 5 -v+ 5 N3 »roro

CleqyeT, YTO YHCIO Y3J0B-TpadoB, OOBECAMHAIOMNX IyTH UIWHOU
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p = p+k, TOTYICHHBIX TIPU BBHIIIOJHEHWHN OTIEPALlMH IepecedecHus, OyneT

p—4 ’ p—4
COCTaBJIATh b(p):b(pm (v— 3 j —v+T

Torma ans rpadoB ¢  MONIHOCTBIO MHOXECTBA  BEPIIMH
v="7,11,15,19,... u k =4 umeem:
v npu p =2;

— 2 =
b(p) = b [v_p_4j —v+p_4 npu p =6,10,14,18, ... .
2 2

OrpannyeHre, HaKIaApIBaEMOE Ha Vv, TMPHU3BAHO YIPOCTHTH
pacyeTHble BBIpa)KEHHUS, HO NPHHIMITHATIBHBIE 3aBUCUMOCTH JUIsl Tpa)oB ¢
MIPOU3BOJIEHBIMI MOIITHOCTSIMH BEPIIUH V COXPAHSIIOTCA.

OOmiee KoJIMUECTBO OOBEKTOB Iepebopa NpU pEUIeHUH 3a/lauu

MIEPEYHCICHNS TAMIJIBTOHOBEIX ITyT€H COCTaBUT B (v) = Z b

(p)°
p=2.6,10...(v-1)
v!
(v+ly ‘.
5 )

nepedopa COKpaTIIIOCh YyTh Oojiee YeM B [(H l%j! pa3. Hanmpumep, ams

TO

ectb MeHee ueM 0,019 Ou4eBUIHO, 4YTO MPOCTPAHCTBO

MOJIHOI'O OPHUCHTHUPOBAHHOI'O rpaq)a, Y KOTOpOTroO MOIIHOCTH MHOXKECTBa
BCPLINMH COCTaBJIACT V=39, KOJIMYECTBO KOM6I/IHaT0pHLIX 06’I>CKTOB,

y4acTBYIOIIMX B Nepebope myTeil, ymenbuaeTcs Gonee yem B 1,2-107 pas.

A 3TO OYEHb 3HAUUTEIBHOE COKPAICHHUE.
HerpynHo onpenenuTb, 4YTO KaxIbli y3en-rpad, Hampumep cC

MOIIHOCTBIO V=7, MpU MpPEACTAaBICHUM HOJHOTO TIpada G[V,E]
00beaMHACT 4, ) =30 nyreil, a ysen-rpad, MNONYYEHHBI TOCIE
=24
raMIJIbTOHOBAa MYTH. OTH Pe3ylIbTaThl CBS3BIBAIOTCS  BBIPAXKCHHEM

D)

) =7 ——7;> CHPABEIMBEIM UL TOIHBIX rpad)0oB  MOIIHOCTHU
P (v=p-1)
v="7,11,15,19,... u nyteii qnunsl p = 6,10,14,18,...

BBITNTOJIHCHUA onepanuun nepeceucHus, 06’1)6,HI/IH$ICT a(p:(’))

9
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OOuiee  KOJNMYECTBO  TaMWJIBTOHOBBIX — MyTe B IOJHOM
OpHEHTHPOBaHHOM rpade coctaBiseT g =v!, a 1 rpada, cocTosiuero u3

7 BepunH, g =5040.
st aToro ke rpada npu moucke myTeld METOJOM TpaHC(HOpPMalUu
MOJTy4aeTcst b(l):(,) =210 ysnoB-rpadoB, Kaxablil U3 KOTOPHIX OOBEAMHSECT

=6) )= 5040. Takum

00pa3oM, MeToa TpaHC(hOpMAIMU y3JIOB-TpadOB TMO3BOJISIET TOYHO PElIaTh
3aaqy MepevYrCICHUs TaMIIBTOHOBBIX IyTel B rpade.

4. 3aka04eHne. [IpuHIMIIHATBEHBIMU 0COOEHHOCTSIMU
Mpe/UlaraéMoro  MeTofia  TpaHCPOpPMALUH  Y3JIOB-TpadoOB  SBIISIOTCS
cienyronie GaKkTopsI:

1.B omiMuume OT OBPUCTUK, KOTOpble OCHOBBIBAIOTCS Ha
MIPE/IIOI0KEHUIX 0 HanOoJIee MEePCIIEKTUBHBIX BETBAX Ipollecca nepedopa:

— JUId  COKpalleHHWs NPOCTPaHCTBA IMepedopa HCMONb3yeTCs

A,y =24 rammnbronosa mnyru. Torna g=b, a(,

pa3buenne MHOXecTB V' um E rpada G[V,E] Ha Oosiee KpYIIHBIC

KOMOMHATOPHBIC 00BEKTHI — y3IBI-TpadBbl;

—  TPOU3BOJUTCS TOUYHOE PELICHUE 33aUH.

2. B ormuume ot meromoB BFS u DFS, mepeGop mpowmsBomutcs
MyTeM [EHTPAIbHO-NEPH()EPHIECKOr0  IMOTJIOMIEHUST KOMOWHATOPHBIX
0OBEKTOB: CMEKHBIX Y3JI0B-TpadoB, BEPIINH U AYT.

Ilo mpenmBapuTeNbHOW OIEHKE, METOX TpPaHCPOPMALIUU Yy3IIOB-
rpagoB c pasMepoM Imara k=4 T1O3BOJISICT 3HAYUTEIBHO YCKOPHUTH
nepeOop TaMHUIBTOHOBBIX IyTEH MpPU COXPAHEHWHM TOYHOCTH PEIICHUS
3a7a4m.

Kak u mobGoit meron mepebopa, Meron TpaHcopMmanuu y3iIoB-
rpagoB oOnagaeT CBOMCTBOM YHHMBEPCAIBHOCTH. 1O €cTh METol
TpaHcopManuy y3n0B-rpa)oB MOXKHO HCIOJIB30BaTh JUIA pa3pabOTKH
MHOKECTBa aJITOPUTMOB:

—  HaxOoXICHWs XOTs Obl OJHOrO pemeHus 3agayu  (3amada
CyIIECTBOBAHMA);

—  TOJydeHHS BCEX PEIICHHH 3a/auu;

—  TIOWCKa ONTHMAJIbHOTO PELICHUS 331atH;

—  TOACYEeTa KOJMYECTBA PEIICHUI 3a1atdH.

OpnHako A7t OTAETBHBIX 3aa4 aHAJIN3a CI0KHBIX CHCTEM, HAlIPUMED
3a7la4M pacdeTa CTPYKTYPHOHW HaJEKHOCTH IO COBOKYITHOCTH IyTeH WIIN
ceueHnit [21], noTpebyeTcss HEKOTOpOE pa3BUTHE MPaBHJI NPeoOpa3oBaHUs
BBIPAJKEHUI CHMBOJIBHOIO YMHOXKEHHS JJI Yy4YETa NEPECEYEHUH IyTel IO
0O0IIMM BJIEMEHTaM.
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V. KUDELIA
SOLVING PATHS SEARCH PROBLEMS IN COMPLEX GRAPHS

Kudelia V. Solving Paths Search Problems in Complex Graphs.

Abstract. The construction of models of various systems is associated with the
enumeration of the values of the parameters of the elements of the structure and taking into
account all the characteristics of operation and interaction of components to find a certain set
of solutions that determine the configuration of the system. Such tasks belong to enumeration
type tasks and imply that some of the next solutions from this set are obtained from the
previous solution in a certain order. It is known that any problem of the enumeration type is
solved only by methods of exhaustive search, and other methods for their enumeration do not
exist yet. The paper presents a new method of searching paths in a graph — the method of node-
graph transformation. The proposed method, unlike the existing ones, allows one to search all
directed simple paths in an oriented graph of arbitrary structure much faster. In the known
graph search methods (Breadth First Search and Depth First Search), the object of the search is
a path. The total number of such paths in the graph determines the size of the search space. The
main idea of the node-graph transformation method is to significantly reduce the size of the
search space by enlarging the search objects. The enlargement of enumeration objects is
performed by clustering paths into combinatorial objects that concentrate some set of paths of
the same length according to certain rules. These combinatorial objects are called node-graphs.
A node-graph refers to center-peripheral combinatorial objects, and specific node-graph
transformation operations have been developed to enumerate all paths in the graph, which
allow finding new paths based on previous paths. The method can be used as a basic toolkit to
reduce the dimensionality of the search space for solutions to NP-complete problems while
maintaining the universality and accuracy of the full search.

Keywords: graph, enumeration, path, Hamiltonian path, combinatorial explosion,
exhaustive search, NP-complete problem, clustering, node-graph.
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I'M. BO)II/IH‘{AP, JLK. q)EHIEHKO
BBIUHCJINTEJIBHA I TEXHOJIOTHSI HOCTPOEHHUS
KACKA JHBIX MOJIEJIEIl MATHATOT MIPOTMHAMIYECKOI
TYPBYJIEHTHOCTHU

Boournuap I'M., @ewjerko JI.K. BbruncaureabHasi TEXHOJIOIHsI NMOCTPOEHHsT KaCKaHbIX
MojIeJieil MarHUTOr HAPOJMHAMUYECKOI TYPOYJIeHTHOCTH.

AnHoTamus. B paGore paccMaTpuBaeTCsi BBIUKMCIIUTENbHAS TEXHOJOIUsI MOCTPOCHUS
OJHOrO BHJA MOJEJel MEeJIKOMACIITA0OHOi MarHUTOTHIPOJMHAMUYECKON TypOyIeHTHOCTH —
KackaaHbix Mojeleii (shell models). JTioGas Takas MOJIE/b SIBJISETCS CUCTEMON OOBIKHOBEHHBIX
KBa1paTHYHO-HEJIMHEWHBIX TU((epeHIIMaNIbHBIX YPABHEHHI C MOCTOSHHBIMU KO3 DUIIMEHTAMHU.
Kaxpass ¢aszoBasi nmepeMeHHass MHTEPIPETHPYETCs MO aOCOMIOTHOW BeJMUYMHE Kak Mepa
MHTEHCUBHOCTA OJHOrO M3 TMOJed TypOyJICeHTHOM CHCTEMbl B OINpPEAETICHHOM [IHAara3oHe
MPOCTPAHCTBEHHBIX MacIITa0oOB (MacITaOHOI 000J104Ke). Y paBHEHHUS J000i KaCKaIHOM MOJIEIIH
JOJDKHBI 00J15aTh HECKOIBKUMH KBaAPATHIHBIMI HHBAPUAHTAMHU, KOTOPBIE SIBJISIOTCS aHAJIOTaMU
3aKOHOB COXpaHEHHS B MJEaJbHON MarHUTOTMAPOJMHAMHKE. BBIBOI ypaBHEHHII MOIENH
3aKJII0YAETCS B MOJIYYEHUU TAKMX BBIPAKEHUI U151 TOCTOSHHBIX KO (PUIIMEHTOB, IIPU KOTOPbIX
Hanepe/ 3a/JaHHbIe KBaAPATUYHbIC BHIPAKEHUS IEHCTBUTENLHO OyNyT MHBAPUAHTAMU. BBIBOZ 3THX
BBIPKEHHI BPYUHYIO SIBJISIETCS] JOCTATOYHO IPOMO3IKIM U BEPOATHOCTb OLIMOOK B (hOPMYJIBHBIX
npeoOpa3oBanusix Beauka. OCOOEHHO 3TO KacaeTcs HEJIOKAIbHBIX MOJEJIEH, B KOTOPhIX MOTYT
B3aUMOJICHCTBOBATH JAJIEKHE 110 BeJIMYMHE MacliTaOHble 00010uKi. HOBU3HA M OpUTMHATILHOCTh
paboThl COCTOUT B TOM, YTO aBTOPAMH IPEIOKEHA BBIYMCIUTENbHAS TEXHOIOTHsI, KOTOpast
MO3BOJISIET AaBTOMATH3MPOBATh IPOLIECC BBIBOJIA YPABHEHUIA KACKaHBIX Mojeeil. TexHomorus
pean30BaHa C UCTIONB30BAHMEM METOOB KOMIBIOTEPHOM aareOphl, YTO MO3BOJIMIO MONYYaTh
napameTpHYecKue KJIacChl MOJeJiel, B KOTOPhIX MHBAPUAHTHOCTh 3a1aHHBIX KBAJPATUUHBIX (hopm
BBIIOJIHSIETCST a0COIOTHO TOYHO — B (hopMysIbHOM Bujie. OnperiesieHie 3HaueHHi apaMeTpoB B
MOJTyYEHHOM MapaMeTPUYECKOM KJIacce MOAEJIel Jlaee BBIIOIHAETCS 32 CUET COIIACOBAHUS
Mep B3aHMOJEHCTBHsI 000JI0UeK B MOJEH C BEPOSITHOCTSIMH UX B3aHMOJIEHCTBUS B peabHON
usnueckoii cucreme. Vnest ONMCaHHON TEXHOJIOTUM U €€ pealn3alysi MPUHALJIEKUT aBTOPaM.
OTJesbHBIE e MEMEHTSHI ITyOJIMKOBAIKCh aBTOPAMH PaHee, OJHAKO B HACTOSAIIEH paboTe BliepBbie
JlaeTcs ee CUCTEMATUUYECKOe ONMCAHKe JUIs MOJIEJIeil C KOMILJIEKCHBIMU (Da30BBIMU EPEMEHHBIMHU
U COIJIACOBAHMEM Mep B3aUMOJEHCTBUSI OOONIOUEK C BEPOSITHOCTSAMH. AHAJIOTMYHBIX paboT
JPYTHX aBTOPOB paHee He ObuI0. TeXHOIOrHs MO3BOJIAET OBICTPO U OE30MNO0YHO TeHEPHPOBATh
ypaBHEHHUsI HOBBIX HEJIOKAJIbHBIX KACKAIHBIX MOJIENei TypOYJIEHTHOCTH M MOXET OBbITh MOJIe3Ha
CrenUaIiCTaM, 3aHUMAIOIMMCsI MOJIE/IMPOBAHUEM TYPOYJICHTHBIX CHCTEM.

KuroueBble cjoBa: aBTOMAaTH3alldsi MOJCIMPOBAHUsI, KOMIIbIOTEpHAsi —anredpa,
TYpOYJIEHTHOCTh, MATHUTOTUIPOJJMHAMMKA, KACKA/IHbIE MOJICIIN.

1. Beenenne. TypOyneHTHOE IBMKEHHE BKIIOYAET IIPOCTPAHCTBEHHO-
BpPEMEHHBIE CTPYKTYphl Pas3jiM4HBIX MacIITaOOB, OHO XaOTHYHO Kak BO
BpeMeHH, Tak U B poctpaHctie [1, 2]. [Ipu onucanuu TypOYIEHTHBIX CHCTEM
YacTO UCIMOJb3YIOT MpeACTaBJIeHUE MOJIed CHUCTEMBbI MPOCTPAHCTBEHHBIMU
CIIEKTpaMH, T.€. CUCTEMa ONHUCHIBAETCS B IPOCTPAHCTBE BOJTHOBHIX BEKTOPOB,
WM MaciuTados [2 — 5]. 1o obaagaeT psioM MPEMMYIIECTB 110 CPABHEHHIO C
OIMcaHneM B (PH3MUECKOM MPOCTPAHCTBE, ITOCKOJIBbKY MTO3BOJISIET PAa3JeUTh
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TPU OCHOBHBIX ITpOIiecca, MPOTEKAIOIIMX B CUCTEME: BO30YKICHUE TEUSHHI
BHEIIHUM BO3JEICTBUEM, HEJIMHEMHOE B3aUMOJEIICTBUE BUXPEBBIX CTPYKTYP
u guccunanuio. VIMEHHO TpejcTaBiieHHe TYpOYJISHTHON CHCTEMBI B
MPOCTPAHCTBE MACIITA0OB JICXKUT B OCHOBE KacKaIHHIX Mofeneii (shell models)
TYpOYJIEHTHOCTH, 00 ABTOMATU3MPOBAHHOM MOCTPOEHUH KOTOPBIX UJIET Peyb B
HacTosmiei padbore.

[IpssMoe dYHUCIIEHHOE MOJE/IMPOBaHNe TYpOYJIEHTHOCTH Tpedyer
WCIIOJIb30BaHUSI OTPOMHOIO YHMCJIa Y3JIOB MPOCTPAHCTBEHHO-BPEMEHHOM
CeTKM U MOIIHBIX BBIYMCIUTENbHBIX pecypcoB. Ecim xe uHTepec miis
MCCJIeIOBATES MPEJCTABIISIOT TOIBKO HEKOTOPbIE CBOMCTBA TYPOY/IEHTHOM
CHACTEMBl, MOXHO HCHOJb30BaTh YIPOILUEHHBIE MOJENHU, K KOTOPHIM
OTHOCSITCSI M KacKaJHble MOJEIW. DTHU MOAENU SIBISIOTCS KBaApPaTUIHO-
HeJIMHEHHBIMU TUHAMUYECKUMU CUICTEMAMU C TOCTOSTHHBIMU KO3 PUIIUEHTAMHU
OTHOCHUTEJIbHO HEOOJBIIION pPa3sMEpHOCTH M WHTCHCHBHO HCIONB3YIOTCS
1. MOJEJMPOBAHUsI IPOLIECCOB MEPEHOCAa SHEPruM OT HMHTErpaJIbHOro
Mmaciitaba (pa3mepa TypOy/IEHTHO# CHCTEMbI) IO AUCCUMATUBHOTO MaciTaba
U JJIs MOACJIMPOBAHUS PACIPENCIICHUS] CTATUCTUYECKUX XapPaKTEPUCTUK
TypOyJIeHTHOro NoToKa [2, 6 — 16].

B orcyTcTBHE MHEHHBIX YJIEHOB M BHELIHUX BO3ACHCTBUMA KaxkJas
KacKagHasi MoJesib MarHutoruapoauHammdeckoir (MI') TypOyneHTHOCTH
JIOJDKHA 00J1aJaTh HEKOTOPHIM HAOOPOM KBaJPATHUYHBIX MHBAPUAHTOB. DTU
VHBapUaHTHI SIBJISIIOTCS aHAJIOTAMM 3aKOHOB COXPaHEHM s, BBIITOJHSIOINXCS
B uneanbHoii MI'JI. IlosTomy BBIBOJ KaKIOW HOBOM MOAENU CBSI3aH C
MOJTyYEHUEM TaKUX BbIpAXEHUI 1Jis1 KO3(P(DUIIMEHTOB KBaJJPATUUHBIX WIEHOB,
MIpY KOTOPBIX 3a/laHHble KBaJgpaTU4iHble (pOpMbI OT (hpa30BBIX MEPEMEHHBIX
OynyT WHBapUaHTaMM, MPUYEM TOYHBIMU HHBapuaHTamMu. DTO Tpedyer
MPOBEJICHUs] TPOMO3JKHUX, XOTSI U WAEHHO MPOCTHIX, aIreOpanvecKux
npeoOpa3oBanuii. Takasi r(pOMO3JKOCTb MPUBOJUT K BPEMEHHBIM 3aTparam 1
SIBJIAETCS MIOTEHIIAAIBHBIM UCTOYHHUKOM OIMHOOK IPH MOy YeHUU BBIPaKEHUI
IU1s1 KO3 (PUIIUEHTOB.

Lenpio HacTOSIMME pabOTH ABJIACTCS MMOCTPOCSHUE BBIYHACIUTEIBHOM
TEXHOJIOT M, KOTOPAsI II03BOMIIIIA OBl aBTOMATU3UPOBATH IIpoIiecc (hOPMYITLHOTO
pacueta KO3((UIIMEHTOB KacKagHBIX MoJesell, Ipu KOTOPBIX 3aJaHHBIE
KBaJIpaTUYHbIE BBIPAXCHUs] ObUIM Obl TOYHBIMA HHBAapHAHTAMH. DTU
KO3(hPHUIMEHTH AOJKHBI (hopMHUpOBaThCs JIMOO B (POPMYJIBHOM BHJE,
Kak (pyHKIMMA CBOOOTHBIX MAapaMETPOB, JHOO B BUIE TOYHBIX YMCIIOBBIX
BbIpaXeHHH (HE B BUJIE IECATUYHBIX MPUOIIMKEHUIT). TeXHONIOT S TO3BOIUT
B aBTOMaTU3UPOBAaHHHOM pEXHUME I0Jy4YaTh YPaBHEHMS HOBBIX KaCKaIHBIX
Momeseid W OymeT IOJe3HBIMH BBIYHUCIUTEIbHBIM HMHCTPYMEHTOM IS
CIICIMAJTICTOB, 3aHUMAIOIIUXCS U3YUYCHUEM TYpOYJIEHTHOCTH C TOMOIIbIO
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KackaaHbIX Mogeseid. [1on BBIUMCIUTEIbHON TEXHOJIOIUEN MBI IIOIPa3yMEBAEM
COBOKYITHOCTb PaCUeTHBIX METOJIUK, AJITOPUTMOB U ITPOrPaAMM.

ITockonbKy pedyp HIET O MPOrPaMMHPOBAHUH areOparmdecKux
npeoOpa3oBaHMii, SICHO, YTO ISl pealn3aliyd TEXHOJOTMHA HEeoOXOTUMO
UCIIONIb30BATh METOJIBl U CUCTEMBI KOMIILIOTEPHO# anredpsl (computer algebra
system — CAS). W iest Takoii TEXHOMOT UM MIPUHAAJICKUAT aBTOPAM, OT/IEJIbHBIE e
3JIeMeHTHI yOJIMKoBaIUCh panee [17, 18], oHaKO CUCTeMaTHYECKOe OMUCaHKE
naetcs Brepsble. [ToguepkHeM, 4To pedb UJIET HE O UUCIEHHOM UCCJIEI0BAaHUI
TOTOBBIX KAacKaJHBIX MoJeliell, a WMEHHO O COCTaBJICHUHM YpaBHEHUN,
MOJIyYeHU! WX K03(pUIMeHToB B (opMmyabHOM Buae. OTMETHM Takike,
4TO paHee ObUIO onrcaHo npuMmeHenne CAS JUIsi aBTOMATH3AlMK Mpolecca
MOCTPOEHM S CTIEKTPAIBHBIX MoJiesieli reoguHamo [19, 20]. CrnegyeT OTMETHTD,
YTO B Hacrtosiee Bpemsi npuMeHeHMe CAS HIMPOKO pachpoCTpaHEHO B
MaTeMaThKe, ECTECTBEHHBIX U TEXHMUEeCKHX HayKax [21 — 25]. [JanHas pabora
JEMOHCTPHpPYET TaKyI0 BO3MOXKHOCTh X HCIOJb30BaHMUS, KAK aBTOMATHU3AIIHIO
Tporiecca COCTaBJICHUS MaTEMAaTUIECKAX MOZEIICH.

2. Oomuii BHA KackaaHbIx moaenaein MIJI-TypOy/ieHTHOCTH.
Hawuboree ectecTBEHHBIME 00pa30M MOKHO MOJOUTH K TOCTPOSHHUIO KACKaTHBIX
Mojenel, ucxoisa u3 crekrpanbHoi (opmbl MIJI-ypaBHeHMIi, KOTOpbIE
(paKTUYEeCKN W JAIOT ONMHMCaHWe TYypPOYJICHTHO CHUCTEMBbI B MPOCTPAHCTBE
MacIITaOoB.

Pusmueckoe mosie I mpoOM3BOIBHOTO TEH30PHOTO paHra MOKHO
[PE/ICTABUTH B PeaibHOM (PU3HIECKOM MPOCTPaHCTBe Kak (yHKImo F (X, 1)
paauyc-BeKTopa X U BpeMeHH t. B paBHOCWIbHOI (hopMe OHO TOMyCKaeT
npeJ/ICTaBJIeHre B IPOCTPAHCTBE BOMHOBHIX BeKTOPOB k (mpocTpancTBe Pyphe)
C MTOMOIIBI0 (PYHKITUH F (k, t), Ha3bIBAEMO} IPOCTPAHCTBEHHBIM CIIEKTPOM.
DT0 COOTBETCTBUE JaeTcs mapoit nmpeodpazosanuiit Pypee [1, 2]:

F(k,t) = / F(x,t)e ™ dx,
3
B (1)
- A 1kx
Flxt)= oy /R Rl t) e i

MI']I-ypaBHEeHUS 115 BA3KOW HECKUMAEMOM KUIKOCTH B (PU3HUECKOM
IIPOCTPAHCTBE UMEIOT BUJ, [1]:
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1
a—v—k(vV)v:—pr—H/Av—k rotB x B+ f,
ot P [htoo
0B
E:rot(va)—i—nAB, 2

Vv=0, VB=0,

rae mons v, p, B u f — 3T0 ckopocTh, HaBieHWe, MATHUTHAS WHIYKIUS U
3aJlaHHas1 MacCOBasl IJIOTHOCTh BHEITHUX CUJI COOTBETCTBEHHO. OCTaJIbHbIE
MapaMeTphbl B CUCTEME TTOCTOSIHHBI.

PaBHOCUIbHBIE ypaBHEHUS B IPOCTPAHCTBE BOJHOBBIX BEKTOPOB IS
CIIEKTPOB M0JIel UMEIOT cieaytowmuii Bup [1, 2]:

ov :z/ dq/ dsd(k+q+s)S(k,q,s)ev*(q) e v*(s)+

bt [ da [ dstlcras) Likas) e B @) o B (s)-
HHoO JRr3 R3

Uk + k X (k X f) k2, 3)

a—B:z/ dq/ dsé(k+q+s)W(k,q,s) e v*(q) e B*(s)—
6t R3 R3

fnkzlg,

rne S(-,-,-),L(-+-),W(:,+,-) — HEKOTOpbIC BEIECTBEHHbIE TEH3OPHbIE
(byHKIMH 3-TO paHra (MX KOHKPETHBIA BUJ] HEBAKEH JVIsl HACTOSAIIEN PaboThI),
k = ||k|| — BonHOBOE umCIIO, §(-) — TpexMepHast -(PYHKIIHS, CAMBOJ ® O3HAYAET
TEH30PHYIO CBEPTKY, & 3BE3/109Ka — KOMIUIEKCHOE COTIPSIKEHHE.

B MHTerpambHbIX WIEHaX WAET HHTErpHUpOBaHKMe (HENPEpHIBHOE
CYMMHPOBAHHE) 10 BCeM BOJHOBBIM BEKTOpaM ( U S. POPMaTbHO UMEEeT MeCTO
B3aUMOJIEHCTBHE TIOGBIX TPEX BOJH, HO U3-3a HATMUMS §-(DYyHKIIUU PEATLHO
B3aUMOJIEUCTBYIOT TOJIBKO TE BOJIHBI, U3 BOJHOBBIX BEKTOPOB KOTOPBIX MOKHO
COCTaBHUTh TPEYTOJIbHUK. DTO OUYEHb BAKHO ISl TIOCTPOECHUS KACKAIHBIX
MojeJielt Janee.

Ha cnekrtpansHOit (popme MIJl-ypaBHeHmit (3) U OCHOBBIBaeTCs
HIOCTPOEHHE KACKaIHBIX MOJIeIeil.
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Jlist 3TOrO TMpes/ie BCero MPOBOJUTCS MepapXuyecKkoe pasdueHue
MPOCTPAHCTBA BOJIHOBBIX BEKTOPOB Ha MACIITAOHBIC OOOIOUKH IO CJIeIyIomIei
cxeme [2, 6]. B kadyecTBe OCHOBHOIO MPOCTPAHCTBEHHOrO MaciTada
WCTIONB3YeTCsl pa3Mep (pU3NIECKOl TypOYJICHTHOM CUCTEMBI, IIPHHUMACMBbIiA
3a eIuMHULy MMHBL Takxke uxcupyercs uuciao ¢ > 1. [lanee BBOASATCS
MepapxXMUecKne AnanasoHsl Macrabos D, = (¢~ ';¢7 "], e n € Z,
nu pa36HeHI/IC HpOCTpaHCTBa BOJIHOBBIX BeKTOpOB Ha COOTBCTCTByIOU_[I/IC
odonoukn P, = {k | ¢" < |[k| < ¢"*'}. fcno, uto o6vemmHennem
BCeX Auana3oHoB macmraboB Oynet (0; 4+00). VICKIIIOUEHO JIIIIb HYJIEBOE
BOJIHOBOE YKCJIO, CBSI3aHHOE C GECKOHEUHO OOJIBIINM MACIITA00M, KOTOPBII He
MpeACTaBIAeT (PU3MUECKOr0 HHTEpeca.

3aTeM BBOISTCS KOMIUIeKCHble mnepemeHHsie U, (t) u By,(t),
Ha3blBaeMble KOJUICKTUBHBIMUA, MOIYIA KOTOPBIX HWHTEPHPETHUPYIOTCS
KaK CyMMapHble Mepbl MHTCHCHBHOCTU BOJHOBBIX CTPYKTYP CKOpPOCTH U
MAarHUTHOTO IIOJIsI, BOJIHOBBIE BEKTOPHI KOTOPHIX JieKaT B 00oJouke F,.
HarmpapyieHrnsi BOJHOBBIX BEKTOPOB M KOHKPETHBIE 3HAUCHHS BOJHOBBIX
YHUCeN MOTYT ObITh KaKUMM YTOJHO, BaXKHO JIMIIb, YTOOBI 3TH YHCIIA
JIeKand B Tpelesiax 3aJaHHBIX AMAara3oHOB. Maes KacKagHbIX Mojesei
B TOM, YTOOBI TYpOYJIEHTHYIO CHUCTEMY YIIPOIIIEHHO OIKCATh B TEPMHHAX
JUHAMUKH STUX KOJUICKTUBHBIX MepeMeHHBIX. Torga uist HUX HeoOXOIUMO
COCTaBUTh AWHAMHYECKHE ypaBHEHHs. DTH YpaBHEHUS MOXHO MOTyYaTh
pas3imuHbIMU criocobami [1, 2, 6], Ho usnyecku Hauboee eCTeCTBEHHbII —
3TO B3STh NPSAMOI aHAJIOT CTIEKTPAJIbHBIX ypaBHEHUH (3), MpeaBapuTeIbHO UX
00e3pa3MepuB.

Torga BO3HHMKAIOT OOIIME YpaBHEHUS KACKaJHON MOJIEIIH:

dU +oo —+00
dt" =1 > SumUiUp+1 > LumBiBj,—
l,m=—o0 l,m=—o00
_Re_lk%Un + fn(t)v 4)
dB =
dt" =1 Y WunU/B;, —Rm k2B,
l,m=—o0
rae k, = ¢" — XapakTepHOE BOJIHOBOE YHCJIO 7-Oi OOOJOYKHU, Spim,

Lnim, Whim — HEKOTOpPbIE TMOCTOSIHHBbIE BelIECTBEHHbIE KOI(D(UIIMEHTHI
(k03(ppuIMEHTHI HETMHEWHBIX B3aUMOIEHCTBUI), 3ananHast PyHKIws f, (1)
MOJIeIUpyeT BHEIIHWI ITOIBOI YHEPTUU B MN-yIO 000JI0UYKy, Re — wmcio
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Peiinonbaca, Rm — maraurHoe 4yucino PeiiHonbaca. OOBIYHO I10J1AraroT
fn(t) = 0 npu n # 0, 4TO COOTBETCTBYET MOJBOLY HEPIUU TOJBKO Ha
OCHOBHOM MacITade TypOyJeHTHON CUCTEMBI.

IIpsamaa aHanoruss Mexay CHEKTpajbHbIMU YypaBHeHUsAMU (3) U
KacKagHbBIMUA ypaBHeHWAMH (4) oueBmgHa. Takas ¢dopma KacKaIHBIX
ypaBHeHMII n3BecTHa Kak Mojemu tiumna GOY [1, 2, 6]. Mogenu 3Toro tuma
OTJIMYAIOTCS PYT OT Apyra Ko (UIMeHTaMK HEJIMHEHHBIX B3aMMOJIECTBUT.
NmMeHHO TexHOMOrusi X pacyera C MOMOINBIO CUMBOJIbHBIX BBIYMCIICHUH,
C YYETOM TeX WIM WHBIX OTPaHWYCHUil, SBJISETCS MPEeIMETOM HACTOSIIEH
padorsr. Kpome mopeneit Tuna GOY, 4acTo UCMONB3YIOT ellie U MOJe/H THIa
Sabra [1, 2, 8]. Ix oymune oT (4) B TOM, 4TO B KaXJOM KBaIpaTHIYHOM
yieHe JIMOO TONMbKO ofHa ha3oBasi MEpeMEHHAsi BXOAUT B COIPSIKEHUH,
mbo o6e Oe3 conpsikeHus. [Ipemyiaraemast B TaHHON paboOTe TEXHOJOTHS
pacuera ko3ddurmentor miasa mopeneit Tuna GOY nerko MoxeT OBITh
MoauduIrpoBaHa A Sabra, a Takxke 1T KOMOMHHUPOBAHHBIX MOJEIICH.

KoagpureHT KBaIpaTHYHBIX WIEHOB YpaBHEHHUI (4) OnpeensioTcs
TpeMs UHIEKCaMH, TIEPBBI 13 KOTOPBIX COOTBETCTBYET HOMEPY ypaBHEHHS, TO
€CTb HOMEpY BbIJIEJIEHHO MacIITabHOI 000JIOUKH, a jBa APYTUX — HOMEpaM
000J104eK, B3aMMOJEHCTBYIOUINX C BBICJIEHHOH, T.e. UMEeTCsl HEKOoTopas
HEOJHOPOAHOCTh B MPOCTPAaHCTBe MacmTaboB. OQHAKO B PEalbHOCTH IS
HEeJMHEIHOTO TIepeHoca SHEPrWd B Mpefenax WHEPIMOHHOTO HHTEepBaJia
CyILIEeCTBYeT MaciTabHasi OMHOPOJHOCTD (camoniofodue). B Takom ciyuae
B3aUMOJICHCTBHE 7-Oi U j-0il 000JIOUEK C M-Of IOKHO 3aBUCETh HE OT
caMuX ¢ ¥ j, a TOJIBKO OT UX OT/IMuMA oT n. KpoMe aToro, Bce HeMHEeHbIe
YIEHB YpaBHEHWA B (PU3UYECKOM IMPOCTPAHCTBE (2) coAepxkaT oIepaTop
HabJsia. AHaJIOrOM 3TOTO Omeparopa B n-0if MacmTabHO# 000JI0UKe BHICTYIIAET
BOJIHOBOE YHCJIO K.

[TosToMy Mozenu (4) 4acTo 3alUCHIBAIOT B APYyroit popme:

dU. “+oo R “+o0 R
o an‘ Z SijUn+iUnt; —Hk‘@ Z LijB 1B j—
1,]=—00 1,]J=—00
—1;92
—Re " k2U, + fn(t), )
dBy, = T * * -
=k > WniUjy By — Rm™ k2B,

1,j=—00
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rae Matpuusl Kodddunuentos S;; u L;; cumMerpudHbie. fIcHo, uTo
COOTBETCTBHE MeXay Koadduimentamu B (4) u (5) Oyaer Takum:

Snlm = kngija Loim = kni/ija Whim = knWij7
(0)

i=l—n, j=m-—n.

ITepBblii BapraHT 3a1MCcH KacKaJHON MOJEJM OKa3bIBaeTCsl ylnoOHee sl
pacuerta ko3 puimeHToB. Bropoii ke BapraHT COOTBETCTBYET NPEICTABICHHIO
0 MPOCTPAHCTBEHHOM CaMOIIOI00MHU TypOYJIEHTHOTO MOTOKA.

Yuciio g, onpeaesioliee uepapXxHio BOJTHOBBIX 0005104eK P, , TOBOJILHO
MIPOM3BOJILHO, HO OOBIYHO GEpyT B MPAKTHKE MOCTPOSHHS KaCKaJHBIX MOJeNe
mbo ¢ = 2, mubo q = (1 + \/5) /2 — «301m0TOE CcedyeHue». Y 000HX
9TUX BapUaHTOB €CTh CBOW IpeumylnecTBa. [lepBhIii XOpOmIO OTpaxaeT
Npe/ICTaBIeHHE O TypOYJIEeHTHOCTH Kak 00 MepapXHuyecKoil CTPYKType U3
BJIOKCHHBIX BUXPEH, KOT/1a Ka Iblil TpEXMEPHBIA BUXPb PACIalaeTCs Ha BOCEMb
MO/IBUXPEil BABOE MEHBIIETO pa3mepa. BTopoil onTumalieH ¢ TOYKHM 3peHust
3(ppekTUBHOCTH NepeHoca IHEPruu B cucteme [2].

PaccMoTpyM Temepb, Kakue OrpaHHMUYeHHsT Ha KO3(QUIMEHTHI
KaCKa/IHBIX MoJieNiell HakIagplBaeT TpeOoBaHKe CYIeCTBOBAHUS KBAAPATUUHbBIX
nHBapuaHToB. U3BecTHO, yto mpu v = n = O u £ = 0 MI'I-ypaBHeHus (2)
00J1/1a10T CJIeAYOIMMI UHBAPUAHTAMMU:

— TIOJIHAsI SHEPTUs

E= §/ (v? (x,t) + B?(x,1)) dx; (7
RS

— NEPEKPECTHAA CIMPAJIbHOCTD

He = / v (x,t) - B(x,t) dx; (8)
R3
— KBaJpaT MOTEHIMalIa MATHUTHOTO MOJIS (AJIsT IByMEPHBIX T€UEHHUH)

A% = A? (x,1) dx, )
R3

rie A (x,t) — MOTEHIWAT MOJsI MATHUTHOW HWHAYKIUH, OIpeelisieMblid
paBeHctBamu rot A = B, VA = 0;
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— MAarHuTHas CIMPajbHOCTD (11 TPEXMEPHBIX TEUEHUI)

Hp = A (x,t) - B (x,t) dx. (10)
R3

BI)Ipa)KCHI/IH JJI 9TUX NHBAPHUAHTOB Y€pPeE3 CIIEKTPbL MoJjel UMeT BUI:

1 ) .
= o (k1) - (k) + B (k,t)-B* (k) dk
1673 /RB (V( 1) v (k,t) + B (k,t) ( 7t)) dk,
1 .
He = — | (k) B(kt)dk,
Y8 R3
) ) ) ) 11
2 _ L L _ "
=5 | (kx B(k,t)) (kx B (k,t)) dk,
1 7 . -
HB:@/R?»?' (ka(k,t))~B (k, ) dk.

B Takom ciyyae kackagaHble Mojesu (4) u (5) Toxe HOMKHBI 00J1a1aTh
npu Re™! = Rm™' = 0 u f,(t) = 0 KBaIPATUYHBIMK [0 KOJUIEKTHBHBIM
MepeMEeHHbIM WHBAPHAHTAMH, SIBJISTIOIIMMUCS KacKaJHbIMU aHaioramu (11).
JLJ1s1 TOJTHOM SHEPIuy, NEPEKPECTHONM CIMPAIbHOCTU M KBajJpaTa OTeHLMaIa
NpsIMblE aHAJIOTH OYEBHJIHBI, OHU ONpeesioTcs: hopMysiaMu (CoOXpaHseM
0003HaYEeHNs] THBAPUAHTORB):

1 - * *
E= 3 n;m (U U + B,B),
Ho= Y (U.B; +U;By), (12)

A = i k, 2B, B;.

C HNHBAPpUAHTOM MarHUTHOM CIIUPAJIbHOCTHU CUTYyallusd CJIOKHEE.
00

*

IpsimbiM ee aHasiorom mo yetseproii popmye (11) Oyzmer E k. 'B,B:,
n=-—oo

OJJHAKO 3TO BbIpaKeHNE 3HAKOIOJIOXKHUTEIFHOE, @ CIMPAJIbHOCTh MOXKET OBITh

moboro 3Haka. I103TOMy MOXHO paccCMaTpHBaTh PAa3JIMYHbIE BapUAHTHI
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BBEICHUSI KacKaJHOW (hOpMbI MarHUTHON CHMPaJbHOCTH C TIOMOIIBIO
3HAKONEPEMEHHBIX BBIPAXECHUIA, COCTABJIEHHBIX M3 BOJHOBBIX uuceln k, U
KOJUIEKTUBHBIX MIEPEMEHHBIX MArHUTHOTO 1101151 B,, (t). [IpocTeiimii BapuaHT —
3TO UCKYCCTBEHHOE BBEJICHHE 3HAKONIEPEMEHHOCTH 1 ONpeielIeHN e KacKaJHON
MarHMTHON CIIMPATBHOCTH (POpMYIIOit

n

WHorna paccMaTpUBaIOT 3HAKOTIEPEMEHHOE BhIpakeHue 0ojiee 00IIero
BHUA

Hpy = Z(—l)nk;ABnB:“ (14)

n

C MPOU3BOJILHBIM A > (), Ha3bIBasi ero 000OIEHHON CUPALHOCTBIO [2]. SIcHO,
YTO OHO UMEET Pa3MEPHOCTh CIIMPAILHOCTH TOJIBKO TpU A = 1 M cOBMagaeT B
atoMm ciyyvae ¢ (13).

3. BpruucauresibHasi TEXHOJOTHS JJIsI COCTABJIEHUsI KacKa/HO
MozeJn. [1J1s1 momydeHns ypaBHEHNI KOHKPETHO! Mofiesn B (popme (4) wiu (5)
HEO0OXOIMMO HaiTH KO3 (DULIMEHTHI HEJIMHEHHBIX WieHOB. VX pacueT oCHOBaH
Ha OrpaHUYCHUAX, KOTOPBIM JOJIKHBI YIOBJIETBOPATL YPABHEHUA MOJCIIN. SVt
OTpaHWYeHusI CIIeayIoIue:

1. CymecTBoBaHME KBaIpaTUYHBIX WHBAPUAHTOB B OTCYTCTBHE

JUCCUTIAIIMM ¥ BHENIHUX WMCTOYHHWKOB, T.e. TIPU Re™! = Rm™! = 0
u f(t) =0.

2. BO3MOXHOCTh HEJIMHEWHOTO B3aNMOJIEHCTBUS 000104eK Py, P, +;
upbP n+j-

3. IIpenesnpHasi, JOMycKaeMasi B MOJIEJH, JaTbHOCTh B3aUMOJICHCTBUS B
MPOCTPAHCTBE MACIITA0O0B.

4, CyiecTBOBaHHe CTEMEHHBIX CTaIMOHAPHBIX peleHmii
(He 00s13aTEJIbHO).

5. CoracoBaHue BEJIMYMHBl KO3((PUIUEHTOB C BEPOSITHOCTIMU
B3aUMOJIEACTBHUSA 000IOUEK.

OT KacKagHbIX MOJesieli B OTCYTCTBHE IWCCHIIAIMM W BHEIIHHX
WCTOYHHKOB OOBIYHO TPeOYIOT ellle coxpaHeHue ¢a3oBOro oobema, 0HaKoO
HECJIOKHO TOKa3ath, 4yto Monem tuna GOY cOXpaHSIIOT ero mpu JioObX
K03 PUIUEHTAX HEJIMHEHHBIX WICHOB.
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Jasee MBI OIUIIEM BBYACIUTEIBHYI0 TEXHOJOTHMIO pacyeTa
K03(p(PUIIMEHTOB, YIOBIECTBOPSIONIMX TUM OTPAHUYCHHUSIM. YUET MEepPBbIX
YEThIPEX OTrpaHUUYEHUIl peaju30BaH C MOMOIIbI0 METOAOB KOMIILIOTEPHOI
anreOpbl U JaeT KJIACCH MOJejiell, B KOTOPhIX 3TH OTpaHUYCHUS OymayT
BBHITIOJIHATHCS TOYHO — Ha (hOPMYIBHOM ypoBHE. sl ciyyast KacKaJIHBIX
MoJIeJ/ieil C BEUIECTBEHHBIMU KOJUICKTHBHBIMU [€PEMEHHBIMU MOA00HAs
TexHoyiorus1 Obuta ommcaHa B [17]. Cxema pacuera [jisi KOMIUIEKCHBIX
KacKaJHbIX MOJeJieil TUAPOJMHAMUKY U KOHBEKIMK Obuta onucaHa B [18].
Cityyail KOMIUIEKCHBIX KaCKaIHbIX MOJEJIEH MarHUTOTMIPOANHAMUKY OTKCAH
B HACTOSIIEH paboTe BIIEPBHIE.

IMocne mony4yeHUs BbIpakeHUHd s  KO3(DEUIMEHTOB BHIOOP
KOHerTHbIX 3Haqum71 napaMeTpOB B 3TUX Bpra}KeHI/IﬂX HpOBO}II/ITCﬂ HyTCM
COITacoBaHusI K03(P(HUIMEHTOB C BEPOATHOCTSIMU B3aMMOJIEHCTBHS 000JI0UeK
C IIOMOIIBIO YMCJIEHHOM ONTUMM3AIUH.

Ob1mas cxema pa3pabOTaHHOI TEXHOJIOTHH IPUBE/IcHa Ha pUCYHKE 1.
CHavasna KpaTKO omuIiieM ee OJIOKH, a TIOTOM IepeiaeM K AeTaJbHOMY
OINHUCAHMIO.

1) YcnoBus cyliecTBoBaHUs 2) Ycnosusa CyecTsoBaHus 3) NpepensHan NanbHOCTL
KBaApaTU4HbIX CTauMOHapHbIX BSaI/IMOI:LeI?ICTBI/Iﬂ
NHBapmnaToB CTeneHHbIX peLlJeHI/II;I

l l

5) CuctemMa NUHerHbIX anrebpanyecknx

ypaBHeHWI Ha KO3 dPULMEHTbI KackaaHow
moaenu 4) BO3MOXXHOCTb

B3aMMOAeicTBNA
obonoyek

l

9) PacyeT BeposATHOCTEN
l B3aumopaencTemsa obonoyek

6) AHaNUTUYECKOE peLleHne CUCTEMbl YpaBHEHWI

7) NapameTpuyecKkuin Knacc KackaaHblx moaenen

10) CornacosaHue
Ko3(hpuruneHToB
C BEPOATHOCTAMN
B3avMoeincTena

l

8) Pe3ynbTaT B hopme 11) Pe3ynbTaT B chopme
napameTpuyeckoro mMoaenu C HNCNoBbIMN
Knacca moaenem Ko3(hpumneHTamun

Puc. 1. Cxema pa3pa60TaHHOﬁ TEXHOJIOTHH COCTaBJICHUS KaCKaTHBIX MOJIeJIei
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YcnoBusL  CymIECTBOBaHMS ~ KBAaJpaTUYHBIX ~ WHBApUAHTOB U
CTallMOHAPHBIX CTENEHHBIX penieHuii (6Joku 1 1 2 Ha cxeme) MOoJTydaloTcs
B BUJE CeMelCTBa JMHEHHBIX OJHOPOIHBIX aNreOpanuecKux ypaBHEHHId Ha
KO3(p(OUIMEHTH! HeTMHEHHBIX WIEHOB. VICXOIHBIMU TaHHBIMH 31€Ch SIBIISIOTCS
(popMyITEI THBAPUAHTOB U CTAIIMOHAPHOTO PEIICHUS, a HA BEIXOJE MOMYJalTCs
ypaBHEHU 17151 KO(PPUIIIEHTOB.

IpenenbHast 1aabHOCTH B3auMoeiicTeus () (6J10K 3 Ha cxeme) sIBISIeTCS
LEJIOUUCIICHHBIM 3a/JaBa€MbIM I1aPaMETPOM.

Bo3MokHOCTb B3auMozeicTBrs o6onodek P, P4, Pp4j (050K 4 Ha
cxeme) 3agaeTcs B popme npeaukata (i, j), Onpeaessiomero X HHASKCH
u He 3aBucsmero or n. Popmyna mpeaukaTa B TEXHOJOTHMH 3aJaHa U
onpefieAeTCs BPYyUYHYIO IO KPUTEPUIO: €CJIM B Sy, Sptis Snj CYIIECTBYIOT
BOJIHOBBIE BEKTOPHI, U3 KOTOPBIX COCTABJISIETCSI TPEYTOJIbHHK, TO OOOJIOUKU
MOTYT B3aUMOJICUCTBOBATh. DTOT IMPEIUKAT OmnpeaesseT Kod(pPHUIMESHTHI
MOJIEJIH, KOTOPbIE MOTYT ObITh OTJIMYHBI OT HYJIS.

Ha ocHoBe Bbixo10B 0710k0B 1-4 nporpammuo B CAS ¢opmupyetcst
cUCTeMa JIMHEHHBIX areOpanyeckux ypaBHEeHUi Ha Ko ULMeHTb! (010K 5
Ha cxeme). 3ateM cpeacTBaMd CAS uIneTcs aHaIUTUYECKOe pellieHUe JaHHOM
crcteMsl (6;10k 6 Ha cxeme). Ha BbIxone aToro 6J10Ka roiyvaeTcsi pelieHue B
BUJIe BHIPAKCHUI, 3aBUCSAIINX OT CBOOOIHBIX ITAPAMETPOB.

Brixox 6710Kka 6 maeT mapamMeTpUIecKuid Kitacc KaCKagHBIX MOJeIel,
KOTOpble TpU JIIOOBIX 3HAYEHHUSIX MapaMeTpoB 0OJaJaloT HYXHbIMU
WHBapUaHTaM{, CTALIMOHAPHBIMU DELICHUsMU U TpeeSbHON JalbHOCTHIO
B3aMMOJIECTBHIA (OJIOK 7 Ha CXEME).

Ecnmu He craBuTCs 3ajava corjlacoBaHUS KO3((DUIIMEHTOB C
BEPOSATHOCTSIMM, JAHHBIA KJIACC SIBJSIETCS] UTOTOBBIM pe3yibTaToM (OJI0K
8 Ha cxeme). B mpoTHBHOM ciy4yae MpOBOASTCS AajbHEHINNE UHMCIICHHBIC
pacuetsl. CHavama meTtopoM MoHTe-Kapiao BBMHCIASAIOTCS BEpOSTHOCTH
B3auMojIeHCcTBHA 06onouek Py, Py, 1, Py, T.€. BEPOATHOCTH TOTO, YTO U3
TpeX BEKTOPOB, CIIYYaHO B3SATHIX TI0 OJHOMY U3 KaXKI0i 000JIOUKH, MOKHO
COCTaBHUTb TPEYTOJIBHUK (OJI0K 9 Ha cxeme).

ITo BeIXOmam 6JIOKOB 7 M 9 UYHMCIICHHO BBIONHSETCS MUHUMH3AIUS
OTHOCHUTEJIBHBIX OTKJIOHEHUH KO3(h(pUIIMEHTOB MOJIeNH (Mep B3aUMOAEHCTBUSA
000JIOUEK) OT BEpPOATHOCTEH ITUX B3aUMOACUCTBUA. MUHUMU3AIUSA
BBITIONTHSIETCS 1O TTapaMeTpam (60k 10 Ha cxeme). B pesynbrare nomydaercs
MOJIeJTh C YUCJIOBBIMY 3HaYeHUsAME K03 drmmenTos (610K 11 Ha cxeme).

Terieph ONMUIIIEM TAllbl TEXHOIOTUH OoJiee MOAPOOHO.

3.1. YciaoBusi cymiecTBOBaHHMs KBaJApPAaTHYHbLIX HHBAPHAHTOB.
HuddepenimpoBanue kBaapaTuuHbix ¢opM (12) u (13) mo BpemeHu
U TOACTAaHOBKAa BMECTO MPOU3BOAHBIX KOJUJIEKTUBHBIX MEPEMEHHbIX HX
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BBIPQXCHHII U3 MPaBbIX yacTeil (4) pact KyOuuHble (POPMBI OT KOJUIEKTUBHBIX
nepemeHHbIX. KoadduimenTsl 3Tux ¢popm OyayT ITMHEHHBIMA KOMOMHAIIMSIMA
K03((PHULUEHTOB HEJIMHEHHBIX B3auMoAencTBUi. [TocKkoIbKyY TOXAECTBEHHOE
PaBEHCTBO HYJIO KyOMYHBIX (POPM BO3MOKHO TOJIBKO TIPH BCEX HYJIEBBIX
ko3 dunmeHTax 3Tux Gopm, 6yaeM HoaydaTb HAOOP OJHOPOIHBIX JIMHEHHBIX
YPaBHEHHI JJ1s1 ICKOMBIX KO3(D(PUIIMEHTOB HEMMHEWHBIX B3aMO/ICHCTBHA.

[MpakTuyeckass peanmsalysi 3TOro TpeOyeT BeCbMa TI'POMO3JKUX
(popMybHBIX TpeoOpa3oBaHMii, KOTOpPbIE YIOOHO BBIIOJHSATH, MCHOJIB3YS
cpenctBa CAS, 4To6s! n36ekaTh OMMOOK B ajredpanyecKux npeoOpa3oBaHHUsIX.
Ms1 Oynem uctionb3oBath makeT Maple [26, 27].

Haunem c ycnoBus coxpaHeHus OJIHOH 3Hepruu. s ee U3MeHEHU
MOJTyYaeM ypaBHEHHE

dE  d 1
—:—72 “ 4 B,B*) =
dt — dt?2 (UnUp + BnBBy,) S
5 . % (15)
1 dau,, dU dB,, dB
== * n, B nB. .
2;(dt Un + dtU'+ dt nt dt >

Janee paccMOTPUM BBIIOJHEHHE HEOOXOAUMBIX MPeoOpa3OBaHHIA B
nakere Maple 1 pe3ynbrat paboThl akeTa. YI00HO BBECTH JCHCTBUTEIIBHBIC 1
MHHUMBIE YaCTH KOJUIEKTUBHBIX NepeMeHHbIX Uy, = Ty, + 1yn U By, = gp + thy,.
Bboinonaum B Maple cnenyromuii Habop koman u3 Jluctunra 1.

real, x|m], real):
real, y[m], real):

assume(x[n], real, x
> assume(y[n], real, y
assume(g[n], real, g real, gm], real):
4+ assume(h[n], real, h real, h[m], real):
assume(S[n, |, m|, real, L[n, I, m|, real, Wn, |, m], real):
6 u[n] == x[n] + | * y[n]: B[n] :=g[n] + | * h[n]:
ull] =x[1]+ 1 = y[I]: B[I] =g[l] + 1 * h[I]:
s um] = x[m] + | * y[m]: Blm] := g[m] + | * hjm]:

— 3

du[n] =1 * S[n, |, m] % conjugate(u[l]) * conjugate(ufm]) +
o | *L[n,I m % conjugate(B[I]) *conjugate(B[m]);
dB[n] == | *Wn,| m| * conjugate(u[l]) * conjugate(B[m]);

Jluctunr 1. OnpeneneHne BhIpaXeHUI i KOJUIEKTUBHBIX IEPEMEHHBIX U ypaBHEHUI
MOJeH

Komanael Buga assume(eq, real) B crpokax 1-5 ykasseBaoT
[aKeTy, 9TO MepeMeHHas eq ABJAETCS BEIECTBEHHONW. DTO BAXHO TIPH
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paboTe ¢ omeparnueii conpspkeHus, T.K. Mo ymonvanuio Maple cunraer Bce
NepeMeHHbIe KOMIUIEKCHBIMU. B cTpokax 6-8 B COOTBETCTBYIONIMX EPEMEHHBIX
(opmupyioTcs B 00111eM BHJIE BHIPasKEHHS JIJIs1 KOJJIEKTUBHBIX ITEPEMEHHBIX
Mozieu. 3aMeTHM, YTO MHUMasi eAMHuIa ¢« B Maple 3agaercst Kak cucTeMHast
koHctanTa |. [Tanee (crpoku 9-11) B mepementbix du[n] u dB[n] dhopmupyrorcst
MpaBble YaCTH ypaBHeHU (4). Bce cMMBOIBI CyMMHUpOBaHUS 34€Ch U Jasiee
OITyCKAIOTCSI, TMOCKOJIbKY OHM M3JIMIIHE 3arpoMoXaaid Obl (popMUpyeMbie
Maple BeIpakeHHUs, a (PAKTUUECKU OHU HUTAIE HE UCTIONb3YIOTCS, TOCKOJIBKY
paboTa UJIET TOJIBKO C OfHOUIIEHaMH (hopM.

PesynpTaT BhIIIOMHEHMS 3THX KOMaH/ (BbIBOJ Maple) npeacTaiieH Ha
PHCYHKE 2, KOTOPBIH SIBJISIETCS paclevaTKoil (pparMeHTa sKpaHa IpH ceaHce
padoTsl ¢ nakeroM. Hanure cuMBoJIa THIIBJIA CIIpaBa OT UMEHH TIEPEMEHHOI
TIpY BBIBOJIE O3HAYAET, YTO Ha IEPEMEHHYI0 ObLIO HAJIOKEHO paHee OrpaHuueHIe
C TTOMOIIBI0 KOMaH/IBl assume.

di, = ISNn) Lom (xNI - IyNI.) (me - Iywm) + ILNn, Lom (gwl -1 hwl) (gwm -1 hwm)
dg =1 an) Lm (le — Ile) (gNm —1I h~m)

Puc. 2. Pesynbrar BbinosiHeHHs1 Maple KOMaH, onpeessionyx aaredpandeckie
BBIPAXKEHUS 1JIs1 ypaBHEHUI KacKaJHOI MofiesH

Hanee B nepemenHoit dE dopMupyoTcs: wieHsl KyOuuHOM (POpMBI
yCJIOBUS coXpaHeHus1 sHepruu mo ¢opmyie (15). CooTBeTcTBYIOIAS KOMaHIa
Maple npencrasnena B Jluctunre 2.

20 dE = 1/2 % simplify(
du[n] * conjugate(u[n]) + u[n] * conjugate(du[n]) +
2 dB[n] * conjugate(B[n]) + B[n] * conjugate(dB[n])

JIuctunr 2. PopmupoBaHue KyOUUHON (POPMBI TSl H3MEHEHHUsT SHEPrix

Pe3ynbTaT BBHINOJHEHHUS 3TON KOMaH/IbI [IPUBEJEH HA PUCYHKE 3.

dE = SNn, Lm XY + SNn, Lm Y m + SNn, I R SNn, I mY 1Y " mY s
+ LNn, Lm gNl gNmyNn + LNn, Lm gNl th an + LNn, Lm th gNm an - LNn, Lm th thyNn
+ WNn, Lm X8y, hNn + WNn, ILm 7 th & + WNn, 1 mY 18 M8y T WNn, 1 mY™1 th hNn

Puc. 3. Pesynbrar nocrpoenus Maple o1HOUIEHOB (hOPMBI YCIIOBUSL COXPAHEHUS
SHEPIrux

Uz BbIPpAXKEHUSA HAa PUCYHKE 3 BUAHO, YTO IOCJIE COOTBETCTBYIOIUX
MepeCTaHOBOK MHAEKCOB Tpe6yGTCH 00ecIeYnTh PaBCHCTBO HYJIIO CYMMBI ITATH
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KyOU4HBIX (hOpM: OJJHOI C OHHOUWICHAMU T, Yn, BTOPOI C OAHOWICHAMU
YiYmYn, TPETEH C OHHOWICHAMHU ;G Yn, UYCTBEPTOH C OJHOWICHAMHU
hihmy, ¥ TATON ¢ omHOWIeHaMu ¢jh,,x,. na sToro Heodbxomumo u
JOCTATOYHO PABEHCTBO HYJIO BCeX KOI(UIMEHTOB (POPM, OIHAKO HAIO
y4ecTb nopgoOHble cinaraemsbie. st mepBoil (hopMbl MOIOOHBIE Claraembie
MOJIyYaI0TCS IEPECTaHOBKAMU MHIEKCOB [ U 1M, TIO3TOMY MOJIYyYUM YCJIOBUE

Snlm + Snml + Smln + Slmn + Slnm + S’mnl =0. (16)

SIcHO, UTO B cUTYyaluu, Koraa | = m, OJOOHBIX cllaraeMbiX He OyIeT u
9TH MEPECTaHOBKH He HYKHBI, OTHAKO UX (pOpMaIbHOE BHIIIOJIHEHHE TIPOCTO
MPUBE/IET K YMHOXEHHIO BCEX YWICHOB YPaBHEHUS Ha JIBa.

Ilist BTOpOit (pOpMBI C OJHOUWICHAMU Y)Yy, Yy, TIOIOOHBIE ClIaracMble
TMOJIyYaI0TCS1 IEPECTaHOBKAMHU BCEX TPeX MHIEKCOB. [TonyuuTcs To ke camoe
ypaBHEHHE, YTO U B MPEAbIIYIIEM ClIydae.

Jnst TpeTheii (hOpMbI C OTHOWIEHAMH G §yy, Y, TAK XKeE, KaK U 1J151 TIEPBOTO
cilydast, MOJI00HBIE ClIaraeMble MOTyYalTCs epecTAaHOBKAMU UHIEKCOB [ v m.
[MonyunTcs crieaymoliee ycIoBUe

Lnlm + anl + Wmnl + Wlnm =0. (17)

370 Xe ycIoBHe TOTydaeTcs s ABYX ocTaBmmxcs (popMm. fFIcHo, 4To 1
3JIECh TIPY COBMA/ICHUN ABYX WJIM BCEX TPEX MHAEKCOB IEPECTAaHOBKH U3JIMIIHY,
HO UX (POpPMaJIbHOE BBHINOJHEHHE MPOCTO MPUBEAET K YMHOXKEHHIO YJICHOB
YPaBHEHUSI Ha [1Ba WM IIECTb.

Tenepp 11e1€cO006pa3HO MEPEeiTH K ABYXMHIEKCHOMY BapHaHTy 3allich
B cooTBeTCTBUH ¢ popMmynamu (6). [Tomyunm u3 (16) u (17) ypaBHeHHS Ha
K03(p(UIIEHTHI, 00ECTIEUNBAIOIINE BHIIOJHEHIE 3aKOHA COXPAHEHHS SHEPTHU

qn‘glfn,mfn + qns’mfn,lfn + qls’nfl,mfl + qlgmfl,nfl"'
+qm§l—m,n—m + qms’n—m,l—m =0 (18)

qnf/l—n,m—n + qnim—n,l—n + qun—m,l—m + qan—l,m—l = 0.

Hens nowieHHO Ha ¢" W mepexons K WHAEKcaMm (i,j) Mo cxeme
i = 1 — n,j =m — n, DoIy4aemM
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gi7j + gj,i +q' (5177;,.777; + S'jfi,fi) +
+¢’ (@—jﬁj + S,j,i,j) =0, (19)

Lij+Lji+dW_ijoi+@W_jij =0.

Wrak, ycnoBue coxXpaHeHHs IOJHON SHEpPruM JaeT ABa cemeilcTBa
ypaBHeHwuii (19).

ITpoBoast TOXOXHME pacyeThl, MOXHO TOIYYUTh YPaBHEHHS,
obecrieynBaIye 1 Apyriue MHBapuaHTel. CaMM 3TU pacyeThl B TEKCTE He
OIMCHIBAaEM, MIPUBE/IEM TOJIBKO UTOTOBBIE YPABHEHUSI.

CoxpaHeHHe NEepPEeKPEeCTHONH CIUPAIbHOCTH Hc JaeT creaylomuye
yPaBHEHUSI:

Lij+Lji+dq (f/fi,jfi + f/jfi,fi) +

7 (Biys + Logins) = 0, 20)

S'i’j + S’jJ' + qujfifi + quifjﬁj =0.

TpeboBaHue coXpaHeHUs KBaipaTa MarHUTHOTO MOTEHIUAIa IIPUBOIUT
K YpaBHEHUSIM:

Wm + qijWi—j,—j =0. 21

Hakowner, yciioBue coxpaHeHHs MAarHUTHOM cnipainbHocTu Hp naet
YpaBHEHHUSI:

Wi+ (=17 Wi, _; =0. (22)

KoJleKTHBHBIE TTepEMEHHBIE KAaCKaIHBIX MOJENe He coiepxkar
HUHMOPMAIMU O TEOMETPHUH JBIKEHHMN, O TOM, MOJIEIUPYETCSI JIN [BYMEPHBIit
WM TPEXMepPHbIN MOTOK. OHAKO AByMEpHAs U TpeXMepHast TypOYJIEHTHOCTh
BegeT ceOs CyIIeCTBEHHO pasHbiM oOpaszom [1, 6, 28, 29]. ITostomy
HEOOXOAMMO KaK-TO Pa3jiiyaTh STH CJIydau B KACKAJHBIX MOJEJIAX. DTO
MOKHO CJIEJIaTh C IOMOIIBI0 MHBapUaHTOB. [TOCKOJIEKY B IBYMEPHOM IIOTOKE
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COXpaHseTCcsl KBaJpaT MOTeHIMaNa TMOJIsl, & B TPEXMEPHOM — MarHWTHasi
CIUPAJIbHOCTh, TO, MOTPEeOOBaB OT MOJEIM COXPAHEHHUS OJHOrO MX STHUX
BBIPAXEHUIA, MO)KHO KOCBEHHO BHECTH B MOJIE)Ib MH(POPMAIIHIO O Pa3MEPHOCTU
JBUKEHUA.

Urak, Ha Beixone 6j0ka 1 cxemsl ¢ pucyHke 1 mojyvaem cemeiicTa
ypaBHenwmii (19, 20, 21, 22) Ha K03(pPUIMEHTH MOAEIIH.

3.2. YciaoBue CyIIeCTBOBAHUSI  CTAIMOHAPHBLIX  CTENEHHbIX
pemienmii. MI3BeCTHO, YTO B OJHOPOAHOIN HW3OTPOMHOI TYpOYJIEHTHOCTH
B IpejesiaX HUTEPAlMOHHOrO WHTEPBAJa HEKOTOphle CTATUCTHYECKUE
XapaKTepUCTUKU OONAAI0T CTEMEeHHBIMU 3aKOHAMHU pacripeiesieHus Mo
Macurabam, a 3HAYHT, U 110 BOIHOBBIM wucnam [1]. Iycts Q (k) ~ k> — onna
U3 TaKUX XapaKTepI/ICTI/IKI/I. TOF}Ia CBA3aHHOE C KOJIJICKTUBHBIMU HCpeMCHHHMI/I
UHTErpaJIbHOE 3HAYCHUE ITOW XapaKTEPUCTHKH B 1-0i 000I0UKe OyneT

n+1 n+1

q q
Qn ~ / Q(k) dk ~ / EA dk ~ gD, (23)
q‘ﬂ,

qn"

B kauecTBe npumMepa HauboJee U3BECTHOTO CHEKTPAIBLHOTO 3aKOHA
BO3bMeM 3aKkoH Kommoroposa s swepruu E(k) ~ k~5/3. Ipumenss
COOTHOIIIEHHS (23), TONYYUM, YTO KOJUIEKTUBHOE 3HAYECHHUE SHEPIHU B M-
HOM MacITaGHOl 060MI0uKe AOMKHO ObiTh F,, ~ ¢(=2/3)" B 10 %e Bpems
SHEpTrus N-HOi 000I0UKU B KackaaHoi monemu — 1o |U, + B, |?/2.

Ecim TpeGoBaTh CyIeCTBOBAHMS B KACKAIHON MOJIEH CTALMOHAPHOTO
PpEILEHNs, COOTBETCTBYIONIETO 3aKOHY KOIMOropoBa, To OHO J0JKHO UMETh
pua: U, = qu*"/i)’ H, = B()q’”/?’, rae Uyp u By — 3aJjaHHbIe YncIIa.

CrieKTpasibHble 3aKOHBI TYpOYJIEHTHOCTH BHIIOJHSIOTCS B TIpejiesiax
HWHEPIMOHHOI'O HMHTEpBaJIa MaC]_UTa6OB, rg€ HET BHCIIHUX HMCTOYHUKOB U
JMCCHIALIY, TTO3TOMY MOJCTABAM CTAIMOHAPHBIE PENIEHUS] B YPABHEHHUSI
KacKajiHO# Mozeu (5) 6e3 UCTOUHKMKA U IUCCUITATUBHBIX WieHOB. [TojcTaHoBKa
JACT CTAl[HOHAPHBIE YPABHEHUS

' (Sij|U0|2q7(2n+i+j)/3 + ﬁ¢j|Bo\2q*(2n+i+a‘)/3) =0,
]

. o (24)
" Z Wi;|Uo Bolg~ @ +i+0)/3 = .

.9
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ITocne o4eBMAHBIX MpeoOpa3OBaHUil IONYYMM ypaBHEHHS Ha
K03 duLreHTH Moe M

Ua 12 o
i,J

S Wiyg~+/3 =,

i,J

(25)

[MomoOHbIe ypaBHEHHSI COCTABIISIOTCS IS KAXKI0T0 BU/IA CTAIMOHAPHBIX
CTETIEHHBIX 0 MAaCIITadaM pelIeHHIA.

B oTnnume ot TpeGOBaHMs CYIlIECTBOBAHUSI MHBAPUAHTOB, TPEOOBAHKE
CYIIECTBOBAHMS CTETICHHBIX CTAIIMOHAPHBIX PEIIEHUI He BCErJa YUUTHIBAIOT
npH pacyeTe Ko3(hHUIMEHTOB MOfien. DTO CBA3AHO C TEM, YTO CYIIIECTBOBAHHE
CTENeHHBIX PEIlIeHUil BOBCe HE rapaHTUPYyeT UX ycToitunBoctu. Bosee Toro,
YHCJICHHBIE SKCTICPUMEHTHI B HEKOTOPBIX MPOCTEHINIX KaCKaIHBIX MOJEIISIX
CBUACTENHCTBYIOT O HEYCTOMYMBOCTH TaKUX pEIICHHH M pealn3aiud
CTENeHHBIX pacIpelle]IeHnil TOJMbKO B cpegHeM [1]. OTmeTnM Takxke, 4TO
CTENeHHOE pacrpefe/icHre B KOMIUICKCHOUM KaCKaJHON MO CBSI3aHO C
MOJYJISIMU KOJUICKTUBHBIX MIEPEMEHHBIX, T.€. HAJI0 TOBOPUTH O CTAI[MOHAPHBIX
3HAYCHUSIX TOJIBKO MOJYJIeil, apryMeHThl MOTYT IPH 3TOM MEHSThCS.
OmHaKo yCIIOBHE CYIIECTBOBAHUS PEIICHHUI CO CTENICHHBIM CTAIIMOHAPHBIM
pacrpeieneHIeM MOAYJIei IepeMEeHHBIX TIPIBONT K HEJTMHEWHBIM Y paBHEHHSIM
Ha K03 (PUIMEHTH, aHAJTMTUIECKOE pellleHHne KOTOPHIX He MPeICTaBIsIeTCs
BO3MOXHbIM.

HNrak, Ha BBIXOAE OJIOKA 2 CXEMbl OMUCHIBAEMOI TEXHOJIOTUU
MOJyYaloTCs JIMHEWHble OOHOPOAHBIE ypaBHEHHWS Ha KOI((UIMESHTH
KaCKaJHOU MOJEJIH JIs1 KaX/I0r0 CIIEKTPAIbHOTO 3aKOHA, CJIH pa3paboTInK
9TO MOJIEJIM XOUeT 00eCHeYnTh UX CYIIECTBOBAHHE.

3.3. Bo3Mo:kHOCTDL M TIpe/ieJibHAs MAJbHOCTh B3aUMOIENCTBHUS
o0osi04eK. [l Toro, 4yToOsl BONHE U3 obonouek P, P, ; u P, ; Moriu
B3aUMOJICHCTBOBATH, HA/I0, YTOOBI HAIILTUCH Takue ynucna a € D, b € Dy, ; u
¢ € Dy j,uto0

a+b>c, a+c>=2b, b+c>a. (26)

SIcHO, YTO B JEWCTBUTEILHOCTH 3TO HE 3aBUCHT OT 7, [IO3TOMY MOXKHO
nonoxuth 7 = 0 u paccmatpuBaTh obonouku Fy, P; u Pj. INostomy
BO3MOXHOCTb B3aMMO/IEICTBHSI OIIPEIEISAETCs TONBKO Mapoil MHAEKCOB (i, 7).

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1681
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHME U ITPUKJIAIHAS MATEMATHKA

CooTBeTCTBYIOIME OOJIACTH Ha TUIOCKOCTU WH/IEKCOB 3aBUCST OT ¢, HO
MMEIOT XapakTepHyIo (popmy, peACcTaBIeHHYIO Ha pucyHKe 4. CepbIM IIBETOM
BBIJICJICHBI 00JIACTH BO3MOXKHBIX B3aUMOJCHCTBUN I q = (1 + \/5) /2u
q > 2. O61acTH HEOTPaHIMUEHHO MIPOIOJIKAIOTCS BIOJb OCEH BJICBO U BHU3 U
0 IMarOHAJIH BIIPABO-BBEPX C COXpaHEHUEM (POPMBL.

-4 -2 ] 2 4 -4 2 0 2 4
Puc. 4. O6acTi BO3MOXHBIX B3auMopeiicTBuil 06omnodek Py, Pnii 1 Pnyj (4,7) Ha
1I0cKoCTH MHAekeoB (i,7) mi g = (1++/5) /2nq =2

[Tyctb npequkat Q (i, j) ompeaenseT o0nacTb B3aUMOAEHCTBII /IS
3aj1aHHOrO ¢. Harpumep, 1Jist ¢ = 2 OH UMeeT BUjl

Q=(li| <IAF<D)V(JISIAIK)VESTIAF=1Ali—j]<1).

O6:1acTH BO3MOXKHBIX B3aMMOJEHCTBHIA HAa pUCYHKE 4 HeOrpaHMYEHHBI,
OJHAKO €CJIM CYATATh HE NPUHIMINAIBHYIO BO3MOXHOCTh B3aUMOJEHCTBISA
TpeX BHIOPaHHBIX B 000JIOUKAX BOJH, & BEPOSTHOCTh STOTO B3aUMOACHCTBHS
TP CJTy4aifHOM ¥ pABHOMEPHOM BBIOOpE BOJIH B 000JI0YKAX, TO OHA OYEHb PE3KO
CIaJaeT C pOCTOM MOJY/el HHAEKCOB. Takue BEpOATHOCTH JIETKO CUMTAIOTCS
merogoM Momnre-Kapio, nonpoduee 06 3ToM OyzieT CKa3aHO HUKeE.

Torna MaoBepOATHBIMY B3aUMOJEHCTBUSMHI MOXHO ITpeHeOpeyb, 1 B
KacKaJHyI0 MOJIEJIb 3aKJIa/IbIBAETCS MPEAEIbHAS «1AJIbHOCTh» B3aUMOAEHCTBHUS
P. MoxHo cka3aTb, 4TO P — 3TO mapaMeTp MOJeNH, XapaKTepU3yOIInil ee
HEJIOKaJIbHOCTh B POCTPAHCTBE MaclITabOB.

Wrak, Ha BbIXOJE OJIOKOB 3 1 4 CXeMbI MBI TIOJIy4aeM BhIpaKEHUE JJIs1
npeaukara (i, j) v uucno P. Bee ko3 uiiieHTs MOIEH, HHAEKCH KOTOPBIX
YAOBJIETBOPSIOT YCJIOBUIO
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il = PV [j| = PV =Q(,Jj), 27

MOJTaraloTCs HyJIEBHIMU.

3.4. CocraBiieHne cucTeMbl ypaBHeHHH s K03 umeHTon
Mo[eJIi U ee peineHne. B O0oke 5 cxeMbl Ha pucyHke 1 cocTaBisieTcs
CUCTeMa ypaBHEHHUIl Ha KO3 (PUIMEHTH MOAeTH. DTa cHUCTeMa BKJIIOYAET,
Tpesk/ie BCero, CeMeiicTBa ypaBHEHHI, MOTyYeHHbIX B 6J10Ke 1, mpraem (19, 20)
BKJIIOYAIOTCS B JII0OOM ciiyuae, a u3 (21) u (22) — TOIbKO OfIHO B 3aBUCHMOCTHU
OT pa3MepHOCTU MOJEIMPYEeMOro noToka. PopManbHO ypaBHEHUI B KaKIOM
ceMeiicTBe, a 3HAYUT, U B CHUCTeMe OeCKOHEYHO MHOTO, OJHAKO C YYETOM
OrpaHUYeHUI Ha TIPeJIeNTbHYIO IaTbHOCTh B3aUMOAEHCTBUS P TONBKO KOHEYHOE
YHCJIO YpaBHEHHUSI HE BRIPOIUTCS B TOXIECTBA.

[ToHATHO, YTO COCTaBJICHHWE CaMOil CHUCTEMBI M ee TOcieryiolee
peleHne — 3agava TpyxoeMkas. OQHaKo ee MOXHO MPOrPaMMHO pean30BaTh
¢ momoinsio CAS.

IIpexne Bcero, OTMETUM, YTO B KakA0OH UX rpynn ypasHenwuii (19, 20,
21, 22) napa MHOEKCOB (%, j) OMHO3HAYHO OIpeJesiseT YPaBHeHHE B Ipeiesiax
TPYIIIIBL — ABJIsIeTCS ero uaeHTu(puKaTopoM. CaMo ypaBHEHHE MOXKET COIepKaTh
elie j:(z' —j), —i ¥ —J B Ka4ecTBe MHAEKCOB UCKOMBIX K03 duumentos. Eciu
BCE 3TU MHEKCHI 10 MOIYJII0 OKaXyTCs Oonbliie P, T.e.

(lil > PV il > PyA(lil > PVI]j—il > P)A(lj| > PV|i—j] > P),

TO ypaBHeHue OydeT ToxJecTBOM. Torga He 0OsI3aTENIbHO BBIPOASTCS B
TOXKJECTBA TOJBKO ypaBHEHUS C ujeHTU(UKaTopoM (7, ), 3adaBaeMbiM
MpEeIMKaTOM

d(i,j) = (lil S PAI < P)V (lif S PALi=jl < P)V
(28)
V(i< PAli=jl<P).

[eomMeTprYecKr STOT MpEeAuKaT BBIAEISIET Ha IUIOCKOCTH (i, 7)
3Be3/1000pa3Hyo o0nacth D, n300pa)eHHyo Ha pucyHke 5. OTMETUM, YTO U
Cpell 3TUX ypaBHEHHII HEKOTOpPBIE MOT'YT OKa3aThCs TOKIECTBAMH.
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2P

Puc. 5. O6actb map MHAEKCOB (4, j ), KOTOPHIE ONMPEAEISIOT ypaBHEHHsI, He
00513aTeJIbHO BHIPOXKJaloIuecs B ToxkaecTBa. [1oscHeHns B TEKCTe

Torma conepxkanue OJoKa 5 CXeMBl 3aKJTIOYAETCS B CIIETYIONINAX
JTamnax:

1. OOBsBIIIEM IByMepHBIE MacCHUBH KO3 (PUITIEHTOB S’l s IA/Z s Vi/Z j
C MHIEKcaMu i, j = —2P, ... 2P.

2. InaunaekcoBt, j = —2P, ..., 2P 1He yIOBIETBOPSIOLIUX YCIOBUIO
(27) sneMeHTaM MacCHUBOB IpHUCBaUBaeM HyjeBble 3HaueHUs1. OcTasbHble
9JIEMEHTHI OCTAIOTCsI HeOTpeIeICHHBIMH, HO C OTPaHUMICHUSIMU S; = S‘” u
L;;=Lj;.

3. OOBSBIIIEM CITHCOK JICBBIX YacTeil ypaBHEHHUI Ha KO(D(UIIUCHTH U
TMOJIaraeM ero IyCThIM.

4. Mnsa i,j = —2P,...,2P, ecnu (i,j) yOOBIETBOPSIOT YCJIOBHIO
(28), dopmmpyem BbIpakeHHE JIEBOH YacTH KaXJIOr0o W3 YpaBHEHUH,
obecrieunBamIMX HMHBApUaHThl (BbIXon Osioka 1). Eciu monydeHHoe
BhIpaXKeHHE HeHyJIeBoe, (hOpMHUPYEM ypaBHEHUE U J100aBJISIEM €ro B CIIMCOK.

5. Ecimm HeoOXoauMo 0O0ecTeunTh CYIMECTBOBAHUE CTAIMOHAPHBIX
CTETICHHBIX 10 MacInTady pemieHnit, popmupyeM ypaBHeHHUs BAAa (25) (BHIXOL
0J10Ka 2) 1 100aBJIsEM UX B CIUCOK.

6. Ha ocHOBe criicka cocTapiisieM OZHOPOIHYIO CUCTEMY JIMHEHHBIX
anreOpanvecKux ypaBHEHUIA.

[ToHATHO, YTO TH 3TaIbI JIETKO NPOrPAMMHO PeasIM30BaTh CPeICTBAMU
mo6oit CAS. [IpuBeem MceBIOKO COCTABJICHUS STON CUCTEMbI ypaBHEHUI
1151 K03 unuentos (Jluctunr 3).

1684 Undopmaruka u asromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

k:=1;
2 for i:= —2P to 2P do for j := —2P to i do
if Q(i,7) then
4 S’H =Tk S’” =z ki=k+1;
IA/Z-,]- = Tp; ﬁ” =z ki=k+1;

6 else
S'i,j :=0; Lj :=0;
s end if;
end do; end do;

0o for i:= —2P to 2P do for j := —2P to 2P do
if Q(i,7) then
12 W” =xr; k:i=k+1;
else
14 W” =0;
end if;
i« end do; end do;
num_var =k —1;
8 n:=1;
list_eq:=1[1];
2w for {:= —2P to 2P do for m := —2P to 2P do
if d(l,m) then

2 for expr _eq € L inv do

expr = Subs(expr _eq,['i' =1, j' =m]);
2 if expr # 0 then

list_eq:=list_eqU [expr = 0];

26 n:=n-+4+1;

end if;
2 end do;

end if;

3 end do; end do
for expr _eq € L stat do
3 expr sum :=0;
for /= —P to P do for m=—P to P do

en expr := Subs(expr_eq, [V =1, j =m]);
if expr # 0 then

36 expr _sum = expr_sum + expr;
end if;

s end do; end do;
if expr sum # 0 then

40 list_eq:=list_eqU [expr sum =0];
n:=n-+1;
2 end if;
end do;

4 num_eq:=n-—1,

JIuctunr 3. [IceBROKO cOCTABICHUS CUCTEMBI ypaBHEHHH 1151 KO3 (DILIEHTOB MOAETH
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[Ipenmnonaraem, 4To BeIpaskeHUsI JIEBHIX yacTell ypaBHenuii (19, 20) u
(21) wm (22) ¢ HeompeeIeHHBIMI 3HAYEHUSIMU UHAEKCOB %, j U apaMeTpa q
peIBAPUTESILHO 3AIMCAHbL B CIIHCKe L_inv, a BhIpaxeHus (i, j)-ciaaraeMbix
JIeBBIX YacTell ypaBHeHmid (25) 3anmcansl B ciiucke L_stat. B aToM niceBnokoze
dyHkims Subs BBHINOMHSET MOACTAHOBKY YKCJIOBBIX MHJIEKCOB [ U m B
BBIPKCHUE eXPr_eq BMECTO CUMBOJIOB ¢ U j . COOTBEeTCTBYIOIIAS (DYHKITHS
ecThb B Joooit CAS.

B pesynbrare BBHINIOJHEHHs 3TOrO MCEBJOKONA B CIUCKe list_eq
copMupoBaHa cECTEMA U3 NuM_eq OJHOPOAHBIX JTUHEHHBIX ypaBHEHHUIA C
BEKTOPOM HEM3BECTHHIX X, COACPXKAIINUM num_var KoMIoHeHT. [lorydenHas
CHCTEMA ABJIAETCS BBIXOIOM 0JI0Ka 5 TEXHOIOTHH.

