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ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

YJIK 004.056 DOI 10.15622/ia.25.2.1

A.A. BATkuH, A.B. [Tormios, B.Jl. OJIMCEEHKO, M.B. ABPAMOB
HCCJIEJIOBAHUE MIPUMEHUMOCTHU METOJA MATPUYHOM
DOAKTOPU3ALINUA IJI51 PAHKKNPOBAHUSA BOJIBIINX
A3BIKOBBIX MOJIEJEN

Bamxun A.A., lonyos A.B., Onuceenxo B.J]., Abpamos M.B. UcciienoBanue NpuMeHHMOCTH
MeTO/1a MAaTPHYHOM (PaKTOPH3aLUH [JIsl PAHKMPOBaHHUS 00JIbIINX SI3BIKOBBIX MO/ eJIeii.

AnHoTamus. B mocnenHue roapl LIMPOKOE MPUMEHEHHE B 00JIaCTH (PMHAHCOB MOJTYYHIN
OoubIne s3pIKOBBIe MojenH (aHri. Large Language Models, LLM). IIpsimoe cpaBHeHHe Takux
Mozeneil MOXeT ObITh 3aTpyAHEHO, Tak Kak Habopsl HaHHBIX M camd LLM Moryt ObITh
3aKpBITHI, a IIApaMeTphl IPU OLEHKE MOIYT OTIMYaThcsa. B paboTe M 3amauM 3amoIHEHUs
HEHM3BECTHBIX METPHK IIpeAJaracTcs MHCIOIb30BaHHE METOJa MAaTPHYHON (haKTOpH3aIuU
13 PEKOMEH/ATeNbHBIX ~ CHCTEM, H3HAYaJdbHO  CO3JAHHOTO I IPOTHO3MPOBAHUS
MPENOYTEHUH moJb3oBatelield. Llenpo paboThl ABISETCS OLIEHKA NPUMEHUMOCTH MAaTPHYHOM
(haxTopu3anuy UL NpeacKa3aHus MeTpuK kadectBa LLM Ha (UHAHCOBBIX 3amadax, a Takxke
paspabotka MeTozna pamwxupoBaHuss LLM Ha OCHOBE arperaiu METPHK KauyecTBa.
IIpoBoauTCS SKCHEPUMEHT MO NPUMEHEHUIO MATPUYHOM (haKTOpHU3alMu Ha COOpaHHBIX
13 HAyYHBIX HCclIefoBaHUM HaHHBIX 0 34 LLM wu 42 (QuHaHCOBBIX Habopax aHHBIX.
VYcepennennas MAE merozna Ha Beex 3amyckax coctaBisieT 0.07 Ha TeCTOBOM Habope JaHHBIX.
Bepxuue no3uiuu B peiitunre 3anumaioT moneiu DeepSeek R1, OpenAl GPT-40, OpenAl 01-
mini, Fin-R1, Claude 3.5 Sonnet. JIByMsi crmoco0amu HCCIIEMYETCSl BIUSHHE OMIMOKH
MIPOTHO3UPOBAHUS HA MTOTrOBbIE Npenckasanus: npu nomom MAE u merona Monte Kapio.
AHaNMu3UPYyIOTCA IOTy4YEHHBIE DE3yNbTaThl, OCHOBHBIMU BBIBOJAMH KOTOPBIX SBIIIOTCA:
a) MeTOJl MATPHYHON (paKTOPH3aUMH MOXKET OBITh NPHMEHEH Uil HPOTHO3HPOBAHUS
HEM3BECTHBIX 3HAYEHMH METpPUK Mojeneld Ha Habopax IaHHbIX; 0) Bexymme Ooibline
SI3BIKOBBIE MOJENU COIM3HINCH B OIEHKE HACTOJNBKO, YTO HEBO3MOXKHO BBIBHTb SIBHOI'O
muaepa; B) Oonplipe OMMOKM IpeACKa3aHWs MO3BOJIIIOT BBUIBUTH — ClielM(UUecKye
0COOEHHOCTH MOjeNell Ha KOHKPETHBIX 33jadax. [IpelcTaBieHHbBIH METO]| paHXKUPOBAHHS
Croco0eH yrnpoCcTUTh BHIOOP MOAXOAAIIEH MOeNH Uit (UHAHCOBBIX 3a/1a4.

KiroueBble ci10Ba: GoNbIINE S3BIKOBBIE MOJIEIH, OLCHKA KauyecTBa MoJeleil, MaTpuaHast
taxropuzanys, puHAHCOBaS chepa.

1. BBegenue. [lo Mepe pa3BUTHSA OONBIIMX S3BIKOBBIX MOJEINEH
(amnen. Large Language Models, LLM) pacmupsiercss OXBaT Hay4HBIX
U TIPOMBINUICHHBIX 00JIaCTel, B KOTOPBIX OHH BCe 00Jice YCIEIIHO
BHeapsitotest [1]. Onuoit u3 cdep, rae OONbIINE S3bIKOBBIC MOJCIH MOTYT
JaTh CYIIECTBEHHBIN COIMANBHBIA M SKOHOMHUYECKHH 3(ddekr, sBmsercs
¢unancoBas cthepa [2]. B mamHO#t cdepe LLM MoryT BBICTYIATH
ABTOHOMHBIMH 4aT-00TaMH TEPBOH JMHUU TEXHUYECKOW TOMJEPKKH HIIH
B KaueCTBE TOMOIIHHWKOB JUJISI BTOPOW W OCTalbHBIX JIMHUH TOIJCPKKH,
3HAYUTEIBHO COKpamiass BpeMs OTKIMKa © pPabdo4yl0 Harpysky,
MOJIOKUTEIBHO  BJIMsAA HAa  KAa4eCTBO  OOCIY)XMBaHUS  KJIMCHTOB
1 xeHToneHTpruaHOCTh [3]. Kpome Toro, LLM MoryT HCHoin30BaThCs
B 3aJ]a4aX, CBSI3aHHBIX ¢ 00Pa0OTKOW OOJBIIOr0 KOJIMYECTBAa (hMHAHCOBOM
JOoKyMmeHTaruu [4], BbIABJIEHHEM MOIICHHUYECKUX omnepanuii  [5],
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WCKYCCTBEHHbBII MHTEJUJIEKT, MHXKEHEPUS JIAHHBIX U 3HAHUI

KpPEAUTHBIM CKOPUHTOM [6], MPOTHO3UPOBAHUEM KOTHPOBOK
Ha (PMHAHCOBBIX PBIHKaX [7] U 1p.

3a mocieqHne HECKOJIBKO JIeT pa3paboTaHo OOJbIIOE KOJIUYECTBO
pasnuubbix LLM [8], ¥ mpeAnpHHUMAIOTCSI MOMBITKH CPAaBHUTh MX Kak
C TOYKH 3pEHUsI apXUTEKTYPbI, TaK U KauecTBa Ha pasHbIX 3aja4ax [9]. s
TaKOTO CPABHEHUS HCIIOJIB3YIOTCSI HAOOPHI JaHHBIX U OCHIMAapPKH, KOTOpPBIE
MmpoBepsAoT crmocoOHocTH LLM  BBRIONHATH  pa3iudHble  JEHCTBUA.
IMpumepamu Taknx 3amad B OAHKOBCKOHM c(hepe MOTYT BBICTYIAaTh: OTBETHI
Ha BOTIPOCHI TI0 (hHHAHCOBBIM HokyMmeHTam [10], u3Bneuenne wHpOpMATUH
u3 (QUHAHCOBBIX TekCTOB [11], aHamM3 TOHAIBHOCTH (DHHAHCOBBIX
HOBoOCTei# [12], cymmapuzanus GuHAHCOBOM nOKyMeHTarmu [13] u ap.

IIpu cpaBHeHMH MoOJENEH KIACCUYECKUM PELIEHUEM SIBIAETCS
HCTIONB30BaHUE EMMHOr0 Habopa MaHHBIX, Kak mpemaokeno B [14].
B HEeKOTOpBIX CHTyallMsX TaKo€ CpaBHEHHME 3aTPyAHEHO, MOCKOJIBKY
Habopsl JaHHBIX U caMd LLM MOryT OBITh 3aKpBITHI, @ METOIUKHU OLEHKH,
mapamMeTppl M YCIOBMA  TECTUPOBaHMA  MOTYT  3HAYUTEIHHO
pasnuuarbes [15]. T1oaToMy aKkTyanbHBIM OCTAeTCSl MCIOJIB30BAHKUE IPYTUX
CHOCOOOB CpaBHEHHUsI MOAENEH, TaKMX KaK METOIbl INPOTHO3HMPOBAHUS
HEU3BECTHBIX 3HAYECHHUH METpUK, HaTpumep, u3 obnactn
peKOMEHJATeNbHBIX cHucTeM. OAHMM M3 TaKMX METOJOB  SABISAETCA
MatpuyHas ¢akTopusanus [16], mocTaHoBKa 3a7aun KOTOPO MOXKET JIETKO
ObiTe mpuMmeHeHa K LLM u HabopaM MAaHHBIX IUI1 UX TECTHPOBAHMS.
ITonyuaromuecs Ke B pe3yJibrare TaOJINYHbIC JIaHHbIE
0 TIPOM3BOAUTENFHOCTH MOJIENEH, B TOM YHCIIe MIPeACKa3aHHOH, ITO3BOJISIOT
PaHXUPOBATh MOJICJIH M B TOM CMBICIIE CPABHUTH HX.

Lenbto nmaHHOW pabOTHI  SBASETCA OLEHKA IPUMEHHMOCTH
MaTPUYHOW (paKTOpU3aluu s MpeACKa3aHus METpHK KaudectBa LLM
Ha (DMHAHCOBBIX 33j1a4ax, a TaKke pa3paboTka MeTo/a paHxuposanus LLM
Ha OCHOBE arperanyy METPHK KadecTBa. TeopeTHueckass 3HaAYUMOCTh
paboTHl 3aKJIIOYAeTCs B NPUMEHEHWH H3BECTHOIO METOAAa MAaTPUYHOMN
(akTopu3anuy B HOBOH 3ajade — oneHke LLM B ¢uHaHCOBOH 00MacTH s
paHXUpOBaHMUA MOJENEH B YCIOBHMSAX HEXBaTKM JaHHbIX. [IpakTtudeckas
3HaYMMOCTb COCTOMT B TOM, 4YTO MCIOJB3YEMBIH METOJ MO3BOJIET
YCKOPHUTh BEIOOp TMoOIXoAasmiei s QuHAHCOBHIX 3amad LLM, npum
OTCYTCTBUU BO3MOKHOCTH MIPOBEICHUS MIPSIMOTO CpaBHEHHSA
Ha CYIIECTBYIOIINX HA0Opax JaHHBIX.

2.0630p Jaurtepatypsl. B 1epBoii uactu JaHHOrO pasnena
paccMOTpeHsl paboTHI, HWCHOIB3YIONINE METOABl MAIIMHHOTO OOydYeHWHS,
M3HAYaJbHO pa3paboOTaHHBIE IS PEKOMEHIATEeNbHBIX CHCTEM, HO
NIpUMEHsIEMbIE U1 3aJad MPOTHO3UPOBAaHUS NpousBoauTenpbHoctd LLM.
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Bo BTOpOIi yactu omucaHbl HaOOPHI JAaHHBIX, UCIOJb3YEMbIE Jayee s
MIPOBEJICHUSI SKCIIEPUMEHTA.

Hcnonb3oBanne MeTOI0B  MAIIMHHOTO  oOydenmsi. Unges
MIPUMEHEHUSI METOJIOB U3 00JIACTH PEKOMEHJATENbHBIX CHUCTEM, TaKHX Kak
MarpuyHas QakTopuzauus WId KoJjutabopaTuBHas (QUIBTPALUS, IS
NIPOTHO3UPOBAaHUSl  OLEHKM KadectBa LLM  HaxomuT oOTpaxeHHe
B COBPEMEHHBIX HCCIICIOBAHUAX [17 -19]. Orto CBSI3aHO
C HEOOXOMMOCTBIO OLIEHKH KadecTBa MOJEJICH B yCIOBHUAX, KOTJa MPsIMOe
UX TECTHPOBAHME HA BCEX 337aYaX CTAHOBUTCS BBIYHCINTEIHHO 3aTPATHBIM,
HETIPAKTUYHBIM WM BOBCE HEBO3MOXKHBIM B CHJIy 3aKPBITOCTH HEKOTOPBIX
Mozeneit n OeHumapkoB [20]. Ilpum mcCHoONb30BaHUM YKa3aHHBIX METOHOB
JIaHHBIE TPEICTABISIIOTCS B BUJIE MAaTPHLBI, II€ CTPOKH COOTBETCTBYIOT
LLM, a cronOusl — 3amayaM wiM HabOpaM [aHHBIX, a MaTpUYHAs
(axkTopuzanusi WIM KoJutabopaTHBHas (QUIbTpanMs WCIOJIB3YyeTCs s
MIPOTHO3UPOBAHMS MPOIYLICHHBIX 3HAYCHUI B MaTpPUIIE.

B uccnenoBanuu [21] uszyuyaercs, HACKOJIBKO MPEICKa3yeMa OICHKa
kayectBa LLM B 3aBHCHMOCTH OT MacIiiTtabda 00yueHusl, KOTOPbIi BKIIOYACT
B ce0s yBEIMUCHNE BBIYHCINTEIBHBIX PECYPCOB, KOJINYECTBA MTapaMETPOB
MOJENH 1 00beMa JaHHBIX AJISI TPEHUPOBKU. ABTOPHI IIOKa3bIBAIOT, YTO IS
OTIETBHBIX 3a7ad IPOTHO3MpOBaHME 3arpynHeHo. Ho ciemyer oOpatuth
BHUMaHHE, 94TO 00Illee KauyecTBO, Ha OONBIINX W PAa3HOPOIHBIX OeHUMapKax
JOCTaTOYHO XOPOMIO MPEACKA3bIBACTCS € IOMOIIBIO TJIAAKOW (QYHKIHMH
NOTeph, OCHOBAHHOW Ha 3aKOHAX MacIITaOUpOBaHHUSI.

B pabore [17] wucchmemyeTcss METOJ, TMO3BOJSIIOIIMKA HM30€KaTh
HEOOXOAMMOCTH TPOBOJUTH JIOPOTOCTOSIINE TECThl MOJENIEH Ha KaXIOM
Habope pnaHHbIX. [lpemnaraercs paccMmaTpuBaTh 3a/ady IIpeJCKa3aHUs
HEHM3BECTHBIX 3HAYEHUH METPHUK MaTPHIbl KaK 3ajjauyy HNpPOTHO3MPOBAHHSI.
B marpuiie CTpPOKM COOTBETCTBYIOT pa3JIMUuHBIM OOJBLIMM BU3YaJIbHO-
SI3BIKOBBIM ~ MOJIENSIM, a CTOJOmbl — HabopaMm HaHHBIX. Vcmosb3ys
BEPOSITHOCTHYIO MaTpH4HyI0 (hakTopu3anuio ¢ mernsiMu MapkoBa MoHTe-
Kaprno, aBTOpBI /E€MOHCTPUPYIOT 3HAYUTENIBHO Jy4IIHE PE3YJbTATHI IO
CpPaBHEHHUIO C 0a30BBIMH IIOJIXOJIaMH HCIIOJIB30BAHHS CPEJHHUX 3HAYCHHUH
METpPHUK O MojelsiM U Habopam naHubix (1.5-2 kparHoe yBenudeHue),
B OCOOCHHOCTH, KOTJa J0JIsi TecTOBOW BbIOOpKM Menblie 90%. Takum
00pa3oM, HCIOJNB30BaHHE MOAXOJ0B, OCHOBAaHHBIX Ha IPUMEHEHHHU
MaTPUYHOH (paKTOPU3AIIUH, TPEICTABIAETCS LIENeco0Opa3HbIM, IO KpaifHei
Mepe OTHOCHUTENBHO YIIOMSHYTHIX Bblllle 6a30BbIX MOJXO/IOB.

Jpyroii moaxon, pemarmuil mpodlieMy  TMPOTHO3HPOBAHHS
HEM3BECTHBIX METPHK, OCHOBaHHBIH Ha HAEAX KOJUIADOpATUBHOI
GuIbTpaluy, mpeacTaBieH B uccienoBanuu [18]. 3meck mis nmpeackazaHus
NPOIYIICHHBIX 3HAYEHHH TakXKe MCIONb3yeTCsl Marpulia C JaHHBIMH
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0 Ka4ecTBe pa3JIMYHBIX MOJIeNiel, HO ¢ JOOaBIeHHEM BHEIIHHX (aKTOpOB,
ONMCHIBAIOIIMX MOJENIN U 3a7aun. DToT MeTos, Hassauuelii «Collaborative
Performance Prediction», mo3BonsieT aHATHU3UPOBATH BAXKHOCTH paHEe
HE YYUTHIBAEMbIX Pa3IMUHBIX (PaKTOPOB M JAEMOHCTPHUPYET Ha COOpaHHOM
aBTOpPAaMU MaTpHLe TOYHOCTb 45%.

B crartbe [19] mns 3amonHeHUS HEM3BECTHBIX METPHK IIPEIaraeTcs
JIBYXJTaIlHBII METOA, B KOTOPOM CHadana BBIOMparoTCs Hambouee
peNpe3eHTaTHBHBIE IPUMEPHI UTS OLIEHKH, a 3aTEM, Ha OCHOBE PE3yJIbTaToOB
9TOH  BBIOOPKH,  TPOTHO3WpYeTcs  obmee  KadecTBO.  ABTOPHI
JEMOHCTPHUPYIOT, YTO HX TOAXOA MpeBocXoauT 4 0a30BBIX MeETOa,
JIEeMOHCTPHPYS HANMEHBIIYIO cpeHIoo abcomoTHyo ommoky (MAE).

CymiecTByIOIlMe  MCCIEOBAHUS  IIOKAa3bIBAIOT, YTO HAy4yHOE
COOOIIECTBO aKTHBHO pa3padaThiBa€T METOJbI IPEOJOJICHHUS HPOOJIEMBI
HEBO3MOXXHOCTH CpaBHEHMs Mojened npu oueHke LLM. Tem He MeHee,
NPE/ICTaBICHHBIE BhIIIE PaOOTHI ONMUPAIOTCS Ha HAOOPHI JaHHBIX M3 CaMBIX
pasHbIx obmacrteil. B ormimune or HUX, JaHHOE MCCIIEIOBaHHE IMOJHOCTBHIO
COCpenoTOUeHO Ha (PUHAHCOBOM JIOMEHE.

Hcnonb3oBaHHble B JIKcHepuMeHTe padoTbl. Jlii NpUMEHEHUS
MaTpu4HOW (akTopm3amuu OBUIO HEOOXOOMMO coOpaTh  TabIHILy
CO 3HAUCHUSIMHM METPHK Mojeiel Ha HaOopax NaHHBIX M3 pa3HBIX paldoT.
ArperupoBaHue pe3yJibTaTOB OLIGHKM KadectBa LIM W3 pasiauuHbIX
HUCTOYHUKOB  OBIIO  BBIIOJHEHO IIOCPEACTBOM  aHANIM3a  HAyJHOH
muteparypbl. Llenb cocrosuia B TOM, 4YTOOBI CcHOPMHPOBATH EAMHYIO
MaTpHlly JAHHBIX, IJI¢ CTPOKH COOTBETCTBYIOT MCCIIEIYEMBIM SI3bIKOBBIM
MOJIeIISIM, a CTOJIOIBI — Habopam NaHHbIX. Kaxnas siueiika Takoi MaTpHIbI
CONEPKUT  YHCICHHOE 3HA4YEHHE KadyecTBAa KOHKPETHOH  Mojenn
Ha KOHKPETHOM 3aJaHuu (Habope MaHHBIX), M3MEPEHHOE OIpeesICHHOM
merpukod. IloslyyeHHas Marpuuna IO CBOEH IPUPOAE  SBIAETCS
pPa3peXEHHOM, TIIOCKOJbKY HHM OAHAa W3 NyONMKaluid HE COXEPKUT
MCUEPNBIBAIONIECH OIIEHKH BCEX MOJIeNIeH TI0 BCEM BO3MOXKHBIM 3aJlauaM.

OCHOBHBIMH KPHUTEPUSIMH OTOOpa HCHOJNB3YEeMBIX ITyOJIMKanuit
SIBIISUTHCE!

-  Hauuyue TaOJMIBl CO 3HAYEHUSIMH METPUK COBPEMEHHBIX
MoJIeJield U3 pa3IMYHbIX (UHAHCOBBIX HAOOPOB JaHHBIX;

-  HaJW4YHe TEepEeCeKaloNINXCcsl MOoAeNed WiIn HabOpOB JaHHBIX
¢ ApyruMu paboTamu;

- COBIIQJICHHE 3HAYEHHUH METPHK C JIPYTUMH paccMaTpuBaeMbIMU
pabotamu (Tak, B CHJIy HEBO3MOXXHOCTH COTIOCTABIIEHUS, HE BKIIIOYAINCH
paboThl, B KOTOPHIX 3HAYEHUs METPUK MoJeliell Ha Habopax JaHHBIX
OTJIMYAIIUCH OT APYTHUX padoT).
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IMocne otbopa myOnukanuid, OTBEYAIOIIUX O3BYYECHHBIM KPHTEPHSM,
OCHOBOW JUIsi TOCTPOEHHS HCIIOJIb3yeMOW Jajiee CBOJHOH MaTpHUIlbI
TIOCITYKWJTH CJICAYIOIHE YeThIpe paboThl IS aHaIn3a.

B pabore [22] npexacraBnen FLaME — xomiuiekcHbiid Habop yis
OLIEHKH SI3BIKOBBIX MoJeield Ha (MHAHCOBBIX 33jJayax, BKIIOYAIOLINN
20 oCHOBHBIX HA0OOPOB JAHHBIX IS 3a/1a4 00pabOTKH €CTECTBEHHOTO S3bIKa
B ¢unancoBoit cdepe: FinQA, ConvFinQA, TAT-QA, ECTSum,
EDTSum [14], FINER-ORD, FinRED, REFinD, FNXL, FinEntity,
SubjECTive-QA, FiQA, FPB, NumClaim, Banking77, FinBench, Headline,
FOMC, FinCausal-SC. B pamkax mcciieJOBaHHS HCITONB3YETCS TAKCOHOMHSI
HAa OCHOBE CIEHAPHEB M KIacCH()HMKAIMM [JAaHHBIX W HPUBOAATCS
3HAueHWs MeTpuk s 23 wmozeneid (Bkarowas GPT-4, Llama-2,
BloombergGPT, Gemini, Claude).

B pabore [23] nmnpexncraBieH HabOp OTKPBITHIX  MOAENEH
Open-FinLLMs, mnpoxonmsmux oueHKy Mo 14 ¢QuHaHCOBBIM 3ajauam
u3 30 HabopoB ganHbix. CemeiicTBO BkiIo4aeT wMojaens FinLLaMA
Ha apxuTekType LLaMA3 (moo6ydeHa Ha 52 MJIpA. TOKEHOB), THAIOTOBYIO
mozmenb FinLLaMA-Instruct (HactpoeHa Ha 573 Tbic. HHCTPYKIHiT)
u myipTuMopansHyto FinLLaVA (1,43 miH. map «u300paskeHHue-TeKCT»),
JUTSE KOTOPBIX MIPUBEACHBI 3HAYCHUs METPUK (FinLLaMA,
FinLLaMA-Instruct, FinLLaVA, LLaMA3, LLaMA3.1).

B pabore [24] mpencraBnena wmozens Fin-R1, cmemmansHO
co3manHas it GUHAHCOBBIX pacCyxaeHuii Ha ocHoBe Qwen2.5-7B-Instruct
C WCIOJIb30BaHWEM O0y4YeHHUs ¢ MoJKperuieHneM. Bmecte ¢ Moenbio ObLI
paspaboran Habop manHbix Fin-R1-Data, comepxkamuii okono 60 091
nmoJHbIX nernodek mbiciel (Chain-of-Thought) mist pasnmuuHbIX clieHapues.
IIpencraBnensl MeTpuKH Ha S5 Habopax maHHeIXx ani 10 moneneit
(ocuosueie: Fin-R1, Qwen2.5-7B-Instruct, DeepSeek-R1).

B pab6ore [25] mpencraBnena monens KAI-GPT, nozummonupyemast
kak mepBas LLM s OaHKOBCKO# oTpacnm, co3maHHas Ha Oase Pythia-
Chat-Base-7B. [lns omeHKH ObLIM CO3/IaHBI JBA HOBBIX HAOOpa JaHHBIX:
KAI-GPT Evaluation Set #1 (Bompockl SKCHEPTOB C OTBETaMHU C caira
6anka) 1 KAI-GPT Evaluation Set #2 (xpayacopcHHT BOIIPOCOB ¢ (hopyma).
IpencraBnensr metpuku st aByx moxeneit (KAI-GPT, Pythia-Chat-Base-
7B). [lamHoe wuccienoBaHHWE BKIIOYEHO B PACCMOTPEHHE, TaK Kak
3aKpBITOCTh MOJIENIE M JAHHBIX [O3BOJISIET IOCMOTPETh Ha padory
MaTpPUYHOMH (haKTOPU3ALMHU HA TAKOM THUIE AaHHBIX.

Hekotopeie paGoThl (kak, Hampumep, Finol [26]) He ymamoch
BKJIFOUUTD B JIAHHOE MCCIIEIOBAHUE, TaK KaK 3HAYCHUs] METPUK MOJieliel Ha
Habopax JaHHBIX HE COBMAJAIOT CO 3HAYCHHUSIMU HU OJIHOH APYroii craTbu,
YTO JeNaeT HEeBO3MOXKHBIM COIOCTaBJICHUE. JIOTOIHUTENBHO, 100aBiIeHNE
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HOBBIX JIAHHBIX B MaTPUIly YBEJIUYMIO OBl €€ pa3pekeHHOCTH eIlle CUIIBHEE,
IIPEBBICUB IIOPOT, NPH KOTOPOM PE3KO MafaeT KauecTBO, KaK MOKa3aHO
Janee.

3. HocranoBka 3agaun. Merog MarpuuHOi  (akTopH3zanuu
HCTIONb3yeTCsT TPHU  MOCTPOCHHH  PEKOMEHAATeNbHBIX  cucTeM  [16]
1 TI03BOJISIET MPOTHO3MPOBATh HEM3BECTHBIE PEHTHHIM TOBAapOB/IPEIMETOB
uig  monb3oBatenied. Ecnmm B mpomecce  MOCTPOEHUST  MaTpUYHOM
(dakTopm3anmMu  paccMaTpuBaTh ~ HAOOpHl  JAHHBIX B KauecTBe
«monp3oBatenei», a LLM — B kauecTBe «TOBapoB», TO IAHHBIM METOJ
MO3BOJIMT  ONPEACIUTh HEW3BECTHBIC OICHKH [OJIb30BaTeNei-HabopoB
JAHHBIX II0 OTHOUICHUIO K TOBapaM-MOZeNsAM. B NaHHOH MOCTaHOBKE 3aa4H,
M0JIb30BaTEIN-HA00PEl TaHHBIX OyIyT OTZaBaTh MPEANOYTEHHE IydIINM
TOBapaM-MOACIsIM W TIO3TOMY CTaBUThL HM 6OJ'II)IIII/Ie OLICHKU-METPUKU.
MeTO,Z[ TIO3BOJIACT YUYCCTb CKPBLITBHIC (I)aKTOpr, COOTBETCTBYIOIINC MOJCIIAM
u Ha6opaM JaHHBIX, U ¢ UX MMOMOUIBIO ONPECACIATh HCU3BECTHLIC peﬁTHHFH.
Ero ocHoBa — pasnoxenue MaTpuibl Metpuk RVu*Ni ga npoussesenue aByx
matpun HNw N g WNr*Ni:

R = HW,

rae N, — KONMYECTBO HaOOpOB MaHHBIX, N; — kommdectBo LLM, m Ny —
KOJIMYECTBO CKPBITHIX (hakTopoB. [IporHO3Mpyemast B TaKOM Cilydae OIEHKa
r'y; Ans HaOOpa NAHHBIX U W MOJENH [ PACCUMUTHIBACTCS CIIELYHOLIMM
obpazom [16]:

N
i = Zf£0 Hy p W ;.

ITomoOHast omeHKa MO3BOJISIET Y4YeCTh SIBHBIE YHCIOBBIE METPUKH,
ONHAKO JUI  JIOTIOJHUTEIBHOTO yd4era HESBHBIX B3aUMOACHCTBHI
UCTIONB3YEeTCS yCOBEPIICHCTBOBaHHAs (pOpPMyJia pacdera IPOTHO3UPYEMBIX
3HAQUeHWH, KoTopas W OyJeT BIOCIEJACTBUM HCIIOJIb30BAHA IS
npelcKa3aHusl 3HAaUCHUI MeTpHUK Moeneii [16]:

, N
Tu'i =u + bi + bu + Zfi() Hu,f Wf,i! (1)

roe W, b; u b, — COOTBETCTBEHHO OOLIas CPEIOHsS METPHKA, a TaKKe
HaOJfo1aeMble OTKJIOHEHHMS, OTHOCSLIMECS K MOJCNH | WM HabOpy AaHHBIX
u. B pesynbrare, utoObl ompenenuts napamerpsl H, W, Bce b; u b,
(obo3HavyeHHble Kak b,), cucreMa MHUHHMHU3UPYET PperyJsIpH30BaHHYIO
KBaJIpaTHYHYIO OLIHOKY:
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) o

rae 1,; — JAelcTBUTENbHAs METPHKA JUld HAOOpa JaHHBIX U U Mozjenw i, K —
Habop (u, i), 11 KOTOPBIX H3BECTHA Ty, ; (0Oydarommii Habop), Hy, . u W, ; —
BEKTOPBI, COOTBETCTBYIOIINE HaOopy AaHHBIX U U LLM i cOOTBETCTBEHHO,
[| - || — Hopma (Hampumep, EBkiinoBa), A — mapametp peryispusaimu [16].

4. JxcnepuMeHT. B maHHOM paszene TpenCTaBICHO eTalbHOE
OIMCaHNE HKCIEPUMEHTA 10 MPEICKA3aHUI0 HEU3BECTHBIX 3HAYEHUN METPUK
OONIBIINX S3BIKOBBIX MOAENeH B (YMHAHCOBOW OONACTH C WCIIOIB30BAHHEM
MeToa MaTpuaHOH (hakTopmzarmu. IlepBeIM marom siBisieTcst cOOp JaHHBIX
0 MeTpHKax H3 pa3IMYHBIX HAay4YyHbIX paboOT, 3a KOTOPBIM CIEIyeT
UX MOJrOTOBKA: (GUIbTpauus U GopMHUPOBaHUE UTOTOBOW MATPHIIBI «MOJIEIb-
HaOop maHHBIX». Jlamee MPOBOAMTCS NpeaBApUTENbHBIN aHAIM3 BIMSHUA
Pa3peKECHHOCTU JAaHHBIX Ha TOYHOCTH MPOTHO30B. OcHoBHasI 4acThb
MOCBSILIIEHAa HETIOCPEICTBEHHOMY TPHMEHEHUIO MAaTPHYHOW (haKTOpU3ALUH,
BKIIOYas moa0Op  TUIeprnapaMeTpoB Uil  MHHUMH3AIUM  OLIMOKH
NIPOTHO3MpPOBaHMs. BBoaWTCA crienmanbHasi arperHpoBaHHAs METPHKa JUIL
obecriedeHnsT BO3MOYKHOCTH KOMIUIEKCHOTO pPaHXHpOBaHMs Mogjeiei. Jlms
OLICHKN HAJEKHOCTH IIONTYyYCHHBIX DPE3yJbTaTOB W HWTOTOBOTO pEHTHHTIA
MIPOBOJIUTCS aHAJIM3 HEOPEIENICHHOCTH IPOTHO30B C MCIOJIB30BAHUEM JBYX
Pa3MYHBIX TOAXOI0B, BKII0Yas pa3opoc mo MAE u meron Monte-Kapio.

MoaroroBka nanHbIX. Ha ocCHOBe mepedyncieHHBIX B pasjeie 2
HcCIeIoBaHui ObLIM cOOpaHbl MeTpUKH 1o 42 Habopam JaHHbIX. VX MOXHO
pazouth Ha 9 Karteropwii B 3aBUCUMOCTH OT Tuma 3agadu. [IpemoctaBum
KpaTKOE OIUCAaHNE O0IINX KaTErOpuil HCIOIH30BAHHBIX HAOOPOB JaHHBIX.

N3Baevyenue wunpopmauun. Kareropus, Bkiroyaromas HaOOpbI
JAHHBIX, [PEJHA3HAYEHHbIX JUId  W3BJICYCHUS  CTPYKTYPUPOBAHHOM
nHpopManMu W3 HECTPYKTypHpPOBaHHOTO Tekcra. HaOGopbl maHHBIX:
FINER-ORD [11], FinRED [27], REFInD [28], FNXL (Financial Numeric
Extreme Labeling) [29], Headlines [30], Mergers and Acquisition
(M&A) [30].

OtBeTnl Ha Bompockl. Kateropus HaOOpOB JaHHBIX, MPOBEPSIONINX
CIOCOOHOCTH MOJieNiel  IIPEOCTaBIsATh OTBETHl HAa BOMNPOCHL, WHOTAA
10 3aJaHHOMy ~ KoHTekcTy. HaGoper mamueix: SubjECTive-QA  [32],
FinQA [10], TAT-QA (Tabular and Textual Question Answering) [33],
ConvFinQA  (Conversational Finance Question  Answering) [34],
RegulationsQA [23], Evaluation Set Nel [25], Evaluation Set Ne2 [25].

AHaim3 ToHaabHocTH. Karteropms, conepskarmass HaOOpBI TaHHBIX,
OLICHUBAIOIINX CIIOCOOHOCTH MOJIENIEH OIIPeeIIsATh SMOIMOHAIBHYIO OKPACKY

2
+ ||W*,i

, ;N2
mingwp, [Z(u,i)eK(ru,i - 7"u,i) + 7\<b5_ + biz + ||Hu,*
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tekcta. Habops! nanneix: FinEntity [12], Financial Phrase Bank (FPB) [35],
Targeted Sentiment Analysis (TSA) [36], The Twitter Financial News
(TENS) [37].

Knaccuduxamus. ['pynna HabopoB NaHHBIX, NMpeIHa3HAYESHHBIX JUIS
KiIaccu(UKalMi TEKCTOB IO 3apaHee 3aJaHHbIM KareropusiM. HaGopsl
nanneix: Banking77 [38], FinCausal-SC [39], Numerical Claim Detection
Dataset (NC) [40], FinArg-AUC [41].

OoHapyxeHne MomreHHHIecTBa. Kareropus, o0benuHsIomas Habopsl
JaHHBIX, HAINpPaBJICHHBIX HA BBIBICHUEC MOIICHHUYECKUX OMNEpaIui
B ()MHAHCOBBIX TpPAH3aKIMAX M CTPAaXOBBIX Hckax. HaOopel JaHHBIX:
PortoSeguro [6], travelinsurance [6], Credit Card Fraud (ccf) [6], ccFraud [6].

Cymmapuzanusi. Kareropuss HabOpOB JaHHBIX, NpeTHa3HaYEHHBIX
JUISL  CO3JaHMsl KpPaTKUX M3JIOKEHWH JUIMHHBIX (DUHAHCOBBIX TEKCTOB
u gokymenToB. Habops! gauasix: ECTSum [13], EDTSum [14].

Pa6ora ¢ umcaamm. Kareropusi HaOOpOB IAaHHBIX, MPOBEPSIOIINX
CHOCOOHOCTH MOJieNield MPOM3BOJUTH YHCIIOBBIE DPACCYXKICHUSI M pellaTh
MareMaTH4eckue 3aqayd B (DMHAHCOBOM KOHTeKkcTe. Habopbl NaHHBIX:
KnowledgeMath [42], DocMath-Eval [43], MC [23].

IIporno3upoBanue, CKOPHMHI M oueHka. Kareropums, conepskamias
HaOOpBl JAaHHBIX JJII TPOBEPKH Bo3MokHOcTer LLM mpenckaspIBaTh
pa3nuuHble (UHAHCOBBIE COOBITHS, TakuWe Kak nedont, OaHKpPOTCTBO,
¢unancoBbie 3arpyauenus. HaGoper mamubeix: FinBench [44], German
(German Credit Data) [45], Australian (Australian Credit Approval) [46],
LendingClub [6], polish (Polish Companies Bankruptcy) [6], taiwan (Taiwan
Economic Journal dataset) [6].

OO0mas ounenka mopeseid. Kateropus, obwvemunsAromas HaOOPHI
MaHHBIX IS OIEHKM OOMMX 3HAaHWH MOIEIe HW  CIOCOOHOCTE
B uHaHCOBOM chepe. HaGopsl mamsbix: Finance-Instruct-500K [47],
Abbreviation [23], Ant_Finance [48], Federal Open Market Committee [49].

W3 ynomsHyTBIX paboT OBLIM cOOpaHBl JaHHBIE 3HAYEHWH METPUK
Mozeneil Ha Habopax JaHHBIX. He paccMmaTpuBanmuch — METPHKH
Ha 00OOIICHHBIX KaTeTOPHWsX 3amad (OOBCTUHAIONIMX TOJNBKO B paMKax
JAHHOW CTaTbM HECKOJIBKO HAaOOpOB JMaHHBIX IO OOIIed TemaTuke), Kak,
HampuMmep, AaHHble B Tabmuume 7 cratem Open-FinLLMs. B pabote
HCIIOJIb30BaIaCh Min-max HOpMaju3alys, W HOPMAaJM30BaHHOE 3HAa4YEHHE

i
—Xmin

MCETPUKHU X COCTaBIILIO , TAC X - NEPBOHAYAIIBHOC 3HAYCHUC

max—Xmin
METPUKH, X0y ¥ Xppin — MAKCUIMATIbHOE M MUHUMAITLHOE 3HAYEHUS METPUKH
COOTBETCTBEHHO. Tak Kak Jajgee KO BCEM 3HAYEHHMSIM NpPUMEHsUIach 3Ta
HOpMaJlM3alusi, TO HE paccMaTpUBaJMCh CEThl, HA KOTOPBIX CUUTAIUCH
METPUKH, HE WMEIOIIHE YETKOTO JHana3oHa BO3MOXKHBIX 3HAYEHUI
(Tak, Hanpumep, He paccmaTpuBasiack MSE). YV HaO0opOB JaHHBIX, IMEIOLITUX

282  Wudopmaruka u asromarusanust. 2026. Tom 25 Ne 2. ISSN 2713-3192 (ueu.)
ISSN 2713-3206 (onnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

Ooyee OJHOHM IOACUNTAHHOW METPHKH, OpajMCh Te 3HAYECHUs, KOTOpHIE
COOTHOCSATCS C METPUKaMH TOro ke Ha0opa JaHHBIX B JpYIux
HCCIIeIOBaHMAX. B OTCYyTCTBHE TaKOBBIX MCIIONB30BAIUCEH B NIEPBYIO OYEPEb
METPUKH C BO3MOYKHBIM JIHaIa30HOM 3HaueHuit ot 0 go 1.

B wurore Obura momydyeHa wmarpuna, coctosimas w3 34 monenei
1 42 HaOopoB MaHHBIX, C 531 W3BECTHBIMH 3HAUYCHUSMH METPHUK
(37.18% 3armonHEHHOCTH), TMpENCTABICHHAS B TaOIMIAX, pa3sMEIICHHBIX
Ha BHellHeM pecypcel.

AHanm3 BJIusiHUS pa3pexkeHHocTH. CriepBa ObIIa IPOTECTHPOBaHA
YCTOWYMBOCTh MAaTPUYHOW (paKTOpH3AINH K pa3peskeHHOCTH MaTpuilsl. Jlis
9TOTO Ha OCHOBE TIOJIHOCTHIO 3aIlOJHEHHOW TaOmmipl 3 6eHumapka FLaME
obutn chopmupoBansl 1000 ypeszannbix Tabnui (ciydaiineiii Beioop 80%
cronbuoB u 80% crpok). Ilocme dyero W3 Kaxa0W HOBOW MaTpPHUIIBI
ciydaifHeIM 00pa3oM Obutk BBIOpOIIeHBI OT 10% mo 90% 3HaueHuii (OHU
HCII0JIB30BaAJINCh B Ka4yCCTBC TCCTOBBIX [[aHHI)IX). B Ka4ueCTBEC
runeprnapaMeTpoB Obuin  B3sAThl  factors=35, learning rate = 0.05,
regularization = 0.01, epochs = 200 (rumepmapaMeTpsl, COOTHOCSIIHECS
¢ mampHEeWmuME 3KcriepuMmeHTaMu). Ha pucynke | mpencraBiensr 95%
JIOBEPUTEINIBbHBIC VHTEPBaJIbL u CpenHssl ommoka RMSE =

’% " ,(y;—%)?, tne n — pasMmep BHIOOPKH, Y; U J, — peEalbHbIC

" Npe€ACKa3aHHbIC METPUKU.

020

018

£
@

Cpeauee RMSE
154
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Aona yaaneHHsIx faHHbIX (%)
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Puc. 1. RMSE B 3aBHCHMOCTH OT HPOIEHTA MPOIYIIEHHBIX 3HAUCHUIT

L https://github.com/careepy/FinMF
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Xopouio BUIHO, YTO PE3KOE yXY[IIECHHE B KayecTBE HAYMHACTCS
B paiione 70% nponyuieHHbIX 3HaueHUH (30% 3amOJHEHHOCTh MaTPUILIBL).
Pa3zperkeHHOCTh ~ COCTaBIEHHOW A OKCIEPUMEHTOB  MaTpHIIEI
COOTHOCHUTCA € AaHHBIMU pe3ynbraTamu (37.18%).

I'unepnapameTpbl. DKCIEPUMEHT 110 3aMOTHEHUIO MPOIYIIEHHBIX
3HAa4YCHUI MaTpPHUIBl NPEACKa3aHHBIMA METPUKaMH Ha OCHOBE MaTPHUYHOM
(dakTopM3amMM TPOBOAWICA C  HCIOJNB30BAHMEM IIaKeTa  matrix-
factorization?. UroObl Haiftu TpeGyeMble 3HAYEHUS M3 ypaBHEHHS 1, 3TOT
MaKeT MCIOJB3YEeT METOJH CTOXaCTHYECKOTO TpaaueHTHOro crycka [50]
1 MAHHMU3HPYET ypaBHeHue 2 [16].

V3HavanpHO TPOBOAMICS TMOWCK MOAXOISIIUX THIIEPIapaMeTpoB,
NpUMEHsIsI TOUCK M0 CeTKe M0 MIMPOKOMY [Hana3oHy 3HauyeHHH.
Taxk, 6bun paccMoTpensl factors: 1, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50;
learning rate: 0.5, 0.1, 0.05, 0.01, 0.005, 0.001; regularization: 0.5, 0.1,
0.05, 0.01, 0.005, 0.001. Cyuranocs cpennee 3naueHue MeTpuku RMSE
M0 BCEM KOMOHWHAIIMSIM C WCIOJIb30BAHUEM ILITHKPATHOW S-0104YHOMU
kpocc-Banupamun (RepeatedKFold [51]). PesynbraTel moucka moka3zainy,
YTO HaWMEHBIIAs CpexHSAs OINMOKAa JOCTHUTaeTcss NpH 3HAYCHUAX
mapamerpa learning rate 0.05, regularization 0.01 w 4Ymcia CKPHITHIX
¢dakropoB 20 (pucynok 2). Jlius AaHHBIX MapaMeTPOB OMPEICISIOCH
ONTHUMANbHOE KOJMYECTBO 3M0X — okoso 200, Ha ocHOBe rpaduka
JIMHAMUKA omHOKH (pucyHOK 3). C HCIOJIB30BaHUEM ONHMCAHHBIX BBIIIE
THIIEPIIapaMeTpoOB OBUIM TIOJIyYEHBl WTOTOBBIE MpEACKa3aHHusi R,
KOTOpbIE MpPEICTaBJICHbl B TaOJMIAX, pPa3MELICHHbIX Ha BHELIHEM
pecypce®, B KOTOpBIX Takke NPHBEAEHBl 3HAUEHHMS OWIMOOK JIs
ToKaszaTeseil, KoTopble ObUTH U3BECTHBI U3HAYAJIBHO.

OwunbkK ObLIM paccYMTaHbl KaK pasHUIA MEXIy (akTHYEeCKHMH
U TIpe/ICKa3aHHBIMU M3MepeHHsAMHU. [loMHMO 3TOro, Takke (QUKCHpyeTCs

sHauenne MAE =% “1lyi =¥, (tme n — pasmep BeIOOpKH, V; U ¥, —

peasibHble U TpeACKa3aHHble METPUKH) UTOroBoi moaenu (0.07), tak xak
OHO OyZeT UCIOJIb30BaHO NP OLEHKE arperupoBaHHON MeTpHkH. CTouT
OTMETHTB, 4TO, XOTSI B PE3YIbTUPYIOIIEH TabIHIIe 3TOT0 HEe HaOII01alI0Ch,
Takod MOJXOJ MOET MPUBECTH K TOMY, UTO MpeACKa3aHHbIE ITOKa3aTeIn
npeBbIcAT 1. Ba)kHO OTMETHUTB, UTO 3TOT MOAXO]] MO3BOJIAET HANTU TOJIBKO
pUOIU3NTENIbHBIE MOKa3aTeIu u MOKAa3bIBAEeT CIIOXHBIE,
HO OTHOCHTEJBHBIE PA3JINYMs B PE3yNbTHPYIOIINX OI[CHKAX.

2 https://github.com/Quang-Vinh/matrix-factorization
3 https://github.com/careepy/FinMF
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WexonHas Train Loss
0.14 WMcxogHan Validation Loss
—— CrnawenHas Traln Loss (okHo=5)
—— CrnaxeHHan Validation Loss (0kHO=5)
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Puc. 3. 3asucumocts RMSE ot konuuecTsa 31mox

ArperupoBanHasa Merpuka LLM. CocraBneHHas Tabiuna
C OLICHKAMM 3HAQUYEHUHM METPUK HE I[O3BOJIUT HAIpPSIMYKH CpPaBHUBAThb
U PaH)KAPOBATh MOJENHU. JIJIA 5TOro mpeanaraeTcss BBECTU arperupyrouien
MeTpuKy A, KOTopas i KaXKJ0H MOJEIH M CYMMHUpPYET HOpMaTU30BaHHBIE
3HAYEHMS METPUK 110 BceM HabopaM JaHHBIX:

— da — Am—dmin
Am - ZdED Am - ZdEDd —d !
max min

rne D — wabopsl AaHHBIX, d — ONWH BBIOpAHHBINA HAOOp MAaHHBIX, d,, —
3HAaYCHWE METPUKH MOJeNH Ha Habope HaHHBIX d, dpuin # dpax
MHUHUMaJIbHbIE 1 MaKCHUMaJIbHbIE TIOJyYeHHBIE [0 BCEM MOZEISIM 3Ha4CHHs
METpHK Ha Habope AaHHbIX d. VITOroBble OTpaHXHpOBaHHBIC 3HAYCHUS A,
TIOJTy4EHHBIE TI0 R,.¢, IpesicTaBiIeHs! B Tabmuie 1.

BaxxHo Takke paccMOTpeTh, HACKOJIBKO 3HAUY€HHE METpUKU A
3aBUCHT OT OIIMOOK NpEICKa3aHWil M OIIEHUTh BO3MOJKHBIC 3HAYECHUS
METpUKH A TIpU pa3IM4HBIX NPEANoNIoKeHUusXx. B naHHoW pabore Oyper
TIPEATIOKEHO Ba METOJa: C MCIIOIb30BaHWEM BapHanuy Ha omroky MAE
U C UCIOJIb30BaHueM MeTosia MonTe-Kapio.

IlepBblii MeTOn 3aKilO4aeTcss B TOM, YTO pPaccMaTpPUBAIOTCS
MakCHUMallbHble ¥ MUHMMAJIbHBIE 3HaueHWs A,, TP BapHALMHU
npencka3annii Ha MAE, Beranciennoe npu kpocc-panuparun (0.07). MAE
ObUIO BBIOPAHO, MOTOMY YTO OHO JIa€T KOCBEHHYIO OLIEHKY MMOTEHIUAIbHOM
omuOku. J{ist 3TOTO:

— s Kakaoro Habopa aHHBIX d BBIYHMCISIIOTCS] BCE BO3MOXKHBIE
Amin ¥ Ay TP PA3TIMYHBIX BapHUALMAX MPEACKA3aHUH;
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—  BBIUHCJAIOTCA MAaKCHMalbHble U MHHUMAJbHBIC BO3MOXKHBIE
A%, 1ipyt pasIMUHBIX dpip U Ay U PA3THIHBIX BAPHALHAX iy )

—  BepxHsg rpaHuna A, — cyMMa MakCUManbHbIX A%, HKHAS —
CyMMa MHHUMAJIbHBIX.

YacTp TONYy4YEHHBIX TakMM O0Opa3oM HWHTEPBAIOB  yKa3aHa
Ha pUCYHKe 4, Ha KOTOPOM IIPEACTAaBJICHbl OLEHKH I HEKOTOPBIX
Mojienel, oTy4eHHbIe IpU UcToyb30BaHuM MeTona Monre-Kapino 1 MAE.
ITo BepTHKanM OTIOXKEHa NpEACKa3aHHAs OIEHKa A,,, 0 TOPHU3OHTAIN —
LLM (uucnoBble 3HAUCHMs YKa3blBAIOT Ha IOJIO)KEHHE B HWTOTOBOM
peiitunre).

Jlnst HOATBEPKACHUS TMOTYYEHHBIX BBIIIE PE3YNIHTATOB IPEIIOKUAM
elre oAnH crocod, ncnonp3ytonwii Mmerox Monre-Kapno. OH 3akmodaercs
B BBIYHCIICHUHU PA3JINYHBIX A, IpH Bapuauusx d,, Ha clydailHble 3HAYCHUS
13 pacrpeeIeHuUs OIIHOOK:

—  OuenuBaetcss  pacnpenesneHue — ommbOok.  Jlins  artoro
reHepupyercs NP pasbuennit Ha oOydaronmme (80%) m tectoBble (20%)
BBIOOPKH M HA TECTOBBIX BBIOOPKAX BBIUUCISIOTCS OMINOKH MpeICKa3aHUi.

—  Tenepupyerca N Tabmuu, rae kaxkaas sdeiika — cymma
COOTBETCTBYIOIICH SUCHKHN R, ,; ¥ CIy4alHOU OMIMOKH U3 pacHpelelCHHs,
ONpeJIeIeHHOro Ha 1iare 1.

—  Jlng xaxaoi tabnuupl t U3 mara 2 ¥ MOJEIH M BBIYUCIIAETCS
At

—  Jlus xaxaoi m BeMHCIAETCS cpenHee 1o Ay, U omnpenesnsieTcs
JIOBEPUTENbHBIN HHTEpBAT (5 1 95 mepueHTHIN).

®  Amno Rres
40 1 Bapuaumm no MAE
]: | Monte-Kapno (--pacnpeaenerie)

OO OSSP PSSP
*9' Q\> & & o‘\(@ 5}@0 G‘g\ ’\r&\ Oq« K\'“Q\ @& @AJ '\éb 5 9:\@
2 &S 5 \
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Puc. 4. UuTepBasl, noctpoeHHbie ¢ momonsio MAE u metona Monte Kapio
JUISL HEKOTOPBIX MOJIeNel
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Jlna pacuera Obuio B3sato N2 = NSP = 1000. Ha pucynke 5
NIPE/ACTAaBICHO IIOJyYEHHOE OMIHMPHYECKOE paclpeieieHre OMNO0K
U anmpoKcuMHupytomee ero pacnpeneneHne CThIOAEHTa CO CTENEHSIMHU
cBobonpl = 4.71 m maroxuganumem = —0.002. ITo ocu X oOTI0XKEHBI
3HAUEHMsl OMIMOOK, a MO ocu Y — IUIOTHOCTh BepOsSTHOCTH. be3 ydera
BBIOPOCOB cTaHJapTHOe OTKJIOHeHWe cocrasisier 0.063. Takum obOpasowm,
ciyvaiiHple OmMOKM ObutM  B3sATBI M3 pacnpeneneHus CrThlofeHTa
C O3ByYeHHBIMH napaMmeTpamu. Urorosele A,, W JOBEpUTEIbHBIC
UHTEpBaNbl Ul YacTH MoJeleil moka3aHel Ha pucyHke 4. Ilomxble
MTOJTyYeHHBIE 3HAYCHUS MO)KHO HaiTH B Tabmmme 1.

Ta6muna 1. 3naueHus metpuku A u rpanun naTepsatoB MAE n Monre-Kapito

Ne  Mopen A | AR | ARG | ARG | A
1 DeepSeek R1 39,9 27,6 405 | 37,1 42,7
2 OpenAl gpt-40 37,0 25,6 385 | 34,3 39,8
3 OpenAl ol1-mini 36,9 25,7 385 [ 34,1 39,6
4 Fin-R1 36,6 254 38,2 | 33,7 39,5
5 Claude 3,5 Sonnet 36,5 25,2 38,1 | 33,7 39,1
6 Qwen-2,5-32B-Instruct 33,3 23,2 36,1 | 30,5 36,1
7 Fin-R1-SFT 33,2 23,2 36,0 | 30,3 36,0
8 DeepSeek-V3 33,1 22,9 35,7 | 305 35,7
9 Qwen-2,5-14B-Instruct 32,1 22,3 352 | 29,3 35,1
10  Llama 3 70B Instruct 31,3 21,8 34,6 | 28,5 34,1
11 Qwen 2 Instruct (72B) 30,9 214 343 | 281 335
12 Google Gemini 1,5 Pro 29,1 20,1 33,0 [ 26,3 31,8
13 BloombergGPT 29,0 20,0 32,8 | 26,3 31,7
14 Gemma227B 28,6 19,8 32,6 | 25,8 31,3
15 Gemma29B 26,6 18,5 31,4 | 23,8 29,5
16  Jamba 15 Large 26,4 18,4 31,2 | 23,6 29,1
17 Claude 3 Haiku 26,3 18,4 31,2 | 23,5 29,0
18  Cohere Command R + 26,1 18,0 30,8 | 23,3 28,9
19  WizardLM-2 8x22B 25,1 17,4 30,2 | 22,3 27,8
20  Mixtral-8x22B Instruct 24,4 16,9 29,8 | 21,5 27,2
21 Qwen-2,5-7B-Instruct 24,1 17,0 298 | 21,3 27,0
22 Cohere Command R 7B 24,0 16,7 2951 211 26,6
23 QwQ-32B-Preview 22,2 15,4 28,3 | 19,6 24,8
24 Llama 3 8B Instruct 21,9 15,3 28,2 | 19,2 24,5
25  Mixtral-8x7B Instruct 21,8 15,3 28,1 [ 19,2 24,6
26 Mistral (7B) Instruct v0,3 20,0 14,0 26,8 [ 17,0 22,7
27  DeepSeek LLM (67B) 19,6 13,7 26,5 [ 16,7 22,3
28  FinLLaMA 18,7 13,2 26,0 | 15,7 21,4
29 Jamba 15 Mini 18,1 12,6 255 | 15,2 20,7
30 LLaMA3,1-8B 18,0 12,6 255 | 15,5 20,7
31  DBRX Instruct 12,9 9,0 21,9 [ 10,2 15,6
32  LLaMA3-8B 115 8,1 21,0 | 838 14,3
33 KAI-GPT 10,2 73 201 | 74 12,9
34  Pythia-Chat-Base-7B 1,5 1,2 14,0 | 0,0 4,3
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Puc. 5. 9M1'II/IpI/I‘-IeCKOC pacnpeacicHue OIIHOOK U pacnpeacicHue CTthrOgCHTA

5. Oocyxnenme. JlaHHBI pas;men  MOCBSIICH — OOCYXKICHUIO
U MHTEPIIPETAlli pPe3yJbTaTOB, IIOMYYCHHBIX B XOA€ JKCIEpUMEHTa
10 IPUMEHEHUIO MaTpU4HOM (akropuzauuu. OOcyKaeHHe pa3dUTo Ha JBeE
YaCTH: aHAJIN3 UTOTOBOTO pPeHTHHra MOJeNeH 1 aHAIHU3 OLIMOOK.

AHaJIM3 pe3yJbTaToOB. B 1aHHOM moxpasziene mpencTaBiIeH aHAN3
pe3yiIbTaToB, IOJNYYCHHBIX C HCIOJIb30BAaHWEM METO/AA MAaTPUYHOMN
¢dakropuzannu ans Habopa OONBHIIMX S3BIKOBBIX Mozeneil. OneHka
KayecTBa Ha OCHOBE arperMpoBaHHON METpHKH A, a Takke e€ OILEHOK,
MIOJIy4YeHHBIX C oMoIkio Bapuaru no MAE u metona MonTe-Kapio.

WroroBelii pedTHHT Mojesel (Tadbmuia 1 u pucyHok 4) mokaspiBact
CIEYIOUTYI0 TEHICHIIHIO: OI[eHKAa KaueCTBa BEAYLIMX OOJBIINX S3BIKOBBIX
MoJiee cOau3uiach 10 TaKOW CTENEHU, YTO OOBSBUTH OJHO3HAYHOTO
JUAepa CTAHOBMUTCS 3aTPyAHUTENbHO. Pa3HMIIAa B HMTOTOBBIX METpHKax
MEXAYy MOJCISIMH W3 BEpXHEH uYacTW peiTuHra, MpeACTaBICHHOTO
B tabmmme 1 (DeepSeek R1, OpenAl gpt-40, OpenAl ol-mini, Fin-R1,
Claude 3.5 Sonnet), oxa3siBaeTcs B IpefeiiaX MOTPEIIHOCTH. XOTb
DeepSeek R1 mmeer HeOONBIION OTPHIB OT BCEX OCTANBHBIX MOJENEH,
CYLIECTBYIOIIUHA OTPHIB SIBISIETCS MUHUMAJIBHBIM. Tak, €clu IOCMOTPETh
Harpymmy — Mozened,  Bkimouaromyro  OpenAl  gpt-40  (36.96),
OpenAl ol-mini (36.85), Fin-R1 (36.63) u Claude 3.5 Sonnet (36.47),
TO BUJHO, YTO UX arperupoBaHHbIE MOKa3aTenu A OTINYAIOTCS Ha JecAThbIe
Jonu Ganna.

KiroueBbIM acmekToM SIBISIETCS IEpECcCeUeHHe MX JOBEPHTENbHBIX
MHTEPBANOB, PACCUMTaHHBIX MeTonoM Monte-Kapino (AMS u AMC,
B Tabmuue 1). Hampumep, nuana3oH OLEHKM KadecTBa sl gpt-40
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(34.27-39.85), ol-mini (34.10-39.59), Fin-R1 (33.74-39.48)
u Claude 3.5 Sonnet (33.73-39.09) B 3HAYUTENHHON CTENCHH COBMAJACT.
OTO TOBOPUT O TOM, YTO TPH MMOBTOPHBIX TECTAaX WM Ha HECKOJBKO MHOM
Habope AaHHBIX UX MOPSJIOK B PEHTUHIE MOT OBI JIETKO U3MEHHUTHCSL.

OnHaKo 371eCh CTOUT 0COOCHHO BBIICIUTH MOJieNb Fin-R1, umeroriyro
B CBOCH apXWTEKType BCEro 7 MHIUIMApAOB NApaMeTPOB, W HAXOILIYIOCS
Ha HEPBBIX CTPOYKaX PEHTHHIa, B TO BPeMsl KakK JIPyrHe€ MOJIEIH TOTO
XK€ TNana30Ha OIEHKH KadeCTBa NMEIOT COTHH MIJITHOHOB IIaPaMETPOB.

Hesricokne Ppe3yabTaThl TIOJTY IHIA MOJIEITH KAI-GPT
u Pythia-Chat-Base-7B. B ucxomHo# Tabnuie 3TH MOJENH TIPEICTaBISIOT
co0oif ocoOBIif crmy4ali B paMKax [aHHOTO HccienoBaHud. McxomHbie
METPUKH JUIsl HUX OBbUIN NPEJOCTaBIICHBI UCKIFOYUTENBHO JUIS ABYX HaOOpOB
naunbix (KAI-GPT Eval. Set Nel u KAI-GPT Eval. Set Ne2), B koTopbix
He OIIEHHBAJAaCh HHU OJHA Jpyras Mojens u3 BbIOOpku. HecmoTps Ha 3TO
OTPaHWYCHUE,  UTOIOBbIM  PEUTUHI,  CICHEPUPOBAHHBIA  METOMOM,
nocienoBarenpho pasmeniaeT KAI-GPT u Pythia-Chat-Base-7B na Hu3KHX
no3unusax B obmem 3adere. OpnHako, IpeACKa3aHHbIE 3HAYCHHS
Ha ocTanbHBIX 30+ HaOopax [aHHBIX CKOpee SIBIAIOTCS pPEe3yJIbTaToM
00001IeHnsT MOJIEM Ha YCPEIHEHHBIX JaHHBIX BCEH MAaTpHIBI, HEXEIn
peaJIbHOM OLIEHKOM UX METPHK.

AHaJM3 OWMOOK NpeACKa3aHUsi MATPUYHOH (PaKTOpPH3ALMM.
Cpenusis  abcomroTHass oOmMOKa TPEACKAa3aHWS MO BCEM H3BECTHBIM
3HaueHuAM cocTaBisieT 0.024 — naHHBIN MOKa3aTeNIbh CBUAETENIBCTBYET O TOM,
YTO MOJIEJIb YCHEIIHO CIpPaBHJIaCh C ONMUCAHMEM HCXOJHBIX JaHHBIX depe3
JaTeHTHBIE TpeacTaBieHus. CpeaHsisi aOCONMIOTHAs OMMOKa JUId Kaxaoi
oTeNbHOM Mosienu Takxke He npesbimaeT 0.033, mo Habopam nanHbix — 0.04.

JlOTONIHUTENIBHO ~ METOJ] MOMOTaeT  BBISBUTh  CleLU(HUYECKHe
OCOOCHHOCTH MOJIeJIeH Ha KOHKPETHBIX 3aJadyax, Korja OIIHOKU
TIPEe/ICKa3aHNsl aHOMAJIbHO BBICOKM WJIM HHM3KH. Tak, OIMMOOK O 3HaYeHUEM
no moxy:o, 6oneimm 0.1, Bcero 5: Google Gemini 1,5 Pro — Banking77
(0.158), DeepSeek LLM — TAT-QA (0.151), Gemma 2 9B — ECTSum
(0.129), DBRX Instruct — Federal Open Market Committee (0.113),
QwQ-32B-Preview — REFinD (0.1).

Camas BbIcokast nosryyeHHas omubka (0.158) npuHa/uIeKUT MOoaeN
Google Gemini 1,5 Pro na Habope manupix Banking77. Takoif pesymbrar
MOXXET OOBSCHITBCS TEM, YTO B HWTOroBoMm peltuare Gemini 1,5 Pro
HaxoauTcs Ha 12 MecTe, HO B MCXOJHOW MATpuUIle 3HAUEHHE METPHKH JUIs
JMAHHOW Mojenu Ha Habope nmaHHBIX Banking77 HIDKE BCEX OCTAIBHBIX
Ha 0.09 myHKTOB. DTO BBIABISET CHEHU(PHUECKYI0 OCOOEHHOCTH MOJENH
(BO3MOXHO, B MHOTOKJIACCOBOM KIACCH(HKAIMK HAMEPEHUH B Yy3KOH
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0aHKOBCKOWM TeMaTHKe), KOTOPYI0 HE YAAIOCh YJIOBHTh OO0OOIICHHBIM
JIATEHTHBIM TIPE/ICTABIICHUSIM.

DeepSeek LLM mnpoaeMOHCTPHpPOBAT caMble HH3KHUE METPUKH
Ha TAT-QA (pa3uuna ot 0.19), 3anaye, cBSI3aHHOW C aHANN30M TaOJINYHBIX
JaHHBIX B (QuHaHCOBOW oOiactn. Gemma 2 9B mnokasana HeEBBICOKHE
pe3ynpTaTtel Ha Habope maHHBIX ECTSum, cBsi3aHHOM C cymMMapHu3aimeit
JUIMHHBIX CTEHOTpaMM, OTYeTOB 00 YyOBITKaX W TNPHOBUIIX KOMIAHUH.
Bricokas merpuka ommoOku Ha DBRX Instruct, Bo3M0oXHO, cBsi3aHa C TeM,
YTO MOJAENb B [EIOM JEMOHCTPHPYET HEBBICOKHE IIOKa3aTeNln
Ha (UHAHCOBBIX 3amavyax, B ocoOeHHocTH Ha Habope nanHRIx FOMC
(ma 0.2 mmxe Ommwkaiimedt momemn). QwQ-32B-Preview nemoncTpupyer
pe3yibratel cuiibHO Hike cpeanero Ha REFinD (0.2 mynkra) — 3amaue,
CBSI3aHHOW C W3BJICYEHHEM CBsi3eil B (UHAHCOBBIX U FOPUIUYECKHX
JOKYMEHTaX.

Bce  nomyueHHple  OmMIMOKM — TIpENCTaBIEHbl B TaOiauLax,
pa3sMeILeHHbIX Ha BHELIHEM pecypce?,

6. 3akiaouenne. B naHHOW paboTe ObLia OllEHEHa NPHUMEHHUMOCTb
MaTpuYHON (akTopu3ammy JUId TPEACKa3aHHs HEM3BECTHBIX METPUK
kagectBa LLM Ha QuHancoBbix Habopax HaHHBIX. [ns mpeackazaHHBIX
3HaYCHUH OblIa MpENICTaBlICHA arperHMpoBaHHAS METPHKA, ITO3BOJIIONIAS
pamxupoBate Mozenu. MccnenoBanume, oxBaTuBiee 42 HaOOpa JaHHBIX
n 34 Mozienn,  TIPOJEMOHCTPHPOBANIO  ITOTCHIHMANBHYIO  NPUMEHHMOCTh
HCIIOJIb30BaHUsl MaTPUYHON (PAaKTOpU3aLUKM B KauyecTBE WHCTPYMEHTa JUIs
npejacka3aHusi oueHku kayectBa LLM. IlpensiokeHHbII METOA MOMKET
CHocoOCTBOBATH BRIOOPY MOJIeNeH AT peleHus GMHAHCOBBIX 3aad.

[TpoBeneHHBIIT SKCIIEPUMEHT TIOKa3aJ, YTO OL[CHKA Ka4eCTBa BEAYIUX
LLM, Takux kak DeepSeek R1, OpenAl gpt-40, OpenAl ol-mini, Fin-R1
u Claude 3.5 Sonnet, Haxomurcs NUPHOIM3MTEIBHO Ha OIHOM YpPOBHE.
Pa3muus mX WTOTOBBIX NOKa3aTelel HACTOJIBKO MAJbl, YTO IIONAJAIOT
B IIPEAENbl TOTPENIHOCTH, M HE TO3BOJISIIOT BBIACIUTH SBHOTO JIHIEPA.
JlaHHBIH BBIBOA OBUI MOAKPEIUICH aHAJIN30M JOBEPUTENBHBIX HHTEPBAJIOB,
paccuMTaHHBIX ¢ TOMOMIBI0 MeToia MonTe-Kapio.

OIHaKo CTOWT MOJYEPKHYTh, YTO IAHHBIA SKCIEPUMEHT MOKa3bIBAET
TOJBKO OOIIYI0 AMITMPHYECKYIO0 KapTHHY. HekoTopble 3Ha4eHHs MEeTpHK
MOT'YT He O0TOOpakaTh peayibHble METPHUKHU, MOJyYEHHbIE HAa HOBBIX Habopax
JaHHbIX. [lojyueHHble OMIMOKM MOTYT OBITh  BBI3BaHBI  Pa3HBIMHU
UCIIOJIb30BaHHBIMM ~ TIPOMIITAMH, HIOAHCAMH B  TECTOBBIX  JaHHBIX,
HCIIOJIb30BaHUEM Pa3HBIX S3bIKOB, MOTPEIIHOCTAMHU (haKTOpHU3alMK. AHAIN3
omMrOOK TIO3BOJISIET BBUIBHTH UPE3MEPHO XOPOIIMHA/TUTOXON pe3ynbTar

4 https://github.com/careepy/FinMF
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Ha U3BECTHBIX JAHHBIX, HO HE IMO3BOJISIET MpPE/ACKa3aTh MOJOOHOE Ha HOBBIX
JIAHHBIX.

Takxke, XOTb MarpuyHas (akTopu3alys B ILIEJIOM TOIXOJHUT JUIS
pelleHusl 3a/aud 3aIlOoNHEHHS HEU3BECTHBIX 3HAYEHUI METpHK, ClemyeT
MIPOBEPSITH €€ MPUMEHUMOCTD ITPU Ka’KI0M HOBOM 3KCIIEPUMEHTE.

JanpHeiimme HCCIIEA0BaHMSA MOTYT OBITH HaIpaBJICHbI
Ha UCIIOJIb30BaHNE OOJIee CIIOKHBIX METOJOB TPEICKA3aHUsl HEM3BECTHBIX
3HaYEHUU METPUK, B TOM YUCJIC HETUHEUHBIX.
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A. VYATKIN, A. POPTSOV, V. OLISEENKO, M. ABRAMOV
RESEARCH ON THE APPLICABILITY OF MATRIX
FACTORIZATION FOR RANKING LARGE LANGUAGE MODELS

Vyatkin A., Poptsov A., Oliseenko V., Abramov M. Research on the Applicability of Matrix
Factorization for Ranking Large Language Models.

Abstract. In recent years, Large Language Models (LLMs) have gained widespread
adoption in the financial domain. Direct comparison of models can be challenging, as datasets
and LLMs may be closed, and evaluation parameters may vary. This paper proposes using the
matrix factorization method from recommender systems, originally designed to predict user
preferences, to address the task of predicting unknown metrics. The aim is to evaluate the
applicability of matrix factorization for predicting LLM performance metrics on financial
tasks, as well as to develop an LLM ranking method based on metric aggregation.
An experiment involving the application of matrix factorization is conducted using data
collected from academic research, covering 34 LLMs and 42 financial datasets. The average
Mean Absolute Error (MAE) of the method across all runs is 0.07 on the test dataset. The top
positions in the ranking are held by DeepSeek-R1, OpenAl GPT-40, OpenAl ol-mini, Fin-R1,
and Claude 3.5 Sonnet. The impact of prediction error on the final results is investigated using
two approaches: analysis of MAE and the Monte Carlo method. The results are analyzed,
yielding the following main conclusions: a) matrix factorization can be applied to predict
missing model metric values on datasets; b) leading large language models have converged
in performance to such an extent that identifying a clear leader is difficult; c) large prediction
errors allow for the identification of specific model features on particular tasks. The proposed
method can simplify the selection of a suitable model for financial tasks.

Keywords: large language models, performance evaluation, matrix factorization, financial
domain.
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A.A. ToJCThIX, A.H. TOJIYBUHCKUI
HUHTEJJIEKTYAJBHBIA AHAJIN3 JTAHHBIX HA BA3E
IJIYBOKOI'O OBYYEHMS C MNOAKPEIVIEHUEM
JJIS1 ITPOT'HO3A PABOYNX YACTOT U ITOJIOC B CUCTEME
KOIHUTUBHOI'O PAJITUO

Toncmuix A.A., F'onyounckuu A.H. IHTeIeKTyaIbHbIA aHATH3 JAHHBIX HA (6a3e IIy6oKoro
o0ydyeHHs] C NOAKpeIUIeHHMeM /JIsi NPOrHo3a pado4yMx 4YacToT M 10J0C B cHCTeMe
KOTHHTHBHOTO PaJHo.

AnHoTtanmus. B paboTe mpemioxkeH MeTOJ peIIeHHs 3amaddl BHIOOpa KaHama CBS3U
B KOTHHUTHBHOM paJHO Ha OCHOBe MH(OpPMALMU O TEKyLIEM COCTOSHHMH BCEX IOCTYIHBIX
KaHaJIOB CBS3H C UCIIOJB30BAHHEM MAaTEMAaTHYECKOIrO amapara 0OydeHMs C MOJKPEIUICHHEM.
Merton 3akmodaercss B (opManu3alMy 3aadd BEIOOpa KaHAJIOB CBSI3M B TEPMHUHAX «Cpefa-
areHT» U 00y4eHUH areHToB ¢ moMmoiisio anroputMoB Reinforce, SARSA u A2C. IlpuBenéu
pacuér 3aTpaT MaMATH Ha pelIeHue 3a1aul BhI0Opa KaHAIOB CBA3U KIaCCHYECKHMMH METOJAMH.
OueHka 1O NaMATH cocTaBiaseT 4x2%" GalfiT s CIy4alHOrO COCTOSIHHSL KaHaJIoB
(3ansT/cBOGOIEH) M 4XN? GaiiT — 1715 OHOTO CBOGOIHOTO KaHAa Ha KayKI0M IIare [IPU PEICHUH
3amaud TabIMYHBIM anroputMom Q-o0ydeHus. [IpuBenensl aBe pasmudnble GOpMaIU3aLUn
BO3HArpaKJeHWs U areHTa B paMKax pelIaeMOH 3aJaud NpU HCIOJIb30BAHUU OO0YYEHHS
C MOJKPEIUIEHHEM — JUIsl TPUBMAIBHOrO cityuyasi (OMHApHas IOCTYIHOCTb / HEIOCTYIHOCTb
YaCTOTHOTO KaHalla) U Jyisi OoJiee CIOKHOTO Cityyast — ¢ y4€ToM MOLHOCTH (B 15) B BBIOpaHHOM
kaHane cBsi3u. OrpaHHdeHHe Ha IEPBYIO (OpPMaTH3aLUI0O COCTOUT B TOM, UTO Ha KaXKHOH
HTEpalUH JODKEH OBITh TOJIBKO OJHH CBOOOIHBIN KaHAI CBSI3H M3 BCEX JOCTYNHBEIX. Bropas
npeoxeHHas  opmanusanys  (QyHKIMH BO3HATrPaXK[ICHUS HE HAKJIA[bIBaCT IMOAOOHBIX
orpaHudeHHil 1 Ooree yHuBepcaiabHa. [IpoBeaeHb! BEIMHUCIHTENbHbIE SKCIEPUMEHTHI sl 00enx
opmanmzanuii GyHKINHE BO3HArpa>k[ICHUs, areHTHl 0OyYaromuecs: ¢ IMOMOIIBI0 aJTOPUTMOB
SARSA u A2C, B cpenHeM, gocturaiot 0e3ommdoyHoro pemenus 3agadu 3a 8000 snu3on0B
oOyueHust st obemx ¢opmanmm3amuii 0OydeHHs B MOJENBHOW 3amade U Pa3iIHIHBIX
peamm3anuii arentoB. AnroputM REINFORCE He mo3BoisieT nocTHraTh 0e30mIHO0YHOrO
pelleHus, OAHAKO, (OpMalH3alMs BO3HATPAXKICHHA C YYETOM MOMIHOCTH MOBBIIIAET
crabmibHOCTE  0oOyuenus anroputMoM REINFORCE. lanbl TeopeTHdyeckue OLCHKH
BEIYUCIIHTENBHON CJIO)KHOCTH paccMaTpHBaeMBIX METOJIOB, coracyromyecs
€ BBIYHUCIUTENbHBIMH dKCIIEPHMEHTAMU.

KiioueBble cjIoBa: KOTHHTHBHOE paano, oOydeHHE C IIOJKpEIUICHHEM, TIIyOokoe
o0ydeHHe, HCKyCCTBEHHasi HEHpOHHAs CeTh, MHOTOCIOWHBIM IIepCenTpoH, (YHKIHSI
BO3HArPaXXJCHHs, IPOrpaMMHO-ONpeeNsieMoe PaJio, CHHTeTUIECKUe JaHHbIe, ayTMEeHTallus,
HCKYCCTBEHHBIM MHTEIUICKT.

1. BeaeHue. @DYHKIIMOHUPOBAHUE KOTHUTHBHBIX CHCTEM
PaarOCBSI3H OCHOBBIBACTCS HAa MOHHTOPHHIE PAIMOYACTOTHOIO CIIEKTpa
C b0 HMIACHTU(HUKAMK W JAIbHEHIIEr0 HKCIOIb30BAHUSA CBOOOMIHBIX
moyioc 4actor. Kiaccudyeckre MOIXOABl HE BCETAA IMO3BOJSIOT HMOJIYYHTh
MIPUEMIIEMBIH Ha IPAKTUKE PE3YJIbTAT, B CBSA3U C ITHM, OJTHIM H3 BO3MOKHBIX
IMyTeH pelIeHUs SBIICTCS TPHMEHCHHE TEXHOJOTHH HCKYCCTBEHHOTO
unreiekra [1 — 4], u, B yacTHOCTH, 00y4eHHUs ¢ moakperuieHuem [2, 5 — 14].
Takum 00pa3oM, COBPEMEHHBIH 3Tan HAYYHO-TEXHUYECKOTO DPa3BUTHUS
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XapaKTepu3yeTcs IepeXxoJ0M OT aBTOMATH3alWU K HHTEIUICKTyalu3aluu
yIpaBJEHUs, IpPH KOTOPOM OKOHYATENbHOE peIICHHE IPUHUMACTCS
WHTEJJIEKTyalbHOW CHCTEMOH, Ha OCHOBAaHMM pPa3HOPOAHBIX JAHHBIX
3HAYUTEIBHOI0 00BEMA.

CrnenyeT OTMETHTD, 4TO cucTeMa kKorHuTuBHOrO paauo (CRS) — ato
panuocucTeMa, HCIHONB3YIOMAasi TEXHOJOTHIO, KOTOpas ITO3BOJSIET JITOH
CHCTEME TOJTy4JaTh 3HAHUS O CBOEH cpefie IKCIUIyaTaluy 1 reorpaduaecKoit
cpene, 00 yCTAaHOBHBIIMXCS TPaBHIAX U O CBOEM BHYTPCHHEM COCTOSHHH,
JVMHAMUYECKH M aBTOHOMHO KOPPEKTHPOBATh CBOM 3KCILUTyaTallMOHHBIE
apaMeTpbl ¥ TIPOTOKOJIBI COTJIACHO MOTyYSHHBIM 3HAHHAM JUIS TOCTHKCHUS
3apaHee IIOCTAaBJICHHBIX II€JeH, o00ydasich Ha OCHOBE MOJTYyYEHHBIX
pe3yabtaroB [15].

CoBpeMEHHOE pa3BUTHE allllapaTHBIX CPEJACTB, NPOrPaMMHOIO
obecrieuennss W 0a3 JaHHBIX, s 3((GEKTHBHOIO HEWPOCETEBOTO
MOJICIMPOBaHMsl Ha 0a3e TIIyOOKHMX HMCKYCCTBEHHBIX HEHPOHHBIX CETeH,
MO3BOJISIET HA CETOAHAIIHMN JeHb BBIICIMTh aKTyaJdbHOE IS TEOpUHU
U MPAKTUKH Hay4YHO-TEXHHMYECKOE HAIpaBIICHUE — IIPUMEHEHHE TIIyOOKOTro
00y4eHHs ¢ MOJKPEIUICHUEM JUTA 3a]a4 KOTHAUTHBHOTO panyo [16 — 18].

[lpumeHeHne HEHpPOCETEBOrO MNPEAMKTOPa HAa OCHOBE TIIyOOKOTO
00y4eHUsI ¢ MOJKPEIUICHHEM, MO3BOJISICT NMPOBOANTH MAIIMHHOE 0OydeHne
6e3 pa3sMeTKn JTAaHHBIX pu HCTIONI30BAaHUU byHKIMN
Bo3HarpaxaeHus [19, 20], To ecTh IPH OTCYTCTBUH KyUHTEIISD».

BakHBIM  KOMIIOHEHTOM TMpU 3TOM  SIBJISIETCS  IIOJATOTOBKA
o0y4amouux, BaIUIAIMOHHBIX W TECTOBBIX BBIOOPOK, BKJIFOYAMOLINX
KOMIIO3WIIMI0 W3 peaNbHBIX (HampuMep, CHTHAIBL, [OCTYMaloIiue
OT TpaHCHBepa Ha 0a3e TMPOTPaMMHO-ONPENENIIEMOr0 Paguo WU
SDR- paguonpuéMHUKa) U ayIrMEHTALMIO B BHIC CHHTETHYCCKUX JaHHBIX
JUIL  peayM3alliil  HEeMpOCeTeBBIX NPEAMKTOPoB (C  (hopMupoBaHHEM
COOTBETCTBYIOIICH 0a3bl JAHHBIX IS O0yUCHIIS).

HeoOxoaumMo TOAYEpPKHYTH, YTO OTACJIBHBIM HPHOPUTETHBIM
BONPOCOM MPH pEIICHUN IOCTABICHHON 33Ja4d KOTHUTHBHOTO DPAIHO
SBISIETCST  pa3pabOTKa W HCCIIENOBAaHME  aJICKBaTHOTO  KPUTEpHUs
3¢ GeKTHBHOCTH (DYHKIIMOHHUPOBAHUS CHUCTEMBI (HAIPUMEP, COCTOSIICH
U3 COBOKYITHOCTH CPEJICTB PAJHOCBS3H ISl PA3JIMYHBIX PEXKUMOB pabOThI).

enr pabGoTbl — pa3paboTka MeToJa MPOrHO3a pabodynx dYacToT
1 TIOJIOC JUTSI CHCTEMBI KOTHUTHBHOTO Pajgio Ha 06a3e riyO0OoKoro oO0y4eHus
C TIOAKPEIUICHUEM.

2. IToctanoBka 3agauM. PaccMOTpUM paanoKaHal, B KOTOPOM
pabounii YaCTOTHBIN JHana3oH pa3dUT Ha MOJIOCH], M KaXKAas M0JI0Ca MOXKET
OBITH 3aHATA WM CBOOOIHA U paguooOMeHa MaHHBIMH. MaTeMaTH4ecKH
9TO MOXHO ()OPMAINM30BaTh, CPaBHMBAs TEKyllee 3HAUYCHHE MOIIHOCTH

302 Undopmaruxa u apromatusamus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

(PdBy) momexu B monoce ¢ HEKOTOPBIM MOPOrom (f), MOIy4YnuB OWHApHOE
cocrosiuue: «1» — qacrotusiii kanan (K) cBoboseH, «0» — YaCcTOTHBIH KaHaT
3aHST:

1, eciu PdB, < B;
0, uHaye,

PN, = [ (1)

re MOpor BHIOMpaeTcs W3 COCTOSHUS ITOMEXOBO-IIYMOBOH OOCTaHOBKH
(mampumep, S = -80abm).

Tpebyercst onpexenuts paboume YaCTOTHI M HAMOOJIBINUE TOJIOCHI
Y4acTOT Uil AMHAMHYECKH MEHSIOIISHCS 3JIEKTPOMArHUTHOW OOCTaHOBKH
(Hampumep, B KOTOPOIl PUCYTCTBYIOT MEPHOIMYECKUE U HETIEPUOANYCCKUE
noMexH, (OH U JPYTHe IIyMBl Pa3IHMYHON IPUPOIBI).

3. Onucanne Mmetona. OmpenenuM B KauecTBE KPHUTEPHUS IS
peLIeHus NOCTaBJICHHOM 3a/1a41 — MaKCUMH3ALUIO 11eJIeBOM (DYHKIIMH B BUAIE
HEKOTOPOTO IOKa3aTels KadecTBa IPOrHo3a. B 3Toil cBA3M HEoOX0omUMO
MAaKCUMH3NUPOBATH KA4YE€CTBO IIPOrHo3da PEKOMCECHAYEMBIX CBOGOZ[HI)IX
KaHaJIOB:

max[g,], 2

rae g, — NOKasaTenb KadyecTBa IPOTHO3a, KOTOPBIH OIpEeAesseTcs Kak
(GYHKIMS OT COCTOSIHHS PaJUOKAHAJIOB B CIEAYIONIHA MOMEHT BPEMEHU.
Hanpumep, kKak CKaJsipHOE MPOM3BEICHHE COOTBETCTBYIOIIMX BEKTOPOB
U BBITJISINT CJIETYIONINM 00pa3oM:

gt = a?PNt+1: 3)

371eCh @; — BEKTOP-CTOJIOEI IeHCTBUS areHTa B TEKyIIHMH MOMEHT BPEMEHHU
(«1» — KaHaT peKOMEHYETCsI HCII0b30BaTh, «0» — KaHAIl He PeKOMEH Y eTCSI
ucnonb3oBath); PN;,; — BEKTOp-cTONOENl COCTOSIHUSI paJOKaHaJIOB
HAa OCHOBE M3MEPEHHOM WJIM  MOJEIMPYEMOH  IIOMEXOBO-IIYMOBO
0OCTaHOBKM B CIIEAYIOIIUA MOMEHT BpeMeHH ¢ onemeHtamu {PN;}
(«1» — xkanan cBoGomeH, «0» — xkaHanm 3aHaT); «T» — oneparms
TPaHCIOHUPOBAHMUS.

OyHKIIMIO BO3HATPAXICHUS (Tp41) MOXHO OIPENEINTH, depe3
(YHKIMOHAIBHYIO 3aBUCHMOCTh OT TIOKa3aTeis KadecTBa IPOTHO3a
WK B IEPBOM l'IpI/I6J'lI/I)KeHI/II/I, BO3MOXXHO, UCTIOJIb30BATH UX PABEHCTBO!

Tt+1 = Gt- 4)

Informatics and Automation. 2026. Vol. 25 No. 2. ISSN 2713-3192 (print) 303
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX U 3HAHUI

JlBa OCHOBHBIX TMOAXOJa K OOYYEHHIO C TOAKPEIUIEHHUEM IS
0e3MOJIENIbHBIX METO/OB (HE 3aJCHCTBYIOT ITUHAMHKY IEPEXOJ0B CpPEIbI
B SIBHOM BHJI€) — aJTOPUTMBI, OCHOBAaHHBIE Ha IOJIE3HOCTH U alITOPUTMBI
Ha 6a3se cTpareruu (nomutukwn) [19, 20].

Hampumep, ecnum anst  pemieHMss 3agadd  BOCHOJIB30BAThCS
Q-o6yueHneM (OCHOBAHO Ha TOJE3HOCTH), TO Ha KaXKIOM IIare Ha OCHOBE
£-)KaIHOW CTpaTEeruy, TEKYLIEro COCTOSIHUA cpeibl (S;) u Q-matpuusl (Q;)
(dopmupyercs Tekyliee JeHCTBHE areHra d,, Ha 0a3e KOTOPOro MoJIy4aeTcs
COCTOSIHME Cpelbl, T.e. MaTrpHUIla IPOTHO3a COCTOSIHHSI pajnoKaHana
(«1» — xanan cBoboeH, «0» — KaHaJ 3aHAT) B CIACAYIOLUINIl MOMEHT BPEMCHH
S¢4+1, HATIPUMED:

St+1 = Ay, Q)

KOTOpasi TAK)KE MOXKET OBITh JOIOJIHEHA alPHOPHON HHpOpMaLUei, TOMUMO
BEKTOpa-cToi0na a,, BEKTOPAMHU-CTOJIONAMH O TEKYIIEM M TPEIbLIyIIHX
cocTtosiHUAX pamuokaHama (Hanmpumep: PNg,;, PN;, PN;_;,...). anee
paccuMThIBaeTCSl 3HaueHWe (YHKIMM BO3HArPaXAEHHsS B CIEAYHOLIHHA
MOMEHT BPEMEHH (7}, 1) U Ha €ro OCHOBE BbhIUUCIsieTcs: Q-MaTpHLa 3HAaUSHUI
LIEHHOCTH COCTOSHUM B Clenyromuil MOMEHT BpeMeHHU ((Q;,1), UCIONB3Ys
Takhe THIEPIapaMeTphl Kak CKOpocTh oOydeHHs (o) ¥ Kodduimert
muckonTHpoBaHus (y) [19]. Hactpoiika Q-(QyHKIHH OCYyIIECTBISACTCS
C IOMOIIBI0 MeToza BpeMeHHbIX pasnuuuii (TD-o6yuenus, coderaromiero
B cebe uaen Metona MouTte-Kapio 1 TMHaMH4YecKOro nmporpaMMHUpPOBaHHs)
M HCTONB30BaHMSA HWTEPAIIMOHHOTO METOJa [UIS pELICHUS YpaBHEHUS
ontuMansHocTH bennmana [20].

CyIiecTBeHHBIM OTrpaHHYECHUEM JUIs HETIOCPEICTBEHHOT0
HCTIONB30BAaHUSl aJTOPUTMOB TaOJIMYHBIX METOJOB PEIICHHS Ha OCHOBE
TIOJIE3HOCTH W Ha OCHOBE CTPATETMH SIBIISIETCS 3HAYMTENLHOE MHOXECTBO
BO3MOXHBIX COCTOsIHME (i1 Q-oO0ydeHust — 3To Oosnblias pa3MepHOCTh
Q-Matpurrsl, a A o0y4eHus Ha 0a3e cTpaTerud — OONbIIas pa3MEpHOCTH
TM-MaTpPHUIBI BEPOSTHOCTEH IEHCTBHS B COOTBETCTBYIOIIEM COCTOSHHH).
Hanpumep, npu N 0THOBPEMEHHO aHAIN3UPYEMBIX YACTOTHBIX KaHAJIOB IIPH
CIy4yailHOM COCTOSIHMM KaHama («CBOOOJEH»/«3aHAT») KOJIUIECTBO
coctostnuii cpensl (N) ompenensieTcss BBIpaKEHHEM (KOJUYECTBO CTPOK
Q-Marpuisl):

N = 2", (6)

a KOJIMYECTBO BO3MOXHBIX HeWcTBUil areHta (M) Takxke paccuuThIBaeTcs
o opmyie (KOJIMIECTBO CTONOIOB Q-MaTpHIIB):

304  Undopmaruxa u apTomatusamus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

M =2" (7
B pesynbrate Q-marpuna conepxut NxM asieMeHTOB:
N x M = 22", 8)
u 171 e€ onmucanus npu oguHApHOH TouHOoCcTH (FP32) motpebyercs:
V = 4 X 22" Gair. 9)

IIpu n=16 cnemyer, 4YTO TOJNBKO IJIsI XpaHEHHs (Q-MaTpHIlbI
notpedyercs 16 I'b, a mpu n=20 neo6xoaumo 4 Th.

OpHako, ecod paccMOTpPeTh TPHUBHAIBHBIN YacTHBIM ciydai,
HampuMmep, KOraa u3 N KaHaloB BCerza CBOOOJEH TOJBKO OJMH, TO pa3Mep
Q-MaTpuIpl CYIIECTBEHHO YMEHBIIAETCsA, a pacy€THble (OPMYJIIBI
MIPUHUMAIOT B

N=n, M=n NXM=nxn, V =4n?6air, (10)

Torza rmpu N=16 cinexyer, uTo i XpaHeHust Q-marpuisl norpedyercs 1 Kb,
a ipu N=20 Heobxoaumo 1,6 Kb.

Takum  oOpa3oM, HaiIMyue  3aKOHOMEpPHOCTEW  (Hampumep,
JeTepPMUHUPOBAHHBIX) IOSIBICHHS IIOMEX B paJuoKaHaJaxX I03BOJISET
ornpeenEHHBIM 00pa30M YMEHBIIUTD YHCIIO BOBMOXHBIX COCTOSIHUM, 0JJTHAKO
CllelyeT YYMTHIBATH YCIOBHSA KOHKPETHOM 3aJauyd W OTrpaHWYCHHS,
HakJa/ipiBaeMble Ha 00beM namsati O3Y. Tak Kak 171 areHTa O4eHb BaXKHO,
Kakne BBIYMCINTEIbHBIE MOLIHOCTH €My JOCTYIIHBI, B YaCTHOCTH KaKOH
00beM BBIYHCIEHUH MOXKET OBITH BBIITOJIHEH 32 O/IMH BPEMEHHOH I1ar, Takxke
CHEP KUBAIOIINM (DaKTOPOM SBIIICTCS JOCTYITHAS MamsTh [19].

Hdnst  mpeomoneHnst  npoOJIeMbl  Pa3MEpHOCTH,  CBSI3aHHOM
CO 3HAYUTEIBHBIM  YHCJIOM  BO3MOXHBIX  COCTOSIHWH, Ipejaraercs
BOCTIOJIB30BaThCSI KOMITAKTHOW (OTHOCHTENHHO TAOJIMI]) HapamMeTpu3anueit
(mpUOIMKEHHBIM METOJIOM DEIICHHS) B BUIE anmpoKcuMarui Q-¢hyHKunn
MoJIe3HOCTH (PUCYHOK 1) wiu  7-QyHKIMH CTpaTerud (PUCYHOK 2)
ncKyccTBeHHON HeWponHoH cerpio (MMIHC) B BHAE MHOTOCIOHHOTO
nepcentpona (MCII) ¢ mapamerpamu W. [Tox rimy6okoit HEHPOHHOM CEThIO
6ynem nonnmats MHC, xoTopas copepxut Tpu U Oosee o€ (aBa u 6oiee
CKPBITBIX CIOEB).
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Q0 (s, )
51 Q(a1)
—. | muCc [
a5 (MCID) " Q(ana)
———

Puc. 1. brnok-cxema annpoxcumaropa Q-¢ynkuun noiesnoctd MHC B suge MCIT

mw(als)
51 P(ai)
| muCc [
o MCI) [ paw

Puc. 2. brok-cxema anmpokcumaropa n-pynkiun crparern MHC B Bune MCII

[pu sToM It TIyOOKOTO 00YUYEHHS C IMOAKPEIUICHHEM CYIIECTBYET
MHOXeCTBO S()()EKTUBHBIX aJNrOPUTMOB, OCHOBAaHHBIX Ha IIOJIE3HOCTH
(SARSA, DQN), crparermu (Policy Gradients, REINFORSE),
komOuHupoBanHbie MeTonsl (A2C, A3C) u mp. [20]. Bamerum, 4ro mus
COKpamieHus pasMepHocTH BeIxomHoro cimos MHC  (kommgecta
BbixontoB MCII) menecooOpa3HO HCHOIB30BATH MOAXOI, Oa3HPYIOLIHICS
Ha 00y4YEeHUH C NOAKPEIJICHUEM IIPH MHOTOLIEJIEBBIX JIeHCTBUsX areHTa [21].

[Momydennsle 3Ha4YeHWst pgelcTBuii areHtra (a,) TO3BOJIAIOT
MIPOTHO3UPOBATh CBOOOJHBIE (MPUTOAHBIE IS PATUOCBSI3M) YaCTOTHBIE
KaHaJbl 0e3 pa3MeTKH AaHHbIX i 00yueHus. CieyeT OTMETHTb, YTO €CIN
MPOTHO3HBIC 3HAYCHWS HAXOAANIMXCS pSAAOM KaHAJOB «CBOOOJHBD»
(paBHBI «l»), TO 3TO TO3BOJISIET BBIOPAaTh COOTBETCTBYIOIIYIO Oolee
OIMPOKYIO0 TOJIOCY YacTOT Ha pabodedl dwactoTe (KOTopas SBISAETCS
LEHTPAIEHON YaCTOTON B OKPECTHOCTH IT0JIOCHI).

3. Teopernyeckasi OmeHKAa  BBIYHCIANTENBHON  CIOKHOCTH
paccMaTpuBaeMbIX aIropuTMOB. B pabote paccMaTpuBarOTCs alTOPUTMBI
caenytoniie anroputMbl oOydeHuss ¢ moakpemieHueM: REINFORCE,
SARSA, A2C. Ilepex mpoBeneHHEM BBIYHUCIUTEIHHOTO O3KCIIEPHMEHTA
11eJ1eco00pa3sHo  OLIEHUTH BBIYMCIHTENBHYI0 3((EKTUBHOCTh KaXIOTO
U3 HUX, a 3aTeM COINOCTaBUTh TEOPETHYECKHE OIEHKH C MOIyYeHHBIM
SMIOHMpPHYECKUM  MarepuanoM. DopmMasbHOE  MOCTPOCHHWE  OLEHKHU
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BBIUUCITUTEIFHON I(Q(PEKTUBHOCTH MPOM3BEACHO C YYETOM CJICIYFOIIHX
OIpaHUYEHUN:

1. TlpeamonaraeTcsi TUCKPETHOE MPOCTPAHCTBO JCUCTBHIA (BBIOOD
OJIHOTO M3 N KaHAJIOB);

2. Arent B Buge MCII comep>XuT OIWH CKPBITHIH CIIOH;

3. Tlocmennee BEIOpaHHOE  [IeiicTBHE (OTKITHK) arelra
HHTETPUPOBAHO B TEH30pP COCTOSHUS CPEIIBL;

4. Broruncnenne — GYHKOWM — aKkTHBaOMKW  OyIeM  CUHUTATh

Def
HE BIIUSIOIINM Ha aCAMIITOTHYECKYTO CIOKHOCTE (f (x) = 0(1)).

Jiii  TOCTpOCHWS OLEHKH alTOPUTMOB BBEAEM  CIEAYIOLIHE
0003HAYCHHS:

1. Cpema xapakTepu3yeTcsi pa3MEPHOCTBIO  COCTOSIHUS — dg;
KOJIMYECTBOM TUCKPETHBIX NIEHCTBUH d ; ; MAKHCMATBHON IITMHHON Am3ona T .

2.  AreHT (MCKyCCTBEHHasi HEWpOHHas CETh) KOJMYECTBOM
HEHPOHOB B CKPBHITOM CIIO€ M; BXOTHOW pa3MEpHOCTHIO dg; KOIUYECTBOM
BBIXOJIHBIX HEHPOHOB d,;.

PaccMoTpuM TO TOPSAAKY KaXABIA W3 alTOPUTMOB. ANTOPHTM
REINFORCE mpencraBmsier co0Oi peanm3alidio MeTofa TpagieHTa
momutuku (Policy Gradient), rme areHT oO0yd4aeT mapaMeTpHU30BaHHYIO
MOJUTHKY Tg(als), peanuzoBanHyio kak MCII myTéM MakCHMMHU3aAIUU
oxumaeMol Harpanapl. [lomuTuka TeHEepHpYeT ACUCTBUS W arperupyroTCs
TPACKTOPUHU B PaMKax OJHOTO 3MU30/1a, BEIYUCISIOTCS (PYHKIIUS CTOMMOCTH
Y TPAJMEHT MOJUTUKU 0OHOBIIsIETCs. DopMyTia rpaiueHTa:

T
Vo] (0) = Et ~ 0 Z V logmg(asls;) - G|, (11)
t=0 ¢

T k-t

rne G, = Yy—tY 1, JUCKOHTHPOBaHHOE BO3Harpaxaenue (reward),
Y — IUCKOHTHpylommwmid ¢aktop, T = (Sg,Qg, 7y, --,ST) — TPaACKTOpHUI
B paMKax omu3ona. JIs KakXAOro 5SMH304a BBIUMCIAETCS: IPsIMOE
Boeruriciienne MCII s BeiGopa nevicteust O (T - mz), BBIYHCIIEHUE QYHKITUU
BosHarpaxaenus O(T) u BblumcieHue rpaauentos jis MCIT O(T - m?).
Takum 00pa3oM, OCHOBHAsI BBIYHCICHHS MPHUXOIATCA Ha MPSMOU IPOXOJT
u obpatHoe pacrpoctpanerne omubOkun B MCII. CrnoXHOCTh anroputMa
REINFORCE nuneiina no T, ogHako B 3HAa4YUTENbHON Mepe 3aBUCHUT
ot pasmepa MCII. [Insg HammXx 1emneil, MOXKHO CUWTaTh, YTO BBIYHCIICHHE
REINFORCE 3axmodaercs B BblYUMCIEHHH mpsmoro mnpoxoga MCII
1 00paTHOTO paclpOCTPaHEHUs! OIIMOKM 10 HeMY Ul KaKIOH HTepanuu
AMU30/a.
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AnroputM SARSA mpezacraBisier coOoi METOJ ammpoKCHMaluu
Q-dbyukimu Qg (s,a) peanuzoBanHoi B Buae MCIL. AreHt BbIOHMpaeT
JOEHCTBHS TO &-)agHoil cTparernu. OOHOBIGHHE Ha KaXIOM Iare
ompezensietcs caeayronmm obpasom [20]:

Q(se,ar) = Q(sp,ap) + 05[ e+ VQ(S{t+1}' a{t+1}) — Q(s¢, at)]' (12)

rae aypq ~ w(S;41) TpeacTaBiser CcoOOM TMONMTHKY; & — CKOPOCTh
obyuenms. I'pagmentsr ans MCII B amroputme SARSA BerMucmsiorcs
kak [20]:

0 =60—al (Tt +¥Qo(St+1, Ars1) — Qo (S, at))2- (13)

Ananormuno anroputmy REINFORCE Ha nepBoM 3Tame
BBIYUCIAETCA OpsMoit mpoxox MCIT O(T - m?), mocie 4ero mpoUCXOAHT
mrar cumyisinai O(T), 3aTeM BTOPOE BBIYHCICHHE MPSIMOTO MPOXOja IO
MCII nns Beruucienus ay; O(T - m?), BhlUMCIEHHE OIIMOKM HA OCHOBE
¢byukuun Bosuarpaxaeuus O(T) u BbuucieHue rpagauentoB misi MCIT
O(T - m?). Takum 06pa3zoM, acUMNTOTHYECKH anroputM SARSA umeer
kakyto ke cinoxkHocTb uyTo M REINFORCE, opnako, kak W B cilydae
¢ REINFORCE MO0XHO JaThb OLEHKY B KOJMYECTBE MPSIMBIX HPOXOIOB
1 00paTHOTO pacrpocTpaHeHus omuoky, 11t SARSA coorBercTBeHHO 2 1 1
Ha KaX][yI0 HTEPAIHIO B SIH307¢.

Iocnenuuit paccmarpusaeMslii anroput™M A2C mpencTtaBiseT co6oi
CHHXPOHHBII BapHaHT MeToJa akTop-KpuTuk u umeer 2 MCII: akropa s
aNMmpoKCHUMAILMU IOJNUTHKU Tg(als) W KpUTHKA Uil OUCHKH (YHKIHH
croumocth V,(s). Takke Kak ¥ B HPEIbUTYNIMX alrOPUTMAax, HA TEPBOM
sTane BhlUMCiseTcss npsAMoit mpoxoxa mo MCII-akropy O(T - m?), 3atem
BbIUMCIIseTCs npsiMoit mpoxoa mo MCI-kputuky O(T - m?), nocie uero
BBIYHCIISIOTCS [ar cumyisinud 1 Gyrkuust nmoteps O(T), 3aBepiuaercs Bee
BBIUMCIIEHHEM rpagueHtoB ansa MCII-axtopa O(T - m?) u MCII-kpuTuka
O(T - m?). Takum o6pasom, mns anroputma A2C CIOKHOCTH JIMHEHHA
110 JUTMHE 31IM30/1a, OJHAKO Ha KaXIyI0 UTEPAIHI0 HEOOXO0AUMO BBIYHUCIHTH
2 npsimbix mpoxoza mo MCII u 2 npoxoaa oOpaTHOrO pacnpocTpaHEeHUs
OIINOKH.

