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1. OBIIA XAPAKTEPUCTUKA HA JMCEPTALTMOHHUA TPY I.

MoTuBH 3a pa3padoTKa Ha IMCEPTANMOHHHUS TPYA

MortuBute 3a pa3paboTka Ha JUCEPTALMOHHUSA TpPYA MPOU3THYAT OT
HapacTBALUTE U3UCKBAHUS KbM ChbBPEMEHHUTE BOCHHU CUCTEMH 3a HAOIIOACHHUE U
O0OEKTUBHUTE OTPAaHUYCHUS HA TPAJUIIMOHHUTE METOIH 32 00pabOTKa HA ONTHYHU
n3o0pakeHus. B peanHu yciaoBus 00eKTHTE C BOGHHO U CTPATETMYECKO 3HAUCHHE
YeCTO Cca YaCTUYHO 3aKPUTH, MACKUPAHU WM HAOIIOAaBaHU MPHU HEOIAronpHUsITHUA
ycnoBus. ToBa BoAM A0 HUCKO KaueCTBO Ha M300paKEHUATA U CHIIHO 3aTpy/IHSBA
Ha/IeXK/THOTO UM OTKpUBaHe U pa3no3HaBaHe. ChlecTByBa oce3aeMa IOTPEOHOCT OT
METO/IU U alITOPUTMHU, KOUTO J1a OCUTYPSIBAT IO-BUCOKA TOYHOCT M yCTONYHUBOCT MIPH
pa3no3HaBaHe Ha YaCTUYHO BUAMMHU OOEKTH B CI0XHA OOCTaHOBKA.

[TapanenHo ¢ ToBa Pa3sBUTUETO HA M3KYCTBEHHUS] HHTENIEKT MU JbIOOKO
CTPYKTYpUPAHOTO O0yUEHUE HA MHOTOCIOMHU HEBPOHHU MPEXKH MPe3 MOCIETHOTO
J€CeTUJICTHE pa3KpHBa HOBH BB3MOXKHOCTH 3a aBTOMaTH3MpaHa 00pabOTKa Ha
rojemMu obemu oT Bu3yasiHa nHpopmanusa. KoOHBOIIONUMOHHUTE HEBPOHHU MPEXHU
(CNN) u cBbp3aHUTE C TSIX ApXUTEKTYPH IMOKa3BaT 3HAYMTENICH HAINPEIbK IPH
pEIIaBaHETO Ha 33aJa4uM M0 OTKPUBAHE U pa3lo3HaBaHE HAa 0OEKTU B M300paxeHMUs,
HO MPUJIOKEHUETO UM B CIEIM(PHIHUS TOMEWH Ha BOGHHUTE ONITUYHHU N300pakeHUs
C YaCTHYHA BUJAMMOCT OCTaBa HEJOCTATHYHO M3CIIeABaHO. ToBa € MpeInocTaBKa 3a
pa3paboTKa U U3CJeIBaHe Ha aJalTHpPAaHU KbM JOMEHHA, HEBPOHHU apXUTEKTYpPH,
TPEHUPOBBYHU CTPATETMM W HAOOpU OT JIaHHU, ChOOpA3eHH C OCOOEHOCTUTE Ha
3aJa4ara.

JlombHUTENIEH MOTHB 3a pa3paboTkaTta Ha JUCEPTAMOHHUS TPYAd €
HEOOXOMMOCTTa OT MOBUIIABAHE HA CTENEHTa Ha aBTOMAaTH3alUsl U 0OEKTUBHOCT
IpY B3€MAHETO Ha PEeUICHUs Ha TAKTUYECKO U OllepaTUBHO HUBO. Upe3 BHenpsiBaHe
Ha METOJM Ha U3KYCTBEHMsI MHTEJIEKT B CUCTEMHTE 3a HaOJIOJICHHWE U aHAIU3 Ce
[eJd HaMajisiBaHE Ha HATOBAapBaHETO BBPXY ONEpPAaTOPUTE, OTpaHUYaBaHE Ha
cyOexkTuBHHUA (AaKTOp M IMOBHUIIIABAHE HA CBOEBPEMEHHOCTTA U HAJEKAHOCTTA Ha
npeaocTaBsiHaTa HHGOpMaIusl.

AKTYyaJIHOCT HA npodJieMa

B ycnoBusTa Ha HapacTBalia 3aruiaxa OT JOKAJIHU U aCUMETPUYHU BOCHHU
KOH(QIUKTH HEoOXOJUMOCTTa OT TIOCTOSIHHA, HaIeXJAHa W HaBpPEMEHHa
nH(popmanus 3a 00EKTH C BOGHHO 3HaYEHUE € OT 0coOeHa BaxXHOCT. ChbBpEMEHHUTE
BOCHHH W pa3y3HaBaTEIHH CHCTEMU Te€HEpUpaTr OrpOMHH O0EMH OT JaHHH OT
pa3HOO0Opa3HU U3TOYHUIM — KAKTO BOCHHH, Taka M MUBIIHU. ChIIECTBEHA YaCT OT
Ta3u HH(OpMaIUs MOCTHIIBA MO popMaTa Ha ONTUYHHU U300PAKEHUS, TIOTYYEHH OT
pa3CTOSsIHME OT Pa3HOPOJHM TUIaTHOPMHU 3a HAOIIOACHUE — CITBTHUKOBU CHUCTEMH,
NUWIOTUPAHU U HEMWJIOTHPAHU JIETATeJIHU anapaTd, Ha3eMHHU CUCTEMU.

Ha npakTtuka, 3HauMTEIHA YacT OT T€3U U300paKEHUS Ce XapaKTepusupar ¢
HUCKO KayeCTBO M OrpaHMYE€Ha IPOCTPAHCTBEHA pasJeluTeIHa CIOCOOHOCT.
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[Tonyuyenu ca npu HEOIATONPUSATHU YCIOBHS Ha HAOIOIEHUE U YACTHYHA BUAUMOCT
Ha 00EKTHUTE, MOpaJu 3aKpUBaHe, MACKUPOBKA WUJIM HaJM4Ke Ha cioxeH (GoH. ToBa
CBIIIECTBEHO 3aTPyAHSIBA TPAAUIIMOHHUTE METO/IM 32 aBTOMAaTH3UpaHa o0paboTka u
M3MCKBa pa3pabOTBAaHETO HA O-YCTOWUMBH MIOJIXO0/IM 32 OTKPUBAHE U pa3MO3HABAHE.

3a nma ce ocurypu edekTuBHa 00pabOTKa W HWHTEpPHpETAIUs Ha TO3H
WH(POPMALIMOHEH TMOTOK, € HeoOXOJUMO BHEIPSBAHETO Ha CHBPEMEHHHU
aBTOMATHU3UpPAHU CHCTEMH, O0a3MpaHu Ha METOAM HAa M3KYCTBEHUS WHTEJIEKT U B
YaCTHOCT IBJIOOKO CTPYKTYPHUPAHOTO OOy4YeHHE Ha MHOTOCIOWHHM HEBPOHHU
Mpexu. KpaitHarta 11e1 € 4oBeIKHUAT (PaKTop, aHTAKUPAH C B3EMAHETO Ha PEIICHUS
Ha JIOKAJHO, TAaKTUYECKO, OMEPaTHBHO M CTPATETMUYECKO HHMBO, Jla pasmoiara ¢
TOYHA, HaJeXJAHA M CBOEBpeMEHHa uHGoOpMalus, KOATO Ja MojJrnomara
IUTAHUPAHETO U YIIPABJICHUETO HA BOCHHUTE OTIEPAIINH.

en n 3a1aun Ha AUCEPTALMOHHMSA TPY/

OcHoBHaTa mel1 Ha JAUCEPTALMOHHHMS TPYA € Ja ce IMpOeKTHpa U
ONTHMHU3HMPA MHOTOCIIONHA HEBPOHHA MpeXka C IbJI00KO CTPYKTYpUpPaHO 0OydeHue
3a OTKpUBAaHE M pa3[O3HaBaHE HA YacCTMYHO BUIUMH OOEKTHM C BOEHHO
npeJHa3HaYeHHE B ONTUYHU U300pakKeHHUs.

[IponsTruammre OT MOCTaBEHATA IEJT 3aa4H ca:

1. Jla ce u3BBPIIN aHANU3 HA CHIIECTBYBAIIUTE MOIXOAM 32 OTKPUBAHE H
pasno3HaBaHe Ha OOEKTH B ONTHYHU M300paKEHHUs C M3IMOJ3BAaHE HA HEBPOHHU
MPEXKHU C aKIEHT BbpPXY MPUIIOKEHUATA B OTOpaHaTa.

2. Jla ce cTpyKTypupa croenmanu3upaHa ©0a3a OT JaHHH OT ONTHYHU
M300paXeHWs Ha BOEHHA TEXHHKA, BKIIOUMTEIHO CIEHH C pealHu OOWHU U
TPEHUPOBBYHU YCJIOBUSA, C YACTHUYHO 3aKpUBaHE Ha OOEKTUTE M HaJIU4YUEe Ha
MHO’KECTBO 00EKTH B Kaabpa.

3.la ce wu3BBPIIM CUCTEMaTHYHA OIICHKa Ha HAO0Op OT CHBPEMEHHU
IpeaBapUTETHO O0yUYeHU HEBPOHHU MPEXH 4pe3 Ch3AazeHaTa 0a3za OT JaHHU OT
ONTUYHU U300paKEHUSI HA BOEHHA TEXHUKA.

4. lla ce ocbiecTB M300p HAa HEBPOHHA apXUTEKTypa Ha MHOTOCIOWHA
HEBPOHHAa MpeXa 3a OTKPMBAaHE M pa3MO3HABaHE HAa OOCKTH B ONTUYHU
M300paKeHHUS.

5. Jla ce mpoekTupa, peanusupa, ONTUMHU3UPA U OIICHH HEBPOHHA MpEXka 3a
OTKpHBaHe, pa3lo3HaBaHe U KJIacH(PHUKAIUSI Ha YACTUYHO 3aKPUTH BOCHHU OOEKTH
B ONITUYHU U300paKEHHUS.

IIpenmer Ha TMCEPTALMOHHUS TPY/

[TpenMeT Ha nuUCepTAIMOHHUS TPYA Ca MOJEIH M aNTOPUTMHU, Oa3upaHu Ha
MHOTOCJIOfHM HEBPOHHM MpEXH C JIBJIOOKO CTPYKTypHpaHO OOydeHue, 3a
pa3no3HaBaHe Ha ONTHUYHU M300paXKeHHUS.

CpencrBa 3a nocTUraHe Ha MOCTABEHATA 1€

e MeToau 3a HU(poBa 00padOTKa HA U300PAKEHNUS,;



e TEOopHs W MPUHIUIMN 32 U3TPpaKIaHe W paboTa Ha CUCTEMH C HM3KYyCTBEH

MHTEJIEKT 3a pa3lo3HaBaHEe Ha U300paKEHUS;

® TEOpHUs Ha KOMIIFOTBPHOTO 3PEHHE;

® CTAaTUCTUYECKH METOAM 3a 00paboTKa Ha MHPOpMALUS;

e METOAM 3a IPOrpaMHO M CTUMYJIALIMOHHO MOJEIUpPAaHE B pa3BolHATa
codryepHa cpena Ha Matlab/Simulink.

Hay4yHa HOBOCT

Hayunata HOBOCT B JAMCEPTAlMOHHUS TPYJ C€ 3aKJI0YaBa B MPEIJIOKECHHUS
MOJXOJ] 3a paslo3HaBaHE HA YAaCTUYHO 3aKPUTH BOEHHU OOEKTH B OINTHUYHU
M300paxeHus OT CTPYKTypUpaHa crenrain3upana 6a3a oT JaHHHU C U3MOJI3BaHE Ha
HEBPOHHU apXUTEKTYPH C IBJIOOKO CTPYKTYpHUpPAHO OOyUECHHE.

IIpakTHyecka 1moJIe3HOCT

[IpakTryeckara Moje3HOCT Ce ChCTOM B pa3pabOTBaHE HA MAaTEMAaTHUYECKH
MOJIEH U aITOPUTMH 32 OTKPUBAHE U Pa3l03HABAaHE HA YACTUYHO BUAMMH OOCKTHU
C BOCHHO NpeAHAa3HAuYEHUE B ONITUYHU U300pakeHUs C IPUIIOKUMOCT B ChbBPEMEHHU
CUCTEMHM 3a pa3y3HaBaHe, HAOIIOJACHHE U LieJeyKa3BaHe, U3IO0J3BaHU OT
BBOPBKEHUTE CHJIM M CTPYKTYpH 3a CUTYPHOCT, C L] IIOBHMIIABAHE Ha
Ha/IeKIHOCTTa U Obp3MHATA HA OLIEHKA Ha OOCTAaHOBKAaTa Ha JIOKAJIHO, TAKTUYECKO
U OIIEpPAaTUBHO HUBO.

CTpyKTypa HA IMCEPTAMOHHMAT TPy

B HacTosmus nucepTamoHeH Tpy ce pa3paboTBaT v U3CaeABaT NOAXOIU U
ApXUTEKTYpPH 32 aBTOMATHUYHO OTKPUBAHE W pa3lO3HABaHE HAa YACTUYHO BUIUMU
00EKTM C BOCHHO NpEIHA3HAYEHUE B ONTHUYHU HU300pakeHHs, OazupaHu Ha
MHOTOCJIOMHH HEBPOHHU MPEXH C IBJIOOKO CTPYKTYPUPAHO OOyUEHHE.

B nmpearoBopa ca QopMyiauMpaHM MOTHUBUTE U aKTyaJHOCTTa Ha
M3CIIEIBAHETO, NPEIMEThT Ha HAYYHOTO H3CJIEJBAHE, LENATa W 3aJa4yuTe Ha
JIUCEPTALMOHHHUS TPYA, U3MOI3BAHUTE METOIM HA U3CIEABAHE, HAYYHUTE IPUHOCH
Y TIPAKTUYECKATA MOJIE3HOCT.

JlucepTauMOHHUAT TPy ChABPXKa MPEArOBOP, YETHPHU I[JIaBU, 3aKIIOUYEHUE,
CHUCHK Ha HAyYHHUTE MPUHOCH, CIUCHK Ha MyOJMKaIMUTE, CIIUCHK HA LIUTUpAaHATa
JaUTepaTypa U npuiiokeHus. UeTupuTe riiaBu ca JOTUYECKH OOBBP3aHU U CJelBatT
€CTECTBEHATa IOCJIEI0BATEIHOCT OT AHAJIM3 Ha CHIIECTBYBALIOTO CHCTOSHUE HA
npobsieMa, TEOPETUYHO OOOCHOBAaBaHE Ha W3IMOI3BAHUTE METOAU U MOJEIH,
MPOBEXK/IaHE HA CHUCTEMATHUYHU KOMITIOTBPHU E€KCIIEPUMEHTH U (hopMmyJsiMpaHe Ha
KOHKPETHU HAy4YHU MIPUHOCH.

IIspBa raaBa 1mpeAcTaBs CHUCTEMAaTHYEH JHUTEpaTypeH o0030p Ha
CbBPEMEHHOTO CBbCTOSIHUE Ha METOAMTE 33 AaBTOMAaTUYHO OTKpHUBaHE U
pasno3HaBaHe Ha 00EKTH B ONTUYHU M300paKeHMs. AHATM3UPAHU ca KIACUYECKUTE
noaxoau, 0a3upaHu Ha PHYHO JePUHMpPAHU MPU3HALM, CHbBPEMEHHHUTE ABIOOKH
HEBPOHHU apXUTEKTypU U CHEUUPUUHUTE NPEIU3BUKATEICTBA, CBBP3aHU C

5



YacTUYHATA BHUJIUMOCT, OKIy3UMTE€ W OrpaHUYeHHTEe OOydaBalld JIaHHU B
cnenuanu3upanu fomeiHu. O030pbT 00XBala 68 U3TOUHHUKA U CITY>KU KaTO OCHOBA
3a QopMyiHMpaHe Ha IMOAXOJ KbM pelllaBaHe Ha T[OCTaBEHUTE 3aJayd Ha
JTUCEpTALUSTA.

Bropa riaBa uznara TEOpETUYHUTE OCHOBH M MATEMATUYECKUTE MOJENH Ha
MHOTOCJIOMHUTE HEBPOHHH MpPEXH C JIBIOOKO CTPYKTypUpaHO OOydeHHE.
Pasrienanu ca apxutexkTypaTa u npuHiunure Ha padota Ha CNN, anropurmure 3a
oOydeHne W perynapusaius, (QyHKIUUTE Ha 3ary0aTa WU OCHOBHHUTE CBBpP3aHU
apxXuTeKTypu. B kpas Ha rmaBara e (opMaau3upaH MaTeMaTHYeCKH MOJEN 3a
KJIacupuKalysg Ha YaCTUYHO BUIUMH OOEKTH 4Ype3 BBHBEXKIAHE Ha ONEepaTtop Ha
BUJMMOCTTa U aHaJIM3 Ha HETOBOTO BIMSHUE BBPXY IMPABOTO U OOPaTHOTO
pasnpocTpaHeHne Ha MH(opMaIusATa B HEBpOHHATa MpEKa.

Tpera riaBa npeacTaBsi pe3yiaTaTUTE OT JBa CUCTEMAaTUYHU KOMIIOTHPHU
ekcnepuMmeHTa, mnposeneHu B cpena MATLAB Bbpxy komekmus ot 2748
U300paKeHHUS Ha BOEHHA TEXHUKA B OCEM Kilaca. B mbpBUS eKCHEpUMEHT ca
orieHeHH 19 npeaBapuTeIHO 00yUeHN HEBPOHHU MPEXKH 110 OTHOIIIEHHE Ha 6a30BaTa
UM TOYHOCT IPH pa3o3HaBaHe Ha BOCHHU 00€KTH. BTOpHST ekciepuMeHT u3cieaBa
e(peKTUBHOCTTAa Ha TEXHUKaTa 3a TpaHCpep Ha 3HAHUS W BIHSIHHETO Ha
ayrMEHTalMATa C YACTUYHO 3aKpHUBaHE BbPXY TOYHOCTTA Ha Pa3lO3HABAHE, KATO
MMOCTUTHATUTE PE3YJNTATH MOTUBHpPAT HEOOXOJUMOCTTAa OT CIEHHATM3UpaHa
apXUTEKTYpa.

YerBbpTa IJ1aBa ChIbPKAa OCHOBHUS HAay4eH MPUHOC HA JUCEpTaIUsaTa —
MPOEKTUPAHETO,  CUCTEMATHYHOTO  HM3CJE€ABAaHE M  ONTUMHU3ALMATA  HA
cnermanu3upanata CNN-6 3a pasno3HaBaHe Ha YaCTUYHO BUJIMMH BOCHHH OOCKTH.
[IpencraBenu ca pe3yiaTaTUTE OT TPU EKCIEPUMEHTAJIHU €Tala C HapacTBalla
CIIOKHOCT Ha oOyuaBamiuTe JaHHU, H300pBT W JICTAWIHOTO OINUCAaHUE Ha
ONTHMAaJIHATA WIECT-OJIOKOBA AapXUTEKTypa, HEWHOTO CpaBHEHHWE C W3BECTHU
MOJEJH, Pa3IIUPEHUETO KbM 3a/adya 3a JIOKaJu3alusl 4pe3 aifOPUTHM ,,ILTb3Talll
npo3oper’ W pa3padOTEHUSAT KacKaJeH MOJCI 3a CEeMaHTUYHO (QUITpPHpAHE U
pa3no3HaBaHE B CMECEHU CLUEHU C IIUBUIIHU U BOCHHH OOEKTH.

B IIpuno:xkenue 1 B TabnuueH BUA U GUTYpH ca IPEACTABEHU JOIMTbIHUTEIHU
JAHHU OT CUCTEMAaTUYHUSAT aHAIU3 HA PE3yJITaTUTE OT padoTaTa Ha MPOCKTUPAHUTE
mHorocioanTe CNN.

B IIpunoxkenue 2 ca npuBEICHU YaCTU OT COPC-KOJIOBETE HA MPOrPAMUTE C
MOMOILTa Ha KOUTO CE€ OCHILIECTBSIBA MOAECIUPAHETO, OOYUEHUETO U TECTBAHETO HA
mHorocyorauTe CNN.



2. KPATKO CbABPKXAHUE HA TUCEPTAIIMOHHUAT TPY .

I'TABA 1. AHAJIU3 HA CBbBPEMEHHOTO CbCTOSSHUE N
MNPUJIOXKEHUETO HA METOIUTE HA UBKYCTBEHUSA UHTEJIEKT
3A OBPABOTKA HA OIITUYHU U30OBPAKEHMUSI.

JIutepaTypHUSAT 0030p € M3rOTBEH C L€l CUCTEMATH3UpaHE U aHaIU3 Ha
CBIIECTBYBAIIUTE HAYYHWU  M3CJIEABaHUS, CBBP3aHU C OTKPUBAHETO U
pa3MO3HABAaHETO HAa YACTUYHO BUJIUMH OOEKTH C BOEHHO IMpEJHA3HAUCHUE B
ontnuHU wn3o00pakeHws. OOxBama 68 HM3TOYHWKA OT IMOCICIHUTE IETHAIECET
TOJIMHM C TIPUOPUTET BBPXY nmyonukaruu cien 2020 r., nadpanu ot IEEE Xplore,
SpringerLink, Elsevier Science Direct u Google Scholar.

1.1. ITogxoam 3a aBTOMATHYHO OTKPUBAaHE U Pa3NO3HABAHE HA 00EKTH B
ONTHUYHU U300PAKEHUS.

ABTOMaTUYHOTO OTKPUBAHE W pa3lo3HaBaHE Ha 00EKTH € GyHIaMEHTaIHA
3ajlaya B KOMIIOTBPHOTO 3pEHUE C NPWIOKEHHS B CUTYPHOCTTa, OTOpaHara,
MEJMIMHCKATa JUAarHOCTHKAa M aBTOHOMHHUTE CUCTEeMH. Kiacuueckute MeTo.u,
0asupanu Ha HOG, LBP, SIFT u SURF, noka3Bar cbhllleCTBEHH OIpaHUYEHUS NPU
CIOKHHM CIIEHU — YYBCTBUTEJIHOCT KbM IPOMEHH B OCBETEHOCTTAa, Mailabda u
okny3unute. C pa3BUTHUETO HA M3YUCIUTEIHUTE PECYpPCH METOAUTE, W3IOJI3BaIlU
MHOTOCJIOWHH HEBPOHHHU MPEXH C IBIOOKO CTPYKTYpHUpPaHO OOy4YEHHUE Ce HajaraT
KaTO BOJEII TNOAXOJ, TbM KATO AaBTOMATUYHO M3BJIMYAT WEPAPXUYHU
XapaKTePUCTUKU 0€3 PHUYHO 3aJ1aJICHU MPU3HALIY.

1.2. 1100k HEBPOHHM MpEXKHU 32 OTKpHBaHe M KjaacuPUKAIMA HA
00€eKTH.

CNN ce yTBBprK/1aBaT KaTO OCHOBEH MHCTPYMEHT 32 aHAJIU3 Ha U300paKeHUS
- APXUTEKTYPUTE EBOIOMPAT OT KJacu(UKaIus Ha e AMHUYHUA OOEKTH KbM JIETEKITUS
Ha MHOKECTBO OOCKTH ¢ pa3nuyHu Mamadu. Bwrnpekn Bucokara Tounoct, CNN
U3UCKBAT 3HAYUTEIHU W3YUCIUTEIHU PECYypCH U JAEMOHCTPUpPAT IOHUKEHA
€(EeKTUBHOCT MPH CIIEHU C OKIY3UH M OTPAHUYCHHU 00y4yaBaIly JaHHHU.

1.3. CbBpeMeHHHU apXUTEKTYPH 32 OTKPUBaHe HA 00EKTH.

CbBpeMEHHUTE TOJIXOAM 32 OTKPUBAHE Ha OOCKTHU C€ JACJISIT Ha ABYCTHIIKOBU
(Faster R-CNN) — ¢ BHCOKa TOYHOCT, HO [TO-TOJIsIMA H3YMCIIMTEIHA CII0KHOCT — U
eqnocThkoBH (YOLO, SSD) - ¢ HUuCKa TaTeHTHOCT U paboTa B peajiHo BpeMe, HO €
MO-HUCKAa TOYHOCT MPU MAJKM WIM YacTUYHO BUAUMU 00ekThu. [loBedeTo
apXUTEKTYpH M3MOJ3BAT MpeaBaputesiHo o0yuenu 6azoBu mpexu (VGG, ResNet,
MobileNet), npoekTupanu ¢ o010 IpeAHA3HAYCHUE U HEONTUMHU3UPAHH 3a 33J1aun
C OTpaHUY€HA BUAUMOCT.



1.4. Pa3no3dHaBaHe Ha YAaCTMYHO BWIUMH O0EKTHM M BJIMSIHHE HA
OKJIY3HHUTeE.

Yactuunata BuAMMOCT (OKJIy3HMsl)) € €QHO OT  Hal-CEepUO3HUTE
peIU3BUKATENICTBA PE3YTaT OT MIPUIOKPUBAHE MEXKITY 00CKTH, MPENATCTBUS WIN
HeOIaronpusTHU bIaU Ha HaOmoaeHue. [Tpu oxny3uu crangaptaure CNN He Morar
Ja OTKPHUAT KIIOYOBH CTPYKTYpPHH NpU3HALHM, (OKYyCHpaT c€ BBPXY BTOPHUYHHU
XapaKTEPUCTHKU M TEHEepUpaT IpeliHu pemieHud. llpennoxkeHure mnoaxoau -
MHOTOMAIla0HN TPEICTaBIHUS, MEXAaHW3MH 3a BHHUMAaHME M KOHTEKCTHA
uH(pOpMallKs YaCTUYHO pelaBaT mpoOsemMa, HO BOJASAT J0 YBEIHUYEHA CIIOKHOCT.
HepocraTbuHOTO TpencTaBsHE Ha H300pakeHUs] HA OOEKTH C OKJIy3HH B
oOyyJaBaniuTe Ha0OpU JOMBIHUTEIHO OrpaHu4aBa 000OIIaBalaTa CroCOOHOCT Ha
MOJICIIUTE.

1.5. Tpancdep Ha 3HAHMS NIPH 321244 32 OTKPUBaHe U Pa3N03HABaHe HA
00€eKTH.

OOyuenuero upe3 tpaHcdep Ha 3Hanus (Transfer Learning) e xirouoBa
TEXHUKA [PU OTPAHUYCHU CHEU(UYHN JaHHU - MOJICIIH, IPEABAPUTEITHO OOYUCHH
BBPXy ToJieMu 0a3u OoT JaHHU Ha u3zoOpaxkenus kato ImageNet mium COCO, ce
aganTUpaT KbM LI€JIeBaTa 3ajJada 4pe3 JAONBJIHUTEIHO OOy4YeHHE Ha 4YacT OT
cioeBere Ha wmpexara. [Ipu pasmo3HaBaHe Ha BOCHHM OOEKTH pa3jivKaTta B
M300paKEeHHSITa CIIPSAMO OOIIOJOCTHIIHUTE HAOOPH € ChIIECTBEHA, KOETO MOXKE /1a
noBene no orpuuareneH tpancdep (Negative Transfer) - 3aryba Ha 3HaHUS.
CrpareruuTe 3a ajantanus Karo 3amMpas3sBaHe Ha CJIOEBE, IOCTENEHHO
JOIBJIHUTENHO O0yYeHHEe M JAUPEPEHIMPAHU CKOPOCTH Ha OOy4YEHUE HU3UCKBAT
BHUMATEIJIHA ONITUMHU3AIINS.