3.5. IIapamerpuueckuii Kiaacc mojesei. [TosydeHHast Ha BbIXOJE
6JI0Ka 5 cucTemMa MOXeT ObITh aHAJIMTUYEeCKH perneHa cpeactBamu CAS,
MOCKOJIbKY JI00ast U3 HHUX COIEPXKHUT COJBEPHI IS PEIeHUS JIMHEWHBIX
CHUCTeM, KOTOphIe pealu3yoT Ty WK UHyo opmy MeTtona [aycca. Ha ocHoBe
Hal[ICHHBIX JIEMEHTOB BEKTOpPA PEIICHIIA MOXHO Jajiee TIOTyYUTh 3HAUCHUS
k03¢ prmentos. [IpuBeaeM cooTBeTCTBYIONIMIA IceBRoKoA (JIucTunr 4), tie
yepe3 linear_solv obo3nadeH conBep CAS 1ist IMHEHHBIX CHCTEM.

y = linear _solv(list _eq,x);
2 k:i=1;

for i := —2P to 2P do for j := —2P to i do
4 if Q(i,7) then

Sij =Yk Sji =yw: ki =k+1;
6 Lij:=yk; Lji =yr; k:=k+1;
else
8 S’@j =0; [A,iyj =0;
end if;

o end do; end do;
for 1 := —2P to 2P do for j := —2P to 2P do
12 if Q(i,7) then
Wi,j =uyk; k:=k+1;

14 else
Wi,j =0;
16 end if;
end do; end do;

JIuctusr 4. [ceB1oKkoA HaXOXAEHUS 3HAUCHUH KOI(P(PULIUEHTOB B ypaBHEHUAX MOJEIU

IMTockoneky pernraemasi cUCTEMa OJHOPOAHAS, TO BOZMOKHBI [[Ba CIIyYasl.
B nepBoMm cuctema UMeeT TOJbKO HYJIEBOE pellieHre. DTO TOBOPUT O TOM, UTO
KacKaJHON MOJIeJIM C 33/1aHHBIM JaJIbHOJEWCTBIEM P, 3alaHHBIM HabopoM
WHBapUaHTOB M CTAIIMOHAPHBIX PElIeHNit He cyniecTByeT. Bo BTopoMm citydae

1686 Undopmaruka u asromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (nieu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

cUCTeMa MMeeT JIMHeHOe MHOrooOpasue peteHnii, 1 CAS nact BblpakeHue
JU1s1 K09(DPULIMEHTOB KaCKaHOW MOJEM Yepe3 CBOOOJHbIE NapaMeTpbl. DTh
BHIpaKeHUS] OYIyT JIMHEHHBIMU OJHOPOIHBIMHU IO TapaMeTpaM W JPOOHO-
PpalMOHATLHBIMI 110 . [Tociie BHIOMHEHHS TIceBAoKoAa JInCTHHTa 4 B MacCHUBax
S’i’ s ﬁi, s WZ j OyOyT 3anmcaHbl BRIpaXeHNA A1 KO3 DUIIEHTOB (BBIXOZ
6Jsioka 6 cxembl). B pe3yibTare nosy4uM napaMeTpuuecKuii Kjiacce Mojesei
(BbIXOJ 6J10Ka 7), BOBMOXHO, IIYCTO#, €CJI MOJIE/IM HE CYIIIeCTBYeT.

Ecim pa3paboTuuk Mojesm He NpearioaraeT Mnojy4eHre YMCIOBbIX
3HAYeHUI K03(P(HUIMEHTOB, TO BEYKCIICHUS HAa 3TOM 3aKaHUUBAOTCS (OJI0K 8).
B npotuBHOM ciydae peanmsyioTcs Tanbl 6J0KoB 9-11.

3.6. Corslacopanne KO3(p(pUIIEHTOB HEJHMHENHbIX YJIEHOB
H BepPOSATHOCTEH B3anMMOJEHCTBHs 000J04YeK. Panee B paboTe yxe
YIIOMHUHAJIOCh, YTO BEPOSITHOCTU B3aMMOJAEHCTBHUS CIy4YalHO BBHIOPAHHBIX
BOJIH U3 Tpex obonouek P, Py, P, ; CUIbHO OTIMYAIOTCS [ Pa3IUUHbIX
1 M j W HE 3aBUCAT OT n. SICHO TakKe, 4TO OHM CHUMMETPHUYHBI IO %
U j. DT BEPOSATHOCTH JIETKO MHOcUuTaTh MeronoM MonTe-Kapno nis
3a/IJaHHOTO YKMCJIOBOTO 3HAYEHUS ¢ B OOJIBIION Cepyru UCTIbITaHuil. B kaxaom
WCTIBITAaHUH CJTy4YaiiHO BBIOMPAIOTCS TPU YKCJIA, PABHOMEPHO pacIipe/ie/ieHHbIe
B MacIITaOHbIX JquanazoHax Dy, D;, D;. Ecau 3TH Tpy uKcia yIoBIETBOPSIOT
HEpaBCHCTBAM TPEYTOJNbHUKA, VCIIBITAHE CUUTACTCS YCIIeIHbIM. B kauecTse
OIICHOK BEPOSITHOCTEH MPUHUMAIOTCS OTHOCHUTEJIBHBIE YaCTOTHI YCIEIITHBIX
WCHIBITAHUI.

Ha pucynke 6 coBMelleHsl 00JIaCTh BOBMOKHBIX B3aMMOJEHCTBYIA
U KapTa BEPOATHOCTEH 3TUX B3aUMOAEHCTBUH p;; A q = (1 + \/5) /2.
BeposTHocTH BhramcIsich 1o 108 uenbiranmit oy kaxk o napst (i, 5).

14 hd =4
IS S &

o
°
BepoaTHOCTL B3auMMofeiicTBMil

I
Ny

Lo
% 2 0 2 4 4 2 0 2 4

Puc. 6. O61acTh BO3MOXKHBIX B3aMOJIEHCTBHIA (CJIeBa) M KapTa BEpOsTHOCTEH
B3aUMOJICICTBUA p;; (ClIpaBa) Ui ¢ = (1 + \/5) / 2
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IceBnokoa pacyeTa 3TUX BepOSTHOCTEH NpuBeseH B Jluctunre 5, rae
uepe3 rnd(a, ) 0003HaueHa cTaHAapTHAS (DYHKIIMs [eHePALMH PABHOMEPHO
pacrpe/ie/IeHHOTO Ha oTpe3ke [ 3] HCeBAOCITy JaiiHOTO YhCa.

g:= (1+5)/2:
2 for i:=—P to P do
b left=q " b_right =q "

4+ forj:=—Ptoido
c_left= q 771 c_right = q7;
6 Pij = 0;
for n:=1 to 10° do
8 a:=rnd(qg 1, 1);
b:=rnd(b_left,b_right);
10 c:=rnd(c_left,c_right)
ifa+tb>canda+c>band b+ c > a then p;; == p;; + 1;
12 end do;
pij = pij/10%;
14 Dji = Pij;
end do;
16 end dO;

JIuctunr 5. IlceBnokoa payeTa BEpOSITHOCTEH B3aMMOJECHUCTBHsI 000JI0UeK

Urak, Ha BHIXOAEe ONMOKa 9 cXeMBl NOJIy4YaeM pacrpeielicHre
BEPOSITHOCTE B3aUMOJIEHCTBHS MaCIITAOHBIX 000JI0YEK.

B xackagHbIx Mozesax (5) ko3 pUIKUEHTH P KaXI0M HEeJHMHEIHOM
yieHe 10 aOCOMIOTHONM BEJWMYHMHE WMMEIT CMbIC] HMHTEHCUBHOCTHU
B3aMMOJIEHCTBUA BONH M3 obonouek F,, P,.; n P,,; B mpouecce,
COOTBETCTBYIOIIEM 3TOMY WwieHy. Hanmpumep, |WZ ;| XapakTepusyer, HaCKOJIbKO
3(pPEeKTUBHO reHEPUPYIOTCSI MATHUTHBIE BOJIHBI U3 000JI0UKK P, MeXaHU3MOM
JMHAMO TPU B3aUMOJICVICTBUM BOJIH CKOPOCTH U3 P, ; ¢ MATHUTHBIMY BOJTHAMUA
u3 P, ;. Iloatomy pasymMHO moTpeGoBaTh Npu pacyeTe KodpPUIMEHTOB
MOJIeNIM, YTOOBI MX MOAYIM ObLIM B KAKOM-TO CMBIC]IE COINIACOBAHbI C
BEPOSITHOCTSIMU B3aMMOJIEHCTBHS 000JI0UEK.

Ha Bbixome 6sioka 7 mosyuyeHbl BbIpakeHUs ISl KOI(PUIMEHTOB
MOJIe/IH, JIMHEHHO 3aBUCSIIHME OT BEKTOpPa CBOOOJHBIX MapaMEeTpoOB S =
(1,82, -+, 8m). Ecin kakoit-mi6o u3 Ko3(DPUIMEHTOB OKa3aicsi paBeH
HYJTIO, 3TO O3HAYAET, YTO B3aUMOJIeiiCTBHE 000JI0YeK MIMEHHO B 9TOM UJIEeHE
3arpenieHo 3aKOHAMH COXPAHEHUS U COIJIACOBBIBATh YK€ HUYEro He Hao.
ITosToMy Oyaem paccMaTpUBaTh 3[1€Ch TOIBKO HEHYJIEBble KO3((DHUIIMEHTHI,
3aBUCSIIINE OT S.

$IcHO, YTO MUHIMU3AIIUS Pa3JINIHil MEKTy MOLYIAME KO3 (DUIIMEHTOB
1 BEPOATHOCTAMM p;; TpEOYeT MUHMMHU3ALMK BbIpAkEHUI BUA
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ij (S)‘ — pij Ly (S)’ — Pij W; '(S)’ — Dij
Dij Dij Pij

(29)

Hopmuposanue kaxgod pasHocTd B (29) Ha BEPOATHOCTb pjj
ypaBHOBEIMBAeT OOJbIIME W Majble 3HAUEHUs BEpOSITHOCTEW B 3ajaye
MHUHMMH3aLUKA. DTa MUHUMHU3alMs J0JDKHA OBITH IO BceM Ko dHuLMeHTam u
SIBJISIETCSI MHOTOKPUTEPHAITBHOI, TIO9TOMY JIOITyCKAaeT pa3IMIHbIe BAPUAHTHI
MOCTaHOBKH.

OpvH w3 Haubojiee ECTECTBEHHBIX BapUAHTOB TOCTAHOBKU C
paBHOIIpaBreM BceX KO(POUIIMEHTOB — 3TO MUHUMU3AIUs KpUTEPUs

‘SZ—]— (S)‘ — Pij ﬁij(S)‘ — Pij Wi (S)‘ — Dij
+
Dij Dij Dij

(30)

)Y

2%

KOTOpas sBJIsieTCs cofiepkanuem oyoka 10.

3agava mudanMu3anuu (30) perianach yxe ¢ MOMOIIBIO CIIENUATbHO
paspadoTanHOro B C++ MPHIOKEHHU S, TICEBJIOKO]] KOTOPOTO MPUBEIICH HIKE.
DTO CBS3aHO C TEM, UYTO BEPOSATHOCTH B3aUMOJCUCTBUI OMNpeJesieHbl C
MTOMOIIIBI0 IMUTAIIMOHHOTO MOJICJIMPOBAHUS, IOTOMY IPOBEICHIE TOUHBIX
BBIYMCJICHUH KOMITHIOTEPHOI anreOpbl CTAHOBUTCS YXke OeCCMbICICHHbBIM.
Kpome Toro, BeIYMCIIEHN C IUIABAIOLIEN TOUKON B CUCTEMaX KOMIIBIOTEPHOI
areOpbl OYeHb MEJICHHBIE, a 3a/1a4a MUHUMU3ALIUH, TIPe/ICTABICHHAS BBIIIIE,
TpeOyeT oYeHb OOJIBIIIOr0 00heMa BHIYHCIICHHIA.

C npyroit CTOpOHBI, XOTEJOCh OCTaThCSI B paMKaX PalMOHAJBHBIX
3HaYeHUH KOI(DUIIMEHTOB MOJIENN, IPUUYEM C HEOOIBIIMMH YUCITUTESIMU U
3HaMeHaTe M. [109TOMy MCTIOB30BaIICS Mepe0Op pallMOHAIBHBIX 3HAUSHUI
CBOGOIHBIX TAPAMETPOB BUIA P/ 7", TIe P M3MEHSUIOCH B ananasoue —10, . . ., 10,
ar B auanasoHe 1, ..., 10 c nepexonoM k HecokpaTumoil hopme. Beero Takux
pa3ImyIHbIX Apodeit 127, T.e. obIee YnCIio BApHaHTOB CBOOOIHBIX MTApaMETPOB
127™.

Paccmotpum miceBmokon storo mpuioxkenus (Jluctuar 6). 3nech
next_placement(z, n, k) o3HadaeT QyHKIHMIO, KOTOPAst JAHHOE k-2IEMEHTHOE
pa3MeleHre C TMOBTOPEHUsIMA Z W3 umcen 1,2,....,n mpeoOpasyer B
HETIOCPEJICTBEHHO CJICAYIOIIee 34 HAM B JIEKCUKOTPahUIeCKOM TOpSIIKEe U
BosBpaiaer true [30]. Ecam Takoro pasmenieHusi HET, TO OHA HUYEro He
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U3MeHsieT B z 1 Bo3Bpaiaet false. [Ipeanonaraercs, 4to Bce 127 BO3MOXHBIX
3HAYEHUH p / T 3aIllUCaHbl B BEKTOPE W.

n := 127;
2 forl:=1tomdo 2 :=1;
first _placement := true;
4+ do
for i:=1to m do s; := w,,;
6 target :==0;
for i=—P to P do for j = —P to P do

s if Sij(s)# 0 then
target := target + ‘|S'U(s)\ — pij| /pij;
10 end if;
if Lij(s)# 0 then
12 target := target + ‘|Lj(s)| — pij| /pij;
end if;
14 if Wi;(s)# 0 then
target := target + ‘|W”(s)| —pij| /pij;
16 end if;

end do; end do;
18 if first placemet then
min_target := target;

20 Smin ‘= S;

first_placement := false;
»  else

if target < min_target then
2% min_target := target;

Smin ‘= 8,
26 end if;
end if;

s while next placement(z,n,m);

Jluctunr 6. [lceBmokon mist MuHUMU3am Kpurepus (30)

B pesynbraTe BBINOJHEHUS] 3TOrO IICEBJOKOAA B BEKTOPE Spyin
3aMKCaHbl PAllMOHAJIbHBIE 3HAUYEHM S [IapaMeTPOB NPUBEAECHHOTO BHIILIE THIA,
MuHUMu3Mpyowmue (30).

PaccmoTpuM HekoTOpble pe3yinpTaThl pacyeToB aaa P = 3
(MMHUMaJTBHAST HEJIOKAJbHOCTB). Ha pucyHke 7 mpeacTaBieHsl JorapugMsl
OTHOIIEHUS MOIy/lel MOJy4YeHHBIX KO3(h(PUIMEHTOB B3aUMOJEHCTBUS K
BEPOSITHOCTAM B3aUMOAEWCTBUA [JI MOJAEIM JABYMEPHOrO IOTOKA, a Ha
pUCYHKE 8 — I TPEXMEPHOTO MOTOKA.
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Puc. 7. OTHoweHus Mojiesiel oyYeHHBIX KO3(p(ULIMEeHTOB B3aUMOJEHUCTBUS K
BEPOSATHOCTSIM B3aUMOJENCTBHS B JIOrapuhMUIeCKOM MacIiTade (IByMEepHBIHA MOTOK).
CrnieBa HanpaBo KO3 ULEHTH S5, Lij, Wij
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Puc. 8. OTHomIEeHUA NOTyYeHHbIX KO3((PUIIEHTOB B3aUMOIEICTBYS K BEPOSTHOCTAM
B3aUMOJICHCTBUs B JTorapupmudeckom macirade (TpexMepHsiii motok). CrieBa
Hanpaso kodddunentst Sij;, Lij, Wi

BuzHo, 9T0 MOy KO3 (ULMEHTOB M BEPOSITHOCTH OTINYAIOTCS HE
Gosee, YeM Ha TOPSIOK. DTO MOXHO CUUTATh XOPOIIMM COIIACOBAHHUEM.

4. 3akmiouenne. Pe3ynbratoM  Hacrosimieil  paGOThl  SBJISETCS
BBIYKCJIATEIIbHASI TEXHOJIOT ST ABTOMATH3UPOBAHHOTO COCTABJICHHsT KACKAHBIX
momeneid Tuna GOY [ MarHMUTOrMIPOAWHAMUYECKOH TypOYJISHTHOCTH.
C ee HOMOIIBI0 MOXHO MOJIyYaTh YPaBHEHMsI HOBBIX KAaCKaJHBIX MOJCICH
Typ6yﬂeHTHOCTI/I, B TOM 4YHCJIE W HEJIOKAJIbHBLIX, C IMapaMETPUYECCKUMU
BBIPAKEHUSIMHU 1151 KOI(P(DHUIIMEHTOB WITH C YUCIOBBIMU KOI(DPHUITUEHTAMH.
B 06oux citydast coxpaHeHre HeOOXOIMMbIX KBaPATUYHBIX HHBAPHAHTOB U
CTAlMOHAPHOCTH 33/IaHHBIX CTEIIEHHBIX PEelleHHi OyayT aOCOMOTHO TOYHBIMH.
PaspaGoTaHHasi TEXHOJOTHS MOXKET OBITh IOJIC3HBIM BBIYUCIIUTEIBHBIM
HUHCTPYMEHTOM JUIsl CIELUATUCTOB, 3aHUMAIOIIMMCS MOJCIMPOBAHUEM
MEJIKOMACIITaOHO# TYpOYyIEHTHOCTH.

Wpest TeXHONOTUM U ee pean3aius IpUHALIEKAT aBTOPaM pabOTHI.
TeXHOJNOTUSI pealn30BaHA C WCIIONB30BAHMEM CHCTEM KOMIIBIOTEPHOM
anreOpsl. OHK MO3BOJISIIOT MPOrPAMMHO F€HEPUPOBATH CHCTEMbI YPABHEHHIA
Ha KO3((UIHUEHTH COCTAB/SICMBIX MOJCJEH M peliath 3TU CUCTEMBl B
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obmieM (opMmyabHOM Bujie. B pesyibrare mosydaioTcsl napameTpudecKkue
KJIACChl MOJIeJIel, KOTOpble 00JIaJaloT HEOOXOIMMBIMKM KBaIpaTUIHBIMU
VHBapUaHTaMM W CTENEeHHbIMUA CTallMOHApHBIMU  pelneHusMu. [Ipu
COCTaBJICHMM MOJeJNieil ecTh BO3MOXHOCTh IPOHW3BOJIBHO BBHIOMPATH
npeesbHOe AaNbHOACHCTBYE B MPOCTPAHCTBE MACIITA00B — MAaCIITaOHYIO
HEJOKAJIBHOCTh MOJENU. IS MOC/IeyIomero YMCcIeHHOTO MCCIIeI0BaHM
Mojesiell HeoOXoaumMo (DUKCUPOBaTh 3HAYEHHUST CBOOOTHBIX IApaMeTpPOB.
B mnpemiokeHHON TEXHOJOTMU peaim30BaH OIUH (hOpMasbHBIA CrOCOO
HAXOXACHUs PalMOHAJBHBIX 3HAYEHWIA CBOOOJHBIX I1apamMeTpoB, IIpU
KOTOPBIX KO3((PUIIMEHTHI HETMHEHHBIX B3aUMOJICUCTBUI MacIiTaboB OyayT
COMJIACOBAHBI C BEPOSAITHOCTSIMU 3TUX B3aUMOJEHCTBHIA.

ABTOpBI IJIAHUPYIOT B JaJbHEUIIIEM HCIIOIb30BaTh TEXHOJIOTHIO IJIsS
COMpPsDKeHUs] KPYIMHOMACIITAOHBIX MOJeNiell TMIPOMArHUTHOTO JUHAMO,
ONHKCHIBAIOIINX KPYITHBIE TYpOYyJIeHTHBIE BUXPU, U KaCKaIHBIX MOJEJCH s
OIHUCAHUST MEJIKOMACIITAOHON TUHAMUKH.

JIuteparypa

1. @puk [T TypOyneHTHOCTB: oaXoabl U Moaem. MockBa-Mikeck: HULL «PerynspHast
M XaoTUYeCKas auHamuKka», 2010. 332 c.

2. Ditlevsen P.D. Turbulence and shell models. New York: University Press, 2011. 152 p.
DOI: 10.1017/CB0O9780511919251.

3. Gibbon J.D., Vincenzi D. How to extract a spectrum from hydrodynamic equations? //
Journal of Nonlinear Science. 2022. vol. 32. no. 6. pp. 1-25.

4, Gurcan D., Xu S., Morel P. Spiral chain models of two-dimensional turbulence // Physical
Review E. 2019. vol. 100. no. 4. DOI: 10.1103/PhysRevE.100.043113.

5. Mailybaev A.A. Hidden scale invariance of intermittent turbulence in a shell model //
Physical Review Fluids. 2021. vol. 6. no. 1. DOI: 10.1103/PhysRevFluids.6.L.012601.

6. Plunian, F., Stepanov R., Frick P. Shell models of magnetohydroodynamic turbulence //
Physics Reports. 2013. vol. 523. no. 1. pp. 1-60.

7. Munoz V., Dominguez M., Riquelme M., Nigro G., Carbone V. Fractality of an mhd shell

model for turbulent plasma driven by solar wind data: a review // Journal of Atmospheric
and Solar-Terrestrial Physics. 2021. vol. 214. DOI: 10.1016/j.jastp.2020.105524.

8. Chen N., Li Y., Lunasin E. An efficient continuous data assimilation algorithm for the
sabra shell model of turbulence // Chaos. 2021. vol. 31. no. 10. DOI: 10.1063/5.0057421.
9. Li L., Liu P, Xing Y., Guo H. Shell models for confined rayleigh—taylor turbulent

convection / Communications in Nonlinear Science and Numerical Simulation. 2020.
vol. 84. DOI: 10.1016/j.cnsns.2020.105204.

10. Verdini A., Grappin R., Montagud-Camps V. Turbulent heating in the accelerating
region using a multishell model // Solar Physics. 2019. vol. 294. DOI: 10.1007/s11207-
019-1458-y.

11. Bhadra A., Mishra P.K. Energy spectrum and energy budget of superfluid turbulence using
two-fluid shell model // AIP Advances. 2022. vol. 12. no. 2. DOI: 10.1063/5.0083847.

12. Nabil H., Balhamri A., Belathal A. Propagation of bessel-gaussian shell-model beam

through a jet engine exhaust turbulence // Optical and Quantum Electronics. 2022.
vol. 54. no. 6. DOI: 10.1007/s11082-022-03743-3.

1692 Hndopmaruka u asromaruszauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

13.

14.

15.

16.

17.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

Tropina A.A., Miles R.B. Parametrical study of aero-optical effects using shell models
of turbulence // ATAA Science and Technology Forum and Exposition, AIAA SciTech
Forum 2022. DOI: 10.2514/6.2022-0986.

Inage S. Control parameter optimization for turbulence shell model // Computers and
Fluids. 2021. vol. 229. DOI: 10.1016/j.compfluid.2021.105084.

Mailybaev A.A. Solvable intermittent shell model of turbulence // Communications in
Mathematical Physics. 2021. vol. 388. no. 1. pp. 469-478.

Gurcan O.D. Dynamical network models of the turbulent cascade // Physica D: Nonlinear
Phenomena. 2021. vol. 426. DOI: 10.1016/j.physd.2021.132983.

Bopunuap I'M., ®emenko JL.LK. ABTroMaTu3npoBaHHas reHepanus KackaJHbIX Mojienei
TypOYJICHTHOCTH METOIaM1 KOMITBIOTEPHO anreOpsl. // BerancmirebHbie TEXHOIOTUH.
2021.T. 26. Ne 5. C. 65-80.

Bogunuap I'M., ®emenko JILK., [TopnecHsiit H.B. [eHepalius KOMIIEKCHBIX KacKaJHbIX
Mozeneil TypOyJIeHTHBIX CHUCTEM MeTOJaMH KOMIIbIOTepHOH anreOpel // BecTHuk
KPAYHII. ®usuko-maremarndyeckue Hayku. 2022. T. 41. Ne 4. C. 9-31.

Vodinchar G.M., Feshchenko L.K. Computational Technology for the Basis and
Coefficients of Geodynamo Spectral Models in the Maple System // Mathematics.
2023. vol. 11(13). DOI: 10.3390/math11133000.

Bogurwyap I'M., ®emenko JILK. IIpiMeHeHne KOMIBIOTEPHON anreOpbl miIs
COCTaBJICHHUSI CIIEKTPAJIbHBIX MOZIeJIell KHHEMATHIEeCKOr0 OCECHMMETPHYHOr0 AUHAMO //
Borunciurenbhble TexHosmoruu. 2023. T. 28. Ne 2. C. 4-18.

Bright C., Kotsireas 1., Ganesh V. Applying computer algebra systems with SAT solvers
to the Williamson conjecture // Jour. Symbolic Comp. 2020. vol. 100. pp. 187-209.
Gayoso Martinez, V., Hernandez Encinas, L., Martin Munoz, A., Queiruga Dios, A.
Using Free Mathimatical Software in Engineering Classes // Axioms. 2021. vol. 10(4).
DOI: 10.3390/axioms10040253.

Bazan E.R., Hubert E. Multivariate interpolation: Preserving and exploiting symmetry
// Journal of Symbolic Computation. 2021. vol. 107. pp. 1-22.

Conceicao A.C., Pires J.C. Symbolic Computation Applied to Cauchy Type Singular
Integrals // Math. Comput. Appl. 2022. vol. 27(1). DOI: 10.3390/mca27010003.
Campo-Montalvo E., Fernandez de Sevilla M., Magdalena Benedito J.R., Perez-Diaz S.
Some New Symbolic Algorithms for the Computation of Generalized Asymptotes //
Symmetry. 2023. vol. 15. no. 1. DOI: 10.3390/sym15010069.

Kupcano M.H. Maremaruka u nporpammupoBanue B Maple. M.: Aii [Tu Ap Meaua,
2020. 160 c.

Wang F.Y. Physics with Maple: The Computer Algebra Resource for Mathematical
Methods in Physics. New York: Wiley, 2006. 625 p.

Campanelli L. One-dimensional model of freely decaying two-dimensional turbulence //
Journal of the Korean Physical Society. 2022. vol. 80. no. 10. pp. 972-980.
Campanelli L. Dimensional analysis of two-dimensional turbulence // Modern Physics
Letters B. 2019. vol. 33. no. 19. DOI: 10.1142/S021798491950218X.

®enopsiea T.U. KomGunaropusie anroputmbl. HoBocubupck: HI'Y, 2011. 118 c.

Boaunuap I'ted6 MuxaiiioBud — xauj. (pu3.-MaT. HAyK, IOIEHT, BeYIHil HAyIHBIA COTPYIHHK,
1.0. 3aBeyloniero JadopaTopueil, J1abopaTopHsi MOAEIMPOBAHKS (PU3MYECKUX HPOLECCOB,
MHCcTUTyT KOCMO(UM3MYECKUX HUCCIeNOBaHMil M pacnpoctpaHeHus paauoBonH JIBO PAH.
O61acTh HayYHBIX MHTEPECOB: MOIEIMPOBAHHME TMIPOMArHUTHOIO AWHAMO, IUHAMHYECKHE
CHCTEMBI C MAMSAThIO, HEJIMHEHHAs IMHAMHKA, METO/Ibl KOMITBIOTEPHOM anreOpbl B reousrke 1
MarauroruipoguHamuke. Uucio Hayunsix myomukanmii — 140. gvodinchar@ikir.ru; ymina

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1693
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHME U ITPUKJIAIHAS MATEMATHKA

Mupnas, 7, 684034, ceno Ilaparynka, EnmsoBckmii paiioH, Kamuarckuit kpait, Poccus;
p.T.: +7(41531)33-193.

®Pemenko JIw6oBp KoncranTuHoBHa — KaHA. (u3.-MaT. HAyK, HAy4HBI COTPYIHUK,
nabopaTtopusi MOJEIMPOBaHUsI (PUBMYECKUX TMPOIeccoB, WHCTUTYT KOCMO(HU3UUECKUX
HCCIeIoBaHMiA U pacmpocTpaHenust paguoBoiH [IBO PAH. O6iacTe HaydHBIX HHTEPECOB:
MaTeMaTHIeCcKoe MOJIEIMPOBAHKE B MATHUTOTUIPOIMHAMUYECKHX 3a/a9aX, IPUMEHEHNE CUCTEM
CHMBOJIbHBIX BBIYMCJICHUIl B MarHUTOrMIPOAMHAMUKE, KACKaJHble MOJIENH, IUHAMHYECKHE
cuctembl, reoguHamMo. Yucino HayuHbIx myOnukarmii — 57. feshenko.lk@yandex.ru; ynuma
Mupnas, 7, 684034, ceno Ilaparynka, EnmsoBckuii paiioH, Kamuarckuit kpait, Poccus;
p.T.: +7(41531)33-193.

ITonnep:kka ucciexoBanmii. Padora BeimonxeHa 3a cyet [ocymapctsennoro 3aganus MUKUP IBO
PAH (per. Ne temnl 124012300245-2).

1694 Undopmaruka u asromaruszauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (neu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

DOI 10.15622/ia.23.6.4

G. VODINCHAR, L. FESHCHENKO
COMPUTATIONAL TECHNOLOGY FOR SHELL MODELS OF
MAGNETOHYDRODYNAMIC TURBULENCE CONSTRUCTING

Vodinchar G., Feshchenko L. Computational Technology for Shell Models of
Magnetohydrodynamic Turbulence Constructing.

Abstract. The paper discusses the computational technology for constructing one type
of small-scale magnetohydrodynamic turbulence models — shell models. Any such model is a
system of ordinary quadratic nonlinear differential equations with constant coefficients. Each
phase variable is interpreted in absolute value as a measure of the intensity of one of the fields
of the turbulent system in a certain range of spatial scales (scale shell). The equations of any
shell model must have several quadratic invariants, which are analogues of conservation laws
in ideal magnetohydrodynamics. The derivation of the model equations consists in obtaining
such expressions for constant coefficients for which the predetermined quadratic expressions
will indeed be invariants. Derivation of these expressions «manually» is quite cumbersome and
the likelihood of errors in formula transformations is high. This is especially true for non-local
models in which large-scale shells that are distant in size can interact. The novelty and originality
of the work lie in the fact that the authors proposed a computational technology that allows one to
automate the process of deriving equations for shell models. The technology was implemented
using computer algebra methods, which made it possible to obtain parametric classes of models in
which the invariance of given quadratic forms is carried out absolutely accurately — in formula
form. The determination of the parameter values in the resulting parametric class of models
is further carried out by agreement with the measures of the interaction of shells in the model
with the probabilities of their interaction in a real physical system. The idea of the described
technology and its implementation belong to the authors. Some of its elements were published
by the authors earlier, but in this work, for the first time, its systematic description is given for
models with complex phase variables and agreement of measures of interaction of shells with
probabilities. There have been no similar works by other authors previously. The technology
allows you to quickly and accurately generate equations for new non-local turbulence shell models
and can be useful to researchers involved in modeling turbulent systems simulating.

Keywords: automation of modeling, computer algebra, turbulence, magnetohydrodynamics,
shell models.
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C.B. JIBOPHMKOB, JI.B. BACUJILEBA
MOBBINIEHUE JOCTOBEPHOCTH BBISIBJIEHU ST AHOMAJIUI
HA U30BPAXEHUSX TIPU POPMHUPOBAHUU UX BEKTOPOB
MPU3HAKOB B BA3BUCAX BEMBJIETOB

Jeopnukos C.B., Bacunvesa /I.B. TloBbIlIeHHE 10CTOBEPHOCTH BbISIBJIEHHSI AHOMAJIUH HA
H300pazkeHHsIX Npu GOPMUPOBAHHH UX BEKTOPOB NPH3HAKOB B 0a3ucax BeiiBJIeToOB.

Annoramus. IlpemnoxkeH croco®d OOHApyXEHHS CIACATENBHBIX IUIOTOB M ILIFOMOK
B aKBaTOPUHM MOpEH M OKEaHOB IOCJIE KOPaOJICKPYIICHHI, OCHOBAaHHBI Ha PacIO3HaBaHWUH
aHoManuii Ha  00pabaThIBaéMBIX  H300p@KCHHAX, UYTO  yBEIMYMBACT BEPOATHOCTH
pacro3HaBaHus OOBEKTOB MOHUTOpHHra. OOOCHOBaH MOJXOJ K PELICHHIO TaKOW 3ajauM.
IlpencraBinena IOCTAaHOBKA 3aJaud PACIO3HABAHUA OOBECKTOB C IO3MLUH OWHAPHOM
KIaccuuKkamyuy npu oOHapyxeHuH aHoManuil. ITomydeHO aHANUTHYECKOE BBIPAKCHHE UL
aNropuTMa IPUHATHA peleHus. PaccMoTpeHa BO3MOXKHOCTh —(POPMANU3aLUM  MaTPHIY
N300paKeHUH B BUJE TUCTOrPaMM pPACIpEAeNCHHH HWHTEHCHBHOCTH LBETHOCTH (SPKOCTH).
OneHeHa KOHTPAaCTHOCTh HPH3HAKOBOIO IIPOCTPAHCTBA HAa UX OCHOBE. [IpeanoskeHo MOBBICUTH
KOHTPACTHOCTh TPU3HAKOBBIX INPOCTPAHCTB 3a CYET BTOPUYHOW OOpabOTKH THCTOrpamMM
pacripefieneHuii B 6Gasnce KpaTHOMAcIITaOHOW — BeWBIeT-JekoMno3unud. PaccMmoTpera
BO3MOKHOCTh pEaJIM3aliK BeHBIIET-NIPpeoOpa3oBaHuii Ha OCHOBE (YHKIMH Xaapa ¥ BEHBIICTOB
I'aycca 1-ro u 2-ro mopsaxoB. OOOCHOBaH MeXaHH3M (POPMHUPOBAHMS BTOPHYHBIX BEKTOPOB
MIPU3HAKOB U3 TPEXMEPHEIX BEHBIIET-IPE0OPa30BaHUI, ITyTEM YCPEAHEHHS HX KOd((HIMEHTOB
II0 OCH BpPEMEHHOro caBura. IlokasaHo, YTO HpH OIMHAKOBOI Pa3MEPHOCTH TIHCTOIPAMM
pacnpeneneHus SpPKOCTH C BHOBb ()OPMHPYEMBIMH BEKTOPAaMH IIPH3HAKOB, IOCIICIHUC
o0ecIieunBaloT 0ojee BBICOKYIO KOHTPACTHOCTh NPH3HAKOBBIX MPOCTPAHCTB. PexoMeH0BaHO
i Gopmanuzanuu M300pakeHHH B (opmare jpeg HUCIoib3oBaTh BeiiBaer [aycca 2-ro
IOpsiika, 00SCHeYNBAIOIMH NIPY IPOYUX PABHBIX YCIOBUSX OOJBLIYIO BEIHYHHY PasIAuHid
JUISL M300paXkKeHMH, collepXKaux aHoMauuu. Pa3paboTaH 1moaxox K BEpOATHOCTHOH OIEHKE
arOpUTMa aBTOMATHYECKOTO paclo3HaBaHuA wu3o0paxeHuil. IlomydeHo anamuTHYecKoe
BEIDKCHHE W OOOCHOBAaHBI €ro COCTaBILIIOINME dJieMeHTHL IlpuBeneHsl rpaduueckue
3aBHCHMOCTH BEPOSTHOCTH NPAaBHIBHOTO OOHapykeHWs (paclio3HAaBaHWS) aHOMANWH, B
3aBHCHMOCTH OT pa3MepoB II0 OTHOIIGHHIO K OOmel IUlomaad Kaapa M AUCHEpPCHU
nojcTunaromero ¢oxa. IlpencTaBmeHel pe3ynabTaThl 3KCIIEPUMEHTA IO  PACIIO3HABAHMIO
N300pakeHUH €O CracaTeIbHON IUTIONKON B akBaTOpHU OKeaHa. OmpeneneHbl HallpaBJICHHs
JNaNbHENIINX UCCIIEI0OBAHUIA.

KioueBble c0Ba: pacro3HaBaHME W300PXKCHMIL, BEKTOPbI IPH3HAKOB, BEHBIET-
mpeobpa3oBaHue, KOHTPACTHOCTD IIPU3HAKOBBIX IPOCTPAHCTB.

1. Benenue. ITo JTAaHHBIM OOH
(https://en.m.wikipedia.org/wiki/List_of shipwrecks in 2023. CBoOonmHbIH
nmoctyn Ha 29.04.2024) Tompko 3a mocienHud TON mpomsonuio 205
KpPYIHBIX KopabnekpymeHuii. [ToaToMmy BOmpock MpOBEACHHUS aBapHHHO-
cracaTeNnbHBIX paboT Ha BOAE 3aHUMAlOT OJHO W3 TPHOPUTETHBIX
HATPABJICHUH B JIEATCIHHOCTH MMHHUCTEPCTBA MO  YPE3BBIYAMHBIM
cutyarmsiMm  [1]. B wuHTepecax TmoOWCKa W CHACEHUS MOTEPIIEBIINX
KopaOJekpyIieHne co3JaroTcs crieluabHbIe NOJIpa3ieeHus,
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3aHUMAIOIIAECS MOHUTOPHUHTOM BOJHOTO MPOCTpaHCcTBa [2, 3], B TOM umcie
U C UCIIOJIb30BaHUEM OSCIIMIIOTHON aBuaruu [4, 5].

[TosToMy OmHOW W3 NPHOPHUTETHBIX 3afad SBIAETCS pa3paboTka
3¢ (GEeKTHBHOTO  HAYYHO-METOAMYECKOTO  ammapara,  I[TO3BOJISIOMIETO
OCYIIECTBIISITE MEPBUYHYI0 O0OpabOTKY BHACOMATEPHUATIOB C IICNBIO
0oOHapyKeHUsI TepIIIHUX OSJICTBUE HA BOJE.

B Hacrosimee Bpemst Uil 3THX IIEJICH aKTHBHO HCIOJIB3YHOT METOJ
HCKYCCTBEHHOTO MHTeJUIeKTa [6, 7]. OHAaKO yCHENIHOCTh €ro NPUMEHEHNUS
BO MHOIOM 3aBUCHT OT KayecTBa pa3pabOTaHHBIX  aJTOPUTMOB
naeHTH(GUKAINY, KaK NpaBHiIo, Oa3UPYIOLIMXCS Ha DJIEMEHTax TEOPHU
pacnio3HaBanus 00pa3os [8 — 10].

C yuyeToM YyKa3aHHBIX OOCTOSITENILCTB, B HACTOAIIEH CTaThe
MPEJCTaBICH MOAXO K Paclo3HABAHUIO OOBEKTOB C MO3WIMK BEBISBICHUS
aHOMannid Ha  0O0padaThIBacMbIX HM300paKCHUSAX IO  OTHOIICHHUIO
K OTaJIOHHBIM ONHCAaHUSAM. B YacTHOCTH, pacCMOTpPEHBI MPENIOKCHHUS
IO TIOBBIIICHUIO KOHTPACTHOCTH BEKTOPOB MPH3HAKOB HACHTUDUIINPYEMBIX
00BEKTOB, 3a c4yer wuX (OpMUpOBaHHA B  0Oa3mcax  BEHBIET-
npeoOpaszoBanmii [11 — 13].

2. O0ocHOBaHMe MOAX0/a K PelleHHI0 3a1aYH Pacrno3HABaHMS.
B obmem cnywyae 3ajady ToMcKa pe3yJibTaTOB TMOCJEJACTBUN aBapHid
BOJHOTO TpaHCIOpPTAa M TepIsmux OeAacTBHE Ha BOJAE, MOXKHO
paccMaTpuBaTh C TO3HWIMKA OOHAPY)KEHUsS aHOMAIMA Ha W300paKCHHUSX,
BBISBISIEMBIX B IPOIIECCE IOCIENOBATENLHOTO aHaIN3a MPEICTaBIsIEMbIX
U1 00paboTKku naHHEIX [14, 15]. BugeonanHble ¢ OECIIMIOTHOTO HOCHTEIS
MOCTYMAIOT Ha IIOCT MOHUTOPHHIA, TAC OIEparop IO pe3ylbTaTaM HX
BU3YaJIbHOT'O aHAJIM3a MPHHUMAET PEIICHHE O HAJIMYWU WIA OTCYTCTBUHU Ha
n3o0paxennn teprsmux 6encreue [16]. Ho yuuteiBas orpoMHble BOAHBIE
TEPPUTOPHUH, B IIpE/IesiaX KOTOPHIX MPUXOJIHUTCS BECTH IIOUCK, TAKOW MOIXO/
CTaHOBUTCS JOCTATOYHO TPYIOCMKHM.

B nacrosmee Bpems MMpoOKOe NPUMEHEHHUE TTOTYYMIH 1B HAYIHBIX
HaTpaBJICHUS, CBA3aHHBIX C pEIIeHHEM 3a7ad OOHapY)XeHUS OOBEKTOB IO
pe3ynbrataM o0paboTKH N300pakeHUH.

IlepBerif moaxon ©OasupyeTcss Ha TEXHOJOTHH KOMITBIOTEPHOTO
3peHHs, a B OCHOBE APYTOr0 HCIIONIB3YIOTCS Pe3yibTaThl CTATUCTHIECKOMN
00paboTKH TTapaMeTPOB H300PAKEHUH.

TeXHONOTMH MAIIMHHOTO OOYYEeHHs — AKTUBHO pa3BHBAaIOIICECs
HAyYHOC HAMNpAaBJICHUEC, OCHOBAaHHOC HAa MPUMCHCHHHM HEWPOHHBIX CETCH.
Ero cymHocTs 0a3upyercs Ha TOCIICAOBATCILHOM YTOYHCHHH HCXOJHBIX
ITOPUTMOB, 10 pe3yibTaraM o0paOOTKM JaHHBIX, KaKk Ha JTare
«00y4eHusn», TaK U B TIporiecce padoTsl [17].
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AHanu3 pe3ynbTaToOB MCCIEIOBAHHH, CBSI3aHHBIX CO CIJIOKHOCTBIO
AACHTH(PUKAIUN Pa3IMIHOTO POJa AHOMAJIWKA HAa BOJHOW TOBEPXHOCTH,
mpeacTaBileHHBIX B [18 — 22], mokazall TMepCHeKTHBHOCTH IMPUMEHEHHS
TEXHOJIOTHII Ha OCHOBE TIIyOOKOro OOY4YeHHs HEHpPOHHBIX ceTei (aHTI.
Deep Neural Networks — DNNs). Cpenut KOTOPBIX, HAWITydIIIHE PE3YyIbTATHI
0 OOHApYXCHUIO AHOMAIMH Ha BOAHBIX ITOBEPXHOCTSIX OOECIEYMBAIOT
cBepTouHbIe HeWpoHHBIE ceT (aHra. CNNs).

[To pe3ynpraTtam M3ydeHHs TPYIHOCTEH NMPaKTHYECKOW peanu3aluu
texHostoruit CNNs B paccmarpuBaemoit npotGiemaruke [21, 22] Obuio
YCTaHOBIIEHO, YTO Il 00paboTkM H300pakeHHs OJHOW W3 Haubosee
s dexkTuBHbIX HeHpoHHBIX cereii SENet HeoO0XoqUMMO OCYLIECTBUTH
5,8 x 10° BpluMCIHTENbHBIX oOHepammii. Ilpu 3ToM obecrneunmBaeTcs
BEpPOSATHOCTh  pacmo3HaBaHws Ha  ypoBHe 0,965, HO  pasmep
0o0pabaTpiBaeMOro HM300paKEHUS COCTABJISAET BCero JuImb 224 x 224
MTHKCETIOB.

3TO CBA3aHO C MPOOIEMOi 00YUCHHS CETH, TIOCKOIBKY PEe3yIbTaTHl U
MOCNIeACTBUA O€ACTBHH Ha BOJE CIIOXKHO KOHKPETHM3HUPOBAaTh M 3aTEM
(¢opmMamm30BaTh B BHJE IONPABOYHBIX KOI(P(UIMEHTOB B PEIIAFOIIX
anroputMmax. /laHHbii BeIBOJ cienaH B [18].

B cBoro oyepenpb CTaTHCTHYECKUN NOAX0 K 00paboTKe mapaMeTpoB
n3obpaxkeHudd, OasupyeTcs Ha  MeToJle  KJIACCHUECKOH  TeopHu
pacnio3HaBanus 00pa3oB, paspadoranubix K. dykynaroit [23]. Ognako ero
HEMoCpeCTBEHHOE IPUMEHEHHUE, B BUY BBHICOKOW BapHAaTUBHOCTH BOJHON
MOBEPXHOCTH, OyZeT CBSA3aHO CO 3HAYUTEIBHBIMU CIOXHOCTSIMH, YTO
MIOATBEPIKIAETCS pe3yabTaTaMU, IPEICTaBICHHBIMY B [24, 25].

Ho, HecMmoTpst Ha CBOIO OrpaHUYEHHOCTb [26], CTAaTUCTUYECKUH
TIOJIXOJ TIO3BOJISIET PEaM30BaTh aJTOPUTMBI KJIACCH(HUKANHN, OCHOBAaHHBIE
Ha BBLABICHHM aHOMAJIMH OoJiee MpOCTBIM 00pa3oM, 4eM 3To obecrmedar
METO/Ibl MALIMHHOTO 00y9IeHUs.

IIpu 3TOM MoHATHE aHOMANHMHA OyAeM pacCcMaTpHUBATh C MO3UIMN A.
Zimek u E. Schubert, xotopeie B [27] onpenenuiau JaHHOE SIBJICHUE Kak:
«...peiKHe JaHHbIe, COOBITHS WM HAOJIOJNCHUS, KOTOpPhIC BBI3HIBAIOT
MOJIO3PEHHsS. BBUIY HX CYIIECTBEHHOTO OTJIMYHMS OT OOJbIIeH YacTh
JaHHBIX». TO ecTh MPUMEHUTEIBHO K paccMaTpUBaeMOW TEMaTHKE — 3TO
00BEKTHl Ha M300paKEHHUSX BOJHBIX MOBEPXHOCTSX, HE XapaKTepHBIX JUIs
aKBaTOPUI MOpEH M OKEaHOB B OTCYTCTBUH O€JICTBUII Ha BOJIE.

Ho nnst obecriedenns 3(h(HheKTUBHOCTH TaKOTO IMOJX0Aa HEOOX0IrMa
pa3paboTKa COOTBETCTBYIOILETO METOIUYECKOTO amlapara, MO3BOJISIONIETO
OCYIIECTBHUTH TpeOyeMyto hopManu3anuio oopadaTeIBacMBIX U300paKCHHIN
IO YPOBHS UX MAIIMHHOTO BOCIPHUATHS U KOMITBIOTEPHO# 00paboTkum [28].
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O4eBUAHO, YTO PE3yJbTATOM TaKOW (opMann3amuu OJKHA OBITh
HeKkas ImdpoBas MaTpulla WIM BEKTOP YHCIOBBIX 3HAYCHHWH, KOTOPHIC
COOTBETCTBYIOIIUM 00pa3oM OTOOpa)karoT cojepikaHne odpadaThIBaEMOro
nm3obpaxkerns [29, 30]. Tompko B 3TOM ciy4ae BO3MOMKHA peaTH3aIns
apaMeTPUIECKOTo ITOAX0a K PEIICHHIO 3a/1a4 KITACCU(PHUKAINN C MO3UIIAN
TEOPHUH PACIIO3HABAHUS 00Pa30B.

Takum obpasom, GopManu3aius U300pakeHUI 10 YPOBHS NaHHBIX,
MO3BOJISIOIIUX ~ MPOBOJAUTH WX LUPPOBYIO  00pabOTKy, SBISIETCS
OCHOBOIIOJIararomuM MOMEHTOM IMPOBOJAUMOI'0 UCCIICJOBAHUA.

C yueToM pacCMOTPEHHBIX MOMEHTOB BbIOOpA MOJX0/a K PEUICHUIO
3aja4u OOHApyXeHHsi aHOMaiuii B 00pabaThiBaeMbIX H300paKeHUsX,
MOXHO 3aKJIIOUUTh, 4qTO MMPUMECHEHUEC METOA0B HNCKYCCTBCHHOT'O
WHTEJUICKTA B JAHHOW CHUTYAITUH CBSI3aHO C OINPEICIICHHBIMH CIIOKHOCTSIMH.
[TockonbKy WCIIONHEHWE TaKOTO IMOAXOAa MpEAToNaraeT HeoOXOAMMOCTh
OpTraHW3aIllii BBICOKOCKOPOCTHOTO Tpaduka ¢ OCCHIIOTHOW aBHAIUCH,
HaXOIAMICHCS HA 3HAYUTEIHHOM YyIOAllCHHH OT LEHTPOB MOHHUTOPWHTA, W
HaJIMYHE TOPOTOCTOAIIECTO BHICOKOMPOM3BOIUTEIHHOTO 000PYIOBAHUS, IS
peanu3ay aJropuTMOB HISHTH(OUKAIINHN, TPH TOM, YTO CYIIECTBYIOLIHIA
YPOBCHb TEXHHKH HE B TOJHOM Mepe Mo3BoJsieT 3(PQPEKTHBHO peliath
3aJa4d TaKOro YpPOBHS, B YacTHOCTH, MO pa3MepaM o00pabaThiBaeMbIX
n300pakeHUH.

[TosToMy wesecoOOpa3HbIM BUIUTCS MEPEXO] K METOAaM TEOPHU
pacmno3HaBaHMsA O00pa30B, OCHOBAHHBIX HAa IapaMeTpudeckoil oOpaboTke
¢parmerToB poto u BHmeo MaTepuanoB. OmHAKO TaKoOH mepexon
MpearoiaraeT pa3padoTKy METOIUYECKOro ammapara mo (opMmain3aiud
JAHHBIX 00pabaThIBaeMbIX H300paKEHUA 1O YPOBHS, ITO3BOJISIONIECTO
(opMHpOBaTh Ha WX OCHOBE BEKTOpHI Npu3HakoB [10]. A yuuThIBas, 4To
3 (QEKTUBHOCTE CHCTEM PACIIO3HAHUS OIPEJNENSIeTCS KOHTPACTHOCTBHIO
MIPU3HAKOBOTO IPOCTPAHCTBA, OCHOBOIOJATAIOIIAM MOMEHTOM SIBIISICTCS
MTOWCK TTOJIX0/I0B, ITO3BOJIIOMINX YKa3aHHYIO KOHTPACTHOCTh IIOBBICUTD.

B mHacrosmeil crathe TOM TOHATHEM KOHTPACTHOCTH Oynem
MMOHUMATh Pa3Iu4us (PU3NIECKUX MMPU3HAKOB, XapaKTEPHU3YIOMINX OOBEKTHI
(B maHHOM ciiy4ae W300paKeHHs), OTHOCAIIUXCS K aJIbTCPHATHBHBIM
(pacmo3HaBaeMbIM) Kaccam [4].

3.MocraHoBKa  3ajgauM  pacno3HaBaHus  O0BEKTOB  Ha
n300paxkeHnudax. B TepMuHAX METOIOB TCOpPHM pACIIO3HABAHHS O0OpPa3oB,
3aaqy  OOHApPYXKCHHS  HOBBIX OOBEKTOB Ha  00OpabaThIBacMBIX
M300paKeHUSIX MOYKHO OTHECTH K 3aja4yaM kiaccudukaimu [31], cornmacHo
KOTOpOW MO pe3ynpTaraM oOO0pabOTKM KakJoe H300pakeHHe OTHOCST
K OJIHOMY W3 aJbTCPHATHUBHBIX KJIACCOB, OIPEACISIONIUX IPU3HAKOBOE
MPOCTPAHCTBO PACIIO3HABAHMS.
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ITpu 3TOM KaXkIpIif U3 AIbTEPHATHUBHBIX KJIACCOB OYyJET MPEICTAaBICH
COBOKYIHOCTBIO TIPU3HAKOB, XapaKTEPU3YIOMIMX OOBEKT, M3 KOTOPBIX
(hopMHUpPYIOTCS] BEKTOPBI ITPU3HAKOB.

HanbGonee mpocto Takas 3agada pemraeTcs Ul CIydasl BBIIBICHUS
aHoMannii Ha oOpaOaTpIBaeMBIX M300pakeHMsX. 1o ecTh Korza
OTIPENeIAIOT JIBa aNbTEPHATHBHBIX Kllacca H300paxxeHHWi: A; — Kiacc
n300pakeHUid Ha KOTOPHIX OTCYTCTBYIOT aHOMaJIMM; M A, — Kiacc
n300pakeHUH, KOTOPBIE CO/IEPKAT AHOMAITUH.

B pamkax NpoBOJIMMBIX HCCIIC[IOBAHUH, 10/ aHOMAIHMAMH Oyaem
NOHMMAaTh HalW4Me Ha Buaeo M (oroMarepuanax H300paKeHHH,
OTHOCSIIUXCSI K MOCIIEACTBUSIM MPOUCIIECTBUI U aBapuii Ha BoJie (00JIOMKH
CYyJIOB, CIacaTelbHbIE CPEACTBA, U T.1.).

C mo3uImii METOJ0B TEOPHH PACIO3HABaHHUA 00pa3oB KakKIbIH U3
AIBTEPHATHBHBIX KIIACCOB XapaKTEPU3YyeTCsl CBONMH IPH3HAKAMH, KOTOPBIE
MOTYT 6I>ITL MIPEACTABICHBI B BUJIE BEKTOPOB MMPU3HAKOB:

*V, — BeKTOp NPH3HAKOB XapakTepu3yloummii kmacc Ao;
u'V,— BEKTOp NPHU3HAKOB XapaKTepu3yromui kinacc A,. 3necb m=1, ... M
— TEeKYIIWH TapamMeTp, ONpeAesAIOINi HOMEpP M MO3UIHMI0 KOHKPETHOTO
IIpU3HAKa B BEKTOPE IPU3HAKOB, pa3MepHOCThIO M [28].

YuuteiBas BO3MOXKHYIO BapHUaTHBHOCTH MIPHU3HAKOB,
XapaKTepU3YIOUINX KIacchl A U A,, A7t HUX (GOPMUPYIOT, TaK Ha3bIBacMbIe
STAJIOHHBIE ONMCAHMUS, HA OCHOBE KOTOPBIX CO3JAIOT ITAJIOHHBIE BEKTOPHI
MIPU3HAKOB 3THX KJIACCOB.

IMon »>TasOHHBIMH ONHCAaHWAMH OyleM IOHHMAaTb YCpPEIHEHHBIE
3HAYCHUS, XapaKTepHU3YIOMIHe pPAaclO3HaBaeMBIi OOBEKT (M300pa)keHue).
ITpuyem ycpemHeHHS MOTYT OCYIIECTBIATHCS KaK Ha YPOBHE HMOCTPOCHHMS
AIBTEPHATHBHBIX IPOCTPAaHCTB, TaKk M HAa YPOBHE (HOPMHPOBAHUS
XapaKTEPU3YIOIINX UX BEKTOPOB.

Bmecte ¢ TeM HamMuMe BEKTOPOB IPU3HAKOB MO3BOJISET CBECTH
3amady KiaaccupuUKaimu 00padaThiBAEMBIX TEKYIIMX H300paKECHUH K
npoLeaypaM CpaBHEHHUSI MX BEKTOPOB NPU3HAKOB C BEKTOPAMM NMPU3HAKOB
9TAJOHHBIX OIMCAHUM AIBTCPHATUBHBIX  KJIACCOB. To ecTh BCKTOD
NPU3HAKOB  TEKyIIEro  m300pamenus  F,  OyleT  CpaBHMBAThCS
C STAJIOHHBIMH BEKTOPaMH NPU3HAKOB JIByX ajlbTEPHATHBHBIX KJIACCOB A
nA4,  AHalUTHYeCKHM  Takas  oOmepauusi  HOpeAcTaBisier  coOoi
anreOpandecKyl0 Pa3HOCTh MEXIy IMapaMH BEKTOPOB 2V,,, u OVm, H le
H OVm, pPacCYUTHIBAEMYIO KaK

dyyon) = ZI v, =", 1, (1)
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rae dy — abCoNIOTHAas Pa3HOCTh MEXIY BEKTOPOM 00padaThiBaeMOro
A300paKeHUS on 1 BEKTOPOM 1V,,, , OTAJIOHHOI'0 OIMCaHus Kiaacca A;. dy —
Pa3HOCTb MEXAY BEKTOPOM oy, u BEKTOPOM V.

3ameTrM, 9TO aOCONIOTHAsI Pa3sHOCTh dj; KaK pa3 W ONpeAeiseT
KOHTPACTHOCTh TpHU3HAKOB. J[1s OWHApHOW CHCTEMBI KIACCHU(PHUKAINN
TAaHHOE 3Ha4YeHHe OyJeT XapaKTepH30BaTh W KOHTPACTHOCTH MPHU3HAKOBOTO
MPOCTPAHCTBA paclo3HaBaHus. J[is MHOTrOaJbTEPHATHBHBIX aJITOPUTMOB
KOHTPAaCTHOCTh NPU3HAKOBOTO TPOCTPAHCTBA paclo3HaBaHWs OyjaeT
OTIPENICIATHCA HAWOOJBIIUMH  PA3IUYMSIMA  MEXKIY JHOOBIMHA  JABYMS
MIPOU3BOJILHBIMU BEKTOPaMH MPU3HAKOB.

Torma WCKOMBIA aJrOPUTM TPUHATHS PEIICHUS O HAIHYHH
aHoOMaJIni MOXKET 6bITI) npeaAcTaBJiCH B BUAC YCJIOBUA OLICHKU 3HAKOBOM
GbyHKIHN:

. B 0>4,€4,;
Slgn(dm_doz)_ O<A0€A (2)
< -

B aToM ciydae anropuT™m KiaccHM(UKaUMH, C yYETOM BBIYUCICHUS
AQHAJUTUYECKOTO 3HAYECHUS] Pa3HOCTH BEKTOPOB MEXIYy 00pabaThIBa€MbIM
n300paXeHHEM W BEKTOPaMH OTAJIOHHBIX ONMCAHWH aJbTepPHATUBHBIX
KJIaCCOB, MOXKET OBITH IIPUBEJICH K cleayromemMy Bunay [4, 10]:

4y €4y
>

1 M
dm(oz) :HZ| 0Vm - 1(2)Vm [|dox < dy, . (3)
m=1

Ay €4

B cootBerctBUmM ¢ anroputMoM (3) 3 PeKTHBHOCTH NMpaBUIBHON
KJIaccH(UKAIIUN T€M BBIIIE, YeM BBIIIE KOHTPACTHOCTH MEXKIy BEKTOPaMHU
V.

CornacHo BbIpakeHHIO (3) dYeM OOJbIIe PAa3TUYUS  MEXKITY
BEKTOpaMH MPHU3HAKOB, T.e. YEM BBIIIE KOHTPACTHOCTH dy;, TEM IIPOIIE
cienaTh MPAaBHIBHEIA BRIOOpP B IOJIB3Y TOTO, WJIM MHOTO Kiacca. Jpyrumu
CJIOBaMH, BBICOKas KOHTPACTHOCTh W3HAYAIBHO OOCCIEYUT BBICOKYIO
JIOCTOBEPHOCTh BEPHOTO PEIICHHUS B YCIOBUSIX MeEIIAONMX (HaKTOPOB,
MPUBOASAIINX K CHUKCHUIO Pa3M4YUil MEXAYy BEKTOPaMH IPHU3HAKOB,
BBI3BAaHHBIX, HAIIPHMEP, BAPHATHBHOCTHIO BOJHOW MTOBEPXHOCTH B YCIIOBHIIX
OTCYTCTBUSI aHOMaJIH.

CrnemoBatenbHO, HEOOXOIWM TIIOMCK TAaKOTO (PyHKIMOHAIEHOTO
6a3zmuca GOpMHPOBAaHUSI BEKTOPOB NMPH3HAKOB, KOTOPHIA IIPH MUHUMAIHEHOM
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Pa3INYUK MEXAY aJbTEPHATHBHBIMHU KJIaccaMH, 00ECIIeUUT MaKCUMalbHbIe
Pa3INYUs MEXIY MX BEKTOPAMH IPH3HAKOB, T.€. 00ECIEUUT HauOOJNIBIIYIO
pasHOCTh I anroputMa (3).

ITockonbKy 3(HEeKTUBHOCTD paclo3HAaBaHUsS HAIPIMYIO 3aBHCHT OT
GU3NYSCKUX pasIHYHil MKy BEKTOpaMU NPH3HAKOB IPU MPOYHX PaBHBIX
YCIIOBHSAX, TO, YACTHYIO BEpOAJbHYIO 3a/1ady HCCICHOBAHHS ONPEACIUM B
crnenyromei GopMyIHpOBKeE.

W3 BO3MOXHBIX IOAXOAOB K QopManu3anuy H300pakeHUH
HEOOXOAMMO  BBIOpaTh  TOT, KOTOPHIH  OOecreduT  HAUOOJBLIYIO
KOHTPacTHOCTb, C(POPMHPOBAHHBIX Ha €ro OCHOBE BEKTOPOB IPHU3HAKOB.
B o6em citydyae, Mex1y AByMs JIIOOBIMU allbTEPHATHBHBIMH KJIaCCaMHU.

HNanee momarasi, 4TO MOAXOA K (OpManu3aluu HU300paKeHUs
IpearoiaraeT ero JIeKOMIIO3UIHIO B (YHKIMOHAIBHOM 0a3uce 10 YPOBHS
YHCIIOBBIX 3HAYCHHH, TO MaTeMaTHYECKH YAaCTHYIO 3a1ady HCCICIOBaHUS
3aIlMIIeM B CIICAYIOIIEM BUIE:

FiV,}, 4 X |V =Vl )

—A2H~>min

3neck omeparop F{*} — obOo3HaueHHWe (PYHKIIMOHAILHOTO Oa3mca
JIEKOMITO3UIIH U300 paKeHHUS.

VYuuTeIBas pe3ynbTaThl, MoydeHHble B [12 — 15, 28], npexnaraercs
B KadecTBe (YHKIMOHAJIHHOTO Oas3Wca JEKOMIIO3WUINH HM300paKeHUH
WCTIONB30BaTh HMX KpaTHOMAcIITaOHbIE TIpeoOpa3oBaHMS Ha OCHOBE
BEUBJIETOB.

Jlanee Oynem nonarath, 4TO B paMKax NPaKTHYECKUX HMPHIIOKEHUH,
(dopManuzanys HM300paKEHUH JOJDKHA TMO3BOJUTH II0JYy4YaTh BEKTOPHI
NPU3HAKOB YAO0OHBIE [UISl MX MOCIEAYIOIEH allrOPUTMUYECKON 00paOOTKH.

Ilpu 3TOM cleayeT MNOHMMATh, 4YTO B XOJC KJacCUpUKAIMH
UCMIONB3YIOTCSL  TpOoUenypsl  He  (haKTUYeCKOro  paclo3HaBaHUS
n300pakeHNs, a BBISBICHUS HANWUYMsA HA HEM IPU3HAKOB IOCIEICTBHI
aBapuil ¥ MPOUCLIECTBUM Ha BOJE.

4. BoiOop 0asuca dopmaausanum u3o0paxenuii. B [32]
MIPEJCTaBICHBl HCCIECIOBAHMS, COTJIIACHO KOTOPHIM TepeXxox oT ¢opmara
nm3obpaxkennit RGB (anrn. Red, Green, Blue), k ¢opmaty GS (anrn. Gray
Scale) Bemer k moTrepe WHOOPMAIMH JHIIb U IIBETOB HMMEIOIINX
OJIMHAKOBYIO HMHTEHCHBHOCTH OCBEIIEHHOCTH.

Jnst manpHe#melr oOpaboTKM MaTpHIl MpeajiaraeTcsi UCIOJIb30BaTh
JIEKOppeMpYIOIIMe NpeoOpa3oBaHusl Ha OCHOBE BEWBJIET-IpeoOpa3oBaHMii
[33, 34]. Tak kak MaTpuia IOJYTOHOBOTO H300pKEHUS pPazMEPOM
800 x 600 6ynet comepxkatb 480 ThIC. 3HAUCHUH.

1704 Undopmaruka u asromatuszanus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (1ieu.)
ISSN 2713-3206 (ommaiin) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

Y4aurteIBas, 4T0 MaTpHIla U300pKEHUS TIPEICTaBIsIET cO00H Habop
JTUCKPETHBIX 3HAYCHUH, MpearaeTcsi UCIoIb30BaTh AUCKPETHBIE (HOPMBI
BeliBneT-npeodpazosanus ([ABIT) [35, 36].

B ob6mem ciryuae, peammzanus JIBII npeacrasmser co0oif pe3yapTart
CBEPTKM BXOJHOH peamm3anuu oOpabaTblBaeMOoro Tporecca  x[n]
1 GOPMHPYIOLIETO MATEPHHCKOTO BewBIeTa y[n].

®usnueckn, peamnsauuo JBII MoxHO paccmarpuBaTh Kak
pe3ynbTaT AEKOMITO3MLMKM BXOMHOIO Ipoliecca IyTeM I0Cie0BaTeIbHOM

BU-punbrpanuu A[2n — k], ¢ Lenbl0 TMOJYYEHHS JACTATM3UPYIOIIMX
3HAUEHMH, OMNpeesieMbIX Kak BelBieT-kod(duumeHtsl ypy[n]. M1 HY-
¢unbTpammu  g[2n — k|, mna  GopMHpOBaHMS ANNPOKCHMHUPYIOUIUX
K03(h(HUIMEHTOB Vyy[1].
K
Vil xlk]g[2n —k]. &)
k=0
K
qu[n]Z x[kA[2n—k] . (6)
k=0

OuIbTpbl, OMNHUCHIBa€Mble BhIpakeHUAMH (5) U (6) mOTydUIH
HAa3BaHUE KBAJ[PATYPHBIX 3ePKATBHBIX (HIBTPOB.

IMocnenoBarenpHass  peanu3anus  OPOLEAYp,  OMpenelsieMas
BeIpakeHusMu (5) u (6), GopMHpyeT ABYMEpHYIO MATpHUILy BEHBIET-
KOX(PHUIHIEHTOB, OTIpeIeIISIEMYIO KaK JFICKPETHOE BeHBIIET-

npeobpaszoBanue [37]. Takum oOpazom, JIBII MoXkHO paccMaTpuBaTh Kak
pacIpeieneHre 3Heprun BXOJHOH peann3anuu 00pabaTeIBaeMoro mporecca
B TNPOCTPAHCTBE MACIITAOHBIX MPe0Opa30BaHWH M BPEMEHHBIX CABHIOB
(dhopmupyromux (MOPOKIAONUX) MATEPUHCKUX BEHBIICTOB.

[Mpocreiimmm BeWBIETOM, HCTIONIB3yeMBbIM JuIst popmupoBanus (BT,
SIBJISIETCSL BEUBIET- Xaapa, OMUChIBAEMBIi BhIpaskeHueM [36]:

I, 0<n<l1/2
yy[n]l=4-1, 1/2<n<]; @)
0, ne[0,1).

B cootBercTBHM ¢ aHanmuTHdeckoi (opmor npenctaBienus (7),
9JIEMEHTHl BXOJHOW peanu3aly TPpymmupyoTrces mo 2. W ang xaxmoi
TPYNITEI BBIYHCISACTCA WX CyMMa W Pa3sHOCTh. YKa3aHHAas TPYMITHUPOBKA
OCYIIECTBIISIETCSI  PEKypCHUBHO, C OOpa3oBaHMEM HOBOTO  YPOBHS
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MacmTaOupoOBaHWsS B  NPOCTPAHCTBE  BpeMEHHBIX  caBuroB  [37].
B pesynsrate momyuator 2° ' ypoBHeil JeKOMIOSHIHI ¥ OHY OGILIyIO
CyMMY B BHZIE OIIMOKH (OCTaTKa) almpOKCHMAIIHH.

Ha pucynke | moka3aHo BpPEMEHHOE MPEACTABICHUE OTLIOBCKOTO
(¢x(n) 1 MaTepuHCKOTO yx(71) BEHBIIETOB.

(P%(ni

wx(n)

Puc. 1. BpemenHOe npeacTaBiacHue BeliBIeTOB Xaapa
AnprepHatuBHbIM pemeHueMm gans  JABII  sBnsercs  BeiiBiet-
nmpeoOpa3oBaHWEe HAa OCHOBE  JUCKPETHBIX  PSJIOB  HEMPEPHIBHOTO

Bpemenu [38], GpopMupyeMbIx, Kak mpaBWIIO, HA OCHOBE BeiiBieToB ['aycca
1-ro nopsiaka yr[#]:

v [n]=-nexp (-n’/2), ®)
1 2-ro Topsaka yro[7]:
Vol = (1-n*)exp (-n* /2). ©)

Ha pucyHke 2 IeMOHCTPUPYIOTCS BPEMEHHbBIE CTPYKTYpPhI BEHBIICTOB
laycca yri[n] n yro[n].

et /TN o

' -~/ /f AN~
~>SG ——

g

Puc. 2. Bpemennoe npexacrasieHue BeliBneros I'aycca
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B HacTosimee BpeMs M3BECTHBI B TCOPUH M IIHPOKO HPUMEHSIOTCS
Ha MPaKTHKe OOJIBIIOE KOJMIECTBO PA3INIHBIX THIIOB BEHBIIET-(QYHKIIMH.

Bribop BeitBneroB ['aycca Ha gaHHOM »dTame OOYCIOBICH UX
XOPOIIMMH  alIPOKCUMHUPYIOIIUMH  CBOMCTBAMH, B  IPHIOKECHHUH
K 00paboTKe  TEpPBHYHBIX  BEKTOPOB  NPH3HAKOB  HM300pakeHUii,
(opMupyeMBIX B BHAE T'HCTOIPaMM paclpeAeieHHs SPKOCTH M3 MAaTpPHUI]
MOJYTOHOBBIX M300pakeHuit [28]. B xauecTBe nmpumepa npencTaBieH Kaap
n300pakeHusT BOMHOU MOBEpXHOCTH B (opmare *.jpg pasmepom 600x800
IUKCeNeH, KOIMPOBaHHbBIX 8 OUTaMHU.

B nanpHelimeM uccienoBaHMM JaHHOE H300pakKeHHE OIpeIelieHO
kak orasoHHoe. Ilog TOHATHEM OJTalOHHOrO, OyJeM IOHUMAaTh
n3o0paxkeHne, XapakTepusyloliee HauOosnee THUIOBOW (OH BOJHOU
MOBEPXHOCTH VISl YCIIOBHH IIPOBEIEHMS SKCIICPUMEHTa (Ha NPaKTUKE —
BOJIHAS aKBaTOPHS 10 MOMEHTa OeICTBUI Ha BOJIE).

B pamkax Hacrosmieli craThW, W300paXCHWE Ha PHUCYHKE 3
oIpesieNsieT Kiacc 4, T.e. KJIacc, ONpeAeIomuil n300paxeH s, a KOTOPBIX
OTCYTCTBYIOT aHoManuu. Jlns mpumepa, Ha pucynke 4 wm300paxeHa
MaTpHla JAHHBIX 3TAJIOHHOTO H300paXKCHUSL.

. —

Puc. 3. U300paxeHne BOJHOM MOBEPXHOCTH (STAJIOHHOE)

CTpyKTypy MaTpHIIbl, NPEJCTABICHHON Ha PUCYHKE 4, ONpENeNsIOT
LIEJIOYUCIIEHHOE 3HAueHHWe TMHKceaa B auanmazoHe ot 0 go 255,
C KOOpJIUHATAMH TI0 OCH a0CIHCC W OpAWHAT, COOTBETCTBYIOIIUX €€
pasmepHoctu  600x800. Kax yxke oTMedanoch, pa3Mepbl MAaTpHILbI
CYIICCTBEHHO 3aTPYIHSIOT €€ HKCIOJIb30BAHUE I HEMOCPEICTBEHHOIO
MPUMEHEHUs B alroputMax pacno3HaBanus. [lostomy B [10] mpeanoskeHo
B Ka4eCTBE BEKTOpa MPU3HAKOB UCIIOJB30BaTh THCTOTPAMMY
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pacripeienieHiss 3HAYCHUH SPKOCTH IHUKCened, CHOPMUPOBAHHYIO U3
MAaTPUIIBI H300paXKeHUH.

Puc. 4. ManPII.Ia JAHHBIX 3TaJIOHHOI'O 1/1306pa)1<eH1/151 BOI[HOﬁ MOBEPXHOCTHU

Ha pucynke 5 neMoHcTpupyeTcsi THCTOrpaMMma paclpeiesieHus
SIPKOCTH TIMKCEJIEH 3TATOHHOTO N300pasKeHNsI.

1 T

0.9*3Vm
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1 m |

0
0 16 32 48 64 80 96 112 128 144 160 176 192 208 224 240 256

Puc. 5. 'ucrorpamma pacrnpeneneHus MUKcenel (pKOCTH 3TATIOHHOTO U300paKeHus

IMockonbKy THCTOrpaMMa paclpeieNeHus] SIPKOCTH MpPeACTaBIseT
cO0OH yNOpsIIOYEHHBIH BEKTOP, KOJIMYECTBO IJIEMEHTOB KOTOPOTO BCETAa
ocTaeTcsi HEM3MEHHBIM BHE 3aBHCHMOCTH OT pa3Mepa M KadecTsa
HCXOJHOTO W300paXEHHs, TO OTKPBHIBAETCS BO3MOXKHOCTH HCIOJIb30BaHMS
THCTOIPaMMBI B Ka4eCTBE BEKTOPOB NPH3HAKOB PACIIO3HABAHUSL.

Jnst omeHKH OOOCHOBAaHHOCTH TaKOT'O IIOJIXOJAa PACCMOTPUM IBa
KaJgpa MOPCKOW akBaTopud (PUCYHOK 6 W PHCYHOK 7), Ha OIHOM U3
KOTOPBIX N300paXkeHa criacaTesbHas IIUTIOIKa.
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Puc. 6. llimonka Ha BOIHO# MOBEPXHOCTH (H300paXKeHHe CO LUTIONKOIT)

OTMeTuM, Y9TO I 3KCIepuMeHTa Obuio otobpano 200 kampos
¢ M300paKEHHEM MOPCKOM TMOBEPXHOCTH B TMpelesiaX OJHOW aKBaTOPHH,
MOJIyIEHHBIX TIPUMEPHO B OJHO W TO K€ BpEMs, M OJHHX H TeX Xe
TIOTO/THBIX YCIIOBHUSIX.

Puc. 7. U300paxeHne BOJHOI MOBEPXHOCTH (TEKyIIee)

Ha pucynke 8 u 9, COOTBETCTBEHHO TIIOKa3aHBI THCTOTPAMMEI
pacupeneieHuss HOPMHUPOBAHHBIX 3HAYEHWH SPKOCTH, paccMaTpHBaeMble
B Ka4eCTBE BEKTOPOB IPU3HAKOB, YKA3aHHBIX H300pasKeHUIH.
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1 T
ox
0.9 Vln

0.7
0.6
0.5
0.4
0.3

0.1

m
0 L
0 16 32 48 64 80 96 112128 144 160176 192 208 224 240 256

Puc. 8. 'ucrorpamma pacnpeneneHus MUKceaen SpKOCTU H300paskeHNs
€O LIIIONKOR

0
0O 16 32 48 64 80 96 1
Puc. 9. 'mcrorpaMma pacripesie/ieHus! MUKCeNIeH IPKOCTH TEKYIIETro N300paKeHNs

Hanee, B cooTrBercTBUM ¢ BheIpaxkeHueM (1), paccuutaHHas
abcomoTHasT pa3HOCTh MEXAY BEKTOpPOM 00pabdaThIBaeMOTO H300pa)KeHUS
"V, ¥ STAJIOHHOTO onucanus *V,, OyneT paBHa

1 255
d =— v, ="V, 1=0,03.
756 2| V=

A mexny Bekropamu "'V, 1V, , COOTBETCTBEHHO
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1 255
Td=—>" |V, ="V, |=0,068.
256 =,

[Mony4yeHHBIH  pe3ynbTaT  MO3BOMSIET  CAENaTh  3aKIIOUCHHUE
0 NOTCHUHUAJIBHOH  BO3MOXKHOCTH  HCIIONB30BaHUS  pachpelneieHus
THCTOTPAMM MHKCENeH SPKOCTH B KAa4yeCTBE BEKTOPOB IMPU3HAKOB IS
pacro3HaBaHuUs U300paKEHHUH.

Opnako Oomee TIyOOKHMH aHAW3 WCCIEAYEMBIX H300paKeHHHA
MTOKAa3all, 9YTO0 MOJIOKHUTEIBHBIA pe3ynsTaT Obl1 oOecredeH uib Oxarogaps
0ojlee HM3KOM JMCIIEPCUM pasiMuuii Mexmy Bekropamu 'V, u °V,,
("R =5,36x10") 110 OTHOLICHHIO K AHCIIEPCHH PA3HOCTH MEKIY BEKTOPAMH
L w Y, ("R = 7,04x107).

B nmaHHOM ¥cCleOBaHMM AUCIEPCHS PA3IMYUA Pa3HOCTH MEXTY
BEKTOPaMH PACCUUTHIBANACH TI0 CIEAYIOIICH Gopmyie

OIR:;X
M -1
2 (10)

M-1 0 : 1 M-1 0 :
XZ ( Vm_ Vm)__z( Vm_ Vm)
m=0 Mm:O

Huskas jpucrnepcust pasiuyuil Mexay Bekropamu 'V, u V,
oOyciioBiieHa TeM, YTO BOJIHEHME MOps He MpeBblmaer 1-2 0auioB.
OueBUHO, YTO INpU Oo0Jiee CHIBHOM BOJHEHMH BEJMYHMHA JHCIIEPCHH,
XapaKTepU3ymoIlel pa3auuusi BEKTOPOB, BO3pACTeT, YTO CYILIECTBEHHO
CHHM3HT BEPOSITHOCTH MTPAaBUIILHOM KiIaCCU(PHUKALIUH.

CrenoBaTenbHO, HEOOXOAWM TIOMCK IOJXOJOB, IO3BOJISIONINX
MOBBICUTh KOHTPACTHOCTh IMPH3HAKOBOIO MPOCTPAHCTBA PACIO3HABaHUA,
ONPEIENIIEMOr0 BEJIMYMHON paznuuuii BEKTOPOB MIPU3HAKOB,
XapaKTEPU3YIOLIEr0 €ro KJIACCOB.

5. Pe3yabrarhl 3KcnmepuMeHTa. B coOoTBETCTBUM C  LIENEBOM
YCTaHOBKOH, JUTS MOBBIIICHUS] KOHTPACTHOCTU MPU3HAKOBOT'O IIPOCTPAHCTBA
MPEATI0KEHO BEKTOPHI MPU3HAKOB N300pakeHUH cTpouTh Ha ocHoBe JIBII.

Marpunpl JUCKPETHBIX 3HAa4YeHUI BeHBIET-NPeoOpa3oBaHuil ISt
STAJIOHHOTO, TEKYLIEro ¥ N300pa)KeHHs CO ILIIONKOH Ha OCHOBE BeiiBieTa
Xaapa npezcTaBieHsl Ha pucyHke 10.

3necw *Wx, "Wx, " Wx — JABII 5TallOHHOTO, TEKYILETO M U300paKEHUS
€O LUTIONKOM Ha OCHOBE BeiiBiieTa Xaapa.
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Puc. 10. a) MaTpuIpl 3TAIOHHOTO M300paXKEeHHsI HA OCHOBE BeifBiera Xaapa;
0) MaTpHIBI H300paXKEHNS CO ILTIONKOM Ha OCHOBE BeliBiieTa Xaapa; B) MaTPHUIIBI
TEKyLIEero 300pakeHHsI Ha OCHOBE BeiiBieTra Xaapa

Marpunpl JUCKPETHBIX 3HAaueHUI BeHBIIET-TIpeoOpa3oBaHui  JuIst
STAJIOHHOTO, TEKYLIET0 ¥ N300pa)kKeHHs CO IIIIONKOM Ha OCHOBE BeiiBieTa

I'aycca 1-ro mopsiaka mpencTaBieHs! Ha pucyHKe 11.
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Puc. 11. a) MaTpumsl 5TaIOHHOTO H300pakeHHsT HA OCHOBE BeiiBiera 'aycca 1-ro
nopska; 0) MaTpuIbl N300paXKeH s Co IIIIONKON Ha OcHOBE BeifBiera 'aycca 1-ro
TIOpsIJIKa; B) MaTPHUIEI TEKYIIEro n300pakeHus Ha OCHOBe BeliByiera ['aycca 1-ro

nopsiiKa

3necw *Wry, "Wry, " Wri — IBII 5TanoHHOro u300pakeHUsl HA OCHOBE

l'aycca 1-ro mopsnxka.
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Matpuibl AUCKPETHBIX 3HAYCHHWHA BEWBIIET-TpeoOpa3oBaHUil s
STAJIOHHOTO, TEKYIIETO W M300paXeHUsI CO NUTIONKOW Ha OCHOBE BeHBieTa
I"aycca 2-ro mopsiaka mpeIcTaBIeHbl Ha pUCYHKe 12.

Uz

Puc. 12. a) maTpunsl 3TaIOHHOTO H300pakeHHsT HA OCHOBE BeiiBiera ['aycca 2-ro
nopsiaka; 0) MaTpuIbl H300paXKeH s CO LUTIONKOW Ha OCHOBE Beitiera ['aycca 2-ro
HOPs/IKa; B) MaTPHUILBI TEKYLIEro M300paXkeHns Ha OCHOBE BeiiBneTa ['aycca 2-ro
nopsaKa
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3necw *Wry, "Wra, " Wr, — IBII 5TanoHHOro u300pakeHUsl HA OCHOBE
l"aycca 2-ro nopsiaka.

OTMmeTnM, dTO  Jake BU3YalNbHBI  aHANW3  IOyYeHHBIX
n3o0paxxeHuit marpur] JIBII mo3Bomsier cienaTh BBIBOJ O IMOBBIIICHUH
KOHTPACTHOCTH ITPU3HAKOBOT'O IPOCTPAHCTBA.

[IpencraBnennsie Ha pucyHkax 9-11 marpunsr ABII mos mydameit
JIEMOHCTpAIH OCTPOEHBI C IIIarOM CJIBUT'a PaBHOTO YETHIPEM.

Tak na matpuuax JIBII, chopMUpoBaHHBIX Ha OCHOBE BEHBIIETOB
laycca 1-ro u 2-ro mOpSAKOB, JJIs U300paKCHHUI HUIFOTKUA OTYCTIUBO
MPOCMATPHUBAIOTCS  XapaKTepHU3ymIIHe e¢ BelBIeT-KodhUireHTs
(na pucynkax 10(0) u 11(0) yka3aHbl CTpenKoit).

BrisiBjieHHBIC OCO6eHHOCTI/I MO3BOJIAIOT BBIJIBUHYTH THIOTE3Y

0 MOBBIIICHUH KOHTPAacCTHOCTH MPH3HAKOBBIX MPOCTPAHCTB
U300paKeHHH B pe3ynbTare MX (OPMHUPOBAHHMS HA OCHOBE BEHBIET-
npeoOpa3oOBaHUIA.

ITo pesymnbTatamM BHU3yaJbHOTO aHAIH3a OBLIO NPHHATO 3aKIJIIOYEHHE,
9To Hambojee pembe@HO BEHBIET-KOA(POUIMEHTH, XapaKTEePH3YIOIIHE
HaJIM4YMe UUIIONKM, OposiBistorcs Ha martpune JBII, mocrpoennoil Ha
ocHoBe BeiiBiera ['aycca 2-ro nopsanka. [Tostomy oHn ObUTH BBIOpaHBI IS
MTOCTPOCHHS BEKTOPOB ITPU3HAKOB.

Ha pucyske 13 MpEeJCTaBIEHBI BEKTOPBI MIPU3HAKOB,
cthopmupoBanHbsle Ha ocHOBe MaTpull J(BII myTem ux ycpeaHeHUs IO BceM
MaciTabaMm Ha KaXJIOM BPEMEHHOM CJIBHTE.

OTMmeTuM, 4TO MOCTPOECHHE BEKTOPOB Npu3HaKoB M3 Matpur JIBII
BO3MOXXHO, M TI0 TIEPEMEHHOU 71, U 110 NEepeMeHHOH m. Bribop B moin3y
MOCJIEIHEH TepeMeHHOM m 00yCIIOBIICH pe3yJbTaTaMH, IOJTY4YE€HHBIMU
B [4].

