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TEXHOJIOI'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIIK 004.932:004.832.28:004.896

OIIEHKA BJIMSIHUS TIPEJJOBPABOTKH U30BPAKEHUI HA
HPOU3BOJAUTEJBHOCTDb U TOYHOCTDH JETEKIIMU OBBEKTOB B SLAMOT-
CUCTEMAX

W.U. TEBOHEHKO'?, A.Jl. POSAUEBCKUIT', T. BAH?, B.IO. [[BETKOB!

1 — Benopycckuii 2ocydapcmeentblii yHugepcumem uHgopmamuxu u paouosnexkmponuxy, Pecnyonuxa benapyco
2 — OAO «lleneney, Pecnybonuxa benapyce
3 — Hayuonanvnuiil ynueepcumem ooopounvix mexnonoaut, KHP

Iocmynuna 6 peoaxyuto 12 anpens 2026

AHHoTamms. PaccmarpuBaercs 3ajaya 3KCIEPUMEHTATIbHOM OLEHKM BIMSHHUSI METOJOB
npenoOpaboTKU U300pHKEHUI Ha MPOM3BOAUTENBHOCTH M TOYHOCTh AETEKIUM OOBEKTOB B
SLAMOT-cucremax. C 1e/1bI0 BbISIBIEHHUS ONTHUMAIIbHBIX CTPATEruil yydieH s BXOIHbIX AaHHBIX
JUIT MOOUIIBHBIX POOOTOTEXHUYECKHX ILIaTGOpM, INPOBEAEHO CPABHUTEIBHOE HUCCIIEIOBAaHUE
5(Q(QEKTUBHOCTY Pa3IUYHbIX AITOPUTMOB NPeAoOpabOTKM, BKIIOYAs IOBBIIIEHHE PE3KOCTH Ha
OCHOBE HEPE3KOro MAacCKUpOBaHUA, aJalTUBHYI0 Koppekiuto koHTpacta CLAHE c¢ ramma-
KOppeKLUeH, UHTEPHIOIAIUOHHOE YBEIMYEHHE Pa3pellieHus U IoIaTdeByl0 oOpaborky (tiling).
OKcIepuUMeHTalbHasl OLEHKA BBINOJIHEHA Ha 0a3e JISTKOBECHOM ONHOCTaJUNHON apXUTEKTYpbl
YOLOV8n, ajnanTupoBaHHOM Ul JETEKUUH TPAHCIOPTHBIX CPEACTB Ha a3podOTOCHUMKAX
HOCPECTBOM MPOrPaMMHOIO MaIlUHra KJIAcCOB. B paMKax CTaHIapTU3MPOBAHHOIO MPOTOKOIA
OeHYMapKUHTIa OCYLIECTBIIIETCS pacueT MeTpuk TouHoctu (mAP@0,5; Precision; Recall; F1-mepa),
BPEMEHHBIX XapaKTePUCTUK HH(EpeHca, a TaKKe OLEHKa MOTPEOJICHUs] OIEpaTUBHOM U
BUjeonamsiTy. MccnenoBaHue HalpaBiIeHO Ha ONpPEAENICHHE KOMIPOMHCCOB MEX]Y KaueCTBOM
JIETEKLUY, BBIYUCIUTEIBLHON CIIOMKHOCTBIO U CKOPOCTBIO OOpabOTKU B YCIOBUSAX OIpaHUYEHHBIX
anmnapaTHbIX pecypcoB OOPTOBBIX BHIUUCIUTENbHBIX cucTeM BJIA.

Kniouesvie cnosa: perexkuus OOBEKTOB, KOMIIBIOTEPHOE 3peHHE, 00paboTka u300paxeHui,
SLAMOT.

BBenenue

B ycnoBusix CTpPEMHUTENBHOTO pa3BUTUS ABTOHOMHBIX POOOTOTEXHHYECKHX CHCTEM H
OCCIIIIOTHBIX JIETaTEIbHBIX AaMllapaTOB METOABl KOMIIBIOTEPHOTO 3peHHs Iepectaiu ObITh
BCIIOMOTaTeIbHBIM HHCTPYMEHTOM W MPEBPATWIMCh B (yHIAMEHTAIbHBI KOMIIOHEHT O0eCredeHus
BOCIIPHATHS OKpYKaromieit cpeasl. KimoueByro poJib B 3TOM MPOLIECCE UTPAIOT 3aJaui OTHOBPEMEHHOMH
JIoKau3anuu, kaprorpaduposanus u Tpekudra 00bekToB (SLAMOT, Simultaneous Localization and
Mapping with Object Tracking), rae HagexHast JeTeKIUsl OOBEKTOB HAMPAMYIO BIIMSIET HA TOYHOCTh
MOCTPOEHUS KapThl, YCTOWYMBOCTD OLIEHKH TPAaeKTOPUH M Ka4eCTBO JOJTOCPOYHOI'O COMPOBOKICHUS
nuHammdecknx menedd [1,2]. Omnako 3((}eKTHBHOCTh HEWPOCETEBHIX HETEKTOPOB B peallbHBIX
CIIEHapUAX CYIIECTBEHHO 3aBUCHT HE TOJBKO OT apXHUTEKTYPhl MOJEIH, HO U OT KauecTBa BXOAHBIX
BU3YaJIbHBIX JAHHBIX, YTO JeJaeT mpobiaeMy npenoopadoTku n300paKeHnid KPUTHIECKH BaXKHOU I
MIPAKTUYECKOT'0 Pa3BEePThIBAHUS ABTOHOMHBIX CUCTEM.

Ucnons3zoBanue HelipoHHbIX cerell B SLAMOT-cuctemMax Mmo3BOJSIET OTKA3aThCs OT KECTKO
3aJJaHHBIX AITOPUTMUYECKUX MPABUII M1 ONTHPAThCs HA 00ydeHHbIE MOAEIH, CIOCOOHBIE aJallTUPOBATHCS
K IMHAMUYECKUM, YaCTUYHO HaOII0OAaeMbIM U CIa00CTPYKTYPUPOBAHHBIM YCIOBHSM PEabHOTO MHUpPa
[3]. Meromsl mpenobpaboTku H300paKeHWH, BKIIOYAs TMOBBIIEHHE pe3kocTH (sharpening),
amantuBHyto koppeknuo kontpacra (CLAHE, Contrast Limited Adaptive Histogram Equalization),
raMMa-KOppeKIIHIO ¥ oNaT4eByro 00padoTKy (tiling), cCltocOOHBI CYIIECTBEHHO YAYUIINTh BU3YabHbIC
MIPU3HAKH, UCIOJb3yeMble HEUPOHHOU CEThIO I MPUHTUS petieHui [4,5]. OaHako Kaxaplid MeTox
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BHOCUT JONOJHUTEIbHBIC BBIYUCIUTEIbHBIE 3aTpaThl U MOXET IO-Pa3HOMY BJIMATH Ha METPUKH
KauecTBa jereknuu, Takue kak mAP@0,5, Precision, Recall n Fl-mepa, a Takke Ha TMOKa3aTeau
MIPOM3BOJUTENFHOCTH: MEAHAaHHOE BpeMs HH(pepeHca, MoTpedsieHHe OMepaTHBHOM M BUACOIAMSTH,
CTaOUIBHOCTH KAJIPOBOM 4aCTOTHI [6].

B nacrosmeit pabote NpoBOAMUTCS CHCTEMaTHYeCKasl OLICHKa BIMAHUS METOAOB MpenoopadoTku
Ha TMPOU3BOIUTEIHHOCTh U TOYHOCTH JIETKOBECHOH apXUTeKTyphl aerekiuu YOLOvV8n [7,8]. Bridop
JaHHOW MoJeIH OOYCIIOBIIEH €€ HIIMPOKUM NMPUMEHEHHEM B MOOMIBHOWH pOOOTOTEXHHKE Onaromaps
ONTUMAIILHOMY OajlaHCy MEXAY CKOpPOCThIO MH(epeHca M KaduecTBOM JeTeKuuu. s BbIOpaHHOM
APXUTEKTYpPhl aHAIM3UPYETCS U3MEHEeHUEe MeTpuK TouHocTu (mAP@0,5; Precision@)0,5; Recall@0,5;
Fl-mepa) 1 npou3BOAMTENBHOCTU (JIATEHTHOCTh HH(epeHca, ucnonb3oBanne RAM/VRAM, obmiee
BpeMsi 00pa0OTKHM Kajpa) MpU MPUMEHEHUH YeThIpeX KOH(HUrypauui npemnodpaboTku: 6azoBoil (6e3
o0paborku), momnatdyeBoii o0pabdorku, komOuHanmu CLAHE ¢ ramma-koppekiiueil v MOBBIIICHUS
PE3KOCTH Ha OCHOBE HEPE3KOr0 MAaCKUPOBaHHA. JKCIEPHMEHTHI BBIMONHAIOTCA HAa HaOOpe AaHHBIX
UAVDT (Unmanned Aerial Vehicle Drone Target Detection and Tracking Video Dataset),
XapakTepHOM U1 3amad aspodorocbeMkun W MoHHTOpuHra ¢ BJIA (BecnmnotHbiii JleraTensHblii
Armmapar), 4To MO3BOJISAET OLEHUTh YCTOWYMBOCTH METOAOB B YCIOBHSX MajJoro pasMepa 0ObEKTOB,
M3MEHYHMBOTO OCBEIIEHHUS U JUHAMUYECKHUX CIeH [9].

Hempto paboTbl SBJIAETCS OMNpeNeNeHHe BO3MOXHOCTEH MOBBIIICHUS A(PPEKTUBHOCTH
HelipoceTeBoro JierektupoBanus 00bekToB B SLAMOT-cucremax BJIA ¢ momompio pa3iumdHBIX
METO0B NpeaoOpadoTKN N300paKeHU: TOBBIIICHUS PE3KOCTH, KOPPEKIIMH KOHTPACTA U MOMATYeBON
00paboTkwu.

Koaun4yecTBeHHbIE METPUKHA OCHKH Bq)(l)eKT](IBHOCTH ACTEKIIUHU

Jnsi 0ObeKkTUBHOM OlEeHKH 3((GEKTUBHOCTH IETEKTOPOB OOBEKTOB B PadOTE HCIOIB3YyeTCs
CTaHJAPTHBI HAa0Op METPHK, MPUHATHIA B COOOLIECTBE KOMIIBIOTEPHOIO 3peHHs. B ocHOBe Bcex
KOJIMYECTBEHHBIX TIOKa3aTelNel JISOKHUT MpOoLeypa COMOCTaBICHUS MPEACKa3aHHBIX OrPaHUYHBAIOIINX
PaMOK C UCTHHHBIMH aHHOTAIMSMH C UCTIONIB30BAHNEM METPHUKH NepeceueHus o oobeannennto (loU,
Intersection over Union), koTopasi BBIYHCISIETCS 110 (hopMyIie

Area(B,,,NB,,)

pred

- Area(B,,,, Y B,,) '

pred

Io

()

rae B, u B, 0603Ha4a10T IPEACKA3aHHYIO ¥ HCTHHHYIO OTPAHHYHMBAIOLIME PAMKH COOTBETCTBEHHO.

Jlerekuus cuuTaeTrcs KOPPEeKTHOH, ecnu 3HadeHue [oU Mexay MNpencKa3aHHOW M MCTUHHOW
pamkoii npessiaeT nopor 0,5 1 kiacc 00beKTa onpezesieH BepHo. B IpoTHBHOM ciydae cpabaTeiBaHUE
KIIacCUPULIUPYETCS KaK JIOKHOE MOMIOKHUTEIFHOE, @ IPOMYIIEHHBIH NCTUHHBIA O0OBEKT YUUTHIBAETCS
KaK JIO)KHOE OTpULIaTeIbHOe CpabaThIBaHUE.

Mertpuka Precision (TOYHOCTb) OTpaxkaeT IOJI0 KOPPEKTHBIX JETeKUMH Ccpeau Bcex
CpabOTaBIINX IETEKTOPOB U BBIYUCISETCS KaK OTHOLIEHUE HCTUHHO MOJIOKUTENbHBIX CpadaThIBaHUM K
CyMMe€ UCTHHHO MOJIOKHUTEIbHBIX U JIOXKHO MOJIOKUTENBHBIX

Precision = L , )
P+ FP

rae TP (True Positive) — urcio BepHo oOHapykeHHBIX 00BekTOB; FP (False Positive) — uncio 10KHbIX

JETEeKIUM.

Bricokoe 3HaueHuwe Precision XapakTepu3yeT cCHOCOOHOCTb MoOAeNud u30eraTh JIOKHBIX
cpabaTpIBaHUM, YTO KPUTUYECKH BaXHO /I HABUTALIMOHHBIX CHUCTEM, T/I€ OIIMOOYHAsl IeTEeKLUs
MIPEISTCTBUS MOXKET MPUBECTH K HEKOPPEKTHOMY IJIAHUPOBAHUIO TPACKTOPHH.

Mertpuka Recall (MoTHOTa) MOKa3bIBaeT, Kakas JOJsl UCTHHHBIX OOBEKTOB ObLia OOHapyxXeHa
MOJIENIbIO, U PACCUMTHIBAETCS KaK OTHOIIEHHE MCTHHHO MOJOKHUTEIbHBIX CpadaThiBaHHH K cymMMe
HCTHHHO MOJOKUTENBHBIX U JT0XKHO OTPHLATEIHHBIX



Recall = P , 3)
TP+ FN

rae TP (True Positive) — xoau4ecTBO KOppeKTHO oOHapykeHHbIX 00bekToB; FN (False Negative) —
KOJIMYECTBO MPOMYIIICHHBIX 00BEKTOB, KOTOPHIE MMPUCYTCTBYIOT HA H300PKCHHH.

B 3agauax SLAMOT Beicokuii Recall HeoOXoauM JjIsl IOCTPOSHMS TUIOTHOM CEMaHTUYECKOU
KapThl U 00ECIIEUCHHS HAJIGKHOT'O JJOJITOCPOYHOT0 TPEKHHI'a O0bEKTOR.

[Mockonbky Makcumu3zanusi Precision 4acTo MPUBOIUT K CHIDKEHUIO Recall v Hao00pOT, 1yis
CBOJIHOM OIIEHKU MCTIONb3YyeTcs F'1-Mepa — rapMOHMYECKOE CPEHEE MEXTY IBYMsI STUMHU BEJIMUHHAMM,
BBIYHUCISIEMOE 110 (hopMyJIe

Precision - Recall

F1=2 “4)

Precision+ Recall

JlaHHast MEeTpUKa JOCTUTaeT MaKCUMAJIbHOTO 3HAYECHHUS TOJIBKO NpHU cOaJaHCUPOBAHHO BBICOKUX
MOKA3aTeNsAX TOYHOCTH M TOJHOTHI, YTO JeNaeT e€e yOOOHOW Uil CpaBHEHHs MOJENed B YCIOBHSX
KOMIIPOMHCCA MEXAY TUITAMHU OIIHOOK.

KiroueBoii nHTETpaIbHOM MeTpUKOil B pabote BbicTymaeT mAP@0,5 (mean Average Precision
npu nopore loU=0,5). Ee pacueT BBIIONHIETCS yTeM MOCTPOESHUs KPUBOM 3aBUCUMOCTHU Precision ot
Recall nns xaxzporo kiacca OObEKTOB NpPH TOCIEAOBATENHHOM H3MEHEHHH IOpOra YBEPEHHOCTH
Moznemu. [lnomanp moa 3ToH KpuUBOW ompenenser 3HaueHue Average Precision (AP) anst JaHHOTO
KJacca. B kiaccuueckoil nHTeprperanny uenonb3yercs 11-rouednas HHTEpHOISIIHS

1

AP :ﬁZte{O;O,l;m;l,O} max;., p(7), ®)

rae p(7) o603Ha4aeT MaKCUMabHOE 3HaUeHUe Precision IPU yPOBHE TIOJHOTHI He HUXKeE 7. UTOroBoe
3HaueHue mAP nonydaercs ycpeaHenueM AP 1o BceM N kateropusiM oObeKTOB B jaTacere

N
mAP@O,Sz%ZAPi. (6)
i=1

[Mopor nokamuzamuu 0,5 o3Ha4yaer, 4TO TpEJCKa3aHHas paMKa CUYUTAETCS BEpPHOM Ipu
MEPeKPbITUA C UCTUHHOM He MeHee yeM Ha 50 %, 4TO mpeacTaBisieT COOOH KOMIPOMHUCCHOE
TpeOoBaHUe, IOMYCKAaIOIIee yMEPEHHBIE TIOTPEIHOCTH MMO3ULIMOHUPOBAHUS B JUHAMHYECKHUX CIICHAX.
3unauenne mAP@0,5 4yBCTBUTENBHO KaK K Ka4eCTBY KJIacCU()UKAIMH, TAK U K TOUHOCTH JIOKAJIU3AIIHH,
YTO JeflaeT €ro YHHBEPCaJbHbIM HHIMKATOPOM 00Imedl 3(QQeKTHBHOCTH MAETEeKTOpa B COCTaBe
SLAMOT-cucremsl.

B pamkax naHHOrO 6€HUMapKa Bce MEepeurCIIeHHbIE METPUKN PACCUUTHIBAIOTCS aBTOMAaTHYECKU
o pe3ynsTatam uHpepeHca Ha TectoBoil BeiOopke UAVDT ¢ ncnons3oBaHneM aHHOTanuii B hopmare
COCO (Common Objects in Context), 4To oOecrneyrMBacT BOCHPOU3BOIUMOCTh U COMOCTABUMOCTh
PE3YNBTATOB AJIsl Pa3UUHBIX KOHPUTypalnii MoJieliel 1 MeTOI0B peaodpadoTKy.

JKcnepuMeHTAIbLHAS OlI€eHKA BJIUSIHUS METO0B NPeao0padoTku u300paxkeHuii Ha
NMPOU3BOANTENBHOCTH H TOYHOCTH AeTeKNU 00beKTOB B SLAMOT-cucremax

JKkcnepuMeHTalbHas oOleHKa 3()(QEeKTUBHOCTH METOJO0B TNpeaoOpaboTKu H300pakeHHH B
kouBetiepe SLAMOT BrinosnHeHa Ha 6a3e JerkOBECHOW OHOCTauitHON Moaenu nerekiun Y OLOv8n.
Breibop naHHOWH apXUTEKTyphl OOYCIOBJICH €€ IIUPOKMM paclpoCTpaHEHHEM B MOOMIBHBIX
POOOTOTEXHIMUYECKHX CUCTEeMax: Oe3IKOPHBIH MEXaHM3M JETEKLIMH B COYETAaHUU C ONTUMU3UPOBAHHOM
apxutektypoii CSPDarknet (Cross Stage Partial Darknet) oOecrmeunBaeT BBICOKYIO CKOPOCTh
nH]epeHca Npu COXpaHEeHUH KOHKYPEHTOCITOCOOHON TOUHOCTH PAaCIIO3HABAHHUS.

Mogenu cemeiictBa YOLO ucrnonb3yer Beca, mpeaBapuTenbHo o0ydenHsie Ha natacere COCO,
¥ aJanTHpOBaHbI sl paboThl ¢ neneBbiMu kiaccamu UAVDT (aBTOMOOWIIB, TPY30BHK, aBTOOYC)
MOCPEJCTBOM MPOrpaMMHOTO MallHMHIra KaTeropuii Ha dTane uHdepeHca. COOTBETCTBHE KIIACCOB
ycTaHoBJIeHo cheayommM obpazom: car (COCO knace 2 — UAVDT kinacce 1), truck (COCO xnacc 7 —
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UAVDT kunace 2), bus (COCO ximacc 5 — UAVDT xnacc 3). Boibop MMEHHO 3THX KaTeropHii
oOycnoieH crenudukoit 3anau SLAMOT B ropoznckoii cpene, Tlie TpaHCIIOPTHBIE CPEiCTBa SABIAIOTCS
OCHOBHBIMH TUHAMHUYECKUMH OOBEKTaMH, TPEOYIOIMMH OTCICKUBAHUSI JUIl  MOCTPOSHHS
CEMaHTHYECKUX KapT U INIAHUPOBAHHS O€30MaCHBIX TPACKTOPHIA.

CpaBHUTENbHBI aHAN3 OCYIIECTBISETCS IO COBOKYIIHOCTH H3MEPSIEMBIX XapaKTEpUCTHUK.
Bpemst uHdepenca xapakTepusyeT OBICTpOAEHCTBHE MOJENH NpH 0OpaboTKe eNMHUIHOTO Kajapa H
(uKcupyeTcs ¢ pa3fAeleHueM Ha 3Tarbl MpeaoopaboTku N300pakeHUs U HEMOCPEACTBEHHOT O MPSIMOTO
nmpoxoja HeipoHHo# ceTu. [lorpebieHne namMaTu OTpakaeT MUKOBHIA 00beM omnepatuBHON (RAM) u
BupeonamsaTi (VRAM), HeoOXOIUMBIH [l BBITIOTHEHUS! HH(EpEHCa, U U3MepsieTcs KOHCEPBaTUBHBIM
METOA0M — (PUKCHUpPYETCs MaKCUMallbHOe MOTpeOJieHne B Te€UeHHE BCero Lukia obpaborku. Pazmep
MOJIENId M KOJMYECTBO OOydaeMbIX MapaMeTpoB OIPENelsIoT TpeOOBaHHS K XPaHEHHIO BECOBBIX
K03 PUIIMEHTOB U BEIYUCIUTEIBHYIO CIIO)KHOCTh apXUTEKTYPHI.

HenocpencreHHOE TeCTHPOBaHUE MPOBOIUIOCH B PaMKaxX CTaHIAPTU3UPOBAHHOTO MPOTOKOJIA,
00ecrevynBalonIero BOCHPOU3BOAUMOCTh PE3YNbTaTOB. [lopor YBEpEeHHOCTHM YCTaHABIMBAJICS HA
ypoBHe 0,2, 94To HMXe cTaHAapTHOro 3HadeHus 0,5 1 Mo3BOJISET AETEKTHPOBATh OOBEKTHI C YMEPEHHOU
YBEPEHHOCTHI0 MOJIEIIH, YTO 0COOSHHO BaxkHO 1715 3a1a4 SLAMOT, rae npomyck 00beKkTa MOXKET UMETh
Ooyee cepbe3Hble IOCIENCTBHS, YeM JIOKHOE cpalarbiBaHue. Takoil BbIOOp mopora 0OYyCIOBIEH
crieruduroit aspodorocbemkr ¢ BJIA, e 0O0BEKTHI YacTO MMEIOT Majblil pa3Mep, YacTHYHO
MIEPEKPBITHl M HAXOJATCS B CIOKHBIX YCIOBHUAX OCBELICHHUSI.

[lepen 3amepamu BbINOJNHsANAch (pasa crabunmsanuu, BKIoyaBmas 10 wrepamuid mporoHa
MOJIENId HA PENpPe3eHTaTUBHOM BXOJHOM TEH30pe, YTO TMO3BOJSJIO MHHUMH3UPOBATH BIIWSHHE
KOIIMPOBAHMS, THHAMUYECKOW KOMITMIIIIH Tpada BEIYUCICHUN Ha HTOTOBBIE 3aMepbl BpEMEHH.

XapaKkTepuCTUKA BpeMEHHON 3(Q(EKTUBHOCTH BKJIIOYATN MEJHaHHOE BpeMs HH(epeHca Kak
poOACTHYIO OLIEHKY IEHTPAILHOM TEHIEHIMH, S5-H u 95-i MepueHTUIU i OIEHKU Jrana3oHa
TUNMYHBIX ~ 33JIepKeK, MeAuaHHoe aOCOJIOTHOE  OTKIOHeHHE Kak Mepy  CTa0MIBHOCTH
MIPOU3BOJUTENFHOCTH, a TaK)K€ MUHHUMAaIbHOE U MaKCHMAJIbHOE BpEMsl BBITIOJIHEHHS ISl BBISBICHUS
SKCTPEMAaJIbHBIX ciydaeB. [ MeTonoB mpenobpadoTku (MOBBILIEHHE PEe3KOCTH, HHTEPIOIALNOHHOES
yBeJIWYeHMe paspelienus B 1,5 pasa, anantusHast koppekiwst konTpacta CLAHE ¢ ramma-koppekuuei,
nonatyeBasi o0paboTka) OTAENbHO (DUKCHUPOBANOCH BpeMs BBIIONHEHHS AaJITOPUTMOB YIyYLICHUS
HU300paKEHUs, YTO MO3BOJIIO OLIEHUTH MX BKJIAA B OOILYIO 3aJepKKy 00paboTKH Kamapa.

[Tpu ucnonp3oBannu Merosa tiling ncxoaHOE M300paskeHHe pa30MBAIOCh Ha MEPEKPHIBAIOIIUECS
natau pazmepoMm 640x640 mmkceneil, 4TO COOTBETCTBYET CTAaHAAPTHOMY pa3Mepy BXoja Mojesel
cemeiictBa YOLOVS, ¢ nepekpeiTieM 128 mukcenelt mo Kaxaod ocu Juid NPeAOTBpALLEHUs MOTepU
00BEKTOB, MONMAJAMONINX Ha TPaHHIBI pa3aenoB. [lociie BBHIMOTHEHUS AETEKIHMH HAa KaXKAOM IaTde
pe3yNBTaTHI O BeeX (hparMeHTOB OOBEANHSIINCH B €MHOE IPOCTPAHCTBO KOOPAUHAT C MPUMEHEHHEM
HEXECTKOro He-MaKCHMAJbHOro moaaBiieHusi ¢ moporoM [oU=0,7. Bpibop MOBBIIIEHHOTO MOpora
MOJIABJICHHSL JyOJIUKATOB OOYCIIOBIIEH CrelU(UKOM MomaT4eBoil 00pabOTKU: COCeHHE MaTYH MOTYT
coJiep KaTh YaCTUYHO MEPEKPBIBAIOIINECS JETEKIIUN OJJHOTO U TOT0 K€ 00BEKTa, M CTaHAAPTHBIN MOPOT
0,5 Mor Obl MPHUBECTH K W3JIMIIHE arpecCUBHOMY YIAICHHIO BAJMIHBIX MpeCKa3aHWH, TOrJga Kak
3HaueHue 0,7 Mo3BOJSIET COXPAHUTh AETEKIIUH YaCTUIHO MEPEKPBIBAIOLINXCS 00bEKTOB, o0ecreynBas
0anaHC MEXIY yCTpaHEHHEM IyOJIMKAaTOB M TOJHOTOW oOHapyxeHus. Buzyanmszaunus pe3ynbTaToB
OCYIIECTBISIIACh MYTeM OTPUCOBKH TOJBKO OTPAaHHMYMBAIOIIMX PaMOK Oe3 TEKCTOBBIX MOANHCEH
KJIACCOB M 3HAYEHHUH YBEPEHHOCTH, YTO COOTBETCTBOBAIIO TPEOOBAHUAM K UHCTOTE IKCIIEPUMEHTaTIbHOM
OLIEHKHU 0e3 BU3yalbHBIX apTe(akToB M MCKII0YAJ0 BIMSHUE 3aTPaT HA PEHACPHHT TEKCTa Ha 3aMephl
MIPOU3BOJUTENHEHOCTH.

Meron NOBBIIIEHUST pe3KOCTH (sharpening), pealr30BaHHbIA B JAaHHOM HCCIIEOBAHUHN, OCHOBAaH
Ha TEXHUKE HEPe3KOro MAacKHUpOBaHUS. AJTOPUTM INPHUMEHSET TaycCOBO Pa3MBITHE K HCXOTHOMY
H300pKEHUIO C AIpOM pazMepoM 9%9 mukcenei U cTaHAapTHEIM oTKJIOHeHHeM 10,0 1t monmydeHus
HU3KOYACTOTHOM KOMIIOHEHTBI. 3aTeM OCYIIECTBISETCS B3BEUICHHOE CIOKEHHE HCXOTHOTO
M300paKeHUs U pa3MbITON Bepcuu ¢ koddduimentamu 1,5 u —0,5 coorBercrBenHo. [laHHas omneparius
SKBUBAJIEHTHA JO0ABJICHHUIO K UCXOJHOMY N300paKEHUIO BEICOKOYACTOTHON KOMITOHEHTBI, TOJTy4eHHON
MyTeM BBIYATAHHUS PAa3MBITOM BEPCHM W3 OPWUTHHANA, YTO MPUBOOUT K YCHJICHHIO KOHTpacTa Ha
rpaHunax oObekToB. IIpuMeHWTENbHO K 3ajJade [JeTeKIMH TPAHCIOPTHBIX CPEOCTB Ha
aspodorocanmrax UAVDT, mMeron HamnpaBiieH Ha KOMITEHCALIMIO Pa3MbITHs, BBI3BAHHOTO JIBIKEHUEM
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OecrnmuIoTHOM MIaTGOPMBI U BUOpaLIMell KaMephl, yIydmas TeM caMbIM BUIUMOCTh MEJKOPa3MepPHbIX
00BEKTOB JIJISl CBEPTOYHON HEHMPOHHOM CETH.

Ha puc. 1 npuBenens! npumepsl u3o0paxeHnuii u3 tecroBoit BeIoopkn UAVDT, ucnonb3oBaHHbIE
JUIsi OEHUMAPKUHTa HEMPOCETEBBIX MOJICIICH.

Puc. 1. Ilpumepsl KafipoB U3 TECTOBOU BEIOOPKU U1 OEHUMAPKUHTa JETEKTOPOB

Hecmotpst Ha To, 4TO Ha prc. 1 B KauecTBe MpuMepa NpeACTaBIeHbI JIUIIb 4 KaJipa, OHU OTPaKAIOT
BU3YaJIbHOE pazHooOpa3ue ClieH (pa3iuuHble PaKypChl, YCIOBHS OCBEILEHHs, IUIOTHOCTE OOBEKTOB).
DKcIlepUMeHTaNbHas OlleHKa BhIMONHsIach i 300 m3o0pakeHuid, 0TOOpaHHBIX U3 MOJHOrO Habopa
nauabsix UAVDT, conepaxaniero 6onee 4000 kaapos.

Ha puc. 2 npeacraBieHsl pe3ylbTaThl AeTEKTUPOBAHUS 00BEKTOB ¢ oMo Moaenn Y OLOvEn
0e3 npeABapUTENLHOM 00Pa00TKH BXOIHBIX H300paXKEHHIA.

o~ - [

Puc. 2. lerexuust 06bexToB Mozenbo YOLOvVSn 6e3 npenobpaboTku
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Ha puc. 3 mnpencraBieHbl pe3yiabTaThl JIETEKTUPOBAHHS OOBEKTOB C TOMOIINBIO MOJEIH
YOLOvV8n, ¢ mnpenBapurelibHOW 0OpaOOTKONH BXOJHBIX W300pPKEHUM METOIOM IMOMNATYSBOM
00paboTrkwu.

\

= J

Puc. 3. erexnus 006bexToB Mozensio YOLOvV8n ¢ mpenobpaboTkoit MetooM tiling

Kak cnexyer u3 npencraBieHHBIX Ha puc. 3 H300paKeHHid, MPUMEHEHHEe CTPaTeruy MonaT4eBom
00pa0OTKM TPUBENO K CYIIECTBEHHOMY YBEIMYECHUIO KOJIMYECTBA KOPPEKTHO JIOKAJIH30BaHHBIX
00BEKTOB, OCOOCHHO MaJOpa3MEPHBIX, YTO BBIPA3WJIOCh B 3HAYUTEIHHOM POCTE YHCIA WCTUHHO
MOJIOKUTENBHBIX cpabaTbiBanuil. JlaHHBIH 2P QekT nMeer KpuTrudeckoe 3Hauenue 1is 3agady SLAMOT,
rIeé MakCHUMallbHas TIOJHOTA BOCHPHUSTHS JWHAMUYECKHX OOBEKTOB SBILIETCS MPHOPUTETHBIM
TpeOoBaHUEM Mg obecrieueHusi 0€30MaCHOCTH HABUTALMHM U MOCTPOEHHS TUIOTHOW CeMaHTHYeCKOH
KapThlL.

Ha puc. 4 mpeacraBieHbl pe3yiabTaThl IETEKTUPOBAHUS OOBEKTOB C TMOMOLIBIO MOACIH
YOLOV8n, ¢ npeaBapuTebHOM 00pabOTKOM BXOHBIX H300paxenuii Ha ocHoBe MeTonoB CLAHE u
raMMa-KOppeKIHH.

Puc. 4. lerexuus 06bexToB Mozenbto YOLOvVSn ¢ npenodpadorkoit meronamu CLAHE u ramMMa-koppeKkiuu
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Ucnonbs3zoBanne komOunHarmu meroqoB CLAHE u ramma-koppekimu o0ycCloBuio oOriee
CHIDKCHUE KOJIMYECTBA TCHEPUPYEMBIX JeTekinuid. HecMoTps Ha HaOMIOJAaeMyl0 YacTHYHYIO
(UIbTpaIMIO OTHENBHBIX THIIOB JIOKHBIX Cpa0aThIBAaHWM, JAaHHBIA MPOIECC COIMPOBOXKIAICS
BO3HMKHOBEHHEM HOBBIX OIIMOOK KJIACCH(DHUKAIMY M JIOKAIH3AIMUA. Takoe HEOJHO3HAYHOE BIIUSIHUE
CBUIETENHCTBYET O TOM, YTO IJ100aJbHOE yAydIlIeHne KOHTpAcTa He Bcerja CIoCOOCTBYET YIyUIICHUIO
AKCTPAKIIMH PU3HAKOB HEHPOHHOM CETHIO B YCIIOBHIX a3p0(OTOCHEMKY ¥ MOXKET MPUBOJUTH K IMOTEPE
MH( OPMATUBHBIX TEKCTYPHBIX OCOOCHHOCTEH, HEOOXOAMMBIX JIJIS1 HAJICKHOMW JICTEKIIUH.

Ha puc. 5 mnpencraBieHbl pe3yiabTaThl JIETEKTUPOBAHHS OOBEKTOB C IMOMOIIBIO MOJENU
YOLOV8n, ¢ npenBapurenbHoi 00pabOTKON BXOJHBIX M300pKEHHI HA OCHOBE METOJ1a TOBBIIICHUSI
pe3koct (sharpening).

Puc. 5. lerexuus 06bexToB Moznensio YOLOV8n ¢ mpenobpaboTkoit MmetooM sharpening

Meron TOBBIIIEHHS PE3KOCTH HAa OCHOBE HEPE3KOT0 MAaCKMpPOBAHUS MPOJEMOHCTPHPOBAT
3pPEKTUBHOCT, B CLIEHAPUAX C IWHAMUYECKOW CHEMKOW, XapaKTEepHU3YIOMIMXCA 3HAYUTEIbHBIM
IBIDKEHHEM KaMepbl M COIMYTCTBYIOUIMM pa3MbITHeM O0O0beKToB. [IpuMeHeHHE OaHHOro MeToja
MO3BOJMJIO KOMIIEHCHUPOBATh  JACTPajallMi0  BBICOKOYACTOTHBIX ~KOMIIOHEHTOB  HM300paskeHHs,
BBI3BaHHYIO BHOpanuei 0ecnmiIoTHOH miar¢opMbl U H3MEHEHHEM TOYKH ChEeMKH B MPOIecCce MoJeTa.
VYcuneHne KOHTpacTa Ha TPaHULIAX OOBEKTOB CHOCOOCTBOBANO Oojiee HAMEKHOMY H3BICUECHHIO
MIPU3HAKOB CBEPTOUHON HEHPOHHOU CETHIO, YTO MPUBENIO K CHIPKEHHIO KOJTMYECTBA YaCTUYHBIX OIIMOOK
JIETEKIINH, B YaCTHOCTH, JIOXKHOIOJIOKHUTENbHBIX CpabdaThIBaHUI Ha TEKCTYPUPOBAHHBIX yuacTKax (oHa
U JIOKHOOTPULATEIBHBIX PE3yIbTATOB IJIs1 MAJIOKOHTPACTHBIX TPAHCIIOPTHBIX CPEICTB.

B Tabn. 1 mpuBeaeHbl pe3ynbTaThl CpaBHHUTENFHOW oneHKH Moaenn YOLOv8n mis versipex
KoHpurypanuit: 6e3 npenoOpadoTKy, monaryeas oOpadoTka, komOuHUpoBaHHBI Meron CLAHE c
raMMa-Koppekuuei u sharpening.

Ta6n. 1. XapakTepUCTHKH JeTeKTHPOBaHHA 00beKTOB ¢ noMomb YOLOvVSn

Cpermee IMorpebnenue
Kon¢urypanus Bpemst mAP@0,5 Precision@0,5 | Recall@0,5 Fl@0,5
RAM, MB
uH(Epenca, ¢
bes 0,0159 671,77 4,03 57,10 0,17 0,34
pe1o0opadoTKu
Tiling 0,0833 704,35 4,76 50,93 0,29 0,58
CLAHE + 0,0305 687,36 3.6 5521 0,14 0,27
raMma-KoppeKuus
Sharpening 0,0177 682,63 4,66 55,27 0,17 0,34
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[IpencraBnenHple JaHHBIE JOEMOHCTPUPYIOT HH3KWMe 3HaueHuss mAP@0,5 nmiaa  Bcex
KOHQUTypaluif, 4To OOYCIOBIEHO CYIIECTBEHHBIM JOMEHHBIM CMEIIEHHEM MeXAay oO0ydaromien
BeiOopkoii COCO wu TecroBeiM natacetoMm UAVDT. Meron mnomadeuHoil oOpaboOTKM MoOKa3al
HauOonpiyto 3pdexkruBHOCTD, yBemmuuB Recall@0,5 no 0,29 u F1 no 0,58 oTHOCUTENbHO 6a30BOTO
YPOBHS, OHAKO IIEHOH MATHKPATHOTO pocTa BpeMeHH nHpepeHca. Habmonaemplil aucdananc Mexay
BbicokuM Precision (57-59 %) u uuskum Recall (0,14—0,29) oTpakaeT KOHCEPBATHUBHOE MOBEICHUE
YOLOvV8n: Mojenb HaJeXHO AETEKTHpYeT JHIIb HauOoliee OUYeBHAHBIE OOBEKTHI, MPOITyCKas
MaJiopasMepHbIe TPaHCIIOPTHBIE CPEACTBa, XapakTepHble A a’spodorockeMku. Tiling yacTUUHO
KOMIIEHCHPYET 3TO OTpaHUYEHHE 32 CUET COXPaHEeHUs MPOCTPAHCTBEHHOI'0 pa3pellieHus, KpUTUHIHOTO
JUISL IETEKIIMU MEJIKUX OObEKTOB.

[Mpumenenne xomOunHanuu MeronoB CLAHE u ramma-koppekuuu NpuBENO K CHCTEMHOM
JIerpajialiii BceX METpUK kadectBa nerekimu: mAP@O0,5 camszuincs Ha 11 % (¢ 4,03 no 3,6), Recall
ynan Ha 18 % (¢ 0,17 mo 0,14), a uaTerpanpHas MeTpuka F'1 mokaszana HanOobIIee CHIKEHUE CPEAr
Bcex meronoB — Ha 21 % (c 0,34 mo 0,27). IIpu atom Bpems nH(pepeHca yBennuunock B 1,9 pasa (c
0,0159 ¢ mo 0,0305 c), 4To 00YCIOBIEHO BHIYMCIUTEIBHON CIOXHOCTHIO aarOpUTMa aJanTHBHON
HOPMAJIM3AallMM THUCTOTPAMMBI, TPEOYIOIIEro JIOKaJbHOW 00pabOTKM KaXAOTo Taiiia HW300paKeHUs
pa3mepoM 8x8 nukceneil. Habmogaemoe yxyaieHne XapakTepUCTHK 00bscHsIeTcs () yHIaMeHTalIbHBIM
HecooTBeTcTBUeM Mexay npuHnunamu padotsl CLAHE u ocobenHocTaMu npenoOydeHHOM Moaenn
YOLOV8n: arpeccuBHOE MOBBINIEHHE JOKAIFHOIO KOHTPAcTa, OCOOEHHO B OJHOPOJHBIX 00JACTSIX
(Hebo, TOPOXKHOE MOKPHITHE, BOIHAs MOBEPXHOCTH), MPHBOAUT K TeHepauuu apTe(akToB B BHIE
JIOXKHBIX TPaHUI M TEKCTYPHOIO IIyMa, KOTOpbIE HHTEPIPETUPYIOTCS CBEPTOYHOH CEThIO Kak
MOTEHIMANbHbIE OOBEKTHI IETEKIINH, YBEIHUNBAs KOIUYECTBO JIOKHOMOJIOKHUTEIBHBIX CpabaThl BAHUA.

Meron noBsIlIeHHs pe3KkocTH (sharpening) NporeMOHCTPHUPOBAIT IPOMEXYTOUHBIE PE3YIIBTATHI: IPH
HE3HAYUTENHHOM YBeNWueHuH BpeMeHu uHpepeHca Ha 11 % (¢ 0,0159 ¢ o 0,0177 ¢) u MUHUMaTBEHOM
pocte notpebnenus mamstu (Ha 1,6 %) ynanock pocruub npupocra mAP@0,5 Ha 16 % oTHOCHTENHEHO
6a3oBoii koHpurypamwu (¢ 4,03 10 4,66). I1pu srom metpuku Precision (55,27 %) u Recall (0,17) ocranuch
Ha ypoBHE, OJIM3KOM K 0a30BOMY, YTO CBHIETEIBCTBYET O CIOCOOHOCTH MeToza sharpening yimydqinaTh
OOIIyI0 TOYHOCTh JETEKUMH Oe3 CYIIECTBEHHOrO BJIMSHUA Ha IOJHOTY OOHApyXEHHS. YMepeHHOe
YCHJICHHE BBICOKOYACTOTHBIX KOMIIOHEHTOB M300paKEHMS CHOCOOCTBYET JIydIlel JIOKaIW3aluH TPaHuIl
00BEKTOB, KOMIICHCUPYS Pa3MbITHE, BBI3BAHHOE JIBIDKCHHEM KaMephbl, OTHAKO He 00eCIeunBaeT TaKoro
npupocra Recall, kak mero tiling, MOCKOJBKY HE peliaet mpoOieMy HEJOCTaTOYHOIrO pa3pelieHus s
MaJiopa3MepHbIX OObEKTOB.

3akJjouenue

Ha ocHOBe cpaBHUTENbHOTO OCHUMAapKHHIa KOH(HUIypallii HEHpOCeTeBOro JeTeKTopa
ompeelieHa  ONTUMalbHAas KoH(urypanmus maiimiaitHa npenoOpaboTky, —obecrevynBaromias
MaKCHMaJbHYIO YCTOWYMBOCTH ACTEKIMU MPH MUHUMAIIBHBIX BBIYMCIUTENBHBIX 3aTpaTax. [lokaszaHo,
YTO  METOABl  NpenoOpadOTKM  HM300paKEHHd  OKa3bIBAIOT  CYNICCTBEHHOE  BJIMSIHUE  HA
MIPOU3BOJUTENEHOCTh M TOYHOCTh JeTeKIH 00bekToB B SLAMOT-crucTeMax, 0JHaKO XapaKTep 3TOro
BIIMSIHUSI HEOJJHO3HAUEH U 3aBUCHT OT CIIelIM()UKH IPUMEHSAEMOr 0 ajlrOpUTMa.

JKCHepUMeHTAlIbHBIE PE3YNbTaThl CBUACTENHCTBYIOT O HHU3KMX aOCONIOTHBIX 3HAYEHHSIX
mAP@0,5 (3,6-4,76) nyis Bcex KOH(UTypalmii BCIIEACTBHE TOMEHHOro cMerieHus mMexay COCO u
UAVDT, uyrto mnoarBepxkaaeT HEOOXOAUMOCTh JOOOY4eHUs MOJeiu. TeM He MeHee, METOMpbl
npenoOpaboTKK  MO3BOJSIOT  ONTHMHU3UPOBATh OTHENBHBIE acCIeKThl aeTekuuu: Tiling obecrednn
HaWTy4IIyro noJHoTy (Recall@0,5=0,29; F1 =0,58) c mpupoctom 70 %, 0AHAKO MATUKPATHOE YBETUUCHUE
BpeMeHH HH(]epeHca OTrpaHWYMBaeT ero MPUMEHHMOCTh B CHCTEMax PeajbHOro BpeMeHH. Sharpening
MPOAEMOHCTPHPOBaJ HauboIee cOaTaHCUPOBAHHBIH pe3ynbTat (pupoct mAP@0,5 Ha 16 % mpu 3aTpatax
BpemenH +11 %), 4To nenaer ero nepcreKTuBHLIM Wi 0opToBbIX wiaTdopM, Toraa kak CLAHE c ramma-
KOppEKIMeN pUBeIl K He3HAYUTETBHOM CUCTEMHOM Jierpajaliiil METpUK.

Taxum obpazom, Mmozeis YOLOVS nponeMOHCTpHpOBaia CBOO MPUTOJHOCTD JIJIsl MHTErpallii B
SLAMOT-cucremsl Onaromapsi BbICOKOW ckopocTn uH(pepenca (15,9 mc Ha xagp B 0a3oBoid
KOH(QUT'ypalluK) U YMEPEHHOMY MOTPEOICHUIO TaMATH, OAHAKO JJI1 JOCTIDKEHUS TpeOYeMOro ypoBHS
TOYHOCTH B 3aJa4ax a3poQ0TOCEMKH HEOOX0ANMMa KOMOWHANNS Pa3IMYHBIX METOAOB MPe100paboTKH
¢ MOCHEeAYIOIUM J000ydeHNEeM Ha penpe3eHTaTnBHoM Beioopke UAVDT.
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Baaroaapuocru. Pabota BeinosHeHa npu noaaepkke benopycckoro pecnyonukasckoro GoHaa
¢bynnamentanbHeix uccnenoBanuii (BPO®U) n HanumonansHoro ¢oHma ecrecTBeHHbIX Hayk Kurtas
(H®EHK) B pamkax mpoekra T25KM-054 «TexHOIOrHs MHOTOKaMEPHOM JIOKAJIH3alUU U MMOCTPOCHUS
KapThl OTKPBITOTO MPOCTPAHCTBAY.

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

LI 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; Fl-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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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIK 621.39:004.932

HOJXO0Jbl K MPOEKTUPOBAHUIO CUCTEMBI KOHTPOJISI KAYECTBA
HNOKPBHITHI U3 IEJIUIA

10.C. SIKOBIJIEB, 10.B. BPYTTAH

Tckosckuii 2ocydapemeennviil ynueepcumem, Poccutickas Dedepayus

ITocmynuna 6 peoaxyuto 6 mapma 2026

AHHoTanus. B cratbe paccMaTpruBarOTCA MOAXOABI K IIPOCKTUPOBAHHIO CUCTEM KOHTPOJIA Ka4€CTBaA
HOKpBITHﬁ, OPUCHTUPOBAHHBIX Ha IMPOMBINUICHHOC ITPUMEHCHUE. OCHOBHOC BHHMAaHHE YACICHO
HCKOHTAKTHBIM M HEpa3pymaronuMm METOoAaM, BKIKO4Yas MAIIWHHOC 3pEHUEC, OIITUYCCKUEC,
BHUXPETOKOBELIC, TepMOFpa(I)I/I‘ICCKI/IC U CICKTpaJIbHBIC CPEACTBA KOHTPOJIA. HOKaBaHO, 1o
BQ)Q)GKTHBHOCTL TaKHX CUCTEM 3aBUCUT HE TOJIBKO OT BLI6paHHOI‘O METOJa U3MEPEHUs, HO U OT TOI'O,
HACKOJIbKO KOPPEKTHO CUCTEMA BCTPOCHA B HpOHSBOZ[CTBeHHBIfI Tponecc.

Kniouesvie cnosa: KOHTpOIb KadeCTBa IOKPBHITUH, Hepa3pylIaloLIUii KOHTPOJb, HEKOHTAKTHbIE
METO/Ibl, MAIIMHHOE 3pPEHUE, ONTUYECKAs KOrEPEHTHAs: ToMorpadus, TeparepLoBas AUarHOCTHKa,
aKTHUBHasl TepMOrpadus, MyJIbTHCEHCOPHBIE CUCTEMBI.

BBenenue

KauecTBO MOKPHITHS B MPOMBIIIJICHHOM H3/IEIUH OMpeneisieT He TOJIBKO ero BHEUTHUN BU, HO U
pecypc, KOPpPO3HOHHYIO CTOMKOCTh, M3HOCOCTOMKOCTDH, TEIUIOBYIO CTAOMIBHOCTH M HAlSKHOCTh B
sKcTyaTany. Ilo 3ToM mpUYMHE KOHTPOJIb MOKPBHITHH BBICTYNAET HE OTAEIBHOW 3aBepIlaroliei
ormepanyeif, a BaXHOW YacTbl0 TEXHOJOTMUECKOro KOHTypa IpOM3BOJACTBA. Pa3ButHe
WHTEJUIEKTYalbHOrO TIPOM3BOJACTBA MPHBOAWT K TMEPEXOAY OT OIMH30JMYECKONH HMHCHEKIMU K
HENpPEephIBHOMY W aBTOMAaTU3UPOBAHHOMY KOHTPOJIIO, KOTOPBIM MO BO3MOXKHOCTH BCTpamBaeTcs
HEMOCPEICTBEHHO B MPOU3BOJACTBEHHYIO JIMHUIO M ONTUPASTCs Ha METOABI Hepa3p yIIAIoIIero KOHTPOII,
MallMHHOE 3pEeHHE W aHaIW3 JaHHbIX [1-5]. JIng 3amgay, CBSI3aHHBIX C TIOBEPXHOCTHBIMH H
MOJITIOBEPXHOCTHBIMU IepeKTaMHu, 0co0oe 3HaueHHe MpUoOpeTaroT OECKOHTAKTHBIE METONBl: OHU
MO3BOJIIIOT 00CIE0BATh U3/ACIHS CII0KHOM (HOPMBI, paboTaTh Ha BEICOKMX CKOPOCTSIX TUHUH, CHUKATh
3aBUCHMOCTh pe3yJbTaTa OT OIeparopa M YMEHbIIaTh PHUCK IOBPEKIACHUS KOHTPOIUPYEMOH
noBepxHocTH [1, 4, 6].

[Ipu TpOEKTUPOBAHMM CHCTEMBI KOHTPOJS KadecTBa MOKPBHITUS B TEPBYIO OYepenb HYKHO
OTIpeIeNINTh, KaKHe CBOWCTBA CIIOSl M KaKHe TUIIbI 1e()eKTOB MoJIekaT KOHTPOoJ0. B 3aBrucumocTu ot
Ha3HAYCHMS IOKPHITHA M YCJIOBUH SKCIUTyaTallud KOHTPOJIHPYEMBIMH IapaMeTpaMu BBICTYIAIOT
CIUIOLIHOCTh CIIOf, €r0 TOJIIIMHA U PAaBHOMEPHOCTh, HAJIMYKME TPEIIUH, 0P, KpaTepoB, HEMPOKPACOB,
HAIJIBIBOB, BKJIIOUEHHUH W 3arpsi3HEHH, COCTOsTHME HMHTepdeiica «IOKpHITHEe-TIOANIOKKA», a TaKxKe
CTPYKTYpHBIE IPU3HAKH, KOCBEHHO CBSI3aHHBIE C 3T €3UEH, IepOX0BATOCTHIO U TOJITOBEYHOCTHIO [ 1, 6—
9]. loaToMy cHCTEMY KOHTPOJIS LIEIeCO00pa3sHO pacCMaTpUBaTh HE Kak HAOOp OTIENBHBIX MPHOOPOB,
a KaK CBS3KY JaTYMKOB, AJITOPUTMOB OOpaOOTKM M CPEINCTB BCTPAMBAaHUS B MPOU3BOACTBEHHBIN
Ipoliecc.

l'[poueccu u CBOﬁCTBa, OTHOCHAIIIHECHA K KOHTPOJII0 KaYeCTBa HOKpI)ITI/Iﬁ

KagecTBO MOKpBITHS OOBIYHO OLIEHUBAIOT IO HECKOJIBKUM TPYIIIaM MIPU3HAKOB: T€OMETPUH CIIOA,
ero (PU3NKO-XUMHYECKOMY COCTOSHHUIO U HAIWYHIO 1e(DEeKTOB Ha MOBEPXHOCTH U B 30HE UHTep(etica.
Haubonee yHuBepcanbHON XapaKTEPUCTHKOH OCTaeTcsl TOJIIUHA TOKPHITUA. [l MerajliuecKuXx,
3alIUTHBIX, JEKOPATUBHBIX M (PYHKIMOHAIBHBIX CIIOEB MMEHHO TOJIIHWHA BO MHOTOM OIpeesseT
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BBIMOJIHEHHE LENeBOW (QYHKIUH; TIO3TOMY B 0030pHBIX paboTax MO M3MEPEHHIO TOJIIMHBI TOKPBITHIHA
OHa paccMmarpuBaeTcd Kak 0a30BbId 00BbeKT KOHTpons [6, 10]. Bmecre ¢ TeM ogHOro M3MepeHHUs
TOJIIUHBI HexocTarouHo. Jlaxe mpu GopMajgbHOM COOMIOEHUN TOJIIMHBI H3JIENHE MOXET HMETh
JIOKAJIbHYI0 HEPaBHOMEPHOCTb, MOPHUCTOCTb, HApyLUIEHUs CIUIOIIHOCTH, CKpPBITBIE IIOJOCTH,
MEKCIOHHbIe Je(eKThl WIM TMOBEPXHOCTHBIE H3BSHBI, CHOpMHUpOBABLIMECS H3-32 OCOOCHHOCTEH
MOATOTOBKH MOJIOKKH U caMoro mpoiiecca Hanecenus [1, 7, 9].

He menee BaxeH KOHTpOJIb MOP(GOJIOrHH TOBEPXHOCTH. sl MHOTHX IOKPBITHH HMEHHO
TEKCTYypa, MUKpopensed U paBHOMEPHOCTh paclpelielieHHs MaTepuaia ONpeAessioT aAre3HOHHbIE U
TpuOoJornieckue cBoicTBa. MccienoBaHus, MOCBSIIEHHBIE CBA3M LIEPOXOBATOCTH, CLEIUICHHS WU
KOPPO3HOHHON CTOWKOCTH, MOKA3bIBAIOT, YTO KOHTPOJIb MOBEPXHOCTHOrO MPOQUIS HENb3s1 CBOIUThH K
OTHOMY HHTETpajibHOMY MapaMmerpy; HeoOXOIuM aHaiu3 Habopa NPU3HAKOB, XapaKTEePHU3YIOIINX
(hopMy MOBEPXHOCTH U €€ CTATUCTHUECKYIO HeoaHopomHocTh [11, 12]. DTo 0COOCHHO BakHO ISt
MIOKPBITHIA, HAHECEHHBIX Ha MPEIBapUTEILHO 00pabOoTaHHbBIE MOJIOKKH, T/I€ MUKPOr€OMETpPHUSI OCHOBBI
BIIMSIET HA POCT Ie(EeKTOB U MOBECHNE HHTepdeiica.

OtnenbHBIA Kacc 3aJad CBA3aH C pacllo3HaBaHHEM COOCTBEHHO Ne(eKTOB MOKpHITHSA. J[is
MOKPBITHHA, (OPMUPYEMBIX METOJAMHU PACIbUICHHS, HANbUJICHUS, OCAXKICHUS M3 MapoBod (asbl u
JPYrUX BBICOKOMPOU3BOIUTEIBHBIX TEXHOJOTUH, XapaKTepHbl Takue Ne(eKThl, KaK KpaTepbl, MOpHI,
B3YTHsl, TpEIIHWHBI, WHOPOJAHbIE BKJIOYEHHS, YYaCTKH HEIOCTATOYHOIO TOKPBITUS U JIOKAJIbHBIC
yrommenus [1, 8, 13]. JInd MOKpHITMM BaKyyMHOTO HAambUIEHHS U TOHKUX IUICHOK OTAEIbHO
paccmarpuBaroTcs AedeKThl pocTa, BO3HHMKAIOUIME BCJIEACTBUE TONOrpauy MOMIOKKH, YaCTHIL
3arps3HEHH 1 0cOOeHHOCTeH pocTa IIeHKH [8]. C TOUKH 3peHus] POSKTUPOBAHMS CUCTEMBI KOHTPOJIS
3TO O3HAYAET, YTO YacTh AC(PEKTOB MPOSBIETCS KaK M3MEHEHHE SPKOCTHO-TEKCTYPHOU KapTHHBI Ha
MOBEPXHOCTH, a 4acTh TpeOyeT aHajiu3a BHYTPEHHEH CTPYKTYpPBHl WM KOHTpAcTa, CBA3aHHOTO C
ANEKTPOMAar HUTHBIMH, TEIUIOBBIMH JIM0O CIIEKTPaIbHBIMU CBOMCTBaMH MaTepHala.

C yueToM CKa3aHHOIO 3a/a4d KOHTPOJIS MOKPHITMH MOXKHO CBECTH K YETBIPEM OCHOBHBIM
HaIpaBJeHUsIM: BU3yaJbHBIN KOHTPOJIb MMOBEPXHOCTH, U3MEPEHNE TOJIIMHBI U PABHOMEPHOCTH CIIOS,
BBISIBJICHUE MTOJITOBEPXHOCTHBIX M MEKCIONHBIX HAPYILIEHUH, a TAKXKE OLIEHKA MPU3HAKOB, CBSI3aHHBIX
¢ IONTOBEYHOCThIO MOKpBITHA. [1, 6, 10, 11]. OT 3TOr0 HabOpa 3aa4 U ClienyeT OTTAJIKHBATHCS MPU
BBIOOPE METOAOB KOHTPOJIA U IIOCTPOCHUN CHCTEMBI.

HekoHTAKTHBIE METOIbI AHATH3A HOKprTI/Iﬁ

Ha npaxTuke yaie BCero UCIOIb3YIOT ONTUYECKHE CHCTEMBl MAIIMHHOTO 3pEHHs. JTO CBA3aHO
C BBICOKOM CKOPOCTBIO KOHTPOJISI, CPABHUTEIbHO MIPOCTON MHTErpalieil B MPOU3BOACTBEHHYIO JIMHUIO
Y BO3MOXXHOCTBIO OOHAPY>KHBaTh BUAMMBIE TIOBEPXHOCTHBIE JePeKThl Ha O0IpmnX yyacTkax. O030pHl,
MOCBSILIIEHHBIE aBTOMAaTH4YECKOMY KOHTPOJIIO MMOBEPXHOCTHBIX A€(EKTOB, MOKA3BIBAIOT, YTO MAIIMHHOE
3peHne S(PQPEKTUBHO MpPU IOWUCKE UApalHH, ISITEH, BMSITHUH, PAKOBUH, 3arps3HEHHH W JIPYTrHX
HapYIIEHUH BHEIIHEro CJIosi, OCOOCHHO eciH 3a/1ada (opMyIHpyeTcs Kak OOHapyKeHHE aHOMAaJUH,
knaccuukanus aedekra uim cerMeHTanus aeQeKTHor obmactu [2—5]. [y u3genuii ¢ MOKpHITHEM
ONTHYECKUE METOABI OCOOEHHO IOJI3HBI Ha Y4YacTKax IOCJe HAHECeHHS M Iocje CYLIKH, KOTraa
TpeOyeTcs OBICTPBIN KOHTPOJIb BHELTHETO BU/IA M CIUIOMIHOCTH TOBEPXHOCTU. OTHAKO OHHM OrPaHUYEHBI
B paboTe C MOAMOBEPXHOCTHBIMH JIe()EKTaMH U YyBCTBUTENBHBI K OJIMKaM, BAPHATUBHOCTU OCBEILCHUS,
OTpaxaTeJIbHOU CIOCOOHOCTH M HU3KOMY KOHTpacTy aedektos [2, 4, 5].

Jnst mpeoioIeHus 3TUX OrpaHUYEHU Bce Oolblee 3HaUeHUe IPHOOPETAIOT TOMOorpaguyecKue
W CHeKTpalbHble Meroabl. Onrtuueckas korepeHTHas Tomorpadus (OCT) mepcrnekTHBHA Ui
MOCIOHHOr0 aHaIn3a MOKPBITHHA, OCOOEHHO B TEX CIIydasx, KOrjaa HeoOXOAUMO OILICHUTh BHYTPEHHIOIO
CTPYKTYPY TPO3PAavyHBIX WIM MONYNpo3padHblX cioeB [13—17]. B myOnukanusx Mo 3aliuTHBIM,
MOPCKHM U aBTOMOOHJIBHBIM MOKPBITHAM MoKa3aHo, uTo OCT crmocoOHa BHIABISATH TOJIIMHY CIIOEB,
MIOJITTOBEPXHOCTHBIE HEOJHOPOIHOCTH M TPaHHMIIBI pa3zeiia 6e3 MEXaHHIEeCKOTO KOHTAKTa C U3/eIneM
[13, 14, 16]. JIns mpoeKTUPOBAaHUSI CUCTEMBI 3TO 0COOCHHO Ba)KHO, KOT/Ia BHEIITHUIA BHJI IIOBEPXHOCTH
HE OTPaKaeT PEabHOI'O0 COCTOSHUS BHYTpeHHUX cioeB. IIpu atom orpannuenus OCT cs3aHbl ¢
OTPaHUYEHHON TIYOMHON MPOHHKHOBEHHS, 3aBHCUMOCTBIO OT ONTHYECKUX CBOWCTB MaTepHala U
HE0O0XOUMOCTBIO O0JIee CI0KHOM KaTHOPOBKH MO CPAaBHEHHUIO C OOBIYHOM BHIEOCHEMKOH.

TeparepiioBble METOABI TaKkKe OPUEHTHPOBAHHI HAa OECKOHTAKTHBIM aHAJIN3 MHOTOCIOWHBIX
CTPYKTYp W U3MEpPEHHE TOMIIUHBI JUANEKTPHIECKAX U 3aIIUTHBIX MOKPBITHHA. Pab0TH mocnenHux jer
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MOKA3bIBAIOT NPUMEHUMOCTh THZ-MOAXOJOB K OIEHKE TONIIHMHBI TepPMOOAPbEPHBIX TOKPHITHI,
KOHTPOJIO COCTOSIHUSI MIOKPHITHIX CTATbHBIX KOHCTPYKIHMN M M3MEPEHHUIO apaMeTPOB CJIOEB B 3a/1auax
MIPOMBIIIUIEHHOro MoHuTOpHHra [ 15, 17, 18]. C uHxkeHepHOH TOUKH 3peHHUs TepareploBasi JMarHoCTUKa
LEHHa TeM, 4TOo oOecrmeyuBaeT JOCTYN K MOJANOBEPXHOCTHOW HH(POpMAIMK M TPUTOJHA IS
MHOT'OCIIOWHBIX CUCTEM, TJie OOBIYHAs ONTHKA JAeT TOJHKO KapTUHY BHEUIHETO ciiog. OrpaHndeHusIMU
OCTaIOTCS CTOMMOCTD almnaparypbl, YyBCTBUTENLHOCTh K MaTepHally U T€OMETPUH O0BEKTa, a TaKkKe
HEOOXOJUMOCTb CIIOKHOH MHTEPIPETALNN BPEMEHHBIX U CIIEKTPAILHBIX CUT'HAJIOB.

AxTuBHasg TepMorpadus 3aHUMaeT NPOMEKYTOUYHOE MOJIOKEHHE MEKIY MOBEPXHOCTHOH H
TIIyOMHHOW THarHOCTUKOU. B 3Toii rpyme MeTonoB 00BEKT BO30 YXKIAETCs TEIUIOBBIM UMITYJIBCOM HITH
CKaHHPYIOUIMM HCTOYHHKOM, a aHaJIM3 BeJeTcs M0 [UHAMUKE TEeMIIepaTypHOTrO OTKJIMKA.
HccnenoBanusi, MOCBSIIEHHBIE KOHTPOIIO TOJIIIMHBI 1 HEPABHOMEPHOCTH MTOKPHITHIA, IIOKA3BbIBAIOT, YTO
aKTHBHAs TepMorpadus MOAXOIHUT Il KpYMHO(OPMATHOTO U AOCTaTOYHO OBICTPOro 0OCIeIOBaHUS,
0COOEHHO B cTy4asix, Korja aedekT BiuseT Ha TeII00OMEeH MM TEeIIoBYI0 UHepumto cios [19]. dns
MIPOM3BOJICTBEHHBIX YCIOBHHA 3TO BOXHO TEM, YTO TEIUIOBU3HOHHBIE CHCTEMBI MOT'YT OXBAaThIBaTh
OonpIIyI0 00JacTh 32 ONWH LUK HaOmroneHus. OnHako MeTon TpedyeT aKKypaTHOrO YIpaBJieHUS
BO30Y)KJEHHEM, 3aBUCUT OT SMHCCHOHHBIX CBOWCTB MOBEPXHOCTH M UYYBCTBUTEICH K BHEUIHUM
TEIUIOBBIM [TOMEXaM.

BuxperokoBbie METOABI MIMPOKO MPUMEHSIOTCS IJIsI Hepa3pyIIAoIIero KOHTPOJS TONIIHHBI
HEeMPOBOMAIIMX TOKPBHITHHA HAa MPOBOMAINEH MOMJIOKKE M Ul aHAIW3a MPOBOIIIUX CJIOEB IpU
MOJXO/SIIEM codeTaHHH MaTepuanoB. COBpEMEHHBIE MCCIICIOBAHMS JIEMOHCTPUPYIOT KaK pa3BUTHE
TPaJUIIMOHHBIX CXeM H3MEPEHUs], TaK U OoJiee CIIOYKHbIE KOHCTP YKLIUHU JaTYUKOB, CHIKAIOIINE BIUSHUE
oTpbIBa M oOecreunBaromume Ooiee ycrodumBoe ompeneneHne ToamuHbl [20]. C Touku 3peHHs
MIPOEKTUPOBAHUSI BUXPETOKOBBIC METOJBI NMPHBIEKATEIbHbI CBOEH TEXHOJOIMYECKOH 3peNocThi0 U
MIPUTOAHOCTHIO K MPOMBIIIUIEHHOH aBTOMaTH3alMu. BMecTe ¢ TeM OHM 3aBUCST OT 3JIEKTPOMAarHUTHBIX
CBOWCTB MaTepHaia M, KaKk MpaBWJIO, JAIOT OTPAaHHMYEHHYIO MOP(OJIOrHYecKylo HH(OpMALMIO: AJis
pacmo3HaBaHus THNA AeeKTa OHOr0 TAKOr0 KaHaja 4acTO HeAOCTaTOYHO.

K OeckOHTakTHBIM U ONM3KMM K OECKOHTAKTHBIM (PHU3UUECKMM METOJAM OTHOCSTCS TaKkKe
peHTreHo(TyopeCIeHTHBIH aHamu3 u JIa3€PHO-CIEKTPOCKOITMYECKHE TIOJIXO/BI.
PentrenoduyopecueHTHbIE CHCTEMBI JaBHO NPUMEHSIOTCA IJIsI KOHTPOJS TOJNIIMHBI M COCTaBa
MOKPBITHI B IOTOYHBIX JIMHUAX, 0COOEHHO TaMm, Iie TpeOyeTcsl He TONBKO OLIEHKA T€OMETPUH CII0s1, HO
U TIOATBEPXKJAECHHE ero xumuueckod mnpupoasl [21]. JlazepHo-MHAYyIHpPOBaHHAs 3SMHCCHOHHAS
CHEKTPOCKOIHUS, B CBOIO OUY€Pe/ib, UCIIONB3YeTCs IS aHAlIM3a COCTaBa M TITyOMHHOTO MPOGUITUPOBAHUS
CJIOEeB, B TOM 4YHCIIE B PEKUMAaxX, OPUEHTHPOBAHHBIX HA MPOU3BOACTBEHHBIH KOHTPOJb MOKPBHITHIX
JIUCTOBBIX MaTepUaIOB [22]. DTH METOJIbI OCOOCHHO MOJIE3HbI, KOT/Ia KAYECTBO MOKPHITHS TOHUMAETCSI
HE TOJBKO KaK OTCYTCTBHE Ae(eKTOB (POPMBI, HO M KaK COOTBETCTBHE COCTaBa TPeOyeMOl TEXHOIOTHH.
WX orpaHndeHne COCTOUT B 0ojiee CIIOKHOM alapaTHON peanu3alyy, TpeOOBaHMAX K 0e30MaCHOCTU U
HEO0OXOJUMOCTH TIIATEIbHO COTJIACOBBIBATH PEXKUM U3MEPEHUsI C MaTEePUaIOM U3EIHs.

[lepcneKTHBHBIM HANpaBICHHEM BBICTYIAIOT MYJIBTHCEHCOpPHBIE CHCTeMBL. [lyOnukanmu o
KOMOWHHPOBAaHHOMY HM3MEPEHUIO TONIIWHBI C HCIOJB30BaHUEM, HAMpUMep, XpOMAaTHYEeCKOro
KOH(OKaIbHOT'0 1 BUXPETOKOBOI'O KAHAJIOB, a TAKXe 0030pPbI MO MYJIbTUCEHCOPHOMY CIUSHHIO JaHHBIX
B YMHOM IPOU3BOJICTBE MOKA3BIBAIOT, YTO OAMH (PU3MUYECKHI METOI PEIKO MOKPHIBAET BECh CIIEKTP
3a7a4 KOHTpouis [ 7]. BuzyanbHeIi kaHaAT XOpoIIo paboTaeT ¢ HOBEPXHOCTHOU MOp(OJIOTHeii, HO Xyxe —
C BHYTPEHHEH CTPYKTYpPOH; 3JIEKTPOMAarHUTHBIM KaHal YyBCTBUTENEH K TOJIIMHE U Marepuainy, HO
MoYTH He HHTepnperupyeT Gopmy nedekra; Tomorpaduuecknii kaHan HHPOPMATHUBEH, HO MEHee
npousBoauTeneH. [losromy peanbHasi cicTeMa KOHTPOJISL BCE Yallle MPOEKTUPYETCs] Kak KOMOWHAIINS
B3aMMOIOIOJIHSIOIINX CEHCOPOB.

Mopnean 1 aIropuTMbl 00padOTKN JAHHBIX

Pa3BuTHe cucTeM KOHTPOJIA MOKPHITHI COMPOBOXKAAIOCH H3MEHEHHEM TOAXOA0B K 00paboTKe
JaHHBIX. B paHHHX crcTeMax MallMHHOTO 3pEHHs Yallle BCEro HCIOJIb30BAJIMCh IIOPOroBas oopadoTka,
BBIJICNICHHE TPAHHIl, aHAIU3 TEKCTYyp, (UIbTpAlMs M CpPaBHEHHE C STaJIOHOM. DTH METOIBI IIO-
MpeKHEMY IPUMEHSIOTCS TaM, TIe THII 1eeKTa 3apaHee H3BECTEH, a YCIOBHS CheMKH Majl0 MEHSIOTCSL.
WX OCHOBHOE JOCTOMHCTBO COCTOWUT B IOHATHOM JIOTMKE Pa0OTHl U YMEPEHHBIX TPeOOBaHUAX K
BBIYUCIIUTEIFHBIM PECypcaM, YTO BaXKHO JIJIsI BCTPOEHHBIX CUCTEM PEasIbHOTO BpeMeHH [3, 4].
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[To Mepe ycnoKHEHHS U3JIENTUI U yBENHYEHUS pa3HO00pa3us 1eheKToB BCE MMPE UCIONb3YIOTCA
METO/bl MAIIMHHOT'O U TIIyOOKOro o0ydeHus. B Takux cucremax 3aavya KOHTPOJISL OOBIYHO CBOJUTCS K
OoOHapyXeHHIO0 NePeKTOB, WX KIacCH(PUKAIUH, CErMEHTAUUH Je(EeKTHBIX O00NacTeidl WM TOHCKY
aHOMAaJIbHBIX y4acTKoB [2—5]. HelipoceTeBrie MoJeNu XOpOIIO paboTaloT B YCIOBUSIX CIOKHOTO (oHa
W U3MEHYMBON TreoMerTpud Ae(eKkToB, OIHAKO WX BHEAPEHHE B MPOM3BOACTBO CBA3aHO C DPIIOM
MPaKTUUeCKUX TpyAHocTel. K HUM oTHOcsATCS aucOanaHc BEIOOPOK, BBICOKAs CTOMMOCTD DKCIEPTHON
pa3MeTKH U OrpaHUYEHHAs MEPEHOCUMOCTh O0YUEHHBIX MOJIENEH MEKIy pa3HbIMU THUIIAMU U3IEIHUA,
TTOKPBITHI U YCIOBUSIMU CbEMKH [5].

[lo »TOl mpuyWHE AN NPOEKTUPOBAHUSI CHCTEMBI BaXKEH HE TOJBKO BHIOOP apXUTEKTYPHI
HelpoceTH, HO U cTparerus (opMUpOBaHUs TaHHBIX. AKTyallbHBI MeTo bl few-shot u weakly supervised
learning, a Tax)ke aHOMaJIUIHBINA TOIXO, KOTa MOJIENIb YUUTCS HOPME, a He KX A0MY Kiaccy aedekToB
mo otaenbHocTH [1, 4, 5]. 1 KOHTPOJS MOKPBITHI 3TO OCOOEHHO aKTyalbHO, MOCKOJBKY MHOTHE
nedekTsl peaxd, a ux Mop(hoJorus MOXKET CHIBHO BapbHpoBaThcia. Kpome Toro, s (uU3MUecKux
METO0B KOHTPOJsI — Hampumep, TepMmorpaduu, TepareploBoil WM BHUXPETOKOBOW JUATHOCTHUKH —
QIITOPUTMUYECKUN YPOBEHb BKIIIOYAET HE TOJIBKO KJIACCU(PHKATOP, HO U MPOLEIypPhl PEKOHCTPYKIIUU
CUTHANla, TMOJABIICHUS IIYMOB, W3BJeUeHHs HH()OPMATHBHBIX MPHU3HAKOB, KAIUOPOBKH W CIUSAHUSA
kanaJjos [18, 20].

B cocraBe adropuTMHUUECKOr0 YPOBHS MOXKHO BBIICIUTH HECKOIbKO (DYHKIMN: PEKOHCTP YKIIHIO
HU3MEpSAEMBIX ~ MapaMeTpoB,  HMHTEPIPETAlMI0  TONYYeHHBIX  JaHHBIX W (opMHpoBaHUE
MIPOU3BOJCTBEHHOr 0 pemieHus. Ha mpakTHke OHM TECHO CBS3aHBI MEXAY COOOW, M KauyecTBO PadOTHI
CHCTEMBI 3aBUCHT OT COINIACOBAHHOCTH BCEX ATHUX 3TamoB. Jlake TOUHAas MOAeTb paclo3HaBaHUS HeE
pelaer 3aga4dy, ecid H3MepUTENbHBIN Npolecc HecTaOWIIeH WM, eClId PEeLIeHHEe MPUXOIUT CIUIIKOM
TIO3THO NIl BO3AEHCTBHUS Ha MPOIIECC.

B coBpeMeHHBIX cHCTEMax KOHTPOJS TakKe BaKHA CBA3b aJTOPUTMUYECKOrO YPOBHS C
TEXHOJIOTMYECKUM KOHTYPOM MPOHM3BOACTBA. Mojens IOMKHA HE TOJBKO BBISABIATH Ae(eKkT win
OLIEHUBATh MapaMeTp MOKPBITHA, HO M YYHUTHIBATh KOHTEKCT HM3MEPEHHs: THIl W3JeNus, CTaauio
TEXHOJIOTMYECKOT0 TpoLecca, PeKUM HAaHECEHHs, UCTOPUIO HACTPOMKH 000pYJOBaHHS U JOMYCTUMBIE
npeaenbl OTKIOHEeHWH. B Takoil MocTaHOBKE ajJropuTM CTAHOBUTCS YAcTbIO CHUCTEMBI IOJJIEPKKU
NPUHATHS pelleHHud, TAe pe3yibTaT aHadu3a UCIOJNB3YeTCs Ul JIOKaJbHOW OTOpaKoBKH,
MEePEHACTPONKH pEeKUMa HAHECEHWs], HA3HAUCHHs MOBTOPHOIO KOHTPOJS WJM Tepenadyd JaHHBIX B
MIPOU3BOJCTBEHHYIO AHAJUTHUKY.

Ale/ITeKTyprIe moaXxoabl K MPOCKTUPOBAHUIO CUCTEMbI

Ha npakTuke UCIIONB3YyIOTCS HECKOIBKO CXEM ITOCTPOEHUS CUCTEM KOHTPOJIst MOKphITHH. K HUM
OTHOCSITCS aBTOHOMHBIE MOCTKOHTPOJIBHBIE CTAHIUHM, BCTPOEHHBIE CPENCTBA KOHTPOJS B JIMHHUU U
MYJIbTUMOJANIBHBIE CUCTEMBI C HEePAPXUYECKHM MPUHATHEM PELIeHNS.

ABTOHOMHAsl TIOCTKOHTPOJIbHAsI CTaHIUsI pa3Mellaercsl Iocje HAHECEHUs] TMOKPBITHS |
OPHUEHTHPOBaHA HA OTOPAKOBKY WJIM COPTUPOBKY TOTOBBIX u3Jenuil. Ee cunbpHas cropoHa —
OTHOCHUTENIbHAsL MPOCTOTa WHTETPAlMd M BO3MOXKHOCTH HCIIONB30BAaTh 0OJiee CIOKHBIE CEHCOPHI,
MIOCKOJIbKY M3MEpPEHHE BBIHECEHO 3a TMIpeieibl KPUTHMYECKOTO TEXHOJIOIMYECKOro Ipoliecca.
HenocraTok cocTOUT B TOM, YTO CHCTEMa BBIABISIET Ae(EKT y)Ke IMOCiIe ero BOSHUKHOBEHUS M HE BCET/1a
MI03BOJIIET CKOPPEKTHUPOBATh MPOIIECC B pealbHOM BpeMeHH [ 1, 21].

BerpoeHHbIN KOHTpOIIB TpeIonaraeT pasMelleHue CEHCOPOB HEMOCPENCTBEHHO B JIMHUH, a
pelieHre MIPUHUMAETCSI CHHXPOHHO € IBHKEHHEM u3aenusi. Takoil moaxo/] XxapakTepeH AJisl pyJIOHHBIX,
JICTOBBIX, TPAHCIIOPTHBIX W POOOTH3MPOBAHHBIX IMPOIECCOB HaHECEHUS MOKpBITHA. OH Tpedyer
BBICOKOH YCTOMYMBOCTH K BHOpalsM, H3MEHEHHIO OCBEIIEHHOCTH, 3arps3HEHHIO ONTHKU U
OTrpaHUYEHHUSM TIO0 BpeMeHH oTkiuka [1, 6]. BcTpoeHHBIH KOHTPOJb 0cOOEHHO 3P QEeKTHBEH TOr/a,
KOIJla pe3ylbTaT M3MEPEHUs] MOXKET UCHOJb30BaThes JJII ONEPATHUBHOM KOPPEKLUUU peXHMa
pacmbUIeHUs, CKOPOCTH IOJa4yM, TEMIepaTypbl, pPAacCTOSHUSA 1O TOBEPXHOCTH WIM JPYTUX
TEXHOJIOTMYECKUX MapaMeTPOB.

MynbTUMOZAIbHAS CHCTEMa C HEPapXUYECKHUM MPUHATHEM DPEIICHHs HCIONb3YeT OBICTPBIHA
KaHaJl IIKPOKOro 0030pa, Kak MPaBUIJIO ONTHYECKHUH, JJIs BBHITIOJIHEHHUS IEPBUYHOTO CKPUHHHTA, a OoJiee
JOpOTHE WM MENJICHHbIE KaHalbl BKJIIOYAIOTCS BBIOOPOYHO MJISi YTOYHSIONIETO aHalIH3a
MOJO3pUTENbHBIX obOnacteil. [logoOHas apXuTeKTypa XOpOIIO COrIacyeTcss ¢ COBPEMEHHBIMU
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TEHACHIIMAMH HHTEJJIEKTYaJIbHOTO MPOHM3BOACTBA, TJ€ BAXXHBI U MPOM3BOAMTEIHLHOCTh, M TIyOMHA
aHanuza [1, 7]. Vepapxudyeckuil MOAXOJ MO3BOSIET YMEHBIIUTHh BBIYMCIUTENbHYIO HArpy3ky H
CTOUMOCTD BJIaJICHUS] CUCTEMOM, OTHOBPEMEHHO COXPaHsIsl BBICOKYIO HMHPOPMATHUBHOCTh KOHTPOJIS.

[lo crpykType Takas cucreMa OOBIYHO BKJIIOYAET CEHCOPHBIH YpPOBEHBb, CpEACTBa
MPOMBIIIUIEHHOTO COOpa JaHHBIX, BBIYHCIHTENBHBIA YpOBEHb Ha NepUPEPHHHBIX Y3/Iax WIN
npombinuieHHBIX [1IK 1 ypoBeHp MHTErpanuu ¢ ocTalbHOM NMpOM3BOACTBEHHON cuctemoil. IIpu atom
JTaHHBIE KOHTPOJISI HCIIOJIB3YIOTCSI HE TOJIBKO JJIs1 JIOKAJIbHOT'O PELIEHUs] O TOAHOCTH U3/IEHs, HO U JJIs
aHajgM3a TpPUYMH BO3HHUKHOBEHHS Je(EeKTOB, HACTPOWKM OOOpYIOBaHHS M  HAKOMJICHUS
MPOU3BOACTBEHHOU cTaTUCTHKH [1].

Orpannqeﬂnﬂ U AKTyaJIbHbIC HAIIPABJICHUSA PAa3BUTUH

OCHOBHOE OrpaHHYEHUE HOCUT (PU3UUECKHI XapaKTep: pa3Hble TUIIBI MOKPHITUH U 1e(EKTOB M0-
pa3HOMY B3aUMOJIEHCTBYIOT CO CBETOM, TEIUIOM, 3JEKTPOMAarHUTHBIM TOJIEM U PasIMYHBIMU BUAAMU
uznydenus. [lostomy meron, 3(deKTHUBHBIA 11 MPO3payHBIX MHOTOCIOMHBIX TOKPBITUH, MOXET
OKa3aTbcs MallOMH(GOPMATHUBHBIM JUIA CHJIBHO PACCEMBAIOIIUX WM TMPOBOMAIIMX IOBEPXHOCTEH
[13-20]. He MeHblee 3Haue€HUE MMEIOT M TMPOHM3BOJCTBEHHBIE YCIOBUS: 3arpsi3HEHHE, BUOpaluy,
HecTaOWJIbHAsl TEOMETPUsl M3ENHs, BBICOKAs CKOPOCTb JIMHUM M WU3MEHYMBOCTb MAPTHH CHIKAIOT
YCTOWYMBOCTD PELICHH, KOTOPBIE B TA0OPATOPUH MOKA3BIBAIOT XOPOIIHE Pe3YAbTaThI.

OrtaenbHbIE TPYIHOCTH CBsI3aHBl C JJAHHBIMHU M ajuropuTMamu. JlJisi MOKPBITUH XapaKTEpHbI
penkue nedexThl, BhIpaXEHHBIH IucOalaHC KIAacCOB M OrpaHMYEHHBbIE BO3MOXKHOCTH DPa3METKH,
MO3TOMY O0y4eHHE MOJHOCTHIO KOHTPOIUPYEMBIX MOJENed OKa3bIBaeTcs 3aTpyAHUTENbHBIM [2, 5].
Kpome Toro, mpousBoAcTBY TpeOylOTCS HE TOJIBKO TOYHOCTh, HO M OOBSICHUMOCTB: ONEpaTopy U
TEXHOJIOT'Y B&YKHO MTOHUMATB, IOYEMY y4acTOK NPU3HAH Je()EeKTHBIM U C KaKUM (U3NIECKUM (aKTOpOM
9TO MOXeT ObITh cBs3aHO. [lo aTol mpuunHe BcE€ OONBIIMKA WHTEpEC MPENCTaBISIOT THOPUAHBIC
MOJIXO/BI, B KOTOPBIX (hPU3MUECKass MOJENIb CHUTHAJIA COYETAeTCs ¢ METOAAMU MAIIMHHOTO OOY4YeHHS.
Kpome Toro, Bo3pactaer poib MYJAbTHMOJAIBHBIX CHCTEM, OOBEAMHSIOMINX BU3YaJbHbIC JAaHHBIE C
nH(opMaIyeil o TONIIMHE, COCTaBe U MOANOBEPXHOCTHOM CTpYKType mokpbIiThs [1, 7, 18].

B mocneanue roapl pa3BUTHE B 3TOM 00JIACTH CBA3aHO MPEXAE BCETO C MYIbTHCEHCOPHBIMU
pElIeHUsMH, MeToJaMU padOThl Ha MaJbIX BBIOOPKAaX M BKJIIOYCHHEM KOHTPOJA B OOLIMI KOHTYp
yIpaBJeHus NMpou3BoAcTBoM [1, 2, 5]. B pe3ynbTare cucrema KOHTpOJIS BCE Hallle MCIIONb3YETCsl HE
TOJIBKO JUIi OTOPaKOBKH W3ICNHHA, HO M Uil aHajdW3a NpPUYMH Ae(peKTOB U KOPPEKTHPOBKH
TEXHOJIOTMYECKOr'0 MIPOLECCa.