1.6. OrpaHnyeHusi Ha CBIIECTBYBAIIUTEe METOAM 32 OTKPHBaHe U
pa3no3HaBaHe HA 00EKTH.

AHaIM3bT pa3KpuBa YETUPU OCHOBHU orpaHudeHus: (1) Bucoka
M3YHUCIINTEIHA CIIOKHOCT, 3aTpyAHABaIla paboTa B peajiHo BpeMe; (2) HerocTaTh4yHa
YCTOMYMBOCT TIPU OKJIYy3uu; (3) 3aBUCHUMOCT OT TOJIEeMH aHOTUPAHU HaboOpU ¢
OrpaHUYeH JOCTHI B cenupUuHU JOMENHY; (4) OrpaHUYEeHa UHTEPIIPETUPYEMOCT
Ha pEIIEHHUATA, 3aTpyJHABAIlAa aHaidu3a Ha rpemkute. [loBeueTo ChbBpeMEHHU
ApPXUTEKTYPH Ca MPOCKTUPAHU C IPUOPUTET BHPXY TOYHOCTTA, O€3 ONTUMHU3ALIMS 110
pecypcHa e(heKTUBHOCT.

1.7. Posisi HA JaHHUTE U AHOTALMMUTE NPHU OTKPUBAaHE U Pa3NoO3HABaHe HA
YaCTHYHO BUIUMHU 00€KTH.

B mumpoxo u3non3Banute 0a3v OT JaHHU Ha M300pakeHUs MpeoldianaBat
SCHO BHMJIUMHU OOEKTH, KOETO Ch3/laBa IMCOAJIaHC CIPSMO pPEaTHUTE YCIOBHSL.
AHOTHUPAHETO MIPHU YACTUYHA BUIUMOCT € TPYJAOEMKO U CyOCKTUBHO — Pa3IHUIUSITA
B HHTEpHpETanusaTa BOASIT JO HECHOTBETCTBUSA, BIUSCIIA HETATUBHO BBHPXY



oOyuenuero. Ilpennoxkenure pemieHus (YacTUYHU AaHOTALlMM, MAaCKHUpaHE,
JOITbJTHUTETHY KJIaCOBE 3a CTETEH Ha OKITy3Us) HAMAT YHUBEPCAJICH XapaKkTep.

1.8. CumyupaHe Ha YACTHYHA BUIUMOCT M TEXHUKH 32 yBeJIMYABaHe HA
o0y4yaBamuTe TaHHH.

[Ipu orpanryeHa HATUYHOCT HA PEATHU U300paXKEHHSI C OKITY3UH C€ IpuIaraT
TEXHUKH 32 ayrMEHTAIlusl — CIIy4ailHO MacKUpaHe, CHHTETUYHU TPCTSITCTBUS H
KOMOMHUpaHE Ha O0EKTH OT Pa3IU4HU U300paxeHus. M3KyCTBEHO reHepupaHuTe
MPUMEpPU HE BUHATW OTPa3siBAT PEATHUTE YCJIOBHUSI, MOPATU KOETO ONTHUMATHUST
pe3yATaT ce MOCTUTa MPU KOMOMHUPAHE HA CHHTETUYHU U PEAJTHU JaHHHU.

1.9. MeTpuku U KPUTEPHHU 32 OLIEHKA NMPH OTKPUBAHE M Pa3lo3HABAHE
Ha 00eKTH.

Crangaptaute metpuku (Precision, Recall, F-msapka, mAP) He oTpassiBaT
HAIIBJIHO PE3YJTaTUTEe OT paboTaTa Ha MHOTOCIOWHUTE HEBPOHHU MPEXKU MpU
YaCTUYHA BUJIMMOCT — YACTUYHO KOPEKTHUTE OTKPUTHUS MOTAT Jia ObJIaT OTUYETEHU
kato rpemHu. [Ipunaranero Ha aJanTUBHM TparoBe 3a NPUIIOKPUBAHE U
JOMBJIHUTETHU TOKA3aTeIM 32 YCTOMYMBOCT CHPSIMO OKIY3UH, OCUTYypsBa IIO-
peaTnCTUYHA OIIEHKA Ha MOBEJIEHUETO Ha MOJICIIHTE.

1.10. ¥YcroitunBocT (PO6GACTHOCT) U reHepaJIu3anus HA MoOJeJUTe NMPH
CJIOKHHW BU3YAJIHH YCJIOBHSI.

VYcroilunBocTTa Ha MOJEIHTE CE€ HM3pa3siBa 4Ype3 CHOCOOHOCTTa UM J1a
MOAIbPKAT cTa0UIIHA €(PEKTUBHOCT MPU ITPOMEHH B YCIOBUATA HAa HAOMIOJEHUE —
BapUallMd B OCBETEHOCTTa, Mamada, brbjla W HAJUYMETO Ha IIyM, OKIY3Hs.
['enepanu3anusita NpeAcTaBisiBa CIOCOOHOCTTAa Ha MOJIENIa J]a IIpUjiara Hay4YeHuTe
NPEACTaBsSIHUSA BBPXY HEMO3HATH JaHHU U Jla pas3mno3HaBa 00EKTa, JOpU KOraTo
KJIFOUOBM BH3yaJIHU €JIEMEHTH JIMIICBAT WM ca JAedOpMHUpaHU, KOETO IMOCTaBs
BHCOKH M3UCKBAHUS KbM apXUTEKTypaTa U CTpaTerusTa 3a o0ydeHue. AHaIu3bT Ha
JuTepatypaTa TOKas3Ba, Y€ MPEKOMEPHO CIIOKHUTE MOJENU TOCTUTaT BUCOKA
TOYHOCT BBPXY 00y4aBaluTe JaHHU, HO IEMOHCTPHUpAT cliaba TreHepain3anus npu
pEeaTHH YCIIOBUS, KOETO MOo4epTaBa HEOOXOIMMOCTTA OT MOAXOAH, OTPAHIYABAIIN
CJIO)KHOCTTA M HaChpYaBaIlll U3BJIUYAHETO HA NO-YCTONYMBY MPU3HALY.

1.11. Biusinue HA (pOHA M KOHTEKCTA HA CLHIEHATA BbPXY Pa31103HABAHETO.

DOHBT U KOHTEKCTHT Ha ClIEHATa UTPAsT JBOMCTBEHA POJI — B €IHU CIIy4au
MojAToOMaraT TpaBWIHATA KiIacHUpUKANKsA, HO B JAPYTH BOIAT 10 HETPABHIIHA
pelIeHust Mpu MpeKOMepHa 3aBUCUMOCT OT BTOPUYHU BU3YaJIHU €JeMeHTU. ToBa €
0co0eHO MpoOJeMaTUYHO TPU BOCHHU OOEKTH, KOUTO Ca YMUIIJIEHO 3aMacKUpaHu
WIM U3MO0J3BaT Kamy(iiax, CIMBAIll Ce C eCTeCTBeHaTa cpe/ia, IpH KOETO MOACITBT
MOXKe J1a ce POKyCcHpa BbPXY XapaKTEPUCTUKHA HA (JOHA BMECTO BBPXY XapaKTEPHH
MPU3HAIA Ha 0OEKTA.



1.12. U3Boam.
1. AHanu3bT HA OMUCAHUTE CHIIECTBYBAIU APXUTEKTYPH, METOIU M MOJAXOIU
3a OTKpHMBAaHE M pa3lo3HaBaHE Ha OOCKTH B M300pakKeHHsI MOKa3Ba, Y€ BBHIIPEKU
3HAYUTEJIHUS HANpEeAbK B 00JIacTTa, MPOOJIEMBT C YaCcTHYHATA BUIUMOCT OCTaBa
HEpEIIICH.
2. Kiacuueckure meroam 3a pasno3HaBaHe Ha HU300paKeHHs, Oa3vpaHu Ha
pBUHO nepuHUpPaHU TPHU3HAIM, TOKA3BaT OTPAHMYCHA YCTOWYMBOCT TIPH CIIOKHU
peayHu CIICHH.
3. C pa3BUTHETO HA U3UMCIUTEIHUTE PECYPCH U HATMYUETO HA TOJIEMHU 00eMU
OT JIaHHH, TTOCTENIEHHO CE€ HaJlaraT METO/H, OCHOBAaHM Ha MAIIMHHO 00y4YeHUe 1 Ha
MHOTOCIIOWHH HEBPOHU MPEKH C TBIOOKO CTPYKTYPHUPAHO OO0yUCHHE.

4, CNN ce yTBBp)KIaBaT KaTo OCHOBEH HHCTPYMEHT 3a OTKpHUBaHE H
kJacudukaius Ha 00EKTH B U300paKeHUS.

5. CovBpemennute 1mmpoko wusnoa3BaHu CNN nemoHcTpupar orpaHuydeHa
€(eKTUBHOCT MPH pa3lio3HaBaHE HAa YACTUYHO BUAUMH OOCKTH.

6. Jlumcata Ha JOCTaThYHO MPUMEPU HA OOEKTU C OKIYy3Hsl B OOyuyaBailuTe
HaOOpHU HaMaJssiBa yCTOMYMBOCTTA HA MOJICTIUTE B PEAHU YCIIOBUS.

7. [IpeaBapurenno oOyuenutre Moaenu (¢ 0a3um OT AaHHU Ha H300paKEHUs

ImageNet 1 COCO) ca onTuMu3upaHd 3a NOBIHO BUAUMHU OOEKTH, KOETO
orpaHuyaBa TsXxHaTa €(hEKTUBHOCT, OCOOCHO MPU TEKKHU OKITYy3UH.

8. Bbnpeku — 3HaUMTENHHMS ~ HANpEIbK,  ChHIIECTBYBAIIUTE  HEBPOHHU
ApXUTEKTYpU CpeniaT TPYJHOCTH MPU pa3lo3HaBaHE Ha OOCKTH B YCIIOBHS Ha
OKJy3usi MW HembiHa uHpopmanus. ToBa Hamara pa3paOOTBaHETO Ha
CIICLMAIIM3UPAH METOOUM W ONTHUMHU3UPAHU apPXUTEKTYypH, KOUTO Ja OTYUTAT
0COOEHOCTUTE Ha TMOAOOHU CIIEHM W Ja OallaHCUpaT TOYHOCT, YCTOMYMBOCT U
U3YUCIUTEHA €(PEKTUBHOCT.

I'JTABA 2. TEOPETUYHHU OCHOBU U MATEMATHUYECKHAU MOJAEJIN
HA HEBPOHHH MPEXMU C IbJBOKO CTPYKTYPUPAHO
OBYYEHIHE.

2.1. OO0ma XxapakTepucTMKa ¥ CbBPeMEHHO CBbCTOSIHHE Ha
U3CJIeIBAHUATA B 00J1aCTTa HA KOMIKTHBPHOTO 3peHHe, WU3KYCTBEHUTE
HEBPOHHHU MpEXH, MANIMHHOTO O0y4YeHHE M IbJOOKO CTPYKTYPHUPAHOTO
o0y4eHue.

KommioTbpHOTO 3peHue npeicTaBisiBa HHTEPAUCITUIIIMHAPHA 001aCT, KOATO
ce 3aHMMaBa C pa3pabdOTBAaHETO HAa METOJIM 32 aBTOMATUYHO WU3BJIMYAHE, aHATU3 U
,»pa3z0oupane Ha MHPopMaLMITa OT UU(PPOBU M300paKEHMS] WIIA BHUICOKIIUIIOBE.
MaiHHOTO 00y4eHue € 1Mo100J1acT Ha U3KYCTBEHUS! MHTEJIEKT, B KOSATO CUCTEMUTE
MMaT CIIOCOOHOCTTAa aBTOMATHUYHO JIa C€ y4aT U Jia ce Mojo0psBaT OT OmuT Oe3 na
OblaT W3pUYHO mporpaMupaHu. J[BIOOKO CTPYKTypUpPaHOTO OOy4deHUE Ha
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MHOTOCJIOWHM HEBPOHHH MPEXH, OT CBOS CTpaHa, € CIelHaJu3hpaH KIOH Ha
MAITHHHOTO OO0yYeHHe, KOWTO H3IM0J3Ba MHOTOCIIOMHH HEBPOHHU MPEXH 3a
U3BJIMYaHE Ha CJIOKHU aOCTpakuuu oT JaHHUTe. ChBpeMEHHATa TEOpUs Ha
KOMITIOTBPHOTO 3pEHHME H3I0JI3Ba pazHOOOpa3ue OT MHOTOCIOWHH HEBPOHHH
apXUTEKTYPH C ABJIOOKO CTPYKTYPHpPaHO 00yUYEeHHE, BCIKA OT KOMTO € IPOEKTHpaHa
3a crnenubUYHA 3aJaud M Opeaiara pasiMdyHd  [PEIUMCTBA. AKTYaJIHUTE
U3CJIE€BAaHUS Ca HACOYCHM KbM apXUTEKTYPHM HWHOBAlMH, ONTHMH3ALUSA 3a
YCTPOHCTBA C OrPaHHYECHH PECYPCH, IIHPOKO MPHIIOKEHHE Ha TpaHCPEepHOTO
oOyueHre 1 HapacTBaIll POKYC BbPXY HHTEPIIPETUPYEMOCTTA Ha MOICIIHUTE.

2.2. XapaKTepuCTHKH HA U3KYCTBEHUTE HEBPOHHH MPEKH.

2.2.1. YcTpoHMCTBO Ha MHOIOCJ0WHA HEBPOHHA Mpexa ¢ IMPaBo
pasnpocTpaHeHHe HAa HHpopManusATa.

MHorocioiiHata HEBpPOHHA MpeXa ¢ TpaBO pas3npoCTpaHCHHWE Ha
undopmanusta (feedforward neural network) ce cscTou OT BXOJIEH CIIOH, €TUH WITH
NOBEYe CKPUTH CJIOSI W M3XOJCH CIIOW, Karo HHpOpMaIusra ce Mmpenana
eaHornoco4uHo. (purypa 2.1)

Wi, by Wo, bo W, bs

Q s O o
< 8 ———— = 8 Y
< —— oC T e .
. & O  ;: ; ,; O ; .
O 2 O
O ©
iyer € R Hidden Layer € R Hidden Layer € R Output Layer € R

Que.2.1. Muozocnouna HeBpOHHA MpedHca ¢ HANBIIHO C8bP3AHU CI0e8e U C

npaso pasnpocmpanerue Ha uHpopmayusma.

Hsmounux: Feed-Forward Neural Networks for Failure Mechanics Problems. Applied Sciences, 11(14),
6483. Aldakheel, F., Satari, R., & Wriggers, P. (2021).

N3uncnenusara ce onucBaT 4pe3 MOCIEAOBATEIHO IpUJIaraHe Ha JIMHEMHA
TpaHchopmalus U HeJTMHEHHA (DYHKIIMS Ha aKTUBAIUS 33 BCCKH CJIoH I

(2.1) zWO = WO .q0-D 4 p® | €e[1;L],
(2’2) a®¥ = fm(Z(D),

(2.3) a'® = x (BxoaHuTe NaHHN),

(2.4) ¥ = a'“) (mpenckaszanueTo Ha MpexKaTa).

CeriacHO TeopeMara 3a YHUBEpCajaHa alpOKCUMALIMS, MPEXa C €IUH CKPUT
CJIOW MOXeE J]a ampoOKCUMUpPa MPOU3BOJIHA HENpeKbCcHaTa PyHKIMS. ,,JIB1OokuTe™
MpPEXH (C MOBEYE CIOEBE) MOTAT JIa MPEACTABSAT MO-CI0XHU (PYHKIUN B CPABHEHHE
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c ,,umuTkuTe Mpexu (1 mnu 2 cios ¥ moBede HEBPOHHM B ciioii). KoMmo3uiimonHara
CTPYKTypa Ha IMOJJ00HN MHOTOCJIONHN MPEXH MPEIoiara, 4e¢ BCeKU CIIEABAII CI0H
M3BIINYA BCE M0-a0CTPaKTHU MPEICTABSHUS HAa BXOJAHUTE JaHHH.

2.2.2. AITOPUTMH U CKOPOCT HA O0y4eHue.

OOyueHneTo Ha HEBPOHHHUTE MpPEXH CE€ pealu3upa 4Ype3 alrOpUThM,
ajanTUpall TerjaTa ¢ 1eJl MUHUMHU3UpPaHe Ha TpelikaTta Ha u3xoja. AJITOpUTMUTE
ce KJIacHu(pUIMpaT KaTo KOHTPOJIUPAHO, HEKOHTPOIUPAHO U XUOPUIHO OOyUECHHE.
Ckopoctra Ha oOyuenue (learning rate) e KJIrOUOB MapaMeTbp — MHOTO BHCOKa
CTOMHOCT BOJIU 10 HECTAOMITHOCT B PE3YJITATUTE OT OOYUYEHHETO, a TBHP/IC HUCKA —
10 6aBHA CXOJIMMOCT WJIH 3acsiIaHe B JIOKAJIEH MUHIMYM B Ipolieca Ha 00y4YeHHe.

2.2.3. AaropurbM 3a o0yuyeHHe 4Ype3 OOpPaTHO Ppa3NpPoOCTPaHEHHE HA
rpemKaTa B MHOTOCJIOHHN HEBPOHHU MPEKH.

OOGpaTHOTO pa3npOCTpaHEHHUE HA TPEIIKaTa € PyHAaMEHTaJIEH aJrOPUTHM 32
oOydeHue, pealii3upaH B JIBa €Taria - IpaBo pa3NpoCTpaHEeHUE Ha UHPOpMaLIUATA 32
M3YMCIISIBAHE HA U3X0/1a U (PyHKIIMSATA Ha 3aryoara:

(2.5) zW = wWa=D 4+ pO 1 e[1;1],
(2.6) a® = fO(zM), 1€ [1;1],

(2.7) y = a®,

(2.8) L=—-2%y;log(®):

[TpomsiHa Ha TeryiaTa Ha HEBPOHHUTE Ype3 0OPAaTHO PA3MPOCTPAHECHUE HA

rpemkara ¢ UI34UCJICHUTE YpE3 BEPMIKHOTO IIPABUJIO I'PAJUCHTH HA IMapaMCTPUTE.
oL

(210) 6(1") = m — (Cl(L) — y) @f,(L)(Z(L)),
(211) s5W = (WU+1)T5(1+1)) @f’(“(z(”),
(2.12) OL 50 (qU-yT
) oww )
(2.13) % g
0
(2.14) W= WO — . 2
Mm._ p0 oL

OcHoBHM TIpoOJIeMH ca ,,M34e3BAIUAT" U ,,CKCIUIOAUPAIIMAT" TPaJIUCHT,
pemaBanu upe3 QyHKIUU Ha akTuBanusg oT Tun RelLU, makeTHa HOpManmu3anus u
npenysHa uHumanu3anus. ONTUMU3aUUTE BKIIOYBAT MUHU-TIAKETHO O0Yy4YeHHE,
nmiysic (Momentum) u aganTuBHA anroputMu karo Adam u RMSprop.

2.2.4. ODyHKIMH HA AKTHBUPAaHe, U3MOJI3BAHN NIPH IbJI00OKHTE HEBPOHHHI
MPeKH.

N360pbT Ha akTHBAIMOHHA QYHKIIMS € KPUTUYEH 332 €(EKTUBHOTO O0yUeHUE
Ha MHOTOCJIOWHUTE HEBPOHHU MPEXKHU.
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Oynkuusata ReLU e crangapTeH u300p 3a CKpUTUTE CIOEBE HAa MpexkaTa
MOpaJId MPOCTOTA M YCTOMYHMBOCT MPH TIpodiema C ,,i34e3Balll’ TpaIueHT.

(2.19) f(x) = max(0,x).

Oyukiuure Leaky ReLU u PReLU pemaBat npobiema c ,,ymupamure"
HeBponu. Oynkuuara GELU ce uznomnssa B TpaHchOpMEPHU apXUTEKTYPH.

OynkusaTa Softmax e craHmapT 3a WU3XOAHHS CJIOM MpPU MHOTOKIJIacOBa
KJ1acu(UKaIus.

e (@)

(2.26) f(2): = ST

N300pbT HA aKkTHBAlMOHHA (PYHKIMS 3aBUCH OT KOHKpETHaTa 3ajadya |
apXWUTEKTypaTa Ha MpexaTa.

2.3. KoHBO/TIOLIMOHHY HEBPOHHH Mpe:ku. MaTeMaTH4YecKH MojieJl.

CNN ca eaHM OT HAW-NMOMYJISIPHUTE apXUTEKTYpU Ha HEBPOHHH MPEXKH C
MPWIOKEHUE TMpPU MHOTOMEpPHM BXOJAHM JIaHHU, HaNpuUMep HN300paKeHus,
Buseokaumnone, 3D moaenu. (purypa 2.2) ITpu CNN ce u3nosi3BaT KOHBOJIOIMOHHU
CJIOEBE, IIPU KOUTO CE U3BBPIIBA ONEPALMATAa KOHBOIIOLMS C BXOJAHUTE JaHHU, YPE3
neduHupaHu (GUATPHU C 1€ OTKPOSIBAHE HA MPOCTPAHCTBEH KOHTEKCT. Ilo To3u
HaunH CNN ce oOyudaBar ga kiacupuuupar H300paxeHHs: KbM CBOTBETHU
KaTeropuu 4Ype3 OTKpUBaHE HAa aOCTPAKTHU XapakTepucTuku (features).

Fully Connected Layers

Convolutional Layers I [ Output Class

[
—

Input Image l

| Convolution

Pooling

Que. 2.2. Cmanoapmua CNN apxumexmypa.
Hszmounux: Convolutional Neural Networks: A Comprehensive Evaluation and Benchmarking of Pooling Layer
Variants. Symmetry, 16(11), 1516. Zafar, A. at all. (2024).

2.3.1. MpexoBH cio0eBe.

IIpenBapuresiHa 00padoTKa HA BXOASIIIIMTE TaHHU

[Ipenn momaBaHe KbM MpeKaTa BXOJHHUTE JIaHHU CE€ HOPMaJIU3MpAT 4pe3
M3BaX/1aHE Ha CpeJIHaTa CTOMHOCT M JICJICHUE ChC CTAaHAAPTHOTO OTKJIOHEHHE. Ta3u
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CTBIIKA LIEHTPUPA JAHHUTE CIIPSMO HYJIaTa U OCUTYPsIBA pABHOMEPHO MalabupaHe
M0 BCUYKU Pa3MEPHOCTH, KOETO CITIOCOOCTBA 3a CTa0WJIEH TPOIIeC Ha 00yUYeHUE TIPH
IPaJlMeHTHU METO/IM 32 ONTUMM3AIHSI.

KonBo/ronmnonnu cioese

KOHBOTIONMOHHUAT CJION ce ChCTOM OT HAbOp OT oOydaemu Guurtpu (sapa),
IpeICTaBeHN KAaTO MATpPHULIM, YMUTO CTOMHOCTH C€ ajanTupar B Mpoleca Ha
oOyuenne. Becexu puntwp ce ,,lurp3ra™ mo BXOJHUTE JaHHW M T€HEPHpa KapTa Ha
XapaKTEPUCTUKUTE, OTpa3sBallla HAJIWYUETO Ha TMPHU3HAK B Pa3IMYHU YacCTH Ha
n3o0pakeHurero. KimouoBu mapamerpu ca pasmepsT Ha ¢uirhbpa f, cThrkara S u
JOITBJIBAHETO C HYJU [, KaTO pa3MEpPHOCTTAa Ha M3XOJHATA KapTa C€ OMpPEeeis OT
u3pasa (durypa 2.5):

(2.36) o=
(2.37) w' = [

(a) <1 5 (b) Tt 1 (c) e 1

';’J‘ :’C' A 5 ‘ % 3 . ‘1"""1’." 2 ‘ 0 _,)*’1 i
1ol -Tol-To - A~ Tol-Tol-1o | Tol-Tol~To - -
Do (3 | AP AP A (3 -1 | ] 3 3 L1 |

\
ey

oy

0
0
A {
. | | 0
110 |13 s 0 1~
f":, AL ; ri| 2/ IAE 0 )/ )’
010 / 0 0 .
-10 1o 0l
0] 0
T PR [ O 4T
v,c".\1 1) T 3 . 1 o1 5 ,"’1A
To %0 (,"3 S 1ol .3 DAL W)
..1 3 ’ ". ; L’ ¢ e 3 0 1,1 1 24 3 7 0
(ol () wo 0 Fl 10 0 | T4) 10|~
V13144010 e | -1 ) 0 e 2] L0 6| 12
0 3 > ) 3 ' . 2
'n,:‘ ‘c;vl 7 ,,/‘ “ ! % z dl 7"'6 % 1}/ A
0 ” I - 0 ’
LA 0L 0] 2; [ 0~ 13 0 |2 [ 2 ‘0
J," g 0 3/ 0 |1 | 3/ L
| 0
= 1 3

Que. 2.5. Unrocmpayus Ha KOHBOIIOYUOHEH CIOUL ¢ onepayus 00ONvI8axe ¢ Hylu
npu p=I u cmvnka 2.

N3non3aneTo Ha Manmku Grurtpu (3% 3, 5X5) 3HaUNTETHO HaMajsABa OpPos Ha
oOyuaeMHTe TlapaMeTpyd B CpPaBHEHHE C HEBPOHHHM MPEXHU C HABJIHO CBBP3aHU
CJIOEBE, KaTO CBHIIEBPEMEHHO 3ara3Ba CIIOCOOHOCTTA 3a W3BJIMYAHE HA JIOKAJIHU
IPOCTPAHCTBEHHU XapakTepucTHKU. Onepalusara JombiBaHe ¢ Hyu (zero-padding)
MO3BOJISIBA 3alla3BaHE HA MPOCTPAHCTBEHATa PAa3MEPHOCT HA M3XOJHATA KapTa,
KOETO € BaXXHO NP apXUTEKTYPH, U3UCKBAIIIA TOYHU MPEACKA3ZAHUS TIO TTUKCEH.
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PenenTHBHO MOJIe ¥ pa3MINPeHa KOHBOJTIOIUS

PenenTuBHOTO TOJIE OMpenesss MPOCTPAHCTBEHUSI 0O0OXBAT HA BCEKH (PHITHD
CHpSMO BXOJHOTO m3o0pakeHue. IIpu moapexaaHe Ha N KOHBOJIOIMOHHH CIOS
eEeKTUBHOTO pEIENTHBHO II0JIe HapacTBa KymynatuBHO. CTparermsita 3a
MOJIpeXJaHE Ha MHOTO CJIO€BE C MaJIKU (DUITpU HamalsiBa Oposi Ha MapaMmeTpuTe,
HO OrpaHW4YaBa MPOCTPAHCTBCHHsI KOHTEKCT, JOCTBHIICH 3a BCEKH CIIOW. 3a
MpeoosiBaHe Ha TOBa OTpaHMYEHUE CE€ TMpujiara pasiiupeHaTa KOHBOJIOLUS
(Dilated Convolution) ¢ xoeduruenT o, kosITO pa3mmpsiBa ePEKTUBHOTO
perenTuBHO ToJie, 6e3 1a yBenu4aBa Oposi Ha TapaMeTpUTe:

(2.42) orr = RFES + d(f — 1).

ToBa e 0cobeHO BaykHA TEXHUKA MPU 33/1a4H 32 CETMEHTAIIHS U pa3No3HaBaHe,
U3MCKBAIlM €THOBPEMEHHO JIOKAJIHA TMPEUU3HOCT M MIMPOK MPOCTPAHCTBEH
KOHTEKCT — XapaKTEPUCTHKHU OT CHIIECTBEHO 3HAUCHUE U TIPU PA3II03HABAHETO HA
YaCTUYHO BUJIUMU OOCKTH.