Jns OLIEHK!U KOHTPAacTHOCTHU BEKTOPOB MPU3HAKOB,
cthopmupoBanHbeix Ha ocHoBe JIBII, ucmonesyromiero BeiiBier ['aycca 2-ro
opsiIKa, Bocrob3yemcst popmyioit (1).

Hwxke mpezncraBieHbl pe3ysibTaThl B3aMMHOW KOHTPAcTHOCTH
BEKTOPOB MPU3HAKOB MEXIY OSTAJOHHBIM M TEKYIIUM H300paXXCHUEM,
a TaKXK€ 3TAIOHHBIM U H300paKEHUEM IILTIOTIKH.

255

Zl Vm|=0,15,
256

255

d=— v, - =0,019.
256Z| m‘
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a) rraVrz(m)
O;
0.
0.
0.6
0.
0.
0.
0.
0. m-
0 32 64 96 128 160 192 224
a)
6) rrmVrz m)
0.
04
0.
0. Anoman
0.
0.
0.
0.
0.

0 32 64 96 128 160 192 224
6)

0 32 64 96 128 160 192 224

B)
Puc. 13. a) BekTOp MPHU3HAKOB 3TAJOHHOTO M300paKCHUS Ha OCHOBE BEHBIICTA
I'aycca 2-ro mopsika; 6) BEKTOp IPH3HAKOB H300pakKeHNS CO IILTIONKOM Ha OCHOBE
BeiiBieTa [aycca 2-ro mopsaka; B) BEKTOp MPU3HAKOB TEKYIIEro H300paXKeH s Ha
OCHOBe BeiiBnieTa ['aycca 2-ro nmopsaka
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IMTomydeHHBIE pe3yNbTaThl TOKA3bIBAIOT, YTO AJISI PACCMATPUBAEMOTO
IpuMepa pa3iuuus B KOHTPACTHOCTH MEXAy IapaMd pPa3HOCTEH
COCTAaBJISAIOT IO4TH 7,9 pas.

CrienyeT OTMETHTH, YTO €CIIM B KAa4EeCTBE ITATOHA PAaCCMaTPUBATH
TeKyIee n300pakeHue, TO pa3nuuns yBenndarcs B 8,3 pasa.

Jnst  sydmedl  HariasiqHOCTH  PE3YNBTATOB  HCCICIOBAaHHUS HA
pucyske 14 mpexactaBieHsl (QYHKIUHM DPa3iMYuid  MEXIy BEKTOpaMH
NIPU3HAKOB JTAJOHHOTO HW300paXeHMS W HM300paKEHUS CO IIUTIONKOW,
noJIydeHHele Ha ocHoBe rucrorpamm u JIBII c BeiiBnerom I'aycca 2-ro
HOpsIJIKa, pacCYUTaHHbIE 10 hopMmyIte

ey (m) =V, =V, s (11)
rae 'drr(m) — QyHKIMS Pa3HOCTH MEXTy BEKTOPAMM NPH3HAKOB HIDKHUMA
WHICKC OTAJIOHHOTO H300paKeHUs W HW300paK€HUS CO  IUIFOTIKOM,
MTOJTy9ICHHBIE HA OCHOBE TUCTOTPaMM;

Tdry(m) — QyHKUMS Ppa3sHOCTM MEXIYy BEKTOPAMH IIPH3HAKOB
HIKHUH MHJIEKC ITAJOHHOT'O M300paKEHHS M M300paKEHUS CO ILIIOIKOM,
nosydeHHbie Ha ocHoBe JIBII, MCHONB3yOMIEro B Ka4eCTBE MATECPUHCKOTO
BeliBiera Qpyukiuio ["aycca 2-ro mopsjka.

OueBHAHO, 4YTO JHUCHEPCUS BEKTOpa ~ dro(m) CyIIECTBEHHO
NPEBOCXOIUT aHAJOTUUHBIM MMOKa3aTellb BeKTOpa * drr(m), U4TO MO3BOJISET
CyIUTh O TIOBBIIIEHHH KOHTPACTHOCTH MPHU3HAKOBOTO IIPOCTPAHCTBA,
chopmupoBanHOoTo Ha ocHOBe MaTpuil JIBII.

VYuuTeBasg, 4To OOHApy)XeHHE, B JaHHOM CIyd4ae CIacaTelbHON
IUTIONKH, OyIeT MPOHMCXOAWTh Ha (POHE NUHAMHYCCKH W3MEHSIOMICHCS
MOPCKOW MOBEPXHOCTH, TO TaKOW IIpoIecc OyIeT HOCHTh BEPOSTHOCTHBIN
XapaxTep.

[eleoNoNoNoNoRoNoXe)

Y
It Ao ANARCTIA, \_.
0 16 32 48 64 80 96 112128144160176192208224240256
Puc. 14. ®yHknum pa3sHOCTH BEKTOPOB IIPH3HAKOB
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ITockoJIbBKY pacCMOTpPEHHBI TOIXO0J K OOHApYKEHHIO aHOMAalWui
OCHOBaH Ha CTaTHUCTHYECKOH 00pabOTKe MapamMeTpoB H300paKEHUH, TO
OTKPBIBAETCSI BO3MOXHOCTh OLEHKH €ro 3((EeKTHBHOCTH, C MO3UIMN
BEPOSITHOCTHBIX MTOKa3aTeIeH.

IMoaxonpl K BEpOATHOCTHOH OLIEHKE paclo3HaBaHMS OOBEKTOB IO
pe3ynpTataM 00paboTKH M300pakeHUi M3BecTHBI. OMHAKO BCE OHH, Kak
MIPaBUJIO, OPUEHTUPOBAHBI HA OIPE/ICIICHHBIE YCIIOBHSI.

Tak B [39], BepoATHOCTh paclo3HaBaHMS PACCMOTPEHA C IMO3UIUH
BO3MOXKHOCTEH ammaparypsl W ycioBus HaOmopenus. Ilonyuennas B
pabore aHanuTHYecKas 3aBUCHMOCTb HOCUT OMIIMPHYECKHIl XapakTep |
COJICPIKUT OOJIBIIOE KOJMYECTBO PA3IMYHBIX YTOUHSIOMNX KOAPPHUIIHEHTOB
u napamerpoB. OJTHAKO B OCHOBY BEPOSITHOCTHOTO BBIP@XKEHHUSI COCTABIISIET
BEJIMYMHA OTHOIICHHS IO 0OBEKTa K O0IIeH IIomaay n300paskeHusl.

B [40] mnomydyeHO aHaIUTUYECKOE BBIPAKEHUE BEPOSTHOCTH
MIPaBMJIBHOTO OOHApyKEHUS C MO3WIMK OOHAPY)KEHHS CHUTHAJIOB B IIyMax
mo kputepuro baiteca m Helimana—IlupcoHa, mo pesymsTataM 00paOOTKH
OTHOIIGHHWS IUIOTHOCTEW pachpenesieHus BeposiTHocTed. B ocHoBe
UCTIONIb3YeMOH ~ aHAINTHKHA ~ aBTOPBl  PAacCMATPUBAIOT  OTHOIICHHE
MaTeMaTHYECKOro OXHJIAHWUS K AUCIEPCHUH (YHKIHHU MPaBIONON00US MpH
YCJIOBUH HaJIn4yus u OTCYTCTBUA pacro3HaBa€Moro 00beKTa Ha
00pabaThIBaEMOM H300paKEHUH.

OueBUIHO, YTO TaKOW MOJXOJ MPAaBOMEPEH, IOCKOJBbKY Jiro0as
BHCCCHHAas aHOMaJIus IMPpUBOJIUT K U3MCHCHHIO CTaTUCTHYCCKUX
napameTpoB n3o0paxkeHus. [Ipu 3TOM aBTOpHI CIPaBeNIMBO OTMEYAIOT, YTO
TaKOW ITOAXOJ] NPUMEHHM B IPENNOJIOKEHHH «... TAyCCOBOCTU SIPKOCTEH
00pabaTbIBaeMbIX M300pakeHNI KaKk B OTCYTCTBHE CHI'HAlA, TaK W IPU €ro
Hanmuuuu ...» [40]. TlosTroMy mnpemnaraioT oOHapy>KMBaTh aHOMAJMH IO
pe3ynbTaTtaM IpeaBapUTeNbHON (uibTpanuu obmero ¢ona. Ho Ttakoe
pellleHHe W3HAYaJbHO IIPEIIONaraeT BBICOKYIO CTaTHYHOCTH (DOHA, 4YTO
CJIO’KHO PEATM3YEMO B MOPCKUX aKBATOPHSX.

BMmecte ¢ TeM aHamM3 yKa3aHHBIX IIOJXOJOB IO3BOJISIET CIEIATh
BBIBOJL O TOM, YTO OCHOBHBIMH NapaMeTPaMH, ONPEACIISIOIIMU KadeCTBO
pacmo3HaBaHUs,  SABISIOTCS ~ OTHOCHUTENBHBIE  pa3Mepbl  OOBEKTa
pacno3HaBaHUs K 00IIEMY pa3Mepy KaJpa M300paKeHUs] 1 BapHaTUBHOCTh
CTPYKTYPBl ~ OKpYKAaIOMIeTO0  HACHTHU(UIMpPYEeMBId  00BeKT  (hoHa.
CrnenoBarenbHO, 3TH HapaMeTpbl W JOJDKHBI OIPENENSATh BEIMYUHY
HCKOMOH BEPOSITHOCTH PacIo3HaBaHUSL.

IMockonbky B paccMaTpuBaeMOil  CHTyalluM B KauecTBe
00pabaThIBaEMbIX JaHHBIX BBICTYIAIOT BEKTOPBI MIPU3HAKOB,
NIpe/ICTaBJICHHbIE HA PUCYHKE 12, TO B OCHOBY IOJX0Ja K Paclo3HaBaHUIO
AHOMAaJIUH, MPUBOIALIMX K H3MEHEHUI0O WX CTPYKTYpBI, II€J1eco00pa3Ho
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OTIPENICTUTE  CIIOCOOBI, HCIIONB3yeMBIE TIpH OOHApY)KEHHH CHTHasa
C HEU3BECTHOM aMIIUTYOU.

CormnacHo [41], B Takux crmoco6ax BeTHYNHA YCIOBHON BEPOSTHOCTH
MpaBUIBHOTO OOHapyxeHUs P, ompenenseTcs TEKYIIUM 3HadYCHHEM
OTHOIIEHHS CUTHAJ/IITyMa }* Ha BXOJIE PEIIAIOLIEro YCTPOICTBa

0,5[14+®(h-Gy)], h>G;

P, = 12
0,5[1-®(G, —h)], h<G,, (12

rne Go— HOpMHUPOBaHHBII nopor ooHapyxenus; P(*) — pynkuus Kpamna.

D(G,) = \fjexp—dz

B TepMHHax aHaNOTHMIl MOXXHO IOJNaraTb, 4TO B KadyecTBE IIyMa,
B pacCMaTpMBaeMOM Cily4dae, OYAyT BBICTYNATb pa3iH4Msi MEXIy
UCXOJHBIM (STaJOHHBIM) H300paXKeHHEM 1 00pabaTHIBAEMBIM.

B oOmem cnywae, 3amada BEpOATHOCTH OOHapyXeHHs Oyaer
COCTOSITH B BBIABJICHUHM pa3JIMuWil, BBI3BAHHBIX HAJIMYUEM HCKOMBIX
aHoMaJMii Ha oOpabarbiBaeMOM H300pakeHWH. Ho mockosbKy B KauecTBe
¢oHa wn300pakeHWH BBICTYNAET BOJAHAs IOBEPXHOCTh, TO HaXKe B
OTCYTCTBHM aHOMAJHH, BBI3BAHHBIX HMCKOMOTO OOBEKTa paclo3HaBaHUS,
ITAJIOHHOE M TEeKyIIee N300paxeHus OyayT OTIHMYAThCs IPYT OT Apyra.

OueBHIHO, YTO YeM CHIIbHEEe OYAyT OTH pa3iiyMs, TEM CJIOXKHEe
OyneT BBIIBUTH M3MEHEHHS, 00YCIIOBICHHBIC HAIMYMEM aHOMAIMH. B cBoro
oyepelb U3MEHEHHsI BEKTOPa NPH3HAKOB, BEI3BaHHBIC HAIMYMEM aHOMAJIHIA,
OyIyT 3aBHCETh OT HX pa3MepoB Ha oOpabaTeiBaeMOM KaJpe H300paKeHUS.
DTO CBs3aHO C TEM, YTO HAJIHUYHC aHOMAaIuK MPUBOAUT K aMIUIUTYAHBIM
U3MCHCHHUAM COOTBCTCTBYIOIIMM WM DJJICMCHTAM BCKTOPOB IIPU3HAKOB.
IToaToMy uem kpymHee OOBEKT (aHOMaNIUS) B Mpenenax oopadbaTsBaeMoro
Kazpa, TeM OOoJbllIe KOJIUYECTBO IHUKCEJIOB OYyJIyT OIMCHIBATH €ro
m3obpaxenue. M, crnenoBaTeNbHO, COOTBETCTBYIOLIME €MY 3JIEMEHTHI
BEKTOpa INPH3HAKOB MOJy4aT OONbIIME aMIUIUTyIHbIe 3HaueHus. Tem
CaMBIM MOBBICHTCSI KOHTPACTHOCTh BEKTOpA MPU3HAKOB.

[105TOMY, ¢ PACCMOTPEHHBIX MO3UIHiL, B hopmyie (12) Bemuunny A
npeJylaraeTcs pacCMaTpHBaTh B BUIE

=B/o, (13)
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rae B € [0; 1] — oTHOCUTENbHBIE pa3Mephl 00bEKTa PACTIO3HABAHHS Ha Kape
n300pakeHHs, G — BEJIMYMHA CPEIHEro KBaJpaTH4YecKoro pasbpoca
apamMeTpoB BEKTOPa MPU3HAKOB.

OrpaHuueHneM MPEAJI0KEHHOIO MOIX0a SIBJISETCS YCJIOBHE, YTO
pasuuusl MeXKIy IBYMS JTIOOBIMH H300pPaKCHUSIMHU U3 PacCMaTpUBAEMOTr0
MPU3HAKOBOT'O MPOCTPAHCTBA HE JAOJIKHBI MIPEBBIIIATH BEITUYUHBI G.

3nauyenue nopora Gy B Gpopmyne (12) OyneT onpenensiTe BEITHIUHY
pasIMuuil MeXJy BEKTOpaMH NPH3HAKOB STAJOHHOTO M 00padaThIBaeMOro
M300paKeHMIi, BBI3BAHHBIX HAIMYHEM AHOMAIUM, MPEBBINICHHE KOTOPBIX
MO3BOJISIET UX HIACHTH(GUIMPOBATH (OTHECTH K HICKOMOMY OOBEKTY).

Toraa ¢ yueToM BBEJCHHBIX JIOMYIICHUNH MOXHO MOJYYUTh rpaduku
3aBUCHMOCTH BEPOSITHOCTH OOHApY>KeHHUS B KaJpe U300paKeHUs] aHOMAaJINU
(mckomoro  oObekTa) B 33JJaHHOM IIPOCTPAHCTBE  PACIO3HABAHUS

(pucyHok 15).

PHO(B, O, Go)

! \ A p_g0s
0.9 Ay B=0,1
0.8 B=0,2

0.7 B=03
0.6

0.5
0.4
0.3
0.2
0.1

0
0 01 02 03 04 05 06 07 08 09 1
Puc. 15. BeposiTHOCTB NpaBHIIBHOTO 0OHAPYKEHUS (paclo3HaBaHMs) AHOMAITHHA
Ha KaJipax M300paxeHuit

IIpencraBneHHble Ha PHUCYHKE 15 3aBUCHMMOCTH IIOJIy4EHBI IIpU
3HauYeHUH BeJIMIUHBI Topora Gy = 0,01.

CornacHO TONyYeHHBIM pe3ynbTaTaM, npu Benmdmae o =0,1
oOHapyXeHHe aHOMalmWi C BepoATHOCThIO He MeHee 0,95 crTaHOBHTCS
BO3MOJXKHBIM, €CITH UX pa3Mepsl OyayT 3aHuMath He MeHee 20% oT obmiei
wiomaan 00padaTkIBAEMOT0 Kaipa H300paKeHHUS.

IMpn stoM cHmwxeHue paszmepa aHomMamuu a0 10% ot oOmeil
VIO KaJIpa, MIPUBENET K CHIDKEHUIO BEPOSITHOCTH €€ OOHapyXEeHUs 10
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ypoBHs 0,7. A mpm pa3mepax aHoMmanuii mopsaka 5%, BEpPOATHOCTh HX
oOHapyXeHUs] CHU3UTCA 10 3HaueHus 0,4.

B xome MopmenmmpoBaHus ucnodb3oBainch 200  pasimMYHBIX
n300pakeHUH, AJST KOTOPBIX BEKTOPHI NMPHU3HAKOB CTPOMJINCH HAa OCHOBE
THCTOTPAMM pacIpeaeiIeHus SPKOCTH.

Tak, Ha puCyHKe 6 TIPEICTaBICHO TEeKyIlee N300paxKeHne (U3 dncia
UCTIONB3YEMBIX JUIl MOJCIHPOBAHMS), KOTOpPOE HMMEET HauOOoJbIIne
pas3yuuus ¢ 3TAIOHHBIM H300paxkeHneM (pHucyHOk 3). B paccmarpuBaeMom
cilydyae BeJIMUMHA CPeTHUX KBaJpaTH4eCKuX pasnuuunii nocruraer ¢ = 0,07.

ITpn sTroM pasMep WUIIONKKA 3aHMMaeT nopsgka 7% oT oOuiel
IUIOIaaM KaZpa W300paXeHHs, I[0ITOMY BEPOSTHOCTh IPAaBUILHOTO
0OHaApy)KEHUsI TOCTUraeT BeanuuHsl P, = 0,8 (Touka 4| Ha pucyHke 15).

3aMeTnM, 9TO B MPEACTABICHHOM BapHaHTE BBIPAXKEHUE IJIS pacyeTra
BEPOSITHOCTH TPABUIBHOTO OOHApPYXECHHUSI HE YUUTHIBACT AOTIOJHUTEIBHYIO
KOHTPaCTHOCTh, KOTOpasi o0ecreunBaeTcs MpH nepexoie K HoOpMUPOBAHUIO
BEKTOPOB IIPU3HAKOB HA OCHOBE peanuzanuu npouenyp ABIIL.

Jns ygera KOHTpAacTHOCTH, oOecreunBaeMoin mporexypamu JIBII,
MpeATaraeTcss MCIONIb30BaTh KOI(D(UIMEHT IOBBILCHHUS KOHTPACTHOCTH
K, KOTOpBIH MOXHO pPacCuuTaTh, IMPUMEHUTEIBHO K IPOBEICHHOMY
HCCJIEJOBAHHMIO, KaK

)i 3T
_ drz/ dry
w = Sm o Ters (14)
IT IT
rae drp/’'drr — OTHOLIEHME BEKTOPOB Ppa3HOCTH, C(HOPMHPOBAHHBIX

Ha OCHOBE TMCTOTPaMM DAaCIPENEIEHUs APKOCTH; dry/”'dr, — OTHOIIEHUE
BEKTOPOB pa3HOCTH, chopmupoBaHHbIXx Ha ocHoBe JIBII B 0a3uce
BeliBieroB ['aycca 2-ro nopsaka.

J1Jis pacCMOTpPEHHBIX YCIOBUH:

drr/drr = 2,3;

amdrz/“drz = 7,9

CnenoBarenbHO, KO3((GUIIMEHT NOBBINICHUS KOHTPACTHOCTH OyJIeT
paBeH K, = 3,4.

ITockonbKy TOBBIIIEHHE KOHTPACTHOCTH SKBHUBAJIICHTHO YBEINICHUIO
pa3Mepa pacmo3HaBaeMOTO 00BEKTa, TO PE3yIbTHUPYIONIEe BHIPAKCHHUE IS
OIIEHKH BEPOSTHOCTH NPABWIBHOTO OOHApy)KEHHS aHOMAaJHd C YYeTOM
ko3¢ uIIreHTa MOBBIICHUS KOHTPACTHOCTH MOYKHO 3aITUCcaTh KakK
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BK, BK
0,5{1+q>( “K—Goﬂ, > Gy
(¢

()
o~ BK BK (15)
0,5{1—@(60— ﬂ < G,
(o) (o)

C yderom BeIpaxenus (15), T.e. mpu (GOPMUPOBAHUH BEKTOPOB
npu3HakoB Ha ocHoBe JIBII, BeposSTHOCTH MpPaBHIBHOTO OOHAPYKEHHUS
aHOMAJINI JIOCTUTAET BETMUUHEI P, = 0,99 (Touka 4, Ha pucyHke 14).

OTMeTHM, YTO MO aHAIOTHH [42], HCroab3yeMoid i 000CHOBAHHUS
BEPOSATHOCTH IPABUIBHOTO OOHAPYKCHUS, MOXKHO IOJYYUTh U BEIHUUHY
BEPOSATHOCTH JIO)KHOM TPEBOTU

G
P, =0,5[1-0| —2—|. 16
(ﬁg/c] (16)

[TomyueHHsle  pe3ynbpTaThl  yKas3blBAIOT  HAa  JIOCTIDKCHHE
MOCTaBJICHHOM IIEIH.

6. 3axaouenue. [lomydyeHHble  pe3ynbTaThl  YKa3blBalOT — Ha
NIPaBOMEPHOCTh BBIOPAHHOTO MOAXOAa K MOBBIIICHUIO KOHTPACTHOCTH
BEKTOPOB MPU3HAKOB, MTO3BOJIMBIINX ITOBBICHTH JOCTOBEPHOCTD BBIABICHUS
aHOMaJIMi Ha M300paXeHMsIX NMpu GOPMUPOBAHUU MX BEKTOPOB MPU3HAKOB
B Oasucax BeiiBieroB. [lajbHeilne HCCIETOBaHUS aBTOPHI CBSA3BIBAIOT
c Oomee neTambHON TPOpPabOTKOH MeToma BEpOSITHOCTHOW — OLEHKH
PE3YNbTaTOB PACHIO3HABAHUSL.
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S. DVORNIKOV, D. VASILIEVA
INCREASE OF RELIABILITY OF ANOMALIES DETECTION
ON IMAGES AT FORMATION OF THEIR FEATURE VECTORS
IN WAVELET BASES

Dvornikov S., Vasilieva D. Increase of Reliability of Anomalies Detection on Images
at Formation of Their Feature Vectors in Wavelet Bases.

Abstract. The method of detection of life rafts and lifeboats in the water area of seas and
oceans after shipwrecks based on the recognition of anomalies in the processed images, which
increases the probability of recognition of monitoring objects, is proposed. The approach to
solving such a problem is substantiated. The formulation of the problem of object recognition
from the perspective of binary classification in the detection of anomalies is presented. The
analytical expression for the decision-making algorithm is obtained. The possibility of
formalization of image matrices in the form of histograms of color (brightness) intensity
distributions is considered. The contrast of the feature space on their basis is estimated. It is
suggested that the contrast of feature spaces be increased due to the secondary processing of
histograms of distributions in the basis of multiple-scale wavelet decomposition. The
possibility of realization of wavelet transformations on the basis of Haar functions and Gauss
wavelets of the 1st and 2nd orders is considered. The mechanism of formation of secondary
feature vectors from three-dimensional wavelet transforms by averaging their coefficients
along the time shift axis is substantiated. It is shown that at the same dimensionality of
histograms of brightness distribution with newly formed feature vectors, the latter provide
higher contrast of feature spaces. It is recommended to use a Gaussian wavelet of the 2nd order
for the formalization of images in jpeg format, which provides, other things being equal, a
greater magnitude of differences for images containing anomalies. An approach to probabilistic
evaluation of the algorithm for automatic image recognition is developed. The analytical
expression is obtained and its constituent elements are justified. Graphical dependences of the
probability of correct detection (recognition) of anomalies, depending on the size in relation to
the total area of the frame and the dispersion of the underlying background are given. The
results of the experiment on image recognition with a lifeboat in the ocean water area are
presented. The directions of further research are defined.

Keywords: image recognition, feature vectors, wavelet transform, contrast of feature
spaces.
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B.®. Cton49POBA , T.B. TYJIYIILEBA , A.A. BATKUH
NOAXOAbI K OIIEHUBAHNIO KYMVYJ/IATUBHBIX
XAPAKTEPUCTHUK ITIOBEJAEHU A B I'PYIIITAX PASHOPOIHBIX
NH/INBU/I0B: TOYHOCTHb 1 TIPUMEHUMOCTD B YCJIOBUAX
OI'PAHUYEHHBIX HAB.JIIOHEHI/Iﬁ

Cmonsposa B.®., Tyaynvesa T.B., Bamkun A.A. Ilogxoapl K OLeHUBAHHIO KYMYJISITHBHBIX
XapaKTePHCTHK MOBEACHHA B IPYNNax Pa3HOPOAHbIX HHIUBUAO0B: TOYHOCTH H IPMMEHHMOCTD
B YCJIOBHSIX OTPaHHYEHHbIX HAOIIOIeHUI1.

AHHOTanusi. B psize cOLMOOpPHEHTHPOBAHHBIX OOJacTell 3HAHWII BO3HMKAeT 3ajadva
OLEHKU KYMYJIATUBHBIX XapaKTePUCTUK IOBEJEHUs] MHIMBHIOB, TAaKMX KaK 4acToTa,
KOTOpBbIE PealN3yl0TCs B IPyNIaxX HHAUBUAOB, MPHUYEM IOCTYMAIONIAE JAHHBIE CONPSIKEHBI
¢ HeonpeJeIeHHOCThI0. Hepeaku cuTyaly orpaHMYeHHBIX JaHHBIX, KOTa AJIs1 HeOOJIBIIOro
YrClIa HA0TI0aeMbIX OOBEKTOB H3BECTHBI JIMIIb HECKOIBKO 3MU300B. CyIecTBYIOT HECKOIBKO
TMOJIXO/10B, MO3BOJIAIOIIMX CTPOUTDH OLIEHKU UCKOMOI KyMYJISATUBHOM XapaKTEPUCTUKH B YCIOBHAX
OrpaHHYEHHBIX PECypcoB: KJIacCHYecKHii moaxon perpeccur Kokca, oleHKa Hapamerpa
KOITyJIbl, aIOCTEPHOPHEI BHIBOJ B 0alleCOBCKHX CETSIX JOBEPHs, KJIACCUUECKUX U THOPUIHBIX,
OJIHAKO JI0 CHX HOp He ObUIM NPOAHATH3MPOBAHBI BOBMOKHOCTH HPUMEHHUMOCTH NMEIOIINXCS
MeronoB. llenbio paGoOTHl sABIsIETCS aHAIM3 OCOOEHHOCTEH HPHMEHEHHs CYyILIeCTBYIOMIUX
METOI0B KOCBEHHOTO OLEHMBAHUS MHTEHCHBHOCTH PHUCKOBAHHOIO IOBEJIEHHS WMHIUBHIOB
Ha OCHOBE OTPaHMYEHHBIX NAHHBIX 00 SMM304axX Ui OIpeJieNIeHHs] PeKOMEeHJAIMil 1Mo uX
MPUMEHEHUIO: OIpeJle/IeHHe TOYHOCTH OLIEHOK, IMOJy4YaeMbIX C IOMOILBIO NMEPEYUCIEHHbIX
MOJIXO/IOB, HA OCHOBE paccTosiHus KantopoBnua-PyOuHINTEiHA OT HCTHHHOTO PACTIPEIEICHUS
HCKOMOI YacTOTBI, a TaKe BbISBJICHHE TPeOOBAHW K JAHHBIM, KOTOpPBIE NPEIbsBISIOTCS
ULl HOCTPOEHHUs1 OLIEHOK. BBUIo MoKa3aHO, 4TO MOAXOM Ha OCHOBE KOITYJI JaeT CaMble TOUHbIE
OLICHKU U 00JIaJaeT HauMEeHBIIMMU TPeOOBaHUSAMU K KOJIMYECTBY HaOTIONAEMBIX OOBEKTOB,
OJJHAKO HE MOXKET yUMThIBaTh BHEIIHHE (PaKTOPhl, KOTOPhlE MOTYT OKa3blBaTh BJIMSHME Ha
peanu3anuio SMM3040B nosesieHusA. Cpean Mofeseil, MO3BOJIOINX YUHTHBATE KOBAPUAHTHI
nporecca, HauOOJIbIIe TOYHOCTBIO OOJAAI0T OLEHKH, ONMPAIOIIMECs] Ha aroCTepUOPHbIA
BBIBOJ] B THOPHUIHBIX OaiieCOBCKUX ceTsix goBepusi. [ToydeHHble Pe3y/IbTaThl SBISIOTCS HOBBIMH,
OHM HalleJIeHbl Ha IIPFIMEHEHNe B aBTOMAaTH3UPOBAHHBIX CHCTeMax 00paboTKy nHpopmamy o
HOBECHUH UHAMBU/IOB. [IpaKk THUECKOil 3HAYMMOCTBIO 00J1Jal0T PEKOMEH/AALIMH 10 TIPUMEHEHHUIO
UMEIOILUXCS MOAXOH0B B 3aBUCUMOCTH OT UMEIOLINXCS JJaHHbIX.

KuroueBble ciioBa: nociejHUe SIU30/bl, PUCKOBAHHOE IOBEJEHUE, OalleCOBCKUE CeTH
JOBepHs, THOpUIHbIE OalleCOBCKHE CETH JOBEPUs, KOITyIIa.

1. BBenenne. B psge oOnactefi 3HaHWE BO3HUKAOT —3aJaudl
aHaJM3a NoCJIEAOBATEIPHOCTEN SMU30/10B HEKOTOPOTO MOBEACHU S, KOTOPbIE
peanu3yoTcs B TPyMIax pa3inyamnmxcs HWHAUBUAOB. OCHOBHBIM
HUCTOYHMKOM TaKHX 3aJad BBHICTYIAIT COIMOOPUEHTUPOBAHHBIE 00JIacTH
3HAHWIi, TJie MOBEJACHUE MOXKET OBITh CONPSIKEHO C PUCKOM. [[Jis OleHKH
MOKazareyeil Takoro pHcKa TpedyeTcs BBIABIATh XapaKTEPUCTHKH,
OTpaXalolllue I0CJEI0BATEIbHOCTH PUCK-ACCOLMUPOBAHHBIX 3IU300B.
T XapaKTePUCTUKU TaKXKe IMO3BOJISIOT CPaBHMBATH TPYMITl MHIWBUIOB
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MexIy coOOil B IIaHe MOBEJeHUs WIM C HEKOTOPBIM YCTAaHOBJICHHBIM
3HaueHHeM. VIHTEeHCUBHOCTb fIBJIICTCS OJHOW M3 TaKUX XapaKTepUCTHK U
HIMPOKO MCIOJIb3YyeTCA MpU aHaIM3e pUcKa B cdepe SMUAEMHOIOTUU MpU
MOHHUTOpPWHTE HEW3JIeUnMbIX 3abosieBanmii [1, 2] U yrpo3ooOpasymomero
noBeneHus [3, 4], a TakKe NpU aHaIM3e 3aTpaT B CUCTEME 3/[PAaBOOXPaHEHUS
[5]. B o6nacTu knbepOe30macHOCTH BOZHUKAIOT CXOKHE 3a/1a4M, CBSI3aHbIE C
aHaIM30M LIM(POBBIX CJIEIOB I0JIb30BaTENIEH OHJIAfH COLIMAJIbHBIX CEeTei,
YCTAHOBJIGHMEM B3aUMOCBSA3U MEXAY aKTUBHOCTBHIO WHIVBUIOB B OHJIAiH
cpelie U OCOOEHHOCTSIMM JIMYHOCTH [6 — 8], aHaIM30M pacnpocTpaHeHHs
COLIMOMHKEHEPHBIX aTaKyoIUX Bo3aeicTuii [9].

OpanHako cOop MH(pOPMAIMK O PUCK-ACCOIIMUPOBAHHOM IOBEICHUN
MOKET OBITb COMNpSIKEH CO 3HAYMTEILHON HEONpEe/eIEHHOCThIO, TaK Kak
HEKOTOpBIE BHUJbI MOBEJEHUs TPYIAHOMOCTYIHBI JIJIsl HAOMIOJEHUsT U MOTYT
XapaKTepU30BaThCs JIMIIb B paMKax CaMOOTYETOB CaMHMX MHAWMBHUIOB. [l
KOCBEHHOH OIIEHKM MCKOMBIX KYMYJISATUBHBIX XapPaKTEPHUCTHK B YCJIOBHSX
3HAYUTENIBHOM HEONpEeIeIeHHOCTH TOCTyMnaoieil MHPOpMaud MOKHO
npuderatb K MaTeMaTHYeCKOMY MOJEIMpoBaHMIO. B 3ToM ciyuae
HaKJIAbIBAIOTCSI HEKOTOpBbIE MPEANOI0XKEHUsA, KOTOphIe JIe)XaT B OCHOBE
dopmManmuzanmu  mporiecca 0OpaOOTKM  HETOYHOUH  WH(OpMAId U
pa3pabOTKM TOAXOJOB K OLEHWBAHUIO HWHTEHCUBHOCTH TIOBEJCHHMS.
EcTecTBeHHOI MaTeMaTH4eCKOH MOJEIIBIO IS ITOCTIeJOBATEIbHOCTEH PUCK-
ACCOLMMPOBAHHBIX 3MM30J0B SIBJISIOTCS TOYEYHBIE CJIyYaiHbIE MPOIECCH U
ramma-myacCoOHOBCKHUH mpoiiecc B yacTHOcTH [10, 11], Bo3HUKaeT ramma-
MyacCOHOBCKAasl MojJedb TNoBeJeHUs. B 3Tom cioyyae OCHOBHOM
XapaKTEPUCTUKOMN, OTpakalollell MaTTepH peaJn3aliy 1130108, BHICTYNAeT
PyHKyuss uHmeHcueHocmy W ISl YUCJIEHHOTO OIMCAaHUsl TaTTEPHOB
HEOOXOMMO Orpelie/uTh ee Bua. B padore [12] Obuto MoKa3aHo, YTO JJIst
raMMa-IyaCCOHOBCKOIO Tporecca, (PyHKIMS WHTEHCUBHOCTH 3aJaeTcs
CMeIIMBAIOLINM raMMa-pacnpesaesaeHueM. CyIecTBYIOT HECKOJIbKO MOAX00B
K €€ BOCCTAHOBJICHHIO 10 JJAHHBIM C HEONPEJeJICHHOCTBIO: MapamMeTpuIecKuil
MO/IXOJ] OLIEHKH MapaMeTpa KOITyJIbl 1 MPUOJIMKEHHbIE MOAXO0/IbI KJTAaCCHUECKUX
U rubpuaHbIx OaitecoBckux ceteit goBepust (BCJI). Takxke NOAroHKa perpeccuu
Koxkca no3BojisieT moJjlyuyuTh OLEHKY MCKOMOIrO napameTpa. AKTyajbHOHR
SABAAEeTCA 3ajaya aHAJM3a CBOWCTB 3TUX IOJXOJOB U  BBISBICHUSA
OocOoOEHHOCTEl WX  TpPUMEHEHUs s JIOCTWKEHWs]  HaumOOoJbIIen
3p(PEeKTUBHOCTH  BBIYMCICHUS  WHTEHCMBHOCTM B IPaKTUYECKUX
MPIIOKCHUSIX.

Ienbio paboOTHl sBASIETCS aHAIU3 OCOOCHHOCTEH IMPUMEHEHHS
CYIIECTBYIOIIMX METOJOB KOCBEHHOTO OLEHMBAHUS WHTEHCUBHOCTHU
PHCKOBaHHOTO MOBE/IeHNsI MHMBUI0B HAa OCHOBE OI'PaHUYEHHBIX JIaHHBIX 00
3MM30/ax ISl ONIpeieIeHrsI PeKOMEHAALMii 10 NX PUMEHEHUIO.
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PaccmaTpuBaeMble METOIbI MMEIOT BEPOSITHOCTHBIM XapakTep, U MOTOMY
uccre0BaHue OMMPaeTcs Ha METO/IBI TEOPUH BEPOSTHOCTEH M MaTeMaTHYeCKOH
CTaTUCTUKH.

Jg OOCTWXKEHMsI LIeM MCCIIEeJOBAaHMS IOCTAaBJICHBl ClEAyIoIne
3aJa4n:

1. Tlpoectu aHanu3 TpeOOBaHMII K AAHHBIM JIJISI CYIIECTBYIOIINX
MOJXOOB K KOCBEHHOMY OIICHMBAaHHMIO MCKOMOW XapaKTepUCTHKH —
KyMYJIATUBHOI MHTEHCUBHOCTU MOBE/ICHUS UHAUBHUJIOB.

2. Ompenenuts HpH TOMOINM BBHIUUCIUTEIFHOTO SKCIIEPUMEHTA
TOYHOCTb CYIIECTBYIOIIMX TIOIXOJOB K KOCBEHHOMY OIICHUBAHHIO
MHTEHCUBHOCTH MOBeJeHNA. Tak Kak CyIIeCTBYIOIHE MTOAXOIb! K OLIEHUBAHUIO
XapaKTepU3yloT MCKOMOE paclpe/iejieHde C Pa3HBIX TOYEK 3pPEHMs: OfHU
MO3BOJIAIOT TMOJIyYUTh OLIEHKY MapaMerpa, a Apyrue — IMOATOHKY CamMoro
pacripeiesieHrsl, TO B KauecTBe MoKa3aTelisi TOYHOCTH ObLIa UCIIOIb30BAHO
paccrosiane KanTopoenua-PyOuHimTeitHa (MeTpruka Baccepireiina) Mex Ty
BEPOSITHOCTHBIMH pacHpeie/leHUsIMU. [I71s1 ToCTHKeHN s LIeN MCCIeA0BaHuU
NpeJlaraeTcsi paCCMOTPETbh HECKOJIBKO 3HAYEHUH MapaMeTpoB MCXOIHOTO
CMEIMBAIOLIEro pacnpe/esieHns, KOTOpble OTBEYaloT 00bIIEHHOMY MOBEICHUIO
UHUBU]IOB.

3. Ha ocHoBe cpaBHEHMs CYIIECTBYIOLIMX MOAXO0B MO pe3y/ibTaTamM
MyHKTOB 1 1 2 chopMyaMpoBaTh PEKOMEHJALMH AJTsI IPUMEHEHN T KOHKPETHBIX
METOJOB B PAMKax B 3aBUCHMOCTHU OT UCXOJHBIX JAHHBIX.

CraThsl OpraHM30BaHa CJEAYIOMUM oOpa3oM. Bo BTOpoM pasneie
MPEJCTaBICHO OIUCAHUE CYLIECTBYIOIUX BEPOSATHOCTHBIX IOAXOMA0B
OILICHMBAaHMSl MHTEHCHMBHOCTH TNOBeleHHsA. B ocHOBe paccMaTpuBaeMbIX
MOAXOMOB JIEKUT CMELIAHHBI IyaCCOHOBCKHMI MPOLIECC M €ro CBOWCTBA,
KOTOpBIE OIMCaHbl B pasjene 2.1. DTOT pas3jen CIyXKdT Takxke s
BBEJICHUS TEPMUHOB, KOTOPBIE UCIIONB3YIOTCS B JAJIbHEHIIIEM NP ONMCAHUN
MOAXOMOB M CpaBHEHMM X Mexay co0oil. CylecTByOIMe MOAXO/bI
KOCBEHHO#1 OLIEHKM XapaKTEePUCTHK IOBEJEHHUs] MOXHO pa3fejMTh Ha JIBe
TPYNITBL: ONMUPAIOIIMECS HA OLEHKM IlapamMeTpa CMEIIMBAIOIIEro ramma-
pacnipenenerust (paszfen 2.2) ¥ ONMUPAIOIIMECS HA METOMAbl MPUOIMKEHHUs
CMEIIMBAIOLIEr0 pacrpeneieHls] ¢ UCIIONb30BaHWeM OaifleCOBCKHX ceTeil
nosepus (pazzgen 2.3). B cooTBeTCTBYIOMUX MOApa3eiax MpUBeIeHbI CXEMBbI
MOJIyYeHNs! OLIEHKHM, 0c000€ BHUMAaHHE YIENsIOCh 00beMy HaOJIoNeHuid,
KOTOpBblE TPeOYIOTCS JJIsl IOCTPOCHUsI OLEHKM, TaK Kak KaxIblid W3
MOAXO0B MOXKET HCIIONb30BaTh PA3JIMYHBIE METOBI, U, COOTBETCTBEHHO,
JOMyCKaeT BapuaOeJbHOCTh B HCXOAHBIX INpennoioxeHusx. Paszgen 3
COIEPXKUT ONUCAHHE BBIYUCIUTENBHOIO IKCIIEPUMEHTa, KOTOPBIE CIYXKUT
JU1sS1 OTIpeJieIeHrs TOYHOCTH paccMaTpUBaeMBIX MeTOJOB. JIJist mpoBeaeHUs
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9KCHeprMeHTa ObLI CreHeprpoBaH HaOOp [aHHBIX, KOTOPBI OTpaxkaeT
CTPYKTypy TI'aMMa-IlyaCCOHOBCKOI MOJE/M TMOBEACHUs ISl HECKOJbKUX
HaOOPOB MapaMeTPOB, OTBEUAIINX OOBIICHHOMY IOBEJICHUI0 WHIUBUJIOB.
C ucnonp30BaHUEM 3TOr0 HaAOOpa JaHHBIX OBUIA ONpeJesieHb KOCBCHHBIC
OIIEHKM WHTEHCHUBHOCTH TOBEICHUS C MCIIOIB30BaHUEM PAacCMATPHUBAEMBIX
MOJXOOB, 3aTeM 3THU OIEHKH CPABHUBAJNMCh C WCTUHHBIM 3HAYCHUEM
napameTpa. Tak Kak J1Ba 0JI0Ka MOJXO0J0B Pa3JIMYAIOTCsI IO CYTH MOTydJaeMOii
KOCBCHHO# OIleHKM (OLIEHKa IapaMeTpa pacIpeleieHuss U MOJrOHKa
pacrpeziesieHusI), TO B Ka4eCTBE MepBl CXOJICTBA OBUIO BHIOPAHO PAcCTOSTHHE
Kantoposnua-Pyounmreitna. Pasnen 4 conepxut obcyxkIeHne MPOBEIEHHOTO
SKCIIEpUMEHTa ¥ MPUMEHUMOCTH pPacCMaTpPUBAaeMBIX B HCCJIEIOBAaHUU
MeToJ0B. [IpaKTUYeCKOH 3HAYMMOCTHIO 00JIafalT CHOPMYIUPOBAHHBIC
B pa3jiesiec PeKOMEHJAlMU 1O NMPUMEHEHHI0 METOJOB B 3aBUCUMOCTH OT
XapaKTepUCTHK CHUTYallud, B KOTOPOH TpeOyeTcs MONYUYUTh KOCBCHHYIO
OIIEHKY MHTEeHCUBHOCTU. OTMETHM, UTO paHee Takas paboTa He MPOBOIUIAC.
HayuJnplii BKJ1a g MCCIeIOBaHUS COCTOUT B CUCTEMATH3AIINH CYIIECTBYIOIIAX
MOJXO/I0B K KOCBEHHOMY OIICHUBAaHMIO MHTEHCUBHOCTY MIOBECHHUS, a TAKKE
B Hpe)lCTaBJICHI/II/I KA4YE€CTBCHHbBIX W KOJIMYECTBCHHbBIX XapaKTepI/ICTI/lK ux
MPUMEHUMOCTH B CUTYaIlMH OTPAHUYEHHBIX HAOTIOCHUIA.

2. CymecTByomye MOAX0AbI K OIEHHBAHHI0O HHTEHCHBHOCTH
MoBe/IeHNsI HA OCHOBEe OrpaHHYeHHBIX JAaHHBbIX. Kak yxe oTmedasnocs,
HEOOXOIMMOCTh UCIOJIb30BaHUE MATEMATUYECKMX MOJIEJICH IS TOCTPOCHUS
OIICHOK XapaKTePUCTUK IMOBEJACHUsI BOZHUKAET B CHJIy HEOINpPEAeICHHOCTH
JOCTYIHBIX JJAHHBIX U 3HAHUII O MoBeJeHUH. Tak, B paMKaX OJJTHOMOMEHTHOTO
cpe3a (ompoca), WHIUBHI MOXET IPEeJAOCTaBUTh WH(MOPMAIUIO NI
O CaMbIX HEJAaBHUX WJIH € O CaMbIX 3allOMUHAOIIUXCA 3mu3ogax [3],
MPA STOM OIICHKA COBOKYHHBIX (KYMYJISTHBHBIX) XapaKTEPUCTHK TaKUX
[OCJIEI0OBAaTENbHOCTEN SMU3040B B I'PYIIaX MHAUBUIOB UCIONb3YETCS IIPU
MOHHUTOPUHIE COITUAILHO 3HAYMMOTO TMOBEJIEHUS. ABTOMATHU3UPOBAHHbIC
CUCTeMBl 00pabOTKHM TaKOH WH(MOPMAIMK O IMOBEJACHUH ONMUPAITCS Ha
MaTeMaTHYeCKHe MOJIEIH IOBEICHUs, KOTOPhIe MO3BOJSIOT MOJIEINPOBATh
BO3HHKAOIIYI0 HeonpeaeeHHOCTh. C BEpOSTHOCTHOM TOUKH 3peHHUsT 0a30BbIM
MaTeMaTHYECKUM OOBEKTOM [IJIsl TAKUX MOJEJIeil SIBJISIETCS IyaCCOHOBCKHUIA
nporiecc u ero Bapuaryu [11].

2.1. 'amma-myaccOHOBCKasi MOjieJib MoBeaeHns1. EctecTBeHHOIM
MaTeMaTHIECKOI MOJIEJIBIO initt [0CJIEJOBATEILHOCTEM PUCK-
ACCOITMMPOBAHHBIX SMHU300B SIBJISIOTCS TOUYEYHBIE CIIyYaifHbIe MPOIIECCHI
M TaMMa-TyacCOHOBCKMI mporiecc B yacTHocTH [10, 11]. CmemmBaromee
pacrpezesieHle MOJeIUPYyeT WHAWBUAYaIbHbIE OCOOCHHOCTU TPU OLICHKE
KYMYJISITUBHBIX ~ XapaKTEPUCTUK TOBEJICHUST B TpyINax WHIUBUJIOB.
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Takass HEOGHOPOOHOCTb (FE€TEPOr€HHOCTh) BO3HUKAET B CUJIy HEKOTOPBIX
HeHa0JIo1aeMbIX UHIMBUYJIbHBIX OCOOEHHOCTEH, KOTOpbIe HOCST Ha3BaHHUE
CKAOHHOCMU K cOObImusaM WU ckaonHocmu k pucky [10].

ITycTb paccMaTpuBalOTCS NOCEJ0BATEILHOCTH SMU30J0B HEKOTOPOTO
UHTEPECYIOLIETO HAC MOBEJEHUs B IpyIIe U3 1 MHAUBUAOB. [Ipeanonaraercs,
YTO PaCCMaTHUBAaEMBbIE NTOCJIEJOBATENLHOCTH YIOBIETBOPAIOT IIPEANOIOKEHAAM
raMma-IyacCOHOBCKOW MoJeu ToBedeHus [12]: anm3ombl il KaKgoro
WHIMBHIA B OTJEJBHOCTH MOTYT OBITh ommcanbl mpoueccom [lyaccoHa,
a WHAWBHUJYATbHBIE OCOOCHHOCTH — HEKOTOpOW CIIyJYaifHON BEJMYMHOMN
Ui, 1=1...n, 171 HaOMOJAeMbIX UHIVBUAOB U; — HE3aBUCHMBIE U OIMHAKOBO
pacrpeieJIeHHBIE CTyYaiiHble BEJIMYUHBL. B 9TOM cily4ae nociie10BaTeIbHOCTb
3MU30/I0B, PEATH3YIOIIAsICS B IPYIIIE HHIUBUIOB IMOJHOCTHIO XapaKTepu3yeTcs
(pyHKIIMIEt THTEHCUBHOCTH:

Atlui) = uipi(t),i=1...n,

30eCh U; MOACIUPYIOT UHAMBHIYaIbHYIO CKIOHHOCTb K peai3aliiy 130108
IUIs1 HaOJoAaeMbIX OOBEKTOB, a p;(t) — BOBMOXHOE BIMSIHHME BPEMEHH U
BHEIIIHUX KOBApMaHT Ha peav3alfio MU30/0B rpoiecca. Eciim HeT MHbIX
MIPEAIOJIOKEeHUII O NPUPOJE TAaKWX HHIVBUAYaJIbHBIX OCOOEHHOCTEH, TO
ynoGHO MoNaraTh, 4To u; IMEIOT TaMMa-pacrpeieieHie BEPOSITHOCTU C OAHUM
napameTpom ¢ > 0:

s~ exp(—s/9)
¢*7'T(1/¢)

f(s;:0) = 5> 0. (1)

Takum 00pa3oM, UCCJIeIyeMblil IATTEPH peatn3aliiy SMU30/I0B B IPyIIe
HEOJHOPOJHBIX UHAMBUJIOB, OIUCHIBAETCS FAMMa-pacrpe/ie/IeHUeM BeJIMUMHBI,
MOJEJIMPYIOLEN 3Ty HEOOHOPOIHOCTb, WM IMPOCTO MapaMeTpaMu 3TOro
pacupenenenus ¢. CymecTBYIOT HECKOIBKO MOIXOIOB K OLIEHKE HCKOMOTO
raMMa-pacrpe;ieJIeH|s! BEPOSITHOCTH, KOTOPYI0 0003HauuM =

— moxaxof perpeccur Kokca;

— mogxon Ha ocHOBe kiaccmyeckux BCJI, koropwii TpeOyeT
JUCKPETU3AIMY BXOAHBIX JaHHBIX MOJAEJIH;

— noaxoj Ha ocHoBe ruOpuaHbix BCJI, KOTOPBIA MO3BOMSET OTKA3ATHCS
OT IUCKPETU3ALMH;

— OIIEHKa [MapaMeTpa KOIyJibl (KOTOPbI SBJSETCS HCKOMbBIM
napameTpoM (PyHKLIMY UHTEHCUBHOCTH).

s mOCTpOeHUs] OLUEHOK HCHONb3YeTCsl NOCTYMHasi WH(pOpMalus
00 3MM30[jaX PACCMATPUBAEMOrO MOBEAEHUS: JUIsl KaXJOrO PECIOHIeHTa

1734 Undopmaruka u asromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (onnaiiH) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

1 U3BeCTHA MH(OPMAIIHS O AaTax 1M MOCTIEIHUX MOCTIEI0BATEIBHBIX TU30/I0B,
T.e. ONpEeJeJCHbl JJIMHBL M — 1 MHTEpPBAJIOB MEXIy IOC/IeI0BATEIbHBIMU
SMU30/IaMH MOBEICHHUS V[/ji7 j=1...(m-1).

2.2. MeTtoapl OLIEHKH napamMeTpa CMENTHBAKIIEro
raMMa-pacnpejejieHiusi B raMMa-IyacCOHOBCKOI MOJIeJIN TOBeIeHus].
Perpeccuonnast momear Kokca SBJIsSieTCA KJIaCCHYECKHM METOJIOM,
WCTIOJB3YIOIUMCS TIPY aHAJIM3¢ TPOIIECCOB MOBTOPSIOIUXCS coObIThi [11].
B 3TOM cnyuae B KayecTBe 3aBUCHMOM MepeMEHHON Perpeccuy BHICTYITaeT
(yHKIVS pHCKa, KOTOpas TECHO CBs3aHa C (PyHKIWEH HWHTEHCHHOCTH
npouecca [11]:

WB(t)) = uipi(t) = wipo(t; a)exp(xi(t)5),

rie B(t) — uHTepBa BpeMeHU ¢ MOMEHTA MOCJIEJHETO U304, po(t; ) —
6a3oBast (pyHKIM, OTpaskaloast NoBeieH!e (PyHKIIMN NHTEHCUBHOCTH TIPU
OTCYTCTBHH BO3IEHCTBUA KOBAPHAHT, X; () — KOBAPHAHTHI IIpOIiecca, (3 —BeKTOp
K03(p(pULIMEHTOB perpeccum.

IMoaronka perpeccuy OCYIIECTBJISIETCS IPUA IOMOIIM METOAa
MaKCHUMAaJIbHOTO IIPaBJONONOOMS, M B Clly4ae BKJIOYEHHS B MOZIeEJb
ciyvaiiHoro 3ddekra, 00yCIaBIMBAOLIEIO WHIUBUAYAIbHBIE PA3JIMUUS
B ¢opme ramma-pacnpenesieHuss BeposATHOCTH (1), CTpouTCsS Takxke
OlleHKa ero mapamerpa ¢. OmHaKo, Kak ITOKa3blBAIOT BBIUMCIHMTEIIbHbIC
9KCNEepUMEHTHl [13], MOIIHOCTh CTATUCTUYECKOIO TECTa Ha PaBEHCTBO
napaMeTpa ramMma-pacrnpejesieHus] HyT0 HEeBbICOKA, OCOOCHHO eClM IS
Ka)XJI0ro HHAuBUA HabmonaoTcs MeHee 20 srm3010B. OTMETHM TaKXke, YToO B
9TOM CJly4ae OlleHKa MaKCUMyMa NpaB/IONof001s OKa3bIBAETCS CMEIIEHHOM.

[TpumennmocTs TOAXOAAa OOYCJIOBJIEHA, C OOHOM  CTOPOHBI,
PacnpoCTPaHEHHOCTBIO COOTBETCTBYIOLIETO MPOIPAMMHOIO O0eCIeUeHH s, H,
C JIpyroii CTOPOHBI, TEM, UYTO TOT METOJ ONHUPAETCs Ha MOAXO/bl aHAIN3a
BpEMEHM JKM3HM, KOTOpBIE IIMPOKO IPUMEHSIOTCS NPU OLIEHKE PUCKA U
SI3BIK KOTOPBIX M3BECTEH B 3TOH cepe AesTebHOCTU. Takke 3TOT moaxon
TMIO3BOJISIET YUUTHIBATh BHENTHHE (DAKTOPBI M X 3aBUCHMOCTh TOJIBKO B (hopMe
JIMHEVHOM perpeccum.

OpHako cornmacHo [14], 4roGbl mapameTp perpeccuu  ObuI
WACHTU(PHULMPYEMbIM, HEOOXOJMMO HaOJIO/IeHHe HECKOJbKUX KOBapUaHT
npoliecca 3MU30/10B, U TOTOMY B BBIYUCUTEILHOM KCIIEPUMEHTE TOT OIXON
He yuactByeT. [logxon perpeccunt Kokca MoXeT MCIIONb30BaThCs B CUTYaLMSIX,
KOTJIa OTCYTCTBYET HEXBAaTKa JaHHBIX U KPOME CaMHX 3MN30/10B MOBEACHU
HaOMoAI0TCs UHBIE (DAKTOPBI, KOTOPBIE OOBSACHSIOT BapUaOeIbHOCTb MEXKIY
WH]MBUJIAMU.
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OneHka nmapameTpa KONYyJbl, CBSI3bIBAIOIIEH JJIMHBI MHTEPBAJIOB
MEe:X Ay MOCJIeJ0BaTeIbHBIMU MHU30/1aMU TIOBEIEHHS] B TaMMa-ITyaCCOHOBCKOM
MOJIEU, fABJIAETCA MNapaMeTPUYECKUM METOJOM IOJyUYeHUs] HUCKOMOIO
napameTpa. B ocHOBe 3TOro noaxosa JeXuT CBOMCTBO CMEIIAaHHOTO raMMa-
MyaCCOHOBCKOTO MPOIIECca, KOTOPOE YTBEPKAAET, YTO KOIYJION 3aBUCUMOCTH
HECKOJIbKMX JJIMH MHTEPBAJIOB MEX Y TIOCJIEA0BATEIbHBIMUA UHTEPBaIaMH [15]
BHICTYyMaeT konyaa Kaeiimona [16].

B sTOoM citydae (pyHKIMIO X COBMECTHOIO pacIpejeeHus] MOXKHO
MpeCcTaBuTh B Buje [17]:

,(15—1
PW}>wy,..., W >wn) = | > Si(w;)™ — (m — 1) =
j=1

= Cclayton(si(wl); ey S:'n(wm))a

i _ i ,

rie Si(w;) = P(W} > wj) — MapkuHalbHble pacrpejieieHus, ¢ —
napametp ramma-pacnpesesneHus (1), Celagion () — DyHKIHSA, 06beAMHAOMAA
MapKUHAJIbHBIE paCTpe/ie/ieHUsI B COBMECTHOE pacIpe/ie/ieHie BEPOSATHOCTH

Cclayton(zh sy Zm) = \II(\I}('ZI) +.F \I/(Zm))7

Takum 00pa3oM, OlLlEHKA MapamMeTpa KOITyJIbl, CBA3BIBAIOIICH JJTHHBI
HaOJTIOJaeMBbIX HHTEPBAJIOB MEXIY SNW30JaMH IOBEICHMS, SBJISCTCS
HMCKOMOH OIIGHKOIl TapamMeTpa ramma-pacripe/iejieHus] BEpOSATHOCTH ;.
CymecTBYIOT pa3JIMIHble METOABI IIOCTPOCHUSI OIIEHKH ITapaMeTpa KOIYJIb,
B TOM YHCIIe KJIACCUYECKUN METO[ MaKCHUMAaJbHOE MPaBAONOA00US WIn
oOpalleHus1 paHroBoro Ko3(uireHTa KOppessaluu, U JUisi HeOOJbIINX
BBIOOPOK BO3MOXKHO cMeliienue oreHku. Otmedaercs [18], kiaccuueckue
METOJIbI MO3BOJISIOT MOJTYYHUTh JOCTOBEPHBIC OICHKH, €ClI HaOoJaeTcs
OT 25 WHIWBHUAOB; OIHAKO MJisI OICHKH MapamMeTpa Komymsl KirefiTtoHa
ObUTM TpeIoKeHbl MeTonsl [19], mo3Bossiione OlEHUBATH MapaMeTp
Bcero no 10 HaOmonenusM. OCOOEHHOCTBIO MPUMEHEHHS] 3TOr0 MeToja
SIBJISIETCSI HEOOXOAUMOCTB Mepexo/ia K TICeBI0-HAOIIOICHUSIM, IOy YaeMbIM
MOCPEICTBOM UHTETPAILHOTO MPe0oOpa30BaHUs BEPOSTHOCTH.
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[TocnenoBaTenbHOCT IIarOB MOCTPOCHHUsI OIEHKU IapameTpa Ipu
TOMOIIIY armnapara KOy MOKHO c(hOpMYIMPOBATh MPH MOMOIIHU CEAYIOIEi
T10CJIe/I0BaTe/IbHOCTH II1aroB.

1. Cobpath maHHBIE 00 M MU30aX ISl 1. OOBEKTOB HAOTIONCHHUS,
NpUYEM YKCJIO M HOJKHO OBITh OJIMHAKOBBIM JJsi Bcex, m > 2 (B
BBIYMCJIUTESILHOM IKCIIEPUMEHTE MCHIONb3yeTcss m = 2). Yncio o0beKTOB
HaOJIIOIEHUsT MOXET OBbITh OTHOCUTEJIbHO HeBeJsiuKo, mopsiaka 10 wiu 50,
U 3aBUCUT OT KOHKPETHOTO METOJa OLIEHWBaHWS MapameTpa KOMyJbl Ha
nocnieHeM mare. CoOpaHHBIE NaHHBIE MPEJICTABISAIT co00il HabOp MIMH
WHTEPBAJIOB MEX/Iy MOCIIeJOBATECILHBIMI SMI304aMH ITOBEJCHUS WJZ

2. IlpuBectu 3HaueHusi chOpMUPOBAHHOI Ha 1are 1 BHIOOPKH K
PaBHOMEPHOMY pacrpe/IeJIeHHIO ITPY TIOMOIIIU MPeodpa30OBaHuU:

u; :r;/(n—}—l),ie {1,...,n},7 €{1,...,m},

rae r§ 0003HavaeT paHr HaOOAeHHUsI W; cpemuBcex ¢ € 1,...,n,5 € 1,...,m.

3. Ouenursb 3HaueHue napameTpa ¢pyHkimu Knefitona npu nomoru
MOJTyTIapaMeTPUIECKOro MeTosa obparieHus: ko3 HuImeHTa Koppessyun
Kenpanna [18] (uam 1100bIM UHBIM METOIOM).

4. Jlnsa cpaBHEHHsS Ha OCHOBE ITOJYUCHHOH OIICHKHM IapaMmerpa
Obln creHeprpoBanbl 1000 peanu3zaluil raMma-pacripeie/IeHHOM cityYaitHoi
BEJIMYMHBI.

[TonyyeHHast OIEHKA SIBJISIETCSI OLIGHKOHW MCKOMOIO IapaMmeTpa
CMEIMBAIOIIETO raMMa-pacrpe/ieIeHNs] BEPOSTHOCTH. B BeramcMTe IbHOM
9KCIIEpUMEHTe Ha OCHOBE 3TOIl OLEHKM ObUIM CreHepHpOBaHbI 3HAYCHUS
ramMMa-pacIpeieJIeHHO! ClyyaiiHO! BEJIMUUHBIL.

2.3. MeTtoapl NPUOJIMKeHNsI CMEIIHBAIOIIEr0 pachpe/IeeHust
C WHCHOJHh30BaHNEM 0OailecOBCKHX ceTell goBepusi. OMHAKO MeETO[H,
onuMpamnecss Ha OLEHKY IlapaMerpa, o0JIafaloT  OrpaHMYEHHBIMU
BO3MOXKHOCTSIMH ISl 0OPaOOTKH JIaHHBIX C HEOINpPEeAeIeHHOCThIO, KOTOPHIE
YacTO BO3HUKAIOT NP OOpAIEeHHH K caMooTueTam U uHTepBbio [20]. Tubkum
MHCTPYMEHTOM /1J151 pa0OThI C TAKUMU JJaHHBIMU sBJIsoTcst BC.

Kuaaccuueckast BC/I B kayecTBe Moyiesiv OLIeHUBaHUSI MHTEHCUBHOCTH
TI0 OTpaHIMYEHHBIM JTAHHBIM ObUIA MTpeiokeHa B padortax [21,22]. 'pacdpudeckas
CTPYKTYypa ceTu (hOpMHUpYETCs CIEAYIONIMM 00pa3oM: LEHTPAIBHBIM y3JI0M
SIBJIIETCS] NIEPEMEHHAasA, MOJCJHMPYIOIIasi Pa3Indusl MeXIy WHAUBUAAMH B
BBIOOpKE u; (OHA e IMO3BOJISIET BBIYUCIUTH CPEJHEE YMCIJIO SIHU30[0B B
MPOMEXYTKE BpEMEHH), a AETbMH 9TOT'0 y3J1a ABJIAIOTCS Y3JIbl, COIIOCTABICHHbBIE
NepeMEeHHbIM-/IJITMHAM MHTEPBAJIOB ME3K/1Y I10CIIeJ0BATEIbHBIMU SIN30/JaMH.
Takum 00pa3oM, BOHHKAET 3Be34aTasi CTPyKTypa, KOTopasi 00yC/IaBIuBaeT
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pa3OueHre COBMECTHOTO pacIIpe/ie/IeHHs BEPOSTHOCTH (HalpuMep, Ui Tpex
MHTEPBAJIOB MEX /1y TOC/IeJOBATEIbHBIMHI SMU304aM1 OBEACHHS):

P(u' < u, Wi < t1, Wi < to, Wi < t3) = P(u' <u)P(W] <t |u")
P(W3 <ty |u")P(Wi < ts|u®).

IMogroHka WCKOMOTO TaMMa-pacipelleieHuss B paMKaxX 3TOrO
MOJXOa OCYIIECTBJISETCS] C TOMOMIBI0 MPOBEACHUS AarloCTepPUOPHOTO
BBIBOJA C WCIIOJBL30BAaHUEM paHee OINpeJIeHHbIX TMapaMeTpOB CETH
MpU 3aJIaHHOM JKCHEPTHBIM 00pa3oM CTpykType cetu [21]. Ornenka
napametpoB BCJ] ocyIecTBisieTcs Mpy MOMOIIM METO/la MaKCUMAJILHOTO
npasaonoxodus [23,24]. Tlpu 3ToM arpuopHbie TapamMeTpbl MOAEIN MOTYT
OBITh 33/1aHBI HA OCHOBE CTATUCTHYECKOH HH(POPMALIMH UITH K€ TIPEOCTABIICHbI
SKCHepTaMHu.

DTOT MOAXOJ IIMPOKO MPUMEHSIETCS B Ppa3jIMUHBIX CUTYyalMSsX,
CBSI3aHHBIX C HEONpeAeeHHOCTbIO NaHHbIX [24]. [Tonxoxa kinaccuueckux BCII
00JaiaeT BRICOKOU MPUMEHUMOCTBIO B IPIIIOKEHUSIX OJIaroapsi pasBUTOMY
MPOrpaMMHO-aHAJIMTUIECKOMY OOECHeUeHHIo Iporiecca  0aifecOBCKOTO
paccyxaenus, cTpykrypa BCJl oTpakaeT MHTYUTHBHO HOHSTHbIE TIPUYUHHO-
CJIeICTBEHHbIE CBSA3M B IpeAMETHOM 00acT. OCHOBHBIM €r0 HEOCTATOKOM
JUTSI IOCTPOEHUSI OIIEHOK B paMKax raMMa-1yacCOHOBCKOI MOJIENIU MOBEIEHU ST
SIBJISIETCS] HEOOXOIUMOCTD JUICKPETU3AINH TOCTYIAIONINX TaHHBIX O JITHHAX
WHETPBAJIOB MEX]y TMOCIeIOBATEIbHBIMU SMU30[aMH, YTO 3HAYUTEIHHO
yBEJMUYMBAET YKCJIO MapaMeTpoB, KOTOpoe TpeOyeTcsi OLEeHUTh/3a1aTh
o mopenu. Hampumep, eciu 1 OLGHKM (PYHKIMM HWHTEHCHBHOCTH
raMmma-1yacCOHOBCKOT'O IPOIIecca KCIIOb3YIOTCS & IepeMEHHbIX, OTBEYAIOIINX
JUTMHAM MHTEPBAJIOB MEXAY MOCJeA0BaTe/IbHBIMU SIU30JaMU, KaxJas U3
KOTOpPBIX pa3dWTa Ha 5 MHTEPBAJIOB, TO odIree urcio napametpoB BCI mis
siIpa raMMa-yaCcCOHOBCKO# MOJIeIH, KOTOPble HEOOXOANMO WJIM OLIEHUTH WX
3a/1aTh SKCIEPTHBIM MyTEM COCTABIISIET 24 * k, UTO MpeAcTaBisieT OOJIbIIYI0
Harpy3Ky Ha JaHHBIE WM SKCIIEPTOB.

B kauecTBe OILIEHKM HCKOMOIO CMEIIMBAIOIIEro pacrnpeeIeHust
BHICTYIIaeT allOCTePHOPHOE [TUCKPETHOE paclpe/ie]icHhe BepOsITHOCTH,
MoJTyyaeMoe TpH MpOTIaralyiy CBUACTENCTB O JJIMHAX HUHTEPBAJIOB MEKIY
SMM30/1aMHU, U O00bEM BBHIOOPKM HE BaeH BCJICACTBUE HCIIOIb30BaAHMS
0alieCOBCKOro MoAXoaa.

Hoaxox ru6puaabix BCJl ob6namaeT TMOKOCTHIO KJIACCHUYECKUX
BCJl k MomempoBaHHWIO HEONpPEedEICHHOCTH, W TPU 3TOM OTpaxaer
0COOEHHOCTH T'aMMa-IyaCCOHOBCKON MOJIENH 3MU30UYECKOro mpoiecca,
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KaK HEIIPEePhIBHOCTh COCTABJIAIOIIUX €€ IEPEMEHHBIX. BO3MOKHBI pa3nyHble
noaxoasl K 3aaaHuio rudpuanoii BCJI, nanee paccMoTpeHO NpubIMKeHne
JVICKPETHBIX pacrpesieIeH!ii MpH IOMOIIM CMecel YCeYeHHbIX Oa3HCHBIX
¢yukuuit [25, 26]. OcHOBHOU wuaeell MeToja sBISETCS NPUOIIKCHUE
COBMECTHOM IUNIOTHOCTH 7-MEPHOTO BeKTOpa X, OTPaKaloIIero pacrpesiesieHre
nepemeHHbix B BCJI, mpu mnomoiy HaOOpOB BEIIECTBEHHbIX (DYyHKIMA
U = {’(/)1}10207'(/)1 :R—R:

k ¢

Fe) =" T 0wz,

i=1 j=1

e Y = (Y1,...,Yy) nuckpernas yacts Bekropa X, Z = (Zy,...,7.) —
HeTpepbIBHAs YacTh; az(-J; BEIECTBEHHBIE YHCNa. B KayecTBe Ga3MCHBIX
:

byHKIMIA 1); YaCTO MCTONB3YIOTCA MOMMHOMBI U (2) = ° M 9KCTIOHEHTHI
U(z) = {1,exp(—x),exp(—2x)...}.

s paccMoTpeHHo Bbittie CTpyKTypbl BCIL 17151 raMMma-1myacCOHOBCKOM
MOJIeJIM TIOBEJIEHUsI C TPEMsI MHTEpBajaMU MEX[Iy I0CJe10BaTeIbHBIMU
SMM30[4aMH TOBEACHUS, Pa3JIOKEHUE C MOMOLIBI0 YCEYEHHBIX SKCIOHEHT
BBIIJISIIUT CJIEAYIONMM 00pa3om:

f(u, tl, tg, td) = Qo +Z a; exp(bgu)u + bgwl)tl + b§W2)t2 + bEW3)t3> s (2)
i=1

I7ie ™ MpeACTaBIIsIeT CoO0i TITyOuHy MpUOIVKeH!s 6a3UCHBIMU (DYHKIMSMHU.

I[py 3agaHny anpHOPHBIX MTAPaMETPOB MOJIEJH STOT HOAXO, SIBIAETCS
JOCTaTOYHO TpeOOBaTeJIbHBIM K AaHHBIM, OfHAKO KaK M BCe MOAEIU Ha
ocHoBe BCJI, Moaesnb MoxeT ObITh 3aJjaHa OJMH pa3, ¥ 3aTeM UCIIOIb30BaHA
JU1s1 IOCTPOEHUS OLICHOK MHTEHCUBHOCTHU NoBeAeHus. [Ipu ucnons3oBaHun
9TOrO MOJXOJa OIEHKAa MHTEHCHMBHOCTHU IOBEJIEHUs NMpPEACTaBiIsieT coO0i
NPUOIIKEHHOE pAacIpele/ieHHe BepOsITHOCTH, IMOJTydaeMoe C ITOMOLIBIO
MpOMaranyy CBUAETENBCTB O JUIMHAX MHTEPBAJIOB MEXKIY MOCIIEJOBATEIbHBIMA
3MU30JaMH MOBE/ICHUS.

Cama npoLieiypa YMCIEHHOTO 3aJaHK sl UCXOQHOI MOZIeJ ONUpaeTcs Ha
pellieHre 3a1a4i KBaApaTUUHOH ONTUMU3ALUY 1)1 ONpe/ieIeHHs] TapaMeTpOB
cMecell, ONMCHIBAIOIIMX MAapruHajbHbIE W YCJIOBHBIE paclpelesieHus,
otevatone rpady BCI [26]. KommvecTBo mapaMeTpoB TaKMX cMeceit
MOXET BapbUPOBATHCS, COOTBETCTBEHHO, BAPbHPYETCS U 00beM HEOOXOAUMBIX
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JaHHbIX. Kpome TOro, ajnroputmbl MPUOJIMKEHUsI MOTYT OIUPAThCS Ha
arpUOPHBIE 3HAHUS IKCTIEPTOB.

[TocnenoBarenbHOCTh HIArOB MOCTPOEHUsI KOCBEHHON OLEHKU IpHU
roMonu 6afleCOBCKHX ceTell ToBepHsi MOKHO C(hOpMYIHPOBATh IPH TIOMOIIA
CJIeyIoMIel OCIeA0BATEIFHOCTH IIIaroB.

1. 3asath CTPyKTYpy 3aBUCHMMOCTH HAOJIIOAAEMbIX MEPEMEHHbIX,
SIIPOM KOTOPOH SIBJISIETCSl 3Be3/4arasi CTPYKTypa ramma-IyacCOHOBCKOM
Mofend. Ha 3ToM sTame BO3MOXHO BKJIIOUEHHE B MoOjeNb (hpaKTOpOB
BHEITHEl cpelbl, HeIOOIpeIeIeHHOCTh 3HAHUIT O MX BIIUSHUA MOXET OBITh
KBaHTH(DUIIMPOBAHA SKCTIEPTHO WU K€ CTATUCTHUYCCKH.

2. CdopMupoBaTh TPEHHPOBOYHBI HAOOp JIAHHBIX, KOTOPBIi
COJCPKUT JAOCTATOYHO OOJIBIIOE YKCIIO HAOJIOACHUI MHTEPBAIOB MEXIY
MocJie10BaTeIbHBIMU MM30JaMU HCCJIElyeMOTo MOBEJEHU S U OLIeHUBAaeMOM
YacTOTHI, a TAKKe WHBbIe HaOmogaemMbie (haKTOphL. B paMKax BBYHUCIUTEILHOTO
IKCIIEPUMEHTA CTeHEPUPOBAHHbBIA HAOOP JIAHHBIX ObLT Pa30UT HAa TECTOBYIO U
TPEHUPOBOYHYIO BHIOOPKH B OTHOIIEHMH 2: 1.

3. (mar gmsa npuMeHeHMs moxaxoma Kiaccudyeckoir  BCJI)
JIMCcKpeTHU30BaTh  HENpephiBHbIC JaHHBIE 00 UHTEpBajax  MEXIY
MOCJIeI0BaTEbHBIMUA  SMTU304aMU W; Ha OOJBINIOE YKCJIO HMHTEPBAJIOB.
IJisi  TIpoBedeHUs] BBIMHCIMTENBHOTO 3JKCIIEPHMEHTa HCIOJIb30BalIoCh
paszOueHre Ha 8 MHTEPBAJIOB MPH MOMOIIY METO/Ia B3aUMHOI HH(pOPMAITIH
XapremuHka [27].

4. Ilpu nmomoiy crienyaIu3upOBAHHBIX aITOPUTMOB (151 cMeceit
YCEUYECHHBIX Oa3uCHBIX (yHKIMA [26], Ui KJIaCCUYECKHUX OaileCOBCKUX
cereit [27]) oOyunTh mapaMeTphl OAileCOBCKON CETH JIOBEpHUsi HA TeCTOBOM
BBIOOpKE. B mccieoBaHNM NCTIONB30BAJICS METO MAKCUMYMa IPaBIO0IOg00USI.

5. Tlpoectu OaiiecoBckuii BBIBOJL JJisi TecToBoro HabGopa
MOCTYMHAIOIINUX JaHHBIX (MIPOU3BOJBHOTO 00BbEMa, OT OJHOIO HaOIOICHU)
JUIsl TIONTyYeHUs alloCTPEMOPHOro paclpefie/ieHus] UCKOMOH IepeMeHHOR
¢, OTpaxamwlledl CMeIUBaIIee paclpe/ie/icHrne IaMMa-ITyacCOHOBCKOTO
mporiecca. B pamMkax BBIYMCIHTENBHOTO SKCIIEPUMEHTAa IS TOTyYeHS
arloCTEPUOPHOro  PaCHpe/ie/ieH!s] UCIMOJb30BalacCh TECTOBasi BHIOOPKA
CTeHEPUPOBAHHOTO TECTOBOTO HAOOpa JaHHbIX.

CyliecTByIOT ¥ HHbIE MOAXOObl K padoTe ¢ HerpephBHBIMU
pacnpeneneHusiMu B pamkax popmamuzma BCII, mo3Bosisioniye Ucrnoab30BaTh
MeHbIllee KOJIMIECTBO HAOJIOACHUIT ISl OIICHKM alpUOPHBIX IapaMeTpOB,
HarnpuMep, noaxo jio3sl [28]. B Tabiuiie 2 npuBeieH CpaBHUTEIbHBIN aHATN3
CYIIECTBYIOIIUX TIOAXOJOB C TOYKHM 3PEHHs] NMPUMEHHMOCTH B YCIOBHSX
OTpaHUYeHHBIX pecypcoB. [IpoaHanmu3upoBaHbl BO3MOXXHOCTH Mojeneill K
yUYETy BHEITHUX (PaKTOPOB, BIUSIONINX Ha MOBEJCHUE, TPEOOBAHUS K TAaHHBIM
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JUISl 3a/laHUs] TOM WJIM MHOM MOJIENH, a TaKXke YMCJIO MapamMeTpOB MOJEIN
OLCHUBAHMUA.

3. TounocTh MeTOIOB OIIEHWBAHWSI HHTEHCHBHOCTH TOBEIEHUs
B raMMa-IyacCOHOBCKOW MOJeJN IOBeJeHHSI [0 OrpPaHMYeHHBIM
JaHHBbIM. AHAJIM3 TOBEAEHHUS YesOBeKa SBIAETCS TPYAOEMKOH 3ajgadei,
cOOp IaHHBIX B KOTOPOH YacTO CBSI3aH CO 3HAUUTEJIBHBIMU CJIOKHOCTSIMH.
TaK, JJIA l'IpHMOfI OLCHKN HWHTEHCUBHOCTHU PUCKOBAHHOI'O TIOBEACHUA
UCTIONIB3YIOT pecypco3aTpaTHble CIIOCOOBI MPSMOro HaOMONeHUsT WM XKe
JHEBHHUKOBBIE METOJIBI, KOTOPblE HE MOTYT OXBaTHTh BCE MHTEpECYIOIINe
Buabl nosegenus [3]. [losToMy mcnonp30BaHNE CTeHEPUPOBAHHBIX JTAHHBIX
YacTo ABJISAETCS HEOOXOIMMBIM LIIaroM NP OLIEHKE YMCJIEHHBIX MOKa3aTeeil
aBTOMATH3MPOBAHHBIX CHCTEM 00padOTKH UH(OPMALIUK O TIOBEJCHHH.

Ocoboro BHUMaHUs TpeOyeT BOIPOC O PEJIEBAHTHOCTH KJIIOUEBOTO
o0beKkTa paboOTH: TraMMa-IyaCCOHOBCKOM MOJeIM TOBEACHHS, pPealbHO
HaOMogaeMoOMy IOBEJEHUI0 HHAMBHIOB. DTa MOJENb ONUpaeTcsl Ha
KJIACCMYECKHUE MPEATNIOCHUIKH ITyaCCOHOBCKOro mpotecca (mogpodHee 3TOT
BOIIPOC OCBellleH B padoTe [12]), oiHAKO MOJIeIH OLIEHUBaHHUsI KYMYJISITUBHOM
XapaKTepUCTUKH, pacCMaTpUBacMbie B pab0Te, MOTYT OBITh aIallTUPOBAHBI
K BO3MOXHBIM OTKJOHEHHSIM OT 3THX HPEAIochUIOK. Tak, (yHKIus
WHTEHCHBHOCTH TIPOIIeCCa MOXKET BKJIOYATh 3aBMCUMOCTb OT Pa3IMYHBIX
KoBapuaHT B ¢opme perpeccun [11], U mogOOHBIE MOAENH IIIUPOKO
WCTONB3YIOTCS NPY aHaIM3e PUCKA. AHAJIOTWYHO, Hcroiab3oBaHne BC]]
JIOITyCKaeT BHEJPEHHE y3JI0B, KOTOPBIE MOTYT aKKyMYJIMPOBAaTh OTKJIOHEHUS
OT UCXOJHBIX MpeAnoynokeHuil. OTMETUM Takxke, YTO B CUTyallUsIX OCTpOM
OTPaHMYEHHOCTH PECYpPCOB, KOTAA JOCTYIHBI JaHHBIE JIMIIb O HECKOIBKUX
3MU304aX AJIs1 HeOOMBIIOTO YMCIIA MHANBHUAOB, HET BO3MOXHOCTH YCTAHOBUTh
NPUHAAJIEKHOCTh HAOMOJAeMbIX SIH30[0B TOMY WIM HHOMY KJaccy
ciy4vaiiHbIX mpolieccoB. PaccmarpuBbie B paboTe METO/IbI TIO3BOJISIOT MOy YUTh
NpeBapyUTENIbHYI0 KOCBEHHYIO OLIEHKY YK€ Ha CBEpXMaJIbIX BBIOOPKAX, YTO
Ba)XHO Ha PaHHMX 3TallaX MOHUTOPUHIa IOBEICHMUS MH/IMBU/IOB.

JL71s1 BOCTHKEHMSI IeJ MCCJieJOBaH!S ObLT IPOBEAEH BHIYMCIIMTEBHBINA
SKCIEPUMEHT, B OCHOBE KOTOPOTO JICKHT TeHepanus Habopa [aHHBIX,
OTBEYaIOILEr0 CBOHCTBAM raMMa-1yacCOHOBCKOI MOJIeJM OBEI€HNU 1, COIVIACHO
maram ncepjokona 1. Ero maru oTpakaioT CTpyKTypy raMMa-IryacCOHOBCKOM
Mojenu moBeleHHsA (pasgen 2.1): cHavala TeHepUpyeTcsl 3HaueHHe
HeHa0TI01aeMOi CITyJalfHOU MHTEHCHUBHOCTH Tiporiecca (mmar 11), nverornee
raMma-pacripesiejieHie BEpOSATHOCTH; 3aTeM Ha OCHOBE 3TOTO 3HAYECHHS
TEHEPUPYIOTCS MATh CIyYaiHBIX BEJIWYMH, MMEIOIINE 3SKCIOHEHIMAIbHOE
pacripesiesieHue BeposATHOCTH (mar 12-16), Ha OCHOBaHUM KOTOPBIX
PacCUUTHIBAIUCH 3HAUEHUS OLIEHOK C MOMOIIBIO Pa3JMYHbIX MOAXO0A0B. [lis
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MPUMEHEHHUs TOX0/la Ha OCHOBE KOITYJI CTeHepUPOBaHHbIE 3HAUEHHS ObLIN
OTHOPMHPOBAHbI COITIACHO paHram (mar 21, maru 1-6).

Tt mocTrkeHus ey pabOThl KCIOIB30BATIUCH HECKOJIBKO 3HAYCHUIA
WCXOIHOTO TaMMa-pacrlpelesieHusl, KOTOpble Hambojee XapaKTepHBI
JJIsl TIOBCEJIHEBHOIO SIU30AUYEcKOro rmoseaeHus (mar 7). OO0bem
naraceta coctaBwi 10000 HaOMOACHUIA, YTO YAOBIETBOPSET TPeOOBAHUAM
CYIIECTBYIOIIUX MOAXOIOB K OIIEHKEe, KOTOpBIe OMKMCaHbl B pazzeie 2. [Ipu
TeHepalyy CTyYaiiHbIX BeJIMYUH ObUTH OTOPOIICHBI OYEHb JITMHHBIC UHTEPBAJIBI,
KOTOpBIE ECTECTBEHHO BO3HHKAIOT TPU OOpallleHNH K ITyaCCOHOBCKOMY
TpoliecCy ¢ HU3KOH MHTEHCUBHOCTBIO, OTHAKO HAOMI0IEHHE KOTOPHIX B paMKax
camooTyeTa KpaitHe MajoBeposATHO (pyHkiwms 1-7 u maru 22-27).