3akJjouenue

[IpoexkTupoBaHue CHUCTEMBI KOHTPOJIS KauecTBa MOKPBITUI U3eNUi TpeOdyeT COBMECTHOTO yuera
(U3MYECKUX TPUHIIUIIOB HM3MEPEHUsi, 0coOeHHOCTeH JedeKToB, METoJ0B O0pabOTKM IaHHBIX U
OrpaHMYEeHUI POU3BOJACTBEHHOM cpefibl. KOHTpOIIb MOKPHITHI BKITIOYAET HE TOJIBKO MOMCK BUIMMBIX
MMOBEPXHOCTHBIX HAPYLIEHUH, HO U OLEHKY TOJIIIMHBI, PaBHOMEPHOCTU CJIOS, €ro BHYTpEHHEH
CTPYKTYpBI U TPHU3HAKOB, CBSI3aHHBIX C 3KCIUTyaTallMOHHOW HajexXHOCThIo [6, 13-22]. ITosToMy st
TaKuX 33724 0COOEHHO BOCTpEOOBaHbl HEKOHTAKTHBIE M HEPa3pYIIAIOINE METOIbI aHAIN3A.

Ha mnpakTtuke ontudeckoe MaIIMHHOE 3PEHHE OCTAETCS OCHOBHBIM CpPEACTBOM OBICTPOroO
KOHTpoJis BHemHux jaedexkrtoB. B To ke Bpems meroasl OKT, TeparepiioBoii, TepMorpaduueckoi,
BUXPETOKOBOH, PEHTI€HO(ITYOPECIEHTHON U JIa3ePHO-CIIEKTPOCKOMMYECKOH TUArHOCTHUKH MO3BOJISIOT
MONy4aTh JAaHHBIE O TONIIUHE, CTPYKType M cocraBe MNOKpbITHA. C yuerom 3Toro Haumboiee
palMOHAJbHBIM JJISl TMPOMBILIUICHHOCTH SBIIETCS HCIOJB30BaHWE KOMOWHHPOBAHHBIX CHUCTEM, B
KOTOPBIX Pa3HbIe METO/BI JOMOJHAIOT APYr Ipyra U paboTaroT B 0OIIeM MPOU3BOACTBEHHOM KOHTYpE.
B TakoM moaxoae KOHTPOJIb CIY)KUT HE TOJbKO IS BBIABICHUS Opaka, HO W KaK HMHCTPYMEHT
TOBBIIIEHNS YCTOMUYMBOCTH CaMOI'0 TEXHOJIOTHYECKOT0 Tpoliecca.
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APPROACHES TO DESIGNING A QUALITY CONTROL SYSTEM FOR COATING
PRODUCTS

IU. S. IAKOVLEYV, 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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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIIK 621.391

HPOTOTHUIIUPOBAHUE NOJACUCTEMbI CE'MEHTAIUU NU30BPAKEHUA
I'OJIOBBI OT ®OHA B COCTABE CUCTEMBI IIEHTPAJIM30OBAHHOM
BUJAEOAHAJ/IMTUKHA HA BASE MAIIMHHOI'O 3PEHUS BIIVIA

M.M. JIVKAILIEBUY', A.A. BOPOHOB?, B.B. BEHEPEHKO? M.M. TATVYP’

1 — Benopycckuii cocydapcmeennblii ynusepcumem, Pecnybnuxa benapyce
2 — Obveounennviti uncmumym npooaem ungpopmamurxu HAH benapycu, Pecnybnuxa Benapyce
3 — Benopycckuii 20cy0apcmeeHHblll yHugepcumem uHgpopmamuxy u paouoanekmpouuku, Pecnyonuka benapyco

Tocmynuna 6 peoaxyutro 6 anpens 2026

AHHOTanMs. BeinonHeH 0030p BapuaHTOB HCIONb30BaHUS IPOTOTHIIA ITOJCUCTEMbI CErMEHTAIUU
n300paxeHHs rojoBbl OT ()OHA B COCTABE LIEHTPAIU30BAHHOI CHCTEMBI BUACOAHAIUTUKH C
ucnons3oBanueM BIUIA. IlpenyioxeH aaropuTM CErMEHTALUM, UCIONb3YIOIMHE Monudukanuio
HelpoceTeBoll apxuTekTypbl. lloka3aHO, uYTO anropuT™M paboTaeT 3HAYUTENbHO OBICTpeE U
3¢ dexTrBHEE, YEM JIYUIlINE U3BECTHBIE AITOPUTMBI CETMEHTALUU U CTaHIAPTHBIE HEHPOCETEBbIE
APXUTEKTYPBL.

Knrouesvle cnosa: ceMaHTHYECKas CcerMeHTanus, BujeoaHanutuka, BITJIA, mucraHiuoHHoe
30HAUPOBAHUE.

BBenenue

MOHUTOPUHT OOIIECTBEHHON O€30MacHOCTH MpEAroiaraeT HaJIM4ue TOYHOW M OMepaTUBHO
oOHoBIsIeMold wuHpopManuun 00 o00bekTax HUHQPAcTPyKTypbl. B HacTosimee BpeMsi CHUCTEMBI
AaBTOMATHYECKOW BUACOAHAIUTHKH JOCTaTOYHO PACIPOCTPAHEHBI B MHUpE, JUAEPOM IO KOJIHUYECTBY
KaMep BUAeOHaOmoaeHus sBmsieTcs Kurail, oCymecTBUBIINN TEOPETUUECKH MOJHOE TOKPBITHE BCEX
KPYIHBIX TOPOJOB KaMepaMu BHJCOPETHCTPAlliM C TPOJBHUHYTOM CHCTEMOW BHACOAHAIUTHKH,
ucrnonb3yromed uaeatudukanuio no FacelD u ObICTpBIN MOMCK MO eUHOW 0a3e NaHHBIX B | M.
3anmucedd. Hanpumep, cucremsr Hikvision iVMS-5200 (Kurait) u QVR Pro (TaiiBaHb).

OnHuM U3 NMUIEPOB 1O BHeIpeHuto BuicoHabmoaeHus B DAS (Domain Awareness System)
CUCTEMBI OTJeNbHBIX MEranojucoB AJs odecneueHus oduiecTBeHHo# Oe3zomacHocTy saBistoTcs CILIA.
Hwxe nepeuncnenst Hekotopsie u3 HEUX: VIDEOMA INTELION, Milesight VMS Enterprise, Rhombus
physical security platform, On-Net Surveillance Systems, Cisco MerakiMV Smart Cameras, Arcules
Platform, VisionPoint, Verkada Video Surveillance & Management.

Tperbe MecTO 0 KOJIMUYECTBY KaMep BUAECOPErUCTpali IpUHAISKUT MOCKBE ¢ MHTEerparuen
B CHUCTEMY pAaclo3HaBaHUs UL H HWIACHTH(QHUKAIMK TpecTymHUKoB. OCHOBHBIE pa3padOTYUKU
HeoOxonuMbIx QyHKImii — Ntechlab (moumck ymua B kagpe — amerektupoBanue), Visionlabs-Coep
(pacnio3HaBanue) u Tevian (uneHTudukanus — cBepka ¢ 6azamu nanHbixX) win Cdepa (mpu padore Ha
TPaHCIIOPTE).

OO0paboTka BHACONAHHBIX B CHCTEMaX BHACOHAONIOACHUS TO3BOJSIET PACHIUPUTH X
(YHKIMOHAIBHOCTD. Pemarorcs cregyonme 3aJavyd: JAETeKIMs IIEHIeXOAOB; JHUIl JIIoJAed ¢
MoCeyIouel HAeHTUDUKAIEl; aBTOMOOMIICH; HOMEPHBIX 3HAKOB aBTOMOOUJIEH 1 HOMEPOB BaroHOB
M0E3/10B C TIOCNIEAYIOIINM PAacllO3HABAaHHEM; JIETEKIIMS OCTABJICHHBIX 0e3 MPUCMOTpa Belleil; ClIe)KeHue
3a OOBEKTOM, B TOM YHCI€ M C HCIOJH30BAHWEM TMOBOPOTHBIX KaMmep WM Kamep [IpoHa, ¢
AaBTOMATHYECKUM YIIPaBJICHUEM; aHAIM3 MJIOTHOCTU CKOIUIEHUS JIOAEH M aBTOMOOMIBHOTO Tpaduka,
MoJIcueT 00BEKTOB HHTEpECa; [eNeyKa3aHHe.

Pemenune kaXxaoit 13 mepeyUCIeHHBIX 3a1a4 TpeOyeT KOMIJIEKCHOTO MOIX0/1a, U BKIIFOUAeT psijl
moJ3aJau: TpenBapuTesnbHas 0o0pabdoTKa KaJpoB BHAEONOTOKA; BbIAENEHHE OOJacTeil JBIKEHUS;
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BBIYUCIICHHE ONITUYECKOT0 MOTOKA; IIOAaBIIeHNE TPsACKU KaMmepsl (antishake); nerekuns oObeKTOB (JIHLL,
Trozieit, aBTOMOOMIIEH U T.11.); CIIeKEeHHE 32 00BEKTOM (TPEKHUHT); HACHTH()UKAUSI 00bEKTa.

BaxHpIM TapaMeTpoM anropuTMOB OOpaOOTKM BHMIEOAAHHBIX, MCIOJIB3YeMBIX B 3agadax
BUCOHAOIIIOACHUS, SBISIETCA WX BBIYUCIUTEIbHAS CIOXKHOCTh, TaK Kak 00pa0OTKa MaHHBIX B TaKUX
CUCTeMax BeleTcs B peaJbHOM MaciTade BpeMeHu. 1103ToMy, BayKHOM XapaKTepUCTUKON alrOpUTMOB
SIBIISIETCS. BOBMOYKHOCTD (DYHKIIMOHUPOBAHMS Ha HEAOPOTOM 000pYIOBaHUHU BCTPOCHHBIX CHUCTEM.

Jns peanuzanuu OBICTPOrO paclo3HABAHUS JIMII B CUCTEMaX BHICOHAOIIONEHNS PUMEHSIOTCS
pa3nuYHbBIe TOAXOABl K XPAaHEHWIO JAHHBIX M HMISHTU(HUKAIMU: HCIOJB30BAHWE EIUHOrO IIEHTpa
ob6pabotku ganubix (LUOJ]) mam mouck B jJokanbHOW 0a3e MaHHBIX (JIOKaJIbHBIE CHCTEMBl XpaHEHHS
JAHHBIX, HAIPSAMYIO MOJKJIIOYEHHbIE K cepBepaM I 00pabOTKH BUACOIIOTOKOB B PealbHOM BpEeMEHU
¢ wucnoms3oBanuem HMMUW-anroputmoB ananmmza). [Ipu ucmonb30BaHMU JIOKaNbHBIX 0a3 JaHHBIX
MUHUMH3UPYIOTCS BpEMEHHbIE TIOTEPH Ha CETeBble KOMMYHHKAIIMM W BO3pacTaeT aBTOHOMHOCTh
CHUCTEM BHJICOAHAJMUTHUKH, 4YTO BAXKHO B cdepe O€30MacHOCTH Ha TPAaHCIOPTE U TOProBie, B
pacrmpeeNeHHON cucTeMe aBTOMAaTU3UPOBAHHOTO TIOIPAaHUYHOT O KOHTPOJIA.

BapuanTtbl pa3BepTbIBaHUA

BuneoananuTuka co CTallMOHAPHBIX Kamep He crocoOHa 00eCTeYnTh OTCYTCTBUE CIIEMbIX 30H
IIpU KOHTpOJIe 0€30MacHOCTH, TOITOMY YacTO HCHOJB3YIOT APOHBI, KOTOPbIE MOTYT MaHEBPUPOBATh U
TpaHCIUpPOBaTh BHIEONOTOK ¢ kamep FHD mno paanokanaly ¢ J0OCTaTOYHOM IPOMYCKHOM
cnocoOHOCTRIO  Jlanme, paccMOTpUM JBa BapHaHTa pPa3BEPTHIBAHMS MOOMIBHBIX  CHUCTEM
BUACOHAONIOACHUSI C TIPUMEHEHHeM OecnujoTHOro JeratenpbHoro ammapara (BIUIA) w
WCIOJIb30BAHUEM MOJICUCTEMBI cerMeHTannu. O0a OHU MPOMITIOCTPUPOBAHBI Ha pHC. |

[lepBB1ii BapwaHT s CHUCTEM C LEHTPajJM30BaHHOW 00paboTKoi. OCHOBHBIE CHCTEMBI
BUICOAHAJIMTHUKH C LIEHTPAIN30BaHHON 00pa0OTKOU, KOTOPBIE MHTErPUPOBAHbI C APOHAMH CIEIYIOLINE:
Face-Six, koropas augupyet B uaeHtudukanuu, DJI Analytics yHuBepcaseH mo pemaeMsiM 3a1a4dam,
TRASSIR, Dedrone [1-6]. Buneonorok ot ApoHa mepena€rcsi B 00Ja4HbINH/BRIYUCIUTENBHBIA LIEHTD,
IZie BBHINONHAETCS MONHO(YHKIMOHATIbHAS 0o0paboTka: crabmmmsanus, aerekuus yun (YOLOVE u
Ooyee pecypcoeMKHe HEHpOCEeTEeBbIE APXUTEKTYphI), CerMEHTalls, TPEKHHI, KaluOpOBKa Kamep,
crepeocornocrasieHue, 3-D-pekoHcTpykius u unenTugukamus. Takod momxoy obecrneunBaeT Oosee
BBICOKYI0O TOYHOCTH M IIOJHOTY aHajHu3a, HO TpeOyeT CTaOMJIbHOH CeTeBOM CBSA3M U OOJBIIUX
BBIYUCITUTEIBHBIX pecypcoB. CeTeBbie 3aep>KKH U MPOIYCKHAsl CIIOCOOHOCTh OCTAIOTCS KPUTUYHBIMU
orpaHu4eHusIMH, 0coOeHHo mpu ucnonb3oBanuu 4G/LTE; 5G nmoka HeAoCTyNeH B HEKOTOPBIX peruoHax

OmHUM W3 BapHUaHTOB WCIONB30BAHUS MOACHCTEMBl CErMEHTAllMd JIMIa 4YeJOoBeKa Ha
¢dororpadusx u BoccranoBieHus: 3D Moenu s nocneayronieii unentudukarum no FacelD sBnsercs
OTMKCAHHBINA BBIIIE CIIOCOO TPAHCIALMHU C IPOHA BUAEONMOTOKA B BHICOKOM pa3pelleHHH Ha cepBep,
oOnamaronuii HeOOXOMUMBIMU BBIYUCIUTEIBHEIMU BO3MOXHOCTSMHU UL  CJIOXKHONH 00pabOTKH H
aHaluM3a BHJAECO B peadbHOM BpeMeHu. [Ipu aHaim3ze OCHOBHOM —anmapaTHO-IPOTrPaMMHON
UHQPACTPYKTYpHl MPEIJIaraéMoro BapHaHTa HMCIOJIb30BAaHHS IOACHCTEMBI CETMEHTALIMH B COCTaBe
CHUCTEMBl IEHTPAIN30BAHHOW BUACOAHATUTHKH, CIEAYyeT OOpaTHTh BHMMAaHHE HA HCIIOJb3yEeMbIe
KOJEKH C)KaTWs, BapUAHTHI OpPTaHU3AlMM paJMOKaHATa W KOMMYHUKAIIMOHHOW CeTH AJsl Tepenadu
BUJICOIIOTOKA C JPOHA Ha cepBep. B omHOM W3 CTaHIapTOB, perjiaMeHTHPYIOUINX MpoLece Mepeaadn
BUIEOIIOTOKA C JPOHOB BOCHHOI'O Ha3HAuY€HHs omnpenesstorcess ypoBHu cxatus MISM-L9H/L10H ans
Full HD u3o0pakenuii paBubie coorBeTcrBeHHO 80:1 1 20:1. Kameps! APOHOB MONTy4aroT H300paxeHne
Full HD 1920%1080%(50p) u 1920x1080%(30p). [ns cokpamieHuss TpeOOBaHHM K paJHOKaHATy
MIPUMEHSIOTCS YpOBHU cxaTus u3 cranaapta MISM-L10H u 10-pa3psinHoe npencraBieHue 1t 0IHOTO
MUKCeNsl, Tak A mepegaun Bupaeomoroka Full HD 1920x1080x(30p) Tpebyercss mNpomycKHas
criocobHocte 50 MOuT/c, a MUHMMAaNbHBIH KaHal HEOOXOMUMBIH JUIsl TIEpEAayd BUJCOMOTOKA,
nexonupyemoro npu nomomu MPEG-2 co crenensto cxarus or 5 1o 10 cocraBnsger ot 34 no 100
Mowut/c. Cxxarue notoka Full HD ¢ xoaddunmentamu go 45:1 u 80:1 coorBercTByeT ypoBHIO MISM-
L9 cranpapra. Ilpu cxarum Ha ypoBHe MISM-LOH nocrarouHo paguoiuHHM C TPOMYCKHOM
cnocoOHOCThI0 Beero 20 MOuWT/c ansl mepemayd Takoro BHIECOMOTOKA. B cranmapTe ompeneneHsl
coliepkaHue U (HopMaT JaHHBIX, MMOJYYaeMBIX C palapoB OOHAPYKEHUS B YIIUXCA Ieiel Ha (oHe
3emHoi mosepxHocTH (GMTI — Ground Moving Target Indicator). B 3aBucuMocTu oT mpomycKkHON
CIOCOOHOCTH KaHAJOB CBSA3M OMUCAaHHBINA B cranaapte gopmar GMTI mo3Bomsier mepenarb TOJIBKO
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WH(OPMAIHIO O ABIDKYIIMXCS LEJIX JIMOO elle U COMYTCTBYIOUINE PaIU0IOKAIIMOHHBIE H300paXeHUs]
BBICOKOT'O paszpemienus (puc.l) [5]. JlaHHbIe TpaHCIMPYIOTCS MakeTaMu pazMepoM 65535 Oaiit, 4ro
mo3BoJsieT mepenark uHGopManuio o 80 oTMerkax Ielied W MX TPAeKTOPHUSIX, COMPOBOKIAAEMBIX C
BBICOKMM paspemenneM, Wi o 4300 menix U ux Tpaccax, COMPOBOXKIAEMBIX B OOBIYHOM pEKUME.
Bcero Ha Gopty japoHa Moxer ObITh 256 UCTOUYHUKOB JAaHHBIX (OCHOBHBIX M BCIOMOTATEIIbHBIX) U
TeHepUPOBATh OHH MOTYT JAaHHBIE PA3JIMYHBIX THUIOB:64 CEHCOPHI, (POPMUPYIOIINE H300paKEeHHE, TaK
’Ke JaHHbIe OT JAPYrHX OOPTOBBIX JATYMKOB: HABUTALMOHHOTO OOOpYIOBaHUS, OOPTOBBIX CHCTEM
YIIPaBIIEHHUS U CHCTEMbI YIpPaBJICHUs BHIEOKaMepoil Ha OOpPTYy ApoHA. YUHUTHIBAsS MHPOBOH OMBIT HA
O0opry napoHa 3(PQEKTUBHO UCIOIB30BATH BUJCOKAMEPHI BBICOKOM YETKOCTH C MPOrPECCHUBHOMN
pasBepTkoil W KBaapaTtHoW (opmoit mukcenst, Hampumep, Full HD 1920%1080x(50p), utoObl He
3arpyXarh Uil TEPECBUIKH BHACOMOTOKA pPagMOKaHal, WMEIOIIMK OrpaHWYEHHYIO MPOITYCKHYIO
CIOCOOHOCTB, LENecO00pa3HO CKUMATh BHAEO U MCIONB30BaTh KO PHUIMEHTH CKATHS U3 CTaHAapTa
cooTBeTcTBytomue yposHsimMm MISM-LOH/L10H.
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Puc. 1. ApXI/ITeKTypa CUCTEMBI IIepeaadn JaHHbIX 00 00BeKTax HHTEpPECa C ApOoHa

B ycIOBUSIX OrpaHHYEHHOH MPOIMYCKHOM CIOCOOHOCTH pajHoKaHajda B MOOHMJIBHBIX CHCTEMax
HaOJIrOIeHNs Ha MPaKTUKe Mepeaada BUASONOTOKa HEBO3MOXKHA 0e3 cxaTus. [ ckaTus OTIAeTbHBIX
KaJpOB M3 KOTOPBIX U COCTOMT BHUIEOMOTOK B HACTOSIIEE BpeMs IIMPOKO HCIONB3YIOTCS KOIEKH
crangaproB JPEG (Joint Photographic Experts Group), JPEG2000, ocHOBaHHBIE Ha anrOpUTMax
SHTPOMHIHOrO KoaupoBanus Xagdmana u apupmerndeckoro; crannaptos GIF (Graphics Interchange
Format), TIFF (Tagged Image File Format), ocHoBannbie Ha ainroputme LZW (Lempel-Ziv-Welch);
meroasl U anroputmbl RLE (Run Length Encoding), LZ (Lempel-Ziv), ycpenHeHHOTo OI0YHOrO
konupoBanus, EZW (Embedded Zerotrees of Wavelet transforms), SPIHT (Set Partitioning In
Hierarchical Trees), SPECK (Set Partitioned Embedded bloCK) u psia apyrux [6]. OnHaKO 3TH KOJEKH,
METOAbl M AITOPUTMBI OPWUEHTUPOBAHBI, KaK MpPaBHJIO, Ha CXKaTHe OTAENbHBIX H300pakeHU,
YYUTHIBAIOT TOJBKO KOJOBYIO, MEXKAIEMEHTHYIO H30BITOYHOCTD

Korna nmeem 1eno ¢ BUIEOMOTOKOM MCHONB3YIOTCA KOAEPHI, KOTOphIe MOT'YT paboTaTh B IBYX
OCHOBHBIX DPEKHMax: BHYTPHKAIPOBOIO W MEXKaJPOBOr0 IPOTHO3MPOBaHUS. BHYyTpHKagpoBoe
MPOTHO3UPOBAaHUE  HCIONB3yeTcs A1  KOAUPOBAHUS  OMOPHBIX  KaapoB.  MexkaapoBoe
MIPOTHO3UPOBAHKIE OCHOBAHO Ha OJIOYHOI KOMIIGHCAIIMH IBM)KEHHS U UCTIONB3YeTCs 1Sl (JOPMUPOBAHUS
MIPOTHO3HBIX KaJIpOB Ha OCHOBE OMOPHBIX KaJpOB WJIM APYTUX MPOTHO3HBIX KaapoB. Bupeomexonep,
OCYIECTBISIET 0OpaTHOE Mpeodpa3oBaHUe U CTIaXKHMBaHUE 3HAYEHHI BOCCTaHOBIICHHBIX MUKCENeH Ha
rpaHunax OJOKOB JJisi BRIYUCICHUS OIIMOKU MPOTHO3HPOBAHUS, IOCIEAYIOLIETO ee KOJUPOBaHUS U
nepenauu. OcHoBHble oTinuus KogekoB MPEG-4, H.264, H.265 3axmouaiorcss B HCIOJIB30BaHUU
pa3NIMYHBIX MpeoOpa3oBaHUK W AMana30HaX M3MEHEHHs pa3mepoB OJokoB. B Buneoxonexke MPEG-4
MIPUMEHSIETCS] TUCKPETHOe KOCHHYCHOE Mpeobpa3oBanue. Buneokonek H.264 ucnons3yer AUCKpeTHOE
BeliBieT-mpeoOpasoBanne. B Buieokonexke H.265 cymiecTBEHHO pacHIMpeH Ouana3oH HW3MEHEHUs
pa3mepoB OJIOKOB IpH OJIOYHOM KOMIIEHCAWH ABWKEHUs. [Ipu mIKcenbHO KOMIIEHCAlluK ABMYKCHUS,
npumensiemoit B MPEG-2, MPEG-4, H.264, H.265 nporHo3usiii kaap (GopMUpyeTcs B pe3yabTare
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CMEIIIEHUS] BCEX IMKCEJEH ONMOpHOro KajJpa Ha OJMHAKOBYIO BEJWYMHY [7]. DTO MO3BOJISET
KOMIIEHCHPOBAaTh IMOBOPOT, TAHTAX U CMEIICHUE.

JanHble mepenaloTCs MO PAAHONMHUM TaKeTaMH H Ui KaKIOro MakeTa BBIYUCIETCS
koHTponbHas cymma CRC. B 30Hax MOKpBITHS COTOBOM CBS3BIO HCHOJIB3YyeTCs MOOMIbHASA ceTh. Eciu
HEeT YCTOWYHMBOrO IMOKPHITHS MOOHMJIBHOM CBS3bIO, TO UCIIOJB3YIOTCS CIEUUABHBIE PAAHOCETH B TOM
yucie ¢ perpaHcrisitopamu Ha 6aze BIIJIA obecrneunBaromine HaJleXHYO nepenadyy HHpopManuu ¢
BEPOATHOCTBIO OMHUOKH Ha ypoBHe oT 1077 10 10, uro s FullHD kazmpa paBHO OJHOMY MUKCEINIO HA
kaap. Jns ciydas BOSHUKHOBEHHS OLTMOOK IPUMEHSETCS TIOMEX0YCTONYNBOE KOJUPOBAaHUE, KOTOPOMY
HeoOxoauMa MUHUMYM 30 % H30BITOYHOCTH 3a cHeT Jo0aBlieHHs CIyxeOHOH HH(pOpMauuu Hpu
koxupoBanuu [8]. IlomexoycToiunBOe KOAUPOBaHUE 0OECIEUNBAET BOCCTAHOBIICHHE IepeaaBaeMoi
nH(OpMaIHK MPU ee UCKHKEHUAX B KaHalle Tepenadd. Ecian cxaTue OpueHTUPOBAHO HAa YMEHBILICHHE
M30BITOYHOCTH IIepefaBaeMold HMH(pOpMAIMU, TO TOMEXOYCTOHYMBOE KOOUpPOBaHHE, HAa0OOpOT,
OCHOBAaHO Ha BHECCHHWHU B IepeAaBaeMyl0 HH()OPMAaLUI0 W30BITOYHOCTH, MO3BOJSIOIICH NpPUEMHON
CTOpOHE OOHAPY)KUTh W HCIPABUTh OIIMOKHW, BO3HUKAMOIIUE B KaHalle mepenadu. M30BITOYHOCTh B
nepenaBaeMyro HH(POPMALUIO, B IPOCTEHIIEM ClTydae, BHOCUTHCA 3a CUeT J0OaBIeHHUs TIPOBEPOYHBIX U
KOPPEKTUPYIOIINX CHUMBOJIOB, 3HAYECHUS KOTOPBIX BBIOMPAIOTCS B COOTBETCTBHH C AJTOPUTMOM
MIOMEXO0YCTOHYMBOIO KOIMpOBaHUSA. B Oonee cIOXHOM ciydae OCYIIECTBIIsiETCs NpeoOpa3oBaHHE
nepenaBaeMoil HHpoOpMauK. Pa3nnuHble METOIBI MOMEX0YCTOWYHNBOTO KOTUPOBAHUS 00ECIICUHBAIOT
Pa3IUYHYI0 KOPPEKTUPYIOIIYI0O CHOCOOHOCTh M PAa3IMuHyl0 HU3OBITOYHOCTh. B ofmem ciydae,
M30BITOYHOCTh YBEIMYHMBACTCS MPOMOPLHOHATIBHO YBEIMYEHUIO KOPPEKTHPYIOLIEH CIOCOOHOCTH.
[losTOoMy, TpHU MCIONB30BAaHUH IMOMEXOYCTOWYHMBOTO KOAMPOBAaHMSA HEOOXOOUMO IPENycMOTPETh
COOTBETCTBYIOIIIeE yBennueHue Koddduiuenta cxatus npu 3QpPeKTHBHOM KOAMPOBAHUHU IS TOTO,
9TOOBl  COXpPaHUTh TpeOyeMyl0 TIPOMYCKHYIO CIOCOOHOCTh KaHana nmepemaun. Llupoxoe
pacmpocTpaHeHne Uil OMEXOYCTOHYMBOrO KOIUPOBaHUS MONyduiu Koxsl Puma-Comomona (s
00pBOBI ¢ OIIMOKAaMH BHYTPH MOAYJIEH ), TaONMnaHbIe HU3KOTIOTHBIE KoIb1 (LDPC-Komb1, MO3BOMIAIONIE
YCKOpUTH JekoaupoBanue), BUX-koap! (a7 60pbOBI CO CIydaiiHBIMU OIIMOKaMHU) U UX MOAU(DUKALIIH
[9]. J[amee mnpuBeneHBl NPUMEPHI TEXHONOTHI, OOCCICUMBAIOIIMX Iepeaady BHJICONAaTOKa
HEOOXOMMOro KauecTna, Tak Jjis TexHonorun Wi-Fi, Hanpumep, ckopoctu niepegauu ot 1 'out/c mo
54 Mout/c npu pagmyce 30HBI yBepeHHoro mpuema 300 M Ha OTKpbITOH MecTHoct: [10] s
texHonornu WiMAX ckopocth nepenauu 75 MOuUT/c npu paanyce 30HbI YBEPEHHOTO mpreMa 25 KM
[10], a B MOOMIBHOHM Bepcuu co ckopocThio 40 MOWT/C MU MEHBIIUM PaaAWyCOM 30HBI YBEPEHHOTO
npuema 5 kM. Ilpu ucnosnezoBanmn cetn MmoounbHO# cBsizu 4G(LTE) moxno nepenasare Full HD
BUJICOIOTOK C 3aJIePXKKOH, ecii mepeaada uuer no ceru 5SG mepemada uner 6e3 mays, HO ceThb 5G
MaccoBo pa3pepHyTa Toibko B Kurae, CIIIA, FOxHoi Kopee, OAD u 80 crpanax Asumu, AMEpUKH U
EBpombr. IlepBblii BapuaHT HCIONB30BaHUS C pa3BEpPTHIBAHMEM IOJCHCTEMbI CerMEeHTallld
M300paxeHui TONOBBI U BoccTaHoBNeHus: 3D monenu rososel B 11O/ u TpaHCasMu KaueCTBEHHOTO
BUIEONATOKA MPAKTHYECKH peaim3yeM ¢ OoJbIeii BEpOsSTHOCTHIO.

Bropoli BapuaHT pa3BepTHIBaHHS IOJICHCTEMBl CETMEHTAIIMA W PACMO3HABaHMS JIHI[ BO
BCTPOCHHOM WHcHonHeHMH Ha 0Oasze Raspberry Pi 5 wucnonms3yroumii — crenuain3upoBaHHbIE
o0JeryeHHbIe(KBAaHTOBAaHHBIE) HEMPOHHBIE CETH Ui JIeTeKTHpoBaHMs (HeipoHHas cetb YOLOv8n
KBaHTOBaHHas1) u wuaeHTu(ukanuu (FaceNet kBaHTOBaHHas) cooTBercTBeHHO [11]. B maHHOM
WCIOJNIHEHUH BHJEONOTOK oOpabaTbiBaeTcsi Ha OOpPTY JpOHA, YTO MO3BOJISET MPUHUMATH PELICHUS B
peanbHOM BpEMEHH JaKe B YCIOBUSX OTPAaHHMYEHHOW CBSI3U, COOTBETCTBEHHO HE TpeOyeTcs BBICOKas
MPOMYCKHAsi CIOCOOHOCTh CeTH Iepeladyd IaHHBIX. BhImojHseMble BBIYMCICHUS HE JOJDKHBI OBITH
TpeOOoBaTENBHBI K pecypcaM U aJalTUPOBAHBI JJIA 3aIlyCKa Ha BCTPOEHBIX BBIYMUCIUTENSIX, YTO JIeJIaeT
JAHHBIA BAPHAHT KU3HECIIOCOOHBIM I MOOMIIBHOTO HCIIOJIb30BaHUs, HO C OTPAHUYEHHBIM Ka4eCTBOM
pacro3HaBaHUsl, U COOTBETCTBEHHO TaKMMH K€ OIpaHMYEHHMSAMH IO MPUMEHEHHWIo cueHapueB 3D
MOJIEITUPOBAHUS TOJIOBBI YeNIOBEKA U HISHTU(PUKALIMY B peaJbHOM BpeMeHH. B Toxke BpeMst HeHpOHHBIE
cetn cemeiictea YOLO B mocienHee BpeMmsl NPUOOpeNd MOMYJISAPHOCTh CPeAd pa3pabOTUUKOB H
JOMUHHUPYIOT B PELICHUSX M JETEKTUPOBAHMUS: YIYYIIMIOCH BbIIENEHHE NPU3HAKOB U
pasHoMacmTabHOe OOHApY)KEHHe, MOSBUIACh BO3MOKHOCTh IPUMEHEHHsI B aBTOHOMHOM BOXKIICHHH,
HaOmromeHnH W B pobororexnuke [12] UToObl pemmTh 3amady WASHTH(UKAUH HCIOJIB3YIOTCS
HEHpPOHHBIE CETH C HU3KOM BBIYMCIUTEIBHOM CIOKHOCTHIO, KOMIAKTHOE XpAaHWJIHIIE NAHHBIX, W
BBICOKYIO TOYHOCTh pacno3HaBaHus Jull [13] mis u300pakeHHid ¢ M3MEHSIOMNUMCS Ka4eCTBOM MpHU
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HeOJaronpusATHBIX TOTOAHBIX YyCIOBHAX. B cratbe [14] omucaHel MyIbTHMOJAIBHBIE CHCTEMBI,
HCIIOJIB3YIOIINE HECKOJBKO KAHAJIOB JUIS BXOJHBIX JTAaHHBIX Pa3IMIHON IPUPOIBI.

AnmapaTHo-TiporpaMMHasi  0a3za JAJsl  BTOPOrO BapuaHTa Pa3BEPTHIBAHUS  IOJICHUCTEMBI
CerMeHTally. AMapaTHas OCHOBA CHCTEMBI ¢ 00paOOTKOM BHAEO HEMOCPEACTBEHHO Ha BCTPOSHHOM
cucreme apoHa: Raspberry Pi 5 s BblmonHeHHs BBIYMCICHUI, KaMepa - UCTOYHUK BUIEOMOTOKA.
OcHOBa MpOrpaMMHON 4YacTH: KBaHTOBaHHas UIA 3amycka Ha Raspberry Pi 5 HeliponHas cerb
YOLOV8n, npeasapurensHo o0yueHHas Ha Habope ganHbpIXx COCO ny1s1 oOHapyKeHus JULa YeTOBeKa,
W TaKke KBaHToBaHHas Heifpoceth DeepFace (FaceNet) mms pacrosHaBaHus JWIa U MOMCKa B 0ase
JAHHBIX CYIIECTBYIOIIUX (DOTO € HMCIOJIB30BaHMEM METPUKH KOCHHYCHOro mojo0ms. Kak MoxHO
3aMETUTh B IIPENJIOKEHHOM BapHAaHTE pa3BEPTHIBAHUS AKTYaJbHBIMU I8 IPAKTHYECKOrO
WCIIONB30BAHUS SBISIIOTCS T€ METOAbl M alTOPUTMBI JETEeKIMH W MASHTU(HUKAIMU JIMIa YeOBeKa,
KOTOpBIE HEe TPEOYIOT OOJBIINX BHIYMCIUTENbHBIX MOIIIHOCTEH.

CTpykKTypa cHCTeMbI BH/I€0aHAJIUTUKHA

CTpyKTypa CUCTEMBI BHIICOAHAIUTUKUA B KOTOPOWH MOTYT OBITh MCIIONB30BAaHBI MpenjiaracMble
AJITOPUTMBI CErMEHTAIMX TOJIOBHI YeIoBeKa OT (hoHa I mocneayromei pekoHcTpykiun 3D Monenu
r'OJIOBBI YEJIOBEKa B pealbHOM BPEMEHHU U pa3BepThiBaHus BhrancieHuil B LIO/] mpencrasieHa Ha puc.2,
Tak Kak 3D MozenrpoBaHue U IOMCK HY>KHOTO paKypca JUisl ModydeHus GOTO BEIYUCIUTENBHO CIIOKHBIE
3aJlauM.
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Puc. 2. Apxurekrypa cucTeMbl BUICOAHAIUTUKY TIpY TIepejaye BUICONoToKa 00 00bEeKTax HHTEpeca ¢ JpoHa B
LEHTp 00pabOTKU JaHHBIX

Brok monydeHus BuIeo TMpeqHAa3HAYEH IS TONYYCHHUsS IOCIEeNOBATEILHOCTH KaJpOB
BUAEOM300pakeHH. VMICTOYHHKOM H300paKeHHsT MOXKET CIyKuTb JIt00OH CTaHmapTHBIA HCTOYHUK
Buzpeonoroka (windows video device); Buneodaiin B popmare AVI; rpaduueckuii ¢aiin B popmarax
PNG, JPG, BMP; TekcroBblii (haiin, coaepxaiuii Ciucok (GaityioB u300paKeHui.

Brnox mnpensaputenbHOil 00paOOTKM W CTa0WIM3alMM W300paKEeHWs MpelHa3HayeH I
yAy4IIEeHHsT KauyecTBa MOCTYMAIOMIUX H300pakeHHil. B ocHoBe maHHOro OJ0OKa J&KaT alrOPUTMBI
MeIWaHHON (QUIbTpauuyu AN ycTpaHeHus mryma. HeoOXoamMo ycTpaHEHHS BO3MOXKHOT'O IPOXKaHHS
M300paKeHUs] BCIENCTBHE BHOpAllMii Kamephl C MOMOILIbI0 MYyAbTHMAcCIITa0HOro aHanusza. biok
JETeKLUH JIUI ¥ TOoceyoneld cerMeHTaind oT (oHa (BBIIEICHUS OKOHTYPEHHBIX OOBEKTOB) Ha
HU300paKEeHNH.

Brok TpekuHra mHI, BBIYMCICHHE ONTHYECKOT'O0 MOTOKA NpeIHA3HAYeH IS BBIYMCICHUS
objacTell Ha M300paKEHHWH, TJe MPUCYTCTBYET BHU3YaJIbHOE JABMKEHHWE, BBIUMCISAETCS yCpeOHEHHas
cyMMa BEKTOPOB IIOTOKa IO Bcedl o00JlacTH HHTepeca, KOTopas XapakTepu3yeT Trio0ajabHOe
nepeMeleHre naTTepHa.

Brok xanmuOpoBKH KaMep CHCTeMbI IpeAHa3HAueH AJIs BRIYUCTeHUS () yHIaMEeHTaIbHON MaTpHILIbI
npeo0pa3oBaHUs B COOTBETCTBUM C SIMIONSAPHONW Treomerpueid. B kadecTBe HCXOIHBIX JaHHBIX
HCIONB3YIOTCS TOYKH, YKa3aHHBIE MOJb30BaTeNleM BpY4HYI0. BbuucieHHas kaauOpoBKa COXpaHseTcs
B (aiisie 1 MOXeT OBITh MHOTOKPATHO HCIIOJIb30BaHA, HO TOJILKO B TOM CiIydae, ecii He M3MEHUIOCh
B3aMMHOE pacnoyioxkeHne kamep. KannbpoBka paccunThIBaeTcs AJsl KaX 101 KaMephl B CHCTEME.
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Brok crepeoconocraBienus GopMUpyeT Ha BBIXOJE cTepeonula U ux 3D MoJenu 1 BBIONHSIET
UACHTU(UKALUIO JIUI HEMOCPEIACTBEHHO Mo uX ux 3D mopensaM, nubo ompenemnser OnTUMaibHbIH
paxkypc mpeaHa3HaueHbIH i1 BBIOOpa HanOosiee KaueCTBEHHOTO W300PaKEHHUS JIMIA ¢ TOYKH 3pEHHS
uaenTudukanun. s 3Toro aHaMM3HPYIOTCS TOKAa3aTeNd KauecTBa JIMI KaKk B MHOTOPaKypCHOM
JIOMEHE (CTepeoIMII0), TAK U BO BpEMEHHOM JIOMeHe (MCTOpUS HaOIIOACHUS 3a JIMLIOM ).

MeTtoabl cerMeHTALlMHU JIUIA YeT0BeKa

Meropl, IpUMEHSIEMbIE TS PELIeHHUs 3a0a4 CETMEHTALNH, KIACCU(PUKAIIMN 1 WACHTH(DUKAII.
CerMeHTanys JMIa YeinoBeka OT (POHa MOXKET HCIIONb30BATHCA B PA3ITUYHBIX IPHIIOKEHUAX: HAPUMED,
BoccTaHoBieHUs 3D Momenu romoBbl W smna [15], uaeHTH(UKAIIMA HAa OCHOBE HWCIOJIb30BaHMS
¢ororpaduit mocrpoerHoi 3D Mozeny IuIa U TOJIOBHI C OAHOW CTOPOHBI U (oTorpaduil OT CHCTEMBI
BUACOHAONIOACHUS, YTO W TpemaracTcsi WUCIONb30BaTb B OKCIEPUMEHTAIFHOW CHCTEMe
BUICOAHAJIMTUKH, apXUTEKTypa KOTOPOH OMMCAaHA HIDKE M TMPENCTaBIsIeT KOHBeiep oOpadOTYMKOB
JIAHHBIX.

Meronsl OOHapyXeHUs W300paKCHUs] TOJNIOBBI HA CTATUUECKUX KaJpax, MONY4eHHBIX U3
BUICOIOTOKA, MOXKHO Pa3JIeNUTh Ha CIEAYIOIIe:

OMIMUpHYECKHe METO/Ibl, OCHOBAaHHbIE Ha 3HAHUSIX O BHEIIHEM BHUJE TOJOBBL. B Takux meromax
HCIONB3YyeTcsl HaOOp MPaBWII, BHIIOJHEHNE KOTOPBIX MOXKET PUBECTH K PELISHUIO paccMaTprBaeMoi
3agayu. [IpumepaMu Takux HpaBUI MOTYT OBITH UL cioydas (POHTAIHLHOTO M300pa)KEHUS! TOJIOBHI,
CIEYIOIINe: JIUIIO UMEeT CUMMETPHUYHYI0 (GOpMY, LIEHTpaJlbHasl 4acTh JIMIAa UMEET MPaKTHIECKU He
U3MEHSIOIylocs TekcTypy. Kak mpaBuiio, OHM 3aKIIOYalOTCd B YCTAHOBJICHMH TPOCTHIX
3aKOHOMEPHOCTEH, HampuMep, Wi (POHTAIHLHOrO M300paKeHUs! TOJOBBI: JIMIIO YelOBeKa OOBIYHO
CUMMETPHUYHO, IJ1a3a, HOC U POT, KaK MPaBUJIO OTJIMYAIOTCS MO SIPKOCTH U T.I. B kadecTBe mpuMepoB
MOKHO Ha3BaTh UEPAPXUUECKHUE U IPOEKIIMOHHBIE METOABI [15].

[IpuzHakoBble METOABI OCHOBAaHBl Ha TIOMCKE OTJIMYHUTENBHBIX OCOOEHHOCTEH JHuIa Ha
HM300pKEHUH U CONIOCTABICHUN HAallICHHBIX MPU3HAKOB JUISI BOCCTAHOBJICHHS MO3HIIUH JIULA B LIETIOM.
B kadecTBe OTIIMUMTENHHBIX MPU3HAKOB MOT'YT PACCMAaTPHUBATHCA KOHTYPBI JIMLA TEKCTYPHI, IIBET KOXH,
¢dopma.

Mertoasl MOJETUPOBAHUS MPEATNOIAraloT UCIONb30BaHNE HEKOTOPOH MOIENH JIUIA, KOTOpOe
COTIOCTAaBISICTCA C MPEACTABICHHBIM H300pakKeHHeM. MoIenn MOryT COCTOSTh W3 KOHTYPOB,
XapaKTepHBIX TOYeK. B murepaType BCTpEYalOTCS MOAXOABI C JKECTKUMH U Ae(opMupyeMbIMU
MOJIEIISIMH.

Merto/pl BHEITHET'O BHJIa OMMMPAIOTCS HA HHCTPYMEHTapHid pacrio3HaBaHus 00pa3oB. [Ipu aTom
KJIacCU(UKATOp HACTpauWBaeTcs Ha pEIIeHHe IBYX KIACCOBOM 3amauyd pacio3HaBaHus. OOmee y
METO/I0B, OCHOBAHHBIX HA BHELTHEM BHUJIE JIUIA, COCTOUT B aJTOPUTME IMOIY4EHHUS TECTOBBIX O0nacTeit
Ha m300pakeHnH. Tak Kak M300pakeHHe JIMIa MOXKET HaXOJUThCS B JIIOOOM MecTe Kajpa U UMETh
mo00il pa3Mep, TO Uil PacCMOTPEHHs] BCEX BO3MOXKHBIX BapHAaHTOB HEOOXOMUMO mepedparh Bce
o0JacT Ha U300paKEHUH MPH BCeX MOAXOASIINX MaciiTabax.

Kaxnas Takas oOmacTb paccMaTpuBaeTcs KakK TECTOBBIM 00pa3 M TOHaeTcs Ha BXOJX
Knaccudukaropa. B xauectBe MeTO0B KIacCU(PHUKALMK MOT'YT UCIIONB30BATHCS: (PAKTOPHBIN aHATIH3
(FA — Factor Analysis); muHelinbiii muckpuMuHaHTHBIA ananu3 (LDA — Linear Discriminant Analysis);
ckpbiThie MapkoBckue mojenu (HMM - Hidden Markov Models); akTuBHBIE MOJIETT BHEIIIHETO BHUIA
(AAM — Active Appearance Models); meron omopHbIX BekTopoB (SVM — Support Vector Machines);
paspexeHHas ceTb mpocerBaromux 1eMeHToB (SNoW - Sparse Network of Winnows); codcTBeHHbIE
mina (Eigenfaces); uckyccrBennole Heliponneie ceTw (NN — Neural Networks). Kpome Toro,
HeHpoceTeBble METOIBl MOTYT MCIIOJIB30BATHCS ISl OMPEICTCHUS] OpUEHTAMN N300paKeHus JuLa, a
TaKXKe JJIs KacKaJupoBaHUsl cnadbIX Kiaccudukaropos [16].

[locnennue nBa MeToAa PacCMaTPUBAIOTCA CErOMHS Kak JIy4IIde C TOYKH 3PEHHs] BBICOKOTO
MIPOIIEHTa BEPHOT0 OOHAPYXKEHHUS JIUI U HU3KOrO MPOIEHTA JOKHBIX AeTekunil. Heipocetn naBHO ¢
YCIIEXOM MPUMEHSIOTCS 71 PELICHHUS MOMCKA JIOKAIbHBIX SKCTPEMYMOB SIBIsIeTCsl 0a30BOM omeparieit
JUTSE MHOYKECTBA 3a/1a4 00pabOoTKH 300D XK CHHUIA.

HeiipocereBbie MeTO/IBI TO3BOJISIOT JOOUTHCS BBICOKOTO MPOLIEHTa BEPHOTO O0OHAP Y)KEHUS JIHIL U
HU3KOTO MPOILEHTa JIOXKHBIX JAeTekiui. HelipoceTn naBHO ¢ ycnexoM IMPUMEHSIOTCS Ui peleHUs
MHOTHX 3aJa4 B 00JIaCTH MAIIMHHOTO 3peHus. HemocraTkoM HEWpOCETEeBBIX METOAOB ABISIETCS HX
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BBIYUCITUTEIbHAS CIIOKHOCTh. OHM HE IPUMEHUMBI B YHCTOM BHJIE AJISI pEIIeHHs 3a7a4 AeTSKIIHH JTHIT
B peasibHOM BpeMeHH. [Jis1 penienus 3Toil mpoOeMbl MpeIpuHIMAIOTCS pa3amdHble mard. Hanpumep,
B [16] mms obecrieueHust paboTHl IeTeKTOpa JMI] Ha 0a3e CBePTOYHOW HEWPOHHOH CEeTH B pealbHOM
BPEMEHHU UCIOJb3YeTCs CHeNMaIM3UpOBaHHBIN HEHPOCETEBOU IpoIIECCop.

AJITOPUTM cerMeHTAIlUHN W300paKeHU il TO10BbI YeJI0BeKa OT (poHA

AnroputMmbl yhaneHus ¢GoHa Ha HM300paKEHHAX TOJOBBI YEJOBEKa HCIHOJB3YIOT TaKue
ApXUTEKTYpPHI TITYOOKUX CBEPTOYHBIX HEHpOHHBIX cerel, kak U-Net, DeepLab-V3+ u Mask R-CNN,
KOTOpBIE MMOKA3bIBAIOT BEICOKOE KAYECTBO CETMEHTALINH, a [l pabOThl Ha MOOUIIBHBIX YCTPOMCTBAaX U
B pPEAbHOM BpEMEHU MpPEIIOKEHbl ONTUMH3HpoBaHHbIE apxuTekTypbl: LiteUNet, MODNet u
PortraitNet. Ouu coderalor B ceOe MpUEeMIIEMOE KaueCTBO CETMEHTAllMd M BBICOKYIO CKOPOCTh
00pabOTKH, 4TO [IeNaeT UX MOAXOAAIINMH [Tl BHEIPEHUS B MOOMIIbHBIE TOTPEOHUTENIBLCKUE YCTPOHCTBA.
OzHuM u3 HaubOolee TMEPCHEKTHBHBIX HANpaBlIEHHH sBIseTcs HcHojb3oBaHue Transformer-
apXUTeKTyp, Takux Kak Segmenter, Trans-UNet, Swin-Unet, koropsie ocoOeHHO 3((DEeKTUBHBI B
obpabotke uapopmammu [17-23]. B xone peamu3anuu mpoekTa pa3padoTaHbl U 3KCIIEPUMEHTAIBEHO
HCCIIEIOBAHBI ANTOPUTMBI CETMEHTAIMK NPU MOMOIIN HelipocereBbix apxutekryp UNet, PortraitNet,
Segmenter, SAM. Mogaenu U-Net, PortraitNet, Segmenter, SAM Opii 00y4eHbl Ha HA0OpE AHHBIX,
MIPEACTaBIEHHOM HCXOJHBIMHU U300paKEHUSAMHU TOJIOBBI YEIOBEKa B Pa3HbIX paKypcax U 3TaJOHHBIMU
MackamMu cermeHranuu. Mogenb SAM  wucnonk3oBanack 0e3 JA000y4YeHHsS] C TPEABAPUTEIBHO
pPacCTaHOBKOW ONOPHBIX TOYEK JJisI CerMEeHTalMu. Pe3ynbTaTbl TECTUPOBAHMS IOKa3alH, YTO
HAWIy4IIyl0 TOYHOCTh JeMOHCTpupyer mozpenb Segmenter (loU = 0,9739, Dice(FI) = 0,9867,
Accuracy = 0,9973), Tabun 1.

[Ipu Berumcnenusx merpuk touHocTH loU (Intersection over Union) wmm Jaccard Index —
OTHOIIIEHUE TepecedeHus (MpeACcKa3aHHOW W MCTHHHOW Macok) K UX OOBEOMHEHHWIO W Accuracy
(TOYHOCTB) — [TOJISl MPABHIIBHO KIaccUPpULIMPOBaHHBIX THKcenel 1 Dice koaddunuenta (F1 merpuka)
npuHATH crnenyromue odbozHauenus: TP (True Positive) - mukceny, MpaBUIbHO MpecKa3aHHbIE KakK
o0wekt; TN (True Negative) — mukcenu, npaBUiIbHO npenckasannsie Kak ¢oH; FP (False Positive) —
MTUKCEIH, OLIMOOYHO MpeCKa3aHHbIe KaKk 00BEKT (JIOXKHBIE CpabaThIBAHUSA).

Dice xo3¢p¢unnent Beruncinsercs no Gopmysne (1), loU u Accuracy o popmynam (2, 3)

2TP

Dice = ———— (D
2TP + FP + FN,
TP
Us———— 2
TP + FP + FN,
TP + TN
Accuracy = * 3)

TP +TN + FP + FN.

[IpuBenem onucanue anropuTMa Juis HEHpoceTeBOM apXUTEKTypsl Segmenter.

1. Pazbuenne nzo0paxxeHus Ha maT4uu. BxomHoe m3o0paxxeHne pazouBaeTcs Ha PUKCUPOBAHHBIC
OnokH (TmaTuM) OJMHAKOBOTO pa3Mepa, Hanmpumep, 16x16 nukceneld. Kaxxaplii naty nmpeobpasyercs B
BEKTOP MPHU3HAKOB C TOMOIIBIO TMHEHHOTO CIIOSL.

2. JlobGaBieHre MO3UIIUOHHBIX dMOeqaAnHroB. KaxioMy Bu3yaJbHOMY TOKEHY (BEKTOpY MaT4a)
N00aBIsIeTCs O3UIUOHHBIN SMOEIMHT, KOTOPHIA YKa3bIBaeT HAa €0 MECTOINOJIOKEHHE B UCXOJHOM
HU300paKEHUH. DTO TIO3BOJIIET MOJIENN YUUTHIBATh MPOCTPAHCTBEHHYIO CTPYKTYPY U300pakeHUsL.

3. O6paborka uepe3 Transformer-encoder. [TocnenoBarenbHOCTh TOKEHOB HoAaeTcs B Transfor-
mer-encoder, Tie Ka)Iblii TOKEH B3aUMOIECHCTBYET CO BCEMH OCTAJILHBIMU Yepe3 MEeXaHH3M BHUMAHUS
(self-attention). Ha sTom sTame Mopenb BbIIENsAET TI00ajbHbIE MPU3HAKKA W yCTAHABIMBACT CBS3H
MKy pa3IMIHBIMU YaCTsIMUA U300pasKEHHUsL.

4. NMannmanu3anus MacoYHbIX TOKeHOB. Decoder ucnomp3yeT HaOOp 00ydaeMbIX MaCOYHBIX TO-
keHoB (learnable mask tokens), kaxIblii U3 KOTOPBIX OTBeYaeT 3a (POPMHUPOBAHUE OMNPECIEHHOM
CEMaHTHYECKON MacKu (HapuMep, IS KaKA0To Kilacca 00beKTa).
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5. BoccraHoBieHre Macok yepe3 Kpocc-BHHMaHUe. MacouyHble TOKEHbI B3aUMOJAEHCTBYIOT C
3aKOIMPOBAHHBIMU MpU3HAKaMH M3 encoder’a yepe3 Kpocc-BHHMaHME, 4TO Mo3Boisier decoder’y
(hopMHPOBaTh JeTaIU3UPOBAHHBIE MACKH, COOTBETCTBYIOIINE PEabHON CTPYKTYPE H300paskeHUsL.

6. l'enepanus puHambHOHN KapThl cerMenTalmu. Ha Beixone decoder’a monydaercst Habop Macok,
Ka)J1asi U3 KOTOPBIX COOTBETCTBYET OMpEeN€HHOMY O0BEKTY WM KJlacCy. DT Macku 00bEeTUHSAIOTCS
B ()MHAJIBHYIO KapTy CErMEHTAllMH, COBIAIAIONIYIO IT0 pa3MepaM ¢ HCXOJHBIM H300pakeHHEM.

Ta6xn. 1. Pe3yabTaT TecTUPOBAHHSA Mo/ieJieii HelipOHHBIX ceTeil cerMeHTalHH

Apxutekrypa IoU 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
3aki04eHue

Jlokan MOCBSAIIEH PAacCMOTPEHHIO BO3MOXKHBIX BapHMaHTOB HCIOJb30BaHMs(Pa3BEPTHIBAHU)
MOJICUCTEMbI CETMEHTAIIMM M300paKEHUsT TOJIOBBI 4YeliBeka OT ¢oHa Ha ¢ororpadusx u BeIOOpY
MePCIEKTUBHBIX alTOPUTMOB AJIsI IPOrPaMMHO# peanu3aimu B noacucreme. Onucad pa3paboTaHHBIH
QJITOPUTM TIOATOTOBKH JAHHBIX U3 BUCONOTOKA (yaaneHus poHa Ha n300paKeHUIX TOJIOBHI YEIOBEKa),
SIBISIFOLIUICS. Ba)KHOM 4acThlO peEIIeHUs 3afjaud pPEeKOHCTPYKUuU 3D Monenu rojioBbl yejoBeKa IO
BUEOMOTOKY, BBHIOIHEHO OSKCIEPUMEHTAIbHOE HCCIEeJOBaHHE alrOPUTMOB yrnajeHus QoHa.
BrInonHeH aHaIM3 CyIIECTBYIOMIUX MOAXOJAO0B K CEMaHTHYECKON CETMEHTAIMK M300paKEeHH TOJIOBBI
yenoBeka Ha ¢ororpadusx mis nocuenyromeid 3D peKOHCTPYKIMH MOIENH TOJIOBBI YellOBEKa.
YcraHoBNeHO, 4TO A yclnoBUH MoOwnbHOW cheMku ¢ Oopra BITJIA Hambonee mepcrneKTHBHBIM
SIBIISIETCS M3BJICUCHHUE KITFOUEBBIX KaJpOB, UX MAacIITAOMPOBAaHHUE C COXPAaHEHUEM MPOMOPLHUIA U OLIEHKA
PE3KOCTH ¢ HCIONb30BaHUEM orepaTopa Jlamaca, 9to mo3BossieT 3PpQPEeKTUBHO OTOMPATh Kaapbl I
JanpHelIeld cerMeHTanmu. g pemieHus 3amavud  ynaneHus ¢oHa (OMHApHOW CErMeHTAallWH)
MIPOTECTUPOBAHBl COBPEMEHHbIE apXUTEKTyphl HelipoHHbIX ceTeil: U-Net, PortraitNet, Segmenter,
SAM. Mogemun U-Net, PortraitNet u Segmenter, koTopbie Oblm 0Oy4eHbI HA HaOOpax MaHHBIX,
MIPEACTaBIEHHBIX MCXOAHBIMUA M300paKEHUsI TOJOBBI YENOBEKa B PAa3HBIX paKypcax U 3TATOHHBIMHU
MackamMu cermeHtanuu. Mogens SAM wucnonb3oBasiach 0e3 J000Yy4YeHUs C IpeIBapHUTEIBHOMN
pacCTaHOBKOW ONOPHBIX TOYEK JJsi CerMeHTalMu. Pe3ynbTaTbl TECTUPOBAHMS MOKa3alH, YTO
HaWIy4Ilyl0 TOYHOCTh JEMOHCTpPUPYET MOAedb Segmenter, a BapuUaHT WCIONb30BaHUSA WIH
pa3BepTHIBAaHMS MMOJCUCTEMBI CETMEHTAIIUN C MPAKTUUECKON TOYKH 3pEHHsI Hanboee MepCrleKTUBEH C
WCIOJIb30BAHUEM 3HAYUTENbHBIX BEIYUCIUTEIBHBIX MOIIHOCTEN IIeHTpa 00paboTKH JaHHBIX.

Pabota BeimonHeHa B pamkax gorosopa ¢ BPODU ®25TYPI-001 ot 05 mapra 2025 r., Tema
"IIpunoxxenne s reHepanuu KoMnbloTepHOH 3D Mojenu rojioBbl YEJIOBEKA U €€ CpaBHEHHE C
H300paKEHUSAMH, TIOTY4EHHBIMH C KaMephI'.

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'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIIK 004.65:61

MHOTOYPOBHEBASI APXUTEKTYPA BJIOKYEIHA 1151 XPAHEHUS
MEJULAHCKAX JAHHBIX

B.A. BUIIIHAKOB, M.O. KALIKO

benopyccxuii eocyoapcmeennbiii yHugepcumem uH@opmamuxy u paouosnekmponuxu, Pecnybnuxa Benapyce

Tocmynuna 6 peoaxyutro 6 anpens 2026

AnHoTanus. IIpoananu3upoBaHbl MEXAyHApOAHBIE Pa3pabOTKU B 001acTU OIOKYEHH-CUCTEM IS
31paBooxpaHeHus. IIpeanosxeHa MHOIOYpOBHEBAs apXUTEKTypa IOACHCTEMBbl OJOKYEHH mis
XpaHEHUs] MEJIMIUHCKUX JaHHbIX, 00beJUHSIONas pacnpeeneHHoe xpanumuuie IPFS, rubpuanyo
610KueHH-UHPPACTPYKTYPY, CHCTEMY AaTpPUOYTHBHOIO YIPABIECHWS JOCTYIOM M KIMEHTCKUE
npunoxxenus. IIpencraBiieHa CTPYKTYpHas CX€Ma CUCTEMBI C ONUCAHUEM (DYHKIIMOHAJIBHBIX
Mmonyieil. Pazpaboran anroput™ paGoThl CUCTEMBI, BKIIOYAIOMIUI PErUCTpaluio MOIb30BaTeleH,
3arpy3KH JaHHbIX, IPEIOCTABICHHS JOCTYNA U BEpUGUKALUU TPaH3aKIUHI.

Kniouesvie cnosa: 6nokueiin, meaunuHckue ganuele, IPFS, apxuTekTypa, JeleHTpaau30BaHHOE
XpaHEHUE, CMapT-KOHTPAKThI, KOH(PUAECHIUAIBHOCTb, 0€30I1aCHOCTb JaHHbBIX.

BBenenue

Hudposas Tpancopmalus 3ApaBOOXpaHeHUs MIPHUBETA K IKCIIOHEHIIMAIBHOMY POCTY 00BHEMOB
MEIULMHCKUX JaHHBIX. DJEKTPOHHbIE MemuIMHCKue KapThl (OMK), naHHBIE AMArHOCTHUYECKOTO
000pyaOBaHMs, PE3YIbTAaThl JTAOOPATOPHBIX HCCIENOBaHUH, HMH(POPMAILUS C HOCUMBIX YCTPOICTB U
TENEeMEeIUIMHCKUX IIaThopM (HOPMHUPYIOT CIIOXKHBIE HH(GOpPMAIMOHHBIE MAcCHBBI, TpeOyrolue
HAJIOKHOTO XpaHEHUs M 3alUIIEHHOr0 oOMeHa. TpaaulMOHHBIE UEHTPAIM30BAHHBIE CHUCTEMBI
XpaHEeHUs] MEAMIMHCKUX JaHHBIX CTAJIKUBAIOTCA C psAAOM (YHIAMEHTaJbHBIX MpOOIeM: pHCKaMHU
yTe4eK W HECaHKIMOHWPOBAHHOI'O JOCTYIA, BBICOKMMH 3aTpaTaMH Ha obOecriedyeHne Oe30IacHOCTH,
CIIO)KHOCTBHIO MHTEPONEPadeIbHOCTH MEXAY Pa3JIMYHBIMA MEIUIMHCKAMH YUPEKICHUAMH, a TaKkKe
OTCYTCTBHEM Y IMAIMEHTOB KOHTPOJIS HaJl COOCTBEHHBIMU JaHHBIMH [1].

TexHosorusi OMOKYElH MpeasiaraeT NPUHLIUNINAIBHO WHOM MOAXOJA K OpTaHU3allMHd XpaHEHHs
MEIULHCKUX JaHHBIX. Ee KiToueBbie XapaKTePUCTUKH — ACLeHTpaIU3alis, HEU3MEHAEMOCTb 3aIMCeid,
Kpunrorpapuyeckas 3alura U Npo3payHOCTh TPaH3aKIMK, YTO JENA0T ee HWaealbHOW OCHOBOH s
CHUCTEM VIIPaBIIeHUS MEIUIMHCKOW uHpopmanuer [2]. OmHako mpsMoe XpaHEHHE MEIUIMHCKUX
3amuceli B Ookueiine (on-chain storage) cTajJKuBaeTcs ¢ OrpaHUYEHUAMU 10 00bEMY JaHHBIX, BBICOKON
CTOMMOCTBIO TPaH3aKUUI M MpoOJieMaMu MacIITaOUPyeMOCTH. DTO O0YCIOBIMBAET HEOOXOIUMOCTD
pa3paboTKu THOPUIHBIX APXUTEKTYp, COUCTAIONIMX OJIOKYCHH Ui 00EeCTieueHUsT HEU3MEHSIEMOCTH U
KOHTpONS JOCTyma ¢ pacnpeneneHHbiMu (aimoseimu cuctremamu (IPFS) nmis xpanenust camux
MeauIMHCKUX AaHHbiX [3]. llenmbro Hacrosimed paOOThI SBJISETCS Pa3padOTKa MHOTOYPOBHEBOM
APXUTEKTYphl TOJCHCTEMbl ONOKYEHH JJIsI XpaHEHUS MEAWLMHCKHUX JaHHBIX, OOBEIMHSIOIIEH
MepefoBble MEXKAYHAPOAHbIE IOAXOAbI M obOecneyuBamoliell OalaHC MEKIY O€30MaCHOCTHIO,
MacIITa0HPyEeMOCTBIO U yA0OCTBOM UCITOJIb30BAHUS I MAIMEHTOB U MEIUIIMHCKUX YUPEKICHNH.

MexayHaponHbie pa3padoTKu

[Mpoekr STORChain (IEEE Transactions on Services Computing, 2026) mpeacraBiisieT co0oi
ONTUMU3UPOBAHHYIO 110 XPAHEHUIO OJIOKUEHH-CTPYKTYPY, pPa3pad0TaHHYIO JIJIsi METUIIMHCKUX JIAHHBIX.
KimoueBoii unnoBaruedt siBnsiercs Clustered Merkle Patricia Tree (C-MPT)— kiacrepuzoBaHHOE
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nepeBo Mepkia-lIlaTpuiiny, KoTOpoe arperupyer TpaH3aKLUUH CXOXHUX THIOB Ui MaKCHMallbHOU
3 PEKTUBHOCTH XpaHEHUs] MPU COXPAaHEHHHM BO3MOXXHOCTH JoOKa3areibcTBa BkoueHus (Proof of
Inclusion) [4]. STORChain Bkmouaer: C-MPT cTpykTypy: 00beIUHEHHE TOX0KUX TUIIOB TPAaH3aKIIHH
B KJIACTEpPHI JIJIsl YMEHBILICHHUS HAKJIaIHBIX pacxonioB; Selective Transaction Pruning Strategy (STPS):
CTpaTerur0 BHIOOPOYHON OOpe3KH TpaH3aKIMU Al TPUOPUTH3AIMU M yAAJeHUS YCTapeBIIUX
HCTOPUYECKUX JaHHBIX JlenerupoBanHoe aokaszarenbcTBo jgonu (DPoS): anroputm koHceHCyca ¢
BEPOSTHOCTHBIM MEXaHU3MOM BBIOOPOB LISl TIOBBILICHHUS CIIPABEATUBOCTH U MHKIIFO3UBHOM Y3JI0B.

TpexypoBueBas apxurektypa TLSA (Wiley, 2025). Uccnenosarenu K. Maithili u S. Amutha
npeanoxumn Tri-Layered Sharding Architecture (TLSA) — nepapxudeckyro MoJeNnb, OpraHu3yIOIIYI0
CeTh B TPH IIAPAMHTOBBIX ypoBHs: Transaction Layer (ypoBens Tpansakuuii), Data Layer (ypoBeHb
naHHbIX) U Location Layer (ypoBens pacrnonoxxenus) [5].

Cucrema CareChain, ucrosns3ytomias aBa 010k4eiiHa (IyO MY HbIH AJIS MAIMEHTOB U MPUBATHBIN
JUIS MEAUIIUHCKUX PaOOTHHUKOB) B COYETaHUH C pacnpeaereHHbM xpanmmiieM [PFS [6]. KmtodeBsie
ocobennoctu CareChain: 1BOifHasi OJOKYEHH-CTPYKTYpa: pa3/eleHHe MAaHHBIX MalUeHTOB H
IpoBaifiepoB sl moBbIIeHUsT KoHpuneHnuansHocTH; IPFS pacnpeneneHHoe XpaHeHUe: CHIKEHHE
3aJIep>KKH TPaH3aKIMK U HakIaaHbIX pacxonoB Ha xpaHenue; ECDSA (Elliptic Curve Digital Signature
Algorithm): moanuce TpaH3akuuii 1 obecriedeHus MOUIMHHOCTH; YCTPOHCTBO-TIPOKCH: MOHUTOPHHT
HU3KOIIPOU3BOAUTENBHBIX [0T-yCcTpocTB /Uil BBIABICHUS YSI3BUMOCTEH. Pe3ynbTaThl TeCTUpOBAHMSA
MOKA3bIBAIOT MOBBIIIEHUE YCTONYMBOCTH CHCTEMBI MO CPaBHEHHIO C CYIIECTBYIOLUIMMH MOICIAMHU
3[PaBOOXPAHEHHS, a TAKXKe YIydllleHHe TPeOOBaHUN K XpaHUIIUILY, SHEProd(hHEeKTHBHOCTH, CKOPOCTH
TpaH3aKuH, KOHQUACHIINATBHOCTH M Oe30MacHOCTH [6].

Minima, Siemens, ARM: Onokueitn-Ha-kpucramwie (2025-2026), HampaBlieH Ha CO3JaHUE
MIEPBOTO B MUPE MPOMBILIIIEHHOTO MUKPOYHIIA, CIIOCOOHOTO BHITTOIHSATH MTOJHOLEHHBIN y3eI OJoKueiiHa
[7]. Pesymbratel mpoekrta: 100-kpaTHOe yckopeHue xemmpoBaHus 3a cuer SHA-3 ammapatHOro
YCKOPUTEIS; IMATHKPAaTHOE CHW)KCHHE WCIONb30BAHUS MaMATH mocie pedaxtopunra C++ Koxa;
Bo03MOKHOCTB pabOTHI YCTPOMCTBA KaK CAMOCTOSITEIIBHOTO TIOJIHOTO y3j1a 0e3 oOpalieHust K 00JauHoi
uHdpacrpykrype [7].

Wnpniickuii nactutyt texnonoruit (IIT Madras) paspaboran BlockTrack — 6nokueliH-cuctemy
JUIi MOOWIJIBHBIX TPUIIOKEHHH, KOTOpasi B HACTOAIIee BpeMs NPOXOAWT IOJIEBBIE HCIBITAHUS B
yHuBepcuterckoid OosnpHune [8]. Xapaxrepuctuku BlockTrack: nemenTpannzoBaHHbIA 00MeH
MEIWUMHCKUMH JaHHBIMH sl MOOWJIBHBIX TNPWIOKEHUH; YHUKaNbHbIE HICHTU(DUKAINOHHBIE
KOJIBI JUISl TIOJIb30BaTes el ¢ HU3KOHW BEPOATHOCTBIO TyOIMpOBAHNS.

[Ipoext Emtruth, monnepxannbiii HarmonansaeiM HaydHeiM ¢onmgom CHIA (NSF) Ha cymmy
moytd 1 MIH [0JUlapoB, pa3pabareiBaeT TUIATGOPMY A MHTErPallMd METUIMHCKUX JTaHHBIX C
WCIONB30BaHUEM OJIOKUeiiHa M HUCKYCCTBEHHOro wuHTeliekta [2]. KiodeBble IienM mpoekTa:
0e30macHoe XpaHeHHe JaHHBIX 0000 THUIA U3 JIOOBIX HCTOYHUKOB B HEM3MEHAEMBIX OJOKYEHHAX;
COXpaHEHHE KOHTPOJS JAaHHBIX 3a BIAIENbIIEM C BO3MOXKHOCTBHIO 0€30MacHOro MpeaoCTaBICHHs
Joctyna;  TpaHchopMamms W HOPMalu3alusl JaHHBIX B TPaHYISpHbIE  OJOKYEHHBI Ui
WHIIMBUYAJIBHOTO WM arperupOBaHHOI0 MOJICIUPOBaHHUSI.

B Vuusepcurere MUTMO mnpemyokeHa TPEXKOMIIOHEHTHAs apXWUTEKTypa, BKJOYAIOIIAs
ONOKYEWH [JI1 XpaHeHHs 3aIIU(pPOBAHHBIX MEIUIIMHCKUX 3aluceld, LeHTPaJU30BaHHBII cepBep I
CIpaBovYHON HMH(GOPMAIUU U KIMEHTCKOE MNpPUJIOKEHUe Jyisi yrpasieHus jocryrnom [3]. Ocoboe
BHUMaHHUe yaensercs ontuMusaiuu EVM-OnokueitHa depe3 aganTaluio ajaropurMa KOHCEHCyca,
CHIDKEHHE BpEMEHHU 0JI0Ka M YCTpaHeHHE TPaH3aKIMOHHBIX KOMHUCCHIA.

CTpyKTypa cuCTeMbI

Ha ocnoBe aHanm3a MeXIyHapOAHBIX pa3padOTOK pa3paboTaHa MHOT'OYPOBHEBAsl apXUTEKTYypa
MOJCUCTEMBbl OJOKYEeWH JNg XpaHeHHs MENWIHMHCKUX JaHHBIX, KOTOpas OOBemuHseT ITh
(YHKIMOHABHBIX MOIYJel, KaXIbli W3 KOTOPHIX pelaeT crenuduiyeckue 3aaaqd oOecredeHus
0e30MacHOCTH, MacIITAOUPYEMOCTH U IOCTYITHOCTH JaHHBIX. ApXUTEKTypa MpecTaBiieHa Ha puc. .

32



Patient App

EE

Access Control Layer

Doctor App

l

Admin App

Policy @

Certiicates

]
(=]
ABAC Audit Logs
% Management —~
Public Blockhain Private Blockhain
| Public | | | Private
Blockchain Biockhain
o0 o0

Patient ID Patient ID Patient ID ClD Hash

Data Smart

Smart Contracts

DPoS Consusnus

DPoS Consenus

PBFT Consueius

[PFS Layer

Decanclizad Replication

10T Wearable Devices

EHR Systems

Diagnostic Labs

Puc. 1. MHOroypoBHeBasi apxUTEKTypa M0JCUCTEMbI OJIOKYEHH

PaccMoTpuM X Ha3HaYEHHE KAXKAOTO YPOBHSI.

1. Ucrounuku nanubix (Data Sources Layer): MemUIIMHCKHE YUPEKJCHHS, TCHEPUPYIOIIHE
9JIEKTPOHHBIE MEIUIIMHCKUE 3alMCH U JUAarHOCTHYeCKUue m300pakeHust; loT-ycTpoiicTBa u HOCHMBIE
CEHCOpHBI, coOuparonre (U3HOIOTHUECKUE IOKa3aTelNd B pPeallbHOM BpPEMEHHU; AUArHOCTHYECKHE
nabopaTopuu, MPeAoCTaBIAIONINE PE3YIbTaThl AaHATTM30B U HCCIICAOBAHHH;

2. Pacnpenenennoe xpamwmmme IPFS (IPFS Layer): nenentpain3oBaHHOE XpaHHIIHILE,
azpecyeMoe IO COACPKUMOMY; XpaHEeHHe 3ami(pOBaHHBIX MEIMIUHCKHUX 3allkcel, pe3ylbTaToB
uccnenoBanuii U ganHbIX loT-ycTpoiicTB; renepanus yHukansHbeIX Content Identifiers ms ccpliiok Ha
JTAaHHBIE; KAIIUPOBAHUE U PEIUIMKALIMS JUIS TIOBBILICHUS TOCTYITHOCTH M CHIDKEHHS 3a/IepKeK [6].

3. Bnokueitn-undpactpykrypa (Blockchain Layer): rubpunHast apXxutekTypa, o0beIUHSIONIAs
MyOJNIMYHBIA ¥ TPUBATHBIA OJOKYeWHBbI [4]; MyOIM4YHBIA OJIOKYEHH: HISHTU(UKATOPHI MALMEHTOB,
cepTudUKATHl yUpeKICHUH, HHOOpMALIK O POYMUHTe; IPUBATHBIN Onokueiin: xemm 3amuceid (CID),
TPaH3aKIUHU T0CTYIIA, ayAUTOPCKHE KYPHAIBI, CMapT-KOHTPAKTHI; AITOPUTMBI KOHceHcyca: DPoS mns
Macmradupyemocts, PBFT mis npuBatHbIx cereid [4].

4. VYnpaenenue nocrynoMm (Access Control Layer): cucrema arpuOyTHBHOTO YIpaBiICHUS
nocryioM Ha ocHoBe CP-ABE u ABAC [7]; reHepaumsi M ymnpaBieHHE KpUOTOTrpadUYeCKUMH
KITFOUaMH; OTpeJieNIeHne MOJUTUK JOCTyNa Ha OCHOBE aTpUOYTOB MALIMEHTOB, Bpauel M yupeKIeHHH;
JKypHAJHPOBAaHKE BCEX OMEpaIMid 10CTyMa I ayauTa;

5. llpunoxenus (Application Layer): mammeHTCKOe MNPHIOKEHHE: MPOCMOTP 3ammceid,
yIpaBJieHUE JOCTYIOM, NPEIOCTaBICHHE COTJIACHiA; BpaueOHOE NPHUIIOKEHHE: JOCTYH K 3aIllucsIM
MAIMEeHTOB, N00aBlCHHE 3aKIIOYeHHH, Ha3HA4YeHHE JICYCHUS; AJIMHHUCTPATHBHOE TNPHUIIOKEHHE:
yIpaBJieHUE TOJIUTUKAMH, ayIHUT, PETHCTPALIUS YIPEKACHHUM.
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Onucanue monynei

[udpoBaHus U 3aIUTH JaHHBIX O0O0ECTIEUHMBACT KPUNTOrpaQUUECKyIO 3alUTy MEAUIMHCKUX
JAHHBIX Ha BcexX 3Tamax o0paboTku. OCHOBHBIE KOMIOHEHTHI: Ut XxpaHenus B IPFS mmdpoBanue na
ocHoe CP-ABE nnu 128-6utHoe AES c nocnenoBarensaocTsio JJHK-koanpoBanus [9]; mis nepenaun
ucnois3dyercs nudppoBoit kouBepT RSA 2048 nnst OGe3omacHOM mepenayr CUMMETPUYHBIX KITHOUCIH;
uudposas moanuch RSA 1024 s oOecnieuenus nmoyiuHHOoCcTH AaHHbIX; ECDSA: renepanus mnap
MyOJIMYHBIX U MPUBATHBIX KIIOUEH IS YCTPOMCTB, MAIMEHTOB U MPOBANIEPOB; MOAMHUCH TPAH3AKIHIA
Uil obecredeHnsl MOJIMHHOCTH | 3aIUThl OT MOICIKH; BepUpUKAIMA MOAMUCEH MPHU TOTYydEeHHN
naHHBIX [4]; crpolictBo-pokcu (Device Proxy): MOHUTOpPHHI HHM3KONpPOU3BOIMTENbHBIX l0T-
YCTPOMCTB [Isl BBISIBICHHS YS3BUMOCTEW; HENPEPhIBHAS MPOBEPKA THIIA YCTPOWCTBA, MPOU3BOIUTEINS,
BEPCUH MPOIINBKH, OE30MaCHOCTH; OOHAPY)KEHUE TOJO3PHUTEIIBHOIO TIOBEACHHS Yepe3 TECTUPOBaHHE
Ha MIPOHUKHOBEHUE U MOBEJEHUYECKUH aHaIu3 [6].

Xpanenus IPFS peanusyer pacnpeneieHHOe XpaHEHHE MEIMIMHCKUX JAaHHBIX C ajjpecareit mo
conepxxkumomMy. OcHoBHble QyHKimu: Content-Addressable Storage: naHHbIe HASHTUDUIUPYIOTCA IO
ux kpunrorpapudaeckomy xemy (CID), uro obecrneunBaeT HEU3MEHAEMOCTb W BO3MOXHOCTh
Bepudpukanuu [6]; Distributed Hash Table (DHT): pacnpenenennas xem-tabiuia Ais XpaHEHHs
coorBeTcTBUs Mexay CID u ceTeBbIMH aJpecamMu Y3JIOB, COIEp)KallUX JAaHHBIE; KIIIMPOBAHUE U
peIUIHKaLuMs: KIIUPOBAHUE YacTO 3alpallldiBacMbIX JaHHBIX HA COCEOHHMX Y3JaX IJisl CHWKEHHA
3aJiep’)KeK M YMEHbIIeHUs Harpy3ku Ha ceTb, Content Identifier (CID) Management: renepanus u
xpanenue CID mis 3arpyxaembsix qannbix; CID coxpansitoTcs B 6yokueiine, a ganabie — B [PFS [1].

CMapT-KOHTPAKThl PEANTn3yI0T aBTOMATH3UPOBAHHYIO JIOTHKY YIpaBlIeHHS JOCTYIIOM U
00paboTku Tpan3akuuii. OCHOBHBIE ()YHKIIUH: YIPaBICHUE JOCTYIOM: CMAapPT-KOHTPAKTHl MPOBEPSIOT
aTpuOyTHl TOJB30BAaTENd W MOMUTUKU JocTyma mepen mpenocraBiennem CID [8]; obpabotka
corjacuii: aBTOMaTH4ECKOe OTCIIEKMBAHUE NPENOCTABIEHHBIX MALMEHTOM COIVIACHMI Ha JOCTYyH K
JTAaHHBIM, X CPOKOB JIEMCTBUS U OT3bIBA; ayINUT U KypHAJIMPOBAHHUE: 3alIUCh BCEX ONEpaLUii 10CTyIa B
HEU3MEHsIeMbII JKypHa OnmoxueitHa JUTS MOCTIEYIOIIEr 0 ayquTa; yIpaBJIeHHE
UAeHTH(UKATOPaMU: CO3JaHne M Bepu(UKALMs YHHKAJIbHBIX WACHTH()HUKATOPOB MALMEHTOB H
METUIMHCKUX yupexaeHun [8].

VYrpaBneHus uaeHTUPUKAIMEHd oOecreunBaeT YHUKAIbHYI0 HICHTU(GHUKAIMIO MalUeHTOB H
MEIULHCKUX YUPEKACHUH B pacpeneneHHol cucteme. OCHOBHbIE (PYHKIMU: TeHEpALs YHUKAIbHBIX
UACHTU(UKATOPOB: AITOPUTMBI, O0ECIeUnBaIOIINe YHHKAJIBHOCTE [D ¢ HH3KOH BepOSTHOCTBIO
nyonmupoBaHus [8]; CBA3BIBAaHHE HICHTU(PHUKATOPOB: BOZMOXKHOCTh CBS3BIBAHHS HACHTU(PHKATOPOB
MaIMeHTa U3 pa3HbIX CUCTEM JUISl CO3JaHUS MOJHOW METUIIMHCKON KapThl [2]; Kpocc-yupexkaeHuecKast
uaeHTHUKaIus: oOecriedeHne  HMHTEPONepadeIbHOCTH  MEKAY  Pa3lIUYHBIMH  MEIUIMHCKUMHU
OpraHU3allMsIMH; YIpaBlieHHE cepTU(HUKATaMU: XpaHEeHHEe MYOIMYHBIX KIO4Yeld Hu cepTHU(UKATOB
YUpEXKIEHHUH B MyOIHYHOM ONOKYeHHe.

AyIUT 1 MOHUTOPHHT 00ecIeurBaeT MpO3pavyHOCTh M BO3MOKHOCTh IIPOBEPKH BCEX OMepaluii ¢
MEIWUMHCKUMH JaHHBIMH. OCHOBHBIE (DYHKUWU: HeusMeHAeMblll HCYPHal 0OCHmyna: Bce ONepaliu
noctyna (UKCHpYIOTCS B OJNOKYeliHE W He MOryT OBbITh HM3MEHEeHbl WM yhaneHnol [l]; awanus
anomanuii; OOHApYKEHHE TOJO3PUTEIbHBIX MATTEPHOB IOCTYyHa IJIsl BBISABJICHHS MOTEHIUAIbHBIX
HapymeHuid Oe3omacHOCTH [6]; eenepayus omuemos O JOCTyNe [l TAlUEHTOB, Bpadei;
V6edoMeHUA: ONIOBEIIeHUE AIIMEHTOB O KAKAOM Clydae JI0CTYIa K UX JaHHBIM.

AJITOPUTM padoThl CHCTEMBI

Pa3paboTanbl anropuTMbl B3aUMOICHCTBHUs YYIaCHUKOB B PaMKax MHOTOYPOBHEBOH OJIOKUYEHH
ApXUTEKTYphI, 00ECTIeUNBAIOIINE HEN3MEHHOCTh 3alHCel U YIpaBIAEMBbIi 1OCTYIL.

ANTOPUTM perucTpanuy nojab30BaTelsl COCTOUT U3 CIEAYIOUINX IIaroB:

1. TTanpeHT wiaM Bpad 3arpykaer KIMEHTCKOE MPHIJIOKEHUE U 3aIlOJIHSAET PErucTpaloHHYIO
dhopmy.

2. [IpusnoxxeHrne reHepupyeT napy Kpunrorpaduueckux Kiroded (MpUBATHBIA U MTYOJIHYHBIN) C
ucnons3oBanueM ECDSA [6].