O6enunsBam cjaoi (Pooling)

Crosr 3a o0euHsIBaHE peAylMpa MPOCTPAHCTBEHATA PE30JIOIUS Ha KapTUTE
Ha XapaKTEPUCTUKUTE Ype3 MpHIaraHe Ha arperupaiia QyHKIus (MaKCHMallHa I
CpeIHa CTOMHOCT) BBPXY JIOKaTHH oOnacTu ¢ pasmep fxf u crenka s. Oneparusita
OCHUTYpsIBa KOMIIAKTHO TIPE/ICTABSIHE HA XapaKTEPUCTHKUTE, KOETO € NHBAPUAHTHO
IpU YMEpPEHH TPOMEHH B Mamaba, MO3WIUATA W OpHEHTAIUsATa Ha OOCKTa B
n3o0paxennero. YUpes MOCIETOBATEIHOTO HaMajsiBaHE Ha MPOCTPAHCTBEHATa
pe30JIIoIKsA, ClIoeBeTe 3a OOeNMHABaHE yBeNUYaBaT €(PEKTUBHHUS PELENTUBECH
0o0XBaT Ha CJIEBAINTE KOHBOJIOIMOHHMU CIIOCBE M HAMaJsIBAT M3YHCIWTEIIHATA
CJIOKHOCT Ha MpeKata.

Hanbano cebp3anu cioese (Fully connected layers)

HanbiHo cBBp3aHUTE CliOeBe, Pas3loONIOKEHW B Kpas Ha apXUTEKTypaTa,
WHTETpUpaT WU3BJICUYCHHUTE MPOCTPAHCTBEHU XAPAKTEPUCTUKH B  TIIOOATHO
MIPEICTaBSHE U pealM3UpaT OKOHYATeIHaTa Kiiacudukaiys. Bcekn HEBpOH B TaKbB
CIION € CBBp3aH C BCHMYKH HEBPOHM Ha MPEAXOTHHUS CIOW, KOETO TMO3BOJISBA
KOMOMHUpaHe Ha UHPOpMaIIUs OT Pa3IMYHU YaCTH Ha U300PaKEHHUETO.

2.3.2. ®yHKIHUM 32 OLIEHKA HA I'PEeNIKATA B KOHBOJIIOIUOHHU HEBPOHHHU
MPEXH.

OyHKIMATa Ha 3aryba ompenens KOJIWYECTBEHO pa3jiuKaTa MEeXIy
IIPOTHO3UPAHMUS W MCTHHCKHUS M3XOJ] Ha MpeaTa W ¢ ONTHMHU3Hpa M0 BpeMe Ha
00y4EeHHETO Upe3 alirOpuThMa 3a 00paTHO pa3npocTpaHeHUE Ha rpemkaTa. M300psT
Ha TOJXoAsma (pyHKIKS 3aBUCH OT €CTECTBOTO Ha 3aaayaTa. [Ipu MHOrOKIacoBa
kinacudukanys, OCHOBHa (yHKIMs € 3ary0aTta Ha KpPbCTOCAaHA EHTPOIMUS,
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U3MOJI3BaHa B HAcCTOsLIaTa JUCEPTALMs U C€ Mpujara CbBMECTHO ¢ (PyHKIMsITa
Softmax, KosITO HOpMaTU3Upa U3XOAUTE KbM BEPOSITHOCTHO pa3mpe/iecHHE:

(2.47) L(p,y) = — Xn-1Yn log(pn),
_ e(ﬁn)
(2.48) Pn = W .

Tazu koMmOWHANUS JUPEKTHO MAaKCHMH3Upa BEPOSATHOCTTA 3a TMpaBHIIHA
KJacudukanus 1 € CTaHAapT IPH 3aa4d ¢ MHOKECTBO KJIaCOBE.

3a perpecuoHHM 3ajaud ce usnoi3BaT EBknmmoBara 3aryba (cpemHa
KBaJpaTH4Ha rpemka) |, u momodnara |3 rpemka. @ynknusra Hinge Loss Hamupa
npuioxkenue npu SVM-6azupanu kiacudpukaTopu, a KOHTpacTHaTa 3aryba ce
M3T0J3Ba TIPH METPUYHO OOYYECHHE B CHAMCKU MPEXXH 3a CPaBHSIBAaHE Ha JIBOWKH
U300paKeHUS.

3a 3ajaun o 00pabOTKa U PEKOHCTPYKIUSA HA U300PAKEHUS € MPHIOKIMA
MspKaTa 3a CTPYKTYpHO cxoAcTBO SSIM, Ko0SATO oOneHsBa KadyeCcTBOTO Ha
U300pKEHUETO HE CaMO Ha HUBO MHKCEJI, HO M MO OTHOIIEHUE HAa CTPYKTYpPHU
XapaKTEPUCTHUKH, IPKOCT U KOHTPACT.

2.3.3. O0yuyeHue HA KOHBOJIKIHOHHN HeBpoHHH Mpexku (CNN
Learning).

Nunumnanu3anusa Ha TerJjara

[IpaBunHaTa MHULMATU3AIMS HA TErjara € MPEArnoCcTaBKa 3a CTAaOWIHO U
edekTuBHO oOyueHue. HyneBara WHHUIMANU3AIMS € HENPUIIOKKMMA, MOPaau
npobiemMa CbC CHUMETpUATA - BCUYKM HEBPOHHM B CJosi Ouxa ce OOHOBSBAIU
UIACHTUYHO. ['aycoBata W paBHOMEpHATa Ciy4yaiiHa WHHUIMAIM3AIMs HapyliaBat
CUMETpHATa, HO TIPH MHOTOCIIOWHHM HEBPOHHH MpPEXHU Pa3NpOCTPAHIBAHUTE
CUTHAJIA MOTAT Jia HapacTBaT WJIM HaMaJsBaT HeKoHTpoaupaHo. [lomoOpena Bepcus
Ha uHUIManu3anusaTa Ha Xavier e Mamabupanata ReLU wunHunmanuzamus c
OTYMTaHe Ha Mamiada U JaBa pa3NpeeeHUeTo, OT KOETO MPOMU3BOIHO ce N30Mpar
HAYaJTHUTE TETJIA:

2
(2.60) Var(w) = T

OproronanHara uHULUaIM3alus d4pe3 SVD nekoMnosuiusi ocurypsisa
JOMBJIHUTENHA CTAOUITHOCT MPHU ABJIOOKU MPEKHU.

IIpenBapuresno o0yyeHue Mo HAOIKOIeHHE

N3non3BaneTto TpaHchepHOTO OOyYeHHE TIO3BOJISIBA aJalnTHpaHe Ha
peaBapuUTeIHO O0YyYEeHHM MOJENIM KbM HOBHM CIEUM(PUYHM 3a/]aud, KaTo 3ara3Ba
M3BJICYCHUTE OOIIM BU3yaJIHU MpPHU3HAIM OT HHUCKO HHUBO. [Ipm u3mon3BaHe Ha
roroBu apxutektypu (AlexNet, ResNet, DenseNet) npeaBapurenHo oOyueHure
terna ot ImageNet mmu COCO cayxaT KaTo HadajdHa TOYKa, CIEll KOETO Ce
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npoBex/a (prHa HACTPOMKa Ha MOCIEAHUTE CIIOEBE C MaJIka CKOPOCT Ha 00yUYeHue.
[Ipu nepcoHanu3npanu apxXUuTEKTypHu MOJEIBT ce 00yuyaBa BbpXy MaiabeH Habop
OT JJaHHU U CJIeJ] TOBA CE aJjanTupa KbM lieJieBara 3ajaada. TpaHchepHoTo o0yueHue
€ OT 0COOEHO 3HaUYE€HHE MPU OTpaHUYCHH OOydaBalll JaHHU, KAKHBTO € CIy4asT C
pasno3HaBaHETO HAa BOCHHU OOCKTH W € €IWH OT UHCTPYMEHTHUTE B
eKCIIepMMEeHTalIHaTa padoTa B HACTOAIIATA AUCEPTALIUS.

Perynapuszauus

MHoOrociaoiHUTE HEBPOHHHU MPEKH € FOJISIM OpOH apaMeTpH ca CKJIIOHHU KbM
npeo0ydaBaHe — MOCTUTAaT BUCOKAa TOYHOCT BBPXY OOydaBalllUTE JAaHHHU, HO Ce
MPENICTaBAT c1ab0 BPXy HEMO3HATU JJaHHU. 3a OrpaHUYaBaHe Ha TOBA SIBJICHUE CE
npuiaraT HIKOJIKO MO0/1X0/1a. AyrMEeHTalusITa Ha JaHHUTE pa3lIupsiBa 00yyaBaius
Ha0oOp Ype3 reoMeTpUYHU TpaHchopMaluu (3aBbpTaHMsl, MallabUpaHe, OrJeIaaTHoO
oOpbIIane) U GOTOMETPUIHN Bapualiu (IIPOMEHU B IPKOCTTA, KOHTPACTA H I[BETA),
KaTO MOYKE J]a BKJIIIOYBA U CHHTETUYHO T'€HEPUPAHU JaHHH.

Ornagane (Dropout)

TexHukata Ha OTIIAJAHETO CE€ MpPHJIAra MPEAUMHO 332 HANBJIHO CBbpP3aHU
CJIO€BE U JCaKTHBHPA HEBPOHM CIy4ailHO Ype3 reHeprupaHa Macka m € B, KbAETO
BCEKM €JIEMEHT m; € HE3aBUCUMO M30paH OT pasmpenaesieHneTro Ha bepnymu c
BeposATHOCT "P" na Obnae "BkiroyeH", T.e. c€ 3a/eCTBa HEBPOH, KOETO BBBEXKIA
e(eKT Ha aHcaMOBbJI M HaMaJIsiBa B3aMMHAaTa 3aBUCUMOCT MEXIY HEBPOHUTE:!

(2.61) m;~Bernoulli(p), m; € m.

(2.62) a® =mOfWW®al=D 4+ ph,

Hopmanusupane Ha nakeru (Batch Normalization)

[TaketHata  Hopmanuzarusi  (Batch ~ Normalization)  Hopmanusupa
AKTHBAI[MUTE HA BCEKHU CJIOW KbM €IMHUYHO 1'ayCcoBO pa3mpeneneHue, mociaeIBaHo
oT obOyuaeMo mpeopasMmepsiBaHe. ToBa crabwim3upa Impoleca Ha OOydeHHe,
HaMaJjisiBa YyBCTBUTEIHOCTTa KbM HM300pa Ha XuUIlepHapameTpu, IpenoTBpaTsiBa
npobiema ¢ ,,M34e3BallusA TPaJUEHT M 3HAYUTEIHO YCKOpSBA CXOAUMOCTTA.
[lopanu Te3u mnpeauMCTBAa MaKeTHATa HOpPMalM3alUs CE€ € HaJOXKWia KaTo
CTaHAApTEH KOMIIOHEHT B chBpeMeHHUTe CNN apXuTekTypH.

2.4. Ipyru apxuTeKTYpH Ha HEBPOHHU Mpe:ku. MaTeMaTH4YeCKH MO/eJIH.

2.4.1. Pexypentnu HeBpoHnu mpexu (Recurent Neural Network, RNN).

PekypeHTHHUTE HEBPOHHM MpPEXH Ca KJIAC HEBPOHHU MPEXH, CHEILHAIHO
MIPOCKTUPAHH 32 00paboTKa Ha mocienoBareaHu gaHHU. RNN umaT Bpb3KH, KOUTO
dbopmMupaT IUKIIH, TO3BOJISIBAUKY HH(POpMAIHATA Ja Ce 3ama3Ba.

MaremaTu4ecku MoJeJ1:

(2.69) he = f(Whnhe—q + Wyexe + by),

(2.70) Ve = g(Whyhe + by).
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IIpoGyieMu u pemieHusi:

IIpu RNN ce cpemar npo6iaemMuTe ¢ ,,d34e3Baliusa’ U “‘eKCIuioaupanius
IPAIUCHT MPH IBJITK THocieaoBaTeaHocTH. Pemenusta Bkmousat: LSTM (Long
Short-Term Memory), GRU (Gated Recurrent Unit), Attention MeXaHU3MH.

2.4.2. ABTOEHKOIEPH.

ABTOCHKOJIEPUTE Ca HEBPOHHU MPEKHU, KOUTO CE y4aT Ja KOMIIPECUPAT TaHHU
B JIATEHTHO MPEJCTaBsIHE U CJel TOBa Jla TM peKOHCTpyupar. M3moisBar ce 3a
HEHA/I30paHO oOOy4yeHHe, HaMmajsBaHE Ha pa3MEpPHOCTTa M U3BIMYAHE Ha
XapaKTEPUCTHKHU.

2.4.3. Tpauchopmepmn.

Tpancpopmepute ca apxuTeKTypH, 6a3upaHy Ha MEXaHU3Ma Ha BHUMAHHUETO
(attention), mbepBOHAYATHO pa3pabOTEHH 3a O0O0pabOTKAa HAa €CTECTBCH €3HMK, HO
BIIOCJIE/ICTBHE HAMUPAT MPUIIOKEHUE U B KOMITIOTBPHOTO 3pEHUE.

Mexanu3bMm 3a camoHaooaenue (Self-Attention):

3a BXOJHH OaHHHU X, KbAeTo X € R™X4:

(2.74) Q =Xwe
(2.75) K = XWX
(2.76) V=XwVv
T
(2.77) Attention(Q,K,V) = softmax (%) V.

We, WX, WY ca 06yuaemu napamerpu, kouto npeodpasysar X B 3asBku (Queries),
kirouoBe (Keys) u croitnoctu (Values);

(2.78) Q = XW? — zaaskute (nxdy);
(2.79) K = XWX — xmouosere (nxdy);
(2.80) K = XW* — croitnocrure (nxd,),

karto dx € pasmepHoOcTTa Ha KirouoBeTe (2.79), a dy - Ha cToitHOCTHTE.

2.4.4. ApXMTEKTYpH 3a JeTeKUHsA HA 00eKTH.

R-CNN, Fast R-CNN, Faster R-CNN, YOLO (You Only Look Once) u SSD
(Single Shot Detector) ca cnenuanu3upanu 3a JOKJIM3alUs U Kilacuukamus Ha
MHOECTBO 00CKTH B H300paKCHUSI.

IIpumepen mogen: YOLO - Paznmens u3o0pakeHHETO Ha Mpeka OT
KOOPAWHATH C pa3MepH SXS, 3a BCsAKA KJIETKa MpPEJCKa3Ba OTPAHMUYUTEIIHA paMKa
(Bonding Box) u xnacose.

(2.84) y = [P.Cy, P.Cy, ..., by, by, by, by,

P. — moctoBepHroct 3a kiac C, a (by,by,bn,bw) ca koopannatuTe Ha orpannunTenHaTA
pamka.

2.4.5. ApXUTEKTYpH 32 CEMAHTUYHA CerMeHTAlusl.

FCN (Fully Convolutional Networks), U-Net, SegNet u DeepLab ca
MpeIHA3HAYCHH 3a MUKCEJI-HUBO KJTacu(DUKAIIHSL.
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2.5. MaTtemaTH4yecKH MoJeJ 32 KjIacH(pPUKANHUA HA YACTUYHO BHIUMU
00€eKTH Ype3 MHOTOCJI0HA KOHBOJIIOIMOHHA Mpe:Ka.

Crangaptaust CNN Mozaen mpuema, 4e BXOJHOTO H300paK€HUE ChABPKa
nbJiHAa WHpopManusa 3a obekta. [Ipu peaslHn BOSGHHU CIIEHH TOBa JOIyCKaHE €
HapyIIeHO — OOEKTHUTE Ca YACTHYHO 3aKPUTH OT PACTUTEITHOCT, HHPPACTPYKTYpa,
kamyuraxx uiam atMoc(hepHHU SBIICHUS.

2.5.1. MaTtemaTn4ieH Mo/ieJ1 HA AyTMEeHTHPAHO U300paKeHHe ¢ OKJIY3Hs.

OnTUYHOTO M300paKEeHNE Ce pas3Tiexkaa KaTo JByMEpHa BEKTOpHA (PYHKITHS:

(2.86) I(x,y): 2 € R? - R3.

Bcexu nmkcen ce mpeacTaBsi KaTo BEKTOP OT CTOMHOCTUTE Ha I[BETOBUTE KaHAIN U
T€OMETPUYHUTE KOOPIMHATH B paBHUHATA HA U300PaKEHUETO:

(2.87) I(x,y) = [R(x,y),G(x,y),B(x,y)].
Omneparop Ha BUAUMOCTTA — AchUHMUpA ce upe3 OMHApHA MacKa:
(2.88) M (x,y): Q—{0,1},

(2.89) M (X,y) = 1 — nuKcensT ¢ HaOIoaaeM,

(2.90) M (X,y) = 0 — mHKcelbT € 3aKpuT (OKITY3Hs).
HN300pakenne ¢ YaCTUYHA OKJIY3HS

(2.91) Im (x, y) = 1(x, y)OM(x, y).

3ajayaTa 3a pasNoO3HaBaHE IIPM HAJIM4YME HA OKIy3Ws € 3ajada 3a
KJIacu(pUKalus Ipyu HaOJIIOIEHUE C HEMTbJIHA HH(OpMaLIUSL.
Koeduumnent Ha BUAMMOCT

(2.92) n =1 fy M, y) dxdy
(B IUCKpETEeH BUJ — MPOLEHT HE 3aHYJICHU TUKCEIIHN ).

CNN kaTo BepOATHOCTEH KJIaCH(PUKATOP

CNN peanuzupa GhyHKINS:

(2.93) F(Iy) = p(@1, -, Pi),

(2.94) px = (Cxlly) € BeposTHOCTTa HM300paKEHHETO 1A
npuHaIeKu KbM Cy.

Knacudukanusara ce onpenens ot:

(2.95) C =arg %@k‘).

BeposiTHOCT 32 npaBWJIHA KJIacH(PUKALMSA

TouHOCTTa Ha cuUcCTEMara ce pa3Miexaa KAaTo BEPOSTHOCT 3a IPABUIHO
pasno3HaBaHe P,,,qct U 3aBUCH OT BUIMMATA YacT Ha 00EKTa:

(2.96) Peorrect = (é(ckllM))-

2.5.2. IIpaBo pasnpocTpaHeHue HA HH(POPMAUATA B HEBPOHHHM MPEKH
NPHU U300pakeHus ¢ OKJIy3Hs.

(2.97) I € RHXWxC
e uzobpaxenuero, ¢ H-sucounna, W-mmpuna u C-1sr.
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(2.98) M € {0,1}HxW

€ MackaTa Ha yacTuyHa okiy3usita (0 = ckpuT nukcen, 1 = BUIUM UKCEN).

(2.99) Iy = IOM,
(2100) AL = f(W(l) x A-D 4 b(l)),
(2.101) AO=], .

Tyk mpuioKeHHETO Ha MackaTa ce mporarupa (mpeaaBa Ipe3 CIOeBETe)
HETPSKO: OKIYy3MHTE HYJIUpAT BXOIHUTE MHUKCEJIH, KOETO IMPOMEHS H3XOJIHUTE
pe3yJiTaTl BBB BCHYKH CJIIOCBE W BOJM JIO pazinyHa (UHAIHA BEPOSITHOCT 3a
MPUHAJISKHOCT KbM HSIKOH OT KJIACOBETE:

(2.102) 9 = softmax(AM).

2.5.3 AuaropurpM 3a O00paTHO pa3snpoCTPaHEHHE HA TIpellKaTra 3a
o0yyeHMre HA HEBPOHHH MPeKH B CJIy4anTe HA U300PaKeHUsI C OKIY3HUS

I'pemikarta B ce U34nCIsiBA KaTO:

(2-103) £=- Zg=1 yclogyc-

[Ipu 06paTHOTO pa3mpOCTpaHEHUE HA TPEIIKaTa CTOMHOCTUTE Ha TPaJUCHTUTE Ce
M3YUCIISIBAT CIIPSMO MAaCKUPAHOTO YPe3 OKITY3Us U300paKeHUE:

ot _ ot -1
(2104) _OW(D = m * A( )
£ l of
Tl KaTO
(2.106) AQ0)=IOM,
IrpafuCHTUTC ChIIO CC MACKHpPAT:
o0f o0f
(2107) @ = aA(O) k M

AyrMeHTanmsaTa Ha HW300pKEHUS] UYpe3 YACTUYHU OKIY3MH, KOUTO Ce
u3non3Bar B o0yuenuero Ha CNN, yBennuyaBa yCTOWYMBOCTTa Ha MpeaTa KbM
pEeaTHH CITy9Yad Ha YaCTUYHO 3aKPUTH OOCKTH.

2.6. U3Boam.

1. CNN ca OCHOBHMUTE MHOTOCIOMHM HEBPOHHM MpPEXKU W3I0I3BaHU B
KOMITIOTBPHOTO 3pEHHe, OJiarojJjapeHne Ha CIOCOOHOCTTAa CH Ja M3BIMYAT
MIPOCTPAHCTBEHM XapaKTEPUCTUKH UPE3 CIIOICIISTHE Ha TETJIA M JIOKAJTHU PEICITUBHA
moJieTa.

2. Pa3noobpa3uero or cioeBe (KOHBOJNIOIMOHHM, OOCIMHSBAHE, HAITBJIHO
CBBP3aHH, CIENMATU3UpPaHN) MO3BOJISIBA I'bBKAB JM3aWH HA MPEXKH, alalTUPAHU
KbM CIICIIM(PUIHH 3aTa4H.

3. AJTOpUTBMBT 3a OOpaTHO pa3NpOCTpaHEHHWE Ha TpelIKaTa OCTaBa
dbyHIaMEeHTalIeH MeTO/1 32 O0y4YEeHHE Ha MHOTOCJIOMHHN HEBPOHHU MPEXKH.
4, N360pbT Ha akTUBAIIMOHHA (YHKIMS, MpaBUJIHATA WHUIMATU3AlUAS Ha

TEerjiata, ¥ TEXHUKUTE 3a peryiapusanus kato dropout, batch normalization u data
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augmentation UMaT KPUTUYHO 3HAYEHHME 3a YCIIEIIHOTO OOy4YEHHE Ha JIbIOOKH
MPEKU.

5. [TonxonaumsaT n300p Ha PyHKLMS 32 OYaKBaHa 3ary0a 3aBUCH OT €CTECTBOTO
Ha 3aja4ara (KJacu(puKanus, perpecus, METpUUHO 00yUeHHUe) U UMa IPSKO BINSHUE
BBPXY Kau€CTBOTO Ha 00YUYEHUETO.

6. [IpenBaputenno oOyueHuTe MoOJAeId U (PUHOTO HACTPOWBAaHE UpE3
TpaHc(hepHO 00yueHHe ca MOJXO0AM, KOUTO MO3BOJISIBAT €(PeKTUBHA paboTa JOPH C
OTrpaHUYEHH JTaHHU.

7. OcBen CNN, gpyrm apxurektypu kKato RNN, aBroeHkomepu u
TpaHcQopMepy pas3MIUPsABAT BB3MOXKHOCTUTE HA ABJIOOKO CTPYKTypUPAHOTO
oOy4deHue KbM pa3IndHU JOMEWHHU U 3aJ]auu.

I')IABA 3. OTKPUBAHE U PA3IIO3HABAHE HA YACTUYHO
BUJINMU OBEKTHU C BOEHHO INPE/IHASHAYEHUE B OIITUYHU
N30BbPAKEHUSA C IOMOILITA HA HEBPOHHU MPEXU.

[IpencraBeH € cucTtemMaTHMueH aHaiau3 Ha paboTara Ha MPEIBAPUTEIHO
oOyuenn CNN, umminementupanu B MATLAB, npu pasno3HaBaHe Ha BOCHHA
TEXHUKa B ONTHUYHU u300paxeHus. IlpoBegeHn ca [Ba B3aMMOCBBp3aHU
€KCIIEpMMEHTa: OLIEHKa Ha 0a3oBaTa TOYHOCT HAa OPUTHMHAIHHUTE MPEXKU 32
KJacuukanysa Ha 1300pakKeHusl Ha BOGHHU 00EKTH U MPUIIOKEHUE Ha TpaHcep Ha
3HAHMS C 1€ MOA0OPsIBaHE HAa TOYHOCTTA MPH KJIacU(PHUKalK HA YaCTUYHO BUIUMHU
BOCHHH OOEKTH.

3.1. MarepuaJiu 1 METOM.

3.1.1. ba3a ot 1aHHHU ¥ MOJATOTOBKA HA JAHHUTE.

W3non3Bana e xonekmuss oT 2748 wuzoOpakeHUST HAa BOCHHA TEXHUKA,
pasnpenesieHn B oceM kiaca: aptuiepus, BMII, BIIJIA, 6ponupana mammuna, BTP,
nexora, PC30 u Tank. YacT OT CHUMKWTE Ca HallpaBeHU B peajHu OOWHU U
TPEHUPOBBYHU YCJIOBUS, C NPUCHCTBHE HAa MHOXKECTBO OOEKTHM M CIy4yau Ha
YaCTUYHO 3aKpUBaHE. 3a yIpaBJCHUE HA JAHHUTE € M3II0JI3BaHA CTPYKTypara
ImageDatastore B MATLAB, ocurypsiBaiia epeKTUBHO 3apeKJaHe U aBTOMATUYHO
eTUKeTHpaHe 0e3 HeoOXOJAMMOCT OT €IHOBPEMEHHO 3apekJaHe Ha BCHUYKHU
M300paKeHUsI B MaMETTA.

3.1.2. Cpena 3a unciieno ekcnepumentupane — MATLAB Deep
Learning Toolbox.

B MATLAB c nomomra Ha Deep Learning Toolbox™ ce mpenocrtaBsr
(GyHKUMY, TPUIOKEHUS M OJIOKOBE 3a MPOEKTUpaHe, OOydyeHHe, CUMYyJalus |
BHEJIpsIBaHE HA MHOTOCJIONHU HEBPOHHU MpexxH, B ToBa unciio 1 CNN. Bkitouenure
WHCTPYMEHTH TIO3BOJISIBAT BH3yaM3allusi M aHAIM3 Ha paboTara Ha MpPEXKHTE,
npociensBaHe Ha METPUKH 3a e(EeKTUBHOCT, IMpHJIaraHe Ha TEXHUKU 3a
ONTHUMM3aLMs U BHEIPSBAHE HA MOJEIIH BbPXY CUCTEMHU C OTPAHUYEHHU PECYPCH.
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3.1.3. IIpexBapuresiHo 00y4eHH KOHBOJIIOIMOHHM HEBPOHHU MPEXKHU B
MATLAB.

MATLAB Deep Learning Toolbox, npenocrass 19 npeasapureasHo o0yueHu
CNN apxutexktypu — ot kinacuuecku (AlexNet, VGG-16/19, GoogleNet) no
ceBpemenHu (ResNet, DenseNet, EfficientNetBO, NasNet) u kommakTHU
(MobileNet-v2, ShuffleNet, SqueezeNet). [loBeueTo ca 0OyueHu ¢ 6a3aTa OT JaHHH
Ha u3o00paxxenus ImageNet (1,2 muH. m3o0Opaxkenus, 1000 kimaca), eTMHCTBEHO
DarkNet-53 e mpenBaputennHo oOydeHa ¢ Habopa OT JIaHHU Ha W300paKCHHS
COCO. bposT na mapamerpute Ha CNN Bapupa ot 1 10 143 mumona.