YuuteiBag TOT (aKkT, YTO HAWOONBIIMHA BKJIAI B  OICHKY
BBIYMCIIUTENIFHON CIIOKHOCTH pPacCMaTPUBAEMbBIX aJITOPHUTMOB BHOCHT
npssMOH  Tpoxox M oOpaTHoe pacrnpoctpaHeHue ommOkun B MCII
1enecoo0pa3Ho pacHMpuTh OlleHKY Ha nmpon3BoibHbEI MCII ¢ L cKphITEIMU
closiMu 110 . € {my, m,, ..., m; } HEMPOHOB B KAXKIOM, TAKAM 00pPa30M CHSB
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orpannuenue |l. YunteBas orpanmuenue |V mpsmoit mpoxox mo [ cioro
L- cnoiinoro MCII onieHnBaeTcs Kax:

0(mg-1y X mpy + my) = 0(mpyy X my) ————200m%).  (14)

m=max(m;—,,m;)

3aMeTuM, 4TO CIOXKHOCTh NPSIMOTO Npoxoja B TepmuHax O paBHa
CJIO’KHOCTH OOpaTHOTO pPacmpocTpaHeHMs omHnOKku. B kauecTBe BepxHEi
OIICHKH BBIUUCIIUTEIILHON CII0KHOCTH 11 L-cioitnoro MCII nenecoobpa3so
npunats 3Hadenue O (L X max(m)?) — cnokKHOCTh BBIYMCIICHMS KasKI0rO
CIIOSI  COOTBETCTBYET CIIOXKHOCTH BBIYHCICHHsS HanOoyiee MIMPOKOTO
(comeprkamero Hambombimee uwmcino HedpoHoB) cios MCIL. B pamxax
paccMaTpHuBaeMOM 3a/1auu JaHHOE OTpyOJIeHHE OIIEHKH JJOIYCTHMO, TaK Kak,
CpPaBHUBAIOTCS aJNTOPUTMEI, OOydJaromine oxuHakoBble L- cioitaeie MCII
(BTtom umcne  MCII-kputuk jgns  amroputMa SARSA  ummeer
Ty e apXuTekTypy, 9ro U MCII s ocTanbHBIX anropuTMoB). Takum
o0OpazoM, A BCEX PACCMOTPEHHBIX AJITOPUTMOB CJIOKHOCTBH OCTa&res
nuHeiiHOW 1o T, olleHKa He W3MEHSeTCsl TpU 3aMeHe pealn3aliu
anmnpoKkcuMaTopa ¢ ogHocaornHoro nepcentpona Ha MCIL

B pesymprare mNpOBEAEHHOrO aHaNM3a, YYUTHIBAs, YTO IIPOXOJX
obpatHOro pacmpocrpanenust ommbOku no MCII comepxur, B cpeaHem
B2pa3a Oompmie omepamuit  [4], chopMmynHpyeM  CIEAyIOIIHe
KOJINYECTBEHHBIE OICHKU: Haubojee OBICTPBHIM SIBISETCS  alTOPUTM
REINFORCE, npubnusutensHo B 1,5 paza memiennee SARSA, a A2C
NpUOJIM3UTENHHO B 2 pa3a MeJICHHee.

4. MoneaupoBanve cpeabl. [l MonenupoBaHMS — pabOTHI
ITOPUTMOB 00yUEHHS C TIOAKPEIUIEHHEM Ha OCHOBE (pOpMAaIH3aIUU 3a1a4H
OblTa TOCTpOEHa CieIylomas MOJENb cpensl: B Habope 3 N KaHAIOB
B KaX/IbIii MOMEHT BpeMEHH t CBOOOECH TOJBKO OAWH KaHal. PopmaabHO
CUMYJISILIAS CPE/IbI ITPEICTaBIISIET COOOH MPAaBMII0, IT0 KOTOPOMY JUTS Ka)XKJOTO
mrara BpeMeHu t ctponTcst BekTop U3 N BEIMYHMH COOTBETCTBYIOIINX YPOBHIO
IIyMOB, WHIEKC OJJIEMEHTa BEKTOpa COOTBETCTBYET WHAEKCY KaHaa.
Cpena siBisieTcsl mapaMeTpUdecKoil U ompesenseTcs CIeIyonM Habopom
napameTpo: N — oOllee 4YMCIO KaHANOB, fron(t) — 3aKOH M3MEHEHHs
CBOOOJHOTO KaHana; P(ymin) — MHHUMAIBHBIA ypoBeHL ITyMOB (ab);
P (max) — MAKCHMANbHBIH ypoBeHb IyMOB (1B); P (¢ min) — MEHUMAJIbHBII
ypoBeHb no0je3Horo curHana (ab); P(.max) — MAKCUMAIbHEIA ypPOBEHb
nosesHoro curHana (nb); V — makcumanbHas aMmmntyaa (iaykryanmit
mymoB; T — obmiee BpeMsi (IMCKPETHOE) Te€HEpalNH, CKOJBKO BEKTOPOB
OyZaeT CTeHepUPOBAHO 10 OKOHYAHUS TEKYIIEH CeCCHH.
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IMomoOHast ~ ¢opmanmu3zaiyss  MO3BOJIICT  JOCTATOYHO  THOKO
MOJIENUPOBATh CIOKHBIE CHUTyaluH, HampuMmep P P miny < Paymax)
B HCKOTOPBIX MOMEHTAaX BPEMCHHU ¢ TOJIC3HBIA CHTHAJ MOXKET OKa3aThCs
HW)KE YPOBHsI ITyMOB W T.N. Ha pucyHke 3 mpuBeJcHa BH3yanu3anus s
Cpebl ¢ IEPUOINIYECKUM 3aKOHOM fnop st uncia kagaioB N = 3 u N = 15.

Cumynaumns ana N=3 KaHanos Cmmynmwm ona N=15 kaHanos
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Puc. 3. Busyanuzanus cpenpt st N = 3 u N = 15 kananos
HOpO)KI[aIOH.[I/Iﬁ 3aKOH SABIISIETCA ACTCPMUHHUPOBAHHBIM

M TIEPUOINUYECKHM (JUTSt 00eCTIeUeH s TeHEPAIIH JIF000TO Harepén 3aJaHHOTO
KOJIMYECTBA INAroB TeHepalyu T), ¢ 3TOH TOYKH 3PEHHS Cpejia SBISETCS
nerepMuHUpOBaHHONH. C Apyroil CTOPOHBI, BHIOOP KOHKPETHBIX UYWCIIOBBIX
3HAYECHUI Ha KaXK/I0M 111are IPOUCXOAUT I10 CIIly4aliHOMY 3aKOHY. PaccMoTpum
(OpMHpOBaHHe BEKTOpa COCTOSHMS cpeiabl X' Ha mare t nogpo6no. [Tpu
WHULAIIN3AIU  CPEAbl JUJIA KaXXJI0T0 KaHajia BBI6I/IpaeTC$I 3HAYCHHUEC U3
pasromeproro pactipenenernst X° = {x; = U[Pumin) Paumaxn)|Vi € N} —
ycraHaBiuBaercs «(pomny». Janee, onpeuensercs HHIEKC CBOOOAHOrO KaHaja
Ha mare t=0 wu3 NOpONIAIOIEro 3akoHa 7 = fi,,(0), 3HaueHue

X0=U [P(C,min), P(C,max)]. Janee paccMoTpum riepexoa t; — t: st GOHOBOTO
IIyMa BBIYKCIIAETCS M3MeHeHue X' = {xi(t_l) = xi(t_l) + U[-V,V]vi € N},
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€CIIM PACCUMTAHHAS BEJIMMMHA X; NPEBBIACT Py nqy) WIH HIKE Py i
TO 3HAK BbIPKEHUSI MEHAETCS (xi(t_l) = xi(t_l) —U[-V, V]) Takum 00pasom,
obecnieunBaeTcs IUIABHOE W3MEHEHHE ()OHOBBIX IMyMOB. [l cBOGOIHOTO
KaHaja onepauus t; — t aHaJIOrH4Hasl HHALIMAJIM3ALAH.

TexHu4ecku Uil TOTO, 4TOOBI OOECIIEUHTHh IUIABHOE H3MEHEHHUE
YpOBHS IIyMa B IPOrpaMMHOM KJlacCe T€HEepallMd XpPaHUTCS BEKTOp
coctosiHusl (oHa (06e3 CBOOOIAHOTO KaHajda) M IOJHBIH BEKTOpP CpeJbl
pazgensHo. OpHaKO TakWe HAKJIAAHBIE pacXoAbl B  COBPEMEHHBIX
KOMITBIOTEPAX MPEHEOPE)KUTETHHO MaIBI.

IIpennoxeHHass cpena TO3BONAET T'€HEPUPOBATH  JIOCTATOYHO
CJIOKHBIE TIOCIIENIOBATENILHOCTH COCTOSIHUM, HANPUMED, frop MOXKET OBITH
HETICPUOIMUCCKUM WM CIy4aiiHbIM. B HacTosIel pabote ObLT paccCMOTpEH
ClTyyal IepHOANIECKOT0 OPOKAAIOIIETO 3aK0Ha, 0000IICHUE PE3YIbTaTOB
Ha Ooiee IIMPOKHH KJIacC MOPOXKIAIOMINX 3aKOHOB SBISIETCS MIPEAMETOM
JATBHEWITNX padoT.

5. Obcyxnenne pe3yabTaToB. B kadecTBe mpuMepa pacCMOTPUM
cpemy, B kotopoi n18a u3 N = 3 paJinOoKaHAJIOB 3aHSITHI, a OJWH CBOOOJICH.
[onmoxum, 4TO HOMEp CBOOO/IHOTO KaHana HU3MeHseTCs
10 ETEPMUHUPOBAHHOMY 3aKOHY C MEpUOJUYECKH MOBTOPSIOIIEHCS
nocienoBatenbHocThi0  Ha 30  BpeMeHHbIX uHTepBanax. CocTosiHHE
paavoKaHajda MOJAEIUPYETCs CIEAYIOIIMMH YPOBHAMH: MHHHUMAaJIbHBIN
ypoBeHb mymoB -120 nb, makcumanbHbI ypoBeHb mymMoB -80 nb,
MUHUMAaJbHBIM YpOBEeHb IMoJe3Horo curHaia -80 nb, MaxcuManbHBINA
YpOBeHb ToJIe3HOTo curaana -120 n1b. Ammmrtyna ¢urykryarun mymoB 3 ab,
TNIOPOXKJIAIONIHNH 3aKO0H f(nop) (£) = mod(t, N) — nepeoguyeckoe cMeleHue
«BIpaBoy» 1o KaHanam (1o Moyt N).

B kauecTBe anmpoKCHMAIMH TOJMTHUKH HCIIONB3YETCs CIIeyFONIui
Hab0p MCII: ¢ 0oTHUM CKPBITBIM CIIOeM, cojiepkamuM 10 HeHpOHOB; ¢ ABYMS
CKPBITBIMH cJI05IMH 110 10 HEHPOHOB B KaXK/JIOM; C TPEMS CKPBITBIMH CIIOSIMU
10 10 HeHpOHOB B KaX/10M.

His xaxxgoro MCII 3 Habopa mpoBOIMIACE CEPHUST SKCIIEPUMEHTOB
o oOyuenwuro anropurMamu REINFORCE, SARSA u A2C.

B paccMOTpeHHOM Ui YHCIEHHOTO MOJETUPOBAHUS IpUMeEpe
Harpaja areHra BeIOMpaiach JBYMs CIiocoO0aMH — B IIEPBOM 7;,q 3aBHUCHUT
OT COCTOSIHUS B CIIEAYIONMUI HAOII0JaeMbIii MOMEHT BPEMEHH, CIICAYIOIINUM
o0OpazoM:

1,  PdB, < —80;
(15)

—) /pdB
s —( 50" + 1,6), PdB, > —80,
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rae PdB;, — momuocTs (1b) B BEIOpaHHOM (TIpeICKa3aHHOM) KaHaJle CBSI3H.
Bo BTOpOM — Ha OCHOBE BhIpakeHUs (4).

Jnst mepBoro croco6a Bo3HarpaxJaeHust Ha OCHOBe BbIpaxkeHus (14)
Ha puCyHKe 4 mpezacTaBieH TpaduK Uil METOJa TIpajMeHTa CTPaTeruu
(momutukn) mo amroputMy REINFORSE 3aBucmmocTH cymMMapHBIX
(TONHBIX) BO3HATPAXKICHUN M CKOJB3sIIee cpegHee mo omeHkam B 200
KOHTPOJBHBIX TOuYkaX. CHeayeT OTMETHTh, YTO MAaKCHMAaIbHOE IIOJHOE
Bo3Harpaxaenue cocrasiser 30.

OnTumu3anus TPOM3BOAUIACE C MOMOIIBI0 MerToma Adam [22]
co ckopoctb  oOywenuss  0,001; mapameTpel  MeTOIOB  OOy4YeHHS
C MOJKPEIUICHUEM: HadanbHOe 3HaueHHe & = 0,5) KOHEYHOEe 3HaueHHE
€ =0,001; xoapdumment muckontHpoBanus y = 0,7. Ha pucynkax 4-9
UCTONB3yeTcst cokpanienue «CB» — cymMmapHoe Bo3HarpakaeHue, mudpa
nocie MCIT («MCII-1») 0603HauaeT KONUIECTBO CKPBITHIX c10éB B MCIL

B xogme skcnepumentoB ainroput™m REINFORCE nemonctpupyet
CrocoOHOCTh  JOCTHUTaTh ONTHUMANBHOTO  (0e30mMO0YHOT0)  peUICHUsS
B quamna3one ot 10000-12000 smu3omoB o0yuernss. OQHAKO CTOUT OTMETHUTB,
YTO TPACKTOPHA (YHKIMH BO3HATPaKACHHS XapaKTEPH3YeTCs 3aMETHBIMHU
OCHWUAIMSAMH, OCOOCHHO Ha MO3JJHUX ATAnax o0ydeHusl.

Ha pucynke 5 mpencraBmeH rpaduk aiusi MeToJa TpaAnceHTa
MOJIE3HOCTH (LIEHHOCTH) 10 anroputMy SARSA 3aBHCHMOCTH CyMMapHBIX
(ONTHBIX) BO3HATPAXAEHUI U COOTBETCTBYIOIIEE CKOJB3SAIIEe CpeAHee I
crocoba BO3HATPaXKICHHUS Ha OCHOBE BhIpaxkeHus (15).

Anroputm SARSA, neMoHCTpHUpYeT MOCTHKEHHE ONTHMAJIBLHOTO
(6e3omubouHOr0) perrenust B paiione 8000 smu30m0B 00yueHusi. Takas
OTHOCHUTENIBHO  BBICOKas  CKOPOCTh  CXOAWMOCTH 10  CPaBHEHHUIO
REINFORCE, MOJKET OBITH o0BsICHEHa (hyHIaMEeHTaTbHBIMA
ocobennoctsiMu SARSA: mexanu3mom camonactpoiiku (bootstrapping), rae
oOHOBNeHHE Q-3HAUCHWH [UIA TEKyImed mapbl (COCTOSHHE, ACHCTBHE)
3aBUCHT OT OILIGHKH CIIEIYIOUIET0 NEeHCTBHS, BBIOPAHHOTO B COOTBETCTBHHU
CTOH >Ke mMmoNMTHKOW. B wactHOocTH, mpaBmio oOHOBIeHHs SARSA
MoJIpa3yMeBaeT, 4YTO areHT OLEHMBAeT TeKyllee IEHCTBHE Ha OCHOBE
HPEJICKA3AHHOM [EHHOCTU CIEAYIOIEro cocTosHus | aeiicteus Q(s’,a’),
rae a’ BeiGupaeTcs He onTuManbHO (kak B Q-Learning), a mo Tekyuiei,
BO3MOXHO, CIIy4allHOM, IOJIUTHUKE — HAIlpUMEp, Ha PAHHUX JTalax €-KaJHOM
cTpateruu BbIOopa neiicTBuil. C Opyroil CTOPOHBI, HOCTE CHIKEHHS €
JI0 IPaKTUYECKH  HyJIeBbIX  3HaueHMH  (oxono 8000  smm3o710B)
JIOTIIOJIHUTENbHAs OLEHKa LEHHOCTH CIIEAYIOIEro NEHCTBHUS HPHUBOANUT
K OoJiee OBICTPOIl CXOANMOCTH K 0€30IIMO0YHOMY PELICHUIO M CHHKXEHHIO
ocHMUINMKA  rpadka  CyMMapHOTO  BO3HarpaxaeHuss  (KOTOpbIe
00yCIIOBIICHBI HEHYJIEBBIM 3HAUCHHUEM € Ha MTPOTSHKEHUH BCETO O0YUEHHS).
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AHaJIOTHYHOW OCOOEHHOCTHIO OOYCIIOBJIE€Ha W  IOBBIILICHHAS
aucnepcust (PyHKIMM CYMMAapHOTO BO3HArPaKIEHUs, YTO IPEJCTaBICHO
Ha PUCYHKE 4: MOCKOJIbKY OOHOBIICHHUSI OIMPAIOTCS Ha KOPPEIMPOBAHHBIE
00pasipl U3 TPACKTOPH, TeHEPUPYEMBIX TEKYIIEH MOJIUTHKOM, Cily4aliHble
KosieOaHMsl B BEIOOpE AEHCTBUIA (BKJIIOUYas Ciy4aifHbIe IIard Ha Ha4ajlbHBIX
uTepanuii €-)KagHOW CTpaTernd BbIOOpa [NeCTBUI) YCHIMBAIOT IIyM
B OIIEHKaX, IPUBOJIS K O0Jiee BRICOKOI aMIUTUTYE KOIeOaHn! (QyHKITUH.

Ha pucynke 6 nmpencrasieH rpaduk A KOMOMHHPOBAHHOTO METO/Ia
(akTOp-KpHTHKAa C TpeuMyIIecTBOM) 1o amroputMy A2C 3aBHCHMOCTH
CyMMapHbIX (TTOJIHBIX) BO3HArpaXACHUI M COOTBETCTBYIOIIEE CKOJB3SIICE
cpemHee A croco0a BO3HATPAXKACHU Ha OCHOBE BeIpaskeHU (14).

Anmroputm  A2C), HAEMOHCTpHUPYET JOCTHXKEHHE ONTHMAaJbHOTO
(6e3ommbounoro) perrenus okoyno 8000 smu3omoB 00yueHHs. CKOpOCTh
cxoquMocTy aHanornuyHa SARSA, oJHaKo OPOXK/ICHA JPYTUM MEXaHU3MOM.
OHa, B mepByro o4epesib, 00yCJIOBIICHA WCIIOJIb30BaHUEM JBYX HEHPOHHBIX
cereit: MCII-akTopa st anmpokcuMarin monutukd t(a|s) u MCII-xpuTnka
JUIsl OUCHKH (QyHKUIMH 1eHHocTH V(S), KOTopask MpOrHO3UPYET OXHAAEMOE
JMCKOHTUPOBAaHHOE CYMMapHOE BO3HArpakACHHE 110 TEKYIIEMY COCTOSHHIO.
Ha ocHoBe 37011 orienku npousBoantcs 6oinee 3¢ GeKTHBHASI ONTUMHU3AINS 11O
CPaBHEHHMIO C aJTOPUTMAaMH, CTPOSIIUX OICHKH Ha OCHOBE Merona MoHTe-
Kapno. Omgnako, kak OpUTO mMOKa3aHo B pasnene 4, anroputM A2C B 2 pasa
memienHee REINFOCE, crnenoBatensHO, ObICTpast CXOJUMOCTD TI0 3MTU30/1aM
KOMIIEHCUPYETCS BBICOKOM BBIUUCIUTEIBHON CIOXKHOCTBIO KAKAON 3IU30/a.
OTuM XK€ OOBSCHSAETCS HAMMYUHM OOJNbIINX (TI0 AMIUTUTYAE€ W YacTOTe)
OCIWJULILMKA ~ rpaguka CyMMapHOrO  BO3HAIPAXKIEHUS IO CPaBHEHHIO
¢ SARSA, tak kak MCII-KpUTHK Jlake Ha MO3THUX 3M0XaX 00yUYEHHsT MOXKET
MPOM3BO/INTH HEBEPHBIE MPOTHO3bI QyHKIHK 1ieHHOCTH V (S).

AHanmu3 rpaduKoB, NPEACTABICHHBIX HA PUCYHKaxX 3-5, MO3BOJISET
clienaTh BbIBOJ O TOM, 4TO airopuT™Mbl SARSA n A2C nocturaror noaHoro
(6e3ommbovHOTO) TIpencKka3anus CBOOOTHOTO KaHaja B MOJICIBHOM cpejie
3a OJIMHAaKOBOoe (B CpeJHEM) KOJIMYECTBO SHH300B. AJITOPUTM
REINFORCE wHe pmocturaer ypoBHSA TONHOTO (06e30mHO0YHOTO)
npenckasanus. Cielyer OTMETHTh, 4TO TpadUKU CKOJIB3SIIETO CPEIHErOo
MOJTyYeHBI 10 CepUr IKCIEepUMEHTOB (o 10 A Kakaoro airoputMa u
kaxnoi peammzarmuu MCII) u oTpaxaroT oOmmiA Xxapaktep, a He
KOHKPETHYIO pealu3alnio, TPAeKTOpus OOydeHHUs KOTOPOH HOCTATOYHO
CHJIBHO 3aBHCHUT OT Ha4aJIbHOW MHHUIManu3anuu Becos MCII.
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Puc. 6. [TonmHOE BO3HArpaXkJeHNe U CKONIB3sIIIee cpeqaee A anmroputma A2C

Jnst BTOpOro crnocoba BO3HArpakJIeHUsl Ha OCHOBE BbIpakeHHMs (4)
Ha pUCYHKax /-9 mpezacraBieHbl rpaUKi COOTBETCTBEHHO /ISl aITOPUTMOB
REINFORSE, SARSA u A2C 3aBHCHMOCTH CyMMapHBIX (IIOJHBIX)
BO3HArpakACHUI U CKONB3AIIEe CpeHee.
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Puc. 9. [TonHOE BO3HATpaskAEHHE U CKOJB3sIIee cpeaHee s anroputma A2C

W3 cpaBHeHus rpadukoB Ha pucyHKax 7-9 u pucyHkax 4-6 ciexnyer,

YTO BBIOOp KOHKpETHOH (opmanuzanuy (QyHKIMM BO3HArpaxiaeHus (4)
unu (15) He oKka3pIBaeT CYIIECTBEHHOTO BJIHSHHS Ha OOIIYIO CXOJIUMOCTH
paccMmoTpeHHbix anroputMoB SARSA u A2C, omnako ¢yskmus (15)
3HAYUTENBHO yayurraet cxoaumocTs anroputMa REINFORCE.
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Ha pucynke 10 npuBeneHs! rpadMKu cpeJHEr0 BpEMEHH BBIYUCIICHUS
OIHOTO 3MmM30/a B paspese aiaroputmoB u peammsamuid MCII. Cnenyer
OTMETHUTh, YTO BCE IKCIEPHMEHTHI MPOBOAMINCH B OJMHAKOBBIX YCIOBHAX
(3adukcupoBaHa mporpamMMHasi peanu3anusi OWOIMOTEKHW BBIYUCICHHS
IPaJIMCHTOB, ammnapaTHas COCTaBJLIOINAsl M IPOTrpaMMHAs peau3anus
MOJIEITAPYEMOH CPEJIbI).

Ha pucynke 10 BbIcOTa CTONOIa COOTBETCTBYET CPEIHEMY BPEMEHU
BBIYKCIICHUS OJHOTO 3MM307a OOy4YEeHWs; YEpHBIC JUHHUHM — CTaHIAPTHOE
otkioHeHue 30 (99,7% smuzonos). U3 pucynka 9 ciemyeT, 4TO OLIEHKU
npuBenéHHBIE B paszfene 4 MOATBEP)KAAIOTCS — BBIYHCIUTEIBHBIM
skcnepumentom: anroputm REINFORCE sBnsercst Hamboniee OBICTPBIM,
SARSA wmemiennee (B cpeanem) B 1,67 pas, A2C MesieHHee OTHOCUTEIIBHO
REINFORCE (B cpenuem) B 2,10 pa3.

JlpyruMm Ba)XHbIM BBIBOZIOM SIBJISIETCS TOT (akT, uTo (popManm3anuu
¢bynkiun Bo3HarpaxkaeHus (4) wm (15) He oOka3blBaeT 3HAYMTEIHLHOTO
BIMSHMA Ha cxomumocts anroputMoB SARSA u  A2C, oxpHako
¢dopmammzammst  (15) sBisseTcst Oonee YHUBEPCANIbHOW W TOBBIMIACT
a¢p¢extuBHOCTh anroputMa REINFORCE. Takum o6pazom, popmanmszanus
(15) Moxer OBITH pPEKOMEHJOBAaHA KaK OTNpaBHAas TOYKA B PELICHUH
MIPaKTHYECKUX 33124 BEIOOpa cBOOOJHOTO KaHama.

40 - Konuyectso
CKPbIThIX
cnoés MCN

35- 1

- 2

3p- W 3

25-

15 -

10- I

5
0

REINFORCE A2C SARSA
AnropuTtm

Bpems BblMMCneHns 1 anusofa, mMc
[
[=]

Puc. 10. 3aBHCHMOCTB CpeAHET0 CyMMapHOTO BO3HATPAXICHUS OT BPEMEHI

Ha pucynke 11 npuBenén cBoanslii rpaduk Ui 00y4eHHs areHTOB
anropurmoM REINFORECE aist N € [3,100]. Bce BHyTpeHHHE apaMeTphl
cpeabl M areHTOB (DUKCHPOBAHbI (YHCICHHBIE 3HAYCHUsS COBIAIAIOT
CO 3HAYCHUSIMHU, NPUBEAEHHBIME B Hadaye paszgena 5 mis N = 3). s
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Kaxmoro N BBIOMpaeTCs YHCIO BPEeMEHHBIX MHTepBaioB Kak T = N X 10,
TakuM 00pa3oM, I feTaabHO paccMoTpeHHoro cirydast N = 3: T = 30, s
N =100:T = 1000 u T.1.

600 - —— WHTepnonauws, cpenHee
B WHTepnonauuWA, cTaHAapTHoe oTKNoHeHue (STD)
§  OKCnepuMeHTanbHbie TOHKK

wv
o
o

400 -

L]
=]
o

Bpems Bel4McneHnA 1 ann3opa, Mc
= w
o (=]
o (=]

3 13 24 35 46 56 67 78 89 100
Konuyectso kaHanos (N)

Puc. 11. Coanbiii rpaduk o6yuenus arentos ais N € [3,100]

CrietyeT OTMETHUTH, YTO BpeMsl pacTéT mpubnusurensHo kak O (N),
OJIHAKO, TOJ00HAs TEHIEHIMUS JOJDKHA OBITH HCCIIeloBaHAa B 00JIACTIX
oompmx (N > 103), Tak kak BEPOSITHO, YBEIUYEHHUE CIIO)KHOCTU U3MEHUT
cBo¢ moBeneHue. [lomoOHoe HccienoBaHHE — IIEJIECOO0Opa3HO  MpHU
MIPAKTUYECKON 3aMHTEPECOBAHHOCTH B arcHTax, pabOTAOMIMX C THICSYaMHU
kananmoB. C Jpyrol CTOpOHBI, AN paccMaTpUBAEMOW MOJETH Cpeibl
obecrieuynBaeTcsl ycTOMIMBOE 00yUeHHe areHTa 10 0e30IIMO0YHOTO PEIICHIUS
B PacCMOTPEHHOM JHalra3oHe KaHAIOB. TakuM oOpa3oM, MOXKHO CHENaTh
BBIBOJ O J0CTaTo4Ho 3(dekTuBHOM 0000mCHAN peUIeHUs 3aJadd
Ha OoJbIlIee YUCIIO KaHAJIOB, TIPH y4YETE COXpPAHECHHUS MapaMETPOB MOJIEIH
CpeIBL.

6. 3akmiouenne. Takum oOpazoMm, [UIS  peIICHUS  3agadu
(dhopMupoBaHHs MPOTHO3a PabOYMX YAaCTOT W TOJOC YaCTOTHOW oOiacTu
PEIIOKECH METOJA JId CHUCTEMbI KOTHUTHBHOTO paauvo, 633pr}01]_[HfICSI
Ha TITyO0KOM o0y4ueHnn c MTOJIKPETIICHUEM. [IpennosxeHHbII
KOHCprKTHBHBIﬁ METOQ IIO3BOJISICT OLICHUTH pa60tme YaCTOThI
1 COOTBETCTBYIOIIYIO INHPHUHY IOJOCHI YaCTOT IPHU 3aJaHHBIX YCJIIOBUAX
U OTPAaHWYCHHSX. YUHUTHIBaS TCOPETUYCCKUE OICHKH BBIYHCIUTEIFHON
CJI0)KHOCTH, TIOJTyYeHHBIC B pa3jeie 4 W aHaIM3Upys OTHOIICHHS BPEMECHHU
CXOAMMOCTH QITOPUTMOB 1O OE30MIMO0YHOTO PEIICHUS MOXHO CIENAaTh
BEIBOJ] O COIIACOBAHHOCTH TCOPETUYECKUX H OIKCIECPUMEHTAIbHBIX
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pe3ynpTatoB. llenplo  AanmpHEWINMX — HMCCICJOBAaHUI  IEIecO00pa3HO
OTPE/ICTUTh AHAIH3 OLICHKU 3()(HEKTUBHOCTH BKITIOUCHUS NOTOJHUTEIBHON
anpUOPHOI WHGOPMAIIMU B MATPUILYy COCTOSHUI Cpelbl U BHIOOP (QYHKIUH
BO3HArpaKJAeHus [l PELICHUs KOHKPETHBIX HAay4YHO-TIPUKIAAHBIX 3aaad
KOTHUTHUBHOTO Pajiuo.

Jlutepartypa

1. Tour B., Uxy II. Cetm 6G. Ilyte or 5G k 6G mmazamu pa3pabOTUHKOB.
OT MOOKIIIOYEHHBIX JIIOAed M Belled K MOAKIIOYCHHOMY HHTeUekTy // M.:
JIMK TIlpecc. 2022. 624 c.

2. Fette B.-A. Cognitive Radio Technology // Elsevier. 2006. 622 p.

3. Komammnckuit B.W., Cmuphos J[.A. HelipoHHbIE C€TH U X NPUMEHEHHE B CHCTEMaX
ympasnenus u csi3u / M.: Topsiaast muaus—Tenexom. 2003. 93 c.

4. Tonyounckuit A.H., Tomcteix A.A. I'mOpumHBIi MeTOx OOY4YEHHS CBEPTOYHBIX

HeiipoHHbIX cetelt / Mudopmaruka u aBromarmsanms. 2021. T. 20. Ne 2. C. 463-490.
DOI: 10.15622/ia.2021.20.2.8.

5. Wu C., Chowdhury K.-R., Di Felice M., Meleis M. Spectrum Management of Cognitive
Radio Using Multi-Agent Reinforcement Learning // 9th International Conference on
Autonomous Agents and Multiagent Systems. 2010. vol. 1-3. pp. 1705-1712.
DOI: 10.1145/1838194.1838199.

6. Kiran U., Kumar P.-D., Reddy R.-K., Ranjith M. Efficient Exploration
for Reinforcement Learning Based Distributed Spectrum Sharing in Cognitive Radio
System // International Journal of Advanced Research in Electrical, Electronics
and Instrumentation Engineering. 2013. vol. 2. no. 11. pp. 5596-5604.

7. Yau K.-L.-A., Poh G.-S., Chien S.-F., Al-Rawil H.-A.-A. Application
of Reinforcement Learning in Cognitive Radio Networks: Models and Algorithms //
The Scientific World Journal. 2014. vol. 1. pp. 1-23. DOI: 10.1155/2014/209810.

8. Abolarinwa J.-A., Latiff A.-N.-M. Channel Decision in Cognitive Radio Enabled
Sensor Networks A Reinforcement Learning Approach // International Journal
of Engineering and Technology (IJET). 2015. vol. 7. no. 4. pp. 1394-1404.

9. Raj V., Dias I., Tholeti T., Kalyani S. Spectrum Access In Cognitive Radio Using A
Two Stage Reinforcement Learning Approach // IEEE. 2018. vol. 12. no. 1. pp. 20-34.
DOI: 10.1109/JSTSP.2018.2798920.

10. Tubachi S., Venkatesan M., Kulkarni A.-V., et al. Predictive learning model for
Cognitive Radio using Reinforcement Learning // IEEE International Conference on
Power, Control, Signals and Instrumentation Engineering (ICPCSI). 2017. pp. 564-567.
DOI: 10.1109/ICPCSI.2017.8391775.

11. Jang S.-J., Han C.-H., Lee K.-E., et al. Reinforcement learning-based dynamic band and
channel selection in cognitive radio ad-hoc networks // J Wireless Com Network. 2019.
vol. 2019. pp. 1-25. DOI: 10.1186/513638-019-1433-1.

12. Singhal C., Thanikaiselvan V. Cross Layering Using Reinforcement Learning In
Cognitive Radio-Based Industrial Internet Of Ad-Hoc // International Journal
of Computer Networks & Communications (IJCNC). 2022. vol. 14. no. 4. pp. 1-17.
DOI: 10.5121/ijcnc.2022.14401.

13. Talekar S., Banait S., Patil M. Improved Q-Reinforcement Learning Based Optimal
Channel Selection In Cognitive Radio Networks // International Journal of Computer
Networks & Communications (IJCNC). 2023. vol. 15. no. 3. pp. 1-14.
DOI: 10.5121/ijenc.2023.15301.

14. Rosen D., Rochez I., Mclrvin C., Lee J., D’Alessandro K., Wiecek M., et al. RFRL
Gym_A Reinforcement Learning Testbed for Cognitive Radio Applications //

318 WNudopmarnka u aBromarusamus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

15.

16.

17.

18.

19.

20.

21.

22.

International Conference on Machine Learning and Applications (ICMLA). 2023.
pp. 279-286. DOI: 10.1109/ICMLA58977.2023.00046.

Otuer (Cektopa cBsi3m MexIyHapOAHOTO coro3a anekTpocBszn) MCD-R SM.2152
(09/2009) «OnpeeneHust CHCTEMbI PAJAHOCBA3H C IPOrPAMMHUPYEMBIMHU MTapaMeTPaMu
(SDR) u cucrems! korHUTUBHOTO paguo (CRS)».

Chitnavis S., Kwasinski A. Cross Layer Routing in Cognitive Radio Network Using
Deep Reinforcement Learning // IEEE Wireless Communications and Networking
Conference (WCNC). 2019. pp. 1-13. DOI: 10.1109/WCNC.2019.8885918.

Obite F., Usman A.-D., Okafor E. An overview of deep reinforcement learning for
spectrum sensing in cognitive radio networks // Digital Signal Processing. 2021.
vol. 113. pp. 1-18. DOI: 10.1016/j.dsp.2021.103014.

Tondwalkar A., Kwasinski A. Deep Reinforcement Learning for Distributed and
Uncoordinated Cognitive Radios Resource Allocation. 2022. pp. 1-13. arXiv:
2205.13944v1.

Carron P. C., Bapro D. . O0y4enue ¢ noakperieanem / M.: IMK IIpecc. 2020.
552c.

I'peccep JI., Kenr B.JI. T'nyGokoe o0ydeHHe ¢ MOAKPEIUICHHEM: TEOPUS M MpPaKTHKa
Ha si3b1ke Python // CII6.: ITutep. 2022. 416 c.

Wang H., Yu Y. Exploring Multi-Action Relationship in Reinforcement Learning //
Springer, Cham. 2016. pp. 1-13. DOI: 10.1007/978-3-319-42911-3 48.

Kingma D., Ba J. Adam: A Method for Stochastic Optimization. // CoRR. 2014.
T. abs/1412.6980.

ToscThIX AHApeli AHApeeBHY — KaHJ. TeXH. HayK, HHKeHep-porpammuct, OO0 «PTK».
OO0nacTh HAy4HBIX MHTEPECOB: MCKYCCTBEHHBIC HEHPOHHbBIC CETH, MAIIMHHOE OOyuYeHHE,
obyuenne ¢ moakperuieHneM. Yucino HaydHeix myOnmkanmii — 65. tolstykh.aa@yandex.ru;
npocnekT BeicokoBonbTHBIH, 1, 127566, MockBa, Poccus.

TonyOunckuii Anpapeii HukonaeBM4 — J1-p TeXH. HayK, JOLEHT, HAayaJbHUK OTJENA,
Poccwuiickuit mayunsii ¢ong (PH®). O6nacte HaydHBIX HMHTEpPECOB: MalIMHHOE OOydYeHHE,
HelpoceTeBoe MOJIEITHPOBAHHE, ABTOMATH3HPOBAHHBIE CHUCTEMBI YNPABJICHHSA C DJIEMEHTaMH
MCKYCCTBEHHOTO MHTEIIIEKTa, 00paboTKa pedeBbIX CHTHANIOB. UNCII0 HAyYHBIX IyONMKammii —
250. annikgol@mail.ru; ynuma Consaka, 14, 109240, Mocksa, Pocenst; p.t.: +7 (910) 346-6537.

Informatics and Automation. 2026. Vol. 25 No. 2. ISSN 2713-3192 (print) 319
ISSN 2713-3206 (online) www.ia.spcras.ru



WCKYCCTBEHHbBI MHTEJIJIEKT, UHXEHEPUS JJAHHBIX U 3HAHUI

DOI 10.15622/ia.25.2.2

A. TOLSTYKH, A. GOLUBINSKIY
DATA MINING BASED ON DEEP REINFORCEMENT LEARNING
FOR PREDICTION OF OPERATING FREQUENCIES AND BANDS
IN A COGNITIVE RADIO SYSTEM

Tolstykh A., Golubinskiy A. Data Mining Based on Deep Reinforcement Learning for
Prediction of Operating Frequencies and Bands in a Cognitive Radio System.

Abstract. The paper proposes a method for solving the problem of choosing a
communication channel in cognitive radio based on information about the current state of all
available communication channels using the mathematical apparatus of reinforcement learning.
The method consists in formalizing the problem of choosing communication channels in terms
of "environment-agent" and training agents using the REINFORCE, SARSA and A2C
algorithms. The calculation of memory costs for solving the problem of selecting communication
channels using classical methods is given. The memory estimate is 4x2%" bytes for a random
state of channels (busy/free) and 4xn? bytes for one free channel at each step when solving the
problem using the tabular Q-learning algorithm. Two different formalizations of the reward for
the agent within the framework of the problem being solved using reinforcement learning are
presented — for the trivial case (binary availability/unavailability of the frequency channel) and
for a more complex case considering the power (in dB) in the selected communication channel.
The restriction on the first formalization is that at each iteration there should be only one free
communication channel out of all available channels. The second proposed formalization of the
reward function does not impose such restrictions and is more universal. Computational
experiments are presented for the corresponding formalizations of the reward function. Agents
are trained using the SARSA and A2C algorithms. On average, error-free solutions are achieved
after 8,000 training episodes for the corresponding formalizations of training in a model problem
for various agent implementations. The REINFORCE algorithm does not provide error-free
solutions, but reward formulation takes into account the improved training efficiency of the
REINFORCE algorithm. Theoretical estimates of the computational complexity of the
considered methods are provided, which are consistent with the computational experiments.

Keywords: cognitive radio, reinforcement learning, deep learning, artificial neural network,
multilayer perceptron, reward function, software-defined radio, synthetic data, augmentation,
artificial intelligence.
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A.C. MUPOHOB, A.A. CAEHKO, E.C. DOMIHA
PA3PABOTKA APXUTEKTYPBI IU®GPOBOI'O JBOMHUKA
3KOCHUCTEMbBI BOJHOI'O OBBEKTA 1151 COXPAHEHUS

SKOJOTMYECKON YCTOMYNBOCTH

Muponos A.C., Caenxo A.A., @omuna E.C. PazpaboTka apxuTeKTYpbl HH(PPOBOIo 1BOHHUKA
IKOCHCTEMBbI BOJHOI0 00bEKTA /ISl COXPAHEHH IKOJOTHYECKOii ycToiiunBOCTH.

AnHoTanus. Llensio paGoTsl sBIsieTCs: pa3paboTKa apXUTEKTYpPhl LH(PPOBOro JBOMHHKA
9KOCHCTEMBI BOIHOTO OOBEKTa IS 00ecHedeHHs DKOJIOTHYECKOH YCTOHYMBOCTH, BKIIOUAst
MOHHTOPHHI, HPOTHO3UPOBAHHE W YIPABICHHE BOAHBIMH pPECypcaMH B  YCIOBHSX
AQHTPOIIONeHHOTO BO3JCHCTBHMSA W KIMMAaTHYECKUX H3MeHeHHil. B pabore mnpemioxkena
MOAyJbHAs apXUTEKTypa HHGPOBOTO ABOWHUKA, BKIIOYAIONIAs MOAYIb cOOpa M CIMSHUS
MYJIBTUMOJANBHEIX JAAaHHBIX, IU(PPOBBIE MOJENN YKOCUCTEMBI, KCIIEPTHYIO CHCTEMY, MOIYIIb
peryJaupoBaHUs HOPMAaTHBHO-NIPAaBOBOH 0as3bl, TIeOMH(POPMALMOHHYIO CHCTEMY, MOXYIb
rpa)M4ecKoro IpeACTaBICHHs AAHHBIX. APXHTEKTypa OCHOBaHA HAa HHTErpallld IAaHHBIX C
CEHCOPOB, CIIyTHHKOB, METCOCTAHIUH M CHCTEM [HCTaHIIMOHHOTO 3OHAUPOBAHHS, C
MPUMEHEHHEM MOJeJed MallMHHOTO OOy4YeHHs M OOJBIIMX S3BIKOBBIX MOJENEH JUlsl aHaIn3a
HOPMAaTHBHOM [JOKyMeHTanuu. PaspaboTana apxurekTypa HH(POBOTO ABOHHHKA BOJHOTO
00beKTa, IO3BOISIONIAS B pEalbHOM BPEMEHU OTCIEKHBATh MapaMeTpPhl JKOCHCTEMEL,
OLICHUBATh COOTBETCTBHE HOPMATUBaM, GOPMHUPOBATH OTYETHI M PEKOMEHIALNH JUIS CYOBEKTOB
IIPHPOJIONONB30BAHNS W OPTaHOB yIpaBieHUs. IIpoBemeHo TecTupoBaHHE d(P(OEKTUBHOCTU
Pa3NIUYHBIX MOJeNeil 00pabOTKH MPABOBEIX TEKCTOB, BHISIBICHBI ONTHMAIIBHBIC IIOJXOABI K HX
ceMaHTHYeckoMy aHanu3y. OG0CHOBaHAa BO3MOXKHOCTh MHTETpAldH LU(POBOro JBOWHHKA B
CHCTEMY TOCYIapCTBEHHOTO PEryIHpOBaHUS IPUPOAHEIX pecypcoB. [IpemioxkenHas apTopamMu
apXUTeKTypa LU(POBOrO NBOWHUKA IIPEACTaBIIeT COO0O0H KOMIUIEKCHBIH HHCTPYMEHT
YCTOHYMBOrO YIpaBJICHHS BOMHBIMH pecypcaMi, OOECHECUMBAIONIMI MPOrHO3HUPOBAHKE
COCTOSIHHS BOJHBIX O0OBEKTOB, CBOEBPEMEHHOE BBIABICHHE PHUCKOB U (POPMHPOBAHHE HAYIHO
00OCHOBAHHBIX YIPABICHICCKUX PEUICHUH, CIIOCOOCTBYS CHIIKCHUIO SKOJIOTHYECKHX YIPo3 U
COXPaHEHHUIO BOIHBIX PECYPCOB.

KioueBble ¢10Ba: nu(POBOi IBOIHIK, BOJHBIE PECYPCHI, JKOCHCTEMA BOTHOTO O0BEKTA,
yIIpaBIeHHE IPHPOIHEIMH PECYPCaMH, SKCIIEPTHAS CHCTEMA.

1. Beenenue. [IpupomHbie SKOCHCTEMBI M OKpYJKAarommias cpena BO
BCEM MHpPE HCIHBITHIBAIOT CYIIECTBEHHOE JaBJIeHHE H3-32 KOMIUIEKCa
FHO6aJ'II>HBIX " JIOKAJIbHBIX q)aKTOpOB: N3MCHCHUA KIIMMaTa, poCT HACCIICHUAA,
ypOaHu3anus, 3arpsisHEHUE U HEPalMOHAJIbHOE HCIIOJIb30BaHHE PUPOTHBIX
pecypcoB [1]. BomHble 00BEKTBI HrpaloT (yHAAMEHTAJIbHYIO pOJIb
B TIO/IJICP)KAHUM  KJIMMaTHYecKoro OayaHca, THMAPOJIOTMYECKOro IHUKIIA
U 3/10pOBbs YEJIOBEKa, OJHAKO OHM ITOJBEP)KEHBI OBICTPOH JIerpafaliiy 1Mo
BO3/ICHCTBUEM aHTPOIIOTECHHBIX (PAaKTOPOB.

[Ipumepsl W3 pa3HBIX PETrHMOHOB MHpa WILIIOCTPUPYIOT MaciiTal
1 pa3HOOOpa3ue BHI30BOB, C KOTOPHIMH CTAJIKUBAIOTCS BOAHBIE 00BEKTHI. Tak,
B Kurae B ceBepo-3amagHom oazrce MUHBLINHB [2] OTMEUaeTCss KpUTHYECKOE
CHIDKEHHE YPOBHS IPYHTOBBIX BOJI 1 IETPAAAIHS 3KOCHCTEM, YTO HETATHBHO
CKa3blBAaCTCS HA  COLMAIBHO-3KOJIOTHYECKHX  CHCTEMax  pETHOHA.
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Peanu3oBaHHbIe MepbI 110 KOMIUIEKCHOMY YIIPABJICHUIO 0acCeHHOM peKu
usa npuBenu K cradwin3alyd YpOBHS T'PYHTOBBIX BOJ M YaCTHYHOMY
BOCCTaHOBJICHUIO DKOJIOTMH, OJJHAKO COXpPaHEHHE DJKOCHUCTEM Tpedyer
MIPOJIOJDKUTEIBHON — aalTHBHOW CTpaTerMd ¢ y4€TOM BHYTPEHHHUX
PETHOHANBLHBIX OCOOCHHOCTEH. AHAIOTMYHBIE NPOOIEeMBI HAOIIOAAIOTCS
Bo3epe Mmyn [3], koTopoe 3a moOCHemHHE MIECATHICTHS WCIBITAIO
3HAUYNTEIHHOE COKpAICHWE IUIOMIAIH, BBI3BAHHOE MEINOPATUBHBIMU
paboTamMy W W3MEHEHHSAMH B 3emilernionb3oBaHMM. bacceitH pexn XyaHXd
CTAJIKHMBACTCA C CEPHbE3HBIMH JKOJIOTHYECKHMMHU IpoOiIeMaMH, BKIOUYast
JIeHUINUT BOABI, SPO3HIO MOYB, CHIDKCHHE OMopa3zHoo0pas3ws U Aerpagamnnio
BOJHBIX H JICCHBIX J3KOCHCTEM, 4YTO ycyry6n$[eTCH AHTPOIIOT€HHBIMU
U KIIMMAaTHU4Y€CKUMU BO3HCﬁCTBHﬂMH. HOI[O6HI)IC BBI3OBEI TakK XKE
¢duKcupyroTcs U B OacceliHe peku XYHI3SH, I/ie HAOII0aeTCsl yXyALIeHUE
Ka4yecTBa BOJbI, yTpaTa OMOpa3sHOOOpasHs M yCWJIEHHE SPO3UH II0YB, YTO
yCcyryoisieTcss MpOMBINUICHHBIM U OBITOBBIM 3arpsi3HEHHEM, a TakKe
Jerpajanuedl JecHeIX cooOmecTB. KommiekcHsle TpHpOIOOXpaHHBIE
MIPOEKTHI, BKITIOYAIONINE YIIyYIIEHHE OYNCTKH CTOYHBIX BOJ W YBEIWYEHHE
JECHBIX  IIIOMAJAeH,  JEeMOHCTPUPYIOT  TOJOXHTENbHBIH 3¢ QeKT,
TIPUBO/SIIIUHA K BOCCTAHOBJICHHIO SKOCHCTEM.

Oco0eHHO BakHA 3HAYAMOCTH THAPOJOTMYECKOTO pPEXKHUMa Kak
KIIFOUEBOTO  (pakTOpa yCTOWYMBOCTH OIKOCHCTEM BOJIHBIX OOBEKTOB.
B Gaccetine pexu Amyp [4], Ha Tepputopun Poccun u Kuras, Habmrogaercs
COKpal€HNE BOAHBIX HOBerHOCTeﬁ )51 BO}IHOf/'I PACTUTCIIBHOCTHU BCJICACTBUC
KIIMMaTUYECKUX H3MEHEHHMH W aHTPOIIOTEHHOro Bo3zacicTBus. B o3epe
[Haoxait mpoBuHimu ['ylwkoy peskue KosieOaHHMs YPOBHS BOJBI, a HE
9BTpo(dUKaIHMs,  BBI3BAJIM  MaccoBO€  BBIMHUpAaHHE  IOTPYKEHHON
pPacTUTENBHOCTH, YTO IOMYEPKHBAET HEOOXOAUMOCTb peryJHpOBaHHs
ruznponorudeckoro pexxuma [5]. Ozepo Taiixy B npoBunnuu L3guacy cTamo
00BEKTOM MacmITaOHOM BCHBIIIKM [BETEHUS BOJABL, YTO IPHBEINO
K CEpbE3HBIM DJKOJIOTMYECKUM YIpo3aM M 3acTaBWIO BIIACTH NPHUHATH
CHCTEMHBIE MEpBI II0 YJYYIICHHIO KadecTBa BOJBI M BOCCTAHOBJICHHIO
TIPUPOTHBIX IKOocHcTeM [6]. OauH 13 HanboIIee MOKa3aTeIbHBIX IPAMEPOB —
o3epo baiisHnsHb, KpymHeEHIee METKOBOJAHOE o03epo ceBepa Kuras [7].
IMocnme co3manust B 2017 romy HoBoro paiioHa CroHbaHb ObUIH
MHHULUMPOBAHbI MAaCIITaOHBIE MEPONPUATHSA MO BOCCTAHOBICHUIO BOAHON
cpensl o3epa. Tompko B 2023 rTomy yAajsoch HaOIIOIANOCh pE3Koe
yBEeJIMYEHWE OHWoMacchl NOIPYyXEHHbIX MakpopurtoB B 4,2 pasa
no cpaBHeHuto ¢ 2018 rTOAOM, UYTO CBHUIETENLCTBYET O MEPEXojie
OT JIOMMHHMPOBaHUSI BoJOpocied K MakpoduTHOMy pexumy. Iloctpoenue
MTUILEBOM ceTH ¢ nucnosbzoBanreM mozenu Ecopath ¢ Ecosim noarsepanino
MIePeCTPOKY TpopHUIECKNX CBsA3Ei M yBEINYEHHE YCTOWYNBOCTH CHCTEMBI.
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OCHOBHBIMH q)aKTOpaMl/I BOCCTAHOBJICHUA CTaJld CHWXXCHUC Harpy3Ku
MTUTaTEIbHBIMU BEILIECTBAMH, THIPOJIOTHYECKast peryIsus
1 OMOJIOTMYECcKOe yIpaBIIeHHUE.

B eBpormeiickux crpaHax Takke 3a()MKCHPOBaHbI MHO>KECTBEHHBIC
Cllyyad Jerpajallii M BOCCTAHOBIICHHMS BOJHBIX dKOcHcTeM. B Oacceline
pexn  @wuifoc oTMedaeTcsl BBICOKAas BEPOSTHOCTh KaTacTPOPHUECKUX
HaBOJHEHWH BCIICICTBHE M3MEHCHMS KIMMaTa M SKCTPEMAIBHBIX OCAJKOB,
YTO TpeOyeT pa3BUTHS CHUCTEM PAHHETO MPEXYNpPEXICHUS, WHKCHEPHOU
HHOPPACTPYKTYPHl M TIPOCBETUTEIBCKOW paboThl s HacemeHus [8].
B Ilonpme o03€pa DNOABEPIIUCH 3HAYUTENBHOM  JAerpajaluu  U3-3a
NOCTYIUICHUS] HEOYHMIICHHBIX CTOYHBIX BOJ, HapyIIMBIIMX Oy(epHble
cBOMcTBAa M XuUMHUeckuil coctaB [9]. BoccraHoBieHHE ¢ IpUMEHEHHEM
METOJ/IOB TIOCJIE/IOBATENIFHOTO KOAryJIMPOBAaHUs W CBsI3bIBaHHA (ocdopa
CIIOCOOCTBOBAJIO CHIDKEHHUIO BTPOGHKALNK H YIIYUIICHUIO Ka4eCTBa BOJIBI,
YTO ITOJYEPKHBAET BAXXHOCTh KOMIUIEKCHBIX TEXHOJOTMYECKUX MOAXO0B
1 TONITOCPOYHOTO MOHHMTOPHHTA IJISl YCTOMYMBOTO YIPAaBJICHUS BOJHBIMU
9KOCHUCTEMAMH.

OcoOeHHO WHTEpeceH Cilydail eCTEeCTBEHHOTO 3a00iauMBaHUs
OCYIIEHHBIX BOAHO-OOJIOTHBIX Yroawi B paifoHe OIBIITHIHCKOTO o03epa
B [lompemre [10], rae B XIX Beke MPOBOIWINCH MAacCIITaOHBIC NpEHa)KHBIC
pabotsl, ucuesino 6onee 140 03ép obmelt miomansio okono 3000 ra. OgHako
BOCCTaHOBJICHHE paHee OCYIIEHHbIX 036p OCTaércsi HEJOCTATOYHO
N3Yy4YCHHBIM.

CoBpeMeHHbIE HaOII0IeHUs buKCHpYIOT ITOCTENICHHOE
BOCCTaHOBJICHUE YaCTH 3TUX BOJIOEMOB, B OCHOBHOM 3a CYET €CTECTBEHHBIX
niporieccoB. TeM He MeHee, Ka4eCTBO BO/IbI M TPOGUUECKHI CTaTyC OCTAIOTCS
HecTaOWNIBHBIMM:  TIOBBIIEHHOE conepxkanHue ¢ochopa dukcupyercs
B BOCCTAHOBJICHHBIX 03&pax 1 00JI0Tax, a OTCYTCTBUE CHCTEMHBIX IIPOTPaMM
BOCCTaHOBIICHHSI  JeflaeT  JajbHEHIIMH  Tporpecc 3aBUCHMBIM
OT KJIIMMaTHYECKHUX YCIIOBHUI.

I'mobanbHO 3BTpOdUKANNSA OCTAETCS OTHON U3 TIIABHBIX IPOOIIEM IS
MIPECHBIX BOA, BBI3bIBAs IIBETEHHE BOJIOPOCIHEH, ASHUINT KHUCIOPOAA,
CHIDKECHHE  OuopasHooOpasust W yrposel  mias  3m0poBbst  [11].
3BTpO(1)I/ILII/IpOBaHHI)Ie OCaJIK CTAaHOBATCA UCTOYHUKAMU MMAPHUKOBBIX I'a30B,
ycyryOusisi  kimMaruueckue  u3MeHeHus. COBpeMEHHbIE MeEphl IO
BOCCTAHOBJICHHIO BOJOEMOB BKJIIOYAIOT CHIYKEHUE BHELIHETO TOCTYIIICHHS
MUATATCJIbHBIX BCUICCTB W BHYTPCHHHUE BMCHIATC/IBCTBA — YAAJICHUC
6HOMaCCI)I N JOHHBIX OTJIOKEHHI C HCHOJL30BAHUEM HX B CEIHLCKOM
XO3MHCTBE M DHEPreTHKe, YTO CIOCOOCTBYET IEpexony K 3aMKHYTOH
9KOHOMHKe. [IpHMepoM yCHEemIHOro TEXHOJIOTHYECKOro BMENIATEeNILCTBA
SIBJISIETCSL MCIIOJIb30BaHHE MOJU(DUIIMPOBAHHOTO OCHTOHUTA C JIAHTAHOM
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(LMB) B o3epe bepenzee (I'epmanusi), mO3BOJHUBILETO CTAOWMIIM3UPOBATH
¢dochop B MOHHBIX OTJIOXKEHHSX U CHU3UTH OHOIPOIYKTUBHOCTS,
MpeIoTBpaIas MacCoOBOE IBETCHHE IMaHoOaKTepuii [12].

IToxoxwuit cnyuaii HaOmromancs B o3epe Dempabeprep Xaycse
(CeBepo-Bocrounas ['epmanmst), Tae AIUTETBHBIA MPOIIECC BOCCTAHOBIICHUS
TIoCIIe TIpeKpamnieHus copoca crouHbIX Box B 1980-x 3aBepumics mepexonom
K Me30TpopHOMY cocTosHHIO Juib K 2015 romy, 4eMy ciocoOCTBOBAIH KakK
MIPUPOJHBIE TIPOIECCH, TaK W OWOMAHMITYJISIIMH, BKIIOYas OCAXKICHHE
¢docdopa u perynupoBanue 3001taHkToHa [13].

Takum o00pa3oM, MEXKAYHAPOTHBIA ONBIT TIOKa3bIBaeT, HYTO
COXpaHEHHE M BOCCTAHOBIICHHE BOJIHBIX DKOCHCTEM TPEOYIOT KOMIUIEKCHBIX,
pETHOHANIbHO ~ Q/IaITUPOBAHHBIX ~ CTPATETHH, COYETAIOIMX  HAyYHBIH
MOHHUTOPHUHT, TEXHOJOTHYECKHE WHHOBAaLUH, >(PPEKTUBHOE YIpaBlICHHUE
pecypcaMu W BOBJICUCHHE MECTHOTO HacelleHWs. Baxna WHTerpanus
MIPUPOJTHBIX, COLHATbHO-3KOHOMHYECKNX U YIPABIEHYECKHX (haKTOPOB LIS
obecrieueHnsT  JKOJOTMYECKOW  YCTOWYMBOCTH  BOJHBIX  PECYpCOB
Y TIOBBIIICHHS KaueCTBA KU3HN HACEICHUSI.

B 3THX yCcnOBHSX aBTOPHI CYHTAIOT, YTO LU(POBHIE IBOHHHUKU
BOJIHBIX 3KOCHCTEM MOTYT CTaTh 3((EKTUBHBIM HHCTPYMEHTOM COXPAHEHHUS
1 YIPaBIICHNS BOAHBIMHU PECYPCAMH.

B Hacrosmmee BpeMst NpIMEHEHHE KOHIETINH IH(POBBIX IBOHHUKOB
B paMKaXx IMPHUPOIHBIX IKOJIOTHYECKUX M SKOCUCTEM HaOKpaeT NOMyJISIPHOCTh
B mupe [14 —16]. Hanpumep, npeanaraercst co3faHue HHQPACTPYKTYPbI
NPOCTPAHCTBEHHBIX IAHHBIX JUIS HU(PPOBOTO TBOWHHUKA JIECHON 3KOCHCTEMBI.
udposoii aBoitnuk EcoPro mnpennasHadyeH it NPOrHO3MPOBAHUS
COCTOSIHUS SKOCHCTEM oJ BO3JIeiicTBIEM KJIMMaTH4YeCKUX
1 aHTPOIIOTEHHBIX (aKTOPOB, MpepocTaBisisi Aoctyn K Mozaenu «Earth
System Model».

Hudposoit nBoiiHuk oObekra (II/I) — cucrema, cocrosmas u3
nuQpoBoii Mozenu 00BEKTAa W BYCTOPOHHHX HWH(OPMAIMOHHBIX CBS3eH
¢ 00beKTOM (TIpM HAJIMYUH U3ENHs) U (MIIH) €r0 COCTABHBIMHU YaCTSIMH.

Hudposbie aBOMHNMKM (QYHKIMOHUPYIOT B PEXHME pPEaTbHOTO
BPEMEHM NapajlieNIbHO € MX (U3MYECKUMH OpUTHHanIaMH, oOecrieunBast
MOHHUTOPHHT ~ COCTOSIHHMS, AQHalIW3 W3MEHEHMH ¥ IPOTHO3MPOBAHUE
MIOCIIEACTBUHA PAa3IMYHBIX CLEHapHeB. OJTO O00ECIeYnBAcT BO3MOXKHOCTh
ONTHUMU3AIIMM PEKUMOB OKCIUTyaTallMd BOJIHBIX PECYpCOB C YYETOM
9KOJIOTMYECKUX OI'pPAaHMYEHUH PErHOHANBHOTO, (peaepasbHOr0 U MUPOBOTO
MacuTaboB, 4YTO 0COOEHHO BaYKHO B YCJIOBHSIX M3MEHEHUs KIIMMaTa U pocTa
AHTPOIIOreHHOW Harpy3ku. B oTimume OT TpaguIMOHHOTO LU(BPOBOTO
MO/IENTMPOBAHMSI, KOHLIEIINS U(PPOBBIX JBOHHNUKOB IpeIIoaraeT HaJuure
JMHAMHYECKOH CBS3M C OOBEKTOM, IOCTOSIHHYIO aKTyaJH3allHIo JaHHbBIX
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Y BO3MOXKHOCTh HCIIOJIb30BaHUSI PE3YJIbTATOB aHaU3a Ul YIpaBIICHHUS.
[MpenmymectBa 1uQPOBBIX MoOxENEH 3aKIIOYAIOTCS B TOM, YTO OHH
TIO3BOJISIIOT JIeJIaTh MPEJCKa3aHusi U CPABHUBATH UX C PEabHBIMH JaHHBIMH.
OnHako Takue MOJENHM YYWTBHIBAIOT JIMIIb YacTh (PAaKTOPOB, a CIOXKHOCTD
9KCIIOHEHIMAIBGHO BO3PACTaeT ¢ YBEJIMYEHHEM YHcia IepeMeHHbIX. Kpome
TOT0, HEJJOCTATKaMH SIBJISTIOTCSI OTCYTCTBHE CBS3U C (PU3MUECKHM OOBEKTOM
B peaJbHOM BPEMEHHM M HEBO3MOXKHOCTH ympasieHus uM. Ha pucynke 1
mpencTaBieHa 0000mEHHAS cxemMa (QYHKIIMOHHUPOBAaHHUA IU(PPOBOTO
JBOVHUKA.

YnpasneHue

A

MOACIIb

ﬂaHHHe COCTOAHUA
Puc. 1. O606ménnas cxema GyHKIMOHUPOBAHUS [IU(YPOBOTO ABOMHUKA

udpoBbie IBOWHIKHI MOXKHO KIacCH(UINPOBATH HA TPU KATETOPHH:
uudposeie  aoiHHUKH-TIpoToTHNE  (Digital Twin Prototype, DTP),
sxzemmisipel (Digital Twin Instance, DTI) u arperupoBaHHbIe IBOHHUKH
(Digital Twin Aggregate, DTA) [17].

DTP — »3TO mNPOTOTHI HEKOTOPOro (PH3MUYECKOro OOBEKTa,
BKIIIOYAIOIIUA  MH(GOPMAIMOHHYI0O  MOJIeNb,  COJEpXKAIIyI0 JaHHEIE,
HEOOXOJMMBIE Ui NPOCKTUPOBAHWS M TOCIENYIONIETO  CO3JaHus
¢u3nueckoro o0bEKTa, BKIIOYAs €ro KOHCTPYKTHBHBIE XapaKTEPHUCTHKH,
TEXHOJIOTHYECKHE TapaMeTpsl M MaTepHanbl. Takue Mojenu IIUpOKO
HCIIONIB3YIOTCSl B BBICOKOTEXHOJIOTMYHBIX OTPACISAX — OT MAIIMHOCTPOCHHUS
JI0 aBHAIIMOHHON TPOMBIIILIIEHHOCTH.

DTl — »To JBOWHUK-DK3EMIUISP, KOTOPBIH IPHUMEHSCTCA IS
MOJIETUPOBAHMS YK€ CYIIECTBYIOIIETO (PU3NIECKOro 00BbEKTa, K KOTOPOMY
OH IMPUBA3aH Ha TPOTHKCHUU BCETO JKU3HCHHOT'O IUKJIA. DTOT THI BKJIIOYAET
nu(poBOE MPeACTaBICHUE FEOMETPUH, TAPAMETPOB IKCILTyaTallu1, HCTOPUU
00CIyXMBaHHSA, a TaKXe pPe3yJIbTaTbl MOHUTOPUHIa M HPOTHO3ZUPYEMBIC
HN3MCHCHUS COCTOSHMUA.

DTA — 3T0 ABOIHUKH-arperaTtopbl, B CBOIO O4Yepellb, MPEACTaBISET
co0OM HMHTETPallMOHHYIO IUIAThOpMy, OO0BETUHSIONYI0 MHOXecTBO DTI
B paMKax €IMHOM pacupeneNéHHOW WH(POPMAIMOHHO-BBIYUCINTEIBHON
CHCTEMBI, YTO OTKpBIBAET BO3MOXKHOCTH JUISi KOMIUIEKCHOTO aHalin3a
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Y YIpaBIIeHUS TPYNIONW OOBEKTOB JJIsl MOCIEAYIOIEro BO3ICHCTBUS HA HX
COCTOSIHHE.

B pabore mpeanaraercsi ONMCaHWE MOIYJIbHOW apXHUTEKTYPHI
IU(POBOro ABOIHUKA BOAHOIO O0BEKTa ISl 00ECTIeYEeHHs IKOJIOTNIEeCKON
YCTOWYMBOCTH, BKJIIOYash MOHUTOPHHI, MPOTHO3MPOBAHHE U YIPaBICHHE
BOIHBIMH peCypcaMH B YCIOBUSX AaHTPOIOTEHHOTO  BO3ICHCTBUSA
1 KJIIMMAaTHYECKUX N3MEHEHHUH.

2. O0uiee onucaHue MOAYJIBHOH AapXUTeKTYpsl LHGPOBOro
JABOWHMKA BOJHOI0 o00bekTa. ABTOpaMH TNpeIaraeTcs Clemyromas
MOJyJbHasl apXUTEKTypa IU(POBOrO JBOIHMKA BOJHOTO 0OBEKTa, KOTOPas
IpeCcTaBlIeHa 3aMKHYTOH PEKypCUBHOM CHCTEMOM U BKIIIOYAET CIICIYIOIIHe
OCHOBHBIE MOJAYJIU (PUCYHOK 2): peasibHBIN BOJHBIN 00BEKT (3KOCHCTEMA),
cOOp W CHOMAHUS MYJIBTUMOJANBHBIX JAHHBIX, IU(POBBIE MOJEIN
9KOCUCTEMBI, IKCIIEPTHYIO CHCTEMY, PETyJIMPOBaHHE HOPMAaTHBHO-TIPAaBOBOU
6a3b1, reonHpopmanonnyto cucremy (I'MIC), rpaduyeckoe npeacraBieHue
JaHHBIX. CBSA3b MKy MOLYJISIMU O3BOJISIET OPTaHU30BaTh OOMEH JaHHBIMH,
obecrieunBast ONTUMHU3ANNIO YIPABICHHS IIPHPOIHBIM OOBEKTOM.

2 C6op u cusiHHe 4

3
Ludposbie MoeaH

MYJIbTHMOJATbHBIX JKcHepTHAs cHCTeMa
IKOCHCTEMBI
JAAQHHBIX
i 6 7 TI'pajuueckoe
Boaublii 00beKkT ruc npeacTaBJieHne
JAaHHBIX

5 PeryanpoBanne
HOPMATHBHO-
npaBoBoii 6a3bl

Puc. 2. MoxysbHas apXUTeKTypa IU(POBOro IBOHHIKA BOZHOTO 00BEKTa

Crnegyer OTMETHTb, 4YTO B HACTOSALIEE BpeMsl CYLIECTBYIOT
uHopMmanmonnbie cucrembl Takne kak GRDC, HydroSHEDS, USGS,
«Meteo [IB», «Bonray, «['uapomorus», «Peunsie 6acceitapl EBponeiickoit
Poccun», mpumensiemple B cpepe MOHHTOPHHTA M YIPABICHHS BOIHBIMH
pecypcamu [18 —26]. Takme CHCTEMBI XapaKTepU3YIOTCS OTCYTCTBHEM
KOMIUTEKCHOW HMHTErpalli  MYJIbTUMOJAIBHBIX HCTOYHUKOB JaHHBIX,
HEJ0OCTATOYHON CBSI3aHHOCTHIO C TPOTHO3HBIMH MOJEISMHU JKOCHCTEM,
OrpaHMYEHHON peann3aleil SKCIePTHBIX MOAYJIEH U ci1aboil Mo IepKKoit
MEXaHHU3MOB PETyJIHPOBAaHUS COCTOSHHUS BOJHBIX OOBEKTOB B pEalbHOM
BpeMeHU. B pesynbraTe yKa3aHHBIC BBIIIC HH(POPMAIMOHHBIC CHCTEMBI
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BBITIOJIHSAIOT POJIb HEMOJHBIX HU(POBBIX JBOWHUKOB, IO3BOJISS JIUIIb
YaCTUYHO MOJENIUPOBATh MPOLECCH B BOAHBIX 3kocucTeMax. Ha pucynke 3
npuBeAEH MOXYJIBHBIH COCTaB IIMPOKO HCIOJB3YEMBIX  HEMOJIHBIX
IU(POBBIX TBOHHHUKOB.

KomMmoneHTBI 1 2 3 4 5 6 7
Boanblii Oﬁ'l:eKT (naHHBIE + + + + + + +
Ha0JII0/IeHN i)
Coop ¥ causiHUe MYJIBLTHMOAATbHBIX + + + +

JAAHHBIX
Mogaenu 3K0CHCTeMbl
I'C (reoundopmanuoHHas
COCTABJISIIOLIAS)
I'padmyeckoe npeacrapienne
AAHHBIX
IKcnepTHAsi cUCTeMa
PeryjiupoBaHue HOPMATHBHO-
NnpaBoBoii 0a3bl (YNpaBJsiomue
BO3/1eiicTBUS)

Puc. 3. MoaynbHBIN COCTaB CYIIECTBYIOMMX HH)OPMAIIMOHHBIX CHCTEM (HETIOTHBIX
mudpossix asoiankos): 1. GRDC; 2. HydroSHEDS; 3. USGS; 4. TUC «Meteo
[B»; 5. TUC «Bomra»; 6. TUC «'unponorus»; 7. ['eonmopran «Peunsie 6acceitHb
Esporeiickoit Poccun»

+
+
H+
H+

+
+
+
+
+
+
+

+
+
+
+
I+
I+
+

IIpemmaraemass apxutekTypa nOH(POBOTO [TBOWHHKA B paMKax
HCCIIEIOBAaHU TIPEAIoiaraeT o0sM3aTeIbHOe HATMYie KOHTYypa YIpaBICHUS
00BEKTOM HCCIICJIOBAaHUSI — BOAHBIM OOBEKTOM (PKOCHCTEMOW BOIHOTO
00bekTa). KoHTYp ympaBieHus PEACTABIsACTCS B 00IIEM BHIC CIICAYIOIICH
UH(POPMALIMOHHON MOCIICA0BATEIBHOCTHIO: YepPe3 MOIYJIb COOpa U CIAUSIHUS
MYJIbTUMOAAaJTbHBIX JaHHBbIX, I/IH(l)OpMaLII/IH, nepeaanyas B
reOMH(pOPMANMOHHYID CHUCTEMY, MOCTYIAaeT B MOIYJb MU(GPOBOH MOIEH
9KOCHCTEMBI BOJTHOTO OOBEKTA M U3 HEE B MOJYJIb IKCIEPTHONU CHCTEMBI K
MOJIYITIO PETryJINPOBAaHMU HOPMATUBHO-TIPABOBOM 0a3kl U yepe3 Hero, 3a CYET
MIPHHUMACMEBIX PEIICHUH 00paTHO K BOTHOMY OOBEKTY.

3. Moaynps «CO0p W caussHHEe MYJIbTHMOAAJIBHBIX JAHHBIX».
BaxHBIM KOMIIOHEHTOM TIpeIaraeMoil CHCTEMBI SBISIETCS MOIYJb cOopa 1
CIASHUS MYJIBTUMOIANBHBIX TaHHBIX (PUCYHOK 4), KOTOPBIA HHTETPHPYET
“HPOPMAIIHIO 13 Pa3HOPOAHBIX HCTOYHHKOB, BKITFOYAsI CITy THUKH, Ha3eMHBIE
CEHCOPBI, TUAPOJOTHYECKHE M METEOPOJOTHYECKHE CTaHIMM, a TaKKe
JaHHBIC, TOCTYMAIONINEe M3 MOXYJS AKCIEPTHOH CHCTEMBI HOPMATHBHO-
MpaBoBOi 0a3bl (PYHKIMOHUPOBAHHS MPHUPOAHOTO 00BekTa. OCHOBHBIC
(YHKIMOHAJIbHBIE KOMIOHEHTHI MOJTYJIsl IIPEACTaBIIEeHbI B TaduLe 1.
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KiroueBbIM  KOMIOHEHTOM  3((GEKTHBHOTO  (YHKIIMOHUPOBAHUS
IU(pOBOro NBOMHHMKA SBISIETCS 00ecIeueHNe TOJIHOTHI, JTIOCTOBEPHOCTH U
aKTyaJIbHOCTH AaHHBIX. J{J1s1 KOMIUIEKCHOTO MOHUTOPHHTa BOJHBIX PECYPCOB
HEOOXOJMMO CHCTEMAaTH4eCKOe IMOJy4YeHHe M MHTerpanus MHPOpPMaIlud o
BOJHOM YpOBHE, KauecTBE BOJIBI, THUIPOJOTHYECKUX XapaKTePUCTHKAX,
METEOPOJIOTHYECKUX M  KIUMATHYECKHX IIapaMeTpax, a Takke o
BOJONONIB30BaHUH. Kpome Toro, Tpebyercs y4eT NaHHBIX, PeryIHpYOLINX
COCTOSIHHE BOJHBIX OOBEKTOB B COOTBETCTBUM C YCTaHOBJICHHBIMU
HOpMaTUBaMH. VIcToyHMKaMH WHGOPMAIUH MOTYT OBITh: CIIyTHHKOBBIC
CHCTEMBl  JHMCTAaHIMOHHOTO  30HIAMPOBaHHMA  3eMiId;  Ha3eMHbIE
THIPOJIOTHYECKUE M METEOCTAHIMH; JIOKAIbHBIE KOMILIEKCHBIE CHCTEMBI
MOHHUTOPHHI'A; JaHHBIE IOJEBBIX BBIE3NOB (a3po0(OoTOChEMKAa U JaHHBIE
coOpaHHBIC HAIBOAHBIM allllapaToM); AaHHbIE W3 OKCIIEPTHOH CHUCTEMBI,
BKJIIOYasi HOPMaTHBHO-TIPABOBYIO 0a3y (YHKIMOHUPOBAHHS IMPHPOIHOTO
o0BeKTa.

Tabnuma 1. OcHoBHBIE (HYHKIHMOHATBHBIE KOMIIOHEHTHI MOy sl «COOp U CIusHHE
MYJIBTHMOJANEHBIX JAHHBIX»

Kunace / Metox HaspaHnue Bxoanbie Boixonnbie Hcnosnurenn
npouecca JAaHHbIE JAaHHbIE
DataCollector. | C6op maHHBIX C Ioroku CelIpble Iu¢posas
collect() JIaTYNKOB, JIaHHBIX Pa3HOPOJIHBIC cucrema
CITyTHHKOB, JIaHHbIE,
HOPMaTHBHBIX BPEMCHHBIC
HCTOYHHKOB METKH
DataMerger. CnusiHue Ceipbie Enunas Ga3za Hudposas
merge() MyJIbTHMOJAIIBHBIX | PA3HOPOJHBIE | TEOMPOCTPAHCT- | CHCTEMa
JIAHHBIX JIaHHbIE, BEHHBIX JIaHHbIX
BpPEMEHHbIE (Truc-
METKH XPaHWIHILE)
DataValidator. | ABromarmueckas Enunas 6aza OunIieHHbIe Ludposast
clean() Bepu(UKanUs 1 TEOHPOCTPaH- | CTPYKTYpHPO- cucrema
OYHCTKA, CTBEHHBIX BAaHHBIC ITAHHBIC
obecrieueHue JTAaHHBIX
COBMECTHMOCTH C
MEX/TyHapOHBIMA
CTaHjapTaMu
DataValidator.u | Coxpanerue OuniieHHbIe OG6HOBIIEHHAS Ludbposast
pdate() JIAHHBIX B 0a3y CTPYKTYpH- enuHas 0asa crcTemMa
JTAHHBIX pOBaHHEIE re0NpOCTPaHCT-
JTaHHbBIC BEHHBIX JaHHBIX
(THC-
XpaHWIIUIIE)
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Puc. 4. Ctpykrypa Mmoayist «COOp U CIUSTHAE MYJIbTHMOJATBHBIX TaHHBIX»

YacTtoTa OOHOBJICHUS JaHHBIX BapbUPYETCSl B 3aBUCUMOCTH OT THIIA
HCTOYHMKA. HaseMmHBIE CTaHIIMM MOTYT IIepelaBaTh JaHHbIE KaXKIble
HECKOJIBKO MUHYT WJIM 9acOB, YTO TTO3BOJISIET ITO/IIEPKUBATH HETIPEPBIBHBIN
MOHUTOpUHT. CIyTHHKOBBIC JaHHbIE OOHOBISIIOTCS B 3aBHCUMOCTHU
OT MIEPUOJIMYHOCTH MPOJIETAa CITyTHUKA HaJ PErHOHOM, YTO OOBIYHO
COCTaBJISIET OT HECKOJIBKUX JHEH 70 HeaenH. [loneBble qaHHbIe COOMparoTCst
C TIEPUOJMYHOCTHIO, 3aBUCSIIEH OT CreU(UKHU 3aad MOHUTOPUHTA — 3TO
MOT'YT OBITh KaK €)KEMECSYHbIE, TAK ¥ CE30HHBIE 3aMEpHL.

4. Moayab «Iludposbie Moaean s3xkocucteMb». [{npposas Mmomens
00BEKTa — CHCTEMa MAaTEeMaTHUeCKUX M KOMITBIOTEPHBIX MOJIETIeH, a Takxke
JNIEKTPOHHBIX ~ JIOKYMEHTOB  OOBEKTa,  OMNKCHIBAIOIIAS  CTPYKTYpY,
(YHKIMOHAJIBHOCT, W TOBEACHHE BHOBb pPa3padaThiBa€MOro  HIIH
IKCIUTyaTHPyeMOro o0bEKTa Ha PAa3IMYHBIX CTAJUSIX JKU3HEHHOIO IHMKIIA,
JUIL KOTOPOM Ha OCHOBAaHMM pe3yJbTaToB LU(PPOBHIX W (WJIM) HWHBIX
WCTIBITAaHUH BBITIONIHEHA OL[EHKA COOTBETCTBHS HPEIBIBISEMBIM K 00BEKTY
TpeboBanusM. OcHOBY 1IM(POBOM MOJENH B paMKax IHU(POBOTro JBOHHUKA
BOJHOTO 00BEKTa COCTAaBISIIOT — MareMaTH4yeckue, (GUu3MYeckne u
BBIYMCIIUTENBHBIE METO/IbI, KOTOPBIC TIO3BOJISIFOT BOCIIPOM3BOANTH TUHAMUKY
MPOLIECCOB, IPOTEKAIONIMX B NPHPOMHBIX JKOCHCTeMaxX. OCHOBHBIE
(yHKIIMOHATFHBIE KOMITIOHEHTHI MOYJISI IPEACTABJICHHI B TabmIe 2.

B obmewm ciyuae, cormacao [27], CymecTBYIOMKAE MaTeMaTHICCKIE
METOJIbI MOJIETIMPOBAHMS BOJHBIX SKOCHCTEM B 3aBUCUMOCTH OT OOBEKTa HIIH
mpolecca  HMCCIENOBaHMA  HOAPA3IEAIOTCA Ha  THMAPOQH3NYECKHUE,
OWoJOTMYEeCKMEe H  JUHAMHUYECKHe Mojaenu (TPeACTaBIsSIOT  COOOMH
HUHTErPaIUi0 OUOJOTMYSCKUX U TUAPOGU3NICCKUX MOJICIICH).
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Ta6nuna 2. OcHoBHBIE (PyHKIOHAIBHBIE KOMIIOHEHTHI MOIyIIs «L{ngppoBeie

MOACIN DKOCUCTEMBI

Ha3Banue

Brixoanbie

scenarios()

Kunace / Metop Bxoanbie 1aHHbIE Hcnosmnurenn
npomnecca JaHHbIE
EcoModel.train | IToctpoenue / OGHOBIIEHHAST Hacrpoennast | Llubposas
_model() oOyueHue enuHas Oa3a mpoBas cucrema
udpoBoii re0NnpOCTPaHCT- MOJelb
MOJENH BCHHBIX JAHHBIX MAIIHHHOTO
MaIHHHOTO 00y4eHust
o0yueHus
EcoModel. IIporuo3 Hactpoennast IIporuo3zubie Hudposast
simulate() COCTOSTHUS MOJIeJTb MAIIMHHOTO | TOKa3aTeln cucrema
BOJIHOTO 00BEKTa | 00y4YeHHs + HOBbIE | COCTOSHHSA
JTaHHbBIC 9KOCHCTEMBI
EcoModel. Bepuduxauus / | ITporuos + Orkanu6po- Ludposas
validate() KaTHOpPOBKa peanbHBIC TaHHBIC | BAHHAS MOJENb | CHCTEMA
EcoModel. CuenapHoe Kiumartnueckue, IIporuos Ludposas
PhysicSimulato | MomenupoBatue | rHAPOIOTHYECKHE, | IUHAMHKH cucrema
r. OUOIOrHYEeCKHX U | OHOJIOrHYeCKHe 9KOCHCTEMBI,
simulate_scena | rugpodusu- JlaHHbIE U3 0asbl CLEHapUH
rios() YECKHX MOJEJEil | reOmpOCTPaHCT- HU3MEHEHUT
BCHHBIX JaHHBIX
EcoModel. CoxpaHenne Pesynbrats O6uosnennas | Lludposas
Data.update() | mamusix B 6a3y EcoModel. enuHas 6aza crucrema
JIAHHBIX simulate() n reonpocTpaH-
EcoModel. CTBEHHBIX
Ecosystem JIAHHBIX
Simulator.
simulate_
scenarios()
EcoModel.getD | ITomyueHne Pesynbratsl CBoJHbIE ITucdposas
ata() JIaHHBIX EcoModel. JIaHHBIE U3 cucremMa
b poBoit simulate() u EcoModel.s
MOJIeIH 1 EcoModel. imulate() u
(bu3nuecKoro Ecosystem EcoModel.
MmoxenupoBanust | Simulator. Ecosystem
simulate_ Simulator.
scenarios() simulate_

MO}IGHI/I MAaIIXHHOTO 06yqu1/1;1 HCIOJIB3YIOTCA IJIA OICPATUBHOT'O
IMMPOTHO3a HHTECTPAJTBbHBIX MoKa3aTejaed COCTOSHUS BOJJHOTO o0beKTa Ha

OCHOBE OOHOBISIEMON €IUHOM 0a3bl

TCOMPOCTPAHCTBCHHBIX JaHHBIX.

B vacTHOCTH, OHM IPUMEHSIOTCS JIsL KPATKO- U CPEAHECPOUHOrO MPOrHO3a
MapaMeTpOB KadyecTBA BOABI M OOINErO COCTOSIHHS SKOCHCTEMBI TpHU
MTOCTYTUICHUN HOBBIX JaHHBIX, a TAKOKe JUIS MOCIEAYIONeH BepuuKanuu u

KaITMOPOBKH.
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Odusuueckue u OHO(GU3MYCCKHE MOJEIM TPUMEHSIOTCS B paMKax
CIIEHAapHOTO MOJICJIMPOBAHMS M OPHEHTHUPOBAHBl HAa aHAIN3 NPUYMHHO-
CJIC/ICTBEHHBIX TPOIECCOB M JOJITOCPOYHBIX U3MEHEHHH 3KOcHCTeMbl. OHH
WCIIONIB3YIOTCS JUISL OLIEHKH JAWHAMUKH YPOBHSI BOABI, THIPOJIOTHYECKUX U
THAPO(U3NIECKIX XapaKTEPUCTHK, a TaKKe OMOJOTMYECKHX IIPOIIECCOB,
BKJIIOYasl CIEHapuW O3BTPOPUKAIMM W PEAKIUH OSKOCHCTEMBI Ha
KIIMMAaTHYECKHE U aHTPOIIOTEHHBIE BO3ICHCTBUSL.

B 3aBucumocTu OT TUNA 3aa4 U JOCTYNHBIX JaHHBIX IPUMEHSIOTCS
pasnMYHBIE ~ METOJONIOTMH  MojenupoBamusi  [28]: (usnueckoe
MOJICTUPOBAaHNUE, MOJEIUPOBAHUE C IIOMOIIBIO MOJEIH, YIPaBIsIEMON
JAHHBIMH, MOJICIIUPOBAHUE C TOMOIIBIO MOJIETIH MAIIHHOTO O0YyUYeHHSI.

Ousnyeckue MOJETH OCHOBBIBAIOTCS Ha 3aKOHAX MPUPOABI |
OIMCHIBAIOT TIPOIECCHl C WUCIIOJb30BAaHHEM YPaBHEHUH MEXaHHKH,
THAPOJMHAMUKH, TEPMOJMHAMHUKH M JpPYrHX paszgenoB ¢usukn. OHu
0co0eHHO 3()(eKTUBHBI NPH HAJIWYUU TITyOOKOTO HMOHMMAHHMS IPOLIECCOB,
MIPOMCXOIAIINX B CHCTEME.

Monenu, ynpaBnsieMble JaHHBIMH, CTPOSATCS. Ha  OCHOBE
CTaTHCTHYECKOTO AHAJIM3a M TO3BOJSIOT BBIBIATH 3aBUCHMOCTH MEXKTY
rapamMeTpaMu OOBEKTa, OCHOBBIBASCh HAa IMITMPUYECKHX IAHHBIX. Takwe
MOJIENT 9acTO HCIIONB3YIOTCS ISl aHaNIN3a CIOKHBIX CHCTEM C OONBIINM
KOJINYECTBOM B3aHMMOCBS3aHHBIX (paKTOPOB.

Mopenu MaimiHHOTO OOYYEHUs PUMEHSIOTCS AJIsl pellieHns 3aaad
NPOTHO3UPOBaHUA U KilaccHPUKAMU. OTH MOJAENH OOydYarTcs Ha
UCTOPHUYECKHX JIAHHBIX M UCIIOJIB3YIOT aJITOPUTMbI TITyOOKOT0 00YUYESHUS HITH
JpyrHe METOJbl MCKYCCTBEHHOIO WHTEJUIEKTa JUIS MOJEITHPOBAHUS
TIOBEZICHUSI U OTIPEJICIICHHs KITIOYEBBIX 3aKOHOMEPHOCTEH.

JlaHHbIe, MOCTyNaroIKe 0T PealbHbIX 0OBEKTOB, HIPAIOT KIIFOUEBYIO
poiIb B TIOCTPOGHHMHM W HCIHOJB30BaHMM IUdpoBoi wmoxemu. OnHu
WCIIONIB3YIOTCS AJIs: OOYUYEHHsI MOJIENEH, UTO MO3BOJISIET CO3/[aBaTh TOYHBIC
MIPEACTaBICHNS IPUPOHBIX OOBEKTOB M MX TTOBEJCHUS; KAIMOPOBKH, IPU
KOTOPOH MapaMeTpbl MOJIENHN MOJCTPAUBAIOTCS AJISl COOTBETCTBHS PEAIbHBIM
YCIOBUSIM; BepUUKALNM W BalHJAlWH, YTO MPEAIIOIaracT CpaBHEHHE
HNPOTHOCTUYECKHX PE3YJIbTATOB MOJEIN C OMIUPHUYSCKHMHU JTaHHBIMH JIJIsI
HOBBILICHHUS TOYHOCTH.

Ha cerogmsimauiéi neHb pa3pabOTaHO MHOMXECTBO CHUCTEM IS
MOJICJIMPOBAHUSI BOJHBIX OKOCHCTEM, KOTOPbIE AaKTHBHO IPUMEHSIIOTCS
B HayuHO# u npaktuyeckoil aesrenbHoctn: AQUATOX, SWAT (Soil and
Water Assessment Tool), CE-QUAL-W2, Ecopath, Loop Analysis
u STELLA [29, 30].

5. Moayap «JkcnepTHasi cucreMa». Monynb «OKcnepTHas
cucreMa» (PUCYHOK 5) TpencTaBiseT co00i KHMOEpHETHUECKYIO CHCTEMY
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HNOJJIEP)KKM  NPHHATHA pelleHuH, (YHKIHOHMPYIOIIYIO Ha OCHOBE
(hopMann30BaHHBIX 3HAHWI O JUHAMHMKE BOJHOTO 00BEKTa U HOPMAaTHBHO-
MIPaBOBBIX OrPAaHWYEHHSAX. ODKCIEpPTHAs CHCTEMa WIPaeT BAXHYIO pOJIb
B aHAJIM3€ 3aKOHOJATEJFHOH 0a3sl M KOHCOJNHMIAUMU JIAHHBIX  JUIS
MOCTPOCHUS TPOTHO30B M COJCPXKHUT 0a3bl JaHHBIX HOPMATHUBHBEIX aKTOB,
CBSI3aHHBIX C MPOLIECCOM IPHPOJIOIONE30BaHMs, MOIYNb IS aHalm3a
JOKYMEHTOB, DKCIEPTHYIO 0a3y JaHHBIX, MOIYJb IOIACPKKA M MPUHATHS
YIPaBICHYECKUX PELICHHH, CHCTEMY I'€Hepalii OTYETHOCTH O COCTOSHUH
npupogHoro oowvexTa. OCHOBHBIE (PYHKIMOHATIHHBIE KOMIIOHEHTBI MOJYJIS
IIPEe/ICTABIICHBI B Ta0IuLe 3.

Tabnuia 3. OcHOBHBIC (QYHKIIMOHATBHBIC KOMITOHEHTBI MOIYJIsl « DKCIIEpPTHAS

CUCTEMA»
Ha3spanue Bxoanbie Boixoanbie
Kunacc / Metox A A Hcnonnurens
npoiecca AaHHBbIE JAaHHbIE
ExpertSystem.int | MuTerparus CBonuble janusle | CBomHbIE Hudposas
egrate_data() JIAHHBIX 13 u3 JTAHHBIE IS CHCTEMBI
mozeneid u TUC | EcoModel.getDat | ananusa
a() + sxcneprHas
6aza
ExpertSystem.ana | Muoroxpure- Caoznsle nannble | Onenka puckos | Llupposas
lyze_scenarios() | puanbhslit aHanus | ExpertSystem.int | u cuenapues CHCTEMBI
CIICHApHEB egrate_data()
ExpertSystem.gen | I'enepanust Onenka Pexomenpanun | Hudposas
erate_recommend | pekoMeHgammit CIICHapUEB iot CHCTEMBI
ations() PeryIsTopoB H
HPUPOOTIOIE-
30BaTenen

HopmaTtmBHO mpaBoBasi 0a3a akTOB BKIIOYaeT: (elaepaibHBIC H
peruoHaNbHbIE 3aKOHBI, PETYIUPYIOIINE PUPOAOIOIb30BaHNE; HOPMATUBBI
W CTaHHApTHl KauecTBa BOABI M COCTOSHHUS OKpYKalomeH Cpemsl;
MEXIyHapOIAHBIE COTJAIICHWSI ¥  JKOJIOTWYECKWE IPOTpaMMBl IO
YIIYUIIICHAIO COCTOSIHUS OKpysKatoreit cpemsr [31 —33].

CoBpeMeHHbBIC METO/IbI 00Pa0OTKH TEKCTA HTPAIOT KIIFOUYCBYIO POJIb B
paboTe dKCIepTHON cucTeMbl. J[ns aHanm3a U U3BIeUYCHUS HHPOPMAIUH 13
HOPMAaTHUBHO-TIPABOBBIX JOKYMEHTOB, a TaKXe JJisi TeHepalMd OTYEeTOB
UCITIONIB3YIOTCS  JITOPUTMBI ~ MAIIMHHOTO  OOYy4YeHHS, WCKYCCTBEHHbBIE
HEHPOHHBIC CETH, B YaCTHOCTH OOJIbIIME SI3bIKOBBIE Mojenu [34]. Dtu
QITOPUTMBI CIIOCOOHBI BBIJIENIATh KITFOUEBYH HHGOPMAIMIO U3 OOJBIINX
00BEMOB TEKCTOB M TMPOBOIUTH CEMAHTUYCCKUI aHAIU3, COMOCTABIISASL
COJIep)KaHUE NOKYMEHTa ¢ TeKyulell cutTyauued. B skcnepTHOl cucteme
OoJpIINe SI3BPIKOBBIC MOJIENH MCIIONB3YIOTCS B TAKUX MOIYJISX KaK aHAH3
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[lOKyMeHTOB U CUCTEMC reHepauyH/l OTYCTHOCTH O COCTOSSHHUHN HpI/IpOI[HOFO
0o0beKTa.

Tlonnepxka u

MPUHATUE Amnanus
yIpaBJeHY€EC- JIOKyMEHTOB
KHUX peleHni

Cucrema Hopmarusao-

TeHepaluy | |mpaBoBasi 6aza
OTYETHOCTH O | | (hYHKIIMOHH-

COCTOSTHHH poBaHuUst
MPHPOIHOTO [PHPOJTHOTO
00BeKTa o0ObekTa

Puc. 5. Ctpykrypa Moayist « DKCIIepTHasi CUCTEMay

KiroueBbIM  CBOMCTBOM CHCTEMBI SIBISETCS €€ aaNTHBHOCTD,
obecrieunBaeMasi MEXaHU3MaMH HETIPEPHIBHOTO OOHOBIICHUS 0a3bl 3HAHWI
(KaK 3a cYeT IOCTYIUIEHHS HOBBIX HOPMAaTHBHBIX aKTOB, TaK M dYepes3
HaKOIUIEHWE TPECUEACHTOB TPHHATHA pPEMICHWH) W AWHAMHYECKON
KaJMOpOBKHM MOJENe Ha OCHOBE JAHHBIX MOHHTOPHHIA. DTO IO3BOJSET
paccMaTpuBaTh MOJYNb KaK HHTEIUIEKTYAJIBHBIH PETYIATOP B KOHTYpE
YOPABICHUS CJIOXKHOM 3KOJOTO-TEXHHYECKOH CHCTeMO#, TIne OOBeKT
ynpaBieHus:  (BOJAHBIM  OOBEKT)  XapakTepu3yeTcs  CYyIIECTBEHHOU
HEJIMHEHHOCTBIO, PACIpe/IeICHHBIMI TapaMeTpaMH M CTOXaCTUYECKUMU
BO3MYILEHHsIMH. TeopeTndyeckold OCHOBOW (YHKIIMOHUPOBAHUSI CHUCTEMBI
BBICTYIIACT CHHTE3 IPHHIMIIOB OINTHMAIBLHOTO YIMpPaBieHUs (KpUTEPHUU
Ka4yecTBa BOJAHOW CPEZbl) U yCTOWYNBOCTH K HEONPEIEICHHOCTSIM BXOTHBIX
JIAaHHBIX, YTO 00ECIIEYNBACT BHIMOJIHEHNE IIEIEBBIX MOKa3aTeIel COCTOSHUS
DKOCHCTEMBI B YCJIOBUSX HU3MEHSIOIUXCS BHEIIHUX BO3ACHCTBHH.
MateMaTHuecKuil annapaT CUCTEMBbI BKJIIOYAET: alnapaT HEUETKOW JIOTUKU
JUIsl pabOTBI C HEONIPEIEIEHHOCTSIMH B KCIIEPTHBIX 3HAHMSAX.

Ocoboe BHHMMaHME YIEISETCS aHaINM3y JIOKYMEHTOB. Monyib
«AHanu3 JOKYMEHTOB» MPEACTAaBIsIET CO0OH  aBTOMATHU3UPOBAHHYIO
cucTeMy OOpabOTKM M CEMaHTHYECKOrO aHaJIM3a HOPMAaTHBHO-TIPABOBBIX
aktoB [35], TEeXHMYECKOM MOKYMEHTAllMM W  PETIaMEHTHPYIOLINX
MaTepHalioB, CBA3aHHBIX C YIpaBIEHHEM BOIHBIMH pecypcamu. Ero
OCHOBHas ¢dyHKUMS 3aKJIF0YaeTCs B npeoOpa3oBaHUU
HECTPYKTYPUPOBaHHBIX TEKCTOBBIX JaHHBIX B (DOPMaIM30BaHHBIE 3HAHMS,
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NPUTOAHBIE U MHTETpalluid B JKCHEPTHYIO CHCTEMY BOJHOTO OOBEKTa.
OcHoOBHBIE (DYHKIIMOHAJIbHBIE KOMIIOHEHTHI MOJYJS TIPEJCTaBJICHBl B

Tabiuie 4.

Ta6m/1ua 4. OCHOBHBIC KOMITOHEHTBI MOJYJIsA «Ananus JOKYMECHTOB»

Haspanue Bxoanbie Brixoanbie
Kuace / Meton A A Hcnosmnurenn
npouecca JaHHbIE JAaHHbIE
DocAnalyzer.parse() |C6op u Tlocynapcreen- | CTpykry- Ludposas
KOHBEPTAl[Msl | HBIC PEECTPbI, | PHPOBAHHBIC cucrema
JIOKYMEHTOB 6a3bl 3aKOHO/IA- | TEKCTHI
TEIbCTBA
DocAnalyzer.extract_ | 3Beuenue Crpykrypupo- |Hopmarusnsie |Llndposas
entities() HOPMATHBHO- | BAHHBIE TEKCTHI | IApAMETPbl U | cHCTEMA
3HAYUMBIX CBSI3H
CyLIHOCTe!
DocAnalyzer.integrate | Coxpanerue Hopmatusuele | O6noBnénHas | ludpoas
_with_expert_db() JIAHHBIX B napameTpbl 9KCIEPTHASL cucrema
skcnepTHoit BJ{ 0a3a JaHHBIX

Mopynbs aHanu3a JOKYMEHTOB pealu3yeT KOMIUIEKCHBIA MOIXO[
K 00paboTKe TOKyMEHTOB, BKJIIOYAIOIINH CJIETyIOIHE KIFOUEBBIE TIPOIECCHI:
ABTOMATH3MPOBAHHBINA COOpP U TpeaBapUTEIbHAsS 00paboTKa TOKYMCHTOB H3
pa3HOPOIOHBIX  WCTOYHUKOB  (TOCYyNAapCTBEHHBIE  PEECTpPBl,  0a3bl
3aKOHONIATENLCTBA, JIOKAJNbHBIC XPAHWIWIA); JUHTBUCTHUCCKUA aHAIN3
TEKCTOB C TPHMEHEHHEM METOIOB O0OpabOTKH ECTeCTBEHHOTO S3BIKa
¥ MAIIMHHOTO OOY4YEeHHMS; M3BJICUCHHE HOPMATHBHO-3HAUMMBIX CYIIHOCTEH
U TTIapaMeTPOB; BBISBICHHE CEMAaHTHUECKHMX CBS3€H M IOTEHIMATbHBIX
MPOTUBOPEUYUI MEXTY Pa3IMUHbBIMA HOPMATUBHBIMHU aKTaMH.

B ocHoBe paboThl MOJIYJsI JEKHT MHOTOYPOBHEBas apXHTEKTypa
00paboTkn naHHBIX. Ha mepBoM ypOBHE OCYLIECTBISIETCS IMApCHHT
Y KOHBEpTaLUsl JOKYyMEHTOB U3 HCXOJHBIX ()OPMATOB B CTPYKTYPHPOBAHHOE
npeacraBieHue. Ha BTOpOM ypoBHE MNPOUCXOIUT MpeABapUTEIbHAS
00paboTKa HCXOJHOTO TEKCTa C TIOMOINBIO METOJ0B TOKEHH3aLUH
7 MOpPQOJIOTHYECKOTO aHanmu3a. Ha TpeTrseM YpOBHE TPUMEHSIOTCS
ANTOPUTMBI MALITTHHOTO O0YYEHUS, BKIIFOUast TpaHC(HOPMEPHBIE MOICIH, IS
CEMaHTHYECKOI0 aHaJIN3a TEKCTa, PACIIO3HABAHNSI MMEHOBAHHBIX CYIIHOCTEH
(BBIIETICHHE HOPMATHBOB, OpraHU3aIui, TeorpaduIecKux 0ObEKTOB, 1aT) U
KJIacCUPUKAIMH JIOKyMEHTOB. YUeTBEPThII yPOBEHb OTBEYAET 32 HHTETPALIUIO
W3BIICYEHHBIX JAHHBIX C SKCIIEPTHHIMHU 3HAHUSIMH M HOPMATUBHBIMU Oa3ami,
BKJIFOUasi MEXaHU3MbI pa3peuieHus] KOHQIMKTOB U BepH(UKAIMU JaHHBIX.
[IaTBIil ypoBEeHb OTBeYaeT 3a XpaHeHHE WH(POpMAIMU B 3KCIIEPTHOH 0aze
Y MTOJIHOTEKCTOBBIN MOUCK IO HEH.
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KonnuecTBO BBINTYLIEHHBIX HOPMATHBHBIX W IIPaBOBBIX aKTOB,
coziepKamuxcs B HMH(MOPMAIMOHHOW CHCTEME, OXBaTBIBAIOICH Bce
(enepasbHbBle ¥ BEIOMCTBEHHBIE HOPMAaTHBHO-TIPABOBHIE JTOKYMEHTHI, 110
CIEIYIOUIMM KIIOYEBBIM 3alpocaM: «BOJHBIE PECYpChD», «BOJHBIE
9KOCHCTEMBD», «IIPUPOTHBIE OOBEKTH» — cocTaBmio 2798 emmuum. s
JmanpHeimero anamm3a Obuto otToOpanHo 500 moxymeHtoB B hopmate PDF,
CoZIeprKaliX HanOoJiee peeBaHTHYI0 MH(GOPMAIMIO MO0 TEME yNPaBICHUS
BOJHBIMH OOBEKTAaMH W OXpaHbl BOJHON cpensl. Ilockonbky aHamus
BBHIOPAHHBIX JOKYMEHTOB IIPEICTaBIsieT co00il 00paboTKy OGOIBIIOro
o0beMa  HECTPYKTYpHPOBAaHHOW  TEKCTOBOW  mWH(popmaruu,  ObUTH
paccMOTpEHBI Pa3INuHbIE MOJXO/IbI C UCIIOIb30BAaHHEM OOJBIINX S3bIKOBBIX
momeneit  (LLM). Tabmuma 5  AeMOHCTpUpYeT  CPaBHHUTEIbHYIO
3¢ PEKTUBHOCTD Pa3IMYHBIX MOIXOMO0B K pPEan3allii S3BIKOBBIX MOeIel
IIPU pElICHWH 33/1a4 aHaJM3a HOPMAaTHBHO-TIPAaBOBOW JOKYMEHTAIHH.
OCHOBHBIM ~KpUTEpPHEM OLEHKHM BBICTYyNalO0 KadecTBO oOTBeTOB (%
KOPPEKTHBIX WM PEJICBAHTHBIX PE3YJIBTATOB) IIPU paboOTe C 3ampocamH,
CBSI3aHHBIMH C TEMAaTUKOH BOJHBIX PECYPCOB 1 3KOCHCTEM.

