AHOTAIIIA

Tumuenro b.1. Heiipomeperxkesi Merojin aHaJjiizy IJjaHapHUX 300parKeHb B
cUcTeMax aBTOMATU30BAHOIO CKpuUHIHTY. — KBaJsiidikaliiiiHa HayKoBa Ipalisd Ha
IIpaBax PyKOIIKCY.

JucepTraliiss Ha 3700yTTsI HAYKOBOTO CTYyIEHs JOKTOpa (ijocodii 3a creri-
asibricTio 122 — KoMmi’torepni nayku. — Oj1ecbKnii HalliOHAJIbHIH MO TeXHITHI T
yuisepcurer MOHY, Ykpaina, Ojeca, 2021.

Y BCTymi oOTPpYHTOBAHO aKTYaJbHICTh YIOCKOHAJEHHS CHCTEM aBTOMATH-
30BAHOTO CKPUHIHTY (BUABJICHHS Ta KiacudiKalil HeTUoBux 06’eKTiB abo mpo-
1eCiB) TUISIXOM CTBOPEHHST MOJeJiell HabOpiB JIAHUX Ta METOJIB iX reHepariil,
a TaKOXK MOJIeJiell HEHPOHHUX MEpPEXK Ta MeTO/1B 0araro3ajadHoro HaBYaHHsI
3 METOIO HIiJIBUIIEHHSI JIOCTOBIpHOCT] Kiacuikalil Ta cermeHnTalil IjiaHapHuX
300parkeHb Oe3 mijBUINeHHST BUTpaAT 4acy. BusHadeHo o0’eKkT, npeamer, 3a/a-
4l 1 METOJU JIOCJIJIPKEeHHS; II0Ka3aHO 3B’ sI30K 3 HAYKOBO-JIOCIIHUMHI POOOTAMMU;
HaBEJIEHO HAayKOBY HOBU3HY Ta MPAaKTHUUHE 3HAUYEHHS OJIEP:KAHUX PEe3YJIbTaTiB;
BUCBITJIEHO OCOOMCTUI BHECOK 3J100yBaya.

B nmepiiomy po3aijii jucepraliiiHol podOTH MPOBEIEHO aHasi3 1npobJiemM
AHAJIZY TJIAHAPHUX 300paykeHb (fKi He MaloTh BUMIDY TIMOWHW, Ta B SKUX
MOYKHA 3HEXTYBATH MACIITabOM 00’€KTIB) B CHCTEMaxX aBTOMATH30BAHOTO CKPH-
HIHTY Ha OCHOBI HeipoMepeKeBUX TeXHOJIOTIH.

[IpoanamizoBaHo icCHYIOUi CHCTEMH aBTOMATU30BAHOTO CKPUHIHTY B IIpeIMe-
THUX 00JIACTSIX MEJUIIMHU, METeOPOJIOril Ta BiJjlaJieHOIO 30HJIYBAaHHSI Ta OCO-
OsiMBOCTI X (PYHKI[IOHYBAHHS TIJISIXOM aHaJIi3y IJiaHapHUX 300pakeHb. [Toka-
3aHO, 1110 e(PeKTUBHICTH POOOTU TAKUX CHCTEM 0OE3II0CEePE/IHbO 3aJIeXKUTh Bl J10-
CTOBIpHOCTI KJ1acupiKaliil Ta cerMmeHTallil 300paxkeHb, OCKIIbKI XUOHO-TIO3UTHBHI

pe3yabTaTH MOXKYTh IPU3BECTHU J0 IepeIacHOr0 pearyBaHHsd, a XMOHO-HeraTHBHI



pe3yJIbTaTH - J0 IPOIYCKY HasdBHUX IIPOOJIEM Ta Ii3HHOI'O pearyBaHHSI.