3.2. IIbpBH eKCEePUMEHT — OIEHKA HA TOYHOCTTA HA MPeIBAPUTETHO
00y4eHU HEBPOHHHM MPEKH.

3.2.1. MeToauka HA eKCIIEPUMEHTA.

B pamkuTe Ha TBPBHS EKCICPUMEHT € aHaJM3upaHa cCpeaHaTa TOYHOCT,
MUHUMAaJIHATa, MAKCHUMaJTHaTa ¥ CpelHaTa JJOCTOBEPHOCT HA BCHUKUTE 19 TOCThITHA
B MATLAB npeaBapuTeIHO TPSHHUPAHU MPEKHU, BEPXY 0a3a OT JaHHH, ChIAbpIKAIla
2748 cHuMKH Ha BOCHHA TeXHHMKA. TakaBa cHCTEMaTHYHA OIEHKA ITO3BOJISIBA Ja CE
n30epar Hal-TIOIXOSIIA MOJCIH 33 KOHKpETHAaTa 3ajada M Ja Ce ONTHMH3Hpa
TSXHOTO M3IMOJI3BaHE B PeaTHH BOCHHU MPUIIOKCHHUS.

3.2.2. Pe3yararTu oT Kiacupukanusara.

Beuukun 19 Mpexu ca TecTBaHM BbpXYy IIbidHaTa 0a3a OT JaHHM Ha
n300pakeHust 0e3 JOMBIHUTENHO oOydeHue. CpenHara JOCTOBEPHOCT BapHpa
mexy 54,56 % (EfficientNetB0) u 73,64 % (DenseNet201).

Tabauya 3.3. Cpasnumenen anaius Ha pe3yimamume Om eKcnepumenma ¢
OPUSUHATIHU NPed8aAPUMENHO 00YUeHU MPEXCU.

. Bpoii
Monex igggp’:‘ Cpenna CranpaptHo | Munumaana | Makcumajiana | pa3mno3-
T — AO0CTOBEPHOCT | OTKJIOHEHHUE AO0CTOBEPHOCT | TOCTOBEPHOCT HaTUu
KJIacoBe
ALEXNET 2748 62.71% 26.47% 4.23% 100% 192
VGG16 2748 57.82% 27.03% 4.82% 99.94% 156
VGG19 2748 59.27% 27.62% 3.15% 99.99% 143
GoogLeNet 2748 68.47% 25.37% 8.11% 100.00% 138
InceptionV3 2748 61.82% 25.75% 3.67% 99.54% 120
ResNet18 2748 62.10% 27.71% 4.84% 99.99% 154
ResNet50 2748 66.70% 27.56% 4.42% 100.00% 156
ResNet101 2748 70.90% 26.62% 7.30% 100.00% 136
DenseNet201 2748 73.64% 24.33% 7.98% 99.99% 121
MobileNetV2 2748 55.45% 27.70% 3.05% 99.93% 162
NASNetLarge | 2748 70.37% 21.36% 8.79% 95.32% 105
NASNetMobile | 2748 63.03% 25.09% 4.46% 99.17% 126
ShuffleNet 2748 58.52% 27.47% 4.55% 99.97% 175
SqueezeNet 2748 62.20% 26.22% 6.61% 99.99% 198
'F?ecsf\‘l);i’/“z 2748 68.61% 23.36% 10.69% 98.30% 103
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Xception 2748 56.56% 27.42% 3.10% 99.98% 116
DarkNet19 2748 58.18% 29.43% 3.19% 99.97% 159
DarkNet53 2748 70.25% 26.39% 6.57% 100.00% 128
EfficientNetB0 2748 54.56% 26.01% 4.62% 98.54% 122

3.2.3. AHa/IM3 HA HAW-4YeCTO PA3MO3HABAHUTE KJIACOBE.

Bceuuku pa3no3Harty kiiacoBe ca BOGHHU 00€KTH WIIM MalllMHU, KOUTO MOTaT Ja
Ce acolMUpaT C BOCHHU OOEKTH, UJIH TOJIEMH CEJICKOCTOIAHCKU MAIlIMHU, KOUTO TIPU
CHUMKH C JIOIIIO Ka4e€CTBO MOTaT Ja 0baaT 00bpKaHu ¢ BOCHHU 00eKkTH ((urypa 3.1).
DarkNet53 e eaunHcTBeHaTa Mpexa, oOydaBaHa BBPXY KOJIEKIIMATa OT CHUMKHU
COCO. CratuctuyeckuTe M MapaMeTpu OT EKCIEPUMEHTa Ca ChIOCTABUMH C
napametrpute Ha apyrute 18 wmpexu. Ilpu moOpe cTpykTypupaHo oOydeHue

CpaBHUMH PC3YyJITATH MOrar na 6’b,Z[aT IMIOCTUTHATHU KU C PA3JIMYHU KOJCKIOHUU OT
CHUMKHMH.

Hai#-4yecTo pasno3HaeaHn Knacose No Mogenu

t - Ton 10 knaca darknet19 - Ton 10 knaca dark

t53 - Ton 10 knaca

bulletproof vest |36

airiner 38 airliner [36
jeep W41 jeep I tow truck 41
warplane .4:’» 1 assault rfle IGO missile I42
arrliner 45 tow truck [ll4s | assault rifie 43
assault rine [l s warplane [lls1 cannon [llso
projectile . 0 thresher .63 wamplane .57
thresher [ projectile Il 120 projectile Il 12
amphibian [N 23> amphibian [ o2 amphibian [ 170 {
naif track | - haif track [N 122 haif track [N = |
ey i = ey —
o 200 400 600 800 1000 1200 0 500 1000 1500 o 500 1000 1500
Bpoi paznosHasaHws Bpo# pasnosqasaHus Bpoi pasnoaHasaHna
denser_let201 -Ton 1l; wnaca efﬂcien_tnetho -Ton 19 Knaca ) googlenet - Ton 10 Kknaca
cannon [ cannon a2 airliner [l 20
bulletproof vest |43 1 assault rifie [ls8 missile [ll41
thresher .44 thresher .39 jeep I44
missile 46 missile [+ warplane [llso
projectile 47 jeep Wst projectile [llss
jeep s projectile [ll7s thresher [Ills1
wamplane [llss warplane [llss 1 assault ific [llss
half track [l 145 amphibian [l 137 amphibian [T 225 1
amphibian [ == haif track [ 22 half track | {
tonk || 1256 tank [ 12 tank | 167
0 500 1000 1500 0 500 1000 1500 o 400 600 8OO 1000

200 1200

Bpow paznozHasaHus Bpow paznoaqasaHna Bpon pasnoaHasaHna

Que. 3.1. [lecem nati-uecmo pasno3Hasanu Kiaca 3a wecm uzoparu mooena ¢
PAa3IUYHa apxXumexkmypad.
3.2.4. AHa/Iu3 HA pe3yJITaTUTE 32 TOYHOCT.
B nannwute, npeacraBeHu B mabdbauya 3.5, TOUHOCTTA HA MPEXKUTE € OT €JIUH U
CBII MOpSIBK — HE noBeue oT 14.41 %.
Tabnuya 3.5. Tounocm 3a wecm npeosapumenHo MpeHUpaHu Mpexicu ¢ pasiuyHa
apxumexmypa u OaHHU 3a pa3nosHam Kiac ,, maHx “.

Mpexa | AlexNet | GooglLeNet | ResNetl8 | ResNet50 | DarkNetl9 Eﬁ;ggm Cpenno
Tounocr 12.10% 14.26 % 13.47% | 14.02% 14.06 % 1441 % 13,72 %
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PasmosHat | 1058 1187 1227 1312 1231 1359 1229

KJIac
13
,»TAHK

/6poii, %/ 38.55 % 43.19 % 4465% | 47.74% 44.79 % 49.45 % 44.72 %

CHHUMKHUTE Ha TaHKOBe, 0003HAUYEHHM KAaTO TaKMBa B KOJIEKIHATA, ca 415 u
npeactasisBaT camo 15.10 % ot Bcuuku. AHAIM3BT Ha JaHHWUTE IOKa3Ba, 4e
CaMOXOJHUTE apTUJIEPUICKU YCTAHOBKH YeCTO OMBAT Kiacu(UIIUPaHU KaTo ,,TAaHK",
nopaau (U3MYECKH M BU3YaJIHM cXojicTBa, kakTo u bTP, BMII u Oponupanu
MalluHU C BBbOPBXKEHHE. MHOTO OT ,,HaydeHHUTE OT MPEKUTE XapaKTEPUCTHUKU
MEXAY BOCHHHTE OOEKTHM (MAallMHU) ¢ HAKOU TEXKKH CTPOUTEITHU U
CEJICKOCTOITAHCKH MAIIIMHU CHIIO Ca CXOJHHU, KOETO C€ BUXAA OT OOIIUS MPOIEHT
pa3Io3HaTH KJIACOBE, KOUTO MOTAT JIa Ce aCOIMUPAT C BOSHHU 00eKTH (Pueypa 3.1).

3.3. Bropu excniepuMeHT — TpaHc(ep HA 3HAHUS.

3.3.1. MeToauka Ha eKCIIEPUMEHT 3a TpaHcdep HA 3HAHUSL.

[Ipunoxen e TpaHchep Ha 3HAHUA BBPXY WIECT HU30paHU APXUTEKTYpPHU
(AlexNet, GoogleNet, ResNetl8, ResNet50, DarkNetl19, EfficientNetB0) upes
3aMsSHA HAa U3XOJHHUTE CIIOCBE U JOMBJIHUTEIHO 00yUYeHHE caMO Ha HOBUTE CIIOEBE
IIPH ,,3aMPa3€HHU" OCTAaHAJIU TEIJIA.

3.3.2. llpexnacudpunupane u oleHABAHeE.

OreHsBaHETO BKJIIOUBA CPABHEHHE HA TOYHOCTTA MO KJIACOBE MPEIU U CIE
JOMBITHUTETHOTO OOYUYEHUETO Ha MPEXKUTE.

3.3.3. lloaxon 3a cumMyJIMpaHe HA YACTUYHO 3aKPHBaHe

3a oleHKa Ha YCTOMYMBOCTTAa TMpU OKIYy3UWM OpUTrMHajIHaTa Oaza e
ayrMEHTHpaHa 4Ype3 CHUCTEeMaTUYHO 3aKpHMBAaHE Ha H300paxKEHUsATa C YEpHU
MpaBOBIBIHUIM: 25 % 3akpuBaHe (110 eawH kBaapaHT) u 50 % 3akpuBane (1o 1Ba
KBaJpaHTa), peaJu3upaHo B YETUPH OpueHTanuu. [loaxoapT yBeandyaBa obemMa Ha
0a3zara OT JaHHU HA U300paKEHHUS HA BOCHHM OOEKTH JEBET IMbTU U IMO3BOJISBA
KOHTPOJIMPAHO TECTBAHE MPHU Pa3IMYHA CTCTICH HAa BUIUMOCT.

3.3.4. Pe3yaraTu oT eKcriepuMeHTA ¢ TpaHcdepa HA 3HAHUSL.

TpancdepbT Ha 3HAHUS BOJIU 0 3HAYUTEITHO MOJ00pEHNE HAa TOYHOCTTA TIPH
BCUYKH Mpexu (Ttabmuuma 3.6 um ¢Qurypa 3.5). Haii-Bucoka TOYHOCT BBpXY
opuruHanauTe n3o0paxkenus mocrura EfficientNetBO — 95.60 %, cnensana ot
AlexNet (93.17 %) u ResNet50 (93.13 %). Wskmouenne npasu DarkNet19 ¢ mo-
cnabo nmomobpenue ot 40.10 %, a nmpu GoogleNet u DarkNet19 ce nabnrongana
otpuiareieH Tpancdep 3a kiac ,,tTank" (-20.7 % u -19.5 % cboTBETHO).

Taobnauya 3.6. CpasHumener anaius Ha 0000ueHume pe3yimamu 3a MoYHOCH npu
Kaacuguyupare Ha uz00padceruss om OpuSUHAIHAmMa 6a3a om OAHHU MeHCOY
npeogapumenno obyuenume (OpUSUHAIHU) U pempeHupanume upe3 mpaucgep Ha
3HAHUSL HEBPOHHU MPEJICU.

Mpexa Oprunanana, % Perpennpana, % Pa3znuka, %
AlexNet 12.10 93.17 81.07
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GoogL eNet 14.26 84.80 70.54
ResNet18 13.47 90.85 77.38
ResNet50 14.02 93.13 79.10
DarkNet19 14.06 54.16 40.10
EfficientNet-b0 1441 95.60 81.19
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Due. 3.5 Pezynmamu om knacuguyupane Ha 60eHHu 0OeKmu om pempeHupanama
mpeaca EfficientNetBO.
3.3.5. Pe3ysitaTu npu 4aCTUYHO BUIMMH 00€KTH.
[Ipn knacudukanus Ha ayrmMeHTHpaHuTe uzobpaxenus (25 % u 50 %
3aKpHUBaHE) TOYHOCTTA HAa PETPEHUPAHUTE MPEXKH craja a0 nuanazona 63 - 80 %, a
EfficientNetB0 moctura 80.31 %. OpurnHaIHATE MPEABAPUTEITHO 00YUCHU MPEKH
ce mpeAcTassT ¢ 8 - 11 % TouHoCT BEpXY ayrMEeHTHpaHUTE U300pakeHus (Tadnuia

3.9).

Taobnuya 3.9. CpasHumenern ananus Ha 0000ueHume pe3yimamu 3a MoYHOCH npu
Kaacuguyupane Ha ayeMeHmuparu ¢ YacmuyHo 3aKpusane uzo00padceHus om
pempenupanume upe3 mpauncgep Ha 3HAHUsL HEBPOHHU MPENHCU.

Mpe:xa

Opurunanna, %

Perpennpana, %

Pa3znuka, %

AlexNet

7.98

68.54

60.57
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GoogL eNet 9.56 63.04 53.49
ResNet18 9.50 69.18 59.68
ResNet50 10.27 72.48 62.22
DarkNet19 10.18 32.19 22.02
EfficientNet-b0 10.93 80.31 69.38

3.3.6. Pe3yaraTu npu TpaHcgep Ha 3HAHUA Ype3 00ydyeHue ¢
ayrMeHTHPaHU HU300paKeHUsl.

BxirouBaneTo Ha ayrMEHTHpaHUTE M300paKEHUs B Mpolieca Ha OO0ydyeHHe
BOAM JO CBHIIECTBEHO MAOMBJIHUTENHO mojoOpenue ot ~ 24 %. Mpexara
EfficientNetBO (Net3), oOyueHa BbpXy ayrMeHTHpaHaTa Oa3a, MocTtura ooOIa
toyHocT 99.25 % npu pasno3naBaHe Ha kiac ,,raHk" npu 50 % 3akpuBaHe, B
cpaBHeHue ¢ 75.18 % Ha chiiaTa Mpexka 6e3 ayrmeHTaius B o0yueHuero (Tadiauna
3.12). Pesynrature ca cTaOWIHM TIPU BCUYKM BapUAHTH Ha 3aKpUBAaHE,
BKJIFOUUTEITHO TPU 3aKPUT JIOJICH UM TOPEH MOIYKaIbP.
Taoénuya 3.12. Cpasnumenen ananuz Ha 00006wenume pe3yimamu 3a MOYHOCH o

K1acoge npu Kiacupuyupare Ha u300padcenusi om ayemeHmupanama 6asa om
oanHu Ha mpu pazauyno ooyuenu mpedicu EfficientNetBO.

HNme Ha kiaac Pazimuno o6yuenn mpesku EfficientNet-b0
Netl (Orig) Net2 (No Aug) Net3 (Aug)
artilleriya 0.00 % 69.70 % 97.67 %
bmp 0.00 % 76.78 % 95.40 %
bpla 0.00% 95.28 % 98.03 %
bronemashina 0.00 % 81.12 % 98.10 %
btr 0.00 % 75.05 % 96.45 %
pehota 0.00 % 91.96 % 96.76 %
rszo 0.00 % 81.94 % 98.71 %
tank 67.07 % 75.18 % 99.25 %
3.4. U3Boam.

1. Bbhopeku 3HAYUTETHUTE pa3aUuus B apXUTEKTypuTe U B Opos Ha
napamerpure (oT 1 g0 143 MunmMoHa), OPUTMHAIHUTE MPEIBAPUTEIHO OOyUEHU
HEBPOHHU MPEXH IMOCTUTAT CXOHU PE3YJITATH MO OTHOLLIEHNE Ha 6a30BaTa TOYHOCT
(12 - 15 %) npu pa3no3HaBaHe Ha BOCHHU OOCKTH. AHAJIM3BT HA PE3YyJITATUTE Ha
Hali-4ecTo pa3MO3HABAHUTE KIIACOBE IIOKa3Ba, Y€ IMPEABAPUTEIHO OOyYEHHUTE
JOCTBITHA HEBPOHHU MPEKU UMAT TEHJICHLUS /1a aCOLUUUPAT BOEHHUTE 00EKTH ChC
CEeMaHTHUYHO Oym3ku Kateropuu karo tank, half track, amphibian, warplane,
MPEABU BU3YATHOTO CXOACTBO Ha BOEHHATA TEXHUKA.

2. Texnukara 3a Tpanc(ep Ha 3HaHUS € e(DEKTUBEH METOJ] 3a aJanTUPaHe Ha
CHILIECTBYBAIIM MOJEIHU KbM clielu(pruyHaTa 3aja4ya 3a pas3lo3HaBaHE HA BOCHHU
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00eKTH, KaTo 1moa00psBa TouHocTTa ¢ 710 81.19 % crnpsmMo OpUTHHATHUTE MPEXKH.
Haii-nobpu pe3ynTatm mpu  pas3lo3HaBaHE Ha OPUTHHATHU H300paKeHUs
neMoHcTpupa HeBpoHHa mpexka EfficientNetB0 ¢ 95.60 % Tounoct ciien Tpancdep
Ha 3HaHus, caeaana oT AlexNet (93.17 %) u ResNet50 (93.13 %) (tabiuna 3.6).

3. Ilpm pasmo3HaBaHe Ha 4YaCTUYHO BHUAMMHU OOEKTH TOYHOCTTA Ha
MIPEABAPHUTEITHO 00yUECHUTE HEBPOHHHN MPEKH HAMAJISIBa M € B Anamna3oHa ot 8 % 1o
11 %, a mpu peTpeHupaHUTEe HEBPOHHU MPEXKHU C M300pakeHus1 Oe3 ayrMeHTaIus
TOYHOCTTA ¢ B Auana3oHa ot 63 % mo 80 % (tabmuma 3.9).

4. OOy4yeHHEeTO HAa HEBPOHHHUTE MPEXH C ayITMEHTHPAHH H300paKEHUS C
YAaCTUYHO 3aKPUTH OOEKTH BOJM 10 CHIECTBEHO IMOBUINABAHE HA TOYHOCTTA TPH
KIacupUIMpaHe Ha YacCTHYHO BHUAWNMH BOCHHH OOCKTH — HampuMep Tpu
EfficientNetBO ce moctura Tounoct 99.25 % npu pasno3HaBaHe Ha YacCTUYHO
BUIUMH OOCKTH OT KJjac ,,TaHk" (Tabmuiu 3.12 u 3.13).

5. AHanmu3bT Ha pE3yJITaTUTE OT IPOBEICHUTE EKCIEPUMEHTH IOKa3Ba
HEOOXOUMOCT OT Ch3/IaBaHE Ha CHelHAIU3UpaHa KOHBOJIOIMOHHA HEBPOHHA
apXUTEKTypa, MPOEKTHpaHAa 3a paslo3HaBaHE HAa BOCHHH OOEKTH B OINTHUYHU
U300pKEHUS TpU HAIMYME Ha YaCTUYHO 3aKpUBaHE, JIOIIa BUIAMMOCT WIU
MIPUCHCTBUE HA MHOKECTBO OOCKTH B KaIbpa.

I'JIABA 4. IPOEKTUPAHE HA KOHBOJIIOIIMOHHA HEBPOHHA
MPEXKA 3A OTKPUBAHE U PA3IIO3BHABAHE HA YACTUYHO
BUINMU BOEHHU OBEKTMU.

YeTBbpTa T1aBa TMPECTaBs MPOCKTUPAHETO, CHCTEMATHYHOTO U3CIIEABAHE H
ONTHMH3ANMATA Ha CIICIUAIM3UpaHa KOHBOJIOIMOHHA HEBPOHHA apXHTEKTypa 3a
pasno3HaBaHe Ha YaCTUYHO BUIUMU BOCHHU 00eKkTH. OCHOBHATA I1€]1 € Ch3/1aBAaHETO
Ha KOMITAaKTEH MOJIeJI C MUHIMAJTHA apXUTEKTYPHA CI0KHOCT, IPUII0KUM B CUCTEMHU
C OTpaHUYCHH U3YUCIHUTEIIHU pecypcu — O0opaoBu kommtotpu Ha BITJIA, Hazemuu
HAOJII0/IaTeITHA CTAHIIMU U BrpaJcHU I1aThOPMHU.

4.1. IlpoekTHpaHe HA MHOTOCJIOIHY KOHBOJIIOIIMOHHU HEBPOHHU MPEKH
3a 3aj]a4ara.

3a ocurypsiBaHE Ha CBHIIOCTABUMOCT BCHYKH TPOEKTHPAHU apPXUTEKTYPH
paboTAT ¢ eAHAKBB BXOACH (popMaT Ha U300pakeHusTa (224%224%3) u uaeHTUIHA
M3XO0JIHA CTPYKTypa OT oceM Kkiaca. M3cnenBanu ca koHdurypanuu ¢ Opoi
KOHBOJIIOIIMOHHKU OyiokoBe oT 0 10 14, Karo CHCTEMaTHYHOTO H3MEHEHHME Ha
IBJIOOYMHATA TIO3BOJISIBA M3CEABaHE Ha e(eKTa Ha apXHTEKTypHAaTa CIIOXKHOCT
BBPXY TOYHOCTTA M YCTOMYHUBOCTTA TIPH OKITY3HS.

4.1.1. ba3oBa KOHBOJIIHOHHA HEBPOHHA MpexXa C YeTHPH
KOHBOJIIOLIMOHHHU 0JIOKA.

bazoBata apxurekTypa c€ CBCTOM OT HYETHUPH TMOCJIEAOBATEIHU
KOHBOJIIOIIMOHHU OJIOKA, JIBa HAIIBJIHO CBBHP3aHU OJIOKA U M3XOJACH cloil. Bceku
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KOHBOJIFOITMOHEH OJIOK BKJIIOYBAa KOHBOJIKOIMOHEH ciod (3%3 duirpu), cioil 3a
nakeTHa HopMaiu3alus, aktTuBaioneH cioit (ReLU) u oGeauHsBal cioi ¢ Mmacka
¢ pa3mep (2%2). bposT Ha GUITpUTE HapacTBa IPOrpecUBHO: 8§ — 16 — 32 — 64,
a MPOCTPAHCTBEHATa pE3OJIONMS HaMalaBa: 224 x224%x3 — [12Xx]12x8 —
56%x56x16 — 28x28%32 — 14%14x64. HanrbJIHO CBBbpP3aHUTE OJIOKOBE CHABPKAT
1024 u 512 HeBpoHa chOTBETHO, Bceku ¢ ReLU aktuBarus u dropout (p = 0,4).
N3xonHusT cnoil uMa 8 HEBpOHA, clieiBaH OT CJoW cbhCc Softmax akTuBaius u
kiacugukanroHeH ciaon. O6musT Opoii cioese € 26.

B orsarza, i e ) P teos. | | B it - o
Bl Bl B Bl W i
= = e 4 forr 8 ] = I 5 corvece

.

Que. 4.2. Yemupubnokosa CNN (6e3 knacugpuxayuonen cioti).

N360pbT HAa 4 KOHBOJIOIMOHHU 0JIOKa € TEOPETUYHO OOOCHOBAH: MBPBUAT
CJIOW M3BJIMYA HUCKOCTETICHHU IPU3HAIM (KOHTYPHH JIMHUU, TEKCTYPH ), BTOPUSIT —
dbparmenT oT GopmMHU U JeTailiM Ha BOCHHATa TEXHHUKA, TPETUIT — CTPYKTYpPHU
IPEICTaBsIHUS HA KOMIIOHEHTH (KyJia, OPBAKNE, KOPIYC), a YETBbPTUAT UHTETpUpa
Ta3u MHpopManus B aOCTpaKTHU MOJIENU, CIIOCOOHU J]Ja KOMIIEHCUPAT YaCTUYHATA
BHJIMMOCT Ype3 XapaKTepHU KOMOMHAITUU OT BHIUMH MTPU3HAIIH.

4.1.2. Moau(puumpanu apXuTeKTypH.

3a cucTeMaTUYHO M3CTEABAaHE HAa BIUSHUETO Ha apXUTEKTypHATa CIOXKHOCT,
0a3zoBaTa Mpexka € paslliupeHa B cepus oT Moauduiupanu BapuanTu ¢ 3, 5, 6, 7, 8,
9, 10, 11, 12 u 14 KOHBOJIOUMOHHU OJyiOKa. J[OMBIHUTENTHO, 3a OMPEACIICHU
KOH(UTypamuu ca TeCTBAaHU BapUAHTH C PA3TMYHHA Pa3MEPHU Ha KOHBOJIOIIMOHHUTE
bunTpu nipu pukcupan Opoi cioese.

4.2. MeToauka Ha 00y4eHue U olleHKa Ha pesyararure (4.2.1. — 4.2.3.).

OOyueHueTro # OIlEHKAaTa ca CTPYKTYpPHUPAaHU B TPHU IMOCJIEIOBATCITHU
EKCIIEpUMEHTAJTHU €Tara, BCEKH OT KOWTO M3MOJI3Ba €THU U CHIIM apXUTECKTYPH MPHU
pa3IuYHU 00EMHU 1 KaueCcTBO Ha OOyJaBaIIUTE TAHHU:

Eran 1 — o0yuenue BbpXy OpUTHHAIIHATA KOJEKITUs OT 2748 n300paxkeHus;
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Etan 2 — oOydeHune BBpXY IOCIIEIOBATEIHO ayrMEHTHpPAaHU HAOOpH C
reoMeTpuuHu 1 hoToMeTpruHu TpaHchopMaiuu (X2, X4, X6, X8 ypenuuenue) 0e3
BBBEXK/IaHE HA YaCTUYHA OKJIY3Hs B 00y4YaBaIluTe JaHHH;

Etan 3 — o0yueHue BbpXy CHEIMATHO KOHCTpYUpaHa 6a3a ¢ KOHTPOJIUpPaHa
yactuyHa okiy3ust 10 50 % (onucana B ['maBa 3, paznen 3.3), cuMmymupalia peaiHu
CIICHApWU Ha 3aKpHBaHe.

4.3. Pe3yJITaTl OT eKCIIEPUMEHTHTE.

4.3.1. O011 moAX0/1 32 TeCTBAHE M AHAJIM3 HA Pe3YJITATH.

OneHsiBaHETO Ha BCUYKHU apXUTEKTYpPHU CE€ M3BBHPIIBA BbPXY €IMHHA TECTOBA
KOJICKIUS ¢ YACTUYHO 3aKPUTH M300pakeHUs1, BKIIIOYBAI[a OPUTUHAIN U BapHAHTU
c 25 % u 50 % 3akpuBaHe B 4UETHPU OpHEHTAIUU. PerucrpupaHute METPHUKHU
BKIIIOYBAT CpeqHa KiIacu(UKaIMoHHA TOYHOCT, pasmpeaesieHue Ha TPEIIKUTE TI0
KJIacoBe, Jerpajaisi Ha TOYHOCTTA CIPSMO OpUTHHAT M MPOCTPAHCTBEHA
aCUMETpHS IIPU 3aKPUBAHE.