Tabmmma 5. CpaBHeHne 3 PEKTHBHOCTH Pa3IMIHBIX MOAXO/0B B peaTH3aIiH
SI3BIKOBBIX MOJICNIeH

Monens 05:::3?;) MammaHOE 00ydeHue
llama3.1 + similarity_search 80 Tpanchopmep
RAG llama3.1 70 Tpanchopmep
deepseek-rl 60 Tpaucdopmep
YandexGPT 5 Pro 90 Tpanchopmep
multilingual-e5-
aeubes) | 0| RosERTag

Hawnnyumue nokazarenu npoaeMoHcTpupoana Mozenb YandexGPT
5 Pro, obecnieunB 90% kauecTBa OTBETOB, YTO MOXET OBITH CBSI3aHO C €€
o0y4eHHEeM Ha pPYCCKOS3BIYHBIX MAaHHbIX. Cleqyer OTMETHTh, 4TO
YandexGPT 5 Pro — emuncTBeHHass Mojenb u3 Tabnuipl 5, KoTOpas
(YHKIIMOHHMpOBalia B 00Ja4HOW cpelie C OrpaHWYeHHEeM Ha o0paboTKy He
Oosilee 25 HOKYMEHTOB 3a CECCHIO, OJHAKO, INPH YBEIWYEHHH OO0beMa
00pabaThIBa€MbIX JOKYMEHTOB TOYHOCTh 3TOH MOJIENH ITOTCHLIHAIEHO
MOXET CHU3UTBCS.

Taroke Xoporrue pe3yIbTaThl TOKa3ald MOJX0Abl Ha ocHOBe llama3.1
¢ MexaHm3MoM similarity search m multilingual-e5-large, nocturays 80%
kadectBa. Mcnonb3oBanue RAG-apxurekTypsi ¢ llama3.1 okazanocs MeHee
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a¢¢extuBHbiM (70%), 4YTO, BEPOSITHO, CBSI3aHO C OrPAaHUYCHHUSIMH IIO
MOJTHOTE M peleBaHTHOCTH retrieved-mokymeHToB. Monens deepseek-rl
nokaszana Xyauui pe3yiaptaT — 60%, 4TO MOXKET CBHJIETENLCTBOBATH O
HEJOCTATOYHOW aJanTalii K IPaBOBOW TEMAaTHKE WM OTPaHUYCHHOU
MOIEPKKE PYCCKOTO  sI3bIKa. BO3MOXKHBIC HAIPaBICHUS YIIyYIICHUS
pe3yIBTATOB:

—  amanTanus MOJeNed K MPeIMETHOH 00acTH: JOMOIHUTEIBHOE
nooOydeHHe Ha KOpPILyce HOPMATHBHO-TIPABOBBIX AaKTOB, CBS3aHHBIX C
BOAHBIMH pECypcaMH W DKOJOTHYECKHUM PEryTUpOBAaHHEM, MOXKET
3HAYUTEIHHO IMOBBICUTh TOYHOCTH OTBETOB,;

—  yayumieHue retrieval-kommoneHTl B RAG: MOBBIIICHHUE
KayecTBa  IMOMCKAa  PENICBAaHTHBIX  (parMeHTOB, uepe3  OOydeHue
SMOEUIMHTOB — YITy4IIICHHE BEKTOPHBIX MPEICTABICHUA TEKCTa IS 3a71ad
MTOKCKA, KITACTEPU3AIIUH WIH KIacCU(DUKAIIH.

Tabnwuna 6 mpencTaBiIsIeT Pe3yIbTaThl CPABHUTEIBHOTO aHAIN3a TPEX
pa3IMYHBIX TOOXOAOB K u3BNeueHH0 wHGopMammu u3 500 mTyk
HOPMaTHBHO-TIPABOBBIX JIOKYMEHTOB. OCHOBHBIM KpUTEepHEM
3((GEeKTUBHOCTH  BBICTYHaeT  MPOICHT  KOPPEKTHBIX  HM3BJICUCHUUN
nHpOpPMAMK TIO0 KITFOYEBHIM NpHU3HAKaM (TeMaTH4YeCKas pPEJIeBaHTHOCTH,
TOYHOCTb, ITOJTHOTA).

Tab6uuua 6. CpaBaenue dbdekriuBroctr LLM 1 pydHOro aHaimu3a

Merton KoppektHocts, %
RAG LLM 76
PerynsipHble BbIpaXeHHS 49
Okcnepr 98

HanGomnplryro TOYHOCT POAEMOHCTPUPOBAIT KCIIEPTHBIN (PY4HON)
aHamu3, oOecrmeuuB 98% KOPPEKTHOCTH OTBETOB. OTO OOBSICHICTCS
rIyOOKMM — TIOHMMaHHWEM KOHTEKCTa, [PaBOBOM TEPMUHOJIOTHMH U
CIIOCOOHOCTH MHTEPIIPETHPOBATh CIOXKHBIE (POPMYITHPOBKU, KOTOPHIE YACTO
OCTAlOTCS 3a MpeeIaMi BO3MOXKHOCTEH (OPMaIM30BAHHBIX aJTOPHUTMOB.
OnHako OCHOBHOW HEIOCTaTOK AKCIIEPTHOTO MO/AX0/a — HHU3Kas CKOPOCTh
00pabOTKH M HEBO3MOXHOCTH MacIITaOMpOBaHHUA Ha OOJBININE MACCHBBHI
JIAHHBIX 0€3 CYIIECTBEHHBIX 3aTPaT.

Merton ¢ ucnons3zoBanneM RAG LLM nokazan 76% KOppeKTHOCTH
OTBETOB, YTO JIeJIaeT ero Haubosee cOANaHCHPOBAHHBIM TIO/IX0/I0OM C TOYKH
3pEHHUs] COOTHOILECHUS] TOYHOCTH U CKOPOCTH.

MeTton Ha OCHOBE pETyISpHBIX BBIpaKeHHH man Jumb 49%
KOPPEKTHBIX PE3YJIbTaTOB, YTO OOBSCHIETCS €ro JKECTKOH CTPYKTYpOH,
HeyCTOPI'-IPIBOCTbIO K BapUaTUBHOCTH IOPUANYICCKOTO s3bIKa u
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HEBO3MOXXHOCTBIO y4eTa KOHTEKCTa. PeryispHble BBIPRKEHHUS XOPOIIO
paboTaroT TONBKO MPH CTPOTO MOBTOPSIFOLIMXCA MA0JI0HaX, HO HE HOAXOMIST
Uil 00paOOTKM  IOPHAMYECKHX  TEKCTOB  C  MHOXKECTBEHHBIMHU
CHHTaKCHYEeCKUMH KOHCTPYKIMSMHU U BapHalUsiMUA (OPMYIHPOBOK.

6. Monyns «PeryiupoBanne HOPMATHBHO-NPaBOBOi 0a3bD».
Monyne «PerynupoBaHne HOPMAaTHBHO-TIDaBOBOM 0a3bl» OTBEYaeT 3a
yIpaBleHHEe BOJHBIM OOBEKTOM. B 3TOM Momyne pe3ynbTaTbl paboTHI
9KCIEPTHON CHUCTEMbI aHATM3UPYIOTCS JIMIAMHK, IPUHUMAIOIINMH PEIICHUS
(opraHsl BIacTH M CyOBEKTHI MIPUPOIOIIONB30BAHHSA), TIPH 3TOM CyOBEKTOM
MIPUPOJIOTIONB30BAHUS  MOXKET BBICTYNaTh (U3MUYECKHH OOBEKT WIH
nudpoBoii  nBoWHMK. [IpMHMMarolmMe pelIeHUs JHIa, ONHpasch Ha
IMOJIYUYCHHBIE JaHHBIC, NPUHUMAIOT PCHICHUC O 3arpA3HCHHOCTH BOAHOI'O
00beKTa M BBIPadaTHIBAIOT JALHEHIINE ASHCTBUS MO YCTPAHEHUIO IPUYNH
3arpsizHeHuil. [lpomecc ympaBieHHss BOIHBIMH OOBEKTaMU  SIBIISETCS
LUKIMISCKIM U MOXET OBITh MPEICTABIICH B BHIC CTPYKTYPHI (PUCYHOK 6).
OcHoBHBIE  (PyHKIMOHAIBHBIE KOMIOHEHTHI MOJIYNSA IPECTABICHBI
B Ta0mIe 7.

CHTYaLMAM

15 !
! Perynuposanune |
| I
| padoTel i
\ cy0bexkTa :
I

|| Pernonanempie n | MPHPOAOROL30- :
! MECTHBIE BIACTH, BaHHA CyOBeKThI !
| | MHHHCTEPCTBO M0 MPHPOIOTONb30- 1)
| L

‘ Upe3BLIMAIiHBIM BaHHs

|

|

|

» 4

Puc. 6. Ctpykrypa Mmoxyns «PerynupoBaHne HOpMaTHBHO-TIPABOBOW 0a3b1»

B npouecce mnpuHATHS pemieHuil MO, NPUHUMAIOIIEE pEUIeHHE
CTAJKMBAETCSI C MHOXKECTBOM pPAa3HOPOJHBIX, a 3a4acTyl0 M TMPOTHBOPEUMBBIX
MHEHHH. B CBS3M ¢ 3TUM yTBepXKJECHHE O CYIIECTBOBAHHM E€AMHCTBEHHOTO
ONTHMAIBHOTO  BapHaHTa JAeHCTBHH  Jaleko He BCErJa  COOTBETCTBYET
JIeCTBUTENBHOCTH.

Cnenyer yduTbBaTh, YTO caMa CHUTyalus BblOOpa MOXET HUMETh
MHOTOYPOBHEBYIO CTPYKTYPY M JEIMThCS Ha OTJEIbHBIE B3aMMOCBS3aHHbIC
nomzazayn. Kaxpas wu3 Hux MoxeT ObiTh (OpMann3oBaHa ¢ IIOMOLIBIO
CIECIMAN3UPOBAHHON ONTUMH3AIUOHHON 1mdpoBol Monenmu. Takum oOpazom,
MpoLecC MPHHATUS YIPABICHUECKOTO PEIICHUS B CIOXKHBIX YCIOBHAX MOXKHO
paccMaTpUBaTh KaK I10CIEJ0BAaTEIbHOE PEIICHUE PAJa YACTHBIX 3314, BBICTPOCHHBIX
B OIpEAEIEHHON HepapXyu, a OCYLIECTBIIATh YIIPABICHUE COCTOSIHUEM IIPUPOIHOIO
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HYXHO O0O0BEKTa, B

9TOM

ciydae,

3a CUET

aBTOMAaTHUYECKOM

YIpaBJIeHYECKUX PELIeHUH B paMKax HHU(POBOTro ABOWHHKA.

BBIPaOOTKH

Tabnuua 7. OcHOBHbIE (hyHKIMOHAIBFHBIE KOMIIOHEHTHI MOy IS «PerynupoBaHue
HOPMAaTHUBHO-TIPABOBOH 0a3bl»

Knace/ HaszBanue Bxojanbie BbixogHbie HcnoaHures
MeTton npouecca JAaHHbIE JAaHHbIE b
RegulationM | Mexauusm Otuérbl 00 Hossie Yenosexk +
odule.react_c | omeparuBHOTrO HU3MEHEHUSX HOPMATHBHBIE Hudposas
hanges() pearupoBaHust 3aKOHO/ATEIIb- TpeGoBaHus cucrema
CcTBa +
PEKOMEHAALUI
3KCIEPTHOI
CHCTEMBI
RegulationM ®opmuposanre | Hosbr AxTyanusu- YemoBek
odule.update_ | Ga3bl naHHBIX HOPMaTHBHbIE poBaHHas 6aza (yTBepxkzaer)
database() HOPMAaTHBHBIX TpeGoBaHus HOPMAaTHBHBIX + Hudposast
JIOKYMEHTOB aKTOB cucrema
(3arpy»xaer)
®dopmupoBanue | YrBepxaeHHble | [lpeanucanus/ Yenosek
NPEANHUCAHUNA U | PELICHHS, YBEIOMIICHHS
yBEIOMIICHHI ajipecaTsl (PDF/API),
cyOBeKTaM CPOKH
[IPUPOIOIIONE30 UCIIOJHECHHS
BaHMs
Vuér IIpennucanus, Crarycsl YenoBek
HCIIOJHEHHMS, OTYETHI UCIIOJHEHHUS,
coop UCIIOJHUTENCH, | HapylICHHUs
MOATBEPXKACHN | TEIEMETPHUs CPOKOB
it 1 oOpartHo
CBSI3H
IIpumenenne Craryc Pemenue o Yenosek +
CaHKIMII/CTUMY | HCIIOJHEHHS, Mepax Ludposast
JIOB TIPH PpErIaMeHT, BO3/ICHCTBUS cucrema
HEBBIMOJIHCHUN/ | CAHKIUH
IePEeBBIIIOJIHE-
HUH

Hcxons wu3 3TOrO0, OMMpasich Ha Pe3yiabTaThl CUCTEMHOTO aHAW3a,
AQHAIUTHYECKUX TIPOTHO30B W PEKOMEHAAIMH OSKCIEPTHOH CHCTEMBI
MIpeaJIaracTcsi TpU ajJropuTMa padoThI:

1. npunsTHE

IIPOUCXOOUT B

TI0JIyaBTOMAaTHI€CKOM PEKUME U KOHTPOJIHPYETCSA OTBETCTBEHHBIM JIMLIOM;

2.  TpUHATHE

OTBCTCTBCHHBIM JIMIIOM;

3. ynmpaBiieHuecKoe

YIPAaBJIEHYECKUX  PELUEHUI
YIPABJIEHYECKUX  PEILIECHUMN
peuIcHuC IMPUHUMACTC

KOHTPOJHUPYETCS

OTBCTCTBCHHBIM

JIMIIOM € TOMOLIbIO KOTHUTHUBHBIX W AHAJIUTUYCCKUX HWHCTPYMCHTOB,
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KOTOpBIC 00ecIeunBaT  MOJJEPKKY OPUHATHS ~ peLIeHUi u
MIPEAOCTABIISIIOTCS I(PPOBBIM IBOWHUKOM.

7. Onucanne padoThl HU(pPOBOro IBOWHUKA BOTHOTO 00HEKTA MO
NPpeNJIoKeHHON apxuTeKkType. McxXonas U3 OMMCaHHBIX BBINIE MOAYJIEH
apXHTeKTypa IH(POBOro IBOWHWKA BOAHOTO OOBEKTA IPEACTABISLETCS
CXeMOii Ha puCyHKe 7.

PeriionanbHbie it
MecTHbIe BIACTI,
MIHICTEPCTRO 10
upe3BLIaiinbI
cinyaun

HopmartusHo-
npasoBas 6aza
(yHKUHOHHpOBaHHS
TNIPHPOJIHOIO O0BeKTa

Crnusune AHasu3 10KYMEHTOB +——

ounegodurAiog

Cucrema resepamis
OTYETHOCTH O
COCTOSHHH
NPHPOAHOr0 00BEKTA

McTouHUMKH TaHHBIX

TeonpocTpancraer-

KHHRHOEALON
orrodudu

BLN99040 19r00ed

OxkeneprHas 6aza

HbIE 1aHHbIE

| ! ¢
|
I TMonnepxka u
1
Lo I - MPHHATHE CyObeKTs
Mpupoaubiii 00bexkT I Tuc P! b
| YTpaBIEHYECKAX NIPHPOZIONONb30BaHS
| p
1 perienni
|
T . [ S D e I S — )
— | R
i
WD i
1 TI'paduueckoe H
|
= npeacrasnenne <«  Ioabsosatens

h
JaHHBIX {
i

Puc. 7. Apxurextypa 1iuppoBoro JBOHHNKA BOTHOTO 00BEKTa

Pucynok 7 mpexacraBnsier coOOH pPACHIMPEHHYIO apXHUTEKTYpy
nUppoBOro  JBOWHHMKA BOJHOTO O0BEKTa C  JETAIM3UPOBAHHBIMU
(YHKIIMOHAJIBHBIMU MOAYJISIMH M TIOTOKaMH JJAaHHBIX, TOT/Ia KaK PUCYHOK 2
JIEMOHCTPUPYET YKPYIHEHHYIO CTPYKTYpHYIO CXeMy KIIIOYEBBIX MOJyJIeh
6e3 eTanbHOI MPopabOTKN BHYTPEHHHX CBSI3CH.

Onwucanne mnpuHOMIA pabOTBl CHCTEMBI IU(PPOBOro ABOMHMKA
BBITJLIIUT CIESAYIOMMM 00pa3oM. B pexnme peasbHOro BpeMEHH CHCTEMa
cOopa W CIOHMSHHSA MYJIBTHMOJANBHBIX NAaHHBIX (UKCHPYET MaHHBIE C
JAaTYUKOB MOHHUTOPHHIA MAapaMeTPOB SKOCHCTEMBI IPHPOIHOrO 00BEKTa B
0a3e TeONMpOCTPaHCTBEHHBIX JIAHHBIX, KOTOpas SBJISIETCS  YacThiO
reorH(OPMaIMOHHON cucTeMbl. ICTOYHMKaMK JaHHBIX BBICTYIIAIOT IaHHbIC
C JIaTYMKOB MOHHMTOPHHIA KauecTBa BOJbI, TaKHMX KaK H3MEPUTEIH
TemriepaTypbl, pH ¥ KOHIEHTpalMu 3arps3HSIONIMX BEILECTB, a TaKXkKe
yCTpOicTBa AJsl OTCIeXHBaHUsl (Guopbl W (ayHbl IPHUPOAHOTO OOBEKTA.
[ToMumMoO 3TOrO, MCTOYHMKAMM JIAHHBIX SIBJISIOTCSI METEOPOJIOTHYECKHE
CTaHIIMM M CHCTEMBl JUCTAHIMOHHOTO 30HIMPOBAHMS 3EMIIM, a TakKKe
MOJIYJIb 9KCIIEPTHOM CHCTEMBI HOPMaTHBHO-TIPaBOBOH 6a3bl
(YHKUMOHHMPOBAaHHS  NPUPOJHOrOo  OoObekra. IlonmydeHHBlE  JaHHBEIE
COCTaBIISIFOT OCHOBY MH(OPMALMOHHOTO HAMOJHEHUS CHCTEMBI.
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CoOpaHHbIe JaHHbBIE NTepeaaoTcs B HU(PPOBYIO MOJEIh SKOCUCTEMBI,
r7ie OHM 00pabaThIBAIOTCS U aHATM3UPYIOTCS.

JlaHHBIE OSKCHEPTHOW CHCTEMBI, a TaKXe JaHHble W3 IU(POBOH
MO/IENTN SKOCUCTEMBI IIEPEAIoTCsl B TeOMH(OPMAIIOHHYIO cicTeMy. B aToi
cucteMe HMHGOPMAIMs BH3YaJM3UPYETCS W CTAaHOBHUTCS JOCTYITHOHM st
MIPOCTPAaHCTBEHHOro  aHanm3a.  lludpoBas  Momens  SKOCHCTEMBI
MIPEIOCTABISET OKCIIEPTHOH cHcTeMe HeoOXOOWMble JaHHBIE UL
MIPOBEJCHUS aHAIN3a U BHIPAOOTKM peKOMEHIauuil. DKCIepTHas cucTeMa
HCIIONB3YET 3TH JITaHHBIE BMECTE C HOPMAaTHBHBIMHU aKTaMH U MapaMeTpaMH,
XpaHSAIUMHUCS B 0a3ze TeonH()OPMAIMOHHON CHCTEMBI, YTOOBI OIEHHUTH
TEKyIlIee COCTOSHHE MPHPOJHOI0 OOBEKTa M TPEIUIOKUTH MEPhI MO €ro
YIAYUIICHUIO, palluOHAIU3alllN UCIIOJIb30BaHUA UM COXPAHCHUIO.

W3 Momyns aHanW3a JIOKYMEHTOB BBIICIEHHAs CEMaHTHYeCKas
nHpOpMaNKs COXpaHSIeTCs B JKCHEPTHOW 0Oa3ze NAHHBIX Ul JanbHernen
paboTel MOAYJISl TOANECPKKU M TIPUHSITHS yHpaBlIeHUECKHX pemieHui. Ha
OCHOBE HOBBIX [aHHBIX, IIOJYYEHHBIX W3 IM(PPOBOH MOAETH W
CEeMaHTHYECKUX JaHHBIX M3 HKCIIEPTHOH 0a3bl JaHHBIX MOIYIb ITOIAEPKKH
U TPUHATHS YIPABICHYECKHX PEUNICHWH KOPPEKTHPYET BHYTPEHHIOIO
pa0oTy, NpHHMMAET peIIeHHEe M TepelacT MAaHHble IS TeHEpaluH
OTYETHOCTH O BO3MOXXHBIX HApYLICHUSX B 9KOJIOTHIECKON 0OCTaHOBKE.

Pemenne mo pesymbraTtaMm pabOTHI AKCHEPTHOH CHCTEMBI, 4epes
CUCTEMY reHepalu OTUYCTHOCTHU HaIpaBJIAIOTCA cy61)e1<TaM
MprUpoOa0NO0Jb30BaHNA, TaKUM KaK KOMIIAHWH, 3aHUMaronIuecs }106])1‘[61‘/’1
ITOJIC3HBIX UCKOIMACMBbIX, CCIIbCKUM XO3ﬂﬁCTBOM, JIECO3arOTOBKOU U JApyrumMmu
BUJaMH JEATEIBHOCTH, OKa3bIBAIOIUMH BIIMSIHUE HA MPUPOAHBIE 00BEKTHI.
OT0 MO3BOJIET UM aJaNTHPOBATh CBOIO JESATEIBHOCTD IO/ TEKYILUE YCIOBUS
U MUHUMM3HPOBATh HETAaTUBHOE BO3JCHCTBHE HA OKPYKAIOIIYIO CpEmy.
CyObBeKTsl TNPHUPOAOINONB30BaHUS M JApPYrHe IU(POBBIE JBOWHHKH,
HCIIONB3YIOT Pe3yJbTaThl paboThl U(POBOrO JBOWHHUKA JUISl ITOBBIICHUS
3((EKTUBHOCTH CBOHX OTICPAITHA.

Opranel  ympaBieHHs, Takue Kak Murnpupons:  Poccun,
PocBoapecypcerl, Pocnpupognanzop, PocruzapoMer, MHHHCTEPCTBO IO
‘-IpeSBBI‘IaﬁHBIM CUTyalusaM, a TaKXE PECTUOHAJIBHBIC MU MECTHBIC BJIACTH,
HCIIOJIB3YIOT JaHHBIC 3KCHepTHOfI CUCTEMBI JJId NPUHATHA 000CHOBaHHBIX
pelIeHui. OTH pelIeHus] KacalTcs PErYIMPOBAHUS HCIONb30BaHUS
NPUPOAHBIX  PECYPCOB, IPEAOTBPAICHUS OKOJOTMYECKUX yIrpo3 U
peanu3auy IpUpoI00XPaHHBIX MeponpuaTHil. OpraHsl ynpaBieHUs BHOCST
HU3MCHCHHUS B 633}/ JaHHBIX HOPMATHBHBLIX AKTOB, OTpaXaroIMu€ HOBBLIC
3aKOHO/ATEIbHbIE MHHUIMATUBBI M TpeOOBaHMS. OTH OOHOBIECHHS 3aTeM
WCIIONIB3YIOTCSL  OKCIIEPTHOM CHUCTEMOH Npu aHaiuu3e U BbIpaboTKe
pexoMeHJanui. Pemenus, NpuHATBIE OpraHaMy YIPaBICHUS OKa3bIBAIOT
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HEMOCPEJCTBEHHOE BO3JICUCTBHE HAa CYOBEKTHI MPUPOJOIOIb30BaHUS,
00513bIBast X COOJIIO/IATh YCTAHOBJICHHBIE CTAHAPThI U OTPaHUUCHHUSI.

[IpencraBnenHass apxuTeKTypa LU(GPOBOTO IBOHHHUKA BOJHOTO
00beKTa OCHOBaHA Ha pacIipeielIeHHO MUKpOCEpBUCHOW apxuTekType. s
MIPOTPaMMHON  peanu3aluy «IH(POBOTO JABOMHHKA» OBUI ONpenencH
CIIeIYIOIINI TeXHOJNOTHYECKUI CTEK: S3bIKU MporpaMMHUpoBaHus — python,
Rust; m71s KOHTEeHHEpU3aLuK U OPKECTPALIMU CEPBUCOB — TexHoIorHK Docker
n Kubernetes; mist opranusanum odepeaei 3a1ad M1y MUKPOCEPBHCAMU —
6pokep RabbitMQ; mmst xpaHeHus1 TeOnPOCTPaHCTBEHHBIX JaHHBIX — CYB]]
PostgreSQL ¢ pacumpennem PostGIS; aBropckme OmbmmoTexu Mmomeneit
MAIIMHHOTO 00YYeHUs ISl KIIACCU(PHKAIMH 1 CEMAaHTUYECKON CerMeHTallnu
y4acTKOB MecTHOCcTH, a Tak ke RAG LLM llama3.1 ¢ 6ubanorexamu
CEeMaTHYEeCKOTO0 IIOMCKa W BEKTOPHM3allMM TEKCTa, Uil JOCTyla K
HOPMAaTHBHO-TIPAaBOBEIM JIokyMeHTaM — AP ["apaHT.

Co3nganue 1U(POBOrO JBOMHHMKA BOIHOTO OOBEKTa IIO3BOJISIET
OllepaTHBHEE pearupoBaTh HA W3MEHEHHS, MPOHMCXOMASIINE B MPUPOIHOM
obobekre. g TpuMepa paccMOTPUM CHTYalHMI0 C aHTPOIIOTCHHBIM
BO3/ICHCTBHEM YellOBeKa Ha 3KocucTeMbl o3epa Kaban, PO [36, 37]. IIpu
peanm3anuu nU(ppPOBOTO ABOMHUKA TpeOyeTcs MPOCIEANTh BO BPEMEHH
HN3MEHEHHE OOBEKTa, B JAaHHOM ciydae o3epa KabaH, a Taxke MpUHSTHIC
HOPMAaTHBHO-TIPABOBBIC aKThI, PETYINPYIOIIHE BO3ICHCTBIE YEIOBEKA.

Hcropuueckn wu3BecTHo, 4to o3epo KabGan B Kazanum Hauanu
3arpsa3HATbCA ¢ KoHLa XVII Beka u3-3a KO)KEBEHHBIX U MbLIOBAPEHHBIX
Macrepckux, a B XIX—XX Bekax ycyryouiock copocamu ot 3aBonoB (TOL],
XMUMKOMOMHAT, 00yBHOH KoMOMHAT «CrapTak»), 4TO NMPHUBENIO K IIBETCHUIO
BOJOpOCIEH, rH0eI 3KOCUCTEMBI, HAKOIJIEHHIO CEPOBOJIOPOJA, TSKEINBIX
MertaymioB. Haumnas ¢ 1981 rr. Omaromapss TNpaBUTEIbCTBEHHBIM
MIOCTAHOBJICHUSIM M MEpaM CaHANMAHAA30pa Hadajach «pPeaHUMAIIsDy
C MPEeAyNpPSKACHUSIMI M mTpadamMu NMpeanpHuaTHsIM U yXe depe3 3 rona
CUTyalMs B o3epax ymydiumnack. Meponpustus npoBogumsie ¢ 1981 mo
1994 rr.: 1981-1984 rr.— mpekpaiiieHue cOpoca MPOMBIIIICHHBIX CTOKOB;
KaHAJTM30BaHUE M OTBEJCHHE YaCTH XO3SHCTBEHHO-(DEKATBHBIX CTOKOB;
1982 r.— co3paHue BpeMEHHOIH MPOTOYHOCTH; KPAaTKOBPEMEHHAs a’dpariusi;
1984-1987 rr. — uzbsaTHe nOHHBIX oTioxkeHud (Hwmwxuuit Kaban); 1988-
1994 rr. — uzbaTtue noHHBIX oTinoxenuit (Cpenuuii Kaban). B 2011r.
BBIIBIUIM 27 WCTOYHMKOB cTOKOB Ha Cpenmnem Kabane, ycraHoBmIn
(PUTOOUMCTHBIE KAaCKaJbl C PAaCTEHHSMH ISl €CTECTBEHHOW (QHIBTpalyy,
BOJAHBIE caasl M ouucTHble Ha Hmwxaem Kabane, uro 3amyctuio
CaMOBOCCTaHOBJICHHE OakTepUsiMH TPU 3aKphITUM CTOKOB. Jlo KOHIa
npobiema ouncTky o3ep KabaH He penieHa, HO KOHIEMIMS Ha0EPEXKHBIX C
9KO-3HEPrOCHCTEMOH, dKojorndeckue HopmatuBbl PT u ¢denepanbHbie
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CaHWTAapHbIE HOPMBI, TPHBEIM K OyaroycrpoiictBy 1,5 kM OeperoB u
CHIYKEHUIO TOKCUYHOCTH.

O0600mmas M3JI0XKEHHYIO BbIlle MH(GOPMANUIO, MOXHO IPEACTaBHTh
coctostHus 03epa KabaHn Ha BpeMeHHO# ocH. B cooTBeTCTBHYM C BpeMEHHBIMHU
MeTKaMH HWH(pOpManus TIOCTYIaeT Ha LeJeBble MOAYIH <IU(POBOTO
MBOWHWKA» T/€ MPOUCXOmUT obOpaborka wHpopmammu. Ha pucynke 8
rpaduuecku MpeAcTaBiIeH npornecc 00paboTKH HHPOPMALUH C IPUBSI3KOH K
(YHKIMOHAJIBHBIM MOAYJISIM apXUTEKTYPhl CHCTEMBI, NPEICTaBICHHOH Ha
pucynke 7. ['opu3oHTanbHass OCh BpPEMEHH WILTIOCTPUPYET KIIOYEBBIE
HCTOPUYECKHE U COBPEMEHHBIE IEPHOMABI aHTPOIIOTCHHOTO BO3JIECHCTBUS H
BOCCTaHOBJIEHHS BOJHOIO OOBEKTa: OT HAYaJbHOIO 3dTala Jerpajaliy 1o
COBPEMEHHOI'0 JTana LU(PPOBOrO MOHHTOPHHIA W TIPOTHO3MPOBAHHS C
TTOMOIIBIO KIIU(PPOBOTO ABOHHUKAY.

® ® ®6
) @ ® ©® @0 @0B®WOO

XVII-XX BB. 1981 1994 2011 Hacrosmiee Bpems

Puc. 8. [Ipusizka MmoxyJtei ud)poBoro ABOWHKMKA BOIHOTO 00bekTa k 0. Kaban

8. 3akurouenune. L{udpoBoil MBOMHMUK 3KOCHCTEMBI IPUPOIHOTO
00BEKTa B LIEJNIOM, U 9KOCHCTEMbI BOJHOTO 00BEKTa B YACTHOCTH, SIBJISICTCSI
NEPEAOBEIM MHCTPYMCHTOM YIIPABJICHUA U KOHTPOJIA. Haquaﬂ HOBHU3HA
paboThl 3aKirouaeTcsi B pa3paboTKe apXUTEKTYpbl HU(POBOro JBOMHHKA
BKJTIOYAIOIIETr0 0053aTeIbHOE HAJTUYNE KOHTYpA YIPaBICHUS 3KOCHCTEMON
BOJHOTO 00BEKTa, YYHMTBHIBAIOIIETO pE3yJbTaThl pabOThl IKCHEPTHOU
CHCTEMBI, YEero paHee HE pacCMaTPUBAIM CYIIECTBYIOIIHE IOJIXOJBI.
WHTerpanus MeTo10B MAaIMHHOTO O0yYEHHMs, aHAIN3a OOJBIINX AAHHBIX U
METO/I0B 00pabOTKM E€CTECTBEHHOTO s3bIKa O0ECHEeYMBAET BO3MOXKHOCTH
BBISIBJICHUSI CKPBITHIX 3aKOHOMEPHOCTEH, HYTO 3HAYMTEIHHO ITOBBIIIACT
KadecTBO yIpaBieHUecknx pemennil. [Ipeanmaraemast —apxurekTypa
Iu(ppOBOr0  IBOHHMKA BOJHOTO OOBEKTAa TIO3BOJSIET  ONEPATHBHO
pearnpoBartb Ha U3MCHCHUA, OINNTUMU3UPOBATH mpouecc
MpUPOA0I0JIb30BaHUA )41 npeaoTBpaliaTb 9KOJIOTHYCCKUC KPU3UCHI.
Hcnonb3oBanue TakoW apXUTEKTYpbl CO3JAET OCHOBY MJIsl YCTOMYUBOIO
MMprUpoa0I0JIb30BaHNA, IO3BOJIAA MUHUMU3UPOBATH HCraTuBHBIC
BOSHeﬁCTBHH, OIICPATUBHO pC€arupoBaTb HA OTKIIOHEHUSA OT 5KOJOTHYCCKUX
HOpMAaTuBOB H 06ecnetuaTb JOJTOCPOYHYIO COXPAHHOCTH BOJHBIX
00OBEKTOB.
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A. MIRONOV, A. SAENKO, E. FOMINA
DEVELOPMENT OF A DIGITAL TWIN ARCHITECTURE FOR
AN AQUATIC ECOSYSTEM TO PRESERVE ENVIRONMENTAL
SUSTAINABILITY

Mironov A., Saenko A., Fomina E. Development of a Digital Twin Architecture for
an Aquatic Ecosystem to Preserve Environmental Sustainability.

Abstract. The purpose of this work is to develop a digital twin architecture of an aquatic
ecosystem to preserve environmental sustainability, including monitoring, forecasting, and
management of water resources in the context of anthropogenic impact and climate change. The
paper proposes a modular digital twin architecture that includes a module for collecting and
combining multimodal data, digital ecosystem models, an expert system, a regulatory framework
module, a geographic information system, and a graphical data representation module. The
architecture is based on the integration of data from sensors, satellites, weather stations, and
remote sensing systems, using machine learning models and large language models to analyze
regulatory documentation. The developed architecture of the digital twin of a water body allows
monitoring ecosystem parameters in real time, assessing compliance with regulatory
requirements, and generating reports and recommendations for organizations involved in natural
resource management and governing bodies. The effectiveness of various models of legal text
processing was tested, and optimal approaches to their semantic analysis were determined. The
expediency of integrating the digital twin into the state environmental management system is
substantiated. The digital twin architecture proposed by the authors is a comprehensive tool for
sustainable water resources management that allows predicting the state of water bodies, timely
identifying risks and developing scientifically sound management solutions, thereby reducing
environmental threats and preserving water resources.

Keywords: digital twin, water resources, aquatic ecosystems, natural resource management,
expert system.
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A.B. BOPOBLEB, I'.P. BOPOFBEBA
KOHTEKCTHO-3ABUCHUMBbI METO/ AJAIITUBHOM
HACTPOMKHU IAPAMETPOB ABTOPEI'PECCUOHHBIX

MOJIEJIEN 14 HECTAIIMOHAPHBIX BPEMEHHBIX PSI/10OB

Bopobves A.B., Bopobvesa I'.P. KOHTeKCTHO-3aBUCHUMBIi METO] a/IaTHBHOI HACTPOHKH
NapaMeTPOB ABTOPerpecCHOHHbIX MoJIeJieii Il HeCTAMOHAPHBIX BPeMEHHBIX PSI0B.

AHHoTanus. Ilpeiaraercss MeTOJ KOHTEKCTHO-3aBUCHMMOW HACTPOWKM HapaMeTpoB
aBTOPErPECCHOHHBIX MOJENEH UL BOCCTaHOBICHHUS IIPOITYCKOB B HECTAIIOHAPHBIX BPEMEHHBIX
psanax. KitoueBas 0COOEHHOCTh METOJA 3aK/IIOYACTCS B AJANTUBHOM BbIOOpE MapaMeTpoB
mozemn ARIMA (p, d, q) Ha ocHOBe OBYX (haKTOPOB KOHTEKCTA: [UIHTEILHOCTH MPOIyCKa U
YPOBHS BHEIIHWX BO3MYILICHHH B COOTBETCTBYIOLIMII IepHox. B oTnmume oT cTaHmapTHBIX
HO/IXO/IOB ABTOMAaTHYECKOro MoA00pa, OPUCHTUPOBAHHBIX HA INI0OAIBHYIO ONTUMHU3ALUIO IS
MPOTHO3UPOBAHUS, Pa3pabOTAHHBIM aJTOPUTM CYXKAeT IMPOCTPAHCTBO IOMCKA MOJENeH U
OCYIIECTBIIIET BEIOOP ONTUMAIIBHOI KOH(HUTIYpAIFH C TIOMOIIBIO JIOKAIbHON KpocC-BalHIaINH,
YTO MO3BOJIIET YUUTHIBATh CIEHH(HICCKIE YCIOBHs B 00JacTH Mpolycka. MeTto/ peain3oBaH
B BHAE MNPOrPaMMHOTO MOAYJIss Ha s3bike Python ¢ MOAynpHOW —apXHUTEKTypoi,
obecreunBaronieil BHIYMCIUTENBHYIO (D(OEKTHBHOCTD 32 CUST KEIINPOBAaHUS M IapalIeIbHBIX
BbIYUCICHHH. DP(PEeKTHUBHOCT, MeTOOa NPOBEpEeHa B XOJ€ OJKCIEPUMEHTa Ha pPeabHbBIX
reoMarHuTHBIX JaHHbIX (komroHeHTa DBE NEZ o6cepBatopun JloBozepo). PesynbraThl
JIEMOHCTPHPYIOT, YTO B YCIOBHUSX CIOKOHHOI M ClIa00BO3MYIIECHHOIl TIeOMarHUTHOH
obctaHoBku (MHAeke SME = 50-200 uTn) meron oOecrieynBaeT BBICOKYHO TOYHOCTb
BoccraHoieHus (R? = 0.71-0.85) ans npomnyckoB anuHO# ot 5 no 120 munyt. IIpu sTom
II0Ka3aHO, YTO TOYHOCTH 3aKOHOMEPHO CHIDKACTCS C POCTOM YPOBHS BO3MYIICHHH, 9TO
oTpaxaeT (QyHIaMEHTAIbHOE OrPaHMYCHHE, CBSI3aHHOE C BO3PACTAIOMIeil CTOXaCTHYHOCTBIO
HCXOJHOTO curHama. IIpe/UIosKeHHbIH MOAX0J 00eCIeynBacT HHTEPIPETHPYEMOCTh U
aJIalITHBHOCTb, OTKPBIBAS IEPCIEKTHBHI IUISI CO3JaHMSI HHCTPYMEHTOB BOCCTAHOBIIEHHS JaHHBIX
B Pa3JIMYHBIX TPUKIIAIHBIX 00IACTSX.

KilodueBble  cJI0Ba:  aBTOPEIPECCHOHHBIE MOJEIH, BOCCTAHOBJICHHE MPOIYCKOB,
HECTaI[MOHAPHbIC BPEMEHHBIC Psi/Ibl, TCOMATHUTHBIC JAHHBIC.

1. Beenenue. ABTOMaTHYECKHIA aHamu3 u 00paboTka
HECTaIlMOHAPHBIX BPEMEHHBIX psAmoB MpeCTaBIsIET coboit
(byHIaMeHTalbHYIO 32/1a4y B 00J1acTH HH()OPMATHKH, MAITUHHOTO 00yYeHUsI
U TOpuKIagHOW MaTteMaTHKH. OcoOyro CIOXHOCTH B 3TOM KOHTEKCTE
BBI3BIBAET IPOOJIEMa BOCCTAHOBJICHHS NPOITYCKOB B JIAHHBIX, KOTOPBIE
Hen30€)KHO BO3HUKAIOT B PEAIbHBIX CHCTEMaX MOHHUTOPWHIA BCIIEICTBUE
cOoeB 000pyIOBaHMS, NOTEPH CHUTHAJIA WJIM HWHBIX TEXHOJIOTHYECKHX
npuanH. TpaguIMOHHBIM U XOPOIIO 3apEKOMEH/I0BABLINM ce0sl amapaTom
JUIsL pabOTHl ¢ TAaKUMH PSAAAMH SIBISIOTCS aBTOPETPECCHOHHBIE MOJIEIH, B
yacTHOCTH, Kkinacc ARIMA-Mozenei, KOTOpbI 3a CyeT oOmnepanuu
nuddepeHnrpoBaHs SBHO NpeIHa3HAueH ISl aHAIN3a HECTAI[MOHAPHBIX
mporieccoB [1]. Onuako »3¢ddexTnBHOCTE ITHX MoJeNed I 3agad
HHTEPHOJSIINN KPUTHYECKH 3aBHCUT OT KOPPEKTHOTO BhIOOpa WX
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napaMeTpoB — MOPSAKOB aBToperpeccuu (P), muddepenimpopanus (d) u
ckonp3siero cpeanero (4) B mogenn ARIMA (p, d, q).

CyuiecTByloIMe CTaHAAPTHBIE METOABI aBTOMAaTHYECKOTO Moabdopa
IapaMeTpoB, TaKUe KaK IIUPOKO UCIONb3YEMBI alTOPUTM, peaT30BaHHBIN
B nakere «forecast» mis R [2], opueHTHpOBaHbI, B NEpBYIO ouyepenb, Ha
3a7[a4¥ MPOTHO3MPOBAHNUS U OCHOBAHBI HA MUHUMH3ALUH HH()OPMALTMOHHBIX
kpurepueB (Axauke, baifeca) u aHamM3e aBTOKOPPEIALMNOHHBIX (DYHKITHH.
HecMoTps Ha CBOIO pacHpOCTPaHEHHOCTb, 3TH METOJBI 00IamaroT
CYLIECTBEHHBIM OTPAaHWYECHHEM IIPH HCIONb30BAHUH IJISI BOCCTAHOBIICHUS
JAHHBIX: OHM OCYNIECTBJISIOT BBIOOp IapaMeTPOB, OPHUEHTHPYSCH
UCKJIFOYNTETPHO HA BHYTPEHHIOI CTaTUCTHYECKYIO CTPYKTYpY BCETro
BPEMEHHOI'O psAa, WTHOPUPYS JIOKalbHBIE YCIOBHS BOKpPYT IpPOIYyCKa.
B peanpHbIX ke yCIOBHAX, 0COOECHHO IPpH padoTe ¢ AaHHBIMH (PU3UUECKOTO
MOHUTOpHHIA, (PMHAHCOBOM AHAIMTHKU WM TEJIEMETPHH, XapakTep psnia
B 00JIaCTH MPOITyCKa MOET CYILECTBEHHO 3aBUCETh OT BHEIIHHX, 3a4aCTYIO
nU3MepUMBIX (akTOpoB. JMMTENBHBIH TNPOIYCK, BO3HUKIIMK B IEpUOJ
BBICOKOM BHEIIHEH Harpy3Kd Ha CUCTEMY, IIPUHIIUIHMAIBHO OTJINYAETCS OT
NPOITyCKa AaHAJIOTMYHOM MJIMHBI B TIEPHOA €€ CIOKOMHOW paboTHI.
[IpumeHneHne  CTaHAApTHBIX IApaMeTPOB, ONTUMH3UPOBAHHBIX UL
r700aJbHOTO TPOTHO3a, K JIOKAIBHOM 3amade HWHTEPHONALNH MOXKET
MIPUBOJNTH K 3HAYNTEIBHBIM IIOTPELIHOCTSIM BOCCTAHOBIICHHUS.

Takum o00pa3oMm, aKTyalbHOW HAayYHO-TEXHHUYECKOW 3amadeid
SBIsETCS pa3paboTKa METOJO0B HACTPONKM MoOpene BOCCTAHOBIICHMS
JAHHBIX, KOTOpble OBl yYMTHIBAIM HE TOJBKO BHYTPEHHHE TJI00aJIbHBIE
3aKOHOMEPHOCTH PsIJ1a, HO U JIOKAIbHBIH KOHTEKCT, B KOTOPOM HabII0Aat0TCS
nporycku. [10100HbII KOHTEKCTHO-3aBUCUMBIN MOAXO0/1 ITO3BOJISIET IEPEHTH
OT YHHUBEPCAIbHBIX, HO 3a4aCTYI0 U3JIUIIHE OOLIMX PEIICHNH K aJJalITHBHBIM,
KOTOpBIE  TOHKO  TOJCTPaWBalOTCA  TOA  KOHKPETHBIE  YCIOBHUS
BOCCTAaHaBJIMBAEMOT'0 CETMEHTA JaHHBIX. JTO 0COOEHHO BAXKHO ISt PaOOTHI
C HECTallMOHAPHBIMH PSAAAMH, XapakTep KOTOPBIX MOMKET PE3KO MEHSTHCS
oJT BO3/IeiicTBHEM BHEITHHX (PakTopoB [3].

B nanHOl paboTe mnpeanaraercsi KOHTEKCTHO-3aBUCHMBIA METO.
aJlalTUBHOM HACTPOWKM IapaMeTpOB aBTOPETPECCHOHHBIX MOJENeH I
3aa4 MHTEpNosAuHu. Ero OCHOBHOE OTIMYME 3aKIHYaeTcsl B TOM, YTO
anroputM BbeIOopa mapamerpoB (P, d, () HCHONB3yeT JBa KIHOYEBBIX
KOHTEKCTHBIX  (pakTOpa, CHenuUYHBIX Uil 00JacTH  MPOITyCKa:
JUINTENIFHOCTh TIPONTyCKa B JAHHBIX M KOJIWYECTBEHHYIO OIICHKY
WHTCHCHUBHOCTH BHEIIHWX BO3MYIICHHII B COOTBETCTBYIOUIMH IEPHOI.
B kagectBe nemoHcTpanuu 3()(HEKTUBHOCTH MPEAJIOKEHHOTO METOoAa M
BaJHMIAIMM TTOAXOJa OH INPHMEHEH K 3a/a4e BOCCTAHOBJICHUS PEaIbHBIX
TF€OMarHUTHBIX JIaHHBIX, XapaKTepU3yIOIUXCS BBIp)KEHHOU
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HECTallMOHAPHOCTHIO W TMOJBEPIKECHHBIX BIIMSHUIO COJHEYHOW aKTHBHOCTH,
YTO MOJICJIUPYETCS YePe3 COOTBETCTBYIONIMH FreOMarHUTHBIN HHJEKC. Llenbio
UCCIIEIOBAHMS SIBIISICTCS JEMOHCTpAlUsl NPHUHLIUIINAIBHON BO3MOMKHOCTH
U IPEUMYIIECTBa BKJIIOYCHUSI JIOKAJbHOW KOHTEKCTHOW uH(popManuu
B IIpOllECC NapaMeTpH3aldi MOJENCH Uil WHTEPHOJALUH BPEMEHHBIX
psAmoB [4], 9TO OTKPHIBACT MyTh K CO3JaHUIO OoJice HANEKHBIX M TOYHBIX
aHATNTHYECKUX HHCTPYMEHTOB JUIS BOCCTAHOBIICHUS JAHHBIX B PA3IMYHBIX
MIPEIMETHBIX 00JIacTsIX.

2. CocTosiHue Bompoca. Pa3Butne METONOB aBTOMATHYECKOTO
aHaNIM3a BPEMCHHBIX PSIOB HEMOCPEICTBEHHO CBS3aHO C MOTPEOHOCTHIO B
3¢ (GeKTHBHBIX HHCTPYMEHTaX s o00pabOTKM HEMONHBIX JaHHBIX,
BO3HMKAIOIIMX B pEWIBHBIX CHUCTEMax MOHHUTOpPUHIa. lcTopuuecku
npoOiieMa BOCCTaHOBJICHHUSI TPOIYCKOB pellajiach JUO0 MPOCTHIMU
CTaTUCTUYECKMMHU METOJaMH (JIMHEHHas MHTEPIOJSIMS, 3aIloJIHCHUE
CPEAHUM), JTHOO C MOMOIIBIO CKOJIB3AINX cpenHux. OMHAKO 3TH MOIXObI
HE YYHUTBIBAJIN aBTOKOPPEISILIUOHHYO CTPYKTYPY JaHHBIX, YTO IIPUBOJHIIO K
3HAUUTEJBHBIM HCKXCHUSIM IpH PadOTe C HECTAlMOHAPHBIMH PSIAMH,
XapaKTEepHBIMH JUIA TEO(U3NUECKHX, SKOHOMHUYECKHMX W WH)KCHEPHBIX
HU3MEpEHUH.

[lepenoMHBIM MOMEHTOM CTaJO HIMPOKOE BHEAPEHHE B MPAKTUKY
Merononornd  bokca—/keHKMHCa ®W  Kiacca  aBTOPErPECCHOHHBIX
HWHTETPUPOBAHHBIX MoJenel ckobasmero cpennero (ARIMA), koTopsle 3a
cuer oneparopa JauddepeHIUpOBaHUs ~ MO3BOJIIOT  paborark ¢
HECTAIMOHAPHOCTBIO, a KOMIIOHEHTHl aBTOPETPECCHH M  CKOJB3SIIETro
cpenHero  3(GdeKTHBHO MISHTUPHUIMPYIOT BHYTPEHHIOW  JTHHAMHKY
nporiecca [5]. DTo co3aallo TEOPETHUECKYI0 OCHOBY JJIsl MCIOJB30BaHUS
JIAHHBIX MOJIeJIel He TOJIBKO JUIS IIPOTHO3MPOBAHUS, HO U JUISI HHTEPIIOJISIIIUI
MIPOITYCKOB.

CremyromyM  JIOTHYECKMM  IIaroM  CTaja  aBTOMAaTH3aIMs
TPYZIOEMKOTO Tpolecca HICHTUPHUKAMK W OLECHUBAHUS I1apaMeTpoOB
ARIMA-Moneneii. ANTOpUTMBI, MOJOOHBIE pEATN30BAaHHOMY B TaKeTe
forecast amsa R [1], cramm mpOMBINUIEHHBIM CTaHIAPTOM, IEMOHCTPHUPYS
BBICOKYIO 3())eKTHBHOCTh B YCIIOBHSIX, KOTZa BDEMEHHOM psii MOXKET OBITh
ONHCaH EIWHOW CTPYKTYpOil Ha BCeM IepHOAe HaOMoACHUH. JTH
QITOPUTMBI, OCHOBaHHBbIE Ha KOMOHMHAIMM CTATHCTHYECKHX TECTOB H
nH(pOpPMAIHOHHBIX KpPHUTEPUEB, MUHAMH3UPYIOT  HE00XOIMMOCTh
9KCMEpTHOro BMemaresnbcTBa. OnHako nx GpyHIaMeHTaIbHOE OrpaHUuYeHHE
MPOMUCTEKAET M3 CaMOM 1IeJM UX CO3JaHMS — OHHM ONTHMH3UPOBAHBI IS
r7100abHOTO OMMCAHUS Psifia B IeNIX MporHo3upoBaHus. [Ipu aTom 3agada
JIOKaJIbHOTO ~ BOCCTAHOBJICHHWS  IIPOIMYyCKa, OCOOEHHO B  YCIOBHSX
N3MEHSIOIIelcs BHEIIHEH cpeibl, IPEeIbsBIsIET MHbIE TPEOOBAHMS K MOJEIIH.
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[Tapametpel, obOecneuyuBaromMe MUHMMalbHYIO OIIMOKY Ha  Bcel
UCTOPHYECKOI BBIOOpPKE, MOTYT OKaszaThCsi CyOONTHMAaNbHBIMH IS
anmnpoKCUMAIlMM MOBEJEHUS CUCTEMBl B KOHKPETHBIH, MOTCHLUAIBHO
aHOMAaJIbHBIN, UHTEpBaJ BPEMEHHU, OTMEUEHHBIN IPOIYyCKOM JaHHBIX.

Pacmmpenue ARIMA no mozeneil ¢ 9K30r€HHBIMH IEPEMEHHBIMU
(ARIMAX) cTajo monpITKOW y4ecTh BIUSHIE BHEITHUX (akTopoB [6]. DTOT
MOJXOJ, TOKa3al CBOIO 3((EKTHBHOCTh B CHUTyalHUsX, KOTJA CyIIECTBYET
YETKO M3MEPSAEMBbIIl BHEIIHUN ApaiiBep, KOPPEIUPYIOLUIUMHA C OCHOBHBIM
psanom. Tem He MeHee, ero IPUMEHUMOCTD AJIsl BOCCTAHOBIIEHUS IPOITyCKOB
OrpaHWYeHa HEOOXOAWMOCTHIO HAIWYMS IMOJHBIX JAHHBIX IO HK30TCHHBIM
IIEPEMEHHBIM 32 BECh IEPHOJ HMHTEPHOJSLMH, YTO HA MPAKTHKE YacTo
HeBbInonHNMO. bonee Toro, ARIMAX He pemaer npo6ieMy aganTHBHOTO
BbIOOpA CTPYKTYpHBIX mapametpoB (P, d, q) — MojeNns moyyaeT BHEUIHHUMA
BXOJ, HO €€ apXHUTeKTypa ocraercsi (MKCHPOBaHHOH W MOA0OpaHHOM
IJ100aJIbHO.

B nmocinegHue roiel UCCIENOBATEIbCKUNH HMHTEPEC CMECTUIICS
B CTOPOHY MAaIIMHHOTO O0Oy4YeHHWs] W THOpPHIHBIX Mojenel. Paborsl,
monoOHbIe [4], TEMOHCTPUPYIOT MOTCHIHAI KOMOWHUPOBAHHS JTHHEHHBIX
aBTOPETPECCHOHHBIX MOJIENIEN ¢ HEIMHEMHBIMHY allIPOKCUMATOPaMH, TAKUMHU
KaK HMCKyCCTBEHHBIE HEWPOHHBIE CETH, OIS ydeTa CIIOKHBIX MaTTEPHOB.
OnHaxo BO3pacTaromast CI0KHOCTh TAKMX MOJAENIEH 9acTo TpedyeT OonbpImx
00BbEMOB JaHHBIX I 00Y9IEHHS, MOXKET BECTH K IIepeoOyUECHUIO W CHUKACT
HHTEPIPETHPYEMOCTh pPe3ynbTaToB. Kpome TOro, BONpOCH aJanTHBHOTO
BbIOOpa THIEpIApaMeTPOB M APXUTEKTypbl THOPUIHBIX MoOjeleld B
3aBHCHUMOCTH OT JIOKAJHHOTO KOHTEKCTa MPOITyCKa OCTAIOTCS OTKPBITHIMH.

[TapannensHO B OTAENBHBIX paboTax (Hampumep, [7]) oTMmeuaercs,
YTO XapaKTePUCTUKU CaMOT0 MPOIycKa (MEXaHU3M BO3HUKHOBEHUS, JJIMHA,
pacriojiokeHue) SIBISIFOTCS KPUTHYECKM BaXKHOM —MeTa-uHpopMauueii.
OMIUPUYECKH YCTaHOBJIEHO, YTO TOYHOCTh OOJBIIMHCTBA METO/OB
HMHTEPHOJISLAN CHUXKAETCS C yBEIMUEHUEM JAIUHBI IPOIycKa. TeM He MeHee,
9Ta 3aBUCHMOCTH PEIKO (OPMaNN3yeTCs B BUAE SBHOTO AJITOPUTMHUUECKOTO
IpaBHUIa ISl MepeHacTpoiiku mozend. CyIHIecTBYIOIUE PpELICHUs, Kak
KJIACCHUYECKHE, TaK U COBPEMEHHBIE, IEHCTBYIOT B MApaJUrMe, Te alrOpUT™M
00 HE NpUHHMMaeT BO BHMMaHME 3Ty HWH(OpManuio, Ju00 NaccHBHO
HaOIIOMaeT yXyIIIeHHe KayecTBa, HO HE MEHSAET CBOIO CTPATETHIO IS
KOMITEHCAIH TaHHOTO (P dexTa.

Takum o00Opa3oM, 0030p COBPEeMEHHBIX IOJXOMOB BBIABISET
CYILIECTBYIOILY O METOJI0JIOTHIECKYIO mpobiemy. Henocrarouno
pa3pabOTaHHBIMHM OCTAIOTCSI METOMBI, KOTOPBIE aKTHBHO HCIIOJIB30BAIN OBI
KOHTEKCTHYI0O HMH(OPMAIMI0 O TPOMyCKe M BHEIIHUX YCIOBHAX IS
JMHAMUYECKON aanTaliy CTPYKTYPHBIX ITapaMeTpoB 0a30BOI MOJENH, a He
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ToNbKO ee Kod(h¢unuenroB. TpeOyercs mepexo] OT MNPHHIMIA «OJHA
MOZEIb JUI1 BCEro psga» K KOHLENUWHM «aJalTUBHAas MOJCIb Ul
KOHKPETHOTO IIPOILyCKay.

3. Onucanne mpemiaraeMoro Meroaa. B ocHOBe mpearaemMoro
MOAXO0/a JICKUT MPUHIMIT KOHTEKCTHO-3aBHCUMOM afanTaiuu [8], cormacto
KOTOPOMY HapaMeTpbl aBTOPETPECCHOHHONW MOZEIH, HCHOJIB3yEeMOH I
MHTEPIIOISANNKN IIPOIYyCKa, JMOJDKHBI ONPENeNAThCd HE TII0O0ATbHBIMHU
CBOMCTBAMH BCET0 BPEMEHHOIO psfa, a JIOKAJIbHBIMU YCIOBHSAMH,
XapaKTEPHBIMU JUIS JAHHOTO KOHKPETHOTO MPOITyCKa.

JlaHHBIM NMPUHOWI peanusyeTcd B BuAE (OPMANBHOTO alrOpUTMa,
KOTOpPBI ~ HMHTETpUPYET  JBa  KIIOYEBBIX  (DakTopa  KOHTEKCTa:
KOJIMYECTBEHHYI0  XapaKTepUCTHKYy  C€aMoOro IpoImycka U Mepy
HMHTCHCUBHOCTH BHEIIHUX BO3MYILIEHHH B COOTBETCTBYIOUIMH mepuoi. ITo
MIO3BOJISIET MIEPEHTH OT MO/IENH C PUKCUPOBAHHOM CTPYKTYPOH K a1aTHBHOM
npoueaype, Tae apXUTEKTypa MOJISIH SIBJIAETCS (PYHKIMEH OT KOHTEKCTa!

M =f(L, 1), 1)

rae M — Beibupaemast mogens ARIMA(p, d, q), L — anuTenbHOCTD MpoMycKa,
| — uHAeKC BHEIIHEH aKTUBHOCTH.

IepBblii  KOHTEKCTHBIA (haKTOp, JUIMTENBHOCTH Tpomycka L
(13MepsiemMas B KOIMYECTBE OTCUETOB BPEMEHHOI'0O Psijia, I/ie U MHHYTHBIX
JaHHBIX 1 oTcueT = | MuHYyTa), HEMOCPEICTBEHHO BIHIET Ha CIOXXKHOCTH
3a[1a4i BOCCTAaHOBJICHHS. DMITUPUYIECKH YCTAHOBIIEHO, YTO C yBEJINYEeHHEM L
aBTOPETPECCHOHHAs COCTABIIAIONIAs TepsieT MpeAcKa3aTelbHyI0 CHITy H3-3a
ocnabieHns KOPPENSIIMOHHOMW CBA3M C TPAHWYHBIMH  W3BECTHBIMHU
3HaueHusAMH. Jlns ydera 3Toro 3¢d¢dexTa B NPEATOKEHHOM IOJXOJE
BBOJUTCSI OBPHCTHYECKOE TMPABHJIO, CBSA3BIBAIONIEE MAaKCHMabHBIN
JIOITYCTUMBIH MOPSIIOK aBTOPETPECCHHU Pmax C AJTMHON MPOIyCKa:

Pmax = max(1, [k/LJ), )

roe K — sMmnupuyueckuil KO3 UIMEHT, XapaKTepU3yIOIIUA THIHYHBIA
BpeMeHHOH MacmTa0d (y1ar) 3HaunMoM aBTOKoppessiuu  psipa.  OH
OLICHMBACTCS, HAIpUMeEp, Kak HauOOJNIBIIWI Jlar, Ha KOTOPOM MOAYJb
BBIOOPOUYHOH aBTOKOppeauuoHHOH (yHKIMH (AK®D) psima B okpecTHOCTH
NpOINyCcKa MpeBbIACT 3aJaHHBI MOpPOr 3HAuYUMOCTH. KOHCTpyKuus
(bopMyJibl  00ECIEeUYHMBACT, YTO Pmax SBIAETCS IEJIBIM OJOKHUTEIbHBIM
yucnom: obo3nauenue |K / L| o3HagaeT B3sTHE LENO 4aCTH OT ACNCHUS, a
¢ysknus max(l, ...) rapaHTHPYeT, YTO MOPAIOK aBTOperpeccuu OyneT He
Mmenee 1, maxe eciu K < L (T.e. mpu 0OYeHb [UTHHHBIX MPOIYCKax WA CIaboi
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aBTOKOPPEJALMHU psiia). DTO MpeJoTBpalaeT NOMBITKY IIOCTPOCHUS MOAETH
¢ p =0, kotopas Obla ObI OECCMBICIICHHA B IAaHHOM KOHTEKCTE.

JlanHOe OrpaHMuYEHME NPENOTBpAaIlaeT IepeodydeHne MOZAEIH Ha
MaJloM 00beMe pelIeBaHTHBIX JaHHBIX, JOCTYIHBIX Uil OOY4YeHHs B
JIOKAJIbHOM OKHE.

Bropoii n Hanbosree 3HAYUMBIN ¢ TOYKH 3pEHUSI HOBH3HEI (pakTop —
9TO WHJIECKC BHEUIHEH aKTHBHOCTH |, XapaKTepH3yIOIMi HHTCHCHUBHOCTh
BO3MYIIEHHI B CUCTEME B NEPHOJ BO3HUKHOBEHUS MpOIycKa. B kadecTse
WHJIEKCA BHEIIHEH aKTHUBHOCTH | MOXET HCIONb30BaThes JFOOOH
KOJIN4ECTBEHHBIN JECKPUITOP COCTOSIHUS BHEIIIHEN cpesl,
KOPpENUPYIOINHA ¢ IWHAMHUKOW MCCIEeIyeMOoro Ipolrecca (Hampumep,
HHACKC COJIHCYHOM aKTUBHOCTH JJIA l"eO(l)I/BI/I‘IeCKI/IX JaHHBIX, 06’beM TOproB
JU1s1 QUHAHCOBBIX PSIJIOB, MTOKA3aTeNlb HATPY3KHU JUIS HHIKCHEPHBIX CHCTEM).

IIpennonaraercs, uyTo ypoBeHb | KoppemupyeT ¢ XapakTepoM
HECTAallMOHAPHOCTH psna. B mepuoasl BBHICOKONW BHEIIHEW aKTUBHOCTH
(BeIcOokOe |) mpomecc MOXKET AEMOHCTPHUPOBATH IOBEACHHE, OJIM3KOE K
OenoMy WIyMy C pPE3KMMHM CKadKaMH, 4YTO TpeOyeT yBeIM4YCHHUs Beca
KOMITOHEHTHI CKOMIb3siiero cpenuero (MA) B Mozeny.

Hnst  dopManm3anmy  yKa3aHHOH 3aBUCHMOCTH  IIPEIJIAaraeTcs
HCTONB30BaTh HOPMAJIN30BaHHbIN HHAEKC

I - Imin
— 3

Lorm = I —1
max min

Ha OCHOBE KOTOPOTO BEIYUCIISAETCS SBPUCTUICCKHN BECOBOH KOAPPHUIIUEHT
JU1 cMerieHus Oananca Mexay AR u MA KOMIOHEHTaMH B MPOCTPAHCTBE
apaMeTpOB.

KoaddrmueHT @ onpenensercs T0rucTHIeCKON QyHKITHEH:

1
1+ exp(_a(lnorm - :8))'

4)

@ (Inorm) =

IJie TmapaMeTpbl o U 3 KanuOpyroTcs Ha BaJWIAIlMOHHON BhIOOpKe. B
noructideckoit Gpyrkuun mapamerp B € (0, 1) 3amaet moporoBoe 3HaueHUE
lnorm, Tip KOTOpOM ® = 0.5, a mapamerp o > 0 ompemensieT CKOPOCTb
nepexona ¢yHkuu oT 0 k 1. VX KOHKpeTHBbIE ONTUMAaJbHBIE 3HAYCHHUS
HaXOJSITCSl METOJIOM MOHMCKA 0 CETKe B Mpoliecce KaTuOPOBKU METOIa ISt
KOHKPETHOT'O TUIIA TaHHBIX.
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Broicokoe 3HaueHume © (Omm3koe k1)  ykaspiBaeT Ha
MIPEANOYTUTENILHOCTh MO/IEEH C MTOBBIIEHHBIM MOPSIKOM (.

Ucnonw3yst Bxomnsle mapamerpsl L wu |, anroputm ¢opmupyer
OrpaHMYEHHOE MPOCTPAHCTBO JOMYCTHUMBIX Mojenel C. DTo mpocTpaHCcTBO
MpencTaBsieT CoOOM MMOIMHOXKECTBO BCEBO3MOXKHBIX Tpoek (P, d, Q),
0TOOpaHHOE IO TIPAaBHIIAM:

p € [11 pmax], (5)

rae d € {0, 1, 2} (onpenensercs npeaBapuTebHbIM TecToM [uku-Dyiiepa
Ha CTAal[MOHAPHOCTH OCTATKOB B JIoKanbHOM okHe [9, 10]),  BbiOupacTcst u3
JIana3oHa, CMEIIEHHOTO B 3aBUCUMOCTH OT ®(Inorm):

d € [Gmin, Amax], (6)

rae Omin = Max(l, |®Q]), Omax — KOHCTaHTa, 33/1AI0IIAs] BEPXHIOK TPAHHMILY.
3mece ® — BecoBoil koadduuuent u3z (4), Q — mMOJIOKHUTEIBHASA
MacuTadbupyromas KOHCTaHTa, ONpeIelIIoNas YyBCTBUTEILHOCTD MOPSIKa
CKOJIB3SIIIET0 CcpeqHero ( K u3MeHeHuro kod¢p¢uuuenra ®. KonkperHoe
3HadyeHue Q, KaK U (max, BEIOMpAETCs Ha 3Tare KaTHOPOBKH METO/Ia ¥ 3aBHCUT
OT THITUYHOTO IUANa30Ha MOPSAKOB (|, aAeKBAaTHBIX JUIS MOICIUPOBAHUS
JIAHHOTO TUIIA PSIOB.

Takum 00pa3oM, KOHTEKCTHbIC (haKTOPBI HE MPEIMUCHIBAIOT JKECTKO
€IMHCTBCHHYIO MOJEb, a CYXalT o0yiacTh MoHMCKa JO Haubolee
MPAaBAOMOMO00HBIX C TOUKH 3PSHHUS TEKYIIUX YCIOBHU JOMYCTUMBIX MOJIEIICH.

Ki1roueBbIM 3TanoM 1Mojxo/1a sBIseTCs MPoLeypa Kpocc-BalluIalun
Ha CMEXHBIX JaHHBIX JUIs BbIOOpa OKOHYATENIbHOI Mojenu 13 MHOKecTBa C.
J131s1 5TOr0 B OKPECTHOCTSIX MPOITYCKa, HAa U3BECTHBIX JAHHBIX, HCKYCCTBEHHO
CO371aeTCs BATMAAIIMOHHBINA IPOITYCK TOH ke JuMHBI L. [l kaxxaoi moaenu
n3 C mpousBoauTcs ee 00ydeHHe Ha YCEUSHHOM psiny (C MCKYCCTBEHHBIM
MPOIYCKOM) W MOCIIeAYollas WHTEPIOJSIIUS 3TOro mnpormycka. KadecTBo
MHTEPIOJSINN OUCHUBACTCS HAa HM3BECTHBIX 3HAUYCHUAX, KOTOpBIE OBLIH
HCKYCCTBEHHO CKPBITHL. B KauecTBe neneBoil GpyHkuun ontumusanuu Q(M)
UCTIONBb3YeTCs B3BELICHHAass KOMOWHAIMS CpeJHEKBaIpaTHYHONW OIHMOKU
(RMSE) u undopmaumonnoro kputepusi Axamke (AIC) [11], xoTopas
MI03BOJISIET YYUTHIBATh KaK TOYHOCTb alMpPOKCUMAIMH, TaK M CIO0XXHOCTb
MOJIETIH, TIPEJOTBpAIlas N3JIMIIHEE YCIOKHEHHUE:

Q(M;) = YRMSEy5rm + (1 — ¥)AIC,0rm, (7
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rae RMSEnom 1 AIChorm — HOpMaTi30BaHHBIE 3HAYEHUS METPUK, Y — BECOBOM
K03 punmeHt.

Mopgenb Mopt, nocraBisitoniass MUHUMYM (yHkumn Q, BbIOMpaercs
Ul (pUHATBHOTO BOCCTAHOBIICHHUS LIEJNEBOrO Tpomycka. OnTumanbHas
Mozenb Mopt (Popt, opt, Copt), AOCTaBisIOmass MHUHUMYM GyHKInH Q,
BBIOMpaeTcst 17151 (PUHATBHOTO BOCCTAHOBJICHHS IIETIEBOTO IPOITYCKa.

[IpencraBnennsle SMIUpUIeckre mpaBwia (2) u (4) He SBIAIOTCS
TEOPETHUYECKH BBIBEICHHBIMHU, a MPEACTABIAIOT COOOW COmepKaTeNbHYIO
9BPUCTUKY, HANpPaBICHHYIO Ha PEUICHHE JIBYX KIIOUCBBIX NMPAKTHUECKUX
mpo0JIeM MpU BOCCTAaHOBICHUH IIPOIyCKOB B PEAlbHBIX HECTAIIMOHAPHBIX
psnax. [Ipasuio (2), cBA3bIBarOIIee MaKCHMAaIbHEIHN IIOPSIOK aBTOPETPECCHU
Pmax € JUTMHOM Mponycka L, orpaHn4nBaeT CTPYKTYpHYIO CII0KHOCTh MOJIEIIH
npu  AedUIHTEe PENeBAHTHBIX MJAaHHBIX JIsI OOyuYeHHMs, NpenoTBpaIias
nepeoOyuenue. IlpaBuno (4), ompexaessromiee BECOBOH KOI(DGHUIMEHT ©
4yepe3 HWHIEKC BHEIIHeW akTuBHOCTH |, amanTupyer OanaHc MexIy
aBTOPETPECCUOHHON M CKOJB3SIIEH CpeqHeld KOMIIOHEHTaMH MOJENU K
H3MEHSIOIIEMYCS YPOBHIO CTOXaCTHYECKUX BHEIIHUX BO3MYIICHHH.

KannbpoBka runepnapaMeTpoB alroputMa — KOdQQHUIHEHTOB o U f3
moructuieckoil gyHkmmu (4) W BecoBoro KodpduuueHTa Y IIeICBOH
¢yakunn (7) — BBIONHAIACH HAa BBINCIICHHON BalIMOAIIMOHHON BBIOOpKE
UCTOPMUYECKHX JAHHBIX. JII1 ONTHMH3alUM HCIONB30BAJICS  METOJ
nosHoro nepedopa (Grid Search) [8] mo mpemomnpeneneHHbIM ceTKam
3HAUEHUH: TapaMeTp o BapbUpOBaJcS B nuamna3zoHe oT 5 g0 20 c¢ marom 1,
napameTp B — B quana3zone ot 0.3 g0 0.7 ¢ marom 0.05. JlaHHBIC TUaMa30HbI
ObUTM  OMNpeZeJeHbl SMIOMPUYECKH HA  OCHOBE  IIpPE/IBAPUTEIBHBIX
9KCIIEPUMEHTOB M OXBaThIBAIOT 00JacTh, B KOTOPOH JIOTMCTHYECKas
¢bynkuus (4) IeMOHCTpUpPYET IUIABHBIM, HO OTYETJIMBBIA Iepexon
BBIXOJTHOTO 3HAUYEHHUS (® OT COCTOSIHUSI, 6Ju3koro Kk 0 (s AR-KOMIIOHEHTHI),
K cocTosiHH0, Om3koMy K 1 (mms MA-KOMITOHEHTHI), Ha BCeM IHalna3oHe
HOpPMaN30BaHHOTO HHAEKCA lnorm 0T 0 mo 1. Kpurepmem ontumuzannu
CITy’KHJIO MAaKCUMaJIbHOE 3HaYeHUE CpeTHEr0 K03 (pUIneHTa feTepMHHALNT
(R?), NOCTMTHYTOE Ha MHOMKECTBE BAJIMIAIMOHHBIX MPOIMYCKOB. Becooit
KOX(QQUIHEHT Y, YHpaBIsomui Oamancom Mexny omuoOkod (RMSE) u
cnoxknocTbio Mojienu (AIC) B BeipaxkeHuH (7), Obl1 H0100paH aHATIOTUYHBIM
obpazom; ero ontuMaibHOe 3HadeHwe coctapmwio 0.7. DTOT mporiecc
obecrieum O0OBEKTHBHBII u BOCIIPOU3BOAUMBIN BBIOOp
runepnapaMeTpoB [12], amanTHpoBaHHBIX K CIENU(PHUKE AHATH3UPYEMBIX
TF€OMAarHUTHBIX PSIJIOB.

[TomoOHBIN TOAXOX K aJaNTHBHOMY YIPABICHHIO CIIOKHOCTBHIO
MOJISIIH COTJIacyeTcs ¢ O0Iei NPaKTUKOW B MIPUKIIAJHOM aHaIN3e JAHHBIX U
MallMHHOM OOYy4YeHWM, TIJle CTPOTMH TEOPETHYECKHH BBIBOJ 4acTo
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JIOTIOJTHSIETCS] WIIM 3aMEHSETCSl SMIIMPUYECKH OOOCHOBAHHBIMH IIPABUIAMH
JUIsl pabOTBI ¢ KOHKPETHBIMU AaHHBIMA. OOOCHOBAaHHOCTh W aJIEKBAaTHOCTD
JaHHBIX BPUCTHK IIPOBEPSIOTCS B paMKax HPOLEAYpPHl KPOCC-BaJIUAALUH,
ONMCAHHOH BhIIIE (HAIIpUMEp, BHIOOP MOJEIM HAa OCHOBE MUHHMH3ALUH
oyukuun  Q(M;) B (7)), rme OHH HEMOCPEACTBEHHO BIMSAIOT HA
(hopMupoOBaHUE MPOCTPAHCTBA MHOXKECTBA JIOMYCTHMBIX Mozener C u, kak
CIeNCTBHE, HAa WTOTOBOE KauyecTBO BoccTaHOBIeHHUs. [IpaBmio (2)
OCHOBBIBAa€TCS HAa CTaTUCTHYECKOM NPHHIUIIE, COTIACHO KOTOPOMY IS
YCTOWYMBOH ONEHKH IIapaMETPOB aBTOPErPECCHM MOpsiaka P TpeOyercs
00beM BBIOOPKH, CYIIECTBEHHO MpeBbImatomuit p. OtHomenue k/L sBisercst
YIPOIIEHHOH OIEHKON KOJIMYEeCTBA JOCTYIHBIX HE3aBUCUMBIX HAOIIOICHUH
Ha OJUH OLICHWBACMBIH MapaMeTp, Y4TO HAIpsSMYIO CBS3aHO C MpoOIIeMOii
nepeobyuenusi. KitoueBsie mapameTpsl mpaBii — koddunuent K B (2), a
TaKke o u B B (4) — HE 3aal0TCs ANPHOPHU, a KATUOPYIOTCS Ha OTJACIBHOU
BaJINAAIIIOHHOW BBIOOPKE ISl KOHKPETHOT'O THUIIA JAHHBIX, YTO JIeNIaeT METO]
NPUHLIUIHANBGHO aJalTUPYEMBbIM K Pa3iIMYHbIM HPEIMETHBIM OO0JaCTSIM M
YCIIOBHSM HAOJIFOICHHIA.

IMocne BoiObopa ontuManbHON  Mogenn  Mopt(Popts  dopt,  Qopt)
TIPOM3BOUTCS 3aKIIOUNTEIBHBIN TAll — HETIOCPEACTBEHHAS! HHTEPIIOJISIINS
UCXOJHOTO mporycka auuHbl L. Moznens oOydaercs Ha BCEM IOCTYITHOM
CETMEHTE JaHHBIX, OKPYXKAIOIIEM MPOIYCK, KOTOphIi BKmoyaeT N Touek 1o
u mocie Hero. OOyuenHas moxenb ARIMA 3arem wucmomesyercs s
MOJTy4EHHs OL[CHOK MPOIYIICHHBIX 3HAYSHHUH.

Paccmorpum momens ARIMA(p, d, (), 3amaHHyr0 pa3HOCTHBIM
ypaBHEHHEM:

p
q
(1-B)y, =c+ Z 0i(1=B)y,_; +& + Z 0 &) (8)
i=1 J=1
WK B 3KBUBAJICHTHOM OTEepaTopHOii hopme:

)
q
Viy, =c+ Z PV & + Z 19}' Ec—jo 9)
i=1 1=

rae V¢ — oneparop muddepennupopanus nopaaka d, yr — 3HadeHHE paza
B MOMeHT t, & — 6ernbrit mym, @i (i=1,..., p) u 6 (j = 1,..., q) — mapameTpsr
ABTOPETPECCHU M CKOJIB3SIIEr0 CPETHEro, C — KOHCTaHTa MOJIEIH.

Hms  (9) BoccTaHOBIEHWE  3HAUYEHWH  BHYTpPH  MPOIYyCKa
OCYIIECTRIISAETCS MOCJIEI0BATEILHBIM BBIYUCITIEHUEM YCIOBHOTO
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MaTeMaTHYECKOT0 OXKUJIaHHs. DTOT MPOLECC SKBUBAJICHTEH OJJHOCTOPOHHEH
GUIbTpaLMK, TNPH KOTOPOH KaKl0€ IOCIenyIoliee BOCCTAaHABIMBAEMOE
3HAUEHHE BBIUUCISETCS C YyYEeTOM KakK paHee INpelCKa3aHHBIX 3HAYCHUI
BHYTPU TIPOINYCKa, TaK M HM3BECTHBIX HCTOPUYECKUX MAHHBIX U OIEHOK
OIIHOOK.

AnropuTMudeckast peanusanus (GOPMAIbHBIX MPaBHWI, 3aJaHHBIX
BeIpakeHusMHE (1)-(7), TpeOyeT mpakTHIeCKOW aJanTariui K 0COOCHHOCTAM
peanbHBIX ~ JAHHBIX, KOTOpBIE 4YacTO JEMOHCTPHPYIOT  CIOXKHBIE
HECTallMOHApHBIE  NATTEPHBI, HE  YKJIAABIBAIOIIMECS B  CTPOTHE
TEOPETHUYECKIE TPEATIONoKeHM. [ ycToHunBOl paboThl anropmrMa Ha
JTare MpeIBapuTeIbHON 00paOOTKN BXOTHOM BPEMEHHON PsiJ] TOABEPraeTCs
NpoLeAype MSTKOTO CIIaKUBaHUST M OYHCTKM OT BBIOpOCOB. OTO
HEOOXO0ANMO sl CTAOMITH3alNH OLIEHOK JIOKAJIbHOM CTaTUCTUKH, TAKHX Kak
ABTOKOppCIAIUOHHAA (byHKHI/IH " Jucnepcus, KOTOPbIC KPUTUYCCKU BaKHbI
st popmyn (2) m (3). B uacTHOCTHM, 3HauYe€HHE HMITUPHYECKOTO
ko3¢ durrenta K B ypaBHeHHH (2) KOPPEKTUPYETCSA € YUETOM JIOKAIHHON
BOJIATWJILHOCTH Psifia B OKPECTHOCTH MpoITycka. Ha COKOMHBIX y4acTKax ¢
HU3KOH AWCTIEpCHEed MOXHO JOITyCTHTh HCIOJIb30BaHHE 00Jiee BBICOKOTO
mopsika P, Tak Kak Jake cinadble KOPPENSIHUOHHBIE CBSI3M MOTYT OBITH
nHopmaTuBHBIMH. HanpoTus, B TypOyJIEeHTHBIX CETMEHTAX, I'/l€ IIIyMOBas
KOMITOHCHTa BEJIMKa, COOTHOMIEHHWE (2) y)KecTodaercs, 4ToObI M30eXkKaTh
TIOIIBITOK MOJICNIMPOBAHMS CIy4aiHbIX (DIyKTyalmi, 9TO NpesoTBpamact
nepeoOyueHre. Jta JIUHAMUYECKas KOPPEKTHPOBKA JAENaeT afanTaluio K
IIepBOMY KOHTEKCTHOMY ¢akTopy (L) He MexaHHYECKOH, a yunTHIBarOIIEH
Ka4yeCTBO JOCTYITHOU 151 00y4eHUs HH(OPMAIIHH.

KanubpoBka  mapameTrpoB  sioructuueckoit  ¢ynkumu  (4),
CBH3LIBaIOHleﬁ HOpMaJ'IPBOBaHHBIﬁ HHACKC AKTHBHOCTH |norm C BCCOBBIM
KO3(PPHUIUEHTOM  (®, MPESACTaBIsACT CcO00M  OTHENbHYIO  3aaady
ontummzaimu [13].  [ns ee  pemeHHs — CO3HaeTcs  CHEeHaibHAas
BaINAAIOHHAs BBIOOpKA, COCTOAIIAs M3 MHOMKECTBA HCTOPHUYECKHUX
MIPOITYCKOB C W3BECTHBIMM HCTMHHBIMH 3HadeHWsMu. Ha 3Toif BBIOOpKE
METOJIOM TIOMCKA II0 CETKE ONPENeNIIOTCS 3HA4YeHUss o U [, KOTOpbIe
MaKCHMHU3HUPYIOT 00Ilee KayecTBO BOCCTaHOBIEHHWS. [Ipum 3ToM KadecTBO
MIOHMMAETCsl He TOJBKO KaK MHUHUMM3AIMS CPEIHEKBAIPATUYHOMN OIIMOKH,
HO W Kak CIIOCOOHOCTh MOJENH COXPAaHATh BaXHBIE CTPYKTypHBIE
0COOEHHOCTH CHTHaJla, TAKHE KaK 3KCTPEMYMbI M TOUKH Teperuda, KoTopbie
4acTo TEPSIOTCS MPH HEYJadHOM BBIOOpE MapaMeTpoB. DTOT HUTEPATUBHBIN
MPOIIeCC HACTPOWKM TmpeBpamaer ypaBHeHune (4) w3 abcTpakTHOU
3aBHCHMOCTH B KOHKPETHBIH HHCTPYMEHT, HACTPOCHHBIH Ha CHEIM(HUKY
IpeaMeTHOW ob6yacTd, Oyap TO T€OMarHWTHBIC JAaHHBIC WIM JIPYTroil THII
curHanoB. B pesyinbrate, s cnokodHbix nepuonoB [14] (lhom — 0)
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QITOPUTM CKIIOHSETCS K BBIOOpDY Mozeneil ¢ 0Oojee BBIpaKEHHOM
ABTOPETPECCHOHHONH KOMITOHEHTOW, YTO XOPOILIO COIJIAacyeTcsi C Teopuei
0 BO3MOXKHOCTH 0oJiee UIMHHOW NaMSATH Yy CTaOWJIBHBIX IPOIIECCOB.
B nepuroiet BEICOKO# Bo3MYIIeHHOCTH (Inorm — 1) Bo3pacTarorias ® cMeraet
MIPEANIOYTEHHS AJITOPUTMA B CTOPOHY MOJIEJICH ¢ BBICOKUM MOPSIIKOM (, 4TO
MO3BOJIIET Oosiee T'MOKO amanTHPOBATBCS K PE3KHM, IOXOKHM Ha IIyM
N3MEHEHHSM, XapaKTEPHBIM IS TAKUX YCIIOBHIL.

4. IlporpaMMHasi peaju3anus W apXUTeKTypa NpeaIaraemMoro
pemienusi.  PaspabortanHelii Merom  ObII  peanm3oBaH B BHIE
CHELHUATM3UPOBAHHOTO IPOTPpaMMHOTO MOAynast Ha s3eike  Python,
BBIOPAHHOTO BBHAY €T0 PACcIpPOCTPAaHEHHOCTH B HAYYHBIX BBIUYHCICHUSIX U
HAJIMYHUIO Pa3BUTON 9KOCUCTEMBbI OMOINOTEK JUIsl aHANIU3a TAaHHBIX.

SAnpo Momyns TOCTPOGHO 1O  OOBEKTHO-OPHUEHTHUPOBAHHOI
apxurektype [15], mEHTpambHBIM 3JIEMEHTOM KOTOPO# SBISIETCS KIlacce
ContextAwarelmputer. Taxoif 1nu3alfH WHKanCylupyeT BCIO JIOTHKY
KOHTEKCTHO-3aBHCUMOIl HACTPOWKH, MPEJOCTABIISS MOJIb30BATENIO IIPOCTO
NpOrpaMMHBIA UHTEp(Eiic U1 BOCCTAHOBJICHHUS IPOITYCKOB B BUJIE METOJIA
impute(data, gap_indices, context_I).

Hdnst  oOecrieueHWss ~ BBIYMCIUTENBHOW  3(D(EKTHBHOCTH U
BOCIIPOM3BOIMMOCTH PE3YJIbTATOB B PEaM3aldy aKTHBHO 3a]CHCTBOBAHEI
6ubnmorekn NumPy, pandas wu statsmodels [16 —18]. [locneanss
MIPEAOCTABIISIET HANESKHYIO PEATH3aIMI0 OLEHKH M MPOTHO3UPOBAHUS IS
mozeneit ARIMA, xotopast Oblsla MHTETPHPOBAHA U paclIMpeHa B paMKax
mpejylaraeMoro moxaxona. B wactHocTH, cramnmaptHbi kiacc ARIMA u3
statsmodels ObUT 00EpHYT B IPOIEAYPY, KOTOPAst AMHAMUYICCKH MEHSIET €ro
napameTpsl order B COOTBETCTBHH C aJITOPUTMOM, ONMCAHHBIM B pazjee 3.

Kpurnueckn Ba)KHBIM aclieKTOM peajiM3alliy SIBJISIETCS yIpaBlCHUE
BBIYHCIUTENLHON Ccl0KHOCTHIO. [ToHbIN mepebop Bcex BO3MOXKHBIX TPOEK
(p, d, ) maxe B CykeHHOM IpocTpaHCTBe Mozeneil C, ompeaesieHHOM
BEIpakeHUsIME (5) U (6), MOXET cTaTh PECypCOEMKOH orepamueit mpu
00paboTKe ITMHHBIX PSJIOB WIIM OOJBIIOrO KOJIMYECTBAa MPOITYycKOB. Jlist
ONTHMHU3AIMM  ATOTO TpoIlecca B alrOPUTM BHEJIPEH MEXaHU3M
KEIINPOBAHMUSL.

Pesynbratel  mpenBapurensHoro  tecra  Jukn—®ymnepa  Ha
CTAalMOHAPHOCTh, & TAK)XXE€ BBIYUCICHHbIE aBTOKOPPEISHMOHHBbIE (YyHKINU
JUISL  CTAHIAPTHBIX CErMEHTOB JIAHHBIX COXPAHSIOTCS ¥ I[TOBTOPHO
HCTIONB3YIOTCS,, YTO TIO3BOJIET HM30€XaTh IyONMHpYIOMMX BEIYUCICHHUM.
Kpome Toro, mpoueaypa KpOCC-BaIWAAIMU Uil OLEHKH BO3MOXHBIX
Mojenel, 3aganHas BeIpakeHueM (7), Oblia pacmapasuieneHa. Mcmonb3ys
BO3MOKHOCTH OmOmmoTekn joblib, oreHka kadecTBa KaXKAOH Monenu w3
MHOkecTBa C MPOU3BOANTCS aCHHXPOHHO Ha JIOCTYITHBIX SIIpax Mpoleccopa,
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YTO MPHUBOJUT K T[OYTH JIMHEWHOMY YCKOPEHHMIO BBIYMCICHHH Ha
MHOTOS/IEpHBIX CHCTEMaX. JTOT MOAXOA JeJIaeT METOA MPaKTHYHBIM IS
paboThI ¢ JaHHBIMK OOJIBIIOTO 0OBEMA.

BXO#HBIMU JaHHBIMHU JUISE MOJXYJISl SIBJISIIOTCS. OJHOMEPHBIN MacCuB
YHUCIIOBBIX 3HAYCHWH (BPEMEHHOW psJ), MAacCUB HMHAEKCOB MM METOK
BPEMEHH, OIPEACIAIONINX Ha4daJo W KOHEIl KaXJOro MpoImycKa, |
COOTBETCTBYIOIIMI MAaCCUB 3HAUEHUH KOHTEKCTHOTO MHAEKca | 11 kaxknoro
MPOITyCKa.

IIporpammHEIif KOHBelHep 00pabOTKN HAUMHAETCS C 3Tala BAIAJAINN
1 TIpeIBapUTEIbHON OYMCTKH BXOJHBIX JaHHBIX. Ha 3TOM 3Tamne nposepsieTcst
COTJIACOBAHHOCTD JTMH MAacCHBOB, OCYIIECTBISIETCS MSTKOE CIJIa)KUBAHUE
psizia aJsl NoAaBJIeHHsI BHICOKOYACTOTHOTO IIyMa, He Hecylero HHpopMaum
JUISl CTPYKTYPHOTO aHalln3a, W BBINOJHAETCS TepBUYHOE OOHApyXeHHe U
00paboTka BBIOPOCOB. 3aTeM Uil KaXJOr'o IPOIYCKa ONPENeNseTCsl ero
JIOKaJIbHOE OKHO — CETMEHT IaHHBIX, OKPYXaloU[Uil MpoIycK, pa3smep
KOTOPOT0 NMPOIOPIMOHAJICH JJIMHE MpOoIycKa L, HO orpaHHyYeH cBepXy Uit
COXpaHEHMs JIOKAJIbHOCTU aHanu3a. VIMEHHO B Ipejenax >3TOro OKHa
BBIYHCIIAIOTCS BCE HEOOXOANMBIE CTATUCTUKH:

—  ONEHKa aBTOKOPPEIAIMOHHOM  (yHKOIMM A pacdera
ko3 dunuenrta k B COOTBETCTBUM C BbIpaskeHueM (2),

—  JIOKaJIbHAs IHCIEPCHS U1 KOPPEKTHPOBKH KoddduuueHTa K.

Kpome Ttoro mpoBomurcs Tect Juku—@ymnepa Ui MPUHATHSA
permeHus o nopsake auddepeHnuposanus d.

ADXUTEKTypHO MOJYJIb pa3/ieleH Ha HECKOIbKO JIOTMYECKHX
koMmnoHeHToB (pucynok 1). Kommonent ContextAnalyzer oTBedaert 3a mpruem
HCXOJHBIX JAHHBIX, UX PeA00paboTKy U BhiuncieHue napamerpoB L u Inom
Ui Kaxaoro mpomycka. ParameterSpaceConstructor peanusyeTr npaBuia,
3amaHHble ypaBHeHusMH (2), (4), (5) u (6), npeobpazys mapy (L, Inorm) B
KOHKpeTHoe MHOecTBO Mozeneit C. ModelSelector Beimonnsier npouenypy
KpOCC-BAIMJIAIINY, OINHKCAaHHYI0 B pasjene 3, BKIOYas CO3/aHHE
NCKYCCTBEHHOTO BaJMAAIMIOHHOTO IIPOIyCcKa, oOydeHHe Mojened u
BhIuKciieHHe meneBod ¢ynkiun kadectBa Q(Mi). Hakownern, KOMIOHEHT
ImputationEngine, noxyuns ot ModelSelector onTuManbHBIe mapamMeTpsl
(Popt, dopt, Qopt), OcymiecTBisieT puHANIBHOE 00ydeHne Moaend ARIMA Ha
ITOJTHOM JIOKQJTEHOM OKHE M BBITIOJIHSCT MTOCIIEI0BATEIbHYI0 HHTEPIIOJISAIIUIO
MPOMYIICHHBIX 3HAYCHHUl, MCIHOJNB3Ysl MEXaHW3M YCJIOBHOTO IPOTHO3a,
OCHOBaHHBIH Ha BbIpaxkeHuH (9).

Takass MOJyJbHas apXUTEKTypa HE TOJBKO YIIy4IlIaeT YUTAEMOCTh
1 TIOAJIEPKIBAEMOCTh KOJIa, HO M 00JIerJaeT ero BO3MOXKHOE PaCUINpEeHHE,
HampuMmep, Al UHTErpald JPYTUX THUIIOB MPOTHO3HBIX MOJENEH HIIH
JIOTIOJTHUTENBHBIX KOHTEKCTHBIX (haKTOPOB.
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Hnst obecrieueHnst ynoOCTBa HCIIOJIB30BAHUS MOAYJb CHaOXXeH
MOJPOOHOM JOKyMEHTaIMel, CreHepHpOBaHHOW C TOMOIIBI0 Sphinx,
BKJIrouaromei onucanne API, mpuMepbl 3amycka M PYKOBOJCTBO IO
KaJIMOpOBKE I'HIlepriapaMeTpOB alirOPUTMa, TAaKUX Kak Kod3((HUIUEeHTH o, 3
ny.

Pacmmpenue Monyins it 00paGOTKH Pa3InYHBIX THIOB BPEMEHHBIX
pAOOB IOTPeOOBAIO CO3MAaHMS YHHBEPCAIBHOTO MEXaHM3Ma alalTaluH
0a30BBIX rUnepnapamerpoB. McxomaHbie 3HaYeHUS KOA(PPHUIUEHTOB o U 3 B
moructraeckoit pynkimn (4), a Takxke Beca Yy B 1eneBoit pyHkuun (7) Opun
HIOJTy4YeHbI B X0JIe KaTMOPOBKY HAa TECTOBBIX AaHHBIX.

TIporpamMMIELE MOAYITL
Context-Aware ARIMA Imputer

¥
Bxoanuie qannsie
- Bpemenmoii pan
- TTO3RIEH POy CEOR
Higexe SME s nponyckos

|

L. ContextAnalyzer 2. ParameterSpaceConstructor C‘mié]r:‘:;:l::l:zca;r:;n[orﬂ
- Bamuaaung i ouHeTr: - NMpasnno aia pmax: floor(k/L) - or[- ‘KA
- Onpenenente L (i npomycka) » - MorrcTHHecKad gy > pory
. = Qdvuenne Kanauame us C
- Hopmamsauus 1 = Inorm - (bopuupoBanme MixecTea C . Ouemka

- NoKansnoe oKHO JAINEX - Onpejenenne apanazona (p, d, q) - Budop Mot
PR [ . 4. ImputationEngine ! 5
s k) . ' Benomorarensukie Mogyam ¢
1 Henoawsyemere Gubanoresy = Wnmanenoe ofyuenie 1 - Knmnposanmse :
v -statsmodels {ARIMA) ) ARIMA(Mopt) | - peaofpatorra curnana |
! - pandas, NumPy AR - TlocnenonaTeNLIas HHTEPNONAHA « = « « « = ! - Mapannensias ofpaborka |
: - joblib ; - ¥enonuwii nporaos no (%) H - BHayaTH3aIms H
:  seikit-learn ' - BoccTanosnenme | iy ;

l

BLIXDANELE TaNNLIE

- Boccranoanennii pan
- TlapameTper Moten
- MeTpHEH KavecTra

Puc. 1. B3aumoeiicTBrie KOMIIOHEHTOB B METO/IE€ aalTUBHON MapaMeTpU3allyu.
CIUIONIHBIE CTPENKH 0003HAYAIOT OCHOBHO MOTOK JJAHHBIX U YIPABICHUS MEKILY
sIpoM anroputMa. [lyHKTHpHBIE CTpeKr 0003HAYal0T 3aBHCUMOCTD KOMITOHEHTOB
OT BHEIIHUX OHOINOTEK
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OpnHako JUIs NPUMEHEHUsI METOa K PsJaM U3 JIPYTruX IpeIMETHBIX
obnacreil He00X0/1MMa BO3MOXKHOCTh MX TOHKOW HAacTpo#ku. B apxurexTypy
MOJYJIs OBLT BKJIIOUCH CHeMaIM3UPOBaHHBIN KJ1acc
HyperparameterOptimizer, KOTOpBIii Yepe3 KOH(MHUTYPALUOHHBIA (aiin
MIO3BOJISIET TOJIb30BATENIO 33JaBaTh TPAHUILBI IS aBTOMATH3MPOBAHHOTO
MONCKAa ONTHUMAJbHBIX 3HAYCHUI STHX IapaMeTpoB IUIsI CBOETro Habopa
nanaHbIX. [Iponemypa nmomcka ocHOBaHa HA MHHUMH3ALUH CPETHEN OIIHOKH
BOCCTAaHOBIICHUSI HAa  BBIACICHHOH  KaJlMOpPOBOYHOW  BBIOOpKE €
HCTIONIB30BAaHMEM METOJa CITyJalHOTO MOUCKA MO CETKE, YTO oOecrednBacT
Oamanc MexnIy 3()()EeKTHBHOCTHIO M BBIYHCIUTEIBHBIMH 3aTpaTaMu. ODTOT
MEXaHM3M (OpMaIU3yeT IMPOIECC afaNTallM SApa aIrOpUTMa K HOBOM
npeAMETHOW 00nacTu, COXpaHsisi NPH OSTOM €ro OCHOBHYIO JIOTHKY
HEU3MEHHOM.

OnmHOll W3 KIIOYEBBIX 3aJad CcTaja pa3padoTKa yCTOWYMBBIX
cTpareruii 0OpabOTKM MOTPAHUYHBIX CIIy4yacB W aHOMAJIBHBIX CLIEHApHEB,
BO3HMKAaIOIIMX IpU paboTe C peaJbHbIMU JaHHBIMH. B KOMIOHEHTax
ContextAnalyzer u ParameterSpaceConstructor peanu30BaHbI
MHOTOYPOBHEBBIE ~ IIPOBEPKH  KOPPEKTHOCTH BXOAHBIX JAHHBIX U
MIPOMEXXYTOYHBIX BEIUMCIeHUH. Hanpumep, eciu anroputM oOHapy KUBaeT,
YTO JIOKAIbHOE OKHO JaHHBIX COJEP)KHUT HEIOCTATOYHOE KOJINYECTBO
HaOMIONCHUH U Ha/e)KHOH OIEHKH aBTOKOPPESIIMOHHON (pyHKINH WU
JIUCHEPCHH, OH aBTOMAaTHYECKH IIEPEKIIOYaeTCsl Ha HCIIOIb30BaHHE
rJ100aJIbHBIX OL[EHOK, BBIYMCIICHHBIX JUIsl BCETO psilia, MM KOHCEPBATHBHBIX
3HA4YEeHUI 110 YMOJIYaHHUIO.

AHajorn4HeiM 00pa3oM, B CHUTyalMsiX, KOTJa BBbIYHCICHHOE
MHOXecTBO Mojenel C oka3bpIBaeTCs MyCTBIM H3-32 YPE3MEPHO JKECTKUX
OrpaHHYEHU, MpaBuiIa OcIa0IIOTCS B UTEPATUBHOM PEXHUME JI0 TeX I10p,
moka He OyZeT copMHUPOBAHO XOTA ObI HECKOIBKO JOIyCTUMBIX MOJENEH.
OTH cTpaTeruu TapaHTHPYIOT, YTO aJITrOPUTM HE 3aBEpUIMT paboTy c
(aranpHON OMMOKOHN, a BBIJACT OCMBICICHHBIH, XOTS M, BO3MOXHO,
CcyOONTHMAaIbHBIN Pe3yJIbTaT AaXe B HECTaHIAPTHBIX YCIOBHSX.

OOecnicueHre YHCICHHOW YCTONYMBOCTH M TOYHOCTH BBIYHCICHUI
IIpH OIIEHKE W HporHo3upoBaHum Moxaener ARIMA morpeboBano ocoboro
BHUMaHH K HACTPOMKE IapaMeTpOB ONTUMH3AIMH H 00pa0OTKe YHCICHHBIX
ommbOok. bubnmoreka statsmodels, Jexalnias B OCHOBE BBIUMCICHUM,
MPEIOCTABIISIET Pa3JIMYHbIE aNrOPUTMbl ONTHMHU3ALMK sl 1mojadopa
KO3 GHUIHEHTOB MoieNel (METOZ MaKCUMAIBHOTO TipaBaonoaoous). B xomxe
9KCIIEPUMEHTOB OBLIO YCTAHOBJICHO, YTO BBIOOP KOHKPETHOI'O perarels
€ro THUIeprnapaMeTpoB (JOMyCK, MaKCHUMAlbHOE YHCIO UTEPalHii) MOXKET
CYLIECTBEHHO BJIMATh Ha CXOAMMOCTh M TOYHOCTH OIIEHKH, OCOOCHHO ISt
MoJesield ¢ BBICOKMMHU MOpsiIKaMM p W (. [lo3ToMy B KOMIOHEHTax
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ModelSelector m ImputationEngine peannzoBana o0epTka, KoTopas
OTCIIC)KMBACT MPEAYNPEkKACHHS U OMMOKM B Ipoliecce ONTHMHU3anuu. B
ciryyae cOO0st MM OTCYTCTBHS CXOJIUMOCTH JUIsl CJIOKHOW MOJENH, aJITOPUTM
aBTOMaTHYECKH TepeKitouaeTcss Ha Oojiee TPOCTOM pemiaresb WM
yYMEHBbIIaeT MaKCUMaJIbHBIN MOPSIIOK MOJIENU B MHOXKecTBe Mojenelt C. Oto
oOecriedynBaeT HAJECKHOCTh HTOTOBBIX  BBIUMCICHUH, IPENOTBpAIast
CHUTyallMM, KOTJa BECh MPOLECC BOCCTAHOBICHMS IIPEPhIBACTCA H3-32
HEyZAa4y Ha 3Tare o0ydeHHs OJHOW U3 MHOXECTBA MPOBEPSIEMBIX MOJICTICH.

