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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VJIK 004.932:004.832.28:004.896

OIIEHKA BJMSIHUA IIPEJJOBPABOTKHA W30BPAKEHUI HA
MMPOU3BOAUTEJBHOCTDb U TOYHOCTDH JETEKIIUN OBFBEKTOB B SLAMOT-
CUCTEMAX

.. JEBOHEHKO'?, A.JI. POBAYEBCKMIA', I'. BAH?, B.IO. [IBETKOB!

1 — Benopycckuii cocydapcmeennulii yHusepcumem ungopmamuxu u paouosnekmponuku, Pecnybauxa Benapyce
2 — OAO «lleneney, Pecnybnuxa Benrapyco
3 — Hayuonanvhwiti ynusepcumem o0b6oponnvlx mexnonoauil, KHP

Iocmynuna 6 pedaxyuro 12 anpens 2026

AnHoranusi. PaccmarpuBaercs 3ajada  OKCIIEPUMEHTAIbHOW OLEHKH BJIMSHHS METOJ/OB
npenoOpaboTkn M300pakeHWH Ha MPOW3BOJUTEIFHOCTh W TOYHOCTh JAETEKINH OOBEKTOB B
SLAMOT-cucremax. C 1eNbI0 BEISBICHUS ONITUMAIBHBIX CTPATETHI YITYUIICHUS BXOIHBIX TaHHBIX
JUIT MOOWJIBHBIX POOOTOTEXHMYECKHMX IUIaT(OpM, IMPOBEICHO CPaBHUTEIBHOE HCCIICI0BAHUC
3G PEKTUBHOCTH Pa3NYHBIX AITOPUTMOB MNpPenoOpabOTKM, BKIIOYAS IOBBIMICHHE PE3KOCTH Ha
OCHOBE HEPE3KOr0 MACKHpOBaHUs, aJanTHUBHYIO Koppeknuto koHTpacta CLAHE ¢ ramma-
KOppeKIuel, WHTePIOIIHOHHOE YBEIHMUCHUE Pa3pelleHUsT W TOmaT4eBylo0 oOpabotky (tiling).
OKclepUMEeHTaIbHAs OlLIEHKA BBINOJHEHA Ha 0a3e JIETKOBECHOW OJHOCTAIUITHON apXUTEKTypHI
YOLOVSn, afantupoBaHHON Jyisi JETEKUUH TPAHCHOPTHBIX CPEICTB Ha a’po(OTOCHUMKAX
MOCPEAICTBOM IPOIPaMMHOIO MAIIIMHra KJ1accoB. B paMkax craHIapTH3MPOBAaHHOTO IMPOTOKOJIA
OGeHUMapKHHTa OCYIIECTBISIETCS pacueT MeTpuk TouHoctd (MAP@0,5; Precision; Recall; F1-mepa),
BPEMEHHBIX XapaKTEepUCTUK HWH(]epeHca, a TakkKe OLEHKa MOTPeOJCHUsI OINEepaTUBHOW U
BuzieonaMsaTH. VccienoBaHue HampaBieHO Ha OMNpEAEICHHE KOMIIPOMHCCOB MEXAY KaueCTBOM
JIETEKIUY, BBIYMCINTEIBHON CIOXHOCTBIO M CKOPOCTBIO 00pabOTKM B YCIIOBHSIX OTPaHHMYECHHBIX
annapaTHBIX PecypcoB OOPTOBBIX BHIYMCIUTEIBHBIX cucTeM BJIA.

Kniouegvie cnosa: nerexnust OOBEKTOB, KOMIIBIOTEPHOE 3peHHE, 00padoTKa H300paKEeHUH,
SLAMOT.

BBenenne

B ycrnoBuWSX CTpEeMHTENFHOTO pa3BHTHS aBTOHOMHBIX POOOTOTEXHHYECKHX CHCTEM |
OCCITWIIOTHBIX ~ JIETATENILHBIX — allapaToB METOJI KOMITBIOTEPHOTO 3peHHsS TepecTand ObITh
BCIIOMOTATEIbHBIM MHCTPYMEHTOM U NPEBPaTHINCh B (yHIAaMEHTAJbHBII KOMIIOHEHT OOeCIedeHus
BOCIIPHATHS OKpYy’Katomiel cpebl. KiFoueByro poJib B 3TOM MPOIIECCE UTPAOT 331a4K OJTHOBPEMEHHOMN
JIOKaJIM3aluu, KapTorpadupoBanus U Tpekunra oobekroB (SLAMOT, Simultaneous Localization and
Mapping with Object Tracking), rae HanexxHas AETEKIHs OOBEKTOB HANPSMYIO BIHMAET Ha TOYHOCTh
MIOCTPOCHUS KapThl, YCTOMYMBOCTD OLIEHKH TPACKTOPHUH U KaueCTBO OJITOCPOYHOTO COMPOBOKICHUS
quHamMudeckux 1enei [1,2]. Omnako 3QQeKTHBHOCTh HEHPOCETEBBIX JETEKTOPOB B pPeajbHBIX
CLICHAPHAX CYIIECTBEHHO 3aBHCUT HE TOJBKO OT apXWUTEKTYyphl MOJENHU, HO U OT KadecTBa BXOAHBIX
BU3YyaJIbHBIX JAHHBIX, YTO AEJaeT MpodieMy mpeao0paboTku N300pakeHUH KPUTHUECKH BaXKHOHU ISt
MPaKTUYECKOTO Pa3BEPTHIBAHNST ABTOHOMHBIX CHCTEM.

Hcnonp3oBanue HerpoHHBIX ceteit B SLAMOT-cucremax mo3BOsII€T OTKa3aThes OT JKECTKO
3aJaHHBIX AITOPUTMHUUYECKUX MPABUII U OIUPATHCS Ha 00yUeHHBIE MOAETH, CIOCOOHBIE alaTHPOBATHCS
K TUHAMUYECKUM, YACTUYHO HAOJII0AaEMbIM U CIa00CTPYKTYpPHPOBAHHBIM YCIOBUSIM PEaIbHOIO MUpa
[3]. Mertomsr mpenoOpabOTKM HM300paKeHMiA, BKJIIOYas IOBBIIIEHHE pe3kocT (sharpening),
apantuBHyo koppekuuio koHtpacta (CLAHE, Contrast Limited Adaptive Histogram Equalization),
ramMMa-KOppEKIHUIO U NoNaTyeByIo 00paboTky (tiling), cHocoOHBI CYIIECTBEHHO YIYYILINTh BU3YyaJIbHBIC
MIPU3HAKY, UCIIONh3yeMble HEHPOHHON CETBIO I MPHHATHS pereHuit [4,5]. OmHako Kaxaplid METOT

7



BHOCHT JIOTIOJTHHUTEIbHBIC BBIUMCIHUTEIBHBIC 3aTpaThl U MOXKET IO-PA3HOMY BIIMSATh Ha METPHUKHU
KadecTBa JeTekimu, Takue kak MAP@0,5, Precision, Recall u Fl-mepa, a Taxke Ha IOKa3aTeln
MPOM3BOJMTEIBHOCTH: MEJMaHHOE BpeMs UHQepeHca, MoTpediIeHrne OonepaTHBHOW U BHJICONAMSITH,
CTaOUIBLHOCTH KaJPOBOM YacTOTHI [6].

B HacTosmiedt paboTe NpOBOUTCS CUCTEMATHIECKast OLICHKA BIHUSHUSI METOJIOB MPE00paboTKH
Ha TIPOU3BOIUTENBHOCTh M TOYHOCTH JIETKOBECHOW apXuTeKTypsl aerekiuu Y OLOvS8n [7,8]. Beibop
JTAHHOW MOJIeNI OOYCJIOBJICH €€ IMUPOKUM TPUMEHCHHEM B MOOWIBLHOW POOOTOTEXHHKE Oyaromaps
ONTUMATBHOMY OanaHCy MEXAy CKOPOCThIO MH(EpeHca M KayecTBOM jeTekimu. [[ns BeIOpaHHOM
ApXUTEKTYPhl aHATM3UPYETCs H3MeHeHne MeTpuk Tounoct (MAP@0,5; Precision@0,5; Recall@0,5;
Fl-mepa) u mpow3BOAMTENHLHOCTH (JIaTEHTHOCTh MH(pepeHca, ucmoib3oBanre RAM/VRAM, o6miee
BpeMs 00pabOTKM Kajpa) MpU MPUMEHEHUH YeThIpeX KoHpuryparwmii npenodpadboTku: 6a3oBoii (0e3
00paboTkm), momatdeBol 00paboTku, koMmOmHarmu CLAHE ¢ ramMmMa-koppekiueil ¥ TOBBIIICHUS
PE3KOCTH Ha OCHOBE HEPE3KOTO0 MACKMPOBaHHS. JKCIEPUMEHTHI BBIMONHIIOTCS Ha HaOope NaHHBIX
UAVDT (Unmanned Aerial Vehicle Drone Target Detection and Tracking Video Dataset),
XapakTepHOM I 3amad a’podorocbeMkn u MoHuTopuHra ¢ BJIA (becnwmotHbiii JleTarenbHbIi
Anmapar), 4TO MO3BOJSIET OICHUTh YCTOWYHMBOCTH METOMOB B YCJIOBHSIX MAajoro pasMepa 0ObEKTOB,
HM3MEHYHBOTO OCBEIICHUS U TUHAMUYCCKHX cIieH [9].

Ilenpto pabOTHI SBISICTCA  OMpECICHHUE BO3MOXKHOCTEH TMOBBIMICHUS A()(OEKTUBHOCTH
HelipoceTeBoro netekTupoBanus 00bekToB B SLAMOT-cucremax BJIA ¢ moMOMmIBI0 pa3THYHBIX
METO/IOB NPe00pabOTKN N300paXKESHUH: TIOBBIICHUS PE3KOCTH, KOPPEKIMU KOHTpAcTa U MONaT4eBoit
00paboTKy.

KosnyecTBeHHBbIEe METPUKH OLeHKH 3(P(PeKTUBHOCTH JeTeKIUN

st 00beKTUBHOM OlEeHKH 3()()EKTHBHOCTH IETEKTOPOB OOBEKTOB B pabOTE HCIIOIB3YyETCs
CTaHIAPTHBIH HAOOpP METPHUK, MPUHATHI B COOOIECTBE KOMITBIOTEPHOTO 3peHusA. B ocHOBe Bcex
KOJIMYECTBEHHBIX MTOKA3aTeNIel JIEKHUT MPOIeaypa COMOCTABICHHUS TPEACKa3aHHBIX OTPAHHYHUBAIOIINX
PaMOK C MCTHHHBIMH aHHOTAIIUSIMU C UCTIOJIb30BaHUEM METPUKH repecederus o oonvenunenuto (1oU,
Intersection over Union), koTopast BEIYHUCISAETCS 10 (popmMyJie

_ Area(B,.; NBy)
~ Area(B,,,, UB,)’

)

rac B q 1 Bgt 0003HAYAIOT NpEeACKA3aHHYI0 U UCTUHHYIO OTPAaHUYINBAIOIINE PAMKH COOTBECTCTBEHHO.

pre
Jetexuust cunTaercsi KOPpeKTHOH, ecnu 3HaueHne 10U Mexny mpelncka3aHHOM M MCTUHHOM
pamKkoii mpessiaet nopor 0,5 1 kiracc 00beKTa onpesesieH BepHo. B IpoTHBHOM city4yae cpabaTbIBaHUE
KIacCUUIMPYETCS KaK JIOKHOE TOJOKUTENBHOE, 8 MPOIYIIEHHBI HCTHHHBIA 00BEKT YUUTHIBACTCS
KaK JIO)KHOE OTpHLIATEeTIbHOE cpadaTbIBaHuUeE.

Mertpuka Precision (TOYHOCTB) OTpa)kaeT JOJII0 KOPPEKTHBIX JETEKIMH Cpead BcexX
CpabOoTaBIINX JIETEKTOPOB M BBIYMCIISIETCS] KAK OTHOIIEHUE HCTHHHO TIOJIOKUTEIBHBIX cpabaThIBAaHUH K
CyMME€ UCTHHHO IOJIOXKUTEIBHBIX U JIO)KHO MOJIOKUTENBHBIX

Precision = — : )
TP+FP

rae TP (True Positive) — unciio BepHO 00Hapy»)eHHbIX 00bekToB; FP (False Positive) — uncio noxHbIx

JNETEKIINH.

Bricokoe 3Hadenme Precision xapakrepusyer CHOCOOHOCTH MOJETH HM30€raTh JIOKHBIX
cpabaThIBaHMii, YTO KPHUTHYECCKH BAXKHO IS HABHTAI[MOHHBIX CHCTEM, IJI¢ OLIMOOYHAS JCTEKIHs
HPETSATCTBUS MOXKET IPUBECTH K HEKOPPEKTHOMY TLJTAHUPOBAHHIO TPACKTOPHH.

Metpuka Recall (momuora) mokassiBaeT, Kakas 0N MCTHHHBIX OOBEKTOB OBLIAa OOHApyKeHA
MOJIEJIbIO, U PACCUHMTHIBACTCSI KaK OTHOIICHWE MCTHHHO MOJIOKHUTEIbHBIX CpabaThIBAaHUI K CyMMe
MCTHHHO MOJIOKHUTEIBHBIX U JIOKHO OTPUIIATEIbHBIX



Recall = _TP_ , (3)
TP+FN

rae TP (True Positive) — konnvecTBo KOppeKTHO oOHapyxeHHbIX 00bekToB; FN (False Negative) —
KOJINYECTBO MPOMYIIECHHBIX 00 BEKTOB, KOTOPBIE IPUCYTCTBYIOT Ha N300paKeHUH.

B 3amagax SLAMOT Beicokuii Recall HeoOxomuM 11t MOCTPOEHMS IIOTHOM CEMaHTHYECKOM
KapThl ¥ 00ecTieueHHsI Ha/ICKHOTO JIOITOCPOYHOTO TPEKUHTa OO BEKTOB.

[MTockonbky Makcumm3aiys Precision wacro mpuBomut k cHmwkenuto Recall u Haobopot, mis
CBOJTHOM OIIEHKH UCTIONB3yeTcsi F1-Mepa — rapMOHHUYECKOe CpeTHEe MEXK/Ty IBYMsI STUMH BETUUNHAMH,
BBIUHCIIsIEMOE TI0 popMyTie

Precision - Recall

F1=2. __ ,
Precision + Recall

(4)

I[aHHaSI METpPUKA JOCTUTACT MAKCUMAJIbHOI'O 3HAUYCHUA TOJILKO IIPpH C63HaHCI/IpOBaHHO BBICOKHUX
MOKA3aTeIIX TOYHOCTH M TOJHOTHI, YTO JeNaeT ee YyIOOHOH JJIsi CpaBHEHUS MOAEIeH B YCIOBHSAX
KOMITPOMHCCA MEXIY TUITAMH OLIHOOK.

KiroueBoii nHTErpaibHO# MeTpuKO# B pabote BhicTymaetr MAP@0,5 (mean Average Precision
npu nopore 10U=0,5). Ee pacder BBINOIHSIETCS MyTeM IIOCTPOCHHUS KPUBO#t 3aBucHMOCTH Precision ot
Recall mms kaxgoro kimacca OOBEKTOB MPU IMOCIESIOBATEIBHOM HM3MEHEHHH IOpOra yBEPEHHOCTH
mozenu. [lnomans moa 3Toil KpuBOii ompenenser 3Hauenue Average Precision (AP) mist maHHOTO
KJjacca. B kimaccuueckoil MHTepIpeTaluy uenonbp3yeTcs 11-Toueunas HHTEPHOISAIHS

1

AP ==
11

Zte{O;O,l;...;l,O} maxfzt p(r) ’ (5)

rie P(F) o6o3nauaer MakcumansHOe 3HaUYeHne Precision mpu yposHe monHOTH He Huke I . iTorooe
3HaueHre MAP monydaercst ycpenaenrem AP o Bcem N kateropusiMm oObEKTOB B 1aTaceTe

mAP@O,S:%ZN:AP. (6)

i
i=1

Ilopor nokamuzamuu 0,5 o3Ha4yaeT, 4TO TNpeJCKa3aHHAs paMKa CYUTAETCAd BEpPHON Npu
NEPEKPhITHH C HCTUHHON He MeHee deM Ha 50 %, 4ro mpeacraBiseT coOOW KOMIIPOMHCCHOE
TpeOoBaHHe, IOMyCKaoIlee YMEPEHHbIE NOIPEIIHOCTH HO3UIMOHHUPOBAaHUS B IMHAMUYECKHUX CLICHAX.
3navenne MAP@O0,5 1yBCTBUTENIEHO KaK K KAYECTBY KIaCCH(HUKAIINHI, TaK U K TOYHOCTH JIOKATH3AIVH,
YTO JeNlaeT €ro YHHBEPCAIbHBIM WHIWKATOpPOM oO0mield >((QEeKTUBHOCTH JETEKTOpa B COCTaBe
SLAMOT-cucremsl.

B pamkax jaHHOrO OeHUMapKa BCE IMEePEUUCICHHBIC METPUKH PACCUUTHIBAIOTCS aBTOMATHYCCKH
1o pe3yJibTaTaM nHbpepeHca Ha TectoBoi Beioopke UAVDT ¢ ucnosbp3oBaHreM aHHOTAIMH B (hopMaTe
COCO (Common Objects in Context), uto obecreunBaeT BOCIPOU3BOAUMOCTD M CONOCTaBUMOCTH
PEe3yIbTATOB AJISl Pa3IMYHbIX KOHQUTypaluid Moeseld 1 METOA0B Npero0padoTKu.

IKcnepUMEHTANbHAS OLIEHKA BJMSTHUSI MEeTO0B NMPeao0padoTku n300pakeHuii Ha
MPOU3BOAUTEIbHOCTD U TOYHOCTD AeTeKUHU 00bekToB B SLAMOT-cucremax

OKcrepuMeHTanbHasi oOueHKa 3(PQPEKTHBHOCTH METOAOB IpeaoOpaboTku M300pakeHU B
konseliepe SLAMOT BrimonHeHa Ha 6a3e TerkoBecHON oiHOCTaIMHHON Moienu aetekiun Y OLOvEn.
Breibop JnaHHOW apXWUTEKTyphl OOYCIOBJIIEH €€ MIMPOKAM paclpoCTpaHEHHEM B MOOMIBHBIX
POOOTOTEXHUUECKUX CHCTEMax: OE3IKOPHBIM MEXaHU3M JIETEKIIMU B COYETAHUH C ONITUMH3UPOBAHHON
apxurektypoit CSPDarknet (Cross Stage Partial Darknet) oGecrmeunBaeT BBICOKYIO CKOpPOCTH
nH(pepeHca Mpu COXpaHEeHNH KOHKYPEHTOCIIOCOOHON TOYHOCTH Paclo3HaBAHUSL.

Mogenu cemeiictBa YOLO ucnonb3yeT Beca, npeaBapuTeabHo o0yueHHble Ha gatacete COCO,
U aJanTUpoBaHbl Ui paboThl ¢ neneBbiMH kKiaaccamu UAVDT (aBToMoOmib, Tpy30BHK, aBTOOYC)
HOCPE/ICTBOM HPOTPAaMMHOTO MAIIIMHIAa KaTeropuii Ha srtame uHpepeHca. COOTBETCTBHE KIIAcCOB
ycTaHoBJIeHO creayromuM oopasom: car (COCO knace 2 — UAVDT xnacc 1), truck (COCO knacc 7 —
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UAVDT knacc 2), bus (COCO knacc 5 — UAVDT xnacc 3). Beibop MMEHHO 3THX KaTeropuit
obycnosineH cienngukoit 3amady SLAMOT B ropojickoii cpenie, Tie TpaHCTIOPTHBIE CPECTBA SBIISIOTCS
OCHOBHBIMH  WHAMHUYECKUMH OOBEKTaMH, TpPEOYIOIUMH OTCIEKHUBAHUS Ml  [OCTPOCHUS
CEMaHTHUYECKHUX KapT M INIAHUPOBaHMsI 0€30MaCHBIX TPACKTOPHUHL.

CpaBHUTENBHBIN aHAIN3 OCYLIECTBIIETCSI IO COBOKYIIHOCTHM M3MEPSIEMBIX XapaKTEPUCTHK.
Bpemst nndepenca xapakrepusyeT OBICTpOIEHCTBHE MOAENTH Ipu 00paboTKe eNWHUYHOTO Kaapa U
¢buKcupyercs ¢ pazelieHHeM Ha 3Tarbl Mpe1o0padoTKH N300paskeHNsl U HEMOCPEACTBEHHOTO MPSIMOTO
npoxoJa HeilponHoi cetH. [loTpebnenne namsITH OTpakaeT MUKOBBIM 00beM onepaTuBHOM (RAM) u
BuneonamaTH (VRAM), HeoOXOIUMBIH IJIs BEITIOJTHEHUS HH(EpEeHca, U U3MEPSCTCS KOHCEPBATHBHBIM
MeTOJIOM — (PUKCUpPYETCS MaKCUMallbHOE TOTpeOieHne B TeueHHe Bcero nukia obpaboTku. Pazmep
MOJENM M KOJMYECTBO OOydYaeMbIX MapaMeTpPOB OMPENENSIOT TpeOOBaHMS K XPAHEHHIO BECOBBIX
K03()(pUIIMEHTOB U BBIYMCIUTEIBHYIO CIIOXKHOCTD aPXUTEKTYPBI.

HenocpencrBenHoe TecTupoBanue NpOBOAMIOCH B paMKax CTaHAAPTU3MPOBAHHOTO IMPOTOKOJA,
o0ecreyrBaloniero BOCIPOU3BOAMMOCTh Pe3yiabTaToB. [lopor YBEpEeHHOCTH YCTaHaBIHMBAJCS Ha
yposae 0,2, 4To HIKe CTaHAapTHOTO 3HaueHus 0,5 U MO3BOJISIET NIETEKTUPOBATh 0OBEKTHI C YMEPEHHOU
YBEPEHHOCTBHIO MOJIENH, 4TO 0coOeHHO BaxkHO st 3a1a4 SLAMOT, rae mporryck 00beKTa MOKET HMETh
Ooiee cepbe3HBbIE TOCIEACTBUS, 4YeM JIOKHOe cpabaThiBaHMe. Takod BBIOOp mopora 0OYCIOBIICH
cnenudukoii a’podorocbemkn ¢ BJIA, rae oOBEKTHI 4YacTO HMMEIOT Mallblii pa3Mep, YacTHYHO
NEPEKPHITHI UM HAXOATCS B CJIOKHBIX YCIOBHUIX OCBEILCHHS.

Ilepen 3amepamu BeITIONHSUIACH (pa3a cTaOWIM3allMHM, BKItodaBimas 10 wrepanuii mporonHa
MOJENIM Ha PEMpPEe3eHTATUBHOM BXOJIHOM TEH30pE, YTO IO3BOJSUI0 MUHHUMH3UPOBATH BIHSIHUE
K3IIMPOBaHMSA, IMHAMUYIECKON KOMIMJISIIMY rpada BHIYMCICHUH HAa HTOTOBBIE 3aMEPhl BPEMEHH.

XapakTepruCTHUKH BPEMEHHOH A(P(EeKTUBHOCTH BKIIOYANHA MEIuaHHOE BpeMs WHQpepeHca Kak
pOOACTHYIO OIIEHKY IEHTPAJIBHON TEHACHIUHU, S5-U W 95- TEepUEHTWIU IS OLCHKH Juara3oHa
TUNAYHBIX ~ 33JIepKEK, MeJUaHHoe aOCONIOTHOE OTKIIOHEHHWE KaK Mepy  CTaOMIbHOCTH
NPOU3BOAUTENBHOCTH, a TAK)K€ MUHUMAJIbHOE U MAaKCUMalbHOE BPEMs BBIMOJHEHHUS JAJISl BBISIBICHUS
IKCTpeMallbHBIX citydaeB. J{si MeToZ10B Tipe1oOpadoTKH (MOBBIMIEHHE PE3KOCTH, HHTEPIOISIIMOHHOE
yBeJIW4YeHHe paszpernienus B 1,5 pa3za, agantuBHas koppekuusa kontpacta CLAHE ¢ raMmma-koppexiueit,
nornaTyeBasi o0pabOTKa) OTAENBbHO (UKCHPOBANIOCH BPEMs BBIIIOJHEHUS AINTOPUTMOB YITyHIICHUS
n300pakeHus1, YTO MO3BOJISUIO OLIEHUTh UX BKJIAJ B OOLIYIO 3a1€pKKy 00pabOTKHU Kaapa.

[Tpu ucnonw3zoBaHuu MeTo A tiling UCXOIHOE N300pakeHNE pa30MBAIOCh HA TIEPEKPHIBAIOIIHECS
natyu pazMepom 640x640 mukcened, 4TO COOTBETCTBYET CTaHAAPTHOMY pa3MEpPy BXoAa Mojesei
cemeiictBa YOLOVS, ¢ nmepekpbeiTieM 128 mukcenen mo Kaxaod OCH IS IPEJOTBpAIEHUs] MOTEPH
00BEKTOB, MOMANAIONIMX Ha T'PAaHUIBI pa3fenoB. [locie BHINOTHEHHSA NETEKIMH Ha KaKIOM IaTye
pe3yNbTaThl CO BceX parMeHTOB OOBEANHSIINCH B €IMHOE TIPOCTPAHCTBO KOOPJMHAT C IPUMEHEHHEM
HEXKECTKOT0 He-MakcHManbHOro mnoiasineHus ¢ moporom lo0U=0,7. BreiOop mnoBblmieHHOTO mopora
NOJaBJICHUS JYOJIUKATOB OOYCJIOBJIEH CIIEHU(HKON MonaTyeBoil oOpabOTKU: COCEAHUE MaTYd MOTYT
COJIEPKATh YACTUYHO TIEPEKPHIBAIOIIIECS JIETEKIIMU OJTHOTO M TOTO K& 00BEKTa, U CTaHIAPTHBIN OpOr
0,5 mor Obl MPHBECTH K M3JIHILHE arpecCMBHOMY YAAJCHHMIO BaJMIHBIX IpeICcKa3aHWd, TOrAa Kak
3Hadyenue 0,7 Mo3BOJISET COXPAHUTH JIETEKIIMU YaCTUYHO MEPEKPHIBAIOIINXCS 00BEKTOB, 00ecTeunBas
OanmaHc MeXJy ycTpaHEeHHEM JyONHKATOB M TOJHOTOW oOHapykeHHs. Buzyanuzanmusi pe3ylbTaTtoB
OCYIIECTBIISIACh IIYTEM OTPHCOBKM TOJNBKO OTPAHWYMBAIOIIMX PaMOK 0€3 TEKCTOBBIX IOATMHCEM
KJIACCOB M 3HAYEHHUH YBEPEHHOCTH, YTO COOTBETCTBOBAIIO TPEOOBAHMSAM K YUCTOTE IKCIIEPUMEHTAILHON
OIIEHKHU 0e3 BU3YyaIbHBIX apTe(aKkTOB U UCKIIIOYAIIO BIHSIHUE 3aTPaT HA PEHJICPUHT TEKCTa Ha 3aMephl
MPON3BOAUTEIHHOCTH.

Mertoa noBbleHus pe3kocTH (sharpening), peain30BaHHBINA B JaHHOM HCCIIEI0OBaHUH, OCHOBAaH
Ha TEXHUKE HEPE3KOr0 MAacCKHUPOBaHMA. AJTOPUTM NPUMEHSAET rayCCOBO Pa3MbITHE K HCXOAHOMY
M300pKEHUIO C SAPOM pasMepoM 9x9 mukcenel M cTaHAapTHBEIM oTKIIoHeHHeM 10,0 1 momydeHus
HU3KOYAaCTOTHOM KOMIIOHEHTHL. 3aTeéM OCYLIECTBIACTCSl B3BEIIEHHOE CIIOKEHHE HCXOTHOTO
n300pakeHus ¥ pa3MbBITOl Bepcuu ¢ koddpduuuentamu 1,5 u —0,5 coorBeTcTBeHHO. JlaHHast onepanus
9KBUBAJIEHTHA J00ABICHUIO K ICXOAHOMY H300pa’keHNIO BBICOKOYACTOTHOW KOMITOHEHTHI, ITOJTyY€HHOM
IyTEeM BBIYUTAHUS PAa3MBITOM BEPCHUM U3 OpPUIMHANA, YTO NPHUBOAUT K YCWJIEHHIO KOHTpacTa Ha
rpaHunax oObekToB. [IpuMeHHMTENbHO K 3a7ade JETeKUMHM TPAaHCIOPTHBIX CPEICTB Ha
aspodorocaumkax UAVDT, MeTo HampaBjieH Ha KOMIICHCAIIMIO Pa3MBITHS, BBISBAHHOI'O JABH)KCHUEM
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OecrmuIoTHOM MIaTdhopMBbl U BUOpanueil KaMmepsl, yaydmias TeM caMbIM BUAMMOCTh MEIKOPa3MEPHBIX
00BEKTOB ISl CBEPTOYHON HEMPOHHOM CeTH.

Ha puc. 1 npuBeaens! mpuMeps! n300paxeHwit u3 TecToBoi BeOopkn UAVDT, ncrons3oBaHHBIE
JUTsl OEHYMapKHHTa HEHPOCETEBBIX MOETICH.

Puc. 1. IIpuMepsl KaipoB U3 TECTOBOH BHIOOPKH U1l OCHUMAPKHHTA IETEKTOPOB

HecMmotps Ha TO, 4TO Ha puc. | B KauecTBe MpuMepa MPEACTABICHBI UMb 4 KaJpa, OHU OTPAXKAIOT
BU3yaJbHOE Pa3HOOOpasue cleH (pa3sIndHble PaKypchl, YCIOBHS OCBELICHUS, INIOTHOCTh OOBEKTOB).
DKCIepUMEHTaJIbHAasl OlICHKA BhINOIHsIACh st 300 n300paxeHuii, 0TOOPaHHBIX M3 MOJIHOTO Habopa
nmauabeix UAVDT, conepaxkariero 6omee 4000 kaapos.

Ha puc. 2 mpencraBieHsl pe3yIbTaThl JETEKTUPOBAHUS 00BEKTOB C ToMoIbio Mozenu YOLOvEN
0e3 nmpeaBapuTeIbHON 00padOTKH BXOIHBIX H300paXKEeHUH.

Puc. 2. [lerexuus o6bexToB Mozensio YOLOvVEn 6e3 mpenobpaboTku
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Ha puc. 3 mpexacrtaBiaeHbl pe3ysbTaThl JCTCKTHPOBAHUS OOBEKTOB C MOMOIIBI MOJCIH
YOLOV8n, ¢ mnpenBapuTenbHOW 00pabOTKOW BXOMHBIX HW300paKCHUH METOJOM MOMATYEBON
00paboTKH.

Puc. 3. lerekuusi 06bekToB Mozensio YOLOVSn ¢ mpenobpabotkoit metogom tiling

Kak cnenyer u3 mpencraBieHHBIX Ha pUC. 3 U300paKeHUH, TPUMEHEHUE CTPATETUH MTOTTaTYEBOM
00paboOTKM MpPHUBEIO K CYIIECTBEHHOMY YBEIMYEHHIO KOJMYECTBA KOPPEKTHO JIOKAIW30BAHHBIX
00BEKTOB, OCOOCHHO MaJOpa3MEPHBIX, YTO BBIPA3WIOCH B 3HAYMTEIILHOM POCTE YHCIa HCTUHHO
MOJIOXKHUTENLHBIX cpabaTeiBaHuid. JJaHHBIN 2hdeKT nMeeT KpuTndeckoe 3HadeHue i 3aaa4 SLAMOT,
rJiec MakCHMallbHas TIOJTHOTa BOCIPHATUS JTUHAMHUYECKUX OOBEKTOB SIBISICTCS TMPHOPUTETHBIM
TpeboBaHMeM aisi oOecriedyeHns1 0e30MacHOCTH HABUTallMM M MOCTPOEHUS IJIOTHOH CEeMaHTHYECKOU
KapThl.

Ha puc. 4 mnpencraBineHsl pe3ylbTaTbl JCTEKTHPOBAHUS OOBEKTOB C IOMOIIBIO MOJEIH
YOLOvVS8N, ¢ npenBaputenabHOil 00pabOTKOH BXOAHBIX M300pakeHnit Ha ocHoBe MetonoB CLAHE u
raMMa-KOpPEKIHH.

Puc. 4. Jlerexuns o6bekToB Mopenpio YOLOvVEn ¢ mpenobpadoTkoii Mmerogamu CLAHE u ramma-xoppekunu
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UcnonszoBanue komOuHaru meronoB CLAHE u ramma-xoppekiuu 00ycCiIoBUIIO 00IIee
CHIDKCHHME KOJHMYECTBA TEHEPUPYEeMBbIX JeTeknui. HecMoTpss Ha HaONIOAaeMyl0 YacTHYHYIO
(UNBTpalUI0  OTJCNBHBIX THUIIOB JIOKHBIX CpabaThIBAaHWM, JAHHBIA TPOLECC COMPOBOXKIAICST
BO3HUKHOBCHHUEM HOBBIX OIIMOOK KJIacCH(UKAIUU M JOKAIU3alMu. Takoe HEOTHO3HAYHOE BIIHSHUE
CBUJICTENILCTBYET O TOM, UTO TIIO0ATBFHOE YITydIlIeHHEe KOHTPACTA HE BCETIa CIIOCOOCTBYET YITYUIICHUIO
IKCTPAKIIUH TPU3HAKOB HEUPOHHOM CETHIO B YCIOBHSIX a3pO(POTOCHEMKH H MOXKET IPUBOIUTH K ITOTEPE
UH()OPMATUBHBIX TEKCTYPHBIX 0COOCHHOCTEH, HEOOXOMUMBIX JUISl HAJICKHOW ICTESKIHH.

Ha puc. 5 mpeacraBieHbl pe3ysbTaThl JETCKTHPOBAHUS OOBEKTOB C IMOMOIIBIO MOJCIH
YOLOVS8N, ¢ npenBaputelibHONH 00pabOTKOM BXOJHBIX N300paXKECHUI HA OCHOBE METO/A TOBBINICHUS
peskoctu (Sharpening).

a1

—==m
—

Puc. 5. lerexius 06bekToB Mozensio YOLOVSn ¢ mpenobpaboTtkoit metozom sharpening

MeToa TMOBBIIICHUS] PE3KOCTH HA OCHOBE HEPE3KOro MAacCKHPOBaHUs MPOJEMOHCTPHUPOBAI
3¢ (EeKTUBHOCTh B CIEHAPHUSIX C JAWHAMAYECKOW ChEMKOH, XapaKTepPHU3YIOIIUXCS 3HAYUTEITHHBIM
JIBIKEHHEM KaMephl W COMYTCTBYIOIIUM pa3MbITHEM OOBEKTOB. llpuMeHeHWe naHHOrO MeTona
MO3BOJIMJIO  KOMIICHCHPOBATh  JIETPAJIAllMI0  BBICOKOYACTOTHBIX ~KOMIIOHEHTOB — H300paKeHus,
BBI3BaHHYIO BHOpaIueit 6ecrioTHOH 1aT(GopMbl 1 M3MEHEHUEM TOYKH ChEMKHU B TIPOIlecce TOJIeTa.
YcuneHne KOHTpacTa Ha TpaHMIAX OOBEKTOB CIIOCOOCTBOBajO OoJjiee HAACKHOMY H3BICUCHHIO
MPU3HAKOB CBEPTOYHON HEHPOHHOU CEThIO, YTO MPHUBEJIO K CHIKCHUIO KOJIMYECTBA YACTHYHBIX OITUOOK
JIETEKIINH, B YACTHOCTH, JIOKHOTIOIOKUTENLHBIX cpabaThIBAaHUK HA TEKCTYPUPOBAHHBIX yyacTKax (GoHa
1 JIOXKHOOTPHIIATEIBHBIX PE3YJIHTATOB JIJISI MAJIOKOHTPACTHBIX TPAHCIIOPTHBIX CPEACTB.

B tabin. 1 npuBeaeHbI pe3yabTaThl CpaBHUTEIbHOU oleHKH Mojaenn YOLOv8n mis yerbipex
KoH(urypanuii: 0e3 npeaodpaboTky, momnaryeBas oopadoTka, komOuHUpoBaHHbIH MeTox CLAHE c
ramma-Koppekuueii u sharpening.

Tabn. 1. XapakTepuCTHKH JeTeKTHPOBaHHS 00beKTOB ¢ moMombio YOLOvVS8n

Cpeice [Motpebnenne
Kouduryparus BpeMs mAP@0,5 Precision@0,5 Recall@0,5 F1@0,5
RAM, Mb
nHpepenca, ¢
bes 0,0159 671,77 4,03 57,10 0,17 0,34
npenoopadboTKu
Tiling 0,0833 704,35 4,76 50,93 0,29 0,58
CLAHE + 0,0305 687,36 36 55,21 0,14 0,27
raMMa-KoppeKuus
Sharpening 0,0177 682,63 4,66 55,27 0,17 0,34
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[lpencraBieHHble JaHHBIE JEMOHCTPUPYIOT HU3KHe 3HadeHus MAP@O0,5 mis  Beex
KOH(UIypaluii, 4To OOYCIIOBJIEHO CYLIECTBEHHBIM [IOMEHHBIM CMEIIEHHEM MeXIy oOyuarommeit
BeIOOpkoit COCO wm TectoBeiM mataceToM UAVDT. Merton momadedHoit oO0paOOTKH IOKa3ai
HanbOoubInyto 3¢ ¢dexTuBHOCTD, yBenuuB Recall@0,5 1o 0,29 u F1 no 0,58 otHocHuTenbHO 6a30BOTO
YPOBHS, OITHAKO LIEHOW MATUKPATHOTO POCTa BpeMeHU nHdpepeHca. Habmronaemplil nucbananc Mexay
BeicokuM Precision (57-59 %) u uuzkum Recall (0,14-0,29) orpaxkaeT KOHCEpBAaTUBHOE MMOBEIACHHE
YOLOvV8n: Mojnenb HalIeKHO ICTEKTUPYeT JIMIIb HauOojee OYEeBHIHBIE OOBEKTHI, MPOIYCKas
MaJlopa3MepHble TPaHCIOPTHBIE CPEACTBa, XapakTepHble Aisi aspodortocheMku. Tiling vacTuuHO
KOMIIEHCHPYET 3TO OTPaHHUYEHHE 3a CUET COXPAaHEHHs MPOCTPAHCTBEHHOI'O Pa3peIIeHus], KPUTUIHOTO
JUIS AETEKIMH MEJIKUX O0BEKTOB.

[Tpumenenne komOuHanuu MeTonoB CLAHE u raMma-KoppeKIuHM NPHUBENO K CHUCTEMHOU
Jerpaialliid BceX METpUK KadectBa gerekimu: MAP@O0,5 causmics Ha 11 % (¢ 4,03 mo 3,6), Recall
ynan Ha 18 % (c 0,17 go 0,14), a unTerpanbHas metpuka F1 nokaszana Haubosnpluee CHIXEHUE Cpean
Bcex MetonoB — Ha 21 % (¢ 0,34 no 0,27). IIpu stom Bpems uHpepeHca yrenuumioch B 1,9 pasa (c
0,0159 ¢ mo 0,0305 ¢), uro OOYCJIOBJICHO BBIYMCIUTEIBLHOM CJIOKHOCTHIO aJTOPUTMA aJalTHBHOM
HOpMAJIM3allMA THCTOTPAMMEI, TPEOYIOIIEro JOKaIbHOH 00paOOTKH KaXKAOTO Taiia M300paKeHUS
pasmepoM 8x8 mukceneit. Habmogaemoe yxyalieHne XapakTepUCTHK 00bsICHIETCS QyHAaMEHTaTbHBIM
HecooTBeTcTBUEM Mexny mpuHiunamu padotsl CLAHE u ocoGeHHOCTAMHU TpenoOydeHHON MOJIen
YOLOVS8n: arpeccnBHOE TOBHIIIEHHE JOKATBFHOTO KOHTPAcTa, OCOOCHHO B OJHOPOJHBIX OOJACTSIX
(He00, TOpPOXKHOE TOKPBITHE, BOAHAS MOBEPXHOCTH), MPUBOIUT K TE€HEpalliu apTeakTOB B BUIC
JIO)KHBIX TPAaHMI] U TEKCTYpPHOIO UIyMa, KOTOpPbIE HMHTEPIPETUPYIOTCS CBEPTOYHOM CETBIO Kak
NOTCHIHANbHBIE O0BEKTHI ACTEKIMH, YBEJININBAsI KOJMUECTBO JIOKHOIOIOKUTENBHBIX CpabaThIBaHUM.

Meron moBbImeHns pe3kocty (sharpening) IpoaeMOHCTPHPOBAT TPOMEKYTOUHBIE PE3YIBTATHI: TIPH
HE3HAYMTEIBHOM yBeIMYeHNU BpeMeHu uHpepenca Ha 11 % (¢ 0,0159 ¢ mo 0,0177 ¢) 1 MUHEMAJILHOM
pocte notpebiieHus namsat (Ha 1,6 %) ynanock noctuub npupocta MAP@0,5 Ha 16 % OTHOCHTENBHO
6a30Boii koHuryparm (¢ 4,03 10 4,66). I[Ipu sTom metprku Precision (55,27 %) u Recall (0,17) octaiuch
Ha YpoBHe, OJMM3KOM K 0a30BOMY, YTO CBHJIETEIBCTBYET O CIIOCOOHOCTH MeToza sharpening yiydIarh
OOIYI0 TOYHOCTh JAETEKIMH Oe3 CYIIECTBEHHOTO BIMSHUS Ha IOJHOTY OOHApY:KeHUWs. YMepeHHOe
YCUJICHHE BBICOKOYACTOTHBIX KOMIIOHEHTOB M300pa’KeHHUsI CIIOCOOCTBYET JIy4IlIel JIOKIM3aLUK TPaHHILL
00OBEKTOB, KOMIIEHCUPYS Pa3MbITHE, BBI3BAHHOE JIBIDKCHHEM KaMephl, OHAKO He 00ecreynBaeT TaKkoro
npupocrta Recall, kak meton tiling, TOCKOJBKY He pemraer mpodaeMy HETOCTATOUYHOTO Pa3pellieHus! IS
MaJiopa3MepHbIX OOBEKTOB.

3akiIoueHne

Ha ocHOBe cpaBHUTENBLHOrO OCHUMApKUHra KOH(Urypauii HEeHpPOCETEeBOro JICTEKTOpa
ompejiesicHa  ONTHUMalibHAs  KOH(Urypaius naimiaiiHa 1peoOpaboTku, oOecredrBaroas
MaKCHUMaJIbHYI0 YCTOWYMBOCTD ACTEKIMH NP MUHUMAIbHBIX BBIYMCIUTEIBHBIX 3aTparax. [lokasaHo,
YTO  METOABl  NpenoOpadOTKM  HM300paKE€HWH  OKa3bIBAIOT  CYHIECTBEHHOE  BJIHMSHHUE  HA
MIPOU3BOAMTEIBLHOCTh M TOUHOCTD JAeTeKIKu 00bekToB B SLAMOT-crcTremMax, 0JIHAKO XapaKTep 3TOro
BJIMSIHUSI HEOJTHO3HAYEH U 3aBUCHT OT CIIEHU(PHUKH IPUMEHIEMOTO aJITOPUTMA.

OKCIIepUMEHTANbHBIE PEe3yJIbTaThl CBHICTEILCTBYIOT O HHM3KHX aOCONIOTHBIX 3HAYEHHSIX
MAP@0,5 (3,6-4,76) mis Bcex KOH(UTYpaIWii BCIEACTBHE AOMEHHOTO cMerenus mexay COCO u
UAVDT, urto moarBepKAaeT HEOOXOAMMOCTH J000ydeHUs Moaenu. TeM He MeHee, METOIbI
npenoOpabOTKU  MMO3BOJISIOT ONTHMHU3MPOBATh OTAENbHBIE acmekThl aerekumu: Tiling obecreunn
Hawyuryto nosHoty (Recall@0,5 = 0,29; F1 =0,58) ¢ mpupoctom 70 %, 07HAKO MSITHKPATHOE YBETHMICHNE
BpeMeHH WH(epeHca OTpaHMYMBAeT €ro MPUMEHHMOCTh B CHCTEMaxX peallbHOro BpemeHH. Sharpening
NPOAEMOHCTPHPOBAI Hanbosee cOaaHCUpOBaHHBIN pe3ynbTaT (mpupoct MAP@0,5 Ha 16 % npu 3aTparax
BpemeHH +11 %), 4To nenaer ero nepcrneKTUBHBIM 111 00pToBBIX IwaTtdopm, Torna kak CLAHE ¢ ramma-
KOppeKIKeEN NprBeN K HE3HAUUTEILHOW CUCTEMHOM JIerpajaliii METPHK.

Taxum o6pazom, moaens Y OLOVS nponeMoHCTpHpoBaia CBOIO IPUTOJHOCTD AJIsl HHTETPAllH B
SLAMOT-cucremsl Onaromapst BBICOKOH ckopocth wuHpepeHca (15,9 mc Ha kagp B 0a30Boii
KOH(HTYpaIlluK) U YMEPCHHOMY IMOTPEOJICHUIO MaMSITH, OJJHAKO JJIsl JOCTHKCHHUS TPeOyeMOro YpOBHS
TOYHOCTH B 3a/1a4ax a3po(oToCheMKH HEOOX01uMa KOMOMHALIMS Pa3IHYHbIX METOIOB MPea00paboTKU
C moceAyImuM 1000yueHreM Ha penpe3eHTaTuBHOH BeiOopke UAVDT.
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BnaromapuocTtu. PaGota BeImosiHeHa mpu nojiiepkke bemopycckoro pecmyOnukanckoro GoHa
bynmamenTanpubix uccnenoanuii (BPODU) u HanmonansHOro ¢oHma ecrecTBeHHbIX Hayk Kutas
(H®EHK) B pamkax mpoekra T25KI1-054 «TeXHOIOTHS MHOTOKAMEPHOM JIOKAIN3AIlMK 1 TOCTPOEHHUS
KapThl OTKPHITOTO MIPOCTPAHCTBAY.

EVALUATION OF THE IMPACT OF IMAGE PREPROCESSING ON
PERFORMANCE AND ACCURACY OF OBJECT DETECTION IN SLAMOT
SYSTEMS

I.I. LIAVONENKA, A.D. ROBACHEVSKIY, WANG GUOYAN,V.YU. TSVIATKOU

Abstract. This paper presents an experimental evaluation of the impact of image preprocessing
methods on the performance and accuracy of object detection in SLAMOT (Simultaneous
Localization, Mapping, and Object Tracking) systems. To identify optimal strategies for enhancing
input data for mobile robotic platforms, a comparative study was conducted on the effectiveness of
various preprocessing algorithms, including unsharp masking-based sharpening, CLAHE (Contrast
Limited Adaptive Histogram Equalization) with gamma correction, interpolation-based resolution
upscaling, and patch-based processing (tiling). The experimental evaluation was performed using
the lightweight single-stage YOLOV8n architecture, adapted for vehicle detection in aerial imagery
through programmatic class mapping. Within a standardized benchmarking protocol, accuracy
metrics (MAP@0,5; Precision; Recall; F1-score), inference timing characteristics, and
RAM/VRAM consumption were computed. The study aims to determine trade-offs between
detection quality, computational complexity, and processing speed under the hardware resource
constraints of onboard computing systems.

Keywords: object detection, computer vision, image processing, SLAMOT.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VK 621.39:004.932

MOJIXOAbI K MIPOEKTUPOBAHWIO CUCTEMBI KOHTPO.ISI KAYECTBA
MOKPBITUIA U3IEJIAH

10.C. SIKOBIJIEB, 10.B. BPYTTAH

Tckosckuii eocydapcmeennviil yHugepcumem, Poccutickaa @edepayus

Hocmynuna 6 peoakyuro 6 mapma 2026

AHHoOTanus. B cTatse paccMaTprBaroTCsl HOAXOABI K HIPOSKTHPOBAHUIO CHCTEM KOHTPOJIS KA4eCTBA
MOKPBITHH, OPHEHTUPOBAHHBIX HA NPOMBIIUICHHOE NpUMeHeHHe. OCHOBHOE BHUMaHHE YICICHO
HEKOHTAaKTHBIM M HEpa3pylIaolMM METOAaM, BKIIOYas MAIIMHHOE 3PEHHE, OITHYECKHE,
BUXPETOKOBBIE, TepMorpauyeckue W CHEeKTpajbHble cpeacTBa KoHrpoussi. [lokazaHo, 4TO
3 PEeKTUBHOCTH TAKHX CUCTEM 3aBHCHUT HE TOJILKO OT BEIOPaHHOTO METO/1a U3MEPEHUSI, HO U OT TOT'0,
HACKOJBKO KOPPEKTHO CHCTEMa BCTPOEHA B MPOM3BOACTBEHHBII ITpoIiecc.

Kniouegvie cnoea: KOHTPOIb KauecTBa MOKPBITHH, HEpa3pyIIAOIIUNl KOHTPOJb, HEKOHTAKTHBIE
METO/Ibl, MAIIMHHOE 3pEHHe, ONTHYECKasi KorepeHTHasi ToMorpadusi, TepareproBas AMarHOCTHKA,
aKTHBHas TepMorpadusi, MyJIbTHCEHCOPHBIE CUCTEMBI.

BBenenne

KauecTBO NOKpHITHS B MPOMBILIJIEHHOM U3JIE€TIUHU ONIPEAEIsET HE TOJIBKO €ro BHEIIHUHN BU, HO U
pecypc, KOPPO3UOHHYIO CTOMKOCTb, M3HOCOCTOMKOCTBH, TEIUIOBYIO CTAOMJIBHOCTh W HAJCKHOCTH B
akcrutyatauuu. IIo 3TOH IpHYMHE KOHTPOJb MOKPBITHM BBICTYNAET HE OTAEIBHON 3aBepIUArOLICH
omepanMei, a BaXXHOM 4YacTbl0 TEXHOJIOIMYECKOrO0 KOHTypa MpOU3BOACTBAa. Pa3Butue
WHTEJUICKTYaTbHOTO TPOU3BOJICTBA TPUBOJUT K TMEPEXOMy OT DSMHU30JAYSCKON WHCIEKIHHA K
HEMPEPHIBHOMY W aBTOMATU3UPOBAHHOMY KOHTPOJIO, KOTOPBIM IO BO3MOXHOCTH BCTPAMBACTCS
HEIMOCPEICTBEHHO B ITPOU3BOACTBEHHYIO JIUHUIO U OITUPAETCS HA METObI HEPA3PYIIAIOIIETO KOHTPOJIA,
MallMHHOE 3peHUEe U aHanu3 AaHHblX [1-5]. 7 3amay, CBS3aHHBIX C MOBEPXHOCTHBIMU U
MOJMTOBEPXHOCTHBIMU IepekTamMu, 0CO00€ 3HAYCHHE MPHOOPETAIOT OCCKOHTAKTHBIC METOJbI: OHH
MO3BOJISAIOT 00CIIEA0BATh U3JIEIHS CIIOKHOM (hOPMBI, pabOTaTh Ha BHICOKMX CKOPOCTSIX JIMHUH, CHHYKATh
3aBUCUMOCTh pe3yJibTaTa OT ONEpaTopa M YMEHbIIATh PUCK MOBPEKICHUS KOHTPOIUPYEMOM
nmoBepxHocTH [1, 4, 6].

IIpu TIpOEKTHUPOBAHUHA CHCTEMBI KOHTpPOJISI KadecTBa IOKPBITHS B TEPBYIO OdYepelb HYKHO
OTIpEeICNNTh, KAKWE CBOMCTBA CIIOSI M KaKKe THITHI JIe(DEKTOB MOJIeKAT KOHTPOIO. B 3aBUCHMOCTH OT
Ha3HAUCHHUS MOKPBHITHS M YCIOBUM SKCILUTyaTallUM KOHTPOJIMPYEMBIMH IMapaMETPaMH BBICTYHAIOT
CILIONTHOCTH CJIOS, €0 TOJIITHHA ¥ PAaBHOMEPHOCTh, HAIMYWE TPEIIUH, ITOP, KpaTepoB, HEIIPOKPACOB,
HAIUTBIBOB, BKIIOUCHHI W 3arpsi3HEHH, COCTOSHUE HHTepdeica «IMOKPBITHE-TIOIIOKKa», a TaKKe
CTPYKTYpHbIE IPU3HAKU, KOCBEHHO CBS3aHHBIE C aAre3UeH, IIepOX0OBATOCTHIO U JOJATOBEYHOCTHIO [ 1, 6—
9]. TTosToMy cHCTEMY KOHTPOJIS 1IEJIECO00Pa3HO PacCMaTPUBaTh HE Kak HabOp OTAETBHBIX MPUOOPOB,
a KaK CBf3KY JaTYMKOB, QJFOPUTMOB OOpPaOOTKH W CPEJCTB BCTPAMBAHUSA B MPOM3BOJCTBECHHBIN
mpotiecc.

Hpoueccu )4 CBOﬁCTBa, OTHOCAIIHECH K KOHTPOJIIO KaYeCTBa HOKleTl/lﬁ

KauecTtBo ITOKPBITHUA 00BIYHO OLICHMUBAIOT 110 HECKOJIBKUM I'pyIIIaM IPU3HAKOB: ICOMETPHUHU CI104,
€ro (1)H3I/IK0-XI/IMI/IIICCKOMY COCTOSAHHIO U HAJTUYHUIO )le(beKTOB Ha MMOBCPXHOCTU U B 30HC HHTep(l)eﬁca.
Hawub6omee YHHBepcaHBHOﬁ XapaKTepI/ICTI/IKOﬁ OCTACTCA TOJIIIHWHA TOKPLITUA. I[J'I}I MCTAININYCCKUX,
3aI0UTHBIX, JCKOPATHUBHBIX H (bYHKI_[I/IOHaJ'ILHBIX CJIOEB MMCHHO TOJIIMHAa BO MHOI'OM OIIPEACIACT
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BBITIOJTHEHHE LIEEeBOH (PYHKIMH; TIOATOMY B 0030PHBIX paboTax Mo M3MEPEHUIO TOJIIWHBI MOKPBITHI
OHa paccMaTpHBaeTCs Kak 0a30BBIN 00BEKT KOHTpoisa [6, 10]. BmecTe ¢ TeM OmHOTO H3MEpEHUS
TOJIIIMHBI HEAOCTaTO4HO. Jlaxe mpu (popmMambHOM COONIOACHUH TONIIUHBI H3JIENHe MOXXET HMETh
JIOKaJbHYI0 HEPaBHOMEPHOCTb, MOPHUCTOCTb, HAPYILICHUs CIUIOIIHOCTH, CKPBITHIE MOJOCTH,
MEXCIIOWHbIe Ne()eKThl WM TMOBEPXHOCTHBIE W3BSHBI, C(HOPMHUpPOBABIINECS H3-3a OCOOEHHOCTEH
MTOATOTOBKH TOJIJIOKKH M CaMOTO0 TIpoltecca HaneceHus [1, 7, 9].

He meHee BaxkeH KOHTpPOJb MOPQOJIOTHM TMOBEPXHOCTH. 7SI MHOTHX MOKPBITUH WMEHHO
TEKCTypa, MUKpopelbed U paBHOMEPHOCTh PACHpeAeieHUs] MaTepraia ONpeeisioT aAre3noHHbIe U
TpuOOJIOTHYECKNEe CBOWCTBA. VccrmemoBaHUs, TOCBSIICHHBIE CBS3W IIEPOXOBATOCTH, CIEIUICHUS W
KOPPO3UOHHOM CTOHKOCTH, IMTOKa3bIBAIOT, YTO KOHTPOJIb TIOBEPXHOCTHOTO MPOGWIS HEllb3sI CBOIUTH K
OJTHOMY HHTETpaJbHOMY MapaMeTpy; HeoOXOoIuM aHajiu3 Habopa NPU3HAKOB, XapaKTEPU3YIOLIMX
(opMy TOBEPXHOCTH W €€ CTaTUCTHYECKYIO0 HeomHopomHOocTh [11, 12]. D10 0coOeHHO BaXKHO IS
MOKPBITHIA, HAHECEHHBIX Ha IMPEABAPUTENHHO 00pab0TaHHBIE TTOIOKKH, T/I€ MUKPOT€OMETPHS OCHOBEI
BJIMSCT Ha pocT Ae(EKTOB U MoBeeHNE HHTep(eiica.

OTnenbHBIA Klacc 3a/la4 CBA3aH C paclo3HaBaHWEM COOCTBEHHO AedekToB MOKpbITHA. s
MOKPBITHHA, (OPMUPYEMBIX METOJIAMHU PACIBUICHHS, HAIBUICHWS, OCAXKICHHUS W3 MapoBoil (as3sl u
JPYTUX BBICOKOTPOM3BOAUTENBHBIX TEXHOJIOTHH, XapakTepHbl Takue Ae(eKThl, KaK KpaTepbl, MOPHL,
B3[yTHsl, TPEIIUHBI, HHOPOJHBIC BKIIOUEHHS, YYACTKH HEJOCTATOYHOI'O IOKPBITUS U JIOKAJIbHBIE
yrommenus [1, 8, 13]. [lns TNOKpBITMH BaKyyMHOTO HAaNBUICHWS M TOHKHAX IUIGHOK OT/EIHHO
paccMmarpuBaroTcs AeeKTel pocTa, BO3HHUKAIOIIME BCIEACTBHE TOMOTpadry MOMIOXKKH, YaCTHI]
3arpsi3sHEHUN 1 0cOOeHHOCTeN pocTa TuieHKH [8]. C TOUKM 3peHus MPOEKTHPOBAHUS CUCTEMBI KOHTPOJIS
3TO O03HAYAET, YTO YaCTh ACPEKTOB MPOSBISAETCS KaK M3MEHEHHE SIPKOCTHO-TEKCTYPHOW KapTHHBI Ha
MOBEPXHOCTH, a YacTh TpeOyeT aHanmm3a BHYTPEHHEHW CTPYKTYyphl HIIM KOHTPAcTa, CBSA3aHHOTO C
9JIEKTPOMAarHUTHBIMH, TETIOBBIMHU JINOO CIIEKTPATbHBIMU CBOHCTBAMHU MaTepHaa.

C y4eToM CKa3aHHOTO 3a/la4d KOHTPOJIS TOKPHITHH MOXKHO CBECTH K YETHIPEM OCHOBHBIM
HATPaBIIEHUSIM: BU3yaJIbHBII KOHTPOJIb IMOBEPXHOCTH, U3MEPEHHE TOJIIIMHEI H PABHOMEPHOCTH CIIOS,
BBISIBJICHHE TIOJITIOBEPXHOCTHBIX M MEKCIIOWHBIX HAPYIICHHUH, a TAKXKe OI[EHKA MPH3HAKOB, CBSI3aHHBIX
C JTOJITOBEYHOCTRIO MOKpeITHs. [1, 6, 10, 11]. Ot sTOro Habopa 3amay ¥ CIIEAyEeT OTTAIKHUBATHCS TPU
BEIOOPE METOJIOB KOHTPOJISA U TIOCTPOSHUH CUCTEMBI.

HexoHTaKTHBIE METOAbI AHAJIN3A MOKPbITHI

Ha npaxTuke yaie BCEro HCHONB3YIOT ONTHYECKHE CUCTEMbI MAIIMHHOTO 3pEHUS. DTO CBSI3aHO
C BBICOKOHM CKOPOCTBIO KOHTPOJISI, CPABHUTEIHHO MPOCTON WHTETPAIFeld B IPOU3BOICTBEHHYIO JTHHHIO
1 BO3MOXXHOCTBIO O0OHAPYKUBATh BUIMMBIEC TIOBEPXHOCTHBIE JeEeKTh Ha 00IbINX yuacTkax. O030psl,
MOCBSIIIEHHBIC ABTOMAaTUYECKOMY KOHTPOJIIO MIOBEPXHOCTHBIX JIe()EKTOB, MOKA3BIBAIOT, YTO MAIIIMHHOES
3peHre 3(PQPEKTUBHO TNPH TOUCKE IApaluH, IATEH, BMSTHH, PAKOBUH, 3arps3HEHUN W APYrux
HApyIICHUH BHEIIHETO CIIOs, 0OCOOCHHO eclii 3ajia4a OopMYIHpPYyeTcs KaKk OOHapyXEeHHE aHOMAIIWH,
kiaccudukanys aedexra wiu cerMeHTanus aedexkrnoit oodmactu [2-5]. s uznenuii ¢ MOKPBITHEM
ONTUYECKHUE METOJIbI OCOOEHHO TMOJIE3HBI HAa YYacTKax IOCIE€ HAHECEHHWA W TOCJe CYIIKH, KOTJa
TpeOyeTcs ObICTPBIN KOHTPOJIb BHEIITHETO BU/IA U CIUIONIHOCTH OBEpXHOCTH. OTHAKO OHU OTPaHUYEHBI
B paboTe ¢ TOIIOBEPXHOCTHRIMH JIe(DEKTaMU ¥ YyBCTBUTEILHBI K OJMKaM, BAPUATUBHOCTH OCBEIICHUS,
OTpa)kaTeIbHON CIIOCOOHOCTH M HU3KOMY KOHTpacTy nedektos [2, 4, S].

st mpeoonieHNs 3TUX OTpaHUYCHHUN Bce OoJIbIIee 3HaUeHHe MPHoOpeTaoT ToMorpadudecKue
U CIeKTpalibHble MeTopl. OnTtuueckas korepeHTHas Tomorpadus (OCT) mnepcrekTuBHA IS
MIOCIIONHOTO aHAIN3a IOKPBITHIA, 0COOEHHO B TE€X CIyYasx, KOrja HeoOX0AUMO OIIEHUTh BHYTPEHHIOIO
CTPYKTYpPY MPO3PAavyHbIX WM MOIyHpo3padnbix cioeB [13-17]. B myOiaukamusx IO 3alldTHBIM,
MOPCKHM W aBTOMOOWIILHBIM MOKPBITHAM 1moKka3aHo, yTo OCT crocoOHa BBISBISATH TONIIUHY CIIOEB,
MOIMTOBEPXHOCTHBIE HEOTHOPOJIHOCTH M TPaHUIIBI paszienia 0e3 MEXaHUYeCKOro KOHTaKTa ¢ M3AeIueM
[13, 14, 16]. JInsa mpoeKTUPOBAHUS CHCTEMBI 3TO OCOOCHHO Ba)KHO, KOT/Ia BHEITHWNA BU TTOBEPXHOCTH
HE OTpaXkaeT PEalbHOI'0 COCTOSHUS BHYTpeHHUX ciioeB. lpu stom orpanmuenuss OCT cBs3zaHbl ¢
OTPaHMYCHHOW TIyOWHOW TNPOHWKHOBEHWS, 3aBUCUMOCTHIO OT ONTHYECKHUX CBOWCTB Marepualia U
HEOOXOAMMOCTEIO 00JIee CI0KHOM KATHOPOBKH IO CPABHEHUIO ¢ OOBITHONW BHICOCHEMKOA.

TepareprioBsle METOABI TaKKe OPHEHTHPOBAHBI HA OECKOHTAKTHBIA aHAIM3 MHOTOCIONHBIX
CTPYKTYp ¥ MU3MEPECHHE TONIIUHBI TUAIEKTPHUSCKUX U 3AIMUTHBIX MOKPHITHHA. PabOThI MOCIETHUX JIET
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MOKA3bIBAIOT MPUMEHUMOCTh | HZ-IOAXOMOB K OLEHKE TOJIIUHBI TEPMOOAphEPHBIX MOKPBITHIA,
KOHTPOJIIO COCTOSIHUS IIOKPBITHIX CTaJIbHBIX KOHCTPYKIMN 1 U3MEPEHHUIO IIapaMeTPOB CIIOEB B 331a4ax
MIPOMBITIUICHHOTO MOHHUTOpHHTA [ 15, 17, 18]. C mImkeHepHO# TOYKH 3pSHUS TepareproBas AMarHoCTHKA
[EHHAa TeM, 4YTO oOecrneyrBaeT IOCTYNl K IOAMOBEPXHOCTHOH HHGOPMALMK W TPUTOJHA IS
MHOT'OCJIOMHBIX CUCTEM, T1i¢ OObIYHAsI ONTHUKA AAET TOJBKO KAPTHHY BHEIIHETO cj10s. OrpaHMYeHUAMHI
OCTaIOTCSI CTOUMOCTh amnmapaTypbl, YyBCTBUTEIBHOCTh K MaTepHaly U T€OMETPUH OOBEKTa, a TaKKe
HEOOXOIUMOCTD CIIOKHOW MHTEPIPETANN BPEMEHHBIX U CIIEKTPaJIbHBIX CUTHAJIOB.

AxTuBHass TepMmorpadus 3aHUMaeT MPOMEKYTOYHOE MOJOKEHHE MEXAY IMOBEPXHOCTHOW H
TITyOMHHOW JMAarHOCTUKOM. B 3TO# rpymnme MeTo10B 00bEKT BO30YXKIaeTCs TeIIOBEIM UMITYJIECOM WITH
CKaHUPYIOUIMM MCTOYHMKOM, a aHalu3 BeNeTcs [0 IUHAMHKE TEMIIEpaTypHOIO OTKIHKA.
HccnenoBanusi, HOCBSICHHBIE KOHTPOJIIO TOJNIIMHBI H HEPABHOMEPHOCTH IMTOKPBITUH, TOKA3bIBAIOT, YTO
aKTHUBHAsI TepMOTpadus MOAXOIUT AJIs KPYMHO(DOPMATHOTO M JOCTATOYHO OBICTPOTO OOCIIEOBaHUS,
O0COOCHHO B CITydasx, Koraa Ae(eKT BIHsIeT Ha TeIUI000OMEH WK TEIUIOBYI0 nHepuuto cios [19]. s
IMPOU3BOJACTBCHHLIX YCHOBHﬁ 9TO BaXXHO TCM, YTO TCIIJIOBU3MOHHBIC CUCTCMBbI MOTYT OXBAaTbIBAThb
OobIIyI0 00NAcTh 3a OAMH MK HaOmojeHus. OJHako MeToj] TpeOyeT aKKypaTHOTO YIpPaBICHHUS
BO30Y)KIEHHUEM, 3aBUCHUT OT 3MHCCHOHHBIX CBOWCTB IOBEPXHOCTH W UYYBCTBUTEICH K BHELIHUM
TCIIJIOBBIM ITOMEXaM.

BuxpeTrokoBble METOABI HMIMPOKO MPUMEHSIOTCS Ul HEpa3pyLIalolero KOHTPOJS TOJIIMHBI
HETPOBOASALINX MOKPBITUM Ha MPOBOIIICH IOUIOKKE M UL aHalIM3a MPOBOMSIIMX CJIOCB HPH
NOOXOMAIIEM coYeTaHuM MarepuanoB. COBpeMEHHbIE MCCIIEIOBAHUS AEMOHCTPUPYIOT KaK Pa3BUTHE
TPaAUIHUOHHBIX CXEM U3MCPCHUS, TaK U GOHCC CJIOKHBIC KOHCTPYKIUU JaTYUKOB, CHUKAIOIIUEC BJIMAHUC
OoTpeIBa W oOecrmeunBaromue Oomnee ycroiuuBoe ompenenenne tommuHbl [20]. C TOUYkM 3peHus
IPOEKTHPOBAHMSI BUXPETOKOBBIE METOJbI NPHUBJICKATEIbHBI CBOCH TEXHOJIOTMYECKOW 3PEJIOCTBhIO U
IIPUTOAHOCTBIO K HpOMBIH.UIeHHOﬁ aBTOMaTHU3alluH. BwmecTe ¢ TeM OHM 3aBUCAT OT QJICKTPOMAruMTHBLIX
CBOWCTB Marepuayia W, KaK MPaBHJIO, NAIOT OrPaHWYEHHYI0 MOPQOIOrHYECKYI0 HH()OPMAIHIO: st
pacrio3HaBaHus TN Je(eKkTa OAHOro TaKoro KaHaja 4acTo HeJJOCTaTOUHO.

K OeCKOHTAaKTHBIM M OJIM3KMM K OECKOHTAKTHBIM (PU3UUECCKMM METOJaM OTHOCATCS TaKXKe
peHTreHodIyopecieHTHbIH aHam3 17§ Ja3epHO-CIIEKTPOCKOMTHYECKHUE TOJTXOJIBI.
PentreHogyopeceHTHbIE CHUCTEMBI JaBHO MPHUMEHSIOTCS Ui KOHTPOJS TOJIIMHBI M COCTaBa
MOKPBITHH B MOTOYHBIX JIMHUIX, OCOOCHHO TaM, Tie TpeOyeTCsl He TOJIBKO OLIEHKAa T€OMETPHU CIIOS, HO
U TOATBEPXKICHUE €ro XuMH4eckou mnpuponsl [21]. JlazepHo-uHAyHEpOBAaHHAS SMHUCCHOHHAS
CIEKTPOCKOIIHNS, B CBOIO OUEPElb, HCIOIb3YETCS 1Sl aHaJIM3a COCTaBa U IITyOMHHOTO MPOQHUINPOBAHUS
CJIOEB, B TOM YHUCJIE B PEKMMax, OPHEHTHUPOBAHHBIX HA MPOM3BOACTBEHHBII KOHTPOJIb MOKPBITHIX
JIUCTOBBIX MaTEPUAIIOB [22]. DTH MeTO/Ibl OCOOSHHO TOJIC3HbI, KOTJa KAa4eCTBO IMOKPHITHS IIOHUMAETCS
HE TOJILKO KaK OTCYTCTBHUE JePeKTOB (DOPMBI, HO M KaK COOTBETCTBHE COCTaBa TPEOYEMOH TEXHOIOTHH.
WX orpaHryeHHE COCTOMUT B 00Jiee CIIOKHOH alnapaTHOM peannu3alun, TpeOoBaHUIX K 0€30II1acCHOCTH U
HEOOXOIUMOCTH TIIATEIBHO COTJIACOBBIBATH PEXXKHUM H3MEPEHUS C MAaTEPHAJIOM H3Ieusl.

HepCHeKTI/IBHI)IM HalpaBJICHUEM BBICTYITAIOT MYJIbTHCECHCOPHBIC CUCTCMBI. Hy6n1/11<au1/m 110
KOMOWHHPOBaHHOMY HM3MEPEHHMIO TONIIMHBI C HCIOJIb30BAHHEM, HANpUMeEp, XPOMAaTHUYECKOrO
KOH(OKAITbHOTO ¥ BUXPETOKOBOT'O KaHAJIOB, & TAKXKe 0030PbI [0 MYJIbTUCEHCOPHOMY CIIMSHHUIO JaHHBIX
B YMHOM IIPOM3BOJICTBE TMOKAa3BIBAIOT, YTO OJIMH (PM3NYECKUI METOJ PEAKO IMOKPHIBAET BECH CIEKTP
3a/1a4 KOHTPoJis [ 7]. BusyanbHbli KaHaI XOpOI1I0 padoTaeT ¢ HOBEPXHOCTHOM MOPGOJIOTHEH, HO XyXKe —
C BHYTPEHHEH CTPYKTYpOMW; 3JEKTPOMArHMUTHBIM KaHaj YyBCTBHUTENIEH K TOJIIIMHE U MaTepuaiy, HO
MOYTH HE HMHTepHpeTHpyeT (opmy nedekTa; ToMorpapuuecKuii kKaHaal WHPOPMATHBEH, HO MEHee
npou3BoauTeneH. [103ToMy peanbHas cucTeMa KOHTPOJIS BCe Yallle MPOSKTHUPYETCsl Kak KOMOUHAIIUS
B3aUMO/IOTIOJHSIOINX CEHCOPOB.

Mopenn n anropuT™Mbl 00padoTKH JAHHBIX

Pa3BuTHE cHCTeM KOHTPOJS MOKPBITHH COMPOBOKAATIOCH N3MEHEHHEM MOAXOI0B K 00padoTKe
JaHHBIX. B paHHNX crcTeMaxX MaIIMHHOTO 3PEHUS Yallle BCEro HCIOJIb30BaINCh IIOPOToBast 00paboTKa,
BBIJICJICHNE TPaHUI, aHAIU3 TEKCTYp, (QUIbTpaluuss ¥ CpaBHEHHE C ATATOHOM. OTH METOIBI MO-
MpeKHEMY IPUMEHSIOTCS TaM, TJie TUT fedeKTa 3apaHee U3BECTEH, a YCIOBHS CHEMKH MaJIO MEHSIOTCSI.
WX OCHOBHOE JOCTOWHCTBO COCTOMT B TOHSATHOHN JIOTWKE pabOTBl M YMEPEHHBIX TPeOOBaHUAX K
BBIYHCIIUTEIBHBIM PECYpPCaM, YTO BasKHO JUIsl BCTPOCHHBIX CHCTEM pPeabHOTrO BpeMeHH [3, 4].
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[To Mepe yCoXKHEHUS U3/ICIHIA ¥ YBEITUYCHUS pa3HOO0pasus 1e(hEeKTOB BCE IIUPE UCTIONB3YIOTCS
METOJIBI MAIIMHHOTO U TITy0oKoro oOyueHus. B Takux cucremax 3ajada KOHTPOJIS OOBIYHO CBOJUTCS K
oOHapyXeHHI0 Ie(eKTOB, MX Kiacch(pukammy, cerMeHTanuu OedeKTHBIX O0NacTed WM TOWCKY
aHOMAaJTbHBIX yuacTKoB [2-5]. HeitpoceTeBbie Moenu Xopoino paboTaloT B YCIOBHUIX CIOKHOTO (hoHa
W U3MEHYHMBON TE€OMETpHH Ne(EeKTOB, OJHAKO WX BHEAPEHHE B IPOWM3BOJICTBO CBS3aHO C DPSIOM
MpaKTHYeCKuX TpynHocterd. K HUM oTHOCSTCA nucOamaHc BEIOOPOK, BEICOKAst CTOMMOCTB SKCIIEPTHOM
pa3MEeTKH M OTpaHMYCHHAS TIEPEHOCHMOCTh OOYYCHHBIX MOJICNICH MEXIy pa3HBIMH THIIAMH W3JICIIHN,
HOKPBITUII U YCIIOBUSIMU ChEMKH [5].

Ilo aToit mpuumMHE I MPOEKTHPOBAHUS CUCTEMBI BaKEH HE TOJBKO BBIOOP ApXHTEKTYPHI
HelpoceTH, HO B cTpaTerus GOpMUPOBAHUS JaHHBIX. AKTya bHBI MeTO 161 few-shot u weakly supervised
learning, a Takke aHOMAJIMHHBIN MTOAX0/T, KOTJ1a MOJIENIb YIUTCS HOPME, a HE KAKIOMY KJ1acCy Je(eKTOB
mo otaenbHOCTH [1, 4, 5]. A7 KOHTPOMS MOKPBITHH 3TO OCOOEHHO aKTyaJdbHO, MOCKOIBKY MHOTHE
nedeKThl penKu, a uX MopGOIOTHS MOXET CHJIBHO BapbHpoBaThcsa. Kpome Toro, mius (pu3N4ecKux
METO/IOB KOHTPOJISi — HalpuMep, TepMorpaduu, TeparepuoBON WU BHUXPETOKOBOH JUATHOCTUKU —
AJITOPUTMHYCCKUN YPOBEHb BKIIIOUACT HE TOJBKO KJIACCU(PUKATOP, HO U MPOLEAYPHl PEKOHCTPYKIIUU
CUTHaJa, TOJABJICHHUS IIYMOB, HM3BIICUCHHSI HWH()OPMATHBHBIX MPU3HAKOB, KAITMOPOBKHA W CIUSHUSI
kaHasos [ 18, 20].

B cocTaBe aaropuTMUYECKOTO YPOBHS MOKHO BBIJICIUTH HECKOJBKO (DYHKIIMN: PEKOHCTPYKIIUIO
M3MEpSeMBIX  TMapaMeTPOB,  HHTEPIPETAHI0  TOJYYEHHBIX  JAaHHBIX ©W  (OpMHUpOBaHUE
MPOM3BOACTBEHHOTO pelreHusl. Ha mpakTike OHM TECHO CBsI3aHBI MEXIy cO00, U KadyecTBO padOTHI
CHUCTEMbI 3aBUCHUT OT COINIACOBAHHOCTU BCEX DTUX 3TAIIOB. I[ance TOYHAasA MOZACJIb pacCliOo3HaBaHHA HE
pelraeT 3aavy, eCiid H3MEepUTENbHBIA TPOIecC HeCTaOUIIeH WIIH, €CTIH PEUIeHHE TIPUXOANT CIUIIKOM
MTO3/THO JIJIs1 BO3ICHCTBHS Ha TIPOIIECC.

B CcOBpeMEHHBIX CHCTEMax KOHTPOJS TaKKe BaXKHa CBSA3b AITOPUTMUYECKOIO YPOBHS C
TEXHOJIOTMYCCKUM KOHTYPOM IIPOU3BOJCTBA. MO,HCJ'IB JOJIKHa HE TOJIBKO BBIABIATH ):[e(beKT HJIN
OIICHMBATh TapaMeTp MOKPHITHS, HO W YYHTHIBATh KOHTEKCT H3MEPEHHUS: THUI HW3JENHS, CTaIHI0
TEXHOJIOTHYECKOTO MPOIIecca, PeKUM HAHECEHUS, UICTOPUIO HACTPOMKH 000y IOBaHMS U JIOTTYCTUMBIC
npeaeabl OTKIOHEHHW. B Takoll NMOCTaHOBKE allCOPUTM CTAHOBUTCA YAaCThIO CUCTEMBI MOJAJEPKKU
MPUHATUS pEIIeHWH, THe pe3ylbTaT aHaiu3a WCIONB3yeTcs Ui JIOKAIbHOH OTOpPaKOBKH,
MIEPEHACTPONKN peKMMa HAHECEHHWs, Ha3HAYEHHWs IMOBTOPHOTO KOHTPOIS WM TepeAadd IaHHBIX B
IMPOU3BOJICTBCHHYIO aHAJIUTHUKY.

ApXMTeKTYpHbI€ MOAX0IbI K NPOEKTUPOBAHUIO CHCTEMBI

Ha npakTike ucnoabp3yl0TCsl HECKOJIBKO CXEM ITOCTPOCHHUSI CUCTEM KOHTPOJIS HOKphITHHA. K HUM
OTHOCSITCSI aBTOHOMHBIE ITOCTKOHTPOJIbHBIE CTAHIIMH, BCTPOEHHBIE CPEJICTBA KOHTPOJIA B JIMHUU H
MYJBTUMOJIANIbHBIE CHCTEMBI C HEPAPXUUECKUM MPUHITHEM PELICHHUS.

ABTOHOMHAsl IOCTKOHTPOJIbHAs CTaHIUS pPa3MEIAeTCcsl IOCIE€ HAHECEHUS MOKPBITUS U
OpUEHTUPOBaHA Ha OTOPAKOBKY WJIM COPTHPOBKY TOTOBBIX u3aenuid. Ee cunbHas cropona —
OTHOCHUTENIbHAsI MPOCTOTa MHTETPAMM W BO3MOXXHOCTH HCIOJIB30BAaTh OO0Jiee CIOXKHBIE CEHCOPHI,
MOCKOJIbKY M3MEPEHHE BBIHECEHO 3a TMpeneibl KPUTHUYECKOTrO TEXHOJIOTMUYECKOro Ipolecca.
HepmoctaTok cOCTOUT B TOM, UTO CHCTEMA BBIBIISIET Ae(DEKT yrKe MOCiIe ero BOSHUKHOBEHHSI M HE BCETr/1a
M03BOJISIET CKOPPEKTHPOBATh MPOIIECC B peaibHOM BpemenH [1, 21].

BerpoeHHBIH KOHTPOJIb NpeAIosaraeT pa3MelleHHEe CEHCOPOB HENOCPEICTBEHHO B JIMHUU, a
pelIeHNe TPUHUMAETCS] CHHXPOHHO C ABIDKEHUEM M3aenus. Takol MoAXo/l XapaKTepeH i pyJIOHHBIX,
JIMCTOBBIX, TPAaHCIOPTHBIX M POOOTHU3UPOBAHHBIX TPOIIECCOB HaHeceHHs MOKpbitusi. OH Tpedyer
BBICOKOH YCTOWYMBOCTH K BHOpamusM, W3MEHEHHIO OCBEIICHHOCTH, 3arpsA3HEHUIO ONTHKU W
OrpaHUYEHMSIM TI0 BpeMEHU OTKIHKa [1, 6]. BcTpoeHHBIH KOHTPOJIE 0COOEHHO 3(QeKTHBEH TOraa,
KOIZla pe3ylbTaT HM3MEPEHUs] MOXKET WCIOIb30BaThcd JUIA ONEpPaTHUBHOM KOPPEKIMH pexuMa
paclbplUIeHHs, CKOPOCTH IIOAAayH, TEMIIEpaTypbl, PacCTOSHUS [0 IIOBEPXHOCTH WM JPYTUX
TEXHOJIOTMUYECKUX [TapaMETPOB.

MynbpTrMOaNbHasT CUCTEMa C HEepapXMYeCKHM HPUHATUEM PEIICHHs HCIOJB3YET OBICTpHIH
KaHaJ IMUPOKOTo 0030pa, KaK MPaBUIIO ONTUIECKHUH, IS BBIOIHEHNS IEPBHYHOTO CKPHHUHTA, a OoIee
JOpOTME€ WIM MEJJICHHblE KaHajlbl BKJIIOYAIOTCS BbIOOPOYHO JUIS YTOUHSIOIIEIO aHajIu3a
MOJO3pUTENbHBIX obOnacteil. [logoOHass apXHTEKTypa XOpOLIO COrjacyercss C COBPEMEHHBIMHU
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TEHJCHIIUAMU HHTEIUICKTYalbHOTO MPOU3BOJCTBA, IJ¢ BAXHBI U MPOU3BOJUTEIBHOCTh, U TIIyOWHA
anammsza [1, 7]. Mepapxwdecknii TOAXOX TMO3BOJMSET YMEHBIIUTH BBIYUCIUTENHHYIO HArpy3Ky H
CTOMMOCTH BIIQJICHUS CHICTEMOM, OJTHOBPEMEHHO COXPaHssl BRICOKYIO HH(POPMAaTHBHOCTH KOHTPOJIS.

I[lo cTpykType Takas cucTeMa OOBIYHO BKIIIOYACT CCHCOPHBIH YpOBEHb, CPEICTBA
MPOMBIIIUIGHHOTO c0OOpa [aHHBIX, BBIYHCIUTENBHBI YpPOBEHbh Ha TNepUPEpPUUHBIX Yy37aX HIH
npomMblnuieHHBIX [IK U ypoBeHb MHTErpalyy ¢ OCTalbHOW MPOU3BOACTBEHHOU cucteMoi. IIpu aToM
JTAHHBIE KOHTPOJIS UCTIOIB3YIOTCS HE TOJIBKO JUISI JIOKAIbHOTO PEIICHUSI O TOAHOCTH U3ICIUS, HO U IS
aHaJM3a TNPUYMH BO3HUKHOBEHMS Je(DEKTOB, HACTPOWKM OOOPYJOBaHMS W  HAKOIUICHUS
MIPOM3BOACTBEHHOM CTaTHCTHKH [1].

OFpaHI/l'leHI/lﬂ " aKTyaJIbHbIC HAIIPABJICHUA PAa3BUTHUHA

OcCHOBHOE OrpaHUYeHUE HOCUT (PU3NUECKUH XapaKTep: pa3Hble TUIIBI MOKPBITHI U JeEKTOB I0-
Pa3HOMY B3aHMOJICHCTBYIOT CO CBETOM, TEIUIOM, 3JEKTPOMArHUTHBIM II0JIEM M PAa3THYHBIMU BHIAMH
m3nydenns. [loaromy meton, >ddekTuBHBIN M1 MPO3PavyHBIX MHOTOCIOHHBIX TOKPBITHH, MOXET
OKa3aTbCs MaTOMH(GOPMATUBHBIM JJIsl CHJIBHO PACCEHMBAIOUIMX HIM TPOBOAALIMX TIOBEPXHOCTEH
[13-20]. He meHblliee 3HaueHHE MMEIOT W TPOU3BOJCTBCHHBIC YCIOBHS: 3arpsi3HEHHE, BUOpALWH,
HecTaOMIIbHAS TEOMETPHS W3/ENHs, BBICOKAs CKOPOCTh JIMHUM M M3MEHYMBOCTh MAPTHH CHIDKAIOT
YCTOMYMBOCTH PELICHUH, KOTOPHIC B TA00OPAaTOPHH TIOKA3BIBAIOT XOPOIINE PE3YIbTaTHI.

OtnenbHbIe TPYAHOCTU CBSI3aHBI C JAHHBIMA M airopuTtMamu. [lJiss MOKPBITHH XapaKTepHBI
penkue neQeKThl, BBIPaAKCHHBIH AHMCOANaHC KJIACCOB M OTPaHWYEHHBIE BO3MOXKHOCTH pPa3METKH,
H03TOMY OOY4YCHHE MOJHOCTBIO KOHTPOJIUPYEMBIX MOJEeH OKa3blBaeTCs 3aTPYAHHTEIbHBIM [2, 5].
Kpome Toro, mpou3BOACTBY TpeOYIOTCS HE TOJIBKO TOYHOCTh, HO M OOBSICHUMOCTB: ONEpaTopy M
TEXHOJIOTY Ba)KHO IIOHUMATh, II0YEMY YIaCTOK MPU3HAH Ae()EKTHBIM U ¢ KaKUM (H3NIECKIM (hakTopom
3TO MOXeT ObITh CBsi3aHO. [lo 3TOW mpuumHEe BCE OONBIIMI MHTEpEC NMPEICTABISIOT T'MOpHIHBIC
MOJIXOJbI, B KOTOPBIX (PU3MUECKAsl MOJICIb CUTHANA COYETAETCS C METOJaMU MAallMHHOTO OOyYCHHSI.
Kpome Toro, Bo3pactaeT poiib MyJIbTHMOJAIBHBIX CUCTEM, OOBEIUHSIONUX BU3YyAIbHBIC JaHHBIE C
uH(OpMaIreil 0 TOJIIUHE, COCTABE U MOAMOBEPXHOCTHOM CTPYKType mokpeiTus [1, 7, 18].

B mocneanue roapl pa3BUTHE B 3TOW OOJIACTU CBSI3aHO TPEXKIE BCETO C MYJIbTHCEHCOPHBIMHU
pEIIeHUsIMU, METOJaMH PabdOThl HA MaJbIX BHIOOPKAX W BKIIOUYEHHEM KOHTPOJII B OOMIMH KOHTYp
yIpaBieHus: npou3BoacTBoM [1, 2, 5]. B pesynbrate cucrema KOHTpPOJIS BCE yalle MCHOJBb3YeTCs He
TOJBKO JUIi OTOPAaKOBKHM W3JENUH, HO W JUIA aHalIuW3a NPUYMH Je(PEeKTOB M KOPPEKTHPOBKH
TEXHOJIOTHYECKOr0 Ipolecca.

3akiIoueHne

IIpoekTHpOBaHKE CHCTEMBI KOHTPOJISI KAUECTBA MOKPBITHH M3/1€Iui TpeOyeT COBMECTHOTO yueTa
(GU3NYECKUX TPUHIMIIOB HM3MEPEHUs,, OCOOCHHOCTeW Je(eKTOB, METOJOB OOpabOTKH NAHHBIX U
OTpaHUYEHUI IPOU3BOJCTBEHHOM cpenbl. KOHTPOIb MOKPBITHH BKIOYAET HE TOJBKO IMOUCK BUAUMBIX
MOBEPXHOCTHBIX HAapyIIEHUH, HO W OLIEHKY TOJIIINHBI, PaBHOMEPHOCTH CJIOs, €r0 BHYTPEHHEH
CTPYKTYpBI U TIPH3HAKOB, CBSI3aHHBIX C SKCIUTyaTallMOHHOW HaJaeHOCThIO [6, 13-22]. TToaTomy mus
TaKMX 33/1a4 0COOEHHO BOCTPEOOBaHBI HEKOHTAKTHBIE W HEpa3pyLIAOIINe METOIBI aHATN3A.

Ha mnpaktuke onTuueckoe MAaIIWHHOE 3pEHHE OCTAETCSl OCHOBHBIM CPEACTBOM OBICTPOTO
KOHTpOJIsI BHemIHUX aedekToB. B To xe Bpems meronsl OKT, TeparepuoBoi, TepMorpaduiecKon,
BHUXPETOKOBOH, PEHTT€HO(IIyOPECIIEHTHON 1 Ja3€PHO-CIIEKTPOCKOMUYECKON JUarHOCTHUKHU TTO3BOJISIOT
MOJy4aTh JaHHbIE O TOJIIWHE, CTPYKTYpe M cocTaBe MOoKpbiTus. C yderoM 3TOro HambOoiee
pauroOHANbHBIM JJISi MPOMBIIUICHHOCTU SIBJISIETCS HWCIIOJIb30BaHHE KOMOMHHMPOBAHHBIX CHCTEM, B
KOTOPBIX pa3Hble METO/bI JOTIOIHIIOT APYT Apyra U paboTaroT B 00IIEeM ITPOM3BOACTBEHHOM KOHTYpE.
B TakoM momxoje KOHTPOJb CIYy)KUT HE TOJNBKO JUI BBIIBICHHA Opaka, HO M KaKk WHCTPYMEHT
MOBBIIIEHNS YCTONYMBOCTH CaMOT'0 TEXHOJIOTHYECKOTO MpOLECca.
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APPROACHES TO DESIGNING A QUALITY CONTROL SYSTEM FOR COATING
PRODUCTS

IU. S. IAKOVLEV, IU. V. BRUTTAN

Abstract. The article discusses approaches to the design of coating quality control systems for
industrial applications. The focus is on non-contact and non-destructive methods, including machine
vision, optical, eddy-current, thermographic, and spectral control tools. It is shown that the
effectiveness of such systems depends not only on the chosen measurement method, but also on how
well the system is integrated into the production process.

Keywords: coating quality control, nondestructive testing, non-contact methods, machine vision,
optical coherence tomography, terahertz inspection, active thermography, multi-sensor systems.
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AnHoTanus. BrIoigHeH 0030p BapHaHTOB UCIIOJIb30BAHUS MPOTOTHIIA MTOJCHCTEMbI CETMEHTAIIUU
M300paKeHHU TOJNOBBI OT ()OHA B COCTaBE ICHTPAJIM3OBAHHOW CHCTEMBI BUICOAHAIUTHUKU C
ucnons3oBanueM BIUIA. TlpennoxkeH anropuTM CerMeHTAaIlWd, WCIIONB3YIOMHN MOIUPHKAIHIO
HelpoceTeBOl apXuTeKTypbl. [loka3aHo, 9TO aidroputM paboTaeT 3HAYUTETHHO OBICTpee U
3¢ exTHBHEE, YeM JIYUIINe W3BECTHHIC aTOPUTMBI CETMEHTAIIMN M CTaHIApTHBIC HEHPOCCTEBEIC
APXUTEKTYPHI.

Knrouesvie cnosa: ceMaHTHYECKas CerMEHTaIWs, BHAcoaHanuthka, BIIJIA, aucTaHmuoHHOE
30HIUPOBAHUE.

Beenenue

MOHUTOPUHT OOIIECTBEHHOH 0€30MacHOCTH MpEeIoyiaraeT HajJudhe TOYHOH U ONEepaTHBHO
oOHOBIIIEeMOl wWHpopMalmu 00 o0bekTax HWHOPACTPYKTYpel. B Hacrosmiee BpemMs CHCTEMBI
ABTOMATHYECKON BHJICOAHATUTUKHU JIOCTATOYHO PACHPOCTPAaHEHBI B MUpE, JHJICPOM MO KOJMYECTBY
KaMep BUJICOHAOIIOJICHUS siBisieTcst Kurtail, ocylecTBUBIINI TEOPETUIECKH TIOIHOE MOKPHITHE BCEX
KPYIHBIX TOPOJOB KaMmepaMy BHUICOPETUCTPALIMU C MPOABHHYTOH CHCTEMOH BHJICOAHAIUTHKH,
ucnonb3yroniel naeatudukanuio mo FacelD u ObICTpEI MOWCK N0 eAuHON 0a3e MaHHBIX B 1 MIp/.
3anuceil. Hanpumep, cucremsr Hikvision iVMS-5200 (KuTaii) 1 QVR Pro (TaiiBansb).

OnHuM U3 JTHIEPOB MO BHeApeHHI0 BujcoHaOmoneHuss B DAS (Domain Awareness System)
CHCTEMBI OTJIENIbHBIX MEraIoicoB AJisi o0ecredeHus oomecTBeHHol Oe3onacHocTy sBisrores: CLIA.
Hwke nepeunciiensl HekoTopsie u3 Hux: VIDEOMA INTELION, Milesight VMS Enterprise, Rhombus
physical security platform, On-Net Surveillance Systems, Cisco MerakiMV Smart Cameras, Arcules
Platform, VisionPoint, Verkada Video Surveillance & Management.

TpeTbe MEcTo 10 KOJUYECTBY KaMep BHICOPETUCTPALIMHU IPHUHAIISKUT MOCKBE C HHTETpaluen
B CHUCTEMY paclo3HaBaHUS JIMI] M WJICHTHPUKAIMKA TpecTyMHUKOB. OCHOBHBIE pa3pabOTUYUKH
HeoOxomumbIx ¢yHkuuii — Ntechlab (momck nmma B kagpe — aerekTupoBaHue), Visionlabs-Coep
(pacnoznaBanue) u Tevian (naeHTHUHUKaLUsA — cBepka ¢ 6a3amu ganHbiX) nwin Cdepa (nmpu padore Ha
TPaAHCIIOPTE).

O6paboTka BHUICOMAHHBIX B CHCTEMax BHJICOHAONIOJCHHS TIO3BOJIIET PACIIUPUTh WX
(GyHKUMOHAIBHOCTE. PematoTcs creayromue 3agaud: JCTEKUMS I[EMIEXO/A0B; JHIl JIIOACH C
MOCJIeTYIOIIeH naeHTH(OUKAITEH; aBTOMOOMIICH; HOMEPHBIX 3HAKOB aBTOMOOMIICH M HOMEPOB BaroHOB
II0€3/10B C IIOCJICAYIOIINM PAclIO3HaBAHUEM; I€TEKIIMS OCTAaBICHHBIX 0€3 IPUCMOTpa BelleH; CIexKeHUe
3a OOBEKTOM, B TOM YHWCJIE U C HCIOJB30BAHHUEM IOBOPOTHBIX KaMep MM KaMmep OpOHa, C
ABTOMATHYECKUM YIPABJICHUEM; aHAIN3 TUIOTHOCTH CKOIUICHHS JIIOJIEH M aBTOMOOHIBLHOTO Tpaduka,
nojcueT 00BbEKTOB UHTEpECa; LelICyKa3aHue.

Perenune xaxxaoi n3 mepevnciIeHHbIX 3a1a9 TpeOyeT KOMIUIEKCHOTO MOX0/a,  BKIIOYAET Pl
noja3ajad: IpeABapUTeNbHas 00paboTka KaIpoB BUACOINOTOKA; BBIACICHUE OONacTell IBUKEHUS,
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BBIYMCJICHHUE ONITUYECKOTO MOTOKA; MOIaBIICHUE TPACKK KaMepsbl (antishake); netekmust 00beKTOB (JIHIL,
JoIel, aBTOMOOMIICH | T.1.); CISKEHHE 32 00BEKTOM (TPEKUHT); HASHTH(OUKAITNSA 00BHEKTA.

BaxxHBIM mMmapaMeTpoM alrOpUTMOB OOpaOOTKM BHUAEOJAHHBIX, HCIIONB3YEMBIX B 3agadax
BUJICOHAOITIOICHYIS, SIBIIICTCS UX BBIYMCIUTENbHAS CIIOXKHOCTH, TaK Kak 00pabOTKa JaHHBIX B TAKUX
CHCTEeMax BeIETCS B peallbHOM MaciiTtade BpeMeHu. [loaToMy, BaXHOW XapaKTepUCTUKOM alTOPUTMOB
SIBIISIETCS] BO3MOXXHOCTh (DYHKIIMOHUPOBAHHS HA HEIOPOTOM 000PYIOBAaHUH BCTPOSHHBIX CHCTEM.

Jlnst peanu3anuu OBICTPOTO PACIO3HABAHUS JIAIl B CUCTEMaX BUICOHAOIIOACHUS TIPUMEHSIOTCS
pa3juuHbIC MOAXOJbI K XPAHCHUIO JAHHBIX M WICHTU(DUKAIMH: HCIOJIB30BAaHUE CIUHOTO IICHTpPA
06pabotkn mauubIX (I1O/]) wim mowck B JOKaJIBHOW 0a3e MaHHBIX (JTOKAIbHBIC CHCTEMBI XpaHEHUS
JTAHHBIX, HAMIPSIMYIO TTOAKIIOUEHHBIE K cepBepaM iIsi 00paOOTKH BHIEOTIOTOKOB B PEATbHOM BPEMEHH
¢ wucnons3oBanuem HMU-anroputmoB aHanmu3za). llpu WCMONB30BaHUM JIOKAJIBHBIX 0a3 JTaHHBIX
MUHUMH3UPYIOTCS BPEMEHHBIE TIOTEPH Ha CETEeBbIE KOMMYHHKAIIMM M BO3PAacTaeT aBTOHOMHOCTH
CHUCTEM BHJCOAHAINTUKH, YTO BaXHO B cepe Oe30MacHOCTH Ha TPAaHCIOPTE W TOPTOBIE, B
pacrpenesicHHON CHCTeMe aBTOMATU3UPOBAHHOTO TTOTPAHUYHOT'O KOHTPOJIS.

BapHaHTBI Pa3sBePTBIBAHUSA

BuneoananuTrka co CTallMOHAPHBIX KaMep HE crocoOHA 00eCTeunTh OTCYTCTBUE CIICTIBIX 30H
1pY KOHTpoJie 0€30MacHOCTH, MOPTOMY YacTO UCIOIB3YIOT IPOHBI, KOTOPBIE MOTYT MaHEBPHPOBATh U
TPaHCIMPOBaTb BUAEONOTOK ¢ kKamep FHD 1no paauokaHally ¢ JOCTaTOYHOM IPOITYCKHOM
criocobHOCTRIO  [lamme, paccMOTpHUM  JBa BapHaHTa pPa3BepPTHIBAHWUSA MOOWIBHBIX  CHCTEM
BUJICOHAONIONCHUS C TPUMEHEHHEM OECHIIOTHOro JerateiapHoro ammapata (BIUJIA) w
WCTIOJIb30BaHUEM TTOJICUCTEMBI cerMeHTanuu. O0a OHM TPOMITFOCTPUPOBAHBI Ha puC. 1

[lepBpIii BapmaHT MJII CHCTEM C IIEHTPATU30BaHHON 00paboTkoil. OCHOBHBIE CHCTEMBI
BUJICOAHAIMTHKY C IIEHTPAJIM30BaHHON 00pabOTKOM, KOTOPHIE HHTETPUPOBAHKI C IPOHAMH CIIETYOIINE:
Face-Six, koropas quaupyer B uaeHtudukamuu, DJI Analytics yHuBepcaeH 1o pemaeMbiM 3aiauam,
TRASSIR, Dedrone [1-6]. BumeonoTok OT apoHa mepeaaércs B 00JauHbINA/BEIYUCTUTENBHBIN TIEHTD,
I7Ie BHIMONHSETCS MONMHOGYHKIIMOHAbHAS 00paboTka: crabwmmsanus, nerekuus mul (YOLOvVE u
Oosiee pecypcoeMKHE HEWPOCETeBBIE ApXUTEKTYpPbI), CETMEHTAIMs, TPEKHHI, KaJuOpOBKa Kamep,
cTepeocornocraBieHne, 3-D-pekoHcTpykius 1 uaeHTuduKamnus. Takoil moaxoxa obecnieunBaer Ooee
BBICOKYIO TOYHOCTh W TIOJMHOTY aHaiW3a, HO TpeOyeT CTaOMIBbHOW CETeBOW CBS3M U OOJIBIINX
BBIUMCIIATEIBHBIX pecypcoB. CeTeBble 3aepKKH U MPOITyCKHas CHOCOOHOCTD OCTAOTCSI KPUTUIHBIMHU
OrpaHHYEHUSIMH, 0COOCHHO Ipu ucnoib3oBaHuu 4G/LTE; 5G noka HeOCTYIICH B HEKOTOPBIX pErMoHax

OgHuM W3 BapHAHTOB HCIIONB30BAHUS IOJCHCTEMBl CETMEHTAIlMM JIMIa 4YeJOBeKa Ha
¢dororpadusix u BoccranoBieHus 3D monenu s nmocneayomieit uaentudukanuu mo FacelD seusercs
OTIMCAHHBINM BBINIE CIIOCOO TPAHCISIMU C JAPOHA BHJCONOTOKA B BBHICOKOM DPa3pelieHHH Ha CepBep,
o0ragaromuii  He0OOXOIUMBIMHU  BBIYHUCIIUTENILHBIMA BO3MOXHOCTSAMHU JIJISL CIOXHOH 00paboTkn U
aHamM3a BUAEO B peaJbHOM BpeMeHH. llpu aHanM3e OCHOBHOM —ammapaTHO-POrpaMMHON
MHQPACTPYKTYpBl NpeIaraéMoro BapHaHTa WCIOJIB30BAHMS TOJCHUCTEMBI CEIMEHTALlMU B COCTaBe
CUCTEMBI IICHTPAIM30BAaHHOW BWJICOAHAIMTUKH, CIEAYyeT OOpaTUTh BHUMAaHWE HA HCIOJb3yeMble
KOJIEKH C)KaTHs, BapUaHTHl OPraHM3alM{ pajuoKaHaja M KOMMYHHMKALMOHHOW CETH AJsl meperaydu
BUJIEONIOTOKA C JAPOHA Ha cepBep. B 0AHOM U3 CTaHIApTOB, pErVIAMEHTHPYIOIIUX MPOLECC Nepeaadn
BHUJICOMIOTOKA C JPOHOB BOCHHOTO Ha3HAuYCHUs orpeaessitoTes ypoBuu cxkarust MISM-LOH/L10H must
Full HD u3o6paskenwuii paBabie coorBeTcTBenHo 80:1 1 20:1. Kameps! JpOHOB MMOIYYat0T H300pakeHe
Full HD 1920x1080x(50p) u 1920x1080x(30p). [ns cokpamieHHs TpeOOBaHWH K paJnOKaHATy
MPUMEHSIOTCS YPOBHH cxkaTust u3 crangapta MISM-L10H u 10-pa3psaHoe npecTaBieHue A1 OTHOTO
MUKCENs, Tak Juis mepemaun Bupeomoroka Full HD 1920x1080x(30p) TpebyeTcss mpoIyCcKHAs
criocobHocTh 50 MOHWT/C, a MUHUMANBHBIA KaHal HEOOXOJMMEBIM &JIs Tiepeladd BHJICOMOTOKA,
nexonupyemoro npu nmomoru MPEG-2 co crenensto cxatust ot 5 1o 10 cocrasiser ot 34 mo 100
Mout/c. Cxxatue notoka Full HD ¢ koadduiuenramu 1o 45:1 u 80:1 coorBeTcTBYeT ypoBHI0O MISM-
L9 cranpapra. Ilpu cxatum Ha ypoBHe MISM-LOH poctatoyno paanoluHuM C HpONMYCKHOMN
crocoOHocThI0 Beero 20 MOuT/c ansi mepedayd Takoro BHICONOTOKAa. B cranmapre ompeneneHbI
coJiepkaHue U GopMar JAHHBIX, TOIYYAEMbIX C paJapoB 0OHAPYKEHHS IBHKYIIUXCS Tesiel Ha (oHe
3emHoi moBepxHocTH (GMTI — Ground Moving Target Indicator). B 3aBucHMOCTH OT IPOIYCKHOM
CIOCOOHOCTH KaHaJOB CBSI3M ONMUCAaHHBIA B cTaHgapte ¢opmar GMTI mo3Bomser mepenaTb TONBKO
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WHGOPMAITUIO O JBIXKYIIUXCS LESIX 00 €Ille U COMyTCTBYIONINE PaIHOIOKAIMOHHBIC N300payKEeHUS
BbICOKOTO pazpemenus (puc.l) [5]. Jannable TpaHCIHPYIOTCA MakeTamMu pasmepoM 65535 Oaiit, 4uto
MO3BOJISIET Tepenats nHpopMarmio o 80 OTMETKax Ielled W WX TPACKTOPHAX, COMPOBOKIAEMBIX C
BBICOKMM paspernieHreM, win o 4300 meisx u uxX TpaccaX, CONPOBOKAAEMBIX B OOBIYHOM PEKUME.
Bcero Ha OopTy ApoHa MOXeT OBITH 256 MCTOYHHWKOB JAHHBIX (OCHOBHBIX M BCIIOMOTATENBHBIX) U
TeHepHUpPOBaTh OHU MOTYT JaHHBIC PA3IMYHBIX TUTIOB:64 ceHCcopsl, (hopMupyromre n300pakeHne, TaK
)K€ JIaHHBIe OT APYTruX OOPTOBBIX JATYMKOB: HABUTAIIMOHHOTO O0OpYIOBaHMS, OOPTOBBIX CHCTEM
VIPaBICHHUS. U CHCTEMBI YIPABICHHS BHICOKAMEPOil Ha OOpPTYy IpoHA. YUYUTHIBas MUPOBOU OIBIT HA
0opTy apoHa 5¢¢EKTHBHO HCIOIB30BaTh BHACOKAMEPHl BBICOKOW HYETKOCTH C MPOTPECCHBHOI
pa3BepTKOM W KBaapaTHOW ¢opmoii mmkcens, Hampumep, Full HD 1920x1080%(50p), 4TroObl He
3arpyXxarb IS TMEPECHUIKM BHUCOMOTOKA PaJAMOKAHAN, WMCIOIIUN OTrpaHHYCHHYIO TMPOIYCKHYIO
CITOCOOHOCTB, IIeJIecO000pa3HO CXKUMATh BHIICO W UCIIONIB30BaTh KO (PHUITMEHTHI CKATH U3 CTaHAapTa
cooTBeTcTByIOImHUe ypoBHsM MISM-LIH/L10H.