3. [lpunoxeHne OTMPaBIseT PErUCTPAIMOHHYI0 HHPOPMAIMIO M MTyOJUYHBINA KIIOY B CUCTEMY.
JanHble BepUPUIUPYIOTCS, U CO3[AaeTCsl YHUKAJbHBINA uaeHTUUKaTop [8].
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4. UnentudukaTop W MyOJIMYHBIA KIIOY 3aMCBIBAIOTCA B MyOJWYHBIA OnokueitH. Co3maercs
3aIlUCh B IPUBATHOM OJIOKYEHHE C HaYalbHBIMU HACTPOHKAMH JOCTYIIA.

5. Tlomp3oBaTento MPENOCTaBIAETCS AOCTYN K MPUIOKEHHIO C BO3MOXHOCTBIO YIPaBICHUS
CBOMMHU JITaHHBIMHU.

AJTOpPUTM 3arpy3Kd MEIUIMHCKUX JAHHBIX BKIIFOUAET B Ce0sl STAIlbI:

1. 3arpyska ganubix (MK, pe3ynbTaTel aHaIM30B, H300paXKEHUS ) METUIIMHCKUM yIPEKICHUEM
WM BpAa4oM 4epe3 MPHIIOKEHHUE.

2. lludpoBanus naHHBIX C HcHojib3oBaHMeM rubOpuaHoit cxembl (AES wmm CP-ABE) B
COOTBETCTBHH C aTpuOyTaMu noctyna [9].

3. Tlepemaua 3ammdpoBannbix nanHHele B IPFS-cers. IPFS Beruucnser CID Ha ocHOBe
COJIEP’KUMOT0 U paclpesienseT JaHHbIe o y3iaaMm [8].

4. Boszspar CID (Content Identifier) — yHukanbHYyI0 ccbUIKy Ha nanHbie B IPFS.

5. 3amuck CID u MeTagaHHBIX B IPUBATHBIN OIOKYEHH Yepe3 cMapT-KOHTPAKT [8].

6. [loGaBneHue 3anucu o (akTe co3laHHs HOBOW 3amucH (0e3 PacKphITHS COJIEPKHMOTrO) B
MyOJINYHBINA OJTOKYEHH.

AJTOpPUTM NPENOCTaBICHHS JOCTYIA K JaHHBIM OMHMCBIBACTCA CIEAYIOMINM 00pa3oM:

1. [ManmeHT Yepe3 NMpUIIOKEHHE BBIOMpAET MEAUIUHCKOTO CIEHaicTa HIN yIpEKICHUE I
MIPEAOCTABIICHUS TOCTYIIA.

2. [ManmeHT ompexaenseT mapaMeTpsl JIocTyna, O0OBeM JaHHBIX, CPOK JEHCTBUS, Uelb
HCIIONB30BaHus [2].

3. [punoxenue hopMUpyeT MOTUTUKY AocTyma B Gpopmate arpudyroB (ABAC) wim mudpyer
nauubie ¢ nonutukod CP-ABE [12].

4. CMapT-KOHTPAKT B IPUBATHOM OJIOKUEHHE PETUCTPUPYET MOJUTHKY JIOCTYIA U CBA3BIBAET €€
¢ UEGHTU(PHUKATOpaMH MAlMEHTa U MOTyJaTels.

5. onyyatens yBeAOMJSIETCS O TPEAOCTABIEHHOM JOCTyle depe3 Mpuioxenue. I[lpu
HE0OXOJUMOCTH TIOTy4aTelb MPOXOIUT JONOTHUTENbHYIO ayTeHTH()UKALUIO.

6.Bce pelicTBus MO MPENOCTABICHUIO JOCTyna (DUKCHUPYIOTCS B ayIUTOPCKOM KypHaje
Onokyeiina.

ANTOpUTM A0CTYNA K TaHHBIM:

1. Bpau unu MemMIIMHCKOE yYpEeKIeHHE dYepe3 MPUIIOKEHHE 3alpaliuBaeT JOCTYN K JaHHBIM
MaIKeHTa.

2. [lpuro’keHre HampaBiIgeT 3ampoc K  CMapT-KOHTPAaKTy JUIs TOPOBEPKH  HATHYHA
JIEHCTBYIOIIEro COrIacusl.

3. CMapT-KOHTPAKT MPOBEPsIET MOJUTUKHU JOCTYIIa, COOTBETCTBUE aTpUO yTOB 3alpalllnBaroIIero,
CpOK JIeiCcTBHUS coriacus, 00beM pa3pelieHHbIX JaHHBIX [9].

4. IIpu ycrnenrHoi nmpoBepKe cMapT-KOHTPAKT BO3BpamIaeT cid 3amponieHHbIX JaHHBIX.

5. llpunoxenue 3ampammusaer AaHHble u3 IPFS nmo nmomydennomy CID. IPFS-cers n3Bnekaer
3amm@poBaHHbIe JaHHBIE [4].

6. [lanHbie pacuIU(ppPOBBIBAIOTCS C HUCIOIB30BAHUEM KIIOYEH, COOTBETCTBYIOUIUX IOJIUTHKE
JOCTYIa, ¥ OTOOpaXKaroTCs Bpady.

7. @akT gocTyna perucTpupyercs B OJIOKUEHHE ¢ yKa3aHMEeM BPEMCHH, 3alpalliBarolero u
o0beMa TaHHBIX.

AJTOpUTM OT3BIBA IOCTYIIA IIPEAYCMATPUBAET CIYAYIOIIHE KIIOUUBbIE Iaru:

1. [anmeHT vyepe3 NpUIOKEHUE HHULIUUPYET OT3bIB MPEAOCTABICHHOTO A0CTYIIA.

2. [IpunoxxeHue GopMUpyeT TPaH3aKIHIO OT3bIBA C YKa3aHHEM UAESHTHU(UKATOpA.

3. CMapT-KOHTPAKT A€aKTUBHUPYET NOJUTHUKY AOCTYIA, JIeNasi ee HeJeHCTBUTENbHOI.

4. CMapT-KOHTPAKT OOHOBIISET ayAUTOPCKHUN KypHal, PUKCUpYys (pakT OT3bIBa.

5. lomyuatens yBemomisieTcsi 00 oT3bIBe Aoctyma. [locnexyromue MOMBITKH JocTyna OyayT
OTKJIOHEHBI.

6. MosxeT OBITh BBITIOJIHEHO MOBTOPHOE MU POBAHNE JAHHBIX C HOBBIMHU MOJIUTHKAMU JOCTYIIA.

Oco0oe BHMMaHHE B MPEIJIOKEHHOM alrOpUTMe PadOThl CHUCTEMBI YIENeHO O0ecreueHHIo
KOH(UIeIHATbHOCTH, HEMMEHIEMOCTH 3alluCcel U OrpaHNYEHUSM B TIPEIOCTaBICHHE JOCTYIIA.
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3akJjouenue

MexayHapoJHble pa3paOdOTKH JIEeMOHCTPHPYIOT BBICOKYIO AaKTHBHOCTh W 3HAYUTEJIbHBIC
noctmwxenus. [IpeanoxenHas MHOTOYpOBHEBas apXUTEKTYpa 0ObEAUHSET JIyUIIe MUPOBBIC MIPAKTUKU
B euHOe pemeHue. [IaTuypoBHeBas CTpyKTypa (MCTOYHHKHU AaHHBIX, IPFS, Onokueiin, ynpasnenue
JOCTYIIOM, TPHUIIOKEHUsS) oOecreynBaeT pas3AeieHue OTBETCTBEHHOCTH, MAacIITa0UPyeMOCTh U
Oe3omacHocTh. Mcmonp3oBaHue TUOpPHIHON — OJOKYEHH-apXUTEKTYpPhl TO3BOJISIET  COXPAHHTh
MIPO3PAYHOCTh UASHTU(DHUKAIMY TIPH 00eCTIEYeHNUH KOH(PHUISHINAIFHOCTH MEIUIIMHCKUX 3aMHCeil.

KiroueBbIMH KOMIIOHEHTaMHU CHCTEMBI SBIISIOTCSA. MOAYNb mmppoBanus Ha ocHoBe ECDSA u
CP-ABE, obecneunBatomuii 3amury IaHHbIX; Monynb IPFS nns pacnpenenenHoro xpaHeHust ¢
ajpecalliel IO COAEPKMMOMY; MONAYJIb CMapT-KOHTPAKTOB JUIl aBTOMATU3ALUU  YIPaBJICHUS
JOCTYNIOM; MOAYIb YIpaBJeHUS WASHTU(HUKAIMEH IUId YHUKaJbHOM HMACHTH()HUKALMU MAIUEHTOB;
MOJYJIb ayauTa st oOecTiedeHust MPO3PavyHOCTH OTepaIiii.

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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TEXHOJIOI'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIK 621.391.7:004.942:621.3.049.77

AJITOPUTMBI IOMEXOYCTOMYUBOI'O KOJUPOBAHUSA CLC U OPCOSA

T. A. TYMAHOB, JI. BE!, A. JI. BACIOTUY, 1. MA, C. XX3Hb, A. B. KYPHUJIOBHY

benopycckuii 2ocyoapcmeennbiii yHugepcumem uH@opmamuxy u paouosnekmponuku, Pecnybnuxa Benapyce

Tocmynuna 6 peoaxyuto 6 anpens 2026

Annoranus. [TpoBeeHO cCpaBHEHHE aITOPUTMOB JBYMEPHOTO IIOMEXO0YCTOHYNBOTO KOXUPOBAHUS
U IeKOAUpPOBaHUs UHGOpMAaLUY, IpecTaBIeHHOM B Bue MaTpuibl 4x4: Collum-Line Codes (CLC)
n Optimized Product Codes for Space Aplications (OPCoSA). AnropuTmbl pealM3oBaHbl B
IporpaMMe MOJCIHPOBAaHMS IU(POBBIX JIOTHYECKHX cxeM Logisim M cpele MpOSKTHPOBAHHSA
Vivado a1 nporpamMmupyeMbIx Jloruueckux unTerpanbubix cxemax (IUIMC) Xilinx. Iomrydenst
KOJIMYCCTBEHHBIE OLIEHKH 3aHUMAEMBIX KOJeKaMH pecypcoB | moTpebdmsiemoii Momuoctu [UINC.

Knrouesvie crosa: xonpl ¢ xoppekuuen ommbok, CLC, OPCoSA, moaenupoBanue, KoMOUHAIIUI
MHOT'OKPaTHBIX OIIMOOK.

BBenenue

Tak kak B mporecce mepeayd MO KaHajaM CBsI3M HMH(OpMAIMsi MOXET HCKa3UThCs, H3-3a
NEeACTBUS BHEIIHUX (PAKTOPOB, MNPHUBOMAMIMX K OJMHOYHBIM WM MHOXKECTBEHHBIM OLIMOKaM,
pa3paboTaHbl U IUPOKO MPUMEHSIIOTCS METOIBI TIOMEX0YCTOHYMBOr0 KOAUPOBAHUSA U ICKOIUPOBAHUS,
MO3BOJIIOIIIE O0HAPY)KUTh H YCTPaHUTh HECOOTBETCTBHSA B IPUHATOM COOOLICHUH.

B cnyuae mepenaun nHGOpPMAaLUU B KOCMHYECKOM MPOCTPaHCTBE (AKTOPOM, BIHUSIOMIUM Ha
CHUTHAJI, MOT'YT OBITh BBICOKODHEPT'ETUUYECKIE PaJIHallMOHHBIC YaCTUIIBI OKPYXKAIOIIEro MPOCTPaHCTBaA.
Bo mMHOrHX ciydasx, neiicTBUe 3TOro (akTopa, MPUBOIUT K HeXKeNaTeNbHBIM MOCIIEACTBUAM, KOTOpPBIE
YMEHBIIAIOTCA MPH UCIOIb30BaHUU KOJEKOB C Koppekuuen omubok [1, 2]. Ha ceromusmauii neHb
KOZIEKH C BO3MOXKHOCTBHIO KOPPEKTHUPOBAHUS TOJBKO OJMHOYHBIX OIIMOOK YCTapenH, TaK Kak C
pa3BUTHEM TEXHOIOTHH repeaayd MHGDOPMALMU OHH TEePEeCTald YHAOBJIETBOPATH MOTpeOHOCTAM. B
CB3M C OTUM pa3paboTaHbl pa3IMYHBIE BApUAHTHl AITOPUTMOB, CIIOCOOHBIE BOCCTaHOBHTH
WH(OpPMaIHIO B ClTy4ae BOSHUKHOBEHHS! MHOTOKpaTHBIX omuOo0K [3]. [IpeacraBurensMu 3Toi rpymmsl
seisitorest kojeku Collum-Line Codes (CLC) u OPCoSA, nocrpoenHbie Ha 0a3ze paclIupeHHOT0 KOJa
X5MMHHTA ¢ IPOBEPKOI Ha YeTHOCTh. OHM 001aat0T BBICOKOI KOPPEKTUPYIOIIEH CIIOCOOHOCTRIO MTPH
CpaBHUTEJIBHO HEOOJBLIIOM TOTPEOJCHUH BBIYHCIUTENBHBIX PECYPCOB  MPHEMHO-TIEPEIAONINX
YCTpOHUCTB [4—6].

Koppexknns oumooxk B CLC u OPCoSA

Konmex CLC (16, 40) mpexncrapinsier co00il ABYHANPaBICHHYIO MAaTPUIly KOAUPOBAHHS, KOTOPast
(hopMUpPYET KOHTPOJIbHBIC OUTHI MO CTOJOIAM M OUTHI MPOBEpKU uyeTHOCTH 1o cTpokaM. Jliuss CLC
40-OuTHOE KOJOBOE CIIOBO, COCTOMT WH(OPMAIMOHHBIX OWUT B BUAe Marpulsl 4x4, Koropas
JIOTIONIHSIETCSl MPOBEPOYHBIME paspagamu (8, 4) paclIMpeHHOro KoJa X3MMUHTa MO CTPOKaM M I
KKJO0ro CToiOlia JOMOJHSIETCS OUTOM TPOBEepKH 4deTHOCTH [4]. MToroBas CTpyKTypa IO3BOJISET
KOPPEKTUPOBAaTh OJMHOYHBIEC OIIUOKH C TIOMOIIBIO alropuTMa X3MMHUHTa U MHOKECTBEHHBIE OIITUOKU
¢ MOMOIIbI0 OUTOB MPOBEPKH YeTHOCTU. Kpome Toro, ecTb u npyrue pasHoBuaHocTH kopeka CLC,
takue kak CLC (16, 39) u CLC (16, 54) [5]. Otnuuue CLC (16, 39) ot CLC (16, 40) 3akimouaercs B
TOM, 4TO JaHHbIe 16 MH(OPMALMOHHBIX OMTOB 3aMMCBHIBAIOTCSA B 2 CTPOKU MO 8 OHT, K KOTOPHIM
MIPUMEHSIETCS] PaCIIMPEHHBIH KOJ X3MMUHra U J00aBISIFOTCS OUTHI MIPOBEPKU YETHOCTU B CTOJOEI U
crpoky. s CLC (16, 54) npumensiercs cneyromuii anroputM: 16 6uT nHpopMamu pactpenensoTcs
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B 8 CTpOK 10 2 6uTa, Aajnee aHAIOTUYHO MPUMEHAETCS PACHIUPEHHBIN KO XOMMUHTA U 3alIUCHIBAOTCS
KOHTpOJBHBIE OUTHI YeTHOCTH. JlexomupoBanue no anroputMmy CLC MoXkeT IpOXOAUTh B CTAHAAPTHOM
pexume (CLC-S) u pacmupenHoMm (CLC-E). PacmmpeHHbIH peXxuM, UCTIONB3Ys JBYXHUTEPAlHOHHBIH
MPOIECC KOPPEKTUPOBAHUS OIIMOOK, TIO3BOJSIET KOPPEKTUPOBATh 0oJiee CIIOKHBIC KOMOWHAIIMH
MHOTOKpaTHbIX ommook [S]. Ctpykrypa komoBoro cioBa CLC (16, 40) cxemMaTU4ecku NpeACTaBlicHa
Ha puc. 1, rae D — uadpopmanuoHHbie OuThl, C — KOHTPOJIbHBIE OUTHI, P — OUTHI IPOBEPKU YETHOCTH.

Dy Dy Dy D |[ Gy €y G, Bro
Dl DO D9 D13 C3 C4 C5 Prl
D, Dy Dyg Dy || Cs C; Co |27
D; D; Dy Dis)\ Gy Cyp Ci )\I"s

@co PePe,)Pe. " Pe ) Pe.h Pe, PCD
Puc. 1. Ctpykrypa kogosoro ciosa anropurma CLC (16, 40) [5]

Optimized Product Codes for Space Applications (OPCoSA) siBisercst nanpHelIM pa3BUTHEM
koneka Product Codes for Space Applications (PCoSA), mpeanoxeHHbli B HCTOYHUKE [7]. ANropuT™
KOJIUPOBAHUS 3aKJIIOYAETCsl B MPUMEHEHUH K 16-OMTHOM MH(pOPMAaMOHHON MaTpUIle PACLIMPEHHOrO
Koa XOMMHUHTA 110 CTPOKaM M CTOJIOIAM, TeM caMbiM (POPMHUPYIOTCS KOHTPOJbHBIE OUTHI U OUTHI
MPOBEPKU YETHOCTH A 4-X CTPOK U cTonOuoB [6]. B cpaBHenuu ¢ komekom PCoSA, y xotoporo
KOJIOBOE CIIOBO COCTOUT M3 64 OuT (16 O6ut mHbopmauuu u 48 MPOBEpOUYHBIX OWUT), HOBOBBEACHHEM
konexka OPCoSA sBisieTcs: cokpaiieHre KoIoBoro ciosa 0 48 our (puc. 2). Takue pe3yapraTsl ObUIH
JOCTUTHYTBI TP IOMOIIM yAaleHUuss 00JacTH TOBTOPHOTO KOMUPOBAHUS Ui YK€ MOJTYYEeHHBIX
MPOBEPOYHBIX OUT, TEM CaMbIM YMEHBIIUB Ha 33 % olliee KOIM4ecTBO NpOoBepOUYHbIX OUT. HecmoTps
Ha YMEHbIIEHHE KOJINYECTBa MPOBEPOYHBIX OUT, KOPPEKTUPYIOIIAs CIIOCOOHOCTh MOKA3bIBAECT TAKYIO
xe 3pPekTUBHOCTD 1151 OOMBIINHCTBA KOMOMHAIMI MHOTOKPATHBIX OIIHOOK [6].

D, | D, | D, | D |1t |t Pi,
D, | D, | D, | D, | C, | c1, | c1s | PI,
Dy | D, | Dy | Dy | CI | €L | CI4 | PL
Dy | Dy3 | Dy | Dys | Cly | Cly | Cly | PL4

el @r | @n || @
eon || @ || g || @
P2, | P2, | P2, | P2,
Puc. 2. Ctpykrypa xomosoro ciosa anropurma OPCoSA (48, 16) [6]

MoneanpoBanue B nporpamme Logisim

Ha nepBom 3tane cpaBHUTEIHHOI'O aHAJIN3a KOAEKOB IToMexoycToiurBoro koxuposanust CLC u
OPCoSA Obulo TpOBENEHO CpaBHEHHE WX (PakTUUeCKOW KOPPEeKTUPYIOIIEH CIOCOOHOCTH
MHOTOKpAaTHBIX OIIHO0K. OCHOBBIBAsICH HAa MMPEAJIOKEHHBIX B UCTOYHHKAX [3 — 5] MeToax KOAUPOBaHUA
U JIeKOJUPOBaHUsA, B mporpamMe Logisim ObIIM pealu3oBaHbI: KOJEp, MOJENh KaHaja Mepenadu
uHdpopmanuu u aekozep (puc. 3) kogeko CLC (16, 40) u OPCoSA (48, 16).
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Puc. 3. CTpyKTypHEIE CXEMBI KOJEKOB IIOMEX0YCTOHYNBOTO KOIUPOBAHHS
B nporpamme Logisim: a — CLC; 6 — OPCoSA

Kak nmokazano Ha puc. 3, mogymu «Hamming_code» u «encoder» sBisitoTCst KogepaMu. Moayib
«add_error» sBIsieTCS MOJIENBIO KaHAaJIa CBSI3U, KOTOpasi TO3BOJISIET BHOCHTH OIIMOKH B KOJOBOE CJIOBO.
Mognynu «Correct_Errors» u «decoder» sBISIIOTCS JeKoAepaMu U CIOCOOHBI KOPPEKTUPOBATH OIIHOKN
B IIOJIYYEHHOM M3 KaHajla CBSI3U KOAOBOro ciioBa. MHpopmanus Ha BXxone kojepa U uHpopManus Ha
BBIXOJI€ JICKOZIEPa PACIOIOKEHBI PAAOM, AJsl yIoOCTBa CpaBHEHHUS.

OneHka KOPPEKTHPYIOLIEH CIIOCOOHOCTHM KOAEKOB MPOW3BOIMIACH IIyTEM BHECEHHUS uepes
Moaynb «add errors» ciydailHBIX KOMOWHaIMi OmuOOK KpatHocTh or 1 mo 8. Jlna xaxagoro u3
TIPOEKTOB CLC u OPCoSA OTJIENBbHO ObLi1a MIpUMEHEHa CUM YIS
mo Mmerony Monre-Kapno. Ilo wuroraMm cumysaanuu OBUIO ONpENeNeHO KOJIMYECTBO YCIEIIHO
CKOPPEKTHPOBAHHBIX OLIMOOK AJI KaXKI0ro anropurMa. Bee TecTsl Obli MPOBEACHBI B OHUX U TEX )Ke
YCIAOBUSX W TPU OJWHAKOBBIX KOMOWHAIMAX OINMOOK C WENbl0 CpaBHEHUS (PAKTHUECKOM
Koppektupymouei cnocooHoctu kogexoB CLC u OPCoSA.

[To nToram MoaenMpoBaHUs TOCTPOEHBI JUArpaMMBbl, IPe/ICTaBICHHbIE Ha puUcC. 4.

[EOPCosA (48,16) BEICLC (16,40) EHOPCoSA (48,16) BEICLC (16,40)
Bit Error Correction

Special Scenario Correction

110

Correction Success Rate (%)
Correction Success Rate (%)
Correction Success Rate (%)

ot e ot ot Lot o5t

Error Type

Puc. 4. CpaBaenue koppekrupytouei cnocobnoctu CLC u OPCoSA:
a — o0muii ciryyaif; 6 — cenranbHble KOMOMHAIMH OMINO0K

Pe3yabpTaThl DKCIIEPUMEHTOB IOKAa3bIBAlOT, YTO o00a ajroputMa gocturaror 100 %
KOPPEKTUPYIOIIEH CITOCOOHOCTH MPU BOZHUKHOBEHUH OT OIHOMW JI0 Tpex OmHUOOK. B cimydae yerhipex
omub0K KoppekTupyromias criocoonocts anropurma OPCoSA nocruraer 100 %, B To Bpems kak y CLC
oHa magaet 10 48, 69 %. IIpu 5-kpaTHBIX U 6-KpaTHBIX OMIMOKaX, KOPPEKTUP YIOIIas CIOCOOHOCTD IS
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OPCoSA cocrasisier 53 % u 35 % COOTBETCTBEHHO, UTO CYLIECTBEHHO Oobliie, yeM y anroputma CLC,
JUIE KOTOPOTO JaHHbIE IMOKa3aTrenu cocTaBisitoT 33,58 % u 22,58 %. Ilpu HEKOTOpBIX 0COOBIX
koMOuHanusax omubok mnpeumymectBo OPCoSA eme 0Goiee OYEBUIAHO: KOPPEKTUPYIOIIAS
CIOCOOHOCTh AaHHOTO anroputMa coctaBigeT 100 % s makeTHBIX OmHMOOK KpaTHOCTH < 4 u 36
TUIMUYHBIX 11A0JIOHOB OIIMOOK B ToJe 3 X3, BbI3BAHHBIX JICUCTBUEM KOCMHYECKOH pamuaruu. B cBoio
ouepenb, npu Tex ke ycnoBuax a1t CLC xoppekTupyromas cnocoOHOCTh Bapbupyercs ot 75 % 10
78 %. Ilpu makeTHbIX omuOkax kpatHocTH Oonpmie 4, OPCoSA Taxke IEMOHCTPHPYET CBOE
MIPEUMYIIECTBO B KOPPEKTHPYIOLIEH CIOCOOHOCTH: ISl JAHHOTO aJrOpPUTMa BO3MOXKHA KOPPEKIHS B
44 % cny4aeB, B To Bpema kak y CLC pmannbelii mokaszarenb coctaBmsier 24 %. OOHapyXeHO
MPUHIUIUAIBHOE pa3iiMyie MEXAY IBYMs alrOPUTMaMHM, 3aKalSIOIeecss B TOM, YTO KOPPEKLHUSI
omubok CLC pabotaer 3¢()eKTUBHO TOIBKO B CIIydae, €CIIM OHH PacIioiaratoTcs B oosactu 16-0UTHOTO
WH( OPMAIIIOHHOTr 0 MOJIsA, B TO BpeMs Kak it OPCoS A npencrapiseTcss BO3MOXHBIM KOPPEKTUPOBATh
OIMOKH BHE 3aBUCHMOCTH OT UX ITOJIOXkKeHus B 48-OuTHOM KofoBOM cioBe. Dto nenaer OPCoSA Gonee
MPEATIOYTUTEIbHBIM ISl YCIIOBHIA € YacThIM BO3HHKHOBEHHEM MHOTOKPATHBIX OIIMOOK, TaK Kak JJs
CLC u3MeHeHue KOHTPOJIbHBIX OUT KOJOBOrO CJIOBA MPUBEET K HEMPABUIILHOW KOPPEKIIUHU OIIHOOK.

MoaeanpoBanue B CAIIP Xilinx Vivado

[locne cumynanuu KoJAekoB B mporpamMme Logisim ¥ OHNEHKH HX KOPPEKTHPYIOMIUX
cnocoOHOcTeH, cxema Logisim Obliia mepeBeeHa Ha SA3BIK OMUCAHMS ammapaTypbl Verilog, KOTOpsIii
Briociencreun Obu1 ummnoptupoBan B CAIIP Xilinx Vivado, mpencrasistonryro coboi cpeny s
CUMYJISIIIUY U ITporpaMmMupoBanust jioruueckux sneMmentoB [TJIMC dupmer Xilinx. B kxadecTBe miathb
Ui cUMYNAnuu Oblla ucmonb3oBaHa Xilinx Vertex-7 cepun XC7V485TFFG1157-1, Tak xak oHa
o0JjagaeT BBICOKUM OBICTPOACHCTBHEM M JOCTATOYHBIM HA0OPOM JIOTHYECKHUX PECypcoB I
peanmmzaunu anroputMoB CLC nu OPCoSA Ha cBoeii 6a3ze.

JlanbHeiiliee MOJENMPOBaHNE MPOBOJAMIOCH ¢ HCHob30BaHHeM HHCTpyMeHToB CAIIP Xilinx
Vivado. Ins cpaBautensHOi oneHkn amroputMoB CLC u OPCoSA ObUm MOJy4eHBI JaHHBIE 00
HCIONB3YEeMBIX IIATOH pecypcax U NoTpedisieMoil MOITHOCTH. Pe3ynbTaThl IpUBEIEHHI HA pUC. 5.

EEICLC(16,40) BOPCOSA(48.16) BEICLC(16,40) BIOPCOSA(48,16)

Resource Utilization Power Consumption

800

40
500 |
35
400 | 1 30
=25
300 5]
3
220
200 | 15
10
100 |
LN l. i | | | I—

Count

5}

Slice LUTs Slice Registers Bonded 10B Total On-Chip Dynamic Static
Type Type
a o

Puc. 5. Pecypcosarpats! anropurmoB CLC u OPCoSA na [IJINC:
a — UCIOJIb30BaHUE JIOTMYECKUX PECYPCOB; 6 — SHEPronoTpediIcHue

PesynpraTel MOJenMpOBaHUA aITOPUTMOB IMOKa3aly, 4To pecypco3aTparsl y OPCoSA Gomnbiie
yeM y CLC npubmmsurensho B 2 pasa. 3anstocts LUT mmsa anroputma OPCoSA cocraBuna 1454
eauHuIl, a peructpoB — 475 equnuil. s CLC 3tu nokazatenu coctaBisatoT 752 LUT u 251 peructpos.
DHepronoTpediieHHe IEMOHCTPUPYET aHANOrMYHOe pasziauyue y oboux amroputmoB. Y OPCoSA
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JAHHBIA TIOKa3aTenb cocraBiieT 7,6 BT, B To Bpemsi kak sHepromorpebienue airoputmMa CLC Ha
CUMYIHMpYEeMOii miaTe cocraBisier 5,2 BT.

3akjouenue

CpasHutenbublii aHanu3 kogexoB CLC (16, 40) u OPCoSA (48, 16) noka3zan pasnuuie TaKux
rapamMeTpoB KaK KOPPEKTUPYIOMas CIOCOOHOCTh M MOTpedieHue joruueckux pecypcos Ha [IJINC.
CLC nonmxomuT Iyisi YCTPOHCTB € OrpaHMYEHHBIMU BBIYHMCIUTENHHBIMH PECypcaMH, KOTOpbIe OyIyT
MIPUMEHATCS B 00JIACTIX ¢ HU3KOW BEPOATHOCTHIO MOSABJICHUS MHOTOKPaTHBIX omMOoK. Hecmotps Ha
t0, uto OPCOSA mpencrasiser co0Oi BapuaHT, TpeOyrOmMii OOMBIINX JIOTMYECKHX PECYpCOB Ha
[IJIUC, 3TOT HEOOCTATOK KOMIIEHCHPYETCS JIOCTATOYHO BBICOKOUM KOPPEKTUPYIOIIEH CIOCOOHOCTHIO
JAHHOTO anropuTMa. B ycrmoBusax ¢ 00JbLI0N BEpOSITHOCTHIO BOSHUKHOBEHHEM MHOTOKPATHBIX OLIHOOK,
JIAaHHBIN aJITOPUTM MO3BOJISIET CO3/1aTh ropas o Oosnee 3(hPEeKTUBHOE YCTPOMCTBO Mepenavyn JaHHbBIX.

CLC AND OPCOSA: NOISE-RESISTANT CODING ALGORITHMS

T. A. TUMANOYV, 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 (FPGAs). 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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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIIK 621.391

MPOEKT EJMHOI AHAJIMTHYECKOM IJIAT®OPMBI (EATT) JJISI
UPPOBOI TPAHC®OPMALIMA NTHOOKOMMYHUKALIMOHHOM
KOMITAHUU: TIEPEXO/] K YIIPABJEHHUIO, OCHOBAHHOMY HA JAHHBIX,
B PYII «BEJTEJEKOM>»

JAM. TOPBYKOB

benopyccxuii eocyoapcmeennbiil ynugepcumenm un@opmamury u paouodnekmponuxu, Pecnybnuxa Benapyce

Iocmynuna 6 peoaxyuto 17 anpens 2026

AHHoTanus. B cratbe 000CHOBaHA HEOOXOOMMOCTb 3aMEHBI PY4YHOW TaOIM4HON 00paboTKU
JIAaHHBIX HAa CKBO3HYIO aHaIUTHYecKyro Iiatdopmy mist PYII «benarenekom». OnucaHsl TeKyiue
opoOJeMbl: OTCYTCTBUE €IUHOW BUTPUHBl [AaHHBIX, BBICOKAas TPYHAOEMKOCTb OTYETHOCTH,
HEBO3MOXKHOCTb IIyOOKOrO aHaju3a, PHUCKU HECOIJIaCOBAHHOCTU JAaHHBIX. [IpermnoxeHa
apxuTeKTypa peureHus Ha 6aze Open Source komnornenToB (Kafka, ClickHouse, Airflow, Superset,
Kubernetes, OpenMetadata, Keycloak). IToka3ansl oxugaeMble BBITOIbI: COKpaIlleHHE BPEMEHU
noaroroBku oT4é€roB 10 80%, cHukeHue ommOok Ha 90%, yCKOpeHHE NPHUHSTUS PELICHUH,
BO3MOKHOCTb IIPOTHO3HOM aHAIUTHKK oTToKa 1 LTV.

Kntouesvie cnosa: nndpoas TpaHchopMmarys, YIpaBlIeHHE NaHHBIMH, TEJICKOM-aHAIHTHKA, data
platform, Open Source, ClickHouse, Apache Airflow, GU3HeC-MHTENIEKT, KAUECTBO JAHHbIX.

BBenenue

KnroueBas mpoOnema: cucTeMa ympaBlieHHsS M aHalW3a MAaHHBIX, MOCTPOCHHAs Ha PYYHOU
00paboTKe C WUCIONB30BaHWEM TaOJMYHBIX METONOB, HE COOTBETCTBYET MacliTa0aM W JWHAMHUKE
Ou3Heca KOMIAHUHU. DTO CO3AaeT KPUTHUECKHE PUCKHU sl ONIEPAlIOHHOTO YIpaBiIeHUs, (DUHAHCOBBIX
pe3ynbTaToB U KOHKypeHTHOU no3uniuu PYII «benrenexom.

HeBosmoxkHocTh KadecTBeHHOro drill-down-ananmuza: peranusauus (Hampumep, AMHAMHKA
ARPU c nmomecsyHOH AeTanu3aluell Mo KaXIOi yciuyre u c neraiu3zauuei mo ¢ummanam u 3YIC,
Y3C) B pamMKax py4HBIX METOJIOB MPUBOIUT K CO3AaHUIO YPE3BbIYAHO CIOKHBIX M XPYIIKAX MOZEIEH.
JIro6as mompITKa «KOMHYTH TIIy0XKe» TpeOyeT co3aHusl HOBOTO PYYHOTO OTYETA.

Cremnble 30HBI B KJIMEHTCKOM ombiTe. [Ipu aboHeHTCkoW Oase B 2,5 MIH moib3oBatenei
untepHera byfly u 2,53 mumH 3puteneit TV ZALA, pyyHOl aHanu3 OTTOKAa U IMPUYMH HEIOBOJIHCTBA
HeapdekTuBeH. DTO BeAET K MOTepe JIOSUIBHBIX KIMEHTOB. YTO OCOOEHHO aKTyaJbHO B IKECTKOH
KOHKYPEHTHOH cpefie, B KOTOpOi paboTaeT KOMIIaHUs.

PydHoll Tpya ¥ BbICOKash TPYIOEMKOCTb. BONBIIMHCTBO OTYETOB MPEAIOJIOKUTENBHO IS
YIOpaBIeHUs KOMMEPUYECKOW JEeATENbHOCTBI0 W PYKOBOACTBA  (OPMHUPYIOTCS BpYYHYIO C
ucnonbzoBanueM ¢opmyin (BIIP, pacuernble cromdupl W A.p. — pacnpocTpaHEHHAs METOAMKA
MOJITOTOBKH TaKUX OTYETOB), YTO TPeOyeT 3HAUNUTENbHBIX BPEMEHHBIX 3aTpaT U MOJABEPIKEHO OMIHOKaM.

Pa3pozHeHHOCTh JaHHBIX. JlaHHbIE N3BJIEKAIOTCS U3 Pa3pO3HEHHBIX HCTOYHUKOB, YTO YCIOKHSET
KOHCOJIMAALIUIO U BepUPHUKALINI0 HHpOopMauy.

Huskas oneparuBHOCTh. ExXeZIHEBHBIE OTUETHI TOTOBATCS C 3aJepKKaMU M3-32 HEOOXOIUMOCTH
py4HOrO cOOpa TaHHBIX.

CHOXXHOCTh afanTallid K M3MeHeHHsM. [Ipu M3MeHeHHMH CTPYKTYphl (UIHAIoB (HampuMmep,
o0benuHeHue pUHPErnoHOB B ['oMenbckoM (uinale) Win KpUTeprueB OTYETHOCTH (HallpuMep, HOBBIS
TapudHbIe TUIAHBI) TpeOyIOTCs pydHble nopaborku (opmyn u makpocoB. [locTosHHBIE NOpabOTKH
OTYETOB U py4YHBIE KOPPEKTUPOBKH TPEOYIOT BOBJICUEHUS COTPYIHUKOB.
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Pucku HecorizacoBaHHOCTH AaHHBIX. OTYeTBl W3 Pa3HBIX HCTOYHHKOB MOTYT COAEPIKaTh
MIPOTUBOPEYNBBIC TAaHHBIE U3-32 Pa3IM4Hii B METOAOJIOTHAX pacueTa.

Pucku ynycTuth BHITOYy OT Kpocc-Tipofax. «benrenekomy mpeanaraer IecaTKd YCIyT U MaKeToB
(«SICHA», «buznec-keiic», byfly, ZALA, «BuneokoHTpoib»), HO 0e3 eIWHOH BUTPUHBI JAHHBIX
CIIOKHO BBISBIATH aOOHEHTOB, TOTOBBIX K amrpeiay Tapuda HiId MOAKIIOYEHHIO JOTOIHUTEIBHBIX
yCIyr (Hampumep, K makeTy « BupeokoHTpoIby).

Bomnpocsl omepaTHBHOTrO ympaBieHUS CKUIKaMHU TPU LIEHOOOpa30BaHWU: KOMIIAaHHUsI aKTHBHO
KCIIOJIb3YET PErUOHANBHBIE U CTUMYIHUpYomue ckunku (o 60% Ha 18 mecsues). be3 oneparusHoro
ananu3a ux BiusHus Ha LTV (Lifetime Value) 1 OTTOK KIMEHTOB HEBO3MOXKHO OLIEHUTH MX HCTHHHYIO
peHTabeNnbHOCTh U ONITUMUUPOBATH CTPYKTYPY.

B Hacrosieii craThe MpeasiokeHa apXUTeKTypa CKBO3HOW aHaIuTH4Y eckol miardopmsl Ha Open
Source creke, MO3BOJISIONIASA TIEPEUTH OT PEAKTHUBHOTO YIPABJICHHUS K MPOAKTUBHOMY, OCHOBAHHOMY Ha
JAHHBIX.

Telcyluee COCTOSIHMEC, ITIOTCHIUAJI

«benrenekom» obmagaeT OrpOMHBIM MaCCHBOM JIAHHBIX, HO HCTIBITHIBAET N(PULIUT yrpaBiIsieMon
AQHAJUTUKU.

Macmrtab JaHHBIX: MAJIJTHOHBI a0OHEHTOB. benrenexoM — KpymHbIi UTPOK ¢ 2,5 MITH. HHTEPHET-
aboHeHTOB M 2,53 MyH. noanucunkoB TB. IIpu 3ToM y KOMIAHWU COTHU TapH(HBIX KOMOMHAIMNA U
MHOkecTBo cepBucoB (Evika, «Mo# ropom» u ap.), ciaoxkHas TapudHas CTpYKTypa ¢ MaKkeTaMu
«SICHAY, pernoHanbHbIMH pa3aInyusIMU U IPOrpaMMaMHu JIOSITbHOCTH.

TexHHYecKre CUCTEMBI IO TPEAOCTaBICHUIO YCiIyr (00OpydOBaHHE CETH Mepelavyd JaHHbBIX,
KOMMYHHKAIIHOHHBIE CHCTEMBI, CEpBHCHBIC IIATPOPMBI, OMIMHIOBas CHCTEMa M Jp.) TEHEPUPYIOT
OTPOMHBII 00BEM OTepaAITHOHHON HH(POPMAIHIH.

OrpannveHHas aHamuTHKa. OTCYTCTBYIOT AaHHBIE 00 BHYTPEHHHX CHCTeMax aHaIUTHKH. [Ipn
3TOM B KaXJOM CerMeHTe Yyciayr benrenekoMa WM permoHa CTpaHbl NPUCYTCTBYIOT AKTHBHBIC
KOHKYpEeHTHI. [IpuHsTHE pelennii 4acTo OCHOBAHO Ha arperMpOBaHHbBIX WM YCTapEBIINX OTYETaX, 4TO
He MMO3BOJISIET IPOBOANTH ITYOOKHI aHAINU3 B pa3pes3e OTAeIbHBIX CETMEHTOB.

[onTeepxaeHHass MOTPEeOHOCTh. YCHEIHBIN 3amycK iatgopMel «MoH Topom» W aKTHBHOE
pa3BUTHE SKOCUCTEMBI YCIYT (OT 3apAJHBIX CTAHLIWK 10 BUACOHAONIOCHHS) CBHIETEIbCTBYET O TOM,
YTO KOMITaHUs TOTOBA K BHEAPEHUIO CIOKHBIX [T-pemenuit s ynydmeHus: KIMeHTCKOro cepBuca U
ornepauuoHHoOH 3¢ (HeKTHBHOCTH.

[Ipobaemsr:

— OTCYTCTBHUE €JMHOW TIIaT()OpMBI IJIsl YIIpaBJICHHUS JaHHBIMH;

— OTCYTCTBHE aBTOMAaTU3UPOBaHHOH Bepu(UKALIH JAHHBIX.

3akmoveHue: TeKyllash MOJellb PYYHOW oOpaOOTKM NaHHBIX HE sBisieTcd ycToiumBod. OHa
ONOKHUPYET POCT, MAacKUpyeT pealbHble MpoOJIeMBbl M TPEMATCTBYET IEpeXony K YIPaBJICHHIO,
OCHOBAaHHOMY Ha JJaHHBIX, YTO CTABUT I10J1 YTPO3Y KOHKYPEHTHBIE ITPEUM yILIECTBA KOMITaHUH.

l'[pezmomennﬂ O PEIICHUIO U KIIIYEBbI¢ TEXHOJIO0I MU

Jns aBTOMaTH3alMM OTYETHOCTH TpeNJiaraeTcsi BHEAPUTH CKBO3HYIO IaropMy aHaau3a
JIAHHBIX, OXBATHIBAIOIIYIO BECh )KM3HEHHBIH [IUKII — OT HHTErPallid HCTOYHUKOB JIO BU3YaJM3allUH.

WnTterpanus u o0paboTka NaHHBIX. ABTOMaTH3UPOBaTh cOOP JAHHBIX U3 BCEX UCTOYHHKOB.

ETL/ELT-mpomeccsl it aBTOMaTH3UPOBAHHOTO COOpa IaHHBIX U3 BCEX HCTOYHHUKOB B PEaIbHOM
BpeMEHH U UX ouMcTKoi. Hampumep, o0opymoBaHue ceTd mepeqayd JaHHBIX, KOMMYHUKAIIMOHHBIE
CHCTEMBI, CepBUCHBIC IIIAaT(HOPMBI, OMIIMHTOBasl CUCTEMA, CUCTEMBI yueTa a0OHEHTOB U YCIIYT, CUCTEMBI
pacyeToB, CHUCTEMBI TEXHHYECKOr'0 YydeTa M MaclopTH3alud, OyXraiarepCcKoil CHUCTeMBl W Jp.
PeanuzoBate ETL/ELT-nporneccs mpennaraercs Ha 60aze Apache Airflow [7, 8, 9] ans opkectpanuu
3arpy3KH JaHHBIX U3 BCEX UCTOYHHKOB.

Apache Kafka u Apache Spark Streaming ans motokoBoii 06padotku [1, 2, 3]:

— HOBBIE MOJKJIFOYEHHS YCIYT B PeaTbHOM BPEMEHH;

— OIepaTHUBHBIE TAaHHBIE [0 POJIAKAM;

— MTHOBEHHOE OOHOBJICHHE JIAIIOOPIOB.
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Data Lake ny1s1 KOHCONMAAIINH CHIPBIX JaHHBIX U3 BeeX cHcTeM. EanHOe XpaHWIuIe A7 CBIPBIX
JAHHBIX C BO3MO)KHOCTBIO OYMCTKM M cTaHAapTH3auuu. [IpuMep: maHHBIE O HACEIEHWH PErHOHOB,
OJIOKUPOBKaxX aOOHEHTOB, JOXO/aX.

Data Lake (mampumep, Ha 6a3e MinlO wnun HDFS) nnst koHconumanuu ChIpbIX JAaHHBIX U3 BCEX
CHCTEM.

Great Expectations [16, 17] u dbt [21] mis aBTOMaTHUECKHMX NPOBEPOK KadecTBa AaHHBIX
(momHOTa, YHUKAJIbHOCTH, OTCYTCTBHE AaHOMAJIHIA).

Brirona:

— MCKJIIOUEHHE PYYHOr O MEPEHOCca JAaHHBIX MEXAY CUCTEMaMU;

— COKpallleHHue BpEMEHH Ha MOAroToBKY oTr4eTroB Ha 70—80%;

— aBTOMaTH4YeCKOe OOHapyKeHHe POoOJIeM C JaHHBIMH.

XpaHenue u o0padoTka. ['MOpuaHOEe XpaHWJIMINE IAaHHBIX: CO3JaTh €IWHOE HAIEeKHOE
XpaHWJIHILE JUISl HCTOPHYECKHUX U OTIEPATHBHBIX TaHHBIX.

Hcnonp3oBate ananutuueckoe Data Warehouse [4, 5, 6] kak OCHOBHOH CIIOW JJI arperaroB U
ButpuH, a ClickHouse, kak komonounas CVYBJl, ontuMu3upoBaHHas Jisl TEICKOM-aHAJIUTHKH,
HMEIOIIast BEICOKYIO CKOPOCTh arperalyii 1 HU3KYI0 CTOUMOCTb XpaHEeHUS.

PensimonHoe XpaHWIMIIE IS METaJaHHBIX, CIPABOYHUKOB W YIIPABICHYECKOH OTYETHOCTH
noctpouts Ha PostgreSQL u Patroni:

— CTaHIAPTU3UPOBAaHHbIE OU3HEC-METPHUKH;

— aBTOMAaTHUYECKUH IepecueT Ipajaluil palloHOB,

— eMHAasi MeToI0IoTUs pacueroB (Hampumep, ARPU, npupocTsr u T.11.).

Kubernetes [13, 14] nis opkectpanuu konTelHepoB (Docker) ¢ komnoHeHTamMu maatopMel, 4TO
o0ecrevynuT MacTabupyeMocTh U OTKa30yCTONYHBOCTb.

Brirona:

— HaKOIJICHUE eMHON BepCUH JaHHBIX VIS BCeX (PUIMAOB;

— MTHOBEHHBIH JOCTYNl K HWCTOPHUM HM3MEHEHHMH (HampuMmep, MUTpalds PErHOHOB MEXAY
rpynmnamu);

— m30exaTh 3P PeKTa «XpyCTaIbHOT'O CEPBEPay;

— BBICOKas IPOU3BOAUTENHHOCTD 1aXKe MPU MHOTOJIETHEH MCTOPUH U MHJUIMOHAX a0OHEHTOB.

YrnpapiieHHe MeTaJaHHBIMU U Ka4€eCTBOM AAaHHBIX.

Data Catalog: OpenMetadata [15] wnum DataHub — i moucka [NaHHBIX, YIPaBJICHUS
MeTaJaHHbIMHY, lineage (IPOUCXOKACHUS TAHHBIX).

Data Quality: Great Expectations [16, 17] (aBromartuueckue mpoBepku), dbt tests [21],
MOHMTOPUHI aHOMAJIH.

Data Observability: MeTpuKu 310pOBbsl TAUIIIAKHOB, OMOBEIIEHHUS O COOSX.

Brirona:

— IPO3PaYHOCTh MPOUCXOKICHUS JAHHBIX;

— CHW)KEHHE BPEMEHH Ha MOUCK HY)KHBIX JTAHHBIX;

— JIOBEpHE K JaHHBIM CO CTOPOHBI OU3HECA.

Busyaqu3zauus u anaguTuka. OOecneduTh PYyKOBOJACTBO WHTYHTHUBHBIMH OTYETAMH H
JamobopAaMu 711 €KETHEBHOT'O KOHTP OIS,

Buenpenune nnardopmer Apache Superset [10, 11, 12] mst co3ganns MHTEPaKTUBHBIX AAIIOOPI0B
Y OTYETOB:

— JamOopasl s TaKTUYECKOro yrpaBiieHHs (YIpaBJIeHHS KOMMEPYECKOH MesTeIbHOCTBIO):
WCIOJIb30BAHUE HMHTEPAaKTUBHBIX (UIBTPOB W Bo3MoxkHocTed drill-down mns camocTosiTensHOro
aHaJM3a JUHAMUKH MIPOJaX, BHITOJIHEHHUS TUIAHOB U MMPOTHO3HBIX MOZEJel B pealbHOM BPEMEHH.

— Crpareruueckue oOTYEThl (PYKOBOJCTBO KOMIIAHWM): co3fmaHue eamHoil maHenu KPI c
WCIIOJIb30BaHMEM Ooraroii OMONMOTeKW BU3yanu3anuii Superset JUis OTOOpaXKeHHS TPEHIOB H
MaTTEePHOB.

Hactpouts aBTOMaTn4eckue yBenomieHus o puckax (cHmwkernne ARPU, poct O10KupoBOK).

Hactpouts API nns nHTErpanuu ¢ IpyruMu cuCTeMaMy KOMITaHUH.

Brirona:

— COKpalieHue BpeMeHH (hOpMHUPOBAaHUA OTYETa C YaCOB IO MUHYT;

— Bo3MokHOCTH drill-down 1o ypoBHS ¢uimmana; TOYHOCTh TaHHBIX 33 CYET UCKIIFOUEHHS PYYHBIX
OLTHOOK.

44



Be3onacHocrs.

Keycloak [18, 19] unu Apache Ranger a1 ieHTpann30BaHHON ayTeHTU(UKAIINN U aBTOPU3ALIH.

[udposanune nanneix B nokoe (Data Lake, DWH) u npu nepenaue (TLS).

Aynut 1octyna K JaHHBIM B OTYETaM.

MackupoBaHHe YyBCTBUTEIBHBIX JaHHBIX (I€PCOHAJIBHBIE TaHHbIE a00HEHTOB).

Wnterpanms ¢ kopnoparuBHeiM LDAP/Active Directory.

Briroga:

— COOTBETCTBHUE 3aKOHOAATENLCTBY Pb 0 epcoHaIbHBIX TaHHBIX;

— 3aIUTa OT yTeyek;

— IPO3PaYHOCTh JOCTYIIA.

Opxkecrpauus u DevOps.

Apache Airflow [7, 8, 9] — opkectpanus ETL/ELT-naiinnaiiHos.

GitLab CI/CD wumu Jenkins 1 aBTOMaTH4€CKOT'O pa3BepTHIBAHUSL.

Terraform unu Ansible (Infrastructure as Code).

Prometheus u Grafana 111 MOHUTOpUHTa MWIATHOPMBI.

Briroga:

— BOCIIPOU3BOAUMOCTb HHPPACTPYKTYPHI;

— ObICTpOE Pa3BEPTHIBAHNE HOBBIX OKP Y)KCHHUH;

— BBICOKAsi HQEXKHOCTb.

IIporno3znas ananutuka n Reverse ETL.

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

— nporHo3a orroka (churn prediction),

—nporHo3a ARPUu LTV,

— peKOMeHIaTeIbHbIX CHCTEM UIS KPOCC-TIPOJaK.

Reverse ETL (unctpymentsr tuna Hightouch, Census wim camonmucHbIE KOHBEHWEpPBI) s
BBITPY3KH CErMEHTOB M WHCAWTOB 00paTHO B CRM U OMIuIHHT.

Briroga:

— IPOAKTUBHOE YJlepKaHUE KIINEHTOB;

— aBTOMAaTHYECKHE NIepCOHATU3UPOBAHHBIE MTPE IO ECHHS;

— poct LTV — mMOXHM3HEHHOH LEHHOCTH KIHMEHTa, ympouléHHas ¢GopMmyna Uil TeJeKoma:
LTV = (Cpennuit mnatéx B Mecsan X CpemHss MPONOJDKUTEIHLHOCTh JKU3HH KIMEHTa B Mecslax) —
Pacxonpl Ha puBJIeUeHHE U OOCITY)KHBaHHE.

Oxuaemble BbITOAbI OT peanu3anui MpoeKTa

CokpallieHre BpeMeHH TOATOTOBKH OTYETOB:

— J1o 80% 3a cuet aBroMaTH3aLMK (ceidac 10 4-6 4acoB B IEHb Ha PyYHBIC ONEPALIH).

— dopMupoBaHUE OTYETOB € 2 THEH 10 15 MuHyT. JlocTyn K JaHHBIM B peaJbHOM BPEMEHH.

— Cokparienne nukia mianuposanus Ha 40%.

— MraoBeHHOe 10o0aBieHne HOBBIX yciyr (1-2 mHs BMecTo 2-3 Helenb).

[NoBbIlIEHHE TOYHOCTH JAHHBIX:

— EnuHas Bepcust JaHHBIX AJISI BCEX OTYETOB.

— Hckirouenne pyqHbIX OMKUOOK Yepe3 enuHble aropuTMel pacyeta (Hanpumep: ARPU mo Bcem
BUJAaM YCIYT; NPOHUKHOBEHHE YCIAYr C y4eTOM CHEUU(PHUKH PErHOHOB TAKMX KaK KOJIMYECTBO WU
IUIOTHOCTh HACENICHHS, I0XO/Ibl HACENICH N, HATTMYUS KOHKYPEHTOB B pa3HbIX CErMEHTaX YCIyT U Jp.).

— CHmkeHue omunOoK naHHBIX Ha 90%.

VY cKopeHue NpUHIATHS PEeLeHUN:

— GopMmupoBaHKe OTYETA B PEabHOM BpEMEHH (BMECTO €KEIHEBHBIX YCHIIHH).

— Yckopenue npuHaTus pereHuit Ha 50%.

— JlocTym K akTyaJIbHBIM JaHHBIM B peajbHOM BpEMEHH [T aHann3a 3¢ eKTUBHOCTH (PHUIIMATIOB.

OnepannonHas 3¢ GeKTHBHOCTE:

— MacmrabupyeMocTh Uil OU3HEC-pocTa.

— Bo3MokHOCTB OBICTPOro 00aBIEHHU HOBBIX METPHK (HAPUMEp, METPUKH AJIs yCIyrd «OKKO»
unu «Jlutpecy).

— B03MOXHOCTh POTHO3HON aHAJTUTUKHU.
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— IloBeIIeHKE MTpo3padyHOCTH IporeccoB Ha 90%.

— YCcKOpeHHe NPUHATHUS CTPATErMueCcKUX pelIeHn .

CHIDKEeHHEe OTIepallMOHHBIX PUCKOB:

— lenTpanu3oBaHHBIN KOHTPOJIb TAHHBIX U aBTOMAaTHYECKOE JIOTUPOBAHUE U3MEHEHUH.

Enuvnas Ananutuyeckas lNnatdopma (EAM) — Bentenekom
CkBO3Han 00paboTKa AaHHbIX: OT UCTOYHUKOB A0 ynpasneH4yeckux pememm
1. ICTOMHUKM JaHHBIX

0O6opyaoeaunue IMS, ATCu CNE  ACKP-3, Bunnuur CRM, ACCOMH «Moii ropog, IPTV u ap. Fanaktuka /| ERP CepeucHble nnargopmbl

PSTN, cems nepeaaun aasHex Tapucds:, Anatexa KnuerTu, sanent cepencre nnaTdopus Byxranepun, axowowncTs uap|  Shop beltelecom by, Evika. u 20,

! ! ! l l !

2. VHTerpaums 1 noTokosas o6pa6oTka

KBUECTBO AaNHBIX

‘ Apache Kafka Apache Spark Streaming Apache Airflow Great Expectations
Berrik ™ noto Epab

arperauw asTonposepit

l

Data Lake

Data Cat:

PostgreSQL + Patroni OpenMetadata

4. Bl v BU3yanusaums

Apache Superset Keycloak Prometheus + Grafana

MOKATOPUHT NNATOPMS:

5. MoTpe6GuTeny u o6paTHas CBA3bL

PykoBoacTeo Kommepyeckuin aupekTop Mapketonor YOI / aHanuTuku Reverse ETL

npoaaxa

anHans aeTanasaun

OTuETEL, NPOMHOSS aer

ARPU. orrox

Puc. 1. Enunas Ananuruyeckas [Tnardopma — Open Source crek 1t nudpoBoil Tpancopmauu
PVII «benrenexkom»

3akia0ueHne

Brenpenue npenioxeHHol miargopmsl 1o3BoiuT PYII «benrenekom» coBEpIIMTD MEPEXOa OT
(parMeHTUPOBAaHHOM PYYHOH OTUETHOCTH K €OMHOW YIpaBIIsieMOH 3KocucTeMe JaHHBIX. KimroueBbie
HU3MEPUMBIE PE3YyNbTaThI:

— COKpallleHHe BPEMEHHU MOJATrOTOBKH OTYETOB ¢ 2 AHel a0 15 muuyT (9x0HOMuUA 0o 80%
mpyodozampam);

— CHIKEHHE OMMO0K JaHHbIX Ha 90% 3a cuém asmomamuueckoil eepuduxayuu;

—poct LTV u cHMXeHue oTToKa Oyiarojaps NPOrHO3HON aHAIMTHUKE U MEePCOHATU3UPOBAHHBIM
TP EATIOAKEHUSM.

[Mnatrpopma moctpoeHa Ha coBpemenHoM Open Source cTeke, 4yTO OOECIEYMBAET HHU3KYIO
COBOKYITHYIO CTOMMOCTbH BIIaJICHHS, MacIITa0OMPyeMOCTh U HE3aBUCHMOCTh OT BEHIOPOB. IIMIOTHBIM
MPOEKT MUHUMH3HUPYET PHUCKH, a MOITAIMMHOE MacITabUpOBaHKE MO3BOJISIET KOHTPOJIUPOBATh 3aTPAThI
Ha KaXXJIOM II1are.

Peanuzanus 1aHHOTO peIIEHUs CO3JAcT OCHOBY Al 1U(poBOil TpaHchopMalyy ynpaBieHHs
JTAHHBIMU W Tepexofa Kk data-driven KyabType, 4TO HalpsSMYIO TOBBICUT KOHKYPEHTOCIIOCOOHOCTB
KOMITAaHHH Ha PBHIHKE TEIEKOMM YHUKAIIHOHHBIX YCIIYT.
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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'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIIK 621.391

CPABHEHHUE AJITOPUTMOB IIOABOPA BECOBOI'O KOOOPULUEHTA
OBBbEJIVUHEHMS N305PAKEHUIT ATOMHO-CUJIOBOI MUKPOCKOITUA

M.10. JIOBELIKMIA

benopyccxuii 2ocyoapcmeennbiil ynugepcumem uH@opmamury u paouosnekmponuxu, Pecnybnuxa Benapyce

Iocmynuna 6 peoaxyuto 24 anpens 2026

AHHoTanus. B pabore pelaercs 3azada yCKOpPEeHHs IOAOOpa BECOBOro KoddduLMEHTa IMpU
B3BELLICHHOM CJIOXKEHUM MHOIOKAHAJIbHBIX H300paKeHU aTOMHO-CHJIOBOM MHKPOCKONUHU Ha
OCHOBE JIOKIbHOM KOpPEAUOHHON MeTpuku. IIpemyioxeH alropuT™, HUCKIIOYAIOMIUE 3Tal
CerMeHTalluy 3a CUET IPsIMOro IOUCKa ONTUMYMa OT LIEHTPA AUANa30Ha BECOB, YTO Ha BEIOOPKE U3
385 map uzobpaxkeHui obecnednno yckopeHue B 6 pa3 OTHOCUTEIbHO I100alIbHOrO Iepedopa mpu
CTaTUCTUYECKU HE3HAUMMOM OTKJIOHEHUU KO3 pUIMEeHTa.

Kniouesvie cnosa: aTOMHO-CUIIOBas MUKPOCKOIIMS, B3BEILIEHHOE CJIOXKEHUE KaHAJIOB, JIOKalbHAs
KOppeJIILIUOHHAs METpUKaA, YCKOpeHHas 00paboTka u3o0paxeHuil, ounapuszanus Ony.

BBenenue

MHorokaHajgpHasi aTOMHO-cWiIOBag Mukpockomus (ACM) obecrieuynBaeT OZHOBPEMEHHYIO
PETUCTPALIMIO HECKOJNbKUX (PU3MUECKHX XaPaKTEPUCTUK TOBEPXHOCTH, TAKHX Kak Tomorpadus,
XKECTKOCTh U BA3KOCTD, (hOpMHUPYs HAOOP CHHXPOHU3UPOBAHHBIX OJHOKAHAJIBHBIX U300pakeHuid. [
MOBBIIEHNT WH(OOPMATUBHOCTH BHU3yaJbHOIO aHajHM3a IPUMEHSETCS IpOLEAypa B3BELICHHOIO
CIO)KEHMsI KaHaJlOB, TO3BOJIIIOINAs CHHTE3MPOBaTh €AMHOE KOMOMHHMPOBAaHHOE H300paKeHHE C
COXpaHEeHHEM HanOoJiee 3SHAYMMBIX JIOKAJIbHBIX JIeTajleld KaKI0ro McXoaHoro kanana [1,2]. KimoyeBbim
mapamMeTpoM JaHHOTO MpeoOpa3OBaHMs BBICTYMAaeT BECOBOM KOI(PGHUIMEHT, OMNpeneatoui
OTHOCHTEIHHBIN BKJIA]] K&XKI0r0 KaHalla B UTOTOBYIO MHTCHCUBHOCTD MHKcesel. HekoppekTHbIN BRIOOp
Beca NPHUBOAMUT K IOTEpe KOHTPAcTa, CrIaKMBAaHHIO MHUKpopenbeda WIM YCHICHHIO IIYMOBBIX
apTedakToB, YTO CHWKAET JUArHOCTHYECKYIO IIEHHOCTh IMOJMYYeHHBIX NaHHBIX. OIleHKa KayecTBa
00BETUHEHUS OCYIIECTBIISIETCS C TIOMOIIBIO JIOKAaJbHOW KOPPEISIIMOHHOW METPHUKH [3], BEIYUCIISIEMOM
B CKOJIb3SIIIEM KBaJpaTHOM OKHe. [laHHas MeTpuKa y4YHUTBIBaeT MPOCTPAHCTBEHHBIE B3aUMOCBSI3H
MEKIy KaHaJlaMH W JEMOHCTPHPYET BBICOKYIO UYYBCTBUTEIBHOCTh K COXPAHEHHIO JIOKAJIbHBIX
HEOJHOPOJHOCTEH, B OTIMYUU OT JIPYTMX HM3BECTHBIX METPUK KauecTBa [4-7], oqHako €€ 3HaYeHUs
CYIIECTBEHHO 3aBUCAT OT pa3Mepa aHamm3upyoomero okHa. CoriacoBaHue pa3Mepa OKHa ¢
npeo0JajalolMMi  MacITabaMu CTPYKTYpP Ha IOBEPXHOCTH SBJSIETCS HEOOXOAMMBIM YCIOBHEM
KOPPEKTHOW OIIGHKH, YTO B KJIACCHYECKHUX pealu3alMsAX JOCTUraeTrcs MyTéM MONHOro mepedopa
KoMOuHanuii BecoBoro koddduuuenta u pazmepoB okHa. Takoil MOAXOJ rapaHTHPyeT HaXOXICHHE
rJ100aJIFHOT O ONITUMYMa, HO XapaKTepU3yeTcs BBICOKOH BBIYMCIUTENHHOHN CII0KHOCTBIO, IENAIOIIeH ero
HENPUMEHUMBIM JJIs1 00paboTKu OONbIIMX MACCHBOB JAaHHBIX MM CHCTEM pEalbHOrO BPEMEHH.
Heo0xomuMocTh ONTUMH3ALMA BBIYMCIUTEIBHOW HATpy3KH MpUBENa K pPa3pabOTKe CErMEHTHBIX
MOJIXOI0B, B KOTOPHIX pa3Mep OKHa OIpelelsierci Ha OCHOBE IpeABapUTENbHOrO aHajn3a
MIPOCTPAHCTBEHHON CTPYKTYpPHI M300pakeHHid. B wacTHOcTH, mpuMeHeHre OMHAapH3alul MO METOAY
Ony ¢ mOCHeayomKUM TOCTPOSHHEM THCTOrpaMMbl 3 (QEKTUBHBIX Pa3MepOB BBIIEIEHHBIX oOnacTeil
MO3BOJIsIET 3aUKCUPOBATH pa3Mep OKHA MO MOAAJIBHOMY 3HAYEHHIO paclpeleNeHHs, CYIIECTBEHHO
COKpallasi IpoCTpaHCTBO morcka. HecMoTps Ha Hoka3aHHYIO 3 (EeKTUBHOCTh, CErMEHTHas 00padoTKa
BBOJIUT JOTOJHUTEJBbHBIC ATAIBI MPeAo0pab0TKY, YBETHMUNBAET OOIIYIO AIUTENFHOCTh BBIYUCICHHH U
TpeOyeT KOHTPOJIA MapaMeTpoB OMHapU3auy A n30exanus apTeakToB Ha MPpaHHULAX PA3HOPOIHBIX
obyacteil. Bo3HuKaeT Hay4yHas U MPpaKTUIecKasi HEOOXOJMMOCTh B pa3pabdOoTKe alropuTMa, CiocOOHOT0
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00ecreunTh COMOCTAaBUMYI0 TOYHOCTh MMOJ0O0pa BECOBOro Kkod(¢uimenta 0€3 MCHOIb30BAHUS
MPOIIEAYP CErMEHTAIMU ¥ CTATHCTHYECKOTO aHaM3a pasMepoB obiacreit. L{ensro HacTosei paboTs
SIBISICTCS  TTOBBIIIEHHE TOYHOCTH M CKOPOCTH IMMoJ00pa BECOBOrO KOIPQHIIMEHTA CIOKEHHS
WH(OpMaIOHHBIX KaHaJIOB M300paxxeHnii ACM.

MaTepHaJ’[LI U METOAbI

UccnenoBanne  mpoBOAWIIOCH Ha  Ha0ope  JaHHBIX, BKMowatomeM 385  map
CUHXPOHU3UPOBAHHBIX ACM-H300paKeHMA, MOJYYCHHBIX B PA3IMYHBIX PEKUMAX CKAHUPOBAHUS
(mpuMmep Ha pucyHke 1).

5

4
.

Pucynok 1. I[Mpumep nByx kanaioB ACM-u3o0paxeHmii

Cunres KOM6I/IHI/IpOBaHHOI‘O I/I306pa)KeH_I/Iﬂ OCYHIECTBJIAJICA TMOCPEACTBOM B3BCIICHHOI'O
CIIOXKEHUS TTHKCEbHBIX 3HaYCHHI ABYX UCXOJAHBIX KaHAJIOB B COOTBETCTBHUH C BBIPAXKCHHUEM

m, (y.x)=[km, (y,x)+(1-k)ym,(y.x)] o
rae m, ( y,x) u m, ( y,x) MPECTABISIIOT COO0M MHTEHCUBHOCTH THKCENCH TIEPBOr0 M BTOPOro KAHAJIOB
COOTBETCTBEHHO, k SIBISICTCS BECOBBIM KOA((HIIHEHTOM, MPUHUMAIOIINM 3HAYCHUS B HHTEPBAIC OT
HyJsl O eAWHHMIBL, M, ( y,x) 0003HaYaeT Pe3yIbTHPYIOUIYI0 HHTCHCHBHOCTh KOMOWHHPOBAHHOI'O
M300paKeHUSI.

Ousnyeckuii cMpIcn ko3hdunrenTa k 3akmoyaercs B 0alaHCHPOBKE BKJA/a KaHAJIOB TaKHM
00pa3oM, 4TOObI MUHHMHU3HPOBATh HCKKEHUS 3HAYUMBIX JIOKAJIbHBIX CTPYKTYp ipH crnustHun. OlieHka

KavyecTBa OOBCIAMHEHUS BBIMOIHAJIACH C KCIIOJH30BAHHEM JIOKAIBHON KOPPETISALIHUOHHOW METPUKU
D, (p), Beraucisiemoit mo gopmyie

nM M, p)+r M .M, p)
rL(McaMup)_rL(MmMzzp) 'rL(ManaO-S)

D,(p)= | (@)

rie 7, o0o3HauaeT Kod()(UIMEHT JOKATbHOH KOPpEmILUH MEXAY COOTBETCTBYIOIIHMU
H300paKCHUSIMU B KBaIPAaTHOM OKHE THaMETPOM B p TIHKCEICH.

Merpm(a YYUTBIBAE€T B3aMMHYIO KOPPECIIIUIO KOM6I/IHI/Ip0BaHHOFO I/I306pa)KeHI/I$I C KaXIbIM
HUCXOOHBIM KaHaJIOM, a TakKXE KOppeIuul MEKAYy CaMUMU KaHallaMH, 4YTO o0OecrieuuBaeT

KOMIUIEKCHYIO OL€HKY COXpaHHOCTHU I/IH(l)OpMaLI,I/II/I. YeM BbIlIIE 3HAYCHHE DL (p) , TEM JIY4II€ Ka4€CTBO

obbemuHeHus. B paboTe CpaBHHBAIMCH TPU aJTOPUTMHUYECKMX IMMOAX0Ja K  OMNpEIEICHHIO
ONTUMAJIBHOIO 3HAYCHUS K.

DTaJOHHBIA METOJ| peaM3yeT IMOJIHBIA mepedop kod(duimenTa k B auarna3oHe OT HYJS JI0
SJIMHUIIBI ¥ pa3Mepa OKHa P B IIMPOKOM WHTEPBajie BOZMOXKHBIX 3HAUEHHM. [ KaKa0i KOMOMHAIMN

napamMeTpoB BbIMMCIsieTcss MeTpuka D, (p), mocie dyero BeIOupaercs mapa, oOecrednBaroIias
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MaKCHMaJbHOE 3HaYeHne. JJaHHBIH MOAX 01 TapaHTUPYeT HaXOKIeHUE TTI00aIbHOT0 ONITUMYMa, OJTHAKO
€ro BBIYMCIUTENbHASL CIOKHOCTh MPOMOPIHOHATIbHA TPOM3BEACHUIO KOJMYECTBA LIaroB 1o £ U p, 4TO
MIPUBOIUT K 3HAYUTEIHHBIM BPEMEHHBIM 3aTpaTaM.

CerMeHTHBII METOJ] CHIKAeT Pa3sMEPHOCTh 3allaud 3a CYET MPEIBAPUTEIBHOTO OINpPEIeICHHs
ONTUMAJILHOrO pa3Mepa okHa. Ha mepBom asTarie BeIIoNHAeTCs OMHApU3aKs KaKI0ro KOMIIOHEHTHOTO
n3zo0paxkeHus o anroputmy O1y, pa3aessronas MUKCeNd Ha 00beKTHYIO U (poHOBYIO oOnacTu. Janee
CTPOUTCS THCTOrpaMMa 3P (EKTHBHBIX Pa3MEpOB BBIIEICHHBIX CETMEHTOB, U €€ MOJAbHOE 3HAUCHUE
MIPUHUMAETCS 32 CTApTOBBIM pa3Mep OKHA p, HA OCHOBE KOTOPOTO OCYIIECTBIAETCS MOUCK METOIOM
30JI0TOTO CEYCHHUS pa3Mepa OKHa p U BECOBOrO Kod(QuilneHTa & ¢ 3aJaHHBIM LIAroM JI0 TOCTHKEHHS
makcumyma D, (p).

[Ipennaraercss MeTon, MOJNHOCTBIO HCKJIIOYAIOIIWKA OSTambl OWHAPU3AIlMM, CETMEHTAlUd H
MOCTPOEHHMS THCTOrpaMM. AHanu3 3aBucumocteid D, (p) A pas3yIMyHBIX IIap M300paXKeHHil oKasall,
4TO (DYHKLIUS METPUKH 00J1aAaeT IIaJIKUM XapaKTepOM U COIEPKHUT SIUHCTBEHHBIH SPKO BBIPAKEHHBIH
MaKCHMYM B HCCIIEIYeMOM Juama3oHe. DTO CBOWCTBO MO3BOJAET MPOU3BOAUTH MOMCK ONTHMAIbHOIO
Beca HEeMOCPEACTBEHHO OT LIEHTPOB auamna3zona k =0,5; p =62 . [lepebop OCYyIIECTRIISETCS TOIIAr0BO C
¢uxcupoBanHbM maroM Ak =0,033;Ap =1 B 00e CTOPOHBI OT HA4YaJbHOW TOYKH IO TEX IMOp, MOKa
3HAYeHHE METPUKU He HAyHET YOBIBATh, YTO CBHUJETEIHCTBYET O MPOXOKASHUH dKcTpeMmyMa. Lllarm
ObutM BBIOpAaHBI UCXOIM M3 OallaHCca MEXKIY TOYHOCTHIO OMNpENeNeHUs ONTUMYyMa W JOCTYIMHBIMHU

BpEMEHHBIMH pecypcamu. CTaTUCTHYECKas 3HAYUMOCTh PA3IHIHid MEXIY METOJaMH OLIEHUBAJIACh C
MIpUMEHEHUEeM napHoro t-kpurepust CThIofieHTa Ipu ypoBHE 3HaunMoctu « = 0,05 . Bece BeruncieHus

BBIMIOJHSUIUCh B WJICHTHYHBIX  MPOTPAMMHO-ANMAPATHBIX  YCIOBHAX IS OOCCIICUCHHS
BOCHPOU3BOIUMOCTHU PE3YJIHTATOB.

PesyabTaTsl

[locne mnpuMeHeHUs MPEAJIOKEHHOTO METOAa COBMEHICHUS WH()OPMAIIMOHHBIX KaHAJIOB
M300paKeHUs, PE3yJIbTUPYIOIee M300pakeHne HeceT B ceOe OObIle JaHHBIX JUIs JladbHEHIIEero
aHau3a (mpuMep KOMOWHHPOBAHHOTO U300payKEHHs anBeneH Ha pUCYHKe 2).
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Puc 2. HpI/IMep 00BbEIUHEHHUS IBYX KAHAJIOB U300 PaskKeHUsI

CpaBHUTENBHBIN aHAIW3 BBIYMCIUTEILHON 3(()EKTUBHOCTH TPEX PACCMOTPEHHBIX MOAXOIIOB
BBISIBUJI CYIIIECTBEHHBIC Pa3/IndKs BO BpPEMEHHBIX 3aTpaTax Ha 00pabOTKy OHOM Mapbl H300paXKeHUIA.
CpenHee BpeMsi BBINOJIHEHUS STAJIOHHOTO TIiiobabHOro mnepedbopa cocrasuwio 2,80+0,05 ¢, uro
OTpaxkaeT BBICOKYIO CTOMMOCTH IIOJTHOT'O CKaHHPOBAaHHS MPOCTpaHCTBA mapaMeTpoB. lIpuMeHeHue
CErMEHTHOI'0 METo/ia Ha OCHOBe OwHapuzaiuu Oy ¥ aHajau3a MOJbI TUCTOIPAMMbI TTO3BOJIAJIO
COKpAaTuTh cpeaHee Bpemst o0padorku 110 0,47+0,01 c. [IpenokeHHbIH aropuT™M, HCKITFOUAFOIIUHN dTar
CerMEHTAaIluM, MpoJeMOHCTpupoBan cpenHee Bpems BoimonHeHus 0,46+0,01 c. OTHOCHTENBHHO
ATAJIOHHOT'O MOJIX0/Ia YCKOPEHHE 000UX METOOB JIOCTHIIIO 6 pa3, uTO HATJISIHO WIITFOCTPUPYETCS Ha
pucyHke 3.
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Cpezauee BpeMsi BBITIOIHCHHA, C

280 ¢
(x1.0)

InobanbHbIit
nepebop

CervMeHTHBIT

(Omy + mopna)

IlpenokeHHbIi
(6e3 cermenTaLm)

Puc. 3. CpaBHeHI/Ie Cpe€aHEr0 BpEMECHHU BBIIIOJIHEHU I METOA0B n0n60pa BE€COBOI'0 KOB(b(bI/IHI/IeHTa

PazHu1a Bo BpeMeHHU BBITIOJTHEHHS MEXAY CETMEHTHBIM U MPEUT0KEHHBIM METOJIAMH COCTaBHIIA
1,63%+3,21%, uro mo pesynapTaTam mapHoro t-kpurepusi CTbIOJEHTa SBJIAETCAS CTaTHUCTHYECKU
HE3HAYUMBIM.

TouHOCTh oOmpeneneHuss BecoBoro kod(duimeHta oleHUBalach MO BEIWYHHE OTKIOHEHHS
HAWJIEHHOTO 3HaYeHHs kK OT STAJOHHOrO ONTHMYyMa, MOJYYEHHOro rio0ajbHBIM mepebopom. Jlis
MPEANIOKEHHOT0 MeToAa cpenHee oTkimoHeHue cocrasmio 0,037+0,076, Torma kak Ui CETMEHTHOTO
MOJX0/1a JaHHbIH moka3zaresb paBeH 0,040+0,075. Pacnipenenenne oTKIOHEHUH 7SI 000MX YCKOPEHHBIX

METOAOB AEMOHCTPHUPYET OJIM3KHE CTAaTHCTHUYCCKHE XapaKTCPUCTUKHU U IPEACTABJICHO HA PUCYHKE 4.

ABcomoTHOE OTKJIOHEHHE Beca K oT sTanona

T
Ipeoxennbit

(6e3 cermenTanmm)

T
CermenTnplii
(Omy + mona)

Puc. 4. PacnpeaeneHHe OTKJIOHEHUH HaﬁHeHHOFO BE€COBOI'O KO3(1)(1)I/IHI/ICHT3 k oT 3TanoHHOro 3HAYCHUS

TJIAAKOCTBIO W HAJIHWYUEM CAWMHCTBCHHOI'O rJ100aJIbHOT0 MakKCuMyma IIpu JII00BIX JOIMYCTUMBIX

3HaUYEHMAX p. TUMMYHBIA pUMep 3aBUCUMOCTEH NP EeACTaBJICHbI Ha pPUCYHKE 5.

3asucumocTb D_L oT k ana pa3Hbix pa3mepos OkHa

CratucTudecKuil aHallu3 MOATBEPAUI OTCYTCTBUE 3HAYUMBIX Pa3lIMuMii B TOYHOCTH MOAOOpa
Beca MEXAYy ycKopeHHbiMM moaxomamu (p>0,05). JlomoaHuTenbHBINH aHanu3 (GopM 3aBUCHMOCTEH
D, (p) nnsa Bcex 385 map m300paxkeHHH MOKas3ajl, 4TO KPHUBBIE METPUKH XapaKTEPHU3YIOTCS BBICOKOW

150 1

100 1

D_L(K)

50 1

— D=d7
— p=17
=== k1=0.833
=== k2=0.700

Puc. 5. TUnn4Hble 3aBHCUMOCTH JIOKAILHON KoppessuuoHHoi Metpuk D, (p) ot BecoBoro koo duumenta k
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OTCyTCTBHE JIOKANBHBIX KCTPEMYMOB M MOHOTOHHOE TOBeACHHE (YHKUUH B OKPECTHOCTSX
ONTUMYMa OOBSACHIIOT YCTOHYMBOCTh PE3YAbTATOB MPEATIOKEHHOIO METOAa K BBIOOPY HaudabHON
TOYKH ITOMCKA U MMOATBEPKIAI0T KOPPEKTHOCTh CTpATEruy IEHTPUPOBAHHOTO Iepedopa.

Oobcyxnenue

[lony4eHHble pe3yiabTaThl CBUICTEILCTBYIOT O TOM, YTO MCKJIFOUEHHE 3Tara CerMEHTAaluu U
aHaJM3a THCTOrpaMM pa3MepoB oOiacTeil He MPUBOAUT K YXYALICHWIO TOYHOCTH MOAOOpa BECOBOTO
kodduuenta mpu B3BemleHHOM cioxeHun ACM-uzoOpaxkenuil. Teopermyeckoe 00OCHOBaHHE
JaHHOrO (hakTa 3aKiovaeTcd B cHenu(UUIECKUX CBOWCTBAX JIOKAJIHHOH KOPPENSIIMOHHON METPUKHU
D, (p). Kak mokazaHo B pasjene pe3yabTaToB, 3aBUCHMOCTh METPHKU OT BECOBOTrO KodddurrueHra

MMeeT TJAJKUM, YHUMOJAJIbHBIM XapakTep Ha BCEM HCCIEIyeMOM HHTEpBajle. JTO O3HA4aeT, 4TO
(GYHKIUS HE COJAEPKUT JIOKATBHBIX SKCTPEMYMOB, CHOCOOHBIX HApYIIUTh DPabOTy aaropUTMOB
JIOKaJIbHOTO TIOMCKa, a €€ TPaJleHT YCTOMYMBO HaNpaBJIeH B CTOPOHY rJ100anbHOro onTuMyma. B takux
YCIIOBUAX CTpaTerus MHULUUPOBAHUA Mepedopa OT meHTpa auana3zoHoB k = 0,5, p =62 oka3biBaeTcs

MaTeMaTH4ecku 00OCHOBAaHHOH, MOCKOJIbKY HadalbHAas TOYKA C BBHICOKOW BEPOSTHOCTBIO TOMAgaeT B
00J1aCTh MOHOTOHHOT'O POCTa METPUKH, OOecTiedrBasi ObICTPYIO CXOAUMOCTH K MakcuMyMy. CTOMKOCTb
METPUKH K BapHAlUAM HayaJIbHBIX YCIOBUH JOMOJHHUTENBFHO YCHIMBAETCS 3a CUET YCPEAHSIOIETO
3 deKTa JOKaILHOrO KOPPETALUOHHOIO OKHA, KOTOPOE CIIaKUBAE€T BBICOKOYACTOTHBIE IIYMBI H
CTaOMIIM3UPYET OLIEHKY KauecTBa oObequHEeHHs. lIpakTudeckas LEHHOCTh MPEIJIOKEHHOr0 MOAX0Aa
OTIpeIeNsAeTCsl CYIIECTBEHHBIM YIPOIIEHHEM BBIYHCIUTENHHOrO mpouecca. OTka3 OT OMHApU3AIMU 10
Ony, MOCTPOEHUS THCTOrPaMM M BBIYHCICHUS MOAATBHBIX 3HAYEHUH yCTpaHAET HAKIAJIHbIE PacXObl
Ha TpeIBapUTEIbHYI0 00pabdOTKy, KOTOpBIE B CErMEHTHOM MeETone MOryr jgocturath 15-20% ot
o0miero BpeMeHH BbITIOJHEHHs. Ha Oonpmimx BBIOOpPKaxX MAaHHBIX HMJM B CHCTEMax, TPEOYIOLIUX
00paboTKH N300paKEHUH B PeKUME peatbHOT0 BpEMEHH, TaKOe YIPOLICHNE HATIPSIMYIO TPAaHCIUPYETCs
B MOBBIIIEHHE MPOITYCKHOH CIIOCOOHOCTH M CHIDKEHHE 3ajepxek. Kpome Toro, ycrpaHeHue srama
CerMEHTAllMd CHUMAeT MpoOJeMy UYyBCTBUTEIHHOCTH ANrOpUTMa K MapamerpaM OWHApH3aluu M
apredakTaM Ha TPAHMIAX HEOJHOPOJHBIX O00JAacTEd, 4YTO TOBBIIIAET CTAOMIBHOCTH pPabOTHI HA
H300pKEHUAX CO CIOKHOU TEKCTYPOid UM HU3KUM KOHTpacToM. TeMm He MeHee, PeAJIOKEHHBI METO
UMeeT OmnpeneiéHHbIe orpaHuWueHHa. B ciydasx, xorma pachpenelieHHe pa3MepoB CTPYKTYp Ha
MOBEPXHOCTH HOCHUT PE3KO MHOTOMOJAJIbHBIN XapakTep, GUKCUpOBaHHBIN mar nepedopa Ak =0,033
MOXET OKa3aThbCsl HEOCTATOYHO aIalTHBHBIM, a PAcloioKeHre HaYalbHOM TOUYKH ITOMCKa MOTpedyeT
JOTIOJIHUTENBHBIX HUTEpalii AN JOCTWOXKCHHsI onTHMyMa. i TakuX ClIeHapueB MepCIeKTHBHBIM
HampaBlIeHHEM SIBIIICTCS BHENPEHHE aJalTUBHOIO Iara, JUHAMHYECKH W3MEHSIOIIErocsl B
3aBHCHMOCTH OT JIOKQJIBbHOTO TpajdeHTa METPUKH, OO TUOpHOHAs CTpaTerus, KOMOHWHUpyrouas
OBICTPBI LIEHTPUPOBAHHBIN MOMCK C BBIOOPOYHOW MPOBEPKOW TpaHUIl AMana3oHa. [lepCreKTHBBI
JaJbHEHIIIEro pa3BUTHs aITOPUTMA CBSI3aHBI C €0 HHTETpaliell B CIIeHUaTU3UPOBaHHOE IPOrpaMMHOE
o0ecrieueHne 111 aBTOMATH3UPOBAHHOH 00pa0oTku MHOrokaHajdbHbIX ACM-manHbIX. Pacmmpenue
MeTola Ha cilydail cimsHus Ooliee JByX KaHalloB noTpebyer Moambukaumu merpuku D, (p) u

mepexofa K MHOTOMEPHOM ONTHUMH3ALUU BECOBBIX KO3((HUIIMEHTOB, OAHAKO CBOMCTBO TJIAJAKOCTH
LeneBod (YHKUUH, BEPOATHO, COXPAHUTCA, YTO MO3BOJUT MPUMEHHUTh AHAJIOTHMYHBIE CTpaTerdud
YCKOPEHHOI0 Moucka. J[OMOJHUTEIbHO NPEACTABIsIET HHTEPEC TECTUPOBAHUE aNTOpPUTMA Ha JaHHBIX
JIPYruX BHUIOB CKAHUPYIOIIEH 30HI0BOM MHKPOCKONHH, TJ€ 3aJadd B3BELICHHOIO OOBbEAWHEHHS
KaHAJIOB TaKXe SBISIOTCS aKTyaJbHBIMHU.