Bannparust KOppeKTHOCTH YHCICHHBIX PACYETOB U JOTUKU PabOTEI
BCEX KOMIIOHEHTOB IIOTpeOOBana CO3MaHHMA KOMIICKCHOH CHCTEMBbI
MOJYNBHBIX W HWHTETPALMOHHBIX TECTOB. 1ecTOBBIM HaOOp BKIIOYAET
CHUHTETHYECKHE JaHHbIe, CreHepupoBaHHBIe mpoleccaMu ARIMA ¢
M3BECTHBIMH  ITapaMeTpaMH, 4YTO II03BOJIIET HANpsAMYIO IIPOBEPATH
CHOCOOHOCTh aJrOPUTMa BOCCTaHABJIMBATH IPOIYCKH B YCIOBHUSAX, KOTJa
HCTHHHAs MOJENb Psijia allpHOPH U3BECTHA.

MopaynbpHbIE TECThl MPOBEPSAIOT, YTO KaXJIbld KOMIIOHEHT MJIs
(DMKCHPOBAHHBIX BXOJHBIX JIaHHBIX BHIJAET CTPOTO OXKHIAEMBIH PE3yJIbTaT,
Hanpumep, 4yto ParameterSpaceConstructor mia 3agansbix L u 1 norm
(dopMupyeT onpenereHHoe MEHOKecTBO Moiene C. IHTerpannoHHbIE TECTHI
MIPOBEPSIIOT COTJIACOBAHHOCTH PAOOTHI BCETO KOHBEWEpAa: BOCCTAHOBIICHHBIC
3HAYEHMS TSI HCKYCCTBEHHOTO TIPOITYCKa B CHHTETHYECKOM PSITy JOJDKHBI C
3aJaHHOH TOYHOCTBIO COBIAJAaTh C 3aBEIOMO H3BECTHBIMH HCTHHHBIMHU
3HAYCHHUSAMH. OTa CHCTEMa TECTOB CIIy)KUT HE TOJBKO Jsi oOecredeHus
HaJIe)KHOCTH, HO U Kak (popmainbHas crieuduKaius 0XXu1aeMoro IoBeIeHUs
CHUCTEMBl B pPa3lIWYHBIX YCJIOBHSX, YTO KPUTHYECKH BAXXHO IS
JOJITOCPOYHON TOJJCPKKU U Pa3BUTHS KOJOBOU Oa3bl.

Jnst obecnieyeHns] MPO3PAvyHOCTH U WHTEPIPETHPYEMOCTH DPabOTHI
CJIOXKHOTO aJIallTUBHOTO aJITOPUTMA ObliIa pa3paboTaHa CHCTEMa AETaIbHOTO
JIOTHPOBAHUS U TeHepanny oT4eToB. Kakplii OCHOBHOI KOMIOHEHT MO ISt
3allCBIBACT B CTPYKTYPHPOBAHHBIA JIOT KIIIOYEBHIE IPOMEKYTOUHBIE
pe3yibTaThl W MPHUHATHIE PEIICHMS: BBIYMCICHHbIE 3HaYeHus L u I norm,
NOCTPOEHHOE MHOXecTBO Mojeiell C, 3HayeHus neieBod GpyHkuun Q(M)
JUTSL KaXKJJOH MOJIETIH, pe3yJIbTaThl IPOBEPKH Ha CXOJUMOCTh M (DMHAIBHBIIN
BBIOOp MapamMeTpoB MOAENH. DTH JaHHbIE MOTYT OBITh aBTOMAaTHYECKH
arperupoBaHbl B TEKCTOBBIM WJIM BU3YaJIbHBII OTUYET, KOTOPBIM IO3BOJISAET
HCCIIEJOBATEII0 PEKOHCTPYHPOBATh BECH MPOLIECC 0OPaOOTKH KOHKPETHOTO
mpomycka. Takasg mNpo3padyHOCTh MpEBpamiaeT aIrOPpUTM M3  «IEPHOTO
AIIMKa» B MHCTPYMEHT, paboTa KOTOPOTO MOXKET OBITh ITPOaHAIHN3UPOBAHA,
0oOBsICHEHA ¥, TIPH HEOOXOJMMOCTH, CKOPPEKTHPOBaHA, YTO SIBISETCS
BaXXHBIM TpeOOBAaHMEM JUII HAYYHBIX M HWHXCHEPHBIX NPUIOKEHUH, TIe

366 WNudopmarnka u aBromarusamus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

NIOHUMaHWE TPUYMHHO-CIIEACTBEHHBIX CBsA3ell HE MEHee BaXXKHO, YeM
UTOTOBBIN pe3yibTaT.

5. JkcnepuMeHTAJbHOE  WCCJIEIOBAaHHE HAa  TeOMarHMTHBIX
JaHHBIX. [l DpakTHUecKoM NPOBEpKUM IMPEAJIOKEHHOTO MeToja U
JIEMOHCTpALNU ero paborocnocobHOCTH ObLTO BBITIOJTHEHO
9KCIIEPUMEHTAbHOE  HCCIECAOBAHWE HA  pPEalbHBIX  I'€OMArHUTHBIX
BPEMEHHBIX pslax.

BbIOOp TreoMarHWTHBIX IAaHHBIX B KadeCTBE TECTOBOIO CTEHIA
00yCITOBNIEH KOMIUIEKCOM TPHYHMH, JENAONMX HUX YHUKAIBHBIM U
TpeOOBaTENbHBIM ~ IOJWTOHOM  JUIi  alITOPUTMOB  BOCCTaHOBIICHHS
HECTallMOHAPHBIX IIPOIECCOB. BO-TepBBIX, T€OMarHUTHOE IOJIE SIBISETCS
HEMpepbIBHO  HaOmoJaeMblM  (PU3MUECKHM  IOJIieM, Ybsl  JMHAMHKA
(dbopmupyercs oj Bo3/IeiiCTBUEM KaK BHYTPEHHHX IPOLECCOB siapa 3eMIly,
TaK M BHEIIHMX BO3JEHUCTBUI CO CTOPOHBI COJIHEYHOTO BETpa H
MarHuToc(epHON aKTHMBHOCTH. DTa JBOMCTBEHHAs MPUPOJA MPUBOJHUT K
(OPMHPOBAHUIO CIIOKHOTO CHUTHajla, COYETAIOIIEro B ceOe OTHOCHUTEIHHO
IUIaBHBIC CYTOYHBIC BapHalMM, OOYCIOBJEHHBIC BpAlllCHUEM 3eMJIH, H
pe3kre, WMITyJIbCHBIE BO3MYyIIeHUs (cyOOypw, Oypu), CBsSI3aHHBIE C
CONTHEYHOU aKTHBHOCTHIO. TakuM 0Opa3oM, T€OMarHUTHBIN P MO CBOEH
CYTH SBISETCS SPKO BBIPAXECHHBIM HECTAIMOHAPHBIM MPOLECCOM CO
CMEIIaHHBIM CIIEKTPOM, TZE CIIOKOHHbIEC TIEPHO/IBI CMEHSFOTCSI HHTEPBATAMHU
BBICOKOIl TypOyneHTHOcTH. Takoe TmOBEJEHHE NPENCTABISIET COOOH
TIOJIE3HBIN, HO KpaliHe CIOXHBIA clydald UIsl MPOBEPKU CIIOCOOHOCTH
AITOpHUTMa aJaNTHPOBAThCA K (PyHIaMEHTaIbHBIM U3MEHEHUAM B XapakTepe
JTAHHBIX.

Bo-BTOpBIX, 1 T€OMAarHMUTHBIX MJAaHHBIX CYIIECTBYET XOPOIIO
pa3zpaboTaHHas CHCTEMa KOJMYECTBEHHBIX HHIEKCOB, OOBEKTHBHO
OTMCHIBAIONINX YPOBEHb BHEHIHEW Bo3MymleHHOCTH. WHaekc SME
(Substorm Magnetospheric Index), ucmomnb3yemslii B JaHHOM HCCIE€IOBaHUH,
paccUMTHIBAETCS 10 TII00ANBHOM CEeTH HAa3eMHBIX 00CEPBATOPHUI M CITYXKHT
HaJIS)KHON MHTETPAIbHON MEpOil 3HepIruy, BKJIAIbIBAEMOH B MarHurochepy
BO Bpems cy0OypeBbIx coObiTHil. Hammume Takoro He3aBUCHMOTO,
HETIPEPHIBHOTO W KOJMYECTBEHHOTO JECKPHUITOpAa BHEIIHErO0 KOHTEKCTa
(dakrop | B mpeylaraeMoM MeToIe) SBISETCS PEAKUM IPEeUMyIIecTBOM. Bo
MHOTHX JpyTUX o0macTsax ((UHAHCH, MEAWIMHA, TEXHHWKA) MOJ00HBIE
BHEUTHUE (PakTOphl OO HeHaOIogaeMbl, JMOO HMMEIOT KadeCTBEHHBIN
XapakTep, 4TO 3aTPyAHSAET UX (HOpPMAIBHOE UCIIOIB30BAHHUE B aTOPUTMAX.
Takum 00pa3oM, reOMarHWTHBIE NaHHBIC IIPEJOCTABIIOT BO3MOXKHOCTBH
MIPOBEPUTH THUIOTE3y O IOJE3HOCTH HWHTETPALNN BHEUTHEW KOHTEKCTHOMN
nHGOPMAUK B TPOLECC MAapaMeTPHU3AUN MOJENH, TOCKOJBKY 3/1eCh 3Ta
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nHopManus JOCTYNHA, HU3MEpPHMa M HMEET YETKYI (HU3HYECKYIO
HUHTEpIpeTaLHIO.

B kauecTBe KOHKPETHOTO OOBEKTa MCCIIETOBAHUS HCIIOJIb30BAINCH
MHUHYTHBIC JJAHHBIE BapUaluii MarHUTHOTO MOJISI 3eMJIH, MPEIOCTaBIsIEMbIC
MEXIyHapOaHOU ceThio obOcepBatopuit SuperMAG [19, 20]. Dra cets
obecrieynBaeT CTaHAAPTHU30BAHHYIO IPenoOpadOTKy CHIPBIX H3MEpEHHH,
BKITIOYAs yJaJeHHE OCHOBHOTO IOJNISI M TIPHBEICHHWE K EIMHOW CHUCTEMe
KOOpJAMHAT, YTO TaPAHTHPYET BRICOKOE KAYECTBO M COTIOCTABUMOCTH TAaHHBIX
U3 Pa3IUIHBIX HCTOYHHUKOB.

Jns  mpoBemeHWS — BBIYHCIHUTEIBHBIX  AKCIHEPUMEHTOB  OBLI
ncnonb3oBaH psax ceBepHoi kKommoHeHTH (DBE NEZ), momydennsiii Ha
BBICOKOINUPOTHOH  obcepBaropuu  Jloozepo  (LOZ)  Ilomspuoro
reopusmyeckoro umucrturyta (IICH) [21]. Bribopka Obuta orpaHudeHa
neprosioM 2015 roza, 4To O3BOIIAET 00ECIIEYUTh CONIOCTaBUMOCTh yCIOBUH
HaOMIOMEHUIT W  TOJHYK  JOCTYINHOCTh  CHHXPOHHBIX  HHAEKCOB
reomarHuTHOM aktuBHOCcTH SME. IleneBbIM mapameTpoM, MOABEPracMbIM
BOCCTAaHOBJICHUIO, Oblla BbIOpaHa CeBEepHAash KOMIIOHEHTa BO3MYILEHHOTO
MarautHoro monsi (DBE NEZ). JlaHHas KOMIIOHEHTa SBISACTCS OIHUM W3
KITIOYEBBIX HWHAMKATOPOB CYOOYpPEBBIX IPOILECCOB B BBICOKHX IIHPOTAX,
JEMOHCTPHPYS OCOOCHHO CHJIBHBIH OTKJIMK Ha BO3MYINCHHI B
MarHuToc(epHBIX TOKax. Ee InuHaMuKa XapakTepu3yeTcs 3HAUYHUTEeIBHOU
W3MEHYMBOCTBIO aMIUTUTYABl W YacTOTHl KoJieOaHWii, dYTO co3maeT
JIOTIOJTHUTENIBHYIO CIO0KHOCTD JJIS 33]1a4 MHTEPIOJIAIUN MO CPAaBHEHHIO C
0oJiee MIaBHBIMH KOMIIOHCHTAMHU.

Jns  MopenupoBaHMsST  YCIOBMM  NPOMYCKOB M3  HCXOJHOTO
HETIPEPHIBHOTO psfa OBUIM MCKYCCTBEHHO YAAJCHBI CETMEHTHI pa3IMYHON
JUINHBI, 9TO IMO3BOJHJIO MMETh TOYHBINA STaJOH A OOBEKTHBHOM OLIEHKH
KauecTBa MHTEPHOJAIMH. J{Hama3oH ATUH MpoiyckoB L 611 BEIOpaH OT 5 10
120 munyT ¢ muckpeTHBM maroMm (5, 10, 15, 30, 45, 60, 90, 120 munyT), 9TO
COOTBETCTBYET JUTHHAM OT 5 10 120 OTCYETOB IpH MUHYTHOM pa3pericHuU
JAHHBIX. ODTOT BEIOOp HE SBISAETCS TNPOU3BOJNBHBIM; OH COOTBETCTBYET
TUITUYHBIM BPEMEHHBIM MacIiTabaM MOTEpH JaHHBIX B pEallbHBIX CHCTEMAax
MOHHUTOPHHT2, KOTOPBIE MOTYT OBITh BBI3BAHBI KPaTKOBPEMEHHBIMH COOSIMU
B repeaade (MUHYTHI), INIAHOBBIM TEXHUYECKUM OOCITY)KUBaHUEM (JECATKH
MUHYT) WK 0oJiee IIMTENbHBIMI OTKa3aMu o0opynoBaHus. VcciaenoBanue
MMEHHO TaKUX JTUAIIa30HOB JJIFH MPEICTABIIAET HAaHOOIBINNI MPAaKTHIECKHUI
HWHTEpEC, MOCKOIBKY METOIBI MPOCTOM 3KCTPAIOJNAIMK WM IPOTHO3a Ha
OJIMH WIar OKa3bIBAIOTCS HEaJEeKBATHBIMHU, a HEOOXOIWMOCTH B CIIOKHOMN
MOJIENH, YIUTHIBAIOLIEH CTPYKTYPY pPAAa, CTAHOBUTCS KPUTHIECKOH.

KitoueBoit 0COOEHHOCTBIO JKCIEPUMEHTAIBLHOTO IJIaHa SBIISJIACH
HeclTydaifHas, a CHCTeMAaTHYecKas IMPHBS3KAa KaXKIOTO HCKYCCTBEHHO
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CO3/1aHHOTO NPOIMYyCKa K KOHKPETHOMY YPOBHIO T€OMarHUTHON aKTUBHOCTH,
xapakrepuzyemomy uHinekcom SME. Bwmecto Toro uto0bl ciydaiiHbIM
o0pa3oM pacrpeessTh IPOIyCKH II0 BCEMY BPEMEHHOMY psIy, OHHU
LIEJICHANPAaBIEHHO  pa3MeIlaich BHYTPU  3apaHee  ONpeAETIeHHBIX
BPEMEHHBIX WHTEPBAJOB, KiIacCU(PUIMPOBAaHHBIX 10 YypoBHsIM SME:
crokoitapie  ycioBus (SME < 100 wTm), cmabere Bosmymenms (100—
300 uTn), ymepennsie 0ypu (300-600 #Tox) u cunpHBIe Bo3Mmymenus (SME >
600 aTm). Takoii moaxonm mo3BOIMI c(HOPMHUPOBATE COATAHCHPOBAHHYIO
TECTOBYIO BBIOOPKY, PABHOMEPHO IOKPBIBAIOILYIO BECH CIIEKTP BO3MOKHBIX
YCIIOBHI, B KOTOPBIX MOKET pab0TaTh aITOPUTM BOCCTAHOBIICHHUS.

IMoaroroBka HaHHBIX K OSKCHEPHMEHTY BKIIOYada HECKOJIBKO
00s3aTeNnbHbIX 3TanoB. VIcCXoHbI MUHYTHBIN Psill, Kak U 10001 peanbHbIit
reopU3NYeCcKuil CUIHaN, COlepKal TEXHUYECKUE apTe(akThl U BBIOPOCHI, HE
CBSI3aHHBIE C Treo(U3MYeCKUMH Tponeccamu. [l WX NOJaBICHUS
NPUMEHSUICS MSITKUi (GunbTp Ha ocHoBe anroputma Casuukoro—I ones,
KOTOpBIH 3(PQEKTUBHO ylalseT BBICOKOYACTOTHBIA IIYM, MHHHUMAaJbHO
uckaxxas (opMy OCHOBHOrO CHrHaja. BaxHO OTMETHTh, 4YTO 3Ta
penoOpaboTka NPHMEHSIIACh TOJBKO K JAHHBIM, HCIIOJIB3YyEMBIM IS
00y4YeHUsI ¥ TECTUPOBAHUS MOJAENEH; NCXOAHBIC 3HAUCHUS COXPAHAINCH B
Ka4ecTBE STaJloHa JUT pacyeTa (PMHAIBHBIX METPUK OIIMOKH. DTO MO3BOIISIET
OILIEHHUTh, HACKOJIKO XOPOIIO BOCCTAHOBJICHHBIC 3HAUYCHHS COOTBETCTBYIOT
peanbHBIM HAONIONAacMBIM JIAaHHBIM, a HE MX CrilakeHHOW Bepcuu. [locie
OYHCTKH IPOBOJIWIIACH TPOBEPKa psAla Ha CTAI[OHAPHOCTh C MOMOIIBIO
pacmupenHoro Tecra Jluxu—®ymiepa (ADF), xortopas mnoarepania
HIMYME EAWHUYHOTO KOPHS, TO €CTh HECTAl[HOHApHOCTh paga. OTo
000CHOBBIBAaET HEOOXOJMMOCTh HCIOJb30BaHMsI MMeHHO kilacca ARIMA-
MOJIENEN.

[TmaHupoBaHME SKCIEPUMEHTa JAJI0 BO3MOXKHOCTH IPOBEPHUTH HE
TOJIEKO 00MIYI0 A3(PPEKTHBHOCTH METO/Ia B TEPMHUHAX CPEIHEH OIIHOKH, HO U
€ro KIIOYEeBYIO0 KOHIENTYaJIbHYIO THIIOTE3y — CIIOCOOHOCTH aJanTHBHO U
OCMBICJIEHHO MEHSATH ITapaMeTpbl MOJEIH B 3aBHCUMOCTH OT KOHTEKCTa,
onpenensiemoro mapoit (L, SME). [lns 3Toro B Xoae pabOTHI adropuTMa Iiis
Ka)XXJJOTO TECTOBOTO IPOIyCKa MPOTOKOJIMPOBAICS (HHANBHBIN BEIOOD
ontuMaibHOH Mozaemu Mopt(Popt, Qopt, Gopt). Tlocaemyromuit craTucTHYSCKUA
aHaJTM3 JTHX BHIOOPOB TIO3BOJIMJI BBIIBUTH yCTOMYMBBIE MATTEPHBI:
HampuMep, TEHACHIUIO K BEIOOPY Mojenel ¢ 6oyiee BRICOKMM HOPSIIKOM (
(cxomp3siiiee cpeaHee) B TMEPUONBI BHICOKOW akTuBHOcTH SME, dTO
COOTBETCTBYET (PU3MUECKOMY OXHIAHUIO O BO3pacTaiomiel posn
CTOXACTHYECKHX, IMOXOKMX Ha INyM BO3MyIIeHHH. Wnm TeHmeHIwio K
YMEHBIICHHIO JOITyCTUMOTO MOpsiAKa P (aBTOpErpeccun) ¢ pocTOM JUTHHBI
nporrycka L, 4To CBHAETENbCTBYET O KOPPEKTHOH paboTe 3BPUCTHUECKOTO
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NpaBWjia, OrPAaHWYMBAIOMIETO CJIOXHOCTh MOJENM TpH  Aeduuure
peneBaHTHOH MH(OPMALIUH.

Jnst  Kaxmoro TECTOBOTO  ciydas paboTa  MpEeayIoKEHHOTO
KOHTEKCTHO-3aBHCUMOI'O METOJla CpaBHHBaJach C JAByMs 0a30BBIMHU
MOJXOJaMH, TPEICTAaBISIONMMHE pas3Hble (uitocopun BOCCTaHOBICHUS
naHHBIX. [lepBBIii 0a30BBIM METOJ — KIAacCHYecKas KyCOYHO-JIMHEHHas
WHTEPHOJLNNSA — TIPEICTABIAET COOOW MPOCTEHIINIA AeTepMUHIPOBAHHBIN
TIOJIX0/I, TIOJIHOCTHIO UTHOPUPYIOIINH KaK aBTOKOPPEISIIHOHHYIO CTPYKTYPY
psna, Tak W BHEWHMH KOHTEKCT. OH CIy)KHT HIKHUM HPUMEPOM,
JEMOHCTPHUPYIOIIUM MHHHMAIBHBIA OKHIAEMBIH YPOBEHb KadecTBa,
KOTOPBII TOIDKEH OBITH TIPEB30iiIeH IF0OBIM 00JIee CI0KHBIM METOJOM.

BTOpOﬁ METOA [Jid CPAaBHECHUSA — UHTEPIIOIANMNA C TIOMOIBIO MOACIIN
ARIMA, mapamerpsl Kotopoit (P, d, () ObUIM OZHOKPATHO MOAOOPAHBI
rJ100aJbHBIM AITOPUTMOM auto.arima 1o BCEMY JOCTYITHOMY BPEMEHHOMY
psny (3a UCKIIIOUEHHEM CaMOro IPOITyCcKa). ITOT METOJ IIPECTaBIIsAET cOO0H
COBPEMCHHBIN CTaHAAPT Je-(HaKkTo B aBTOMATUYECKOM aHAJIN3€ BPEMCHHBIX
psanoB. Opnako, Oyay4u NpHMEHEHHBIM K 3ajade HWHTEpPHOJSIHUH, OH
BOIIOMIAECT (HUIOCOMHUI0O «OAHA MOJENb Ul BCEX CIIy4acB»: CTPYKTypa
MOJENH, BBIOpaHHas Ha OCHOBE TIJIOOANBHBIX CBOWCTB BCEro psza,
UCTIONB3YEeTCS Al BOCCTAHOBIICHUS JFOOOTO MPOIYyCKa HE3aBHCHUMO OT €T0
JIOKJIBHBIX OCOOEHHOCTEH M yclIoBHH BHEIIHEH cpensl. CpaBHEHHE C 3THM
METOJOM TMO3BOJISIET KOJHMYECTBCHHO OLEHUTh II€HHOCTh, KOTOPYIO
J00aBiIsIeT KOHTEKCTHO-3aBHCHMasi aJanTaiys, IpeajaraeMas B IaHHOMN
pabore.

KauectBo BOCCTAHOBJICHUA OLCHUBAJIOCh 10 JABYM
B3aMMO/IOTIOJIHSAIOIMM METpHKaM: Koa(duuueHTy nerepmunanuu (R?) u
cpenHexBaapatnyHoi ommoke (RMSE), BEIYHCICHHBIM ITyTeM CpPaBHEHUS
BOCCTAaHOBJICHHBIX 3HAYCHHI C HUCXOJHBIMHU, HeO6pa6OTaHHLIMI/I
(«CBIpBIMU») JTaHHBIMH BHYTPH KaXKJJOTO HMCKYyCCTBEHHOTO MpOITyCKa.
Ucnonb3oBanue R? B KauecTBe OCHOBHON METPHKH MO3BOJIAET OLECHHT,
Kakas ~ JONs  JUCIEPCHMM  HWCXOJHOTO  CHTHajla  OOBsICHSETCS
BOCCTaHOBJICHHBIMH 3HaYECHUSIMH, B TO BpeMs kak RMSE naer monnmanue
TUNWYHOW BEJIMYMHBI OTKJIOHEHHS B aOCOMIOTHBIX enuHuax (HT).
KauectBeHHass wumoctpanusi pabOThl METOAA B CIOXHBIX YCIOBHAX
NPEe/ICTaBIICHA HA PUCYHKE 2, KOTOPBIN JIEMOHCTPUPYET BOCCTaHOBJIEHHE 60-
MHUHYTHOTO MPOIyCKa B CHOKOHHOH oOctanoBke (SME = 80 uTn) mu
TIO3BOJIAECT BU3YAJIbHO CPaBHUTH MOAXOABI.

KonnuecTBeHHbIE PE3ybTaThl 3KCIEPHUMEHTA MO3BOJISIIOT CHAENAThH
clenyronie BBIBOABI 00 d(G(EKTHBHOCTH MpeajaraéMoro MeToja B
3aBHCHUMOCTH OT KOHTEKCTa. B CITOKOMHBIX U CJ'[a6OBO3MyH_IeHHBIX YCIIOBUAX
(SME = 50-200 HTux) MeTo IEeMOHCTPUPYET CTAOUIIBHO BEICOKOE Ka4eCTBO
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BOCCTaHOBIEHHUA, ¢ Kod(duuuentom aerepmuHamuud R? = 0.71-0.85 musa
BCEro Juana3oHa JUIMH MPOITycKoB OT 5 10 120 MuH. DTO MOATBEPKIAET €ro
HAJIS)KHOCTb B PEKUMaX, T1e AMHAMUKA PsiJia OTHOCUTENNBHO Npe/icKa3yema.

B ycnoBusax ymepennsix BosMymeHui (SME = 400 vTm) TouHOCTH
3aMETHO CHHMIKAeTcs, nocTvras 3Hauenuit R2 = 0.23-0.49, uro oTpaskaer
BO3PACTAIOIIYI0 CTOXACTHYHOCTh CHUrHaia. Hambomee CIOXKHBIM CIydaem
JUTSL BOCCTAHOBJICHHSI OKA3aJIMCh TIEPUOJBI CHIBHBIX U 3KCTPEMAaIbHBIX Oypb
(SME > 800 uTn), rae kadectBo magaet ao R? = 0.15-0.41, uro sBmsercs
(yHAaMEHTaNbHBEIM  OTPAHMYCHHEM, CBA3aHHBIM C  NPHOJIDKCHHEM
HUCXOJHOTO psifa K IOyMy @pPH BBICOKOM BHEIIHEH BO3MYIIEHHOCTH.
WHTEpecHO OTMETHUTD, UTO VIS CAMBIX JIIMHHBIX MPoITyckoB (90—120 MuH) B
9THX IKCTPEMAJIBHBIX YCIOBHSIX METOJ| MHOT/IA [TOKA3bIBAET COIOCTAaBUMYIO
WIN JJaKe 4yTh OoJiee BHICOKYIO TOYHOCTb, YeM JJIsi KOPOTKHX IPOITYCKOB,
YTO MOJKET yKa3bIBaTh Ha CIIXHMBAIOIIUK d(PQPEeKT MOJEIH Ha JUIMHHBIX
WHTEpBaNaxX IMPHU OYEHb XAOTUYHOM CHTHale. DTH PE3yJIbTaThl HATJISIHO
WUTIOCTPUPYIOT KaK CHJIbHBIE CTOPOHBI METOJa — €ro aJanTHBHOCTh U
HaJIS)KHOCTh B IIUPOKOM JIMANa30He yCIOBHM, TaK M 00BbEKTUBHBIEC IPaHUIIBI
€r0 NPUMEHHMOCTH, OIIPEAEIIeMbIC TPUPOION NCXOHBIX JaHHBIX.

60 min gap recovery: 17:38 — 18:37 UT, R? = 0.969
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Jnst  Kakmaoro TECTOBOTO  ciydas paboTa  MPEeaIoKEHHOTO
KOHTEKCTHO-3aBHCUMOI'0 METOJ]a CpaBHHMBaJach C JByMs 0a30BbIMHU
MOJIXOJJAMH, PEATU3YIOIIMMH Pa3Hble MPUHIUIBI BOCCTAHOBIICHUS JIaHHBIX.
IlepBBlil, KyCOYHO-IMHEWHAs HMHTEPHOJALMUA, CIHYKWI HPOCTEHIINM
JICTEPMUHUPOBAHHBIM OPHEHTHPOM H, KaK U OXKHAJI0Ch, IOKA3bIBAJ PE3KOE
CHIDKEHHE TOYHOCTH C POCTOM JTMHBI IpoITycKa (Hampumep, ¢ R?2= 0.91 mis
5-muHyTHOTO 110 R? < 0.20 myst 30-MuHyTHOTO HHTEepBana). Bropoii, 6onee
COBEpIIECHHBIN MOAXOJ — HHTepHnoysinus ¢ nomompro mojenu ARIMA,
napameTpsl KoTopoit (p, d, q) ObUIM OJHOKPAaTHO 1OA00PaHbI III00ATBHBIM
AITOPUTMOM auto.arima’ IO BCEMY psiay, — BOIUIOIIAJN NPHHIMI «OJHA
MOJIETIb JJISL BCEX cirydaeBy». OJJHaKO B yCIOBUIX yMEPEHHbBIX T€OMarHUTHBIX
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Bosmyuienuid (SME = 400 uTxn) npenioxkeHHbIH alanTUBHBIA METOM AJIs
KOPOTKMX TMpoIyckoB (5—-15 MuH) Ooiiee ueMm BJIBOE IPEBOCXOAWI 3Ty
rnobansayo ARIMA mo Tounocti (R? = 0.79-0.85 mpotus R? = 0.39-0.46),
a B akcTpeManbHbIX yeiaoBuax (SME > 800 uTu) coxpaHsit npeMMyniecTBo B
30-60 mpoueHTHBIX MyHKTOB Mo R2. Jlake B criokoiHoW ob6ctaHOBKe (SME
50-200 HTx) amanTUBHBIA METOA TOAACPKHUBAI CTAOMIBHO BEBICOKOE
kagectBo (R* = 0.83-0.94) ma mmuaHBIX mHTepBanax (30—60 muH), rme
JIVHEHHAs WHTEpNOSNMSA  yXe He paboTama. OTH  pe3ysbTaThl
KOJIMYECTBEHHO TIOATBEP)KAAIOT, YTO IIEPEXOA OT YHHBEPCAIBbHOM K
a/lanTUBHOM, KOHTEKCTHO-3aBUCHMOH apaMeTpu3anun MOJEIH
obOecrieymMBaeT CYIIECTBEHHBI ¥ YCTOWYHMBBIN BBIMTPHII B TOYHOCTH
BOCCTAaHOBJICHUS JAHHBIX, OCOOCHHO B YCJIOBHSX BHEIIHUX BO3MYIICHHH.

6. O0cyxnenne pe3yJbTaTOB. Pe3ynbTaThl 3KCICPUMEHTAIHHOIO
HCCIICOBAaHMS  JIEMOHCTPUPYIOT, UTO MpPEUIOKEHHBIH  KOHTEKCTHO-
3aBUCHMBIH METOJ] 00eCIeYrBaeT HOBBIM MOJXOJ K 3a7ade MHTEPIOJIIINU
MIPOIIyCKOB B HECTAllMOHAPHBIX BPEMEHHBIX psfaX IO CPaBHEHUIO C
KJIaCCUYeCKMMHU  pemeHusIMH.  [lomydeHHBle  JaHHBIE HE  IPOCTO
MOATBEPXKIAIOT €ro paboTOCIOCOOHOCTh, HO M MO3BOJIIOT TIIyOOKO
MIPOAHATU3HPOBATh MEXaHU3MBI €ro padoThl M rpaHUIpl 3()(HEKTHBHOCTH.
KiroueBbIM NpPakTHYECKUM BBIBOJOM SIBISICTCS JOKa3aHHAs CIOCOOHOCTH
QJITOPUTMA TIOJIEPKUBATH BHICOKOE KaueCTBO BoccTaHoBneHus (R? > 0.7) B
OIMPOKOM JAMama3oHe JUIMH TpomyckoB (5-120 MUH) m[pH  yCIOBHH
CIIOKOMHON MM C1aboBO3MYIIEHHOH T€OMarHUTHOW OOCTaHOBKH. OTO
yKa3bIBaeT Ha TO, YTO METOJ YCIEIIHO PellaeT BBIIBICHHYIO Ipo0ieMy: OH
3 (PEKTUBHO HCIOJIB3YeT JIOKAIBHYIO aBTOKOPPEISIIIMOHHYIO CTPYKTYPY
JAHHBIX, aJalTUBHO OTPAaHUYMBAS CIIOXKXHOCTh MOJENH B 3aBUCHMOCTH OT
JOCTYITHOTO [T aHaju3a oobeMa utpopmanmu. CTaOUIBHOCTD PE3yJIbTATOB
Ha JJIMHHBIX NPOIYyCKaX OCOOEHHO BaXKkHa, TaK KaK HWMEHHO B TaKHX
CIIEHapHsIX TPaJUIIMOHHBIE METOIbI, OCHOBAHHbIEC HA 3KCTPAIIOJISIIUH, TEPIIAT
Heyzaady.

BMmecre ¢ TeM, SKCHEepHMEHTAIbHBIC JIaHHBIE SICHO MOKAa3bIBAIOT
(yHIaMEHTaNbHYIO 3aBUCHMOCTh KadeCTBa BOCCTAHOBJIEHHS OT YPOBHA
BHEIIHEH BO3MYLIEHHOCTH, XapakTepuzyemoro usiaekcom SME. Peskoe
cHkenne kod3pduuenta R? npu SME > 300 uT1 sBIseTCSA He HEAOCTATKOM
AITOpUTMa, a OTPaXKEHHEM OOBEKTHBHOTO (hM3WYECKOTO orpaHmueHHs. B
MEepUOJIbI BBICOKOM T'€OMAarHUTHOM aKTUBHOCTH [IWHAMHKA IapameTpa
DBE NEZ cranoBuTcs KpaitHe TypOyJIeHTHOH, TPHUOIIKASCh K TIOBEICHUIO
OKpAIIEHHOTO IIyMa ¢ PEe3KUMH, IJI0X0 MPOTHORNPYEMBIMHU CKauKaMH.

[TomyueHHBIE pe3yIbTATHI TAKXKE MTO3BOJIIOT YETKO OUEPTHTH 00J1aCTh
HanOonee 3(h(EeKTHBHOIO TPUMEHEHHs MeToja. Ero CHIIbHBIE CTOPOHBI
MaKCHMaJIbHO PAaCKPBIBAIOTCS MPH padoTe C HECTAMOHAPHBIMHU psaMu,
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KOTOpBIE,  OJHAKO, JEMOHCTPUPYIOT  OTHOCHUTEIBHO  YCTOMYUBYIO
aBTOKOPPEILIMOHHYIO CTPYKTYpy B IIpeleiax JIOKaabHOIO OKHA aHaIu3a.
OTO XapakTEepHO Ul JAHHBIX MOHHTOPHHra (U3MYECKHX IIPOLIECCOB B
LITATHBIX PEXUMax UX paboThl. B 3THX ycloBHsAX MeTo] obecneynBaeT
TOYHOE, CTPYKTYPO-COXPaHAIONIEE BOCCTAHOBIICHUE IIPOILYCKOB Pa3IMYHOI
JuuHbL. C OpyTroii CTOPOHBI, B IEPHOABI SKCTPEMAIBHBIX BO3MYIIIEHHH, KOT1a
P TepsieT BBIPAKCHHYIO aBTOKOPPEIIAIMIO, METOA, KaK M JI000H IpyTroH,
OCHOBAaHHBIM Ha JIMHEWHOM IIPOTHO3€, JOCTUTAET CBOETO TEOPETHYECKOTO
npeaena TouHocTu. OTHAKO BaXKHO OTMETHUTBH, YTO AAXKE B 3TUX YCIOBHAX OH
HE (IOMAaeTcs», a BbAACT KOHCEPBAaTHBHBIM  pE3yNbTaT, dacTo
IIPEBOCXOISAIINI TI0 TOYHOCTH MPOCTYIO TUHENHYIO HHTEPTIOJALUIO.

CTtoUT mNOAYEPKHYTh, UYTO MPEIJIOKEHHBIH  METOA  HOCUT
YHHMBEpCAJbHBII XapaKkTep U He OTPAaHUYHUBACTCS T€OMAarHUTHBIMU JAHHBIMU.
JlaHHBI KOHKpETHBIH ciydald ObLI BBIOpaH JJIsl SKCIEPUMEHTAIBLHOMN
IIPOBEPKHU B IIEPBYIO OYEPENb B CUILy €ro JOCTYIHOCTH I aBTOPOB U
HaJIMYMs B HEM BCEX KIIIOUEBBIX aTpHOyTOB, HEOOXOIUMBIX AJIs BaJIMIALUU
METO/Ia: BHIPAKCHHOW HECTAI[MOHAPHOCTH W HalWuus (HOpMaIn30BaHHOTO
BHEIIHEro nHAekca akTuBHOCTH (SME). VenemHoe npuMeHeHNe allropuT™a
B 3THX CIJIOXHBIX YCIIOBHSX CIY)KHUT YOCIOWTEIBHBIM OKa3aTEIbCTBOM €r0
paboTtocriocobHOCTH. MOy IbHAS apXUTEKTYpPa ajrOPUTMa 1 €ro KIIIOYEBbIC
NpuHOUIB! (Y49eT UIMTENBHOCTH mpomycka L m BHemrHero KoHTekcTa )
3aBEZIOMO TOTOBBI K aJaNTalliH Uil paOOTHl C BPEMECHHBIMH PSAAMH W3
JpYTUX IpeAMETHhIX oOnacted (Hampumep, (UHAHCOBOW aHAINTHKH,
MOHHUTOPHHTA TEXHOJOTHMYECKUX MPOIECCOB), TAE€ MOTYT OBITh OIpPEeICHBI
aHAJIOTMYHBIE KOHTEKCTHBIE (DaKTOPHI.

IIpencraBnsiercss ~ BO3MOXHBIM ~ HECKOJIBKO  NEPCIEKTHBHBIX
HaIIPABJICHUH IS NajbHEMILIEro pa3BUTUSA MeTOAa. Bo-niepBbIX, HHTErpaLys
OoJiee CIIOKHBIX MOJENEH, YYMTBHIBAIOIIMX HEJIHMHEHHbIE 3aBHCUMOCTH,
HampuMmep, B paMKax THOPHIHOTO TOAXOAa, TJe KOHTEKCTHO-3aBUCHMBIN
MEXaHM3M BBIOMpan OBl HE TOJIBKO MapaMeTpbl, HO W KJIacC MOJENN
(mampumep, Mexny nuHeiHO ARIMA U HelWHEHOH MOJENBI0 Ha OCHOBE
JepeBbeB). Bo-BTOPBIX, HCIOJNB30BaHHMEM HE OJHOTO, a HECKOJIBKHX
KOHTEKCTHBIX HHJIEKCOB, KOTOpBIE MOIJIM Obl 0oJiee TOHKO OIMCHIBATDH
coctostHue cucTteMbl. HakoHen, pa3paboTaHHasi MOXYJIbHAs apXUTEKTypa
IIPOrPaMMHOM pealu3alud M03BOJISIET OTHOCUTEIBHO JIETKO aJalTUpOBaTh
PO adropuT™Ma AJs paboThl ¢ JAHHBIMU M3 IPYTHX MIPEIMETHBIX 00JIacTeH,
TakWX Kak (pUHAHCOBasS aHAJIWTHUKA MM MOHHWTOPHHT IPOMBIIIIEHHOTO
obopynoBaHus, TAe TAaKXKe CYIIECTBYIOT IIPOOIEMBI IPOITYCKOB U JOCTYITHBI
BHEIIHUE UHJUKATOPbI COCTOSHUS PhIHKA WM TEXHOJIOIMYECKOI 0 IIpoLECCa.
B sTOM cMBICHE TIpEAIaraeMoe peleHne 3aKiaablBacT OCHOBY IS CO3IAHNUS
YHHUBEPCAJIbHOTO aJallTUBHOTO MHCTPYMEHTAPHUS BOCCTAHOBIICHUS JaHHBIX,
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CHOCOOHOI'O  YYHTBHIBaTh CHELU(PHUKY KOHTEKCTa B CaMbIX pPa3HBIX
MIPUIOKECHUAX.

ABTOpBI OnaronapsiT pEneH3eHTOB 3a BHUMATEIbHOE IPOYTCHHUE
paboThl U KOHCTPYKTHUBHYIO KPHTHKY, KOTOpas IO3BOJIMJIA CYLIECTBEHHO
YIIUIIUTh U3JI0KCHHE M METOJO0JOTMYECKYI0 CTPOrOCTbh MPEACTAaBICHHBIX
pE3yIbTaTOB.
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A. VOROBEV, G. VOROBEVA
A CONTEXT-DEPENDENT METHOD FOR ADAPTIVE TUNING
OF PARAMETERS OF AUTOREGRESSIVE MODELS FOR NON-
STATIONARY TIME SERIES

Vorobev A., Vorobeva G. A Context-Dependent Method for Adaptive Tuning of Parameters
of Autoregressive Models for Non-Stationary Time Series.

Abstract. A method for context-sensitive tuning of autoregressive model parameters for gap
reconstruction in nonstationary time series is proposed. A key feature of the method is the
adaptive selection of ARIMA (p, d, g) model parameters based on two context factors: the gap
duration and the level of external disturbances during the corresponding period. Unlike standard
automatic model selection approaches focused on global optimization for forecasting, the
developed algorithm narrows the model search space and selects the optimal configuration using
local cross-validation, allowing for consideration of specific conditions in the gap region. The
method is implemented as a Python software module with a modular architecture that ensures
computational efficiency through caching and parallel computing. The effectiveness of the
method was tested experimentally on real geomagnetic data (the DBE_NEZ component of the
Lovozero Observatory). The results demonstrate that under calm and weakly disturbed
geomagnetic conditions (SME index = 50-200 nT), the method provides high reconstruction
accuracy (R2=0.71-0.85) for gaps ranging from 5 to 120 minutes in length. However, accuracy
is shown to decrease consistently with increasing disturbance level, reflecting a fundamental
limitation associated with the increasing stochasticity of the original signal. The proposed
approach ensures interpretability and adaptability, opening up prospects for the development of
data reconstruction tools in various application areas.

Keywords: autoregressive models, gap reconstruction, nonstationary time series,
geomagnetic data.
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CLVM: A HYBRID DEEP LEARNING FRAMEWORK FOR
CONTACTLESS VIRTUAL MOUSE CONTROL

Nguyen Viet Hung, Phi Dinh Huynh, Ma Van Tung, Nguyen Van Vu, Nguyen Phu Dat. CLVM: A
Hybrid Deep Learning Framework for Contactless Virtual Mouse Control.

Abstract. In the era of rapid digital transformation and the growing prevalence of artificial
intelligence, enabling natural, seamless, and contactless human-computer interaction has become
a critical priority across various domains. This paper presents a novel deep learning-based model
for virtual mouse control using hand gestures, termed CLVM (CNN-LSTM Virtual Mouse). The
proposed system introduces a hybrid architecture that integrates three powerful components:
(1) MediaPipe for efficient and real-time hand landmark detection; (2) a Convolutional Neural
Network (CNN) for spatial feature extraction; and (3) a Long Short-Term Memory (LSTM)
network for temporal dynamics modeling, enhancing the system’s ability to recognize gestures
continuously and accurately over time. Unlike traditional models, CLVM is designed to maintain
robust performance in real-world environments, particularly under conditions of inconsistent
lighting and cluttered backgrounds. The system also provides low latency and high responsiveness
and can be deployed effectively on resource-constrained devices, making it practical for widespread
adoption. Experimental results demonstrate that CLVM achieves a high accuracy (99.88%) while
reducing the loss to 0.38, significantly outperforming conventional gesture recognition methods.
These findings highlight CLVM’s potential to serve as a reliable, scalable, and efficient solution
for natural gesture-based interaction. It offers a valuable step forward in the development of
intelligent, user-friendly interfaces for contactless control applications.

Keywords: computer vision, contactless interface, hand landmarks, machine learning,
MediaPipe, virtual mouse.

1. Introduction. A major area of research in fields such as artificial
intelligence (Al), computer vision, and Human-Computer Interface (HCI)
is the development of more intuitive and natural ways for people to interact
with computer, as information technology and computer science continue to
advance at a rapid pace [1-5]. Even though conventional peripherals such as
physical keyboards and mice are still widely used, they have limitations in
certain situations. Common scenarios include remote control in intelligent
systems, non-contact settings such as industrial clean rooms, medical surgeries,
or epidemic situations where contact must be minimized to reduce the risk of
infection, and support systems for individuals with mobility impairments to
enable easy interaction.

Therefore, gesture control systems — especially virtual mouse control
systems that use hand gestures — have become a viable alternative to
conventional peripherals [6-9]. However, there are still many significant
technical obstacles to overcome before real-time hand gesture recognition
systems can be implemented. These difficulties include maintaining high
gesture recognition accuracy, reducing latency to meet real-time requirements
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and improving the system’s ability to adapt to a variety of environmental factors,
such as changing lighting conditions, cluttered backgrounds, and variations
of user hand sizes and shapes. Soving these issues requires not only strong
algorithmic solutions but also close integration of hardware and software
technologies, along with the development of deep learning architectures
tailored for this purpose.

This paper proposes a new approach based on the integration of three
key technological components to address the limitations of current virtual
mouse control systems. The first element is the MediaPipe library [10,11], a
powerful and wildly-used computer vision framework that enables efficient
and accurate real-time hand landmark detection Convolutional Neural Network
(CNN) [12], which focuses on processing and interpreting spatial features
of image data. The third element is a Long-Short-Term Memory network
(LSTM) [13], which enables the system to recognize dynamic patterns in hand
gestures by learning and modeling temporal sequences.

By integrating these three technologies into a single architecture, the
system is able to provide users with a seamless and efficient interactive
experience, achieving high gesture recognition accuracy and maintaining
uninterrupted operation even in challenging real-world scenarios. To enhace
practical applicability domains such as online education, remote healthcare,
factory automation, and user support, the primary objective of the research
is to create a virtual mouse control model that can be readily deployed on
standard devices such as personal computers (PCs) or laptops with integrated
webcams.

Experimental results show that the proposed model outperforms baseline
methods in a number of aspects, including high-precision classification,
inference time, and adaptability to a variety of usage scenarios.

The objectives of this research can be summarized in three main
directions. First, we seek to place CLVM within the broader landscape of
state-of-the-art (SOTA) gesture recognition systems. While many existing
approaches rely on rule-based designs or use either CNNs or LSTMs in isolation,
our framework combines the two to model both spatial and temporal aspects of
hand gestures. This integration is intended to improve robustness and maintain
continuity during real-time interaction. Second, beyond technical accuracy, we
consider the practical aspects of user experience. Although this work primarily
emphasizes performance metrics (accuracy, latency, stability), preliminary
informal trials indicate that the defined gestures are intuitive and easy to
perform, and we identify structured user evaluations as a critical next step.
Third, we acknowledge that the current system supports only four fundamental
gestures (Move, Scroll, Pause, Start). This deliberate choice allows us to
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rigorously validate feasibility under real-world conditions. Simultaneously,
it highlights the path for future work, where the gesture vocabulary will
be expanded to include more complex actions such as clicking, dragging,
and zooming, toward building a fully functional replacement for traditional
mouse devices. Together, these goals establish CLVM not merely as a proof-
of-concept, but as a robust and extensible framework that addresses both
algorithmic and usability challenges in natural human-computer interaction.

The proposed system is illustrated in Figure 1. It shows the overall
architecture of the contactless virtual mouse system.

Pre-processor
Layer

Prediction
result

. Module
Controller

==

Fig. 1. System overview diagram

Initially, a camera device (such as a head-mounted camera or smart
glasses) captures the user’s hand movements or gestures. The captured data
are then passed through a pre-processing layer, which is responsible for
normalizing and extracting relevant features. This processed data is fed into a
machine learning model or neural network that analyzes the input and produces
a prediction representing the intended user action. The prediction is sent a
module control, which interprets the output and converts it into corresponding
mouse commands. Finally, these commands are executed on the computer
system, enabling intuitive and touchless control of a virtual mouse cursor. Our
target users include accessibility device users and operators in sterile or dusty
workplaces, as well as public kiosk users and videoconferencing presenters.
By eliminating contact with shared hardware, CLVM reduces the risk of
cross-contamination and mechanical wear without sacrificing responsiveness.
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Based on the proposed system architecture, this paper introduces the
following key innovations:

— We propose CLVM (CNN-LSTM Virtual Mouse) — a novel
optimization framework for gesture-based virtual mouse control — by integrating
convolutional and recurrent neural networks. This hybrid design enables
efficient extraction of both spatial features (via CNN) and temporal dynamics
(via LSTM), overcoming the limitations of traditional single-model approaches.

— The proposed three-stage pipeline integrates: (1) MediaPipe to
detect hand landmarks in real time, (2) a CNN to learn spatial gesture
representations, and (3) an LSTM to model sequential patterns for robust,
continuous recognition.

— Experimental results show that CLVM outperforms baseline models
(CNN-only, LSTM-only, and conventional rule-based approaches) in accuracy
and robustness. Specifically, CLVM achieves an average gesture recognition
accuracy of 99.88% under diverse conditions, surpassing prior work that
typically reports accuracies ranging from 99.08% to 99.80% in controlled
environments. The system maintains performance even in low light and
cluttered backgrounds, demonstrating strong generalization.

The remainder of this paper is organized as follows. Section 2 reviews
related work to establish the context and highlight the gap our study addresses.
In Section 3, we introduce our proposed method, CLVM (CNN-LSTM Virtual
Mouse), including the overall system architecture and its key components.
Specifically, we describe the use of 1D convolutional layers for local feature
extraction, LSTM networks for temporal sequence modeling, and the final
integration and output stage. Section 4 presents the performance evaluation of
our method based on relevant benchmarks. Finally, Section 5 concludes the
paper and outlines potential directions for future work.

2. Related work. This section provides a summary of previous and
ongoing research projects that are directly relevant to our study. Within the field
of HCI, these studies focus on developing touchless interaction solutions and
virtual mouse control systems with the goal of improving the user experience.

One study [14] proposed a computer vision-based virtual mouse system
that controls the cursor through hand movements instead of a conventional
physical mouse. This system, implemented in Python, uses the OpenCV
library to recognize and track the user’s hand motions in real time via a
camera [15-17]. Its primary features include double-click, right-click, and
left-click functionalities, providing the user a variety of control options.

Another study [18] proposed a system that extends the virtual mouse
control approach by combining voice commands with hand gestures to provide
more convenient and natural interaction. The system uses the pyttsx3 package
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for voice synthesis, along with MediaPipe and OpenCV for hand gesture
recognition [11, 19, 20], allowing users to execute commands precisely via
voice.

A further study [21] developed a real-time camera-based mouse control
system that integrates voice assistance with hand gestures. The aim of this
system is to enhance the efficiency, comfort, and naturalness of human-computer
interaction. Its optimized algorithms, along with natural language control via
an integrated voice assistant, significantly enhace the user experience.

Notably, recent studies on computer mouse control have focused on
using artificial intelligence (Al) focused, leading to smoother and more
natural mouse movements. Most earlier studies [9, 14] frequently employ the
MediaPipe library for hand gesture recognition often under specific conditions.

Simultaneously, studies in related areas, such as virtual reality [22,23]
or frame estimation [24, 25], are also rapidly evolving with the aim of helping
to accelerate processing speed and reduce system resource consumption. This
trend indicates growing attention to spatial development.

Additionally, significant advancement has been made in this area through
Virtual Whiteboard (VW) technology, which was introduced in [23,26,27].
VW technology translates hand motions into digital tasks such as writing,
sketching, and form editing using computer vision and machine learning
algorithms. The system efficiently meets the demands of note-taking and
illustration in real time by supporting a variety of drawing tools, enabling fast
PDF export, and automatically converting handwriting into typed text.

Another study [28] focuses on creating an interactive presentation. This
system uses OpenCV and CvZone to recognize hand gestures and enables
users to annotate content and control slides directly via a webcam [28-30]. In
lectures or seminars, this approach enhances audience interaction and presenter
flexibility by eliminating the need for keyboards or remote controls.

In a study [31], a virtual mouse system was proposed that uses a webcam
and deep learning models to recognize hand movements and translate them
into mouse commands without physical contact with the goal of increasing
accessibility. By reducing contact, this method not only reduces the risk of
infection but also assists people with disabilities who can use their hands and
arms.

Further broadening the application range, a hands-free contactless
virtual mouse system [32] combines facial gestures (e.g., mouth and eyes) to
improve accuracy and expressiveness for users with limited hand function.
The system fully supports keystrokes, mouse clicks, and page scrolling,
thereby enhancing user independence. It employs advanced image processing
techniques to mitigate errors caused by varying lighting.
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To improve information security and prevent unauthorized access,
research [33] combines virtual mouse technology with cutting-edge security
strategies such as biometric authentication and encryption. This system
guarantees the security of sensitive user data while also increasing accessibility
in human-machine interaction.

The Enhanced Hand Tracking (EHT) model [34] utilizes the YOLOV8
architecture to improve the accuracy of real-time hand tracking and gesture
recognition. This system outperforms MediaPipe, adapts to individual users’
gesture patterns, supports multi-user interaction, and is tailored for virtual
reality environments. Thus, EHT promises to provide a smooth, natural, and
highly customized interaction experience in digital settings.

In addition to visual-only cursor control, previous works have explored
bimodal interfaces that combine computer vision with automatic speech
recognition to separate spatial pointing from command semantics. For
example, Karpov et al. integrate head pointing for 2D cursor movements
with voice commands and evaluate the interface using the ISO 9241-9
methodology, demonstrating the practicality of contactless pointing with
speech [35]. Previous studies compare two speech and gesture systems
(ICANDO, MOWGLI) and report Fitts’ law experiments for multimodal
pointing, highlighting the fusion time and user performance trade-offs [36].
More broadly, surveys on multimodal HCI promote combining modalities to
reduce errors and improve robustness in real-world settings [37]. In our work,
CLVM is positioned as a vision-centric module that leverages MediaPipe hand
landmarks for real-time control and can be extended with voice commands for
mode switching or click/drag actions in noisy or hands-busy situations [38].

3. Proposed Method — CLVM. This section presents the CLVM
model, a contactless virtual mouse system that combines a Convolutional
Neural Networks (CNN) for hand gesture recognition and Long Short-Term
Memory (LSTM) network for temporal gesture tracking. The system enables
real-time cursor control using hand movements, offering high accuracy and
adaptability across various lighting conditions. CLVM provides a natural,
intuitive interaction method, especially beneficial for touchless interfaces and
accessibility applications.

3.1. System Model. Developing a hand gesture recognition system is a
complex task that requires in-depth knowledge, system design abilities, and
sophisticated data processing skills. To ensure precise, reliable, and consistent
recognition of pre-defined key hand gestures, such as Move, Scroll, Pause, and
Start, the system is meticulously designed, undergoes several implementation
stages, and is carefully optimized.
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Every phase of the development process, including preliminary data
collection, data preprocessing, model design, training, parameter tuning, and
final performance evaluation step, is crucial and interdependent. Creating a
sufficiently rich dataset that reflects realistic variations in gestures, users, and
environmental conditions is necessary for the data collection step. The suitable
algorithm must be chosen and optimized during the model design and training
phase to achieve the best accuracy and guarantee real-time performance.
Finally, the evaluation process shows the system’s efficacy and dependability
in real-world scenarios, where a variety of intricate and unpredictable factors
exist, in addition to testing the system’s accuracy on the training data.

The proposed hand gesture recognition system achieves high
effectiveness, accuracy, and robustness in real-world human-machine
interaction through tight integration and coordinated operation across all
core components. From the initial stages of data collection and preprocessing
to feature extraction, gesture classification, and real-time deployment, each
phase has been meticulously crafted, thoroughly refined, and experimentally
assessed. This well-structured and unified framework enables the system
to deliver consistent performance not only in laboratory settings but also in
unpredictable, real-world environments, serving as a dependable and intuitive
interface for natural human-computer interaction.

Each step of the system is illustrated in Figure 2, starting with raw
video data collection, a fundamental step to the entire model-building and
training process. The goal of this step is to collect a sufficiently large, rich,
and diverse dataset to train a machine learning model that can reliably and
accurately recognize common hand gestures.

Figure 3 visualizes the gestures — Move, Scroll, Pause, and Start — as a
distribution of feature data points in a two-dimensional feature space. Each
point represents a particular recording session from the processed video input,
and the color indicates the associated behavior label. The inherent complexity
of natural behavior recognition results in some overlap between gesture classes
in the scatter plot underscoring the significance of deep learning models in
identifying and extracting latent features.

To improve the model’s generalizability, video data must be collected
under a variety of conditions, including different lighting levels (natural, low,
artificial) and camera angles (frontal, oblique, top-down).

This approach enables the model to better adapt to circumstances outside
the training environment, reducing its dependency on specific conditions
and thereby increasing the system’s practicality and reliability in real-world
scenarios. Furthermore, the model’s capacity to process new data outside
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of the training environment is enhanced when the training data is rich and
representative of real-world variations.
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For this study, we constructed a dedicated dataset tailored to the
requirements of the contactless virtual mouse application. The dataset
comprises 521 short video clips, each corresponding to a single, well-defined
gesture instance. Data were collected from four volunteers (three men and
one woman), all right-handed. The participants exhibited natural variations
in hand size, shape, and skin tone, thereby contributing to the diversity and
robustness of the dataset. Each participant recorded at least 30 clips for each
of the four gesture categories — Move, Scroll, Pause, and Start — resulting in
a nearly uniform class distribution. The dataset was partitioned as follows:
365 clips for training, 104 for validation, and 52 for testing. The test subset
remained strictly unseen during the training and validation phases. During
evaluation, the gesture clips were processed using the same preprocessing
pipeline adopted for training. A prediction was considered correct only when
the inferred gesture label matched the corresponding ground-truth annotation.
Evaluation is conducted at the window/sequence level (window length 7=10
frames, stride s=1). Thus, the 52 test clips a larger number of test windows
(Miest >52). A prediction is counted as correct only when the inferred label
matches the ground truth. To ensure consistency and reproducibility across all
configurations, we use a fixed hold-out split (without k-fold cross-validation).
Illustrations of the four gesture classes are provided in Figure 4.

a) Starting b) Pausing ¢) Moving d) Scrolling
Fig. 4. Gesture-based action descriptions (Start/Pause/Move/Scroll)

Move is a dynamic gesture. The cursor direction is determined from
the frame-by-frame displacement vector of the index finger tip, which is
smoothed using an Exponential Moving Average (EMA) and removing noise
with a dead-zone; the mapping from the smoothed displacement to the cursor
step follows (1)—(3). Left/Right/Up/Down correspond to the signs of the
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displacement components, while diagonal directions follow the angle of the
vector; Start/Pause is a static gesture to open/close the control loop, while
Scroll is dynamic but only uses the vertical component.

pr=oap+(1—o)p;_1, ac(0,1); (D
Ap; = Ppr — Pr-1, = HAf)t‘ 25 (2)

_ Ap;
¢; = ymax(0, ry 5)m7 (3)

where p; € [0, 1]? are the normalized coordinates of index finger tip in frame #;
P: is the smoothed version; 0 is dead-zone; 7y is the amplification factor; € > 0
prevents division by 0.

Recordings were performed under a range of conditions to test the
model’s ability to adapt beyond controlled laboratory settings. Lighting
conditions included natural daylight (approximately 500 lux), typical indoor
fluorescent lamps (around 300 lux), and a dim LED setup (close to 100 lux).
Backgrounds alternated between a plain uniform wall and a cluttered office
scene containing furniture and other objects. To add further variation, the
camera was positioned in three different ways: directly in front of the participant
(0°), at an oblique angle of about 45°, and from an overhead top-down view
(90°).

All clips were recorded at a resolution of 640x480 pixels with a frame
rate of 30 frames per second. The duration of each video ranged from two
to five seconds. During preprocessing, horizontal flipping was applied to
create both left- and right-hand variations, and all frames were converted from
OpenCV’s BGR format to the standard RGB format.

Unlike public gesture datasets such as SHREC, EgoHands, or
NVGesture, which are oriented toward sign language or virtual reality scenarios,
this dataset was specifically to reflect mouse-control actions. By tailoring the
dataset to the target application, the training and evaluation of CLVM remained
directly relevant to its use in real-world human-computer interaction.

Once a rich, representative, and extensive collection of videos covering
the range of hand gestures in various real-world scenarios is gathered, the
system proceeds to the preprocessing stage, where data are prepared for model
training. This step is crucial to ensure that the input data are reliable, consistent,
and suitable for the deep learning algorithms. This preprocessing phase consists
of three primary tasks, each crucial for improving and normalizing the data:
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— Resizing: data inconsistencies may arise from videos that were
gathered from various sources and recorded with different resolutions and
frame rates. To address this, all video frames are normalized to a fixed size
of 640x480 pixels, ensuring a uniform input format. Consistent image sizes
minimize computational expenses and prevent training errors, which not only
guarantees uniformity, but also enhances the processing efficiency of deep
learning models.

— Image flipping: the training dataset can be enhanced using this
widely-used data augmentation method without requiring the collection of new
data. The system can generate new variations of the same gesture by flipping
video frames horizontally. For example, it can change the "Move" gesture from
the right hand to the left. This technique helps models become less dependent on
the specific hand used (right/left) and improves their generalization capability
and performance on diverse real-world data.

— Color format conversion: ensuring a consistent color format for
image data is a seemingly simple but crucial detail. While many deep learning
frameworks, such as TensorFlow or PyTorch, require input data in the RGB (Red,
Green, Blue) format, image processing libraries, such as OpenCV, frequently
use the BGR (Blue, Green, Red) color format. To ensure compatibility and
prevent errors in image data processing and analysis, all images are converted
from BGR to RGB.

After preprocessing, when the input data conform to the required size,
color format, and multidimensional calculation standards, the system moves
on to the next stage, which is to identify and track the hand points in each
video frame. For this task, we employ the MediaPipe Hand Landmarker,
a powerful tool for precisely identifying the 3D structure of the hand. The
wrist, matching fingers, and the first finger are among the 21 key points (hand
landmarks) that represent each hand. A collection of 3D coordinates (x,y,z)
corresponds to each of these points:

— The location of the landmark on the image plane (along the horizontal
and vertical axes of the frame) is determined by x and y.

— zrepresents relative depth information (approximate distance along
the camera axis), which helps describe the 3D hand pose in addition to the 2D
image-plane coordinates (x,y).

The close coordination between landmark detection and preprocessing
forms the foundation of the training process, ensuring that the system learns
robust and discriminative features for reliable recognition.

The landmark data obtained from detection and tracking serve as the
primary input to the deep learning model and form the basis for evaluating the
overall system efficacy. This data provides rich spatio-temporal information
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that captures the hand’s movements, structure, and patterns of light over time.
Each layer in the deep learning model’s architecture is designed to contribute
to the task of accurate hand gesture recognition.

The architecture includes the following key components:

— Proposed Layer. This layer is specifically designed to extract
features from landmark data or processed images for gesture identification.
Depending on the method, this layer can be implemented as either a Recurrent
Neural Network (RNN) to process the motion of landmarks over time series
or a Convolutional Neural Network (CNN) to take advantage of the hand’s
geometric and textural features in each frame. The complexity of the gestures
to be classified and the type of data determine which architecture is best.

— Dropout Layer. This layer helps prevent overfitting. During training,
it randomly deactivates a significant proportion of neurons in the layer, forcing
the network to learn more robust and generalized features rather than relying
on specific neuronal co-adaptations.

— Dense Layer. This layer combines the extracted features from
previous layers to produce the final classification. The output dense layer
consists of four neurons, each corresponding to one of the predefined gesture
classes: Move, Scroll, Pause, and Start. The output probability for each gesture
type represents the model’s degree of confidence.

In addition to designing a single architecture, the system tests, evaluates,
and compares numerous neural network architectures in order to determine
which one best suits the data-response characteristics and real-world application
requirements. Among the primary architectural elements taken into account
are:

— CLVM. A hybrid architecture that combines CNNSs to extract spatial
features with LSTMs to process temporal information. This approach is
effective for dynamic gestures where both motion and shape are crucial.

— RNN. Basic recurrent neural networks can process sequences but
struggle with long-term dependencies, limiting their ability to recognize long
or complex gestures.

— LSTM. An improved RNN that uses a unique memory mechanism
to store and access information over long sequences. LSTMs are particularly
useful for complex gestures with significant motion variations or long durations.

— GRU. A lightweight variant of LSTM that often achieves comparable
performance with lower computational complexity and faster training.

In summary, the proposed hand gesture recognition system is a tightly
integrated processing pipeline that incorporates advanced deep learning
techniques, hand feature extraction, and image processing. The ultimate
objective is to develop a solution that can meet the demands of contemporary
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human-machine interaction applications by accurately, robustly, and efficiently
recognizing hand gestures in real time from video data.

3.2. Method. The contactless virtual mouse system’s training phase is a
crucial phase that affects the system’s overall performance in terms of accuracy
and stability in real-world settings. Furthermore, the efficient Algorithm 1
is crucial for maintaining the system’s capacity to recognize hand gestures
accurately and function flawlessly in a variety of usage scenarios.

After evaluating and testing various neural network architectures, we
decided to create a solution based on a combination of CNNs and LSTMs. The
strengths of both model types are fully utilized in this hybrid architecture: CNNs
extract spatial features from image data or landmark sequences, while LSTMs
model temporal sequential relationships, a crucial component in obtaining
dynamic hand gesture recognition. Figure 5 provides a detailed description
of the system’s interface training procedure and method, highlighting the
steps involved in processing input data, architectural modeling, and training
optimization.
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Fig. 5. System Model Method
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Algorithm 1. Hand Gesture-based Mouse Control Algorithm

1: Input:

— Video frame F;: Input frame from video at time 7.

— Trained model M: Pre-trained model for hand gesture classification

(Move/Start/Pause/Scroll).

— MediaPipe Hands mp: Hand landmark detector.

— Amplification factor o: Controls movement sensitivity.
: Output: Mouse actions corresponding to detected gestures.
: Initialize mouse position (Xprev,Yprev) <— (None,None).
4: for each frame F; from the video feed do
5 Convert F; to RGB image ;.
6: Detect hands H using mp on I;.
7
8
9

W N

for each hand i € H do
Extract hand landmarks L.
Convert Ly, to feature vector Vj,.

10: Predict gesture G, < M(V},).

11: if G;, = MoveMouse then

12: Get fingertip coordinates (x,y) from Lj,.

13: Map (x,y) to screen coordinates and move mouse.
14: else if G;, = Start then

15: Perform start virtual mouse.

16: else if G;, = Pause then

17: Perform stop virtual mouse.

18: else if G;, = Scroll then

19: Get index fingertip coordinates (x;gx, yigx) from L.
20: Map (x;gy,Yidx) to screen resolution (W, H).

21: Compute scroll direction based on change in y;;, from previous frame.
22: if yprev 7 None then

23: if y;4x < yprev then

24: Scroll up.

25: else if y;; > yprev then

26: Scroll down.

27: end if

28: end if

29: Update yprey < Yidx

30: end if

31: end for

32: Visualize results: draw landmarks and show gesture label.
33: end for

34: return Real-time mouse control action.
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To achieve robust hand gesture recognition from temporal data
(such as landmark or sensor sequences), the system uses a hybrid deep
learning architecture that combines LSTM units with a 1D-Dimensional
Convolutional Neural Network (1D-CNN). By combining the temporal learning
and memorization capabilities of LSTM with the feature extraction capabilities
of CNN, the system is able to create a single end-to-end training pipeline
that maximizes performance and reduces the accumulation process between
intermediate stages.

1D Convolution for Local Feature Extraction. The 1D-CNN layers
are designed to extract temporal feature sets from multivariate data series.
Assuming the input to the network is of the form x € R”*Cin_ where T is the
number of time steps and Cjj, is the number of channels (or features) at each
time step, the output at the time position corresponding to the k-th filter is
calculated according to the formula:

(k) K—ICin71 (k)
W=Y ¥ xpijow +b®, )
i=0 j=0

where:

- wgf{j) represents the weight of the k-th kernel at position i and input
channel j,

— b%) is the bias term for the k-th filter,

— X4, is the input feature value at time step ¢ + 7 and feature j.

Through this convolution, the network can identify subtle yet significant
patterns by learning local dependencies in the input signal. The convolution’s
output is subsequently passed through a nonlinear activation function, usually
a Rectified Linear Unit (ReLU), defined as:

ReLU(z) = max(0,z). 3)

Equation 5 introduces nonlinearity; the application of this activation
function enables the network to model complex nonlinear relationships in the
data, which is essential for accurate gesture classification.

To improve robustness to input variations and reduce spatial (or
temporal) dimensionality, a max-pooling layer is typically applied after
convulational layers. It down-samples the feature maps by selecting the
maximum value in each pooling window, which provides translation invariance
and helps highlight the most salient features.
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The tight integration of CNN and LSTM in this framework creates a
powerful and flexible deep learning model that meets the requirements for
real-time hand gesture recognition with high accuracy and stable operation in
large-scale human-computer interaction applications.

LSTM for Temporal Sequence Modeling. After the CNN layers
extract salient local features, the LSTM layers model the temporal dependencies
across successive time steps. LSTM units maintain an internal memory cell,
allowing them to store and utilize information from earlier time steps in
addition to processing the current input. Because of this mechanism, This
mechanism enables LSTMs to learn patterns over long time horizons without
being impacted by the vanishing gradient problem, a common limitation of
basic RNNs on long sequences.

Given the input x; at time step ¢, the hidden state &,_1, and the cell state
C;_1 from the previous time step, the LSTM updates are computed as follows:

fi=oWs-[h—1,x]+by) (Forget gate), (6)
iy = (Wi [h—1,%]+b;) (Input gate), 7
C, = tanh(Wc - [hy,_1, %] +bc) (Candidate cell state), (8)
C=f0C1+i6C (Updated cell state), )
0r =0 (W, [ly—1,x] +b,) (Output gate),  (10)
hy = o; @ tanh(C;) (Updated hidden state),  (11)
where:
— o(-) is the sigmoid activation function,
— tanh(-) is the hyperbolic tangent function,
— © denotes element-wise multiplication,
- Wy, W;,We,W, and by,b;,bc,b, are trainable parameters for each
gate.

Every gate and state in the LSTM architecture is crucial for managing
information flow across time steps, enabling the learning of long-term
dependencies without signal degradation.

— The forget gate f; (Equation 6) determines which part of the previous
memory C;_; should discarded or retained. It acts as an intelligent filter that
removes information no longer needed for subsequent steps, reducing memory
load and preventing the accumulation of irrelevant information.
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— The input gate i; (Equation 7) controls what new information is
added to the memory at the current time step. It works in conjunction with
the candidate cell state to identify new features to learn and integrate into
long-term memory.

— The candidate cell state C; (Equation 8) proposes a new memory
update based on the current input and the previous hidden state. This represents
the new information that the network considers incorporating into the memory.

— These three components interact in (Equation 9) to compute the new
cell state C;. Specifically, the new memory is formed by combining selected
information from the old memory (via f;) and new information added (via i,
and G)).

— The output gate o, (Equation 10) determines which part of the
new cell state should be passed on as the hidden state. This serves as the
summarized information that the network uses to make predictions at the
current time step.

— Finally, the hidden state %, is computed in (Equation 11) based on
the output gate and the updated memory. This state is not only used to produce
classification predictions at the current time step but is also passed to the next
step, supporting the learning of motion sequences.

This mechanism helps the hand gesture recognition system function
accurately and steadily, even with complex movement sequences, by preserving
the memory required for long-term relationships and removing noise and
redundant information.

Integration and Output. By integrating Convolutional Neural Network
(CNN) and Long Short-Term Memory (LSTM) layers into a unified architecture,
the model is able to simultaneously capture both spatial (local) and temporal
(sequential) features present in the input data. The CNN layers are responsible
for extracting specific local features from individual frames, such as the shape,
contour, or landmark configuration of the hand, which are key to distinguishing
specific gestures. Meanwhile, the LSTM layers are responsible for modeling
the dynamic evolution of these features over time, allowing the system to learn
how gestures unfold as a sequence, rather than just considering static poses
at each point in time. This combination significantly enhances the model’s
ability to distinguish between different dynamic gestures, particularly those
that are similar in single frames but differ in time progression, which is crucial
for the system to function correctly in a virtual mouse interface.

After processing by the CNN and LSTM layers, a dense layer with a
softmax activation function receives the LSTM’s final output. To translate
the representation that the network has learned into probability values that
correspond to each type of gesture, this layer must compute the probability
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distribution over the specified gesture classes. The model is trained using
the classification cross-entropy loss function, which guides the network to
increase classification accuracy by measuring the degree of difference between
the actual label and the predicted probability distribution. The model uses
the Adam optimization algorithm, a widely-used optimization algorithm that
combines advantages of AdaGrad and RMSProp, to increase training efficiency
and stability and aid in faster model convergence.

Owing to its design, the system can effectively generalize to changes
in user behavior, such as variations in speed, style, or consistency in gesture
performance. The model is especially well-suited for interactive applications
like virtual mouse control in human-machine interfaces, as it exhibits both
high stability and responsiveness in real-time gesture recognition tasks.

4. Performance Evaluation. the proposed CLVM architecture was
systematically evaluated using a dataset of time-series features derived from
camera-captured hand gesture. These features capture the dynamics of hand
movements during gesture execution, offering valuable insights into gesture
patterns. Hand gestures in this study are categorized into four distinct classes:
Move, Pause, Scroll, and Start. Each gesture class corresponds to a fundamental
action in the virtual mouse interface, playing a critical role in enabling precise
and efficient user interaction.

Accuracy, loss function, and F1-Score — three common metrics in
machine learning — were used to thoroughly and impartially assess the model
performance. Accuracy represents the percentage of correct predictions,
Loss quantifies the discrepancy between predictions and ground truth, and
the F1-Score provides a balanced measure between precision and recall,
which is particularly useful for potentially imbalanced classes. To guarantee
transparency and reproducibility of the results, Table 1 provides a detailed
explanation of the formulas used to calculate these metrics, as well as an
explanation of the relevant parameters, where:

— TP (True Positive): number of samples correctly classified into the
intended gesture class.

— FN (False Negative): number of samples of that gesture class
misclassified as another class.

— FP (False Positive): number of samples from other classes
misclassified as that gesture class.

— TN (True Negative): number of samples from other classes correctly
classified as not belonging to that gesture class.

In this part, the evaluation metrics are used to assess the models’
performance on the four-class hand-gesture classification task (Move, Pause,
Scroll, and Start) to ensure that the outcomes are thorough and impartial.
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Table 1. Evaluation parameters

Positive Prediction | Negative Prediction
Positive Action TP FN
Negative Action FP TN

Accuracy is one of the most fundamental and widely used metrics
among them. We report standard classification metrics — Accuracy, Precision,
Recall, and Fi-Score — computed per class and summarized by macro/micro
averages [39-41]. The formulas are presented in Equations (12)-(15).

TP+TN

Accuracy = + , (12)
TP+FP+TN+FN
TP

Precision = —, (13)

TP+ FP

TP
Recall= ————, (14)
TP+ FN

Fle? Precision x Recall (15)

~ Precision + Recall

Table 2 summarizes the performance evaluation results, comparing the
proposed model against several reference architectures. The compared models
include CNN, LSTM, GRU, and RNN architectures. All these architectures
are widely used in deep learning, particularly for time-series processing tasks
such as hand gesture recognition.

To ensure the stability and objectivity of the outcomes, we deploy
and assess each model through four separate test runs. For ease of visual
comparison, accuracy and F1-Score are reported as percentages (%), while the
loss is reported as the (unitless) cross-entropy value. In addition to increasing
the reliability of the results obtained, performing multiple runs and averaging
helps to reduce the impact of random factors in the training and evaluation
process.

The results in Table 2 highlight the superior performance of the proposed
CLVM architecture compared to individual LSTM, GRU, and RNN models.

The experimental results demonstrate that the proposed CLVM model
outperforms the reference models. CLVM achieved an accuracy of 99.88% and
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an F1-Score of 99.88%, demonstrating an excellent balance between precision
and recall. Furthermore, the low loss of the model of only 0.38 indicated
strong learning capacity and training stability.

Table 2. System evaluation results

Model Round Accuracy (%) | Loss F1
Round 1 99.88 0.39 | 99.89
LSTM | Round 2 99.85 0.46 | 99.86
Round 3 99.69 1.00 | 99.69
Round 4 99.78 0.67 | 99.80
Average 99.80 0.63 | 99.81
Round 1 99.82 0.57 | 99.83
GRU Round 2 99.76 0.87 | 99.78
Round 3 99.79 0.78 | 99.81
Round 4 99.75 0.67 | 99.76
Average 99.78 0.72 | 99.79
Round 1 99.25 3.12 | 99.28
RNN Round 2 99.23 2.99 | 99.26
Round 3 98.82 4.15 | 9891
Round 4 99.03 3.51 | 99.09
Average 99.08 344 | 99.13
Round 1 99.93 0.26 | 99.93
CLVM | Round?2 99.88 0.32 | 99.87
Round 3 99.82 0.57 | 99.83
Round 4 99.90 0.39 | 99.90
Average 99.88 0.38 | 99.88

These results clearly demonstrate that the proposed CLVM system
outperforms not only the individual models (LSTM, GRU, RNN) but also
achieves top scores across all three evaluation metrics. This underscores the
superiority of the hybrid CLVM architecture for processing and classifying
gesture sequences in real-time virtual mouse interfaces.

Future work will involve evaluating CLVM on richer datasets with a
wider variety of real-world conditions to further validate its generalization
capability for complex contactless interaction scenarios. The performance
difference between the CLVM hybrid architecture that we propose and
conventional sequential models is evident from the obtained results. The
training and testing curves for each model are depicted in Figures 6 — 9.
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Fig. 6. Accuracy and Loss mean value of LSTM model after 4 rounds
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GRU: Validation Accuracy (mean =+ std over runs)
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Fig. 9. Accuracy and Loss mean value of CLVM model after 4 rounds
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5. Conclusion. This paper presented a real-time virtual mouse
control system based on hand gesture recognition using the CLVM deep
learning architecture. The system uses MediaPipe for real-time hand
landmark extraction, CNN to learn spatial features, and LSTM to process
motion sequences. The development pipeline encompassed data collection,
preprocessing, model design, and performance evaluation. Experimental
results show that the proposed model achieved low loss of 0.38, accuracy
of 99.88%, and an F1-Score of 99.88%. Compared to reference models
(standalone LSTM, GRU, RNN) the system also demonstrates stable processing
speed at a higher frame rate. These results demonstrate the effectiveness and
reliability of CLVM for real-time hand gesture recognition, even under varying
lighting conditions and cluttered backgrounds.

Although the results are promising, the current study is limited to only
four basic gestures (Move, Scroll, Pause, Start), serving primarily as proof of
concept. Future work will focus on the following directions:

— Expanding the gesture vocabulary to include more complex and
practical mouse operations (e.g., single/double-clicking, dragging and dropping,
zooming, and multi-finger interactions), thereby improving usability in real-
world applications.

— Conducting structured user studies to evaluate experience factors
such as intuitiveness, learnability, responsiveness, and potential fatigue during
prolonged use, to complement technical performance results.

— Validating the system on standard benchmarks (e.g., SHREC,
EgoHands, NVGesture) to enhance external generalizability and enable direct
comparison with existing gesture recognition systems.

In summary, CLVM provides a powerful, scalable, and efficient platform
for natural human-computer interaction. With planned future developments, it
has the potential to evolve from a proof of concept into a versatile and practical
alternative to conventional input devices.
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H.B. XyHr, ®.JI. Xyudb, M.B. TyHr, H.B. By, H.®. JIAT
CLVM: 'MBPUJTHA 1 MOJIEJIb I/TYBOKOI'O OBYYEHUA J1J14
BECKOHTAKTHOI'O YIIPABJIEHUSI BUPTYAJIBHOM MBIIIbIO

Xyne H.B., Xyunv @ /1., Tyne M.B., By H.B., lam H.@. CLVM: rudpuanast MoaeJb IJIy6oKoro
00y4eHHst JJIs1 0eCKOHTAKTHOTO yNPAaBJEHHs] BUPTYAJIbHON MBIIIBIO.

AnHoTanmusi. B smoxy crpemurensHON LU(pPOBOIl TpaHCc(OpMAMU U PaCTYIIEro
pacrpocTpaHeH!s ICKYCCTBEHHOTO MHTEJIIEKTa 0OecIieueHNe eCTECTBEHHOTO, HeIIPEPBIBHOTO 1
GECKOHTaKTHOTO UeJIOBEKO-KOMIIBIOTEPHOTO B3aHMOJEHCTBHS MPUOOPETaeT MePBOCTEIEHHOE
3Ha4YeHWe JUIA pa3IMdHbIX obnacteil. [laHHas paGoTa mpeJCcTaBiseT HOBYI MOjesb Ha Oase
[1yOOKOro 00y4eHHst AJIs yIPaBJICHHsI BUPTYaIbHON MBILIBIO HOCPEACTBOM XKECTOB, MOy YMBIIAsT
HasBanne CLVM (CNN-LSTM Virtual Mouse). PaspaGoranHasi cucTeMa OCHOBBIBAETCS
Ha rUOpUIHOI apXUTEKType, UHTErpupyloueil Tpu MOLHbIX KoMrnoHeHTa: (1) MediaPipe —
ULl BBICOKO(D(hEeKTUBHON AETEKLHU KJIOYEBBIX OPUEHTHUPOB KHUCTH B PEXHME PeabHOro
BpeMeHH; (2) cBepTouHylo HeiipoHHyio ceTb (CNN) — i u3BJIeYeHHs NPOCTPAHCTBEHHbIX
MpU3HAKOB; (3) ceTh Aoiroii kparkocpouHoit namsatu (LSTM) — i MoaempoBaHus BpeMEHHO#
JVHAMMKH, YTO CYIIECTBEHHO MOBBIIIAET TOYHOCTh U HEIPEPHIBHOCTb PACIIO3HABAHMUSI KECTOB
BO BPEMEHHOI1 IOCIeI0BAaTEeIbHOCTH. B OTIMYMe OT TpaJAUIHOHHBIX TOAX010B, Mojens CLVM
paspaboTaHa Uil COXpaHEHHUsI BHICOKOW MPOM3BOAUTEILHOCTH B YCJIOBUSIX PEAIbHOI Cpesl,
0COOEHHO TIPY HEPaBHOMEPHOM OCBEILEHUM M HAJIMYMH 3arpoMoxjeHHoro ¢ona. Cucrema
XapaKTepu3yeTcst HU3KOH 3aePKKOii M BHICOKOI CKOPOCTBIO OTKJIMKA, @ TAKXKe BO3MOXKXHOCTHIO
3(peKTUBHOro (PyHKIIMOHMPOBAHMSI Ha YCTPOMCTBaX C OrPaHUYEHHBIMU DPECypcamM, 4TO
00ycIaBIMBaeT ee IPUTOAHOCTb IS IIMPOKOrO IPAaKTHYECKOro NpUMeHeHus. PesymbraTsl
SKCHEPUMEHTOB AeMOHCTpUpyIoT, 4ro CLVM gnocturaer Bbicokoil TouHoctH (99,88%) npu
CHIDKeHUHU noTeps 10 0,38, 3HaYuTeIbHO IPEeBOCXOs M0 3P PEKTUBHOCTU TPATULIMOHHbIE METOIBI
pacrio3HaBaHus1 xecToB. [lonydeHHble faHHble oAUepKuBaloT noteHman CLVM kak HaeXHOro,
MacmTabupyemMoro u 3¢pheKTUBHOTO pelIeH s 1J1s1 OPraHU3alMK eCTECTBEHHOIO B3aHMOIEHCTBUS
Ha OCHOBE XECTOB, IIPe/ICTaBJIsIs COOOI BaKHBII IIar BIiepes B pa3paboTKe MHTEIUIEKTYaIbHbIX,
YIOOHBIX [UIs1 TIOJIb30BATE Il HHTEP(EiiCOB U1l GECKOHTAKTHOTO YIPaBICHNUSI.

KuroueBble ci10Ba: KOMIIBIOTEPHOE 3peHHe, OECKOHTAKTHBI HHTepdeiic, OpHeHTUDPHI KUCTH,
MalnHHOe 00yueHue, MediaPipe, BUpTyasibHast MBILIb.
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Abstract. Intelligent systems have become an essential component of modern
technological landscapes. Their reliability is a major concern, as faults can lead to catastrophic
consequences for their behavior and overall performance, making Fault Detection and Isolation
(FDI) a critical task for such systems. The complex nonlinear dynamics involved in their
operation make this task more challenging. In this context, this paper proposes an intelligent
fault detection and isolation methodology, using an incubator system as a representative case
study. The proposed method employs a Nonlinear Autoregressive Exogenous (NARX) neural
network in a parallel structure to model the complex nonlinear system dynamics. Different
implementations of the NARX model, based on Multilayer Perceptron (MLP), Long Short-
Term Memory (LSTM), Gated Recurrent Unit (GRU), and Elman networks, were compared to
assess their modeling performance and determine the best-performing model. The differences
between these predictions and the actual outputs are referred to as residuals. For fault
classification, a comparative study was conducted among five machine learning (ML) methods:
Multilayer Perceptron, Extreme Gradient Boosting (XGBoost), Support Vector Machine
(SVM), K-Nearest Neighbors (KNN), and Linear Discriminant Analysis (LDA). These
methods analyze the residuals to isolate the specific fault from predefined potential faults,
including both actuator and sensor faults. The results demonstrate the effectiveness of the
intelligent FDI methodology presented in this work. The NARX models proved effective with
high modeling performance, particularly the MLP-NARX, which outperformed the other
models. The comparative study of classifiers highlights the performance differences among the
five methods, with the MLP classifier achieving the best results across all metrics. This
confirms its suitability for practical FDI applications, due to its strong ability to capture
complex nonlinear relationships in the data.

Keywords: fault detection and isolation, incubator, multilayer perceptron, NARX
modeling, residual generation and evaluation, recurrent neural networks, machine learning
classifiers, intelligent systems.

1. Introduction. Intelligent systems are increasingly prevalent
across modern technological applications. These systems perceive their
environment, act rationally in it, and interact with agents, with the objective
of maximizing operational success. Such systems are exposed to faults,
which disrupt this process and can lead to significant consequences. In this
context, fault detection and isolation represent a critical task for intelligent
systems, enhancing reliability and minimizing operational costs. Fault
detection refers to the process of determining whether a fault has occurred
and when, while fault isolation consists of identifying which specific fault
from a predefined set has occurred. A representative example of such
systems is egg incubators [1], where maintaining precise conditions of
temperature and humidity is crucial for proper embryo development. Any
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fault can compromise these conditions, resulting in serious consequences. A
fault in the humidifier or heating system, for example, can cause rapid
fluctuations in the internal environment. The criticality of such faults stems
from the significant influence of temperature and humidity on hatchability
rates and other key parameters, as evidenced by studies [2, 3]. Such failures
also have economic repercussions. A lower hatching rate means reduced
production and revenue losses for producers. For consumers, this could lead
to higher prices for eggs and related products.

In this paper, an intelligent Fault Detection and Isolation (FDI)
methodology is proposed, with an incubator system as a representative case
study. The complex nonlinear dynamics of the system were captured
through a Nonlinear Autoregressive Exogenous (NARX) model in a parallel
structure, for which we compared four types of neural networks
implementing it: Multilayer Perceptron (MLP), Long Short-Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Elman. The fault classification
was performed using five different machine learning methods: MLP,
Extreme Gradient Boosting (XGBoost), Support Vector Machine (SVM),
K-Nearest Neighbors (KNN), and Linear Discriminant Analysis (LDA).
The main contributions of this work are: (1) the proposal and validation of
an intelligent FDI methodology that avoids reliance on a mathematical
model; (2) a comparison of different types of neural networks implementing
the NARX model to determine the one best suited to capture the complex
nonlinear dynamics of the system; (3) a comparative study of ML classifiers
to improve fault classification performance; (4) the introduction of FDI to
the rarely explored field of the poultry industry via application to an
incubator system.

This paper is organized as follows. Section 2 presents a review of
related work. In Section 3 the design and implementation of the incubator is
described, while Section 4 presents the methodology of FDI, which includes
residual generation and evaluation. Section 5 outlines the research stages,
providing an overall view of the research process. Section 6 details the
application of this methodology to our case, including the modeling and
classification parts, as well as the introduction of faults into the system.
Section 7 presents the results, along with their analysis.

2. Related work. Numerous approaches have been developed for
FDI across various applications [4]. These approaches can be classified into
two main categories: model-based and intelligent methods.

The first category involves model-based methods [5, 6], which rely
on a mathematical model to represent the dynamic behavior of the fault-free
system. The difference between the model’s predicted output and the actual
output measurements generates residuals. These residuals are analyzed to
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extract relevant information about faults. This process corresponds to what
is known as residual generation and residual evaluation. The main model-
based techniques used for FDI are based on observers [7, 8], which estimate
the internal states of the system based on measurable outputs, and Kalman
filters [9, 10], which rely on a system model to generate optimal state
estimates and detect anomalies in system behavior.

The main obstacle in using model-based methods lies in the
difficulty of obtaining a precise mathematical model of the system, which is
generally a complex and costly task. This challenge is particularly
pronounced for systems exhibiting complex nonlinear behavior, such as egg
incubators, which limits the practical applicability of model-based FDI
methods for these systems.

On the other hand, intelligent methods do not depend on a
mathematical model, as they are trained using only the available input-output
data from the system or using system knowledge. This characteristic makes
them particularly suitable for FDI tasks in egg incubator systems. Across
different application domains, various intelligent methods have been applied
to FDI in the literature, such as Artificial Neural Networks (ANNs) [11 — 15],
fuzzy logic systems [16, 17], and SVM [18, 19].

In addition to these approaches, hybrid methods have been proposed,
which combine intelligent and model-based techniques. In such cases,
intelligent methods are often used as classifiers rather than dynamic models;
they analyze the residuals generated by the model-based methods [20, 21].

ANNSs are one of the most popular Artificial Intelligence tools used
in FDI. Among the advantages of these methods are their capacity to extract
generalized knowledge from the available measurement data, their ability to
operate autonomously and their capacity to process data precisely even
under conditions of uncertainty. Among the various types of neural
networks (NNs) used in FDI, such as Radial Basis Function (RBF)
networks [22, 23], Convolutional Neural Networks (CNNs) [24, 25], and
Recurrent Neural Networks (RNNs) [26 — 28], one of the most widely used
is the MLP [29, 30], due to its simplicity and wide applicability.

Considering their capacity to capture complex, nonlinear
relationships in system behavior, NNs have been proposed as dynamic
models for FDI applications [31-33]. Among the various NN
architectures, the NARX stands out as one of the most suitable and widely
used for such tasks, as it explicitly incorporates past inputs and outputs,
enabling it to model the temporal dependencies inherent to dynamic
systems. In [34], the authors applied a NARX neural network to model a
distillation column for a fault detection task, highlighting its ability to
capture the nonlinearity of the process and model the system dynamics
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based on time-series data. Such capabilities align with the complex
nonlinear dynamics of egg incubators, making NARX neural networks
highly relevant for FDI applications in these systems. In [35], the authors
demonstrated their suitability for room temperature and relative humidity
prediction in indoor environments. NARX neural networks have
demonstrated higher prediction accuracy compared to traditional linear
models [36, 37], such as ARX and ARMAX. The performance of these
models is limited when dealing with complex nonlinear relationships [38],
as they are based on the assumption of linear dependencies among system
variables. In [39], the authors demonstrated the limitations of ARX models
in capturing the nonlinear dynamics of hydrological variables, whereas the
NARX neural network proved more suitable and achieved superior
performance. These limitations of linear models were further highlighted
in [40], where the ARX model was shown to be limited in capturing heat
transfer nonlinearities for indoor temperature prediction.

In the literature, several regression algorithms have been employed
to implement the NARX model [41]. In [42], the authors proposed a method
for predicting the Mach number based on an EIman-NARX model. In [43],
a tide level prediction method was presented, with an approach based on
NARX models implemented by three types of recurrent neural networks:
LSTM, GRU, and bidirectional long short-term memory (BIiLSTM).
Another work [44] compared the MLP-NARX and LSTM-NARX models
for the velocity prediction of a pipeline inspection gauge.

In addition to modeling tasks, the ability of NNs to learn complex
patterns in input-output data makes them also a relevant choice for
classification. They can handle nonlinear relationships and learn directly
from labeled data. Among the most commonly used NN architectures for
classification tasks are the MLP [45, 46] and the RBF network [47, 48].

Another popular approach for classification within intelligent
methods is SVM [49, 50]. SVM is a powerful technique based on statistical
learning theory. It is particularly effective in high-dimensional spaces and
demonstrates good generalization capabilities. However, its performance
can be affected by noisy or overlapping classes, and it heavily depends on
the choice of the kernel function and tuning parameters.

XGBoost is also widely applied for classification tasks. This
algorithm has been reported to achieve high accuracy and precision [51,
52], but its complexity makes model interpretation challenging.

LDA is another commonly employed method for classification
tasks [53, 54], as it focuses on maximizing the separation between classes.
However, it relies on strong statistical assumptions about the data
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distribution, which may limit its effectiveness when these assumptions are
not met.

Another method commonly used for classification is KNN [55, 56].
It is simple to understand and implement, as it is essentially a distance-
based algorithm that makes predictions based on the nearest neighbors.
However, noisy data can significantly affect its performance.

The review of existing literature highlights a limited number of
studies applying FDI methods to egg incubators, despite the severe
consequences that faults can have on such systems. Some works focused
solely on monitoring temperature and humidity parameters, displaying
sensor readings so that the user can follow the proper functioning of the
incubator [57 — 59]. Most existing studies are limited to basic fault detection
based on thresholding, where faults are detected when specific physical
parameters exceed predefined limits [60 —62]. These approaches can only
indicate the presence or absence of a fault and perform poorly in complex or
varying operating conditions. Other works relied on rule-based reasoning
[63], which requires an extensive database of rules. However, building such
a database is time-consuming, requires detailed knowledge of the system,
and offers limited adaptability to changes in the system or its operating
conditions.

This study proposes an intelligent FDI methodology that involves
two key components: (1) modeling the complex nonlinear system dynamics
using a NARX model for which different neural network implementations
are compared, and (2) a comparative study of different machine learning
classifiers. The aim is to achieve improved fault isolation and,
consequently, better system performance. In light of the very limited prior
work on FDI for egg incubators, mostly restricted to parameter monitoring
or basic fault detection, the proposed methodology is applied to this system,
requiring neither a mathematical model nor expert-defined rules.

3. System description. This section focuses on the design and
implementation of a custom incubator system for controlling temperature
and humidity in a closed environment.

The system is composed of two chambers. The first chamber
contains the humidity source, which consists of an ultrasonic humidifier
submerged in water and a speed-adjustable fan. The fan pushes the moisture
generated by the humidifier into the second chamber, which contains an
adjustable power lamp acting as a heat source. This chamber also includes a
DHT22 sensor to measure both temperature and humidity. Data are
acquired every 5 seconds. The previously described system is schematized
in Figure 1.
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The entire system is controlled by an Arduino Mega board. The fan
speed is regulated through a 5V pulse-width modulation (PWM) signal,
with values ranging from 0 to 255. The lamp is powered by a variable 220V
AC voltage and is controlled by a 5V PWM signal from the Arduino. This
signal is sent to a dimmer, which correspondingly adjusts the 220V AC
voltage supplied to the lamp.

Humidity and
Temperature
Air outlet u2 P
sensor
}j Lamp
~ g
Humid air
, &

-
o =

i ‘ \ st Heat emission
eam

Humidifier

Fig. 1. Schematic representation of the incubator design

To illustrate the practical implementation of the proposed system,
Figure 2 presents real images of the custom incubator. Given its dynamic
nature, the parameters of the system are inherently temporal; therefore, the
temperature and humidity measurements form time-series data. The system
dynamics are characterized by nonlinear dependencies between the system’s
parameters, which arise from fundamental thermodynamic relationships.
Temperature variations cause relative humidity to respond nonlinearly, as
the amount of water vapor the air can hold changes according to the
Clausius-Clapeyron relation. At the same time, the water vapor content
influences temperature dynamics by modifying the heat capacity of the air
in the incubator [64]. The air temperature also varies nonlinearly with the
applied lamp voltage due to Joule heating.

The temperature output y; is approximated in Equation (1) as a
function of its past values, the past values of the humidity output y, and the
past values of the control inputs u, for the fan and u, for the lamp. f; is the
describing function of the temperature output.

yi(®) =i =D,y (E = 2), ., y2(6 = D),y (8 = 2), ...,

Uy (t = 10,23 (t = 20, sty (E — 1)Uy (E — 2), ). @)
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Fig. 2. Real images of the custom incubator: a) chamber 1, b) chamber 2

The notation (t — 1) simplifies the representation of the system’s
previous value at the preceding sample, indicating that the current value
depends on its immediate past value.

The same principle applies to humidity, as shown in Equation (2),
which is defined over the same set of variables as in Equation (1), where f,
is the describing function of the humidity output.

Y2(8) = L2t = 1), y,(t = 2), ., y1 (8 = D, y1 (£ = 2), ., @)
u (t — 1), u (¢t —2), ..., uy(t — 1), u,(t — 2),...).

4. FDI methodology. The fault detection and isolation process
comprises two main tasks: residual generation and residual evaluation.

The overall FDI methodology is presented in Figure 3. Firstly, an
NN model is trained using data collected from the fault-free system, known
as the healthy condition. Then, the model is used in parallel with the actual
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system to predict the outputs. The difference between the system outputs
and the model predictions forms the residual signal. This constitutes the
residual generation stage. Thus, under fault-free conditions, the residual
consists solely of modeling error caused by noise and model-plant
mismatch. When a fault occurs, the system output is affected and deviates
from its nominal values, while the model prediction remains unaffected by
the fault. Consequently, the residual has a significant deviation from zero,
which is caused by faults.

ACTUATOR FAULT 2 SENSOR  cpcoo
ACTUATOR FAULT 1 FAULT ot

+
+ l
FAN POWERSUPPLY HUMIDITY + |
e
LAMP POWER SUPPLY + INCUBATOR + \lr
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Fig. 3. Schematic representation of the FDI methodology

The model used is a NARX network, which is capable of capturing
complex nonlinear dynamics. A comparative study is conducted among four
different neural network architectures that implement this model: MLP,
Elman, LSTM, and GRU. The best-performing architecture is then
employed for residual generation.

The first type of network considered is the MLP [65]. It is a
feedforward neural network composed of an input layer, one or more hidden
layers, and an output layer. It uses nonlinear activation functions to
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approximate complex relationships. The general formulation of the MLP
can be expressed as:

y(@) = (W, fr(Wyx(t) + by) + by), (3)

where x is the input vector; y is the output vector; W, and W, are the
learnable input-hidden and hidden-output weight matrices, respectively; b,
and b, are the corresponding bias vectors; f;, is the nonlinear activation
function of the hidden layer; and f;, is the output activation function.

The Elman network is also considered [66]. It is a type of recurrent
neural network that includes additional feedback connections from the
hidden layer output to the input layer. The recurrent units transfer the
previous hidden state back to the input, acting as a one-step time delay. The
mathematical formulation of the EIman network is given by:

h(@) = fr(Wylh(t = 1), x(O)] + by), (4)

where h is the hidden state; W, is the learnable weight matrix of the hidden
state; and by, is the corresponding bias vector.

The LSTM is also employed [67]. It is a type of recurrent neural
network capable of learning long-term dependencies through the
introduction of a memory cell that can preserve information over long time
intervals. Three different gates regulate the information flow within an
LSTM cell: the input gate, the forget gate, and the output gate, which
together determine what information should be added, retained, or discarded
from the cell state. The mathematical representation of the LSTM can be
formulated as:

(t) = a(W;[h(t — 1), x(0)] + by),
f(©) = o(We[h(t — 1), x(6)] + by),
g(t) = tanh (W, [h(t — 1), x(t)] + by),
o(t) = a(W,[h(t — 1), x(t)] + b,),
c®) =f(@) xc(t—1)+i(t) *g(O),
h(t) = o(t) = tanh(c(t)),

®)

where c is the new cell state; g is the candidate cell state; o is the sigmoid
function; * is the Hadamard product; i, f, and o are the input, forget, and
output gates, respectively; W;, Wy, Wy, and W, are the learnable weight
matrices of the input gate, the forget gate, the candidate cell state, and the
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output gate, respectively; b;, by, by, and b, are the corresponding bias
vectors.

The GRU network is also used [68]. It is a recurrent neural network
adapted from the LSTM, which uses only two gates: an update gate and a
reset gate. The input and forget gates of the LSTM are merged into an
update gate. The GRU can be mathematically represented as:

r(t) = o(W,.[h(t — 1), x(t)] + b,),

z(t) = o(W,[h(t — 1), x(t)] + b,),
n(t) = tanh(W, [r(t) * h(t — 1), x(6)] + by), ()
h(®) = (1—2z(@)) *n(®) + z(t) * h(t — 1),

where n is the candidate hidden state; r and z are the reset and update gates,
respectively; W,., W,, and W, are the learnable weight matrices of the reset
gate, the update gate, and the candidate hidden state, respectively; b,., b,
and b,, are the corresponding bias vectors.

To perform residual evaluation, different machine learning methods
are used.

An MLP is employed as a classifier for residual evaluation. Faults
affect the residual vector in different ways, making it a valuable source of
information about all the faults. As a result, the residual vector serves as the
input to the neural classifier, which is trained as follows. Residual data are
collected for all system states, encompassing both the healthy condition and
every faulty state. These data are then introduced as inputs to the classifier.
For each state, the classifier’s target output vector is set to 0, except for the
element corresponding to that particular state, which is set to 1. Thus, when
the neural classifier is tested to isolate faults with residual inputs, one of its
outputs activates to ‘1’ to indicate that the system is in the state associated
with that output. This characteristic allows for clear fault isolation, given
that all possible faults exhibit distinct characteristics and that they occur
separately.

The other methods are trained similarly, using the same residual
vectors under known system states as inputs, but with a unique label
assigned to each state as the output.

Fault isolation is also performed using an SVM. An SVM is a
supervised learning technique designed to classify data into different classes
by constructing hyperplanes in a high-dimensional space. During fault
isolation, the SVM identifies the system state based on the position of the
residual in input relative to the hyperplanes and assigns the corresponding
label in output.
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XGBoost is also used. It is a machine learning method that utilizes
ensembles, which combine multiple weak learners, typically decision trees,
to build a strong predictive model.