4.3.2. Pe3ysaTaTu oT ekciepuMeHTHTE OT eTam 1.

[Ipu oOyueHue camo BBPXY OpUTHHAJIHATa HEAYTMEHTHUPAHA KOJICKITUS
TOYHOCTTA pacTe ¢ Oposi KOHBOJIIOLIMOHHU OJI0KOBe 110 ompeneneH npar. CNN-12
MOCTUTA Hali-BUCOKa TOYHOCT Tipu oOydenue (50.62 %), Ho ¢ pasmuka ot ~ 47 %
MEXIy TPEHHPOBbUHATA W BalWJAallMOHHAaTa KpUBa — SICEH TMpHU3HAK Ha
npeoOyuaBane (overfitting). [To-mumtkuTe apxutekTypu (< 7 0J10Ka) JEMOHCTPUPAT
OTrpaHMYeHa CHOCOOHOCT 3a KiacHudUKalus NP YacTHYHA BHIMMOCT, a TIO-
IBIOOKUTE — HecTabumHu pesynTatu. CpenHaTa TOUHOCT BbPXY ayrMEHTHpaHaTa
¢ okiry3uu koyiekmus Bapupa ot 31 % (CNN-3) mo 67 % (CNN-12).

4.3.3. Pe3ysaraTu oT eKClIepUMEHTHTE OT eTam 2.

VBenuuaBaHero Ha o0Oema Ha OOydaBallUTE JaHHU BOJU JI0 CHCTEMHO
0I00pEeHNE Ha TOYHOCTTA MPU BCUYKHU apXUTeKTypu. [Ipu ayrmenrtanus X8 CNN-
12 moctura 95.52 % TounocT mpu oOyuenue u (4.43 % cpenHa TOYHOCT MpHU
YaCTUYHO 3aKpUTH u300paxeHus. JIOMBIHUTEIHOTO YCJIOXKHSBAaHE HE HOCU
IponopIuoHaieH epekT - HaboaaBa ce ,,1aTo" IpHu apXUTEKTYPH C TIoBeue OT 7
— 8 6ioka. MakcuManHata JOCTUTHATA CpeIHa TOYHOCT MPHU YaCTUYHA BHIUMOCT B
eTar 2 ocTaBa Mmo-Majako oT /5 % mpu BCUYKHU apXUTEKTYpU, KOETO MOTBbPK/IaBa,
4e cTaHJapTHATa ayrMEHTallus cama 1o ce0e CU € HeJJoCTaThyuHa.

4.3.4. Pe3yTaTH OT eKCIIEPUMEHTHUTE OT eTam 3.

BrxirouBaHeTo Ha KOHTpOJMpPaHA OKIIy3us B OOy4yaBallWTe JaHHU BOIU JI0
KayecTBEHa MpoMsiHa B pesynTatute. [locTurunaTuTe CTOWHOCTH HA TOYHOCTTA TIPU
YaCTUYHO BUJIMMU M300paXEHUS HApaCcTBAT 3HAYNTEIHO TIPU BCUUKHA apXUTEKTYPH
(Tabmuma 4.8).

HaGnrogaBa ce siCHO wW3pa3eH MaKCUMyM TIpH apXUTeKTypu ¢ 6 — 8
KOHBOJTIOIIMOHHU 0JI0KA, CJIe] KOETO JOIMbIHUTETHOTO HapacTBaHe Ha AbJI0OYNHATA
HE HOCH CHCTEMaTHYHO T0I00pEHUE.
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Taonuya 4.8. Cpasnumenen ananuz Ha mo4Hocm om odyyeHue U cpeoHa MmoYHOCm
om Knacugurayusa Ha uzoopasicenusi om 6a3za om OaHHU C YACMUYHO 3aKPUBAHE 8
3a8ucumMocm om 6pos KOHEOJOYUOHHU ONIOKA.

CNN-Bpoii

KOHBOJIIOIHOHHU 3 4 5 6 7 8 9 10 11 12 14
6J10Ka 0J0Ka 0J10Ka 0/10Ka 0J10Ka 0/10Ka 0J10Ka 0J10Ka 010Ka 0J10Ka 0J10Ka 0J10Ka
TouHocT npu

o0yueHue c

ayrvcnrupana | 7514 | 86.58 | 85.99 | 92.08 | 93.56 | 94.17 | 93.82 | 93.01 | 92.22 | 95.42 | 92.44

KoJeknus, %
Cpenna TOYHOCT
BBbPXY nsaIaTa

KOJICKIHA c| 8241 | 90.92 | 91.87 | 96.97 | 97.87 | 97.82 | 97.71 | 97.05 | 96.87 | 98.21 | 96.88
YaCTUYHO
3aKpuBaHe, %

4.4. 1300p HA ONITUMAJIHA APXUTEKTYPA.

4.4.1. CpaBHeHMe HA aHAJIU3 32 H300P HA ONITHMAJIHA APXUTEKTYPa.

N300pbT Ha ONTMMagHA apXUTEKTypa ce€ OCHOBaBa Ha Tpu Kputepus: (1)
cpenHa Kiacu(PpuKalMoOHHA TOYHOCT MO-TojsMa oT 95 % mpu 4aCTUYHO BUIUMU
n300pakeHusl; (2) MOCTUraHe HAa Ta3W TOYHOCT IPHU BB3MOXKHO Hail-Maiabk Opoii
KOHBOJIIOLIMOHHU 0J0KOBe; (3) CTa0MIHOCT — MHUHUMAlIHA pPa3IHKa MEXKIY
TOYHOCTTA IIPU 0OYUYEHHUE U Ta3U MPU TECTBAHE C U300PAKEHUS C OKITY3HH.

AHanu3bT Ha pe3ydTaTuTe IMOKas3Ba, uye apxurekrypure ¢ 3, 4 u 5
KOHBOJIIOIIMOHHU OJi0Ka He gocturat npara oT 95 %. [1pu 6 KOHBOJIOIIMOHHHU OJI0Ka
ce HaOJII0/1aBa CHIIECTBEH CKOK — TOYHOCTTa aoctura 96.97 % npu crabuiHOCT
4.89 %. Apxutektrypute ¢ 7 — 14 610Ka MOCTUTAT CXOJAHHU WIIU MAJKO TMO-BUCOKH
CTOWHOCTH, HO JONBJIHUTEIHOTO TOJOOpEHHE HE € NPONOPLUUOHAIHO Ha
HapacHajiara CIOXKHOCT.

Apxutextypara CNN-6 ¢ 6 KOHBOTIIOUMOHHU 0J10Ka (34 HEBPOHHM CJI051)
e ompeaejeHa KATO ONTHMAaJIeH KOMIIPOMHUC MexXAy e(eKTHBHOCT U
APXHUTEKTYPHA CJ0KHOCT — TIbpBaTa KOHPUTYpaLUs, TPU KOSATO C€ JOCTHTra
BUCOKA M CTaOWJIHA TOYHOCT NpH KiIacH(UKAIMS Ha YACTHYHO BUAMNMH BOCHHU
00€KTH € mpeacTaBeHa Ha gurypa 4.9.
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Que. 4.9. Cxema na peanuzupanama CNN ¢ wecm xongontoyuonnu o10ka (6e3
Kiacugukayuonen cuoii).

4.4.2. leTailsiHO onMcaHUe U ONTUMU3AINUS HA U30paHATA APXUTEKTypa
CNN-6.

Cnen wu3bopa Ha apXUTeKTypaTa € TMpOBEJEHA JByeTalHa BBHTPEIIHA
onTUMHU3anus 6e3 mpoMsiHa Ha Opos CI0EBe.

Onmumuzayus Ha 6Oposi Ha KoHeonroyuoHnume Guimpu: llpu ukcupan
pa3mep 3%3 ca TECTBAHU PA3IMYHU KOHDUTYypaIK Ha OpOs ¥ TTOCIIEI0BATETHOCTTA
Ha buntpure. Pesynratute MOKAa3Bar, ye KOH(pUTrypanusra
32—64—128—256—512—512 noctura Hail-Bucoka cpegaHa TouHoct — 98.92 %
pH YacTHUYHA OKIY3Ms, KOETO MpejacTaBisiBa momodpenue ot 1.95 % cmpsmo
u3xoAHaTa KoHpurypauus §—16—32—64—128—256.

Onmumuzayus Ha pamepa HA NvPeUs Koueoatoyuonen @uimvp: llpu
¢ukcupana KoHurypamuss Ha (uiaTpuTe € TecTBaH e(deKkTa OT MpoMsHATa Ha
pasMmepa Ha GuATBpa B WBpBHUA ciiol (3%X3, 4x4, 5x5, 6x6, 7x7). Pesynratute
MOKa3BaT, ue pazmep 5x5 nasa nexo mogoopenue (98.97 %), narepnperupano KaTo
no-A00sp OajlaHC MEXAy JIOKaJHO M3BJIMYAHE HA JIeTailii U oOXBallaHe Ha TO-
IIUPOK TIPOCTPAHCTBEH KOHTEKCT. [Ipu mo-ronemu pazmepu (66, 7%7) TouHOCTTA
cabo HamassiBa, mopajau 3aryda Ha (PMHU JIOKATHH XapaKTePUCTUKH.

dunaaHaTa onTumMusupana apxurekrypa CNN-6 BxiItouBa: BXOJEH CIOU
(224%224%3), mecT KOHBOJIOIHOHHK Oyoka ¢ Guatpu 5X5 B mepBus u 3X3 B
OCTaHaJIUTE, MOCJIEA0BATETHOCT Ha opost Ha bunTpure
32—64—128—256—512—512, nBa HambaHO cBBbp3aHu Onoka (1024 u 512
HeBpoHa), Softmax u Ki1acuPpUKalUOHEH CIOH.
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4.4.3. Pe3yaraTd OT [JeTAWJHUA aHAJAW3 HA ONTUMHU3HpAaHaTa
KOHBOJIIOIIHOHHA HEBPOHHA MPe’Ka ¢ eCT KOHBOJIIHOHHHU 0J10KA.

[IbIHUAT CTATUCTUYECKH aHAIW3 M0 KJIACOBE M BapUAHTHU HA OKIY3HS €
nokasaH B Tabmnuia 4.12.
Ta6nuua 4.12. Pezyimamu 3a mounocm npu Kiacugpukayus Ha u3o0paxiceHus ¢
OKNY3UsL no Kiacose u sapuanmu Ha onmumuzupanama CNN-6.
TouHoCT 1O KJIacOBe U BapuaHTH, %

Bapuanru artilleriya | bmp | bpla | bronemashina btr pehota | rszo tank
Original 100 99,40 | 99.26 99,12 99,33 | 9951 | 100 100
Quadl TopL 100 99,60 | 99.26 99,12 98,65 | 99,03 | 100 100
Quad2_TopR 100 99,00 | 99.26 99,41 100 | 99,51 | 100 100

Quad3_BottomL 100 99,40 | 99.26 99,41 98,65 | 99,03 | 100 100
Quad4_BottomR 100 98,80 | 99.26 99,41 99,33 | 99,51 | 100 100

Halfl _Top 98,84 | 98,21 | 98.15 99,41 97,64 | 99,03 | 99,71 | 99,76
Half2_Bottom 97,67 | 95,02 | 95.94 97,35 94,61 | 97,57 | 99,13 | 94,70
Half3_Left 99,42 | 99,20 | 98.15 98,53 97,64 | 98,54 | 100 | 99,28
Half4_Right 98,84 | 98,01 |99.26 98,53 98,32 | 99,51 | 100 100

CpenHa TOYHOCT 99,42 | 98,52 | 98.65 98,92 98,24 | 99,03 | 99,87 | 99,30
MuHuMaIHa 97,67 | 95,02 | 95.94 97,35 94,61 | 97,57 | 99,13 | 94,70
MakcuMaJjina 100 99,60 | 99.26 99,41 100 99,51 100 100

CT. OTKJIOHEHHE 0,82 1,42 | 1.12 0,69 1,57 0,64 0,09 1,74

TecTBaHeTO BbpPXY AOMBIHUTENIHA Oa3a C HOBU BapUaHTH Ha 3aKpuBaHe (9 %,
10 %, 15 %, 20 %, 75 %) moka3Ba, ye Mpekara yCIEIIHO TeHepalu3upa KbM
BapHaHTH, 32 KOUTO He € oOyuaBaHa. [Ipu 5 % 3akpuBane Tounoctta € ~ 99.5 %,
mpu 10 % — ~ 99 %, npu 15% — 94-97 %, npu 20 % 1eHTpaIHO 3aKpHUBAHE —
85.66 %, a mpu 75 % 3axkpuBane — 83-93 % B 3aBMCHMOCT OT OpHEHTANMSITA HA
3akpuBaHeTo. (purypa 4.15)

Te3u pesynraTy MOTBBpP)KIaBaT, Y€ TOUYHOCTTA € HEJIMHEWHa (PyHKUMS Ha
KOe(pUIIMEHTa Ha BUJUMOCT # U IPUTEkKABa U KAUECTBEHO U3MEPEHHUE — 3aBUCH HE
camo OT IMPOILIEHTa Ha 3aKpUBaHE, HO U OT TOBA KOs KOHKpPETHa 4acT OT o0eKTa e
3aKpuUTa.

JIOBJIHUTETHO TECTBAHE ¢ UMITYJICEH IyM (salt & pepper) ¢ urbTHOCT 0.0—
1.0 (rabauna 4.14) nokaspa, ye MpexkaTa NoIbpKa NPUEMIINBA KIACU(PUKALIMOHHA
TOYHOCT pH IBTHOCT 110 0.4 (83.51 %). (dpurypa 4.16)

[Tpu ananu3a Ha pe3yaTaTUTE CIEABa Ja C€ UMa MPEABHI, Y€ ONEPaTOPhT Ha
OKJTy3Us, BBEJICH B MATEMAaTUYECKUS MOJICNT Ha N300pakeHusI ¢ OkTy3usi B [1aBa 2,
TYK UMa ClIy4dailHu cToitHocTH a He camo 0 u 1. [Ipu mpaBOTO pasnpocTpaHeHue Ha
nHpopMaIusATa B HEBpOHHATA MpPEXKa TOBa IIe JOBEJE 0 CIyYyallHU aKTHBAIMH U
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HapyliaBaHC Ha 3allaMCTCHUTC IIpHU 06y‘{€HI/I€TO KOpCJIalluOHHHU BPDB3KH. Tosa ce
OTpassiBa Ha KJIaCI/I(I)I/IKaHI/IOHHaTa TOYHOCT Ha HCBPOHHATA MPCKaA.

Que. 4.15. Jlonvainumennu eapuanmu Ha 3aKpusate.

Tabauya 4.14. CpasHumenen ananus Ha pe3yimamume 3a MO4HOCM HA
onmumusuparnama wecmonokosa CNN npu knacugpurxayus na wacmuuno 3axkpumu
ypes npuiazane Ha UMNYJICeH uym u300paiceHusl.

CroiiHocT Ha TouHocT Ha Haji-tpyaen 3a kiacupuuupane
napamerbpa  3a | kuacuduxanus (%0) BapHaHT, HMe U TOYHOCT (%)
ILIBTHOCT HA IIYM

0,0 99,57 Quadl TopLeft (99,56)

0,1 98,15 HalfL_Top (94.58)

0,2 93,71 Half1_Top (76.79)

0,3 88,42 Halfl_Top (63.16)

0,4 83,51 HalfL_Top (53.65)

0,5 79,44 Halfl_Top (47.60)

0,6 76,14 HalfL_Top (43.01)
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0,7 73,43 Halfl_Top (40.22)
0,8 71,17 Halfl_Top (37.86)
0,9 69,30 Half2_Bottom(34.96)
1,0 67,97 Half2_Bottom(32.29)

noise density = 0.7 noise density = 0.8 noise density = 0.9 noise density = 1

Que. 4.16. Bapuanmu na 3axpusane Quad?2 TopRight 3a uzobpasicenue na obexm
om K1ac ,,mauk *“ usnviIHeHu upe3 npuiazare Ha Qynkyuama salt&pepper
(umnyncen wiym) ¢ paziuyHa nIbMHOCH Ha wym (noise density).

Ha ¢urypa 4.24 ca npeacraBeHH BXOISIIOTO H300pa)K€HHWE M BCHYKH
NICEBJOLIBETOBM KAapTH Ha CpeaHaTa CTOMHOCT IO KaHaJUTe Ha CbOTBETHUTE
MOCJICHU CJIOEBE B IIECTTE 0JIOKA, HAJIOKEHU BbPXY BXOAHOTO M300paxeHue. Topa
ce MHTepIpeTHpa KaTo JIOKAJTHU PalioHM OT M300pa’KEHUETO, KOUTO ca BaXKHU 3a
kjacuukanuara (OCpeIHEHU XapaKTepHU MPHU3HALM, OTKPOCHH B paboTara Ha
6soka). Busyanusanusara noka3pa Kak ,,BHUMaHHETO  HA MpeKaTa ce KOHIICHTPUPa
BBPXY Pa3UYHM JETANIN OT BXOASAIIOTO N300pakeHHne 1 ce U3BINYa WH(OpMAIIUs
32 KOMIUIEKCHUTE CTPYKTYPH B U300pa’KEHUETO.
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Input Image

0 0

Que. 4.24. Bcuuxu nces0oysemosu Kapmu Ha CpeoOHama CMoOUHOCH N0 KaAHAIUme
(feature maps) na nocieonume (pooling) crnoege 6 wecmme 0J10Ka HALOHNCEHU
8bPXY 6XOOHOMO U300padiceHue.

4.5. CpaBHenue mexay perpenupanara EfficientNet-B0 u CNN-6.

4.5.1. ApXMTEKTYpPHA CJIOKHOCT

EfficientNet-BO BxirouBa 237 cmos u 5,3 MiH. oOydaecMH TlapaMeThpa,
nokato CNN-6 uma 34 cinos u 3,3 muH. napamerspa. CNN-6 € npoektupana 6e3
HE00XOAMMOCT OT NMPEBAPUTEIHO 00yUEHUE BBPXY MallaOHU HA0OpHU OT JIaHHHU.

4.5.2. CpaBHeHHe TIPH YACTHYHA OKJIY3HA.

CpaBHEeHHETO € TPOBEICHO Ha HHUCKompowm3BoauteneH mporecop (Intel
Pentium B960), mo6unen nporecop (Intel Core 13-5020U) u cbpBbpHa 1u1aTdopma
(2xIntel Xeon Gold 6530). Pe3ynararute (Tabnuua 4.15) nmokassar, ue pa3jinkara B
TouHoctTa € ox 1 %, gokato Bpemeto 3a 00padboTka Ha CNN-6 € 2—-3 mbTH 10-
KpaTKO MpU OTpaHudeH xapayep. ToBa MOTBbPIKIaBa, ue CIeIHaIn3upaHa 1 1eJieBo
ONTHUMH3UpaHA ApPXUTEKTypa MOXKE Jla TOCTUTHE pe3yJTaTH, CBHIIOCTABUMU C
HAJIOKEHU B MPAKTUKATa MOJIETH, MPY 3HAUYUTEITHO MO-HUCKA U3YHMCIIUTETHA IICHA.

Tabnuua 4.15. Cpasnumener ananu3 Ha napamempu Ha pemperHupana mpexca
EfficientNet-B0 u CNN-6 noayuenu npu paboma svpxy mpu pasiusHu xapoyepHu

cucmemu.
IMapameTsp EfficientNet-BO CNN-6
Tounoct npu okiy3us | 97.50% 96.97%
Pa3zmep Ha Mojiena 14,97 MB 12,84 MB
Bpewme Ha Pentium (s) | 0,358 0,109
Bpewme Ha Core 13 (s) 0,195 0,107
Bpeme Ha Xeon (s) 0,302 0,157
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4.6. OrTkpuBaHe HAa 4YaCTUYHO 3aKPUTH BOEHHM O0eKTHM 4pe3
AMILIEMEHTHPaHe HA aJIFOPUTHhMA ,ILTh3ranl npo3open (sliding windows) u
o0yuyeHa mecT0JI0KOBAa KOHBOJIIOLMOHHA Mpeska 32 KiIacupukamusi.

3a pasmupsiBane Ha CNN-6 kbM 3aj1a4a 3a JOoKaIu3alus € UMILUIEMEHTUPaH
aJITOPUTHM C ,,Turh3rant npo3oper ™ (sliding window). M3o0pakeHneTo ce ckaHupa
Ha YaCTH C pa3inueH Mamiad u pukcrupaHa CThIIKa; BCEKH PETHOH Ce Ipeopa3MepsiBa
U mojaaBa 3a kiacupukanus. [Ipo3opuuTte ¢ JOCTOBEPHOCT HaJA MPEIBAPUTEITHO
3ajma7eH npar (GopMmupaT JIByMEpHa KapTa Ha OTKpUBaHHUATa. Upe3 3ambiBaHE U
oOeMHsIBaHE HAa CBbP3aHM PETHOHM CE M3BJIMYA OrpaHUYMTENHa pamka (bounding
box) oxono oOekra. JIOMBIHUTETHO 3a NpPEUM3UpAaHE Ha JOKAIW3alUATa €
U3I0JI3BaHa rpaJIMeHTHO-0a3upana aktuBanuonHa kapta (Grad-CAM). [loaxoast
HE W3HUCKBA JOMBIHUTEIHO OOyYE€HHE C AaHOTUPAHU OTPAHUYUTEIHU PAMKH U €
PUIIOKUM IIPU OTpaHUYEHU 00y4YaBally JTaHHU.

4.7. Kackaaen mojeJs 3a ceMaHTHYHO GUITPUPAHEe U Pa3NO3HABaHe HA
YAaCTHUYHO BHIMMH BOCHHU 00CKTH.

3a pealuCTUYHM CLIEHApUHM C MPUCHCTBUE HAa IIUBWJIHU U BOEHHU OOEKTU
€HOBPEMEHHO € pa3paboTeH KacKaJeH MOJell, KOMOMHUpall yHHBEpcajaHaTa
cemanTruHa Mol Ha EfficientNet-B0O ¢ 1000 pazno3HaBaemu kjiaca U nperu3Hara
nomeiH-crnenuduyuna kinacudukanys Ha CNN-6 3a kjlacoBe BOGHHA TEXHUKA.

4.7.1. TeopeTnyHa MOCTAHOBKA.

MoaensT peanusupa HepapXudHo (pUITpUpPaHE B IBA OCHOBHU €Tarna.

Etan 1A (cemantuuen ,gatekeeper"): EfficientNet-BO xnacupummpa
BXOJHOTO n300paxkenue. [Ipu pazno3HaBaHe Ha u3BecTeH LuBHIEH ImageNet kiac
C IOCTOBEPHOCT HaJl 3aJIaJIeH Ipar, H300paKeHUETO Ce OTXBBPJIA KATO HEBOCHHO.

Eran 1B (untepBanen ananm3): Ot EfficientNet-BO ce mzBamua 1000-
U3MEpPEeH BEKTOp Ha XapakTepuctukure. OcHoeénama xunomesa e, ue moea
NPOCMPAHCMEO CHOBPICA UMNIUYUMHA UHPOPMAUUA U 30 60€HHU 00eKmu,
6bNPEKU ue me He ca eKCHAUYUMHO Oepunupanu Kamo Kiacoge. BoeHHUTE
KJIaCOBE C€ MOJEIUPAT 4Ype3 CTATUCTHUUECKU HHTEPBAJIM B MPOCTPAHCTBOTO Ha
xapaktepuctukuTe. CaMo n300pakeHus C MHTEpPBAJIHA OLIEHKA HaJl OTpEeIICH mpar
7 ce nmogasat k6M Etam 2.

Etan 2: CNN-6 u3BbpiiBa aetaiiiHa kaacupuKaIys Mex1y 0CeMTe BOCHHH
kiaca. Ilpu cporBercTBHEe Mexay CNN-6 M HMHTEpBAJIHMS AHAIM3 CE MPUEMA
OKOHYaTellHa Kiacu(UKaius, a MNP HECHOTBETCTBHE CE€ MpWiara MPETeriieHO
pemieHre. 3a TOTBBPACHHUTE BOSHHU OOCKTH Ce akKTWBHpa TMpoleaypa 3a
JIOKaIU3aIus 4pe3 ,,ITb3rall - mpo30pell.

4.7.2. MareMaTH4ecKHM MOJeJ 3a HHTepPBajeH KjIacuPUKANMOHEH
MOJXO0/.

N3o6pakenne I ce mpeobOpa3yBa 4pe3 MpeaBapUTEIHO O0yueHAa HEBPOHHA
mpexa (feature extractor) BbB BEKTOP B MPOCTPAHCTBOTO HA XapAKTEPUCTUKUTE:
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(4.1) x=f()E€ RY,
Mojaes Ha KJIac HA BOGHHU 00€KTH

3a Bcexn kaac Cy, k =1,2,.....,K, ce H3uncnsIBaT CTAaTUCTUKH.
(4.2) X (x0 5@, ... x N0
BekTop Ha MaTeMaTHYeCKO OYaKBaHe
1 «N
(4.3) e = 5 Sk, 2™,
HNuTepBajien Moae
3a Becsika koopauHarta i € {1,2, ..., d} ce onpeaens HHTEpBAUL:
(4.4) [lk,i; uk,i],
(45) lk,i = mnin Xi(n),
(4.6) Uje; = max x; ™.

HNuTepBaiHo cChBHIAACHUE
3a HOB 00€KT X ce neduHupa GyHKIUS:

(4.7) Mo (x) = Ty Wy ;61 (%),

1, lk,i < X < uk,i
(48) 6k’i(x) B {0, X < lk,i U X > Uk i ’
(4.9) 0<M(x)<1, we; =0, XL wy; = 1.
Pa3cTrosinme 10 IeHTHpPa Ha KJaca
(4.10) D) = iy wea Gt — )
HopmanmsupaHna oueHka

1
(4.11) 5k = T
(4.12) 0<S, <1.
KomOunupana onenka
(4.13) FE(x)=aM,(x)+ (1 —a)Sk(x), 0<a <1.
IIpaBuJjio 3a kiacupukanus WIK OTXBbPJIsIHE
(4.14) k=arg max Fr(x), Fpeax(x) = max F(x).
ITpu 3aganen npar T € {0,1} kpaiiHoTo pemenue ce GopMupa KaTo:
(4.15) E,oc(x)<t=x # {1,2,...,K},
(4.16) Fpp(X)>T1=>x=k.

4.7.3-4.7.7. EkcnepuMeHTAJIHA OLleHKA U AHAJIU3 HA pPe3yJITaTUTe.
Kackagaust monen e TectBad Bbpxy 3047 uzobpaxkenuss — 299 nuBwiHN U
2748 Boennu. I[1pu nparose 0.80/0.75/0.90 pesynrature nmokas3par:
o Eran 1A oTxBBpIIsI KaTO ChABPIKAIIM IUBWIHU 00ekTH 150 m3o0paxenus (4.9 %);

(purypa 4.26)
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Etan 16 orxBbpist gonbiaauteado 111 uzodpaxenus (3.6 %); (burypa 4.27)
Jlo CNN-6 nocturat 2786 uzoopaxkenus (91.3 %);
CNN-6 u uHTepBaHUAT aHANK3 ChBOAAAT MpHU 98.2 % 0T N300paKeHUSITA,
o O®unanna xnacudukanusa: 2699 Boennu (88.6 %), 261 nmBunam (8.6 %), 87
HeomnpeaeneHu (2.9 %) nzoOpaxeHus;

OrpannunTtenHa pamka ¢ npmioxkera 3a 99.9 % ot kmacudunupanutTe BOCHHH
00eKTH.

CIVILIAN: ambulance (87.0%) @®s,e2) de> MALIVD IS

CIVILIAN: stone wall (84 30

-~y

SRS

om0

DQue. 4.27. H300padicenus ¢ MaKkCumMaiHama UHMepeaIHa OYeHKa noo
npeogapumenHo onpeoeiet npae T.
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Knacudukanmonnata tounoct Ha CNN-6 1o OTHOIIEHME HAa BOCHHUTE
00€KTH HE ce U3MEHs MMPHY BKIIOYBAHETO U B KackajaTa, a BpeMeTo 3a 00paboTka Ha
U300paKeHHE Ha HUBO CHUCTEMa OCTaBa B JomycTUMHU rpanuiim (1.87 s) mopu npu
BKJIIOUEHA MPOIIeaypa 3a JIOKAJIU3aIHs.