JIncrunr 1. TTocnenoBaTebHOCTD IIATOB FeHepaLi HaOopa JaHHbIX, OTPAKAIOIIUX
CTYPKTYpY raMMa—I1y aCCOHOBCKOIl MOZEIIH

1: function Truncate(Data)

2 NewData < Data

3 for i € (1 : NumberOfColumns(Data) — 1) do

4: NewDatal,i + 1] < Data[which(Datal,i + 1] < 1000), ¢ + 1]
5 end for

6 return NewData

7: end function

8: S « [0.2,0.5,0.8,1.0,1.2,1.5]

9: SimData < DataFrame[nrow = 10000, ncol = 36]
10: for s € S do

11:  fori € [1,10000] do

12: As[i] - RandomGamma(s, 1/s)

13: 72[i] + RandomExponential(\)

14: 72[i] + RandomExponential(\)

15: 73[i] + RandomExponential (\)

16: 74[4] + RandomExponential(\)

17: 75[i] + RandomExponential(\)

18:  end for

19:  MiniData < ColumnBind(\s, 7}, 72,73, 72, 75)
20: SimData + ColumnBind(SimData, MiniData)
21: end for

22: datal < Truncate(simdatal[, 1 : 6])

23: data2 <+ Truncate(simdatal[, 7 : 12])

24: data3 <+ Truncate(simdatal[, 13 : 18])

25: data4 < Truncate(simdatal[, 19 : 24])

26: data5 < Truncate(simdatal, 25 : 30])

27: data6 < Truncate(simdatal[, 31 : 36))

C uCronb30BaHMEM CreHEPUPOBAHHOTO HA0Opa JaHHBIX, B Cpejie
CTaTUCTUYECKOI 00pabOTKM JIaHHBIX R ObUIM MOJyYEeHBl OLIEHKU UCKOMOTO
ramMa-pacrpe/iesieHus sl pa3Horo konuuecta HabmoaeHuit (20, 40, 60, 80)
TPEX CYIIECTBYIOIIUX TTOJXOIOB:

1. ¢SlassieBBN - yng  nopxoma, MojpasymeBaloIIEro  MoJydeHHe

AllOCTEPUOPHOro paclHpeaAciceHusA Ha OCHOBE KJIIACCUYCCKUX BCH, 1A
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TMOJIyYEeHHsI OLIEHOK KCIIOJIb30BAJICS AJITOPUTM B3BEIIEHHOTO MPAaBJIONOA00MS,
peanu3oBaHHbIH B akeTe bnlearn [27];

2. ¢S 11 mogxoma, B OCHOBE KOTOPOTO JIEXHT OLICHKA [IapaMeTpa
KOIYJIBI, CBSI3BIBAIOIIEH JIBE TIepeMEHHbIC — [JIMHBl MHTEPBAJOB B TaMMa-
MTyaCCOHOBCKOM MOJEJIH MOBEICHHUST; UCTIONB30BAJICS KJIACCUIECKUIA aTOPIUTM
oOpalieHus1 paHroBoro Ko3(uireHTa Koppeisiym, peain30BaHHbIN B aKeTe
copula ';

3. ggybridBBN JUISL  TIONXOJa, TOIPa3yMEBAIOIIEro IOJyYeHue
SMIMPUIECKOTO aroCTePUOPHOTO paclpe/ie/ieHds] Ha OCHOBE TMOpPUIHBIX
BC]I, roe HempephIBHBIE paclipe/ie/IeHUs IPUOIIIKEHBI C TIOMOIIBI0 cMecei
yCeueHHBIX SKCIIOHEHT, pean3oBaHHbie B nakete MoTBFs 2.

ITpu 3TOM BCE paccMaTpUBaeMble METO[bI SIBJISIOTCS PAa3JIMYHBIMU
MO CYTH MOJy4aeMbIX OIIEHOK. MeTol Ha OCHOBE KOIYJ BHIJAeT OLEHKY
mapaMeTpa CMEIIMBAINEr0 ramMMa-pacrpe/ie/ieHds, W I[OTOMY HWTOrOM
SIBIISIETCS HETPEephIBHOE pacIipe/ie/ieHre BeposTHOCTH. Paree pa3paboTaHHbII
TIOZIXO[ C IApoM B Bujie Kiaccudeckoit BC/ maet orieHKy B BUIE AUCKPETHOTO
pacrpe/ie/ieHus1 BEpOSATHOCTH C HEOOJIBIIIMM YUCIIOM CTYIEHEil, B TO Bpemsi
kak ruopugnbie BCJl, mpuOJMKeHHble C MOMOIIBID CMeCel yCeYeHHBIX
pacripefiesieHnii, TO3BOJISIOT TOJTYyYUTh SMITMPHUYECKOe HETpephIBHOE
pacmpezesieHlie HEM3BECTHOTO Kiacca. B cmily pa3sHOOOpa3sHON MpPUPOIBI
OIICHOK, IMOJTy9YaeMbIX B Pa3IMUHBIX MOJEISX, IJIsl CPAaBHEHHS MX TOYHOCTH
ObUIO pelIeHO WCIMOoJb30BaTh paccrosinne KanTtopoBuua-PyOuninreitna
(meTpuky BaccepirtaiiHa), KoTopas SIBJAsSeTCSI MepOil YAaJIEHHOCTH JBYX
BEPOSITHOCTHBIX pacrnpejesieHuii Apyr ot apyra. Mertpuka Kanroposnya-
Pybunmreiina [29] npencraBisieT coOoil €CTECTBEHHOE pacCTOSHUE Ha
MIPOCTPAHCTBE pacIipee/ICHI BEPOSTHOCTH.

B nuccepTanMOHHOM WCCJIEIOBAaHUM BBIUYUCISIETCS  CJIEIYIOIIAM
obpasom. ITycts @ u b peacTaBisioT cOO0R 3HAYESHUST HEKOTOPOH CTydaitHON
BEJIMYMHBI, TOTJA HUX OSMIUpPUYecKUe (YHKIMM paclpelesieHnust ecThb

F(t) = X0 w”1e; <t} n Gt = X0 wP1{b; <t} @ 1w
NPe/ICTABIAIT co00# Beca). PaccTosiHue Mexly TaKUMU (PYHKIIUSMEI MOXET

OBITh BBIYUCIIEHO KAK

1/p

W,(F,G) = </01 |F~(u) — Gl(u)|pdu)

1 Hofert M., Kojadinovic I., Maechler M. and Yan J. (2023). copula: Multivariate Dependence with Copulas. R package version 1.1-3 URL:https:
/ICRAN.R- project.org/package=copula

Pérez-Bernabé 1., Salmerén A., Nielsen T.D., Maldonado A.D. (2022). MoTBFs: Learning Hybrid Bayesian Networks using Mixtures of Truncated
Basis Functions. R package version 1.4.1, https://CRAN.R-project.org/package=MoTBFs
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3nech F~1 u G~ — 06061menHbe o6paTHble hyHkimu. T p = 1
TaKXKe BBIIOJHEHO:

Wi (F,G) = /OO |F(z) — G(x)|dx.

— 00

Tabmma 1 oTpakaeT paccuWTaHHBIe paccTosiHAS KaHTOpoBHYa-
PyOuHIITEAHA U1 pA3JIMYHBIX MOJIEieil OLEHUBAHUS M PA3JIMIHBIX 3HAUYSHUIT
WCXOIIHBIX TTApaMeTpPOB. PaccTOsIHME BHIUUCIISIOCH C UCTIONB30BAaHUEM MaKeTa
transport>.

4. O6cyxaenne. OCHOBOI 11eJIbI0 pabOTHI ABJISETCS OINpe/e/icHIe
TOYHOCTHU CYUIECTBYIOLIMX METOAOB OLIEHUBAHUSI MHTEHCUBHOCTHU MIOBEJEHHUSI.
B ta6uuie 1 npeactaBieHbl pe3y/IbTaThl BHIYUCIUTEBHOTO SKCIIEPUMEHTA,
IIPOBEIEHHOTO [J151 OLIEHKU TOYHOCTH CYLLECTBYIOIIMX OAXO0A0B K OLIEHUBAHUIO
HCKOMOH XapaKTepuCTUKU. OTMETHM, YTO CaMble TOYHbIE KOCBEHHbIE OIIEHKU
MO3BOJISIET MOJTYYUTh MOIXO, OMUPAIOLIUIICSA Ha OIIEHKY MapamMeTpa KOIYJIb,
KOTOPBIH [IPY 3TOM HE TIO3BOJISIET HATPSMYIO YUUTHIBATh KOHTEKCT peaan3aluu
snm3oa0B. Bosee rubkuit noaxox BCJ] mo3BonsieT momydyaTh JIOCTATOYHO
TOYHBIE OLIEHKH IIPU UCTOJIb30BAaHUM HETIEPEPBIBHBIX IIEPEMEHHBIX B Y3J1aX;
KJIACCUYECKMIA JKe TIOAXO JaeT OoJiee JajeKrue OT HCTUHHBIX 3HAYEHUs.

TOYHOCTh TMOSydyaeMON OIIEHKU SIBJISIETCS OOHUM U3 KJIIOUEBBIX
¢akTOpoB, 00YCIABIMBAIIIUX MPUMEHUMOCTh CYIIECTBYIOIIUX MOJIEIeH
OLICHUBAHUSI KYMYJISATUBHON XapaKTEPUCTUKHU SMU30JAUYECKOTO MOBEIEHUS
B IpyHle WHIUBUAOB, Pa3jMYyalOUMXCsA O CKJIOHHOCTH K IIOBEICHUIO.
Kpome 3TOro Ba)XHO yUMTHIBaTh Harpy3Ka Ha JaHHBIE, T.€. CKOJBKO JaHHBIX
HEOoOXOIMMO KMCIIOIb30BaTh JJTs MOTydeHus onleHKH. C Ipyroil CTOPOHBI BaKHO
YUUTHIBATh KOHTEKCT PeaIM3alliy SMU30/10B U BO3MOXHOE BIUSHUE BHEITHUX
(akTopoB.

Tabmua 2 o0oOmiaer pe3ynbTathl pabOThl, W MPEACTABISET
BO3MOXXHOCTh BBIOOpa TMOAXOJAa B 3aBUCUMOCTA OT HMEIONIMXCS B
pacropsikeHUU WCClieJoBaTeNisl JaHHBIX M 1eJiell ero WccieJI0BaHusl.
KavecTBeHHOE cpaBHEeHHE TOJXOA0B K MOCTPOEHUIO OLIEHKHU OIMUpaeTcsl Ha
onucaHue BBOJHBIX JAHHBIX, IPeCTaBIeHHOe B 2 (MyHKT 1 151 anropurma
OLEHKM MapaMeTpa KOIyJbl W IyHKTbl 1-2 [Ji aJirOpuTMa MOCTPOEHUS
npubmmkeHHoro pacrpejesienuss Ha ocHoe BCI). Ilon oTtHocuTenbHOM
TOYHOCTBIO MMOHUMAETCsI OTHOIIIEHUE 3HaYeHUs1 paccTossHus KaHTopoBuya-
PyOuHITEiHA MEXKy OIEHKOM, MOTyYaeMOil TeM WM UHBIMUA METOMIOM, U
VCTUHHBIM 3HAYEHUEM U PACCTOSIHUS MEK/1Y OLEHKOM!, MOJyyaeMOi METOIOM

3 Schuhmacher D., Bihre B., Bonneel N., Gottschlich C., Hartmann V., Heinemann F., Schmitzer B., Schrieber J. (2024). transport: Computation of
Optimal Transport Plans and Wasserstein Distances. R package version 0.15-2. https://cran.r- project.org/package=transport
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kimaccuueckoii BCJl, ¥ MCTUHHBIM 3HaueHHEM B cCiyyae, KOrga OIeHKa
crpoutcsi o 20 HaOMOAEHUSAM JUIsl pa3jM4YHBIX 3HAYCHWiIl NapameTpoB
ramMMa pacrpeieIeHUs.. 1M — YKCIIO PACCMATPUBAEMBIX SIMTU30/IOB, k — YHCIIO
WHTEPBAJIOB IUCKPETU3AIIHIH.

Ta6mmua 1. CpenHee 3HaueHue U 95% OyTCTpen JOBEPUTEIIbHBIA HHTEPBAJ s
paccrosinus KantopoBuda-PyOuHInTeiiHa Mek 1y OLIEHKON YaCTOTHI, MTOTyYEHHO! IpH
MOMOIIM PA3JIMYHBIX MOXO0B MO 7 HAOIIOACHUSAM, U UCTUHHBIM CMEIIMBAIOIIMM
ramma-pacrpegenenuem, s S00 perutMkanuii ICXOJHON BHIOOPKU

Mozens 3HaueHHe napameTpa NCXO/IHOi MOjIe
$ =15 b =1.2 P =1 b =028 $ =05 $ =02

Kiaccuueckas
BCII
(ucxomHas
MOJIeb)
n = 20 0.55,(0.18,1.3) | 0.94,(0.28,1.8) | 0.87,(0.24,1.85)| 1.12,(0.3,2.48) | 1.37,(0.33, 2.85)| 2.96, (0.56, 6.35)
n = 40 0.49,(0.2,0.99) | 0.88,(0.36,1.62)| 0.81,(0.29,1.44)| 1.17,(0.47,2.03)| 1.30,(0.42, 2.54)| 2.83,(0.83,5.17)
n = 60 0.48,(0.22,0.87)| 0.87,(0.41,1.43)| 0.78,(0.33,1.34)| 1.12,(0.5,1.92) | 1.26,(0.48,2.24)| 2.84,(1.21, 4.85)
n = 80 0.46, (0.23,0.75) | 0.88,(0.45,1.36)| 0.78,(0.35,1.27)| 1.12,(0.6,1.76) | 1.28,(0.56,2.13)| 2.88,(1.51,4.42)
Ouenka
napameTpa
KOMYJTB
n = 20 0.21,(0.03,0.52) | 0.20,(0.03,0.52)| 0.20,(0.03,0.57)| 0.20,(0.04,0.51)| 0.19, (0.04, 0.48)| 0.30, (0.07, 0.62)
n = 40 0.14, (0.03,0.38) | 0.14, (0.03,0.36)| 0.14, (0.03,0.36)| 0.14, (0.03,0.37)| 0.14, (0.04, 0.35)| 0.29, (0.09, 0.52)
n = 60 0.12,(0.03, 0.31) | 0.12,(0.03,0.32)| 0.12,(0.03, 0.31) | 0.11,(0.03,0.26)| 0.13,(0.04,0.29) | 0.28, (0.11, 0.49)
n = 80 0.11,(0.03,0.27)| 0.10,(0.03,0.25)| 0.10, (0.03,0.26)| 0.10, (0.03,0.25)| 0.12,(0.04,0.29)| 0.29, (0.13, 0.46)
TuGpuanas
BCIO
(npuGmmxenne
YCeUEHHBIMH
GasucHEIMI
ymimsvI)
n = 20 0.26,(0.12,0.54) | 0.24,(0.12,0.51)| 0.26,(0.13,0.53)| 0.33,(0.15,0.73)| 0.45,(0.19,1.03)| 0.94, (0.35, 2.66)
n = 40 0.19,(0.09,0.39) | 0.18,(0.08,0.38) | 0.19,(0.1,0.37) | 0.25,(0.11,0.52)| 0.35,(0.14,0.86) | 0.84,(0.28, 2.12)
n = 60 0.16.(0.08, 0.32) | 0.15,(0.07,0.29) | 0.16,(0.08,0.3) | 0.20.(0.09,0.42)| 0.30.(0.13,0.65)| 0.76, (0.26, 1.68)
n = 80 0.14.(0.07,0.26) | 0.13,(0.06,0.24)| 0.14,(0.08,0.25) | 0.18,(0.08,0.37)| 0.27.(0.12,0.62) | 0.78,(0.24, 1.63)

Ananu3 taGuipl 2 TO3BOJISIET CKA3aTh, YTO €CJIM HE MPe/IoaraeTcs
YUUTHIBATh BHEIIHHE (haKTOPHI, TO MEHbIIE BCEro TpeOOBAHUIA K JaHHBIM
MIPeAbSBIAETCS MPU WCIOAb30BAHMU TOAXOAA K OIEHUBAHMIO MapameTpa
HMCKOMOTO Tramma-pacrpeesieHdsl npu moMoIlnu komys. B atom ciyudae
CYIIECTBYIOT METO/bI, KOTOPHIE IIO3BOJISIIOT CTPOUTH OIIEHKY MapaMeTpa KOIYJIbI
Kneiirona Bcero no 10 Ha®moaeHUAM.

Ecnm roBopuTh O CHTyanmsx, KOrJa BaXHO YYMTHIBATH BIIMSHHC
BHEIIHUX (PaKTOPOB, TO B TOM CJIy4ae HCIOJb3YIOT MOAXOIBl HA OCHOBE
BC[I, koTopble TocJie MOJIHOTO 3a/1aHus ATPUOPHBIX 3HAYEHUI MapaMeTpOB
MO3BOJISIOT MOYYaTh MOATOHKY KCKOMOT'O FaMMa-paciipe/ieieHH s BEpOSITHOCTH
IO JIDOOMY KOJITUECTBY UMEIOIIVMXCS JAaHHBIX M HAOMIOJAeMbIX UHTEPBAIOB
Jutst nHAUBKIO0B. OJJHAKO Il KCIIOJIb30BAHUS 0aiieCOBCKOTO PacCyXIAeHHs
HEOOXOAMMO MOHOCTHIO 3a1aTh Mojesb BCIl. CTpykTypa ceTH orpejelieHa
paHee, U pa3IMyYHbIe MOAXOAM K 3a1aHuIo napameTpoB BCJl uMeoT paznuyHoe
YKCJIO MTApaMeTPOB K OIeHKe. B 1esiom, 006e Mojie MMEI0T COMOCTABUMOE
YHUCJIO alPUOPHBIX TapaMeTpoB AJisl 3a1anusl. B ciyuae kiaccuyeckoit BCJL
9TH HapaMeTpbl MPEJICTABIAIT COOOil 3Ha4YeHHs B TaOJIMIaX YCJIOBHBIX
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BEPOSITHOCTEH, COOTBETCTBYIOLIHE pedpaM, KOTOpbIe COSIUHSIOT KJIIOYEBYIO
MEpPEeMEHHYI0 U NlepeMeHHbIe- IJIMHbl MHTEPBAJIOB MEXy 3MU30AaMu. Takux
nepemeHHbIx Oynet (m? — 1) aa kaxjoro y3na. B ciyuae ru6puanoit BC/I
OLIEHMBAIOTCSI MApaMETPhl JIMHEHHOW KOMOMHAIMK Oa3MCHBIX (DyHKIMI U3
pasnoxeHus B opmylie (2), U (pUHAIBHOE YUCIIO NapaMeTPOB 3aBUCUT OT
YHCJIA JIEMEHTOB 3TOTO pa3jiokeHus. B 11eJ10M, MOATOHKA TaKOro pas3NIoKEHUA
Tpebyer OoJblioro yucia HabmoneHui, nopsaka 30 1is KakAoro U3 m
napameTpos B (2).

Tabmuma 2. CpaBHUTENIBHBIA aHAM3 METOJOB OLIEHUBAHKS MHTEHCUBHOCTH MOBEICHUS
C TOYKHU 3pEHUS Pe3y/IbTaTUBHOCTU UX IPUMEHEHHS B YCIOBUAX OIPAHMYEHHBIX JaHHBIX

Mopens BosmoxkHoCTH BosmoxkHocTH TpeOoBaHusI K JAHHBIM OtHocuTebHAS
yuera 00paboTKn TOYHOCTH
BIIVISIHUSI HETOYHOCTH TOJTy4aeMoit
BHEIIHUX MOCTYTAOIINX OLIeHKU™
¢akropos 3HAYCHU

ITapameTpuyeckue moaxosl

Perpeccus Tosnbko Her Bonee 20 HaGmogaembix | —

MPONOPLMOHAJIBHBIX [ B ¢opme SMU30J0B VISl KakJ0ro

puckos (Koxkca) JIMHEAHOMN WHOABUIA + HaIu4due
perpeccun HabmoaeMbIX (PaKTOPOB

OneHka Her Her OueHuBaercs 1 0.21

napamerpa napameTp; ecTh

KOITYJIBI QITOPUTMBI OLICHKH J1JIsT

10 u Gostee HaGOAEHUI
BailecoBCKHe MOAXO/1b

BCH: Ha Ja 3a1aHue MoJieJIn 1
KJIaCCHYeCKast TIPOUCXOUT
JACKPETU3ALIUSA OJHOKPATHO Ha OOJIBILIOM

Ha6ope JaHHBIX WA
sxcneptHo (o (k2 —1)
rapamMeTpoB);  3aTeM
JUIsL TIOJTYYeHHs! OLIEHKU
TpeGOBaHUSI K JIAHHBIM

OTCYTCTBYIOT

T'u6pupnass BCH: | [Hda Na 3amanue MOJEN 0.33

npuoIIKeHIE MPOUCXOUT

CMeCsIMI OJIHOKPATHO Ha GOJIBIIOM

0a3MCHBIX Habope JJaHHbIX; 3aTeM

yHK1MI IUIS1 TIOJTYYeHH sl OLIEHKU
TpeGOBaHUSI K JIAHHBIM
OTCYTCTBYIOT

OTMETHM TakXkKe, YTO B IEJIOM Pa3JIMYHble OCOOSHHOCTH BXOJIHBIX
JAaHHBIX MOTYT Yy4dThIBaTbCcsl Mopesisimu Ha ocHoBe BCI. OpnHako,
MOCTYMAIOIINE JaHHbIE, KOTOPhIE CoepKaT Pa3InIHOe KOIUIECTBO SIMU30I0B
IUTSL pa3HBIX MHIVBUIOB, MOXKET YUUTHIBATH TAKXKe U MOAXOJ perpeccunt Kokca.

Takum 00pa3oM MOXHO 3aKJIIOYHUTh, YTO MEPEXO[] K HerepephIBHbIM
MOZIeJISIM ~ OLIEHMBAHUSI TaMMa-paclipejielieHusi TO3BOJisieT Moay4aTh
pacnpejesieHre BepOSITHOCTH, OoJiee OTM3K0e K ICTUHHOMY 3HAYCHUIO, YeM
pactipesesieHue, mnojydaeMoe ¢ nomolnplo kiaccuueckoir BCIH. MoxHo
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copmyIHpoBaTh ClieAyOIIe PEKOMEHIAINY 110 IPUMEHEHHUIO UMEIOIINUXCS
MoJieJiel TOCTPOEHUsI KOCBEHHOM OIIEHKM MHTEHCUBHOCTH TMOBEJCHUS:

— Ecnun HabmoneHuit MHOTO, U IJIs1 KaX/I0ro MHIWBUIA HAOII0JAeTCs
MHOT'O 3MU30[0B MOBEACHUs, TO MOAXOH pezpeccuu Kokca sABnsieTcs
MPeNNOYTUTEIBHBIM B CHIIy Pa3BUTOTO arlapara.

— Ecim HaGmogeHuii MHOro, HO O KaXJOM WHIWBHAE W3BECTHBI
TOJIBKO HECKOJIBKO 3IIM30J0B IIOBEACHN A, KOTOpl)Ie MOFyT 6]>ITI) COHpH)KeHbI C
HEeOoNnpeIeJICHHOCTBIO (HanmpuMep, NMOJTyUYeHbl B pe3yJIbTare CaMOOTUYeTa), TO
noaxon zubpudrvix bC/] sABNsAETCS MPeaOYTUTEIHHBIM B CHITY TUOKOCTH K
y4eTy BO3HHUKAIOIIEH HEeoNpeneseHHOCTH JaHHbIX U 3HaHui. Kpome Toro,
BIOCJIEICTBUM MOCTPOEHHAsI Mojie b ruOpuaHoi BCII MoXeT UCOJb30BaThC S
JJIA no;mepmm l'[pI/IHﬂTI/IH peIJ_IeHI/Iﬁ B yC.T[OBI/IHX OCTpOI7I HEXBATKU
HaOJTI0EHUIA.

— Ecau ke HabmomaeTcss HeOOJIbIIOE YUCIIO UHUBUI0B U HECKOJILKO
SMU3040B U151 K&KAOrO U3 HUX, TO JOCTATOUYHO TOYHYIO YUCJIEHHYIO OLIEHKY
MOXHO MOJYYUTh Ha OCHOBE OLIEHKM NapaMeTpa Komyibl. OJHaKo eciiy pu
9TOM HEOOXOOUMO YUHTHIBAThH JOMOJHHUTEIbHbIE (DAKTOPhI, TO BO3MOKHO
ucnosb3oBanve rudpuaHbix BCII, 3aiaHHBIX C MOMOIIBI0 KcepToB [30].

Cpenu orpaHnYeHUli MPOBEJEHHOTO UCCIIEJOBAaHUSI MOXXHO OTMETUTh
HeOONBIIO  pa3dpoc MapaMeTpoB ramMma-pacrpe/ie/ieHds, KOTOphIe
MCIIONb30BAUCH it (DOPMUPOBaHUST HAOOpa MaHHBIX. DTO OOYCIOBIEHO
TEM, YTO pacCMaTpUBAINA TE€ NApaMETPbl, KOTOPBIE MOT'YT BCTPEYAThCS IIPU
MOJICIMPOBAaHNK OOBIJCHHOTO ToBeAeHUsl. TakKe B UCCIIeJOBAHUM HE ObLIN
paccMOTpeHsl MHble Mojienu 3aganus ruopuaHbx BC/I.

5. 3akaroueHne. /[0 NoNydYeHUsT KYMYJISTUBHBIX XapaKTePUCTUK
MOCJIeI0OBAaTENbHOCTEN 3MU300B B IpylNax MWHAUBUIOB CYILIECTBYIOT
HECKOJIBKO TOJIXOJOB, KOTOPBIE OMMPAIOTCS Ha MATEMATHUYECKYID MOJIEJb
mporiecca COOBITHIA: Ba U3 HUX OMMPAIOTCS Ha OILCHKY IapamMeTpa HCKOMOTO
pacnpejenenus, iBa — Ha npeaBapuTesbHO 3aaanHyo BCI. [l nocTruxeHust
IEJIN WCCJICIOBAaHUSI ObLIH PEIICHBIL:

1. IIposenen aHamm3 TpeOOBaHWIA K JaHHBIM IS CYIIECTBYIOIINAX
MOJXO0B K KOCBEHHOMY OLIEHMBAHHUIO UCKOMO# XapakTepucTUKU. OCHOBHbBIE
pe3y/ibTaThl IpejcTaBlieHbl B Tabiuie 2. B pesynbrate aHanmza ObLIO
YCTAHOBJIEHO, YTO OOJIBITUMU BO3MOXHOCTSIMU K YYETY BO3MOKHOTO BIIMSTHUS
COMYTCTBYIOIMUX (PaKTOPOB 00JAJAI0T TMOAXOmbl, ocHoBaHHbe Ha BC/I.
Haumensbiniee ynciio mapaMeTpoB TpeOyeTcsl OLEHUTh NpU HCIIONh30BAaHUT
NapaMeTPUUYECKOro MOJX0/1a HA OCHOBE OLIEHKU NTapaMeTpa KOMYJIbL.

2. Ilpy moMOIM BBIYMCIUTEHFHOTO 3SKCIIEPHMEHTAa OIpejeicHa
TOYHOCTH CyH_ICCTBy}OLHI/IX moaxoaoB K KOCBCHHOMy OLCHHUBAHUIO
VHTEHCUBHOCTU TMOBeJeHUs1. 3HaueHusi paccrosiHusi KanTopoBuua-
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PyOunmreiiHa, nojlydeHHble B paMKax SKCIEPUMEHTa, NpPEICTaBJICHB B
tabmuue 1. [TokazaHo, YTO [UIsl TUMOBBIX 3HAYCHHWII ApaMETPOB MOAXObI,
onuMpamonecss Ha HeNpepbiBHbIE [aHHbIe, OOJIAfaloT Oosee HUBKUMU
3HaueHusMH pacctosinus Kantoposnya-PyounmTeiina.

3. B paspmene 4 Obum cOpMYIUPOBAaHBl PEKOMEHIALUM IS
MIPUMEHEHHS] KOHKPETHBIX METOJOB B paMKax B 3aBUCHMOCTH OT UCXOIHBIX
JAHHBIX.

B pabore mnpoanamM3upoBaHa OJIM30CTh TOJMy4YaeMOW OLIEHKH K
MCTUHHOMY 3HAa4Y€HHIO B TepMHMHax paccTosiHust Kanroposuya-Pyounmreiina.
HawBbicIieil TOYHOCTBIO B COYETaHUHU C HanOoJiee HU3KUMU TPeOOBaHUSAMU
K KOJIMYECTBY HaOM0JaeMbIX HMHAMBHIOB 00JajaeT IOOXOJ Ha OCHOBE
OIIEHKHM TapaMeTpa KOITyJbl, CBS3BIBAIOIIEH JJIMHBI MHTEPBAJIOB MEXIY
MOCJIEI0BATEIbHBIMU SIM30/1aMH B FaMMa-IIyaCCOHOBCKOM MOJIeNIN MOBEICHNU .
ITpu 3TOM MOAXOA HA OCHOBE KOITYJI HE MIPUCIIOCOOJIEH /ISl yUeTa Pa3IMIHON
HEOTIpeJeIeHHOCTH, YacTO COIMYTCTBYIOIIEH CUTyallui cOopa CaMOOTUETOB.

ITpakTyeckoll 3HAYMMOCTBIO 007a7al0T C(OPMYyIUPOBaHHBIE B
TabiuLe 2 0COOEHHOCTH IPUMEHMMOCTH Pa3JIMYHBIX [IOJXOJ0B K OLIEHUBAHHIO
HUCKOMOH XapaKTepUCTUKHU. DTOT pe3ysbTaT SBISAETCS HOBBIM B cdepe
CO3/1aHUsI MOJEJIBHO-AITOPUTMUYECKOr0 0OeCeueHusl CucTeM 00paboTKU
MH(pOpPMaIMH 0 IOBEJEHHUH, 1 TIO3BOJISIET OCYIIECTBIIATH BHIOOP MOAXOSAIIETO
METO/a OIEHMBAHMSA WCXOAs W3 HMEINMXCS JaHHbBIX. JlanpHeinmm
HalpaBJICHUEM HCCJIEIOBAHUI SIBJISIETCS PACIIMPEHNE BBIYUCIUTEIBHOTO
SKCHEepPUMEHTa AJIs1 OlIpe/ieJIeHrs TOYHOCTH OLIEHKM TaMMa-pacipeiesieHuii ¢
UHBIMU MTapaMeTpaMu, a TaKxke HCCIIeJOBAaHNEe TOUHOCTH OLIEHOK B CUTyalluu
OTPAaHWYEHHBIX JaHHBIX.
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V. STOLIAROVA , T. TULUPYEVA , A. VYATKIN
APPROACHES FOR BEHAVIOR INTENSITY ESTIMATION IN
GROUPS OF HETEROGENEOUS INDIVIDUALS: PRECISION AND
APPLICABILITY FOR DATA WITH UNCERTAINTY

Stoliarova V., Tulupyeva T., Vyatkin A. Approaches for Behavior Intensity Estimation in Groups
of Heterogeneous Individuals: Precision and Applicability for Data with Uncertainty.

Abstract. In socially oriented areas, there arises the problem of assessing the cumulative
characteristics of behavior, such as intensity, that are realized in groups of individuals. All
individuals vary in their behavior and the available data is limited and may be associated with
significant uncertainty: only a few episodes may be known and only a few individualsi the group
may be observed. Mathematical models of behavior are used for estimation of key characteristics
of the behavior. One of them is based on the gamma—Poisson point process, that reflects the
heterogeneity of individuals in a form of a mixing distribution. This general model allows to
formulate several methods of frequency estimation: the Cox regression, estimation of the copula
parameter, and a posteriori inference in Bayesian belief networks. The aim of the paper is to assess
their determine the precision of these methods based on the Kantorovich—Rubinstein distance
between estimates and the true distribution of the desired parameter. The analysis of assumptions
of those methods allows to formulate rules, that allow to chose the appropriate method in various
sutuations of data availability. It has been shown that the copula-based approach provides the
most accurate estimates and has the mild assumptions for the number of observed objects, but it
cannot take into account external factors that may influence the behavior. Among methods that can
take into account process covariants, estimates based on a posteriori inference in hybrid Bayesian
belief networks have the highest precision. The paper considers a method for quantification of a
hybrid BBNs with the approximation of mixtures of truncated exponents, that is data-demanding
at the stage of calculating a priori estimates. However, it is noted that there are other approaches to
setting hybrid BSDs in which a priori estimates can be set completely expertly.

Keywords: last episodes, risky behavior, Bayesian belief networks, hybrid bayesian belief
networks, copula.
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J. JACOB, K. KANNAN
ENHANCED MACHINE LEARNING FRAMEWORK FOR
AUTONOMOUS DEPRESSION DETECTION USING MODWAVE
CEPSTRAL FUSION AND STOCHASTIC EMBEDDING

Jacob J., Kannan K. Enhanced Machine Learning Framework for Autonomous
Depression Detection Using Modwave Cepstral Fusion and Stochastic Embedding.

Abstract. Depression is a prevalent mental illness that requires autonomous detection
systems due to its complexity. Existing machine learning techniques face challenges such as
background noise sensitivity, slow adaptation speed, and imbalanced data. To address these
limitations, this study proposes a novel ModWave Cepstral Fusion and Stochastic Embedding
Framework for depression prediction. Then, the Gain Modulated Wavelet Technique removes
background noise and normalises audio signals. Difficulties with generalisation, which results
in a lack of interpretability, hinder extracting relevant characteristics from speech. To address
these issues, an Auto Cepstral Fusion extracts relevant features from speech, capturing
temporal and spectral characteristics caused by background voice. Feature selection becomes
imperative when choosing relevant features for classification. Selecting irrelevant features can
result in overfitting, the curse of dimensionality, and less robustness to noise. Hence, the
Principal Stochastic Embedding technique handles high-dimensional data, minimising noise
influence and dimensionality. Furthermore, the XGBoost classifier differentiates between
depressed and non-depressed individuals. As a result, the proposed method uses the DAIC-
WOZ dataset from USC for detecting depressions, achieving an accuracy of 97.02%, precision
0f 97.02%, recall of 97.02%, F1-score of 97.02%, RMSE of 2.00, and MAE of 0.9, making it a
promising tool for autonomous depression detection.

Keywords: depression detection, machine learning, ModWave Cepstral Fusion,
background noise, XGBoost classifier, DAIC-WOZ dataset, autonomous detection system,
accuracy.

1. Introduction. Depression is the most significant reason for non-
fatal health loss. In 2017, there were 322 million individuals worldwide
who suffered from depression, according to the World Health
Organization [1]. Depression can cause self-harm in addition to having a
severe negative influence on one's family, career, and educational
performance. Depression in adolescence is linked to mood disorders and
severe mental illness in later life [2]. While depression is most commonly
identified in those in their 30s and 40s, it can also be seen in older adults,
youngsters, and those under stress in their relationships and academics [3],
also frequently producing results comparable to those of major depression,
minor depression, however less severe, adds significantly to the economic
and social burden [4, 5]. As the most common mental illness in the world,
MDD affects approximately 300 million individuals and is associated with
significant financial burden and impairment [6, 7]. In Brazil, depression is
the sixth most common health problem, with a lifetime prevalence of up to
16.8% and a prevalence rate of 5.8%. Depression symptoms include low
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mood, irritation, anhedonia, fatigue, psychomotor slowness, cognitive
impairment, and disturbances in internal systems. Early identification of
depression symptoms, such as modified speech patterns, may facilitate
immediate action and help avert the development of suicidal thoughts and
poor social function [8].

A vital component of healthcare is mental health assessment, which
enables early intervention and individualised therapy for people in
psychological distress. Clinical examinations and subjective self-reporting
are the foundations of conventional evaluation approaches, and they can be
costly, time-consuming, or biased. However, new technological
developments, especially in machine learning (ML), have opened the door
for creative methods of mental health evaluation [9]. Using voice recordings
in conjunction with ML techniques is one such potential method for
identifying and tracking mental health issues. Tone, pitch, rhythm,
articulation, and other aspects of voice carry much information that can
reveal underlying emotional states and cognitive processes. Studies have
demonstrated that people suffering from mental health conditions such as
sadness, anxiety, and schizophrenia display unique patterns in their speech
characteristics [10].

By analysing these fine-grained audio characteristics from speech
recordings, ML techniques may detect patterns linked to particular mental
health issues. These algorithms can acquire the ability to discriminate
between normal and abnormal speech patterns with a high degree of
accuracy by training on many annotated voice samples [11]. Furthermore,
as time passes, ML algorithms can adjust and improve, constantly
enhancing their prediction power. There are various benefits to combining
ML and voice recording in mental health assessments. It offers a scalable,
affordable, and non-invasive way to test people who could be at risk of
mental health issues [12]. It also makes it possible to continuously track
how well patients are doing and how they are responding to treatment,
which makes tailored treatments easier to implement and enhances clinical
results.

Common symptoms of depression include depressed emotions, loss
of interest, mental slowness, and other symptoms. It is challenging to
diagnose and has a protracted therapy cycle, a high incidence rate, and a
sluggish onset [13, 14]. Psychotherapy and medication therapy are the
primary forms of treatment. However, the diagnosis of depression has
several deficiencies. First of all, depression is a prevalent mental illness, but
many individuals avoid getting active therapy because they are embarrassed
to admit they have it. Second, the widely utilised instrument for subjectively
diagnosing depression is the Diagnostic and Statistical Manual of Mental
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Disorders (DSM-5) [15, 16]. Misdiagnoses and missed diagnoses result
from this. Thirdly, patients frequently lack the expertise required for self-
assessment, and large-scale, low-cost depression screening instruments are
absent [17]. As an outcome, many patients are unaware of their condition,
which restricts their options for treatment. Finding an objective technique
for quick screening and early warning for depression is therefore essential.

Several studies have shown an association between depression and
an individual's behaviour. Research has shown that voice recordings of
people can be a beneficial tool for characterising mental health and can
offer significant insights into people's mental health. Furthermore, it has
been proposed that precise results for depression prediction can be achieved
by refining a combination of features. Since Mel-Frequency Cepstral
Coefficients (MFCC) are trustworthy and effective even at low
dimensionalities, they are the most often employed feature for audio signal
processing. Several studies have demonstrated the effectiveness of an
algorithm developed via ML techniques in detecting depression in voice
samples. This study offers the following:

—  With an autonomous system for detecting depression, the
proposed ModWave Cepstral Fusion and Stochastic Embedding Framework
addresses the complexity of conventional clinical diagnosis methods and
offers an effective solution to the increasing number of depression cases
worldwide.

—  The proposed strategy, which introduces the Gain Modulated
Wavelet Method, improves the quality of pre-processed data by efficiently
removing background noise from audio recordings, normalising amplitude
levels, and capturing both low and high-frequency information.

—  The Auto Cepstral Fusion Feature extraction method is utilised
to extract relevant features, thereby minimising the impact of noise,
improving the robustness of the model, and capturing the temporal and
spectral characteristics essential for depression prediction.

—  Moreover, the Principal Stochastic Embedding method reduces
dimensionality, minimises noise impact, and manages high-dimensional
data, enhancing feature selection and classification precision.

— In addition to effectively predicting depression, the proposed
approach thoroughly studies performance parameters like accuracy,
precision, ROC, F1 score, recall, and sensitivity, offering valuable data for
model comparison and evaluation.

The article will discuss recent studies on depression detection in
machine learning, proposed methods and their explanations, the outcomes
of the proposed work, and future directions with references.

1756 Undopmaruka n aBromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

2. Related Structure. Distinctive speech patterns such as lower
articulation rate, pauses, slower speaking, lesser intensity, and unusual
voice quality can be used to diagnose depression. Pitch, intensity, rhythm,
speed, jitter, shimmer, energy distribution, and cepstral characteristics are
examples of speech's prosodic, phonetic, and spectral aspects that must be
taken into account to identify fluctuations in emotional state. Because jitter
is sensitive to abrupt changes in speech, it is essential for identifying mood
states. Cepstral coefficients — in particular, MFCC — have been well-
researched for vocal analysis-based depression diagnoses that are well-
suited for identifying depression speech.

The study by the authors in study [18] aimed to develop an ML tool
for diagnosing depressive disorders. They used vocal feature extraction
algorithms and ML classification techniques such as MLP, polynomial
kernel SVM, polynomial kernel, normalised SVM PUK kernel, and random
forest (RF) to extract vocal acoustic features from recordings. The results
showed the tool's viability for cost-effective and non-invasive recognition
and screening of MDDs, demonstrating its potential in diagnosing and
screening these disorders. However, this technique lacks interpretability and
also contains inconsistencies in voice, leading to misclassification of
depressive disorders.

Paper [19] proposed a unique attention-based deep neural network
that enables the merging of several modalities. This network is used to
regress the depression level. This network has been trained using acoustic,
text, and visual modalities. The regression process relies primarily on verbal
input, which validates the therapist's experience. It can be challenging to
combine text, graphics, and audio to estimate depression levels since
integrating and synchronising multiple data sources is complicated and may
require specialised technological knowledge and resources.

Study [20] extracted voice data features using Python programming
and stored them in CSV files. For modelling, a database of 1479 voice
feature samples was created. Utilising algorithmic selection and 10-fold
cross-validation, a decision tree screening framework for depression was
developed. Enhanced accuracy in forecasting was attained by the approach,
enabling patients with depression to get early warning and care. It shows
that clinical depression may be quickly identified and diagnosed using
speech data. Depending on the complexity of this model, there is a risk of
overfitting and limited generalizability.

An investigation on the creation of a supplementary tool for
detecting depressive illnesses was carried out by the authors in paper [21],
whereas 33 participants — 22 with a history of MDD and 11 healthy
controls — were used to test automated classification algorithms and extract
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voice acoustic characteristics. ML approaches and an approach for
extracting vocal features were applied to the recordings. According to
outcomes, random tree models with 100 trees outperformed other models in
terms of categorisation, pointing to a non-invasive, low-cost technique for
severe depressive illness detection and screening.

In study [22] suggested utilising multiple regression to predict the
risk of depression using the context-DNN model. The expertise required to
forecast circumstances and surroundings impacting depression while
considering context information makes up the context of the suggested
context-DNN. Every context data about depression predictor variables
enters the DNN as an input, and each variable is used to predict the
depression output of the DNN. Regression analysis was utilised to forecast
the risk of depression for DNN connections to predict the possible context
that may influence that risk. Due to their high learning capacity, DNNs may
overfit, mainly when working with noisy or limited datasets.

To automatically identify depressed individuals on social media and
provide an explanation for the model prediction, the authors in [23]
suggested explainable Multi-Aspect Depression Detection with Hierarchical
Attention Network (MDHAN). They've considered user posts that had been
enhanced with extra Twitter functionality. Specifically, the author computes
the relevance of each tweet and word, encodes user posts using two levels
of attention mechanisms applied at the tweet and word levels, and extracts
semantic sequence features from user timelines (posts). The hierarchical
attention approach was designed to identify patterns that provide
interpretable outcomes. However, this model may have problems
comprehending complicated models and raising privacy issues because the
data it uses is sensitive.

This cross-sectional, descriptive-analytical study involved 205
pregnant Iranian patients under the care of Tabriz health centres. Cluster
sampling was the sampling technique employed by the authors
in paper [24]. Pregnant women completed the online Depression, Anxiety
and Stress Scale-21 (DASS-21) and the sociodemographic characteristics
questionnaire as part of the data-gathering process. The general linear
model was employed to ascertain the components that were predictive of
stress, anxiety, and depression. If a sample is not randomly selected or
consists exclusively of people from a particular demographic, the study may
be biased towards selection.

As a result, there were many restrictions on the method for
identifying depression-related disorders. It must be interpretable and
encounters consistent voice data, which could result in incorrect
classifications. It takes specialised technological knowledge and resources
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to integrate and synchronise text, video, and audio to determine depression
levels. The existing works could have limited generalizability and run the
risk of overfitting, especially with noisy or small datasets. Although it
provides a low-cost, non-invasive method for detecting and screening
severe mental disorders, there were several significant obstacles, including
the model's complexity, potential biases in sample selection, and privacy
issues because the data was sensitive.

3. Proposed Methodologies. ML algorithms have shown potential
in detecting voice signal depression, potentially transforming mental
disorder diagnosis. However, challenges remain, such as background noise
sensitivity, limited adaptation speed, and low signal clarity due to class
imbalances. It is challenging to reliably distinguish depression detection
from speech signals due to these issues. Despite ongoing efforts to improve
precision and accuracy, ML efficacy in mental health assessment remains
limited by issues like interpretability, robustness, computational
complexity, generalisation issues, overfitting, and dimensionality reduction.
This study presents a novel ML paradigm for mental health depression
detection, aiming to advance mental health diagnostics by enabling more
precise and scalable detection. A rising number of individuals worldwide
suffer from depression, a severe mental illness that affects people of any
age. Traditional methods for diagnosing depression through mental health
evaluations are complex and require machine learning techniques.
However, limitations such as background noise sensitivity, less adaptation
speed, and imbalanced data can impair the accuracy of existing machine
learning systems. This study proposes a novel ML framework, ModWave
Cepstral Fusion and Stochastic Embedding Framework, to predict
depression. To overcome these challenges, a Gain Modulated Wavelet
Technique is employed to remove background noise from audio recordings,
capturing low- and high-frequency information. The next step is feature
extraction, which reduces noise impact and improves model robustness. The
Auto Cepstral Fusion Feature extraction technique is introduced to capture
temporal and spectral characteristics caused by background voice. Feature
selection is crucial for classification, as selecting irrelevant features can lead
to overfitting, the curse of dimensionality, less robustness to noise, and low
interpretability. The Principal Stochastic Embedding technique handles
high-dimensional data, minimises noise influence, and enhances model
performance. Classification is performed using the XGBoost classifier to
determine if a person is depressed. Figure 1 shows the proposed workflow
diagram comprising pre-processing, feature extraction, feature selection,
and classification procedures.
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Fig. 1. Proposed Workflow diagram

3.1. Pre-processing based on Gain Modulated Wavelet
Technique. Gain Modulated Wavelet (GMW) Technique removes
background noise from audio recordings, capturing both low- and high-
frequency information in voice signals and normalising audio signals to
ensure consistent amplitude levels across recordings. Pre-processing of
audio signals typically involves several steps aimed at enhancing the
signal's quality or extracting useful information from it. To remove noise
from audio signals, the GMW technique strengthens the adaptive gain
model and discrete wavelet transform methods. Pre-processing audio
signals with adaptive gain control and discrete wavelet transform can be
effective for several functions, including audio denoising and capturing
information at low and high frequencies.

Decompose the audio signal x(n) into wavelet coefficients using
discrete wavelet transform (DWT), which is a powerful tool for time-
frequency analysis. The decomposition of the audio signal into wavelet
coefficient using DWT is determined in equation (1):

_ J—
x(n) = Y=o ¢k o (M) + Z§=1 legﬁ) ! 4y ik (M), (1

where ¢ are the approximation coefficients at scale /,d; are the detail
coefficients at scale j, and ¢ J,k and 1 j, k are the scaling and wavelet
functions, correspondingly.

Estimate the noise level o; in each detail coefficient sub-band
employing robust methods, including median absolute deviation (MAD) or
local variance estimation. The estimation of noise level is measured in
equation (2):

o, = MAD(d,)/ 0.6745, ©)

where g; represents the estimated noise level in the jt" detail coefficient
sub-band. MAD(d;;) refers to the mean absolute deviation of wavelet

1760 Undopmaruka n aBromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

coefficients in j** sub-band. 0.6745 is a constant scaling factor used to scale
MAD to estimate standard deviation for normally distributed data.
Combining everything, the formula determines the noise level (oj). The
MAD(d; ) of the wavelet coefficients in a given sub-band is obtained by
dividing it by a scaling factor (0.6745).

Apply adaptive gain control to the detail coefficients using the
estimated noise levels. The gain factor g; for each sub-band is calculated in
equation (3):

~_ Starget 3
8j o 3)
where 014 ger 18 the target noise level. Normalise the detail coefficients by
multiplying them with the respective gain factors g;. The normalised

coefficients are determined in equation (4):
dix = - djso )

where d;, are the modified detail coefficients after gaining control.
Reconstruct the denoised signal x'(n) by applying the inverse discrete
wavelet transform to the modified coefficients. The reconstruction of the
denoised signal is calculated in equation (5):

’ - ’ N/2i-1 ’
x'(0) = INZ3 g ) + Ty Tilo T dicy (). (5)

Adaptive gain control and discrete wavelet transform are combined
in this hybrid method to efficiently reduce noise in the audio stream while
maintaining significant signal characteristics. The raw data is normalised to
eliminate background noise from audio recordings, capturing both low- and
high-frequency information present in voice signals and normalising audio
signals to ensure consistent amplitude levels across recordings using the
combined power of adaptive gain control and discrete wavelet transform.
The next stage is to extract features from pre-processed data. The dataset
was balanced using the SMOTE approach, which comes after the noise
removal procedure. The Synthetic Minority Over-sampling Technique
(SMOTE) is a machine learning algorithm that addresses class imbalance,
where a minority class is underrepresented in a dataset, leading to biased
models. SMOTE balances class distribution, making the model more robust
and less biased towards the majority class. Although its effectiveness
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depends on the dataset and problem, it is a valuable tool for handling
imbalanced datasets by generating synthetic samples for the minority class,
improving machine learning model performance, especially in situations
where the minority class is of significant interest. The process of SMOTE
algorithm could be divided into several steps:

1. To create additional samples, choose one minority sample and
generate it as x;.

2. Determines k closest neighbors x;. Make a random selection
from them and mark it with x;.

3. To create a new sample of x,.,,. Equation (6) uses 6, a random
number between 0 and 1.

Xpew = X; + 0 * (xj — xi). (6)

4. Repeat steps 2 and 3 a total of round (N/100) times to create
round (N/100) minority samples.

5. Apply the aforementioned process to every minority sample
(i=12,..T).

In imbalance situations, the SMOTE method produces minority
samples to improve classifier performance and balance datasets. All
samples are treated equally, though, thus it might miss samples that could
be mistakenly labelled. Proposed algorithms for over-sampling aim to
increase the accuracy of minority samples by giving greater weights to
samples that are prone to misclassification. In unbalanced datasets, this
method guarantees that minority samples are given greater weight than
majority samples.

3.2. Feature extraction based on Auto Cepstral Fusion technique.
In audio signal processing, extracting relevant features from pre-processed
data is crucial for various applications. However, difficulties arise with
generalisation and interpretation due to the raw nature of voice signals,
leading to poor performance in feature extraction. A technique called Auto
Cepstral Fusion feature extraction is introduced to address these challenges.
This method combines Autocorrelation and Mel Frequency Cepstral
Coefficients (MFCCs) to enhance feature extraction capabilities.
Autocorrelation and MFCCs are combined to capture spectral and temporal
information from audio signals, making the technique versatile and practical
for various audio analysis tasks. The process begins with pre-processed
audio signals. MFCC extraction is applied to capture the spectral envelope,
while autocorrelation extracts the audio's pitch period and harmonic
structure. Combining these techniques allows for a comprehensive
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understanding of audio signals, improving interpretability and performance
in feature extraction tasks.

3.2.1. Mel Frequency Cepstral Coefficients (MFCCs). Feature
extraction is the technique of considering a stationary speech segment that
is small enough while identifying and computing a collection of features for
every short time frame of the input speech signals to provide meaningful
modelling. Since the MFCC method's computation depends on short-time
power, features are extracted in this study utilising the mel-frequency
cepstral coefficient. The spectrum obtained from the vocal cords of humans
further maps the known fluctuation of critical bandwidth frequencies of the
human ear using two filters to capture the essential components of speech: a
logarithmic filter at high frequencies above 1 kHz and a linear filter at low
frequencies below 1 kHz. Figure 2 illustrates the MFCC feature extraction
process. The MFCC includes some extraction process which follows.

Pre-emphasis. It needs to go through a filter to make up for the
high-frequency part muted through the human sound-generating process.
The high pass filter is applied to the voice signal in equation (7):

x1(n) = x(n) —a*x(n-1), ™

where x;(n) represents the output signal, x(n) and x(n — 1) signifies
present and past signal individually. The value « lies between 0.9 to 1.

Frame Blocking. The continuous speech signal is split into N
sample-sized frames, with N-M samples overlapping and M samples (M<N)
separating neighbouring frames. This procedure keeps going till the signal
is divided into smaller frames.

Windowing: the windowing process involves tapering the signal to
zero at the beginning and end of every frame to reduce spectral distortion.
After multiplying the signal x(n) by a window w(n) at time n, the
extracted signal is obtained by equation (8):

y2(m) = x(n) *w(n), 0Sn<N-1, ®)
where N is the number of samples in every frame. Since the Hamming
window sinks the sidelobe level of window transfer while reducing the

frequency resolution of spectral analysis, it is used in this case; the spectral
analysis for reducing the frequency resolution is determined in equation (9):

w(n) = 0.54— 046 cos [, 0<n<N-1. ©)
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Fast Fourier Transform. Transfers N frequency domain samples
to the time domain. The Discrete Fourier Transform (DFT), which depends
on a collection of N Samples (yn), is developed using the widely used FFT
approach. The estimation of the DFT process is determined in
equation (10):

Y, = YNty esizmko/N gk =0,12.....,N—1. (10)

A spectrum or periodogram is a concept used to describe the
outcome of the FFT process.

Mel-frequency wrapping. Mel frequency depends primarily on
research on how humans perceive frequency. All frequency bands exhibit
varying degrees of sensitivity in human hearing. It becomes less responsive
to increased frequencies over 1000 Hz. Mel-frequency, defined as linear
frequency spacing below 1 kHz, is the voice signal. The estimation of the
Mel-frequency wrapping process is measured in equation (11):

Mel(f) = 2595 * log, (1 + f/700). (11

Cepstrum. In this final step of the MFCC procedure, the log mel
spectrum is transformed into the time domain. Since DCT's results include
significant quantities of energy, DCT typically conducts this conversion.
The DCT output is expressed as MFCC and is represented in equation (12):

CIn] = $N=¢ log |ZN=¢ x(nexp ()| exp (25, (12)

where n=0, 1,2,...... N-1. C[n] means MFCC, and twelve cepstral
coefficients are retrieved from every frame, where n is the number of
coefficients (n=12).

" Pre- Frame Fast Fourier
emphasis Blocking Transform
Speech Signal

Spectrum

Mel -
Mel-Cepstrum<—— Cepstrum Frequency
‘Wrapping

Fig. 2. MFCC feature extraction process
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3.2.2. Auto Correlation. The autocorrelation function compares the
similarity between the delayed and original signals to determine how self-
similar a signal is in the temporal domain. A strong positive association is
indicated by an autocorrelation value of +1, a negative association by -1,
and no association by 0. Because the signal has a perfect correlation with
itself, the autocorrelation at lag zero is always 1. Autocorrelation is
instrumental in capturing periodic and repetitive patterns in speech signals.
It's computed by correlating the signal with itself at various time lags,
revealing crucial speech characteristics like formants and pitch. Calculate
the autocorrelation function for each speech signal frame to better
understand its self-similarity. The autocorrelation function is defined in
equation (13):

1 —N-1
R(K) = Nz _x().x(n 4 k), (13)

where N is the frame length, x(n) represents the signal at the time index n,
k is the lag at which autocorrelation is computed, and R(k) is the
autocorrelation value at lag k. The autocorrelation function captures the
self-similarity of the signal, highlighting periodic components.
Autocorrelation values may vary depending on the amplitude and energy of
the signal. Normalisation helps make the feature more robust and invariant
to changes in amplitude. Each autocorrelation value is divided by the
autocorrelation at lag 0 to normalise it. The autocorrelation process for
normalising the value is measured in equation (14):

R(K)

From the computed autocorrelation function, you can extract various
features that are useful for speech recognition and periodicity of the signal,
such as:

—  Pitch period: the pitch period of the signal is frequently
correlated with the lag corresponding to the first peak following lag 0.

—  Harmonic Structure: the autocorrelation function's regularly
spaced peaks can indicate that the signal has harmonic components.

—  Envelope Information: the signal envelope can be obtained
from the decay rate of the autocorrelation values. In audio and voice
processing applications, autocorrelation facilitates the extraction of
significant signal features, making tasks like pitch estimation, harmonic
analysis, and envelope identification easier. While the autocorrelation

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1765
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBIN MHTEJIJIEKT, UHKEHEPUS JIAHHBIX M 3HAHUI

features offer more details about the temporal and periodic patterns, the
MFCC features capture the speech's spectrum qualities. Auto Cepstral
Fusion, a Feature extraction technique, extracts relevant features, reducing
the impact of noise, improving the robustness of the model, and aiming to
capture temporal and spectral characteristics caused by background voice.
The proposed strategy provides feature selection to minimise
dimensionality based on the particular application and requirements. This is
described in more detail in the steps that follow and can aid in identifying
the most valuable features while reducing computing complexity.

3.3. Feature Selection based on the Principal Stochastic
Embedding technique. Selecting the most pertinent characteristics is the
next step after feature extraction. The principal stochastic embedding
technique, which supports t-distributed Stochastic Neighbor Embedding (t-
SNE) along with Principal Component Analysis (PCA), is used to carry out
this procedure. This combination allows for capturing global and local
structures identified in voice signal data, making it possible to visualise
complex relationships more thoroughly. PCA is good at capturing global
structures, which helps it discover broad patterns and trends within the data.
Still, t-SNE focuses on maintaining local structures, which allows it to
capture complex interactions among neighbouring data points. When these
two approaches work together, complicated relationships in the data can be
shown more effectively, leading to a more informed feature selection
technique.

3.3.1. t-SNE algorithm. The essential elements strongly associated
with the target characteristic are selected by applying dimensional reduction
techniques. Significant and highly representative features are collected to
achieve high accuracy. Decreasing the amount of variables in a dataset is
known as dimensional reduction. A proposed technique for reducing the
dimensionality of nonlinear data is to drop it from a high-dimensional space
into a low-dimensional one using the t-SNE technique. The method focuses
on the variance of neighbourhood points and data inclusion in a low space,
producing random, unconfirmed probability. It assigns comparable traits
with greater probability and dissimilar characteristics to lower probability
when distributing pairs of X; and X;. The pairwise similarity in the high-
dimensional data space is determined in equation (15), and the data points
representation by t-SNE in a low-dimensional space is demonstrated in
equation (16). Equation (17) illustrates how the technique iteratively
operates the same probability distribution across a smaller space to show
data points in a low-dimensional space and lower the Kulback-Leibler (KL)
variance. The probability distribution with low KL variance is determined
in equation (17):
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S(Xi ) X)

) =g D (s)
SCYi, Y)

/%) =55, v "

_ P(Xi/X;)
KL = ZZ P(X;,  X;)log QW) (17)

where P(X /X j) high-dimensional data is space and X;/X; are pairs in the P
space; Y;/Y; is low-dimensional data space, and Y;/Y; are pairs in the Q
space (Figure 3).

Input
High-dimensional data

Minimize Kullback-
A4 Leibler divergence
> between high-
dimensional and low-
dimensional data

Compute pairwise
similarities between

datapoints
L \
Initialize low- Output
dimensional embedding Low-dimensional data

Y

Compute similarity
matrix for low-
dimensional embedding

Fig. 3. Flowchart for t-SNE algorithm

3.3.2. PCA Algorithm. Principal components of PCA, an
unsupervised statistical technique, are linearly uncorrelated when correlated
features are converted. Normalising the dataset uses mathematical ideas like
variance, covariance, eigenvalues, and eigenvectors. Correlation is the
connection between two characteristics, whereas dimensions are the amount
of features in the collection. To ensure there are high-variance features, the
method divides the individual value by the standard deviation of all
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features. The Z covariance matrix includes the variance among the two
feature pairs, and eigenvectors represent high-variance information axes. In
the P matrix, the technique places eigenvalues and eigenvectors in
descending order. The Z covariance matrix is multiplied by the P matrix to
generate new features. Important and pertinent characteristics are kept,
while less important ones are eliminated to produce a new dataset. The
dimensionality reduction feature selection technique aids in reducing
features while preserving the most significant amount of relevant
information. PCA identifies the principle components that primarily explain
the variation in the data, whereas t-SNE produces a low-dimensional
representation that preserves the local structure. The hybrid strategy lowers
the risk of overfitting and improves model generalisation by combining
both techniques to achieve more effective dimensionality reduction. This
optimised feature selection process produces a subset of characteristics that
are very discriminative and informative of the underlying structure in the
data. Enhanced visualisation, complete data representation, improved
dimensionality reduction, optimal feature selection, and increased
performance in machine learning tasks are just a few benefits of the hybrid
feature selection approach utilising principle stochastic embedding. Figure 4
shows the flowchart for the PCA algorithm. The next step involves a
classification process, which classifies depressed patients.

Select principal
components based on
number of components

Input
High-dimensional data

A 4

Yy Y

Standardize the data Project data on selected
principal components

Y

Compute the covariance Y
matrix

Output
Low-dimensional data

Y

Perform eigen
decomposition

Fig. 4. Flowchart for PCA
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3.4. XGBoost Classifier. Using the XGBoost classifier, also known as
the Extremely Gradient Boosted Decision Tree, can effectively segment data
into smaller subsets, leading to remarkable accuracy across many Natural
Language Processing (NLP) applications and ML models. This classifier
boasts several advantages, including scalability, parallelizability, and swift
execution times, making it a preferred choice in various settings. Moreover, it
is a regularised model in which formalisation helps to prevent overfitting,
thereby enhancing performance compared to other algorithms. Utilising the
XGBoost classifier, the proposed technique demonstrates superior
performance in identifying depressed individuals compared to existing
approaches. Through its expertise in handling intricate relationships within
data and its robustness against overfitting, XGBoost ensures high accuracy
and reliability in predicting outcomes, thereby offering a promising avenue
for advancing depression detection. The XGBoost workflow schematic is
shown in Figure 5. The blue-coloured zone represents the training and testing
data. The boxes inside the dashed lines represent the testing and training
procedures, where GBM stands for gradient boosting machine and T is for
tree. The results obtained from XGBoost from the dashed box are displayed in
the two oval boxes on the right.

Training Procedure

Tune hyper- i . |
Build models using the A
parameter —> ggregrate
(optional) Besipaimeiensel importance lists

Training

Training data

i

All available data

Testing data

e e e e e
C T T T [

| Testing Procedure |

| |

| Predict test set using Averag'e l{mdels | Final test set

I GBM models predictions | predicitons

| |

b e e |

Fig. 5. XGBoost classifier

4. Results and Discussion. The Distress Analysis Interview Corpus:
Wizard of Oz (DAIC-WOQOZ) dataset is employed in this research [25].
Based on feature vectors, data was chosen and split into two categories:
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80% for training and 20% for testing. The dataset comprises text, audio, and
video exchanges among individuals and an automated interviewer. The
interview questions are based on the physical manifestations of depression.
Two versions of this dataset have been released up to this point; the
expanded DAIC-WOZ is utilised in this study. There are 189 sessions in the
sample (102 men and 87 women), of which 133 are not depressed, and 56
are depressed. The dataset is split into 80% and 20% for training and
testing. The outcomes achieved are presented in the subsections that follow.
The Python tool, Windows 7 (64-bit) OS, and Intel Premium CPU with
8GB RAM are used to carry out this proposed work. In conclusion, it
compared previous approaches and the proposed system. This section
discusses how well the approach we propose works for identifying
depressed patients.

4.1. Performance analysis. The amplitude of the audio signal is
shown in the waveplot graph. Unequal or fluctuating amplitude in a noisy
audio waveplot indicates the existence of background noise. The noisy
waveplot implies that the audio signal has been affected by unwanted noise,
which might affect the clarity of the audio. Figure 6(a) shows that the x-axis
depicts the sample, and the y-axis is the audio signal's amplitude. The audio
signal amplitude following noise reduction processing is seen in the
denoised waveplot: a less amplitude fluctuating, smoother waveplot than
the noisy version. The denoised waveplot shows that the noise reduction
procedure has successfully eliminated or reduced background noise,
producing a more precise and cleaner audio stream. Figure 6(b) shows that
the x-axis depicts the sample, and the y-axis is the audio signal's amplitude.

A spectrogram shows the audio signal's frequency content with time.
The presence of noise is shown in spectrograms of noisy audio as extra
energy in different frequency bands, which frequently take the form of
irregular patterns or streaks. A noisy spectrogram may mask or distort the
properties of the underlying signal by highlighting spectral contamination
carried on by background noise. Figure 6(c) shows that the y-axis indicates
hz, and the x-axis represents time. The frequency content of the audio signal
is seen on the denoised spectrogram following noise reduction. Reduced
energy in background noise-corresponding frequency regions improves the
visibility of signal characteristics and produces more apparent spectral
patterns. A denoised spectrogram shows how noise reduction may improve
the signal-to-noise ratio, which makes it easier to identify and analyse
relevant audio properties. Figure 6(d) shows that the y-axis indicates Hz,
and the x-axis represents time in seconds. With the wave plot showing
changes in amplitude and the spectrogram indicating changes in frequency
content, both offer useful information on how noise reduction affects audio
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signals. These graphics help evaluate how well noise reduction methods
work and how they affect the audio signal's overall quality.

Waveplot for audio 300_Noisy Viaveplot for audio 300_Denoised
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a) Noise images before pre-processing  b) Denoised images after pre-processing

Spectrogram for audio 300_Noisy Spectrogram for audio 300_Denoised

¢) Noisy spectrogram audio d) Denoised spectrogram audio
Fig. 6. Wave plot and Spectrogram visualisation

4.2. Imbalanced Datasets. Figure 7 below shows the dataset
modelling (before and after balancing the dataset). There are two types of
class labels: 0 is represented as depressed, and 1 is represented as not
depressed. The dataset utilised in this study comprises individuals
categorised as depressed and not depressed, but it exhibits an inherent
imbalance and is contaminated with background noise. Consequently, the
pre-processing methodology outlined in this study addresses these
challenges. Following pre-processing, the dataset achieves a balance
between the depressed and not-depressed categories while also effectively
eliminating background noise. Furthermore, this pre-processing method
ensures the capture of low and high-level features within the dataset. Here,
we used the SMOTE technique to balance the dataset, which was performed
after the noise removal process.
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Fig. 7. Dataset modelling

4.3. Confusion matrix. One kind of performance metric employed
in ML and classification to evaluate a model's ability to identify depression
is a confusion matrix. It offers a summary of the variations among predicted
labels and the actual ground truth labels so that the model's accuracy may be
evaluated. The four groups in the confusion matrix are TP, FP, FN, and TN,
where 0 denotes people who are depressed, and 1 represents those who are
not depressed. Several performance measures, including accuracy,
precision, recall, and Fl-score, may be computed using the confusion
matrix to assess how well the framework identifies depression. Figure 8
shows the confusion matrix for the proposed work.

-]

True Label

0 1
Predicted Label

Fig. 8. Confusion matrix

4.4.ROC curve. A graphical depiction of a binary classification
model's accuracy across various threshold values is called a Receiver
Operating Characteristic (ROC) curve. At various threshold values, it shows
the true positive rate (TPR) versus the false positive rate (FPR). The ROC
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curve, shown in Figure 9, depicts the false positive rate (specificity) on the
x-axis and the true positive rate (sensitivity) on the y-axis. An area under
the curve (AUC) of 0.97 on an ROC curve for detecting depression denotes
good discriminating power in differentiating between those who are
depressed and those who are not. A high likelihood of ranking a randomly
selected sad person higher than a randomly chosen non-depressed person is
indicated by an AUC of 0.97. This suggests that the model makes few
prediction errors, achieving high sensitivity while maintaining low false
positive rates across various threshold settings.
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Fig. 9. ROC curve

4.5. Comparative analysis. The depression prediction framework
was evaluated with several performance metrics: root mean square error
(RMSE), mean absolute error (MAE), accuracy, precision, recall and F1-
score. The performance metrics are compared with several existing works
such as Deep Convolutional Neural Network-Deep Neural Network
((DCNN-DNN) [26], Deep Convolutional Generative Adversarial Network
(DCGAN) [27], Transformer Encoder + Convolutional Neural Network
(TE+ CNN) [28], Bidirectional-Long Short term Memory + Attention (Bi-
LSTM + Attention) [29], Graph Convolutional Neural Network
(GCNN) [30], Convolutional Neural Network (CNN) [31], Gated Recurrent
Unit (GRU) [31], Bimodal Attention-GRU (BiAtt-GRU) [31], Two-
dimensional CNN-LSTM (2D-CNN-LSTM) [32], Decision Tree (DT) [32],
Deep AudioNet (DAN) [32], Transformer-CNN-CNN (TCC) — Softmax
[32], Unimodal Ensemble (UE) [33], Multimodal + Selective dropout +
Transfer Learning (MM + SD + TL) [33], Multimodal + Selective dropout-
Normalization-Attention + Transfer Learning + Spectral-Normalized Neural
Gaussian Process (MM+ SD-Norm-Att + TL + SNGP) [33].
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The Root Mean Square Error (RMSE) is a frequently employed
metric for assessing a model's or prediction's accuracy. The definition of
this term is the square root of the average of the squared differences
between the actual and predicted values. Mathematically, RMSE is
represented in equation (18):

RMSE = (18)

The accuracy of a model's predictions is gauged by the Mean
Absolute Error (MAE) metric. The mean of the absolute differences
between the actual and predicted values is how it is defined. Without
considering direction, the mean absolute error (MAE) quantifies the average
magnitude of mistakes in a set of predictions. A lower MAE value denotes a
more precise model. The MAE is determined in equation (19):

n
1
MAE =19, - yil, (19
i=1

where ¥;, y; and n display the actual severity score, the predicted score
generated from the model, and the amount of test data corresponding to it.
By using equations (18) and (19), the RMSE and MAE values are
calculated. The proposed method performs significantly fewer errors than
other existing techniques. Figure 10 compares RMSE and MAE graphs for
the proposed model with several existing works. Table 1 shows the
comparison values for the RMSE and MAE metrics.
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Fig. 10. Comparison graph for: a) RMSE; and b) MAE
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Table 1. Comparison of error metrics

Method RMSE MAE
DCNN-DNN [26] 5.63 4.85
DCGAN [27] 5.52 4.63

TE+ CNN [28] 5.37 4.48
Bi-LSTM + Attention [29] 4.76 3.61
GCNN [30] 2.15 1.25
Proposed 2.00 0.90

The efficiency of the suggested strategy is demonstrated by comparing
approaches for predicting depressive illnesses based on their Root Mean
Square Error (RMSE) and Mean Absolute Error (MAE). With an MAE of
1.25 and the lowest RMSE of 2.15, the GCNN demonstrates excellent
prediction accuracy. The suggested approach, on the other hand, outperforms
the others in terms of predicting the severity of depression, with an even
lower RMSE of 2.00 and MAE of 0.90. While models such as the Bi-LSTM
+ Attention demonstrate competitive performance (RMSE of 4.76 and MAE
of 3.61), they are less effective than the proposed technique. The Transformer
Encoder + CNN and DCGAN approaches show slightly higher prediction
errors, with corresponding MAE values of 4.48 and 4.63 and RMSE values of
5.37 and 5.52, respectively. The suggested approach stands out for its
precision and accuracy in estimating the severity of depressive disorder,
providing encouraging developments in this area of study.

Evaluation metrics. Accuracy, precision, recall, and F1 score were
used as performance indicators for this study. These metrics finally
demonstrate the proposed technique's performance reliability. Figure 11
below displays the comparison graph for the proposed work.
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Fig. 11. Comparison graph for performance metrics: a) Accuracy, b) Precision,
Recall and F1-score
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The work proposed provides all of the current methods, and Tables 2
and 3 display the comparative analysis of the performance metrics for the
proposed model with several existing works.

Table 2. Comparison of Accuracy metrics

Model Accuracy (%)
CNN [31] 69.00
GRU [31] 66.00
BiAtt-GRU [31] 89.00
UE [33] 80.54
MM + SD + TL [33] 87.55
MM + SD-Norm-Att + TL + SNGP [33] 95.07
Proposed 97.02

The suggested model outperforms multiple existing models in
detecting depression-related conditions, with the maximum accuracy of
97.02%. By contrast, the accuracy of the GRU model is 66%, the CNN
model is 69%, and the BiAttention-GRU model is 89%. While the
Multimodal + SD + transfer learning model achieves 87.55% accuracy, the
Unimodal Ensemble model only manages 80.54%. 95.07% is achieved by
the Multimodal + SD-Norm-Att + transfer learning + SNGP model,
demonstrating a notable improvement with the suggested approach.

Table 3. Comparison of Precision, Recall and F1-score

Model Precision (%) Recall (%) F1-score (%)
2D-CNN-LSTM [32] 90.80 92.60 91.70
DT [32] 78.90 80.20 79.60
DAN [32] 82.80 84.90 83.80
TCC-Softmax [32] 93.90 93.80 93.80
UE [33] 80.96 78.13 79.52
MM + SD + TL [33] 89.26 89.17 89.21
Proposed 97.02 97.02 97.02

A high degree of accuracy and consistency in its predictions is
indicated by the suggested model's precision, recall, and F1-score, which
are all at 97.02%, suggesting outstanding performance in diagnosing
depression. It performs better than a number of other models, including the
TCC-Softmax model, which attains a precision, recall, and Fl-score of
93.8%, and the 2D-CNN-LSTM, which has a precision of 90.8%, recall of
92.6%, and Fl-score of 91.7%. Some models perform better than others,
such as the Unimodal Ensemble and Deep AudioNet, which scored 79.52%
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and 83.8%, respectively, on the F1 score. Furthermore, the F1-score for the
Multimodal + SD + transfer learning model is 89.21%.

This research demonstrates the superiority of the novel method in
terms of depression detection, with a low MAE of 0.9 and an exceptional
accuracy of 97.02%. In terms of precision and forecast accuracy, this
strategy outperforms earlier ones. The study also emphasises the
significance of accuracy and Fl-score, standard metrics in evaluation
processes, in determining the model's efficiency. The proposed method is a
potential growth in effective depression detection methods as it outperforms
currently available methods and produces reliable findings regarding the
accuracy and F1 score.

5. Conclusion. In conclusion, the high incidence of depression
necessitates the development of autonomous detection systems, given the
complexities associated with traditional clinical diagnosis methods. Existing
ML techniques for depression detection encounter challenges such as
sensitivity to background noise, slow adaptation speed, and imbalanced
data, which can compromise accuracy. To overcome these limitations, this
study introduces a novel ModWave Cepstral Fusion and Stochastic
Embedding Framework for depression prediction. They address issues like
background noise in audio signals and low amplitude levels during pre-
processing by employing the Gain Modulated Wavelet Technique. This
technique removes background noise while capturing low and high-
frequency information in voice signals, subsequently normalising the audio
signals. Difficulties in generalisation and lack of interpretability pose
obstacles to extracting relevant characteristics from speech. To tackle these
challenges, an Auto Cepstral Fusion extraction technique was proposed to
extract pertinent features, aiming to capture both temporal and spectral
characteristics caused by background voice. Moreover, feature selection is
crucial to ensure robust classification. To address this, the Principal
Stochastic Embedding technique handles high-dimensional data, reduces
the influence of noise, and minimises dimensionality. Utilising the
XGBoost classifier, the proposed method distinguishes between depressed
and non-depressed individuals using the DAIC-WOZ Datasets from USC.
The proposed approach achieved a remarkable accuracy of 97.02% and a
low MAE of 0.9, positioning it as a promising tool for autonomous
depression detection. This proposed model provided enhanced accuracy by
effectively integrating multiple data modalities. Developing advanced
machine learning methods presents interesting chances to improve
depression detection systems. In particular, deep learning has demonstrated
great promise for identifying complicated patterns and characteristics in
large, complex data sets. Future studies might examine how deep learning
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architectures can be applied to assess multimodal data more effectively and
accurately identify minor signs of depression. By utilising wearable
technology, smartphone apps, and other digital platforms, these systems
might continually monitor people's physiological and behavioral signals and
offer therapies and notifications when early indications of depression are
identified. These kinds of systems can lessen the harmful effects of
depression and enhance people's general well-being by providing early
detection and access to mental health services.
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. JKENKOB, K. KAHHAH
YCOBEPHIEHCTBOBAHHASI CUCTEMA MAIIIMHHOI'O
OBYYEHMSI 1151 ABTOHOMHOI'O OBHAPYXXEHUS
JAEIMPECCHUHU C UCTTOJIB3OBAHUEM MOJAYJIUPOBAHHOI'O
BEMBJIET-KEIICTPAJIBHOI'O CJIUSIHUS U
CTOXACTHYECKOI'O BCTPAUBAHUS

Loceiiko6 []., Kannan K. YcoBeplIeHCTBOBAHHAs CHCTeMa MAIIMHHOIO O0y4YeHHs JJIsi
ABTOHOMHOI'0 00HAPY:KeHHSsI JeNPecCHH C UCNO0JIb30BAHHEM MOJY/IHPOBAHHOIO BeiBjeT-
KeINCcTPAJbHOTO CJIHSHAA H CTOXaCTHYECKOT0 BCTPAaHBAHUS.

AnHoTammsi. Jlenmpeccuss — 3TO  pacIpoCTpaHEHHOE MCHUXMUYECKoe 3abolieBaHME,
TpeOytoliee  CHCTEM  aBTOMATHHYECKOTO  OOHApyXKeHHs H3-32  CBOGH  CIIOXHOCTH.
CyIIeCTBYOIIE METOIbI MAIIMHHOTO O0YYeHHs CTaJKMUBAIOTCS C HPOOIEMaMH, TaKMMHU KaK
YyBCTBUTEJIIBHOCT K  (DOHOBOMY  IIyMy, MEIJIEHHas CKOPOCTb  aJanTalMd "
HecOanaHCUpPOBaHHbIE JaHHbIe. JIsi yCcTpaHEHMsl 3TMX OTPAHMYECHHII B 3TOM HCCJIEJOBAHUM
[PEAIaraeTcss HOBas CTPYKTYpa MOAYJIHPOBAHHOTO BEHBIET-KENCTPAILHOIO CIMSHHSA MU
CTOXaCTHYECKAsi CTPYKTYpa BCTPaMBAHUs JUIi NPOTHO3MPOBAHMS JCHPECCHU. 3aTeM TEXHUKa
MOJYJIUPOBAHHBIX BOJHOBBIX (yHKUMHA ymamsier (GOHOBBIH LIyM M HOPMAJIM3YeT
aymuocurHansl.  TpyaHoctn ¢ 00oOIieHHEM, KOTOpbIE IIPUBOAST K  OTCYTCTBHIO
HHTEPIPETUPYEMOCTH, 3aTPYIHSIOT H3BJICUYEHHE COOTBETCTBYIOIINX XapaKTePUCTHK pedr. [l
pEIIeHHsT 3THX TPOOIEM HCHOJIb3YeTCs aBTOMATHYECKOE KENCTPalibHOE CIHMSHHE, KOTOpOe
M3BJCKACT COOTBETCTBYIOIME XAapaKTCPUCTHKH  pEYM, 3axBaThiBask BPEMEHHbIC U
CIEKTpaIbHbIE XapaKTePUCTHKH, BBI3BaHHBIC (OHOBHIM ToJOCOM. BpIGop mpu3HaKoB
CTaHOBHTCS Ba)KHBIM, KOIJa BBIOMPAIOTCS pPENICBAaHTHBIC NPU3HAKH I KJIACCH(HKAIUH.
BbIOOp HEpeneBaHTHBIX INPH3HAKOB MOXET MNPUBECTH K I1EPEOOYYCHHIO, HAPYLICHHUIO
Pa3MepHOCTH M MEHBIIEH YCTOMYMBOCTH K IIyMy. [109TOMY MeTOR CTOXaCTHYECKOI NMMepCHI
CIIPABIISIETCS ¢ BHICOKOPA3MEPHBIMHU JTaHHBIMH, MHHUMH3UPYSI BIMSHUE OIyMa U Pa3MEPHOCTH.
Kpome Toro, kmaccuduxatop XGBoost ormnmuaer mroneld ¢ agenpeccueid m smoaei 0e3
Jenpeccud. B pesynbTaTe NpemIoKeHHBI METOJ MCIoib3yeT Habop maHHBIX DAIC-WOZ
Vhausepcurera IOxnoit Kamudopann uist oOHapykKeHHs JACNPECCHi, JOCTUTas TOYHOCTH
97,02%, npeumsuonnoctu  97,02%, momHotel  97,02%, ouenku F1  97,02%,
cpenHekBaaparnyeckod ommOkn 2,00 m cpenHeit abcomorHoi ommOkm 0,9, nemas ero
MHOT'000€IIAIOIIIM HHCTPYMEHTOM JUISl aBTOHOMHOTO OOHAPYKEHHS JICTIPECCHH.

KiroueBble c10Ba: oOHapyKeHHe Ienpeccuy, MamuHHoe o0ydenne, ModWave Cepstral
Fusion, ¢oHoBbIi 1myM, knaccudukarop XGBoost, Hadbop nanusix DAIC-WOZ, aBToHOMHAast
cucTeMa 0OHAPYKEHHSI, TOYHOCTb.
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I".B. JIOPOXUHA
MMO®OHEMHOE PACIIO3HABAHMUE KAK 3AJAYA
KJIACCUOUKALINU PATOB HA MHOXECTBE
HOCJEJJIOBATEJBbHOCTEM 3JEMEHTOB CJIOKHbBIX
OBBEKTOB C IPUMEHEHUEM YCOBEPIIEHCTBOBAHHOI'O
TRIE-JEPEBA

Hopoxuna I'B. IlogonemHoe pacno3HaBaHHE KaK 33a/a4a KiaccHPpUKAUUU PAAOB
Ha MHOKeCTBe I10CJ/IeJ0BATEJbHOCTEH 3JeMEHTOB CJOMKHBIX 00HEKTOB ¢ NPHMEHEHHEM
YCOBepLIEHCTBOBAHHOIO trie-gepesa.