3akjouenue

B pabore mpoBeneHO CpaBHUTENbHOE HCCIENOBaHUE TPEX AITOPUTMOB MOAOOpa BECOBOIO
kod(duimenTa A B3BEUICHHOTO CIOKEHH MHOTOKaHANBHBIX ACM-u3o0paxenuii. [IpeninoxeHHbIi
METO/, HCKJIIOYAIOIIUIA 3Tall CerMEHTAIMH 1 aHAT3a THCTOrPaMM pa3MepoB o0JacTei 3a CuéT nmpsMoro
MOKCKa ONTHMyMa OT LEHTpa AMana3oHa BECOB, 00eCleunBaeT yCKOpEHHE BBIYMCICHWH B 6 pa3
OTHOCUTENIbHO  JTAJOHHOrO0  riobanbHOro  mepebopa. OTKIOHEHHS  HaWJAEHHBIX  BECOBBIX
KOd(QQUIMEHTOB W 3HAYEHHS JIOKAIBHOW KOPPEIAMOHHOW METPUKM CTAaTHCTHYECKH HE3HAuYnMO
OTIIMYAIOTCS OT PE3yJIbTATOB CErMEHTHOTO MOAXOMa, YTO MOATBEPXKIAeT COXpaHEeHHE TOYHOCTU IpU
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YIIPOILEHUH BBIYMCIUTEIBHOTO Ipolecca. ['Naakuil xapakrep 3aBUCMMOCTEM METPUKM OT Beca H
HaJIM4ue EAMHCTBEHHOIO0 MaKCHMyMa OOOCHOBBIBAIOT YCTOWYHMBOCTH IIEHTPHPOBAHHOM CTpaTeruu
MoMcKa. AJNTOPUTM JIEMOHCTPUPYET BBICOKYIO IPAKTUYECKYIO IPUMEHUMOCTD M FOTOB K BHEAPEHUIO B
CHUCTEMbI aBTOMaTU3UPOBAHHOM 00pabOTKM MHOTOKaHAIBHBIX TAHHBIX aTOMHO-CHIIOBOM MUKPOCKOITHH.

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'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIIK 004.056.5

PA3PABOTKA ITPABWJI KOPPEJISAIIMA COBBITHIA HH®OPMAIIMOHHOM
BE3OIIACHOCTH B SIEM-CUCTEMAX HA OCHOBE HOPMATHUBHOI'O
HEPEYHSA COBBITUU

I'.C. CMOTPVYK"% C.H. I[IETPOB!, T.A. ITVJIKO'

1 — Benopycckuii 20cy0apcmeennblii yHugepcumem ungopmamuxu u paouosnekmponuxu, Pecnybonuxa Benapyco,
2 - 000 «CogpmJlatin Jupexm»

Iocmynuna 6 peoaxyuto 7 anpens 2026

AHHoTamms.  PaccMorpeHbl  BOmpockl — HOBBILEHUS — 3()(EKTUBHOCTH  MOHUTOPHMHIA
nH(opManMOHHOM  0€30aCHOCTU  OpraHu3aluMi  3a cdyeT pa3paboTKU U NPUMEHEHUs
aJlaliTUPOBAHHBIX IPAaBUII KOppemaluu coObITHH B cucreMax kiacca SIEM. IIpoBeneH aHamu3
HOPMAaTUBHO YCTAHOBJICHHOIO IEpeuHs TUIOB U 3amucell CcoObITMH HMH(OpMAaIOHHON
6€30MacHOCTH, MOAJNEKAIIUX PETHCTPALUM, KOHCONMZAUMU M XPaHEHHIO0. BblnonHeHo
COIOCTaBJICHUE YKAa3aHHBIX TUIIOB COOBITUH ¢ KOHKPETHBIMH 3alMCSIMU XKYPHAJIOB JOTHPOBAHUS
Pa3IMYHBIX KOMIIOHEHTOB HMH(OPMALUOHHONW HHGpacTpyKTypsl. Paszpaboran HabGop mpaBui
KOppeJSILiuM, OPUEHTHPOBAHHBIX HA BBIABICHUE TUIIOBBIX YI'PO3 U HHIMIECHTOB MH(OPMALMOHHOM
6e3onacHocTy. Pe3ynbTatsl anpobanuy pa3pad0TaHHBIX IPABU KOPPEISALHMU IOKa3aId CHIDKEHUE
YPOBHSI JIOKHOIOJNOXKUTEIbHBIX CpalaTblBaHuil ¥ moBbllIeHUE 3(PGEKTUBHOCTH BBISBICHUSL
HapyleHuil nHbOopMaLuOHHON 0E30I1aCHOCTH.

Knrouesvie cnosa: unpopmanuonsas Oe3omacHoctb, SIEM-cucrema, Koppemsiust COOBITHH,
KYpHaJIbl COOBITHI, MOHUTOPUHI HH(POPMAIMOHHOM 0€30MacHOCTH, KUOEPUHLMICHTHI, MpPUKa3
OAIL ot 25 uromnst 2023 1. Ne 130.

BBenenue

CoBpeMeHHbIe OpraHuzalud (QYHKIMOHUPYIOT B YCIOBHSX aKTHBHOW IM(POBU3ALMHA H
IIMPOKOTO BHEAPEHUS HMH(POPMALMOHHBIX TEXHOJOTWH, YTO MNPHUBOAUT K POCTY 3ampoca Ha
Oe3omacHOCTh. VCMoNb30BaHUE paclpeleNIeHHbIX BBIYUCIUTENbHBIX Cpel, YAaJeHHOrO JOCTYyNa H
CETEBbIX NPHJIOKEHUN YBEIMYMBAET CIOKHOCTh MH(POPMALMOHHONW MH(QPACTPYKTYPHl U paCIIUpsET
MOBEPXHOCTh IOTEHIHMAJBbHBIX aTak. OJHOBpEMEHHO HAaOJIOJaeTcsi pPOCT YHUCIa M CIOKHOCTH
KuOeparak, MPUMEHSIOIUX MHOTOSTANHbIC CLIEHAPHH NPOHMKHOBEHHS M MACKHPOBKY BPEIOHOCHON
aKTHUBHOCTH IIOJ JIETUTUMHBIC JeWCTBHA TMoJb3oBaTeneil. OJHUM W3 OCHOBHBIX HCTOYHHKOB
uHpOpPMaMM O COCTOSHUM HH()OPMAIMOHHONW O€30MacHOCTH SBISIOTCA JKypHalbl COOBITHH,
(dbopMupyeMble Pa3IMIHBIME KOMIIOHEHTaMH MH(OPMAIMOHHOW HMH(PACTPYKTYPHL: ONEepallMOHHBIMU
cucremamu, cepBepHbiMU nipuiioxkeHusiMu, CYBJ], ceTeBbIM 000pyIOBaHHEM M CPEACTBAMU 3aIUTHI
nHopmanyu. OJHAKO aHATHU3 TAKUX KYPHAJIOB MO OTACIBHOCTH 3aTPyIHEH H3-3a OONbIIOro oObema
JAaHHBIX, pa3iMuuii B popMarax 3amuceil U OTCYTCTBHUS €JUHOTO KOHTEKCTa COOBITHH. I pemeHus
JaHHOW TpoOieMbl TpuMeHsoTca cuctembl kimacca SIEM  (Security Information and Event
Management), o0ecreunBaromine IEHTPAIU30BaHHBIM CcOOP, HOPMANHM3ALHUIO, XPAaHEHHE U aHaJIu3
coObITUi MH(pOpMAIMOHHONM Oe3omacHocTH. OJIHUM U3 KIIFOYEBBIX MEXaHU3MOB aHajM3a COOBITHI B
TaKUX CUCTEeMax SBJIIFOTCS MPaBUIIa KOPPEISLHH, O3BOJISIONINE BBISBIATH B3aUM OCBS3aHHBIE COOBITHSA
1 GOPMHUPOBATH YBEAOMJIEHHUS O MOTEHIIUAIBHBIX HHIIMEHTaX 0€30MaCHOCTH.

AKTyaJbHOCTh HCCIEJOBAaHHA OOYCIOBIEHA TAaKKe pa3BUTHEM HOPMATHBHO-TIPABOBOTO
perynupoBanus B cdepe mHPpopMmanmoHHON Oe3onacHocTu PecnyOnuku benapycs. B wactHocTH, B
pe3ynbTare NpUHATHS Npuka3za OmnepaTHBHO-aHAJUTUYECKOro LeHTpa mpH [lpesunente PecmyOmuku
Benapycw or 25 miona 2023 1. Ne 130 «O mepax mo peanmu3auuu Ykasa [Ipesunenra PecrmyOmiku
Benapycs ot 14 despamns 2023 1. Ne 40» (manee — [Iprkas) ycTraHOBIIEH 00s13aTENbHBIN MTepEeYeHb THIIOB
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U 3amuceil coObITuil MHPOPMAIIMOHHON 0€30MaCHOCTH, MOJUICKAIINX PErUCTPAIlUU, KOHCOTUIAIUU U
XpaHeHu1o. J[aHHbI IepedeHpb ompeessieT MUHUMAaIbHO HEOOXOAMMbIA HAOOp COOBITHH, TIOATIEKAITUX
cOOpY, U CIIYXKUT OCHOBOM JJIsl TOCTPOEHUS MPOLIECCOB MOHUTOPUHTA, PACCIICAOBAHUS M Pearup OBaHUS
Ha MHIUJICHTHI HH(POPMAIMOHHOM 0€30MaCHOCTH C MCIOJIb30BaHueM cucteM kiacca SIEM. Iepeuens
CIYKUT HWCXOAHOW TOYKOW JUUIS TOCIEIAYIONIEr0 COMOCTABICHUS COOBITUM C KOHKPETHBIMH
WCTOYHUKAMHU JIOTUPOBAHHA M UX HASHTU(HUKATOPAMH, a TAKXKe U Pa3pabOTKH MPaBUi KOPPEISIUH,
HafpaBJIEHHBIX Ha BBIBICHUE UHIUIEHTOB HH(pOpMamoHHOH Oe3omacHoctu B SIEM-cucremax [1].

Hecmotps Ha mupokoe pacnpoctpanenue SIEM cucreM u HalMuue B HUX BCTPOSHHBIX HAO0OpOB
MIPaBUJ KOPPEISIHUY, OONBIIMHCTBO TAKUX MPABHJI OPUEHTHPOBAHO HA THUIIOBBIE CIICHAPUH YIPO3 U HE
YYUTHIBAET OCOOCHHOCTH KOHKPETHOM HH(OPMAIMOHHOW WH(PPACTPYKTYphI, a Takke TpeOOBaHUS
HAIIMOHAJILHOTO 3aKOHOJATENbCTBA. B pesynbraTe HCMoNb30BaHUE CTAHAAPTHBIX MPaBHI KOPPEISIHU
MOXeET 00 He 00ecreunBaTh JOCTaTOUYHBI YPOBEHb OOHAPY)KEHUS HHIHUACHTOB, TU0O0 MPUBOAUTH K
3HAYUTENIFHOMY KOJIMYECTBY JIOKHOMOJIOKUTEIbHBIX CpabaThIBaHHH.

Lenmsto wuccienoBaHus sBisiercs paspaboTka Habopa MpaBHJ KOPPESIIUH  COOBITHIA
uHpopmanonHot Oe3omacHoctn i1 SIEM-cuctemsr (Ha mpumepe miaatdopmsl  RuSIEM),
o0ecrevynBalouX ~ aBTOMAaTHU3HPOBAaHHOE  BBISBICHHWE 3HAYMMBIX COOBITUH ¥ HHIMICHTOB
WH(OpPMAIIIOHHOK 0€30MaCHOCTH Ha OCHOBE HOPMATHBHO YCTAHOBJIEHHOTO MEPEYHs COOBITHIA.

ConocraBjieHHe THIIOB COOBITHH € JKypHaJIaMH JIOTUPOBAHUA U UX H)leHTH(l)I/IKaTOPaMI/l

Hns  BoimonHeHuss TpeOoBaHmii [IpWkaza B oOpraHusalMd peald3oBaHa apXUTEKTypa
LEHTPAM30BaHHOr0 cOopa u 00pabOTKM COOBITUH MH(OPMAIIOHHONW 0€30MaCHOCTH, YYHTHIBAIOIIASL
Pa3HOPOAHOCTh UCTOYHUKOB, X KPUTHIHOCTh U MacmTad uHPpacTpykTypsl. [IpakTuka mokasbiBaer,
YTO HOPMATHUBHO YCTAHOBJICHHBIH IMepedyeHb COOBITHI MOXeT OBbITh cOOpaH TOJBKO MPHU COYETAHUH
BCTPOCHHBIX MEXaHHU3MOB KYPHAIUPOBAHUS OMEPAIIMOHHBIX CHUCTEM C PACIIUPEHHBIMH CpEICTBAMU
ayaWTa, a TaKXKe MPU UCTIOIB30BAHNH YCTOWUMBBIX KaHAJIOB JOCTaBKH U Oy epu3aium.

B undpactpykType Ha pabo4yHMx CTaHLIMIX M 4acTH cepBepoB cemeiicTBa Windows 0a30BbIM
HCTOYHUKOM SIBIISIETCS JKypHaJl O€30MaCHOCTH U CHCTeMHBbIE *KypHajbl. OIHAKO ISl 3HAYMMON 4acTu
3aJ]a4 MOHUTOPHUHTa BCTPOCHHOT'O ayJIUTa HEAOCTaTOYHO, TOCKOJIBKY OH (pUKCHUpYeT (hakT COOBITHSA, HO
4acTo HE COACPKUT HEOOXOIUMBIX aTpUOYTOB (HAmpHMep, XeIN HCIOTHAEMBIX (DailyioB, CBECHUS O
POIUTENBCKOM IIpolLiecce, NETATM3UPOBAHHYIO CETEBYIO aKTHUBHOCTh mporecca). [loatomy cbop
coObiTiii B Windows ctpoutca B ABa cios. [lepBblii cioil — pacIIMpeHHBId ayauT Oe30MacHOCTH,
BKJIFOYAEMbIi W HACTpaWBaeMblil LEHTPAJM30BAaHHO Yepe3 TPYIIOBbIE MOIHTHKH AOMeHa Active
Directory. OH MO3BOJAET AETAIU3UPOBATh AYAUT MPOIECCOB, MPaB MOCTYMA, 33a4 IIAaHUPOBIIHNKA,
CIIYK0, UI3SMEHEHHI MONUTHK U Opyrux kareropuid. Hactpoiika mpousBoautcs yepe3 Advanced Audit
Policy Configuration, rae Bkiodatorcs kareropun Process Creation, Logon/Logoff, Account
Management, Policy Change, Object Access, Privilege Use u apyrue. CyiiecTBEeHHBIM MOMEHTOM
SIBISIETCS. BKIIIOYEHUE OMNIMHU OTOOpa)KEHHsS KOMAaHIHOM CTPOKH B COOBITHSAX CO3IAHHUS IPOIECCOB
(Audit Process Creation: Include command line in process creation events), 4TO O3BOJISIET AJIst COOBITHS
4688 NOIY4YUTh apryMEHTHI 3allyCKa M MOBBICUTH JETEKTUPYEMOCTh CKPUITOBBIX aTaK, GKUBYILIHUX 32
CUeT BCTPOSHHBIX cpeAcTBy» (Hampumep, PowerShell, wscript, rundll32) [2].

Bropoii cnoii — pacmMpeHHBINH KypHall COOBITUH Sysmon, yCTaHaBIMBaeMbIH Kak ciiyx0a u
BEAYIIWH JIOTHPOBAaHHE B OTHENBHBIA >kypHal Microsoft-Windows-Sysmon/Operational. Sysmon
oOecrieunBaeT TJIYOOKO KOHTEKCTHBIE COOBITHS, KOTOPBHIE IOBBIMIAIOT Ka4YeCTBO TMOCIEAYIOIICH
Koppemsiuu. [nist 3amycka npomeccoB ¢ukcupyrotes codsitust Sysmon Event ID 1 (Process Create),
coliepKallie KOMaHOHYI CTPOKY, POAMTENBCKHIA Tpolecc, MOyrb K OWHapHOMY (aiiny,
UAEHTU(UKATOPBl Tpollecca W TOJb30BaTells, a MPU COOTBETCTBYIOIEH KOH(PHUTypaluu — XeIlu.
CereBbie COeIMHEHUsI MTPOIECCOB peructpupyrores uepes Sysmon Event ID 3 (Network Connection),
YTO MO3BOJISIET CBA3BIBATH CETEBYI aKTHBHOCTBH HE TOJBKO C XOCTOM, HO U C KOHKPETHBIM MPOIECCOM-
“HUOUATOpOM. [I7isi KOHTpONs M3MeHeHHH B ¢aiinoBoii cucreme npumensercs Sysmon Event ID 11
(FileCreate), a u3aMeHeHHUs B peecTpe, CBSI3aHHBIE C 3aKpEIJICHHEM U MOAU(HKaLUe KOHDUTypaIiH,
¢uxcupyrotcest coopitusamMu Sysmon Event ID 12/13/14 (cozganue kiro4a, YCTaHOBKAa 3HA4YEHHS,
NepeuMeHOBaHUe 3HaueHHUs ). {71 BBISIBIICHHS TEXHUK BHEAPEHHUS B MPOLIECCHI M CKPBITOTO BBIMTOIHEHHUS
noJsie3usl Sysmon Event ID 8 (CreateRemoteThread) u Sysmon Event ID 10 (Process Access). s
HaOJroIeHMs 3a 3arpy3Koi ApaiiBepoB ucnonb3yerca Sysmon Event ID 6 (Driver Load), uto akTyansHO
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MPU TONBITKaxX 00XOAa CPENCTB 3allUThl M BHEAPEHHUS BPEJOHOCHBIX ApaiiBepoB. KoHdurypamus
Sysmon ompexnengercs XML-nonuTukoid 1 MoXkeT ObITh yHU(PHIIMPOBaHA HA YPOBHE OpraHU3aINH: B
Hell 3anatorcs npasuia include/exclude mis coObiTHil ¢ puAbTpaIKeii Mo myTsaM, o0pa3aM MPOIIECCOB,
KOMAaHIHBIM CTPOKaM, CETEeBBIM Ha3HaueHHWAM H T.N. B pesynbrare Windows-ucTOYHHK oOoromaercs
neransiMu (0a30Bbie UIEHTU(HUKATOPHI COOBITHI U3 Security/System NOKPHIBAaIOT HOPMATUBHYIO YacTh,
a Sysmon MOBBIIIaeT HAOII0AaEMOCTh U TOUHOCTh J€TEKTUPOBAHUS Ha 3Tare KOPPEeALrH).

Jyisl onepaIMoHHBIX CUCTeM ceMelicTBa Linux B kadecTBe 0a30BBIX UCTOYHUKOB HCIIOJIB3YIOTCS
KypHansl systemd-journal (journald), cooOmenus nogpcucreMsl syslog, a Takxke MEXaHU3M ayauTa siIpa
auditd. Journald u syslog 3akpbIBalOT 3HAYUTENBHYIO YacTh CHUCTEMHBIX COOBITHI (3aIlyCK/OCTaHOBKA
CEPBUCOB, COOOIIEHUS SI/Ipa O MOAKIIOYECHUHN YCTPOUCTB, CETEBBIC COOBITHS, COOOIICHHS TIPUIIOKECHHUN ),
OJTHAKO KITFOYEBOW KOMIIOHEHT JIsl BHIIIOJHEHUS TPpeOOBaHUK MO KOHTPOJIO JeHCTBUI ToIb30BaTenei
u mpoueccoB — auditd. Auditd pabotaeT Ha ypoBHE Aapa, GUKCUPYS CUCTEMHBIE BBI3OBBI U (HOPMHUPYS
COOBITHS ayuTa, KOTOPHIE MOT'YT MCIIOJIB30BATHCS KaK A pacciaeOBaHUM, TaK U I BBICOKOTOYHOM
koppemsinuu. [Ipaktudeckoe mpeumyiectBo auditd COCTOMT B TOM, YTO OH IMO3BOJIIET OTHCHIBATH
npaBuja GUKCAUU IeHCTBUN HE3aBUCUMO OT IPUKIIAIHOTO YPOBHSA, TO €CTh PETHCTPUPOBATH HE «JIOT
MPUIIOKEHUSD», a hakT oOpalieHus mpolecca K 00beKTY UM BBI30Ba CUCTEMHOro uHTepdetica [3].

[IpaBuna auditd MmoryT 3a7aBaThCs Kak B BUie Habopa IUPeKTUB B (aiinax /etc/audit/rules.d/.rules
¢ mocnenymoouei Kommuiaanued yepe3 augenrules, Tak u Hampsmyto uepe3 auditctl. B mpaBmmax
OTIPEICISIOTCS CUCTEMHBIC BBI3OBBI (HarpuMep, execve, openat, chmod, chown, setuid), puibTphI Mo
apxurekrype (b64/b32), mo monp3oBatento (uid/auid), Mo yCHENIHOCTH BBITIOJHEHHUSI U MO MYTSAM K
obwektam (watch rules). J{st KOHTpOJISE 3amycKa MPOIECCOB IPUMEHSIETCS MPABUIIO AYAUTA CHCTEMHOTO
BBI30Ba €xecve, M03BOJIsIoIIee PUKCUPOBATh BHIIIOTHEHHE OMHAPHBIX (DAIOB U MapaMeTpoOB 3aIlycKa C
MIPUBS3KOH K MOJIb30BATENI0 U TEPMUHANTY. THUIWYHBIM MPUMEPOM SIBIISICTCS MPAaBHUIIO BUA -a always,
exit -F arch=b64 -S execve -k exec_log, rae metka (key) ucronb3yercs IJ1st HOCHeNyrOMEeH GUIbTpaluu
W MapLIpyTHU3alHd COOBITUH MpU OTHPaBKE B CHCTEMY MOHUTOpWHra. [Iyisi KOHTpONSA H3MEHEHHH
KpUTHYHBIX (aiinoB (Hampumep, /etc/passwd, /etc/shadow, /etc/sudoers, xoHpUrypanmii cereBbIxX
CEpBUCOB) HCMONB3YyIOTC Watch-nipaBuna: -w /etc/passwd -p wa -k identity, pukcupyronme onepauu
3allUCH M W3MEHEHUs aTpuOyToB. sl KOHTPOIA ACHCTBHI MJIAHUPOBIIUKA MOT'YT OBITH BBIIEJICHBI
mpaBuia Ha (aiinel /etc/crontab, karamorm /etc/cron W Tonb3oBarenbckue crontab-gaitnel. s
OTCJIeKHMBAHUS TPUMEHEHUS NPUBWIETHH BaKHBI COOBITHSA, CBsi3aHHbIe ¢ sudo (Kak >KypHaJbl
/var/log/auth.log umm /var/log/secure, Tax W ayauT CHCTEMHBIX BBI3OBOB setuid/setgid), a Takxe
CHUCTEMHBIE COOBITHSA M3MEHEHHS pPOJieil M KOHTEKCTOB 0e30macHOCTH, ecnu ucnoibdyercs SELinux
(avc: denied) unu AppArmor [9].

Auditd ¢popmupyer coObITHS HECKOJHKHUX THIIOB, HAaUOOJIEE YaCTO HCIOJBL3YEMBIX JUIS 3a]1a4
monuropunra: EXECVE u SYSCALL g 3amycka TMpoLIECCOB M CHUCTEMHBIX  BBI3OBOB,
USER_LOGIN/USER_LOGOUT/ USER_AUTH JUIs coOBITHI ayTeHTU(HUKAIIHH,
USER_ADD/USER DEL/ USER MOD ans ynpasnenus yderHeiMu 3anucsivmu, SERVICE START/
SERVICE STOP jist ’H3HEHHOTO 1MKIIA cepBUCOB. B nononHenue k auditd BaskHBI cOOOIEHUS siapa
u systemd o moaxmouenun ycrpoiictB (USB u apyras mepudepusi), a TakKe ceTeBble COOBITHS
MOJICKCTEMBl (DUIIBTPAllMK MAKeTOB. B 3aBHCHMOCTH OT peajHM3allid 3TO MOTYT OBITh COOOIIEHHUS
iptables, nftables, firewalld u 3anucu monmcuctemsr netfilter, koTopbie UCTONB3YyIOTCS AJis (pUKcanUn
Ppa3pelIeHHbIX/3a0I0KUPOBAHHBIX COSIUHEHUH M MOMBITOK JOCTYa K HECTaHAapTHBIM mopTtam. s
o0ecreueHus] HEMPEepbIBHOCTU JIOTUpOBaHus B Linux mpuMmensiercss poranus xypHajioB (logrotate),
yIpaBlieHHEe pa3MepoM W BpeMeHeM XpaHeHus journald, a Tawxke Oydepusauus Ha YpOBHE
TPAHCHOPTHBIX CcepBUCOB (rsyslog/syslog-ng) mpu BpeMEHHOH HEJZOCTYMHOCTH LEHTPAIbHOTO
KOJIJIEKTOpa.

Pa3zpaboTka npaBui Koppenssnuu

B cooTBeTcTBHM € M3TI0KEHHBIMH IPUHIIUIIAMH B paMKaX MPaKTHY€CKOH pean3alui pa3padoTaH
nepedeHb MPaBUII KOPPEILUU COOBITHI HH)OPMAIIMOHHON 0€30ITaCHOCTH, peai3yIoNX TpeOOBaHMs
HOPMATHUBHO YCTaHOBIEHHOTO HaOopa THIIOB M 3amuceld coObiTuid. [lpaBuna pa3paboTaHbl Uit
npuMeneHust B SIEM-cucreme RuSIEM u opueHTHpOBaHBI Ha BBISIBIICHHE 3HAUMMBIX aHOMaJIUN U
WHIMJICHTOB HWH(DOpPMAIMOHHOM 0E€30HMacHOCTH B YCIOBHSX (DYHKIMOHMPOBAHHSA peanbHOU
WHQOPMAIIIOHHOM HWHQPACTPyKTypbl oOpraHu3auuu. [IpeacTaBieHHbIe TIpaBHJIA OXBATHIBAIOT
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KIIIOUEBBIE KaTErOpHM HCTOYHHKOB COOBITHH M KJacchl WH(OPMAIIMOHHBIX AaKTHBOB, BKIIIOYas
OMEpalMOHHBIE CHCTEMBI, CHCTEMBbl yIpaBleHHS 0a3aMd JaHHBIX, TEIEeKOMM yHUKAIIMOHHOE
o0opyaoBaHKe, CPeACTBa 3aIIUThl HH(OPMALUN U MPHUKIAJHOE IporpaMmMHoe obecrieuenue. Kaxmnoe
MIPaBUJIO MTOCTPOCHO Ha aHaIu3e (hOpMaTM30BaHHBIX TTOJIeH HOPMATU30BAHHBIX COOBITHI U UCTIONB3YeT
JIOTUYECKHE, CTPOKOBBIE U arperupyrolllie MEXaHU3Mbl KOppeisimM, noijiaepxkuBaemsie SIEM-
cucreMoil. Ciucok pa3apOOTaHHBIX MPaBUII BKIIIOYAET IIpaBHiIa:

— BBISIBJICHHS] HE3AIJIAHUPOBAHHOTO OTKIIFOUEHUS! OIIEPALMOHHOMN CUCTEMBI;

— KOHTPOJISl COOBITHI OCTAHOBKH M aBApUITHOTO 3aBEPILEHUS] CHCTEMHBIX CIY)KO U 1EMOHOB,;

— oOHapy)KeHHs1 (PaKTOB HCIOJIb30BaHHUA HEIOBEPEHHBIX CHEMHBIX MAIIMHHBIX HOCHUTENeH
uH} opMaIyy;

— BBISABJICHUS (DAKTOB TOAKIIOUEHHUs 3alpelICHHBIX NepU(EepPHHBIX YCTPOMCTB M KaHAJOB
nepenavn JaHHbBIX;

— IETEKTUPOBAHUS MOIMBITOK YCTAHOBKHU M 3aITyCKa HEOBEPEHHOI0 MPOrPaMMHOT0 00eCIeueHUsI
¢ MpU3HAKaMU 00X0Ja OTpaHUYeHUI PUBHUIIET Uil

— oOHapy>KeHHs1 TPU3HAKOB KOMIIPOMETAIH YYETHBIX 3allUcell TOIb30BaTEeNeH;

— IETEKTUPOBAHUS AaHOMAIBLHOTO HCIOJNB30BaHMS TMPHUBUJICTHPOBAHHBIX YYETHBIX 3alucei
MoJb30BaTeNeH;

— KOHTPOJIS OIlepanuii co3Nanusl, yaaleHns U MOIU(pUKAIMN YIeTHBIX 3alKceil Mob30BaTeNeH;

— BBISIBJICHUS HEYIaBIIMXCS U OTMEHEHHBIX JAEHCTBUH MOJIb30BaTENEN U NMPOLIECCOB;

— KOHTPOJIS CO3/IaHMs U U3MEHEHMS 3aJaHUi aBTO3aIycKa U MUIaHUPOBIINKA 3a7ay;

— KOHTPOJISl YCTaHOBKH, YAAJICHUS, Mlepe3anycka U ouriOoK 3amycka cry:K0 U CEpBHUCOB;

— IETEKTUPOBAHUS W3MEHEHHWH CHCTEMHOW KOH(Urypaly, CETEeBBIX HACTPOEK M CPEICTB
MEXKCETEBOI0 SKpPaHUPOBAHMS;

— oOHapykeHHs (PaKTOB yJalleHHs )KYPHAJIOB U CJIEIOB ayJdHTa B OIIEPAIMOHHBIX CUCTEMA;

— KOHTPOJISI U3MEHEHUN M IONBITOK HM3MEHEHUs] HACTPOEK CPEICTB 3alUTHl ONEpallMOHHBIX
CHUCTEM;

— BBISIBJICHHS] HECAHKIIOHUPOBAHHBIX CETEBBIX COCIMHEHUHN U YAaIEHHOT O 10CTYNa;

— IETEKTUPOBAHUS MaCCOBOTO apXMBHPOBAHHSA U BBIBOJIA JAHHBIX B ONEPALIOHHBIX CHCTEMAX;

— KOHTPOJIS CECCHI M ayTeHTU( UKAIIMH MTOJIb30BaTElNeH B cCUCTEMaX yIpaBJeHHS 0a3aMH JaHHBIX;

— OOHapyKEHUs MOIIBITOK ayTCHTU(PUKAIUU B CYBJ c HCIIOJIb30BaHUEM
HE3apeTUCTPUPOBAHHBIX YUETHBIX 3aIMCEH;

— JIETEKTUPOBAHMSI MOAO3PUTEIBHBIX aIMUHUCTPATUBHBIX EMCTBUN MOIb30BaTENei B cucTeMax
yIpaBlieHus1 6a3aMy JaHHBIX;

— KOHTpOJIsI ONepanyii HasHAueHHWs M OT3bIBa NPUBWIIETHI MOJb30BaTeleil B cHCTeMax
yIpaBlieHus1 6a3aMy JaHHBIX;

— KOHTPOJIS 3allycKa M OCTAHOBKHU TeJIEKOMMYHHKAIIMOHHOTO 000PYyA0BAHNS;

— KOHTPOJISl I3BMEHEHNH CUCTEeMHOU KOH(PUTypaIMy TENEeKOMMYHHKAIIMOHHOT'O 000pYIOBaHUS;

— BBISIBJICHHS ITOAO3PUTENBHBIX OMNEpaluii C JOKAJbHBIMH YYETHBIMH 3aIHCIMH Ha CETEBBIX
yCTpOMCTBax;

— oOHapyxeHHs (aKTOB yIdalleHHs )KYPHAJIOB U CJIEIOB ayduTa B ONEPAIMOHHBIX CUCTEMAX;

— KOHTPOJIsI U3MEHEHUH M IONBITOK M3MEHEHUs HACTPOEK CPEICTB 3alUTHl ONEpallMOHHBIX
CUCTEM.

Hwxe npoaeMOHCTpUPOBAHO NPABUIO BBIABICHUS (DAKTOB MOAKIIIOUEHUS U OTKIFOUYEHUS
YCTPOMCTB BBOAA/BBIBOAA K ceTeBbIM ycTpoicTBaMm. [loaxmouenune USB-ycTpoiicTB, MOAEMOB H
HAKOMUTENel K CeTeBBIM YCTPOMCTBaM MOXKET MCIOJb30BaThCs Il 00X0/a MOJMTHKHA 0€30MacHOCTH,
3arpy3Kd KOH(PUTypalluii MM BEIBOAA TAHHBIX (JOCTATOYHO paclpOCTapHEeHHbIH ciyyait). Koppensums
(uKcHpyeT Bce olepalyy MOAKIIOUYECHU U OTKIIOYEHHS YCTPOMCTB BBOAA/BBIBOAA.

Huawei: %DEV/5/DEV_ADD, %DEV/5/DEV_REMOVE.

Check Point: USB device inserted/removed.

FortiGate: logid=0100040000.

Cisco: syslog USB insert/remove.

Jloruka paboTHI IpaBuiia KOPPEISIHH:

(

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"

O060011eHHas MOAETb KOPPENIlMU COOBITHI MH(OPMAMOHHON 0€30MacHOCTH MPEICTaBIeHa B

Tabm. 1.
Ta6n. 1. O6o06meHHass MoJeb KOpPpeJasiiuu cOOBITHI HHPOPMAIMOHHOI Ge30macHOCTH
Kareropus Hcrounnk IMpu3HaKH COOBITHS VYcaoBus Koppensauuu BerBisiemsrit
COOBITHS WHIUJICHT
AyTentnducams Windows MHOXECTBEHHbIE >5 HeyJayHbIX TOMBITOK IMox6op mapoms (Brute
T . Security Log / OLIHOKH BXOJa BXOJ1a 332 KOPOTKHUHA Force)
TI0JIb30BaTENeH .
Linux auth.log UHTEPBaJ BpEMEHI
Windows / Vcenenrsslii BXo1 Vcenenrnas KommpomeTarust
AyrenTtudukanus Linux IOCJIE CePUH OIIUOOK ayTeHTU(UKALHS [IOCTIe YUYETHOH 3anmucu
TI0JIb30BaTENeH MHOXECTBa HEYJaYHBIX
MIOTBITOK
VYnpasnenue Active Directory o HecanknmornposanHoe
. Co3nanue HOBOMH Co3aHne moap30BaTens N
YUYETHBIMU / Linux user . CO3JJaHHe YIETHOMH
Y4eTHO# 3anucu BHE pabo4ero BpeMeHU
3aIuCsIMU management 3anucu
JlobaBenne
VYnpasnenue JloGaBnenue B
. . TIOJIb30BATEIIS B Dckananys
YYETHBIMU Active Directory MIPUBUIICTUPOBAHHYIO N
rpymiy TIPUBUIICT Ui
3aIUCSIMU rpymiy
aJIMUHHCTPATOPOB
A P —. Windows Hcnons3oBanue YacTele BBI30BEI [Tono3purensHast
N Security Log / aJIMUHHCTPATHBHBIX MIPHBUJICTUPOBAHHBIX aJIMUHHCTPaTHBHASL
P Linux sudo paB KOMaH]{ AKTUBHOCTh
Windows 3armyck uHC €HTOB
3armycK CHCTEMHBIX Y TPyM BosmoxHas
3amyck nporeccoB | Process Events / aJIMHUHUCTPUPOBAHHS
. . YTHIIUT MO/ITOTOBKA aTaKu
Linux auditd OOBIYHBIM 10JIH30BATENIEM
Windows
H3meHenne Security Policy / H3meHeHne napaMeTpoB
: V3MeHeHue MOJIUTUKH [TombITKa COKPBITHS
CHUCTEMHBIX Linux ayNTa WK MOJUTUKH
. 0e30rmacHOCTH aKTHBHOCTH
HACTPOEK configuration 0e30macHOCTH
logs
Windows Object MaccoBoe uTeHHe bonbloe xom14ecTBo
. . . Bo3moxHas yreuka
Jocryn k ¢aitnam Access / Linux WJIN KOTIUPOBAaHUE orepanuii YTeHus 3a JAHHBIX
file audit daitnos KOPOTKO€E BpeMst
[Tosropstrommecs
. [Tonxmoyenus K o
CeTteBble Firewall / IDS / COeIMHEHNs C Komananelit cepsep
MIOZ03PHUTETBHBIM
COCTUHEHHUS Netflow anpecam HEU3BECTHBIMU BHEIIHUMU (C2)
P y31amu
Maccossie
CereBble .
Firewall logs COCIMHEHUSI HA CKaHHpOBaHKE OPTOB CereBas pa3Beka
COCTMHEHUS
pasHble HOPTHI
Windows
ArnmapatHsie Device Events / [Nonxmouenue [Nonxmogenne USB B [lorennnanpHas yredka
COOBITHS . BHEIIIHUX YCTPOICTB 3aIIUIIEHHOH 30He aHHBIX
Linux udev yerp T A
. [IpunynuTensaOE
3aBepIIeHue Windows / pSaB}e] eHIe OcraHoBKa CITyK0 OTKIIIOYEHHE CPEICTB
IIPOLIECCOB Linux P 0e3omacHOCTH 3aIUTHI

CHCTEMHBIX CIIy)K6

[IpoBeneHHbI aHAIN3 KYPHAJIOB ONEPAIMOHHBIX CHCTEM, CETEBOI0 O0OOpYIOBAaHUS M CPEICTB
3alIUTHl HHPOPMALIUK MTO3BOJIUII BBIJEIUTh OCHOBHBIE KAaTErOpUU COOBITHH, UMEIOIIMX HanOOoblIee
3HAUYeHUe IJIs 3a7ad4 MOHUTOpWHra WH(POpPManuoOHHON OezomacHocTH. K HUM OTHOCATCA COOBITHS
ayTeHTU(HUKALMK TO0Jb30BaTeNeld, yIpaBieHue YYeTHBIMU 3alMCSAMH, HUCIOJIb30BAaHHE MPHUBUIIETHH,
3aIlyCK MPOILIECCOB, AOCTYI K JIAHHBIM U CeTeBble coequHeHus. HecMoTps Ha pasmuuus B GopmaTax
KYPHAJIOB 1 UIACHTH(PUKATOPaX COOBITUI Pa3IMIHBIX OMEPALIIOHHBIX CHCTEM, OONBIIMHCTBO COOBITHI
MOr'yT OBITh MPUBEACHBI K YHHU(UIIUPOBAHHBIM JIOTHYECKUM THUIaM. JTO TO3BOJIsieT (popMupoBaTh
YHUBEpCaIbHbIC MPaBUJla KOPPEIALMH, OCHOBaHHBIE HA CEMAaHTHKE COOBITHH, a HE Ha KOHKPETHBIX
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uaeHTuduKaTopax )xypHainoB. Paspaborannas 0000IeHHas MOJIENb KOPPEISIIMHU CBA3BIBAET KaTerOpUU
COOBITHI, MCTOYHHKH >KYPHAJIOB W YCJIOBHS MX COBMECTHOTO aHalW3a, YTO IO3BOJISIET BBIABIATH
TUTIOBBIE CIICHAPWUU HapylIeHHH WH()OpMAIMOHHOW OE30MacHOCTH, BKJIOYas I[OAOOp Mapoiiei,
KOMIIPOMETAIIUIO YYETHBIX 3aluceld, SCKaNIaliio MPUBUIETHH, MOArOTOBKY aTak, yTeuKy AaHHBIX U
B3aMMOJICHCTBIE C KOMaHIHBIMH CEPBEPaMH 3710 YMBIIIJIEHHHKOB.

3akJjouenue

HccnenoBanne NOATBEPANIO BAXKHOCTh CHCTEMHOTO IOAX0AA K pa3padoTKe IpaBUIl KOPPESIHA
coObiTuil MH(pOpMaIonHoi Oe3omacHoctu B SIEM-cucremax. B ommume OoT TUNOBBIX HAOOpOB
MpaBUJl, OPHEHTUPOBAHHBIX HA YHUBEPCAJLHBIE CLIEHAPUH YTPO3, PEAJIOAKEHHBINA TOAX0 OCHOBAH Ha
ydere  HOpPMAaTHBHBIX  TpeOoBaHMA M ocoOeHHOcTeH  (YHKIMOHHMPOBaHMS  KOHKPETHOU
uHpopManoHHOK uHppacTpykTypel. CQopMuUpoBaHA METOIUKA COMOCTABICHHS HOPMATHUBHO
YCTAQHOBJICHHBIX B COOTBETCTBUH ¢ [Ipuka3oM THMOB cOOBITHII MH(pOPMALMOHHON 0€30MacHOCTH C
3alUCSMU JKYPHAJIOB PAa3lMYHBIX HCTOYHMKOB, YTO OOECIeYrBaeT KOPPEKTHYIO HHTEPIpEeTaluio
COOBITHI Ha YPOBHE CHCTEMBI MOHUTOpUHTra Oe3omacHocTu. Pa3paboran Habop mpaBuil KOppPEIINY,
MIO3BOJIIOLIHIA BBISABILITH CIIOKHBIE CLIEHAPUHU aTaK M HAPYILEHHIA MOJMTHUKY Oe30MacHOCTH. Anipodarius
pa3paboTaHHBIX MPaBWJI IMOKa3aja MX BBICOKYI 3(PQEKTUBHOCTh NMPH SKCIUTyaTallud B peajbHOU
uHpopManoHHOH HHppacTpykrype. [IpuMeHeHHe NpeIoKEHHBIX MPaBUI MO3BOJMIIO IOBBICHTh
CHIBHUTH KOJIMYECTBO JIOKHOIIOIOXKUTEIBHBIX CpadaTbIBaHUN M YIYUIINTH [IPOLECCH pearupoOBaHUs Ha
coObITH HH(POpMAMOHHOH Oe3onmacHocTH. [lonydeHHbIe pe3ynbTaThl MOTYT OBITH UCIIOIB30BAHBI TIPU
MPOEKTUPOBAaHUM U MOJEPHU3AIMKA CHCTEM MOHUTOPHMHIa OE30MacHOCTH, a TaKKe Mpu pa3paboTke
HOPMATHUBHO OpPUEHTUPOBAHHBIX MEXaHM3MOB OOHAPYXKEHHUS HMHIUASHTOB HWH(OPMAIIMOHHOH
0€30aCHOCTH.

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'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIK 519.624.2

KOHEYHBIE PAZHOCTHU B 3AJAYE CUHTE3A BEPOATHOCTHU NPOITYCKA
OIIUBKU ITPU HABJIIOAEHUHU BEKTOPOB INIEPEXO/J10B

N.II. KOBAK

benopyccxuii eocyoapcmeennbiil ynugepcumem un@opmamuky u paouosnekmponuxu, Pecnybnuxa Benapyce

Iocmynuna 6 peoaxyuto 5 anpens 2026

AHHoTamus. B pabore paccMorpeHa Meroauka (GopMupoBaHMs (parMeHTa MPOU3BOIAIIEH
(byHKI_II/II/I JUIL BEPOATHOCTHU IIPOITYyCKa OIIMOKHU npeaiiaraeéMbiM METOAOM CBCPTKH. HpI/I 3TOM
WCIIONBb30BaHbl YaCTHBIE peajn3alud (QyHKIUH mpapgomonodust. Jns  jgocTmwkeHus
MIOCTABIICHHOM 11T MPUMEHEHA METOIMKa CHHTE3a KOHEYHBIX Pa3HOCTEH C IOCIeAyromeit
MOJICTAHOBKOH Pe3yJIbTaTOB B HCXOAHOE paBeHCTBO. OCHOBHOE Ha3HAUYEHHUE MOJTYYSHHBIX
PaBEHCTB 3aKiIOYaercsi B BO3MOXKHOCTH  ONpENeNeHHs YHUCISHHOrO 3HAYCHUS
HHTETPaJIbHON IUIONIAAN MO KpUBOW IUNIOTHOCTH PACHpE/IEIeHHUs BEPOATHOCTEN MPOITycKa
OMUOKKM MpH HAONIOJEHUH BEKTOPOB IEPEXOAOB. 3aJaHHbIE CHUCTEMOW HaOIIOIEHUS
BEKTOPBI pacCCMaTPUBAIOTCS B JAaHHOW 3a/1a4€ B BHJIE ITOJMHOXKECTBA CIIOKHBIX COOBITHH B
MHOXECTBE BCEX BEKTOPOB IIEPEXOM0B.

Knrouesvie cnosa: MIpOnU3BOAAII A (1)yKI_II/I$I, CJIOXKHBIC C06LITI/I$I, BEKTOPBI IEPEXOJ0B, BEPOATHOCTH
npomycka OIJ_II/I6KI/I, HHTErpaj CTCIICHHOr' O psAaa, (1)aKTOpI/IaJ'H>HI>Ie MOMCHTBI.

BBenenue

Kak nmpaBuimo, B OCHOBHOH Macce MEpEJaBacMbIX COOOLICHUN  MCIOJb3YHOTCS
UAeHTU(UKATOPEl HAa OCHOBE BbIOOpOYHBIX GyHKUME [1] wimm JuHeWHOW cBeprku [2],
XapaKTepPU3yIOIIUX CBOMCTBA COOOLIEHUH KOHEUHOW [UIMHBL. JlaHHBIE NOAXOHBl ONPENENIAIOT
HEOOXOJMMOCTh aHAlIU3a AJTOPUTMOB CHUHTE3a KOHTPOJIBHOH CBEPTKHM C YY4ETOM psa HaydHO-
TEXHUYECKUX HallpaBlleHUH. B yacTHOCTH, IIPH KOHKPETHON peann3aluy cooOLIeHU HeOOXOAUMO
3HAaTh YpPOBEHb KOJIM3UH (MM OOHApYXUBAIOIIUE CBOWCTBA) TOYEUHBIX OLIEHOK MIIM JIMHEHHOH
CUTHATYpBl. DTO MO3BOJSIET COKPATUTh BpeMs HAa IOUCK M HCIPABICHUE BO3SMOXHBIX OMIMOOK B
Cilydae HEIpeIBUICHHbIX UCKaKeHUH naHHBbIX. C 00IETeOpeTUUECKOH TOUKH 3pEHUs] HEOOXONUM
CHCTEMHBIH aHalU3 CBOMCTB OLEHOK Ha OCHOBe IpousBoisamux (ynkiumii (IID). Pesynprarom
TaKMX UCCIIEN0BAaHUI ¢ y4e€TOM IPUHLHUIIOB (hOpMaIM3aLMU 3aBUCUMOCTEH ABIISETCA BO3MOXKHOCTh
BpIOOpa Haubosnee H(P(EKTUBHOIO U3 AITOPUTMOB KOHTPOJIBHOIO KOJUPOBAHUSA IIyTEM
COIOCTaBJICHUS CBOICTB KOJIOB 1O PsiIy BIOpaHHBIX IOKa3aTenei [1]. B HEKOTOPBIX cioydasx Impu
a0OHEHTCKOM OOMEHE JaHHbIMU Ha ()OoHEe HIymMa HEOOXOAMMO 3HATh TEOPETUUECKHE YPOBHU
BEPOATHOCTHBIX IIapaMETPOB TAaKUX KaK MAaTEMAaTHYECKOE OXHUJAaHWE, Moja M IUIOWaib IIOf
UHTErpalbHOW KPUBOU IJIOTHOCTH PacHpesiesieHus BeposiTHOCTel omubku. OJHaKo, IpUMEHEHNE
HOBBIX METOJ0B UieHTU(UKanuK (B 4aCTH 000CHOBAaHUS L1€1€CO00Pa3HOCTH) KaK IPABUIIO TPeOyeT
BECbMA CIIOXKHBIX BBIYUCICHUH 111 (OPMUPOBAHUS YMCIEHHBIX 3HAYEHMH IPOM3BOJSALIMX
GbyHKIMH.

B cBs3u ¢ ykazaHHBIMU OOCTOATENbCTBAMM B JAHHOM paboTe paccMaTpUBAETCS METON
CHHTE3a TOUEUHBIX OLIEHOK BEPOSTHOCTH HAOJIOIEHUs BEKTOPOB IEPEXOJOB 3aJaHHOIO BUAA
(BII3B) ¢ 1emnbto NOCIEAYIOMEro HHTErPadbHOIO CPAaBHEHUS CBOMCTB MIPE/ICTaBIAEMOMN (YaCTHOI)
CBEPTKU C OOIIEU3BECTHBIMU MeToAaMU uaeHTH(uKanuy. OIHAKO MHOXKECTBO IMPOMEXKYTOUHBIX
BBIYUCIIEHUH, HEOOXOOUMBIX JUI pelleHus Bcell 3anauu cunresa 1@, npuBOAUT K BO3MOXKHOCTU
Ipe/ICTaBICHUs] B JAHHOU CTaThe TOJIBKO YAaCTHBIX MOMEHTOB PELICHUs AaHHOW mpoOiemsl. IIpu

sToM uncio BII3B B nauHoif 3anaue pasHo J =1.
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Pa3zHocTH 1)1 HUKH el rpaHUuIbI BEPOATHOCTH MPOITyCKa O OKM

HwxHss rpanuia i1 HHTErpaia MIOTHOCTH PaclpeieieHs] BEpOITHOCTEH MPOITyCcKa OIUOKH
JUIsI BCEX 3HAYCHUI paspsAIHCTH BEKTOpOB »>1 ompenmensercs MakCHMAaJbHOW BEIUYMHOMN

7~

napaMeTprIecKol OPTOHOPMHUPOBAHHON BEPOATHOCTH — MPU ¥=2, 4TO CIEAYET U3 TPUBHAIbHBIX

it
MOJICTAHOBOK IApaMETPOB 7 U 4 B IPUBEACHHYIO (hopMyily. 31ech 4 3TO YHCIO OUT Iepexosa Buia
01 B peructpupyemoii mape BEKTOpOB.
Paccmorpum Teneph pa3HOCTh JABYX OOBEKTOB C YYE€TOM PE3yJabTaroB [3], ONpemessroimmx
(YHKIMIO MPaBIoNoa00Hs I YiciIa BEKTOPOB NepexooB ¢ j =1 u Npou3BONbHBIX 3HAYEHHIT i

%Bi _2i_1+2l3i+1 :%BiJrlﬁ[(l-i_m)Hl _(1_m)i+1:|_
| ! " i+
‘FW[(HM) - (1-vT=4p) ]

COOTBETCTBEHHO IIpH 3aJaHHOM BBIIIC YPOBHE BEPOATHOCTU p AOCTATOYHO IIPOCTO IIOTYYUTH
COOTHOLICHUEC

1 9 1 5 i 5 i
—_B, ol R o O
2l+2 BH'I 2l+1 B 2l+1 [ Sj [ Sj

IToTyunM YacTHBIE peaM3aluy JAHHOH Pa3sHOCTH, BhIPa3HMB Bee 3HaueHus mis [ =3,4,5 uepes

SIIEMEHTBI FB[’ i=2,3,4, torma

2 2
1 1 9 1 5 5
B =By =5 [ 1+ 5 | - 1=45 | |-
P b 16023[ Sj [ 8}

1 5) 5)
2 Y Sl I R )
25B4 221+1 ( 8 [ 8}

1 IR 5) ]
FB5 221+1 [14_\/; _[1_ gj '

-

Jnst rpaHUYHOr O 3HaYeHUS TapaMeTpa [ UMeeM

1 5) 5)
FB“ il Zz”1 [ \/;j _[1_ §j '

JlaHHBIe PaBEHCTBA MPENIOJaraloT CyMMHPOBAHHE PSAAOB OSCKOHEYHOH BBIOOPKH C YYETOM
MIPUBEACHHBIX COCTABIIIOMINX MPOU3BOAAIIEH QyHKHN.

CymMmupoBanue (pakTopuajJIbHBIX MOMeHTOB B [1M

Jns nepBoii cyMMbl MOMEHTOB B I1d, cOOTBETCTBYIOIIEH IIEPBOM CTENIEHU BEPOSATHOCTU P
3aMuiIeM paBeHCTBO BUAA
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0,5n—np
1 1 1 1
PF, =M0+{&1p(1+?ﬁz+2_4B3+"'+2n_-2Bn—3+FB"‘2)} ’

rze 3Hauenne & =1— p, uro cuexyer u3 KBaapaTUIHOM GOPMBI 11l TAPAMETPHYECKON BEPOSITHOCTH.
CymmupoBaHue (pakToOpHaIbHBIX MOMEHTOB B CKOOKaX MO3BOJIAET C()OPMUPOBATH PABEHCTBO

1 1 1 1
_B B3+ +2,,2B -3 FBn—zz

23
5) 5)
=(n-3) 23 Z 21+1 (1+ gj _[1_ gj +

1 [8 5\ 5\
Tzl 1+ | | 1=z .
2 5 8 8
Brruncium BEIYUTaEMBIH 3JIEMEHT JaHHOTO psifa Ipeodpa3ys ero K BUILy
Z \/g 1 l_l\/g 1 Z \/g 1 l_l/\/g 1
05 2 2\8 05 2 2\V8 )|
[Ipu 3TOM U151 YIIPOIICHUS PACYETOB BBEAEM COKPAI[CHHE BHIA
o (1 1[5) (1 1[5) 261 1[0 )
ol IR e E e Y e e a
0= |12 2V8) |2 2Vs 1024 2V 1604

B JaHHOM COOTHONIEHMH yuTeHo, uto npu I =2,3,4 TOuHOE 3HAUEHHE BBIUKCIAEMOTO

261

napamerpa paBHO . Takum 00pazoM, HIKHHI IpeIesl CYMMHUPOBAHUsI OKa3bIBAECTCS PABHBIM IISITH,

a BBIUMTACMBIN JICMEHT

5
l—l\ﬁ =1,259-10°°
2 2V\8

JUISl TaHHOU U OoJiee BRICOKUX CTETICHEH He yIUTHIBAETCA.
Tenepp, UCTIONB3ysl NPUHLIUI CYMMHPOBAHHUS apr(PMETHYECKIX IPOrpecCHii, MOXKeM 3alHucaTh

i=2,3,..,n-3, (a2+a3+a4)+aS+...+a”_3+a”_2

CoOTBETCTBEHHO MOTy4aeM:
43
(n—2) 261+1 9 pr 1 —a21 a =(n—2) 261+667 928( _2).
1024 2 160 l-a l-a 1024 1024 1024 W

Hanee OyneM y4HTBIBaTh, YTO JAHHOE 3HAUEHHUE COOTBETCTBYET PABCHCTBY (1 - p) (n - 2) .

CyMMHpOBaH]{Ie PAI0B BbIYMMTAa€MbIX MOMECHTOB B (l)yHKlIl/Il/I HpaBIlOHOIlOﬁ](IﬂB.

BTOpOfI SJIEMEHT BBIYUTAEMOI'O B CYMME€ MOMEHTOB IIPEACTABIISIETCA CO 3HAKOM IIJIFOC U UMECT
BU]JT
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gL oL LY (1 1 f5)
0= 3\1e0 [2+2\/;j [2 2\/3 '
1077

IIpu 5TOM A7 TpEX MEPBBIX 3JIEMEHTOB CyMMBI UMeeM 3HaueHue — — . OcTallbHbIE CllaracéMble
1024

BBIUUCIISIEM IO YIPOIIEHHOU (hopMyie
1) =T+ 3 g -
1024 2
JlaHHOE COOTHOIIICHUE MO3BOJISAET 3aMUCaTh PABEHCTBO C YIE€TOM IPOrPECCHH

N 1077 1 /i
f(z)——1024+2 16Oa[501 +6a’ +...+(n—3)a"" }

COOTBETCTBEHHO, HUCIONB3Ysl MEXaHW3M HMHTErPUPOBaHUS PANOB W Aub(epeHIpOBaHHS
CYMMBI, IMEEM

6

[SIa +6ja +..+(n- 3).f ] a +a®+..+a" )

l-a

0 a° 1 -2
— =6a’ +a6(1—a) . )
dal—-a l-a
UucieHHOe 3HaUYeHHe MPOn3BoasIIel HYHKINH C Y4eTOM NPUBEISHHBIX BhILIE pe3yapTaToB (1)
1 (2) MOeT OBITh OnpeAesieHo 1o hopmyre

928 1077
PF, = Mo+ 1+— -2 -2+ ——+
0 {ép( (n=3) 1024( 2+ 1024

1 9 1 0,5n—pn
+— —(6a5 +a6(1—a)_2j} = Mo +(0,966)" .
2 V160 l-a

B npuBeneHHBIX BEIUMCIEHUSX UCTIONB3YETCsl HECYIIECTBYIOIIMIA MOMEHT JUIsl [ = 1 — 3 4TO HE
BHOCUT IIPAKTUYECKU KOPPEKTUBOB B IIOIy4EHHBIE PA3yJIbTAThI.

3akjouenue

B mpencraienHolt pabore paccMOTpEHbI KOHEYHBbIE Pa3sHOCTH (PAKTOPHUATIBHBIX MOMEHTOB,
XapaKTEpU3YIOUIUX MapaMeTphl OL[EHOK C TEOPETHYECKOW TOUKHM 3peHus. Vcnosab3yeMble aaropuTMbl
npeoOpa3oBaHMsl CIOKHBIX PSIOB IMO3BOJWIN C(HOPMUPOBATH YACTHBIA ciydail mHpouBOAALIeH
(GYHKIMH, COOTBETCTBYIOLIEH HAOIIFOICHHIO BEKTOPOB MepeXxoaoB ipu j =1.

[TonyueHHBIN pe3ynbTaT, C y4ETOM OJJHOBPEMEHHOI O HE COBNAJICHUS B CyMM€ MOJIbl U 3HAUEHUS
mapamerpa B CKoOKaX, CBUETEILCTBYET O BEICOKMX BEPOSTHOCTHBIX ITOKA3aTeNsIX OLEHOK Mpu 71 >> 1
BepositHocTH HaOroeHus: BII3B B kaHanax 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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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIIK 004.932 + 531.71

MOAEJIb OITPEJAEJEHUA IMCTAHLIUU 10 OB BEKTA B
KBA3HCTAIIUOHAPHOM MHOFOPOEOTHQﬁ CUCTEME BE3 OJOMETPUU
HA OCHOBE COI'TACOBAHHOU TPUAHTI'YJISIHUA

I1. TO', M.1. 30PBKO', C.B. JUTBUHOB?, B.IO. IBETKOB!

1 — Benopycckuii 2ocydapcmeentblii yHugepcumem ungopmamuxu u paouodrekmponuxu, Pecnyonuxa benapyce
2 — Xonoune «ABB», Poccuiickas ®edepayus

Iocmynuna 6 peoaxyuto 12 anpens 2026

AHHoOTanms. PaccMaTpyBaroTCst MOJIEIN ONPEEIeHHs JUCTAHIUU 10 00BEKTa OKPYKEHUS OHUM
pOOOTOM U B JELIEHTPAIU30BaHHON caMOOpraHu3yoLieiics BUAeOo-LEeHTPUIECKOH MHOrOpOOOTHON
cucteMe MHOropoborHoil cucreme 0e3 ogomerpuu (POM-MRS), dyHkumonupyoomeii B
KBa3UCTALMOHAPHOM pexKMMe. [l MOBBILIEHUS TOUHOCTH ONpPEAEIeHHs AUCTAHIUU 10 00bEeKTa
okpyxeHuss B POM-MRS paspaboraHa Mozenb Ha OCHOBE JIOKAJIbHOH COIJIacOBaHHOI
TPUAHTYJSIUM C aHATUTUYECKOH OLEHKON OIMOOK U3MEPEeHUll U MPOTOKOIbHO-T€OMETPUIECKON
BepupuKanued TIUIOTe3 O JETEKTUPOBAHUM areHTOB, ONHUCHIBarolias Oa3oBble (QyHKIMY,
[O3BOJAIOIIUE IIOCTPOUTh  OOIIMH  adrOpPUTM  ONpEeAENeHUs AUCTAHLUM:  ONpPEACICHUE
pacnpeeneHHoro crepeobasuca; BBIUUCICHUE AUCTAHLUM 0 OOBEKTa OKPY)KEHUS; JIOKalbHas
COIJacOBaHHAsl TPUAHTYJISILMSL, BKIFOYAOIIAs BBIOOP OLIOPHOIO areHTa (CTaTH4ecKas ONTHMU3aLUs
JIOKAJIbHOI'O PacIpe/ieNIeHHOr0 cTepeoda3uca) U YINpaBiIieMoe HEepPEeMELICHUE OIOPHOIO areHra
(IMHaMupueckas ONTUMM3alUs  PAcIpelelIeHHOIO cTepeodas3uca); JIOKalbHas BHU3yalbHO-
IPOTOKOJIbHAs UAECHTU(DUKALIUSA areHTOB Ha OCHOBE NPOTOKOJIbHO-T€OMETPUUECKON BepU(HUKaLIUU
runore3 o6 ux jgerexruposaHuu. Iloka3aHo, 4TO HNpesIOXKEHHAsT MOJIENb, IO3BOJIIET YMEHBUIUTD
OLIMOKU OIpeNeNeHUs] NUCTAHIMU A0 OOBEKTa OKPYKEHHs 110 CPaBHEHHUIO C OZHOPOOOTHBIMU
MOZESIMM Ha OCHOBE OJOMETPUM pa3IMYHOro BHAAa M u3BeCcTHbIMH MozemiMu POM-MRS c
KOMIIJIEKCHBIM HEHPOCETEBBIM JETEKTHPOBAHUEM ar€HTOB.

Knrouesvle cnosa. OnpeaciICHuC JUCTaHIUH 10 06T>CKT3., BHUACO-LICHTpHUYICCKAsL
CaMOOpraHusyromascs MHOl"Op06OTHa$I crcrema 6e3 OJIOMETpPHUH.

BBenenue

[oBplIeHHE TOYHOCTH ONpefeNeHus AWCTAHLUMH 10 OOBEKTa MMEeT KPUTUYECKH BaKHOE
3HAYEHUS AJIS TOCTpOeHUs 3 PEKTUBHBIX CHCTEM JIOKaTH3auuu 1 kaptupoBanus SLAM (Simultaneous
Localization and Mapping) [1-4]. I[IpeoOpa3ys CHUrHaJBI CEHCOPOB B TOHMMAaHHE OKPYKAIOLIETO
mpocTpaHcTBa TexHonorus SLAM mo3BossieT MOOMIBHOMY POOOTY OPHEHTHPOBATHCS B POCPAHCTBE.
Camoopranmsyromasicsi MHOropoootHas cucrema (SMRS — Self-Organizing Multi-Robot System)
onupaercs Ha TexHonoruro MA-SLAM (Multi-Agent SLAM), MO3BOJISIOUIYI0 areéHTaM COBMECTHO
OLIEHUBATh U CHHXPOHHU3UPOBATh MOHUMaHHE OKpyxeHus [4—7]. ucraHims 10 0OBEKTOB OKpYKEHHS
WCIONB3YeTCs AJIs: BBIYMCICHHS KOOPIMHAT M PETUCTPALMU Ha paclpeneieHHON KapTe oOBeKTa ¢
WCIOJb30BAHUEM H3BECTHBIX KOOPJHMHAT M OPWEHTALM areHTOB WM HW3MEPEHHOr0 C TMOMOIIBIO
OJIOMETPUH TepeMEelIeHNs] OAUMHOYHOTrO poboTa (3a7ada KapTUPOBAHMs); BBIYMCICHHS KOOPAMHAT U
OpPHEHTAIlMY areHTa WIK OJUHOYHOro po0oTa ¢ HCIOJIb30BaHUEM KOOPAUHAT HAOM0JaeMOr0 00BEKTa,
B3ATHIX M3 paCIpelNesieHHOH KapThl TOCie ero uIeHTUUKauu ¢ OoOBEKTOM KapThl (3agaua
JIOKAJIN3AINN ).

SMRS Ha ocHOBE MaJllOpa3MEPHBIX areHTOB UMEIOT OTpaHMYEHHbIE BOZMOKHOCTH IIPUMEHEHUS
rabapUTHBIX BBICOKOTOYHBIX KOMOWHHPOBAaHHBIX CEHCOPOB: BBICOKOTOYHBIE JIUIAPHI U POMBILILICHHBIE
CTepeoKaMephl UMEIOT 3HAYMTEIbHBIM BeC U 00beM (MaJCHBKHI areHT He 00JajaceT JTOCTaTOYHOM
IPY30MOABEMHOCTHIO U TOJIE3HOW TUIOMIAJBIO I UX Pa3MEIICHHs); «YMHbIE» CEHCOPhI C aKTHBHBIM
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W3Ty4YeHHEM M BCTPOCHHBIMH BBIYUCIUTEIAMHU JUIA OOpaOOTKH M300paXEeHUH MOTPEONISIOT MHOTO
SHEPruu (Il Malopa3MEepHOro areHra ¢ HeOOJbIIOW aKKyMYJISTOPHOH OaTapeell 3TO KPUTHYHO
CHIDKAeT BpeMsi aBTOHOMHOH pabotel). B [7—11] onucansl BapuaHThl Buaeo-neHTprudeckux SMRS (V-
SMRS), B KOTOpBIX areHThl OCHAIIAIOTCS OJHOW MOHOKYIApPHOH kamepoil. B V-SMRS y arenra
OTCYTCTBYET mpsiMasi MHPOpPMAaLUs O TIyOWHE OKpY)KeHHs (pacCcTOSHUSIX A0 00BEKTOB) — mpodiieMa
MoHOKyisipHoro SLAM u BuzyanpHON onomerpun. OnHako, TexHoiorus MA-SLAM no3Bosisier He
TOJIbKO KOMIIEHCHPOBaTh HEJAOCTATKA MOHOKYIISIPHOM KaMmepbl, HO W TOJYYUTh PsiJi MPEHUMYILECTB,
CBSI3aHHBIX C TUHAMHYECKUM paclpeelIeHHbIM cTepeo0a3ncoM (peryinmpoBaHue crepeodasznuca Mex Iy
areHTaM¥ JJI1 TOBBIIICHUS TOYHOCTH TPHUAHTYISIMH); YCTpPAaHEHHWEM HEOMpPEAEIeHHOCTH MacmTada
(crepeoba3uc MeX Iy areHTaMH MOXET OBITh OIPEeeNieH ¢ IOMOILBI0 MOHOKYIISIPHOM BHUI€OKaMephI 110
H3BECTHOMY pa3Mepy 00beKTa); COTJIACOBAaHHOM TpHaHTysAuel (HaOmoaeHne 00beKTa moj pa3HbIMU
yrpaMi MHO)KECTBOM areHTOB MO3BOJISIET YMEHBIINTD OMIMOKY ONpeAeIeHUs JUCTaHINHU 10 00BeKTa 3a
CUET CTAaTHCTHUYECKOW 00paboTku ¢ ucmonb3oBaHueM ¢uinbTpa Kanmana). OcHOBHOHM mpobiiemoit V-
SMRS siBnsieTcs CHHXpOHU3ALMs! pACHpPEEIEHHbIX H3MEPEHUM.

Pannue meronpl opranuzanmuu V-SMRS wucnonbs3zoBanm, Kak NpaBWilo, IEHTPATU30BAaHHYIO
MOJIeNb JIOKANW3allid areHTOB W (OpMHUpOBaHUSA KapThl. Hampumep, mpennokeHHBIH B [6] MeTon
UCIONB3YyeT O0BEKTHI OKpyKeHUs BJIA B KkadecTBe OpHUEHTHUPOB, pemas mpodieMy macmrada u
nepexofa K METPHYECKHM pa3MepaM ¢ MOMOLIbI0 0apOMETPUUECKOro BHICOTOMEPa W MHEPIHATBbHOU
CHCTEMBI, a MPOo0IJIeMy ONpEeAeICHHUS B3aUMHOT'0 MOJIOKEHHUS ar€HTOB — C IIOMOILBIO CepBeEpa Ha OCHOBE
comocTaBieHus 00mux 3D-Touek OKpyKeHHs.

B ormenbHblif kiacc Beigenstorcss V-SMRS 6e3 omomerpunm — POM-MRS (Pure Optical
Monocular Multi-Robot System), areHTsl KOTOPBIX OCHALIEHBI TOJIHKO MOHOKYJISIPHBIMU KaMepaMH H,
MI03TOMY, MOTYT HMETh KOMIIAKTHOE HcIoMHeHHe. B coBpemeHHplXx koHueniuix POM-MRS
npeo0JagaloT JeleHTPaTU30BaHHAs MOJIENIb U KOMIUIEKCHOE HEHpOCeTeBOe AETeKTUPOBaHUE areHTOB
(Bkmovaer oOHApyXeHHe, TPEKUHI, CETeBYI0 WACHTHU(HKALUIO, PACHO3HABaHHE OTHOCHUTEIBHOMI
OpHEHTAIINM) TIPH ONPEJEICHUN PaCIpeIe]ICHHOro crepeofa3uca ¢ IMOMOIIBI0 METo[a O0paTHOM
MPOEKIMK (MOHOKYJIAPHON NaJbHOMETPUH) MO MX M3BECTHBIM JIMHEHHBIM pa3MepaM WM U3BECTHBIM
pa3MepaM MapKepoB Ha Kopitycax areHToB [12]. s uaeHTH(HKAIUU areHTOB B TaKHX CHCTeMax
(YCTaHOBNIEHHSI COOTBETCTBHS MEXKIY M300pOKEHUSAMH areHTOB M WX CETeBbIMH aJpecaMu)
WCIONB3YIOTCS MapKepbl W MHAMKATOPHl Ha KOPIyCaxX areHTOB, a TaKKe COBMECTHO Ha0I0IaeMble
00beKkThI OKpykeHus (uepe3 pynkimnu MA-SLAM) [4]. KommiekcHOe HelipoceTeBoe IETEKTUP OBAaHUE
areHTOB MO3BOJISIET CYIIECTBEHHO MOBBICUTH TOYHOCTH OIPEAETICHUS cTepeoda3mca, HO Ha MalbIX
JUCTaHIUAX (0 7 M TPU UCMOJB30BaHUH LIMPOKOYTOJBHOM ONTHKH), YTO HE BCETAa COTJIACyeTcs C
JUCTaHLIUAMH J0 OOBbEKTOB OKPY)KEHHS U MOXET MPHUBOAUTH K OONBIINM OMIMOKAM MX HU3MeEpEeHHS.
Ucnonb3oBanue 11 UICHTU(UKAIMH MapKepoB U OOBEKTOB OKPYKEHHS TaKKe OrpaHHYUBacT
paccrosiHue MEeXAy areHTamu. MHAMKAaTOpBl AEMAcKUPYIOT areHTOB M HE MOTYT HCIOJb30BaThCsi B
HEKOTOPBIX MPUIIOKEHHSX.

Henpro paboThl sBISETCA ONpeEeNeHne OrpaHuueHU WCIIONb30BaHUS MOJIENEH OmpeeNeHus
JCTAHLIUHU 10 00BEKTA OKPYKEHHUS B OJHOPOOOTHBIX 1 MHOTOPOOOTHBIX CHCTEMaX.

Moneaun onpeaeJaeHuss TMCTaHIMA 10 o0beKTa OKpPY:KCHUA B 0[[H0p060THI>lX CHCTEMax

Jns onpezpeneHus] TUCTAHIIMKM IO HEMOABIKHBIX OOBEKTOB OKPYXKEHHS B OJHOPOOOTHBIX
cucremax (SRS — Single Robot System) mocrarouno s¢dexruBHa Tpuanrymsuus. B SRS aucranmus

Do () or poGora mo obbekra ompenemsiercs (ouenka Dp(f) mmi D (t,)) ¢ ommbKoii
Ep(t) =‘Do ()= Do (1, )‘ C TIOMONIBIO TPUAHTYIISIANA U COMOCTABJIEHUS JBYX MEPEKPHIBAIOIIUXCS

M300paXeHnii — cTepeonape {IO (). 1o (tz)} (puc. 1), HONydEHHBIX B pe3ylbTaTe MepeMelleHHUs

B(t1 ,tz) = ‘CZYX (tl) —Cryx (tz )‘ poboTa MEKIy IPOCTPAHCTBEHHBIMH KoopamHaTamu Cyyy (f) H

Czyx (f2) B MOMCHTBI BpeMeHH f, U 1,, u3MepsieMoro (ouenka B(1,t,) crepeobasuca) ¢ MOMOIIBIO

MEXaHUYECKOM, HWHEPLUHUANbHON, BU3yaJbHOH M JAPYTHX BHJOB OJOMETPHM C  OMIUOKOU

Eg(1.1;) =‘B(tlﬂt2)_B(tlﬂt2)
ycnoBuit n3mepenus [13]

, 3aBUCSIIEH OT KadecTBa H3MEPUTEIHHOM CHUCTEMBI U CIIOXKHOCTH
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sin(ao (13 ))

sin(ao (1) +ao (1 ))

Do (t)=B(4.t,) , ()

rae oq (1), 0g(fy) — OLEHKH yrioB Ha OOBEKT I MONOKEHMH pOGOTa B MOMEHTBI BPEMEHH # 1 1, ,

onpenensembie mo  msobpaxenwam  {Io(f).1o(t,)} ¢ ommbramm E, (t)=‘oco (t)—aq(?)

OTHOCHUTENIbHO UCTHHHBIX 3HaU€HMI yII0B Ha OOBEKT Ol (Zl ) , 0o (Zz) , KOTOpBIE 3aBUCAT OT B (tl,tz) :

ao(h)=/(B(tity)), ao(t)=rf(B(t.t,)).

Puc. 1. Cxema onpesieieHys IMCTAHIUK 10 00beKTa B SRS Ha OCHOBE TPHAHTYIISIUN
U3 sopaxenns (1) cuenyer, uro Ep (4)=f(Eg(f,1,).Ey (1), Ey(1,)). Oumbxn Eg(1,1;)
olpezeneHns cTepeobasuca B OXHOPOOOTHBIX CHCTEMAX PACTYT JMHEIHO ¢ yBenndenreM bl Lg (¢, )

MyTH po6oTa 3a MHTEPBAJT BPEMEHH MEXKLy MOMEHTaMH # 1 ,, T.e. Eg(f,t,) = f(Ls(4;.1,)) . 3nauenms

O OTHOCHTEJILHBIX TIOTPEIHOCTEH U3MEPEHHUs TIEPEMENIEHHS C TOMOIIBIO OJIOMETPHH PA3IMYHOTO TUTIA
JUISl HEKOTOPBIX OJJHOPOOOTHBIX CHCTeM TpuBeeHb! B Tabmme 1. [14-20].

Ta6n. 1. OTHOCHTe/AbHBIE NOTPEIIHOCTH ONpe/ieeHUs MepeMelleHUus: podoTa

R | T I | T | Th | T | Ty 0, % N
[14] W M P H|D|m - 2,0 WM/PHDmO
\% P H| D |m — 1,4 WV/PHDmO
[15] W A% O|H|D|w — 5,2 WV/OHDw(
L |w — 3,0 WV/OHLwO
[6, W M P H|D|w - 7,0 WM/PHDw0
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 8,4/1,2 WIm/OMDw15 / WIme/OMDw15
D | w/| 20 15,8/1,2 | WIm/OMDw20 / WIme/OMDw20
D | w | 30 31,4/0,5 | WIm/OMDw30 / WIme/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 \% (@) T | D/| - 3 1,6 QV/OTD-3
D | - 5 1,7 QV/OTD-5
[20] W \% P F D | w — 53,1 WV/PFDw0
M P F D | w — 900 WM/PFDw0
\% O|M|D|w — 14,8 WV/OMDw0
M O|M|D|w - 18,5 WM/OMDw0

B Tabn. ucnons3oBaHbl ceqyronie 0003HaYeHHsA: R — CChUIKA HA UCTOYHMK; T — THII poOoTa,
Tx ={W, Q} (W — xonecHsli pobot, Q — kBagpokonrep); T, — TUIl ofoMeTpuH, 7= {M, V, Im, Ime}
(M — mexanmdeckas, V — BuU3yanbHasi, Im — koMOMHUpOBaHHAs WHEpIHMAJbHO-MeXxaHndeckas, Ime —

68



KOMOUHUpDOBaHHAs DJIEKTPOHHAs HMHEpLUUaNbHO-MeXaHH4ecKas); JTg — THI  OKPY)KAIOILIEro
npoctpancTBa, Ty ={P, O} (P — nomemenue, O — OTKpBITOE MPOCTPAHCTBO); T~ — Ka4eCTBO MOKPHITHUS
(cpensr) muist nepemenenus pooora, 7-={H, M, S, F, T}(H —xxectkas, M — cpeanuit necok, S — KaMeHb
u necok, F — menkuii necok, T — TypOynentHocts (a1 Ty =Q)); T — Tun Tpaekropuu, T ={D, L}
(D — npsimas, L — nukmuueckas); 7, — KauecTBO cLeIieHus koiec, T, ={w, m, s} (W — crnaboe, m —
cpelHee, s — CUIbHOE); O — OTHOCUTEIbHAS MOTPENIHOCTD ONpEIEIEHUs pacCTosHusA; N — 0003HaYeHHE
BAPHUAHTA KOMOMHAIMKY OJHOPOOOTHOM CUCTEMBI C OIOMETPUEN OIPENENEHHOro TUIA (Iapamerpsl Ty |
T,) ¥ ycnoBui m3MepeHus crepeobasbl (mepemernenus podora) (mapamerpsl Tg | T | T [Ty ) Ty —
HEPOBHOCTHU MOBEPXHOCTH (CM) UM BhicoTa monera (M) ansa Ty =Q. Cucremsl [14, 15] ucnons3yror

W3BECTHBIE PACCTOSIHUS OT KaMephl /10 IOBEPXHOCTH, BU3yajbHas ooMeTpHs B cucteMe [20] ocHOBaHa
Ha aHaJlu3e U300paKEHHs TOBEPXHOCTH.

U3 Tabn. crmemyer, 4To HauMOOJBIIYIO TOYHOCTH H3MEPEHHUs TepeMelIeHHs O00ecreynBaeT
MexaHu4YecKas OJJOMETpHsl KoJecHbIX poOoToB (6 ~0,4 % migs N=WM/PHDs0). Onnako, oHa OYeHb

YYBCTBUTENbHA K YCIIOBUSIM M3MEPEHHH, 0OCOOEGHHO K KauecTBY MmoBepxHOCTH. [Ipu cnaboM cuernieHnn
KOJIEC C TMOBEPXHOCThIO OIIMOKM MEXaHUYECKOW OIOMETPUM Pe3Ko Bo3pacTaroT (O ~18,1..900% s

N={WM/OMDw0, WM/PFDw0}). YMeHBIIUTh MOTPEIIHOCTH H3MEPEHUH IepeMelniennii podora
MO3BOJISIET KOMOMHUPOBAHUE MEXAHHIECKOH U JPYTHX BHAOB OJOMETPHH: MHEPIMATBHO-MEXaHHIeCKast
omomerpusi (0=2,9.31,4% mng N={WIn/OSDw10, WIm/OMDw30}) mo3BoJsl€T YMEHBIINUTb

OTHOCHTEINIBHYIO MTOrPELIHOCTD N3MEPEHHUS ITepeMeIlleHU s KOJIECHOT0 poO0Ta Ha IlecyaHoM rpyHTe 10 310
pa3 Mo CpaBHEHUIO ¢ MexaHuueckod opomerpued (0 ~18,1.900% mis N= {WM/OMDwO,

WM/PFDwO0}); KOHTpOJb TOKa NOTPEOJICHUS IBUraTeis B CHCTEME SJICKTPOHHOW HWHEPIUABLHO-
MexaHuueckor ogomerpuu (0 ~0,5..2,7 % ansa N = {WIme/OMDw30, WIme/OSDw30}) mo3sonsier

YMEHBUIUTH OTHOCUTENBbHYIO TIOTPEIIHOCTh H3MEPEHUs MiepeM ellieHUs] KOJIeCHOro podoTa a0 62,8 pasa 1o
CPaBHEHHIO c WHEpLUHUATbHO-MEXaHMYECKOM oJioMeTpuei (60=2,9.3L,4% TSt

N = {WIn/OSDw10, WIm/OMDw30}). OmuOku BH3yaJbHOH OJOMETPHUH 3aBUCAT OT YCJIOBHM
perucTpanud M300paKEHUH M WX COOTBETCTBUS YCIOBUAM KamuOpoBKHM Kamepbl. [lpu Xoporueit
OCBEILIEHHOCTH ¥ BBICOKOW TOYHOCTH KalMOpOBKH KaMmepbl BH3yasibHas omgomeTpus (0 ~1,4% nns

N=WV/PHDmO, u 6 ~1,6..1,7 % i N = {QV/OTD-3, QV/OTD-5}) obecrieunBaeT OTHOCUTEIILHBIC
MOTPEIIHOCTH U3MEPEHUI TepeMelleHnii podoTa, cou3MepuMble ¢ MexaHudeckod (6 =~2,0% s
N=WM/PHDmMO) u xomOunupoBanHbiMH Bugamu (0 =0,5.31,4% maas N = {WIme/OMDw30,

WIm/OMDw30}) omomerpun. B OTKPBITOM MPOCTPAHCTBE 3HAYEHHS OTHOCHTEIBHOW MOTrPEIIHOCTH
M3MEPEHUS MepeMeIeHns] poO0Ta JIekaT B quana3zonax: o ~18,1..900 % mns MexaHUYeCcKoit 0IoMeTpun

(N = {WM/OMDw0, WM/PFDw0}); 6~2,9..31,4% i1 WHEpUUAILHO-MEXaHUYECKOW OJIOMETPUH
(N = {WIm/OSDw10, WIn/OMDw30}); 6=~0,5.2,7% s 3NeKTPOHHOH  HHEPLHAIBHO-
Mexanudeckort ogomerpun (N = {WIme/OMDw30, WIme/OSDw30}); 6 =1,6..53,1 % ans Bu3yanbHO#
onomerpui (N = {QV/OTD-3, WV/PFDwO}).

Oumbkn E, (¢) saBucsr ne ot wmust Lg(#,t,) myru poGora, a ot crepeobasuca B(f,1,), T.e.
(Ea(tl)zf(B(tl,tz)), Ea(tZ)zf(B(tl,tz))) W pacTyT MpH YMEHBIIEHWU CTepeoda3bl H3-3a
npubawkenns yrmos og(#4), og(f,) x /2. Hostomy mns munuMmsauun ommbkn Ep (7))

HEo0XOIUMO COTJIacoBaTh B(tl,tz) c Dy (tl) 3a cdeT MepeMeIeHust podoTa TaKuUM 00pa3oM, YTOOBI

3HaYeHHs YIIOB O (), O (f,) monanamu Ha GiM3KKE K IMHEHHBIM YIaCTKU ByHKIHI Sin(ao (4 ))

u sin(n - (sin(oco (1 )) +ag (t ))) . OgpnHako JaHHas BO3MOJKHOCTb IIOBBINIEHHS TOYHOCTH

OTIpeNieNIeHHs PacCTOSHUS 10 OOBEKTa UMEET OrpaHUYCHHE, CBSI3aHHOE C OBICTPBIM POCTOM OIIMOOK
onpesieNneHys 3Ha4eHUH YroB Ol (tl ) , Og (tz) TIPY OHOBPEMEHHOM TepeMeleHHH PoO0Ta U 00BEKTa.
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[Ipeomoners naHHOE OrpaHWYEHHE IMO3BOJISIET METOJ OOpaTHOM MPOSKUMH (MOHOKYIISIPHOH
JATbHOMETPUH), COTJIIACHO KOTOPOMY JIMCTaHIIHS Do(t) JI0 00BEKTAa M3BECTHOTO pa3mepa SO(AC)

BIOJb OCU A ONpeesieTcs o pa3Mepy ero npoekuud [12] (puc. 2). B TakoM ciaydae B 11060i MOMEHT

BpeMeHH ¢ oueHka D, (t) JUCTaHLHMH JI0 00BEKTa BEIYMCIIAETCS M0 OLEHKE Ol ( Ac ) YIIIOBOTO pazMepa
oo (Ac) 00BbEKTa BAOJb IMPEAINONAraeMOro MOoJOoXKeHHs A- (ompexensercs MO H300paKEHHUIO
00BEKTA) OCH A- Ha OCHOBE M3BECTHOTO YIJIOBOTO Pa3spelleHHs Ry, ( AC) MHIKCeNsT POTONMPUEMHOM

MaTpHLbI BJOJb IPEINOIAraeMOro MoJMOKeHuss A- OCH A; € MOMOIIBIO BEIPaXKECHHUS
Do(t):SO(AC)/tan(ao(AC)), @)

rie og (AC) =F (AC )RM (Ac) 5 Ry (AC ) =dy (Ac )/PM (Ac ); Fy (AC) — OILIEHKa IMKCENLHOrO
pasMepa o0beKTa BIOJb MPEINONaraeMoro IONOKeHHs A- ocu A- Ha chHOpPMHPOBAHHOM
(oronpuemHOli MaTpuied M300paXKEHUHU; oy (AC), By (Ac) — YIJI0BOM U THUKCETBHBIN pa3Mephl

(boTonpueMHON MaTpHUIIBI BAOIb IPEANOIAraeMoro MON0KeHUs A ocu A .