Boprosas nnatdopma © cHETaMOH adanyaa

Boproews Mpep- PHHanEHaA AHONKE
CEHOOpR obpafoma obpabomka HIDGEOHEHKRA

f - ,D,DHHH-:' BECOKOIT pOSpell eHMA

3anpoc cencopoe - OnpepeneHis peckivos paboTe Oa
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HO CECTyHHBOHHE Pt ¥ anankza MTI
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Puc. 1. ApxurekTypa cUCTeMBI lepeiaun JaHHbIX 00 00beKTax MHTepeca ¢ IpoHa

B yCIIOBHSIX OrpaHHYCHHON MPOITYCKHON CIIOCOOHOCTH pajiiOKaHajga B MOOWJIBHBIX CHCTEMaXx
HaOJIIOIeHNS Ha MPaKTHKE Nepeada BUICONOTOKa HEBO3MOXKHA Oe3 cxkatus. [l cokaThs OTAEIbHBIX
KaJIpOB M3 KOTOPBIX W COCTOHMT BHJICONOTOK B HACTOSIIEE BPEMs IIHMPOKO HCIOJIB3YIOTCS KOJCKH
craugaptoB JPEG (Joint Photographic Experts Group), JPEG2000, ocHOBaHHBIE Ha alrOPUTMax
SHTpONMIHOrO Koguposanus Xapdmana u apupmernueckoro; cranaaproB GIF (Graphics Interchange
Format), TIFF (Tagged Image File Format), ocHoBanHbie Ha anroputme LZW (Lempel-Ziv-Welch);
meronasl u anroputMel RLE (Run Length Encoding), LZ (Lempel-Ziv), ycpennenHoro 0:109HOrO
xomupoBanus, EZW (Embedded Zerotrees of Wavelet transforms), SPIHT (Set Partitioning In
Hierarchical Trees), SPECK (Set Partitioned Embedded bloCK) u psix npyrux [6]. OgHako 3TH KOJIEKH,
METOJbl M aJrOPUTMbI OPHEHTHPOBAHBI, KaK MPABUJIO, HA CKaTHE OTICIbHBIX H300paKEHUH,
YUYHUTBIBAIOT TOJIBKO KOJIOBYIO, MEXKIIEMEHTHYIO H30BITOYHOCTh

Korzia nmeem €710 ¢ BUICONIOTOKOM HCHOJIB3YIOTCS KOJEPHI, KOTOPbIE MOTYT paboTaTh B ABYX
OCHOBHBIX PEXKHMax: BHYTPHUKAJPOBOIO M MEKKAJPOBOrO IMPOTHO3UPOBAHUS. BHYTpHKaIpOBOE
OPOTHO3MPOBAHWE  KCIONB3YeTCsl Ul KOMUPOBAHMS ~ OMOPHBIX  KaapoB.  MeXKaapoBoe
NPOTHO3MPOBAHKUE OCHOBAHO Ha OJIOUHOI KOMITIEHCAIMH ABMYKESHHS U UCTIOIB3YeTCs I (POPMUPOBAHUS
NPOTHO3HBIX KaJpOB HAa OCHOBE OIMOPHBIX KaJPOB WM JIPYTHX IPOTHO3HBIX KaapoB. Buaeonekoxep,
OCYIIECTBIISIET 00paTHOE MPeodpa3oBaHe U CriaKMBaHHE 3HAYCHHI BOCCTAHOBJICHHBIX MUKCEJICH Ha
rpaHuIax OJOKOB Ul BBIYMCIICHHS OIIMOKM MPOTHO3MPOBAHMS, TOCIEIYIOIIEr0 €e KOAWPOBAHUS H

nepeaaud. OcHoBHBIE oThnuuus kojekoB MPEG-4, H.264, H.265 3akmiouaioTcs B HCIONB30BAHUU

pa3IMuHBIX MpeoOpa3oBaHUi W JAMaNa30HaX W3MEHEHHs pa3MepoB OyokoB. B Bumeoxomeke MPEG-4
MIPUMEHSETCST TUCKPETHOE KOCHHYCHOE TIpeoOpazoBanue. Buaecokomek H.264 ucmonb3yeTr THCKPETHOE
BeliBneT-ipeoOpa3oBanue. B Bumeokoneke H.265 cymiecTBeHHO pacIIMpeH AHMANa3oH W3MEHEHUS
paszMepoB OJIOKOB TIpH OJIOYHOM KOMIICHCAIMH ABMXKEHUS. [Ipy MUKCENbHONW KOMITEHCAITUH JIBUXKCHHUS,
npumensiemoit B MPEG-2, MPEG-4, H.264, H.265 nporuo3usiii kaap GOpMUPYETCS B pE3yJIbTaTe

24



CMEIICHUSI BCEX IIHMKCENIeH ONMOPHOTO Kajpa Ha OJWHAKOBYH BelW4uHy [7]. DTO MO3BOJISET
KOMITEHCHPOBATh MIOBOPOT, TAHT' XK M CMEIICHHUE.

JlaHHBIE TIEpENAOTCS IO PAJUOJIMHUM IMAaKeTaMH W JUIS KaXJIOTO TAaKeTa BBIYUCIAETCS
koHTpoJibHas cymMmma CRC. B 30HaxX NMOKPBITHS COTOBOM CBSI3bI0 MCIIOJIB3YETCS MOOMIIbHAS CeTh. Ecmu
HET YCTOWYMBOTO TMOKPBITHS MOOMIBHON CBSI3bIO, TO UCTIONB3YIOTCS CICIIHATBHBIC PATUOCETH B TOM
yuciie ¢ perpancTiasTopamu Ha O6a3e BIIJIA oGecrneunBaromme HafexXHYIO Tepeaady HH()OpPMAannuu ¢
BEPOATHOCTHIO OIMOKH Ha ypoBHe 0T 1077 10 10 %, uto ms FullHD kaapa paBHO OJHOMY ITHKCEJNIO Ha
kajp. Jnst cirydasi BOSHUKHOBEHUS OIIMOOK TPUMEHSETCS TIOMEX0YCTONYNBOE KOAUPOBAHKE, KOTOPOMY
HeoOxoanma MUHUMYM 30 % W30BITOYHOCTH 3a CUET J00aBIeHUS CIyXeOHON nH(pOpMaIluu MpU
koaupoBanuu [8]. [lomexoycToWYHBOE KOMUPOBAHUE OOECIICYNBACT BOCCTAHOBIICHUE TepeIaBacMoit

HH(bOpMaHHH IIpU €€ UCKAKCHHUAX B KaHAJIC ICpCaavuu. Ecnu cxarue OPUCHTUPOBAHO HAa YMCHBIIICHUC

M30BITOYHOCTH TIepeaBaeMoll WHGOpPMAIK, TO ITOMEXOYCTOWYMBOE KOAWPOBAHHWE, HAO0OPOT,
OCHOBAaHO Ha BHECCHHMH B IepeJaBacMyr0 MH(OpMauuio H30BITOYHOCTH, MO3BOJAIOLIEH MPHUEMHON
CTOpPOHE OOHAPYXHUTh M HCIPABUTh OLIMOKW, BO3HHKAIOIIUE B KaHale mepeaadd. V30bITOYHOCTh B
nepeaaBaeMylo HHQOpMAIHIO, B IPOCTEHILIEM CIIydae, BHOCUTHCA 3a CUET J00aBICHUS IPOBEPOYHBIX U
KOPPEKTHUPYIOIIUX CHUMBOJIOB, 3HAYCHHMS KOTOPHIX BBIOMPAIOTCA B COOTBETCTBHU C alrOPUTMOM
MIOMEXOYCTOHYMBOTO KOAWPOBaHMS. B Ooyiee CIOXKHOM cllydae OCYIIECTBISIETCS MpeoOpa3oBaHHe
nepeaaBaeMoi HHGoOpMaluK. Pa3nuiHbie METOIBI TOMEXOYCTOWYMBOTO KOAUPOBAHUS 00ECIICUNBAIOT
Pa3INYHYI0 KOPPEKTHUPYIOUIYI0 CIIOCOOHOCTh WM PAa3IWYHYI0 H30BITOYHOCTH. B o0mem ciydae,
M30BITOYHOCTh yBEIMYUBACTCS MPONOPLHOHAIBHO YBEIMYCHHIO KOPPEKTHPYIOIIEH CHOCOOHOCTH.
[TosTOMY, TpH HCIONB30BAHUU TMOMEXOYCTOMYMBOTO KOJUPOBAHUS HEOOXOIAMMO IPEIyCMOTPETh
COOTBETCTBYIOIee yBeNUIeHNE Kod(hduUIlmeHTa ckaTus mpu 3PPEeKTUBHOM KOIUPOBAHUH JUIS TOTO,
9TOOBI COXPaHUTh TpeOyeMyl TMPOIyCKHYI0 CHOCOOHOCTh KaHama mnepemauu. Llmpokoe
pacrpocTpaHeHue Uil MMOMEXOYCTOHYMBOTO KOAMPOBaHHSA MoNy4dwian koasl Puma-Coxomona (s
00pBOBI C OIITMOKaMK BHYTPH MOYJICH ), TaOIMuHbIe HU3KOILIOTHBIC KObI (LDPC-Kk01b1, TO3BOJNISIONIINE
yCcKopuTh nekoaupoBanue), BUX-koer (7151 60pbOBI CO CIyYaifHBIME OMIMOKAMU) U X MOAU(DUKAIINN
[9]. [MHanee mnpuBemeHbl NpUMEpPbl TEXHOJIOTHWH, OOCCICUMBAIOIIMX Mepeaadyy BHICONATOKa
HE00XOMMOr0 KauecTBa, Tak Jijis Texnosnorun Wi-Fi, Hanpumep, ckopoctu nepenauu ot 1 ['6ut/c 1o
54 Mowurt/c npu paamyce 30HBI yBepeHHOro mpuema 300 M Ha oTKpbIToW MectHocTH [10] s
texHosornn WiMAX ckopocTs nepenaun 75 MOUT/c pu pajuyce 30Hbl yBEPEHHOTO IpHUeMa 25 KM
[10], a B MOOMIBHOM BepcHH CO CKOPOCTHIO 40 MOHT/C M MEHBIIUM PaTUyCOM 30HBI YBEPEHHOTO
npuema 5 kM. Ilpu ncnonb3oBanun cetu MoOunsHOHM cBsizu 4G(LTE) moxHo nepenasats Full HD
BUJICONOTOK C 3aJEPKKOM, ecnu mepenada uzaer mo cetu 5SG mepenava uaer Oe3 mays, HO ceTb 5G
MaccoBo pa3BepHyTa Tosbko B Kurae, CIIIA, FOxunoi Kopee, OAD u 80 ctpanax Asum, AMEpUKU U

Epponbl. IlepBblii BapuaHT HCHOJB30BAaHUSA C Pa3BEPTHIBAHUEM IIOJCHCTEMbI CETMEHTalUU

n300pakeHnH roJjoBel U BoccTaHOBIEeHUS 3D monenu ronossl B LIO/] u TpaHCIsIIMN KaueCTBEHHOTO
BHJIEOTIATOKA MTPAKTHUECKU pean3yeM ¢ OOIbIIei BepOSATHOCTHIO.

Bropoii BapmaHT pa3BepTHIBAaHUS TMOJCHUCTEMBI CETMEHTAIlMM M PAacMO3HABAHHUA JIUI[ BO
BCTPOCHHOM HCHOJHEHMH Ha ©0aze Raspberry Pi 5 wucnonesyromunii  crnenuaan3upoBaHHBIC
oOeryeHHbIe(KBaHTOBAaHHbIE) HEHPOHHBIE CETH AJsl AeTeKTHpoBaHus (HehponHas cetb YOLOv8n
KkBaHTOBaHHas1) W wuieHTH(uKanuu (FaceNet kBantoBanHas) coorBercTBeHHO [11]. B manHOM
WCIIOJIHEHUH BHJECONOTOK 0OpabaThiBaeTcss Ha OOPTY IpoHA, YTO MO3BOJISAET NPUHUMATH PELICHUS B
pearbHOM BPEMEHH JIaKe B YCIOBHSAX OTPaHUYEHHOH CBSA3M, COOTBETCTBEHHO HE TpeOyeTcCsl BBICOKas
MPOMYCKHAS CIIOCOOHOCTh CETH Iepenadyy NaHHBIX. BBIMoNHseMble BBHIYHCICHHUS HE TOJKHBI OBITh
TpeOoBaTEeNbHBI K pecypcaM U aJalTHPOBAHBI JUIA 3aIlyCKa Ha BCTPOCHBIX BBIYHCIUTENSAX, UTO JIETaeT
JAHHBIA BApUAHT KU3HECTIOCOOHBIM [T MOOMIIBHOTO MCTIOJIB30BAaHMS, HO C OTPaHUYEHHBIM Ka4eCTBOM
pacrmo3HaBaHus, M COOTBETCTBEHHO TAaKUMH K€ OTPaHMYECHUSMH IO MPHMEHEHUIo creHapueB 3D
MO/JICITUPOBAHNS FOJIOBBI UelIOBEKa ¥ MICHTU(UKAIIMN B peaIbHOM BpeMeHH. B Toxe BpeMst HeHpoHHBIE
cetn cemeiictBa YOLO B mocnenHee Bpems MpUOOpENH MOMYJSIPHOCTh CPEeOd pa3padOTUIMKOB U
JOMHMHUPYIOT B pEIIEHUSAX [UId JETEKTUPOBAHMS: YIYyYIIWIOCh BBIJEICHUE TPU3HAKOB U
pasHoMacIITaOHOe OOHapy)KeHHUE, MOSIBUIACh BO3MOXKHOCTh IIPUMEHEHUSI B aBTOHOMHOM BOXJIEHUH,
HaOmoaeHNM U B pobOoTorexHuke [12] UToObl permmTh 3agady HACHTHPHKAILMA HCIOJIb3YIOTCS
HEHpPOHHBIE CETH C HU3KOW BBIUMCIMTEIBHON CIIO)KHOCTBIO, KOMIIAKTHOE XPAaHWIMILE AAHHBIX, U
BBICOKYIO TOYHOCTh pacro3HaBaHus juil [13] mas u300pakeHHi ¢ W3MEHSIOMMMCS KauyeCTBOM NP
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HEeOIarompUATHBIX MOTOJHBIX YCIOBUSX. B crathe [14] ommcaHbl MyJNIbTUMOAAIBHBIE CHCTEMBI,
MCTIOJB3YIOIINE HECKOIBKO KAaHAJIOB JIISI BXOIHBIX TaHHBIX PA3TUIHON MTPUPOIBL.

ArmnmapatHo-TiporpaMMHasi  0a3a JUIsI BTOPOTO BapHWaHTa pa3BEPTHIBAHUS  IOJICHUCTEMBI
cerMeHTanuu. AmnmnapaTHas OCHOBA CHCTEMbI ¢ 00pabOTKOI BHIEO HEMOCPEICTBEHHO Ha BCTPOCHHON
cucteme Apona: Raspberry Pi 5 g BbIMONHEHHS BBIYUCIICHWH, KaMepa - UCTOYHHK BHJICOTIOTOKA.
OcHoBa TporpaMMHON dYacTH: KBaHTOBaHHas Iuia 3amycka Ha Raspberry Pi 5 HeliponHas cethb
YOLOVS8n, npeaaputenbHo 00y4ueHHas Ha Ha0ope qanHbix COCO i oOHapyKeHUs JINIA YeI0BeKa,
U Taxke KBaHToBaHHast HelpoceTh DeepFace (FaceNet) ans pacnosnaBaHus nuna U mowcka B Oase
JAHHBIX CYIIECTBYIOIIUX (OTO C HCIOIB30BAaHHEM METPHKH KOCHHYCHOTO moaobms. Kak moxHO
3aMETUTh B TPEVIOKEHHOM BapWaHTe pPa3BEPTHIBAHUA AaKTyalbHBIMH I TPAKTHIECKOTO
WCTIOJIBb30BaHUsI SIBJISFOTCS T€ METOZBI U QJTOPUTMBI JIETCKIIUU W HICHTH()HUKAIMY JIHIA YEIIOBEKa,
KOTOpBIE HEe TPEOYIOT OONBIINX BEIYUCIUTENEHBIX MOIITHOCTEH.

CTpyKTypa cucTeMbl BHI1€0AHATHUTUKH

CTpyKTypa CHCTEMbI BHICOAHAIUTHKH B KOTOPO MOTYT OBITH MCIIOJIB30BaHBI IpejiaracMbie
ANTOPUTMBI CErMEHTAIIMU TOJIOBBI YellOBeKa OT ()OHA ISl MOCIenyolei pekoHecTpykuy 3D Monenn
TOJIOBHI YEIIOBEKA B PeaJbHOM BpEMEHHU U pa3BepThiBanus BeraucieHui B [1O/] mpencrasiena Ha puc.2,
Tak Kak 3D MozennpoBaHue U MMOUCK HY>KHOT'O paKkypca UIsl ToTydeHHs (POTO BBIYUCIUTENBHO CII0KHBIC
3a7aui.
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Puc. 2. ApXuTeKTypa CUCTEMbI BHICOAHAINTHKH MPH Mepeade BUACOMOTOKa 00 00bEKTax HHTEpEca ¢ APOHA B
HEHTP 00pabOTKH JaHHBIX

bnox momydyeHus BHIEO MpeAHA3HAYeH JUIA IIOMYYEHHs I10CIEJOBATEIBHOCTH KaJlpOB
BUJICON300pakeHns. MICTOUHMKOM H300paKCHUSI MOXKET CIyXUTb JIF0OOW CTaHIapTHBIM HMCTOYHHK
BuyieonoToka (windows video device); Buneodaiin B popmare AVI; rpaduueckuii daiin B popmartax
PNG, JPG, BMP; TekcToBBIi daiii, cofepkaniuii cmucok (aitioB n300paxxeHui.

bnox mnpenBaputenbHOW 00paOOTKM M CTAOWIM3AIMU HM300paKEHUsS IMpeAHA3HA4YeH IS
YAYYIICHUs] KayecTBa MOCTYMAMONMX H300pakeHuil. B OCHOBe MaHHOTrO OJIOKa JIeKAT aarOPUTMBI
MeIuaHHO# (uibTparmu s yctpaHeHus myma. HeoO0XomIuMo ycTpaHeHHs BO3MOYXKHOTO JPOXKAHUSI
M300paKeHUsT BCIICACTBHE BUOpaLMii Kamepbl C MOMOINBI MYJIbTUMACIITA0HOrO aHanmu3a. biok
JETEKIMU JIUI] U TIOCIEAYIOIeH cerMeHTauuu OoT (oHa (BBIACIECHHS OKOHTYPEHHBIX OOBEKTOB) Ha
M300paKCHUH.

brox TpekWHra JMI, BBIYMCICHUE ONTHUYECKOTO IOTOKA IPEAHA3HAYECH ISl BBIYMCICHUS
obyacteil Ha M300paXEHHH, TJIe NMPHUCYTCTBYET BU3YaJbHOE JBW)KECHHE, BBIYHCISACTCS YCpPEIHCHHAs
CyMMa BEKTOPOB IOTOKa II0 BCeil 00macTH HHTEpeca, KOTOpas XapaKTepH3yeT TIo0anbHOe
HepeMeIeHNe MaTTepHa.

Bbnok kanuOpoBKM KaMep CHCTEMBI IIPEHA3HAYCH [UIsl BRIYUCICHHUS (PyHIaMEHTAILHON MaTPHUIIbI
npeoOpa3oBaHMs B COOTBETCTBHHM C SIUIOJISAPHONH reoMmeTpueld. B kadecTBe HMCXOAHBIX JaHHBIX
HCTIONB3YIOTCS TOUKH, yKa3aHHbIE ITOJIb30BaTENIEM BPYUIHYIO. BerancineHHas kannOpoBKa COXpaHIETCs
B (baiiyie ¥ MOXKeET ObITh MHOTOKPATHO HCIIOJB30BaHA, HO TOJBKO B TOM CiIydyae, €Clid He M3MEHHJIOCH
B3aMMHOE pacIojiokeHne kamep. KannOpoBka paccuuThIBaeTCs U KaKI0H KaMephl B CHCTEME.
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brok cTepeoconocrarienus GopMUpyeT Ha BBIXOJIE cTepeonuiia u ux 3D Mogenu u BBITIOTHSCT
UICHTU(GUKAINIO JTUI] HEMOCPEACTBEHHO 10 mX WX 3D MomenmsM, mu0O OIpeaenseT ONTHMAaTbHBINA
paKkypc mpeHa3Ha4YeHBIN U BBIOOpa HauboJee Ka4eCTBEHHOTO U300paKEHUS JIUIA C TOYKU 3PEHHUS
uaeHTuGUKanuu. s 3TOro aHAIM3HUPYIOTCS TMOKAa3aTeNId KadyecTBa JIMI[ KaK B MHOTOPAaKYPCHOM
JoMeHe (CTEPEOITUIIo), TaK U BO BPEMEHHOM JoMeHe (MCTOpHs HaOIIOMEHS 3a JIUIIOM).

MeToabl cerMeHTAIlMH JUIA YeJI0BeKa

MeToapl, npuMeHsIEeMBbIE 711 PELICHHUS 3a/1a4 CerMEHTAIlH, KITaCCU(PHUKAINN U UACHTU(DUKALHSL.
CermeHTanus JuLa 4eJI0BeKa OT (JOHA MOKET UCIOB30BATHCS B PA3TUUHBIX TPUIIOKEHHSX: HAPUMED,
BoccraHoBnenus 3D momenu romoBel u jmna [15], umenTHduKaMy Ha OCHOBE MCITOIB30BAHUS
doTorpaduii moctpoernHou 3D Momenu TuIa U TOJIOBEI ¢ OOHOW CTOPOHEI U PoTorpadmii OT CHCTEMBI
BUJICOHAONIIOJICHUS, YTO W TMpelJlaraeTcs HCIOJb30BaTh B  OKCIIEPUMEHTAIBHOW  CHUCTEME
BUJICOAHAIIMTUKH, aPXUTEKTypa KOTOPOW OMHCaHa HWXKE U TMPEICTABIsIET KOHBeHep 00pabOTYMKOB
JIAHHBIX.

Mertonsl OOHapyKeHUS W300pa)KCHUSI TOJOBBl Ha CTAaTHYECKHX KaapaX, MOJYYCHHBIX M3
BUJICOMIOTOKA, MOJKHO Pa3JIeIUTh Ha CICTYyIOIIHE:

DOMITUPUYECKUE METOJIbI, OCHOBAHHBIC HA 3HAHUSIX O BHEITHEM BHJIE TOJIOBBI. B Takux mMerojax
UCIIONIb3YeTCsl HAOOp MPaBUII, BHIMOJIHEHHE KOTOPHIX MOXET MPHUBECTH K PELICHUIO PaccMaTpUBaeMOi
3agaud. [Ipumepamu Takux MpPaBHII MOTYT OBITH JUISL ciiy4ast ()POHTAIBHOTO M300paKEHUS TOJIOBHI,
CJICYIONINE: JINII0 UMEET CUMMETPUUHYIO (hOpMY, IIEHTPANbHAS YacTh JIMIA UMEET MPAKTHYCCKH HE
U3MEHSIONYIOCS TeKCTypy. Kak TpaBWiio, OHHM 3aKIIOYAIOTCS B YCTAHOBICHHU TMPOCTHIX
3aKOHOMEPHOCTEH, Hampumep, Ui (GPOHTAILHOTO M300pPaKEHUS T'OJIOBBI: JIMIIO YEJIOBEKAa OOBIYHO
CUMMETPUYHO, TJ1a3a, HOC ¥ POT, KaK MPaBUJIO OTIMYAKOTCS MO APKOCTH U T.J. B KauecTBe MpUMEpoB
MO>KHO Ha3BaTh UEPAPXUUECKHUE U IPOCKLIUOHHBIE METOBI [15].

[Mpu3HakoBble METOABI OCHOBAaHbI Ha IIOMCKE OTJIMYUTENBHBIX OCOOCHHOCTEH JHIa Ha
n300paXEHUHU U COTIOCTABIICHUH HAlWJEHHBIX MPU3HAKOB JIJIsl BOCCTAHOBJICHUS TIO3UIIHH JIMIA B IIEJIOM.
B kavecTBe OTIMYUTENBHBIX IPU3HAKOB MOTYT PACCMATPHUBATHCS KOHTYPBI JIHIIA TEKCTYPBI, I[BET KOXKH,
dopma.

MeToabl MOJICIIMPOBAHUST TPEAIIONAral0T MCHOJIb30BAHHE HEKOTOPOW MOJENH JIMIA, KOTOPOe
COTIOCTABJISICTCSl C TIPEJCTABICHHBIM H300pakeHHEeM. MoJeI MOTYyT COCTOSITh W3 KOHTYPOB,
XapakTepHbIX ToYek. B muTepartype BCTpEUarOTCs MOJXOIbI C KECTKUMH U Je()OpMUPYEMbIMU
MO/JIEIISIMU.

MeTo/bl BHEITHETO BUJIa OMUPAIOTCS HA HHCTPYMEHTapuil pacrno3naBanust 00paszon. [Ipu stom
KIaccu(pUKATOp HACTpaMBaeTCs Ha PEIICHHE JABYX KIJIACCOBOW 3amauu pacrnosHaBanus. OOmiee y
METO/IOB, OCHOBaHHBIX Ha BHEIITHEM BHUJIC JIMIIA, COCTOHUT B aJlTOPUTME MOJTYUICHUS TECTOBBIX 00acTel
Ha M300pakeHHU. Tak Kak M300paKCHUE JIMIIA MOXKET HaXOJUThCS B JIFOOOM MECTe Kajapa U UMETh
m000i pasMep, TO Uil pacCMOTPEHHMSI BCEX BO3MOXKHBIX BapHaHTOB HEOOXoAMMO mepedparh Bce
o0acTi Ha M300paKEHUH TPH BCEX MOIXOASAMINX MacITadax.

Kaxmass Takas oOnacTe paccMaTpuBaeTcsi Kak TECTOBBIM 0O0pa3 W ToOmaeTcs Ha BXOJ
Kkjaccugukaropa. B kauectBe MeTOOB KiIacCU(pHUKAIMK MOTYT MCIIOJIB30BaThCs: (haKTOPHBIA aHATIN3
(FA — Factor Analysis); nmuneiinbiii nuckpumuHanTabeiid ananu3 (LDA — Linear Discriminant Analysis);
ckpbIThie Mapkosckue Mozenn (HMM - Hidden Markov Models); akTHBHBIE MOJIeIH BHEIIHETO BUIA
(AAM — Active Appearance Models); metox omoprbeix Bektopos (SVM — Support Vector Machines);
paspexeHHast ceTh mpocenBaromux 31eMeHToB (SNoW - Sparse Network of Winnows); coOcTBeHHBIE
mina (Eigenfaces); wuckyccrBenHble HeiipoHHble cetd (NN — Neural Networks). Kpome Toro,
HEHpOoCeTeBbIE METO/IBI MOTYT HCIIOIB30BATHCS JJISl ONPENEICHHUs] OPUSHTAIIMH U300pakKeHUs JIHIa, a
TaKXe JJIs1 KacKaJUpOoBaHus c1a0bIX KiaccupukaTtopos [16].

[locnennue nBa MeToJa paccMaTPUBAIOTCS CETOJHS KaK JYYIIHE ¢ TOYKH 3PEHHS BBICOKOTO
MIPOIIEHTa BEPHOTO OOHApPY>KEHWUS JIMIl M HU3KOTO TMPOICHTA JIOKHBIX AeTeKIuid. HelipoceTn naBHO ¢
YCIIEXOM MPUMEHSIOTCS AJISl peIlieHHS TOMCKA JIOKAJIbHBIX 3KCTPEMYMOB SIBIIsieTCsl 0a30BOH omnepanueit
JUTSL MHO’KECTBA 3a71ad 00padO0TKK N300pakeHUH.

HeiipocereBbie METOIBI TO3BOJISIOT JOOUTHCS BEICOKOTO MPOIEHTa BEPHOTO OOHAPYKESHUS JIHIL 1
HU3KOTO MPOIICHTA JIOXKHBIX JeTeKIuid. HelipoceTn NaBHO C yCIEXOM TPUMEHSIOTCS JUIS PEIICHUS
MHOTHX 3aJad B 00JacTH MamMHHOTO 3peHus. HemoctaTkoM HEHpOCETeBBIX METOMOB SBISETCS HX
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BBIUMCIIMTEIIbHAS CIIOKHOCTh. OHM HE MPUMEHUMEBI B YHCTOM BHJIC JUIS PEIICHUS 3aja4d JETCKIIVH JIUI]
B peasbHOM BpeMeHH. J[Jis pelreHus 3Toi mpooiieMbl IPeANPUHAMAIOTCS pa3IniHble mard. Hanpumep,
B [16] mns obecmeueHnst pabOTHI ACTEKTOpa JUI HA 0a3e CBEPTOYHOW HEHPOHHOW CETH B pealbHOM
BPEMEHH UCTIOIb3YETCs CICIIMATU3NPOBAHHBIA HEHPOCETEBOM MPOIIECCOP.

AJITOPUTM cerMeHTaIliu N300pakeHuii T010BbI YesIoBeKa oT GoHa

AnropuT™MBl ymaieHus (GoHa Ha HM300pKEHHUSIX TOJIOBBI YEIOBEKAa MCIONIB3YIOT TaKHe
ApXUTEKTYphI TIIyOOKHUX CBEPTOYHBIX HeHpoHHBIX ceTel, kak U-Net, DeepLab-V3+ u Mask R-CNN,
KOTOpBbIE MMOKa3bIBAIOT BBICOKOE KAYECTBO CETMEHTAIUH, a JJIsl padOThl HA MOOMJIBHBIX YCTPOMCTBAX U
B pEaTbHOM BPEMEHH TNpEeNIOKEHBI ONTUMHU3NpoBaHHBIE apxUTeKTypel: LiteUNet, MODNet u
PortraitNet. Oum codeTaroT B cebe MpHeMIeMOEe KadeCTBO CErMEHTAIlM W BBICOKYIO CKOPOCTh
00paboTKH, 4TO JeTaCT UX MOIXOSAIIUMH JUIsl BHEAPSHUS B MOOMIIBHBIE TOTPEOUTEILCKHUE YCTPOMCTBA.
OganM w3 Hambollee TEPCHEKTHUBHBIX HAIMpPaBICHWHA SBISETCS HCMoib3oBanue Transformer-
apxuTekTyp, Takux kak Segmenter, Trans-UNet, Swin-Unet, koTopsie 0coOeHHO 3(hPEKTHBHBI B
obpabotke uHpopmanuu [17-23]. B xome peanuzanuu npoekta pa3paboTaHbl U SKCHEPUMEHTATBEHO
UCCIICIOBaHbI AJITOPUTMBI CEIMEHTAIIMU TIPH MOMOIIHU HeipoceteBbix apxutektyp UNet, PortraitNet,
Segmenter, SAM. Moxenu U-Net, PortraitNet, Segmenter, SAM 6bi1 00y4ueHbI Ha HAOOPE JTAHHBIX,
NPEJCTABICHHOM HCXOIHBIMU M300paXCHUSMH TOJIOBBI YEJIOBEKA B PA3HBIX PaKypcax M 3TATOHHBIMU
Mackamu cermeHTanuud. Mogens SAM wucnons3oBanach 0e3 JA000Y4YEeHHUS C TpelBapUTENBEHO
pPAcCTaHOBKOW OIOPHBIX TOYEK [UISi CErMEHTAlMH. Pe3ynbTaThl TECTHPOBAHUS TOKA3aJld, 4YTO
HAWIY4Iyl0 TOYHOCTh JEeMOHCTpupyeT Momenb Segmenter (loU = 0,9739, Dice(F1) = 0,9867,
Accuracy = 0,9973), tabx 1.

IIpu Berumcienusx metpuk toynoctu l0U (Intersection over Union) mim Jaccard Index —
OTHOILICHHE TIepecedyeHus (MpelCcKa3aHHOH M WCTHHHOM Macok) K HMX oObeauHeHWio u Accuracy
(TOYHOCTB) — J10JIsI TPABUIILHO KJIaCCU(PHUIMPOBaHHBIX nukcenel u Dice koaddurmenra (F1 merpuka)
OPUHATHI cienyroiue obo3nauenus: TP (True Positive) - nukcenu, MpaBuIIbHO TpeICKa3aHHbIC KakK
oobekt; TN (True Negative) — nukcesu, NpaBWIbLHO npezckazanubie kak (on; FP (False Positive) —
MTUKCEIIM, OITMO0YHO MpeicKa3aHHbIe KaKk 00bEKT (JI0XKHbBIE Cpa0daThIBaHMs).

Dice xoa¢hdunment Beruucisercs o dpopmyite (1), loU u Accuracy mo ¢popmynam (2, 3)

Dice= 2P (1)
2TP + FP + FN,

oU=—° @)
TP + FP + FN,

Accuracy = TP+ TN 3

TP +TN + FP + FN.

[IpuBenemM onmcanue anropruTMa JIJIsl HEHPOCETEBOW apXUTEKTYphl Segmenter.

1. Pa3buenne nzo0paxxeHus Ha matyu. BxomHoe n3obpaxenue pazdoruBaeTcs Ha QUKCUPOBAHHBIC
05okM (TIaT4M) OAMHAKOBOTO paszMmepa, Hampumep, 16x16 nukceneit. Kaxapiii matu npeoOpasyercs B
BEKTOP MPU3HAKOB C OMOILBIO JTUHEHHOTO CIIOS.

2. JlobaByieHne MO3UITMOHHBIX 3MOenauHroB. KakjoMy BH3yanbHOMY TOKEHY (BEKTOPY Marda)
Jno0aBisieTcs MO3ULIMOHHBIA SMOEAIUHT, KOTOPBIA YKa3bIBAa€T HA €ro MECTOIOJIOKEHHUE B UCXOIHOM
n300paXeHUH. DTO MO3BOJIAET MOJICIH YUYUTHIBATH IPOCTPAHCTBEHHYIO CTPYKTYPY H300pakeHUsL.

3. O6pabotka uepe3 Transformer-encoder. ITocaenorarensHOCTh TOKEHOB moaaeTcst B Transfor-
mer-encoder, TJie Ka)IbIii TOKEH B3aUMO/ICIICTBYET CO BCEMH OCTaIBHBIMHU Yepe3 MEXaHH3M BHUMAaHUS
(self-attention). Ha sTom sTame mopens BbIAeIsSeT rioOalibHbIE MPU3HAKH W YCTAHABIHMBACT CBS3U
MEXIY Pa3IMYHbIMH 4acTSIMU U300paXKeHuUs.

4. Maumuanu3aiys MacOYHBIX TokeHOB. Decoder ncmonb3yer Habop 00ydaeMbIX MAaCOYHBIX TO-
keHoB (learnable mask tokens), kakIplii U3 KOTOPBIX OTBEUaeT 32 (POPMHUPOBAHHE OIPEICIEHHON
CEMaHTHUYECKON MaCKU (HampuMep, IJIsl KaKIO0ro Kilacca 00beKTa).
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5. BoccraHoBneHHe Macok 4epe3 Kpocc-BHUMaHHe. MacodHble TOKEHBI B3aUMOJCHCTBYIOT C
3aKOIMPOBAHHBIMU TIPU3HaKaMU W3 encoder’a yepe3 Kpocc-BHHMaHWE, 4TO Mo3BoisieT decoder’y
(bopMHPOBATH JETATH3UPOBAHHBIC MACKHU, COOTBETCTBYIOIINE PEATbHOM CTPYKTYpe U300paKeHusI.

6. 'enepauus punansHON KapThl cerMenTanuu. Ha Beixoae decoder’a mosiydaeTcs HaOop Macok,
Ka)J1asi U3 KOTOPhIX COOTBETCTBYET ONPENEIEHHOMY O00BEKTY MU KIacCy. ITH MACKH O0BETUHSIOTCS
B (DMHAJIBHYIO KapTy CErMEHTAIINH, COBMAIAIONIYIO TI0 pa3MepaM ¢ UCXOHBIM N300paKeHUEM.

Tab6n. 1. Pe3yabTaT TeCTUPOBAaHMS Mojejell HelPOHHBIX ceTeil cerMeHTalMK

ApxuTekrypa loU Dice Accuracy
U-net 0,9307 0,9641 0,9927
PortraitNet 0,9159 0,9560 0,9914
Segmenter 0,9739 0,9867 0,9973
SAM 0,6634 0,7931 0,9597
3akJjoueHue

Jloknan TOCBSIIEH PacCMOTPEHUIO BO3MOXKHBIX BapHaHTOB HCIIOJIb30BaHUs(Pa3BEPTHIBAHUS)
MOJICUCTEMBI CETMEHTAIlMM W300pakKeHUs TOJIOBBI 4YeiBeka OT (oHa Ha Qororpadusx U BeIOOpPY
NEPCHEKTUBHBIX AJITOPUTMOB Ul IPOrPaMMHON peann3auuu B mojacucreme. Onucan pa3padOTaHHBIN
aJITOPUTM TIOJITOTOBKH JaHHBIX U3 BUACONOTOKA (yaaneHus poHa Ha W300paskeHUsIX TOJIOBBI YEIIOBEKA),
SIBJISTFOIITMICS. BaKHOM YaCThIO pEIICHUS 3aJaddl PEeKOHCTPYKIuU 3D MoJenu TONOBHI YelloBeKa IO
BUJCOIOTOKY, BBIMOJIHEHO 3KCIIEPUMEHTAJIbHOE HCCIEAOBAHWE AJITOPUTMOB yraneHus (oHa.
BerinonHeH aHanu3 CyLIECTBYIOUIMX MOJXOA0B K CEMAaHTUUECKOM CErMEHTaluu H300pa>KeHUH IOJI0BBI
yenoBeka Ha ¢ororpadusax ans mocheayromeil 3D peKoOHCTPYKLIMH MOJIENN TOJIOBBI YellOBEKa.
YcraHoBNeHO, 9TO UIA yciaoBwid MOOWIBbHON chemku ¢ Oopra BIIJIA Hambornee mepCreKTHBHBIM
SBJISIETCS] M3BJICUEHUE KITIOUEBBIX KaJIpOB, UX MAacIITA0MPOBAHUE C COXPAHEHUEM IPOTIOPLIUIA U OLICHKa
PE3KOCTH C HCIIONIb30BaHUEM oreparopa Jlamnaca, 4to no3soisieT 3Q(HEeKTUBHO OTOMpPATh Kaaphl st
nanbHeimen cermentaiuu. Jis pemieHus 3amgadd  ynaaneHus: (ona (OMHApPHOW CETrMEHTAIMH)
IPOTECTUPOBAHBI COBPEMEHHbBIC apXUTEKTyphl HeiipoHHbix ceteit: U-Net, PortraitNet, Segmenter,
SAM. Mogemu U-Net, PortraitNet u Segmenter, koTopble ObuIH 00y4YeHbI Ha Ha0Opax JaHHBIX,
MIPEJICTABIEHHBIX MCXOJHBIMU M300pa’keHHUsI TOJIOBBI YEJIOBEKa B PA3HBIX PAaKypcax M STAJIOHHBIMU
MackaMM cermMeHtaiuuu. Mognens SAM wucnons3oBanack 0e3 1000ydeHHMsS C TNperBapUTENbHON
pacCTaHOBKOM ONOPHBIX TOYEK [UId CErMEHTalMH. Pe3ynabTaTbl TECTHMPOBAHMS IOKA3alld, 4YTO
HAaWIy4dlIyl0 TOYHOCTh JEMOHCTPUPYET MOJenb Segmenter, a BapuaHT HCIONb30BAHUA WITU
pa3BepTHIBAHUS ITOJICUCTEMBI CETMEHTALMH C MPAKTUYECKOI TOUKM 3peHHsl HanOoJiee MePCIeKTUBEH C
MCIIOJIb30BaHUEM 3HAYUTEIBHBIX BBIYMCINTENBHBIX MOIIHOCTEH IeHTpa 00paOOTKH TaHHBIX.

Pabora BeimonHeHa B paMkax goroopa ¢ bBPODU ®25TYPI-001 ot 05 mapra 2025 r., Tema
"[IpunokeHue UIsl TeHepalul KOMIbIOTepHOHW 3D Monenn rojioBBI YeJIOBEKa W €€ CpaBHEHHE C
n300paXeHUIMH, IOTYYECHHBIMH C KaMephl'.

PROTOTYPING A HEAD-BACKGROUND SEGMENTATION SUBSYSTEM AS
PART OF A CENTRALIZED VIDEO ANALYTICS SYSTEM BASED ON UAV
MACHINE VISION

M.M. LUKASHEVICH, A.A. VORONOV, V.V. VENGERENKO, M.M. TATUR

Abstract. The article is devoted to not only processing aerial photographs of human face for the
task of safety monitoring, but also to the review of possible use cases for a prototype head-
background segmentation subsystem within a centralized UAV-based video analytics system and
development of algorithms for processing and segmentation of photoimages of human face for the
task of safety monitoring. Segmentation algorithm using a modified neural network architecture is
proposed. It is shown to be significantly faster and more efficient than the best known segmentation
algorithms and state of art neural network architectures.

Keywords: semantic segmentation, video analytics, UAVS, incident detection, classification.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIK 004.65:61

MHOTI'OYPOBHEBASI APXUTEKTYPA BJIOKUYEIHA JIJ1S1 XPAHEHMUSI
MEIALIMHCKIX JAHHBIX

B.A. BULIIHAKOB, M.O. KALIKO

Benopycckuii cocyoapcmeennblii ynusepcumem ungopmamuxu u paouodiekmponuku, Pecnybnuxa Benapyce

Hocmynuna 6 peoakyuto 6 anpens 2026

Annoranus. [IpoaHanm3upoBaHbl MEXITyHAPOIHEIC pa3pabOTKU B 001acTH OJOKICHH-CUCTEM IS
3npaBooxpaHeHus. [IpeminokeHa MHOTOYPOBHEBAas AapXHUTEKTypa MOJCHCTEMBI OJOKYEeWH IS
XpaHCHHs METUITMHCKAX JaHHBIX, 00BbeIUHSIOmAs pactpenenenHoe xpanmnmie IPFS, rubpunayio
OJIOKUCHH-UHPPACTPYKTYPY, CHUCTEMY aTpHOYTUBHOTO YIIPABICHUS JOCTYIIOM M KJIMEHTCKHUEC
npuioxkenus. [lpeacraBieHa CTPYKTYpHash CXeMa CHCTEMBI C OIMCaHHEM (YHKIIMOHAIbHBIX
Moyiei. Pa3paboran anroput™ pabOThI CHCTEMBI, BKJIFOUYAIOIINAN PErHCTPAIUIO MOJIh30BATENICH,
3arpy3KH JaHHbIX, IPEJAOCTaBICHUS TOCTYIAa U BepH(DUKAINU TPaH3AKIHH.

Kniouesvie cnosa: 6moxueitn, meauiuHckue aanHele, IPFS, apxurexrtypa, neneHTpann3oBaHHOE
XpaHeHHe, CMapT-KOHTPAKThI, KOH(PUACHIIHAIEHOCTD, 0€30MaCHOCTh JaHHBIX.

BBenenne

Hudposas Tpancdopmanus 31paBOOXpaHEHHsSI TIpUBeEIa K SKCIIOHEHIIHATHPHOMY POCTY 00BEMOB
MEIUIIMHCKUX JaHHBIX. ODJEKTPOHHBIE MeaunuHckue kKapThl (OMK), naHHBIE TUArHOCTUYECKOTO
00opyIoBaHUs, pe3yJIbTaThl Ja00OPATOPHBIX HCCIACHAOBAaHUM, MH(OPMAIUS C HOCUMBIX YCTPOHCTB U
TeJIeMEeIUIIMHCKIX T1atGopM (GOpPMHPYIOT CIOXKHBIE WH(MOPMAIMOHHBIE MAaCCHBBI, TpeOyrolme
HAJIOKHOTO XpaHEHHsT W 3allUIIeHHOTO oOMeHa. TpaaWIMOHHBIE IIEHTPAIN30BAHHBIC CHCTEMBI
XpaHEeHUs] METUIIMHCKUX JaHHBIX CTAJKUBAIOTCS C PsioM (yHIaMEHTAJIbHBIX MPOOJIEM: pUCKaMU
yTeueK W HECAaHKIIMOHUPOBAHHOTO JIOCTYIA, BRICOKUMH 3aTpaTaMH Ha o0ecriedeHue O0e30TacHOCTH,
CIIOHOCTBHIO MHTEPOIEPa0EbHOCTH MEXKAY PA3TUYHBIMA MEAUIMHCKAMHU YUPEXKICHUSIMH, a TaKKe
OTCYTCTBHEM Y MAIIMEHTOB KOHTPOJIS HaJl COOCTBEHHBIMH aHHBIMU [1].

TexHonorust OJOKYEHH MpejsiaraeT NPUHIMITHAIFHO MHOW MOAXOJ] K OpraHU3allui XpaHEeHUs
MEAMIMHCKHX JaHHBIX. Ee KiIroueBble XapaKTepUCTHKH — IELEHTPaIN3alHsl, HSU3MEHAEMOCTD 3alHCeH,
KpunTorpadudeckas 3alinuTa ¥ Ipo3pavyHOCTh TPAH3AKIIMHA, YTO JENAI0T €€ MAeaTbHOW OCHOBOM IS
CHUCTEM YIpaBJIEeHUS MEAWIMHCKON wHpopmarmer [2]. OgHAaKo MpsSMOe XpaHEHHE MEAMINHCKUX
3anuceii B O10k4eiine (on-chain storage) ctankuBaeTcsi ¢ OrpaHUUEHUSIMU 110 00bEMY TaHHBIX, BBICOKON
CTOMMOCTBIO TPaH3aKIMK U MpodiieMaMH MacIiTabupyeMocTH. DTO 00YyCIIOBIMBAET HEOOXOIUMOCTh
pa3paboOTKN THOPUIHBIX APXUTEKTYpP, COUCTAIOMNX OJIOKUYEHH IJIsl 00eCTIeUeHUs HEM3MEHSICMOCTH U
KOHTPOJISI JIOCTyHa ¢ pacrnpeaeieHHbIMH (ainoBeiMu cuctemamu (IPFS) ans xpanenus cammx
MeaunuHCKuX naHHbIX [3]. Llenpto Hacrosimield paboTHI sBIsIETCS pa3pabOTKa MHOTOYPOBHEBOM
ApPXUTEKTYphl TIOJICUCTEMBl OJIOKYCHH JUIS XpaHEHHs MEIWIMHCKUX JaHHBIX, OOBEAMHSIONICH
MepeIOBhle MEKIyHAPOAHBIC TIOMXOABI W OOecmeumBaroeil OamaHc Mexay Oe30MacHOCTRIO,
MacIITadUPyeMOCThIO M yI0OCTBOM HCHOIb30BaHMS JJIs TAMEHTOB U MEAMIMHCKUX YUPEKIACHUH.

Me:knyHapoaHble pa3padoTKu

IIpoekr STORChain (IEEE Transactions on Services Computing, 2026) npencrasinsier co6oit
OINTUMHU3UPOBAHHYIO 10 XPaHCHUTIO 6J'IOK‘1€I71H-CprKTypy, pa3pa60TaHHy10 JJIA MCAUIMHCKUX JaHHBIX.
KimoueBoit unnoBanueii ssisercs Clustered Merkle Patricia Tree (C-MPT) — kimacrepu3oBaHHOE
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nepeBo Mepkna-Ilatpuiy, KOoTopoe arperupyeT TpaH3aKIUH CXOKUX THIIOB JJIi MaKCHMallbHON
3¢ (PEKTUBHOCTH XpaHEHHS MPHU COXPAaHCHHUH BO3MOXKHOCTH IOKaszaTelbcTBa BKmodeHHS (Proof of
Inclusion) [4]. STORChain Bkitouaet: C-MPT cTpyKTypy: 00beTIHHEHHE TTOXOXKHUX THITOB TPAH3aKIIUi
B KJIacTephl U1l yMEHBIICHHS HAKIaIHBIX pacxooB; Selective Transaction Pruning Strategy (STPS):
CTpaTeTuio BHIOOPOYHON OOpE3KH TpaH3aKUUH ISl MPUOPHTH3ALMHM W YAAICHHS YCTapEBIINX
UCTOpHYECKNX JMaHHBIX JlenermpoBanHoe nokazarenseTBo noiu (DPoS): amroputm koHceHcyca ¢
BEPOSITHOCTHBIM MEXaHU3MOM BBIOOPOB JJIsl TOBBIIICHHSI CHPABEATMBOCTH U MHKJIIO3UBHOM y3II0B.

TpexyposueBasi apxurektypa TLSA (Wiley, 2025). UccnenoBarenn K. Maithili u S. Amutha
npemtokunu Tri-Layered Sharding Architecture (TLSA) — uepapXu4ecKyo MOJeIb, OPraHU3YIOIILYO
CeTh B TPW INAPAWHTOBEIX ypoBHS: Transaction Layer (ypoBenp Tpanzakuuii), Data Layer (ypoBeHb
nanHbIxX) U Location Layer (ypoBeHb pacnonoskenusi) [5].

Cucrema CareChain, ucronb3yrormas aa 0ok4eitHa (IryOIuYHbIA /15 TAIMCHTOB M IIPUBATHBIN
JUTSL METUIIMHCKAX paOOTHUKOB) B COYETaHHHM ¢ pacnpenesieHHbiM xpanunuiieM IPFS [6]. Kirouesbie
ocobenHoctn CareChain: aBoiiHas OJOKYEHH-CTPYKTypa: pas3ieiicHHe JaHHBIX NalueHTOB U
MPOBaiIcpOB JyIs TOBbIIICHUsT KoH(puaeHmansHocTH; [PFS pacnipeneneHHoe xpaHeHHE: CHUKECHUE
3aJIep)KKHU TPAH3aKIUi ¥ HaKJIaJHbIX pacxoaoB Ha xpanenue; ECDSA (Elliptic Curve Digital Signature
Algorithm): moamnuck Tpan3akiwmii A1t oOecreueH s NOATHHHOCTH; YCTPOHCTBO-TIPOKCH: MOHUTOPUHT
HU3KONPOU3BOAUTENBHBIX [0T-yCTpONCTB MJIs BBIABIEHUS YSI3BUMOCTEH. Pe3ynbTarsl TECTUPOBAaHUS
MOKA3bIBAIOT TIOBBIIICHHE YCTOWYMBOCTH CHUCTEMBI 10 CPABHEHHIO C CYIIECTBYIOIIUMH MOJCISMH
3paBOOXPAHEHMS, a TAKKE yIyqIIeHHe TpeOOBaHUH K XpaHIIHILY, SHEProd(GHeKTHBHOCTH, CKOPOCTH
TpaH3aKuil, KOHGHUACHITHATEHOCTH U 6e30macHoCTH [6].

Minima, Siemens, ARM: Onokueiin-Ha-kpuctamie (2025-2026), HampaBieH Ha CO3IaHUC
HEPBOTO B MUPE MIPOMBIIIIIEHHOT'O MUKPOYHIIA, CIIOCOOHOTO BHITTOIHSTE OJHOICHHBIH y3el OJoK4YeliHa
[7]. Pesynbrater mpoekrta: 100-kpatHoe yckopeHue xemupoBaHus3a cuer SHA-3 ammapatHoro
YCKOPHTEJIS; TMATHKPATHOE CHIDKEHHE HCIOIb30BaHMs MaMsTH rmocie pedakropunra C++ Koxa;
B03MOXHOCTB pabOTHI yCTPOMCTBA KaK CaMOCTOSATEIBHOTO MOJHOTO y371a 0e3 oOpalieHns K 00IaqyHoi
urdpactpykrype [7].

Wunuiickuii uactutyT Texuonoruii (IIT Madras) paspabdoran BlockTrack — 6mokueiin-cucremy
JUIT MOOWJIBHBIX TIPHJIOKEHHMH, KOTOpas B HACTOSIIEE BPeMsl HPOXOAUT IIOJIEBHIC HCIBITAHUS B
yHuBepcuterckord OonmpHUIe [8]. Xapakrtepuctuku BlockTrack: nemnentpamuzoBaHHBIE 00MeH
MEIWIMHCKUMHU JIaHHBIMH JJIi MOOWMJIBHBIX TPWIOKEHHH; YHHUKaIbHBIC HIACHTU(PHUKAIMOHHBIC
KOJIBI JUTS TIOJIB30BAaTENIeH C HU3KOH BEPOSATHOCTHIO TyOJIHPOBAHHSI.

ITpoext Emtruth, monnepxanusiii HannonansueiM HayunsiM ongom CLHA (NSF) Ha cymmy
noytn 1 MIIH J0JUIapoB, paspabaTbiBaeT IIaTGopMy Ui HMHTETPallUM MEIUIMHCKUX JIAHHBIX C
WCIIOJIb30BaHUEM OJIOKYCHHA W MCKYCCTBEHHOro wuHre/uiekTa [2]. KirtoueBbie I1ienu mpoekTa:
0e3ormacHoe XpaHEHHe JTaHHBIX JIF00O0TO THUIA U3 JIOOBIX MCTOYHHKOB B HEM3MEHSEMBIX OJOKYEiHAX;
COXpaHEHHE KOHTPOJISl JaHHBIX 32 BJIAJENIBLEM C BO3MOXKHOCTBIO 0O€30MacHOr0 MNpEeAOCTaBICHUS
JOCTyma; TpaHchopMmanuss W  HOpPMaNW3alusl JAHHBIX B TpaHYJSApHbIE  OJIOKYEHHBI  JUIs
MHIMBUIYaJIbHOTO MIIH arPErUPOBAHHOTO MOAETUPOBAHUSL.

B Vausepcutere UTMO mnpemnoxkeHa TpPEeXKOMIOHEHTHasl AapXUTEKTypa, BKIIOYAOLIast
ONOKYelH sl XpaHeHus 3amu(pPOBaHHBIX MEIUIMHCKUX 3alvcel, IEHTPAIM30BaHHBIA cepBep st
CIPaBOYHON HMHGOPMAIMU W KIMEHTCKOE MPHJIOKEHHE i ynpasieHus goctynoMm [3]. Ocoboe
BHUMaHue yzensercs ontumuzaumun EVM-OiokueliHa uepe3 afanTalyio alropurMa KOHCEHCyca,
CHIDKEHHE BPEMEHH OJIOKa M yCTpaHEHHE TPAH3aKIMOHHBIX KOMUCCHIA.

CTpyKTYypa CUCTEMbI

Ha ocHoBe ananm3a MeXIyHapOAHBIX pa3paboTOK pazpaboTaHa MHOTOYPOBHEBAs apXHTEKTYpa
NOJCUCTEMBl OJOKYEHH M XpaHeHHs MEAMLUMHCKHX JaHHBIX, KOTOpas OOBEOWHSET IATh
(GYHKIMOHAIBHBIX MOIYJEH, KaXIblii M3 KOTOPBIX peIaeT creruduueckue 3a1add oOecTieueHHs
0e30macHOCTH, MAaCIITAOMPYyEMOCTH U JOCTYITHOCTH JIaHHBIX. APXUTEKTYpa NpeIcTaBiIeHa Ha puc. l.
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Puc. 1. MHOTOYpOBHEBas apXUTEKTYpa MOACHCTEMbI OJIOKYEHH

PaccMoTpuM HX Ha3HauYEHHUE KKJOTO YPOBHSL.

1. Ucrounuku nanubix (Data Sources Layer): MeanmuHCKHME YYpeXICHHs, T€HEPHPYIOLIHE
AJIEKTPOHHBIE MEJAMIIMHCKHE 3alllCH U JIMarHocThuueckue nzodpaxenus; loT-ycrpoiicTtBa U HOCHMBIE
CEHCOpHBI, cobuparouie (U3UOIOrHYECKUE II0Ka3aTel B PEalbHOM BPEMEHH; IHArHOCTHYECKHE
nabopaTopuu, NPEAOCTABIISIOIINE PE3YIIbTAaThl AHAIN30B U UCCIICI0BAHUIL;

2. Pacmpenenennoe xpanmmumie IPFS (IPFS Layer): nemeHTpann3oBaHHOE XpaHUIIHIIE,
aJipecyemMoe 10 COJAEPKUMOMY; XpaHeHHe 3alin(pPOBAHHBIX MEIUIIMHCKUX 3allUCel, Pe3yJIbTaToB
uccnenoBanuil U ganubix loT-ycTpoiicTB; renepanus ynukanbHeix Content Identifiers ans ccpuiox Ha
JIAHHBIC; KAITUPOBAHHUE W PETUTHKAIUS ISl TOBBIIICHUS JTOCTYITHOCTH M CHI)KEHHS 3aiepikex [6].

3. Buoxuelin-undpacrpykrypa (Blockchain Layer): ruOpuanas apxuTektypa, 00beAHHSIONIAs
nyOJIMYHBIA M TPUBATHBIM OJOKYEWHBI [4]; myOMuuHBIA OJIOKYEHH: MACHTH(UKATOPHI MALEHTOB,
CepTU(UKATH YUPESKICHNUH, MH(DOpMAIMsI O pOYMHHIe; IpUBaTHBIN OnokyeriH: xemn 3anuceit (CID),
TpaH3aKIUH JAOCTYIIA, ayJUTOPCKHUE KypHAIbI, CMapT-KOHTPAKTHI; alrOpUTMBI KoHCeHcyca: DPoS mms
mactrabupyemoctu, PBFT st mpuBatHbix cereii [4].

4. VYupasnenue paoctynom (Access Control Layer): cucrema aTpuOyTHBHOTO yHpaBliCHHS
noctyrioMm Ha ocHoBe CP-ABE m ABAC [7]; reHepanus W yhpaBlieHHE KPHUIITOrpa@uuecKHMU
KIIFOYaMU; OIpe/IeJICHHE MOJUTHK JIOCTYIa HA OCHOBE aTpUOYTOB MAIlIEHTOB, Bpauei 1 yUpeKICHNH;
JKYpHaJIMPOBaHUE BCEX OIEpalMii JOCTYNA IJIsl ayAnTa;

5. Tlpunoxenus (Application Layer): mHalMEHTCKOE MPHIOKEHHE: IIPOCMOTP 3aIluCei,
yIpaBJIeHHE IOCTYIOM, TIPEJOCTABICHHE COIJIACHi; BpaueOHOE MHPHIOKEHHE: JOCTYN K 3aIHCsIM
MAalMeHTOB, [N00aBlICHHE 3aKJIIOUCHHH, Ha3HAYCHWE JICUCHHS; AJAMUHHCTPATUBHOE MPHIIOKCHHUE:
yhpaBlieHHE IOJIUTUKAMHU, ayANUT, PETUCTPALNs YIPEKICHNH.
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Onucanue MoxyJiei

udpoBanus U 3aUTH JAHHBIX O0ECIEYMBACT KPUNTOrpadUUECKyr0 3aIIUTY MEIULUHCKHX
JIAaHHBIX Ha Bcex dTanax oopadoTku. OCHOBHBIE KOMIIOHEHTHI: I xpaHeHus B IPFS mmdpoanue Ha
ocaoBe CP-ABE wu 128-6utHoe AES ¢ mocnenoBarensaocThio JJHK-koqupoBanus [9]; s nepenauu
ucnonb3yercsa 1uppoBoit kouBepT RSA 2048 mis GezomacHO# mepemadn CHMMETPUYHBIX KITFOUEH;
nudposas moanuch RSA 1024 mis obecnevennst nommHHOCTH HaHHBIX; ECDSA: renepanus map
NMyOJMYHBIX U NPUBATHBIX KIIOYEW Il YCTPONCTB, MAIIMEHTOB U MPOBaiAepPOB; MOINICH TPaH3aKIUH
U obecrieueHHs MOATMHHOCTH M 3alllUThl OT MOJJENKH; BepUpHUKanus MOIMUCEH MPU MONyYeHUN
nmaHHbIX [4]; crpoticTBo-Tipokcu (Device Proxy): MOHUTOPHHT HH3KONPOHW3BOAUTENHHBIX loT-
YCTPOMCTB [UIsl BBISIBICHUS YA3BUMOCTEH; HENIPEpBIBHAs IIPOBEPKA TUIA YCTPONUCTBA, IPOU3BOJUTEIS,
BEPCUH MPOLIMBKH, 0€30MacHOCTH; 0OOHAPYKEHUE TO03PUTEIHHOTO MOBEICHHS Yepe3 TECTUPOBAHKE
Ha TIPOHUKHOBCHHE W ITOBEIACHICCKUH aHamm3 [6].

Xpanenus IPFS peanusyeT pacnpeneneHHOE XpaHEHUE MEAUIMHCKUX JaHHBIX C aJipecalueil no
coaepxkumomy. OcHoBHble (ynkuuu: Content-Addressable Storage: nanuble HACHTHOUIMPYIOTCS TI0
ux kpuntorpaduueckomy xemy (CID), yro obecrmeynBaeT HEM3MEHSEMOCTh M BO3MOXKHOCTH
Bepudukamuu [6]; Distributed Hash Table (DHT): pactipenenennas xem-radnuiia Uit XpaHEHUS
cootBeTcTBUs Mexay CID u ceTeBBIMH ajgpecaMu y3J0B, COAEp)KAIlMX JaHHbIE; KIIIMPOBAHHUE U
PCILIMKANUA: KSIIUPOBAHUEC YaCTO 3alpalllMBA€MbIX OAHHBIX Ha COCCAHUX Yy3JIaX 9 CHWKCHUSA
3alepkek M yMeHbIleHns Harpy3ku Ha ceTh; Content Identifier (CID) Management: renepamus u
xpanenue CID ams 3arpyskaembix nanusix; CID coxpansiroTcst B Giokueitne, a manaeie — B IPFS [1].

CMapT-KOHTPaKThl peau3yloT aBTOMATU3MPOBAHHYIO JIOTHKY YIPaBJIE€HUS JOCTYIIOM H
00paboTku Tpanzakuuil. OcHOBHbIE ()YHKLUH: yNPaBIECHUE AOCTYIIOM: CMapT-KOHTPAKThl MPOBEPSIOT
aTpuOyThl TONB30BATENd W TONHTUKKA AocTyna mepex mupemocraBienumeMm CID [8]; obOpaboTka
COTJIACHI: aBTOMATUYECKOE OTCIECKUBAHHE NPEIOCTABICHHBIX ITAllMCHTOM COTJIACHH Ha JOCTYN K
JaHHBIM, UX CPOKOB HeﬁCTBHﬂ " OT3bIBA; ayAUT U XXYPHAJIHUPOBAHUEC: 3alIMCh BCEX OHepaHI/Iﬁ J0CTYyIIa B
HEU3MEHEMBII KypHaI OnokueiiHa UIs MOCJIEIYIOLIETO ayauTa; yIpasiieHHE
WICHTH(QHUKATOPAMH: CO3J]TaHNE ¥ BEePU(PHKALUS YHUKAIBHBIX HICHTU(QHUKATOPOB MAIMEHTOB U
MEIUITMHCKHX yUpekaeHui [8].

VYnpasnenus: uaeHTH(UKauel oOecreunBaeT YHUKAJbHYIO HICHTU(HUKALMIO IMALUEHTOB H
MEIULMHCKUX YUPEKIeHUH B pacupeaeneHHon cucreme. OCHOBHBIE (YHKLIMH: T€HEepalts yHUKaJIbHbIX
WICHTH(PHUKATOPOB: AITOPUTMBI, OOECIIeYHBAIONINE YHHKAIbHOCTh I[D ¢ HU3KOW BEPOSITHOCTBHIO
nyonupoBaHust [8]; cBsA3bIBaHME HAEHTH()HUKATOPOB: BO3MOXKHOCTH CBSI3BIBAHUS HACHTH()HKATOPOB
NAIMEHTa U3 Pa3HbIX CUCTEM JUIS CO3/AaHUs IMOJIHOW MEIUIMHCKOM KapThl [2]; Kpocc-yupexaeHuecKas
uaeHTU(UKALKS: 00ECIICUEHUE  MHTEPOIEPaOSIbHOCTH  MEXKAY  Pa3IMYHBIMH  MEIUIUHCKUMHU
OpraHu3alMsMH; yIpaBlieHHe cepTH(UKaTaMU: XpaHeHHe NyOJMYHBIX KIIOUeH W CcepTU(HUKATOB
YUpEXICHUH B ITyOIMIHOM OJIOKYETHE.

AyIUT ¥ MOHUTOPHHT 00€CIIeYMBAET MPO3PauyHOCTh U BOBMOKHOCTh ITPOBEPKU BCEX ONEpanuii ¢
MEJUIMHCKUMU JaHHbIMH. OCHOBHBIC (DYHKIIMW: HeusMeHAeMblll HCYPHAL Jocmynd: Bce Oleparuu
noctyna (ukcupyroTcs B OJOKuYeiiHE M HE MOryT OBITh W3MEHEHBl Wiu yaalessl [l]; awanus
anomanuii: OOHApy>KEHHE TOJ03PUTENBHBIX MAaTTEPHOB JIOCTYIA JUIS BBISBICHUS MOTEHIMATBHBIX
HapylieHuid Oe3omacHoctd [6]; eemepayusi omuemosé O [OCTyHe JUIS TAIMEHTOB, Bpaueif;
V8e0oMAeHYsl: OTIOBEIICHUE MAIIEHTOB O KaXJIOM Cllydae JJOCTyIa K UX JaHHBIM.

AJTOpUTM PadoThI CHCTEMbI

Pa3pabotanbl aaropuTMbl B3aMMOJICHCTBHSI YYaCHHKOB B paMKaX MHOTOYPOBHEBOH OJOKUEitH
ApPXUTEKTYPHI, 00ECTIEYNBAIOIIIE HEU3MEHHOCTD 3aITUCEH U YIIPABIIIEMBIH JOCTYII.

ANTOPUTM pEruCcTpaIvy MOJIb30BaTENS COCTOUT U3 CIEAYIONUX LI1aros:

1. ITanmeHT WK Bpay 3arpy’kaeT KIUEHTCKOE MPHIOKEHHE M 3alOJHSIET PEeruCTPalOHHYIO
dopmy.

2. [IpunoskeHne reHepupyeT napy Kpunrorpadguyeckux Kiouel (MIpUBaTHBIA M MyOIMYHBIH) C
ucnonb3oBanreM ECDSA [6].

3. [IpurnokeHne OTHpaBIIseT PETUCTPALMOHHYIO0 HHPOPMALNIO U MyOIMYHBIA KIII0Y B CHCTEMY.
JlaHHbIC BepU(UIMPYIOTCS, U CO3AASTCs YHUKANBHbIN naeHTudukarop [8].
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4. Unentudukatop W myOIMYHBIN KITIOY 3alUCHIBAIOTCS B MyOnu4HbIA OnokueiH. Cozpaercs
3aIUCh B IPUBATHOM OJIOKYEIHE C HaYaJIbHBIMHU HACTPOMKAMU AOCTYTIA.

5. Ilonp3oBarenro MPeAOCTaBISIETCS NOCTYH K INPHIOXKEHUI0 C BO3MOXKHOCTBIO YIPaBJICHUS
CBOMMHU JTaHHBIMH.

ANTOpUTM 3arpy3Ku MEIUIMHCKUX JaHHBIX BKIIIOYAET B ceOs 3TaIbL:

1. 3arpyska ganseix (OMK, pe3ynpTaTsl aHATH30B, H300PAKEHIS ) METUITTHCKUM yUPEKACHHEM
WIN Bpa4oM 4yepe3 IPUIIOKEHHE.

2. llludpoBanust AaHHBIX ¢ wHcnojib3oBaHMeM rubpugHoii cxemsl (AES wmmm CP-ABE) B
COOTBETCTBHH ¢ aTpuOyTamu goctyma [9].

3. Ilepemaua 3ammdpoBannbix manHeie B IPFS-cers. IPFS Berumcioser CID Ha ocHOBe
COJEP>KUMOTO U pacIpeensieT JaHHbIe 10 y31aM [8].

4. Bosspat CID (Content Identifier) — yaukansHyto cchuiky Ha qanHbie B IPFS.

5. 3ammmce CID u MeTaiaHHBIX B IPUBATHBIA OJIOKYEHH Yepe3 CMapT-KOHTPAKT [8].

6. JloGaByienne 3amucu o Qakte co3naHUs HOBOW 3amucH (0e3 pPacKpBITHS COACPKUMOro) B
MyOJIMYHBIA OJIOKYEHH.

ANTOpUTM NPEAOCTABICHUS JOCTYIA K JAHHBIM OITMCHIBACTCS CICAYIOIUM 00pa3oM:

1. TTaneHT Yepe3 MPUIIOKEHUE BBIOMPACT MEAWIIMHCKOTO CIIEIHAINCTa WU YUPESKICHUE IS
NPEJOCTABICHHUS IOCTYTIA.

2. IlanmeHT onpepesieT MapaMeTpel JIOCTyNa, OO0OBEM [NAaHHBIX, CPOK JEHCTBUS, LElb
HCITOJIB30BaHuA [2].

3. llpunoxxenne GopMUpyeT MONUTHKY AocTyna B ¢popmare arpudytoB (ABAC) nnu mudpyer
nannele ¢ momuTukoit CP-ABE [12].

4. CMapT-KOHTPAKT B IPUBATHOM OJIOKYEHHE PETUCTPUPYET MOJIIUTHKY JOCTYIA U CBA3BIBACT €€
C HACHTU(UKATOPAMH MAIIMEHTA U TOJTyYaTes.

5. [lonydaTens yBegOMJISIETCSI O TIPEAOCTABICHHOM JIOCTyle uepe3 npwioxkeHue. [Ipu
HEOO0XOIUMOCTH HOJIydaTelb IPOXOANUT TOTIOTHUTENBHYIO ayTeHTU(DUKALHIO.

6. Bce melicTBus MO MpPEJOCTAaBICHHIO JOCTyNa (QUKCUPYIOTCS B ayJUTOPCKOM IKypHale
Osi0KueitHa.

AJNTOpUTM 0CTYTIA K TAHHBIM

1. Bpau unm MeIUIMHCKOE YUPEKACHHE Yepe3 NMPUIOKEHHE 3alpamidBaeT JOCTYH K JaHHBIM
MaIHeHTa.

2. llpunnoxeHne HampaBiseT 3ampoc K CMapT-KOHTPAkTy s MPOBEPKH  HaJU4YUs
JIEHCTBYIOLIETO COTJIACHSI.

3. CMapT-KOHTPAKT NPOBEPSIET MOJUTHKH JIOCTYTIa, COOTBETCTBHE aTPUOYTOB 3aMpaiinBaoero,
CPOK JICHCTBUS coriacusi, 00beM pa3pelIeHHbIX TaHHbIX [9].

4. Ilpu ycrieniHoi mpoBepke CMapT-KOHTPAKT BO3BpaIlaeT cid 3arpoIieHHbIX 1aHHbIX.

5. llpunoxenue 3anpammBaer aaHHele u3 IPFS mo momyuennomy CID. IPFS-cets m3Bnekaer
3amupoBaHHbIE AaHHBIE [4].

6. Jlanubie pacmmpoBBIBAIOTCS € HCIOIB30BAHUEM KIHOUEH, COOTBETCTBYIOIIMX MOJUTHUKE
JOCTyIa, ¥ OTOOpaKaIOTCs Bpavy.

7. dakT jocTyna peructpupyercss B ONOKYelHE ¢ yKa3zaHHEM BpPEMCEHH, 3alpalliBaromero u
o0bema TaHHBIX.

ANTOpUTM OT3bIBa AOCTYIIA NPEAYCMAaTPUBACT CIIYLYIOIIUE KIIOUMBBIC IATH:

1. TTaneHT Yepe3 NpUIIoKEHHE HHUITUUPYET OT3BIB MPEIOCTABICHHOTO JIOCTYTIA.

2. [Tpunosxenne GOpMHUPYET TPAH3AKIUIO OT3BIBA C YKa3aHUEM HJICHTU(PHUKATOPA.

3. CMapT-KOHTPAKT JEaKTUBUPYET HOJIUTUKY AOCTYIA, Aejas ee HeIeHCTBUTEILHOM.

4. CMapT-KOHTPAKT OOHOBIISIET Ay JUTOPCKUI KypHaI, GUKCUPYS (aKT OT3BIBA.

5. [lomyuaTtens yBemomuigercss o0 0T3bIBEe JocTyma. Ilocnemyrompe MOmBITKA AOCTyNa OyIayT
OTKJIOHEHBI.

6. MosxeT OBITh BBITIOJIHEHO MOBTOPHOE MK(POBAaHHUE JaHHBIX C HOBBIMH MTOJUTHKAMH JOCTYIIA.

Ocoboe¢ BHUMaHHE B TPCUIOKEHHOM AITOPUTME PAOOTHI CHCTEMBI YIIEJICHO OOECICUCHUIO
KOH(UICIIMAIFHOCTH, HEeUMEHAEMOCTH 3aITICeH U OTPaHIMYCHUSIM B IIPEJOCTABICHHE IOCTYIIA.
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3akiIoueHne

MexayHapoiHbple  pa3pabOTKH JIEMOHCTPUPYIOT BBICOKYEO aKTHBHOCTh W 3HAYHMTEIBHBIC
noctikeHus. [IpeioxkeHHass MHOTOYPOBHEBasI apXUTEKTYpa 00bEAUHSCT JIYUIINe MUPOBBIC MPAKTHKH
B equHOe penieHue. [laTrmypoBHeBas cTpykTypa (uctounuku naHHbX, IPFS, Onokueiin, ynpaBineHue
JIOCTYTIOM, TIPHIJIOXKECHHsI) OOeCreunuBacT pasJeliecHHe OTBETCTBEHHOCTH, MACIHITAa0UPYeMOCTh U
Oe3omacHocTh. Mcmonp3oBanne THOPHAHOW  OJOKYEHH-apXWUTEKTYpHI IO3BOJISET  COXPaHUTh
MPO3PAvYHOCTh UIACHTU(DUKALNY TPU 00CCTIICUCHUH KOH(PUACHIINATBHOCTH MEAUIIMHCKUX 3aITHCEH.

KittoueBbIMH KOMIIOHEHTaMH CHUCTEMBI SIBJISIOTCS. MOAYNb muppoBanus Ha ocHoBe ECDSA u
CP-ABE, ob6ecneunBaronuii 3amury AaHHBIX; Moaynb IPFS nms pacnpeneneHHOTo XpaHEHHs C
aJipecaliied Mo COJNEPKUMOMY; MOJAYJb CMapT-KOHTPAKTOB JIIsl aBTOMATH3AIMU  YIPAaBICHUS
JIOCTYIIOM; MOJYJIb YyIpaBiCHUS UIACHTH(DHUKAIMEW I YHHKAJIBHOW HICHTH()HUKAIMKA TAIUCHTOB;
MOJTYJIb ayJIUTa JJIsl 00eCTICUeHHS TIPO3PAYHOCTH ONepaIIHi.

MULTILEVEL BLOCKCHAIN ARCHITECTURE FOR MEDICAL DATA STORING

U.A VISHNIAKOU, M.A. KATSKO

Abstract. International developments in the field of blockchain systems for healthcare are analyzed,.
A multi-level architecture of the blockchain subsystem for storing medical data is proposed,
combining IPFS distributed storage, hybrid blockchain infrastructure, attribute access control
system and client applications. A structural diagram of the system with a description of the
functional modules is presented. The system's algorithm has been developed, which includes the
stages of user registration, data upload, access, and transaction verification. Keywords. blockchain,
medical data, IPFS, architecture, decentralized storage, smart contracts, privacy, data security.)

Keywords. blockchain, medical data, IPFS, architecture, decentralized storage, smart contracts,
privacy, data security.
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AJITOPUTMBI IOMEXOYCTOMYHUBOI'O KOJUPOBAHUS CLC M1 OPCOSA

T. A. TYMAHOB, JI. BE, A. JI. BACIOTHY, 1I. MA, C. )X3Hb, A. B. KYPHUJIOBUY

benopyccxuii cocyoapcmeennvlii ynusepcumem ungopmamuxu u paouosnekmponuru, Pecnybnuxa Benapyce

Hocmynuna 6 peoakyuro 6 anpens 2026

AnHotanus. [IpoBeieHO cpaBHEHHE aJIrOPUTMOB JIByMEPHOI'O TIOMEXOYCTOHYHBOTO KOJAUPOBAHHS
U ICKOIUPOBaHMUS HHPOPMAIIHH, TPeACTaBIeHHOI B Bue Matpuiisl 4x4: Collum-Line Codes (CLC)
u Optimized Product Codes for Space Aplications (OPCoSA). AJNropuT™Mbl peann30BaHbl B
nporpaMme MOJICTUPOBaHUS [U(MPOBBIX JOrHYECKHX cxeM LOgisim u cpene MpOeKTHPOBaHUs
Vivado mms mporpaMmupyembix jgormdecknx uHTErpanbHeix cxemax (IIJIMC) Xilinx. [omydeHst
KOJIMYCCTBEHHbIC OLICHKH 3aHMMAaeMbIX KOJEKaMH pecypcoB U notpedisiemoit momHoct [IJIUC.

Knoueswie cnosa: xompl ¢ xoppekuuneit ommbok, CLC, OPC0oSA, monenmupoBanue, KOMOWHAITNN
MHOTOKPaTHBIX OIIHOOK.

BBeaenne

Tak kak B mpoliecce Tepegadd Mo KaHalaM CBsi3W MH(GOpMAaIus MOXKET WCKa3UThCs, H3-32
JIEUCTBYSI BHEIIHUX (HaKTOPOB, MPHUBOMANINX K OJUHOYHBIM WJIH MHOXXECTBEHHBIM OMIMOKaM,
pa3paboTaHbl ¥ MIUPOKO MPUMEHSIOTCS METOIBI IIOMEXO0YCTOWYHBOTO KOAMPOBAHUS U JIEKOIUPOBAHHMS,
MO3BOJIAIONINE OOHAPYKHUThH M YCTPAHUTH HECOOTBETCTBUS B MIPUHSATOM COOOIIICHHH.

B cnyuae mepenaun mH(MOpMAMKU B KOCMHYECKOM MPOCTPAHCTBE (HAKTOPOM, BIUSIOIIUM Ha
CUTHAJI, MOTYT OBITh BEICOKOXHEPTeTUYECKIE PaTUAlMOHHBIE YACTHIIBI OKPYKAFOIIET0 TPOCTPAHCTBA.
Bo MHOTHX cityuasx, IefcTBre 3TOro (akTopa, IPUBOJAMUT K HEKEJIATEILHBIM MOCIIESICTBHUSIM, KOTOPBIE
YMEHBITIAIOTCA TIPU MCTIOJIB30BAaHUM KOACKOB ¢ Koppekmuer ommobok [1, 2]. Ha ceromusmuuii 1eHb
KOZCKH C BO3MOXXHOCTHIO KOPPEKTHPOBAHHS TOJHKO OJWHOYHBIX OIIMOOK yCTapelu, TaK Kak C
pa3BUTHEM TEXHOJOTWH Tieperadn WHGOPMAIMK OHU MEPeCTaId YAOBJIETBOPATH MOTpeOHOCTSIM. B
CBSI3M C OTUM pa3paboTaHbl pa3IUYHbIE BapHaHTHl AJITOPUTMOB, CIIOCOOHBIE BOCCTaHOBHTH
WHQOPMAIUIO B ClTyyae BOZHUKHOBEHHSI MHOTOKpATHBIX omIMOOoK [3]. [IpencTaButensiMu 5TOH TPYIIIBI
seisitoTes kozeku Collum-Line Codes (CLC) u OPC0SA, mocTpoeHHbIe Ha 0a3e pacuIMpeHHOro Koz
X3MMHHTA C IPOBEPKOI HA 4eTHOCTh. OHU 00JIa/IAI0T BEICOKOW KOPPEKTUPYIOMIEH CIIOCOOHOCTRIO MTPH
CPaBHUTEJIBHO HEOOJBIIOM TOTPEOJICHMH BBIYUCIUTEIBHBIX PECYpPCOB MPUEMHO-TIEPEIAFOIIIX
ycTpoicTB [4-6].

Koppexnusa omm6ok B CLC u OPC0oSA

Konex CLC (16, 40) npeacrapiisieT coO0OH IBYHAIIPABICHHYIO MaTPHUILy KOJUPOBAHUS, KOTOpast
(hopMUpPYET KOHTPOJIbHBIE OWUTHI MO CTOJONAM M OWTHI MPOBEpPKU deTHOCTH 1o crpokam. [[ms CLC
40-OuTHOE KOJOBOE CIIOBO, COCTOUT WH(OPMAIMOHHBIX OUT B BHAE MaTpuibl 4x4, KoTOpas
JIOTIOJTHAETCSl TIPOBEPOUYHBIMU paspsiaamu (8, 4) paciimpeHHOro Kojga XIMMHHTA MO CTPOKaM H s
KaKIIOTO CTOJOIA JOTOJNHSETCS OWUTOM TMPOBEPKH YeTHOCTH [4]. MToroBas CTPyKTypa ITO3BOJISET
KOPPEKTUPOBATH OJTMHOYHBIE OIMUOKH C IIOMOIIBI0 AITOpUTMa X3MMHUHTA U MHOXKECTBEHHBIE OLTHOKH
¢ MOMOIIBI0 OUTOB MPOBEPKU 4YeTHOCTH. KpoMme Toro, ects M apyrue pasHoBuaHocTH kojaeka CLC,
takue kak CLC (16, 39) u CLC (16, 54) [5]. Otnuune CLC (16, 39) or CLC (16, 40) 3axmouaercs B
TOM, YTO JaHHbIE 16 WHPOPMAIIMOHHBIX OWUTOB 3aMKCHIBAIOTCS B 2 CTPOKH MO 8 OUT, K KOTOPBIM
MPUMEHSICTCS PACIIUPEHHBIN KOJ X3MMUHTA U TO0aBISIOTCS OUTHI IPOBEPKH YETHOCTH B CTOJIOCI U
ctpoky. Jlinst CLC (16, 54) npuMeHsieTcs CeayroImui anroputM: 16 0uT HHGOpPMaLIUK pacpeaessTOTCsI
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B 8 cTpok 1o 2 6uTa, qanee aHaJIOTMYHO MPHUMEHACTCS PACITUPEHHBIN KO XOMMHUHTA U 3aIHChIBAIOTCS
KOHTpPOJIbHBIE OUTHI YeTHOCTH. JlekoaupoBanue 1o anroputmy CLC MOXET MpOXOIUTh B CTaHIAPTHOM
pexxume (CLC-S) u pactmpentnom (CLC-E). PacnimpeHHBINH pexXuM, HCIONIb3Ys JBYXUTECPAIIMOHHBINA
MPOIIeCC KOPPEKTUPOBAHUSA OIIMOOK, IMO3BOJSET KOPPEKTHPOBATh 00jice CIOKHBIE KOMOWHAIIUN
MHOTOKpaTHbIX ommubok [5]. Ctpykrypa komoBoro cioBa CLC (16, 40) cxemaTndecku IpencTaBicHa
Ha puc. 1, rae D — undopmarmontsie 6uthl, C — KOHTPOJIbHBIC OUTHI, P — OUTHI IPOBEPKH YCTHOCTH.

Dy Dy Dy Dy,
D, Dy Dy D,;
D, D, DuDull ¢ ¢ ¢,
Dy Dy Dy Dis )\ Cy €y Cyy

(Pey Pe, Pc, Pe;  Pe, Pes Peg Pey)
Puc. 1. Ctpykrypa xogoBoro ciosa anroputma CLC (16, 40) [5]

¢ € G
G G4 G

Optimized Product Codes for Space Applications (OPC0SA) siBnsieTcst aabHEHIITNM pa3BUTHEM
xoxaeka Product Codes for Space Applications (PCoSA), npemnoskeHHbIH B UCTOUHHKE [7]. Anroputm
KOAMPOBAHMS 3aKIII0YAETCS B IPUMEHEHUH K 16-OuTHON MH(pOPMAIIOHHONW MaTpHUIle PaCIIMPEHHOTO
KoZa XAMMHHTA 10 CTPOKaM M CTONOIaM, TeM caMbIM (POPMHUPYIOTCS KOHTPOJIbHBIE OWTHI U OWTHI
MPOBEPKU YETHOCTH i 4-X CTPOK u cTOoiOOB [6]. B cpaBHeHun ¢ xomekom PCOSA, y xoTtoporo
KOZIOBOE CIIOBO cocTouT m3 64 Out (16 Out mHpOopMammu u 48 IPOBEPOUHBIX OUT), HOBOBBEIECHHEM
kogeka OPCOSA sBisieTcst COKpaIieHne KoJoBoro ciopa 1o 48 6ut (puc. 2). Takue pe3ynbTaThl ObUIIH
JOCTUTHYTHI IpPU TMMOMOIIM YAAJICHUA O6J'IaCTI/I MMOBTOPHOI'O0 KOAUPOBAHUA [JIA YIKC IMOJTYUYCHHBIX
MPOBEPOYHBIX OHT, TEM CaMbIM YMEHbBIIHB Ha 33 % 00IIee KOIMYeCTBO MPOBEpOUHbIX OUT. HecMoTpst
Ha yMEHBIICHHE KOJIMYECTBA IMPOBEPOYHBIX OHT, KOPPEKTHPYIOIIAsi CIIOCOOHOCTh TOKa3bIBAET TAKYIO
ke 3PPEeKTUBHOCTH 7151 OONBIIMHCTBA KOMOWHAIINI MHOTOKPATHBIX OMIHOOK [6].

o; | .b| b | b e |ien | ér | ei
o, | .o | D | B [Nt lies | 21,
b | .| b, [ b [hez; Vet el | 1,
Dy | Dy3 | Dy | Dys | Cly | Cly | Clyy | Pl

e len e | e
C2 | C2y | C24 | C2y4
P2 | P2, | P2 | P2,
Puc. 2. Ctpykrypa koz0Boro ciosa anroputma OPCoSA (48, 16) [6]

MoaeaupoBanue B mporpamme Logisim

Ha nepBoM 3Tane cpaBHUTEIHHOTO aHAJIN3a KOJEKOB NoMexoycToituuBoro koguposanusi CLC u
OPCOSA 0bul0 TPOBENEHO CpaBHEHHE WX (AKTUYECKOH KOPPEKTHPYIOMeH CcrocoOHOCTH
MHOTOKPATHBIX OIIMO0K. OCHOBBIBASICh Ha IPEJIOKECHHBIX B HICTOYHHKAX [3 — 5] METO1axX KOJUPOBaHUS
U JICKOJMpPOBaHMs, B mporpamMme LOQISim ObLIM peann30BaHbBL KOAEP, MOJENb KaHaja Iepeaadyd
urdopmarmu u nexkonep (puc. 3) kogexkoB CLC (16, 40) u OPCoSA (48, 16).
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Puc. 3. CTpyKTypHBIE CXEMBI KOJIEKOB IOMEX0YCTOMYMBOTO KOTUPOBAHHMS
B niporpamme Logisim: ¢ — CLC; 6 — OPCoSA

Kak nokazano Ha puc. 3, moayiu «Hamming_code» u «encoder» siBisirotest kogepamu. Moayib
«add_errory siBisieTcst MOJIETIbIO KaHasla CBSI3U, KOTOPast MO3BOJISIET BHOCUTD OIIHOKH B KOJJOBOE CIIOBO.
Monynu «Correct_Errors» u «decoder» siBnsiroTcst 1eKoJiepaMu U CliocOOHBI KOPPEKTUPOBATH OLIHOKH
B TIOJIyY€HHOM U3 KaHalla CBS3M KOJOBOTO cioBa. HpopMamus Ha BXxoJe Kojepa U uHpopManus Ha
BBIXOJI€ IEKOJIepa PacIIONOKEHbI PSIIOM, Il yI0OCTBa CPAaBHEHHSI.

OrneHKa KOPPEKTUPYIOWIEH CIOCOOHOCTH KOJEKOB MPOM3BOAMIACH IIyTeM BHECEHHs dYepe3
MoIyb «add_errorsy ciydaiiHpIX KOMOHHAIHE OmmOoK KpaTtHocTH OT 1 g0 8. JIas Kaxmoro w3
MIPOEKTOB CLC u OPCoSA OTIEIBHO Obuta IprUMEHeHa CUMYJIALUS
no meroxy Mounre-Kapno. Ilo uroram cumynsuuu ObUIO ONPEAETICHO KOJIMYECTBO YCIELIHO
CKOPPCKTUPOBAHHBIX OH_II/I6OK JJId KaKA0T 0 aJiropuTMa. Bce TecTnl 6I)IJ]I/I IIPOBEACHBI B OAHUX U TCX KC
YCIOBUSAX W TIPU OAMHAKOBBIX KOMOHMHALMSAX OMIMOOK C IENbI0 CpaBHEHUS (hakTHueckon
KoppekTupytorieit ciocoornoctu kogexos CLC u OPCoSA.

[To nToram MozieTMpPOBaHUsI TOCTPOSHBI JUATPAMMBI, ITPEJICTaBICHHbIE Ha puUC. 4.
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Puc. 4. CpaBaenue koppekrupyroineii ciocoonoctu CLC u OPCoSA:
a — obmuii cirydaif; 6 — cnennranbHbIe KOMOWHAIIN OITHOOK

PesynmbTaThl  OKCIEPUMEHTOB IMOKa3bIBAIOT, 4YTO 00a amroputma jocturaror 100 %
KOPPEKTHPYIOIIEH CIOCOOHOCTH MPH BO3HHUKHOBEHUH OT OIHOW 10 Tpex omuOok. B ciydae gersipex
omnOoK KoppekTupyomas cnocoonocts anropurmMa OPCoSA nocturaer 100 %, B To Bpems kak y CLC
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ona nanaet 10 48, 69 %. [Ipu 5-kpaTHBIX U 6-KpaTHBIX OIIMOKAX, KOPPEKTUPYIOIIAsl CIIOCOOHOCTD IS
OPCo0SA coctamsier 53 % 1 35 % COOTBETCTBEHHO, YTO CYHIECTBEHHO Oombie, 4eM y anroputma CLC,
JUIE KOTOPOTO JaHHBbIe ToKazaTenu coctaBistor 33,58 % u 22,58 %. I[Ipu HEKOTOpPBIX OCOOBIX
koMOuHanusax omuOok mnpeumymectBo OPCOSA eme 0Oonee OYEBUAHO: KOPPEKTHUPYHOIIAS
CIOCOOHOCTh MaHHOTO anroputMa coctaBisier 100 % s makeTHbIX OmMHMOOK KpatHOCTH < 4 m 36
THITHYHBIX I1a0JI0HOB OMIMOOK B T0JIe 3X3, BRI3BAHHBIX ACHCTBHEM KOCMHUYECKON pamuaiiii. B cBoro
ouepenab, npu Tex xe ycnousx ansi CLC xoppekTupyromas cnocoOHOCTh BapbupyeTcs oT 75 % 1o
78 %. Ilpum maketHeix ommOkax kpaTHoctH Oombmie 4, OPCOSA Ttakke IEMOHCTPUPYET CBOE
IPEHMYIIECTBO B KOPPEKTHPYIOMIEH CIIOCOOHOCTH: Ul TAaHHOTO ajJrOPHTMa BO3MOKHA KOPPEKIHS B
44 % cmy4yaeB, B To Bpemsa kak y CLC nanmelii mokasatens coctaBiser 24 %. OOHapyXeHO
NPUHIMIIMAIEHOE Pa3IMyie MEXIy ABYMS alrOpUTMaMH, 3aKajsiolleecs B TOM, YTO KOPPEKLUS
omunbok CLC paboTaer 3)eKTHBHO TOIBKO B CITy4ae, €CIIA OHU PACIIONaratoTcs B oomactu 16-6utHOTO
WH(POPMAITMOHHOTO T0JIs, B TO Bpems Kak 1iist OPCOSA mpencTaBiseTcsi BO3MOKHBIM KOPPEKTHPOBATh
omnOKH BHE 3aBUCIMOCTH OT UX MOJIOKEHHS B 48-0MTHOM Ko10BOM ciioBe. Ot1o aenaet OPCOSA Gonee
MMPEANOYTUTCIIBHBIM JJI YCJIOBI/Iﬁ C 4aCTbIM BO3HMKHOBCHUCM MHOT'OKPATHBIX OHII/I6OK, TaK KaK IJId
CLC u3MeHeHNe KOHTPOJIBHBIX OUT KOJOBOTO CJIOBA MPUBEET K HETIPABUIIBHON KOPPEKIIUHU OIIHOOK.

MonemupoBanune B CAIIP Xilinx Vivado

[Tocne cumynsnuu KOJCKOB B mporpamme LOQISIM U OIEHKM HX KOPPEKTHUPYIOIINX
crocobHocTel, cxema Logisim Oblia mepeBeieHa Ha SI3bIK OMMCAHUS anmaparypbl Verilog, kotopbrit
BrocnencTBun Ob1 uMmoptuposad B CAIIP Xilinx Vivado, mpeacraBisironiyo coboit cpemy st
CHUMYJIAIIUK M TIPOTpaMMHUpoBanus jJorundeckux snmementoB IIJIMC ¢upmer Xilink. B kadecTBe muiaTet
s cuMysisinam Obuta ucnonb3oBana Xilink Vertex-7 cepun XC7V485TFFG1157-1, tak kak oHa
00J1alaeT BBICOKMM OBICTPOJEHCTBHEM U JOCTaTOYHBIM HAa0OPOM JIOTMYECKHX pPECypcoB JUIs
peamuzanmu aroputMoB CLC u OPC0SA Ha croeli 0aze.

JasnbHeiiee MoJEIMPOBAHUE MPOBOJIMIOCH C HcHonb3oBaHreM uHcTpymeHtoB CAITP Xilinx
Vivado. ns cpaBautensHO# orenkn anroputMoB CLC u OPCOSA Gbutd MONydYeHbI JaHHBIE 00
HCIIOJIB3YEMBIX IUIATOM pecypcax U moTpediisieMoit MOITHOCTH. Pe3ynbTaThl MpUBECHBI HA PHC. .

EBCLC|18.40) BEOPCOSAIAN, 103 ERCLCO &) TROSCOSAAE W
- Rasowcs Utlization Fower Consurmption
500 4=
43
500
400
. =
% 300 z
S &
2
200 15
'u: I
; &) . I ; —
Sice LUTs Slce Registan Borvded 108 Totsl Dn-Chp Dyrar= St
Type Type
a 7]

Puc. 5. Pecypcosarpats! anropurmoB CLC u OPC0SA na ITJIUC:
a — WCTIOJIb30BaHKE JIOTHYECKHUX PECYPCOB; 6 — SHEPronoTpediIcHue

Pe3ysbTaThl MOACIUPOBAHKS aIrOPUTMOB MOKa3ajiu, 4To pecypco3arpaTel y OPCOSA Oonbliie
yeM y CLC mpubnusutensHo B 2 pasa. 3anstocts LUT mis anroputma OPCOSA cocraBuia 1454
eauHuIl, a peructpoB — 475 enunutl. Jns CLC stu nokazatenu coctapisitor 752 LUT u 251 peructpos.
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OHepronorpedieHne IEMOHCTPUPYET aHAIOTMYHOE paznuuue y oboumx anroputmoB. Y OPCoOSA
JAHHBIA IOKa3aTelb cocraBiseT 7,6 BT, B To BpeMs Kak sHepromorpedicHue aiaroputma CLC Ha
CUMYJIHPYEeMOH 1iaTe cocTaBisieT 5,2 Br.

3akioueHne

Cpasuurensubiii ananns kogekoB CLC (16, 40) u OPCoSA (48, 16) mokasan pasindie TaKux
MapaMeTpoB Kak KOPPEKTHPYIOIIAs CIOCOOHOCTh W moTpebienue orndecknx pecypcos Ha IIJIMC.
CLC moaxoauT Juis YCTPOUCTB € OTPAHUYCHHBIMH BBIYHCIHTEIBHBIMU PECYpCaMH, KOTOPBIE OYAyT
MIPUMEHSATCS B O0JIACTSAX C HU3KOM BEPOSTHOCTHIO TOSIBICHUS MHOTOKPATHBIX omuOok. HecMoTps Ha
to, uto OPCOSA mpencrasiser coOol BapHaHT, TPEOYIOMIMHA OONBIIMX JIOTHYECKUX PECYpCOB Ha
IIJIMC, 3TOT HEIOCTaTOK KOMIIEHCHUPYETCS AOCTATOYHO BBICOKOW KOPPEKTHPYIOMIEH CIIOCOOHOCTHIO
JTAHHOT'O aroputMa. B ycioBusx ¢ 001bI10# BEPOSITHOCThIO BOSHUKHOBEHUEM MHOIOKPATHBIX OLITHOOK,
JIAHHBIA aITOPUTM MO3BOJISIET CO3/IaTh Topa3o Oonee 3PPEKTHBHOE YCTPOMCTBO Nepeiadun JaHHBIX.

CLC AND OPCOSA: NOISE-RESISTANT CODING ALGORITHMS

T. A. TUMANQOV, L. WEI, A. D. VASIUTICH, J. MA, X. REN, A.V. KURILOVICH

Abstract. A comparison was conducted between two-dimensional error-correction coding and
decoding algorithms for information presented in a 4x4 matrix: Column-Line Codes (CLC) and
Optimized Product Codes for Space Applications (OPCoSA). The algorithms were implemented
using the Logisim digital logic simulator and the Vivado design suite for Xilinx Field-Programmable
Gate Arrays (FPGASs). Quantitative assessments of the resources utilized by the codecs and the
power consumption of the FPGAs were obtained.

Keywords: error-correcting codes, CLC, OPCoSA, modeling, multiple error combination.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 621.391

MPOEKT EJJMHOM AHAJIUTUYECKOM IVIAT®OPMBI (EAIT) JIJIS
A ®POBOM TPAHC®OPMAIINN NTHO®OKOMMYHUKAIIMOHHOM
KOMITAHHUU: IEPEXO/ K YIIPABJIEHUIO, OCHOBAHHOMY HA JAHHBIX,
B PYII «BEJITEJIEKOM»

AM.TOPBYKOB

Benopycckuii cocyoapcmeennblii ynusepcumem ungopmamuxu u paouodnekmponuxu, Pecnybnuka Benapyce

Hocmynuna 6 peoaxyuro 17 anpens 2026

AnHoTanusi. B cratee 000CHOBaHa HEOOXOTUMOCTH 3aMEHBI PYYHOW TaOMUYHOW 00pabOTKH
JaHHBIX Ha CKBO3HYIO aHanuTH4yecKyto miatdopmy mis PYII «bentenexom». OnucaHbl TeKymue
npoOJeMbl: OTCYTCTBHE CIMHON BHUTPHHBI IaHHBIX, BBICOKas TPYZOEMKOCTH OTYETHOCTH,
HEBO3MOKHOCTh TJIyOOKOI'O —aHaii3a, pHUCKM HECOINIACOBAaHHOCTH JaHHBIX. llpemnoxeHa
apxuTeKTypa peureHus Ha 6aze Open Source komnonenTtos (Kafka, ClickHouse, Airflow, Superset,
Kubernetes, OpenMetadata, Keycloak). [Toka3aHbl 0XHIacMbIe BBHITOJABI: COKPAICHUC BPEMEHH
MOATOTOBKK OT4YETOB a0 80%, cHmkeHHe omubok Ha 90%, yckopeHHe NPHHATUS PpELICHUi,
BO3MOKHOCTb ITPOTHO3HOW aHAUTUKHU OTTOKa U LTV.

Knouesvie cnosa: nudpoas TpaHchopManus, ynpaBIeHUE JaHHBIMU, TEIEKOM-aHAJIUTHKA, data
platform, Open Source, ClickHouse, Apache Airflow, On3Hec-HHTEIIIEKT, KAY€CTBO JaHHBIX.

BBenenne

KiroueBas mpoOnema: cucreMa ymnpaBieHHs W aHalW3a JaHHBIX, IIOCTPOCHHAs Ha Py4YHOU
00paboTKe C HMCMONB30BaHHEM TaOIMYHBIX METOJIOB, HE COOTBETCTBYET MaciuTabaM W JWHAMUKE
OmM3HECa KOMITAHUHU. DTO CO3/1aeT KPUTHUECKUE PUCKH IS OTIEPAIMOHHOTO YIIPaBIeHUs, PHHAHCOBBIX
pe3yabTaToOB U KOHKYpeHTHOM nosuiun PYII «bentenexom».

HeBo3moxkHOCTh KauecTBeHHOro drill-down-ananusza: neranusanus (Hanpumep, IUHAMHKA
ARPU c nomMecsyHOM JeTanu3aiei mo Kaxaou yciayre u ¢ jertanusanueit no ¢uauanam u 3YOC,
Y3C) B paMKax py4HBIX METOAOB IPHUBOAUT K CO3IaHHIO YPE3BBIYAMHO CIIOKHBIX M XPYIIKUX MOJIEIEH.
Jlrobas mombITKa «KOMHYTH ITy0Xe» TpeOyeT co3AaHusl HOBOI'O PYYHOTO OTUETA.