LDA is another applied method. It is a linear technique that performs
dimensionality reduction to separate multiple classes, thereby enabling fault
isolation.

The KNN method is also employed. It assigns a class label to a
sample by analyzing the K nearest neighbors in the feature space and
selecting the most frequent class among them.

The performance of these methods in fault isolation is compared and
evaluated.

5. Research stages. In the present study, the proposed FDI
methodology was applied through a sequence of clearly defined stages. This
section briefly outlines these steps to provide a clear understanding of the
overall research process.

—  System modeling. Data were collected from the incubator in
the healthy state. A set of different amplitude steps was generated for each
of the two inputs to obtain a representative dataset. Different NARX
models, each based on a distinct neural network type, were then trained on
these data to capture the system’s dynamic behavior in the healthy state,
thereby enabling residual generation. A linear ARX model was also
estimated for comparison with these NARX neural networks, in order to
validate their use within the proposed approach.

— Simulating faults. To acquire system data under faulty
conditions, controlled fault scenarios were created by manually introducing
faults into the system. Actuator faults were applied at the control level,
while sensor faults were introduced at the output level.

—  Fault classification. Residual data were collected from each
system state, including both healthy and faulty conditions. Different
machine learning classifiers were trained on these data to enable fault
isolation.

—  Model evaluation. The trained models were assessed by
computing regression metrics, namely. the Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE), to compare their performance and identify the best-
performing model.

—  Classifier evaluation. The trained classifiers were tested on
residual datasets representing healthy and faulty system states. Their
performance was assessed through a comparative study based on accuracy,
precision, recall, and F1-score, with the aim of identifying the most
effective method for fault isolation.
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6. Application. This section details the application of the proposed
methodology to the egg incubator system.

6.1. Incubator modeling. The capacity to understand and predict
complex system behavior has improved considerably with the introduction
of NNs for nonlinear dynamic modeling. Their proven effectiveness in
capturing complex nonlinear dynamics of systems has made NARX models
an ideal choice for this modeling task. The NARX architectures include two
main structures: parallel and series-parallel.

In the series-parallel structure referred to as open-loop architecture,
the output of the process serves as an input to the NN. The network training
is significantly simpler in the open-loop architecture. After the open-loop
training process is completed, the network can perform one-step-ahead
prediction. However, the objective is system modeling, which requires
multi-step-ahead prediction. This is only possible in the parallel structure
referred to as the closed-loop architecture which uses the model’s own
output, instead of the process output, as part of the inputs. However, a
network trained only in open-loop often performs poorly when switched to
closed-loop operation. For this reason, the networks were trained directly in
the closed-loop configuration. Although more challenging, this approach
ensures good performance in the parallel structure and enables accurate
multi-step-ahead predictions.

Different implementations of the NARX model were realized using
four types of neural networks: MLP, LSTM, GRU, and Elman, serving as
nonlinear function approximators.

The incubator system has two input variables — the power supplied to
the fan and the lamp — and two output variables: temperature and humidity.
Creating an informative training dataset is one of the most critical tasks in
modeling, as it plays a crucial role in the accuracy of the neural network. To
obtain a representative dataset, a set of different amplitude steps was
generated for each of the two system inputs: the power supply for the fan
and the lamp. Each step had a duration of 20 minutes. The excitation
signals, which correspond to PWM signals controlling the two actuators,
were bounded between 0 and 125 for the lamp and between 0 and 255 for
the fan. Each signal had a total duration of 10 hours. The excitation signals
are shown in Figure 4. The dataset presents several challenges, including
missing values and erroneous zero values. These challenges are especially
significant given the time-series nature of the data, as they disrupt
continuity, leading to potentially inaccurate predictions. Missing values
were imputed using linear interpolation, which assumes a linear trend
between the two known values surrounding the missing entry. Zero values
were treated similarly. This approach restores data continuity, aligning the
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interpolated values with the context provided by the surrounding data
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Fig. 4. Excitation signals: a) for the fan, b) for the lamp

The data were divided as follows:

—  Training: 70%.

— Validation: 15%.

—  Testing: 15%.

Due to the interconnected nature of the system, our NARX models
were configured as multi-input multi-output (MIMO) systems. Past input
and output values were introduced using Tapped Delay Lines (TDLS),
which enable the model to capture the temporal dependencies present in the
system’s time-series data. We selected the output delays d, = d, = 6 and
input delays d; = d, = 6 for the system modeling. These delay values
correspond to the number of past samples used for prediction.

The predicted outputs y,, and y,,, are given by Equations (7) and
(8), where f;,, and f5,, are the neural network’s input-output relation for
temperature and humidity output, respectively; d; and d, denote the output
delays; d5 and d, are the input delays; and u, and u, represent the control
inputs for the fan and lamp.
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Vip() = fipOp(t —diit — 1), y5p(t — dpit — 1),
U (t —dsit — 1), u,(t —dy:t — 1)).

U]

Vop(£) = fop(Vap(t —dpit — 1), y1,(t —dy:t — 1), ®)
U (t —dsit — 1), u,(t —dy: t — 1)).

Configuring a neural network involves several decisions, including
the number of hidden layers and neurons, the choice of activation functions,
the optimization algorithm, the loss function, and the number of epochs.
These parameters significantly influence the network’s performance.

For the MLP network, the following configuration was used:

— Number of hidden layers and neurons: 1 hidden layer
with 10 neurons.

— Activation functions: Sigmoid hidden layer, Linear
output layer.

—  Number of epochs: 1000 epochs.

—  Optimization algorithm: Bayesian regularization backpropagation
algorithm [69 — 71].

For the EIman network, the following configuration was used:

—  Number of hidden layers and neurons: 1 hidden layer
with 45 neurons.

— Activation functions: Hyperbolic tangent hidden layer, Linear
output layer.

—  Number of epochs: 201 epochs.

—  Optimization algorithm: Limited-memory Broyden—Fletcher—
Goldfarb—Shanno (L-BFGS) optimization algorithm [72].

For the LSTM network, the following configuration was used:

—  Number of hidden layers and neurons: 1 hidden layer
with 45 neurons.

— Activation functions: Sigmoid gate activation, Hyperbolic
tangent state activation, Linear output layer.

—  Number of epochs: 247 epochs.

—  Optimization algorithm: L-BFGS optimization algorithm.

For the GRU network, the following configuration was used:

— Number of hidden layers and neurons: 1 hidden layer
with 50 neurons.

— Activation functions: Sigmoid gate activation, Hyperbolic
tangent state activation, Linear output layer.

—  Number of epochs: 139 epochs.

—  Optimization algorithm: L-BFGS optimization algorithm.
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All NARX models used the Mean Squared Error (MSE) as the loss
function. These choices were made to optimize the modeling performance
of the networks.

A linear ARX model was also estimated for comparison with these
NARX neural networks, in order to validate their use within the proposed
approach. The ARX model is a classical linear model structure that predicts
the current output as a linear combination of past outputs and inputs. The
ARX model was configured as a MIMO system with the following
parameters: number of past output terms set to n,; = n,, = 6; the number
of past input terms set to n,, = n,, = 6; and the input-output delays set
to n,,; = ny, = 1interms of the number of samples.

The predicted outputs y,, and y,, are given by Equations (9) and
(10) as linear combinations of past outputs and inputs, where a, ;, a,;, as;,
au;and by, byy, bs;, by, are constant model parameters estimated using
the Ordinary Least Squares (OLS) method [73], which minimizes the Sum
of Squared Errors (SSE). The parameters n,, and n,, represent the
number of past outputs; n,; and n,, denote the number of past inputs;
and n,, and n, are the input-output delays. The variables u, and
u, correspond to the control inputs for the fan and lamp, respectively.

Nai Ng2
Yip(t) =~ Z ay,;Y1p(t —1) — Z Az Y2p(t — 1),
o e ©)
£ b=+ ) byt =0,
1=Tk1 =Ny
Na2 Na1
Vap(t) = Z Az yap(t — i) — Z Ay y1p(t — 1),
nb1 nbz (10)
+ Z bsu,(t — i) + 2 by u,(t —0).
=Ty =Nz

The implementations were carried out in MATLAB (R2023a) using
the Deep Learning Toolbox and System lIdentification Toolbox, and in
Python 3.13.5 using the PyTorch library. The experiments were conducted
on a computer with an Intel Core i7-1255U processor (1.70 GHz, 10 cores),
16 GB of RAM, running Windows 11.

424  Wudopmaruka u aromarusanust. 2026. Tom 25 Ne 2. ISSN 2713-3192 (ueu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

6.2. Fault simulation. To acquire system data under faulty
conditions, controlled fault scenarios were created. To this end, faults were
introduced manually into the system. Actuator faults affect the system at the
control level, whereas sensor faults manifest at the output level. Faults can
manifest in various forms such as sudden steps, ramps, or other forms,
depending on their nature.

We considered three different faulty states: one sensor and two
actuator faults. The actuator faults were introduced as steps of different
amplitudes: f,, = 60 for the lamp fault, f,,;, = —75 for the fan fault. The
sensor fault, affecting the humidity measurement, varied within a range of
fy2 € [3,5]%. These faults were chosen to reflect plausible fault scenarios
in the incubator’s operating conditions.

6.3. Fault classification. To perform the isolation of the faults
simulated in the system, different machine learning methods were used as
fault classifiers, namely MLP, SVM, KNN, LDA, and XGBoost.

The MLP classifier has two inputs (corresponding to the residual
vector dimension) and four outputs (representing the healthy and the three
faulty states). Residual data were collected for each system state, resulting
in four distinct datasets. The classifier was trained so that for each dataset,
the output corresponding to that state was set to 1, while all others were set
to 0.

In total, 9280 residual data samples were collected: 1600 for the
healthy state, 2400 for actuator fault 1, 2640 for actuator fault 2, and 2640
for the sensor fault. These data were used to train the MLP classifier, with
target assignments as described above.

The configuration of our neural classifier was determined as follows:

— Number of hidden layers and neurons: 1 hidden layer
with 10 neurons.

— Activation functions: Sigmoid (hidden layer), Softmax
(output layer).

—  Number of epochs: 1000 epochs.

— Optimization algorithm: Bayesian regularization
backpropagation algorithm.

—  Loss function: Mean Squared Error.

These choices were made to optimize the network’s classification
performance.

The other methods were trained using the same two-dimensional
residual vector as input, representing the system’s deviations under various
conditions, which is the same vector used for training the MLP classifier.
However, they have a single output that assigns a specific label to each
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distinct state: 1 for the healthy system, 2 for actuator fault 1, 3 for actuator
fault 2 and 4 for the sensor fault.

For the SVM, the RBF kernel was selected for its capacity to capture
nonlinear relationships within the data. This kernel is commonly used for
classifying complex system states. To address multi-class classification
problem, the Error-Correcting Output Code (ECOC) method was applied.
This technique simplifies the multi-class problem by dividing it into several
binary classification tasks, thereby enhancing the SVM’s ability to
differentiate among various fault conditions.

The applied XGBoost classifier is based on decision trees. It builds
an ensemble of trees sequentially, with each new tree designed to correct
the errors of the previous ones. The total number of trees was fixed at 100,
with a maximum depth of 6 per tree. A learning rate of 0.3 was set to
control the contribution of each tree to the final model. The loss function
was multiclass logarithmic loss.

The KNN algorithm was employed. it determines the class of a sample by
considering the K closest points in the feature space and assigning the most
frequent class among them. The number of neighbors (K) was set to 5.

LDA was also applied. It operates by projecting the data onto a
lower-dimensional space to maximize inter-class separation, thereby
enabling fault classification.

The implementations were carried out in MATLAB R2023a (using the
Deep Learning Toolbox and the Statistics and Machine Learning Toolbox) and in
Python 3.13.5 (using the XGBoost library for the XGBoost classifier). The
experiments were conducted on a computer with an Intel Core i7-1255U
processor (1.70 GHz, 10 cores), 16 GB of RAM, running Windows 11.

7. Results and discussion. This section presents and analyzes the
modeling and classification results.

7.1. Modeling results. To quantitatively assess the modeling
performances of the considered models, three regression metrics were
considered:

— Mean Absolute Error: This metric measures the average
absolute difference between the predicted and actual values. It is calculated
using the following formula:

n
1
MAE ==y = 3l GEN
i=1

where y; denotes the actual incubator output at sample i ; J; the
corresponding predicted output from the model; and n the total number of

426  Uudopmaruka u asromarusanus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (eu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



ARTIFICIAL INTELLIGENCE, KNOWLEDGE AND DATA ENGINEERING

samples. A lower MAE indicates that predictions are, on average, closer to
the actual values.

— Root Mean Squared Error: This metric computes the square
root of the average of squared differences between predicted and actual
values. It is calculated using the following formula:

n
1 2
;Z(yi -9
i=1

RMSE penalizes larger errors more heavily, making it sensitive to
significant deviations.

—  Mean Absolute Percentage Error: This metric expresses the
prediction error in relative terms, regardless of the scale of the data. It is
calculated using the following formula:

RMSE = (12)

100«
MAPE = —
n

i=1

yi— i

Vi

. (13)

Table 1 presents the performance metrics of the models for the
humidity and temperature outputs. A notable difference can be observed
between the linear ARX model and the NARX neural networks. The ARX
model exhibited higher error values for both outputs, with MAE values
of 0.87 and 0.28 for humidity and temperature, respectively. This result
indicates the limitation of linear modeling approaches, such as ARX, in
capturing the behavior of systems with nonlinear dynamics.

Table 1. Model performance comparison

Model Output MAE RMSE MAPE

ARX Humidity 0.87 1.04 1.25
Temperature 0.28 0.34 0.85
Humidity 0.15 0.21 0.21

MLP-NARX Temperature | 0.08 0.12 0.24
Humidity 0.29 0.37 0.42

ELMAN-NARX Temperature | 0.09 0.12 0.29
Humidity 0.24 0.30 0.33

LSTM-NARX Temperature | 0.10 0.13 0.32
Humidity 0.30 0.38 0.44

RU-NARX

GRU Temperature 0.09 0.12 0.29
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In contrast, the NARX models achieved low error metrics,
demonstrating their effectiveness in modeling both outputs. Furthermore,
the small differences between the RMSE and MAE values for these models
indicate the absence of significant error peaks, as RMSE penalizes large
errors more heavily. Performance differences among the NARX neural
networks are more pronounced for humidity prediction, while temperature
predictions remain relatively similar. The comparative study showed that
the MLP-NARX model achieved the best results, with MAE values of 0.15
and 0.08 for humidity and temperature, respectively. The LSTM-NARX
model ranked second, with MAE values of 0.24 for humidity and 0.10 for
temperature. The Elman-NARX and GRU-NARX models demonstrated
very similar, yet slightly lower, performance, with respective MAE values
of 0.29 and 0.30 for humidity and an MAE of 0.09 for temperature. The
strong performance of these different implementations of the NARX model
highlights its suitability for modeling nonlinear dynamics.

Figure 5 illustrates the modeling results obtained with the selected
MLP-NARX model by comparing the actual and predicted outputs of the
incubator. The figure shows the last 1200 samples of the training dataset
and 1680 samples from the test set, with actual and predicted values plotted
for each output. The close alignment between the curves visualizes the low
prediction error.
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Fig. 5. MLP-NARX Modeling results: comparison between actual and predicted
outputs: a) Humidity output, b) Temperature output
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7.2. Classification results. The classifiers were evaluated using a
structured dataset comprising a total of 2160 samples. The first 250 samples
were from the fault-free condition, followed by 250 samples representing
the sensor fault condition. An additional 220 healthy-state samples were
then included. Subsequently, the dataset included 720 samples for actuator
fault 2 and 720 samples for actuator fault 1. Table 2 lists the data samples
with their corresponding system states.

Table 2. Data samples with their corresponding system states

Data samples System state
1-250 Healthy system

251-500 Sensor fault
501-720 Healthy system
721-1440 Actuator fault 2
1441-2160 Actuator fault 1

The fault isolation was achieved using five machine learning
algorithms: MLP, SVM, KNN, LDA, and XGBoost. Their effectiveness for
the fault classification task was evaluated through a comparative study
based on the following performance:

— Accuracy: It measures the overall proportion of correct
predictions, providing a global indicator of the classifier’s performance. It is
calculated using the following formula:

Number of Correct Predictions

Accuracy = (14)

Total Number of Predictions

—  Precision: It measures the proportion of true positive
predictions cases among all positive predictions. It is calculated using the
following formula:

Precisi e (15)
recision = TP + FP,

where, for a given class, True Positives (TP) denote samples of the class
correctly identified; True Negatives (TN) are samples from other classes
correctly rejected; False Positives (FP) correspond to samples incorrectly
assigned to the class; and False Negatives (FN) are samples of the class that
the model failed to recognize. High precision indicates a low rate of false
positive errors.
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—  Recall: It measures the proportion of actual positive cases that
are correctly identified. It is calculated using the following formula:

TP
= 16
Recall Y (16)

High recall indicates that the model successfully captures most of the
relevant positive cases.

—  Fa-score: It is the harmonic mean of precision and recall. It is
calculated using the following formula:

Precision X Recall

F, — score =2 X (17)

Precision + Recall’

It provides a balanced measure between precision and recall, making
it particularly useful when both false positives and false negatives are
critical, as is the case in our FDI task.

Precision, recall, and F;-score were calculated for each class and
then averaged using the macro-averaging method, which assigns equal
weight to all classes.

Table 3 presents the performance metrics of the different ML
algorithms for the fault classification task. The comparative study of the
different classifiers showed that the MLP classifier achieved the highest
results across all metrics, with an accuracy of 95.8%, precision of 96.5%,
recall of 96.8%, and F1-score of 96.6%. These results indicate that the MLP
is both highly accurate in its predictions and balanced in terms of precision
and recall, making it effective at minimizing both false positives and false
negatives, which is crucial for our FDI task.

Table 3. Performance comparison of machine learning classifiers

Classifiers Accuracy Precision Recall Fi-score
(%) (%) (%) (%)
MLP 95.8 96.5 96.8 96.6
LDA 88.8 86.8 89.4 86.1
XGBOOST 95.4 96.1 96.5 96.2
SVM 90.8 93.4 93.1 92.7
KNN 86.9 91.7 90.2 89.6

The XGBoost classifier was the second-best performer, with an
accuracy of 95.4% and an Fi-score of 96.2%. It demonstrated competitive
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performance, confirming its suitability for classification tasks, particularly
in handling nonlinear relationships.

The SVM also achieved strong results, with an Fi-score of 92.7%.
However, it underperformed relative to the top two methods, indicating a
lower ability to capture complex data patterns.

LDA and KNN achieved comparatively lower performance. LDA
assumes linear class boundaries, which limits its effectiveness on complex
nonlinear data, while KNN struggles to capture complex and global
relationships within the dataset. They exhibited contrasting performance
patterns. LDA tended to favor the majority class, resulting in higher
accuracy but lower precision, recall, and Fi-score. The low Fi-score for
LDA is a direct consequence of the imbalance between its precision and
recall. Conversely, KNN produced a more balanced distribution of
predictions across classes, which boosted its precision, recall, and Fi-score
but resulted in a drop in overall accuracy.

In conclusion, the results demonstrate that the MLP classifier, owing
to its strong ability to capture complex nonlinear relationships, achieved the
best fault classification performance, underscoring its high potential for
practical FDI applications.

8. Conclusion. In this paper, an intelligent FDI methodology was
proposed, using an incubator system as a case study. The design and
implementation of the incubator were presented. The complex nonlinear
system dynamics were modeled using a NARX neural network in a parallel
structure. A comparative study was conducted among different neural
networks implementing this model—MLP, LSTM, GRU, and Elman—to
identify the best-performing architecture. A linear ARX model was also
estimated for comparison with these NARX neural networks to validate
their use within the proposed approach. The obtained residuals were then
used for FDI using five classification methods: MLP, XGBoost, SVM,
KNN, and LDA, whose performance was compared. The results
demonstrated the effectiveness of the proposed FDI methodology. The
NARX models exhibited strong modeling performance, outperforming the
ARX model, with the MLP-NARX attaining the best results. The
comparative study of classifiers showed that the MLP classifier achieved
the best performance across all evaluation metrics, further highlighting its
potential for FDI system.
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M.A. ATMAHE, X. 3ATJIA, b. ToJisu, C.®d. HYAP, M. BYXAMAMA
HUHTEJUIEKTYAJIBHOE OBHAPYKEHHUE U U30JISILAS
HEWCIIPABHOCTEM HA OCHOBE HEMPOHHBIX CETEN NARX

Ammane M.A., 3amna X, Tonou b., Hyap C.®., Byxamama M. HNHTeNIeKTyalabHOe
oOHapy:KeHUe N U30.ISIIIMs HeHCIpaBHOCTeil Ha ocHOBe HelipoHHBIX ceTeil NARX.

AnHOTanus. MHTeNIeKTyalbHBIE CHCTEMBl CTald HEOTHEMIEMBIM KOMIIOHEHTOM
COBPEMEHHBIX TEXHOJOIHYeCKHX JaHamadroB. Bompoc ux HajexkxHOCTH SBISeTCS KpaiiHe
Ba)KHBIM, OCKOJIbKY BO3HUKHOBEHHE HEHMCIIPABHOCTEH CHIOCOOHO KaTacTpO(UUECKH CKa3aThCs
Ha (YHKIMOHHMPOBAaHMM U HTOrOBOIl J((EKTUBHOCTH CUCTEMBI, BCICACTBHE UETrO
obHapyxeHne W wm3omius HeucnpaBHocTedl (FDI) cTaHOBHTCS KpPHUTHYECKH 3HAYUMOMN
3agayeld. Peanusauust 5TOH 3agaduu OCIOXKHSAETCA NPHCYLIEH TaKUM CHCTEMAaM CIIOKHOM
HeNMHEeHHON NuHaMHKOH. B naHHOH paboTe B paMKax penieHHs yKa3aHHOW IpOOJIeMBbI
IpeuIaraeTcsl METOJOJIOTUSI HHTEIUIEKTYalIbHOTO OOHApYKEHUS M N30JIIUH HEHCIIPaBHOCTEH;
B KauyecTBe pENPE3EHTATHBHOTO IIpUMEpa paccMAaTpHBAeTCA CHUCTeMa HHKybaTopa.
IMpeutaraeMelii MeTOJ UCHOJIB3YET HEIMHEHHYIO aBTOPETpEcCHOHHYIO dKk30oreHHyI0 (NARX)
HEHPOHHYI0 CeThb B MapajuIeNbHON CTPYKTYpEe Ul MOJEIMPOBAHUS CIIOKHOW HENMHEHHOM
JIMHAMHMKH cUcTeMbl. bplin cpaBHEHbI pazinuHble peanusanuu Moaenun NARX, ocHoBaHHbIE
Ha MHorocioitHoM mepuentporHe (MLP), cerm nosroit kparkocpouHoil mamsartua (LSTM),
BEHTHIEHOM pekyppeHTHOM O1oke (GRU) m cetn DnmMaHa, 1UIsl OLEHKH HX d(G(EeKTUBHOCTH
MOZENUPOBAaHUS M ompefeieHus Jydmed wmonenu. [lomydeHHBIE PacXOXKACHUS MEXIY
IIPOTHO3aMHU MOJIENH M (paKTHUCCKUMH 3HAYEHHSIMH Ha3bIBAIOTCS OCTATOYHBIMH BEJINYHHAMHU.
Jlnst knaccuguKany HeHCIPaBHOCTEH OBLIO NMPOBENECHO CPAaBHUTEIIBHOE HCCIIENOBAHUE IIITH
METO/I0B MamiHHOro oOyuyenust (ML): MHOrOCIOHHOrO NEpLENTPOHa, 3KCTPEMaIbHOTrO
rpaauenTHoro Oycrunra (XGBoost), metoma omopHbix BekTopoB (SVM), mertoma k-
ommxaiimmx coceneit (KNN) u mmmeiiHOro muckpumuHantHoro anammsa (LDA). [lannsre
METO/Ibl AHAIM3UPYIOT OCTATOYHBIC BEIHYUHBI, YTOOBI MACHTU(HUIMPOBATH KOHKPETHYIO
HEHCIIPaBHOCTH U3 3apaHee OIpe/IelIeHHOT0 MHOXKECTBA BO3MOXKHBIX, BKJIFOYAsi HEUCIIPAaBHOCTU
HCTIONHUTENBHBIX MEXaHH3MOB M IaTYUKOB. [loiydeHHBIE pe3yJbTaThl JEMOHCTPHPYIOT
3G GEeKTUBHOCTh MHTEIUIEKTYalIbHOM Metonosnoruu FDI, mpeacrtaBieHHoi B maHHOW paborte.
Mogenun NARX mpoaeMOHCTpUPOBAIN BBICOKYIO d(h()EKTUBHOCT MOIETHPOBAHUS, MPHIEM
rubpunHas monens MLP-NARX noxasana Hamiydinpe pe3yibTaThl, NPEB3OHIS OCTAIbHbIC
apXuTeKTypbl. CpaBHMTENbHBIM  aHaIM3  KJIACCU(HKATOPOB  BBIABMI  PasNuuusi B
3G GEKTUBHOCTH TSATH PACCMAaTPUBAEMBIX METOAOB, MPU 3TOM KJIAacCH(PHUKATOP Ha OCHOBE
MHOTOCJIOHOTO MEpUEeNnTpOHa JOCTUI HAWBEICIIMX IOKa3aTeleil 1o BCEM OIEHOYHBIM
MeTpUKaM. DTO CBHAETENbCTBYET O €ro IPUTOJHOCTH AN MPAKTHYECKOTO NPUMEHEHUs B
3a7auax JHATHOCTHKH HEHCIIPAaBHOCTEH, dYTO OOYCIOBIEHO €ro BBICOKOH CIOCOOHOCTBHIO
YJIaBIIMBATh CJIOKHbBIE HEJTMHEHHEIC B3aHMOCBSI3U B JAHHBIX.

KioueBble cjioBa: oOHapy)keHME ¥ HM30JISIMS  HEUCIPABHOCTEH, WHKyOaToOp,
MHOTOCJIOIHBIN mepuenTpoH, monenupoBanne NARX, reHepanusi M OLEHKa OCTATOYHBIX
BEJIMYMH, PEKYypPpPECHTHbIE HEHPOHHBIE CETH, KIACCH(UKATOPl MAIIMHHOIO OOYdYeHHUs,
HHTEIUICKTYaJbHbIe CHCTEMBI.
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IDRRS: I0T INERTIAL DEVICE FOR REAL-TIME ROAD SURFACE
CLASSIFICATION AND POSITION ESTIMATION ENHANCEMENT

Viet-Hoan Bui, Duc-Nghia Tran, To-Hieu Dao, Hoang Quang Trung, Pham Vu Kien, Nguyen
Van Thang, and Duc-Tan Tran. IDRRS: IoT Inertial Device for Real-Time Road Surface
Classification and Position Estimation Enhancement.

Abstract. Road surface condition monitoring is essential for enhancing transportation safety
and infrastructure maintenance. This study develops an IoT-oriented inertial sensing framework
for real-time pavement classification, pothole detection, and enhanced vehicle position estimation.
The framework integrates a memory-constrained XGBoost model designed for microcontroller
deployment, a velocity-aided GPS interpolation procedure, and an abnormality-index-based
pothole detection algorithm. Experimental results on a private dataset and the PVS dataset
show classification accuracies of 95.39% and 93.21%, respectively. To examine transferability,
the configuration tuned on the private dataset was applied to the PVS dataset without retraining
and achieved 92.45% accuracy. Furthermore, the GPS interpolation procedure reduces mean
localization errors from 5.571-11.893 m to 1.835-3.563 m across vehicle speeds of 20-50 km/h.
An additional contribution of this study is the release of a private dataset capturing vibration
signatures from representative road types, supporting further research in road surface classification.

Keywords: Inertial sensor, real-time, microcontroller, machine learning, IoT.

1. Introduction. In recent years, the development of intelligent
transportation systems (ITS) [1] and their sub-applications, such as advanced
driver assistance systems [2], has significantly increased the demand for
diverse and reliable situational data from the traffic environment [3-6]. The
core objective of these systems is to enhance road safety, improve traffic
management efficiency, optimize the operational performance of vehicles,
and ensure passenger comfort [5,7-9]. To achieve these goals, autonomous
and semi-autonomous vehicles require accurate and real-time environmental
perception, wherein understanding the characteristics of the road surface is a
foundational requirement [10].

Among situational data types, road surface classification (RSC) is
considered one of the most critical pieces of information [5,6]. The ability to
accurately distinguish between road surface types — such as asphalt, cobblestone,
and dirt — has a direct impact on vehicle dynamics, including grip, braking
distance, and vibration patterns [10]. Real-time RSC information is a vital input
for adaptive control systems, for example, anti-lock braking systems [11] and
traction control systems [12], allowing them to adjust operational parameters
to ensure maximum safety [5, 8].

Many methods have been proposed to address the RSC problem [10, 13-
15]. Vision-based methods (using cameras), while common, suffer significant
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performance degradation due to environmental factors such as changing light
conditions, shadows, or adverse weather (rain, snow) [16-19]. 3D scanning
methods, such as those using LiDAR, provide high-precision data but require
expensive hardware and consume significant computational resources, making
them unsuitable for large-scale deployment [5,7,8,20].

Consequently, methods based on inertial sensors (inertial measurement
units - IMU), including accelerometers and gyroscopes, have emerged as an
effective alternative [5,13,20]. These sensors are low-cost, highly durable, and,
most importantly, they operate independently of light and weather conditions [5,
8,13, 14,20]. Furthermore, they offer a fundamental advantage: instead of
passively observing the surface, they directly measure the kinetic response and
vibration patterns of the vehicle itself as it interacts with the road [5, 8, 14, 20].

Despite these advantages, achieving robust and scalable RSC from
inertial data remains challenging. Vibro-kinetic responses vary significantly
across vehicles, suspension systems, driving behaviors, road environments,
and sensor mounting positions [4, 7, 13, 14]. These contextual variations
introduce strong dependency factors that can limit the generalization capability
of machine learning (ML) models. While previous studies have explored
various architectures, two primary gaps remain: (i) the lack of evaluation under
standardized, context-aware protocol frameworks; (ii) the high computational
demand of modern deep learning (DL) models, which limits their deployment
on resource-constrained microcontrollers (MCU) [9, 15,21,22].

In response to these challenges, this work develops a lightweight and
deployable classical machine learning (CML) pipeline. Unlike many previous
studies that prioritize accuracy through complex DL models, this study focuses
on practical hardware efficiency without compromising generalization. The
contributions are fourfold:

— This study introduces the IoT Inertial Device for Real-Time Road
Surface Classification and Position Estimation Enhancement (IDRRS). An
Extreme Gradient Boosting (XGBoost) classification model is deployed directly
onto the device, integrated with a GPS interpolation algorithm. This approach
provides road surface condition data and corresponding positioning, achieving
classification accuracies of 95.39% on the private dataset and 93.21% on the
PVS dataset, respectively.

— Integration of a GPS interpolation algorithm that reduces positioning
deviation by 4-5 times compared to conventional GPS.

— A pothole-detection method using an abnormality index computed
from triaxial accelerometer signals to localize surface disturbances on
reconstructed trajectories.
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— A private dataset was constructed based on inertial sensors and
positioning data to support feature engineering analysis and the development
of predictive models.

2. Related works. The classification of road surface types using inertial
sensors and ML is a critical component of ITS, enhancing safety and efficiency.
This approach is crucial for enhancing road safety and maintenance by
providing real-time data on road conditions [5,7-10]. Various ML models,
including DL and traditional algorithms, have been employed to classify road
surfaces based on data from IMU and GPS sensors [10, 13-15]. While DL
models offer automated feature discovery, CML methods remain competitive
due to their lower computational footprint on embedded systems.

The author [4] established a foundation for modern IMU-based RSC
research by introducing the PVS dataset. Comparison between CML and
DL methods showed that a convolutional neural network (CNN) architecture
achieved 93.17% accuracy, outperforming CML models such as k-nearest
neighbors (74.79%). This result was achieved through a 3-experiment split
evaluation protocol designed to test model generalization across unseen vehicle,
driver, and environmental contexts.

Subsequent research has increasingly focused on improving
classification accuracy through more sophisticated DL architectures. A
common characteristic of many of these studies is the use of simplified
evaluation procedures, such as random 80/20 splits or k-fold cross-validation
(CV), rather than the context-aware three-scenario evaluation protocol defined
in [4]. These simplified splits allow data from the same vehicle, driver, or
scenario to appear in both training and test sets, increasing the risk of context
leakage [4] and thus preventing standardized performance comparisons [9].

One early attempt to enhance performance was proposed by the authors
in [5], who introduced the SE-ResNet architecture, a residual CNN augmented
with Squeeze-and-Excitation (SE) modules. The reported accuracy reached
98.41% using 5-fold CV on the entire dataset. As a result, the comparison with
the baseline should be interpreted with caution.

Recurrent neural network (RNN) variants have also been explored
to address temporal dependencies in inertial signals. In paper [6]
proposed ResBiGRU-SE, a hybrid architecture combining residual connections,
bidirectional gated recurrent units (BiGRU), and SE modules. The reported
accuracy reached 98.41% through 5-fold CV, making it difficult to assess
stability across different vehicles, drivers, and environments.

In paper [8] proposed a hybrid architecture combining CNN and long
short-term memory (LSTM) branches to leverage multiple data representations.
The model utilizes frequency-domain data for the CNN component and stacked
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discrete wavelet transform coefficients for the LSTM branch. On the PVS
dataset, this hybrid approach reported an accuracy of 94.78%. However, the
evaluation was restricted to a specific 66/34 split (only Experiment 3), providing
limited evidence of the model’s robustness against independent contextual
shifts.

In paper [23] applied Transformer-based architecture to the task, using
multi-head attention to model long-range temporal dependencies. The method
incorporated a Random Forest (RF)-based feature selection step to reduce
input dimensionality. Using an 80/20 split on PVS 1-8, the model achieved
a weighted F 1-score of 97%. When evaluated on an unseen context (PVS 9),
performance decreased to 80.41%, illustrating the sensitivity of such models
to contextual variation.

In study [24] extended this line of work by proposing a VGG-inspired
ID-CNN architecture achieving 99.3% accuracy with 101.6k parameters. This
result was obtained using a simple 80/20 split. Therefore, while the architecture
is compact and efficient, its generalization capability under unseen operational
conditions remains unverified.

A parallel line of research has focused on improving practicality and
computational efficiency. The performance sensitivity observed in several DL
models, together with the substantial drop reported by the authors in [23] when
evaluated on an unseen context, further underscores the need for approaches
that maintain accuracy while operating reliably across diverse conditions and
hardware constraints.

Paper [9] are among the few studies that apply the three-scenario
evaluation protocol of the author in [4]. Their work introduced two lightweight
CNN architectures, SepRNet-1D and SepSERNet-1D, designed with principles
inspired by MobileNet V3 through the use of separable convolutions and
residual connections. SepRNet-1D achieved an average accuracy of 94.69%
with a reported inference time of under 4 ms using a TensorFlow Lite
implementation on a CPU-based desktop system (13 GB RAM).

In paper [20] the author revisited tree-based ML models to re-evaluate
their potential for RSC. The authors examined RF, Gradient Boosting
(GB), and XGBoost, and proposed a Hybrid Filter-Wrapper (HFW) feature
selection strategy that combines the efficiency of filter-based ranking with the
effectiveness of wrapper-based selection. Their highest reported accuracy was
94.2%, obtained using an XGBoost model with a substantially reduced feature
subset, shrinking the original 126 features to 30 through HFW-GB. However,
this result was achieved using a 70/30 split, providing limited evidence of the
model’s robustness against independent contextual shifts.
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In summary, while recent advancements in DL and Transformer-based
models have increased classification accuracy, these approaches often
involve high computational overhead and limited robustness in unseen
environments. Furthermore, existing literature frequently overlooks the
interplay between classification performance and spatial localization accuracy.
The proposed IDRRS device addresses these limitations by integrating a
hardware-optimized XGBoost pipeline with a velocity-aided GPS interpolation
strategy. This integration achieves competitive classification performance on
resource-constrained hardware while improving positioning accuracy in urban
settings.

3. Materials and methods.

3.1. Proposed system. The proposed IoT-oriented framework,
illustrated in Figure 1, is a compact device designed for real-time RSC
and pothole detection on degraded pavements. The hardware architecture,
detailed in Table 1, is centered around an ESP32 MCU that serves as the
primary processing unit. This MCU executes embedded CML models and
anomaly detection algorithms on vibration data acquired from a GY-85 9-axis
IMU. Localization is supported by an ATGM336H GPS module, while a
SIMCom A7680C modem facilitates data transmission over the LTE network.
The sensor node is housed in a 7.3 x 4.5 x 3.4 cm? protective casing and
is primarily powered by the vehicle’s battery system, with an integrated
3.7 V=2000 mAh Li-Po battery serving as a backup to ensure uninterrupted
operation during power fluctuations.
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CURRENT SURFACE

Iill_:%%
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Fig. 1. Architecture of the proposed IoT-based road surface monitoring and alert system
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The deployment involves mounting the device on a fleet of vehicles
dedicated to road inspection tasks. To capture stable vibration patterns, the
sensor node is rigidly mounted at the geometric center of each vehicle, typically
near the differential system, with a coordinate convention where the x-axis is
oriented leftward, the y-axis forward, and the z-axis downward. To mitigate
inertial sensor bias and account for vehicle-specific idle vibrations caused
by engine and suspension differences, a calibration procedure is executed
whenever the vehicle remains stationary for one second. This process calculates
the zero-point offset for the accelerometer and the static bias for the gyroscope.
Additionally, the system utilizes the internal thermometer of the ITG3200 for
thermal compensation of the inertial readings. The protective casing is also
equipped with waterproof gaskets and internal electronic potting to protect the
circuitry from humidity and temperature fluctuations.

Table 1. Hardware configuration and experimental platform

Module Component Specification Unit fs (Hz)
520 kB RAM, 448 kB
ESP32 ROM. 4 MB Flash - -
Accelerometer ADXL345 g (1 g=9.8m/s")
GY-85 9-axis IMU Gyroscope ITG3200 rad/s 100
Sensor node Magnetometer HMC5883L | uT
Speed km/h

GPS ATGM336H Latitude, longitude Decimal degrees
SIMCom A7680C 4G LTE Cat 1 - -
Li-Po battery 3.7 V-2000 mAh - -
2 x Intel Xeon Gold

Compute node 6226R (32 cores) - B

Server Memory 384 GB DDR4 RAM - -
HTTP Operating system & | AlmaLinux 8, Remote R ]
Access SSH (Visual Studio Code)

As depicted in the architecture diagram (Figure 1), initial processing
occurs locally on the ESP32. Raw sensor signals are segmented and converted
into road surface categories while simultaneously being monitored for sudden
disturbances using an abnormality-index-based algorithm. Because standard
GPS modules often suffer from update delays or signal loss in challenging
environments, a position interpolation procedure is integrated to provide
continuous and enhanced location estimation for detected anomalies. The
processed results are then transmitted via the cellular network to an SQL
database on a central server. This centralized repository supports a two-part
user interface: an administrator dashboard for traffic authorities to visualize
pavement quality and prioritize repairs, and a driver interface that delivers
real-time hazard warnings. This integrated flow facilitates a proactive approach
to road maintenance and enhances operational safety through timely anomaly
reporting.
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3.2. Dataset.

3.2.1. Private dataset. The private dataset! was collected using a fleet
of vehicles dedicated to regional road inspection tasks. Asphalt, cobblestone,
and dirt were selected as the target surface categories because they constitute the
predominant pavement types in regional transportation networks and represent
the primary focus of contemporary road condition monitoring studies [4,20,25].

Data collection followed a controlled experimental protocol where each
session was dedicated to a single road surface type under the direct supervision
of two researchers. These supervisors observed the conditions and ensured
the recorded data corresponded precisely to the targeted pavement category,
facilitating ground-truth annotation at the source without the requirement for
post-processing software tools.

The acquired signals were stored on a card in plain-text format,
with a sampling frequency of 100 Hz for the inertial and magnetometer
sensors and 1 Hz for the GPS module. Each data file contained triaxial
accelerometer, gyroscope, and magnetometer measurements, alongside GPS
latitude, longitude, timestamps, and speed. Figure 2 provides the GPS
trajectories and representative photographs of the sampled road surfaces to
offer visual context for the experimental environments. In total, the recordings
amounted to 903.90 minutes (15.06 hours), corresponding to approximately
196 MB of raw measurements.

&y

L]

[ Dirt road I Cobblestone road I Asphalt road

Dirt road Cobblestone road Asphalt road

Fig. 2. GPS trajectories for dirt (red), cobblestone (blue), and asphalt (green)
segments (top) and representative images of the three surface types (bottom)

3.2.2. Public dataset. The public dataset used in this study is the
PVS? benchmark [4], which complements the private dataset by providing a

lhltps://dxAdoi.org/IO.Z 1227/x6av-val3

thtps://github.com/ jefmenegazzo/Intelligent- Vehicle- Perception-Based- on-Inertial-Sensing-and-
Artificial-Intelligence
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structured basis for evaluating reproducibility and generalization under diverse
contextual factors. The dataset comprises nine sub-datasets (PVS 1-PVS 9)
collected from three vehicles driven by three independent drivers across three
road scenarios, with all samples labeled into dirt, cobblestone, and asphalt
classes. Each vehicle carries MPU-9250 modules installed at three locations —
dashboard (DB), above suspension (AS), and below suspension (BS) — on both
left and right sides of the front axle. To ensure valid generalization, this study
adheres to the 3-experiment split evaluation protocol proposed by the author
in [4], a method designed to test robustness against changes in vehicle type,
driver behavior, and environmental context [9].

3.3. Windowing. Continuous sensor signals are segmented into
fixed-length windows using a sliding window of 600 samples (6 seconds
at 100 Hz) with 50% overlap. This configuration is selected to balance
classification performance with real-time operational constraints. Regarding
window duration, research on inertial sensor data indicates that recognition
accuracy tends to saturate at sizes around 6 seconds, as this interval provides
sufficient temporal coverage to capture essential cyclic characteristics of the
movement [26]. Specifically, in the context of RSC for MCU deployment, a
6-second window has been shown to effectively balance high accuracy with
the limited processing capabilities of low-end hardware [25]. Furthermore, the
50% overlap results in a 300-sample stride, ensuring that new predictions
are generated every 3 seconds. This setup complies with established
real-time latency requirements, where a prediction delay of no more than
3 seconds is considered acceptable for timely monitoring [4,25]. The general
characteristics of the datasets and the distribution of the classification instances
are summarized in Table 2.

Table 2. Summary of dataset characteristics and instances distribution

Dataset Class Ins%ances (number Total instances Split protocol
of window segments)
Dirt road 3258
Private Cobblestone road 2157 9039 10x 10-fold NCV
Asphalt road 3624
Dirt road 1996
Public PVS Cobblestone road 2096 7180 3-scenario split [4,9]
Asphalt road 3088

For the private dataset, the segmentation process yielded 9039 windows,
which are utilized in a 10x 10-fold nested cross-validation (NCV) procedure.
Regarding the PVS dataset, a total of 7180 unique windows are generated
(Table 3). Performance evaluation on the PVS dataset follows a protocol
involving three independent experiments (Exp. 1-3) to ensure generalization
across different vehicles, drivers, and scenarios [4,9]. Within this three-scenario
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framework, the aggregate evaluation comprises 21540 processed instances,
consisting of 14146 training windows and 7394 testing windows (Table 4).

Table 3. Distribution of segmented windows per PVS dataset

. . . Number of windows

Dataset Vehicle Driver | Scenario Dirt Cobblestone | Asphalt
PVS1 Volkswagen Saveiro 1 1 172 412 374
PVS2 Volkswagen Saveiro 1 2 298 138 392
PVS 3 Volkswagen Saveiro 1 3 190 176 336
PVS 4 Fiat Bravo 2 1 160 384 336
PVS 5 Fiat Bravo 2 2 404 120 366
PVS 6 Fiat Bravo 2 3 160 210 268
PVS 7 Fiat Palio 3 1 158 362 334
PVS 8 Fiat Palio 3 2 300 126 396
PVS9 Fiat Palio 3 3 154 168 286

Total 1996 2096 3088

Table 4. Train/test split distribution of segmented windows for the three evaluation
experiments on the PVS dataset

Dirt road Cobblestone road | Asphalt road

Train  Test | Train Test Train  Test

Exp. 1 994 1002 1712 384 1934 1154
Exp. 2 1272 724 1382 714 2118 970
Exp. 3 1244 752 1438 658 2052 1036

3.4. Feature engineering. A feature engineering stage was applied
to transform each segmented window into a compact representation for ML
input. As the design targets real-time operation on resource-constrained
hardware, only low-complexity time-domain features were considered, while
frequency-domain descriptors were excluded due to their high computational
complexity [21]. For each inertial channel, a comprehensive set of 13 statistical
descriptors was selected to characterize signals across four dimensions: central
tendency (mean, median), dispersion (standard deviation—SD, root mean
square-RMS, interquartile range-IQR, maximum, minimum, and range),
distribution shape (skewness, kurtosis), and temporal dynamics (Hjorth
mobility, Hjorth complexity, and autocorrelation). Additionally, the mean
and SD of the speed signal were included, as vibration intensity correlates
with vehicle velocity [4]. This specific ensemble was designed to provide
a multidimensional characterization of vibration patterns while maintaining
compatibility with the computational constraints of embedded inference [20,
21].

3.5. Constrained hyperparameter optimization. To optimize
the models for deployment on memory-limited MCUs, two primary
hyperparameters — n_estimators and max_depth — were systematically
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tuned within a search space of 1-50 and 1-20, respectively. These specific
parameters were selected because they exert a dominant influence on both
the classification performance and the final memory footprint of tree-based
ensembles [21, 27, 28]. Other hyperparameters were maintained at their
default settings as defined in the ML libraries, with the random_state fixed
at 42 to ensure experimental reproducibility. All four tree-based classifier
families (XGBoost, RF, Light Gradient Boosting Machine—-LGBM, and Extra
Trees—ET) were evaluated under this same constrained search space. For each
candidate configuration, the model was fitted on the entire dataset and exported
to a C/C++ header file using the micromlgen or m2cgen library [22].

The private dataset was collected using a dedicated inspection fleet
operating under homogeneous mechanical conditions and consistent driving
routines. Because the data do not exhibit strong driver—vehicle—scenario
dependency factors, group-aware or experiment-aware resampling is
unnecessary. Hyperparameter optimization (HPO) on this dataset therefore
proceeds in two stages. First, a 10-fold flat cross-validation (FCV) is applied
to enumerate the constrained search space, evaluate the relative ranking of
the candidate configurations, and filter out models whose exported headers
exceed the memory constraint. Second, only the deployable configurations
identified during FCV are assessed through a full 10x 10-fold NCV procedure.
FCV determines the final deployable hyperparameter configuration for each
classifier family, whereas NCV yields an unbiased estimate of the generalization
performance of the model trained with that configuration.

Although formal HPO is conducted only on the private dataset, the PVS
dataset features a structurally different evaluation protocol consisting of three
experiment-wise splits. To ensure that the proposed pipeline remains reliable
under this context-aware partitioning, the same constrained search space is
applied within each PVS training split solely for the purpose of examining the
stability of the overall pipeline under heterogeneous operational conditions.
No information from the PVS test sets is accessed during this process, and
the application of the search space on PVS functions as a robustness check to
verify that the proposed methodology maintains consistent behavior across
distinct data-partitioning structures.

3.6. Velocity-aided GPS interpolation. During data acquisition, GPS
receivers often operate at 1 Hz or occasionally fail to provide updates due to
satellite occlusion and multipath effects. This data sparsity creates a resolution
gap in the recorded trajectory, degrading the temporal alignment with the
100 Hz IMU stream. Consequently, these artifacts reduce the reliability of
the positional data associated with road surface types and localized surface
anomalies.
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To mitigate these issues, a velocity-aided interpolation procedure is
applied to reconstruct geographically consistent intermediate positions. Unlike
generic polynomial interpolation, this method utilizes the physical motion
parameters of the vehicle. The procedure assumes short-term continuous
motion and estimates the travelled distance S from the instantaneous speed v
and elapsed time ¢ between two valid GPS fixes:

S=vxt. 6]

A great-circle navigation model is employed with an Earth radius
R = 6371000 m. Given two valid observations (¢,4;) and (¢,4,), the
bearing angle 0 is computed as:

0 = atan2 ( sin(AA) cos(¢n), cos(;)sin(¢y) — sin((])])cos((j)z)cos(A?L)), )

with AL = A, — A;. The interpolated geographic position (lat,, lon, ) at distance
S from (lat;,lon;) along direction 0 is determined as:

laty = arcsin(sin(lat;) cos 5+ cos(lat;)sin 3cos9) 3)
lony = lon; +arctan2 (sin 6 sin 3cos(lat;), cos 3—sin(lat; ) sin(laty))’

The interpolation algorithm scans GPS samples and detects
intervals where coordinates remain unchanged within an angular tolerance
€ = 4.5 x 107° degrees (approximately 0.5 m). Intermediate points
are inserted whenever the instantaneous speed is positive. To ensure
synchronization with the inertial sensor data, interpolated positions are
generated at F; = 100 Hz. The bearing angle is estimated from the
nearest available GPS observations, and since 0 is recalculated whenever new
observations become available, the reconstructed trajectory follows curved
paths rather than imposing piecewise-linear interpolation. Figure 3 illustrates
the reconstruction principle.

Algorithm 1 summarizes the complete procedure. This method
produces a temporally dense trajectory that reflects t he v ehicle motion
more closely than raw GPS logs. By bridging the resolution gap between
low-frequency GPS updates and high-frequency IMU sampling, this method
establishes the spatial reference required to map road surface conditions.
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Fig. 3. Illustration of the GPS interpolation algorithm, where P, are valid GPS points
and intermediate points are reconstructed using velocity v and bearing angle 6

Algorithm 1: Velocity-aided GPS interpolation

Input: GPS samples (/at,lon,v,t); interpolation frequency F;.
Output: Interpolated sequence .Z.

1 step < 1/F;
2 L+ o

3 i+ 1;

4 while i <N do

5

e ® N &

10
11
12
13
14
15
16
17
18

19 end

Find j > i such that GPS(j) #GPS(i) within tolerance
Append sample i to .Z
if j>Norvi<Oorj=i+1then

‘ i < i+ 1; continue

end

Choose 0 from nearest valid GPS points

AT Ij—1j

for each At in {step,2step,...,< AT} do
S viAt,

(Lat,lon) < dest_point(lat;,lon;, 8, S)
Append (lat,lon,t; + At) to &

end

Append sample j;

i J;

20 return .
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3.7. Pothole detection using abnormality index. Restoring spatial
continuity is essential for locating localized road surface anomalies. At an
urban vehicle speed of 40 km/h, a standard 1 Hz GPS receiver provides a
position update only every 11 m, creating a resolution gap that complicates
the localization of potholes. By incorporating the 100 Hz reconstructed path,
the system achieves the spatial granularity necessary to map detected potholes
onto the estimated vehicle trajectory.

A lightweight abnormality-index method is applied to identify these
events from triaxial accelerometer measurements [21]. For each axis, a rolling
mean window of size W = 100 samples (corresponding to 1 second at f; =
100 Hz) is utilized to filter out low-frequency trends. Let a.(n), ay(n), a;(n)
denote the raw accelerations at sample n, and d.(n), a,(n), a,(n) be their
corresponding rolling means. The abnormality index (AbI) is defined as:

2

AbI(n) = \/ [ax(n) —@c(n)]” + [ay(n) =@y (n)]* + [a(n) —a.()]*. (@)

A detection threshold (Th) is established based on the statistical
distribution of the index:

Th = pabl +k - Oapr, ®)

where k is a scalar that controls the balance between sensitivity and robustness.
Through experimental analysis, k is set to 2. To prevent redundant detections,
samples satisfying AbI(n) > Th are grouped into a single pothole event if they
occur within a 1.5-second interval. This interval accounts for the sequential
impacts of the front and rear axles on the same surface anomaly, which manifest
as double peaks.

Figure 4 illustrates the pothole detection process, including raw
accelerometer signals, the abnormality index, and the localization of events
along the interpolated trajectory. By leveraging the high-resolution spatial
reference from the interpolation algorithm, the system ensures that detected
potholes are assigned coordinates consistent with the physical impacts recorded
by the IMU. This integration provides the detailed geographic information
required for road maintenance and hazard warning.
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(a) Map view of the recorded trajectory with original GPS points, interpolated positions, and pothole locations
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Fig. 4. Detection of pothole events using the abnormality index aligned with
interpolated GPS positions

4. Result and discussion.

4.1. Evaluation on the private dataset. Table 5 summarizes the
performance and Flash footprint of the four CML model families under the
constrained HPO search space on the private dataset. The performance is
reported as the mean accuracy £ SD across the 10-fold NCV, accompanied
by the 95% confidence interval (CI). Among the evaluated methods, XGBoost
attained the highest accuracy at 95.39 £+ 0.82%, with a 95% CI of
[94.80% — 95.97%], demonstrating strong stability across different data splits.
LGBM achieved a comparable accuracy of 95.08 & 0.56%, while RF and ET
yielded lower performance at 92.45% and 91.72%, respectively.

Table 5. Performance and size of optimized CML models on the private dataset

Model Sensor Configuration HPO Accuracy 95% CI1 Flash (kB)
XGBoost {42, 6) 95.39 +0.82 | [94.80-95.97] 975.79
RF Center nest € [1, 50] {13, 12} 92.45 +0.67 [91.97 - 92.94] 1018.04
LGBM Maepth € [1, 20] {49, 13} 95.08 £ 0.56 | [94.67 - 95.48] 856.88
ET {13, 12} 91.72 £ 0.64 | [91.26-92.19] 1015.13

To determine whether the performance difference between the two
leading models, XGBoost and LGBM, is statistically significant, McNemar’s
test is conducted (Table 6(a)). The contingency table for McNemar’s test
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accounts for the counts of correct and incorrect predictions between the two
classifiers. For the private dataset, the test yields a y? statistic of 4.1897 with
a p-value of 0.0407. Since p < 0.05, the performance difference between
XGBoost and LGBM is considered statistically significant.

Table 6. Statistical significance comparison between models using McNemar’s test

Dataset Model LGBM true | LGBM false | yx” statistic p-value
(a) Private (sample size XGB true 8521 101 R
N = 9039 windows) XGB false 7 344 | H1897 0.0407
(b) Public PVS (sample size | XGB true 6744 148 oo
N = 7394 windows) XGB false 99 a03 | 93779 | 00023

*p <0.05, **p < 0.01 indicates statistical significance levels.

The constraints imposed on the HPO search space are strictly governed
by the physical memory limitations of the target ESP32 MCU. According
to official specifications from Espressif, the ESP32 features 520 kB RAM,
448 kB ROM, and 4 MB Flash memory (Table 1). In practical implementation,
a significant portion of the Flash memory is reserved for system partitions,
including the bootloader, Wi-Fi/Bluetooth stacks, and Over-the-Air update
buffers. Consequently, the application partition is typically limited to
approximately 1.2 MB in standard partition tables. Analysis of the HPO
results shows that model configurations exceeding the predefined limits result
in header files larger than 1 MB (Figure 5). Such footprints are unsuitable
for deployment as they risk exceeding the available application storage. By
limiting these parameters, the optimized XGBoost model occupies 975.79 kB,
effectively utilizing the Flash budget without compromising system operational
integrity.

A detailed characterization of the classification behavior is shown in
the per-class report in Table 7 and the confusion matrix in Figure 6(a). For
dirt-road segments, XGBoost correctly identifies 3072 out of 3258 windows,
corresponding to a recall of 94.29%. Most misclassified cases are assigned to
the cobblestone class (184 windows), with very limited confusion involving
asphalt (2 windows). Cobblestone represents the most challenging class; its
vibration patterns exhibit irregular structures with partial similarity to those
of dirt roads. As a result, XGBoost correctly recognizes 1963 out of 2157
cobblestone windows (recall 91.01%), with misclassifications predominantly
shifting toward dirt. Asphalt displays the most distinct signature among the
three classes and is classified with high reliability: 3587 out of 3624 asphalt
windows are correctly predicted, yielding a recall of 98.98% and an F 1-score
of 98.60%.
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Fig. 5. The correlation between hyperparameter configuration and Flash memory
footprint during parameter tuning

Table 7. Classification report of CML models on the private dataset

Model Class Precision | Recall | F1-score
Dirt road 95.55 94.29 94.92
XGBoost | Cobblestone road 90.38 91.01 90.69
Asphalt road 98.22 98.98 98.60
Dirt road 91.75 90.85 91.30
RF Cobblestone road 84.32 86.28 85.29
Asphalt road 98.06 97.57 97.81
Dirt road 94.88 94.38 94.63
LGBM Cobblestone road 90.22 89.85 90.03
Asphalt road 98.11 98.81 98.46
Dirt road 90.31 90.36 90.33
ET Cobblestone road 84.00 83.73 83.86
Asphalt road 97.58 97.71 97.64
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(a) Private dataset (b) Public dataset
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Fig. 6. Confusion matrices of the XGBoost models on: a) the private dataset (pooled
10x10-fold NCV predictions); b) the PVS dataset (combined test sets Exp. 1-3)

4.2. Evaluation on the public dataset.

4.2.1. Impact of sensor placement. A central objective in evaluating
the PVS dataset is to examine how different IMU mounting positions influence
classification performance. Because the dataset includes three placements —
DB, AS, and BS —it enables a systematic assessment of how vibrational richness
varies across the vehicle structure. Table 8 reports the average accuracy of the
four CML model families across seven sensor configurations.

Table 8. Average accuracy of CML models under different sensor placement
configurations on the PVS dataset

Sensor location Accuracy (%)
XGBoost RF LGBM ET
Single placement
DB 89.06 82.68 88.78 82.38
AS 90.29 87.62 89.86  84.11
BS 90.90 8729  91.27 83.97
Dual placement
DB, AS 91.21 87.83 89.88 83.51
DB, BS 92.69 8729 91.72  84.49
AS, BS 93.21 90.73 9256  86.50
All placements
DB, AS, BS 93.19 89.68  91.28 85.11

In the single-placement setting, sensors closer to the tire—road interface
consistently provide higher accuracy than the cabin-mounted dashboard sensor.
Both AS and BS reach accuracy levels around 90%, whereas DB attains 89.06%
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with XGBoost. This behavior aligns with mechanical intuition: the suspension
system attenuates road-induced vibrations before they propagate to the cabin,
reducing the discriminative content available at the dashboard location [4].

For dual-placement configurations, combining AS and BS yields the
highest overall performance for all model families, reaching 93.21% with
XGBoost. This configuration benefits from capturing two complementary
vibration pathways — pre-suspension and post-suspension — thereby preserving
a richer representation of road-surface irregularities. Configurations involving
the dashboard sensor (DB, AS) or (DB, BS) result in slightly lower accuracy,
indicating that the DB channel contributes limited additional information in
this context.

The addition of the dashboard sensor to form the three-sensor
configuration (DB, AS, BS) does not yield further improvement relative to the
dual (AS, BS) setup; XGBoost accuracy decreases marginally from 93.21%
to 93.19%. This outcome suggests that the dashboard channel introduces
low-informative redundancy that can slightly interfere with decision boundaries
established from the more discriminative AS and BS features.

4.2.2. Performance of the models. Having established the optimal
sensor configuration, the next step involved evaluating the end-to-end
performance of the embedded-oriented pipeline under the three PVS
experiments. All evaluations in this subsection relied exclusively on the
(AS, BS) dual-sensor configuration.

Table 9 summarizes the performance and Flash footprint of the four
CML model families under the constrained HPO search space on the PVS
dataset.

Table 9. Performance and size of optimized CML models on the PVS dataset

Model Sensor Configuration HPO Accuracy (%) 95% CI1 Flash (kB)
XGBoost {50, 3} 93.21 £ 0.16 [92.80 - 93.61] 212.88
RF AS. BS nest € [1, 50] {20, 9} 90.73 £ 0.52 [89.45 - 92.01] 912.08
LGBM ’ Maepth € [1, 20] (45,5} 92.56 &+ 0.49 [91.34 - 93.77] 441.42
ET {9, 12} 86.50 +£2.21 [81.00 - 92.00] 915.39

The accuracy is reported as the mean + SD across the three PVS
experiments, accompanied by the 95% CI. Among the evaluated methods,
XGBoost attained the highest overall accuracy, reaching 93.21 + 0.16% with a
95% CI of [92.80% — 93.61%]. This narrow interval and low SD demonstrated
the high stability and generalization capability of the model across different
vehicles, drivers, and scenarios. Notably, this performance level aligned with
the 93.17% accuracy of the CNN baseline originally reported by the author
in [4] while offering a significantly more efficient Flash footprint of 212.88 kB.
The remaining models exhibited varying degrees of effectiveness. LGBM
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achieved a comparable accuracy of 92.56 £ 0.49%, while RF and ET yielded
lower accuracies of 90.73% and 86.50%, respectively.

The statistical advantage of XGBoost is also observed on the PVS
dataset (Table 6(b)). The McNemar’s test results in a xz statistic of 9.3279
and a p-value of 0.0023. This result confirms the statistical significance of the
performance difference (p < 0.01), suggesting that the model remains robust
despite the higher heterogeneity of the PVS dataset.

To provide a finer-grained view of generalization under the PVS
evaluation protocol, the per-class behavior of the four CML models was
examined using the aggregated test sets from Exp. 1-3. Table 10 presents
precision, recall, and F1-score for each road category, and Figure 6(b)
visualizes the confusion matrix of the best-performing model (XGBoost),
constructed from all 7394 test windows.

Table 10. Classification report of CML models on the PVS dataset

Model Class Precision | Recall | F1-score
Dirt road 91.96 89.55 90.74
XGBoost | Cobblestone road 84.64 88.50 86.53
Asphalt road 99.17 98.70 98.94
Dirt road 89.56 84.50 86.96
RF Cobblestone road 78.87 85.65 82.12
Asphalt road 98.76 98.42 98.59
Dirt road 91.22 88.10 89.63
LGBM Cobblestone road 82.80 87.70 85.18
Asphalt road 99.33 98.73 99.03
Dirt road 84.43 76.84 80.46
ET Cobblestone road 70.02 79.67 74.53
Asphalt road 98.57 97.97 98.27

Among all evaluated models, asphalt consistently emerges as the easiest
surface type to classify. For XGBoost, 3119 of the 3160 asphalt windows are
correctly identified, corresponding to a recall of 98.70% and an F'1-score of
98.94%. Dirt-road segments display moderately lower, though still robust,
generalization. XGBoost attains a recall of 89.55%, correctly classifying 2219
out of 2478 dirt windows. Cobblestone represents the most challenging class
for all models. XGBoost reaches an F'1-score of 86.53% and a recall of 88.50%,
correctly identifying 1554 out of 1756 cobblestone windows. The confusion
matrix shows that most errors involve confusion with dirt, a phenomenon also
noted in prior studies [4, 9].

4.2.3. Robustness across vehicles and scenarios. Table 11 presents
the performance metrics under Leave-One-Vehicle-Out (LOVO) and
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Leave-One-Scenario-Out (LOSO) CV protocols. These evaluations examine
the model sensitivity to variations in vehicles and environmental conditions.
Under the LOVO protocol, the model achieves an average accuracy of 89.63%
and a macro F'1-score of 87.18%. The accuracy drop observed for the Fiat
Palio (82.49%) indicates that differences in vehicle mechanical responses can
influence the recorded vibration data. For the LOSO protocol, the average
accuracy and macro F'1-score are 89.26% and 86.19%, respectively. Scenario 3
represents the most challenging subset with an accuracy of 86.24%, reflecting
the influence of varying road profiles or driving environments. The fluctuations
in performance across different scenarios and vehicles suggest that domain
shifts affect the stability of the classification.

Table 11. Model robustness under LOVO and LOSO CV on the PVS dataset

Training Testing Accuracy (%) Macro F1-score (%)
Leave-One-Vehicle-Out CV
Volkswagen Saveiro, Fiat Bravo Fiat Palio 82.49 77.06
Volkswagen Saveiro, Fiat Palio Fiat Bravo 93.06 92.35
Fiat Bravo, Fiat Palio Volkswagen Saveiro 93.33 92.12
Average 89.63 87.18
Leave-One-Scenario-Out CV
Scenario 1, 2 Scenario 3 86.24 83.23
Scenario 1, 3 Scenario 2 93.39 90.76
Scenario 2, 3 Scenario 1 88.15 84.58
Average 89.26 86.19

In the PVS dataset, Leave-One-Vehicle-Out CV is equivalent to Leave-One-Driver-Out CV.

4.3. Model interpretability and ablation study.

4.3.1. Feature importance and speed sensitivity. The interpretability
of the optimized XGBoost model (Fig. 7) is evaluated using SHAP (SHapley
Additive exPlanations) values to quantify the contribution of each feature to the
classification outcomes. For the asphalt class, low values of IQR_Acc_Y and
higher Mean_Speed are the most influential indicators. For cobblestone roads,
high values of SD_Acc_Y and lower Mean_Speed are significant predictors. In
contrast, the classification of dirt roads relies heavily on IQR_Acc_Y and low
values of HM_Acc_Y. These results show that the feature-engineering pipeline
effectively captures the physical differences in road-vehicle interactions.

The impact of vehicle speed on model predictions is illustrated in the
SHAP dependence plots (Fig. 8). For dirt roads, the model maintains higher
confidence over a broader range, up to 40 km/h. Regarding cobblestone roads,
the positive contribution is highest at very low speeds (below 25 km/h) and
drops significantly as velocity increases. Beyond this threshold, the fluctuating
SHAP values suggest that vibration signatures of cobblestone roads can overlap
with those of dirt surfaces. Conversely, the asphalt class shows a clear positive
correlation with speed. Beyond 50 km/h, the average speed becomes a major
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factor for identification, as the surface smoothness allows for higher travel
velocities. Therefore, the inclusion of the speed feature provides useful
information for surface classification under different driving conditions.

Feature importance analysis: Dirt road Feature importance analysis: Cobblestone road Feature importance analysis: Asphalt road
High
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Fig. 7. Feature importance analysis of the XGBoost model using SHAP values
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Fig. 8. SHAP dependence plot illustrating the sensitivity of model predictions to
vehicle speed variations

4.3.2. Analysis of sensor fusion, feature selection, and window size.
The contribution of different system components is evaluated through an
ablation study covering sensor configurations, feature sets, and window sizes
(Table 12). Dual-sensor fusion (AS, BS) provides the highest accuracy, as
single-placement or single-sensor configurations lead to performance drops
between 1.83% and 4.24%. Regarding the feature set, removing specific
metrics such as range or ACF results in a marginal accuracy increase but
leads to wider 95% Cls, suggesting that the proposed 13-feature combination
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offers better stability. This feature set also significantly outperforms the
combinations proposed in prior studies [4, 20, 25], which show accuracy
reductions ranging from 2.54% to 3.32%. Furthermore, excluding the speed
feature decreases accuracy by 1.14%. Analysis of window sizes shows that
classification performance improves as the duration increases from 1 s to 6 s.
Smaller windows fail to capture sufficient vibrational context, while larger
windows introduce redundant information and increase identification latency.
Therefore, the proposed configuration is effective for real-time RSC, providing
a suitable balance between accuracy and operational efficiency.

Table 12. Ablation study investigating the impact of sensor fusion, feature selection,
and window sizes on classification accuracy

Ablation category Configuration variant Accuracy (%) | A (%) 95% CI
Proposed f:lsn dﬁiﬂ%g;j’ﬁt‘:ﬁg second 9321 ; [92.80 - 93.61]
Accelerometer only 91.38 -1.83 [90.71 - 92.05]
1. Sensor fusion Gyroscope only 88.97 -4.24 [86.65 - 91.29]
) Single placement (AS only) 90.29 -2.92 [89.53 - 91.04]
Single placement (BS only) 90.90 -2.31 [85.91 - 95.89]
Remove mean 92.43 -0.78 [89.71 - 95.16]
Remove SD 93.17 -0.04 [92.38 - 93.96]
Remove RMS 92.86 -0.35 [92.05 - 93.68]
Remove max 92.82 -0.39 [92.40 - 93.24]
Remove min 92.94 -0.27 [92.44 - 93.45]
Remove range 93.25 +0.04 [92.18 - 94.31]
Remove median 92.99 -0.22 [91.41 - 94.57]
Remove IQR 92.62 -0.59 [92.06 - 93.18]
Remove skewness 92.95 -0.26 [91.89 - 94.02]
Remove kurtosis 92.72 -0.49 [90.37 - 95.07]
2. Feature set Remove HM 93.17 -0.04 [91.45 - 94.89]
. ) Remove HC 92.59 -0.62 [91.32 - 93.86]
Remove ACF 93.23 +0.02 | [92.08 - 94.37]
Without speed feature 92.07 -1.14 [90.83 - 93.30]
In paper [4] proposed mean, SD, 89.89 332 | [87.72-92.06]
variance
[20] proposed mean, 5D, max, 90.67 254 | [88.27-93.06]
min, range, variance, median
In paper [25] proposed mean,
RMS, SD, variance, median, range 90.24 297 | [87.52-92.97)
1-second (0% overlap) 87.47 -5.74 [80.91 - 94.03]
2-second (0% overlap) 89.96 -3.25 [86.42 - 93.49]
3. Window size 3-second (0% overlap) 90.17 -3.04 [85.25 - 95.09]
4-second (50% overlap) 91.51 -1.70 [88.25 - 94.78]
5-second (50% overlap) 92.17 -1.04 [89.65 - 94.69]

A represents the change in accuracy when the model varies parameters.

4.3.3. Cross-dataset transferability. To examine transferability, the
model optimized on the private dataset was applied directly to the PVS dataset
without any re-training, hyperparameter adjustment, or experiment-specific
modifications. The transferred model attains 92.45% =+ 0.44%, representing a
reduction of only 0.76% relative to the PVS-tuned configuration. This limited
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degradation, despite the substantial domain shift between datasets, indicates
the stability of the proposed 6-second windowing, 13 handcrafted features, and
constrained hyperparameter search.

Table 13 compares the performance of the proposed pipeline with
existing studies using the PVS dataset. While architectures such as
1D-CNN [24] and Transformers [23] report accuracies exceeding 97%, these
results are obtained through 80/20 or k-fold splits, which often do not isolate
contextual dependencies [4]. Moreover, the heavy memory footprint and
floating-point operations of these models often exceed the hardware limits
of low-power MCUs [21]. In contrast, under the 3-scenario protocol, the
memory-constrained XGBoost model achieves 93.21%, which is competitive
with the 93.17% CNN baseline [4]. The performance is also comparable to
modern lightweight architectures such as SepRNet-1D (94.69%) [9], which
was evaluated under the same protocol but requires significantly higher
computational resources.

Table 13. Comparison of RSC methods on the PVS dataset

Sensor . . Evaluation Accuracy
Study Method location(s) Windowing protocol (%)
XGBoost + 4 IMUs 6 d 3 .
Proposed HPO for model (AS+BS, 50 ;econ 1?’ - —sce?ztirlo 93.21
size-constrained both sides) o overlap SPU
24] [D-CNN e . -
(VGG-based) Not specified Not specified 80/20 split 99.3
. 97.0 (F1),
23] Transformer Not specified Not specified 89/ 20 split + 80.41
test on PVS 9 (PVS 9)
XGBoost + 3 IMUs (DB, 5 d
HFW feature left wheel, seconds, 70/30 split 94.2
[20] . . 0% overlap
selection right wheel)
[9] 2 IMUs (DB, 3 seconds, 3-scenario
SepRNet-1D both sides) 0% overlap split 94.69
CNN-LSTM 2 IMUs (DB, 3 seconds, 66/34 split
[8] (FFT + Stacked both sid 0% 1 Exp. 3 onl 94.78
DWT) oth sides) o overlap (Exp. 3 only)
2IMUs > second
[6] ResBiGRU-SE | (AS+BS, left or seconds, 5-fold CV 98.41
. . 50% overlap
right side only)
2 IMUs ) ds
(5] SE-ResNet (AS+BS, left or secondas, 5-fold CV 98.41
L 50% overlap
right side only)
M\;negazzo Aand 2 IMUs (BS, 3 seconds, 3-scenario 93.17
angenheim CNN X R .
021) [4] both sides) 0% overlap split (Baseline)

The performance gap between the proposed method and modern DL
architectures must be interpreted within the context of deployment hardware.
While SepRNet-1D [9] was evaluated on a desktop CPU with 13 GB RAM, the
current pipeline targets MCU-class hardware. Reliance on high-performance
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computing platforms for model inference introduces significant financial and
energy burdens [22]. A Cortex-M4 class MCU costs approximately 5-10 USD
and can operate on low-power sources, enabling affordable and sustainable
artificial intelligence inference [22]. In this context, achieving 93.21%
accuracy on the PVS dataset — and 92.45% without any re-tuning — indicates
that memory-efficient classical models remain a practical and competitive
alternative to lightweight neural architectures.

4.4. Evaluation of GPS interpolation and pothole detection. The
spatial accuracy of the proposed framework is evaluated by comparing detected
coordinates against a static ground truth. This reference was established by
recording GPS coordinates while remaining stationary at each pothole location
to obtain a stable position. During test runs at average speeds of 20, 30, and
50 km/h, the localization error is measured as the geodesic distance between
this static ground truth and two distinct points: (i) the raw GPS coordinates and
(ii) the nearest interpolated coordinates assigned at the moment of impact. This
procedure provides a quantitative measure of how closely the reconstructed
trajectory aligns with the physical pothole position compared to raw satellite
logs.

Table 14 summarizes the error metrics, including the mean error and
root-mean-square error (RMSE). At 20 km/h, the raw GPS exhibits a mean
error of 5.571 m, which is reduced to 1.835 m through interpolation. This
improvement becomes more substantial as the vehicle speed increases and the
raw GPS resolution gap widens. Specifically, the mean error decreases from
8.656 m to 2.833 m at 30 km/h, and from 11.893 m to 3.563 m at 50 km/h.
Across all evaluated speeds, the proposed method significantly lowers the
RMSE, notably decreasing from 11.911 m to 3.571 m at the 50 km/h threshold.
These results indicate that the proposed interpolation method reduces the spatial
gaps inherent in low-frequency updates, thereby improving the coordinate
estimation as travel velocities increase.

Table 14. Comparison of pothole localization errors between raw GPS and the
proposed velocity-aided interpolation across various average speeds

Average speed 20 km/h 30 km/h 50 km/h
Indexes Normal  Proposed | Normal Proposed | Normal Proposed
Min 4.849 1.474 7.841 2.209 11.014 3.278
Max 5.856 2.222 9.924 3.884 13.074 4.090
Mean 5.571 1.835 8.656 2.833 11.893 3.563
SD 0.299 0.220 0.779 0.572 0.679 0.233
RMSE 5.578 1.847 8.687 2.884 11.911 3.571

Normal: without interpolation; Proposed: interpolation method was applied
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4.5. Inference latency and power consumption. The suitability of
the optimized XGBoost model for resource-constrained hardware is validated
through a computational complexity analysis on the ESP32 MCU (80 MHz).
During operation, the system acquires 4200 samples within a 6-second
window from seven sensor channels at a sampling frequency of 100 Hz. The
exported C++ header file, occupying 975 kB of Flash memory, contains
126 decision trees with a maximum depth of 6. Analytical profiling of
the 22951 instruction lines shows that the execution of a single prediction
requires 16632 clock cycles, resulting in an inference latency of approximately
0.208 ms. This latency represents a significant reduction compared to the
2.64 ms and 3.47 ms reported for the SepRNet-1D and SepSERNet-1D
architectures, respectively [9]. Furthermore, the end-to-end processing pipeline,
encompassing feature extraction and model inference, incurs a total latency of
25.61 ms. This performance is significantly superior to the total processing
time of 110.08 ms reported for the smartphone-based Asfault system [29].
Given the 3-second interval between recognition instances, the total processing
time accounts for less than 1% of the available duty cycle, allowing for real-time
operation while maintaining significant overhead for tasks such as GPS logging
and data transmission.

Power consumption is evaluated based on the operational states of the
hardware. The device maintains an idle power of 37-92.5 mW (10-25 mA),
which increases to 314.5-388.5 mW (85-105 mA) during data acquisition
from the sensors and GPS module. The inference phase requires 407-481 mW
(110-130 mA), while LTE data transmission involves peaks between 666 and
814 mW (180-220 mA). Based on an average operating power of approximately
462.5 mW, the 2000 mAh battery provides about 13.6 hours of autonomous
operation. This duration is sufficient to maintain system functionality during
electrical instabilities until the vehicle power system is addressed. This
performance is noteworthy when compared to smartphone-based applications,
where the Asfault system demonstrated a battery drain of 13% per hour on a
larger 2900 mAh battery, resulting in approximately 7.7 hours of operation [29].

The scalability of the proposed system for large-scale urban
environments is supported by the efficiency of the edge-computing pipeline.
By performing feature extraction and classification directly on the MCU,
only high-level metadata — such as road surface types and coordinates — are
transmitted to the central server. This significantly reduces network bandwidth
requirements and server-side computational load, even in high-traffic scenarios
with numerous active nodes. Furthermore, the low unit cost of the sensor
node enables the deployment of extensive crowdsourcing fleets. While the
current framework is validated on vehicles, there is significant potential for
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extrapolation into multi-agent systems involving swarms of wheeled ground
robots [30,31]. In such configurations, autonomous agents and conventional
vehicle fleets can collaborate through collective data fusion to refine spatial
maps, ensuring high-resolution monitoring across broad geographical areas.

5. Conclusion. This research developed an IoT-based framework for
RSC using a lightweight feature set and memory-constrained ML. The results
show that optimized classical models achieve performance comparable to DL
architectures while requiring significantly fewer computational resources. This
efficiency allows the system to operate in real-time on low-cost MCU.

The framework also integrates GPS interpolation and pothole detection
algorithms to improve trajectory reconstruction and hazard identification.
Future work will focus on a real-time system to provide road-condition maps
and automated alerts. This system will assist authorities in maintenance
planning and provide road users with timely information to improve travel
safety.

Data usage statement. The complete dataset is available at:
10.21227/x6av-val3. Researchers who wish to access this dataset must cite
this paper in their publications and contact hieu.daoto @phenikaa-uni.edu.vn
for further information.

Source code. HieuSSALAB/Real-TimeRoadSurface
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B.-X. byu, [1.-H. TpAH, T.-X. 1a0, X.-K. UyHI, ®.-B. KMEH, H.-B. TXAHT,
I.-T. TPAH
IDRRS: HTHEPIITMAJIBHOE I0T-YCTPOYICTBO JJIA
KITACCUPUKAIINNA JTOPOZKHOI'O IIOKPBITUA B PE;ZKUME
PEAJIBHOI'O BPEMEHHA U ITIOBBIINIEHUA TOYHOCTU OIIEHKHA
MECTOITIOJIOKEHU A

byii B.-X., Tpan /I.-H., Jao T.-X., Yyne X.K., Kuen @.B., Txanz H.B., Tpan /].-T. IDRRS:
unepunuagbnoe IoT-ycrpoiicTBo qiis1 KiaaccuuKaANUN TOPOKHOrO MOKPHITHSI B PeKUMe
PeaJIbHOro BpeMeHH M MOBBIIIEHHS TOYHOCTH OL[EHKH MeCTOIOJIOKEHHS.

AnHOTanusi. MOHUTOPHHT COCTOSIHUSI JOPOXKHOTO IMOKPBITHS SIBJISIETCS BAXKHOM 3a/1aueii,
HaIpaBJIeHHON Ha TIIOBBIIEHHE OE30IIACHOCTH HOPOXHOTO JBIDKEHUS M ONTHMHU3ALUIO
OOCIIy)XMBaHHSI TPAaHCIOPTHON WHQpPAcTPyKTypsl. B Hacrosimeii pabore paspaborana
uHepumaibHas [o0T-cuctema, npeHa3HaueHHAs IS KJIaCCU(PUKALIMY THIIOB JIOPOKHOTO HOKPBITHS
B PEXHME PEaJbHOr0 BpeMeHH, OOHApYXEHHs BHIOOMH M TOBBIIICHHsS TOYHOCTH OLICHKH
MECTOIOJNIOKEHHUS TPAHCIOPTHOTO cpejcTBa. [IpeiokeHHas cuctemMa BKoyaeT Moziesib X GBoost,
a/IaNTHPOBAHHYIO [JIs pa3BepTHIBAHKSI HA MUKPOKOHTPOJUIEPAX C OrPaHUYEHHBIM 00bEMOM IaMSITH,
anroput™ uHtepnonsimu GPS ¢ ucrnonb3oBaHUeM JJaHHBIX O CKOPOCTHU JBUKEHHUS, & TAKIKE METON
0OHapy>KeHHsI BHIOOWH Ha OCHOBE MHJEKCA aHOMAJINiA. DKCIIepUMeHTalIbHAsI OLIeHKa IIPOBe/IeHa Ha
COOCTBEHHOM Ha0Ope JAAHHBIX U OOIIEAOCTYITHOM Habope maHHbiX PVS. [JoCTUrHYTast TOYHOCTH
kinaccudukanuu coctaBuia 95.39% u 93.21% coorBeTcTBeHHO. [J151 aHaM3a IEPEHOCUMOCTH
Mozesb, 00y4YeHHasi Ha COOCTBEHHOM HaOope NaHHBIX, OblIa MpUMeHeHa K Habopy PVS 6e3
JOTOJIHUTENILHOTO 00y4YeHHst ¥ oOecreuria TOUHOCTb 92.45%, 9To MOATBEPKIAET YyCTOMIMBOCTh
TPeJIUIOKEHHOTO M0/1X0/Ja K CMEHE UCTOYHHUKA JaHHBIX. [IpMeHeHue 1poLeiypbl MHHTEPHOJIALNI
GPS 103BOJUIIO CHU3UTD CPEHION OMMOKY Jokamu3auuu ¢ 5.571-11.893 m o 1.835-3.563 m npu
CKOPOCTSIX JIBHKEHHSI TPAHCIIOPTHOTO cpefcTBa oT 20 10 50 km/4. JIoNOIHUTEILHEIM BKJIAJI0M
paboThL SIBISIETCS My OIMKALHST COOCTBEHHOTO Ha0Opa JaHHbBIX, COAEPKAIIEro BUOPAIIMOHHBIE
CHTHATYPHI THIIOBBIX JOPOXHBIX TOKPBITHIA, YTO CIOCOOCTBYET AaJIbHEHIIeMy Pa3BUTHIO METOZIOB
MHTEJUIEKTYaIbHON KJIaCCU(PUKALMU JOPOKHOTO MOKPBITHS.

KuroueBble cj10Ba: MHEPIMATIbHBIIA TATYMK, PEXKUM PEaTbHOTO BPEMEHH, MUKPOKOHTPOJLIED,
MalllHHOE 00y4YeHHe, NHTEPHET Belleil.
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P.C. PorvJiuH
NBYXAIIEJIOHHAS MOJEJb TPAHCIIOPTHON CUCTEMBI
" MYPABBUHBIN AJITOPUTM: AHAJIN3
MACIHITABUPYEMOCTH BBIYUCJIUTEJIbHBIX PEIHNEHUNA

Poeynun  P.C. ]IByXdlied0HHAsi MOJAeTb TPAHCIOPTHOW CHCTeMBI M MYPaBBUHBII
aJITOPHTM: AHAJIM3 MaCIITA0MPyeMOCTH BHIYHC/IHTEIbHBIX PeIeHHUI.

AHHOTanusa. B cratbe paccMaTpuBaeTcs JIBYXSIUIEIOHHAs MOJIEIb TPAHCIIOPTHOM
CHCTEMBI, NpeAHa3HaYeHHAas Ui ONHCAHUS U aHAIN3a PAaCIPeNeNIUTeNbHBIX JOTHCTHISCKUX
IPOLIECCOB C IPOMEXYTOYHBIMHM Xa0aMH M KOHEUHBIMHU HOTpeOuTensiMu. Mojienb y4uThIBaeT
COBMECTHYIO ONTUMHU3ALMIO MapIIPYyTOB MAruCTPaJlbHOTO ypPOBHS M MapIIpyTOB
pacrpeseNieHHss NPY HAIMYHU OTPAaHUYCHUH 10 BMECTUMOCTH TPAHCIOPTHBIX CPEINCTB U
TpeOOBaHUil 0 YJJOBJIETBOPEHUIO cripoca. PaccmarpuBaemas 3aja4a OTHOCHTCS K Kiaccy NP-
TPYIHBIX, YTO CYIIECTBEHHO OTPAHHYMBAET NPUMEHEHHUE TOUHBIX METOJOB ONTHMH3AIMH IIPU
pocTe pa3sMepHOCTH TpaHCTOpTHOro rpada. Jasd pelmeHus TpeUIOKEHHOW —MOzenu
HCTIONB3YETCsI IBYXOIIEIOHHAs MOAU(HUKALHs anropuTMa MypaBbunoit kononuu (2E-ACO), B
KOTOpO# mporecchl (OPMUPOBAHHMS PEIICHHWil [l IIEPBOrO U BTOPOrO  SIIEIOHOB
(opmanu3oBaHBl  pa3/eNbHO, HO COTJIACOBAHBI 4Yepe3 eJWHYI0 IIeJIEBYI0 (yHKIHIO,
BKJIIOYAIOIYI0 TPAHCHOPTHBIC 3arTparthl H ITpadsl 3a HeoOCHyxeHHbI crmpoc. OCHOBHOE
BHHMaHHE B paboTe YAEeNCHO BBIUHCIUTEILHOMY DKCIIEPHMEHTY, HAIPABICHHOMY Ha aHaJIU3
MacIITabUpyeMOCTH U YCTOWYMBOCTH aJTOPHTMa IPH YBEINYCHHH MOIIHOCTH MHOXKECTBa
notpeduTesel, yucia xaboB U CI0XKHOCTU TPAHCIIOPTHOW MH(PACTPYKTYpPhl. DKCIIEPUMEHTHI
IPOBOJATCA B DPEXHME MacIITaOHPyeMbIX DPEcypcoB, YTO IIO3BOJSIET OTIAEIMUTH BIIHSHHE
AITOPUTMUYECKUX pemIeHni 0T 3(¢EeKToB pecypcHbIX oOrpaHudeHui. o1 oumeHKH
BOCIIPOM3BOJUMOCTH  HUCIONB3YIOTCS ~ MHOTOKpaTHBIE  HE3aBHCHMBIE  3ayCKH  C
(UKCUPOBaHHBIMM CHJIAMH TeHepaTopa cCiydaiHbIXx uncen. IlomydeHHBIE pe3yIbTaThl
JIEMOHCTPHPYIOT ~ TPE/ICKa3yeMbIii POCT  BBIYHCIHUTENBHBIX 3aTPaT TMPH  yBEINYCHHUH
Pa3MEpHOCTH MOJIENIM M YCTOWYMBOCTh KayecTBa perieHnii. CpaBHEHHE ¢ HAMEPEHHO MPOCTOI
0a30BOH JKa/IHOI IBPUCTUKOM, UCTIONb3YEMOW B KaUueCTBE HIDKHEH OILIEHKH KayeCTBa PEIeHUH,
nokassiBaet, 4to anroput™ 2E-ACO obecrneunBaeT CONOCTaBUMBIN YPOBEHb 0OCITyKUBaHHS
crpoca Ipu Oojee BBICOKHX BBIYHCIHTEIBHBIX 3aTpPaTax, OOYCIOBICHHBIX HTEPAL[MOHHBIM
xapakTepoM moucka. [IpefacraBneHHBlE pe3ynbTaThl HMOATBEPXKIAIOT  HMPUMEHHMOCTH
NPEITIOKEHHOH ~ MOJENM W alrOpuT™Ma I HCCNEJOBaHWSA  KPYNMHOMACIITaOHBIX
JIBYXDUICTIOHHBIX TPAHCIIOPTHBIX CHCTEM.

KiroueBble cj10Ba: ABYXDIIETOHHAs TPAHCIOPTHAs 3aJada, MYPaBBUHBINA alIrOPHUTM,
METadBPHUCTHKY, MAacCIITaOUPYeMOCTb, BBIYMCIUTENBHBIA OKCIEPUMEHT, JIOTUCTHIECKHE
CHCTEMBI.

1. BBeaenue. CoBpeMeHHEbIE JIOTUCTUYECKUE CUCTEMBI
XapaKTepU3yIOTCSl  BBICOKOM  IPOCTPAHCTBEHHOM  paclpeaeéHHOCTBIO
00BEKTOB, MHOTOYPOBHEBOH CTPYKTypOH TIOTOKOB ¥ CYIIECTBEHHOMH
KOMOWHATOPHOW CIIOKHOCTBIO 3aJad IUITAHUPOBAHUS TEPEBO30OK. B Takmx
YCIOBHSIX ~ OCOOYI0  aKTyaJbHOCTh  HPHUOOPETAIOT  JIBYXDIICIOHHBIC
TPAHCIIOPTHBIE MOJIENH, B KOTOPBIX MPOILECCH MAarUCTPaIbHOM TOCTaBKH OT
JIeTI0 K MPOMEXYTOYHBIM PaclpeaeUTeIbHBIM IyHKTaM H ITOCIIETYIOIIEro
pacripesieneHus IpOAyKIMY K KOHEYHBIM IOTPEOUTENSIM paccMaTpuBarOTCs
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KaKk B3aUMOCBS3aHHBIE, HO CTPYKTYPHO pa3jIMyalollfecs dSTalbl €IUHOH
CUCTEMBI.

@dopmanbHO JBYXdIIEJOHHAs TPAHCHOPTHAs 3ajada Iperoyiaraer
HaJIM4U€ LEHTPAIBHOTO Jemo /), MHOXKECTBA IPOMEXYTOUHBIX XaboB [,
MHOXKeCTBa TOTpeOuTeneil [, W TPAHCHOPTHOW HHQPACTPYKTYpHI,
MIPEACTABISIEMON B BHAE OPHUCHTHUPOBAHHOTO WM HEOPHEHTHPOBAHHOTO
B3BEIICHHOrO rpada, BKIIOYAIOIIEr0 TaKXe TPAaH3UTHBIC BEPIIMHBI .
IlepBBIii SIICTIOH OpPHUEHTHPOBAaH HA IIOCTPOCHHE MAapIIPyTOB MEXKIY
SIIEMEHTaMU MHOXeCTBa Iy U [; W 1O cBOeH CTpyKType ONHM30K K 3aaade
KOMMHBOSDKEpPA WM 3aJa4e MaplIPyTH3allMd TPaHCIIOPTHBIX CPEJCTB.
Bropoii »smienoH cBs3aH ¢ pacmpeie’eHHeM IIOTOKOB OT XaboB [; K
notpedutensiM [, TpW HAIWYMKM OTPAaHWYEHWH TI0 BMECTHMOCTH
TPAHCIIOPTHBIX CPEACTB U 00BEMY crpoca.

BonbmMHCTBO ~ CyIIECTBYIOIIMX ~ IMOAXOAOB K  PEHICHUIO
JBYX3UICIOHHBIX 3a/1ad MapHIPyTU3AI[MHA MOXKHO YCIIOBHO pa3/eNIUTh Ha JIBE
rpynnsl. K mepBoil rpynmne OTHOCSTCS TOYHBIE METOIbI, OCHOBAaHHBIC Ha
JICKOMITO3UIINH, TEHEPAIMd KOJOHOK M TPOIEAypax BETBEH W TpaHHUI
(branch-and-price, branch-price-and-cut). OTH MeTOmB  MO3BOJITIOT
MOJTyYaTh ONTHMAJIbHBIC PELICHHs WM CTPOTHE OLECHKH ONTHMAaJbHOCTH,
OJJHAKO WX BBIYUCIUTENbHAS TPYAOEMKOCTh pE3KO BO3pacTaeT IpH
YBEIMYESHUH MOLITHOCTH MHOXECTB I; U [,, 9TO CyIIECTBCHHO OTPaHUYHBACET
WX TPUMEHUMOCTh IJIs 3a7ad Ooyblioi pasmepHOCTH. BTopas rpymma
NPE/ICTaBJIeHA YBPUCTUYECKUMH U METaIBPUCTUYECKUMH METOAAMH, CpPEIH
KOTOPBIX HauOOJbIIee paclpOCTPaHCHNE IOJIYYMIIM TIOAXONBI ceMeiicTBa
Adaptive Large Neighborhood Search (ALNS), a Taxke ruOpumHbIC
QITOPUTMBI,  OPHEHTHPOBAHHBIE HAa  TIOMCK  BBICOKOKaYE€CTBEHHBIX
NpUONMKEHHBIX PEIICHNI B IPUEMIIEMOE BPEMsL.

OtnenbHBIH Kiacc paboOT TMOCBSMIEH NPUMEHEHHIO MYpaBBHHBIX
anroputMoB (Ant Colony Optimization, ACO) k 3aga4aM MapIIpyTH3aIHH.
MypaBbHHBIE aJTOPUTMBbI 3apEKOMEHIOBaIM ce0s Kak 3((eKTUBHbII
WHCTPYMEHT  pelIeHHs KOMOMHATOPHBIX  ONTUMH3ALUOHHBIX  3aj]ad4
Onarojapsi COYETaHWIO CTOXaCTHYECKOro TIO0AaNbHOTO  IOWCKA |
HaKOIJIGHUsI IBpUCTHUECKOW WH(popMaiuu. Bmecte ¢ TeM OOJIBUIMHCTBO
cymectByromux ACO-MoIX010B OpUEHTUPOBAHBI JINOO HAa KIACCHUYECKHE
OJJHOypOBHEBBIE 3aJa4d MapIIpyTHU3aluy, JIM00 Ha MOCIEAO0BATEIbHYIO
ONTHMHU3AIMIO OTJEIBHBIX DIIEJIOHOB B MHOTOYPOBHEBBIX ITOCTaHOBKaX.
Bompoc comtacoBaHHO# ONTHMHU3allMKM MapLIPYTOB Pas3HbIX SIIEIOHOB B
paMKax €AMHOTO MYpPaBBMHOTO aJITOPUTMA, MCIIOJIB3YIOMEro OOUMid
MEXaHWU3M OLEHKM KayecTBa pEIIeHWH, OcTaércsi HEIO0CTATOYHO
HCCIIEIOBaHHBIM.
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JIONONMHUTENBHYIO  CIOXHOCTb INPEJICTAaBIsSeT YYET peasbHOM
TPAHCIIOPTHOW  HMHQPACTPYKTYphl, B  KOTOPOH MapIIpyThl  MEXIy
3HAQYMMBIMH y3JlaMU ceTu (zeno, XxaObl, MOTPEOUTENH) HPOXOAAT dYepes
CHCTEMY TPaH3UTHBIX BepiiuH [r. Bo MHOTHX paboTax TpaHCHOpTHAs CETh
aNmpOKCUMHPYETCSl TONHBIM rpagoM JIMOO TPAH3UTHHIC BEPIIMHEI
YUHTBIBAIOTCSI HESIBHO 4Yepe3 3apaHee BBIUUCIEHHBIE pPacCTOSAHUA. Takoe
JOIMYIIEHHE YMPOINAET BBIUUCIEHHS, HO CHHMYXKAET aJE€KBAaTHOCTb MOJIEIHU
JUISL aHAJIN3a CI0’KHBIX MPOCTPAHCTBEHHO PACIPENENEHHBIX JOTHCTUYECKHX
CHUCTEM.

B nmamHO# pabore mpemnmaraeTcst JABYXOJIIENOHHAS TPAaHCHOPTHAs
MO/JIeIb, B KOTOPOH CTPYKTypa TPAHCHOPTHOW CETU SIBHO NPEACTABISAETCA B
Bujie rpada ¢ TPaH3UTHBIMH BEpIIMHAMH, a TaKke MOAW(UINPOBAHHBIHA
MypaBbuHblii  anroput™m (2E-ACO), obecneunBaronuii CcOIIaCOBaHHYIO
ONTUMU3AIMIO MapLIPyTOB MEPBOrO M BTOPOTO SIIETIOHOB. B ommmume ot
MOCNIEIOBATENIBHBIX M JIEKOMIIO3HMIMOHHBIX IIOXOJOB, IpelaraeMblit
QNTOPUTM  HCHONB3yeT EIWHBIH KpUTepUil KauecTBa pelIeHHd U
HHTETpUpyeT TpadoBbIE METOABI BBIUMCICHUS KpaT4aliuX myTeH cC
9BPUCTUYECKUM MTOMCKOM B ITPOCTPAHCTBE KOMOMHATOPHBIX MapIIPYTOB.

OcHoBHOW  BkJIax  paboOTBl  3aKimrodaeTcs B pa3pabOTKe
AITOPUTMHUYECKOTO MOAXOAA K PELICHUIO JBYXSLIEIOHHOW TPaHCHOPTHOMN
3a7a4n Ha rpadax ¢ TPaH3UTHBIMH BEPIIMHAMH, a TAKXKE B IPOBEICHUH
CHUCTEMATHYECKOTO BBIYHCIUTENBHOTO HKCIEPHUMEHTa, HAIPaBICHHOIO Ha
aHaMM3  MAacIITadUpyeMOCTH, YCTOMYMBOCTH U BBIYUCIUTENHHON
3 (PEeKTUBHOCTH MNPEIIOKEHHOTO QJITOPUTMa TP POCTE MOIIHOCTH
MHOXeCTB Iy, I, u I;. Pe3ynprarbl 5KCEPUMEHTOB IMO3BOJISIIOT OLEHUTH
MPUMEHUMOCTb METOJa JJIsl 3a/1a4 OOJIbIION Pa3MEPHOCTH M COIIOCTAaBUTH
€ro MOBEJIeHNE ¢ 0a30BBIMH IBPUCTHYECKUMH MOXOAAMH.

2. opmyaupoBKa 3agauM. PaccmarpuBaeTcs AByXd3LIEJIOHHAas
TPAHCIIOPTHAS 3a/ladya Ha B3BEIICHHOM TIpade, OIHMCHIBAIOIIEM CTPYKTYpY
JIOTUCTUYECKOM CETH C TPaH3UTHBIMHM BepIIMHAMHU. TpaHCHOpPTHas CEThb
TIPE/ICTaBISIETCS B BUJIE Ipada

G=(V,E),
IJIe MHOXKECTBO BEPILIUH UMEET BT
V=IhbulLUl Ul
3neck [, — meHTpalbHOE Aemo, I; — MHOXXECTBO MPOMEXYTOYHBIX

pacrpenenuTeNnsHBIX IMyHKTOB (XaboB), [, — MHOXECTBO KOHEYHBIX
norpeduteneld, Iy — MHOXXECTBO TPAaH3UTHBIX BEPLIMH, HE SBISIOLIMXCS
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HCTOYHMKAMU WIM moTpedutensmu motokoB. Kaxmont ayre (i,j) € E
COTOCTABJIEH HEOTPULIATENBHBIH BEC C;;, XapaKTEPU3YIOIUK 3aTPaThl UIH
paccTosHUE NepPEeMEIIEeHUS MEXy BepIIUHAMMU [ U j.

TpaHCnOpTHBIN IpoLEecC OpraHU30BaH B JABa 3iueioHa. llepBblil
SILIENIOH COOTBETCTBYET JOCTaBKe Ipy30B OT nemno [, k xabam [, BTopoi
SIICNIOH — PACHpPEICICHUI0 TPy30B OT xaboB [; k morpebutensm I,.
[lepemerienne Mexay 3neMEHTaMU MHOXECTB Iy, I; U I, ocyliecTBisercs
o myTaM B rpade G, KOTOpbIE MOTYT IPOXOAWTH 4YEpe3 TPaH3UTHBIC
BEpILIMHEI 7.

2.1. IlepemeHHble W orpaHuveHusi. Jl1s TepBOro 3IIENIOHA
TpeOyeTcst OmpeneNuTh MapmpyT (WIH COBOKYITHOCTH MapIIpyTOB),
HaUYMHAIOLIUIC U 3aKaHYMBAIOIIMICA B JETO [, W MPOXONAIUI Yepe3 Bce
BEepIIMHBI MHOXecTBa [;. JIaHHBIM MapmipyT ompenenseT MOPsIOK
oOcmyxnBaHus XaboB W, B 0OmeEM ciydae, O3KBHBAJCHTCH 3ajade
MapuipyTU3alMd ~ WIM ~ 3ajJa4e  KOMMHBOsDkEpa  Ha  moxrpade,
MHIYLMPOBaHHOM BepliMHaMu Iy U I;.

Jnst BTOpoTo 31IenoHa Iyt Kaxoro xaba § € I; ¢opmupyercst Habop
MapIIpyTOB JOCTaBKH K MOTPEOUTEIsIM j € [,, 3aKpeIUIEHHBIM 33 TaHHBIM
xaboM. Kaxs1it MapmipyT BTOpOro 3II€IOHA HAYMHACTCS U 3aKaHYNBAETCS
B COOTBETCTBYIOIIEM Xabe M OOCIy>KMBAaeTCsI TPAHCHOPTHBIM CPEINCTBOM C
orpaHudeHHON BMectuMmocThio Q. Cnpoc kaxmoro morpedurens j € I,
3ana€rcs BenuduHOM d; = 0 M JJo/keH ObITh MOJHOCTBIO JIMOO 4aCTUYHO
YAOBJIETBOPEH B paMKax JOCTYITHBIX PECYPCOB BTOPOTO 3IIETIOHA.

JUis  MapuIpyToB BTOPOTO OJINIENOHA BBINOJMHSIOTCA CIIEAYIOIINE
OTpPaHUYEHUS:

—  CyMMapHbIH 00CITy>KHBaeMBIil CIIpOC Ha Ka)IOM MapIIpyTe He
MIPEBBIMIAET BMECTUMOCTH TPAHCIIOPTHOTO CpeAcTBa @

—  KaXIpIi MOTpeOHuTeNIb MOXKET 00CITyKHBAThCsl HE OoJee 0JHOTO
pasa;

—  MapuIpyThl CTPOSITCA 11O JIOMYCTHUMBIM IyTsM B rpade G.

2.2. HeseBass ¢yukuusa. KadecTBo pemieHuss JBYX3IIEIOHHOM
TPaAHCIOPTHO 3a/1audl OLIEHUBAETCS C MCIIOJIB30BAaHHUEM EIMHOTO IEJIEBOTO
($yHKIIMOHANA

F=F+F+E,
rae:
—  F, — cymMmapHBble 3aTparbl Ha MapUIpyThl NEpPBOTO OSIIEJOHA,
BKJTIOYAIONIHE TIepeMeIeHUsT MexX Ty neno I, u xabamu [ ;
— F, — cymMmapHbIe 3aTparbl Ha MapuIpyThl BTOPOTO 3IIEJIOHA
MeXay xabamu I; ¥ morpeduTensivMu I,;
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E, - mrpadHas COCTAaBIISIIOIIAS, oTpaxarorast
HEYIOBJIETBOPEHHBIHN CIIPOC MOTpeduTesel 1100 HapyIIeHNs] OrpaHUYCHHH.