HenocratkoM maHHOro MeToja OMNpEACICHHS AWCTAHIMU SBISACTCS OTPaHUYEHHBIH HaOOp
KJIacCOB OOBEKTOB C apUOpHO H3BecTHbIMH pasmepamu. Omnako B POM-MRS pasmepbl areHToB
W3BECTHBI.

. (1( )\

PM(

%o (:‘Z }’

A4 T
4c
Puc. 2. Cxema onpenenenust quctaniuu 10 oobekta B SRS Ha ocHOBe MeTos1a 00paTHOM MPOEKIIUI

HenocraTkoM JaHHOr0 MeTOJa SIBIsIETCS OrPaHUYEHHBIA HAOOp KIaccOB 00OBEKTOB C alpHOPHO
n3BecTHbIMU pazmepamu. OnHako B POM-MRS pa3meps! areHTOB H3BECTHBI.

Monenu onpeaeJaeHuss TMCTaHIUA 10 o0beKTa OKPY/KCHUSA B MHOFOpOﬁOTHLIX CHUCTEMaX

B cnydae HemoaBmKHBIX 00BEKTOB OKpyxkeHus POM-MRS wucnone3yior mopens (2)
ofpeieNieHHsl paclpeelIeHHOTo crepeoba3ruca Ha OCHOBE B3aUMHOTO HAOJIOJEHUS areHTOB, a 3aTeM
Monenb (1) mmst ompemencHus AUCTAHIMU JIO OOBEKTA OKPYKEHHUS Ha OCHOBE COTJIACOBAHHOM
Tpuanryasiuu. Jlns cornacoBanHod Tpuanrynsiuu B POM-MRS, kak u B SMRS ¢ Gosbium
KOJIMYECTBOM areHTOB MCIOJB3YIOTCSl alfOPUTMbI KOHceHcyca [21-23], ycpenHstomue pe3yinbTaThl
W3MEpPEHMs] JUCTAaHLIMUM OTAEIbHBIMH areHTamu. JlaHHbI MOIXOJ TMO3BOJSIET JOCTUYh BBICOKOM
TOYHOCTH, HO JJIs COTJIACOBaHMUS paclpeesieHHOTO cTepeofasuca ¢ JUCTaHuel 10 o0bekTa Tpedyercs
MacIITadHUpOBaHUE MPOCTPAHCTBEHHON TOOJIOTHH IpymIibl areHToB uin POM-MRS B nenom.

Bonee »pdekTUBHBIM MOAXOMOM C TOYKH 3PEHUS SKOHOMHUH DPECYpPCOB SBISIETCS JIOKAIbHAS
COTJIaCOBaHHAsI TPUAHTYJSIIKS Ha OCHOBE ABYX areHToB POM-MRS, BpeMeHHO 00BEIUHUBIIMXCS JJIs
pelleHns 3a1a4u ONpeeNeHHs JUCTaHIMU 10 00BbeKTa okpyxkeHus. B padore [24] o6ocHOBBIBaeTcs
yroJi, moj KOTOpbIM JiBa areHTa SMRS nomkHbl HaOmonaTh 0OBEKT, YTOOBI OLIMOKA OMPEACICHUS
JIUCTAHIIUU Obula MHUHMMaJbHOW. [loKa3zaHO, YTO ONTHUMANLHBIM siBIseTcs yroid 90 rpamgycos.
PaspuTneM naHHOTO HampaBiieHHs sBIAETCS pabora [25], B KOTOpOH pelaercs 3afaya aKTUBHOTO
CIEeKEHUS 32 00BEKTOM C JMHAMHYECKHM H3MEHEHHEM TOIIOJIOTHH TPYIIBI Pa3HOPOJHBIX areHTOB,
HMMEIOIINX pa3IMYHbIE CEHCOPHI. ATEHTBI BBIUMCIISIIOT TpaJUeHT HEONPENEIEHHOCTH U COBEPLIAIOT
MaHEeBpBI 11 ONTUMHU3AINH YIJIa Mapajuiakca. JIokanpHas corjacoBaHHas TPUAHTYJSIIKS Ha 6a3e IByX
areHTOB MOXKET OBITh TOJIydeHa W3 oOmiero ciydas. [Ipu cTaTH4eckoM COCTOSHUM BEIYIIEro areHra
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BEJOMBII OIOPHBIN areHT CTPEMHTCS 3aHATh ONTUMAJIBHYIO TOUKY IPOCTPaHCTBA, 00ECIIeUHBAIOIYIO
(hopMHpOBaHHE TPEYrOJIbHUKA «areHT-00BEeKT-areHT» ¢ MPSAMBIM YIJIOM B BEPIIKHE JUIS MOBBIIICHUS
TOYHOCTH W3MEPEeHHs AUCTaHIMH 10 00bekTa. CyIIECTBEHHYIO pOJb B ITHUX AITOPUTMAx HIpaeTr
KOJIECHAsl OIOMETPHs], UTO OrpaHHYMBacT ux ucnons3oBaHue B POM-MRS. To xe kacaercst Buaeo-
neHrpriyeckux SMRS, onmparomuxcss Ha MHEPLUUAIbHYIO OJOMETPHUIO JJISI TOBBIIMIEHUS TOYHOCTH
u3MepeHus crepeodasuca. Hampumep, B padore [26] anst SMRS Ha 6a3e mapbl OIWHAKOBBIX areéHTOB
(BJIA) mpenjoxeHbl aIrOPUTMBI YIPABICHUS pPaclpelesieHHbIM cTepeo0a3nucoM M KOHCEHCyca,
MUHHMHU3HUP YIOIIUE OIIUOKY OTpeNeIeHHsI UCTAHLIUHU 10 00BEKTa OKPYKEHHS.

B coBpemennbsix POM-MRS 3amaun o0HapyXeHHS U BBIOOpA OTMOPHOTO areHTa Jisl U3MepeHUi
JUCTAHIUU JO0 OOBEKTa OKPYKEHHUS pElIaloTCs ¢ TMOMOIIBI0 KOMIUIEKCHOE HeWpoceTeBoe
JETeKTUPOBaHUe areHToB. B pabore [5] KonecHBI poOOT-areHT OmpeaesseT AUCTAHIMIO A0 IPYroro
poboTa WO BH3yallbHBIM MapKepaM Ha ero kopmyce. Bwibop omopHoro poOoTa ayisi HU3MepeHHs
JCTaHIIWH JI0 00BEKTa OKPYXKEHHUS MMPOUCXOINT C yIETOM YyIJia U pacCTOSHU J0 Ipyroro podora (4em
MEHbIIIe, TeM Jy4Yllle C TOYKH 3pEHHS HEHpOceTeBOd BHICOAHATUTUKH). M3-3a MaibIx pa3mMepoB
MapKepoB padodasi AUCTAHIUS MEXAY poOOTaMu cocTaBisier 1 — 5 M ang pacnmozHaBaHus U 8§ — 10 M
JUIsl OOHAPY)KEHUS.

B [9] ucnonb3yercs HelipoceTeBOe pacno3HaBaHKUE U MPECKa3aHUue OTHOCUTEILHOTO MaciiTada
n opueHtauuu areHTa-bJIA mo Kimro4eBBIM TOYKaM KOpIyca, MOCIE Yero MUCTAHIUS J0 OIOPHOTrO
areHTa BBIYHCIISETCS 110 U3BECTHOMY pasMepy TOMOJIOTHH 3THUX KIIIOUEBBIX TOUEK B COOTBETCTBYIOIIEM
pakypce. Pacmo3HaBanue TpeOyeT BBICOKOKaueCTBEHHOTO M300pakeHust BJIA u paboTaeTr TOJbKO MpH
paccrosiuuu Mexay BJIA 1o 4 M (TIpu UCTIOB30BAHNY IIHPOKOYTOIBHOTO 0OBEKTUBA), a IPU OOJbIIEM
yOalleHMH JUCTAaHIMs BBIYMCIsIETCd 0Oe3 ydeTa KIIOYEeBBIX TOUYEK IO CpeAHEMY pasMmepy
OrpaHUYMBAIONIEH paMKH, HamaraemMod Ha uzobOpaxenue BJIA HeiipocereBriM nerekropoMm. BJIA
CTpeMsTCS TOJJNEpKHUBATh AUCTAHLNIO, OOECIEUMBAIONIYI0 MHUHHMYM pPHCKAa CTOJKHOBEHHUS NIpHU
MaKkcHUMyMe cTepeodasuca B yiiepO TOYHOCTH OIpeAeIeHNs] AUCTaHLIH 0 00bEKTOB OKpYKeHus. Jis
OLIEHKU TUCTAHIIMHU 10 00BEKTOB OKPYKEHHS UCIIOJIb3YETCsl HEPOCeTeBOe paclio3HaBaHHE 00BEKTOB U
JUHAMHUYECKasi TPUAHTYISALMA Ha OCHOBE JaHHBIX HHepruanbHOW cucteMbl BJIA. Ilpu 3ToMm
peanu3yeTcs MPUHIMI AUHAMHYECKOTO BEIOOpa OMOPHOrO areHTa ¢ y4eroM YrioB W AWUCTAHIUHA Oe3
HEMOCPEACTBEHHOW KOPPEKTUPOBKH MECTOMOIOKEHHS POOOTOB.

PaccrosiHue Mexay KOJECHBIMH POOOTaMH HAa IJIOCKOCTH B [8] BBIYHMCIAETCS HA OCHOBE
MMPOEKTUBHOM T€OMETPUU IO U3BECTHOW IIUPUHE pOOOTA C TEOMETPHIECKON KOPPEKIIUEH pakypca 1o
BU3YaJIbHBIM MapKepaM, KOTOPbIE HCIONb3YIOTCA TaKkXkKe AJIs HEHpOCeTeBOro pacrno3HaBaHUsa poodoTa.
[Ipu »TOM HakIampIBaeTCAd KECTKOE OrPaHMYEHHUE HAa TOIOJOTHIO CHCTEMbl — OTHOCHTEIHbHOE
MOJIOKEHHE POOOTOB JOKHO OTBEYaTh pPaBHOCTOpOHHeH ¢(opmauuu. [ucranuus no oObekTa
BBIYUCIISIETCS Ha OCHOBE TPUAHTYJSLMH, ONHMPAsCh Ha KOHIICMIHIO ONTUMAJIbHOW cTepeodasbl, A
peanu3andyd  KOTOPOH pOOOTHI TMOAACPKUBAIOT ONpEICiCHHYIO IUCTaHIMI0 (He Oemee 7 M),
rapaHTHpYyolllee HaeKHOEe HelpoceTeBoe pacnosHaBaHue. [laHHbIe HHEPIUAILHONH CHCTEMBI podoTa
UCHIONB3YIOTCA B (GuinbTpe Kammana ayisi CriaXWBaHUS BH3YalbHBIX M3MEPEHHH W TMpelCcKa3aHus
MOJIOKEHHUs poOOTa MPHU MPOITyCKE KaJIpOB.

Peanuzanmus POM-MRS Ha ocHOBE KOMIUIEKCHOTO HEWPOCETEBOI'O NIETEKTHPOBAHMSI areHTOB
paccmarpuBaercs Takxke B padoTe [23], HO BMECTO COIVIaCOBaHHOM TPHAHTYISIMH B HEl peanusyercs
HEINOCPE/ICTBEHHAs OlICHKa JAUCTaHIMH HelpoHHOU ceThto. B POM-MRS Ha ocHOBE KOMIUIEKCHOTO
HEHPOCETeBOr0 JETEKTUPOBAHUS AareHTOB BBOAWTCS JKECTKOE OrpaHMYeHHWE Ha MaKCHMaJIbHBIN
cTepeobasuc, KOTOPBIA C YIEeTOM yriia 0030pa BHAEOKaMephl He MPEBBIIIACT 7 M. ATEHTBI CTpeMSATCA
MOJIIEPKUBATh TaKOW cTepeoOa3uc il TMOBBIIICHHS] TOYHOCTH OMpeNeNIeH s JUCTAaHIUU 10 00beKTa
okpykeHus. OIHAKO, COrNIaCHO BhIpaxkeHuto (1) IpH yBeNWYEeHUH TUCTAHIIMU JI0 00BEKTa OKP YXKEHHUSI
JUISL TIOBBILIEHUS TOYHOCTH €€ ONpeICIeHUsI cTepeoda3rc Takke HeoOX0ANMO yBEeIUUUBAaTh. [Ipu 3TOM,
COTJIACHO BBIPAXEHUIO (2) Ui TOBBIIIEHWS TOYHOCTH OMNpEACIEHUS caMoro crepeodasuca ero
HeoOXOOUMO yMeHbIIaTh (OmMOKa OmNpeAeneHusl crepeodazuca BO3pacTaeT KBaAPATHYHO OT
crepeobaszuca). M3-3a MaHHOTO MPOTHBOpEYMS] ONTHMAJBHBIA cTepeobaszuc, obecrednBaroIui
MUHHMYM OIIUOKH OTIpeeeHHs JUCTAaHIIUU 0 00bEKTa OKP y)KEHHUs, 3aBUCUT OT 3TOM JUCTaHLIUH (PHC.
3) ¥ B YCIIOBHUSIX OTKPHITHIX IPOCTPAHCTB, KOTJJa 00BbEKTHI OKpYKeHHs yaaieHsl oT POM-MRS Ha coTan
METPOB, MOXKET OBITh cymiecTBeHHO Oombine 7 M (okomno 30 M st qucranuuu 1000 m).
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7m 30 m
Puc. 3. 3aBucumocth ommOKK E ), ONpeienenus AMCTaHIMu JI0 00BEKTa OKPYKEHUS OT cTepeobasuca B as

JBYX 3HQYE€HUH JUCTaHIMKU D 110 O0BEKTa OKPYKEHHUS

OnpeneneHue IUCTAaHIMU OO0 OOBEKTAa OKPYKEHHUs B HM3BECTHBIX KoHuenuusx POM-MRS
onupaeTcs Ha cieayromme 0a3oBble GyHKIMM: 1) cereBas MAEHTH(UKAUIA areHToB (yCTaHOBIICHHE
COOTBETCTBHSL MEXAY H300paKEHHEM areHra, €ro OTHOCUTEIbHBIMU KOOPJMHATAMU U CETEBBIM
ajipecoM); 2) ompeneeHne paclipeiesICHHOro crepeodasuca (UCIOb30BaHUE JTAHHBIX 00 U3BECTHBIX
pa3Mepax areHTax AJisi BBIYUCICHUS JUCTAHIMHU 0 OMOPHOIO areHTa); 3) BBIYMCIEHUE TUCTaHIHU JI0
00BEeKTa OKpPY)KEHUs (Ha OCHOBE TPHAHTYJISAIMK); 4) COTJacoBaHHAs TPUAHTYIALMS JUI YyMEHbLICHUS
OMMOKH ONpeleNneHus NalbHOCTH JI0 OOBeKTa OKPYXKEHHs (TeoMeTphyecKkas ONTHMHU3AINA
crepeobasuca, pealnsyemas 4epe3 BHIOOp OMOPHOTO areHTa W MaclITaOMpOBaHUE TOMOJOTUU CETH
ro0aikHO, B TPYIIE WIX JIOKAIBHO Yepe3 U IMepeMelleHne ONOpHOro areHra). Bee aTu ¢ yHKUIUHM
onuparoTcs Ha 0a30BYI0 (PYHKLHMIO TIepeaun BU3YaJIbHBIX JaHHBIX (MM Pe3yabTaToB UX 00pabOTKH,
T.€. IPU3HAKOBOT'O OMHCAHUS WM JECKPUITOPOB, WU PE3yAbTaTOB UX MHTE/UIEKTYaJbHOTO aHalasa,
T.€. CEMAHTHYECKOTO COJEp KaHMs) U METaaHHBIX (MapaMeTPOB CETEeBOM CHHXPOHHM3ALlUM areHTOB:
MIPOCTPAHCTBEHHONH CHHXPOHHM3ALMH, OMHCHIBAIOLIMX MapaMeTpbl KaJuOPOBKHM M OPHEHTHPOBAHHS
KaMepbl,; BpEMEHHOW CHHXPOHU3AIMH, T.€. MOMEHTOB BpeMeHU (DOPMHUPOBAHUS BU3YaJIbHBIX JTaHHBIX;
KOMIICHCALIMU [IBIDKEHHS areHTOB, MO3BOJSIOLIMX IPOTHO3HPOBAaTh W OTCIEKHBATH H3MEHEHHE
MOJIOKEHUS] M OpUEHTAlluu areHToB). Ha puc. 4 mpuBemeHbl MOAENH OINpENeNeHns] AUCTAHLUHN 0
00BEKTa OKPYXKEHHS B 3aBUCUMOCTH OT pexxumMa pabotsl POM-MRS, omuparoriyecst Ha pacCMOTPEHHbIE

GyHKIUH.

CratmoHapHast KpasucrarmonapHas HecrarmmonapHtast
POM-MRS POM-MRS POM-MRS
CornacoBaHHas CornacoBaHHas
TPUAHTY JISILIHS TPUAHTY JISILIHS
Onpeneneniie Omnpenenenne
pacrmpeneseHHOro pacrpeneneHHOro
crepeodasuca cTepeobasuca
CeteBas CeteBas

uieHTu(gUKanus
areHToB

HUAEHTHIKALIIS
areHTOB

Brraucnenne
IUCTAHIIH 10

Brrancienne
OUCTAHLIIH 10

Brruancnenne
IUCTAHLIH 10

obbeKTa obbexTa obbeKTa
OKPYKEHHA OKPYIKEHIIA OKpY KEHHs
KomneHcarst
JBIKEHHS
areHToB
IIpoctpascTBeHHAsT IIpocTpaHcTBeHHAsA CereBast
CHHXPOHM3ALIM CUHXPOHM3ALIA CHHXPOHU3ALUA
arcHTOB ArcHTOB areHTOB
BpemenHnas Bpemennas Bpemennas
CHHXPOHM3AIIHA CHHXPOHU3AIHA CHHXPOHU3AIINA
areHTOB areHTOB areHToB
Ilepenaua Ilepemaua Ilepenaua
BU3YaJTbHBIX IAHHBIX BIBYANLHBIX IAHHbBIX BI3YAJIbHBIX JAHHbIX
(OECKPUITTOPOB, (IecKpHITOpOB, (IECKpHITTOPOB,
CEMAHTUKN) CEMaHTHKI) CEeMAHTUKI)

Puc. 4. Monenu onpeneneHust AUCTaHIUMU 10 00beKTOB OKpyxeHus B POM-MRS



Moneab onpeaejJeHuss JMCTaHIMU 10 00beKTa OKPY/KCHUSA HA OCHOBE JIOKAJILHOM
COrJIaCOBaAHHOM TPHAHTYJIAINHA

PaccmatpuBaercs nenenTpanuzoBanHas ogHopogHas POM-MRS, cocrosmas u3 AByx u Oonee
areHTOB, IMEIOIINX OAMHAKOBYIO KOHCTPYKIIMIO U pa3Mepsl. [Ipennonaraercs, 4To ¢ yHKIIMOHUPOBaHHE
POM-MRS ocymecTBisieTcss B KBa3HCTAlMOHAPHOM PEXKHUME, TPH KOTOPOM (a3bl ONTHMHU3ALUH
crepeobazuca Uil TOCTpoeHUs 3D-KapThl OKPYKEHHS CMEHSIOTCA JIUTEIbHBIMH TEePHOIAMH
JIOKaJIbHBIX M3MEPUTENBHBIX Orepaluii B (UKCUPOBAHHBIX TOYKAX, OCYIIECTBISIEMBIX MapalieIbHO C
OCHOBHBIMH (DYHKIIMSIMH, COOTBETCTBYIOIIMMHU IiefieBoMy Ha3zHaueHHI0 POM-MRS (manpumep,
30HIUPOBAHME TMOYBBI; 3aMepbl KOHIECHTPALMi Ta30B WIM paAualliy; TOHUCK MUKPOTPEIIMH B
KOHCTPYKLHSX; (POPMUPOBAHUE T€OAEC3UIECKOM KapThl U T.1.).

Pazpaborana mogens DeepGV (Distance Error Estimation and Protocol-Geometric Verification)
ofpeeNneHus JUCTAaHIUHU 10 00bEeKTa OKPYKEeHHUs] B OHOPOJHOM nenenTpanuzoBanHod POM-MRS Ha
OCHOBE JIOKaJIbHOW COrJIacOBaHHOW TPHAHTYISANU C aHAIUTHYECKON OLIEHKOW OMIMOOK OMpeeNeHus
JUCTaHIIMU W TPOTOKOJBHO-TEOMETPHUYECKON BepU(UKanueil TUIOTe3 O AETEKTHPOBAHHU arcHTOB.
Mogens onuceiBaeT 4 6a30Bbie () YHKLIWH, MO3BOJSIIONINE MTOCTPOUTH OOIIMI aJrOpUTM ONpEACTICHUS
JVICTAHLIMKU: OMpeeNieHne PacupeAelIeHHOro cTepeoda3ica Ha OCHOBE METOAA OOpaTHOW MPOEKIHH;
BBIYUCIICHHE JUCTAHIIMU IO 00bEKTa OKPY>KEHHS Ha OCHOBE TPHAHT YIS LIUH; JIOKAIbHAs COTJIaCOBAHHAS
TPHAHTYJISIHS, BKIIOYAIONIAsi BEIOOP OMOPHOTO areHTa (CraTudeckas ONTUMU3AIUs PacipeaeIeHHOro
crepeobasrca) W yIOpaBisieMOe IEpEMENICHHe OIMOPHOTO areHTa (JUHaMHYecKas ONTUMHU3AINS
pacnpeiesieHHOro crepeoba3uca) Ha OCHOBE AaHAIUTHYECKOW OIICHKM OIIMOOK  OMpeieiiCHHs
JICTAHIIMY; JIOKAJIbHAS BH3YyalbHO-NIPOTOKOJIbHAS WACHTH(HUKALIUSA areHTOB Ha OCHOBE MPOTOKOJIBHO-
reoMeTpUIECKON Bepu(UKAIIMH THIIOTE3 O IETEKTUPOBAHUHU areHTOB.

Ha ocnoBe onucanHbix Momemsto DeepGV  06a30BbIX (QyHKIMKA pa3paboTaH anropuTM
ofpeseNeHus JUCTAaHIMU 10 00BbEeKTa OKpYKEeHHs areHToM i (puc. 5). B anroputme 6a3oBbie GpyHKIMH
JIOTIOJIHEHB! (DYHKIMSIMU TIOBOPOTA areHTa i, IepeMeIleHns areHTa j, IPOBEPKH YCIOBUHN MpeKpareHHs
BpAILICHUS areHTa [ U IEPEMEILIEHNS areHTa j.

Hauano l
R | Aty =0, n=0 |
A,
JlokambHas BU3YaJIbHO-

MPOTOKOJIbHAS HACHTHDHUKALHS
arcHTOB

!

| OmnpenencHie pacnopeaeiIeHHOTO |

Hucrantms
OT arcHra /
10 00BEKTa
OKPYIKEHHUS

cTepeobasmca v
Boracnenne crepeodasica u yrios
Ha 00BEKT I OLIOPHOrO arcHra j,
| Berancrerme ALHCIZIEINET 3(0 | 00€eCreuHBAFOIIITY, MHHIMYM
00BEKTa OKPYKEHHS [POTHO3HPYCMOH OLIHOKH
OTpeIeTeHNS ANCTAHIIHN 10
0OBEKTA OKPYIKEHHS
| KpyroBoe nepememenne aresTa i | 1 JloxamsHas
COTTTaCOBAHHASL
Iepenelenne onopHOro areHTa j B E?ggggggﬁgg
HOBBIE KOOPAUHATH fiTepaTHBHOE
s azno TIepEMEIICHAE
Brmomsen o6opot Ha 360 v OTOPHOTO
Onpeaemerne pacnpeIe/ieHHOro arcnTa)
cTepeobasnca
Jla v
Brraucnenue quctaHmuu 10
JlokanbHas cornacoBaHHas 00BEKTA OKPYIKCHILT
TPHAHTYIIIHA (BBIOOp OLOPHOTO 1
arcHTa)
l Aty =Aty +At,, n=n+1
!
17

Puc. 5. Monenu onpeneneHust AMCTaHIUMU 10 00beKTOB OKpyxkenus B POM-MRS

B Moment BPEMEHU tO BO3HHKACT HGO6XOI[I/IMOCTI> YCTAHOBJICHUSI COOTBETCTBUA MEXKIAY
HOMEpaMU (CCTCBI)IMI/I aﬂpecaMH) Ar¢HTOB B OKPYXCHHU arcHra I C UX OTHOCHUTEJIbHBIMHU IOJIOKECHUSAMA

U OPHUEHTAIMSMH, PErHCTPUPYEMBIMU IO U300paxeHuto [p (i, j,to). g pemienust JaHHOM 3amayu
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npeanaraercs anroputM PGHV (Protocol-Geometric Hypotheses Verification) nokanpHo# BU3yaabHO-
MPOTOKOJbHOM  MAEGHTH()UKALMH areHTOB, OCHOBAaHHBIH Ha  MPOTOKOJIBLHO-TE€OMETPUYECKOM
BepU(UKAIIMH TUTIOTE3 O IETEKTUPOBAHUU areHTOB.

Ouenka 3¢ GeKTHBHOCTH MojeJiel onpeeeHus JTUCTAHIUM 10 00bEeKTa OKPY KeHUsl

Jns onenku >QdekTuBHOCTH Mojeneil ompenesiieHHs IUCTaHIUH 10 OOBEKTa OKpPYKEHHS
pa3paboTaHO IPOrpaMMHOE CPEICTBO, B KOTOPOM CTepeo0a3UC YUUTHIBACTCA C OIIMOKOM, 3aBUCALICH
oT Tuna ogomeTpuu A1a SRS (cM. Tabi., mapamerp 7, ) WK OT AUCTAHIUU MEXAY areHramu a1 POM-

MRS. IIporpamMmHOe cpencTBO Mo3BoILIeT 3anath (puc. 6): mia SRS — gucranumo D (tl) ot pobora

J0 00BEKTa, Yyrol O (tl) Ha 00BEKT B MOMEHT BPEMEHH {, HauaJbHOE, KOHEYHOE 3HAUEHUsS M Iar

H3MEHEeHUs crepeobazuca B(tl,tz) JUIS TIOJTy4eHus oueHkn D (tl) JIUCTaHIIMU A0 00bEKTa B MOMEHT
BPEMEHU [, COINIACHO BbIpakeHnio (1), 3HaYeHHWE O OTHOCUTENHHOW MOTPEIHOCTH HU3MEPEHUs
nepeMenieHuss poboTra ¢ MOMOLIBIO OAOMETpUM pazmmyHoro Tui; Mt POM-MRS — aucranmnmio
D(i, J ,to) OT areHTa i o 00BEKTa, yroji OL(i, j,to) Ha 00BEKT JIJIsl areHTa | OTHOCUTEILHO HAlpaBICHUS
Ha areHT j, HadalbHOE, KOHEYHOE 3HA4YCHWs M IIar M3MEHEHHs paclpeelieHHOro crepeodasuca
B(i, J ,to) MEXY areHTaMH i U j Ul IOJTy4EHUs] OLECHKU D(i, J ,to) JICTaHLIMH 10 00BEKTA OT areHra

i B MOMEHT BPEMEHH ¢, , AlPUOPHYIO UH(GOPMALIHIO O pazMepe Sy (AC) areHTa BJI0JIb U3MEPUTEIbHOMN

ocH A (YCIOBHO JEXKHT B FOPH30OHTAIBHON IUIOCKOCTH M IUIOCKOCTH, MapajieNbHON IUIOCKOCTH
doTonmpueMHO# MaTpuIBI areHTta i), YIJIOBOH oy (AO (i, j,to)) U MHUKCENbHBIN PM(AO(i, J»lo ))

pa3zMepsl (HOTOIPUEMHON MATPHUIIBI BAONb A .
[

Triangle generated manually. Click
‘Auto Analysis' to analyze multiple B
points.

Parameter Settings
S_R(m): 05
P_M (px): 8192
a_M (deg) 20.0
Scale (m/unit): 10.0

Coordinate System (1 unit = 10.0m)

B_min (>1.374): 50
B_max (<11734.176): 500.0
B_step (m): 50

Manual Triangle Input

AC Length (m): 500.0

ZCAB (deg): 450

;

C Triangle Information
Point Coordinates (m):
C: (50.0000, 0.0000)
6 A:(0.0000, 0.0000)
B:(10.6066, 10.6066)

=2 : Side Lengths (m):
0 6 12 18 24 30 36 4£ 48 54 'AB (Baseline)= 150.0000 m
X Coordinate BC=407.9632m

Actions

I N

Puc. 6. I'paduueckuii uHTEpQEc MPOrpaMMHOro CpeCcTBa OLEHKU 3 (PEeKTHBHOCTH MOJIEIIeH OIpeaeIeHuUs
JIUCTAHLIUK JI0 OOBEKTa OKPYIKEHUS

B cnysae POM-MRS nporpamMMHoe cpenctBo paboTaer mo clenymouieMmy airoputmy. s
Ka)XJIOTO [UKIMYECKH BHIOMPAEMOro C 3a/laHHBIM ILIaroM 3HA4YeHHS paclpeleNieHHOro crepeodasuca

B(i,j,ty) wa ocHoBe 3amammbIX 3Hauenmit Sg(Ac), aM(AO(i,j,to)), PM(AO(i,j,tO))

BBIYMCIAIOTCA: C© HoMoubio Bhipaxkenns B(i,/,0))= arctam(SR (4c)/B(i j.1 )) YITIOBOM  pazMep

B(i,j,to); C MTOMOIITBIO BBIPAKEHHSI PR(i,j,to) =[B(i,j,to )/R(AC)J oleHka Py (i,j,to) MTUKCETBHOTO
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pasMepa areHra j BIOIb OCH A, TAE R(AC) =0y (AC ) / By (AC) ; [ ] — OKpyTJIEHHE JI0 OMbKaiinero
1eI0ro. JTH 3HAYCHHS MCTIONB3YIOTCS 3aTeM Ul BEIYMCICHUS OUEHKH B(i,,f)) pacupeneneHHoro

crepeobasica ¢ MOMOIIBIO BhIpaeHus B (i, j,t,) =Sk (Ac )/tan(ﬁ(i,j,to )) ¥ oueHok B, (i,/,f)) u

B_ (i, j,to) OTKJIOHEHMH  paclpeneseHHOro  crepeobasuca C  MOMOINBIO  BBIPOKEHHH

B, (i,:t) = Sr (Ac )/ tan (B_ (1,10 ) ) no B (ity)= Sk (4c)/tan(B. (i.jtg))s T
Bijinto) = P (in)inly ) R(4c ) ; B (irsto) = (B (:7:t9) +1) R (Ac )

B_(i,).t)= (PR (i,).10)— l)R (Ac). Ha ocHOBe MONYYEHHBIX 3HAUECHWI BBHIYMCISIOTCH OLEHKH

HoMuHaNbHOH D (i, /,)), Mutmmamboit D_(i,/,4)) u makcumambhoii D, (i,/,f,) AucTaHumii oT
areHTa i 10 00beKTa. 3aTeM BBIMUCIACTCS OUeHKa Ep (i, /,f)) MakcHMabHOH OMKOKM ONPEIe/CHHs
IWCTaHIMU 10 oObekTa. Mcromb3yemble B BbIpakeHHH (6) OTKIOHEHUS O, (i, j,to), a_(i, j,to),

a+(j,i,t0) , a_(j,i,to) 0T HOMHUHAJIBHBIX 3HaYEHUH Ot(i,j,to) u Ot(j,i,to) YIIIOB Ha OOBEKT

BBIYUCISIIOTCS c IOMOILLIBIO BBIPQKCHHIT o, (i, /.09) = (PA (i,/.t9)+ I)R(AC) ,
o (i, 1) =Py (i-/to) ~1) R (4c ) o, (Juity) =Py (Joist) +1)R(4c )
o (Jirtg) =Py (Jointo)~1) R (4c) e Py(ijit) =[ a(irjite) /R(4c) s
P, (j,i,to) =[0L(j,i,t0)/R(AC)J; Ot(i,j,to) — BBOOMTCI B KayeCTBE€ WCXOMHBIX JAaHHBIX;

o j,ity)= arcsin(D(i,j,to)sin((x(i,j,to))/D(j,i,to));
D(j,i,to)z\/B(i,j,t0)2+D(i,j,t0)2—2B(i,j,t0)D(i,j,to)cos(oc(i,j,to)). 3atem ma  OCHOBE

3aJJaHHOTO 3HAYCHUS D(i, j,to) BBIUHMCIISIETCS MaKCUMasbHas omuOka Ep (i, j,to) oTpeeneHus

AUCTaHIIUU oT arcHra i a0 OGBGKTa C IIOMOILIBIO BBIpAXKXCHU
Ep (i, .t) = max(|D (1. oty ) = D_ (1. oty || Ds (1 uto) = D (i, 0 ) ).

B cnydae SRS mporpammHoe cpeAcTBo paboTaeT Mo CleayomeMy anropurMy. s kaxmoro

LUKJINYECKU BEIOMPAEMOro C 33laHHBIM IIarOM 3Ha4eHHs crepeobaszuca B (tl,tz) Ha OCHOBE 3HA4YEHUs
O OTHOCHTEIBHOM MOrPENIHOCTH H3MEPEHHUs IIepeMEIIeHHsT podoTa C MOMOIIBI0 OXOMETPHU

pa3IMYHOrO TUMA BBIYUCIAIOTCS OTKIOHEHUA B, (tl N ) u B (tl , tz) cTepeobas3uca ¢ MOMOLIBIO
Boipakennit B, (1),0,)=(1+8)B(t,t,) n B_(t,t,)=(1-8)B(#,t,) . 3aTem Ha OCHOBe STUX 3HAYEHMUIT
BBIYMCISIIOTCA OLEHKH HOMHHabHOM Dy (#), Mutumanbhoit Dg_(#) u makcumamsuoit Dy, (1)

IMCTaHIMI OT poOoTa 10 oObekTa. 3aTeM BBIUHCIAETCS OLEHKa Ky (tl) MaKCHUMaJIbHOM OIIMOKH

OIIpEACICHUA JAUCTaHIUKU C IIOMOIIBIO BBIpAXCHUA
Ep (1) =max(|Do. (1) = Do ()} Do (1)~ Do (1)) 3maserms Dy (1), Dou(t). Do_(n)

Bbramcisirores ananormano D(i, j,ty), D_(i,),ty), D, (i, ],ty) I COOTBETCTBYIOIINM 3HAYCHUSIM UL

B

POM-MRS. 3arem Ha ocHOBe 3a7aHHOrO 3HadeHus D (tl) BBIUMCIIAETCA MaKCUMaJbHas OMOKa

ED(tl) ompefeneHuss AUCTAHOMU OT poboTa 1O 00BEKTa C IIOMOIIBIO  BBIPAXKECHUA

Ep ()= max(‘Do ()= Do (1)

Do, (1)~ Dg (tl)‘) Jlist  MHEpUMATLHOH M MEXaHMYECKOM

B
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omomerpun  Ep ()~ Ep(f). B cioydae KONECHOH OIOMETpHM M3-33 NPOKPYYMBaHHS KOJEC

OTKJIOHEHHE B_ (tl , t2) HE yYHUTBIBAETCA.

Js POM-MRS, ucnionb3yroleit npeaioxkeHayo Moenb DeepGV onpenenenus TucTaHIUU 10
00BEKTa OKPYXKEHHUS Ha OCHOBE JIOKAJIbHOM COrTacOBaHHON TPHAHTYISLUH C aHATUTUYECKOH OILIeHKOM
OmMMUOOK W3MEpPEHH M MPOTOKOJBHO-T€OMETPUUYECKON Bepu(UKalMeld THUIOTe3 O ACTEKTHPOBAHHU
areHToB, U OAHOPOoOOTHBIX cucteM WM, WV, WIm, Wime, QV (o6o3Hauenus: chhopMHUpOBAHBI 110

napamerpam Ty | T, ¢M. Tabi.), Ha puc. 7,a NPUBEIECHBI 3aBUCUMOCTH OLEHOK Ep (i, j,to) , Ep (tl)
OMOOK (CIUIOIIHBIE JIMHUK) U OIHOKK Ep (i, J ,ZO) (cHHSISI MyHKTHUPHAS JIMHUSA) OT cTepeodasuca mpu
Sp(4c)=0,5m; Op (Ac) = Oy (Ac (fo)) = Om (Ao (i,j,to)) =207
Py (AC)=PM (AC (to))=PM(AO (i,j,to))=8l92 IHKCEIICH; Dy (1) =D(i, j,ty) =500m;
0o (zl) = a(i, j,to) =45° (paspelleHue BBICOKOE, Yrol Ha 00bekT 45°, nucranuus 500 m). U3 puc. 7,a
cnenyer, uyto n11 POM-MRS nHa ocHoBe DeepGV cymiecTByeT onTUMaibHBIM pacrpeneaecHHbIN

crepeobasic, 00ecreunBatONHii MUHUMYM OLICHKH Ep (i, j,to) OIIMOKH ¥ caMoii omnOku Epy (i, Jsto )
Jnist yKka3aHHBIX YCIOBUM MUHUMAJIbHAs OIIHOKA OMpeeNIeH st AUCTAHIINU 10 00beKTa obecreunBaeTcs
MIPU paclpeneneHHOM cTepeodasrce MeX Ay areHTaMu B(i, 7 to) ~25M.

3 N A |

10 =R | i
107} =—s —— s 10"
10" S AT 10'
0 100 200 300 400 500%™ 0 100 200 300 400  50053m
a o
L S S S e e e =
Ep,m
10’
9 L -
10°
NSRRI, 7 =i -
10| QP
0 100 200 300 400  500>"™ 0 100 200 300 400 500%™
68 p=d

—&— WM/PFDw0; —@— WV/PFDwO; —4 WIm/OMDw30; —li— WM/OMDwO0;
WIm/OSDw10; —#— WIme/OSDw30; —*— QV/OTD-3; —»— WIme/OMDw30;
- DeepGV(ED (i,j,to)) -¢- DeepGV(ED (i,j,to))

Puc. 7. 3aBHcHMOCTH OLIEHKH OMIMOKH OINpPEIeNICHUs TUCTAaHIIMKU IO 00BEKTa OKPYKEHUs OT crepeodasuca:
a — pa3pelieHue BBICOKOe, yroi Ha 00bekT 45°, nuctanuust 500 M; 6 — pa3penieHre HU3Koe, yroi Ha 00bekT 45°,
mucranuus 500 M; 6 — pasperieHue BbICOKoe, yroil Ha 00bekT 60°, muctannus 500 M; e — pa3pelnieHue HU3Koe,
yron Ha 00beKT 60°, nucranuus 1000 m
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B nanHoit Touke POM-MRS o6ecnieunBaeT HAMMEHBIIYIO 1O cpaBHEHUIO ¢ SRS U3 Tabu. oneHky
ounbkn Ep, (i, j,ty) = 2,2m (ED (i,j,to)z2,4M), KoTopast npumepHo B 1,7, 4.2, 6,7, 7,1, 41,5, 71,5,

120,6, 2034,4 pa3 MeHbIIIe TI0 CPAaBHEHUIO € OlleHKaMu omubok it cucteM WIme/OMDw30, QV/OTD-3,
Wlme/OSDw30, WIm/OSDw10, WM/OMDwO0, WInvOMDw30, WV/PFDw0, WM/PFDwO0 (cMm. Ta0m.).
[To cpaBHeHnto c POM-MRS Ha ocHOBE KOMITIEKCHOTO HEPOCETEBOT 0 AETEKTUPOBAHMS areHToB [6, 8—11]

IPU MaKCUMAILHOM cTepeobasuce 7 M (ED (i,j.t0) = 4,6M, Ep (i,).5)~ 5,1M) POM-MRS Ha ocHOBe

mozemn DeepGV no3Bonsier yMeHbINTh OLeHKY Ep, (7, /,1)) omnGku npumepto B 2,1 pasa.

[Ipu ymeHblIeHUH pa3pelieHus] BUAeoKamepsl B 2 pasa (cM. puc. 7,b) MUHMMallbHAs OLEHKA
omMUOKH onpeaeseHus uctaHuuu 10 o0bekta B POM-MRS Ha ocHoBe DeepGV yBennmumBaeTcst Takke
B 2 pa3a M CTAaHOBHUTCS COM3MEPUMOU ¢ OmeHKoi ommbOku B cuctemMe WIme/OMDw30 (pa3pemienue
HI3KOe, yron Ha 00bekT 45°, nucranims 500 m). ITo cpaBrenuo ¢ POM-MRS Ha 0CHOBE KOMILIEKCHOTO
HEWpOCeTEeBOro0 JIETEKTUPOBaHUS areHToB [0, 8-11] mpu MakcuMamsHOM crepeobasuce 7 M

(ED (i,.10) = 9.3M, Ep (i j.0y)~ IO,SM) POM-MRS Ha ocmoBe Mozmemu DeepGV mo3Bonser

YMEHBIIMTE OUEHKY Ep (i, /,f,) oumGku npumepHo B 2,1 pasa.

Tpn Sg (A4c)=0,5m; o (e ) = aung (e (%)) = o (4o (12 :15)) = 207
Ry (e )= R (4c (1)) = B (4o (1.7:15)) = 8192 mHKcenei; Do () =D(i, j.ty) =500m;
0o (tl) = a(i, j,to) =60° (paspeleHue BHICOKOE, yron Ha 00bekT 60°, muctanius 500 M) POM-MRS
Ha ocHoBe DeepGV oOecrieunBaeT HAMMEHBIIYIO IO CPABHEHHIO C CHCTEMaMU U3 TabJl. OLEHKY OIIHOKN
Ep (i, /.t))=2,0m (ED (i, ).ty)~ 2,2M) npu B(i,j,to) ~25m, xoropas npumepHo B 1,8, 4,5, 7.2, 7,7,

45,4, 78,3, 132,1, 2230,5 pa3 MeHblIIE 0 CPABHEHHIO C OlIEHKaMu OO0k jyist cucteM WIme/OMDw30,
QV/OTD-3, WIme/OSDw30, WIm/OSDw10, WM/OMDwO0, WIm/OMDw30, WV/PFDw0, WM/PFDw0
paccmotpeHHbIX B Tabm. 1 (cm. puc. 7,c). Ilo cpaBrennto ¢ POM-MRS Ha ocHOBE KOMILIEKCHOTO
HEWpOoCeTeBOro JeTeKTHpOBaHUsA areHToB [6, 8—11] mpm MakcumampHOM cTepeobazuce 7 M

(ED (i,).10)=3.8M, Ep (i, j,1y)= 4,4M) POM-MRS Ha ochoBe DeepGV mo3BOIsSeT yMEHBLIUTEH

ouenky Ep, (i,/,t,) oumbku npumepHo B 1,9 pasa.
[pu HCIIONb30BaHUH IIHPOKOYTOEHOTO 00BEKTHBA

Q

M ( ) oy (AC (% )) =0y (AO (i, j.to )) =70° ¥ MaTpuipl C MEHBLIMM IHKCENbHBIM DPa3MepoM
By (A ) Py (AC (t )) =P, (AO (ir j o )) ~2048 (r.e. cHwkemue paspemenus B 14 pas) s
Dy (tl) (z J» to) 1000m (mpu  yBedMYEHHMHM JOHCTaHUUH [0 oOBekTa B 2  pasa);
0 (tl) =a (z, ],to) =60° (paspelieHue HU3KOe, yroa Ha 00bekT 60°, nucranuus 1000 M) IpeaoxeHHas
MozieNlb o0ecIeunBaeT MUHUMAIbHOE 3HaYeHHe OIHMOKH E (i,j, fy ) ~83,5Mm (ED (i,j,to) ~ 87,5M)

npu B(i,j,to) ~35m,uro B 1,9, 1,6, 1,3, 1,3 pa3 xyxKe M0 CpaBHEHHUIO C OI[CHKAMHU OIIMOOK JJIsi MOzeTIeH

onomerpuu u3 WIme/OMDw30, QV/OTD-3, WIme/OSDw30, WIm/OSDw10, Ho B 2,7, 4,4, 7,1, 111,3 pa3
JydIlIe 0 CPaBHEHHIO C OLIEHKaMH OIIMOOK Jyist Mmojeseit onomerpun 13 WM/OMDw0, WIm/OMDw30,
WV/PFDw0, WM/PFDwWO (cMm. puc. 7,d). Tlo cpaBHenuio ¢ POM-MRS Ha OCHOBE KOMIUIEKCHOIO
HEWpOCeTEeBOr0 JIETEKTUPOBaHMS areHToB [0, 8-11] mpu MakcuMamsHOM crepeobasuce 7 M

(ED (i,j,to ) ~248,3M, Ep (i,j,to ) ~ 235,8M) POM-MRS Ha ocHoBe DeepGV mo3BossieT yMEHbIIUTD

ouenky Ep, (i,/,t,) oumbku npumepHo B 3,0 pasa.
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3akJjouenue

Jns  moBBIIEHWS TOYHOCTH ONpeneieHus] [UCTaHuMu 10 o0bekta B POM-MRS,
(YHKIMOHUPYIOLIEH B KBa3HCTAlMOHAPHOM pEeXHMeE, pa3paboTaHa MOAENb Ha OCHOBE JIOKAJIbHOM
COTJIACOBAaHHON TPUAHTYISIIIMU C aHATUTUYECKON OLIEHKON MOrPEIIHOCTH U3MEPEHUM U TIPOTOKOJIbHO-
TreOMETPUIECKON BepUpUKAIMEH TUIIOTE3 O JSTCKTUPOBAHUY areHTOB. MOJIeb OTJIMYAETCs OT MOJIETICH
SRS Ha ocHOBe HHEPIMATIBHOM, MEXaHUUECKOH, BU3YaIbHOM 1 KOMOMHHUPOBAHHOW OIOMETPUH, a TAKIKE
oT u3BecTHbIX Moaeneit POM-MRS Ha ocHOBE KOMIUIEKCHOTO HEHPOCETEBOr 0 AETEKTUPOBAHUS aTr€HTOB
WCIOJIb30BAHUEM: MPOTOKOJIbHO-TEOMETPHYECKON BepH(PUKALIUK TUIIOTE3 O JEeTEKTUPOBAHUHN areHTOB
JUIL WX JIOKaJbHOW BH3YallbHO-TIPOTOKONBHOW WACHTU(PHKALMY, aHAIUTHYECKOW OLIEHKH OIIMOOK
ompeeNneHus AUCTAHIUH 0 OOBEKTa OKPYXKEHHs NPHU BHIOOpPE OMOPHOTO areHTa Ui CTaTH4YecKOon
ONTUMH3ALUU PACIPENENIeHHOro crepeodazuca W MNpH TEpeMElIeHHH OIOPHOrO areHTa Uil
JMHAMHYECKOH ONTHMH3AIMK paclpeneneHHoro crepeodasuca. Ha ocHoBe mpemnokeHHOH Monenu
pa3paboTaHO MPOrpaMMHOE CPEACTBO, B KOTOPOM CTE€Pe00a3nuC YUUTHIBACTCS C OIIUOKOM, 3aBUCALICH
oT Tuna omomerpun st SRS wnu oT gucranuuu Mexay areHTamu aist POM-MRS. Tlokazano, uro
MPEAJIOKEHHAs] MOJENb MO3BOJSIET YMEHBIIWTh OMIMOKM ONpeneineHus AMCTAHLUUH A0 OO0BeKTa
OKpY)KEHHS TI0 CPAaBHEHUIO C OJHOPOOOTHHIMH MOJAETAMU Ha OCHOBE OJIOMETPUH PAa3IMYHOTO BHIA U
m3BecTHRIMU MofensiMu POM-MRS ¢ KoMITIeKCHBIM HEHPOCETEBBIM JIETEKTUPOBAHUEM areHTOB.

Baaroaapuocrts. Pabota BeimoHeHa Ipu noaepkke benopycckoro pecmydonukanckoro GoHma
¢ynnamentanbHeix uccnenoBanuii (BPO®U) n HanumonansHoro ¢oHma ecrecTBeHHbIX Hayk Kurtas
(H®EHK) B pamkax mpoekra T25KM-054 «TexHOMOrHs MHOIOKaMEPHOM JIOKATU3alluy U MMOCTPOCHUS
KapThl OTKPBITOTO 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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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIK 621.391.63

IKCIIEPUMEHTAJIBHASA CUCTEMA JJIs1 UCCIIEJOBAHUSA KAHAJIA CBA3U
BUIUMBIM CBETOM HA BA3E SDR

A.H. COJIOBbEB

benopyccxuii 2ocyoapcmeennbiii yHugepcumem uH@opmamuxy u paouosnekmponuku, Pecnybnuxa Benapyce

Iocmynuna 6 peoaxyuto 3 anpens 2026

AnHoTanus. B pa60re mpeacTaBjiCHa SKCICpUMCHTAJIbHAsA CHUCTEMa IJId UCCIICAOBAaHHs KaHajia
CBA3U BUAVWMBIM CBCETOM, pCajlnM30BaHHAas Ha Oase IPOrpaMMHO-OIPEACTIACMBIX PAJUOCUCTEM U
ONTORJICKTPOHHOI'O TPaKTa. HpennomeHHaﬂ yCTaHOBKa obecrieunBacT (bOpMI/IpoBaHI/Ie, nepeaavy u
IIpUeM CUTI'HAJIOB C BO3MOXXHOCTBIO YIIPABISICMOI'0O U3BMCHCHU S ITapaMETPOB ONITUYCCKOI'O KaHajla v
ch'IOBI/Iﬁ pacopoCTpaHCHUA. Cucrema OPHUCHTHUPOBAaHA Ha PEruCTpaluio napaMeTpoB CUrHajia, 41o
MO3BOJCT HUCCICAOBATh NUHAMHUYCCKHUC CBOMCTBa KaHalla, 4TO MOXET OBITHh HCIIOJIB30BAHO JJIs
HUCCIIC0BaHUA BpeMeHHOﬁ CTPYKTYPBI KaHa/Ia 1 €€ aHaJI1u3a.

Knrouesvle cnosa: cucrema CBS3U BHAUMBIM CBECTOM; IPOIrpaMMHO-ONpEACIIeMas paJuoCucTeMa;
OFDM, aHaJIi3 CUrHaJIOB; OTHOILICHHUEC CI/II‘HaJ'I/HIyM; BPCMCHHBIC XapaKTECPUCTHUKH; AWHAMHKa
KaHajia.

BBenenue

Cucremsl cBsi3u BUAUMBIM cBeToM (CBC) sSBISIOTCS MEpCIeKTHBHBIM HAIpaBICHUEM Pa3BUTHS
OeclpOBOAHBIX TEXHOJNOTMHA TMepenavyd AaHHBIX. {7 opraHu3alliid KaHaja CBSA3U HCIIOJBb3YeTCs
BUIUMBIN auanazoH cBera oT 380 no 780 HM, YTO MO3BOJIIET COBMELIATh NMPUMEHEHHE CBETOBBIX
HMCTOYHUKOB JUIS OCBELIEHMsI M Iepeaayu NaHHbIX [1]. YBenndyeHue Harpy3ku Ha pajuod4acTOTHBIM
cnektp aenaer cucremMsl CBC Bce Gonee mpuBieKaTeNbHBIM JOMOJIHEHHEM, a B HEKOTOPBIX CIIydasx
aJIbTEPHATUBOM TPAIUIIMOHHBIM CHCTEMaM CBsI3U [2].

B Hacrosmee Bpems uccienoBaHust B obnmactu cucteM CBC HampaBieHbl Ha TOBBIIICHHE
HAJISKHOCTHU Tepefavyd JaHHBIX W Ha MOBBIIICHHUE MPOMYCKHON CHOCOOHOCTH. OCHOBHBIMH IIHPOKO
HCIOJIB3YEMbIMH I10KA3aTESIMM OLICHKM KauecTBa COEJMHEHHUS SIBIIOTCS TaKHe IOKa3aTelld, Kak
BeposATHOCTH OuToBOM olOKH (BER), oTHOmeHHe curnan/mrym (SNR) u cBsi3anHBIi ¢ HUM Q dakTop —
MoKa3aTeNb KavyecTBa MU(PPOBOro curHana [3]. DTU mapamerpsl SBISIOTCI Oa30BBIMH JJIST aHAIIN3a
CHUCTEM Tiepefaud JAHHBIX W HCIOJB3YIOTCS AJis BHIOOpa MOJYISALWH U AJITOPHUTMOB 00paOOTKH
cursanos [4].

Hecmotpst Ha moBcemMecTHOE PUMEHEHHUE JaHHBIX MMOKa3aTesel, X UCII0Ib30BaHNE B OCHOBHOM
OTpaHUYMBAETC OLEHKOH KaHala B OMNpeNeNeHHbI (UKCHPOBaHHBIH MOMEHT BpEMEHH WIN
MIPUMEHSIETCS] YCpeIHeHNE TTOKa3aTelsl 3a BRIOpaHHbI HHTepBal. B peanbHbIX ycioBusix kaHaa CBC
MoJIBepraeTcs BO3ACHCTBUIO MHOXKECTBA (DAKTOPOB, TAKMX KAaK BHEIIHSS OCBEIIEHHOCTB, OTpaXKeHUS,
TeOMeTpUsl PACIPOCTPAaHEHHS! CHTHAla B TMOMENICHHH M CHelU(pUKA ONTUYECKUX U DJIEKTPOHHBIX
KOMIIOHEHTOB CUCTEMBI. Bce 3To IpUBOAMT K (POPMUPOBAHUIO JUHAMUYECKHUX MPOIECCOB U H3MEHEHUIO
XapaKTEpHUCTUK KaHala BO BpeMeHH [5].

Jis u3ydeHus: 3THX SIBICHHHA TpeOyeTcsl HMCClieoBaTeNbCKas JKCIepUMEHTaJbHas CHCTEMA,
KOTopasi MOXeT obecrieunTs (hOpMUPOBAHNE CUTHAIOB Ui niepenadn B cucremax CBC, ynpasmisemoe
H3MEHEHHUE MapaMeTpoB KaHalla M PErUCTPAIMIO JUHAMHYECKHX XapaKTePUCTHK MPU HAOIIOACHUH 32
paboroii cucremsl. Mcronk3oBanue mporpaMMHoO omnpenensiemoit paxuocuctemsl (IIOP) B coueranuu ¢
HacTpauBaeMbIM ONTOJIEKTPOHHBIM TPAKTOM TIPOXOKIEHMsS CHUTHajla I103BOJIAIOT TIOCTPOMTH
MOJIOOHYIO CHCTEMY.
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B nanHoii pabGore mpencraBieHa cucTeMa, noctpoeHHas Ha 0Oaze IIOP B coueranum c
OITOANIEKTPOHHBIM TpPakTOM, oOecleunBarolias mepefady W TNpPHeM OINTHYECKHX CUTHAJIOB C
Pa3IMYHBIMU TUIIAMH MOIYJISIMHU B Auana3oHe 4actoT 1-10 MI'u. OcoOeHHOCTBIO CHCTEMBI SIBIISIETCS
BO3MOKHOCTB PErMCTPallii apaMeTPOB CUTHANA BO BPEMEHHU MPH Pa3IMYHbIX BHEITHUX BO3AEHCTBUAX,
YTO CO3/]a€T OCHOBY VI MOCIIEAYIOIIEro aHaIN3a TMHAMUYECKN XapaKTepUCTUK KaHaa.

ApXHTEKTYpa IKCIePUMEHTATbHON CHCTEMBbI

ApXHUTEKTypa SKCIEepUMEHTaJbHOM cucteMbl uccnenoBanus kaHana CBC mpencrapiser coboit
TPaKT MepeAavyd W MpHeMa CHUTHaja, BKIOYalounmid (opMHpOBaHHE CHUTHAja, €ro mepenady uepes
OINTUYECKUH KaHAl ¥ MOCIEAYIONIYIO PErUCTPALUIO 1 00pabOTKy Ha IPUEMHOR CTOpOHE.

BaxHo#l 0COOEHHOCTBIO MPEIIOKEHHON CHUCTEMBI ABISIETCS €€ OpUEHTAlMsl Ha HempepbIBHOE
(dhopMUpOBaHHE U PETUCTPALIUIO CUTHANIA U €ro XapaKTepUCTHK BO BpeMeHu. Ha puc. 1 mpencraBnena
apXUTEKTypa SKCIEPUMEHTAJIbHON ycTaHOBKM. CHIrHal ¢ HacTpauBaeMbIMU XapaKTEepHUCTUKAMU
nepenaercs U3 (GpopMUpoBaTeNs CUTHAJIA B MPOTPAMMHO OMpPENEIieMyI0 PaJUOCHCTEMY, TIOCIE Yero
MOCTyNaeT B TPAKT ONTO3JEKTPOHHOTO IMepenaTdnka, rAe Mpeodpasyercss H3 JIIEKTPUYECKOro B
onthyeckuil. Jlamee cHrHam pacmpoCTpaHseTcss IO ONTHYECKOMY KaHaly M IpHUHUMAaercs
OITOANIEKTPOHHBIM TMpPUEMHHUKOM. [IpeoOpa3oBaHHBIA W3 ONTHYECKOTO B JIEKTPHUYECKHHA CHUTHAI
NpeABapUTENbHO 00pabaThiBaeTcs MNPUEMHOW MPOTPAaMMHO OMNpeneNsieMOll PaguoCHCTEMON U
nepenaercs A 00padOTKH, COXpaHeHUs M aHallu3a B 00pabOTYHK CUTHAA.

»C MOP 1 0MpA ———

OK

oc MOoP 2 oanpm ——

Puc. 1. ApxurexkTypa 5KCIepUMEHTaIbHOU cHUCTeMBbI HccaenoBanus kaHana: @C — gopMupoBartes curHasia;
I1OP 1,2 — nporpammHO onpeesiemsle paguocuctembl; OOIIpa — onTosnekTpoHHbI nepenarink; OK —
onruyeckuil kanan; OOIIpm — onrosnekTporHbli npueMHUK; OC — 00paboTYMK CUrHaNIA

JKcrneprMeHTalbHasl CHCTeMa MOXKET OBITh peajn30BaHa B JBYX OCHOBHBIX KOH(HIyparusx,
OTJIMYAIOLIUXCS CIOCOOOM OpraHU3alui (HOPMHUPOBAHUS U 00OpAOOTKH CUTHAJIOB.

B niepBoii KoH(MUTYpalIuK UCTIONIB3YIOTCA B BEIYMCIUTEIbHBIX YCTPOHCTBa (POpMUpOBaTENs U
00paboTunKka CHrHaja), 00ecIeurnBaIOIIUX pa3AelbHyI0 paboTy MepearoNero 1 MpPUEMHOT0 TPAKTOB.
Takoll MOAXOHA MO3BOJISIET CHHU3UTh HATPY3Ky Ha KaXKJO€ YCTPOHCTBO W IMOBBICHTH CTaOMIBHOCTH
(yHKIIOHUPOBAHUS CUCTEMBI TIPH JUTUTENHHBIX H3MEPEHUSX.

Bo Bropoii koHpurypauuu GopMrUpoOBaHHE U MPUEM CUTHAJIA MOTYT OCYLIECTBIISIIOTCS Ha OTHOM
BBIUMCIIUTENBHOM YcTpolicTBe. JlaHHBIM BapHaHT YOPOULIAET CTPYKTYPY, OJHAKO IpPEIBIBILIET
MOBBIIIICHHBIE TpPeOOBaHMS K BBIYHCIHMTENBFHBIM pecypcaM, a TaKkKe MOXET NPHBOAUTh K
JIOTIOJTHUTEIILHBIM 3aJiepyKKaM 00pabOTKH.

HeszaBucumo oT BBIOpaHHOW KOH(Urypaluu, CHUCTeMa OpHEHTHpPOBaHa Ha obOecreueHue
HEenpepbIBHOTO  (POPMUPOBAaHUSI H  O0pa0OTKM CHTHaJA. OJTO TO3BOJIIET PErUCTPUPOBATH
XapaKTepPUCTHKH KaHalla W HWCIOJNB30BaTh MX JUIS aHalW3a €ro JUHAMUYECKHX CBOWCTB, BKIOUas
H3MEHEHHUE COCTOSHUS KaHaa Mo BO3IEHCTBHEM HU3MEHIEMbIX BHEIIHUX (DaKTOPOB.

dopmupoBaHue U 00padoTKa CUTHAJIA

dopMupoBaHUE U IIPUEM CUTHAJIOB B 3KCIIEPUMEHTAILHON CUCTEME MMPOU3BOIATCS MTOCPEACTBOM
ITOP B cpene GNU Radio [6], koTopast ipeacTaBiisieT co00i OTKPHITYIO MIaThopMy AJs pa3padoTKu U
HccleoBaHus U(PPOBBIX CUCTEM CBSI3U. B cpene BO3SMOXKHO peau30BaTh TPAKT MpHUeMa U Tepegadn
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ANEKTPUYECKOr0 CUTHAJA B BUJE Tpada, COCTOAIIErO U3 PasIMYHbIX (DYHKIMOHAIBHBIX OJOKOB, YTO
oOecreurBaeT rTHOKYI0 HACTPONKY MapaMeTpOB CUTHAJIA U €ro aHaIu3 B Tpoliecce pabOThl CHCTEMBI

B kadecTBe TECTOBBIX CHT'HAJIOB JJIsl MCCIIEIOBAHUS BPEMEHHBIX XapaKTEPUCTHK KaHaJla MOTYT
WCIOJIb30BATHCS KaK MPOCTHIE, TaK U CIIOKHBIE BUIBI CUTHAJIOB. [I[puMeHeHre rapMOHUYECKOr0 CUTHANA
MO3BOJIsIET 6a30BO OILICHUBATh XapaKTEPUCTUKU KaHala MOoJydasi OTHOLICHWE CHUTHAII/IIYM HIIH H3y4dast
YacTOTHbIE HCKaxeHus. Ho Ui oleHKM KaHala B TOJHOM Mepe IeriecooOpasHee MpPUMEHATh
LIMPOKOIOJIOCHBIE CUTHAJIBI HCIIOIb3yeMble JUTS Tiepeadyn HH( OpMaLiu.

B kauecTBe Takoro curHaia mpeniaraeTcs UCIONb30BaTh CIOXKHBIA CHTHAJl ¢ OPTOTOHAJBHBIM
yacToTHBIM pazfeneHueM kaHanoB (Orthogonal Frequency-Division Multiplexing OFDM), xoTopblii
IIMPOKO MpuMeHsercss B coBpeMeHHbIX cuctemax CBC [7, 8]. Beibop OFDM Takxke MoxeT ObITh
00YyCIIOBJIEH TeM, YTO MOMUMO IIMPOKOTO CIEKTpPa OH COAEPXKUT IMOJHECYIIHEe, KOTOphle MOTYT IO-
pasHOMy pearupoBaTh Ha HM3MCHEHHs B KaHalle CBA3HM, YTO MOXKET IOBBICHTH YYBCTBUTEIHHOCTH
9KCIIEPUMEHTAIBHOM YCTAaHOBKH U MO3BOJIUT JIYUIlle aHATU3UPOBaTh cocTosiHue kanana CBC.

®opmuposanne OFDM curaaia peaqn3oBaHo Ha OocHOBe cTanmapTHeIX OmoxoB GNU Radio,
KOTOpble OBLTM HACTPOEHBI MOJ MapaMeTpbl KCIEPUMEHTAIbHOW ycTaHOBKH. ['pad mepenardmka,
KOTOPBI OMpeiersieT NOCIeA0BaTeIbHOCTh IPeodpa3oBaHuil CUrHaIa MIPEACTaBIIeH Ha puc. 2.

Options Variable Variable Variable Variable Variable Variable
Title: OFDM VLCTX ID: packet len ID: len_tag_key ID: it len 1D: samp_rate TD: rf_rate 1D: frequency
Description: Trans...packsts, Value: 63 Value: packst_len Value: 3 Value: 300k Valve: 1.5M Value: 411
‘Qutput Language: Fythcn
Generate Options: QT GUT

QT GUI Constellation Sink
Number of Points: 1.024k
Autoscale: Yes

QT GUI Frequency Sink
Mame: Rx Spectrum

OFDM Transmitter
FFT Length: 48
Cyclic Prefix Langth: 12
Length Tag Name: packst_len

osmocom Sink
Device Arguments: o hackrf
Sync: Unknovn PPS
Humber Channels: 1
m Sample Rate (sps): 1.5M
Cho: Frequency (Hz): 44 lasync_msas!
ChO: Frequency Correction (ppm): 0
ChO: RF Gain (dB): 25
Ch@: IF Gain (dB): 40
ChO: BB Gain (dB): 15
ChO: Bandwidth (Hz): 1.5M

ComplexTo Float
jml

Puc. 2. I'pad OC sxcniepumenTanbHOH ycraHoBKkH cuctembl CBC

Center Fraquancy (Hz): 0
Bandwidth (Hz): 300k

Multiply Const
Constant: 50m

Vector Source
Vector: ranga(0, €3)
Tags:

Repeat: ‘&5

Stream to Tagged Stream
Packet Length: &3
Length Tag Key: packet len

Pilot symbols: (-1, 1. -1, 1)
Header Modulation: BPSK
Payload Madulation: QPSK
Rolloff length (samples): 0
Log Debug Info: No

File Source

Add begin tag: pre T HiL [
Offset: 0
Length: 0

QT GUI Time Sink
Hame: Transmitter Input
Humber of Points: 1024
Sample Rate: 300k
Autoscale: Ho

I'pad ©C npencrapnser coOoit mepeqaTyvK U BKIIOYAET B ce0sl Ha BEIOOP: OJUH U3 HCTOYHUKOB
JIaHHBIX B Buje (aiina, b0 B BHJE BeKTOpa (MMIOOOpa3HBIA CHTHAIN), U3 KOTOPBIX (hOpMUpPYETCS
MOCIIEI0BAaTeNIbHOCTh U3 CHUMBOJIOB JIMOO YHCeN, KOTOpas Jajiee Mmpeodpasyercs B MOTOK ¢ METKaMHU
MAKETOB ONpeeIeHHON AMMHBL. JJ1 3TOro ucnonbzyetcs 070K npeodpa3oBaHUs MOTOKA B AKETHYIO
CTPYKTYpY ¢ MeTkamH (Stream to Tagged Stream), koTopsiii 0OecrieunBaeT KOPPEKTHYIO CErMEHTALIUI0
nansbix it OFDM-Mmonynsamuu.

Bakneilnum aiieMeHTOM niepenaroiiero Tpakra sisisiercst 6ok OFDM-Moaynstopa, B KOTOPOM
BBHIMONHAECTCS  (OPMHPOBAHUE TMOMHECYIIUX, HOOaBICHWE NWIOTHBIX CUTHAJNOB, a TaKxke
npeoOpa3oBaHWE CUTHAlIA C HCIONb30BaHWeM ObicTporo mpeobOpazoBanuss Dypoe (Fast Fourier
Transform, FFT). C momoripto mepeMeHHbIX 3anarorcs napamerpsl FFT, konndyecTBO MOAHECYIIUX U
MUJIOTHBIX CUMBOJIOB, a TAK)KE THUII MOIY/ISILIMH TTOJIE3HON HArPY3KH U 3ar0JIOBKa.

[locne ¢opmupoBaHHs CHUTHAJa BBHIMOMHACTCS MAacIITAaOUPOBaHWE €ro aMIUIUTYABI IS
COTJIaCOBaHMA YPOBHEW C TOCIEAYIOUIMM TpakToM Imepexayd. JlomomHutensHO B rpade
MPEeAYCMOTPEHBl CPEACTBa BU3YaJbHOTO KOHTPOJS CUTHANa, BKIIOYas OTOOpakeHHWe CIIeKTpa
OCLMIJJIOrPaMMBI BBIXOJJHOTO CHTHajla M CO3BE3IMsA, YTO MO3BOJSET KOHTPOJIHPOBATH KOPPEKTHOCTHh
(hopMHPOBaHUS CHTHAJA

Pesynbrar 3amycka rpada @C Ha UCIIONHEHUE, MOXKHO BHIETH Ha pHC. 3.
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Puc. 3. Beinonusemsiit rpag OC ¢ napamerpaMu yCUIEHHS U BBIXOJHBIM CLIEKTPOM Ha Iepefady

I'pad OC, npencraBieHHbIH Ha pUC. 4 peaausyeT mpueM, 00pabOoTKy U BU3YaJH3alHI0 CHT'HATIA.

Options Variable Variable Variable Variable Variable Variable
Titie) OFDM VIC RX 1D: packet_len | | ID: len_tag_key 10: fitden | | 1D: samp_rate | | 10: rfrate | | 1D: frequency
Autitor: Saitryou Alaksel Value: 63 Value: packet_len | | value: 48 | | value: 300k value: 1.5M | | value: am

Description: Trans...packets.
Output Language: Python
Generate Options: QT GUI

QT GUI Time Sink
Name: Receiver Output
Number of Points: 1.024k
Sample Rate: 300k
Autoscale: Yes

UChar To Float

File Sink
File: ...al_stand\Recived.txt

m Unbuffered: On

Append file: Append

osmocom Source
Device Arguments: hackrf=0
Sync: Unknown PPS
Number Channels: 1
Sample Rate (sps): 1.5M
Cho: Frequency (Hz): 4M
E Cho: Frequency Correction (ppm): 0

Cho: DC Offset Mode: 0

Cho: 1Q Balance Mode: 0
Cho: Gain Mode: True
ChoO: RF Gain (dB): 30
Cho: IF Gain (dB): 10

QT GUI Time Sink
Name: Scope Plot Output
Number of Points: 1.024k
Sample Rate: 300k
Yes

Complex To Float

OFDM Receiver
FFT Length: 48

Cydic Prefix Length: 12
Packet Length Tag Key: rx_len
Occupied Carriers: (-...3, 4)
Pilot Carriers: (-6..., 5, 6)

ChoBeGaln (dD): 10 pilot Symbols: (-1, 1, -1, 1) QT GUI Range QT GUIRange || QT GUI Range
Cho: Bandwidth (Hz): 1.5M £ Header Modulation: BPSK 1D: if_gain 1D: if_gain 1D: bb_gain
§' Payload Modulation: QPSK Label: RF Gain Label: IF Gain Label: BB Gain
a Log Debug Info: No Default Value: 30 | | Default Value: 10 | | Default Value: 10
H Start: 0 Start: 0 Start: 0
% Stop: 40 Stop: 60 Stop: 60
& fosphor sink (GLFW) Step: 5 Step: 5 Step: 5
Center Frequency (Hz): 0 m
span (Hz): 300k
QT GUI Message Edit Box
Type: Float
Value:
MPSKSNR Estimator Probe  |-sn = 3 = hall S0 (dB): =
Type: Simple m : Pair Mode: False
Samples between SNR messages: 50k : Static Mode: False
Filter Alpha: 1 -
'
L1 m SNR Logger
Filename: d:\snr_log.txt

Puc. 4. I'pad OC skcniepuMeHTaNbHON ycTaHOBKU cucteMbl CBC

4] CUrHalia, rmoCTynaromero ¢ mMpueMHOIro yCTpOﬁCTBa, IpEABAPUTEIIBHO YAQAIACTCS MMOCTOsTHHAsA
COCTaBJIAIOIIAsdA, KOTOpasd HEraTMBHO BJIMACT Ha OLICHKY KaHaJa. I[aﬂee CUTHAJI MOCTYIIA€T B 010K
OFDM—HpI/IeMHI/IKa, B KOTOPOM BBITIOJIHACTCSA CHHXPOHU3alUs 110 IMAJIOT CUT'HaJIaM, IIEPEHOC CUrHajia B
YaCTOTHYIO 00JacTh U AEMOA YA IMTOAHECYIIUX.
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[locne meMonmynsiuuy BBIMOMHSETCS TNpeoOpa3oBaHME TOJIYYEHHBIX JaHHBIX B Qopmart,
MPUTOJIHBIN JIJIsI NanbHEWIIe o0pabOTKM M aHauu3a, a TaKk KaKk OCHOBHBIM HCTOYHUKOM JIaHHBIX B
paMKkax Oynymiei pa®oThl AIA HAC SBJAETCS OTHOIICHHWE CHTHAJ/IIyM, OCTaJbHBbIE OJIOKH BBIBOJAA
BPEMEHHO JCaKTUBUPOBaHKL. [Ipu HEOOXOAMMOCTH OTCIEKHMBaHUs Kod(duimenTa OUTOBON OMIUOKH
(Bit Error Rate — BER) cymiecTByeT BO3SMOKHOCTB 3aIMCH MIPUHATOHN MOCIE0BATEILHOCTH B (haidi st
nanbHeime oopadorku. Takke B rpade nmpeqycMoTpeHsl OJIOKH BU3YalU3alii BpeMEHHOU (HOpMBI
CUTHaJla, BXONHBIX W BBIXOJHBIX JAaHHBIX, YTO TMO3BOJISIET KOHTPOJIMPOBATH MPOIECC NMpHEMa H
COIOCTABIIATh TMEPEAaHHBIH M TPUHATHI CHUTHAIBI, 9TO OCOOEHHO YAOOHO B cllydae Iepenaqu
BEKTOPHOT0 CUrHania. Taike ToJIe3eH B BH3yalM3allud M HacTpoiike Onox «Bomomam» (Waterfall),
KOTOPBIH TIO3BOJISIET HE TOJIBKO OTCIIEKUBATH H3MEHEHHS CUTHAJIOB B PEaJbHOM BPEMEHH, HO U BUICTh
ucroputo 3¢upa. Pesynprar Beinonnenus rpada OC npeacraieH Ha puc. 5.

W fosphor

RF Gain v 300 2
IF Gain v 100 3
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Puc. 5. Bemonusemslii rpad OC ¢ napaMeTpaM YCUICHUs IPUHUMAEMbIM CHEKTPOM C HaMAThIO U IPUHATHIM
JIEMOYJINPOBAHbIM CUTHATIOM

BaxHbIM 37MeMEHTOM SBJIACTCSI ONOK OLEHKH OTHOIIGHHWS CUTHAI/IIYM, HCIONb3YeMbId B
IpUeMHOM TpakTe. BcerpoenHblii monyns oueHkr SNR 1mo3BossieT monydarh TEKyIIME 3HAaYeHMS
KauyecTBa CHUTHAJa HENOCPEJCTBEHHO B Tpolecce paboTel cucrembl. [lodydeHHble 3HaYeHHS yepe3
unTepdelic monp30BaTes 3aMKuCchIBAlOTCS B (haiin ¢ Jo0aBIeHneM BpEeMEHHONH METKH, YTO 00eCIeunBaeT
(dbopMupOBaHKE BpeMEHHBIX psIoB napamerpa SNR oueHb yJOOHBIX AJIS MOCTEAYIOLIEr0 aHAIN3A.

Peanuzanus nepenatoriero 1 npueMHoro tpaktos B Buae rpagos GNU Radio obecnieunBaet He
TOJIBKO Tepefadyy M NpHUeM CHTHajla, HO U 3aJelCTBYeT BCTPOCHHBIE CPEACTBA €ro aHajiu3a. JTO
MO3BOJISIET HWCIOJIBb30BaTh CHCTEMY KaK HMHCTPYMEHT AN HWCCIEJOBaHUsS XapaKTepPHCTHUK KaHaa,
BKJIIOYas UX U3MEHEHHE BO BpEMEHHU NP BO3ACHCTBUH PA3IHMYHBIX IIOMEX.

OnrTo3/1eKTPOHHBII TPaKT

OnroanexktponHblil TpakT (OT) sKcepUMEHTaNbHOW CHCTEMBI CIYXHT IS MpeoOpa3oBaHUs
CHUTHaJIa U3 DJIEKTPHUECKON ()OPMBI B ONITHYECKYIO U 00paTHO. B cOOTBETCTBUM CO CTPYKTYPHOU CXEMOM
Ha puc. 1 B OT MoxHO BeIACTUTH cieayromue ocHoBHbIe aneMeHTh: [IOP 1; O3IIpa; OK; O3IIpwMm;
[1OP 2.

[NIOP 1 wu IIOP 2 mpexactaBisAlOT cOOOH MNPOrpaMMHO-ONpEAEIIeMble PaJHOCHCTEMBI,
BBIMOJIHAIOINE (YHKIUH LUPPO-aHATIONOBOTO U aHAJIOro-IM(poBOro Npeodpa3oBaHUs, a TaKKe
nepBUYHOM 00pabOTKM cHrHajioB. B 0a30Boif KOHpUrypauuud TaKHE CHUCTEMBl O0ECIeYHBAIOT
(¢bopMUpOBaHHE U MPHEM CHT'HAJIOB C 3aJlaHHBIMH MapaMeTpaMyu M HX IMepenady Mexay udpoBoi u
AHAJIOTOBOM YaCTsIMU TpakKTa.
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B obmem cinydae mporpaMMHO-ONpenensieMble PagHOCHCTEMbl PEaNU3yIOT HaCTPaHBAaEM YO
ApXUTEKTYpy, B KOTOpoH (YHKIMH 00paOOTKH CHrHalla PACHpeeNsioTCs MEXAy anmapaTHOH H
MPOrpaMMHON 4acTsAMU. B HEKOTOpPBIX YCTPOMCTBAaX AJs YCKOpEHHS 00pabOTKH HCIONB3YIOTCS
porpaMMHUpyeMble Mosb30BaTesieM BeHTHIbHbIe Marpulsl (IIIIBM, FPGA) u Torga 3HaunTenbHas
4acTh AJIFOPUTMOB NPeoOpa3oBaHMsl CUTHAJA BhINOJHsAEeTCsS Ha cropoHe [IOP, a He BRIYMCIUTEIHHOU
CHUCTEMBI.

B paccmatpuBaemoii peanuzaimu B kauectBe [IOP ucnonb3yrorces nsa ycrpoiicrsa HackRF One,
KOTOopble oOecreunBaloT (OPMUPOBAHHE M TMPHEM CHTHAJIOB B IIMPOKOM JHana3oHe 4acToT [9].
[Ipumenenne MOMOOHBIX YCTPOMCTB MO3BOJSIET ONEPATHMBHO H3MEHATH MapaMmeTpbl CHUTHAla |
MPOBOJUTE SKCHEPUMEHTHl 03 MoAuduKaluu anmapaTHOM 4acTH. B KkauecTBe allbTepHATUBHBIX
pelIeHni i MOT'yT paccMaTpuBaThcs OoJiee MPOU3BOIUTENbHBIE MIaThopMbl, Takue kak LimeSDR [10],
a TakXkKe Jpyrue aHaJOrM4yHbIe YCTPOWCTBA, OTIMYAIOIIMECS PACHIMPEHHOM MOJIOCON MPONMyCKaHUs U
yAYYIIEHHBIMH XapaKTePUCTHKAMU aHaJoro-uu(poBbIX MpeoOpasoBaTeneid. DKcHepUMEHTalbHas
YCTaHOBKA pacCUUTaHA Ha TaKUe U3MEHEHUSI.

HUcnons3oanue [IOP B 3amauax ontudyeckoi OECIPOBOIHON CBS3H JaBHO BBI3bIBAET HHTEPEC Y
HAy4YHOTO COOOIIECTBA M pacCMaTpUBaeTCs, HampuMep, B padotax [11, 12], rae moka3zaHa BO3MOXHOCTb
MOCTPOCHUSI M aHalM3a THOKMX CHUCTEM Ilepeladyd JaHHBIX Ha 0a3e MpOorpaMMHO-OMpeesieMbIX
PaaroCHCTEM.

K ocHoBHeIM mnpeumymiectBam mnpumeHeHust IIOP B cocraBe ONTO3JEKTPOHHOIO TpaKTa
OTHOCSTCS:

— THOKOCTh HACTPOWKU TTapaMeTPOB CUTHAJA;

— BO3MOXHOCTh pEaJIN3aLUHU PAa3IUYHbIX METOA0B MOYJISLINY;

— UHTETpalys ¢ IPOrPaMMHBIMHU CPEICTBAMU aHAJIN3a;

— BO3MOXHOCTh PErHCTpallii TapaMeTPOB CUT'HaJIa BO BPEMEHHU.

K nemocrarkam MOXXHO OTHECTH:

—OTpaHWYEHHYI0  TOYHOCTh W  JUHAMMYECKHUH  JMamna3oH [0  CPaBHEHHIO  CO
CHEeNUAN3UPOBAHHBIMU PEIICHUAMHU;

— HAJIMYKE JIOMOJHUTEIHHBIX 33JIEPXKEK, CBI3aHHBIX ¢ Oydepusalueii u 00padoTKOMN;

— 3aBUCUMOCTb XapaKTEPUCTHUK OT BHIYHCIUTEIBHBIX PECYPCOB CHCTEMBI.

ODIIpn obecnieunBaer Mpeodpa3oBaHUE FICKTPUIECKOTO cUrHala, nocrynatoiero ¢ [IOP 1, B
ONTUYECKOE W3JydeHHe. YTpaBleHHE Ja3epHbIM auogoM (B yacTHoM ciydae LPC-815 650 M)
OCYILECTBISIETCS TOCPEACTBOM MOIY/ISILMHN HApsKEHUEM BXOJIHOI'O CUTHAJIa UCTOYHUKA TOoKa. Takoi
crnoco0 COOTBETCTBYeT NPHHLUIY NpAMOi Moaymsiuuu uHTeHcuBHOocTH (IM/DD), mmpoxo
MPUMEHSIEMOMY B CHCTeMax ONTHUYeCKoi cBasu [7]. Hcmonp3oBaHue Ja3epHOro TuoAa o0ecrednBaeT
BBICOKYIO HAaIllpaBJIEHHOCTh M3JIY4EHUS] M JIOCTaTOYHYIO MOIIHOCTh CHTHaJa JUIs TPOBEACHMUS
9KCIIEPUMEHTOB.

OK mpencraBiser coOoi cpedy paclnpOoCTpaHEHHsA CHTHaja, mapamMerpbl KOTOpOH MOryT
HM3MEHATHCS B IpOLIECCe SKCIEPUMEHTA. B OTiMUYMEe OT BOJIOKOHHO-ONTHYECKUX CHUCTEM, B JIAHHOM
cllydae HCIONb3YeTCsl CBOOOIHOE MPOCTPAHCTBO, YTO MPUBOMUT K JOMOJHUTEIBHBIM IMOTEPSIM M
BIIMSTHUIO BHEITHUX BO3JIEHCTBUH.

ODIIpm peanusyer obOpaTHOe MpeoOpazoBanHue curHaita. oroanoa npeodpa3yeT ONTUYECKOES
M3ITydeHHE B MIEKTPUUECKUN TOK, KOTOPBIN 3aTeM YCUIMBAETCS TPAaHCUMIICIAHCHBIM YCHJIMTEIEM U
mpeoOpazyeTcss M3 TOKOBOTO CHUTHajla B MPOMOPLHOHAIBHOE HampsbkeHne. OCHOBHBIE CBOMCTBa
KPEMHHUEBBIX P-i-n (HOTOMMOAOB ¢ OOJIBIION TUIOMAABI0 TEPEeX0Jia, BIUSIONIME HA IMPOIYCKHYIO
CIOCOOHOCTh omucaHbl B uccienoBanusax [13]. B okcrepuMeHTanbHOH ycTaHOBKE MPUEM CHTHAJA
ocymecteisiercs: potoanonom tuna GJ1263 [14], obmagaronmM JO0CTaTOYHOW YYBCTBUTEIBHOCTHIO B
BUAMMOM JHaNa3oHe W TMPHUTOJHBIM U1 TOCTPOSHHS OBICTPOACHCTBYIOMIMX (HOTOMPHUEMHBIX
YCTPOUCTB.

OO3llpn u OJlIpM peamu3oBaHbl Ha OAHOW TMEYATHOW IUIaTe, MpeACTaBIsAIOIed CcoOoi
MOIU(UIIUPOBAHHBI BapHaHT paHee paspaboranHoro Li-Fi momema [15]. B pamkax naHHOI
SKCHEPUMEHTAIILHON YCTAHOBKH M3 CXEMbl OBUIM HCKIIOYEHBl OTHENbHbIE Y3l 0OpaOOTKH, YTO
MO3BOJMJIO TOJYYUTh JOCTYN K CUrHany (oTompueMHuKa Oe3 MpeaBapUTeIbHON (QUIbTpauuu U
Koppekuud. B mpemiaraemoii cucreme oOecnedmBaeTcss BO3MOXKHOCTh PETHCTpPAllMd HCXOIHOTO
curxana c¢ (oToN0Aa, COAEP KaIIero BCe UCKAXKEHHUS, IIYMbl 1 BpEMEHHbIE N3MEHEHUsI, BOSHUKAIOIIHNE
B KaHaJIe U DJIEMEHTaX.
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Breurnuit BU; oNTO37EKTPOHHOMN YaCTH YCTaHOBKH MPEACTABIIEH Ha puUC. 6.