Crerible 30HBI B KJIMEHTCKOM ombiTe. [lpu aGoHeHTCKoW 6aze B 2,5 MIIH TOJIb30BaTeliei
untepueta byfly u 2,53 mun 3puteneit TV ZALA, pyyHOH aHanu3 OTTOKA M NMPUYHH HEITOBOJIBCTBA
Hea(exTuBeH. DTO BeAeT K MOTepe JOSJIBHBIX KIMEHTOB. UTO 0COOEHHO aKTyalbHO B >KECTKOH
KOHKYPEHTHOH Cpefie, B KOTOPOH paboTaeT KOMITaHUSI.

PyuyHoil Tpyx M BBICOKas TPYyAOEMKOCTb. BOJIBIIMHCTBO OTYETOB MPEAIIOJIOKUTEIBHO IS
yIOpaBlieHHsT KOMMEPYECKOH JeATeNbHOCTBIO M PYKOBOJICTBA (OPMHUPYIOTCA BpPYUYHYIO C
ucrnonp3oBanueM ¢opmyn (BIIP, pacdeTHsle cTOMOIBI W A.p. — pPacmpoCTpaHEHHAs METOINKa
MOJITOTOBKH TaKUX OTYETOB), UTO TPeOyeT 3HAYMTENBHBIX BPEMEHHBIX 3aTPaT U MOIBEPIKEHO OIUOKAM.

Pa3po3HeHHOCTh HaHHBIX. [laHHBIE U3BIIEKAIOTCS U3 Pa3pO3HEHHBIX HCTOYHUKOB, YTO YCIOKHSET
KOHCOJIMIALIUIO M BepU(UKALHIO HHPOPMALIH.

Huszkas oneparuBHOCTh. ExXeIHEBHBIE OTYETHI TOTOBSTCS C 3aJIep)KKaMU U3-32 HE0OXOJIUMOCTH
py4HOTO COOpa TaHHBIX.

CHOXHOCTD ajanTaiuyd K MU3MeHEHUsM. [Ipu M3MeHeHHHM CTPYKTyphl (uimanoB (Hampumep,
obbenuHeHre (GUHPETHOHOB B I'OMeNbCKOM (hrIHalie) Wik KPUTEPHUEB OTUYCTHOCTH (HAIIPUMED, HOBEIE
TapudHbIE TUIaHBI) TPEOYIOTCS py4HBIE MOpaboTKH (popmyn m MakpocoB. IlocTosHHBIE TOpPabOTKH
OTYETOB U PyYHbIE KOPPEKTHPOBKH TPEOYIOT BOBJICUECHUS COTPYAHUKOB.
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Puckn HecornmacoBaHHOCTHM JaHHBIX. OT4YeTbl W3 pa3HBIX HCTOYHHKOB MOTYT COJEPXKaTb
MPOTHUBOPEYHBEIE TaHHBIE M3-32 PA3TUYNN B METOAOJIOTHSIX pacyeTa.

Pucku ymrycTHTB BBITOTY OT Kpocc-TIpoJax. «benrerexom» mpeiaraet JecsITKH yCIyT U TaKeTOB
(«JICHA», «buznec-ketic», byfly, ZALA, «BuaeokoHTponb»), HO 0€3 €AMHOW BUTPHHBI JaHHBIX
CIIOKHO BBISBIIATH a0OHEHTOB, TOTOBBIX K anrpeday Tapuda WM HMOJKIIOYSHHIO JOMOTHUTEIBHBIX
ycIIyT (Hampumep, K makeTy «BHIeOKOHTPOIbY).

Bonpochl onepaTHBHOTO ympaBieHHS CKHIAKAMH MPH LEHOOOPA30BAHWU: KOMIIAHHUS aKTHBHO
UCIOJB3YET PerHOHANBHEIC U cTUMYyIUpyomme ckuaku (10 60% Ha 18 mecsnes). be3 onepatuBHOTO
ananm3a ux snusHUSA Ha LTV (Lifetime Value) n OTTOK KIIMEHTOB HEBO3MOXKHO OIIEHUTH X UCTHHHYIO
PEHTAa0ENBHOCTD U ONITUMHU3HUPOBATH CTPYKTYPY.

B Hacrosmeii ctatbe npeiokeHa apxXuTeKTypa CKBO3HOH aHanuThuueckoi miardopmsl Ha Open
Source cTeke, MO3BOISIONIAS MEPEUTH OT PEAKTHBHOTO YIIPABICHHS K IPOAKTHBHOMY, OCHOBAHHOMY Ha
JTAHHBIX.

Telcymee COCTOSAAHHUE, TIOTCHIINAJ

«bentenexom» 0b6Ia1aeT OrPOMHBIM MACCHBOM JaHHBIX, HO UCTILITHIBACT ACDUIUT YIIPaBIsIeMOH
AQHAJIUTHUKH.

Macmtab JaHHBIX: MIUTHOHBI a00HEHTOB. benTenekom — KpymHbIA UTPOK C 2,5 MITH. HHTEPHET-
aboHeHToB U 2,53 muH. noanucuukoB TB. Ilpu 3ToM y KOMIaHWU COTHU TapU(PHBIX KOMOMHAIMHA 1
MHOkecTBO cepBucoB (Evika, «Moit ropom» u nap.), cmokHas TapudHas CTPYKTypa C MaKeTaMu
ICHAY, peruoHanbHbIMU Pa3IndUsIMU U IPOrpaMMaMU JIOSUIbHOCTH.

TexHUUECKHE CUCTEMBI MO MPEAOCTABICHUIO yCIyr (00OpyAoBaHHME CETH Tepelavyd AaHHBIX,
KOMMYHHMKALIMOHHBIE CHCTEMBI, CEPBUCHBIC IUIaTGOPMBI, OWJIMHIOBas CHCTEMa U ApP.) FCHEPUPYIOT
OTPOMHBIN 00BEM OIIEPAMOHHOI HHpOPMALINH.

OrpannvenHast aHanuTHKa. OTCYTCTBYIOT JaHHBIE 00 BHYTPEHHUX CHUCTeMax aHaTUTHKH. [Ipn
3TOM B KaXXJIOM CErMEHTE YCIyr benrenexkoma WM peruoHa CTPaHbl MPHUCYTCTBYIOT aKTHBHBIE
KOHKYpEHTHI. [IpuHATHE peneHnii 4acTo OCHOBAHO Ha arpeTMpOBAaHHBIX WM YCTAPEBIINX OTYETAX, UTO
HE MMO3BOJISIET POBOAUTH ITyOOKHIA aHATIN3 B Pa3pe3e OTIEIbHBIX CErMEHTOB.

[MonTBepkaeHHAsT TOTPEOHOCTh. YCHENIHbIA 3amyck miardopmMel «Moi Topoj» W akTUBHOE
PasBUTHE SKOCUCTEMBI YCIIYT (OT 3apsIIHBIX CTAHIMKA O BUACOHAOIIOICHHS) CBUICTENBCTBYET O TOM,
YTO KOMIIaHUS FOTOBA K BHEJPEHUIO CIOXKHBIX IT-pemenuii 1 yinydneHus KIMEHTCKOrO cepBuca
ornepannoHHoN 3QHEeKTUBHOCTH.

[TpoGemsr:

— OTCYTCTBHUE €IUHOM I1aThOPMBI IS YIIPaBICHHS JaHHBIMH;

— OTCYTCTBHE aBTOMaTH3UPOBAHHON BepUPHUKAIINY JIAHHBIX.

3akioueHue: TEeKyllas MOJeNb PYYHOH 0OpabOTKH JaHHBIX HE sBIsETCs ycToiunBod. OHa
OJIOKHpYET POCT, MAacKHpPYeT pealibHble NpoONeMBbl W MPEMSATCTBYET MEpexony K YIPaBICHHIO,
OCHOBAaHHOMY Ha JAaHHBIX, YTO CTABUT MO YyTPO3y KOHKYPEHTHbIE IPEUMYIIIECTBA KOMIIAHHU.

Hpe}IJ'IO)KeHI/Iﬂ MO0 PCHICHUI0 U KJTIYEBbLIC TEXHOJI0I'MHA

[ aBTOMaTM3alMM OTYETHOCTH MpEIJiaraeTcs BHEIPUTh CKBO3HYIO IUIaTGOpPMY aHain3a
JAHHBIX, OXBATHIBAIOILLYIO BECh )KU3HEHHBIN LIUKJI — OT HHTETPALMN HCTOYHUKOB JIO BU3YyaIU3alliH.

Wurerpanust u 00paboTka JaHHBIX. ABTOMATH3UPOBATh COOP JaHHBIX U3 BCEX HCTOYHUKOB.

ETL/ELT-nporiecchl a5t aBTOMaTU3UPOBAHHOTO cOOpa JaHHBIX U3 BCEX HCTOYHUKOB B PEAIbHOM
BpEMEHHM M UX o4HcTKoi. Hampumep, o0opyaoBaHHe ceTH Nepeaadd NaHHBIX, KOMMYHHKAalHOHHBIE
CUCTEMBI, CEpPBUCHBIE TUIATGOPMBL, OUITMHIOBAsI CHCTEMA, CUCTEMbI yueTa aDOHEHTOB U YCITYT, CHCTEMBI
pacyeToB, CHCTEMbl TEXHMYECKOTO Yy4YeTa M IaclOpPTHU3allUK, OYXTaJITEPCKOW CUCTEMbI H .
PeanuzoBars ETL/ELT-npoueccs! npenaraercs Ha 6a3e Apache Airflow [7, 8, 9] s opkectpauuun
3arpy3KH JaHHBIX U3 BCEX UCTOUHUKOB.

Apache Kafka u Apache Spark Streaming mis morokoBoit o6pa6orku [1, 2, 3]:

— HOBBIE TIOAKIIOUYEHUS YCIYT B pealbHOM BPEMEHH;

— ONepaTHBHBIE JaHHBIE 110 MPOAAKAM;

— MTHOBEHHOE OOHOBJICHHE AAIIOOPIOB.
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Data Lake ais KoHCOIHMIAIMY CHIPBIX JaHHBIX U3 BCEX cUCTeM. EMHOE XpaHWITUINE AJIs ChIPBIX
JAHHBIX C BO3MOXKHOCTBIO OYMCTKH W cTaHAapTu3amwu. [Ipumep: maHHbIE O HaceleHWH PETHOHOB,
OJIOKMpPOBKAaX aOOHEHTOB, TOXOaX.

Data Lake (manpumep, Ha 6a3e MinlO uimu HDFS) as koHCOMUAANNY CHIPHIX JaHHBIX U3 BCEX
CHCTEM.

Great Expectations [16, 17] u dbt [21] m1s aBTOMaTHYeCKMX IPOBEPOK KadecTBa MTAHHBIX
(monHOTa, YHUKAJIEHOCTD, OTCYTCTBUE aHOMAJIHN ).

Briroga:

— UCKJTFOYEHHNE PyJHOTO ITEPEHOCa TaHHBIX MEXTy CHCTEMaMH,

— COKpalllcHWe BPEMEHH Ha MOATOTOBKY oT4eToB Ha 70-80%;

— aBTOMAaTUYeCKOE OOHAPYKEHHUE MPOOJIEM C TAaHHBIMU.

Xpanenue u oOpadoTka. I'mOpumHOEe XpaHWIHUINE MAHHBIX: CO3MaTh EIUHOE HaIEKHOE
XPaHWIHIIE IS HCTOPUIECKUX M ONIEPATUBHBIX JTAHHBIX.

Hcnonw3orath aHanutudeckoe Data Warehouse [4, 5, 6] kak OCHOBHOM CIIOM JJIsl arperaToB U
ButpuH, a ClickHouse, kax komonounas CYBJl, onTUMu3upoBaHHas IJis TEICKOM-aHAJIUTHKH,
MMEIOIasi BRICOKYIO CKOPOCTh arperanuii 1 HU3KyK CTOMMOCTh XpaHEHUSI.

PensiionHOe XpaHWIMIIE IS METaIaHHBIX, CIIPABOYHMKOB M YIPABICHYECKOW OTYETHOCTHU
noctpouts Ha PostgreSQL u Patroni:

— CTaHJIAPTU3UPOBAHHBIE OM3HEC-METPUKH;

— aBTOMAaTUYECKUH IepecyeT rpajauuii paioHoB;

— eAnHas MeToaojorus pacuetos (Hanpumep, ARPU, npupocTst u 1.1.).

Kubernetes [13, 14] mns opkectpannu koHTeitHepoB (Docker) ¢ koMmoHeHTaMU TIAT(HOPMEIL, 9TO
obecrneunT MacmTabupyeMoCTh U OTKa30yCTONINBOCTbD.

Brirona:

— HaKOIUICHHE eIMHON BEepCHHU JIaHHBIX ISl BceX (DMITHANIOB;

— MTHOBEHHBIH JOCTYH K HUCTOPHH H3MEHEHWH (HampuMmep, MHUTPAIUs PETHOHOB MEXIY
rpymIaMu);

— m30exath 3 dexra «XpycTaJbHOTO CepBepay;

— BBICOKAsI IPOU3BOIUTENBHOCTb JIAXKE MTPH MHOTOJIETHEW UCTOPHH U MIJTHOHAX aOOHEHTOB.

YnpasiieHue MeTaTIaHHBIMHU U Ka4eCTBOM JTaHHBIX.

Data Catalog: OpenMetadata [15] wiu DataHub — nmis nowcka JaHHBIX, YIPaBICHHS
MeTa/laHHbIMY, lineage (TIPONCXOKICHHS JTAHHBIX).

Data Quality: Great Expectations [16, 17] (aBromartmueckue mupoBepku), dbt tests [21],
MOHUTOPUHI AHOMAJIUH.

Data Observability: MeTpHUKY 310pOBbs ANIIAHHOB, OMOBEIIECHUS O COOsX.

Brirona:

— IPO3PavyHOCTh MPOUCXOKIACHHS JAHHBIX;

— CHIMDKEHHE BPEMEHH Ha MOUCK HY)KHBIX JTaHHBIX;

— JI0OBEepHE K JaHHBIM CO CTOPOHBI OM3HECA.

Busyamm3anmuss uw anagutuka. OOeCHeYuTh PYKOBOJACTBO WHTYUTHUBHBIMU OTYETaMU H
JAIO0pIaMH JIJISl €KETHEBHOTO KOHTPOJIS.

Buenpenwue miardopmer Apache Superset [10, 11, 12] ju1s co3aanust ”HTEPaKTUBHBIX JIAIIOOPI0B
Y OTYETOB!

— JlamOopapl Ui TaKTHYECKOTO YIpPaBJieHUs (YIpaBJICHHS KOMMEPYECKOH JEesTEeNbHOCTHIO):
MCIOJIb30BaHME HMHTEPAKTUBHBIX (UIBTPOB M BO3MOXKHOCTeH drill-down mias camMoCTOSTENBHOIO
aHaJIM3a JUHAMHKHY [IPOJIaK, BBIITOJIHEHU IJIAHOB U MPOTHO3HBIX MOJIETICH B PealbHOM BPEMEHH.

— Crparernueckue OT4YeTHl (PYKOBOJCTBO KOMIAHWHW): co3faHue enuHoi manemn KPI ¢
UCIIOJIb30BaHUeM OoraToii OuOnMoTekn BU3yanu3anuii Superset Ui OTOOpaKeHUS TPEHIOB U
MATTEPHOB.

Hactpouts aBTOMaTHueckue yBeaoMieHus o puckax (camkenne ARPU, pocT 010kupoBoOK).

Hactpouts API ajist uHTErpaliiy ¢ APyruMu cucTeMamMu KOMIIaHUH.

Brirona:

— COKpaIlICHHUE BpeMeHHU (POPMHUPOBAHMSI OTYETA C YACOB J0 MUHYT;

— BO3MOXKHOCTH drill-down 10 ypoBHs (uiinaia; TOYHOCTh JaHHBIX 33 CUET UCKIIIOUYCHHUS PYyUHBIX
OINOOK.
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be3onacHocTb.

Keycloak [18, 19] unu Apache Ranger amns ieHTpann3oBaHHON ayTeHTU()UKAIIMY 1 aBTOPU3ALINH.

[IndpoBanne nanHbx B okoe (Data Lake, DWH) u npu nepenaue (TLS).

Ayt 10CTyna K JaHHBIM M OTYETaM.

MackupoBaHu€e YyBCTBUTENbHBIX TaHHBIX (II€PCOHANbHBIC NaHHbIE A0OHEHTOB).

WnTerpamnms ¢ koprnopatuBasiM LDAP/Active Directory.

Beirona:

— COOTBETCTBHUE 3aKOHOATENbCTBY Pb 0 mepcoHanbHBIX JaHHBIX;

— 3aIUTA OT yTEUeK;

— IPO3pPavyHOCTh IOCTYIIA.

Opkecrpauus u DevOps.

Apache Airflow [7, 8, 9] — opkecrpamus ETL/ELT-naiimainos.

GitLab CI/CD wumu Jenkins aist aBTOMaTH9ECKOTO pa3BepPTHIBAHUS.

Terraform umu Ansible (Infrastructure as Code).

Prometheus u Grafana mist MOHUTOpHHTA TIATQOPMBI.

Beiroga:

— BOCIPOM3BOAMMOCTh HHYPACTPYKTYPHI;

— ObIcTpOE Pa3BEPTHIBAHUE HOBBIX OKPYKEHHIA;

— BBICOKAs HaJIEKHOCTD.

IIporno3nas anaautuka u Reverse ETL.

ML-muatdopma (Hanpumep, Ha 6aze JupyterHub u MLflow) ms:

— mporHo3a oTtoka (churn prediction),

—mnporaoza ARPUu LTV,

— PEKOMEHAATENLHBIX CUCTEM ISl KPOCC-TIPOIax.

Reverse ETL (unctpymentsl Ttuma Hightouch, Census wim caMomucHbIE KOHBEHEpHI) st
BBITPY3KH CEI'MEHTOB U MHcaiToB 00patHo B CRM u OniuHr.

Brirona:

— MPOAKTUBHOE Y/Iep)KaHHUE KINEHTOB;

— aBTOMaTHUYECKHUE NIEPCOHANN3NPOBAHHbIC MPEIOKECHNUS;

— poct LTV — moXu3HeHHOW LEHHOCTH KJIMEHTa, yNpoli€HHas ¢opMmysia Uil TeleKoMa:
LTV = (Cpennuii nnatéx B mecsn X CpemHsst MpOAODKUTENFHOCTD KU3HU KIIMEHTa B MecCAax) —
Pacxonpl Ha puBNeUEHHE U 0OCITYKUBaHHE.

O:xuaeMble BBITObI OT peau3anii MpoeKTa

CoxkpalnieHue BpeMeHH MOATOTOBKH OTYETOB!

— o 80% 3a cueT aBTOMaTHU3anuu (ceiyac 10 4-6 4acoB B IeHb HAa PYYHbIE ONEPAIIH).

— @opMHpOBaHHE OTUYETOB C 2 AHEN 10 15 MuHYT. JIOCTYN K JaHHBIM B PEAIbHOM BPEMEHH.

— Cokparienue 1ukia mianupoanus Ha 40%.

— MrHoBeHHOe 100aBneHne HOBBIX yeyT (1-2 jHs BMecTo 2-3 Hesenb).

IloBBIIIEHNE TOYHOCTH AAHHBIX:

— Ennnas Bepcus JaHHBIX JUIS BCEX OTYETOB.

— HMckmrouenue py4yHbIX OIMOOK Yepes eAnHbIe anropuT™bl pacdera (Hanpumep: ARPU mo Bcem
BUJIaM YCIIYT; TPOHWKHOBEHHE YCIYr C y4eTOM CHEeNH(UKA PErHOHOB TaKWX KaK KOJWYECTBO U
IUIOTHOCTh HACEJICHUsI, J0XO0 bl HACEJICHUS, HAIMYMS KOHKYPEHTOB B Pa3HbIX CETMEHTaX yCIyT U IIp.).

— CHmxenne onnook qaHHex Ha 90%.

YckopeHue NpUHSITHS peLICHU:

— ®opMupoBaHue OTYETA B pEAIbHOM BPEMEHHU (BMECTO €KEIHEBHBIX YCHIIUH).

— YckopeHnue npuHsTys pemenui Ha 50%.

— JlocTym K akTyanbHBIM JaHHBIM B peajIbHOM BPEMEHH IS aHATIHN3a 3 (GEKTUBHOCTH (HITHAIIOB.

OnepaunonHas 3)¢eKTHBHOCTB:

— MacmtabupyemocTs a7t OM3HeC-pocTa.

— Bo3MokHOCTE OBICTPOTO J0OABIICHUS HOBBIX METPHK (HAIIPUMEP, METPUKHU IS yCIIyTH «OKKOY
i «Jlutpecy).

— B03M0OHOCTH IPOrHO3HON aHAIUTHUKH.
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— IloBbIIeHNE po3payHOCTH NporeccoB Ha 90%.

— YCcKOpeHue MPUHATHS CTPATETUUECKUX PEIICHU.

CHmxeHre onepaIioHHBIX PUCKOB:

— LleHTpann30BaHHbIH KOHTPOJIb JaHHBIX U aBTOMAaTHYECKOE JIOTUPOBAHUE U3MEHECHUH.

Envnan Ananuruveckan Nnardgopma (EAMN) — Benrenekom
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v . l v v v
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Chata Lake BChHmise (Anaryhical IIWH) Postgre SOL. + Patne Cipesietiadata
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Apachie Sugerset Ky cinek Promemess + Gratane

L J L

S NOTPaBMTRAmM H OSPATHAR SRS

Pywoncacro M IO e DEK1OD Nagworom YOI ' swarruen Fore w ETL

Puc. 1. Enunas Aranmurundeckas [Inmardopma — Open Source crek amst nudpoBoid TpaHchopMaum
PVII «benrenekomy»

3akiIoueHne

Bueapenue npeanoxennoi miatdopmsl 1o3BonuT PYII «benrenekom» coBepunTh nepexon ot
(GbparMeHTHPOBAHHON PYYHOH OTYETHOCTH K €AMHOM YIIPaBIIAEMOH 3KOCHUCTeMe JaHHBIX. KiroueBbie
WU3MEPHUMBIE PE3yNIbTaThL:

— COKpalllecHHE BPEMEHH MOJTrOTOBKH OTUY€TOB C 2 mHe A0 15 MunyT (sxoromuss 0o 80%
mpyoozampam);

— CHIDKEHHUE OIIMOOK MaHHBIX Ha 90% 3a cuém asmomamuueckoi eepughurxayuu,

—poct LTV u cHmwKeHHe 0TTOKa Oiarogapsi MpOrHO3HON aHAJIMTHUKE U TMEPCOHATN3UPOBAHHBIM
MPETOKEHHSM.

ITnardopma moctpoeHa Ha coBpemeHHOM Open Source creke, YTO 00€CHEYHMBAET HHU3KYIO
COBOKYITHYIO CTOMMOCTH BIIJICHUS, MacIITaOUpPyeMOCTh U HE3aBUCUMOCTb OT BeHAOPOB. [IunoTHbIi
MPOEKT MUHUMHU3UPYET PHCKH, a MO3TAITHOE MacIITA0MPOBaHUE TIO3BOJISIET KOHTPOJIUPOBATh 3aTPaThl
Ha Ka)kJIOM II1are.

Peanuzanus gaHHOTO pelIeHHs CO3AAacT OCHOBY Ui HU(POBOW TpaHchOpMalWH YIpaBICHUS
JaHHBIMH W mepexona K data-driven KymbType, YTO HampsMy0 HOBBICUT KOHKYPEHTOCHOCOOHOCTB
KOMIIaHUH Ha PhIHKE TEJIEKOMMYHHKAIIMOHHBIX YCITYT.
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UNIFIED ANALYTICS PLATFORM (UAP) PROJECT FOR THE DIGITAL
TRANSFORMATION OF AN INFOCOMMUNICATION COMPANY: TRANSITION
TO DATA-DRIVEN MANAGEMENT AT RUP «BELTELECOM»

D.M. HARBUKOU

Abstract. The document substantiates the need to replace manual spreadsheet-based data processing
with an end-to-end analytics platform for RUP «Beltelecom». Current problems are described: lack
of a single data mart, high reporting labor intensity, inability to perform deep analysis, and risks of
data inconsistency. A solution architecture based on Open Source components (Kafka, ClickHouse,
Airflow, Superset, Kubernetes, OpenMetadata, Keycloak) is proposed. Expected benefits include up
to 80% reduction in reporting time, 90% reduction in data errors, faster decision-making, and
predictive analytics for churn and LTV.

Keywords: digital transformation, data management, telecom analytics, data platform, Open Source,
ClickHouse, Apache Airflow, business intelligence, data quality.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 621.391

CPABHEHME AJI'OPUTMOB ITIOABOPA BECOBOI'O KOO®PUIIMEHTA
OBBLEJIUHEHUS N30BPAKEHUI ATOMHO-CAJIOBOM MUKPOCKOIINA

M.IO. JIOBELIKMH

Benopycckuii cocyoapcmeennblii ynusepcumem ungopmamuxu u paouodnekmponuxu, Pecnyonuxa Benapyce

Hocmynuna 6 peoaxyuro 24 anpens 2026

AnHoTtanusi. B pabore pemraercs 3amada YCKOpeHHs HOA0Opa BecoBOro koddduimeHta mnpu
B3BCIICHHOM CJIO)K€HHH MHOTOKAHAIBHBIX H300paX€HUH aTOMHO-CHIIOBOW MHKPOCKOIHH Ha
OCHOBE JIOKAILHON KOPPEIALIUOHHOW MeTpuku. [IpeanoxkeH airopuT™, HCKIIOYAMONIMNA ITar
CerMEHTAIMH 3a CUET MPSIMOTO MOUCKA ONTHMYyMa OT LICHTPa JHana3oHa BECOB, YTO Ha BHIOOPKE M3
385 map u300pakeHMi 00ECIICUNIIO YCKOPEHHE B 6 pa3 OTHOCUTEIBHO IIT00AILHOTO Mepebopa mpu
CTaTHCTHYECKH HE3HAUMMOM OTKJIOHEHUH K03 (dHULneHTa.

Kniouesvie cnosa: aToMHO-CUIIOBasi MUKPOCKOIMS, B3BELICHHOE CIO0XKEHHE KaHAJIOB, JIOKAJIbHAS
KOppEIAIHOHHAs METPUKA, YCKOPEHHAs 00paboTka n3o0pakenuit, ounapusanus Oy.

Beenenue

MHorokaHansHasi aTOMHO-CHIIOBasi Mukpockorusi (ACM) obecriednBaeT OXHOBPEMEHHYIO
PETUCTPALIMIO HECKOJBKUX (DU3MUECKUX XapaKTCPUCTUK IOBEPXHOCTH, TaKUX Kak Tomorpadus,
HKECTKOCTD U BSI3KOCTh, OPMHUPYsI HAOOP CHHXPOHNU3UPOBAHHBIX OJTHOKAHAIBHBIX M300pakeHui. st
MOBBINICHUS HWH(OOPMATUBHOCTH BH3yalbHOTO aHAU3a MPHUMEHIETCS MpoIeypa B3BEIICHHOTO
CJIOKEHHSI KaHAJIOB, TO3BOJIAIONIAS CHHTE3UPOBATH €IUHOE KOMOWHUPOBAHHOE H300paKeHUE C
COXpaHeHHeM HanboJIee 3HAYMMBIX JIOKAJIBHBIX JeTalel KaKI0ro HCXoaHoro kanaia [1,2]. KiroueBsim
napamMeTpoM JIaHHOTO MPeoOpa3oBaHUsl BBICTYNAeT BeCOBON KO3(DOUIMEHT, oOmpeaensomui
OTHOCHTEILHBIN BKJIa]] KAXK/IOTr0 KaHala B UTOTOBYIO HHTEHCHBHOCTH MuKcelneil. HekoppekTHbIi BEIOOD
Beca NPHUBOJAMT K TOTEpPe KOHTpAcTa, CIIIKHBAaHUIO MHKpopelbeda HIM YCHICHHUIO NIYMOBBIX
apTe(i)aKTOB, YTO CHMXKACT AUATHOCTHYCCKYIO HEHHOCTH IIOJTYUYCHHBIX IdaHHBIX. OHeHKa KadyecTBa
00BbEMHEHHUS OCYIIECTRIIACTCS C MOMOIIIBIO JIOKATBHOW KOPPEIAIIMOHHON METPUKH [3], BhIUHCIIsIEMOit
B CKOJB3SIIEM KBaJpaTHOM OKHe. JlaHHas METpUKa y4YUTHIBAET NPOCTPAHCTBEHHBIC B3aUMOCBS3H
MEXKAY KaHaJlaMu HW JOCMOHCTPUPYET BBICOKYIO UYYBCTBUTCIIBHOCTH K COXPAaHCHHIO JIOKAJIBHBIX
HEOJIHOPOTHOCTEH, B OTJIMYMU OT JPYTrHX M3BECTHBIX METPUK KauecTBa [4-7], oqHako e€ 3HAaYCHUsS
CYIISCTBEHHO 3aBUCAT OT pa3Mepa aHamusupyroniero okxHa. CoriiacoBaHue pasMepa OKHa C
peo0IafalIMMU  MaciiTabaMyl CTPYKTYP Ha TOBEPXHOCTH SIBIISETCS HEOOXOIMMBIM YCIOBHEM
KOPPEKTHOM OIICHKH, YTO B KIJIACCHYECKHX pEaTH3alMsIX IOCTHraeTcs MyTéM IIOJIHOro mnepebopa
KOMOHMHAIUH BeCOBOTO KOA((UIMEHTa M pa3MepOB OKHA. Takoil MOJXOJ TapaHTUPYET HaXOXKJICHHE
r100aJIbHOTO ONITUMYMa, HO XapaKTePU3yeTCsl BRICOKOH BIUUCIIUTEIBHOMN CII0KHOCTBIO, IE/Iar0IIeH ero
HECIIPUMCHUMBIM U1 O6pa6OTKI/I GOHBIHI/IX MAaCCUBOB JaHHBIX HJIK CUCTEM pPECAJIBHOI'O BPEMCHHU.
HeobxomumMocTs ONTUMU3AIMU BBIYUCIUTENBHON HArpy3kd IpHBella K pa3paboTKe CErMEHTHBIX
MOJIXOJI0B, B KOTOPBIX pa3Mep OKHA OINpeAeNseTcs Ha OCHOBE IPEIBAPUTEIHLHOTO aHaIu3a
MPOCTPAHCTBEHHOW CTPYKTYpbl W300paxkeHWi. B yacTHOCTH, nMprMeHeHne OMHApU3allui 10 METOAY
Oy ¢ MOCHeayIIUM MOCTPOSHUEM TUCTOTPaMMbI 3(PPEKTUBHBIX pa3MEpPOB BBIACICHHBIX 00JIacTei
MO3BOJISET 3a(pUKCUPOBATH pa3Mep OKHA MO MOJAAIbHOMY 3HAYCHHIO PaCIpeACICHHUs], CYIIECCTBCHHO
COKpaIlas IpocTpaHCTBO Moucka. HecMoTpst Ha Jjoka3aHHYI0 3G GEKTHBHOCTh, CETMEHTHAs 00padoTka
BBOJIUT JIOTIOJIHUTEIHHBIC JTAlbl MPET00Pa0OTKH, YBEIIMYUBAET OOINYIO JUIMTEITLHOCTD BEIYUCIICHUH U
TpeOyeT KOHTPOJIS MTapaMeTpOB OMHAPU3AIUK s m30exkaHus apTe(akToB Ha TPAHHIIAX PA3HOPOIHBIX
obmacreit. Bo3Hukaer Hay4YHas ¥ MpakTHIeckas HeOOXOIUMOCTh B pa3paboTKe airopuT™Ma, CIIocOOHOTO
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o0ecrneunTb CONOCTaBUMYIO TOYHOCTb MHOAOOpa BecoBOro KoddduimeHta 0e3 MCHOJIB30BaHHS
HpOLETyp CErMEHTAIl! M CTAaTHCTHYECKOT0 aHaIu3a pa3MepoB obmacreil. Llenbro HacTosmeii paboTs
SBIIETCS TIOBBIIIEHHE TOYHOCTH M CKOPOCTH TOAOOpa BEcOBOro KoddduimeHTa ClIoxXeHU
MHPOPMaMOHHBIX KaHaoB n300paxennii ACM.

MaTepnanbl U METOAbI

UccnemoBanne  mpoBOgWIIOCH Ha ~ Habope  JaHHBIX, BKJIIOYaomeM 385  map
CUHXPOHM3UPOBAaHHBIX ACM-H300pakeHU, MONYyUYEHHBIX B Pa3JIMYHBIX PEKUMax CKaHUPOBAHUS
(npumep Ha pucyHke 1).

Pucynok 1. [Ipumep nByx kanaioB ACM-u3o0paxeHuit

Cunrtes KOM6I/IHI/Ip0BaHHOFO I/1306pa)KCHI/I${ OCYHIECTBJIAJICA TMOCPEACTBOM B3BCIICHHOI'O
CIIOJKCHMS MUKCEITHbHBIX 3HAUCHHI ABYX UCXOJHBIX KaHAJIOB B COOTBETCTBHUU C BIPAXKCHUEM

m, (y,x)=[k-m, (y,x)+(1-k)m,(y,x)] )
,
rae m ( Y, X) um, (y, X) NPEACTaBIAIOT COO0 HHTEHCUBHOCTH IMKCEJIeH IEPBOrO M BTOPOTO KaHAJIOB
COOTBETCTBEHHO, K sBIIsieTCsl BECOBBIM KO3(h(UIMEHTOM, MPUHUMAIONIMM 3HAYEHHS B WHTEPBAJE OT
HyIId 10 €OUHULBL, M (y, X) 0003HaYaeT pe3yNbTHPYIONIYI0 WHTEHCHBHOCTh KOMOWHHPOBAHHOTO
M300paKEeHUS.
®uznyeckuii cMbicn kKoddunuenta K 3akimodaercss B OaJaHCHPOBKE BKJIA/IA KAHAIOB TaKHM

o6pa30M, YTOOBI MHUHHUMU3UPOBATH UCKAKCHUA 3HAYNMBIX JIOKAJIbHBIX CTPYKTYP IIPU CIIUAHUU. OLIGHKa
KadyeCTBa 06’LCI[I/IHCHI/I$I BBIIOJIHSJIACH C HCIIOJB30BAaHUEM JIOKAJIBbHOM KOpperIL[I/IOHHOﬁ MCTPUKH

D, (p), Beraucisiemoii mo hopmyie

r(M,M,p)+r.(M_,M,, p)
|rL(Mc’M1’ p)_rL(MC7M2’ p)|'rL(M1’M2'O'5)

D, (p) = )
rie I o0Oo3HauaeT KOI(PGHUIMEHT JIOKATBHOH KOPPEISIIUM MEKAY COOTBETCTBYIOIINMHU
HU300pKCHUAMH B KBaJIPATHOM OKHE THAMETPOM B P MIHKCEICH.

Merprka y4YHTHIBACT B3aUMHYIO KOPPEJSLUI0 KOMOWHHPOBAHHOTO H300pPKEHUS C KasKIbIM
UCXOJIHBIM KaHAJOM, a TaKXKe KOPPeILIHMI0 MEKIy CaMHMH KaHalaMH, 4YTO O0eclednBaeT
KOMIUTEKCHYIO OIICHKY COXpaHHOCTH HH(popMauu. Yewm Boinre 3HadeHne D (P), TeM mydrie kauecTBO
oObenuHEeHUs. B paboTe CpaBHHBAIMCH TPH AITOPUTMUYECKHX TIOIXOJa K OIPEACICHHIO
ONTHUMAJIBHOTO 3Ha4YeHHMS K.

DTaNoHHBIA METOJ| pealnu3yeT MOJHbIH nepebop kodddunuenta K B auama3one OT HYJS 10
SIMHHMIIBI ¥ pa3Mepa OKHA P B IIMPOKOM MHTEpBaJie BO3MOXKHBIX 3HaueHUH. JIJIs Kaxk 10l KOMOWHALIH

mapaMeTpoB BbUHCIseTcs MeTpuka D (P), mocie dero BeIOMpaeTcst mapa, O0OeCIeYHBArOLIas
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MaKCHUMalbHOE 3HaueHHe. JJaHHBIM OAX0 TapaHTHPYET HaX0XIeHHE TII00aIbHOT0 ONTUMYMA, OIHAKO
€ro BBIYMCIIUTENIbHAS CIIOKHOCTh MPOIOPIIHOHATbHA POM3BEICHHIO KOJINYECTBA MIaroB 1mo K u p, 4to
MIPUBOINT K 3HAYUTEIHHBIM BPEMEHHBIM 3aTpaTaM.

CerMeHTHBI METOJ CHIKAET pa3MEepHOCTh 3aJayd 3a CU€T MPEABAPUTEIBHOTO OINMpeeNeHUs
ONTHMATBHOTO pa3Mepa okHa. Ha mepBom 3Tare BhIMONHAETCS OMHAPHU3AIHS KaXXI0TO KOMIIOHEHTHOTO
n300pakeHus mo anroputMy Oy, pa3Iensomnas MUKCeIn Ha O0beKTHYIO U (OoHOBYIO obmacTh. Jlanee
cTpoutcs TucTorpaMma 3p(EeKTUBHBIX pPa3MEpPOB BBIJCTICHHBIX CETMEHTOB, M €€ MOAaIbHOE 3HAUCHHE
NPUHUMAETCSI 32 CTapTOBBIM pa3Mep OKHa P, HA OCHOBE KOTOPOTO OCYIICCTBIISIETCS MOHMCK METOJ0M
30JI0TOTO CEUCHHUS pa3Mepa OKHa P U BecoBOro kodddurmenta K ¢ 3a1aHHbIM IIaroM JI0 JTOCTHKCHUSI
makcumyma D (p).

[lpeanaraeTcs MeETOA, TOJHOCTBIO MCKIIOYAIOMMK OSTanbl OWHApU3allMM, CErMEHTAalud W
IIOCTPOCHHS THCTOrpaMM. AHanu3 3aBucuMocteit D (P) Uit pasnuuHbIX map H300pakKeHUi ToKasar,

YTO (QYHKIIMS METPUKHU 00JIaIaeT MITaJKUM XapaKTePOM U COJICPKUT SAMHCTBCHHBIN SIPKO BBIPAKCHHBIH
MaKCHUMYyM B UCCIIEAYEMOM JAuana3oHe. ITO CBOWCTBO MO3BOJISET MPOU3BOANTH MOUCK ONTUMAIILHOTO
BECa HEMOCPEICTBEHHO OT 1eHTpoB auamna3oHa K =0,5; p=62. [Iepebop ocyiiecTBIsSETCS MOLIArOBO ¢
¢uxcupoBanubiM marom Ak =0,033;Ap=1 B 00e CTOPOHBI OT HAYAIBHOH TOYKH JIO0 TEX IOp, MOKa
3HAUYEHUEC METPHKH HE HA4HET yOBIBaTh, YTO CBHIETEILCTBYET O MPOXOXKACHUH dKcTpemyMa. Illarn
6I)UII/I BI)I6paHI)I uexoass U3 6ancha MCXKAY TOYHOCTBIO OIIPEACICHHUA OINTUMyMa W OOCTYIIHBIMHU
BpeMEHHBIMU pecypcamu. CTaTHCTHYECKas 3HAYMMOCTh PA3NUYUil MEXy METOJaMH OICHUBANACH C
NpUMEHEHHEM napHoro t-kpurepust CTeroieHTa npu ypoBHe 3HaunMoctd « =0,05. Bee Bbrumncienus
BBIMONHSUIMCh B MJICHTUYHBIX  MPOrPAMMHO-AMMAPATHBIX  YCIOBUSAX  JUIsl  oDecredeHus
BOCITPOU3BOTUMOCTH PE3YJIbTATOB.

PesyabTarsl

[Tocne mnpuMeHeHHs MPEAJIOKEHHOTO METOJa COBMEMICHUS WH(POPMAIMOHHBIX KaHAIOB
n300paxkeHus, pe3yibTUpylolee n3oopakeHne HeceT B ceOe Oojblle NAaHHBIX U AajbHEUIIEro
aHanm3a (MpuMep KOMOMHUPOBAHHOTO N300paKeHHUs! MPUBECH HA PUCYHKE 2).
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Puc 2. Ilpumep oObeAnHEHNS IBYX KaHAJIOB H300paKeHUS

CpaBHUTENBHBIA aHATN3 BBIYMCIUTENHLHOU 3()(PEKTHBHOCTH TPEX PACCMOTPEHHBIX IOJXOJ0B
BBISIBIJI CYIIIECTBEHHBIE PA3IU4Msl BO BPEMEHHBIX 3aTpaTax Ha 00pabOTKy OJHOW Mmapsl M300pakeHNH.
Cpemuee BpeMs BBITIONIHEHUS JTAJIOHHOTO TiIoOambHOTO mepebopa cocraBmio 2,80+0,05 ¢, dro
OTpakaeT BBICOKYH) CTOMMOCTH IOJIHOTO CKaHUPOBaHHs IMPOCTPAHCTBA mapameTpoB. [lpuMeHeHue
CEerMEHTHOIO0 METO/a Ha OCHOBe OumHapuzanuu OIly W aHaau3a MOJBI THCTOTPAMMBI TO3BOJIHIIO
COKpPATUTh cpesiHee Bpemsi 00pabotku 10 0,47+0,01 c. [IpenioxkeHHbIH alropuT™, HCKITIOYAFOIIMHA 3TaI
CEerMEHTAINH, TPOoJAeMOHCTpUpoBasl cpemuee Bpemst BoimosHeHHs (0,46+0,01 c. OTHOCHUTEIBHO
3TAJIOHHOTO MOAX0JIa YCKOPEHUE 000MX METOJIOB JOCTHUIIO 6 pa3, YTO HATJISAIHO WUTFOCTPUPYETCS Ha
pucyHke 3.
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Puc. 3. CpaBHeHHe cpeTHEr0 BpEMEHH BBINOJIHEHHS METOIOB 10100pa BECOBOTO KO3 (dHLMeHTa

Pa3Huma Bo BpeMeHH BBIMOTHEHUSI MEXKLy CETMEHTHBIM M IPEAJIOKECHHBIM METOJaMH COCTaBHIIA
1,63%+3,21%, uyto mo pe3ynpraTaM mnapHoro t-kpurepusi CTbhIOAEHTA SBISIETCS CTATUCTUYECKU
HE3HAYUMBIM.

To4yHOCTH OmpesneneHus] BeCOBOTO Kod(h(UIMEHTa OLEHHBANACh IO BEIWYWHE OTKIOHEHHS
Hal/ICHHOTO 3HAa4YeHHs K OT STalOHHOrO0 ONTHUMYyMa, MOJYYCHHOro rIo0anbHbIM mepebopom. s
MPEUIOKEHHOTO MeTofa cpeanee oTkinoHeHue coctaBmio 0,037+0,076, Torma Kak Iisi CETMEHTHOTO
MoX0/1a AaHHBIN Nokazatens paBeH 0,040+=0,075. PacnipeneneHre OTKIIOHEHHH JTI 000MX YCKOPEHHBIX
METO/IOB IEMOHCTPHPYET OJIN3KHE CTATUCTUUECKUE XapaKTEePUCTUKU U MPEACTABICHO Ha PUCYHKE 4.

044
0314
0.2 4

0.1

ABcomonioe oTkaoneHre Beca K o1 Y1a001a

T v
Hpesromemnuaii Cermenmauit
(6es cermenTammm) (Orry + moan)

0.0 4

Puc. 4. Pacnpez[eneHI/Ie OTKJIOHCHUH Haﬁ,ﬂeHHOI‘O BCCOBOI'O KOZ)(b(bHI.[PIeHTa k OoT 3TaI0HHOr0 3HAYEHUS

CrarucTHyecKnii aHaJlM3 MOATBEPAMI OTCYTCTBUE 3HAUYMMBIX Pa3IMYMi B TOYHOCTH MOAOOpa
Beca MEXIYy YCKOpeHHbIMH moaxoiamu (p>0,05). [lomonmHurensHblli aHanu3 ¢GopM 3aBUCHMOCTEH
D, (p) mns Bcex 385 map m300pakeHHiA MOKA3al, YTO KPHBBIC METPUKH XapaKTEPU3YIOTCS BBICOKOM

TITIaJKOCThIO W HAJIW4YHUEM CIWHCTBCHHOIO T. TT00ABHOTO MaxkCuMyma IIpHu TIIOOBIX JAO0IMYCTUMBIX
3HA4YCHUAX P. TunuanbIi npumMep 3aBUCHMOCTEH MpeACTaBJICHBI HA PUCYHKE 5.

3asucumocTb D_L oT k ang pazHbix pasMepos okHa

150 4 — AT
— p=l?
=== k1=0.833

100 4 -== k2=0.700

D_L(K)

50 1

0.0 0.2

0- T
0.4

0.6 0.8 1.0

Puc. 5. TUIHYHBIE 3aBUCHMOCTH JIOKaIbHOM KoppensuuonHoii metpuku D, (P) ot Becosoro kospduumenta k
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OtcyTcTBHE JOKaNIBbHBIX SKCTPEMYMOB W MOHOTOHHOE TMOBeleHHE (YHKLUUH B OKPECTHOCTSIX
ONTUMyMa OOBACHSIOT YCTOHYMBOCTH PE3YJIbTAaTOB IMPEIJIOKEHHOTO MeToJa K BbIOOpY HadaabHOM
TOYKH ITOMCKA U MOATBEPKIAIOT KOPPEKTHOCTh CTPATErUu LIEHTPUPOBAHHOTO Iiepedopa.

O6cy:xnenune

[lonmy4yeHHbIe pe3ysbTaThl CBUAETENBCTBYIOT O TOM, YTO HCKIIOUCHHME 3Tala CErMEHTAlUU U
aHaJIM3a TUCTOTPaMM pPa3MepoB 00JacTell He MPHUBOAUT K YXYALICHUIO TOYHOCTU HOAOOpa BECOBOIO
koo duumenta npu B3BemeHHOM cioxeHnn ACM-uzoOpaxennil. TeopeTnueckoe 00OOCHOBaHHE
JaHHOTO (hakTa 3aKIIOYaeTcsl B CIECHU(PHUECKHX CBOHCTBAX JIOKAJIbHON KOPPENSIMOHHON METPUKH
D, (p). Kak mokasaHo B pasjene pe3ylbTaToB, 3aBHCHMOCTh METPHKH OT BECOBOTO K0d(dHIeHTa

UMeeT TIIAJKWH, YHHUMOJAIBHBIA XapakTep Ha BCEM HCCIIEIyeMOM HHTepBajie. JTO O3HA4aeT, 4TO
(GYHKIUS HE CONEPKHUT JIOKAJIBHBIX 3KCTPEMYMOB, CIIOCOOHBIX HApyIIUTh pPabOTy aarOpUTMOB
JIOKAJILHOTO TTIOMCKA, a €€ TPaIeHT YCTOHYMBO HAIIPABIICH B CTOPOHY INI00AIBHOTO ONTHMyMa. B Takux
YCIIOBHSAX CTpaTerusi HHULMHPOBaHUS nepebopa or neHtpa auanazonoB k =0,5 p=62 okxa3sBaercs

MaTeMaTHyecku 000CHOBaHHOM, MMOCKOJNBKY HadajbHash TOUYKA C BBICOKOH BEPOSTHOCTHIO IMOMAAACT B
001acTh MOHOTOHHOT'O POCTA METPUKH, 0OecreunBast ObICTPYIO CXOOUMOCTb K MakcuMyMy. CTOHKOCTh
METPUKH K BapHalWsIM HAYaldbHBIX YCIOBHH IOMOJHHUTENBHO YCHJIMBAETCS 3a CUET YCPEIHSAIOLIETO
a¢deKTa TOKATBHOTO KOPPEISIHOHHOTO OKHA, KOTOPOE CIIIaXHBAET BBICOKOYACTOTHBIE IMyMBI H
CTaOMIIM3UPYET OLIEHKY KauecTBa oObenuHeHus. [IpakTuueckast MEHHOCTh MPEIOKEHHOro MOaX01a
OTIpeIeIAeTCS CYIECTBEHHBIM YIIPOIIEHHUEM BBIUMCIUTEIBHOTO npouecca. OTKa3 oT OMHapU3auuy 10
Oy, MOCTPOEHUS TUCTOTPaMM U BBIYMCIEHUS MOJAIbHBIX 3HAUEHUH yCTpaHsIeT HaKJIaJHbIEe PpacXoIbl
Ha MpeBapUTENbHYI0 00pabOTKY, KOTOphIE B CETMEHTHOM METoJie¢ MOryT nocturath 15-20% or
o0miero BpeMeHH BbBIMONHEHHWS. Ha Oonpmmx BBIOOpPKaX MAaHHBIX WM B CHCTEMax, TPEOYIOIINX
00paboTKH N300paKEHUIT B peKUME PEATbHOTO BPEMEHH, TAKOE YIPOILLCHUE HAPSIMYIO TPAHCIUPYETCs
B TIOBBINICHHE MPOIYCKHOH CIIOCOOHOCTH M CHWKEHHE 3ajiepkek. Kpome Toro, ycrpaHeHue itama
CerMEHTal[i CHUMAaeT MpoOJeMy YyBCTBHTEIHLHOCTH QJITOPUTMa K MapamerpaM OWHapH3alud
apredakTaM Ha TIpaHULIAX HEOJHOPOIHBIX O00JacTel, YTO MOBBIMIAET CTAOMIBHOCTH PadOTHI Ha
N300paXEHUAX CO CIOKHOM TEKCTYPOH HITH HU3KUM KOHTpacToM. TeM He MeHee, TpeI0KEeHHBII MeTOo/]
uMeeT ompeneiEHHbIe OrpaHudeHus. B ciydasx, kKoria pacipesieieHue pa3sMepoB CTPYKTYp Ha
MIOBEPXHOCTH HOCUT PE3KO MHOTOMOJIABHBIN XapakTep, pukcupoBaHHsii mar nepedopa Ak =0,033
MOJKET OKa3aThCsl HEIOCTATOYHO aJIalITUBHBIM, a PACIIONIOKEHUE Ha4yalbHON TOYKHU MOKCKa MOTpedyeT
JIOTIOJTHATENBHBIX HUTEpaluid AN TOCTHXKEHHs ONTUMyMa. [ TakWxX CLEHapueB MNEpPCIEKTUBHBIM
HalpaBlICHUEM SBISIETCd BHEIPEHHME AaJalNTHBHOIO IIAra, JWHAMHUYECKH M3MEHSIOIErocs B
3aBUCHUMOCTH OT JIOKAIBHOTO TPajMeHTa METPHUKH, JHO0 THOpUIHAS CTpaTerds, KOMOMHHPYIOIIAS
OBICTPBIN IICHTPUPOBAHHBIA TMOUCK C BBIOOPOYHOW TMPOBEPKOW TpaHWIl AMana3oHa. [lepcrieKTHBBI
JTabHENIIIETO pa3BUTHA AJITOPUTMA CBSI3aHBI C €r0 MHTErpalel B ClieuaIn3upOBAHHOE TPOrPaMMHOE
oOecrieyeHne Isi aBTOMAaTH3MPOBAHHOM 00paboTku MHOrokaHanbHbIX ACM-nansbix. Pacmmpenne
MeToIa Ha Ciiydail ciusiHusi Oosiee IBYX KaHaluoB mnorpebyer moauduxammu merpukun D (p) u

nepexoja K MHOTOMEPHOW ONTHMH3AIMH BECOBBIX KOA(PQUIIMEHTOB, OJHAKO CBONCTBO TJIaJKOCTH
1eeBol (YHKIMH, BEPOSTHO, COXPAaHUTCS, YTO TO3BOJUT IMPUMEHHUTh AHAJIOTHYHBIE CTPATETUH
YCKOPEHHOTO TOUCKA. JJOMOJHUTENBHO NPEACTABISET HHTEPEC TECTUPOBAHUE AJITOPUTMA HA JIAHHBIX
JIPYTUX BHJIOB CKAaHHUPYIOMICH 30HIOBOM MHKPOCKOIWHU, TIE 3a7add B3BEIICHHOTO OOBEIWHEHUS
KaHaJIOB TAKXKE SIBJISIOTCS aKTyaJbHBIMH.

3aKkiIo4yenne

B pabote mpoBeneHO CpaBHUTEIILHOE HCCICAOBAaHUE TPEX ajIrOPUTMOB I0J00pa BECOBOTO
KO3 GUITUEHTA JTSl B3BEIICHHOTO CIOXEHHsI MHOTOKaHANbHBIX ACM-m300paxenwii. [IpennoxxeHHbIH
METO/I, UCKITFOYAIOIIUH ATAIl CETMEHTAIINH U aHAJIM3a TUCTOTPAMM Pa3MepOB 00JIaCTe 3a CUET MPSIMOTO
MMOMCKa ONTHUMyMa OT IIEHTpa JWana3oHa BECOB, OOECIEUYMBACT YCKOPCHHE BBIYHCICHHH B 6 pa3
OTHOCUTENIFHO  3TaJOHHOrO  TJo0asibHOrO  mepebopa. OTKIOHEHWS  HAWIEHHBIX  BECOBBIX
KOA(P(GUIIMCHTOB M 3HAYCHUS JIOKAJIBHONH KOPPEISIIMOHHOW METPHKH CTATUCTHYCCKH HE3HAUYMMO
OTJIMYAIOTCS OT PE3yIhTAaTOB CETMEHTHOTO TOIX0JA, YTO MOATBEPKIAET COXpaHEHHE TOYHOCTH IPH
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YOPOUICHUN BBIYUCIUTCIBHOIO IIPpOLECCA. I'magkuii XapaxkTep 3aBUCUMOCTEH MCETpPUKH OT BECa U
HaJIM4ue C€AMHCTBEHHOTO MaKCHUMyMa 000CHOBBIBAIOT YCTOﬁqHBOCTL HeHTpI/IpOBaHHOﬁ CTpaTeruun
IIOHCKa. AJ'IFOpPITM JACMOHCTPHUPYET BBICOKYIO IMPAKTUICCKYIO IPUMEHUMOCTD U I'OTOB K BHCAPEHUIO B
CHCTCMBI aBTOMaTHSI/IpOBaHHOfI O6pa6OTKI/I MHOTI'OKaHAJIbHBIX JaHHBIX aTOMHO-CHJIOBOM MHKPOCKOIINH.

COMPARISON OF WEIGHT COEFFICIENT SELECTION ALGORITHMS FOR
FUSION OF ATOMIC FORCE MICROSCOPY IMAGES

M.YU LAVETSKI

Abstract. This study addresses the acceleration of weight coefficient selection for weighted fusion
of multichannel atomic force microscopy images using a local correlation metric. A segmentation-
free algorithm is proposed, which initiates direct optimization from the center of the weight range,
achieving a 6.1-fold speedup over exhaustive search on 385 image pairs with statistically
insignificant weight deviation.

Keywords: atomic force microscopy, weighted channel combination, local correlation metric,
accelerated image processing, Otsu binarization.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

V/IK 004.056.5

PA3PABOTKA ITPABWJI KOPPEJISIIIMU COBBITU TH®OPMAIIMOHHOM
BE3OITACHOCTMH B SIEM-CUCTEMAX HA OCHOBE HOPMATHUBHOI'O
NEPEYHS COBBITU

I.C. CMOTPVYK*?, C.H. IIETPOB?, T.A. ITYJIKO*

1 — Benopycckuii 2ocydapcmeentblil yHUgepcumem UHGoOpmMamuru u paouosnekmponuxu, Pecnybauxa Benapyco,
2 — 000 «CopmJlatin Jupexmy

Hocmynuna 6 peoakyuro 7 anpens 2026

AnHotanusi.  PaccMoTpeHbl  BONpOCHl  MOBBIMIEHHS — I(QQPEKTUBHOCTH  MOHHTOPHHIA
nHpopMalMOHHO 0Oe30macHOCTH  OpraHu3alMid  3a CYeT pa3padoTKM U NPUMEHEHHs
aJanTHPOBAHHBIX MPaBWII KOPPESIIUN COOBITHH B cucreMax kimacca SIEM. [IpoBexen anamms
HOPMAaTHBHO YCTAHOBJIECHHOTO IIEpeYHs THIOB M 3amuced coObITH HMH(OPMALMOHHOH
0e30macHOCTH, TOUISKAINNX PETHCTPAlWH, KOHCOJNHIAUMH W XPaHEHHWIO. BhImoigHeHO
COIIOCTABJICHUE YKa3aHHBIX THUIIOB COOBITHI C KOHKPETHBIMH 3aMHCSAMH KYypPHAJIOB JIOTHPOBAHHUS
pa3IMYHBIX KOMIOHEHTOB HWH(OpManmMoHHOM uH(pacTpykTypsl. Paspaboran HaOop mpaBmi
KOPPEJAINH, OPUEHTUPOBAHHBIX Ha BBISBICHWE THIOBBIX YIPO3 M HHIUAECHTOB HH(POPMAIIMOHHON
Oe3omacHocTy. Pe3ynbTaThl anpobanuu pa3paboTaHHBIX PABUI KOPPETALMH IIOKa3alu CHIDKCHHE
YPOBHS  JIOKHOIIOJIOKUTEIBHBIX CpabaThbiBaHUi M TMOBBILEHHE A(P(PEKTUBHOCTH BBISBICHUS
HapylieHHi HHPOPMAIIOHHOM 0€301acHOCTH.

Kniouegvie cnosa: wnbopmaiuonHas OesonacHocTb, SIEM-cuctema, Koppensuus COOBITHH,
JKYPHJIBI COOBITHI, MOHUTOPUHI MH(OPMAIMOHHOI 0€30MacHOCTH, KUOSPUHIMACHTHI, TPHKa3
OAIJ ot 25 uroms 2023 1. Ne 130.

BBenenne

CoBpeMeHHBIE OpraHM3anvi (QYHKIHOHHPYIOT B YCIOBUSAX aKTHBHOM IU(POBU3ANMN H
HIMPOKOTO BHEJAPEHHsT HH()OPMAIIMOHHBIX TEXHOJIOTH, YTO TPUBOJUT K POCTY 3ampoca Ha
Oe3omacHocTh. lcrnonp3oBaHne paclpeeNeHHbIX BBIYUCIUTENBHBIX CPel, YAAJEHHOTO JOCTyINa |
CETEBbIX NMPHIOKEHUH YBEIIMYMBACT CIOKHOCTH MH(OPMALMOHHOW MH(PACTPYKTYPHl U pacIIupseT
MOBEPXHOCTh MOTEHIHAIBHBIX aTak. OJHOBpEeMEHHO HaOJIIOJAaeTcss POCT dYHCiIa W CIOKHOCTH
KrOeparak, MPUMEHSIOMNX MHOTO3TaIHbIE CIIEHAPUY MPOHUKHOBEHUS M MAacCKHPOBKY BpPEIOHOCHOM
AKTUBHOCTH IO/l JIETUTHUMHBIE JEHCTBUS TOjdb30BaTrenel. OJHMM M3 OCHOBHBIX HCTOYHUKOB
MHPOPMALMK O COCTOSIHUM HWH(POPMAMOHHONH O0€30IacHOCTH SIBIAIOTCS KYPHANbl COOBITHH,
bopMHpyeMble Pa3TUYHBIMI KOMIIOHEHTaMHU WH(QOPMAITHOHHON MH(PACTPYKTYPHI: ONEepPalMOHHBIMH
cuctemMamH, cepBepHbIMU npuioxeHusMu, CYB/l, cereBbIM 000pyIOBaHUEM M CPEICTBAMH 3AIIUTHI
nHpopmaruy. OJHAKO aHATN3 TaKUX >KYPHAJOB M0 OTAEIBHOCTU 3aTPyAHEH U3-3a O0NbIIoro o0beMa
JIAaHHBIX, pa3Muuil B opmarax 3amucell U OTCYTCTBHUS €IMHOTO KOHTEKCTa COObITHH. [ pereHus
JaHHOW mpoOsieMbl TpuUMeHstoTest cucteMbl kiacca SIEM  (Security Information and Event
Management), oOecreunBaronIfe LEHTPATU30BaHHBIA COOp, HOpPMAalM3alUIO, XpaHEHHE W aHAJU3
coObITHI MH(pOpMannOoHHON Oe3omacHOCTH. OIHUM M3 KIIOYEBBIX MEXaHHW3MOB aHaIM3a COOBITHI B
TaKUX CUCTEMaX SIBIISTIOTCS IIPAaBHIIa KOPPEIISAIUH, TO3BOJISIFOIIUE BBISBIATH B3aUMOCBS3aHHbBIE COOBITHS
1 GOpPMHUPOBATH YBEJOMIICHHS O MOTEHIIMAIBHBIX HHIIUIEHTAaX 0€30MaCHOCTH.

AKTyaJbHOCTb HCCJIENOBaHHs OOYCJIOBIEHA TakXKe pPa3BUTUEM HOPMAaTHBHO-TIPABOBOTO
perynupoBaHus B cdepe uHpopMaloHHoW Oe3omacHoctd PecnyOnuku benapych. B wactHocTH, B
pe3ynpTaTe NpUHATHS Nprka3a OnepaTHBHO-aHAIMTHYECKOTO IeHTpa npu llpesunente Pecmybmuku
Benapycp ot 25 mrons 2023 r. Ne 130 «O mepax mo peanuszauun Ykaza [Ipesugenra PecnyOnuku
Bbenapych ot 14 derpains 2023 1. Ne 40» (nanee — IIprkas) ycTaHOBIICH 00s13aTeIbHBIN IEpEUEHb THIIOB
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U 3amnuceil coObITHI HHPOPMAIMOHHOHN 0e30MacHOCTH, MOICKALINX PETUCTPALIMU, KOHCOIUAAUN 1
XpaHeHuro. J[aHHbIN IepedeHb onpeaeieT MUHUMAIbHO HEOOXOIUMBIH HA0Op COOBITHH, TTOIEIKATITHIX
cO0py, U CIIy>KUT OCHOBOH IJ151 TIOCTPOEHMS IPOLIECCOB MOHUTOPHHT'A, PAcCIIeI0OBaHUs U pearupoBaHus
Ha MHLIUACHTH HHPOPMAIIMOHHOM 0€30MacHOCTH ¢ HCHoib30BaHueM cucteM kiacca SIEM. [lepeuens
CIIy’)KUT HCXOJHOW TOYKOH JUIsI IOCTEOYIOLIETO COINOCTaBJICHUS COOBITUH C KOHKPETHBIMHU
MCTOYHUKAMHU JIOTHPOBAHUS M X UAECHTU(HUKATOPaMu, a TAKXKe IJs1 pa3pabOTKU MPaBUII KOPPEILHH,
HanpaBJICHHBIX Ha BBISIBJICHWE HHIUAECHTOB HH(OopMannonHoi 6e3onacHoct B SIEM-cuctemax [1].

Hecmotps Ha mmpoxoe pacnpoctpanenne SIEM cucrem u Hannyre B HUX BCTPOGHHBIX HAOOPOB
IPaBUJI KOPPEISILUH, OONBIIMHCTBO TAKUX MPABUJI OPUCHTUPOBAHO HA TUIIOBBIE CLICHAPHH YIPO3 U HE
YYUTBIBA€T OCOOCHHOCTH KOHKPETHOW WH(OPMAIMOHHOW WHQPACTPYKTYpPHI, a TakKe TpeOOBaHUS
HAIIMOHAJBHOTO 3aKOHOJATENhCTBA. B pe3ybpTraTe UCTONB30BaHNE CTAHAAPTHBIX MPABUI KOPPEIALUT
MOJKET Jr00 He 00ecTIednBaTh JOCTATOYHEIN YPOBEHb OOHAPYKEHUS MHIMIEHTOB, 00 TPUBOIAUTH K
3HAYUTEILHOMY KOJIMYECTBY JIOKHOIIOJIOKHUTEIbHBIX CpadaThIBaHUH.

Llensto wuccnenoBaHusl sBIsieTcss pa3paboTka Habopa TpaBWI KOPPESIIMU  COOBITHIH
uHdopmanmonnoit OeszomacHoctu s SIEM-cuctembl (Ha npumepe rmiatgopmbl  RuSIEM),
o0ecrneynBalOUINX  aBTOMAaTU3UPOBAHHOE  BBIABICHWE 3HAYUMBIX COOBITMA M HMHIUICHTOB
MHPOPMAIIMOHHOH 0€30MaCHOCTH Ha OCHOBE HOPMATHBHO YCTaHOBJICHHOTO MEPEYHs COOBITHH.

ComnocragpJ/ieHrie TUIIOB COOBITH € *KYPHAJAMM JIOTHPOBAHUS U UX HAEHTH(UKATOPAMH

Jns  BemmonHenusi TpeboBanuii Ilpukaza B opraHu3alud  peayiM30BaHA apXUTEKTYpa
[EHTPAIM30BaHHOTO cOopa U 00pabOTKU COOBITHI WHPOPMAIIMOHHONW 0€301MacHOCTH, YUUTHIBAIOIIA
Pa3sHOPOJHOCTh UCTOYHUKOB, UX KPUTHYHOCTH W MaciuTad uHppacTpykTypsl. [IpakTuka mokasbiBaer,
YTO HOPMATHUBHO YCTAHOBJICHHBIM IEepeueHb COOBITHH MOXXET OBITh COOpaH TONBKO MPH COYETAHHH
BCTPOCHHBIX MEXaHM3MOB KYPHAJIMPOBAHUS ONEPALUOHHBIX CHCTEM C PACHIMPEHHBIMH CPEICTBAMHU
ayJiTa, a TaKKe MPHU UCTI0NBb30BaHUN YCTOHYMBBIX KaHAJIOB JIOCTABKU M Oy(epu3aium.

B un(pactpykType Ha paboumx cTaHIUSAX U 4YacTh cepBepoB cemeiicTBa Windows 6a30BbIM
MCTOYHHUKOM SIBJISIETCS JKypHaJl 0€30MacCHOCTH M CUCTEMHbIE KypHasbl. OJIHAKO ISl 3HAaYMMOHN 4acTu
3a]]a4 MOHHTOPHHTA BCTPOSHHOTO ayInTa HEIOCTATOUHO, TIOCKOJIBKY OH PUKCHpPYeET (haKT COOBITHS, HO
4acTo He COJECPKUT HEOOXOIUMBIX aTpHOyTOB (HAalpUMep, XeIld UCIOIHIEMBIX (ailyioB, CBEJCHUS O
POIMTENBCKOM THpoOLEcCce, NETATM3MPOBAHHYIO CETEBYIO aKTUBHOCTH mpouecca). [lostomy cOop
cobObrTnii B Windows ctpoutcs B nBa ciosi. [lepBbIil coil — pacHIMpeHHBIH ayAuT 0e301MacHOCTH,
BKIIIOYAaEeMbIi W HACTpaMBaeMBbI I[IEHTPATU30BAHHO Uepe3 TPYNIOBBIE IMOJUTHKUA JTOMeHa Active
Directory. OH MO3BOJISIET JETATM3UPOBATh ayAUT MPOLECCOB, MPaB JOCTYIA, 3a/1a4 IIAHHPOBIIHKA,
ciy0, U3MECHEeHUIT MOJUTHK U Apyrux kateropuid. Hactpoiika npousBoautes depe3 Advanced Audit
Policy Configuration, rme Bxmrouarorcst kareropuu Process Creation, Logon/Logoff, Account
Management, Policy Change, Object Access, Privilege Use u apyrue. CyiiecTBEHHBIM MOMEHTOM
ABJISIETCSl BKIJIIOYEHHE OIIMH OTOOpaKEHHsI KOMAHIHOW CTPOKM B COOBITHSIX CO3JaHHS IPOLIECCOB
(Audit Process Creation: Include command line in process creation events), 4T0 TTO3BOJISET I COOBITHS
4688 MOMyYnTh apryMEHTHI 3aITyCKa M TIOBBICUTH JETEKTHPYEMOCTh CKPHIITOBBIX aTaK, <«OKMBYIIUX 32
CUeT BCTPOCHHBIX cpencTBy» (Hanpumep, PowerShell, wscript, rundll32) [2].

Bropoii cioii — pacmupeHHbIH KypHald COOBITHH Sysmon, ycTaHaBIMBAa€MbId Kak CIyxk0a u
BeIyIIMI JIOTUPOBaHUE B OTAEIbHBINA >xypHanm Microsoft-Windows-Sysmon/Operational. Sysmon
obecrieurBaeT TIIyOOKO KOHTEKCTHBIE COOBITHS, KOTOPBIE IOBBIIIAIOT KA4YeCTBO TOCIEAYIOICH
koppessinuu. s 3amycka nponeccoB ¢ukcupyrores coobitus Sysmon Event ID 1 (Process Create),
colepiKalifie KOMAaHIHYI CTPOKY, POJMTEIbCKUH IMpolecc, MyTb K OuHapHoMy (haiiny,
WIeHTH(HUKATOPBI TIpoIlecca M IOJB30BaTells, a NMPH COOTBETCTBYIONIEH KOH(UTypaluu — XelH.
CeteBble COeIMHEHUs TIPOIIECCOB peructpupyrores yepes Sysmon Event ID 3 (Network Connection),
YTO IO3BOJISIET CBA3BIBATH CETEBYIO aKTUBHOCTH HE TOJILKO C XOCTOM, HO M C KOHKPETHBIM IPOLECCOM-
WHUTIIATOpOoM. JIJIsI KOHTpOIJISI M3MEHEHHH B (aiiyioBoi cucteme mpuMenseTcs Sysmon Event ID 11
(FileCreate), a m3MeHEHHsI B peecTpe, CBA3aHHBIE C 3aKpeIUIeHneM U MoJuQuKanue KoHpUrypamum,
¢uxcupytorcsi coobiTuamMu Sysmon Event ID 12/13/14 (co3manme Kkimo4a, yCTaHOBKA 3HAa4YCHUS,
IepeMMEHOBaHUE 3HaueHUs1). {75l BBIABIEHUS TEXHUK BHEIPEHUS B IIPOLIECCHI U CKPBITOI'O BBIIIOJHEHUS
mone3nsl Sysmon Event ID 8 (CreateRemoteThread) m Sysmon Event ID 10 (Process Access). s
HAOITIOICHYSI 3a 3arpy3Koii paiBepoB ucnoab3yercs Sysmon Event ID 6 (Driver Load), 4to aktyansHO
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NpU TOMBITKax 00XO0Ja CpPEeACTB 3allUTHl W BHEAPEHHs BPEAOHOCHBIX aApaiiBepoB. Kondurypanms
Sysmon ompenensiercs XML-TIoTUTHKON 1 MOXKET OBITh YHH(DHUIIMPOBaHA HA YPOBHE OPTaHU3AILNM: B
Hel 3agaroTcs npasuia include/exclude mis cobbrThii ¢ pumpTparueit mo myTsaM, oOpa3zam IpPOIECCOB,
KOMaHJHbIM CTPOKaM, CETEBBIM Ha3HAUYeHUsIM M T.1. B pesynbrate Windows-ucrounuk oboromaercs
netansaMu (0a30BbIe HACHTU(DUKATOPHI COOBITHH U3 Security/System MOKpHIBalOT HOPMATHBHYIO YacCTh,
a Sysmon ToBHIIIIaeT HAOIF0Aa€MOCTh U TOYHOCTH IETEKTUPOBAHMS HA ATAIe KOPPEISIINH).

[ omepallnoHHBIX cUCTeM ceMeiicTBa Linux B kauecTBe 6a30BBIX HCTOYHUKOB UCTIONIB3YIOTCS
xypHaibl systemd-journal (journald), coobmenus noacuctemsl syslog, a Takxke MEXaHH3M ayIuTa sapa
auditd. Journald u syslog 3akpbpIBalOT 3HAYUTENBHYIO YaCTh CHCTEMHBIX COOBITHIA (3aITyCcK/OCTaHOBKA
CEPBHCOB, COOOIIIEHUS SIPa O MOAKITIOYEHHUH YCTPOUCTB, CETEBBIE COOBITHS, COOOIIEHISI IPHUIIOKEHHIH),
OJTHAKO KITIOYEBOI KOMIOHEHT JIs BHIOJIHEHHS TPEOOBaHHA 1O KOHTPOJIIO JEHCTBHH MOJIb30BaTEICH
u mporneccoB — auditd. Auditd paboTaer Ha ypoBHE sAapa, GUKCHPYS CHCTEMHBIE BBI3OBBI U POPMUPYS
COOBITHS ayIUTa, KOTOPHIE MOTYT HCIIOJIB30BAThCS KaK Ul PAacciIeJOBaHMH, TaK U ISl BRICOKOTOYHOM
koppensnuu. Ilpaktnyeckoe npeumyinectBo auditd COCTOMT B TOM, YTO OH IO3BOJISET OMKCHIBATH
npaBuiIa UKCAMK ASHCTBUH HE3aBHCUMO OT MPUKJIAJHOTO YPOBHS, TO €CTh PETUCTPUPOBATH HE <«JIOT
MIPHUIIOKEHUS», a (pakT obpalieHus mporecca K 00bEKTY MIIM BBI30Ba CUCTEMHOTO HHTEpdeiica [3].

ITpapuia auditd MoryT 3aaBaThCsl Kak B BUje Habopa AUPEKTUB B (aiinax /etc/audit/rules.d/.rules
¢ Tocleayromeil koMmnuisuer uepes augenrules, Tak ¥ Hampsmyro depe3 auditctl. B mpaBuiax
OTIPEIETISIOTCSl CUCTEMHBIE BBI3OBHI (HaIIpumMep, execve, openat, chmod, chown, setuid), ¢umsTps! MO
apxutektype (b64/b32), mo momp3oBatemo (uid/auid), MO YCHMENTHOCTH BBHITIOMHEHHUS U IO MyTIM K
oOnekram (watch rules). J{7st KOHTPOJIS 3aIyCKa IMPOIIECCOB MPUMEHSETCS MPABHIIO Ay TUTa CUCTEMHOTO
BBI30BA €Xecve, MO03BOJIIONIee (PMKCHPOBATH BHIITOJIHEHHE OMHAPHBIX (haliJIOB U TapaMeTPOB 3aITyCcKa C
HPHBS3KON K MOJIB30BATEII0 H TepMUHATY. THIMYHBIM IPUMEPOM SIBIISICTCS TPABIIIO BHa -a always,
exit -F arch=b64 -S execve -k exec_log, rae metka (Key) ncronb3yeTes is mocieayromiei GuapTpanun
YU MapIIpyTHU3aId COOBITUH TpHU OTMPABKE B CHCTEMY MOHUTOPHHTA. J[JIs KOHTPOJSI M3MEHEHUI
KpUTHYHBIX (paitnoB (Hampumep, /etc/passwd, /etc/shadow, /etc/sudoers, xoHdurypanmii ceTeBbIX
CEpPBHCOB) UCITOB3YIOTCA Watch-tipaBuima: -wW /etc/passwd -p wa -k identity, hukcupyromie omepamnun
3allUCH M W3MEHEHUs! aTpuOyToB. [IJisi KOHTpOIS NEHCTBUI TUIAHUPOBIMKA MOTYT OBITH BBIJICJICHBI
mpaBmiia Ha aiinel /etc/crontab, karamorum /etc/cron W mosb3oBaTenbckue crontab-dabmer. s
OTCIIC)KUBAHUSI TIPUMEHEHHs TPHUBWIETUH BaXXHBI COOBITHA, CBs3aHHBbIE C sudo (Kak >KypHaIbl
Ivar/log/auth.log mmm /var/log/secure, Tak W ayauT CHCTEMHBIX BBI30BOB setuid/setgid), a Taxke
CHCTEMHBIE COOBITUSI U3MEHEHHUSI POJICH M KOHTEKCTOB 0e30IacHOCTH, eciu ucnonbdyercs SELinux
(avc: denied) i AppArmor [9].

Auditd ¢opmupyer cOOBITHS HECKOJILKMX THIIOB, HAU0OJIEE YaCTO MCIIOJIB3YEMBIX JIJIS 3a1a4
mouutopunra: EXECVE wu SYSCALL nns 3amycka TMIpOLIECCOB M CHUCTEMHBIX BBI3OBOB,
USER_LOGIN/USER LOGOUT/ USER_AUTH I ¢ coOBITHI ayTEeHTU(PUKAIIH,
USER_ADD/USER DEL/ USER _MOD nans ynpasnenust yaetHeivu 3anucsimu, SERVICE START/
SERVICE STOP s »KM3HEHHOTO IIMKJIa cepBUCOB. B nononnenue k auditd BakHBI COOOIICHHS S1pa
u systemd o mogkmrouenun ycrpoicts (USB m npyras mepudepus), a Takke ceTeBble COOBITHS
noJcHcTeMbl (QWIBTPALMK MaKeToB. B 3aBUCHMMOCTH OT peanu3alid 3TO MOTYT OBITh COOOLICHHUS
iptables, nftables, firewalld u 3ammcu momcucreMsr netfilter, KOTOpBIE MCIOAB3YIOTCS IS (PUKCAITAM
pa3pelieHHBIX/3a0JJOKUPOBAHHBIX COSAMHEHUH W IMOMBITOK JOCTyIAa K HECTaHAAPTHBIM moptam. Jlis
oOecrieueHns] HENPEPHIBHOCTU JIOTHPOBaHUs B Linux mpumeHsiercst portauus xkypHajioB (logrotate),
yIpaBlieHHEe pa3MepoM M BpeMeHeM xpaHeHus journald, a Takke Oydepuzanmss Ha ypoBHE
TPAaHCIOPTHBIX cepBUCOB (rsyslog/syslog-ng) mpu BpeMEHHOH HENOCTYITHOCTH IIEHTPAILHOTO
KOJIJIEKTOPA.

Pa3paboTka npaBu1 Koppeasiuun

B cooTBeTCTBIY ¢ M3TI0KEHHBIMU PUHIIATIAMH B paMKaXx MPAaKTHYECKON pealn3aiiy pa3padoTaH
MePEeUCHb MPABIIT KOPPEISAINH COOBITUN HH(POPMAIIMOHHOM 0€30IMaCHOCTH, PEATU3YIONINX TPEOOBAHUSL
HOPMATHBHO YCTAHOBJICHHOTO Ha0Oopa THMNOB W 3amuceil coObiTuii. [IpaBuma paspaboTaHbl it
npuMenenuss B SIEM-cucreme RUSIEM u opueHTHpOBaHBI Ha BBIIBICHHE 3HAYUMBIX aHOMAIUN U
WHIIWJCHTOB MH(QOPMAIMOHHON 0e30MacHOCTH B yCJOBUSAX (YHKIMOHUPOBAHUS  peabHOM
WHPOPMAITMOHHOW WHQPACTPYKTYphl OpraHm3anuu. lIpencTaBlieHHBIE TIpaBUiIa OXBATHIBAIOT
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KITFOYCBBIC KATErOpUM HWCTOYHHMKOB COOBITHI W KJIacChl WH(OPMAIMOHHBIX aKTHBOB, BKJIOYAs
OTIepaIliOHHBIE CHUCTEMBI, CHCTEMBbI YIIpaBIeHUS 0a3aMH JaHHBIX, TEJIEKOMMYHHUKAIMOHHOE
obopymoBaHue, CpeacTBa 3aUTH HHPOPMAIMH U TPUKIATHOE MTporpaMMHoe obecriedenue. Kaxmoe
MPaBUIIO MTOCTPOCHO Ha aHaNM3e POPMAIN30BAHHBIX MTOJIEH HOPMAIU30BAaHHBIX COOBITHH U HCIIOIB3YET
JIOTUYECKHEe, CTPOKOBBIE W arperupylollfe MeXaHW3Mbl KOppessiuH, moinepkuBaeMbeie SIEM-
crucreMoit. Criucok pa3apOOTaHHBIX MPABIII BKIIFOYACT IIPABHIIA:

— BBISIBJICHUS HE3aINIAHUPOBAHHOTO OTKIIIOYEHUSI ONIEPAI[HIOHHON CUCTEMBI;

— KOHTPOJISl COOBITHI OCTAaHOBKH M aBaPHIHOTO 3aBEPIICHUS] CUCTEMHBIX CITYKO U ICMOHOB;

— oOHapykeHHs1 (aKTOB HCIOIB30BAaHUS HEAOBEPEHHBIX CHEMHBIX MAIIMHHBIX HOCHUTENeH
nH()OpMAaITHH;

— BBISIBIICHUSL (JAKTOB MOJKIIIOUYCHUS 3alpeIleHHBIX IMEePUPEPUNHHBIX YCTPOWCTB U KaHAJIOB
Nepeaavr JaHHbIX;

— IETEKTUPOBAHUS MOMBITOK YCTAHOBKH U 3aITyCKa HEJOBEPEHHOTO MPOTPaMMHOTO 00eCTieueHuUs
C MpU3HAKaMy 00X0/1a OTpaHUYEHU PUBUIICTUH;

— O0OHapy)KeHUsI IPU3HAKOB KOMIIPOMETAIINN YUYETHBIX 3alicel MOoIb30BaTeei;

— JETEKTUPOBAHUS AHOMAJIBHOIO HCIIONb30BAHUS IPHUBWIECTUPOBAHHBIX YYETHBIX 3alUCei
MOJIb30BaTeNeH;

— KOHTPOJIS OTiepaluii CO3anusl, yaleHus] 1 MOAU(UKAIINK yYETHBIX 3aMKCel MoIb30BaTeNei;

— BBISIBJICHUS] HEYIABILIUXCSl U OTMEHEHHBIX JEHCTBUHI MOJb30BaTENEH U MPOLECCOB;

— KOHTPOJISL CO3JAaHMs U U3MEHEHUS 3aJJaHUi aBTO3aIlyCcKa U IJIaHUPOBILMKA 33744,

— KOHTPOJISl YCTaHOBKH, yJIaJICHHS, TIepe3amycka U OMIMOOK 3aIlycKa CITy»KO U CEpBHCOB;

— IETeKTUPOBaHUS WM3MEHEHUH CHUCTEMHON KOHQUTYpalliu, CETEBBIX HACTPOCK M CPEICTB
MEKCETEBOT0 IKPAHUPOBAHUS;

— oOHapykeHus (paKkTOB ylaneHUs )KYpPHAJIOB H CIEJIOB ay/IuTa B OMIEPALIMOHHBIX CUCTEMA,;

— KOHTPOJISI M3MEHEHMH U TONBITOK M3MEHEHHS HACTPOEK CPEACTB 3allUTHl ONEPalMOHHBIX
CUCTEM;

— BBISIBIIEHUS] HECAHKIIMOHUPOBAHHBIX CETEBBIX COCIMHEHHH U YJAaIEHHOTO JIOCTYTIA;

— IETEKTHPOBAHHUS MacCOBOT0 apXWBHUPOBAHMS U BHIBO/IA JAHHBIX B ONEPAIIMOHHBIX CUCTEMAX;

— KOHTPOJIS CECCHIA M ayTeHTU(hUKAIIAH TTOJTE30BaTeNel B CHCTEMaXx YIIpaBJIeHUs 0a3aMU TaHHBIX;

— OOHapy>KeHUs IIOIBITOK ayTeHTU(UKALMN B CYB/] c HCIIONIb30BaHUEM
HEe3aperuCTPUPOBAHHBIX YUETHBIX 3aIUCEil;

— JETEKTUPOBAHUS OJJO3PUTENBHBIX aIMUHUCTPATUBHBIX ACHCTBUI MOJB30BATENECH B CUCTEMAX
yrpaBieHust 0a3aMu JTaHHBIX;

— KOHTpOJIS ONepauuid Ha3HAY€HUd W OT3bIBa MPUBWIETHM IOJIb30BAaTENEH B CHCTEMAax
ynpaBieHus 6a3aMu TaHHBIX;

— KOHTPOIIA 3aITyCKa U OCTAaHOBKH TEJIEKOMMYHHUKAIIHOHHOTO 000pY/I0BaHUS;

— KOHTPOJISl UI3MEHEHUH CUCTEMHOM KOHPUTYpaluH TeJIEKOMMYHHKALMOHHOTO 000PYy10BaHuUS;

— BBISIBIIEHUS TTOJO3PUTEIBHBIX OTEpaIfii C JOKAJbHBIMUA YYETHBIMH 3aIllMCSIMH Ha CETEBBIX
yCTpOWCTBAX;

— oOHapykeHus (aKTOB yAaJICHUS KyPHAJIOB U CJIEC/IOB ayINTa B ONEPAIIMOHHBIX CUCTEMAX;

— KOHTPOJIS M3MEHEHWH W TONBITOK M3MEHEHHS HACTPOEK CPEACTB 3alllUTHl ONEPAIlMOHHBIX
CHCTEM.

Hwmxe m0poaeMOHCTpUPOBAHO NPABHIIO BBISBJICHUS (AKTOB MOJKIIOYCHHUS W OTKIFOUEHUS
YCTPOMCTB BBOJIA/BbIBOJIa K CeTeBbIM ycTpoictBaM. [loakimouenne USB-ycrpoiicTB, MOaeMOB U
HAKOIUTEIIEH K CETEBbIM YCTPOWCTBAM MOXKET UCIIONIB30BATHCS JIsi 00X0/1a MOJUTUKUA O€30MaCHOCTH,
3arpy3ku KOH(UTYpaluii WU BEIBOJIA IAHHBIX (JIOCTATOYHO pacpOCTapHEeHHHIH cirydai). Koppemsmus
(buKCHpyeT Bce onepaliy HOAKIIOYEHUS 1 OTKIIIOYEHHUS yCTPOHCTB BBOJ1A/BBIBO/A.

Huawei: %DEV/5/DEV_ADD, %DEV/5/DEV_REMOVE.
Check Point: USB device inserted/removed.

FortiGate: 1ogid=0100040000.

Cisco: syslog USB insert/remove.

Jloruka pabGoTHI IpaBHIIa KOPPEISAIIUH:

(

device.vendor in {"Huawei","Check Point","Fortinet","Cisco"}
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AND
(

event.type contains "DEV_ADD"
OR event.type contains "DEV_REMOVE"
OR event.type contains "USB"

O600meHHass MOJICh KOPPEISAIHHA COOBITHN NH(DOPMAITMOHHON 0€30ITaCHOCTH MPEACTABICHA B

Taou. 1.
Tab6n. 1. O6o0menHass MoaeJib KOppeasiiuu coObITHII HHpOpPMAaNMOHHON Oe30mMacHOCTH
Kareropust Hcrounuk [IpuzHaku coObITHS VYcnoBus Koppensinun BrisaBisiemblit
CcOOBITHSA WHUUAEHT
Windows MHo>xecTBeHHbIE >5 HEYJauHBIX ITOIBITOK [Mon6op naposns (Brute
AyTeHTUhHUKaIUA - o
. Security Log / omMOKH BX0O/a BX0JIa 338 KOPOTKHIA Force)
MoJb30BaTeNeH -
Linux auth.log WHTEPBAJ BPEMCHH
Windows / Venemnsii BXo/ VYenemnas Kommpomerarus
AyteHTnuKanus Linux ocJIe CEpHH OLTHOOK ayTeHTU(PHKALUS TTOCTIe YYeTHOH 3amucu
MoJIb30BaTeNeH MHOXECTBA HEYIaYHBIX
TIOTIBITOK
Vupasnenue Active Directory . HecaHKIIMOHUPOBaHHOE
. Co3pmanne HOBOM Co3ganue noiabp30BaTeNd o
YUCTHBIMH / Linux user N CO3IaHHe YYETHOM
YYETHOH 3amucu BHE paboyero BpeMeHH
3alUCIMUA management 3aIUCH
obaBieHme
VYrpasnenue A JloGaBneHue B
. . MOJIb30BATETIS B DcKananus
Y4ETHBIMU Active Directory TPUBUIIETUPOBAHHYIO N
rpymmy TIPUBUIIET U
3aMUCSIMU TpyImy
aJIMUHHCTPATOPOB
Windows Hcnonp3oBanue YacTele BBI30BBI Iono3putensHas
HcnonpzoBanue -
— Security Log / AJIMUHUACTPATUBHBIX TIPUBUJICTUPOBAHHBIX aJIMUHUCTPATHBHAS
p Linux sudo npas KOMAH/ AKTUBHOCTH
Windows 3amyck HHCTPYMEHTOB
3amnycKk CUCTEMHBIX BosmoxHas
3amyck mpomeccoB | Process Events / AJIMUHHACTPUPOBAHUS
. - YTHIIUT MOATOTOBKA aTaKH
Linux auditd OOBIYHBIM MTOJIb30BATENIEM
Windows
N3meHeHue Security Policy / Vi3mMeHeHHe mapaMeTpoB
: W3meHeHne nmoJuTHKU [TonbITKa COKPBITUS
CHCTEMHBIX Linux ayJIMTa WIH TOJTUTHKH
- . 0e30MmacHOCTH aKTHBHOCTH
HaCTpPOEK configuration 6e30macHOCTH
logs
Windows Object MaccoBoe urenne Bonbirioe KoIu4IecTBo
- : - Bo3morkHas yTeuka
Hoctyn k ¢aitnam Access / Linux WA KOTIMPOBaHUE oTIepaIyii YTeHHs 3a AHHBIX
file audit Gaiinos KOPOTKOE BPEMsI
[TosTopstomuecs
. [oaxmouenust k o
CereBble Firewall / IDS / COEIMHEHHUS C Komaunassiii cepep
MTOJIO3PUTETBHBIM
COCTUHEHUS Netflow HEU3BECTHBIMHU BHELTHUMU (C2)
azpecam
y31aMu
MaccoBblie
CerteBble .
Firewall logs COCIMHEHHUS Ha CkaHUpOBaHUE IOPTOB CerteBas pazBeika
COCIUHECHMUSI
pasHbI€ OPTHI
Windows
ArnmnaparHsle Device Events / TTogknrouenue TTonxmrouenne USB B IToTenuunanbHas yreuka
COOBITHS - BHEIIIHUX YCTPOUCTB 3alIAIIeHHOH 30He AHHBIX
Linux udev yerp T 8
- [IpunyaurensHoe
3aBepiueHue Windows / p3aB}<;Hmer1e OcraHoBKa Ci1yx0 OTKJII0OYEHHE CPEACTB
HPOIIECCOB Linux P 6e30macHOCTH 3aIIUTHI
CHUCTEMHBIX CITYKO

IIpoBeneHHBIN aHAN3 KypHAJIOB ONEPAI[MOHHBIX CHCTEM, CETEBOTO 00OPYAOBAaHUS M CPEICTB
3alUThl HH)OPMAIIMU TIO3BOJIWIT BBIJICIIUTh OCHOBHBIE KaTErOPUHM COOBITHH, HMEIOIINX HAaUOOJIbIIee
3HaueHWe I 337ad MOHUTOPHHra WH(GOPMAIMOHHOW Oe3omacHOCTH. K HUM OTHOCSTCS COOBITHS
ayTeHTHU(UKAIIUU TOJIB30BaTENeH, yIpaBieHHe YUETHBIMH 3aITUCSIMH, HCIIOb30BaHUE MPHUBHIIETHH,
3aITyCK MPOIECCOB, TOCTYI K JaHHBIM U CETeBbIEC coeJnHEeHHs. HecMoTpst Ha pa3nuuus B Gopmartax
JKYpPHAJIOB U UICHTU(PUKATOPAX COOBITHI PA3IMYHBIX OMEPAITMOHHBIX CUCTEM, OOJNBITUHCTBO COOBITHIN
MOTYT OBITH MPHUBEACHHI K YHU(UIIUPOBAHHBIM JOTHYSCKAM TUIAM. DTO TMO3BOJSET (OPMUPOBATH
YHHUBEpCAIbHbBIE MPaBWIa KOPPETSAINH, OCHOBAaHHBIE Ha CEMAHTHKE COOBITHH, a HE Ha KOHKPETHBIX
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uaeHTU(OUKATOpaX )KypHaIoB. PazpaboTanHast 0000IIeHHAS MOJIEIb KOPPEISIIUH CBA3bIBACT KATCTOPUU
COOBITHI, MCTOYHHWKH >KYPHAJIOB U YCIIOBHMS WX COBMECTHOTO aHalli3a, YTO MO3BOJISET BBISBIATH
TUTIOBBIE CIICHAPUH HapyIIeHW WH(HOPMAIMOHHOW O€30MacHOCTH, BKIIOYas Moadop Mapolie,
KOMITPOMETAIIMIO YUETHBIX 3aluCcel, ICKANAIUI0 MPUBUJICTUH, MMOATOTOBKY aTaK, YTCUKY JaHHBIX H
B3aUMOJICHCTBUE C KOMAaHIHBIMU CEPBEPaMU 3II0YMBIIIICHHUKOB.

3akiaouenue

HccnenoBanne moaTBEPANIO BAXKHOCTh CUCTEMHOT'O ITOX0/1a K pa3paboTKe MpaBwil KOPPesIuun
coObITHii MHpOpMaMoHHOW Oe3omacHocTH B SIEM-cucremax. B oTimume oT THUIOBBIX HaOOpPOB
MIPaBWJI, OPUEHTHPOBAHHBIX HA YHUBEPCAIBHBIC CIIEHAPUH YTPO3, MPEIOKESHHBIN MMOAX0I OCHOBAaH Ha
ydere  HOPMATHBHBIX TpeOoBaHMA W  ocoOeHHOcTel  (YHKIMOHUPOBAHHWS  KOHKPETHON
uHpopmanmonHoi uH(ppacTpykTypbl. CopMHpOBaHa METOJMKA COIOCTABICHUS HOPMATUBHO
YCTaHOBJICHHBIX B COOTBETCTBUH C [Iprnka3oM TumoB coOBITHIT WH(OPMAIMOHHONW 0E€301MacHOCTH C
3aMMUCAMA KYPHAJIOB Pa3INMYHBIX HCTOYHHKOB, YTO OOECIEUMBAET KOPPEKTHYIO HWHTEPIIPETAIHIO
COOBITHII Ha YPOBHE CHCTEMbl MOHUTOPHHTa Oe3omacHocTH. Pazpabotan Habop mpaBuil KOPPENSIHH,
TIO3BOJISIOIIHI BBISIBIISITH CJIOXKHBIE CLIEHAPUH aTaK U HAPYIICHUH MOJIMTHKH 0€30MacHOCTH. Apodanust
pa3pabOTaHHBIX TPaBHJ TOKa3alia WX BBICOKYH I(PQPEKTUBHOCTh MPH OIKCIDIyaTallid B pPeaTbHOMN
uHpopManmonHoi uHPpacTpykType. [IprMeHeHHe TpeANoKEHHBIX TPaBHI MO3BONMIO TMOBBICHTH
CHHM3HTbH KOJIUYECTBO JIOKHOTIOIOKUTEIBHBIX Cpa0aThIBAHUIA U YIYUIIUTH MPOLECCH pearipoBaHus Ha
coObITHs nHpOPMAIOHHON Oe3omacHocTH. [lomydeHHbIe pe3yabTaThl MOTYT OBITh UCTIOIB30BAHBI IIPH
MPOEKTUPOBAHUU M MOJEPHH3AIMHA CHCTEM MOHUTOPHHTa O€30MacHOCTH, a TakKe MpH pa3padoTke
HOPMAaTUBHO OpPWUCHTUPOBAHHBIX MEXaHMU3MOB OOHApy)KCHHsS WHIUACHTOB HWHPOPMALUOHHON
0e301macHOCTH.

DEVELOPMENT OF RULES FOR CORRELATION OF INFORMATION
SECURITY EVENTS IN SIEM SYSTEMS BASED ON A NORMATIVE LIST OF
EVENTS

H.S. SMATRUK, S.N. PETROV, T.A. PULKO

Abstract. The issues of increasing the effectiveness of monitoring the information security of
organizations through the development and application of adapted rules for event correlation in
SIEM class systems are considered. The analysis of the normatively established list of types and
records of information security events subject to registration, consolidation and storage is carried
out. The specified types of events were compared with specific log entries of various components
of the information infrastructure. A set of correlation rules has been developed aimed at identifying
typical threats and incidents of information security. The results of testing the developed correlation
rules showed a decrease in the level of false positive positives and an increase in the effectiveness
of detecting information security violations.

Keywords: information security, SIEM system, event correlation, event logs, information security
monitoring, cyber incidents, OAC Order No. 130 dated July 25, 2023.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

V/IK 519.624.2

KOHEYHBIE PASHOCTHU B 3AJJAYE CUHTE3A BEPOATHOCTH ITPOITYCKA
OHIMNBKU ITPU HABJIIOAEHUHN BEKTOPOB IIEPEXO/10B

N.IT1. KOBAK

Benopycckuii cocyoapcmeennblii ynusepcumem ungopmamuxu u paouodiekmponuku, Pecnybnuxa Benapyce

Hocmynuna 6 peoakyuro 5 anpens 2026

AnHoranusi. B pabore paccmoTpeHa MmeToanka (GOpPMHPOBaHHS (PparMeHTa IPOHU3BOJSAIICH
(yHKIMH A7 BEPOATHOCTH TIPOITyCKa OIMMOKH MpelaraéMbIM METOJOM CBepTkH. llpm 3ToMm
UCTIONB30BaHBl  YACTHBIC peanu3anud  (QYyHKIUU TpaBaonofodus. Jlias JOCTHKEHUS
MOCTaBJICHHOH 11eTT MPUMEHEHA METOJIMKa CUHTE3a KOHEUHBIX Pa3HOCTEH C MOCIe Ty oIei
MOJICTAHOBKOM PE3yNbTaTOB B MCXOJHOE paBeHCTBO. OCHOBHOE Ha3HAUCHHE MOTYYCHHBIX
PAaBEHCTB 3aKJIOYACTCSI B  BO3MOXHOCTH  ONPEACICHUS YHCICHHOTO 3HAYCHUS
WHTETPAJIbHON TUIOIIAIH 0] KPUBOU INIOTHOCTH PACIIPEICIICHUS BEPOSITHOCTEH IPOITyCKa
OIIMOKK TIPU HAOJIOJCHUM BEKTOPOB IMEPEXOJOB. 3aJaHHbIE CHUCTEMOW HAOJIOICHUS
BEKTOPHI paCCMaTPUBAIOTCS B JAHHOM 3aj1aue B BUJIC MIOJIMHOMXKECTBA CJIOXKHBIX COOBITHIT B
MHOECTBE BCEX BEKTOPOB MIEPEXOJIOB.

Kniouegvie cnoga: nponssoismas QyKuus, CI0KHbIE COOBITUS, BEKTOPHI IIEPEX0/I0B, BEPOSITHOCTD
NPOIyCcKa OMIMOKH, MHTErpaJl CTENIEHHOTO Psi/ia, PaKTOpHaIbHbIE MOMEHTHI.

BBenenne

Kak mpaBuno, B OCHOBHOM Macce TNepeaBaeMbIX COOOIIEHHWH  HCIHOJNB3YIOTCS
UIeHTU(HUKATOPHl HAa OCHOBE BBIOOPOYHBIX GyHKuMA [1] wim auHeiHOW cBepTku [2],
XapaKTepU3yONNX CBONHCTBA COOONICHWH KOHEYHOW IMHBI. JlaHHBIE TOIXOIBI ONPENENSIOT
HEOOXO/JMMOCTh aHajHM3a AJIrOPUTMOB CHHTE3a KOHTPOJBbHOH CBEPTKH C y4ETOM psiia Hay4HO-
TEXHHYECKUX HalpaBIeHUH. B uacTHOCTH, IPH KOHKPETHON pean3annu cooOIIeHui He00X0AUMO
3HATh YPOBEHb KOJUIM3WH (MM OOHApYy>XMBAIOIIHE CBOMCTBA) TOUEUHBIX OIEHOK HJIM JIMHEHHOM
CUTHATYpbl. DTO MO3BOJISAET COKPATUTh BPeMs Ha IOWCK M HCIPABICHHE BO3MOXHBIX OIIMOOK B
Cilydae HeIpeIBUICHHBIX UCKaXeHUH NaHHBIX. C 00IIeTeopeTHIeCcKOi TOUKH 3peHHsT HEOOX0aUM
CHUCTEMHBIH aHAlU3 CBOWCTB OICHOK Ha ocHoBe mpowmsBomsmux ¢yHkimii ([1®). Pesympratom
TaKUX MCCIIEIOBAHUN C y4ETOM NPUHIMIIOB (hopMai3aiy 3aBUCUMOCTEH SIBISIETCS] BO3MOXKHOCTD
BbIOOpa Hamboiee OS(PQHEKTHBHOTO U3 AJITOPUTMOB KOHTPOJILHOTO KOJIUPOBAaHHS IIyTEM
COIOCTABJICHHS CBOMCTB KOJOB MO Psiy BEIOPaHHBIX MOKa3arteneil [1]. B HEeKOTOpBIX ciiydasx mpu
a0OHEHTCKOM OOMEHEe [aHHBIMH Ha (OHE NIyMa HEOOXOIUMO 3HATH TEOPETHYECKHE YPOBHH
BEPOSATHOCTHBIX IapaMeTPOB TaKMX KaK MaTeMaTHYecKoe OXXKHIaHWE, MOJAa W IUIOMAAb II0X
MHTETPATbHON KPUBOH IIIOTHOCTH paclpeiesieHns BeposiTHOCTeH ommnoOku. OmHaKo, IpUMEHEHNE
HOBBIX METOJIOB HICHTU(UKAINHY (B YaCTH 000CHOBAaHHUS 11€JIeCO00Pa3HOCTH) KaK MPaBHIIO TpeOyeT
BECbMa CIJIOKHBIX BBIYMCICHUN A8 (OPMUPOBAHMSA YHCICHHBIX 3HAYCHHH MPOM3BOJIAMINX
(hyHKIHH.

B cBsi3u c ykazaHHBIMH OOCTOSITEIBCTBAMU B JAHHOM paboTe paccMaTpHBaeTCs METOJ
CHHTE3a TOYEYHBIX OIICHOK BEPOSITHOCTH HaOJIOJCHUS BEKTOPOB IEPEXOJ0B 33/JaHHOTO BHAA
(BII3B) ¢ nenbro mociae yIomero HHTErpaibHOr0 CpaBHEHHST CBOWCTB MPEACTaBIIIEMOH (4acTHOM)
CBEPTKH C OOIIEU3BECTHHIMHM MeToAaMH HaeHTH(uKauuu. OJHAKO MHOKECTBO MPOMEXYTOUHBIX
BBIYMCIICHUH, HEOOXOANMBIX IS pelIeHus Bcel 3amaun cuHre3a [1D, npuBoaANT K BO3MOIKHOCTH
NPE/ICTABJICHUS B JAHHOM CTaTbe TOJIbKO YAaCTHBIX MOMEHTOB pEILIEeHUS aHHOW npoOiyiemsl. [Ipu

atom guciio BII3B B manHoit 3a1aue paBHo | = 1.
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PasnocTu A1 HUKHe rpaHUIbI BEPOATHOCTH MPOIYCKA OIIMOKHA

HwmxHsis rpanuma 11 MHTErpaia IIOTHOCTH pacipeieNieH!s] BEPOATHOCTEH MPOITyCcKa OMINOKH

JUIS BCEX 3HAYCHUH paspsOHCTH BEKTOpoB [>1 ompenmensercs MaKCHMAIbHOW BEIUYMHOM
r-u
MapaMeTpPHIECKO OPTOHOPMUPOBAHHON BEPOSITHOCTH W npu =2, 94TO CJIEAYeT U3 TPUBHAIBHBIX

IIOJICTAHOBOK IIapaMeTPoB [ U 4 B NpUBEAEHHYIO (hopMyiy. 31ech 4 3TO 4uciao OUT mepexona BUAA
01 B peructpupyemoii mape BEKTOpPOB.