KpiMm TOro, He MEHIII BaKJIMBUM (DAKTOPOM, 1110 BILIMBAE Ha €PEKTUBHICTD
CKPUHIHI'OBUX CHCTEM € BUTPATH Yacy Ha peaJsii3alllio Ipolecy HaBYaHHS, 1110 B
CBOIO 4Yepry IMOB’S3aHO 3 SAKICTIO 1OIEpPe/IHhO CTBOPEHUX HaBYaJIbHUX BUOIPOK
jgannx. Aje, B 3a7a9aX CKPUHIATY, OTPUMAHHS JOCTATHHOI KLIHKOCTI JAHUX Ta,
IIPOBEJICHHS SIKICHOT'O aHOTYBaHH IIPpOdQ eClOHAJIAMU €, SIK IIPABUJIO, 3aTPATHHIM,
a 1HOJII HEMOXKJIMBUM Uepe3 MaJly KIJbKICTh Ta PI3HAN BUIVIS] HaBYAJbLHUX
NPUKJIATIB, CyO €KTUBHICTD Mij Jac (pOPMYBaHHS aHOTaIlili B HabOpax JaHUX.
i pakTOpM HEraTUBHO BILJIMBAIOTH HA JIOCTOBIPHICTHL Kjacudikaliil Ta cerMeH-
Talil Mpu HaBYaHHI TJIMOMHHUX HEHPOHHUX MEPEXK CTaHJAPTHUMU METOJaMHU.
Jlist yCyHEeHHsI TaKOro BILIMBY 3allpOIIOHOBAHO IIpU II00YJIOBI MojieJiell KJIacH-
dixarii Ta cermeHTaIll BUPIIIATHU 3a/a1y HABUAHHS 3 YpaxyBaHHSIM YaCTKOBO-
TTOMUJIKOBIX aHOTAIILA.

[TokazaHo, 10 B TaKuxX yMOBax JIOIiJIbHE BUKOPUCTAHHS TVIMOMHHUX HEN-
POHHUX MepPeK, 9epe3 MOXKJINBICTh aBTOMATH3aIlll TTPOIecy HaBYaHHS Ta 3aCTO-
CyBaHHsI METOJ(IB 0araTo3a/laqHoro HaBYaHHs, SKi IiJBUIIYIOTH JOCTOBIPHICTH
KJiacudikalil Ta cerMeHTaril.

[IpoBegennit anaJjis HassBHUX MOJIeIeil HaOOPIB JaHUX Ta METO/IB 1X reHepa-
11 HoKa3aB 0OMeKeHicTh Mojiesieit HabOPIB JlaHuX, siKi O J103BOJIsl/IN (POPMYBATH
JACTKOBO-TIOMUJIKOBI aHOTAIIIT, sIK1 XapaKTepHl JIJisl peaJibHUX 3a/1a9 aBTOMATH-
30BaHOI'O CKPUHIHTY.

TaxuM YMHOM, BUPINIEHHSA BaKJIMBOI HAYKOBO-TIPAKTUIHOI 3aa4i i IBUIIIE-
HHsI JIOCTOBIPHOCTI KJacupiKaIil Ta cermMeHTaliil B 3a1a4ax aHAJII3y IJIaHaAPHAX
300paXkeHb Jijisi CUCTEM aBTOMATU30BAHOI'O CKPUHIHIY HIJISXOM Y/IOCKOHAJIEHHS
MoJieJiell HeMPOHHUX MEPeX Ta MeTOJIiB TX DaraTo3a/[auHoro HaB4aHHs, 0CO0JI1-
BO 33 YMOBH YaCTKOBO-IIOMHJIKOBO aHOTOBaHUX JAaHUX HAaBUAJbHOI BUOIPKHU.

Y apyromy po3iji po3pobJieHO MeToJI reHepaliil HabopiB JaHUX JIJId 3a-
Oe3meueHHsT MOXKJJIUBOCTI TECTYBAHHSI HEHPOHHUX MEperK IIPU HaBUYaHHI 3 BUKO-

PUCTAHHAM YaCTKOBO-IIOMUJIKOBUX aHOTAIllN Ta 3aIIPOIOHOBAHO TapaMeTPUIHY



dopmagizalio Mojeni Habopy JaHUX i3 YaCTKOBO-IIOMUJIKOBUMHU aHOTAIISMHU,
dK1 XapaKTepHl JJis peaJibHUX 3a/a9 aBTOMATU30BAHOTO CKPHUHIHATY.