[TpuHOCHT HA KaCKaTHUS MOAXO/ CE U3pa3siBa B aHAJTUTUYHOTO pa3IIUpsSIBaHEe
Ha (YHKIMOHATHOCTTAa Ha MpEABApUTEIHO OOydeHa Mpexa 0e3 MpoMsHa Ha
Hay4dyeHUTEe Terja U 0e3 JOMBJIHUTEIHO OO0yYeHHE — Upe3 JIeTePMHUHHUCTUYCH
MEXaHU3bM, H3I0JI3BAI] BeUe HATMIYHUTE CEMAHTUIHU 3HAHUS B IIPOCTPAHCTBOTO HA
XapakTepucTukuTe. ToBa mpeBpbllla TOJEMUTE MPEABAPUTEIIHO OOy4YEeHU
ApXUTEKTYpH B YHUBEpPCATHU CEMaHTUYHHU ,,CEH30pH', paslmUpsieMd KbM HOBHU
JOMEMHN C MUHUMAJIHU U3YUCIIUTEITHU Pa3XO/Iu.

4.8 U3Boam.

1. [ToeTamHUAT  €KCIIEPUMEHTAJCH  MOJXOJ] TO3BOJISIBA  CHUCTEMaTHYHO
U3CIIe/IBaHEe Ha BIMSHUETO HA apXUTEKTypHATa CIOXKHOCT (Opoii cioese), ooema Ha
JAaHHUTE 3a O0y4YeHHE W HAJIIMYMETO HA YaCTUYHA OKJIY3Us BBPXY TOUYHOCTTA U
yctoiiunBocTTa Ha CNN 3a pasno3HaBaHe Ha BOCHHU OOEKTH.

2. VYBenuuaBaHeTo Ha JIbI0OYMHATA HA apXUTEKTypaTa Ha HEBpOHHATa MpEka
BOJIM JI0 TIOBUINIAaBaHE Ha KJIacH(PUKAIMOHHATA TOYHOCT CaMO JI0 OMpeesieH Mpar,
cliell KOWTO JOMBJIHUTEIHOTO YCIOXHSIBAaHE HE HOCH CBHIIECTBEHU MON3H. ToBa
o00ocHOBaBa M300pa Ha KOHBOJIOLMOHHA apXUTEKTypa C IIECT KOHBOJIIOIMOHHU
osioka (06mo 34 ciosi) KaTo ONTUMaJIeH M300p MO OTHOIIEHWE Ha IMOCTUTHATA
TOYHOCT ¥ U3YUCIIUTEIIHA CIOXKHOCT.

3. ExcriepuMeHTHTE C yMEpEeHA ayrMEHTalMs Ha 00y4JaBaniuTe JaHHU MOKa3BaT,
Yye YBEJIMYABAHETO Ha oOema Ha 0oOyuaBamusT HaboOp MoAoOpsiBa TOYHOCTTA Ha
Mojena.

4. OO0yuenueTo upe3 n300pakeHHs ¢ KOHTPOJIUPAHA YACTHYHA OKITY3Hs BOJH JI0
3HAUUTEITHO TIOBHUIIIABAHE HA TOYHOCTTAa M YCTOMYMBOCTTA MPHU PEATUCTHUYHU
n3o0pakeHus (tadiunu 4.8, 4.12 u 4.14).

5. CpaBHUTEITHUAT aHAU3 C PETPEHUPAHU UYpe3 TpaHcPepHO oOyueHue
M3BECTHU HEBPOHHU MPEXKH MOKa3Ba, ue mectonokoBa CNN moctura cerocraBuma
TOYHOCT TPU 3HAYUTETHO MO-MaTbK Opoil Ha o0ydaeMuTe MapameTpH, MO-HUCKA
M3YHUCIIUTENHA CIOKHOCT, MO-MallbK pa3Mep Ha Mmojena (00eM Ha U3MbIHUMUS
(aiin) u no-kpaTko Bpeme 3a 00padoTka (Tadauna 4.15), KoeTo s mpaBu NOIX0A11A
3a UMILJIEMEHTHPAHE B MOOWJIHU CUCTEMH 3a pabOoTa B peaIHO BpEME.

6. [Ipennoxenata CNN-6 apxutekTypa Moxke J1a ObJie U3M0JI3BaHa U 3a 3a7a4l
10 OTKpUBaHE HAa BOGHHU OOCKTH Ype3 MMIUIEMEHTHPAHE Ha alTOPUTHM ,,TUTB3Talll
Mpo30operl’* ®W aHald3 Ha JOKaJHUTE aKTHBalluM, Oe3 HEO0OXOIUMOCT OT
JOMBITHUTETHO 00YYEHUE WIIM U3TOJI3BaHE HA AHOTUPAHU OTPAHUYUTEITHU PAMKHU.
1. PazpaboTenusT kackajeH MOJEN 3a CEMAaHTHYHO (PrITpupaHe KOMOWHHpA
npeaBapuTeHo o0ydeHa yHUBEpPCaJIHA HEBPOHHA MpeXa, aHAJTUTHYHOTO
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pasmrupsABaHC Ha CCMAaHTHUYHOTO MMPOCTPAHCTBO )41 cricoualIn3rpaHa
KOHBOJJIOIMOHHA AapXHUTCKTYypa. Tou MNpCaACTaBIsiIBa IIPAKTUYCCKH IIPUIIOKUM
[MoAXO0d 3a pa3rpaHn4aBaHC MCKIY HUBUIIHU U1 BOCHHU 0OCKTH.

3. BAK/IIOYEHMUE.

ObIIU N3BOAU OT TUCEPTAIIMOHHUAT TPY
1. B pesynTar Ha u3BbpIICHUS aHATUTHYCH 0030p Ha CHIECTBYBAIUTE METOIN
3a OTKpHBAHE M pa3lo3HaBaHEe HAa 0OCKTH C€ YCTaHOBHU, Y€ CHbBPEMECHHHUTE PEIICHUS
ca OpPUEHTHUPAHW KbM IIMBWJIHMA TPWJIOKCHUS W HE OTUMTAT crnenudukara Ha
BOCHHUTE 00CKTH. AHAJIM3BT MOKA3Ba CHIECTBEHN OTPAHUYCHUS HAa T€3U METOIU
Py HAJIWMYHWE HA YaCTUYHO 3aKpHUBaHE, CIOXKEH ()OH W HaJU4he Ha MHOXKECTBO
00€KTH B KaJbpa, KOETO 000CHOBA HEOOXOAUMOCTTa OT pa3paboTBaHe U 00yUYeHHUE
Ha CHeIMaIN3upaHa HEBPOHHA MpEXa.
2. CrplecTByBa HEOOXOIUMOCT OT pa3paboTBaHE Ha clielUalu3upaHa 0aza OT
JTAHHU OT ONTUYHU N300paKEHUS HAa BOGHHA TEXHUKA, BKIIIOUBAIIA CIIEHU OT PEaTHU
OOWHU U TPEHUPOBBUYHU YCIIOBUS, YACTUYHO 3aKPUTH OOCKTH U H300paKeHUs C
HaJIM4YMe Ha MHOXeCTBO oOekTH. bazaTta oT maHHM cleiBa Ja OCHUTypsiBa
HeoOXoIUMaTa MPeICTABUTEIIHOCT 32 0O0y4eHHe, TeCTBaHE U 0OCKTHUBHA OLIEHKA Ha
W3CIICIBAHUTE HEBPOHHU apXUTEKTYPH.
3. Ha O6a3zara Ha TipoBeIeHHMS aHAIW3 HaA CBIICCTBYBAIIUTE HEBPOHHU
aApPXUTEKTYPH, U3MOJI3BAaHU B KOMITIOTEPHOTO 3pEHUE, 3a IIOCTUTAHE HA ITOCTaBEeHATa
B JHCepTanuATa Ieid € 000CHOBaH M300p Ha HEBPOHHA apXUTEKTypa OT THIIA
muorocioiHa CNN.
4, [TonyyenuTe pe3ynTaTv OT MU3BBpIICHATA CHCTEMAaTHYHA €KCIIEPHUMEHTAIHA
OllcHKa Ha pabotara Ha mpeaBaputrenHo oOydenu wu3zBecTHU CNN cbe
CTPYKTypHUpaHaTa crieruain3upana 0a3a OT JaHHU CIy>KaT 3a OlIEHKa Ha 0a3oBaTa
KJacu(UKamoHHa CIIOCOOHOCT U 3a UICHTU(DHUIpaHe HA TEXHUTE OTPAHUYCHUS 110
OTHOIIEHUE HAa TOYHOCTTA U YCTOMYMBOCTTA IIPH YACTUYHO 3aKPUBAHE.
5. [IpoekTupanaTa HEBpOHHA apXUTEKTypa C MIECT KOHBOJIOIMOHHHU OJIOKa ce
XapakTepu3upa C MoJ00peHa TOYHOCT TMPHU pa3lo3HABaHE HA YACTHUYHO 3aKPUTH
BOCHHU 00CKTH, KAaKTO U TI0-T00pO CHOTHOIICHUE MEXKTY TOUHOCT M H3UUCITUTEITHA
CIIOKHOCT B CPAaBHEHHE C U3CIICBAHNTE MPETPECHUPAHN N3BECTHH HEBPOHHH MPEKH.
6. Pa3paboTeHusT KackajeH MOJea 3a CEMaHTUYHO (UITpUpAHE, MPU KOWTO
peTpeHupaHa HEBPOHHA MPEKa Ce M3MOJI3Ba KaTO MbPBHYCH JOMEHHOB (UITHP,
0e3 Ja ce M3BBPILIBA MBJIHO NPEoO0yUEHUE BBPXY pa3lIMpeH HA0Op OT KIACOBE,
OCHTYpsIBa pa3rpaHUYaBaHe MEKIy [IMBHIIHA U BOSGHHU OOCKTH.
7. [TpoBeACHUAT CpaBHUTEIICH aHAM3 MEXKIy OINTHMH3UpaHaTa HEBPOHHA
Mpexka MU TOAOpaHUTE NPETPEHUPAHW APXUTEKTypHU TOKa3Ba MPEIUMCTBA Ha
MIPEIOKCHUTE PEIICHUS 110 OTHOIICHNE Ha TOYHOCT, YCTOMYMBOCT TIPH YACTUIHO
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3aKpUBaHE W W3YUCIUTETHA €QEKTUBHOCT. [lomydeHUTEe eKCIeprUMEeHTATHH
pe3ysiTaTd TOTBBPXKAABAT, Ye€ CHEIUAIM3UPAHUAT apXUTEKTypeH [U3aiiH W
KacKaJHaTa OopraHm3aiys Ha oOpaboTKaTa ca MOIXOISIIN 3a 3aJa4d, CBbP3aHu C
pas3no3HaBaHe Ha BOGHHU OOEKTH B PEaTHU YCIOBH.

B 3akmrouenune Moxe a ce 00001M, 4e AUCEPTAUMOHHUAT TPY. IpeiaJiara
ISTOCTEH 00OCHOBAH IMOAXO0/ 32 OTKPUBAHE W Pa3llO3HABAHE HA YaCTUYHO BUIUMU
BOCHHU OOCKTH B ONTUYHH M300pakeHus. [IpeacTaBeHuTe apXuTeKTypH, METOIA U
QITOPUTMH Ca TPWIOKHUMH B CHCTEMH 3a HAOJMIOJeHWE M IOAIOMaraHe Ha
peuieHusiTa B o0jacTTa Ha OTOpaHaTa, KakTO W 3a OBACHIO pa3BUTUE Ha
M3CIICIBAHUSTA B Ta3U HACOKA.

4. MIPUHOCH.

HAYYHO-ITPUJIOKHU MTIPUHOCHU B IUCEPTAIIMOHHUA TPY J|

1. OcbuiecTBeH € aHamUTUYeH O030p Ha CHLIECTBYBALUTE METOAM Ha
M3KYCTBEHHUS HMHTEJIEKT 32 OTKPHBAaHE M Pa3MO3HABAHE HA OOEKTHM B ONTHYHHU
M300paKeHMsl, BKIIFOUNTEITHO TAKMBA HA BOCHHA TEXHUKA, KAKTO U MIPU HAJIMYKE Ha
YaCTUYHO 3aKpHBaHE Ha HAOJIOIaBaHUTE B KaJbpa OOCKTH.

2. CTtpykTypupaHa e crenuain3upana 0a3a OT JaHHH C ONTHYHU
M300paKeHHs Ha BOEHHA TEXHUKA, BKIIOYBAIA CIEHU OT peadHu OOWHM U
TPEHUPOBBYHU YCJIOBHS, YACTUYHO 3aKPUTU OOEKTHU U M300paKEHUS] C MHOKECTBO
1eJIU B Kaabpa. bazara ot jaHHM € mpucnocoOeHa 3a 00yueHue, TeCTBaHE U OLIEHKa
Ha paboTaTa Ha HEBPOHHM MPEXU IPHU 3a/layd, CBBP3aHU C paslO3HaBaHE Ha
U300paKeHUs C MPUIIOKEHNE BB BoeHHaTta obuact (I'naBa 3) .

3. U3BbpiieHa € cucTeMaTH4Ha €KCIEPUMEHTAIHA OllEHKa Ha ChbBPEMEHHU
IpeIBapuTeTHO  OOYYeHH  W3BECTHHM  HEBPOHHM  ApPXUTEKTYPH,  BBPXY
cnenuanu3vpaHata 0a3a OT JaHHM, 4Ype3 KOETO C¢a YCTAHOBEHH TEXHUTE
BB3MOKHOCTH U OTPAaHUYEHUS MPU pa3M03HABAHE HA BOCHHU O0EKTH, BKJIFOUUTEITHO
P YCJIOBUS HA YACTUYHO 3aKpUBaHE U MOBUILIEHA CLIeHnYHa ciioxkHocT (I'maa 3).

4. TlpennoxeH e moaxoa 3a oOy4eHHe Ha CrelHaIu3upaHa apXUTEeKTypa Ha
MHOT'OCJIOMHA KOHBOJIIOLMOHHA HEBPOHHA MpEKa, MpeHa3HauYeHa 32 OTKpUBAaHE U
pasno3HaBaHE HA YACTUYHO BUAUMHU OOEKTH C BOEHHO NpEHa3HAYCHHE B ONTUYHU
n3o0paxxkenus. M30panusat noaxoxa € ¢ GoKyc BbpXY YCTOMYMBOCT MPU YACTUYHO
3aKpUBaHE, CIOXKEH (POH U HATMYME HAa MHOXECTBO OOEKTH, KOETO sl OTJIMYaBa OT
CTaHJIAPTHHUTE PEUICHUS, OPUCHTUPAHU KbM IIUBUIIHU Tipuiioskenus (I'nasa 4).

5. Tlpoexrtupana, peanusupana u excriepumentaito ontumusupana € CNN B
pasBoiiHata nporpamua cpena Ha MATLAB, kosaTo ce xapakrepusupa ¢ mo-ao0pa
YCTOWYMBOCT MPHU YaCTUYHO 3aKPUBAHE U MO-100pO CHOTHOLIEHHE MEKIY TOUHOCT
U U3YUCIUTENIHA €()EKTUBHOCT B CpPAaBHEHHE C W3CJICIBAHUTE MPETPEHUPAHU
apxutektypu (tadbsmiu 4.(9-14) u purypu 4.(8-24)).
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6. [lpemnoxeH e KackaJleH MOJEI 32 CEMAHTUYHO (UITpUpAHE, MPU KOUTO
pelIBapUTEIHO TPEHHpaHa HEBPOHHA MpEKa M3MBJIHSBA POJSTA HAa MbPBUYCH
JOMEMHOB (QuITHp, a cHenuaiu3dpaHaTa HEBPOHHA MpEXa OCbHIIECTBIBA
neTailnHata kiacupuKanmus HAa BOGHHUTE O0OekTH. MoaenbT OcurypsiBa
pasrpaHMYaBaHE HAa BOCHHM W ITUBUIIHU OOEKTH, 0€3 HEOOXOAUMOCT OT ITHITHO
npeoOydYeHue upe3 pasmupeH Hadop ot kiacose (I'maBa 4, paszaen 4.8).

/. Pa3paboTeH € anropuThbM 3a pa3lo3HABAHE HA JOMBJIHUTEIHHU KJIACOBE
Yype3 Beue HaJMYHU MPU3HAIM, U3BJICUYEHU OT MPEIBAPUTEITHO TPEHUPAHA HEBPOHHA
Mpexka. AJTOpPUTBMBT HU3MOJI3BA CTATUCTUYECKU WHTEPBAIU U IPETEIIICHO
OIICHSIBAaHE B MPOCTPAHCTBOTO Ha MpPU3HALIUTE, O€3 Ja Ce U3MEHS ITbPBOHAYaIHATa
apXUTEKTypa u 0e3 MpoMsiHa Ha Opos Ha U3XOJHUTE Ki1acoBe Ha mpekara (['nasa 4
pazaein 4.8.2, Ilpunoxkenue 2, mporpaMeH Koj 7).

8. Uurterpupan € anropuTbM 3a JIOKAJIM3UpPAaHE HA BOCHHU OOCKTH B
U300pKEHUS 4Ype3 HMMIUIEMEHTHpaHe Ha ,,JUTb3Tall Mpo30pelr, MpU KOETO
pa3paboTeHaTa HEBpOHHA MpeEKa Ce M3IM0JI3Ba KaTo CIeNUAM3UpaH KIacuPuKaTop
3a OTKpUBaHe W Kiacudukanus Ha yacTudHO 3akpuTu o0extu ([Ipunoxenue 2,
nporpamex koa 6 u 7).

9. M3BBpIICH € CpaBHUTEIICH aHAIN3 MEXAY NPEIIo’KeHaTa ONTUMH3HUpaHa
CNN wu mperpeHHpaHWUTE W3BECTHH HEBPOHHU  apXHTEKTypH, KOWTO
EKCIIEPUMEHTAJIHO TMOTBBPKJIaBa MPEIUMCTBATa Ha NPEAJIOKEHATa HEBPOHHA
apXUTEKTypa M pa3pabOTeHHUs] KAaCcKaJleH MOJXO0Jl IO OTHOIIEHHWE Ha TOYHOCT,
YCTOMYMBOCT MPU HAJIMYKME HAa YaCTUYHO 3aKpUBAaHE Ha HAOJIOAaBAHUTE OOCKTH U
n3uucnurenada epexruBHocT (I1aBa 4, pasnenu 4.6 u 4.8).

MNPUJIOXKHU NIPUHOCHU B IUCEPTAIIMOHHUA TPY ]

1. CtpykTypupaHata crieriuajin3upana 6a3a oT JaHHH OT ONITUYHHU U300paKeHUS
Ha BOCHHHM OOEKTH, BKJIIOYBAILA CLEHU ChC CIOKEH (DOH, YACTUUYHO 3aKpUBAaHE,
paznuyHU Manabu U HaJW4Yue Ha MHOXKECTBO OOEKTH B KaJbpa € aHOTHUpaHa U
nyOnukyBaHa 3a cBoOozeH goctbnl B rmiatdopmarta Kaggle ¢ men nma Obae
M3I10JI3BaHa 3a TECTBaHE HA HEBPOHHU MPEXU OT JPYTH U3CIIEIOBATEIH.

2. Pa3zpaboten e codTyepeH mpoTOTHN B pa3BoOiHATa MporpamMHa cpena
MATLAB, peammsupany NpeajioKeHUTE HEBPOHHA APXUTEKTYpa M aJTOPUTMH,
KOHTO MOKe /a ObJe BHEIPEH B CHUCTEMH 3a HAOIIOJEHHE W aBTOMATHU3MPAHO
MoJIMTOMaraHe Ha pemIeHusITa B OE3MUIIOTHY JIETAaTeIIHU armapaTH 3a paboTa B peaiHo
Bpeme (IIpunoxenue 2).

3. Pa3paboTenure mporpamMHH aJrOPUTMHU Ca PEATM3UPAHU KATO MOAYJHHU U
pasmmpseMu cOPTyepHH KOMIIOHEHTH, KOETO MO3BOJISIBA TAXHOTO aIallTUPAHE KbM
JPYTH 3a7a4¥ 10 00pabOTKa HA M300paKEHHUS, PA3IIUPSBAHE KbM JIOMBIHUTEIIHA
KJIAaCOBE OOEKTH, M3IMOJI3BaHE HAa JPYTH TUIIOBE CEH30PHU JaHHU WM HUHTErpalus
ChC CHIIECTBYBALIM MPOTPAMHU U XapAyEpHH MIaTPOPMHU.
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1. GENERAL CHARACTERISTICS OF THE DISSERTATION

Rationale for the Dissertation

The motivation for this dissertation stems from the growing requirements
placed on modern military surveillance systems and the inherent limitations of
traditional methods for optical image processing. Under real-world conditions,
objects of military and strategic importance are frequently partially occluded,
camouflaged, or observed under adverse conditions. This results in low image
quality and greatly hampers their reliable detection and recognition. There is a
tangible need for methods and algorithms capable of providing higher accuracy and
robustness in recognizing partially visible objects in complex environments.

Concurrently, advances in artificial intelligence and deep learning of multi-
layer neural networks over the last decade have opened new possibilities for the
automated processing of large volumes of visual information. Convolutional neural
networks (CNNSs) and related architectures have shown significant progress in
solving object detection and recognition tasks in images; however, their application
in the specific domain of military optical images with partial visibility remains
insufficiently explored. This creates the preconditions for developing and
investigating domain-adapted neural architectures, training strategies, and datasets
tailored to the characteristics of this task.

An additional motivation is the need to increase the degree of automation and
objectivity in decision-making at tactical and operational levels. By integrating
artificial intelligence methods into surveillance and analysis systems, the goal is to
reduce the workload on operators, limit subjective factors, and enhance the
timeliness and reliability of the information provided.

Relevance of the Problem

In the context of growing threats from local and asymmetric armed conflicts,
the need for continuous, reliable, and timely information about objects of military
significance is of paramount importance. Modern military and intelligence systems
generate enormous volumes of data from diverse sources — both military and
civilian. A substantial portion of this information arrives in the form of optical
Images acquired at a distance from heterogeneous observation platforms — satellite
systems, manned and unmanned aerial vehicles, and ground-based systems.

In practice, a significant proportion of these images is characterized by low
guality and limited spatial resolution. They are obtained under adverse observation
conditions and with partial visibility of the objects, due to occlusion, camouflage, or
the presence of complex backgrounds. This significantly hampers traditional
automated processing methods and demands the development of more robust
approaches to detection and recognition.

To ensure the effective processing and interpretation of this information flow,
it is necessary to deploy modern automated systems based on artificial intelligence
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methods, and in particular deep learning of multi-layer neural networks. The
ultimate goal is for the human decision-makers at local, tactical, operational, and
strategic levels to have access to accurate, reliable, and timely information to support
the planning and management of military operations.

Aim and Objectives of the Dissertation

The main aim of the dissertation is to design and optimise a deep-learning
multi-layer neural network for the detection and recognition of partially visible
military objects in optical images.

The objectives arising from the stated aim are:

1. To carry out an analysis of existing approaches for object detection and
recognition in optical images using neural networks, with emphasis on
defense applications.

2. To structure a specialized database of optical images of military equipment,
including scenes with real combat and training conditions, with partial
occlusion of objects and the presence of multiple objects per frame.

3. To perform a systematic evaluation of a set of modern pre-trained neural
networks using the created database of optical images of military equipment.

4. To select a neural architecture for a multilayer neural network for object
detection and recognition in optical images.

5. To design, implement, optimize, and evaluate a neural network for detection,
recognition, and classification of partially occluded military objects in optical
images.

Subject of the Dissertation
The subject of the dissertation is models and algorithms based on multilayer
deep-learning neural networks for optical image recognition.
Means for Achieving the Stated Aim
« methods for digital image processing;
« theory and principles for building and operating artificial intelligence
systems for image recognition;
 theory of computer vision;
« statistical methods for information processing;
 methods for software and simulation modelling using the
MATLAB/Simulink development environment.
Scientific Novelty
The scientific novelty in the dissertation lies in the proposed approach for
recognizing partially occluded military objects in optical images from a structured
specialized database, using deep-learning neural architectures.
Practical Utility
The practical utility consists in the development of mathematical models and
algorithms for detecting and recognizing partially visible military objects in optical
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images, applicable in modern intelligence, surveillance, and targeting systems used
by the armed forces and security structures, with the aim of increasing the reliability
and speed of situational assessment at local, tactical, and operational levels.

Structure of the Dissertation

This dissertation develops and investigates approaches and architectures for
automatic detection and recognition of partially visible military objects in optical
Images, based on multilayer deep-learning neural networks.

In the preface, the motives and relevance of the research are formulated,
together with the subject of the scientific investigation, the aim and objectives of the
dissertation, the used research methods, the scientific contributions, and the practical
utility.

The dissertation contains a preface, four chapters, a conclusion, a list of
scientific contributions, a list of publications, a list of cited literature, and
appendices. The four chapters are logically interconnected and they follow the
natural sequence of: analyzing the existing state of the problem, theoretically
justifying the methods and models used, conducting systematic computer
experiments, and formulating specific scientific contributions.

Chapter 1 presents a systematic literature review of the current state of
methods for automatic object detection and recognition in optical images. Classical
approaches based on hand-crafted features, modern deep neural architectures, and
specific challenges related to partial visibility, occlusions, and limited training data
in specialized domains are analyzed. The review covers 68 sources and serves as the
basis for formulating the approach to solving the dissertation tasks.

Chapter 2 presents the theoretical foundations and mathematical models of
multilayer deep-learning neural networks. The architecture and operating principles
of CNNs, training and regularization algorithms, loss functions and main related
architectures are examined. At the end of the chapter, a mathematical model for
classifying partially visible objects is formalized by introducing a visibility operator
and analyzing its influence on the forward and backward propagation of information
in the neural network.

Chapter 3 presents the results of two systematic computer experiments
conducted in MATLAB on a collection of 2,748 images of military equipment in
eight classes. In the first experiment 19 pre-trained neural networks were evaluated
for their baseline accuracy on military object recognition. The second experiment
investigates the effectiveness of the transfer learning technique and the influence of
occlusion augmentation on recognition accuracy, and the results motivate the need
for a specialized architecture.

Chapter 4 contains the main scientific contribution of the dissertation — the
design, systematic investigation, and optimization of the specialized CNN-6 for
recognizing partially visible military objects. Results from three experimental stages
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with increasing training data complexity are presented, along with the selection and
detailed description of the optimal six-block architecture, its comparison with known
models, extension to a localization task via a sliding window algorithm, and the
developed cascade model for semantic filtering and recognition in mixed scenes with
civilian and military objects.

Appendix 1 presents, in tabular and graphical form, supplementary data from
the systematic analysis of results from the operation of the designed multilayer
CNNS.

Appendix 2 provides parts of the source code of the programs used for
modelling, training, and testing of the multilayer CNNSs.

2. BRIEF CONTENT OF THE DISSERTATION
CHAPTER 1. ANALYSIS OF THE CURRENT STATE AND
APPLICATION OF ARTIFICIAL INTELLIGENCE METHODS FOR
OPTICAL IMAGE PROCESSING

The literature review was prepared to systematize and analyze existing
scientific research related to the detection and recognition of partially visible
military objects in optical images. It covers 68 sources from the last fifteen years,
with priority given to publications after 2020, gathered from IEEE Xplore,
SpringerLink, Elsevier Science Direct, and Google Scholar.