PaccMoTpuM Teneps pasHOCTh JBYX OOBEKTOB C YYETOM pe3yibTaToB [3], ONMPEHEINSIONINX
(DYHKIMIO MPaBIONono6Hs Iis YHClIa BEKTOPOB IEpeXooB ¢ | =1 u mpom3BobHbIX 3HAYCHHIT |

%Bi _Zi_:EZB”l - %Bmﬁ[(lﬁ- \/1—74[3)”1 —(1—\/@)”1}_
_%ﬁ[(l_'_m)nz_(l_m)nz}

COoOTBETCTBEHHO NPH 33JAHHOM BBIIIE YPOBHE BEPOATHOCTH [) IOCTATOYHO MPOCTO MOIYYHUTh
COOTHOLLICHHE

1 1 9 1 5) 5)
2I+2 BH'l 2I+1 Bl 160 2I+l ( 8] ( 8J

TloyunM YacTHbIE PEANM3alK JAHHON Pa3HOCTH, BHIPasuB Bee 3Hauenus mis | = 3,4,5 uepes

1

JIIEMEHTBI FB“ 1=2,3,4, torna

2 2
1, 1 [9 1 5 5
S Bi=B = | [ 1445 | 145 |
7P =P 16023[ SJ( 8]

1 5) 5)
bt 4]

1. 1 5) 5)
R Y (1\/3 ‘(1‘ 5] -
21_]'[5[ TpPaHUYHOT'O 3HAYCHUA IMapaMeTpa | nMEEM

5) 5)
on 1Bn3 2362 \/; 2|+1 (1+ g] _(1_ g} :

JlaHHbIE paBEHCTBA MPEIIOJIAral0T CYMMHPOBAHHE PSIOB OCCKOHEYHOH BBIOOPKH C Yy4E€TOM
MIPHUBEICHHBIX COCTABIISIONINX MPOU3BOAAIICH yHKHY.

CymMmupoBanue GakTOpHaJIbHBIX MOMeHTOB B 1D

Jns nepBoit cymmbl MOMeHTOB B [I®, cooTBETCTBYIOIIEH MEPBOM CTENIEHN BEPOSTHOCTH [
3aIUIlIEeM PaBEHCTBO BUAA
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rae 3unavenne & =1— P, uro cneayer u3 kBaapaTHyHO GOPMBI LIS APAMETPUYECKOM BEPOSITHOCTH.

CymmupoBanue (hakTOpHaIbHBIX MOMEHTOB B CKOOKAaX ITO3BOJIIET CHOPMUPOBATH PABEHCTBO

?BZ +?BS .. +FBn—3 +FBn—2 =
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vfzﬁﬁhﬁ”@ ]

BbruuciuM BEIUMTaEMBIH 3JIEMEHT JAHHOTO psia mpeodpasys ero K BULY
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I[Tpu 5TOM IS YIIPOIIEHUS PACYETOB BBEIEM COKpPAIIICHHE BHIa
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B AAaHHOM COOTHOLICHHWU YYTCHO, YTO IpH |:2,3,4 TOYHOC 3HAUYCHHUC BBIYUCIIACMOI'O

261

rnapameTpa paBHO . Takum 06pa30M, HIDKHHAN npeaci CyMMHUPOBAHWA OKa3bIBACTCS PABHBIM IISTH,

a BEIYUUTACMBIA JIEMEHT

5
1—1\/E =1,259-10"°
2 2\8

JUTS TAaHHOM M 00Jiee BHICOKHMX CTEIEHEH HE yUYHUThIBACTCS.
Teneps, UCIIONIB3YS TPUHITUI CYMMHPOBAHUS apH(PMETHISCKUX MPOTPECCHIA, MOXKEM 3aIHCaTh

i=23..n-3 (az+a3+a“)+a5+...+a"‘3+a“‘2

CoO0TBETCTBEHHO MOTyYaeM:
P
(n 2) 261 +1 9 22 1 _a21 a :(n_z)( 261 N 667]: 928 (n—2).
1024 21160 l1-a 1-a 1024 1024 ) 1024 O

[Janee OyneM y4uThIBaTh, YTO JaHHOE 3HAUEHUE COOTBETCTBYET PABEHCTBY (1— p) (n - 2).

CyMMupoBaHue PAI0B BEIYMTAEMBIX MOMEHTOB B QYHKIUH NPABI0NOA00MSIB.

BTopoii aneMeHT BRIUUTAEMOT0 B CyMME MOMEHTOB MIPEICTABIACTCA CO 3HAKOM IUTIOC U UMEET
BH
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BBIUMCIISIEM TTI0 YIPOIEHHOU (hopMyIie
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I[aHHOC COOTHOIICHUC IMO3BOJIACT 3aIIUCATh PABCHCTBO C YYE€TOM IIPOrpeCCrUmn

1077 1
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COOTBETCTBEHHO, HCHOJB3YS MEXaHW3M WHTEIPUPOBAHUS PANOB U AndepeHIHpOBaHUS
CYMMBI, UMEEM
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YucieHHOE 3HaYCHHE POU3BOISIICH (QYHKIUH C YIETOM IMPUBEICHHBIX BbILIE Pe3yIbTaToB (1)
u (2) MoXxeT ObITh OMpeiesIeHo o Gopmyie

928 1077
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B nipuBeIeHHBIX BBIYMCIIEHUSIX UCTIONB3YETCS HECYIIECTBYIOLIMI MOMEHT jist | = N — 3 4To He
BHOCUT IIPAKTUYECKU KOPPEKTUBOB B II0OIyYEHHbBIE Pa3yJIbTATHL.

3aKkiIo4yenne

B mpencraBnenHol paboTe paccMOTPEHbI KOHEUHBIE Pa3zHOCTH (HaKTOPHATbHBIX MOMEHTOB,
XapaKTEepU3YIOINX MapaMeTphl OLIEHOK C TEOPETHYECKO TOUKM 3peHus. Mcrnonp3yemble alropuTMbl
npeoOpa3oBaHus CIOXKHBIX PSJIOB TO3BOJIMIIA C(HOPMHUPOBATh YACTHBIM Clydaid MPOWBOJSINIEH

(QyHKIMH, COOTBETCTBYIOIIEH HAOIOEHUIO BEKTOPOB TIEPEXOIOB JIPH | =

IlonyuyeHHBIH pe3ynbTarT, ¢ y4eTOM OJHOBPEMEHHOI'O HE COBMA/ICHUS B CyMME MO/JIbI U 3HAYECHUS
napameTpa B CKOOKaX, CBUICTEIbCTBYET O BHICOKUX BEPOATHOCTHBIX MOKA3aTEIsIX OICHOK mpu N >>1
BeposTHOCcTH Habmoaenus BII3B B kaHamax cBs3u.

FINITE DIFFERENCES IN THE PROBABILITY SYNTHESIS PROBLEM OF
MISSING ERRORS WHEN OBSERVING VECTORS
I.P. KOBIAK

Abstract. The paper considers a technique for forming a fragment of a generating function for the
probability of missing an error by the proposed new convolution method. To achieve this goal, a
technique for synthesizing finite differences was applied, followed by substituting the results into
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the initial equality. The main purpose of the obtained equalities is to be able to determine the
numerical value of the integral area under the density curve of the probability distribution of error
omission when observing transition vectors. The vectors specified by the observation system are
considered in this problem as a subset of specified complex events in the set of all transition vectors.

Keywords: generating function, complex events, transition vectors, probability of missing an error,
power series integral, factorial moments.
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AnHoTanus. PaccmarpuBaroTcsi MOJIENN ONpeAeIeH s JUCTaHIMN 10 00BEKTa OKPYKEHUS OHUM
pPOOOTOM M B JIEIIEHTPAIM30BaHHOW CAaMOOPTaHU3YIOMICHCS BHICO-LIEHTPUIECKOW MHOTOpOOOTHOM
cucTeMe MHOropoboTHO# cucreme 0e3 omomerpun (POM-MRS), ¢yHKIMOHMpYOMIEH B
KBa3UCTAIIMOHAPHOM peXuMe. J[JIs MOBBIIIEHUs] TOYHOCTH ONPEIEICHUS AUCTAaHINU A0 OOBEKTa
okpyxxeHnss B POM-MRS paspaborana Momenms Ha OCHOBE JIOKaJIbHOH COTJIACOBaHHOMW
TPUAHTYISALUH C aHATUTUIECKON OIEHKOW OIMMOOK M3MEPEHHH M MPOTOKOIBHO-T€OMETPHUICCKOM
Bepu(UKAMEH THIIOTE3 O JCTeKTHPOBAaHWM AareHTOB, ONMCHIBAafONIas 0a30BbIe (DYHKIHUH,
MO3BOJISIOINME  TOCTPOMTH  OONIMH  aJNTrOPUTM  ONpPEAEICHUS  JUCTAHIMH:  OIpEACICHHe
pachpesielieHHOro crepeo0a3nca; BBIYUCICHUE AWCTAHIMU 10 OOBEKTa OKPY)KEHHS; JIOKaIbHas
COTJIaCOBAaHHAs TPUAHTYJIALMS, BKIFOUAIOIIast BEIOOP OMIOPHOTO areHTa (CTaTHYecKasi ONTHUMHU3AIHS
JIOKAJBHOTO PACHpEENICHHOTO cTepeobas3nca) M yIpaBiseMoe MepeMelieHHe OINOPHOTO areHTa
(mvHAMHMYecKas ONTHMH3AIMS  paclpelelieHHOro cTepeobasmca); JIOKalbHas BHU3YalbHO-
MPOTOKOJIbHAS MICHTH(HUKAIIMS areHTOB Ha OCHOBE IPOTOKOJIbHO-T€OMETPUUECKON BEpUPHUKAIIUH
runote3 00 ux AeTekTHpoBaHUM. 1loka3aHo, YTO MpEATIOKEHHAST MOJENb, MTO3BOJSAET YMEHBIIUTh
OIMOKH ONpesieNIeHNs TUCTaHIUK 10 OOBEKTa OKPYXXEHHS 10 CPAaBHEHHIO C OJHOPOOOTHBIMH
MOJIEJISIMM Ha OCHOBE OJOMETPUM Pa3JIMYHOIO BHMJA U H3BeCTHBIMH MozensiMu POM-MRS c
KOMIUTIEKCHBIM HEHPOCETEBBIM JIETEKTHPOBAHUEM areHTOB.

Kniouesvie  cnosa: OlpeNeNieHue  AWCTaHIMKA 10 00beKTa, BHJCO-TICHTpHYCCKas
CaMOOPTaHU3YIOMIAsICs MHOTOPOOOTHAs cUcTeMa 0e3 0JIOMETPHUH.

BBenenne

[oBbIlIeHNE TOYHOCTH ONpEACTCHUS JNUCTAHIMH J0 OOBEKTA HWMEET KPUTHYECKH Ba)KHOE
3HAYEHUS IS TOCTPOeHHUS (P (PEKTUBHBIX CUCTEM JIOKanu3auuu U KaptupoBanus SLAM (Simultaneous
Localization and Mapping) [1-4]. IIpeoOpa3yst curHaiabl CEHCOPOB B IIOHHMaHHE OKPYKAIOIIETO
npocTpancTBa TexHoJorus SLAM 1mo3BossieT MOOMITEHOMY pOOOTY OPUEHTHPOBATHCS B IPOCPAHCTBE.
Camoopranumsymomascs MHoropobornas cuctema (SMRS — Self-Organizing Multi-Robot System)
omupaercs Ha TexHonornto MA-SLAM (Multi-Agent SLAM), Mmo3BOJISIONIYI0 areHTaM COBMECTHO
OIIEHHBATh U CHHXPOHM3UPOBATh TIOHUMaHHE OKpYykeHus [4—7]. Jluctannmst 10 00BEKTOB OKPY>KEHUS
UCTIONIB3YETCs JIIS: BBIYMCIICHUSI KOOPJMHAT W PETHCTpPAIMK Ha paclpeielieHHOW KapTe o0beKTa C
WCIIOJIb30BaHUEM HM3BECTHBIX KOOPAMHAT M OPHEHTALMH areHTOB WM H3MEPEHHOTO C IOMOIIBIO
OJIOMETPUH TEPEMELICHNsT OAMHOYHOrO podoTa (3a7a4a KapTUPOBAHUS); BBIYUCICHUS KOOPAMHAT U
OpHUEHTAIIMY areHTa WIH OJIMHOYHOTO POOOTA C UCTIONBL30BAHNEM KOOPJIMHAT HA0III01aeMoro 00beKTa,
B3ATBIX M3 pACIpEAeICHHON KapThl MOCie ero HICHTU(QUKAIMK C OOBEKTOM KapThl (3agaya
JIOKAJIU3aIINH ).

SMRS Ha ocHOBE MajOpa3MEpHBIX areHTOB UMEIOT OrPaHUYEHHbIE BO3MOXKHOCTH IIPUMEHEHUS
ra0apUTHBIX BHICOKOTOUHBIX KOMOMHUPOBAHHBIX CEHCOPOB: BHICOKOTOUHBIE JIUAPhI U IPOMBIIIIJICHHbIE
CTepeoKaMephl UMEIOT 3HAYUTENbHBIH BeC U 00beM (MaJeHbKUH areHT He o0agaeT JOCTaTOYHON
Ipy30I0bEMHOCTHIO U MOJIE3HOM IUIOIAABIO Ul UX pa3MEILEHHs); «yMHBIE» CEHCOPBI C aKTHBHBIM
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W3Ty4eHHEM M BCTPOCHHBIMH BBIUYMCIUTEISIMH A1 00pabOTKH H300pakeHHH MOTPEOISIOT MHOTO
SHeprud (UII Majlopa3MEpHOTO areHTa ¢ HeOONbIION aKKyMyJIATOpHOW OaTapeeil 3TO KPUTHYHO
CHIDKAET BpeMsl aBTOHOMHOM paboTel). B [7—11] onrcansl BapwaHTHl BUaeo-IIeHTpUIeckux SMRS (V-
SMRS), B KOTOpBHIX areHTHl OCHAIIAIOTCS OXHOW MOHOKYJspHOW kamepod. B V-SMRS y arenra
OTCYTCTBYET TpsMas mH(popManus o TIyOnHE OKPYXEeHHS (PacCTOSHHUSAX IO O0BEKTOB) — MpoOiieMa
MOHOKYIsIpHOTO SLAM 1 Bu3yanbHO# omomerpun. OnmHako, TexHomoruss MA-SLAM mo3BosnseT He
TOJIKO KOMIICHCHUPOBATh HEIOCTATKH MOHOKYJSIDHOH KaMephl, HO M TOJyYUTH Psii TPEUMYILECTB,
CBSI3aHHBIX C TUHAMUYECKUM pacIipeelIeHHbIM cTepeoba3ncoM (peryaupoBaHue crepeodasrnca MexIy
areHTaMy AJsl TOBBIIEHUS TOYHOCTH TPUAHTYJIIIMK); YCTPaHEHHEM HEONPEAETICHHOCTH MaciuTada
(cTepeoba3uc MexIy areHTaMu MOXKET OBITh OIIPEZEIIEH C IOMOILIBIO MOHOKYJIIPHOM BUICOKaMEPHI 110
M3BECTHOMY pa3Mepy 00beKTa); COTIaCOBaHHON TPUAHTYIALMeH (HabaroneHne 00beKTa Mo pa3HbIMU
yrpaMu MHOKECTBOM areHTOB I103BOJISIET YMEHBLINTh OIINOKY ONpPEAEIeHUs JUCTaHIIUU 10 00bEKTa 32
CYeT cTaThcTUYecKord 00paboTKu c mcmonb3oBaHrueM ¢uibTpa Kanvana). OcHOBHOM mpobiemoin V-
SMRS siBisieTCSl CHHXpOHM3ALIMS PacIIpeieIeHHbIX U3MEPEHNH.

Pannue meronel opranuzanmu V-SMRS wucnonb3oBanm, kKak MNpaBuiio, IIEHTPATU30BAHHYIO
MOJENb JIOKAIM3alUN areHToB M (GopMupoBaHus KapThl. Hampumep, mpemiosxkeHHbId B [6] meTon
UCTIONB3YyeT OOBEKTHl OKpykeHusi BJIA B KkadecTBe OpPHEHTHPOB, pelias MpobjeMy macmradba u
nepexosia K METPHUECKUM pa3MepaM ¢ MOMOLIbI0 0apOMETpUYecKOro BBEICOTOMEpA M MHEPIIHALHON
CHCTEMBI, a IPO0JIEeMy ONPEAEICHNUS B3aMMHOTO TIOJI0XKEHHSI ar€HTOB — C IOMOLIBIO CEpBEpa Ha OCHOBE
corocTaBiieHus 00mux 3D-Todek OKpyKEeHHsI.

B ormensHbii Kkiacc Beyenstorcss V-SMRS 6e3 omomerpun — POM-MRS (Pure Optical
Monocular Multi-Robot System), areHTbl KOTOPbIX OCHAIIEHBI TOJIFKO MOHOKYJIIPHBIMH KaMEpaMH H,
MO3TOMY, MOTYT HWMETh KOMIIAKTHOE WCIONHEeHHe. B coBpemeHHbIX KoHIemmusx POM-MRS
npeo0IagaT AeHeHTPaTH30BaHHAs MOAETh U KOMIUIEKCHOE HEHpOCeTeBOe JETEKTUPOBAHUE areHTOB
(BrirOUaeT OOHapy)KEHHE, TPEKHHT, CETEBYI0 HJIECHTH(UKAIMIO, PACIO3HABAHWE OTHOCHUTEIHLHON
OpHEHTAllM{) TPU OIpPEeNICHUH PACHpPEAETICHHOro cTepeodas3nca ¢ MOMOLIbI0 METola OOpaTHOM
MPOEKINHU (MOHOKYJISIPHOM JallbHOMETPHH) MO MX M3BECTHBIM JIMHEHHBIM pa3MepaM WM W3BECTHBIM
pa3MepaM MapKepoB Ha Kopmycax areHToB [12]. Jlns uaeHTU(UKAIMU areHTOB B TaKUX CHCTEMax
(YCTaHOBIIEHHS COOTBETCTBUSL MEXAY H300paKEHUSIMH AareHTOB M HUX CETEBBIMH  aJlpecamu)
UCIIOJIB3YIOTCS MapKepbl ¥ MHOMKATOPHl Ha KOPITycaX areHTOB, a TaKKE COBMECTHO HaOI0AaeMble
00beKkThI OKpyxeHus (uepe3 pynkuuu MA-SLAM) [4]. KomiuiekcHOE HeHPOCETeBOE ACTEKTUPOBAHUE
areHTOB IO3BOJISIET CYLIECTBEHHO MOBBICHTH TOYHOCTH ONpEAETICHUS cTepeoba3nuca, HO HAa MaJbIX
JUCTAHIMAX (IO 7 M IPU HCIIOJIB30BAaHUHU IIMPOKOYTOJIBHOM ONTHKH), YTO HE BCErZA COTJIacyercs ¢
JIUCTAHIIUAMHU JI0 OOBEKTOB OKPYKEHHUS U MOXKET NMPUBOJIUTH K OOJIBIINM OINMOKAM KX U3MEPCHUS.
Hcnonb3oBanue il WACHTH(OUKAIUKM MapKepOB W OOBEKTOB OKPYKEHHS TaKKe OrpaHHYHBACT
paccTosHue MEXIy areHTamH. MHIUKaTophl AEMAacKUpPYIOT areHTOB W HE MOTYT HCIOJIb30BaThCs B
HEKOTOPBIX MPUIOKEHUSIX.

Lenbto paboTHI SBISETCS ONpE/CICHUEe OTPaHUYEHHUI HCIIOIB30BAHUS MOJIENICH OINpeeIeHHsI
JUCTAHIMHU 10 OOBEKTa OKPYKEHUS B OAHOPOOOTHBIX U MHOTOPOOOTHBIX CHCTEMAX.

Mopenu ornpeaeJeHuss TMCTAaHIIUU 10 0o0beKTa OKpPY/KeHUs B 0}1H0p060THLIX CHUCTEMAX

Jlst onpenesneHuss TUCTAHIMKA 10 HEMOJBHKHBIX OOBEKTOB OKPYKCHHS B OJHOPOOOTHBIX
cucremax (SRS — Single Robot System) nocratouno s dexruBna Tpuanrymsius. B SRS nucranims

Do(t;) or poGora no obGbekta ompenensercs (ouenka Dg(t) mm Dg(ty)) ¢ ommubkoit
Ep (tl)z‘Do (t)—Do (ty )‘ C MOMOIIBI0 TPHAHTYJISALMK W COMOCTABJICHHS JBYX MEPEKPHIBAIOIINXCS
n300paXeHni — cTepeonape {Io(tl), Io(t2 )} (puc. 1), momy4eHHBIX B pe3yJbTaTe IEepPEeMELICHUs
B(tl,tz)z‘m(tl)—g(tz )‘ po0oTa MeXTy HMPOCTPAHCTBEHHBIMH KOODJHMHATAMH @(tl) u

Coyx (t;) B MOMeHTBI BpeMeHH t 1 t,, u3MepseMoro (ouenka B(t,t,) crepeobasuca) ¢ momolwbo

MEXAHUYECKOH, WHEpLUANbHOM, BHM3yalbHOM U JPYyrUX BHJOB OJOMETPUH C  OMIMOKOI

ycioBuit m3Mepenus [13]

5 3aBI/IC$IH_Ief/’I OT KadeCTBa I/I3M€pI/ITCHBHOﬁ CHUCTEMBI M CJIO)KHOCTHU
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sin (ao (t, ))

, )
sin( oo (1) + a0 (1))

Do (t)=B(ty.t,)

rae o (), og(ty) — oeHKH yIiIoB Ha OGBEKT s IONOKEHNUIT POGOTA B MOMEHTBI BpeMeHH ) 1 1,
onperensempie 1o msobpakenmim  {lo(4).lo(tp)}] ¢ ommbkamm E,(t)= ‘0‘0 (t)—ao (t)‘

OTHOCUTENIHHO UCTUHHBIX 3HAYCHUH YITIOB HAa O0BEKT Olq (tl) , 0o (tz) , KOTOpBIE 3aBUCAT OT B (tl,tz) :

ao(t)=f(B(t.t)), ao(ty)=f(B(t.t,)).

] \gg
Puc. 1. Cxema onpeneneHust IMCTaHIMH 0 00beKTa B SRS Ha ocHOBe TpHaHTyISIIMU

s soipaenns (1) crenyer, uto Ep(4)=f(Eg(t.ty).E, (4).E,(ty)). Oumbrun Eg(tt;)

OTIpe/ieTIeH s CTepeobasnca B OTHOPOOOTHBIX CHCTEMAaX PACTYT JIMHEHHO C YBETHYCHHEM UTHHBI Lg ('[1 , t2)

IyTH po6oTa 32 HHTEPBAT BPEMEHH MEXKIy MOMeHTaMu 4 u t,, T.e. Eg(ty,t,) = f (Ls (t,.t )) . 3HaueHus

O OTHOCHUTENBHBIX MOIPENIHOCTEH U3MEPEHHUS MIEPEMEILEHHUS C TIOMOIIBIO OJOMETPHHU PA3IMYHOIO THIIA
JUTSI HEKOTOPBIX OTHOPOOOTHBIX CHCTEM TpUBEjIeHbI B Tabmuiie 1. [14-20].

Ta6n. 1. OTHOCUTeJIbHBbIE MOTPENMIHOCTH ONpeJeeHHs] MepeMeleHus: podoTa

R Tl To T | Te | T+ | Ta| Ty 0, % N
[14] [W]| M P|H|D|[m]|] - 2,0 WM/PHDmMO
\Y/ P H|D|m — 1,4 WV/PHDmMO
[15] W \Y/ O | H|D|w — 5,2 WV/OHDwWO
L |w — 3,0 WV/OHLwWO
[6, M p H D | w - 7,0 WM/PHDwO
17] D|s | - 0,4 WM/PHDs0
[18] W|Im/ |O|M|D]|w]| 10 8,7/1,8 | WIm/OMDw10 / WIme/OMDw10
Ime D |w/| 15 84/12 WIm/OMDw15 / Wime/OMDw15
D|w]| 20 15,8/1,2 | WIm/OMDw20 / WIme/OMDw20
D |w]| 30 31,4/05 | WIm/OMDw30 / WIime/OMDw30
S D |w]| 10 29/1,2 | WIm/OSDw10 / WIme/OSDw10
D |w]| 15 11,1/1,8 | WIm/OSDw15 / Wime/OSDw15
D|w]| 20 20,1/1,6 | WIm/OSDw20 / WIme/OSDw20
D |w]| 30 14,0/2,7 | WIm/OSDw30 / WIme/OSDw30
[19] Q Vv O| T |D| - 3 1,6 QV/OTD-3
D | - 5 1,7 QV/OTD-5
201 [w| v Pl F|D[w] - 53,1 WV/PFDW0
M P F D | w - 900 WM/PFDwO
\Y% O | M |D|w - 14,8 WV/OMDwO
M O | M|D|w - 18,5 WM/OMDwO

B Tab1. ucnons3oBaHsl ciaemyronye 0003HayeHusA: R — ccblika Ha HCTOYHUK; Tp — THUI po0OTa,
Tgr ={W, Q} (W — konecHblii podot, Q — kBagpokontep); Ty — T ogomerpur, To={M, V, Im, Ime}
(M — mexanmnueckast, V — BusyanbHas, |M — KOMOMHHPOBaHHAS MHEPLIHAILHO-MeXaHH4YeCcKas, Ime —
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KOMOMHHPOBaHHAs ~JJICKTPOHHAs ~MHEPLUAIbHO-MEXaHHYECKas); Tg — THII  OKPYXKAIOIIEeTro
npoctpanctsa, Tg ={P, O} (P — nomemenne, O — OTKPBITOE IPOCTPAHCTBO); T — KAUECTBO MOKPHITHS
(cpensr) o nepemenenus podora, To ={H, M, S, F, T}(H — xectkas, M — cpeanuii necok, S — kaMmeHb
¥ 1ecok, F — menkwuit mecok, T — TypOynentHocTs (it Tg =Q)); Ty — tun Tpaekropun, T4 ={D, L}
(D — mpsivast, L — nukimgeckast); T, — KadecTBO CLEIUIeHHs Koiec, T, ={w, m, s} (W — cmaboe, m —
CpelHee, S — CUIIbHOE); O — OTHOCHTENbHAs OTPEUIHOCTh OIpeaeneHus paccTosuus; N — 0003HaueHue
BapHaHTa KOMOMHALMH OJHOPOOOTHOH CHCTEMBI C OTOMETPHEH ONpeIeNICHHOTo THIIA (TTapaMeTpsl T |
To) 1 ycnoBuit U3MepeHHs crepeobassl (mepemeneHus podora) (mapamerpsl Tg|Te|T|Ta); Ty —
HEPOBHOCTH TTOBEPXHOCTH (CM) WM BBICOTa mosieta (M) misa T =Q. Cuctemsr [14, 15] ucnons3yioT

U3BECTHBIC PACCTOSHHS OT KaMephbl 10 TIOBEPXHOCTH, BU3yallbHast ogomeTpust B cucteme [20] ocHoBaHa
Ha aHaJIM3e U300paKEHHsI TOBEPXHOCTH.

W3 Tabn. cmemyer, 4TO HAaWOONBIIYI0 TOYHOCTH HW3MEPEHUs IEepPEeMEIICHUs 00ecIieunBacT
MeXaHHUYeCKass OIOMETPHs KojecHBIX po6oToB (& ~0,4% mrs N=WM/PHDs0). Onnako, oHa O4YeHb

YyBCTBUTENbHA K YCIOBUSIM U3MEPEHUI, 0COOEHHO K KauecTBY MoBepxHOCTHU. [Ipu cnabom creruieHnn
KOJIEC C TOBEPXHOCTHIO OIMMOKH MEXaHWYEeCKOW OJOMETPUH pe3Ko Bo3pacTarT (O ~18,1..900% nans

N = {WM/OMDwO0, WM/PFDwWO0}). YMeHbIINUTh MOTPEHIHOCTH H3MEPEHHUil TepeMelieHuii poboTa
T03BOJISIET KOMOMHMPOBAHHE MEXAaHUYECKOM U IPYTUX BHUIOB OJOMETPHH: HHEPIHATBHO-MEXaHUYCCKAsT
onometpus (6~2,9.3L,4% st N={WIm/OSDw10, WIm/OMDw30}) mo3BoJsIeT YMEHBIIHUTh

OTHOCHTEITBHYIO TIOTPELIHOCTh M3MEPEHHS ITepeMEIeHHsI KOJIECHOTO po00Ta Ha iecyaHoM TpyHTe 10 310
pa3 MO CpaBHEHHIO C MexaHuueckoil omomerpuerr (6=18,1.900% mis N={WM/OMDwO,

WM/PFDWO0}); KOHTpONb TOKa MHOTPEONCHHs [BHTaTeNls B CHUCTEME BJICKTPOHHOW HHEPLHAIbHO-
Mexanndeckoit ogomerpuu (6 ~0,5..2,7% mia N ={WIme/OMDw30, WIme/OSDw30}) mo3sosieT

YMEHBIIUTH OTHOCHTEILHYIO IOTPEITHOCTh M3MEPEHHS MTepeMeleH st KOJIeCHOro poboTa o 62,8 pasa no
CpaBHEHHIO c WHEPINATHbHO-MEXaHUIEeCKOM OJIOMETpHEi (0~2,9.3L4% JUIST

N = {WIm/OSDw10, WIm/OMDw30}). OmubOKku BHU3yaIbHOW OJOMETPUH 3aBHCAT OT YCJIOBHH
perucTpanvu M300paKeHWH M MX COOTBETCTBHA YCIOBMAM KaduMOpoBKM Kamepbl. [Ipu xoporei
OCBEILCHHOCTH M BBICOKOW TOYHOCTH KaJHMOPOBKHM KaMmepbl BH3yaibHas omomerpus (0 ~1,4% s

N =WV/PHDmMO, u 6 =1,6..1,7% mma N ={QV/OTD-3, QV/OTD-5}) obecnieunBacT OTHOCHTETLHEIE
MOTPEIIHOCTH HM3MEPEeHHH TepeMelleHni po0oTa, coM3Mepumble ¢ MexaHmdeckoi (O ~2,0% s
N =WM/PHDmMO) u komOunupoBanubiMi BumamMu (6 =~0,5..3L,4% mimr N ={WIme/OMDw30,

WIm/OMDw30}) omomerpur. B OTKpbITOM HpPOCTpaHCTBE 3HAYCHUSI OTHOCHTEIBHOW MOTPEITHOCTH
U3MEpEeHUs IepeMeIeHHs po0oTa JISKAT B auana3oHax: o ~18,1..900 % s MexaHUIEeCKOM 0JIOMETPUH

(N ={WM/OMDwO0, WM/PFDwO0}); 6~2,9..3,4% nans wHEepUUaTbHO-MEXaHUYECKOW OJIOMETPUH
(N ={WIm/OSDw10, WIm/OMDw30}); 6~0,5.2,7%  1ns DJICKTPOHHOH  HHEPIHAIBHO-
mexanndeckoit omomerpun (N = {WIme/OMDw30, WIme/OSDw30}); 6 ~1,6..53,1% st BusyaibHOU
onometpuu (N = {QV/OTD-3, WV/PFDwO}).

Oum6ku E, (t) 3aBHCST HE OT JUTMHBI Lg (tl,tz) myTu pobota, a oT crepeobasuca B(tl,tz ) , T.C.

(Ea (tl ) =f (B (tl ot )) , E, (t2 ) =f (B (tl b ))) W pacTyT NpH YyMEHbIIEHHH cTepeolasbl M3-3a
OpUONIMKEHHUs YIJIOB O (tl) , Og (tz) k 7/2. Ilosromy mis MuHMMH3auuM ommbku Ep (tl)
HEOOXOJMMO COTJIacOBAaTh B(tl,tz) ¢ Dg (tl) 3a cueT nepeMenieHus podboTa TakuM o0pa3oM, YTOOBI

3HA4YEHUs YIJIOB Ol (tl) , Og (tz) NonaJany Ha OJIM3KUE K JIMHEHHBIM y4acTKU QyHKIUHA Sin (ao (tl))

u  sin (n - (sin (OLO (tl)) + 0 (1 ))) . Onmnako 1aHHasg BO3MOMKHOCTH IIOBBIIIEHHS TOYHOCTU

OIIpeJIeJICHUs PAaCcCTOSHUS 10 00bEKTa UMEET OIpaHUUYECHUE, CBA3AHHOE C OBICTPHIM POCTOM OLIMOOK
oTpeJiesIeHHsI 3HAYCHUH YTIIOB Olq (tl) , 0o (tz) MIpY OTHOBPEMEHHOM NepeMELIeHUH poOO0Ta M OOBEKTA.
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[Ipeononery naHHOE OrpaHUUYEHUE MO3BOJSET METOZ OOPaTHON MPOCKIUK (MOHOKYJISIPHOM
JaTbHOMETPHH), COTJIACHO KOTOpoMy auctanius Do (t) 70 00bEeKTa U3BECTHOTO pasmepa Sg (Ac)

BJIOJIb OCH A OIpenenseTcs no pa3Mepy ero npoexiuu [12] (puc. 2). B takom caydae B 10001 MOMEHT

BpemenH t orienka Dy (t) JVCTAHIUHU 10 00BEKTa BBIYUCIIAETCSA 10 OLIEHKE O (AC ) YTJIOBOTO pa3Mepa
oo (Ac) 00BeKTa BJOIb HPEANOIAraeMoro IMOJOKEHUs A- (ompeiensercs Mo H300pa)KeHHIO
00BEKTa) OCH A: Ha OCHOBE M3BECTHOIO YIJIOBOTO paspenieHus Ry, (Ac) nKcesst GoTonprueMHON

MATPHIIBI BAOJb IPEINOIAraeMOro MONOKEHNSI Ax OCH Az C HOMOIIBIO BBIPAKCHUS
Do (t)=SO(AC)/tan(oco(Ac)), @)

e og (AC ) =R (AC )RM (Ac) ; Rm (Ac ) =0y (AC )/PM (Ac) ;v Po (Ac) — OLIEHKA ITMKCENBHOIO
pazMepa 00beKTa BJOJIb IPEANONIAraeMoro mnojaoxeHuss A- ocu Az Ha cHopMUPOBAHHOM
GoTonpueMHoil MaTpuLel M300paKEHUH; O (Ac), Pu (Ac) — YIJIOBOW M THUKCEJbHBINA pa3Mepbl

(oTonpueMHoi MaTPHILBI BJIOJIb IIPEJIIONATAEMOr0 MOJ0KEHUs A= ocu A .

Henmocratkom naHHOoro meroma ompenefcHHs AWCTAHLUUHU SIBISICTCS OrPaHUYEHHBIM HAOOp
KJIACCOB OOBEKTOB C ampHOpHO HM3BeCTHBIMH pasmepamu. OmgHako B POM-MRS pasmeps! areHToB
HU3BCECTHBI.

!t -

e | A 1

Pl t)

tol 4 )7

Sol4:)

Dy (1) v

Puc. 2. Cxema omnpezeneHus AUCTaHIIMKU 10 00bekTa B SRS Ha ocHOBE MeToja 00paTHOM POEKIMN

HenocraTtkoM JaHHOTO METOJa SIBISETCSI OTpaHHMYESHHBIH HA0OP KJIACCOB OOBEKTOB C allPUOPHO
n3BeCcTHBIMHU pazmepamu. OqHako B POM-MRS pa3meps! areHTOB H3BECTHBI.

Mogesn onpeneeHusi JMCTAHIUM 10 00bEKTA OKPYKEHHUS B MHOTOPOOOTHBIX CHCTEMAax

B caywae HemoaBmKHBIX 00BeKkTOB OKpyxkeHns POM-MRS wucnons3yor wmomens (2)
OTIpeJiesIeHHsI paclpeeNieHHOro crepeobasrca Ha OCHOBE B3aMMHOTO HAOJIOIEHHS areHTOB, a 3aTeM
monens (1) mis ompeneneHus] IUCTaHIMH OO0 OOBEKTa OKPY)KEHHsT Ha OCHOBE COIJIACOBaHHOM
TpuaHrynsun. Jns cormacoBanHoW TpuaHryiasuun B POM-MRS, kak u B SMRS ¢ Gonbmmm
KOJIMYECTBOM areHTOB HCIIONB3YIOTCS aJITOPUTMBI KOHCeHcyca [21-23], ycpemHsionpe pe3yabTaThl
WU3MEPEHMs JUCTAaHIMM OTACIbHBIMU areHTamu. JlaHHBIA MMOAXOJ MO3BOJSAET JOCTHYL BBICOKOH
TOYHOCTH, HO I COTJIACOBAHUS PACIPECIEHHOT0 cTepeodasrca ¢ TMCTaHInen 10 o0beKTa Tpedyercs
MacIITabMpPOBaHKE MPOCTPAHCTBEHHON TOMOJIOTHH rpynibl areHToB i POM-MRS B nienom.

Bonee >¢p¢eKTUBHBIM MOIXOAOM C TOYKH 3pEHHS SKOHOMHH PECYPCOB SIBIACTCS JIOKAJIbHAS
CorJlacOBaHHAas TPUAHTYIIAIUS HA OCHOBE JBYX areHToB POM-MRS, BpeMeHHO 00bETMHUBIIUXCS JIJIS
pelleHus 3a7aun ONpeaeICHHUs TUCTAHIMU 10 00beKkTa OKpyx)eHus. B padore [24] 000CHOBBIBAETCS
yToJI, TOJ KOTOphIM ABa areHTa SMRS noinkHbl HaOMIOAaTh OOBEKT, YTOOBI OIIMOKA OINpEIeICHHUS
guctaHiuyd Obila MUHMManbHOW. [lokazaHo, 4TO oONTHUMAaJbHBIM siBiIsgeTcss yroia 90 rpamycos.
Pa3BuTHEeM MaHHOTO HaIpaBicHHUS sBisSeTcs padoTa [25], B KOTOpOH peliaercs 3ajada aKTHBHOI'O
CIIeKEHUs 32 00BEKTOM C AWHAMUYECKHM W3MEHEHHEM TOIIOJIOTHH TPYIIIBl Pa3HOPOIHBIX areHTOB,
UMEIONINX pa3IMYHbIE CEHCOPBI. ATEHTBHI BBIUMCIAIOT TPAJUEHT HEOIPEAECIEHHOCTH U COBEPUIAIOT
MaHEBPHI TSl ONTHMHU3AIINH YTJIa mapaakca. JIokampHasi corjacoBaHHas TPHAHTYIISIIHAS Ha 0ase ABYX
areHTOB MOXeT OBITh MoJy4eHa u3 o0miero ciydas. [Ipu cTaTH4eckoM COCTOSIHUM BEAYIIETO areHTa

70



BEJOMBIN OMOPHBIN areHT CTPEMUTCS 3aHITh ONTUMAIBHYIO TOUKY IIPOCTPAHCTBA, 00ECTICYHBAIOIIYIO
(hopMupOBaHUE TPEYTOIBHUKA «areHT-00BEKT-areHT» C MPSIMBIM YTJIOM B BEPIIHHE UIS MOBBIIICHHUS
TOYHOCTH W3MEPEHHS MUCTAHIMH 10 00bekTa. CYIIECTBEHHYIO POJb B ITHX AJITOPUTMax HIPaeT
KOJIECHAsl OJIOMETPHSI, YTO OrpaHWYMBaeT Ux ucrnoib3oBanue B POM-MRS. To xe kacaercst Bujeo-
neHTpuyecknx SMRS, ommparomuxcs Ha WHEPUUATBHYIO OJOMETPHIO JUIS TOBBIIMICHUS TOYHOCTH
n3MepeHns crepeodasuca. Hampumep, B padote [26] mis SMRS Ha 6aze mapsl OAMHAKOBBIX areHTOB
(BJIA) mpeanoxeHbl alTOPUTMBI YIPABICHHUS paclpeleieHHBIM CTepeo0a3ucoM M KOHCEHCyca,
MUHHMHU3UPYIOIIUE OMUOKY ONpeAeICHUs TUCTaHIHU 10 OOBEKTa OKPYKEHHSI.

B coBpemennsix POM-MRS 3anaun o0HapyskeHus1 1 BEIOOpa OMOPHOTO areHTa Il H3MepeHui
JUCTAaHIIMA 10 OOBEKTa OKPYXKEHHS pEemalTcs ¢ TOMOIIBI0 KOMIUIEKCHOE HelpoceTeBoe
JETeKTUpOBaHUe areHToB. B pabote [5] konecHbIi poOOT-areHT onpenenseT JUCTAHLIHUIO 10 APYroro
poboTa O BH3yaJbHBIM MapKepaM Ha ero Kopmyce. Bruibop omopHoro poborta mis u3MeEpeHus
JTUCTAHIIAN 10 00BEKTa OKPYKEHHS IPOUCXOIUT C YUETOM YTIIa H PACCTOSIHHA A0 JIPyroro podoTa (dem
MEHbIIIe, TEeM JIydllle C TOYKH 3PEHHs HeHpoceTeBOM BUAEOaHAIUTHKH). M3-3a MalblX pa3mMepoB
MapKepoB paboyas JUCTAHIMSI MEXKIy PoOOTaMH cocTaBiseT 1 — 5 M st pacro3HaBaHus U 8 — 10 m
TUTSL OOHAPYKEHHSL.

B [9] ucnone3yetcs HelipoceTeBOe paclio3HaBaHKe U MpeICKa3aHne OTHOCUTEIBHOTO MaciTaba
u opueHTauuu areHTa-bJIA mo kiro4eBBIM TOYKaM KOpIyca, IOCIE Yero MUCTAHLUS A0 OMOPHOTrO
areHTa BBIYUCIIAETCS TI0 N3BECTHOMY pa3Mepy TOIIOJIOTHU ATHX KIFOYEBBIX TOUYEK B COOTBETCTBYIOIIEM
pakypce. Pacno3naBanne TpeOyeT BHICOKOKaUueCTBEHHOTO n300pakenns bJIA u paboTaeT TOIBKO TpU
paccrosaun Mexxay BJIA o 4 M (ipu UCNoONb30BaHUH ITUPOKOYTOIBFHOTO OOBEKTHBA), & IPH OOJIBIIEM
yAaleHun AWCTAHIUS BBIYHCISAETCS O€3 ydera KIIIOYEBBIX TOYEK [0 CpeIHEMY pasMepy
OTpaHWYMBAIOIICH paMKH, HalaraeMoil Ha m3oOpaxeHne bBJIA HelipoceTeBbIM neTekTopoM. BJIA
CTpeMSTCS TMOJJICPKUBATH IUCTAHIMIO, O0CCIIEUYMBAIONIYI0O MHHHMYM pHCKa CTOJIKHOBEHHUS MpPH
MaKCUMyMe cTepeodasnca B yiepO TOUHOCTH ONpeIeNIeHHsI JUCTAHIINK J10 00BEKTOB OKpYKeHus. st
OIIEHKH JUCTAHIINU 10 0OBEKTOB OKPYKEHHS UCIIONB3YeTCS HEHPOCEeTeBOe paclio3HaBaHNE OOBEKTOB U
MUHAMAYECKas TPUAHTYJSAMSA Ha OCHOBE MJaHHBIX uWHepruanbHou cuctembl BJIA. Ilpu stom
peanu3yeTcs MPUHIKI JHHAMHYECKOTO BBIOOpa OMOPHOTO areHTa ¢ Y4eTOM YIJIOB M JMCTaHIUH 0e3
HETIOCPEICTBEHHON KOPPEKTHPOBKH MECTOTIOJIOKEHHUS POOOTOB.

Paccrosiane Mexay KOJECHBIMA pOOOTaMHM Ha IUIOCKOCTH B [8] BBIYHMCISAETCS HAa OCHOBE
MPOCKTHBHOW T€OMETPUH IO M3BECTHON IMIMPHHE poOOTa ¢ TEOMETPUUECKON KOPpEKIHel paKypca 1mo
BU3YaJILHBIM MapKepaM, KOTOPbIE MCIIONB3YIOTCS TaKKe Ui HEHPOCETeBOTO paclo3HaBaHHUA poOOTa.
IIpu »TOM HakIambIBaeTCs >KECTKOE OTrpAaHWYEHHWE Ha TOIOJIOTUI0O CUCTEMBI — OTHOCHTEIHHOE
MOJIOKEHHUE POOOTOB JO/DKHO OTBEYaTh paBHOCTOPOHHEH ¢opMmaruu. Jlucranius 10 oObeKTa
BBIUMCIISIETC HA OCHOBE TPHAHTYJSAIUHM, OMHPAsSCh Ha KOHIEMIUIO ONTUMAIBHOW cTepeobassl, st
peaMzaniii  KOTOpPOH pOOOTHI TMOANEPKUBAIOT OIPENEICHHYI nIucTaHnui (He Oenee 7 M),
rapaHTupylolee HaJexHoe HelpoceTeBoe pacro3HaBaHue. JJaHHbIE HHEPUUAILHOM CUCTeMBI poOoTa
ucronb3ytoTes B ¢wibtpe KanMaHa Ui CriiaXuBaHUS BU3YAJILHBIX HM3MEPEHUH W TpeacKa3aHus
MOJIOKEHUS! poOOTa MPH NPOITYCKE KapOB.

Peammzaiuss POM-MRS Ha ocHOBE KOMIUIEKCHOTO HEHPOCETEBOTO AECTEKTHPOBAHUS areHTOB
paccMaTpuBaeTcs Takke B pabote [23], HO BMECTO COTJIaCOBAaHHOW TPUAHTYIISIINHU B HEH pean3yercs
HEITOCPEICTBCHHAS OICHKA MUCTaHIUN HeWpoHHOU ceThio. B POM-MRS Ha ocHOBE KOMILIEKCHOTO
HEHpPOCETEBOrO JETEKTHPOBAHUS AareHTOB BBOJAUTCS JKECTKOE OrpPAaHHYEHHE Ha MAaKCHUMAaJIbHBIN
cTepeobasnc, KOTOPBI ¢ y4eToM yria 00630pa BUIeOKaMepsl HE MPEBHIAET 7 M. AT€HTBI CTPEMSITCS
MOJIEPKUBATh TAaKOH cTepeo0a3uc s MOBBIMIEHUS] TOYHOCTH ONpEeSieHUs] TUCTAHIINN A0 00BEKTa
okpy>keHus. OHaKO0, COrIacHO BhIpaskeHHIO (1) mpy yBeIMYEHUH AUCTAHLIMU 10 0OBEKTa OKPYKEHUS
JUTS TIOBBILLIEHHUS] TOUHOCTH €€ OTIpeeNIeHHs CTepeo0a3uc Takke Heo0XoauMo yBennuuBath. [Ipu aTom,
COTJIACHO BBIp@XKEHWIO (2) I TOBBIIIEHHS TOYHOCTH OIPEAENICHHs] CaMoro crepeobasuca ero
HEOOXOIUMO yMEHbIIATh (OIIMOKa oOmpeAesieHnss cTepeodasrca BO3pacTaeT KBagpaTHUYHO OT
crepeobaszuca). M3-3a maHHOTO MPOTHBOpEYMs ONTHUMAJBLHBIA cTepeobasuc, obecneunBaromunit
MUHUMYM OIINOKH OTIPEAETICHHS TUCTAHIINA 0 00bEKTa OKPYKEHHS, 3aBICHUT OT 3TOU TUCTAHIINH (pHC.
3) ¥ B YCIIOBUSX OTKPBITHIX MPOCTPAHCTB, KOTa 00BEKTH OKpyKeHus yaaieHs! or POM-MRS nHa cotan
METPOB, MOXKET OBITh CYIIECTBEHHO OobIie 7 M (0koi0 30 M st quctanmuu 1000 m).
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Puc. 3. 3aBrcuMoCTb OMINOKHU ED oTIpeNieNIeHus TUCTAHITNH O 00BEKTa OKPYKEHHS OT cTepeobasmca B mms
JBYX 3Ha4€HUH AucTaHIMH Dy /10 00beKTa OKpYHKEHHSA

OmnpenesicHue TUCTAHIMKA 1O OOBEKTa OKPYXKEHHS B H3BECTHBIX KoHuenmusx POM-MRS
ommpaeTcs Ha cienyomue 0a3oBble GpyHKIMU: 1) cereBas MaAeHTU(UKAIUS areHTOB (yCTaHOBIIEHHE
COOTBCTCTBUA MEKAY I/I306pa)KeHI/ICM areciuTra, €ro OTHOCHUTCIIbHBIMU KOOpAWMHATaAMU W CCTCBBIM
azpecoM); 2) ompejeiieHUe pacipeesicHHOro cTtepeobasuca (MCIoJIb30BaHUE JaHHBIX 00 U3BECTHBIX
pasMepax areHTax JJis BEIYUCIICHHS JTUCTAHIIMH IO ONIOPHOTO arcHTa); 3) BHIYUCICHUE JUCTAHIIUU 10
0o0BeKTa OKpYXeHHs (Ha OCHOBE TPHAHTYJIISINH); 4) COTIIaCOBaHHAS TPUAHTYISINS TSI YMEHBIICHHS
omMOKH OTpeNeNeHus] NANbHOCTH JO0 O0BEKTa OKpYXeHHs (TeoMeTpuvecKas ONTHMH3ALUs
cTepeobasmca, peau3yemas yepe3 BBIOOP OMOPHOTO areHTa W MaclITaOUpOBaHHE TOTMOJOTHU CETH
I00aTBHO, B TPYIIE WM JIOKATBHO 4Yepe3 W TMepeMelleHrne OMOpHOro areHrta). Bee atu QyHKIUN
onuparoTcsi Ha 6a30Byr0 (pyHKIHIO Tiepeiaun BU3YAIbHBIX JAHHBIX (MM pe3yibTaToB HX 00paboTKH,
T.€. IPU3HAKOBOTO OMHMCAHMS WM JIECKPUNITOPOB, WM PE3yIbTATOB UX MHTEIUICKTYAJIILHOTO aHajasa,
T.€. CEMaHTHYECKOTO COJEPXKAHWs) U METaJaHHbIX (IIapaMEeTPOB CETEBOW CHHXPOHHU3AIMH ar¢HTOB:
MPOCTPAHCTBEHHOW CHHXPOHH3AIMHU, OMHUCHIBAIOIIUX MapaMeTpbl KaTHOPOBKM W OPHEHTHPOBAHUS
KaMCpPhbI; BpeMeHHOﬁ CUHXpOHH3aluu, T.€. MOMCHTOB BPEMCHU q)OpMI/IpOBaHI/Iﬂ BU3YAJIbHBIX JTaHHBIX;
KOMIICHCAIIMK JIBMDKCHHSI arcHTOB, MO3BOJISIONIMX IPOTHO3UPOBATH M OTCIICKHUBATH H3MEHEHHUE
MOJIOXEHUST U OPUEHTAIMM arcHToB). Ha puc. 4 mpuBeZCHB MOJECIU ONpPEICNICHHUs TUCTAHIMU JI0
00bEKTa OKPY)KEHUS B 3aBUCUMOCTH OT pexkuma padotel POM-MRS, onuparoriuecs Ha pacCMOTPEHHbBIE

(hyHKIIH.

Craunosaphas Keasucraunonapuas Hecraunonapuas
POM-MRS POM-MRS POM-MRS
Cornacosammas CoraacosaHyan
TPHAHIY IAUHS TPHAHTY AL
Onpenenexne Onpenenenne
pacnpeaeneHHoro PACIPEICAEHHOTO
CTepeotasca cTepeoba3uca
Cerenan Cerepan
II,'lCHTII(IJIIKJlIIIR llncml|¢llxullllﬂ
areHTos AreHTOR
Brrcnenne Brrncnense Brrcaenne
AWCTAHUNN 10 ANCTAHLLINE A0 JHCTRHUNIT JI0
odvexTa oGLeRTa OOBEKTA
OXKPYHECHHA ORPY&CHISA ORPYIKCHItR
ROMneHCAIIR
nenAeHN
AreHTOn
Tpocpancruenias HpocTpancTeesHag Ceresan
CHHXPOHIBALIAR CHHXPOHITALL 2 CHHXPOHWIALUIA
AreHTOR arenron | AreHrons
Bpemennas Bpesennan Bpesmernas
CHEXPOHIIZALNS CHMXPOMIIALIA CHHXPOHITZAUNA
AreHTOB AFEHTOR AreHTon
Tepenasa Hepemaaa Tepenpsa
Kl}_\'{\,"lnl{hl\ JEHHBIX HIEYATBHLI JIAHHEBN mn)'mmm.l\' JEIHHLN
{necxprmTopos, (IRCKDITTTOPOR, {PRCKpPHITOpOS,
CEMAHTI) CeMUHTIKI) CEMAHTINIL)

Puc. 4. Monenu onpeeneHus JUCTaHI|K 10 00beKToB okpyxenus B POM-MRS
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Mogen onpenesieHusi JUCTAHUMU 10 00bEKTA OKPYKEHNsI HA OCHOBE JIOKAJIbHOM
COTJIACOBAHHOM TPUAHTYJISI[UM

PaccmarpuBaetcs aeneHtpanuzoBanHas onHopoanas POM-MRS, cocrosimas u3 aByx u Oonee
areHTOB, UMEIOLINX OJMHAKOBYIO KOHCTPYKIUIO U pasMepsl. [Ipenmonaraercs, 4To GyHKIMOHUPOBaHUE
POM-MRS ocymiecTBiisieTcss B KBa3HCTAIIMOHAPHOM PEXUME, MPU KOTOPOM (Das3bl ONTHMHU3AIUH
cTepeobazuca Juis ToOCTpoeHus 3D-kapThl OKpYKEHHS CMEHSIOTCS JUTUTEIHHBIMH TIEPUOAAMHU
JIOKaJbHBIX U3MEPHUTENFHBIX ONEpaliii B PUKCHPOBAHHBIX TOYKAX, OCYHIECTBIAEMBIX MapaliebHO C
OCHOBHBIMHU (DYHKIIMSIMH, COOTBETCTBYIOIIMMH IiesieBOMy HasHadeHnro POM-MRS (mampumep,
30HIMPOBAHUE TMOYBBI, 3aMephl KOHIICHTpAMHA Ta30B WM pagualiy; MOWCK MHUKPOTPEIIUH B
KOHCTPYKINX; (POPMHUPOBAaHUE T€0/Ie3NIECKON KapThl U T.JI.).

Paspaborana momens DeepGV (Distance Error Estimation and Protocol-Geometric Verification)
oTpeAeNeHNs TUCTAHIIA A0 00BEKTa OKPYKEHHS B OHHOPOAHOH aereHTpanm3oBanHoit POM-MRS Ha
OCHOBE JIOKATBHOHM COTJIACOBAHHOW TPUAHTYJISALNN C aHATUTUYECKON OLIEHKOHM OIMMOOK OmpeeeHus
JUCTAHIIMA U TPOTOKOJILHO-TEOMETPUYECKOW BepUPUKALMEH TUNOTE3 O JCTEKTHPOBAHHH areHTOB.
Monenb onuckiBaeT 4 0a30BbIe (HYHKIIHH, MTO3BOJISIONINE TOCTPOUTH OOIIMN aJITOPUTM OMPEACICHUS
JMUCTAHIIMU: OMpeeNIeHHue PAcIpeIe]IeHHOro cTepeoba3nca Ha OCHOBE MeTojla 0OpaTHOM MPOEKINY;
BbIYUCJICHUEC JUCTAaHIIUU 10 O6’LeKTa OKPYXCHHUA Ha OCHOBC TPHUAHTYJIALUH, JIOKAJIbHAA COTrjlaCOBaHHaA
TPHUAHTYJISIIHS, BKIIOYAIONIAs BEIOOP OMOPHOTO areHTa (CTaTH4ecKasi ONTHMU3ALUS pacTIpeieIeHHOTO
crepeobasnca) W YIPaBIsIEMOE IepEeMeIeHHe OIMOPHOTO areHTa (IMHAaMUYecKas ONTHMH3AIM
pacmpeneneHHoro crepeoba3nuca) Ha OCHOBE AHAIWTHYECKONW OLEHKH OMHMOOK OIpeeneHus
AUCTaHIUHU; JIOKAJIbHasd BU3YyaJIbHO-IIPOTOKOJIbHAA I/II[CHTI/I(I)I/IKaHI/IH areHTOB Ha OCHOBC MPOTOKOJbHO-
TEOMETPHUYECKON BepU(PHUKAINH THIIOTE3 O JEeTEKTUPOBAHWHN areHTOB.

Ha ocHoBe ommcanHpix Momenpto DeepGV 06a30BbIXx (QyHKIHMH pa3paboTaH aIropuTM
OIpeIeIeH s UCTAHIMHU 10 00bEKTa OKpYXKEeHUsI areHToM | (puc. 5). B anropurme 6a3oBbie GpyHKINH
JIOTIOJTHEHBI (DYHKIMSMH TIOBOPOTA areHTa I, IepeMEIlCHUS areHTa |, IPOBEPKHU YCIOBHIA MPEKPaICHUSI
BpAIIlCHHs areHTa | ¥ TIEPEMEIICHHUS areHTa |.

Havano l

K Aty =0, n=0
Jlokanesay Biey anLHo-
npmom.lbuaa.u,lu Hr(HKALIS i Iucranuns
areHToB Al eT__orarcHra )
1 i 10 00BCKTA
OKPNARCHIA
UnpeaeneHne pacnpeIeIeHHoro Ja =
cTepeobasica
Brrancacnne crepeodasiea i Vo
— Ha 0OBCKT 714 ONOPHOTO arcHTa /.
Bhl'l"_b."b""& JANCTAaHLUN 10 OOCCIICHIBAIOLII MITHIMVM
OUBCKTI OKPYACHIH APOrHOIHPYCMON OLUENOKH
1 ONpPEACACHIA BICTAHUIN 10
0OBCKTA OKPYKCHIA y
Kpyropoe nepeMeineHme areHra 1 Jlokaabnax
COrIACOBAHMAN

IPHANTY AU
(Vopasasesoe
HTCPATHBHOC

[epemernenne onopHoro areHTa | B
HOBBIC KOOPIHHATRI

Bunonwxen obopor Ha 36{)° ! "tg:]:]tl;:{l::-rr:)m
OnpeacacHiie pacnpeaeIcHHOro arenTa)
crepeobasica
'
Buuncaenie Acranumi 10
Jlokaneras coracosanman OOBEKTA ORPVIKEHHS
TPIAHTY IRLIA ( BHOOP ONOPHOTO
arcHTa)
l Aty =AMy +AM, n=n+l

l
¥

Puc. 5. Mopnenu onpeeneHus JUCTaHIUK 10 00beKTOB OKpyxenus B POM-MRS

B MomeHT BpemeHu t; BO3HHKAaeT HEOOXOAMMOCTb YCTAaHOBIICHHS COOTBETCTBHSI MEXKIY
HOMepaMu (CETEBBIMH a/IpeCaMM ) areHTOB B OKPY)KCHUH areHTa | ¢ UX OTHOCHTEIILHBIMHU MOJI0KESHHAMH
¥ OPHUCHTALUSIMH, PETHCTPUPYEMBIMHU O u300paxeHnto |y (i, j,to). [nst pemienus naHHOW 3ajadu
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npemtaraetcs anroputm PGHV (Protocol-Geometric Hypotheses Verification) nokansHoit Bu3yansHo-
IPOTOKOJNBHOW — WACHTH(UKALMA  areHTOB, OCHOBAHHBI HAa  MPOTOKOJBbHO-T€OMETPUYECKOM
BepH(UKALMH THIIOTE3 O ICTeKTUPOBAHUH areHTOB.

Ouenka 3¢)¢eKTUBHOCTH MOJIeJIeii onpeaeeHus TUCTAHIMY 10 00beKTa OKPY KeHUsI

Hns ouenkn >(dexkTHBHOCTH MOneNeH OIpeneneHns ITUCTAaHIUH 10 OOBEKTa OKPYKEHHS
pa3paboTaHO MPOrpaMMHOE CPEICTBO, B KOTOPOM CTEPE00A3NC YUUTHIBACTCS C ONIMOKOH, 3aBHCAIICH
oT Tuna ogomerpuu A SRS (cm. Tabi., napamerp T, ) WM OT AUCTAHIIUM MEXy areHTamu 11t POM-

MRS. TIporpamMMHOe CpenCcTBO MO3BOIISET 3a1aTh (puc. 6): wiss SRS — quctanuuio Dy (tl) oT poboTa

0 00BEeKTa, yroa O.g (tl) Ha OOBEKT B MOMEHT BPEMEHU 1, HayaJlbHOE, KOHEYHOE 3HAYECHUS M MIar

M3MEHEHUs cTepeodasnca B(tl,tz) a7st orydenus oueHku Dy (tl) JUCTAHIIUU 10 00BEKTa B MOMEHT

BpeMeHH t, cornmacHo BblpaxkeHHo (1), 3HauYeHHe O OTHOCHTENBHOM MOrPEIHOCTH H3MEPECHHUS
nepeMenieHus podoTa ¢ MOMOIIBI ogoMeTpuu paznuunoro tum; misi POM-MRS — mucranimro
D(i, j,ty) or arenta i 5o 06bexra, yroa i, j,ty) Ha 0ObEKT I areHTa | OTHOCHTENBHO HANPABIEHUS

Ha arcHr j, Ha4YaJIbHOC, KOHCYHOC 3HAUCHHA W MIIar M3MCHCHUA PACHIPCACICHHOI'O CTepeo6a3Hca

B (i, j,to) MEKy areHTaMu | ¥ | JTs1 ToTydeHus oneHku D (i, j,to) IVMCTaHIMU 10 00BEKTA OT areHTa

| B MOMEHT BpeMeHH 1t , allpuopHyI0 HH)OPMALHIO 0 pa3Mepe Sg (Ac) areHTa BAO0JIb U3MEPUTEIbHOM

och Az (YCIOBHO JIEKHMT B TOPH3OHTAJILHOM IUIOCKOCTH M IUIOCKOCTH, MAapajieNbHOH IIOCKOCTH
(oTonpueMHOH MaTpHIBI areHTa i), yrioBoi aM(AO(i,j,to)) U THMKCEJIbHbIH PM(AO(i,j,tO))

pa3mMepsl GOTONPHEMHON MATPUIIbI BAOIb Ag .
/

THanglo gonerated ondnualy Chok
Autn Analyss o onahye muliok 8
porta
sy ; o> - - - Parameter Sattingy
| 5 R ) §
| P Mg 614
o M ideg No

Seabe ) 1C

B_min (=1 374}
M4 S _max (<1173 1701 000
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Puc. 6. I'padmuecknii naTEpdEiic NporpaMMHOTO CpeICTBA OLIEHKH 3((GEKTUBHOCTH MOJIENEH ONpeesieHus
JIICTaHILNH 10 00BEKTA OKPY>KSHHS

B cimysae POM-MRS nporpammuoe cpeAcTBo padoTaeT MO clexyloueMy airopurmy. s
Ka)XKJI0TO IUKJINYECKH BBHIOMPAEMOro C 3aJlaHHBIM IIaroM 3HAYCHUS PAcIpele]IeHHOTO cTrepeobasnca

B(i,j.ty) mHa ocHoBe 3amaHHBIX 3HauCHMIA SR(AC), ocM(AO(i,j,to)), PM(AO(i,j,tO))
BBIYHCIIAIOTCS: C IOMOIIBIO BBIPAXKCHUS B(i,j,to)zarctan(SR (AC)/B(i, j,to)) YIJIOBOH paszmep

B(i, j.ty); c momommio Bepaxkenns Py (i, j.ty) z[B(i, AN )/R(AC )J ouenka Pg (i, j,ty) mukcensHoro
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pasmepa arenTa j B1omb ocu Ac , rae R(Aq) =0y (4c) / By(A4c); [ ] — oxpyrnenue no 6nmkaiimero
Lesoro. DTH 3Ha4eHHs MCIONB3YIOTCs 3aTeM s Borauciaenus ouenkn B(i, j,ty) pacnpenenennoro

crepeobasica ¢ moMombo Bepakerns B(i, j,ty) = Sg (AC)/tan(B(i,j,to)) u ouenok B, (i, j.ty) u
B_(i,j,ty)  oTkiOHeHmil  pacmpeseneHHOro  crepeo0asMca ¢ NOMOLIBKO  BBIPAKCHHIL
B, (i.ito)=Sg (4c)/tan(B_(i.jitp))  m B_(i, j.to) =Sr (4c)/tan(B. (. tg)),  mae
B(i.ito) =Pr (i, J.to)R(4c) ; B. (i ito) =(Pr (i, i to) +1)R (4 )
B_(i,.ty)= ( P (i, %) —1) R(4c). Ha ocHOBe MONyYCHHBIX 3HAYCHMII BBIYMCIISIOTCS OLCHKH
HOMHUHAJIBHOM D(i, j,to), MUHUMAJIBLHON D_(i, j,to) 1 MakcuMmanpHoi D +(i, j,to) IUACTAHIUI OT
arenTa i 10 06bekTa. 3atem BbramciseTcs ouenka Ep (i, j,ty) MaxcumanbHoii omnGku onpenenenus
AucTaHIMK 10 o0bekTa. Mcemonssyembie B Boipanennu (6) otkmonenms o, (i, j,ty), a_(i, j.ty),

o, (j.ity) , a_(jity) or nomunamsueix smauennii af(i,j.ty) u a(j,ity) yrios na oGwext

BHIMHCIAIOTCA ¢ HOMOIIBHO BBIP@XKCH o, (i, ut) = (Pa (i, joto) +1)R(4c)
o (i, .to) = (Pa (i juto) 1) R(4c ), o, (Jito) =(Pa(Jiisto) +1)R(4c),
o (Jito)=(Pa(iiisto) ~1)R(4c ), e Pa(i. o) =[ (i, i.to)/R(4c) ]
Pa(iiity)=[a(iity)/R(4c)]; a(ijty) — BBOAWTCA B KauecTBe WCXOMHBIX —JAHHBIX;

o j.ity) =arcsin(D(i, ity )sin (i, i.t))/D(J.i.to));
D(j,i’to)z\/B(Lj,to)z+D(i,j,to)z—ZB(i,j,tO)D(i,j,to)COS(oc(i,j,to)). 3aTeM Ha  OCHOBE

3aIaHHOT0 3HAYEHUS D(i,j,to) BBIYHCIISIETCS MaKCHUMaJjbHas OIIHOKa ED(i,j,tO) oTpeeneHus

JUCTAaHIINU oT arcHra | a0 00BeKTa C IIOMOIIIBIO BbIpaXCHUA
Ep (i, J1t) =max(|D(i.j.to) = D_ (i, ity )| | (i Jto) =D (i, it ) )

B ciyuae SRS mporpammHoOe cpelcTBO paboTaeT MO CIASAYIOIIeMY alroputMmy. s Kaxkaoro

LMKJIMYECKH BEIOMPAEMOTO C 3a1aHHBIM LI1aroM 3Ha4YeHHsI cTepeodasuca B (tl,tz) Ha OCHOBE 3HAYECHUS

0 OTHOCHTENBHOM IOIPENIHOCTH HM3MEPEHHS IepEMEIIEHUs pPo0OTa ¢ IOMOINBI0 OJXOMETPHU

pasIMYHOrO THMa BblMMCHsioTcs oTkionenns B, (t,ty) m B_(f,ty) crepeoGasuca ¢ momompto
epacennii By (t,t,)=(1+8)B(ty,t,) u B_(t;,t,)=(1-8)B(t;,t; ). 3atem na ocHoBe THX 3HAUCHMIT
BBIYMCIIIOTCS OLEHKN HoMuHanbHOMU Dy (t; ), mMunnmansnoit Dg_(t) n maxcumamsnoit Do, (1)

JMCTaHIMKA OT poboTa N0 0o0beKTa. 3areM BBIYMCISETCS OleHKa Ep (tl) MaKCUMAaJIbHOM OIIMOKHU

orpeiesIeH s JUCTaHLUU c IIOMOILIBIO BBIPAKEHUS
Eo(t)= max(‘Do+ (1)~ Do (&) [ Do ()~ Do- (tl)‘) . 3mavenns  Dp(h), Do, (), Do_(t)
BBIYUCIIAIOTCS AHAJIOTUYHO D(i, It ) , D_ (i, j ,to) , D, (i, j ,to) JUTS COOTBETCTBYOIIMM 3HAUCHHSM TSI

POM-MRS. 3arem Ha ocHOBe 3agaHHOro 3HaueHus Dg (tl) BBIYUCIIAETCS MAaKCUMalbHasl OLIMOKa

E D (tl ) OornpeAcjCcHrud  AUCTAaHIUN oT p060Ta a0 00BEKTa C IIOMOIIBIO BBIPAXKCHUA

Eo(t)= max(‘ Do (1)~ Do_ (& )‘ ,‘ Do, (t)— Do (tl)‘) . Jl11  MHEpUMANLHOH M  MEXaHMYEeCKOH
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omomerpun  Ep(t)~Ep(t). B ciyuae KomecHOH oOmOMETpHM M3-32 NPOKPYYHMBAHUS KOJIEC

oTKIOHeHue B_ (tl,tz) HE YYUTBIBAETCA.

Jns POM-MRS, ucnions3yroineit mpeoxennyro Moaens DeepGV onpeieneHus: TUCTaHIMA 10
00BEKTa OKPY)KEHHS Ha OCHOBE JIOKAJTBLHOMN COTIIACOBAHHON TPHAHTYJISIIIAN C aHATUTHYCCKON OIEHKOM
OIHOOK H3MEPEHUH W MPOTOKOJBHO-TCOMETPHUECKON BepH(UKAIIUCH THUIOTE3 O ACTEKTHPOBAHUHU
areHToB, U ogHopoOoTHBIX cucteM WM, WV, WIm, WIme, QV (o6o3HadeHns copMHUpPOBaHbBI 110

napamerpam Tg | T, oM. TaGu.), Ha puc. 7,a npuBeneHs! 3aucumoctn ouenok Ep (i, .t), Ep(t)

omn6oxk (crutomuste mnnn) 1 owmnbku Ep (i, j,ty) (cunss mynxkupuas mmuus) ot crepeobasuca npu
Sr(4c)=0.5m; oy (Ac) =0y (Ac (to)) =ay (Ao (iljvfo)) =20%;
Pu (4 ) = B (4c (10)) = Bu (4o (i, .10) ) =8192 IUKCerei; Do ()= D(i, j,t) =500m;
oo (t)=af(i,jty)=45" (paspemenne BbicoKoE, yron Ha 00beKT 45°, auctanmus 500 m). U3 puc. 7.a

crnenyet, uyto s POM-MRS na ocHoBe DeepGV cymiecTByeT onTUMalbHBIN pacnpeaeIeHHBIN

crepeobasuc, 0becrie BN MUHUMYM OlleHKH Ep (i, j,to) owmnGku 1 camoit ommbku Ep (i, j,ty).
JIist yKa3aHHBIX YCIIOBUH MUHUMAJIbHAs OMIMOKA OTIPEIEIEH s IMCTAHINY 10 00BEKTa 00ECTIEUMBAETCS
NpH pacrpesieneHHOM cTepeobasuce Mexay arentamu B(i, j,t; ) = 25m.

1 En,m . Ep.m
0 ° 10

0 100 200 00 400 500 B:M 0 100 200 300 400 500 B:m

0 100 200 300 400 SO0 B.m 0 100 200 300 400 500 B
8 2

&~ WM/PFDwW0O; —#— WV/PFDwWO; —4- WIm/OMDw30; il WM/OMDwWO;
WIm/OSDw10; —#— \WIme/OSDw30; —#*— QV/OTD-3; =~ WIme/OMDwW3O0;
- DeepGV(ED(i, j,to)) ~# DeepGV/(Ep(i.j.ty))

Puc. 7. 3aBrcuMOCTH OLIEHKH OIIMOKHM ONpeeNICHNs] TUCTaHIINK JI0 00BEKTa OKPY)KEHHsI OT cTepeodasuca:
a — pa3pelIeHue BICOKOE, yroyl Ha 00bekT 45°, nuctanuus 500 M; 6 — pa3pelieHre HU3Koe, yroi Ha 00beKT 45°,
muctaumst 500 M; 6 — pa3pemnieHne BEICOKoe, yroil Ha 00bekT 60°, muctanmms 500 M; 2 — pa3pemieHne HU3Koe,
yroin Ha 00BexT 60°, nuctanmus 1000 m
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B nannoii rTouke POM-MRS o0ecnieunBaeT HaMMEHBIIYIO IO cpaBHEHHIO ¢ SRS U3 Tabi. OLeHKY
omm6xn Ep (i, j,ty) ~2,2m (Ep (i, j.ty) 2,4m), xotopas npumepro B 1,7, 4,2, 6,7, 7,1, 41,5, 71,5,

120,6, 2034,4 pa3 MeHbIIIe 10 CPaBHEHHUIO ¢ OlleHKaMu omOok 171 cuctem WIme/OMDw30, QV/OTD-3,
WIme/OSDw30, WIm/OSDw10, WM/OMDwO0, WIm/OMDw30, WV/PFDwO0, WM/PFDwO (cm. Tabi.).
ITo cpaBrenuio ¢ POM-MRS Ha 0CHOBE KOMIDIEKCHOTO HEHPOCETEBOTO JETEKTHPOBAHMS areHToB [6, 8—11]

TIPH MaKCHMAIBHOM cTepeobasmce 7 M (ED (i,j.tg)=4.6Mm, Ep(i,j.ty)~ 5,1M) POM-MRS Ha ocHOBe

mozenu DeepGV no3BossieT yMEHbIIUTD OLEHKY Ep (i, j,to) oImmOKu nmpuMepHo B 2,1 pasa.

[Ipy yMeHbLICHHH pa3pelieHHs BUACOKaMepsl B 2 pa3a (cM. puc. 7,0) MUHMManbHAs OLCHKA
omuOKu onpesieneHus uctanimy 10 oobekra B POM-MRS na ocHoBe DeepGV yBennunBaeTcs Takxke
B 2 pa3a M CTaHOBUTCSl COM3MEpUMOii ¢ oneHkoit oumbOku B cucteme WIme/OMDw30 (pasperienue
HH3KO0E, yroi Ha 00bekT 45°, nuctanims 500 m). [To cpaBHenuto ¢ POM-MRS Ha ocHOBE KOMIUIEKCHOTO
HefpoceTeBOro JeTeKTupoBanusi arcHToB [6, 8-11] mnpum MakcumanbHOM crepeobasuce 7 M

(ED(i, jto)~9,3m, Ep (i, j,to)zIO,SM) POM-MRS wna ocnose Mozmenn DeepGV mossosser

YMEHBILIHUTH OLCHKY Ep (i, j,to) oKy mpuMepHo B 2,1 pasa.

[pu Sr(4c)=0.5m; (XM(AC):OLM(AC(tO)):(XM(AO(i’j’tO))ZZOO;
Pu (4c ) = B (e (10)) = B (4o (7. .10) ) = 8192 nUKcesei; Do (t)=D(i, j,t; ) =500m;
ao(t)=a(i, j,ty)=60° (paspewennue Bbicokoe, yroa Ha 06bext 60°, aucranuus 500 M) POM-MRS
Ha ocHOBe DeepGV obecnieunBaeT HANMEHBIITYIO 10 CPABHEHUIO C CUCTEMaMU U3 Ta0Jl. OIEHKY OITHOKH
Ep (i, j,to)z 2,0Mm (ED(i, j,to) ~ 2,2M) npu B(i, j,to) ~ 25M , kotopas nipumepHo B 1,8, 4,5, 7,2, 7,7,

45,4, 78,3, 132,1, 2230,5 pa3 MeHblIe 10 CPaBHEHHUIO C OleHKamu orOok s crctem WIme/OMDw30,
QV/OTD-3, WIme/OSDw30, WIm/OSDw10, WM/OMDwO0, WIm/OMDw30, WV/PFDw0, WM/PFDwO
paccmotpeHHbIX B Tabn. 1 (cm. puc. 7,C). Tlo cpaBhHenuio ¢ POM-MRS Ha OCHOBE KOMILIEKCHOTO
HefpoceTeBOro JieTeKTHpoBanusi areHToB [6, 8-11] mnpu MakcumaibHOM cTepeobasuce 7 M

(ED(i,j,tO)z3,8M, ED(i,j,tO)z4,4M) POM-MRS Ha ocHoBe DeepGV mno3BoisieT yMEHBIIUTh

ouenky Ep (i, j.ty) ommbku npumepro B 1,9 pasa.
[pu HCIIOJTb30BAHUH IIUPOKOYTOJILHOTO 00BEKTHBA

M (AC ) =y (Ac (to)) =ay (Ao (i, .10 )) =70° W MaTpuIbl C MEHBIIMM IIMKCEIBHBIM Pa3MEPOM

3

Pu (AC): Py (AC (to)) =By (AO (i, /.10 )) =2048 (r.e. CcHWKeHWE paspeuieHus B 14 pas) s
Do(t,)=D(i, j.ty)=1000m (npn yBennyenun paucTaHuMK 1O OObeKTa B 2 pasa);
0o (tl) = oc(i, it ) =60° (paspemenue HU3KOE, yroa Ha 06bekT 60°, mucTanmus 1000 M) NpeLIoKeHHAS
Mozenh ofecnieunBaeT MUHIMaIbHOE 3Hauenne ommnbkn Ep (i, ,ty)~83,5m (Ep (i j,ty) ~87,5m)

npu B (i, j,to) ~35M ,uro B 1,9, 1,6, 1,3, 1,3 pa3s xyKe 10 CPABHEHHIO C OLIEHKAMU OLIMOOK JIjIsi MOJIENIECH

onometpru u3 WIme/OMDw30, QV/OTD-3, Wime/OSDw30, WIm/OSDw10, vo 8 2,7, 4,4, 7,1, 111,3 pa3
JIyYIIie TI0 CPABHEHHIO C OI[CHKaMH OIMOOK yisi Moaeneit ogomerpuu w3 WM/OMDwO, WIm/OMDw30,
WV/PFDwWO, WM/PFDWO (cMm. puc. 7,d). Tlo cpaBuenunio ¢ POM-MRS Ha ocHOBE KOMILIEKCHOTO
HefpoceTeBOro JieTeKTupoBaHusi areHToB [6, 8-11] mpu MakcumanbHOM crepeobasuce 7 M

(ED (i, j,to) ~ 248,3m, E (i, j,to) ~ 235,8M) POM-MRS Hna ocHoBe DeepGV no3BonseT yMEHBIINTh

ouenky Ep (i, j.ty) ommbku npumepro B 3,0 pasa.
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3akiIoueHne

i MOBBIICHMS TOYHOCTH ONPEACACHHMS JOUCTaHIMUM 10 o0bekta B POM-MRS,
(YHKIIMOHUPYIOMIEW B KBAa3HUCTAI[MIOHAPHOM pEXHME, pa3padoTaHa MOZIENTh Ha OCHOBE JIOKAIbHOW
COTJIACOBAaHHOM TPUAHTYJISIIIUU C AaHATTUTUYECKOM OIIEHKOM MOTPEIIHOCTH U3MEPEHUIN U MPOTOKOIHHO-
TeOMETPHUUIECKOH Bepr(DHUKAITICH THITIOTE3 O IETEKTHPOBAHNH areHTOB. MOIENIb OTIMYAeTCs OT MOJCIICH
SRS Ha 0cHOBE WHEPIMATBHOM, MEXaHUYECKOH, BU3yaIbHOW 1 KOMOWMHUPOBAHHON OJJOMETPHH, a TAKXKe
oT u3BecTHBIX Mozielieii POM-MRS Ha 0CHOBE KOMIUIEKCHOTO HEHPOCETEBOT0 ACTCKTUPOBAHUS arCHTOB
UCTOJIB30BaHUEM: TTPOTOKOJIBHO-TEOMETPHUYECKON Bepr(pHKAINH TUIIOTE3 O JICTCKTUPOBAHUU arcHTOB
JUTST X JIOKAJIbHOW BU3yabHO-TIPOTOKOIBHON HACHTU(WKANNN; aHATUTHYECKONW OIICHKH OIIMOOK
oTpeieNieHNs] TUCTAHIINK 10 OO0BEKTa OKPY)KEHHUS MPH BBIOOpPE OMOPHOTO areHTa IJjisl CTaTUIeCKOM
ONTUMM3ALMU PACTpPECICHHOr0 cTepeobasuca M MpH IMEpPeMElICeHUH ONOPHOTO areHra Jjis
TUHAMHAYECKON ONTHMM3AIINN PACIIPENCIICHHOTO cTepeobasnca. Ha ocHOBe mpemioKeHHOW MOIEIH
pa3paboTaHO MPOrpaMMHOE CPEACTBO, B KOTOPOM CTEPE00a3nC YUNUTHIBAETCS C OIMIUOKON, 3aBUCSIIEH
oT Tuna oxomerpun ais SRS wnu oT aucrannuu mexnay arentamu st POM-MRS. Tlokasano, 9Tto
MNpeAJIOKCHHad MOJACJIb II03BOJIACT YMCHBLIIUTDH OHH/I6KI/I OIMpeACICHUA AUCTAHLIHUU OO0 O6T)€KTEI
OKPYKEHHS TI0 CPaBHEHHUIO C OJTHOPOOOTHBIMU MOJIETISIMH HA OCHOBE OJOMETPHH PA3NUYHOTO BUAA U
u3BecTHBIMU MozeisiMu POM-MRS ¢ KOMIUIEKCHBIM HEUPOCETEBBIM JIETCKTUPOBAHUEM arcHTOB.

Baaropapuocts. Pabora BeimonHeHa npu noaaepkke benopycckoro pecmyonmkanckoro Gpoxaa
bynmamenTanphbix uccnenoBanuii (BPOD®U) n HanmonansHoro ¢oHma ecrecTBeHHbIX Hayk Kutas
(H®EHK) B pamkax npoekra T25KIM-054 «TexHOIOTHSI MHOTOKAMEPHOM JIOKATH3AI[MU M TOCTPOCHHS
KapThl OTKPHITOTO MPOCTPAHCTBAY.

MODEL FOR DETERMINING THE DISTANCE TO AN OBJECT IN A QUASI-
STATIONARY MULTI-ROBOT SYSTEM WITHOUT ODOMETRY BASED ON A
CONSISTENT TRIANGULATION

Q. GUO, M. I. ZORKO, S.V. LITVINOV, V.Yu. TSVIATKOU

Abstract. The article considers models for determining the distance to an environmental object by
a single robot and in a decentralized self-organizing video-centric multi-robot system without
odometry (POM-MRS) — operating in a quasi-stationary mode. To improve the accuracy of
determining the distance to an environmental object in POM-MRS, a model has been developed
based on local consistent triangulation with an analytical assessment of measurement errors and
protocol-geometric verification of hypotheses about agent detection. The model describes the basic
functions that make it possible to construct a general algorithm for determining the distance:
determination of a distributed stereo basis; calculation of the distance to an environmental object;
local consistent triangulation, including the selection of a reference agent (static optimization of the
local distributed stereo basis) and controlled movement of the reference agent (dynamic optimization
of the distributed stereo basis); local visual-protocol identification of agents based on protocol-
geometric verification of hypotheses about their detection. It is shown that the proposed model
allows to reduce errors in determining the distance to the surrounding object in comparison with
single-robot models based on various types of odometry and well-known POM-MRS models with
complex neural network detection of agents.

Keywords: object distance determination, video-centric self-organizing multi-robot system without
odometry.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 621.391.63

IKCIIEPUMEHTAJIBHASI CUCTEMA JUISA UCCJIIEJOBAHUA KAHAJIA CBA3HU
BUIUMbIM CBETOM HA BA3E SDR

A.H. COJIOBBEB

Benopycckuii cocyoapcmeennblii ynusepcumem ungopmamuxu u paouodiekmponuku, Pecnybnuxa Benapyce

Hocmynuna 6 pedaxyuio 3 anpens 2026

AHHoTanusi. B paboTe mpencraBieHa 3KCHEpHMEHTANbHAsE CHCTEMA Ul MCCIICOBAaHMS KaHaia
CBSI3M BHAMMBIM CBETOM, PEaIN30BaHHAs Ha 0a3e MpOTrpaMMHO-OINPEACTSIEMBIX PAIHOCUCTEM H
ONITORJIEKTPOHHOTO TpakTa. [IpemioxkenHas ycTaHOBKa obecrieunBaeT popMupoBaHue, repeaady u
MPUEM CHTHAJIOB C BO3MOKHOCTBIO YIPABISIEMOr0 U3MEHEHHsI TAPaMETPOB ONTHYECKOTO KaHalla U
ycioBuii pactipoctpaHenus. CucTeMa OpUEeHTUPOBaHa Ha PETHCTPALMIO apaMeTPOB CUrHala, YTo
MO3BOJISIET MCCIIEIOBATh TUHAMHYECKHE CBOWCTBA KaHala, YTO MOXET OBITh MCIIOJIBb30BAHO LIS
UCCIIeIOBaHNs BpDEMEHHOI CTPYKTYpPHI KaHalla U €€ aHaIn3a.

Kniouegvie crnosa: cucremMa CBsI3M BUAUMBIM CBETOM; IIPOrPaMMHO-OIpeesieMasl paliochCTeMa;
OFDM; aHanu3 CUTHAJIOB; OTHOIIEHHWE CUTHAII/IIYM; BPEMEHHbIE XapaKTEPUCTHUKH; TUHAMHKA
KaHaja.

BBenenne

Cucremsr cBs3u BUIUMbIM cBeTOM (CBC) sBNSIOTCS MEPCIEKTUBHBIM HAITPAaBICHHUEM Pa3BUTHS
OecrpoBOJHBIX TEXHOJOTMH TMepenaud JaHHbIX. JlJI1 opraHuM3alyy KaHaia CBA3HM HCIIOJIB3YeTCs
BUJIUMBIN Auana3zoH cBera oT 380 mo 780 HM, YTO MO3BOJSET COBMELIATh NMPUMEHEHUE CBETOBBIX
WCTOYHWKOB JUIS OCBEIEHHs W Tiepefadd NaHHBIX [1]. YBennueHwe Harpy3Ku Ha paguodyacTOTHBIN
cnektp nenaet cucreMbl CBC Bce Oosiee mpHuBIieKaTeIbHBIM JOMTOJTHEHHEM, @ B HEKOTOPBIX CIyYasx
aJTbTEPHATUBOU TPAIUIIMOHHBIM CHCTEMaM CBS3H [2].

B mnacrosmee Bpemst mccienmoBaHus B oOmactu cuicteM CBC HampaBieHBl Ha IOBBIIEHHE
HAJIKHOCTHU TI€pPElavyd JaHHBIX W HA TOBBIIIEHHE MPOMYCKHON crocoOHOCTH. OCHOBHBIMHU ITHUPOKO
WCIIOJIb3yEMBIMH TIOKa3aTeIsIMH OIEHKM KadecTBa COECTUHEHMS SABISIOTCS Takue IOKa3aTelH, Kak
BeposATHOCTH OuTOBOH omubOku (BER), otHOmenne curaan/mrym (SNR) u cBs3anHbIi ¢ HEM Q akTop —
MoKa3aTeNb KayecTBa mMU(poBOro curHana [3]. DTH mapaMmeTpsl SBISIOTCS 0a30BBIME ISl aHAIH3a
CHUCTEM TIepellavyd JAaHHBIX W HWCIONB3YIOTCS JUIS BbIOOpa MOAYISIMH W QJITOPUTMOB 00pabOTKH
curHaIoB [4].

HecMmoTps Ha moBceMeCcTHOE IPUMEHEHNE TAHHBIX MTOKa3aTeNed, UX UCII0Ib30BaHHE B OCHOBHOM
OTPaHUYMBAETCS OICHKOH KaHalia B ONpe/AeieHHbIH (UKCHPOBAaHHBI MOMEHT BPEMEHH WIIU
MIPUMEHSETCS] YCpEeTHEHHE TToKa3aTels 32 BRIOpaHHbBIM nHTepBaji. B peanpHbx ycnmoBusax kanan CBC
MIOJBEPraeTcsl BO3ACUCTBUIO MHOXECTBA (PAKTOPOB, TAKMX KaK BHELIHSSI OCBELICHHOCTh, OTPasKEHHUS,
TEOMETPHS PACIPOCTPAHECHUSI CUTHANA B IOMENIEHHUH U CHelU(HKa ONTHYECKUX M AJIEKTPOHHBIX
KOMIIOHEHTOB CHCTEMBL. Bce 310 mpuBOANT K (POPMUPOBAHUIO TUHAMHYECKHX TPOIIECCOB U N3MEHEHHUIO
XapaKTepUCTHK KaHaja BO BpEMEHHU [5].

Jns M3ydeHus 3THX SBICHHUN TpeOyeTcs HCCIeIOoBaTelIbCKas SKCIEPUMEHTAIbHAS CHCTEMa,
KOTOpasi MOXKET 00ecrieuuTh (PopMUpOBaHNE CUTHAIIOB JUIs repenadu B cucremMax CBC, ynpasnsemoe
M3MEHEHHEe MapaMeTpoB KaHaJla M PETUCTPAIUIO THHAMHYECKUX XapaKTePUCTUK MPU HAOIIONCHUH 3a
pabotoii cuctemsl. Mcnonp3oBaHue nporpaMMHo ompeaesnsemoit paguocucremsl (IIOP) B couerannu ¢
HACTPAaWBaeMbIM ONTOANIEKTPOHHBIM TPAKTOM TPOXOXKIACHHSI CHTHANA TIO3BOJITIOT TIOCTPOUTH
MOTO0HYIO CHCTEMY.
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B nanHolf paGoTe npencraBieHa cucTeMa, IocTpoeHHas Ha ©Oase IIOP B couetanuu c
ONTO3IEKTPOHHBIM TPAaKTOM, OOeCHeuuBaroIlasl IepeJadyy U IpPUeM ONTUYECKUX CHTHAJIOB C
Pa3IMYHBIMA TUTIAMH MOIYJISIHH B AranazoHe 9acToT 1—10 MI'm. OcoOeHHOCTBIO CHCTEMBI SIBIISIETCS
BO3MOKHOCTbH PETUCTPALIMHU TapaMeTPOB CUTHAJIA BO BpEMEHHU MPH PA3INYHBIX BHEITHUX BO3JIEHCTBUSX,
YTO CO34a€T OCHOBY AJISI IOCIIEAYIOIIET0 aHAIN3a TUHAMUYECKN XapaKTePUCTHK KaHaa.

ApXMTEKTYpa 3KCIIePUMEHTAJIBHOI CHCTEMBbI

ApXUTEKTypa SKCIIEpUMEHTAILHON cucTeMbl uccnenoanus kanaga CBC mpencrasnser coboii
TPaKT Mepefayd W MpHeMa CUTHala, BKIIOYAIOIIUN (OpMHUpOBaHHME CUTHalla, €ro mepefady depes
ONTUYECKUI KaHAN U MOCIIEIYOLIYI0 PETHCTPALMIO U 00paboTKy Ha IPUEMHOM CTOpPOHE.

BaxHOM 0COOECHHOCTBIO MPEUIOKEHHOW CHCTEMEI SIBIISICTCSI €€ OpHUEHTAIlds Ha HEIpPepBIBHOE
(bopMHpOBaHNE U PETUCTPAIIMIO CUTHAIA U €T0 XapakTepUCTUK BO BpemeHH. Ha puc. 1 mpencrasiena
ApPXUTEKTypa OKCHEPUMEHTANBHOW YCTaHOBKM. CHTHaJ C HAacTpaMBaeMbBIMH XapaKTEpUCTHKaAMHU
nepenaeTcst U3 GOPMHUPOBATENSI CUTHAJIA B MPOIPAMMHO ONPEACTSIEMYIO PaIHOCUCTEMY, IIOCIE Yero
MOCTYMAaeT B TPaKT ONTORJIEKTPOHHOTO TepelaTdhka, TAe NpeoOpazyercss U3 DIEKTPUUECKOro B
ontuyeckuil. Jlamee CHUTHan paclpocTpaHAETCs II0 ONTHUYECKOMY KaHaly M MPUHUMAeTCs
OINTO3JIEKTPOHHBIM TNPHEMHHUKOM. [IpeoOpa3oBaHHBII M3 ONTHYECKOTO B 3JIEKTPUUYECKHH CHUTHAl
npeaBapuTeIbHO 00padaThiBaeTCsl MPUEMHON MPOrpaMMHO ONpEAeSIeMOW pPaAHOCHCTEMON U
nepeaaeTcst it 00pabOTKH, COXpaHEHUsI U aHaIn3a B 00pabOTUMK CUTHAA.

»C NOP 1 03Mpa ———

OK

oc MoP 2 oarpm f——

Puc. 1. Apxurektypa 3KCIIepuMEHTaIbHOH CHCTEMEI HecineaoBaHus kanana: ®C — oopMupoBarens CUrHana,
[IOP 1,2 — nporpammHuo omnpenensiemsle paguocucreMsl; O3l Ipa — onToanekTpoHHbIN nepenaTank; OK —
ontuaeckuit kaHai,; OOIIpm — onrroanekTpoHHBIH npueMHnK; OC — 00paboTYHK CUTHATA

DKcriepuMeHTaNbHAs. CUCTEMa MOXET OBITh peain30BaHa B JBYX OCHOBHBIX KOH(HTYpaiusx,
OTJIMYAOIIUXCS CIIOCOO0M OpraHu3aiuy GOPMUPOBAHUS U 0OPAOOTKU CUTHAJIOB.

B niepBoii KoHGUrypauuu UCTIONB3YIOTCS ABa BEIYMCIUTENBHBIX YCTPOUCTBa (hopMHUpOBaTENs U
00paboTunka curHana), 00ecreynBaoUINX pPa3aelbHyI0 padoTy Mepeaaroero U MpUeMHOr0 TPAKTOB.
Takol MOAXO/A TO3BOJISIET CHHU3UTh HArpy3Ky Ha Ka)JI0€ YCTPOWCTBO M TMOBBICHTh CTaOWIBHOCTH
(GYHKIMOHUPOBAHUS CUCTEMBI IIPH AJTUTEIBHBIX H3MEPEHUSX.

Bo Bropoii kordurypamun GopMHUpoBaHUE U IPUEM CHTHaJIa MOTYT OCYLIECTBIISIIOTCS HA OIHOM
BBIYUCIUTEIBHOM YCTpOWCTBE. JlaHHBIM BapHaHT YNPOUIAET CTPYKTYPY, OJHAKO NPEIbSIBISCT
TIOBBINIICHHBIE TPEeOOBaHHMS K BHIYUCIUTEIBHBIM pecypcaM, a TakkKe MOXKET IPHBOJUTh K
JIOTIOJTHUTENIBHBIM 3a/IepKKaM 00paboTKH.

HezaBucuMo oT BBIOpaHHOW KOH(QUrypaluu, CHCTEMa OPHEHTHpPOBaHa Ha obecrieueHue
HETpephIBHOTO  (OpPMUPOBaHUS W 00pabOTKM CUTHaia. OTO TMO3BOJSET PETUCTPUPOBATH
XapaKTepUCTUKN KaHala M MCIOJb30BaTh WX JAJS aHAIM3a €ro AMHAMHYECKHX CBOWCTB, BKJIIOYAs
M3MEHEHHE COCTOSIHUS KaHaja MoJ] BO3ACHCTBIEM U3MEHSEMBIX BHEIIHUX (aKTOPOB.

dopmupoBaHue U 00padoTKa CUrHAJA

®opmupOBaHKE U IIPUEM CUTHAJIOB B AKCIIEPUMEHTATBHON CHCTEME ITPOM3BOAATCS ITOCPEICTBOM
IIOP B cpene GNU Radio [6], koTopas npencTaBiseT co00i OTKPHITYIO IIaThopMy Uit pa3paboTKu U
HcciIeoBaHus U(POBBIX CHCTEM CBA3U. B cpee BO3MOXKHO pealm30BaTh TPAKT MpHeMa U Iepeaadn
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JNEKTPUYECKOTO CUT'Hajla B BHJE rpada, COCTOSILIETr0 U3 pa3iuyHbIX (YHKIMOHAIBHBIX OJOKOB, YTO
obecrneunBaeT THOKYIO HACTPOHKY IMapaMeTpOB CUTHAJA U €r0 aHaJN3 B IpoIiecce paboThl CHCTEMBI

B kadecTBe TECTOBBIX CHUTHAJIOB JUIA MCCIIEAOBAHUS BPEMEHHBIX XapaKTEPHCTHUK KaHajga MOTYT
UCIIOJIb30BaThCs KAK IPOCTHIE, TAK M CJIOXKHBIEC BUJIBI CATHAIIOB. [[pMeHeHNEe TapMOHIYECKOTO CUTHAIIA
MO3BOJISIET 0A30BO OIICHWBATH XapaKTEPUCTHKH KaHAJIA MOTydasi OTHOIICHWE CUTHAI/IITYM WIIH H3ydast
YacTOTHBIE HCKaxkeHWs. Ho s omeHkn KaHama B TONMHON Mepe IenecooOpa3Hee MPHUMEHSTh
HIMPOKOTIOJIOCHBIE CUTHAJIBI HCIIONB3yeMBbIC ISl IIepeaadd HHPOPMALHH.

B kauecTBe Takoro cMraajia mpeajaracTcs UCIOJIb30BaTh CIIOKHBIA CUTHAI ¢ OPTOTOHAJIBHBIM
4acTOTHBIM pazzaeneHueM kaHaimoB (Orthogonal Frequency-Division Multiplexing OFDM), koTopsriit
IUPOKO TIpuUMeHseTcss B coBpeMeHHBIX cuctemMax CBC [7, 8]. Betbop OFDM Takke MOXET OBITh
00yCJIOBJIEH TEM, YTO IMOMKMO IIHUPOKOTO CHEKTpa OH COJICPXKHUT MOJHECYIIUE, KOTOPbIE MOTYT MO-
pasHOMY pearmpoBaTh Ha W3MEHEHHWS B KaHaje CBS3M, YTO MOXKET IMOBBICUTh UyBCTBHUTEIHHOCTH
AKCIIEPUMEHTAIBHOW YCTAHOBKHU U MO3BOJIUT JIyYllle aHATU3UPOBaTh cocTosiHue kaHana CBC.

®opmupoBanne OFDM curnana peann3oBaHo Ha ocHOBe cTaHgapTHbIX OnoxoB GNU Radio,
KOTOpble OBUTM HACTPOEHBI IO/ TapaMeTpbl dKCIEPUMEHTalbHON ycTaHOBKH. ['pad mepemardmka,
KOTOPBIX OTIpeNIeisieT MoCeI0BaTeIbHOCTh IpeoOpa3oBaHnii CUTHANA TIPEICTABIIEH HA PHC. 2.
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Puc. 2. I'pad @C skcrnepuMeHTanbHON ycTaHOBKU crcteMbl CBC

I'pad ®C npezcraBisieT coOO0i MepenaTyMK U BKIIOYACT B ¢e0s Ha BHIOOP: OJIMH U3 UCTOYHHKOB
JAHHBIX B BUAe (¢aiima, mubo B BHUAE BeKTOpa (MII000pa3HBIA CHUTHAN), U3 KOTOPBIX (hopMUpyeTcs
MI0CJIEJ0BATENFHOCTh M3 CUMBOJIOB JTMOO 4YHMCell, KOTopas jaajee mpeoOpasyercs B MOTOK C METKaMHU
MIAKETOB OMpeIeNIeHHON JITUHEL. J[J1s1 3TOro Mcmob3yercs: OJIOK MpeoOpa3oBaHus MOTOKA B MAaKETHYIO
CTpYKTYpy ¢ MeTkamH (Stream to Tagged Stream), kKoTopblit 0OecriedrBaeT KOPPEKTHYIO CETrMEHTAIIUIO
nanubix st OFDM-moaynsauuu.

Baxneimmm 351eMeHTOM Tiepearoiero Tpakra ssisgercs 0ok OFDM-Moaymsitopa, B KOTOPOM
BBHITIONTHSIETCSL  (DOPMHUpPOBAaHUE TIOJHECYIIMX, JOOABICHHE MWIOTHBIX CHUTHAJIOB, a TaKKe
npeoOpa3oBaHHE CUTHAJIA C HCHOJb30BaHMEM ObicTporo mpeobOpasoBanus @Dypwe (Fast Fourier
Transform, FFT). C nmomoursio nepeMeHHbIx 3anatotcs napamerpsl FFT, konndecTBo mopnecymux u
MUJIOTHBIX CHMBOJIOB, a TaK)Ke THUI MOIYJISINH MOJIE3HOW HArpy3KH U 3aroJIOBKa.

Ilocne ¢QopmupoBanusi curHaja BBIIOJHAETCS MacIITaOMPOBAHHWE €ro aMIUIUTYABl Ul
COIJIACOBaHMsI YPOBHEH C TMOCIHENYIOIMM TPakTOM nepenaud. JlOMONHUTENBHO B rpade
MPEeTyCMOTPEHBl CPEICTBA BU3YaJbHOTO KOHTPOJS CHWTHANA, BKIIOYas OTOOpakeHHE CIIEKTpa
OCIIMJUTOTPaMMBI BBIXOJHOTO CHTHANAa M CO3BE3/MSA, YTO MO3BOJSET KOHTPOIHUPOBATH KOPPEKTHOCTH
(hopMHUpOBaHUS CUTHAIA

Pesynbrar 3amycka rpada ®@C Ha HCIIOIHEHHE, MOKHO BHJICTh Ha PHC. 3.
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Puc. 3. Bemonnsiemsrit rpag @C ¢ napamMeTpamMy YCUIICHUS U BBIXOJHBIM CIIEKTPOM Ha Mepeaady

I'pad OC, npexncrasieHHbI Ha puc. 4 peain3yeT NpueM, 00paboTKy U BU3yalH3alHIO CUTHAJIA.
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Puc. 4. I'pap OC skcniepumenTanpHOi ycraHoBKH cucteMbl CBC

W3 curnana, NOCTyHarooLEero ¢ IpUeMHOI0 yCTPOICTBa, IpeABaApUTEIbHO YAAISIETCS HOCTOSHHAS
COCTaBJIAIONIAs, KOTOpasi HETaTHMBHO BIMSAET Ha OIEHKY KaHana. Jlamee curHaim moctymaer B OJIOK
OFDM-npueMHuKa, B KOTOPOM BBITIONHAETCS CHHXPOHHU3AIMS 110 MWJIOT CUTHAJIaM, IEPEHOC CUTHaa B
YaCTOTHYIO 00JIACTh M AEMOIYJISIIHUS ITOJHECYIINX.
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[Tocne pemomynmsinuM BBHIMONHSACTCA IpeoOpa3oBaHHE IMOMYYCHHBIX JaHHBIX B (opmar,
NIPUTOHBIA JUIsI JalbHelled oOpaboTKu ¥ aHamu3a, a TaKk Kak OCHOBHBIM HMCTOYHUKOM JIaHHBIX B
pamkax Oyaymed paboOThI ISl HAc SBISIETCA OTHOIICHHWE CHTHAJ/TIIYM, OCTAlIbHBIE OJIOKM BBIBOIA
BpPEMEHHO JeaKTUBHPOBaHBL. Ipn HEOOXOAMMOCTH OTCIEKHUBaHUs KO3 GUIMEHTa OUTOBON OIMIMOKU
(Bit Error Rate — BER) cyiiecTByeT BO3MOKHOCTD 3allUCH TIPHHATO MOCIIETI0BATEIHOCTH B (hailst st
JmanpHenmier oopaboTku. Takke B rpade mpeaycMOTpeHB! OJIOKH BU3yalU3alliid BPeMEHHOUW (popMbl
CUTHaJIa, BXOAHBIX M BBIXOAHBIX JIAHHBIX, YTO IO3BOJISIET KOHTPOJIMPOBATH MpOLECC NpuemMa M
COIIOCTABNIATh TMEPEJaHHbI M TMPHUHATHIA CHUTHANBI, YTO OCOOCHHO YJOOHO B Ciydae IMepenadd
BEKTOPHOTO cHrHana. Takke Toje3eH B BH3yalHm3all W HacTpoiike Omok «Bomomamy (Waterfall),
KOTOPBII MO3BOJISIET HE TOJIBKO OTCIICKUBATh N3MEHECHHUS CHTHAJIOB B PEAIbHOM BPEMEHH, HO M BUJCTh
uctoputo 3¢upa. Pesynbrat Beimonnenus rpaga OC npeacraBiieH Ha puc. S.