AnHotammsi. IlocinenoBaTenbHOCTH, B TOM YHCIE IOCIEIOBATENbHOCTH BEKTOPOB,
IIPUMEHUMBI B JIOOBIX IpeAMETHBIX oOnacTsx. IlocienoBaTenbHOCTH CKAISPHBIX 3HAYCHHI
WIH BEKTOPOB (PsAbI) MOIYT OBITH HOPOXAEHBI MOCIEAOBATEIBHOCTAMHU Oosee BBICOKOIO
HOpsIJKA, HAIPUMEp: II0CJICAOBATENBHOCTMH COCTOSHUH, 3JIEMEHTOB CIIOXHBIX OOBEKTOB.
PaboTa mocBsIIeHa NPHUMEHEHHIO YCOBEPIICHCTBOBAHHOTO  frie-gepeBa B 3ajade
KIaccU(pUKAMU PAfa Ha MHOXKECTBE IOCIEHOBATEILHOCTEH 17I€MEHTOB CIIOXKHBIX OOBEKTOB
METOZIOM  JIMHAMHYECKOro  IporpaMmupoBaHus. PaccMoTpeHbl  cdepbl  NpHMEHEHUs
JIMHAMAYECKOTO IPOrpaMMHUpOBaHHs. [lokazaHO, YTO AMHAMUYECKOE IIPOrpaMMHPOBAHUE
MIPUCHIOCOOICHO K MHOTOIIIATOBBIM omeparusIM BEIYHCIICHUS aTUTUBHBIX
(MyJIBTHIUTMKATHBHBIX) Mep MOTOOHs / pa3inuuus. Y TBEpHKIAETCsl, YTO YCOBEPIICHCTBOBAHHOE
trie-iepeBo MPUMEHUMO B 3a7aue KIaccHu(HKANUK Psaa Ha MHOKECTBE IIOCIeI0BAaTEIbHOCTEH
JJIEMEHTOB  CIIOXKHBIX OOBEKTOB METOAOM IWHAMHYECKOTO IPOrPAMMHPOBAHHS IIPU
HCTIONB30BAaHUM TAaKUX Mep Hoxo0us / pas3nuuus. BBINONHEH aHAIM3 HepapXHYecKuX
IPEeJICTaBICHUH MHOXKECTB IIOciefoBaTenbHOCTeH. OmuMcaHbl INPEHMYIIECTBA, KOTOpPHIE
00eCIeunBacT yCOBEPIICHCTBOBAHHOE (rie-IepeBO IO CPaBHEHUIO C TPAIUIMOHHBIMU
IPEeICTaBICHUSIMH IPYTHX CHIBHOBETBSAIIMXCS JepeBbeB. Pa3paborano gopmanbHOe onvcanue
YCOBEpILCHCTBOBAHHOIO trie-gepeBa. JlaHO MOSCHEHHE paHee IOTYyYCHHBIM JaHHBIM
O CYIIECTBEHHOM  IIPUPOCTE€  CKOPOCTH  Omepanuil  J00aBIeHHS U yJaleHus
IIOCIIEZIOBATENILHOCTEH B YCOBEPIICHCTBOBAHHOM {rie-epeBe OTHOCHTEIHEHO HCIOJIB30BAHHS
MaccuBa ¢ MHAEKCHOHM Tabmuuei (24 u 380 pas, cOOTBETCTBEHHO). BhImonHeHa moctaHOBKa
3a71a4d TO(OHEMHOr0 PacIO3HABAHUS PEUEBBIX KOMaHJ KaK 3aJaud KIacCu(UKaluK psiga Ha
MHOXXECTBE IIOCIIE/IOBATEILHOCTEH JJIEMEHTOB CIOXKHBIX OOBEKTOB M H3JIOKEH MeTox ef
peweHus. Paspaboran merox kimaccupuKalMy psa Ha MHOKECTBE I1OCIENOBATEIbHOCTEH
3JIEMEHTOB CJIOKHBIX OOBEKTOB € MPUMEHEHHEM YCOBEpPIICHCTBOBAHHOTO trie-nepeBa. OH
HCCIIeIOBaH Ha NpHUMepe MO(GOHEMHOTO PAcIO3HaBaHMS C HEPAPXUUECKUM IPECTaBICHUEM
cloBapsl KIAacCOB peYeBBIX KOMaHI. B 9ToM MeTone pacmo3HaBaHHME PEUYEBBIX KOMAaHI
BBIMOJIHAIOT B IIpoliecce 00X0/a YCOBEPIICHCTBOBAHHOTO tric-/iepeBa, XPaHAIIEro MHOXKECTBO
TPaHCKPHUIIIMI pEUeBBIX KOMAaHJ — IOCIEIOBATENbHOCTEH TPaHCKPHUIILMOHHBIX CHMBOJIOB,
KOTOpble 0003HA4alOT KJIacChl 3BYKOB. UHCIEHHBIE HCCIENOBAHHMSA IOKa3ald, dTO
KIaccu(uKanys psAfa Kak IMOCIEA0BAaTENbHOCTU 3JIEMEHTOB CIOXKHBIX OOBEKTOB IOBBIMIACT
YacTOTY IPaBUIBHON KIIaCCH(UKALHU 10 CPaBHEHHIO C KJIacCU(UKanueil psija Ha MHOKECTBE
PsIOB, a IPUMEHEHHE YCOBEPIICHCTBOBAHHOTO trie-JepeBa COKpallaeT 3aTpaThl BPEMEHH Ha
kiaccudukanuio.

KirodeBble cioBa: trie-IepeBo, MHOXECTBO MOCIEIOBATEIbHOCTEH, KiIacCHpHKAIMsL
PSIOB Ha MHOXKECTBE IOCIIEAOBATEILHOCTEH JIEMEHTOB CIOXKHBIX OOBEKTOB, JHHAMHYIECKOE
IPOrpaMMHpPOBaHHE, TOPOHEMHOE PACTIO3HABAHNE PCUEBBIX KOMAH]L.
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1. BBenenne. Mojenn  CTPYKTYPUPOBaHHMS  JAHHBIX IS
CKOpPOCTHOTO IOMCKAa CTPOK pa3pabarpiBaioT ¢ koHma 50-x romoB XX
Beka. CHCcTeMaTH3MPOBAN M Pa3BUBAIM METOABI MPEICTABICHUS JTaHHBIX
A. Axo u [JIx. Ymeman, H. Bupt [1], A. Kayr [2], P. bpuange [3],
A. Tachunn [4].

CtpykTypoll MaHHBIX, oOecmeyMBaromell HamOOIBIIYI0 CKOPOCTH
MOKCKa BO MHOXKECTBE MOCIIEA0BATSIILHOCTEH, ABJSICTCS ACPEBO MUPPOBOTO
MOWCKa — TO e, 4To JyueBoil moumck P. Bpuanme [3], trie-mepeso,
«mpeuKCHOE JAepeBo», «0op». OcoOEHHOCTh OpraHu3anuu trie-aepesa
COCTOUT B TOM, UYTO JJIEMEHTHI IOCIIEOBATEILHOCTH PAa3MEIICHbI BJIOJIb
BeTBEU JepeBa. JlomycTuM, 3alaHO MHOXKECTBO IIOCJIEN0BATEIILHOCTEHM
cUMBOJIOB. [lyCTh y HEKOTOPBIX U3 OJTHX MOCJIEIOBATEIbHOCTEN 7
HavyaJIbHBIX CHMBOJIOB COBIAJAIOT CO CTPOKOH § JUMHBI 7. B trie-nepese
HaJaJbHBIE CHUMBOJBI YKa3aHHBIX IIOCJIEIOBATEIBHOCTEH IIPEICTaBICHBI
(parMeHTOM BETBH W3 1 BepIIMH. lIpu MOWCKE CTPOKH § B yKa3aHHOM
MHOXECTBE €€ COIOCTaBJICHUEC C OOINCH HAYadbHOH YacThIO MHOKECTBA
MOCJICIOBATEIBHOCTEH MPOMCXOIUT ONHOKpaTHO. To ecTh, trie-aepeBo
SIBIISICTCA TEPCIEKTHBHOW CTPYKTYPOH JaHHBIX Al 00pabOTKM MHOXKECTB
MOCTIEIOBATENEHOCTEH, O YeM CBHICTEIHCTBYET BO30OHOBICHHE BHUMAHUS
K 9TOH CTPYKType NaHHBIX.

[Mocnemnee Bpems o00macTh TNPUMEHEHHS METOJOB  aHAIN3a
MHOCJIENOBATENbHOCTEN 3HAYUTEITHLHO pacIupuiIach. B BUJIE
MIOCTICIOBATENEHOCTH TIPEACTABIAIOT HHPOPMAIIIO O COCTOSHUHN 0OBEKTOB
paznu4HON  mpupoAbl. AHaTU3  TOCIEA0BATEIbHOCTEH  HMCIOJNB3YIOT
B COIIMANILHBIX Haykax [5] u 3apaBooxpaHeHuu [6, 7], B Omonoruum [4],
B skoHOMHYeckoii cdepe [8 — 10], B Texnuke [11 — 13] u T.1.

MHorue peanbHbIE NMPIIOKEHUS, TaKue Kak BeO-MaWHUHT, aHATIU3
TekcTa, OMoMH(OpPMATHKA, CHUCTEMHAs JMArHOCTHKA W PacIlO3HABaHHE
NEUCTBUM, HMEIOT JEJI0 ¢ IIOCIeIOBaTEIbHBIMH JaHHBIMH. B 3Tux
TIPIIIOKEHUAX PEIIaeTcs 3a/1a4a MOUCKa COMEPKATEBHBIX MA0IOHOB MITH
co3manust 3(PQPEKTUBHBIX TPOTHOCTHUSCKHX Mogenei [14], mis dero
MPUMCHSIOT METOIBl MalllMHHOTO OOYYeHHs, KaK C yYUTelleM, Tak U 0e3,
HampuMep, K-cpeqHux nim MeTo]] OOpHBIX BeKTOpoB (SVM). M3BecTHOE
pelieHre B 00J1aCTH HHTEUIEKTYAIBHOTO aHAJIH3a JaHHBIX 3aKIF0YaeTCs B
HCIONIB30BAaHNU TIOCTIeI0BaTENbHBIX M1abmoHoB [15]. OT1oT moaxon
CcHavajia J0OBIBaET MMOC/ICOBAaTEIbHbIC MIA0JOHB M3 HaOOpa MaHHBIX, a
3aTeM MPECTABIACT KAKIYIO MOCICI0BATEIPHOCTh B HAOOPE JaHHBIX Kak
BEKTOp TIPU3HAKOB C JIBOMYHBIMH KOMIIOHEHTaMH, YKa3bIBAIOIIUMH,
COJZIEPKUT JIM 3Ta MOCIEAOBATEIIBHOCTh KOHKPETHBIN MOCIe0BATEIbHBIN
mabnoH. Yucno mociiejoBaTeIbHBIX MIa0JOHOB YaCTO OYEHB BEJIHUKO. DTO
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MPUBOIUT K MpoOIeMaM ¢ BBICOKOH Pa3MEpHOCTBIO M Pa3peKEHHOCTHIO
JaHHbIX [15].

B HEKOTOpBIX CiydasX HEOOXOIMMO BBHIIOJIHUTH HEUETKHI MOWCK
MIOCTIEIOBATEIHHOCTH BO MHOKECTBE — ONIPEACINTh Hanboee CXOJHYI0 TN
OTIIMYAIONIYIOCS TIOCIEOBATEIIFHOCTE 10 OTHOIIEHHIO KO BXOHOM.
Hederknii mouck B IaHHOM Cllydae MOXKHO paccMaTpWBaTh Kak 3a/Jady
kmaccuUKalMd  Ha  MHOXECTBE  IMocjenoBarenbHOCTEH.  [Ipumepsr
HEYeTKOro TOWCKa B  CjoBape CTPOK: TpoBepka opdorpadun,
pacro3HaBaHHE TEKCTOB, OOHapyXEHHC (EHKOBBIX caiToB [16], momck
HEXeJIaTEIbHOTO KOHTEHTA B COLIMAJBHBIX CETSIX, MOUCK NYyOIUPYIOMUXCS
JIaHHBIX B 0a3zax JaHHBIX, MOUCK IUTHPOBaHUN U Ap. CXOACTBO MEXITY
MOCJIEZIOBATENLHOCTAMHU OmpenessitoT nomnapuo [17, 18]. Hdna map ctpok
NPUMEHSIOT  paccTrosiHuss ~— XemmuHra,  JleBeHmreitna,  amepay-
JleBenmreiina. O030py Mep pacXOKICHUS MEXIY MOCICIOBATEIBHOCTIMU
mocesmieHa padora [19].

Knaccudeckrne MeTOIBI CONOCTABICHHS AP MOCIE0BATEIFHOCTEH
pa3HO¥ IIMHBI OCHOBAaHBI HA AMHAMHUYCCKOM TporpammupoBaHuu. C ero
MMOMOIIBIO  TIOCJIECIOBATEIEHOCTH «BBIPABHUBAIOT» M  COIMOCTABISIOT,
B pe3yJbTaTe Yero OMNpEeNesIioT HUX «Mepy MOAOOUS» WIH «Mepy
pazIuuusy.

JlnHaMHuuecKoe MpOorpaMMHUPOBAHNUE OTHOCST K MEePEUUCIUTEIbHBIM
TEXHUKAM TOYHBIX METOJIOB MOUCKA PEIICHWA ONMTHMH3aIMOHHBIX 3aad.
DTO «METOJ ONTUMHU3AINH, TPUCTIOCOOTICHHBIA K OMepanusM, B KOTOPBIX
MpoLecC MPHUHATHA PEHICHHA MOXeT OBITh pa3OUT Ha OTAEIbHBIC
stansl (maru)» [20], — MHOromaroBeiM orepanusiM. OCHOBOIIOIOXHHUK
Merona — P.Bemiman. MeTogoM IUHAMHYECKOTO MPOrPaMMHUPOBAHUS
«MOTYT pemAaThCs 3aJadyd, MPHUBOISAIIMECS K CETEBBIM MOJCIISIMY,
HAIIpUMEpP: «TPAHCIIOPTHBIC 3aJla4ydl C MPOU3BOJIBHOU ... (QyHKIHEH
3aTpaT; 3a/la4M 3aMEHBl 00OPYIOBAHUS...; 3aa4l yIPABICHUS 3aracaMu
u apyrue» [20].

JuraMuaeckoe MIPOTPaMMHPOBAHHE KaK METOJ
MHOTOKpPUTEpHATbHONH onTuMu3anuu [21] 3aMmeHseTr OJHOBPEMEHHBIH
BBIOOD 3HAYCHH OOJIBIIIOTO YUCIIA IEPEMEHHBIX pelIaeMoi SIKCTPEMaATbHOM
3a/1a9i TOOYEPEIHBIM ONpEeeIeHHeM KXol M3 HHUX. BBIOOp 3HAUYCHWMIA
MEepEeMEHHBIX TPAaKTYyIOT KaK MHOTOJTaIHBI TPOLEcC YIpaBJICHHUS
JIUCKPETHONH CUCTEMOH, HMMEIOIe KOHEYHOE MHOXECTBO COCTOSIHUM, U
yIpaBJIIEMOW B IWCKPECTHOM BpPEMEHHU (TIOIIArOBO) MYTEM HPUMCHEHUS
BO3JICHCTBUN M3 KOHEYHOTO MHOXECTBA, B PE3yJbTaTe 4Yero HU3MeHseTcs
cocrostHue cucTeMbl. OTpe/escHbl HaYalbHOEC U MHOXECTBO (DHHAIBHBIX
COCTOSIHUH CHCTEMBI, C U3BMEHEHHUEM COCTOSIHHMSI CUCTEMBI CBSI3aH ILIATEX.
[TocnenoBarenbHOCTH yNpaBIEHUH, MEPEBOISAIINE CUCTEMY M3 HauaJbHOTO
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B OJHO W3 (HUHAIBHBIX COCTOSHHH, ONPENCNIAIOT IIOJNHBIE TPAEKTOPHU
JBIDKCHNSI CHCTEMbI. 3ajada COCTOMT B IOHCKE IIOJIHOH TPAaeKTOPHH,
ONTHUMAJIFHON TI0 3HAYEHUIO CYMMapHOTO Iiarexa [21].

JluHamMHu4ecKkoe MpOrpaMMHPOBAHNE HCHONB3YIOT KaK UIS PEIICHHS
CTaTHYECKHX 3ajad, HAIIPUMEp, CBSI3aHHBIX C PACIIPEAEICHHEM PECYpCOB,
TaK ¥ JUIA 33/a4, CBS3aHHBIX C JWHAMHKON IIPOIECCa WM CHCTEMBI,
MPUMEHSIOT AT pelleHus 3afgad ymnpasineHus [22]. YmopomieHue mporecca
pelIeHus] JOCTHIaloT 3a CYET OrpaHMYeHHs OOJAacCTH W KOJIWYECTBa
BapHaHTOB, HCCIEIyEMbIX IIPHU NEpEeXoJie K ouepeTHOMY dTamy [22].

Henocrarkamu auHamuueckoro nporpammuposanus ([II) cuurator
cnenyromque mpobiemsr [22]. «IIpobnema [II-1» cOCTOMT B OTCYTCTBUH
€IMHOTO0 YHHBEpPCAJIFHOTO METOJa pEIIeHHs, MOCKOIbKY Kaxjaas 3ajada
HUMEET CBOM OCOOCHHOCTH M TpeOyeT MOMCKa MPHEMIIEMO COBOKYITHOCTH
MeTozoB pemenns. «[Ipobmema /JI1-2» cBsi3aHa ¢ OONBIIUMH OOBEMaMH U
TPYIOEMKOCTBIO PEIICHHS MHOTOLIArOBBIX 33/1a4, MMEIOIIUX MHOXECTBO
COCTOSIHAH, 4YTO TPUBOAWT K HEOOXoAMMOCTH oOTOOpa 3amad Maioi
Pa3sMepHOCTH MO0 UCIIOIB30BaHUS CXKaTOH HHPOPMALHK.

JirensHOe BpeMsl JMHAMHYECKOE MPOTrpaMMHPOBAHUE MIPUMEHSIIN
B 3aJadyax aHaJgM3a TEKCTa W pPe4H, I'/Ie JTaHHBIe INPEJICTaBHMBI B BUJE
MOCJIEeI0BAaTENbHOCTEH pa3HON ANMHEL. B 3amauax oOpaGOTKHM CHMBOJIBHBIX
MOCTEI0BATENbHOCTEHl  METOA  JUHAMHYECKOTO  IPOrpaMMHPOBAHUSA
pazsuBanu: B.UM. JleBenwireiin, ®. lamepay, P. Barmep u M. ®umep,
H. Kayr, [I. Moppuc u B.Ilparr; P.bBoitep u [Ix. Myp, A. Axo
u M. Kopacuk, C. Huanman u K. Bynm, I1. Cmut, M. Batepman; B 3agauax
obpabotkn peun — T.K. Bunmok [23], X. Cakoe u C. Yuba, JI. Pabunep,
B.IO. lllenenos  [24]. Mzorue MeTOAbl U  AITOPUTMBI, KOTOpBIE
3apOXKAAINCh M Pa3BUBAIKCH B CBS3M C 33/lauaMM pacllO3HABAHUS PEYH,
ceiiyac HaXoIIT NPUMEHEHHE B JAPYIHX O0JlacTsX — pOOOTOTEXHHKA,
MeauIuHa, OnonH(pOpMaTHKa U Ip.

ComocraBlieHHE U BBIPABHHUBAHUE IIapbl IOCIIENOBATEIBLHOCTEH
pasHOM MIMHBI peaqu3yeT alrOPUTM HETMHEHHOTO pPacTSKEHHUS-CHKaTHA
BpemeHHOU och (Dynamic Time Warping, DTW). Ero B HacTosiimee BpeMs
MPUMEHSIOT [25 —29] He TONBKO B pPAcIO3HABAaHWW PEYH M CTPOKOBBIX
aaropuTMax, HO M B BBIYUCIHTEIHHOW TIE€OMETPUH, B Pa3INYHBIX
00JyacTsaX Ul aHAIKM3a YIMOPSI0UYEHHBIX IO BPEMEHH JIaHHBIX, BKIIOYas
BHJI€0, ayauodailsibl, BpeMEHHbIE PAIBI, U3MEPEHHUS U OTCIEKUBAHUC
manabplx  GPS. AnroputM DTW wucnomp3yioT mnpH  KiIacCU(pHUKAIAN
U KJIaCTEpU3allMM  MOCIEAOBATENPHOCTEH,  HampuMmep, B 3ajgadax
pacHo3HaBaHUsI KECTOB U BEPU(UKAIIMU TTOJIHCH, B OSCIIPOBOAHON CBA3H,
B HMHTCIUIEKTYyaJlbHOM aHaJU3€ JaHHBIX W 1p. lIpuMeHHTEn»HO
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K PacIioO3HABAHMIO PEYM STOT METOJX HWCHOJB3YIOT TP HEJOCTaTKe
00yJaromux JaHHBIX.

Paboter aBTropa [30—32] MOCBAIIEHB PACIIO3HABAHHUIO pPEUYH Ha
OCHOBE IMHAMHYECKOTO IMporpammupoBaHus. K 3amagam pacro3HaBaHUsSA
peun OTHOCSIT: HAICHTU(DUKAIIIO IIUKTOPOB, pacrio3HaBaHUE
W30JIMPOBAaHHBIX  (OTAETHHO MPOM3HOCHMEIX) CIIOB, paclio3HaBaHHE
PEYEBBIX KOMaH/I, paCliO3HABAaHUE JUCKPETHOIN peun (pacrlo3HaBaHUEC PCUH
MpH TOCIOBHOW JUKTOBKE) W BBIACICHUAC KIIOUEBBIX CJOB B IIOTOKE
CIMTHOH pe4H, paclo3HABAHUE CIUTHOU pEUu.

IIpobnema  pacmo3HaBaHusi 00pa3oB  SIBISETCS  OJHOW U3
HEHTPAJILHBIX MPOOJIEM UCKYCCTBEHHOTO MHTEJUICKTA. [Ipu 3TOM «mOHSTHE
o0Opaza MOXHO ONPEAEIUTh TaK: OOBEKTHI, Ui KOTOPBIX BBIIIOJIHSIETCS
OTHOIICHHUE JKBUBAJICHTHOCTH (OJWHAKOBHIC OOBEKTHI) WIH, IO KpaifHeil
Mepe, OTHOIICHHE TOJEePAHTHOCTH (MOXOXHe OOBEKTHI), B CBOCH
COBOKYITHOCTH cocTaBisieT 00pas» [33]. [Ipobnema pacmo3naBanus o0pa3oB
«BO3HHKJIA TIPH H3YYCHUU (UIUOJOTHUSCKUX CBOWCTB MO3ray, a MMEHHO
€ro CIIOCOOHOCTH «OTBeUaTh Ha OECKOHEYHOE MHOXECTBO COCTOSHHI
BHELIHEH cpeabl KOHEYHBIM 4YucioM peakuuid» [33]. Pacno3naBanue
BKIIIOYaeT B ce0s oOydeHHEe OIMO3HABAHMIO W OIO3HaBaHHE OOpPa30B.
OOyueHne OINO3HABAHWIO BKIIOYAET BBIJCJICHHE KJIACCOB, BBHIOOP
MPOCTpPAHCTBA  TPU3HAKOB  00pa3oB, pa3paboTKy Kiaccuduxaropa.
Omno3HaBaHuE 00pa30B COCTOUT B MPHUMEHEHHH KIaccH(puKaTopa K 0OBEKTY.

PacrniozHaBaHue M30JIMPOBAHHBIX CJIOB SIBJISIETCS YaCTHBIM CIIydaeM
3a[aud pacro3HaBaHUs peueBhIX KoMaHd. [Ton pedeBoit koMaHaOM, ¢ OHOH
CTOPOHBI, MOJPa3yMEBAaETCs NPOW3HECEHHE CJOBa WM  CIHTHOE
MPOU3HECCHUE  IIOCIEOBATEIBHOCTH CJIOB, KOTOpPBIE OTICICHBI  OT
ocTalnbHOM peun Mexdpa3oBeiMu Tay3amu. C JApYrodl CTOPOHBI, 3aJaH
MEpeYCHb CIIOB W TOCIIEJOBATCILHOCTEH CJIOB, KOTOpPBIE MOTYT OBITh
pe3ynpTaToM pacno3HaBaHus. [Ipu pacmoszHaBaHWEM OUM(POBAHHEIN 3BYK
npeobpa3yror B psia (MOCIIEJOBATEILHOCTh  BEKTOPOB  IPHU3HAKOB),
B pe3ynbTaTe OOpabOTKM KOTOPOTO OMPENENSIOT MPOU3HECEHHOE CIIOBO
U TIOCJIEIOBATENIFHOCTH CIIOB. Tak Kak 3ajada CBOTUTCS K BBIOOPY OIIHOTO
13 U3BECTHBIX KIACCOB, TO UMEEM JIEJIO0 C 3a/1a4ei KIacCH(UKAIIHH.

ITodoHeMHBIM Ha3BIBaeTCS «PacIO3HABAHKE, IPH KOTOPOM ITAJIOHBI
CJIOB COCTABIISIIOTCS M3 OOIIEH U BCEX CIIOB COBOKYITHOCTH 3TaJOHHBIX
9JIEMEHTOB, a JTAJIOHHBIC JIEMEHTHI HHTEPIIPETUPYIOTCS KaK (POHEMBI WA
gacTd (H)OHEM, OTBCTCTBCHHBIC 32 JJIEMCHTAPHBIC YYAaCTKA PEUCBOTO
cur"anay» [23, 30]. B kauecTBe STalOHHBIX 3JEMEHTOB MOTYT BBICTYHATbh,
Hanpumep, amutodonsl [30, 31] wim nudons [34].

B pamkax pa3paboTku Meroga NOGOHEMHOTO paclo3HaBaHUS
OTJEIbHO IpOon3HOCUMBIX cioB (2003 r.) Ha OocHOBe trie-JiepeBa aBTOPOM
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co3maHa CTPYKTypa MHaHHBIX JUIS XpPaHEHHS MHOXXECTBA  CTPOK
(doHeTnueckux  TpaHckpumui cioB  cioBaps  [30]. ITlodonemHoe
pacrio3HaBaHHE BBHINIOJNHSAJIOCH B IIporecce 00Xoda 3TOTO  JAepeBa.
CrpykTypa maHHBIX oOecrieumBaina: 1) OBICTPBI MOUCK CTPOK; 2) ObICTpOe
pacro3HaBaHHE CIIOBa OONBIIOTO cJoBaps (TBICAYa CJIOB) 3a CYET
OJTHOKPATHOTO COTIOCTABJICHUS OOIINX HAYAJIHHBIX YaCTeH TPAHCKPHIIINHU C
COOTBETCTBYIOIIMM (parMEeHTOM peud; 3) XpaHeHHe TPaHCKPUMLIUN B
JIPEBOBU/IHON CTPYKType (BO3MOXKHOCTH TOJIyYHTh HAIMCaHHWE 3aJlaHHOU
TPAHCKPUIIIMK U3 JepeBa). Bo3aMOXKHOCTH APEBOBUAHON CTPYKTYpHI 1) u 3)
UCIIONIb30BaHbl ISl XpaHeHHs OOJIBIIMX MHOXECTB CTPOK (copaepxar
MUUIMOHBI CTPOK) M CKOPOCTHOTO IOMCKa B HUX IPH pa3paboTKe MOy
JIEKJIAapaTUBHOTO MOP(OJIOTHYECKOT0 aHaju3a CJOB PYCCKOTO s3bIKa
(2004 1.) [35]. B pesynbrate 3THX pabOT MOSBUIOCH YCOBEPIICHCTBOBAHHOE
nepeBo nupoBoro moucka [36] — To ke, UTO YCOBEPIICHCTBOBaHHOE trie-
nepeBo. Jlannas pabora sBisieTcss 0000IMIEHNEM W CHCTEMHBIM H3JI0KSHIEM
HCCIICIOBAaHUN yCOBEPIICHCTBOBAHHOTO trie-IepeBa W €ro BO3MOXKHBIX
oOxacreit ero mpumernenus [37 — 39].

JormyctuM, BBIIENEHBI KJIACCHI 3JIEMEHTOB O0BEKTOB. HazoBem
oOpa3oM HeKoTopoe 000OIIEHHOE OMHCaHMe Kiacca B IMPOCTPAHCTBE
npu3HakoB. Ha30BEM 31eMeHTBI 00bEKTa OJTHOTUITHBIMHU, €CJIM UX OTIMCAHUS
MpUHAJIKAT OJHOMY TMPOCTPAHCTBY TMpu3HakoB. B pabore [37]
NpPEeAIoKEHO BBECTH an(aBUT OOO3HAYCHUH MAJIsI KIACCOB OJHOTHITHBIX
9JMIEMEHTOB. JTO TMO3BOJSIET HMHGOPMAIIMIO O MHOXECTBE CJIOXKHBIX
00BEKTOB, PEACTABUMBIX KaK MMOCIICIOBATEIEHOCTH HIEMEHTOB, XPAaHHUTh U
00pabaThIBaTh KaK MHOKECTBO CTPOK.

B pabote [37] nokazaHo, 4ToO trie-gepeBo [2, 3] — «mmpeacTaBiIcHHE
CJIOBapsl CTPOK JUISl TIOMCKa», a YCOBEPLIEHCTBOBAaHHOE trie-nepeso [36] —
«IIpeZICTaBIICHHE CJIOBAPS CTPOK JJIsl XpaHEHUs U Nouckay. [Ipencrasienne
CJIOBapsl CTPOK MJISl IIOMCKA SIBISIETCSI IIOMCKOBOM CTPYKTYPOH, M camo
MHOKECTBO CTPOK HEOOXOAMMO XpAaHHTh BO BHEIIHEH 10 OTHOIIEHHIO K
9TOM CTPYKType JHdaHHBIX naMmatd. LccrmemoBaHwe 3aTpaT mHaMsATH
«IIPENICTABIICHUS CIIOBAPS CTPOK Ui XpPAaHCHUS U ITOMCKa» MO CPAaBHEHHIO C
3aTpataMl Ha XpaHEHHE «IIPEICTABICHHS CIIOBAps CTPOK UL IIOMCKa»
OJTHOBPEMEHHO C CAMHM MHO>KECTBOM CTPOK BBITIOJTHEHO B padote [38].

Pabora [39] mocBsmeHa, B TOM 4YHCIe, TOYHOMY ONIHCAaHHUIO
CTPYKTYp  JaHHBIX  YCOBEpUICHCTBOBAHHOIO  trie-aepeBa M €ro
uccienoBannto.  OmyOnuKkoBaHHBIE B HEH  JaHHBIE  YHCJIEHHBIX
UCCJIEJOBaHUI CKOPOCTH BBINOJIHEHUSI OCHOBHBIX OIEpandii HA MHOXKECTBE
CIIOBO(OPM PYCCKOTO si3bIKa (OKOJIO 2 MIIH. CTPOK) IMOKa3bIBAaIOT, YTO Y
YCOBEPILCHCTBOBAHHOTO trie-iepeBa I0 CPaBHEHUIO HCIOJIb30BaHUEM
MaccuBa C MHJEKCHOM TaOJiHLeld CKOPOCTh J00aBIICHNS M yIaJICHUs! CTPOK
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Bo3pactaer B 24 m 380 pa3 cooTBeTcTBeHHO. B maHHOW pabote >THM
3HAYCHUSAM JTaHBI TIOSCHEHHUSI.

B pabote [31] paspaboran MeTon MOGOHEMHOTO pacroO3HABaHUI
pEeUYeBBIX KOMaH/ Majoro cjioBaps. HekoTopble HETOYHOCTH MPHUBEICHHBIX
B HEH aITOPUTMOB YCTpaHEHHI B JAHHOW padoTe.

B nacrosme paboTe BEIIIONHEHA IIOCTAHOBKA 331a9H ITI0(OHEMHOTO
pacro3HaBaHMs PEYCBHIX KOMAaHI KaK 3a7audl KilacCUUKAIMKU psaa Ha
MHOXECTBE  TIOCIICAOBATCIBHOCTCH  3JICMCHTOB  CIIOKHBIX  OOBCKTOB;
pa3paboTtan METO/T KiaccupuKaIiu psina Ha MHOKECTBE
MOCJICIOBATEIBHOCTEH DIIEMEHTOB CIIOKHBIX OOBEKTOB C MPUMEHCHHEM
YCOBEPIICHCTBOBAHHOTO  trie-epeBa Ha  mpuMepe  HO()OHEMHOTO
pacro3HaBaHHUS C HEPAPXUYECKAM MPEICTABICHHEM CIIOBaps KJIACCOB
peYeBBIX KOMaH]I.

2. AKTYyaJIbHOCTh W AHAJM3 COCTOSIHHSL MPOoO0JeMbl. AJTOPUTM
DTW npuMeHsIOT K MOCJIeI0BATEILHOCTSAM OJHOMEPHBIX 3HAYCHUNA WIIU
BEKTOpOB (Ha30BEM uX pspamu). [Ipm 3TOM MHOTHE psAABl MOTYT OBITH
MIPOSIBIICHUSIME  TTOCTIEIOBAaTEeIbHOCTEH Ooylee BBICOKOTO ToOpsinka. Tak,
(dparMeHTy psga MOXKET COOTBETCTBOBATh HEKOTOPOE COCTOSIHHE OOBEKTa
HAOJIOICHUS, a PAAY — IMOCICAOBATCIBHOCTh COCTOSHUMA (OMpenenEHHBIN
cueHapwuii). Mnu ¢parmMeHT psia MOXET OMUCHIBATH HEKOTOPBIA 3JIEMEHT
00BeKTa (3BYK CJIOBA), a PSJI — MOCIEIOBATEIEHOCTD JIEMEHTOB — CJIOXKHBIN
00BeKT (croBo). Takoe paccMOTpEHHE PSAAOB OCOOCHHO aKTyadbHO B CBA3U
C AKTHUBHBIM PAa3BUTHCM HanpaBneHnﬁ HU3BJICUYCHUSA SaKOHOMepHOCTeﬁ )44
3HaHUM W3 TOClIe[oBaTeNbHOCTEH W w3 mporeccoB [40], paboramum 1O
KIaccu(UKaIui U KIACTepH3alMy MocienoarenbHocTeit [41 —43], B ToM
YHCIIe MOCTIeIOBATEIbHOCTEH CIIOKHBIX 00BEKTOB.

Korma Ha MHOXECTBE MOCIEIOBATEIBHOCTEH CIIOKHBIX OOBEKTOB
BEIOMPAIOT HAWJIYYIIYI0 B COOTBETCTBHU C 3aJaHHOU IeNieBoW (hyHKIHEH
MOCTICIOBATEEHOCTD, IMEEM JIeNI0 ¢ 3a1avell onTuMu3anui. Korga Hy»KHO
BBIOpPATh KJIACC CIIOKHBIX OOBEKTOB, KOTOPOMY B HawOOJbIICH CTEHCHU
MPUHAJICIKUAT PACCMATPUBAEMBIN O0BEKT, PEIIAOT 3a1a4y KIacCUBUKAIIHH.
Ecmu mepa momo0ust / pasauyusi CIOKHOTO 00BEKTa MPEICTaBHMa B BHUJIC
CYMMBI WJIM TIPOM3BEACHUS MEp PACXOKICHHUS AT 3JIEMEHTOB 00BEKTa, TO
AJIsL eé BBIYHCIICHUS MOXXHO MIPUMEHUTH JAUHAMHUYCCKOC
MIPOrPpaMMHUPOBAHHE.

AKTyampHO paccMOTPETh YCOBEPIICHCTBOBAHHOE trie-IepeBO Kak
croco0 TPEICTaBICHUS MHOMKECTBAa ITOCICAOBATEIHLHOCTEH HIEMEHTOB
CIIO)KHBIX OOBEKTOB UL PEIICHHS 3a/a4 KIACCH(QUKAIIMA HA MHOMXKCCTBE
TaKAX IIOCIICAOBATEIbHOCTEH IIPH HWCIOJIB30BAHUU AIJUTUBHOW WIIH
MYyJbTHIDIMKATUBHOW Mepbl MOA00Ms / pasmuuus. ITO  CHHXKAeT
BBIYUCITUTEIFHYIO CIOXKHOCTh 332 CYET OJHOKPATHOTO BBIYHCICHHUS MEPHI
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momobust / pasnuuMs I OJUHAKOBBIX HAYaJIBHBIX  (parMeHTOB
MTOCJIEZIOBATEIFHOCTEN, U TeM caMbIM pemaeT «mpobiemy JI1-2». MoxHO
MPEATION0XKNTh aHATOTUYHOE INPHMEHEHHE YCOBEPIIEHCTBOBAHHOTO trie-
JepeBa ANl 3aJad ONTHUMH3AIMHM HAa MHOXKECTBE II0CIENOBATEIbHOCTEH
JJIEMEHTOB CIIOXKHBIX OOBEKTOB NPH WCHONB30BAHUU AJIUTHBHOW WIIN
MYJIbTHUIUIMKATABHON II€7IeBOM (YHKIMM, YTO MOXET OBITh NPEIMETOM
MOCNIEAYIONX palorT.

B cBs3u c pasHoOOpasumeM 3aiay, KOTOPHIE PEIIAIOT METOJ0M
JUHAMHUYCCKOIo IMporpaMMHpOBaHUd, TPYAHO HOPOAHAIU3UPOBATH BCC
aCIIeKThl OTCYTCTBUS €IMHOTO YHHBEPCAIBHOIO METOJia PELIeHHs 3ajaad
METOJIOM JMHAMHUYECKOro nporpammupoBanus («mpodiema JI1-1»). Ilpu
9TOM aKTyaJbHBIM SIBJISIETCS PAcCMOTPEHHE YCOBEPLICHCTBOBAHHOIO trie-
JiepeBa KaK yHUBEPCATBHOI'O CIOCO0a MPECTaBICHNUS 1 MHOXKECTBA PSIJIOB,
U MHOXECTBAa IIOCIIC[IOBATENILHOCTEH 3JIEMEHTOB CJIOXHBIX OOBEKTOB,
KOTOpBIi 0OecrieunBaeT:

—  CKOPOCTHOH TIONCK B GosbIIoM MHOXECTBE
MIOCJIEIOBATENILHOCTEH, B TOM YHCJIE HEYETKHH IOWUCK C NPHUMEHEHHEM
JMHAMHYECKOTO IIPOrpPaMMHUPOBAHUS B 33/1a4axX Kiaccudukamy;

—  OblcTpylo MoAM(GUKALMIO HEPAPXHYECKOH CTPYKTYpbl U
MHUHUMAJIBHBIC 3aTPaThbl HAMATHU Ha €€ XpaHCHUEC.

3.dear wu 3amaum  padorsl. llenapto paboTBl  sBISETCS
XapaKTepUCTHKa YCOBEpIIEHCTBOBaHHOTO trie-iepeBa [36] kak crocoba
NPE/ICTABICHUSI MHOXKECTBA I10CIIEI0BATEIBHOCTEH 3JIEMEHTOB CIIOMKHBIX
00BEKTOB B 3ajaue KiIacCH(UKAIUM psifia Ha 3TOM MHOXKECTBE METOJIOM
JTMHAMHYECKOTO IPOTPaMMHUPOBAHUSL.

B paboTe nocTaBiieHb! 1 peIICHBI CIEAYIONINE 3a1a4H:

—  BBINOJIHEH aHAJIM3 MEPapXHUYECKUX IpPEJCTaBICHUH MHOXECTB
IOCJIE/I0BATEIILHOCTEH;

—  copMyIHMpOBaHbI JIB€ HOBbIE MPOOJIEMBI CHIILHOBETBSIIUXCS
JIepeBbEB, KOTOPBIE PEIaeT YCOBEPLUICHCTBOBAHHOE trie-1epeBo;

—  chopmynupoBaHbl ~ HpOONEMBI  COIOCTaBICHHS  PSIOB
anroputMoM Dynamic Time Warping;

—  pazpabotaHo (opmarbHOE ONMUCAHWUE YCOBEPIICHCTBOBAHHOTO
trie-epeBa ¢ y4eTOM pEIICHUs POOIEM CHIBHOBETBSIINXCS AEPEBLEB;

—  BBINOJIHEHA IIOCTAHOBKA 3a/1a4u MO(GOHEMHOI0 pacro3HaBaHUS
peueBbIX KOMaHJ Kak 33Ja4d KiIaccH(pUKaluu psila Ha MHOXKECTBE
TIOCJIC/IOBATENILHOCTEH 3JIEMEHTOB CIIOKHBIX OOBEKTOB C IPUMEHEHHEM
anroput™a Dynamic Time Warping n u3noxeH MeTox e€ pelieHus;

—  pa3zpaboTaH MeTOA KiacCU(pHKALUHM psijila Ha MHOMKECTBE
MIOCJIE/IOBATENILHOCTEH 3JIEMEHTOB CIIOKHBIX OOBEKTOB C IPUMEHEHHEM
YCOBEpIICHCTBOBAHHOIO  trie-gepeBa Ha  IpuUMepe  MO(OHEMHOTrO
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pacno3HaBaHUs C HEPAPXUYECKHM IPEICTABICHHEM CJIOBapsl KIIacCoOB
pEUYEBBIX KOMAH]I.

4. Ananu3 HepapXu4yecKux npeacTaBJIeHU MHOKeCTB
nocJjenoBarebHocTeii. Vepapxuueckue CTPYKTYpbl MO3BOJSIIOT OBICTPO
HCKATh JIAaHHBIC, B CBSI3H C YEM MX HCIONB3YIOT AJISl CO3/IaHUsI HHICKCOB HITH
CHELHUaNbHBIX IOUCKOBBIX CTPYKTYp. JlepeBbsi IOHMCKAa HEPapXUYECKU
pa30MBalOT MPOCTPAHCTBO TIOMCKAa HA OOJACTH B COOTBETCTBHU C
HEKOTOPHIMH YCIIOBHSMHU. Hampumep, NpeauKaT KOPHEBOW BEPIIUHBI
OMHAPHOTO JepeBa TMOMCKa pa30MBAacT MHOXKECTBO KIIIOYCH Ha [Ba
NMOJAMHOXKECTBA: KIJIIOYM, 3HAYCHHUC KOTOPbLIX MCHLIIC XPAaHUMOIO B
BEpILUHE, U KIIOYH, 3HAYCHHUE KOTOPBIX, COOTBETCTBCHHO, Oobine. Takoe
pa3dueHue Mpoa0IKACTCsl PEKYPCUBHO IO TEX IOp, MOKA B IMOJAMHOXKECTBE
HE OCTaHETCS OJIMH KITIOY.

Kak mnpencraBieHHss MHOXECTB MOCIEIOBATENLHOCTEH, IEPEBbs
MOXKHO Pa3[eliUTh Ha J(BE TPYIIIBI, UCXOAS M3 00beMa JaHHBIX, KOTOpPbIC
MOJIBEPraioT aHaiu3dy B Kaxaoi BepmuHe. K mepBoil mpuHamiexar
JICPEeBbsi, B KOTOPBIX BCS [MOCIIEJOBATENLHOCTh SIBISIETCSl KIIOYOM U
MOJUICKUT aHAMM3y B Kakaoi BepimHe. [IpumepaMu MOTYT CIYXKHTh
OMHApHOE JePEBO MOMCKA W CHIBHOBETBsIIHECS nepesbs [1]: (a,b)-nepeso,
b-nepeBo, b" nepeBo, R-mepeBo, k-d-nepeBo. K oaroii ke rpymme
NPUHALIEKAT  [EPEBbsl  PEIUIECHUM, BEpIIMHA KOTOPBIX  COLCPHKUT
ompeneeHHBI mpeaukar. Torga kak, Hampumep, B OHHApHOM JiepeBe
TIOUCKa BO BCEX BEpIIMHAX IMPUMEHAKOT OJAWMHAKOBBLIC MPCIANKATBI «PaBHO
KUy B BEpINUHE», «MeHbIne (0OJblie) KIoya B BEpUIMHE», B JEPEBE
PELICHUSI KaX 10U BepILIUHE Ha3HAUYEH COOCTBEHHBIN IPEIUKAT.

Ko BTOpo#i rpymime NpuHAIIE)KAT NCPEBbs, B BEPIIUHAX KOTOPBIX
aHAMM3UPYIOT 4YacTh KIMoYa (OAMH WM HECKOJBKO  DJIEMEHTOB
MOCTIEIOBATENBHOCTH). [IpH  3TOM  3JEMEHTH  IMOCICIOBATEIbHOCTH,
KOTOpPBIE aHAM3UPYIOT B HEKOTOPOW BEPIIMHE, IPEAMICCTBYIOT HIEMEHTaM
MOCJIEI0BATENILHOCTH, KOTOPhIE aHAIM3UPYIOT B e€ BeplinHax-nmotomkax. K
ATOW TPYIIE OTHOCAT trie-mepeBo, mpedurcHoe U cyphUKCHOE IEepeBo,
nepeso u3 anroputma Axo-Kopacuk.

JlepeBbsi BTOPOU TPYIIIbI IPUMEHSIOT, B OCHOBHOM, JUisi 00pabOTKU
CTPOK U TMoOclenoBaTelbHOCTeH. B TO ke BpeMsi MepCreKTHBHBIM
NpEeACTaBISIeTCSl WX KCIOJb30BaHME M JUIS  JPYrHX  KJIACCOB
MOCJICIOBATEILHOCTEH, HAIIPUMEP MOCIIEA0BATEILHOCTEH 00pa3oB (KJIacCOB
00BeKTOB) [37], 2IEMEHTOB CIIOKHBIX O0BEKTOB.

Trie-nepeBo sBISETCS HWHCTPYMCHTOM TIOMCKAa BO MHOXECTBE
MOCJICIOBATEILHOCTEH. XpaHeHHEe MHOXKECTBA MOCIIEIOBATEILHOCTEH, TpH
HEOOXOIMMOCTH, OPTaHU3YIOT BO BHEIIHEH 110 OTHOMICHUIO K APEBOBHIHOMN
CTPYKTYpE JIOMOJHUTEILHO BBIICIICHHON 00JIACTH MaMSITH JIN00 B IMCTOBBIX
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BepmMHaxX. Torga Kak BO3MOXHOCTb XPaHEHHS I[OCIIEIOBATEIBHOCTEH
BHYTPH JPEBOBHIHOW CTPYKTYpHl TIO3BONIMJIA OBl CO3/aBaTh CJIOBapH,
obecrieynBaromye: CKOPOCTHOH MONCK; MOBHIIIEHHE CKOPOCTH JT00aBICHUS
1 yIOaJeHHUs IIEMEHTOB; COKpAI[CHHE 3aTpaT MaMsATH Ha XpaHEHHE.

Paccmorpum trie-mepeBo [2, 3]. B 3To#t cTpykType MakcHMalbHOE
YHCJIO TIOTOMKOB BEPIIMHBI OTPAHWYCHO pa3MepoM aidaBuTa, KOTOPOMY
NIPUHAJJIEKAT CTPOKH, a OTAEIBHON CTPOKE COOTBETCTBYET BETBH OT KODHS
K JINCTOBO¥ BepunHe. Trie-nepeBo uMeer:

—  BHYTPCHHHE BEpIIMHBI, Y KOTOPHIX K&K MUHUMYM J[Ba IOTOMKA;

—  JIMCThA, B KOTOPBIX XpaHsTCs mocneaoBaTensHoctu [44].

Trie-ﬂepeBo ABJISICTCA CUJIBHOBCTBALIMMCA IEPEBOM.

5. IIpobaeMbl cHiIbHOBETBALIUXCS depeBbeB. ONHOI U3 MpoliIeM
CHIIFHOBETBAIINXCS JIEPEBBEB SABISETCA MpoOiemMa pa3Mepa BEpPIIMHEL.
HomyctuMm, pepeBo nu(pOBOTO MOWCKA XPaHUT TIOCIEIOBAaTEIFHOCTH,
AJIEMEHTBI KOTOPBIX MpuHauiexaT andaBury A u3 r djeMeHtoB. Eciu
B K@X/IOM BEpIIMHE JJIS CCHUIKM Ha JOYEPHHE DJIEMEHTHI XPAHUTh MAaCcCHB
U3 7 DIEMEHTOB (10 OXHOMY /i KaXJOro »>JeMeHTa andaBuTa),
TO «JIMLIHWE» 3aTparhl NMaMATH OyayT 4pe3MepHO OOJBLIMMH, TaK Kak
OosbIasi 4acTh OylIeT «ITyCTHIMHM YyKasareiximu». Ecnu ke B MaccuBe
CCBUIOK Ha JOYEPHHE DIIEMEHTHl XPAHUTH TOJBKO «HEMYCTHIE» CCBUIKH, TO
BEpIIMHEI AepeBa OyIyT OTIMYAThCS APYT OT Apyra MO pasMmepy. A 3TO
3aTpyAHSAET XpaHEHHE BEPIIMH B CTPYKTYpax NaHHBIX C IMPOU3BOJIEHBIM
JIOCTYTIOM (HarpuMep, IPH UX XpaHEeHUH B (aiine).

Emé omHoit mpoOieMoil ommcaHWS JAPEBOBUIHBIX CTPYKTYP
B KJJACCHYECKHUX U COBPEMEHHBIX YUeOHUKAX SBISETCS MCIIONb30BAaHHE IS
CCBUIKM Ha BEPIIMHBI ammnapara ykasareieid (CChUIOYHBIX CTPYKTYDP).
Hanpumep, y3en nepeBa OuHapHOrO moucka [2] ommcaH CTPYKTypoOu
NodeDesc, nmpuBeicHHO B CTHHTE 1.

TYPE Node = POINTER TO NodeDesc;
TYPE NodeDesc = RECORD op: CHAR,; left, right: Node END;
JIuctunr 1. CtpykTypa, onuchIBaloias AepeBo OMHAPHOTO TIOMCKA

C nepeBbsiMM Ha OCHOBE arrapara ykasaTelded NpoOieMaTHYHO
BBINIOJHATL Onepanuu 0e3 HX 3arpy3kd B OINEpPaTUBHYIO IaMATh
KoMIbloTepa. B To ke Bpems, B Teopuu rpadoB oOIIenpuHsTas PaKTUKa —
MIEpECHYMEPOBaTh BEPIIMHBI M CCHUIATHCS HA HHUX IO HOMepy. B rpadoBbix
0azax JMaHHBIX JUI1 CCBIIKM HAa BEpPIIMHY TaKXe HCIOIb3YIOT
UACHTH(HUKATOPH! BEPILIHH.

6. IIpoGsieMbl comocTaBieHHss PpAAOB ajaroputMoM Dynamic
Time Warping Ha npuMepe 3a1a4i pacno3HaBaHUs pedeBbIX KOMAaH].
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B pamxkax 3T0il 3amaun (aKTHUECKH PEIIAIOT 33iady KiIacCH(pUKaNK psia
Ha OCHOBE MEpPBHI PACXOKACHHS PACIHO3HABAEMOTO M 3TAJIOHHOTO PSIJIOB.
AJITOpUTM COTNOCTABISIET PACIIO3HABAEMYIO KOMAHIYy CO BCEMH 3TaJlOHAMHU
pedeBbIx KomaHA. llpm 3TOM pacmo3HaBaeMas pedeBas KomaHzaa R
W KXABIH dTaloH E  SBIAIOTCS MOCIENOBATEIbHOCTSIMH  BEKTOPOB
TIPU3HAKOB (psAIaMHu):
E:el,...,ej,...,en, R=rt,..r,..r,, (1)
MIOJTYYEHHBIMHU B PE3yJIbTaTe MpeBapUTeIbHON 00pabOTKH OLU(pPOBAHHOTO
3BYKa, KOTOPBI COOTBETCTBYET IPOU3HECEHUIO PEUEBON KOMAaH/BI.
Mepy pacxoxnenust d(E,R) HaxonsT cieaymounM oOpasom [24].

BeraucnsiioT MaTpuity paccrosHuii D Mexay oneMeHTamu €; U r;

D=[d,], . d=dCe.r,). @

Hanee, mo wmarpuie D Boraucisior sneMentsl DTW-marpuiibi

BeIpaBHUBaHUI K = ”ki].” 0 PEKYPPEHTHBIM (HOpMYJIaM:
K nxm

kyy =dyy;
kij=dyj ko J =20 )
kiy = diy + k1ot =2,m;
ky =dy +min(k_y) ;o). ki oy ko ) i=2,m, j=2,n.
Mepoii pacxoxaeHust Mexay E U R sBiseTcs 3HaueHue k,, :
d(E,R)=k,, . @

[omyuennass DTW-matpuma K , mo3Boisier ompenenuTh IIyTh
BBIPAaBHUBAHUS — MHOXECTBO Map UHJEKCOB COOTBETCTBYIOIIMX JAPYT APYTY
ONEMEHTOB €, H I, DANIOB E u R [24]:

M ={(p,.q)},, (5)
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rae H — xonmuyecTBO map B MyTH BhIPABHUBAHUS. DTH Hapbl OMPEACISIOT
HUTEepaTHBHO 10 popmynam [24]:

Py =n.qy =m
(Pp-159p-1) = argmin(k,,.,)
(p'a)eh . 6)
B=1r"4): P10 <ppqy —124"<q,,(P" # 0, V' # q,)}
P = L q =1

Mepa pacxoxnenus d(E,R) mpenctaBuMa TakKe B BHIE CYMMBI:

H
d(ER) =Y d(e, .7, ). (M
h=1
CJ'IOBapI) KJIaCCOB PCYCBBIX KOMAaH W — 5T0 MHOK€ECTBO TaJI0HOB:
w={E) . (8)

a fnejesas (byHKIII/IH HaxXoguT HOMEP Kjacca y , MEXKIY 3TAJIOHOM KOTOPOTro

E, ¥ paclno3HaBaeMOH pedyeBOH KOMaHIOH R Mepa pacxoxICHUs

d(E,,R) MUHMMAJbHA!

res =argmind(E,,R) . 9)

y=lz

[TpoOnembl, BO3HMKAIOIIME TIPU  CONOCTaBJICHHH  PSJIOB  C
rcnoiip3oBanueM anroputma DTW [31]:

1) npobnema mpomycka anropurMmoM DTW  omimuarommxcs
EMEHTOB W y4éTa CXONHBIX (€€ TBITAIOTCSA pelaTh BBEACHHEM
OTPAaHMYEHUII HAa NYTh BBIPABHMBAaHUSA, HO O3TO HE BCETAa HPHHOCUT
oxumaeMbIit 3P Pexr);

2) mpobimema UIMH 3TajJoOHOB IpH Hcmoib3oBaHuM DTW: ecmm
JUIMHA OJHOTO W3 HTAJOHOB 3HAYMTENILHO MEHBIIE IUIMH OCTAllbHBIX, MEpa
pPacxXokKAE€HUS OT HEro JO PAacHO3HAaBa€MOIO psla MOXKET OKa3aTbCs
MUHUMAaJIbHOM’;

3) mpobnema BBIYUCIIUTEIBHON CJI0’KHOCTH DTW:
BBIYHCIIUTENbHAS CI0XKHOCTh Kiaccudukauy Ha ocHoBe anroputMa DTW
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pdaaa MJIWMHBL m OPOINOPLHUOHAIbHA BCJIWYUHC! m~Zn rac I’ly — JJIMHa

s
9TaJIOHA C HOMEPOM ) B CJIOBAapE KJIACCOB PEUCBBIX KoMaH (8).

Pemenne mpoOiieMBl JJUH STAJOHOB 32 CYET HOPMHUPOBKH MEPHI
pacxoxaeHus 1o jnuHe auaroHann DTW-marpuiiel  mpesjioxeHo
B paborte [31]. B nanHoii paboTe nmpenioKeHsl pemeHns IpooiaeM IpoIrycka
agroputMoM DTW  omMyarommxcsi 3JI€MEHTOB UM yuéTa CXOAHBIX
Y BBIUUCIHUTENbHOU caoxHOoCcTH DTW.

7. ®opMabHOE ONNCAHHE YCOBEPIIEHCTBOBAHHOIO trie-mepeBa
Cy4eToM  PpellleHHs  TNpo0JeM  CHILHOBETBAIIUXCS  J€pPeBbeB.
Otnuust [39] ycoBepiieHCTBOBaHHOTO trie-nmepesa [36] ot trie-nepera [2, 3]:

1) ycoBepLIEHCTBOBaHHOE trie-A€peBO COAEPKUT MAacCHB CCBLIOK
Ha BEPUIMHBI OKOHYAaHUA CTPOK;

2) BepIWIMHBI  YCOBEPIICHCTBOBAHHOTO  trie-IepeBa  MMEOT
OIIMHAKOBYIO CTPYKTYPY, B OTJIHYHAE OT pa3lciicHHs Ha BHYTPCHHHE
1 JINCTOBBIC BEPIINHEI Yy trie-IepeBa;

3) BepmIMHBI YCOBEPIICHCTBOBAHHOTO trie-AepeBa  COAEpiKaT
CCBUIKM Ha pPOAWUTENBCKYI0 BEpPIIMHY W HWICHTH()HUKATOP CTPOKH,
OKaHYHUBAIOIICHCS B BEPIIUHE;

4) B BepLIMHAX YCOBEPIICHCTBOBAHHOI'O trie-iepeBa XpaHUTCS
CChUIKA HAa  MHOJXECTBO  BEPIIMH-IIOTOMKOB, 4YTO  OOECleYnBacT
(DUKCHUPOBAHHBIM pa3Mep BEPIIMHBI W T03BOJIIET XPAaHUTh BEPIINHBI
B CTPYKTYypax JaHHBIX MPOU3BOJILHOTO JOCTYIA, a TaKXKE CChLIATHCS
Ha BEPUIMHBI W MHOXKECTBAa BCPIIMH C IIOMOIIBIO HUX HOMEPOB BMECTO
HCTIOJIb30BaHU allliapaTa yKa3aTelei.

IMycte G — MHOXECTBO IMOCIIEAOBATENLHOCTEH, SIEMEHTBI KOTOPBIX
NpUHAIeKaT andaBuTy A CUMBOJIOB (MM HICHTU(QHUKATOPOB), | A|=7T .

IpeacraBnenne G B BUIE YCOBEPILIEHCTBOBAHHOTO trie-/epena:

(0,Ch, X)
_ — (o) o) o o)
0={o0,},0, =(0/,05,05,03) 10)
b
Ch={ch,}
X={x},x,=j:0) =i,i=lz,z= G|
rae O - MaccuB  BEKTOPOB,  ONHKCHIBAIONIMX  BEPIIUHBI
YCOBEpILIEHCTBOBAHHOTO trie-aepesa; ol € 4 - INEMEHT
OCIE0BATENBHOCTH; 04 — HACHTUGHUKATOP  IOCIEI0BATEILHOCTH,

3aBepma}omeﬁCﬂ B BCPUIMHE HOMEP j; 0'3/ — HOMEp B YHOPAAOYCHHOM
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MHOXecTBe Ch MacchBa, XpaHSIIEro HOMEpa BEPITUH-TOTOMKOB BEPIINHBI

. o .
0, 0; — HOMED DOIHMTCNBCKOI BEpUIMHBI I BepmmHbl o, ; Ch —
yHopsIOueHHOEe MHOKecTBO MaccuBoB ch, ; ch, — maccuB Homepos
BEPIIMH-IIOTOMKOB  HEKOTOPOH BeplnHbl ( ch ; — MaccHB HOMEpPOB
[
3

BEPIINH-TIOTOMKOB BEPLIMHBI O, ); X — MAacCMB HOMEDOB BEpIIMH, B
KOTOPBIX OKAaHYMBAIOTCS IMOCJIEHOBATENBHOCTH; X; — HOMED j BEpLIMHBI

0, , Yy KOTOpOdl moue 0§ (unmeHTM(UKATOP IOCIENOBATENHLHOCTH,

3aBepIIalONIeHCs B BEPIIMHE HOMEP j ) PaBHO i .

VY COBEpIIEHCTBOBAaHHOE  trie-A€pPeBO  SBISIETCSl  NIPEACTaBICHUEM
CoBaps CTPOK AT XpaHEHHsI U MOUCKa [36], Tak Kak JJIsl HETO OINpeeJIeHbI
¢byHKIMK TONydeHus: 1) MIeHTUHUKAaTOpa CTPOKM IO €€ HalNCaHUIo;
2) ctpoku 1no e€ umaeHtudukaropy. CTpyKTypa JaHHBIX B HPOIpPaMMHON
peaiM3aly yCOBEpLIEHCTBOBAHHOTO trie-7iepeBa onucana B padore [39].

OUKCUPOBAHHBIH  pa3Mep  BEpUIMHBI  IO3BOJIAET  XPaHUTh
1 00pabaThIBaTh BEPIIUHEI IEpPEBa B CTPYKTypax AaHHBIX C MPOU3BOJIBHBIM
moctyroMm  (Hampmmep, (¢aitmax); o0pabaTeIBaTh IEpeBbS, YACTHIHO
3arpy’kK€HHbIE B OIIEPATUBHYIO NaMSITh.

B mpoBeneHHOM 3KCTIepUMEHTEe (UKCHPOBAHHBIN pa3Mep BEpIINHBI
1 MCIOJIb30BaHNE UICHTH()HUKATOPOB BEPIIMH BMECTO aMIapara yKa3aTenei
Ha clioBape cI0BO(OPM pPYCCKOTO S3bIKA, COZEpIKAalleM OKOJO 2 MIIH.
YHHUKAJIBHBIX CTPOK, yBeanunio Ha 40% CKOpOCThb 3arpy3Kd IPEBOBHIHON
CTPYKTYpbl U3 (haiina. J[aHHBII pe3ynbTaT MONIyYeH CIEAYIONMM 00pa3oM.
V3mepeHo BpeMs 3arpy3kd YCOBEpIICHCTBOBAaHHOTO trie-7iepeBa. 3aremM
YCOBEPIIICHCTBOBAHHOE trie-IepPeBO MOIUPHUIIMPOBAHO — HU3MEHEH CIIOCO0
CCBUIKM HAa  BEpPIIMHBL: BMECTO  MWCIIOJB30BAHHA  MAacCHBOB U
neHTH(UKATOPOB BEPILMH NMPUMEHEH ammnapar ykasatesieid. [Tocie storo
N3MEPEHO BpeMs 3arpy3Ki MOJU(UIIMPOBAHHOTO JIepeBa.

UccrnenoBanus [38, 39], BRINOIHEHHBIE HA MHOXECTBE CIOBO(OpM
pycckoro s3blka (OKOJO 2 MIJH. CTPOK), MOKA3alM, YTO IPEAJIOKEHHAs
nepapxuydeckas CTPYKTypa IO CPaBHEHHIO C HCIIOJIB30BAaHHEM MaccHBa
C MH/IEKCHOH Tabnmniel ymeHbIIaeT 3arpathl mamsatu Ha 20%, BpeMeHH Ha
BBITIOJTHEHHE OTEpaIliii: Toucka — Ha 37%, nmoOaBiieHUs U ynaieHus — B 24
n 380 pa3, COOTBETCTBEHHO.

TpebyeT mMOSICHEHUS CTONb CYIIECTBEHHBIH MPHUPOCT CKOPOCTH
omnepanuii mo6aBieHuss W yganeHus. OH CBsi3aH C TEM, 4YTO CTPOKa,
HomnaBIias B trie-IepeBo, HUKOTJa He MeHseT cBOM uaeHtudukarop. TouHo
TaK K€, KaKk BepUIMHA W MAacCHB BEpIIMH-TIOTOMKOB. Cpemu
UAEHTU(HUKATOPOB CTPOK, BEPIIMH U MACCHBOB BEPLIMH-TIOTOMKOB €CTh
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npenonpenenéHHoe 3HadeHne (0, KOTOpoe YKas3plBaeT Ha OTCYTCTBHE
CCBUIKM. 3HaueHHme monsi o] =0 yKasblBaeT Ha OTCYTCTBHE CHMBOJA

B BepiunHe o, . Hanpumep, B npeacrasnennu (10) y KOpHEBO# BepLIMHBL 0,

HOMED POJIMTENBLCKOM BepIUHBI 0, =0 U HOMEpP CUMBOJIA BepIIMHBL 0, =0;

€CIIU B BEPLIMHE O, HE OKAHYMBACTCS HU OJHA CTPOKA, TO MIECHTU(HUKATOP

CTPOKH, 3aBEpIIAIOIICHCS B BEPIIMHE HOMEp j , — mone o) =0 ; ecnu

BEpHInHA 0]. HC HUMCCT INOTOMKOB, TO I/I)_IGHTI/I(l)I/IKaTop MaccuBa BCPLIWH-

IIOTOMKOB 0] =0 .

Koraa Hy)XHO yJIanuTh CTPOKY C HOMEPOM i, YAAJSIOT (pparMeHt
BETBH, KOTOpasi OKAHYMBAETCS B BEpPIIMHE C HOMEPOM X, , 3aTeM
npucBanBaroT X, =0 M J00aBISAIOT i B MAacCHB HAEHTH(HHUKATOPOB
ymaineHHBIX CTpok DeletedStrings [39]. Ilozxke, korma mOHATOOHUTCS
J00aBUTh CTPOKY, WAEHTH(UKATOp HOBOW CTpPOKM Oyner BbIOpaH u3
MaccuBa DeletedStrings , ecmu oH He mycT. Camo HyJieBOe 3HAUYCHHE
octaércs B MaccuBe X .

AHaNnoru4yHo, Korja HY>KHO yJajJUTh MacCHB IOTOMKOB MacCHBOB
ch, , 5TOT MaccHB OUYMIIAIOT, CCHUIKY Ha HEro B BEpIIMHE OOHYNAIOT

W 3aHOCSAT HOMEpP k B MAacCMB HOMEPOB YyIAJIEHHBIX MAaCCHBOB BEpILHUH-
notoMkoB DeletedChArr [39]. Cam mycroii maccuB ch, ocraércs Bo

mHoxectBe Ch.
Korza HyXHO yHanuTh BEpLIMHY C HOMEPOM j , TO BEKTOPY O

npucsanBator 3Hauenne o, =(0,0,0,0) , npeaBapUTEIBHO yIAINB CCBUIKY

Ha He€ U3 MacchBa HOMEPOB BEPIIMH-IOTOMKOB, CAMUX BEPUIMH-IIOTOMKOB
M MaccuBa ~ HOMEPOB  BEpUIMH, B  KOTOPHIX  OKAHYUBAIOTCA
MOCTIEIOBATENEHOCTH. 3aHOCSIT HOMEP j B MAacCHB HOMEPOB YAAJIEHHBIX

BeputnH  DeletedKnots  [39]. Cam 0OHYI€HHBIH BEKTOp ©0; OCTares

B0 MHOXKecTBE O .

To ecth, mpu omepanusx A00aBICHUS W YIAJICHHS CTPOK
B YCOBEPIIIEHCTBOBAHHOM  trie-ZiepeBe  MHHUMH3UPYIOTCS  OIEepanuy
BBIJICJICHUS] TIAMSATH M IEPEMEHICHUS B MaMATH OONBIIMX (PparMeHTOB
JIaHHBIX, KaK IPOMCXOJUT NP yJaJCHUHU AJIEMEHTA B Hayajle MacCuBa.

8. [ToponemHoe pacmno3HaBaHMe pevyeBbIX KOMAaHJ KakK 3ajaya
KiIaccupukanuM  psila  Ha  MHOKECTBEe  MOCJe0BaTelbHOCTeMH
3JIEMEHTOB CJOKHBIX 00beKTOB ¢ npumeneHueM DTW. ®oneruka
paccMaTpuBaeT peyb, B T. Y. CJIOBa M IOCJEAOBATEIBHOCTH CJIOB, KakK

1798 Undopmaruka u asromaruszauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (1eu.)
ISSN 2713-3206 (onmaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

MOCJIEZIOBATEILHOCTh (POHETHIECKUX €IWHUI. B KadecTBe (OHETHIECKUX
eIMHUI] B JaHHOI paboTe HMCIONB3yeM Pa3sHOBHAHOCTH 3BYyUaHUS (hoHEM,
KOTOpbIE HAa3bIBAIOT aNIOPOHAMH M 0003HAYAIOT TPAHCKPHUIIIMOHHBIMH
CHMBOJIAMH:

a={a} . (1n)

Kaxmomy amrogoHy COOTBETCTBYeT KilacC 3BYKOB. Cremyer
OTMETUTb, YTO 3TH KJIACCHI 3BYKOB JOCTAaTOYHO PA3MBITHI B MPOCTPAHCTBE
aKyCTHYECKHUX NPU3HAKOB M UMEIOT 3HAUNTEIbHBIC TIEPECCUCHHUS.

@oHeTHuecKass ~ TPAHCKPUMNIUSA — 3TO  IIOCIEJOBAaTEIBHOCTH
T=t,..t.,...,l; TPAHCKPUIILIUOHHBIX CHUMBOJOB f_ € 4, rae [ — anuHa

TpaHckpunuuu 7 . OHa 0003Ha4yaeT MOCIeN0BaTEIbHOCTh aUIO(OHOB, U3
KOTOPBIX COCTOWT CIJIOBO HJIM TOCIIEAOBATENFHOCTH CJIOB. DOHETHYIECKYIO
TPAHCKPUIIIMIO pPEUYeBOM KOMaHALI (onWH W Oojiee BapHAHTOB) MOXKHO
MOCTPOUTh Mo €€ HamucaHuioo. To ecTb, (oHeTHHYecKas TPAHCKPHIILIUSI
peueBoil KOMaHIbpl 00O03HAYaeT MOCIIEAOBATEILHOCT KJIACCOB 3BYKOB,
KOTOpOW  COOTBETCTBYET  NpOM3HEceHHe OSTod  komaHzael.  [lpm
pacrio3HaBaHUU OLM(POBAHHBIA 3BYK C IPOU3HECEHHEM PEUYEeBOil KOMaHIbI
peoOpa3yloT B MOCIIEA0BATEIEHOCTh BEKTOPOB Mpu3HaKoB (psin). I1o atomy
pany HeO6X0ﬂI/IMO HaWTH I10CJIC€A0BATCIBbHOCTD KJ1acCoOB 3BYKOB,
COCTaBJISIFOIIMX COOTBETCTBYIOLIYIO PEUEBYIO KOMaHTY.

OnpeneneHue rpaHuil 3J1eMeHTOB B PACMO3HABAEMOM PSiy MO HX
rpasnuaM B JTajgoHe. [IpoOmemoif MOGOHEMHOrO pacro3HaBaHUS
SIBIISICTCA TO, YTO TPAaHUIBl alTO(QOHOB pEUEeBOM KOMaHABI BHYTPH
pacrosHaBaeMoro psjga R =r,,...,I;,...,I,, HeU3BecTHbI. [l omnpeneneHus
9THX TpaHul (CerMEHTallMyd pacllO3HABAEMOI0 psja) MNPEATI0KEHO
BBHITIOJHATL  «yCJOBHYIO cermeHTamuio» [30] cuexyonmm  o0Opa3zoM.
Pacno3naBaemblii pag R CerMEHTHPYIOT, HCXOIS M3 MPEATION0KEHUS, YTO
OH COOTBETCTBYET IIOCJIEIOBATEIBHOCTH KJIACCOB 3BYKOB, KOTOpas
ob6o3HaueHa TpaHckpummed I To ecTs, KaXIOW TpaHCKPHUIIHH OyaeT
COOTBETCTBOBATh CBOW HAOOP I'PaHMUI] CETMEHTOB. [ paHHIIBI KIIaCCOB 3BYKOB
(ammo¢oHOB) B R HaxXoIsT MOCIE0BATEIbHO, NCXOS U3 IIPEIIIOIOKEHUI:
1) Hagasio R coBmajaeT ¢ Ha4ajIoM MEpBOro auioOoHA PEYeBOM KOMAaH/IBI,
2) Mpu W3BECTHOHM JIEBOWM TpaHWIE Kk -TO amiodoHa B R , ero mpaByro
T'PaHUIy OIPENEISIOT, UCIIOJIB3Ys TANOHBI K -T0 U (k +1) -ro ajuogoHOB

" cuuTas, 4TO 3JICMCHT l‘j paaa R otHOCHTCH K K -My aJIJ'IO(l)OHy J0 TEX

Iop, TOKa OH HE CTaHeT «Ommxke» K dTalmoHy (k +1)-ro amtodona, yem
K 3TaJIOHy K -TO.
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B pa6ote [31] ¢ momorkto myTH BeipaBHUBaHUA M (4) mapel psamoB
E n R (1), coOTBETCTBYIOIMX OJHOW M TOH K€ IOCIEIOBATEIHLHOCTH
amtopoHOB (B pabore [24] — pasHBIM NPOW3HECEHHSM OJHOTO CJIOBA),
0 U3BECTHOMY MHOKECTBY I'PaHHUII Hauana amioponos B ={b,...,b,,....b;}
B E mnomyuator cootBerctBytomue rpanuust B’ ={b/,....b.,....b/} B R .

TpagunuoHHO, TyTh BBIpaBHUBaHUS M CTpOST mpu OOpaTHOM
npoxone DTW-matpuier (6). Pabora [31] mnpemraraer ajaropuTMBI,
MTO3BOJISIOIINE BBIYMCINTD ITYyTh BHIPABHUBAHUS M MEPY PACXOKICHUS NpH
npsmoM npoxone DTW-maTpuisl.

Mepa pacxokaeHHsT MeKAYy Napoii mocieaoBaTeIbHOCTell
BEKTOPOB NMPU3HAKOB, COOTBETCTBYIOIIMX O/HOH MOC/I€I0BATENHLHOCTH
KJaccoB  3BYKoB. Hazoém  ¢parmenrom  E[x;y] psama E

HOCJIEJOBATENLHOCTD €, € e . AHAJIOTHYHO ompeneianM (parMeHT

x+12° 2 y
R[x";y'] . HOyctb E u R COOTBETCTBYIOT NPOU3HECEHHSM CJIOBA

c TpaHckpunuuet T =t,...f,....t; , a Oparmentst E[b ;b ., —1]

esbpesees

u R[b.;b.,, —1] npencraBmsior B £ u R ammodon ¢, . DTo mo3BosteT

HalTH Mepy pacXoxkaeHus Mexay E nm R myréM comocTaBieHHs HX
(parMeHToB, COOTBETCTBYIOIIMX OT/ACJIBHBIM amiopoHaM. JleficTBUTENEHO,
BennunHa (4) mpeicTtaBUMa Kak CyMMa Mep pPAacXOXKASHHS MEXIy
¢parmentamu £ u R, COOTBETCTBYIOIIMMHU OAHOMY aisiogony [31]:

-1
d(E,R) =Y d(E[b;be, ~ 11, RIby by —1]) + d(Elb;n], RIbjsm]) . (12)

> YK+l
k=1

Mepa pacxo:kaeHusi € ITAJOHHOH MOC/€10BaTEJIbHOCTHIO,
CHHTE3HPOBAHHOH 10  NOCIeJ0BATEILHOCTH  KJIACCOB  3BYKOB.
HamoMHMM, 9TO 1O MpaBMITy «yCIOBHOH CEeTMEHTanum» JuIi autodoHa, He
SIBJISIFOLIETOCS] MOCJICAHUM aJUIOOHOM pedeBOH KOMaH/BL, €ro IPaBylo
TpaHUIly HEOOXOIMMO ONpEAENsATb, HUCIONB3ysS BEKTOpPa MNPU3HAKOB,
oTHOcsMecss K k -My U (k+1) -my amiodonam. T.e., Hy)XHO co3laBaTh
9TAIOHBI IS TAP COCETHNUX aJIIO(OHOB.

Ilycts k-fi u (kK +1) -i amuIOGOHBI CIIOBa MPUHUMAIOT 3HAYCHUS g

u h w3 andaButra 4 , a 3TaNoH amiopoHa g , 32 KOTOPBIM CIEIyeT
amodon /i, Et; SIBIISIETCSL TIOCJIEAOBATEIbHOCTBIO BEKTOPOB (PSIOM) W3

Cyy DVICMCHTOB:
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h _
Etg—el,ez,...,ecgh,cr,...,ecgh. (13)

Ipuuém €,€),...,€ , o ONHCHIBACT ammopoH g U MeK(POHEMHBII

mepexoa Mexay amiohoHamMu g M A (9Ta YacTh YYHUTHIBAETCS MPH

NoJCYETE MEPBl PACXOXKICHHS), a € .,€, OTHOCHTCS K annodony 7.

c—c'+12°
IToHamoOATCS Tak)Ke ASTaJOHBI IMOCIIEIHUX a.HIIO(i)OHOB PEYCBBIX KOMAaHI.

O06o03HauUM 3TaNOH awiooHa g , SBJISIONMIETOCS IMOCICIHUM B PEYCBOM
KOMaHjIe, Eté . OH Taxxe npeacrasiieH psaom (13).

O6o3HaunM dYepe3 ¢ omepanuio KOHKaTeHAIMH (COSTMHEHUS)
(parMeHTOB  MOCJIEIOBATEIBHOCTEH W psAjoB. BBenéHHble  BhIIIe
0003HauUCHMSI, TO3BOJISIOT PACCMATPUBATh ATAJOHHBIA psifl E Kak 3TalioH,
CHUHTE3UPOBAaHHBIM IMyTEM KOHKaTEHAMH (ParMeHTOB JSTAJOHOB HeE

MOCIEeTHUX AII0(OHOB Et;”:” [1;cthK+1 —c'l, k =1,l-1 peueBoii KOMaHIbI

T = Lseislisennsty € J00aBIeHHEM dTAIOHA [TOCIEIHETO annoq)ona Et;1 :

nn

’ ’ ' A
E= Etttl2 [y, —¢10 Etg [;c,,, —c'10...0 Et! (e, —¢1O B, (14)

-1
HpI/IBe,HéM AJITOPUTM BBIYUCJICHUSA MCEpPbL pacxXoxXaACHUuA

dy(Et" ,R[b.;b;,,],u,) or odranona Etf;“ (13) mo cOOTBETCTBYIOIIETO

K2 7K+l

¢parmenta R[b ;b ], ¢ coxpaHeHueM rpaHuusl b,,, Hawama (x +1) -ro
ajutooHa M JUIMHBL ¥, 3TAJIOHA Ez‘;"+1 (Anroput™ 1), KOTOpBI ABISETCA
K

MIPOM3BOJIHBIM OT aJropuT™a, padoTsl [31]. B paMkax maHHOTO ayropurMa

JUTMHY C, 3TaJ0Ha Ett”“f1 0003HaYUM Yepes c.
K K

I +1
CunuraeM b, — NEBYIO TpaHHUILy Kk -TO auIopoHa B R , M3BECTHOM.
Jleyto rpanuuy b, ., cienyromero 3a HuM (k+1) -ro amiodona B R
MOJYyYHM B MpPOLECCE BBIYMCICHHUS HCKOMOM Mephl pacxokaeHus. Jlns
BhrurciieHust nonagoourcst DTW-marpuiia K pasmeproctu cxm .
3anonHsieM e€ ot aneMenTa ¢ uHAekcoM (1,1) , KOTOpBIA sBIsETCS

TIEPBBIM «PabOYMM DJIIEMEHTOMY. 3allOTHEHHE MPOUCXOIUT, TIOKa paboIuM
BJIEMCHTOM HE CTaHEeT JJIEMEHT k., CTPOKM ¢ HomepoMm C. Ilpu amammse

pabouero anemeHTa k

ppqp ACTIOJIB3YEM DIIEMEHTHI cTonbuoB g, u (g, +1).
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1. Huuynanuzayua // seraceants 2 crondua DTW-marpmmer K
L1 kyi=d(ey.ry ), kg =dleaty Y vk . s =2.¢
L2 kyy= dfey. 1y )+ kyy
13 ky =d(e,.r, ) +min(k ).k p),.k, ) s =2.c
14 f=1j=b.,p=Lg=0
2. [oxa (p<c)A(g <m) evtnoanams
2.1 ecau g =j+1 mo /iBerancants (g +1)-ii cronGen matprmer K
211 kg =denr,)+h,

212 kg =dle,r, ) +min(k, ),

Koy @y Fs o) s =2€
22 f=pi=gq

2.3 (p.q) = argmin(k,,, ), tme P, ={(p'.q")},
(P.g)=Eg

fEp' <f+lj<g<j+Lp' <nqg <mp'=fvqg =)
24 ectu (p=c)nlg=j)mo p=f+1 g=j+1
3. Ecau (p<¢c)A(g=m) // IOCTIITIN KOHIA HOCeN0BaTensHOCTH R
3.1 mo Pesyasmam:
b, =m — HoMep BekTOpa Hadama (k +1)-ro annodoHa
u, =(c—¢') — gnnna stanoHa amtodoHa £,
a (E!:,‘f‘l R[b: D111 ):=—1 («oTka3 oT pacmozHaBaHIAN)
3.2 yxaue // MOCTHIIIN KOHIIA 3Taj0HA E.“;:f‘l
321 f=pj=q
322 Hoxa (p>Valg=b)n(pzc—c') ewnoanamn

(p.q) = argmin(k,,) . Py ={(p'.q")},rme
(#.q)=Py
fA1p'sf.j-12¢'<j.p'21.¢'2b,.(p'=F-DVv(g'=j-1)
3.2.3 Pesyasmaimn:
b’ ., = g+1 —HoMmep BekTOpa Hauana (k +1)-ro amrodonra

x+ T

u, = (c—c') — wmma sTanoHa anodowa 7,

b
d, (E.*‘J,;f‘1 R[b.:b; ] u,) =k, — ncromas Mepa pacxomIeHIIs
Auroputym 1. Mepa pacxoxaerus d, (El‘l‘t”:Jrl ,R[b.;b. 1u,)
[TosTOMYy QJIrOpPUTM HAYHEM C BBIYHMCIICHHS MEPBBIX JBYX CTOJOIOB,

Jaree TIpu KakJI0M W3MEHEHHH HoMepa cToJ0ma pabodero seMenTa oyaeM
BBIYHCIIATH 3HAYCHHUE CIIEIYIOLIEro CTo0A.
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Ecim Ha HEKOTOpOM IIare WTEepaluu HHACKCH pabodero sieMeHTa
MIPUHSUIA 3Ha4eHue (p,m) U p <c, TO JIENaeM BBIBOJI O HECOOTBETCTBHU
psina R ¥ mocienoBaTenbHOCTH autOPOHOB T , IMOCKOJNBKY JOCTHIIA
rpaHunbl R , HO HE JOCTHUIJIH TPAHHIBI HE TOCIeAHero amuiodona. B atom
ClIydae TpPHUCBOMM HCKOMOH Mepe pacXoXIeHHs 3HaueHne —1 u OymeMm
TOBOPUTD, YTO MPOU3OLIEN «OTKA3 OT PACIIO3HABAHUSI.

Korpma mHzmekchl paboyero ajieMeHTa IIOCTUTAIOT 3HauYeHue (c,q) .,

TO PACCMOTPEH TMOCIEeIHUIA BEKTOp 3TanoHa mapbl amiodoHoB. BekTop

lc+1
oTanona [£f "1 ¢ MHIEKCOM C yKe NPUHAICKHUT alNIOPOHY 7, . 3HAUMT,
’
BEKTOD r, psila R mpuHaIeKHT amiobony .., T.e. by, <q.

Haiiném rpanumy b,

41 » U HEro BBIIOJHUM OOpAaTHBIA IPOXOJ

10 DTW-ManI/IIIe, MoKa TCKYIIUM 3JIEMCHTOM 06paTH01"0 nmpoxoJa HE

CTAHET OJBJICMCHT k(c—c')q DTO W eCThb HCKOMas MEpa pacCxXoxJACHUH,
1

a 3HaueHue (ql +1) sBisiercst — b, neBol rpanuueil (x +1) -ro amnodona
B R.

B skcnepuMeHTaNbHON YacTH NaHHOW paboThl [31] mis KOHCTAHTHI
¢’ WCTOIB30BaHO 3HAYCHHUE 2.

Anroput™ | MCTONB3YIOT AUl BBEIYMCIICHUS MEPBI PACcXOXACHHUS OT
HE TIOCTIeTHET0 autooHa pedeBoi KoMaH bl 10 pparmenTa R .

OnuineM Mepy pacxOXICHUs OT 3TaJOHA MOCIEeNHEero autodoHa 10
¢parmenta R . Jlns 3Toro 0003HaYUM May3y, CICAYIOIIYIO 33 IMOCICIHUM
auTo(hOHOM CIIOBA, CTIEIAAIBHBEIM CHMBOJIOM A W BBEAEM €ro B ai(aBuT

’ A .
autoonoB 4 . Obo3HauMM uepes d, (Et; ,R[b,;m],u;) Mepy pacxoxkacHHs
MEXIy STaJOHOM MOCJIeTHero amwiopoHa Etj clIoBa ¥ parMeHTOM
. 4 2 .
R[b;;m] . Berancnnm d, (Et;,R[b;;m],u;) Kak 3HA4CHUE DICMCHTA K(._.),,

DTW-marpunst K:”kl.j no pekyppeHTHeIM (dopmynam (3); u,

(c—c")xm
MPUCBOMM 3Ha4eHue (¢ —c').

Mepa pacxoxKaeHus MEXKILY pacno3HaBaemoii
N0CJIeI0BATEIBHOCTBI0O M MOCJIE0BATEIbHOCTBIO KJIACCOB 3BYKOB.
BbImomHMM MOCTaHOBKY 3324y MO(OHEMHOTO PAclo3HaBaHHA Kak 3a/1adu
KIaccuuKanuy psiga Ha MHOXKECTBE IMOCIIEAOBATEIHFHOCTEH auto(oHOB
1 000CHYEM BO3MOXKHOCTD €€ PEILICHHS.
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Kak oTmedeHo BwIme, I ONpEHCIICHUS TPAHUIBI MEXIY
COCETHUMH aJUTO(OHAMH HYXXHBI STAJOHBI JJIS TMap COCEOHHUX alI0()OHOB

Letl o .
Ett”:+ (13), rme ¢, Texymuii annodos, a ¢, — CISIYIOLHN aTI0(OoH.
o
ITycts o6pa3 mnapel annogpoHoB E / mnpejicTaBieH MHOXKECTBOM
1

s1anonoB Et. , sensrommxcs paaamu (13):
a4j _ aj aj _
E —{Etal },Etai —ee, e, (15)

OTMeTHM, YTO JUIMHA ¢ Y Pa3HBIX JTaJOHOB MOXKET OTIMYATHCS,
3HAYCHHE ¢’ SBISICTCS] KOHCTAHTOM.