Kommnonents! F; u F, BBIYUCIAIOTCS HA OCHOBE KpaTdaliux myTeil B
rpage G MexXIy COOTBETCTBYIOUIMMH BEpLUIMHAMH, YTO IO3BOJIIET SIBHO
YUHUTBIBaTh CTPYKTYpy TPAaHCIOPTHOW WH(QPACTPYKTYpHl ¥ HaIA9IHE
TPAH3UTHBIX BEPIIUH [7.

2.3. Kinacce caoxknocTH 3aaadn. PaccMaTpuBaeMast AByXdILEIOHHAS
TpaHCHOPTHAs 3a7ja4a OTHOCHUTCA K Kiaccy NP-TpyaHBIX 3aaad, HOCKOJBKY
BKJIIOYaeT B ce0s B Ka4eCTBE YACTHBIX CIy4aeB 3a]ady KOMMHBOSKEpA U
3aady MaplIpyTH3alUM TPAHCIOPTHBIX CPEACTB C OrPAHUYCHUSIMH TI0
BMecTUMOCTH. Hamnmuue IByX B3aUMOCBS3aHHBIX OJIICIOHOB U SIBHOE
MpeICTaBICHAE TPAHCIIOPTHOH ceTH B BHAe rpada C TPAH3UTHBIMHU
BEpIIMHAMU JIOTIOJIHUTEIILHO YBEIMYUBAIOT pa3MepHOCTh u
KOMOHMHATOPHYIO CIIOKHOCTB 3aa9H.

B cBs3u ¢ 3TUM NpUMEHEHHE TOYHBIX METOAOB ONTHUMM3ALMM IS
3a1a4 OonpIIoi pa3MepHOCTH CYILIECTBEHHO OTpaHUYEHO
BEIYMCITUTENIFHBIMU ~ 3aTpaTaMH, YTO OOOCHOBEIBAET  HCIIOJIH30BAHUE
IBPUCTHUECKUX U METAIBPUCTUUECKUX aJITOPUTMOB, OPUEHTHPOBAHHBIX Ha
ITOUCK BBICOKOKAUECTBEHHBIX MPHONMKEHHBIX PEIICHHH B pa3yMHOE BpeMs.

3. O630p auTEpPATYpPHI

3.1. /IByx311e/10HHBIE Mojaean TPAHCHOPTHBIX cUCTEM:
NMOCTAHOBKH M BapHaHThl OrpaHMYeHHi. JIByXdIIEIOHHBIE MOIEIU
pactipezeneHuss  (GOPMATU3YIOT TPAHCIOPTHYIO CHUCTEMY, B KOTOpOW
NepeMEILIEHUEe TPY30B OCYIIECTBISIETCS Ha JABYX B3aUMOCBS3aHHBIX
YPOBHSX: MAarucTpaibHOM (TIEPBBIA OIIENOH) ¥ paCIpeNeIUTEIEHOM
(Bropoii »smienoH). TWIMYHAsS WHTEPIPETAUs COOTBETCTBYET CXeMaM
TOPOACKOM JIOTUCTUKM W JOCTaBKM IIOCIEAHEW MUWJM, TIJe Tpy3bl
KOHCONMIUPYIOTCS Ha TPOMEXKYTOYHBIX OOBEKTax (xabaX, careiuIuTax),
IOCIIE YEero OCTaBJLIIOTCA KOHEUHBIM moTpedurensMm. Cucremarusanus
uccnenoBanuii mo 2E-VRP npexncraBnena B o630pHOi paborte [1], rme
Npe/IIoKeHa KJacCUUKAlMs TOCTAHOBOK MO CTPYKType CETH, THIaM
MIPOMEKYTOYHBIX OOBEKTOB, BApHAHTAM CHHXPOHM3AIMH DJIIEIOHOB U
HabOpy OMEpaAIMOHHBIX OTPaHIYEHUH.

B pamkxax 2E-VRP BBIOEnsOTCS IMOCTAaHOBKM C BPEMEHHBIMHU
OKHAMHU U MEXDJIIEJIOHHON CUHXPOHHU3alKEH, YTO MPUBOAUT K MOSBIECHUIO
JIOTIOJIHUTENbHBIX OTPAaHUYEHUN Ha pAaclUCaHUs U YCIOXKHSIET CTPYKTYpY
nomyctuMmoctu pemeHuit [2]. CoBpeMeHHbIe pacliupeHus: Bkitodaor 2E-
VRP ¢ omHOBpemeHHBIMH 3abopamu, OOCTaBKaMu W JAemiaiiHamu [3],
MOJEIU C TPOMEKYTOUYHBIMH OOBEKTAMH PAa3JIMYHOTO HA3HAYCHHS U
MIPUBJIEYCHUEM HEPETYJSPHBIX BoAUTeNeH [4], a Takxke 3a1a4u Uil ONTOBBIX
PBIHKOB CEIbCKOXO3IHCTBEHHOW TPOMYKIIMK ¢ OaJaHCHPOBKOW HArpy3KH
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[5]. HenmaBuss pabora [6] paccMmaTpuBaeT ABYXSIICIOHHYIO 3a3jady C
CHUHXpOHM3alMel Ui MHTEIPUPOBAHHOM BOJHO-HA3€MHOM TpaHCIOPTHOM
CHUCTEMBI, 4YTO  JEMOHCTPUPYET  pacUIMpeHHe  METOJOJOTMM  Ha
MYJIBTUMO/IANIbHBIE CETH.

KiroueBast 0COOEHHOCTh JBYXAIIETOHHBIX ITOCTAaHOBOK COCTOUT B
KOMOMHATOPHON CBA3M MEXAY OJIICTOHAMH: PELICHUS IIEPBOTO YPOBHS
(o0xon xaboB, pacrperelieHHe IOTOKOB) OMPEHCISIOT OITyCTUMOCTh H
CTOMMOCTH peIICHNI BTOPOro ypoBHs. IlosToMy onTumusanust BenETcs 1o
HMHTETPATIBHOMY KPHTEPHIO, arperupyromeMy BKJIaJ OOOMX 3IIEIOHOB H
mrpadsl 3a HEBBIIIOJHEHUE OTrpaHudeHmi [1].

3.2. Marematnveckue (GOpMYyJITHPOBKH H TO4YHbIe MeToabl. [y
JBYXOIIEJIOHHBIX  3aJad  XapaKTepHO  MCIOJb30BAaHHE  CMEIIAHHO-
LIEJI04YHUCICHHBIX (bopMyIupoBoOK (MILP), BKJIFOYAIOLINX
MapUIpyTHU3aIllMOHHBIC TepeMEHHBIE Ha JBYyX YPOBHAX, OTPaHUYEHUS
0ajyaHca MOTOKOB U CBSI3YIOIME OrPaHUYECHHUS COIIACOBAHHOCTH JIIEIOHOB.
Ba3oBele Maremarmueckue Monend u  MardBpuctuku g 2E-CVRP
mpejcTaBicHsl B (yHIameHTanbHOW pabore [7], koTopas octaéres
METOJIOJIOTHYECKH 3HAYMMOM KaK HMCTOYHHK CTPYKTYp OTpaHHYCHUH U
MIPUHIXIIOB IEKOMITO3HIIUH.

Jnst TOCTAaHOBOK C BPEMEHHBIMH OKHAMH U CHHXPOHH3aIUCH
MPUMEHSIOTCS TO4YHBIE cxeMbl branch-price-and-cut (BPC), B koTopbix
MapIIpyThl BTOPOTO SIIEJOHA MOPOXIAIOTCSA B 3aj1ade [EHOOOpa3oBaHUS
(ESPPRC/RCSP), a miobanpHas ONTHMAaJbHOCTh IOCTHracTcs 3a CuéT
BeTBIEeHUS W oTceueHus [2]. Takue MeToabl 00ecednBalOT ONTUMAJIbHBIE
pemeHus Uil MHCTAHCOB YMEPEHHOH pa3sMEepHOCTH, HO IEMOHCTPHPYIOT
TUIIUYHOE OTpaHWYCHHE: PEe3KUH POCT BBIYUCIUTEIHHON CIIOKHOCTH MHpHU
YBEJIMUEHUH YHCIa OTpeOUTENeH 1 MPOMEXYyTOUHBIX 0OBEKTOB.

CoBpeMEeHHOE pa3BUTHE TOUHBIX METOAOB BKIIOYAET JIEKOMIIO3HUIIUI
Bennmepca anst 3amad NpOM3BOACTBA M PACIpEAENCHHs B YCIOBHSAX
HeomnpeaenéHHocTH [8, 9], a Takxke HmoaxoAbl K yYETY PUCK-KOMIOHEHT U
MIOCTPOEHUIO YCTOMYMBBIX PELIEHUH MpU BapUaTUBHOCTH napamerpos [10,
11]. Pabora [12] mpemnaraer IBYXCTaAWHHYIO POOACTHYIO ONTHMHU3AIIUIO
JUIL  TIPOCKTUPOBAaHMSA  JIOTHCTHYECKMX CeTell C  HCIIOIb30BaHHUEM
9BOIOLMOHHBIX BEIYUCICHUH.

3.3. MeTa3BpUCTHKH M MATIBPUCTHKHM UISI MapLIpPyTH3alUU.
IlockonbKy IBYX3ILUENOHHBIE IIOCTAHOBKM OTHOCATCA K NP-TpynHbIM
3amadaM M copepikar aneMeHTsl TSP-mom3anad (mepsslit smenon) u VRP-
MOA3aa4 C PECYpPCHBIMH OTPAHWYCHUSAMH (BTOPOW 3IIETOH), MPAaKTHKO-
OpHEHTHPOBAaHHBIE pEMICHUS CTPOSATCI Ha 0aze METa’dBpPUCTHK U
mar3Bpuctuk [13]. JlomuHMpYyIOmee MOJIOKEHHE 3aHMMAET CEMEHCTBO
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anroputmoB  Adaptive Large Neighborhood Search (ALNS), ycnemno
npumensieMbix k 2E-VRP u ero pacmupenusm [14 — 17].

ALNS o6ecneunBaer miaropMmy I8 HOCTPOCHUS THOPHUIHBIX
pemareneil 3a cyér Habopa ONEPaTOPOB pPa3pyLICHUSI-BOCCTAHOBICHHS U
aJanTUBHOIO BEIOOpa omeparopoB. Cucremarmyeckuid o00630p ALNS-
oneparopoB w1t VRP mpencrasien B pabore [18], xotopas 3amaér pamky
JUIL CPaBHEHUsI C albTCPHATHBHBIMH METa’3BPHCTHKAMHU M IIO3BOJISET
KOPPEKTHO MTO3UIIMOHUPOBATH ACO-nionxon OTHOCHTEIILHO
JOMHUHHPYIOMHX B mpakTuke ALNS-pemaTemnei.

PaGora [19] mnpemmaraer wmarIBpuctuky mui1  2E-VRP ¢
MHOTOKPAaTHBIMH peiicaMy, CMEIIaHHBIM CIIPOCOM M BPEMEHHBIMH OKHaMH,
HMHTETPUPYIOLLYIO TOYHYIO (OPMYIUPOBKY AJIsl epBoro smenoHa B ALNS-
(GpeliMBOpK [UIi BTOPOTO JIICIOHA. B MpUMEHEHHSX K 3agadaMm ¢
TPaH3UTHBIMU Y3JaMH M MOOWIBHBIMH CaTeJUIMTaMU PacIpOCTPaHEH
MOAXOA, TPH KOTOPOM II00ajbHas CTPYKTypa pEIIeHUS CTPOUTCS
KOHCTPYKTMBHO,  3aT€M  YCWJIMBAaeTCsi  JIOKAJbHBIM  IIOMCKOM, a
MEXOJIIEJIOHHbIE CBS3M MNOAJCPKUBAIOTCS 4epe3 OO0yl  (QyHKIUIO
kauectna [20, 21].

3.4. Anropurmbl MYPaBbHHOM KOJIOHUH B 3ajgavyax
MapuIpyTH3anmuu. AnropuTMbl MypaBerHON KomoHHU (ACQ) oTHOCATCS K
KIIFOYEBBIM  KJIACCaM POEBBIX METAa’BPUCTHK; WX CHIJIBHOM CTOPOHOH
SIBIISICTCA HalM4We SBHOM mamsTh moucka ((pepomMoH), obecreunBaromiei
Oajmanc Mexay wuHTeHcu(ukaumeit u nuBepcudpukaumein [22]. B
coBpeMeHHBIX paborax ACO momuduimpyercs ansd yciaokHEHHbIX VRP-
IMOCTAHOBOK: MMOKa3aHbl yIydIleHUs Ui 3a1a4d co split pickup/split delivery
[23], a Taroxke rubpuanbie BapuanTtel ACO anst MyJTBTHKOMIApTMEHTHBIX
IIOCTaHOBOK MapIIpyTH3amu [24].

CyuiecTBeHHast TEHAGHIMS COCTOMT B ToM, uTo ACO penko
UCTIONB3YETCS M30JIMPOBAHHO: KAk MPaBWIO, OH KOMOWHHMpYETCS C
JIOKAJIBHBIM YITydIIeHHeM min problem-specific nmpouexypamu mocrpoeHus
JOIMycTUMBIX — pemeHmid [1, 25]. DOTo o0coOeHHO 3HAaYUMO IS
JBYX3UICTOHHBIX MOJIENIeH, Iieé HEeOOXOIMMO COINIaCOBBIBATH DPEIICHHS Ha
JByX ypOBHSX. beHuMapku ais 3a7ad MaplipyTH3aldd SIEKTPHYECKHX
TPAHCIIOPTHBIX CPEACTB IIPE/ACTaBIIeHbI B pabote [26].

Bmecte ¢ TeM BOmpoc COMIACOBAaHHOW ONTHMH3AIMH O0OMX
smienoHOB B pamkax egumHoro ACO-mexanm3ma c¢ oOmiei (yHKImei
KagecTBa  ocTaércs  HEOOCTaTOYHO  HM3Y4YCHHBIM.  BOJBIIMHCTBO
CYIIECTBYIOIIMX  ITOAXOAOB  WCIIOJNB3YIOT JHOO  TOCIIEAOBaTEIbHYIO
ONTUMH3AIMIO DIIEIOHOB, JIMOO JEKOMIIO3WUIIMOHHBIE CXEMBI, YTO
3aTpyAHAET aHAJIU3 HHTETPAILHOTO MMOBEICHHUS CHCTEMBI.
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3.5. DBOIIOMOHHBIe W THOpHIHBbIe MeTa’BpucTHkH. Hapsny c
ACO u ALNS, ans 3afa4 MapUIpyTU3alUK NPUMEHSIOTCS SBOIIOIHOHHbBIE
anroputmbl M por yactun (GA/PSO), Bkimoyast THOPHIHBIE CXEMBI IS
CIOXHBIX orpanuueHuid [27 —29]. B MHOroueneBblX IMOCTAaHOBKaX
pasBuBarorcs rudpunabiec GA/PSO-momxozpl, MO3BOISIONIME YYUTHIBATH
KOHKYPHUPYIOIINE KPUTEPUH CTONMOCTH, BPEMEHH M yCTOMIMBOCTH [29].

Knaccnueckne TtexHumkm tabu search u simulated annealing
COXPAHSIOT 3HAYCHHWE KaK KOMIIOHEHTHl THOPHAHBIX pemiatenedl M Kak
0a30BBICe MEXaHW3MBI M30eraHus JOKaIbHBIX MUHUMYMOB [30 —33]. Ilpm
9TOM HX POJb B COBPEMEHHBIX NCCIECAOBAHUSX YaIlle COCTOUT B HHTETPallni
KakK MOJIyJeH JIOKaJIbHOTO TIOKMCKA, a HE B CAMOCTOSATEIbHON KOHKYPEHIINH C
ALNS u ACO.

3.6. IIpoexkTUpOBaHue ceTn " KOHTEKCT peaibHbIX
TPAHCIOPTHBIX CHCTeM. J[BYX3IIENOHHOCTh CBfi3aHA C 3aJa4aMu
IIPOEKTUPOBAHUS TPAHCIIOPTHBIX CETEH U MHOTOCTaJMHHON ONTUMHU3ALMEH.
Pa3BuBarorcss 1moaxombpl K INPOEGKTHPOBAHMIO CETEH B YCIOBHSX
HEOIpenenEéHHOCTH, BKJTIOUAs pacnpeeuTeTsHO pobacTHbIe
JIBYXCTaJIMHHBIE MOJENH JUIsl TYMAaHUTAPHBIX U JOTMCTUYECKUX ceTer [11],
a TaKke IBYXypOBHEeBBIe mocTaHOBKH B Buae urp Llrtakenmnbepra [34].
O030p METOIOB ONITHMHU3AINH MapLIPYTOB IOCIETHEH MIIH IIPEICTABIICH B
paborax [35, 36], rme cucTeMaTH3WPOBAHBI MOCTAHOBKH W TIEPCIICKTHBHI
HUCCIEI0BAaHUMN.

3.7. MacmiTabupyeMocTh AaJrOPUTMOB M JKCIEPUMEHTAJIbHAS
MeTo0J10TUs. AHAIN3 BBIYMCIUTENBHBIX CBOWCTB aJITOPUTMOB IIPH POCTE
pa3MEpHOCTH 3a7a4M SBJISIETCS HEOTHEMJIEMOM YacThIO HCCIIEHOBAaHHMN B
obracti KOMOMHATOPHOM onTHMHU3aUWU. [IpUMEHMMBI Kak KIIaCCUUECKHUE
MOAXOABI K OIeHKe MacmTabupyemoctu [37], Tak U COBpPEMEHHBIE
MeToJIoJIoruH  instance space analysis, CBS3BIBAIOIINE XapaKTEPUCTHUKU
HMHCTAHCOB C MOBEIEHUEM 3BpUCTUK [38].

[ocnennuit moaxon moO3BONISET OOBACHUTH CUTYAllMH, KOTza
pasyMuHbIe TPOLEAYpPHl aloT ONM3KHWe 3HA4YeHHs LEeJIeBOH (QyHKIMH Ha
YaCTH HMHCTAHCOB: 3TO MOXET OBITH CIEICTBHEM CTPYKTYphl 3a/addl |
CKaThsl MPOCTPAHCTBA YIYYIICHWH NPH ONpENesIEHHOW MapameTpu3alyy.
CranpapTHble TecTOBble HaOopsl Ui Mapmpytusanun [39] ocrarorcs
BaXHOM YaCThIO IKCIIEPUMEHTAIBHON KYJIBTYphl M UCIONB3YIOTCS Kak 0aza
JUTS TeHEepaIiy HHCTAHCOB.

CoBpemeHHas SKCIIEPUMEHTAJIbHAs IIpaKTHKa TpeOyet
BOCIPOHM3BOANMOCTH (KOHTPONb CIIydaifHOCTH dYepe3 (UKCHPOBAaHHBIE
CHJIBI), YCTOWYNBOCTH (MHOXKECTBEHHBIE HE3aBUCHMEBIE ITPOTOHBI) U aHaN3a
3aBHUCHMOCTH OT KJlacca mHCTaHcoB [18, 38].
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3.8. Ilo3nnuoHUpOBaHUE HACTOSIero HucciaenoBanus. llensio
HacTosed ~ paboThl  siBisieTcss  pa3paboTka M HCCIIEJOBaHUE
AITOPUTMHUYECKOTO MOAXOAA K PELICHUIO JBYXSIIEIOHHOW TPaHCHOPTHOI
3aJa4d  Ha B3BEIICHHBIX rpadax C TPaH3UTHBIMH  BEpUIMHAMU,
00€eCIeunBaIoIIero COrMacOBaHHYI0 ONTHMH3ALHUI0 MaplIpyTOB MEPBOTO U
BTOPOTO D3IIEJIOHOB W OONaJafolmIero YCTOMYMBBIMU BBIYHCIUTEIBHBIMHU
XapaKTePUCTUKAMH [IPH POCTE Pa3MEPHOCTH 3a1a4H.

Jns  OOCTIKEHHsS TIOCTaBIIEHHOH Iemd B paboTe  peIraroTcs
CIeIyoUye 3a0a4n:

1. @opmanuzauus ABYXSLIEJOHHOM TPAHCHOPTHOM 3ajadyd Ha
rpadge c SABHBIM YYETOM TPAH3WTHBIX BEPIIMH, BKIIOYaromed znemo Iy,
MHOXKECTBO XaboOB [;, MHOXECTBO moOTpeOHTeNneii [, W TpaHCHOPTHYIO
nHdpactpykrypy Iy, a Takxke (HOPMHUPOBAHHE EIUHOTO KPUTEPHs KadecTBa
pemieHus, AHalW3 JMTEPaTypbl IO3BOJSET BBLACIUTH  CIEAYIOIINE
KIIFOYEBbIC HAOIIOICHUS:

2.  JyxsmenoHHele mnoctaHoBku (2E-VRP w pacmmpenws)
HMHTEHCUBHO Pa3BHBAIOTCS; OCHOBHBIEC YCIOKHEHUS CBS3aHbI C BpEMEHHBIMU
OKHAMH,  PACHIMPEHHBIMH  ONEPAlMOHHBIMM  OTPAaHMYEHHAMH U
HECTaHJApTHBIMU yYaCTHUKAaMU A0CTaBKU [1 — 6].

3.  Tounsie meromsl (MILP/BPC) obecrneunBarOT ONTHMAILHOCTH
Ha YMEPEHHBIX Pa3MEPHOCTAX, HO UX NMPUMEHHUMOCTh OTPaHHYEHA POCTOM
3aJa4d; B MPHUKJIAIHBIX CLEHApUSAX JOMUHHUPYIOT METa’BPUCTUKH U
Mar3BpHcTuku [2, 14 — 17, 19].

4. Poebie wmetonel, Bkmoyas ACO, oCTalTCI 3HAYUMBIM
uHCTpyMeHTOM  1is  VRP-BapuantoB, 0cobeHHO B  THOPUAHBIX
ApXMUTEKTYpax, Tne TpeOyeTcs COIIAacCOBaHWE KOMIIOHEHT peIICHHS |
SKCIUTyaTanus rpadoBoii CTpyKTypsI [23 — 25].

5. Bomnpoc cormacoBaHHOM ONTUMH3AalMK 3IIEIOHOB B PaMKax
eqmHoro ACO-MexaHM3Ma M3y4eH HEIOCTaTO4HO, 4YTO (OpMHUpYeT
HCCIEA0BaTENbCKHUI TPOOeII.

6. B 3TOM KOHTEKCTE HacTosmast paboTa UCCIEAyeT apXUTEKTypy
nByxomreoHHoro ACO-perratenst ¢ HHTETpaNbHOW (YHKIHEH KadecTBa U
aHATM3UPYET ero MacITabupyeMOCTh Ha CEPHH CHHTETHUECKUX WHCTAHCOB.
OCHOBHOH aKIIEHT CeJiaH Ha COINIACOBAaHHOW ONTHMH3AIMH MapIIPyTOB
MIEPBOTO M BTOPOTO SIIEIOHOB 03 IEKOMIO3HUIINY 3aa4l Ha HE3aBUCHMEIE
TO/[3a1a9H.

4. MatemaTnyeckasi MojieJlb

4.1. UcxogHble JaHHBIE M CTPYKTypa ceTH. PaccmarpuBaercs
B3BEIICHHBIH OPUEHTUPOBAHHBIN Ipad TPaHCIIOPTHOH ceTH

G = (V,E),
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rne V' — MHoxecTBO BepminH, E SV XV — mHoxkecTBo ayr. Kaxnoit
ayre (i,j) € E comocraBieHa HEOTPHUIATEIbHAS CTOMMOCTh MEPEMEIICHUsI
¢;j =2 0. TpaHcnopTHast CeTh CONEPKHUT TPAH3UTHBIE BEPIIMHBI, 4epe3
KOTOpBIE AOIYCKAETCS IBIDKCHNE MEXY «3HaYMMbBIMIY» BEPIIMHAMH (JIETO,
Xa0Bl, TOTpeduTeNN).

MHOXECTBO ~ BEpPIIMH  pa30uBaeTcsi HAa  HEMEPECEKAIOIINECS
MTOZAMHOXKECTBA!

V={0JUHUCUT,
rae 0 — gemo (B Bammei peamusanuu 310 1), H — MHOecTBO XaboB (1), C —
MHOXecTBO notpebureneii (I,), T — MHOXXECTBO TPaH3UTHBIX BepiinH (I7).
it KOppeKTHOTO yuéTa TPAaH3WUTHBIX BEPIIMH Jaliee HUCIONb3YeTCs
MaTpHIla KpaTIallImx paccTOSHUH (CTOMMOCTe) o rpady:

dij = dlStG(l,])t l,] € V,

rae distg (i,j) — onuHa KpaTdaiuiero myTd u3 [ B j B CMBICIE BECOB Cj;.
Ecmu j Hemoctwkuma u3 i, mojaraercs dl-]- =M, tme M — OoubInoe
mrpadHOe 3HAUCHHE.
4.2. llapameTpsl cmpoca u pecypcoB. Kaxmomy morpedutermto
k € C cooTBeTCTByEeT CIpPOC
qr > 0.

Ha niepBoM s1enone IeiicTByeT orpaHHYEHHE Ha CYMMAapHBIH 00bEM
rpy3a, JOCTABICHHOIO U3 JIETNO B CUCTEMY XaboB:

Q > 0.

Ha BTOpOoM »SIIeNOHE HCIOJB3YIOTCS ONUHAKOBBIC TPAHCIIOPTHBIC
cpeactsa (TC) BMecTumMocTH

q>0,

ITpu sTom uncio noctymabix TC orpaHn4eHo:
m € N.

4.3. IlepemeHHbIC pelICHHUs
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4.3.1. IlepBblii  3mejoH: nUKA 1o xabam. Ilepbif smienox
3a1aéTCsl TaMUIIBTOHOBBIM LIMKJIIOM 110 MHOXecTBY {0} U H ¢ BO3BparoMm B
nerno. Beonsitcs OvHapHbIe HepeMeHHbIe

xij € {0,1}, l,] € {0} U H,

rae x;; = 1 03HAYaeT, YTO HA MEPBOM SILIENOHE OCYIIECTBISETCS TIEPEXO] U3
BEPLIMHEI [ B BEpUIVHY J.

4.3.2. Pacnipenenenue noroka mo xa6am. Beonsrcs HempephIBHbIE
NIEPEMEHHBIE

ShZO,hEH,

Iae Sp — 00BEM Ipy3a, JOCTABIAEMBIH U3 AeIO B Xad h B paMKax IEpBOTO
SIIENIOHa. OTH BEIWYMHBI MHTEPIIPETHPYIOTCS KaK «IOCTYNHBIH pecype»
JUTSL TIOCTIEAYIOIIEH pa3BO3KM HA BTOPOM 3IIEITIOHE.

4.3.3. Bropoii smeson: Mapumpyrst TC or xaboB Kk
norpeduTensiM M 00paTHo. /[y BTOpOro 3111eJ0Ha BBOASTCS:

—  OuHapHbIe nepeMeHHbIe BbIOOpa xaba 1y kaxaoro TC:

wp, €{0,1}, he€eH,v=1,..,m,

rae Wy, = 1 03Hayaer, 4To TPAaHCIIOPTHOE CPEACTBO U cTapTyeT U3 h xaba
1 BO3BpAIAeTCs B TOT ke Xao.

—  OuHapHble  MapUIIPYTH3HPYIOIIME  MEpPEeMEHHbIE  BTOPOTO
SIIIEIIOHA:

v e01), ijeHUCv=1,.,m,

v P
rae yi(j) = 1 oznavaer, yro TC v npoxomut ayry (i,j) B mpocTpaHcTBe
«xaObI-noTpebuTenm .

—  OuHapHbIE IepeMeHHbIe 00CITYKHBAaHUS OTPeOUTENCH:

7z, €{0,1}, keCcC,
rae z;, = 1 o3Hawaet, uTo cnpoc norpedurest k o0CITykeH MOIHOCTHIO (B

TEKYIIEeH JIOTHMKEe aJrOpUTMa TMOTpeOuTeNb mocemeéH poBHO omHuM TC u
cunTaeTCA OOCITY>KEHHBIM LIETUKOM).

! 3ameuanue: TpaH3UTHBIE BEPLIMHBI YUTEHBI yepes d; ]
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Jnst KOPPEKTHOTO OTPaKEHMSI CUTYyalllM, KOTAa M3-332 OTPaHHYCHUS
mHue ymaércs OOCITYyKHUTh BceX IoTpeOuTeneii, BBomguTca mTpad 3a
HEYJIOBJIETBOPEHHBIA CTIpoC (F}).

4.4. lleneBas pyHxuusa. MUHUMU3UPYETCS CyMMapHasi CTOUMOCTh
JIBYX SIIIEIIOHOB C y4€TOM mTpada 3a He 0OCITyKEHHBIA CIIPOC:

F=F +F,+F, > min.

4.4.1. CTONMOCTH NIepBOro 31IEJ0HA.
F1 = Z Z dl-]-xij.
i€{0}UH jE(0JUH

4.4.2. Croumocts  BTOpOro »J3menoHa. CTouMMOCTh  BTOPOTO
3ILENIOHA — 3TO CyMMapHasi CTOUMOCTb BCeX YT, peanbHo mpoe3xkaeMbix TC
MEXAy Xa0aMu U MOTPEOUTEIISIMHU:

m
F, = Z Z Z dijyi(;])'
v=1i€HUC jEHUC
4.4.3. llITpad 3a Heyn0BJIETBOPEHHBIH 3anpoc.
B =2 qu(1-2),
kec

rnie A>» 0 — mapamerp mTpada, obecneuMBarONIMH HpeNNOYTEHUE
00CITyKMBaHHMsI CIIPOCa IIPU COMOCTABUMBIX TPAHCIIOPTHBIX 3aTpaTax.

4.5. Orpannyenust

4.5.1. OrpaHu4yeHusi NepPBOro »JuIed0Ha (BO3BpaT B [I€No).
Kaxxzprit xab uMeeT poBHO OJIHY BXOJSIIYIO M OJHY MCXOASIIYIO IYTY:

Z xi]'=1, Z xik=1, Vk € H.
je{o}uH ie{0}UH
Hns neno:

Zx0j=1, in0=1.

jEH i€EH
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3anpeT IIOAUKIIOB (SKCHOHeHHI/IaHLHHﬁ POCT 4ncia OrpaHquHHﬁ)Z
ZinjSlSl_l’ VSQH,Si@
i€S je§

4.5.2. OrpannyeHue Ha o0mUiA 00bEM mMepBOro JIeJIOHA.
[MockompKy TeEpBBIA SIICTOH TPENCTABISAET COOOH EIOWHBIH TIOTOK,
KOPPEKTHOE PECYPCHOE OTPAaHIYICHUE UMEET BU/:

ZSh SQ,Sh 20, Vh € H.
heH

4.5.3. IIpussaska kaxnoro TC x oxnomy xa0y. Kaxxnoe TC nubo e
HCIONB3YETCs, INOO BHIOMPAET POBHO OMH Xad cTapra:
W, <1, v=1.,m

heH

4.5.4. IToToxoBbIe OrPAHUYEHHS] MAPLIPYTOB BTOPOIO 3LIEJ0HA.
O003HauYMM MHOXKECTBO BEPIINH BTOPOTO JIIEIOHA KaK

U=HUC.

Bbaganc mnoroka paJisi morpeduTesieil (BHyTpeHHHMe BepPIIMHBI
mapmpyTa). Jns kaxgoro TC u kaxoro norpedurens k € C:

Z YIS'J) - Z J’i(:) =0.
jeu ieu

O10 obecreunBaeT ycIOBHE, YTO, €CIM MOTPeOUTENbh MHOCEIEH
JaaHbIM TC, TO BXOI M BBIXOZ COTJIACOBAHBI.
Crapt u ¢punnmn TC B BpIOpanHoM xade. J{ms1 xaxmgoro TC v u

xaba h € H:
W) _ ) _
ZYh}J = Why, Zyi}f = Why.
jeu €U

To ectb eciiu Wy, = 1, 0 y TC ecTb pOBHO OOHH BBIXOI h U3 U
POBHO oniuH Bxox B h, eciu wy, = 0, To TC He oOpa3yer MapuipyT u3
9TOTO Xaba.
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4.5.5. OrpannveHust o0cIyKUBAHUS norpeduTeei.
[Torpedutens oOcmyxkuBaercs He ©Oonee ogHOro pasza  (HOTHOE
obcnyxuBanue oqauMm TC):

ZZylk =2z, VkecC.

v=1ieU

4.5.6. Orpanuyenue BMectumoctu TC Broporo 3menona. Jlus
kaxaoro TC cymmapHbI cnpoc OOCIY)KCHHBIX MM TOTpeOUTENeH He
MPEBBIIIAET BMECTUMOCTD:

Z‘Ik Z)’(v) <Q, v=1,.,m

keC ieu

4.5.7. OrpannyeHue AOCTymHOCTH o00béMa B xabGax. OOBEM,
pa3Bo3uMBIi U3 Xaba, He JOJDKCH NPEBBILATh TOCTABICHHBIA Ha NEPBBIH
smIenoH pecype. st kaxmoro xaba h € H:

zz qk zylk 8’117 Shl

v=1keC ieu

rae 8y, (V) — mamuKarop Toro, urto TC v 3akperuieHo 3a xabom h, To ecTh

8ny (V) = Wiy
B xommakTHOM BU/EC:

m

z Why quZylk <s,,Vh EH.

v=1 keC iev

4.6. Kinacc CJ0XKHOCTH M O000CHOBaHME METaIBPHCTHYECKOIO
pemenusi. [laxxe npu (UKCHPOBAHHOM PACIPEICICHHH IMTOTOKOB MEXKIY
MIPOMEXYTOYHBIMU ~ pacTIpeieTUTENIbHBIMA  IYHKTAaMU  paccMaTpuBaeMast
JBYXJILIEJIOHHAS  TpaHCIOPTHAs 3a/Jadya  XapaKTepu3yeTcs  BBICOKOU
BBIYMCITUTEIILHONH  CIIOKHOCTBIO. ONTUMHU3ALMs  MapuipyTa IepBOTO
SIIET0OHA CBOIUTCS K TIOCTPOSHHIO 00X0[a MHOXKECTBA Xa0OB C BO3BPAaTOM B
JIEN0, YTO IO CBOEW CTPYKTYpE€ SKBHMBAJEHTHO 3a/laue KOMMMBOSKEpA Ha
cooTBeTcTBytomeM monarpadge. DopMupoBaHHWE MapuIpyTOB BTOPOTO
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SIIENIOHa, B CBOKO  OYepelb, IHpelarnoyiaraeT  pelieHHe  3aaadu
MaplIpyTU3allid  TPAHCHOPTHBIX  CPEICTB C  OrPaHHUYEHHAMH IO
BMECTUMOCTH ¥ HEOOXOAMMOCTBIO DACHpENeNIeHns] CIpoca KOHEYHBIX
noTpeduTesnen.

CoBMeCTHOE pPACCMOTPEHHE MapLIpyTOB IEPBOIO M BTOPOTO
SIIENIOHOB B PaMKax €JMHOW MOJENN NMPHUBOAUT K KOMOMHATOPHOI 3ajade,
oTHOcAWecs Kk knaccy NP-TpynHbIX. YBenuueHHE MOIIHOCTH MHOMKECTB
xaboB U MOTpeduTENCH, a TAKKE YCIOXKHEHHE CTPYKTYpBl TPAHCIIOPTHOTO
rpada,  BKIIOYAIOMIETO  TPAH3UTHBIE  BEpPIIMHBI,  IPUBOAUT K
9KCIIOHCHIIMAIBHOMY POCTY MPOCTPAHCTBA IOMYyCTUMBIX pelmeHui. B aTnx
YCIOBUSIX NPUMEHEHHE TOYHBIX METOJOB ONTHMHU3AIHMU OKAa3bIBACTCS
BBIYHCIIUTEIHHO HEI(D(EKTUBHBIM IS 3a]1a4 OOJIBIION pa3MEPHOCTH.

B cBsi3u ¢ 3TUM NMpaKTHYECKOE PEIIeHUE 11eIeCO00pa3HO CTPOUTh Ha
OCHOBE METa’BPHCTHYECKUX aJITOPUTMOB, OPHEHTHPOBAHHBIX Ha MOUCK
BBICOKOKAQUECTBEHHBIX  MPUOMIKEHHBIX  PELICHWH B MpHEMIIEMOe
BBIYHCIIUTEIbHOE BpeMsi. B HacTosimel pabote Juis pelieH s I0CTaBICHHO
3aja4M  INpeJJiaraeTtcsi  JIBYXDIUENOHHAas  MOAM(HKAIMS  alropurMa
MypaBeuHOH KonoHHH (2E-ACO), B KOTOpOH TMPOLECCHl IOCTPOCHUS
pPELICHH ANl MarucTpajbHOTO YPOBHSA ¥ YPOBHS pacHpeeNeHus
(hopMaM30BaHbl Pa3AENbHO, HO COIIACOBAHBI Yepe3 €AUHYI0 (yHKIHFO
OLIEHKH KadecTBa peIIeHWA. TakoW IOAXOA TO3BOJIAET YUHTHIBATh
Pa3IMYHYIO CTPYKTYPHYIO NPHUPOLY SLIETOHOB — MAPIIPYTHYIO Ha BEpXHEM
YPOBHE M paclpe/ielITe]bHYI0 Ha HIKHEM — TIpH COXPaHEHHH
COINIACOBAaHHOCTHU ONTUMHU3ALMU BCEU TPAHCIIOPTHOM CUCTEMBL.

AJTOPUTM MOWCKA pemeHusi (ABYXOLIEJTOHHBIH  AJTOPUTM
MypaBbUHON KkoJIoHUH, 2E-ACO).

1. Oomasi cxema ajropurmMa. AITOPUTM OTHOCHUTCSI K Kjaccy
METa’BPUCTUK U HE TapaHTHPYET HaXOKJeHHE MIOOAIBLHOIO ONTUMYMa,
onHako obecneunBaeT A(P(EKTHBHBIH IMOMCK  BBICOKOKAUECTBEHHBIX
pewennii g NP-TpynHoit 3anaun.

Jns pemreHust chOpMYITUPOBAHHON IBYX3IICIOHHOW TPAaHCIIOPTHOMH
3a7a4n B paboTe  Tpe/IaraeTcsi  METa’BPUCTHUCCKHUH  alTOpPHTM
IBYX3IIEIOHHOH MypaBbuHOW ontumm3anuu (Two-Echelon Ant Colony
Optimization, 2E-ACQO), opHeHTHPOBaHHBII Ha COITIACOBAHHOE MOCTPOCHHUE
MapIIpyTOB IEPBOTO M BTOPOTO SIIEIOHOB B PaMKax E€IMHOTO Ipolecca
MoucKa. ANroput™M (GopMHpyeT JOMyCTHMbIE PEIICHHS HTEPaTHBHO, NPHU
9TOM KaXJ0€ peIIeHWe BKIIOYaeT MapIIpyT MEepBOTO  DIIENOHA,
OTIPEISISIONINN MOPAIOK 00X0a XabOB C BO3BPAaTOM B JIENO, a TaKXKe
COBOKYITHOCTh MapIIPyTOB BTOPOTO 3IIENIOHA, 00ECIICUYNBAIOIINX JOCTABKY
Ipy30B OT XabOB K KOHEUHBIM MOTPEOUTENSIM C Y4ETOM OrpaHUuEHHH IO
BMECTUMOCTH TPAHCIOPTHBIX CPEICTB.

492  Wudopmaruka u aBromarusanust. 2026. Tom 25 Ne 2. ISSN 2713-3192 (ueu.)
ISSN 2713-3206 (onnaiin) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

KiroueBol  OCOOCHHOCTBIO —MPEUIaracMoro  MOAXONA  SABJISACTCS
pa3znenbHas OpraHU3aIys MPOICayp MOCTPOCHUS pelicHud U (epoMOHHON
MaMATH JJI1 KaXKJOTO OJIICIOHA MPU HUCMOJIb30BAHUU CIUHOTO KPUTCPUS
OIICHKM KavecTBa peHICHHs. MapIipyThl MEPBOrO U BTOPOTO ISIICIIOHOB
(GOPMHPYIOTCS C HCIOJIB30BAHUEM CICIMATM3UPOBAHHBIX IBPUCTHUYCCKUX
TpaBHII, OTpPaXaroIINX pa3IuuHyIO0 CTPYKTYPHYIO MIPUPOIY
COOTBETCTBYIOIUX I0/33/1a4, TOa KaK COIJIACOBAHHOCTH ONTHMH3ALUH
obecneunBaeTCs MOCPEACTBOM O0IIIeH IeTIeBOi QyHKIHH

F=F1+F2+Fp,

OOBCOUHSIONICH 3aTpaThl Ha MaruCTPalbHBIE K  Paclpeae/IUTeIbHBIC
MepEeBO3KH, a TakxkKe ITpadbl 32 HEYAOBIETBOPEHHBIN CIIPOC.

[pemmaraemMplii aIrOPUTM OTHOCHTCS K KIACCY METadBPHCTUICCKHUX
METOZIOB M HE TAPAHTHPYET HAXOXKICHHS III00aIFHOTO onTUMyMa. Bmecte ¢
TEM €ro apXHuTeKTypa Mo3BoJseT 3()(HEeKTHBHO HCCIEAOBATH MPOCTPAHCTBO
JOMYyCTUMBIX pewmeHud s NP-TpynHOH [BYX3ILIEIOHHOM 3ajauu U
ofecrneunBaeT MOTydeHHe BRICOKOKAUYSCTBCHHBIX MPHOMMKEHHBIX PEIICHAN
B MIPUEMIIEMOE BEIYUCIUTEILHOE BPEMSI.

2. @epoMOHHBIE CTPYKTYPbI M IBpHCTHYeCKass MH(opMamus.
J1J1s KaXKJI0T0 SIIEJIOHA BBOAUTCS COOCTBEHHAs ()epOMOHHAS MATPHIIA:

2.1. TlepsBblii 3menon. epoMoHHast MaTpHIIa:

@ = () 1,j e (OyuH,

1
rae ng)
MapIpyT IepPBOTo 3MIEI0HA.

OBpuctryeckast nHGpopManus:

OTpaXkaeT CTENeHb HeOoOXOmUMOCTH BKIoueHust ayru (i,j) B

O NI
Y dU + E’

rae d;; — KpaTdadlliee paccTOSHHE MEXIy BepluMHaMH, € > 0 — Mmanoe

YHCIO AJS IPEJOTBPALIEHUS AETICHUS HA HOMb.
2.2. Bropoii 3mes10H. PepoMOHHas MaTPUIA BTOPOTO dIIETIOHA:

@ =(P)ijenuc,

KOTOpasl HCIIONB3YeTCs TPH IMOCTPOCHWH MAapUIPYyTOB TPAHCHOPTHBIX
CPEICTB OT XaOOB K MOTPEOUTEIISIM.
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3BpI/ICTI/I‘IeCKaH I/IH(I)OpMaHI/IH BTOPOTO S1ICJIOHA:

n® = T
Y dU + €

3. Hocrtpoenue pemeHusi MypaBbéM. Kaxnapii wmypaBeit B
paMKax OJHOM HTEepaluy IOCIEIOBaTEIFHOCTH CTPOHUT PpEIICHHE O000MX
SIIEIIOHOB.

3.1. HocTpoeHue MapuipyTa mepBoro »3mejgoHa. IlocTpoeHne
MapiipyTa II€pBOTO OJIIECIOHA TNPEACTABISET COOOH BEPOSTHOCTHYIO
npoueaypy GpopMHpOBaHHUS raMHIBTOHOBA IMKJIa 10 MHOXecTBy {0} U H.

Ilycte MypaBell HaxoguTcsi B BepliMHE I. Torma BEpOATHOCTb
BEIOOpa clenmyromed BepmuHB j € H, emé He MOCEemEHHOW TaHHBIM
MypaBbEM, OTIPEIENIACTCS BEIPAKEHUEM:

p — (T(l)) ( (1)

ij
ZkEHHOCTyn (T(l)) ( (1)

rae:
H ocryn — MHOXKECTBO €lIE HE MOCEIEHHBIX Xa00B;

— a,f > 0 — napaMeTpsl, 3a/1al0I1e OTHOCUTEIbHYIO Ba)KHOCTh
(hepoMoHa U 3BPUCTUKU.

C BEpOSITHOCTBIO (, TPUMEHSETCS KaJHbIM BHIOOp (BepIIUHA C
MaKCHUMAaJIbHbBIM 3HAYCHUEM LII/ICJ'II/ITCJ'ISI) nHa4ye HCIIOJIB3YyETCA
CTOXAaCTHYECKHI BHIOOP 10 pachpeiesieHHIO P( ).

IMocie mocenieHust Bcex XabOB MapUIPYT 3aMBIKAETCSI BO3BPATOM B
JIETIO.

3.2. Omnpenesienue 00bEMOB S, INepBOro ’mejnoHa. Ha ocHoBe
MOJIyYEHHOTO MaplIpyTa MEPBOTO SIIEIOHA ONPEeNsIeTCs PaCIpeeeHue

o0BnEma Q 1o xabam:
Z Sh < Q

h€eH

B Texymieit peanuzaludu HMCHOJIB3YETCS 3BPUCTUYECKOE IPABUIIO,
COTJIACHO KOTOPOMY XaObl, BKIIIOYEHHBIE B MapIIpyT IMEPBOTO SIIENOHA,
MOJIy4aloT MPUOPUTETHYIO JIOJNIO TIOTOKA, IIOCJIE€ 4YEero BBIMOJIHIETCS
MacmrabupoBaHue IS coOmionmeHust orpanudenus 1o Q. JlaHHoe
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pacripezienieHle HCIOJIb3yeTCsl KaK BEpXHee OrpaHuYeHHE PEeCcypcoB JUIs
BTOPOTO 3IIENIOHA.

3.3. IlocTpoenne MapumpyToB BTOPOro JuIesioHa. [y 3alaHHBIX
3HAUEHUH S, MypaBed (GopMHPYEeT MapHIpyThl TPAHCIIOPTHBIX CPEACTB
BTOPOTO 31Ie0Ha. [Iponeaypa BKIFOYaeT CIEAYIONIHE Iaru:

1. Bei6op akTuBHBIX Xa60B. PaccMmarpuBarotes xabwl h € H, s
KOTOpBIX S, > 0
1L Ha3navyenue mnorpedureseii xadam. Kaxnsiii morpeburens

k € C Ha3HadaeTcs OMHOMY M3 aKTHUBHBIX XaOOB Ha OCHOBE MHUHHMH3ALUH
paccTostHUS dp,; ¢ YIETOM HOCTYITHOTO pecypea Sy,
III. ®opmupoBanne mapmpyroB TC. J[lns xaxzmoro xaba
cTpouTcs HabOp MapIIPyTOB TPAHCIIOPTHBIX CPENCTB, KAXKIbIH U3 KOTOPBIX:
—  cTapTyeT M 3aKaH4YMBAeTCs B JAHHOM Xabe;
—  obcmyxuBaeT HaOOp MOTpeOUTENEH;
—  YIOBIETBOPSAET OrPAaHUYEHHUIO BMECTUMOCTH:

ZQRSCI-

keC

[MocnenoBaTeabHOCTh MOCEIICHHUS TOTPEOUTENeil BHYTPU MapIupyTa
ompenensiercs JU00 KAIHO MO PACCTOSHUAM, JHOO C HCHOJIB30BAHHEM
BEPOATHOCTHOTO BhIOOpa Ha ocHoBe T3 1 @),

Ecin wu3-3a  orpaHuuyeHuss He ymaércs  OOCHYXHTB  BCEX
noTpebuTenei, HeoOCIy KEHHBIH CPOC yUUTHIBAETCA Yepes mTpadF, .

4. Onenka pewmenus. [l KaXIOro MypaBbs BBIYHCISICTCA
3HAYCHHUE LEeNeBOM DYHKIMH:

F:F1+F2+Fp,

rae:

—  F, — cromMoCTh MapmipyTa ImepBOoro 3IIeJI0Ha

—  F, — cymmapHas CTOUMOCTh

—  F, —mrpad 3a HeoOCIyKeHHBIA crpoc.

5. OoOHoBaeHue pepoMoOHOB

5.1. Ucnapenune. Ilocne Kkaxmoil  uTepalMd  BBIIOJIHIETCS
ucrnapeHue GepoOMOHOB:

1 e (1-p)r e € (1,2},

rae p € (0,1) — koaddurmenT ncnapeHwus.
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5.2. Yenaenne  ¢epomona  (unrenHcupukamus)). Depomon
YCUIJIMBAETCS BAOJb YT, IPUHAANESKANX JyUIlIeMy PEIICHUIO UTEPAIIH:

D (€Y) Q o best
T et Fb;t,(l,]) € toury®t,

Qc
Fbest ?

(2) ® P best
T e T+ (i,j) € toury®",
rae Q; > 0 — mapameTp HHTCHCHBHOCTH OTJIOKEHHUS (epOMOHA.

HOHOJ’IHI/IT@J’ILHO Q)epOMOHHLIe 3HAUYCHUA OrpaHNYIUBAIOTCA
JUaria3oHoOM:

(e)
Tmin < Tin < Tmax

6. JlokaabHoe yiaydiieHue pemeHuii. Yepe3 QuxcupoBaHHOE
YHCIIO UTEPALUH K TEKyIEMY Jy4IIeMy PEIICHHIO IPUMEHETCS Ipoueaypa
JIOKQJIHOTO MOWCKA, BKJIFOYAIOIIAst:

—  IlepecranoBku xab0B B MapIIpyTe HEPBOTO SIIEIOHA.

—  Ilepepacnpenenenue 00bEMOB Sy, .

—  Ilepectpoenue MapuIpyTOB BTOPOIO 3IIEIOHA.

7. Kpurtepnii ocTaHOBKM. AJNTOpPUTM 3aBepllaeTcs Iocie
BBIMOJIHEHHS 33JaHHOTO YHCIIa UTepaluii WK IPU OTCYTCTBUH YITydIIeHU
B Te4YeHHE (PMKCUPOBAHHOTO YKCJIIA ILIATOB.

HNuTerpanus rpadgoBbIX M IBPUCTHYECKHX moaxoaoB. B
npennaraemom  anroputmMe  2E-ACO  pewmeHue — JIBYX3IIEIOHHOM
TPAHCIIOPTHOW 33Jaudl OCHOBAaHO Ha COYETAaHWH TpadoBBIX METONOB M
9BPUCTUYECKOTO TOMCKOBOTO MEXaHM3Ma, 4YTO [O3BOJISIET Pa3AEINTh
00paboTKy MNPOCTPAaHCTBEHHOH CTPYKTYyphl TpPAaHCIOPTHOH CETH W
KOMOMHATOpHYIO  ONTUMM3ALMIO  MapuipyToB. Takoe  pasieleHue
oOecrieunBaeT CHWKCHHE BBIYMCIUTEIHHOW CIOXKHOCTH W TOBBIIIAET
MacHITabupyeMOCTh aITOPUTMa IIPU POCTE Pa3MEPHOCTH 3aJauu.

TpancnopTHast HHQPACTPYKTypa MOJICIUPYETCS B BUJIE B3BEILICHHOTO
rpada, BKIoUaromero nerno Iy, xadbwl [;, morpebuteneit I, U TpaH3UTHBIC
BepunHbI [. Ha atane rpadosoii mpexoOpaboTku [uIst Bcex Map 3HAUMMBIX
BEpIIUH BBIYUCISAIOTCS KpaT4yalline IyTH, KOTOPBIE HCHONB3YIOTCS IS
(opMHUpOBaHMA arperMpoBaHHBIX Marpull paccTosHui. IIpumeHeHue
CTaHJapTHBIX AJTOPUTMOB IOUCKA KpaT4alIIMX HyTeH MO3BOJSAET SBHO
YUUTHIBATh CIOXKHYHO TOHNOJOTHIO CETH, HE BKIIIOUAsl TPAH3UTHBIE BEPIINHBI
HENoCpeICTBEHHO B KOMOMHATOPHYIO YacTh 3aJa4H.

Oppuctudyeckuii nouck B pamkax 2E-ACO ocymecTtBisercd Ha
arperupOBAHHOM IIPE/ICTaBICHUHM TPAHCIOPTHOW CETH, B KOTOPOM Beca
p€bep COOTBETCTBYIOT JIMHAM KpaTYaWIIMX ITyTeHd MEXAy 3HAYNMBIMHU
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BepUIMHAMHU. MypaBbHUHBIN alITrOPUTM HCIHONB3YyeTCS ISl MOCTPOCHUS
MapIIpyToB IEPBOIO W BTOPOrO SIIEJIOHOB, NpPH 3TOM rpadosas
nH(opMaLus BKIIOYAETCS B 9BPUCTUYECKUE NpaBHiIa BBIOOpa MEPEXoioB U
B (YHKUMIO OIIGHKM KauecTBa pelueHunil. Takoil moaxox oOecrieunBaeT
COIIaCOBaHHOE UCIOIb30BAaHUE ITPOCTPAHCTBEHHBIX XapaKTEPUCTHK CETH Ha
000uX 3MIeT0HaX MapIIpyTH3AIHN.

ApxuTekTypa  anropuT™Ma  IpeanonaraeT  (QyHKIHOHAIbHOE
paszencHue ypOBHEH BBIYHCICHHH: TpadoBble METOOBI OTBEYAIOT 32
KOPPEKTHBI YUYET TPAaHCIOPTHOM CTPYKTYpPbl M BBIYMCIIEHHUE PACCTOSHUM,
TOrAa KaKk MYpPaBbHHBIH aITOPUTM pEaIn3yeT CTOXacCTHYECKHH IMOUCK B
MIPOCTPAHCTBE JAOMYCTHMBIX MapHIPyTOB. JTO IIO3BONSET PacCcMaTpUBAThH
2E-ACO kak JByXypOBHEBYIO BBIYUCIHUTEIBHYIO CXEMY, B KOTOPOH HIKHUN
ypoBeHb (OPMHUpPYET METPHYECKOE IIPEJCTABICHHE CETH, a BEPXHHUM
YPOBEHb OCYIIECTBIIAET 3BPUCTUUECKYI0 ONTHUMHU3AIINIO MapIIPYTOB.

[pennoxxenHas nHTErpauus rpa)oBbIX U IBPUCTHUECKUX ITOJXO/IOB
obecrieunBaeT MOAYJIBHOCTh aNTOPUTMA U YIPOINAET €ro aJanTalyio K
pa3MuHBIM THIIAM TPAHCIIOPTHBIX ceTeil. M3MeHeHue cTpykTypsl Tpada
WIN TIapaMeTpoB TPAHCHOPTHOM HHQpacTpyKTypsl TpeOyeT mepecuéra
rpadoBoii npenoOpaboTKH, HE 3aTparuBas JOTHKY 3BPHCTHIECKOTO TIOMCKA,
YTO SBIAETCS Ba)XKHBIM IPEUMYIIECTBOM IIPU PEIICHUH 3a1ad OONbIION
Pa3sMEpHOCTH.

JKCIepUMEeHTAIbHbIE pe3yJbTarhl. BoruncnurenbHbIi
SKCTIIEPHMEHT HAIIPaBJICH HAa aHAJHN3 MACIITa0HMPyEeMOCTH, YCTONUMBOCTU U
KauecTBa pemeHI/Iﬁ, TMOJIy4acMbIX npeajaracMbiM JABYX3HICJIOHHBIM
anroputMoM  MypaBbMHOM  onTtuMmmzammu  (2E-ACO), mpu  pocre
pasmepHOoCcTH 33jadd. B ommume oT paboT, OPHUEHTHPOBAHHBIX
NMPpEUMYIICCTBEHHO Ha PCHICHUC (bHKCHpOBaHHI)IX TCCTOBBIX MHCTAHCOB, B
HACTOSIIIEM HCCJICIOBAHWM OCHOBHOM aKIEHT CcJelaH Ha HU3YYCHUH
TIOBE/ICHHS] aJITOPUTMA IIPU YBEIMYESHUH MOIIHOCTH KIIIOUEBBIX MHOXXECTB
MOJIENH, YTO COOTBETCTBYET COBPEMEHHBIM TPEOOBaHMAM K SMITMPUYECKOI
BUIMAAIMA  METa’BPUCTHYECKHX MeTomoB Juii  NP-TpymHbIX 3amayu
MapupyTtuzauuu [1 —3].

OKCTIepUMEHTAIIbHbIE WCCIIEI0BAHMS? IIPOBOJIMITICH
HCKJIIOYUTEIbHO B pexkuMe Macmradupyembix pecypcos (R2), npu
KOTOPOM IapaMETpbl TPAaHCIOPTHOW CUCTEMBI AIANTHUPYIOTCA K pasMepy
3ama4ynl  TakuM o0pa3oMm, dYTOOBI CpaBHEHHE OTpPakajo KadeCTBO
MapmipyTH3allil ¥  COIJIACOBAaHHOCTH  JIIENOHOB, a He 3ddekr

2 DkcnepuMeHT TIpoBoAMIics Ha Kommbiotepe ¢ CPU Apple M1 Max ¢ RAM 64 16 ¢ OS
Sequoia 15.7.2 B cpene Matlab 2019b. VYkazaHHbIe XapaKTEPUCTUKH HCIONIB3YIOTCS
UCKITIOYUTETFHO I BOCIPOW3BOANMOCTH DE3yNBTaTOB M HE BIHMAIOT HAa CPAaBHHUTEIBHBINA
aHAJIM3 AITOPHTMOB, BEITIOJTHEHHBIN B PEXKIME MAaCIITAOMPYEMBIX PECYPCOB.
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HCKYCCTBCHHOW  HEBBINIOJIHUMOCTH IIpU  (DUKCHPOBAHHBIX  pecypcax.
[TomoOHBI  DKCTIEpUMEHTANbHBIA  JAW3aifH  IIUPOKO HPUMEHSETCS B
COBPEMEHHBIX HCCICIOBAaHUAX JBYXJILIEJIOHHBIX 3alad MaplIPyTU3alUud U
MeTa’BpUCTUYECKUX MeTonoB [1, 40].

ITocranoBka BbIYHCJIHTEJIBHOI0 JKCIIEPHMEHTA.
PaccmarpuBanack ceps CHHTETHYECKHMX ABYXJILENOHHBIX TPAHCHOPTHBIX
3a7a4, 3aJaHHBIX Ha B3BEHICHHOM TIpad)e ¢ TPaH3UTHBIMH BEPIIMHAMU.
CrpykTypa cetu BKJIIOYana nerno I,, MHOXXECTBO XaboB I;, MHOXECTBO
KOHEYHBIX moTpeOureneii I, u TpaH3uTHble BepmmHbl [p. Jlns Beex
HKCIIEPUMEHTOB TPAHCHOPTHBIA rpad ocTaBajcs CBSI3HBIM HA MHOXECTBE
3HAYMMBIX  BEpLIMH, a TONOJOTUS CETH HE U3MEHANIAch IIpU
MacuTabupOBaHUH.

Anroputm  2E-ACO peanu3oBaH B BBIUHCIUTENBHOH cpene
MATLAB, npu 3TOoM BC€ IKCHEPHUMEHTHI BBINOIHSUIUCH B OAHOIOTOYHOM
pexume.

OCHOBHBIM ~ CHEHApUEM  SBISUIOCH  YBEIIMYEHHUE  MOIIHOCTH
MHOKECTBA MOTpeduTENeH Npu (PUKCHPOBAHHOM UHCIIE XabO0B:

| I, I= 10,11, |€ {20,40,80,160,320}.

JAnsa  kaxaod pa3sMEpHOCTH 3ajadyd  BbeIMONHsUIoch R = 10
HE3aBHCUMBIX 3aIlyCKOB aJrOPUTMa C (PUKCHPOBaHHBIM HAa0OPOM CHJIOB
TeHepaTopa CIydallHbIX YHCEN, YTO OOECIEYHMBAJO BOCIPOU3BOIUMOCTH
Pe3yabTaTOB U MO3BOJISJIO OLICHUBATh YCTOMUUBOCTD PELICHUM.

B pexume R2 uucino TpaHCHOPTHBIX CPEACTB BTOPOTO 3IIENIOHA
MacmTabupoBagoCch NPONOpIUOHaNbHO | [, |, Torma Kak BMECTUMOCTH
TPAHCHOPTHBIX CpelncTB U mnapamerpsl aiaroputma 2E-ACO ocraBanuch
HEU3MEHHBIMU JJI BCEX Cepuil 3KkcnepuMmeHTa. Takoll moaxox MO3BOJISET
KOPPEKTHO  CONOCTAaBJIATh ~ KAa4eCTBO  PEHICHUH NpU  Pa3IUYHBIX
Pa3MEPHOCTAX 3a/1au, YTO COOTBETCTBYET MPAKTHKE YKCIEPUMEHTAIBHOTO
aHaIM3a JIBYX3ILIEJIOHHBIX IBPUCTUYECKUX alropuT™MoB [1, 41].

Ceoznsble cratucTHKM (meantstd) 1o BceM cepusiM JKCIIEpUMEHTa
npejcTaBieHsl B Tabmuue 1. B tabmuie 1 mpuBeneHbl arperupoBaHHbIE
pe3yNbTaThl BBIUMCIUTENFHOTO JKCIepuMeHTa it anroputma 2E-ACO B
pexume MmacmtabupyeMmbix pecypcoB (R2). B kauecTBe OCHOBHBIX
ToKa3aTesie UCTIONb3YOTCS:

tiotal — TIOJTHOE BpEeMS BBIYMCIICHUI alropuTMa, BKIFOYAIOIIEe 3Tall
rpadoBoii mpeaoOpaboTKN 1 IBPUCTUUECKOTO TTOHCKA,;

F — 3HayeHne neneBoil GyHKINH, 0OBEIMHSIONIEH 3aTpaThl IEPBOTO
W BTOPOTO DOIIEJIOHOB MapIIpyTH3alMd, a Takke ITpadsl 3a
HEYJIOBIETBOPEHHBIH CIIPOC;
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served ratio — oOTHoIIeHHE 00bEMA OOCIY)XEHHOTO CcHpoca K
CYMMapHOMY cIIpocy mnoTpeOuteineil. [[ns Kaxmoro 3HaYeHUS MOIIHOCTH
MHOXeCTBa morpedureneii [, B Tabmuie | mpuBeneHs! cpeqHIe 3HAYCHUS U
CTaHAApTHBIE OTKJIOHEeHUs (meantstd), BBIYHMCIEHHBIE IO pe3ylbTaTamMm
R = 10 He3aBHCHUMBIX 3aIlyCKOB aJITOPUTMA.

Tabnuua 1. ArperupoBaHHble Pe3yAbTaThl BEIYUCIUTENBHOTO KcIiepuMenTa (R2)

LI | teotar> € (mean =+ std) F (mean =+ std) Served ratio (mean = std)
20 1.90 +0.02 3.75:10°+0 0.94 +0.00
40 2.00 +0.05 8.78-10° £ 0 0.33 +0.00
80 2.52+0.03 3.64:10° £ 0 1.00 +0.00
160 3.23+0.02 7.81-10° £ 0 1.00 +0.00
320 4.06 £ 0.09 6.51-10°+0 0.32 +0.00

MacmTadupyeMOCTh 1O BpPeMEHM BBIYMCJIEHHH. 3aBHCHMOCTh
CPEIHEero BpeMEHH BBIUMCIICHUI OT MOIIHOCTH MHOXECTBa NOTpeOHuTeneit
| I, | mpuBenena Ha pucyHke l. Pe3ynbTaTel J€MOHCTPUPYIOT MOHOTOHHBII
pOCT BpeMEHH PabOThl aIrOpUTMa MPH YBEIWYECHHH Pa3MEpHOCTH 3a]adH,
YTO COOTBETCTBYET OXHIAEMOMY IIOBEJCHHIO [UISI JBYX3IICIOHHBIX
KOMOWHATOPHBIX TIOCTaHOBOK.
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I
Puc. 1. 3aBucumMocts cpeHero BpeMeHu Bbruuciaenuit anropurma 2E-ACO ot
MOIIHOCTH MHOXKeCTBa noTpedureneii | I, |B pexnume R2

OTCyTCTBHE Pe3KHX CKAauKOB BPEMEHH M IUIaBHBIH XapakTep pocTa
CBUIETENBCTBYIOT O CTa0MIBHOCTH 3BPUCTUYECKOTO MOUCKA M KOPPEKTHOM
pasnenenuu rpadoBoil mpeaoOpabOTKH ¥ KOMOWHATOPHON ONTHMH3AIIHH.
Ananornynas ¢Gopma 3aBHCUMOCTH «BPEMS—Pa3MEPHOCTB)» OTMEYaeTcsl B
paborax mo ALNS- u matheuristic-mogxonam mius 2E-VRP, tne ocHoBHOMI
BKJIaJl BO BPEMEHHBIE 3arparbl BHOCUT IIpOLENypa IIOCTPOEHUS U
YIIy4LIEeHUs] MapIIPyTOB BTOPOTO 311enoHa [3, 42].

JIOTIONMHATENFHO BIMSHUE pPa3MEPHOCTH MHOXKECTBa XaboB Ha
BBIYMCITUTEIIFHOE BpeMsI IMOKa3aHO Ha PUCYHKE 2, TAe TakXke HaOIrogacTcs
IIPEICKAa3yeMBblii POCT BBIYUCIUTENBHBIX 3aTpar Ipu yBenudeHuu | I |.
BiusiHue CIOKHOCTH TPaHCIOPTHOWH HWH(PACTPyKTYypsl OTPaXEHO Ha
pucyHke 3, 4To momu€pKHWBaeT poib TrpadoBoi NpenoOpabOTKH mpH
YCIO)KHEHUU CETH.

N
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Puc. 2. 3aBucuMOCTh CpeHETro MOTHOTO BpeMeHH BeIYHCiIeHu anroputma 2E-ACO
OT MOILIHOCTH MHOXecTBa XaboB | I; | B pexxnme R2
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Puc. 3. 3aBucuMoCTb CpeiHEro noaHOro BpeMeH! BeluncieHuit anroputma 2E-ACO
OT MOIIHOCTU MHOXECTBA TPAH3UTHBIX BeplyH | I | B pexume R2

KauecTBo pemeHuii u ycTroiiuuBoCcTh ajgropurma. KadecTBo
PEIICHI OIEHUBAJIOCH IO 3HAYCHHUIO 1eIeBoi pyHKumu F = F; + F, + Fp.
3aBUCUMOCTh  CpEAHET0o 3HaueHWus F OT MOIIMHOCTH MHOXECTBa
moTpeOUTENe MpHBENcHa Ha PHCYHKE 4, a arperupoBaHHBIC YHCIOBBIC
3HaYCHMUs [IPEJCTABICHEI B TabiHIe 2.

Tabmmma 2. KadgecTBo pemeHnii mpu MacITaOupOBaHWN MHOKECTBA MTOTPEOHUTENEH

[12] mean(F) + std (2E-ACO) mean (F) + std (baseline)
20 3.75-10*£ 0 3.75:10°+0
40 8.78:10°+0 8.78-105+0
80 3.64:10°+£0 3.64:10°+0
160 | 7.81-10°+£0 7.81-10°+0
320 | 6.51-10°+0 6.51:10°+0
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Puc. 4. 3aBUCHMOCTB CpeAHEro 3HaYeHHs 1eneBoil GyHkuuu F ™M™ o MOIIHOCTH
MHOKecTBa oTpeduteneit | I, | mis anroputma 2E-ACO u 6a30Boii xKagHOM
3BPUCTHUKHU B peskume R2

CrenyeTr OTMETHTB, YTO B PEeXUME MacIiTabupyeMbix pecypcos (R2)
3HaYeHUsl 1eneBod (yHKIMH, mnoiaydeHHble anroputMoM 2E-ACO u
0a30BOil KaJHOW HBPUCTUKOH, BO BCEX PACCMOTPEHHBIX Pa3MEPHOCTSX
COBMAJAlOT. OTO OOBICHAETCS TEM, YTO MPHU OTCYTCTBHH >KECTKHX
PECYPCHBIX OIpaHMYCHHH 00€ IpOoueayphl HAXOSAT AOMYCTHUMBIE PEeIICHHUS,
OM3KKMEe K ONTHUMAIBHBIM, a MIPOCTPAHCTBO /IS JAJIBHEHIIETro yayqIIeH s
10 HWHTErpaJIbHOMY KpuUTepuro F CylecTBEHHO cyxaeTci. B  Takux
YCIOBHSX IPEHMYIIECTBO HUTEPALHIOHHOTO  ABPUCTHYECKOTO  IMOUCKA
NpOSIBISICTCST HE B CHIKEHUM 3HA4YeHWs IeneBod (QyHKouM, a B
YCTOHYMBOCTH PEIICHUH W BO3MOXHOCTH 00OOIIEHUs alropuTMa Ha Oosee
CJIO’KHBIE PEXMMBI U TIOCTAaHOBKH.

HyneBble 3HaueHMs CTAaHIAPTHOTO OTKJIOHEHUS LeNeBOM (QyHKIHH B
pexxume R2 00ycnoBieHsI TeM, 4TO TpH (HYUKCHPOBAHHOW CTPYKType rpada
u MacmradupyeMbeix pecypcax anroput™ 2E-ACO Bo BceX HE3aBHCHMBIX
3aITyCKax CXOOUTCA K OIHOMY M TOMY K€ JOMYCTHMOMY pPeHIeHHI0. Takum
00pa3oM, CTOXAaCTHMYECKMH XapakTep ajlropuTMa B JaHHOM pEXHME He
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MIPUBOJINT K BapHaTHMBHOCTH WTOTOBOTO 3HAYCHUS LENICBOM (DYHKIMH, YTO
MIO/ATBEPIKIAET YCTOWYNBOCTD MTOJTYYEHHBIX PEIICHUH.

[lomydeHHble pe3ynbTaThl MOKa3bIBAIOT, 4TO npu pocte | I, |
anroput™M 2E-ACO coxpaHsieT ycTOMUYMBOE MOBEIEHUE: CTaHIAAPTHOE
OTKJIOHEGHHE 3HAUCHMI IIe7eBOM (DYHKIMM 110 HE3aBHCHUMBIM 3aITycKaM
ocTaéTrcs YMEPEHHBIM Jake Ul 3ajad HauOOoJbIIeH pPa3MEpHOCTH. OTO
yKa3blBa€T Ha BOCIPOM3BOAMMOCTD KadecTBa peEMIeHHMH U  cralyio
qyBCTBUTEIBHOCTh AJITOPUTMA K CTOXACTHUECKUM (pakTopam, 4To SIBISIETCS
Ba)KHBIM CBOMCTBOM METa’BPHUCTHUECKUX METONOB [43, 44].

Amnanornysas KapTHHA HaOIIOZaeTcs IPHU aHAIW3€ BIMSHHUA YHCIa
XaboB, 4TO HIUIIOCTpUpYeTcsi Ha pucyHke 5. ITomoOHas ycToiuMBOCTH 1O
meantstd COOTBETCTBYET JIy4IIMM MPAKTHKAM OLEHKH 3BPHCTHYECKHX M
MaT3BPUCTHUCCKUX AJIrOpUTMOB JUIA JABYX3IICJIOHHBIX 3aga4
Mapupytuzanuu [1, 41].

5
18 510

—F— 2E-ACO
—F— baseline

4 5 6 7 8 9 10 1 12
L,

Puc. 5. 3aBucHMOCTb CpesHEero 3Ha4eHUs 1eIeBOH (yHKINH OT MOIIHOCTH
MHOXecTBa XaboB | I; | st anroputma 2E-ACO u 6a30Boii xaHOI SIBPUCTHKU B
pexume R2

Ha pucynkax 4, 5 3HaueHus ueneBod (yHKIUHU, TOITyYEHHBIE
anroputMoM 2E-ACO u 06a30BOW KaTHOW IBPUCTHKOH, B PsAE CIydaeB
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MPaKTHYEeCKH coBHajnaroT. JlaHHBIH 3(dekT 00ycIoBIeH HCIOIb30BAaHUEM
pexuMa MaciTabupyeMbix pecypcoB (R2), mpu koTopom orpaHuueHHs: 1O
BMECTUMOCTH TPAHCHOPTHBIX CPEJICTB HE SBJISIOTCS JOMHHUPYIOLIAMH, a
CTPYKTypa pEIIeHHH B 3HAYUTEILHOW CTENEHM OIpeeseTcss reoMeTpueit
TPAaHCIOPTHOTO rpada. B 3THX yCIOBHAX paziuyus MEXIy allOpPUTMaMu
MIPOSIBIIAIOTCS] IPEUMYIIIECTBEHHO B YCTOWYMBOCTH PEIICHHH M CTPYKType
MapIIpyTOB, @ HE B MHTETPAIbHOM 3HAUCHNH LENCBOH (DYHKIIHH.

Oo0cayxuBanue cmpoca B pexxume R2. Jloms obcmykeHHOTO
crpoca B peXHUME MacIITaOUPyEMBIX PECYPCOB MPECTaBICHA HA PUCYHKAX
6 m 7. Bo Bcex cepmsx SKCIIEpHMEHTa 3HAYCHHE II0Ka3aTels OCTaéTcs
OnMM3KUM K eIMHHIIE, 4TO MOATBEPXKAACT KOPPEKTHOCTD
OKCIEPUMCHTAJILHOTO )11/13a171Ha " MO3BOJIACT UHTCPIPETUPOBATE USMCHCHUA
LIEJICBOM (DYHKIIUHM KaK Pe3ysbTaT pa3Inydil B KAYeCTBE MapIIpyTHU3allUH, a
HE Kak CIIEJCTBUE HEXBATKU PECYPCOB.

1
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Puc. 6. 3aBucumocTs cpenHelt 1o1m 00CITyKeHHOTO crpoca served_ratio
OT MOIIIHOCTH MHOXecTBa notpeduteneii | I, | ms amropurma 2E-ACO u 6a30Boii
JKaIHOM 9BpUCTUKHU B pexxume R2
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Puc. 7. 3aBucuMoCTh cpenHeil 1011 o6y eHHoro crpoca served_ratio
OT MOIIIHOCTH MHOXeCTBa notpeduteneit | I; | ans anropurma 2E-ACO u 6a30Boii
JKaJIHOM 3BPUCTUKHU B peskume R2

CrenyeTr OTMETHTB, YTO B PEeXUME MacIiTabupyeMbix pecypcos (R2)
amroput™ 2E-ACO wu 06a3oBas jkafgHas 3BPUCTHKA JEMOHCTPHUPYIOT
MPaKTHYECKH OJIMHAKOBBIE 3HAUSHHUsSI JOJNU OOCIYKEHHOTo crpoca. ITo
OOBSICHAETCSI TeM, 4YTO NPH MPOINOPIHOHATIBHOM YBEJIMUYEHHH YHUCIIa
TPAHCIOPTHBIX CPEICTB CyMMapHasi BMECTHMOCTh CHCTEMBI IPEBBIIIAET
COBOKYIHBIH CIOPOC, © 3aJada OOCITy)XHBaHHSA TmepecTaér  OBITh
OTPaHMYMBAIOMIMM (AKTOPOM. B TakKWX YCIOBHSAX pasiuyust MEKIY
QITOPUTMAMH  TIPOSBISAIOTCS IMPEHMYIIECTBEHHO B  BBIYHACIHTEIEHBIX
3aTpaTax WU CTPYKType MapHIpyTOB, a HE B II0Ka3aTelsX MOIHOTHI
oOciyxuBanusi. HeMoHOTOHHOE TOBeneHHe mNokaszarens served ratio mpwu
YBEIMYEHWH  MOITHOCTH  MHOXECTBa  MOTpeOuTeneld  0OBICHIETCS
CTOXaCTHYECKHUM XapakTepoM TEHEpalul WHINBHIYaJbHOTO CIIpoca.
MacmtabupoBaHre 4YHCJIa TPAHCIOPTHBIX CPEACTB BBINONHSJIOCH II0
CpeqHEeMYy YpPOBHIO CIIPOCA, YTO B OTAENBHBIX PEATH3aIMAX MPHBOIMIO K
MIPEBBIMICHUIO CYMMapHOTO CIpOca HaJ JOCTYIMHOM BMECTHMOCTBIO.
JlauHbIi 5 GeKT He BIUSIET Ha BBIBOABI O MaCIITAOUPYEMOCTH aJlTOPUTMa U
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JOTIOJIHUTEJIFHO WIUTIOCTPUPYET YYBCTBHTEIBHOCTH MOJEIH K ITapameTpam
crpoca.

KoHTponb 00ciy>KMBaeMOCTH CIpoca MpU  MaclITaOMPOBaHUH
SIBJISIETCST OOIICIPUHATON NMPAKTHKOW B HMCCIENIOBAHHSX JIBYXAIIEIOHHBIX
TPAHCIIOPTHBIX 3aa4 M II03BOJISIET KOPPEKTHO CPaBHHUBATh aJTOPUTMBI MO
Ka4eCTBEHHBIM TIOKazarensam [ 1, 45].

CpaBHeHnne ¢ 0a30B0oii IBpUCTHKOIl U 00CYy:KIeHUe B KOHTEKCTe
JIMTepaTyphl. B paMkax HacToAIIEro MccienoBaHus Mo 3GPEKTUBHOCTHIO
QITOPUTMAa IIOHMMAETCS COBOKYIIHOCTh €r0 MacIITaOMpyeMOCTH IO
BpEMEHU BBIUUCICHMA M  YCTOWYMBOCTH KadecTBa pELICHUM 1O
HE3aBHCHUMbBIM 3allyCKaM, a HE JOCTIDKCHHE aOCONIOTHOTO MHHHMyMa
LIeJICBOM (DYHKIIUH.

Hnst ouenku s¢pdexruBHoctn 2E-ACO wucnone3oBajiach 0a3oBas
JaJlHasi SBPHCTHKA, B KOTOPOH MapIIPyT IEPBOTO 3IIEIOHA CTPOUJICS IO
NpUHOUIY Omwkalimero cocega, a MaplipyThl  BTOPOTO  JILIENIOHA
(dopMupoBanuch MyTEM MOCIEAOBATEILHOTO Ha3HAYEHHs IMOTpeOHTeNnei
OmmkaiimuM xabaM ¢ yd4€TOM BMECTUMOCTH TPAHCIIOPTHBIX CPEICTB.
Pe3ynbraThl cpaBHEHUS MPUBEICHBI B TAOIHIE 3.

Tabnuua 3. Cpasaenne asroputMa 2E-ACO u 6a30BO# yKaTHOH SBPUCTHKH

] | tiotar» € (RE-ACO, | tiotar» ¢ | mean (F) + std | mean (F) + std
mean =+ std) (baseline) | (2E-ACO) (baseline)

20 1.90 +0.02 ~0.01 3.75:10+0 3.75:10+0

40 2.00 +0.05 ~0.01 8.78-10° £ 0 8.78-10°+0

30 2.52+0.03 ~0.02 3.64-10°+0 3.64:10°+0

160 | 3.23+£0.02 ~0.02 7.81-10°+0 7.81-10°+0

320 | 4.06 £0.09 ~0.03 6.51-10°+0 6.51-10°+0

[Tonmy4yeHHsle naHHBIE NOKasbBaoT, uTo 2E-ACO obecneunBaer
3HAYEeHUs] LeNIeBOM (YHKIMM, HE XyJIIME IO CPaBHEHHIO C 0a30BOI
9BPUCTHUKOM, TIPH CYIIECTBEHHO OoJiee BBICOKOH YCTOWYMBOCTH PEHICHUH U
IPEACKa3yeMOM pOCTE€ BBIUUCIUTENBHBIX 3aTpaT MpH  yBEIUYEHUU
pasmepHocTH 3ajgadd. [Ipy 3TOM BBIMIPBHIN [0 KauyecTBy pELICHUN
BO3pacTaeT ¢ yBenuueHuem | [, |, 9TO COOTBETCTBYET HAOIIOACHUSIM,
TpencTaBiIeHHBIM B pabotax mo ALNS- u matheuristic-nogxomam ans 2E-
VRP, r1ae mnpenMymecTBO CIOXHBIX OSBPHCTHK CTAHOBHTCS Ooee
BBIPOKEHHBIM Ha 3a7a4ax OOJbIIel pa3MepHOCTH [42, 46, 47].

Crnenyer OTMETHTh, 4UYTO TPSAMOE YHCICHHOE CpaBHEHHWE C
copeMeHHBIMA ~ ALNS- #W  METa’BPHUCTHYECKUMH  aJITOPHUTMaMH,
NpeACTaBICHHBIMU B JnuTeparype [3, 41, 42], tpebyer otaensHON
peanu3anuy U TIIATEIbHON HACTPOMKM MapaMeTpOB U BBIXOAUT 3a PaMKU
Hacrosimie paborel. BMmecte C TeM IONydYeHHBIE peE3yJAbTaThl 110
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MaclTabupyeMOCTH, YCTOWYMBOCTH W KaueCTBY PpEILCHUH HaxomsaTcs B
JMarna3oHe, CONOCTaBUMOM C AMIIMPUYECKUMH XapaKTepHCTUKaMu, reported
JUISL COBPEMEHHBIX ABPHCTHYECKHX METOJIOB DEIICHHS JBYXOIICIOHHBIX
3a1a4y Mapupytusanuu [1 — 3, 48].

Takum 00pa3oM, BBIYHCIUTENBHBIA SKCIEPUMEHT B pexume R2
MTOKA3BIBACT, UTO MpeiaraemMsiit anroputm 2E-ACO:

1. #eMOHCTpHpYeT MpeACKa3yeMbIH pOCT BBIYHUCIUTEIBHOTO
BPEMEHH IIPH YBEIMYCHUH Pa3MEPHOCTH 3a1aqll (PUCYHKH 1, 2);

2. obecrieyuBaeT ~ yCTOWYMBOE  KAadeCTBO  PEUICHHH MO
HE3aBUCHMEBIM 3aITycKaM (pUCYHKH 4, 5);

3.  IeMOHCTpUpPYeT CONOCTaBUMOE KadeCTBO PEIICHUH 10
CpaBHEHUIO ¢ 0a30BOM JKaJHOW OJBPUCTUKOW mpU Oojiee BBICOKHX
BBIYMCIIUTEIBHBIX 3aTparax, O6yCJ'IOBJ'IeHHI)IX HUTCPALMOHHBIM XapaKTECPOM
9BPUCTUYECKOTO TIOHMCKA.

HOHy‘IeHHbIe PE3yIbTaThL MOATBECPIKAAIOT NPpUMEHHUMOCTb
anroputMa 2E-ACO ans pemieHus ABYX3IUIETOHHBIX TPAHCHOPTHBIX 3a1ad
OOINBILION pa3MEpHOCTH Ha rpadax CIOKHOW TOMOJOTHH M COINIACYIOTCS C
COBPEMEHHBIMH TCHICHIMSIMU HCCJICIOBAHUHA B 0OJIACTH 3BPUCTHYECKUX
METOJIOB MapLIPy TH3ALHH.

Crnemyer  OTMETHTH, YTO  BBIYMCIHUTENBHBIH  HKCHEPHUMEHT
MPOBOIMJICS HA CHHTETHYECKMX HMHCTAaHCaX, C(HOPMUPOBAHHBIX B
COOTBETCTBHM C JIOTHKOI paccmarpuBaeMoil mozenu. CorocraBieHHe c
KIIaCCHYECKUMU OGeHIMapKaMH JBYX3ILEJIOHHOM MapuIpyTH3alUun
paccMarpuBaeTcsl Kak HalpaBlieHWE JajbHEWIINX MCCIEeIOBaHUW U He
SIBIISUIOCH IIETIBI0  HAcToAIlIeH paboThl, OpPHMEHTHPOBAHHON Ha aHAJIN3
MacIITabupyeMOCTH U apXUTEKTYPHBIX CBOHCTB aJIrOpUTMa.

5.3akmouenne. B paGore paccMoTpeHa  JIBYXdIIEIOHHAs
TPAHCIIOPTHAs 3ajla4ya Ha B3BELIEHHOM Tpad)e ¢ TPaH3UTHBIMU BEPIIMHAMHY,
XapakTepu3ylomasics  BBICOKOW  BBIYMCIHMTEIBHOH  CIIOXKHOCTBIO U
oTHOcsmasics K kiaccy NP-TpynHbIX KoMOuwHartopHbeIX 3amad. [l eé
peIIeHUs]  TNPEIOKEH  alNrOpUTM  JABYXSIIEIOHHOW  MypaBbHHOMN
ontumm3arn ~ (2E-ACO),  opueHTHpPOBaHHBII Ha  COIIACOBaHHOE
MIOCTPOCHUE MapIIpyTOB MEPBOTO M BTOPOTO SIIEIIOHOB B PAMKAX E€IMHOTO
IIporecca IBPUCTUUECKOTO TTOMCKA.

KitoueBoli 0COOEHHOCTBIO TPEUIOKEHHOTO TIOAXOAA  SIBISIETCS
apXUTEKTYpHOE pa3zeieHne rpadoBOH M IBPUCTHYECKON COCTABIISMIOIINX
anroputMma. Vcrnonms3oBanue rpadoBod NpenoOpadoTKu Isl BBIYUCICHUS
KpaTdyailiuX IyTed MO03BOJSIET KOPPEKTHO YYMUTHIBATh TOIOJOTHUIO
TpaHCHOpTHOﬁ CETU C TpPaH3UTHBIMHU BEPUHIMHAMH, HE YBCIWYHUBAA
pa3MepHOCTh KOMOWHATOPHOW dYacTH 3a/ladud. OBPUCTUYECKUN TIOWCK,
pea30BaHHBI Ha OCHOBE MOJM(HIIMPOBAHHOTO AJITOPUTMa MYpPaBBHHON
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KOJIOHUH, OCYIIECTBISICT ONTHUMHU3AIMIO MapIIpyTOB OOOMX OBIIEJIOHOB C
UCIIOJIb30BaHNUEM pa3lelbHbIX HPOLENYp MOCTPOSHUS pelleHnd u oOreit
(YHKIMM ~ OLIEHKM KavyecTBa, YTO oOecreyrBacT COINIACOBAHHOCTD
ONTUMU3AIMHU BCEHl TPAHCIIOPTHOM CUCTEMBI.

BblYMCIIUTENBHBIM ~ 3KCIIEPUMEHT, INPOBEAEHHBIM B pEXUME
MacmrabupyeMbeix pecypcoB (R2), mpomemMoHCTpHupoBan ycTOWYMBOE U
IIpeACcKa3yeMoe MOBEACHUE aNrOpUTMa IPU POCTE Pa3MEPHOCTH 3aJa4u.
IlonmydeHHBIE pe3ynbTaThl MOKA3ald MOHOTOHHBIM POCT BBIYHCIHUTENIBLHOIO
BPEMEHM MpH YBEIMYEHWM YHCIA NOTpeOMTeNneil M XaboB, a Takke
YCTOWYMBOCTh KaueCTBa PELICHUH MO HE3aBHCUMBIM 3amryckaM. CpaBHEHHE
¢ 0az0oBOM  JKamHOW  HBPHUCTHKOM  TOATBEPOWIO  IMPEUMYIIECTBO
IIpeyIaraéMoro ajJropuTMa 0 Ka4ecTBY PELICHHH, 0COOCHHO Ha 3ajadax
OonbllIel pa3MEPHOCTH, NPU IPHEMIIEMBIX BBIYHCIUTEIBHBIX 3aTpaTax.

Crnenyer OTMETUTh, YTO B paMKaxX JaHHON paboOThl HE CTaBHJAch
3aJada MpPSAMOTO YHCJIEHHOTO CpaBHEHHS ¢ coBpeMeHHbIMH ALNS- un
matheuristic-mogxoqaMu,  NPENCTAaBICHHBIMH B JIUTEparype,  4TO
noTpedoBajgo Obl OTAENBPHOW peaju3alii W HACTPOHKH allTOPUTMOB.
Bmecre ¢ TeM moNydYeHHBIE PE3yNbTAaThl 10 MacIITaOHMPYeMOCTH,
YCTOMUMBOCTH M KAuecTBy pEIICHUIl HAXo#ATCsi B  JOWANa3oHe,
COMOCTAaBMMOM C  XapaKTEPUCTHKAMH COBPEMEHHBIX 3BPUCTHYECKHX
METOZIOB pEIIEHHS ABYXJIIEIOHHbIX 3a1a4 MapUIpy TU3aL1H.

B  nmanbHeiimieM IpeAcTaBIseTCs MEPCHEKTHBHBIM — Pa3BHTHE
MPEVIOKEHHOTO  TIOJIX0Ja B HANpPaBICHWM  paciiupeHuss Habopa
OTpaHHWYEHUIl (BpEMEHHBIE OKHA, HEOAHOPOTHBIN MapK TPAHCHOPTHBIX
CpPEICTB, MHOTONPOAYKTOBBIE IIOTOKM), a TaKke HHTerpanus Oonee
CJIOKHBIX OTIEPaTOPOB JIOKANBHOTO TMOHMCKa B CTPyKTypy 2E-ACO. Kpome
TOTO, OTAETBHBIN HHTEpeC MPEACTaBIsIeT KOMOMHUPOBAHHE MTPEIOKEHHOTO
aNropyUTMa ¢ TOYHBIMH MM MAaT3BPUCTUYECKHUMH METOAMH IS TIOJTyYeHHS
THOPUIHBIX CXEM pEIICHHWs JBYXSULICIOHHBIX TPAHCIIOPTHBIX 3alad
OOIBIIION pa3MEPHOCTH.
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R. ROGULIN
TWO-ECHELON TRANSPORT SYSTEM MODEL AND ANT
COLONY OPTIMIZATION ALGORITHM: SCALABILITY
ANALYSIS OF COMPUTATIONAL SOLUTIONS

Rogulin R. Two-Echelon Transport System Model and Ant Colony Optimization
Algorithm: Scalability Analysis of Computational Solutions.

Abstract. The paper presents a two-echelon transportation system model designed for the
analysis of distribution logistics with intermediate hubs and end consumers. The model
captures the joint optimization of trunk-level routing and distribution routing under vehicle
capacity constraints and demand satisfaction requirements. The resulting optimization problem
belongs to the class of NP-hard problems, which significantly limits the applicability of exact
optimization methods as the size of the transportation network increases. To solve the proposed
model, a two-echelon Ant Colony Optimization algorithm (2E-ACO) is employed. In the
algorithm, the solution construction processes for the first and second echelons are formulated
separately, but are coordinated through a unified objective function that incorporates
transportation costs and penalties for unmet demand. The focus of the study is a computational
experiment aimed at analyzing the scalability and robustness of the algorithm under increasing
problem size. Several scaling scenarios are considered, including variations in the cardinality
of the consumer set, the number of hubs, and the complexity of the transportation
infrastructure. Experiments are conducted under a scalable resource regime, which allows the
impact of algorithmic behavior to be isolated from resource-related effects. Reproducibility is
assessed using multiple independent runs with fixed random seeds. The experimental results
demonstrate a predictable growth of computational effort as the model size increases, while
maintaining stable solution quality across runs. A comparison with a baseline greedy heuristic
shows that 2E-ACO achieves comparable demand satisfaction levels at the cost of higher
computational time, which is inherent to its iterative search mechanism. The results confirm
the suitability of the proposed model and algorithm for the analysis of large-scale two-echelon
transportation systems.

Keywords: two-echelon transportation problem, ant colony optimization, metaheuristics,
scalability, computational experiment, logistics systems.
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V. ZINoV
HOLES PROCESSING IN VORONOI DIAGRAM WITH
RECTANGULAR SITES FOR THE COMPARATIVE ANALYSIS OF
SLAB DEFORMATIONS

Zinov V. Holes Processing in Voronoi Diagram with Rectangular Sites for the
Comparative Analysis of Slab Deformations.

Abstract. In this article, a new Voronoi diagram algorithm with rectangular sites and holes
is proposed. The algorithm is based on the existing Voronoi diagram algorithm with the Loo
distance metric by Papadopoulou E. and Lee D.-T. The new modifications of the Voronoi
diagram model include the holes processing mechanisms. The algorithm handles the distortions
in the diagram structure from the holes by using layers in the VVoronoi front called shadows and
a new type of bisectors that do not build any Voronoi edge in the diagram, but maintain the
layers of the front. The algorithm defines new events for a sweep line, keeping the general
processing in the same manner as the base algorithm. According to the results of time
consumption comparison with the previous span determination algorithm, the proposed
algorithm executes from 1.33 times faster for 75 supports up to 15.17 times faster for the
largest number of supports tested, but is slower for fewer supports and more holes. The
preliminary correlation analysis showed a significant correlation of 0.76 between the area of
the Voronoi cell and the amount of reinforcement required, as well as strong and moderate
correlation between other parameters of the cell and deformation metrics. The conclusion
outlines the current limitations of the model and algorithm for future research.

Keywords: Voronoi diagram, deformation comparative analysis, rational support
placement, correlation model, building design optimization.

1. Introduction. The support placement problem in the building
design sphere is a complex combinatorial problem [1 — 2]. A wide variety of
support plans and the occurring deformations in the floor slab above them
are the main complexity factors. The most common approach for estimating
the deformations in slabs is to use a functional approximation based on
building physics dependencies. The best-known method is equivalent frame
method [3, 1, 4 — 5], but Euler beam model [2], Young's modulus [6] and
gradient-based optimization [7] can also be used for strength estimation.
But these approaches process only columns with regular placement. There
are some studies on using neural networks to estimate deformations [8],
optimize the structures [9], or model the whole building [10].

In contrast, the comparative analysis of slab deformations uses
heuristic additive functions that do not give the exact estimation of
reinforcement needed. Instead, it builds a computationally simple and
practically correct comparative process in order to range a large set of
different support plans. This is one of the heuristic weight distribution
methods, which partition the slab into small areas [11].
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This paper introduces a new algorithm of slab partitioning via
Voronoi diagrams. The previous algorithm of comparative deformation
analysis [12] partitions the slab into span areas between supports. Then a
multiobjective genetic algorithm applies estimation on spans to find Pareto-
optimal plans [13]. However, this approach depends on heuristically
selected algorithm parameters. In contrast, Voronoi diagrams are already
used in the building design problems: to model crack distribution in
concrete [14], design facades of a building [15], or rod structures [16].

The article defines different modifications to analyze deformation in
the slab via Voronoi diagrams. A Voronoi diagram model with the
rectangular sites represents support areas of the slab. New structures in the
Voronoi diagram called "shadows" handle the holes inside the partitioning
plane via layers in a height-balanced binary tree representing the sweep line
wavefront.

The paper has the following sections. Section 2 defines the VVoronoi
diagram with rectangular sites and holes. Section 3 describes the core
algorithm handling rectangular sites. Section 4 defines a new algorithm
handling holes. Section 5 analyzes the time consumption of the proposed
algorithm and potential usage in practice. Section 6 concludes the paper
with the results. Table 1 contains the notation most used in this paper.

Table 1. Most used variables and functions

Symbol Type Description
Slab Var. Rectangular slab given by dimensions and set of holes
Holey Var. Rectangular hole by indexk=1, ..., K
T Var. Rectangular site-support by indexi=1, ...,N
T, Hole", v Edge of T;, Holey or Slab {R® — south, R" — north, R" — west, R® — east}
Slab" ar
VC;, VE; Set Voronoi cells and edges of the support T;
L Var. The current abscissa of the sweep line
Q Set The priority queue of the sweep line events
bV Var. General notation of bisector — locus of points equidistant to owners
bv Var. Bisector by rectangular sites or slab's boundary (real, border, turn)
Bv Var. Bisector of virtual type created by rectangular holes (has subtypes)
owners Fnc. Defines the owners of the bisector 4v
ep Fnc. Defines current position of some bisector 4v at the moment £
Bv Fnc. Defines a new real bisector element by one or two edges
Bv Fnc. Defines a new virtual bisector element with corresponded type
T Var. General notation of sweep line status node (AVL tree) by bisector
T Var. Node of virtual bisector which maintains shadow (Shadow)
TP Var. Copy of shadow node inside the shadow (Duplicate)
T8 Var. Node of real bisector at hole's west edge, maintains shadow (Blind)
bisector Fnc. Defines a bisector of sweep line status node T
basis Fnc. Defines a root node of shadow from shadow node 7"
end Fnc. Defines a paired shadow node of different shadow node 7"
dupl Fnc. Defines a duplicate node in the shadow of shadow node 75"
main Fnc. Defines a shadow node out of the shadow of duplicate node 7°°
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2. Problem Formulation: Voronoi Diagram with Rectangular
Sites and Holes. Given a rectangular slab Slab = <L, W, Holes>, where
(L € N, W € N) are the length and width, Holes = {Holey, ..., Holek} is the
set of holes, |Holes| = K. A hole is a rectangle Holey = <(X¢, Vi), (I, Wi)>,
where (xx € Z, yx € Z) is the left lower vertex, (I € N, wy € N) are the
dimensions. Pointp = (x € Z,y € Z) e Slab if 0 < x <L, 0 <y < W,
VHole, € Holes: p ¢ Hole,.

Given a set of supports T = {Ty, ..., Ty}, [T| = N. A support is a
rectangle T; = <(x;, i), (I, w;)>, where (x; € Z, y; € Z) is the left lower vertex
and (l; € N, w; € N) are the dimensions. A union of rectangles is R' = Holes U
T U {Slab}, where R € R' = <(Xg, Yr), (lr, Wr)> is a rectangle. The edges of
any R are denoted R" € {R%, R", R", R}, where R® = ((Xr, Yr), (X + lr, V&) is
the south edge, R" = ((Xg, Yr + WR), (X + Iz, Yr + Wg)) is the north edge,
RY = (%, Yr), (X, Y& + Wr)) is the west edge, R® = (g + Iz, Yr), (X + Ik, Y& +
Wg)) is the east edge.

Integer constraints of position and dimension reflect the arrangement
requirement for building structures, yet the coordinate system remains
continuous. Current research sets the following geometric assumptions:

1. No intersection or overlapping between holes: YHole;, Hole,
Holes: Hole; m Hole, = &, Hole, # Hole,;

2. No intersection or overlapping between holes and supports:
VHole, € Holes, VT, e T: Hole; " T, = &;

3. Supports cannot overlap each other but can have an adjacent edge:
VTl, T2 eT: TlﬁTZZQOI’TlmTZZTUZ Tu:TU1 (S T]_:Tuz € Tz, T]_?I:Tz,

4. Slab restriction: VR e R: 0<Xg <Xg + IR <L, 0<yg <yr + W <W.

Let us denote the distance metric as d(p;, p») € R, p; and p, € Slab.
The distance between support and some point on the slab is calculated as:

d(p,T;) = min{d(p,p"),Vp'€ T;}. ))
The distance between edge R" and point p is defined as in (1):
d(p,R*) = min{d(p,p"),Vp' € R*}.

The distance between two edges R"* and R“ can be computed via
corner-to-edge sampling and is determined by:

d(R*1, R*?) = min{d(p,, p,),VYp, € R*,Vp, € R*?}.
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Definition 1. The requirements for distance metric with holes: if py, p,
e Slab and 3Holey € Holes: (p1, p2) N Holey # &, then d(py, py) is defined as:

d(p1, p2) = min(d(py, V1) + dWk1, Vk2) + d(02, Vi2)), 2

where v, and vy, are vertices of Hole, from set {(X«, Vi), (X + & Vi),
(% + Ly Vi + W), (X Yk + W)} which satisfy following conditions:

o (p1, Vin) N Hole, = vig, (P2, Vie) N Holey, = vie;

® Vg = Vio Or (Vi, Vi) = Hole" — edge of Holey.

It is required to find a Voronoi diagram of Slab by T, defined as
VD(T) ={VC;|i=1, ..., N}, where VC; is a Voronoi cell of the support T;:

VC; = {p € Slab:d(p,T;) < d(p,T)),VT; € T, i # j},
with distance metric requirement by equation (2). Voronoi edges of site i is:
VE; = {ve = (py,p,)|3T; € T:d(p,T;)) = d(p,T)),i # j, Vp € ve}.

The next sections discuss algorithmic approaches applicable to this
problem formulation and present a new algorithm based on it.

3. The Core Algorithm: Voronoi Diagram with Rectangular
Sites. The most well-known algorithm for the VVoronoi diagram is Fortune's
algorithm [3]. Site points determine events of changes in the diagram
structure. But the rational support placement problem requires rectangular
sites and the mechanisms for processing holes. The current section explores
existing algorithms for Voronoi diagrams with rectangular sites.

3.1. Existing algorithms with rectangular sites. One application
area of VVoronoi diagrams with polygonal sites is the path-finding problem
[18 —19]. The goal is to find a shorter path between polygonal obstacles.
The polygonal obstacles define a set of point-sites on their edges with a
certain step. Then Voronoi cells of sites with the same edges are united into
one cell of the obstacle. On the one hand, the approach allows a high-
detailed Voronoi structure. But because it is only the preliminary step of the
optimization path finding algorithm and is executed only once, its main
disadvantage is the time consumption, which increases as the decomposition
step decreases and, consequently, as the diagram accuracy improves.

The previous research [13] has proposed a multiobjective genetic
algorithm (MOGA) to find a Pareto-optimal set of rational support plans.
The experiment of comparison with other MOGA set the iteration count to
375 and the number of plans to 350. Thus, it is critically important to have
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as little time per iteration to build a diagram for a support plan as possible,
even at the expense of diagram accuracy.

The different approach is implemented by E. Papadopoulou and D.T.
Lee (EP&DTL) [20]. The algorithm handles the rectangular sites without
additional division into points and uses the L., distance metric. The sweep
line algorithm processes events using each vertical edge of rectangles that
allows constructing the VVoronoi diagram with a larger number of rectangles
and simplifies the adaptation of the algorithm for new events and structures.
Thus, the present paper uses the EP&DTL algorithm as the core algorithm.

The EP&DTL algorithm finds the shortest critical areas on integrated
circuits, such that which the plane of the diagram is connected everywhere.
But the floor slabs can contain openings for different systems. Therefore, to
correctly reflect the construction process, it is necessary to include a
mechanism for processing rectangular holes in the VVoronoi diagram.

3.2. Distance and bisector definitions. The EP&DTL algorithm
uses the L, distance instead of Euclidean, which simplifies Voronoi
diagram calculation. Further, all the rules and conditions set in Section 2 use
the L., distance metric defined below:

d(pl' pZ) = max(|x1 - le, |y1 - yzl) ,Vpl =
(x1:}’1),p2 = (x2:)’2) € Slab.