1.1. Approaches for Automatic Object Detection and Recognition in
Optical Images

Automatic object detection and recognition is a fundamental task in computer
vision, with applications in security, defense, medical diagnostics, and autonomous
systems. Classical methods based on HOG, LBP, SIFT, and SURF show significant
limitations in complex scenes — sensitivity to changes in illumination, scale, and
occlusions. With the development of computational resources, methods using
multilayer deep-learning neural networks have emerged as the leading approach, as
they automatically extract hierarchical features without manually defined
descriptors.

1.2. Deep Neural Networks for Object Detection and Classification

CNNs have established themselves as the primary tool for image analysis —
architectures have evolved from single-object classification to detecting multiple
objects at different scales. Despite high accuracy, CNNs require significant
computational resources and demonstrate reduced effectiveness in scenes with
occlusions and limited training data.

1.3. Modern Architectures for Object Detection

Modern object detection approaches are divided into two-stage (Faster R-
CNN) — with high accuracy but greater computational complexity — and one-stage
(YOLO, SSD) — with low latency and real-time operation, but lower accuracy for

6



small or partially visible objects. Most architectures use pre-trained backbone
networks (VGG, ResNet, MobileNet) designed for general purposes and not
optimized for limited-visibility tasks.

1.4. Recognition of Partially Visible Objects and the Effect of Occlusions

Partial visibility (occlusion) is one of the most serious challenges, resulting
from overlap between objects, obstacles, or unfavorable observation angles. Under
occlusions, standard CNNs cannot detect key structural features, focus on secondary
characteristics, and generate incorrect decisions.

Proposed approaches — multi-scale representations, attention mechanisms,
and contextual information — partially solve the problem but lead to increased
complexity. Insufficient representation of occluded object images in training sets
further limits model generalization capability.

1.5. Transfer Learning for Object Detection and Recognition Tasks

Transfer learning is a key technigue when domain-specific data is limited. Pre-
trained on large image datasets models such as ImageNet or COCO are adapted to
the target task through additional training of some network layers. For military
object recognition the domain gap relative to publicly available datasets is
substantial, which may lead to negative transfer — loss of knowledge. Adaptation
strategies such as layer freezing, gradual fine-tuning and differential learning rates
require careful optimization.

1.6. Limitations of Existing Methods for Object Detection and
Recognition

The analysis reveals four main limitations: (1) high computational
complexity, hampering real-time operation; (2) insufficient robustness under
occlusions; (3) dependence on large annotated datasets with limited access in
specific domains; (4) limited decision interpretability, complicating error analysis.
Most modern architectures are designed with accuracy as the primary objective,
without optimization for resource efficiency.

1.7. Role of Data and Annotations in Detecting and Recognizing Partially
Visible Objects

Widely used image databases are dominated by clearly visible objects,
creating an imbalance relative to real-world conditions. Annotation under partial
visibility is labor-intensive and subjective — differences in interpretation lead to
inconsistencies that negatively affect training. Proposed solutions (partial
annotations, masking, additional classes for degree of occlusion) lack universal
applicability.

1.8. Simulating Partial Visibility and Data Augmentation Techniques

When real images with occlusions are limited, augmentation techniques are
applied — random masking, synthetic obstacles, and combining objects from



different images. Artificially generated examples do not always reflect real-world
conditions, so the optimal result is achieved by combining synthetic and real data.

1.9. Metrics and Evaluation Criteria for Object Detection and
Recognition

Standard metrics (Precision, Recall, F-measure, mAP) do not fully reflect the
performance of multilayer neural networks under partial visibility — partially
correct detections may be counted as errors. Applying adaptive overlap thresholds
and additional robustness indicators for occlusion provides a more realistic
assessment of model behavior.

1.10. Robustness and Generalization of Models under Complex Visual
Conditions

Model robustness is expressed through the ability to maintain stable
performance under changes in observation conditions — variations in illumination,
scale, angle, and the presence of noise and occlusion. Generalization is the ability of
the model to apply learned representations to unseen data and recognize an object
even when key visual elements are missing or distorted, placing high demands on
architecture and training strategy. The literature analysis shows that overly complex
models achieve high accuracy on training data but demonstrate poor generalization
under real conditions, emphasizing the need for approaches that limit complexity
and encourage extraction of more robust features.

1.11. Influence of Background and Scene Context on Recognition

The background and scene context play a dual role — in some cases
supporting correct classification, but in others leading to incorrect decisions due to
excessive dependence on secondary visual elements. This is especially problematic
for military objects that are deliberately camouflaged or use camouflage that blends
with the natural environment, where the model may focus on background
characteristics instead of distinctive object features.

1.12. Conclusions

1. Analysis of the described existing architectures, methods, and approaches for
object detection and recognition in images shows that, despite significant
progress in the field, the problem of partial visibility remains unsolved.

2. Classical image recognition methods based on hand-crafted features show
limited robustness in complex real-world scenes.

3. With the development of computational resources and the availability of large
volumes of data, methods based on machine learning and deep learning of
multilayer neural networks have progressively established themselves.

4. CNNs have established themselves as the primary tool for object detection
and classification in images.

5. Widely used modern CNNs demonstrate limited effectiveness when
recognizing partially visible objects.



6. The lack of sufficient examples of occluded objects in training sets reduces
model robustness under real-world conditions.

7. Pre-trained models (with ImageNet and COCO image datasets) are optimized
for fully visible objects, which limits their effectiveness, especially under
severe occlusions.

8. Despite significant progress, existing neural architectures face difficulties in
recognizing objects under occlusion and incomplete information. This
necessitates the development of specialized methods and optimized
architectures that account for the characteristics of such scenes and balance
accuracy, robustness, and computational efficiency.

CHAPTER 2. THEORETICAL FOUNDATIONS AND MATHEMATICAL
MODELS OF DEEP-LEARNING NEURAL NETWORKS

2.1. General Characteristics and Current State of Research in Computer
Vision, Artificial Neural Networks, Machine Learning, and Deep Learning
Computer vision is an interdisciplinary field concerned with developing methods for
the automatic extraction, analysis, and "understanding™ of information from digital
Images or videos. Machine learning is a sub-field of artificial intelligence in which
systems have the ability to automatically learn and improve from experience without
being explicitly programmed. Deep learning of multilayer neural networks is a
specialized branch of machine learning that uses multilayer neural networks to
extract complex abstractions from data. Modern computer vision theory employs a
variety of multilayer deep-learning neural architectures, each designed for specific
tasks and offering different advantages. Current research is directed towards
architectural innovations, optimization for resource-constrained devices, widespread
application of transfer learning, and a growing focus on model interpretability.

2.2. Characteristics of Artificial Neural Networks

2.2.1. Structure of a Multilayer Feedforward Neural Network

A multilayer feedforward neural network consists of an input layer, one or
more hidden layers, and an output layer, with information transmitted
unidirectionally (Fig. 2.1).
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Fig. 2.1. Multilayer feedforward neural network with fully connected layers.

Source: Feed-Forward Neural Networks for Failure Mechanics Problems. Applied Sciences, 11(14), 6483.
Aldakheel, F., Satari, R., & Wriggers, P. (2021).

Calculations are described by the sequential application of a linear
transformation and a nonlinear activation function for each layer I:

(2.1) 720 = w0 . g 4 pO e [1;1],
(2’2) a® = fm(Z(l)),

(2.3) a® = x (input data),

(2.4) ¥ = a™ (network prediction).

According to the universal approximation theorem, a network with a single
hidden layer can approximate any continuous function. Deep networks (with more
layers) can represent more complex functions compared to “shallow" networks (1 or
2 layers with more neurons per layer). The compositional structure of such
multilayer networks implies that each subsequent layer extracts increasingly abstract
representations of the input data.

2.2.2. Training Algorithms and Learning Rate

Neural network training is performed using an algorithm that adapts the
weights to minimize the output error. Algorithms are classified as supervised,
unsupervised, and hybrid learning. The learning rate is a key parameter — an
excessively high value leads to training instability, whereas a value that is too low
results in slow convergence or entrapment in a local minimum during training.

2.2.3. Backpropagation Algorithm for Training Multilayer Neural
Networks

Backpropagation is a fundamental training algorithm executed in two stages:
forward propagation of information to calculate the output and loss function.

(2.5) zW = whal-1 4 pO | e [1; L],
(2.6) ah = FO(z0), 1€ [1;L],

(27) 3\, — a(L),

(2.8) L=-%yilog(®):

Weight adjustment via backpropagation, using gradients calculated through

the chain rule:
oL

(2.10) W = 5 = (a(L) — ) @f'(L)(Z(L)),
(2.11) sW = (W(l+1)T5(1+1)) @f/(l)(z(l))
oL _
(2.12) s = 5O (0T,
oL
(2.14) wh.= wh - g .%’
m._ O oL
(2.15) b® = b — .
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Key challenges include the vanishing and exploding gradient problems, which
are addressed through RelLU-type activation functions, batch normalization, and
precise initialization techniques. Optimization strategies incorporate mini-batch
learning, momentum, and adaptive algorithms such as Adam and RMSprop.

2.2.4. Activation Functions Used in Deep Neural Networks

The choice of activation function is critical for the effective training of
multilayer neural networks. The ReLU function is the standard choice for hidden
layers due to its simplicity and resistance to the "vanishing gradient" problem:

(2.19) f(x) = max(0,x).

Leaky RelLLU and PReL.U address the problem of "dying" neurons. The GELU
function is used in transformer architectures. The Softmax function is the standard
for the output layer in multi-class classification:

(2.26) F@i =

j=1€

The choice of activation function depends on the specific task and network
architecture.

2.3. Convolutional Neural Networks. Mathematical Model

CNNs are among the most popular neural network architectures for
multidimensional input data such as images, videos, and 3D models (Fig. 2.2). CNNs
use convolutional layers where the convolution operation is performed on the input
data through defined filters in order to highlight spatial context. In this way, CNNs
are trained to classify images into corresponding categories by detecting abstract
features.

Fully Connected Layers

Convolutional Layers Output Class

Input Image l

| Convolution

Pooling

Fig. 2.2. Standard CNN architecture.

Source: Convolutional Neural Networks: A Comprehensive Evaluation and Benchmarking of Pooling Layer
Variants. Symmetry, 16(11), 1516. Zafar, A. et al. (2024).
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2.3.1. Network Layers

Pre-processing of Input Data

Before being fed to the network, the input data are normalized by subtracting
the mean and dividing by the standard deviation. This step centres the data around
zero and ensures uniform scaling across all dimensions, contributing to a stable
training process for gradient-based optimization methods.

Convolutional Layers

A convolutional layer consists of a set of trainable filters (kernels) represented
as matrices whose values adapt during training. Each filter "slides™ over the input
data and generates a feature map reflecting the presence of a feature in different parts
of the image. Key parameters are the filter size f, stride s, and zero-padding p, and
the output map dimension is determined by the expressions (Fig. 2.5):

(2.36) R
(2.37) w' = [@J

The use of small filters (3x3, 5x5) significantly reduces the number of
trainable parameters compared to fully connected networks, while preserving the
ability to extract local spatial features. The zero-padding operation allows the spatial
dimension of the output map to be preserved, which is important in architectures that
require pixel-accurate predictions.
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Fig. 2.5. Hlustration of a convolutional layer with zero-padding at
p =1 and stride 2.
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Receptive Field and Dilated Convolution

The receptive field determines the spatial scope of each filter relative to the
input image. When stacking n convolutional layers, the effective receptive field
grows cumulatively. The strategy of stacking many layers with small filters reduces
the number of parameters but limits the spatial context available to each layer. To
overcome this limitation, dilated convolution with coefficient d is applied, which
expands the effective receptive field without increasing the number of parameters:

(2.42) orr = RFES + d(f — 1).

This is a particularly important technique for segmentation and recognition
tasks requiring simultaneous local precision and wide spatial context —
characteristics of significant relevance to the recognition of partially visible objects.

Pooling Layer

The pooling layer reduces the spatial resolution of the feature maps by
applying an aggregation function (maximum or average) over local regions of size
fxf with stride s. The operation provides a compact representation of features that is
invariant to moderate changes in the object's scale, position, and orientation. By
successively reducing spatial resolution, pooling layers increase the effective
receptive scope of subsequent convolutional layers and reduce the computational
complexity of the network.

Fully Connected Layers

Fully connected layers, located at the end of the architecture, integrate the
extracted spatial features into a global representation and perform the final
classification. Each neuron in such a layer is connected to all neurons of the previous
layer, allowing information from different parts of the image to be combined.

2.3.2. Loss Functions in Convolutional Neural Networks

The loss function quantifies the difference between the predicted and true
output of the network and is optimized during training through the backpropagation
algorithm. The choice of an appropriate function depends on the nature of the task.
For multi-class classification, the primary function is the cross-entropy loss, used in
this dissertation, applied jointly with the Softmax function, which normalizes the
outputs to a probability distribution:

(2.47) L(p,y) = — Xn=1Ynl0g(pn),
_ e(ﬁn)
(2.48) Pn = SN @i

This combination directly maximizes the probability of correct classification
and is the standard for multi-class tasks.
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For regression tasks, the Euclidean loss (mean squared error) 1> and the similar
l: error are used. Hinge Loss is applied in SVM-based classifiers, and contrastive
loss is used in metric learning in Siamese networks for comparing image pairs. For
Image processing and reconstruction tasks, the Structural Similarity Index Measure
(SSIM) is applicable.

2.3.3. Training of Convolutional Neural Networks (CNN Learning)

Weight Initialization

Proper weight initialization is a prerequisite for stable and effective training.
Zero initialization is inapplicable due to the symmetry problem. Gaussian and
uniform random initialization break symmetry, but for multilayer networks the
propagated signals may grow or decrease uncontrollably. An improved version of
Xavier initialization is the scaled ReL U initialization:

2
(2.60) Var(w) = T

Orthogonal initialization via SVD decomposition provides additional stability
for deep networks.

Supervised Pre-training

Transfer learning allows pre-trained models to be adapted to new specific
tasks, preserving extracted general low-level visual features. When using established
architectures (AlexNet, ResNet, DenseNet), pre-trained weights from ImageNet or
COCO serve as a starting point, after which fine-tuning of the last layers is conducted
with a small learning rate. Transfer learning is particularly important with limited
training data, as is the case with military object recognition, and is one of the tools
in the experimental work in this dissertation.

Regularization

Multilayer neural networks with a large number of parameters are prone to
overfitting — achieving high accuracy on training data but performing poorly on
unseen data. To limit this, several approaches are applied. Data augmentation
extends the training set through geometric transformations (rotations, scaling,
flipping) and photometric variations (brightness, contrast, colour changes), and may
include synthetically generated data.

Dropout

The dropout technique is applied primarily to fully connected layers and
randomly deactivates neurons through a generated mask m € Bm™, where each
element m; is independently drawn from a Bernoulli distribution with probability p
of being "active", introducing an ensemble effect and reducing co-dependency
between neurons:
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(2.61) m;~Bernoulli(p), m; € m.

(2.62) a® =moOfWwW®al-D 4+ ph,

Batch Normalization

Batch normalization normalizes the activations of each layer to a unit
Gaussian distribution, followed by a learnable rescaling. This stabilizes the training
process, reduces sensitivity to the choice of hyperparameters, prevents the
"vanishing gradient™ problem, and significantly accelerates convergence. For these
reasons, batch normalization has become a standard component in modern CNN
architectures.

2.4. Other Neural Network Architectures. Mathematical Models

2.4.1. Recurrent Neural Networks (RNN)

Recurrent neural networks are a class of neural networks specifically designed
for processing sequential data. RNNs have connections that form cycles, allowing
information to be preserved. Mathematical model is:

(2.69) he = f(Whnhe—q + Wyexe + bp),

(2.70) Ve = g(Whyhe + by).

RNNs encounter the problems of "vanishing” and "exploding" gradients for
long sequences. Solutions include: LSTM (Long Short-Term Memory), GRU (Gated
Recurrent Unit), and Attention mechanisms.

2.4.2. Autoencoders

Autoencoders are neural networks that learn to compress data into a latent
representation and then reconstruct it. They are used for unsupervised learning,
dimensionality reduction, and feature extraction.

2.4.3. Transformers

Transformers are architectures based on the attention mechanism, originally
developed for natural language processing, but subsequently finding application in
computer vision. Self-attention mechanism for input X, where X € R™*¢:

(2.74) Q =Xwe
(2.75) K = XWK
(2.76) V=XxwVv
(2.77) Attention(Q,K,V) = softmax (%) V.
WR, WK WV are trainable parameters that transform X into queries, keys and values:
(2.78) Q = XW? — zagskure (nxdy);
(2.79) K = XWX — xmouosere (nxdy);
(2.80) K = XWX — croitnocture (nxdy),

where dy is the dimension of the keys (2.79) and d, is of the values (2.80).

2.4.4. Architectures for Object Detection

R-CNN, Fast R-CNN, Faster R-CNN, YOLO (You Only Look Once), and
SSD (Single Shot Detector) are specialized for the localization and classification of
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multiple objects in images. Example model: YOLO divides the image into an sxs
coordinate grid; for each cell it predicts a bounding box and classes:

(2.84) y = [P.Cy, P.Cy, ..., by, by, b, by |,
where P. is confidence for class C, and (byby,bnby) are the bounding box
coordinates.

2.4.5. Architectures for Semantic Segmentation
FCN (Fully Convolutional Networks), U-Net, SegNet, and DeepLab are designed
for pixel-level classification.

2.5. Mathematical Model for Classifying Partially Visible Objects via a
Multilayer Convolutional Network

The standard CNN model assumes that the input image contains complete
information about the object. In real military scenes this assumption is violated —
objects are partially occluded by vegetation, infrastructure, camouflage, or
atmospheric phenomena.

2.5.1. Mathematical Model of an Augmented Image with Occlusion

The optical image is presented as a two-dimensional vector function:

(2.86) I(x,y): 2 € R? - R3.

Each pixel is represented as a vector of color channel values and geometric
coordinates in the image plane:

(2.87) I(x,y) = [R(x,y),G(x,¥),B(x,y)].
Visibility Operator - defined through a binary mask:

(2.88) M (xy): @—{0,1},

(2.89) M (X,y) = 1 — nuKcensT ¢ HaOIoaaeM,
(2.90) M (X,y) = 0 — mHKcenbT € 3aKpuT (OKITY3Hs).
Image with Partial Occlusion

(2.91) Im (x,y) = 1(x,y)OM(x, y).

The recognition task in the presence of occlusion is a classification task under
observation with incomplete information.
Visibility Coefficient
1
(2.92) n = Jy M(xy) dxdy
(in discrete form — the percentage of non-zeroed pixels).

CNN as a Probabilistic Classifier
The CNN implements a function:

(2.93) F(Iy) = p(p1, -, D),

(2.94) pr = (Cy 1)) is the probability of the image belonging to
Ck.

Classification is determined by:

(2.95) C = arg maXT(pk).
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Probability of Correct Classification

The accuracy of the system is viewed as the probability of correct recognition
P..rrece @nd depends on the visible part of the object:

(2.96) Peorrect = (C(CilIy)).

2.5.2. Forward Propagation in Neural Networks for Images with
Occlusion

(2.97) I € RHXWXC __ image with height H, width W, and C
colour channels.

(2.98) M € {0,1}*W — partial occlusion mask (0 = occluded
pixel, 1 = visible pixel).

(2.99) Iy = IOM,

(2.100) AW = FW DO x 4D 4 pO)y,

(2.101) AQ=]y,.

Here the application of the mask propagates indirectly through the layers:
occlusions zero out the input pixels, changing the output results in all layers and
leading to a different final class membership probability:

(2.102) 9 = softmax (A1),

2.5.3. Backpropagation Algorithm for Training Neural Networks on
Images with Occlusion

The loss is calculated as:

(2.103) £= _Zg=1 yclogye.

During backpropagation the gradient values are computed with respect to the
occluded image:

£ Of -1
(2.104) T = 7.0 * AU-D
0f ) . OF
Since
(2.106) A0)=1OM,
the gradients are also masked:
Of Of

Augmenting images with partial occlusions used in CNN training increases
network robustness to real cases of partially occluded objects.

2.6. Conclusions

1. CNNs are the primary multilayer neural networks used in computer vision,
thanks to their ability to extract spatial features through weight sharing and
local receptive fields.

2. The variety of layers (convolutional, pooling, fully connected, specialized)
allows flexible network design adapted to specific tasks.
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3. The backpropagation algorithm remains the fundamental training method for
multilayer neural networks.

4. The choice of activation function, proper weight initialization, and
regularization techniques such as dropout, batch normalization, and data
augmentation are critical for the successful training of deep networks.

5. The appropriate choice of loss function depends on the nature of the task
(classification, regression, metric learning) and has a direct impact on training
quality.

6. Pre-trained models and fine-tuning via transfer learning are approaches that
enable effective operation even with limited data.

7. In addition to CNNs, other architectures such as RNNs, autoencoders, and
transformers expand the capabilities of deep learning to different domains and
tasks.

CHAPTER 3. DETECTION AND RECOGNITION OF PARTIALLY
VISIBLE MILITARY OBJECTS IN OPTICAL IMAGES USING NEURAL
NETWORKS

A systematic analysis of the performance of pre-trained CNNs, implemented
in MATLAB, is presented for the recognition of military equipment in optical
Images. Two interrelated experiments were conducted: evaluation of the baseline
accuracy of the original networks for classifying military object images, and
application of transfer learning to improve accuracy when classifying partially
visible military objects.

3.1. Materials and Methods

3.1.1. Database and Data Preparation

A collection of 2748 images of military equipment distributed across eight
classes was used: artillery, IFV (BMP), UAV (BPLA), armoured vehicle
(bronemashina), APC (BTR), infantry, MLRS (RSZO0), and tank. Some images were
taken under real combat and training conditions, with the presence of multiple
objects and cases of partial occlusion. The MATLAB ImageDatastore structure was
used for data management, providing efficient loading and automatic labelling
without the need to load all images into memory simultaneously.

3.1.2. Numerical Experimentation Environment — MATLAB Deep
Learning Toolbox

In MATLAB, the Deep Learning Toolbox™ provides functions, applications,
and blocks for designing, training, simulating, and deploying multilayer neural
networks, including CNNs. The included tools allow visualization and analysis of
network performance, tracking of performance metrics, application of optimization
techniques, and deployment of models on resource-constrained systems.
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3.1.3. Pre-trained Convolutional Neural Networks in MATLAB

The MATLAB Deep Learning Toolbox provides 19 pre-trained CNN
architectures — from classical (AlexNet, VGG-16/19, GooglLeNet) to modern
(ResNet, DenseNet, EfficientNetBO, NASNet) and compact (MobileNet-v2,
ShuffleNet, SqueezeNet). Most are trained on the ImageNet dataset (1.2 M images,
1,000 classes); only DarkNet-53 was pre-trained on the COCO dataset. The number
of CNN parameters ranges from 1 to 143 million.

3.2. First Experiment — Evaluation of Pre-trained Network Accuracy

3.2.1. Experimental Methodology

In the first experiment, the mean accuracy, minimum, maximum, and mean
confidence of all 19 pre-trained networks available in MATLAB were analyzed on
the 2,748-image database of military equipment, without additional training. Such
systematic evaluation allows the most suitable models for the specific task to be
selected and their use in real military applications to be optimized.

3.2.2. Classification Results

All 19 networks were tested on the full image database without additional
training. Mean confidence varied between 54.56 % (EfficientNetB0) and 73.64 %
(DenseNet201).
Table 3.3. Comparative analysis of results from the experiment with original pre-

trained networks.

Image M_ean Star_lda}rd M in Max Detected
Model Count Confidence | Deviation Confidence Confidence | Classes

[%0] [%0] [%0] [%0] [%0]
ALEXNET 2748 62.71 26.47 4.23 100 192
VGG16 2748 57.82 27.03 4.82 99.94 156
VGG19 2748 59.27 27.62 3.15 99.99 143
GooglL eNet 2748 68.47 25.37 8.11 100.00 138
InceptionV3 2748 61.82 25.75 3.67 99.54 120
ResNet18 2748 62.10 27.71 4.84 99.99 154
ResNet50 2748 66.70 27.56 4.42 100.00 156
ResNet101 2748 70.90 26.62 7.30 100.00 136
DenseNet201 2748 73.64 24.33 7.98 99.99 121
MobileNetV2 2748 55.45 27.70 3.05 99.93 162
NASNetLarge 2748 70.37 21.36 8.79 95.32 105
NASNetMobile 2748 63.03 25.09 4.46 99.17 126
ShuffleNet 2748 58.52 27.47 455 99.97 175
SqueezeNet 2748 62.20 26.22 6.61 99.99 198
Inception ResNetV2 2748 68.61 23.36 10.69 98.30 103
Xception 2748 56.56 27.42 3.10 99.98 116
DarkNet19 2748 58.18 29.43 3.19 99.97 159
DarkNet53 2748 70.25 26.39 6.57 100.00 128
EfficientNetB0 2748 54,56 26.01 4.62 98.54 122
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3.2.3. Analysis of Most Frequently Recognized Classes
All recognized classes were military objects or machines that can be

associated with military objects, or large agricultural machines that under poor-
quality images can be confused with military objects (Fig. 3.1).

DarkNet53 is the only network trained on the COCO image collection. Its
statistical parameters from the experiment are comparable to those of the other 18

networks. With a well-structured training approach, comparable results can be
achieved with different image collections.
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Fig. 3.1. Ten most frequently recognized classes for 6 selected models with
different architectures.
3.2.4. Accuracy Analysis

In the data presented in Table 3.5, the accuracy of the networks is of the
same order — no more than 14.41 %.

Table 3.5. Accuracy for six pre-trained networks with different architectures and
data for the recognized class "tank".

Net AlexNet | GoogLeNet | ResNet18 | ResNet50 | DarkNet19 Eﬁ;‘éggt'\' Mean
Accuracy | 12.10 % 14.26 % 13.47% | 14.02% 14.06 % 14.41 % 13.72%
Détlg‘s’g?d 1058 1187 1227 1312 1231 1359 1229

“Tank" (N,

%) 38.55 % 43.19 % 4465% | 47.74% 44.79 % 49.45 % 44.72 %

The images labelled as tanks in the collection number are 415 and they
represent only 15.10 % of all images. The analysis shows that self-propelled artillery
are often classified as "tank" due to physical and visual similarities, as well as APCs,
IFVs, and armored vehicles with armament. Many of the "learned" characteristics
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by the networks between military objects and certain heavy construction and
agricultural machinery are also similar.

3.3. Second Experiment — Transfer Learning

3.3.1. Transfer Learning Experimental Methodology

Transfer learning was applied to six selected architectures (AlexNet,
GoogLeNet, ResNet18, ResNet50, DarkNet19, EfficientNetB0) by replacing the
output layers and additionally training only the new layers with the remaining
weights "frozen".

3.3.2. Reclassification and Evaluation

Evaluation includes comparison of per class accuracy before and after
additional training of the networks.

3.3.3. Approach for Simulating Partial Occlusion

To evaluate robustness under occlusions, the original database was augmented
by systematically occluding images with black rectangles: 25 % occlusion (one
guadrant) and 50 % occlusion (two quadrants), realized in 4 orientations. The
approach increases the volume of the military object image database nine fold and
enables controlled testing at different degrees of visibility.

3.3.4. Results of the Transfer Learning Experiment

Transfer learning led to significant accuracy improvements for all networks
(Table 3.6 and Fig. 3.5). The highest accuracy on the original images was achieved
by EfficientNetB0 — 95.60 %, followed by AlexNet (93.17 %) and ResNet50 (93.13
%). An exception was DarkNet19 with a weaker improvement of 40.10 %; negative
transfer for the class "tank" was observed in GooglLeNet and DarkNet19 (—20.7 %
and —19.5 %, respectively).
Table 3.6. Comparative analysis of overall accuracy results for classifying images

from the original database, between original pre-trained and retrained (transfer
learning) neural networks.