Hazoém andaButoM 00pa3oB amiooHOB mMmapy YHOPSIOYEHHBIX
MHOECTB (A,E), COJIEpIKallyl0 MHOXKECTBO 0003Ha4YeHUH amopoHoB A

C TOMOIIBIO TPAHCKPHUIIIMOHHBIX CHMBOJIOB M MHOXKECTBO 00pa3oB map
amTopoHoB (Tekymui-crneayomuii anodon) E:

(A.E), 4={a},E={E]}. (16)

Chopmupyem  ciloBaph KIaccoB pedyeBhIX KoMmaHn W — Kak
COBOKYITHOCTh andasnTa 06pa3oB ammoporoB (A4,E) u crosaps cTpok

G={T, };zl — MHOECTBa (POHETUIECKUX TPAHCKPUITIIUN PEUEBBIX KOMaHI:
W =(A.E.G). (17)

IIpn xmaccupukammu psma R (1) HyKHO HaWTH HOMEp Y
TpaHcKpunuuu 7, , ONPEACISIOWEH MOCICAOBATENBHOCTE 00pa3soB map
amto(oHOB, ISl KOTOPOH Mepa PacXOkKACHUS ¢ R MUHHMAJIbHA:

res =argmin F(T,,R): F(T,,R) # -1,

y=l,z

(18)

rae F(T,,R) — GyHKUMOHAN JUIsl BHIYMCIICHUS MEPbl PACXOXKICHMUS MEKILY

MOCJIEZIOBATEILHOCTEIO  00pa3oB  map  almoOHOB,  MONYYSHHBIX
110 OHETHIECKONH TPAHCKPHIUHUKH 7, ¥ pacro3HaBacMbIM psigoM R .
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®yukuuonan F(7,,R) NO3BOISCT BHIIOJIHUTH OTKA3 OT PACIO3HABAHMS — B

cioydae, KOrJia He yIaloch HalTh (parMeHThl Il BceX o0pazoB map
a;ioQOHOB W3 TPaHCKPUILMK 7, B paclo3HaBaeMOM psay R , OH
BO3BpAIlacT 3HAYCHHUE «—1».

Jns  paspaborkn ¢ynkumonana F(7,R) mnorpebyercsi BBeCTH

(YHKIMOHANBI [l BBIYUCIICHHS MEPBI PACXOXKICHHS MKy 00pa3oM mapsl
aTo()OHOB M COOTBETCTBYIOIINM (parMeHTOM psfga R .

Mepy pacxoxIeHust (D(E::”,R[b;(; '.1)u.) or obpasa mapsl

K+1

t,
10 OHOB E’““ Jo cooTBercTBytomero ¢parmenra R[b.;b.,;] , ¢

COXpaHeHHeM TpaHMubl b.,, Hauana (k+1) -ro auiopoHa M JIMHBI U,

TOro H»TajioHa nEt , IS KOTOPOrO MHUHHMAJIbHO OTHOILLEHUE MEPhI
pacxoxaeHus K anuHe nuaroHanu DTW-maTpuilbl 1 He TPOU30IUIO 0TKa3a
OT pPacro3HaBaHUS, BEIYHACISIEM CIEAYIOIIAM 00pa3oM.

S

W3 aranonoB Et € Ei"* I copMupyeM MHOKECTBO E;"” 9TaJ0HOB,
K K

IUI1 KOTOpBIX mpu Bbrumcienuu d,(Et,R[b.;b., ],u,) HE NIPOUCXOIUT
OTKa3 OT pacliO3HABAHHUS:

Bt = (Ety: (Et € B ) A(dy (B, RIB bl L) # 1) (19)

W3 »TOorO0 MHOMXECTBA BBI6epeM aTalloH nkt , C MHHHMAaJIbHBIM
OTHOHICHUEM MCEPLI PACXOKACHUA K JJIMHE JUaroHalinu DTW-ManPIIILII

nEt = arg min d,(Et, Rib 3By b )
st (V@) + 0y =0

(20)

—

Ecin MuOkecTBO E**! = (| IPOMCXOUT OTKA3 OT PACTIO3HABAHHSL.
K

—

"B I+l
OB RIB:bL L) = D OF RO b BT 22

-1 , UHaue
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—

1,
rae E*1 — MHOXecTBO 3TanoHoB nap amnohpoHos (19), w1 KOTOphIX NpH
K

[N
Beluucnenun  d,(Et,R[b.;b,,,],u,) HE  INPOMCXOAUT  OTKa3  OT

o

pacro3HaBaHud; nEkt — 2TajoH M3 MHOXECTBa Eiz'ﬂ , HJId KOTOpPOTIo

MHHUMAaJIbHO OTHOILIEHHE MEPhl pacXoXKIeHus K anuHe auaroHanu DTW-
matpuisl (20).

IIpu BBIUMCICHMM MEPBl PACXOXKACHUS (D(E R[b;;m],u,) or

t] 2
oOpa3a mapbl MOCIETHEr0 aUIOOHA M 3aBEpUIAMONICH May3bI Efl bi(s)
CoOTBeTCTBYyIOIIero (parmeHta R[b/;m] oTkaza OT pacHo3HaBaHHS He

MIPOUCXOOUT. Brruucienne MCpPBI PACXOKACHUA C COXpAaHCHUCM JJIMHBI U

TOTO ATAJIOHA, JIIST KOTOPOTO MUHUMAaJIbHA Mepa PacXOXKICHUS NeIEHHAS HA
mHy nuaroHand DTW-MaTpuiisl, MpouCXoauT CIeTyIOIIM 00pa3oM:

@ (E [bzl;m],uz) = dl'(Etf,R[b;;m],ul),

1
d'(Et} RIb;mlu) | (22)

Et —argmm

B J@,) +(m—b.)

Oyukuonan F(7,R) Ui BEIYACICHUS MEPHI PACXOXKICHHUSI MEKILY

MOCIIEIOBATEILHOCTEI0  00pa3oB  map  aio()OHOB,  MOJYYCHHBIX
o (POHETUYECKOW TpaHCKpumimu 7 ¥ pSaoM R , TO3BOJISAIONIMN
BBITIOJIHUTH OTKAa3 OT paclo3HaBaHUS:

-1, Jx=11-1:D(E] t’M RIbg3 by L, ) =
F(T R)— Zq)(EU(H R[ r(; K+1] u )+(I)(Etl’ [ m],u,) ’
=l ,unaue  (23)
H

!
by =LH=\U>+m* U= u,.
K=l

Enaroz[apﬂ BO3MOXXHOCTH BBIIIOJJHUTH OTKa3 OT pacCllO3HABAHUA B

Cllydae HEBO3MOXHOCTH HaifTH rpannusl Beex oOpasos E**! map
K

ajutooHOB M3 TpaHckpunuuu I’ =¢,..,t 4 B R, npeanoxenHas mepa

PR
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pacxoxnenuss F(T,R) yunTeiBaeT (HOHETHUECKHH COCTaB peUYeBOU
KOMaH[Ibl (TPAHCKPHIIUIO | ) U TeM CaMbIM peIIacT mpoOjeMy HpoIycKa
anroputMoM DTW oTIHYarOIuXcs 3IEMEHTOB U Y4ETa CXOTHBIX.

9. Pa3zpaGoTrka MeToAa KJaccM(PUKAIUM PAJA HA MHONKeCTBe
NocJje0BaTeJbLHOCTeI 3JIeMeHTOB CJI0KHBIX 00beKTOB
¢ IpMMEHEeHHEeM YCOBepPIIEHCTBOBAHHOIO trie-iepeBa Ha mpuUMepe
No()oHEeMHOr0 PACNO3HABAHUSI C HePAPXHYECKUM MpeIcTaBJIeHHEM
cJIOBapsi KJIAacCOB pedeBbIX KoMaHA. [IpuBeneHHBIH BBIIIE METON
mMO(GOHEMHOTO paclo3HaBaHUS IPUMEHUM TOJBKO IS PAcIO3HABAaHUS
PEYCBLIX KOMaHIA U3 He60HbLlIOFO CJIOBaps, TaK KaK BbIYHUCJIICHUC
¢ynkumonana  F(T,R)  BHIIONHSETCS  OTHENBHO AN KaXIOH
TPAHCKPHIIIUN PEUEBOI KOMAaHIHI.

[IpeoGpa3yem cnoBapp KiaccoB peueBbIXx komaHx W (17),
3aMEHMB B HEM  TPEACTaBICHHE  MHOXECTBA  (OHETHYECKHUX
TPaHCKPHIILKIi pedeBblx KOMaHA G = {7, } Ha yCOBEPLICHCTBOBAHHOE trie-

nepeso (10):
W =(4,E,0,Ch,X). (24)

Pa3pa60TaeM METO HO(l)OHeMHOFO pacrio3HaBaHus, UCIOJb3Yys 3TO
HUCPAPXUYCCKOC TPEACTABIICHHUE CJIOBApsA KJIACCOB PEYCBLIX KOMAHI.
IlocTaBMM B COOTBETCTBHE BCPIIUHC Oj Ha60p 3HAYCHMIA:

1) b, —nesasi rpannna B R aniopona, KOTOPOMY COOTBETCTBYET
BEPIUIMHA O ;
2)  dist; — uncno, 00O3HAYAIOLIEE HAMJCHHYKO HHTCIPAIBHYIO

Mepy PacxXoXACHUSL MEXTY (parmeHTOM pacro3HaBaeMoit
nocesioBaTenbHOCTeH R[1;0,] 1 HAavanbHON YaCThIO MHOXECTBA PEYCBBIX
KOMaHJl, TPAHCKPHIIIUSA KOTOPBIX XPAHWTCS B BETBH OT KOpHS JepeBa
CTPYKTYPBI 10 BEPIIMHBI O

3) len; — cymmapHas JIMHA OTaJOHOB LCHOYKH AIO(OHOB

(B BE€TBU OT KOpHA JA€pe€Ba A0 BCPIIMHBL Oj ), HCIOJIb30BAHHBIX TIIpU

pacrio3HaBaHUH (PparMeHTa psiia R , COOTBETCTBYIOIIETO 3TOH LETOUKE.
TW(k;) — bynxuus nomydyeHus HOMEpa Cleylolell BEpIIMHBI IPU

obxome BepumMH nepeBa B Tiyouny; ITW1(k;) — (yHKUUA HOIydYeHHs

HOMepa CIEyIOIel BepIIMHBI IPH 00X0/1€ BEPIINH AEpPEBa BBEPX 10 BETBU
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ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBII MHTEJUJIEKT, MHXKEHEPUS JIAHHBIX U 3HAHUI

J0 nepBoro npasoro noromka. dyukuun TW(k;) u TW1(k;) Bo3Bpamaior
HOMepa BepuuH win 0.

V:{v_/.}j.=l — MAacCHB WHTETPaJbHBIX MEP PACXOKIACHHUS MEXKITY
pacno3HaBaeMbIM PAIOM R W TpaHCKPHIIUEH CIIOBapsi PEUYeBbIX KOMaH[ C
UCHTH(UKATOPOM .

O6o3HaunM [ MHOXECTBO HOMEPOB BEpIIMH, B KOTOPBIX
OKaHYUBAIOTCS TPAHCKPHITIIUK PACIIO3HAHHBIX KOMaH]I.

Hcnonp3yeM Takke MpoOMeKyTOUHBIE IepeMeHHble tmp d, u, Id .

I[Modbonemuoe pacmosznaBanue R (1) BwImomHsAeM myTéM o00Xoza
BepwnH (O,Ch, X') ycOBEpLICHCTBOBAHHOTO trie-nepeBa (AIroput™ 2).

ITycte N =/ 0| — KOonW4ecTBO BEpIIMH, a z =| X | — KOJIUYECTBO
nociieioBateIbHOCTe B gepeBe. llepemeHHOW k& 0003HauuM HOMep
BepIIMHEI, OOpabaTeiBaeMON Ha TeKymeM Imare o0xoia JepeBa;
BEepIIMHB HyMmepyeM ¢ 1 ( 0, — KopHeBas BeplluHa); 3HaueHue 0

o0o3HayaeTr OTCYTCTBME€ MCKOMOH BepminHel B JepeBe. Ilpu
WHUIWATN3ANMN: Ha3HadyaeM TeKymell BepIIMHOW KOpeHb JAepeBa

(k=1); rpanunesi Hadaga mepBoro  amIopoHa A BCEX
nocienoBaTeNnbHOCTEH B aepeBe — 1-if BekTop psaga (b, =1); ounmaem

MHOXeCTBO Y ; 00HynsieM b, , dist;, len;, CBI3aHHBIC C BEPLIMHAMU O ;

o0HYyIsIEM v, CBsI3aHHBIE c HICHTH(PHUKATOPAMHU Jj

MOCJIEIOBATeILHOCTEH, XpaHUMBIX B JepeBe. BrimomHseM 00xon
BEpIINH JIepeBa, 0, — TEeKyllas BEpIINHA.

Bo3moxHa cuTyanusi, KOIr/a BBIYMCICHHAS [UISI BEPLIMHBI
0, TrpaHMIa Hayana amioQoHa Oosblle WIM paBHA JUIMHE psja
R (b, 2m), unu 11 BepIIUHBL 0, IPOU30LIET OTKA3 OT PaclO3HaBaHUS
(dist, <0).

B sTOM cnydae mocieoBaTeNbHOCTH 00pa3oB aio(hOHOB, HAYATIO
KOTOPBIX COOTBETCTBYET (h)parMeHTy BETBU OT KOPHs J0 BEPUIMHEI 0, , HE

MOryT OBITH pe3yapTaTOM paclio3HaBaHUS psga R — mepexoanm
K CJIEJYIOUICH BEepIIMHE MPH 00X0Je BBEPX IO BETBH JIO MEPBOTO IPABOTO
[IOTOMKaA.

Ecou B BCPUIMHC OKAHYMUBACTCA MOCJICA0BATCILHOCTD (Oé{ * O), TO

BBIYKCIISIEM MEPY PAaCXOXKICHUS (I)’(E;1 ,R[b,;m],u) ot obOpa3a Eg
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nociegHero auooHa g, KOTOpOMY COOTBETCTBYET BepiuiuHa o, (. 2.2

Anroputma 2), 10 ocTaBLIerocst pparmenta pana R[b,;m].

Ecmm Her oTkaza ot pacmosnaBanms (m. 2.3.2 Anroputma 2), TO
BHECTH Ppe3yJbTaThl COIOCTaBieHHs ¢ R MOCJIeI0BaTEIbHOCTH 00pa3oB

amTo()OHOB C HACHTU(HUKATOPOM o§ B MaccuB V' u MHOXecTBO Y .

L. Hruyuaansayis

LINHO =X k=Lb, =LY =T;
12/ j=1,N eoHOIHAMG b, i=0:dist, :=0;len, =0

13[dna j=1.z ewinomname v; :=-1;

2. Hoxa (k= 0) esmonHams

HiL

2.1 Ecau (by=m) v (dist, <0) mo Ilepeifmu na waz 2.7;
22 g=of;
23 Ecmu of 20 mo
23.1 tmp_d :@’(Eg:,R[bk;m],u):
23.2 Ecan (tmp _d>-1)

mo Id=o5Y =Y Uldv, = disty +tmp _d

24 [na nech . ewinoanamo
0
3

Hil
24.1 hi=o/;
242 mp_d = tD(Ei,’ R[b.: b, 1.u);
243 Ecuu (tmp_d>=-1) tmp_d=-1;
mo dist, = dist, +tmp _d; len, = len, +u;

2.44 ungye b, =m; dist, =L

K
25 k=TwW(k):

2.6 Ecau (k=0)
mo  mepeiiTH Ha mar 2.7;
uxa4e MepeHTH Ha mrar 2.8;
27 k=TWIUk)
2.8 ;

3.Pesynomam: j=argmin(v,):v, #—1

el

JUeny +u)t +m?

Anroputy 2. [TopoHeMHOE pacrio3HaBaHHUE ¢ HEPAPXUIECKHUM MIPEACTABICHHEM

CJIOBapst KJIaCCOB PEYCBLIX KOMaHA U HOpMHpOBKOﬁ 10 JJIMHE 3TaJIOHa
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Jlns Bcex BEPUIMH 0, , SBISIONMXCSA NOTOMKAMM BEPLIMHBI O, ,
BBIYHCITH Mepy pacxoxaenus O(E!, R[b,;b,],u) no obpasa E! tae g u h
COOTBETCTBYIOT BeplIMHaM 0, H 0, . DHKCHpyeM pe3ysibTaThl B Macchsax B,

Dist , Len ¢ y4eToM TOTO, IMEJI JIM MECTO OTKa3 OT PACIO3HABAHUSI.

IlepexonuM Kk cienyrouieil BepluuHe IepeBa.

[IpennoxkeHHBI  METOA  TIO3BOJISIET  aHAIM3UPOBATH  OOIIHE
HadJaJIbHbIE YacTH TIOCJIEIOBATEILHOCTEH 00pa3oB (KI1accoB OOBEKTORB)
eIMHOXABI, 3a CcYET dYero obOecmeumBaeT YCKOPEHHE KIIaCcCH(HUKAINU
MIOCTIEIOBATENEHOCTH BEKTOPOB MPHU3HAKOB Ha MHOXECTBE
MOCIIeI0BaTeNIbHOCTEH 00pa3oB.

YucneHHble UCCIEI0BaHUs pa3pabOTaHHOIO METO/A MPOBEJICHBI HA
TpEX CIOBapsAX PeueBBIX KOMaH, KoTopble 0003HauuM «Cly», «C2», «C3».
Hepeqeﬂb PEUYECBBIX KOMAaH/, UCITIOJIb30BAHHBIX IJIs1 CO3AaHUA 3TAJIOHOB Iap
autooHoB, o603HaueH «P». B kadecTBe peyeBbIX KOMaH/ UCIIOJIb30BaHBI
ClIOBAa PYCCKOTO s3bIKa, IPUYEM BBIOpaH HAOOp CIIOB, SBIISIOLIHIACS
CIOXHBIM s Kknaccuukanuu aixroputMomM DTW (cnoBa donetmaeckn
ONMU3KM; HEKOTOPHIC CJIOBa SABIAIOTCS (ParMEHTOM JPYTHX; CJIOBa
CYIIECTBEHHO OTINYAOTC 1O uinHe). [lepednn coB yka3aHHBIX cioBapei
U CIIOB, HWCIOJH30BAHHBIX TP OOYYCHHWH D3TAJOHOB TMap auto(oHOB,
npuBeeH B Tabimme 1. CuMBoa «\» 0003HaYaeT yaapeHue.

Pe3ynbTaThl YHCICHHBIX UCCIIEAOBAaHUN MTPUBEICHBI B TAOMUIax 2-3.
PacriozHaBaHuio TOzBeprajuch Bce cioBa cioBaps. OOydaromas u
TECTOBAsl BHIOOPKA HE MEPECEeKaIHCh.

Bce cnoBa mpousHeceHbl  OJAHUM ~ JUKTOPOM Ha  OJHOM
3BYKO3aIlIMChIBAOIIEM 060pyI[OBaHI/II/I 1 B CXOXKHUX aKyCTHUYECKUX YCJIOBUAX.
Jns pacrio3HaBaHus Ha ocHOBe anroputMa DTW kaknas peueBasi KoMaHaa
H“MeJa OAVH 3TaJIOH, IOCTPOEHHBIN N0 OJAHOM ayJuO3aliCy NPOU3HECEHHUS
pedeBoit KoMmaHABL J{Is MOQOHEMHOTO pACIO3HABAHHS HCIOIB30BAHBI
STAJIOHBI Map ALIO(QOHOB, KOTOPBIC MOCTPOCHEI MO BPYYHYIO pa3MEYCHHBIM
ayIU03aIucsM cJI0B U3 Habopa «®y», KOTOpEIi puBecH B Tabwmie 1.

B Tabnwie 2 mpuBeIeHO KOJIMYECTBO BEPHO PACIIO3HAHHBIX CIIOB IS
cnoBapeit Cl, C2, C3 mnpu HUCHONB30BAaHUM OINPENECIEHHOIO METoJa
knaccupukanuu. Ha pucyHke 1 mMoka3aHO OTHOIIEHHE dHCIa BEPHO
pacro3HaHHBIX KOMaH] K YHCITy PEIbIBICHHBIX IS paCIIO3HABAHMS.

W3 Tabmuiel 2 BHIHO, YTO W y pPaHee NPEIJIOKEHHOTO METOoJa
nmodoHeMHOTO pacro3HaBanuss [31] w 'y pa3paboTaHHOTO METOaa
Mo(OHEMHOTO paCIO3HaBaHMS C MPUMEHEHHEM YCOBEPIICHCTBOBAHHOTO
trie-mepeBa COBMATaeT KOJMYECTBO BEPHO PACIO3HAHHBIX KOMAaHA. JTO
OOBSICHSETCSI T€M, YTO 00a METOJa BBIUUCIIOT MEpPY PACXOXKACHHUSA IO
OJIHOMY U TOMY k¢ (QYHKIIHOHAITY.
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Ta6muna 1. Conepxumoe croBapeit C1, C2, C3 u nepeucHb ciioB «Dy

CroBo Cc3|Cc2|Cl|® CroBo c3jc2|cl|o CrnoBo c3jc2|Cl| D
i + | M\eHa + pot\ecT +
\yHT + |+ |+ |+ |wmlecro + [+ |+ |+ [pporomate |+ |+ [+ [+
ann\ens + |+ M\eTKa + |+ c\enp +

6\osb + [+ |+ |+ [m\erox + |+ c\eHO +

Oarart\esb + + MeT\enuIa + + |+ |+ |c\er +

Gair\er + Mer\eltb + |+ c\eTka +

Gair\eTKI + + | met\ua + c\eroBath +
Gamab\omute |+ [+ MHHOB\aTh + [+ [+ |+ [cBopoB\are |+ |+ [+ [+
6asioB\aTh + HabaJoB\aTh + |+ |+ [+ |cemen +
Bam\eT + |+ HABOPOB\aTh + cuHar\ora +
BOPOB\aTh + + HAIKOB\aTh + coB\aThb +
r\oroJib + |+ |+ |+ |wsagenm\are + |+ [+ [+ [commmo +
T\orot + HaJI\UB + coc\en +
r\osb + |+ HaJINB\aTh + coc\eaika + |+ |+ |+
r\omnarh + HAJINHOB\aTh + |+ |+ [+ |cr\oms +
ran\eTa + HaJIoM\aTh + + |+ [craB\atp +
ran\eTka + Hac\eJiKa + |+ |+ [+ |croroBlate [+ |+ |+ |+
rorot\yH + |+ Hac\ecT + |+ [+ |+ |7enr + |+
n\uB + + HaceB\aTb + + |+ |+ |T\ecT + |+
JbI\aTh + |+ |+ Har\onath + |+ [+ [+ [r\ecro + |+
3aboneB\arp |+ + o \bIIIKa + + + [T\ud +
3a0asoB\aTh + | omHoM\eTKa + |+ [+ [+ [r\ora +
3aBOJ\WJIa + [+ [+ |+ |onuda + |+ [+ [+ [r\oms + |+
3a/bII\aTh + + |+ |+ |orems + + T\omars + |+
3a1HB\aTh + |+ OTKOB\aTh + |+ T\OILIHBO +
3aceB\aTh + |+ man\eTka + |+ T\OIOJb + |+
3ar\omate + |+ |+ napani\enb + [+ [+ [+ |1omor + |+
Ka\WJIO + apoB\ath + |+ T\yH + |+
KaneB\aTb + + mar\eHT + + yr\ogHO +
Kapas\ait + aToB\ath + |+ yiaom\aTh +
Kapot\enb + |+ |+ |+ |mnen + |+ d\u + |+
KHB\aTh + |+ |+ |+ |mn\en + |+ |+ |+ |dwma + |+
KHJIeB\aTh + [+ |+ |+ |mim + |+ b\uda + [+ [+ |+
Kuc\enb + |+ ieB\aTh + (dac\er + |+
Kuc\er + |+ |+ |+ | mimHTOB\aTH + |+ dac\eTka + |+
KOB\aTh + o6asnoB\aTh + |+ xam\ug + [+ [+ |+
KOJI\eHO + |+ |+ |+ | moBopoB\ath + |+ XOXOT\yH + |+ |+ |+
KoJ\eT + [+ |+ |+ |nmomwm + |+ 1eN0B\aTh + [+ [+ |+
KONT\yH + + [+ |+ |mnoxmkos\aTth +
m\ai + + [+ |+ |nooxmpmm\aTts +
n\eH + |+ 110J1\CHO +
n\eHTa + |+ [+ |+ |nom\us +
n1\eTo + |+ 0JIMB\aTh +
1\eToM + |+ |+ |+ | momuHoB\aTh +
m\u + | monom\ath +
n\ud + oc\eToBaTh +
JIMHOB\aTh + |+ noT\onaTth +
JI01\BIKKA + + |+ |+ | mpoasim\ate + + |+ |+
J0M\aTh + |+ |+ |+ | nponus +
M\ai + |+ |+ |+ |‘opomus\ars +
M\aTh + |+ HpOJIMHOB\aTh [+
M\eseBO + [+ |+ |+ | nposom\ats +
M\eb + |+ mpoces\ath +
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Ta6mdua 2. KonnuectBo BEPHO paCllO3HAHHBIX PCUCBLIX KOMaH/]

Crosapb O06o3HaueHue Cl1 C2 C3
KonmuectBo koMaH[ B ciioBape 45 91 138
[ModoneMHOE pacmo3HaBaHHE 44 82 121
IMoponemHoe pacro3HaBaHuE C
IIPMMEHEHUEM YCOBEPILEHCTBOBAHHOIO 44 82 121
Meron trie-nepena
DTW co B3BemIMBaHUEM IO JUIMHE 3 53 76
JIMaroOHaJIM MaTPUIIbl BEIPABHUBAHUS
DTW 6e3 B3BennBaHust 32 51 74

B npoBeeHHOM JKCIEPUMEHTE Yy METOJ0B  MO(POHEMHOTro
pacno3HaBaHUsl OTHOILICHHE YMCIA BEPHO PACIIO3HAHHBIX KOMAHJ K YHCITY
MPEABSIBICHHBIX JUIsl pAacliO3HaBaHHs OoJiee, 4eM Ha Y4 MPEB30II0 TOT JKe
nokaszarenb Meroga DTW. Dto oOBsicHsIeTCS TeM, YTO BHIOpaH CIOBapb,
neMoHcTpupytommii Hegocratku DTW (Gomee monpoOHO 3TOT BOmpoc
paccMoTpeH B pabote [32]). CiioBapu ¢ TAKUMHU XapaKTEPUCTUKAMHU MOIKHO
UCIIONIb30BaTh JJIs aHain3a paboThl METO/IOB DPAcIO3HABAHHS B XYAIIEM
CjIydac, HO HCJIb3d HMCIOJIB30BaTb B pPCaJIbHBIX 3aJladyax pacrio3HaBaHU
PCUCBBIX KOMaHA, TaK KaK PCEUYCBLIC KOMAHAbI IOJIKHBI OBITH XOopo1ao
pa3IuYUMBI.

BepHo pacnosnano, %
100.0

95.0 =—— [lodoreMHOE
90.0 pacIo3HaBaHIe

85.0

DTW co

80.0 B3BENMBAHNEM 110
75.0 JTITHE THaroHaim

« MATPHITB
70.0 S BBIPABHHBAHHS
65.0 R

\\,

0.0 AN ‘ =+4= DTW 6e3
55.0 PoeallTo = B3BCILNBAHILT
50.0

45 91 138

Puc. 1. OTHOmIEHNE UnCTa BEPHO PACIIO3HAHHBIX KOMAaH[ K YUCITY NPEAbIBICHHBIX
JUI pacriO3HaBaHUSA

PaspaboTanubIit METOJ o OHEMHOTO pacro3HaBaHUS
C IPUMCHEHUEM  yCOBCPIICHCTBOBAHHOIO  trie-JAepeBa  OTIMYACTCS
OT MPEIOKEHHOTO paHee MeTon TodoHeMHOro pacmo3HaBanus [31]
MOPSIIKOM, B KOTOPOM BBIYHCIISIOT Mepbl PacXoXKICHUsI

tre+l ’ ’
O(E ,R[b,, by, ]u,) or obpasos map amiopono E mHOxecTsa
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pedeBbIX KOMaHJ 10 COOTBETCTBYIOWIMX (parmentoB R[b.,b., ] . Panee

Hpe[lﬂO)KeHHLIﬁ METOA COIIOCTaBJIAl C R KaXAYH0 PpEUYCBYIO KOMAHAY
OTACJIBHO. Pa3pa60TaHHLII71 METO 06IIII/Ie Ha4aJbHbIC YaCTU PEUYCBbLIX
KOMaH[ C COOTBETCTBYIOIINMHA Cl)paFMCHTaMI/I R COIIOCTABJIACT
OOHOKPATHO, YTO CHUXKACT BBIYUCIIUTEIIBHYIO CJIOKHOCTE ME€TOAA.

B Ta6J'H/IIIe 3 moka3aHbI cpeaHee BpEMs pacClo3HaBaHUA PCUCBBIX
KOMaHI B 3aBUCUMOCTH pasMepa CJI0Bapsa U HpI/IMeHéHHOFO Mmeroaa.

Tab6smua 3. CpenHee BpeMsi pacio3HaBaHuUs PEYEBbIX KOMaH, MC

Crosaps O06o3HaueHue Cl1 C2 C3
KosnuecTBo KOMaH[ B clloBape 45 91 138
IMogponemHoe pacrio3HaBaHue 60 89 129
IModonemHoe pacrio3HaBaHHUE C
MIPUMEHEHHEM YCOBEPIICHCTBOBAHHOTO 47 68 97
Meron trie-nepena
DTW co B3BemIMBaHUEM IO JUIMHE 47 86 134
JIarOHAJIM MaTPHUIIbI BEIPABHUBAHHUS
DTW G6e3 B3BemInBaHus 47 86 137

Ha pucynke 2 oTpakeHO OTHOIIEHHE BPEMEHH pPAacllO3HABAHUS
Pa3NUYHBIMA METOJaMH KO BpPEMEHH paclo3HaBaHHUS pPa3pabOTaHHBIM
METOJIOM.

OTHOINIEHHEe BpPEMEHH pACHOIHABAHHA
CYIIECTBYIOITHMH METONAMH KO BpEMEHH
PACHO3HABAHHA NPENI0REHHBIM
145

140 A =—e=—TIloponemHOE
135 2 PACTIOIHABAHHEE

7,

]
13—

o ©o=DTW co
135 Vi BIBEIIHEAHHEM
120 / 0 ATHEES
/ JHATOHATH
115 / MaTPHIEL
1.10 / EEIPEEHHEAHHA
/

1.05 /
1.00 d —+= DTW 6e3
0.95 B3IBCIIHBAHHT

45 91 138
Puc. 2. OTHOIIEHNE BpeMEHH PACTIO3HABAHUS PA3INYHBIMU METOJAMU KO BPEMEHHU
pacro3HaBaHus pa3pabOTaHHBIM METOI0M

Jna cnoeapst Cl oTHOLIEHME BpEMEHM PACHO3HABaHUS METOAOM
DTW ko BpeMeHH pacro3HaBaHHs pa3padOTaHHBIM METOJIOM paBHO 1. 310
MOXXHO OOBSICHUTH TEM, YTO KOJMYECTBO PEYEBOr0 MaTepualla B dTaJoHax
Metoga DTW HecKonbkO MeHBIE, YeM B JTajJOHAaX Map auIo(OHOB,
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HCTIONB3YeMBIX B MO(OHEMHOM pAacliO3HABaHWH. YBEIWYECHHE pa3Mmepa
cioBaps BIECYET YBENMUEHUE KOJIMYECTBA PEUCBOTO MaTepHaia B ATaJOHAX
Merona DTW, 4ro BBI3BIBAET OOJNBIIUN POCT BRIYHCIUTEILHON CIIOKHOCTH
Merona DTW, yem pa3paboTaHHOTO METO/.

9. 3akmiouenue. [locienoBaTEIFHOCTH MOTYT OBITH IPUMEHEHBI BO
MHoruX oOmactsax. IIpocnexxnBaeTcst TeHACHIUS K 000OIMIEHUIO 3amad U3
Ppas3INYHbBIX MIPEAMETHBIX obnacreit Kak 3ana4 aHajM3a
MOCIIEI0BATENILHOCTEH.

BriepBeie cdopmysmpoBaHbl JBe IMPOOJIEMBI CHIHLHOBETBSIIMXCS
JIEPEBbEB, KOTOPBIC PEIIacT YCOBEPIICHCTBOBAHHOE trie-aepeBo: mpodiaema
pa3mepa BEepIIMHbI, KOTOPas COCTOUT B TOM, YTO BEpIINHBI OJHOTO JiepeBa
UMEIOT pasHblii pa3Mep U3-3a pPAa3HOr0 YHCJIA BEPIIMH-TIOTOMKOB;
WCTIONB30BaHUE I CCBUIKM Ha BEpIIMHBI ammapara yKa3aTeJew.
[IpakTHdeckas  3HAYAMOCTb  pEImICHHS ATHX  Hpo0diIeM  COCTOUT
B cienytomeM. DUKCHpOBaHHBIM pa3Mep BEpUIMHBI W HCIIOIB30BAHHE
UACHTU(PHUKATOPOB BEpIIMH BMECTO ammapaTa yKas3aTeled I03BOJISCT:
XpaHUTh W 00pabaTeiBaTh BEPIIMHBI [epeBa B CTPYKTypaxX IOaHHBIX
C IPOM3BOJIBHEIM JIOCTYTIOM (Hampumep, (aitnax); oOpabaTeIBaTh JEpEBbS,
YaCTUYHO 3arpy>KCHHblE B OIEPATUBHYI IaMATb. B mpoBeneHHOM
9KCIepUMeHTe (UKCHPOBAHHBIM pa3Mep BEpUIMHBI M  HCIOJIb30BaHHE
nIeHTU(HUKATOPOB BEPIIMH BMECTO ammapara ykaszaTejeld YBEJIHYHIO Ha
40% CcKOpOCTH IMOJHOM 3arpy3kd u3 (aiiia yCOBEpIICHCTBOBAHHOIO trie-
nepeBa. BpinonHeHo (opMalibHOE OMHCAaHHE YCOBEPIICHCTBOBAHHOTO trie-
JlepeBa ¢ y4eTOM pPEIICHHs MpoOJIeM CHIHHOBETBSIIUXCS AepeBbeB. JaHO
MOSICHCHHUE paHee MOJYYCHHBIM pe3yjibTaTaM O CYIIECTBEHHOM HPUPOCTE
CKOPOCTH omepanuii J00aBiIeHHs M YNAJICHHs IOCIIeI0BaTeIbHOCTEH
B YCOBEpIIEHCTBOBAHHOM  trie-IepeBe OTHOCHUTEIBHO  HCIOJIB30BAHUS
MACCHBa C HHICKCHOM TaOIHUIICH.

Pazpaboran Meroxm kiaccudukamum psna  Ha  MHOMKECTBE
MOCTIEIOBATENEHOCTEH DIIEMEHTOB CJIOXKHBIX OOBEKTOB C IPUMEHEHHEM
YCOBEpIICHCTBOBAHHOTO  trie-AepeBa Ha  mpuMepe  HO()OHEMHOTO
pacro3HaBaHHA C HWEPAPXUUECKAM TIPEICTABICHHEM CIIOBAaps KJIACCOB
pedeBbIx KoMaHA. [IpogeMOHCTpHPOBAHO, YTO YCOBEPIIEHCTBOBAHHOE trie-
JIepeBo ABTISICTCS crocobom MIPeCTaBICHUS MHOJKECTB
MOCTIeIOBATENbHOCTEH, KOTOPHIA MOXHO 3((PEeKTHBHO TNPHUMEHATH B
3a7a4ax KiacCU(pHKalK¥ Ha MHOXKECTBE I10CIIE/I0BATEIbHOCTEH AJIEMEHTOB
CIIOKHBIX ~ OOBEKTOB  TIPM  HCIIOJB30BAaHMM  QIJMTHBHOW  WIIK
MYJIbTUILIMKATHBHOM Mep 1MoJI00ust / pa3iuyust.

YucneHHble MCCIe0BaHUsI MOATBEPIMIM, YTO METOJ TTOOHEMHOTO
pacrio3HaBaHUS PEYEBBIX KOMaHJ KaK 3aJauyd KiacCUpHKaluu psjga Ha
MHOXKECTBE TOCJIEIOBATEIILHOCTEH JIEMEHTOB CJIOXKHBIX OOBEKTOB pelaeTr
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npobiieMy Tnpomycka anroputMoM DTW  OTIMYaOmMUXCS 3JIEMEHTOB
1 y4€Ta CXOJHBIX.

IToxazano, 4To pa3pabOTaHHBI MeETOJ KIacCUpUKAIMKA psjaa Ha
MHOXKECTBE  IIOCIIEIOBATEIHHOCTEH  DIIEMEHTOB  CIIOKHBIX ~ OOBEKTOB
C IPUMECHEHHEM YCOBEPIIEHCTBOBAHHOTO trie-fiepeBa pemraer mpodiemy
BBIYMCIIUTENBHON cliokHOCTH anroputMa DTW 3a c4é€r oaHOKpaTHOro
COIOCTAaBICHUS  OOIIMX HAa4YaJbHBIX 4YacTed  IOCIIeOBaTeNIbHOCTEH
C COOTBETCTBYIOLIIMHU UM (pparMeHTaMu psijia.

[MoonemHoe pacno3HaBaHUE C HEPAPXUUYECKUM IPEJCTABICHUEM
CIIOBapsl KJIACCOB pEUEBBIX KOMAaHJ HE IpEeTeHIyeT Ha TO, YTOObI
KOHKYpPHpPOBAaTh C COBPEMEHHBIMHU CpPEICTBAMHU DACHO3HABAHUS PEUH.
[ModonemHoe pacrno3HaBaHue BBIOPaHO Kak «MOZEJbHAs 3afadya» U3
XOpOIIO 3HAKOMOW aBTOpy mpenMeTHoil obmactu. C  MOMOIIBIO
MPEUTOKEHHOTO MeTola B OyIyIIeM NpeAroyiaraeTcs pemaTh 3agadd
KiIaccuQUKalil Ha  MHOXKECTBE  MOCJIEIOBATEIBHOCTEH  AIEMEHTOB
CIIO)KHBIX OOBEKTOB B NPYTHX INPEIMETHBIX OONACTIX Ui Cirydasi, KOrnaa
KOJIMYECTBO pa3MEUCHHBIX NaHHBIX HEIOCTATOYHO AJISI OOYUYCHHUS CKPBITON
MapKOBCKOI MOJIEJIN WM HEHPOHHOM CeTH.
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G. DOROKHINA
PHONEME-BY-PHONEME SPEECH RECOGNITION AS A
CLASSIFICATION OF SERIES ON A SET OF SEQUENCES OF
ELEMENTS OF COMPLEX OBJECTS USING AN IMPROVED
TRIE-TREE

Dorokhina G. Phoneme-by-Phoneme Speech Recognition as a Classification of Series on
a Set of Sequences of Elements of Complex Objects Using an Improved Trie-Tree.

Abstract. Sequences, including vector sequences, are applicable in any subject domains.
Sequences of scalar values or vectors (series) can be produced by higher-order sequences, for
example: a series of states, or elements of complex objects. This academic paper is devoted to
the application of an improved trie-tree in the classification of series on a set of sequences of
elements of complex objects using the dynamic programming method. The implementation
areas of dynamic programming have been considered. It has been shown that dynamic
programming is adapted to multi-step operations of calculating additive (multiplicative)
similarity/difference measures. It is argued that the improved trie-tree is applicable in the
problem of classifying a series on a set of sequences of elements of complex objects using such
similarity/difference measures. An analysis of hierarchical representations of sets of sequences
has been performed. The advantages of the improved trie-tree over traditional representations
of other highly branching trees have been described. A formal description of the improved trie-
tree has been developed. An explanation has been given to the previously obtained data on a
significant speed gain for operations of adding and deleting sequences in the improved trie-tree
relative to the use of an array with an index table (24 and 380 times, respectively). The
problem of phoneme-by-phoneme recognition of speech commands has been formulated as a
problem of classifying series on a set of sequences of elements of complex objects and a
method for its solving has been presented. A method for classifying a series on a set of
sequences of elements of complex objects using the improved trie-tree is developed. The
method has been studied using the example of phoneme-by-phoneme recognition with a
hierarchical representation of the dictionary of speech command classes. In this method,
recognition of speech commands is executed traversing the improved trie-tree that stores a set
of transcriptions of speech commands — sequences of transcription symbols that denote classes
of sounds. Numerical studies have shown that classifying a series as sequences of elements of
complex objects increases the frequency of correct classification compared to classifying a
series on a set of series, and using the improved trie-tree reduces the time spent on
classification.

Keywords: trie-tree, sets of sequences, classification of series on a set of sequences of
elements of complex objects, dynamical programming, phoneme-by-phoneme recognition of
speech commands.
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ENVIRONMENT

Ellakkiva M., Ravi T., Panneer Arokiaraj S. Ruzicka Indexive Throttled Deep Neural
Learning for Resource-Efficient Load Balancing in a Cloud Environment.

Abstract. Cloud Computing (CC) is a prominent technology that permits users as well as
organizations to access services based on their requirements. This computing method presents
storage, deployment platforms, as well as suitable access to web services over the internet.
Load balancing is a crucial factor for optimizing computing and storage. It aims to dispense
workload across every virtual machine in a reasonable manner. Several load balancing
techniques have been conventionally developed and are available in the literature. However,
achieving efficient load balancing with minimal makespan and improved throughput remains a
challenging issue. To enhance load balancing efficiency, a novel technique called Ruzicka
Indexive Throttle Load Balanced Deep Neural Learning (RITLBDNL) is designed. The
primary objective of RITLBDNL is to enhance throughput and minimize the makespan in the
cloud. In the RITLBDNL technique, a deep neural learning model contains one input layer,
two hidden layers, as well as one output layer to enhance load balancing performance. In the
input layer, the number of cloud user tasks is collected and sent to hidden layer 1. In that layer,
the load balancer in the cloud server analyzes the virtual machine resource status depending on
energy, bandwidth, memory, and CPU using the Ruzicka Similarity Index. Then, it is classified
VMs as overloaded, less loaded, or balanced. The analysis results are then transmitted to
hidden layer 2, where Throttled Load Balancing is performed to dispense the workload of
weighty loaded virtual machines to minimum loaded ones. The cloud server efficiently
balances the workload between the virtual machines in higher throughput and lower response
time and makespan for handling a huge number of incoming tasks. To evaluate experiments,
the proposed technique is compared with other existing load balancing methods. The result
shows that the proposed RITLBDNL provides better performance of higher load balancing
efficiency of 7%, throughput of 46% lesser makespan of 41%, and response time of 28% than
compared to conventional methods.

Keywords: cloud computing, load balancing, deep learning, Ruzicka similarity index,
throttled load balancing.

1. Introduction. CC is a paradigm that includes distributing services
and resources more than the internet. Load balancing (LB) in CC is
a significant aspect that is a pivotal task in optimizing resource utilization,
enhancing performance, and ensuring high availability of applications and
services. As cloud environments consist of multiple servers and resources,
distributing incoming user requests efficiently among virtual machines
becomes essential to prevent the overloading of any single machine in the
cloud server. This distribution of workload helps in achieving optimal
resource consumption, enhancing the efficiency of applications.

Task Scheduling- DT (TS-DT) method was developed [1] to
distribute and execute tasks within an application. The algorithm
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successfully enhances load balancing and reduces makespan but it failed in
achieving energy-aware load balancing with minimal response time.
A P2BED-C was developed in [2] to minimize energy consumption.
However, the efficiency of the method was not improved.

A Reinforcement Learning (RL) model was developed in [3]
to optimize cloud resource utilization for providing the best Quality of
Service (QoS). However, the makespan was not efficiently reduced. A
Dynamic and Resource-Aware Load Balancing technique was introduced
[4] to enhance throughput and reduce makespan. However, a resource-
aware scheduling approach was not employed for the distribution of tasks
on virtual machines (VMs).

The Predictive Priority-based Modified Heterogeneous algorithm
was designed in [5] to achieve efficient and dynamic resource provisioning
for end user's requirements. However, it did not implement a more effective
resource provisioning scheme for end-users. The Bio-Inspired Improved
Lion Optimization method was designed in [6], to address load balancing
issues through enhancing throughput as well as reducing migration time.
However, the performance of efficiency remained unaddressed.

A content-aware machine learning technique was introduced in [7]
for enhancing load balancing, leading to improved throughput and
minimized response time. However, failed to reduce migration time.
Dynamic load balancing method was developed in [8] by Q-learning for
resource allocation, resource accessibility, and consideration of user
preferences with the aim of minimizing response time and resource
consumption. However, it did not achieve higher efficiency in
a multitasking environment.

In [9], a multi-objective task scheduling technique was designed
with the aim of optimizing scheduling, increasing throughput, as well as
reducing both makespan and resource utilization. However, it did not
address the minimization of response time. A dynamic virtual machine
consolidation method was introduced in [10] for LB to mitigate tradeoffs
among energy utilization as well as time complexity.

1.1. Contributions in this article are as follows. The main
contributions of the paper as given below.

To enhance load balancing efficiency, the RITLBDNL technique has
been developed by Deep Neural Learning and Throttled Load Balancing.

The RITLBDNL technique utilizes the Ruzicka Similarity Index to
analyze incoming user tasks and determine the resource status of VMs.

The Throttled Load Balancing process is applied to deep neural
learning for task migration from heavily loaded virtual machines to less
loaded virtual machines with higher efficiency.
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Finally, comprehensive and comparative experiments have been
conducted to perform quantitative analysis using various performance
metrics.

1.2. Paper organization. The remainder of this article is organized
into dissimilar sections: Section 2 explains the literature survey. Section 3
presents the RITLBDNL method. Section 4 details the experimental
analysis and describes the dataset. Section 5 gives a performance
assessment of the proposed algorithm in comparison to conventional
techniques. At last, section 6 gives conclusions of the paper.

2. Literature survey. Load Balancing Protocol was developed
in [11] for CC with the aim of minimizing Makespan as well as throughput
of VM utilization. Long Short-Term Memory Networks (LSTM) Machine
Learning (ML) algorithm was designed in [12] for enhancing load
balancing through optimized resource allocation. However, it did not
succeed in enhancing the system performance of LB. An integrated
optimization algorithm was developed in [13] to make an effective load
balancing system that guarantees resource utilization and minimizes task
response time.

Component-based throttled load balancing method was introduced
n[14], but it failed to consider additional parameters for ensuring the
optimal performance of load balancing algorithms. The Receiver-Initiated
Deadline-Aware LB approach was developed in [15], and aimed to facilitate
migration of incoming tasks to suitable virtual machines. However, this
approach was not employed for scientific workflow applications for diverse
QoS parameters.

An Action-Based Load Balancing scheme was designed [16] with
the aim of reducing makespan and optimizing resource utilization.
However, it failed to address resource allocation and management concepts
within a cloud data center. A new resource optimization framework was
introduced in [17] specifically designed for achieving load balancing with
minimal resource utilization. An optimal load balancing method was
developed [18], which effectively balances the load on cloud servers.

A re-modified throttled algorithm was developed in [19] to minimize
the risk of load imbalance by considering the availability of VMs. However,
it failed to address the issues related to increasing the efficiency of the
algorithm. A load balancing approach based on renewable energy was
developed in [20] to optimize interactive task allocation, aiming to reduce
energy costs.

Modified honeybee behavior load balancing (HBB-LB) was
introduced in [21] to secure the cloud system. However, the system
performance was not enhanced. The Sine Cosine-based Elephant Herding
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Optimization (SCEHO) algorithm was combined in [22] by Improved
Particle Swarm Optimization (IPSO). Task scheduling behavior was
improved but, throughput was not increased.

The two-stage genetic mechanism was utilized in [23] to monitor
and manage VMH. But, it failed to minimize the time. A deep load balancer
was introduced in [24] to allocate resources with less delay. Nevertheless, it
failed to enhance throughput. Improved Lion Optimization (ILO) with Min-
Max Algorithm was developed in [25] to identify the optimum solution.
However, the load balancing efficiency was not sufficient.

3. Proposal methodology. In cloud computing, dynamically
provisioning the resources for applications is a key and challenging task.
However, cloud providers face resource management concerns due to
inconsistent workloads in heterogeneous environments. The cloud service
provider focuses on resource consumption, while the cloud user aims to
achieve a shorter makespan time. Therefore, achieving load balancing is a
significant parameter for effective task execution to obtain optimal
consumption of cloud resources. A new RITLBDNL method is developed
for efficient load balancing in a cloud computing environment. Figure 1
depicts a diagram of the RITLBDNL method for efficient LB in the cloud.

E Cloud tasks list
@ Number of tasks
. Cloud server

Users

Deep leaming technique

Ruzicka Throttled Load "
Similarity Index Balancing Taskmigration —
]
U Efficient load balancing among virtual machine

Fig. 1. Architecture diagram of the proposed RITLBDNL technique
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Figure I demonstrates the RITLBDNL technique uses the deep
learning concept for efficient load balancing in the cloud. The four
components as cloud user (U), cloud server (CS), load balancer (LB), and
virtual machines (V},,) included in the above figure. The working mechanism
of the RITLBDNL model uses deep neural learning with several layers. The
technique collects the number of cloud user requests or tasks. Ruzicka
Similarity Index is utilized in hidden layer 1 to examine the virtual machine
resource status. In hidden layer 2, the workload from heavily loaded virtual
machines to less loaded ones is distributed to perform task migration by
Throttled Load Balancing. In this way, throughput is improved and
response time and makespan are minimized.

3.1. System model. It involves four key entities namely cloud
user (U), cloud server (CS), load balancer (LB), and virtual machines (1,).
Initially, the cloud wuser ‘U’ submits numerous tasks, denoted as
T ={T,,T,, ..., T,}, to the cloud server (CS). CS receives these tasks as of
U. Subsequently, the load balancer within the cloud server analyzes and
determines the status of virtual machines, categorizing them as minimum
loaded, overloaded, as well as balanced load capacity. Once VM statuses
are identified, the load balancer executes task migration using throttled load
balancing with higher efficiency.

__ Request i
| =

Server
Response

Fig. 2. Overview model of the client-server system

h 4

Client

In above Figure 2, the client-server model includes the Server or
Client. The client-server model explains the communication among two
computing entities over a network. A client is a program that creates
requests to a server. A server is a program that responds to those requests.

3.2. Ruzicka Indexive Throttle Load Balanced Deep Neural
Learning. Deep Learning (DL) is a type of ML, which focuses on the
development, and training of Artificial Neural Network (ANN) to perform
some process. The term "deep" refers to the use of Deep Neural Networks
(DNNSs), which contain numerous hidden layers among input as well as
output layers. These networks are referred to as DNNs or DL models.
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Voo
Vm: —_—

—
Ve ——* Output layer

Vm.‘i E—

Input layer

Hidden layer

Fig. 3. Structures of the deep neural networks

Figure 3 depicts the structure of DNNs. The DNN is a fully
connected feed-forward artificial neural network and it generates a set of
outputs from a set of inputs. A DNN is constructed with three main layers
such as input, hidden (i.e. middle), and output layers. The input and output
layers are always single layers, whereas the middle layer includes two
sublayers for analyzing the given input. Each layer is typically composed of
small individual units called artificial neurons or nodes. The artificial
neuron has the ability to process the given weighted inputs and applies an
activation function and forward output to other nodes in the network. An
input to an artificial neuron is a number of virtual machines (Vm;). The
neuron in one layer is fully connected to the neuron in another layer.

Each connection between neurons has an associated weight, which
determines the strength of the connection. It also has an associated bias. The
equation for a single neuron is expressed mathematically as follows:

Y = F[S], (1
S=Yic,s (Vm; =w) + Q, ()

where Y indicates an output of the neuron, w;; denotes the weight of the
connection between the i*" neuron in the previous layer and the j** neuron
in the current layer, Vm; * w;; denotes a product of the weight (w;;)
associated with the connection between the i*" neuron in the previous layer
and  j®neuron in the current layer, and the input
(Vm; i. e virtual machine) from the i" neuron in the previous layer. From
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(2), ‘Q° indicates a bias term that stores the numeric value as one, F denotes
a sigmoid activation function used to determine whether a neuron is
activated or not, it suggests that the neuron output is binary, typically
representing a binary classification decision (activated or not activated).

1
FISI = o 3)

where F [S]neuron's output with sigmoid activation is passed to the next
layer of neurons

The input is transferred to a hidden layer where the resource
availability of a virtual machine is determined to facilitate efficient load
balancing.

RA (le) = {MemCﬁBaWCi EC! CPUUt'}7 (4)

where RA (Vm;) denotes a resource's availability of the virtual machine that
includes a memory capacity ‘Mem,’, bandwidth capacity ‘BaW;’, energy
capacity ‘E.’ and CPU utilization ‘CPUy;’.

Initially, the memory capacity is determined by calculating the
variance among total available memory as well as utilized memory.

Mem, = Tomeme — CONpyemes Q)

where Mem indicates the memory capacity of the VM and
Topyemc indicates the total memory capacity, Conyeme represents the
utilized memory capacity. Variation between the total memory capacity and
the utilized memory capacity measurement is employed to assess the
present memory status of the VM.

The bandwidth of a virtual machine denotes its capability to handle
the maximum amount of data, typically measured in Mbps (megabits per
second). The current status of bandwidth is determined through
mathematical calculations.

BaW; = BaVM(total) — Bayy (con)> (6)

where BaW, denotes the bandwidth capacity, Bay (total) indicates the total

bandwidth, and Bayy (con) represents the utilized bandwidth. Depending on
the above-said metrics, the current status of the bandwidth capacity is
determined.
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The total energy consumption is calculated depending on the energy
usage of the VM. Energy utilization is measured in kWh. Thus, the energy
capacity of the virtual machine is determined as follows:

Ec = [Totg] — [Cong], @)

where E. represents the energy capacity, Totg indicates the total
energy, Cony denotes the consumed energy.

The CPU utilization time of the VM is computed mathematically by
calculating the variance between the total time and the time spent
processing specific tasks. This calculation helps to assess the efficiency and
resource consumption of the virtual machine during the execution of its
assigned workload.

CPUy, = [Tcpu] - [Ccpu]a (®)

where CPUy; denotes the CPU time, Ty, indicates the total time and
CcpySymbolizes the consumed time of VM.

The proposed RITLBDNL technique finds the resource availability
of a virtual machine based on the energy, bandwidth, memory, and CPU
through the similarity measure. Ruzicka Similarity Index is employed for
discovering the similarity between two sets. It provides a range from 0 to 1.
Ruzicka Similarity Index is used to analyze the VM resource status as well
as categorize VM as OL, minimum loaded and BL. The mathematical
formula for calculating the similarity between the nodes is shown below

B [RA (Vm)) n T)]
g T YRA(VM) +XT—[RA(Vm) nT)]

©)

where ‘B’ denotes a Ruzicka similarity coefficient, RA (V'm;) denotes the
resource availability of the virtual machine and T indicates the threshold
(ie., 0.5),RA(Vm;) N T denotes a mutual dependence between the
resource availability and threshold. The coefficient () provides the output
ranges between 0 and 1. Likewise, similarities of all the VMs are computed
based on the energy, bandwidth, and memory, and CPU using the statistic
similarity coefficient

< 0.5, UL
=0.5, BL, (10)
> 0.5, 0L

B
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where S denotes the output of coefficient. Depend on coefficient outcome,
LB determines over loaded (OL) , under loaded (UL) and balanced load
(BL).

Throttled Load Balancing refers to a type of load balancing
mechanism that includes throttling. Load balancing is the process of
dispensing network traffic or calculating workload across numerous
resources to guarantee no one, virtual node is overloaded. Throttling, in this
context, involves controlling the rate at which certain requests are processed
to manage the load on the system.

Migration of task
Cloud Server
| Sends V,, ID
Sends request
l ¥
Vina
Load balancer Vo
Scan index tahls m
Vi Availability “0° Vs
Vi, Unavailability “1°
vmn

Index table
Fig. 4. Flow Process of throttled load balancing

Figure 4 depicts the flow process of throttled load balancing that
contains cloud server, LB and several V, Viu1, Vinz, Ving, -« - Vipn. Initially, a
number of tasks are sent to CS. Then the server sends requests to the load
balancer to identify the accessibility of the VM.

CS = LB, (11)
where req denotes the request. After receiving the request, the load

balancer maintains a complete list of virtual machines using an index table
and responds with the availability status.
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1; V,,'sunavailable
0; V,,'savailable °

LB —>{ (12)

where the status of 1},,'s is identified through ‘1° and ‘0’.After that, the LB
starts to scan index tables and send the less-loaded and heavily loaded VM
IDs’ to the cloud server. The server performs tasks migration from a heavily
loaded to a less loaded virtual machine. In this way, resource-efficient load
balancing is obtained at the output layer. The algorithm of Ruzicka indexive
Throttle Load Balanced Deep neural learning is given below.

JAleorithm 1: Enzieka indaxiva Throttlz Load Balanesd Dizap neural lzamming

Input: Numbzr of cloud user r2guasts 7). T Tq0 000 Ty, virwal machinss Fmy, Vg, v Fim),
cloud szrvar (C5), loads balanezr (LE),

Output: Incrzasa thaload balaneing sfficizney

Begin
1. Sznd mmber of raquasts ortasks 7, 75, T30 0. T, to C5
1. LE find tharasowrs capeitr of virwal machinz ‘Vm”  -—hidden layer 1

3. Foreach virtusl machins ‘Fm’°

4, Computz the mmltipls rasouress *84 (Fre )" using (3] (8] (71 (8]
s, Wlzasurz the Ruzicka similaritv eozfficiat © §°

6. if (& = 0.5) then

T virtual machinz is classifizd as a ovarload=d

B. elzeif (§ = 0.5) then

8. virtnal machinzis elassifizd as a balancad loadsd

10, elseif (§ < 0.5) then

11. virtual machinz is classifizd as alzss loadad

12, Endif

13, C5 szndr=quastte LB -—hidden layer

14, LE zands virtual machinz availability status to server
15, LE scan thz indax tahlz
18, LE sznds thalzss loadzd and overloadsd virtnal machina IDV s to sarvar
17. C5 parform task migration from ovarloadad to l2ss load=d virtnal machina
18.  Obtain final load balancing at the ontput layer
19, Ecod for

End
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Algorithm 1 described above outlines the process of load balancing
by the Ruzicka Indexive Throttle Load-Balanced Deep Neural Learning
approach. For each incoming task from the user, the load balancer in the
cloud server estimates the resource availability of the VM by Ruzicka Index
function. This function is utilized to calculate the load status of each VM in
the first hidden layer, classifying them as less loaded, overloaded, and
balanced loaded. Subsequently, LB transmits the IDs of the minimum
loaded and overloaded VMs to the cloud server. The server then makes a
decision regarding the immigration of tasks from the overloaded VM to the
less loaded one, focusing on the second hidden layer of deep learning
techniques. As a result, the cloud server efficiently balances the workload
between VMs with minimal time. This approach proves beneficial in
managing a huge number of incoming tasks, leading to minimization of
makespan and an increase in throughput.

4. Experimental setup. Experimental evaluation of RITLBDNL and
conventional methods, such as TS-DT [1], P2BED-C [2], and RL
Approach [3] are implemented using the Java language. To conduct the
experiment, we utilize the Personal Cloud Dataset obtained from
http://cloudspaces.eu/results/datasets. Major intend of the dataset is to
facilitate load balancing. It contains 17 attributes, and 66,245 instances. 17
attributes are row id, account id, file size (task size), operation_time_start,
and so on. Two columns, namely time zone and capped, are excluded from
the analysis. The aforementioned columns are selected for the purpose of
achieving effective load balancing between numerous VMs by big-data CC

5. Performance Analysis. To estimate the performance of
RITLBDNL, a comparative analysis was performed between TS-DT [1],
P2BED-C [2], and RL Approach [3] in load balancing efficiency,
throughput, makespan, response time and memory consumption in Table 1.

Load balancing efficiency: It refers to the ratio of a number of user
requests, which are accurately balanced across all VMs. It is computed as
given below:

correctlybalanceduserrequestes
LBE = 4 n 4 « 100, (13)

where LBE indicates a load balancing efficiency, ‘n’ denotes the total
number of user requests.It is measured in percentage (%).
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Fig. 5. Analysis of load balancing efficiency

Figure 5 provides a graphical illustration of load balancing efficiency
across distinct numbers of user requests ranging from 5,000 to 50,000,
taken from the dataset. Figure 4 compares the results of four different
algorithms, namely RITLBDNL, TS-DT [1], P2BED-C [2], and RL
Approach [3]. It is evident that the RITLBDNL technique yields higher load
balancing efficiency. This observation is validated through statistical
assessment. In an experiment involving 5000 user requests, the RITLBDNL
technique achieved a load balancing efficiency of 99.24%. In contrast, the
efficiency of [1], [2], [3] was observed as 93.7%, 94.24%, and 95.2%,
respectively. Likewise, different results were attained for every method.
Comparing performance outcomes of the proposed method against
conventional techniques, overall comparison outcomes show that the
RITLBDNL technique increases load balancing efficiency by 8% ,7% and
5% than the [1], [2], [3]. The application of the deep learning technique in
RITLBDNL identifies the workload capacity of virtual machines based on
resource availability using the Ruzicka Similarity Index function. By
utilizing the throttle load-balancing algorithm efficiently, balances
workload between VMs, resulting in improved efficiency.

Throughput: it is defined as the ratio of the number of user requests
implemented per unit of time in Table 2. It is computed as follows:

Numberofrequestsexecuted

b= t (seconds) ’ (14)

where ‘TP’ represents throughput, t indicates time in seconds. It is
calculated as requests per second (requests/sec).
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Fig. 6. Analysis of throughput

Figure 6, presented above, illustrates a comparative analysis of
throughput. The analysis highlights that the proposed RITLBDNL
technique achieved enhanced performance. To ensure the robustness of the
RITLBDNL method, ten separate comparisons were conducted for each
method. The average of these ten comparisons reveals that the throughput
performance using the RITLBDNL technique improved by 54%, 46%, 39%
than the [1], [2], [3]. This improvement is achieved through the migration of
tasks from the overloaded VMs to the minimum loaded VMs.
Consequently, these selected resource-efficient, less loaded virtual
machines demonstrate the capability to consistently execute numerous user
requests within a specific time.

Makespan: The metric is determined by the duration a virtual
machine takes to handle a series of user requests in Table 3. It is calculated
as the mathematical dissimilarity among starting as well as completion
times of user-requested tasks.

M, = (tcomplete) - (tstarting)s (15)

where, M represents the makespan, tcompiere indicates request completion
time tspqreingde notes a request for finishing time. It is measured in
milliseconds (ms).
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Fig. 7. Analysis of Makespan

Figure 7 depicts a graphical representation of the makespan for
load balancing using four methods namely RITLBDNL, TS-DT [1],
P2BED-C [2], and RL Approach [3]. The figure illustrates that makespan
increases as the number of user requests increases. This occurs as a huge
number of user requests during the experiment consumes more time,
consequently increasing the makespan. However, in experiments with 5000
user requests, the time taken to complete user requests was only '17ms'
using the RITLBDNL technique. The overall makespan was observed to
be 42ms, 38ms, and 35ms for [1], [2], and [3], respectively. Following the
experiments, various results were examined for every method.
Comprehensive comparison denotes that makespan performance using
RITLBDNL is reduced by 45%, 41%, and 36% compared to the existing
methods. The RITLBDNL technique employs the Ruzicka similarity index
function to analyze the resource status of a VM based on energy,
bandwidth, memory, and CPU. Once a minimum loaded VM is identified,
LB migrates user requests from an overloaded to a less loaded VM. The less
loaded machine requires minimal time to complete the user requests.

Response time: It is defined as the duration it takes to respond user
requested tasks in Table 4.

RT = n* T (transmission + waiting + processing), (16)
where RT indicates a response time, nindicates the number of user

requests, T represents time for broadcasting, waiting, and processing the
user requests. It is measured in milliseconds (ms).
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Fig. 8. Analysis of response time

Figure 8 illustrates experimental outcomes of response time with the
number of user requests, ranging from 5000 to 50000. As the number of
requests enhances, the response time for every method in addition increases.
However, the proposed RITLBDNL technique achieves a lower response
time compared to existing methods. For instance, with 5000 user requests,
the response time for RITLBDNL was observed to be 41.5ms, while
[1],[2], and [3] exhibited response times of 72 ms, 70 ms, and 66 ms,
respectively. The overall performance results of RITLBDNL are then
compared to existing methods, revealing that RITLBDNL minimizes
response time consumption by 31%, 28%, and 26% when compared to [1],
[2], and [3], respectively. This improvement is achieved using throttled load
balancing in the RITLBDNL technique, which effectively performs task
migration from overloaded to less loaded virtual machines. Consequently,
RITLBDNL minimizes both waiting and processing times for user requests.

5. Discussion. This study compares the proposed RITLBDNL and
existing TS-DT [1], P2BED-C [2], and RL Approach [3] based on various
parameters, such as load balancing efficiency, throughput, makespan, and
response time. The main drawbacks of existing methods such as failure to
obtain energy-aware load balancing with a tiny makespan and higher
throughput and the failure to employ a resource-aware scheduling approach
to assign tasks on VMs. Contrary to existing, Deep Neural Learning and
Throttled Load Balancing are utilized in RITLBDNL. By applying this
algorithm, the resource status of a virtual machine is examined to find a less
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loaded virtual machine. By observing the above table, the results of load
balancing efficiency using the proposed RITLBDNL is highly increased
than the other existing methods. Also, the response time and makespan of

RITLBDNL are greatly reduced than the other works.

Table 1. Comparison table of proposed and existing methods

consumption

RITLBDNL
METHOD Technique TS-DT [1] P2BED-C [2] | RL Approach [3]
To improve load .
balancing P2BED-C was To optimize cloud
I To allocate tasks - resource
Contribution performance . utilized for data s .
h using TS-DT utilization using
using deep neural centers
. RL Approach
learning
fmproved Decreased
. throughput and Minimized the ¢ Diminished
Merits energy .
reduced the makespan . response time
consumption
makespan
ralzzlzjﬁziprfelrtrll‘(l)i Energy-aware load | Efficiency of Makespan was
Demerits M balancing was not | the method was | not efficiently

(ms)

. obtained not enhanced reduced
were considered
Load balancing
efficiency (%) 98.55 91.5 92.38 93.57
Throughput 1619.6 1057.9 1113.5 11762
(requests/sec)
Makespan (ms) 46 81 76 70
Response time 117 165.85 160.7 155.80

Table 1 illustrates a comparison of the proposed RITLBDNL

technique and existing TS-DT [1], P2BED-C [2], and RL Approach [3] by
using different metrics. Among the three methods, the proposed PCR-
AMESCSRO technique provides better performance. The load balancing
efficiency was improved by 98.55% using RITLBDNL upon comparison
with the three other existing methods. Also, the response time and
makespan of the proposed RITLBDNL are obtained as 46 ms and 117 ms
which is smaller than the other methods.

6. Conclusion. Balancing the workload is the most important
problem in the cloud owing to its dynamic nature. This study introduces a
RITLBDNL technique which has been developed to tackle the issue of
minimizing makespan and enhancing optimal resource effective load
balancing in the cloud. By utilizing the Ruzicka Similarity Index, the
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cloud's LB determines the virtual machine resource status for detecting
overloaded, less loaded as well as balanced loads. LB performs to dispense
workload from heavily loaded virtual machines to minimum loaded ones
with higher efficiency. The experimental results also prove that the
proposed model has reduced makespan, as well as response time, improved
throughput, and efficiency. Compared with various state-of-the-art models,
the proposed technique is more efficient. The outcomes of this study have
important implications for business applications (i.e., Amazon cloud) to
find and classify the resource-efficient VM to allocate the tasks. The less
loaded machine needs minimum time and makespan to complete the user
requests. Overall, this study provides a valuable contribution to the field of
load balancing using DL, and its proposed technique can be extended to
other domains where novel DL and optimization are used.
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YK 004 DOI 10.15622/ia.23.6.9

M. B1Akkus, T. PABU, C. [TAHHUP APOKUAPAK
HUHJEKCHOE PEI'YJIMPYEMOE I'N'TYBOKOE HEMPOHHOE
OBYUYEHHE PYKHUUYKHU 1JI5I PECYPCOI®DPEKTUBHOMN
BAJJAHCUPOBKH HAT'PY3KH B OBJIAYHOM CPEJIE

Onnaxxuss M., Pasu T., Iannup Apoxuapaosxc C. WHaeKkcHoe peryjiupyemoe riydoxoe
HelipoHHoe o0ydenue Py:kuuku 1js pecypcodpdexkTuBHOH 0a1aHCHPOBKH HATPY3KH B
00.1a4HOIi cpene.

AnHoTtauusi. O6naunbie Borancienus (CC) ABISIOTCS M3BECTHOI TEXHOIOTHEH, KOTOpast
MO3BOJISIET MOJIB30BATEISAM U OPTaHH3aIMAM IIOIydaTh JOCTYI K CEPBUCAM B COOTBETCTBHUU C
uX TpeOOBaHMSMH. OTOT METOA BBIUHCICHUH IpeAnaracT XpaHWIUIe, IUaTGOpMBI
pa3BepThIBaHUA M IOAXONAIIMI IOCTyn K BeO-cepBucaM uepe3 MHTEpHeT. banmaHcupoBka
HArpy3KH SIBIISETCS BAaXKHBIM (DAaKTOPOM ONTHMH3AIHMU BEMHUCIHUTENBHBIX DPECypcoB U
xpaHenus. OHa HampaBlIeHa HAa pa3yMHOE paclpeleneHue padouel Harpy3Ku MeXTy KaxIoi
BUPTYaIbHOI ~MamMHOW. bbUlO  pa3spaboTaHO HECKOJIBKO TPAJMIMOHHBIX  METOIOB
0aMaHCHPOBKM HArpy3Kd, KOTOpble JOCTyHHBI B juTeparype. OmHAKO JOCTIDKEHHE
3¢ QeKkTUBHONW 0aTaHCHPOBKM HArpy3KH C MHHHUMAaJIbHBIM BpPEMEHEM 3aBEpLICHUS U
YIYYIICHHOH IPONMYCKHON CIIOCOOHOCTBIO OCTAaeTCsl CIOKHOW 3amadeil. J{is MOBBIMICHUS
3¢ PeKTUBHOCTH OalaHCUPOBKM HArpy3kd ObUT pa3paboTaH HOBBI METOJ, M3BECTHBIH Kak
MHJCKCHPOBAHHBIA PEryIUpyeMblii MeToj Pykudku OamaHCHpOBKH HAarpy3ku ITyOOKOTrO
Hetiponnoro ooydenus (RITLBDNL). OcuoBnas uens RITLBDNL coctouT B TOM, YTOOBI
MOBBICUTH HPOITyCKHYIO CIIOCOOHOCTh M MHHHMH3UPOBATh BpEMs BBIIONHECHHS DPaOOTHl B
obnake. B merone RITLBDNL mozenb riayO0oKoro HEHpOHHOrO aHalu3a BKIIIOYAET BXOIHOU
CIIOM, B4 CKPBITBIX CJOS M BBIXOAHOM CIOH IUIsl YIY4YIICHUS INPOU3BOAUTEIBHOCTH
OalaHCHPOBKU Harpy3ku. Ha BXOIHOM ciioe coOMparoTcs 3a/auu IOJb30BaTeleid obsiaka u
OTHPABIISIOTCSA Ha CKPBITHIA cinodd 1. Ha aToM cioe 0anaHCHpOBIIMK HAarpy3kd B OOJaYyHOM
cepBepe AHAIM3HPYET COCTOSHHE PECypcoB BHPTYaJIbHOH MAIIMHBI B 3aBHCHMOCTH OT
9HEPruM, NPOMYCKHOH cnocoOHocTH, oObeMa mamsatu u LIIY ¢ ucnonb3oBaHueM HHIEKCA
cxozncTBa Pyxuuku. 3ateM BUPTyallbHbIE MAIIUHBI KIACCU(DUIUPYIOTCS KaK IeperpykKeHHbIe,
ci1abo 3arpyKeHHbIe WIN cOalaHCHpOBaHHBIE. Pe3yIbTaThl aHANIN3a NEPEeNaroTCs Ha CKPBITHI
cIof 2, TJe BBIIONHACTCA perynupyeMas OalaHCHPOBKAa HArpy3KH I paclpeeneHust
HArpy3KH C CHJBHO 3arpy)KEHHBIX BHPTYaJbHBIX MAIIMH HAa MHHHMAJbHO 3arpy’KeHHBIE.
Oomaunblii cepBep dG(EeKTUBHO pacmpenessier padodylo Harpy3Ky MEKAy BHPTYaIbHBIMHU
MalIuHaMU ¢ 00j1ee BBICOKOH MPOIYCKHOU COCOOHOCTBIO U MEHBIIUM BPEeMEHEM OTKIIMKA IS
00pabOTKM OTPOMHOTO KOJNMYECTBA BXOAAIMX 3amad. Jlnsd OLEHKH pe3ynbTaToB
9KCIIEPUMEHTOB TIPEUTOKEHHBIH METOJ{ CPAaBHUBACTCSI C NPYTHMH CYIIECTBYIOIIMI METOIaMHI
OalaHCUPOBKU Harpy3ku. PesynbraT mokaspiBaer, 4yto npemioxeHHblid merox RITLBDNL
obecneunBacT 3(PeKTHBHOCTh OATAHCHPOBKM HArpy3KH C YBEIHYCHHEM Ha 7%, HPOIYCKHON
CIOCOOHOCTHIO Ha 46%, yMEHbIIEHHEM BpEeMEeHH 3aBepIlcHus Ha 41% 1 BpeMeHH OTKINKA Ha
28% 110 CpaBHEHHUIO C TPAJULMOHHBIMU METOJAMH.

KiioueBble ciaoBa: oOnauHble BBIYUCICHUS, OaJaHCHPOBKA HATPY3KH, ITyOOKOe
o0ydeHne, HHIEKC CXOACTBA Pyxiuxu, perynupyemas 0alaHCHPOBKa HAIPY3KH.
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Narayanarao C., Mandapati V., Boddu B. Synergistic Approaches to Enhance IoT Intrusion
Detection: Balancing Features through Combined Learning.

Abstract. The Internet of Things (IoT) plays a crucial role in ensuring security by
preventing unauthorized access, malware infections, and malicious activities. IoT monitors
network traffic as well as device behaviour to identify potential threats and take appropriate
mitigation measures. However, there is a need for an IoT Intrusion Detection system with
enhanced generalization capabilities, leveraging deep learning and advanced anomaly detection
techniques. This study presents an innovative approach to IoT IDS that combines SMOTE-
Tomek link and BTLBO, CNN with XGB classifier which aims to address data imbalances,
improve model performance, reduce misclassifications, and improve overall dataset quality.
The proposed IoT IDS system, using the loT-23 dataset, achieves 99.90% accuracy and a low
error rate, all while requiring significantly less execution time. This work represents a
significant step forward in IoT security, offering a robust and efficient IDS solution tailored to
the changing challenges of the interconnected world.

Keywords: min-max normalization, SMOTE-Tomek Link, BTLBO algorithm, CNN with
XGB, Adam Optimizer.

1. Introduction. IoT is a system that connects items that may
transfer information without the necessity for interactions between humans
and computers, such as computing equipment, automated and digital
technologies, objects, animals, and humans. [oT essentially connects the
real and virtual worlds. IoT's primary idea is to create a secure, independent
link that allows info interchange between actual physical devices and
applications [1]. The IoT Analytics study reveals that over 11 billion IoT
devices are connected and utilized. Additionally, it is demonstrated the
number of devices has increased by more than 10%. It is predicted that over
21 billion linked IoT devices will be worldwide by 2025. Due to general use
in several areas and businesses, such as agriculture, transportation, logistics,
and healthcare are all examples of smart cities and smart homes, the IoT has
seen tremendous growth in recent years [2]. Organisations that use IoT
devices in information technology systems have introduced new
cybersecurity risks. These new threats call into question fundamental
assumptions such as operating ecosystem security, mobility, efficiency, and
safety. New danger vectors risk financial and bodily well-being and affect
lives' technical components [3, 4].

The ecosystem in which IoT devices are deployed is vulnerable to
several threats [5] from outsiders, including hackers, malicious software,
and viruses [6]. These hackers' primary objective is to launch assaults
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compromising network data integrity [7]. Additionally, the intrusion may
result in a denial of service (DoS) attack [8] that depletes energy in an loT
environment as well as network and device resources [9]. The author infers
from the literature that many studies on the IoT employ security methods
based on cryptography, such as symmetric and public key
cryptosystems [10, 11].

Because IoT devices have limited resources, implementing
cryptographic algorithms in IoT security leads to effective communication
and processing overhead [12]. This problem can be resolved by designing
and implementing intrusion detection systems (IDS). To effectively secure
IoT communication, IDS has been accepted in IoT environments to guide
and detect imposters [13, 14]. The detection of critical and particular threats
for traditional networks and a portion of the Internet of Things networks has
been taught using various Machine learning (ML) and Deep learning (DL)
models for IDS [15]. IDSs currently apply similar attribute ideas to loT
devices. However, IoT devices vary in a variety of bearings, including
physical characteristics, utility, potential computing power, and variable
capacity aimed at generating decided appearances [16, 17]. When hubs are
merged then generate data, the features become sparse as unimportant
qualities are set to null values or zeros. One limitation striking the
precision's effectiveness is data sparsity. A selection of features, an essential
component of an ML method, contributes much to the training phase speed
and finding accuracy. To enhance the identification of variations of
anomalous behavior, many feature selection strategies have been developed.
However, the accuracy of anomaly-based ID detection is considered a
significant issue due to the constantly evolving nature of the IoT ecosystem.
To achieve robust performance across the varied IoT environment, this
study provides a unique technique for deep learning IDS.

The primary contribution of the proposed project is given below.

—  IoT faces significant security challenges due to remote access
and unreliable networks. To prevent attacks, IoT environments employ
effective security management techniques and ID systems. Still, there are
also possibilities to improve both accuracy and performance. The proposed
novel deep learning technique in the IDS aims to address this issue.

—  For the preprocessing stage, the novel approach utilizes the
process of removal of null values, one hot encoding technique incorporating
the numerical representation which enables the creation of a digital feature
vector, Minmax normalization for dimensional removal, and Synthetic
Minority Over-sampling Technique (SMOTE) Tomek technique for
balancing synthetic data.
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—  This study employs a novel technique called Binary Teaching
Learning Based Optimization (BTLBO) algorithm for feature selection.

—  For feature extraction and classification, the approach uses a
network as Convolution Neural Network (CNN) with extreme Gradient
Boosting (XGB) classifier to predict the classes. Thus, the hybrid method
accurately detects the intrusion in the IoT.

The description of the sections indicates that the article will cover
existing research on IoT intrusions, the proposed methodology and results
of the proposed work, and also draw conclusions and suggest some possible
further research directions.

2. Literature survey. This portion of the article delves into CNN-
based intrusion detection systems published in the literature.

To resolve network assault binary and multiclass categorization, in
paper [18] the authors created two models based on DL and employed a
CNN architecture. A hybrid two-step pre-processing method is also
suggested to produce useful features. Deep feature synthesis is used in the
proposed strategy to combine dimensionality reduction with feature
engineering. It was shown that the multiclass models' accuracy of
classification is lower than binary class models. Instead of traditional
anomalous attack behaviors, the authors in paper [19] used statistical
behaviors since they are simpler to reckon and extract without sacrificing
performance. Because it primarily considers statistical characteristics of
network traffic, the model’s accuracy for multiclass categorization is lower.

The Temporal CNN (TCNN) was proposed by the authors in
paper [20] and is accumulated with SMOTE with nominal continuity to
handle imbalanced datasets. To find network system abnormality, the
authors in [21] used the novel CNNs binary and multiclass classification
model. Even though CNN has various characteristics that make it especially
suited for IDS, such as high attainment precision, finding rate, model
training time, and feature selection procedures, the efficiency of ML models
is improved. Hybrid models have been quite common in recent years for
categorizing attacks on IoT networks. To address the IDS issues related to
time consumption and inefficiency, the authors in study [22] introduced a
cascade ID method that depends on distributed k-means and Random
Forest.

Along with the Ant Lion optimization approach, which combines
CNN and Long Short Term Memory (LSTM), study [23] introduced a new
customized recurrent neural network model that is optimized for detecting
intrusion. The Lion Swarm Optimization method is employed to optimize
CNN hyperparameters for perfect composition for learning structural data.
The authors in [24] suggested a highly accurate IDS model for valuable
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uprooting and learning of contiguous secular features using optimized CNN
and Hierarchical multiscale LSTM. Through careful feature selection, this
approach can increase detection accuracy. A Deep Capsule Network (DCN)
ID model that depends on the system of attention was suggested by the
authors in [25]. To increase feature extraction, the model integrates DCN,
and an Attention Mechanism is employed to minder the model's attention
toward qualities with substantial consequences. Two solutions are utilized
to balance the dynamic powerful routing procedure after the double routing
algorithm captures the characteristics in multiple directions. Because the
dynamic routing contrivance of the CN consumes more time than a normal
NN, the operational efficiency of CN must be increased.

To protect the computer, network nodes and data, in study [26] the
authors introduced a wunique Network Intrusion Detection System
architecture that depends on a deep capsule neural network that creates
usage of network spectrogram pictures produced utilizing the short-time
Fourier transform. In comparison to previous published works, the
computational complexity is higher. To identify intrusions in the IoT
environment, in paper [27] the authors found a novel multi-objective
evolutionary CNN for IDS. In the context of IoT and cloud computing, a
new approach to IDSs was proposed in [28]. The major goal is to develop
effective feature extraction and selection strategies by utilizing the
widespread use of deep learning and metaheuristic optimization algorithms.
An approach based on PCA and CNN was put out by the authors in
paper [29] to identify intrusion in EDGE Computing. Feature selection and
data balancing are not employed to improve categorization accuracy. For
machine learning-based IDS, the authors in [30] gave a feature selection
technique for extracting useful subsets of features based on the idea of the
math concept of sets. The designed ML-based IDS system contains three
stages: data pre-processing, proportions lessening and size selection, model
training, and categorization.

An analysis of various works reveals that many of them neglect the
multiclass imbalance distribution and feature selection techniques for
improved accuracy. Unique techniques are needed to manage imbalance
distribution and select the best feature set for multiclass classification.

3. Proposed methodology. IoT IDS face limitations due to data
imbalances, model generalization, and performance optimization.
Traditional approaches struggle to address these issues, leading to
suboptimal performance and limited scalability. Imbalanced datasets can
bias model training and result in poor classification performance, especially
for minority intrusion classes. Current techniques for handling imbalanced
data may not capture underlying patterns or introduce biases. Conventional
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IDS methods also lack the ability to generalize across diverse IoT
environments and adapt to evolving threats, relying on handcrafted features
or simplistic anomaly detection algorithms. To overcome these limitations,
our research proposes an efficient ID wusing a deep learning-based
categorization strategy to increase the IDS's accuracy. The proposed method
starts with pre-processing to eliminate duplicate instances and missing
values, followed by numerical processing to produce a digital feature
vector. The Min-Max Normalization approach is used for linear and
uniform mapping of feature ranges, characteristics can be adjusted for faster
removal of dimensions and arithmetic processing.

The problem with ML-based IDSs is using an unbalanced dataset to
train a model. SMOTE-Tomek links, which combine SMOTE for artificial
information for the minority class, along with Tomek Connections for
excluding data identified as from the majority, solve this issue. The
proposed study uses CNN with XGB for classification, which includes two
convolutional hidden layers, batch normalization, Exponential Linear Unit
(ELU), max-pooling, dropout layer, and Adam optimizer weights. Our work
aims to enhance the performances of IoT IDs. Figure 1 depicts the overall
design of the proposed technique.

Data Preprocessing
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Fig. 1. Proposed Block Diagram

3.1. Data Preprocessing. It is a crucial stage in data analysis and
ML work, involving cleaning, conversion, and converting raw information
into suitable formats for analysis or model training. Data preparation can
have a substantial impact on the accuracy and effectiveness of an analysis
or model. It involves removing missing and null values from the dataset to
ensure the effectiveness of the ML model, as this removes incomplete or
unreliable data.
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Informal information, including categorical and symbolic aspects, is
handled using a one-hot encoding technique. This process converts non-
numeric data into a digital feature vector, which can interpret and utilize
these features effectively.