FAIRR N ] S
AackRF One

Puc. 6. OnTo31€KTPOHHAs YaCTh SKCIEPUMEHTAILHON YCTaHOBKU

CrnenmyeT OTMETUTb, YTO HUCIOJIB3YeMbIe ONTOIIEKTPOHHbIE KOMIIOHEHTHI HE SBIAIOTCS YKECTKO
(DUKCHPOBAaHHBIMH 3JEMEHTaMH CHCTEMBl M MOTYT OBITh 3aMEHEHBl B 3aBUCHMOCTH OT YCIIOBHH
SKCHEPUMEHTa. DTO TO3BOJISET afalTHPOBaTh YCTAHOBKY IIOJ Pa3MYHbIE IHANa30HbI MOIHOCTEH,
paccTosHUH U YCIIOBHH PacpOCTpaHEHUS CUTHAJIA.

Takum obpazom, TIOP, coBmectHo ¢ OT, GopMupyroT eauHslld MpeoOpa3yromuil KOHTYp, B
KOTOpOM (pH3MYECKHE WCKAKEHHS M IIYyMbl HEMOCPEACTBEHHO OTPAKAIOTCSH Ha XapaKTePHCTHUKAX
CHTHAJA, JOCTYIHBIX IJI1 HOCICAYIOIEro aHaIu3a.

OnTnyecKknid KaHal

OK sKcriepuMeHTaIbHON CHCTEMBI MPEACTaBIIET CO00i yIpaBIseMyro cpeay pacpoCTpaHeHUs
ONTUYECKOr0 M3JIYYEHHS MEXAY ONTORJIEKTPOHHBIM MEpPeIaTYukoM M TPUEMHUKOM (GopMupys
3aMKHYTYIO METN0. B oTin4Me OT BOJIOKOHHO-ONTHYECKUX JIMHUM CBS3M, TaKOM KaHaJl MOABEpKEH
3HAUUTENIFHOMY BJIMSHHIO BHEIIHUX (DaKTOpOB, 4YTO JeNaeT ero YAOOHBIM OOBEKTOM IS
JKCIIEPUMEHTAIBHBIX HCCIEI0BAaHUM ¢ BO3MOXHOCTBIO BHOCUTh IIOMEXH PA3INYHOIO XapaKTepa.

KoHCTpyKTHBHO KaHan BKJIOYaeT (POKYCHPYIOUIYIO JIMH3Y M CHCTEMY M3 JBYX OTPaKaroIuX
9JIEMEHTOB (3epKal), TIOJIOKEHHE KOTOPBIX MOXET W3MEHATHCS B OUEHb IIUPOKOM JIuamazone. Takas
KOH(HUT'ypalysl TO3BOJSIET BapbUPOBaTh JJIMHY ONTHYECKOTO ITYTH, Yrojl MaJeHUs U OTPaKEeHUs
U3Ty4eHUs], a Takxke (OPMHUPOBATh Pa3InuHbIe PEKUMBI PACIPOCTPAHEHUS CUTHAJA.

N3meHeHne reoMeTpuu KaHaia MPUBOAUT K M3MEHEHUIO YCIOBUM paclpoCTpaHEHHs CUTHaa,
BKJIFOYAs IIOTEPH MOIIHOCTH, PACXOIUMOCTh My4Ka U BIUSTHUE OTPAKEHHBIX KOMIIOHEHT. B psie padot
[I0Ka3aHO, YTO JUI1 CHCTEM CBSI3M BHUAMMBIM CBETOM XapaKTEpHO CYIIECTBEHHOE BIUSHUE
MHOT'OJIyUYEBOTO PACIpPOCTPAHEHUs] U OTPAKEHUI OT MOBEPXHOCTEH, YTO NMPUBOJUT K HCKAKEHUIO
curHana [5].

Ha puc. 7 nokazaH onuH U3 BO3MOXXHBIX ITyTe€H MPOXOXKJIEHHUS CUTHAJA, TPAGKTOPHsI KOTOPOIo
MIPOSIBIISIETCS B MEJKOMCIIEPCUOHHBIX YAaCTHIIaX BHECEHHBIX B KaHaJl.
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Puc. 7. Kondurypamus nmpoxox1eHus CBeTa B MEJIKOIUCIIEPCUOHHON B3BECH

[Ipu onpeneneHHBIX KOHGUTypanusiX ONTHYECKOH CHCTEMbl BO3MOXKHO (OPMHUPOBAHHE
UHTEep(PEPEeHIMOHHON KapTHHBI BCJIEIACTBHE HAJIOXKEHUS pac(OKyCHPOBAHHOIO Jyda OTPa)KEHHOTO
OIHOBPEMEHHO OT JBYX 3€pKaj. JTO INPUBOIUT K IPOCTPAHCTBEHHO-BPEMEHHBIM H3MEHEHHUIM
MHTEHCUBHOCTH CUTHAJIa HA IIPUEMHHUKE, YTO TAKKE BIUSIET HA MapaMerpbl IPUHUMAEMOI'0 CUTHAJA.

OCOOEHHOCTPIO  paccMaTpUBacMOW  YCTAaHOBKM  SIBISIETCA  BO3MOXKHOCTH  YIPAaBISIEMOTO
M3MEHEHUs] TIapaMeTpoB WJIM BHECEHHs NOMEX B KaHajl B Ipolecce skcnepumenTa. Ilepemerenue
3epKajJl U H3MEHEHHE VIJOB OTPaXXEHWsI TO3BOJSIOT MOJEIMPOBATH Pa3IUUYHbIE CIEHAPUU
pacnpocTpaHeHus CUTHaja, BKIIOYAs YBEJIMYEHHUE JIMHBl KaHajla, IOSIBICHUE JONOJHUTEIbHBIX
OTpaKEHNN U U3MEHEHHUE YCIOBUI OCBEIIEHHOCTH.

Crnenyer OTMETHUTbh, YTO B OTJIMYME OT CTaTHUECKUX MOJeNel KaHajla, UCIOIb3yEMBIX B psizie
TEOPETUUECKUX padoT, peabHbIil ONTHYECKU KaHal B TIOMELICHUH SABJISETCS HeCTallMOHapHBIM. Ero
mapameTpbl U3MEHSIOTCSA BO BPEMEHH TI0J BO3JICHCTBHEM BHEIIHUX (PAKTOPOB, TaKUX KaK M3MEHEHHE
OCBEIICHHOCTH, ABWKEHUE 00BEKTOB M HECTAOMIIBHOCTH MOJIOKEHHUS 3JIEMEHTOB CHCTEMBI.

OnTrueckuii KaHaj B IIpeJIaraeMoil cucreMe sBJISIETCs] He TOJIbKO cpeioil mepeayu curaaia, Ho
U aKTUBHBIM JJIEMEHTOM, (OPMUPYIOLIMM €ro XapaKTepUCTUKU. YTpaBisgeMas reoMeTpHs KaHaja
MO3BOJISIET IOJy4aTh PA3IMYHBIE PEXUMBI PACIIPOCTPAHEHUs] CUTHANA M MCCIEN0BaTh BIMSIHME 3TUX
YCIIOBUM Ha €ro mapameTpbl BO BPEMEHH, UTO SIBJIIETCS KJIIOUEBBIM Ul aHAIN3a €r0 JUHAMUYECKUX
CBOMWCTB.

Oco0eHHOCTH U OTPAHNYEHUS] CHCTEMbI

OKcrepuMeHTaJdbHas CHUCTEMa, peajlM3yrolas Imepedady curHaiga B kaHame CBC ¢
ucnonbzoBanueM [IOP u OT, obnamaer psgoM OcoOEHHOCTEH, KOTOpbIe OKA3bIBAIOT BIWSHHE Ha
XapaKTEpPUCTUKU MPUHUMAEMOI'0 CUTHaIa.

K ugmenmy Takumx ocoOeHHOCTEH  OTHOCHTCS — OTpaHHMYEHHAas I0J0ca  MPOMYCKaHHA
OITO3JIEKTPOHHBIX KOMITOHEHTOB, BKIIIOYAsl Ja3epHBIA IHOM, (OTOAMON W YCUIIUTENbHBIE KACKAJBI.
JlaHHbIE OrpaHHuYEHUs] MPHUBOJAT K YACTOTHBIM MCKAKEHUSIM CUTHaJa W HEPaBHOMEPHOCTH
aMIUIMTYIHO-4aCTOTHON XapaKTEPUCTHKHU TPaKTa.
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JononHuTenbHEIM (PaKTOpOM SBJIACTCS HENMHEHHOCTH DIIEMEHTOB MEepeNarollero TPakTa, B
MEpBYI0 Ouepeb HCTOYHHMKA TOKA M Jla3epHOro nuoja. HenuHeliHble HCKaKEHHS MPUBOIAT K
W3MEHEHUIO CIIEKTPa CUTHAJa W TOSBJICHUIO JOTOJHUTEIBHBIX TaApPMOHUYECKUX COCTABIIAIOUINX, YTO
XapaKTEPHO JUIsl CUCTEM C IPSAMOI MOAYISIMEN U3TydeHHUS.

Ha mnpuemHON CcTOpOHE CYIIECTBEHHOE BIMSHUE OKAa3bIBaIOT LIYMBI (DOTONPHEMHUKA H
YCHJIUTEIILHBIX KACKa0B, BKJIFOUAs TEIIOBOM U IPOOOBOM MIyM.

OcobenHocTh0 Henoip3yembix [IOP sBisieTcst Hanuame 3aepiek, cBA3aHHBIX ¢ Oydepuszanueii
1 00pabOTKOM NaHHBIX, a TAKKe UCIOIb30BaHUE OKOHHBIX METOAOB NPH OLIEHKE MapaMeTpOB CHTHaja.
B dacTtHOCTH, OIICHKA OTHOILIEHUS] CUTHAJI/IIYM OCYIIECTBIIICTCS HA OCHOBE YCPEIHEHHs M0 BBIOOPKE,
YTO MPUBOIUT K CTIIAXKUBAHUIO OBICTPHIX M3MEHEHHI CHT'Hajla BO BPEMEHH.

Cnenyer TakXe OTMETUTh HECTAllMOHAPHBIM XapakTep ONTHYECKOro KaHana. M3meHeHue
TeOMETPUHU PaCTpOCTPaHEHUsI CHTHAJIA, BHEITHEH OCBEIIEHHOCTH U MOJIOKEHUS 3JIEMEHTOB YCTAaHOBKHU
MIPUBOIUT K U3MEHEHUIO TapaMeTPOB KaHalla BO BPEMEHH.

[epeuncnenHple 0COOEHHOCTH HE TOJBKO OrPaHWYMBAIOT TOYHOCTH IEpelavyd AaHHBIX, HO U
¢dbopMuUpYIOT HaOMONAaeMyr0 CTPYKTYpY CHTHala Ha BBIXOJE CHCTeMB.. B omiuuue oT
CHEeNNAM3UPOBAHHBIX CUCTEM CBA3H, T MOAOOHBIE AP PEKTHI CTPEMITC MUHUMHU3UPOBATh, B pAMKax
JaHHOU paboThl OHM PACCMaTPHUBAIOTCA KaK UCTOYHHUK MH(POPMALIMHU O CBOMCTBaX KaHaa.

Takum 00pa3oM, OrpaHHYEHHUS HKCHEPHUMEHTAIHHOH CHUCTEMBl OJHOBPEMEHHO SBIISIOTCS
(daxTopamu, GOPMUPYIOIIUMH THHAMUKY CHT'HAJIa, YTO MO3BOJISET UCIIOIB30BATh UX TS UCCIIEJOBAHUS
BPEMEHHBIX XapaKTEePUCTUK KaHaJla CBS3H BUIUMBIM CBETOM.

O0cyxneHue u 3aKJII04eHHE

B pabGore mnpejacraBieHa 3KCHepUMEHTaNbHas cucreMa sl uccienoBanus kanama CBC,
peanuzoBanHas Ha 6a3e [IOP u OT n OK. YcranoBka obecrieunBaet (hOpMUpPOBaHUE, MTepeaady U IpueM
CUTHAJIla ¢ BO3MO)KHOCTBIO THOKOW HACTPOMKM MapaMerpoB M YIPaBISIEMOr0 M3MEHEHHS YCIOBHH
pacrnpocTpaHeHusl.

B omimyme OT TpagUIMOHHBIX TOAXONOB, OCHOBAaHHBIX HA aHAIM3E€ YCPETHEHHBIX
xapaktepucTuk, Takux kak SNR u BER, mnpeniokeHHBI NOAXOA OpPUEHTHPOBaH Ha H3y4YEHHE
MOBE/ICHUs] CUT'HaJla BO BPEMEHHU. OTO TO3BOJISIET paccMaTpUBaTh KaHaNl CBS3M KakK JWHAMHUYECKYIO
cpeny, mapaMmeTpbl KOTOpOW M3MEHSIOTCS MMOJ BO3ACHCTBHEM BHEIIHUX (AKTOPOB M KOH(HUTyparuu
TpaKTa.

[Mpumenenue ITIOP obecneunBaer rHOKOCTh (HOPMHPOBAHHMA CHTHAJIOB M HX IOCIEIYIOLIETO
aHanu3a 6e3 u3MeHeHus anmnaparHoi yactu. [Ipu aToM nu3MeHeHue mapaMeTpoB Iepeaaydu, BKIodas, HO
HE OTPaHUYUBASICH TUTIOM U MTapaMeTpaMy MO YJISIIIAN, MOXKET PACCMaTPUBAThCS KaK JOTOTHUTENb HbIH
(daxTop, BIUAIOMNN HAa HAOMOJaeMble XapaKTEPUCTUKN CHT'HAJla BO BPEMEHH.

OT u OK (opMUPYIOT MHOXECTBO MCKOKEHHI W IIYMOB, ONPEICISIONIUX HaOII0IaeMbIe
XapaKTEPUCTUKU CUTHaNTa. BO3MOXXHOCTh M3MEHEHUSI TEOMETPUU PACIIPOCTPAaHEHUs, BKIIIOYasl JJIMHY
MyTH U YCIIOBUS OTPAKEHUs, MO3BOJISIET MCCIENO0BaTh BIMSHHME NAapaMeTpPOB Cpeibl Ha IOBEJCHHE
CUTHAJA.

B pesynbrare hopMHUPYIOTCS BpeMEHHBIE 3aBHCUMOCTH XapaKTEPUCTUK CUT'HaJIa, KOTOPbIE MOTYT
OBITh KCIOJB30BaHbI ISl aHajM3a YCTOMYMBOCTH KaHala W BBISABICHUS 3aKOHOMEPHOCTEH ero
M3MEHEHUS MPU PA3IUYHBIX YCIOBUAX Hepefayn.

Pa3paboTanHasi ycTaHOBKa MOXKET PaccMaTpUBAThCA KaK JKCIIEpUMEHTalbHas MiaTdopma JUis
HCCIIEIOBAHNS JUHAMUYECKUX CBOWCTB KaHaja CBA3M BUIMMBIM CBETOM. [loiyuyeHHBIE PE3ysbTaThl
CO3al0T OCHOBY Ul JaJIbHEHMIEro mepexona K KOJIMYECTBEHHBIM METOJaM aHaji3a BPEMEHHBIX
3aBHCHMOCTEN XapaKTEpUCTUK CUI'HAJIA.
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EXPERIMENTAL SYSTEM FOR VISIBLE LIGHT COMMUNICATION CHANNEL

ANALYSIS BASED ON SDR

AM. 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.
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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIIK 004.42

ABTOMATHU3AIIUS IPEOBPA3OBAHMS N30EPAKEHUI
JAUAT'PAMM B ITIPOI'PAMMHBIN KO/1

A.B. JIOMAKO, K.A. XAJUKITHOBA

benopyccxuii eocyoapcmeennbiil ynugepcumen uH@opmamuru u paouodnekmponuxu, Pecnyonuxa Benapyce

Iocmynuna 6 peoaxyuto 06 anpens 2026

AHHoTanus. B crathe mpeanoxeH Moaxoj K aBTOMAaTH3alUd IpeoOpa3oBaHUsl U300paxKeHUI
JMarpaMM B IpOrpaMMHBII KOl Ha OCHOBE KOHBelepHol 00paboTku. Pazpaborana Teoperuueckas
MOJieNb, BKIIIOUAIOIIAs paclo3HaBaHUE rpadUueckuX 0OBEKTOB, MOCTpoeHUe rpadoBoil Mozeny,
dbopmanu3alyio B TEPMUHAX KOHKPETHOI HOTALMK U T€HEpalMIO Koja uepe3 yHU(DUIMpOoBaHHOE
IPOMEKYTOUHOE IpeJcTaBleHue. PaccMOTpeHbl OCHOBHBbIE HoTamuu MoxenupoBanus (UML,
BPMN 2.0, cetu Ilerpu, IDEFO, IDEF3, DFD, ERD) u ux coOTBETCTBHE THIIaM LIEJIEBOTr0 KOJa.
Onucan anroput™ o0pabOTKU U300pa>KeHUI AuarpaMM C BBIAEJIEHUEM 3TaloB Ipeno0paboTky,
JIETEKIIUU OOBEKTOB, MOCTpoeHMs rpada, knaccuukanuy HOTaLMM M KojoreHepauuu. Merox
HO3BOJIAET aBTOMATH3UPOBATh PYYHOM 3Tall IepeHoca JUarpaMM B NPOrPaMMHYIO PEeaM3alluIo,
obecredrBas COrlnacoBaHHOCTb MOAEIU U KOJIA.

Kniouesvie cnoga: nuarpaMMbl, aBTOMaTU3allUs, PACO3HaBaHUE U300paxkeHuid, rpadoBas MOJElb,
konorenepauus, UML, BPMN, npomexyTo4HOE Ipe[CTaBlI€HHE, KOMIBIOTEPHOE 3pEHHUE,
dbopmanu3anys HoTalui.

BBenenue

B nporpaMMHBIX IpoekTax AuarpamMMbl CIY)XaT HE TOJBKO JJII BHU3yalM3allud, HO M Kak
(hopManbHBI MHCTPYMEHT ONHMCaHUsI CTPYKTYpHI, IOBEAEHHUS W JaHHBIX cucTembl [1]. B mpomecce
pa3paboTKu AUarpaMMBbl BPYIHYIO MTEPEBOISTCSA B KO, B pe3ybTaTe Yero rpaguueckoe npecTaBiIeHue
MOJIETIM MOXKET HE MOJHOCThIO COBIMAJaTh C NMPOrpaMMHON peanu3aliei, 3aHHMMaeT OIpeIeIIeHHOE
BpEMs1, pacTeT BEPOSTHOCTh OUIMOOK M YTpauyMBaeTCsl HCXOAHBIA CMBICT Monienu [2].

Jns pemieHust 5Toi mMpoOieMbl Mpeasiaraercss aBTOMaTH3alMsl NpeoOpa3oBaHusl W300paKEHUA
JarpamMM B IPOrpaMMHBINA Koll. B paboTre npeoskeH mocnenoBaTenbHbIM KOHBelep MpeoOpa3oBaHus
M300paKEeHUs JuarpaMMbl B IPOrpaMMHBIH KOJI, BKITIOYAIOIINI paclio3HaBaHKe, ocTpoeHue rpadoBoi
MoJieNH, (hopMaU3aIKIo B HOTALUIO M TeHEPaIHIo KOAa.

0030p cymecTBYIOIINX pemeHuii

B CASE-cpencrBax u cucteMax MOJEIbHO-OPUEHTHPOBAHHOW pPa3paboTKH HCHOJb3YIOTCS
¢dbopmanmzoBaHHbIE Mojeny, npencraBieHHsle B (opmarax UML/XMI, BPMN u Bo BHYTpeHHUX
¢opmarax penaktopoB [3]. Takue HHCTPYMEHTHl TO3BOJIIIOT aBTOMAaTHYECKU T'EHEPUPOBAThH
nporpaMMHbId Kox, SQL-CKpUNTHI, KOHQUTYpaMu U Opyrue apTedakTbl, a TakkKe MOAIEpKHUBAIOT
JIBYCTOPOHHIOIO CHHXPOHHU3ALINIO MEXAY MOAEIBIO M KOJIOM, UTO COKpAIIAET pyYHOU TPy U MOBBIIIAET
COTJIACOBAaHHOCTD JIOKYMEHTAIINH U peanu3anuu [4].

OpHako OONBUIMHCTBO peEIISHHH HE paccMaTpUBAaIOT 3a1ady paboThl € H300paKeHUSIMH
JiarpamMM, MOJy4eHHBIX B BUAE CKPHHIIIOTOB, OTCKAHUPOBAaHHBIX JIOKYMEHTOB HITH SKCIIOPTHUPOBAHHBIX
rpapuueckux QaiioB. B Takom ¢opmaTe auarpamMma JMIIeHA SBHOM CEMaHTHKH, IMOITOMY €€
MPUXOAUTCS BPYYHYIO MEPEHOCUTH B (HOPMAJHM30BAHHYIO MOZAETb, M MEXKIy H300paKEeHHEeM U
MIPOrpaMMHBIM KOJIOM OCTa€eTCsl TPYAHO aBTOMAaTH3UpyeMbIil pydHoi atar [5].

CyecTByoIIMe TOAXO0ABI K aBTOMATH3aLMH MOXKHO Pa3IeNiuTh Ha HECKOIbKO HANpaBIeHNH:
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— rerepauus koaa uz popmannzoBanasix UML/BPMN-moneneit B CASE-cpencrsax 6e3 paboTbl
¢ U300paKECHUSIMU;

— pacrio3HaBaHue TrpaduUUecknX NPUMUTHBOB M TEKCTa HAa H300paXKEeHUSAX JIuarpamm 0e3
JanbHelel GpopManu3zayy U reHepatiy Kojaa;

— CHUCTEMBI TeHepaliy KoJa sl OTAeNbHBIX HoTauui (Hampumep, ERD, ceru [lerpu) Ha ocHOBE
KECTKUX MA0JIOHOB 0e3 eJMHON TeOpeTHYECKOH OCHOBHI [6].

B mutepatype OTCyTCTBYeT eAMHBIA MOAXOM Uil MpeoOpa3oBaHusl W300paKeHUH AuarpaMm B
MIPOrpaMMHBIN KOJ TI0 ITUPOKOMY HaOOpy CTaHAapTHBIX HOoTauwii [7]. Ilpennaraemsiii B paboTe MeTox
pemiaeT AaHHYI0 TpoOJeMy 3a cueT BBeIeHHA YHU(PUIMPOBAHHOHW TEOPETUYECKOW MOJETU H
KOHBEHEpHOr0 alrOpuTMa, IO3BOJLIIOIIEro 00pa0aThiBaTh pas3liMYHble HOTAUWM Ha oOmiel
MIPOMEXYTOUHOMN U TEOpeTUIECKOi OCHOBE [8].

Knaccudukanus auarpamm u popMasibHbIe OCHOBAHHSA

JIJis HarJIs THOT O MIPEACTaBICHUS TUIIOB JUArpaMM U UX TPYIII [0 KaTerOpusaM IIPUBEIEHA CXeMa,
Moka3aHHas Ha puc. 1.

KIACCUDUKALIA HOTALMIA MOZENMPOBAHUA
I

¥ v "’ v
CTPYKTYPHBIE MOBEMEHYECKUE MPOLIECCHBIE W ®OPMAJTbHbIE
MOENNA MOZIENN ®YHKLWMOHATTBHBIE| | CETEBBIE MOAENM
MOJENN

UML Class | L{UI\HLActivi’ry} +{ BPMN 2.0 ‘ L{ CeTu MNeTpu

ERD > DFD

IDEFO

IDEF3

Puc. 1. Mepapxust HOTauuii MOJICITUPOBAHUS

JanHas cxeMma WUIIOCTPUPYET TpPYIIUPOBKY HOTALM 1O THIY OMUCAHUS (CTPYKTYypa,
MOBEJICHUE, TMPOILIECCHl, CETEBble MOJENH) U IO MPEIMETHOH 001acTH, MOKa3bIBasg, YTO MHOXKECTBO
WCIOJb3YeMbIX HOTAIMH €CTECTBEHHO IPYIIUPYETCS B HECKOJIBKO TUIIOBBIX KaTETOPHHA. DTO MO3BOJISIET
MOCTPOUTH €IUHYIO TEOPETHIECKYIO MOJIENb MpeoOpa3oBaHusl, OMUPAIOIIYIOCS Ha eAUHBIN I'padOBBIH,
W Mera-MOJAEJbHBI KapKac, KOTOpbIi yHUHIupyeT oOpabOTKy IuarpamMm paziIH4YHBIX THUIIOB WU
MO3BOJISIET HCIONB30BaTh MX B PaMKax OJHOW M TOM K€ KOHBEHEpHOH cxeMbl mpeoOpa3oBaHUA
HU300paKEeHHUs B TPOrpaMMHBIN KOZI.

B pamkax mnpenmnaraeMoro NOAXOJa pPacCMAaTPUBAIOTCS HECKONBKO OCHOBHBIX HOTAIIMH,
HUMEIOIUX JOCTaTOYHYIO (hOpMaHM3aLlUI0 M JOMYCKAIOMIUX MPSIMYI0 TPAHCIAIMIO B MPOrpaMMHBIC
apredaktsl [9]. K aum otHOCsATcst UML (BKIFOUas AMarpaMMsl IeATeILHOCTH U KiiaccoB), BPMN 2.0,
cetu Ilerpu, DFD, ERD, IDEF0 u IDEF3 nuarpammsl [10]. OTH HOTalMu 0XBaThIBAIOT CTPYKTYpPHBIE,
MOBEJICHYECKHE, POLIECCHBIE M CETEBbIE MOJIENI CHCTEM, YTO MO3BOJIAET HCIOIb30BaTh HX B KAUeCTBE
€IMHON TeOPETUIECKON OCHOBBI [Tl YHU(PHUIIMPOBAHHOTO OMUCAHUs 1 ipeoOpazoBanus [11].

CootBercTBHE HOTAlMH, UX (HOPMAJBHOTO MPEACTABICHUS M THIIOB LIEJIEBOI'0 KOJAA MOIPOOHO
omnucaso B Tabm. 1.

W3 tabauuel 1 BUAHO, UTO KaXKAask HOTAIMA OIMMCHIBACTCSI B BUJIE CTPYKTYPHI DJIEMEHTOB U CBSI3€H.
Hecmotps Ha pa3nuius B MHTEpHIpPETAlH U BU3YaJIbHOM O()OpMIIEHHH, BCE PACCMOTPEHHBIC HOTAIlHU
MOXHO TIPEICTaBUTh B BHIE SAMHOTO TpadOBOro MPEACTABICHUs, B KOTOPOM DJIEMEHTBI AUArpaMMbl
COOTBETCTBYIOT BEPILIMHAM, & 3aBUCHMOCTH MEXKIy HUMHU — pedpaM 3TOH CTPYKTYpe U3 TeOpETHUECKOU
MOJIEITH, T1Ie 3JIEMEHTHI U CBS3H BhIpakaroTcs uepes rpad G u popmaibHyo Moaens M.
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Ta6xn. 1. XapakTepuCTHKH aHAJU3HPYeMBbIX rpaduyecKUX Mojeei

Horanus Tun auarpamMmsl OJeMEHTBI Jloruka Kon/pe3ynbrar
Workflow—ckpunt, 6u3HeC—I0rHKa
Hauanbhslii y3en,
UML JeHcTBus, Siart — action — def process._orde.r(order):
.. INoBenenueckas HEePEXObl, PELUICHU | if order.is_valid():
Activity if cond — end L L
(poMOBbI), custHYS, invoice = create_invoice(order)
KOHEYHBIH y3el else:
send_rejection(order)
DTO, ORM—monenun
Kiaccsl, cBoiicTsa, o
UML c OIepanuH, CBs3H, r.:tlass OT de;, thas class Order:
Class TpyKTypHas HacJIeI0BaHuUe, items|]; relates def __init__(self, customer_id.: int):
Customer e - .
KOMIIO3HLIS self.customer_id = customer_id
self.items = []
BPMN XML, orchestration-xop
CoObITHS
Z;q:;];/m;zl;;il;ﬁﬂ’ start — task — <process id="OrderProcess">
BPMN [Iponeccras (I/IZC[K.]'IIO"-IpaIO ne/ lexclucive(l;atewa <startEvent id="start"/>
2.0 pon 1t ’ Y <task id="checkPayment"/>
HapajuiebHbIe), — end . o "
HOTOKE <exclusiveGateway id="gateway"/>
oTo <endEvent id="end"/>
HOCTIeI0BATENFHOCTH <Iprocess>
Monens BepupuKaIym
Mecra (xpyrn),
. . def fire_transition(marking, t):
Cetu dopmanbHast TEpEXOIILL if marking[p]=>1: A . - >
Terpn corenas (IpAMOYTOJIBHUKH), fire transition lf all(r-narkzng[p] >=1forpin
IIYTH, KETOHBI t.inputs):
(MapKHpPOBKa) for p in tinputs: marking[p] — 1
for p in t.outputs: marking[p] +=1
DymKim Crenugpukauy IporeccoB
(IpAMOYTOJIBHUKH), d
BXOJIbI (CieBa), ecompose d datali d
IDEFO OyHKIOHATEHO— BLIXOMH! (CrIpasa), process — ef pr.ocess_iata(.mput_. ata):
npoueccHast ABJICHILC subprocl, validated = validate(input_data)
yrp subproc?2 transformed = transform(validated)
(cBepxy), ‘ ‘
return save(transformed)
MEXaHU3MBI (CHU3Y) ;
CreHapHu UCTIOTHEHHSA
[Iponeccel, maru
(enuHUIE paboT), process: stepl — | def etl_pipeline():
IDEF3 Ipouecchas 0OBEKTHI IIOTOKOB, step2 — [alt] source = extract_from_db()
Y3IIBI CBSI30K, step3 if validate(source):
aJbTEePHATHBEI transformed = transform(source)
load to warehouse(transformed)
ETL—-noruka, apXuTekTypa JaHHbIX
Ipouecest (kpyru), input — process1 NP
DFD ITOTOK MaHHBIX BHEIIHAE CYUHOCTH, | =) o def etl_pipeline():
XPaHWJIHILA JaHHBIX, - raw_data = load_from_source()
output - ~
MOTOKH JAHHBIX cleaned = clean_data(raw_data)
save to_database(cleaned)
SQL DDL, ORM-cxema
(Cnyfigﬂﬁmﬂm) Order I:N CREATE TABLE Orders (
ERD CrpykTypHas csl;ﬁn;: (omams), | Orderltem; id SERIAL PRIMARY KEY,
MOJICTb TaHHBIX ’ Customer 1:1 customer id INT REFERENCES
KIIIOYH, CBA3U Iy
(pomG), KpaTEOCTS Order Customers(id),
P ’ total DECIMAL(10,2)
);

TeopeaneCKaﬂ MOJ€EJIb npeoﬁpawBaHnﬂ

Jns onmcanus mpotecca npeodpa3oBaHus H300pakeHust AuarpaMMbl / B IporpaMMHBIA koj C
BBOJIUTCS IOCIIENOBATENLHOCTh OTOOPaXKEHUH, CBA3BIBAIOIINX MCXOAHOE M300paKeHHe C KOHEYHBIM
KOJIOM 4epe3 psill MPOMEXKYTOYHBIX HpeAcTaBleHHN. B paMkax Momenu BBIOENSIOTCS ITallbl: aHAIN3
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n300pakeHus U mocTpoeHue rpadoBoil Moaenu, hopManu3anms B TePMUHAX KOHKPETHOM HOTALIMHU U
MOCTPOEHHUE MPOMEKYTOYHOTO MPEACTABICHHUS, N3 KOTOPOI'0 OCYLIECTBIIAETCS FeHepalys Koza.
Ob6mas cxema npeoOpa3oBaHus 3a7aeTcs HopMyIoit:

c=g(£ (£ (A1), (M)

rae / — ucxoqHoe n300paxkeHue quarpaMMel; f, — QYHKIUSA pacro3HaBaHus 0OBEKTOB U MOCTPOEHUs
rpada; f, — dyHKuES (opManH3aUUK, COMOCTaBIsIomas rpad ¢ COOTBETCTBYOMICH (HOpMaIbHON
MOZIENBIO; f; — (QYHKIIMS HOCTPOEHHUS IPOMEX YTOYHOTO Ipe/ICTaBIeHHs; g — () yHKIMs reHepaluy Koja

U3 3TOrO MPeJICTaBICHNUSI.

dopmyna (1) 3amaer mocaenoBaTENHLHOCTh NMpeoOpa3oBaHUl M300pakKeHUs B KOJ B paMKax
€IWHON KOHBelepHO cxembl. VcxoqHoe M300pakeHHe paccMaTpUBaeTcs Kak AByMEpHas MaTpHla
MUKCeNel, 9To (JOPMaITbHO OMKCHIBACTCS B (hOpMYyIIe:

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

rje p; — 3HAYCHHE SIPKOCTH MM LBETAa MMKCENs B NO3UUMM (i,j); m W n — BBICOTAa U IIMPHHA

M300paKEHUS B ITUKCEIISX.

dopmyna (2) 3agaer 6a30BOE IPEACTABICHHE, C KOTOPBIM pabdOTalOT BCE ATAIbI MPero0padoTKH
u pacnosHaBanus [12]. IlpemoOpaboTka BKIIOYAaeT HOPMANIM3ALMI0 H300paXEHUs MO pasMmepy,
KOHTPACTY U SIPKOCTH, a Takxke ynajeHue mymoB [13]. Pesynbrarom npenodpaboTKu CIyKUT OCHOBA
JUISL TIOCTPOEHHSI MHOYKECTBA PACIIO3HAHHBIX 00BEKTOB, 3a7]aBaeMoro (GpopmMynoit:

Oz{ok},okz(bk,tk,sk), 3)

rac b — 0 aHI/I‘II/IBaIOHII/IfI NPSIMOYTOJIbHHUK 00BEKTa HAa M300paKeHHU; !, — PaCIO3HAHHBINA TEKCT
k 5 k b

ACCOLMUPOBAHHBIH C 00BEKTOM; §, — CEMAHTUYECKMH THII O0BEKTA.

dopmyna (3) 3amaer CTPYKTYpY JaHHBIX sl moctpoenus rpada. Ha ocHoBe MHOXKecTBa
00BeKTOB O CTPOUTCS OPUEHTHUPOBAHHBIN Ipad), CTPYKTypa KOTOPOro 3aaaercs HopMymoi:

G=(V,E), “)

rae ¥V — MHOXECTBO BEPILIHH, COOTBETCTBYIOIIMX 3JIEMEHTaM JAUarpaMMmbl; £ — MHOXECTBO pedep,
OTPaXAMOIIUX 3aBUCHUMOCTH, IOTOKH JAHHBIX/YIPABICHHUS, MEPEXOJbl MM acCOLUALNU MEXIy
3JI€MEHTaMH.

CTpyKTypa KakJ0i BepIInHbI rpada JOMOTHUTENBHO OMUCHIBAETCS (hOPMYIO:

v, = (type,, attr;, pos, ), (5)

rae type, — Tum ysna; attr, — Habop aTpuOyTOB, OTHOCAIIMXCS K 2JIEMEHTY; POS; — IO3UIMS 3JIEMEHTa
Ha U300paKeHNN.

dopmynbl (4) u (5) ompenensoT ABOMHYIO poib rpada G: ¢ ONHOW CTOPOHBI, OH XPAaHHT
TOTIOJIOTHIO CBSI3€H, C IPYToil — CEMaHTHUECKUE aTPUOYTHI JIEMEHTOB JHarpaMMBI.

dopmanuzanus rpada 3aKIOYAETCS B CONOCTaBICHWH €ro JIIEMEHTOB C JIIeMEHTaMu
cooTBeTCcTBYIONIEH (hopmanbHON Mojenu [14]. DTo oroOpakeHue 3amaercs (yHKIHEWH, KOTOpas Ha
OCHOBE CTPYKTYpHI Tpada u Habopa THIIOB Y3JI0OB M pedep ompenesser KOPPEKTHhIE SJIEMEHTHI U
MpaBUJjia MOAEIH, KaK yKa3aHo B opMyre:

M= f,(G), (6)

rie M — ¢opmanbHas MOIEIb AMAarpaMMbl B TEPMHHAX BbIOpaHHON HoTammu; f, — QyHKums
dbopmanmzanuy, uHTEpHIperupyromas rpad G B paMKax MeTaMoJIeNu.
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dopmyina (6) onpeaensier Moaenb M kak uHTeprperanuto rpada G B BeIOpaHHON HOTaruu. [l
yHU(UKAIK 00paOOTKH pa3NuYHBIX HOTAIIMK BBOAUTCS MPOMEKYTOUHOE NPEICTaBICHNE, OTACTICHHOE
OT ATANOB PAacNO3HABAaHMSA U TeHepaluy Koaa. Ero cTpykTypa B 00IIeM BU/E OMUChIBaeTCs (hOpMYIOii:

IR=(N,R,4), (7)

rae N — MHOXKECTBO Y3JIOB, COOTBETCTBYIOIIMX 3JIEMEHTaM MPEIMETHOW 001acTH; R — MHOMKECTBO
OTHOIIEHUH MeXAy HUMHU; A — HaOOp aTpuOyTOB, COAEPIKAIIUX UMEHa, THIIbl, TApaMeTpPbl, METKH H
KpaTHOCTb CBSI3€H.

Dopmyna (7) 3amaer aOCTPaKTHBIA YpOBEHB, HA KOTOPOM MOJEIUPYIOTCS JHOOBIE UCCTIeyeMbIe
HOTAIINH1, HE3aBUCHMO OT UX BU3YyaJbHOW CIIeIU(HUKH.

CTpyKTypa 1 TUIIOBBIE aTpUOyTHl KOMIIOHEHTOB /R MOApOoOHO OMUCAHBI B Ta0I. 2.

Ta6n. 2. CTpyKTYpa npoMeKyTO4YHOro npeacraBjaedust IR

Komnonent OnucaHue [Tpumepst aTpubyTOB
N — y31b1 DneMeHTH! IpeIMETHON 00IacTH (CyIHOCTH, 33Ja4H, MECTa) name, type, subtype, description
R —orHomenust | CBsI3H, 3aBUCHMOCTH, HOTOKH JIaHHBIX/yIIPaBICHNUS source, target, type, condition, label
o name, value, cardinality,
A —arpubytsl | CBolicTBa, 3HAUCHUA, METKI AT
multiplicity

Hcnonp3oBanue eAMHOTO YpoBHS /R Mo3BONSAET YHU(PUIMPOBATH MpaBUiia TeHEpaluy KoJa A
pasHbIX HoTauwil: QpyHKIMS g oToOpaxkaeT /R B LI€JEBOH KOJ, HE 3aBHUCS OT KOHKPETHOH MCXOIHOM
HOTAIINH, KaK yKa3aHo B opmyse:

C=g(IR), 8)

rae C — mporpamma/CKpHIIT/oMUcanue B LeneBoM (opmare; g — G yHKLUS TreHepaluy Koja, 3aBUCAIIas
OT 1eNIEBON HOTALIUK U SI3bIKA IIPOTPaMMHPOBAHHS.
Dopmyina (8) cBs3BIBaET MPOMEKYTOUHOE NPEACTABICHHE C KOHSYHBIM ITPOrPAMMHBIM KOZIOM.
OOmast CTpyKTypa TEOPETHYECKOW MOJeNn MNpeoOdpa3oBaHus H300paKEHUs AuarpaMMbl B
MIPOrpaMMHBIN KO MpeJICTaBIeHa Ha CXeMaTHYHOH OJIOK-AuarpaMme, NMoka3aHHOW Ha puc. 2.

W3obpaxenue MporpaMMHBI#
AMBFPZMMI:I () QyHkuua f; Dyrkuma f, ®yHKumsa h ®yHKumMA g P lﬁ;‘l C
f1: fz: h: .
Macz?n;;e;)Kﬁ::e I |_,| pacnosHasakve | | popmanu3auma | | noctpoerne || reHepauns [ Lienesoi
nane%elZ) 0bbeKToB — B Mogens M IR=(N,RA) nperpamMMHoro kog C
rpap G = (V,E) (no HoTauwm) kopa C
LByMepHas obbexTsl O, VHTEpNpeTauvs B 8VHCTBEHHOE TeHepaums
MaTpuLa OCR, THnbl, METaMOZEeNb NPOMEXYTOYHOE  LIENEBOTO KOAa Ha
nuKcene, nocTpoeH1e BbibpaHHoi HoTauuw npeactasnetue IR,  BbiBpaHHOM
npenobpabotka rpacha (UML/BPMN/DFD/ERD/ He3asucumoe T A3blke
cetu MeTpw v gp.) HOTaLMu NporpamMMUpoBaHUs

Puc. 2. Mogens npeo0pa3oBaHusl «1300pakeHUE—KOI»

Teopernueckas Moaenb 3aiaeT enuHbIA (opManbHBIA Kapkac, B KOTOPOM paclo3HaBaHHE
n300paxkeHus, mocTpoeHue rpada, Gopmanuzanus, MPOMeKyTOUHOE TPEACTaBICHHE H KOAOT eHepalus
CTAHOBSTCS COCTaBHBIMHU YACTSIMU OJJHOM 0OwIell cXeMbl, O3BOJIIomel yHIpUIMpoBark 00paboTKy
JarpaMM Pas3JIMYHbIX THIIOB.

AJropuT™ 00padoTKN N300paKeHNsI H TeHepauH KoAa

AJTOPUTM peaJu3yeT IOCIeA0BaTeNbHOCTh MNpeoOpa3oBaHul, 3aJaHHBIX TEOpETHYECKOM
MOJIENbIO, B BHJAE KOHBeWepa, B KOTOPOM H300paKeHHe IuarpaMMbl MPOXOOUT Mpeno0paboTky,
pacmo3HaBaHHEe OOBEKTOB, IMOCTpOeHHE Tpada, QGopMaTu3alMiO, MOCTPOSHUE MPOMEXYTOYHOTO
MpeacTaBieHus /R 1 reHepaluio ejeBoro Koja.

OO0m1as cTpyKTypa anropurMa mpeacTaBieHa Ha puc. 3 Ha CXeMaTUYHOH OJI0K-AuarpaMmme.
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WaoBpaetive MpenoBpaboTka Pa%n;s:;%a;ue Dgfggfﬁ:s::w Oopmanuaaus NocTpoexie leHepauus
pvarpanm () [~>{(HOPMANMSAUAA, (=31 1 ning [ M woropacpa [ 7| BMORETBM (= oty gy [ uenesaro kopa
lwymonozaas- boxes. OCR G=(V.E) (no HoTawum) b c
nehbe) TMI:Ibl) ' '

Bxoawoe Hopmanuzaums Orpanuynsaiowme 'pad CooreercTame Ennroe ['eHepauus kona

n3oBpaxetne pasmepa, MPAMOYIONEHAKM, AeicTeui/nepe- BbIGpaHHOI MPOMEXYTOHHOE Ha BbIBpaHHoM
KOHTpacTa, Wyma TEKCT, THMI X008, HOTALMM npepcTaenetue IR A3blKe
COCTOSIHUM (UML/BPMN/DFD/

ERD v ap.)
Puc. 3. Cxema anropurma 06paboTKH U300pa>KeHUs U TeHepaluy KoJa

Puc. 3 wurocTpupyeT NOCIEI0BATENbHOCTh ATAlOB, B KOTOPOW BBIXOJA Kaxa0oro Oioka
nepenaeTcs Ha BXOJ CIIEAYIOIIEro: n3oopaxenue / — npenoOpaboTka — pacno3HaHHbIe 00beKThl O—
rpad G — ¢opmanbhas Mmofeas M — npomexyrounoe npeacrasiedne IR — mporpamma/ckpunr C.

OCHOBHBIMH NPOMEKYTOUHBIMH TPEACTABICHUAMH, 4Yepe3 KOTOpble MPOXOIAT JaHHBIE,
SBISIFOTCSL pacniosHaHHble 00bekThl O U rpad G. CTpykTypa paclo3HaHHBIX OOBEKTOB 3alaercs
¢dopmymnoii (3), a Ha UX OCHOBE CTPOUTCS OpHUEHTHpOBaHHBIA rpad G mo dopmyne (4). CTpykTypa
Ka)X10i BepIIUHbI rpada yrounsercs B hopmyne (5), YTO MO3BOJISET CBA3ATh BU3YaTbHOE MOJIOKEHUE
JJIeMEHTa C ero ceMaHTHkod. Ha ciemyromem mare rpad aHanusupyercs A ONpPEACTICHUS THIA
HoTauuy, u popmupyercs ¢popmanbHas Moness M no Gpopmyine (6). ITa MOIENIb IEPEHOCUTCS B €MHOE
npomexyrounoe npezacrasienne IR 1o dopmyne (7), a u3 IR renepupyercs nenesoit kox C mo
dhopmymne (8).

CTpyKTypa pacmo3HaHHBIX 0OBEKTOB M COOTBETCTBYIOIIMX BepIIKH rpada nokazaHa B Tad. 3.

Ta6xn. 3. CemaHTHKa BepmiuH rpadosoii MmogeIn

DiieMeHT / THIT 00BEKTa CoiepuMoe B 0] CopepxuMoe B Bepiinte rpada
o type, name, input, output
Cocrosiaue / eiicTBre b, , Texcr, Thm «state» ype, name, inp Ul
k constraints
3anaua / cobpITHE bk , TEKCT, THII «task» type, name, condition, triggers
Cymraocts (ERD) b, , Texcr, THI «entity» type, name, attributes,
yi k> ’ 4 cardinality
[epexon (ceru [etpu) bk , TEKCT, TUT «transition» type, name, firing_condition
. type, inputs, outputs, controls
Oynukius (DFD/IDEF) b, , Texcr, tun «function» ype, UpULs, oulp ’
k mechanisms

Jlannast TabnuIla MOKa3bIBaeT, KaK 3JEMEHThI MHOXeCcTBa () 0TOOpaXkaroTCs B BEPILUHBI rpada,
COXpaHisd KaK BH3yallbHOE TMOJIOKEHHWE, TaK M CEMAaHTHKY, HEOOXOIMMBbIE IUIA MOCIeayIoIIeH
KIIaCCU(UKAIIMN HOTALIUH U (POPMaTU3AIIIH MOZEITH.

AJTOpUTM HauMHAETCs ¢ MpeaoopaboTKu M300paKEeHHs: HOpMaIU3aluK pa3Mepa, KOHTpacTa u
SIPKOCTH, a Tarke (uibTpanuu mymoB. Jlajee ¢ NPUMEHEHHEM METOIOB KOMIIBIOTEPHOTO 3pEHHs
BBIIIEISIOTCS Tpadudeckre 00beKThl TUarpaMmBbl (IPSMOYTOJILHUKH, OKPY>KHOCTH, CTPEJIKH, TEKCTOBBIC
6moku u 1p.). Ji1g kaxxaoro oObeKTa OnMpeaessieTcsl OrpaHUYUBAIOIINN IPSIMOYTOJILHUK M THIIL, 8 TAKXKe
BBIMOJTHSAETCS Paclio3HaBaHKE TEKCTa [0 00JIACTH ATOTO IpsAMOyrojbHuKa [ 15]. Ha ocHOBe momy4eHHbIX
00BEKTOB CTPOHTCS OPUEHTHUPOBAaHHBIA Tpad, B KOTOPOM BEPIIMHBI COOTBETCTBYIOT 3JIEMEHTaM
IUarpaMMmbl, a pedpa OTpakaloT 3aBUCHUMOCTH, MOTOKHM JIAHHBIX/YIIPABIEHUS WM ACCOLUALIUU.
Crpykrypa rpada aHanu3upyercs AJisl ONpeAeseHUs THIa HOTalluu, Tociie yero rpad dpopmanusyercs
B COOTBETCTBYIOIIYIO MOJIENb M, KOTOpasi IEPEHOCUTCS B €IMHOE MPOMEXyToUHOE npescTaBierne [R
. Ha 3aBepmarorem 3tare 1o 3ToMy NpeacTaBICHUIO [eHEPUP YEeTCs MPOTrpaMMHBIN KO JIsl BHIOpaHHOM
HOTAIlMH U LIEJIEBOTr0 sI3bIKa MporpaMmMupoBanus [16].

AJropuT™M OO0BEIUHSAET TEOPETHUYECKYI0 MOJETbh M cXeMy o0pabOTKH, a TakKe KOHKPETHYIO
CTPYKTYPY JaHHBIX (Tabn. 2 u 3), B €IUHYIO CXeMY, MO3BOJIAIOLIYIO MPeoOpa3oBbIBATh H300paKEeHHE
JyarpaMMbl B TIPOTPaMMHBIA KO M aJalTHPOBATh Pe3yibTaT IO/ BBIOPAHHYIO HOTAIMIO M LIENEBOU
SI3BIK TIPOTPaMMHPOBaHHSA.

JeTanpHyIO JOTUKY aIropuTMa (GUKCHPYET CIeIYIOLINA TICEBIOKOI:
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def DiagramToCode(l):
Tlpeobpazosanue uz006pasicenust OUAsPamMMbl 8 RPOSPAMMHBLU KOO.
Bxo0:
1 — uzobpaoicenue ouazpammol, mampuya nuxceneil.
Buixoo:
C — npoepamma/ckpunm/onucanue 6 yeieeom gopmame.
1 _pre = preprocess_image(l)
O _raw = detect objects(I_pre)
0=/
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

Orp AHUYCHUSA U NTEPCIMECKTUBbI

KagectBo mpeoOpazoBaHHs JuarpaMMbl B KOA 3aBHCHUT OT TOYHOCTH W CTaOMIBHOCTH
pacro3HaBaHUsI OOBEKTOB, TeKCTa W MOCTpoeHHs rpada. OmuOKH, HeOTHO3HAUHAS WHTEPIpETaUs
MPUMHUTHBOB U IIYMBI MOT'YT TIPUBECTH K HCKXEHHUIO CTPYKTYphL. MeTo/ mpeamnoiaraeT CTaH1apTHBII
BUJ AHarpaMMsbl B cooTBeTcTBUe HoTauusMm [17]. Ilpu oTkinoHeHusx (HecTaHZapTHOE OPOPMIICHHE,
pHUCOBaHHE OT PYKH, CMEIICHHE HOTALMI) BO3PACTAET PUCK OMIMOOYHOIO COMOCTABICHUS IIEMEHTOB.
IR u ¢yHKOMA TeHepalMd KOAa ONTUMHM3MPOBAHBI TOA 3aJaHHBIA HAOOp S3BIKOB M HOTAIIHA.
Pacmmpenre Ha HOBBIE S3BIKM MOTpeOyer JHopaOOTKM TpaBui M IIA0JOHOB, yBEIHYMBASA
COIIPOBOXKIEHUE.

B mepcrnektuBe — MHTErpalys NPOABHUHYTHIX MOJeENel KOMIBIOTEPHOIO 3pE€HHS M S3BIKOBBIX
MoJIeJIe! AJIs MOBBILIEHUS TOUHOCTH [ 18], pacmmpenne noaep>KKi HOBBIX HOTAIUH U SI3bIKOB, @ TaKXkKe
ucrnonb3oBanue IR s aHammsa cBOHCTB Mopnenedl (KOPPEKTHOCTh, TYMUKH, M30BITOYHBIE CBS3H) C
COBMeEIIEHUEM KOJOTeHEepallui U peakTOpUHra.

3akJjouenue

[pennoxen noaxon npeodpa3zoBaHusl H300paKEHNs AUArPaMMBbI B KOJI HA OCHOBE KOHBEHEPHOi
00pabOTKH: OT pacHoO3HAHHBIX 00BEKTOB M rpadoBoil Mozenu no0 Gopmanuzanuu, nocrpoeHus IR u
reHepal Koja. BBemeHa TeopeTHuecKas MOJIENb MpeoOpa3oBaHUs uepe3 MOCIeA0BaTeIbHOCTh
¢GbyHKIUHA, GOopMaTU30BaHBI CTPYKTYpPBI AaHHBIX, rpada u IR. AropuT™ peanu3yer KOHBelep U3 3TaroB
JIETeKLIMH, PAClO3HABAaHHUA TEKCTa, MOCTpPOeHHs Tpada, KiIacCHPUKAUK HOTAIMH, (opMannu3aluu
MOJIENTU U KOJJOTeHepalui. ApXUTEKTypa KOHBelepa MoKa3aHa Ha pUCYHKeE 3, CTPYKTypa 3aKkperieHa B
nceBaokoze. YuupunuposanHoe IR obecreunBaer TMOKOCTh UM MAaCIITA0OUPYEMOCTh IMOAXOZAA JUIs
Pa3HBIX HOTAIUH U S3BIKOB.

Hecmotpst Ha orpaHudeHus, MOJX0 aBTOMATH3UPYET PYYHOH 3Tal Mpeodpa3oBaHUs AUarpamMM
B KOJ ¥ MOJKET UCIIONIb30BATHCS B UHCTPYMEHTAX aHAJIM3a U FeHepallii Ha OCHOBE CKPHHIIIOTOB, CKaHOB
1 9KCIIOPTUPOBAHHBIX THATPAMM.
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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, IDEF0, 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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TEXHOJIOT'HH HEPEJJAYU U OBPALOTKU UHPOPMANUHU

VIIK 621.391

KOMIIVIEKCHAS CUCTEMA YIIPABJIEHUA BECIIMJIOTHBIM
ABTOMOBMJIEM HA BA3E 10T: UHTET'PAIIUA DHEPTOIIUTAHUSA U
BUJAEOHABJIIOJAEHUSA

J.10. BOPOHOBHIY, M.1I0. MAKCAK

benopyccxuii 2ocyoapcmeennbiil yHugepcumenm uH@opmamury u paouosnekmponuku, Pecnybnuxa Benapyce

Iocmynuna 6 peoaxyuto 02 anpens 2026

AHHoTamusi. B cratbe paccmarpuBaeTca mpoOieMa pa3pabOTKU KOMILIEKCHOH CHCTeMbI
ynpasieHus: OeCHUIOTHBIM aBTOMOOWIJIEM, OCHOBaHHOW Ha TexHonoruu loT. AxryanbHOCTh
uccie10BaHus 00yCIOBICHAa HEOOXOAUMOCTBIO NIEPEX0a OT U30JIMPOBAHHBIX OOPTOBBIX CUCTEM K
UHTEPUPOBAHHON 3KOCHCTEME, IJe IOACHCTEMbl SHEPrONMTAHUS M TEXHHYECKOIO 3PEHUS
GyHKIMOHMPYIOT cornacoBaHHO. IIpeyioxeHa apXUTeKTypa, 0ObeIUHAIONIAs UHTEIEKTyalbHOE
YIpaBJIeHUE SHEPrONOTPEOICHUEM U CUCTEMBI BUICOHAOMIOAECHUS C 3JIEMEHTaMU KOMIIbIOTEPHOT O
3peHus. Ocoboe BHUMaHHE yAEIE€HO B3aUMOCBSA3U MEX[Y Harpy3KOd Ha BbIYHUCIIMTEINIbHBIE Y3JIbI
00pabOTKH BHAEONOTOKA M CTpaTerueil paclpefeieHMs OSHEPruM, a TaKKe BOIPOcCaM
nH(opMaLMOHHON 0e30IacCHOCTH Nepeaadn faHHbIX. [IpoaHanu3upoBaHbl MOAXO0/bl K MHTErPaLlluK
TPaHCHOPTHOI'O CPEJICTBA C JOPOXKHON UHMPACTPYKTYpoil ¥ 0OnauHbIMU MIATHOPMAMU € YIETOM
TpeOoBaHUI HAaJEKHOCTU U 3HeProd(PheKTUBHOCTH. Pe3yibTaTbl UCCIE0BAHUS AEMOHCTPUPYIOT,
YTO COBMECTHAs ONTUMU3ALMs alTOPUTMOB YIIPABJICHUS] IUTAHUEM U BUACOKOHTPOIEM MO3BOJISAET
HOBBICUTb aBTOHOMHOCTB, 0€30I1aCHOCTb U aJalITUBHOCTb OECIMIOTHBIX TPAHCIIOPTHBIX CPEJCTB B
YCIIOBUSIX COBPEMEHHOH TPaHCIOPTHOU UHPPACTPYKTYPHI.

Knrouesvie cnosa: 6ecinnotHblit aBToMoOWIb, MHTEpHET Bewueil (IoT), uHTemekTyanpHas cucrema
yhpaBlieHHs,, SHeprod(PeKTUBHOCTb, BHAECOHAOIIONEHHE, KOMIIBIOTEPHOE 3pEHHUE, apXUTEKTypa
cucTeMbl, HHPOpMalMOHHAas 0e30I1acHOCTb.

BBenenue

Pa3BuTHe aBTOHOMHBIX TPAHCHOPTHBIX CPEACTB SBJSETCS OAHWUM W3 CTPAaTErHYeCKHUX
HafpaBlIeHHH COBPEMEHHOW TPaHCIOPTHONH WH(ppacTpykTypbl. B ycioBusx pocra TpeOoBaHUH K
Oe3omacHoCTH, SHEProd(GEKTHBHOCTH W  WHTEIUICKTyaJM3allud  JIOTUCTUYECKUX  IPOIIECCOB,
OecluJIOTHBIE aBTOMOOWMJIM BCE 4Yallle paccMaTpUBAIOTCAd HE KaK H30JMPOBAaHHBIE TEXHHYECKHE
CHUCTEMBI, a KaK HHTETPUPOBAHHBIC JIEMEHTHI €IMHON UHTEIJIEKTyaJlbHON TPaHCIIOPTHOW SKOCHUCTEMBI
Ha 6aze texHonoruii [oT [1]. OcoOyto ponb B oOecrieueHnu () yHKIMOHATBHOCTH TaKUX CHCTEM UTPaOT
MIO/ICUCTEMbI TEXHUYECKOTO 3PEHUSI U IHEPTOMEHEDKMEHTA, KOTOPbIE TPAJAULIMOHHO IPOEKTHPYIOTCS
pa3zaesnbHo, YTO CHIDKAET O0UIYI0 AP PEKTUBHOCTh TPAHCIIOPTHOT'O CPEACTBA.

Cucrembl BUIeOHAONMIOACHUS U KOMIBIOTEPHOTO 3peHus (OPMHUPYIOT OCHOBY AJISI BOCHPHUSITHSL
OKpY)Karolllel cpeapl W TpPUHATHA pemeHuid B peanbHoM BpemeHu [2]. OpHako o0paboTka
BUJCOIIOTOKOB U padoTa HEHPOCETEeBBIX AaJTOPUTMOB TPEOYIOT 3HAYUTENBHBIX BBIYHCIUTEIbHBIX
pecypcoB, UYTO HampsAMYIO BIHMAET Ha OSHepromorpeOiieHne OopToBoi cetu. B To ke Bpewms,
WHTEJUIEKTYyalbHbIe CHCTEMbI YIPABJICHUs MUTAaHWEM, OPUEHTUPOBAHHBIE HA ONTUMU3ALHIO 3aPSIKH U
pacmpeeneHus JHepruy, 4YacTO He YYUTHIBAIOT TUHAMHUYECKYIO HArpy3Ky CO CTOPOHBI nepudepUitHbIX
JAaTYUKOB U BBIUMCIHUTENbHBIX Moayned [3]. OrcyTcTBHME KOOpAMHAIMM MEXAY IOACHCTEMAMU
SHEProNUTaHUS M BHUICOKOHTPOJA NPUBOAUT K HEONTHUMAJIbHOMY pacxoAy 3apsaa Oatapen u
CHIKEHHNIO aBTOHOMHOCTH ATC B CI0KHBIX YCIOBHSX SKCIUTyaTallu.

JIONONMHUTENBHYIO aKTYaJbHOCTh MPUOOPETAIOT BOMPOCH MH()OPMAIMOHHOW 0E€30IMacHOCTH U
HAJIOKHOCTHU TepeJadd AaHHBIX. B ycIIOBHAX, KOra BHIEOMOTOKH HCIIONB3YIOTCS IUIA KPUTHYECKH
BXKHBIX PEIICHUH, a CHCTEMa MUTaHKUS B3aMMOJICHCTBYET C BHEITHEH MHPPACTPYKTYpOii, obecreueHue
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LENOCTHOCTH M JOCTYMHOCTH WH(OPMAalM CTAHOBUTCS HEOTHEMJIEMOW 4YacThlO0 apXUTEKTYPhI
CUCTEMBI. ITO 0COOEHHO BaXKHO B CBETE TPEOOBaHMII 10 3aIIUTE MEPCOHATBHBIX JAHHBIX U TEXHIYECKUX
perjaMeHTOB 0€30MaCHOCTH KOJIECHBIX TPAHCIIOPTHBIX CPEACTB [4].

Ha ceroassmHuil 1eHb HEJOCTATOYHO MCCIEJOBAHbI TIOAXOABI K TOCTPOCHUIO paclpeaeeHHbIX
loT-opueHTHPOBaHHBIX  CHCTEM, COYETAFOIINX yIpaBJIeHuE  HHEPromnorpedIeHueM u
BUJCOHAONIOACHUEM B €IWHOM KOHType. OTCYyTCTBHE KOMIUIEKCHBIX PELICHUH, aZalTHPOBAaHHBIX K
YCIOBUSAM HMHTETPALMU C JOPOXKHOW HWH(PACTPYKTypoH M OOJaYHBIMH TIaT(GOpMaMH, OMpenesisier
HayYHYIO U IPAKTUYECKYIO 3HAYUMOCTD HACTOSIIET0 HCCIIEOBAHHUS.

Lenpto paboThl SBISETCS HMCCIEAOBAaHUE aPXUTEKTYPhl KOMIUIEKCHOW CHCTEMBI YIpaBJICHHS
OecriyioTHEIM aBTOMOOMIIeM Ha Oase loT, obecneumBaromieil coriacoBaHHOE (YHKIMOHHUPOBaHHE
MOJICKCTEM SHEPrONHUTAaHKUA W BHAeoHAOMIoNeHus. [ JOCTHIKEHUS] TIOCTABICHHOM LM PelIarTcs
3aJa4d aHaJIKM3a CYLIECTBYIOIINX apXHUTEKTYyp, Pa3spaOOTKH MOJENH B3aUMOJCHCTBHS MOACHUCTEM U
oLeHKH 3¢ eKTUBHOCTH TP EIJIOKEHHBIX allTOPUTMOB YIPABICHUS PECYPCAMU.

ApXHMTEKTYpa HHTerPUPOBAHHOI CHCTEMBI yIIPAaBJIeHHS

B pamkax naHHOro uccienoBaHUs MpenaraeTcss MHOTOypOBHEBAsl apXUTEKTypa KOMIUIEKCHOM
CHUCTEMBI yIpaBJeHUs OECIMIOTHBIM aBTOMOOMIIEM, OCHOBaHHas Ha TexHonorusax loT. OcHoBHas unest
3aKIIIOYaeTcss B OOBENMHEHHWW IIOJCUCTEM JSHEPrONHUTAaHUS W BHICOHAOMIONCHHS B CIUHBINA
WH(} OpMAIIOHHO-YIPABISIOLIUN KOHTYD, YTO MO3BOJISIET ONTUMHU3UPOBATH paclpe/ielieHre PEeCypcoB B
pealbHOM BpEMEHH.

Ha puc. 1 npencraBnena 00001IeHHAs CTPYKTYpHAs cxeMa NpeIOKeHHOH CUCTEMBI.

V2X / OBJIAHHAA NNAT®OPMA
1. OBJIAYHBIN CEPBUC MOHWTOPUHIA
EAWHbIA NHSOPMALIMOHHO-
2. KOHTPOJIb YNPABNAIOL WA KOHTYP
(loT HUB)
NOACWCTEMA NOACNCTEMA
BWAEQHABMIOAEHWA (W) SHEPTOMUTAHNA
3. BOCMPHUATUE OATYUKA BUOUMOCTY: LATHUKN NATAHKS:
Kawmepb, Jlnnapsl, Panapsi BMS, AKB, Tenemerpus
NAAHUPOBLUUK TPAEKTOPHUU
4. ICMONHEHWE l
MCNONHATENEHBIE MEXAHU3MEI
(MpuBoALI ynpasneHns)

Puc. 1. CprKTypHaﬂ cxXema HHTGFpHpOBaHHOﬁ CUCTEMBbI YIIPABJICHUS OCCIMIIOTHBIM aBTOM OOUJIEM

Ha cencoproM ypoBHE pa3MeniaoTcsl HCTOYHUKH JTaHHBIX U UCTIONHSIONIME yeTpoiicTBa. K HuUM
OTHOCATCS KaMepbl TEXHWYECKOro 3pEHUs, JAaTYMKW TOKA M HampspKeHHs OOpTOBOW ceTH, OJ0K
yhpaBlieHuss OaTapeeld W BBIYHCIHTENbHBIE MOAYIH. BakHOW OCOOEHHOCTBIO SIBIIETCS HAJIUYHE
eanHoro loT-mmro3a, KOTOPBIH arperupyeT JaHHbIE OT Pa3HOPOIHBIX HCTOYHUKOB [S].

CereBoii ypoBeHb 00€CIIEUNBACT Tepeiady JaHHBIX MEX/y KOMIIOHEHTaMU CUCTeMBI. J1Jist CBsI3u
BHYTpH aBroMoOuis wucnoib3yerca 1mmHa Controller Area Network, obecneumnBaromias
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JETepMUHUPOBAHHYIO TIepeiauy KPUTHYECKUX JaHHBIX, TAKUX KaK TOKa3aHMS JaTYMKOB HANPSKEHHS.
HAns mepemaun BUICONOTOKOB M TEJIEMETPUH BO BHEIIHIOW HHOPACTPYKTYpY NPHUMEHSIOTCS
OecIpoBOAHBIE IPOTOKOJIBI M JIETKOBECHBIE MIPOTOKOJIBI PUKIIAAHOTO YpoBHS, Takue kak MQTT.

VYpoBeHb MPUIIOKEHUH peanu3yeT JIOTUKY yIpasiieHHs. 371ech (YHKIHOHUPYIOT alrOpPHTMBI
KOMIIBIOTEPHOTO ~ 3peHHs  (JeTeKuusi OOBEKTOB, TMOCTPOSHHE Mapuipyra) W allOPUTMBI
SHEProMeHeXKMEHTa. B oTinM4me OT TpaJAWLMOHHBIX IMOJAXOIOB, IJI€ 3TH IMOJCHCTEMBI PabOTaloT
W30JTUPOBAHHO, B MPEJIOKEHHON apXHUTEKType peaji30BaH OOpaTHBIM KaHaJ BIMSHHS: JaHHBIE O
BBIYUCITUTEIbHON HATPY3KEe CHCTEM 3pPEHUS MEPEIaloTCsl B MOYJIb YIIPABICHHS TUTAHHEM.

B3aumoseiicTBHE MOICHCTEM OPraHU30BaHO CAESAYIOMIMM 00pa3oM. Moayib BUI€OHAOIIOACHUS
(hopMHpPYET 3alpoC Ha BBIYUCIUTENBHBIE PECYPChl B 3aBUCHMOCTH OT CIIOKHOCTH JOPOYKHOH CIIEHBI.
Ota uHboOpManuUs nepeaacTcss B MHTEIUIEKTYalIbHBI KOHTPOJUIED MHUTaHMS, KOTOPHIA KOPPEKTHUPYET
PEKXUMBI pabOTHI OaTapen U paclpeaeieHie SHeprul MKy JBAraTeiIeM U OOPTOBOHM AIICKTPOHUKOM.
JlaHHBIE O COCTOSHHHM 3apsja 0aTaper MOTYT BJIUSATH Ha paboTy BHIEOCHUCTEMBI, HAlPUMeEp, CHUKAs
4acTOTYy KaJpOB WM pa3pelleHHe MOTOKA MPU KPUTHYECKOM YPOBHE BHEPTHUHM IJIS MPOAJICHHS
aBTOHOMHOCTH [3]. Takas WHTerpauus MO3BOJSET peaJn30BaTh adalNTHBHBIE CIEHAPUH PaOOTHL
Hanpumep, npu oOHap y)KEHHU MPENSATCTBUS CHCTEMOM 3peHUs PHOPUTET SHEPTUU BpEMEHHO OTAaeTCs
BBIYUCITUTEIBHOMY OJIOKY IUIA 3KCTPEHHOrO pacuera TPaeKTOPUM, a NpH JBIDKEHHH IO Tpacce ¢
XOPOILIUM OCBEIICHHWEM Harpy3Kka Ha KaMepbl CHHKAETCS B MOJIb3Y SKOHOMHUH 3apsizia.

Takum o0pa3oM, TMpeyIoKEHHas apXUTEKTypa oOeclieuynBaeT He TONbKO cOOp M 00paboTKy
JAHHBIX, HO M HWHTEIUIEKTYyaJbHOE YNpaBICHHUE pecypcaMH aBTOMOOWIA Ha OCHOBE KOMILIEKCHOTO
aHaJIM3a COCTOSHUS KaK SHEPreTHYECKON CUCTEMBI, TaK U CUCTEMBI BOCIIPUSITHS OKP yXKArOIIEeH cpepl.

Moaenb B3auMOeiCTBUSA MOACUCTEM U AJITOPUTM YHIpaBJICHHUS pecypcaMu

Jlyis onucaHus 3aBUCUMOCTH SHEPronoTpeOJieHus OT HArPy3KH CHUCTEM TEXHUYECKOTrO 3PEHUs
BBEJIEM LIENEBYIO0 (YHKIMIO ontumusanuu. [lycte E o0liee JOCTYITHOE 3HEPronoTpeOIeHuEe Ha

total

TEKyIeM Y4JacTke Mmapupyra, E

drive

— DHEpru-d, HeO6XO,D,'I/IMa$[ JUIA ABMOKCHMUSA, E - OHEPTHUA Ha

comp

BBIYHMCJIIUTCIBHBIC 3a1a4H. Torz{a OIr'paHNYCHUEC UMEECT BU

E S E - Edrive - E/'exel've > (1)

comp total
rae E. . — pe3epBHBIH 3amac SHEPTUM JJIs1 HEITaTHBIX CUTYalui.

reserve

OHepronoTpebieHne BBIYHCIUTENFHOTO MOAYAS E ~— HampsAMYIO 3aBHCHUT OT MapaMeTpoB

comp
BUAEONOTOKA. Ero MOXXHO MpeacTaBUTh Kak (PYHKIMIO OT 4YacTOTHl KaapoB FPS, paspelieHus
BUJICOIIOTOKA Res U CIIOXKHOCTH aJIrOPUTMA AeTeKIUn Alg

E,, = k- FPS-Res+k, -Ca,g s 2)

rae k,,k,— ko3 dHULIEHTHI, onpeenieMble apXUTEKTYPON BEIYUCIUTENbHOI MIaT(OopMBL
Crnoxuocts amroputma C, BapbUpYeTCst B 3aBUCHMOCTH OT JOPOXHOM cuensl. Hampumep,

ABMXKCHUEC IO TpaCCE B JHEBHOEC BPEMI Tpe6yeT MECHBIIEC BbIYMCIIUTEIIbHBIX PECYPCOB, UEM JIBMXKCHHUE B
IIJIOTHOM T'OpPOACKOM ITOTOKE HOYBIO. Cucrema BI/IHCOH&6J’IIO[{€HI/I${ OLCHUBACT CIIO0XXHOCTH CIICHBI S

scene

U [IepeaeT 3Ty METKY B KOHTpOJUIep NuTaHua. Ha OCHOBE MOJTy4eHHBIX JaHHBIX Peali3yeTcs allrOPUTM
JUHAMHUYECKOT0 paciipenenenus pecypcos [5]. Cxema anropurMa mpeacTaBieHa Ha puc. 2.

AJroput™M (QYHKIMOHHPYET B LIUKJIE PEaTbHOrO BPEMEHH, HAYMHAs C MOHUTOPUHIA COCTOSHUS
CHUCTEMBI, B X0JIe KOTOPOro ocylecTBisercs coop manubix o State of Charge (SoC) 6arapeu, Texyeit
Harpy3ke Ha MpOLEeccOp U CIOKHOCTH JOPOXKHOM cieHbl. Ha aTame OIEHKH PHCKOB MpH 3HAYEHHUU
SoC <20 % cucrema nepexoauT B peKuUM dHeprocoepexenus. [IpuHATHe peleHrs OCHOBBIBACTCSA Ha
aHaJM3e TEeKYIIEro COCTOSHU: MMPH HU3KOM 3apsijie OaTaper CHUXKAeTCs 4acToTa KaJIpoB BHIIEOMOTOKA
(FPS |) unu paspemienue ( Res |), uto, cornacHo gopmyne (2), yMeHbiaer E | TOrJa Kak MpH

comp
O0HApyXEHUH KPUTHUYECKUX OOBEKTOB (TEIMIEXOAbI, MPETMATCTBUSA) NPHOPUTET OTJACTCS MOACUCTEME
3peHusi, Jake LEHOH BpEMEHHOTo YBeNuueHHs sHepromotpeOieHus. Ha 3aBepiaromem starme
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WCTIOJHEHUSI KOHTPOJIJICP TMHTAHUS TepepachpeesiieT MOIIHOCTh MEXAYy TAroBOW Oartapeed
OOPTOBOIA AIIEKTPOHUKOI [6].

Takum o00pa3oMm, TpeMIOKEHHasT MOJCIb TO3BOJSET aJalTHBHO VIPABIATh pPecypcaMu
aBTOMOOMIIS, oOecIieurBas 0amaHCc MKy aBTOHOMHOCTBIO U O€30IaCHOCTHIO JBMDKEHUS. Peanu3anus
JIAHHOTO aJirOpUTMa ObLJIa MPOBEPEHA B CPEJIC HIMHUTAIMOHHOTO MOJICITMPOBAHUS, PE3YJIBTAThI KOTOPOTO
MIpEICTaBIICHBI B CIEAYIOIIEM pasnene [7].

1. MOHWTOPHHI COCTOAHMA
CBop AanHbiX: SOC Garapew,
Harpysxa CPU, CROXKHOCTD CUeHN

;

SOC < 20%?
‘2/ \7
Ycranoeka @nifii Yeramoska dnara:
Pexmm 3HeprochepemeHma HOPMANbHBIN PexmMm

N

KpuTweckne obvexTol
NeWwexoasl/ NPENATCTEUA?

@nar aneprocbepexesna’

g He akTmges

onTummsayma E_comp
FPS?, Rest CHMXEHME YaCTOTDI Kaapos FPS)
2 CHYXEHWE PaspeWweHna Res )

~—_ !

4. UcnonuHenme
KOHTPOANED NHUTAHMA:
NEPEPACNPEAENEHHE MOLIHOCTH MEXAY
TArOBO¥ AKE M 3NEKTPOHMKOM

\»

3apepxka TaKkTa RT

NOAREPKAHME CTAHAZPTHEO
napameTpoe paboTol cucTems

Puc. 2. briok-cxema ajlropurMa ynpapiaeHHs pecypcaMu

Pe3yJ1 bTAaTbl HMUTAMOHHOI'0O MOACIUPOBAHUSA

Jns oueHku 3((EKTUBHOCTH MPEIJIOKEHHOW apXUTEKTyphl W alTOpUTMa  YIPaBJICHHS
pecypcamMu ObLIO IPOBEJCHO MMHUTALMOHHOE MOJEIUpOoBaHue. MoJeTupoBacs CleHapuil JBIKEHHS
0ECIMIIOTHOrO aBTOMOOWJISI IO TOPOACKOMY MapIIPYTy MpPOTsDKEHHOCThI0 10 KM C mepeMeHHOM
JIOPOXKHOW 00CTaHOBKOH (OTKPBITas Tpacca, IIOTHBIM FOpoACKOH TpadUK, HOYHOE BpeMs).
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B kagectBe MeTpuK ()¢ eKTUBHOCTH UCIOJIb30BAJIHCD!
— o01ree aHepromnoTpedieHue cucrtemsl £

total

— TOYHOCTb JETEKINHA O0BEKTOB Acc, ;

— BpeMsi aBTOHOMHOH paboThI

det 2

T

auto *

CpaBHUBANUCH JBa mMoaxona: 0a3oBbIN (He3aBUCHMAs pabdOTa MOACHCTEM BHIIEO W MUTAHHA) H

NPEANOKEHHBIH  (MHTETPUPOBAHHOE  yIpaBICHWE C aJalTUBHOW HACTPOWKOM mapameTpoB
BUICOTIOTOKA).
Ta6xn. 1. CpaBHeHHe 3 PeKTHBHOCTH HOJAX010B
Mertpuxka bazoBsiit [pemnoxennstil | Yayumenue
[O/X0] OO
. 1452 118,7 18,3 %
E;ntal 4 Bru °
| )
Accdet L% 94,1 93,8 0,3 %
8 +21,89
. MuH 7 106 21,8 %
Kak BugHO w3 TaOmuIbl, NPEIOKEHHBIM IMOAXOA TO3BOJIIET COKPAaTHTb  olliee

sHepromnorpedaeHue Ha 18,3 % npu HE3HAYUTEIILHOM CHUKEHUW TOYHOCTHU JICTEKIIMH, YTO HAXOUTCS
B MpeAenax JONYCTHMOW MOTpeHIHOCTH. [IpHpocT BpeMeHn aBTOHOMHOW paOOTBI COCTaBIISIET MOYTH
22 %, 4o ABJISIETCS CYLECTBEHHBIM MPEUMYIIIECTBOM Ul IPAKTHYECKOro MpUMeHeHus [8].

Ha puc. 3 mokazana auHamMuKa nOTpeOJICHUS DHEPIHH B 3aBUCHMOCTH OT CJIOKHOCTH AOPOXKHOM
crieHbl. B MOMEHTBI BEICOKON HAarpy3KH MpeiI0KEHHbIN arOpuT™M BPEMEHHO YBEIMUUBAET BbIIEJICHHUE
pecypcoB Ha TOACUCTEMY 3pEHUs], YTo obecreurnBaeT 0e30MacHOCTh. B MPOCTHIX CIIEHApHUsAX CHCTeMa
MEPEXOIUT B JHEpProcOeperalumii pexuM, CHIKAsg 4YacTOTY KaJIpoB M paspelieHdue 0e3 morepu
KPUTHYECKH BaXXHON HHPOPMALIIHL.

BxoaHble napameTpsi

CnoxHOCTb cueHbl ) ———pp CeHcopHas Harpyska

CkopocTtb TC j————p OueHKa pucka

noruka

BbixoaHble napameTpb!

/—> FPS / PaspelieHme -« --eeeeeeees | MapaHTMpoBaHHas HesonacHoCTb

Kontponnep
pecypcos

SOC barapen Bbigenseman MOWHOCTL P_COMP feeeeeeenenenenss] » 3anac xopa TC

OrpaHuyeHne

Puc. 3. I_[I/IHaMI/IKa 3Hepr0n0rrpe6neHI/m B 3aBUCUMOCTH OT CJIOKHOCTH CLCHBI

[ony4eHHble pe3ynbTaThl HOATBEPKAAIOT PabOTOCIOCOOHOCTD MPEASIOKEHHON apXUTEKTYPhI U
3 PEeKTUBHOCTh aJTOpUTMa aJaNTHUBHOTO YIpaBlieHWs pecypcamu. UHTerpamms MOACHCTEM
BU/ICOHAONIOACHUSI M DHEProONMUTAaHUS TIO3BONSET JOCTHYh OalaHCa MEXKAY AaBTOHOMHOCTBIO U
0€30MacHOCTBIO, UTO SBJAETCS KIFOUYEBBIM TpeOOBaHHWEM JJIs1 OECIMIIOTHBIX TPAHCIIOPTHBIX CPENCTB.

3akiaouenne

B pabore pemeHa 3ajaya WHTErpalyd TOACHCTEM OSHEPTONMTAHMSA W BHACOHAOIIONEHHS
OecnuIIoTHOro aBTOMOOWIs B pamkax eanHo loT-apxutekrypsl. [IpennoxeH airopuTM aganTUBHOTO
yIpaBJIeHUs pecypcaMmy, AMHAMUYECKH KOPPEKTUPYIOIIHH MapaMeTphl BUIEONOTOKA B 3aBUCMOCTH OT
CIIO)KHOCTH CLEHbl M YpOBHsA 3apsiia OaTapen. Pe3ynbTaThl MMHUTAIMOHHOTO MOJEIHPOBAHUA
noaTrBepaAud  3(pQeKTUBHOCTh pa3padOTaHHOTO TMOAXOJAa: IPUMEHEHHE AalfOpUTMa MO3BOJIAET
COKpaTHUTh o0111ee FHepronorpedneHue Ha 18,3 % rnpu He3HAYUTEIILHOM CHUXXEHUH TOYHOCTH JICTEKITUH
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o0bekToB (0,3 Mm.I.), YTO HAXOOWTCA B Mpenenax AOMYCTHMOM morpemHocTH. [lpupoct BpemeHH
aBTOHOMHOH paboThl cocTaBisieT Mo4TH 22 %, YTO SIBISAETCA CYIIECTBEHHBIM IPEHMYLIECTBOM MJIS
MIPAKTUYECKOT'0 IPUMEHEHHS OECIIMIIOTHBIX TUIATQOPM B YCIOBHAX TOPOJCKON U CENTbCKONH MECTHOCTH.

[IpakTuueckas 3HAUUMOCTb PE3YABTATOB 3aKIIOYAETCS B BO3MOYKHOCTH MX HCIIOJIB30BAaHMS TIPH
pa3paboTKe OTeYeCTBEHHBIX OECIMIOTHBIX MIAaTGOpM, a TakkKe MPU MOACPHHU3ALUHU CYIIECTBYIOIINX
CHUCTEM VIIPaBIEHHUS aBTOHOMHBIM TpPaHCIOPTOM. YUTeHHbIe TpeOoBaHMA HH()OPMALMOHHON
0e30MacHOCTH KaHAJIOB IMepelaydl [aHHBIX OOECHEeYMBAIOT 3alIUTy OT HECAHKIIMOHHPOBAHHOTO
BMeEIIATENbCTBA B TpOLECC YympaBiieHHA. [lepcrieKTHBBl HaNbHEUIINX HCCIEIOBAHUN CBS3aHBI C
anmapaTHOM peanu3alueidl MpeJIoKEHHBIX alrOpUTMOB Ha 0aze BCTpaMBaeMbIX BBIYMCIHTEIBHBIX
wiaThopM U MPOBEIESHHEM HATYPHBIX HCHBITAHUN B PEAIbHBIX JOPOXKHBIX YCIOBHAX, BKIFOUAs
ajanranuio st paboTsl B cetax SG/6G ¢ ynbTpaHU3KOoW 3a7epiKKOM.

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.
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TEXHOJIOI'HH HEPEJJAYU U OBPAEOTKU HHPOPMAINUHU

VIK 621.313

OB30P U AHAJIM3 MUPOBBIX TEHJAEHI[UI IOCTPOEHUSI CACTEM
3AIATHI MECT MPOKJIAIKYA KABEJIEW CBSI3U
OT HECAHKIIMOHUPOBAHHOI'O JOCTYIIA

E.A. MACEMYHK, A A TTMJTFOIIKO

LBenopyccxuii 2ocyoapcmeennbiil ynugepcumem ungopmamuxy u paouosnekmponuku, Pecnyonuka benapyco

Iocmynuna 6 peoaxyuto 02 anpens 2026

AnHoTanus. CTaTbs MOCBSIIECHA AHAJIM3Y MUPOBBIX TEHIEHIMI OCTPOESHUS. CUCTEM 3all[UThl MECT
IPOKIAAKU Kabesel CBA3U OT HECAHKLIMOHUPOBAHHOIO IOCTYIIA C y4€TOM COBPEMEHHBIX BbI30BOB,
KacaloluXcsa 0e30IaCHOCTH TENeKOMMYHUKAlMOHHON HH(pacTpykTypsl Pecny6miku benapyce.
AKTyallbHOCTb JAaHHOHM TEMAaTHKU OOYyCJIOBIEHA POCTOM YA3BUMOCTU JIMHEHHO-KaOEIbHBIX
COOpYKEHUH K (U3MYECKUM BO3ACHCTBHAM M HECAHKIIMOHHUPOBAHHOMY JOCTYIy, CIOCOOHBIM
HapYIIUTh (YHKIMOHUPOBAHUE OOBEKTOB KPUTUUECKOI HHPACTPYKTYpBL.