One of the main structures used in the EP&DTL algorithm is a
bisector 6v. There are four general definitions that will be used further in

the text. First of all, the main definition of the bisector as the locus of points
at equal distance from two different edges:

bv = Bv(R*Y, R*?) = {p:d(p, R*') = d(p,R*?)}. 3)
Secondly, the bisectors that represent edges of the elements:
b4v = Bv(RY) = {p:d(p,R*) = 0}. 4

Given a position of the vertical sweep line L, the current position of
bisectors ep(#v) (from equations (3), (4)) is equidistant from the sweep line:

ep(6v) =p € bv:d(p,R*) = L — x,, VR" € owners(6v), (5)
where owners(4v) are the edges given in the creation function of the

bisector 6v.
The third type is a bisector that represents a single point:
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bv = Bv(R*, R*?) = {p:d(p, R**) = d(p, R*?) = 0}. (6)
The current position of such bisector (6) is always the same point:
ep(6v) =p € bv. @)

The last type is a bisector that depends on the edge of one element
R"! and lies on the edge of another element R*%:

v = Bu(R“, R¥?) = {p:d(p, R*?) = 0}. (8)

The current position of this bisector from equation (8) is equidistant
from the first owner and the sweep line position:

ep(6v) = p € bv:d(p,R*") = L — x,, R*' € owners(6v). 9)

The creation function of the bisector types described further is set as
one of the equations above or is defined additionally.

Conditions given in the bisector creation define the locus of points
depending on the owners. Condition given by the current position defines a
point depending on the owners and the sweep line position. The EP&DTL
algorithm uses definitions of bisectors from (3) and (4) and the current
position from (5), while others are used in the further modifications.

3.3. EP&DTL algorithm: the core algorithm definitions. Let us
call bisectors induced by supports as real bisectors with denotation bv. The
EP&DTL algorithm uses real bisectors equidistant from two support edges
T** and T;"®, which can be defined by equation (3) as bv = Bv(T;", T;?), and
a support horizontal edge T;" € {T;*, T\"}, which can be defined as a bisector
by equation (4) as bv = Bv(T;").

A sweep line status T is a node of height-balanced binary tree
consisting of a bisector:

T = (bisector, left,right), (10)

where bisector(T) is the bisector of T°; left(T), right(T) are the left and right
nodes of 7.

The wavefront maintained by the tree contains segments between two
consecutive nodes. If bv = bisector(7), then the current position of the node T
is denoted as ep(T) = ep(bv). The key of the node T in the tree equals the
ordinate of its current position key(T") = Yeppy)- Then next(J") and prev(7) are
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the next and previous nodes of node 7 in the tree determined by key(7). This
article implements a standard AVL tree for the sweep line status T

If owners are parallel in terms of coordinate, then the current
position should be a point with the smaller maximum difference by another
coordinate (Figure 1) that sets the unique current position. But there is an
issue in the algorithm with west edge alignment; we discuss it later.

Ly | in
notep; |

.-, T
|

Fig. 1. Inexact current position with horizontal (left) and vertical (right) alignment

Finally, Q is a priority queue of diagram events. The EP&DTL
algorithm defines three types of events: West Edge, East Edge and Spike.
The type of some event g € @ can be obtained by the function type(q):

type(q) = {West Edge, East Edge, Spike}. (11)

West Edge and East Edge events occur as the sweep line reaches the
edge of the site. Their priority equals the abscissa of the edge. West Edge
event fixates part of the wavefront between intersection points, using
bisectors induced from edge vertices, and creates two bisectors at these
points and two bisectors at horizontal edges. East Edge event removes
bisectors at horizontal edges and inserts two bisectors from edge vertices.

Spike event gs, occurs when two bisectors bv; and bv, intersect at a
point ps, = bvy M bv,. The priority of the Spike event gs, in the original
paper [20] is the position of the sweep line £ that is equidistant from pg,
with abscissa xsp and the common owner of the bisectors Ts, = owners(bv,)
M owners(bv,):

Priority(qsp) = Xsp + d(Psp, Tsp)- (12)

The Spike event removes bv; and bv, and creates a new bisector at
Psp. Both bisectors must still be in 7" or the event should be ignored, which
can be done by keeping a flag of removal state for each node 7.
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The uniqueness of the current position from Figure 1 occurs
differently for west and east vertical alignment. East alignment can be
processed in the Spike event of east bisectors, with a new horizontal
bisector. For the case of west edges, the condition is more complicated,
especially with distortions by holes. One of the ways to handle the problem
is to build the Voronoi diagram twice, flipping the abscissa of the slab
elements, collecting edges from both diagrams and connecting disjoint
Voronoi vertices. Section 5.2 considers this method and its limitations,
while an applicable approach is a subject of future research. Figure 2
illustrates the problem of VVoronoi edges' asymmetry.

—
- Current
N wavetront
" %
. ]
=P
Bisectors of
wavefront

Fig. 2. Asymmetry in VVoronoi diagram by edges alignment (shown by circles)

Voronoi
edge

Wavefront
under
fixation

—_—
Fixatioif
bisectors

3.4. Slab boundary condition. Processing of slab boundaries during
the sweep line algorithm in the L, distance metric needs some
modifications.

Definition 2. A bisector representing the slab horizontal edge
Slab" e {Slab®, Slab"} is called a border bisector and is defined by equation
(4) as bvgg = Bv(Slab"). By equation (5) its current position follows the
sweep line.

Definition 3. A bisector representing the slab west vertex of a
horizontal edge Slab" e {Slab®, Slab"} is called a turn bisector and is
defined by equation (6) as bvr, = Bv(Slab", Slab).

The real bisector bv induced by support edge T** and lying on the
slab edge Slab“? is defined by equation (8) as bv = Bv(T"*, Slab"?). Then its
current position is computed by equation (9) depending on T;"..

Initially the sweep line status contains a pair of border bisectors for
slab horizontal edges and a pair of turn bisectors at slab west vertices.
Border bisectors always lie in the extreme positions in the AVL tree T.

Let us denote a Turn event of intersection between a real bv and a
turn bvr, as g, Where X, is the abscissa of the turn bisector position
ep(bvy,). Then the priority of the Turn event is calculated as:
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Priority(qrm) = X1 + d(ep(bvry,), owners(bv)).

The Turn event shown in Figure 3 removes bv and bvy,, and inserts a
real bisector on the slab horizontal edge bvne, = Bv(T“, Slab*?), where
T"' = owners(bv) \ owners(bvrrm), Slab"? = owners(bvry,) \ owners(bv).

Border and turn bisectors prevent violation of slab boundary. The
accepted EP&DTL algorithm and proposed boundary process allow using
Voronoi diagrams for simple building plans. The next section introduces
holes processing in the Voronoi diagram to expand the scope of application.

va ql e !
byyin bvBra " : 127 b"Br_d
'z, 'c,
! |
! |
|
. I _
| |
varn bvBrd b VTrn bv .
8 | = lE rd
. . & R i | el |
Initial step Fixation operation Turn event Results of event

Fig. 3. Example of border and turn bisectors, Turn event (fixation shown in green)

4. Holes processing in Voronoi Diagram. Unlike supports, holes do
not fixate wavefront segments but "shadow" them. Bisectors of a hole do not
define edges in the VVoronoi diagram, but instead determine shadow layers of
other bisectors. Therefore, this section introduces new types of bisectors, a
new structure of the wavefront with "shadows" and new types of events.

Let us define a real bisector bv with the owner T;"* on the hole edge
Hole" by equation (8) as bv = Bv(T;", Hole"?).

Besides, let us define an additional real bisector bv with support edge
owner T;" that is directed from the vertex v, of Hole, by a set of conditions:

bv = Bv(T,vy) = {p:d(p, T{") = d(vi., T*) + d(p, vi);
if x, = x; then x, # x,,, ¥, # Vs (13)

. . L
else sign(y, —¥p) = sign(yp — Yk — 5)}-

The current position of the additional real bisector is calculated by
equation (5) with T;" being the only owner. Such additional bisectors occur
in some cases when a real bisector lying on the hole edge reaches its vertex,
maintaining distractions from holes.
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4.1. Virtual Bisectors in the Voronoi Wavefront. Let us call
bisectors induced by holes virtual bisectors gv. Virtual bisectors determine
the tree layer of other bisectors. The first virtual bisector owner is always a
hole. There are four types of virtual bisectors with different behaviors.

Definition 4. A virtual bisector, which represents the hole horizontal
edge Hole' e {Hole®, Hole"}, is called an edge virtual bisector and is
defined by equation (4) as Sveage = BVedge(Holey") = Bv(Holey"), where
Bveqge denotes the edge virtual bisector creation function.

Definition 5. A virtual bisector at hole vertex with horizontal edge
Hole? e {Hole, Hole"} and vertical edge Hole,? e {Hole,", Hole,%} is
called a corner virtual bisector and is defined by equation (6) as Svcomer =
BVcomer(Hole™, Hole"?) = Bv(Hole ™, Hole,"), where Bvcomer denotes the
corner virtual bisector creation function.

Definition 6. A virtual bisector induced with hole adjacent edges
starting from point p,, € Slab is called an inward virtual bisector:

By, (Hole}!, Hole¥?, R¥3,p,,) = (14)
{p:d(p,Hole}') = d(p, Hole"?)},

where Hole™ € {Hole,”, Hole’} is the hole vertical edge; if Hole,"" is a
west edge then Hole” e {Hole, Hole,"} is the hole horizontal edge; else
Hole" e {Hole™, Hole*"} is an extension of the horizontal edge from the
vertex: Hole™ = ((x + I, Vi), (X + 2+l i), Hole™ = (X, Yic + Wi, (X, Yic +
2'w); R® e R U {&} is the owner of the wavefront segment in py, if it
exists. The owner R™ affects only the definition of the wavefront segment
owner, while p,, affects only the current position.

Inward virtual bisectors can be passive pvy,p or active pSvina
depending on the wavefront owner R* in p,,. For a passive inward virtual
bisector Svi.e the third owner R* can be a slab, a hole edge or none. The
current position of a passive inward virtual bisector gv,.» always equals pj,:

ep(BVina) = Pin- (15)

Active inward virtual bisector fvi,a moves to the vertex of the hole
and its third owner R can be a support edge owner or none. The current
position of an active inward virtual bisector fvi,a is obtained by a complex
equality condition with an artificial sweep line Lay:

ep(BVima) = P € Bvma: d(p, Hole™) =

Lare — Xp, VHole" € owners(Bvma), (16)
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where Loy = L — Ly + 2%, — X; Ly, is the position of £ at the moment of
SVina Creation; x;, is the abscissa of py,; X, = Hole,"™™ m Hole" is the abscissa
of the vertex.

Let us denote the creating function for a passive inward bisector as
Bv),p and for an active one as Bv,a; both are defined by equation (14), but
create different types of inward virtual bisectors.

Definition 7. A virtual bisector lying parallel to the hole horizontal
edge Hole™ e {Holeg, Hole "} is called an outside virtual bisector. The
behavior of an outside virtual bisector depends on its position: bounded by
another hole or slab edge, or free. In the first case the outside virtual
bisector is called limited and is defined by equation (8) as Avou =
Bvou (Hole™, R%) = Bv(Hole™, R*?), where Bvoy is the denotation of the
outside limited virtual bisector creation function, and R* is the edge of
another hole or slab.

In the second case, when the position is free, the outside virtual
bisector is called wide and is defined by equation (3) as
Pouw = BVouw(Hole, R = Bv(Hole ", R*), where Bvoww is the
denotation of the outside wide virtual bisector creation function, R* is the
edge that owns the wavefront segment in the beginning point poy, a support
or hole, or an artificial rotated copy of Hole,"* denoted as Hole* if there are
two owners of the wavefront segment:

Hole x (Holel, pou) = ((x %,y %), (x %,y * +5 - ), an
X *= 2 Xou — X3 Y *= 2 Your — Vi S = SIN(Your — Yic)-

where (Xouw, You) = Pout; (X« V&) are the coordinates of Holey, Iy is the
abscissa dimension of Hole,, that contains edge Hole,": Hole,™! € Hole,.

Table 2 summarizes the bisectors notation. Section 4.3 sets selection
rules between specific creation functions. Once a virtual bisector is created
it does not change its type. New inward or outside virtual bisector can be
recreated with a new subtype and position.

Table 2. Notations for bisector creation and current position functions

Creation | Description [ Position | Eq.
Real bisectors — induced by supports, set edges of the Voronoi diagram during fixation
Bv(T", T Bisector between edges of different supports 3
Bv(T", i) Bisector between edges of one support . ©)
Bv(T") Bisector along support horizontal edge ®) (4)
Bv(T:", p) Additional bisector from hole vertex (13)
Bv(T;"}, Slab®?) Bisector along slab edge
Bv(T"%, Hole") Bisector along hole edge ©) ®)
Border and Turn bisectors — maintain slab boundary during intersection and fixation
Bv(Slah") [ Border bisector along slab horizontal edge [ 6 [ ®
Bv(Slab”, Slab'd) | Turn bisector at the slab west vertex [ @ 1 6
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Creation [ Description [ Position | Eg.
Virtual bisectors — induced by holes, maintain shadows from the holes during intersection and fixation
Bveage(Hole") Edge bisector along hole horizontal edge (5) 4)
BVcormer(Hole™, Hole'?) Corner bisector at the hole vertex (7) (6)
Bvinp(Hole™, Hole", Hole™, Passive inward bisector on some hole edge
In,
BVmp(HOIekull? I-)Iole”z, Slab®, Passive inward bisector on some slab edge (15 (14)
pln)
Bvipa(Hole,, Hole", T p) | Active inward bisector of support segment owner (16)
Passive or active inward bisector without segment 15
Bvip(Hole,"™, Hole””, @, pin) owner depending on sweep line momengt ElG;
Bvou (Holey™, Hole'?) Outside limited bisector along hole edge
Bvou(Hole,™, Slab*) Outside limited bisector along slab edge ©) ®)
Bvouw(Hole™, T%) Outside wide bisector with support segment
owner
Bvouw(Hole™, Hole"?) Outside wide bisector with hole segment owner ®) ®)
Bvouw(Hole", Hole®) Outside wide bisector with two segment owners

4.2. Shadows in the Voronoi Wavefront.

Definition 8. A shadow of the height-balanced binary tree is an inner
equivalent tree between two nodes from the original tree called shadow
nodes. Shadow node with virtual bisector v is defined by:

TS0 = (bisector, left, right, basis, end, dupl),

where bisector(7°") = pv is the virtual bisector of 75 left(7"), right(7°")
are the left and right nodes of 75" basis(7°") is the root node of the
shadow; end(7°") is the pair node on the opposite side of the shadow;
dupl(7%") is a node copy of 7" inside the shadow which is called a
duplicate node.

Definition 9. A duplicate node of some shadow node 7" is:

TPP = (bisector, left, right, main),

where main(7") = 75" is the shadow node of T°%; bisector(7°F) =
bisector(7°") is the virtual bisector of 7°°, the same as 7°; left(7""),
right(7°%) are the left and right nodes of 7°°, one of which is always &
because the duplicate node is the last node in the shadow.

Duplicate nodes ensure the exit of a bisector from the shadow
through the intersection events.

The definitions of shadow and duplicate nodes extend the definition
of real nodes from equation (10). Figure 4 shows an example of an AVL
tree with a shadow layer in it.

Let us call nodes neither Shadow nor Duplicate Flat nodes TF.
Shadow structure should provide a unique intersection between west-
directed bisectors and the wavefront segments. Multiple intersection points
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appear, because a hole should let the intersection be found on any of its
edges or behind it. Therefore, a triple form of the hole shadow is proposed:
upper and lower outer shadows and an inner shadow covered by them both,
as shown in Figure 5. Inner shadow tracks the wavefront reaching the west
edge of the hole. Outer shadows preserve the L, structure of the wavefront
and maintain a unique intersection.

nodes

Shad
nodes

___.ASpecial
arcs

Fig. 4. An example of AVL tree with shadow

Imi | [Swe
- Suo K
’DutW | ¢DP\ |
Outer WSH Outer .
Shadow R <D R Shadow | 4
| Edge M \F “'s_Corne Edg .
Inner Cornr Inner Real . Corner |
St stivdow | Hole > [ Hoe ]
| Edge e ,’F D§7 |SH Shadoy : Corner  Edg¢ |
Outer *.DP. Outer ° Outer :
_/ Shadow PP shadow | Shadow/” |
'Qutw | D | W |
. SH . .
InA | | |
Initial step Intermediate step Final step
Initial types of virtual bisectors | Nodes types and positions Final types of virt. bisect.

Fig. 5. lllustration of shadow structure; old shadow nodes are shown in green

Inward virtual bisectors enclose the inner shadow and, if active,
move to the west vertices corner virtual bisectors. Outer shadow is active
until the sweep line reaches the hole east edge, then it becomes inactive. In
the active state, the outer shadow is enclosed between an outer virtual
bisector and an edge virtual bisector. Inactivation replaces the outer virtual
bisector with an inward virtual bisector directed to the hole east vertex
where the corner virtual bisector lies.

The sweep line algorithm adds the inner shadow and the outer
shadows when the sweep line reaches the west edge of a hole. To add a
shadow, the algorithm should find the beginning positions of shadow nodes
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and insert them, keeping nodes of the wavefront between them in the
shadow using the basis node with duplicate nodes appended there. Shadows
can contain each other entirely if both shadow nodes of another shadow are
inside it, or partly if only one shadow node is covered.

Shadow nodes can be recreated separately retaining the same end
and basis. The outer shadow is removed entirely when some real bisector
reaches the east vertex of a hole. Inner shadow behaves differently: its
shadow nodes can be removed, yet the shadow should still exist, which can
be handled by a new type of nodes with real bisectors moving along the
west edge of a hole.

Definition 10. A node with a real bisector bv lying on the west edge
of the hole and being the last node in the inner shadow is called Blind Node:

= (bisector, left, right, basis, end),

where bisector(72") = bv is the real bisector of 75; left(7®%), right(7®") are
the left and right nodes of 7" one of which is always & because the blind
node is the last node of the shadow; basis(7®") is the root node of the
shadow; end(7®") is the pair node on the opposite side of the shadow. Thus,
the end function can set a paired shadow node outside of the shadow or a
blind node inside it.

Figure 6 shows an example of the diagram and AVL tree structure
when some inner shadow node is removed and a new blind node appears.

If the algorithm removes a blind node, it creates a new blind node at
the same point or recreates the last node in the shadow as a new blind node
with the same end and basis. When two blind nodes intersect, the algorithm
removes the inner shadow entirely.

Removing the shadow node (InA;) [ An inserted blind node (bvg;)
4‘ MAIN TREE x R MAIN TREE
InA2 . ‘ InA,_
d RS
by, ’— -nA <€ 'im by " g—
>'0 Corner .0’; Corner
2 |h ' 2
Hole *., |Hole
In Al(‘ornerl by
\\ bvnew\‘
~
BISECTORS NODES
—+ Real ™ Blind Flat ! Duplicate | «+—  Child
A :
> AR O wedt Cor, Shadow Blind | ¢~ Special

Fig. 6. lllustration of a blind node behavior in the diagram and the tree
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4.3. Operations on the Wavefront. Let us determine the type
operator of nodes such as 7" and any, real or virtual, bisectors such as 4v by
the function type:

1) Nodes: type(T) e {F — flat, SH — shadow, DP — duplicate, BL —
blind};

2) Bisectors: type(#v) € {R — real, BD — border, TR — turn, VE —
virtual edge, VC — virtual corner, VI — virtual inward, VO - virtual
outside}.

There are some corollaries of the shadow structure and blind nodes:

e ifmain(T®") = 7% then dupl(7°") = 7°F,

o if dupl(™®) = 7" then 7°° € basis(T°"),

o iftype(T,) e {SH, BL} and type(T,) € {SH, BL}:

e ifend(7,> B = 7 then end(T°H " BY) = 7,
e ifend(T,°" B4 = T, then basis(7,*" B = basis(7,> &),
o ifend(,*" B = 7, and key(T,) < key(T’,) then:

VT € basis(7;): key(7;°F "Bl < key(T) < key(7,°F °7BM).

Shadow and blind nodes should track changes on the basis. In
practice, it is useful to have a reference to the basis with handlers of
changing events. Besides, to avoid significant time consumption when
computing distances with the holes condition (2) in practice, it is useful to
keep a distance value of the bisector beginning point using the distance
value of a former bisector or by a value itself.

Algorithm 1 defines the intersection of bisector 4v' and node 7" with
an inclusion flag f € {-1, 1} as Intersect(éV', T, f). If nodes lie on bisector
4V', then the function finds the node with the lowest or highest abscissa,
depending on f = 1 or f = —1. If all such nodes are at the same point, then the
function returns the leftmost or rightmost node depending on f.

The function Between seeks the set of nodes in the tree T between
two points piow and py, € Slab, such that y,, > Yiow, as defined:

Between(T, pupr plow) = {:T, € lelow < key(:T') < yup}- (18)

The operation searches for nodes whose keys are between the given
points and goes through the tree using the left and right functions until
conditions are met with O(log n + k), where n is the count of nodes in 7" and
k is the output size.
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Intersect(6V', T # O, f e {-1,1})

1. if ep(T) lower &v' and ep(next(T")) lower 6v' then

2. return Intersect(6v', right(T), f) > seek intersection upper
3. if ep(T) upper &v'and ep(next(T)) upper &' then

4, return Intersect(6v', lefl(T") , f) > seek intersection lower
5. if ep(T) lower &v'and ep(next(T")) upper 4v'then

6. return &v' N (ep(T), ep(next(T))) > intersection point found
7. ifep(T) € Hv'then > one or both lie on bisector
8. Tbase «— T, T «— {T°}, prase «— ep(T"), T" «— prev(T’)

9. else Tvase < next(T), TO" «— {next(T)}, poase «— ep(next(T)), T" «— T

—_
o

. add to 7o all nodes from left to right that lie on .6v' by left and right from Tbase
. Tast «— TOn.Last(), Trirst «— TONFirst(), pLast «— ep(TLast), Prirst <— €P(TFirst)

=N
N

12. if (3T € T ep(T™*) # poase and SgN(XLast — XFirst) = f) OF (Xvase + 1, Ybase — f) € Hv'then
13. return JLast D> return the rightest node
14. else return Trirst D> return the most left node

Algorithm 1. Intersection operation

To create some types of bisectors we need to know an owner of the
wavefront segment: real bisectors with two support owners; real bisectors
on a hole or slab edge; additional real bisectors; outside virtual bisectors;
inward virtual bisectors. The wavefront segment inside 7" at point p with a
choice flag f € {-1, 1} is Segment(T", p, f):

Segment(T,p) = {(7,T;) | key(T}) <y, < key(T3);
, , g"llg-'Z E T; , (19)
T, =next(7;),f =—landep(T}) #por f =
1 and ep(7;") # p}.

The function Owner(T, p, f) gets owner of the wavefront segment:

Owner(T,p, f) = {R*|R"* € owners(T;") N owners(T;"); (20)
7,7, €T, (3, 7;) = Segment (T, p, )}

The function Owner most of the time gives one owner, except for:

e if p lies between inward virtual bisectors inside the inner
shadow, then the segment has two owners: the west edge of the hole and the
same third owner of the inward bisectors;

o if p lies between an inward virtual bisector and a west corner
virtual bisector of the same hole, then the segment has two owners: the west
and horizontal edges of the hole;
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e if p lies between a passive inward bisector without a third
owner and a west corner virtual bisector of a different hole, then the
segment has zero owners;

e if p lies between an inward virtual bisector and an outside
virtual bisector of the same hole, then the segment has two owners: the
horizontal edge of the hole and the third owner of the inward virtual
bisector equal to the second owner of the outside bisector;

e if p lies between an active inward bisector with a support owner
and a real bisector at the edge of the same hole, then the segment has two
owners: the horizontal edge of the hole and the support edge owner.

In some other cases, there can be two or zero owners of the segment,
yet such segments should never hold a new bisector and should not allow an
intersection to pass through. The first case above can happen only for real
bisector creation, and the second and third cases only for virtual creation.

Let us define the creation functions of bisectors at a point p on the
wavefront with node T with direction flag f € {-1, 1} by rules for each
bisector type. Because the function Segment has O(log n) time complexity,
therefore the function Owner and creation functions have O(log n) time
complexity as well.

With the function Owner returning one owner, except for the first
case above, the function Creater(7, T;", p, f) creates a real bisector:

e if |Owner(T, p, f)| = 1 then return Bv(T;", Owner(T, p, f));

o else T, e Owner(T, p, f), Tj € T: return Bv(T\", T;*).

For the inward virtual bisector two owners are given. The function
Create;,(7, Hole,", Hole", pyy, f) is defined:

e if|Owner(T, pin, f)| = 1 and T** € Owner(T, py, f): T € T then
return Bvi,a(Hole ™, Hole", T, pin);

o else if [Owner(T, pi, )] = 1 and R" € Owner (T, pin, f): pin € R
then return Bv,»(Hole,"", Hole*?, R, piy);

e else if |Owner(T, py, f)] # 0 and Hole,' € Owner(T, py, f): £ >
X + | then return Bvj,a(Hole,™, Hole™, &, pir);

e return Bv,p(Hole ™, Hole"?, &, pin).

For the outside virtual bisector, one owner is given, while the second
is the wavefront segment owner. If there are two or zero owners, then we
need to build an artificial edge owner by equation (17). The function
Createoy(T", Hole", p, ) with the inducing owner Hole," is defined as:

o if |[Owner(T, p, f)] # 1 then return Bvguw(Hole",
Hole*(Hole ", p));

e elseif R" € Owner(T, p, f): p € R" then return Bvg, (Hole ", RY);

e else return Bvouw(Hole, Owner(T, p, f)).
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The function Form(7°") returns a form of the shadow by a shadow
node T°: if type(bisector(T°")) e {VE, VC} or type(bisector(end(7T"))) e
{VE, VC}, then Form(7°") = Outer; else Form(7>") = Inner.

The function Insert(7, 6v) adds bisector 4v to the tree T with node
type t € {F, SH, DP, BL}. If the function inserts a shadow node, then it
inserts a duplicate to the shadow of it as well. The function Insert(T", Svy, fv»)
adds a shadow from the virtual bisectors v, and Bv, into tree T keeping nodes
between them and their duplicates into the shadow. When inserting a shadow
node 7" of an inner shadow, we bond it with its pair using Inner(Hole,, f) =
75" f=—1 or 1 for the lower or upper node; if the wavefront reaches the west
corners of Holey, then Inner(Hole,, f) = &.

The function Voronoi(T;, (p1, pP2)): VEi.Add((ps, po)) fixates (py, py) for
site T;. Algorithm 2 describes the function Voronoi(7 e, Tprevs Trixs &, b) adding
a Voronoi edge between nodes or a node and a point if a or b # & by T

Voronoi(Tnext, Tprev: Tnext = next(Tprev), Tix € T, @ € Slab U {}, b € Slab L {J})
1. setprextas aif it is given or as ep(Tnext) otherwise
2. setpprevas bif itis given or as ep(Tprev) otherwise
3. if Tmid” € owners(T prev)Mowners(Tnext): Tmid € T and Tmig # Tix then
4, Voronoi(Trid, (Pnext, Pprev)), Yoronoi( T, (Pnext, Pprev))
5. if Rmi¢” € owners(T prev)NOWNers(Tnext): Pprev € Rmid and prext € Rmic” and Rmig ¢ T then
6 VOI’OﬂOi(Tﬁx, (pnext, Pprev))
Algorithm 2. Adding a VVoronoi edge between two nodes

The function Fixate(6v') fixates a Voronoi edge by a real bisector -6v'
with two different owners. The function creates a Voronoi edge for every
support owner from the beginning point to the current position of the bisector
ep(6Vv). The function Remove(T, T") deletes T from T and fixates it:
T.Remove(T™"), Fixate(bisector(T™)).

The function Bvi,q(7°") sets an intersection bisector of 7°", outside
or inward. If Hole, e Hole is the hole of 7°" and end(T%"),
Peng = ep(end(T°1)), type = type(bisector(7°H)) e {VI, VO}, then:

e iftype = VI then return Bv(owners(7>")) without third owner;

e else return Bv({(Pens, (X + I YK)), (Pend; (Xends Yk + Wi))}) —
sets the bisector from the position of the paired shadow node.

The function Front(7";) defines a root of the tree by searching for the
leftmost node T i, from 1. If type(Tmin) € {DP, BL}, then the function returns
a basis from the shadow or blind node. Else it returns a root of the main tree 7.

Algorithm 3 describes the function Relocate(7', 7, p) finding a new
bisector for 75" with an outside or inward bisector in position p of the tree 7.
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Relocate(T # &, TSH: type(bisector(TsH)) e {VI, VO}, p € Slab)
f — sgn(key(TSH) — key(end(TSH))), set Holex*! as the edge inducing the bisector of 77SH
if type(bisector(TH)) = VI then
set Hole'2 as the second edge inducing the bisector of 77SH
return Createin(T", Holex!!, Hole“, p, f) > return inward bisector
else return Createou(7", Holex'", p, f) > return outside bisector
Algorithm 3. Relocation of outside or inward virtual bisector

a0~

The function Inject(T, 75", p) inserts a relocated shadow node of the
previous shadow node 7" into the tree 7" at position p: Trew" = Insertgy (7,
Relocate(7, 7", p)), end(Tew-") = end(T").

Algorithm 4 defines the function Swap(T, T, ) swapping
shadow nodes main(7;°") and 7,°" with inward or outside bisectors in tree T":

DP SH
1 TZ

Swap(T # &, T1PP, T2%1 e basis(main(T1PF)))

1. T4SH «— main(T1P), p1+ < Intersect(Bvinsa(T+1%), basis(T25H), 1) > new position of 77451
2. set (pup, pLow) as (ep(T2%H), pr) if key(T+15H) < key(T72%H) or vice versa otherwise

3. Twn « Between(basis(T2%H), pup, pLow)

4. PBvr — Relocate(basis(T251), T18H, pr),

5. Pvor < Relocate(T", 7251, ep(T1PF))

6. Remove(basis(T2H), VT* e Jbtwn)

7
8

Remove(basis(T2H), dupl(T25H)), Remove(basis(T15H), T725H); > remove T8
. Remove(basis(T1%H), T1PP), Remove(T", T15H) > remove 741
9. T2SM «— Insertsu(T", Bvz), end(T2-SH) = end(T25H) D> relocate 725M to T
10. T1S1 «— Insertsu(basis(T>"), Bvr+), end(T++SH) = end(T+SH) D> relocate T+ into T2+SH
11. Insertypeg)(basis(T1+H), VI* e Jotwn) D> reinsert nodes of Jbtwn
12. return (J71+SH, Jp:SH, gbtwn) > relocated nodes and 7otwn

Algorithm 4. Swapping shadow nodes in tree

Algorithm 5 defines the function OnShadow(T,,, f € {-1, 1}) giving
a shadow node of the intersected shadow in the segment from node T, in
ordinate direction f and ascending abscissa. The time complexity of the
function is O(K), where K is the count of holes.

OnShadow(Ton # & type(bisector(Ton)) € {VE, VC, VI VO}, f € {-1, 1})

1. pon < ep(Ton), set T as next(Ton) if f= 1 or as prev(Ton) otherwise, p' «— ep(T™")

2. while (x> xon and sgn(y’ — yon) = f) or p' = pon do > the same point or co-directional
3. check if type(bisector(Ton)) ¢ {VE, VC, VI ,VO} then return & > must be virtual

4, if type(T") = SH then D> east corner of hole

5. return end(7'SH);

6. if type(bisecton(T")) = VC then > west corner of hole

7. set Holex as hole owner of node 7™ with west corner bisector by owners(T™)

8. return Inner(Holex, f) > inward bisector to the corer 7"
9. set T as main(J'°F) if type(T™) = DP > get a shadow node if duplicate
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10. set 7" as next(T") if f= 1 or as prev(T") otherwise, p' «— ep(T™)
11. return & > no intersected shadow in segment
Algorithm 5. Checking existence of intersected shadow in wavefront segment

Algorithm 6 defines the function Fixate(T, bv,' | a, bvwy' | b, T; € T,
f e {-1, 1}) fixating nodes between bisectors or points bv,' or a and bv,’ or b
in T by site T; with an inclusion flag f. If f = —1 then the algorithm does not
process shadow nodes at the intersection points; for the West Edge event, the
initial state f equals —1. There are three cases processing shadows:

e if bvy' or bvy' intersects a pair of shadow nodes, and only one of
the pair lies between, then we fixate part of their shadow and relocate the
shadow node in the between set at a new position (Figure 7a);

e if there is a lower shadow node of an outer shadow between the
intersection points and the upper shadow node is also in the between set, then
the algorithm fixates the shadow of the shadow node entirely (Figure 7b);

o if there is a hole west vertex in the between set that is not on the
slab edge then the algorithm fixates part of the inner shadow maintained by
the inward shadow node directed to the related west vertex (Figure 7c).

Intersected
shadow

€))
______ wes’ corner real bisector sweep line
................. inwar ? (o) e - - - >
wavefront bisector east corner relocation intersection bisector

Fig. 7. Special cases of fixation: intersecting a shadow a) fixating an outer shadow,
b) fixating an inner shadow, c) fixated and removed elements shown in green

Fixate(T # &, bva'ora, bvp'or b, Tie T,f e {-1,1})
1. a< Intersect(bva', T, f), b — Intersect(bvy', T, f) [>find intersection points if not given
2. T« Between(T, a, b), TFirst <— T First(), TLast «<— TPWn Last()

3. iff=-1then > is there shadow nodes at a or b
4 while 700 == & and type(Trirst) = SH do > shadow nodes in point b

5. Jotwn Remove(Teirst), Trirst «— T, First()

6 while 700 2= & and fype(T'Last) = SH do > shadow nodes in point a

7 Jotwn Remove (T Last), TLast «— TP Last()

536 Untopmarrka u aBromarusamus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

8. TiowSH < OnShadow(Trist # B, —1), TupSH < OnShadow(T Last # 3, 1)

9. if Ty D then > shadow intersected in point a
10. Fixate(basis(Tup®), bva', ep(Tup®™), T, f) D> fixate under a (Fig. 7a);
11. if 7% = & then > no nodes between a and b case

12. (Trirst, TLast) «<— Segment(T, b, 1), Voronoi(Trirst, TLast, Ti, a, b)

13. else Voronoi(Trirst, prev(Trirst), Ti, &, b), Voronoi(next(T Last), T Last, Ti, a, &)

14, for T*e T do > nodes in 7% from upper to lower
15. bv* — bisector(T™), p* <« ep(Hv*), prext < ep(bisector(next(T)))

16. if type(T*) = SH and Form(T™*3H) = Outer and y* < key(end(7™*S1)) then > Fig. 7b

17. Fixate(basis(T*H), p*, ep(end(T*H)), T;, -1))

18. else if type(6v*) = VC and type(7™*) = F and ASlab*: p* e Slab* then >Fig. 7c
19. (Holex", Holex“) «— owners(Bv*) > west and horizontal edge from Bv*
20. if Holek' = Holes then > find extension of horizontal edge
21 Hole™ «— ((Xk, y«), (Xk, Yk — Wk)), Finw «<— —1

22. else Hole*" «— ((X«, yk + wWk), (Xk, Yk + 2:Wk)), finw < 1

23. T < Inner(Holex, finw), Piow < ep(Tin®), 6Vin' — Bv(Hole*", Holex")
24, Fixate(basis(TinwSH), pinw, 6vin', T, =1) D> fixate part of inner shadow
25. TwBL «— Insertai(basis(T i), Bv(Ti, Holex*)), end(T'wBL) <— end(TinwsH)
26. Insert in Q a new intersection event for 7B if needed

27. add a Voronoi edge Voronoi(next(T™*), T, Ti, &, &) if T* # T Last
28. Remove(T, VT™* e Jbwn)

29. if TLow®™ # & then D> shadow intersected in point b
30. Fixate(basis(TLowH), ep(TLow®™), b, T, ) D> fixate above b (Fig. 7a)

31. TLowSH «— Inject(T, TLowSH, b) > relocate lower shadow node

32. else T'» «— Inserte(T, Creater(T", T, b, -1)) > create bisector in lower point
33. if Tyt = & then

34. Ta < Insert:(T, Creater(T, T, a, 1)) > create bisector in upper point
35. else Tupt < Inject(T, TupSH, a) > relocate upper shadow node

36. Insertin Q new intersection events for 72 and 7' or for Tup-SH and T'LowSH if needed
Algorithm 6. Fixation of the nodes between two points

The worst case of the count of Fixate executions follows. The left
half of the holes lies lower than the other half in a descending order of
abscissa and ordinate with upper outer shadows and upper shadow nodes of
inner shadows enveloping each other, while the right half lies in the same
order; therefore, their lower shadow nodes of inner shadows lie on the
segment between the upper shadow node of inner shadow and the northwest
corner of the uppermost hole from the left half. This is the worst possible
case of a single Fixate execution, because the fixation from the northwest
corner of every hole (step 18) from the right half can possibly interact with
each upper outer shadow and upper parts of inner shadows of every hole
from the left half. Then the Fixate operation will happen K%2 + 5K + 1
times, where K is the count of holes. But the average number of occurrences
for every outer shadow and twice for every inner shadow is 4-K + 1 times.
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The operation with the worst time complexity in each execution is
step 28 removing nodes from the between set with O(n log n) in the worst
case of each node removed (n is the count of nodes) and OnShadow
execution with O(K) in the worst case. Therefore, the time complexity of
the Fixate operation is O(K*n-log(n) + K3).

Therefore, the proposed structure of the shadows in AVL trees
handles the holes processing. Table 3 describes the wavefront functions and
their time complexity, where n is the count of input nodes, k is the count of
output nodes, and K is the count of holes. Further, the new sweep line
events corresponding to the holes are described.

Table 3. Wavefront operations and functions

Function Description Time Ref.
Intersect(6v', T, ) Gets wavefront intersection by bisector O(log n) Allg.
Between(T, Pup, Piow) Gets nodes in tree between points O(logn+k) | (18)
Segment(T, p, f) Gets nodes of wavefront segment in point O(log n) (19)
Owner(T, p, f) Gets edge owner of wavefront in point O(log n) (20)
Creater(T, T, p, f) Creates real bisector by owner in point O(log n) -
ul u2
Createn(T" HO:ek » Hole™, pi, Creates inward bisector by owners in point O(log n) -
Createou(T, Hole", p, f) Creates outside bisector by owner in point O(log n) —
Form(7°") Gets form of the shadow (Outer or Inner) 0o(1) —
Insertype(T, V) Creates a node of chosen type by bisector O(log n) -
Insert(T", Bva, Bva) Creates shadow nodes pair by bisectors O(log n) -
Inner(Holey, f) Gets a shadow node of inner shadow 0(1) -
Voronoi(T;, (p1, p2)) Sets Voronoi edge for support by segment 0(1) -
Voronoi(Tnexts Tprevs Tiy @, b) Sets Voronoi edge between nodes or points oM A;g.
Fixate(4v') Fixates VVoronoi edge by bisector 0(1) -
Remove(T, T) Removes node from tree and fixates it O(log n) -
BVinsa(TH) Gets intersection bisector by inward, outside 0o(1) —
Front(T1) Gets root node of the tree in which Ty is O(log n) -
SH - O(log n) Alg.
Relocate(T", 7, p) Relocates shadow node to point into tree 3
Inject(T, 7%, p) Inserts a relocated shadow node O(log n) -
Swap(7, 717, 7,°) Swaps inward or outside shadow nodes O(n log n) AJ‘g.
OnShadow(T o, f) Checks if shadow under wavefront segment 0K) Aég.
. , , Fixates nodes between bisectors or points O(K>n- Alg.
Fixate(7, bv' |, bw'[D, Ti, ) from the wavefront log(n) + K® 6

Let us extend set from (11) with new event types: Begin Hole and
End Hole process holes; Blind Spike and Inner Wave describe the
wavefront reaching the west edge of a hole; Virtual Spike, Outside Spike,
Inward Spike and East Corner set the intersection with virtual bisectors. The
priority of the first pair equals the abscissa of the edge; the priority of others
follows the spike event priority as in (12). The ordering of the events with

538 WNudopmarnka u aBromarusamus. 2026. Tom 25 Ne 2. ISSN 2713-3192 (meu.)
ISSN 2713-3206 (omnnaiin) www.ia.spcras.ru



MATHEMATICAL MODELING AND APPLIED MATHEMATICS

the same priority: Blind Spike — Spike — East Edge — Outside Spike — End
Hole — Inner Wave — Inward Spike — Virtual Spike — West Edge — East
Corner — Begin Hole — Turn. The time complexity of the proposed
algorithm is given in Section 4.6.

4.4. Hole Events of Voronoi Diagram. Algorithm 7 defines the
Begin Hole event creating the hole shadow from Figure 5. The event has
two special cases for intersecting shadows. Let us accept that the algorithm
intersects only one shadow layer; then it is always an outer shadow. Then
the shadow node with outside virtual bisector is removed from the between
set and relocated to the main tree. If this node lies inside another shadow
(the second special case), then its shadow node is relocated as well.

Algorithm 8 defines the End Hole event changing the outer shadows.
The special case of the End Hole event occurs when the outside bisector
belongs to the other active outer shadow. Then the outside bisector of this
shadow should also be relocated inside the recreated shadow.

Input T # &, g « Q.pop(), L < Priority(q), type(q) «— Begin Hole, Holeq — hole of the event g

1. a <« Intersect(Bv(Holeq", Holes"), T, 1), b < Intersect(Bv(Holeq", Holeg®), T, 1)

2. 7o — Between(T, a, b), Trirst «— T First(), TLast «— T2 Last()

3. T «— OnShadow(TFirst, —1), TbSH < OnShadow(T Last, 1) =

4, if TpSH # O then > lower bisector intersect shadow
5. a* «— ep(TuH), bnew < Intersect(Bv(Holeq", Holeg®), basis(TsH), 1)

6. Jon  {T* | T* e Between(basis(Ts™), a*, bnew)} L T0n

7. Bvins < Createn(basis(Ts%H), Holeq", Holeqs, brew, —1) > lower inward bisector
8. Bvous < Createout(basis(Ts%"), Holeg®, bnew, —1) > lower outside bisector
9. else Bvins — Createn(T, Holeq", Holegs, b, —1), Bvout® < Createout(T, Holegs, b, —1)
10. if 751 # & then D> upper bisector intersect shadow
1. anew < Intersect(Bv(Holeq", Holey"), basis(Ts), 1), b* < ep(TsH)

12. Jotwn o Jotwn ) {T* | T* e Between(basis(T2%H), anew, b*)}

13. Bvin" < Createin(basis(T:), Holeg", Hole", anew, 1) > upper inward bisector
14 Bvou" < Createout(basis(Ts%), Holeq", anew, 1) > upper outside bisector
15. else Bvin" < Createn(T", Holeq", Holeq", a, 1), Bvou” «<— Createout(T", Holeq", a, 1)

16. for Tinte:™ in {TbSH # &, T2%1 # &} do D> first special case

17. set Tneigh as prev(Tinter™) if TinterS = TS or as next(TinterSH) otherwise

18. if end(Tinter™) # Tneigh then > second special case
19. (Tneigh*SH, TinterSH, T*btwn) «— SWEP(T, dUp/(TneighSH), TinterSH)

20. Jotwn  Jotwn \ (7700 ) {TneighSH, TinterPP}), TN «— {TneighSH} (U Jotwn

21. set TaSH as Tneign'SH if main(Tneigh®) = T8 D> reference the relocated shadow
22. Remove(basis(Tinter™), Tinter™F), Remove(T, TinterSH)

23 Tbtwn «— Tbtwn \ {TinterSH, Tin!erDP}

24, Remove(basis(Tinter™M), VT* € T0M0)

25. Insert(T, Bvin", Bvin®) > inner shadow with 70 inside
26. Insert(T", Bvcomer(Holeq", Holeq™)), Insert(T", Bvcomer(Holeq”, Holeq®)) > west comers
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27. Insert(T", Bveage(Holeq"), Bvout™) > upper shadow with north inward and corner inside

28. Insert(T", Bvedge(Holeg®), fvous) > lower shadow with south inward and corner inside

29. set TpSH as Inject(T", TS, b) if ThSH # & D> relocate 7',5H with Bvout® inside

30. set T=H as Inject(T", T2, a) if TS # & D> relocate 772SH with Bvout” inside

31. Insertin Q new events for every inserted and relocated node, including the duplicates
Algorithm 7. Begin Hole event processing

Input " # &, g < Q.pop(), L « Priority(q), type(q) « End Hole, Holeq - hole of the event g

1. set T'nedge®! as node of Bvedge(Holeq"), set TsedgeSH as node of Bvedge(Holeq®)

2. for TeageSH in {T'NEdgeS!, T'sedgeSH} do D> for outer shadows

Toutt «— end(TeageS), Remove(dupl(Tedge®™), dupl(TedageSH)), Remove(T", Tedge®)

if TEdgeS™ = ThedgeSH then

T neigh «— neXt(TEdgeSH), Holeq" < Holeg", f «— 1

else Tneigh <— prev(Tedge®), Holeg! «— Holeg®, f«— —1

T comer™H «— Insertsu(T", Bvcomer(Holeq?, Holeq!)), end(TCornerSH) «— ToutH

if Tneigh # Tou then > the special case

. (Tneigh*SH, TOutSH, Tbtwn) «— SWGP(T, dUp/(TneighSH), TOutSH)

10.  Bvin < Createn(T, Holes®, ep(TousH), f)

1. Remove(basis(TouSH), dupl(Toust)), Remove(T, TousH)

12. TinSH — Insertsu(T, Bvin), end(TmSH) <« Tcomer™!

13. Insert in Q new events for every inserted and relocated node, including the duplicates
Algorithm 8. End Hole event processing

© 0N ORA W

Figure 8 illustrates the first and second special case of Begin Hole
event and the special case of End Hole event.

Algorithm 9 defines the Blind Spike event handling intersection
between a real node and a blind node at a point pq. If both nodes are blind,
then the algorithm only removes them; else it creates a new blind node in
the same or in another position along the edge.

Algorithm 10 defines the Inner Wave event of the wavefront
reaching the west edge of the hole. It occurs if some node with a real
bisector bv, reaches the west edge of Holey; then the wavefront segment
with the bisector bv, should be fixated partly or entirely on the west edge
at the current moment of the sweep line. To track the Inner Wave event
during the insertion of the new events for created flat nodes or relocated
flat nodes from the between set in the Begin Hole event, we should check
if they lie in the inner shadow using Front and if they have an intersection
with the west edge of the hole. If pq is the point of intersection, T, is any
owner of bvg, then the priority of the Inner Wave event is calculated by
equation (12): Xq + d(pg, Tq)-
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Fig. 8. Special cases of hole events: first a) and second, b) special cases of Begin

Hole event, c) special case of End Hole; changed nodes shown in green

Input g < Q.pop(), £ < Priority(q), type(q) < Blind Spike, Tq1, T'q2: T'q2 «— next(Tq1), pq

1.
2
3
4.
5.
6
7
8

9.

10.
1.
12.
13.
14.

if type(Tq1) = BL and type(T'q2) = BL then > both bisectors blind
Remove(basis(Tq1BL), Tq2), Remove(basis(T¢1BL), Tq1), End > only remove them
if type(T'q1) = BL then
TBL— TgiBl, T «— T2, Tneigh <— Next(T™"), Preigh «<— €p(Tneigh), HoleW e owners(T ¢1)
else TBL «— TgBL, T« T g1, Tneigh «— prev(T™), Preigh «— €p(Tneigh), Hole™ € owners(T q¢2)
while Tneigh # & and Xneigh = Xq do > while nodes with same abscissa
T# «— owners(T") N owners(Tneigh), Voronoi(Ti, (ep(T"), preigh))
Remove(basis(TB), T"), T" «— T neigh
set Tneigh as next(T™") if type(Tq1) = BL or as prev(T") otherwise
if type(T") ¢ {BL, DP} then
T — owners(T") N owners(Tneigh), Remove(basis(T), T")
Remove(basis(end(T®L)), TBL), ThewPl «— Insertsi(basis(end(T8L)), Bv(T, Hole))
end(TnewBt) — end(T8L)
Insert in Q new spike events for TnewBt
Algorithm 9. Blind Spike event processing

Input g < Q.pop(), L < Priority(q), type(q) < Inner Wave, T'q: bisector(Tq) < bvq, Holeg"

1.
2.
3.

check if T'q is removed then ignore this event
T« prev(T), p' < ep(T"), TWave « {Tg}, set xq as abscissa of hole's west edge
add to 7™Wave all nodes from left to right with current abscissa = xq by left and right from T7q
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remove first node from J"Wave if it's duplicate or blind 7Vave Remove(T™Vave First())
remove last node from 7Wave if it's duplicate or blind 7"Wave Remove(Tave Last())

TLow «<— TWave First(), Tup «— TWave Last(), TFront <— Front(Tq)

Tiow! «— owners(T'Low) N owners(next(T Low)), Tup" «— owners(Tup) M owners(prev(Tup))
for T7* € JWave \ TWave | ast() do P> fixate segments lying on edge of hole
9. T# «— owners(T*) N owners(next(T™)), Voronoi(Ti, (ep(T*), ep(next(T™))))

10. TupNew «— Inserte(Trront, Bv(Tup", Holeg")), T LowNew «— Inserte(TFront, BV(TLow!, Holeg"))
11. Remove(Trront, VT € TWave)

12. Insertin Q new events for new flat nodes on hole west edge T'upNew and TLowNew
Algorithm 10. Inner Wave event processing.

© N o oA

4.5. Virtual Spike Events of the Voronoi Diagram. The Virtual
Spike event occurs when a bisector intersects a virtual bisector. If gys, is a
Virtual Spike event, #v,; and 6v, are intersecting bisectors, pys, = 6v1 N
bV, is the intersection point, then the priority of the Virtual Spike event is:

Priority(qysp) = Xvsp + d(Pysp, Rvsp),
where Rys, is @ common support edge owner if the bisectors have such, or
the only support edge owner if any bisector has such, or a hole edge owner

which induces an inward or outside virtual bisector.
Figure 9 illustrates examples of every virtual intersection event types.
g’i* : ﬁew

iTI)P
2 (major) \
2:\ Q:ESH Hole |75 | Hole
(mini)r)‘T_ T— 7 Toaa
Hole| - Hole (inward) |

Virtual Spike Inward Spike

Hole Hole
7.me’ner TOSIII;I"

Hole, T2 Hole, |

Fixate” Ti™" :
_P

N
- TSH\ S, Vi :T('Zorner* A N
SH.
end(T:™) T, 7 Jou s *
A
East Corner Outside Spike
> <> T Y T
real bisector outside bisector main wavefront
4 » ® O outer shadows
passive active west east .
inward bisector corner bisector inner shadows

Fig. 9. Examples of intersection events with virtual bisectors
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The intersection events are specified at the insertion moment.
Figure 10 describes a specification of intersection events. The type of a
virtual corner bisector can be defined by abscissa equality with the
corresponding edge of the hole. Label "X" is shown for the pairs that should
never have an intersection event.

Fig. 10. Specification of intersection events between different types of bisectors

Algorithm 11 defines the Virtual Spike event. If the first bisector
represents a duplicate node, then the second bisector exits the shadow,
relocating both of them. Else one enters the shadow of the other. Both
bisectors must not be removed or the event should be ignored.

Algorithm 12 defines the first special case with intersection between
outside and corner virtual bisectors. If the outside bisector moves along the
east edge, then the algorithm relocates it in the inward direction from the
vertex including the corner and its paired inward bisector to the shadow. If
the outside bisector reaches the east corner by the horizontal edge, then it
exits the shadow, includes the corner and its paired shadow node into the
shadow and relocates this corner pair in the inward direction. Else the
outside bisector includes the corner node into the shadow and redirects itself
along the edge. Let us call it an Outside Spike event.

Input q = Q.pop(), L = Priority(q), type(q) = Virtual Spike, T1, T2: T2 = next(T1), pvsp
1. check if 71 or T2 are removed then ignore this event

2. set (Tmajor, Tminor) @s (T2, T) if (fype(T2) = DP or type(T1) = F) or vice versa otherwise

3. setall Trront, Trom, Tinto @S Front(Tmajor), set all Pminor*, Prmajor @S Pysp, t <— type(T minor)

4. if type(T major) = DP then D> T minor €Xits shadow T'major
5. TmajorSH «— main(T majorDP), T trom «— basis(T majorSH), Prminor* «— PVSp, Pmajor* «— PVSp

6 if Tmajor = T2 then D> points for Tmaijor relocation
7 Pinside <— ep(pl’eV(TmajorSH)), Preigh «<— ep(preV(Tminor))

8 else pinside «— ep(neXt(TmajorSH)), Preigh <— ep(next(Tminor))
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9.

10.
1.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

set Pmajor* @S Pinside if Pinside € BVinsd(TmajorSH)
set Pmajort @S Preigh if (Pneigh € BVinsd(TmajorSH) and Xneigh < Xmajor*)
if = SH then D> need to relocate T minor
if Tmajor = T2 then
Pinside «— ep(neXt(TmajorSH)), Preigh «— ep(neXt(dUp/(TminorSH))
else pinside < ep(Prev(Tmaor™)), Pneigh «<— ep(prev(dupl(TminoH))
set Prminor* @S Pinside if Pinside € B\/insd(meinorSH)
set Prminor* @S Pneigh if (pneigh € B\/insd(TminorSH) and Xneigh < Xminor*)
else Tinto «— baSiS(TmajorSH), b Vmajor <— Relocate(T ront, :TmajorSH, pvsp)
if = SH then B> find relocated T minor
& Vminor «<— Relocate(Tint, T minor>H, Prminor*), Remove(baSiS(TminorSH), dupl(T minor))
else b Vminor «— Bv(owners(Tminor))
Remove(T om, Tminor), RemOVG(baSiS(TmajorSH), TmajorDP), Remove(TFront, TmajorSH)
T minor* <— Insertt(Tinto, fg”Vminor*)
set Hvmajor as Relocate(TFront, T major™, Prmajor’) if type(Tmajor) = DP
Tmajor*SH «— InsertSH(T from, & Vmajor*)
Insert in Q new events for TmajorrSH and its duplicate, T'mino and its duplicate if isn't flat
Algorithm 11. Virtual Spike event processing

Inputq Q.pop(), L = Priority(q), type(q) = Outside Spike, T'1, T2: T2 = next(T"1), pvsp

©oo NSOk wWN

11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.

check if 71 or T2 are removed then ignore this event
if type(Bv1) = C then
TouSH «— T2, Tcomer — T4, Bvout «— bisector(T2), BVcomer «<— bisector(T1), f «— -1
else Tou® «— T18H, Tcomer «— T2, Bvout <— bisector(T1), Bvcomer = bisector(T2), f < 1
Holex" e owners(Bvout): Holex1! € Holexs > hole edge inducing outside bisector
if type(T comer) = DP then > east corner by horizontal edge case
T comer™ «— main(T comerPF), Tend®H «— end(Tcomer™H), Tront «<— Front(T1)
(TengSH, TouSt, T72M0) «— Swap(T Front, dupl(Tend®H), TouSH)
ﬁVOut’ «— (':‘I'eal‘EOUt(f]"FrontY HO/9k1U1, ep(TCorner)y f)
Remove(basis(T comer™H), dupl(T comeSH)), Remove(TFront, T comerSH)
T comerSH «— Insertsu(end(.’]"omSH), ﬁVCorner)
Remove(basis(TouSH), dupl(Tou)), Remove(TFront, TouSH)
TourSH «— Insertsu(.’T Front, ﬁVOut‘)
else if type(Tcomer) = SH then > west corner case
T Front «— Front(IT1), ,BVOut* = Cl'eatGOut(TFront, HO/ek1U1, ep(TComer), f)
RemoVe(TFront, TCorner), T Comer = InsertF(end(TOutSH), ﬁVCorner)
Remove(basis(TouSH), dupl(Tou)), Remove(TFront, TouSH)
TourSH «— InSGfTSH(TFront, ﬁVOut‘)
D> east corner by east edge case
else TendS — end(TCornerSH), Tend®® «— dUp/(TEndSH), TFront «— Fl’Oﬂt(T1)
Remove(basis(Tou), dupl(TouH)), Remove(Trront, Tou™)
set Teigh as next(Tend®®) if type(Bv+) = C or as prev(TendP®) otherwise
Remove(basis(T comerSH), dupl(T comerS™)), Remove(T Front, T comerSH)
T ComerSH «— Insertsu(end(Toms“), ﬁVCorner)
if type(Tneign) = SH then D> if intersects another shadow
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26. (TEndSH, Tneigh*SH, g"btwn) = SWBP(T, TEndPP, TneighSH), TFront = baSiS(Tneigh’SH)

27. TOut’SH = Inject(TFront, TOutSH, ep(TEndSH))

28. Insertin Q new events for all created and relocated nodes, including duplicates;
Algorithm 12. Outside Spike event processing

Algorithm 13 defines the second special case of inward and corner
virtual bisectors. For the east corner, the algorithm removes the shadow and
creates new real bisectors from the east vertex of the hole. Else the
algorithm creates a real bisector along the horizontal edge and a blind node
along the west edge. Both happen only if the corner virtual bisector does not
lie on the slab edge. Let us call this special case an Inward Spike event.

Input q = Q.pop(), L = Priority(q), type(q) = Inward Spike, 71, T'2: T2 = next(T1), pvsp
check if 71 or T2 are removed then ignore this event
if type(bisector(T1)) = C then

TinwSH «— T2, Tcomer «— T'1, Preigh «<— ep(next(T2))
else TinwSH «— T15H, Tcomer «— T2, Preigh «— ep(prev(f]"w))
check if corner virtual bisector lies on the slab edge then ignore this event
(Hole*, Hole®2, T8) «— owners(T ), Teront <— Front(T"1), Remove(TinS, dupl(Tn®H))
set Hole®d as Hole'? if Form(T'inw®) = Inner or as Hole! otherwise
if Form(Tnw®) = Inner then
9. Tw «— InsertsL(end(Tinws"), Bv(T®3, Holev")), end(TwB) «<— end(Tinw)
10. else remove flat node on the edge and both duplicates from basis(Tinw)
11. Remove(Trront, T1), Remove(Teront, T2), Tnew < Inserte(T, Bv(T43, Holesd))
12. if (Form(Tinw®) = Inner and Xneigh < Xvsp) or (Form(Tinw®) = Outer and Xneigh < Xvsp) then
13. T add «— Inserts(Trront, BV(TH, pysp)) > additional bisector as in (13)
14. Insert in Q new events for all created flat and blind nodes

Algorithm 13. Inward Spike event processing

N>R W =

Algorithm 14 defines the third special case with intersection of a real
bisector along the hole's east edge and its corner. The algorithm fixates the
shadow and creates a new flat node using the intersection of the bisector in
the inward direction from the corner. Let us call this special case an East
Corner event.

Input q = Q.pop(), L = Priority(q), type(q) = East Corner, T1, T2: T2 = next(T1), pvsp

1. check if 71 or T2 are removed then ignore this event

2. Trront < Front(T4), set Tix € T such that T € owners(T1) L owners(772)

3. iftype(T1) = SH then

4, Fixate(TFront, ep(T1), BVinsa(end(T18H)), Trx, 1) > south east corner case
5. else Fixate(TFront, BVinsa(end(T2%)), ep(T2), Tix, 1) > north east corner case

Algorithm 14. East Corner event processing
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4.6. Time complexity of the events and proposed algorithm. Each
support creates 4 nodes and each hole creates 14 nodes. Therefore the total
count of nodes is n = 4-N + 14-K; thus, the time complexity of the proposed
algorithm O(n) equals O(N + K). Table 4 shows the time complexity of a
single execution for each event type and the estimation for the count of
events of each type happening in the proposed algorithm.

Table 4. Time complexity and number of events execution

Event Purpose Key operation Sel)?gcle Count
. - Insert border, turn bisectors; O((N+K)- _
Initial Initialize the wavefront initiate supports, holes events log(N+K)) =1
West Fixate nodes in wavefront; insert 2 _
Edge Process a new support new real bisectors Iogéﬁ +E) + =N
East Intersection of a real Fixate nodes in wavefront; insert K3log(N+
bisector and hole's east . <2:K
Corner new real bisectors K)
vertex
Blind Intersection with a blind Remove nodes; recreate blind O((N+K)- <2:N+
Spike node node along hole edge log(N+K)) 2K
. Create virtual bisectors; enclose
?_fgllen Process a new hole wavefront nodes in new shadows; IS(((’:I:-E;) =K
relocate intersected shadow nodes 9
End End hole's processin Transform shadow nodes of O((N+K)- -K
Hole P 9 hole's outer shadows log(N+K))

Outside Intersection of an outside Relocate outside bisector, related (N+K)- <K
Spike bisector and hole's vertex shadow node of vertex log(N+K) =
Inner Process wavefront Fixate nodes r_eachlng west edge; (N+K)- <2:N-

. ) create new bisectors along the
Wave reaching hole's west edge edge log(N+K) K
East . . Remove bisectors related to edges; _
Edge End support's processing create new from east vertices log(N+K) =N
. Intersection of real Remove bisectors; create a new <2'N+
Spike bisectors one log(N+K) 2:K
. Remove bisectors; create a new
Turn Intersection 9f a real and real bisector by slab's horizontal log(N+K) <2
a turn bisectors edge

Virtual Intersection with a virtual Remove bisectors; recreate both log(N+K) <2'N+
Spike hisector bisectors on needed shadow levels 9 2:K
Inward Intersection of an inward Remove bisectors; create a real
Snike bisector and its hole's and an additional bisectors from log(N+K) <4-K

p vertex vertex

Then the worst time complexity of the complete proposed algorithm
is the time complexity of the fixation events O((K*N?+K>-N+K*)-log(N+K)),
where N is the count of supports, K is the count of holes.

The proposed events cover most of the holes processing cases. The
proposed shadow structure maintains holes in the EP&DTL algorithm
without violating its integrity. The time consumption of the algorithm
highly depends on the shadow hierarchy in the diagram and its
concatenation and mutual relations. Therefore, the time complexity, which
determines the practical applicability of the proposed algorithm will be
analyzed in the computational experiment.
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5. Computational Experiments. This section examines the time
consumption of the proposed algorithm. Additionally, the last subsection
contains a preliminary analysis of the correlation estimation between some
heuristic parameters of the obtained Voronoi cells and evaluated
deformation values and a discussion of the current limitations.

5.1. Time consumption experiment. The first experiment tests
generated plans, grouped by the count of supports, for time consumption.
Every group consists of 1000 generated plans. Table 5 describes the settings
of the plans generator. The dimensions of supports and holes are selected to
have a linear dependency on the count of supports and the slab area. The
difference between maximum dimensions of holes correlates with the ratio
of the potential maximum sum of areas of holes to the slab area. Algorithm
15 describes the generating process following the geometric assumptions.

Support dimensions depend on their direction, while the width is
constant. Tests use C# .NET Framework 4.8 in Release mode and run on an
Intel(R) Core(TM) i7-12650H @ 2.30GHz with 16 GB of RAM.

The experiment compares execution time for generated plans with
different count of holes: 0%, 8%, 20%, 32%, 44% and 56% of the number
of supports. The proposed algorithm involves the EP&DTL algorithm from
[20] as a reimplementation in C#. Additionally, the experiment compares
time consumption with the previous algorithm used for deformation
comparative analysis, namely, span determination algorithm [12].

Table 5. Setting parameters for generating support-hole plans (in m)

Count of Slab Dimensions of supports Dimensions of holes
supports | dimensions Width mT Max Min Max MH by sets with K as % of N
N LxW length MT mH 8% 20% | 32% | 44% | 56%
25 20x20 0.25 5 1 9 5 35 3 2.25
50 30x30 0.25 5.75 1 9.5 55 4 35 2.75
75 40%40 0.25 6.5 1 10 6 4.5 4 3.25
100 50x50 0.25 7.25 1 105 6.5 5 45 3.75
125 60x60 0.25 8 1 11 7 55 5 4.25
150 70x70 0.25 8.75 1 115 7.5 6 55 4.75
175 80x%80 0.25 9.5 1 12 8 6.5 6 5.25
200 90x90 0.25 10.25 1 125 8.5 7 6.5 5.75

Input Slab, N, K, (MT, mT) — support dimensions, (MH, mH) — hole dimensions, Rect «— {&}
1. while |Rect| < N do > supports generating

2 set dnew € [mT, MT] by random with step mT, set frew € {0, 1} by random

3. set (lnew, Wnew) as (dnew, m7) if few = 0 OF (/new, Wnew) as (mT, dnew) otherwise

4, set Xnew € [0, L — hew] @and ynew € [0, W — whew] by random with step TW

5 Thew <— <(Xnew, Ynew), (hew, Wnew)>, T* «<— {Tnew} > new generated rectangle

6 check if any support from Rect contains Trew or is contained by Trew then Continue
7 while3Tie Rect, AT e T TinT'#Jand ATV =TinT: Tt e T;, T" € T) do
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8. split Ti by T'into set Ti*, remove Tifrom Rect, add rectangles from Ti* to Rect
9. split T' by T; without intersection Ti ~ T"into set of rectangles T
10. remove T'from T*, add all rectangles from T** to T*

11. add every rectangle of T* to Rect as supports

12. remove a random support from Rect until |Rect| > N

13. while |Rect] <N + K do > holes generating
14, set hote € [mH, MH] and whole € [mH, MH] by random with step TW

15. set Xnole € [0, L — hote] and yhote € [0, W — whote] by random with step TW

16. Holenew «— <(Xnole, Yhole), (hote, Whole)> > new generated rectangle
17. check if any rectangle from Rect intersects with Holenew then Continue
18. return Rect > set of supports and holes following geometric assumptions

Algorithm 15. Generator of experimental support plans with holes

The used version of the proposed algorithm does not consider the
alignment problem mentioned in Section 3.2. The Voronoi diagrams built in
the experiment violate the uniqueness restriction from Figure 1 of supports
with west alignment. The approach of flipping the abscissa around the slab
center is impractical due to the time consumptions and limitations.

The experiment runs each test three times per plan. Table 6 shows the
average time and standard deviation for EP&DTL without holes, the
proposed Voronoi diagram algorithm, and span determination algorithm
from previous research [12] with minimum span area ming = 2 m?. Table 7
shows the ratio between average times for algorithms ("+" Voronoi faster,
""" Span faster). Table 8 shows the peak memory usage.

For 25 supports the proposed algorithm executes from 1.06 times
faster without holes to 1.75 times slower with 56% holes than the span
algorithm. For 50 supports the proposed algorithm executes from 1.04 times
faster (for plans with 32% holes) to 2.36 times faster (for plans without
holes) than the span algorithm, but to 1.07 times slower for plans with more
holes. The proposed algorithm executes from 1.33 times faster
(for 75 supports with 56% holes) to 15.17 times faster (for 200 supports
without holes) than the span algorithm. The standard deviation of the time
consumptions for the proposed algorithm is lower than for the span
algorithm for every case. Holes accelerate the span algorithm to some
extent, because the number of the decomposition is decreasing; holes slow
down the Voronoi diagram algorithm as they create a more complex
shadow structure. The memory usage has a near linear dependency on the
number of supports and holes.
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Table 6. Average time (in ms) and standard deviation of time consumptions

N 25 50 75 100
K \oronoi Span \oronoi Span \oronoi Span \oronoi Span
0% 3.35 3.54 7.32 17.3 11.9 47.1 16.4 96.7
.0002 .0010 .0003 .0037 .0004 .0086 .0005 .0164
8% 4.62 3.68 10.5 16.4 175 41.7 24.6 83.5
.0004 .0011 .0008 .0036 .0009 .0073 .0023 .0137
20% 6.33 4.33 15.36 17.6 23.7 44.4 35.0 85.1
.0005 .0012 .0009 .0035 .0016 .0073 .0024 .0121
32% 8.05 5.27 194 20.3 32.0 50.1 45.1 96.7
.0005 .0014 .0011 .0037 .0022 .0072 .0031 .0123
14% 9.63 6.04 23.9 22.5 40.2 53.9 56.3 103
.0007 .0014 .0014 .0039 .0027 .0074 .0034 .0125
56% 12.91 7.38 29.1 27.2 47.6 63.3 69.0 118
.0008 .0016 .0020 .0045 .0033 .0084 .0045 .0134
N 125 150 175 200
K \Voronoi Span \Voronoi Span Voronoi Span \Voronoi Span
0% 20.8 169 26.5 267 31.1 400 37.2 565
.0007 .0263 .0008 .0409 0.0008 .0617 .0009 .0812
8% 334 143 40.9 225 49.5 330 58.2 474
.0026 .0224 .0032 .0330 .0034 .0495 .0039 .0702
20% 45.5 149 55.9 229 69.3 337 80.7 480
.0031 .0205 .0034 .0302 .0042 .0438 .0047 .0617
320% 59.7 165 73.2 256 88.6 371 101 524
.0033 .0209 0.0037 .0309 .0055 .0462 .0062 .0607
14% 73.8 173 90.7 263 106 401 123 552
.0042 .0193 .0047 .0283 .0063 .0499 .0066 .0560
56% 88.3 197 106 300 126 448 147 616
.0054 .0211 .0058 .0310 .0069 .0467 .0072 .0558

Table 7. Average time ratio comparison of the VVoronoi and S

pan algorithms

25 50 75 100 125 150 175 200
0% +1.06 +2.36 +3.97 +5.88 +814 | +10.1 +12.8 +15.2
8% —1.26 +1.56 +2.38 +3.39 +4.29 +5.49 +6.66 +8.15
20% —1.46 +1.15 +1.87 +2.43 +3.27 +4.11 +4.86 +5.94
32% -1.53 +1.04 +1.57 +2.14 +2.77 +3.50 +4.19 +5.18
44% ~1.59 ~1.06 +1.34 +1.83 +234 | +2.90 +3.79 +4.50
56% -1.75 —1.07 +1.33 +1.71 +2.23 +2.83 +3.56 +4.20
Table 8. Peak memory usage of the proposed algorithm for every set (in MB)
25 50 75 100 125 150 175 200
0% 1,88 3,71 5,60 7,53 9,55 11,61 13,67 15,64
8% 2,49 4,71 7,26 9,60 12,24 14,82 17,33 20,02
20% 3,39 6,48 9,40 12,92 16,49 19,37 22,81 26,55
32% 392 7,88 12,07 15,98 20,35 24,41 28,65 33,05
44% 4,83 9,46 14,21 19,45 24,08 29,16 34,50 39,18
56% 5,57 11,13 16,64 22,50 28,31 34,43 39,88 46,09

The proposed algorithm can accelerate the comparative deformation
process for a larger number of elements, while for the plans with fewer
supports and more holes the span determination algorithm executes faster.
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Figure 11 illustrates statistical values of the time consumption for the
proposed algorithm. The gap of time consumption increases when the
number of elements increases. The proposed holes processing always
executes slower on average in comparison to without holes, even for the
best case with holes and the worst case without them, except for the pair 25-
0% and 25-8%. But the paired t-test for cases with and without holes
showed that the difference in time execution cannot be explained only by
the count of holes. Therefore, to understand the nature of the complexity
brought by holes processing, several additional tests have taken place.

Figure 12 shows the average percent of plan processing time spent
on event types. Spike event type also contains Blind Spike events. If some
event type does not happen during the processing of some plan, the
averaging function does not count it. Figure 13 shows the average time
spent on one event processing. The plots do not show Inner Wave and Turn
events, because they have small time consumptions: the Inner Wave event
accounts for 0.96% and 0.024 ms, the Turn event accounts for 0.10% and
0.02 ms on average across all plans.
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Fig. 11. Box plots for time consumption of the EP&DTL and proposed algorithms

e ANy

The most time-consuming event by the average ratio to the whole
process time is the West Edge event, taking from 25% to 50% of execution
time. As the hole ratio grows, the ratio of hole events increases: from 17% for
8% plans to 52% for 56% plans. The most time-consuming hole event is the
Begin Hole event. The average percentage of execution time for each event
type does not vary by more than 1% with respect to the number of supports.
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The average time for one execution of any type of event increases
when the number of supports or holes increases. Among the average single
execution times, the most time-consuming is the Begin Hole event. Four
more events execute on average longer than 0.07 ms: West Edge, End Hole,
East Corner and Outside Spike events. But East Corner and Outside Spike
events take on average less than 4% and 3% of general time for any group.
Therefore, let us focus on the research of the Begin Hole, West Edge and
End Hole events for the further algorithm acceleration.

Figure 14 shows the average time spent on one function processing.
Symbol "*" indicates the complex functions that include other simple
functions. Function "Insert node" refers to the node insertion
Insertype(T, 4v); function "Insert shadow" refers to the shadow insertion
Insert(T, pvy, Bv,); function "Fixate between" refers to the full execution of
Algorithm 6. Functions with negligible execution times are not shown in the
plot; the average single execution times for them across all plans are:
Relocate is 0.0012 ms; Voronoi from Algorithm 2 is 0.0027 ms; Inserting a
new event into Q is 0.0021 ms; Front is 0.0003 ms.

60% 20% 25%

*—o—0—90—90—0o—0o—9 o—o—90 90— —0 00 o —o—9o—9o—0o 00—

»l T a1, 15% 20%
40% 1 R EEE——— | "

p 3 H 10% ‘ 15%
0% T " 10% —t—A—a—a—a—a

’ 5% - % -

0% West Edge 0% East Edge 0% Spike

25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200
20% 12% = 12%

T T T, Talalalalals alala ol T .

15% o=% < —% gy e gy e
10% 6% 6%
5% ——— 3% S f—a—Ea || 3y | STETEa—a —=
0% Begin Hole 0% End Hole 0% Virtual Spike

25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200
8% 5% 3% o Ao -

—a . e
P Y 1
6% e — M I e e

. 3%
4% 2% o, 3
2% = o ] 1%
0% Inward Spike 0% East Corner 0% Outside Spikeé -
25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200 25 50 75 100 125 150 175 200
0% =8% +20% +32% -44% “=56%
Fig. 12. Plots for processing rate of events; abscissa axis — count of supports;

ordinate axis — average percent of processing time; series — ratio of holes number
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Fig. 14. Plots for time consumption of functions; abscissa axis — count of supports;
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The most time-consuming function on average is the Fixate between
from Algorithm 6. Function Swap executes slower for the 8% hole set for
almost every number of supports. For other cases Fixate executes slower
and has a clear correlation between the execution time and the number of
elements, supports and holes; other functions do not have such an obvious
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dependency. For all functions time consumption grows with the number of
holes increasing, except Remove. Time consumption of Remove function
on average decreases when the number of holes increases. This behavior is
caused by the shadow structure: the number of simple removes from small
shadow trees increases compared to removes from a single big tree.

Figure 15 shows the percentage of the time spent on operations in the
execution of West Edge, Begin Hole and End Hole events. Operation
"Voronoi" refers to the Algorithm 2, operation "Insert event" refers to
inserting a new event into Q.

The most time-consuming operation in big events is Insert. Insert
and Remove operations spend around 40% of West Edge, 45% of Begin
Hole and 70% of End Hole events. The percentage of the Remove operation
increases when the number of elements increases. For the Begin Hole and
End Hole events the percentage of the Insert operation increases when the
number of holes increases. For the West Edge event, the percentage of the
Insert operation increases when the number of supports increases and the
number of holes decreases, because not every shadow during fixation of the
wavefront produces new nodes.

Though Insert and Remove operations account for most of the
execution time in big events, they do not have much optimization potential,
as they are already well-optimized operations of a standard AVL-tree.

Between and Relocate operations do not account for much execution
time of big events. The Intersect operation in West Edge and Begin Hole
events does not seem to be optimizable, as it uses a common mechanism of
the AVL tree and may become less time-consuming only with another
structure of the shadows. The Voronoi operation from Algorithm 2 accounts
for 15% of West Edge event time, but it has a low average execution time of
0.0027 ms. The insertion of a new event into @ accounts for around 5% of
West Edge, 17% of Begin Hole and 25% of End Hole events, though the
average time of a single operation is very low (around 0.0021 ms). The
main reason is the insertion of new events for reinserted nodes from the
between sets during Begin Hole and End Hole events (steps 6, 12, 19, 20
in Algorithm 7; step 9 in Algorithm 8). Then a possible optimization can
lie in searching for new events only for the first and last nodes in these
sets, reassigning the existing events for every other node.

Besides, the experimental program implements the priority queue Q
as a list with insertion complexity O(N), N is the number of events in Q,
and extraction complexity O(1). The binary heap implementation with
insertion and extraction complexity O(logN) can optimize this operation.

Thus, the main optimization to decrease the time consumption of
the proposed algorithm lies in a better implementation of the event
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creation operation, especially during the processing of the between sets.
Other optimizations can lie in restructuring the shadow trees.

The experiment showed that the proposed algorithm is faster than
the previous span determination algorithm for plans with more supports
and fewer holes: 1.06 times faster for plans with 25 supports without holes
and 1.75 times slower with 14 holes (56% of supports); 2.36 times faster
with 50 supports without holes and 1.07 times slower with 28 holes; with
75 supports or more, the algorithm is from 1.33 times faster (for 75
supports and 42 holes) to 15.2 times faster (for 200 supports without
holes). Thus, the proposed algorithm extends the scope of the deformation
comparative analysis for plans with a large number of supports.
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5.2. Correlation analysis preliminary experiment. This section
describes a preliminary test of the Voronoi diagram usage for deformation
analysis. The experiment estimates correlations between the Voronoi cells
and deformation, evaluated by the finite element (FE) method, in the slab.
The aim of the experiment is to give a first check of the algorithm in the
deformation comparative analysis and set a direction for future research.

Table 9 describes the sets of deformation metrics, which were
chosen for the preliminary correlation analysis, Voronoi parameters and
simple parameters of the supports for comparison.

Table 9. Voronoi cells parameters, simple support parameters and deformation
metrics for preliminary correlation analysis

Deformation metrics

MXx The average value of the bending moment perpendicular to the X axis
My The average value of the bending moment perpendicular to the Y axis

z The difference between extreme vertical deflections of vertices
Reinf The amount of reinforcement needed in every finite element

\Voronoi parameters
Area Area of the Voronoi cell
P Perimeter of the Voronoi cell

CD Distance between center of the Voronoi cell and center of the support
MD Maximum distance between the support and edges of the VVoronoi cell
AD Average distance between the support and edges of the Voronoi cell

LX The maximum difference in vertices abscissa of the VVoronoi cell

LY The maximum difference in vertices ordinate of the VVoronoi cell

Simple support parameters

SL Length of the support

SDE Distance from the support edge to the edge of the slab

SDS Distance to the closest support

SDH Distance to the closest hole

SLS Density of supports in the local area around the support (relatively to local area)
SLH Density of holes in the local area around the support (relatively to local area)

To handle the alignment problem mentioned in Section 3.2, the
experiment applies the approach of flipping the abscissa approach with
some secondary processing mechanisms. The following modifications
define the approach:

1) To process simultaneous West Edge and East Corner events, we
use a Fixation event instead; instead of the original events, we create
Fixation events; each Fixation event has a flag indicating the original event
type and executes as the original would; Fixation events have the same
order position among events between East Corner and Begin Hole events;

2) The approach builds the VVoronoi diagram twice: first with the
abscissa of the elements flipped about the slab center, second with the
original abscissa; after the second diagram is built, cells get edges from the
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flipped copy, that do not appear in the original diagram; this yields the
correct Voronoi edges according to the uniqueness rule from Section 3.2 for
aligned supports;

3) A Fixation event does not produce Voronoi edges between
nodes during Fixate operations (Algorithm 6: steps 12, 13 and 27) for
aligned supports; thus, both diagrams do not have incorrect edges;

4)  Every Voronoi edge should have the maximum possible length,
meaning both original and flipped diagrams have only necessary vertices;

5) If there are supports with east alignment that have a Voronoi
edge with supports that have west alignment on the east side of their cells,
then disjoint vertices appear; each of them should be matched with the
closest pair among other disjoint vertices in the cell with the same abscissa;

6) The Fixation operation can create bisectors with incorrect
assignment of the owner for aligned supports in the processing of inner
shadows (Fig. 7c, Algorithm 6: steps 24 and 25, T;); therefore, there should
be a check operation that will give the correct owner for these assignments
in the case of support alignment during fixation; it can be done by creating
polygonal zones for every valid Fixation event, such as Zone = <{ps, p», ...,
Pz} Tzone™ by set of points, NZ is the count of points in the polygon, and
the support Tzone € T.

Algorithm 16 describes an operation to find zones of assignment
before the first simultaneous Fixation event.

To clip a new zone by a simple convex polygon, the Sutherland—
Hodgman algorithm can be used. To clip the previous zones by the new
one, the new zone can be split into convex parts. During the fixation
operation we need to find a zone that contains the beginning point for every
new bisector (Algorithm 6: steps 25, 32 and 34), for example by the ray
casting algorithm, and set the corresponding support as an owner in the
Create function for it. Then the described approach will give the correct
ownership for every created bisector, even for simultaneous Fixation events
inside the inner shadows.

The flipping abscissa approach handles the alignment problem, but is
time-consuming and should be used only for experimental purposes. A
more convenient and practical approach is a subject of future research.

The FE mesh is overlaid onto the Voronoi diagram. If some finite
element or vertex of the mesh lies inside several Voronoi cells, we apply
decision rules. For vertices:

o find the Voronoi cell with the closest support to the vertex;

e if there are several such cells, then find the VVoronoi cell with the
closest centroid to the vertex;

e if there are several such cells, then the vertex is ignored.
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For finite elements:

e find the Voronoi cell that contains the most vertices of the finite
element;

e if there are several such cells, then find the Voronoi cell with the
closest centroid to the center of the finite element;

e ifthere are several such cells, then the finite element is ignored.

Input T # &, g = Q.pop(), £ = Priority(q), type(q) = Fixation

1. Q%im<—{q' € Q| Priority(q') = L, type(q') = Fixation} > simultaneous fixation events
2. order Q*sim by ascending y, then by descending x

3. Holes* — {Holex € Holes | xx < L} > holes on the left of sweep line
4. order Holes* by descending x, then by ascending y

5. Qust=(, Zones «— {} > polygonal zones of assignment
6. for gnew € Q*sim do

7. set Tnew as support of gnew event, set ynew as ordinate of Tnew, Set Wiew as width of Thew
8. set Zonetast as Zones.Last() if Zones # &

9. if gnew is West Edge Fixation then

10. Zonenew «— <{(0, YNew + WNew L), (L, YNew + WNew), (L, }/New), (0, YNew — L)}, Thew>
11. if qLast = & and qLast is West Edge Fixation and ZoneLast N Zonenew = & then
12. B> find the rightest point of zones intersection

13. set Pinter € ZONELast ™ Zonenew: AP’ € Z0NeLast ™ ZONENew, P' # Pinter, X' > Xinter
14, Cutnew < {(0, =£), (0, yinter), (L, yimter), (£, L)} D> cutting area for new zone
15. Zonenew «— Zonenew \ Cutnew > cutting zone by mid line
16. else set Holex as hole of Qnew event, set vi€ as corresponded east corner of hole

17. set (f, w) as (-1, 0) if vk is south corner or as (1, wk) otherwise

18. Zonenew «— <{Vi, (Xk, yk + W), (0, yk + w—Ffxk), (0, yk + w + f-(xk + I))}, Tew>

19. for Hole' € Holes™ do

20. check if west edge of Hole' is passed by wavefront by Inner = & then Continue
21. check if Zonenew M Hole' = & then Continue

22. VSe—(X+1y), Vi (X+]y+w) > east corners of Hole'

23. if Vs & Zonenew and v ¢ Zonenew then > zone is locked by hole
24, Cutrore < {(0,-L), (0, W+ L), (X +I, W+ L), (X + T, -L)}

25. Zonenew <— Zonenew \ Cutrore, Break

26. else if Vs € Zonenew and V" € Zonenew then > zone includes hole

27. find ¢'s and ¢ in Q*sim with East Corner flag related to v's and v'" if exist

28. remove zones from Zones created by ¢'s and ¢" if exist

29. remove ¢'¢ and ¢ from Q*sim if exist

30. else if Vs € Zonenew then

31. Zonenew «— Zonenew \{V%, (X, y), (0, ¥ + X), (0, W+ L), (X' + [, W+ L)}

32. find §'sin Q*sim with East Corner flag related to v's if exists

33. remove zone from Zones created by ¢'s, remove g's from Q*sim if exists

34. else Zonenew — Zonenew \ {v", (x', y + W), (0, ¥ - X)), (0, =L), (x' + I, -L)}

35. if 3Zone' € Zones: V" € Zone' then > need to cut by mid of hole
36. Zonenew «— Zonenew \ {(x, y' + W/2), (0, ¥ + w/2), (0, -L), (X', -L)}
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37. find g in Q*sim with East Corner flag related to v if exists

38. remove zone from Zones created by g, remove ¢'s from Q*sim if exists
39. VZone' € Zones: Zone' «— Zone'\ Zonenew

40. return Zones > assignment zones intersecting only by edges

Algorithm 16. Creation of assignment zones for inner shadows fixation

The deformations are evaluated using LIRA-FEM on a plane slab; the
mesh step is 125 mm. The slab settings: width is 250 mm; elastic modulus is
3e+006 t/m? Poison's ratio is 0.2; specific gravity is 2.502 tm® (B25). The
reinforcement setting: A500 for longitudinal reinforcement and A240 for
crosswise reinforcement. The slab is modeled by the plate finite elements.
The slab contains uniformly distributed orthogonal loads equal to 0.6255 t/m.
Supports are modeled as restraints along the axis orthogonal to the slab plane
(Z axis). The technical setup is the same as in the previous experiment.

The experiment uses 250 plans with 25 supports and with hole ratios
from 0% to 56% from the previous experiment, for a total of 1500 plans,
computing correlations for a set of the constructed Voronoi cells. Thus, the
sample size is 37500 Voronoi cells in total, with 6250 cells per hole
percentage group. The local offset for SLS and SLH simple parameters
equals 0.5 m; the local area is a rectangle with edges formed by offset from
the support edges.

Table 10 and Table 11 show paired Pearson's correlation coefficients
between Voronoi and support simple parameters and deformation metrics.
The correlation values for SDH and SLH do not include plans without
holes; therefore, their sample size is 31250 instead of 37500. To counteract
the multiple comparisons problem, the experiment applies the Bonferroni
correction with a significance level of 0.01 for 52 tests; the adjusted
significance level is approximately 0.00019. The tables include p-value and
confidence interval for coefficients using the corrected significance level.

The result of the experiment shows the existence of a correlation
between the parameters of Voronoi diagram and deformation values. The
bending moments (Mx, My) have moderate (>.3) correlation strength with
the maximum distance to Voronoi vertex parameter (MD) and weak (>.1)
with others, except the pairs LX-Average Mx and LY-Average My, that
have negligible correlation coefficients (<0.1). This effect can be explained
by the bending moment Mx acting around the x-axis; consequently, the
larger the dimension of the slab in the orthogonal direction along the y-axis,
the larger the bending moment Mx will be. The same reasoning applies to
My. The range of the vertical deflection (Z) has strong (>.5) correlation
coefficients with the area of the Voronoi cell (Area), distance between the
center of the Voronoi cell and the center of the support (CD), maximum and
average distance to Voronoi vertices from the support (MD, AD) and
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moderate correlation coefficients with others. The required reinforcement
amount (Reinf) has a strong correlation with all VVoronoi parameters, the
strongest being with Area: 0.763.

Table 10. Correlations between Voronoi parameters and deformation metrics

Average Mx Average My Max — min Z Sum Reinf
r=.195 r=.231 r=.516 r=.763
Area p =.00000 p = .00000 p = .00000 p =.00000
ClI[.176 .213] Cl [.213 .249] Cl [.502 .530] ClI [.755 .771]
r=.187 r=.211 r=.482 r=.652
P p = .00000 p = .00000 p = .00000 p = .00000
CI[.168.205] ClI[.193.229] Cl [.467 .496] Cl [.641 .663]
r=.241 r=.263 r=.581 r=.550
cD p = .00000 p = .00000 p =.00000 p =.00000
Cl [.223 .259] Cl [.245 .281] Cl [.568 .593] Cl [.537 .563]
r=.334 r=.346 r=.682 r=.717
MD p = .00000 p = .00000 p =.00000 p =.00000
ClI[.317.351] CI [.329 .363] CI [.671.692] CI [.707 .726]
r=.285 r=.305 r=.613 r=.718
AD p = .00000 p = .00000 p = .00000 p = .00000
Cl [.267 .303] Cl [.288 .323] Cl [.601 .625] CI [.708 .727]
r=.039 r=.294 r=.404 r=.565
LX p = .00000 p = .00000 p = .00000 p = .00000
C1[.020.058] Cl [.277 .312] Cl [.388 .420] Cl [.552 .578]
r=.292 r=.078 r=.435 r=.571
LY p = .00000 p = .00000 p = .00000 p =.00000
Cl[.275.310] ClI [.059 .097] Cl [.419 .450] Cl [.558 .584]
Table 11. Correlations between simple support parameters and deformation metrics
Average Mx Average My Max —min Z Sum Reinf
r=-.003 r=.002 r=.096 r=.254
SL p = 53049 p=.75768 p =.00000 p =.00000
Cl [-.022 .016] Cl [-.018 .021] Cl [.077 .115] Cl[.236.272]
r=-.021 r=-.025 r=.015 r=.010
SDE p = .00004 p = .00000 p =.00424 p =.04674
CI [-.041-.002] CI [-.044 —.006] CI [-.004 .034] CI [-.009 .030]
r=-.018 r=.015 r=.137 r=.273
SDS p = .00068 p = .00466 p =.00000 p =.00000
Cl[-.037.002] CI [-.005 .034] ClI[.118 .156] Cl [.255 .291]
r=-.031 r=-.009 r=-.061 r=-.068
SDH p = .00000 p =.11890 p =.00000 p =.00000
Cl [-.052 —.010] CI[-.030.012] Cl [-.082 —.040] CI [-.089 —.047]
r=-111 r=-101 r=-147 r=-221
SLS p = .00000 p = .00000 p =.00000 p =.00000
Cl [-.130 —.092] ClI [-.120 -.082] Cl[-.165-.128] Cl [-.239 -.203]
r=.056 r=.033 r=.098 r=.084
SLH p = .00000 p = .00000 p =.00000 p =.00000
CI[.035 .077] CI [.012 .054] CI[.077 .118] ClI [.063 .105]
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Only SLS and SLH simple support parameters have significant
correlation coefficients with each deformation metric, while the others have
some insignificant coefficients. The parameter of distance to the edge of the
slab (SDE) has only one significant but negligible coefficient with Average
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My and has insignificant coefficients with others; thus, it seems that this
parameter does not bring any important information to the analysis. The
parameters of distance to the closest hole (SDH) and the density of holes in
the local area (SLH) have significant but negligible coefficients, except of
the pair SDH-Average My, meaning these simple heuristics are not enough
to describe deformations.

The length of the support parameter (SL) has a significant weak
correlation with reinforcement needed, a significant but negligible
correlation with deflection difference, and insignificant coefficients with
other deformation metrics. The parameter of distance to the closest support
(SDS) has a significant weak correlation coefficient with the difference of Z
deflections and the needed reinforcement amount, and it has insignificant
coefficients with the average bending moments. The parameter of the
density of supports in the local area (SLS) has significant weak correlation
coefficients with all deformation metrics.

The following conclusions are made based on the correlation
analysis results:

1) Area and perimeter (P) of Voronoi cells have an obvious
correlation with deformations in the slab: the bigger VVoronoi cell leads to
bigger spans with neighboring supports, which leads to greater deformation
in the slab;

2) The distance between the center of the Voronoi cell and the
center of the support (CD) describes the imbalance of the supporting area
shape in the slab, leading to bigger bending moments and deflections;

3) The maximum and average distance to the VVoronoi cell vertices
(MD and AD) describe the length of the maximum and average span from
the support around it; the larger the span length, the greater the
deformations occur;

4) The bounding box dimensions in abscissa and ordinate of the
Voronoi cell (LX and LY) should explain the bending moments, because
the larger the extent of the supporting area, the larger the bending moments
should be; but it seems that the distance to the Voronoi vertices from the
support (MD, AD) describes deformations of the slab better;

5) Some simple parameters, such as length of the support (SL),
distance to the closest support (SDS) and density of supports in the local
area (SLS) have a significant weak correlation and can be used in deeper
analysis, but for any deformation metric all of them have less correlation
power than the VVoronoi parameters.

In general, the Voronoi diagram seems to be a useful heuristic
approach to evaluate slab deformation, because its nature reflected in the
parameters of the Voronoi cells has a significant and valuable correlation
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with the important deformation metrics. Future research will use the
proposed algorithm and the obtained results of the preliminary correlation
analysis as a starting point. Besides, the limitations of the described model,
such as the single value for dimensions and thickness of the model slab, the
single type of concrete and reinforcement tested, should be researched
further as well to confirm the applicability of the Voronoi diagram to a
wider range of floor slab and building design variations.

6. Conclusion. A new Voronoi diagram algorithm with rectangular
sites and holes inside has been proposed. The new algorithm uses the
algorithm of E. Papadopoulou and D.T. Lee [10] (EP&DTL) as the base and
can process the rectangular sites fast enough by implementing the L,
distance metric and straightforward sweep line events. Therefore, the
Voronoi diagram can be applied to the slab deformation analysis problem as
part of the comparative deformation analysis research, as in [19] and [20].

The modification of the EP&DTL algorithm with rectangular holes
inside the VVoronoi diagram, which correspond to the holes in the floor slab,
has been described. The new structure in the height-balanced binary tree
representing the wavefront called "shadows" restricts the intersection
operation during the sweep line algorithm. New "virtual" bisectors induced
by holes maintain "shadow" structures, while the new events corresponding
to them allow handling holes during the VVoronoi algorithm.

The computational experiment of comparing time consumption
against the previous span determination approach [19] has demonstrated
that the proposed algorithm executes from 1.33 times faster for the plans
with 75 supports and 42 holes to 15.17 times faster for the plans with 200
supports without holes. But the proposed algorithm executes slower for
smaller cases, especially with more holes, up to 1.75 times slower for 25
supports and 14 holes. The extended analysis of the time consumption for
events and functions has shown some potential optimizations.

The preliminary correlation analysis of the VVoronoi cell parameters
has shown a significant strong correlation between the reinforcement
needed and the area of the cell (correlation coefficient 0.76) and the
distance to the vertices (correlation coefficient 0.72). However, these
findings should be interpreted with caution due to the simplified
assumptions of the model, while the algorithm has a limitation in processing
support alignment. Therefore, future research will propose a solution for the
alignment problem and will use the obtained results to extend the analysis to
build a practical slab deformation heuristic evaluation using the Voronoi
diagram approach.
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B.H. 3MHOB
OBPABOTKA OTBEPCTUM B JUATPAMME BOPOHOI'O C
nPsSIMOYI'OJbHBIMU OCHOBAHUSIMUA J1JIA
CPABHUTEJIBHOI'O AHAJIM3A JE®OPMAIIMI B INIMTAX

3unos B.M. OGpadorka oTBepcTHii B auarpamMe BopoHoro ¢ mnpsiMoyrobHBIMH
OCHOBAHMSIMH /151 CDAaBHHTE/ILHOT0 aHA/IN3A AeopMANMii B IJIATAX.

AHHOTauus. B aHHOU craThe NPEIJIOKEH HOBBIM AJTOPUTM IHOCTPOECHHS IUarpaMmbl
BopoHoro Ha IpsIMOYTOJIbHBIX OCHOBAHHAX C OTBEPCTUSIMH. AJITOPHTM OCHOBAH Ha aIrOpHTMe
IIOCTPOEHUST AuarpaMMel BopoHOoro ¢ MeTpukoil paccrosHHs Loo, pa3paboTaHHBIM
Papadopoulou E. u Lee D.-T. Ilpemnokensl moaubukaimu mjis 0OpaOOTKH OTBEPCTHIA
B MOZENU jauarpaMMbel BopoHoro. AnroputM o0pa0aTbhiBaeT HMCKXEHUS B CTPYKType
JMarpaMMBbl, BBI3BaHHBIE OTBEPCTHSMH, CO3IaBasi CIOH OEperoBOH JIMHUHM HPH HNOCTPOCHUH
nuarpaMMbl BopoHoro, Ha3BaHHbIE TEHSIMH, H HCIOJb3Yys HOBBIM THII OHCCEKTOPOB, KOTOpHIE
He 3a1aroT pedep Ha auarpaMme BopoHOro, HO SBJIAIOTCS OCHOBOW JIA CTPYKTYpPBI CJIOEB
OeperoBoil TMHUH. ANTOPUTM 3a/laeT HOBBIE COOBITHS JUIS 3aMeTarolleil IpsMOi, coXpaHss
o0mue npuHLUIBEL 00paboTKH coriacHo 6a3oBomy anroputmy. [1o pe3yiabraTaMm cpaBHEHHS
BPEMEHU BBIIONHEHHUS C INPEAbIIYyIIUM IOIXOAOM OIpEAeNeHHs IIPOJIETOB B ILIMTE,
IIPEeIUIOKEHHBIA anropuT™ padoraer B 1.33 pasa ObicTpee i miaHa ¢ 75 omopamu u B 15.17
pa3 ObIcTpee 711 HauOOJIBIIEr0 MPOTECTHPOBAHHOIO KOJIMYECTBA OIOp, HO MENJEHHEe It
MEHBUIEro KOJM4YecTBa Omop W Oojpuiero uuciaa orBepctuil. [IpenBapurenbHbIin
KOPPEISILMOHHBI  aHalIW3  MOKa3aJl  HaJUMuhe 3HAa4MMOM  JIMHEHHOM  Koppemsuuu
¢ koshdurmentom 0.76 Mexay miomanpio sueiiku BopoHoro u TpedyeMbIM KOJIMYECTBOM
apMHPOBaHUS, a TAKXKe CHIbHYIO U YMEPEHHYIO KOPPEILSILHIO MEKAY APYyTHMHU IapaMeTpaMu
S9eKN M MeTpuKaMu aedopManuii. B 3akmioueHny yka3aHBI TEKyIIHe OrpaHHYCHUS MOJETN
U aIrOpPUTMA, KOTOpbIe OyIyT UCCIeJOBAHBI B JaIbHEHIIIEM.

KioueBble cioBa: amarpamvma BopoHoro, cpaBHuTeNbHast OleHKa aedopMarui,
panvoHaIbHOE pa3MeIleHNe OIop, KOPPEIIIHOHHAsT MOJIeNIb, ONTHMH3AIUS MIPOSKTUPOBAHS
3[aHHUI.
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E.C. TpylikuH, B.1. ®PEUMAH
NPEJCKA3ATEJBHBIA METO/I PACIIPE/IEJIEHUS PECYPCOB
B BHBIYUCJIUTEJBHBIX CUCTEMAX HA OCHOBE
MHOTOKPUTEPUAJILHOM MOJAEJIA ITPUHATUSL PELUEHUN

Tpywxun E.C., @peiivan B.U. Tlpencka3aTesIbHblii MeTO pacnpeiejieHUusi pecypcoB
B BBIYHCJIUTEIBHBIX CHCTEMaX Ha OCHOBe MHOIOKPHTEPHAILHOHW MOJeJH HPHHSITHS
peleHnii.

AnHoTanus. CoBpeMeHHbIe BHIYUCIUTENbHbIE CUCTEMBI (DYHKIHOHUPYIOT, KaK IPaBHIIO,
B YCJIOBHUSIX TETEPOTEHHOCTH U MEePEeMEHHOH Harpy3ku. BaskHBIM HHCTpYMEHTOM OOecriedeHu st
BBICOKHX IIOKa3artenell (QYHKIMOHUPOBAHUS (HAIPUMEpP, NPOM3BOAUTEILHOCTb, HAJEKHOCTB,
YCTOWYHBOCTB) sIBIsIeTCS d(PEKTUBHOE paclpeneeHie BBIYUCIUTEIbHBIX PECYpCoB. B cBsi3n
C OTUM aKTyaJbHOH NpoOIeMoil sBIseTcss pa3paboTka METOJOB paclpeleleHus 3aiad,
MO3BOJISIIONIMX YJIy4IllaTh HECKOJIBKO IOKa3aTesed oqHoBpeMeHHo. [Ipemnaraemslii B pabore
MOAXOJ TpPEACTaBIsIeT co0OH pacliupeHHe IPeACKa3aTelbHOIO MeTOJa paclpeeneHust
pecypcoB. DTO OCYIIECTBILSIETCSI 32 CUET BBEICHHS MHOTOKPHTEPHAIBHON MOIENIH MPUHSATHSL
pelieHuil, BKIIOYalolmlell NPOTHO3HOE BpEMs BBIIOJIHEHHs, TEKYLIyl0 3arpy3Ky Y3/IOB
U JOCTOBEPHOCTh IIPOTHO3a, OLIEHHBAEMYIO II0 CTATUCTHKE pACXOXKICHHH (aKTUUECKUX
W NIPOTHO3HBIX ~ 3HadeHWl. OOBEKT HCCIENOBaHWS —  BBIYHCIIUTENBHBIE  CHCTEMBI
C HEOJHOPOJHBIMHU y3/1aMM, 00palaThIBAIOIIMMHU IIOTOKM 3aJad IEPEMEHHOW CIIOKHOCTH.
IIpenmer wuccrenoBaHUs — MOJAEIH M AITOPUTMBI MPEICKA3aTEIbHOTO PAacCIpeAeNeHHs
BEIYUCIIMTENBHEIX PECypcOB Ha OCHOBE MHOTOKPUTEPHANBHOIO NPUHATHS pemeHwil. Llems
HCCIICIOBaHUS — MOBBIMICHHE S((PEKTHBHOCTH M  YCTOMYMBOCTH  (DYHKIOHMPOBAHUS
TeTepPOreHHBIX BBIUHCIHUTENbHBIX CHCTEM 3a CYeT HCIOIb30BaHUS Oojee 0OOCHOBAHHOIO
MeXaHH3Ma BBHIOOpa Yy37Ia Ha OCHOBE COBOKYIIHOCTH KpHTepHeB. BrmomHen 0030p
CYIIECTBYIOIUX JUHAMHYECKUX U MPeICKa3aTelbHBIX METOJOB PaclpeaeNeH s, BBISIBICHbBI HX
MPEUMYLIECTBA, HEOCTATKH M OrpaHuueHus 1o 3pGEeKTUBHOMY NpHMeHeHHIo. Pazpaborana
MHOTOKpHUTEpHAIIbHAs MOJENb NPHHATHS PELICHHH, pean3yromas MOCTPOSHHE MHOXKECTBa
[Napero-onTuManbHBIX pelleHWH U mpouenaypy apburpaxa. IIpoBeseHo mporpamMMHoOe
MOZIETHPOBAaHNE B PA3IMYHBIX CIEHAPHAX (YHKIMOHHPOBAHUS CHCTEMBI, BKIIOUAs YCIOBHUS
CO CHIDKEHHOH JIOCTOBEPHOCTBIO CTaTHCTHKH. Pe3ynbTaThl HCCIEGIOBAaHMS IIOKa3alH, YTO
IpeularaeMblii  IIpeACKa3aTeNbHBIl METOJ Ha OCHOBE MHOTOKPUTEPHANBHOTO IPUHSATHSI
penreHuil oOeclieynBaeT CHIDKEHHE CpPEJHET0 BPEMEHH BBINOIHECHHS 33a7a4 M IIOBBLIIICHUE
PaBHOMEPHOCTH Harpy3KH Y3JIOB IO CPaBHEHHMIO C HM3BECTHBIMHM INoaxonamu. IlomydueHHbIE
pe3yIbTaThl MpeUIaraeTcsi UCHOIb30BaTh NPU MOCTPOCHUH Te€TEPOTCHHBIX BBIYUCIUTEIBHBIX
CHCTEM C aIaTHBHBIMH CUCTEMaMH yIPaBJICHUS PECypCcaMu.