The Min-Max Normalization method is used for smooth and
consistent mapping of each feature's parameter variation over a specific
interval. This normalization technique improves the stability and
convergence of machine learning algorithms by ensuring consistent scaling
across features. It is a way that provides a balance of assessments among
information obtained from prior and subsequent procedures. Features are
further normalized to a Gaussian distribution, which aids in the removal of
dimensions and accelerates arithmetic processing.

X —min(X)

X = )
" max (X) — min(X)

(1

where X,.,, = the new value from the normalized results, X =old
value, Max(X) = Maximum value in the dataset, Min(X) =
Minimum value in the dataset.

3.1.1. Proposed SMOTE-Tomek Link. The research on
strengthening loT IDS through synergistic techniques is focused on
overcoming the issues given by data imbalances and improving the overall
performance of detection models. One of the innovations in this study is the
use of an upgraded SMOTE-Tomek link methodology that outperforms
existing methods. The SMOTE technique, when paired with Tomek links,
helps to balance the dataset by producing synthetic samples for the minority
classes and deleting overlapping samples between the classes. This method
is unique because it balances the data, guaranteeing that the created
synthetic samples contribute positively to the model's learning process.

This technique is a new approach to ML-based IDSs, which
addresses the issue of unbalanced datasets, ensuring accurate identification
of the minority class instances which combines the SMOTE to generate
synthetic data for the minority class and Tomek Links [46] to remove
Tomek links from the majority class, resulting in more accurate model
training. This strategic combination of preprocessing techniques contributes
to the overall efficacy and reliability of the IDS model, making it more
suitable for real-world scenarios with class imbalances. The use of this
technique is critical to overcoming the challenge of an imbalanced dataset.
The proposed technique addresses class imbalance by combining SMOTE
for synthetic data generation and Tomek Links for strategic data removal.
This results in more robust and accurate IDS model training.
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SMOTE-Tomek combines these two techniques in the following
way.

1. Start with the original dataset, which may be imbalanced.

2. Apply SMOTE to oversample the minority class, creating
synthetic instances for it.

3.  After SMOTE, the dataset may still contain the Tomek link, it
denotes the proximity of two instances from different classes.

4. Locate and eliminate any Tomek linkages from a dataset.

The SMOTE-Tomek link aims to enhance dataset balance by
oversampling the minority classes and removing noisy samples, enhancing
classification model performance. It is particularly effective in imbalanced
datasets and can improve machine learning models. However, it may not be
suitable for all classification problems. The used resampling technique is
determined by the dataset's properties and the machine learning task
objectives. The effectiveness of SMOTE-Tomek should be evaluated
through cross-validation and relevant performance metrics. After balancing
the data with class-wise sampling, it should be proceeded to the process of
feature selection by using BTLBO.

3.2. BTLBO algorithm. It is a powerful technique for feature
selection in machine learning and data analysis. It optimizes the subset of
relevant features used for training models, focusing on refining model
performance and interpretability. Drawing inspiration from the teaching-
learning process, BTLBO uses a binary encoding scheme to efficiently
explore the solution space, evaluating, and selecting features that
significantly contribute to the model's predictive power. BTLBO is a novel
and efficient approach to feature selection, overcoming limitations in
traditional methods such as high-dimensional datasets, computational
inefficiency, and suboptimal search strategies. Its binary representation and
amalgamation of teaching and learning strategies enable systematic
evaluation of feature subsets, enhancing model accuracy and interpretability
in ML applications. This innovative method offers a robust solution for
addressing the challenges faced by traditional methods.

Let M; be the mean, and T; be the teacher at any iteration i. T; will
try to move mean M; towards its own level. First students are trained with
the assistance of a teacher. Assume that ‘s’ represents the number of
features in each iteration k. Attributes, {f=1,2,....s}, ‘t’ is the number of
instances i.e., population, individuals, {i=1,2,...t}.

BTLBO is a teaching-learning optimization algorithm that stimulates
the teaching and learning process in a classroom. It involves all students as
a population, with subjects similar to decision variables. The best learner is
considered a teacher, who transfers knowledge to all learners. The learner's
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performance is based on the fitness value of the individual in the
population. TLBO operates in two phases: teacher and learner (Figure 2).

Algorithm 1. BTLBO [42]
Etep 1: Initialize several instances (binary population), several subscripts and Xy ; x
nd an end condition.
Step 2: Calculate the mean for learners as My
Step 3: Using equation (2), determine the fitness of people.

Fitness (Xf ;) = Accuracy (Xy ; x)- 2)

(Teacher Phase)
Step 4: Upgrade students with the assistance of the instructor. i.e. teacher phase
(a) Choose the highest fitness value from the group as a teacher.
(b) Calculate the mean variation for all traits concerning the best
individual as shown in the equation

Diff Meany ;. = 1(Xy i pest,k - TrMs i), 3)

where X ; pest x the best individual in f. Ty, teaching factor with the value 1 or 2,
1 is the random number ranging from 0 to 1.

(c) The best person serves as a teacher and mentor to others.

(d) X;,i,k = 0, lf Xf,i,k + Diff_Meanf,k <05

Xfix = 1,if Xy, + Diff Mean; > 0.5, )

where X/ ; ;, the trained value of Xy,

If the result X/, is better than Xf;, Otherwise, replace the previous

value with the new value.

Step5: updates each learner with the assistance of other learners using the eq (5,6)

(Learner Phase)

a) Select two cases U and V that satisfy the criterion X/orq1-yx # Xiorar—v k at
random, Where X_(total-U, k)™ , X_(total-V k)™ of U and V respectively

b) If X{orai—u k is better than X/ a1y g

Xfye = Vit X}y pe + 1K = Xy i) = 05). ®)
Or
XfoU,k =0 ifX;,U,k + 1% + (X},V,k - XIL,U,R) < 0.5. (6)
X;,’U,k =1 ifoL,U,k + 1+ (X/‘L,V,k - X/‘L,U,k) > 0.5.

c) If X (fUk)""= is better than X (f,Uk)", then continue the prior value,
otherwise, substitute the previous value.

Step 6: if the stop condition is pleased, then report the result, then go the second

step
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Fig. 2. BTLBO Algorithm Flow Chart [40]

This approach uses binary bits 1 and 0 to signify the presence or
absence of a characteristic in a population, with the length of the binary
string corresponding to the number of levels in each dataset. In the
instructor phase, the mean value reflects the likelihood of a feature's
appearance, while the difference mean describes learners' variation. The
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teacher with the highest accuracy is named. Wrapper-based feature
selection approaches use predictive models to evaluate population fitness,
with classification accuracy as a fitness value. The teaching factor will be
chosen at random from 1 to 2. The classification accuracy can be expressed
as

CA= correct classified Instances/Total Instances. 2)

An individual with the lowest error rate or the highest accuracy will
determine the last solution of optimal characteristics selection. The
individuals added to the dataset are utilized to teach NN to boost
effectiveness. The process for the optimum number of iterations is
executed, and the method flow as shown in Figure 2 is presented. The
BTLBO algorithm was created in the study to select an optimal subset of
characteristics from an extensive database. Once features are selected, they
are then refined into a categorization pipeline using CNN and the XGB
classifier, combining the strengths of both techniques to improve
classification performance.

3.3. Hybrid CNN-XGB Classifier. The proposed method combines
CNN with the XGB classifier, resulting in a powerful combination for
effective classification tasks. This hybrid approach is chosen to take
advantage of CNN's capabilities in capturing intricate spatial hierarchies
and patterns from complex data, such as images or sequences. CNN excels
at automatic feature extraction, producing high-level representations
required for reliable classification [44]. The subsequent use of the XGB
classifier adds a layer of ensemble learning, allowing for efficient handling
of nonlinear relationships and improving overall model performance. The
proposed method enhances classification accuracy and interpretability by
using CNN for feature extraction and XGB for ensemble-based
classification. This approach addresses limitations in previous research,
such as high-dimensional data handling and complex feature relationships,
by combining deep learning and gradient boosting for optimal predictive
accuracy. The CNN structure is in Figure 3.

The input layer is followed by another convolutional and pooling
layer, which is a sub-sampling layer. The pooling layer then pools relevant
features and performs the extraction function, and the unused features are
clarified out in convolutional and pooling layers. This work presents a new
intelligent deep classification algorithm using the CNN algorithm with
IF...THEN rules. [45] The CNN XG classifier conducts fusion and
maximal pooling operations, representing convolution for a pair of
functions f, g using an integral equation for the operator t.

1854 Undopmaruka u aBromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



INFORMATION SECURITY

F*® =" f@gt—ndr = [~ f(t - Dg(D)dr. (3)
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Fig. 3. Representation of the combined proposed technique

The CNN consists of dual convolutions, two batch normalizations,
two dropouts and one max pooling layer, all of which are designed to
automatically capture hierarchical representations from input data. Once the
CNN has extracted these complex features, the feature set is fed into the
XGB classifier for the final classification stage.

f) = (4)

x+1)
[ x ]

The XGB classifier excels at leveraging ensemble learning via
gradient boosting, which creates a series of decision trees that collectively
improve the model's predictive capabilities. The features extracted by the
CNN serve as high-level representations of IoT data, capturing patterns and
complexities that are critical for distinguishing between normal and
anomalous network behaviour. The XGB classifier, which is adept at
handling complex relationships and non-linearities, refines these features
using a boosting process. The XGB algorithm uses CNN-extracted features
to refine decision boundaries in a classification workflow. Each decision
tree in the ensemble contributes to the overall classification decision,
combining the strengths of multiple weak learners. This integrated approach
ensures the model learns intricate features and refines them through the
ensemble-based learning strategy of XGB. The final classification output
distinguishes between normal and malicious IoT activities, providing a
reliable and adaptive intrusion detection system for IoT environments.

4. Results and discussion. The study highlights the effectiveness of
the synergistic approach to IoT Intrusion Detection System, which integrates
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SMOTE-Tomek link, BTLO, Convolutional Neural Network, and XGB
classifier. This section provides the dataset description, performance of the
proposed method, evaluation metrics, and comparison. During the process, a
Python tool is used for implementation with the tensor flow library.

4.1. Dataset description. The [0T-23 [41], [43] dataset is a crucial
resource for IoT security and intrusion detection research, derived from
real-world devices, simulated environments, and network traffic captures. It
provides comprehensive insights into IoT operations, including network
traffic attributes, device-specific information, and normal behavior. The
dataset is essential for model training and evaluation, as instances are
labelled to indicate potential intrusions. The analysis is carried out using
I0T-23 dataset consists of 20 malware catches accomplished in [oT devices
and 3 captures for benign IoT device traffic. The [oT-23 dataset consists of
twenty-three different [oT network traffic recordings called scenarios.
These scenarios are divided into 20 network captures of pcap files from
infected IoT devices in the name of the malware executed on each scenario
and three network captures of real IoT device network traffic. The dataset,
which covers a wide range of anomalies in IoT ecosystems, is crucial for
robust intrusion detection models due to its potential for class imbalance, a
common challenge in real-world datasets.

4.2. Experimental Settings. For the evaluation of this research, the
total number of samples is (1211513, 31). After preprocessing by removing
the zeros and null value, the number of samples is (981934, 31). The
proposed technique split the samples into 75% (736450, 31) for training and
25% (245484, 31) for testing. The number of class instances was used to
calculate class weights, so the class with the fewest instances will have a
high weight. Each CNN model was trained with a batch size of 32 and 10
iterations using the Adam optimizer with a learning rate of 0.001 for 100
epochs. Early halting reduces the possibility of excessive fitting, which
happens when a model is refined over an abundance of eras. The batch size
increased and a number of epochs lowered to see if the model's accuracy
improved. For training and validation sets, the precision and loss of each
model were evaluated at each epoch value.

4.3. Metrics for evaluation. The performance metrics are evaluated
using the following values:

Accuracy:

| B TP +TN 5
Curacy = umber of all samples in the testing sets’ 2
Precision:
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Precision = ——. (6)
TP+FP
Recall:
TP
- 7
Recall TP L FN @)

The value recall is equal to the sensitivity value.
Specificity: relates to how successfully a classifier can identify bad
outcomes.

TN

Specificity = ———~ 8
pecificity TN + FP (®)
The value of specificity is equal to the True Negative Rate (TNR)
value.
Fl1:
Fmeasure = : :f;j;lz:;:ezzzl : 72TP-:;IIZ+FN' (9)

PPV termed a positive predictive value, which is calculated by

TP

NPV negative predictive value, which is calculated by
TN
NPV = s (11)

where TP, TN, FP, and FN represent the true positive, true negative, false
positive, and false negative.

4.4. Evaluation Findings and Comparisons. To detect intrusions,
the experiment used the CNN_XGG algorithm. Sensitivity, Specificity,
PPV, and NPV results for multiTable.1 provides the experimental result of
the proposed work which was compared with three different learning-based
IDS models that work in the IoT-23. Each subset is used to evaluate
CNN_LSTM, CNN_BiLSTM, CNN_GRU, and also proposed CNN_XGB
models. The accuracy, precision, recall, and F1, Sensitivity, Specificity,
PPV, and NPV score, of the IoT-23 dataset using CNN_XGB by comparing
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with the existing ranking algorithm [37] of these models are presented in
Figure 6. CNN_XGB model performs better than existing models. A single
hidden layer CNN successfully classified normal and abnormal situations in
the IoT-23 dataset [37], demonstrating its ability to learn meaningful
patterns from network traffic data, making this result impressive in
detecting normal and anomalous occurrences in the [oT-23 dataset.

In the training phase, the weights for classes were computed
according to the number of occurrences for every group; the minority class
with a small number of instances will receive better priority. SMOTE
followed to correct the class imbalances. The evaluation of the proposed
model is shown in Table 1.

Table 1. Performance assessment of the proposed model

Metrics Proposed model
Accuracy 99.90 %
Precision 99.51 %

Recall 99.95 %

F1 99.20 %
Sensitivity 99.91 %
Specificity 100 %

PPV 99.92 %

NPV 100 %

Error rate 0.012

The novel model was validated by separating the dataset presenting
accuracy performances of CNN and XGB algorithms in Figure 4, the
training loss of the DL algorithm mentions a link between training loss and
the number of epochs in the proposed work (Figure 5). The comparative
evaluation of IoT Intrusion Detection Systems is shown in Table 2.

—— Training Accuracy 0.990

0.9920
0.985

0.980
0.9915

S o
©o ©
P~
S v

Accuracy
Accuracy

0.9910
0.965

0.960
0.9905

0.955

Validation Accuracy

0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

Fig. 4. Training/Validation accuracy
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—— Training loss

Validation loss

Table 2. Performance Comparison of IoT IDS Approaches of multi-class

40 60
Epoch

80

100

0
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Fig. 5. Training Vs validation loss

Epoch

80
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classification
Algorithm Acc‘}lracy Pre(‘:‘lslon Ricall E 1 SenstVlty Specﬂlﬁcny P‘I"V NDPV
(%) (%) ) | (%) (%) (%) %) | (%)
CNN_LSTM[37] 99.83 99.11 | 98.92 {99.01 99.83 99.96 99.83199.98
CNN_BILSTM[37] | 87.99 99.29 | 97.87 |98.56| 98.87 99.97 99.87199.99
CNN_GRUJ37] 86.99 99.18 [ 99.01 {99.09| 99.86 99.98 99.86199.98
Proposed 99.90 99.51 ]99.95199.20| 99.91 100 99.92| 100

Table 2 shows that the proposed DL-based IDS models obtained
better performance in identifying various forms of cyberattacks compared to
existing features. In research paper [38], the RNN model gained an
accuracy of 98.31%, so it was concluded that a DL model might
considerably improve accuracy, permitting efficient security against threats
in IoT systems. The suggested CNN model's accuracy was very low.
However, the proposed model CNN_XGB showed high accuracy compared
to other multi-class classifiers. From Table 3, it can be seen that the
accuracy rates of DL-based IDS models are comparable, which shows the
proposed model achieves the lowest error rate among IDS models [39]
belonging to the CNN_XG ensemble by 0.012.

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print)
ISSN 2713-3206 (online) www.ia.spcras.ru

1859



NHOOPMALIMOHHA S BE3OITACHOCTD

.88

Accuracy(%)
E & 8 3% % 3 3
e ¢ & & = 3 32
Precision(%)
8 8 28 8 8 8 ¢
g8 B 8 8 8 & ¥

s
10
=]
=1 =
ﬁE g & = E & 2
d 3 =' 2 2 S 4
= d & =
g g ' 5 € § =' g £
Models Models
a) b)
1000
s
s -
_ e
£ wo g
s T ons
] &
« pog=TY
s &
s
98.0 a6
> o
g 3 2 g I3 = 2 4
9 g 5 g g g o 4
= 3 H s =' = 5 £
s =z S < g = =
S L=
Models Models
¢) d)
w2
100.000
o
P
z Ema
T wen g
3 o T —
99.985
.80 -
= = 2
3 2
& & & ] g 5 §
N 5 87 =' 3 z I3
o & & < 3 z 5] &
Models Models
©) f)
100.000
»s 99.995
-
a7 -
Z £ o
S 4 &
z E mow
2 8 o
& 2 &
-
. 99 965
wseo
= = >
5 & & 4 = z 2 ]
= E 4 = g 9 g 9 8
H =' g £ =' 3 z' &
5 & = g &
Models o
Models

g) h)

Fig. 6. Comparison Results: a) Accuracy; b) Precision; ¢) Recall; d) F1-score;
e) NPV; ) PPV; g) Sensitivity; h) Specificity

1860 Wudopmaruka u asromartusanust. 2024. Tom 23 Ne 6. ISSN 2713-3192 (nieu.)
ISSN 2713-3206 (oHuaiin) www.ia.spcras.ru



INFORMATION SECURITY

Table 3. Performance of the system multiclass classification and error rate

variations
Algorithm Accuracy (%) Error Rate
CNN_LSTM[39] 99.83 0.092
CNN BILSTM[39] 87.99 0.1
CNN_GRU[39] 86.99 0.016
Proposed 99.90 0.012

As a result, it is proposed to balance the dataset. To address this
issue, the oversampling approach was utilized to balance the datasets.
Synthetic samples for the minority class are generated using SMOTE-
Tomek for regional expertise instead of undefined facts regarding the
faction category. The model successfully reflects the dimensional and
secular connection of normal spotting challenges. The proposed
methodology can be used to detect and evaluate anomalies in a wide range
of 1oT applications and data. Thus, CNN_XGB is capable of dealing with
huge amounts of data which performs superior when dealing with huge
quantities of information.

5. Conclusion. Through the creation of an IDS, this research article
proposed a creative approach to improve the security of IoT environments.
The observation is carried out on the IoT-23 dataset, and the results show
that the proposed technique achieves good performance. The findings of the
proposed work show that this combined learning technique with a balanced
high-performing feature selection method, SMOTE-Tomek,
CNN_XGBoost, and Adam Optimizer achieved a high accuracy of 99.90%.
The integration of the proposed model contributes to constructing a strong
and scalable IDS that can be applied to various IoT scenarios. Thus, our
research work has practical applications and paves the way for further
innovation in IoT security, ultimately contributing to the growth of secure
and resilient IoT ecosystems. Future work should integrate the IDS with
SIEM (Security Information and Event Management) solutions to give a
more comprehensive security ecosystem for IoT networks. This can
enhance the system's ability to correlate events and provide a holistic view
of security.
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U. HAPASIHAPAO, B. MAHJATIATU, b. oy
CUHHEPTETHUYECKHUE NIOAXOJbI K YJIYUYIIEHUIO
OBHAPYXEHHUS BTOP)KEHUIM B UHTEPHET BELIEH (10T):
BAJIAHCUPOBKA XAPAKTEPUCTUK C TIOMOIIbBIO
KOMBHUHUPOBAHHOI'O OBYUYEHUS

Hapasnapao 4., Manoanamu B., Foody b. CuHepreTHuecKne MOAXOAbI K YJyYLIEHHIO
o0Hapy:keHusi Brop:keHuii B MutepHer Bemeii (IoT): 0anaHcMpoBKa XapaKkTepHCTHK
€ IOMOIIbI0 KOMOMHHPOBAHHOTO 00yYeHHs.

Annotauus. Nurepuer Beueii (IoT) urpaer BaxHyIo poib B 00ecriedeHnH 6e30IacHOCTH,
[pPEeNOTBpalas  HECAHKIMOHHPOBAHHBI  [JOCTYN,  3apaKeHWs  BpeqoHOcHeM 10
u 3noHamepeHHble feiicTBus. loT oTciexuBaer cereBod TpaduK, a TAKKE I[IOBEACHHE
YCTPOMCTB JUISL BBIABICHUS IOTCHLIHAIBHBIX YIPO3 U HPHHATHS COOTBETCTBYIOIIUX Mep
nporuBozeiicTBus. TemM He MeHee, CyIIECTBYeT MOTPEOHOCT B CHCTEME OOHApyXCHHS
ropkeHuil (IDS) IoT ¢ ymydmieHHBIMH BO3MOXHOCTSMU OOOOIIEHUS, HCIONB3YIONIeit
ri1ybokoe oOydeHHe M IepenoBble METO/bl OOHapyKeHHs aHoManuid. B 3ToM mccienoBaHnu
MpeACTaBIeH MHHOBAMOHHBII noaxon Kk IoT IDS, koroperii coyeraer B cede SMOTE-Tomek
u BTLBO, CNN ¢ XGB kiaccugukaTopoM, KOTOPbIH HalpaBieH Ha yCTpaHeHUe aucOaiaHnca
JIaHHBIX, TOBBIICHHE NTPOU3BOAUTEIBHOCTH MOJENH, CHI)KEHHE KOJNMYECTBA HENPaBHIBHBIX
KiIaccuuKanyii U ynydieHue oOLIero KauecTBa HaOopa JaHHBIX. [IpenyiokeHHas cucrema
obnapyxenus BTopskeHud IoT, ucmoms3yss Habop gammeix loT-23, mocturaer 99,90%
TOYHOCTH M HHU3KOTO YPOBHS OIIMOOK, TpeOys HPH STOM CYIIECTBEHHO MEHbBIIE BPEMEHU
BEINIOJIHEHUS. JTa paboTa IpencTaBiseT co0Oil 3HAYMTENBHBIM HIar Brepe] B 00JacTH
6e3omacHoctu 10T, mpemnaras Hagexnoe u sddexruBHoe pemeHue IDS, apantupoBaHHOE
K MEHSIOIIIMCS TPoOJIeMaM B3aHMOCBSI3aHHOTO MHpa.

KiroueBbie cioBa: munuMakcHas Hopmanusanusi, SMOTE-Tomek Link, anropurm
BTLBO, CNN ¢ XGB, ontumu3zarop Adam.
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USING SELF-ATTENTION MECHANISMS

Dong H. Convolutional-free Malware Image Classification using Self-attention Mechanisms.

Abstract. Malware analysis is a critical aspect of cybersecurity, aiming to identify
and differentiate malicious software from benign programmes to protect computer systems
from security threats. Despite advancements in cybersecurity measures, malware continues
to pose significant risks in cyberspace, necessitating accurate and rapid analysis methods.
This paper introduces an innovative approach to malware classification using image analysis,
involving three key phases: converting operation codes into RGB image data, employing a
Generative Adversarial Network (GAN) for synthetic oversampling, and utilising a simplified
Vision Transformer (ViT)-based classifier for image analysis. The method enhances feature
richness and explainability through visual imagery data and addresses imbalanced classification
using GAN-based oversampling techniques. The proposed framework combines the strengths
of convolutional autoencoders, hybrid classifiers, and adapted ViT models to achieve a balance
between accuracy and computational efficiency. As shown in the experiments, our convolutional-
free approach possesses excellent accuracy and precision compared with convolutional models
and outperforms CNN models on two datasets, thanks to the multi-head attention mechanism.
On the Big2015 dataset, our model outperforms other CNN models with an accuracy of 0.8369
and an AUC of 0.9791. Specifically, our model reaches an accuracy of 0.9697 and an F1 score of
0.9702 on MALIMG, which is extraordinary.

Keywords: malware classification, cybersecurity, deep learning, transformer.

1. Introduction. Malware analysis is essential for identifying
malicious software on a host system and distinguishing it from benign
programs. Despite significant advancements in cybersecurity measures,
malware remains a potent hazard in cyberspace. Given the challenges posed
by malware, accurate classification techniques with efficient computation are
vital for safeguarding computers against infection or effectively removing
malware. The field of malware analysis faces two primary challenges: the swift
development and distribution of malware and the use of sophisticated evasion
techniques. The internet has accelerated the development and dissemination of
new malware, creating a vulnerability that can infect numerous systems despite
antivirus defences [1]. To meet the ever-evolving threats of cyberattacks,
recent advancements in research focus on real-time ransomware detection and
combining machine learning techniques in autonomous protection to combat
malware development and distribution and counter sophisticated evasion
techniques.

Understanding malware attacks and their methodologies is crucial for
developing robust defences against such threats, and this logic is utilised in
much of the existing research. Malware files can be analysed using static and
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dynamic approaches. Static analysis involves examining the code without
executing the file, enabling quick diagnosis [2, 3], while dynamic analysis
scrutinises the system and network behaviour of malicious files in a controlled
environment for a more thorough analysis [2, 4]. A newer method, in-memory
analysis, involves analysing memory snapshots of active processes to detect
unusual process activation consistently [4, 5]. In the domain of malware
analysis, numerous techniques have been deployed; traditional methods like
signature-based detection, string analysis, and malware binaries hashing still
retain a certain level of effectiveness. However, the sophisticated nature
of malware necessitates advanced detection strategies, as traditional ML
methods often struggle with high-dimensional data and extracting intricate
patterns. A recent survey [6] highlights that DL often outperforms traditional
ML techniques in malware detection and analysis tasks, attributed to its
automatic feature extraction, capacity to learn non-linear relationships, and
prowess in image analysis. DL has long been employed in network intrusion
detection [7, 8] and emerged as a viable option for extracting insights in malware
analysis, with convolutional neural networks (CNN) gaining popularity due
to their strong capability in feature representation learning and working with
imagery inputs [2, 4, 9]. The progress in contemporary malware analysis
research is indeed valuable; however, the development of malware classification
techniques with better accuracy, fast computation, and generalisability is worth
researching. Overall, effective malware classification should provide highly
accurate performance and scalability to protect against network-wide attacks in
various system environments, as well as demonstrate adaptability to evolving
threat landscapes.

This paper introduces an innovative malware classification method
through image analysis, comprising three phases: translating operation codes
into RGB image data, deploying a Generative Adversarial Network (GAN) for
adaptive synthetic oversampling, and implementing a self-attention block-
based classifier for image analysis. Initially, the binary files of analysed
programmes are transformed into RGB image data for imagery analysis. The
adoption of the 3-channel RGB format is justified due to its widespread
prevalence as the standard colour model in DL frameworks. Pre-trained
CNN s are typically trained on large-scale datasets like ImageNet, and this
standard enables seamless integration of pre-existing models without extensive
modifications, as demonstrated by the practicality of the transfer learning
approach in this context, which simplifies implementation and fine-tuning
processes. To tackle the challenge of imbalanced software sample classification,
we utilise GAN-based oversampling techniques to create synthetic samples
for minority classes. Within this framework, the generator is designed as a
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convolutional autoencoder (AE) with denoising capabilities, pre-trained on
the comprehensive dataset; conversely, the discriminator functions as a hybrid
classifier to discern the “fake” samples produced by the generator; this strategy
mitigates the effects of imbalanced data on model performance. Finally, we
adapt the self-attention blocks for image classification. Instead of employing
the original ViT model with 16 transformer blocks, we adjust its structure and
depth to achieve an equilibrium between accuracy and computational efficiency.
The experiments demonstrate that the light transformer model outperforms all
CNN models in malware classification challenges, with an accuracy of 0.80
on Big2015 and 0.966 on MALIMG, respectively.

The novelty of the proposed methodology lies in its multifaceted
approach to enhancing malware classification via advanced image analysis
techniques. First, the integration of GAN for adaptive synthetic oversampling
is particularly noteworthy; it not only alleviates the prevalent issue of class
imbalance in malware training datasets but does so by generating high-quality,
diverse synthetic samples that improve the robustness of the classifier. The
use of AE as the generator with denoising capabilities refines this process by
ensuring that the synthetic malware images contribute positively to model
training without introducing noise. Secondly, the strategic modification
of the self-attention block-based classifier by optimising the ViT model
structure showcases an advanced approach with both accuracy and efficiency.
This tailored adaptation offers a scalable, efficient solution to contemporary
cybersecurity challenges.

The paper is structured as follows: Section 2 provides a review of
the existing literature on malware analysis, mainly image-based techniques.
Section 3 outlines the proposed workflow and techniques. Section 4 details
the experimental setup, results, and discussions. Finally, Section 5 offers
conclusions and discusses potential future research directions.

2. Related Work. Recent advancements in data mining, machine
learning, and deep learning algorithms have significantly enhanced the
effectiveness of malware analysis. While various deep learning (DL) models
can be utilised for security domains, there is a growing trend towards the
application of AE. In study [10] the authors employed an AE model for
network-based anomaly intrusion detection and malware classification, aiming
to improve performance across different evaluation metrics. Paper [11]
conducted an analysis of Android malware using image classification,
employing AE with three distinct structures: a feed forward network, CNN,
and VGG19, for representation learning. The experimental results underscore
the exceptional representation extraction capabilities of CNN-based models.
In paper [12] the authors introduced a hybrid DL approach that combines
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CNN with bidirectional LSTM for malware detection. Study [13] integrated
attention mechanisms with CNN to direct the model’s focus towards regions
of higher importance for the classification task during the learning process.
Paper [9] developed a malware detection framework using Depthwise
Efficient Attention Module and DenseNet, using spatial pyramid pooling to
improve detection performance and overcome obfuscation sensitivity and
computational overhead. The attention-based approach in these models is built
upon convolutional layers. Despite the promising results in the referenced
paper, there are limitations associated with using convolutional-based
attention mechanisms. CNN may struggle to learn representations from
long-range dependencies due to the constrained receptive field of convolutional
layers, potentially hindering the model’s ability to grasp global context and
relationships among distant elements in the input sequence.

Recently, transfer learning (TL) has emerged as a prevalent methodology
within security research. This technique, by applying knowledge gained from
addressing one issue to a similar and related one, can mitigate the issue of
inadequate training data and enhance the capability to detect malware or
network attacks with great robustness. A notable application of TL involves an
automated vulnerability detection method that converts source code into a
minimal intermediate representation, employing pre-trained convolutional
classifiers for analysis, demonstrating high granularity [14]. Research
employing TL frequently favours CNN-based models, not only for malware but
also for conducting network traffic analysis. Study [15] introduced a ConvNet
model that employs transfer learning for network intrusion detection, markedly
improving the detection accuracy for both known and novel attacks, as verified
through experiments on the NSL-KDD dataset. Additionally, a ConvNet-based
malware detection model, through a novel framework that incorporates a deep
unsupervised pre-training clustering technique, surpassed the performance
of ConvNets with a shallower structure [16]. TL-based approaches often
necessitate deep models, especially for malware imagery analysis. While a
shallow CNN model with merely three convolutional layers and one feed
forward layer may suffice for network intrusion detection due to fewer
features [17], opcode-based malware images typically demand more layers for
effective representation learning. In the Malbert framework [18], a deep model
comprising twelve encoder blocks for representation learning, a pre-classifier
layer for anomaly detection, and a malware classification layer were used.
Despite its complex structure, Malbert surpassed other deep learning models,
such as LSTM, and ensemble learning models, such as Random Forests.
A study comparing pre-trained CNN models for malware classification
underscored the efficacy of TL and examined prevalent challenges like
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over-fitting and high resource consumption, utilising simpler CNN models like
MobileNet and ResNet50 [19]. Ultimately, the study revealed the importance
of employing deep and complex models, where MobileNet showed more stable
outcomes than ResNet50, yet with fewer parameters, indicating a potential
equilibrium between classification efficacy and resource efficiency.

The existing literature underscores the effectiveness of CNNs and AEs
in security domains, particularly malware analysis capabilities. Furthermore,
the adoption of TL strategies, leveraging data from related fields, has been a
cornerstone in advancing security solutions. Building upon the remarkable
progress spotlighted in recent studies on malware detection through DL
techniques, this paper proposes a novel malware analysis framework integrating
self-attention mechanisms and GAN oversamplers with convolutional AE
as generators. This research aims to utilise the inherent strengths of ViT
self-attention frameworks while implementing a relatively lightweight model
structure. Moreover, by employing convolutional AEs within GANs to generate
oversampled data, this study seeks to address the challenges of imbalanced
datasets, a recurrent issue in malware classification tasks.

3. Methodology. Figure 1 illustrates the overall workflow of the
proposed method, which comprises three major steps: malware conversion,
GAN-based oversampling, and image classification. Transforming malware
binaries into images is a common initial step in imagery-based malware
analysis approaches, aimed at visually representing binary data for pattern
detection using image analysis techniques. Malware files in any binary PE
format will have each byte read as an 8-bit unsigned integer before being
organised into an imagery array for further processing. Starting with the
original malware samples, the binary files are opened in binary reading
mode. Each byte of the binary data is then converted into its hexadecimal
representation. Subsequently, the hexadecimal values are used to create
images: in greyscale images, each hexadecimal value corresponds directly
to a pixel value, where 0x00 represents black and OxFF represents white,
with intermediate values translating to shades of grey; in RGB images, the
hexadecimal data is distributed across the three-colour channels (Red, Green,
Blue). Finally, the numeric array dimensions are reshaped to the desired image
array size, typically from 128*128 to 256*256 pixels per channel.

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1873
ISSN 2713-3206 (online) www.ia.spcras.ru



NHP®OPMAILIMOHHA S BE3OITACHOCTb

Imagery Conversion

binary_file.read
binary to hexadecimal conversion

m array.reshape
10110
01001

Image.fromarray

Binary Files Hexadecimal

Transformation

v
GAN Oversampler

Criginal

data \

pre-train Discriminator

¥ /
Generator L

Generated data

classification
loss

Imagery Classifier

Fig. 1. The workflow from imagery generation to classification

Following data preparation, the initial step involves analysing the
distribution of different classes. Since certain types of malware are relatively
scarce, data imbalances emerge. To address this issue, a GAN-based
oversampling technique is employed to rectify the skewed class distribution by
generating synthetic samples. Lastly, a self-attention-based convolution-free
image classifier is devised for the classification task. A comprehensive
elaboration of these pivotal stages is provided in the following sub-sections.

3.1. GAN-based Oversampling. GANs are a class of artificial
intelligence algorithms proposed by the authors in [20]. GANs consist of two
neural networks, the generator and the discriminator, which are concurrently
trained in a competitive manner. The generator’s objective is to create data
that closely resembles the original input, while the discriminator’s role
is to distinguish between generated and authentic data. This adversarial
framework compels both networks to enhance their performance, culminating
in the generator producing remarkably realistic results. GANs can acquire
deep representations by propagating back-propagation signals through the
competitive training of the generator (G) and discriminator (D). Through
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pre-training, G learns from original input X and endeavours to generate
synthetic samples X' that closely match X, hence aiming to minimise the
reconstruction loss. On the other hand, D receives both generated data and
original input and aims to identify fake data from the real ones, leading to
the objective of minimising the loss for the binary classification task. The
objective of the loss function of the GAN framework can be represented as
follows:

mci;anaxg(D,G) =E, p[logD(x)] +E_.p () [log(1 = D(G(2)))], (1)

where P(X) represents the distribution of the original data and P(z) is the
distribution of the generator’s noise input z. Function G(z) maps random
noise to generator models with weights learned from original data, namely
learns from X and generates X’; meanwhile, function D(x) represents the
probability of identifying that x is real data rather than generated. During the
optimisation process, the former should be minimised, and the latter should
be maximised. By playing this min-max game, the generator G is forced
to produce more realistic samples matching the training data distribution to
fool the discriminator, allowing GAN to generate new synthetic samples for
minority class enhancement.

A GAN-based oversampling technique could work well with
sequential network traffic data, in which a simple model structure with
only one-dimensional layers is utilised [21]. For malware imagery analysis,
a more complicated model structure is essential. Figure 2 illustrates the
GAN oversampler’s model structures. The generator is designed as a deep
convolutional AE, where both the encoder and decoder comprise two
convolutional blocks. Each encoding block consists of three Conv2D layers
and one Pooling2D layer. In the latent space, an additional convolutional layer
is added. Subsequently, the decoder commences the reconstruction process
in two blocks, each featuring three Conv2D layers and one UpSampling2D
layer. The convolutional layer units are consistent within each block, with
the units across the four blocks specified as “64, 128, 256 for the latent
space, 128, 64,” respectively. Finally, the reconstruction phase yields the
output using a Conv2D layer, producing a 3-channel output representing
the reconstructed image. The discriminator initiates with 128-unit initial
convolutional layers, followed by batch normalisation and global average
pooling. Batch normalisation aids in stabilising the model training and
accelerating convergence. Global Average Pooling, instead of flattening
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the multi-dimensional layers directly, reduces the total parameters and
enhances computational efficiency by leveraging a globally learned parameter
set. Moreover, it directs the network to prioritise crucial features, thereby
improving interpretability and generalisation. Subsequently, a dropout layer
is incorporated to prevent over-fitting, followed by two feed forward layers,
among which the last layer is for binary classification output.
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Fig. 2. The workflow from imagery generation to classification in GAN Oversampler

Algorithm 1 presents the training and oversampling process of
GANOversampler, primarily focusing on enhancing the representation
of minority classes in the dataset. This process generally includes GAN
initialisation, a pre-training generator, and oversampling by training and
applying the discriminator. The input of the oversampler takes feature sets
X _train and label sets y_train as input. During initialisation, the default
minority class threshold is set at 1000, which is adjustable. This quantification
is selected based on the observations across selected experimental datasets, in
which a threshold of 1000 sufficiently equalises the representation of minority
samples. In the oversampling phase, the discriminator differentiates samples
by assessing their predicted probabilities. A threshold of 0.5 is employed
as a critical distinction, where samples above this threshold are deemed
indistinguishable from genuine data by the discriminator. These selected
samples are then used in the oversampling process to enhance minority class
representation. The final outputs of the algorithm are an oversampled feature
set and an oversampled label set.
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Algorithm 1. GANOversampler

1: G = generator()
2: D =discriminator()
3: define GAN(G, D)
4: decide an array of the class id of minorities minority_class_id
5: decide the threshold of minorities threshold = 1000
6: Prepare the input data, feature set X_train and label set y_train
7: Train the discriminator on the original data G. fit(X_train)
8: for i € minority_class_id do
9: Create subset filtering by minority id X (i), y(i)
10: Count the current volume of i class cnt = len(y(i))
11: while cnt < threshold do
12: Generate synthetic samples sample_raw = G.predict(noise)
13: Keep only those samples predicted to be True new_samples =
sample_raw[D.predict(sample_raw) > 0.5]
14: Add new_samples into X _train and y_train and update cnt
15: end while
16: end for

17: Shuflle the updated X_train and y_train

The generator learns the complex distributions and generates new data
instances, while the discriminator evaluates their similarity to real data. This
adversarial process continuously improves the quality of synthetic samples to
closely mimic real data characteristics, demonstrating the generator’s ability
to learn and replicate the target distribution. With a customised threshold
indicating the preferred volume of minorities, the oversampler can generate
synthetic samples of under-represented classes from original volumes to
the desired one, thereby balancing the dataset and providing equal training
opportunities for all classes. Among traditional oversampling methods, simple
random oversampling only copies the original samples. K-nearest-neighbour
(KNN)-based methods like the Synthetic Minority Oversampling Technique
(SMOTE) and the Adaptive Synthetic (ADASYN) fall short when working
with high-dimensional data and can be time-consuming due to the computation
of KNN. GANSs, on the other hand, can navigate these high-dimensional spaces
to produce more accurate and feasible synthetic data. The model is trained
extensively before performing oversampling; hence, it will not be as time-
consuming as KNN-based oversampling methods. Overall, the introduced
oversampling technique excels not only in enhancing the sample size but also
in preserving the quality and diversity of synthetic data, thereby ensuring that
the augmented dataset supports effective model training.

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1877
ISSN 2713-3206 (online) www.ia.spcras.ru



NHP®OPMAILIMOHHA S BE3OITACHOCTb

3.2. Self-attention-based Classifier. As mentioned in the previous
session, while convolutional-based attention mechanisms are effective for
modelling local dependencies, they may struggle to effectively capture and
utilise long-range relationships across the input data. On the other hand,
self-attention mechanisms, as employed in ViT, allow for the modelling
of interactions between all input elements simultaneously without being
constrained by fixed receptive fields. This enables ViT to capture long-range
dependencies more effectively and facilitates better integration of global context
into the model’s representations.

Our study suggests utilising the self-attention mechanism for the
classification of malware imagery. This mechanism was initially introduced in
the transformer model for machine translation [22], comprising an encoder and
a decoder. The encoder consists of stacked self-attention and fully connected
layers, while the decoder integrates multi-head attention over the encoder
output. The attention mechanism employed is known as Scaled Dot-Product
Attention, which calculates dot products of queries and keys, scales them, and
applies a SoftMax function. With several input sets, queries, and keys with
dimensions of d; and values with a dimension of d,, a set of queries can be
packed into Q, K, and V respectively. Afterwards, the attention matrix can be
calculated as follows, in which the scaling factor 1/+/d is to counteract the
potential issue of large value dot products in case of large values of dj.

Attention(Q,K,V) = softmax(QK" /\/d;)V. 2)

Within the classifier, the initial input image undergoes patch
tokenization to divide it into multiple patches. These patches, referred to as
tokens, are subsequently embedded to derive the value vectors (V). Following
this, distinct linear projections are utilised on the value vectors to create
query (Q) vectors and key (K) vectors, which are essential for subsequent
self-attention operations. This query-key-value mechanism enables ViT
models to concentrate attention on the most pertinent areas of the input by
assessing the similarity between queries and keys [22]. In ViT, images are split
into small patches and treated as tokens [23], which are embedded and fed to
the transformer architecture. The position embedding, which is essential to
retaining the imagery patches’ positional information, is combined with patch
embedding as input too.

Figure 3 illustrates the model architecture of the proposed malware
classifier.
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Fig. 3. The model structure of malware classifier with multiple self-attention-based
blocks

Following image patching and embedding, the model incorporates
multiple self-attention blocks. Within each block, multi-head attention applies
separate linear projections to queries, keys, and values, enabling parallel
attention computations. Each multi-head attention module contains eight
attention layers in parallel, with reduced dimensions to ensure computational
efficiency. Layer normalisation is applied after each block to stabilise
training and mitigate issues such as vanishing gradients. Two feed forward
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layers utilising GELU activation top each transformer block for non-linear
transformation, and the block outputs are concatenated to represent the input
image. Residual connections link stacked transformer blocks. Subsequently,
a token extraction layer flattens the outputs, followed by dropout to prevent
overfitting. Finally, an additional feed forward layer extracts features while
the last layer classifies inputs. We optimise the block numbers based on
performance, aiming to find a balance between performance and relatively low
model complexity.

3.3. The Optimised Training Process. We employ several techniques
to enhance stable and efficient training, including the following: TL with
pre-trained weight parameters to leverage prior knowledge and avoid lengthy
training from scratch; implementing class weight initialisation based on the
proportion of classes in the dataset to address imbalance classification; utilising
adaptive learning rate during training.

3.3.1. Transfer Learning. It is common for software to contain
diverse types of malware, necessitating the classification of different malware
labels. Therefore, malware image classification inherently involves numerous,
imbalanced labels. Our approach pre-trains the classifier on the ImageNet
dataset, which is proven beneficial for learning generalised features [24].
Initially, the base model is trained on ImageNet with a 1000-class output setting
to learn sufficient parameters for complex classification tasks. Subsequently,
the output layer is removed, a dropout layer is added, and feed forward layers
with corresponding output units specified in the malware imagery set are
incorporated. This leverages the pre-trained model for feature extraction
from malware images, utilising the learned feature representations from
ImageNet. However, the final layers of the pre-trained model require retraining
for the new task to acquire task-specific weights. The base model layers are
initially frozen by setting their trainable parameter to "false," transforming the
pre-trained model into a fixed feature extractor for the new dataset. During
this phase, only the classification head layers, initialised randomly, are trained
to discern patterns from the extracted features, as outlined in Table 1. The
model undergoes training in the frozen setting for 20 epochs. Following the
training of the classification head, the base model layers become trainable by
setting their trainable parameter to True. Subsequently, the complete model,
encompassing both pre-trained and randomly initialised layers, undergoes
end-to-end fine-tuning on the target data for 20 epochs with a reduced learning
rate, as detailed in Table 1. This process facilitates further optimisation of
feature representations to achieve tailored adaptation to new tasks.
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Table 1. Classification Model Settings

Model Structure

InputLayer

Transformer_block (stacked)

LayerNormalization

ExtractToken

— output size(768)

Dropout — rate(0.2)

(Dense(256,activation="gelu", kernel_regularizer=regularizers.12(0.01))
Dense(num_classes, activation="softmax’, kernel_regularizer=regularizers.11(0.01))

Optimistion

Stage 1:

optimizers.AdamW (weight_decay=0.01, learning_rate=0.005)
Stage 2:

optimizers.AdamW (weight_decay=0.05, learning_rate=0.0001)

3.3.2. Weight Initialisation. To mitigate the impact of imbalanced data,
in addition to employing oversampling techniques to equalise the distribution
of different classes, we also incorporated class weights to prioritise the
minority classes during training. The initialisation of class weights entails
computing weights for each class according to their distribution in the training
dataset, aiming to tackle class imbalances. Algorithm 2 outlines the key steps.
The initialised class weights dictionary is then passed to the model during
compilation to account for class imbalance during training.

Algorithm 2. WeightInit

Prepare input: Original label set y_train
Extract the unique class labels unique_classes
Calculate the frequency of unique class labels class_counts
Calculate the total number of samples total = len(y_train)
for class_id € unique_classes do
weight (class_id) = total | (num_classes * count)
end for
Output: Standardised and return the class weight array W

3.3.3. Optimisation with Adaptive Learning Rate. Adam [25], an
adaptive gradient algorithm, has been widely favoured for compiling DL
models. However, there are variations that can enhance its performance.
According to an optimisation-focused study [26], L2 regularisation in Adam
is ineffective, and weight decay is only applied after parameter updates, even
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though weight decay is crucial for preventing over-fitting. This research
explores both L2 regularisation and weight decay regularisation, demonstrating
that the proposed Decoupled Weight Decay Regularisation (DWDR) is more
effective. The main concept behind DWDR involves adding an extra term for
weight decay during the parameter update step. With true label y and predicted
label ¥/, the original binary cross-entropy function can be presented as (3),
while the regularisation addition to the loss function can be represented as (4):

1 & .
BCE_loss = - Y (y'logy" + (1 —y)log(1 —y")), 3)
i=1
loss = BCE_loss + A Y w? 4)
- 2mé&

In which w represents the weight learned and A is a hyper-parameter
that need to be initialised manually. When using DWDR, the weight update
process from w; to w, is updated with a subtraction from the weights as (5),
in which [r represents the learning rate and 3 is another hyper-parameter for
weight decay. The term in the square bracket is the original updating step. In
this way, we reduce the updated weight by a small portion at each step.

Wit = [wy — Ir X gradient] — Ir X B X wy. (5)

As illustrated in Table 1, we initially freeze the base model and train it
with a larger learning rate and a smaller decay hyper-parameter, followed by
fine-tuning it with a smaller learning rate and a larger decay hyper-parameter.
In the first stage of training, this configuration accelerates the training process,
enabling the model to rapidly learn general patterns and features from new data.
It also enhances generalisation by allowing the model to adapt more effectively
to the new dataset. During the fine-tuning stage, the smaller learning rate
and larger decay contribute to stabilising the training process and preventing
over-fitting. We employ this approach to maximise the benefits of adopting
transfer learning.

4. Experiments

4.1. Dataset Description. To thoroughly validate the proposed
methods, we conduct experiments on two malware imagery datasets within a
multi-classification setting. Both datasets are divided into training, validation,
and testing subsets as pre-defined by the original authors. The first dataset,
Big2015 [27], was proposed by Microsoft and comprises 10,470 malware
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files from nine distinct families. Each file is characterised by an identifier,
a 20-character hash value, and a class label. The class labels, malware
types, and their original proportions in the training set, as well as after the
application of oversampling, are presented in Table 2. A backdoor is a type
of malware that permits unauthorised access to a computer system, typically
bypassing standard authentication mechanisms to facilitate remote control or
data theft. Adware constitutes unwanted software that displays advertisements
on a user’s device. Obfuscated malware is malicious software with code
deliberately obfuscated to evade detection by security software. A worm is
a self-replicating type of malware that exploits security vulnerabilities and
spreads across computer networks. A Trojan is a type of malware commonly
disguised as legitimate software. Similarly, a Trojan downloader is a type of
Trojan horse designed to download and install additional malware onto the
infected system.

Table 2. Data Summary for Big2015

Labels Malware Types Initial Weight ~ Weight after oversampling
Gatak Backdoor 9.3% 12.3%

Kelihos_verl Backdoor 3.7% 9.6%

Kelihos_ver3 Backdoor 27.1% 17.8%

Lollipop Adware 22.8% 15.0%

Obfuscator. ACY  Any obfuscated malware  11.3% 7.4%

Ramnit Worm 14.1% 9.3%

Simda Backdoor 0.4% 8.0%

Tracur TojanDownloader 6.9% 9.1%

Vundo Tojan 4.4% 11.5%

The second dataset, MALIMG [28], was proposed in the paper for
malware imagery visualisation research. It consists of 9,458 samples from 25
different malware families. The class labels and their original proportions in
the training set, as well as after the application of oversampling, are presented
in Table 3. Apart from the malware types covered in Big2015, MALIMG
contains several new types: Dialer malware is malicious software designed
to connect a system to a network or phone number for a fraudulent purpose.
Rogue malware is generally characterised by deceptive behaviour; it pretends
to be legitimate but can cause significant harm once installed. PWS, short for
Password Stealing Ware, aims at stealing sensitive information such as login
credentials, passwords, and other personal data.

The malware images contain transformed binary data, with sections
such as .text holding the executable code, .rdata containing read-only data like
constant values and strings, .data storing initialised data, and .rsrc housing
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specific resources used by the executable and version information. Various code
sections will be mapped to distinct textures within the images, as illustrated in
Figure 1. Our approach relies on learning these anomalous patterns to inform
the classification process by identifying similarities among the patterns.

Table 3. Data Summary for MALIMG

Labels Malware Types Initial Weight =~ Weight after oversampling
Allaple. A Worm 31.6% 13.5%
Allaple.L Worm 17.1% 7.3%
Yuner.A Worm 8.6% 3.7%
Instantaccess Dialer 4.6% 3.4%
VB.AT Worm 4.4% 3.4%
Fakerean Rogue 4.1% 3.4%
Lolyda.AA1 PWS 2.3% 3.4%
C2LOP.gen!g Trojan 2.1% 3.4%
Alueron.gen!J]  Trojan 2.1% 3.4%
Lolyda.AA2 PWS 2.0% 3.4%
Dialplatform.B  Dialer 1.9% 3.4%
Dontovo.A TojanDownloader  1.7% 3.4%
Lolyda.AT PWS 1.7% 3.4%
Rbot!gen Backdoor 1.7% 3.4%
C2LOP.P Trojan 1.6% 3.4%
Obfuscator. AD  TojanDownloader 1.5% 3.4%
Malex.gen!J Trojan 1.4% 3.4%
Swizzor.gen!l TojanDownloader  1.4% 3.4%
Swizzor.gen!lE  TojanDownloader 1.4% 3.4%
Lolyda.AA3 Dialer 1.3% 3.4%
Adialer.C PWS 1.3% 3.4%
Agent.FYI Backdoor 1.2% 3.4%
Autorun.K Worm 1.1% 3.4%
Wintrim.BX TojanDownloader  1.0% 3.4%
Skintrim.N Trojan 0.9% 3.4%

When resizing the imagery data for the classification task, we consider
the original image size in both datasets. For Big2015, where the original images
were standardised to the shape of (128, 128, 3), we utilise this shape as well.
For MALIMG, the original size varies, so we resize the data into a shape of
(224, 224, 3), as this is the standard input size for the original ViT model.

4.2. Baselines and Evaluation Metrics. In our comparative analysis,
we select three prominent CNN-based image classifiers to compare with
our convolution-free approach. The first model, Inception [29], leverages
parallel convolutional operations to effectively capture spatial hierarchies and
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patterns, characterised by its impressive depth of 22 layers. The second
model, MobileNet [30], is equipped with a novel efficient segmentation
decoder, specifically designed for semantic segmentation, which delivers
optimal performance even on mobile CPUs. The third model, Xception [31],
employs a linear stack of depth-wise separable convolution layers with residual
connections, which is followed by a point-wise convolution (1*1), implemented
after the spatial convolution over each channel.

In the process of evaluation, we consider not only the overall accuracy
but also the detection capability for minor classes and the equilibrium of
performance. The metrics used are presented in Table 4, in which TP, FP, TN,
and FN stand for true positive, false positive, true negative, and false negative,
respectively.

Table 4. Basic evaluation metrics

Name Equation
. TP
Recall/Detection Rate 757
. TP
Precision TP+FP

AUC

TP+TN
Accuracy TPYFPYTNTFN
Fl-score 2xrecallxprecision

recall+precision

Accuracy, a prevalent performance measure, compares the correctly
predicted observations to the total observations. However, it can be misleading
in imbalanced class distributions, particularly in security sectors such as
malicious traffic detection and malware classification. The Area Under
Curve (AUC) evaluates the performance across all conceivable classification
thresholds. Precision, the ratio of correctly predicted positive observations
to the total predicted positive observations, signifies a low false positive rate
when high. Recall, on the other hand, is the ratio of correctly predicted positive
observations to all actual positives, indicating sensitivity and detection ability.
The F1 score, being the harmonic mean of precision and recall, serves as a
better measure in cases of imbalanced classes. In multi-label classification
tasks with imbalanced classes, such as our task of malware analysis, precision,
recall, and F1 score are generally deemed more crucial metrics for evaluation.

4.3. Result Comparison. To evaluate the impact of the transformer
block implemented in the classifier on the final performance, we test three
variations with 4, 5, and 6 blocks implemented in the classifier, which are
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represented by labels Trans-4, Trans-5, and Trans-6, respectively. Table 5
presents the overall performance on the test set of the Big2015 task. Generally,
the convolution-free approaches outperform all the CNN models. Not only
do our approaches have higher accuracy and AUC scores, but they also have
relatively higher recall. While a model like Xception has a recall of only 0.3242,
our approaches, Trans-4, Trans-5, and Trans-6, boast much higher recall scores.
Furthermore, it is suggested that it may not be necessary to make the model
extremely deep as the Trans-5, namely the model with 5 transformer blocks
implemented, achieves the highest accuracy of 0.8369, AUC of 0.9791, and
recall of 0.7959. Although the Trans-6 model has equally high accuracy, the
highest precision of 0.8989, and F1 of 0.8359, the difference is not significant,
indicating that the performance is not compromised by a lighter-weight model.

Table 5. Overall Performance on Test Set— Big2015
Accuracy AUC Precision Recall F1

Inception 0.7592 0.9580 0.8480 0.6758 0.7522
MobileNet  0.7399 0.9470  0.8235 0.6563  0.7304
Xception 0.6774 0.9150 0.8384 0.3242  0.4676
Trans-4 0.8223 0.9698  0.8820 0.7666  0.8203
Trans-5 0.8369 0.9791  0.8792 0.7959  0.8355
Trans-6 0.8369 0.9777  0.8989 0.7813  0.8359

Conversely, the training process of our models could potentially be
further improved. As presented in Figure 4, the trend of enhancing evaluation
metrics stabilises during the fine-tuning phase; for example, our models
consistently achieve lower loss rates. Specifically, Trans-5 exhibits the least
loss and highest accuracy and AUC post the 46th epoch. Though our models
showcase improved accuracy and reduced loss, it is evident that our model
encounters notable variations throughout training, particularly in the validation
loss curves. These fluctuations in loss optimisation may stem from the weight
initialisation technique we employ. Nonetheless, it is worth noting that there is
no sign of overfitting in our models. This indicates that despite the training
fluctuations, our model remains dependable and robust, underscoring its
efficient design and execution.
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Table 6 presents the outcomes of the test set for MALIMG, a particularly
challenging task owing to its 25 categories. The findings reveal that all CNN
models, along with Trans-4, slightly struggled with learning and accurate
prediction, as indicated by their low accuracy and recall scores. In contrast,
Trans-5 and Trans-6 exhibit superior performance. Although Trans-6, the
deepest model, achieves the highest accuracy, recall, and F1 score, the
discrepancies between Trans-5 and Trans-6 are not significant. With an
accuracy of 0.9686, an AUC of 0.9992, a recall of 0.9686, and an F1 score of
0.9686, Trans-5 delivers satisfactory outcomes compared to the CNN models.

Table 6. Overall Performance on Test Set— MALIMG
Accuracy AUC Precision Recall Fl1

Inception 0.8537 0.9011  0.8701 0.8418 0.8557
MobileNet  0.8537 0.9911 0.8701 0.8418  0.8557
Xception 0.8174 0.9008 0.8311 0.8311 0.8311
Trans-4 0.8581 0.9899  0.8601 0.8527 0.8564
Trans-5 0.9686 0.9992  0.9686 0.9686  0.9686
Trans-6 0.9697 0.9998 0.9707 0.9697  0.9702

Figure 5 presents the optimisation process for both the training and
validation sets. In terms of loss and accuracy scores, all models exhibit
continuous improvement during the initial training stage, although CNN
models lag behind compared to Trans models. During the fine-tuning stage,
the pronounced fluctuation of all curves highlights the increased challenge
of training on tasks with more class labels. As MobileNet achieves the best
training loss and accuracy but relatively poor validation loss and accuracy, there
is a suggestion that this CNN-based model may be susceptible to overfitting. For
Trans models, while the loss optimisation curve displays a consistent decrease,
the accuracy experiences more significant fluctuations. This can be attributed
to the weight initialisation process, where higher loss weights are assigned to
minorities. Considering that accuracy evaluates overall performance, these
fluctuations are to be expected. Nevertheless, a key point of optimism is that
our model maintains an accuracy rate above 80% for the majority of the time,
indicating its promising and reliable performance.
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Fig. 5. The training process on the train and validation set of the MALIMG dataset
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AUC presents a distinctive case. Except for Xception, all other models
exhibit consistently high AUC scores across the entire training process. The
reason behind the elevated AUC scores and the varying performance levels of
the different models may be linked to the inherent nature of the AUC metric
itself. While AUC evaluates the model’s capacity to differentiate between
positive and negative classes, the high AUC scores could possibly stem from
the intrinsic characteristics of the data. Conversely, due to the imbalanced class
distribution, the assessment of models’ effectiveness through recall and the
precision-recall equilibrium, known as the F1 score, can offer a more accurate
evaluation of the performance.

CNN models exhibit satisfactory performance on the Big2015 task but
fall short on the MALIMG task. In contrast, our approach consistently delivers
superior results. This could be attributed to the capacity of self-attention-
based models to manage long-range dependencies between pixels in images
by assigning weights and prioritising patches for predictions. Consequently,
these models can capture complex patterns and structures that may elude
CNN:ss, particularly in intricate tasks requiring the prediction of 25 labels.
Moreover, attention-based blocks are more readily parallelised, facilitating
faster training times and enhanced performance. In scenarios involving
extensive data, attention-based blocks also exhibit a less pronounced inductive
bias. Nonetheless, Transformers may surpass CNNs in specific tasks or
datasets. As highlighted in the original ViT paper, CNNs may still outperform
transformers when dealing with smaller datasets.

4.4. Discussion on Future Research. Despite the demonstrated
reliability and robustness of our model, there remain areas for potential
enhancement. Primarily, the model’s representation learning ability and
detection capability could be further improved, as suggested by the results
of the Big2015 task. Recent research has investigated various methods for
transformer optimisation. For example, the Swin Transformer employs a
shifted window-based self-attention mechanism, enabling it to capture both
local and global dependencies in images [32]. Another notable study is
DynamicViT [33], which introduces a technique that allows the model to
adaptively adjust its computational complexity based on the complexity of the
input image.

Another limitation is the insufficient consideration of obfuscation
techniques, which can significantly impact the performance of malware
classification systems. The technique employed for concealing malicious code
makes accurate threat identification challenging. One possible enhancement
involves augmenting the proposed method’s resilience through feature
engineering specifically tailored for obfuscation detection. In [34] the
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authors undertook further static analysis to discern obfuscation patterns
and devise discriminating features that distinguish benign applications
from malware; this strategy enhanced the detector’s efficacy in identifying
obfuscated malware. An alternative approach is exploring adversarial ML
techniques to simulate attacks on the classification model using obfuscated
malware samples. Random noise can be generated and incorporated into
image arrays to mimic obfuscation. This method can assist in identifying
weaknesses within the classifier and subsequently refining the model to more
effectively resist obfuscation techniques. Furthermore, extensive research
into information-hiding techniques can be applied to image-based malware
analysis. Several techniques exist for mitigating blurring to unveil hidden
content or anomalies, including patch-line and fuzzy clustering-line priors
for dehazing [35], as well as noise-aware filtering reversal through modified
Landweber iterations [36].

Lastly, from the perspective of usable security, we intend to refine
and expand upon our current methodology for malware classification. While
the existing approach exhibits commendable performance in tasks involving
multi-label classification, it encounters substantial challenges when confronted
with novel or previously unidentified malware variants. Such instances are
prone to misclassification or, more concerning, being erroneously identified
as benign behaviours. Hence, our future endeavours will be directed towards
the development and implementation of an advanced two-module framework.
This innovative strategy will amalgamate a sophisticated multi-label classifier
with an anomaly detection model. The latter component is planned to either
embody an AE or leverage a probabilistic model specifically designed for
outlier detection. In scenarios where the classifier is unable to accurately
categorise a sample, defaulting to label it as benign, and concurrently, the
anomaly detection module identifies it as an anomaly diverging from the
established distribution patterns, such instances will be flagged as "potential
new attacks". This designation will trigger alerts, thereby facilitating timely
intervention and analysis. This strategic enhancement aims not only to bolster
the accuracy and reliability of malware classification but also to establish a
proactive defence mechanism against emerging cyber threats. By incorporating
this two-pronged approach, our system will be better equipped to adapt to the
evolving landscape of cybersecurity threats, ensuring enhanced protection for
digital ecosystems.

5. Conclusion. In this study, we introduce a convolutional-free
malware classifier, complemented by a GAN-based oversampler. This
oversampling technique significantly amplifies the minority classes with
realistic samples, while the classifier consistently surpasses CNN models
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such as MobileNet, Inception, and Xception on a range of public datasets.
Looking ahead, we aim to investigate the potential for enhancing the
malware classification capability of our model and reducing its complexity.
Nevertheless, the superior performance of our model across various tasks
emphatically attests to its reliability and robustness. This not only substantiates
our model’s credibility but also positions it as a promising solution for tackling
diverse and complex malware imagery classification tasks.
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X. IyH
KIIACCUOPUKAIIN A N3 0BPAKEHUN BPEJIOHOCHBIX
IMPOT'PAMM BE3 NCITIOJIb30BAHHUA CBEPTOK C
HNCITIOJIb30BAHUEM MEXAHU3MOB BHYTPEHHEI'O
BHUMAHUA

Ayn X. Kaaccudpukamusi n300paceHnii BpeJOHOCHbIX MPOrpamMM 0e3 HCIIOJb30BAHHS
CBEPTOK C HCIOJb30BaHHEM MEXaHH3MOB BHYTPEHHEr0 BHUMAHHUS.

AHHOTanusl.  AHaJuM3 BpPEJOHOCHBIX IPOTrpPaMM SIBJISIETCS BaKHEHIIMM aCMEKTOM
KnOepOe30MacHOCTH, HATIPABJIEHHBIM Ha BhIsIBJIeHUe U quddepeHipanmio BpegoHocHoro 10 ot
0e3BpeAHBIX MPOrPaMM JIs1 3ALUTHl KOMITBIOTEPHBIX CHCTEM OT yrpo3 Ge3omacHocti. HecMoTpst Ha
JOCTIKEHHS B Mepax KuOepOe30IacHOCTH, BPEIOHOCHbIE POTrPAMMBI ITPOIOJIKAIOT MPECTABIISTh
3HAUHUTEJIbHbIE PUCKU B KHOEPIPOCTPAHCTBE, TPpeOysl TOYHBIX U OBICTPBIX METOIOB aHaM3a. B
3TOii CTaThe NPEACTABICH MHHOBALMOHHBIN MOAXO0 K KJ1AacCH(UKAIMK BPEJOHOCHBIX IIPOrPAMM C
WCHOJIb30BaHNEM aHAIM3a N300paKEeHUIH, BKIIOYAIOIIHI TPH KJIIOUEBBIX dTama: Npeodpa3oBaHue
KOJIOB ofepaluii B faHHble n300paxenuit RGB, ucnonb30BaHue reHepaTUBHO-COCTSI3ATEIbHON
cetn (GAN) 111 CHMHTETHUYECKOW TepeMCKpeTH3alMd U HCIHOJIb30BaHHE YIIPOIIEHHOTO
KJiaccuduKaropa Ha OCHOBe Bu3yaibHOro TpaHcgopmepa (ViT) mis aHamusa n300pakeHuid.
JlaHHBIl METO/ TIOBBILIIAET OOraTCTBO (PYHKIIMI U OOBICHUMOCTD C TIOMOIIIBIO IAHHBIX BU3YaJIbHBIX
N300paXXeHuii U yCTpaHsieT HecOATaHCUPOBAHHYIO KJIACCU(HKALIMIO C MCTIOIb30BAHUEM METO/IOB
nepeauckpetusanun Ha ocHoBe GAN. TlpenioxeHHas CTPyKTypa codeTaeT B cebe MpeuMyecTBa
CBEPTOYHBIX aBTOIHKOJEPOB, THOPHIHBIX KJIACCH(UKATOPOB U aIaNTUPOBaHHBIX Mozeneit ViT s
JOCTIKEeHUs1 OalaHCa MEK/1y TOYHOCTBIO Y BBIUMCIUTENbHOM 3(hdekTBHOCTHI0. Kak nmoka3zanu
9KCHEPUMEHTHI, Halll OAX0[ O3 NCIOIB30BaHMUS CBEPTOK 00/1aJaeT PEBOCXOJHOI TOUHOCTBHIO U
MPELM3UOHHOCTDIO 10 CPABHEHHMIO CO CBEPTOUHBIMU MOJEJISAMU U npeBocxoauT Mozaenu CNN Ha
IBYX Habopax JaHHBIX OJIarofiapsi MEXaHU3My MHOTOTrOJIOBOTO BHMMaHus. Ha Habope JaHHBIX
Big2015 Hama moxesns npesocxoaut apyrue mogeat CNN ¢ toynocTsio 0,8369 u ruiommaipio mnojs
kpuBoii (AUC) 0,9791. B yactHoCTH, Hama Moaesb Jocturaet TouHoctu 0,9697 u ouenku F1
0,9702 na MALIMG, uTO fIBJIAETCS SKCTPAOPAMHAPHBIM PE3YyJIbTATOM.

KutroueBble cj10Ba: 00HAPYKEHHE BPEIOHOCHBIX IPOrpamMM, KHOepOe30MacHOCTb, [Iy00KOe
o0yueHHe, aBTOIHKOZIEP.
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ENHANCING VIDEO ANOMALY DETECTION WITH IMPROVED
UNET AND CASCADE SLIDING WINDOW TECHNIQUE

R. Krishnan S., Amudha P. Enhancing Video Anomaly Detection with Improved UNET
and Cascade Sliding Window Technique.

Abstract. Computer vision video anomaly detection still needs to be improved, especially
when identifying images with unusual motions or objects. Current approaches mainly
concentrate on reconstruction and prediction methods, and unsupervised video anomaly
detection faces difficulties because there are not enough tagged abnormalities, which reduces
accuracy. This paper presents a novel framework called the Improved UNET (I-UNET),
designed to counteract overfitting by addressing the need for complex models that can extract
subtle information from video anomalies. Video frame noise can be eliminated by
preprocessing the frames with a Weiner filter. Moreover, the system uses Convolution Long
Short-Term Memory (ConvLSTM) layers to smoothly integrate temporal and spatial data into
its encoder and decoder portions, improving the accuracy of anomaly identification. The
Cascade Sliding Window Technique (CSWT) is used post-processing to identify anomalous
frames and generate anomaly scores. Compared to baseline approaches, experimental results
on the UCF, UCSDpedl, and UCSDped2 datasets demonstrate notable performance gains,
with 99% accuracy, 90.8% Area Under Curve (AUC), and 10.9% Equal Error Rate (EER).
This study provides a robust and accurate framework for video anomaly detection with the
highest accuracy rate.

Keywords: anomaly detection, [-UNET, weiner filter, ConvLSTM, cascade sliding
window, anomaly score.

1. Introduction. A significant task in video anomaly identification is
recognising and localising unexpected occurrences in both place and time
inside a video. These anomalies depict out-of-the-ordinary behaviours or
events that may indicate possible concerns or security vulnerabilities.
Depending on the context, anomalies may also be referred to as
abnormalities, novelties, or outliers [1]. Unattended bags at airports, persons
collapsing unexpectedly, or someone lingering suspiciously outside a
guarded facility are some examples of video oddities [2]. Recognising and
localising unusual occurrences in both place and time inside a video is a
significant task in video anomaly identification. These anomalies describe
unusual actions or events that may signal potential issues or security
vulnerabilities [3]. Anomalies are also known as abnormalities, novelties, or
outliers, depending on the context. This detection and analysis of anomalies
is critical for improving security measures and addressing possible issues in
various applications [4].

Anomaly detection in the video refers to automatically recognising
aberrant events or behaviour within the spatiotemporal aspects of a video. It
entails detecting actions or things that do not follow expected patterns or
behaviours. Notably, the detection and localisation of video anomalies are
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inextricably linked [5 — 6]. Real-time detection of anomalies in video data is
critical because it allows immediate action to be taken upon recognising
these anomalies, thereby preventing or mitigating adverse outcomes [7]. As
a result, extensive research is being conducted to automate the process of
detecting unusual occurrences in video surveillance systems. However, it
might be hard to spot abnormalities in video broadcasts [8].

One important machine learning application is video anomaly
detection, which looks for abnormal events or patterns in video data. This
technology is critical in many areas, including security, surveillance, and
industrial quality control [9]. It uses advanced algorithms and deep learning
approaches to detect odd behaviours or events from the norm in a video
frame. These systems can detect anomalies such as intruders in a secure
facility, equipment breakdowns in manufacturing, or traffic accidents on the
road by training models on massive datasets of usual events [10]. Machine
learning has made significant advances in video anomaly detection.
However, it still needs to improve, such as the necessity for substantial
labelled data, the high processing intensity of deep learning techniques, and
interpretability issues. These difficulties may make machine learning less
accessible to smaller organisations or applications with limited
resources [11].  Real-time processing requirements put existing
infrastructure under pressure, and adaptation to changing video settings and
anomalies can be constrained. As a result, while machine learning offers
promise for video anomaly identification, careful analysis and resolution of
these difficulties are required for successful implementation in varied
applications [12].

Deep learning video anomaly detection is an advanced and
sophisticated way of recognising odd events or behaviours inside video
frames. This field of study uses the capabilities of deep neural networks,
which are artificial intelligence systems designed to imitate the complicated
functions of the human brain [13]. Deep learning for video anomaly
detection entails training these neural networks to recognise and interpret
typical activity patterns in video data. After learning what defines regular
behaviour, the model can identify deviations from these established norms
as anomalies or probable outliers [14]. Deep learning approaches, including
CNNs and RNNs, are especially well-suited for detecting visual anomalies.
CNNs thrive at analysing spatial information inside individual video
frames, but RNNs excel at capturing temporal dependencies and event
sequences. Combining these two types of neural networks allows the model
to understand complicated spatiotemporal correlations, making it highly
effective at detecting anomalies in video data [15].
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Deep CNNs for video anomaly detection represent a cutting-edge
way to detect unexpected events or anomalies inside video sequences. Deep
CNNs have transformed Computer Vision tasks by automatically allowing
models to learn and extract complicated spatial characteristics from pictures
or video frames [16]. Deep CNNs excel in capturing intricate visual patterns
and deviations when applied to video anomaly detection, making them
apowerful tool in this field [17]. Video anomaly identification is a
complicated task involving computer vision to identify unexpected motions
or objects. Existing approaches concentrate on reconstruction and prediction
but need help with obstacles such as low accuracy and complexity. A
unique strategy for improving efficiency and accuracy by avoiding
overfitting is suggested.

The following are the research work's key contributions:

1.  The Improved UNET (I-UNET) is introduced in this work to
improve anomaly detection in video frames by resolving overfitting and
noise concerns, improving efficiency and accuracy.

2. Using a Weiner filter to preprocess video frames effectively
reduces noise, resulting in cleaner frames for analysis and increased
robustness for reliable anomaly identification.

3. The model employs an encoder-decoder architecture for
efficient feature extraction, improved spatial and temporal information
representation, and anomaly detection accuracy.

4. The Cascade Sliding Window Technique (CSWT) is utilised
for anomaly detection in the post-processing phase, giving a sophisticated
examination of frames and distinguishing between normal and abnormal
ones.

The remaining manuscript is arranged as follows: The research
strategy was explained in detail in the third segment, which also covers
existing research. The fourth section simulates the suggested method and
presents the research findings. Furthermore, a summary of the study's
findings is given in the conclusion.

2. Literature Review. The research of video anomaly detection
utilising deep learning and computer vision has experienced spectacular
advances in recent years, with the emergence of various complicated
algorithms. The researcher has provided several effective methods for
detecting anomalies, as listed below.

The authors in [18] proposed a 3-stage ensemble-based unsupervised
deep reinforcement algorithm for automated live video frames analytics,
which employs a LSTM-based RNN for generating anomaly scores. The
algorithm uses the least square method for optimal score creation, and
model updates are accomplished by award-based reinforcement learning.
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This method is intended for GPU and TPU-supported frameworks.
However, the algorithm's capacity to handle many video frames
simultaneously might be difficult, especially in high-demand applications,
raising scalability difficulties.

A unique convolution autoencoder architecture for visual anomaly
detection is presented in [19]. The architecture distinguishes between
normalcy in appearance and motion behaviour and aberrant events by
separating spatial and temporal information. The temporal autoencoder
simulates optical flow using RGB difference, while the spatial autoencoder
models normalcy by recreating the first individual frame. The method uses
a deep Kmeans cluster strategy and a variance-based attention module to
boost detection performance on rapidly moving outliers. However,
limitations in accurately capturing complex motion patterns increase
computational complexity, especially with quickly moving outliers.

Paper [20] frequently extracted low-level spatiotemporal features
while ignoring semantic data. Deep learning algorithms, specifically CNN,
are capable of extracting high-level information. A new hybrid visual
embedding method was introduced for anomaly identification. The
technique computes feature per frame with a pre-trained deep model, learns
topic distributions with multilayer nonnegative matrix factorisation, and
finds typical normal clusters with K-means. Experimental data demonstrate
the method's usefulness in detecting anomalies. However, complex images
with clutter or overlapping components and visual embedding may need
help finding anomalies, possibly emphasising unimportant parts or failing to
detect minor ones.

A residual spatiotemporal autoencoder for anomaly identification in
security footage is suggested by the [21]. The method takes advantage of
normalcy modelling to find departures from standard patterns. The trainable
end-to-end autoencoder uses reconstruction loss to detect aberrant frames.
Regarding cross-dataset generalisation, residual blocks work better than
deeper layers because of their incremental effectiveness. However, the
proposed technique has limitations such as adaptability, complexity, and
generalizability to diverse datasets compared to deeper layers.

In study [22] the authors introduced an EADN deep learning-based
approach. It splits video into prominent shots, extracts spatiotemporal
information with a CNN, and learns spatiotemporal features with LSTM
cells. The model's utility is demonstrated by extensive testing on benchmark
datasets and comparisons with the most advanced techniques. Nonetheless,
there is still room in the EADN design for improving efficiency and
accuracy in real-time.
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In paper [23] created a video anomaly detection system that depends
on unsupervised frame prediction and enhances overall performance. The
method is based on a U-Net-like structure that consists of a memory module
for storing standard patterns, a Time-distributed 2D CNN-based encoder
and decoder, and a multi-branch structure for extracting contextual
information. However, this method may result in overfitting.

In paper [24] the authors projected a reliance on the reconstruction or
prediction of future frames. In most approaches, accuracy is impacted by
the requirement for more excellent temporal continuity between video
frames. Using a hybrid dilated convolution module and DB-ConvLSTM
module, a novel technique combines these two models. Experiments show
this approach detects abnormalities more correctly in diverse video settings
than state-of-the-art technologies. However, the completeness of the
training data for each scenario is a prerequisite for the proposed model.

Paper [25] suggested a deep CNN encoder & multi-stage channel
attention decoder for autonomous anomaly detection in video surveillance
systems. Temporal shift methods and channel attention modules were used
for contextual dependency extraction. However, the proposed method is
computationally expensive, especially for high-resolution videos.

In paper [26] a novel anomaly detection approach for surveillance
operations, focused on mobile cameras. Three techniques were employed to
extract robust features from Unmanned Aerial Vehicle (UAV) footage:
One-Class Support Vector Machine (OCSVM), two manually constructed
approaches called Histogram Oriented Gradient (HOG) and Histogram
Oriented Gradient 3 Dimensional (HOG3D), and a pre-trained CNN.

The model by the author in [27] for detecting anomalies was
ineffective because of significant differences within and across classes. Two
novel multi-view representation learning approaches were proposed: a
hybrid multi-view representation learning that combined robust handcrafted
features with deep features from 3D-STAE and a deep multi-view
representation learning that combined features from two-frames
SpatioTemporal AutoEncoder and deep features from 3D-STAE. The video
anomaly detection with several existing works is tabulated in Table 1.

As a result, managing several video frames at once may present
difficulties for the anomaly detection method in complicated image
processing, particularly in high-demand applications. Its ability to precisely
capture intricate motion patterns and growing computational complexity is
likewise limited. Notwithstanding these drawbacks, the EADN design can
be strengthened to increase real-time accuracy and efficiency.
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Table 1. Video Anomaly Detection with state-of-art-of techniques

No. Technique Objectives Advantages Limitation/ Result
future scope
Convolutional
autoencoder for | Enhances anomaly It may
anomaly detection accuracy introduce 9% reduction in
detection in by effectively additional EER of UCSD
videos, capturing computational Pedl, a 13%
[18] Deep Kmeans | separating spatial | appearance and complexity, | reduction in ERR of
cluster strategy | and temporal motion behaviour potentially UCSD Ped2 and a
information to independently by | requiring more | 4% improvement in
capture dissociating spatial | resources for accuracy in both
appearance and and temporal training and datasets
motion behaviour | representations inference
separately
Aims to develop Automated It potentially
aCNN-based | 4 0 tion of traffic limits its
methodology for accidents in erformance in AUC (UCSD Ped2
automatically . . p . dataset): 96.7%
. surveillance videos, detecting
detecting traffic reducing reliance | accidents that AUC (Avenue
[19] CNN accidents in s dataset): 87.1%
) on manual must be
surveillance monitoring and adequatel AUC
videos from enablin ;gom ¢ | e reqelrln o dyin (ShanghaiTech):
video traffic & promp presente 73.7%
surveillance emergency the training
systems response data
Develop a
residual
spatiotemporal The method uses It can be UCSD Ped1
autoencoder for . L ;
normality challenging in dataset:
anomaly .
L modelling and complex and EER=8.1
detection in : )
surveillance reconstruction loss dynamic AUC=93.9
[20] CNN videos to identify surveillance Accuracy=90.3
levera iI’l abnormal environments, UCSD Ped2
ging spatiotemporal potentially dataset:
normality - .
. events in leading to false EER=6.1
modelling to X . et
identify surveillance videos | positives or AUC=973
. L accurately negatives Accuracy=95.4
irregularities as
deviations from
standard patterns
To enhance
anomaly Captures spatial
detection by features at various
' integrating scales, enabhng the | The increased AUC (Avenue
Residual reconstruction | model to effectively model R
. . . dataset): 0.82
[21] | spatiotemporal | and future frame | detect anomalies by | complexity .
. . X AUC (LV dataset):
autoencoder prediction considering objects | could lead to 0.63
models, of different sizes overfitting !
addressing and complexities in

limitations in
existing methods

surveillance videos
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Continuation of the Table 1

No. Technique Objectives Advantages Limitation/ Result
future scope
The proposed UCSDpedl
method Accuracy:93
Deep Aims to develop an | effectively | It may lead to | False alarm rate: 0.08
convolutional | advanced anomaly captures increased UCSDped2
neural detection system spatial and | computational Accuracy:97.0
network-based for video temporal complexity, | False alarm rate:0.06
[22] | encoder and a surveillance by features, requiring CUHK Avenue
multi-stage effectively enhancing significant dataset
channel integrating spatial anomaly resources for Accuracy:97.0
attention-based and temporal detection training and | False alarm rate: 0.04
decoder information accuracy in inference UCF-Crime dataset
surveillance Accuracy:98.0
videos False alarm rate:0.03
Convolutional
Nl\é‘::vr(;arlk To address the
(CNN)and | _limitations of Utilisin,
two popular existing stationary Enhancing multi lg UCSDpedl
pop camera surveillance anomaly P AUC:83.8
handcrafted . . feature
systems in anomaly | detection by . EER:22.2
methods . . extraction
. detection by capturing UCSDped2
(Histogram of . . methods
[23] . proposing new | comprehensive . AUC:97.6
Oriented . R . increases
. techniques suitable | surveillance . EER:6.6
Gradient computational
for Unmanned footage from . Avenue dataset
(HOG) and . . . complexity
Aerial Vehicle various angles AUC:89.0
HOG3D). One . ! and resource
(UAV)-based and viewpoints . EER:18.1
Class Support ; requirements
Vector surveillance
Machine missions
(OCSVM)
To enhance The method
automatic captures high-
surveillance of | level semantic | increases the
human activities by | information | computational AUC raises 2.0%,
1D addressing the and fine- complexity 1.2%, and 1.6% for
[24] | spatiotemporal challenges posed by | grained details, | and resource | UCSD Pedl, UCSD
I;utoencc?der complex real-time | providinga | requirements Ped2, and CUHK
scenarios, such as more of the Avenue datasets
camera movements, | comprehensive proposed compared with it
cluttered representation methods
backgrounds, and | of surveillance
occlusion video data
The model
It efﬁcwptly utilises | exceeds the This model achieved
spatial and state-of-the-art It may be o
: 97.4% for UCSD
. temporal results on three | generalised to
attention-based . . Ped2, 86.7% for
. information by standard 3D data for
[25] residual . CUHK Avenue, and
adopting both benchmark real-world
autoencoder . Lo 73.6% for the
spatial and datasets, even | engineering .
. L ShanghaiTech dataset
temporal branches without an applications .
. ) . in terms of AUC
in a single network | optical flow
detector
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Continuation of the Table 1

No. | Technique Objectives Advantages Limitation/ Result
future scope
HOG model
Recall:1
Precision:0.7070
F1 score:0.8284
Accuracy:78.97
The upper PCA-HOG model
layers of the Recall:1
Z}E f;’i?é Lsazvnl;:: The potential of C[])\;;tr:;n;i Precision:0.7073
OCSVM, . UAVs to provide canalo | Pl score:0.8286
records videos . . be adjusted .
[26] HOG, for a surveillance | 2% onglpal genal using transfer Accuracy:79.00
HOG3D, . . perspective is one - HOG3D model
mission with the . . learning to .
CNN . of its primary Recall:1
assistance of a better match L.
UAV advantages the target Precision:0.8421
roblem in F1 score:0.9143
p future Accuracy:90.13
GoogleNet model
Recall:1
Precision:0.8837
F1 score:0.9383
Accuracy:93.57
This model uses
handcrafted In the ﬁ.lt‘ur?,
spatiotemporal . anomalies' Avenue dataset
aﬁtocorrelation This model canbe | dependency Accuracy:82.4
Hybrid of eradicnt. and accomplished by will be AUC:0.83
muli/i—view irl W Vi de’o extracting features captured in LV dataset:
[27] representati sepments are from various context, Accuracy:64.9
or? learnin takeﬁ? s input for representations leading to AUC:0.60
e learnin pthe (views) of the raw better BEHAVE dataset
reeular § tterns input data discrimination Accuracy:80.05
ings urvgillance and overall AUC:0.81
videos performance

Nonetheless, overfitting could happen, and the model depends
heavily on the completeness of the training set. The suggested approach is
computationally costly, mainly when used in high-resolution videos.