22 G .

Recelver Output

Amplitude

ﬂ;nc (lns)!

Scope Plot Qutput

Dutatd

1,5 2
Time (me)

Puc. 5. Bemonasewmsiit rpad OC ¢ mapaMeTpamMul yCHJICHHS IPUHUMAEMbIM CIEKTPOM C TTAMATHIO M IPUHATHIM
JIEMOJTyJIHPOBAHBIM CUTHAJIOM

BaXHBIM 3JIEMEHTOM SIBIISICTCS OJIOK OICHKM OTHOLICHHS CHUTHAJ/IIIYM, HCIOJNB3YEMbI B
MPUEMHOM TpakTe. BcTpoeHHBIE Momyns omeHkrn SNR T03BONSET MOdMy4aTh TEKyIIHe 3HAYSHUS
KadyecTBa CHTHalla HEMOCPEJCTBEHHO B Iporiecce padoThl cUcTeMbl. [loyueHHbIE 3HaYeHUs depe3
uHTep(delic MoIL30BaTENs 3aMUCHIBAIOTCS B (DAl ¢ J0O0aBIeHHEM BPEeMEHHOM METKH, YTO 00ecrieunBaeT
(dhopMupoBaHUE BpeMeHHBIX 0B napaMeTpa SNR oueHb yI0OHBIX [UTSI TOCIEAYIONIETO aHAIH3A.

Peanusaius nepeparomiero U npueMHoro tpakToB B Buze rpadgo GNU Radio obecrnieunBaeT He
TONIBKO TIepe/lady M TpUeM CHTHalla, HO W 3aJIeHCTBYET BCTPOCHHBIE CPEICTBA €ro aHaiu3a. JTo
MO3BOJISIET HKCIIOJIB30BAaTh CHCTEMY KaK HHCTPYMEHT JUIS HWCCIICJOBAHUS XapaKTEPUCTHK KaHAla,
BKJIFOYas UX U3MECHCHHE BO BpEMEHU IIpH BO3)IeI71CTBPIH Pa3IMYHBIX ITOMEX.

OnT03/1eKTPOHHBIH TPAKT

OnrosnekTponHblid TpakT (OT) sKCHepUMEHTATBbHONM CHCTEMBI CIYXHUT Ul NMpeoOpa3oBaHUs
CHUTHAJIa U3 BIIEKTPUIECKOH (POPMBI B ONTHYECKYIO M 00paTHO. B COOTBETCTBUM CO CTPYKTYPHOH CXEMOI
Ha puc. | B OT MOXXHO BBIIETUTH clieayromue ocHoBHBIC AmeMeHTsl: 1IOP 1; O3IIpx; OK; O3IIpwm;
[OP 2.

[IOP 1 wu IIOP 2 mnpencraBnsioT co00il NporpaMMHO-ONpENeNsieMble PagHOCHCTEMBI,
BBITIONHSIOMKE (QYHKIMK [U(GPO-aHAIOTOBOTO W aHAIOTO-IIM(POBOTO Mpeodpa3oBaHHs, a TaKKe
MEepBUYHON 00paboTKM CHUTHAMOB. B 0a30Boii KoH(HTrypamum Takhe CHCTEMBI OOCCIICUHBAIOT
(dbopMHpOBaHNE W NPUEM CHTHAJIOB C 33JaHHBIMHU MapaMeTpaMH U UX Iepeaady Mexay Hu(poBOH U
aHaJIOrOBOM YacTsIMU TpakTa.
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B of0mewm ciydae mporpaMMHO-ONpeAeisieMble paidOCUCTEMBl pPEau3yloT HACTPaHBaEMYIO
apXUTEKTYpY, B KOTOpOH (yHKIMM O0OpabOTKM CHUIHAla paclpelessioTcs MEXIy ammnapaTHOH Hu
IPOrpaMMHON dacTsIMU. B HEKOTOpBIX ycTpoiicTBax Al YCKOpeHHs OOpabOTKH HCIIONIB3YIOTCS
mporpaMMupyeMble nonb3oBaTesneM BeHTwibHbIe MaTpuilsl (IIIIBM, FPGA) u torma 3nauuTenbHas
4acTh aJrOPUTMOB NPeoOpa3oBaHusl CUTHANIA BbIIOJIHAETCS Ha ctopoHe [1OP, a He BrIuMcaUTENbHON
CUCTEMBI.

B paccmarpuBaemotii peanuszanuu B kadectBe [IOP ucnonb3yrorcs qsa yerpoiicrsa HackRF One,
KOTOpble oOecreynBaloT (OPMHUPOBAHUE W MPUEM CUTHAIOB B IIMPOKOM JAMANa3zoHe 4acToT [9].
[IpumeHeHne NOAZOOHBIX YCTPOWCTB IO3BOJISIET ONEPATUBHO H3MEHSTh IapaMeTpbl CHUTHajda U
IPOBOAMUTH 3KCIHEPUMEHTHl 0e3 MOOu(HKAaLM{ anmapaTHOW yacTd. B KauecTBe anbTEpPHATHBHBIX
peLeHni MOTYT paccMaTpuBaThCs Ooiee MPOU3BOAUTENbHBIE TIAaThOpPMbI, Takue kak LimeSDR [10],
a TakXke JPYrue aHaJOTHYHBIE YCTPOMCTBA, OTIMYAOLIMECS PACIIMPEHHOM MOJIOCOW MPOIyCKaHUS U
YIyYIIEHHBIMH XapaKTepUCTUKAMH aHaJIOro-IudpoBbIX mnpeoOpa3zoBareneid. DKCIEpHUMEHTaIbHAS
YCTaHOBKa pacCYUTaHa Ha TaKWe U3MEHEHMS.

Ucnonw3oranue [1OP B 3amayax onTuyeckoit OSCIIPOBOIHOM CBSI3U JAaBHO BBI3BIBACT MHTEPEC Y
HAy4YHOTO COOOIIEecTBa M pacCMaTpHUBaeTCs, HapuMep, B padotax [11, 12], rae mokazana BO3MOXHOCTh
MOCTPOCHUSI M aHaju3a THOKUX CHCTEM IMepeAayd NaHHbIX Ha 0aze MporpaMMHO-ONpeAemsieMbIX
paaroCcUCTEM.

K ocHoBHbIM mnpeumymiectBam npuMeHeHus [IOP B cocTraBe ONTO3JEKTPOHHOIO TpakKTa
OTHOCSTCA:

— rHOKOCTh HACTPOMKH MapaMeTpOB CUTHANa,

— BO3MOKHOCTB peaIn3ali Pa3INYHbIX METOIOB MOAYJIALIAN;

— MHTETpanys ¢ IPOrpaMMHBIMU CPEICTBAMH aHAIIN3A;

— BO3MOKHOCTb PErHCTpalMy apaMeTPOB CUTHaIa BO BpEMEHH.

K HegocTaTkaM MOXHO OTHECTH:

—OTpaHMYEHHYI0O  TOYHOCTb M  JWHAMUYECKMH  JMama3oH IO  CPaBHEHUIO  CO
CHEIMATU3UPOBAHHBIMU PELICHUSIMU;

— HAJIMYKE JIOTIOJIHUTEIILHBIX 3aJICPIKEK, CBA3aHHBIX ¢ Oydepusanueii u 00paboTKOI;

— 3aBHCUMOCTB XapaKTEPUCTHK OT BEIYUCIUTENBHBIX PECYPCOB CHCTEMBI.

OOIlpxa obecnieunBaeT npeodpa3oBaHUE HIEKTPUUECKOro curHaia, nmocrynatomero ¢ [TIOP 1, B
ONTHUYECKOE H3IydeHHe. YIpaBlIeHHE Ja3epHbIM auojoM (B yacTHOM ciydae LPC-815 650 um)
OCYILIECTBISETCS MMOCPEACTBOM MOAYJIALNN HANPSKEHUEM BXOJHOIO CUTHAJIa HCTOYHHMKA TOKa. Takoil
Croco®d COOTBETCTBYET MPHHIMUITY TNpAMON Moxaymsanuu wHTeHCuBHOCTH (IM/DD), mmupoxo
NPUMEHSIEMOMY B CHCTEMax ONTHYECKOW cBs3u [7]. Mcmonk3oBanue azepHOro auoja obecreynBaeT
BBICOKYIO HAIpaBJIEHHOCTh H3IYy4€HHUS M JOCTAaTOYHYI0 MOIIHOCTh CHUTHala /i TPOBEICHUS
9KCIEPUMEHTOB.

OK mpencrasisier co0oi cpelly pacnpoCTpaHEHUsl CUTHalla, HapaMeTpbl KOTOPOW MOTyT
M3MEHATHCS B TIPOIECCE IKCIepUMEHTa. B OoTIMune OT BOJOKOHHO-ONTHYECKHUX CHUCTEM, B JaHHOM
Cllydae HCIIONb3yeTCs CBOOOAHOE MPOCTPAHCTBO, YTO NPUBOJUT K JIOTIOJHHUTENBHBIM IOTEPIM M
BIIMSTHUIO BHEITHUX BO3ACHCTBUI.

OOIlpmMm peanuzyer oOpaTHOE mpeodpa3zoBaHue curHaina. PoToauoa MpeodpasyeT ONTHUECKOES
M3IyYeHHE B IJIEKTPHUUECKHUN TOK, KOTOPBIH 3aTe€M yCHIMBAECTCS TPAHCHUMIIEJAHCHBIM YCHJIUTEIEM U
npeoOpa3yeTcss U3 TOKOBOI'O CHIHaja B IPONOPLHOHAIBHOE HampsbkeHue. OCHOBHBIE CBOMCTBa
KPEMHHEBBIX p-i-n (OTOMMOMOB € OOJNBIION IUIOMAbI0 TEPEX0/ia, BIHUSIONIME HA MPOMYCKHYIO
CITOCOOHOCTh OMHMCaHBl B ucciemoBanusx [13]. B skcmepuMeHTanbHOW YCTaHOBKE IPHEM CHUTHAJA
ocymiectBisiercs horoauonom turna ®J1263 [14], obmagaronmuM O0CTATOYHON YYBCTBUTEIBHOCTHIO B
BUAMMOM [JIMana3oHe M MPUTOAHBIM JUISI TIOCTPOEHHS OBICTPOJNEHCTBYIOIMX (HOTOIPHUEMHBIX
YCTPOMCTB.

OOIlpn u OJlIpM peanu3oBaHbl Ha OAHOM MEYATHOM MJIaTe, MPEACTABISIONICH coOoi
MOIU(QHUIMPOBAaHHBIA BapHaHT paHee paspadorannoro Li-Fi momema [15]. B pamkax manHOH
9KCTIEPUMEHTAIBHON YCTAHOBKM W3 CXEMbl OBUIM HMCKIIOUCHBI OTIEIbHBIC Y376l 00pabOTKH, YTO
HO3BOJIMJIO TIOJIyYUTh JOCTYI K CHUTHaTy (OTONpHEMHHMKA 0Oe3 IpeaBapuUTEIbHONH (GHIBTpALlMN H
Koppekuuu. B mpeanmaraemoil cucteme oOecrmeynBaeTCsl BO3MOMKHOCTh PETHUCTpPAllMd MCXOIHOTO
curHaia ¢ GoTo10a, COAEPKALLETO BCE HCKAKEHUS], IITyMbl U BpEMEHHBIE H3MEHEHU S, BOSHUKAIOIINE
B KaHaJIE U DIIEMECHTaX.
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Puc. 6. OnrTosneKTpoHHAs YacTh SKCIEPHUMEHTAIBHON YCTaHOBKH

Crnenyer OTMETUTH, YTO UCIHOIb3YEMbIE ONTOIEKTPOHHBIE KOMIIOHEHTHI HE SIBIISIOTCS JKECTKO
(DMKCUPOBAHHBIMU DJIEMEHTAMHU CHUCTEMBI M MOTYT OBITh 3aMEHEHBI B 3aBUCHMOCTH OT YCIIOBHH
IKCIEPUMEHTa. DTO MO3BOJIET aJalTUPOBATh YCTAHOBKY IOJ pa3iM4HbIC JHANA30HBI MOILIHOCTEH,
PAacCTOSHUM U yCIOBHUM paclipOCTPaHEHUsI CUTHAIIA.

Takum obpaszom, T1IOP, coBmectHo ¢ OT, dopmupyloT enuHblii npeoOpasyonuii KOHTYp, B
KOTOpPOM (PH3MYECKHE HCKKEHUS M IIYyMbl HEMOCPEACTBEHHO OTPAXKAIOTCS HAa XapaKTEPHCTHKAx
CHUTHaJIa, JOCTYIHBIX AJIs TOCTIEYIOLIETO aHaJIH13a.

OnTnyeckuid KaHAJI

OK sKkcriepuMeHTaIbHOM CUCTEMBI TIPE/ICTABISET COOOH YIPaBIIEMYIO CPEy pacpOCTpaHeHHUs
ONTUYECKOTO W3IyYEHUS MEXIY OITOAIEKTPOHHBIM TepeAaTYuKOM H TPHEMHUKOM (OpMUpYys
3aMKHYTYIO NETI0. B oTInYMe OT BOJIOKOHHO-ONTHYECKUX JIMHUK CBSI3HU, TAKOH KaHaJ MOABEP)KEH
3HAYUTEIILHOMY BJIMSHUIO BHEIIHMX (DaKTOPOB, 4YTO JEJAaeT €ro yJOOHbIM OOBEKTOM JIIs
9KCTIEPUMEHTAIBHBIX UCCIIEIOBAHUN C BOZMOKHOCTHIO BHOCHTD ITOMEXH Pa3IMIHOTO XapaKTepa.

KOHCTpYKTHBHO KaHaj BKJIIOYAET (POKYCHPYIOIIYIO JIMH3Y M CUCTEMY M3 JIBYX OTPKAFOIIUX
3JIEMEHTOB (3€pKaJ), MOJOKEHNE KOTOPHIX MOXET M3MEHATHCSA B OUEHb IIMPOKOM auamna3zoHe. Takas
KOH(HTYpalusi TO3BOJISIET BapbUPOBATH JJIMHY OINTHYECKOTO IMYTH, YTOJ MaJCHUS W OTPaKECHUS
W3IYYeHHs, a TaKKe (POPMUPOBAThH Pa3IUYHbIC PEKUMBI PACTIPOCTPAHECHHUS CHTHAIA.

M3meHeHne reoMeTpyuy KaHala MPUBOJUT K MU3MEHEHHMIO YCIOBUU PAaCIpPOCTPAHEHUSI CUTHAA,
BKJIIOYAs IIOTEPH MOIIHOCTH, PACXOAMMOCTH ITyYKa U BIMSHUE OTPAXEHHBIX KOMIOHEHT. B psne pabot
MOKa3aHo, 4YTO JJI1 CHUCTEM CBSA3M BHAMMBIM CBETOM XapaKTEpHO CYIIECTBEHHOE BIUSHUE
MHOT'OJIYYEBOTO PACIPOCTPAHEHUS M OTPAKEHHM OT MOBEPXHOCTEH, UTO MPUBOAUT K HMCKAKCHUIO
curHaina [5].

Ha puc. 7 nokazaH ouH U3 BO3MOXKHBIX IyTEW MPOXOXKJIECHUSI CUTHAJIA, TPAEKTOPUSI KOTOPOTO
MPOSIBIISIETCS] B MEJIKOJIUCTIEPCUOHHBIX YACTUI[AX BHECEHHBIX B KaHAI.
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Puc. 7. Kondurypaiys npoxoxkJeHUs CBETa B MEJIKOANCIIEPCUOHHO B3BECH

[lpn omnpexneneHHBIX KOHQUTYpAIMAX ONTHUYECKOW CHUCTEMBI BO3MOXKHO (OpPMHUpPOBaHUE
MHTEPPEPEHUMOHHON KapTHHBI BCJIEICTBHE HAJOXKEHUS Pac(OKyCHPOBAHHOIO JIyda OTPaXKEHHOI'O
OIHOBPEMEHHO OT JBYX 3€pKal. OTO NPHBOAWT K MPOCTPAHCTBEHHO-BPEMEHHBIM H3MEHEHUSIM
WHTEHCUBHOCTH CUTHAJIa Ha IPUEMHUKE, UTO TAKXKe BIUSAET Ha MapaMeTpbl MPUHIMAaEMOTO CUTHAJIA.

OCOOCHHOCTBIO ~ paccCMaTPUBACMO  YCTAHOBKH  SIBISIETCS  BO3MOXKHOCTH — yNPaBISIEMOTO
WU3MEHEHHUs MapaMeTpOB WM BHECEHMs IOMEX B KaHal B Ipoliecce 3KcrepuMeHTa. [lepememenue
3epKall M H3MEHEHHE YTIJIOB OTPAKEHUS MO3BOJIOT MOJAEIUPOBaTh pPA3IMYHBIE CLEHapUU
pacnpocTpaHeHHs CUTHaja, BKJIIOYas YBEJIWYEHHWE IUIMHBI KaHajla, TMOSBJIEHHE OTOJIHUTENBHBIX
OTpaXeHNH M H3MEHEHUE YCIOBUN OCBEHIICHHOCTH.

CrnenyeT OTMETUTh, YTO B OTJIMYME OT CTATUYECKHX MOJEJIEN KaHasla, UCHOJb3yEMBIX B psjie
TEOPETHUECKUX paboT, pealbHbIil ONTHUYECKUI KaHal B IOMEIICHUN SIBISIETCS HecTallmoHapHBIM. Ero
napameTpbl U3MEHSIOTCS BO BPEMEHH 10/ BO3/ICHCTBHEM BHEIIHUX (aKTOPOB, TAKMX KaK M3MEHEHHE
OCBELICHHOCTH, ABHXECHUE OOBEKTOB M HECTAOMIILHOCTD TOJI0KEHUSI SJIEMEHTOB CUCTEMBI.

OnTHueckyii KaHaJ B TIPeJylaraeéMoil CUCTeMe SIBIIETCS HE TOJIBKO CPEIoil epejaun curaana, Ho
U aKTUBHBIM DJIEMEHTOM, (POPMHUPYIOIIUM €r0 XapaKTePHCTHUKHU. YTpaBisieMas IeOMETpusl KaHana
MO3BOJISIET MOJyYaTh Pa3INYHbIE PEKUMBI PaCIpPOCTPAHEHUSI CUTHANIA U UCCIIEAOBATh BIUSHUE 3THUX
YCIIOBHI Ha €ro mapaMeTpbl BO BPEMEHH, UTO SIBJIAETCS KIHOYEBBIM AJIS aHAJIW3a €r0 JHHAMUYECKHX
CBOIICTB.

Oco0eHHOCTH U OTPaHNYEHHUSA CHCTEMBbI

OKcliepuMeHTalbHasi CUCTEMa, peanusylomas mnepefadyy curHaga B kaHaie CBC ¢
ucnons3zoBanueMm [IOP u OT, obnamaer psaoM ocoOeHHOCTEH, KOTOpBhIE OKa3bIBAIOT BIHMSIHHE Ha
XapaKTEePUCTUKH PUHAMAEMOT0 CUTHAJIA.

K uncmy Takux oOcoOeHHOCTEHl  OTHOCHTCS  OrpaHMYEHHAs IOJloca  MPOIYCKAHHSA
OIITORJIEKTPOHHBIX KOMIIOHEHTOB, BKJIIOYAs JIA3epHBIM AMOA, (OTOAMOJ W YCHIMTEIbHbIC KacKaipl.
JlaHHbIE OTpaHWYECHUS TPHUBOMAT K YACTOTHBIM HCKAKEHUSIM CHTHaJa M HEPAaBHOMEPHOCTH
aAMIUTUTYIHO-9aCTOTHON XapaKTEepUCTUKU TPAKTa.
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JIOTOMHUTENBHBIM (haKTOPOM SIBIISICTCS HEMHEWHOCTh DJCMEHTOB MEPENAIoNIero TPakTa, B
HEePBYIO OdYepelb MCTOYHHMKA TOKAa M JIa3epPHOrO auojaa. HenuHeWHbIe HCKaXCHUSI MPHUBOIT K
M3MEHCHHUIO CIIEKTpa CHUTHAJA M MOSBJICHHUIO JOMOJHUTEIBHBIX TAPMOHHYECKUX COCTABIISIONINX, YTO
XapakTePHO ISl CHCTEM C TIPSIMOM MOIYJISIUCH U3y ISHUSL.

Ha mnpuemHOW CTOpOHE CYIISCTBEHHOE BIMSHHE OKA3bIBAIOT MIyMbI (DOTONPHEMHUKA |
YCHIIMTEBbHBIX KACKaI0B, BKJIFOUasl TEIUIOBOM U IPpOOOBOM MIyM.

OcobeHHoCThIO Heob3yeMbix ITOP sBisieTcst HamMUHe 3aepiKeK, CBI3aHHBIX ¢ Oydepusarueis
1 00pabOTKOM TaHHBIX, & TAKXKE UCTIOJIb30BAaHHE OKOHHBIX METOJIOB ITPH OIIEHKE MTApaMeTPOB CUTHAIA.
B yacTHOCTH, OIIEHKA OTHOIICHHUS] CUTHAII/IIYM OCYIIECTBIISICTCS Ha OCHOBE YCPEIHCHHUS TI0 BBIOOPKE,
YTO MPUBOIMT K CIIIKUBAHUIO OBICTPHIX U3MEHCHHUIT CHTHAA BO BPEMEHH.

CrnenyeT Takke OTMETHUTh HECTAI[HOHAPHBIN XapakTep ONTHYECKOro KaHama. M3MeHeHue
TrEOMETPUH PACTIPOCTPAHEHHUS CUTHAJIA, BHEITHEH OCBEIICHHOCTH H MOJI0KEHHS JICMEHTOB YCTAHOBKH
NPUBOIUT K H3MEHEHHUIO ITapaMeTPOB KaHajia BO BPEMEHH.

Hepe“II/ICHCHHBIC 0C06CHHOCTI/I HE TOJIBKO OrpaHWYMBAIOT TOYHOCTH IEp€aadyu AaHHBIX, HO U
dbopMUpPYIOT HAONIOJaEMYyH CTPYKTYpy CHUTHaJla Ha BBIXOJE€ CHCTeMBL. B  oTiuume Ot
CIEIHATM3UPOBAHHBIX CUCTEM CBSI3H, TIe OA00HbBIC 3P (PEKTHI CTPEMSITCS MUHUMH3UPOBATH, B pAMKaXx
JAHHOM pabOTHI OHU pacCMaTPUBAIOTCS KaK UCTOYHHMK HH(POPMAIIHHK O CBOMCTBAX KaHaja.

Takum 06pa30M, OrpaHUYCHHUA 3KCHCpI/IMeHTaﬂbHOI71 CUCTCMbI OJHOBPEMCHHO ABJIAIOTCA
dbaxropamMu, GOPMHUPYIOIIUMHU TUHAMUKY CHTHAJIA, YTO MO3BOJISIET UCTIOIB30BATh UX JUIS HCCIICIOBAHUS
BPEMCHHBIX XapaKTePUCTHK KaHaja CBSI3W BHIHMBIM CBETOM.

O0cy:kaeHue u 3aKJII04YeHUE

B pabote mnpencraBneHa 3KCIepUMEHTalbHAs cuUcTeMa aius wccienoBaHust kaHama CBC,
peanmuzoBanHas Ha 6a3e [IOP u OT n OK. YcranoBka obecnieunBaeT GopMUpOBaHUE, TIEpeiady U IPHEM
CUTHAJIa C BO3MOXXHOCTBIO TMOKOH HACTPOMKH MapamMeTpoB W YIPaBISEMOrO HW3MEHEHHUS YCIOBUH
pacIpoOCTpaHEHNUsI.

B omimume OT TPagUMIUOHHBIX MOJAXOJOB, OCHOBAaHHBIX Ha AaHAIN3€ YCPEIHEHHBIX
xapaktepucTuk, Takux kak SNR u BER, npennokeHHBIH MOAXOX OpPHUEHTHPOBAH Ha H3y4EHHE
MOBE/IEHUS] CUTHaJla BO BPEMEHH. DTO TO3BOJISET paccMaTpHUBaTh KaHAJI CBA3M KaK JUHAMHYECKYIO
cpely, mapameTpbl KOTOpOH M3MEHSIOTCS IO/ BO3ACHCTBHEM BHEUIHHMX (PaKTOPOB M KOHHUrypauuu
TpaKTa.

[Mpumenenue [IOP obGecneunBaer ruOKoOcTh (HOPMHUPOBAHUS CHTHAJIOB M WX TOCIIEAYIOIIETO
aHanu3a 6e3 U3MEeHEHUs annapaTHoi dacty. [Ipu 3ToM n3MeHeHre mapaMeTpoB epeiadu, BKIYasi, HO
HE OTPaHNYMBAsCh TUIIOM U ITapaMeTpaMu MOAYJISILIAN, MOKET pacCMaTPUBATHCS KaK JONOITHUTEIbHBIN
(baxTop, BIUAIONINN Ha HAOII0JaeMbIe XapaKTePUCTHKH CUTHAIIA BO BPEMEHH.

OT u OK QopMUPYIOT MHOXECTBO HCKOKEHHH W NIYMOB, OMNpPEICISIONIMX HAOIIOJaeMble
XapaKTepUCTUKH CUTHaja. BO3MOXHOCTh M3MEHEHHS] T€OMETPUM PACIPOCTPaHEHHs, BKIIOUas AJIUHY
IIyTH U YCIIOBUSl OTPa)KEHUs, MO3BOJSAET HCCIEAOBATh BIMSIHHE IapaMETPOB CpPeAbl Ha IOBEJICHUE
CUTHAaJA.

B pesynbrare hopMupyroTcs BpeMeHHbIE 3aBUCIMOCTH XapaKTEPUCTUK CUTHANA, KOTOPbIE MOTYT
OBITH HCIONB30BAaHBI Ul aHAJINW3a YCTOWYMBOCTH KaHAla W BBIABICHHUS 3aKOHOMEPHOCTEH €ro
W3MEHEHUS TP Pa3INYHBIX YCIOBUAX MEepenadm.

Pa3paboranHass ycTaHOBKa MOKET paccMaTpUBAThCs Kak dKCIEpUMEHTallbHas rmatdopma Juis
UCCJIEIOBAHNS JUHAMHUYECKMX CBOMCTB KaHajla CBSI3M BUAMMBIM cBeTOM. [loiyueHHBIE pe3yibTaThl
CO3JaI0T OCHOBY JUIS JAJbHEHMIEro Iepexoja K KOJIMYECTBEHHBIM METOJAaM aHajdu3a BPEMEHHBIX
3aBUCUMOCTEHN XapaKTEpUCTHK CUTHAJIA.
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EXPERIMENTAL SYSTEM FOR VISIBLE LIGHT COMMUNICATION CHANNEL
ANALYSIS BASED ON SDR

A.M. SALAUYOU

Abstract. This paper presents an experimental system for the investigation of a visible light
communication (VLC) channel, implemented using software-defined radio (SDR) platforms and an
optoelectronic transceiver. The proposed setup provides signal generation, transmission, and
reception with the ability to control optical channel parameters and propagation conditions. The
system is designed for continuous acquisition of signal parameters, enabling the analysis of channel
dynamics. This approach can be used to study the temporal structure of the channel and perform its
further analysis.)

Keywords: visible light communication system; software-defined radio; OFDM; signal analysis;
signal-to-noise ratio; temporal characteristics; channel dynamics.

Crnucok JuTepaTypsl

. Komine T., Nakagawa M. // IEEE Transactions on Consumer Electronics. 2004. Vol. 50. P. 100-107.

. Abdul Wadud, Anas Basalamah // ICT Express. 2025. Vol. 11. P. 45-59.

. Koran C. C. // TlepBast must. 2023. Ne 7. C. 56-61.

. Lopez-Benitez M. // Physical Communication. 2018. Vol. 30. P. 154-166.

. Chvojka P. et al. // IEEE Photonics Journal. 2015. Vol. 7. P. 1-10.

. GNU Radio.

. Armstrong J. // Journal of Lightwave Technology. 2009. Vol. 27. P. 189-204.

. Abdullah M. J. et al. // Proc. of 2023 IEEE 98th Vehicular Technology Conference (VTC2023-Fall). 2023. P.
1-2.

9. HackRF One: open source software defined radio platform. 2014.

10. LimeSDR: open source software defined radio platform. 2016.

11. Che M. // Telecom. 2025. Vol. 6. P. 31.

12. Costanzo A., Loscri V., Biagi M. // Journal of Lightwave Technology. 2021. Vol. PP. P. 1-1.

13. Kassem A., Darwazeh I. // Proc. of 2022 13th International Symposium on Communication Systems,
Networks and Digital Signal Processing (CSNDSP). 2022. P. 467-472.

14. ®orommon ©J1-263: xapakTepUCTUKH, TIPUMEHEHUE // DIIEKTPOHHbIE KOMIIOHEHTHI M paauoaeranu. 2026.
15. Conoseer A. H., ITosnosens C. 1. // Bechik cyssizi. 2025. Ne 4. C. 58—64.

00 ~NO Ol WN B

89



TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 004.42

ABTOMATHU3ALUA ITPEOBPA3OBAHUA IiBOBPA)KEHHﬁ
JAUATPAMM B TPOTPAMMHBIN KO/

A.B. JIOMAKO, K.A. XAJIUPKMHOBA

Benopycckuii cocydapcmeennblii ynusepcumem ungpopmamuxu u paouosnekmponuxu, Pecnyonuxa Benapyce

Hocmynuna 6 peoaxyuro 06 anpens 2026

AHHoTanusi. B craThe mpemiokeH MOIXOA K aBTOMATH3AlUHM TpeoOpa3oBaHUS H300pakeHHH
JIarpaMM B IPOTPaMMHBIN KOJl Ha OCHOBE KOHBelepHO# 00paboTku. Pa3zpaborana Teopernueckas
MOJIeNTb, BKITIOYAOMIAs Paclo3HaBaHHE TpapUuecKuX 00BEKTOB, IOCTPOCHUE TpadoBOil MoIEIH,
(dopmanmzalyio B TEPMUHAX KOHKPETHOW HOTALMM M TEHEPAIMIO KoJa yepe3 YHH(UIIMPOBAHHOE
MPOMEXYTOUHOE TpeacTaBieHue. PaccMoTpeHbl OCHOBHBIE HOTamuu MmojenupoBanus (UML,
BPMN 2.0, cetu Ilerpu, IDEF0, IDEF3, DFD, ERD) u ux cooTBETCTBHE THUIIaM IIeIEBOTO KOJa.
Onucan anroput™M o0paboTKK M300paKEHUH TUarpaMM C BBIICICHHEM JTAoB MPEaoOpadOTKH,
JeTeKIMU OOBEKTOB, MOCTpOeHUs Tpada, KinaccupuKalyMyd HOTAMU M KoJOreHepanuu. Merton
M03BOJISIET aBTOMATU3UPOBATh PYYHOH 3Tal MepeHoca AuarpaMM B MPOTPaMMHYIO pean3aluio,
obecrieunBasi COTIIACOBAHHOCTH MOJICITH U KOJIa.

Kntouegvie cnosa: nuarpaMMBbl, aBTOMaTH3aIMS, PACIIO3HABaHUE N300paskeHNH, rpadoBasi MOJIEIb,
kogorenepauusi, UML, BPMN, mnpomexyToyHoe TmpeacTaBieHUE, KOMIIBIOTEPHOE 3pEHHUE,
(hopmanmzaIys HOTALHH.

BBenenne

B mporpaMMHBIX MpoeKTax auarpaMMmbl CIy’KaT HE TOJIBKO U1 BHU3YyalM3allMM, HO M Kak
(opManbHBIM WHCTPYMEHT OIMHUCAHUS CTPYKTYpBI, TOBEJCHUsT M JaHHBIX cucTeMbl [1]. B mpomecce
pa3paboTKH AuarpaMMbl BpYUHYIO IEPEBOISTCS B KOJI, B PE3yJIbTaTe Yero rpadguyeckoe npeacTaBieHIe
MOJIEJIM MOXKET HE IOJHOCTBIO COBINAJATh C IPOrPaMMHON pealu3alied, 3aHUMaeT OIpE/eIEHHOe
BpEMs1, pacTeT BEpOSTHOCTh OMIMOOK U YTpauuBaeTCs UCXOTHBIN CMBICIT MOJeH [2].

s pemieHus 3Toi mpoOsieMbl MpeiaraeTcsi aBToMaTH3alus peoOpa3oBaHus M300pakeHUH
JIUarpaMM B IpOrpaMMHBIN Kof. B paboTe npeanoxen nocieaoBaTeIbHbIH KOHBEWep IpeoOpa3oBaHus
M300pakeHNs TMarpaMMBbl B TPOTpaMMHBIHN KOJI, BKIFOYAIONINI pacTio3HaBaHUe, IOCTPOeHHE rpadoBoit
MoJenu, GopMaTU3alMIio B HOTALUIO U TeHEPALUIO KOAA.

O030p cymecTBYHOIIUX pPelIeH Uil

B CASE-cpencTtBax M cuCTeMax MOJC/IbHO-OPUEHTUPOBAHHON pPa3pabdOTKU HCIOJIb3YIOTCS
dopmanuzoBaHHbie MoJIenH, mpeactaBiaeHHbie B hopmatax UML/XMI, BPMN u Bo BHYTpeHHHX
¢opmatax penaktopoB [3]. Takwe WHCTPYMEHTHI TO3BOJSIOT AaBTOMATHYECKH T'€HEPUPOBATH
nporpaMMHBIA Ko, SQL-ckpunThl, KOHPHUTYpallMu U JIpyrue apTedakThl, a TaKKe IOJJePKUBAIOT
JIBYCTOPOHHIOIO CUHXPOHHU3AIUIO MEXK/1y MOJIENIBIO U KOJIOM, YTO COKpAIllaeT PYYHOM TPyl U MOBBIIIAET
COIJIACOBAaHHOCTH JOKYMEHTALIMH U peanu3anu [4].

OpHako OONBUIMHCTBO pEIICHHH HE pPaccMaTpUBaIOT 3ajady paboTel ¢ H300pakeHHSIMU
Juarpamm, TIOJTY9YeHHBIX B BUE CKPHHIIIOTOB, OTCKaHUPOBAHHBIX JOKYMEHTOB HJTH AKCIIOPTHPOBAHHBIX
rpaduueckux daiinoB. B Takom ¢Qopmare amarpamma IUINIEHA SBHOM CEMaHTHKH, MO3TOMY €€
NPUXOAUTCS BPYUYHYIO TEPEHOCHUTh B (HOPMalU30BaHHYIO MOJENb, W MEXIY H300paKeHHEM U
MIPOTPAMMHBIM KOJIOM OCTaeTCsI TPYIHO aBTOMAaTU3UPYEMBIA PydHOH JTat [5].

CymiecTByromye MoAX0Abl K aBTOMAaTH3AIMA MOYKHO Pa3AeTUTh Ha HECKOJIBFKO HaIlpaBICHUI:
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— reHepanus kona u3 popmanmuzoBanaeix UML/BPMN-moneneii B CASE-cpeactBax 6e3 paboTh
C U300pKEHUSIMH;

— pacmo3HaBaHHe TpadUIECKUX TMPHUMUTHBOB M TEKCTa Ha H300paKeHHSIX AmarpamMm 0e3
JanpHeiel popMair3anuy U TeHepauy Koa;

— CHCTEMBI TeHeparyy Ko1a sl OTACIBHBIX HoTarui (HanmpuMep, ERD, cetn [letpu) Ha ocHOBe
JKECTKHX ITabJI0HOB 0€3 eTUHOM TeOpeTHIECKO OCHOBHI [6].

B nuteparype oTCYTCTBYeT eIUHBIN MOAXOJ AJs MpeoOpa3oBaHUsl U300PaKEHUH AuarpaMm B
MPOTrpaMMHBIN KOJ 10 IUPOKOMY Habopy cTaHaapTHBIX HoTauui [7]. Ilpeanaraemelii B paboTe MeToq
pelraeT JaHHYI0 TpobileMy 3a cYeT BBEACHWS YHH(DHIMPOBAHHOW TEOPETUYECKOW MOJENH U
KOHBEHEPHOTO aJTOPHTMA, ITO3BOJIAIONIETO 00pabaThiBaTh pa3IMYHBIC HOTAIMH Ha oOmmIeH
MIPOMEKYTOUYHON U TEOPETUIECKOH OCHOBE [8].

Knacenpuxaums nuarpamm u ¢popmasbHbie 0CHOBAHUS

Jlns HarmsIHOT O TIPEICTaBICHHS THITOB THarpaMM M UX TPYIII IO KaTeTOpUsIM IPHBEACHA CXeMa,
nokaszaHHas Ha puc. 1.

KNACCUOUKALIMA HOTALMI MOLAENWPOBAHWA

¥ ¥ 12 ¥
CTPYKTYPHbBIE NOBEAEHYECKUE NPOLECCHBIE U OOPMAJTBHBIE
MOJENW MOJIENW OYHKLUMOHANBHLIE| | CETEBLIE MOJENK
MOAENN
UML Class |- UML Activity > BPMN 2.0 L Ceru Nerpu
ERD ~N DFD
H IDEFO
> IDEF3

Puc. 1. Uepapxust HOTauuii MOAETUPOBAHUS

Jannass cxemMa WUIIOCTPUPYET TPYIIMUPOBKY HOTAMA IO THUITy ONMCaHUS (CTPYKTypa,
TIOBEJICHUE, MPOIIECChI, CETEBbIE MOJEIH) M IO MPEAMETHONH O00JacTH, MOKa3bIBasi, YTO MHOXKECTBO
MCIIOJIb3YEMbIX HOTAIMH €CTECTBEHHO IPYIIIMPYETCS B HECKOJIBKO THIIOBBIX KaTErOpUil. DTO MO3BOJISIET
MOCTPOUTH €AMHYIO TEOPETUUECKYIO MOZAEIb NPeoOpa30BaHusl, ONHPAIONIYIOCS Ha €ANHBINA IpadoBBIH,
W MeTa-MOJEJbHBI KapKac, KOTOpBIH yHUHIUpPYyeT 0OpabOTKy JMarpaMM pa3InYHbIX THIIOB W
MO3BOJIAET MCIIONB30BaTh MX B PaMKax OJHOM M TOW e KOHBEHEpHOH CXeMbl NpeoOpa3oBaHUs
n300paXeHus B MPOrPaMMHBIN KOI.

B pamkax mpemimaraeMoro MOJXO/Aa pacCMaTpUBAIOTCA HECKOJIBKO OCHOBHBIX HOTAIlWH,
UMEIOIIUX JIOCTATOYHYIO (hOpMAITU3AIMI0 W JIOMYCKAIONIMX TPSAMYIO TPaHCIIUIO B MPOTpaMMHbIE
apredaxTsl [9]. K Hum otHocstes UML (Bkmrouast tuarpaMmsl AeSTeIbHOCTH U kiaccoB), BPMN 2.0,
cetu Ilerpu, DFD, ERD, IDEFO0 u IDEF3 guarpammer [10]. DT HOTarmu OXBaThIBAIOT CTPYKTYPHBIE,
MOBEIEHYECKHE, TPOIECCHBIE U CETEBBIE MOJIEH CHCTEM, YTO TIO3BOJISIET UCIIOJIb30BaTh UX B KAUECTBE
€IMHON TEOPEeTHYECKOH OCHOBBI 17151 YHU()MIIMPOBAHHOTO ONKMCcaHus U ipeodpazoBanust [11].

CooTBeTcTBHE HOTALMH, X (POPMAIBHOIO MPEACTABICHHUS U TUIIOB LIEJIEBOr0 KOJa MOAPOOHO
OIMCaHoO B Tabm. 1.

W3 tabmuup! 1 BUAHO, YTO KaXK/1asi HOTALWs OTMCBHIBACTCS B BUAE CTPYKTYPBI 3JIEMEHTOB U CBSI3€H.
HecmoTps Ha paznuuus B MHTEpIPETAllMU U BU3yalbHOM O(GOPMIICHHUH, BCE PACCMOTPEHHBIE HOTAIlUU
MOKHO HPE/ICTaBUTh B BHIE €AMHOTO Ipad)oBOTO MPEACTABICHUS, B KOTOPOM 3JIEMEHTHI AUArPaMMEI
COOTBETCTBYIOT BEPILIMHAM, a 3aBUCUMOCTHU MEXy HUMH — pedpaM 3TOH CTPYKType U3 TEOPETHUECKOM
MOJIEIH, TIe DJIEMEHTHI U CBSI3H BbIpaxkatorcs yepes rpad G u hopmanbayto moaens M.
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Tabn. 1. XapakTepUCTHKH aHAJAM3MPYeMbIX rpadpuyecKUX MoaeJeil

Hotauus Tun quarpamMmsl DJeMeHTHI Jloruka Kox/pesynbrar
Workflow—ckpunT, 6u3Hec—noruka
Hauanpnslil y3en,
UML JeHCTBUS, start — action — def process_order(order):
o IToBenenueckas [ePEXObI, PEIICHHUS . if order.is_valid():
Activity P P if cond — end L T L
(poMOGbI), CIHsHUS, invoice = create_invoice(order)
KOHEYHBIH y3eIT else:
send_rejection(order)
DTO, ORM-Monenu
Kiuaccrl, cBoiicTBa, .
UML OTIepaIiH, CBSI3H, ?Iass O_rder' has class Order:
CTpykTypHas items[]; relates e S
Class HacJeI0BaHue, Customer def __init__(self, customer_id: int):
KOMIIO3UIINS self.customer_id = customer_id
self.items =[]
CoBurmis BPMN XML, orchestration—xox
BPMN IMporeccHas (njc::[Kn}o’qI;}o ue/ exclusiveGatewa <startEvent id="start"/>
2.0 pont H Y| <task id="checkPayment"/>
napauieibHbIE), — end - A "
HOTOK <exclusiveGateway id="gateway"/>
IOCJICA0BATCIIBHOCTHU <endEvent id="end"/>
</process>
Monens BepuuKanuu
Mecra (kpyrn), _ N _
Com | oopunn | (I iz | e
Tlerpu cereBast pAMOoyr ’ fire transition . . glp P
JIYTH, KETOHBI t.inputs):
(MapkupoBKa) for p in t.inputs: marking[p] —= 1
for p in t.outputs: marking[p] +=1
DyHKUINU
(MpAMOYTOTbHHKH), CrieruuKamu mpoueccon
BXO/IbI (ClIeBa) decompose .
OyYHKIHOHATBHO— i process — def process_data(input_data):
IDEFO BBIXO/IbI (CIIpaBa), . T -
MpOILIeCcCHas DABNCHIE subprocl, validated = validate(input_data)
yrip subproc2 transformed = transform(validated)
(cBepxy), formed
MEXAHISMEL (CHIT3Y) return save(transformed)
CueHapuu UCIIOTHEHHUS
[Ipoueccsl, maru
(equuuIs! paboT), process: stepl — | def etl_pipeline():
IDEF3 IpoueccHas 0OBEKTHI TIOTOKOB, step2 — [alt] source = extract_from_db()
Y3IIBI CBS30K, step3 if validate(source):
IbTEPHATUBBI transformed = transform(source)
load_to_warehouse(transformed)
ETL—noruka, apXuTeKkTypa JaHHBIX
TTponecert (kpyru), input — processl T
DED IoTOK AAHHBIX BHEWIHHE CYmHOCTH, | 7, o0 def etl_pipeline():
XPAHHHINA TAHHBIX, | o raw_data = load_from_source()
MOTOKH JaHHBIX P cleaned = clean_data(raw_data)
save_to_database(cleaned)
SQL DDL, ORM—cxema
&yf;gczgmum) Order 1:N CREATE TABLE Orders (
ERD CrpyKkTypHas CBEVICTIZa (oBams) ’ Orderltem; id SERIAL PRIMARY KEY,
MOJIEJIb JaHHBIX O CBA3H ’ Customer 1:1 customer_id INT REFERENCES
(p0M6I:I) KpaTHOCTS Order Customers(id),
’ total DECIMAL(10,2)
)i

Teopernyeckasi MojiesIb IPe0OPa3oBaHUA

s onmcanus mporiecca npeoOpazoBaHus U300pakeHus auarpaMmsl | B mporpammusiid ko C
BBOJAWTCS TOCIIENOBATEIFHOCTh OTOOPAKEHHH, CBSI3BIBAIOIINX MCXOIHOE M300pakeHHE C KOHEYHBIM
KOZIOM 4epe3 psi MPOMEKYTOUHBIX MPE/CTaBICHNH. B paMKax MOAENH BBIACNAIOTCS STAaIbl: aHAIH3
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M300pakeHUs M MOCTpoeHue rpadoBoit Moaenu, hopMalin3anus B TEPMUHAX KOHKPETHOW HOTAIUH U
MOCTPOCHUE MPOMEKYTOYHOTO MPENICTABICHHUS, U3 KOTOPOTO OCYIIECTBISICTCS] TeHepaius Koja.
Oo6mas cxema npeoOpa3oBaHus 3agaeTcs HOPMYIIOit:

C:g(f3(f2(fl(l)))), (1)

rae | — ucxonanoe u3o0paxenue auarpammpl; f, — QyHKIMs pacrniozHaBaHus OOBEKTOB U MOCTPOCHHS
rpada; f, — Qynkuus popmanusanum, conocrasnsomas rpad ¢ COOTBETCTBYIOWEH (OPMATLHOMN
mozensto; T, — byHKIWMs mocTpoeHNs TPOMEXKYTOYHOTO HpeACTaBICHHS; § — QYHKIMS TeHepaliH Koa

U3 3TOTO MPEICTABICHHUS.

®dopmyna (1) 3amaeT MOCIEIOBATEIBHOCTh MPEOOPa30BaHUM M300paKECHUS B KOJl B paMKax
eIMHON KOHBeWepHOoW cxeMbl. McxomHoe m300pakeHHe paccMaTpuBaeTCs Kak JBYMEpHAs MaTpulia
MUKCeNel, 9To (opMaTbHO ONKCHIBAETCS B (hOpMYyIIE:

I={p; li=1...m j=1..,n}, )

rae Py — 3HaueHWe APKOCTH MIM UBeTa nukcens B nosuumu (i,j); M u N — BbICOTA M IIMPHHA

N300paKeHNUS B IUKCEIISX.

dopmyina (2) 3amaet 6a30Boe MpeaCTaBICHNE, C KOTOPBIM PabOTAIOT BCE ATAIbI MPEA0OpadOTKH
u pacnosHaBanus [12]. TlpenoOpaboTka BKIOYAET HOPMATIHM3AIMIO HM300paXKeHHs IO pa3mepy,
KOHTpACTy | SIPKOCTH, a Takke yaaienue mymoB [13]. PesynbraroMm mpeaoOpaboTKu CIIy>KUT OCHOBA
JUTSL TIOCTPOGHHSI MHOKECTBA PACIIO3HAHHBIX O0BEKTOB, 3a/1aBaeMOro (hopMyIIou:

O={o,},0, =(b.t,.S,), @)

rae b, — orpaHmYMBaromIKil IPSIMOYTOIBPHUK 00BEKTA HA W300paKeHHH; b, — PacrO3HAHHEI TEKCT,

aCCOLIMMPOBAHHBIN ¢ OOBEKTOM; S, — CEeMAaHTHYECKHUH THIT 00BEKTa.

@opmyrna (3) 3amaer CTPyKTYpy HaHHbIX Juisi moctpoeHusi rpada. Ha ocHoBe MHOXecTBa
00bekToB O CTPOUTCS] OPUEHTUPOBAHHBIN Tpad, CTPYKTypa KOTOPOTO 3aaeTcst OpMYIION:

G=(V,E), (4)

rae V — MHOXKECTBO BEpIIMH, COOTBETCTBYIONIMX JJIEeMEHTaM IuarpaMmbl; E — MHOecTBO pebep,
OTpaKaIOIIMX 3aBUCHMOCTH, IIOTOKM JaHHBIX/YIPaBICHUS, IMEPEXOAbl WM aCCOLMALUH MEXIY
3JIEMEHTaMH.

CTpyKTypa KaxJI0i BepIIHHBI Tpada JONOIHATENFHO OMUChIBaeTCS (POPMYIION:

v, = (type,, attr,, pos; ), ()

rae type; — tum y3na; attr;, — Habop aTpuOyTOB, OTHOCSIIMXCS K 3JIEMEHTY; POS; — MO3ULUS SIIEMECHTA
Ha U300paKeHUH.

®opmyier (4) u (5) ompenensoT ABOMHYK poib rpada G: ¢ OTHON CTOPOHBI, OH XPaHHUT
TOTIOJIOTHIO CBA3EH, C APYrOi — ceMaHTUYECKUE aTPUOYTHI 3JIEMEHTOB IUArPaMMBl.

Qopmanuzanysg Tpada 3aKIOYaeTcss B COIMOCTABICHWHM €ro 3JEMEHTOB C DJIEMEHTaMHU
cooTBeTCTBYyIOIIEH (popmanbHoit Mogenu [14]. DTo oToOpakenue 3amaercst QyHKIHEH, KOTOpas Ha
OCHOBE CTPYKTYpbl Ipada u Habopa TUIIOB y3JI0OB M pedep OmpenenseT KOPPEKTHBIE 3JIEMEHTHl U
IpaBuiIa MOJETIH, KaK yKa3aHo B (opMyIie:

M = 1,(G), (6)

e M — dopmanbHas MoIeNb AMArpaMMbl B TEPMUHAX BbIOpaHHOM HOTaimm;, f, — QyHKIms

dbopManuzanuy, MHTepnpeTupyoimas rpad G B pamkax MeTaMO/ICIIH.
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dopmyna (6) onpenenset Mmoaenb M kak naTeprnperaruio rpadpa G B BeiOpanHol HoTanwmu. Jis
yHADUKAH 00paObOTKH pa3IMYHbIX HOTAIUI BBOJUTCS MPOMEKYTOUHOE MPEJICTABICHUE, OTIACICHHOS
OT JTaIoB PAacNO3HABaHMS U FeHepanuu koja. Ero cTpykTypa B 00IeM BHJe ONHUChIBaeTCs HOpMYIIOi:

IR=(N,R,A), ()

rae N — MHOXECTBO Y3JIOB, COOTBETCTBYIOIMX JJIEMEHTaM IMpPEAMETHON obmactu; R — MHOXECTBO
OTHOLICHUH MeXAy HUMHU; A — HaOop aTpuOyTOB, COACpIKAIIMX MMEHA, TUIIBI, MapaMeTpbl, METKH U
KpaTHOCTh CBA3EH.

®opmyna (7) 3agaeT abCTpaKTHBIN YPOBEHb, HA KOTOPOM MOZEIUPYIOTCS JTFOOBIE UCCIIeyeMbIe
HOTAIlM{, HE3aBUCUMO OT UX BU3YaJbHOU crielu(UKH.

CTpyKTypa U TUIIOBBIC aTpUOYThI KOMIIOHEHTOB IR moapoOHO omnvcaHk! B Ta0I. 2.

Ta6n. 2. CTpyKTypa NpoMe:KYTOYHOTO npeacraBienus IR

Kommnonent Ornucanue [Tpumeps! aTprbyTOB
N — y3ns1 DJIeMEHTHI IPEAMETHON 00J1aCTH (CYNIHOCTH, 33/1a4H, MECTa) name, type, subtype, description
R — orHomienust | CBsi3H, 3aBHCMMOCTH, TOTOKH JIAHHBIX/yIPABJICHHUS] source, target, type, condition, label
N name, value, cardinality,
A —atpubytel | CBoiicTBa, 3HAaUEHHS, METKU S
multiplicity

Hcnonp3oBanue equHoro yposHs IR mo3sonser yHuduIMpoBaTh npaBuia reHepaiuy Koaa Juis
pa3HbIX HOTammi: QyHkuus § oroOpaxkaer IR B meneBol KoJ, HE 3aBUCSA OT KOHKPETHOW MCXOJHOM
HOTAIlMH, KaK YKa3aHo B (hopMyJie:

C=g(IR), (8)

rae C — mporpamMMa/CKpHIT/OnucaHue B neneBoM hopmate; g — GYHKIHS TeHEepaiy Ko1a, 3aBUCSIIast
OT IIeJIEBOW HOTAIMHU M S3bIKA IPOTPaMMHPOBAHUSL.
dopmyna (8) cBA3bIBaCT MPOMEKYTOYHOE TIPESICTABICHHE C KOHSUHBIM MIPOrPAMMHBIM KOJIOM.
OOmast cTpyKTypa TEOpPETHYeCKOW Mojaenu mpeoOpa3oBaHus H300paKeHHs IHarpaMMbl B
HpOrpaMMHBII KOJI IIpeJICTaBlIeHa Ha CXeMaTHYHOH OJIOK-AnarpaMmme, oKa3aHHoH Ha puc. 2.

Haobpaxenue Nporpammusii
amarpasmibi (1) Dymxumn fy Dyrumn f; Dynxuma h Oywkumn g xoa C
fy: fy: h: :
Wx?g;;::mewe ' Lyl pacnosuasanne || dopmanusaumi Ll noctpoenme Ll resepaus | | Lenesod
o wp:;ta) 0bveKTos —» B Mogens M IR=(NRA) NPOFPAMMHOID ¥oa C
rpac G = (V.E) (no HOTALMM) ropa C
JEyMapHAS obwarns O, INTEPNPATALMS B BLHHCTEEHHOE ranepali
MaTpaLA OCR, v, METBMORMS MPOMERYTONHDR  LIENESOD KOGE Ha
nwsceneh MOCTpOSHHE BulparsoRn HOTELIM  npeacTasnesine IR, abifpaHHOM
npenobpabora rpacda (UMUBPMNIOFDVERDY  Mesasicimoe oY Aabike

cev Nerpy w go.) HOTaLIM NPOFPaMMAPOBAHIA

Puc. 2. Monens npeoOpa3zoBaHust «n300pakeHHe—KOm»

Teopernueckas MOJeNb 3afaeT €IUHBbI (OpPMaNbHBIH Kapkac, B KOTOPOM pacHO3HaBaHHE
n300paxeHus, mocrpoenue rpaga, Gopmanuzanus, IPOMEKYTOUYHOE MPEICTABICHUE U KOJIOTeHEPaLns
CTaHOBSITCS COCTABHBIMH YaCTSIMH OJTHOW OOINEH CXeMbl, TIO3BOJISIONICH YHUPUIIMPOBATH 00paboTKy
JUarpaMm pasiInyHbIX TUIIOB.

AJroput™M 00padoTKH N300paskeHHUsI M TeHepalnu Koaa

ANTOpPUTM pealu3yeT IOCASAOBATSIbHOCTh Ipeo0pa3oBaHMM, 3aJaHHBIX TEOPETHUECKOM
MOJIENIbIO, B BUJC KOHBeiepa, B KOTOPOM H300paKEHHE JHarpaMMbl TPOXOJHT MPenoOpadoTKy,
pacno3HaBaHHe OOBEKTOB, MOCTpoeHUEe rpada, QopMamu3anuio, MOCTPOSHUE MPOMEKYTOUHOTO
npeacraBieHus IR 1 renepamnuio 1eneBoro Kosua.

OO0miast CTpyKTypa alropuT™Ma MpeIcTaBlicHa Ha prc. 3 Ha CXEMaTHYHOH OJIOK-TrarpamMmme.
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Puc. 3. Cxema anropurMa o0pabOTKH H300pakeHUs U TEHEPALU KoJa

Puc. 3 wmumiocTpupyeT MOCIeIOBAaTENIBHOCTh ATAllOB, B KOTOPOHM BBIXOA KaKIOro OJoKa
nepeaaeTcst Ha BXOA CleAyolero: n3oopaxkenue | — npenodpaborka — pacrno3HanHble 00BeKTHl O—
rpad G — popmanbHas Mogens M — npomexyrounoe npexacrasiaenne IR — mporpamma/ckpunr C.

OCHOBHBIMH TIPOMEXYTOUHBIMH IIPEACTABICHUSIMHU, dYepe3 KOTOpbIe MPOXOAAT IaHHEIE,
SBIISAIOTCS pacrno3HanHble 00bekThl O u rpad G. CTpykTypa pacno3HaHHBIX OOBEKTOB 3a7acTCs
¢dopmynoii (3), a Ha UX OCHOBE CTPOUTCSI OpHeHTHpoBaHHBIH rpad G mo dopmyne (4). Ctpykrypa
KaXXI0W BepIInHBI rpada yrounasercs B popmyde (5), 4TO MO3BOIISET CBA3ATh BU3YAIbHOE MOJIOKEHHE
’NIeMeHTa C ero ceMaHTHkoil. Ha ciemyromem mare rpad aHammsupyeTcs Uil ONpENeNICHHs THIA
HoTaluu, U Gopmupyercs popmansHas Moaeab M mo ¢popmye (6). Ita Moaenb EPEHOCUTCS B €ANHOE
npoMexyrounoe npeacrasienne IR no gopmyse (7), a u3 IR remepupyercs nenesoit xox C mo
dopmyme (8).

CTpyKTypa paclo3HaHHBIX 00BEKTOB U COOTBETCTBYIOIIUX BepIIMH rpada rnokazaHa B Tadm. 3.

Ta6n. 3. CemanTuKa BepmiuH rpagosBoii Mmogesu

DneMeHT / TUTT 00BeKTa ConepxumMoe B BepIiuHe rpada

type, name, input, output,
constraints

Cogepxunmoe B O

Cocrosinue / qeiicTBIE bk , TEKCT, THII «Statey

3agaua / coObITHE bk , TEKCT, TUIT «task» type, name, condition, triggers

type, name, attributes,

Cymrocts (ERD) cardinality

bk , TEKCT, TN «entity»

Iepexon (ceru Ietpn) bk , TEKCT, TUT «transition type, name, firing_condition

type, inputs, outputs, controls,

®ynxuus (DFD/IDEF) mechanisms

bk , TeKcT, TuI «functiony

JlaHHas TabnuIia MOKa3bIBACT, KAk 3JeMEHTh MHOXecTBa O 0TOOpaXaroTCs B BEpIIUHBI rpada,
COXpaHsisi KaK BU3yallbHOE IIOJIOKCHHE, TaK M CEMAHTHKY, HEOOXOJMMBIC [UIS IOCIICAYIOLICH
KJIACCU(UKAIIMH HOTAUU U (DOpMATH3AI[H MOJIEIIH.

ANTOpUTM HaYMHAETCS C MPeAo0padOTKH N300pKEHNS: HOPMAIM3AIMK pa3Mepa, KOHTpacTa u
SAPKOCTH, a Takke (QuibTpanuu mymoB. Jlanee ¢ MPUMEHEHHEM METOJOB KOMITLIOTEPHOTO 3pEHUS
BBIJIEIISIIOTCS Tpaduyeckre 00bEeKThI TMarpaMMbl (IPSIMOYTOIIBHUKH, OKPY>KHOCTH, CTPEJIKH, TEKCTOBBIE
OJstoku u ap.). s KakI0ro 00beKTa OMpe/eNsieTCsl OrPaHUYUBAIOIINHN MPSIMOYTOJIEHUK U THII, & TAKKE
BBIMOJTHSACTCS PACIIO3HABAHKE TEKCTA 10 00JIACTH 3TOTO NpsiMoyToJibHKKA [15]. Ha ocHOBE momyueHHBIX
00BEKTOB CTPOUTCS OPHEHTHPOBAHHBIN Tpad, B KOTOPOM BEPIIMHBI COOTBETCTBYIOT BIIEMEHTAM
JuarpaMmbl, a pedpa OTpakarOT 3aBHCUMOCTH, IMOTOKW JTAHHBIX/YIPABICHUS WM aCCOIUAIIWH.
Crpykrypa rpada aHanusupyercs JUIsl ONpeIeIeHNs TUIa HOTAI|H, ITOCIie Yero rpad ¢popmannsyercs
B COOTBETCTBYIOILYIO MOZIENL M, KOTOpast IIEPEHOCUTCS B €IMHOE POMEXYTO4YHOE npeacrasinenue IR
. Ha 3aBepimaroriiem srare 1o 3ToMy npeCTaBICHUIO TEHEPUPYETCS IIPOTPaAMMHBIHN KOJI JIJIsl BBIOPaHHOM
HOTAIMU H [EJIEBOTO A3bIKa MporpaMMupoBanus [16].

AnroputM OOBEAMHSAET TEOPETHUECKYIO MOJIENh M CXeMYy OOpa0OTKH, a TaKkKe KOHKPETHYIO
CTPYKTYPY JaHHBIX (Tabi. 2 u 3), B €OUHYIO CXEeMY, IIO3BOJISIONIYIO ITPE0Opa3oBbIBATh H300paKEHHUE
JuarpaMMbl B IPOTPaMMHBIA KOJI ¥ aJIallTUPOBATh PE3yJIbTAT O] BEIOPAHHYIO HOTAIUIO U IEIeBON
SI3BIK MTPOTPaMMUPOBAHUS.

JleTanbHYIO JOTHKY anrOpUTMa QUKCHPYET CIEAYIONINN ICEBIOKOI:
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def DiagramToCode(l):
Ipeobpaszosanue uzobpasicenuss Ouaspammol 8 NPOSPAMMHBIU KOO.
Bxoo:
| — uzobpasicenue ouazpammot, mampuya nuxcenel.
Boixoo:
C — npoepamma/cxpunm/onucarnue 6 yenesom popmame.
|_pre = preprocess_image(l)
O_raw = detect_objects(l_pre)
o=[
for object_kin O_raw:
box = bounding_box(object_k)
text = ocr_single_box(box)
type_ = classify_object_type(object_k.shape, object_k.position)
entry = (box, text, type )
O.append(entry)
G = build_graph_from_objects(O)
notation = classify_notation(G)
M = formalize_model(G, notation)
IR = build_intermediate_representation(M)
C = generate_code(IR, notation, target_language)
return C

Orpalmqe}mﬂ U MEPCNEKTUBLI

KauectBo mnpeoGpa3oBaHusi auarpaMmbl B KO 3aBHCHUT OT TOYHOCTH M CTaOMJIBHOCTH
pacro3HaBaHusl OOBEKTOB, TeKCTa M MocTpoeHus rpada. OmulOku, HEOIHO3HAYHAS MHTEPIIPETaIHs
MPUMUTUBOB U ITYMBI MOTYT NMPUBECTH K UCKAKEHHUIO CTPYKTYpbl. METO/| MpeAronaraeT CTaHIapTHBIH
BUJ] UarpaMMbl U cooTBeTcTBUE HOTauusMm [17]. [Ipu oTkioHeHusx (HecTaHmAapTHOE O(OPMIICHHE,
pHCOBaHKE OT PYKH, CMELIEHHUE HOTAIMi) BO3PACTAET PUCK OLIMOOYHOTO COIIOCTABICHUS HJIEMEHTOB.
IR u ¢yHKIMA TreHepauuH KoJa ONTUMH3HPOBAaHBI MOJ 3aJaHHBI HA0Op S3BIKOB W HOTALMH.
Pacmiupenne Ha HOBbIE S3bIKM MOTpeOyeT JaOpabOTKM TMpaBWil M IA0JIOHOB, YBEIWYMBAs
COIIPOBOK/ICHHE.

B nepcnekTuBe — MHTErpauusi NPOABHUHYTHIX MOZAEICH KOMIIBIOTEPHOIO 3PEHHS U SI3BIKOBBIX
MoOJIeJIeH 1S TOBBIIIEHHS ToyHOCTH [ 18], paciinpenue moiep KK HOBBIX HOTALIMH U SI3bIKOB, @ TAKXKe
ucnons3oBanue IR g ananmsa cBOMCTB Mozeneil (KOPpeKTHOCTb, TYMUKH, M30BITOUHBIE CBS3M) C
COBMEIIEHHEM KOJIOTeHEpaluH U pedaKTOPHHTA.

3akiIoueHne

[pemnoxken moxxoa nmpeodpazoBaHus U300paKECHHUS TMarpaMMBbI B KOJI HA OCHOBE KOHBEHEPHOM
00paboTKH: OT pacno3HaHHBIX 00BEKTOB M TpadoBoil Moaenu a0 GopManuzauuu, nocrpoerus IR u
reHepaund Koja. BBeaeHa TeopeTHdeckas MOZENbL MpeoOpa3oBaHHUsl yepe3 IOCIeA0BATEIbHOCTh
byHKIUi, popMann3oBaHbl CTPYKTYPHI JaHHBIX, Ipada 1 IR. Anroputm peanuzyet KOHBelep U3 3TaIoB
JIETEKIINU, PACIIO3HABAHUs TEKCTa, TMOCTPOEHHs rpada, KIacCUPHUKAIUU HOTAIUH, (HOpMaH3aInun
MOJIENIN U KOJIOTeHEepalui. ApXUTEKTypa KOHBelepa IoKa3aHa Ha PUCYHKe 3, CTPYKTypa 3aKperieHa B
nceBaokone. YuupuuupoanHoe IR obOecrneynBaeTr rMOKOCTh W MAacCHITAOUPYEMOCTh MOAXO0JA IS
pa3HbIX HOTAIUH U S3BIKOB.

HecmoTps Ha orpaHnyeHus1, HOAX0 aBTOMATU3UPYET PYYHOH 3Tal MpeoOpa3oBaHus JHarpaMm
B KOJ 1 MO>KET UCTIOJIb30BAaThCSl B MHCTPYMEHTAX aHaIn3a U TeHepalui Ha OCHOBE CKPUHIIIOTOB, CKAHOB
U 3KCIIOPTUPOBAHHBIX AUATPaMM.
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AUTOMATION OF DIAGRAM IMAGE CONVERSION TO PROGRAM CODE

A.V. LOMAKO, K.A. KHADZHYNAVA

Abstract. The article proposes an approach to automating the conversion of diagram images into
program code based on conveyor processing. A theoretical model has been developed, including
recognition of graphical objects, construction of a graph model, formalization in terms of specific
notation, and code generation through a unified intermediate representation. The main modeling
notations (UML, BPMN 2.0, Petri nets, IDEFO, IDEF3, DFD, ERD) and their correspondence to
target code types are considered. An algorithm for processing diagram images is described,
highlighting the stages of preprocessing, object detection, graph construction, notation
classification, and code generation. The method automates the manual stage of transferring diagrams
to program implementation, ensuring model-code consistency.

Keywords: diagrams, automation, image recognition, graph model, code generation, UML, BPMN,
intermediate representation, computer vision, notation formalization.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 621.391

KOMIIVIEKCHASA CUCTEMA YIIPABJIEHUSA BECIINJIOTHBIM
ABTOMOBWJIEM HA BA3E I0T: UHTEI'PAIIUA DOHEPI'OIIMTAHUA U
BUAEOHABJJIOJAEHUA

J.10. BOPOHOBU1Y, M .1O0. MAKCAK

benopyccxuii cocyoapcmeennvlil ynusepcumem ungopmamuxu u paouosnekmponuxu, Pecnybnuxa Benapyce

Iocmynuna 6 pedaxyuro 02 anpens 2026

AnHoranusi. B crartee paccmarpuBaercst mpodOieMa pa3pabOTKH KOMILIEKCHOW —CHCTEMBI
yIpaBJieHUs] OECHMIOTHBIM aBTOMOOWIIEM, OCHOBaHHON Ha TexHosoruu [0T. AKTyanbHOCTB
UcclieoBaHus 00yCIOBIeHa HEOOX0JUMOCTBIO IIepeXo/ia OT U30JIMPOBAHHBIX OOPTOBBIX CUCTEM K
MHTETPUPOBAHHON 3KOCHCTEME, TAE MOICHUCTEMBl JHEPrONMTAHMSA M TEXHHYECKOTO 3pPEHHS
(DyHKIIMOHHPYIOT COTJIaCOBAaHHO. [Ipe/oikeHa apXuTeKTypa, 00bEeANHSIONMAas HHTEIICKTyalbHOES
YIIpaBIICHUE SHEPTONOTPEOICHNEM U CHCTEMbI BHICOHAOIIOACHHS C IIEMEHTaMH KOMITbIOTEPHOTO
3perns. Ocoboe BHUMaHHUE YAEIEHO B3aHMMOCBA3H MEXKTy HAarpy3KOW Ha BBIUYHCIHTEIBHBIC Y3JIbI
00paboTKM BHJIEONOTOKAa M CTpaTerMei pachpeleleHusl JHEPrHH, a TakkKe BOIpocaM
nH(pOopManMOHHOH 6e30macHOCTH nepeaayun JaHHbIX. [IpoaHann3npoBaHbl HOAXOABI K MHTET PALIH
TPaHCIIOPTHOTO CPEJCTBA C JOPOXXKHOH MH(PACTPYKTYPOH U 00NaYHBIMU TIAT(HOPMAMHU C YUETOM
TpeOOBaHMUil HAJIEKHOCTH U HHEProd(HEeKTUBHOCTU. Pe3ysbTaThl McCIeA0BaHUS JEMOHCTPHPYIOT,
YTO COBMECTHAsI ONITUMHU3AIMS AITOPUTMOB YIIPABJICHUS MMTAHUEM U BUJICOKOHTPOJIEM MO3BOJISIET
MOBBICUTh aBTOHOMHOCTb, 0€30IIaCHOCTb U aJIalITUBHOCTh OECIMIIOTHBIX TPAHCIIOPTHBIX CPEICTB B
YCIIOBUSIX COBPEMEHHO# TPaHCIIOPTHON MH(PPACTPYKTYPHI.

Kniouesvie cnosa: 6ecnmnoTHeli aBToMo6mIb, HTEpHET Bemiei (IoT), nHTENNIeKTyanbHas cucteMa
yIpaBieHus!, 3Hepro3h(HeKTHBHOCTh, BHACOHAOIIOICHNE, KOMIBIOTEPHOE 3pPEHHUE, ApXUTEKTypa
CHCTeMBI, HH()OPMAIIMOHHAS 0€3011aCHOCTb.

BBenenne

Pa3BuTre aBTOHOMHBIX TPAHCHOPTHBIX CPEACTB SBISETCS OJHUM M3 CTPAaTErMYECKUX
HaIlpaBJICHUH COBPEMEHHOW TPAaHCHOPTHOW WHQPACTPYKTYphl. B yciioBusx pocra TpeGOBaHWI K
Oe3onmacHOCTH, JHEProd(GEKTUBHOCTH W  HMHTEIUIEKTyaJH3aldd  JIOTUCTHYECKHX IPOILECCOB,
OecrwIoTHBIE aBTOMOOWJIM BCE 4Yalle PacCMAaTPUBAIOTCS HE KaK H30JMPOBAaHHbBIE TEXHUYECKHE
CHCTEMBI, a KaK HHTETPUPOBAHHBIE 3JIEMEHTHI €IUHON MHTEJUIEKTYAIbHON TPAaHCTIOPTHOM 3KOCHCTEMBI
Ha 6a3e TexHomnoruii [oT [1]. OcoOyro ponb B obecnieueHnN QPyHKIMOHATIBHOCTH TAKMX CUCTEM MIPAIOT
MOJICUCTEMBI TEXHUYECKOTO 3pEHHS U SHEPIOMEHEIKMEHTA, KOTOPbIE TPAJUIIMOHHO MPOEKTUPYIOTCS
paszienbHo, YTO CHIDKAET 00Ty 3 GEKTHBHOCTh TPAHCIIOPTHOTO CPEJICTBA.

CucTeMbl BUICOHAOIOICHUST 1 KOMIIBIOTEPHOTO 3pEHUSI (JOPMUPYIOT OCHOBY JIJISI BOCTIPHUSITUS
OKpYy’Kalolllell cpeabpl W NpPUHATHA pelleHuid B peanbHOM BpeMmeHu [2]. OpnHako o0paboTka
BUJICOTIOTOKOB M PaboOTa HEHPOCETEBBIX AITOPUTMOB TPEOYIOT 3HAYMTENBHBIX BBIYMCIHTEIBHBIX
pECYpCOB, YTO HANpsMYyIO BIUSET Ha JHepromoTrpebieHue OOpTOBOM ceTH. B TO ke Bpews,
MHTEIVIEKTYalbHbIE CUCTEMBI YIIPABICHUS TUTAaHUEM, OPUEHTUPOBAHHBIEC HA ONITUMHU3ALUIO 3aPSAKH U
pacripeneneHus YHEPTUH, YacTO HE YUUTHIBAIOT AUHAMUYECKYIO HArPy3Ky CO CTOPOHBI MepruepuiHbIX
JaTIYNKOB W BBIYUCITUTEIBHBIX Moayne [3]. OTcyTcTBHE KOOPIWHAIIMA MEXIy ITOJCHCTEMAaMHU
SHEPronMuTaHus ¥ BUICOKOHTPOJIL NPHUBOAMT K HEONTHUMAJIbHOMY pacxoly 3apsia Oaraped u
CHIDKEHHIO aBTOHOMHOCTH ATC B CHOXHBIX YCIOBUSAX IKCIUTyaTalluU.

JIOTIOTHUTENPHYIO aKTyaJbHOCTh IPHOOPETAIOT BOMPOCH MHPOPMAITMOHHOW OE30IaCHOCTH H
HaJeKHOCTU Iepeljauyd JaHHBIX. B ycnoBHMsX, KOrlla BUIECONOTOKHM HMCIIOJB3YIOTCS JUIS KPUTHYECKU
Ba)KHBIX PEILICHHUH, a CHCTeMa MMUTaHMs B3aUMOACHCTBYET C BHEIIHEH HHPpacTpYKTypoH, obecrieueHne
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IEJIOCTHOCTH W JOCTYIMHOCTH WH(POPMAIIMKM CTAHOBHUTCS HEOTHEMJIEMOH 4YacThIO apXUTEKTYpPhI
CUCTEMBI. DTO 0COOEHHO BaXKHO B CBETE TPEOOBAHMH IO 3aIUTE EPCOHATBHBIX JAHHBIX U TEXHHYECKHX
perIaMeHTOB 0€30TIaCHOCTH KOJICCHBIX TPAHCIIOPTHBIX CPEeACTB [4].

Ha cerognsimauii 1eHb HEAOCTATOYHO UCCIIEAOBAHBI ITOAXO0/IBI K TOCTPOCHHUIO PaCIIPEICIICHHBIX
l0T-opreHTHPOBAaHHBIX CHCTEM, COYETAOIIHNX yIpaBJieHHE SHEPronoTPeOICHHEM u
BUJICOHAOITIOJICHUEM B €IMHOM KOHType. OTCYTCTBHE KOMILUICKCHBIX PEIICHHH, aJanTHPOBAHHBIX K
YCIIOBUSIM WHTETPAIMK C JIOPOKHOH WHPPACTPYKTYpOH U OOJaYHBIMU IUIAT(HOPMaMHU, OIpPEISNsIeT
HAYYHYIO U IPAKTHYECKYI0 3HAYUMOCTh HACTOSIIETO UCCIICAOBaHUS.

[enbto paboOTHI SIBISIETCS MCCICIOBAHUE APXUTEKTYPhl KOMIUICKCHOW CHCTEMBI YIpaBICHUS
OecrmmoTHeIM aBTOMOOMIIEM Ha 0Oaze loT, obecneumBaromieil corjacoBaHHOE (YHKIIMOHHUPOBaHHE
MOJICUCTEM DHEPrONUTAHUS U BUICOHAOMIONACHUS. [l MOCTHKEHHS TIOCTABICHHOW IIEIU PEIIAIOTCs
3aJjaud aHaK3a CYIICCTBYIOIIUX apXUTEKTYp, pa3pabOTKH MOJEIH B3aWMOJCHCTBUS TOACHUCTEM WU
oreHKH 3 (HEKTUBHOCTH NPEITIOKESHHBIX ATOPUTMOB YIIPABJICHUS PECYPCaMHU.

ApXHUTEKTypa HHTeTPUPOBAHHOM CHCTeMBbI YIIPaBJIeHUs

B pamkax naHHOTO MCCleAOBaHUS MpeasiaraeTcsi MHOTOYpOBHEBAsl apXUTEKTypa KOMIUIEKCHOM
CHCTEMBI YIIPaBJICHHUS OCCIMIOTHBIM aBTOMOOMIIEM, OCHOBaHHas Ha TexHonorusax loT. OcHoBHas unest
3aKJIIOYaeTCsl B OOBEAVMHCHWUU TOJCHCTEM DHEPIrONMTAaHUSA U BHUJICOHAONIONCHUS B CIMHBIN
WHQOPMAIMOHHO-YIPABIISIONINA KOHTYP, YTO TIO3BOJISIET ONITUMHU3UPOBATH PACIpeie]ICHUE PECYPCOB B
pearbHOM BPEMEHHU.

Ha puc. 1 mpencraBieHa 0000IIeHHas CTPYKTYpHAs CXeMa MPeI0KEHHOW CHCTEMEI.

VIX ! OBAAMMAN NANTSOMMA
MOMMTOPMNEA

v

FEAWHBIA MHOOPMALIWOHHO- ‘
YNPABARIOLWIKA KONTYP
(loT HuB)

JOACHCTEMA FOACICTEMA
BAREONABCLE VA (N HEFTONTAMMA

| |
" SATURON BHEMMOCTIN BATUIIGE (AT ANMN
Kopud. N v, Paanow BMS, AKE, TRrweTpne

NAAKKPOBULMK TRAEKTOPMM

v

WCTIOMHMTE Tl e MEXAMWINGS
[ [ R T T

Puc. 1. CtpykTypHas cxeMa HHTETpUPOBAaHHON CUCTEMBI YIIpaBJIeHNs! OECITMIIOTHBIM aBTOMOOHIEM

Ha cencopHOM ypoBHE pa3MeNaroTCsi HCTOYHUKHY JaHHBIX U UCTIOJTHSIONNE ycTporicTBa. K HUM
OTHOCSITCSI KaMepbl TEXHUYECKOTO 3pEHUs, TaTUYUKW TOKAa WM HANPsHKCHHS OOPTOBOWM CeTH, OJIOK
yrnpaBieHus OaTapeeil W BBIYMCIWTENIBHBIE MOIYTH. BakHON OCOOCHHOCTBIO SBISETCS HaIUYNE
enuHoro loT-mutro3a, KOTOPEI arperupyeT JaHHbIe OT Pa3HOPOIHBIX HCTOYHHUKOB [5].

CereBoil ypoBeHb 0OecCIIeUnBacT Nepeaady JaHHBIX MEXTy KOMIIOHEHTaMH CUCTeMBI. [1JIst CBs3H
BHYTpH aBTOMOOWIsS wucmonb3yercs 1mmHa Controller Area Network, oOecrneunBatomias
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JETePMUHUPOBAHHYIO Mepefady KpUTHYECKUX JAaHHBIX, TAKMX KaK IMOKa3aHMs JaTYMKOB HATPSHKCHUSL.
s mepenadnm BHICONOTOKOB M TEJIEMETPUHM BO BHEIIHIOI HMHQPACTPYKTYpy HIPUMEHSIOTCS
OecIipoBOIHBIE TPOTOKOJIBI M JIETKOBECHBIE IIPOTOKOJIbI IPUKIAAHOTO YpOBHS, Takue kak MQTT.

YpoBeHb NPUIOKEHUH peau3yeT JIOTUKY YIpaBieHus. 31ech (QYHKUHOHUPYIOT aIrOPUTMBI
KOMITBIOTEPHOTO ~ 3PEHUS  (NETeKIUsl OOBEKTOB, TIOCTPOCHHWE MapuipyTa) W  alTOPHTMBI
SHEPrOMEHEKMEHTa. B oTiaMuMe OT TpaguLMOHHBIX IIOJXOAOB, II€ 3T IOACHCTEMBI PabOTaIOT
W30JIUPOBAHHO, B TNPEIUIOKEHHON apXHTEKTYpe pealu3oBaH OOpaTHBIA KaHall BIHMSHUS: JaHHBIE O
BBIYUCIUTEIBHON HArpy3Ke CUCTEM 3PEHHUS TIEpEeIatoTCs B MOAYJIb YIPABJICHHUS MUTAaHUEM.

B3aumopeiicTBre moacucTeM OpraHM30BaHO CIEAYIONIM 00pa3oM. Moayiib BUIEOHAOIIOSHIS
dbopMupyeT 3anpoc Ha BBIYUCIUTEIbHBIE PECYPCHI B 3aBUCUMOCTH OT CJIOKHOCTH OPOYKHOH CLIEHBI.
Ota nHpOpManys NeperacTcs B MHTEIICKTYaIbHBIA KOHTPOJUIEp MUTAaHUS, KOTOPBIH KOPPEKTHPYET
PEeKUMBI padOTHI OaTapen U pacupeneIeHrue YSHEPTUN MEXIY JABUTaTesIeM U OOPTOBOI 3JEKTPOHUKOM.
JanHple 0 cocTosiHUM 3apsiaa 6aTtaped MOTYT BIMATh Ha paOOTy BHIEOCHCTEMBI, HAIPUMEDP, CHIXKAs
YacTOTy KaIpOB WM paspelleHHe IIOTOKa IPU KPUTHYECKOM YPOBHE DHEPIUHU [JId IIPOMJICHUA
aBToHOMHOCTH [3]. Takas WHTerpanus IMO3BOJIICT pPEalM30BaTh aJAlTUBHBIC CIICHAPUH PabOTHI.
Hanpumep, npu o0HapyKeHIH NIPETIATCTBUS CUCTEMON 3PEHHUS IPUOPUTET FHEPTUHN BPEMEHHO OTAAETCSA
BBIYUCJIIUTCIbHOMY 6HOKy JJI1 SKCTPEHHOI'O pacde€Tra TPAaCKTOPUH, a IIPU ABMIKCHHUHM IO Tpacce C
XOPOIIIUM OCBEIICHHEM Harpy3ka Ha KaMephbl CHIJKAETCS B IIOJIb3Y SKOHOMUH 3apsjia.

TakuMm 00pa3zoMm, TpeIOKEeHHAas apXUTEKTypa obOeclieunBaeT HE TOJIBKO cOop u 00paboTKy
JaHHBIX, HO W HHTEJUICKTyaJbHOE YNPAaBICHHE pPecypcamMH aBTOMOOWIS Ha OCHOBE KOMIUIEKCHOTO
aHaJN3a COCTOSIHUS KaK SHEPTeTUYECKOW CHCTEMBI, TAK M CUCTEMBI BOCHIPHUSATHS OKPYIKAIOIIEH Cpebl.

Mozaeap B3auMoeicTBHs MOACUCTEM U AJTOPUTM yHpaBJIeHUsI pecypcaMu

I[J'ISI OIIKMCaHHusA 3aBUCHUMOCTH 3HeprOHOTpe6J'I6HI/I$I OT HArpy3ku CHCTEM TCXHHUYCCKOI'O 3pCHUS

BBEJEM IieIeBYyI0 QyHKUMIO ontumusanuu. Ilycts E, o0Iiee JOCTYIHOE DHEPrornoTpedieHue Ha

otal

TeKyIleM y4acTke Mapruipyra, E,. — sHeprus, HeoOXxomumas s IBWKeHus, E_ — sHeprus Ha

drive comp

BBIYMCJIIMTCIIBHBIC 3a1a4H. Torna OrpaHUYCHUC UMECT BU

E, <E. —E..—E.w @

comp total
— pesepBHHﬁ 3arac SHCPruu 11 HEIITATHBIX CHTyaI.IPIﬁ.

drive
rne Eresen/e

OHepronorpebiieHre BBIYUCIUTENBLHOTO MOyt E HaIpSIMYI0 3aBUCUT OT IIapaMeTpOB

comp
BUJICONOTOKA. ETro MOXKHO TMpencTaBUTh Kak (QYHKIHMIO OT 4acToThl KaapoB FPS, paspemenus
BHUJICONOTOKA RES M ClI0)KHOCTH anroput™a nerexiun Alg

Eemp =K, - FPS-Res+k,-C_,, @)

rae K, K, — koaduumenTsl, onpenensieMpie apXUTEKTYPOl BBIYHCIUTEIBHOM M1aTdOpMBI.

C10XHOCTh aJIroputMa Calg BapbUpPYCTCA B 3aBUCHUMOCTH OT ,Z[OpO)KHOﬁ CIICHBI. Haan/IMep,

JIBUKCHHE TI0 TPACCE B THEBHOE BpeMs TPeOYET MEHBIIE BEIYUCIUTEIHHBIX PECYPCOB, UEM JIBUKCHHE B
IUIOTHOM TOPOJCKOM TTOTOKE HOUbI0. CHCTEMA BUICOHAOIIONEHHUS OIEHUBAET CIOXKHOCTD CIEHBI S

scene
U Tiepe/iaeT 3Ty METKY B KOHTPOJLIep MUTaHus. Ha OCHOBE MOTyueHHBIX JAHHBIX PEAIN3YETCs AITOPUTM
JUHAMHUYECKOTO pacrpeaencHus pecypcos [5]. Cxema anropurMa npejcTaBieHa Ha puc. 2.

Anroput™ QYHKIIMOHHPYET B IIUKJIE PEATBHOTO BPEMEHHU, HAYWHAsE C MOHUTOPUHTA COCTOSHHS
CHUCTEMBI, B X0JI¢ KOTOPOI'0 OCyIecTBisieTcs coop nanHbix o State of Charge (S0C) Oarapeu, Texyiei
Harpy3ke Ha IpOLECCOp M CIOXHOCTH JOPOXHOH cueHbl. Ha 3Tamne OLEHKH PHUCKOB NpU 3HAYCHUU
SoC < 20 % cucrema mepexoAuT B pexUM dHeprocoepeskeHus. [IpuHsaTHE pemieHns: OCHOBBIBAETCS Ha
aHaJIM3€ TEKYILETro COCTOSIHUSA: IIPU HU3KOM 3apsjie 0aTapeu CHIKAeTCs 4acToTa KaJpoB BHIEOIIOTOKA
(FPS |) wnu paspemienue (Res |), uro, cornmacHo ¢opmyne (2), ymenbmaer E TOTJa Kak IpH

comp *
O6Hapy)KCHI/II/I KPUTUYCCKUX O6’BCKTOB (HCI.HCXO):[BI, HpeHHTCTBI/ISI) MNPUOPUTET OTAACTCA MOACHUCTCMC
3pCHUA, OAaXKE I.[eHOfI BPECMCHHOT'O YBCJIIMYCHUA 3HCpFOHOTpC6HCHI/IH. Ha 3aBCpIIAOIICM J3TallC
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WCTIOJTHEHHUS KOHTPOJUICp MHUTAHUS MepepachpeaesieT MOIIMHOCThE MEXKIy TATOBOM Oarapeeit u
OOPTOBOM IIEKTPOHUKOMH [6].

Takum 00pa3oM, TPEIOKECHHAS MOJENb MO3BOJSET aJalTUBHO YIPABISATH pecypcamu
aBTOMOOWIS, o0ecrieunBas OalaHC MKy aBTOHOMHOCTBIO M O0€30TIaCHOCTBIO IBHXKEHUS. Peammzarus
JIAHHOTO aJITOpUTMa ObLlIa IPOBEPEHA B Cpe/ic UMHUTAIIMOHHOTO MOJCITHPOBAHUS, PE3yIbTaThl KOTOPOTO
TIPEJICTaBJICHBI B CIIEMyTOIeM pasnene [7].

Ha4ano UHKNa YNpaBRsHuR

1. MOHMTOPHHT COCTOAHKA
CO0p AaHHb: SOC Garapew,
Harpyzxa CPU, CRoN-oCTh CLeHb

-

S0C < 2087

YCTaHeeka dnara: YCTasogHa dinara:
PeskM IHEPrOCOEpEREHHA HOpMaNEHEIH pessm

N

HpwTw+eckne ofveknl
NEWEXnbl/ NPENRATCTEHAT

Her

dinar aseprociepemernal

ARTHESH He akTHESH

NpHOPHTET: BE30NACHOCTE
MaKc. pecypibl Ha ZpEHME ONTHMHZAUMA E_comp

CHHMEHME YACTOTH K3AP0S FPS

FPS1, Res o +

HEHOPUPOEHLE ALMUTROS SOC CHMKEHME pazpelueHHA Res )

S

4. HENDMHEHKE
HOHTPOANED MMTAHWAS
MEp=gacnpEAENEHHE MOWHOCTH MEKTY
TArDBOH AKE M 2AEKTPOHAKOS

-
k‘ o

3a0epHKa TakTa AT

MoaaepEasmue CTAHIAPTHDO
NapaMeTpae piﬁCT:I CHCTEMbBI

Puc. 2. biiok-cxema anroputMa yrpasJeHUst pecypcamMu

Pe3y.]1]>TaTbI HMHUTAUOHHOT'0 MOJACTUPOBAHUSA

Hns oueHkn >PQPEKTUBHOCTH MPEIIOKEHHOW apXUTEKTYpbl M ajlrOpuTMa YIpaBICHUS
pecypcamu OBIJIO MPOBEJCHO MMUTALMOHHOE MOJEIUpOBaHHe. MoaennpoBaics CleHapuil JBIKEHUS
OCCIWIOTHOrO aBTOMOOWIISL MO TOPOJACKOMY MapIIpyTy HpPOTSKEHHOCThI0 10 KM ¢ mepeMeHHOi
JOPOKHOM 00CTaHOBKOH (OTKpBITas Tpacca, IVIOTHBINA TOPOJICKON TpapyK, HOYHOE BpEMs).

101



B kadecTBe MeTpHUK 3PPEKTUBHOCTH UCIIOIH30BAIHCH;
— obmee sHepromnoTpedneHne cuctems E,

otal !
— TOYHOCTb JIETEKUU 00beKTOB ACC

det ?
— BpeMA aBTOHOMHOM pa60TI>I T

auto *

CpaBHUBaIKCH JBA TOJX0/a: 0a30BBIN (He3aBUCHMAs pabOTa MOJCUCTEM BUJICO W IMHUTaHUS) H
MPEUIOKEHHBI  (MHTETpUPOBAaHHOE  YIpaBIieHWE C aJalTHBHON HACTPOWKON  mapameTpoB
BHJICOTIOTOKA).

Tab6n. 1. CpaBHeHne 3¢ppeKTUBHOCTH NOAXO0A0B
Mertpuka basosbrit IIpennoxennsiit | YaydmeHue
moaxon moaxoQ
. 145,2 118,7 18,3 %
Etotal 4 Bru
94,1 93,8 -0,3%
Acc,, . %
87 106 +21,8 %
Tauto , MUH
Kak BugHO ¥3 TaOmWIBl, TPEANIOKEHHBIA IOAXOM TIO3BOJSIET COKpPAaTHTH  oOIIee
sHepromnoTpednenue Ha 18,3 % mpu HE3HAYNTENTFHOM CHIDKEHUH TOYHOCTH JIETEKITUH, YTO HAXOTUTCS
B Ipejenax JOMyCTUMOM morpemHocT. [IpupocT BpeMeHn aBTOHOMHON Pa0OThI COCTAaBIISET TOYTH
22 %, 4TO SABJISIETCS CYLIECTBEHHBIM IIPEUMYIIIECTBOM sl IPAKTUYECKOro MpUMeHeHus [8].

Ha puc. 3 nokazana quHaMyKa MOTpeOICHIS SHEPTUH B 3aBUCHMOCTH OT CIOXHOCTH JTOPOKHOM
CLEHbI. B MOMEHTBI BBICOKOI HArpy3KH IIPEIIIOKEHHBIN AITOPUTM BPEMEHHO YBEJIIMUUBAECT BbIICICHUE

pecypcoB Ha MOJCHCTEMY 3pEHHS, YTO obecneunBaeT 0e30macHOCThb. B MPOCTHIX clieHapusX cucTeMa
MEPEXOIUT B SHEProcOEeperarninii pexxuM, CHHUXKAs YacTOTy KaJpOB M pa3pelieHrne 0e3 moTepH
KPUTHYECKU BaKHOU MH(OpMAIINH.

Puc. 3. JluHaMuka 3HEPronoTpedIeHUs B 3aBUCUMOCTH OT CJIOYKHOCTH CIICHBI

[TommydeHHbIe pe3ynbTaThl MOATBEPKAAIOT PabOTOCTIOCOOHOCTE MPENTI0KEHHON apXUTEKTYPBI U
3¢ PEeKTUBHOCTh aJNrOpUTMa aJalTHBHOIO YIPAaBIEHUS PECYpCaMH.

Wnterpanms noacuctem
BUJICOHAOIIIOJICHUS ¥ DHEPrONHWTaHHWS IMO3BOJSIET JIOCTHYh OallaHca MEXJIy aBTOHOMHOCTBIO U
0€30MaCHOCTBIO, UTO SBJISIETCS KIFOUYEBBIM TpEOOBaHNEM ISl OSCTIMIIOTHBIX TPAHCIIOPTHBIX CPEJICTB.

3akiIoueHne

B pabote pemena 3amava WHTETpalMU TOACHCTEM SHEPrONUTAHWS W BHJICOHAOIIONCHUS
OecUIIoTHOTO aBTOMOOMIIS B paMKax enuHo# loT-apxurektypsl. [Ipemioxked alroput™ aanTHBHOTO
yIpaBJIeHHS PeCypcaMu, JMHAMUYECKH KOPPEKTUPYIOIIHIA TapaMeTPhbl BUAECOMOTOKA B 3aBHCUMOCTH OT
CIIOHOCTH CIIEHBl M YPOBHA 3apsiia Oataped. Pe3ynbraThl WUMHTAMOHHOTO MOJCITHUPOBAHUS
moATBepaAnian AP (PEKTUBHOCTh pa3pabOTaHHOTO IMOAXOMA:

NPUMEHEHUE alrOpUTMa IO3BOJISIET
COKpaTuTh o011Iee sHepromoTpedienue Ha 18,3 % mpu He3HAUNTETEHOM CHIDKEHUH TOYHOCTH IETEKIINU
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o0wvekToB (0,3 T.IL.), YTO HAXOAUTCS B TpeAesiaX JOMyCTUMOW IMOTPEeIIHOCTH. [IpupocT BpeMeHH
aBTOHOMHOW Pa0OTHI cocTaBisieT mouTh 22 %, 9TO SBISETCA CYIIECTBEHHBIM MPEUMYIIECTBOM JIJIs
MPaKTUYECKOT0 MPUMEHEHHsI OECITMIIOTHBIX MIaT(HOPM B YCIOBUAX TOPOJICKON U CEIbCKOH MECTHOCTH.

[IpakTrueckas 3HAUUMOCTh PE3yJIbTATOB 3aKI0YACTCSA B BO3MOKHOCTH UX WCIOIB30BaHUS NIPU
pa3paboTKe OTEUECTBEHHBIX OCCIMIOTHBIX TIAT(GOpPM, a TaKkKe MPH MOJCPHU3AIMH CYNICCTBYIOIIIX
CHUCTEM YIpPAaBICHHUS AaBTOHOMHBIM TPAHCIOPTOM. YUTEHHbIe TpeOOBaHUS WHPOPMAITUOHHON
0e30MacHOCTH KaHAJOB IMepe/laud JaHHBIX O00ECNEeYMBalOT 3allUTy OT HECAHKIMOHUPOBAHHOTO
BMEIIATEIbCTBA B TPOIECC ympaBicHUs. [lepCcrieKTUBBI NadbHEHWITUX HWCCIICIOBAHUN CBS3aHBI C
annapaTHOW peaau3aliell MPeaIoKCHHBIX ajIrOpUTMOB Ha 0a3e BCTPAUBACMBIX BBIYMCIHTEIbHBIX
wIaThopM W MPOBEICHHEM HATYPHBIX WCIBITAHWNA B PEaJbHBIX JOPOXKHBIX YCIOBUSAX, BKIFOYAs
ajanTanuto s padoTel B ceTax SG/6G ¢ yIbTpaHU3KOW 3aePHKKOM.

INTEGRATED IOT-BASED DRIVERLESS VEHICLE CONTROL SYSTEM:
POWER SUPPLY AND VIDEO SURVEILLANCE INTEGRATION

D.Y. VORONOVICH, M.Y. MAKSAK

Abstract. An algorithm for searching for single-pixel extremes of halftone images based
on centrally symmetric scanning is proposed. It is shown that the algorithm works much faster
than the best known algorithms for detecting key points of images.

Keywords: driverless car, Internet of Things (IoT), intelligent control system, energy efficiency,
video surveillance, computer vision, system architecture, information security.

Cnucok JuTepaTypsl

1. Bumnasikos B. A., Maxkcak M. 0. Konnenmus, moaemns, mpuMeps! cucteM MHTepHEeTa Bemmei it 3 PpeKTHBHOTO
anekTpocHabxenus // TexHomornn nepenayn U 00padOTKH MHPOPMAIIUHN: MaTepuanbl MexIyHap. Hayd.-TeXH.
cemuHapa, MuHCK, amp. 2025 r. / Bermopyc. roc. yH-T HHPOPMATHKA M PaguodNeKTpoHUKH. — MuHck: BI'VUP,
2025. - C. 37-41.

2. Cupotko C. U., Ma 1., 3opeko M. U. [u op.]. Mogenn oTHOBPEMEHHOW JIOKAIU3AIIUHN U TOCTPOSHU ST KapThI
OTKPBITOTO TMpocTpaHcTBa BJIA ¢ TOMOIIBI0 MHOIOKaMEpHO# BuaeocucTembl // TeXHOIOTHH Tepenavyu |
00paboTKu nHpOpPMAIUK: MaTepHaabl MexayHap. Hayd.-TeXH. CeMUHapa, MuHCK, arp. 2025 r. — Munck: BI'VUP,
2025. - C. 7-14.

3. Xamxunosa H. B., CaBonerckas M. O., Crossiposa B. B. [u mp.]. AIropurmMsl MyJIbTHAT€HTHOTO JOCTYIA K
KaHajiaM MOOMIIbHOI cBsi3u (5G, 6G) 11t MUHMME3aLUK 3a1epiKeK B yciioBusix MurepHera Betueit // TexHooruu
nepeaadn u oopaboTku mHpOpMAIMK: MaTepuansl MexayHap. Hayd.-TeXH. ceMuHapa, MuHCK, amp. 2025 r. —
Munck: BI'YUP, 2025. — C. 67-72

4. Kparenp B. A., Pomaniok M. B. IlepcnekTuBbI HCIIOIb30BaHMSI MOOWIBHBIX CETEH HOBOTO ITIOKOJIECHHS B
Wnrepnere Bemelt // Texnonorun nepenadu 1 o06pabOTKH MH(MOPMALMK: MaTepHanbl MexayHap. Hayd.-TeXH.
cemuHapa, MuHCK, amp. 2025 r. — Munck: BI'YUP, 2025. — C. 183-187

5.bermsak E. B., Mapuunakesuu B. A. CoBpeMeHHBIE NPOTOKOJBI AayTEHTU(PHKAMM ¥ aBTOPU3AlMU B
GecripoBOIHBIX ceTsax // TexHonoruu nepeaadn u 06paboTku HHPOPMALNHU: MaTepHaIbl MexIyHap. Hayd.-TeXH.
cemuHapa, MuHCK, anp. 2025 r. — Munck: BI'YUP, 2025. — C. 168-175.

6. Thrun S., Burgard W., Fox D. Probabilistic Robotics. — Cambridge : MIT Press, 2005. — 680 p.

7. Redmon J., Farhadi A. YOLOv3: An Incremental Improvement // arXiv preprint arXiv:1804.02767. — 2018.
8.Chen S., Hu Y., Shi Y. [et al.]. Vehicle-to-Everything (V2X) Communication: A Survey on Architecture,
Security, and Applications // IEEE Communications Surveys & Tutorials. — 2023. — Vol. 25, Ne 2. — P. 1234-1267.

103



TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 621.313

OB30P U AHAJIN3 MUPOBBIX TEHJIEHIIUIA IOCTPOEHUA CUCTEM
SAIIUTHI MECT ITPOKJIAJIKY KABEJIEN CBSI3U
OT HECAHKIIMOHUPOBAHHOT' O JOCTYIIA

E.A. MACENYHNK, A.A.ITAIIOLIKO

benopycckuii cocyoapcmeennvlii ynusepcumem ungpopmamuxu u paouosiekmponuxu, Pecnybnuxa benapyco

Ilocmynuna 6 pedaxyuro 02 anpens 2026

AHHOTa[II/lﬂ. Cratbhs TMOCBAIICHA aHAJIN3y MHUPOBBIX TGH}IGHHI/Iﬁ TMOCTPOCHHUA CUCTEM 3AIIUTHI MECT
MPOKIIaIKU Kabelnei CBSA3M OT HECAHKIMOHUPOBAHHOT'O JOCTYIIA C YYETOM COBPEMEHHBIX BBI30BOB,
Kacaroluxcs 0e30MacHOCTH TEJICKOMMYHHUKAIIMOHHOW UH(pacTpykTypsl Pecnyomuku Bemapych.
AKTyambHOCTh JaHHOH TeMaTWKH OOYyCIOBJICHAa POCTOM VS3BUMOCTH JIMHEWHO-KaOeIbHBIX
COOPY)KEHHH K (PU3UIECKUM BO3ACHCTBHAM W HECAHKIMOHHPOBAHHOMY IOCTYITY, CIIOCOOHBIM
HapYIIUTh (HYHKIIMOHUPOBAHUE 0OBEKTOB KPUTHICCKON HHPPACTPYKTYPHI.

PaccMmoTpeHs! mecTh HanpaBICHAH pa3BUTHS CHCTEM 3alIUTHI: HHKCHEPHBIe OaphepHBIE CPEICTBa,
BUACOHAOIO/ICHNE, BHOpPAIMOHHBIE W AKyCTUYECKHE MAaTYHKH, PACHpEIeIICHHBIC BOJOKOHHO-
ONTUYECKUE CUCTEMBI, HTerpauus ¢ lIoT u mpruMeHeHne METOJI0OB UCKYCCTBEHHOTO MHTEIUIEKTA.
YcTaHOBIIEHO, YTO OOJIBIIMHCTBO PEIICHUH OPHEHTHPOBAHBI Ha (DUKCALUIO y)KE MPOMU3OILIEIIIETO
BO3I[EI‘/’ICTBI/I$[, YTO OrpaHUYIUBACT BO3MOKHOCTU PAHHETO MPEAYIPEKACHNUA HHIIUICHTOB. Hau6onee
MEPCHECKTUBHBIM HAIIPABJICHUEM IIPU3HAHO PA3BUTUEC PACTIPEACIICHHBIX BOJIOKOHHO-OINTUYCCKUX
CHCTEM  MOHHTOPMHTa C  HHTEJUIEKTyaJlbHOH  oOpaboTkoi  curHaioB. OOGocHOBaHa
11es1eco00pa3HOCTh Iepexofa K HHTETPUPOBAHHBIM CHUCTEMaM MOHHMTOPHHTA IPOTSHKEHHBIX
00BEKTOB CBSI3H C AJIEMEHTAMH NIPOTHO3HON aHAJIMTHKH.

Kniouesvie cnosa: MCTOAbI W CHUCTCMbI 3allUTBI MECT MNPOKIAAKHN KaOemei CBA3H OT
HCCAHKIIMOHUPOBAHHOI'O0  A0CTyNad, BOJOKOHHO-ONOTHYCCKUC PACIPEACIUTCIIBHBIC CUCTCMbI
MOHHMTOPHUHTA.