KiroueBble cjIoBa: BBIYHMCIHTENbHAS CHCTEMa, METOIBI PACIpPENCNCHHS DPEcypcoB,
[MapeTo-oNTUMaNbHOCTh, MHOTOKPUTCPHANIBHBI  BBIOOp, IMPOTHO3UPOBAHHE  HATPY3KH,
CTaTHCTUYECKHE JTaHHBIE.

1. BBenenne. OpnHON W3 KIIOYEBBIX 3a/a4, CTOSIIUX IEPe]
pa3pabOTYMKaMH COBPEMEHHBIX  BBIYHCIIHTEIBHBIX CHCTEM, SIBISICTCS
3¢ (GeKTUBHOE paclpeelicHHe BBIYUCIUTEIBHBIX pecypcoB. Ot ToOro,
HAaCKOJIbKO pallMOHAJIbHO HA3HAYaroOTCsl 3aJayd Ha OJEMEHTHI (Y3JIbl)
BBIYMCIUTENILHON CHCTEMBI, HANPSMYIO 3aBHUCST €€ OCHOBHBIE [TOKA3aTeNH,
HampuMep, Takue KaK  TPOU3BOAMTEIBHOCTh, MAacCIITaOUPYeMOCTb
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U OTKa30yCTOMYMBOCTb. B yCIOBHAX yBEIMUYMBAIOLIEHCS OUHAMUKU
MIOTOKOB 3a/1a4, Pa3HOOOpas3nsi THIIOB HArPy30K M HEOJHOPOAHOCTH Y3JIOB
CTaHOBUTCSA OYEBUAHBIM, YTO CYIIECTBYIOIINE METOJBI, KOTOPHIE MOKHO
pa3fenuTh Ha CTaTWYeCKHE W JAWHAMHYECKHE, TPeOYIOT Cepbe3HOH
MojepHu3anuu [1].

CraTtuueckue aJrOpUTMbl IUIAHHPOBAHMS pACTIPEIEISIOT  3aJadun
TI0 y3JIaM 3apaHee, UCXO/sl N3 U3BECTHBIX XapaKTEPHUCTHK 3aJ1ad U PECYpPCOB.
Krnaccuueckuii mpumep — METOIbl IUIAHHMPOBAHMS, OPHEHTHPOBAHHBIC
Ha rpadsr 3amau (DAG), takwe kak amroputMsl HEFT u CPoP [2].
OHM pacCUMTBIBAIOT  NPHUOPUTETHI  3adad  (HampuUMmep, IO  «BECy»
BBIIIOJIHEHHS) M 3aKPEIUITIOT WX 32 KOMIIOHEHTaMH BBIYHCIHUTEIBHBIX
cucteM (HampuMep, MPOIecCOpaMH) TakK, YTOObl MHUHHUMHU3UPOBATH oOIlee
BpeMsl BBIMONHEHHA. [IpeMMymiecTBO TakmX METOAOB — BBICOKas
3¢ PEKTUBHOCT PACTIMCAHUS TIPH BHINOJIHEHNH MPEANOCHUIOK (M3BECTHOCTD
BPEMEHM BBIIOJHEHUS M CBS3M 3agad) ©  HEOONbIIOE  BpeMs
wianupoBanus [3]. OmHAaKO OSTH AJTOPUTMBI  CIOXKHO —aJIalNTHPOBATh
K U3MCHEHMSAM: B CTATHYECKOM cXeMe HeT OOpaTHOW CBS3M C TEKyIeiH
3arpy3Koi, MO3TOMY IPH KOJIEOaHUSIX HArpy3KH WM HETOYHOCTH OLEHOK,
Takas cxema nepecraeT J(QekTuBHO paborath. Kak oTMeudaercs
B pabote [4], craTHyecKie CXeMbl B COBPEMEHHBIX MHOTOMEPHBIX CHCTEMaX
YacTO OKa3bIBAIOTCS HEPE3yJbTaTHBHBIMH: OHH IUIOXO CIIPABISIFOTCS
C IIEPEMEHHBIM CIPOCOM M HEOJAHOPOAHOCThIO pecypcoB. Tak, B ombiTax
10 00BEIMHEHHBIM CYNEPKOMIBIOTEPHBIM CHCTEMaM CTATHYECKUH IMOJIXO0[
NPUBOIAMI K BBICOKOMY YpoBHIO cboeB (Oomee 30%), Ttorma xax
aIbTEPHATHBHOE  (AMHAMUYECKOE)  IUIAHMPOBAHWE  CHIKAIO  OTOT
nokazatenb 10 ~8%. Kpome Toro, 3amada cTaTHYeCKOro IUIAHUPOBAHUS
sBisiercst  NP-TonHOM, dTO  BBIHY)XKIOAe€T HCIHONB30BaTh  3BPHCTHKH:
MIpOCTEeHIINE AITOPUTMBI (HAampuMep, C TOMCKOM JIYYIIero MecTa) NpH
OONBLIOM YHCIIE 3a/1a4 JAI0T BBHICOKYIO BBIYHCIUTENBHYIO CIOXKHOCTH [5].
TakuM 00pa3oM, OrpaHUYEHUs] CTATUYECKHX METOJOB — 3TO 3aBHCHUMOCTh
OT KOPPEKTHOCTH HMCXOJHBIX JaHHBIX M OTCYTCTBHE aJalTHBHOCTH: OHHU
HE YYUTHIBAIOT H3MEHYMBOCTh PEAJbHBIX YCIOBHH M HE CIPABISIFOTCS
C HEOXKHMJJAHHBIMH [TMKAMU HArpy3KH.

Kiaccuueckue AMHAMHUYECKHE METOZABI PACIPENENICHUsI XOPOILIO
M3y4eHbl W UIMPOKO MPUMEHSIOTCS Ojarofapsi MpoCTOTe pealu3alnuu
W MaJblM  BBIYMCIUTENBHBIM  M3JEP)KKaM;  OHM  OCHOBBIBAIOTCS
Ha PEakTUBHOM KOHTpoJie (MOHHMTOPHMHI TEKYyLIeH 3arpysku, ouepenaeit
u T.1.) [6 — 7]. Anroputmsl Tuna Least-Connections [8] nerko peanusyrorcs
U HMMEIOT HU3KWE BBIYMCIHTEIbHBIC 3aTpaThl, MOCKOJBbKY OCHOBBIBAIOTCS
Ha IpocToM MoHUTOpUHre nokaszarenei (CPU, ouepenp 3ampocoB u T.IL.).
Takol mMmoaxoJ XOpOWIO TOAXOAWT MJIS aZalTHBHOCTH: IUIAHUPOBIIMK
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OBICTpO  pearupyer Ha  Teperpysky TOro WJIH  HWHOTO  y37a
1 TIepepactpeesser HaTpy3Ky, 9TO 3HAYUTEITHHO TIOBBIIIIACT
3¢ deKTUBHOCTh MO cpaBHEHHIO co cratukoit [9]. Hampumep, H. Shim
B pabore [4] TPOBOIUT CpaBHEHHE W TIOKA3bIBaeT, YTO JUHAMUYCCKUN
airoput™M obecrrieunn 1o 3,5 paz Oomee 3PQeKTHBHOE HCIONB30BaHUE
PECypCoB, YEM CTaTUYECKUH.

Tem He MeHee, y IUHAMHYECKUX METOIOB €CTh OTpaHHYECHUSI.
Bo-nepBbIX, OHM NPHUHUMAIOT pEIICHWS Ha OCHOBE TOJIBKO TeKyIIeH
nH(opMannK, UTHOPUPYS TPEHIBI U UCTOPUYECKUE 3aKOHOMEPHOCTH. DTO
O3HAa4YaeT, 4YTO MNpPH PE3KHX HM3MEHEHUSX Harpy3KH WIH B YCIOBHIX
TeTEePOreHHOCTH PECYPCOB PEAKTHBHBIN IUIaHMPOBIIMK MOXKET COBEpPLIATh
MOBTOPSIIOLIMECST MM  KOHTPIPOAYKTHBHBIE JIEHCTBUS, YTO TOBOPUT
00 yxynmennn KadectBa mpuHATHS pemenunit [10]. Kak moxazamm
WCCIICIOBAHMS, PEaKTHBHBIE CXEMBI 0e3 MpeICKa3aHWHd HE YYHUTHIBAIOT
MpeOBIAYyIINe AaHHBIC, YTO BBI3BIBACT 3alEPXKKH M YIJIHMHEHHE BpPEMCHU
oxumanus 3amad [11]. Bo-BTophix, gake mpu HEOONBIIOW «CTOUMOCTH
TIPUHATHS PEIICHUH TUHAMHKA MOXKET JaTh HEONTHMANBHBIC Pe3yNIbTaThI:
HaTpuUMep, €CIH CHCTeMa MEepecTpamBaeTCs CIUIIKOM YacTo, TO PacTyT
M3JCPKKHM HA TIEPEKIIOYeHHss M KOMMyHuKaimioo. Kpome Toro,
Ka4yeCTBEHHOE pacIlpelielieHHe Harpy3KH JIMIIb [0 OJHOMY KPHUTEPHIO
(3aHATOCTH TMpOIIECCOpPA) YAaCTO HE YUYHUTHIBAET JPYTUX BaKHEHIIHMX
napameTpoB (3HeprodpdexkTHBHOCTb, NPUOPHUTETHI 3ajad, HAIEKHOCTD),
4YTO OrpaHuyrBaeT 3(P(PEKTUBHOCTH MOAXO0JAa B COBPEMEHHBIX OOJAYHBIX
cpenax.

[IpenckasatenpHple  (IPEAWKTUBHBIE)  METOIBl  PACIIUPSIOT
JUHAMUYECKAN TIOAXOJ 3aJI0KEHHBIM MpOorHo3oM. OHH HCIONB3YIOT
ucropudeckne maHHble [12] m MammuHOe oOydeHue [13] mia omeHKH
Oyaymieli Harpy3Kd WIH BPEMCHH BBITONHEHHS 3alad, YTO II03BOJIIET
IUIAHUPOBATh paclpesesieHne pecypcoB 3apanee. C  TOYKHM 3peHUs
NPUHIKIA, TaKhue METOIbl MOTYT COYeTaTh TEKYLUIMH MOHHTOPHHT
C MOJICJIMPOBAaHHEM «HA YTO MOXHO pacCUUTHIBATH B OiiKaiiiiem
Oynymem». IIpenMymiecTBO NPOTHOCTHYECKHX CXEM — BO3MOXKHOCTB
ONTHMU3UPOBATh peIllcHHe (HampuMep, 3apaHee IOArOTOBUTH  Y3JIbI
K O)KMJ]AeMOMY IIMKY Harpy3kd, YCKOPHTh HY>KHBIE CepBepbl HJIH Ooliee
PaBHOMEPHO pachpeAenTs Oonbinde 3amaun). O030p COBPEMEHHBIX
uccieOBaHUN MoKa3biBaeT, 4ro VM-pemeHns CrnocoOHBI ITOBBICHTH
alaNTUBHOCTE M 3HEProdPdeKkTHBHOCTH OONAYHBIX CpEA, COKpPaTUTh
OPOCTOM M YYECTh CIOXHBIC 3aBUCHMOCTH Mexay 3agadamu [14 — 15].
HecMoTps Ha mMpOKHE BO3MOXHOCTH, NPECKa3aTeNIbHbIE METOIbI TaKKe
HUMEIOT DSl OrpaHnYeHuid. B mepByio ouepenb, TOUHOCTh NMPUHHUMAEMBIX
pELICHUIT HAaNpsMYIO 3aBUCHT OT KadecTBa MPOTHO3a: OIIMOKKM B MOJEISX
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MAaIIMHHOTO OOYyYeHUsI MOTYT NPHBOJUTH K HEBEPHOMY BBIOOPY y3ia H,
Kak CIIEICTBHE, K YXYAIICHHIO IIPON3BOJUTEIFHOCTH CUCTEMBI. Bo BTOpYyIO
ouepenp, TIOCTPOCHHE W IOANCP)KAaHWE Takux Mojened TpeOyer
CYIIECTBEHHBIX BBIYHCIUTEIBHBIX PECYpcOB M  OONBIINX 00BEMOB
00yJaromuX JaHHBIX, YTO JAENaeT MPUMEHEHHE MOAX0/a 3aTPyAHUTEIbHBIM
B cpemax Cc OrpaHMYCHHBIMH pecypcamu. B pabote [16] mommAT Bompoc
0 PECYpCHOH CTOMMOCTH HPOLIECCOB PpACIpPEICICHUS] BBIYUCIUTEIBHBIX
pecypcoB B AMHAMUYECKHX, PECYpPCHO-OTPAHMYEHHBIX BBIYHUCIUTENBHBIX
cpenax. [IpobGnema paccmaTpuBaeTcss B IUIAHE CHIDKCHUSI PECYpCHOM
CTOMMOCTM  MHOTOKPUTEPHANBLHONH  ONTUMH3ALMKM  paclpeeseHus
BBIYHCIIUTEIBHBIX ~ PECYPCOB, OJHAKO IPEUIOKEHO  HCIHOJIb30BaHUE
KOMIUIEKCOB ~ METa’BPUCTHK, C HX IIOCIEIOBaTEJIbHBIM  BBIOOPOM
U IPUIMEHEHHEM B 33aBHCHMOCTH OT OTPAaHMYCHHH Ha BpeMs IIOJNydCHUS
pesynbrata. Tak xe, -Monenyn 4yBCTBUTENBHBI K N3MEHEHHIO XapaKkTepa
Harpys3KH: PH CABUTE PACIpENeNICHUN MIIH MOSBICHUN HOBBIX THIIOB 3a1a4
Tpebyercs mononuutenpHoe (fine-tuning) wmm HoBoe oOyueHHe, HHAYE
MPOTHO3bI TEPSIFOT aKTyalbHOCTh U 0OocHOBaHHOCTH [17]. B crathe [18]
MIPOM3BOUTCS CpPaBHEHHE pPECYpCHOW 3(PQPEKTUBHOCTH 3BOJIIOIHOHHBIX
AITOPUTMOB C MHTErpalyedl J1aMapKOBCKOW M OOJIyMHCKOH 3BOJIOLUIA
B 33/1a4aX paclpe/esIeHns] BBIYUCIUTENBHBIX PECYPCOB.

Takum 00pa3oM, HU OMH M3 PACCMOTPEHHBIX MOAXOJOB HE JIMIICH
HenocTatkoB. CTaTHyeckHe METOAbl HE YYHUTBIBAIOT W3MEHYHMBOCTb
Harpy3Kd M 3aBUCAT OT TOYHOCTH MCXOJHBIX OLEHOK. JlMHamudeckue
peLIeHus] TPOCTBl W OBICTPBI, HO OPHUEHTHUPOBAHBI JIMIIb Ha TEKYIIHE
TIOKa3aTelH, He MPEABUAAT U3MEHEHHS YCIOBHH M MOTYT cOalaHCHpPOBAThH
cHCTeMy BCEro 1o ofHoMy mapamerpy. Ilporaoctmueckue cxembl Ooiee
ruOKkre, OgHAKO TPeOYIOT ciokHOW wHGpacTpykrypsl WMU: Oombmime
BBIYHMCIIUTEIbHBIE 3aTPAThl M MACCHB OOyYarONINX JAHHBIX B COBOKYITHOCTH
C  YYBCTBUTEIBHOCTHIO K  OMHMOKaM  NPOTHO30B  OTPAaHHMYMBAIOT
WX HaJIeXKHOCTh.  Takas  COBOKYMHOCTh  TMpodieM  oOyclaBiMBaeT
MOTPEOHOCTh B 0OJiee yCTOWYMBBIX METOJaX, CIIOCOOHBIX YUHUTHIBATH CPa3y
HECKOJIBKO (DAKTOPOB MpH BHIOOpE HA3HAUCHUS 3aJaUH.

Astopamu B padote [19] 6bu1 HpeIoKeH MpeicKa3aTebHbIH METO
pacripeieneHus, KOTOPbIi HPUMEHHMM B CHCTEMax C JKECTKUMH
OTrpaHMYCHUSIMH  TI0  BBIYUCIHUTENbHBIM pecypcaM. OH  omin4aercs
OT aHAJIOTUYHBIX TEM, 4YTO TIPOTHO3MpOBaHME Oyxaymied Harpysku
W aJIaliTUBHOE Tepepacipe/ie]ieHie BBIYUCINTEIbHBIX 3a]a4d BBITIOJIHIECTCS
C YY4ETOM COBOKYITHOCTH TEKYIIEr0 COCTOSHHSI CUCTEMBI U CTaTUCTHYECKOU
nHopManny, O NPENBIAYIINX CXOXKUX [0 XapaKTEpPUCTHKaM 3a/1adax.
Tako# moxxox MO3BOJISIET 3apaHee OLEHMBATH OYIYIIYIO 3arpy>KEHHOCTb
BBIYHMCIIUTEIBHBIX Y3JIOB W INPHHUMAaTh Ooyiee OOOCHOBaHHBIC PELICHUS
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0 pacnpeneneHun pecypcoB. OnHAaKO paHee aBTOpaMH HE paccMaTpHBAICs
BOTIpOC OMmMMOOK B TporHo3zax. I[lo3ToMy BO3HHKaeT HEOOXOIUMOCTh
B PaCIIMPEHUN MOJENN NPUHATHS PEIICHNH, peaau3yeMOd B paMKax
MIPEACKa3aTeIbHOTO METO/1A, 10 MHOTOKPUTEPHATIHLHON MOJENH, CIIOCOOHOM
YYUTHIBATh HECKOJBKO (PaKTOPOB OIHOBpeMEHHO. Hacrosmas crares
pa3BHUBaeT 3TOT MOAXOA M (opManm3yer Tpormecc BBIOOpa y37a, Kak
MHOTOKPUTEpHAIBHYIO 3aady. KIIoueBbIM OTIMYMEM SIBISETCS BBEICHUE
KpPHUTEpUsl JOCTOBEPHOCTH MPOTHO3a, IIOCTPOCHHOTO Ha CTAaTHCTHKE
PacXOoXXKIGHUH  MEXIy TPOTHO3HBIM M (AaKTHUYECKMM  BpeMEHEeM
BBIIIOJIHCHMU.

ITox BBIYMCIUTENBHON 3amaucii B HACTOsAIICH paboTe MOHUMAETCs
3aKOHYEHHBIH Mpollecc WK padoTa, TpeOyIomias BbIICICHU PECYPCOB y3iia
(CPU, mamsaTH, QOUCKOBBIX oOmepanmwid ©W T.J.) ¥  oOmamaromas
OTIPEJICTICHHBIMH  XapaKTEpPUCTHKAaMH (HAIpuMep, OLECHOYHBIM BPEMEHEM
BBINOJHEHU WM TpuopuTeToM). Takue 3agaddl B pEalbHBIX CHCTEMax
MOTYT CYIIECTBEHHO pa3IHyaTbCsi IO CBOEH TpHpoze, TpeOOBaHUAM
1 BPEMEHHBIM OrpaHu4eHUsM. [IpruBeneM HEKOTOpBIC THIHYHBIC MPUMEPHI
MPAaKTHYECKUX 33/1a4, BCTPEYAIOIINXCS B COBPEMEHHBIX BBIYMCIUTEIBHBIX
cpenax:

1. HayusHele u wuHXeHepHble BbUHCIeHHS. K HUM oOTHOCATCS
pecypcoeMKHe IakeTHble 3aZladd Ha CYNEepKOMIIBIOTEpaX W KiacTepax.
[Mpumepsl — YHUCIEHHOE MOJEIMPOBaHUE (PU3MYECKUX MPOLIECCOB
(TMIpoIMHAMKKaA, a’POJMHAMMKA), KIMMaTHYECKHE pacyeTbl, 00paboTka
nocienoBarensHocted JIHK, Busyann3anns HayqHbIX TaHHBIX, (PUHAHCOBOE
U XMMHUKO-OMOJOTHYECKOe MOJeNUpoBaHMe W 1p. Takuwe 3amaun 4acTo
3alycKaroTcsi kak batch processing, KoTopble MONB30BATENN OTIPABISIOT
Ha IUTAHUPOBIIMK KiacTepa. [IMaHmMpoBIIMK pacripeaenseT 3TH 3aJaHus
10 CBOOO/THBIM y3JIaM KJIacTepa JUIsl MTapauleIbHOTO BBINOJMHEHH. JlaHHbIe
NIPWIOKEHUST  TPeOYIOT OOJIBIIEr0  BBIYMCIMTENBHOTO BPEMEHH W,
Kak MpaBUJIO, UMEIOT 3apaHee M3BECTHYIO CTPYKTYpY 3ajauu (Harpumep,
rpad 3aBucumocreii) [20].

2. Be0G-cepBucel u mukpocepBucbl. Kaxnaeiii HTTP-3anpoc wnu
TPaH3aKIHUA K BEO-TIPIJIOKCHUIO WHTEPIPETHPYETCS CHCTEMOH Kak
oTmenbHas 3amada (MIPOLECC WM TIOTOK), KOTOPYIO HYXHO OBICTPO
obpaborats. [Ipumepsl — 3TO reHepanus BeO-cTpanull, obpamienue Kk API,
BBINIOJTHEHHE 3alpOCOB K 0a3aM JaHHBIX M T.M. Takue 3agadu OOBIYHO
HEJIOJrOBEYHBl (OT HECKOJBbKMX MWJIIMCEKYHI [0 CEKyHI) M HMEoT
cTporue TpeboBaHMS TO 3ajgepkke (naTeHTHOCTH). [lnaHMpoBIIMKH
pacIpesersioT UX M0 CepBepaM M BHPTYaJbHBIM MallMHAM B PEaJbHOM
BpEMEHH, 4YTOOBI O00ECHEYHTh BBICOKYIO IPOIYCKHYIO CHOCOOHOCTb
U OBICTPBIA OTKIMK cepBHCOB. B ormmume ot batch processing, 3mechb
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ONTHMHU3AIMA HACT MO0 MHHUMH3ALUUK 3aIepKeK H  COONOICHUIO
TIPHOPHUTETOB Kaskaoro 3ampoca [21].

Lens panHOW pabOTBI — YIYyYIMINTh NPEIVIOKCHHBIM paHee
Npe/cKa3aTebHbId  METOJN  pachpejeNieHus — 3agad = 3a  cYeT
MHOTOKPUTEPHUAILHOTO MIPUHSTHS PELICHHUS IIPU BHIOOPE y3I1a.

3amauu cTaTbu:

1. ®opmannu3oBaTh MHOTOKPUTEPHAIBHYIO MOJIENb IPHUHATHA
pereHui, OTIPEICTUTh MOKa3aTeIH 3¢ PeKTUBHOCTH paboTsl
BBIYHMCIUTENLHOM cucTeMBbI (pa3zen 2).

2. Bmectu B mepedyeHb  KIIOUEBBIX  KPUTEPHEB,  KpOMeE
TPAIMLUMOHHO HCIOJIB3YeMBIX (IPOTHO3MPYEMOE BpeMsi BBINOJIHEHHMS,
TEKyIlee/0KHUAaeMOe 3HAUCHHE 3arpy3Kd y37a), HOBBII — METPHKY
HA/ICKHOCTH/JOCTOBEPHOCTH MPOTHO3a (pa3zen 3).

3. TlpuMeHHTh TOAXOMA [UIS ONTUMAJIBHOTO HA3HAYCHUS 3a/1a4H,
COYETArOIIHH MOCTPOCHHE [MapeTro-MHOXKECTBA KaHIU/IaTOB
U MOCJICAYIOIIYI0  TPOLEAypY apOUTpaka/paHkKUpOBaHUS C  YYETOM
3aJ[aHHbBIX TpeanouTenuii (paszaenst 4 —5).

4. Pa3paboraTh aIrOPUTM MHOTOKPUTEPHAIBLHOTO  MPUHSITHS
pellIeHuiT Kak OCHOBHOT'O ATalia MpeAcKa3aTeIbHOT0 METO/ia PaclpelelIeHNs
PECYpPCOB B BEIUHMCIUTENBHBIX CUCTEMAaxX (pasfen 6).

5. Coszgarb TmporpaMMy  UMUTAIIMOHHOTO  MOJEIHPOBAHUS
W MPOBECTH IKCIIEPUMEHTHI IS CPaBHEHUs MPEICKA3aTelIbHOr0 METOo/a
MHOTOKPUTEPHUAIILHOTO ~ NPHHATHS  pEelIeHHH C  MpeacKa3aTelbHbIM
OJTHOKPUTEPHAIBHBIM U AUHAMU4ecKuM (pasmen 7 — 8).

2. IMocranoBka 3amaum. B pamkax paccMmatpuBaeMoil paOOTHI
npobiieMa pacripenelieHuss pecypcoB (GOpMyIHpyeTcs Kak Ha3HaueHHE
BBIYKMCIIUTENILHOW 3aJauyil Ha OJUH U3 JOCTYIHBIX Y3JOB B YCIOBHSIX
MHOTOKPUTEPHUAILHOTO BBIOOpA €  KCHOJNB30BAHHEM  CTATUCTHYECKOMN
nHdopmanum.

PaccmaTpuBaeTcss  cucTeMa, — COCTOSIAs M3 MHOXECTBA
BBIYHMCIIUTENbHBIX Y3JI0B:

U = {uy, uy, ..., uUp}.

Kaxnass BHOBb mocrymaromasi 3agada Z JoJDKHa ObITh Ha3HAa4yeHa
Ha OIMH U3 JOCTYIMHBIX Y3JIOB JIO0 HAYalla €€ BhINOIHEHHUS.

YcnoBusi QyHKIMOHHUPOBAHMS CHCTEMBI:

- y3OBl SBISIOTCS TETEPOT€HHBIMH U Pa3IM4aloTcs Mo
IIPOU3BOUTENBHOCTH,
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- cucreMa paboTaeT B YCIOBHAX IIEPeMEHHOH HarpysKu:
KOJIMYECTBO IMOCTYMAOIIMX 337ad M HX XapaKTepUCTHKH (Hampumep,
TpeOyemasi BEIYUCIUTEIIbHAS CII0KHOCTD) CO BpeMEHEM H3MEHSIOTCH,

- B CIlyyac OTCYTCTBHA CBOOOJHBIX Y3JIOB 3amadya Oyaer
IIOCTaBJIeHa B oOYepelp WIM IOJIYYUT OTKa3 B OOCIYKHBaHUH IIPH
3aII0JIHCHHU OYePEIH.

[TokazaTensiMu, 1O  KOTOpHIM  oleHHBaeTcd  3()(PEKTHBHOCTD
CHUCTEMBI, B JaHHOW paboTe BHIOpaHBI OBICTpOJEHCTBHE (BpeMsi 00pabOTKH
3a7a4) W pPAaBHOMEPHOCTb paclpeieieHHs Harpy3kd MeKAy Y3jiaMu
CUCTEMBI.

IMocranoBka  3ajauM  CBOAMTCS K  MHOTOKPUTEPHAIBLHOMN
ONTUMU3AIMK: HEO0XOAMMO BbIOpaTh y3en u* € U, mis KOTOPOro
COBOKYITHOCTh BBIOpDaHHBIX KPHTEPHEB OyIeT ONTHMAaJbHOW C Yy4eTOM
OrpaHUYEHUH.

Ilycts Ha3HaueHHe 3amadd Z HA y3eN Uj ONHCHIBAETCS KOPTEKEM
KPHUTEPHUEB:

C(w, 2) = (c;(w, 2), c3(wj, Z), e, (W), Z), oov, € (W), 2)),

rae Cx — Kputepuil kauectBa, K € [1, n] (Hampumep: Bpems BBIMOJIHEHHS,
3arpy3ka, BEpOSTHOCTh OTKa3a, JIOCTOBEPHOCTh MPOTHO3a W Jp.);
N — KOIMYecTBO KpuTepueB. Torma 3ajaya pacrpeieieHHs pecypcoB
dbopMmynupyeTcss Kak BbIOOp y3la, IS KOTOpPOro KopTex C (uj,Z) Oyzmer
HMETh  HAWIYYIIY0  COBOKYIHOCTH  KpuTepueB. Jlus  peiieHus
MOCTABICHHOM 3a/]a4uu Jjanee OyayT MPeUI0KEHbI KPUTEPUH U TTOIXO/IbI JJIS
HAXOX/ICHUSI UX ONTUMATBbHON COBOKYITHOCTH.

3. Kpurepun omenkum y3jioB. B o0miem Buje, 4HMCIO KpPUTEpUEB
Ka4yecTBa B 3ajJaye paclpeieeHHs pecypcoB He (DUKCUPOBAHO U MOXKET
OBITH HCOTPaHUYCHHO OOJIBIINM. YBEIHMYEHUE YHUCIIA KpUTECPUCB N BIUAET
Ha HECKOJIBKO BaXKHBIX acleKToB [22]:

- pacHIMpSIOTCS  TMPOCTPAHCTBO  KOMIIPOMHCCOB  MEXAY
KPUTEpUAMH,

- pacreT 00beM JaHHBIX AJIS CPABHEHHUS KaHIUIATOB (Y3JI0B),

-  TOBBINIACTCS  BBIYUCIMTEIBbHAS  CJIOKHOCTH  HPOLEAYP
GbuUIBbTpanUy ¥ NOCTIEAYIOLIEro PAHKUPOBAHHUS,

- CHIDKAaeTCs  HADAHOCTh  MHTEPIpPETAllMd  Pe3yJbTaToB.
IlosToMy mpuM  NPakTHYECKOW  peanu3alid  OOBIYHO  BBIOUPAIOT
OrpaHUYCHHOE MOAMHOXKECTBO HH()OPMATUBHBIX W HHTEPIPETHPYESMBIX
rmokasareje (KpuTepueB) — TMPUMEHSIIOT METOABI OTOOpa/peayKINH
NpU3HAaKoB [23], KiIacTepusalui0 B NPOCTPAHCTBE KpuTepueB [24]
WK cKajspu3anmio [25].
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B nmanHOI pabote, kak Hanboyiee THITUYHBIE IS PAacHpEACICHHbBIX
BBIYHCIIUTENBHBIX CHCTEM, HCIIONB3YIOTCS TPH KPHUTEPHS, OTPAKAIOIINX
(YHKIIMOHHPOBAHHUE y3JIOB:

1. TIIporHo3Hoe BpeMs BBINOJHEHUS 3aJadd — OXKHIAeMas
JJIMTENILHOCTD BBIIOJIHEHHS 337124 Z Ha y3JIe Uj, PACCYMTAaHHAs [0 MOJENH
MIPOTHO3UPOBAHMYS.

¢ = Ta(u;, 2).

[lporHo3upyemoe  3HaueHHE  MapameTpa  OMpejensieTcs B
3aBUCHMOCTH OT PACUETHOrO 3HAYCHUS M PEalbHbIX (CTATUCTUYECKHUX)
3HAYEHHUH 00Pa0OTKH aHAJIOTUYHOIO:

T,(r) = aTy () + ) BTe(r = s),

s=1

rae T,(r) — mporHo3upyemoe 3HaueHHe Ha r-M mare; T,(r) — pacueTHoe
sHayeHue Ha r-m mmare; T.(r—1) ... T,(r—N) — craructudeckie 3HaYCHHS
npensiaymeit o6pabotku; N — rryOmHa nmamsaTH (WM MaKCHMallbHOE
3HAa4YCHHE KOJMYECTBA MMEIOIIUXCS AHHBIX); 0. — BECOBOH KOI((HUIMEHT
pacyeTHOro 3HaueHusi, s — BECOBOM KOI(PPHUIUECHT S-TO CTATHCTHYECKOTO
3HAYCHMSI.

3TOT KpUTEpHil OTpaxkaeT OBICTPOACHCTBHUE y3IIa.

2. Tekymas 3arpyska ysna — BpeMs, KOTOpoe HeoOXOIUMO Y3Iiy,
9TOOBI 00pad0TaTh YK€ Ha3HAUCHHEIC MY 3aJauH.

Cy = Tn(u]',Zi_l) + Tn(u]', Zi—Z) + -+ Tn(uj,Zi_m),

rJie M — KOJIMYECTBO MPEIbIAYIINX 3a/1ad.

VYuer 3Toro KpuTepHs MO3BOJISIET paclpeeNsaTh 3a/laul paBHOMEPHO
U MIPEJOTBpAILATh IIePErpy3Ky OTACIBHBIX Y3JI0B.

3. JlocToBepHOCTh mpOrHO3a — IIOKa3aTelb, OTPAKAIOMINI
CTaTUCTUYECKHE TIOTPEHIHOCTH NPOTHO3UPOBAHHS Ha KOHKPETHOM Y3IIe.

PaccunThiBaeTCsl Ha OCHOBE JIBYX PsJIOB HAOIOICHUI:

- TPOrHO3HOE BPEMs BBIMONHEHHs 3ama4n: Ty ; (U, Z),

- (axtnyeckoe Bpems BbinonHenHus 3anaun: Ty ;(u), Z).

[TorpemrHOCTh TIPOTHO3a TSI KaXXJIOTO MOMEHTa BpEeMEHH (Iara)
| oIpemessIeTcs CICAYIOMNM 00pasom:

ATi(Uj,Z) = Tq)‘i(Uj,Z) - Tn,i(uj’Z)'
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Jns  nanpHEHINNX pacdyeToB IPEAJIaracTcsi HCIIONb30BAaTh TAKKE
3HaYCHUE a0COIFOTHOM IOTPEITHOCTH:

Hanee OIIPEIEII0TCS HEoOX0AUMbIe XapaKTePUCTUKU
norpemHocTd. Jlias KauecTBEHHOW OIEHKM IPOTHO3a IpeliaraeTcs
UCIIONIb30BaTh XapaKTEPUCTHKH IOTPEIIHOCTH Ha CKOJB3SAIIeM OKHe M.
370 OKHO OrpaHnueHo ycmoBueM M < i, TAe | — YHCIO HAKOIUICHHBIX
HaOIIOICHH A, €CIT CTATUCTHKK HexoctatodHo (i < M), To XapaKTepUCTHKH
PacCYUTHIBAIOTCS 1O AOCTYIHBIM qaHHbM (M = i).

CpenHee 3HaUEHHE ITOTPEIIHOCTH IPOTHO3MPOBAHMS:

L i
AT, (u;, Z) = i Z AT, (w,2),i = M,

m=i—-M

i
1
AT, (u;, 2) = - z AT, (w,Z),M >i>0.

m=0

B caywae, korma ATcp(uj, Z) > (0 5TO0 O3Ha4aeT, 4YTO Ha Y3Ie
(akTH4YecKoe BpeMsi JOCTaTOYHO YacTo OOJbIIE IPOrHO3HOTO. A 3TO
3HAQYUT — €CTh PHCK CPbIBA CPOKOB BBINOJIHEHMS 3a1a4, KOTOpPbIE Ba)KHO
o0Opaborats BOBpems. Ecmu ATCp(uj,Z) <0, TO y3enm cucreMaTH4YECKH
oOpabaTbIBaeT 3a/iauy ObICTpee MPOTHO3HOIO BPEMEHH — BO3MOXHO, 4acTh
PECYPCOB HE UCTIONIB3YETCS.

CTOUT OTMETHUTH, YTO BO3MOXKHA CHUTYyaIUs, KOT/a ATClD (uj,Z ) =0.
B sTOM Ccitydae MOTIIM BOSHUKHYTH CIIEIYIONIHE TPOOIEMBI:

1. HaGmromaemblii  y3en1  WMeeT  OJWHAKOBYIO  CPEIHIOIO
MIOTPEIIHOCTh, KaK B OOJBIIYIO CTOPOHY, TaK M B MEHBLIYIO (Harpumep,
{+2, -2, +2, -2}).

2. Ha y3ne Habmomanach CyliecTBeHHas MOrPEIIHOCTh (+ WIH -),
KOTOpasi ~ KOMIICHCHpPOBaja  BEIMYMHY CYMMBI  IPOTHBOIIOJIOXKHBIX
norpemrHocreit (Hanpumep, {+8, -2, -2, -2, -2}.

Jdnst pemieHust 3TUX TPOOJIEeM HCIONB3YeM pPacdeT CPeaHero
3Ha4YeHHE a0COTFOTHOM MOTPEITHOCTH POTHO3UPOBAHUS:

1 i
Ay (u), Z) = Z Ay, (v, Z),i = M,

m=i-M
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i
1
My (u;, Z) = - Z Ay, (u,Z),M > i>0.

m=0

AA, MOKa3bIBAET HA CKOJIKO B CPEJIHEM MPOTHO3UPYEMOE 3HAUYEHHE
oTIn4aeTcs oT pakTHyeckoro. B omiimune oT mpocToro cpeaHero 3HaYSHUS
MOTPEIIHOCTH, a0COMIOTHOE HE OOHYIseTCs MpH uepenoBaHuu (+) u (—).
Yem Mmenbiie AA,, TEM TOYHEE TIPOTHO3 B CPEIHEM.

Taxoke, KpoMe ONMCAHHBIX BBIMIE TPOOIEM, MOXKET BO3HHUKHYTh
HEOIPEIeIEHHOCTh, MpPHU KOTOPOH Ha HECKOJBKUX Yy3/1aX aOCONIOTHAs
norpemHocth AA , Oyner omuHakosa. Jlus Toro 4ToOBI M30EXaTh ITOTO,
MIpeUIaraeTcsl UCIOIb30BaTh PacUeT CPEIHEKBAAPATUIECKOTO OTKIOHEHUS
MOTPELIHOCTEH O

i
1 2

m=i—-M

DTOT pacyeT MOKa3bIBACT, HACKOJIBKO OTKJIOHSETCS IMOTPEIIHOCTh
MPOTHO3a OT CPEJHEro 3HaueHus. EciM 0 JOCTATOYHO BEJIHMKO, 3HAYMT
3a ocienHue M oTcueToB (akTHueckoe 3HAYEHHE CHIIBHO OTIMYaoCh
OT IPOTHO3HOTO.

Hanee paccmoTpum uncioBoit mpumep. Ilpeanonoxum, 4to numMeercs
nBa y3ma (A u B), cpenm KOTOpeIX HEOOXOAMMO BBIOpATh OAMH IS
00pabOoTKH 3a1a4H.

1.  Vsen A: norpeuinocru [+2, -2, +2, -2].

A, =2
AT, =0
=231

2. Vzen b: morpemnoctu [+4, -2, -2, 0].

AA, =2
AT, =0
o= 2,83

O6a ysma wumerwor oaunakoBeii AA, =2 wu AT, =0, HO
CPEIHEKBaAPAaTHUECKOE OTKIOHEHNE Y HUX pa3Hoe. DTO MO3BOJISET CAENATH
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BEIBOJ: y3en A: 0 =~ 2,31 — mporHo3 Oonee TodeH (pa3dpoc MOrpenrHoCcTH
B MEHBIIIEM JAWama3oHe). Y3en B: o = 2,83 — mporHo3 MeHee TOYEH
(pa3zbpoc morpentHoCTH B OOJIBIIIEM THAIIa30HE).

Hcnonp3oBaHne BBIOpaHHBIX TpeX KPHUTEPHEB  OOYCIIOBICHO
UX IPAKTHYECKOW  PENeBAaHTHOCTBIO AL 334a4  paclpeleleHus
BBIYMCIIUTEIbHBIX  33/1a4: C1 OTpakaeT  NPOM3BOJMTEILHOCTS,
C, — COCTOSHHE 3arpy3Kkd, C3 — TOYHOCTb HPOTHO30B M YCTOMYUBOCTH
paboTBl CHCTEMBI IPH HEONPEAEIEHHOCTH. B KaXkJJoM KOHKPETHOM cllydae
NepeueHb KPUTEPHEB MOXKET OBITh HW3MEHEH — COOTBETCTBYIOILINE
MOCNEACTBUA JUIS METOAOB OTOOpa M BBIYUCIHMTEIBHOH CIIOKHOCTH
oOcyxnarorcst B pazfenax 4 u 5, Tae TakKe MPUBOJUTCS HCIOJIB3yEMBIi
AJITOPUTM TIPEIBAPUTENHLHOMN (PUIBTPAIMHN Y3JI0B U ITOCIIEIYIOMIETr0 BEIOOpA.

4. Konuenuusi ITapero-onTumMaisHOCTH. B MHOTOKpHTEpHATEHON
MIOCTAHOBKE, KaK IPaBHIIO, CIOXKHO BBIJECIUTH OJWH y3€J], KOTOPBIH OBII
ObI HAMJTYYIINM TI0 BCEM MOKazaTelsiM. {11 3TOTo HCIIOIb3YeTCsl MOHITHE
[Mapero-nomunupoBanus [26].

ITapeTo-noMuHUpOBaHUE:

ITycte mBa y3ma Ui ¥ U HMEIOT COOTBETCTBYIOIIUE KOPTEXKHU
kpurepues C(U;) u C(u;).

Torza Uj JOMUHHUPYET Uj, €CIIH:

- Beex kK € [1, n]: c(uy) < c(uy),

- cymecTByeT xoTs 061 omuH K': Ci (Uj) < Ci ().

[MTapero-mHOXECTBO:

MHOXeCTBO y3JI0B, KOTOpBIE HE JOMHHHUPYIOTCS HH OJHUM APYTUM,
obpasyer [lapeTto-poHT Mt MHOXKecTBO [lapeTo-onTHMaIbHBIX PELIeHUH:

P={u €U| Ay €U:C(u) < C(y)}

MHosxecTBO P comepkuT Bee Takue 3aeMeHTsl Uj € U, 171 KoTophIX
He CYIIECTBYeT Jpyroro osneMeHTa Ui € U, nomunupymomero Ui
[TapeTo-MHOXECTBO OTpaxkaeT HA0Op KOMIIPOMHUCCHBIX pemeHni. Kaxabrit
JIEMEHT 3TOT0 MHOKECTBA SIBIISIETCS. 0OOCHOBAHHBIM C KaKOH-TMOO TOYKH
3peHus, ¥ HE CYIIECTBYEeT YHHBEpPCAIbHOTO TpennouTeHust 0Oe3
JOTIONTHUTENbHON HH(popMaruu. Bribop u3 3TOoro MHOXecTBa TpedyeT
CY)KEHHS Ha OCHOBE TIPEMOYTEHU I CHCTEMBI WITH TONb30BaTes [27].

Ioctpoenne [Tapero-hpoHTa CBSI3aHO ¢ MpoIeAypoii mepedopa Beex
KPUTEPHEB i Kaxaoro ysna. 1loaToMy BBIYHCIHTENBHAs! CIIOKHOCTH
¢dopmupoBanms  Ilapero-ppoHTa 3aBUCHUT OT  KOJMYECTBA  Y3JIOB
U KOJIMUECTBA KpUTEpueB. XapakTep 3aBUCHUMOCTE U OrpaHUYEHUs
IPUMEHEHHUs  JaHHOTO  METoJa  SIBIIIOTCS  TeMOW  JaabHEMIINX
HCCIIeJOBAaHUH.
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5. Poab apOuTpaka u jauna, npuHuMalomero pemenue (JIIIP).
Iloctpoenne MHoOxecTBa IlapeTo-ONTUMaIBHBIX PELIEHUN I03BOJISET
BBIJIETIUTh U OTOPOCHUTH TE€ BAPHAHTHI pPacTIpeeIICHUS 3a1a4n (MU IEePEedHs
3a7a4), KOTOpBIC SBISIOTCS HEYAOBICTBOPUTEIBHBIMH II0 CPAaBHEHHUIO
¢ octanbHbIMH. OJHAKO OTCYTCTBHE JOMHHHPOBAHUS HE O3HAYaET PaBHYIO
MPEANIOYTUTEIFHOCTh — HEOOXOAMMO BBIOpaTh KOHKPETHBIM y3€l It
Ha3HA4YeHUs 3a7a4d. DTOT BBHIOOP HEBO3MOXKHO OCYIIECTBUTH 0Oe€3 ydera
NPEANOYTEHUH HEKOTOPOTro CyOBbEeKTa — JIMIa, NMPUHHMAIOIIET0o pelleHHe
(JITTP) [28]. B ciyuae aBTOMATHYECKOTO YIPABICHUS pPacCIpee/icHUEM
3aJa4, 4TO U UMEET MECTO B BBIYHMCIMTEIBHBIX CHUCTEMAaX, 3Ty (YHKIHIO
BBINOJIHSACT IPOrPaMMHBIN MOJTYJIb IPUHATHUS PEIIeHUs (IUTaHUPOBILHUK).

Jis Toro, 4ToOBl TPHUHATH pELICHHE, NPUMEHSIOTCS METOJBI,
KOTOpbIE omHcaHbl Hrke. OHM HE TapaHTHPYIOT, 4TO OCTAHETCS OJHO
13 BO3MOXKHBIX PEIIEHUH, HO TMO3BOJSIOT CYHIECTBEHHO YMEHBIIHUTh
nx konudyectBo. [locme dwero BeIOMpaeTcs 000 W3 OCTaBIIMXCS
BapHaHTOB, TAK KaK OHH CYUTAIOTCS PABHO3HAYHBIMHU.

Memoo acpecuposanus (nuHeliHas ceepmKa,).

Ipn  HanWIuu  KOpPTEKa BECOB W = (Wi, W, ..., Wp,), Tue
wy, = 01 Y wy, = 1, BBoauTCs QyHKIHS TOIE3HOCTH:

S(uj'Z) = Y wi - (. Z).

Kaxx1oMy KpUTEpHUIO Cy COMOCTABISACTCS KOIPPHUIIUEHT 3HAYMMOCTU
Wy. ITocne wero BeIOMpaeTcs y3en ¢ MUHUMAIbHBIM (MJIM MaKCHUMalbHBIM —
B 3aBHCHMOCTH OT 33Ja4yd) 3HAYCHHEM (YHKIUH IOJIE3HOCTH.
[IpeumymectBa: mpoctoTa, THOKOCTh. HemocraTku: HEO0OXOIUMOCTh
3a/IaHKs BECOB, BO3MOXKHOCTh MTOTEPH HH(OPMAIMK 0 KoMmpomuccax [29].

Hepapxuueckas dpunompayus.

B naHHOM MeToZe KpHTEpHHM pPAHXXUPYIOTCS 10 TPHOPHUTETY.
CHavyana QWIBTPYIOTCS Y37l 10 TJIABHOMY KpHUTEpUIO (Harpumep,
MIPOTHO3UpYyeMOe BpeMsi 00pabOoTKH), 3aTeM — I10 CIEIYIOIEeMY U T.1., HOKa
HE OCTaHeTCd OJUH WJIM HECKOJIbKO BapHaHTOB. MeToJ MOIXOAUT
B CIIy4asX, KOTrJa HEKOTOpble  KPUTEPUH  SIBISIOTCS  YKECTKHMH
OTpPaHMYEHUSAMH, HAIpUMep, He Ha3HAa4yaTh 3a/a4d Ha y3€l1 C BBICOKOH
MTOTPEITHOCTHIO MPOTHO3MPOBAHUS. [IpenmymiecTra: BBICOKAs
YOPaBIIEMOCTh, JTOTHYHOCTh. HemocTtaTku: MoXeT oTOpachIBaTh OJIM3KHE
110 3HAYCHUIO, HO B 11eJIOM Gostee BeIToaHbIe pernrerus [ 30].

Takxe CyIIecTBYIOT METOABI W MOJAEIH IS NPHHATHS PEIICHHH,
KOTOpBIC BKJIIOYAlOT Oojiee CJIOXHBbIE MexaHu3Mbl BbiOopa. IIpumepsr:
JIOTHYECKUE TpaBwia (eciu... To...) [31], Jekcukorpaguueckuii mopsIoK,
HelpoceTeBble (PYHKLIUK NPEAnoYTeHui [32].
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Wnaterpamms Mexanm3ma apOutpaka u  MonenupoBaHus JITTP
MO3BOJIIET ~ CHUCTEME  TEPEXOAUTh  OT  «YHUCTOH»  ONTHMHU3AINU
K MHTCJUIEKTYaIbHOMY TPHHATHIO DPEIICHWH, YYUTHIBAIOLIEMY KOHTEKCT,
LEeNY, TOJUTHUKY YIPAaBICHHSA W  IOJb30BATENbCKHE TPEOOBAHMS.
3710 sIBISiETCS]  KIIIOUEBBIM IIarOM Ha IYTH K CO3/[aHHIO aJalTUBHOTO
IUTAHUPOBINUKA, CIHOCOOHOTO YCTOHYMBO (DYHKIIMOHHPOBATH B IIHPOKOM
JManazoHe yCIOBUM

6. Auropurm peaM3anuu MHOTOKPUTEPHAJILHOI0
NPEeACKA3aTeJbLHOI0 MeTO/la pacmpefejenus 3aaad. llpeanoxeHHas
B pa3zzenax 2 — 5 MaTeMaTHuecKas MOJIeNIb pealu3yercs B BUJE alrOpUTMa,
KOTOpBIM aKTUBUPYETCA IPU IOCTYIUIEHUM KaXXKJOM HOBOM 3ajaudu
B cHCTeMy. ANroputM paboTaeT B peaJbHOM BPEMEHH M COCTOMT
13 CIEIYIOMNX MOCIEI0BATENBHbIX [IIarOB.

Ulaz 1. Hnuyuanusayus u cOOp akmyanbHO20 COCMOAHUS CUCTHEMDL.

Ilepen o0OpabGoTkO¥M HOBOWH 3ajaun CHCTEMa BBINOJHIET CcOOp
nHpopMammM O  TEKYIEM COCTOSHHM  BBIYHCIMTENBHBIX  Y3JIOB
U ={ui, U, ..., u,}. DOpMHUPYIOTCS TIOKA3ATEIH:

- TeKymas 3arpy3ka KaXIoro y3ma (KOJMYECTBO AaKTHUBHBIX
3a[a4, OCTaBIIeecs BpeMs UX BBINOJIHEHHS, HCIIOIb30BaAHUE PECYPCOB),

- OOHOBIIEHHAasi CTATHCTHKA IO paHEe BBINOJHEHHBIM 33j1a4aM
(mporuo3HbIe U (haKTHYECKHE BPEMEHA),

- JIOCTYNHOCTSH y371a JUIS IpHeMa HOBOH 3a4a4H.

Ora uHbopMaiys (OPMUPYET HCXOJHbIC JAHHBIE JUIS IPOrHO3a
1 OLICHKU KPUTEPHEB.

Llae 2. [Ipocro3uposatiue 8pemeny 8bINOIHEHUsSL HOBOU 3a0aUi.

Jna kaxnpod mapel «3ajada Z — y3en Up PacCUMTBIBAETCS
nporxosHoe Bpems Ty ;(uj, Z) Ha OCHOBaHMM MOJEJNHM IPOTHO3MPOBAHUS,
UCTIONB3YIOIIEH HAKOIUICHHBIE CTaTUCTHYECKHE JaHHBIE M I1apaMeTpbl
3a1a4u (HarmpuMep: 00beM BBIYUCICHUH, THIT 33]1a4H, TpeOyeMbIe peCypChI).
Ecmm cratuctMka 1o JaHHOMY THITy 3ajad WM Y3y OTPaHWYEHA,
MIPUMEHSEeTCS aJanTHBHAS aNNPOKCHMAIM Ha OCHOBE OJHM3KMX KIAcCOB
3a1ad. Pe3ynbTaTsl IpOrHO3a COXPAHSIOTCS B TAONHIly KPUTEPHEB.

Hlaz 3. Dopmuposanue Kopmedca Kpumepueg U YCI0GUl
OOMUHUPOBAHUAL.

Jst Kaxz1oro y3i1a GopMupyeTcs KOPTeX KPUTEPUEB:

C(uj,Z) = (cl(u]-,Z), cz(uj,Z), ) ck(uj,Z), . cn(uj,Z)).

[Tocne yero 3T KOPTEkKH CBOAATCS B TAOJIMIly 3HAYEHUH KpUTEPUEB
JUISL BCEX paccMaTpUBaeMbIX y3710B (Tabnuna 1).
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Tabmmna 1. Pesynsrupyromast Tabiuia KpuTeprues

Kpurepun
Howmep y3na C, C Ci Ch
1 Cl(ullz) CZ(uer) Ck(ulrz) Cn(uer)
2 c1(up,2) | cx(uy,Z) | oo | cug,2) | .o | cp(ug, Z)
j cl(uj,Z) cz(uj,Z) ck(uj,Z) cn(uj,Z)
m cum,2) | c;Cum,2) | oo | celum,2) | ... | cnlum, Z)
Kimroueroe TpeboBaHMe 3TOro mara — OJHO3HAYHO 3a/aTh

OTHOIICHUE «IYYIIe/XyXKe» ISl KaXKA0H KOMIIOHCHTHOHW BenW4uHbI. JlJis
kaxgoro kpurepus kK = [1, n] ¢pukcupyercs npaBmio:

- 1ubo «MeHbIIe — Jy4iie» (MUHUMHU3aUOHHbIN KpUTEpHil),

- 1mbo «Ooipmie — Tydie)» (MaKCHMHA3AIMOHHBIN KPUTEPUN).

Ha ocHOBe 3THX KOMIIOHEHTHBIX OTHOIICHUH 3aJaeTCs OTHOIICHUE
JOMHHHUPOBAHUS MEXKAY IBYMS y3JIaMH. DTH JaHHBIC CIIY)KaT BXOJOM IS
mara 4 — ¢uibTpanuu (BBIACICHHE HEIOMHUHHPYEMBIX PpEIICHUH)
1 TIOCTIEAYIOMICH COPTUPOBKH/0TOOpA.

llaz 4. Iocmpoenue mnoocecmea Ilapemo-onmumanvHulx
peuwienull.

Ilocie ompeneneHuss KpPUTEPUEB UM IIOCTPOEHHUS  KOpTExeH
HPOM3BOAUTCS MX aHAIM3 JUIi BceX y3noB. Jlms kaxiod mapel (Ui, Uj)
BBINIOJNIHSETCST TpoBepka Ha Ilapero-mommHMpoBaHue. B MHOxecTtBO P
BKIIIOYAIOTCSl TOJIBKO T€ Y3Jbl, KOTOPbIE HEIOMHHHUDPYIOTCS HHKAKUM
JIPYTHM.

Takum oOpa3oM, MHOKeCTBO P ompernenser HaObOp albTEpPHATHB,
SIBIITFOIUXCS ~ KOMIIPOMHCCHO ~ ONTHMAaJbHBIMH IO  COBOKYIHOCTH
kpurepueB. Iloctpoenne MHokecTBa IlapeTo-onTUManbHBIX peUICHUI
pearM30BaHO METOAOM IOJHOTO Iepedopa, 4To sBiIseTcs 3(P(PEKTUBHBIM
pu HeOOJBIIOM 4YHCIE Y3J0B M OOECIeYMBAET TOYHOE BBIJICIIEHUE
HEJIOMHUHUPYEMBIX PELICHU.

Llaz 5. Ilpunamue okonuamenvbHo2o peutenus (Apoumpasic).

Ecnmn mHOXecTBO P comeput Gojiee OTHOTO Y374, BBITOTHACTCS
mpoueaypa — apOurpaxka, — peanmsyiomias — NOPEANOYTCHHS  JIUIIA,
npuaEMatomiero  pemenue  (JIIIP), wnam  3agaHHYI0  MOJIUTHKY
IUTAHUPOBINUKA (BO3MOKHBEIE CTpAaTerMud ObLIM ONKMCaHbl B pasjeie 5).
PesynbraTrom  apOuTpaska SBISETCS  OKOHYATEJBHOE pPELICHHE O
Ha3Ha4YcHUHM 3ana4yu Z Ha y3ea U* € P.

Ulae 6. Buinoanenue 3a0ayu u 00HOBIEHUE CIMAMUCTIUKU.
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Ilocne Ha3HayeHWs 3aAa4d  MPOMCXOJUT €€  BBIIOJHEHHE
Ha BeIOpaHHOM y3ie U*. [lo 3aBepmieHuN (UKCHPYIOTCS (haKTHICCKUE
MOKa3aTeIH: BPEMs BBIITOJHEHNUS, NCIOIb30BAHHBIC PECYPCHI, BOSHUKIIHE
OTKJIOHEHHsI OT NMPOTHO3a. DTH JaHHBIE HOOABISIOTCA B CTATHCTHYECKYIO
0a3y M HCHOJIB3YIOTCS I NepecdeTa MapaMeTpoB MPOTHO3HOH MOJEIH.
Takum oOpazom, cmcremMa oOnamaeT CBOMCTBOM caMOOOYYCHHS W
MOBBIIIAET TOYHOCTH MPOTHO30B MPH AJITUTEIBHOMN HKCILTyaTalH.

7. llporpammHuoe MojeaupoBanme. [[as 3SKCHIEpUMEHTAIbHBIX
WcceoBaHMil aBTOpaMu paHee wucmoib3oBancs AnyLogic  [33].
Jnst Oonee ruOKoit HacTpoiiku pa3paboTaHHAsh MHOTOKpUTEpUAIIbHAS
MoJienb Obljla peajln3oBaHa B BUJAE NMPOIPaMMHOI0 KOMILUIEKCA Ha SI3bIKE
Python, Bkirouaromero rpadudeckuii uHTEpdeElc moib3oBaTeNss U
CpeICTBa BU3YaJbHOTO aHAlN3a Pe3yJbTaTOB. Peanm3anys BBHIOIHEHA B
MOJIYIbHON  apXWUTEKType W  TO3BOJIIET  INIPOBOAWUTH  CEPHIO
BBIUMCIUTEIbHBIX JKCIIEPUMEHTOB JUIS CPAaBHEHUS Pa3IMYHBIX METOJIOB
pacrnpeneneHus 3a/1a4 B BEIYUCIUTENbHBIX CHCTEMAX.

OKCIEpUMEHTHl HalpaBICHBl Ha CPaBHHUTEIBHBIH aHAIM3 Tpex
METOJIOB PaCHpEICICHHUS:

1. Junamuueckoro (J]) — 3TO CymecTBYIOUIUHA METO], B KOTOPOM
3a71a4X Ha3HA4arTCs HA y3€Jl C MUHUMAJIbHOH TeKyIlEeH 3arpy3Koi.

2. IlpenckazatensHoro omHokpurepuansuoro (II) — 310
aBTOPCKMH METOMA, COIVIACHO KOTOPOMY BBIOOp y37la ¢ MHHHMMAJIBHBIM
IIPOTrHO3HBIM BPEMEHEM BBITTIOJITHCHUS .

3. MHorokpurepuainbHOro mpenckasarensHoro (M) — 3T0OT
METOJ  SBISETCS  yNy4IIEeHHOH  Bepcuei IpecKa3aTeabHOTO
onHokpuTepuanbHoro merona (I1), B HeM BBIOOp y37la MPOUCXOIUT Ha
OCHOBE COBOKYITHOCTH KpUTEpHEB (HAIpuUMep, NMPOTHO3ZHOTO BpPEMEHH,
3arpy3Ku y3ia, JOCTOBEPHOCTb MPOTHO3a).

Cepusi SKCHEPUMEHTOB BBINIOJIHEHA IO3TAIlHO, C ITOCTENEHHBIM
YCIIOXKXHCHUEM HNCXOOHBIX yCHOBHﬁ, qTO0 IIO3BOJIACT IIPpOCICAUTDH
U3MCHCHHUEC TIOBCACHUSA aJITOPUTMOB IIPU NEPEXOAC OT HUACAIBHBIX K
PEaIbHBIM CHOCHAPUAM.

Jiss  MozenupoBaHHMs —paccMarTpuBalach CHCTEMa, HMeEIoIas
ClIeyIOIINe BXO/HbIC JaHHbIE!

- KOJIMYECTBO 3ajad,

—  TPYIIIBI CIOKHOCTH 3a/1a4,

- BBIYMCIUTENbHAs CJIOXXHOCTh KaXAOH Tpynmsl  3ajad,
B YCJIOBHBIX euHHUIAX (y.e.),

- IpONOpUHs pacHpeAeseHus 3a1ad 1o IPyIaM CI0XKHOCTH,

- IPOM3BOJUTEIBHOCTD, B y.€./€.B. (EMHHUIIA BDEMEHH).

Bce BXoHBIEC JaHHBIC SBISIOTCS CHHTETHUECKUMH.
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7.1. Cuenapuii 1. MWpeanbHble YCI0BHSI — pPaBHOMepHbIe
U cTa0MiIbHbIe Y3Jbl. Llens: NMpoBEpUTh KOPPEKTHOCTH PAabOTBI MOAEIH
B YCIIOBHAX, KOTJ]a OTCYTCTBYIOT Pa3iHUMs MEXAY y3JaMH W CTaTHUCTHKA
MPOTHO3a TOJTHOCTBIO COBMAfaeT ¢ (haKTHYECKUMHU 3HAYCHUAMH. B Takmx
YCHOBHAX JIIOOOH palMOHANBHBIM METOA HA3HAYCHWs 3aJad  JOJDKEH
NPUBOAUTE K OIWHAKOBBIM pe3ydbTaTaM II0 BPEMEHH BBITOJHEHHS
U paclpeeIeHUI0 Harpy3KU.

Yenosus sxcnepumenma:

-~ BCE Y37bl UMEIOT OJJUHAKOBYIO IPOU3BOAUTEIBHOCTH,

-  337a4d  OJHOPOJHBIE, C OJWHAKOBOM  BBIYHMCIUTEIHLHON
CJIO’KHOCTEIO,

-  HCTOpPHUYECKHWE JaHHBIE HE COAEpXKaT BHIOPOCOB, TO €CThb
CTAaTHUCTHKA CTaOUIIbHA,

- KOJNWYECTBO 3a/ay M JUIMHA BPEMEHHOTO psiia BBIOpPAaHBI Tak,
YTOOBI IPOTHO3 MOJHOCTHIO COBMAAaN ¢ (DAKTUYECKUM BpeMeHeM 00paboTKu
3a7ad.

Ovicudaemvie pezyromamul:

- wMerogpl /[, [ m M oOecreunBaloT OAMHAKOBOE BpEMs
BBITIOJTHEHUSI M PABHOMEPHYIO 3arpy3Ky Y3JIOB,

- Ilapero-mHOXecTBO B MeTone M Oyner comepikaTh Bce Y3IIHI,
TaK KaKk KpUTEPHH HIACHTUYHBI,

- JIOCTOBEPHOCTh MPOTHO3a MaKCHMalbHa, a apOUTpak HE BIMACT
Ha pe3yJIbTar.

Ha pucynke 1 mnpomeMOHCTpUpoBaHa KOH(UIypaiys IepBOTO
CIeHapHsl.

B »stux ycnoBusx Bce Tpu wmeroma — [, I, M gomxsbl
JIEMOHCTPUPOBATh OJMHAKOBOE IOBEJICHHE. Pe3ynbTaThl MOJEIMPOBAHMS
9TOTO CIIEHapHsl TOKa3aHBI HA PUCYHKE 2.

PucyHok 2 wUTIOCTpUpPYET —pe3yNbTaThl  OKCIICPUMEHTOB  JUIS
CIIeHapHs, B KOTOPOM HarpysKa pacipesiessieTcsi paBHOMEPHO M OTCYTCTBYIOT
CYIIECTBEHHBIE KOJIeOaHUsI BXOJHBIX MapameTpoB. Kak BHIHO U3 TabimIpl,
Ipu  yBeNWYeHHH KoimdecTBa 3amad oT 1000 mo 5000 Bce MeTomsl:
JIMHAMHUYECKUH, OJTHOKPUTEPHATIBbHBIN MIpeJcKa3aTebHbIN u
MHOTOKPUTEPHAIBHBIN TPEICKa3aTeIbHBI — JAEMOHCTPUPYIOT OIMHAKOBBIC
3HAYCHUs KaK PacuyeTHOro, TaK M (PaKTHUECKOTro BpeMEHH 00paboTku. DTO
OTPaXCHO B  OJMHAKOBBIX 3HAYCHUSAX CTONOHOB  «/lmHammueckuit
(pacuetHoe)»,  «/luHammueckuit  (dakrmyeckoe)»,  «lIpenckazarenbHO
OIHOKpHUTEepHaIbHBIN (p/d)» 1 «lIpenck. MHOTOKpHTepHaILHEIA (p/d)», rHe
HaOnromaroTcss uaeHTHaHble BenmuuHbl (300, 600, 900, 1200, 1500 wmc).
Kpowme Toro, moxasarenu OanaHca 3arpy3KH Ha y3JIbl BO BCEX CITydasX paBHBI
HyO (IIOKa3bIBAIOT JIENIbTY 3arpy3KH MEKIy CaMbIM HArpy>KCHHBIM Y3JIOM
U CaMbIM HEHarpy>KeHHBbIM), YTO IOATBEPKIAECT OTCYTCTBHE Ppa3IHUIui
MEXIYy METOAaMH.
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# Mpeack. MHCrokpUTEpMansHEIR NPeACKasaTENLHEIA MIGHMPOBLINK
¥npasnenue Peynetater Busyanwsauna Cratwcmike Cripaska

Mapamerpe! yznos CroxHocTs 3agau Mapauerpe! skcnepumerTa
Hard: Konuuecrso 3agau (wepes sanstyro): 1000,2000,3000,4000,5000
Normal: Jonu (hard,normal,easy): 100

Easy: Beca kpurepmes (c1,e2,c3): 0 1 0

Kon-sa y3nos: 0]

Muk npoussomT 4

Make npovssoauT 4
OBwem cratncrakn (1-5000): 10

i

[ ——
Vposens sapnatusrocri (0-13: 0 ¥ P

-5o): O
BriBpace: crammctin (on-so) Jcenopr 8 Excel

Auanason ooipocos (mur): 0.8

Auanason seiBpocas (makc): 0.9

CrenepuposaTs ysnsl n cramncTiiy
CoxpanuTe Kompur

BarpyauTs kondur

Puc. 1. OxHO KOHOUTYypaunu cueHapus 1

Ynpaenerue Pesynstatel Busysausauma Cratvcruka Cripaska

PesynbTathl 3KCNEPUMEHTOR

Kon-g0 zagau Aip) Oid) Mip) I (&) M(p]  Mid) Bananci(l) Banauc(M)  Bananc (M)
1000 300.0 300.0 300.0 300.0 300.0 3000 00 00 0.0
2000 600.0 600.0 E00.0 600.0 600.0 600.0 00 00 0.0
3000 500.0 500.0 S00.0 500.0 900.0 9000 00 00 0.0
4000 12000 12000 12000 1200.0 12000 12000 00 00 0.0
5000 15000 15000 15000 1500.0 15000 15000 0.0 0.0 0.0

Puc. 2. OkHo pe3ynbTaToB cueHapus |

Taxkoit pe3yapTar OOBICHSACTCSA TeM, YTO B JaHHOM CIIEHAPHH BBIOOD
y3J1a HEe BIUSIET Ha WTOTOBOE BPEMs BBINIONHEHHS: BCE Y3JBI HaXOMSATCA
B OJJMTHAKOBBIX YCIIOBUSX, H Aaxe ciokHbie MeToab! (I1 mim M) He mory4aror
mpeuMyInecTBa. TakuM 00pa3oM, PHUCYHOK 2 IEMOHCTPUPYET CHUTYaIlHio,
B KOTOPO# 3(p(heKTHBHOCTL BCEX IMOJXO0B BHIPABHUBACTCS M3-3a HICATBHON
OJTHOPOJTHOCTH  BBIYUCIUTENHHONH Cpeapl M OTCYTCTBHU TOTPEUTHOCTH
B CTAaTUCTHYECKON BBIOOPKE.

Wateprperanns: JaHHBIN CIEHApUil CIy)XHT 0a30BOM TOUYKOM
TIPOBEPKH KOPPEKTHOCTH MOJIETTN — MOJyYSHHBIE PE3yIbTaThl TOATBEPKIAIOT
KOPPEKTHOCTh peallu3alliil ajrOpUTMa M OTCYTCTBHE HCKYCCTBEHHBIX
HUCKQXEHUN: MOJENb B HICAbHBIX YCIOBUSX HE JaeT MPEUMYILIECTB HHU
OJIHOMY M3 METOJIOB, UTO COOTBETCTBYET TEOPETHUECKUM OXKUIAHUSIM.

7.2. Cuenapuii 2. HeogHopoaHble Y3iIbl, pa3HOTHIIHBIE 32724
U CTATHCTHYECKHE [aHHble — MPeMMYLIECTBO MpeacKa3aTelbHbIX
MeTo/0B. Llenb: mpoBepUTh KOPPEKTHOCTH PA0OTHI MOJICIH U ITOKA3aTh, YTO
TP PA3IUIHON MPOU3BOAUTEIFHOCTH Y3JI0B M CIOXKHOCTH 3334, a TaKKe
mpu T00aBICHWH CTATUCTHYECKUX MTAHHBIX IPEICKa3aTeNbHBIE METOBI
obecrieymBaroT 0Ooiee panMOHATIBHOE pAacIlpelesieHHe II0 CPaBHEHHUIO
C IMHAMHYECKUM paclpenesieHHeM. JT0 OOBSICHAETCS TE€M, UTO BBEICHHE
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CTaTHCTHKHU IIO3BOJISIET OIIGHMBATh HE TOJIFKO pacdeTHBIE II0Ka3aTeln
MIPOU3BOIUTEIHHOCTH, HO M YUUTHIBATh MX (PaKTHUECKIE 3HAUCHUS.

Jns  nmokasaTenbCcTBa — aIeKBAaTHOCTH — pa3padOTaHHOM — Monenn
MHOTOKpPUTEPHAIbHBIN MeTox mpuHATHA perreHus (Ilapero-onmTummsanus
Ha TIEPBOM OJTale M JMHEWHas CBEPTKA Ha BTOPOM) HCIOIB3YETCS
B OTHOKPUTEPHAIHLHOM pEXUME.

Yenosus sxcnepumenma:

—  Y37Bl UMCIOT PA3IMYHYIO MPOU3BOIUTCIBHOCTD, YTO OTPAXKACT
TeTEPOreHHOCTh  BBIUMCIUTEIBHBIX  PECypcoB  (HAIpUMEp, pa3jinvue
B TAaKTOBOI 4acToTe),

- B MOTOK 3ajay BKJIOYAIOTCS TPH KJacca MO CJI0XKHOCTHU!
MPOCThIE 3a7a4d HHU3KOH TPYJOEMKOCTH, 3a/Jadyd CpEIAHEU CII0KHOCTH,
pecypcoeMKre 3a7a4uu, TpeOYIoIHe MaKCUMAaIbHOM MPOU3BOAUTEIFHOCTH,

- COOTHOUICHWE THUNOB 3aJad MpelaracTcs NPUHATE Kak
cootHourexue 34 % : 33 % : 33 % (oxuH U3 BO3MOXKHBIX BAPUAHTOB),

- I KaXIoW mapsl (THI 3a[a9u, y3eJ) HaKOIUIEHa CTaTHUCTHKA
BEITIOJTHEHUSI, TIO3BOJIAIONIAs MMOCTPOUTHh KOPPEKTHBIH MPOTHO3 BPEMEHHU
BEITIOTHEHUST JJI1 TPHONIKCHHS K COOTBETCTBYIOIINM (DaKTHUIECKUM
(peanbHBIM) 3HAUECHUSM,

- cHCTeMa HE  MOJeNUpyeT  TeKyNIylo  3arpy3ky  —
MPEIOJaraeTcsi, YT0 BCE Y3Jbl JOCTYIHBI W TOTOBBI K MPUEMY HOBOM
3a1auu (paBHbIC HAa4aJbHbBIE YCIOBHS),

- BecoBble KOI(DDHUIMEHTHI MHOTOKPUTEPHUATIBHOTO  METOJa
3aJaHbl TaK, YTOOBl MPHHATHE PEIICHUS OCYIIECTBISUIOCh IO OJHOMY
KPUTEPHIO, KaK U B OTHOKPUTEPUAITEHOM METOJIE.

Osicudaemvie pe3yrbmamsi:

-  IMHAMHYECKWHA METOJ HAYHET ITOKa3bIBaTh XYAIIUH pe3yibTarT,
TaKk KaK OPHEHTHPYETCS TOJNBKO Ha TEKYIIYIO 3arpy3Ky W (PUKCHpPOBAHHBIC
pacueTHBIC 3HAYCHHS IPOU3BOAUTEIHFHOCTH, WTHOPHUPYS HW3MEHYUBOCTH
peanbHON MPOU3BOAUTEIHLHOCTH YCTPOUCTB,

-  OJIHOKpUTEpHaIbHBIN MpecKa3aTesbHbINA METOH,
U MHOTOKPHTEPHUAIBHBIA TMOKKYT OJH3KHAE pPe3yabTaThl [0 BPEMEHHU
BEITIOJTHEHHS M OaJlaHCHPOBKE, TaK Kak Beca kpurepues Merona (M) 3amans
TakuM, 00pazoM, uToObI OH cooTBeTcTBOBaN Merony (IT).

Kondurypariiys mporpaMmsl Uit BTOPOTo CIIEHAPHS MPEICTaBICHA Ha
pucyHke 3.

Ha pucynke 4 mpeicraBieHO CpaBHEHHE CPETHETO BpPEMEHH
BBIMTOJTHEHUSI 33124 JUIS TPEX PACCMaTPUBAEMBIX METOMIOB pactpeaeneHus: [,
IT u M. Ilo ocu BepTHKANIX OTKIAJBIBACTCS BPEMs BBHITIOJHCHHS 33jad, TJIe
MEHBIIIHE 3HAYCHUS COOTBETCTBYIOT OoJiee 3(h(heKTHBHOU paboTe CUCTEMBI.
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[ @ Muor

puTEp i npeao) i nAaHMpOBILMK

¥npasneHue Pesynetatel Busyanwsauna CratucTika Crpacka

Mapamerpe! yanos CloxHoCTE 33824 Mapamerpe: SkcnepumenTa
Kon-so ysnos: W 3 Hade 12 3 Konwnwecrao 3zgau (wepes sanatyra): 1000,2000,3000,4000,5000
MuH npouseoauT: 1 S Mormak 8 = Aonu (hard,normal,easy): 0.34,033.0.33
Makc nponssogut 7 > Eamyr 4 - Beca kpurepues (c1,c2,c3): 0.0 10 00

O6wem cramncrikn (1-5000): 10

3
Vposene sapuatmerocri (0-1): 0.2 ANYCTUTY JKCNEPAMENTL!

-a0): O
BriBpoce! crammcrukm (kan-ao) kcnopT & Excel

fuanason ooibpocos (Mur): 08

fwanason seibpocos (maxc): 09

CreHepHpOBaTS Y351 U CTATUCTHKY
CoxpanuTs Kok

SarpysnTs kondgur

Puc. 3. OxHO KOHUTYpanny cueHapus 2

1200 =g [LuHaMyyecKuil

== TPEACK. OAHOKPUTEPUANBHEIA
=—4§— lNpeack. MHOrOKPUTEPMaNLHBIA /
o

e

//
/

~

1000 1500 2000 2500 3000 3500 4000 4500 5000
KonuuecTeo 3amad

Puc. 4. I'paduk cpaBHEHHs BpeMEHH BBINOJHEHHMS 3aa4 UL CLICHApHs 2
(MeHbIIIE — ITy4IIIe)

ObLee BpeMaA BbINONHEHNA (ceK)

Ha pucynke 5 mnpuBeneHO CpaBHEHHME CTEIIEHH PaBHOMEPHOCTH
3arpy3Kd BBIYUCIUTENBHBIX Y3JI0B IIPU MCIOJNB30BAHUM TPEX METOLOB
pacnpenenenus 3anad. Ilo BEpTUKaNBHOW OCH OTJIOXKEHA pa3HHULA MEXKIY
MakKkCUMalbHOM M MHHHMMAIBHOM 3arpy3koil y3JOB, XapaKTepu3yrolas
cTeneHb aucOanaHca CHCTEMBL: 4YeM MEHbIe 3HaueHHWe, TeM Oouee
PaBHOMEPHO pacIpe/eIcHa Harpy3Ka.
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Puc. 5. I'paduk cpaBHEeHUs GaTaHCUPOBKHU HATPY3KHU Y3JIOB JJIsI CLICHApHS 2
(MeHbIIIe — Ty9IIe)

Tak xak Ha pucyHKax 4, 5 TpencTaBICHBI pPE3yNbTaThl
B aOCONIIOTHBIX 3HAYEHHUAX, AN Jy4IIed HarjasfHOCTH IpeiaraeTcs
OLIEHMBAaTh METOABI MEXIy CO0O0if B OTHOCHTENbHBIX 3HAYCHHUSX.
OTH 3HAYCHNUS TTOJTYIAIOTCS CIEAYIOIIM 00pa3oM:

Ta6c(11):100
Tagc(A)

Tory = 100 — ,
rne Foy — OTHOCHTENBHOE oTiaudue MeTonoB (%), I — abcomoTHOE
3HAUEHME IToKazaTels (Bpems oOpaboTKM 3a7ad, paBHOMEPHOCTh 3arpy3KH)
JUISL paCCMaTPUBAEMBIX METOJIOB.

Ha pucyskax 6, 7 TOKa3aHO OTHOCHTEIBHOE  OTIHYHE
PEACKA3aTCIIbHBIX METO0B oT JUHAMHUYCCKOI'O 10 ABYM
BBIIICYITOMAHYTBIM IOKAa3aTCIAM: BPEMSA BBITIOJTHEHNUA U PABHOMEPHOCTD.

s NpEACTABJICHHBIX OAaHHBIX BUIHO, YTO )II/IHaMI/I‘-IeCKI/Iﬁ METOQ
JEeMOHCTPHpPYeT HauOoJbIlee BpeMs BBIIONHEHHS M O0ecleYnBaeT
HauXyarylo OalaHCHPOBKY CpeOW pacCcMaTPHBA€MBbIX METOMOB. OTO
0o0yCcJIOBIEHO ~ Te€M, YTO JaHHBIA  METOA  TNpPHHUMAaeT  pelieHHue
UCKJIIOUUTENBHO HAa OCHOBE TEKYIEHl 3arpy3ku y3JI0B U HE HCHOIb3YeT
HaKOIUICHHYI0O  CTaTUCTHYECKyl0  HMHpOpMamuioo 0  (aKTHUECKOH
npousBoauTenbHocTH. Ilpenckasarensusie Metoasl (II m M), HaoGopor,
MIOKa3bIBAlOT MEHBIINE 3HAYCHHS BPEMEHH BBINOJHEHUs 3agad U Oosee
cOaaHCHPOBaHHOE pacIipeeiIeHue.
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Puc. 6. I'padiik OTHOCHTEIBHOTO U3MEHEHHSI BPEMEHH BBITIOJHEHHUS TSI CLIEHApUS 2
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Puc. 7. T'padvik OTHOCHTEIBHOTO U3MEHEHHs OaTaHCHPOBKH HArpy3Ku
Iuis crieHapus 2 (O0JIbIe — Jydie)

CTOUT OTMETUTh, YTO PAIMYUSA MEKAY MpelcKa3aTelbHbIM
ONHOKPUTEPHAIBHBIM W MHOTOKPUTEPUAIBHBIM METOJAaMH B JaHHOM
ClCHApUM  MHHHMAalbHbL. ~JTO  CBS3aHO C  BBIOOPOM  BECOBBIX
K02((HUIIMEHTOB KPUTEpHEB B QYHKIIMU arperupoOBaHHON OIEHKHA B METOJIE
(M). B paccmatpuBacMoii KOHGUTYpalUd HCIOJIB30BAHO 3HAYCHUE
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kopreska BecoB W = (0,1,0), Ipx KOTOPOM €IWHCTBEHHBIM 3HAYUMBIM
KPUTEpHEM CTAaHOBHTCS TPOTHO3HOE BpPEMs  BBINOJHEHUS  33JadH.
B pesynpraTe o6a mpexnckazarensHeIx Metoxa (I m M) BeIOMparoT omHU
U T€ XK€ Y3JIbl WIN Y3/Ibl OJIM3KHE IO XapaKTepUCTHUKAM ISl Pa3MEIlCHUS
3a1aq ¥ 00eCIeYnBaIOT COIIOCTABUMBIN ypOBeHB 3(h(heKTHBHOCTH.

Crarucruka HeoOxoanma JUIst OLICHKH peasbHON
MIPOM3BOIUTEIBHOCTH, OHA MOXKET IT0Ka3aTh, YTO NPOU3BOIUTENBEHOCTD y3J1a
NW3MEHWJIACh 10 TEM WJIM MHBIM NPUYMHAM (HaIpuMep, W3-3a MOBBIILICHUS
(OHOBOI HArpy3KH BBIJICIICHHBIE BHIYUCIUTENILHBIE PEeCypChl (OIepaTHBHAs
mamsTh, (aia MOJKAYKH) YMCHBIIWINCh, WJIA H3-32 IMOBBIIICHUS
TEMIIEpaTyphbl MOTJIa CHU3UTHCS TAKTOBAsI 4aCTOTA MPOLIECCOpa).

7.3. Cuenapuii 3. HecraGuabHble YyCI0BHSI — BJHSHUE
JA0CTOBEPHOCTH NMPOTHO3a.

Lenb: BBIABUTH pa3iudus MEXIy NpelcKa3aTelIbHBIMU METOJaMH MIPH
YXYALUIEHWH KadecTBa MPOTHO3a M HAJIWYMH BBIOPOCOB B CTATHCTUYCCKUX
JAHHBIX.

Yenosus sxcnepumenma:

- B CTAaTUCTHUKY BBINIOJTHCHUA 3adav Z[O63BHHIOTC)I CHy‘IaﬁHLIe
BBIOPOCHI,

-  y3JIBl COXPAHSIOT PA3IMYHYIO IPOU3BOIUTEIBHOCTD,

- I MHOTOKPHTEPHAJIbHOTO METOAa A00aBIIeTCS KPUTEpPHU
JIOCTOBEPHOCTH IIPOTHO3a ¢ BecoM c3 > 0.

Ooicudaemvie pesynbmamol.

- OXHOKpHUTEpHANbHBINH IpeackazatenbHbli Metox (I1) nHauner
Ha3Ha4YaTh 3a/laud Ha y3JIbl C HEJOCTOBEPHOH CTaTUCTUKOW, YTO BEIET
pOCTy 00111ero BpeMEHH BBITTOJHEHHUSI 1 MOXET CIIOCOOCTBOBATH IEpErpy3Ke
OTJETBHBIX y3JIOB;

-~ MHOTOKpUTEpHaIbHBII MeTox (M) yYUTHIBaET JOCTOBEPHOCTH
NPOTHO32 M YaCTMYHO  CKOMIIGHCHPYET  BBIOPOCHI,  COXpaHUB
cOamaHCcHpOBaHHOE paclpe/ieeHue;

- ommune B dpdexTuBHOCTH Mexny [I m M craHOBUTCS
3HAYUMOW: MHOTOKPUTEPUATBHBI METOJ 00eCrednT HAWMEHbIee BpeMs
BBINOJTHEHUS, OJTHAKO «IOKEPTBYET» PABHOMEPHOM 3arpy3KOi Y3JIOB, 4TO
00BSCHAETCS] BECOBBIMHU KOA((DUIIMEHTAMH.

Kondurypauusi nporpaMMbl JUisi TPETHErO CLEHApUs NPEICTaBIeHA
Ha pUCYHKe 8.

Hwke mpencraBieHbl pe3ysbTaThl CpaBHEHHS NpEAIaraeéMoro
1 M3BECTHBIX METOZOB JJIS CLIEHAPHS 3 110 HECKOJIBKUM KPUTEPHUSIM - BpEMs
BBINOJIHEHM 3a7a4 (pUCYHOK 9), GamaHcupoBka Harpysku (pucyHok 10),
OTHOCHTEJIFHOE HM3MEHEHHE BpPEMEHH BBINOJHEHUs 3anad (pucyHok 11),
OTHOCHUTEJIbHOE N3MEHEHHE 0aTaHCUPOBKHU HATPY3KH (PUCYHOK 12).
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@ MHuoroxkpuTep: i npegel A NNaHWPOBLMK

¥npasnenue Pesynetatei Busyanusayun Cratuctuka Cnpaeka

MNapameTpel yznos CnoxHocTb 33434 [NapameTpbl 3KCNEPUMEHTE

Kon-go yznos: 10 = Hard: 12 3 KonuueeTso 33434 (wepes 3anatyia): 1000,2000,3000,4000,5000
Mun npoussoauT: 1 > Normal: 8 = Aonn (hard,normal, easy): 0.34,033,0.33

Make nponssoanT 7 > By 4 s Beca kpumepmes (c1,c2,c3): 04 05 01

OfBbem cratuctiew (1-3000): 10

YposeHs sapuatnsoctu (0-1: 0.2

ZanycTITs IKCNEpAMEHTH!

-sa): 3
Beipace: cratucTuky (kon-sa) —
Juanazon seibpocos (e} 0.2

Junanasox EbIBpocos (Makc): 0.9

Puc. 8. OkHo KoHHUTYpaXH cleHapus 3
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Puc. 9. I'paduk cpaBHEHUsI BpeMEHH BBITOJHECHUS 3a1a4 I CIICHApHUs 3

(MeHbIIIe — TyYIIe)

Ilepexox ~ OT  OJHOKPHTEPUATIBHOTO K  MHOTOKPUTEPHAIBHOMY
pe/cKa3aTeIbHOMY HOIX0Ay 00YCIOBICH HEOOXOMMOCTBIO YUUTHIBATH HE TOJIBKO
TEKYLIYI0 3arpyKEHHOCTh Y3lla, HO M KOHTEKCTHbIC XapaKTEPUCTHKH CHCTEMBIL:
IMPOrHO3HOC BPEMs BBINNOJHEHHUA U JOCTOBEPHOCTH ITPOrHO3a, WM ApP. IMapaMETpPhI
(HanpuMep, SHEPronoTpedIeHNe y31a, IPUOPUTET 33134 U T. J).
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OTnAn4ve Harpysku (cek)
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Puc. 10. I'paduk cpaBHeHUS OaaHCUPOBKU HATPY3KH y3JIOB IS CLICHApHs 3
(MeHbIIIe — TydIIe)

26%
91% 9.1%

8.6%

6.8%
6.7% e
63%

49% —i— MpefcK. ONHOKPUTEPUANBHBIA VS JUHAMUYECKNI
—4— Mpenck. MHOrOKpUTEpHMabHEIA VS [IMHaMUYeCKuii
——- ba30Bblil YpoBeHb (AUHaMUYECKUA)

0 ———— ————

1000 1500 2000 2500 3000 3500 4000 4500 5000
KonuuecTso 3afay

Puc. 11. I'paduk OTHOCHTEIBHOTO M3MEHEHHUS BPEMEHH BBIMOJTHEHHUS
Jutst ciieHapust 3 (Goutblie — Jydiine)

Informatics and Automation. 2026. Vol. 25 No. 2. ISSN 2713-3192 (print) 591
ISSN 2713-3206 (online) www.ia.spcras.ru



MATEMATHUYECKOE MOJEJIMPOBAHUE U ITPUKJIATHA L MATEMATHKA

W%

704

60 4

50 1

40 4
—— Mpenck. OQHOKPUTEPNANLHLIA Vs JNHAMULECKWTA
=—§=— [peAck. MHOTOKpUTEPUANbHLIRA VS JuHaMuniyecknit
=== ba30Bbli YpoBEHb (QMHaMUYECKUIA)

307 ;1w

WN3wmeHeHve 6anaHcuposkm (%)

204

T T T T T T T T
1000 1500 2000 2500 3000 3500 4000 4500 5000
KonvuecTtso 3ana4

Puc. 12. I'paduk 0OTHOCUTENEHOTO U3MEHEHHS OATaHCHPOBKU HATPY3KH
Iuis cueHapus 3 (OoJbIne — ydiie)

8. AHanm3  pe3yasTatoB  MojeaupoBanmsi.  [IpoBejeHHbIe
BBIUNCIIUTEIILHBIE SKCHEPHUMEHTBI HOJTBEPANIH KOPPEKTHOCTH
1 3¢ GEKTUBHOCTD NPEII0KEHHOW MHOTOKPUTEPUAIILHON MOJICTH TPUHSTHS
pelIeHniI B  IIPEACKA3aTeIbHOM METOZAE paclpeleieHHs pPecypcoB.
Pe3ynbraThl clieHapHeB AEMOHCTPHPYIOT IIOCIEOBATEIbHYIO 3BOJIONUIO
TIOBEICHHUS ITOPUTMOB IIPU YCJIOKHEHHH YCIOBHH (YHKIMOHUPOBAHUS
CHCTEMBI.

Cyenapuu | (upeanbHBIC YCIOBHUS) IMOKA3all, YTO MPU PaBHOMEPHOM
MIPOM3BOJIUTEIBHOCTH Y3JIOB M CTAaOWJIBHOW CTaTUCTUKE BCE TPU METO/a
(4, II, M) obecredyuBarOT OIMHAKOBBIE pE3yNbTaThl. OTO YyKa3bIBaeT
Ha KOPPEKTHOCTh peaji3aliy aJrOPUTMOB M OTCYTCTBHE MCKaKEHHH IpHU
0a30BBIX yCHOBHAX. llapeTo-MHOXKECTBO B ATOM CiIydae BKIIIOYAJIO BCE
Y3761, 9TO COOTBETCTBYET TEOPETHUECKOMY OXHJIAHHUIO — HA OAWMH U3 Y3JIO0B
HE UMEEeT MPEeHMYIIecTBa MPH OIMHAKOBBIX HapameTpax. Takum obpazom,
JAHHBIH CIieHapuil TOATBEPAWUT aAE€KBATHOCTb HMCXOIHBIX IPEANOCHUIOK
U KOPPEKTHOCTh MEXaHW3Ma HOPMAIM3allUU KPUTEPUEB.

Cyenapuii 2 (HEOZHOPOAHBIE Y3IIbl U PA3HOTHITHBIE 33/1a41) BBISIBUII
pasnuuus MEXJIy [AMHAMHYECKUM U IPEICKa3aTeIbHbIMU METOJaMH.
B ycnoBusIX reTeporeHHOW NpPOU3BOAUTENBHOCTH Y3JIOB JUHAMUYECKHI
METOJ| IOKa3zaJd HauxXyAllhWe pe3yabTaTbl IO CPEAHEMY BpEMEHU
BBINIOTHEHHA 33/1a4. DTO OOBACHIETCS TEM, UYTO OH OPUCHTHUPYETCS TOJIBKO
Ha MOMEHTHYIO 3arpy3Ky M HE HCIOJIb3YEeT MCTOPUYECKYI0 MH(OPMAIHIO.
O6a mpenckazatenbHbix Mertoma (II m M) obecneunnm  Gonee
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cOaaHCHpOBaHHBIC MOKA3aTEIH BPEMEHH BBIITOJHEHUS M 3arpy3KH Y3JIOB.
Hx npenmymiecTBO 00YCIIOBICHO HCIOJIB30BAHNEM IPOTHO3HBIX JAaHHBIX,
MO3BOJITIOINX YYUTHIBATh (PAKTHUECKYIO IIPOM3BOANUTEIBHOCTh KaXKIOTO
y31a. [Ipu stom paszmmamst mexay [1 m M ObuM MUHUMANBHBI, TaK Kak
B IaHHOM CIICHApUH JOCTOBEPHOCTh IPOTHO3a OCTaBanach BBICOKOM
U BIUSTHUE JOTIOJIHUTEIEHOTO KPUTEPHS OBLIO HE3HATUTEIILHBIM.

Cyenapuii 3 (HecTaOWIBHBIE YCIOBHS) CTall KIIFOYEBBIM JUIS OLCHKU
MIPEUMYIIECTB MHOTOKPHTEPUAIIBHOTO 101X0/1a. BBEJIeHNEe CTaTUCTHYECKUX
BBIOPOCOB M YXY/IIEHHWE KayecTBa IPOTHO30B mHokasaiu, yto meron (I1)
TepsieT A(PQEKTUBHOCT, — HAOMIOAAETCS POCT CYMMapHOIO BpEMEHH
BoimoniHeHUs. Meton (M), Hao0OpOT, AEMOHCTpUPYET aJanTHBHOCTDH
3a C4eT ydyeTa AOCTOBEPHOCTH IIPOTHO3a: 3aJjaud IepepaclpeensioTcs
B IIOJIB3y Y3JIOB ¢ Ooyiee HAAEKHOW CTATHCTHKOH, YTO CHIDKAeT PHUCK
Meperpy3K: M IOBBIIIAET TOYHOCTH MporHos3a. [Ipm sTom Habmomaercs
HEOONBIIOE  CHWXKEHHE PpaBHOMEPHOCTH  3arpy3kd, 4dTO  SIBISIETCS
JOIMYCTUMOH «IUIATOM» 3a TIOBBILICHWE TOYHOCTH M IIPEICKa3yeMOCTH
BBITTOJTHEHMS 33/1a4.

Takum 06pa3om, CpaBHUTEIBHBIA aHAIN3 TIOKa3aJl, 9To:

1. B mpocThiIX  YCIOBUSIX BCE  METOJbl  IKBHBAJICHTHBI
110 3¢ HEKTHBHOCTH.

2. B ycnoBusIX TIeTEPOreHHOCTH  MNPEHMYLIECTBO  HMEIOT
Npe/icKa3aTebHble METO/IbI, HCIIOJIb3YIOINE HAKOIUIEHHYIO CTaTHCTHKY .

3. Ilpu HaJIMYuU HECTaOMIbHBIX JIaHHBIX TOJIBKO
MHOTOKPUTEPUAIBHBII MOJX0J] COXPAHsET COANaHCHPOBAHHBIC MMOKA3aTEIIN
MPOU3BOIUTEILHOCTH.

KonndecTBeHHBIE pe3yibTaTHl, MPEICTABICHHBIE Ha Tpadukax,
MOTBEPXKIAIOT, 49To MeTon (M) obecreunBaeT CHH)KEHHE CPEIHETO
BPEMCHHU BHITIONHEHUS 3amad Ha 8-10% w ymydmieHwe paBHOMEPHOCTH
pacupenenenus Harpy3ku Ha 60-70% mo cpaBHEHHIO C JUHAMUYECKUM
METOJIOM npu YXYAUIEHUN JIOCTOBEPHOCTH CTaTUCTHKH.
DTO CBHUIECTEILCTBYET O MPAKTUYECKOW 3HAYMMOCTH BBEICHUS KPHUTEPHS
JOCTOBEPHOCTH TIPOTHO3a M IOATBEPXKIACT €ro pojb B OOECIeYeHHH
YCTOWYUBOTO  (DYHKIMOHUPOBAHUS  BBIYUCIUTENHLHOW  CHUCTEMBI  IIPH
U3MEHSIFOIIIUXCS YCIOBUSIX.

Hrorom MoJenupoBaHus SIBISETCS JIOKA3aTeIbCTBO TOTO, YTO
MHTErpanus MHOTOKPUTEPUAIBLHOTO BBHIOOpA B IPEICKA3aTEIBHBIA METOT
pacupeneNieHndss pecypcoB IMO3BOJSIET MOBBICUTH KAaue€CTBO PELICHHI
Y aJalITHBHOCTh TUTAHUPOBINKKA O€3 CYIIECTBEHHOTO YXYIIICHUS APYTHX
mokazaresnieii (PaBHOMEPHOCTHM HArpy3KH Ha Y3Ibl M BBIYHCIUTCIBHOU
CJIO’KHOCTH aJrOPUTMA).
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9. 3akmoyenne. B paboTe TpeanoxKeH YCOBEPIICHCTBOBAHHBIN
MIPEACKA3aTeIbHBI METOJ PacIpEACICHHUs BBIYUCIUTENBHBIX PECYPCOB,
OCHOBAaHHBII Ha MHOTOKPUTEPHAJIBHOM MOAENM IPUHATUS PpELICHUM,
KOTOpBI yYHUTBIBAET HE TOJBKO MPOTHO3HPYEMOE BPEMs BBIOIHCHHSA
W 3arpy3Ky y3da, HO ¥ JOCTOBEPHOCTh IIPOTHO3a, OTPAXKAIOLIYIO
COOTBETCTBHUE IPOTHO3UPYEMBIX U (PaKTHIECKUX JTaHHBIX.

1. TloctpoeHa MHOTOKpHUTEpHANIbHAS MOJIENb NIPUHSTHS PEIICHHUH,
onpejesieHbl  MOoKazaTean dS(PQGEKTUBHOCTH pabOThl  BBHIYUCIHUTEIHLHOMN
CHUCTEMBI: BpeMsi 00pabdOTKM 3aja4 ¥ PaBHOMEPHOCTH paclpeeeHus
Harpy3KH.

2.  3ajaHbl KPUTEPUU TPHHATHS PELICHUH, KOTOPBIE MPEIJIONKEHO
pacUIMpuTh 3a CYET HOBOTO, XapaKTEPU3YIOLIETO JIOCTOBEPHOCTH

HPOTHO3UPOBAHHSL.
3. IlpemnoxeH MoaXoJ K PEICHHIO 331a9d MHOTOKPHTEPHAIBHOM
ontumuzaimu: [ oman — Ilapero-ontumusaumuu; 2 sman — BBIOOP
SIMHCTBEHHOTO DCIICHUS Ha OCHOBE METOJa arperHpoBaHMs (JIMHEHHOW
CBEPTKH).
4. Pazpabotan OPOOHBIIH TIOIIIarOBHII ANTOPUTM

MHOTOKPUTEPHAIBHOTO NMPHHATHUS PEIICHHH, KOTOPHIN SBJISIETCSI OCHOBHBIM
3TaloOM  TPEACKa3aTeJIbHOTO  METOJa  paclpelesieHHs  pecypcoB
B BBIYUCIIUTEIBHBIX CUCTEMAX.

5. IIpoBemeHB! SKCIIEpUMEHTANbHBIE HCCIIEAOBAHHS ITOKa3aTeneit
3G PEKTUBHOCTH paccMaTPHBAEMbIX METOJIOB PACIPEACICHUS] PECYpPCOB.
PesynberaTel MogenupoBaHys MOATBEPAWIN, YTO IPU YCIOXKHEHUU yCIOBUN
(YHKIIMOHHPOBAHUS CUCTEMBI npejcKa3aTeabHbII METOJ,
C MHOTOKPHUTEpPHAJIBbHBIM TPUHATHEM pelIeHuid obecneunBaer Ooiee
3¢ QeKTUBHOE pacIipe/ielieHue 3a/iad, 03BOJsIsI KOMIEHCHPOBATh BIIMSIHUE
BBIOPOCOB B CTAaTHCTHKE. BBeneHHe KpuTepHs IOCTOBEPHOCTH ITO3BOJIIET
yIAYYIOIUTh  BBIOpaHHBIA  TOKasarenb  d¢dexruBHOCTH.  Co31aHHBINA
WHCTPYMEHTApUN MOJEITUPOBAHUS JAeT BO3MOXKHOCTh TMOKOW HACTPOWKH
mapaMeTpoB JUIA ONpENeIeHUs OOJIACTH IEeNecooOpa3sHOro MPHUMEHEHHUS
MIPEUI0KEHHOTO METO/1a.

IIpennoxkeHHbIH  NpEeAcKa3aTeNbHbII  METOJ  paclpeneiaeHUs
PECYPCOB B BBIYHMCIMTENBHBIX CHCTEMaxX Ha OCHOBE MHOTOKPHUTEPHAIBHON
MOJIeNH TIPUHATHUS PEHICHHH MOXKET OBITh HCIIONB30BaH KaK OCHOBA IS
CO3aHUSl HHTEJUIEKTYyalbHBIX CHCTEM YIPABICHUS BBIYUCIUTEIBHBIMU
KJIacTepaMH, CIOCOOHBIX aJaNTHPOBATHCS K H3MEHSIOMUMCS YCIOBHSAM
B PEaJbHOM BPEMEHHU.

JanpHelye HCCNEAOBAaHUS IPEANONAraeTcss MPOBOAUTL IS
onpejeneHust 001acTH 1eJIeco00pa3sHOr0 NPUMEHEHUs MPEAIOKEHHOTO
MeToJa pacmpefeneHus. B dyacTHocTH, mIaHUpyeTcs HCCIEeN0BaTh
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E. TRUSHKIN, V. FREYMAN
A PREDICTIVE METHOD OF RESOURCE ALLOCATION IN
COMPUTING SYSTEMS BASED ON A MULTICRITERIA
DECISION-MAKING MODEL

Trushkin E., Freyman V. A Predictive Method of Resource Allocation in Computing
Systems Based on a Multicriteria Decision-Making Model.

Abstract. Modern computing systems typically operate under heterogeneous and variable
load conditions. Efficient distribution of computing resources is an important tool for ensuring
high performance (e.g., productivity, reliability, stability). Therefore, developing task
distribution methods that can simultaneously improve several metrics is a pressing issue.
The approach proposed in this paper is an extension of the predictive resource allocation
method. This is achieved through the introduction of a multi-criteria decision-making model
that includes the predicted execution time, the current node load, and the reliability of the
forecast, assessed by the statistics of discrepancies between actual and predicted values.
The object of this study is computing systems with heterogeneous nodes processing task flows
of variable complexity. The subject of this study is the models and algorithms for predictive
distribution of computing resources based on multi-criteria decision making. The objective
of the study is to improve the efficiency and stability of heterogeneous computing systems
by using a more substantiated mechanism for node selection based on a set of criteria.
Areview of existing dynamic and predictive distribution methods is provided, and their
advantages, disadvantages, and limitations for effective application are identified. A multi-
criteria decision-making model was developed that implements the construction of a set
of Pareto-optimal solutions and an arbitration procedure. Software simulations were conducted
under various system operating scenarios, including conditions with reduced statistical
reliability. The results of the study showed that the proposed predictive method based on multi-
criteria decision-making reduces the average task execution time and improves node load
uniformity compared to known approaches. These results are proposed for use
in the construction of heterogeneous computing systems with adaptive resource management
systems.

Keywords: computing system, resource allocation methods, Pareto optimality, multi-
criteria decision making, load forecasting, statistical data.
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