3. Proposed work. Video anomaly detection and segmentation in
smart cities is a crucial computer vision problem for smart surveillance and
public safety. However, existing research faces challenges such as limited
scalability, difficulty detecting complex anomalies, and potential
overfitting. The model is computationally demanding and relies on training
data accuracy, leading to low efficiency, accuracy, and overfitting in
identifying and segmenting video anomalies

The proposed approach overcomes the problem of overfitting in
anomaly detection within video frames by introducing a novel I-UNET.
Overfitting happens when a model becomes too specialised to the training
data, resulting in decreased efficiency and accuracy when applied to fresh,
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previously unseen data. The I-UNET is meant to detect irregularities in
video frames, which improves detection accuracy. Video frames frequently
contain a significant amount of noise, which can impede the accurate
detection of anomalies. To overcome this issue, a Weiner filter is applied to
the frames during preprocessing to reduce noise. This step seeks to improve
the input data quality and the overall presentation of the anomaly detection
technique. During anomaly detection, the proposed approach considers
spatial and temporal information. To accomplish this, a Convolutional Long
Short-Term Memory (ConvLSTM) is added to the model. The ConvLSTM
allows the model to consider both the spatial properties of the video frames
and the temporal dependencies between consecutive frames, resulting in a
more complete comprehension of the information. The suggested model
uses the cascade sliding window technique (CSWT) to produce an anomaly
score during the post-processing stage. The CSWT analyses the video
frames and assigns a score reflecting the chance of an abnormality. This
anomaly score was utilised to determine whether a specific frame contains
an anomaly or is within the normal range. The suggested diagram's overall
architecture is depicted in Figure 1 below.

Input Cascade
Weiner Filter slidin
' _’HDH ﬂDH:> =
< : 3
< *
'HDH]—>HDH
D Convolution LSTM (CLSTM)
@ ﬁ D Relu

.M_.HDH D

hd i
[ ] i 3]
Fig. 1. Architecture diagram of the proposed model

3.1. Weiner Filter for pre-processing. The Weiner filter is used to
reduce noise from images [28]. Weiner filters use Linear Time-Invariant
(LTI) filtering of an observed noisy process with known stationary signal,
noise spectra, and additive noise to estimate a desired or target random
process. The Weiner filter decreases the mean square error between the
estimated and calculated random processes. Using a related signal as an
input and filtering it to get the approximation as an output, the Weiner filter
computes a statistical estimate of an unknown signal. Stated differently, the
Weiner filter is an adaptive filter that determines the neighbourhood’s mean
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and variance before applying a lower level of smoothing when the variation
is significant and a higher level of smoothing when it is negligible.

The filter reduces the error between the expected and original
signals. The error measure, given an original image and a processed image
in Figure 7, represents the original and pre-processed images with a wiener
filter.

The filter lessens the wvariation between the original and
approximated signals. The error measure for an original image f and a
processed image £ is as follows in equation (1):

e? = E{(f - /)?}. (1)

where E{.} is the argument's predictable value, generating an approximated
image boils down to locating the quadratic error function's minimum. The
frequency domain is used to accomplish this, and the following
presumptions are made: the image and noise have a zero mean, the noise
and image are uncorrelated, and a linear function reduces the intensity
levels in the expected picture. Depending on these circumstances, the error
function's minimum is provided in equation (2):

H*(u,v) Sf (u,v)
Sruv)|Hww)|2+Sf(w,v)

f’(u, 17) = G(u, ‘U), (2)

where F(u,v) represent the predictable image in the frequency domain,
H(u,v) denote the transform of the degradation function, G(u,v) denote
the transform of the degraded image, H*(u,v) denote the complex
conjugate of H(u,v) and Sf(u, v)=[F(u,v)|? is the power spectrum of the
non-degraded image. The magnitude of the complex value squared
represents the result of multiplying a complex value by its conjugate,
according to the filter's general principle. Consequently, in equation (3):

1 |H(u)|?
H(uv) |Hwv)|2+Sn(uv)/Sf(uv)

Fu,v) = G(u,v), 3)

where Sy (u,v) = |[N(u,v)|? represent the power spectrum of noise. The
term Sy (u, v)/Sy(u, v) is substituted by a constant K due to the rarity of
knowing the non-degraded image's power spectrum.

The Weiner filter can correct digital image processing noise caused
by continuous power additive noise. Thus, the neighbourhood size and
noise power are the parameters of the Weiner filter.
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Figure 2 depicts both the original and pre-processed images. The
Weiner filter method is used in pre-processing to eliminate noise from the
frame.

Original image Restored image
Fig. 2. Original and Pre-processed images with Weiner filter

3.2. Improved UNET for feature segmentation

3.2.1. U-NET. The U-Net architecture is a popular and useful
paradigm for segmenting video images. It is U-shaped, symmetrically
decoder-path and encoder-path [29]. Because of its U-shaped design, the
model can record local information and information about the larger
surroundings. In the encoder approach, convolutional and pooling layers are
utilised to gradually downscale the input image, which aids in extracting
high-level features and collecting contextual data. Each down-sampling step
reduces the spatial size of the feature maps while improving their depth.
Information is transferred from the encoder to the decoder using skip
connections. These links connect the essential layers between the encoder
and decoder routes. The skip connections allow the decoder to access high-
resolution information from the encoder while acting as a gradient flow
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shortcut during training. The decoder path performs feature map up-
sampling using deconvolutional layers or up-sampling followed by
convolutional layers. This method retains the contextual information the
encoder learned as the feature maps' spatial resolution is progressively
restored. Skip connections enhance segmentation results by merging feature
maps from the encoder and decoder.

3.2.2. I-UNET. When renovating from standard convolution layers
to ConvLSTM [30] layers inside the U-NET structure, it is vital to account
for the inherent spatiotemporal dependencies in video data. In this improved
approach, the Encoder with ConvLSTM is used strategically to capture
spatial dependencies over the entire video frame. Concurrently, the decoder
is upgraded with ConvLSTM layers to manage temporal dependencies
during decoding properly. The introduction of ConvLSTM layers allows the
model to include spatial properties within individual frames and temporal
correlations between subsequent frames. As a result, the last layer of the
decoder is modified to provide an anomaly prediction map for each frame.
This holistic approach enables the U-Net to more comprehensively
understand and leverage the spatiotemporal intricacies inherent in video
data, making it well-suited for tasks such as video anomaly detection. The
architecture of the Improved U-NET is displayed in Figure 3.

) I
i =u!
e

@ ﬁ D Relu
E> Maxpooling
HDH . ﬂ+’ E> e
A 4 iy
== PE=DI ]

Fig. 3. Improved U-NET Architecture

3.2.2.1. ConvLSTM. Convolutional Long Short-Term Memory, or
"ConvLSTM" architecture, combines the best features of Long Short-Term
Memory (LSTM) networks with the concepts of Convolutional Neural
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Networks (CNNs) to improve processing speed for sequential data, such as
video frames. The forget gate is an essential component of classic LSTM
networks that helps choose, keep, or discard data from earlier steps. By
addressing the vanishing gradient issue, this method helps the network to
handle longer sequences and aggregate higher-level information efficiently.
Enhancing this concept, the ConvLSTM model substitutes convolutions for
conventional matrix operations. The creation of spatial feature maps is
enhanced by this adjustment, which lowers the model's parameter count
(weights). The ConvLSTM model is especially well-suited for tasks like
video frame prediction because it works with convolutions to capture spatial
dependencies within the input data effectively. Sequence modelling for
video data is greatly advanced by the convolutional procedures combined
with LSTM units. The model's capacity to recognise intricate temporal
patterns and spatial correlations in video data is improved by this method,
which produces a more efficient and spatially aware representation of the
input sequences. Convolutions are used instead of matrix operations in
ConvLSTM instead of the typical fully connected LSTM (FC-LSTM).
ConvLSTM uses convolution for hidden-to-hidden and input-to-hidden
connections, which results in better spatial feature maps with less weight
requirements. The following equations (4-9), which explain how data
moves through the network and how the forget gate, input gate, and output
gate are calculated, can be used to sum up the working principles of the
ConvLSTM unit:

ft = o(Wr * [heq, x4, Ceq] + by, “)

where f; indicates the forget gate activation vector at time step t, o is the
sigmoid function, the input vector is represented by the variable x;, the
hidden state is represented by h;, by represents the bias vector for the forget
gate, Wy represents the weight matrix for the forget gate and the cell state is
represented by C; at times ¢.

ip = oW *[he_q,x, Cooq] + by, (5)
where i;indicates the Input gate activation vector at time step t, W;
represents the weight matrix for the input gate, b; denotes the bias vector for

the input gate.

Ce = tanh(Wg * [he_y, %] + be, (6)
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where C, represents the candidate cell state at time step t, the hyperbolic
tangent function is represented by tanh, W, denotes the weight matrix for
the candidate cell state, the bias vector for the candidate cell state is denoted
by be.

CG=®C1+i® ét, (7N

where C; is the new cell state at time step ¢, f; represents the forget gate
activation vector at time step t, the previous cell state at time step t — 1 is
indicated by C,_4, i, denotes the input gate activation vector at time step t.
The sign & indicates the Hadamard product.

0 = o(W, * [he—q, ¢, Ceq] + by), (3

where o, is the output gate activation vector at time step t, the weight
matrix for the output gate is represented by W, b, is the bias vector for the
output gate.

he = oy @ tanh(Cy), ©)

where h, is the hidden state at time step t, the output gate activation vector
at time step t is indicated by o, tanh represents the hyperbolic tangent
function, C; is the cell state at time step t.

Convolutional filters replace the set of weights for each link in the
input (the symbol * denotes a convolution operation). Because of its
capacity to convey spatial attributes temporally through each ConvLSTM
state, ConvLSTM works better with images than fully connected LSTM.

3.3. Cascade Sliding Window Technique for classification.
Cascade sliding window is a technique used in object detection that can also
be applied to video anomaly detection. Finding strange occurrences or
behaviours in video frames is the goal of video anomaly detection. The
cascade sliding window technique employs a multi-stage process to look for
objects or abnormalities inside each frame at various scales and places.

The cascade sliding window method is a methodical way to get an
anomaly score in the context of video analysis. This method is intended to
determine whether or not a specific frame in a video sequence contains an
anomaly. The process entails scanning each frame at different positions and
scales using a sliding window. A classifier is used at each stage of this
procedure to evaluate the information within the sliding window,
discriminating between typical and abnormal patterns. The cascade
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structure incorporates numerous layers of classifiers, each contributing to
determining the anomaly score. The first stage usually uses simpler and
faster classifiers to quickly exclude non-anomalous regions, decreasing the
computational cost for the following stages. More advanced classifiers are
used to refine the anomaly detection as the process progresses along the
cascade. This methodology's anomaly score is a critical output as a
quantitative measure to infer the likelihood of an anomaly's presence in a
given frame. By defining appropriate criteria for anomaly scores, it is
feasible to make educated decisions about whether a frame exhibits
anomalous behaviour. This allows for effective identification and analysis
of odd events in the video frame. The cascade sliding window framework
contributes to accuracy and processing efficiency in the anomaly
identification process, making this method an organised and efficient way
of distinguishing anomalies in video data. In Algorithm 1, the Cascade
Sliding Window technique is illustrated.

The frame size R represents a frame's height and width in
Algorithm 1, and the window size is indicated by R. The technique
generates an image [ by squaring the distinction between an actual frame
and one that has been predicted. This method is chosen because it allocates
higher values to pixels in the abnormal region of I rather than making use of
the fundamental distinction between an expected and actual frame.
Compared to the distinction between a genuine frame and a prediction
frame, it is more successful at identifying aberrant frames. The average of
an anomalous frame with a small abnormal section may resemble or be less
than that of a regular frame if the anomalous frame employs the difference
between an actual frame and a forecasted frame. The window on I starts to
move to the right as much as R at positions x=0 and y=0. The window
travels to the left side of I and up to R if it reaches the right side of I. The
window will then start to slide to the right by the same amount as R as you
lower R as the window size v decreases. Continue in the same manner until
the window reaches I’s upper right corner. In case the window is unable to
get either the top or right sides of I due to the remaining space in I being
less than the window, it will go to y = R — R for the top side of I and to
x = R — R for the right side I. It is provided in lines 9 and 18 of Algorithm
1. Determine the average for a frame Py, that corresponds to the moving
window. It is comparable to P, the mean squared error (MSE) between a
real frame and a prediction frame. When the window reaches the upper right
corner of I, take n frames from the front of Py and sort P in increasing
order. The anomalous score S is then calculated by averaging the n patches.
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Algorithm 1. Cascade Sliding Window

Input: actual present frame Fj ; anticipated present frame ﬁi' j, frame size R, window

size R, window decrease size v
Results: score S for anomalies

1 Set up the coordinates x=0 and y=0 and the P, mean for each frame.
2 I; = (Fi; — F;;)? /* image on the square of the difference between F; ;
and ﬁi,j */
3 While y <R do
4 ify + R <R then
5 while x < R do
6 ifx + ﬁ <R then
+R
7 Zx+R Z?’ 5 Lij
8 else
9 Pk:ﬁ_lz i=R— Rzrrf Lj
10 end if
11 x=x+R
12 end while
13 else
14 while x <R do
15 ifx+ﬁ<Rthen
16 — _2x+R .]9 “R-R Ii,j
17 else
18 P k=% Yir-rZj-r-rlij
19 end if
20 x=x+R
21 end while
22 end if
23 x=0
24 y=y+R
25 R=R-v
26 end while
27 arrange (Py) in ascending order
28 S==3L,P
29 Return S

The cascade sliding window's decreasing window size, shown by v
in line 25 of Algorithm 1, is essential. It assumes that objects get smaller
and farther away from the items under video monitoring. Contrasting it with
another approach that uses the MSE between an actual and a forecasted
present frame shows how well the cascade sliding window technique
performs.

1914 Undopmaruka u aBromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



INFORMATION SECURITY

3.3.1. Anomaly detection. Using the cascade sliding window,
compute the anomaly score for every frame. The anomaly score of the I-
UNET model output frame runs from 0 to colordepth? , and the colour
depth in the framework is 256. Consequently, the range of the anomaly
score generated by the cascade sliding window is 0 to 65536. This range is
too broad to establish the anomalous frame threshold. As a result, the
anomaly score must be normalised. The anomaly score between 0 and 1 is
normalised using the following formulas equation (10):

S(t) — min,S(t)

S@O=1- max,S(t) — min,S(t)

(10)

S'(t) is the normalised anomaly score, and S(t) is the anomaly score for
frame t. Videos have two anomaly scores: min,S(t) and max,S(t) for
maximum and minimum anomaly scores, respectively. However, while
obtaining a new frame in the actual world, the max,S(t) and min,S(t)
values could change. It results in a recalculation of the threshold and the
acquired anomaly scores. Normalising the anomaly score from 0 to 1 will
solve this problem using equation (11).

S =—0 (11

colordepth?’

where colour depth refers to the colour depth of the R-Net model's output
frame, even if the maximum and minimum anomaly scores are altered, this
normalisation does not necessitate recalculating the threshold and anomaly
scores.

4. Results and Discussions. The model was trained using thousands
of video frames from a video dataset, and a thorough testing procedure was
conducted to ascertain the efficacy of the novel approach.

4.1. Datasets. UCSD Ped2. A stationary camera positioned at a
height that provided a view of pedestrian routes was utilised to collect the
UCSD anomaly detection dataset. There was a range in the walkways'
population density from sparse to congested. In its original state, the video
only features pedestrians. Either non-pedestrian objects moving through
the walkways or abnormal pedestrian movement patterns cause abnormal
events. Individuals, skateboarders, bicyclists, and small carts are
frequently observed strolling down a path or in the adjacent grass. There
were also a few reported instances of wheelchair-using individuals. Since
none of the anomalies were created to compile the dataset, they are all-
natural. Two subgroups were created from the data, each representing a
distinct scene. Each sequence's video clip was segmented into segments of
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about 200 frames. Scenes with pedestrian movement parallel to the
camera plane are categorised as Peds2, which includes twelve testing and
sixteen training video examples. The ground truth annotation for every
clip contains a binary flag for every frame that indicates whether an
abnormality is present in that particular frame. Furthermore, pixel-level
binary masks, including anomaly zones, are manually created for a subset
of 12 clips for Peds2. This is meant to make it possible to assess how well
algorithms perform in terms of their capacity to localise anomalies. Here,
the data is split into 60% for training and 40 % for testing.
(https://www kaggle.com/datasets/karthiknm1/ucsd-anomaly-detection-dataset).

4.2. Performance Evaluation. This segment demonstrates how the
suggested I-UNET approach may successfully classify video anomaly
image frames designated as normal or anomalous. The suggested model's
accuracy and loss analyses are displayed during the training process across
the 8th epochs. The proposed model improves accuracy while losing utility.
It demonstrates that the proposed model converges very quickly.

The I-UNET method trains a model across eight epochs with the
Adam optimizer, consistently obtaining 99% accuracy, as shown in
Figure 4. This high degree of accuracy shows how reliable and efficient the
I-UNET technique is in correctly identifying and analysing data patterns.
The model's high accuracy indicates its potential for various applications
where precision is crucial.

Training and Validation Accuracy

99.62% —— Training Accuracy

—— Validation Accuracy
99.60% i i

99.57%
99.55%

99.52%

Accuracy(%)

99.50% 1

99.47%

99.45%

0 2 4 6 8
Epochs
Fig. 4. Training and validation Accuracy
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Employing the Adam optimizer, the training and validation AUC of
the I-UNET technique was monitored throughout eight epochs. With an
astounding 90.8% AUC, the model successfully identified normal and
anomalous instances in the video data. This high AUC score demonstrated
the strength and adaptability of the technique over all epochs, as shown in
Figure 5. The Adam optimiser's practical training probably aided the
model's convergence towards an optimal solution, highlighting the
dependability and capacity to generalise the model and increasing the
likelihood of precise anomaly discovery.

Training and Validation AUC

90 17— _
—— Training AUC g
- - Validation AUC / N
70
2
O 60
=
Ed
50
40
30
0 2 4 6 8
Epochs

Fig. 5. Training and validation AUC

The Adam optimiser's deep learning optimisation method was used
to train the I-UNET technique, and eight epochs were used to track its
validation and training loss metrics, as shown in Figure 6. From the first
to the eighth epoch, the model continuously reduced loss levels,
demonstrating an improved capacity to minimise discrepancies between
expected outputs and actual targets. With an average loss level of about
1.53%, the predictions were accurate. This effective loss reduction was
probably made possible by the Adam optimiser's adaptive learning rates
and parameter updates, which allowed the model to converge to the best
possible solution.
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Training and Validation loss

o
o

—— Training loss
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25
2.0
9
]
L 15
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0.5
0 2 4 (] 8
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Fig. 6. Training and validation loss

4.3. Performance Metrics. The performance metrics include a
variety of critical indications for assessing a model's success. Accuracy,
AUC, and EER are among these measurements in equation (12-14).

TP+ TN

A - .
CoUracY =Tp fFN+TN + FP

(12)

This metric provides an overall measure of the model's prediction
accuracy, representing the ratio of successfully detected instances to total
occurrences.

AUC = Z(TPR[” FIPRUTAD | ppRi+ 1] - FRRET).  (13)

2

AUC and the Receiver Operating Characteristics (ROC) curve are
often associated. It shows the area under the curve, showing how the true
positive and false positive rates are traded off at various classification
levels. A higher AUC suggests better model performance overall. The EER
metric is considered as follows:

FP+FN

EER = ,
TC

(14)
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where TP is True Positive, TN is True Negative, FP denoted as False
Positive, FN indicated as False Negative, TPR is True Positive rate, FPR
represented as False positive rate.

TC displays the overall frames from the test dataset. As a result, a
model that performs better has a greater AUC and a lower EER since it can
discriminate more effectively. The following graph depicts the overall
efficacy of video anomaly detection:

The existing methods such as the Two-stream fusion algorithm [31],
AlexNet-based model [32], and Convolutional autoencoder [33] are
compared with the proposed technique for analyzing the ROC curve. The
Two-stream Fusion Algorithm (0.979) achieves good performance by
combining temporal and spatial information. The ROC of AlexNet-based
Model Convolutional Autoencoder are 0.970 and 0.9382. The proposed I-
UNET is a significantly better U-Net model than the one that has been
suggested, achieving flawless performance of ROC (1.00). Table 2
represents the performance of the ROC curve of the proposed model with
existing works.

Table 2. Performance of ROC curve

Model ROC curve
Two-stream fusion algorithm [31] 0.979
AlexNet-based model [32] 0.970
Convolutional autoencoder [33] 0.9382
I-UNET (Proposed) 1.00

Multiple performance measures are used to assess a model's
effectiveness. Predicting accuracy requires understanding accuracy, which
is defined as the proportion of successfully classified occurrences to all
occurrences. AUC-ROC is a crucial metric for binary classification issues
since it demonstrates the trade-off between true and false positive rates at
various thresholds. The Equal Error Rate (EER) makes it easier to assess the
model's performance objectively. This describes the point on the ROC curve
when the rates of false rejection and mistaken acceptance are equal. These
metrics evaluate a technique’s capacity to generate precise classifications
over an extensive array of performance standards. Figure 7 represents the
ROC curve with an actual positive rate and a false positive rate.
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Fig. 7. ROC curve

4.4. Results Obtained. Figure 8 represents the final classification of
video anomaly detection.

By adding anomaly scores, the I-UNET displays effective anomaly
prediction. This model strategically integrates spatial and temporal
information by employing a unique design that includes ConvLSTM layers.
This new method improves the model's accuracy using encoder and decoder
components that extract spatial and temporal data using ConvLSTM.
Incorporating ConvLSTM enables the model to record detailed patterns
across time, allowing it to recognise anomalies in video sequences more
accurately. The cascade sliding window technique (CSWT) detects
anomalies by calculating an anomaly score. This technique is critical in
determining the existence or absence of abnormalities in each frame. It
successfully analyses the successive frames, using a cascading sliding
window technique to compute anomaly scores, thereby providing a
dependable mechanism for identifying anomalies in video data.
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Anomaly Score: 0.8038832806050777 %

100 150

Normal Anomaly
Anomaly Score: 0.7978246547281742%

100 150 200

Normal Anomal
Anomaly Score: 0.9096541441977024 %

100 50 100
Normal Anomaly
Fig. 8. Prediction result of image normal and anomaly image

4.5. Comparative  Analysis. This section illustrates the
recommended methodology's superior performance, with the innovative I-
UNET serving as the fundamental framework. Compared to other models
with fewer parameters, the unique I-UNET regularly outperforms, giving
comparable or even greater performance. This highlights the efficiency of
the proposed approach, establishing the I-UNET as a reliable and effective
model for the given task. It combined the results of this model with those of
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current research studies that specified strategies such as Approximated
optical flow monitors algorithm (AOFM) [18], Mixture of Dynamic Texture
(MDT) [18], Social Force SF) [18], Social Force and Mixture of
Probabilistic Component Analyser (SF+MPPCA) [18], Hybrid Ensample
Recurrent Reinforcement Model (HERR) [18], Mixture of probabilistic
Principal component Analysis (MPPCA) [30], Convolution Auto-encoder
(Conv-AE) [30], Convolution-Long short term memory-Auto-encoder
(Conv-LSTM-AE) [30] unmasking [30].

AUC(%)

0
£ & (o (P o
@*@\@%Qoe@qoy,v

Classifiers

Fig. 9. Comparison of AUC

The research on the performance of different anomaly detection
techniques emphasises the Area Under the Curve (AUC) measure. These
AUC comparisons are shown in a figure, most likely Figure 9. The article
emphasises how much better an innovative method known as I-UNET is at
raising anomaly detection's AUC. The analysis shows that the accuracy of
the I-UNET technique is higher than that of numerous conventional
methods, such as AOFM, MDT, SF, SF+tMPPCA, the HERR, MPPCA,
Conv-AE, Conv-LSTM-AE, and unmasking model. According to these
methodologies, the improvement percentages are as follows: 63%, 85%,
63%, 71%, 89.98%, 69.3%, 90.0%, 88.1%, and 82.2%. In terms of
accuracy, conventional approaches continue to outperform the novel
approach despite the remarkable performance increases attained by the I-
UNET methodology. Although impressive, the AUC of 90.8% produced by
the [-UNET methodology is not as high as that of existing methods.
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Fig. 10. Comparison of EER

The Equal Error Rate (EER) comparison of several anomaly
detection techniques is shown in Figure 10. It demonstrates how well a
brand-new strategy known as [-UNET works to lower anomaly detection's
EER. The results show that the EER of the [-UNET approach is lower than
that of numerous traditional approaches, such as AOFM, MDT, SF,
SF+MPPCA, HERR, MPPCA, and Conv-AE model. The corresponding
improvement percentages over these strategies are 42%, 25%, 31%, 32%,
14.33%, 31.1%, and 21.7%. Significantly, with an EER of 10.9%, the
innovative I-UNET methodology outperforms conventional techniques in
accuracy. This suggests a notable decrease in mistake rates in contrast to
traditional methods. In addition, Table 3 offers a thorough summary of both
AUC and EER values, enabling a more in-depth analysis of how well
various approaches perform across these parameters.

Table 3. Comparisons of AUC and EER

Method AUC(%) EER(%)
AOFM [18] 63 42
MDT [18] 85 25
SF [18] 63 31
SF+MPPCA [18] 71 32
HERR model [18] 89.8 1433
MPPCA [30] 69.3 31.1
Conv-AE [30] 90.0 21.7
Conv-LSTM-AE [30] 88.1 -
Unmasking [30] 82.2 -
I-UNET (Proposed) 90.8 10.9%
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When assessing the effectiveness of a classification system, accuracy
and Equal Error Rate (EER) are essential metrics, mainly when there are
uneven class distributions or different sorts of errors. Although accuracy
gauges forecasts' accuracy, it might give a partial picture in skewed
conditions. By balancing the rates of false positives and false negatives,
EER measures the model's performance. A lower EER indicates equal error
costs and balanced class distribution produces better performance and
positive correlations.

Compared to existing works such as AOFM, MDT, SF,
SF+MPPCA, HERR, MPPCA, Conv-AE, Conv-LSTM-AE, and unmasking
model, the proposed model attains high AUC and low EER. In this model,
three datasets are used: UCF, UCSDpedl, and UCSped2 datasets. Among
these datasets, the UCSDped?2 attains the highest accuracy and AUC but has
a lower EER than other datasets. The performance analysis of metrics such
as accuracy, AUC and EER for different datasets is represented in Table 4.

Table 4. Performance analysis of different datasets for the proposed model

Datasets Accuracy (%) AUC (%) EER (%)
UCF 92 82.5 23.5
UCSDped1 96.5 87.8 18.6
UCSDped2 99 90.8 10.9

5. Conclusion. The researchers have focused on developing
algorithms for reconstruction and prediction to tackle the complex problem
of video anomaly identification in computer vision. Existing techniques
encountered difficulties in unsupervised anomaly recognition due to
resolution constraints and a lack of labelled anomalies, resulting in lesser
accuracy. This paper presents a unique approach designated as Improved
UNET (I-UNET) to reduce the risk of overfitting by addressing the need for
sophisticated models capable of managing fine-grained data in video
anomalies. A Weiner filter is used in the preprocessing stage to remove
noise from video frames. The proposed architecture integrates spatial and
temporal information in both the encoder and decoder sections by
employing a ConvLSTM layer, ensuring anomaly detection precision. The
Cascade Sliding Window Technique (CSWT) is used to calculate anomaly
scores and assess the presence of anomaly frames to improve post-
processing. The results show that the proposed network successfully
segments anomalies, resulting in significantly better performance metrics
such as Accuracy of 99%, AUC of 90.8%, and EER of 10.9%. This
demonstrates the efficacy of the suggested methodology in detecting high-
precision video anomalies, a significant advancement in the field. Fine-
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tuning and adaptation are crucial in tailoring pre-trained models to specific
anomaly detection tasks. This process involves optimising hyperparameters,
implementing regularisation techniques, and devising effective adaptation
strategies. The future potential of utilising transfer learning techniques with
pre-trained models for anomaly detection on comparable tasks or datasets
warrants examination. This approach holds promise for identifying
anomalies in scenarios where labelled data is limited or unavailable.
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III. P. KPUIIHAH, I1. AMYJIXA
VJIYUYIIEHUE OBHAPYKEHUSI AHOMAJIMIA HA BUJIEO C
MNOMOIIbIO YCOBEPIIEHCTBOBAHHOM TEXHOJIOT U
UNET U TEXHUKHU KACKAJJHOT'O CKOJIB3SIIEI'O OKHA

P. Kpuwnan I1I., Amyoxa I1. Yiryunienue o0HAPY KeHUS aHOMAJIHIi HA BUE0 ¢ MOMOLILIO
ycoBepuieHncTBoBaHHOI TexHoJoru UNET M TeXHMKH KaCKaJHOI0 CKOJIb3SIIEro OKHAa.

AnHoranus. OGHapyKeHHe aHOMAaIHii Ha BHAECO C MOMOIIBIO KOMIBIOTCPHOTO 3pEHHUS
BCC CII¢ HYXAAeTCs B COBEPIICHCTBOBAHWH, OCOOECHHO NP PACHO3HABaHMU M300paXkKeHUH
C HeOOBIYHBIMH JBIDKCHUAMH WIH oObekTaMd. COBpeMCHHBIE IIOOXOABI B OCHOBHOM
COCPEOTOYEHBI Ha METOJaX PEeKOHCTPYKIMH U IPOTHO3HPOBAHUS, a OOHApYKEHHE aHOMAHil
Ha BHAEO Oe3 HaOIIOCHHS CTAIKMBACTCA C TPYAHOCTAMU M3-3a OTCYTCTBHS JOCTaTOYHOTO
KOJIMYECTBA ITOMEUYEHHBIX aHOMAJHi, YTO CHIDKAeT TOYHOCTb. B 9ToH cTaThe HpencTaBieHa
HOBas CTpYKTypa moj Ha3BaHueM ycoBepiiencTBoBanHas UNET (I-UNET), pa3paborannas
JUISL TIPOTUBOJCHUCTBHS NEPEOOyYEHHIO ITyTeM YIOBJIETBOPEHHS NOTPEOHOCTH B CIIOMHBIX
MOJIEIISIX, KOTOpbIe MOTYT M3BJIEKaTh Malo3aMETHYI0 MH(OpMaNnuio U3 aHOMAIWil Ha BHIEO.
Bugeourym MOXHO YCTPaHUTh IIyT€M MpEIBapUTENbHON 00paboTKH KaapoB (GHIBTPOM
Bunepa. Bonee Toro, ciucremMa HCIoIb3yeT CBEPTOYHBIE CIIOHN TOIT0-KPaTKOBPEMEHHOM MaMsITH
(ConvLSTM) nans 1ruiaBHOM MHTETpallMd BPEMEHHBIX M MPOCTPAHCTBEHHBIX JTAHHBIX B CBOM
9JacTU DHKOJEpa U JeKozepa, ylydias TOYHOCTh uaeHTuduKanuu anomanuil. [locnemyromast
00paboTKa OCYIIECTBISACTCS C HCIOJB30BAHHEM TEXHHKH KAcKaJHOTO CKOJIB3SIIEro OKHa
(CSWT) nmns uaeHTHU(OHKAUUMKM aHOMAIbHBIX KaJIpOB W TEHEPALUHd OLCHOK aHOMAJWH.
ITo cpaBHeHuIo ¢ 06a30BBIMH MOAXOJAMH, OKCIIEpPHMEHTANbHBIC pE3ydbTaThl Ha Habopax
nmaneeix - UCF, UCSDpedl mn UCSDped2 neMOHCTPHPYIOT —3aMETHBIC  YIydLICHHUS
MIPOU3BOAUTEIBHOCTH, C TOYHOCTHIO 99%, miomansio mox kpusoii (AUC) 90,8% u paBHEIM
ypoBaeM ommubok (EER) 10,9%. D10 uccnenoBanue NpemocTaBisieT HAJEKHYIO U TOYHYIO
CTPYKTYpY sl OOHApyKEHUs] aHOMAJIMil Ha BUEO ¢ HAUBBICIIAM YPOBHEM TOYHOCTH.

KnroueBnble cioBa: obnapyxkenue anomanuii, I-UNET, ¢unstp Bunepa, ConvLSTM,
KacKaJIHOE CKOJIb3sIllee OKHO, OIIEHKA aHOMaJTHi.

Jluteparypa

1. Ramachandra B., Jones M.J., Vatsavai R.R. A survey of single-scen4e video anomaly
detection. IEEE transactions on pattern analysis and machine intelligence. 2020.
vol. 44(5). pp. 2293-2312.

2. Nayak R., Pati U.C., Das S.K. A comprehensive review on deep learning-based
methods for video anomaly detection. Image and Vision Computing. 2021.
vol. 106(6). DOI: 10.1016/j.imavis.2020.104078.

3. Raja R., Sharma P.C., Mahmood M.R., Saini D.K. Analysis of anomaly detection in
surveillance video: recent trends and future vision. Multimedia Tools and
Applications. 2023. vol. 82(8). pp. 12635-12651.

4. Erhan L., Ndubuaku M., Di Mauro M., Song W., Chen M., Fortino G., Bagdasar O.,
Liotta A. Smart anomaly detection in sensor systems: A multi-perspective review.
Information Fusion. 2021. vol. 67. pp. 64-79.

5. Pang G., Shen C., Cao L., Hengel A.V.D. Deep learning for anomaly detection:
A review. ACM computing surveys (CSUR). 2021. vol. 54(2). pp. 1-38.
6. Rezaee K., Rezakhani S.M., Khosravi M.R., Moghimi M.K. A survey on deep

learning-based real-time crowd anomaly detection for secure distributed video
surveillance. Personal and Ubiquitous Computing. 2024. vol. 28(1). pp. 135-151.

1928 HUndopmaruka u aBromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



INFORMATION SECURITY

15.

16.

17.

18.

19.

20.

21.

22.

Ackerson J.M., Dave R., Seliya N. Applications of recurrent neural network for
biometric authentication & anomaly detection. Information. 2021. vol. 12(7).
DOI: 10.3390/inf0o12070272.

Sengoniil E., Samet R., Abu Al-Haija Q., Alqahtani A., Alturki B., Alsulami A.A. An
Analysis of Artificial Intelligence Techniques in Surveillance Video Anomaly
Detection: A Comprehensive Survey. Applied Sciences. 2023. vol. 13(8).
DOLI: 10.3390/app13084956.

da Costa K.A., Papa J.P., Passos L.A., Colombo D., Del Ser J., Muhammad K., de
Albuquerque V.H.C. A critical literature survey and prospects on tampering and
anomaly detection in image data. Applied Soft Computing. 2020. vol. 97.
DOI: 10.1016/j.as0¢.2020.106727.

Jebur S.A., Hussein K.A., Hoomod H.K., Alzubaidi L., Santamaria J. Review on deep
learning approaches for anomaly event detection in video surveillance. Electronics.
2022. vol. 12(1). DOI: 10.3390/electronics12010029.

Habeeb R.A.A., Nasaruddin F., Gani A., Hashem L.A.T., Ahmed E., Imran M. Real-
time big data processing for anomaly detection: A survey. International Journal
of Information Management. 2019. vol. 45. pp. 289-307.

Arshad K., Ali R.F., Muneer A., Aziz I.A., Naseer S., Khan N.S., Taib S.M. Deep
Reinforcement Learning for Anomaly Detection: A Systematic Review. IEEE Access.
2022. vol. 10. pp. 124017-124035.

Berroukham A., Housni K., Lahraichi M., Boulfrifi I. Deep learning-based methods
for anomaly detection in video surveillance: a review. Bulletin of Electrical
Engineering and Informatics. 2023. vol. 12(1). pp. 314-327.

Kiran B.R., Thomas D.M., Parakkal R. An overview of deep learning based methods
for unsupervised and semi-supervised anomaly detection in videos. Journal
of Imaging. 2018. vol. 4(2). DOI: 10.3390/jimaging4020036.

Musa A.A., Hussaini A., Liao W., Liang F., Yu W. Deep Neural Networks for
Spatial-Temporal Cyber-Physical Systems: A Survey. Future Internet. 2023.
vol. 15(6). DOI: 10.3390/fi15060199.

Albuquerque Filho J.E., Brandao L.C., Fernandes B.J., Maciel A.M. A review of
neural networks for anomaly detection. IEEE Access. 2022. vol. 10(5). pp. 112342~
112367.

Borowiec M.L., Dikow R.B., Frandsen P.B., McKeeken A., Valentini G., White A.E.
Deep learning as a tool for ecology and evolution. Methods in Ecology and Evolution.
2022. vol. 13(8). pp. 1640-1660.

Amudha L., Pushpa Lakshmi R. Performance Analysis of Hybrid RR Algorithm for
Anomaly Detection in Streaming Data. Computer Systems Science & Engineering.
2023. vol. 45(3). pp. 2299-2312.

Chang Y., Tu Z., Xie W., Luo B., Zhang S., Sui H., Yuan J. Video anomaly detection
with spatio-temporal dissociation. Pattern Recognition. 2022. vol. 122.
DOI: 10.1016/j.patcog.2021.108213.

Rezaei F., Yazdi M. A new semantic and statistical distance-based anomaly detection
in crowd video surveillance. Wireless Communications and Mobile Computing. 2021.
vol. 2021. DOIL: 10.1155/2021/5513582.

Deepak K., Chandrakala S., Mohan C.K. Residual spatiotemporal autoencoder for
unsupervised video anomaly detection. Signal, Image and Video Processing. 2021.
vol. 15(1). pp. 215-222.

Ul Amin S., Ullah M., Sajjad M., Cheikh F.A., Hijji M., Hijji A., Muhammad K.
EADN: An efficient deep learning model for anomaly detection in videos.
Mathematics. 2022. vol. 10(9). DOI: 10.3390/math10091555.

Informatics and Automation. 2024. Vol. 23 No. 6. ISSN 2713-3192 (print) 1929
ISSN 2713-3206 (online) www.ia.spcras.ru



MHOOPMALIMOHHA S BE3OITACHOCTD

23. Taghinezhad N., Yazdi M. A new unsupervised video anomaly detection using multi-
scale feature memorization and multipath temporal information prediction. IEEE
Access. 2023. vol. 11. pp. 9295-9310.

24. Liu T., Zhang C., Niu X., Wang L. Spatio-temporal prediction and reconstruction
network for video anomaly detection. Plos one. 2022. wvol. 17(5).
DOI: 10.1371/journal.pone.0265564.

25. Le V.T., Kim Y.G. Attention-based residual autoencoder for video anomaly detection.
Applied Intelligence. 2023. vol. 53(3). pp. 3240-3254.
26. Chriki A., Touati H., Snoussi H., Kamoun F. Deep learning and handcrafted features

for one-class anomaly detection in UAV video. Multimedia Tools and Applications.
2021. vol. 80. pp. 2599-2620.

27. Deepak K., Srivathsan G., Roshan S., Chandrakala S. Deep multi-view representation
learning for video anomaly detection using spatiotemporal autoencoders. Circuits,
Systems, and Signal Processing. 2021. vol. 40(3). pp. 1333-1349.

28. dos Santos J.C.M., Carrijo G.A., de Fatima dos Santos Cardoso C., Ferreira J.C.,
Sousa P.M., Patrocinio A.C. Fundus image quality enhancement for blood vessel
detection via a neural network using CLAHE and Wiener filter. Research on
Biomedical Engineering. 2020. vol. 36. pp. 107-119.

29. Sharma N., Gupta S., Koundal D., Alyami S., Alshahrani H., Asiri Y., Shaikh A. U-
Net model with transfer learning model as a backbone for segmentation of
gastrointestinal tract. Bioengineering. 2023. vol. 10(1).
DOI: 10.3390/bioengineering10010119.

30. Cai Y., Liu J.,, Guo Y., Hu S., Lang S. Video anomaly detection with multi-scale
feature and temporal information fusion. Neurocomputing. 2021. vol. 423. pp. 264—
273.

31. Yang Y., Fu Z., Naqvi S.M. Abnormal event detection for video surveillance using an
enhanced two-stream fusion method. Neurocomputing. 2023. vol. 553.
DOI: 10.1016/j.neucom.2023.126561.

32. Khan A.A., Nauman M.A., Shoaib M., Jahangir R., Alroobaea R., Alsafyani M.,
Binmahfoudh A., Wechtaisong C. Crowd anomaly detection in video frames using
fine-tuned AlexNet Model. Electronics. 2022. vol. 11(19).
DOI: 10.3390/electronics11193105.

33. Ali M.M. Real-time video anomaly detection for smart surveillance. IET Image
Processing. 2023. vol. 17(5). pp. 1375-1388.

P. Kpummnan IlpuaeBn — Hay4HBII COTpYJHUK, Kadeapa KOMIIBIOTEPHBIX HayK
U MHKeHepuH, VIHCTUTYT JOMOBOACTBA M BBICIIErOo  00pa3oBaHMs I/ SKGHIIHH
ApuHamummaraM. OOIacTh HAaydHBIX HHTEPECOB: IIIYOOKOe OOydYeHHe, KOMIIBIOTEPHOE
3peHHe, MaIlMHHOe O0ydYeHHe, ceTeBas Oe30MacHOCTh U OOHapykeHHe aHoMmanmui. Ymcio
Hay4yHBIX myOnukamuii — 6. 19pheop005@avinuty.ac.in; Tamun Hany, 641043, Koumbaryp,
Wupus; p.1.: +91(960)535-9348.

Amynxa II. — mpodeccop, kadempa KOMMBIOTEPHBIX HAYK W HHXKEHEpHH, WHCTUTYT
JOMOBOJICTBA M BBICIIETO OOpa30BaHMsI IS JKEHIMMH ABHHAmmInHraM. OOIacTh HaydHBIX
HMHTEPECOB: HMHTCIUICKTYaJIbHbI aHAIW3 JAaHHBIX, MALIMHHOE oOydeHne, HH(POpPMALHOHHAsS
6e3zonacHocTh. Yncno HayuHbIX myOnukanuii — 56. amudha_cse@avinuty.ac.in; Tamun Hany,
641043, Koumbatyp, Uumust; p.t.: +91(902)563-6594.

1930 HUnudopmaruka n aBromarusauus. 2024. Tom 23 Ne 6. ISSN 2713-3192 (mieu.)
ISSN 2713-3206 (onsaiin) www.ia.spcras.ru



IMAMATH IOCYIIOBA PA®ADJIA MUJAXATOBHYA

7 wos0ps 2024 roma, Ha 91-M romy ymen w3 xu3HH Padasdmp
MuxatoBud FOCynoB — BeImaromumiicss y4eHBIH B 0OMacTH HMH(OPMATHUKH,
MH(OOPMAIIMOHHBIX TEXHONOTMH W TEOPUH YNpPAaBJICHHS, OCHOBATENb
U PYKOBOIWTETb  HAYYHBIX IIKOI TI0  TEOPETHYECKHMM  OCHOBaM
nHpopMaTHzanuy oOIIECTBA W IO TEOPUHM UYBCTBUTEIBHOCTH CIIOXKHBIX
MH()OPMAIIMOHHO-YIIPABILIIOIIMX ~ CHUCTEM, JIOKTOP TEXHHYECKHX HAyK,
npodeccop, uieH-koppecnoHneHT PAH, 3aciyxeHHBIH JAeATenb HAYKH
u TexHuku Poccuiickoit denepanuy, pyKoOBOAUTEIbL HAYYHOTO HAIIPABIICHUS
CIIMUPAH Cankr-IletepOyprckoro ®deaepaibHOTO HCCISIOBATENBCKOTO
nenrpa Poccuiickoit akanemuu Hayk, aupekrop CIIMMAPAH (1991-2018 rr.).

KOcynoB Padasnme MunxatoBuu pomwiacs 17 wrons 1934 r.
BT. Kasanu. Ilocne oxonuanus B 1952 1. ¢ 3omotoil Menambto Kazanckoit
cnenmkossl BBC P.M. IOcymios 001 HanpaBiieH B JICHUHTpaACKyIO BOCHHO-
BO3IYIIHYI0 HWHXXEHEPHYIO akajgeMuio (HblHe BoeHHO-KocMuueckas
akamgemus nMeHH A.D. MoXaiCKOro), KOTOPYI0 OKOHYHII C OTIHYHEM
B 1958 r. no crneunanbHOCTH «MHXKEHEP-3JIeKTpUK». B 1964 r. oH oKoHUMI
JIeHMHTpaACKuii TOCYNapCTBEHHBIM YHHUBEPCHUTET II0  CHELHAIBLHOCTH
«MaTEMaTHKa.

B 1958-1985rr. P.M. KOcynoB mnpoxomun ciyx0y B Boennoit
akanemun umeHn A.®. Moxaiickoro (BA umenu A.®. Moxaiickoro), rie
3aHMMAaN JOJDKHOCTH uHxkeHepa (1958-1959 rr.), crapmiero wmHxeHepa
(1959r1.), mayunoro cotpymuuka (1959-1960rr.), amsionkta (1960-
1962 rr.), crapmero HaygHOro cotpyaHuka (1962-1967 rr.), HavanpHUKA
HAy4YHO-HMCCIIE0BATENBCKOM naboparopun CUCTEM yIpaBleHUs
neraTenbHBIX  ammapatoB  (1967-1970 1r.), 3amecTHTens HadaIbHHUKA
Kadepbl CHCTEM YIpaBJICHHUs pakeT W KocMH4eckux ammapaTtoB (1970-
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1971 rr.), HavanpHWKa Kadempbl 0oeBoW A(H(HEKTUBHOCTH TPHUMEHEHUS
pakeTHO-KocMuveckoi TeXHUKH (1971-1976 rr.), HaYaJIbHUKA CO3JJaHHOTO
C €r0 yJacTHEM, YHHKAIGHOTO B CHCTEME BBICILIETO BOGHHOTO 00pa30BaHMs,
¢dakympTeTa cOopa u obpaboTku mHpopmarmu (1976-1985T.). B 1985 1.
P.M. KOcymoB Ha3HadaeTcs Ha [IOJDKHOCTh HadalpHUKAa HampaieHus
MOJENHMPOBAaHMS  CTpaTerMueckux omepamuid LleHTpa  omepaTwBHO-
cTparernueckux uccienoanuii ['enepanproro Illtada Boopyxenusix Cun
CCCP. B 1986r. c menpl0 yaydlIeHHS ONEPATUBHO-TAKTHYECKOMN
MOJITOTOBKK BBIMYCKHUKOB BA wmMenu A.®. Moxalickoro uis CityXObl
B KOCMHYECKHMX BOMCKaxX, Yy4YHUTBIBasi OIBIT CIY)XEOHOW JeaTellbHOCTH
PM. IOcynosa B T'lll BC, oH Obul Ha3HaueH HAYAILHUKOM Kadeapbl
ONepaTUBHO-TaKTHUECKOH MOATOTOBKU BA nmenu A.d. Moxaiickoro.

B 1989r. PM. IOcynoB Ha3HayeH C OCTaBJICHHEM B Kajapax
Boopyxennsix Cunm 3aMecTuTeNeM JUPEKTOpa M0 HAaydyHOW padorte
Jlennnrpaackoro mHCTHUTYTa HHGOpMaTnku W aBToMatm3aumuu AH CCC
(c 1991 . —  Cankr-IlerepOyprekuit HHCTATYT  WHOOPMATHKHI
W aBTomMarm3anuu), a B 1991 r. u30paH OUPEKTOPOM STOr0 HHCTHUTYTA
u mpopabotan B 3toii momxHocTH m0 2018 r. C 2018 . P.M. IOcynos
SIBIISICA pyKOBOAMTeIeM Hay4yHoro HanpasieHus CITMMPAH.

Hayuno-nenarormueckas nestensHocTh P.M. FOcymoBa Hauamacek
(c 1959 r1.) ¢ momkHocTH HaydHOoro coTpynHuka BKA, a Bmocnenctsum
BKJIIOYalia JOJDKHOCTH HavajJbHUKa BOCHHBIX Kadeap u (Gaxynprera,
U 3aBeayromero kadeapamu, U AekaHa (axkynbTeToB rpaxaaHckux BY3os
no  mupekropa  Cankr-IlerepOyprckoro  MHCTHTYyTa  HH(QOPMAaTHKH
u aBTromMarm3anuu Poccuiickoir akanemun Hayk (CIIMUPAH), omgHoro us
Beayummx nHCTUTYTOB PAH B 00MacTn nH(bOpMAaTHKK 1 aBTOMAaTH3AIHH.

PM. IOcynoB — opraHusaTop, pyKOBOAUTEIb U YYaCTHUK
KpYHHEHINX (GyHIaMEHTaJIbHBIX U NMPUKIAIHBIX UCCIIEJOBAaHUN B 00JacTh
KNOEpPHETHKH M HMH(POPMATHKH, PE3yJIbTaThl KOTOPHIX SIBHIMCH Ba)KHBIM
BKJIaJJOM B OTEUECTBCHHYIO H MHPOBYIO HayKy, 00pa30BaHHE U 3KOHOMHKY
CTpaHsl, €€ 0€30MaCHOCTh M PAa3BUTHE MEXIYHAPOJIHBIX HAYTHBIX CBSI3EH.

B 1958-1976 rr. P.M. IOcymnoB npoBOIWI UCCICOBAHMSI B 00JIACTH
TEOPUM  YNPABICHUS MOJETOM JICTATENbHBIX  amlapaToB, TEOPHUH
caMOHacTpauBaIoONIuXcs (aAaNTUBHBIX) CUCTEM, TEOPUU UACHTH(DHUKAIIIN H
TEOPUH YyBCTBUTEIBHOCTH OUHAMHYECKHX cucteM. OH CTal OJHHM U3
OCHOBOIIOJIO)KHUKOB ~ OTEUECTBEHHOM HAay4yHOIl IIKONBI MO TEOpUHU
4yBCTBUTENbHOCTH. braromapst pab6oram P.M. IOcynoBa, ero kosier u
YUEHHKOB TEOPHsI UyBCTBUTEJIEHOCTH BOIIA B YHUCJIO OCHOBHBIX pa3/ieioB
oOmero Kypca TEOpPMM  aBTOMATHYECKOTO  YIpaBieHUS.  AHaiu3
YYBCTBUTEIBHOCTH CTaj OOS3aTeNbHBIM  OTAallOM  CO3/IaHHSI  CHCTEM
ynpaBieHus U ux snemeHToB. Hayunsie pesynsratel P.M. IOcymnoBa B
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YKa3aHHBIX O00JIaCTSAX MCHONB3YIOTCS TPH TNPOCKTHPOBAHWH, HACTPOWKE
1 MCTIBITAHHSIX BEICOKOTOYHBIX IIPUOOPOB U CUCTEM.

B 1981 r. B m3matenncTBe «Haykay 1mo Teme AnuccepTarii COBMECTHO
¢ E.H. PoszenBaccepom omyOmukoBaHa MoHOTpadust «UyBCTBHTETHHOCTH
CHCTEM YTPABJICHHS», €€ aKTyaJbHOCTh MOATBEPXKIAcTCA MyOnmKanuen
B CHIA aHrmmiickoro mepeBoaa 3Toi MOHOTpadu.

C 1976r. mnayunsle wuHTEepechl P.M. IOcymnoBa cBsi3aHbI
cmpobnemMamu cObopa u 00pabOTKM HHGPOpPMAaIMH, TeopU3nIecKon
KHOEpPHETHKH, MaTeMaTHYeCKOr0 MOJCIMPOBaHMS, HH(POPMaTH3ALHH,
TeJIeMEJUIIMHBI, KOH(IMKTOIOT UK, HH)OPMALMOHHOM 6€3011acHOCTH

Tepmun  reodusmyeckass — kuOepHeTHKa  ObI  MPEATIOKEH
P.M. IOcynoBsiM B 1977 r. IIPUMEHUTEIBHO K HOBOMY
MEXANCIMIUINHAPDHOMY HAayYHOMY HAIPABJICHHIO — TEOPHM M TIPAKTUKE
YIpaBiIeHUS IPUPOAHBIME (Te0()U3NIECKIMHU) 00BEKTaMU M MPOLIECCAMHI.

Ilox ero pykoBoacTBOM U C ero YywactueM B BKA
M. A.®. Mosxkatickoro 1 B CIIMMPAH BEIMONHEHO, B TOM YHCIE IO
noctaHoBieHusM [IpaButensctBa u  DenepasbHBIM  IIE€JIEBBIM  Hay4HO-
TEXHHYECKHM Hporpammam, Oonee 90 HaydHO-HMCCIIEOBATENBCKUX padoT
U TIPOEKTOB TI0 BOMPOCAaM TOBBIIEHUS TOYHOCTH, 3(P(HEKTHBHOCTH,
HCTBITAHUN BOeHHO-TexHHdeckux cuctem (BTC), mmaHumpoBaHus wux
pPa3BUTH, CO3/JaHUS MaTEMaTHYECKOro oOecredyeHHs CUCTeM 00paboTku
udopmanmun B BTC, pazpaboTkn MHOOPMALMOHHO-PACUETHBIX CHUCTEM
OIIEHKH COCTOSTHMSI IPUPOAHOM cperbl U ee BIUSHUS Ha npuMeHeHne BTC,
CO3JIaHWSI HOBBIX HMH(OPMAIMOHHBIX TEXHOJOTHH M WX HCIHOJIB30BAHUS
B Pa3IMYHBIX chepax pa3BUTHUS OOIIECTBA.

B obGnactu teopun monemuposanus P.M. FOcymoB pasBumin HOBOE
Hay4YHOE HalpaBJeHHE — METOIbl OLCHHMBAHMS KadecTBa MoOAeNei
(amexBaTHOCTh, YYBCTBUTEJIBHOCTh, CJIOXKHOCTb M T.J.), Ha3BaHHOE UM
KBanuMmeTpueit Moxeneit  (moxenemerpueit). UM  chopmymmpoBaHbI
KOHIIETITyaJbHbIE OCHOBBI KBalIUMETPUU MOJEICH, pa3pabOTaHbl METOIBI
1 aJITOPUTMBI OIICHUBAHUS a€KBaTHOCTH U YyBCTBUTEIBHOCTH MOJEIEH.

W3opanne P.M. IOcymoBa B 1991 r1. mupextopom CIIMMPAH
COBITAJI0O C MAacCOBBIM IIEPEXOJOM BO BCEM MHpPE M B HAIEH CTpaHE Ha
HOBOE TIOKOJIEHWE  BBIYHCIMTENPHOM TEXHHKHM —  IEPCOHAIbHBIC
KOMIIBIOTEpHl.  llepcoHanbHBIE  KOMIBIOTEPH!  MPUOMU3HIN  MOIIHBIE
BBIYHMCIINTENbHbIE  PECypChl K  HEMOCPEJICTBEHHOMY  IMOTPEOHTEIo
U IPOHMKIIM BO Bce cephl YeraoBeueckoil aesrensHocTy. [Ipu aTom crano
SICHO, YTO TPOCTasi KOMITBIOTEPH3ALMsI HE MOXKET O00ECIeYHTh OOLIECTBY
NIPOPBIBA HA HOBBIM TEXHOJIIOTHYECKHUH YpOBEHb. Pemennem 31oit mpoGiemsl
CTaJl TMepexol OT TPOCTOH KOMIBIOTEpU3alMU K Oojiee MIMPOKOH
u riybokoit nudopmaruzannm oodecTsa.
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P.M. IOcynoB sBUJICS ONMHWM W3 WHUITMATOPOB pa3BUTHs B Poccum
B3aMEH HCUEpPHABIIEro ce0sl HampaBIeHHS — KOMIBIOTEpH3alUs HOBOTO
BECbMa  aKTyaJbHOTO  HAyYHO-TIPAKTHYECKOTO HampaBJIeHUsT  —
nHpopMaTH3aims odmecTa. PazpaboranHas UM yHUBEpCalbHAs CTPYKTypa
KOHIETIINHY HHPOPMATHU3aIHH, 110 CYLIECTBY, cTana B Poccun 0CHOBOM Bcex
paboT B obnmactu mH(pOpPMATH3ANNHN, YEMY, B YACTHOCTH, COCOOCTBOBAIH
omybnukoBaHHble UM coBMecTHO ¢ B.II. 3abonorckum MoHorpadun
«Hayuno-meTononornueckie ocHOBBI HH(popMartuzanumn», CI16, Hayka,
2001 u «KoHmenryanpHble U Hay4YHO-METOAOJIOTHYECKHE OCHOBBI
nndopmaruzauuny, CI16, Hayxka, 2009.

BriepBele 3TH KOHIENITYalIbHBIE X HAYYHO-METO0JIOTHYECKHE OCHOBBI
nHdopmaTnzauny ObUIM pean3oBaHbl Ha npaktuke B 1991-1993 rr., xorna
nox pykosozactBoM P.M. IOcymnoBa u ¢ ero HErnocpeICTBEHHBIM y4acTHEM
ObM  co3maHel  KoHIenuus — unH(popmatmzammu  JIGHHHrpaaCcKoro
SKOHOMHYEecKoro pernoHa (1991 r.) n TMnoBas KOHIENINSA HHPOPMATH3ALNA
roporckoro pariora (1992r). P.M. IOcymoB sBISeTCI COaBTOPOM
Kormenmmu  mHpopMmatm3anuun  Cankr-IletepOypra. C  ero ydgactuem
pa3paborana TaKKe cTparerus niepexozia Canxr-IlerepOypra
B HMH(OPMALIMOHHOE 00111eCTBO, OH SIBIISIETCSI pPYKOBOAUTENIEM
1 pa3paboTINKOM psiia MPOTPaMM M HMPHOPUTETHBIX MPOEKTOB IS TOpoja
BOOJacTd  TEJeKOMMYHHKaluii,  WH(QOpPMAlMOHHOW  OEe30MacHOCTH,
TeJIeMeUIUHEI, B ToM gucie LleneBoit mporpaMmsl «DneKTpoHHbIH CaHKT-
[etepOypr», Konnenuy nHPOPMAITOHHOW 0€30MaCHOCTH HUCTIOTHUTENHHBIX
OpraHoB rocynapctBeHHoi Bactn Cankt-IleTepOypra u 1p.

P.M. IOcymnoB siBisizicss O€CCMEHHBIM TIpecenaTesieM OPrKOMHTETa
KOH()EpEeHIIMH, NPOBOJMMBIX B TOpPOJIE Ha pErYJSIPHOW OCHOBE NpHU

HOAJEPIKKE IIpaBurenscTBa Cankr-IlerepOypra: «PernonansHas
nndopmaruka» (1991-20241r.) u «MudopmannonHas Oe3omacHOCTh
PEruoHOB Poccun» (1999-2023 rr.), KOTOpBIE CIOCOOCTBYIOT

(hOPMHUPOBAHUIO €IUHOTO 3ALIUICHHOTO WH(POPMAMOHHOTO MPOCTPAHCTBA
1 nHHOPMAIMOHHO-00pa30BaTEILHON cpeipl ropoaa. MiM OB opraHn30BaH
MOCTOSIHHO ~JIHCTBYIOIIMK CeMHHAp I0 pa3padoTke KOMITBIOTEPHBIX
MozeJel pa3BUTUSI TOPOJa U FOpOACKON ceMuHap npu HayuHom coBete 1o
napopmatmzanun Cankr-IlerepOypra «upopMaTinka 1 aBTOMATH3AIINIY.
Bnaromaps ero ycwmsam, CIIMUPAH cran Hay4YHO-METOINYECKAM
neHtpoM undopmaruzaruu Cankr-IlerepOypra.

3HaYUTEIBHBIC PE3yNbTaThl, monydeHHble P.M. HOcymoBsiM mpu
pa3paboTKe KOHIENTYAJIbHBIX Y  HAYYHO-METOJOJOTHMYCCKHX OCHOB
uHpOpPMATU3AIUHN U UH()OPMAITMOHHOTO 00IIECTBA, OKa3alll CYIMICCTBEHHOE
BIUsiHAE Ha 3TH nporecchl B Cankt-IletepOypre u ctpane. B pa3suthe
sToro HampaeieHuss P.M. [OcynoBeiM pa3paboTaHbl CTPYKTypHas
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1 SKOHOMHUKO-MaTeMaTH4eckass MoJAenn HH()OPMAIMOHHOTO o0mecTBa
B IIPEANONIOKEHUN, HYTO B TOCIeAHEM (OYHKIHOHHPYIOT  CEKTOPHI
MarepuaabHOro ®  HHGOpMamuoHHOTO  (IU(GPOBOTO)  TMPOU3BOICTBA.
C ucrnonp30BaHUEM ITHX MOJENeHl MM TOJydeHa HOBas MapaMeTpHuIecKas
nHPOPMAMOHHAS MOJENb PAa3BUTHS HAYKH, TO3BOJIIIONIAS HCCIEIOBATH
BIMSIHAE psna mapaMeTpoB (oO0beM (MHAHCHUPOBAHWSA, HYHCICHHOCTH
Hay4HBIX paOOTHHKOB, CTapeHHE 3HAHWH, «yTeYyKa yMOB» M TEXHOJIOTHH
U T.J.) Ha SBOJIIOIUIO HAYKH

IOcynoBeiM P.M. co3naHbl Be NMPUKIAAHBIE TEOPUH YIIPABICHHUS,
HMEIOLINE Ba)KHOE TOCYAAapCTBEHHOE UM OOOPOHHOE 3HAY€HHE B pPEIICHHU
npoOiieM HUMIIOPTO3aMEelIeHHss M HMMIOPTOONEPEKEHUsT B  Pa3IMYHBIX
OTpacisX COBpeMeHHOH 3koHOMUKU P®. IlepBas U3 yka3aHHBIX TEOpUH
MONyYHJIa Ha3BaHWE TEOPUH IPOAKTUBHOIO (YIPEKIAIOUIETO) YIPABICHUS
CIIO)KHBIMH OOBEKTaMH, a BTOPasi, TOTIOJHSIOMIAsI €€ TeOpHs, OblIa Ha3BaHa
TEOpUCH MHOTOKPHTEPHATIHHOTO OIICHWBAaHUS W BBIOOpa Hamboiee
MPEOIOYTATENIFHBIX ~ MOJENEH W IMONUMOJENBHBIX  KOMIUICKCOB,
OTHCHIBAIONINX (YHKIIMOHHPOBAHUE CIOXKHBIX OOBEKTOB. Teopuu BHOCAT
CYIIECTBEHHBI BKJAJ B pa3BUTHE COBPEMECHHOW WH(POPMATHKH H ee
COCTAaBHOM YaCTH — UCKYCCTBEHHOTO HHTEIIJIEKTa

B pesynbrare peanuzanyu 3THX TEOpUil pellieHa KpyNHash Hay4HO-
TEeXHHUYECKass mpoliema oO0ecreueHns] TEeXHOJOINYECKOH He3aBUCUMOCTH
POCCHICKHX pa3padOTYMKOB OT 3apyOEeKHBIX MPOM3BOJMTENCH B OOJIACTH
TIPOCKTUPOBAHMSA, CO3/IaHUA W IKCILTyaTallii MOJCIbHO-AJIIOPUTMHUYCCKOTO,
TEXHUYECKOTO, HMH(MOPMAIMOHHOTO ¥  TPOTPAMMHOTO  OOCCIICUCHHUS
MPOAKTUBHOTO  YIPABICHUS JKU3HCHHBIM IMKJIOM CIIOXHBIX BOCHHO-
TEXHUYECKHX OOBEKTOB U I0J] PYKOBOJCTBOM H HEMOCPEICTBEHHOM yYaCTHH
Ocynosa  P.M.  pa3zpaboraHa  OTEYeCTBEHHas  WHTEJUIEKTyalbHas
WHPOPMAIIMOHHO-aHAIUTHIECKas TuaTgopMa TPOAKTHBHOTO —YIIPABICHUS
JKM3HEHHBIM LIUKJIOM CJIOKHBIX BOCHHO-TEXHHUYECKHX OOBEKTOB Ha OCHOBE
MIpUMEHEeHHs KHOep(HU3NIESCKUX CUCTEM U HHTEIICKTYaIbHBIX HHTEP(HEHCOB.

CBOIO BBICOKOI(DPEKTUBHYIO Hay4HYIO AesteabHocTh P.M. IOcymoB
BCerma YCTICIITHO coueTan c paboToit 1o MTOJITOTOBKE
BBICOKOKBANMM(UIINPOBAHHBIX WHXEHEPHBIX W HAYYHBIX KaapoB. B TeueHme
20 mer B BKA umenn A.®. Moxaiickoro Ha IODKHOCTSIX HadalbHUKA
Kadenps " HavYaJIbHUKA (akynpTeTa OH TOTOBHJI
BBICOKOKBJIM(UIIUPOBAHHbIE HH)KEHEPHBIE Kaipbl Uil BoopyxenHbix Cui,
MHOTHE U3 KOTOPBIX B HACTOSILEE BPEMS C YCIIEXOM TPYIATCS B PA3IHMYHbBIX
CTPYKTYpax, B ToM uucie u B PAH.

C 1991r. oH sBmsics 3aBenyomuM  Oa3oBod  Kadenpoit
«ABTOMaTm3alMs Hay4yHeIX uccienoBanui»  Cankr-IleTepOyprckoro
TOCYAapCTBEHHOTO  DJIEKTPOTEXHUYECKOTO  yHHBepcuTera <« JIOTWU»,
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ac2003 mo 2016 rr. 3aBemoBays ©6a3oBoi kadenpoit «IIpukmagHas
napopmatnka» CaHkT-IleTepOyprckoro rocyJapCTBEHHOTO YHHBEpPCHTETa
a3POKOCMUYECKOTO MPHOOPOCTPOCHUS

B 1996-1999rr. PM. IOcymoB Opmr mpodeccopom CaHKT-
[erepOyprckoro  monmTexHMYeckoro yHUBepcurera Iletpa Bemmkoro
(CIIGILY), rme mpH ero HemocpeaCTBEHHOM ydacTud B 1998 1. Obu1 co3maH
¢akynbreT «bezonacHocThy. Jlexkanom atoro ¢akyisrera P.M. IOcynoB Ob11
¢ 1998 mo 2001 rr. B 2009T. o Obl1 M30paH 3aBenyIOIUM 0a30BOU
kadenpoit «PacrpeneiéHHbIC HHTEIUICKTYAIbHBIC CHCTEMbI AaBTOMATH3ALIUI
CIIoITY.

PM. HOcynoB — mnouerHslii jgoktop IlerposaBoackoro
rOCyJapCTBEHHOTO yHHBepcuTeTa, CaHKT-NETepOyprcKoro yHUBEpCUTETa
YIpaBieHUSI W 3KOHOMHUKH, HMOYETHBIH mpodeccop BoeHHO-KOCMHUIECKOH
akazeMuu umeHu A.®D. Moxalickoro, NOYETHbIN akaJeMUK AKaJeMUU HAYK
PecnyOmmmku Tarapcras.

[To mannmatuee P.M. FOcymoBa B 3maHuyn HHCTUTYTa WHPOPMATHKA
cozmanbl fBa Myszesd. B 1995 1. oTkpbuics My3zeldl HCTOpUM BCEMHPHO
n3BecTHOM 1wikoibl K. Mast, kotopas ¢ 1910 mo 1976 rr. pa3memanach
B3manuu wuHcTUTyTa. C 2008 r. QyEkumonupyer Myseit uctopun
CITMUPAH.

P.M. KOcymnoB — Belaronuiics y4eHslii B 007acTH HHGOPMATUKU
Y TEOpUHU YIPABJICHUSA, OCHOBATENIb M PYKOBOIHTENb HAYYHBIX IIKOJ IO
TEOPHH  YYBCTBUTEIBHOCTH HMH(MOPMAIIMOHHO-YIPABIIIOIINX  CHUCTEM,
KBJIMMETPHUU MOJIENeH, reopu3nIecKoi KHOCpHETHKE W HAYYHOW IIKOJIBI
«uHpopMaTH3auus ¥ (QopMuUpoBaHHE WH(POPMAIMOHHOTO OOIIECTBAY.
Cpenu yuenukos P.M. IOcynosa 12 nokropoB Hayk U 46 KaHAUAATOB HayK.
PM. HOcymno sBusercs aBtopoM Oonee 500 Hay4yHBIX TPYIOB,
40 moHorpadmii, yaeOHUKOB M yueOHBIX TocoOuii, 19 n3oOpereHuit.

P.M. KOcymnos Bell (oN13113% %) Hay4YHO-OpPraHU3aTOPCKYIO
u oOmecTBeHHy0 paboTry kak wieH [Ipesmmuyma Cankt-IleTepOyprckoro
HayuHoro meHtpa PAH (1992-2018 rr.), mpenceaarenr OO0beIUHEHHOTO
HAYYHOTO COBETa 3TOrO LEHTpa MO HH(pOpMaTHKE, TEICKOMMYHHKAIUAM
u ynpasiaeHuio (¢ 1992r.), unen bropo OtneneHuss HaHOTEXHOIOTHI
u nHpopmarmonHex TexHomornit PAH (mo 2016r.), wnen Haywnoro
coeta npu Cosere besomacHoctn P® (1999-2014 rr.), 3amecTuTeNb
npexacenarenss HayuHoro cosera no uHpopmaruzauuu Caskr-IletepOypra
(c 1994r.), unen Coera PAH «Hay4Hele TeleKOMMYHHKAIUH
n uHpopmarmonHas uappactpykrypa» (1998-2003 rr.), uien Cosera PAH
«BBICOKONIPON3BOIUTENEHBIE  BBIYUCIUTENBHBIE  CHCTEMBI,  Hay4HbIC
TEJICKOMMYHHUKAlMK M HMH(pOpMaIMoHHass HHOpacTpykTypa» (¢ 2003 r.),
npeacenarens  HayuHo-TeXHMYeCKOro  coBeTa [0 PETHOHAIBHBIM
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npoOieMaM HalMoHaNbHOW Oe3omacHocTH (1996-1998 r.), 3amectuTens
npeacenatens HayudHoro cosera npu mno wuHpopmarmsanun CaHKT-
[etepbypra mpu IlpaBurensctBe ropoma (1993-2024 rr.), 4ieH Hay9IHBIX
cosetoB 1o rocymapctBeHHBIM HTII «llepcnexTrBHBIE MH(MOPMAIMOHHBIE
texaosorum» (1994-1998 rr.) m «Mudopmarmzamus Poccum» (¢ 1994 1.),
qreH CeBepo-3amagHONW CEKIUU CONCHCTBHS Pa3BUTHIO SKOHOMHYECKON
Hayku PAH (c 1998r1.), uren xomuccum npu [ybepnatope CaHKT-
[erepOypra mo pedopMHUpOBaHHIO HayYHO-TeXHHUYECKOH cdepsl (1998-
1999 rr.), wien upasnenuss  Cankr-IlerepOyprckoro  otaeneHus
JlomonocoBckoro ¢ouzaa (¢ 2004 r.), wien Ob6mecreenHoro Cosera CaHKT-
[MerepOypra (2002-2010 rr.), conpeacenarens KoopauHalMOHHOTO coBeTa
[MapTHepcTBa Anst pa3BuTHsl MHpOpManMOHHOTO obmiectBa Ha Cesepo-
3amage Poccum (ITPUOP Cesepo-3amam) (c 2002r1.), mnpe3naeHT
HammonanmeHOrO 00mIecTBa MMHTAOHHOTO MoxaeiupoBanHus (¢ 2011 1)),
3amecturens — npencenarens — OOmectBeHHOoro  coBeta  Komwmrera
no nHpopMarm3ann W cBs3u  llpaBurensctBa  Cankt-IleTepOypra
(c2014r.), BHUIIC-TIPE3UICHT Cankr-IlerepOyprckoro ObmiectBa
nH(OpPMATHKY, BBIYUCIUTEIBHON TEXHHKH, CHCTEM CBSI3M W YIPaBICHUS
(c 1991 r.), unen OOBETUHEHHOTO COBETa II0 NPHUKIAJHBIM HayKaMm
U TEXHOJIOTHIECKOMY Pa3BUTHIO MIPOMBIIIJICHHOCTH CaHKT-
[TerepOyprckoro otaenenus: Poccuiickoii akagemun Hayk (c 2024 1.).
SAsnssice wieHom Hayunoro cosera mpu Cosere besomacHocTH
Poccuiickoit @eneparuu, P.M. FOcynoB npuHuMan ydactue B pazpaboTke
Oonee NecATH MPOEKTOB TOCYNApCTBEHHBIX JTOKYMEHTOB IO OOECIEUEHHIO
nH(OPMAIIMOHHOW OE30IIaCHOCTH, B KOTOpPBIC BOLUIM €TI0 IPEIIOKCHUSL.
B ogHoM W3 mocneqHMX IOKYMEHTOB coBeTa «OCHOBHBIE HalpaBICHHS
TOCyJapCTBEHHOM TIOJUTHKM B 00MacTd (OPMHUPOBAHUS  KYJIBTYPHI
nHdopMannoHHOH Ge3onacHocTH JmaHOCTH 10 2020 roa» ydTeHbI JBa €ro
npeAnoxeHus. SBnsace 3amectureneM mnpencedarens Haydynoro cosera
o napopMmarnzanuu  Cankt-IletepOypra, P.M. IOcymoB, ommpasch Ha
pa3paboTaHHBIE WM KOHLENTYalbHbIE M METOHOJOIMYECKHE OCHOBBI
“HGOPMATH3AINN W Pa3BUTHA HHOOPMAITMOHHOTO OOIIeCTBa, BHEC BaKHBIN
BKIaA B  pa3pabOTKy  [JOKyMEHTOB,  OKa3aBIIMX  CYIIECTBEHHOE
TMIOJIOKUTETBHOE BIMSHUE Ha 3TH npornecchl B CankT-IleTepOypre u B cTpaHe.
P.M. FOcymoB BXOZUT B COCTaB PEIAKIMOHHBIX COBETOB >KYPHAJOB:
«udopmatuka M ee nupuMmeHeHus», «HayuyHO-TeXHHMUECKHE BEIOMOCTH
CIIoITY» (mpencenarenb penakumoHHOro coseTta cepuu «lH(popmaruka.
TenexommyHukanuu. YnpasieHue»), «MHpopmanus U kocMocy, «3Bectnst
[erepOyprckoro  yHuBepcuTeTa IyTed  COOOIIEHUS», «ODKOHOMHKA
u ynpasieHue», <«lIpukacnuiickuii JKypHaJl. YIIpaBJI€eHME U  BBICOKHE
TexHojorun», «lIpobmembl ympaBieHuss u wuHpoOpMaTHkm» (YKpauHa),
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«MexaTpoHHKa, aBTOMaTH3anus U  ympasieHue», «MHbopmarnzanms
u cBa3by», «Temekommynukanmm», «Journal of Intelligent Control» (CHIA)
Ip., MHOTO JIeT SBISUICA OECCMEHHBIM IIpefcenaTeNeM JOKTOPCKOTO
nmucceptanmonHoro  coeta npu  CIIMMAPAH, wieHOM  IOKTOPCKHX
nccepTannoHHBIX coBeToB Mpu BKA nmenu A.®. Moxatickoro u CITOITY.

Bnaromaps ycunusm P.M. IOcymoBa, kKak TIaBHOTO pemakKTopa,
xypHan «Uudopmarnka u aBromarmzaums» («Tpymsr CIIMHPAH»),
n3naBaeMblii uHcTUTYTOM € 2001 1., BKItoueH B cnucok BAK ¢ 2011 r,
c2014r. Bomen B MEXIyHApOAHYH 0a3y maHHbIX Scopus, B 2018 .
BKJItO4eH B Ton 100 poccuiickux *KypHanoB.

MexnyHapoaHbIM MIPU3HAHUEM Hay4YHBIX JIOCTH>KEHUU
P.M. IOcynoBa ABISIOTCS MNPUCYXKACHUE €My psAga MeXTyHapOIHBIX
IIPEeMHUH, €ro MHOTOYHCIICHHBIE Hay4yHble MyOnuKanmuud (B TOM 4YHCIIE
MOHOrpaduu) B 3apyOeXHBIX H3JAaTENCTBAX, NPHIJIAIICHHE B COCTaB
MPOTPaMMHBIX WM OPTraHHM3ALMOHHBIX KOMHTETOB  MEXIyHapOJHBIX
KOoH(epeHIMH (B TOM dYHCIE M B KadecTBE MOKJIAIYMKA), BBICTYIUICHHS
C IPUIJIAIICHHBIME  JIOKJIaaMHd  Ha MEXIYHApOAHBIX KOH(EPEHIHsIX,
YTeHHE JeKIHA B 3apyOexHBIX yHHBepcureTax. P.M. IOcymo wn3bpan
WICHOM psiia MEXAYHAPOTHBIX aKaJeMHil, BXOAUT B COCTAaB PEIKOJUICTHH
psina 3apyOexHbIX O>KypHasoB. OH SIBISIETCS PYKOBOJIUTEIEM MHOTHX
3aKa3HBIX 3apyOeKHBIX IPOEKTOB M TPAHTOB. 3a paboThl B o00JacTh
obecrieucHUsT MEKAYHAPOIHOW HH(DOPMAIIMOHHON OE30MAaCHOCTH OH
HarpaxkaeH opaeHoM «CoapyxecTBo» MexmapiaMeHTCKO accambieeit
rocyaapcTB-ydacTHHKOB CoJpyxkecTBa He3aBUCUMBIX rocynapcts (2013 1.),
[MouyérnpiM 3nakom MIIA CHI' «3a 3acmyrm B oOmactu ne4atu
n uapopmarmm» (2018 r.). B 2005 1. emy mpucyxneHa MexayHapoaHas
npemuss uMm. H.Pepuxa 3a goctmkeHus B 00JacTH  IE€Aaroruku
U TIPOCBETUTEILCTBA.

3a 3acioyru B mepuox BoeHHOW ciyxObl P.M. IOcymnoB HarpakaeH
opreHom «KpacHoii 3Be3npr» (1978 T.) W TpUHAAIATEIO MEAANSAMHU, MY
MIPUCBOCHO BOWHCKOE 3BaHWe TreHepan-maiiop (1980r.). 3a 3aciyrm
B Pa3BUTHM BOCHHOM HAyKM, BOOPYXEHHS M TEXHHKH OH wu30paH
JIEHCTBUTENFHBIM UWICHOM AKaJeMHH BOEHHBIX Hayk Poccmm (1996 T1.),
HarpaxxaéH rpamoTtoit BoenHo-HayuHoTo KOMHUTEeTa Boopyxenusix Cun PO
«3a OonbIIONW BKJIAA B Pa3BUTHE OTEUECTBEHHON HAyKH, BOOPYKCHHS,
1 BOoeHHOH TexHuKu» (2012 r.).

3a Hay4HbIe JIOCTYDKEHMS U menarornueckue 3aciayru P.M. FOcynos
HarpaxxaeH opjaeHoM «3a 3acayru nepex OrtedectBom» [V cremenu
(2005 1.), opnenom «Ilouera» (1999 r.), menanpto CoBera besomacHocTn
P® «3a 3acnyru B obOecrnedeHUH HAIMOHAIBHOMN Oe3omacHocT» (2009 1.),
€My TIIPHCBOEHO II0YE€THOE 3BaHHE «3acilyXKEHHBIM JAedATeNb HayKu
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uTexuuku P®» (1984 r.), «llouernwnii pamuct CCCP» (1974 1),
MPUCYXKICHA YYeHas CTeNeHb IOKTOpa TeXHWYecknx Hayk (1968 T1.),
MPUCBOCHO Yy4eHOoe 3BaHMe Tmpodeccopa (1974r1.), OH HarpaxaeH
MUHHUCTEPCTBOM BBICIIIETO M CPeHEro crienuaibHoro oopazoBanus CCCP
[lepBoit mpemueil M Memanpio 3a IJIydlIylo Hay4dHylo paboty (1983 T1.),
n30paH WIeHOM-KOoppecHnoHAeHToM Poccwuiickoii akagemun Hayk (2006 1.),
HarpaxaeH IlowerHoit rpamoroii Ilpesmpmenra PP (2015r.), ymocroen
3BaHus «[loyeTHBIN paOOTHUK HAYKH M BBICOKHMX TeXHOJIOTHH Poccuiickoi
denepauuu» 3a 3HAYMTENBHBIE 3acCayrd B cepe HAyKH M MHOTOJICTHUI
nobpocosectrbiii Tpya (I[Ipukaz MunoOpuayku Ne 38/k-H oT 26 wuroHS
2019 1.).

OH ynocroex npemuii IIpasurensctBa PO u IlpaButenscrea CaHKT-
[etepbypra B obmactu oOpaszoBanus (2009 r.), mpemun IIpaBurenbcTBa
Cankr-IlerepOypra um. A.C. [TonoBa B 0011acTH 3IEKTPO- U PATHOTCXHUKH
n nHQOPMAIMOHHBIX TEXHOJOTWH, HarpaxaeH [loyeTHBIM 3HaKOM
«3a3acoyru mepen Cankt-IletepOyprom» (2018 T.), 3HakOoM oOTIHUUSA
«3a 3aciyru nepen Cankt-IlerepOyprom» (2009 r.).

P.M. KOcymoB sBisics pyKOBOOUTEIEM pabOTHI, yIOCTOCHHOM
npemun IlpaBurensctBa Poccuiickoir denepauun B 007acTH  HayKu
nTexaukun (2022r1.) — 3a pa3pabOTKy ¥ BHEAPEHHE KOMILIEKCA
OTEYEeCTBEHHBIX HHTEJUIEKTYaJIbHBIX Ha3eMHBIX TPAHCHIOPTHO-
TEXHOJIOTHYECKUX CPEICTB OOCIYKMBaHHA CYIOB TPaKIAHCKOM aBHAIUU
B €IMHOM I[(POBOM IPOCTPAHCTBE a3POIOPTA.

Pemennem Ilpesmanyma Cankr-IlerepOyprckoro otnenennss PAH
B okTs10pe 2024 r. Padasnro MungxartoBudy npucyxiaeHa [Ipemus umeHu
C.H. KoBanésa 3a BbIgaromuecss Hay4YHble W HayYHO-TEXHHYECKHE
JIOCTHXXEHUSI B 00JIaCTH TEXHHYECKHUX HayK.

3a CyIIEeCTBEHHBI BKJIaJ B HAyYHO-TEXHOJIOTMYECKOE pa3BUTHE
Poccuiickoit ®epepanun u copeiictBue Poccuiickoll axkageMuMu Hayk
B pPEIICHUY BO3JIOXKEHHBIX Ha Hee 3a7a4d IOcynoB P.M. HarpaxaéH meaansio
300 ner Poccuiickoit akagemum Hayk (2024 r.), OmaromapCTBEHHBIM
mucbMoM Ilpesmpenta Poccuiickoit denepauuu 3a BKJIaag B pa3BUTHE
OTEYECTBEHHOM HAyKH, MHOTOJETHIOI IIIOAOTBOPHYIO JAEATEIBHOCTH
u B cBs3U ¢ 300-meTreM co OHA OCHOBaHHS Poccuiickoii akameMunm Hayk
(2024 1.).

Yxon Padasnsg MunxaroBrua — HEeBOCHIOJIHMMasE yTpara JJIsl BCeX Hac.

CoTpynHuKu Cankr-IlerepOyprckoro ®denepanbHOro
HCCIIEIOBATENICKOrO LEeHTpa Poccuiickodl akageMuu HayK, YYEHUKH
U KOJUIETH,  peJaKIMOHHas Kojuterusi  kypHana — UHdopmarnka

n aBToMaTusanu.
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