BBenenne

AHanu3 COBPEMEHHON Hay4YHO-TEXHMYECKOM mnutepaTypsl [1-14], mocBsmeHHON aHanu3y
MUPOBBIX TEHJIEHIMI MMOCTPOEHUSI CHCTEM 3aIUTHI (OXPaHbI, OMOBEUICHHUS U T. I1.) KaK OTIEIbHBIX
(KOMITaKTHBIX) OOBEKTOB, TAK U OOLIMPHBIX TEPPUTOPHI, B TOM YHCIIE MECT MPOKIIAAKH KabeJel CBI3U
(TMHEHHO-Ka0eTbHBIX COOPYKEHHI) OT MPUPOJHO-TEXHOTEHHBIX NMPUYMH ¥ HECAHKIIMOHHPOBAHHOTO
JIOCTYyTIa TIOKA3bIBA€T, YTO B YCIOBHSIX PE3KO M3MEHSIOMIEHCS KIMMATHYECKOH, a TakKe BHYTPH- U
BHEILIHETIOJIMTHYECKOH obcTaHoBkM B PecnyOnuke bemapyck B mocneanue 5-6 neT akTyalnbHOCTh
pa3paboTKH ¥ BHEIPEHUS TAKUX CUCTEM MHOTOKPAaTHO BO3pocIa.

IIpm sTOM cymiecTByIOIIHME pEmeHus, KaKk MPaBHJIO, OPUEHTHPOBAHBI Ha (PHUKCAIHMIO YXKe
COBEpILIEHHOTO0 BO3JICHCTBUS, UTO CHIDKAeT 3(PPEeKTUBHOCTh MPEAOTBpPAIICHUS WHIMICHTOB. B ATHX
yCIOBUSAX 0co00€ 3HaueHHWe MpHoOpeTaeT pa3paboTKa M BHEIPEHUE CHUCTEM PAaHHETO OOHAapyXEeHHUS
BTOP)KEHHI Ha TIPOTSHDKEHHBIX 00BekTax cBs3u. Llenb craTthu — mpoBecTH KiaccHUKauio u
CPaBHHTEIHHBIN aHAJIN3 COBPEMEHHBIX HAIPABICHUH Pa3BUTH METOIOB U CHCTEM 3alUThI KabeIbHOM
MHQPACTPYKTypsl W  OIpeNeNuTh Haubojiee TMEPCIEKTUBHOE pelleHHe Uil AalbHeWIero
COBEPLIECHCTBOBAHMUSL.

0030p U aHAJIN3 MUPOBBIX TeH/IEHIUI1 TOCTPOEHHUS CHCTEM 3AIMUTHI
MecCT MPOKJIAAKHU Kadeseil CBI3U

CoBpeMEeHHBIE MTOAXOIBI K 3allIUTE MECT MPOKIaIKK Kabesel CBsI3u (QOPMUPYIOTCS MO BIUSHHUEM
TpeOOBaHUM OOCCIEUCHUS YCTOMYUBOCTH TEICKOMMYHHMKAIIMOHHOW HMH(PACTPYKTYphl, a TaKkKe
HEOOXOJMMOCTH MHMHHUMHU3AIMK PUCKOB (PU3UUYECKOI0 BO3ACHCTBUS M HECAHKIIMOHUPOBAHHOTO
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noctyrna. MexayHapoaHas MpakTHKa JEMOHCTPUPYET TEPeXoJ]] OT H30JUPOBAHHBIX WHIKCHEPHBIX
pelieHHid K MHOTOYPOBHEBBIM CHCTEMaM MOHUTOPUHTa W pPEarupoBaHUs, HWHTETPHPYIONIHM
¢bu3udeckne, TexHWYeckne M WHGOpMaImoHHble cpenctBa 3ammuThl [9, 10]. Ha ocHoBe amammza
HAYYHBIX MMyOJUKAIUI U OTPACIEBBIX OTYETOB BBIJCISIOTCS IISCTh KIIFOUEBBIX TEXHOJOTHI Pa3BUTHUS
CHCTEM 3aIUThI MPOTSHKEHHBIX 0OBEKTOB CBSI3H.

du3nyeckas MH:KeHepHasi 3amuTa (0apbepHble H MACCUBHBIE CPEACTBA)

Ousnueckas HMHXCHEPHAs 3allluTa NpeACTaBisieT coOOi TpaaWIMOHHBIM ©  Hambosee
pacrpocTpaHeHHBI Crmocod oOecneueHsl COXPaHHOCTH JIMHEHHO-KAaOeNbHBIX coopykeHuid. OnHa
BKITIOYAET MPOKIAIKY KaOenel B KabeIbHOW KaHATN3aIliH, MCTIOIh30BaHNE OPOHUPOBAHHBIX 000JIOUEK,
METAJUIMYECKUX U JKeJIe300€TOHHBIX KOPOOOB, 3aIIMPaeMBbIX JIFOKOB, AaHTHBAaHAAIbHBIX MIKa(OB, a TaKKe
CO3/1aHKe OXPaHHBIX 30H. JJaHHBIE MepBI HAaNIPaBJICHBI HA OTPaHUYCHUE MIPSIMOTO (PU3UIECKOTO TOCTYIIA
K Ka0eJII0 ¥ CHIKEHHE BEPOATHOCTH €r0 MEXaHUYECKOT'O TIOBPEXKACHUS.

IlpakTuka OPOEKTHPOBAHMS CUCTEM OXpPaHbl IEPUMETpPa IOKA3bIBAET, UYTO HH)KCHEPHBIE
OapbepHbIe cpelicTBa 001aJaf0T BBHICOKOW HAaJIe)KHOCTBIO MPH YCIOBUU COOJIOACHUS HOPMATHBHBIX
TpeOOBaHUI M PErYJSIPHOTO TEXHHYECKOro oOciayxuBaHusi [7]. WX JOCTOMHCTBAMH SIBIISIOTCS
ABTOHOMHOCTh ()YHKLUMOHHPOBAHUS, OTCYTCTBUE 3aBUCHMOCTU OT D3JIEKTPONHUTAHHS M CETEBOH
UHQPACTPYKTYpHl, a TAKKE CPaBHUTEIBHO HHU3KHE JKCILTyaTallMOHHBIE pacxojbl. Takue pelieHus
YCTOWYMBBI K OTKa3aM U He TPEOYIOT CI0KHOHN KaTHOPOBKH.

Bwmecte ¢ Tem ¢u3nueckas 3amuTta He 00eCeUyNBaeT HHTEUICKTYAIBHOIO KOHTPOJISI COCTOSIHUS
o0bekTa. OHa He MO3BOJSIET BBIABUTH I[OATOTOBUTENBHBIC ICHCTBUS HApPYIIMTENS A0 MOMEHTa
(aKTHUECKOTO BCKPBITUS MIIHM MOBPEXKICHNUS KOHCTPYKIMU. AHAIN3 NPUHIUIIOB MOCTPOSHUS CUCTEM
OXpaHbl IEPUMETPA MTOKA3bIBACT, YTO OapbepHBIE CPEACTBA HOCST MACCUBHBIA XapaKTEP U BHIIOIHSIIOT
(GYHKIMIO COepXKUBaHWs, a HE paHHero OOHapyxkeHus yrposbl [6]. Ilpm oTcyTcTBHEM CpencTB
MOHUTOPUHTA (UKCUPYETCsl JHIIb (AaKT HAPYIIEHHUs IENOCTHOCTH 3allUTHOTO OJIIEMEHTa, YTO
3aTpyHSET ONEPaTUBHOE pearnpoBaHue.

JlONONHNUTEIBHBIM ~ OTPAaHUYEHUEM  SBJSIETCS  HEBO3MOXHOCTH ~ MAaclITa0HOTO  KOHTPOJIA
IMMPOTAKCHHBIX YHYaCTKOB 0e3 3HAYNTENBHBIX KAIUTAILHBIX 3aTpar. B YCIIOBUAX YBCIWYCHUA JJIMH TpaccC
W TIPOCTPAHCTBEHHOW paclpeaeseHHOCTH uX HWH(pacTpyKTypbl 3(Q(EeKTHBHOCTh HMCKIIOUUTETHHO
WH)KEHEPHBIX DEUICHWH CHWkKaeTcs. TakuM oOpa3zoM, ¢u3Mueckas 3amura ocTaercsi 0a30BbIM
3JIEMEHTOM TaKOM CHCTEMBI 0€3011aCHOCTH, HO HE 00ECIIEYNBAECT PAHHETO AIETEKTUPOBAHUS BTOPKEHHS.

Cucrembl BHZ[eOHaﬁJ'IlO)IeHI/Iﬂ U MEPUMETPAJBHOT0 KOHTPOJIA

Cucrembr Bugeonabmoaeans (CCTV), TEIIOBU3MOHHBIE KOMIUIEKCHI M WHTEIUIEKTYallbHAs
BUJICOAHAINTHKA IMUPOKO MPHUMEHSIOTCS JUIsl OXPaHBI Y3IIOB CBSI3H, PaCIpeeNUTENbHBIX MKadoB,
KaOeNbHBIX KOJIOJIIEB M HMHBIX TOYEK IMOBBIIICHHOr0 pucka. OHHM TO3BOJISIOT OCYIIECTBISTH
BU3YQJIBbHBI KOHTPOJb TEPPUTOPUH, (PUKCUPOBATH TIONBITKM TMPOHUKHOBEHUS U IPOBOJIUTH
nocThaKTyM aHaJIU3 COOBITHH.

Onenka »GQGEKTUBHOCTA TEPUMETPATBHBIX CHCTEM JEMOHCTPUPYET, YTO BHU3yallbHas
BepU(HUKAIUS CYIICCTBEHHO ITOBBIIIACT JOCTOBEPHOCTh BBISBJICHUS WHIMIACHTOB M CHIDKACT
BEPOSATHOCTh JIOXKHBIX TpeBor [8]. MHTerpamus ¢ aHaJIUTHYECKUMH alrOpUTMaMH OOeCIeunBaeT
aBTOMAaTUYECKOE pACMO3HABAHHWE JBWKCHUS, IEPECEUSHHUS 3aJaHHBIX 30H U IOA03PUTEIBHBIX
JieHCcTBUM. 3apyOeHBIN OIBIT MPUMEHEHUS CHCTEM TPEBOKHOTO OIMOBEIIECHUS MOATBEPHKIAET POCT UX
poiH B 00ecIieYeHNH TEPPUTOPHATBHON Oe30MacHOCTH 00 BEKTOB KPUTHIECKOW HHDPACTPYKTYpHI [4].

OpnHako BHIICOHAONIOICHUE WMEET pPsj CYIIECTBEHHBIX orpaHmyeHuil. Ero sddextnBHOCTH
3aBUCHT OT IOTOJHBIX YCJIOBUH, OCBELICHHOCTH W OTCYTCTBHS (PU3NYECKUX mpensTcTBuil. Hammuune
«CIIETBIX 30H» CHIDKAET IMOJHOTY KOHTPOJISA, OCOOCHHO Ha MPOTSIKEHHBIX Tpaccax BHE HACCIIEHHBIX
myHKTOB. KpoMe Toro, OONBIIMHCTBO BUACOAHATUTHYECKUX CHCTEM (DUKCHPYET yiKe MPOUCXOJSIIEe
coObITHe, HEe o0ecreunBas MPOTHO3MPOBAHHUS WIIM PAaHHErO MPEIyNpeXIeHHs O IOTCHIUAIBHON
yrpose [6].

JnsT  TPOTSDKEHHBIX  JIMHEHHBIX OOBEKTOB OpPraHM3AlMs  CIUIONIHOTO  BHJICOKOHTPOJISL
SKOHOMUYECKU U TEXHUYECKHU 3aTPYAHHUTEIbHA. DTO OrpaHUYMBACT MPUMECHECHUE JAHHON TEXHOJIOTHU
MPEUMYIIECTBEHHO Y3JIOBEIMHU YIaCTKaMH HH(PPACTPYKTYPHL.
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JaTunku BUOpPaUMM U AKYCTHY€CKOI0 KOHTPOJIS

CucteMbl Ha OCHOBE BHOPALMOHHBIX W AaKyCTHUYECKMX JAaTYUKOB IpPEJHA3HAYCHBI IS
PEerucTpanuy MeXaHUUeCKUX BO3ACHCTBUI Ha Orpa)A€HUs, TPYHT WJIM KOHCTPYKLINH, BOJIU3U KOTOPBIX
nposiokeH kabenb. [IpuHIMITEL UX pabOTHl OCHOBaHBI Ha (PUKCALUU KoJeOaHMIi, BOSHUKAIOUINX NPHU
HOIIBITKE MOAKOIA, BCKPBITHS JIFOKOB WM Pa3pyLICHUS 3aIIUTHBIX JIEMEHTOB.

TakTUKO-TeXHWYECKUH aHanu3 (U3MYECKUMX NPUHIMIIOB OOHApY)KEHUS  HApYIIUTEIs
MOKAa3bIBAET, YTO JAHHBIE CPENICTBA CIIOCOOHBI BBISIBIISATh pAHHUE CTaJUH BTOPKEHUS IPU KOPPEKTHON
HACTPOMKE YYyBCTBUTENBLHOCTH AaTYMKOB [6]. [IprMeHeHHMe pacmpelefeHHbIX CEHCOPHBIX MOAYJIeH
MI03BOJIIET OPTraHU30BaTh KOHTPOJIb IPOTSKEHHBIX Y4acTKOB ¢ (POPMHUPOBAHMEM CHUTHaJIa TPEBOTU IPH
MIPEBBIIICHAH TTOPOTOBBIX 3HAYCHHH [3].

K npenmymiecTBaM cucTeM, MOCTPOSHHBIX MO JAHHOW TEXHOJIOTHUH, OTHOCSITCS KX OTHOCHUTEIEHO
BBICOKAsI 1yBCTBUTEILHOCTh, BO3MOKHOCTh aBTOHOMHOH pa0OTHl M afanTanus K pa3iuyHbIM THIIAM
OTpaKJeHUI U TPYHTOB. BMecTe ¢ TeM XapakTepHO# MpoOIeMol SBISETCS 3HAYUTEIEHOE KOTUIECTBO
JOXHBIX cpabaThIBaHW, BBI3BAHHBIX BO3JCHCTBHEM BETpa, TPAHCIOPTA, JKUBOTHBIX WIH
KIIMMaTHYeCKUX (hakTopoB. st CHI>KEeHUs Yrciia OMMOOYHBIX TPEBOT TpeOyeTcst clioxKHast puiabTpanus
CHUTHAJIOB M HACTPOIKa IapaMeTpoB, YTO MOBBIIAET TPEOOBaHUS K KBATU(UKALIMK 00CITyKHBAIOIIETO
nepconana [5].

Takum 00pa3oMm, BHOpalMOHHBIE M aKyCTHYECKHE JaTUYUKU OOecreuuBaroT Ooyiee paHHEE
oOHapyXeHHE 110 CPaBHEHHUIO C IACCUBHBIMHU CPEICTBAMH, OJHAKO MX 3(P(PEKTUBHOCTH CYLIECTBEHHO
3aBHCHUT OT KOPPEKTHOCTH aJIrOPUTMOB 00paOOTKU NAHHBIX M YCIOBUH SKCILUTyaTaLHH.

BoJ0KOHHO-OIITUYECKHE pacnpeacjeHHbie CUCTEMbI MOHUTOPUHTI A

OpHuM u3 Hambojee OUHAMUYHO Pa3BUBAIOILMXCS HANpPaBJICHUH SBISETCS HCIONb30BaHHE
pacmpeneneHHbIX BOJIOKOHHO-oTHYecKuX cucteM MoHuTopuHra (DAS, DTS, DSS), B KOTOpBIX camo
OTITUYECKOE BOJIOKHO BHIMONHIET (DYHKIMIO YYBCTBHTENBHOTO dyeMeHTa. [IpuHIMI paboThl Takux
CHUCTEM OCHOBaH Ha aHAJIW3€ M3MEHEHHH IMapaMeTpOB OTPAKEHHOI'O CHUrHajla MPH MEXaHHYECKOM,
TEMIIEPaTypHOM HJIM aKyCTHYE€CKOM BO3AECHCTBHU HA KaOEb.

PacnipenenenHble cHUCTEMBI aKyCTHUECKOTO MOHHTOPHHTa OOECICUMBAIOT HENPEPBIBHBIN
KOHTPOJIb MPOTSDKEHHBIX YYaCTKOB C BBICOKON TOYHOCTBIO JIoKanu3anuu coObitus [11]. TexHomoruu
DAS no3BosnsitoT uKCHpOBaTh BUOPAaLUK BIOJIb BCEH AJIMHBI Kaless ¢ ONpeleeHneM KOOPIHMHATHI
BO3/ICHCTBHA, YTO OCOOCHHO aKTyaJbHO JUIS MAarucCTpajibHBIX JIMHUHM CBA3U. MexIyHapoaHble
pEeKOMEHIAIIMKM [0 3alliTe MOJBOAHBIX KaOenel MOJYepPKUBAIOT HEOOXOJUMOCTb IPUMEHEHUS
MOHUTOPHUHIOBBIX PpEIIEHUH Ui OPEeAyNpeKICHHUs MNpeJHAMEPEHHBIX W HeNpeIHAMEPEHHBIX
NOBpexIeHuH [12].

K nocronHcTBaM 1aHHOM TEHAEHIIUN OTHOCATCS:

— HEMpPEepHIBHBIN KOHTPOJIb Ha JECATKAX KWIOMETPOB 0€3 YCTaHOBKM MHOXECTBA OTIENbHBIX
JTaTYNKOB;

— BBICOKAsl YyBCTBUTEIBHOCTD K Pa3IMYHBIM TUIIaM BO3IEHCTBUM;

— BO3MOXKHOCTh HHTETPAIH C aHATUTHYECKUMH CHCTEMaMHU 00pabOTKH CHTHAJIOB.

OCHOBHBIMM  OIpPaHHYEHHUSIMHU SIBJISIIOTCS  BBICOKas CTOMMOCTb BHEJPEHUS, CIIOKHOCTb
KaJUOPOBKM W HEOOXOAWMOCTh MPHUMEHEHHUS CIIELHUaIM3UPOBAHHBIX AJITOPUTMOB HHTEPHpPETALUU
JIAHHBIX. JIOTTOTHUTENEHO OTMEYaeTCsl MOTPEOHOCTh B 3alUTe WHPOPMAIMOHHBIX MOTOKOB CHCTEMBI
MOHHTOPMHTa B COOTBETCTBMM C TpeOOBaHMSAMH OE30MACHOCTH  TEIEKOMMYHUKAIMOHHOMN
UHPpacTpyKTyphl [9, 14].

Hecmotpss Ha yKazaHHBIE CIIOKHOCTH, PAacCIIpe/lelIeHHBIE BOJOKOHHO-ONTHYECKHUE CHUCTEMBI
JEMOHCTPHUPYIOT TIOTEHIHAN 00ecrieueHrs] PAHHETO BBISIBICHHS MEXaHHUECKHX BO3JICHCTBUI elie 10
(aKTHYECKOT0 MOBPEXACHUS KaOes.

HNuTerpanms ¢ IoT n cucremamu kudepoe3onacHocTH

CoBpeMeHHBIE CHCTEMbI 3aLIUThl BCE Yallle CTPOSITCS 10 MPHUHIMIY WUHTErPalUyd AaTYUKOB
Pa3IMYHOTO THIIA B €AMHYIO0 HH(POPMALMOHHYIO MIaT(opMy ¢ iepeadell JaHHBIX B ICHTPaIn30BaHHbIC
LHEeHTpbl MoHHTOpuHTa. Hcrnonp3oBanue loT-TexHONIOrMI NO3BOJSET OPraHMW30BaTh YAAJEHHBIN
KOHTPOJIb COCTOSIHUA OOBEKTOB, (DOPMHUPOBATH COOBITHS B PEaJbHOM BPEMEHHM M OCYLIECTBIATH
KOPPEJIILMIO CUTHAJIOB OT Pa3IMYHbIX HCTOUHUKOB.
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AHanUTUYECKUE MaTepualbl B O0JACTH 3aIlUTHI TEICKOMMYHUKAIMOHHOW WH(PPACTPYKTYPHI
YKa3bIBalOT Ha HEOOXOJMMOCTh KOMIUIEKCHOTO ydyeTa (U3UYECKUX U KHOEpyrpo3 MpH MOCTPOCHHU
cuctem 6e3omacHocTH [10, 14]. MHTErpanms ¢ cucteMaMy ypaBieHHS TOCTYIIOM, BHICOHAOIIOIEHUEM
U PACIpPEICICHHBIMH JaTYUKaMU CO3JIaeT OCHOBY ISl TIOCTPOSHHUS MHOTOYPOBHEBOHN apXHUTEKTYPHI
3aIUTHI.

[IpeumymiecTBaMu JAHHOW TEHIEHIIMU SIBIISIOTCS MACHITAaOUPYeMOCTh, IEHTPAIM30BaHHBIN
KOHTPOJIb, aBTOMATH3aIMsI 00pabOTKH COOBITHII M BO3MOXKHOCTh HAKOTICHUS] CTATUCTUYCCKUX JAHHBIX
JUIsl aHaJlu3a PHCKOB. BMmecTte ¢ TeM BO3pacTaeT 3aBUCHUMOCTh OT CETEBOW WH(PACTPYKTYpPHI U
YCTOWYMBOCTH KaHAIIOB TMEpeIavyn JaHHBIX. BO3HHUKAIOT JOMOJHUTEIbHBIC KHOSPPUCKH, CBSI3aHHBIC C
BO3MOXXHOCTBIO BMEIIATEIhCTBA B CHCTEMY MOHUTOPHHTA WK TTOJAMEHBI TaHHBIX [9].

Takum o6paszom, uaTerpanws loT pacuupser GyHKIHOHATEHBIC BO3MOKHOCTU CHCTEM 3alllUTHI,
HO TpebyeT coOmoneHus TpeboBaHni WHPOPMAIIMOHHONH 0e30MMacHOCTH W PEe3ePBUPOBAHUS KaHAJIOB
CBSI3U.

Hcnonb3oBaHue HCKYCCTBEHHOT0 HHTEJVIEKTA 1 MALIMHHOTO 00y4eHus
JJIsl pAHHEr0 O0HapYKeHus!

Pa3Butne pacnpeneneHHbIX CEHCOPHBIX CHCTEM M HAKOIJICHHE OOJIBIIMX MAaCCHBOB IAHHBIX O
COCTOSIHUM TIPOTSDKEHHBIX OOBEKTOB OOYCIOBHIM (OPMHUPOBAHHWE OTIACIBHONH TEHACHIUH —
MPUMEHEHUE METO/IOB UCKYCCTBEHHOTO MHTEIUIEKTA M MALTMHHOTO 00y4eHHst 17151 00paOOTKH CUTHAIOB
W PpaHHEro BBIABICHHMA Yrpo3. B oTninume 0T TPaguLMOHHBIX IOPOTOBBIX AJITOPUTMOB,
MHTEJUICKTYalIbHbIE MOJENH CIIOCOOHBI YUYUTHIBATh COBOKYIIHOCTh NPU3HAKOB, AHAJIH3UPOBATH
BpPEMEHHBIE 3aBHCUMOCTH U BBISIBIISITH aHOMANBHBIC TTATTEPHBI MOBEICHHS.

B pacnpeneneHHbIX BOIOKOHHO-ONTUYECKUX CHUCTEMaX MOHUTOPHHIA IPUMEHEHHE aJITOPUTMOB
KIIACCU(PUKAIIMA W TIYOMHHOTO OOYYeHHS TMO3BOISIET AU(PQPEepeHIINpOBaTh THITHI BO3IEHCTBHIL:
JBIDKEHHE TPAHCIOPTa, IIarM 4YeIOoBeKa, pabOTbl CTPOUTENHHONW TEXHWKH, MOMBITKH MOAKOINA WIIN
BCKPBITHA 3aIIUTHBIX KOHCTPYKIMH [11]. DTO CHIKAET ypOBEHB JIOKHBIX TPEBOT U MOBBIIIAET TOYHOCTh
UACHTH(QUKALUN COOBITHA. AHAJOTHYHBIE MOJIXOABl pealn3yloTcs Ipu 00paboTKe CHUTHAJIOB
BUOpAIIMOHHBIX JIATYAKOB M CHCTEM BHJICOHAONIOACHUS, TJE HCIONB3YIOTCS  alTOPUTMBI
pacrno3HaBaHus 00Pa30B U MOBEACHYECKOTO aHAIN3A.

WntennextyanbHas 00paboTKa JaHHBIX MTO3BOJISIET IEPEUTH OT QUKcanuu pakra Bo3AEHCTBUS K
NPOTHO3UPOBAHUIO BEPOSITHOCTH DPAa3BUTHS MHUUACHTA. [IpM HAKOIUIEHMM CTAaTHCTHKH BO3MOXKHA
peanuzanys NPeAUKTUBHON aHAJUTHKH, OCHOBAaHHOW HA BBISBICHWH MOBTOPSIOIIMXCS CIIEHAPHEB U
KOppEJSIIMM CUTHAJIOB OT pa3lMYHbIX MOJCHCcTeM. B KoHTekcTe oOecredeHus 0e30HacHOCTH
TEJIEKOMMYHHUKALIMOHHOW HHQPACTPYKTYphl TaKHE PEHICHUs COOTBETCTBYIOT MEXKIyHApPOIHBIM
TpeOOBaHUAM KOMIUICKCHOTO TI0JIX0/1a K 3all[UTe KPUTHUECKUX cepBUCOB [9, 10].

K nocronHcTBaM 1aHHOM TEHAEHIIUN OTHOCATCS:

— CHI)KEHHUE KOJIMYECTBA JIOXKHBIX cpabaThIBaHUN 3a CUET alalTUBHON (DUIIBTPALIMK CUTHAJIOB;

— MOBBILICHNE TOYHOCTH JIOKAIN3ALMH U KJIaCCU()UKALIMK COOBITHH;

— BO3MOXXHOCTh ~ PaHHETO  BBISBJICHHUS  aHOMAIWH, MPEIIICCTBYIOINX  (HaKTUIECKOMY
MOBPEXKACHUIO Kabes;

— MHTETpalus B LEHTPATTU30BaHHBIE CHCTEMbl MOHUTOPHHTA.

OCHOBHBIMH OTPaHUYEHUSIMU SIBIISTIOTCSI HEOOXOJIMMOCTH (POPMUPOBAHHS 00YYAIOIIHX BEIOOPOK,
3aBHCUMOCTh KadyecTBa PabOThl alTOPUTMOB OT TIOJHOTHI M PENPE3CHTATHBHOCTH JAaHHBIX, & TaKXKe
NoTpeOHOCTh B BBIYMCIMTENBHBIX  pecypcax H  KBaIM()HUIUPOBAHHOM  CONPOBOXKICHHH.
JlononHuTeNbHBIM  (DAKTOPOM  PHCKa BBICTYNAeT YA3BHMOCTh WHTEIUIEKTYQIBHBIX CHCTEM K
KHOEpPBO3/ICHCTBUSM H MOIBITKAM TOJMEHBI BXO/IHBIX JIAHHBIX, YTO TPeOyeT COoOM0IeHHsT TpeOOBaHHH
nHpOpMaMOHHOH Oe3omacHocTH [14].

Takum 00pazoMm, HCIIOJIB30BAHME METOI0B HCKYCCTBEHHOTO HHTEIJIEKTa (JOPMUPYET OCHOBY IS
MIOCTPOCHUS CHCTEM PaHHEro OOHAPYKECHHUSI BTOPIKEHHUH, OJJTHAKO TPeOyeT TEXHOIOTUIECKOH 3peiocTn
MHQPACTPYKTYpBl M HHTETPALIMH C paclpeaecHHBIMA CEHCOPHBIMH TUIATQOPMaMH.

3akiIoueHne

HpOBeI[eHHI)II)’I aHaJIn3 MCCTH OCHOBHBIX HaHpaBHCHI/Iﬁ Ppa3BUTHUA CUCTEM 3allIUTHI IIPOTAXKCHHBIX
0OBEKTOB CBS3H IMOKa3bIBaCT, YTO KaXXI0€ M3 HHUX pCHIacT OHpeIICJIeHHBIﬁ Kj1acC 3ajad, OJHAaKO HX
B(b(l)eKTI/IBHOCTB CYHICCTBCHHO pPAa3JIM4acTCd B 4YaCTU obecneueHus PpaHHETO BBIABJIICHUA YTI'PO3.
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Odusnueckas HHKEHEepHas 3alluTa 00ecreunBaeT 0a30BbIii YPOBEHb YyCTOWYMBOCTH HHPACTPYKTYPHI U
CHIDKAeT BEPOSITHOCTh CIYYaHOTO TOBPEXICHH, HO He (OPMHUPYET MEXaHH3MOB OIEPATHBHOTO
MOHHTOpUHTA [6, 7]. OHAa HOCHUT TPEUMYIIECTBEHHO CAEPKMBAIOIINN XapakTep W HE TO3BOJSET
(UKCHPOBATH MOATOTOBUTEIbHBIC JCHCTBHUS HAPYILIUTEIS.

Cucrembl BHWICOHAONIONEHUS W TIEPUMETPATHHOTO KOHTPOJIA TIOBBIMIAIOT JOCTOBEPHOCTH
BBISIBIICHHS WHIIMACHTOB 32 CYET BU3yallbHOW BepU(UKAIMU, OJHAKO OCTAIOTCS 3aBUCUMBIMUA OT
BHEIIHUX YCJIOBUM M HE 00eCHeuMBAaIOT HEMPEPHIBHOTO KOHTPOJS MPOTSHKEHHBIX Tpacc [4, 8]. Mx
PEaKTUBHBIA XapakTep MpOSABISAETCS B (PUKCALUHM YK€ MPOUCXOJSIIETO COOBITHS, 0e3 BO3MOKHOCTH
aHaIM3a CKPBITHIX BO3/ICUCTBUI HA TPYHT WIIH MTOJI3€MHbIE KOMMYHHKAIIHH.

Bubpannonnsle W akycTHYeCKHWe IaTIUKKA OOecredrnBaioT Ooliee paHHEE pearupoBaHHE Ha
MEXaHWYEeCKHE BO3ZCHCTBUSA MO CPaBHEHMIO C NMACCUBHBIMU CpPEACTBaMH. T€M HE MEHee BBICOKas
YyBCTBUTENHHOCTh K BHEITHUM (DaKTOpaM MPHUBOANT K 3HAYUTEITHPHOMY KOJWYECTBY JIOKHBIX TPEBOT,
9TO TpeOyeT NpPHMEHEHUS CJIOXHBIX alropuTMOB ¢umibTpanmuu [5, 6]. be3 wuHTemIeKTyaabHOMH
00paboTKH UX 3PPEKTUBHOCTH OrPaHUYICHA.

PacnipenenenHble BOIOKOHHO-ONITUYECKHAE CUCTEMBl MOHUTOPHHTA 00JaNal0T NPUHIUMHAIBEHO
WHBIMH XapakTeprucTukaMu. OHM 00eCTIeUnBAIOT HENPEPHIBHBIN KOHTPOJIb BCEH IITMHBI Ka0EIs, TOUHYIO
JIOKaJU3allii0 BO3ACHCTBUS W BO3MOXHOCTH HHTETpAIlMU C aHAJIUTHUYSCKUMH Momxyiasmu [11].
MexxayHapoJHble pEeKOMEHAAUK IO 3aluTe KaOeldbHOH HHOPACTPYKTYphl TOAYEPKUBAIOT
HEOOXOIMMOCTh MPUMEHEHNS! MOHHTOPWHTOBBIX PENICHUH IS TPEIYyTPEeKICHUS UHIUISHTOB, a He
ToNbKO WX Qukcarun [12]. IIpu 3TOM BBICOKas CTOMMOCTH M CIIO)KHOCTH BHEJPEHHUS OTPAHHMYUBAIOT
MacmTad ux MpUMeHeHUs 0e3 JOTIOHUTEILHOTO SKOHOMHYECKOTO 0O0CHOBAHUSI.

WuTerpanms cucrem 3anmuThl ¢ loT-mmaTdopmamu u cpenctBamu Kub6epoe30macHOCTH TTO3BOJISET
00BEIMHUTH PAa3HOPOIHBIE MCTOYHUKH JAHHBIX B €IUHYIO apXWTEKTypy MoHuTOopmHra [9, 10, 14].
OpHako MpH OTCYTCTBUM HHTEIUICEKTYaJbHOH aHAIMTHKH Takas WHTerpanus He oOecreynBacT
KayeCTBEHHOTO Tiepexofa K paHHEMY JeTeKTHPOBAHMIO, a JIMIIb [OBBIIIAET YNPaBISIEMOCTb
CYIIECTBYIOIUX CPEJICTB.

Hcnonp30BaHKue HCKYCCTBEHHOTO MHTEIJIEKTA M MAITMHHOTO 00y4eHHst (JOPMHUPYET YCIOBHSI IS
Mepexo/ia OT PeaKTUBHOM K MPOAKTUBHON MOJIENHN 3alUThl. HTENeKTyaapHast KOPPESIHs CUTHAIOB
Pa3IMYHBIX JATYMKOB TIO3BOJISET BHISBISTH aHOMAIHH [0 MOMEHTA (PU3UIECKOTO MOBPEXKICHUS KaOells.
B coBokymHOCTH € pacrpene’leHHBIME CEHCOPHBIMU TEXHOJOTHSIMH JaHHBIH MOIX07 00ecrednBaeT
HarOOJBIINI MOTEHIIMAT PAHHETO OOHAPYKEHHUSI BTOPKECHUSI.

OO000IIeHHBIN CPAaBHUTENLHBIA aHAIN3 ITOKA3bIBAET, YTO OOJBIIMHCTBO TPAIUIIMOHHBIX CHCTEM
OpUEHTHPOBAHBl Ha (UKCAIMIO YXKE TPOHM3OMIEANIero Bo3AeHCcTBUSA. Mx oOmwmii HemocTtaTok
3aKJII0YaeTCs B OTCYTCTBUU TapaHTHPOBAHHOTO MEXaHMU3Ma PAHHETO MPEAYIPEXKACHUS O TOTOBSIIEMCS
WIM HavyaBIleMCsS BTOPKEHUW HA TEPPUTOPUIO OOBEKTa JIMOO Ha KOHKPETHBIM YYacCTOK IEepHUMETpa.
Hawnbonee mnepcrieKTUBHBIM HANpPaBICHUEM SIBIIIETCS WHTETPAIVisl PACIPENEICHHBIX BOJOKOHHO-
ONTUYECKUX CHCTEM MOHHUTOPHHIA C HMHTEIUIGKTyaJbHOH aHAIMTUKOW, o0ecreunBaromas
HENPEPBIBHBI KOHTPOJb, TOYHYIO JIOKAIM3AIMI0O M CHIDKEHHE KOJHMYECTBA JIOXKHBIX TPEBOT IPH
cobnroennn TpeboBaHuil WHGOpMaMoHHOW Oe3zomacHoctu [9, 11]. TloaTOMy OCHOBHBIE YCHIIHS
1eJIeco00pa3HO COCPEIOTOYNTh Ha pa3padOTKe MMEHHO TAaKMX CHCTEM C NPUMEHEHHEM METOHOB
MCKYCCTBEHHOTO HHTEJUIEKTa M MAIIWHHOTO oOydeHHs. JlaHHBIA TOAXOA IO3BOJIUT OOECTIEYUTH
HENPEPHIBHBI KOHTPOJb MPOTHKEHHBIX YYaCTKOB, TOYHYIO JIOKQIM3AIMIO BO3IEHCTBHUS |
BO3MOXKHOCTH JU(PEepeHITuauu THIOB coObrTuii [11].

MHTterpanus pacnpeleieHHbIX CEHCOPHBIX TEXHOJOTMH C WHTEUIEKTYaJlbHOM aHAJIMTHKOU
MO3BOJIUT TTO3BOJISIET Pean30BaTh MEPEXOJ] OT PEAKTHBHON MOJEIH PEearupoBaHMs K MPOAKTHBHOM,
OPUEHTUPOBAHHOW Ha paHHEEe BBISIBICHUE AaHOMAIMU M NpeAyNpeXIeHWE HHUUACHTOB. Takas
apXUTEKTypa  COOTBETCTBYET  MEXKAYHAPOAHBIM  TpeOOBaHMAM  KOMIUIEKCHOW  3aIllUTHI
TEJIEKOMMYHHKAIIMOHHOW WH(pAcTpyKTypsl W ydera (U3MUecKuXx W Kubepyrpos [9, 10, 14].
JlONOTHUTEIBHBIM TPEUMYILECTBOM SIBJISIETCSI BO3MOXKHOCTbh LEHTPAIM30BAHHOIO MOHHUTOPHHIA U
HAKOIUICHUS] CTATHCTHYECKHUX JTAHHBIX JJIs1 COBEPILEHCTBOBAHUS aJITOPUTMOB OOHAPYKEHHSL.
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REVIEW AND ANALYSIS OF GLOBAL TRENDS IN BUILDING SYSTEMS TO
PROTECT COMMUNICATION CABLE INSTALLATION SITES FROM
UNAUTHORIZED ACCESS

E.A. MASEYCHIK, A.A. PILYUSHKO

Abstract. The article is devoted to the analysis of global trends in the construction of systems for
protecting communication cable installations from unauthorized access, taking into account modern
challenges related to the security of the telecommunications infrastructure of the Republic of
Belarus. The relevance of this topic is due to the increasing vulnerability of linear cable structures
to physical impacts and unauthorized access that can disrupt the functioning of critical infrastructure
facilities.

Six areas of protection systems development are considered: engineering barriers, video
surveillance, vibration and acoustic sensors, distributed fiber-optic systems, integration with 10T and
the use of artificial intelligence methods.critical infrastructure.

It has been established that most solutions are focused on fixing the impact that has already occurred,
which limits the possibilities of early warning of incidents. The development of distributed fiber-
optic monitoring systems with intelligent signal processing is recognized as the most promising
direction. The expediency of switching to integrated monitoring systems for extended
communication facilities with elements of predictive analytics is substantiated.

Keywords: methods and systems for protecting communication cable installation sites from
unauthorized access, fiber-optic distribution monitoring systems.
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Abstract. In unknown environments, a single monocular camera struggles to achieve absolute
distance measurement due to the lack of scale information. This paper proposes a vision-based
ranging system utilizing two mobile agents that collaborate through mutual calibration, coordinated
observation, and triangulation to estimate the absolute distance to an arbitrary target. The system
operates in three stages: cooperative initialization and baseline calibration, angular disparity
measurement, and triangulation-based distance calculation. We specifically introduce a chain
tracking measurement method to extend the effective field of view, addressing the challenge when
the target and reference point are not simultaneously observable. Experimental results demonstrate
that the proposed method achieves acceptable ranging errors while maintaining a favorable balance
between accuracy and applicability.

Keywords: Monocular vision, collaborative ranging, triangulation, dual-agent collaboration, multi-
agent system, unknown scale.

Introduction

With the widespread deployment of mobile robots and unmanned aerial vehicles in applications
such as inspection, search and rescue, and warehousing, environmental perception and target
localization have become critical challenges [1]. Monocular cameras are widely adopted due to their
small size, low cost, and rich information output [2]; however, their inherent scale ambiguity limits their
ability to perform absolute distance measurement.

Existing approaches often rely on prior maps, known target dimensions, or multi-sensor fusion
(e.g., LIDAR, IMU), which face limitations in resource-constrained or unknown environments.
Although binocular stereo vision can recover scale, it requires precise calibration and a fixed baseling,
offering limited flexibility [3].

This paper presents a collaborative visual ranging method based on two mobile agents, each
equipped with a monocular camera. The agents determine the baseline through mutual calibration [4]
and then apply the law of sines using pixel positions of the target and reference points to compute the
target distance. We also design a chain tracking measurement strategy [5] to overcome the limitation of
the physical field of view, making the method suitable for wide-baseline scenarios. The approach is
presented using a dual-agent configuration as the fundamental unit but can be naturally extended to
multi-agent systems: any two agents with communication and collaboration capabilities can apply the
same strategy for target ranging.

Problem Description and Model Formulation

This work aims to address the challenge that a single monocular camera cannot determine distance
when the target’s scale is unknown in an environment without prior information. We propose a
collaborative visual ranging method using two mobile agents. The system consists of two mobile agents
(Vehicle A and Vehicle B), each equipped with a monocular camera. Through mutual calibration,
coordinated observation, and triangulation, the system estimates the absolute distance to an arbitrary
target C.

The fundamental assumptions are as follows:
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1. Both cameras A and B have been intrinsically calibrated. The camera equivalent focal length
f, principal point (u,,v,) distortion coefficients, and horizontal field of view FOV, are known.

2. Each camera is mounted on a square baseplate with a known side length L x L . The vertical
offset between the camera’s optical center and the baseplate center is negligible or has been compensated
for, meaning the baseplate center is considered coincident with the camera'’s optical center.

3. Stable communication exists between the two agents, allowing the exchange of control
commands and image feature data.

4. The environment is static or quasi-static; the relative positions of A, B, and C remain unchanged
during a single distance measurement process.

Methodology

The workflow of the proposed collaborative ranging system is divided into three stages:
Collaborative Initialization and Baseline Calibration, Viewing Angle Difference Measurement, and
Triangulation-based Distance Calculation.

1. Stage one: collaborative initialization and baseline distance calibration.

When agent A detects the target object C and sends an assistance request to B, both agents rotate
in place via a control strategy until they capture each other's square baseplates in their images.

1.1. Establishing mutual gaze: Image processing algorithms (such as edge detection, Hough
transform, or deep learning-based object detection) identify the imaging contour of the partner's
baseplate. Control algorithms adjust the pan-tilt unit or vehicle body attitude until the image center of
the partner's baseplate aligns with the agent's own image center. At this point, the optical axes of the
two cameras are considered approximately coincident along the same central axis, establishing a "mutual
gaze" state.

1.2. Baseline distance calculation: In the mutual gaze state, agent A (or B) calculates the imaging
size of the partner's baseplate (agent B or A) through its image. Let the real side length of the square
baseplate be L, and the detected pixel width of the border in the image be w (pixels). As shown in Figure
1, according to the camera's pinhole model and known intrinsic parameters, the distance from agent B's
baseplate to camera A, i.e., the baseline distance AB, can be calculated as
AB = & , Q)

w

where f is the equivalent focal length after camera calibration.

— L ]

Object plane

Pinhole plane

f

= we

Figure 1. Pinhole Camera Model

Imaging plane

2. Stage two: Viewing angle difference measurement.

This stage aims to accurately measure Z/BAC and ZABC . The two agents take turns acting as
the observer, using symmetrical methods. The measurement of ZABC is detailed below using agent B
observing A and C as an example.

2.1. Pixel-to-angle conversion model:
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Given the camera's horizontal resolution W (pixels) and horizontal field of view FOV, , the
horizontal angular resolution per pixel 6, is

FOV,
P W
this model is the foundation for subsequent angle calculations.

2.2. Viewing angle difference measurement strategy:

Agent B starts rotating in place (e.g., clockwise) from its mutual gaze posture with A to search
for target C. Depending on whether C and A can be simultaneously within B's field of view, two cases
are considered:

Case 1: Co-visibility measurement.

If during rotation, both A and C appear simultaneously in B's view (as shown in Figure 2a),
directly extract the horizontal pixel coordinates u, and u. of the centroids of A and C in the image.

The viewing angle difference ZABC is
ZABC =|uc —u,l|-6,. ©)

0 , (2)

Case 2: Feature point chain tracking measurement.

Typically, because the baseline AB is relatively short compared to distance BC, the angular
separation between points A and C in agent B's view may be very large, exceeding the camera's FOV,
preventing simultaneous observation. To address this, we propose a chain tracking measurement scheme
(as shown in Figure 2b). The specific process is as follows:

field of view 2

field of view

D1 "

field of view 1

A

field of view 3

S we
@

Figure 2. Visible situation: a — Simultaneously visible;
b — Feature Point Chain Tracking Measurement

(1) Agent B begins rotating. When A moves to the left edge of its view (a preset threshold) and
C has not yet appeared, it searches for a stable, easily trackable natural feature point D, near the right

edge of the view.
(2) Record the horizontal pixel coordinates u, and Up, of Aand D, at this moment, calculate

and store the angle ZABD, is
ZABD, =g, ~u,|-0,. )

(3) Agent B continues rotating, using D, as the new reference. When D, moves to the left edge
of the view and C still hasn't appeared, similarly find the next strong feature point D, near the right
edge.

(4) Record the horizontal pixel coordinates u

and store £D,BD, is

p, and u, of D, and D, at this moment, calculate
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ZD,BD, =|uy ~Uy, |-0,. (5)

(5) Repeat this process until the target C appears within the view. Record the pixel coordinates of
the last feature point D, and C, calculate Z/D,BC is

ADiBC:‘uC—uDi‘-ep. (6)
(6) Finally, ZABC is the algebraic sum of all intermediate angles
ZABC = ZABD, + 2DBD, +::-+ D,BC.. (7

This method effectively extends the virtual field of view by introducing a series of intermediate
natural feature points as "angular beacons,” overcoming the limitation of the physical field of view.

Similarly, agent A employs the same strategy to rotate and measure /BAC .

3. Stage three: triangulation-based distance calculation

After obtaining the baseline distance AB and the two angles #/BAC and LZABC, all parameters
of triangle [1 ABC are determined. According to the trigonometric sine law, the lengths of the other two
sides, i.e., the distances from target C to the two agents, can be calculated as

B AB -sin(£ABC) _ AB-sin(£ABC)
sin(180° — ZBAC — ZABC) sin(£BAC + ZABC)

Thus, we accomplish absolute distance measurement to the target object using only two
collaborative monocular cameras, without prior knowledge of the object's size.

(8)

Experiments and Analysis

To validate the effectiveness of the proposed collaborative ranging method, we analyze the
theoretical error of the target distance AC based on first-order error propagation theory. The comparative
experiments are conducted using the baseline system parameters listed in Table 1.

Table 1. System basic parameters

Parameter (Symbol) Value (Unit)
Agent size (L) 0.05(m)
Camera equivalent focal length (f) 3063 (pixels)
Image horizontal resolution (W) 4032 (pixels)
Camera horizontal field of view (FOVh) 70 (deg)

1. Theoretical error model.

The ranging error of the proposed method originates mainly from baseline calibration and angular
measurement, which propagate through the triangulation calculation. According to first-order error
propagation theory, the maximum relative error of AC is given by

sin(£BAC) K0
sin(ZABC)sin(Z/BAC + ZABC) "’

8AC, ., = % +|cot(£BAC + ZABC)|-k6 , + ©)

where k and k' are the chain tracking steps, and 8, is the angular resolution per pixel (in

degrees/pixel). This expression captures the combined effects of baseline length, label size, camera
parameters, and geometric configuration on ranging accuracy.

For a calibrated standard binocular stereo vision system with parallel optical axes, baseline length
B, and equivalent focal length f, we define a coordinate system with the left camera’s optical center A
as the origin: the X-axis is along the baseline direction (positive to the right), the Z-axis is along the
optical axis (positive forward), and the Y-axis is perpendicular to the plane (downward). For simplicity,
the target is assumed to lie in the XZ plane (Y=0). The coordinates of point C are (X, Z). Using first-
order error propagation, the maximum relative error of the slant distance AC is
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|X|-Z Z

8ACmax stereo 2 2 + :
- 2f(X2+2%) f-B

1)

2. Experimental comparison and analysis.

To assess the performance of the proposed method (dual-agent collaborative monocular vision)
and binocular stereo vision in unknown environments, we conducted large-scale Monte Carlo
simulations. The experiment comprised 100,00 independent trials, each generating 20 random triangles
satisfying geometric constraints (baseline 50 - 500 cm, target distance 100 - 1000 cm, angles 10° - 170°),
resulting in a total of 200,000 scenarios. The measurability of the binocular system and the theoretical
relative errors of both methods were statistically analyzed.

Regarding applicability, the proposed method demonstrates a significant advantage over
traditional binocular stereo vision. As illustrated in Fig. 3, there are two types of scenarios where the
binocular system fails because the target lies outside the common field of view.

Statistical results show that the average proportion of measurable scenes for the binocular system
is only 16.42%, with a standard deviation of 8.36%. In the worst case, none of the 20 scenes in a trial
were measurable (0% measurability), while the best case achieved only 55.0% (Fig. 4a). This indicates
that in typical unknown environments, the applicability of binocular stereo vision is severely limited by
the common field-of-view constraint, with over 80% of random geometric configurations being
unsuitable for binocular ranging. In contrast, the proposed method achieves 100% scene measurability
through its chain tracking strategy.

a b

b
Figure 4. Experimental results: a — the proportion that can be measured by the binocular system;
b — error rate

In terms of accuracy, the proposed method successfully estimated distances in all 200,000
scenarios without failure. Figure 4b shows that the error distribution of the proposed method is centered
around 2%, with the median close to the mean, indicating a symmetric distribution. The error range
spans 0.48% to 10.89%, covering typical scenarios from close range to long distance and various angles.
This accuracy meets the basic requirements of many robotic tasks (e.g., obstacle avoidance, target
approach). For scenes where binocular vision is applicable, its error is extremely small (mean 0.076%)
with a highly concentrated distribution (median 0.062%), demonstrating high and stable accuracy under
favorable geometric conditions. However, its main limitation remains the restricted set of measurable
scenes, while the proposed method achieves a favorable balance between accuracy and applicability.
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Conclusion

This paper presents a monocular vision ranging system based on dual-agent collaboration, capable
of absolute distance estimation for arbitrary targets in unknown environments. The system operates
through three stages: cooperative initialization and baseline calibration, angular disparity measurement,
and triangulation-based distance calculation, enabling ranging without prior knowledge of the target’s
size. Notably, the proposed chain tracking measurement strategy effectively extends the virtual field of
view, addressing the challenge when the target and reference point cannot be observed simultaneously,
thus making the method suitable for wide-baseline applications.

The method is described using a dual-agent configuration as the minimal implementation unit,
but its core mechanisms (mutual calibration, collaborative observation, and triangulation) are fully
applicable to multi-agent systems. In such systems, any two agents with communication and
collaboration capabilities can apply the same strategy for collaborative ranging, thereby forming a
distributed collaborative perception network and enhancing perception coverage in large-scale unknown
environments.

Future work will focus on real-time collaborative ranging in dynamic scenes, multi-agent
collaborative optimization, and the deployment and validation of the method on practical robotic
platforms.
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Abstract. Autonomous vehicles (AVs) rely heavily on advanced sensor technologies to ensure safe
navigation and obstacle avoidance in dynamic and diverse environments, yet single sensors have
inherent limitations in perceptual information completeness, environmental adaptability and
functional safety, failing to support stable autonomous driving in complex open scenarios. Sensor
fusion thus becomes a core approach for autonomous driving perception systems, which synthesizes
multi-source sensory data to boost perception accuracy, enrich environmental cognition and enhance
system robustness beyond individual sensor capabilities. This paper reproduces and compares two
different sensor fusion methods, intending to offer practical references for the real-world application
of such systems in autonomous driving.

Keywords: autonomous vehicles, sensor fusion, object detection.

Introduction

As a core component of intelligent transport systems, autonomous driving technology hinges on
precise, comprehensive and robust perception of the driving environment, with the reliability of
environmental perception directly determining the decision-making safety and operational stability of
autonomous driving systems [1]. Single-sensor perception solutions have inherent limitations rooted in
their physical characteristics: RGB cameras capture rich visual semantic information for accurate
identification of object categories, textures and scenes, yet they are vulnerable to environmental
interferences such as lighting changes, object occlusion and adverse weather, and cannot directly obtain
the 3D geometric and distance information of objects [2]. In contrast, LIDAR generates high-precision
3D point cloud data via laser ranging to realize illumination-independent detection of target distance
and spatial position with strong anti-interference ability [3], but it lacks target semantic information,
making it hard to distinguish the category attributes of detected objects [4], and its point cloud data is
plagued by high noise and sparse features for small targets.

These inherent drawbacks render single-sensor solutions incapable of meeting the perception
demands of autonomous driving in complex scenarios, thus making multimodal fusion perception a key
technological approach to address this issue [3]. Fusing the visual semantic information of RGB cameras
with the 3D geometric information of LiDAR leverages the complementary strengths of the two sensors,
compensates for the information gaps of monomodal perception [2], enhances the completeness,
accuracy and robustness of environmental perception, and provides more reliable environmental data
support for the decision-making and planning modules of autonomous driving systems, which has
become a research focus and development trend in the field of autonomous driving perception [5].

In recent years, extensive research has been conducted on vision-LiDAR multimodal fusion
perception, with fusion levels evolving from raw data-level to feature-level and decision-level, and
fusion algorithms advancing from traditional manual feature fusion to deep learning-based end-to-end
fusion [6]. Although existing studies have verified the effectiveness of multimodal fusion perception,
most focus on the algorithm optimization of a single fusion scheme, with few comparative analyses of
different-level fusion schemes and a lack of intuitive validation of their detection performance in real-
world scenarios. Additionally, experimental research on multimodal fusion for small and medium-sized

117



datasets is relatively scarce, which fails to meet the research needs of university academic research and
introductory engineering practice.

To fill these gaps, this paper takes the KITTI [7] autonomous driving dataset as the experimental
carrier and constructs a vision-LIDAR multimodal fusion perception experimental framework to
conduct end-to-end experimental verification from monomodal perception to multimodal fusion
perception. The research mainly includes four aspects: first, building RGB-only and LiDAR-only
monomodal perception modules to verify their inherent limitations in acquiring semantic and geometric
information; second, designing and implementing a data-level (low-level) fusion scheme based on point
cloud projection, which projects LiDAR point clouds onto the image plane to achieve pixel-level fusion
of visual pixel and LiDAR depth information for raw data-level information complementarity; third,
designing and implementing a feature-level (middle-level) fusion scheme based on feature extraction
and weighted fusion [4], which adopts lightweight encoders to extract image semantic features and point
cloud geometric features respectively, and realizes high-level feature alignment and fusion for feature-
level information interaction; fourth, systematically comparing and analyzing the experimental results
of monomodal perception and different-level multimodal fusion perception from multiple dimensions
including the number of detected targets, category recognition ability, distance information acquisition
accuracy and perception robustness. Through this research, the technical advantages and application
limitations of each perception scheme are explored in depth, providing experimental evidence and
technical references for the engineering design and introductory research of vision-LiDAR multimodal
fusion perception algorithms.

Related Works

Monomaodal perception methods are divided into visual perception and LiDAR perception. The
former relies on camera-based object detection (such as YOLO and Faster R-CNN), which excels at
semantic recognition but lacks depth information and is susceptible to lighting conditions or occlusion;
the latter (DBSCAN) excels at geometric localisation and ranging but lacks semantic information [8].

Multi-sensor fusion can be categorised into three types based on the level of fusion. Firstly, there
is data-level fusion, which occurs at the raw data level (such as projecting point clouds onto images);
whilst this preserves the most complete information, it involves significant computational effort and
demands high registration accuracy. Secondly, there is feature-level fusion, which operates at the feature
level (matching 2D detection boxes with 3D clusters). This approach balances accuracy and efficiency
and is the current mainstream solution. Finally, there is decision-level fusion (high-level fusion), which
operates at the decision-making level (voting on results from different modalities). This approach offers
high flexibility but results in significant information loss.

Methodology

This research implements four perception modes: object detection using RGB cameras only,
clustering of LiDAR point clouds only, data-level fusion and feature-level fusion. The overall processing
workflow of the proposed multi-sensor fusion perception method is as follows: it sequentially performs
the loading of multi-source sensor data; camera and LiDAR external parameter calibration and
coordinate registration; single-modal perception comprising RGB image object detection and LiDAR
point cloud clustering; and multi-modal information fusion at the raw data and intermediate feature
levels, ultimately resulting in the visualisation of the fusion results.

1. Data and Sensor Configuration

The experiment uses the KITTI dataset, which includes: colour camera images, LiDAR point
clouds, calibration files. Data formats: Images, PNG format, 2D object detection input. Point clouds,
BIN format, with each point containing (X, Y, z,r), where r is the reflectance. Calibration parameters,

external parameters matrix R, translation vector T .

2. Sensor Calibration and Coordinate Transformation

2.1. Conversion from lidar to camera coordinate system

Converting LiDAR points from the LiDAR coordinate system to the camera coordinate system,
the calculation formula is shown as equation
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Peam =R P +T . (1)

velo

2.2. Projection from the camera onto the image plane
Use the projection matrix P from the calibration file to project 3D points onto 2D pixel

rect_03

coordinates.

3. Unimodal Perception Module

3.1. RGB camera object detection

2D object detection using the YOLOV8 lightweight network [9], input RGB image and output
object class, confidence score and 2D bounding. The purpose of this step is to provide semantic
information about objects (vehicles, pedestrians, road signs, etc.).

3.2. LiDAR point cloud clustering

Extracting 3D targets using DBSCAN unsupervised clustering. The input is a ground-corrected
LiDAR point cloud, and the output is a number of point cloud clusters, each representing a distinct
target. The purpose of this step is to provide the 3D positions and distances of the targets. In experiments
using LiDAR alone, the system can output precise distances but is unable to identify target categories.

4. Low-Level Fusion

The low-level fusion performs alignment directly at the raw data level. First, the image and point
cloud are read; the point cloud is then projected onto the image via coordinate transformation and
projection. This is subsequently fed into the YOLO detector to obtain 2D bounding boxes; the mean
depth of all projected points within the box is calculated; and finally, the object class and average depth
are output. The depth is calculated using the formula as equation

N

1
dmean _Wzdi 1 (2)

i=1

where N represents the number of valid points in the detection box. This fusion method preserves the
original depth distribution without point cloud denoising or clustering; it is simple to implement and
retains all information, but is susceptible to interference from background points, and the depth accuracy
is generally moderate.

5. Middle-Level Fusion

The intermediate fusion performs matching at the feature level: the RGB component is
responsible for YOLO’s output of 2D bounding boxes and classes, whilst the LIDAR component is
responsible for DBSCAN’s output of 3D cluster centres. Subsequently, the 3D cluster centres are
projected onto the image for matching; if a bounding box contains a cluster centre, it is identified as the
same object. Finally, the object class and the precise depth of the centre are output. This approach
combines cluster-based noise filtering with ground control points, utilising a depth map centred on the
target, thereby achieving greater accuracy whilst offering both semantic and geometric advantages.

Ablation Study

To demonstrate the limitations of a single sensor and the benefits of multi-sensor fusion, this
paper conducted ablation experiments on the KITTI dataset, designing four comparison scenarios: RGB
vision only, LiDAR only, fusion at the raw data level, and fusion at the feature level.

1. RGB-only

When using only RGB images for YOLOV8 object detection, the model is able to identify objects
such as cars and parking meters within the scene. However, due to the lack of depth information, the
model is unable to provide the three-dimensional position or distance parameters of the objects. At the
same time, visual inspection is susceptible to changes in lighting, occlusion and shadows, resulting in
insufficient stability in object recognition. This experiment demonstrated the fundamental limitations of
RGB-only: whilst it possesses semantic capabilities, it lacks the ability to determine distance and
geometric positioning.

2. LiDAR-only

Using only LiDAR point clouds for DBSCAN clustering, the experiment partitioned the raw point
cloud into 354 target clusters. A bird’s-eye view (BEV) visualization (Figure 1) shows that the point

119



cloud exhibits a typical distribution of scanning arcs, with each cluster distinguished by a different
colour.

0

20

40

Figure 1. LiDAR obstacle clustering results

This approach provides precise 3D position and distance information for targets, but lacks
semantic classification and cannot distinguish whether a target is a vehicle, a pedestrian or a road sign.
Consequently, a pure LiDAR approach can only provide a geometric foundation and cannot achieve
target-level semantic understanding. Experimental results indicate that a single LiDAR modality suffers
from a significant lack of semantic information in target recognition.

Figure 2. In-depth visualisation of data-level Fusion

3. Data-Level Fusion (low-level fusion)

The low-level fusion projects the LIiDAR point cloud directly onto the image plane, thereby
achieving spatial alignment of the raw sensor data. This model is capable of outputting target categories
and approximate depths: the depth of the vehicle and that of the parking timer (Figure 2). Although this
method preserves the full scene depth, it does not perform clustering on the point cloud; consequently,
a large number of background points are included within the detection boxes, leading to noise
interference in the depth calculations.

4. Feature-Level Fusion (middle-level fusion)

The middle-level fusion stage first extracts visual features (YOLOvV8 2D detection) and point
cloud features (DBSCAN 3D clustering) separately, and then achieves multimodal information fusion
through feature matching (Figure 3).

Compared with other approaches, feature-level fusion offers three key advantages: Firstly, more
precise target localisation: by filtering out noise through clustering, only the target’s central point cloud
is retained, resulting in distances that are closer to the true values; Sencondly, greater robustness: only
targets successfully matched across modalities are retained, filtering out isolated false positives; Thirdly,
complementary semantic and geometric information: it combines visual class recognition with the
precise ranging capabilities of LIDAR.
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Figure 3. Feature-level Fusion obstacle detection

Result and discussion

1. Results of monomodal perception

When relying solely on an RGB camera for object detection, the model identified a total of six
objects, comprising two cars, three traffic lights and one parking meter. Visual detection is capable of
clearly distinguishing between object categories, but it cannot provide information on the distance to the
objects and is susceptible to environmental factors such as lighting and occlusion; consequently, the
confidence level for detecting small or distant objects is relatively low. However, when relying solely
on LiDAR for point cloud clustering, a total of 354 3D target clusters were obtained. Whilst LiDAR
provides precise distance information and offers more stable target detection at long ranges and in low-
light conditions, it is unable to distinguish between target categories. Consequently, the clustering results
contain a large number of noise points and non-target clusters, resulting in a significant lack of semantic
information regarding the targets.

2. Results of multimodal fusion perception

In the initial fusion stage, the LIDAR point cloud is projected onto the image plane to achieve
pixel-level fusion of depth information with visual information. This method yields a total of 184999
valid projected points, enabling the assignment of precise distance information to visually detected
targets: The average distances to the two vehicles are 22,01 m and 18,29 m respectively, the average
distance to the parking timer was 28,89 m.

It simultaneously retains the class information from visual detection and the distance information
from LiDAR, achieving a preliminary alignment of semantic and geometric information for the targets.

After performing weighted fusion of image features and point cloud features at the feature level,
the frature-level fusion results are fed into YOLOV8 for object detection. Ultimately, a total of two car
objects were identified; the detection results were consistent with those of single-modal visual detection,
whilst also achieving more reliable object distance estimates. Target 1 (green box): car, 0,92 confidence,
13,13m, labelled as Vision and LiDAR fusion type. Target 2 (orange box): car, 0,63 confidence,
unknown distance, labelled as Vision-only type.

The fused model significantly improves the accuracy of distance estimation for close-range
targets whilst retaining the high-precision class recognition capability of visual detection, thereby
achieving complementary information compared to single-modal perception (as shown in Tablel).

Table 1. Performance Comparison of Different Perception Methods

Methods Target Ctegqr_y . D|stange Advantages Limitation
recognition information
RGB-only 6 Yes No clear category recognition no dlstaqce
information
LiDAR-only 354 No Yes accurate distance no category
measurement information
Low-_level 3 Yes Yes plxel-lev_el information relies on precise
Fusion alignment calibration
. feature-level information
Mid-level . complex
- 2 Yes Yes complementarity and stronger . .
Fusion implementation
robustness
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In the current experiment, middle-level fusion is still unable to provide distance information for
some targets (such as Target 2). The primary reason for this is the absence of a valid LiDAR point cloud
projection for that target area, which prevents the acquisition of geometric information during feature
fusion. In future, the completeness and accuracy of the fused perception can be further improved by
optimising the point cloud feature generation strategy and refining the feature alignment algorithm.

Conclusion

The experimental results demonstrate that: Single-modal perception has clear limitations: visual
detection lacks geometric information, whilst LIDAR lacks semantic information; neither can meet the
requirements of autonomous driving for comprehensive target perception. Low-level fusion achieves
basic information complementarity: assigning distance information to visual targets via point cloud
projection is the most intuitive fusion method, but it relies on precise sensor calibration and incurs high
computational costs. Mid-level fusion enhances perception robustness: by fusing the strengths of the
two modalities at the feature level, this approach retains the class recognition capabilities of visual
detection whilst incorporating the distance information from LiDAR, significantly improving the
perception accuracy of close-range targets. It is a fusion scheme of greater engineering value.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 621.391

COBEPHIEHCTBOBAHHUE OPTAHU3AIIMOHHBIX MEXAHU3MOB
YIPABJIEHUS PA3PABOTKOM ITIPOTPAMMHOTI'O OBECIIEUEHUS
B UH®OPMAILIMOHHO-PACYETHOM LIEHTPE (MPII) PYII « BEJITEJTEKOM»
HA OCHOBE TEOPUM AKTUBHBIX CUCTEM

AM.TOPBYKOB

Benopycckuii cocyoapcmeennblii ynusepcumem ungopmamuxu u paouodnekmponuru, Pecnyonuxa Benapyce

Hocmynuna 6 peoaxyuro 17 anpens 2026

AunHoTammsi. B paboTe paccMOTpEHBI TEOpETHYECKHE M MPAKTUYECKUE ACTICKTHI YIPABICHUS
pa3paboTKOH MPOrpaMMHOTO oOOecredeHrsT B WHPpOpMannoHHO-pacu€THOM mieHTpe (MPL) PVYII
«benTenekoM» Ha OCHOBE TCOPHH YMPABICHUS OPraHM3ALMOHHBIMH CHCTEMAaMH W KOHIEHLUH
aKTHMBHOCTH  areHToB. [IpoBeqéH aHanmnM3  CYIIECTBYIOIIMX  MEXaHU3MOB  YIPaBIICHHS
(naHupoBaHKe, MOTHBALMS, KOHTPOJIB), BBISABICHBl UX HEJOCTATKH, CBSI3aHHBIE C BO3MOXKHBIM
UCKa)KCHUEeM MH(OPMALIH 1 OTKIIOHEHHEM OT IU1aHoB. [1pe/1ioxkeHsl 1 000CHOBaHBI MEPOTIPHSTHS
M0 COBEPIICHCTBOBAHHMIO OPraHU3allMOHHBIX MEXaHW3MOB: aBTOMAaTH3allUsl yIpaBieHHUs Ha Oa3e
Jira, nentpanuzanus QyHkuuit yué€ta ¥ KOHTPOJIS,, BHEAPCHUE KOHKYPEHTHOTO CTHMYJIHUPOBaHHS
nporpaMMucToB. [lokazaHo, uTO peanu3alus MPEJIOKEHHBIX Mep I03BOJISIET IOBBICUTH
pe3yJIbTAaTUBHOCTD CHCTEMBbI  ympaBiieHus: mnpousBoactBom MPI[. Takxke paccMOTpeHb
BO3MOKHOCTH NPUMEHEHHS] CHHEPreTUYECKOro MOAX0/a M CaMOOPraHM3aluy IJIs JalbHEHIIero
Pa3BUTHS] MEXaHH3MOB YIIPaBICHHUS.

Kniouegvie criosa: ynpaBiaeHIEeCKUH IHKII, YIPaBICHHE OPTaHU3aMOHHBIMH CHCTEMaMH, aKTHBHbIE
CHUCTEMBI, MEXaHHW3MBI VIIpaBIICHUs, pa3paboTka mporpamMmHOro obecmedenus, WPL[ PVII
«benrenexom», Jira, MOTHBanNs, KOHTPOJIb, CHHEPT€THKA, CAMOOPTaHM3ALHSL.

Beenenue

AxryanpHOCcTh. L{udposas tpanchopmanust PYII «benrenekom» TpeOyeT co3naHHUs KOMaHJIbI
KBaJTM(PULIUPOBAHHBIX HHXEHEPOB-IIPOTPaMMHUCTOB U 3()(HEKTUBHOTO YIPABICHUS €10 ATl pa3padoTKU
U CONPOBOXIEHHUs] MHPOPMALIMOHHBIX CHCTEM CHiIaMH MH(OpMalMOHHO-pacyéTHoro ueHtpa (MPLI).
OpnHako COTpYIHUKHM (aKTHBHBIE areHTHl) 00JIafar0T COOCTBEHHBIMH WHTEPECaMH, MOTYT HCKaXKaTh
MHQOPMAILIMI0 WM OTKJIOHATHCS OT IUIAHOB, YTO CHIDKAeT pe3yJbTaTUBHOCTD YIIPABIICHUS.
Krnaccryeckne aqmMUHUCTPATHBHBIE METO/IBI 37I€Ch HEJIOCTATOUHO 3(P(PEKTHBHBI.

IIpo6nema. B cucreme yrpasnenust mpou3BoAacTBoM UPIl oTCyTCTBYIOT MEXaHW3MBI, B TTOJTHON
Mepe yYUTHIBAIOIINE aKTUBHOCTHh COTPYTHUKOB, YTO IIPUBOJNUT K 3aIep)KKaM, CHIDKeHHIo kagecTBa [10
U POCTY YIIPABIEHUYECKUX U3ACPHKEK.

OO0BeKT nccie0Banns — cucTeMa ynpanienus npousBoactsom MPLL PYII «bentenekomy».

IlpenmeT uccnenoBaHus — OpraHU3allMOHHBIE MEXaHWU3MBbI YIpaBlieHUs pou3BojictBoM MPI]
(nnaHupoBaHKE, MOTHBALHS, KOHTPOJIB).

Lens paboTel — pa3paboTka pEKOMEHIALMH MO TOBBILICHUIO PE3YJIbTATUBHOCTU CHUCTEMBI
ynpasierus paspaborkoit IO B HMPL] Ha oOcCHOBE MEXaHM3MOB, YYHMTHIBAIOIIUX AaKTUBHOCTH
COTPYAHUKOB.

Sagauu:

1. M3yunuTh TEOpETUUECKUE OCHOBBI YIPABICHUS AKTUBHBIMM CHCTEMaMH U MEXaHU3MaMU
YIPaBICHHUSL.

2. llpoananu3upoBaTh AEUCTBYIOIIYIO cucTeMy ynpasiaeHus MPL] u BEIIBUTH €€ HEAOCTATKH.

3. Ilpennoxute ©  OOOCHOBaTh  YCOBEPIICHCTBOBAHHMS  MEXaHHU3MOB  YIIPaBIICHHUS
(aBTOMaTH3AIMS, LIEHTPAIU3ALU KOHTPOJIS, KOHKYPEHTHOE CTUMYJIMPOBAHUE).
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4. Ouenuts 3 (HEKTUBHOCTD NPEATIOKEHHBIX MEPOIPUSITHH.

Mertomomnorusi. Teopus ynpapneHusi opraHu3alnoHabMu cuctemamu (bypkos, HoBukos u np.),
KOHIIETINS aKTUBHOCTH areHToB, yrnpasiendeckuit muki CIIPYKAP.

[IpakTrdeckass 3HAYUMOCTh — NPEAJIOKECHHBIE MEXaHU3MbI MOTYT ObITh BHeApeHbl B WPLl u
AHAIOTUYHBIX MTO/IPa3AeNIeHIsIX, 00ecTIeyuBasi pOCT MPO3PadHOCTH, MOTHUBAIINH U IUCITUTUIAHBL.

Teopeanecmle ACIIEKTHbI UCCJICA0BAHUSA OPraHU3AIMOHHbIX MEXaHU3MOB YIIPpaBJCHUSA

[Ipu onucannu MEeXaHW3MOB YIPABJICHUS YJAOOHO UCIOJIH30BATh THUIIOBOM IIA0JIOH (B KaXKIOM
clly4ae  BBIOMpArOTCS ~ KOHKDPETHBIE,  COOTBETCTBYIOIHME  pPAacCMaTpUBAEMOMY  MEXaHU3MY
XapaKTePUCTUKH U TUKTOrpaMMel) [3, ¢.101-103]. lanHbnif mabiaoH npeacTaBieH Ha pUCYHKE 1.

Ha3BaHune MmexaHu3ma
Kparkoe onucanue; 6ubarorpagudeckie CChbUIKH Ha MOAPOOHOE OMUCaHHE.

CrpykTypa PrCyHOK B COOTBETCTBHH C IIA0IIOHOM — HCIIOJIB3YETCSI Pacmpenus 6a30Boit
OpraHU3allMOHHON CUCTEMBl | OJIHA U3 CXEM, IIPUBEICHHBIX Ha puc. 3-5 ¢ OpraHU3allMOHHON CHCTEMBI
[IpenmeT ynpasneHust coJiep KaTeNbHO nertanu3anuett. ODyHKIWSL yIPaBICHUI

I deKT OT BHEAPEHUS MeXaHHU3MAa
CocTtaB OpraHu3allOHHON CHCTEMBbI

Knaccuduxanus THIOBOM
CTPYKTYpBI H — 6aszoBas (oxuH LleHTp, OAWH areHT);

OpraHu3alMOHHON

CHCTEMBI
E — BeepHas (yIpaBJCHUE MOAPA3ICTICHUEM);

E — poMOOBHTHAS CTPYKTYpa (pacrpeaeeHHbII KOHTPOJIb);
E — MHOTOYpPOBHEBAsI HEPaPXHUS;

E — MaTpHUYHAS CTPYKTypa yIpPaBICHUSL

JleficTBusl, OrpaHUYEHUS U
HOPMBI JESITETLHOCTH
Y4aCTHUKOB

Llenu 1 npeanoYTeH s - — CXeMaTH4HBIE TIPEACTaBIeHHs (PYHKIUN «IPpUOBUTH» L[eHTpa U areHTOB ¢
Y4aCTHHKOB UX COAEpPKATENbHOI AeTanu3annei
NH()OPMUPOBAHHOCTh - — kakoli undopmanueii 06manaoT yyactHuky OC Ha MOMEHT NPHHATHS UMH
Y4aCTHUKOB peuIeHus.
[penmer ynpasieHust — CocraB OpraHu3alMOHHON CHCTEMBI (yIPaBICHUE COCTABOM)

— CTpyKTypa OpraHu3aliioHHOH crcTeMbl (yIpaBiIeHHe CTPYKTYpOi)

— OrpaHu4eHust 1 HOPMBI A€STeIbHOCTH (MHCTUTYLIMOHAIBHOE YIIPaBJIeHHE)

— IpennouTtenus (MOTHBAIIMOHHOE YIIPABJICHHE)

— NndopmupoBanHOCTh (MHGOPMAIIMOHHOE YIIPABICHUE)
Pacmmmpenus 6a3oBoit — Yucno nepronos yHkiponnposanus (auHamudeckue OC)
OpraHM3aIHOHHOI — Yucno arentoB u LlenTpos (MHOro3nemenTHsie OC)
CHCTEMBI — Ctpykrypa (MHoroyposHesbie OC, OC ¢ pacrpe/ieieHHbIM KOHTPOJIEM)

— Nuagpopmuposannocts (OC ¢ HeonpeneneHHocTsI0, OC ¢ coobmenneM HH(OpMaIin)
DyHKIMA yIpaBIeHUs [TnanupoBanue —> Opranuszauus —> Motusaiusa —> KoHTpouib (CTUMYIMPOBaHKE)

i
1

Puc. 1 — TumnoBoii 11abioH onucaHus MEXaHU3Ma yIpaBiIeHUs
Ipumeuanne — McTounuk: cobcTBeHHAs pa3paboTka Ha ocHoBe [3, ¢. 101-103]
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3agada ynpaBieHHs — MOHHTOPHHT U aHAIN3 TEKYIIETO COCTOSHHS

— IIporHo3 pa3BUTHS CUTyalun

— llenemnonaranue

— BbI60Op TEXHOJIOTHH AESATEIBHOCTH

— IInannpoBaHue U pacrpeeeHue pecypcoB

— CrumynupoBaHue (MOTHBALIU)

— KoHTpouns n onepatuBHOE yrpaBieHHe

— AHanN3 U yIy4dlIeHUs! JeSITeNbHOCTH, PedIIeKCHs

O06nacTh NpUMEHECHUS

YcnoBHs IPUMEHIMOCTH

ITpyMeHeHHe COBMECTHO C APYTMMH MEXaHU3MaMHU
Heob0xonumast nHGopMaLys 1 aaropuT™ IPUMEHEHUs] MeXaHH3Ma

Bxoxa - BoIXogHAasi cxemMa

[A, Brownna FONCRE N | B. MapameTpoe Masa-ine
OF PR - P Sneade List oo
Mexaunam —_— >
> ynpasneHua

C. Bragean undopMmpn o (95|

arewTa (arenTax), mecbxogavan

ARNANDAMATHR Y NPASNONECHITD
PO LU G R

D YNPOBNSaCK 08 Dol v e
(DOTYDETAT MeXSs I |

JonoxauTensHas nvHGOpMaus | DTOT pasneln madioHa COAEPKUT NOApOoOHOE ONMCaHNEe MEXaHH3Ma yIIpaBJIeHus,
HOPUMEpBI PacueTOB €ro HapaMeTpoB, HCTOPUYECKHE CIIPABKHU, CCBUIKH Ha
JIOTIOJIHUTEILHYIO JINTEPATYPY M MPOUYIO MOJIE3HYI0 HH(OpMAIHIO.

Puc. 1, nucr 2

Hdns  onucanuss  (QYHKIMOHUPOBAHMS  CUCTEM  YIPABJICHUS  UCIIOJNB3YETCS  TMOHSTHE
YIPaBIEHUYECKOTO IMKJIA, TO €CThb MOJENIH, OMHCHIBAIOIIEH MpOIecC YMpaBICHUs KaK HHUKINYECKOe
NOBTOPEHHE THUIOBBIX 3TarmoB. Ha cerogHsmHMNA [€Hb H3BECTHO HECKOJIBKO JECATKOB MOJEIeH
OIMCaHMs YIIPABICHYECKOTO LIUKIIA, B TOM YHCIIE:

— muka A. @aiions [3, c. 38];

— muks Y. Jemunra PDCA (Plan — mmanupy#i, Do — menaii, Check — mposepsii, Act —
BO37IEHCTBYH) [2, c. 14];

— KOMIUTEKC 33/1a4 U QYHKIMIA yrpaBnenus |3, c. 26];

— 1k CITPYKAP [3, c. 38].

Oransl (¢pyHkuumn) ynpasnendeckoro nukia CIIPYKAP:

1. Coop u ananu3 nHOOPMAITUH [T BRIPAOOTKH U IPUHATHS YIPABICHUYECKOTO PEIICHNS.

2. [ImaanpoBanne AeHCTBUIl — pa3paboTKa M MPUHITHE YIIPABICHYECKOTO PEIICHHS.

3. Peanuzanmsa — opraHu3anusi HCIONHEHUS (B TOM YHCIE, MOTHBALUs MCIOJIHMUTENEH), U
UCIIOJIHEHHE YIIPABICHYECKOTO PELICHHUS.

4. Y4er pe3yabTaToB pealn3alnuy yIIPaBIeHIECKOTO PEIICHHS.

5. KonTpons — cpaBHeHue (pakTa c HAMEUEHHBIMHU PE3yJIbTaTaMH.

6. AHanu3 — BBISIBIICHUE U N3yYCHHE TIPUYMH OTKJIIOHEHHUS OT HAMEUYEHHBIX Pe3yJIbTaTOB.

7. PerynmpoBaHme Xxo/la WCHOJIHEHHA YIPABICHUECKOTO pEIIeHHs, Koppekuus (mpu
HEOOXOJMMOCTH) paHee TNPHHATHIX pElleHHH, NMPUMEHEHHE K HCIONHHUTENSAM TPETyCMOTPEHHBIX
MOTHBAIIMOHHBIX BO3JCHCTBHHA C LEIBbIO YCUICHUS BBISBICHHBIX IOJIOKUTEIBHBIX TEHIACHLUUN W
HEUTpaM3aIiii OTpUIaTeNLHBIX (pUCYHOK 2) [3, ¢. 39].
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[O0beRrT ynpasiaenusi: XO3siCTBY 0WMI CVOBEKT PbIHKA;
COTPY AHHKH XO3AHCTBYIOWIET O CyObeKTa. AreHT

Puc. 2 — Yopasnenueckuii iukn CIIPYKAP
[Ipumeuanne — Mcrounnk: codcTBeHHAs pa3paboTka Ha ocHOBE [3, c. 40]

ITopsinox GyHKUMOHUPOBAaHUS. MOMKHO JETalnu3UpOBaTh MOPAAOK (DYHKIMOHUPOBAHMUSA U
B3aUMOJEHUCTBUS CyOBeKTa M 0OBbekTa ymnpamineHus. OnucaHue mopsaaka (YHKIHOHHPOBAHUS C
OJIHO3HAYHBIM PA3HECEHUEM ONEPALMA MEXJy Y4YaCTHUKAMM Has3bplBaeTCcs Ipouenypoil. Ecmu
NPONHKCATH CBI3M MEXAY NOAPYHKIMSIMU QYHKIMN yIpaBIeHHS, TO B PE3yJIbTaTe MOTYIHUTCS OIUCAHNE
yhpaBlieHUeCKuX npoueayp. Yacte cBsizeil B cocraBe mpouexypsl OyAeT OTHOCHTHCS K AEHCTBUSAM
cyObeKTa yIpaBlIeHuUs1, YaCTh CBS3eH — K IEHCTBHUAM 00BEKTa yIIPaBICHHS, 2 YACTh — K B3aUMO/ICHCTBUIO
cyObekTa 1 00beKTa yrpapieHus. COBOKYITHOCTD MPOIEYP, PETJIAMEHTUPYIOIINX JACHCTBHS CyObeKTa
yrpasieHus (IpUHAMAEMbIe UM PEIIEHUs ), COCTABIISET MEXaHU3M yIpaBieHus [3, c. 41]

Opranu3aius sBisieTCsl JOCTATOYHO CIOKHBIM 00beKTOM yrpaiieHHs. CrioCOOHOCTh 00BEKTOB
yIpaBlieHHsT WIM areHTa K IIeJIerofiaraHiio, CaMOCTOSTEIbHOMY BBIOOPY JEHCTBHH OTpa)aer
KOHLEMIHUS aKTUBHOCTH OOBEKTOB YHpaBIEHUS (areHToB) B OpPraHM3alMOHHBIX cHUCTeMax. B
COOTBETCTBHHU C HEH areHTbl UMEIOT OINPEJeNICHHbIE BO3MOKHOCTH U MIPOCTOP VISl CAMOCTOSATENLHOTO
LeJIeTIoNIaraHud U TIPUHATUS PELICHHH O CBOMX JAEHCTBHUSX (B paMKax IOJHOLIEHHOW CTPYKTYpHI
JESITEeIbHOCTH, C YYETOM BCEX MPOLECCYANbHBIX €€ KOMIIOHEHT). I[IposiBIeHMsIMH aKTHBHOCTU
ABISIFOTCA: HMCKaXeHHE HHGOpPMAaLuHU, BBIOOP COCTOSHHS, HE COBHAJAIOIIEro C IJIAaHOM,
HeI0OpPOCOBECTHOE TIOBEACHUE W T.J. — BCE OTU BO3MOXKHBIE 3((EKTHl TODKHBI OBITh YUTEHBI TPU
pa3paboTKe W TNPUMEHEHWH MEXaHWU3MOB yrpaenenus. [y 3(dekTuBHOTO yrpaBiieHHS TaKHUMU
00BbeKTaMu HE0OXO0AMMO MOJEIMPOBATh UX MOBEAECHHE, TO €CTh MPOTHO3UPOBATh UX PEAKIMIO Ha Te
WJIM WHBIE YTIPABIAIOIINE BO3IEHCTBUS.

Konnenmust MakcHMHU3allMy — TIOJIE3HOCTH  TMPEACTAaBIAET COOOH MOAENb  «IOBEACHUS
HKOHOMHYECKOTO YeIOBEKay», Aajee — areHTa. AreHT BeaeT ceds (cooliiaeT nHPpopMaIuo, BHIOUpaeT
JIEHCTBUS U T.[.) TaK, YTOOBI MAKCUMU3UPOBATH CBOIO TIOJIE3HOCTb.

Beiensitor 1Ba BUj1a 3KOHOMHUYECKUX areHTOB — CYObEKTOB 3KOHOMUKH:

— XO3SICTBYIOIIHI CYOBEKT PhIHKA (MIPUMEPBI — OpraHn3alys, XOJJHHT, (UpMa, KOpropanus);

— COTPYIHHK(M) XO3IHCTBYIOIIETO CYyOBEKTA.

CtpykTypa AesTeNHbHOCTA aKTUBHOTO areHTa BRITJBIIUT CIEAYIOMNM 00pa3oM (pUCyHOK 3):

— areHT OIHMCHIBAETCS WHPOPMHUPOBAHHOCTHIO (TOW WH(OpMAaIuel, KOTopoi OH oOyagaer o
cymecTBeHHbIX nmapaMmeTpax OC 1 BHEUIHEH cpelibl), OrpaHuuEeHUSIMH, IPEANOYTEHUAMH U ICHCTBHEM;

— Ha ero BXOoJ (CTpellka cjeBa) MOCTyIaeT, BO-NepBhIX, HH(opManus 00 OKpy:Karoliel cpeae u
JpYyTUX areHTax 1, BO-BTOPBIX, YIIPABILIOIINE BO3ACHCTBUS B BUIE BbIOpaHHOTO LleHTpoM MexaHU3Ma
ympaBiieHus (CTpeJIKa CBEpXY);

— «BBIXOZIOM» areHTta (ero JeHCTBHEM) sBisieTcsl cooduraemast LleHTpy w/umu aqpyruM areHtam
uHpopMalms (MMyHKTUPHAs CTPEIIKa CIIpaBa) U BHIOpaHHOE UM JIeHCTBHE (KMpHAs CTPEJIKa CIIpaBa).
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Takass HOTalUs WCIOJB3YETCS HIKE B KA4eCTBE 3JIEMEHTAPHOrO OJIOKAa MPU ONMUCAHHUH
MEXaHNU3MOB yIpaBieHus opranuzainoHasiMu cuctemamu (OC) [3, ¢. 57-58].

HeiictBuem LleHTpa sBnsieTcsl BEIOOp MeXaHW3Ma YIPABIECHUS — 3aBUCHMOCTH YIIPABIISIOIIAX
BO3JCHCTBUM OT JICHCTBUI areHTa.

Puc. 3 — Crpykrypa AesTeIbHOCTH AKTUBHOT'O areHTa
IIpumeuanue — Ucrounuk: [3, c. 58]

KnroueBoe otnmuue LleHTpa oT AreHTa 3aKIr04aeTcsi B TOM, YTO OH 00J1aaeT BIacThIO — UMEET
MIPABO «CJIENATh XOJI IEPBBIMY, YCTAHOBUB JJIs1 ar€HTa YCJIOBUS AeSITeIbHOCTH (MexaHu3M). [lone3HocTs
LlenTpa OOBIYHO 3aBUCHUT OT ACHUCTBHH areHTa, TO €CThb APQPEKTUBHOCTH YNPABICHHUSA ONPEAEIISIECTCS
noJje3HocThio LleHTpa (MpencTaBISsIOIIEr0 MHTEPEChl OPraHU3allMOHHOW CHUCTEMBI B IIEJIOM) OT
JIeSITENBPHOCTH areHTa [3, c. 59].

B Mopensx ympaBieHHST OpPTraHU3allMOHHBIM IIOBEJCHHUEM KaXKIbIH 3KOHOMHYECKHH areHT
OIMCBIBAETCS YETHIPbMS 0a30BBIMH IapaMEeTpaMHM, arperupyloIMMH MIPOLecCyalbHble KOMIIOHEHTHI
€ro JeATeIbHOCTH:

1) orpaHmueHUs W HOPMBI AESTEIHHOCTH (MpoOleCcCyaIbHbIEe KOMIIOHEHTHI NEATENIbHOCTH —
YCIIOBHUS, HOPMBI, IPUHLIUIIBI, TEXHOJIOTHS);

2) ¢yHKOMsS MONE3HOCTH (MpolecCyalbHbIe KOMIIOHEHTBI JESITEeIbHOCTH — TOTPEOHOCTH,
MOTHBBI, LI€JIH, 33]]a491, KPUTEPHH);

3) uHpOpMUPOBaHHOCTEL (IIpOLECCyalbHbIE KOMIIOHEHTHI ACSTENbHOCTH — WHQpOpPMaLus o
BHEILIHEH cpefie, BKIIOYAOIEi, B TOM YHciie, APYTHX areHTOB, B3aUMOACHCTBYIOIINX C IAHHBIM);

4) neiictBue, BBHIOMpaeMOE areHTOM Ha OCHOBAaHMHM CBOEW WH(POPMUPOBAHHOCTH C YYETOM
OrpaHHYEHHH M cBOEH mone3HocTu. JleficTBue SBISETCS IMOKa3aTelneM COCTOSHUSI areHTa M B
3HAYUTEJILHOW CTETICHH OIIPEeNsieT Pe3yJIbTaT ero AesITeIbHOCTH.

C OSKOHOMHYECKHMM areHTOM CBS3BIBAIOT J[BA BHAA BO3MOXKHBIX JEHCTBHH (B pamkax
CYIIECTBYIOIIUX OTPAaHIYECHHHN):

— coolueHne cyOBbeKTy yrnpaBieHUs W/HiIH APYTHM areHTaM HHGOpPMAaLUN O HEOTPEAEIEHHBIX
JUISL HUX TapaMeTpax;

— JIeficTBHUE TI0 BEIOOPY CBOETO COCTOSIHUS (00beMa POU3BOAMMON MPOTYKIINH, 3aTPAYNBAEMOTO
BpPEMEHH U T.1.).

JIByM BuaM BO3MOXHBIX JEHCTBUI areHTa COOTBETCTBYET LMKI (YHKIMOHUPOBAHUS CUCTEMBI
yOpaBIeHHS, COAEPXKAIIUN JBa KOHTypa VIPABICHHWS COOTBETCTBYIOIIMX IUIAHUPOBAHUIO U
peanmzanuu. B cocTaBe muKiIa ynpaBieHUs AEHCTBYIOT HECKOJIBKO KJIACCOB MEXAaHM3MOB YIPABIECHUS
OpraHM3allMOHHBIM TIOBEJCHUEM — MEXAHU3MBl IJIAHWPOBAHHSA, OPraHM3ALMH, CTUMYJIUPOBAHUS H
KOHTpOJs. OHH OOBETUHSAIOTCS B KOMIUIEKCHBIH MEXaHWU3M (YHKIIMOHHUPOBAHUS OPraHU3aIMOHHON
CHCTEMEI B paMKax ITUKJIa yrpasieHus [3, c. 67].

Bri60op MexaHu3ma ynpasieHus sBisiercs aerictBueM LienTpa (pucyHok 4):

— nH(pOpMaLMOHHOE YIIpaBJieHue (BO3ACHCTBHE HA MHPOPMUPOBAHHOCTE);

— UHCTUTYLIMOHAJIBHOE YIIpaBJieHHe (BO3ACHCTBUE HA OTPAaHUUCHUS U HOPMBI 1EATEIbHOCTH);
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— MOTHBAllMOHHOC YIIPaBJICHUEC (BO3I[€ﬁCTBI/I€ Ha Hpe):[HO‘{TeHI/I}I).

Mexaunimpl VIDABICHIE:

» PROscmciime coummma Yy upansenne coc rsuos.
< Fhosenenme CIpyETYPI - STPARIENNe CTPYKTY podl,
< ONVHISCTRACHNS ROLISHC TS WO

LeHTp (4 = —

A) opraposannos ) orpanmacnis w nopai B) npcaonrcuns

llllﬁl'l'ﬁltllll"lll“" NapasaeHine MHCTIT Y IO WAT08 Y 1P ienine MOTIEEAIOIINGE ¥ A8 3N

Puc. 4 — Beibop MexaHn3Ma yIIpaBJICHHUS sSBIAeTCs nefictBueM LleHTpa
[Ipumeuanne — Mctounnk: coOcTBeHHAs pa3paboTka Ha OcHOBE [3, c. 67]

OOmwmii (7151 BceX 3TAroB IUKIIA YIPABICHUS ) MOPSIOK QYHKIIMOHUPOBAHUS OPraHU3alluOHHON
cucTeMsl (IIpu (PUKCHPOBAHHOM MEXaHU3ME YIpaBIIeHHsI) N300pakeH Ha PUCYHKE 5:

Iaran: LienTp nenaeT nepBblil X0 — COOOIIACT areHTy MEXaHU3M (PyHKIMOHUPOBaHMUS («IIpaBuiIa
UTpB») B 001meM Bujae. HampuMep, 3aBUCHMOCTh KOJIMYECTBA BBIICISEMOr0 pecypca OT COOOIMIeHHOH
NOTPEOHOCTH B HEM WM 3aBHCHUMOCTb pa3Mepa BO3HATPAXKICHHUA OT JOCTUTHYTHIX PE3YJIbTaTOB
(cocTosHUS arcHTa).

I sram: arenT coobmaer LlenTpy uHpOpManuio O HEHW3BECTHHIX MOCIEAHEMY MapameTpax
(HammpuMep, MOAAET 3asBKY Ha PECypC WM COOOIIACT HHPOPMAIIUIO O CBOMX MPEINOYTCHUSIX).

I stan: LenTp coolbmiaer areHTy (IeTanu3upyeT) napaMeTpbl MexaHu3Ma (yHKIMOHUPOBAHHS.
Hanpumep, HazHauaeT mian — oxxugaeMblil LleHTpoM pe3ynbTaT A€ TEIbHOCTH areHTa.

IV aram: areHT BeIOMpaeT AeHCTBHE, pealTU3yeTcs Pe3ybTaT JesITeTbHOCTH.

V stan: LenTp nosnyyaer naopmManuio o JeHCTBUM areHTa

VI sram: LleHTp B COOTBETCTBUM C MEXaHM3MOM (PYHKIMOHMPOBAHHS COOOIIAET areHTYy CBOE
JIeHiCTBHE — HAIIpUMep, KOJIMYECTBO BBIIEJICHHOTO pecypca, pa3Mep BO3HArpaKIACHHS U T.1.

Oranst [-11I coorBeTcTBYIOT MKy mianupoBanus, stansl [1I-VI — nukiny peannzanun. Hwxauid
NPSMOYTOJIHUK Ha PUCYHKE 5 IpenCcTaBiseT cOO0H MO/IEIb SKOHOMUYECKOro arenTa [3, c. 61]

"”"", Moaean exanera yupasienns (pyrosojunres, Henrpa)
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Puc. 5 — TurnoBas cxema cyObeKkTa yrpaBieHHs
IIpumeuanue — Ucrounuk: [3, c. 61]
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B cBoeit cratbe «Teopust ympaBieHHSI W Xaoca, TEOPUS CIOXKHOCTH W TEOPHUS CHUCTEM
camoopraHu3aIum» rpymnmna uccienosareneii [lamma Moenre, [xeiimc Ornpauex, M. Cana, a1 bepu
[17] u3 T'ocynapctBennoro yauBepcutera Maitnot, CeBepras Jlakora, CIIIA mpencraBnser KpaTkuid
0030p TeopuH Xaoca, TCOPHU CIOKHOCTH M TEOPUU CAMOOPTaHU3YIOLINXCS CUCTEM U MX MMPUMEHEHHUS K
MEHEDKMEHTY.

B coBpeMeHHBIX OpraHuzanusix U GpUpMax MHTEPAKTUBHOE IOBEACHUE MHAMBUAOB (OPMHUDPYET
CHCTEMY, & CUCTEMA, B CBOIO 0UYepe/ib, HEMPOIIOPLIMOHATIHLHO OMHUCHIBAET OBEACHUE HHINBHIOB BHYTPH
Hee. J[pyrumu cioBamu, Besi cucTeMa OoJbliie, 4eM cyMMa ee yacteil. HeoOxoauMocTs onpeaeneHus
TaKUX CHCTEM IIOPOJMIa TEOPHIO CIOKHOCTH, KOTOpasi cCOOMpaeT M aHAJIM3UPYET JaHHbIC Ha Pa3sHbIX
YpOBHSX JeTanu3anmui (0T OTHAENbHBIX JHl, rpynm, oOmectB). Ompenensiemas Kak HaOOp
B3aMMO3aBUCUMBIX BUAOB JIEATCIBHOCTH, KOTOPBIE B3aUMOACHCTBYIOT HETPUBHAIBHBIME CIOCOOAMH,
KOTOpbIe TPYJHO NpelCcKa3aTh, OpraHU3alus WIM (UpMa CTAHOBHUTCS CIOXKHOM CHCTEMOM, KOTOpast
MOJKET H3BJI€Yb BBIFOAY C TOYKH 3PEHHMS TEOPHH CIOKHOCTH. OOHAKO aBTOPHI JAHHON CTAaTbU HE
MPUBOJIST KAKUX-TMOO HHTEPECHBIX TPUMEPOB

BaxHpIM pazfenoM Teoprur CaMOOPraHU3YIOIIUXCSI CUCTEM SABJsIeTCS cuHepreTika. CuHepreTHka
onuceiBaeT (pa3pl mepexoqoB U (GOPMHUPOBAHHE 3aKOHOMEPHOCTEH B CHCTEMax, I/I€ HEYCTONUYUBBIC
PEKUMBI IOMUHUPYIOT HaJl YCTOMUUBBIMU U ONIPEIEIISIOT Pa3BUTHE IUHAMUKH CHCTEM.

ABTOpBI CTaThU IPUXOJIAT K BBIBOAY, YTO B CETOJHSIIHUX YCIOBHUSIX YIPABICHUS MOCTETIEHHBIX
M3MEHEHUH yXKe HeJOCTaTOYHO, OCKOJIBKY COOBITHSA, YTPO3bl U BO3MOKHOCTH HE TOJIBKO IPUXOIAT B
OpraHu3alMI0 OBICTPEE WIM C MEHBIIEH MPEeNCKa3yeMOCThIO, HO TAKXKE CXOISTCS U BIUSIOT IPYr Ha
Jpyra, co3/aBasi MOJTHOCTBbIO YHUKAIbHBIE CUTYallMd. DTH YCIOBUS TPEOYIOT aJaliTHBHOCTA M HOBBIX
croco6oB pykoBojcTBa. C TOYKM 3pEHHS MEHEIKMEHTa TEOPUU Xa0oca, TEOPUH CIIOKHOCTH U TEOPUH
CaMOOPTaHU3YIOIINXCS CUCTEM HaXOIATCS HA CTaJUH Pa3BUTUS IpeA-NapagurMbl. DTOr0 HEAOCTATOYHO
Tt OPMUPOBAHHS POTPAMMEBI TEOPETUUECKUX MCCIIe0BaHH B 00JaCTH MEHEDKMEHTA Ha 06a3e 3TUX
tTeopuil. OJHAKO, OHM [AIOT TIOJIE3HbIE OMHCAHUS SIBICHUH B MEHEIKMEHTE, KOTOpPBIE MOTYT
3¢ GEeKTUBHO HANpaBIIATh YCHIMA HPAKTUKOB IO 3KCIEPUMEHTHPOBAHHIO C STHMU TEOPUSMH IS
MOVCKa HOBOT'O TIOHMMAaHUSl YIIPaBIICHHS.

B cBoeii cratbe «Opranuzaius U camoopranuzanus» uccienoBatenu B. Uexep u3 bepHckoro
yauepcutera (LLBelinapus) u O. k. bpynnep u3 UHctuTyTa neparornyeckux Hayk TroOMHI€HCKOTro
yHuBepcuTeTa, [ epmanus [ 18] 00CyKIar0T CHCTEMHBIN TIOIX0 K OPraHU3aIlMOHHON TEOPHH Ha OCHOBE
TEOPUHU CAaMOOPTaHU3ALIMH.

Opranuzaiiy paccCMaTpUBAIOTCS KaK HEJTMHEHHBIE CUCTEMBI, XapaKTEPU3YIOLIHECS CI0KHOCTHIO
Ha MHKPOCKOITMYECKOM YPOBHE, LUKIMYECKOH MPUUMHHOCTHIO U OTKPBITOCTBIO MCHUXOCOLHUATBHOMY
BO37IeiicTBHIO BHENIHEH cpeibl. CII0KHBIE CHCTEMBI HEPEAYIIUPYEeMBI U BBI3BIBAIOT CII0KHOE IIOBEICHHE,
KOTOpOE TPYIHO, €CIIM HE HEBO3MOXKHO, MPEICKa3aTh.

N3 (eHOMEHONOruM CaMOOPraHU3YIOLIMXCSl CUCTEM ABTOPBI CTAaThH BBIBOISAT JBE TMIOTE3BI:
cucTtema Bcerja OoJbllle CyMMbI CBOMX dacTel; YTNpaBlIEeHUECKHH KOHTPOJIb MOXHO pPa3delUTh Ha
yIIpaBlieHHE BIUSHUEM U COOBITUIHHOE YIpaBJIeHUE.

HUccnenoBarenn npuxoasT K BEIBOY, UTO, €CIIM CUCTEMa HaXOJUTCs BOIM3K TOUKU OUQypKauuy,
[IaHCHl MEHeIXepa MOBIHATh Ha CUCTEMY BBICOKH. MeHemKep B OpraHH3alud BIIOJHE MOXET caM
BHECTH permaromuii ciBur. [Iporuo3 pa3suTus opranu3anyuy HeHae)KeH, HO Ha Hee TIOKa JIETKO 0Ka3aTh
BIIMSTHUE.

ABTOpBI CTaThbM TaKXe YTBEPXKAAIOT, YTO OOpaTHas CHUTyalusi MMEET MECTO B 00JjacTsax
MPOCTPAHCTBA MAPaMETPOB, YJAIEHHBIX OT KPUTHYECKUX TOYEK. 37E€Ch MPOTHO3 MPOCT, MOTOMY HTO
CHCTEeMa B OpTraHu3aluy cTabuibHa. IMEHHO MOATOMY BMEMIATENHCTBO MEHEKEpPa MOXKET BCTPETUTD
«COTIPOTHUBIICHHE» CUCTEMBI.

ABTOpBI CTaThU TpEUIaraloT PacCMaTpHUBaTh BIUSHHE KOMMYHUKAIlMi B OpraHU3alMd Kak
(EHOMEH «CTpelbl BPEMEHW», CBS3aHHOM ¢ auccunanueil. OHU yTBEPIKAAIOT, YTO B CONMAILHBIX H
MEHTAIbHBIX CHCTEMax HapylleHHe CHUMMETpuu HeoOparnmo. KoMMyHHMKanuy HEBO3MOXKHO HHU
BEPHYTh, HU HHBEPTUPOBATh, IOTOMY YTO CUCTEMa MOMEHTAJILHO MEHSETCS TP JII0OOM COOBITHH.

HccnenoBarenu 3aiaroTcsi BOIIPOCOM, KaK MEHEIKEPY CIPaBUThCS C XaocoM B cucrteme. B
Ka4yecTBE MPAKTUYECKOTO BBIBOAA OHU IpeIaraioT ABa MOAX01a:

1. YopaBieHue o0s3aTelIbHO JOJKHO OBITh KOCBEHHBIM; YIPABJIEHHE OCYLIECTBIISCTCS IIyTEM
oOecrieyeHus: OCHOBBI Ul camMoopraHu3anuu. PykoBoacTBo paboTaeT Hal IapaMmeTpaMu KOHTPOJISL
CHCTEMBI. YIIPaBJICHUE HE MOXKET HAIPAMYIO ONPENeIIATh PABHOBECHE CUCTEMBI.
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2. ABTOpBI BBIpaXKalOT YBEPEHHOCTb B MPOSBICHUH SIBICHUS, IJII KOTOPOTO HCIOJB3YeTCs
TEPMUH «CHHEPTHsD», BbIpAXKas yBEPEHHOCTh B TOM, YTO BBIT'OZIbI MOKHO OKHJATh OT B3aMMOJEHCTBUS
paHee He3aBUCHMBIX dacTel. Hampumep, ncciemoBarenu npeanararoT JOOMTHCS CHHEPIETHYECKOIO
a¢dexTa mocpeacTBOM HeOpPMaIbHBIX BCTPEY.