PaccMoTpeHsB! 11eCTh HANpaBIeHUI pa3BUTUS CUCTEM 3allUThl: MHKEHEPHbIE OapbepHbIE CPEJICTBA,
BUJICOHAOMIOJEHUE, BUOPALMOHHbIE U AKyCTUYECKHE [ATYUKM, PACIPEIEICHHbIE BOJIOKOHHO-
onTH4eckue cucreMsl, uuterpanus ¢ IoT u npuMeHeHHe METOI0B UCKYCCTBEHHOIO UHTEILIEKTA.
VYcTaHOBIEHO, YTO OOJNBIIMHCTBO PELEHUH OPUEHTUPOBAHbI Ha (PUKCALIUIO Y>KE€ IIPOU3OLIEAIIETO
BO3JEHCTBUS, UTO OrPaHUYMBAET BO3MOXKHOCTU PAHHETO MIPEAyHIpexaeHUs nHuIeHToB. Hanbomee
HNEPCHEKTUBHBIM HAIPaBICHUEM IPU3HAHO Pa3BUTHE PACIPEIEICHHBIX BOJIOKOHHO-ONTHYECKUX
CHUCTEM  MOHMTOpUHIa C  HUHTEJIEKTyalbHOH  oOpaborkod  curxanoB. OOGocHOBaHa
LEIecO00pa3HOCTh MEPeXofa K MHTETPUPOBAHHBIM CUCTEMaM MOHUTOPUHIA IPOTSKEHHBIX
00BEKTOB CBSI3U C IIEMEHTAMU IIPOrHO3HON aHATUTHUKU.

Knrwouesvie cnosa: METOAbI W CHUCTEMbl 3alllUTbl MECT [IPOKJIAAKHU ka0Oeneit CcBSI3M  OT
HCCAaHKIIMOHHMPOBAHHOT'O  IOCTyIa, BOJIOKOHHO-ONTHYECKHUEC PACIPCACIUTCIIBHBIC CHUCTEMBbI
MOHUTOpPHUHTA.

BBenenue

AHanmu3 COBpPEMEHHOM HayuyHO-TeXHMUYECKOM murepaTypbl [1-14], mocsmeHHON aHamu3y
MHUPOBBIX TEHICHIUA MOCTPOCHUSI CUCTEM 3allUThl (OXpaHbl, OMOBEUICHUS W T. I.) KaK OTIAEIbHBIX
(KOMIAKTHBIX) 00BEKTOB, TaK M OOIIMPHBIX TEPPUTOPHIL, B TOM YHCIIe MECT MPOKIAIKU Kabenel cBsI3u
(JTMHEHHO-KaOeNbHBIX COOPY)KEHHI) OT MPUPOAHO-TEXHOI'CHHBIX NPUYMH U HECAHKLIUOHUPOBAHHOIO
JIOCTYyIA MOKa3bIBAET, YTO B YCIOBMAX PE3KO U3MEHSIOIIENCs KIMMAaTUYECKOM, a TakKe BHYTpU- U
BHEITHETIOMTHYECKOH 00cTaHOBKM B PecnyOnmke bemapych B mocienHue 5-6 JeT aKTyalbHOCTb
pa3paboTKH U BHEAPEHHU TAKUX CHCTEM MHOTOKPaTHO BO3pOCIA.

[Ipu >ToM cymlecTByIOLIME pEHICHUS, KaK IPaBUJIO, OPUEHTUPOBAHBI HA (DUKCAIUIO YKE
COBEpILIEHHOTO BO3JEHCTBUS, YTO CHIKAET 3()()EKTUBHOCTh MPEAOTBpAILCHHs HMHLIUAEHTOB. B 3THX
YCIOBUAX 0co00€ 3HaUeHHE MpUoOpeTaeT pa3paboTKa M BHEAPEHHE CHUCTEM pPaHHEro OOHApYXKEeHUS
BTOP)KEHUI Ha TMPOTSDKEHHBIX OOBEKTax CBA3W. Llemb cTaThbu — MPOBECTH KIACCHPHUKALMIO H
CpaBHUTEJBbHBINA aHAJIM3 COBPEMEHHBIX HAIPaBJICHUI Pa3BUTHS METOJ0OB U CUCTEM 3aIllUTHI KaOelbHON
UHQPAcCTPYKTYypsl W ONpEAETUTh HamOojee TMEepPCHeKTHBHOE pelIeHHe I8  JalbHEeHIIero
COBEPIIIEHCTBOBAHML.

O030p 1 aHAIM3 MUPOBBIX TEHACHU U MOCTPOEHUS CHCTEM 3aAIUTHI
MeCT NPOKJIAIAKHU Kabenei cBI3N

CoBpeMeHHbIe TOAXO/IbI K 3aIUTE MECT MPOKIAAKH Kabenel CBsI3u pOpMUPYIOTCS O] BIUSHHEM
TpeOoBaHMii oOOecreyeHnsi YCTOMYMBOCTH TEIEKOMMYHUKAIIMOHHON HWH(PACTPpYKTYphl, a Takxke
HEOOXOJUMOCTH MHHUMH3ALUN PHCKOB (H3MYECKOTO BO3ACHCTBHSA M HECAaHKUHMOHUPOBAHHOTO
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Jocryna. MexayHapoaHas IMpaKTHKa JAEMOHCTPUPYET MEPEXoa OT H30JIMPOBAHHBIX HMHKEHEPHBIX
pelleHuii K MHOTOYPOBHEBBIM CHCTEMaM MOHHMTOPUMHTAa M pearupoBaHus, WHTETPUP YIOLIUM
¢u3nueckre, TeXHHYECKHEe W WHPOpMaloHHBIE cpenctBa 3amwuthel [9, 10]. Ha ocHoBe anammza
HAyYHBIX MYOJIHKALUI U OTPACIEBBIX OTYETOB BBIACISIIOTCS IECTh KIIOYEBBIX TEXHOJOTUH pa3BUTHS
CHCTEM 3alUTHI TPOTHKEHHBIX 00BEKTOB CBSI3H.

duzuyeckas HHKeHEpPpHas 3aluTa (ﬁapbepﬂble H MAaCCUBHbIC CpeIlCTBa)

Odusnueckass HHXEHEpHas 3alluTa MPeACTaBiIieT co0oil TpaaguIUOHHBIA U Haumboiee
pacmpocTpaHeHHbIH crmocod obecreyeHns] COXPAaHHOCTH JIMHEHHO-KaOeNbHBIX coopykeHuid. OHa
BKJIFOUAET NPOKIIAIKY Kabemel B kaOeIbHOM KaHAIW3aI[|H, UCTIOIb30BaHie OpOHUPOBAHHBIX 000JI0YEK,
METaJUTHYECKUX U JKelle300eTOHHBIX KOpOOOB, 3alMpaeMbIX JIFOKOB, aHTBAHJAJIbHBIX KA OB, a TaKxKe
CO3/IaHKe OXPAaHHBIX 30H. JlaHHBIE MepBI HAllpaBJICHBl HA OrPaHUYEHHE MPSAMOro (PU3NIECKOTO AOCTYIIA
K Ka0eJro ¥ CHIKEHUE BEPOSATHOCTH €ro MEXaHHYECKOT O MTOBPEXK ICHUSI.

[IpakTika TPOEKTUPOBAHUS CHUCTEM OXpaHbl TEPUMETpa IOKa3bIBAeT, YTO HWHXKEHEPHBIC
OapbepHbIe cpelcTBa O0NaJaloT BBICOKOM HAJAGKHOCTBIO NMPU YCIOBHH COOJIIOJEHHS HOPMAaTHBHBIX
TpeOOBaHMI U PEryJSIPHOTO TEeXHHYECKoro oOciyxuBaHus [7]. VX MOCTOMHCTBAMHU SIBJISIIOTCS
ABTOHOMHOCTh (DYHKIIMOHMPOBaHHS, OTCYTCTBHE 3aBUCHMOCTH OT OJJIEKTPONHMTaHHA M CETEeBOH
UHQPaACTPYKTYpHl, a TakkKe CPaBHUTEIBHO HU3KHE OSKCIUTyaTallHOHHBIE PacXoipl. Takue pereHus
YCTOWYMBEI K OTKa3aM U He TPeOYIOT CIOKHOM KaOp OBKH.

BwMmecre ¢ Tem ¢u3ndeckas 3amuTa He 00eceunBaeT HHTEIUIEKTyalbHOTO KOHTPOJISL COCTOSHHUS
o0bekTa. OHa HE MO3BOJAET BBIIBUTH IOATOTOBHUTEIbHBIC JCHCTBHS HApYLIUTENd IO MOMEHTa
(haKTHYECKOT0 BCKPBITHS MM MOBPEXKACHUSI KOHCTPYKIMHU. AHAJIU3 MPHHIUIIOB MOCTPOSHUS CUCTEM
OXpaHBbI MIEpUMETpPa MOKAa3bIBAET, YTO OaphepHBIE CPENICTBA HOCAT MACCUBHBIN XapaKTep W BBITTONHAIOT
(YHKIUIO CAEp)KUBaHUSA, a HE paHHero oOHapyxeHus yrpo3sl [6]. Ilpu orcyrcTBUM cpencts
MOHUTOpUHTa (UKCHpYeTCs JHIIb (AKT HApYHIEHHS IEJOCTHOCTH 3allUTHOTO 3JeMEHTa, YTO
3aTPYIHIET ONEPaTUBHOE PearupOBaHHE.

JIONONMHUTENBHBIM ~ OTPaHUYEHHEM  SBISIETCd HEBO3MOXKHOCTh  MAaclITaOHOTO  KOHTPOJI
MIPOTSHKEHHBIX YYaCTKOB 0€3 3HAUUTENIbHBIX KalIUTAIbHBIX 3aTpat. B ycloBHsAX yBenM4eHUs AJHH Tpace
U TPOCTPAHCTBEHHOW pAaCIpEeNeNneHHOCTH WX HMHPPacTpyKTyphl 3P (HEKTHBHOCTh HCKIIOUYUTENHHO
WHKEHEPHBIX pelIeHuH cHwkaercs. Takum oOpasoM, ¢u3myeckas 3aluTa ocTaercs 0a30BbIM
9JIEMEHTOM TaKOH CHCTEMbI 0€30MacCHOCTH, HO He 00eCIeurBaeT paHHEr 0 JeTeKTUPOBAaHUsI BTOPKEHHUSL.

CucremMbl BUA€OHAOII0OIEHU ST U NEPUMETPAIBHOI0 KOHTPOJIHA

Cucremsl Buneonabmonenus (CCTV), TenaoBM3MOHHBIE KOMIUIEKCHI W HHTEIUICKTYyaJbHas
BUCO0AHAJMTUKA IIUPOKO MPHUMEHSIOTCS U OXPaHbl Y3JIOB CBSI3M, PAcClpeNeiuTeNbHbIX MIKadoB,
Ka0eNbHBIX KOJNOALEB W WHBIX TOYEK MOBBIIIEHHOTO pucka. OHM TO3BOJISIIOT OCYILECTBIATH
BU3YaJIbHBI KOHTPOJb TEPPUTOPHH, (HUKCHPOBATh TMOMBITKA NPOHUKHOBEHUS H TPOBOAHTH
MOCT(AKTYM aHAIU3 COOBITHH.

OneHka S(PQPEKTUBHOCTH TEPUMETPAIbHBIX CHCTEM JIEMOHCTPHPYET, 4YTO BH3YallbHas
Bepu(UKalKs CYIIECTBEHHO IIOBBIIIAET JIOCTOBEPHOCTh BBISBICHHS HMHLUACHTOB U CHWKaeT
BEPOSTHOCTh JIOKHBIX TpeBor [8]. MHTerpamms ¢ aHaIUTHYECKHMMHU alrOPUTMaMH OOecreyuBacT
aBTOMATHYECKOE pACIO3HAaBaAHWE JBWKEHHA, IIEPEeCeUeHHs 3aJaHHBIX 30H W MOJO3PHTEIbHBIX
neiicTBUA. 3apyOeKHBIH OMBIT IPUMEHEHHUS] CHCTEM TPEBOXKHOT'O OMOBEIICHHUS TIOATBEPKAAET POCT UX
poiu B o0ecrieueHHH TePPUTOPHUATEHON 6€30MacHOCTH 00BEKTOB KPUTUYECKOH HHPPACTPYKTYpHI [4].

OpHako BuIEOHAOIONEHHE MMEET pAI CYIIECTBEHHBIX orpanudeHuid. Ero sddextuBHOCTH
3aBHCHT OT TOTOIHBIX YCIOBHi, OCBEIIEHHOCTH M OTCYTCTBUS (pm3nueckux mpemnsarcrBuid. Hammdme
«CTIETIBIX 30H» CHIDKAET MOTHOTY KOHTPOJIs, OCOOCHHO Ha MPOTSDKEHHBIX TpaccaxX BHE HACEJICHHBIX
MyHKTOB. Kpome Toro, OOJBIIMHCTBO BHUACOAHATUTHUECKUX CHCTEM (UKCHPYET YK€ IMPOHCXOAsIIee
coObITHe, He obecreurnBas NMPOTHO3UPOBAHUS WM PAHHErO MNPEAYNPEKICHHS O IMOTEHIHAJbHOM
yrpose [6].

JAns  TOpOTSHKEHHBIX  JIMHEHHBIX OOBEKTOB OpraHW3alus CIUIOUIHOTO — BHIIEOKOHTPOJI
SKOHOMHMYECKU U TEXHHYECKH 3aTPYJHHUTENbHA. JTO OTPaHUYMBAET IPUMEHEHNE JaHHOW TEXHOJIOTHU
MIPEUMYIIECTBEHHO Y3JIOBBIMU Y4acTKaMHU HHPPACTPYKTYPHL.

105



I[aT‘ll/IK](I Bnﬁpaunn H aKYyCTHIECKOIro KOHTPOJIsA

CucremMbl Ha OCHOBE BHOpAIlMOHHBIX M aKYCTHUECKHX JAaTYUKOB MpeIHa3HaYeHbl IS
pETUCTPALINU MEXaHMYECKHX BO3JCHCTBHI Ha OTPaKICHHUs, TPYHT WM KOHCTPYKIIHHU, BOIH3H KOTOPBIX
nposioxeH kabenb. [IpuHIMIBL UX paboThl OCHOBaHBI Ha (PUKCAIIMH KOJIEOAHWH, BO3HHKAIOIIUX MPH
TIOTIBITKE TTOAKOIMA, BCKPBITHS JIIOKOB WIIH Pa3pyLICHHUS 3alIUTHBIX SJIEMEHTOB.

TaKkTHKO-TEXHUYECKUH aHaiu3  (QU3HYECKHX NPUHLUIOB OOHApY)KEHHs  HapYIIUTENs
MOKA3bIBAET, YTO JAHHBIC CPEJCTBA CIIOCOOHBI BBISBIATD PAHHHE CTaIUM BTOPKEHUS MPU KOPPEKTHOU
HACTpOMKe YyBCTBUTEIBHOCTH NAaT4YMKOB [6]. IlprMeHeHMe paclpenesieHHbIX CEHCOPHBIX MOIyJeH
MO3BOJIIET OPraHU30BaTh KOHTPOJIb MPOTSHKEHHBIX Y4AaCTKOB C ()OPMUPOBAHUEM CHUTHANIa TPEBOTH MPU
MIPEBBIIIEHNN TIOPOT'OBBIX 3HaYEHUH [3].

K mpeumymiectBam cuctem, MOCTPOSHHBIX MO JaHHOH TEXHOJIOTHUH, OTHOCSTCS MX OTHOCHTEIBHO
BBICOKAsi 4yBCTBUTEIBHOCTb, BO3MOKHOCTh aBTOHOMHON paOOTHl M afanTalus K pa3iuyHbIM THIIAM
orpaXkIeHU U TpyHTOB. BMmecTe ¢ TeM XapakTepHO# MpoOIeMOH SBISETCA 3HAYUTEILHOE KOJMYECTBO
JIOXKHBIX CcpaOaTbIBaHWHM, BbI3BAaHHBIX BO3JCIHCTBHEM BeTpa, TPAHCIOPTA, JKUBOTHBIX WM
KITUMaTHYeCKUX (PaKTopoB. {1 CHIKEeHH Yrciia OIMO0YHBIX TPEBOT TPeOyeTCs CIOKHAs (PUIbTPALIUL
CUTHAJIOB M HACTPOWKa IMapaMeTpOB, YTO MOBBIMIAET TPeOOBaHMS K KBaTHU(DUKALMH 00CTY)KUBAIOIIETO
nepconana [5].

Takum oOpazoM, BHUOpAallMOHHBIE M AKYCTHUECKHE IAaTYMKH OOECIeYuBalOT Ooljiee paHHee
o0HapyXeHHe 110 CPABHEHHIO C MTACCUBHBIMU CPEACTBAMH, OHAKO HX 3(P(PEKTHBHOCTH CYIECTBEHHO
3aBHUCHUT OT KOPPEKTHOCTH aJrOpUTMOB 00pabOTKH JaHHBIX M YCIOBUH 3KCILTyaTalHH.

BosiokoHHO-ONTHYECKHE pacnpeaejeHHble CHCTEMbI MOHUTOPUHI A

OzHuM U3 HamOojiee JUHAMUYHO Pa3BUBAIOLIMXCA HAIMPABICHUH SBISETCS HCIOJIb30BaHHUE
pacrpeeNeHHbIX BOJIOKOHHO-ONTHYecKuX cucteM MmoHuTopunra (DAS, DTS, DSS), B KoTopbIX camo
ONITUYECKOE BOJIOKHO BBIMOJHAET (PYHKIMIO YYBCTBUTENHHOTO sJeMeHTa. [IpuHummm paboThl Takux
CHUCTEM OCHOBAH Ha aHAJIW3€ M3MEHEHHUH MapaMeTpoB OTPAKEHHOI'O CHUTHajla MPU MEXaHHUYECKOM,
TEMIIEPaTyPHOM HJIM aKyCTHYECKOM BO3IEHICTBUH Ha Kabelb.

PacnpeneneHHple CHUCTEMBI aKyCTHYECKOTO MOHHUTOPHHTA OOECIEUYHMBAIOT HEMPEepPbIBHBIM
KOHTPOJIb MPOTSDKEHHBIX YYaCTKOB C BBICOKOM TOYHOCTBIO JioKanu3anuu coObitust [11]. TexHnomoruun
DAS mno3BonsitoT pukcupoBaTh BUOpaIMU BAOJb BCEH IMHBI KaOems C OompeaeieHHeM KOOpIHHATHI
BO3ACUCTBUS, YTO OCOOCHHO aKTyaJbHO JUIi MArHCTPalbHBIX JHUHHUH CBA3H. MeXIyHapOIHbIe
PEKOMEHJAlMKM [0 3alluTe MOABOAHBIX Kabenell NOAYEepKUBAIOT HEOOXOAWMOCTh NPUMEHEHUS
MOHHMTOPUHIOBBIX pEIIEHUH Ui MNPEeAYNpeKACHUs IpEeIHAMEPEHHBIX U HENpeIHaMEepeHHbIX
noBpexaeHutt [12].

K nocronncTBam 1aHHOM TEHIEHLIMU OTHOCSTCS:

— HEeNpepbIBHBI KOHTPOJb Ha JAECITKAX KHJIOMETPOB 0€3 YCTAaHOBKM MHOXECTBA OTJENIBHBIX
JIaTUYNKOB,;

— BBICOKAs! YyBCTBUTEIbHOCTh K Pa3JIMUHBIM THIIAM BO3]IEHCTBHIA;

— BO3MOXXHOCTh MHTETPALMN C aHAJTUTUIECKUMH CUCTeMaMi 00pabOTKH CUTHAJIOB.

OCHOBHBIMM  OIPAaHMYEHUSIMU  SIBJSIFOTCSI  BBICOKAasi CTOMMOCTh BHEAPEHUs, CIIOXHOCTh
KaJTHUOPOBKM M HEOOXOAWMOCTh MPUMEHEHUS CHEIHATU3UPOBAHHBIX aJTOPHUTMOB HHTEPIpETallud
JaHHBIX. JIONOJHUTENHHO OTMeYaeTcsi OTPEOHOCTh B 3alllUTe WH(POPMAIMOHHBIX MOTOKOB CHCTEMBI
MOHUTOPUHTa B COOTBETCTBUM C TpeOOBaHMSAMHU O€30MAaCHOCTH  TeJNeKOMMYHHKAIIMOHHON
uH}pacTpykTypsl [9, 14].

Hecmotpst Ha yka3aHHbBIE CJIOXHOCTH, pacHpelesieHHbIe BOJOKOHHO-ONTHYECKHE CHCTEMBI
JEMOHCTPUPYIOT MMOTEHIHAT 00ECIICUECHUsI PAaHHETO BBISBICHUS MEXaHUUECKUX BO3JCHCTBUIl emie 10
(haKTHYECKOT0 MOBPEXISHHS Kabers.

HNuTerpanus ¢ IoT n cucremamn kubep6e3onacHocTu

CoBpeMeHHbIE CHCTEMBI 3alllUTHl BCE Yallle CTPOSTCS IO NPUHLIUIY HHTErpalddl JaTYHUKOB
Pa3NUYHOro THUMA B eNMHYIO HH(OpMAIIMOHHYIO TaTdh OpMy ¢ Miepeaadeil JaHHBIX B [ICHTPAIU30BaHHbIC
LeHTppl MoHuTOpuHra. HMcnompzoBanue loT-TexHoOIOrMi MO3BOJSIET OPraHM30BaTh YylAJCHHBIN
KOHTPOJIb COCTOSIHUSI OOBEKTOB, (DOPMHUPOBATH COOBITHS B pEATHHOM BPEMEHH H OCYLICCTBIATH
KOPPEJSIIIHIO CUTHAJIOB OT Pa3IMYHBIX UCTOYHUKOB.
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AHamuTHYeCKHe MaTepuabl B OOJIACTH 3alUTHl TENEKOMMYHHKAIIMOHHOW HH(PACTPYKTYPHI
YKa3bIBalOT HAa HEOOXOIMMOCTh KOMIUIEKCHOTO ydeTa (pU3H4ecKuX W KUOepyrpo3 HpH MOCTPOSHUHU
cucreM OesonacHoct [ 10, 14]. MHTErpaus ¢ cuicTeMaMy YIpaBJIeHHs TOCTYIIOM, BUACOHAOIIOACHUEM
W pacIpeeeHHbIMA JaTYUKaMHU CO3JIa€T OCHOBY JJIsi NOCTPOEHHS MHOTOYPOBHEBOH apXHUTEKTYPHI
3aIUTHI.

[IpeumymiecTBaMn AaHHOW TEHACHUMH SBJLIOTCS MacIITa0MPyeMOCTb, LEHTPaIM30BaHHBIN
KOHTPOJIb, aBTOMAaTH3aLKs 00pabOTKU COOBITHI K BO3MOXKHOCTh HAKOIUIEHUS CTATUCTHYECKUX JAHHBIX
JUIl aHaiM3a PUCKOB. Bmecte ¢ TeM BoO3pacTaeT 3aBHCUMOCTh OT CETEBOM HH(PACTPYKTYphl U
YCTOWYMBOCTH KaHAJIOB Tepelaun JaHHbIX. BO3HUKAIOT JONMONMHUTENbHbIE KUOEPPUCKH, CBSI3aHHBIE C
BO3MO)KHOCTBIO BMEIIATENbCTBA B CUCTEMY MOHUTOPUHTA WIIM IOJMEHBI AaHHBIX [9].

Taxum oOpazom, uarerpanus loT pacmupsier G yHKIHOHANBHBIE BO3MOXKHOCTH CUCTEM 3alHTHI,
HO TpeOyeT coOironeHus TpeOoBaHMKA WH(POPMAIIMOHHON 0€30MacHOCTH U Pe3epPBUPOBAHHS KaHAJIOB
CBSI3U.

Hcnonpb3oBanne HCKYCCTBEHHOT0 HHTEJVIEKTA U MAIIMHHOTO 00Y4YeHUst
A1 paHHEro 00HapyKeHHs

PasBuTHe pacnpeneneHHbIX CEHCOPHBIX CUCTEM M HaKOIUIEHHE OOJBLIMX MAaCCHBOB JAHHBIX O
COCTOSIHUM TPOTSKEHHBIX OOBEKTOB OOYCIOBHIM (POPMHpPOBAHUE OTACIBHOM TEHACHIUH —
MIPUMEHEHHE METO/I0B UICKYCCTBEHHOT'O MHTEJUIEKTa U MAIIMHHOTO 00 yueHHs AJs1 00paOOTKU CUTHAJIOB
W paHHEro BBIABICHHUSA Vyrpo3. B ommume OT TpaaUIMOHHBIX TIOPOTOBBIX —AJTOPHUTMOB,
WHTEJUIEKTYyalbHble MOJAEIH CIHOCOOHBI YUYHMTHIBaTH COBOKYITHOCTH IPHU3HAKOB, aHAJIU3UPOBATH
BpPEMEHHBIE 3aBUCUMOCTH H BBIABIISATh aHOMAJIbHBIE MATTEPHBI TOBEICHUS.

B pacnpeneneHHbIX BOJIOKOHHO-ONTHYECKUX CUCTEMaX MOHUTOPUHTA IPUMEHEHHE aJTOPUTMOB
KIacCU(PUKAIIMA M TIYOMHHOrO oOyueHHs Mo3BoJsieT IudepeHIMpoBaTb THIBI BO3ACHCTBHMA:
JBIDKEHHE TPAHCIIOPTa, [Iaru 4eloBeKa, padOThl CTPOUTENbHOW TEXHWKH, MOMBITKH MOAKONA WU
BCKPBITHUS 3AIUTHBIX KOHCTPYKIUH [11]. DT0 CHMXAET ypOoBEHB J0KHBIX TPEBOI U MOBBIIIAET TOUHOCTh
UACHTU(OUKAIUK COOBITHSA. AHAJOrMYHbIE TOAXOABl peaju3yloTca INpU 00paboTKe CHTHAJIOB
BUOpAIIMOHHBIX JAaTYUKOB W CHCTEM BHJCOHAONIONCHUS, TIE HUCIONB3YIOTCA  allOPUTMBI
pacmo3HaBaHUs 00pa30B U MOBEJEHYECKOTO aHAIN3A.

WnTtennexryansHas 00padOTKa JaHHBIX MO3BOJISET MEPEUTH 0T (huKkcannu (axTa BO3ACHCTBHS K
MIPOTHO3UPOBAHHUIO BEPOATHOCTH pa3BUTHA HHIMIEHTa. [IpH HAKOMJIEHWH CTAaTHCTUKU BO3MOXKHA
peanu3anus NPeIUKTHBHOW aHAJIMTHUKH, OCHOBAaHHOM Ha BBISBICHHW IOBTOPSIOMIMXCS CIEHAPHEB H
KOppeNsilIMd CUTHAJIOB OT pa3lMYHBIX NOJCHCTeM. B KoHTekcre obecreueHuss 0€30mMacHOCTH
TEIEKOMMYHHUKALUOHHOW HMHQPACTPYKTYPHl TaKWe peIIeHHs COOTBETCTBYIOT MEKIYHAPOAHBIM
TpeOOBaHUSIM KOMITIJICKCHOTO TIOJIX0/1a K 3aIlIUTe KPUTHYECKUX cepBUCOB [9, 10].

K nocronncTBam naHHOM TEHIEHLMU OTHOCSATCS:

— CHI)KEHHE KOJIMUECTBA JIOKHBIX CpabaThIBaHMIA 3a CUeT aallTUBHONW (DUIIBTPAIIMH CHTHAJIOB;

— TOBBIIIEHHE TOYHOCTH JIOKAJIM3aLUHN U KJIacCU()UKAUN COOBITHIL;

— BO3MOXHOCTh ~ PaHHETO0 BBIABICHHS AHOMAJMid, MPEIUISCTBYIOMIHUX  (PaKTHUECKOMY
MTOBPEXKICHUIO KaOels;

— MHTErpalys B IIEHTPaIU30BaHHbIE CHCTEMbl MOHUTOPHHTA.

OCHOBHBIMH OIpaHHYEHHUAMH SBILIFOTCS HEOOXOIUMOCTh (DOPMHUPOBAHKS 00yJaIOIINX BEIOOPOK,
3aBHCHMOCTh KauecTBa pabOThl alrOPUTMOB OT IMOJHOTHI U PENPE3eHTATUBHOCTH IaHHBIX, a TaKKe
MOTPeOHOCTh B BBIYMCIMTENBHBIX  pecypcax U KBAIM(HUIMPOBAHHOM  COMPOBOXKACHUH.
JonONHUTENbHEIM ~ (PAKTOPOM pUCKA BBICTYMAET YA3BUMOCTb HHTEJUIEKTYalbHBIX CHCTEM K
KHOEpPBO3JIEHCTBUSAM H MOIBITKAM IMOIMEHBI BXOIHBIX JAHHBIX, YTO TpeOyeT coOIroaeHus TpeOoBaHU
nH}p opManoOHHOK Oe3omacHocTH [14].

Taxum 00pa3zoM, HCIIOJIB30BaHUE METOIOB UCKYCCTBEHHOI'O HHTEIUIEKTa ()OPMHUPYET OCHOBY IS
MOCTPOCHUS CHCTEM PaHHETO OOHAPY)KEHUs BTOPKEHUH, OTHAKO TPeOYEeT TeXHOJOTHIECKOH 3peocTh
MH(PACTPYKTYpHl K HHTETPALMHU C PACTIPEICTICHHBIMU CEHCOPHBIMU IIaT(hOpMaMU.

3akJjouenue

[IpoBeneHHbIN aHAN3 IECTU OCHOBHBIX HATIPABJICHUN PA3BUTHSI CUCTEM 3aIlIUThI ITPOTSHKEHHBIX
00BEKTOB CBSI3M MOKA3BIBAET, YTO KAXKJOC M3 HHUX PEIIaeT ONpEACIICHHBIN KJIacC 3a/lady, OJHAKO UX
3G (}EKTUBHOCTD CYIIECTBEHHO pa3JIM4acTcss B YacTH OOECICUCHUS PAHHErO BBISBJICHUS YIpO3.
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dusnueckas HHXKEHEpHas 3a1ura odecrieynBaeT 0a30BbIi YPOBEHb YCTOMYMBOCTH HHOPACTPYKTYPHI U
CHIDKAeT BEPOATHOCTH CIIYYailHOTO MOBPEXAEHUS, HO He (OPMUPYET MEXaHU3MOB OIEPATUBHOTIO
MoHMTOpUHTa [6, 7]. OHa HOCHUT NPEUMYILECTBEHHO CAEP)KHUBAIOLIUN XapakTep U HE MO3BOJIIET
(UKCHPOBATh MOArOTOBUTEIbHBIEC JEUCTBUS HAP yIIUTEIS.

Cucrembl BHUICOHAOMIOJACHUS W TEPUMETPAIBHOTO KOHTPOJS TMOBBIMIAIOT JOCTOBEPHOCTh
BBISIBIICHHUS! WHIIMJEHTOB 3a CUYET BHU3YaJIbHOM BepU(HKALWHM, OJHAKO OCTAIOTCS 3aBUCUMBIMU OT
BHEIIHUX YCJIOBUHA M He 00eCHeYMBAIOT HEMPEepHIBHOIO KOHTPOJS NPOTSHKEHHBIX Tpacc [4, 8]. Ux
PEaKTUBHBIA XapaKTep MpOSBILIETCS B (PUKCAIIMU YK€ MPOMCXOAAIIET0 COOBITHS, 0€3 BO3MOXKHOCTH
aHaJIM3a CKPBITHIX BO3SHCTBUI Ha IPYHT WIH MOJ3EMHbIE KOMMYHHUKAIIUH.

BubOpannonHele W aKkycTHYECKHE OaTYMKH OOECHeuuBaroT Oojiee paHHEee pearnpoBaHUE Ha
MEeXaHMYEeCKHe BO3JCHCTBUS MO CPaBHEHHIO C MACCUBHBIMH CpPEICTBAMU. TeM He MEHee BBICOKas
YYBCTBHUTENHHOCTh K BHEITHUM (DaKTOpaM MPUBOAUT K 3HAYUTEILHOMY KOJIMYECTBY JIOKHBIX TPEBOT,
41O TpeOyeT NpPHUMEHEHUS CIOXKHBIX AIrOpUTMOB QuibTpauuu [5, 6]. be3 uHTeIeKTyalbHON
00paboTKH uX 3¢ (HEKTUBHOCTH OrpaHUYCHA.

PacnpeneneHHble BOJIOKOHHO-ONTUYECKUE CHCTEMBI MOHUTOPUHTA 00JaJaf0T MPHHIUIHAIBHO
WHBIMH XapakTepucTukaMu. OHU 00ecTIeunBaOT HEMPEPHIBHBII KOHTPOJIb BCE JNTMHBI Kabelst, TOUHYIO
JIOKAJIM3allMI0 BO3JEMCTBHUS M BO3MOXHOCTh HHTETpallid C aHAJIUTHYECKUMH Moxayinsmu [11].
MeXayHapoJHblE PEKOMEHIAIMM [0 3aIluTe KaOenbHOW WHQPPACTPYKTYphl IMOTYEPKHBAIOT
HEO0OXOJUMOCTh NMPUMEHEHUS] MOHUTOPHHTOBBIX PEIICHUH s MpeayNpeKIeHUs] WHIMICHTOB, a He
ToNbKO UX Qukcaruu [12]. [Ipu 3TOM BBICOKasi CTOMMOCTh M CIIOHOCTH BHEIPEHHUS! OIPaHHUYUBAIOT
MacmTad ux MpUMEHEHUs! 0€3 TOTOTHUTENFHOT'0 SKOHOMHUYECKOr0 000CHOBAHMUS.

Wnterpanus cucrem 3amuTsl ¢ loT-matdopmamu u cpeacTBaMu KuOepOe30macHOCTH O3BOJISET
00BETUHUTH PA3HOPOAHBIC MCTOYHUKHU JaHHBIX B €IUHYI0 apXHUTEKTypy MoHuTopuHra [9, 10, 14].
OpHako MpH OTCYTCTBUM WHTEIUICKTYyaJlbHOW aHaJUTUKU Takas HHTEerpalus He obOecreynBaeT
Ka4eCTBEHHOT0 Tepexola K paHHEMY JeTeKTUPOBAHUIO, a JHWIIb MOBBIIIAECT YIPaBIIEMOCTh
CYLIECTBYIOLIUX CPEICTB.

Hcnonb30BaHne HCKYCCTBEHHOTO HHTEIUIEKTA U MAIIMHHOTO 00y4eHusT OPMHUPYET YCIOBHUS IS
nepexofa OT PEaKTUBHOM K MPOAKTUBHOW MOJETH 3auIuThl. HTeIIeKTya bHas KOPPENsLUs CUTHATIOB
Pa3IUYHBIX JaTYUKOB II03BOJISIET BBISBIIATH aHOMAJIMH IO MOMEHTA (PU3NUIECKOTO0 MOBPEKIACHUS Kabers.
B coBokymHOCTH C pacnpefeieHHBIMH CEHCOPHBIMH TEXHOJOTHSMH JaHHBIM MOAXON OOecrednBaeT
HauOOJIBIINHA MOTEHIIHAN pPaHHEr0 OOHAPYKEHHSI BTOP KEHHS.

OO000LIeHHBIN CPAaBHUTEIBHBIA aHATH3 MOKA3bIBAET, YTO OONBIIMHCTBO TPAAULUOHHBIX CHCTEM
OPHUEHTHUPOBAaHBl Ha (PUKCALMIO Y)Ke NPOHM3OIICANIIEro Bo3aelcTBusA. MX oOmmii HemocTaTok
3aKJIF0YaeTCsl B OTCYTCTBHH F'APAaHTHPOBAHHOI' O MEXaHU3Ma PaHHET 0 MPEAyNpPeXKISHHs O TOTOBSIIEMCS
WIM HAYaBIIEMCS BTOP)KCHHUH Ha TEPPUTOPHIO 00BEKTa JIMOO Ha KOHKPETHBIH y4acTOK MEepUMETpa.
Haubonee mepcrneKTUBHBIM HAIlpaBJICHUEM SIBISIETCS WHTErpalusl paclpelesieHHBIX BOJOKOHHO-
ONTHUYECKUX CHCTEM MOHHUTOPUHTa C HHTEIUIEKTYaJbHOHM aHANIUTHKOH, oOecrmevnBaromas
HENpPEPBIBHBI KOHTPOJb, TOYHYIO JIOKAJIM3AIMI0 M CHIKEHHWE KOJIMYECTBAa JIOKHBIX TPEBOT MpU
coOmofieHnu TpeboBaHnii MHpOpMannoHHON OezomacHocTH [9, 11]. IloaTOMy OCHOBHBIE YyCHIIHS
LeNecoo0pa3Ho COCPEOTOYUTh Ha pa3padOTKe MMEHHO TaKUX CHUCTeM C NPUMEHEHHEM METOJOB
HCKYCCTBEHHOTO HHTENJIEKTa M MAaIlWHHOrO oOydeHusa. JlaHHBIA MOIXOA TO3BOJNUT OOECIIEUHTh
HENpPEepBIBHBI  KOHTPOIb MPOTSHKCHHBIX  YYACTKOB, TOYHYIO JIOKIM3ALMIO BO3JACHCTBHS U
BO3MOXHOCTh AU(depeHIHay THIIOB coObITHi [11].

WnTerpamys pacnpefeleHHbIX CEHCOPHBIX TEXHOJOTHMM C HHTEIUIEKTYaIbHOM aHATUTHKON
MO3BOJIUT MO3BOJIAET PEaTH30BaTh MEPEXOA OT PEaKTUBHOM MOJENU pearupoBaHHs K MPOAKTHBHOM,
OpUEHTHPOBAaHHOM Ha paHHEE BbISIBICHHWE AHOMAJMM M TpenynpexJeHHEe WHINACHTOB. Takas
apXUTEKTypa  COOTBETCTBYET  MEXKIYHAapOAHBIM  TpeOOBaHUSAM  KOMIUIEKCHOM  3aIllUThHI
TEIEKOMMYHHUKAIMOHHOH HWHMPACTPpYKTYphl H YydeTa ¢usmueckux W kubepyrpo3d [9, 10, 14].
JIONIONMHUTENBHBIM MPEUMYILIECTBOM SIBISIETCS. BOSMOXKHOCTH IIEHTPAIN30BAHHOIO MOHUTOPUHTA U
HAKOIJICHHUS CTAaTUCTHYECKHUX JAHHBIX U COBEPIICHCTBOBAHMS alrOPUTMOB OOHAPYXKEHUSI.
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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 IoT 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 baseline,
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
/. 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

=_', (1)

where [ is the equivalent focal length after camera calibration.

| |
\ > L« I
Object plane
Z
Pinhole plane
f

Imaging plane

Ewe

Figure 1. Pinhole Camera Model

2. Stage two: Viewing angle difference measurement.

This stage aims to accurately measure £/ BAC and ZABC . The two agents take turns acting as
the observer, using symmetrical methods. The measurement of £ ABC 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,
v 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.

0

, )

The viewing angle difference ZABC is
ZABC =u.—u,|-6,. 3)

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

D, -

< field of view 1

A

field of view ?

S wel
w

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 u,, of Aand D, at this moment, calculate

and store the angle ZABD, is
ZABD, =|u,, —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 D, and u D, of D, and D, at this moment, calculate

and store ZD,BD, is
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ZD\BD, =|u,, ~u,|-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 £D,BC is

ZD,BC =|uc~u,|-0,. ©)
(6) Finally, ZABC is the algebraic sum of all intermediate angles
LABC = ZABD, + ZDBD, +---+ DBC. @)

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 ZABC , all parameters
oftriangle 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.

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 (FOV,) 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)

SAC, . . - kO,
sin(ZABC)sin(£BAC + ZABC) *

%+ |cot(£BAC + LABC)|- k6, + )

where k and k are the chain tracking steps, and 0, 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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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.

Transformed Coordinate System (1 unit = 10.0cm) Transformed Coordinate System (1 unit = 10.Ocm)

| - Left Camera FOV
C C -~ Right Camera FOV

== Left Camera FOV
~- Right Camera FOV
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Figure 3. Situations that cannot be measured under a binocular system
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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
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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

Monomodal 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,7), 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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2.2. Projection from the camera onto the image plane
Use the projection matrix £, ; from the calibration file to project 3D points onto 2D pixel

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

lN
d =—>d., 2
NZ )

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 YOLOVS 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
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cloud exhibits a typical distribution of scanning arcs, with each cluster distinguished by a different
colour.
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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 LiDAR 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 (YOLOvVS 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 YOLOvVS 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

Ctegory Distance

Methods Target L . . Advantages Limitation
recognition information
.. no distance
RGB-onl 6 Y . .
GB-only es No clear category recognition information
LiDAR-only 354 No Yes accurate distance 1o category
measurement information
Low—.level 3 Yes Yes plxel—lev.el information relies on precise
Fusion alignment calibration
: feature-level information
Mid-level . complex
Fusi 2 Yes Yes complementarity and stronger . .
usion 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'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

VIIK 621.391

COBEPHIEHCTBOBAHUE OPTAHU3AIIMOHHBIX MEXAHU3MOB
YIPABJEHUSI PA3PABOTKOI IPOTPAMMHOI'O OBECHIEYEHUS
B MTHOOPMALIMOHHO-PACYETHOM LHEHTPE (MPL]) PYII «<BEJITEJIEKOM»
HA OCHOBE TEOPUM AKTUBHBIX CUCTEM

JAM. TOPBYKOB

benopyccxuii 2ocyoapcmeennbiii yHugepcumem ungopmamuxy u paouosnekmponuxu, Pecnyonuxa Benapyce

Iocmynuna 6 peoaxyuto 17 anpens 2026

AHHoTammsA. B pabore paccMOTpeHbI TEOPETHYECKHE W MPAaKTHYECKUE AaCIEKThl YIpPaBJICHHS
pa3paboTkoii mporpamMmmHOro obecriedeHust B MH(popManuoHHo-pacuérHoM nentpe (MPL]) PVYIL
«benrenekoM» Ha OCHOBE TEOPUM YNPABJICHHS OPraHU3AlMOHHBIMH CUCTEMaMU U KOHLEIIUU
aKTMBHOCTH  areHToB. IlpoBenéH aHanu3  CyHIECTBYIOIIMX  MEXaHM3MOB  YIPaBJICHHS
(mIaHMpOBaHKE, MOTHBAIMS, KOHTPOJIb), BBIABIECHBI MX HEJOCTATKH, CBA3aHHBIE C BO3MOXXHBIM
HCKaKeHHEeM MH(POpMAalMU U OTKIIOHEHHEM OT IUIaHOoB. [IpensioxkeHsl 1 000CHOBaHbBI MEPOIPUSTHS
10 COBEPLICHCTBOBAHUIO OPraHM3allMOHHBIX MEXaHM3MOB: aBTOMAaTHU3aLlUs YIpaBleHUs Ha Oaze
Jira, nenrpamuzanus GyHKIMA yd€ra M KOHTPOJIS, BHEAPEHHE KOHKYPEHTHOT'O CTUMYJIMPOBaHHS
nporpammucTtoB. [lokazaHo, 4TO peanu3anus IPEIJIOKEHHBIX Mep II03BOJISIET IIOBBICHTH
pe3y/bTaTUBHOCTh  CHUCTEMBl  ympaBieHus mnpousBoictBoM MPII.  Taxke paccMOTpeHBb
BO3MO)KHOCTH IPUMEHEHHSI CHHEPreTUYeCKOro I0JX0/1a U CaMOOpraHM3alliy Ul JajbHEeHIIero
Pa3BUTHUS MEXaHU3MOB YIIPABJICHHUSI.

Kntouesvie cnosa: ynpaBneH4eCKHI UK, YIPaBIEHHE OPraHU3allMOHHBIMU CHCTEMaMU, AKTUBHbBIE
CHCTEMBI, MEXaHU3MBbI YIpaBICHUs, pa3paboTka mporpamMmHoro obecnedenus, HPI[ PVII
«benrenexomy, Jira, MOTUBAIMSA, KOHTPOJb, CHHEPI€THKA, CAMOOPraHH3aLUs.

BBenenue

AxryanpHocTh. Lludpoas tpanchopmarust PYII «bentenekom» TpeOyeT co3maHusi KOMaHIbI
KBaJT(PUITUPOBAHHBIX UHXEHEPOB-TPOrPaMMHUCTOB U 3¢ (HEKTHBHOTO YIpaBieHH €0 IS pa3paboTKu
U CONPOBOXKIEHUS MH(POPMAITMOHHBIX CUCTEM CHJIaMH MH(pOpMalroHHO-pacuérHoro ueHrpa (MPLY).
OpfHaKo COTPYAHUKU (aKTUBHBIE areHTh) 00JamaloT cCOOCTBEHHBIMH HWHTEpPECaMH, MOTYT HCKaKaTb
WHQOPMAIMI0O WM OTKJIOHATHCS OT IUIAHOB, 4YTO CHIDKAeT pPe3yJIbTaTUBHOCTh YIPaBICHUS.
Knaccnuueckue agMUHUCTPaTUBHBIE METOABI 3/1€Ch HEIOCTATOYHO () (hEeKTHBHBIL.

[Ipo6nema. B cucreme ynpapnenus npou3BoncTBoM MPI] oTCyTCTBYIOT MEXaHU3MBI, B TIOJHON
Mepe YUUTHIBAIOIINE aAKTUBHOCTD COTPYIHUKOB, YTO IIPUBOAMT K 3a/lepiKKaM, CHIKEHUIO kadecTBa [10
U POCTY YIPaBIEHYECKUX U3IEPIKEK.

OOBEKT HccleoBaHUs — cUcTeMa yrpasieHus npousBoactsoM MPL] PVYII «benrenekom.

[Ipenmer nccnenoBaHus — OpraHU3AlMOHHBIE MEXaHU3MBl yIpaBieHus: npou3BoacTBoM MPI]
(mmaHupoBaHMUE, MOTUBAIIHS, KOHTPOJIb).

Lens paboTel — pa3zpaboTka PEKOMEHIAIMK IO MOBBIIICHUIO PE3YAbTATUBHOCTH CHCTEMBI
ympasnenus paszpabotkoid [I0 B MPL] Ha ocHOBE MeXaHW3MOB, YYHMTBHIBAIOIIMX aKTHBHOCTh
COTPYIHHUKOB.

3agaun:

1. U3yuuth TeopeTHuecKHue OCHOBBHI YNpPAaBJICHUs AKTUBHBIMH CHCTEMaMH M MeEXaHHU3MaMH
yIIpaBIICHUS.

2. TlpoananuzupoBars AeiicTByromyto cucreMy ynpasieHus NP1l 1 BeISIBUTH €€ HeoCTaTKy.

3. llpennoxxuth u  OOOCHOBAaTH  YCOBEPUICHCTBOBAHHMS  MEXaHU3MOB  YIIPaBICHUS
(aBTOMaTH3aLMs, IEHTPATU3ALMS KOHTPOJIS,, KOHKYPEHTHOE CTUMyIHPOBAHHE).
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4. OueHutb 3PP EKTUBHOCTD MPEIIIOKEHHBIX MEPONPUATUI.

Merononorusi. Teopusi ynpaBieHus: opraHu3aunoHHbIMU cucTteMaMu (Bypkos, HoBukos u 1ip.),
KOHILIETIIIMSI aKTUBHOCTH areHToB, ynpasieHueckuit mukia CITIPYKAP.

[IpakTuueckas 3HAYMMOCTh — NPEIJIOKEHHbIE MEXaHU3Mbl MOTYT ObITh BHenapeHsl B MPL] u
AHAJIOTMYHBIX TOApa3IeeHusIX, 00ecreunBas pocT IpO3pauHOCTH, MOTUBALIMU U JUCIHIIIHHBL.

Teopeanecmle ACMEKTBI HCCIICA0BAHUSA OPraHU3aAlMOHHBIX MEXaHU3MOB YIIPaBJICHUA

[Ipu omucaHnuy MEXaHW3MOB YIPaBlIeHUS YAOOHO HCIONB30BAaTh THIIOBOH MIAOJIOH (B Ka)XIOM
cllyyae  BBIOMpArOTCS ~ KOHKPETHBIE,  COOTBETCTBYIOIIME  paccMaTpUBaeMOMYy  MeEXaHH3MY
XapaKTEePUCTHKH U MUKTOrpammsl) [3, ¢.101-103]. JanHblii 1abnoH npencTaBieH Ha pUCyHKe 1.

Ha3zpanue mexanmu3ma
Kpatkoe ommcanue; 6ubiuorpaduueckie CChUIKH Ha MOAPOOHOE OMHCAHHE.

Crpykrypa PucyHOK B COOTBETCTBHH C MIA0IOHOM — HCIIOTB3YETCS Pacmmpenus 6a30Boit
OpraHU3alMOHHOM CUCTEMBI | OJHA U3 CXEM, PHBEJCHHBIX HA pHC. 3-5 ¢ OpraHU3aLOHHON CHCTEMBL
[Ipenmer ynpasnenus COZIEPIKATENILHOM JIeTaau3aMeH. ODyYHKIHS yIPaBICHHUSI

I eKT oT BHEAPEHHSI MeXaHU3Ma
CocTaB OpraHU3alMOHHON CHCTEMBI

Knaccudukammst THIIOBOH
CTPYKTYpBI H — 6a3oBas (omuH LleHTp, ouH areHT);

OpTraHU3aMOHHOMN

CUCTEMBI
E — BeepHasl (YIIpaBlICHUE T10JIpa3ieiICHHEM);
E — poMOOBHIHAs CTPYKTYpa (pacrpeIeieHHbIH KOHTPOJIb);
E — MHOTOYPOBHEBAs HEPAPXHS;
E — MaTpHUYHas CTPYKTYpa YIIPaBICHHUS

Jle#icTBus, OrpaHUYEHHS U
HOPMBI JE€ATENbHOCTH
YYaCTHHUKOB

— CXeMAaTHYHbIE TIPEJCTaBICHHS (GYHKIMH «IprObLTH» L{eHTpa 1 areHToB ¢
HX COAEpXKaTeNbHON NeTamn3anueit

Llemu u npeanoyrenus
YYaCTHHUKOB

Y4aCTHHUKOB peuienus.

NH)OpMHPOBAHHOCTH - — KaKkoil nHpopmanweii oonanarT yyactHukd OC Ha MOMEHT NIPHHSTHS HMH

[Ipeamer ynpassienns — CocTaB OpraHU3aIMOHHOM CHCTEMBI (YIIPaBICHHE COCTABOM)

— CTpyKTypa OpraHu3allMOHHOI CHCTEMBI (yIpaBiIeHHE CTPYKTYPOi)

— OrpaHuYeHr ¥ HOPMBI ACATEIbHOCTH (MHCTUTYIIHOHAIBFHOE YIIPABICHUE)
— IIpenmoureHus (MOTHBAIMOHHOE YIPABIICHUE)

— MudopMupoBaHHOCTH (MHPOPMAILIIOHHOE YIPABICHHE)

Pacimpenus 6a30Boit — Yucno nepuonos ¢yHkunonnposanus (auHamuueckue OC)
OpraHHM3allHOHHON — Yucino arenros u Llentpos (MHoroanemertHeie OC)
CUCTEMBI

— Ctpykrypa (MaoroypoBHeBsie OC, OC ¢ pacnpe/eneHHbIM KOHTPOJIEM)
— Undopmuposannocts (OC ¢ HeonpeneneHHoctsro, OC ¢ coobuienneM nH(OpMAaIim)

DyHKIMSA YIpaBIeHUs ITnanuposanue — Opranusamust —> MoruBanust —> KoHTponb (CTHMyIHpOBaHHE)
nlo nio nlo n m
KM KM KM KM

Puc. 1 — TunoBo#i n1abIoH omUcaHusl MEXaHU3Ma YIIPABICHHS
Ipumeuanue — McTouHuk: coOCTBEHHas pa3paboTka Ha ocHoBe [3, ¢. 101-103]
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3anada ynpasieHus — MOHUTOPUHT U aHAJIU3 TEKYIIETO COCTOSHHS

— IIporHo3 pa3BuTHs CUTyaluu

— llenenonaranue

— Br16op TexHONMOTHU AEATETBHOCTH

— IInaHupoBaHue 1 paclpeieNieHHe pecypcoB

— CtuMynupoBaHue (MOTHBAIIHS)

— KonTpons 1 onepaTusBHOE ynpaBieHue

— AHanu3 U yIydIeHws JesTeNbHOCTH, pedueKcus

O6acTh NPUMEHEHUS

VYcaoBus TPUMEHUMOCTH

[TpumeHeHne COBMECTHO C IPYTUMHU MEXaHU3MaMH
Heob6xoamuMast HH(pOpMAIHs U aIrOPUTM OPUMEHCHHS MEXaHH3Ma

Bxoj - BbIX0aHAsI cXeMa

A. BHelwH1e ycnoBuan B. MapameTpbl MexaHnama,
orpaHvy4eHns onpegensaembie Llentpom

MexaHusm >
ynpageneHus

v

C. BxoaHas 1Hcbopmayus ot (o6)

areHTa (areuTax), Heobxogumas

ANANPUHATUA YN PABNEHYECKOTO
peweHna

D. ¥YnpaBneHueckoe pelexue,
(pesyneTaT MexaHU3ma)

JlononuurensHas nHGOpManusA | DTOT pa3Jien MIabIoHa COASPKUT MOAPOOHOE OIICAHIE MEXaHI3Ma YIIPaBICHIS,
MPUMEPHI PACUETOB €TI0 APAMETPOB, HCTOPUIECKHE CIIPABKH, CCHUIKM Ha
JIOTIONHHUTENBHYIO JINTEPATyPy U IPOUYIO MOJNE3HYI0 HHPOPMAIHIO.

Puc. 1, mucrt 2

Hns  omucaHuss  (YyHKUMOHUPOBAHUS  CHCTEM  YIpaBJIEHHA  HCIOJB3YeTCs  IOHATHE
YIPaBIEHYECKOTO IHKJIA, TO €CTh MOJENH, ONHMCHIBAIOUIEH MPOLECC YIPABIEHHUS KaK IMKIHYECKOe
MOBTOPEHHE THUIOBBIX OTamoB. Ha cerofHsmiHuil JeHb M3BECTHO HECKOIBKO IECATKOB MOJeIel
OTHCAHUS YIPABICHYECKOrO IIUKJIA, B TOM YHUCIIE:

— ki A. ®aiions [3, c. 38];

— mukn Y. Jdemunra PDCA (Plan — mmanupyii, Do — nemaii, Check — mposepsii, Act —
BO3AEUCTBYH) [2, c. 14];

— KOMIUIEKC 3a11a4d ¥ QyHKIMH ynpasieHus [3, c. 26];

— nuki CITPYKAP [3, c. 38].

Oransl (pyHkuun) ynpasiendeckoro mukia CITIPYKAP:

1. Coop u aHanu3 uHGOPMAIMHU I BEIPAOOTKH U MIPUHATHS YIIPABICHYECKOTO PELICHHUS.

2. [InanupoBanue AeHCTBHI — pa3paboTKa U MPUHITHE YIPABICHIECKOTO PELICHHS.

3. Peamuzanms — opraHu3anusl HCIOMHEHHUS (B TOM 4YHCIE, MOTHBAIMS MWCIONHHUTENCH), H
WCIOJIHEHHE YIPaBICHYECKOrO PELISHUSI.

4. Yyer pe3ynbTaToB pealn3aliy yIpaBIeHYeCKOr0 PEICHNS.

5. KonTpois — cpaBHeHHe (akTa ¢ HAMEUEHHBIMH PE3YJIbTaTaMH.

6. AHaJnM3 — BBISIBIICHHE U U3Y4YEHHE PUYUH OTKIIOHEHHS OT HAMEUEHHBIX PEe3YIbTaToB.

7. PeryaupoBaHWe XOAa WCIONHEHHS VYIPAaBICHUYECKOTO pelleHHs, Koppekuus (mpu
HEOOXOJUMOCTH) paHee MPUHATHIX PEIIeHUH, MPUMEHEHHWEe K HCHOJHUTENSM IPeqyCMOTPEHHBIX
MOTHBAIIMOHHBIX BO3ACUCTBHHA C LENbIO YCHJICHHS BBIABJICHHBIX IOJIOKHUTEIBFHBIX TEHACHIMHA H
HeUTpanu3alui OTpULIaTeNbHBIX (pUCYHOK 2) [3, c. 39].
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ICyObeKT ynpaBneHuA: pyKOBOACTBO; LEeHTPa/bHbIM annapar;
ynpasnexuma; UeHTp

rACRGRAGRRARRE
0,0 /0,006 /0 0

< N

|
|
|
|
|
|
|
|
|
|
| |
P
]
|
|
|
|
|
|
|
|
|
|
|
[

|
|
|
|
\
|
i
|
|
|
| |
—
L
|
‘
]
|
|
]
\
|
|
\
|
|

Yyet

AHanus

Coop nHdopmaumn
NnaHuposaHue
Peanuzauyma
KoHTpoab
PerynupoBsaHue

|
i
|
|
|
|
|
|
i
[I—
—
|
|
|
|
i
]
|
|
|
|
|
I

(O0beKT ynpaB/ieHHUs: X03iCTBYHOLIUIT CYOBEKT PbIHKA;
COTPYJHHKH X03sIHCTBYIOIIEro cyOBeKTa; AreHt

Puc. 2 — Ynpasnendeckuit muxi CIIPYKAP
ITpumeuanue — MicrouHuK: coOCTBEHHAas pa3paboTka Ha ocHOBe [3, c. 40]

[opsimok (GyHKUMOHHPOBAaHUSA. MOXKHO AETaNIM3UPOBaTh MOPSINOK (HYHKIHOHHUPOBAHUS H
B3aUMOJEHCTBUA CyOBeKTa M oOBeKkTa ympaBieHus. OmnucaHue MOpsiAKa (QYHKIMOHHPOBAHHS C
OJIHO3HAYHBIM pa3HECEHHMEM OINepaluii MeXay YyJacTHHKAaMM HasblBaerca mpoueaypoi. Ecim
MIPOMHKCATh CBSI3H MEXIY NOA(D YHKIMAME () YHKLIUI yIIpaBIeHUs, TO B Pe3yIbTaTe MOIyIUTCS OMMMCAHNE
yIpaBlieHYeCKHX mpouenyp. Yactb cBa3ell B cOCTaBe MpOLEAYPHl OyIZeT OTHOCHUTHCI K JIEHCTBHUSAM
cyOBbeKTa yIpaBJICHUs], YaCTh CBI3EH — K IEHCTBUSIM 00BbEKTA YIIPABJICHHUS, 2 YaCTh — K B3aUM OJICHCTBHIO
cyObekTa u 00bekTa ynpasieHusi. COBOKYITHOCTb POLEAYD, PeriaMeHTHp YIOIINX AeUCTBHA CyObeKTa
yIpaBlieHus (IPUHAMAaeMble UM PEICHUsI), COCTaBIsIeT MEXaHU3M ylpaBieHus [3, c. 41]

Opranuzanus SBISETCA JOCTaTOYHO CIOKHBIM O0BEKTOM yipaBiieHus. CriocoOHOCTh 0OBEKTOB
VIOpaBIeHUs WIM areHra K LeNeNolaraHiio, CaMOCTOSATENIbHOMY BBIOOpY MAEHCTBHH oOTpaxaeT
KOHLICTIIMSI aKTHBHOCTH OOBEKTOB YIpaBieHHs (arecHTOB) B OpraHM3allMOHHBIX CHCTeMax. B
COOTBETCTBHHU C HEH areHThl UMEIOT OMpEAEICHHbIE BO3MOKHOCTH U MPOCTOP ISl CAMOCTOSATENEHOTO
LeNenoNaraHusl U MPUHATHSA PEUICHWH O CBOMX JACUCTBHAX (B paMKaxX MOJHOLEHHOW CTPYKTYPHI
NIESTEeJIbHOCTH, C Y4eTOM BCeX IPOLECCYANbHBIX €€ KOMIOHEHT). [IposBieHHsMU aKTUBHOCTH
SBISIFOTCS: HMCKaXEHHWE WH(POpMAIlMH, BBHIOOp COCTOSAHMS, HE COBMNAJAIONIEr0 C IUIAHOM,
HenoOpPOCOBECTHOE TOBEACHUE W T.A. — BCE 3TU BO3MOXKHBIE d(PQPEKTHI JOJDKHBI OBITH YYTEHBI MpU
pa3paboTke W TMPUMEHEHWH MEXaHU3MOB ympaBieHus. s 3((GeKTHBHOTO YIpaBICHHUS TaKUMH
00BeKTaMH HEOOXOIUMO MOJETUPOBATh UX MOBEAEHHE, TO €CTh MPOrHO3UPOBATh MX PEAKIHIO0 Ha Te
WM MHBIE YITPABISAIOIIUE BO3ACH CTBHSL

Konumenuuss MakcMMH3alMKd —TOJE3HOCTH MPEACTaBIAET COOOH MOJeNnb  «IOBEISHHs
HSKOHOMHYECKOTO YeIOBEKay, Aajiee — areHTa. ATeHT BezeT ceds (coolmaeT nHpOpMaLuio, BEIOUpaeT
JIEUCTBUSI U T.JI.) TaK, YTOOBI MAKCUMU3UPOBAThH CBOIO TOJIE3HOCTD.

BrrgensioT 1Ba BUIa SKOHOMHYECKHX areHTOB — CYObEKTOB SKOHOMUKH:

— XO3AUCTBYIOUIMN CYOBEKT phIHKA (IPUMEPBI — OPTaHU3allus, XOJIIUHT, pUpMa, KOpIopanus);

— COTPYAHUK(M) XO3SHUCTBYIONIETO CYOBEKTA.

CTpyKTypa JAeATEIbHOCTH aKTUBHOTO areHTa BBITJISIUT CISNYIOIIMM 00pa3oM (pUCYHOK 3):

— areHT OMHChIBaeTcd MH()OPMHUPOBAHHOCTBIO (TOW HMH(pOpPMAaLUel, KOTOpoil OH obnagaeTr o
cymiecTBeHHbIX napamerpax OC u BHEIIHEH cpefibl), OrpaHUYCHUSAMH, TIPEINOYTEHUSIMU 1 JICH CTBHEM;

— Ha ero BXOoJ (CTpelKa ciieBa) IMOCTYyIaeT, BO-IepBbIX, HHPOpMaIs 00 OKpyXKalolel cpene u
JIPYTUX areHTax H, BO-BTOPBIX, YIIPABIAIOLINE BO3ACHCTBHS B BUAE BRIOpaHHOTO LleHTpoM MexaHn3Ma
yIIpaBlieHus (CTpesKa CBepXy);

— «BBIXOZOM» areHra (ero JaeicTBheM) siBisieTcsi cooOmaeMasi LleHTpy w/uinu IpyruMm areHram
nH}opManus (IyHKTHPHAS CTpelika ClIpaBa) U BHIOpAaHHOE UM JIeicTBHE (KUpHAs CTpeJiKa CIpaBa).
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Takas HoTamMs WCIONB3YeTCsl HW)KE B KayecTBE SJEMEHTApHOro OJIoka NpU ONHCAHUU
MEXaHU3MOB yIIpaBiieHus opranusaiuonnbiMu cucremamu (OC) [3, ¢. 57-58].

[HeiictBuem LlenTpa siBmsieTcsi BRIOOP MeXaHM3Ma YNPAaBJICHUS — 3aBHCUMOCTU YIPAaBISIOLINX
BO3JEICTBUI OT AEWCTBUI areHra.

Puc. 3 — CtpykTypa AesTenbHOCTH aKTHBHOTO areHTa
[Tpumeuanue — Mcrounuk: [3, c. 58]

Kimtoueroe ornuuue [leHTpa oT AreHta 3aKio4aeTcsi B TOM, YTO OH 00J1aJIaeT BIACThIO — UMEET
MIPaBO «CAEJaTh X0/ EPBbIM», YCTAHOBUB IS ar€HTa YCIIOBUS JeaTensHOCTH (MexaHu3M ). [Tonesnocth
Lentpa 0OBIYHO 3aBUCHUT OT IEHCTBHUH areHTa, TO ecTb 3()()EKTUBHOCTH YNpaBIEHHS OMNpenensercs
nmoJjie3sHOCThi0 LleHTpa (MpeAcTaBiIAOUIer0 WHTEPEChl OPTraHW3allMOHHOM CHCTEMBI B IEJIOM) OT
JieaTenpHOCTH aredTa [3, c. 59].

B Mognensx ympaBieHust OpraHM3allMOHHBIM IOBEIEHHMEM KaXAbli AKOHOMHYECKHUN areHt
OIHCHIBAETCS YETHIPbMSI 0a30BBIMH TMapaMeTpaMy, arperupylolMH POIecCyalbHble KOMIOHEHTHI
€ro JeATeNbHOCTH:

1) orpaHuuYeHHs W HOPMBI JEATEIHHOCTH (MIPOIecCyalbHbIe KOMIIOHEHTHI NEATENbHOCTH —
YCJIOBUSI, HOPMBI, TPUHIIMIIBI, TEXHOJIOTHS);

2) ¢ynkus mone3HoctH (TPOIECCYalbHBIE KOMIIOHEHTHI JIEATEIIbHOCTU — TOTPEOHOCTH,
MOTHBBI, IIJIH, 33/1a4H, KPUTEPHH);

3) uHbOPMHUPOBAHHOCTH (MpOIECCyalbHbIe KOMIIOHEHTHI NEATeIbHOCTH — HH(popMauusi o
BHEIIIHEH cpefie, BKIIOYAoIei, B TOM YHCIe, IPYTUX ar€HTOB, B3aUMOJICHCTBYIOIINX C JaHHBIM);

4) neiicTBUe, BBIOMpaeMOE€ areHTOM Ha OCHOBAaHMHM CBOEH WH(GOPMHUPOBAHHOCTH C Y4ETOM
OTpaHMYEHUN U CBOeH ToNe3HOCTH. JleiicTBUEe sBAsSeTcs MOKa3aTeleM COCTOSHHA areHTa U B
3HAUUTENIFHON CTEIIEHU ONpenessieT pe3yabTaT ero AesTeIbHOCTH.

C DOKOHOMHYECKHMM areHTOM CBSI3BIBAIOT JIBa BHJa BO3MOXHBIX JEHCTBUHA (B pamKax
CYLIECTBYIOLINX OrPaHUYCHUH ):

— cool1eHne CyObeKTy YIpaBIeHUS! W/WJIM JPYTUM areHTaM MH(opManuy o HeonpeaeIeHHBIX
JUISl HUX TTapamerpax;

— JIEWCTBHE 110 BEIOOPY CBOETO COCTOSTHUS (00BeMa MpOU3BOAUMON IPOAYKIIMH, 3aTPAuUBAEMOTO
BpPEMEHH U T.11.).

JIByM BUZaM BO3MOXKHBIX JEHCTBHI areHTa COOTBETCTBYET LHUKJI () YHKIMOHUPOBAaHHS CHCTEMBI
yIpaBleHMs, COAEpXKAIIMK J1Ba KOHTYypa YIPABJICHHS COOTBETCTBYIOIIMX IUIAHUPOBAaHHIO U
peanuzauuu. B cocTaBe nuKkia ynpaBieHUs ASHCTBYIOT HECKOJIBKO KJIACCOB MEXaHH3MOB YIIPABIICHHUS
OpPraHU3aIlOHHBIM TIOBEACHUEM — MEXaHH3Mbl IUIAHUPOBAHMSA, OPraHH3alUH, CTHMYIHPOBAHUSI H
KoHTpond. OHU OOBEAMHAIOTCA B KOMIUIEKCHBIH MeXaHH3M () YHKIMOHHUPOBAHUS OpPraHU3allMOHHON
CHCTEMBI B paMKax LIMKJa ynpasieHus [3, c. 67].

Br16op Mexanu3ma yrpaBieHus siBsiercs JeiicrBueM Llentpa (pucyHok 4):

— nH($OPMAIIMOHHOE yIIpaBiieHHe (BO3JeHCcTBHE Ha WH(OPMUP OBAHHOCTS);

— MHCTUTYIIUOHATILHOE YIIpaBiieHHe (BO3ICHCTBIE HA OTPAHUYEHUS U HOPMBI AEITETLHOCTH);
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— MOTHBAIIMOHHOE YIIpaBJieHHe (BO3ACHCTBHE Ha TIPENTIOYTECHUS).

MexanuiMpl YOpPABICHHS

- Hsmencine cocrapsa — YOPasienne cocranom:
- MsneHeHIIe CIPYKTVPEL — YIPABIeHIe CTPYRTY poii.
- OlevimecTrISHHE BOISTCTRIA HA:

|L|,EHTp\" e |

A) I»IH(I)O])I\III})OB:\HHOCT!: B) OTPAHHYCHHS H HOPMBI B') TP MO TEHHA

Il]ldlo]‘.lh[;‘ll.llloﬂﬂot’ ¥OpaB.aeHIe HHCTHTYINOHLILHOE YAk IeHne MOTHEAIIOHHOE YIIPABICHIE

Puc. 4 — Bei6op MexaHu3Ma ynpasieHus siBseTcs aeictsueM Llentpa
[Ipumeuanue — McTounuk: coOcTBeHHast pa3paboTka Ha OCHOBe [3, c. 67]

OOmwmii (A7 BceX 3TaroB MUKJIA YIIPaBiIeHH) TOPAI0K (YHKIIMOHUPOBAHHS OPTaHU3ALMOHH O
cucremsl (Mpu GPUKCHPOBAHHOM MEXaHU3ME YIPaBIICHHS) H300paXKeH Ha PUCYHKE 5:

[ stan: LieHTp menaet nepBblif X0 — COOOIIAET areHTy MeXaHU3M ()YHKIIHOHUPOBAHUS («IIpaBUiIa
Urpbl») B 00meM Buae. HampuMmep, 3aBHCUMOCTD KOJMYECTBA BBIACIAEMOIO pecypca OT COOOILICHHON
MOTPeOHOCTH B HEM WIJIM 3aBUCHUMOCTH pa3Mepa BO3HArPaXAEHHS OT JOCTUTHYTBIX Pe3YJIbTaToOB
(cocTosiHUS areHTa).

Il sram: areHt coobmaer LlenTpy mH(bOpPMAIMIO O HEU3BECTHBIX IMOCIEIHEMY IMapaMerpax
(HampuMmep, MoJaeT 3asBKY Ha pecypc WM coo0IIaeT HHPOPMAIMIO O CBOUX MPEANOYTEHHSX ).

I sram: Lentp coobmiaer areHTy (AeTalu3upyeT) napaMerpbl Mexanu3ma () yHKITHOHHUPOBaHHUSI.
Hanpumep, HazHavaeT miiaH — okuaaeMblil LleHTpoM pe3ynbTaT 1esTeNbHOCTH areHTa.

IV otam: areHt BeIOHpaeT AeHCTBHE, peau3yeTcs pe3ysbTaT AesITeIbHOCTH.

V sran: Lentp nmonyyaer uH(pOpManuio o IEHCTBUM areHTa

VI sram: LleHTp B COOTBETCTBUH ¢ MEXaHM3MOM ()YHKIMOHHUPOBAHHUS COOOIIAET areHTy CBOE
JleliCTBUE — HAalpUMep, KOJIMYECTBO BBIACICHHOT'O pecypca, pa3Mep BO3HATPAKICHHUS U T.1.

Oransl [-III coorBeTcTBYIOT ITUKITY ItaHupoBanus, stansl [I-VI — nukny peamizanun. Huwkani
MPSIMOYTOJIFHHUK Ha PUCYHKE 5 MpeCTaBisieT co00i MOeNb SKOHOMHYECKOT0 areHTa [3, c. 61]

Lleneseie

e ]\In‘mm. cyOberTa ynpasaeans (pyrosoanrens, [enrpa)
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|
Mopgenb o6bekTa ynpaBneHus (AreHT)

- e

» Coobaer HHOPMALIIO
® Buifupaer coctofHue
* MakcHmu3HpyeT ()YHKIHIO NONe3HOCTH

Y I P \,

Puc. 5 — Tunosas cxema CyObeKTa yrpaBJICHHUS
[Tpumeuanue — Mcrounuk: [3, c. 61]
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B cBoeii cratee «Teopus ympaBieHUsT M Xaoca, TEOPHUs CIOKHOCTH U TEOPUS CHCTEM
camoopraHu3anumy rpynna ucciegopateneii [lama Moenre, xeiimc Onapadek, M. Caun, Dunu bepu
[17] u3 T'ocymapctBenHoro ynusepcurera Maitnot, CeBepHas Jlakora, CIIIA mpexncrasnser KpaTkuii
0030p TEOpUH Xa0ca, TEOPUH CIOKHOCTH M TEOPHH CAMOOPTaHU3YIOIIUXCSA CUCTEM M UX PUMEHEHHUS K
MEHEKMEHTY.

B coBpeMeHHBIX opraHu3ansax u (upMax HHTEpPAKTUBHOE MMOBEAEHUE HHANBUIOB (OPMUpPYET
CUCTEMY, a CUCTEMA, B CBOIO OYEPE/b, HEIPOIIOPIIMOHATBHO ONMCHIBAET IIOBECHNE MHNBUIOB BHYTPH
Hee. Jpyrumu crnoBamu, Bcsl cucteMa Oolblie, 4eM cyMMa ee yacteidl. HeoO0XoqumocTs onpeaeneHus
TaKUX CHUCTEM IMOPOJMJIa TEOPHIO CIOKHOCTH, KOTOpas cOOMpaeT M aHAIM3UPYeT AaHHBIE Ha Pa3HBIX
YPOBHAX JeTanu3aluu (0T OTAEIbHBIX JHI, rpymm, oOmecTB). Ompexensemas kak Habop
B3aMMO03aBHCUMBIX BUIIOB JIESITEIBHOCTH, KOTOPbIE B3aUMOJIEHCTBYIOT HETPUBUAIBHBIMH CIIOCOOAMH,
KOTOpBIE TPYIAHO IMpeacKa3aTh, OpraHu3anys WM (UpMa CTAaHOBUTCS CIIOKHOH CHCTEMOH, KOTopas
MOXKET W3BJIEYb BBITOJY C TOYKHM 3PEHHUS TEOPUHM CIOKHOCTU. OJHAKO aBTOpBl TAHHOW CTaTbU HE
MIPUBOJIAT KAKUX-THOO HHTEPECHBIX IPUMEPOB

BaxHbIM pazienoM Teopru caMOOpTaHU3YIOLUXCSl CUCTEM sIBJIseTCsl cuHepreruka. CHHepreTuka
onuchiBaeT (hazbl MepexomoB U (popMUpOBaHME 3aKOHOMEPHOCTEH B CHCTEMax, TJle HeYCTOWYHBBIE
PEXHUMBI JOMUHUPYIOT HaJl YCTOMYMBBIMU U OTIPENENISIIOT Pa3BUTUE TUHAMUKHU CUCTEM.

ABTOpBI CTaTbU MPUXOJAT K BBIBONY, UTO B CETOJHSIIHUX YCIOBUAX YIIPABJIEHUSI TOCTENEHHBIX
HU3MEHEHUH yXe HEeJJOCTaTOYHO, TOCKOJBbKY COOBITHS, YTPO3bl U BO3SMOXKHOCTH HE TOJIKO IPUXOAAT B
OpraHu3alMio OBICTpee WK C MEHBIIEH MPeacKa3yeMOoCThI0, HO TaKXKe CXOMATCA U BIMAIOT APYT Ha
Jpyra, co3aBas MOJHOCThIO YHUKAJIbHBIE CUTYallMU. JTH YCIOBHUS TPEOYIOT aJanTHBHOCTH M HOBBIX
cnoco0oB pykoBoACcTBa. C TOYKH 3pEHUS] MEHEDKMEHTA TEOPUH Xa0ca, TEOPHH CIOKHOCTU U TEOPUH
CaMOOPTaHU3YIOLIUXCS CUCTEM HaXOJSATCs Ha CTaIUU Pa3BUTHS IPEA-NIapaJurMbl. ITOr0 HEAOCTATOUHO
11t POPMHUPOBAHUS IPOTPAMMBI TEOPETUIECKHUX UCCIIEIOBAHUI B 00JIACTH MEHEKMEHTa Ha 0a3e 3THUX
Teopudl. OJHAKO, OHM JAIOT TIOJNE3HbIE OINUCAHMA SIBJICHMH B MEHEDKMEHTE, KOTOpPBIE MOTYT
3 PEKTUBHO HANPABIATH YCWIHMSA MPAKTHKOB TI0 SKCIIEPUMEHTHPOBAHUIO C 3TUMH TEOPUSAMH UL
[IOMCKa HOBOT'O TIOHUMAHUsI YIPaBIIECHUSI.

B cBoeil crarbe «Opranuzanus ¥ caMmoopranusanus» ucciaenonarenu B. Uexep u3 bepHckoro
yauBepcurera (LBeinapus) u 3. k. bpyruep u3z MHCcTUTYTa eJarornyeckux Hayk TIOOMHI€HCKOTro
yHUBepcurera, ['epmanus [ 18] 00CYkIar0T CHCTEMHBIN TOIXO/ K OpraHU3aIllMOHHON TEOPUH HA OCHOBE
TEOpUU CaMOOPraHU3aALNH.

Opranu3zanum paccMaTpHUBAIOTCS KaK HEJIMHEHHbIE CUCTEMBI, XapaKTEPH3 YIOLIUECS CII0KHOCThIO
Ha MHUKPOCKOIIMYECKOM YPOBHE, LIMKJIMYECKON MPUUUHHOCTBIO M OTKPBITOCTBIO IICHXOCOLMAIBHOMY
BO3/IeicTBUIO BHENIHEH cpepl. CI0KHbBIE CUCTEMbI HEPEAYILIUPYEMBI U BBI3BIBAIOT CIIOXKHOE [TOBE/ICHUE,
KOTOpOE TPYZIHO, €CIIM HE HEBO3MOXKHO, MPEJICKA3ATh.

U3 deHOMEHONOTHE CaMOOPTaHU3YIOLIMXCA CUCTEM aBTOPHI CTaThbHU BBIBOAAT IBE THIIOTE3bI:
cucTeMa Bcerja OoJbllle CyMMbI CBOMX 4acTeH; YNpaBJIeHYECKUH KOHTPOJIb MOXKHO Pa3leliuTh Ha
yIIpaBIICHHE BIUSTHUEM H COOBITHIHOE yIpPaBJICHUE.

HccnenoBareny NpUXOAAT K BEIBOAY, YTO, €CIIA CUCTEMa HaXOAUTCS BOIM3H TOUKU OUdypKanuu,
IIaHChl MEHEKepa MOBIHMATh HA CHUCTEMY BBICOKH. MeHeIkep B OpraHU3alH BIIOJIHE MOXET caM
BHECTH pelarouii ciBur. [IporHo3 pa3BuTHs OpraHn3aliy HEHaleXkeH, HO Ha Hee MOKa JIETKO OKa3aTh
BIIUSTHUE.

ABTOpBI CTaTbU TaKKe YTBEPXKIAIOT, YTO OOpaTHas CUTyallus HMeEeT MeCTO B 00JacTsX
MIPOCTPAHCTBA MapaMEeTPOB, YAAIEHHBIX OT KPUTHYECKUX TOYEK. 3/1€Ch MPOTrHO3 MPOCT, MOTOMY YTO
CHCTEMa B OpraHM3aluy crabuiabHa. IMEHHO MOTOMY BMEIIATENHCTBO MEHEKEpa MOXKET BCTPETHTh
«COMNPOTHUBIIEHUE)» CUCTEMBI.

ABTOpBI CTaThbU MpEUIaraloT paccMaTpUBaTh BIMSHUE KOMMYHUKALMH B OpPraHM3allld Kak
(heHOMEH «CTpesibl BpEMEHM», CBSA3aHHOW ¢ auccumnarueid. OHU yTBEPkKAAIOT, YTO B COIMAIBHBIX U
MEHTAJbHBIX CHCTEMax HapylleHHe CHMMETpHH HeoOpaTuMo. KoMMyHUKanud HEBO3MOXXHO HHU
BEPHYTh, HI HHBEPTUPOBATH, TIOTOMY YTO CHCTEMa MOMEHTAILHO MEHSETCS MPH JTIFOOOM COOBITHH.

UccnenoBarenu 3ajaroTcsi BONPOCOM, Kak MEHEIKEPY CIPaBUThCA C XaocoM B cucreme. B
KauyecTBe NMPAKTHUECKOr 0 BbIBO/IA OHM MpeJIaratoT 1Ba MOAX0/a:

1. YmpaBieHnue o0s3aTeNbHO TODKHO OBITh KOCBEHHBIM; YIPABJICHHUE OCYILECTBISIETCS MyTEM
o0ecrevueHus] OCHOBBI JUISi CaMOOpTraHW3aliy. PykoBoACTBO paboTaer Haja mapamMerpaMu KOHTPOJIS
CHUCTEMBI. YIIpaBJIEHUE HE MOXKET HAPSMYIO ONPENEISITh PABHOBECUE CHCTEMBI.
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2. ABTOpBI BBIP@XAIOT YBEPEHHOCTh B MPOSIBIECHUU SIBIECHUA, JAJISI KOTOPOIO HCIIOJIb3yETCs
TEPMUH «CHHEPTUS», BBIPAXKAsi yBEPEHHOCTh B TOM, YTO BBITOZbI MOKHO OKUJATh OT B3aUMOJIEHCTBUS
paHee He3aBUCHUMBIX yacTed. Hampumep, mccienoBaTenu mpeiaraloT AOOHTHCS CHHEPreTHYECKOTro
addexTa nocpeacTBoM HeopMabHBIX BCTPEY.

B cBoeil cratbe «MexaHHU3MbI YIpaBJIEHUs OpPTraHU3AlMOHHBIM ITOBEJIEHUEM: HCCIIEOBAHUE
kosutektuB uccnenonareneii B.H. Bypkos, M.B. I'yoko, H.A. Koprun, [[.A. HoBukoB [16] u3
Uuctutyta npobnem ympasnenuss PAH, Mocksa, Poccust paccMaTpuBaeT OCHOBBI BEPCHH TEOPUHU
MIPOEKTUPOBAHUS MEXaHU3MOB, aIallTHPOBAHHOM JUIsl pelIeHUs TpoOeM yIpaBiIeHuUsI.

OuyeHb MHTEpPECHBI PE3yJAbTaThl HMCCIENOBaHHUS ABTOPOB CTaTbU IO BOMNpPOCAM YIIpaBJIEHUS
COTpyIHMKaMHu opraHuzanui. OHU paccMarpuBalOT COTPYAHUKOB OpIaHM3aLMM Kak 3JEMEHTHI
AKTUBHBIX CHUCTEM. DJIEMEHTAMM aKTHBHBIX CHCTEM SIBIISIOTCS JIFOAHM, MMEIOIIME WHAMBHUIYaJbHBIC
WHTEPECHI, CIOCOOHBIE CaMOCTOSTENbHO BBIOMpATh ACHCTBUS M MaHHUIIYIUPOBAaTh HH(POPMAIUEH.
CoBpeMeHHbIE TEHICHIMM B MEHEIKMEHTE paccMaTpuBarOT pabouyio cuily, O0JaJaromIyro
MOBEJICHUEM, CIIOCOOHBIM K CaMOpPETYJSIIMA U CaMOPa3BUTHIO. ABTOpPBI CTaThbH YTBEPHKIAIOT, YTO
pelIeHus] COTPYAHUKOB, OCHOBaHHbBIE HA UX HAaBBIKAX U CHJILHO 3aBHUCAIIME OT UX MOTHBALIUH, TETIEPh
WTPaIOT PELIAIOIIYIO POJIb B IIETIOUKE cO3aHus CTOMMOCTH. COTpYAHUKH B OPTaHU3ALUHU TPECIEIYIOT
COOCTBEHHBIE IIENTM, KOTOpble MOTYT HE COBMAAaTh C LENsAMH opraHu3audd. COTpYIHHK MOXET
HaMEpPEeHHO MAaHWIYJIMPOBaTh WHQOpMaleld (Korja CYMTaeT 3TO BBITOJHBIM) H/WIM HE BBIOIHSATH
MOCTABJICHHBIE TIJIAHBI U MHCTPYKIUU (OIATH K€, €CIIH 3TO CYIUT KaKyl0-TO BBITOAY). Takum o0pa3zom,
COTPYJIHHK SIBJSIETCS UCTOYHHMKOM «Xaoca» B OPraHM3allMOHHOM CTPYKTYpE.

B crarbe wuccnenoBarenu mpeiararoT IOAXOJ, IO3BOJIIONIMN CHUCTEMHO paccMaTpuUBaTh
(heHOMEH aKTHBHOCTH COTPYAHUKOB B OpTaHU3AIHAX.

ABTopel crathu [16], OCHOBBIBasCh Ha CBOEM MHOT'OJIETHEM OIBITE KaK aKaJeMUYCCKUX
HCCIIEIOBAHNN, TaK W KOHCAJITHHIOBBIX IPOEKTOB, NPEIJIaraloT AJTalbl PaClOpPsIUTEIbHON
JeITeNbHOCTH U KoopauHanmu no daiiomo 3aMeHWTh Ha MOTHBAILIMIO, KOTOpas Oojiee BakHA st
yIIpaBJIeHYS [TOBEIEHUEM COTPYIHUKOB.