Net Original, % Retrained, % Difference, %
AlexNet 12.10 93.17 81.07
GoogLeNet 14.26 84.80 70.54
ResNet18 13.47 90.85 77.38
ResNet50 14.02 93.13 79.10
DarkNet19 14.06 54.16 40.10
EfficientNet-b0 14.41 95.60 81.19
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Fig. 3.5. Classification results of military objects from the retrained EfficientNetBO

network.

3.3.5. Results for Partially Visible Objects
When classifying augmented images (25 % and 50 % occlusion), the accuracy

of the retrained networks dropped to the range 63 — 80 %, with EfficientNetBO
achieving 80.31 %. The original pre-trained networks performed at 8 — 11 %
accuracy on the augmented images (Table 3.9).
Table 3.9. Comparative analysis of overall accuracy results for classifying

partially occluded augmented images from retrained (transfer learning) neural

networks.
Net Original, % Retrained, % Difference, %
AlexNet 7.98 68.54 60.57
GoogLeNet 9.56 63.04 53.49
ResNet18 9.50 69.18 59.68
ResNet50 10.27 72.48 62.22
DarkNet19 10.18 32.19 22.02
EfficientNet-b0 10.93 80.31 69.38

3.3.6. Results of Transfer Learning with Augmented Images
Including the augmented images in the training process led to a substantial
additional improvement of approximately 24 %. The EfficientNetBO network
(Net3), trained on the augmented database, achieved an overall accuracy of 99.25 %
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for recognizing the class "tank™ at 50 % occlusion, compared to 75.18 % for the same
network without augmentation in training (Table 3.12). Results were stable across
all occlusion variants, including with the lower or upper half-frame occluded.
Table 3.12. Comparative analysis of per-class accuracy results for classifying
images from the augmented database for three differently trained EfficientNetBO

networks.
Differently Trained EfficientNet-b0 Networks
Class Name -

Netl (Orig) Net2 (No Aug) Net3 (Aug)
artilleriya 0.00 % 69.70 % 97.67 %
bmp 0.00 % 76.78 % 95.40 %
bpla 0.00 % 95.28 % 98.03 %
bronemashina 0.00 % 81.12 % 98.10 %
btr 0.00 % 75.05 % 96.45 %
pehota 0.00 % 91.96 % 96.76 %
rszo 0.00 % 81.94 % 98.71 %
tank 67.07 % 75.18 % 99.25 %

3.4. Conclusions

1. Despite significant differences in architectures and parameter counts (from
1 to 143 million), original pre-trained neural networks achieve similar baseline
accuracy (12— 15 %) on military object recognition. The analysis shows that pre-
trained networks tend to associate military objects with semantically related
categories such as tank, half-track, amphibian, and warplane, given the visual
similarity of military equipment.

1. Despite significant differences in architectures and parameter counts (from
1 to 143 million), original pre-trained neural networks achieve similar baseline
accuracy (12 — 15 %) on military object recognition. The analysis shows that pre-
trained networks tend to associate military objects with semantically related
categories such as tank, half-track, amphibian, and warplane, given the visual
similarity of military equipment.

2. Transfer learning is an effective method for adapting existing models to the
specific task of military object recognition, improving accuracy by up to 81.19 %
compared to original networks. Best results on original images were demonstrated
by EfficientNetBO with 95.60 % accuracy after transfer learning, followed by
AlexNet (93.17 %) and ResNet50 (93.13 %) (Table 3.6).

3. For partially visible object recognition, the accuracy of pre-trained
networks drops to 8 — 11 %, and for retrained networks without augmentation, it
ranges from 63 % to 80 % (Table 3.9).

4. Training neural networks with augmented images containing partially
occluded objects leads to substantial accuracy improvements — for example,
EfficientNetBO0 achieves 99.25 % accuracy for recognizing partially visible objects
of class "tank" (Tables 3.12 and 3.13).
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5. The analysis of experimental results shows the need for a specialized
convolutional neural architecture designed for recognizing military objects in optical
Images in the presence of partial occlusion, poor visibility, or multiple objects in the
frame.

CHAPTER 4. DESIGN OF A CONVOLUTIONAL NEURAL NETWORK
FOR DETECTION AND RECOGNITION OF PARTIALLY VISIBLE
MILITARY OBJECTS

Chapter 4 presents the design, systematic investigation, and optimization of a
specialized convolutional neural architecture for recognizing partially visible
military objects. The main goal is the creation of a compact model with minimal
architectural complexity, applicable in systems with limited computational resources
— UAV onboard computers, ground observation stations, and embedded platforms.

4.1. Design of Multilayer Convolutional Neural Networks for the Task

To ensure comparability, all designed architectures operate with the same
input image format (224%224x3) and identical output structure of 8 classes.
Configurations with 0 to 14 convolutional blocks were investigated, with systematic
variation of depth enabling the study of the effect of architectural complexity on
accuracy and robustness under occlusion.

4.1.1. Baseline Convolutional Neural Network with Four Convolutional
Blocks

The baseline architecture consists of four sequential convolutional blocks, two
fully connected blocks, and an output layer. Each convolutional block includes a
convolutional layer (3x3 filters), a batch normalization layer, an activation layer
(ReLU), and a pooling layer with a (2x2) mask. The number of filters increases
progressively: 8§ — 16 — 32 — 64, and the spatial resolution decreases: 224x224x3
— [12X]12%X8 — 56%X56x16 — 28%x28%32 — 14x14%64. The fully connected
blocks contain 1024 and 512 neurons respectively, each with ReL U activation and
dropout (p = 0.4). The output layer has 8 neurons, followed by a Softmax activation
layer and a classification layer. The total number of layers is 26.

The choice of 4 convolutional blocks is theoretically justified: the first layer
extracts low-level features (contour lines, textures), the second — shape fragments
and details of military equipment, the third structural representations of
components (turret, gun, hull), and the fourth integrates this information into abstract
patterns capable of compensating for partial visibility through characteristic
combinations of visible features.
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Fig. 4.2. Four-block CNN (without classification layer).

4.1.2. Modified Architectures

For systematic investigation of the effect of architectural complexity, the
baseline network was extended in a series of modified variants with 3, 5, 6, 7, 8, 9,
10, 11, 12, and 14 convolutional blocks. Additionally, for specific configurations,
variants with different convolutional filter sizes were tested while maintaining a
fixed number of layers.

4.2. Training Methodology and Evaluation (Subsubsections 4.2.1-4.2.3)

Training and evaluation were structured in three sequential experimental
stages, each using the same architectures with different volumes and quality of
training data:

Stage 1 — training on the original collection of 2,748 images;

Stage 2 — training on sequentially augmented sets with geometric and
photometric transformations (%2, x4, x6, x8 increase) without introducing partial
occlusion in the training data;

Stage 3 — training on a specially constructed database with controlled partial
occlusion up to 50 % (Chapter 3, Section 3.3), simulating real occlusion scenarios.

4.3. Experimental Results

4.3.1. General Testing Approach and Results Analysis

Evaluation of all architectures was performed on a unified test collection with
partially occluded images, including originals and variants with 25% and 50%
occlusion in four orientations. The registered metrics include mean classification
accuracy, distribution of errors per class, accuracy degradation compared to original,
and spatial asymmetry for occlusion.
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4.3.2. Stage 1 Experimental Results

When training only on the original non-augmented collection, accuracy grew
with the number of convolutional blocks up to a certain threshold. CNN-12 achieved
the highest training accuracy (50.62 %), but with a gap of approximately 47 %
between the training and validation curves — a clear sign of overfitting. Shallower
architectures (< 7 blocks) demonstrated limited classification capability under partial
visibility, while deeper ones showed unstable results. Mean accuracy on the
occlusion-augmented collection ranged from 31 % (CNN-3) to 67 % (CNN-12).

4.3.3. Stage 2 Experimental Results

Increasing the training data volume led to systematic accuracy improvements
for all architectures. At %8 augmentation, CNN-12 achieved 95.52 % training
accuracy and 74.43 % mean accuracy on partially occluded images. Additional
complexity did not yield a proportional effect — a "plateau” was observed at
architectures with more than 7 — 8 blocks. The maximum average accuracy achieved
with partial visibility in Stage 2 remained below 75 % for all architectures,
confirming that standard augmentation alone is insufficient.

4.3.4. Stage 3 Experimental Results

Including controlled occlusion in the training data led to a qualitative change
in results. Achieved accuracy values on partially visible images increased
significantly for all architectures (Table 4.8). A clearly expressed maximum was
observed at architectures with 6 — 8 convolutional blocks, after which further depth
increase does not yield systematic improvement.

Table 4.8. Comparative analysis of training accuracy and mean classification
accuracy on a partial-occlusion database depending on the number of
convolutional blocks.

CNN — No. of

convolutional 3 4 5 6 7 8 9 10 11 12 14
blocks blocks | blocks | blocks | blocks | blocks | blocks | blocks | blocks | blocks | blocks | blocks
Training

accuracy on

augmented 78.14 | 86.58 | 85.99 | 92.08 | 93.56 | 94.17 | 93.82 | 93.01 | 92.22 | 95.42 | 92.44

collection, %
Mean accuracy
on full partial-
occlusion 82.41 | 90.92 | 91.87 | 96.97 | 97.87 | 97.82 | 97.71 | 97.05 | 96.87 | 98.21 | 96.88
collection, %

4.4. Selection of the Optimal Architecture

4.4.1. Comparative Analysis for Optimal Architecture Selection

The selection of the optimal architecture is based on three criteria: (1) mean
classification accuracy greater than 95 % for partially visible images; (2) achieving
this accuracy with the smallest possible number of convolutional blocks; (3) stability
— minimal difference between training accuracy and testing accuracy on occluded
images.
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Analysis shows that architectures with 3, 4, and 5 convolutional blocks do not
reach the 95 % threshold. At 6 convolutional blocks a significant jump is observed
— accuracy reaches 96.97 % with stability of 4.89 %. Architectures with 7 — 14
blocks achieve similar or slightly higher values, but additional improvement is not
proportional to increased complexity.

The CNN-6 architecture with 6 convolutional blocks (34 neural layers)
was identified as the optimal compromise between effectiveness and
architectural complexity — the first configuration at which high and stable
accuracy is achieved when classifying partially visible military objects (Fig. 4.9).
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Fig. 4.9. Diagram of the implemented CNN with six convolutional blocks (without
classification layer).

4.4.2. Detailed Description and Optimization of the Selected CNN-6
Architecture

After selecting the architecture, a two-stage internal optimization was
conducted without changing the number of layers.

Optimization of the number of convolutional filters: With a fixed 3x3 size,
different configurations of filter count and sequence were tested. Results show that
the configuration 32—64—128—256—512—512 achieved the highest mean
accuracy — 98.92 % under partial occlusion, representing an improvement of 1.95
% over the baseline configuration §—16—32—64—128—256.

Optimization of the first convolutional filter size: With a fixed filter
configuration, the effect of changing the first layer filter size (3%3, 4x4, 5x5, 6x6,
7xT) was tested. Results show that a 5x5 size gave a slight improvement (98.97 %),
interpreted as a better balance between local detail extraction and wider spatial
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context coverage. At larger sizes (6x6, 7x7) accuracy slightly decreased due to loss
of fine local features.

The final optimized CNN-6 architecture includes: input layer
(224x224%3), six convolutional blocks with 5x5 filters in the first and 3x3 in the
others, filter count sequence 32—64—128—256—512—512, two fully connected
blocks (1024 and 512 neurons), Softmax and classification layer.

4.4.3. Results from the Detailed Analysis of the Optimized Six-Block CNN

Full statistical analysis by class and occlusion variant is provided (Table 4.12).

Table 4.12. Accuracy results for classifying occluded images by class and variant
— optimized CNN-6.

: Class and Variant Accuracy, %
Variants

artilleriya | bmp bpla bronemashina btr pehota | rszo tank
Original 100 99,40 | 99.26 99,12 99,33 [ 99,51 | 100 100
Quadl TopL 100 99,60 | 99.26 99,12 98,65 | 99,03 | 100 100
Quad2_TopR 100 99,00 | 99.26 99,41 100 | 99,51 | 100 100
Quad3_BottomL 100 99,40 | 99.26 99,41 98,65 | 99,03 | 100 100
Quad4_BottomR 100 98,80 | 99.26 99,41 99,33 | 99,51 | 100 100
Halfl_Top 98,84 98,21 | 98.15 99,41 97,64 | 99,03 | 99,71 | 99,76
Half2_Bottom 97,67 95,02 | 95.94 97,35 94,61 | 97,57 | 99,13 | 94,70
Half3_Left 99,42 99,20 | 98.15 98,53 97,64 | 98,54 | 100 | 99,28
Half4_Right 98,84 98,01 | 99.26 98,53 98,32 | 99,51 | 100 100
Mean accuracy 99,42 98,52 | 98.65 98,92 98,24 | 99,03 | 99,87 | 99,30
Minimum 97,67 95,02 | 95.94 97,35 94,61 | 97,57 | 99,13 | 94,70
Maximum 100 99,60 | 99.26 99,41 100 | 99,51 | 100 100
Standard deviation 0,82 1,42 | 1,12 0,69 157 | 0,64 | 0,09 | 1,74

Testing on an additional database with new occlusion variants (5 %, 10 %, 15
%, 20 %, 75 %) shows that the network successfully generalizes to variants not seen
during training. At 5 % occlusion accuracy is approximately 99.5 %, at 10 %
approximately 99 %, at 15 % about 94 — 97 %, at 20 % central occlusion 85.66 %,
and at 75 % occlusion 83 — 93 % depending on orientation (Fig. 4.15).

These results confirm that accuracy is a nonlinear function of the visibility
coefficient m and also has a qualitative dimension — it depends not only on the
percentage of occlusion, but also on which specific part of the object is occluded.

Additional testing with impulse (salt & pepper) noise at densities 0.0 — 1.0
(Table 4.14) shows that the network maintains acceptable classification accuracy up
to density 0.4 (83.51 %) (Fig. 4.16).

It should be noted that the occlusion operator introduced in the mathematical
model in Chapter 2 here takes random values rather than only 0 and 1. In the forward
propagation through the neural network this leads to random activations and
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disruption of the correlation patterns stored during training, which affects the
classification accuracy.

Fig. 4.15. Additional occlusion variants.
Table 4.14. Comparative analysis of accuracy results for the optimized six-block
CNN classifying images partially occluded by impulse noise.

Noise density Classification Hardest variant to classify, name and
parameter value accuracy (%) accuracy (%)

0,0 99,57 Quadl TopLeft (99,56)
0,1 98,15 Half1_Top (94.58)
0,2 93,71 Half1_Top (76.79)
0,3 88,42 Half1_Top (63.16)
0,4 83,51 Halfl_Top (53.65)
0,5 79,44 Half1_Top (47.60)
0,6 76,14 Half1_Top (43.01)
0,7 73,43 Half1_Top (40.22)
0,8 71,17 Half1_Top (37.86)
0,9 69,30 Half2_Bottom(34.96)
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Fig. 4.16. Occlusion variants Quad2_TopRight for a "tank™ class image
implemented via the salt&pepper (impulse noise) function with different noise
densities.

Figure 4.24 presents the input image and all pseudo-colour maps of the mean
per-channel values of the last layers in the six blocks, overlaid on the input image.
This is interpreted as local image regions that are important for classification
(averaged features highlighted by each block). The visualization shows how the
network's "attention"” concentrates on different details of the input image and extracts
information about complex structures.

30



Input Image
Block 1

08

086

0.4

06

0.4

Fig. 4.24. All pseudo-color maps of the mean value per channel (feature maps) of

the last (pooling) layers in the six blocks, overlaid on the input image.

4.5. Comparison Between the Retrained EfficientNet-BO and CNN-6

4.5.1. Architectural Complexity

EfficientNet-BO includes 237 layers and 5.3 million trainable parameters,
while CNN-6 has 34 layers and 3.3 million parameters. CNN-6 was designed
without the need for pre-training on large-scale datasets.

4.5.2. Comparison under Partial Occlusion

The comparison was performed on a low-performance processor (Intel
Pentium B960), a mobile processor (Intel Core i13-5020U), and a server platform
(2xIntel Xeon Gold 6530). Results (Table 4.15) show that the accuracy difference is
less than 1%, while CNN-6 processing time is 2—3 times shorter on limited hardware.
This confirms that a specialized, purpose-optimized architecture can achieve results
comparable to established models at significantly lower computational cost.
Table 4.15. Comparative analysis of parameters of the retrained EfficientNet-B0

and CNN-6, obtained when running on three different hardware systems.

\ Parameters EfficientNet-B0 CNN-6
Accuracy under occlusion 97.50% 96.97%
Model size 14,97 MB 12,84 MB
Time on Pentium (s) 0,358 0,109
Time on Core i3 (s) 0,195 0,107
Time on Xeon (s) 0,302 0,157

4.6. Detection of Partially Occluded Military Objects via Sliding Window
Algorithm with the Trained Six-Block CNN

To extend CNN-6 to a localization task, a sliding window algorithm was
implemented. The image is scanned in parts at different scales with a fixed step; each
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region is resized and submitted for classification. Windows with confidence above
a preset threshold form a two-dimensional detection map. Through filling and
merging connected regions, a bounding box is extracted around the object.
Additionally, a gradient-based activation map (Grad-CAM) was used for refining
localization. This approach requires no additional training with annotated bounding
boxes and is applicable with limited training data.

4.7. Cascade Model for Semantic Filtering and Recognition of Partially
Visible Military Objects

For realistic scenarios with simultaneous presence of civilian and military
objects, a cascade model was developed that combines the universal semantic power
of EfficientNet-BO (1,000 recognizable classes) and the precise domain-specific
classification of CNN-6 for military equipment classes.

4.7.1. Theoretical Framework

The model implements hierarchical filtering in two main stages.

Stage 1A (semantic "‘gatekeeper'): EfficientNet-BO classifies the input
image. Upon recognizing a known civilian ImageNet class with confidence above a
set threshold, the image is rejected as non-military.

Stage 1B (interval analysis): A 1,000-dimensional feature vector is extracted
from EfficientNet-B0. The fundamental hypothesis is that this space contains
implicit information about military objects, even though they are not explicitly
defined as classes. Military classes are modelled through statistical intervals in the
feature space. Only images with an interval estimate exceeding a predefined
threshold t are passed to Stage 2.

Stage 2: CNN-6 performs detailed classification among the eight military
classes. When there is agreement between CNN-6 and the interval analysis, a final
classification is accepted; otherwise a weighted decision is applied. For confirmed
military objects, a localization procedure via sliding window is activated.

4.7.2. Mathematical Model for the Interval Classification Approach

Image I is transformed by a pre-trained neural network (feature extractor) into
a feature space vector:

(4.1) x = f(I) € R%.

Military Object Class Model

For each class C k, k=1, 2, ..., K, statistics are calculated:

(4.2) Xi=(x®x@,......x N0
Mean Vector

1 N
(43) Uk = N—kznilx(n)_

Interval Model
For each coordinate i € {1,2, ....,d} an interval is defined:

(4.4) [lk,i» uk,i]’

32



(4.5) li; = minx; ™,
n

(4.6) Uy ; = maxx; ™.
n

Interval Matching
For a new object x a function is defined:

(4.7) My (x) = Z?=1lwk,i5k,i(x)’

(L= x Suyy
(48) 6k’i(x) o {0, X; < lk,i U X > uk,i '
(4.9) 0<SM(x)<1, we; =20, XL wy; = 1.
Distance to Class Centre
(4.10) Dy (x) = \/Zgl:lwk,i(xi — Hie,i)?
Normalized Score

1

(4.10) k() = T
(4.12) 0<S, <1.
Combined Score
(4.13) F(x)=aM,(x)+ (1 —a)Si(x), 0<a <1.
Classification or Rejection Rule
(4.14) k=arg max Fr(x), Fpex(x) = max Fr(x).
For a given threshold 7 € {0,1}, the final decision is formed as:
(4.15) E,oc(x)<t=x * {1,2,...,K},
(4.16) Fpax(®¥) >1=x=k.

4.7.3-4.7.7. Experimental Evaluation and Analysis of Results
The cascade model was tested on 3047 images — 299 civilian and 2748

military. With thresholds 0.80/0.75/0.90 the results show:

Stage 1A rejected 150 images (4.9 %) as containing civilian objects (Fig.
4.26);

Stage 1B additionally rejected 111 images (3.6 %) (Fig. 4.27);

2,786 images (91.3 %) reached CNN-6;

CNN-6 and the interval analysis agreed on 58.2 % of images;

Final classification: 2699 military (88.6 %), 261 civilian (8.6 %), 87
indeterminate (2.9 %) images;

A bounding box was applied for 99.9 % of classified military objects.
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CIVILIAN: ambulance (87.0%)

Fig. 4.27. Images with a maximum interval score below the preset threshold .
The classification accuracy of CNN-6 regarding military objects remains
unchanged when integrated into the cascade, while the system-level image
processing time remains within acceptable limits (1.87 s), even with the localization
procedure enabled.
The contribution of the cascade approach lies in the analytical extension of a
pre-trained network's functionality without changing learned weights and without
additional training — through a deterministic mechanism using already available
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semantic knowledge in the feature space. This turns large pre-trained architectures
into universal semantic “sensors”, extensible to new domains with minimal
computational costs.

1.

4.8. Conclusions

The staged experimental approach enables systematic investigation of the
influence of architectural complexity (number of layers), training data
volume, and presence of partial occlusion on the accuracy and robustness of
CNNs for military object recognition.

Increasing the depth of the neural network architecture leads to improved
classification accuracy only up to a certain threshold, beyond which further
complexity brings no substantial benefits. This justifies the selection of a six-
convolutional-block architecture (34 layers total) as the optimal choice in
terms of accuracy and computational complexity.

Experiments with moderate training data augmentation show that increasing
the training set volume improves model accuracy.

Training with controlled partial occlusion images leads to significant
Improvements in accuracy and robustness on realistic images (Tables 4.8,
4.12,and 4.14).

Comparative analysis with known retrained networks shows that the six-block
CNN achieves comparable accuracy with significantly fewer trainable
parameters, lower computational complexity, smaller model size, and shorter
processing time (Table 4.15), making it suitable for implementation in mobile
real-time systems.

The proposed CNN-6 architecture can also be used for military object
detection tasks through implementation of a sliding window algorithm and
analysis of local activations, without the need for additional training or
annotated bounding boxes.

The developed cascade semantic filtering model combines a pre-trained
universal neural network, analytical extension of the semantic space, and a
specialized convolutional architecture, and represents a practically applicable
approach for distinguishing between civilian and military objects.

3. CONCLUSION.

GENERAL CONCLUSIONS FROM THE DISSERTATION
1. As a result of the analytical review of existing object detection and

recognition methods, it was established that modern solutions are oriented towards
civilian applications and do not account for the specifics of military objects. The
analysis revealed significant limitations of these methods in the presence of partial
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occlusion, complex background, and multiple objects in the frame, which justified
the need for developing and training a specialized neural network.

2. There is a need to develop a specialized database of optical images of
military equipment including scenes from real combat and training conditions,
partially occluded objects, and images with multiple objects. The database should
provide the necessary representativeness for training, testing, and objective
evaluation of the investigated neural architectures.

3. Based on the conducted analysis of existing neural architectures used
in computer vision, a justified choice was established to utilize a multilayer CNN
architecture in order to achieve the objective set in the dissertation.

4. The results from the systematic experimental evaluation of pre-trained
well-known CNNs with the structured specialized database serve to assess their
baseline classification capability and to identify their limitations regarding accuracy
and robustness under partial occlusion.

5. The designed neural architecture with six convolutional blocks is
characterized by improved accuracy when recognizing partially occluded military
objects, as well as a better accuracy-to-computational-complexity ratio compared to
the investigated pre-trained well-known neural networks.

6. The developed cascade semantic filtering model, in which a retrained
neural network is used as a primary domain filter without full retraining on an
extended class set, provides discrimination between civilian and military objects.

7. The comparative analysis between the optimized neural network and
the selected pre-trained architectures demonstrates advantages of the proposed
solutions in terms of accuracy, robustness under partial occlusion, and computational
efficiency. The experimental results confirm that specialized architectural design
and cascade processing organization are suitable for tasks related to military object
recognition under real-world conditions.

In conclusion, the dissertation proposes a comprehensive and justified
approach for detection and recognition of partially visible military objects in optical
images. The presented architectures, methods, and algorithms are applicable in
surveillance and decision support systems in the defence domain, as well as for
future development of research in this direction.

4. CONTRIBUTIONS.
SCIENTIFIC AND APPLIED CONTRIBUTIONS OF THE
DISSERTATION
1. An analytical review of existing artificial intelligence methods for
object detection and recognition in optical images was conducted, including images
of military equipment, as well as cases of partial occlusion of objects in the frame.
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2. A specialized database of optical images of military equipment was
structured, including scenes from real combat and training conditions, partially
occluded objects, and images with multiple targets in the frame. The database is
adapted for training, testing, and evaluation of neural network performance on
military image recognition tasks (Chapter 3).

3. A systematic experimental evaluation of modern pre-trained well-
known neural architectures was conducted on the specialized database, establishing
their capabilities and limitations for recognizing military objects, including under
partial occlusion conditions and increased scene complexity (Chapter 3).

4, An approach for training a specialized multilayer convolutional neural
network architecture was proposed, designed for detection and recognition of
partially visible military objects in optical images, with a focus on robustness under
partial occlusion, complex background, and multiple objects — distinguishing it
from standard solutions oriented towards civilian applications (Chapter 4).

5. A CNN was designed, implemented, and experimentally optimized in
the MATLAB development environment, characterized by better robustness under
partial occlusion and a better accuracy-to-computational-efficiency ratio compared
to the investigated pre-trained architectures (Tables 4.9—-4.14 and Figures 4.8-4.24).

6. A cascade semantic filtering model was proposed, in which a pre-
trained neural network acts as a primary domain filter and the specialized neural
network performs detailed classification of military objects. The model enables
discrimination between military and civilian objects without the need for full
retraining with an extended class set (Chapter 4, Section 4.8).

7. An algorithm for recognizing additional classes using features already
extracted from a pre-trained neural network was developed. The algorithm uses
statistical intervals and weighted evaluation in the feature space, without altering the
original architecture and without changing the number of output classes (Chapter 4,
Section 4.8.2, Appendix 2, Code 7).

8. A localization algorithm for military objects in images was integrated
by implementing a sliding window, whereby the developed neural network is used
as a specialized classifier for detecting and classifying partially occluded objects
(Appendix 2, Codes 6 and 7).

Q. A comparative analysis between the proposed optimized CNN and
retrained well-known neural architectures was conducted, experimentally
confirming the advantages of the proposed neural architecture and cascade approach
in terms of accuracy, robustness under partial occlusion, and computational
efficiency (Chapter 4, Sections 4.6 and 4.8).

APPLIED CONTRIBUTIONS OF THE DISSERTATION
1. The structured specialized database of optical images of military objects,
including scenes with complex backgrounds, partial occlusion, different scales,
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and multiple objects in the frame, was annotated and published for free access on
the Kaggle platform for use by other researchers in testing neural networks.

2. A software prototype was developed in the MATLAB development environment,
implementing the proposed neural architecture and algorithms, which can be
deployed in surveillance and automated decision support systems in unmanned
aerial vehicles for real-time operation (Appendix 2).

3. The developed programming algorithms were implemented as modular and
extensible software components, allowing their adaptation to other image
processing tasks, extension to additional object classes, use of other types of
sensor data, or integration with existing software and hardware platforms.
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