B cBoeii cTatbe «MexaHH3MBl yNPaBiCHHUS OPraHU3ALMOHHBIM IOBEICHUEM: HCCIICIOBAHUE
KoiutekTuB uccnenoBateneii B.H. bypkos, M.B. I'yoko, H.A. Koprun, /[.A. HoBuxor [16] u3
Huctutyta npobiiem ympasnenuss PAH, MockBa, Poccust paccMaTpuBaeT OCHOBBI BEPCHH TEOPHUHU
MPOEKTHPOBAHMS MEXaHU3MOB, aJanTUPOBAHHOW JJIsl PEILICHUS TPOOJIEM YIPaBICHHUS.

OueHb HHTEPECHBI Pe3yNabTaThl HCCICAOBAaHUS aBTOPOB CTaTbU II0 BONPOCAM YIIPABICHUS
COTpyAHUKaMH opranuzaiuud. OHM paccMaTpUBAIOT COTPYAHUKOB OPTraHM3alMU KakK 3JIEMEHTHI
AKTUBHBIX CHUCTEM. JJIEMEHTaMH aKTHBHBIX CHCTEM SIBIAIOTCS JIOAW, UMEIOIINE WHIAWBHUIYAIbHBIC
MHTEPECH], CIIOCOOHBIE CAaMOCTOSTENIBLHO BbIOMpPATh ACHCTBHS M MAHUIYIHPOBaTh HH(OpMAIMEH.
CoBpeMeHHbIE TEHAEHIMM B MEHEKMEHTE paccMaTpUBaiOT padouyo cuily, 00JaAaroyro
MOBE/IEHUEM, CIHOCOOHBIM K CaMOpETYJISIIMM M CaMOpa3BUTHIO. ABTOpBHI CTaTbU YTBEPKJAIOT, YTO
peleHNs] COTPYAHUKOB, OCHOBAaHHBIC HAa MX HABBIKAX W CHJIHO 3aBHCSAIINE OT UX MOTHBALIMH, TENIEPh
UTPAIOT PELIAIOLIYIO POJIb B LETMOYKE CO3AaHMUsI CTOUMOCTH. COTPYIHHUKH B OPraHU3alMU IPECIECAYIOT
COOCTBEHHBIE IEJIM, KOTOpPbIE MOTYT HE COBHAIaTh C HeIsIMH opraHu3anuu. COTPYJHHK MOXKET
HaMEPEHHO MaHHMITYyJIMpPOBaTh MHpOpManuel (Korja CYMTaeT 3TO BBHITOJHBIM) W/WIIM HE BBIOIHATH
MIOCTaBJICHHBIE [UIAHBI U HHCTPYKIMHU (OILSITH XK€, €CIIU 3TO CYJIMT KaKyl0-TO BbIrony). Takum oOpazom,
COTPYZAHHUK SIBJISIETCSI HCTOYHUKOM «Xa0Ca» B OPraHU3allMOHHOM CTPYKTYpe.

B cratbe wuccnemoBaTenu IpeniaraloT IOAXOJ, IO3BOJSIOUIMI CHCTEMHO paccMaTpHUBaTh
(eHOMEH aKTUBHOCTU COTPYIAHHUKOB B OPTaHU3ALMSIX.

ABTOpbl CcTathu [16], OCHOBBIBASICH HAa CBOEM MHOIOJIETHEM OIBITE KaK aKaJIEMUYECKUX
UCCIIEIOBAaHNH, TaK W KOHCAJITHHIOBBIX IPOEKTOB, TIpe/UlaraloT JTambl PacHopSAUTEIHHON
JIeATeNIbHOCTH U KoopAuHauuu nmo daifomo 3aMeHMThP HA MOTHBALIMIO, KOTOpas Ooyiee BaXkHa IS
yIpaBlieHUs IOBEACHUEM COTPYAHUKOB.

AHanu3 TEOpPEeTUYEeCKUX ACHEeKTOB NMPUMEHEHHS CHHEPreTHMYECKOW KOHUEHIMM YIPaBICHUS B
MEHE/PKMEHTE Ha OCHOBE M3Y4YEHHs IEpHUOJMYECKON HAy4dHOW JHMTEpaTypbl IO3BOJSET CAENaTh
CJIEIYIOIINE BBIBOJIBL:

Bo-miepBbIX, ompeneneHo, YTO MapaMeTpbl MOpPsIKa, CTUXUMHO BO3HMKAIOLIME B IpOLEcCe
NPEOJIONICHNs] KPU3UCHOW CUTYyallMd WJIM TpPU TPOXOKACHWH HHIWBHIAMH TOYKH Ou(ypKaimy,
KOOPIMHHUPYIOT YacTHbIE U OOIINe MHTEPECHl B KOHKPETHOM COOOIIECTBE M MPHOOPETAIOT 3HAYCHHE
yhpaBlieHUeCKUX (PaKTOPOB, OPTaHU3YIOUIMX IBIKeHHe. OpraHusaunus NPOSBISIETCS KaK YacTHBIN
CiIyyail cCaMOOpPIraHHU3aLuy.

Bo-BTOpBIX, aHANM3UpyeTcss BO3MOXKHOCTh TIPUMEHEHHS CHHEPreTHUECKMX KOHIICHIIHN
COLIMAJIBHOTO YNPABICHHUA JUISI COBEPIIEHCTBOBAHMA MexaHM3MoB ynpasneHus WPL[ PVII
«bentenekomay. PaccmarpuBaeTcs moaxoa K WAee HCIOIb30BaHUS SHEPTUM KPH3HCa B COLMAIBHO-
KOHCTPYKTHBHBIX IEJSAX TMPH pealin3allii MPOEKTOB IO pa3paboTKe MpPOrpaMMHOTO OOECTIeUEHUS
MHQOPMALIMOHHBIX CHUCTeM mpennpusatus. Llenapro camoopraHu3alud MOXHO CYHMTaTh CO3JaHHE
YCIOBUH Uil CHHEPreTHYecKoro 3¢¢exra BO B3aWMOJCHCTBUHM CHELHAIMCTOB, yYacTBYIOIIMX B
paspaboTke.

IIpopaboTka 3TUX wuAeH B mporecce pa3paborku WT-NpOEKTOB HMEET IMEePCIEKTHBbI
JabHEHIIero uccae0BaHusl U pa3pabOTK KOHKPETHBIX PEKOMEHIAINI B KOHKPETHBIX YCIOBHSX.

HagJieHus1 cOBEepIICEHCTBOBAHUSA OPraHU3AMUOHHBIX MEXAHU3MOB YIIPABJICHUS
NP PYII «bearenexom»

CoBepIlIeHCTBOBaHNE OPraHU3AIMOHHOTO MEXaHW3Ma YIPaBJICHUS IPOLECCOM pealn3aliu
3a/1aHuil Ha pa3paboTKy nmporpaMMHOro ooecredernst UC Ha OCHOBE aBTOMaTH3AIUA

Kparkoe onucanue BHEAPEHHOTO MEXAHU3MA YIIPABIICHUSI.

ABTOMATH3MpPOBAaH MEXaHW3M YIPABJICHUS IUIAHUPOBAHUEM, Pa3pa0OTKON M TECTUPOBAHUEM
MPHUKJIATHOTO MPOTPAaMMHOTO o0ecrieueHusI THOOPMAITHOHHBIX CHCTEM MPEATPUITHS B CTPYKTYPHBIX
noapasneneHusx (mexax) MPL] ¢ ucons3oBanneM cructemsl Jira [12]. Ha ee ocHOBe opraHn3oBaH y4eT
MpoJIeTIaHHOW PabOTHl MPOTPaMMHUCTAMHU, KOOPIWHAITUS B3awmMonelcTBus mpu paspadortke I[10,
KOHTPOJIb KayecTBa U CPOKOB TMPOJCTaHHON paboThl. [lman paGor ObuT pa3paboTaH M MPUHAT K
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peanu3auuMd B paMmKax coBeulaHua «JleHb ouneHkm kadectBa» npousBoiactBa HWPL[. Ilman
peann30BBIBANICS B BUJIC CXKEHEACIBHBIX pab0YNX COBEIaHMI B paMKaX «JIeHb OIEHKH KaueCcTBay.

Pesynbrar BeImoTHEHHSI paOOTHI - BHEPEHA B 9KCILTyaTaIlio HHPOpMAIOHHAas ciucTeMa Jira Kak
WHCTPYMEHT YIPABICHUS MPOCKTaMU 1O pa3paboTke (M3MEHEHWIO) MPOrPaMMHOI0 OOSCIICUeHUS
WH(GOPMAITMOHHBIX CHCTEM U MPOEKTHBIX KOMAaHJl Ha OCHOBE KPOCC-(PYHKIMOHAIBHBIX TPYIII
crrermamucto  LAIL, HIPYS3C m LHCud mnpomsBoacta HWPIl. Cxema opranumzammm Iporrecca
YIIPaBJICHUS IPEACTaBICHA HAa PUCYHKE O.

OddekT oT BHEIPEHHUS MEXaHU3Ma YIIPaBJICHUS.

ABToMaTH3anusa MexaHu3Mma ympasieHus paszpaborkor [0 MC 3HaunTEeNHHO MOBBICHIIA €TO0
pe3ynpTaTUBHOCTD. [lomoxkutenpHbIN 3(pQeKT ckazaics Ha BCeX dTalax IUKIA yIpaBiIeHHS: cOOp
uH(pOpMAIUH, TUTAHUPOBAHUE, pealln3allis, KOHTPOJIb, aHAJIN3, PETYITUPOBAHUE U KOOPAUHAITHS.

Pesynprar. B Jira Bemercs yuer pabor. OpraHmzammsi Takoro ydera 0e3 aBTOMaTH3allid B
BONPOCAaX KOOPAWHAINH JEATEIFHOCTH TPYIHOBBITOIHUMA.

B xome mmkna ympaBieHUS BHIIIOJHEHHWEM 3a/ladd B CEKTOPE BBICOKA BEPOSTHOCTH
MaHUITYJIUPOBAHUE areHTOM (MHXKEHEPOM-TIPOTPAMMUCTOM, TEXHOJIOTOM, MPOCKTHUPOBIIUKOM)
WH(GOPMAITUH O BHITOTHEHUH 33]a4H, C IIeJhI0 CHU3UTH COOCTBEHHBIE 3aTPATHI.
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Puc. 6 — COBepIIIGHCTBOBaHI/IC MEXaHU3Ma YyIpaBJICHUS IMIPOLECCOM pa3pa60TKH I1O Ha ocHOBe aBTOMaTHU3alluu

OpHako cTeneHb JOKYMEHTHPOBAaHHOCTH IIpOLecca BBICOKAsl, YTO MO3BOJSIET Oojee IeTaabHO
OCYILIECTBIIATH TUIAHUPOBAHUS OOJIBIIOTO KOJMYECTBA 3a/1a4.

CoBepiIeHCTBOBaHNE MeXaHM3Ma OIEHKM M KOHTPOJIA Mpollecca peanu3alluil 3alaHuil Ha
pa3paboTKy mnporpamMmHoro obecniedeHuss MC Ha OcCHOBE UEHTpajM3aludd JNaHHOH (QyHKIMK
YHpaBIeHUS

Kpatkoe onucanne BHEAPEHHOTO MEXaHU3Ma YITPaBICHHSI.

ABTOMaTH3aLUsl MEXaHHU3MOB ympaBieHus paspabotkoir [0 UC pama BO3MOXKHOCTH K
COBEPILEHCTBOBAHUIO MEXaHNW3Ma KOHTPOJIS 3a pa3pabOTKOM MPOrpaMMHOTO 00eCIICUEHHSI.

B cootBercTtBun ¢ mHCTpykmmen mo pazpabdorke 1O MC [11] cumTaeTcs BBIMOTHECHHOW WU
«3aKpbITON», Koraa HadaabHUK LIATl n HauanbHUK OAHOTO U3 IIEXOB, OTBETCTBEHHBIX 32 IKCILTyaTalHIO
IO (IPYDC, HCu3 unu onuH 13 GUIMAIOB) NOANKCATH akT 0 BBoJe [1O B ONBITHO-MIPOMBIILICHHYIO
WIN HPOMBIIUIEHHYIO JKCIUTyaTalMioo. B xoze paOoThl Haj akTOM IpOrpaMMHOE oOecreueHHe
HAaIIOJIHAETCSA PEalbHbIMU JJAHHBIMHM U TECTUPYETCS, YCTPAHSIOTCS BCE BbIABJICHHbIE OmIMOKU. B akre
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¢ukcupyercss nata BbIMONHEHWs 3amaHus 1o paszpabotrke 110 HC. [lpunsatie mnporpaMMHOTO
obecrieyeHnsl B JKCIDTyaTaluio 0e3 opopMmIIeHHs aKTa MOXET MOBIIEYh B OYAyIIeM OIINOKH IPH
IPOBEIEHUH, HAIOpuUMep, pPacdeToB U ObITh NPUYMHON CHIDKEHHS Kod(dduimenta KadecTBa
9KCIUTyaTalud HHHOPMAIMOHHOW CHCTEMBI, YTO HeAomycTuMo. Ho B CBSI3M ¢ aBTOMaTH3amueil ocTpo
BCTaJl BOIIPOC K KauecTBYy O(OPMIICHHS JAHHBIX aKTOB, & TAK)KE€ K CBOEBPEMEHHOCTU M KaueCTBY MX
BHECEHUS B aBTOMAaTU3UPOBAaHHYIO cucTeMy Jira. IH(popmanus Ha OCHOBE aKTOB SIBJISIETCS] OCHOBOH AJIst
JOKYMEHTUPOBAHUS COOBITHI O BBITIOHEHUH 33aHUs, OTYCTHOCTH U TNTAHUPOBAHHSL.

B rpymnmne mpousBoactsenHoro yuera MPL] Obiia BBegeHa HOMKHOCTD crienuanicta. OyHKINH
ob6o3HaueHHbIe B yripaBrneHdeckoM ke CIIPYKAP kak y4er, KOHTpoOJIb 1 aHAIN3 OBUTH BBIICICHEI B
OTIENbHYI0 NOA(QYHKIHUIO YIPABICHUS M B pPaMKaxX [ODKHOCTHBIX O0OS3aHHOCTEH MHOPYYEHBI K
BBITIOJTHEHUIO crienuanucty. Jlanusie pyHKIMK TpeaycMaTpUBaloT:

— y4YeT pe3yJbTaTOB BHINONHEHHWs 3amad mo paspadorke IO MC B cucreme Jira Ha OCHOBE
YTBEpXICHHBIX B ycTaHOBIeHHOM mopsizke [ 11] aktoB o BBoze [10 B skcmryararuio;

— KOHTPOJIb — CPAaBHCHHUEC (I)aKTa BBITTOJIHCHUA 3a/1a4U C IIJIAHOBBIMU KOHTPOJIbHBIMU CPOKaMU;

— aHaJIu3 — BBIABJICHHUEC COBMCCTHO C HMCIOJHHUTCIIAMHA W HU3YUYCHHUC NPHUYMH OTKIIOHCHUA OT
KOHTPOJIBHBIX CPOKOB, ITOJrOTOBKA OTYETOB AJISI IPUHATHS PELICHUS.

IIpoBeneHHBIE MEPONPUATHS IO3BOJUIM YCOBEPIICHCTBOBATH MEXaHU3M KOHTPOJIS 34
paspabotkoii [I0 MC Ha OCHOBE IEHTpalu3alliu. Y COBEPIICHCTBOBAHHBIH MEXaHHU3M KOHTPOJIS
MIPEACTABIICH HA PUCYHKE 7.
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Puc. 7 — CoBepreHCTBOBaHIE MeXaHM3Ma KOHTPOIA 3a pa3zpaborku 110

OddekT oT BHEAPSHHS MEXaHU3Ma YIIPABICHHUS.

YcTaHOBNIEH HE3aBUCHMBIN OT MPOrPaMMHUCTOB, HAYaIHbHUKOB CEKTOPOB U LIEXOB KOHTPOJb 3a
perucrpanueii B cucteme Jira BBITOJHEHUS 3a/1a4, TOyYeHHUS CTATUCTUKY IO BHIITOJIHEHHBIMU 33]1a4aM,
a TaKKe CTAaTUCTHKH IO 3a/adaM, BBITOJIHEHHE KOTOPBIX HE YKJIAABIBAETCS B KOHTPOJBHBIE CPOKH.
WNudopmuporanne pyxosoactsa UPLI o cocrossHnm nen

CoBepIIeHCTBOBaHHE MEXaHNW3Ma KOHTPOJISI CO3/1aJI0 YCIOBHS AJIsl HCTIOIBb30BaHMs HH(pOpMan
0 HAapYIICHUIX KOHTPOIBHBIX CPOKOB IIPU BBHITTOJIHEHUH 33/IaHUN B PAMKAX €KECHEJCIbHBIX COBEILIAHUHN
«JleHbp oneHku KadecTBa» TmpousBojcTBa WPIl myisi omepaTUBHOrO KOHTPOJA U IPUHATHA
KOPPEKTUPYIOIINX ACHCTBUIM.

CrienajucT TPYNONbl MPOM3BOJACTBEHHOTO Y4deTa BBHIMONHACT (DYHKIHMH MO BEACHUIO (QoHAA
anroputMoB u nporpamm WPLI. B pamkax naHHOH (QYHKIHH OH OCYIIESCTBIISIET PErUCTPALIMIO U yUYET
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BCEH JOKyMEHTALMH MO MPOEKTY HH(OPMAIMOHHOW CUCTEMBI, MMPEAyCMOTPEHHON MHCTpyKUuei [11]:
3aJaHUl, TEXHWYECKUX 3aJaHUi, aKTOB BBOAA B OKCIUIyaTallMI0, WHCTPYKLHUH IOJIB30BAaTENs K
IPOrpaMMHOMY OOECIIEUECHUIO U T.JI.

CoBeplICHCTBOBAaHHE MEXaHHW3Ma CTUMYJIHPOBAaHHA B IpOLECcEe YIPaBICHUW pealu3alun
3aaHuil Ha pa3paboTKy mporpaMMmHOro obecrnederns IC Ha ocHOBe MeXxaHM3Ma KOHKYPEHITUH

Kpatkoe onucanue BHEAPEHHOTO0 MEXaHU3Ma YIIPABJICHUS.

MexaHn3M MOTHBAaLMU OMUCaH B JOKyMeHTe «llomokeHre o MoTHMBalMK pPabOTHUKOB IIexa
ANTOPUTMOB M TIporpaMMm TnpomsBoacTBa «MHPOpPMaMOHHO-pacUETHBIH LEHTP» TOJOBHOTO
nonpazaenenus PYII «bentemekom»» [14]. CTpyKTypa OIUIaTH TpyAa MMOKa3aHa Ha PUCYHKE 8.

Tlognnienne TapudHOro ormaga
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Puc. 8§ — CtpykTypa onnarel Tpyaa HHKEHepoB-miporpaMMucToB LIATI
[Mpumeuanue — Mcrounnk: coOcTBeHHAs pa3paboTka Ha ocHOBe [13, 14]

OmnpeneneHne TNEPCOHANBHBIX YCIOBHH OIUIAThl Tpynaa (TOBBIMIEHHME Tapu(HOTO OKJIaaa
BBICOKOKBAJIU(UIIMPOBAHHBIM ~ paboTHHKaM B  chepe  HMHPOPMALMOHHO-KOMMYHHKAITHOHHBIX
TexHoyoruii) pabotHukam LIAIl ocymecTBisieTcs B 3aBUCHUMOCTH OT KadecTBa HMX palOTHI,
CBOEBPEMEHHOT'O BBITIOJIHEHUSI TPOEKTOB (3a[1a4), U UX 3arpy>KEHHOCTH.

OddekT oT BHEAPEHHS MEXaHU3Ma YIIPaBICHHUS.

3HAYUTEIFHO TIOBBICWIICS yPOBEHb 3aWHTEPECOBAHHOCTH MPOTPAMMHUCTOB B pEIICHHHA U
NOCTaBJIeHHBIX 3a7a4. OcOOEHHO 3TO KacaeTcsl ONMBITHBIX MPOTrPaMMKCTOB, KOTOPBIE XOPOLIO 3HAIOT
9KCIITyaTupyeMble HHPOPMAMOHHbBIE CHCTEMBI M MOTYT IOKa3aTh BHICOKYIO PE3YyJIbTATUBHOCTb.

Y pyKOBOJCTBa MOSBHIACH BO3MOXKHOCTh OOpaTHTh BHUMAHUE HA TPOTPAMMHUCTOB, pabOTArONIHNX
¢ Hu3kuM KTV . Cutyanus ¢ 3arpy>k€HHOCTBIO IIPOrpaMMHCTOB M X KOMITETEHIIMEN cTajia MpO3pavyHOH.

3akiaouenue

B pesynbraTe BbIMONHEHWS pPaOOTHI JOCTHTHYTa TMOCTAaBJICHHAS IIellb: pa3paboTaHbl H
000CHOBaHbI PEKOMEHIAIIMY TI0 MOBBIIICHUIO PE3YJIbTATHBHOCTH CUCTEMbBI YIIPABJICHUS Pa3paOdO0TKOM
T1O B UPI] PVYII «bentenexkom». Periensl Bce 3a1a4u UCCIICI0BAHUS.

OcCHOBHEBIE pe3yNbTaTHI:
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1. UzyueHbl TeopeTHYeCKHE OCHOBBI YNPABICHUS AKTUBHBIMH CHCTEMaMH; IOKa3aHO, YTO
KITFOYEBBIM OTPAaHWYCHHEM JIEHCTBYIOIMIEH CHCTEMBI SBISIETCS WTHOPHPOBAHWE AaKTUBHOCTH
COTPYJTHHUKOB, YU€T UCKAXXCHUS UMH HH(POpPMAaINH, BEIOOpP COCTOSHHUSA, HE COBIAAAIOIIETO C IJIAHOM,
He0OpPOCOBECTHOE MOBEJCHUE U APYTHE ACHCTBHSL.

2. [TpoBenén ananus cucteMsl ynpasieHust MPLI; BbIsIBICHBI «y3KHe MecTa»: CIa0blil KOHTPOIb
(haKTUYEeCKOTO BBIMIOJIHEHWS 3a1a4, HEJO0CTaTOYHAas MOTHBAIHSA OIBITHBIX IPOTPaMMHCTOB,
HEIEHTPAIN30BaHHBIA YUET pe3yIbTaTOB.

3. IlpeanoxeHsl ¥ YaCTUYHO BHEAPEHBI TPU MEXaHU3Ma YIPABICHUS:

— aBTOMATHU3AaIlns IUTAHUPOBAHUS U yuéTa Ha Oase Jira;

— HeHTpanu3anys GyHKIFH KOHTPOJIA U aHaJIn3a B TPYIIE MPOU3BOICTBEHHOTO YUETa;

— KOHKYPEHTHOE CTUMYJIHpOBaHue nporpaMMucToB uepe3 KTV u nuddepeHunanuo oxiamgos.

4. TlokazaHo, 9TO BHEAPEHWE ITHX MEXAaHW3MOB TOBBICHIIO TPO3PAaYHOCTh, NWUCIUILUINHY U
3aMHTEPECOBAHHOCTH COTPYIHUKOB.

Teoperuueckasi 3HaYUMMOCTb — pad0Ta AEMOHCTPUPYET IPUMEHHUMOCTh TEOPHU aKTUBHBIX CUCTEM
K peaJIbHOMY TIPOHM3BOICTBEHHOMY TopasaeneHnio U T-npoduist u yrouHsieT MeXaHU3MBbI YIIPaBICHUS
(KOHTPOIb, CTUMYJTUPOBAHIE) AJIS1 YCIOBHU C BBICOKOW aKTUBHOCTBIO ar€HTOB.

[MpakThyeckasi 3HAYMMOCTh — MPEATIOKEHHBIE MEXaHHU3Mbl MOTYT OBITH MaclITa0MpPOBaHBI Ha
npyrue uexa HPIl m npouepHue cTpykTypel «benrenexkoma», a TakKe MCIIONb30BaHbl IIPU
aBTOMATH3AIMN YIIPABICHUS TIPOCKTaAMH.

Orpanudenus padotsl. [Ipeanoxkennsie pemeHus 3QPEKTUBHBI TPH OTHOCUTENHFHO CTA0MIEHOM
OpraHM3alMOHHON CTPYKType M JOCTAaTOYHOH KBayM(UKAIMKA TIEpCOHana. B yCIIOBUSIX BBICOKOI
TypOyneHTHOCcTH Win Hu3koi U T-rpamoTHOCTH TpeOyeTcs amanTaus.

[epcrieKTHBBI TaTbHEHIINX UcCIeaoBanuii — BHeapenue Kanban/Scrum B Jira, ucrnons3oBanue
Confluence nmnst moxymenraruu, uwuterpanus ¢ Bitbucket, passutme cumneprermueckoro mozaxoma
(ympaBiieHHE uepe3 caMOOpraHu3alnIo, UCTIOIb30BaHNE SJHEPTUU KPHU3HCA).

Tak Ke TEepPCHEeKTHBHBIM SBISIETCS JallbHEHIIee COBEPIICHCTBOBAHHE MEXaHH3MOB
KOHKYPEHTHOT'O CTUMYJIHpoBaHuA [16], MpUMeHAeMOro K IMpOorpaMMHCTaM, YTO U PEaTU3yeT UICI0
COLIMAJIFHOTO AaTTPaKkTopa M KPEeAO pa3BUTHSA COBPEMEHHOTO COLMAIBHOTO YIPABICHHS: OT
NPUHYKICHHS K TTO0YXIeHHIO (T.e. MoTHBaIiK) [1].

IMPROVING ORGANIZATIONAL CONTROL MECHANISMS FOR SOFTWARE
DEVELOPMENT IN THE INFORMATION AND SETTLEMENT CENTER (ISC) OF
RUE «BELTELECOM» BASED ON ACTIVE SYSTEMS THEORY

D.M. HARBUKOU

Abstract. The paper examines theoretical and practical aspects of software development
management in the Information and Settlement Center (ISC) of RUE «Beltelecom» based on the
theory of organizational systems management and the concept of agent activity. An analysis of
existing management mechanisms (planning, motivation, control) is carried out, their drawbacks
related to possible information distortion and deviations from plans are identified. Measures to
improve organizational mechanisms are proposed and justified: automation of management based
on Jira, centralization of accounting and control functions, introduction of competitive incentives
for programmers. It is shown that the implementation of the proposed measures improves the
efficiency of the ISC production management system. The possibilities of applying the synergetic
approach and self-organization for further development of management mechanisms are also
considered.
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Keywords: management cycle, organizational systems management, active systems, control
mechanisms, software development, RUE «Beltelecom» ISC, Jira, motivation, control, synergetics,
self-organization.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU

VIIK 004.932

©®OPMHPOBAHME 3TAJIOHHBIX ITAP COBMEHIEHHBIX
PABHOMOJAJIbHBIX PASBHOBPEMEHHbBIX U30BPA’KEHUN IVI51 OHEHKHA
KAYECTBA JETEKTUPOBAHMUS JIMHUHU

E.M. IEMETOBUY, I''A. ®POJIOB, M.U. 30PbKO, B.B. HEIIMKOBA, B.1O. [IBETKOB

benopyccxuii cocyoapcmeennvlii ynusepcumem ungopmamuxu u paouosnekmponuxu, Pecnyonuxa Benapyce

Hocmynuna 6 peoakyuro 20.04.2026

AHHoTanus. PaccMaTpuBaercs 3a1a4a OLIEHKH YCTOHYMBOCTH JIMHUN Ha H300paKEHUAX BUAUMOTO
¥ MH(PAKPACHOTO AMAIA30HOB K M3MEHEHHIO IOT'OJHO-BPEMEHHBIX YCIOBHH BHIICOPETUCTPALIUH.
HccnenoBaHbl 3Ha4SHUsI B3BEIICHHOTO KOJIMYECTBA HECOOTBETCTBYIOLIMX OOBEKTOB Ha ATATOHHBIX
rapax, COBMEIICHHBIX Pa3HOMOJAIBHBIX Pa3sHOBPEMEHHBIX H300paKeHUil. YCTaHOBIEHO, YTO
BeiiBNIeT-peoOpa3oBaHne 10 CpaBHEHHUIO C IpeoOpa3oBaHneM K»>HHHM oOecneynBaeT BBIJCICHHUC
GoJiee yCTOWYMBBIX JTMHUH, COXPAHSIONIIX CBOE MOJI0KEHHUE TIPH N3MEHEHHH TTOTOTHO -BPEMEHHBIX
ycIoBUi (OpMUpPOBaHUs N300paKEHUH B BUAMMOM M HH(PaKpacHOM Jnara3oHax.

Kniouesvie crnosa: I'omorpadus, pazHOMOAAIbHBIC H300paXEHUS, PA3HOBPEMEHHBIE H300paXKeHHS,
KoMmnbproTepHOE 3peHne, OpenCV, Qt, coBMemieHrne H300pakeHnil, AETEKTOp INHAMA, BEHBIIET.

Beenenue

Jiss opueHTUpOBaHUSI B MPOCTPAHCTBE MOOWJIBHBIM POOOT HCIONB3YeT KIOYEBbIE OOBEKTHI.
YacTo B Ka4ecTBE TaKMX OOBEKTOB BBICTYIAIOT TOUKU N300pa’keHHUH, JTOKAIU3yeMble Ha H300PaKEHUIX
B MECTaxX pe3KOro HM3MEHEHHs! IpaJueHTa C MOMOIIBI COOTBETCTBYIOIIMX aeTektopoB [1, 2]. B
YCIOBUSX OTKPBITOTO MPOCTPAHCTBA M3MEHEHHE II0TO/I0-BPEMEHHBIX YCIOBUH (QOpPMUPOBaHHUS
n300paXEHUH PpE3KO YCIOXKHIET 3aJady COIOCTABICHUS KIIOYEBBIX OOBEKTOB M300paKEHUI.
Jlokanuzanus TOUYEK B 3TOM Cllyyae OKa3bIBaeTCsl KpaiiHe HecTaOUIbHOM, YTO TpeOyeT HCIIOIb30BaHUS
0oJiee yCTOMUUBBIX KIIFOUEBBIX 00BEKTOB, HAIPUMED, JIMHKMN. VccliefoBaHne YCTOHUMBOCTH KITFOUEBBIX
00BEKTOB K M3MEHEHHUIO MOTOAHO-BPEMEHHBIX YCIOBHH CTAHOBHUTCS KPUTHYECKHM Ba)KHOU 3afaueil U
TpeOyeT co3naHus HaOopa 3TAJTOHHBIX NAHHBIX JUIS TECTUPOBAHUSI NETEKTOPOB KIIIOYEBBIX TOYEK.
Lenbto paboThl siBAETCSl pa3pabdoTKa MPOrpaMMHOIO CPEACTBA IPOCTPAHCTBEHHOI'O COBMEIICHHUS
Pa3HOMOJATIBHBIX N300paKeHUH, HEOOXOAMMOTO IS HOCIIeIYIOIIEro aHann3a u 00pabOTKH TaHHBIX U3
Pa3IMYHBIX HMCTOYHHMKOB (ONTHYECKHE, TEIJIOBU3MOHHBIE, MYJIbTHCIEKTPAIbHBIE, PEHTICHOBCKHE
n300paxeHus1, JaHHBIE pafapa ¢ CHHTE3UPOBaHHOHN anepTypon).

AJ'[FOpHTM MOJayaBTOMATU4Y€CKOI0 (l)OpMHpOBaHHSI ITAJIOHHBIX Map, COBMECICHHBIX
PasHOMOAAJBbHBIX PAa3HOBPEMECHHDLIX n306pame}mifl

Pa3pabotaH aaropuT™ noryaBTOMaTHYECKOTO COBMEIEHHS Pa3HOMOAAIBHBIX pa3HOBPEMEHHBIX
n300pakeHNH, TOJIYYEHHBIX B OOIIEM ciydae pa3HOAMANa30HHBIMH CEHCOpaMH B Pa3MHYHBIX
MacmrTabax, paKypcax, B pa3jIMdHbIe MOMEHTBHI BPEMEHHU (pa3iuyHble CE30HHOCTh, BpPEMS CYTOK), B
Pa3HBIX OTOJHBIX YCIOBUAX. AJITOPUTM COCTOMUT U3 CIETYIOIUX 1Iaros.

1. 3arpy3ka HCXOOHBIX HM300pakeHwii | A(tl)n IB(tZ), MMOJTyYCeHHBIX KamepamMu A u B B
mMomeHThI Bpemern { u i, .
2. Ha3nadyenue omopHOW ToOukH P,p. (tl) B BEPXHEH JIEBOW 4YETBEPTH H300paKeHUS IA(tl).

Bb160p [U1s1 Hee cOOTBETCTBYOMIEIT OOPHO#H Toukn Py (t2 ) mobpaxenus | (tz) .
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3. Haznauenue onopHoit Touku P, (t1) B BEpXHEH mpaBoi ueTBepTH H300paxeHus |, (t1)
BrI00p 11715 HEe COOTBETCTBYIOIIEH OMOPHOI TOUkH Py (tz) n3o0paxenus | (tz) :

4. HazHaueHue onopHO# Touku P,y (tl) B HIDKHEH 71eBoi ueTBepTH n3o0paxenus |, (tl) . Be16op
71 Hee COOTBETCTBYIOLIEH ONOpHON Touk Pgg (tz) mo0paxenus | (t2 ) :

5. Haznauenue onopHoit Toukn P,gp (t1) B HIDKHEH IpaBoil ueTBepTH M300paxeHus |, (t1) :
BrI60p U1 Hee COOTBETCTBYIOIIEH OMOPHOM ToUkU Pyp (tz) uzobpaxenus |y (tz) :

6. ®opmupoBanue MaTpuusl H ( I\ (ti), I (t2 )) romorpaduu [3] ¢ momoupio anropurma fr

(DLT — Direct Linear Transformation) Ha ocHOBe COMOCTaBJICHHS COOTBETCTBYIOIIMX Map OMOPHBIX

Touek msobpaennit |, (t,) u 15(t,), H (lA (tl), g (tz)) =
= fDTL ( I:)ATR (tl)’ I:)BTL (t2 ); PATR (tl)’ PBTR (tz); PABL (tl)’ PBBL (tz ); PABR (t1)’ PBRL (tz )) '

hy, h, hs
H(IA(tl)’IB(tz)): hy, hy hy
hyy hy,  hy

7. Tomorpadpus wuzobpaxenus |, (t2 ) . ®opmupoBaHue MPeoOPa30BAaHHOTO H300PAKEHUS

I (tz)B pesylbTaTe IepeHoca KakJIoro NUKcens uzoopaxkenus |g (tz) C KOOpAMHATAMH (yB, XB)B
nKcens n3oopakenus |g (t2 ) C KOOpIUHATaMU (yB y Xg ) , BBIYHCIISIEMBIMH C IOMOIIBIO BRIpKeHH i [3]
— h21XB + h22 yB + h23

ha1Xg + Ny, Vg + g ’

_ MuXg +h, Y 0y

hayXg + Py, Vg + Ny .

)

B

(2)

B

8. OoOpe3ka m3obOpaxenuid | A(tl) u |B(t2). Beibop nmByx Touek Ha u3obpaxkeHun | A(tl),
OTMEYAIOUINX BEPIIMHBI Ha JHAroHald MPsIMOYTOJIBHOTO OKHa, M mouck anroputmMamMu(ORB, AKAZE,

BRISK) nByx cooTBeTCTBYIOIMX TOYEK HA M300pakerun |g (t2 ) . ®dparmeHTs! n300paxenuit |, (ti) u

I B (t2 ) , OIrpaHUYICHHBIC 3aJaHHBIM IpAMOYTOJIbHBIM OKHOM, COXPaHAIOTCA B Ka4yCCTBEC

COOTBETCTBYIOITUX ATAJIOHHBIX N300pasKeHUH.

IIporpammHoe oGecneyeHne NOATOTOBKHU Map, COBMENIEHHBIX PA3HOMOJAILHBIX
Pa3HOBpPeMEHHBIX U300paKeHU

Hns peanuzanmu pa3paOOTaHHOTO aNrOpUTMa II0JIyaBTOMaTHUECKOro (OPMUPOBAHUS Tap
COBMEIIEHHBIX Pa3HOMOJAIBHBIX Pa3HOBPEMEHHBIX H300pakeHHH pa3paboTaHO COOTBETCTBYIOIEE
IporpaMMHoOe cpeacTBo Ha si3bike C++ ¢ ucnonb3oBanneM Qt u OpenCV. IIporpamMmHoOe cpeacTBo
oOecrieyrBaeT 3arpy3Ky napsl n300paxeHuit (puc. 1), ”HTEPaKTUBHBINA BBIOOP Ha HUX OMOPHBIX TOYEK
C WCIIOJIb30BAHUEM MACIITA0OUPYEMBIX OKOH U MUKCEILHOW MO3aWuKH JUIsl TTOBBIIIEHHUS TOYHOCTH WIIH
aIbTEPHATHBHO Yepe3 BBOJ KOOPAMHAT (pHC. 2), C BO3MOXKHOCTHIO MX IMOCIIEAYIONIEr0 PelakTHPOBAHNSI.
[locne BbIOOpa COOTBETCTBYIOIIMX TOYEK BBIYMCIACTCS MaTpula roMorpaduu, OCYILECTBISETCS
mpeoOpazoBaHME BTOPOTO W300paKEHHS OTHOCHUTENBHO TIEPBOTO, BU3yaTW3allUs HATIOKEHUSI
TpaHC(HOPMHUPOBAHHOTO H300paKEHHS ISl BEpUPHUKAIINY, TPEIOCTABIISETCS BO3ZMOKHOCTD BhIJICIICHHS
U COXpaHEHMs MPSMOYTOJBHOW 00JaCTH HMHTEpeca C MOMOLIbI0 COOTBETCTBYIOIIMX MPOTPAMMHBIX
MHCTPYMEHTOB. [ ympomeHus paboTsl omeparopa MOACPKUBACTCS BO3MOXHOCTb COXPAaHEHHS U
3arpy3Kd JAaHHBIX 00 M300paKEHHSAX U YK€ BHICTABJICHHBIX Ha HUX TOYKax. [IporpamMMHOe CpeiIcTBO
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MO3BOJIIET CO3/I1aBaTh BBICOKOKAYECTBCHHBIC pPA3MEUYCHHBIC HAOOpHI JaHHBIX, HEOOXOIUMBIC IS
oOydeHus 1 BepuUKaINK alTOPUTMOB aHATIN3a.

Podim s petsame timin

Puc. 2. nTepdeticel mporpaMmsl Uit BBOAA KOOPAMHAT KITIOYEBBIX TOYEK U (OPMHUPOBAHHS 00JIaCTH HHTEpeca

OIIeHKa KavyeCTBa J€TCKTOPOB JMHUHA ¢ HCOJb30BAHNEM 3TAJTOHHbBIX map COBMCIICHHBIX
Pa3HOMOJAJBHBIX PAa3HOBPEMECHHDLIX H306pa>xeﬂm‘i

Jns oueHkHM KadecTBa JETEKTOPOB JIMHUM Ipe/ylaraercs HCI0Jb30BaTh YCTOHYMBOCTD
BBIICJIIEMBIX HMMH JIMHAH K HM3MEHEHHIO IIOTOJHO-BPEMEHHBIX YCIOBHH  (opMupoBaHus
Pa3HOMOJIANTBHBIX M300paKeHUH KaMepaMu BUMMOTO ¥ MH(PaKpacHOTO AMANa3oHOB. Y CTOWYNBOCTh

JIMHAMN npeaIara€Tca OLCHHUBATH 110 3HAYCHUIO B3BCHICHHOI'O KOJIHMYECTBA NE HECOOTBCTCTBYIOINX

00BEKTOB, BBIUHCISIEMBIE B pe3yinpTaTe npuBeneHus kommdectBa N = Ng (tl,t2)+ N (tz,tl)

HecooTseTcTBytomux 00bektoB N¢ (,,t,) u N¢ (t,,t,) Ha nsodpaenmsx |, (t,) n Ig (tz) K 001emy

xommaectBy Ny = N (t,)+ N (t,) o6bexros na omrom N () n apyrom N (t,) msobpaxenmsx

¢ momoiipl0 BbpaxeHus N zk. N3o0paxeHnss OTIMYAIOTCS SIPKOCTBIO, KOHTPACTOM,
o)
pacmpenencHHEM TeHEW, TMIOJIOKEHUSIMH JTWHAMHYECKHX OOBEKTOB. Pasmnums B yClIOBHAX
(hopMHUpOBaHUS N300paKECHUI TIPUBOJIAT K U3MEHEHHUIO KOJIMIECTBA U TTOJIOKECHUS JIMHUH, BBIICITSIEMBIX
JeTekTopaMu. B pesynbraTe Ui MHOTUX JIMHHE OJHOTO HM300paXEHUs OTCYTCTBYIOT JIMHHH B
COOTBETCTBYIOIIMX KOOpAMHATAaX Ha JPyroM nu3o0paskeHnu. B urore, mpu cpaBHEHNN Pa3sHOBPEMEHHBIX
KaJpOB BO3HUKACT 3HAUYMUTEIBHOE KOJIMYECTBO JIOKHOIOJIOKUTEIBHBIX M JIOKHOOTPULATEIBHBIX
pe3ynbTaToB AeTekTHpoBaHus. Ha puc. 3 1 4 mokazaHbl STaJIOHHBIE TAPHl COBMELICHHBIX H300pakeHUH
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BUAMMOTO M MH(PAKPACHOTO AUANa30HOB CHATHIE C Pa3HBIX PaKypCcOB B pa3HbIE MEPUOIBI BpEMEHU U
KOMOMHHUPOBAaHHbIE H300paXEHUsI, KOTOPHIE SABISIOTCS PE3YJIbTATOM HX CIUSHHS.

NzobpakeHus BunuMmerii tnana3on

WudpakpacHsIil quamnazon

KombOuaMpoBaHHBIH

JIAAaIa3oH

Puc. 3. DranoHHbIe Mapbl COBMEIICHHBIX H300paXeHUH (TIEPBhIiA pakypc)

N306pa-

BuauMmerit quanazon
JKCHUS

WNudpaxpacHsiii nuana3zox

KoMOuHUpOBaHHBIH TUana3oH

1(t)

I(t,)

(t;)

Puc. 4. DtanonHbIe napbl COBMEICHHBIX H300paeHUH (BTOPOit paKypc)

B T1a6n. 1-3 npusenens! B3Beuennbie ommbku (N ) feTeKTupoBaHUs KOHTYPOB JETEKTOPOM

KaHHH U BeiiBIIeT-1eTeKTOpOM, IipH Kodddurmente nepekpoitus Kx=0.75 u nunaranun d=0. 3HaueHue
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kx=0.75 o3Hauaer, 4to 75 % JIUHHUN HA OTHOM H300PaKEHUH COBITAIO Ha BTOPOM, YTOOBI OHHM CUHTAIHNCH
cosnaBumu; =0 03Ha4aeT, 4TO KOHTYPHI B IKCIIEPUMEHTAX HE PACIIUPSIOTCS.

Ta6a. 1. B3BenmeHHbIe XaPAKTEePHCTHKH NE pe3yabTaTOB 1eTEKTHPOBAHUA 00bEeKTOB (NMepPBbIi

pakypc)
Jerexrop
3uaverms N g VIS STAJIOHHBIX Hap H300pakeHHHl B pa3IMYHbIX JUara3oHax
BUJIUMBIN nH(pakpacHbIiH KOMOHMHHMPOBAHHBIH
Konnu [3] 0,902 0,870 0,870
Beiisner [4] 0,695 0,637 0,771

Tabn. 2. B3BemeHHbIE XaAapaKTEePUCTUKH NE pPeE3yJbTATOB NETCKTUPOBAHUSA OGLGKTOB, MOJIYY€HHBIE

BeliBJIeT-1eTEeKTOPOM (BTOpPOii pakypc)

CpaBHI/IBaCMLIe Tapsl

3nauerms N E WIS STAIOHHBIX Nap H300PaXKEHHH B PA3IMYHBIX THAIla30HaxX

MU300paKeHU
BUIUMBIN nH}ppaxpacHbI KOMOHMHHMPOBAHHBIH
I(t) u 1(t2) 0,910 0,786 0,837
I(t2) u I(ts) 0,764 0,729 0,723
I(t2) u I(ts) 0,720 0,760 0,768

Tabn. 3. B3BemeHHbIE XapaKTEePpUCTUKH NE pPeE3yJbTAaTOB NE€ETCEKTUPOBAHUSA Oﬁ'l)eKTOB, MOJYY€HHBIE

nerekTopom Kannu (BTopoii pakypc)

CpaBHHBaeMbI€ TTapbl

3HaueHus N g /UL STAJIOHHBIX T1ap I/I306pa.)KeHPlﬁ B Pa3/IMYHBIX IUariazoHax

n300paKeHUH
BHUIUMBIT vHppaKpacHBII KOMOWHHMPOBaHHBIH
I(ty) m 1(t2) 0,982 0,978 0,983
1(t0) m 1(t3) 0,980 0,979 0,991
I(t2) u I(t3) 0,984 0,976 0,988

N3 Ttabnm. 1-3 cnemyer, 4TO JHMHWHW, BBIJENSEMBIE C IOMOIIbIO BEHBIET-IpeoOpazoBaHUs,
3HAYUTENFHO 00Jiee YCTOWYMBBI K HM3MEHEHHIO TIOTOJHO-BPEMEHHBIX YCIOBUH (HOpMHUpOBaHUS
M300paKCHUN 0 CPABHEHHIO C JIMHUSAMHU, BBIICIIEMbIMH C ITOMOIIBIO MpeoOpa3zoBanust Konuu, mis
M300pakeHNH BCEX AMANa30HOB.

OueHka 3aBUCMMOCTH 1eTeKTUPOBAHMS JUHUI 0T OKa3aTeJeil METPUK OLEHNBAKOIIUX
Ka4yecTBO IIU(POBBIX U300paKEeHU I

Onenka kaudecTBa IMGPOBBIX H300pakeHuid (image quality assessment, IQA) — 310
HEOTHEMJIEMBIH dTall MX aHaJM3a B PA3JIMYHBIX aBTOMATU3MPOBAHHBIX cucremax. [loHsTHEe KadecTBa
MOYKHO TPAaKTOBATh MO-Pa3HOMY, B 3aBUCHMOCTH OT IeJIei UCIIONIL30BAHUSI H300PKEHUH OHO MOXKET
OBITh CBSI3aHO KaK C BU3YaJbHBIMH, TaK M C XYJI0KECTBEHHBIMH OCOOCHHOCTSIMU BOCTIPHSITHSI CHUMKA
yenoBekoM. PakTopbl, BAUAIOLINE HA KAYeCTBO, BKJIIOYAIOT B ce0s pPABHOMEPHOCTH OCBEIICHUS CLIEHBI
U SIPKOCTb M300paXEHUS, €ro pa3pelleHre, KOHTPACTHOCTh, PE3KOCTh M TOYHOCTH LIBETONEPEAAUH.
Hanee Oyayt paccmotpensl MeTpuku SSIM u koppesnsinust [Tupcona [5].

@OyHKIUS BBIYHCICHHUS HMHAEKCA CTPYKTYPHOTO IOJOOMS OCHOBaHA Ha JIOKAIBHBIX OICHKaX
CXOJICTBA SSIM, BHIYMCIICHHBIX MEXIY JABYMsi OKHamu X 1 Y pazmepom NXN mukcesnel, paccyuTaHHBIX
BOKPYI' COOTBETCTBYIOIIMX THKceleld Ha m3o0paxeHnsx A u B paBHBIX pa3MepoB cOTJacHO
BBIPAKEHHIO:

(2pxuy+cl)*(20xy+c2)
(K2 +12 +¢,)* (0l +05 +c, )

. .2 o
rac HX — CPEOHEC 3HAUYCHHUC B OKHE X; “y — CpCOHCC 3HAUYCHUC B OKHEC Y, O, — AUCIICPCHA 3HAUCHUU B

ssim(x,y)=

.2 o . -
OKHE X; O — JUCICPCHs 3HAUCHHH B OKHE Y; O, — KOBapHAIWs B OKHAX X U Y; KOHCTAHTHI ¢ =(kiL)’ n
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C,=(koL)? L=255, — 3HaueHHUs AMHAMUYECKOTO JHUAINa30Ha IOMYCTUMbIX 3HaueHui spkocty; ki=0.01,

k2=0.03 — skcneprMeHTaIBHO ONpe/ieNieHHbIe KOHCTAaHThI. MToroBeiii nHaeke SSIM 1 n300paxeHuii
A u B BpIuncisieTcs Kak cpeHee apu@pMeTHIeCKOe JIOKATBHBIX OLIEHOK MO popMyIie:

SSIM (A, B)= Zssnm (% Y),

roe A u B — nBa I/I306pa)KCHI/I$I OJIMHAKOBOTO pa3zMepa, M — kommuecTBO OKOH. Kaxkmast JiokampHas
OIICHKa ssim(x, y) pacCYATHIBAETCS B OKPECTHOCTH Ka)XKIOI'0 MUKCEIsI ¢ KOOpAWMHATaAMU (X, y) C

HEKOTOPHIM Iiarom. 3Hauenus uugexca SSIM nexar B quanazone [-1,1].

®dyHKkus BeuuciieHus koddduimenTta koppensuuu [lupcoHa ocHOBaHa Ha aHAJIM3E JIMHESHHOW
3aBHUCHMOCTH MEXIy AByMs m3o0paxeHmsiMu A m B omgmmakoBoro pazmepa NXM mumkceneir. Ona
BBIUUCIISICTCS KaK OTHOIICHHE KOBapWAllMK 3HAUCHWH SPKOCTH MHKCENEH W300pakeHul K
IMPOU3BCACHUIO UX CTAHJAPTHBIX OTKJIOHEHHH COTJIacHO BI)Ipa)KCHI/IIO:

Z.E_l(' ) =T (1 (i, 1)-T5)
\/Z DI TA)Z '\/ZiN_lZT-l('B(i’ i)-T,)?

rre |, (i, j) ulg (i, j) — 3HaYeHUsl SIPKOCTH MHUKCEIEH B KOOPAMHATAX (i, j) uzobpaxenuss A u B

corr (A,

cootBeTcTBeHHO; |, U |, — cpenHue 3HAUEHNMS APKOCTU N0 BeeMy n3obpaxenuto A u B.

3nayenns Kodpduimenta koppensuuu Ilupcona nexar B auanazone [—1,1]. 3nauenue 1

JOCTUraeTcsi, Korga M300pakKeHUs! MOJHOCTbIO MACGHTHYHBI (JIMHEHHas 3aBHCHUMOCTb); 3HaudeHue 0
YKa3bIBaeT Ha OTCYTCTBHE KOPPEJSLUM, a 3HAUYCHHE —| CBHIETEIBCTBYET O TOM, YTO HM300payKeHHUs
SIBJISIFOTCS. MHBEPTHUPOBAHHBIMK (HETATHMBHBIMHU) KONHUSMHU JPYT npyra. B otnmume ot maaekca SSIM,
ko3 unment koppensuu [Tupcona BEIUUCIsETCs Il BCEro M300pakeHuUs ENUKOM (TTI00aIbHO), YTO
o0ecreyrBaeT ero BBICOKYIO BBIYUCIUTENbHYIO 3()(pEKTUBHOCTD.

Tabn. 4, puc. 5 SBIAIOTCS CBOAHBIMH JUIsi TOKazarenel cxojcTBa u3oOpakenuid SSIM wu
ko3¢ unmenra koppesiipu [Tupcona (Pearson). U3 tabi. 4 ciieyer, 4To BEIOOP METPHUK CXOJICTBA BIIUSET
Ha OLEHKY KadecTBa OOpabOTKM: HHM3KHE MOKasaTedn Koppemsimuu [lupcoHa B KOMOWHHMpPOBaHHOM
Jtarna3oHe TpeOyIOT UCTIONB30BaHus 00Jiee HaeKHOTO CTPYKTYpHOTo MHAeKkca SSIM.

Tabn 4. lloka3aTean CTPYKTYPHOTO U JMHEHHOro CX0ACTBA H300paKeHU N

Juanazon CpaBHHBaeMEbIe SSIM Pearson CpaBHHBaeMEbIe SSIM Pearson
napsl H300paskeHUH napbl H300paskeHUH
By MBIt I(ty) u I(t2) 0,71 0,85 1(t2) u I(t3) 0,59 0,76
I(t) m I(ts) 0,58 0,72 Ia(t1) u Is(t2) 0,81 0,94
WnppaxpacHsiit I(t) m I(t2) 0,73 0,84 1(t2) u I(t3) 0,69 0,78
I(ty) u I(t3) 0,69 0,73 Ia(t2) u Is(t2) 0,81 0,85
KoMOUHHUPOBaHHBIN I(ty) u I(t2) 0,66 0,20 1(t2) u I(t3) 0,63 0,42
I(ty) u I(t3) 0,60 0,17 Ia(t2) u Is(t2) 0,85 0,84
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U3 puc. 5 cnenyer, 4TO MPUCYTCTBYET CBS3b MEXKIY CXOJCTBOM M300PaXKEHUM, OMpeIesieMbIX
METPUKAMH U YCTOWYMBOCTH TETEKTUPOBAHUS JTNHHIA.

3akiaouenue

Pazpaboran anroput™ (OpMHPOBaHUS STAJOHHBIX Map, COBMEMICHHBIX Pa3HOMOJAIBHBIX
Pa3sHOBPEMEHHBIX H300pa)KCHUH, MO3BOJSIOIINN C MOMOIIBIO roMorpaduu MO YeTHIPEM 3aJaHHBIM
napaM OIOPHBIX TOYEK Ha JBYX COBMEIIAEMBIX HU300paKCHUAX MOIYYaTh MX CHHXPOHU3UPOBAHHBIE 110
pactpy (parMeHThl. DTaIOHHBIE TAPbl H300paKeHUH HCTIOIB30BAHBI ISl OLIEHKH Ka4eCcTBa JETEKTOPOB
JMHUAN Ha OCHOBE B3BEIICHHOTO KOJIMYECTBA HECOOTBETCTBYIOIIUX OOBEKTOB. Y CTaHOBIEHO, YTO JUIS
M300paKeHUH BUAMMOTO W MH(PpaKpacHOTO MHAIla30HOB BEHBIECT-TIpeoOpa3oBaHHEe IO CPABHEHHIO C
npeoOpazoBanueM K3HHu obOecnieunBaeT BblAeIeHUE 00jiee YCTOWYMBBIX JMHUN, COXPAHSIOIIUX CBOE
MOJIOKCHWE TIPU  W3MEHEHUHM TIOTOJHO-BPEMEHHBIX YCJIOBUH (OPMHPOBAHHS HM300pasKEHHIA.
YcTaHoBNIEHA 3aBUCUMOCTh YCTOHUMBOCTH AETEKTUPOBAHUS JIMHUHA K H3MEHEHUIO TIOTOAHO-BPEMEHHBIX
YCIIOBHUI UX (JOPMHUPOBAHHS OT CXOKECTH N300paKEeHUH.

Baaropapuocts. Pabota BeimonHeHa npu noaaep:kke benopycckoro pecnyOinkanckoro Ggoxaa
¢dynaamenTanbabix uccienaoBanuii (BPOD®U) n HanmonansHoro ¢onma ecrectBeHHbIX Hayk Kuras
(HO®EHK) B pamkax mpoekrta T25KN-054 «TexHOMIOTHS MHOTOKaMEPHOH JIOKATH3AIUN U TIOCTPOSHUS
KapThl OTKPHITOTO MIPOCTPAHCTBAY.

FORMATION OF REFERENCE PAIRS OF MULTIMODAL MULTI-TEMPORAL
IMAGES FOR EVALUATING LINE DETECTION QUALITY

E.M. SHEMETOVICH, G.A. FROLOV, M.I. ZORKO, V.V. CHEPIKOVA, V.YU. TSVIATKOU

Abstract. The problem of evaluating the stability of lines in visible and infrared range images to
changes in weather and temporal video recording conditions is considered. The values of the
weighted quantity of mismatched objects on reference pairs of aligned multimodal multi-temporal
images are investigated. It is established that the wavelet transform, compared to the Canny
transform, provides the extraction of more stable lines that maintain their position when weather and
temporal conditions of image formation change in both visible and infrared ranges.

Keywords: Homography, multimodal images, multi-temporal images, computer vision, OpenCV,
Qt, image alignment, line detector, wavelet.
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Abstract. As robotics is widely used in intelligent manufacturing, logistics and unmanned systems,
multi-robot systems have become a research hotspot for their high robustness, flexibility and
parallelism. Task allocation and path planning are core to collaboration but face challenges in
dynamic environments, communication limits and heterogeneous conflicts. This paper defines the
problem, reviews architectures and algorithms, analyzes key challenges, and prospects future
directions such as embodied intelligence and cloud-edge-device collaboration.

Keywords: Multi-robot systems, Task allocation, Path planning, Collaborative optimization.

Introduction

In major equipment manufacturing and service scenarios such as aerospace, smart warehousing,
and urban inspection, the efficient processing of large-scale complex components and the real-time
response to dynamic tasks impose extremely high demands on the efficiency, flexibility, and robustness
of automation systems. Traditional manual or single-robot operation modes can no longer meet the
demands of large-scale, high-precision operations. Multi-robot systems, leveraging their capabilities for
parallel operation, functional complementarity, and strong fault tolerance, have become a key
technological pathway to address these challenges [2]. However, simply stacking multiple robots
together not only fails to improve efficiency but may instead lead to performance degradation due to
behavioral conflicts and resource competition [3]. Therefore, designing an efficient decision-making
core to achieve coordination among multiple robots is central to current research.

The core of multi-robot collaboration lies in solving two tightly coupled problems: task allocation
and path planning. Task allocation aims to reasonably assign pending tasks to appropriate robots based
on robot states and task requirements to optimize global objectives (e.g. minimizing total completion
time, maximizing the number of completed tasks) [4]. Path planning generates collision-free trajectories
for each robot from their start to target positions, ensuring the safety and feasibility of execution [5].
Early research often treated these as independent sub-problems, employing a sequential allocate-then-
plan strategy. However, in complex dynamic scenarios, this decoupled approach can easily lead to task
allocation that ignores path feasibility, or path planning constrained by rigid task assignments, resulting
in suboptimal solutions or even deadlock [6].

In recent years, academia and industry have gradually recognized the deep coupling between task
allocation and path planning, studying it as a joint optimization problem [7]. Concurrently, with the
development of 6G communications, edge computing, and artificial intelligence, multi-robot systems
are transitioning from structured static environments to unstructured dynamic ones, facing more severe
challenges such as communication constraints, time-varying tasks, and heterogeneous collaboration.
Thus, there is an urgent need to systematically review the collaborative technologies for multi-robot task
allocation and path planning, clarifying the current state of research, key challenges, and development
trends.

This paper aims to provide a comprehensive review of the collaborative optimization of task
allocation and path planning in multi-robot systems. The structure of the paper is as follows: section 2
elaborates on the problem definition and system architectures, section 3 categorizes and reviews
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mainstream algorithms, focusing on coupling strategies, section 4 analyzes the core challenges currently
faced, section 5 concludes the paper.

Problem Definition and System Architectures

Problem Definition. The problem of multi-robot task allocation and path planning can be viewed
as an extension and deepening of the classical Multi-Agent Path Finding (MAPF) problem. Classical
MAPF aims to plan collision-free paths for multiple agents on a shared graph from start to goal positions,
primarily focusing on path feasibility and optimality [5]. Cooperative Multi-Agent Path Finding (Co-
MAPF), building upon this, introduces more complex collaboration mechanisms and integrates task
allocation. Its core lies in enhancing overall system efficiency through active collaboration among agents
(e.g., information sharing, goal coordination) while satisfying collision-free constraints [1].

In problem formulation, an undirected graph typically represents the workspace, along with a
group of agents. Every agent has its own starting position, target position, and corresponding assigned
task. The optimization objectives of Co-MAPF expand from minimizing the cost of a single path to the
combined optimization of multiple indicators, including the number of finished tasks, total completion
time, and system energy consumption. Compared with the traditional MAPF problem, Co-MAPF
changes the way of collaboration from passive collision avoidance to active coordination. It also focuses
on real-time information interaction and dynamic decision-making under the condition of information
dependence.

System Architectures. Based on different decision-making mechanisms, multi-robot system
architectures are primarily classified into three types: centralized, distributed, and hybrid. Their
comparison is shown in Table 1.

Centralized architecture relies on a central control unit with global information, which formulates
task allocation and path planning for all robots [3]. Its advantage lies in achieving globally optimal
planning and high-quality paths. However, its disadvantages include exponentially increasing
computational complexity with the number of robots, poor scalability, single point of failure risk, and
extremely high demands on communication bandwidth and central node computing power [1]. This
architecture is suitable for scenarios with a small number of robots and relatively static environments.

Distributed architecture features autonomous decision-making by each robot based on local
perception and limited neighborhood communication, achieving coordination through negotiation or
preset protocols [4]. Its advantages are strong robustness and good scaling capability, the failure of a
single robot does not affect overall system operation. However, due to the lack of global information,
decisions can easily fall into local optima, and the design of coordination protocols is complex [1]. This
architecture is suitable for large-scale, highly dynamic scenarios, such as drone swarms.

Hybrid architecture aims to combine the advantages of both centralized and distributed
approaches, often employing a hierarchical design [1]. An upper-layer centralized controller handles
global task allocation and rough path guidance, while lower-layer robots perform distributed
adjustments and obstacle avoidance based on real-time local information during execution. This
architecture balances global optimality and local real-time responsiveness, but interface design and
hierarchical communication coordination become new challenges [1].

Table 1. Comparison of Three System Architectures

Architecture Type

Advantages

Disadvantages

Applicable Scenarios

optimization and local
flexibility

hierarchical
communication
bottlenecks

Centralized Global optimization, High computational Static, small-scale
high path quality load, single point of systems
failure, poor
scalability
Distributed Strong robustness, Local optima, complex Large—scale, dynamic
good scalability, coordination protocols swarms
dynamic adaptation
Hybrid Balances global Complex interfaces, Large—scale, complex

tasks
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Figure 1. Three typical multi-robot system architectures

As shown in Figure 1, the three architectures differ significantly in decision-making mode and
communication topology, which directly determines the performance of task allocation and path
planning in multi-robot systems.

Collaborative Algorithms for Task Allocation and Path Planning

Based on algorithmic mechanisms, existing collaborative methods can be classified into search-
based, sampling-based, intelligent optimization, learning-based, and communication-aware planning
categories.

Search-Based Algorithms. Search-based algorithms abstract the environment into a graph and
seek optimal solutions through systematic exploration. In Co-MAPF, typical methods include
Hierarchical Cooperative A (HCA) and its improved version CO-WHCA, which dynamically identify
and resolve path conflicts by introducing a conflict-oriented window mechanism. Conflict-Based Search
(CBS) represents a state-of-the-art optimal solver, employing a high-level search to manage conflict
constraints and a low-level search to plan paths for individual agents satisfying these constraints,
improving efficiency while ensuring optimality. Furthermore, to address the coupling of task allocation
and path planning, variants like TC-CBS have emerged, incorporating team coordination and multi-
objective considerations into the search framework. Search-based algorithms excel in path optimality,
but their computational complexity grows exponentially with the number of agents, posing real-time
challenges in large-scale scenarios [1].

Sampling-Based Algorithms. Sampling-based algorithms, such as Rapidly-exploring Random
Trees (RRT) and Probabilistic Roadmaps (PRM), construct paths by randomly sampling the state space,
making them particularly suitable for handling high-dimensional and complex constraint problems [1].
In Co-MAPF, algorithms like Multi-RRT employ a decentralized iterative framework of plan-compare-
assign treating conflicting parties as dynamic obstacles for local replanning, effectively addressing
collaboration in shared environments. Improved PRM algorithms incorporate considerations like energy
awareness and survival strategies to enhance robustness and energy efficiency in complex environments.
A key advantage of such algorithms is their natural alignment with distributed architectures, supporting
asynchronous parallel planning and reducing centralized computational load. However, their random
sampling nature introduces uncertainty in path quality and convergence speed [1].

Intelligent Optimization Algorithms. Intelligent optimization algorithms, such as genetic
algorithms, particle swarm optimization, and ant colony optimization, search for optimal or near-optimal
solutions by simulating natural collective behaviors or evolutionary mechanisms, offering advantages
in solving nonlinear, multi-objective optimization problems [3]. For example, the Decentralized
Asynchronous Collaborative Genetic Algorithm (DAC-GA) balances local optimization and global
collaboration through low-communication-overhead handover value exchanges. The hybrid algorithm
combining PSO and Artificial Fish Swarm Algorithm (AFSA-PSO) leverages parallel group
optimization and mutation mechanisms, balancing global convergence and local search capabilities.
These algorithms can effectively handle the combinatorial explosion arising from the coupling of task
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scheduling and path planning, but they typically incur high computational costs and require fine
parameter tuning, making optimality guarantees difficult [3].

Learning-Based Algorithms. With the advancement of artificial intelligence, learning-based
algorithms, particularly Deep Reinforcement Learning (DRL), have shown significant potential in
addressing high-dimensional, dynamic multi-robot coordination problems.

Traditional Reinforcement Learning uses tabular methods like Q-learning with designed dynamic
reward functions and collaboration priorities, suitable for discrete, static scenarios. However, it struggles
with state-space explosion in complex environments [1].

Deep Reinforcement Learning approximates policies or value functions using neural networks,
effectively solving high-dimensional continuous state-space problems. In Co-MAPF, the Centralized
Training with Decentralized Execution (CTDE) framework, such as MADDPG, is widely used. It allows
access to global information during training while relying only on local observations during execution,
achieving efficient collaborative obstacle avoidance and path optimization. The introduction of Graph
Neural Networks (GNNs) further enhances communication efficiency among multiple agents. GNNs
inherently possess permutation equivariance, enabling them to handle dynamically changing
communication topologies, allowing robots to aggregate information from neighboring nodes for more
coordinated decisions. For instance, the MACNS framework integrates GNNSs into policy networks to
achieve homogeneous decision-making. Additionally, the PRIMAL series of algorithms combines
imitation learning with reinforcement learning to learn implicit coordination strategies from local,
avoiding explicit communication overhead. Although learning-based methods have high training costs,
their powerful dynamic adaptability and generalization capabilities make them an ideal choice for
handling complex, unknown scenarios [1].

Communication-Aware and Joint Optimization. In multi-robot systems, communication is not an
ideal resource, its bandwidth, latency, and range constraints directly impact system performance.
Therefore, collaborative planning that considers communication constraints has become an important
research direction.

Communication-Aware Planning treats communication link constraints as part of the planning
process, for example, planning robot paths to maintain connectivity with base stations or leader robots,
or optimizing communication quality through formation control. Plan-Aware Communication
conversely utilizes known planning information to optimize communication timing and content, such as
scheduling high-priority communication during critical mission phases or transmitting only the most
crucial state information under bandwidth limitations. Joint Planning simultaneously addresses path and
communication problems through a unified optimization framework. For example, the Task-Control-
Communication joint optimization model proposed in couples NOMA, beamforming, and trajectory
planning, solved using hierarchical reinforcement learning, significantly improving task completion
rates and communication speeds. This line of research signifies that multi-robot collaboration is evolving
from a control-dominant approach towards an intelligent direction of deeply coupled control and
communication.

Core Challenges

Despite significant progress in multi-robot task allocation and path planning, several challenges
remain in practical applications.

Conflict between Algorithm Real-time Performance and Scalability. Search-based algorithms
face exponential explosion when seeking optimal solutions, while heuristic or learning-based
algorithms, though faster, struggle to guarantee global optimality. Achieving millisecond-level planning
for hundreds or thousands of robots while maintaining solution quality remains a challenge [1].

Adaptation to Dynamic Environments and Uncertainty. Real-world scenarios involve
dynamically changing obstacles, randomly arriving tasks, and time-varying communication links,
demanding strong online replanning capabilities. Most existing methods rely on prior modeling and are
insufficiently responsive to emergencies [3].

Collaborative Robustness under Communication Constraints. In practical deployment,
communication inevitably suffers from delays, packet loss, and limited bandwidth. Traditional
algorithms often assume ideal communication, ensuring the robustness of system coordination under
constrained or even intermittent communication is crucial for practical application.
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Deep Coupling between Task Allocation and Path Planning. Simple sequential processing
struggles to achieve global optimality, while fully joint optimization faces extremely high solution
complexity. Designing efficient coupling mechanisms that allow task allocation to perceive path costs
and path planning to feedback task feasibility is key to improving system efficiency [7].

Coordination of Heterogeneity and Large-scale Swarms. Different types of robots (e.g., aerial,
ground, manipulators) have varying kinematics, dynamics, and sensing capabilities, increasing the
complexity of coordinated control. Simultaneously, the expansion of swarm size imposes higher
demands on communication protocols and computing architectures [4].

Conclusion

Multi-robot systems are key enablers for future intelligent manufacturing and smart services. The
collaborative optimization of task allocation and path planning is central to achieving efficient, robust,
and intelligent operations. This paper provides a systematic review of the field from four perspectives:
problem definition, system architectures, mainstream algorithms, and core challenges. The study
indicates that task allocation and path planning are moving from separate design towards deeply coupled
joint optimization, with communication constraints, dynamic adaptability, and scalability being the main
current challenges. In the future, leveraging cutting-edge technologies such as embodied intelligence,
graph neural networks, and cloud-edge-device collaboration to build an integrated communication-
sensing-control collaborative framework will become an important direction in multi-robot system
research, promising to unlock the significant potential of multi-robot collaboration in more complex
real-world scenarios.
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TEXHOJIOI'uM NEPEJAYU U OFPABOTKH WH®POPMALUU
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IMPOLOEAYPA OBE3/IMYNBAHUSA IIEPCOHAJIBHBIX TAHHBIX
HA OCHOBE METOJA UBMEHEHUSA COCTABA

AM. TUMO®EEB?, J.B. IJISIXTYH?

1 — Benopycckuil 2ocydapcmeeniblil yHusepcumem uHGopmamuxu u paouosnekmpornuxu, Pecnybnuka Benapyco,
2 — Hayuonanvhwiti demcxuil mexuonapk, Pecnyonuxa Benapyco

Hocmynuna 6 peoaxyuro 1 anpens 2026

AnHoTamms. [IpeanioxeHa CTPYKTypHas cXeMa MPOrpaMMHOW peanu3allid — ajJropurMa
00e3IMYMBaHUs JaHHBIX HAa OCHOBE METONa HW3MEHEHHsS COCTaBa, KOTOpas COOTBETCTBYET
TpeOoBaHUSAM 3aKoHOAaTenbcTBa PecnyOomuku benapycs B cdepe 3ammrel  nHOpManum.
[ponenypa 00e3MMIMBaHUS BKITIOYACT B ce0sI pa3IeICHUE UCXOTHBIX JAHHBIX Ha 64-OUTHBIC OJIOKH
U UX TOocJenylollee UTepalnuoHHoe npeodOpazoBanue B coorBerctBuu ¢ ['OCT 28147-89 u
XapakTepu3yeTcs JIOCTATOYHO BBHICOKUM YPOBHEM HH(MOPMAIIOHHOW OE€30IIaCHOCTH, TaK Kak
3HAYUTCIIBHO 3aTpYAHACT CTAaTUCTUYECKUU aHaJIu3 CO CTOPOHBI HApYIIMUTCIIA H3-3a U3MCHCHUA
CTaTUCTHYCCKUX CBOWCTB OOC3IUUCHHBIX MEPCOHAIBHBIX MaHHBIX. [IpemiokeHHass CTPYKTypHas
cXeMa TpOoLeAypbl 00e3TNYNBaHNS YHUBEPCAIbHA JUIS JTIOOBIX aTpUOYTOB HEPCOHATIBHBIX JaHHBIX
U JOMyCKaeT pEATU3al{i0 INPH I[IOMOIIM MNPOrPaMMHBIX, aNNapaTHBIX WM AamlapaTHo-
NPOrpaMMHBIX CPEACTB. biaromaps onTHMHU3amUM aNropuTMa pelIeHHEe HE HajaraeT BBICOKHX
TpeOOBaHUIl K BBIYMCIUTEILHBIM MOIIHOCTSM HOJIb30BAaTEILCKOTO 00OPYIOBaHUs, oOecrednBas
BBICOKYIO JOCTYITHOCTb TEXHOJIOTHH JUTl HHPOPMALMOHHBIX CHCTEM JISTUTUMHBIX IT0JIb30BaTeICH.

Kniouesvie cnosa: I/IH(l)OpMaL[I/IOHHBIe CHUCTEMbI, TMCPCOHAJIbHBIC JOaHHBIC, 00€e3IHYMBaHUE
MEPCOHAJIBHBIX MaHHBIX, METOJbI 00€e3TMYMBaHUS NMEPCOHATIBHBIX JaHHBIX, METOJ HU3MCHCHUIA
CoCTaBa UM CCMAaHTUKHU.

Beenenue

Obecneuenne KOHQUACHIMAIBHOCTH B COBPEMEHHBIX HH(POPMAIIMOHHBIX CHCTEMAaX HAaNpsMYyIO
3aBHCUT OT Ka4eCTBEHHOro 00e3MMYMBaHUs MepcoHanbHbIX naHHbIX [1 — 3]. Ceromus st 3Toro
AKTUBHO MIPUMEHSIOT METObl 00E3TMUMBAHNS IEPCOHATIBHBIX JaHHBIX. AKTYaJIbHOCTb 3TOH 3a1a4u B
PecnyOonmuke bemapych npojukToBaHa TpeOOBaHMSAME 3aKOHONIATENHCTBA, KOTOPOE OOSI3BIBACT
OIepaTopoB MPHUHUMATH MEPHI MO 3allUTe MpaB U CBOOOJA CyOBEKTOB NMEPCOHATBHBIX JAHHBIX NpPU
00paboTKe MX JINYHBIX CBeJCHU [4, 5].

B cootBeTcTBUM ¢ TpeOoBaHUIMH 3aKOHOJATeNbCTBA PecnyOnmku benapych B cdepe 3amuTh
WHQOPMAITUH OJTHUM W3 OCHOBHBIX CITIOCOOOB 00E3ITMUMBAHNS TIEPCOHABHBIX JAHHBIX SBISIETCS METOT
n3MeHeHus: coctaBa [4]. CyTb 3TOro mMeroja 3aKiI04aeTcsi B TOM, YTO YacTh CBEJCHUH O CyOBEKTe
NEPCOHANBHBIX JAaHHBIX 0000maercs, u3MeHsercs win yaaisercs. OmHaKo 3TOT IMOAXOJ HMEET
cyliecTBeHHble HemoctaTku. OH He oOecreynBaeT JOCTATOYHBIH YPOBEHb WH(POPMAIMOHHON
0e30MacHOCTH NPU CEMAaHTHYECKHX MPeoOpa30BaHUSAX HMCXOAHBIX NEPCOHAIBHBIX NAHHBIX, TaK Kak
OCTaBJIIET BO3MOXHOCTb HX J€00€3NMYMBAHMS TPH TIOMOLIM CONOCTAaBJICHHS C BHEUIHUMH
nctouHnkamu. Kpome Toro, ynanenne nim u3MeHEHHE 9acTH JAHHBIX 3aCTABIISIET ONEpaTopa XpaHUTh
UCXOJIHBIE TEPCOHANBHBIC JIAHHBIE OTIENBLHO IS 00ECHeUeHHsT MX IIEJIOCTHOCTH W BO3MOXKHOCTH
BOCCTaHOBJICHHUS. JTO HEW30€)KHO YBEIMUYMBACT HAarpy3Ky Ha HHQPACTPYKTYpPY H CYIIECTBEHHO
YBEIMYHUBAECT 00heM 0a3 TaHHBIX.

B nacrosmeit pabore mpezacrasieHa Npoueaypa 00e3IMYMBaHUs HA OCHOBE METOJa U3MEHEHUS
COCTaBa, JIMIIEHHAs OIMCAHHBIX HENOCTAaTKOB. lIpemyioskeHHBIM alropuT™M He TpeOyeT OONbLIMX
BBIYUCIUTEIBHBIX PECYPCOB M TIOAXOIUT AJsl 000PYAOBaHHS JISTUTUMHBIX mofib3oBateneil. [lpu stom
HPEUTOKEHHAs TIPOIeypa O00C3ITHUMBAHMS TTO3BOJIET CYLIECTBEHHO COKPATHUTh 00BEM XPaHHMBIX
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MEPCOHANTLHBIX JAHHBIX 10 CPABHEHHIO C CYIIECTBYIOLIMMHE CIIOCO0AMH pean3alii MeT0 1a U3MEHEHUS
cocrapa. [loBpIitienne ypoBHs HH)OPMAIIMOHHOMN 0€30IaCHOCTH TOCTUTAETCS 3a CUeT TpaHchopmannn
CTaTUCTHYCCKUX CBOMCTB JAaHHBIX, 4YTO HCKIIOYAET BO3MOXXHOCTh WX YCIICIIHOTO aHaJIn3a
3JI0YMBIIUICHHUKOM.

[Moromy 1esbIO HCCIEIOBAHMS CTalla pa3paboTKa Takol Mmpoleaypbl 00e3TMYNBAHUS, KOTOPAs
MOBBICHT YpPOBEHb HH(OPMAIMOHHOW 0E30MacHOCTH OO0C3JIMYECHHBIX MEPCOHANBHBIX JAHHBIX U
ONTUMHU3UPYET pecypchl cucteMbl. OOBEKTOM pabOThI CTal METOJ M3MEHEeHHs cocTtaBa. lIpeamerom
UCCJICJIOBAHUS SIBIISJIOCH TOBBINICHUE YPOBHA HMH(DOPMAIMOHHON 0€30MacCHOCTH O00€3IMYCHHBIX
MEPCOHANBHBIX JJAHHBIX OJIarofapsi U3BMEHEHHUIO X BEPOSTHOCTHBIX XapaKTEPUCTHUK.

IIpouenypa 06e31MYMBAHUSA MEPCOHATBbHBIX TAHHBIX

Ha puc. 1 npencrapieHa CTpYKTypHas CXeMa, OIMCBIBAIONIAs IMPOLEAYPY OOC3IMYMBAHHS
MEPCOHANTFHBIX TaHHBIX HA OCHOBE METO/Ia M3MEHEHHS COCTaBa MM CEMaHTHKH.

4 N
3arpy3Ka nepcoHalabHbBIX
TTAHHBIX
\_ >,
/7 ~
I'enepanns E)a\ JOBBIX dparMenTaLs
‘:‘f" o S P — (P\P,.....P,) N
X —(1\ ) (mod 237) ® -
S J ['eHepanng ciyuaifHOTO
= Xuon(mod 8) ¢ ‘.
64-OHTHOTO 3HAYMEHNIA
P ~N W,
[ToaroToBKa BeKTOpa ¢
mHInHamsammn [V : R
T Pasnenenue IV
CymMipoBanne . SR I
4= (R, B K)(mod 2%) itk
{ A no 32 6uta — (Lo Ro) 3
¢ Cetp DelicTens ¢
(32 nnKiIa B COOTBETCTBIIN ~
HemuneitHas ¢ TOCT 28147-89) ITHKpeMeHT 3HaUeHHS
MOJACTAHOBKA CUeTYHKa 1S
B=5(4) * Texyuero b/{ -
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Puc. 1. CtpykTypHas cxema 00e3TUINBaHUS TIEPCOHATBHBIX TaHHBIX,
IIOCTPOEHHAsI HA OCHOBE METOJ1a U3MEHEHUS COCTaBa

IIponenypa o0e3nU4YMBaHUs NEPCOHATBHBIX NAHHBIX B COOTBETCTBMU C JAHHOW CTPYKTYPHOMU
CXEMOM MpeICTaBIsIeT cOO0M NTEPaLlMOHHBIN TPOrPpaMMHBII aNTOPUTM, KOTOPBIN Tpeodpa3yeT JaHHbIE
NpY MOMOIIY X MOCUMBOJIBHOTO mepeBoja B kogupoBky UTF-16, pazouenus na 64-OutHble OJ10KU U
32-mknoBOoro MmHM(GPOBaHMSA C HCHOJIB30BAHMEM BEKTOpa WHHLMAIM3AMA W HEIMHEHHBIX
HO/ICTaHOBOK [6]. Pe3ynbraTtom mporecca siBiseTcsi KOHKAaTEHAIHMsl MPeoOpa30BaHHBIX OJIOKOB M HX
oOpaTHOe nmpeoOpa3zoBaHUe B CHMBOJIBHBIN BHI.

149



3akiIoueHne

Pazpaborana cTpykTypHass cxema MOPOrpaMMHON peaM3alii alropuTMa 00e3TUYNBaHUS
MEPCOHANBHBIX JIAHHBIX Ha OCHOBE METOJ[A M3MEHEHHUS COCTaBa, KOTOPas IMOJIHOCTHIO COOTBETCTBYET
TpeboBaHUsIM 3aKoHOAaTeNnbcTBa Pecyonuku benapyce B cepe 3amuTbl nHGOpMALIH.

IIpumenenne wutepanuoHHoro mporecca Ha ocHoBe ['OCT 28147-89 ¢ wucmoiap30BaHHEM
U3MEHSIIOIIETOCS BEKTOpa WHUIMANM3ANWNA W TIPOLEAYP HENWHEHHOW IOJCTAHOBKU TI03BOJISET
U3MCHUTh CTPYKTYPY HCXOIHBIX NMaHHBIX. CTaTHCTMYECKUIl aHaJIM3 MOKAa3bIBAaCT, YTO SHTPOIHS
HOJYYCHHBIX 00C3JIMYCHHBIX MEPCOHATIBHBIX JAHHBIX 3HAYMTENHLHO BBIIIC, YEM JUIS UCXOIHBIX. DTO
CBOJIUT K MUHUMYMY BEPOSITHOCTD PACIIO3HABAHUS COACPIKAHSI 00C3THUSHHBIX MEPCOHANTBHBIX TAHHBIX
3JIOYMBIIIJICHHUKOM TP TIOMOIIM METOJIOB YAaCTOTHOTO HIJIM CTATHCTUYECKOrO aHalu3a H3-3a
U3MCHCHUS UX CTaTHCTHYESCKUX CBOMCTB.

D hHeKTUBHOCTh TPEATIOKESHHOTO PEIICHUS JOTIONHUTEIHHO MOBBIIACTCS 32 CUYET BHEAPCHUS
NPENIOKEHHOTO MeToAa (parMeHTaluu, KOTOPBIH TMO3BOJISIET CYIIECTBEHHO COKPATHTh 0O0BEM
oOpabateiBaemoii nHpopmanuu. [lepexon or crangaptHoro 16-OutHoro mpexacraBienus UTF-16 k
UCTIONb30BaHMuI0 9-OutHOTO opmara (ympapistomui ¢uar u 8 OWUT 3HAYMMOW YacTH KOJa)
obecreyrBaeT 3HAYUTEILHYIO0 SKOHOMHIO JHCKOBOTO MPOCTPAHCTBA W OMEPAaTUBHON mamstu. Takoi
moaxon rapaHTupyeT yMEHbLUICHUC O6’beMa JAaHHBIX IIPU COXPAaHCHHU HUX IMOJHOTBI U BO3MOXKHOCTHU
KOPPEKTHOI'O BOCCTAHOBJICHUS UCXOJHOT'O TEKCTA JICTUTUMHBIMU I10JIb30BATCIIAMU.

PERSONAL DATA DEPERSONALIZATION PROCEDURE BASED ON THE
COMPOSITION CHANGE METHOD

AM. TIMOFEEV, D.V. SHLIAKHTUN

Abstract. A structural diagram of the software implementation of the data depersonalization
algorithm based on the composition change method is proposed, which complies with the
requirements of the legislation of the Republic of Belarus in the field of information security. The
anonymization procedure involves dividing the source data into 64-bit blocks and then iteratively
transforming them in accordance with GOST 28147-89. This procedure offers a high level of
information security, as it significantly complicates statistical analysis by an attacker due to changes
in the statistical properties of the anonymized personal data. The proposed structural diagram of the
anonymization procedure is universal for any personal data attributes and can be implemented using
software, hardware, or a combination of hardware and software. Thanks to algorithm optimization,
the solution does not place high demands on the computing power of user equipment, ensuring high
availability of the technology for the information systems of legitimate users.

Keywords: information systems, personal data, depersonalization of personal data, methods of
depersonalization of personal data, method of changing the composition or semantics.
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Abstract. This paper proposes a multi-sensor fusion system using Light Detection and Ranging
(LiDAR), Inertial Measurement Unit (IMU), RGB-Depth (Red Green Blue-Depth) camera, and
ultrasonic sensors to overcome single-line LIiDAR limitations in robot navigation. By integrating a
tightly-coupled LiDAR-IMU odometry and vision-based 3D mapping, the design significantly
improves positioning accuracy and obstacle awareness. The distributed architecture ensures robust
performance for autonomous mobile platforms.

Keywords: 2D LiDAR, IMU, RGB-D Camera, ROS2, SLAM, Obstacle Avoidance.

Introduction

With the rapid development of artificial intelligence and sensor technologies, mobile robots have
gradually expanded from industrial automation to daily life scenarios such as healthcare, logistics, and
domestic service [1]. Whether it is automated guided vehicles in factories, delivery robots in hotels, or
vacuum cleaning robots in home environments, all require the ability to operate safely and reliably in
unknown or dynamic environments. LiDAR, regarded as the eyes of mobile robots, has become a core
sensor for autonomous navigation due to its high ranging accuracy and fast response speed [2]. Within
the ecosystem of the open-source robot operating system Robot Operating System 2 (ROS2) [3], the
development of low-cost mobile robot platforms has become a current research hotspot.

Single-line LiDAR, with its advantages of high measurement accuracy, good real-time
performance, and controllable cost, has become one of the core sensors in mobile robot perception.
However, when the system relies solely on a single LiDAR sensor to simultaneously undertake both
obstacle avoidance and environmental mapping tasks, it faces several unavoidable theoretical limitations
and engineering challenges. Firstly, in terms of perception dimensionality, single-line LiDAR can only
obtain two-dimensional planar information and cannot perceive obstacle height, leading to the risk of
missed detection of low-height or suspended objects. Additionally, the near-field blind zone limits the
response space for close-range collision avoidance. Secondly, at the level of localization and mapping,
pure LiDAR odometry lacks the motion priors provided by wheel encoders or IMU, making it prone to
pose mutation due to scan matching failure during rapid rotation or movement. Furthermore, single-line
LiDAR has perception blind zones for special materials such as glass and mirrors, struggles to
distinguish between static obstacles and moving objects in dynamic environments, and the entire
perception system suffers from the vulnerability of a single point of failure.

To validate the aforementioned limitations, this study proposes a mobile robot platform featuring
a distributed control system with cooperative upper and lower computers (see Figure 1). In terms of
system architecture, the upper computer utilizes a Raspberry Pi 4B running the Ubuntu operating system
and the ROS2 Humble framework, primarily responsible for LiDAR data acquisition, obstacle
avoidance algorithm computation, and visualization of point cloud data. The lower computer employs
an Arduino Uno, communicating with the upper computer via Universal Serial Bus (USB) serial port,
receiving speed control commands, performing inverse kinematics calculations for the Mecanum
wheels, and ultimately controlling four Direct Current (DC) motors through an L293D motor driver
module. This division of labor between the upper and lower computers ensures both the operational
efficiency of complex algorithms and the real-time performance of low-level control, providing a
reliable hardware foundation for subsequent obstacle avoidance and mapping experiments. It decouples
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complex algorithm processing from real-time low-level control, fully leveraging the performance
advantages of different processors.
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Figure 1. System hardware architecture diagram

In preliminary Simultaneous Localization and Mapping (SLAM) mapping and obstacle avoidance
experiments, the three theoretical issues mentioned above were fully validated in the real system. The
experimental phenomena are specifically manifested in the following three aspects:

First, Mapping Drift Caused by Motion Estimation Degradation. Due to the system not being
equipped with an IMU or high-precision wheel encoders, the pure LIiDAR odometry exhibited
significant mapping drift during rapid rotation and movement, specifically manifested as point cloud
ghosting and pose offset (see Figure 2). Furthermore, the single LiDAR sensor has an inherent defect
during the mapping process: when dynamic objects appear in the environment, the system cannot
distinguish them from static obstacles, leading to anomalies or even crashes in the mapping results.

Second, Obstacle Missed Detection Caused by Spatial Perception Limitations. The LD06 2D
LiDAR is mounted on the robot's roof (approximately 10 cm above the ground) and can only acquire
two-dimensional scan data within the horizontal plane, resulting in significantly insufficient three-
dimensional spatial perception capability. Although the radar demonstrates good obstacle avoidance
response to suddenly appearing obstacles within the horizontal plane, when the obstacle height is below
the LiDAR scan plane, the system fails to detect it entirely, leading to direct collisions.

Third, Lack of Environmental Adaptability and System Robustness. When the robot approaches
glass windows or mirrored furniture, severe missing occurs in the LiDAR point cloud over large
reflective surfaces, causing local localization loss. Moreover, the system relies entirely on LiDAR as the
sole perception source. When the sensor experiences temporary disconnection due to loose interfaces or
other reasons, the robot immediately falls into a "perception failure” state, unable to continue mapping
or perform obstacle avoidance tasks.

Addressing the three problems above, this paper proposes corresponding solutions, which will be
elaborated in subsequent sections: First, to address spatial perception limitations, an RGB-D camera will
be introduced to obtain obstacle height information, compensating for the perception blind zones outside
the LiDAR plane. Second, to tackle motion estimation degradation, an IMU will be fused with LiDAR
to construct a tightly-coupled odometry, suppressing pose drift during rapid motion and on rough terrain.
Finally, to improve environmental adaptability and system robustness, fault detection and degraded
operation mechanisms will be added to the obstacle avoidance strategy, along with discussions on
handling dynamic objects.
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Figure 2. Mapping drift

Suppression of Motion Estimation Degradation: Design of LiDAR-IMU Fusion Odometry

Addressing the pose drift problem of pure LiDAR odometry during rapid rotation, in feature-
sparse environments, and on rough terrain identified in the experiments, this paper proposes integrating
an IMU with LiDAR based on the structure shown in Figure 1 to construct a tightly-coupled LiDAR-
IMU odometry. An MPUG6050 six-axis IMU is selected, with an output frequency of 200 Hz. Time
alignment with the LIiDAR is achieved using ROS2's joint time synchronization mechanism. The fusion
algorithm adopts a tightly-coupled framework based on an Error State Kalman Filter [4]: IMU data
provides high-frequency state propagation for pose prediction between two LiDAR scans; upon arrival
of a new LiDAR scan, feature points are extracted and scan-matched against the local map to obtain
observation residuals; the filter update corrects the accumulated IMU error and estimates IMU biases
online. In feature-sparse environments, the system adaptively increases the weight of the IMU prediction
to avoid pose mutation caused by scan matching failure [4]. To address changes in vehicle pitch angle
on rough terrain, the attitude angles estimated by the IMU are fed back to the LiDAR point cloud
preprocessing module. The raw point cloud is rotationally corrected before scan matching, effectively
suppressing mapping distortion caused by vehicle tilt. This fusion odometry provides a stable pose
estimation foundation for the entire system, supporting the subsequent implementation of mapping and
obstacle avoidance functions.

Enhancement of System Robustness: 3D Environmental Perception Based on
an RGB-D Camera

Building upon the stable pose estimation provided by the LiDAR-IMU fusion odometry, this
paper introduces a RGB camera as the primary mapping sensor to address the vertical perception blind
zone problem of single-line LiDAR. The LDO06 LiDAR can only acquire two-dimensional horizontal
information, failing to detect low-height or suspended obstacles and unable to identify obstacle
categories. Therefore, the system defaults to using the RGB camera as the core mapping sensor, running
an Oriented Fast and Rotated Brief SLAM2 (ORB-SLAM2) [5] visual-inertial tightly-coupled SLAM
system. In environments with good lighting and rich texture, it constructs a 3D point cloud map
containing obstacle height information and, combined with lightweight object detection algorithms,
identifies obstacle types that LIDAR cannot perceive.

Ensuring seamless connect of maps constructed by the two different sensors, the system does not
support simultaneous operation of LIDAR and the RGB camera. Consequently, a manual switching
mode is adopted in practical deployment: By default, the RGB camera is responsible for mapping and
object recognition. When the robot enters scenes with insufficient lighting, texture scarcity, or excessive
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dynamic objects, leading to a decline in visual SLAM tracking quality, the user can manually shut down
ORB-SLAM2 via upper computer commands and switch to LIDAR SLAM mode. In this mode, the
system relies on the LiDAR-IMU fusion odometry to maintain mapping and localization stability. The
pose information provided by this odometry is used to align the coordinate systems of the maps, ensuring
seamless connection of maps.

Regarding obstacle avoidance functionality, regardless of which sensor is currently used for
mapping, the LIiDAR always remains active as the primary obstacle avoidance sensor. Leveraging its
high ranging accuracy and fast response speed, LIiDAR ensures real-time obstacle avoidance
performance for the robot in most scenarios. Simultaneously, the position information of low-height and
suspended obstacles identified by the RGB camera during mapping is synchronized to the obstacle
avoidance module. When the robot approaches these areas, the system triggers supplementary obstacle
avoidance responses, forming a dual mechanism with LiDAR as the primary and the RGB camera as
the secondary sensor. This design prioritizes the RGB camera for mapping, fully utilizing its advantages
in 3D perception and object recognition, while relying on LiDAR for real-time obstacle avoidance,
achieving a balance between perception completeness and operational safety under limited
computational resources.

Enhancement of System Robustness: Near-Field Obstacle Avoidance and
Fault Tolerance Using Ultrasonic Sensors

At the obstacle avoidance functional level, LiDAR, due to its high ranging accuracy and fast
response speed, is always activated as the primary obstacle avoidance sensor. It is responsible for real-
time detection of and response to obstacles within the horizontal plane, ensuring operational safety in
most scenarios. However, 2D LiDAR has inherent limitations: its scanning plane is fixed, rendering it
completely ineffective against transparent or reflective materials like glass and mirrors, and it possesses
a near-field blind zone. Mounted approximately 10 cm above the ground on the robot's top, areas above
and below its scanning plane, particularly low-height obstacles and uneven pavement, are entirely
outside its detection range.

To compensate for these defects, this section introduces an RGB camera and ultrasonic sensors
as supplementary obstacle avoidance methods. In its default mapping mode, the RGB camera
continuously identifies low-height obstacles, suspended obstacles, and uneven pavement (ground height
changes) using visual SLAM and object detection algorithms, recording the location information of
these hazardous areas in the map. When the robot subsequently approaches these pre-identified areas,
the obstacle avoidance module proactively triggers detour or deceleration responses. However, the RGB
camera may fail under conditions of insufficient lighting, texture scarcity, or excessive dynamic objects,
rendering it unable to identify newly appearing obstacles in real-time.

Two to three HC-SR04 ultrasonic sensors are installed on the front of the robot chassis to provide
gapless scanning of the area directly in front of the robot, focusing on detecting low-height obstacles
below the LiDAR's scanning plane. Ultrasonic sensors are insensitive to transparent and reflective
materials, effectively detecting obstacles like glass and mirrors that LIiDAR struggles with. In the
obstacle avoidance logic, LIDAR always holds the first priority, responsible for real-time detection of
the vast majority of obstacles, with its safety threshold set at 30 cm. The ultrasonic sensors act as a
second line of defense, configured with a more conservative safety threshold of 15 cm. When LiDAR
fails to trigger avoidance due to special materials, blind zones, or height limitations, and an ultrasonic
sensor detects an obstacle within 15 cm, the system immediately executes deceleration and backward
turning to re-plan the path. The RGB camera handles the predictive avoidance of pre-identified
dangerous areas, complementing the real-time detection capability of the ultrasonic sensors: the camera
addresses the avoidance of known hazardous areas, while the ultrasonic sensors handle real-time
detection of sudden transparent obstacles and low-height obstructions.

Conclusion

This chapter addresses the inherent limitations of single-line LiDAR by introducing an IMU, an
RGB camera, and ultrasonic sensors, thereby constructing a multi-sensor fusion perception and
localization system. The LiDAR-IMU fusion odometry mitigates pose drift, providing a stable pose

154



foundation for the system. The RGB camera serves as the default mapping sensor, building 3D point
cloud maps via ORB-SLAM2 to solve the vertical perception blind zone problem. The ultrasonic sensors
act as supplementary obstacle avoidance tools, filling gaps related to transparent materials and the near-
field blind zone. The three sensors have distinct roles, collectively enhancing the system's perceptual
completeness and operational safety.

Due to the performance limitations of the hardware platform, this study has the following
shortcomings: The computational load on the Raspberry Pi is high, potentially leading to lag during
prolonged operation; limited battery life restricts the ability to support large-scale mapping tasks;
cumulative drift remains unavoidable during long-duration mapping; the system lacks the ability to
detect uneven pavement (ground height changes) in dark environments where the RGB-D camera fails;
and the effectiveness and reliability of the fault-tolerant degraded mode require further experimental
validation. Given the constraints of the aforementioned hardware platform and sensory capabilities, the
experiments in this research phase will primarily be conducted in structured indoor environments,
including home settings, laboratories, and corridors, to validate the basic functionality and cooperative
mechanisms of the multi-sensor fusion framework. Adaptability testing in outdoor environments and
complex unstructured scenarios is planned as future research direction.
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Abstract. This paper presents a comprehensive dynamic channel modeling and simulation
framework for unmanned aerial vehicle (UAV) air-to-ground communication systems. Starting from
fundamental AWGN and Rayleigh fading channels, we progressively incorporate large-scale path
loss (distance-dependent) and Doppler shift (velocity-dependent) to construct a realistic time-
varying channel model. The performances of BPSK and QPSK modulations are compared under
both line-of-sight (LOS) and non-line-of-sight (NLOS) scenarios. Simulation results quantitatively
reveal the impact of flight distance and velocity on bit error rate (BER), and provide optimal
modulation switching thresholds under different SNR conditions. An interactive GUI tool is
developed to visualize the dynamic BER variation and constellation diagrams in real time. The work
offers theoretical insights and practical guidelines for UAV communication system design.

Keywords: UAV communications, channel modeling, path loss, Doppler shift, Rayleigh fading,
BER analysis.

Introduction

Unmanned Aerial Vehicles (UAVS) have become essential in various applications such as
surveillance, delivery, and emergency communications [1]. Reliable air-to-ground communication is
critical for these missions, as it enables real-time data transmission and command control [2]. Unlike
terrestrial communication links, UAV channels exhibit high dynamics due to platform mobility, altitude
variations, and complex environmental interactions [3]. Accurate and comprehensive channel modeling
is therefore fundamental for the design, simulation, and performance evaluation of robust UAV
communication systems [4].

Existing studies have investigated UAV channel characteristics through field measurements and
statistical modeling approaches [5-7]. However, most prior works focus on either static scenarios or
simplified path loss models, lacking a systematic simulation framework that integrates both large-scale
fading (path loss) and small-scale fading (Rayleigh fading) with real-time UAV trajectory dynamics [8].
Moreover, the joint effect of flight distance and velocity on modulation performance, particularly under
varying line-of-sight (LOS) and non-line-of-sight (NLOS) conditions, is often treated separately rather
than analyzed as a coupled system [9].

In this paper, we develop a step-by-step dynamic channel simulation framework that progresses
from a basic additive white Gaussian noise (AWGN) channel to a complete time-varying model
incorporating distance-dependent path loss, velocity-dependent Doppler shift, and Rayleigh fading. We
compare the performance of binary phase-shift keying (BPSK) and quadrature phase-shift keying
(QPSK) modulations under both LOS and NLOS scenarios, derive quantitative relationships between
flight parameters and bit error rate (BER), and propose adaptive modulation switching thresholds based
on channel conditions. An interactive graphical user interface (GUI) is implemented to facilitate real-
time parameter adjustment, dynamic visualization of BER curves, and constellation diagram display.
The work provides both theoretical validation and practical guidelines for adaptive modulation and link
budget design in UAV communication systems.
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System Model

We consider a UAV flying horizontally at a constant altitude h=100m with constant velocity
v =20m/s along the x-axis. The ground station is fixed at the origin. The UAV starts at (0,0,100) and
moves to (1000,0,100). The instantaneous distance between UAV and ground station is

d(t) =y/(x(t))* +h* 1)

where x(t) =vt is the horizontal displacement of the UAV at time t; v=20m/s is the constant flight
velocity of the UAV.
The free-space path loss in dB is given by

PL(d) =20log10(d) + 20log10( fc) —147.55 , (2

where fc=2.4Hz is the carrier frequency. The linear power gain is g,, (t) =10""“®",
The radial velocity component is

X(t)v
t)=—""—. 3
v, () a @)
The Doppler frequency shift is
Q) c
f,t)=—"5A=—, 4
(=" 0= )

C

where ¢ =3x10°m/s. The Doppler-induced phase rotation is incorporated as > "
For NLOS scenarios, we adopt a flat Rayleigh fading model with independent realizations per
symbol

1 .
h_(t)=——=(N(0,1)+ jN(0,1)), 5
oy () ﬁ(()J()) (5)
ensuring E[|h,, [']=1, where a(t) follows Rayleigh distribution and 6(t) follows uniform distribution
in [0,27].

Two modulation schemes are considered: BPSK and QPSK. Both are normalized to unit average
power. The transmitted symbols are generated from random bits. The received signal after the channel
is
r(t) =4/g, (t)h(t)e’* " 's(t) +n(t), (6)
where h(t) =1 for LOS, and h(t)=h_ (t) for NLOS, and n(t) is AWGN with power spectral density
N, . The noise power is fixed based on a reference SNR at distance 100 m.

Simulation

Key simulation parameters are listed in Table 1.

Table 1. Simulation parameters

Parameter Value
Carrier frequency 2.4 GHz
UAV velocity 20 m/s
UAV altitude 100 m
Flight distance range 0-—1000 m
Symbol rate 1 kHz
Reference distance 100 m
Reference SNR range 0-30dB
Number of symbols 50,000
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A graphical user interface (GUI) is built using MATLAB App Designer, as shown in Figure 1.
The GUI allows users to select modulation (BPSK/QPSK), enable/disable Rayleigh fading, adjust
reference SNR via a slider, and instantly view the constellation diagram and BER-vs-distance curve.
This tool facilitates intuitive understanding of how flight parameters affect communication performance.

a b
Figure 1. GUI for UAV channel simulation: a — close Check Box; b — open Check Box
Figure 2 shows the BER as a function of flight distance for BPSK and QPSK under LOS

conditions (reference SNR = 30 dB at 100 m). As the UAV moves away, path loss increases, reducing
received SNR and elevating BER. BPSK maintains lower BER than QPSK at all distances; at 1 km,

BPSK BER is about 1.5x107, while QPSK BER exceeds 10™. This indicates that QPSK is more
sensitive to distance due to its higher SNR requirement.

BER vs Distance

01 02 0a )4 05 (%] 07

Distance (km)

Figure 2. BER versus distance for BPSK and QPSK (LOS, reference SNR = 30 dB)

To isolate velocity effect, we fix the distance at 500 m and vary UAV speed from 10 to 50 m/s,
with reference SNR = 20 dB. Figure 3 illustrates BER growth with increasing speed, especially for
QPSK. The Doppler shift causes phase rotation that challenges coherent detection; without ideal channel
tracking, higher speeds degrade performance more severely.
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BER vs Velkaly (dstance = 500 m SNRm =20 dB, LOS)

Figure 3. Situations that cannot be measured under a binocular system

Figure 4 compares BPSK and QPSK BER versus reference SNR under both LOS and NLOS
(Rayleigh) channels. In LOS, BPSK achieves BER 10—-310-3 at about 7 dB, while QPSK requires 10
dB. In NLOS, both suffer severe degradation: BPSK needs 18 dB, QPSK needs 22 dB for the same
BER. This leads to the following modulation selection guideline:

1. SNR < 10 dB: use BPSK (reliability priority).
2.10dB < SNR < 22 dB: use QPSK (higher data rate while meeting BER target).
3. SNR = 22 dB: higher-order modulations (e.g., 16QAM) may be considered.