AHanM3 TEOpEeTUYECKUX ACHEKTOB NMPUMEHEHUS CHHEPreTUYECKON KOHILENIMU YIpaBICHUS B
MEHEPKMEHTE Ha OCHOBE M3Y4YCHMs IEPUOJUUECKON HaydHOM JMTEpaTypbl IO3BOJSIET CHENATh
CJIE1YIOIINE BBIBOABI:

Bo-nepBBIX, ompeneneHo, YTO Mapamerpsl MOpPsAJKa, CTUXMHHO BO3HHUKAIOLIME B Ipolecce
MPEOJONICHNS] KPU3HCHOW CHUTYyallUd WIW TPU TPOXOXKICHHHM WHIUBUIAMH TOYKH OudypKanum,
KOOPJIUHHUPYIOT YaCTHBIE U OOIIME MHTEPEChl B KOHKPETHOM COOOIIECTBE M MPHOOPETAIOT 3HAUEHHUE
yIpaBleHYeCKHX (PaKTOpOB, OPraHU3YIOIUX ABWKEeHHe. OpraHu3anus MpPOSBISETCS KaK YacTHBIN
ciydail caMoOpraHu3aluy.

Bo-BTOphIX, aHanM3MpyeTrcs BO3MOXKHOCTh TIPUMEHEHHS CHHEPreTHYECKMX KOHIeNIUH
COIMAJIbHOT'O  YIpaBIEHHUS ISl COBEPIICHCTBOBAHMS MexaHm3MoB ympasienus WPL[ PVII
«bentenekoma». PaccMmarpuBaeTcst Monxof K HJee UCIONb30BAHUS 3HEPIUU KpU3HCa B COIMAIBHO-
KOHCTPYKTHBHBIX IEJSIX MPH peaM3alyd MPOEKTOB MO pa3paboTKe MPOrpaMMHOrO OOECIIeUEeHUS
WHQOPMAIMOHHBIX CUCTeM mpeanpusTus. Llempro camMoopraHu3allMd MOXHO CYHTATh CO3JaHHE
yCIOBUH il cuHepreTudeckoro 3¢ddexkra Bo B3aMMOIEHCTBUU CHEIMANMCTOB, YYacTBYIOIIMX B
paspabortke.

[Ipopaborka »Tux wunmeit B mpouecce paszpabotku MT-MpoeKTOB HMMeEeT IepCHeKTHBBI
JaJbHEHIIero UCCIeA0BaHUs M pa3paboTKi KOHKPETHBIX PEKOMEHIAMK B KOHKPETHBIX YCIOBHSX.

HagJieHu s cOBepIIeHCTBOBAHUS OPraHU3ALMOHHBIX MEXAHU3MOB YNIP aABJIEHUS
HUPII PYII «bearenexkom»

CoBepIIeHCTBOBAaHHE OPTaHU3AlMOHHOTO MEXaHHW3Ma YIPaBICHHA IIPOLECCOM peall3aluu
3aJjaHui Ha pa3paboTKy nporpamMmmHoro obecrneuenus MIC Ha 0ocHOBe aBTOMaTH3aLuU

Kpatkoe onucanue BHEAPEHHOTO MEXaHU3Ma YIIPaBJICHHS.

ABTOMAaTH3MPOBAaH MEXaHHW3M YIIPABICHUS IJIAHUPOBAHUEM, Pa3pabOTKOW M TECTHPOBaHHEM
MIPUKJIIATHOTO MMPOrpaMMHOr0 o0ecrieueHus WH(POPMAIIMOHHBIX CUCTEM MPENNPUATHA B CTPYKTYPHBIX
nonpasaenenusx (mexax) VPLI ¢ ucnonp3oBanuem cuctemsl Jira [12]. Ha ee ocHOBe opraHu3oBaH y4er
mpojaesaHHOH paboThl MpPOrpaMMHCTaMHM, KOOpPAWHALMUS B3aumMoneicTBus mpu paszpadorke I10,
KOHTPOJIb KauyecTBa U CPOKOB MpojenaHHoW paboTel. Ilman paGotr Obun pa3paboTaH M HPUHAT K
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peanu3alid B paMKax coBemanus «JleHp olmeHku kadectBa» mnpomsBoacrBa WPILI. Ilman
pean30BbIBAJICS B BUIE ©XKEHEeIbHBIX pabounX COBEIIaHMI B paMKaX «J{eHb OLIEHKH KauecTBay.

Pesynbrat BeIOMTHEHUS paOOTHI - BHEIpEHA B OKCILTyaTaliio HHpopManronHas ciuctema Jira kak
WHCTPYMEHT YIpaBJICHHS NPOCKTaMH MO pa3paboTke (M3MEHEHHIO) MPOrpaMMHOTO OOecHedeHHs
WH(QOPMAIIMOHHBIX CHCTeM JUIi MPOEKTHBIX KOMaHJ Ha OCHOBE KpOCC-(DYHKIMOHAJBHBIX TPYIII
crnenuanucro LAIL, IPYDSC u LCuD mnpoumssonactea HMPIl. Cxema opranuszanuu mpolecca
yIIpaBIIeHHs TIpEICTaBlIeHa Ha PUCYHKE O.

D¢ ekt oT BHEAPEHUS] MEXaHU3Ma YIIPaBICHHS.

ABToMaTH3alMs MeXaHW3Ma ympasieHus paspaborkoit 110 MC 3HauMTeNnsHO MOBBICHIA €ro
pe3ynbTaTuBHOCTh. [lomoxurensHbI 3 (dekT ckazaics Ha BCeX 3Talax LUKIA yIpaBlieHHs: cOop
uH(} OpMaIyHy, IIIAHUPOBaHKE, peai3alns, KOHTPOJb, aHAJH3, PErYIUPOBAHNUE U KOODIHHAIIHS.

Pesynprar. B Jira Bemerca yder pabor. OpraHuzanusi Takoro ydera 0e3 aBTOMAaTH3allidl B
BOIPOCaX KOOPJMHAILIMH AESTEILHOCTH TPYIHOBBIITOTHHMA.

B xome umkna ympaBlieHHs BBINOJHEHHEM 33ladyd B CEKTOPE BBICOKA BEPOSTHOCTh
MaHHUITYJUPOBAaHUE areHTOM (MHXXEHEPOM-IPOTPAaMMHCTOM, TEXHOJIOIOM, IPOEKTHPOBIIMKOM )
WH(OpPMaIHK O BHIMOJIHEHNH 3a/1a4H, C LeJIbI0 CHU3UTh COOCTBEHHBIE 3aTPAaTHL.
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Puc. 6 — COBepH_IeHCTBOBaHI/Ie MEXaHHN3Ma YIIPaBJICHUS IIPOLECCOM pa3pa60TI<M I1O Ha ocHOBE aBToOMaTu3aluu

OpHako CTeNeHb JOKYMEHTUPOBAaHHOCTH MpOIecca BBICOKAsA, YTO MO3BOJAET Oosee NeTalabHO
OCYILECTBIIATH TNIAHUPOBAHUSA OOJIBIIOr0 KOJMYECTBA 3a/1a4.

CoBepIlIeHCTBOBaHHE MeEXaHW3Ma OLEHKH M KOHTPOJS Mpolecca peanu3alyd 3aJaHuid Ha
pa3zpaborky mporpammuoro obecrieuenus MC Ha OCHOBE ICHTpaJM3allUu JaHHOW (yHKIHMK
yIIpaBJIeHUS

Kpatkoe onucanue BHEPEHHOr0 MeXaHU3Ma YIIpaBJICHHSI.

ABTOMaTH3alMs MEXaHH3MOB YyIpapieHus pazpaborkoit [I0 MC pama BO3MOXHOCTH K
COBEpILIEHCTBOBAHUIO MEXaHNU3Ma KOHTPOJIA 3a pa3padOTKON MPOrpaMMHOr0 00ECIICUECHUSL.

B cootBercrBun ¢ uHCTpyKimed mo paspabotke [1O MC [11] cumraercs BBIIOJHEHHOH H
«3aKpBITOI», Koraa HayaabHUK LIAIl 1 HauaIbHUK OHOTO U3 IIEXOB, OTBETCTBEHHBIX 32 KCILTyaTaIlUI0
IO (UPYD2C, UCuD unu oauH U3 GUiIHaioB) noanucany akt o BBoae [10 B OMbITHO-IIPOMBIIITIEHHYIO
WIM TPOMBIIUICEHHYIO OJKCIUTyaTanuio. B Xome paboThl Hax akTOM MPOTrpaMMHOE OOecHeueHHe
HATIOJIHSETCS PealbHBIMU JaHHBIMU M TECTUPYETCS, YCTPAHSIOTCS BCE BBISBICHHBIE OmMOKU. B akre
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¢ukcupyeTcsd aAaTa BBINONHEHHA 3afaHus 1o paspaborke [0 UC. IlpunsATHEe NpOrpaMMHOTO
o0ecreueHus] B JKCIDTyaTaluio 0e3 opOpMIICHHS aKTa MOXKET MOBJeYb B OynylleM OMIMOKH Ipu
MPOBENCHUH, HANpUMeEp, pPacueToB H ObITb TNPUYMHON CHIDKEHHS KOd(pQHIMEHTa KadecTBa
SKCIUTyaTallui WH(POPMAIIMOHHON CHUCTEMBI, YTO HenomycTuMo. Ho B cBs3M ¢ aBTOMaTH3alMel 0cTpo
BCTaJl BOIIPOC K KayecTBY OQOpPMIICHHSI JaHHBIX aKTOB, & TAK)KE K CBOCBPEMEHHOCTH U Ka4eCTBY HX
BHECEHHs B aBTOMATH3UPOBaHHYIO cuctemy Jira. MHdopMaus Ha OCHOBE aKTOB ABISETCSA OCHOBOM JJIs
JOKYMEHTHPOBaHUs COOBITHIA O BHIITOJHEHUH 3aJJaHUs1, OTYETHOCTH U TUIAHUPOBAHMUS.

B rpynne npousBoacteenHoro yuera MPI Obuta BBeeHa JTOJDKHOCTD crieruaivcTa. OyHKiun
ob0o3HaueHHbIe B ynpasineHueckoM nukie CIIPYKAP kak yder, KOHTpOJb U aHAIH3 OBbUIN BBIICICHBI B
OTIENbHYI0 TMOA(QYHKIMIO YHpPaBICHUS M B paMKaxX JODKHOCTHBIX OOS3aHHOCTEH MOpY4YEHBI K
BBIMOJIHEHHUIO CrienuanicTy. JlaHabple (yHKIUHU IpeayCMaTpUBAIOT:

— y4eT pe3ylbTaToB BBINMOJHEHHs 3amad mo paspabotke IO UC B cucreme Jira Ha ocHOBe
YTBEPKIEHHBIX B yCTaHOBIEHHOM mopsifike [11] akTos o BBoze 1O B skcrutyaranuio;

— KOHTPOJIb — CpaBHEHHE (haKTa BHIIOTHEHHUS 3a/1a4H C IUIAHOBBIMU KOHTPOJIHBIMU CPOKaMH;

— aHalM3 — BBISIBIEHUE COBMECTHO C HCIOJHUTENSIMH U M3y4YEHHE NPUYMH OTKJIOHEHHUsS OT
KOHTPOJIbHBIX CPOKOB, ITOJIFOTOBKA OTYETOB JIJIsl IPUHSTHS PELLICHMUS.

[IpoBeneHHble MEpPONPUATUS TO3BOJMIM YCOBEPIIEHCTBOBATH MEXaHM3M KOHTPOJIS 32
paspaborkoii [I0 MC Ha ocHOBe LEHTpaiHM3aluH. YCOBEpPIICHCTBOBAHHBIM MEXaHHU3M KOHTPOJIS
MIpeCTaBJIEH Ha PUCYHKE 7.
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Puc. 7 — CoBepIiueHCTBOBaHHE MEXaHU3Ma KOHTPOJL 3a paspadorku I10

D¢ dexr oT BHEAPEHUS MEXaHU3Ma yIPABICHUS.

VY cTaHOBJIEH HE3aBUCUMBIM OT MPOrpaMMHCTOB, HAYAJIIbHUKOB CEKTOPOB M I[EXOB KOHTPOJb 32
perucrpanueil B cucteme Jira BRITOIHEHUS 3314, MOJYYSHUs] CTATUCTHUKH T10 BBITIOHEHHBIMH 3a/1a4aM,
a TaKKe CTaTUCTUKU IO 3ajJayaM, BBINIOJHEHHE KOTOPHIX HE YKJIAJbIBAETCS B KOHTPOJILHBIE CPOKH.
HUndopmuposanue pykosoacrsa UPLI o cocrosHum nen

CoBepIIeHCTBOBaHHE MEXaHU3Ma KOHTPOJIS CO3aJI0 YCIOBUS JJISl HCIIONIb30BaHUs HHPOpMaIin
0 HapyIIEHNSX KOHTPOJIbHBIX CPOKOB MPH BBINOJHEHNH 33JaHUH B paMKax €XeHeeNbHbIX COBEIaHUN
«/lenp oneHku kauectBa» npou3BoactBa MPL[ nns omepaTMBHOrO KOHTPOJS M NPUHATHSA
KOPPEKTUPYIOLINX TEHCTBUI.

CrienmanucT Tpynmbl NPOU3BOACTBEHHOTO YdeTa BBINOJHAET (PYHKIMH MO BeldeHHIO (oHAa
anroputMoB u nporpamm MPL. B paMkax maHHON (QYHKIIMH OH OCYIIECTBIISIET PETHCTPALMIO U Y4eT
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BCEll JOKYMEHTAIlUH O MPOEKTY WH(POPMAITUOHHON CHUCTEMBI, MPEAYCMOTPEHHOW HHCTpYyKuueH [11]:
3alaHUi, TEXHUYECKUX 3aJ]aHhM, aKTOB BBOJA B SKCIUIyaTallMi0, MHCTPYKIMH TMONb30BaTENd K
MIPOrpaMMHOMY 00€CIIeUeHHIO U T.1I.

CoBepILIEHCTBOBAaHUE MEXaHU3Ma CTUMYJIUPOBAaHUS B IIpOLIECCE YIPABICHUH pealn3alluu
3aJjaHui Ha pa3paboTKy nporpamMmmHoro obecrneuenus MIC Ha 0ocHOBE MexaHU3Ma KOHKYPEHIINH

Kpatkoe onvcanne BHEAPEHHOTO MEXaHU3Ma YIPaBICHUS.

MexaHu3M MOTHBalMH onucaH B JokymeHTe «[lojoxeHue o MoTuBammu pabOTHUKOB Iiexa
aNrOpUTMOB W TporpamMM  mpou3BoiacTBa  «HpOpMalmoOHHO-pacYeTHBIA LEHTP» TOJIOBHOTO
noapasnenenus PYII «bentenekom»» [14]. CTpykTypa omiaTel Tpy/Aa OKa3aHa Ha pPUCYHKE §.

Tosnnmenne TapndHOTo 0RTATA
padornnkam g edepe TT, %0
YOTAMBNBACTCH W3 6 Mecanen
T HTOTAN PABoThI 32 1 REApTIA

JlerRTH

KTY | Hopbim. T. oK1, | % pacmpen.
| pad-wos B IT, %| B ITAIT

1.01 — 1.5 10% - 50% | 30% LIAIL
1.51 =20  51%—100% | 7% LIAIL
2.01 2.5 101%— 150% | 3% LIALL
ceErmme 2.5 151% - 200% |

o710% no30% oT ownapgs Hagbasxa 33 BLICOMME or110% no30% oT ownaga HagbaskKa 33 BLICOKME

CTHMEHWA B

LOCTHMEHWA B

Mepsc i onnag B TBHH €

1 oKrAag s o €

[e LY.}

no kouTpakTy 30%- 40 % no HoxTpakTy 30 %- 40 %

7 § -

. Tipuns
Tan peex paiormmaos HPIL wo koo qorosopy o oswenne o morusagun padornuxoes [LATD

Puc. 8 — CrpykTypa oniaTsl TpyAa HHXEHepoB-porpammuctos LIATI
IMpumeuanue — McTouHuk: coOCTBEHHAas pa3paboTka Ha ocHOBe [13, 14]

OnpeneneHne TEpPCOHANBHBIX YCIOBHUH OMIaThl TpyAa (MOBBIIICHHE TapU(PHOrO OKIajaa
BBICOKOKBAIM(UIIUPOBAaHHBIM  paboTHUKaM B cdepe  HH(DOPMALMOHHO-KOMM YHUKAITMOHHBIX
TexHonoruid) paborHukam LIAIl ocymecTBisiercss B 3aBUCUMOCTH OT KadecTBa HUX pPadoTHI,
CBOEBPEMEHHOT' 0 BHITIOJIHEHHUS TIPOEKTOB (33/1a4), U UX 3arpy’KEHHOCTH.

Dddext oT BHEAPECHUS MEXaHU3Ma YITPABICHUS.

3HAYUTENFHO TOBBICHIICA YPOBEHb 3aMHTEPECOBAHHOCTH TPOrPAMMHCTOB B pEIICHUH H
MOCTaBJIEHHBIX 3a1a4d. OcOOEHHO 3TO KacaeTCsl OMBITHBIX MPOrPaMMHUCTOB, KOTOPBIE XOpPOIIO 3HAIOT
SKCIUTYaTHpyeMble HH(POPMALMOHHBIE CUCTEMBI M MOT'YT TIOKa3aTh BHICOKYIO PE3YIbTATUBHOCTD.

Y pyKOBOZACTBa OSBUJIACH BO3SMOKHOCTh O0paTUTh BHUMAaHKE Ha IPOrPaMMHUCTOB, pabOTaroInX
¢ Hu3kuM KTVY. Cutyarus ¢ 3arpy>KeHHOCTBIO IPOTPaMMHCTOB M UX KOMITETEHIIMEHN CTaa IPO3pavyHoil.

3akJjouenue

B pesynbraTe BbINONHEHMsS pabOTHl JOCTUTHYTA TOCTABJICHHAs IIeNb: pa3pa0oTaHbl U
000CHOBaHBI PEKOMEHIAIIMH TI0 MOBBIICHAI) PE3YJIbTaTUBHOCTH CUCTEMbI YIIPABJICHUS Pa3pabOTKOM
I1O B UPLI PVII «benrenexom». PereHsl Bce 3aqa4u UCCIET0BAHUS.

OcCHOBHBIE pe3yJIbTaThI:
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1. M3ydeHsl TeopeTHYECKHE OCHOBBI YNPABICHWS AKTUBHBIMH CHCTEMaMH; IIOKa3aHO, 4YTO
KIIIOYEBBIM OTPAaHMYECHHEM JCHCTBYIOIIEH CHCTEMBl SBISIETCS WIHOPUPOBAaHHE aKTUBHOCTH
COTPYIHHUKOB, Y4€T UCKKEHHsS UMH WH(POPMAIUH, BEIOOP COCTOSHUS, HE COBMAZAIOUIET0 C TUIAHOM,
He00pPOCOBECTHOE MOBEICHNE U IPYrHe AeHCTBHS.

2. IIpoBenéH ananu3 cucremsl ynpasieHus VPLL; BbIsIBIEHBI «y3KHe MeCTa»: claOblii KOHTPOJIb
(aKTHYECKOro BBIMIOJHEHUS 3ajad, HeJOCTaTouyHas MOTHBAlUs OIBITHBIX MPOrpPaMMHCTOB,
HEIEHTPAIN30BaHHBINA YYET pe3yabTaTOB.

3. [IpennoxeHsl ¥ YaCTHYHO BHEIPEHBI TPU MEXaHU3Ma YIpaBIIeHHUS:

— aBTOMaTH3alKs IIAHUPOBaHMsA U yu€Ta Ha Oase Jira;

— IeHTpanu3anys GyHKIUA KOHTPOJI U aHAIM3a B TPYIIe IPOU3BOACTBEHHOI'O YUETa,;

— KOHKYPEHTHOE CTUM ynupoBaHue TporpammucToB yepe3 KTV u nuddepeHnnaniio oknamos.

4. Tloka3aHO, YTO BHEAPEHHE 3TUX MEXaHU3MOB MOBBICWIIO MPO3PAYHOCTh, NUCUUILIMHY H
3aMHTEPECOBAHHOCTH COTPYIHUKOB.

Teopernueckas 3HAUUMOCTb — paboTa JEMOHCTPHPYET IPUMEHUMOCTh TEOPUHU aKTHBHBIX CUCTEM
K peajsHOMY IPOU3BOICTBEHHOMY Noapa3aenenuto U T-npoduis u yrouHseT MeXaHU3Mbl YIIPaBICHUS
(KOHTpOJIb, CTUM YJIUPOBAaHUE) JIJIsl YCIIOBUH C BBICOKOH aKTUBHOCTBIO areHTOB.

[IpakTuueckas 3HAYMMOCTh — MPEIJIOKEHHbIE MEXaHU3Mbl MOT'YT OBITH MAacIITa0MPOBaHBI Ha
npyrue uexa HWPIl u pmouepHue crpykTypsl «benrenexkoMa», a TakkKe MHCIOIb30BAHBI MpPU
aBTOMATHU3AIMH YIIPABICHUS MPOEKTaMH.

Orpannuenus pabotsl. [Ipeqnoxkennsie penierns: 3pQEeKTUBHBI IPU OTHOCUTEIBHO CTaOUIIBHOM
OpPTraHU3AIlMOHHOW CTPYKType M JOCTaTOYHOM KBajdu(UKAIMKM TepcoHaja. B yclnoBusIX BBICOKOU
TypOyneHTHOCTH Win Hu3Kor U T-rpaMoTHOCTH TpeOyeTcs afanTamus.

[epcnekTuBH AanpHEHINX HcclenoBanuii — BHenpenue Kanban/Scrum B Jira, ucrnonbp3oBanue
Confluence nns mokymeHtanuu, uHTerpamusi c Bitbucket, pasBuTHe cHHepreTndecKkoro moaxonaa
(ympaBneHue yepe3 caMOOpraHU3alHuIo, HCIONb30BaHUE SHEPT U KPU3HCA).

Tak ke TepCHeKTHBHBIM SIBIsETCA  JalilbHEWIIee COBEPIICHCTBOBAaHHE MEXaHHU3MOB
KOHKYPEHTHOI'O CTUMYJIHpOBaHUs [16], mpuMeHseMOro K MpOrpaMMHCTaM, YTO U PEaTU3yeT HIEH0
COIIMAJIBHOTO aTTpakTopa W KpENOo pa3BUTUSI COBPEMEHHOIO COLIMAIBHOIO YIpaBJCHUS: OT
MPUHYKIEHHUS K OOy AeHuto (T.e. MotuBamn) [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
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self-organization.
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TEXHOJIOI'HH HEPEJJAYU U OBPAEOTKU HHPOPMAINUHU

VIIK 004.932

OOPMUPOBAHUE 9TAJIOHHBIX ITAP COBMEHNIEHHBIX
PASHOMOJAJIBHBIX PASHOBPEMEHHBIX HSOEPA)KEHJ/IFI JJIA OEHKHA
KAYECTBA JETEKTUPOBAHUSA JIMHUU

EM. HIEMETOBUY, I''A. ®POJIOB, M.11. 30PLEKO, B.B. YEIITMKOBA, B.IO. IBETKOB

benopyccxuii 2ocyoapcmeennbiil ynugepcumem ungopmamury u paouosnekmpounuxu, Pecnyonuxa Benapyce

IHocmynuna 6 pedaxyuio 20.04.2026

AHHoTanus. PaccmarpuBaeTcs 3a1a4a OLEHKU YCTOMUMBOCTH JIMHUM Ha U300 paXKeCHUAX BUIUMOIO
1 MH(PaKpacHOro IUANa30HOB K M3MEHEHMIO IOTOJHO-BPEMEHHBIX YCIOBUN BUIEOPETUCTPALUU.
HccnenoBaHbl 3Ha4€HUS B3BEIICHHOTO KOJIMUECTBA HECOOTBETCTBYIOIIUX O0OBEKTOB HA ITAJIOHHBIX
napax, COBMELIEHHBIX Pa3HOMOJAJIbHBIX PAa3HOBPEMEHHBIX H300pakeHUil. YCTaHOBJIEHO, 4YTO
BelBIeT-Ipeo0pa3oBaHUe 110 CPaBHEHUIO ¢ IpeoOpazoBaHueM K3HHM obecreduBaeT BbLAEICHUE
6osiee yCTOHUMBBIX JIMHUH, COXPAHAIOIUX CBOE MOJOKEHUE IIPU U3MEHEHUH OTOJHO-BPEMEHHBIX
ycaoBuil popMupoBaHus U300paKeHUH B BUIUMOM U UH(PAKPACHOM JUalla30Hax.

Kniouesvie cnosa: I'omorpadusi, pasHoMOalbHble U300paXKEHUs, Pa3HOBPEMEHHbIE U300 paskeHus,
koMnbloTepHoe 3penue, OpenCV, Qt, coBMellieHre H300paXKeHUH, 1ETEKTOp JIMHUM, BEHBIIET.

BBenenue

Jnsi opreHTHpOBaHH B MPOCTPAHCTBE MOOMJIBHBIM pOOOT HCIONB3YeT KIIOUEBbIE OOBEKTHI.
YacTo B KauecTBe TaKUX 00BEKTOB BBICTYIAIOT TOUKH H300paKEHU, IOKaJIM3yeMble Ha H300paKEeHUAX
B MECTax pe3KOro M3MEHEHHs TpaJMeHTa C TIOMOIIBI0 COOTBETCTBYIOUIMX nerekropoB [1, 2]. B
YCIOBUSX OTKPBITOTO TPOCTPAHCTBA M3MEHEHHE TMOr00-BPEMEHHBIX YCIOBUH (OPMHUPOBAHHS
HM300pKEHUH PE3KO YCIOKHAET 3aJady COMOCTABJICHHUS KIOYEBBIX OOBEKTOB H300pakeHUH.
Jlokanu3amus Touek B 3TOM Cllydae OKa3bIBaeTcs KpaiiHe HecTaOMIbHOM, 4TO TpeOyeT UCIOIb30BaHMs
OoJiee YCTOWYHMBBIX KJIIOYEBBIX 00BEKTOB, HaNpUMep, JTUHUH. MccaenoBanue ycTOMYUBOCTH KITFOUEBBIX
00BEKTOB K M3MEHEHHUIO MOr0JHO-BPEMEHHBIX YCIOBHH CTaHOBHUTCS KPUTHUECKH BAKHOU 3ajqaueil u
TpeOyeT co3JaHMs HaOOpa 3TAJOHHBIX JAHHBIX JJISI TECTUPOBAHMS IETEKTOPOB KIIFOUEBBIX TOYEK.
Lenpio paboThl siBisieTcss pa3paboTka MPOTPaMMHOTO CPEICTBa MPOCTPAHCTBEHHOTO COBMEIICHHS
Pa3HOMOJANIBHBIX U300paXKeHHH, HEOOXOAMMOT0 AJIS MOCIEAYIOIIEro aHamm3a 1 00paboTKY TaHHBIX U3
Pa3NIUYHBIX MCTOYHHUKOB (ONTHYECKHE, TEIUIOBU3MOHHBIE, MYIbTHUCIEKTpajbHbIE, PEHTI'CHOBCKHE
n300paKeHus, TaHHbIE pajapa ¢ CHHTE3UPOBAHHOH anepTypoil).

AJIFOpI/ITM moayaBTOMATHIECKOI'O (l)OpMHpOBaHI/IH 3TAJIOHHBIX Iap, COBMECIICHHbIX
PA3HOMOAAJBHBIX PA3HOBPEMEHHBIX n306pameﬂnifl

Pa3paboTan anroput™ mosyaBTOMaTHYECKOTO COBMEIICHHS Pa3HOMOAAIBHBIX pa3HOBPEMEHHBIX
U300paKEHNH, TMONYyYCHHBIX B OOIIEM cllydae pa3HOAMANa30HHBIMHA CEHCOPaMH B Pa3IMYHbIX
Macmradax, paKypcax, B pa3IMYHble MOMEHTHI BpeMeHH (pa3inuYHble CE30HHOCTh, BPEMs CYTOK), B
Pa3HBIX IOTOAHBIX YCIOBUSAX. AJITOPUTM COCTOUT U3 CIICAYIOIIUX IIATroB.

1. 3arpy3ska UCXOAHBIX M300paxeHuit [, (tl)n I, (tz), MOJy4eHHbIX KamepamMu A U B B
MOMEHTBI BpEMEHH f U 1, .

2. Ha3nauyenue omnopHoil Touku P

i () B BepxHeii sesoii yerBepTH M30Gpaxerus I, (1,).

BhIGOp /1151 Hee COOTBETCTBYIONIEH OMOpHOIt Toukn Py (1, ) nsobpaenus [y (1, ).
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3. Hasnauenne onopHoii Toukn Py, (#,) B BepxHeii mpaBoii uerseptn msoGpaxenns I, (f,).
BhIGOp /1151 Hee COOTBETCTBYIONIEH OMOPHOI Toukn Py, (2, ) nsobpaenus [ (1, ).

4. Hasnauermue onopoi Touku P,y (¢, ) B HuKHeli neBoit uetBept n3o6paxenus 1, (¢, ) . Boioop
JUIsL Hee COOTBETCTBYIONECH ONOpHOM Touku Py (1, ) msobpakenns Iy (1, ).

5. Hasnauenue onopnoil Touku P, . (tl) B HIDKHEH IIpaBoil ueTBepTH M300paxeHus [, (tl) .
BrI0Op /17151 HEE COOTBETCTBYIOLIEH OMOPHOM TOUKU Py, (t2 ) usobpaxenus [, (t2 )

6. ®opmupoBanue Matpuiipl (I N (t1 ) Ay (t2 )) romorpaduu [3] ¢ moMowipko anropurMa for,
(DLT — Direct Linear Transformation) Ha OCHOBE COIOCTaBIEHHsI COOTBETCTBYIOLIMX Map OMOPHBIX
Touex msobpaxenuit 1, (¢,) n I;(1,), H(IA (1), 15 (1, )) =

= forL (PATR (1) ot (2) Pare (4)s Borr (1) Pase (1) Pase. (£ )5 P (1) Poer (1)) »

by hyo
H([A (tl)’IB (Zz))z hy  hy by
hy  hy  hy

7. T'omorpadus wusobpaxenus [, (tz ) ®dopmupoBaHHe MPeoOPa3OBAHHOTO H300paKEHUS
I (tZ)B pesynbTaTe MEepeHoca Kaxkaoro NuKcens mzobpaxenus [, (tz) ¢ KOOpJHMHATaMH ( Vg Xp )B

nuKcens n3oopaxenus [ (tz) C KOOpAUHAaTaMu ( Vo xB) , BBIYUCIISIEMBIMU C TIOMOIIIBIO BhIpaXkeHuH [ 3]
_ Iy X+l y +
hy Xy + hyy vy + By

_ Iy Xg + By v + By

g Xy + hyy Y + By

(D

B

Xp

@

8. O6peska m3obpaxennii I, (1,) u Iy (tz). Bri6op /ByX Todek Ha msobpakenmn I, (1),
OTMEUAOIINX BEPIIMHBI Ha TUArOHAJIH MPSMOYTOJbHOrO OKHA, U mouck aiaroputMamu(ORB, AKAZE,

BRISK) ByX COOTBETCTBYIOIIMX TOYEK Ha M300paxennn [ (t2 ) DparmeHTs U300paskeHuit [, (t1) u

I (tz), OFpaHUYCHHBIE 33JaHHBIM  INPSAMOYIOJIBHBIM  OKHOM, COXPaHSIOTCI B  KadecTBe

COOTBETCTBYIOIIUX 3TANIOHHBIX H300pakeHHH.

IIporpammHoe obecrieyeHne MOATOTOBKHU MAap, COBMEIIEHHBIX PA3HOMOIAJbHBIX
Pa3HOBpEMEHHBIX U300paKeH i

Jns peanmzauuu pa3pabOTaHHOTO aJrOpUTMa MOJYaBTOMATHYECKOTO (OPMHUPOBAHHS Iap
COBMEIIEHHBIX Pa3HOMOJAJBHBIX Pa3HOBPEMEHHBIX W300paKeHUil pa3paboTaHO COOTBETCTBYIOLIEE
nmporpaMMmHoe cpenctBo Ha s3bike C++ ¢ ucnonb3oBanueM Qt u OpenCV. Ilporpammuoe cpencTBo
o0ecreunBaeT 3arpy3Ky mapbl U300paxkeHuit (puc. 1), HHTEpaKTUBHBIA BEIOOP Ha HUX OIMOPHBIX TOUEK
C HUCIOJIb30BAaHUEM MaCIITa0HPyEeMBbIX OKOH M MUKCENbHONH MO3aMKH Uil TOBBIIICHUS TOYHOCTH HIIH
aIIbTEPHATUBHO Yepe3 BBOJ KOOPAUHAT (PHUC. 2), C BO3MOKHOCTBIO HX IOCIIEAYIOIIEro peaaKTUP OBAHUSI.
[locne BbIOOpa COOTBETCTBYIOIIMX TOUEK BBIYUCISETCS MaTpHla TroMorpaduu, OCYLIECTBISETCA
npeoOpa3oBaHWe BTOPOTO HM300paKEHHS OTHOCHTENHHO TIEPBOTO, BHU3YyalM3alUs HAJIOKEHUA
TpaHC(HOPMHUPOBAHHOTO U300PAKEHHUS ISl BEpUGDUKAIIUH, TIPEIOCTABIISECTCS BO3SMOXHOCTD BbIJICICHUS
U COXpaHEeHHs NPSAMOYTrOJbHOW 00JACTH HMHTEpeca C MOMOIIbI0 COOTBETCTBYIOUIMX TMPOTPaMMHBIX
HHCTpYMeHTOB. st ympomeHus paboThl omneparopa MOoIIep>KHBaeTCd BO3MOXKHOCTh COXPaHEHUS W
3arpy3Kd JaHHBIX 00 M300paKEHUSAX M YK€ BBICTaBJICHHBIX HAa HUX TOYKax. [I[porpaMMHOeE CpeacTBO
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MO3BOJISIET CO3/7]aBaTh BBICOKOKAYECTBEHHBbIE pPa3MEUEeHHbIE HAaOOpHI NaHHBIX, HEOOXOAMMBIC IJIS
o0y4deHus M Bepu(UKAIMK aJITOPUTMOB aHAJIN3A.

OxpaHATH WICopaX NS

Pegaxruposanme Touxn 1 —i-
——

Puc. 2. UnTepdeiics nporpaMMsl Aj1s BBOJA KOOPAKUHAT KIIOUEBBIX TOUEK U (POPMUPOBAHUS 001acTU HHTEpECa

OueHka kayecTBa AECTEKTOPOB JIUHUH € MCIOJIb30BAHUEM 3TAJTOHHBIX nmap COBMEIICHHbIX
PAa3HOMOAAJIBHBIX PA3HOBPEMEHHBIX nsoﬁpameﬂnifl

Jnsg oueHkH KauecTBa JETEKTOPOB JIMHUM Tpeasiaraercss HCIOIb30BaTh YCTONYMBOCTH
BBIIEISEMBIX HMMH JIMHUH K HM3MEHEHHIO IOTOJHO-BPEMEHHBIX YCIOBHH  (OPMHUPOBaHHS
Pa3HOMOJANIBLHBIX U300paKEHUH KaMepaMi BUAMMOTO U HH(PPAKPACHOTO UAMa30HOB. Y CTOHYUBOCTD

JIMHUH npeaaracrcsa OUCHUBATH IO 3HAYCHUIO B3BCUICHHOI'O KOJIMYECTBA NE HECOOTBETCTBYIOIIUX

OOBEKTOB, BBIYUCIAEMBIE B pe3ylNbTaTe NpHUBENEHUs KonumdecTBa N, = N (tl,t2)+ Ny (tz,tl)

HECOOTBETCTBYIOIIUX 00BEKTOB N (tl,tz) u Ny (t,, tl) Ha u300paxenusx [, (t1) uly (tz) K o01emy

komuuectBy Ny = N, (l‘1 ) + N, (ZZ) 00BEKTOB Ha OqHOM NN (tl) u gpyrom N (tz) U300paKEHUAX
N E

C TIOMOWBI BhIpaXKeHUs N, =——. WM300pakeHuss OTIMYAIOTCA APKOCTBIO, KOHTPACTOM,
0

pacmpefielieHHeM TEHeH, MOJNOKCHHAMU AMHAMUYECKHX O0BEKTOB. Pasmumums B ycloBHAX

(opMupoBaHUs U300paKEHUI IPUBOIAT K M3MECHEHUIO KOJIMYECTBA U IIOJI0XKEHUS TMHU, BBIIEIIEMBIX

JeTeKTopaMu. B pesymprare Ui MHOTHX JIMHMH OJHOTO H300paKEHUS OTCYTCTBYIOT JIMHHU B

COOTBETCTBYIOIIUX KOOPJUHATAX Ha APYroM H300paxkeHHu. B utore, mpu cpaBHEHUU Pa3HOBPEMEHHBIX

KaJJpOB BO3HUKAET 3HAYUTENHLHOE KOJIMUYECTBO JIOKHOMOJIOKUTENBHBIX M JIOAKHOOTPUIATENBHBIX
pe3ynbTaToB neTekTupoBanus. Ha puc. 3 u 4 moka3aHsl STaTOHHBIE TAPBl COBMEIIEHHBIX N300pakeHUI
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BUIUMOI'O U I/IH(I)paKpaCHOI‘O Anana3oHOB CHATBHIC C PA3HbIX PAKYPCOB B pa3HbIC MIEPHUOAbI BDEMEHU U
KOM6I/IHI/IpOBaHHBIC I/I306pa)KCHI/I$I, KOTOPBIC ABJIIIOTCA PE3YIIbTATOM UX CIUSTHUA.

. N KomOuHIpOBaHHEIH
W300pakeHns Buaumelit tnanasox WnudpakpacHblii [uamna3on P

JMana3oH

Puc. 3. DTanoHHbIe Mapbl COBMEIICHHBIX N300 paXKeHNI (TIEPBBIA paKypc)

H3006pa-
JKEHUSI
~

1) | A

Buaumelit tuanasox WndpakpacHslii quanazon | KoMOMHMpOBaHHEIN qHana3oH

T
mrm

1(t,)

1(t,)

Puc. 4. DranonHble nmapbl COBMEIIEHHBIX H300pakeHUH (BTOpOH pakypc)

B Ta6i. 1-3 npuseneHs! B3BeweHHble omuOKu (N ) JIETEKTHPOBaHHS KOHTYPOB AETEKTOPOM
KoHHU U BeliBIeT-NeTeKTOpOM, Npu KodpduuueHte nepekpbitus k=0.75 u nunatanuu d=0. 3HaueHne
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kx=0.75 ozHauaer, 4yT0 75 % JIMHUU Ha OJJTHOM M300pa’KEHUH COBITAJIO HA BTOPOM, YTOOBI OHU CUUTAJIHICh
COBMABIINMU; d=0 03HAYaET, YTO KOHTYPHI B IKCIIEPUMEHTAX HE PACIIUPAIOTCS.

Ta6xn. 1. B3pemeHHbIe XapaKTePHCTUKHU NE pe3yJbTaTOB AeTEKTHPOBAaHHUA 00bEKTOB (NepPBbIii

pakypc)
Jetexrop
Suaucns [V, g W1 STATIOHHBIX Nap H300paKEHHH B pasiMyHbIX MANa30Hax
BHIVIMBIN HH(PPAKPACHBII KOMOHHHPOBaHHBII
Konnu [3] 0,902 0,870 0,870
Betipner [4] 0,695 0,637 0,771

Ta6xn. 2. B3BemeHHbIe XapaKTePHCTHKH NE pe3yabTaTOB AeTEKTHPOBAHHS 00bEKTOB, NOJY4YCHHbIE

BeliBJIeT-1eTeKTOpOM (BTOPO# pakypc)

CpaBHI/IBaCMLIC T1apbI

1306paKeHuii Suauermst [V, g /W11 STATIOHHBIX Nap H300pAKEHUH B PAIMUHbBIX ManazoHax
BHANMBIN nH(pPAKPaCHBII KOMOHMHHPOBAHHBIH

1(t) u l(%) 0,910 0,786 0,837

1(t) u l(t3) 0,764 0,729 0,723

1(t,) u I(13) 0,720 0,760 0,768

Ta6xn. 3. B3BemeHHbIe XapaKTePHCTHKH NE pe3yabTaTOB AeTEKTHPOBAHHS 00bEKTOB, MOJY4YCHHBIE

aerexkTopom Kannu (BTOopoii pakypc)

CpaBHI/IBaCMLIC T1apbI

M306parKeH7it Suauerms [V, g /W1 STATIOHHBIX Nap H300pAKEHUH B PAMUHbBIX MaNa3oHax
BHIVMBIN HH(pPAKPaCHBII KOMOMHHPOBaHHBII

1(t) n (1) 0,982 0,978 0,983

1(t) u l(#) 0,980 0,979 0,991

1(ty) u I(13) 0,984 0,976 0,988

W3 Tabn. 1-3 cmenyer, 4TO JHMHWM, BBIIENSEMble C TMOMOLIBIO BEHBIET-NPeoOpa3oBaHus,
3HAQUUTENFHO 0o0Jee YCTOMYMBBI K W3MEHEHHIO IOTOJHO-BPEMEHHBIX YCIOBHH (OPMHUPOBAHHS
M300paKEHUH TI0 CPaBHEHHUIO C JIMHUAMH, BBIICTSIEMBIMH C TIOMOLIBIO TpeoOpasoBanus Konuu, 1t
M300paKECHUHN BCEX JIMAIIa30HOB,

OneHka 3aBHCUMOCTH JeTEKTHPOBAHMS JTUHHUI OT MOKa3aTeJieil MeTPUK OLleHHBAKOIIMX
Ka4ecTBO I (POBBIX N300pakeHu

Onenka kadectBa IHM(poBeIX u300paxkeHuil (image quality assessment, IQA) — 3710
HEOThEeMJIEMBbIH 3Tall MX aHalIW3a B Pa3lIMYHBIX aBTOMATU3MPOBAHHBIX cHcTeMax. [IoHsATHE KauecTBa
MOXHO TPaKTOBATh MO-Pa3HOMY, B 3aBUCHMOCTH OT IIeJIed MCII0JIb30BaHUS N300paKEHUH OHO MOXKET
OBITH CBS3aHO KaK C BU3YaJbHBIMHU, TaK U C XyJ0)KECTBEHHBIMU OCOOCHHOCTSAMHU BOCTIPHUSTHS CHUMKA
yenoBekoM. DaKTopsl, BIUAIOIIKNE Ha KaYeCTBO, BKIFOUAIOT B Ce0sl pABHOMEPHOCTD OCBEIICHUS! CLICHBI
U SPKOCTh M300paXKEHUs, €ro paspelieHre, KOHTPAaCTHOCTb, PE3KOCTb U TOYHOCTh LIBETOIEpEenadH.
Hanee 6ynyt paccMorpensl MeTpuku SSIM u koppensiius [Tupcona [5].

OyHKIMSA BBIYHCICHUS HMHAEKCA CTPYKTYPHOTO TOAOOMS OCHOBaHa Ha JIOKAJIBHBIX OLIEHKAaX
CXOJICTBA SSim, BBIYUCICHHBIX MEXIY ABYMSI OKHAMH X U y pa3MepoM NXN MUKcenel, pacCYMTaHHBIX
BOKPYT COOTBETCTBYIOIIMX TNHKcelneld Ha wu300paxkeHHs X 4 W B paBHBIX pPa3MepOB COTJIACHO
BBIPAKEHHIO:

(2uxuy +¢ ) *(20)0, +cz)
(ui +ui +cl)*(ci +Gi +cz)

2 v
rac Hx — CpE€AHEC 3HAUCHHUE B OKHE X; ].lv — CpCAHECC 3HAYCHUC B OKHC y; O — HUCICPCHs 3HAUCHUU B

ssim(x,y)z

9

OKHE X; Gi — JMCTIEpCHs 3HAYEHHI B OKHE ; G — KOBapHallus B OKHAX X U y; KOHCTaHThI ¢, =(kiL)’ n

xy
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¢,=(koL)?, L=255, — 3HaUeHUs IMHAMUYECKOTO JMana3oHa JI0MyCTUMBIX 3HadeHuii spkoctu; k1=0.01,

’>=0.03 — BKCTIEpUMEHTATILHO ONpeeIICHHbIE KOHCTaHThl. VToroBerit unnexkc SSIM nist uzo0pakeHuit
A v B BBIYHCISIETCS KaK Cpe/iHee apu(MeTHIecKoe JTOKATBLHBIX OIIEHOK 1o opMmyiie:

SSIM (A,B)= Zsszm x,¥),

rne A u B — nBa 14306pa>1<eH1/1>1 OIMHAKOBOI'0 pasMepa, M — KomuuecTBO OKOH. Kaxkjast nokanbHas
OLIEHKA ssim(x, y) paccUUTHIBAETCS B OKPECTHOCTH KaKJIOTO MUKCENs C KOOpJAWHATaMHU (x, y)

HEKOTOPBIM I1aroM. 3Hauenus ungekca SSIM nexar B auanasone [—1,1].

Oynkuus BerancieHus kodhdunuenta koppemsiuun [IupcoHa ocHOBaHa Ha aHANIW3€ JIMHEHHOU
3aBUCHMOCTH MEKIY OBYMs H300pakeHus MU A W B oamHakoBoro pasmepa NxM mukceneil. Ona
BBIUMCIIIETCS KaK OTHOILICHHWE KOBApHALMM 3HAYCHUH SPKOCTH MHUKCENeH M300paKeHnH K
TIPOU3BEACHUIO UX CTAaHAAPTHBIX OTKIOHEHUH COTJIACHO BBIPAYKEHUIO:

226 0) =T ()~ Ta)
\/Zmzj 1(1 lj I) \/2112] 1(1 l] )

rae [, (i, j) ul, ( ]) — 3Ha4YeHUs SAPKOCTU IUKCENEH B KOOpJAUHATaX (i, j) u3obpaxenust A u B
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COOTBETCTBEHHO; I u I — cpeHKe 3HaYEeHHs APKOCTH 10 BCEMY M300pakeHno A u B.
3nauenus koddduienta Koppensiuu Ilupcona jexar B auanasone [—L1]. 3unauenue 1

JOCTUTAeTCsl, KOTAa M300pakeHHs TONHOCTHIO MIIEHTUYHBI (JIMHEeWHas 3aBHCHMOCTH); 3HadeHue (
yKa3bIBaeT Ha OTCYTCTBHE KOPpEJALMH, a 3HAYeHUe —1 CBHUAETENBCTBYET O TOM, YTO H300paXKeHHs
SIBIISIFOTCS. MHBEPTUPOBAaHHBIMU (HETaTUBHBIMH) KOMUAMH Ipyr Apyra. B ornumume ot mHaekca SSIM,
KoapuireHt koppessaiuu [TupcoHa BEIUUCISIETCS sl BCETO N300paXKEeHUS EIUKOM (TJIO0AIBHO), UTO
00ecrevnBaeT ero BHICOKYIO BEIUUCIUTENbHYIO 3 () EeKTUBHOCTb.

Tabn. 4, puc. 5 4ABIAIOTCA CBONHBIMH JUIsl TIOKa3aTenedl cxoacrBa wu3oOpaxeHudl SSIM u
ko3¢ dunuenta koppensiwmu [Tupcona (Pearson). VI3 Tabn. 4 crienyer, 4To BEIOOP METPHUK CXOJICTBA BIIUSET
Ha OLEHKY KadecTBa oOpaOOTKHM: HH3KHE TOKazaTenu Koppensuun [lupcoHa B KOMOMHHPOBaHHOM
Jara3oHe TPeOYIOT UCTIOIb30BaHMs O0Jee HaAeKHOTO CTPYKTYPHOro uHaekca SSIM.

Ta6x 4. Iloka3aTeJ i CTPYKTYPHOIO U JHHE{iHOT0 CX0ACTBA H300paskeHnii

Jlnanazon CpaBHUBaeMbIe SSIM Pearson CpaBHUBaeMble SSIM Pearson
napbl n300paxeHnit napsl H300paKeHHIt
Bunumsrit 1) nl(ty) 0,71 0,85 1) ul(t3) 0,59 0,76
1(t) n I(t3) 0,58 0,72 Ia(th) u Ig(t) 0,81 0,94
WudpakpacHsrii 1(t) n I(t,) 0,73 0,84 1(t) u I(t3) 0,69 0,78
1(t) n I(t3) 0,69 0,73 Ia(th) u I(t2) 0,81 0,85
KoMOuHnpoBaHHbI#H 1) nl(ty) 0,66 0,20 1(t)) u I(t3) 0,63 0,42
1(t) n I(t3) 0,60 0,17 Ia(th) u Ig(t) 0,85 0,84
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U3 puc. 5 crnenyer, 4TO MPUCYTCTBYET CBSI3b MEXKIY CXOACTBOM M300pa)KEHHUMU, OMPEIEIsieMbIX
METPUKAMHU U YCTOWIUBOCTH 1€TEKTHUPOBAHUSI JIMTHUM.

3akjouenue

Pazpaboran anroputM ¢GOpPMHUPOBaHMS OTANOHHBIX Map, COBMEIIEHHBIX pPa3HOMOJAIBHBIX
Pa3HOBPEMEHHBIX W300pa)XeHUH, MO3BOJSIOIIUI C MOMOILIBI0 TOMOTpagHy MO YETHIpeM 3aJaHHBIM
rapam OIMOPHBIX TOYEK Ha JABYX COBMEIIAEMbIX H300pakeHUIX OIy4aTh UX CHHXPOHU3UPOBAHHBIE TI0
pactpy parMeHThl. DTATOHHBIE Tapbl N300paXEHN I NCIIOIB30BaHbI 1151 OLICHKH KauecTBa IeTEKTOPOB
JMHUAN Ha OCHOBE B3BEIICHHOTO KOJIMYECTBA HECOOTBETCTBYIOLUIMX OOBEKTOB. YCTAaHOBJIEHO, YTO JJIS
M300paKEHUN BUIUMOTO M MH(PAKPACHOTO JUAMA30HOB BEUBIET-MPEOOpa30BaHUE IO CPABHEHUIO C
npeoOpazoBanneM KoHHHN oOecrieunBaeT BbleNeHHe Ooee YCTOMUMBBIX JIMHUN, COXPAHSIIOMIUX CBOE
MOJIOKEHHE TPH  HM3MEHEHHH IOTOJHO-BPEMEHHBIX YCIOBUHA (opMUpOBaHUS HU300paKeHUI.
Y craHOBIIEHA 3aBUCUMOCT YCTOMYMBOCTH JETEKTUP OBAHUS JIMHUH K W3MEHEHHUIO IO OIHO-BPEMEHHBIX
yCI0BUH UX (OPMHUPOBAHUS OT CXOXKECTU U300paKEHHI.

Buaarogapuocts. Pabota BeimonHeHa pu nojaepkke benopycckoro pecnydaukanckoro GoHa
¢bynnamentanbHeix uccnenoBanuii (BPODU) u HanmonaneHoro ¢oHna ecrecTBeHHbIX Hayk Kuras
(H®EHK) B pamkax npoekra T25KMN-054 «TexHOIOrHs MHOTOKaMEPHOH JIOKATU3alluU U MMOCTPOCHUS
KapThl OTKPBITOTO MPOCTPAHCTBAY.

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.

Cnucok JIMTepaTypsbl

1. Lowe D. // International Journal of Computer Vision. 2004. Vol. 60. P. 91-110.

2. Bay H., Tuytelaars T., Van Gool L. // Proc. of the 9th European Conference on Computer Vision (ECCV). 2006.
P. 404-410.

3. Gonzalez R.C., Woods R.E. Digital Image Processing. 3rd ed. Prentice Hall, 2008.

4. Maua C. BaliBnersl B 00paboTke curnanos. M.: Mup, 2005.

5.Tony6 1O. 1., CrapoBoiiros B. B. Onenka kauectsa ud posblx n3o0paxenuil. Munck: OUIIN HAH Benapycu,
2023.

142



TEXHOJIOI'HH HEPEJJA4YU U OBPABOTKU UHPOPMAIUHU

UDC 621.391.1

MULTI-ROBOT TASK-PATH COLLABORATIVE OPTIMIZATION

XINYUE SHAO, QICHENG GUO

Belarusian State University of Informatics and Radioelectronics, Republic of Belarus

Received April 09,2026

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
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
optimization and local hierarchical tasks
flexibility communication
bottlenecks
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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 GNNs 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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AnHorammsa. IlpemyioxeHa CTPyKTypHas CXeMa MPOrPaMMHOM — pealu3aliy  alropuTMa
o0e3MuMBaHMs JaHHBIX HAa OCHOBE METoJa M3MEHEHHUs COCTaBa, KOTOpas COOTBETCTBYET
TpeOOBaHMAM 3aKOHOmaTenbcTBa PecnyOmuku bemapycs B cdepe 3amutbl  MHGOpMAaLUH.
[Ipouenypa o0e3nuunBaHus BKIIIOYAET B ce0s pa3ziesieHle NCXOIHbIX JAaHHBIX Ha 64-0MTHBIE OJIOKU
U MX TOClenymollee HTepalroHHoe npeoOpasoBanue B coorBerctBUH ¢ ['OCT 28147-89 u
XapaKTepu3yeTcst JOCTATOYHO BBICOKMM YpPOBHEM HH(OpMAIMOHHOM O€30IacHOCTH, TaK Kak
3HAUUTENIbHO 3aTPYIHSAET CTaTHCTHYECKMH aHaJM3 CO CTOPOHBI HApYHIMTENS W3-32 U3MEHEHHS
CTaTUCTUYECKHX CBOMCTB OOE3JIMYEHHBIX NEPCOHAJIbHBIX JaHHBIX. [IpeaniokeHHass CTPyKTypHas
cxema Mpoueypbl 00e3JIMUMBAHUS YHUBEPCANIbHA JUIS JTIOOBIX aTpuOyTOB MEPCOHAIBHBIX JaHHBIX
U JIONYCKAaeT peajM3alyio IpU TOMOIIM IPOrpaMMHBIX, AamlapaTHBIX WJM  AamapaTHo-
MIPOrpaMMHBIX CpeacTB. biarojaps onTHUMU3alMU alNropuTMa pelleHHe He HajlaraeT BBICOKHX
TpeOOBaHMUI K BBIYMCIMTEILHBIM MOLIHOCTSIM IOJb30BATEIbCKOr0 000pYyIOBaHMs, OOecrednBas
BBICOKYIO JIOCTYITHOCTh TEXHOJIOTHH /711 UH)OPMAIMOHHBIX CHCTEM JIETMTUMHBIX I10JIb30BaTEIICH.

Knrwouesvie cnosa: I/IH(bopMaL[I/IOHHI)Ie CUCTEMBI, TIICPCOHAJIbHBIC JaHHBIC, 00e3IMINBaHUE
INEPCOHAJIbHBIX JaHHBIX, MCETOIbL 00€3TMYNBaHUS NEPCOHAIIBHBIX MaHHBIX, MCETOHA W3MCHCHUSA
cocCTaBa WM CCMAaHTHKH.

BBenenue

ObecneueHre KOHPUISHIMATEHOCTH B COBPEMEHHBIX HH()OPMALMOHHBIX CHCTEMaX HAIPSAMYIO
3aBHCHT OT Ka4eCTBEHHOTO O0E3MYMBaHHA MEPCOHANbHBIX MaHHBIX [1 — 3]. CerogHs anst 3TOro
aKTHBHO NMPUMEHSIOT METOABI 00€3IMYNBAaHUs TIEPCOHANBHBIX TAaHHBIX. AKTYalbHOCTh 3TOH 3a7a4d B
Pecnyonuke bemapych mnpomuMkToBaHa TpeOOBAaHUSMHU 3aKOHOAATEIbCTBA, KOTOPOE OOS3BIBAET
OIepaTopoB MPUHUMATh MEpPHI MO 3allUTe NpaB H cBOOOJ CYOBEKTOB MEPCOHANBHBIX NAHHBIX NPH
00paboTKe UX TMYHBIX cBefeHui [4, 5].

B cootBercrBuM ¢ TpeboBaHMAMH 3aKoHonaTendbcTBa Pecnyonuku Benapyce B cdepe 3ammrs
WH(OpPMaIK OJHUM U3 OCHOBHBIX CITIOCOOOB 00€3TMYMBAHUS MIEPCOHATBHBIX TAHHBIX SBISETCA METOJ
u3MeHeHus cocraBa [4]. CyTh 3TOro Meroja 3aKJIF0YaeTcs B TOM, YTO YacTh CBEACHUH O CyOBeKTe
MEPCOHANBHBIX JaHHBIX 0000IIaercs, U3MeHseTca WM ygamsierci. OJHako 3TOT MOAXOJ HMeEeT
cyllecTBeHHble HenmocTtaTtku. OH He o0ecrednBaeT JOCTATOYHBIM YpOBEHb WH(OPMAIIMOHHOM
0e30MacHOCTH TPH CEMAHTHYECKUX MPeoOpa3oBaHMAX HCXOAHBIX MEPCOHANBHBIX JAHHBIX, TaK Kak
OCTaBJISIET BO3MOXKHOCTh HX Jc00€3TMYMBAHUS IPH TIOMOIIM COMOCTABIEHUS C BHEIIHUMH
ucrouHukamu. Kpome Toro, ynaiseHue UM U3MEHEHNE YacTH JAHHBIX 3aCTaBISIET OlepaTopa XpaHUTh
HCXOJIHbIE TEPCOHAJbHBIC JAaHHBIE OTIAENHHO A OOECIedYeHUs HX LEINOCTHOCTH W BO3MOXHOCTU
BOCCTaHOBJIEHUA. JTO HEM30EKHO YBEIMYMBAET HArpy3Ky Ha WH(PacCTpyKTypy M CYIIECTBEHHO
yBeNn4uBaeT 00beM 0a3 JaHHBIX.

B Hacrosimeli paboTte npeacTapieHa npoueaypa o0e3IMunBaHNus HA OCHOBE METOJa H3MEHEHUS
cocTaBa, JIMIIEHHAs OIMCAHHBIX HenocTaTkoB. [IpemioxeHHBI anroputM He TpeOyeT OOJbIINX
BBIYUCITUTEIIBHBIX PECYPCOB M MOAXOJUT JIJI1 00OPYIOBaHUS JIETUTUMHBIX Tonb3oBareneld. [Ipu sTom
MPEAJIOKEHHAs TpoLeAypa 00e3MMYMBAHUS IO3BOJAET CYIIECTBEHHO COKPAaTUTh O00BEM XPaHUMBIX
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TP COHANIBHBIX JAHHBIX 110 CPABHEHHUIO C CYIIECTBYIOIIUMHU CIIOCOOAMHU peau3allii METOa H3MEHEHHS
coctasa. [loBbilieHNE YpOBHA HHPOPMALMOHHON 0€30TIaCHOCTH JOCTHTAeTCs 3a CYeT TpaHCPOpMaIun
CTaTUCTUYECKUX CBOWCTB JAHHBIX, YTO HCKJIIOYAET BO3MOKHOCTh HX YCHEUIHOIO aHajIn3a
3710 YMBIIUIEHHUKOM.

[loTroMy menblo MccrnenoBaHus crajia pa3paboTka TakoW Mpouedyphl 0O0e3MTUYMBAHUS, KOTOpas
MOBBICUT YPOBEHb WH(OPMALMOHHON 0e30MacHOCTH OO€3JMYEHHBIX MEePCOHANBbHBIX MAaHHBIX H
ONTUMH3HUPYET pecypchbl cucTeMbl. OOBEKTOM pabOTHl CTajl METOI M3MEHEeHHus cocTaBa. [Ipemmerom
WCCIIeIOBAaHUS SIBJSUIOCH IIOBBIIIEHHWE YPOBHA HMH(MOPMALMOHHONW 0€30MacHOCTH 00e3THYeHHbIX
MIepCOHANIBHBIX JaHHBIX OJlaronapsi M3MEHEHHIO UX BEPOSITHOCTHBIX XapaKTEPHUCTHK.

Hpouez{ypa 00e3JIMYUBAHUS MNEPCOHATBHBIX TAaHHBIX

Ha puc. 1 mpencraBneHa CTpyKTypHas CXeMa, ONHUCHIBAIOLIAs MPOLEAYPY OOE3MMUMBaAHUS
IIEPCOHAIIBHBIX JAHHBIX HA OCHOBE METOJa U3MEHEHUS COCTaBa UMM CEMAHTHKHU.
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Puc. 1. CtpykTypHas cxema 00e3IMYrBaHus IEPCOHATBHBIX TaHHBIX,
MOCTPOEHHAs Ha OCHOBE METO/a M3MEHEHHUsI COCTaBa

[Ipouexypa oOe3MUUMBaHMS MEPCOHAIBHBIX JAHHBIX B COOTBETCTBHM C JaHHOW CTPYKTYPHOH
cXeMoH MpeacTaBisieT cOO0H UTepalOHHBII IPOrPaMMHBIH allrOPUTM, KOTOPBIH IpeoOpa3yeT JaHHbIE
MpY MOMOIIM X OCUMBOJIBHOTO TiepeBoa B konupoBky UTF-16, pazOuenus Ha 64-OUTHBIE OJIOKH U
32-UUKJIOBOrO IIU(PPOBAHUS C HCHOJB30BAHMEM BEKTOpa WHHLMAIM3AIMA ¥  HEIHHEHHBIX
MOJICTAHOBOK [6]. PesynbraToM mporecca SBISETCS KOHKATeHAIUs MpeoOpa30BaHHBIX OJIOKOB M HX
obpaTHOe peoOpa3oBaHUe B CUMBOJIBbHBIH BUJI.
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3akJjouenue

Pazpaborana cTpykTypHas cxemMa NpPOTPaMMHOM peaNu3alud ajlropuTMa 00e3MYMBaHUA
MEPCOHANBHBIX JAHHBIX Ha OCHOBE METO/la M3MEHEHHs COCTaBa, KOTOpas MOJHOCTHIO COOTBETCTBYET
TpeOoBaHUAM 3aKOHOaTenbcTBa PecriyOnnku benapycs B chepe 3amuTsl HHPOpMaLUH.

[Ipumenenue wurepanmonHoro mporecca Ha ocHoBe ['OCT 28147-89 ¢ wucnonb3oBaHHEM
M3MEHSIOIIET0CsS BEKTOpa HWHHUIMAIU3alMd M TPOLEAYyp HEIMHEWHOW MOJCTaHOBKH TO3BOJISIET
WU3MEHHUTh CTPYKTYPY HCXOOHBIX JaHHBIX. CTaTHCTHMYECKHH aHalU3 IIOKa3bIBaeT, YTO JHTPOIHUS
MOJTyYEeHHBIX 00E3MUEHHBIX MEPCOHAJBHBIX TAHHBIX 3HAYUTENHHO BBIMIC, YeM JUIA MCXOIHBIX. JTO
CBOJIUT K MUHUMYMY BEPOSITHOCTb PACIIO3HaBaHHs CO/IEPKaHUs 00€3TMICHHBIX TEPCOHATBHBIX JaHHBIX
37IOYMBIIUIEHHUKOM TP IIOMOIIM METOJOB YaCTOTHOI'O WJIM CTaTHCTHYECKOro aHajlu3a H3-3a
W3MEHEHUS UX CTATUCTHYECKUX CBOMCTB.

D¢ HeKTHBHOCTh MPEIOKEHHOTO PELICHUS] JOMOJHUTENHHO MOBBIIAETCS 32 CUET BHEIPEHUS
MPEAJIOKEHHOTO MeToa (parMeHTalUH, KOTOPBIM TMO3BOJIIET CYLIECTBEHHO COKPaTUTh O00beM
obOpabarsiBaemoii uH(popmanuu. [lepexox or cranmaptHoro 16-OutHoro mpeacrasieHuss UTF-16 k
WCIONB30BaHUIO 9-OuTHOrO ¢opmata (ynpaBmsomiuii ¢uar u 8 OMT 3HAYUMOM YacTH Koja)
o0ecrevynBaeT 3HAUYNUTENbHYI0 SKOHOMHUIO TMCKOBOTO MPOCTPAHCTBA M ONEPATUBHOW mamsTh. Takoi
MOJIXOJl TApaHTUPYET YMEHBbIIEHHEe 00beMa JAaHHBIX NMPU COXPAHEHHH HX MOJIHOTHI U BO3MOXKHOCTH
KOPPEKTHOI'0 BOCCTAHOBIIEHHSI UICXOJHOT 0 TEKCTA JIETUTUMHBIMU T10JIb30BaTEIISAMU.

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 LIDAR 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 LiDAR 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 LiIDAR 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 MPU6050 six-axis IMU is selected, with an output frequency of 200 Hz. Time
alignment with the LiDAR 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 LD06 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-SLAM?2) [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-SLAM?2 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 LIDAR always remains active as the primary obstacle avoidance sensor. Leveraging its
high ranging accuracy and fast response speed, LiDAR 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 LiDAR 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 c¢m, 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
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foundation for the system. The RGB camera serves as the default mapping sensor, building 3D point
cloud maps via ORB-SLAM?2 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 4 =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(O) =/(x(0)) + 1", ()

where x(z) =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) +201log10( fc) —147.55, 2

where fc =2.4Hz is the carrier frequency. The linear power gain is g, (1)=10"“""

The radial velocity component is

x(t)v

)= . 3
v, (1) 40) 3)
The Doppler frequency shift is
v.(t c
fn=05-C @)

A 1.

where ¢ =3x10°m/s. The Doppler-induced phase rotation is incorporated as e
For NLOS scenarios, we adopt a flat Rayleigh fading model with independent realizations per
symbol

J 21y (1)1

1
h,()=—
2
ensuring E[| A, ['1=1, where a(¢) follows Rayleigh distribution and 0(¢) 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) =g, (Oh(t)e”™"s(t) +n(t) , (6)
where 4(t) =1 for LOS, and h(t)=h_(¢) for NLOS, and n(¢) is AWGN with power spectral density

ray

(N(O,D)+ /N (0, 1)), )

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.
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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
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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 Velocity (distance =~ 500 m, SNR__ =20 dB, LOS)
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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. 10 dB < SNR < 22 dB: use QPSK (higher data rate while meeting BER target).
3. SNR = 22 dB: higher-order modulations (e.g., Il6QAM) may be considered.

Performance comparison of BPSK and QPSK over different <2, A {=] 7 @ @ }
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0.05 | —&—BPSK - NLOS
6—QPSK - LOS
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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 /" 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: @ — 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
YOLOVI12 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
YOLOVI12 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
YOLOvVI2 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 YOLOvI12 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
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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 CSIacquisition 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). (1)
. Cyclic
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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 /4, for the 1—th OFDM symbol can be expressed as

h=axh_ + (l—ocz)xwt, )

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 a =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
_— >
00000000 ©000000® 00000000
Pilot— 00000000 ©0000008 00009000
10l—900000000 ©000000® ©0000000
00000000 ©®000000® 00000000
00000000 ©000000® 00008000
00000000 ©000000® 0000000
Data—Q9Q000000 ©000000® 00800000
00000000 ®000000® OO000®000
00000000 0©000000® 0000000
00000000 ©000000® 00000000
00000000 ©000000® 00000000
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)

»

> Channel

ty

6 ; Error signal e(n)

A

Channel
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A4

Estimated signal ¥ (n)

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). 3)

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 £ and /, its elements are calculated as follows

1—exp —j211:tmaxE
o] N,
(kT = —x . 6
Tmax . k_l
1—exp| —j2n——

N

s

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( T ) 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.

100 Method: Block Hold

Mean Square Error (MSE)
2

::: LS Estimation
LMMSE Estimation

L I . . . .
0 5 10 15 20 25 30 35 40
SNR (dB)

Figure 4. MSE Performance (o =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

10°

Bit Error Rate (BER)

I LS Estimation
LMMSE Estimation

] ] | | | | |
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Figure 5. BER Performance slow fading (a.=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)

+ LS + Linear Interp

LMMSE + Linear Interp
L L L

0 5 10 15 20 25 30 35 40
SNR (dB)

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
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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
quantitatively 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,x2,~~~,xn] of the system is a function of 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

A
Ox,

AACzZn:

i=1

Ax.. (1)

1
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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 [3. 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, 3, 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

AB = & , 2)

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

_|o4B|,  _ [

ax _| ow max Wz

A4B. : (3)

substituting equation (2) into equation (3) yields the error formula expressed in terms of the true baseline
value
AB’

AB, ="
/L

4)

2. Errors in viewing angles o and 3.
The viewing angle is obtained through pixel-angle conversion 6=Au-6,, where
0,=FOV, / W is the angular resolution per pixel. 'OV, 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

A . =0 . 4)

2.2. Chain tracking case.
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The total viewing angle is obtained by accumulating £ 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

Ao, =k-0,, (6)
— -

Ao =k"6,, (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 -si
c=AEsn®) ®)
sin(a + P3)
treating AB, o, [ as independent variables, with errors AAB ., Ao, . , AP, respectively.
According to equation (1), the maximum absolute error in distance AC is
A
A"4C’max = aAC A"4Bmax + aAC Aa’max + a C ABmax > (9)
OAB oo B
calculate the partial derivatives as
Y .
0AC _ .sm(B) , (10)
0AB  sin(a.+)
A ' +
0AC __4B. sm(P);os(oc B) , an
o sin“ (ot +)
.2
0AC _ yp. S (12)
P sin” (o + )

substituting equations (4), (6), (7), (10) — (12) into equation (9) yields the maximum absolute error in
distance AC is

sinB) 4B | AB-sin(B)|cos(o+ B)| v 4 AB-sin(@) o

max . ) P .2 p° (13)
sin(a+P) f-L sin”(a+ ) sin” (o +3)
and the maximum relative error of AC is
54C,, =20 _ AB o or ) k0, 4D g (14)
AC  f-L ? sin(B)sin(a+ ) ’

Error Model Analysis

Equation (14) reveals three factors affecting the final ranging accuracy and their geometric
significance:

1. Baseline measurement term A—BL: 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 |cot(0c + B)| -k© ,: The error is modulated by the geometric factor
cot(a+ ). This term is minimized when o+ — 90°, and tends to infinity when o+ — 0° or
180°, indicating system instability.
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sin(al)

sin() sin(o + )

geometric factor. This term is smaller when o is small or 3 is large.

3. Viewing angle 3 error term

+k'0,: The error is modulated by a complex

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 ¥ to lower 6, controlling the number of chain tracking

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
Pax 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
2.5 T T T

T T

—©— Proposed scheme

——&— Traditional AN (no null space)
No artificial noise

2]

Secrecy rate (bps/Hz)

0 2 4 6 8 10 12 14 16 18 20
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Figure 2. Secrecy rate vs SNR

SOP vs SNR
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& ~——&— Proposed scheme
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Secrecy Outage Probability (SOP)
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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 Voronoi 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
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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+oLlL+BL+7L, (D

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
256x256 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 le-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.

Classification Error Curves (Epoch 1-199) - moving_avg (outliers removed) Loss Curves (Epoch 1-199) - moving_avg (outliers removed)

—— Train Class Error (moving avg) 204 —— Train Loss (moving avg)
Val Class Eror (moving avg) Test Loss (moving avg)
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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-SLAMS 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-
SLAMS3 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.qg., bright daylight,
dim artificial light, abrupt changes near windows). These factors may affect direct methods (DSO) and
feature-based methods (ORB-SLAM3) 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-SLAM3 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-SLAM3 [4]. Both systems are used in their official implementations without functional
modifications, except for minor additions to ORB-SLAMS3 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 viconroom1 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 MAV 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;"™". )

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

1 : trans 2
ATE = \/W;(APEi ). ©)
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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

Eirel _ (ATigt )71 ATiESt, e

RPE _ HT( Eirel )

" RPE s = %Z(eiRPE)Z- 4)

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
1280x1024
DSO mode0 TUM Sequence 14 | 0.2322 | 0.6016 0.4862 20.05 1640480
752x480
ORB-SLAM3 | EuRoC V1_01_easy | 0.0875 | 0.0271 0.1560 11.51 /600x350

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-SLAMS 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.

DSO (mode=0) on TUM monoVO seq_14 (ATE RMSE = 0.2322 m)

R O

Figure 1. 3D Trajectory Comparison of ORB-SLAMS3 and DSO (model) on TUM freiburgl xyz
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ORB-SLAM3 (Mono) on EuRoC V1_01_easy (ATE RMSE = 0.0875 m)

3 0 - - 0
X (m) X (m) Y (m)

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 c

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-SLAM3, 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.AMS DSO quezo DSO mo_de:l
(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 / 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.

509 Night — Trajectory Comparison 509 Day — Trajectory Comparison

Figure 4. Trajectory Evaluation of ORB-SLAMS3 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-SL.AMS DSO que:O DSO mo_dezl
(Day/Night) (Day/Night) (Day/Night)
Input Frames 1805/ 1861 1804 / 1860 1804 / 1860
Output Poses 2481206 27917208 289/212
Average Points per Frame 212.41214.3 2639.8/2631.0 2707.2/ 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-SLAMS3 at night on the
509 sequence.

Corridor Night — Trajectory Comparison Corridor Day — Trajectory Comparison
8 = ORB-SLAM3 (211 KF, 4.5m) == ORB-SLAM3 (251 KF, 9.0m)
—— DSO (mode=0) (212 poses, 8.2m) DSO (mode=0) (283 poses, 12.4m)
DSO (mode=1) (217 poses, 3.7m) DSO (mode=1) (291 poses, 10.6m)
7 10 |
|
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6 |
: \
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Figure 5. Trajectory Performance Comparison of ORB-SLAM3 and DSO in Corridor Scenarios Under Day and
Night Illumination a — 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-
SLAMS3 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 frameg, i.e., roughly 2.5 — 3x the ORB-SLAMS 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-SLAMS 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.
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Average Per-Frame Tracking Time
304 28.9

s ORB-SLAM3
B DSO (mode=0)
B DSO (mode=1)

Mean Tracking Time (ms/frame)

509 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-SLLAM3’s map remains a sparse geometric scaffold (see Figure 7).

a b c d

Figure 7. Reconstructed Scene Texture: A Comparison of Different SLAM Algorithms: « — 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-SLAMS3 and DSO show a fairly clear division of roles. ORB-
SLAMBS 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-SLAMS3
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 UAVs in the global geographic coordinate system by matching low-altitude
oblique 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
queries 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 1e-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 CNNSs, 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@1
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 1=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@1
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
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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.

ResNet-18 Retrieval MLP-Mixer Retrieval

uery R18 R18

Mixer Mixer Mixer
Top3

(UAV) Top1 Top3

WS Correctmatch WM Wrong match

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.

ResNet-18 Baseline MLP-Mixer Baseline
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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 oblique 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.

UAV View (Drone Branch) Satellite View (Sat Branch)

R18 CAM Mixer CAM R18 CAM Mixer CAM
UAV Original (UAV) (VAV) SAT Original (SAT) (SAT)
E i

sample 1

sample 2

sample 3

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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TEXHOJIO'MHU NEPEJAYU U OFPAFOTKH UH®OPMALUU

CBEJEHUS Ob ABTOPAX
1. bpyrran FOnus BukropoBHa — K.T.H., JIOLEHT OTACJIICHUS
UH(POPMALMOHHO-

KOMMYHHUKAIIMOHHBIX TEXHOJIOTHIA
00pa30BaTEJILHOTO J€TIapTaMEeHTa
[IepenoBoil MHKEHEPHOH ILIKOJIBI
TUOPHTHBIX TEXHOJIOTHI B
crtankocTpoeHru Cor03HOTO
rocynapctsa I[IckoBlY

2. Bau I'yostHb — K.T.H., IIpenojaBaTeib
HammonansHOrO yHUBEpCUTETA
000POHHBIX TEXHOJIOTUH, I. YaHria,
Xynansb, Kurait

3. Ban laub — CTYAEHT Kadeapsl
UH(POKOMMYHHUKAITHOHHBIX
texHosioruit bI'YH1P

4. Ban L[3smx0y — CTYAEHT Kadenpsl
MH(OKOMMYHHUKAITMOHHBIX
texHosioruit bI'YH1P

5. Ban [{uxkaii — CTYAEHT Kadenpsl
MH(OKOMMYHHUKAITMOHHBIX
texHoJsioruit bBI'YH1P

6. Ban lIyo — CTYAEHT Kadenpbl
MH(OKOMMYHHUKAITMOHHBIX
texHoJsioruit bBI'YH1P

7. Bacrotuu Anapeit JImutpueBuy — CTYACHT Kadeapsl
MH(OKOMMYHHUKAITMOHHBIX
texHoJsioruit BI'Y1P

8. Benrepenko Bagum Bnagumuposuu  — actiupant OUIINA HAH benapycu

9. BumaskoB Bnagumup AHaTosibeBUY  — .T.H., Mpodeccop Kadeapbl
MH(OKOMMYHHUKAITMOHHBIX
texgogorui bI'YUP

10. BoponoB Anekcanjip AHaTOJIbEBUY — K.T.H., jo1. J1a0.222 OUIT1 HAH
benapycu

11.  To lHuwn — acmupaHT Kadenpbl
UH(POKOMMYHHUKAIIMOHHBIX
TexHosioruit bI'YHNP

12.  TopOyxos JImutpuit Muxaitnosuu — K.T.H., IOLEHT Kadeapsl
UH(POKOMMYHHUKAIIMOHHBIX
TexHosioruit bI'YUP
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13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Boponosuu /Imutpuii FOpreBuy

Xosub Cronp XyaHb

3opbko Muxaun MiBanoBuu

Kanko Mapust Onerosna

Ko6sx Urops IlerpoBuu

Kypunosuu Annpeit Bragumuposuy

JleBonenko MBan Uropesnu

JIune Beit

JIutBunoB Cepreit Bnagumupoud

Jloseukuit Muxaun FOpbeBuy

Jlomako Anexkcanap BukropoBuu

JlykameBny Mapuna MuxaiisioBHa

JIro IO

Ma I13roHb

— MarucTpast Kadeapsl
UH(POKOMMYHHUKAITHOHHBIX
texHoJsioruit bI'YUP

— K.T.H., IOUEHT Kapeapsl
WH(HOKOMMYHHUKAITUOHHBIX
texHonoruit bI'YUP

— aCCUCTEHT Kadeapsl
WH(HOKOMMYHHUKAITUOHHBIX
Texnoaorui bI'YUP

— MarucTpaHrka Kageapsl
MH(OKOMMYHHUKAITMOHHBIX
texHosioruit bI'YH1P

— K.T.H., IJOUEHT Kadeapsl
AJIEKTPOHHBIX BBIYMCIUTEIbHBIX
mamuH bI'YUP

— CTapIIHii mpernoaaBaTenb Kadeaps
WH()POKOMMYHUKAITHOHHBIX
TexuoJsiorui bI' YUP

— MarucTpaHt QaxysiabTeTa
nH(pOPMALMOHHOMN 6€30MacHOCTH
BI'YUP, unxxenep-uccienoBaTeib
OAO «Ilenenr»

— CTYIIEHT Kadeapbl
MH(OKOMMYHHUKAITMOHHBIX
texHonoruit bI'YUP

— COBETHHUK I'eHepaIbHOTO
nupekTopa xonauHra «AbBy, r.
Pocros-na-Jlony, PO

— acCUCTEHT Kadeapbl
WH()OKOMMYHUKAIIMOHHBIX
texgogorui bBI'YUP

— KaHJU1aT TEXHUYECKUX HayK,
JIOLIEHT, JOLEHT Kadeapsl
UH(POPMALIMOHHBIX TEXHOJIOT U
aBTOMAaTU3UPOBAHHBIX CUCTEM
BI'YHP

— K.T.H., JOUEHT Kadeapsl
UH(POPMALIMOHHBIX CUCTEM
ynpasienus bI'Y

— MarucTpaHT Kageapbl 3alIUThI
uHpopmanuu BI'YHUP

— K.T.H., aCCUCTEHT Ka]eapbl
UH(HOKOMMYHHUKAITUOHHBIX
Texnosorui bI' YUP
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27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
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Makeiiunk Exarepuna [ enHanbeBHA

Maxkcak Makcum FOpbeBuu

Maceiiuuk Enena AnekceeBHa

[TerpoB Cepreit Hukonaeuu

[Inmromko Anexcanap AJleKkceeBuY

[lynko TaTbsiHa AnexkcaHapoBHA

PobGaueBckuii Anexcanap
JmuTtpuesny

CwmoTtpyk 'epman CepreeBuu

ConoBréB Anekcelt HukomaeBuu

Taryp Muxaun MuxaiinoBuu

TumodeeB Anekcanap MuxaitioBud

TymanoB Tumyp AnapeeBuu

®ponos ['puropuit ApréMoBUY

XamxuHoBa Kcenust AnexcanapoBHa

— CTapUINii MpenoaBaTesb Kaeapol
WH(OKOMMYHHUKAITUOHHBIX
Texuosioru bI' YUP

— MarucTpanr Kadeapsl
UH(POKOMMYHHUKAITHOHHBIX
texHoJsioruit bI'Y1P

— aCCUCTEHT Kadeapsl
WH(HOKOMMYHHUKAITUOHHBIX
Texnoaorui bI'YUP

— K.T.H., JOUEHT Ka(eaphl 3aIIUThI
uHpopmanuu BI'YUP

— K.T.H., JOUEHT Kadeapsl
MH(OKOMMYHHUKAITMOHHBIX
texHoJsioruit bI'YHP

— K.T.H., JOUEHT KadeaAphl 3aIIUThI
uHpopmanuu BI'YUP

— MarucTpaHt QaxysiabTeTa
nH(GOPMALIMOHHON 6€30MacHOCTH
BI'YUP

— MarucTpaHT Kadeapbl 3alUThI
nnpopmaruu BI'YUP, umxkenep-
cucreMotexHnuk OO0 «CodrJlaiin
JupekT»

— HayYHBIA COTPYAHUK HAYyIHO-
UCCIIEIOBATENLCKOM JabopaTopuun
NPUKIIAJHOTO aHAJIN32a
UH(POKOMMYHHKAIIMOHHBIX CUCTEM

Kadeapsl TEIIEKOMMYHUKAITMOHHBIN
cucteM BI'AC

— J.T.H., ipodeccop kadeaps
ANEKTPOHHBIX BBIYMCIUTEIbHBIX
mamnH BI'YUP

— KaHIUJAT TEXHHYECKUX HaYK,
JIOLICHT, JIOIEHT Kadeaphl 3alUThI
unpopmaruu BI'YUP

— CTYAEHT Kadeapbl MUKpPO- U
HaHoanekTpoHuku bI'YUP

— CTYAEHT Kadeapsl
UH(HOKOMMYHHUKAITUOHHBIX
Texnosorui bI' YUP

— CTyleHTKa (hakynbTeTa
UH(POPMALIMOHHBIX TEXHOJIOTUH U
ynpasienus bI'YHP



41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

[BetkoB Bukrtop FOpreBuy

YenukoBa Buonerra BukropoBHa

Ysxan bun

Yskan CUHBION

Yrxan Un

[ITao Cuuprod

[ITemeToBnu ExaTepuna

MuxaiioBHa

[naxtyn Jdapea BuranbeBHa

IOit [uaxans

Sxosnes Opuit CepreeBuy

Su Huso

— 3aBeyromuil kadeapoit
UH()OKOMMYHUKAITUOHHBIX
texnonoruii bI'YUP, n.1.1.,

npodeccop

— CTapUINi MpenoiaBaTeNb KaQeapsl
WH(HOKOMMYHHUKAITUOHHBIX
Texnojorui bI'YUP

— CTyIEHT Kadeapsl
UH(POKOMMYHHUKAITHOHHBIX
texHoJsioruit bI'Y1P

— CTYAEHT Kadenpsl
MH(OKOMMYHHUKAITMOHHBIX
texHoJsioruit bI'YP

— CTYAEHT Kadeapsl
MH(OKOMMYHUKAITMOHHBIX
texHoJsioruit bI'Y1P

— CTYAEHT Kadenpsl
MH(OKOMMYHHUKAITMOHHBIX
texHosioruit bBI'YH1P

— CTYAEHT Kadenpsl
MH(OKOMMYHHUKAITMOHHBIX
texHosioruit bI'YH1P

— yyamascs yapexacHus
o0OpazoBanus «HammoHanbHbIH
JIETCKUN TEXHOIAPK 10
HarpaBieHuto «MudopmarmonHas
0€30I1aCHOCTEY

— CTyIIeHT Kadeapsl
MH(OKOMMYHHUKAITUOHHBIX
texHonoruit bI'YUP

— aCIHPAHT OTJEJICHUS
nH(pOpMaIMOHHO-
KOMMYHUKAIIHOHHBIX TEXHOJIOTUH
[IckoBl'Y

— CTYAEHT Kadeapsl
MH(OKOMMYHHUKAITMOHHBIX
texgogorui bBI'YUP
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