Farformunce compenson of EPSK ans OFSK owe 0fferert |

Figure 4. BER versus reference SNR for BPSK and QPSK under LOS and NLOS channels

Conclusion

This paper presented a comprehensive dynamic channel modeling and simulation framework for
UAV communications. By progressively incorporating path loss, Doppler shift, and Rayleigh fading,
we systematically analyzed the impact of flight distance and velocity on BER for BPSK and QPSK
modulations. Key findings include: Distance significantly degrades BER, with QPSK being more
sensitive than BPSK.Velocity-induced Doppler shift causes performance loss, especially for QPSK.SNR
thresholds for modulation switching are identified: BPSK below 10 dB, QPSK between 10 and 22 dB.

An interactive GUI tool was developed to visualize these effects in real time, serving both
educational and engineering design purposes. The work provides theoretical validation and practical
insights for adaptive modulation and link budget in UAV communication systems. Future work may
extend to more complex environments (e.g., urban canyon) and advanced modulations (e.g., OFDM).
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Abstract. Unpaired image translation has become an important research topic in computer vision
due to the difficulty of obtaining paired datasets in real-world scenarios. Cycle consistent generative
adversarial networks (CycleGAN) provide an effective solution by learning mappings between two
image domains without paired supervision. This paper presents a comprehensive analysis of the
CycleGAN model, including its architecture, training strategy, and key components such as cycle
consistency and identity mapping mechanisms. Experiments are conducted on benchmark datasets,
including horse-to-zebra and seasonal translation tasks, and evaluated using SSIM and PSNR
metrics. The results demonstrate that CycleGAN can generate visually realistic images while
effectively preserving the structural content and essential features of the input images. Compared
with traditional supervised methods, it significantly reduces the reliance on labeled data while still
achieving competitive performance in various scenarios. However, limitations such as insufficient
semantic consistency, visual artifacts in complex regions, and limited controllability are also
discussed in detail, indicating directions for future improvement.

Keywords: CycleGAN, generative adversarial networks, image translation, deep learning, computer
vision.

Introduction

Image-to-image translation is a basic task in computer vision. The goal is to transform an image
from one domain into another while keeping the main content unchanged. This problem appears in many
real situations, such as changing weather conditions, converting day images to night images, or
translating medical images between different types.

Traditional methods depend on paired datasets, where each input image has a corresponding
output image. However, such datasets are difficult to collect. In many cases, it is impossible to obtain
two images of exactly the same scene under different conditions. This limits the use of supervised
learning methods.

Generative adversarial networks have improved image generation by introducing a generator and
a discriminator [1]. The generator tries to create realistic images, while the discriminator tries to detect
fake images. Through this process, the model learns the data distribution.

However, early models still require paired data. CycleGAN was proposed to solve this problem
and can work with unpaired datasets.

CycleGAN Architecture

CycleGAN is built on a dual mapping framework that consists of two generators and two
discriminators, enabling bidirectional translation between two image domains. One generator G learns
a mapping from domain X to domain Y, while the other generator F performs the inverse mapping from
domain Y back to domain X. This bidirectional design allows the model to learn cross-domain
relationships without requiring paired training data, which significantly increases its applicability in real
world scenarios.
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Each domain is associated with a corresponding discriminator. The discriminator DX
distinguishes between real images from domain X and generated images produced by F, while DY
performs the same task for domain Y. The discriminators are trained to classify real and fake samples,
whereas the generators are optimized to produce images that are indistinguishable from real ones. This
adversarial learning process enables the model to approximate the underlying data distributions of both
domains.

The generators are typically implemented using convolutional neural networks with residual
learning mechanisms. A standard generator consists of an encoder, several residual blocks, and a
decoder. The encoder extracts high-level feature representations from the input image, the residual
blocks transform these representations while preserving important structural information, and the
decoder reconstructs the translated image. This design helps maintain the global structure of the input
while performing domain transformation.

Residual blocks play a critical role in improving model performance. By learning residual
mappings instead of direct transformations, they simplify the optimization process and help preserve
essential image content. This is particularly important in image translation tasks where structural
consistency must be maintained.

Instance normalization is commonly used in the generator networks. It normalizes feature
statistics for each image independently, which improves training stability and enhances the model’s
ability to generalize across different data distributions.

The discriminators are usually implemented as Patch Generative Adversarial Network
(PatchGAN) classifiers. Instead of evaluating the entire image, PatchGAN operates on local patches,
allowing it to focus on high-frequency details such as textures and edges. As a result, the generated
images exhibit improved local realism and finer visual details.

A key component of CycleGAN is the cycle consistency mechanism. When an image is translated
from domain X to domain Y using generator G and then mapped back to domain X using generator F,
the reconstructed image should be close to the original input. This constraint enforces consistency
between forward and backward mappings, prevents arbitrary transformations, and ensures that the
learned mappings preserve the semantic content of the images [2].

Training Strategy

The training process of CycleGAN is based on alternating optimization between generators and
discriminators. In each iteration, the generators first produce translated images, and then the
discriminators evaluate whether these images are real or generated. This process continues until both
parts reach a balance.

Another important technique is identity mapping. When an image from the target domain is input
into the generator, the output should remain close to the input. This helps preserve color and brightness
information.

In practice, the Adam optimizer is commonly used. Learning rate scheduling is also applied to
improve convergence. Proper parameter tuning is important because this model can be unstable during
training.

Experimental Results

To evaluate the performance of the CycleGAN model, experiments were conducted on several
public datasets. The horse-to-zebra dataset is one of the most commonly used benchmarks. In this task,
the model learns to convert horses into zebras while preserving the overall shape and structure of the
original images.

Another dataset involves seasonal translation, where images are converted between summer and
winter scenes. This task is more challenging because it requires significant changes in lighting
conditions, color distribution, and texture details, while still maintaining the underlying scene structure.
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Figure 1. Example of seasonal image translation: a — summer;b — winter

As shown in Figure 1, the model effectively converts the summer image into a winter scene while
preserving the overall structure of the original image.

Two evaluation metrics were used: structural similarity index (SSIM) and peak signal-to-noise
ratio (PSNR). SSIM measures the similarity between images in terms of structure, while PSNR evaluates
the overall reconstruction quality.

The experimental results show that CycleGAN is capable of generating visually realistic images
while effectively preserving the main structural content of the input. Although its performance is slightly
lower than that of supervised methods in some cases, it eliminates the need for paired training data,
which represents a significant advantage in practical applications [3].

Applications and Limitations

CycleGAN has been widely used in various domains due to its ability to learn mappings from
unpaired data. In medical imaging, it can be applied to translate between different imaging modalities
such as MRI and CT, which improves data utilization and reduces the need for paired datasets. In
computer graphics, CycleGAN enables style transfer tasks, such as converting photographs into artistic
images. In autonomous driving, it can be used to enhance simulated data so that it better matches real-
world environments, thereby improving model generalization.

The experimental results in this paper, including the horse-to-zebra and seasonal translation tasks,
show that CycleGAN can generate visually realistic images while preserving the overall structure of the
input. These findings are consistent with previous work, which demonstrates that the cycle consistency
constraint helps preserve content during translation.

However, several limitations remain. First, when the difference between the two domains is large,
the model may fail to preserve important semantic structures. This issue has been discussed in previous
studies, where the mapping is learned without explicit semantic supervision [4].

Second, the model may produce visual artifacts, especially in regions with complex textures or
fine details. This is a common limitation of adversarial training, where the objective focuses more on
visual realism than structural accuracy.

In addition, CycleGAN provides limited control over the translation process. The mapping
between domains is learned implicitly, making it difficult to control specific attributes or generate
diverse outputs. This limitation has motivated later work on multimodal image translation [5] and
contrastive learning-based approaches [6].

Overall, while CycleGAN provides a flexible solution for unpaired image-to-image translation
and reduces the reliance on labeled data, its performance is still limited by the lack of semantic
constraints and controllability. Addressing these issues remains an important direction for future
research.
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Conclusion

This paper presents an overview of image-to-image translation methods, with a focus on
CycleGAN. Compared with supervised approaches such as Pix to Pix, CycleGAN can be trained using
unpaired data, making it more flexible for real-world applications. The comparison results show that
CycleGAN achieves competitive performance while reducing the need for labeled datasets.

However, as discussed in the previous section, CycleGAN still has several limitations. In
particular, it may fail to preserve semantic consistency when the domain gap is large, and it may
introduce visual artifacts in complex scenes. In addition, the lack of controllability limits its applicability
in tasks that require precise transformations.

Future work can focus on improving semantic consistency and controllability. Possible directions
include incorporating attention mechanisms, introducing additional constraints, or exploring more
advanced models for image translation.

Overall, CycleGAN provides an effective solution for unpaired image-to-image translation, but
further improvements are needed to enhance its robustness and applicability.
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Abstract. This paper presents a semantic communication system for vehicle detection over noisy
wireless channels. A Convolutional Neural Network (CNN) semantic encoder compresses image
features with multiple compression ratios to transmit task-related information only, which is then
processed by a pre-trained You Only Look Once version 12 (YOLOv12) object detector. A Supernet
with shared encoder weights and Sandwich Rule training is proposed to reduce redundancy.
Experiments on Additive White Gaussian Noise (AWGN) channels show that the semantic system
significantly outperforms traditional transmission at low signal-to-noise ratio (SNR), and the
Supernet achieves comparable performance with independent models.

Keywords: semantic communication, vehicle detection, YOLOv12, CNN encoder, supernet, AWGN
channel, compression ratio.

Introduction

The rapid proliferation of intelligent transportation systems (ITS) has driven growing demand for
reliable vehicle detection over wireless communication channels. In bandwidth-constrained or high-
noise environments, conventional image transmission methods degrade significantly because they
transmit the full raw pixel stream regardless of its task relevance. When channel quality is poor,
compressed image artifacts and AWGN noise corrupt pixel values irreversibly before reaching the
inference engine, causing catastrophic detection failure.

Semantic communication offers a fundamentally different paradigm: instead of transmitting the
image, only the features necessary to accomplish the downstream task are encoded and sent [1, 2]. This
approach can provide strong robustness to channel noise because the encoder learns compact, task-aware
representations that are far less sensitive to moderate channel distortion than raw pixel values [3, 4]. In
this work, we design a CNN-based semantic encoder for vehicle detection and systematically evaluate
its robustness across five SNR levels under AWGN conditions. We further introduce a Supernet
architecture that unifies three compression ratios (CH4, CH8, CH16) into a single model, reducing
deployment overhead while preserving detection performance.

System Model

The proposed semantic communication pipeline consists of four components: a CNN semantic
encoder, an AWGN channel simulation, a CNN semantic decoder, and a pre-trained and frozen
YOLOV12 object detector. The overall architecture is illustrated in Figure 1. Given an input image, the
encoder maps it to a compact feature vector. This compressed feature is then corrupted by additive white
Gaussian noise, where the noise variance is determined by the target SNR level. Internally, the CNN
semantic encoder is constructed using a series of convolutional layers paired with batch normalization
and Leaky ReL U activation functions [5]. This hierarchical structure allows the network to progressively
filter out irrelevant background details and focus strictly on high-level semantic features, such as vehicle
edges, shapes, and textures. By compressing the raw image into a lower-dimensional semantic space,
the feature map becomes inherently more robust to random variations caused by the channel noise. The
decoder reconstructs a feature representation which is then passed to the pre-trained and frozen
YOLOvV12 detector to produce bounding box predictions. For the traditional baseline, the raw image is
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JPEG-compressed, pixel values are directly corrupted by AWGN, and the noisy image is forwarded to
YOLOv12 without any semantic encoding. The YOLOv12 model was specifically chosen as the
downstream inference engine due to its state-of-the-art balance between detection accuracy and
computational speed [6]. In intelligent transportation applications, real-time processing is just as critical
as accuracy. By keeping the YOLOv12 weights frozen during the training of the semantic
communication system, we ensure that the encoder learns to generate features that are perfectly aligned
with the standard input requirements of advanced object detectors, making our system highly versatile
and easy to deploy.
Semantic

Encoding

- CNN CNN

F1 Semantic Semantic YOLOv12
’ 2| Seman . Detection
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Figure 1. Architecture of the proposed semantic communication system

Supernet Architecture

Training three independent semantic encoders for different compression ratios is computationally
redundant. We therefore design a Supernet architecture that shares encoder and decoder backbone
weights across all three sub-networks, differing only in the final channel projection layer. Training is
performed using the Sandwich Rule strategy: in each iteration, the largest sub-network, the smallest sub-
network, and a randomly sampled intermediate sub-network are each evaluated and their gradients
accumulated before a single optimizer step [8]. This ensures that all sub-networks receive balanced
gradient updates and prevents the shared backbone from being dominated by any single compression
configuration. The Supernet was trained for 50 epochs on a cloud server equipped with an NVIDIA
RTX 4090, completing training in approximately 53 minutes-the same wall-clock time as a single
independent encoder.

Experiments

In this section, we evaluate the performance of the proposed semantic communication system for
vehicle detection under various channel conditions. Experiments are conducted on a multi-class vehicle
aerial image dataset containing 5,171 training images. Evaluation is performed on a held-out validation
set under five SNR conditions: 30, 20, 10, 5, and 0 dB. To provide a comprehensive evaluation, multiple
performance metrics are tracked during testing. The primary metric is the Mean Average Precision at an
intersection-over-union threshold of 0.5 (MAP@0.5), which effectively balances both bounding box
localization accuracy and classification confidence. Additionally, Precision and Recall metrics are
analyzed to understand the model's behavior in extreme noise, specifically tracking whether the system
suffers more from false positives or missed detections as the signal quality degrades.

Performance Comparison: Semantic vs. Traditional Transmission

The traditional method achieves the highest average precision at 30 dB due to lossless high-SNR
conditions, but collapses sharply below 10 dB, reaching a near-zero detection rate at 0 dB. In contrast,
the semantic transmission scheme degrades gracefully. As illustrated in Figure 2, the CH16 semantic
encoder retains a mean average precision of 0.414 at 0 dB-a relative decrease of only 8.2 percent from
its 30 dB performance. At 0 dB, the semantic system provides a massive performance improvement over
traditional transmission.
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Figure 2. Semantic vs traditional transmission performance vs SNR

From a qualitative perspective, the visual difference between the two methods at 0 dB is striking.
Under traditional transmission at this extreme noise level, the reconstructed images are completely
overwhelmed by colorful static noise, rendering vehicle outlines entirely indistinguishable to both
human eyes and computer vision algorithms. Consequently, the detector fails to propose any meaningful
bounding boxes. Conversely, the feature maps generated by the semantic system preserve the essential
structural outlines of the vehicles. Even though the channel is severely degraded, the YOLOv12 detector
consistently maintains confidence scores above 0.5 for most vehicles, demonstrating the distinct
advantage of task-oriented feature transmission.

Performance Comparison: Supernet vs. Independent Models

We further compare the performance of the proposed Supernet with independently trained
encoder models to verify its efficiency. The Supernet sub-networks track the independently trained
models closely across all SNR conditions. At the most challenging 0 dB condition, the highest-capacity
sub-network achieves an average precision that is extremely close to the independent model, confirming
the effectiveness of the Sandwich Rule training. The Supernet effectively replaces three independent
models with one, resulting in a parameter cost reduction of approximately 67 percent with minimal
performance degradation.

Conclusion

This paper presents a semantic communication system for vehicle detection that demonstrates
strong robustness to AWGN channel noise. The proposed CNN semantic encoder significantly reduces
detection degradation in extreme noise conditions compared to traditional image transmission.
Furthermore, the Supernet architecture successfully consolidates multiple compression-ratio variants
into a single model with minimal performance loss. Future work will investigate adaptive compression
ratio selection based on estimated channel quality and the end-to-end joint optimization of the encoder-
decoder-detector pipeline. The proposed system is highly suitable for low-SNR scenarios in intelligent
transportation systems.
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Abstract. Accurate CSl acquisition is critical for reliable OFDM transmission in 5G NR. This paper
establishes an OFDM baseband link and compares LS and LMMSE channel estimation. An AR1
model simulates slow and fast fading. To reduce approximation error in traditional LMMSE, a
discrete frequency-domain autocorrelation matrix is derived. Simulations show LMMSE
outperforms LS in slow fading. In fast fading, time-domain linear interpolation suppresses the error
floor and tracks time-varying channels.
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Introduction

Orthogonal Frequency Division Multiplexing (OFDM) is the core modulation technology for the
5G NR downlink, but it is highly sensitive to Channel State Information (CSI) accuracy. While inserting
pilot symbols allows CSI acquisition, traditional Least Squares (LS) estimation is simple but highly
susceptible to Additive White Gaussian Noise (AWGN) [1]. Conversely, the Linear Minimum Mean
Square Error (LMMSE) algorithm offers optimal frequency-domain smoothing using second-order
channel statistics, albeit with higher complexity and reliance on an accurate autocorrelation matrix.

OFDM Transceiver Link Model

This paper constructs a 5G NR-compliant OFDM baseband transmission system. As shown in the
Figure 1, At the transmitter, the input bit stream is 16-QAM modulated, mapped onto N orthogonal
subcarriers with block pilots, and transformed to the time domain via IFFT [2]. A Cyclic Prefix is
appended to mitigate Intersymbol Interference (ISI). At the receiver, assuming the CP length exceeds
the channel's maximum multipath delay, the CP is removed and FFT is performed. The frequency-
domain received signal on the k —th subcarrier is expressed as

Y (k)= X (K)H (k)+Z (K). )
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Figure 1. Matlab simulation flowchart of OFDM system

To simulate channel variations at different terminal mobility speeds, this paper adopts a first-
order autoregressive (AR1) model to generate a time-varying multipath Rayleigh fading channel [2].
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Let t be the maximum multipath delay, the evolution process of the time-domain channel impulse
response h, for the t—th OFDM symbol can be expressed as

h =axh_ + (1—oc2)><wt, )

where w, is an independent complex Gaussian random process, and o is the time correlation

coefficient, whose value is affected by the terminal's mobility speed (doppler shift). When o ~1, the
channel exhibits slow fading (or block fading); when o <1 the channel exhibits fast fading, meaning
the channel response changes significantly within a single slot.

Pilot Structure Design

In OFDM systems, common pilot patterns include block pilot, comb pilot, and lattice pilot
(scattered pilot), as shown in the Figure 2.

Time
—————
Q0000000 0000800: Q0900000
Pioi—$S889228 85928828 8828928
38380888 $06000008 56008808
00000000 00800080 080888.8
Data—Q0000000 0000008 0080000
00000000 00800080 08800800
90000000 ©000000® 0000080
¥ 00000000 ©®©000000® 00800000
00000000 @000000® 0000®#000
Comb Block Scattered

Figure 2. Typical OFDM pilot patterns: comb block, and scattered

While OFDM systems utilize various pilot patterns, this simulation employs a block pilot
structure to adapt to the 5G NR slot format (14 symbols per slot). Pilots are inserted at the 1st and 8th
symbol positions to enable effective tracking of the time-varying channel in subsequent processing [3].

Channel Estimation Algorithms

Transmitted signal X(n) Received signal Y(n)

Channcl
‘9
/[\ Error signal e(n)

Estimated signal ¥(n)

Channel
estimation model

Figure 3. Channel estimation model

As shown in the Figure 3, the objective of the LS algorithm is to minimize the squared error
between the received signal and the expected signal. At the block pilot positions, the frequency-domain
channel response estimated by LS can be directly given by the zero-forcing formula

H, S (K) =Y, (K)/ X, (K)=H (K)+Z, (k)/ X, (k). ®)

Building upon the LS estimation, the LMMSE algorithm utilizes the channels frequency-domain
autocorrelation matrix R, and the system noise variance to smooth the estimates via Wiener Filtering.

Its weight matrix W, is

LMMSE
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In traditional derivations, R, often uses an integral approximation assuming a continuous power

delay profile. To eliminate the mismatch between this continuous approximation and the actual discrete
FFT sampling, this paper derives an exact discrete correlation formula strictly based on a discrete
uniform multipath power distribution. For subcarriers k and I, its elements are calculated as follows

1—exp{—j2ntmax k_lj
1 N g
R (K, 1) = ——x

: (5)
e 1—exp —j2nu
N

fft

While a sample-and-hold strategy suffices for slow fading, fast fading causes severe channel
aging. As shown in the Table 1, this paper employs time-domain linear interpolation [4]. Using estimates
from the 1st and 8th symbols, it interpolates intermediate data symbols and extrapolates the 9th to 14th
symbols, recovering the entire slot's time-varying channel matrix.

Table 1. 5G NR OFDM Simulation Parameter Settings

Parameter Name Parameter Value
FFT Size 512
Cyclic Prefix Length (CP) 22
Number of Symbols 14
Modulation Scheme 16-QAM
Pilot Position (Symbol Index) 1,8
Maximum Multipath Delay( ) 16

Algorithm Accuracy and System Performance Evaluation

In a slow fading environment, the channel remains static within a slot. We first evaluate the pure
mathematical accuracy of the estimation algorithms.

Method: Block Hold

Mean Square Error (MSE)

4] 1 15

SNR (dB)

Figure 4. MSE Performance (a0 =1)

As shown in the Figure 4, in the Mean Square Error (MSE) performance evaluation, the LMMSE
algorithm significantly outperforms the traditional LS algorithm across the entire SNR range. LMMSE
reduces the estimation error by approximately one order of magnitude [5]. This is because the LS
algorithm is highly susceptible to severe AWGN contamination, whereas the LMMSE algorithm fully
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exploits the low-rank nature of the frequency-domain autocorrelation matrix, achieving optimal
smoothing and noise suppression in the frequency domain.

Method: Block Hold

Bit Error Rate (BER)

IL'. Estimatco
LMMSE € vtrrobion
SNR (dB)

Figure 5. BER Performance slow fading (o =1)

As shown in the Figure 5, in extremely low SNR environments, the background white noise on
data symbols dominates the total error. Consequently, the massive data noise floor during constellation
decision-making masks the system-level gain brought by LMMSE's improved channel estimation.

In actual 5G NR mobile communications, the terminal's mobility speed (doppler shift) determines
the time correlation of the channel. This paper selects two typical time-varying fading scenarios for
comparative simulation: quasi-static or low-speed fading and high-mobility fast fading.

Method: Time-Domain Linear Interpolation

Bit Error Rate (BER)

L renar irdee

LMMSE + Lot S

SNR (@B)
Figure 6. BER Performance under high-mobility fast fading (o =0,999)

The channel characteristics in this specific scenario exhibit an extremely slow evolution pattern
in terms of both phase and amplitude within a single slot, which spans 14 symbols. Leveraging this
property, the time-domain linear interpolation algorithm can fit this minute linear drift with
exceptionally high precision.

As shown in the Figure 6, by examining the bit error rate (BER) curves, it is evident that the
performance of both the Least Squares (LS) interpolation and Linear Minimum Mean Square Error
(LMMSE) interpolation schemes demonstrates a consistent and smooth downward trend as the Signal-
to-Noise Ratio (SNR) increases. Notably, no visually apparent error floor is observed across the entire
SNR range, indicating robust system performance under high SNR conditions.
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Furthermore, the LMMSE interpolation scheme offers distinct advantages at the pilot anchor
points (specifically Symbol 1 and Symbol 8). This is primarily attributed to its superior subspace noise
reduction capability, which effectively exploits statistical information to achieve a more favorable
signal-to-interference ratio (SIR) and thereby enhances overall link quality compared to the LS method.

Method: Time-Domain Linear Interpolation

Bit Error Rate (BER)

SNR-’((IB]
Figure 7. BER Performance under high-mobility fast fading (o = 0,985)

As shown in the Figure 7, the system faces a high-mobility scenario, physically corresponding to
highway or high-speed rail environments), the theoretical limitations of the algorithm are completely
exposed [5]. As shown in Figure 5, when the SNR exceeds 20 dB, the BER curves of both algorithms

stop descending and fall into a severe error floor effect, converging at the 10 order of magnitude.

The fundamental mechanism producing this starkly different phenomenon lies in the geometric
mismatch of the interpolation model. According to the first-order autoregressive (AR1) channel
evolution model, high doppler shifts cause drastic nonlinear fluctuations in the channel between adjacent
pilot intervals (7 symbol periods) and continuously inject random innovation noise. First-order linear
interpolation can only depict macroscopic linear trends and is completely incapable of tracking the high-
frequency random fluctuations occurring on intermediate data symbols. In the low-to-medium SNR
region, the AWGN background is the primary contradiction; here, the accurate pilot initial values
provided by LMMSE can still bring system-level BER improvements. However, in the high SNR region,
AWGN tends toward zero. At this point, the "nonlinear interpolation residual™ caused by drastic channel
changes takes over and becomes the dominant interference source in the system. This effective
background interference, caused by insufficient geometric approximation capability, cannot be
eliminated by increasing transmission power, thus forming an unbreakable error floor.

In summary, objective comparative simulations define the application boundaries of the proposed
algorithm: the LMMSE linear interpolation scheme based on large-interval block pilots is perfectly
competent for 5G NR low-speed or quasi-static scenarios; but facing high-mobility fast fading
environments, excessive time-domain pilot intervals will lead to linear interpolation failure. This
conclusion provides an important reference for pilot pattern design in practical systems: in extreme
scenarios like high-speed rail, the system must sacrifice some spectral efficiency to densify time-domain
pilots or introduce higher-order nonlinear tracking algorithms to break through this physical limit.

Conclusion

Targeting the 5G NR standard, this paper evaluates OFDM channel estimation and time-varying
channel tracking using a block pilot architecture. By employing a strictly discrete autocorrelation matrix,
the LMMSE algorithm comprehensively outperforms LS in MSE due to its excellent subspace noise
reduction, while providing a stable parallel BER gain in the medium-to-high SNR region. The low-SNR
BER convergence of both algorithms is fundamentally driven by the system-level ceiling effect of data
symbol background noise.
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Furthermore, simulations define the physical applicability boundary of the time-domain linear
interpolation architecture [6]. While highly effective for quasi-static and low-speed fading
environments, this first-order interpolation fails to track drastic nonlinear channel fluctuations in high-
mobility fast fading scenarios (e.g., high-speed rail), inevitably resulting in a severe high-SNR error
floor. These findings underscore the necessity of dynamic DMRS configurations in 5G networks: to
break physical geometric approximation limits in extreme mobility scenarios, networks must sacrifice
some spectral efficiency for denser time-domain pilot structures or adopt higher-order dynamic tracking
algorithms.
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Abstract. In unknown environments, a single monocular camera struggles to achieve absolute
distance measurement due to the lack of scale information. This paper proposes a method for
absolute distance estimation of arbitrary targets based on the collaboration of two mobile agents.
The method takes two agents as the basic implementation unit and is applicable to multi-agent
systems, where any two agents with communication and collaboration capabilities can perform
ranging using the same strategy. For this dual-agent collaborative monocular vision ranging system,
a systematic error model is established based on first-order error propagation theory and the worst-
case linear accumulation assumption, which traces the propagation of errors from pixel quantization
to final distance estimation. The system ranging chain is decomposed into three serial stages:
baseline calibration, viewing angle difference measurement, and triangulation distance calculation.
Analytical expressions for the error in each stage are derived, and the relative error formula for the
final distance is synthesized. The model reveals the key factors affecting ranging accuracy,
providing a theoretical foundation for system design and parameter optimization.

Keywords: Error Propagation; Dual-Agent Collaboration; Multi-Agent Systems; Monocular
Ranging; First-Order Approximation; Linear Accumulation.

Introduction

Utilizing dual-agent collaboration to achieve monocular vision ranging in unknown environments
involves three serial stages: baseline calibration, viewing angle difference measurement, and
triangulation distance calculation. Each stage is affected by sensor quantization errors, and the final
ranging accuracy is determined by the propagation and accumulation of errors from each stage. To
guantitatively evaluate the system performance boundaries, this paper adopts the first-order error
propagation theory [1] and, under the worst-case scenario, models the linear accumulation of errors from
each stage, deriving an analytical expression for the relative error of the final distance estimate, thereby
providing theoretical guidance for system design and parameter optimization.

Error Propagation Model Establishment

1. First-order error propagation theory.

Assume the final output distance AC = f [xl,xz,---,x ] of the system is a function of n

n

independent measured quantities X; . If each measured quantity x; has an error Ax;, and the errors are

relatively small, the approximate first-order expansion of the output error (worst-case scenario, errors
accumulating in the same direction) is

AC~Y
i=1

of
—|AX: . 1
o N 1)

174



The following analysis will be based on this model to examine the linear accumulation process of
errors from each stage.

2. System measurement chain and error source decomposition.

The system ranging process can be divided into three serial measurement stages, each introducing
independent errors:

2.1. Baseline calibration stage: Input is the tag image width w, output is the baseline distance
AB. The main error source is the quantization error Aw in pixel width detection.

2.2. Viewing angle difference measurement stage: Input is the pixel coordinate U, output is the
viewing angles o and (. The main error source is the quantization error Au in pixel coordinates. If
the angular disparity exceeds the field of view, the chain tracking method is used for angle measurement
[3]. Under chain tracking mode, this error accumulates linearly with the number of tracking steps K .

2.3. Triangulation calculation stage: Inputs are AB, a., [, output is the distance AC. Its error is

determined jointly by the errors from the preceding two stages.

Error Modeling for Each Stage

1. Error in baseline distance AB.
According to the depth estimation method for monocular cameras based on prior information [2],
the baseline distance is calculated as
_fL

AB : )
w

assuming the actual side length L of the tag and the camera's equivalent focal length f are precisely
known, the main error originates from the measurement of the tag image width w (in pixels). Due to

pixel coordinate discretization, the detected boundary position has a maximum quantization error of
+0.5 pixels. Therefore, the maximum absolute error of the width is Aw,_, =1pixel. The maximum

absolute error of the baseline distance is

AB pw,, = L 3)

AAB_ =
w

substituting equation (2) into equation (3) yields the error formula expressed in terms of the true baseline
value

2
AAB, ., = ':\BL . (4)

2. Errors in viewing angles o and 3.
The viewing angle is obtained through pixel-angle conversion 6= Au -Gp, where
0,= FOV, /W is the angular resolution per pixel. FOV, is the camera's horizontal field of view, and

W is the image horizontal resolution.

2.1. Co-visibility case.

The viewing angle difference is calculated from a single pixel difference Au . Since the maximum
quantization error for each pixel coordinate is 0.5 pixels, the maximum error in the pixel difference Au
is 1 pixel. The corresponding maximum absolute error in the viewing angle is
A8 . =6_. (5)

max p

2.2. Chain tracking case.
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The total viewing angle is obtained by accumulating k independent angular increments. In the
worst-case scenario, assuming the measurement error A®, for each step reaches the maximum value

Op and accumulates in the same direction, the total error accumulates linearly is
O =K-0, (6)
AB, =k"0,, (7)

where k and k' are the number of tracking steps for agent A and agent B, respectively.
3. Error synthesis for distance AC.
According to the triangulation formula
_ AB-sin(B)

sin(o+p) ®)

treating AB, o, B as independent variables, with errors AAB_ ., Ac,,. . AB,.. respectively.
According to equation (1), the maximum absolute error in distance AC is

AAC . % AAB_ . 6AC max T+ % JAY 9)
£ B

calculate the partial derivatives as

0AC _ sin(3) (10)
0AB  sin(a+B)’

0AC __AB. sm(p)zcos(oc +B) | (11)
oo sin“(a.+ )

H,

0AC _AB. _S|2n (o) | (12)

P sin“(a+B)

substituting equations (4), (6), (7), (10) — (12) into equation (9) yields the maximum absolute error in
distance AC is

sin(B)  AB’ ) AB. sm(B)|cos(a+[3)| o, 4 AB -sin(a)

max p in2 k'@p, (13)
sinfa+f) f-L sin” (o +) sin®(a.+B)
and the maximum relative error of AC is
SAC, ,, = Ml _ AB 1ot s p) ko, +—— @) g (14)
AC f-L P sinB)sin(a+B) P

Error Model Analysis

Equation (14) reveals three factors affecting the final ranging accuracy and their geometric
significance:

1. Baseline measurement term %: The error is proportional to the baseline length AB and

inversely proportional to the system intrinsic parameter f -L.

2. Viewing angle o error term |c0t(oc + B)| . kep : The error is modulated by the geometric factor
cot(a+ ). This term is minimized when o+ — 907, and tends to infinity when o+ — 0" or
180°, indicating system instability.
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sin(a)
sin(B)sin(a +B)
geometric factor. This term is smaller when o is small or 3 is large.
The model clearly indicates directions for system design and parameter optimization: increasing
the tag size L, increasing the camera focal length f , reducing the camera's horizontal field of view

FOV, or increasing the camera resolution W to lower 6, controlling the number of chain tracking

3. Viewing angle 3 error term -k'0,: The error is modulated by a complex

steps k and k', and selecting observation configurations where o+ approaches 90° can all
effectively improve ranging accuracy.

Conclusion

This paper addresses the dual-agent collaborative monocular vision ranging system. Based on the
first-order error propagation theory and the worst-case linear accumulation assumption, a systematic
error model is established. The measurement chain is decomposed into three stages: baseline calibration,
viewing angle difference measurement, and triangulation distance calculation. Error expressions for
each stage are derived separately, and an analytical formula for the relative error of the final distance
estimate is synthesized. This model provides a theoretical foundation for parameter selection,
observation configuration optimization, and performance boundary evaluation for ranging systems. The
method takes two agents as the basic implementation unit and is applicable to multi-agent systems,
where any two agents with communication and collaboration capabilities can perform ranging using the
same strategy.
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Abstract. Low Earth Orbit (LEO) satellite communications are vulnerable to eavesdropping due to
open wireless links. To address this issue, a simplified artificial noise (AN)-aided physical layer
security scheme is proposed. A practical system model including a multi-antenna LEO satellite, a
single-antenna ground user, and multiple eavesdroppers is established, considering shadowed-
Rician fading and imperfect channel state information (CSI). The AN is projected into the null space
of the legitimate user’s channel to avoid interference, while suppressing eavesdroppers. A fixed
power allocation strategy is adopted for easy implementation. Simulation results show that the
proposed scheme outperforms traditional methods in secrecy rate and secrecy outage probability
(SOP) with low computational complexity, making it suitable for resource-constrained LEO satellite
systems.

Keywords: LEO satellite communication, physical layer security, artificial noise, null space
projection, power allocation.

Introduction

LEO satellite networks have gained significant attention for global connectivity, offering low
latency and wide coverage [1]. However, their open wireless links expose data transmission to
eavesdropping threats. Traditional upper-layer encryption is impractical for LEO satellites due to limited
on-board resources [2].

Physical layer security (PLS) leverages wireless channel characteristics to achieve secure
communication without complex key management [3]. Artificial noise (AN) is a promising PLS
technique: AN is transmitted to interfere with eavesdroppers while not affecting legitimate users [4].
Existing AN schemes for satellites often involve complex optimizations [5][6], which increase
implementation difficulty.In particular, [5] employs iterative beamforming design with high
computational overhead, while [6] optimizes power allocation under multiple eavesdroppers but
requires global CSI. To address these limitations,this paper proposes a simplified artificial noise-aided
physical layer security scheme for LEO satellite communications. Characterized by clear and intuitive
principles and low implementation complexity, the scheme combines technical innovation with
engineering feasibility, and can effectively adapt to the resource-constrained characteristics of LEO
satellites.

System Model

1. Network Architecture

The system consists of three components (Fig 1):

LEO satellite: Equipped with 4 transmit antennas, transmits information signals and AN. It
leverages multi-antenna beamforming to enhance legitimate reception while confusing eavesdroppers
with artificial noise. Ground user (GU): Single antenna, receives secure data. It only processes useful
information and suppresses interference through reasonable receiving filtering and signal detection
mechanisms.Eavesdroppers (Eve): 2 passive single-antenna nodes intercepting signals.
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Figure 1.The system consists of three components (Fig 1)

2. Channel and Signal Models

Channels: Legitimate (satellite-GU) and eavesdropper (satellite-Eve) channels follow shadowed-
Rician fading [1]. Channel characteristics: Both the legitimate link (satellite—user) and the
eavesdropping link (satellite—eavesdropper) follow shadowed-Rician fading. Imperfect channel state
information is modeled using estimation errors.

Transmit signal: The information symbol is modulated with QPSK and combined with maximum
ratio transmission (MRT) beamforming. Artificial noise is a complex Gaussian random variable, and
the noise vector is orthogonal to the channel vector of the legitimate user.

Received signals:

Ground user: Artificial noise is completely canceled due to orthogonality, with only additive
white Gaussian noise superimposed.

Eavesdropper: Artificial noise causes interference, with additive white Gaussian noise
superimposed.

AN Scheme Design

1. Null Space AN Generation

The artificial noise vector is constructed in the null space of the legitimate user’s channel
(satisfying orthogonality with the legitimate channel). For a satellite with 4 transmit antennas, the null
space is 3-dimensional and is generated by multiplying the null-space matrix of the legitimate channel
with a random vector.

2. Power Allocation

The total transmit power constraint of the satellite is satisfied, and fixed power allocation is
adopted: power is allocated to the information signal and artificial noise at a fixed ratio.

Performance Evaluation

1. Metrics and Parameters

Secrecy rate: Calculated jointly by the signal-to-noise ratio (SNR) of the legitimate user and the
signal-to-interference-plus-noise ratio (SINR) of the eavesdropper.

Secrecy outage probability (SOP): The probability that the secrecy rate falls below 0.5 bps/Hz.
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Table 1. Simulation parameters

Parameter Value
LEO altitude 1000km
Prax 23dBm
Carrier frequency 2GHz
Noise spectral density -174dBm/Hz

2. Results

Fig 2 and Fig 3 show the performance compared with two baseline schemes: 1) "Traditional AN"
(AN transmitted without null-space projection, as in [6]); 2) "Without AN" (only MRT beamforming,
no artificial noise). The proposed scheme achieves the highest secrecy rate (1,2 bps/Hz at SNR=15 dB)
and lowest SOP (0,02 at SNR=15 dB), outperforming the comparison schemes.

Secrecy rate vs SNR

Figure 2. Secrecy rate vs SNR
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Figure 3. SOP vs SNR

Conclusion

This paper proposes a simplified artificial noise-aided physical layer security scheme suitable for
LEO satellite communications. Aiming at the problems of limited resources and vulnerable
eavesdropping of open wireless links in LEO satellites, the scheme projects artificial noise into the null
space of the legitimate user's channel, which can effectively suppress eavesdroppers while avoiding
interference to legitimate communications. Meanwhile, a fixed power allocation strategy is adopted to
simplify the implementation process of the scheme, which significantly improves the physical layer
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security of communication links on the premise of ensuring low computational complexity. Simulation
results verify the performance superiority of the proposed scheme over the traditional schemes without
artificial noise and with artificial noise without null space projection from two core indicators of secrecy
rate and secrecy outage probability. The scheme can be effectively adapted to resource-constrained LEO
satellite communication systems and has good engineering application value.
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Abstract. Object skeleton extraction is a fundamental task in computer vision and shape analysis,
which aims to generate a compact, single-pixel-width medial axis representation that preserves the
topological and geometric properties of the original 2D shape. This paper presents BlumNet, a novel
deep learning framework based on graph component detection for high-precision skeleton
extraction. Unlike traditional CNN-based methods, BlumNet decomposes the skeleton into three
graph primitives: skeleton curves, endpoints, and junction nodes, and adopts a multi-branch
detection architecture to predict these components simultaneously, then reconstructs complete,
topologically consistent skeletons through component association and post-processing. Experiments
are conducted on the public SK1491 dataset, with a total training time of 15 hours 38 minutes 28
seconds. The final test statistics show that the classification error (cclass_error) is 11.66 %, the
detection error (pclass_error) is 28.57 %, and the total loss is 2.3040. Compared with mainstream
methods (U-Net and SkeletonNetV2), BlumNet demonstrates obvious advantages in extraction
accuracy and topological consistency, effectively solving the problems of broken skeletons and false
branches existing in traditional models.

Keywords: object skeleton extraction, convolutional neural network, graph component detection,
BlumNet, SK1491 dataset.

Introduction

The search for accurate and topologically consistent object skeletons is a basic operation for many
image processing and computer vision tasks, including shape matching, target recognition, medical
image analysis, and 3D reconstruction. The skeleton of a 2D shape is a thin, centered representation that
retains the object's topological structure, branch connectivity, and key geometric features, serving as a
critical descriptor for subsequent shape analysis tasks. Traditional skeleton extraction methods are
mainly based on morphological operations, distance transformation, and VVoronoi diagrams, which rely
on hand-crafted rules and are highly sensitive to boundary noise, often producing redundant branches,
broken structures, and non-single-pixel-width skeletons.

With the development of deep learning, CNN-based methods have become the mainstream of
skeleton extraction, but most of them treat skeleton extraction as a pixel-wise binary segmentation task,
rarely explicitly modeling the inherent graph structure of skeletons, leading to common problems such
as broken skeletons, false branches, and weak topological consistency. To address these limitations, this
paper focuses on BlumNet, a graph component detection framework proposed by Zhang et al., which
models skeleton extraction as a graph component detection task rather than a segmentation task. This
paper implements and verifies the BlumNet framework on the SK1491 dataset, analyzes its performance
based on real test logs, and briefly compares it with mainstream methods to highlight the superiority of
BlumNet, providing a new idea for structural modeling of skeleton extraction tasks.

BlumNet Model Structure

BlumNet is a multi-branch deep learning framework for skeleton extraction based on graph
component detection, and its core advantage lies in explicitly modeling the graph structure of skeletons,
which fundamentally solves the topological inconsistency problem of traditional methods. The overall

182



architecture consists of three core parts: a backbone feature extraction network, three parallel detection
branches, and a skeleton reconstruction module.

The backbone network is a modified ResNet-50 with deformable convolution, which is used to
extract multi-scale features from the input shape image. Deformable convolution can adapt to the
geometric deformation of thin and curved skeleton structures, improving the model's feature extraction
ability for skeletons and enhancing its adaptability to complex shapes-this is crucial for accurately
capturing the fine structure of skeletons in the SK1491 dataset.

The three parallel detection branches are designed to predict three types of graph components:
skeleton curve detection branch, endpoint detection branch, and junction detection branch. The skeleton
curve detection branch predicts the confidence map of skeleton segments to locate the main body of the
skeleton; the endpoint detection branch predicts the heatmap of skeleton endpoints (terminal nodes of
skeleton branches); the junction detection branch predicts the heatmap of skeleton junctions (intersection
nodes of multiple skeleton branches). The loss function of BlumNet includes classification loss,
bounding box regression loss and graph structure loss, which are jointly optimized to ensure the accuracy
and structural rationality of the extraction results. The total loss function is defined as

L=L+alL+pBL+7L, (1)

where L is the focal loss for skeleton curve segmentation, solving the class imbalance problem in
skeleton extraction; L and L are the mean squared error (MSE) losses for endpoint and junction heatmap
regression, respectively; L is the bounding box regression loss for component localization; a, B, y are
hyperparameters used to balance the weights of different losses, which are set to 1.0, 1.0, and 0.5 in this
paper, respectively.

After obtaining the three component confidence maps from the detection branches, BlumNet
reconstructs the complete skeleton through four steps: threshold filtering, non-maximum suppression
(NMS), component association, and post-processing. Threshold filtering filters out low-confidence false
detections; NMS accurately locates endpoints and junctions and eliminates duplicate detections;
component association connects detected components to form a complete skeleton graph; post-
processing (morphological thinning and burr removal) ensures the skeleton is single-pixel-width and
free of redundant small branches. Relevant experimental results of BlumNet on the SK1491 dataset are
shown in Figure 1.

b . c

Figure 1. Visual Comparison of BlumNet Skeleton Extraction Results on SK1491 Dataset: a — input image;
b — ground truth skeleton; ¢ — result of BlumNet

Experimental Setup

Experiments are conducted on the public SK1491 dataset, a standard benchmark for object
skeleton extraction, which contains 1491 shape images with pixel-level manual skeleton annotations,
covering various shapes with complex topological structures. All images are uniformly resized to
256%256 pixels, and the dataset is divided into a training set, a validation set, and a test set in a ratio of
8:1:1.

BlumNet is implemented based on the PyTorch deep learning framework, trained on an NVIDIA
RTX 2080Ti GPU with 11GB of video memory. The optimizer is Adam, with an initial learning rate of
le-4, a weight decay of 1e-5, and a batch size of 16. The model is trained for 200 epochs, with the
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learning rate decayed by a factor of 0.1 every 50 epochs. According to the actual training log, the total
training time of BlumNet is 15 hours 38 minutes 28 seconds, the total test time is 2 minutes 9 seconds,
and the average inference time per image is 0.1744 seconds.

Key evaluation indicators for BlumNet include total loss, classification error (cclass_error),
detection error (pclass_error), cross-entropy loss (closs_ce), bounding box regression loss (closs_bbox),
graph structure loss (closs_gid), and topological consistency. The training process curves of BlumNet
are shown in Figure 2.

a b

Figure 2. Loss and Classification Error Curves of BlumNet: a — loss curve;
b — classification error curve

Experimental Results and Analysis

Experimental results are obtained from actual test logs on the SK1491 dataset, focusing on the
performance analysis of BlumNet, with a brief comparison with U-Net and SkeletonNetV2 only to
highlight BlumNet's advantages. The key performance indicators of BlumNet are shown in Table 1,
which fully reflects its excellent performance in skeleton extraction.

From the visual results (Figure 1), the skeleton extracted by BlumNet is complete, with a clear
topological structure, no broken branches or false branches, and strictly single-pixel-width, which fully
meets the requirements of skeleton extraction. The training curves (Figure 2) show that the training loss
decreases steadily and converges to about 0.9, and the training classification error converges to about 3
%, indicating that the model is fully trained and has high accuracy on the training set; the test
classification error stabilizes at 11.66 %, consistent with the test log results, verifying BlumNet's good
generalization ability.

According to the detailed test log data, BlumNet's multi-branch loss components are stable, and
the average values of each sub-loss are within a reasonable range, which indicates that the multi-branch
detection architecture of BlumNet can effectively optimize each graph component, further improving
the accuracy and topological consistency of skeleton extraction. For example, the average closs_ce 0~4
of BlumNet is 0.1214, which is lower than that of mainstream methods such as U-Net and
SkeletonNetV2, reflecting its superior performance in multi-scale skeleton component classification.

Briefly, compared with U-Net and SkeletonNetV2, BlumNet has obvious advantages in
topological consistency and extraction accuracy, while maintaining high training and inference
efficiency, effectively solving the problems of broken skeletons and false branches that plague
traditional methods.

Conclusion

The core advantage of BlumNet lies in its graph component detection architecture, which
explicitly models the skeleton as a combination of curves, endpoints, and junctions, this is fundamentally
different from traditional CNN-based methods (such as U-Net and SkeletonNetV2) that treat skeleton
extraction as a segmentation task. This design enables BlumNet to accurately capture the topological
structure of the skeleton, effectively avoiding broken skeletons and false branches.

The deformable convolution in the backbone network enhances BlumNet's adaptability to thin
and curved skeleton structures, making it more suitable for processing complex shapes in the SK1491
dataset. However, BlumNet still has some limitations: compared with U-Net, it has a slightly longer
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inference time, which is not suitable for real-time application scenarios; its detection error for small and
extremely complex shapes is relatively high, and its generalization ability needs to be further improved.
In the future, we will optimize the model structure to achieve lightweight deployment, and improve its
performance on small shapes by adding multi-scale attention mechanisms.
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Abstract. This thesis comparatively studies ORB-SLAM3 (Oriented FAST and Rotated BRIEF
Simultaneous Localization and Mapping 3) and DSO (Direct Sparse Odometry) in indoor
environments. We validate local implementation on public datasets and analyze self-recorded
sequences from trajectory behavior, statistics, per-frame runtime, and mapping visualization.
Results show ORB-SLAM3 excels in pose estimation and real-time performance, while DSO offers
more informative semi-dense maps. Both degrade under low light/strong highlights with different
failure modes, showing complementarity.

Keywords: DSO, ORB-SLAM3, monocular SLAM, indoor localization, photometric calibration,
TUM RGB-D, EuRoC MAV, self-recorded data.

Introduction

Visual Simultaneous Localization and Mapping (SLAM) is a fundamental technology in robotics
and computer vision that enables devices to estimate their ego-motion and simultaneously reconstruct
the structure of unknown environments from image sequences [1]. It has found widespread applications
in areas such as autonomous driving, indoor mobile robotics, augmented reality (AR), and virtual reality
(VR). Among these, indoor environments are particularly important due to the growing demand for
indoor robot navigation, warehouse automation, and AR-based indoor guidance systems. However,
indoor scenes pose significant challenges for visual SLAM due to their diverse textures, varying
illumination conditions, and potential dynamic objects [2].

Two prominent open-source visual SLAM systems are DSO [3] and ORB-SLAM3 [4],
representing direct and feature-based methods, respectively. DSO minimizes photometric errors without
feature extraction, making it advantageous in low-texture or motion-blurred environments [3]. ORB-
SLAM3 supports monocular, stereo, RGB-D, and visual-inertial modes, using ORB features for
tracking, mapping, and loop closure to achieve high accuracy and robustness [4]. Their monocular
versions are particularly attractive for low-cost and easy-to-deploy applications.

Despite their excellent performance on public benchmarks, a systematic comparison of their
monocular versions in diverse indoor environments is still lacking. Indoor scenes vary widely in texture
(e.g., cluttered laboratories, typical classrooms, textureless corridors) and lighting (e.g., bright daylight,
dim artificial light, abrupt changes near windows). These factors may affect direct methods (DSO) and
feature-based methods (ORB-SLAMB3) differently. Moreover, DSO includes a photometric calibration
module designed to compensate for the camera's response function and vignetting, but its actual
effectiveness under real-world indoor lighting variations has not been thoroughly evaluated. Existing
comparative studies often rely solely on public datasets with ground truth and neglect the common
scenario where ground truth is unavailable. A recent study by Crocetti et al. [5] evaluated DSO and
ORB-SLAMS3 in low-light indoor environments using robot-mounted auxiliary lighting, but did not
investigate natural daylight-to-artificial light transitions or the role of photometric calibration. Thus,
there remains a need for a comprehensive evaluation that covers multiple indoor scene types, realistic
illumination changes, and both quantitative (ground-truth) and qualitative (no-ground-truth)
assessments.
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Methodology

This study evaluates two monocular visual SLAM systems: Direct Sparse Odometry (DSO) [3]
and ORB-SLAMS3 [4]. Both systems are used in their official implementations without functional
modifications, except for minor additions to ORB-SLAM3 for logging purposes. All experiments are
conducted offline with graphical interfaces disabled to ensure consistency and avoid rendering overhead.

DSO is taken from the official repository released in 2016 [3]. The system provides three
operation modes controlled by the mode parameter: mode=0 applies photometric calibration using
externally supplied files for camera response function and vignetting; mode=1 performs a simple online
photometric compensation without requiring calibration data; and mode=2 disables all photometric
processing, using raw pixel values directly. In this work, DSO is executed with the default preset
(preset=0), which defines core optimization parameters including a desired point density of 2000, an
immature point density of 1500, a sliding window of 5 — 7 keyframes, and up to 6 Levenberg—Marquardt
iterations at original image resolution. Geometric calibration is provided via a standard calibration file.
For self-recorded sequences, DSO is evaluated in two configurations: with full photometric calibration
(mode=0) using calibration files generated by the online_photometric_calibration tool, and with online
compensation (mode=1). All DSO runs are performed with visualization disabled.

ORB-SLAM3 is used from the official repository released in 2021 [4], running in monocular
mode with input adapted from the mono_tum.cc example. Default ORB parameters are retained
throughout the experiments, including 1000 features per frame, a scale factor of 1.2, and 8 pyramid
levels, all specified via YAML configuration files customized for each sequence. To enable a fair
comparison with DSO in terms of tracking quality, two minimal modifications were made that do not
alter the core SLAM algorithm: an interface was added to expose the number of inlier features in the
current frame, and the main loop was extended to write this information to a log file when the
corresponding environment variable is set. Additionally, an option was added to disable the Pangolin
visualization for headless execution. All ORB-SLAMS3 runs are also performed without visualization.

Two categories of image sequences are used in this study. The first category consists of two public
benchmark datasets that provide ground truth trajectories, serving as a baseline for performance
evaluation. The second category includes four self-recorded sequences captured in real indoor
environments without ground truth, designed to investigate the impact of lighting variations and
photometric calibration.

The TUM RGB-D viconrooml easy sequence [6] is captured in a laboratory environment using
an RGB-D camera at 640x480 resolution and 30 frames per second, with ground truth provided by a
motion capture system. In this study, only the RGB images are used to simulate monocular input, while
depth information is discarded. The EUROC MAYV sequence V1_01_easy [7] is collected from a micro
aerial vehicle flying through an industrial environment, providing stereo images at 752x480 resolution
and 20 frames per second, with ground truth from a laser tracker. Only the left images are used for
monocular evaluation.

For the self-recorded sequences, two typical indoor scenes were selected: a university classroom
measuring approximately 10 by 8 meters, containing desks, chairs, a blackboard, and windows; and a
building corridor approximately 30 meters long and 2.5 meters wide, with white walls and doors. For
each scene, two sequences were captured along similar paths under different lighting conditions:
daytime with only natural light coming through windows, and nighttime with only artificial ceiling
lights, resulting in four sequences in total.

All sequences were recorded using a smartphone rear camera at 480x640 resolution and 30 frames
per second, saved in MP4 format. The videos were converted to PNG image sequences using FFmpeg
with a quality setting that ensures high output fidelity. Timestamps were generated using OpenCV in
Python by obtaining the frame rate and total frame count from each video, then computing timestamps
as frame index divided by frame rate. The resulting timestamp files follow the format required by the
SLAM systems, with each line containing the frame index, timestamp, and a placeholder for exposure
time that is not used in this study.

Geometric camera parameters were obtained using a standard checkerboard pattern and an online
OpenCV calibration routine. For DSO experiments requiring photometric calibration, calibration files
containing the camera response function and vignetting were generated using the
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online_photometric_calibration tool, which processes multiple images captured under varying
illumination in each scene. No ground truth trajectories are available for these self-recorded sequences.

To systematically evaluate the performance of the two algorithms in indoor environments, four
experiments were designed with different datasets and system configurations. All experiments were
conducted offline on the same hardware platform to ensure consistency of results.

First, baseline evaluation is conducted on public benchmarks with metric ground truth. ORB-
SLAMS3 and DSO are run using the identical code paths and hardware to be adopted for in-house data,
and monocular trajectories are aligned with the ground truth references via a similarity transform to
standardize scale and pose for comparability. This step validates the expected performance of the local
algorithm build and establishes a clear quantitative baseline for the subsequent analysis of self-recorded
corridor and classroom sequences without ground truth.

Next, the core study is carried out on four self-recorded sequences from two typical indoor scenes
—an open 509 classroom loop and a narrow corridor, each captured under daytime and nighttime lighting
conditions. ORB-SLAM3 and DSO (in its calibrated and self-compensated photometric modes) are
executed on each sequence, and in the absence of ground truth, absolute trajectory error is not reported.
Instead, tabulated run statistics are summarized, estimated paths are overlaid for qualitative.

Comparison, and instances of tracking breaks or multi-map fragments are recorded where they
appear. After presenting the trajectory and tabular results, computational efficiency is analyzed for all
test conditions. For every sequence and algorithm configuration, the mean tracking time per frame is
aggregated from repeated runs with an unchanged logging protocol. These efficiency metrics are
presented alongside the qualitative findings, so that the denser direct mapping and more computationally
expensive optimization of direct methods are not misconstrued as cost-free gains in scenarios where
robustness is similar or inferior.

Finally, a purely visual comparison of scene reconstruction quality is performed. Representative
viewpoints where both systems maintain stable tracking are selected, and the reconstruction outputs of
the two methods are compared directly — ORB-SLAM3’s sparse scatter of landmarks against DSO’s
semi-dense intensity-bearing point cloud. This step addresses practical deployability requirements, as it
allows human operators to judge the usability of the reconstructed geometry and texture in cases where
metric scoring cannot be computed.

For the public datasets (TUM and EuRoC), Absolute Trajectory Error (ATE) and Relative Pose
Error (RPE) are used as quantitative metrics. Since monocular SLAM suffers from scale ambiguity, the
estimated trajectory is first aligned with the ground truth using a 7 degree of freedom similarity
transformation (Sim(3)) to compensate for scale drift.

APE (Absolute Pose Error) measures the position deviation between the estimated trajectory and
the ground-truth trajectory at each time step. It first aligns the estimated poses using a similarity
transformation with scale s, rotation matrix R, and translation vector t, then computes the Euclidean
distance between the transformed estimated points and the ground-truth points. Its calculation formula
is given by

APE™™ =[sRp; +t - p;. (1)

Max APE (Maximum Absolute Pose Error) measures the position deviation of the frame with the
largest error in the entire trajectory. It takes the maximum value among the translational absolute pose
errors of all frames, reflecting the worst positioning accuracy during the algorithm execution. Its
calculation formula is given by

max APE = max; APE/"™. 2)

ATE (Absolute Trajectory Error) performs root-mean-square statistics on the absolute pose errors
over the entire trajectory. It first computes the translational absolute pose error for each frame, then
averages the squared errors across all frames and takes the square root, reflecting the overall positioning
accuracy of the algorithm. Its calculation formula is given by

ATE = \/%EN:( APE"™)’ . (3)

i=1
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RPE (Relative Pose Error) evaluates the estimation accuracy of motion between consecutive local
frames. It first computes the relative transformations between adjacent frames for both ground-truth and
estimated poses, then derives the translational or rotational deviation from the error matrix, and takes its
norm as the per-frame relative error. Its calculation formula is given by

" RPEqyse = %Z(QRPE )2 - (4)

Eirel _ (ATigt )_l ATieSt, e

RPE _ HT( Eirel )

For the self-recorded sequences (classroom and corridor, day and night), which lack ground truth,
a combination of qualitative and semi-quantitative measures is employed. The evaluation focuses on the
following aspects: tracking continuity, i.e., whether the system maintains tracking throughout the entire
sequence; if failures occur, the number of losses and successful relocalizations are recorded; trajectory
smoothness is inspected visually for abrupt jumps or jitter; for sequences with loop closure, the
Euclidean distance between the start and end points after aligning the start point is used as a rough
estimate of drift; per-frame statistics, including the number of optimized points for DSO and the number
of inlier features for ORB-SLAMS3, are logged to reflect tracking quality under varying illumination;
and average processing time per frame (in milliseconds) is measured to compare computational
efficiency.

These metrics allow a comprehensive comparison of the two algorithms from the perspectives of
localization accuracy, robustness, and real-time performance.

Experimental Results and Analysis

This chapter conducts benchmark tests based on TUM and EuRoC public datasets (5 repeated
runs, official algorithm implementations with only log/visualization adjustments) to verify the stability
of the experimental environment and establish a reference for subsequent analysis of self-recorded
datasets. The impacts of illumination, texture, and photometric calibration on algorithm performance
will be further explored using self-recorded indoor scene datasets.

Table 1 summarizes the 5-time average measured performance of the two algorithms in terms of
accuracy, efficiency, mapping, and other dimensions, while marking the reference values published in
official papers/benchmark libraries to achieve direct comparison between measured results and official
data.

Table 1. Five-time Average Measured Performance of DSO and ORB-SLAM3 on Public Datasets

Algorithm Test Dataset ATE(m) | RPE(m) | Max APE (m) | Single Frame Time (ms) Resolution
1280%1024

DSO mode0 TUM Sequence 14 | 0.2322 0.6016 0.4862 20.05 1640%480
ORB-SLAM3 | EuRoC V1_01_eas 0.0875 0.0271 0.1560 11.51 752480
—Leasy | b : ' : /600%350

These two trajectory (see Figure 1 and Figure 2) plots were produced on public datasets and show
monocular estimates compared to ground truth after Sim(3) alignment (scale and pose). They allow a
direct visual check of our local implementation and runtime behavior: ORB-SLAMS3 stays closer to the
ground truth and yields a smoother path, whereas DSO follows a similar overall shape but exhibits
greater drift and local fluctuations.

UM mieeoV0 seg 15 (ATE VAL = 02222 m)

Figure 1. 3D Trajectory Comparison of ORB-SLAM3 and DSO (model) on TUM freiburgl xyz
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Figure 2. 3D Trajectory Comparison of ORB-SLAM3 and DSO (model) on EURoC V1 01 easy Dataset

This section presents the experimental results on four self-recorded sequences (see Figure 3),
designed to evaluate the performance of ORB-SLAM3 and DSO (modeO/model) under realistic
illumination variations and different scene textures. All sequences were captured in typical indoor
environments, with consistent camera motion paths and hardware/software configurations to ensure
comparability.

a b c d

Figure 3. Representative Frames of Four Self-Recorded Test Sequences: a — 509 day;
b — 509 night; ¢ — corridor day; d — corridor night

Data were recorded in two representative indoor settings: Classroom 509 and a narrow corridor.
509 by day is relatively bright but spatially non-uniform because of windows and exterior light. The
room contains many objects, yet desks and chairs have glossy, weakly textured surfaces. The route
deliberately includes a segment looking toward a window, creating strong highlights and a high dynamic
range that stress both feature extraction and photometric modeling. 509 at night follows roughly the
same path under weaker artificial light or mixed outdoor illumination, testing behavior as illumination
and contrast fall.

The corridor by day is geometrically confined with fewer static objects, but artificial lighting is
more even. The camera moves mainly back and forth along a fixed direction, producing regular field-
of-view changes and a controlled “straight—turn” motion pattern for assessing tracking continuity. The
corridor at night lowers ambient brightness in the same layout to see whether features and image
gradients remain usable. Floors in both environments show irregular wear, stains, and joints that provide
low-level texture for visual odometry, but they do not remove differences driven by scene structure and
lighting.

Together, the four sequences contrast illumination uniformity, semantic clutter, specular/window
glare, and motion pattern: 509 emphasizes rich clutter and non-uniform lighting; the corridor emphasizes
more uniform illumination, repetitive geometry, and constrained heading. The day — night pairs
systematically isolate changes in illumination within the same space for comparing ORB-SLAMS3 and
DSO.

Given nearly identical input lengths on the Classroom 509 sequence for day and night across the
three setups (ORB-SLAM3, DSO mode = 0 and mode = 1), DSO produces denser pose outputs and
roughly an order of magnitude more observations per frame than ORB-SLAMS3, consistent with dense
photometric sampling versus sparse feature matching (see Table 2). All metrics drop at night relative to
day, with a steeper decline for ORB-SLAM3. The two DSO modes remain close in value, differing only
slightly between day and night.
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Table 2. Five-time Average Measured Performance on Classroom 509 Sequence

Metric ORB-SL.AM3 DSO mo_de:O DSO quezl
(Day/Night) (Day/Night) (Day/Night)
Input Frames 2302 /1551 2301 /1550 2301 /1550
Output Poses 322/201 352 /268 362/272
Average Points per Frame 252.1/218.7 2404.9 /1 2065.1 2436.1/2035.0

On our self-recorded 509 closed-loop path (see Figure 4), all three configurations produce a
recognizable looping motion under daytime illumination. ORB-SLAMS3 vyields a trajectory that better
resembles a closed loop, whereas DSO (mode = 0 and mode = 1) is more prone to map loss during
segments where the camera is deliberately pointed at bright windows. Because relocalization is
unavailable, lost maps cannot be recovered into a single consistent reference, so the degree of loop
closure is generally weaker than that of ORB-SLAMS3. The estimates also do not coincide in global
shape, reflecting the intrinsic scale and coordinate-frame ambiguity of monocular vision. At night, ORB-
SLAMS3 undergoes repeated map resets, fragmenting the estimate into multiple segments in different
local frames, which cannot be read as one continuous closed path on a single plot; by contrast, both DSO
modes maintain one continuous trajectory from the start. Overall, low light accentuates the instability
of feature-based SLAM under multi-map switching, while the direct formulation tends to be more robust
in terms of trajectory continuity. Importantly, without ground truth and without loop closure, these
curves should be treated only as qualitative comparisons of shape and continuity, and must not be
interpreted as metrically accurate scale or strict loop-closure performance for monocular estimates.

YO0 Maght sectory Companaur S0P Day

a b
Figure 4. Trajectory Evaluation of ORB-SLAM3 and DSO in 509 Room: a — 509 night;
b — 509 day

The corridor sequence involves a narrow layout and a controlled walking pattern. The table shows
that ORB-SLAM3’s number of output poses decreases at night, yet it does not exhibit the same kind of
multi-map fragmentation seen on 509 at night after repeated resets. Average points per frame remain
about an order of magnitude higher for DSO tha for ORB. DSO’s point density changes only mildly
between day and night in the corridor, which suggests that under relatively uniform artificial lighting
the scale of direct-method sampling stays stable; ORB’s points per frame are also similar between day
and night (see Table 3).

Table 3. Five-time Average Measured Performance on Corridor Sequence

Metric ORB-SI__AMS DSO mo_de:0 DSO mo_de:l
(Day/Night) (Day/Night) (Day/Night)
Input Frames 1805 /1861 1804 / 1860 1804 / 1860
Output Poses 248 /206 279 /208 289 /212
Average Points per Frame 212.4/214.3 2639.8/2631.0 2707.2 1 2667.9

Day and night, the corridor trajectories exhibit very small lateral motion (see Figure 5), with the

bulk of the motion forming an approximately straight path. By day, the three estimates extend farther
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along the vertical axis and stay closer to each other. At night, the overall extent along that axis is shorter
and the three traces separate somewhat more, yet the pattern remains a near-straight line dominated by
forward motion, without the clear multi-map, piecewise structure seen for ORB-SLAM3 at night on the
509 sequence.

Corridar Night Trajectory Comparison Comidor Day — Trajectory Companson

a b

Figure 5. Trajectory Performance Comparison of ORB-SLAMS3 and DSO in Corridor Scenarios Under Day and
Night lllumination « — corridor night;b — corridor day

To further characterize the computational cost of our self-collected sequences, we report the
average per-frame tracking time of ORB-SLAM3 and DSO (mode = 0 / mode = 1) on the 509 and
corridor scenarios under day and night illumination (see Figure 6). The statistics show that ORB-
SLAM3 remains near 8.3 — 9.2 ms per frame in all four conditions and is substantially faster than DSO;
both DSO configurations span 19.2 —28.9 ms per frame, i.e., roughly 2.5 —3x the ORB-SLAM3 timings.
This gap is consistent with the differing computational structures: DSO forms photometric residuals
over many high-gradient samples inside a sliding window and performs iterative optimization, yielding
a larger per-frame problem; ORB-SLAMS3 relies mainly on feature extraction, matching, and
comparatively light backend updates, and therefore exhibits lower time cost on our hardware and image-
resolution settings.

Within DSO, mode = 1 is never faster than mode = 0 across all scenes; the largest gap appears on
the corridor day sequence (=25.0 ms/frame vs. 28.9 ms/frame), suggesting that disabling fixed
photometric calibration and relying on online affine brightness compensation may increase the number
of optimization variables or iterations and thus raise the average latency. Day-night changes barely
affect ORB-SLAMS3, whose curve is almost flat; DSO decreases to some extent at night on both 509 and
the corridor, with a more pronounced drop on corridor night. This may reflect fewer reliable gradients
under low light, changes in keyframe triggering, or a smaller active set of residuals in the window,
shrinking each optimization step and lowering the per-frame average. Lower latency must not be equated
with higher accuracy; interpretation should be combined with trajectory continuity, mapping density,
and failure rates reported elsewhere.

Overall, the figure quantifies — in terms of wall-clock cost — the price of denser geometric and
photometric modeling: ORB-SLAM3 is more lightweight per frame, whereas DSO trades higher per-
frame cost for richer direct-map information, with mode = 0 slightly favoring average efficiency over
mode = 1.

192



Average Per-Frame Tracking Time
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309 Day 509 Night Corridor Day Corridor Night

Figure 6. Average Per-Frame Tracking Time of ORB-SLAM3 and DSO Under Different Scenarios

DSO minimizes photometric residuals over many high-gradient samples in a sliding window and
publishes a semi-dense map with intensity, so points tend to form spatially coherent patches; floor
patterns, wall boundaries, and furniture silhouettes are easier to recognize. On the right, the bench region
accumulates enough projected points that a human-shaped gray clutter emerges — this reflects coupled
photometric—geometric constraints rather than semantic understanding or true dense reconstruction.
ORB-SLAM3 builds a sparse landmark map tied to detected features; smooth or weakly textured
surfaces (bench, clothing, uniform walls) yield few stable landmarks, leaving only scattered red dots
where corners exist. Thus, for this viewpoint and corridor, DSO’s map is far more interpretable by eye,
while ORB-SLAM3’s map remains a sparse geometric scaffold (see Figure 7).

a b

Figure 7. Reconstructed Scene Texture: A Comparison of Different SLAM Algorithms: a — DSO corridor;
b — ORB corridor; ¢ — DSO classroom; d — ORB classroom

Conclusion

The experiments first complete a baseline validation of the local implementation on public
datasets, then turn to self-recorded sequences. This order gives the subsequent claims a clear traceability:
the public benchmarks check that the pipeline, parameters, and runtime environment are sound; the
custom sequences expose how the algorithms behave in realistic indoor settings. Following this protocol,
the paper compares methods along four dimensions — trajectory shape, summary statistics, average per-
frame time, and mapping visualization — to form a relatively complete evaluation framework.

On the self-recorded data, ORB-SLAM3 and DSO show a fairly clear division of roles. ORB-
SLAMS is overall stronger in pose estimation and trajectory stability: when illumination and texture are
favorable, the estimated path aligns better with the actual motion and global consistency is easier to
maintain. DSO tends to produce visually richer maps with more structural detail; its semi-dense output
makes scene contours and local texture easier to perceive. Neither is free of failure modes: ORB-SLAM3
is more prone to tracking loss and map resets under night conditions and strong specular highlights;
without loop closure, DSO can drift more noticeably and may also fail when facing very bright regions.
The paper therefore does not frame the comparison as a simple winner — loser ranking, but as
complementary strengths in localization robustness versus map interpretability.
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In terms of computational cost, ORB-SLAM3’s average per-frame tracking time is lower than
DSO’s throughout, consistent with the different front-end workload and optimization scales of feature-
based and direct formulations. That suggests ORB-SLAMS3 is more likely to meet tight latency budgets,
whereas DSO trades higher per-frame cost for denser scene expression. Taken together with the
trajectory and mapping results, system design should trade off localization stability, runtime, and map
detail in a task-driven way rather than relying on a single score.

The conclusions remain subject to clear experimental limits. First, no standard motion-capture or
survey-grade ground truth was collected for the custom sequences, so ATE, RPE, and similar absolute
metrics are not reported there; the analysis is mainly comparative and phenomenological. Second, only
five runs were performed per condition, which is a modest sample for highly stochastic monocular
systems and limits statistical generality. Third, the 509 recording includes deliberate camera motion
toward bright windows, and the session does not end at the same pose as the opening frame; both choices
increase the difficulty of loop closure and weaken conditions for detectors such as those in ORB-
SLAMS, so some effects reflect the acquisition protocol as well as the algorithms. For these reasons the
results are best read as behavioral analysis rather than rigorous metric benchmarking.

Building on these observations, future work will proceed in three directions: broaden coverage
with more scene types and lighting layouts and scale repetition to on the order of twenty runs, reporting
richer summary statistics; where possible add usable ground truth or auxiliary metrology so custom data
can be folded into standard error metrics; and explore fusion architectures that use ORB-SLAMS3 for
global stability while leveraging DSO’s semi-dense direct mapping to improve map legibility. Overall,
this study not only contrasts the two approaches in real indoor conditions but also clarifies the problem
boundaries and design space for subsequent hybrid visual SLAM / VO systems.
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Abstract. Unmanned Aerial Vehicle (UAV)-satellite cross-view geolocalization is a core
technology for autonomous navigation in GNSS-denied environments, which achieves precise pose
estimation by matching low-altitude oblique UAV images with high-altitude orthophoto satellite
images. However, the huge visual differences in perspective, scale and distortion between the two
types of images significantly increase the difficulty of feature matching. Current mainstream
methods are mostly based on CNN or Transformer architectures, while systematic comparative
studies of pure MLP architectures in this task are still insufficient, and their performance differences
and efficiency trade-offs remain unclear. To this end, this paper compares and analyzes the accuracy,
robustness and computational efficiency of CNN and pure MLP architectures in UAV-satellite
cross-view geolocalization on a unified benchmark dataset. The experimental results show that CNN
has advantages in local feature extraction and is more robust to perspective distortion, while pure
MLP architectures show potential in global feature modeling and inference speed, but their
performance needs to be improved in small-sample and extreme perspective change scenarios. The
comparative analysis in this paper provides an empirical basis for the architecture selection and
optimization of cross-view geolocalization models.

Keywords: cross-view geolocalization; UAV-satellite images; CNN; pure MLP architecture; feature
matching.

Introduction

Unmanned Aerial Vehicles (UAVs) have been widely applied in key scenarios such as
autonomous navigation, emergency search and rescue, and land resource surveying due to their
advantages of flexible deployment, low cost, and high-resolution imaging, among which UAV-satellite
cross-view geolocalization serves as one of the core technologies supporting these tasks, achieving
precise pose estimation of UAVSs in the global geographic coordinate system by matching low-altitude
obligue UAV images with high-altitude orthophoto satellite images, thus providing a reliable solution
for positioning in GNSS-denied environments [1]. However, there exist huge visual differences between
UAYV and satellite perspectives, including perspective and scale differences where UAVs capture low-
altitude oblique images with flexible and variable viewpoints while satellites take high altitude
orthophotos with fixed perspectives, leading to distinct visual appearances of the same geographic entity
due to significant disparities in imaging scale and projection mode, rotation and distortion differences
caused by unstable UAV flight attitudes that introduce image rotation and distortion to further increase
feature matching difficulty, as well as illumination and seasonal differences that alter lighting conditions
and vegetation coverage to affect feature stability and repeatability, all of which pose severe challenges
to cross-view feature matching [1]. At present, research on cross-view geolocalization mainly focuses
on CNN and Transformer architectures, with the former performing well in feature extraction by virtue
of local inductive bias and the latter excelling in global context modeling. Yet pure MLP architectures,
as a simple model without inductive bias that has shown performance comparable to CNN in general
computer vision tasks [5], have not been verified for their applicability in UAV-satellite cross-view
geolocalization, and there remains a clear gap in systematic comparative studies with CNN, leaving their
performance differences and efficiency trade-offs in this task unclear. Against this background, this
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paper conducts a systematic comparative experiment between CNN and pure MLP architectures in
UAV-satellite cross-view geolocalization on a unified benchmark dataset [4], analyzing their differences
in positioning accuracy, robustness to visual variations, and computational efficiency, revealing the
performance rules of different architectures under key challenges such as perspective distortion and
scale change to provide empirical guidance for model selection, and discussing the optimization
direction of pure MLP architectures in this scenario to offer a reference for subsequent research, with
the rest of the paper organized as follows: Section 2 reviews related work on cross-view geolocalization
and pure MLP architectures, Section 3 introduces the experimental dataset, comparative models, and
evaluation metrics, Section 4 analyzes and discusses the experimental results, and Section 5 summarizes
the full paper and prospects future work.

Related Work

Cross-view geolocalization focuses on matching low-altitude UAV oblique images with high-
altitude satellite orthophotos to estimate precise UAV poses in GNSS-denied environments, serving as
a core technology for autonomous navigation and emergency search and rescue [1]. Classic benchmark
datasets including CVUSA [6], VIGOR [7], and University-1652 [3] have been established to evaluate
task performance, among which University-1652 is widely adopted as the standard testbed for current
UAV-satellite cross-view localization due to its diverse campus and urban scenes and well-aligned
matching image pairs [3]. Early studies relied on hand-crafted features such as SIFT [8] and HOG [9]
to capture invariant visual patterns for cross-view matching, but these methods struggled with severe
perspective, scale, and distortion differences between UAV and satellite images, resulting in limited
accuracy and robustness that failed to meet practical application demands. With the rise of deep learning,
data-driven approaches gradually replaced hand-crafted feature methods, opening new avenues for
addressing the challenges of cross-view geolocalization.

CNN-based architectures have dominated cross-view geolocalization research due to their
inherent local inductive bias, which enables effective extraction of key local visual features such as
building edges, road intersections, and texture patterns that are critical for matching. Representative
works include NetVLAD [10] and CVM-Net [1]: NetVLAD introduces a vector of locally aggregated
descriptors to aggregate convolutional features into compact global representations, laying the
foundation for efficient large-scale cross-view image retrieval [10], while CVM-Net employs a siamese
network structure with shared CNN weights to learn shared feature spaces between UAV and satellite
images, and uses metric learning objectives to minimize the feature distance of matching image pairs
and maximize that of non-matching pairs, significantly improving cross-view matching accuracy [1].
Despite their advantages in local feature robustness and parameter efficiency, CNN-based methods
suffer from limited global context modeling ability, as their fixed-size receptive fields make it difficult
to capture long-range dependencies between geographic entities, leading to potential feature
misalignment under extreme perspective and scale variations.

In recent years, Transformer architectures have emerged as promising alternatives to CNNs in
computer vision [11], offering new possibilities for cross-view geolocalization. TransGeo applies the
self-attention mechanism of Transformers to cross-view localization, modeling global contextual
relationships between image regions to alleviate the limitations of CNNs’ local receptive fields, thus
achieving better performance in scenarios with large-scale perspective differences [2]. As a
representative pure MLP architecture, MLP-Mixer discards convolutional and attention operations
entirely, relying solely on fully connected layers to interact across spatial and channel dimensions of
feature maps, and has achieved performance comparable to state-of-the-art CNNs on general visual
benchmarks like ImageNet, demonstrating its potential in simple structure and global feature modeling
[5]. However, existing studies in cross-view geolocalization mainly focus on Transformer-based
models, and the applicability of pure MLP architectures in UAV-satellite extreme perspective difference
scenarios remains unvalidated, with a clear lack of systematic comparative analysis between pure MLPs
and classic CNNs in this specific task.

Metric learning losses play a crucial role in optimizing cross-view geolocalization models, as the
task essentially boils down to image retrieval where the goal is to rank matching image pairs higher than
non-matching ones. Early works predominantly used Triplet Loss [12], which constructs triplets
consisting of an anchor image, a positive matching image, and a negative non-matching image to pull
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the anchor and positive features closer while pushing the anchor and negative features apart, effectively
optimizing the feature embedding space for cross-view matching. Subsequent studies have shifted to
contrastive learning losses such as InfoNCE and NT-Xent [13], which sample negative examples within
a training batch to construct more efficient contrastive constraints, leading to faster convergence and
better generalization performance under large-batch training settings. This loss has become a standard
choice for training current cross-view geolocalization models [14]. Despite the maturity of metric
learning loss designs, their compatibility and performance trade-offs with different backbone
architectures in cross-view geolocalization have not been thoroughly explored.

Methodology

This work focuses on cross-view geo-localization, which aims to find the satellite image tile that
matches a given UAV query image in geographic location. Each matching pair of UAV and satellite
images shares the same GPS coordinates, but differs greatly in viewing angle, imaging scale, and data
modality. This task is treated as an image retrieval problem, where the model learns an embedding
function to make matching image pairs more similar and non-matching pairs more distinct in the feature
embedding space [15]. For each UAV query image with a known correct satellite match, the model is
trained to ensure that the similarity between the query and its ground-truth match is higher than the
similarity between the query and any other non-matching satellite tile. The similarity measurement used
in this work is cosine similarity, and all feature embeddings are normalized using L2 normalization to
ensure stable and consistent similarity calculation [14].

The proposed framework uses a dual-branch structure with two independent encoders for UAV
images and satellite images respectively. The design of independent branches is based on the large
domain gap between UAV and satellite imagery. Using shared weights for both branches would force
the two different types of images into a single feature space, which is proven to be ineffective through
experiments. For each pair of matching UAV and satellite images, the two branches extract fixed-
dimensional feature embeddings independently. These embeddings are then normalized and used for
contrastive learning. The dual-branch structure allows each branch to learn specialized features suitable
for its own image type: UAV images contain rich texture details from oblique perspectives, while
satellite images show clear global spatial layouts from top-down views. Through contrastive learning,
the two sets of features are aligned to form a unified embedding space where cross-view matching can
be effectively realized [1].

ResNet-18 is a lightweight convolutional neural network with residual connections, containing
four residual stages with gradually increasing channel dimensions [16]. For an input image, the network
extracts features layer by layer and outputs a fixed-length feature vector through global average pooling.
Both the UAV branch and the satellite branch are initialized with weights pre-trained on the ImageNet
dataset [17], which is critical for model performance as verified in the ablation study. Residual
connections ensure smooth gradient propagation during training [16], and hierarchical feature extraction
captures multi-scale spatial information. Each ResNet-18 branch has about 11,2 million trainable
parameters. The choice of ResNet-18 instead of deeper networks is based on computational efficiency
and better generalization to domain-shifted data such as satellite images.

MLP-Mixer is a pure MLP architecture that replaces convolution and self-attention with two
alternating MLP operations applied to image patches [5]. The input image is divided into multiple non-
overlapping patches, and each patch is projected into a feature token to form a token matrix. Each MLP-
Mixer layer executes two operations in sequence: token-mixing MLP for spatial interaction between
different patches, and channel-mixing MLP for feature interaction within each patch [5]. The activation
function used is GELU, and layer normalization is applied before each MLP operation. The final feature
representation is obtained by global average pooling on the token dimension. Unlike CNNs that capture
local spatial features layer by layer, MLP-Mixer performs global spatial reasoning from the first layer
through token-mixing, which is beneficial for cross-view matching that relies on global landmark layout
[5]. The MLP-Mixer branch has about 59,9 million trainable parameters. Its pure MLP structure removes
the inductive bias of convolution, forcing the model to learn spatial relationships explicitly, which helps
adapt to large viewpoint changes in cross-view tasks.

Following the design of SIMCLR [13], a two-layer MLP projection head is added after each
backbone network to map backbone features into a compact 256-dimensional embedding space. The
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projection head separates the backbone feature learning from the metric learning objective, avoiding
over-specialization of backbone features to the contrastive loss [13]. All final embeddings are processed
with L2 normalization, so that all embeddings are distributed on a unit hypersphere, making cosine
similarity equivalent to dot product similarity [14]. This normalization step is essential for contrastive
learning, as it eliminates the influence of embedding magnitude on similarity calculation. The 256-
dimensional embedding space is a standard setting that balances feature expression ability and
computational cost.

The InfoNCE loss, also known as NT-Xent loss, is used as the main training objective [13]. For
a batch of matching UAV-satellite pairs, the loss calculates the contrastive constraint from UAV
embeddings to satellite embeddings. A temperature hyperparameter is used to adjust the concentration
of the similarity distribution, where a smaller temperature makes matching pairs cluster more tightly
[13]. To utilize the symmetry of the cross-view matching task, the loss is applied in both directions:
from UAV to satellite and from satellite to UAV. This bidirectional loss optimizes both matching
directions simultaneously, improving model convergence and final performance. Compared with Triplet
Loss [12], InfoNCE uses all sample pairs in the batch to calculate gradients, providing denser and more
effective learning signals [14]. The model learns to maximize the similarity between each query and its
correct match, while minimizing the similarity between the query and all other non-matching samples.

In the inference stage, all satellite tiles in the gallery are encoded by the satellite branch to build
a feature bank. For each input UAV query image, the model extracts its feature embedding and computes
the similarity with all embeddings in the satellite feature bank. The satellite tiles are sorted in descending
order of similarity, and the GPS coordinates of the top-ranked tile are taken as the predicted location.
The retrieval performance is evaluated using Recall@K metrics, which represent the percentage of
gueries whose correct satellite match appears in the top-K ranked results [3]. The main evaluation
metrics are R@1, R@5, and R@10, among which R@1 is the most stringent and practical index for real
geo-localization applications.

To verify the advantage of InfoNCE, a Triplet Loss version with hard negative mining is also
implemented [12]. For each UAV query, the hardest negative sample is defined as the non-matching
satellite tile with the highest similarity to the query. Triplet Loss only uses this single hardest negative
for each anchor, resulting in sparse gradient signals [12]. In contrast, InfoNCE uses all samples in the
batch as negatives, providing much denser gradients [14]. The ablation experiment shows that InfoNCE
achieves significantly better performance than Triplet Loss, especially for MLP-Mixer, which confirms
the rationality of choosing InfoNCE as the training loss.

Experiments and Results

We conduct experiments on the UAV-Visloc dataset comprising 768 image pairs, where each pair
consists of a UAV query image and a corresponding satellite gallery tile [4]. The dataset is split into 80
% training and 20 % validation using a fixed random seed to ensure reproducibility. All models are
trained for 80 epochs with batch size 32 using the AdamW optimizer [18] with learning rate 1le-4 and
weight decay le-4. The embedding dimension is uniformly set to 256 across all experiments. We
evaluate retrieval performance using Recall @K, which measures the percentage of queries for which
the correct satellite tile appears in the top-K ranked results. All experiments are conducted on an
NVIDIA RTX 5090 GPU with 30GB memory.

As shown in Table 1, we present a comprehensive quantitative performance comparison between
the two backbone architectures ResNet-18, a classic convolutional neural network, and MLP-Mixer, a
pure MLP-based model on the held-out validation dataset, which serves as a rigorous benchmark to
evaluate their generalization and cross-view matching capabilities. Across all three core recall metrics,
MLP-Mixer consistently outperforms ResNet-18, demonstrating the clear advantage of its architecture
for cross-view geo-localization tasks. Most notably, MLP-Mixer achieves a top-1 recall of 74,09 %,
which is 1,69 percentage points higher than ResNet-18’s R@]1 score of 72,40 %. This performance lead
is consistent across all evaluated recall thresholds: at R@5, MLP-Mixer reaches 88,41 % compared to
ResNet-18 87,50 %, marking a 0,91 percentage point improvement, while at R@10, MLP-Mixer’s score
of 92,45 % surpasses ResNet-18 90,49 % by a notable 1,96 percentage points. The consistent, across-
the-board improvement in all recall metrics strongly indicates that MLP-Mixer’s core token-mixing
mechanism, which enables holistic global spatial reasoning from the very first network layer, delivers
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far more effective cross-view feature alignment than ResNet-18 hierarchical convolutional design.
Unlike CNNs, which rely on local receptive fields to extract features in a layer-wise manner, MLP-
Mixer directly models long-range spatial relationships across the entire image, allowing it to capture the
overall layout of geographic landmarks rather than focusing solely on local texture details sensitive to
viewpoint and scale variations. Notably, the performance gap between the two models is most
pronounced at R@1, the strictest and most practically relevant metric for real-world geo-localization
applications. This significant improvement in top-1 recall demonstrates that MLP-Mixer learns far more
discriminative feature embeddings, which are highly effective at distinguishing matching cross-view
pairs from non-matching ones, a critical requirement for reliable UAV autonomous navigation systems.

Table 1. Overall cross-view retrieval performance of ResNet-18 and MLP-Mixer on validation set

Model R@1 R@5 R@10
ResNet-18 72,40 % 87,50 % 90,49 %
MLP-Mixer 74,09 % 88,41 % 92,45 %

To validate the necessity of independent branches for each view, we compare the dual-branch
architecture against a variant with shared weights, where a single backbone processes both UAV and
satellite inputs. This ablation tests whether the large domain gap between aerial and satellite imagery
requires separate feature extraction pathways or if a unified representation space is sufficient. As
reported in Table 2, the results reveal a dramatic performance degradation for the shared-weight variant.
For ResNet-18, R@1 drops from 72,40 % to 49,35 %, a loss of 23,05 percentage points, indicating that
forcing both modalities through a single backbone severely compromises the model ability to learn
discriminative cross-view features. Interestingly, MLP-Mixer shared-weight variant shows only
marginal degradation, suggesting that token-mixing operations may be more robust to domain shift than
CNN local convolutions. However, the independent-branch configuration remains superior for MLP-
Mixer as well, confirming that dual-branch architecture is essential for this cross-view task. The
asymmetric sensitivity between the two architectures highlights that while MLP-Mixer global receptive
field provides some inherent robustness to domain variations, explicit architectural separation for
different modalities is still beneficial.

Table 2. Ablation study: Effect of independent vs shared weight branches on R@1

Model Independent Branches Shared Weights AR@I
ResNet-18 72,40 % 49,35 % 23,0%
MLP-Mixer 74,09 % 72,79 % 1,30 %

We compare InfoNCE loss with Triplet Loss using hard negative mining (margin=0,3) to verify
contrastive learning effectiveness for cross-view geo-localization. InNfoNCE computes gradients from all
NxN batch pairs, while Triplet Loss uses only one hard negative per anchor, producing sparser gradients.
The comparative results are listed in Table 3. For ResNet-18, both losses yield identical 72,40 % R@1,
indicating architecture is the main constraint. For MLP-Mixer, InfoNCE reaches 74,09 % R@1,
outperforming Triplet Loss by 5,34 percentage points. The temperature t=0,07 in InfoNCE supports
fine-grained similarity calibration, which well matches MLP-Mixer’s global token-mixing mechanism.
Models with global receptive fields better utilize dense contrastive gradients, making InfoNCE the
optimal loss for this task, especially when combined with MLP-Mixer.

Table 3. Ablation study: InfoNCE vs Triplet Loss (hard negative mining, margin=0.3) for R@1

Model InfoNCE Triplet Loss AR@]I
ResNet-18 72,40 % 72,40 % 0%
MLP-Mixer 74,09 % 68,75 % 5,34 %

To quantify the contribution of ImageNet pretraining, we train both models from random
initialization with all other hyperparameters kept identical. As summarized in Table 4, the results
demonstrate that ImageNet pretraining is critical for cross-view geo-localization: ResNet-18 drops 13.81
percentage points in R@1, while MLP-Mixer suffers a catastrophic 54,04 percentage point decline. This
dramatic performance degradation reveals that semantic features from ImageNet are directly
transferable to UAV and satellite imagery. The asymmetric impact shows pure MLP architectures,
lacking convolutional inductive biases, depend far more on transfer learning; CNNs’ spatial locality and
hierarchical feature learning offer better robustness to random initialization. These findings underscore

199



the necessity of ImageNet pretraining and transfer learning for this task, especially for MLP-based

models.
Table 4. Ablation study: Effect of ImageNet pretraining on R@1 performance
Model Pretrained Random Init AR@1
ResNet-18 72,40 % 58,59 % 13,81 %
MLP-Mixer 74,09 % 20,05 % 54,04 %

This subsection visualizes the top-5 retrieval results for both ResNet-18 and MLP-Mixer on
representative queries. As illustrated in Figure 1, green boxes indicate correct matches, while red boxes
indicate incorrect matches. This labeling convention makes it straightforward to visually assess each
model’s retrieval accuracy at a glance. The visualization reveals several key differences in retrieval
behavior. MLP-Mixer consistently places the correct satellite tile at rank 1 or 2, while ResNet-18
sometimes ranks it lower, particularly in challenging scenarios with significant viewpoint variations.
Both models struggle with extreme viewpoint differences, but MLP-Mixer recovers better in the top-5
results, suggesting more robust feature representations. A critical observation is that MLP-Mixer token-
mixing operations appear to capture global spatial layouts and landmark configurations more effectively
than ResNet-18 local convolutional features. For instance, in cases where buildings or road networks
form distinctive patterns, MLP-Mixer correctly matches these patterns across views, while ResNet-18
may be distracted by local texture variations or shadows. These qualitative results corroborate the
guantitative findings: MLP-Mixer global receptive field from the first layer enables superior cross-view
matching by focusing on semantically meaningful, viewpoint-invariant features rather than low-level
texture details.
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Figure 1. Top-5 UAV-satellite cross-view retrieval results for ResNet-18 and MLP-Mixer. Green boxes denote
correct matches, red boxes denote incorrect matches

This subsection visualizes the learned embedding space using t-SNE dimensionality reduction
[19]. As displayed in Figure 2, each color represents a unique GPS location. Circles denote UAV query
embeddings, and stars denote satellite gallery embeddings. The visualization reveals striking differences
in cross-view feature alignment between the two models. For ResNet-18, UAV and satellite embeddings
for the same location are scattered across the embedding space, indicating weak cross-view alignment.
Many locations show significant spatial separation between circles and stars, suggesting that the model
has not learned a unified representation space where matching pairs are close. In contrast, MLP-Mixer
demonstrates superior cross-view alignment, with UAV and satellite embeddings clustering tightly
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together by location. The clear color-based clustering indicates that the model has learned a unified
representation space where matching pairs are proximal in the embedding space. This tight clustering is
particularly evident for locations with distinctive landmark configurations, where both UAV and
satellite views converge to similar embedding regions. The superior alignment in MLP-Mixer
embedding space directly translates to better retrieval performance, as queries and gallery items from
the same location are naturally closer in the learned metric space. This visualization provides compelling
evidence that MLP-Mixer token-mixing mechanism produces more aligned cross-view embeddings
through its global spatial reasoning capabilities.

KosNet 10 Baseline MLP Mixer Daseline

Figure 2. t-SNE visualization of learned cross-view embedding spaces for ResNet-18 and MLP-Mixer. Each
color represents a unique GPS location

This subsection presents visualizations of the attention regions for both models using the Grad-
CAM method [12], aiming to reveal which image regions contribute most to the generation of the final
feature embedding and to deeply analyze the feature extraction mechanism of each network. As
demonstrated in Figure 3, the generated attention heatmaps offer clear and intuitive insights into the
interpretability of the model decision-making process and the robustness of feature representation,
which is crucial for understanding the performance differences between the two architectures in cross-
view geo-localization tasks. For ResNet-18, the attention distribution is scattered across multiple
irrelevant regions of the image. Instead of focusing on core semantic landmarks that are stable across
views, the model often concentrates on low-level textures, local shadows, noise, or non-essential
background elements that are highly sensitive to perspective changes. This scattered and unstable
attention pattern strongly indicates that ResNet-18 tends to rely on texture-based shallow features, which
are vulnerable to variations in viewing angle, imaging scale, and illumination, thus leading to poor
feature stability in cross-view matching. In contrast, MLP-Mixer presents highly concentrated attention
on high-level semantic structural features, including typical buildings, complete road networks, regular
vegetation distribution patterns, and uniquely identifiable landmark configurations. These semantic
features possess strong invariance across obliqgue UAV views and orthogonal satellite views, making
them ideal cues for cross-view matching. More importantly, MLP-Mixer attention maps maintain highly
consistent focus regions for corresponding UAV and satellite image pairs, which directly proves that the
model has successfully learned viewpoint-invariant semantic features during the training process. For
instance, when a prominent building or a critical road intersection exists in both the UAV image and the
satellite image, MLP-Mixer stably focuses on these key regions in both views, while ResNet-18 attention
shifts randomly and fails to align across views. This excellent cross-view attention consistency is the
key reason for MLP-Mixer superior retrieval performance: by capturing semantically meaningful and
perspective-insensitive features, the model constructs highly robust feature representations that can
adapt to the drastic perspective differences inherent in UAV-satellite cross-view geo-localization.
Benefiting from the global token-mixing operations inside the architecture, MLP-Mixer is capable of
reasoning about global spatial relationships and overall landmark configurations in a holistic manner.
Unlike ResNet-18, which is easily disturbed by local texture fluctuations and view-specific imaging
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artifacts, MLP-Mixer maintains stable and focused feature perception, further enhancing its reliability
and accuracy in cross-view matching tasks.
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Figure 3. Grad-CAM attention heatmap visualization of ResNet-18 and MLP-Mixer. Warm colors indicate high-
attention regions, cool colors indicate low-attention regions

Conclusion

This paper presents a systematic comparative study of dual-branch deep learning architectures for
cross-view geo-localization, evaluating ResNet-18 and MLP-Mixer as backbones under a unified
contrastive learning framework. Trained on UAV-satellite pairs with bidirectional InfoNCE loss and a
shared 256-dimensional embedding space, we show that backbone architecture, loss function, weight-
sharing, and pretraining each play distinct, measurable roles in retrieval performance.

Our experiments confirm MLP-Mixer [5] consistently outperforms ResNet-18 [16] across all
metrics: R@1 of 74,09 % vs. 72,40 %, R@5 of 88,41 % vs. 87,50 %, and R@10 of 92,45 % vs. 90,49
%. This advantage stems from MLP-Mixer’s global token-mixing mechanism, which enables full-image
spatial reasoning from the first layer critical for cross-view matching, where landmark layouts, not local
textures, are the primary matching cue.

The ablation study reveals three key design principles: First, independent UAV satellite branches
are essential, as shared weights cause a catastrophic 23,05 percentage point R@1 drop for ResNet-18,
confirming the large domain gap between aerial and satellite imagery requires dedicated feature
pathways. Second, InfoNCE loss significantly outperforms Triplet Loss for MLP-Mixe, as dense
contrastive gradients from all batch pairs provide richer learning signals than single hard-negative
mining [4]. Third, ImageNet pretraining is critical, especially for MLP-Mixer, whose R@1 collapses
from 74,09 % to 20,05 % without initialization, a 54,04 percentage point drop, highlighting transfer
learning’s necessity for inductive bias-free pure MLP architectures.

Qualitative analyses validate these findings: t-SNE visualizations [19] confirm tighter cross-view
alignment with compact same-location embedding clusters, Grad-CAM maps [20] show MLP-Mixer
focuses on semantic, viewpoint-invariant regions while ResNet-18 attends to view-sensitive low-level
textures, and retrieval visualizations demonstrate higher-ranked correct matches for MLP-Mixer,
especially in extreme viewpoint scale scenarios.
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Despite these results, limitations remain: the 768-image dataset is small, performance on larger
diverse datasets requires validation, the framework lacks GPS and temporal metadata for real-world
deployment, and MLP-Mixer 59,9M parameter count is far higher than ResNet-18’s 11,2M, posing
constraints for resource-limited UAV systems.

Future work will focus on three directions: scaling to larger cross-view datasets to test
generalizability, integrating lightweight attention/knowledge distillation to reduce MLP-Mixer
computational cost while preserving performance, and extending to multi-modal fusion with GPS priors
and flight trajectories for robust real-time UAV geo-localization.

In summary, this work provides a rigorous empirical foundation for cross-view geo-localization
performance factors, establishing MLP-Mixer with bidirectional InfoNCE loss and independent dual
branches as a strong baseline for future research.
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MH(POPMAIIMOHHBIX TEXHOJIOTHM
aBTOMATHU3HPOBAHHBIX CHCTEM
BI'VUP

— K.T.H., JOUEHT Kadeapbl
MH(POPMAIIMOHHBIX CUCTEM
ynpasienus bI'Y

— MarucTpaHT Kadeapsl 3alIUThl
unpopmannu BI'YHP

— K.T.H., aCCUCTEHT KadeIpsbl
MH()OKOMMYHUKAIIMOHHBIX
texuonoruii BI'YUP
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27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
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Makenuuk Exareprna ['eHHaabeBHA

Makcak Makcum FOpbeBuu

Maceiiuuk Enena AnekceeBHa

ITerpos Cepreit HukonaeBuu

[Tunronko Anekcanzp AjekceeBud

[Tynko TarbsiHa AslekcaHApOBHA

PoGaueBckuit Anexkcanap
JAmMutpueBny

Cwmotpyk I'epman CepreeBuu

ConoBpéB Anekceil Hukomaesuu

Tatryp Muxann MuxaisioBu4

Tumodeer Anexcanp MuxaitinoBuy

TymanoB Tumyp AHapeeBuu

®pomnos ['puropuii ApréMoBHY

XamxunoBa Kcenust AnexcanipoBHa

— CTapIIUH MpenoaaBaTeNb Kadeapol
MH()OKOMMYHUKAIIMOHHBIX
texHosiorui bI ' YUP

— MarucTpaHT Kadeapsl
MH()OKOMMYHUKAIIMOHHBIX
texHosiorui bI ' YUP

— acCUCTEHT Kadeapbl
MH()OKOMMYHUKAIIMOHHBIX
texHosiorui bI ' YUP

— K.T.H., JOUEHT Kadeapbl 3a1UThI
uHpopmanuu bI'YUP

— K.T.H., JOUEHT Kadeapbl
UH(OKOMMYHUKAIIMOHHBIX
texuouorui bBI'YUP

— K.T.H., JOUEHT Kadeapbl 3a1uThl
uHpopmanuu bI'YUP

— MarucTpant GaKyabTeTa
nH(}OpMaAIMOHHOM 0€301TaCHOCTH
BI'YUP

— MarucTpaHT Kadeapsl 3alUThl
nnpopmanuu BI'YUP, unxxenep-
cucremorexHuk OO0 «CodTJlaitn
Jupex»

— HAyYHBIN COTPYIHHUK HAYYHO-
UCCIIeJIOBATEIbCKOM TabopaTopun
MIPUKJIATHOTO aHAIHM3a
UH(OKOMMYHHUKAIIMOHHBIX CHCTEM
Kadeapbl TEIEKOMMYHUKAITMOHHBIN
cucteM BI'AC

— I.T.H., mpodeccop kadenps
AJIEKTPOHHBIX BBIYUCITATEILHBIX
mamH BI'YUP

— KaHIUJAT TEXHUYECKUX HayK,
JIOLEHT, AOLEHT Kadeaphl 3alUThI
uHpopmanuu bI'YHUP

— CTYACHT Kadeapbl MUKpPO- U
HaHOIEKTpoHUKU BI'YHP

— CTYZAEHT Kadenpsl
MH(POKOMMYHUKAIIMOHHBIX
texHosioruii bI'YP

— CTyJIeHTKa (aKyIbTeTa
MH(POPMAIIMOHHBIX TEXHOJIOTUN U
ynpasienus bI'YHP



41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

[IBeTkoB Bukrop IOpbeBuu

UYenukoBa Buosierra BuktopoBHa

Usxan bun

Ysxkan CUHBION

Yrxan Yu

[Tao Cuupr03

[ITemeroBuu ExaTepuna

MuxaitnoBHa

[naxtyn Japes BuranseBHa

01 [luaxann

SAxosnes Opuii Cepreesuu

Sn Husio

— 3aBeAyIOMU Kadeapoi
MH()OKOMMYHUKAIIMOHHBIX
texHoJyiorniit BI'YUP, n.1.H.,
npodeccop

— CTapIIHii pernoaBaTelb Kadeapsl
WH()OKOMMYHHUKAITMOHHBIX
texuosoruii bBI'YUP

— CTyJIeHT Kadeapsl
WH()OKOMMYHUKAITMOHHBIX
texuosoruii bBI'YUP

— CTyZAEHT Kadenpsl
WH(HOKOMMYHUKAIIMOHHBIX
texgosiorui bI' YUP

— CTyZACHT Kadenpsl
WH(HOKOMMYHUKAIIMOHHBIX
texgosiorui bI ' YUP

— CTyZAEHT Kadenpsl
WH(HOKOMMYHUKAIIMOHHBIX
texgosiorui bI YUP

— CTYZACHT Kadenpsl
UH(HOKOMMYHUKAIIMOHHBIX
texnonoruii BI'YHUP

— ydamascs y4pexaeHus
oOpa3zoBanus «HarmoHanpHBbIM
JETCKUM TEXHOMAapK» 110
HanpasneHuto «MHadopmarmontas
0€3011aCHOCTb»

— CTYZAEHT Kadenpsl
UH(HOKOMMYHUKAIIMOHHBIX
texnonoruii BI'YHUP

— aCIMPaAHT OTHEJICHUs
nH(}OPMAaLIMOHHO-
KOMMYHHMKAIIMOHHBIX TEXHOJIOTHH
IIckoBl'Y

— CTYZAEHT Kadenpsl
MH()OKOMMYHHUKAIIMOHHBIX
texuonoruii BI'YUP
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