OcCKIIbKY OJlep2KatiHs JJOCTOBIPHUX aHOTallil Kiaacudikallll Ta cermenTaliil
JIISI TECTYBaJIbHUX BUOIPOK YaCTO € HEMOXKJIMBUM a0 JIy2Ke 3aTPaTHUM, 3alPO-
MMOHOBAHO BUKOPHUCTAHHSI MOJICJIbHUX HAOOPIB JIAHUX JIJIsT OIIHKK JIOCTOBIPHOCTI
MoJieJiell Ta MEeTO/IiB HaBUYaHHs IJIMOMHHUX HedpOoHHUX Mepex. Taki Habopu ja-
HUX JTAIOTh MOXKJIMBICTH IIPOBOJUTH HaBUAHH:A Ta TECTYBaHHS B KOHTPOJIHOBA-
HAX YMOBaX MLISIXOM IMITYIHOTO JOAABAHHS MOMUJIOK JI0 aHOTAIllil HaBYAJbLHOI
BUOIDKY JIaHUX (sIK [TPABUIIO, TECTOBA BUOIPKa 3aJIMINAETHCS 3 JIOCTOBIDHUMH
AHOTAIIISIMMY ).

SampomnoroBaHa Mojie/ b Habopy Aanux M Mae HACTYIIHE IpeCcTaBIeHHS:
M e {Xbu Xtex; N7 Simg; Sobj7 Amax; Nobj; P€7 Pd; Se: Sd} (1)

Je Xp - nabip zobpazkenn dony, Xy - nHablp 00’eKTiB, X, - HabIp 300pazKenb
TekcTyp 00’ekTiB, N - KIJIbKICTh 300pakeHb B I'eHEPOBAHOMY HaOOpPl JlaHUX,
Simg - PO3MIP T€HEPOBAHUX 300paKeHb B MIKCEIAX, Sgpj - CEPEeJHI po3Mip
00’eKTa, B MKCEIIX, Njqp - MAKCHMAJIbHE BIIXUICHHS PO3Mipy 00’€KTa B BiJI-
coTkax, Ny - MaKCHMaJlbHa KIJIBKICTH 00’€KTiB Ha 300pakenHni, P, ta Py -
MOBIPHOCT] 3MEHIIIEHHS Ta 301/IbIIEHHST MACKK KOXKHOIO 3 00’€KTiB, S, Ta Sy -
JIONyCTUMI MaciiTabu 301bIeHHsT Ta 3MEHIIIeHHSI MAaCOK BCIX 00 €KTiB.

OcraHHl YoTUpHU IapaMeTPu BBEJICHO Jijisi KOHTPOJbOBAHOI'O CTBOPEHHS I10-
MUJIOK B aHOTAIIIX.

CdhopmynboBaHo mepHIinii MyHKT HAYKOBOI HOBM3HU: BIIEpIIE 3aIIPO-
IIOHOBAHO IapaMeTpuuHy opmaJizallifo Mojiesii HAbOPy JaHUX 13 YaCTKOBO-
MOMUJIKOBUMU QHOTAIIAMHU, sIKl XapaKTepHl JJisd peaJbHUX 3aJla9 aBTOMAaTH-
30BAHOI'0 CKPHUHIHTY, 110 JIO3BOJIUJIO PO3POOUTH METOJI I'eHepaliil HaBYaJbHUX,
TECTOBUX Ta, BaJiIallliiHIX HAOOPIB JAHUX.

Ha ocroBi 3ampornonoBanoi mapamerpudnol mojesi (1) po3pobsieno MeTos

resHepaliil HabopiB JlaHMX 13 YaCTKOBO-IIOMUJIKOBUMK aHOTAIISAMU, sSIKMIl MICTUTH



HACTYIIHI KPOKHU:
1. Bubparu Bunajxose 300paxkents dony: xp, ~ Xj
2. Bubparu xinbkicrs 00’extis na 306paxkenui: Noy; ~ U(L, Nop;)
3. [Iposecru ininjasizarnio mackn cermentanii: M = 0 tax o M € RE*Simg*Simg
4. Bukonarn HacTyIHI KPOKH N Pa3iB:
4.1 Bubparu posmipu 06’exta: s ~ U (Sopj — Amazs Sobj + Dimaz)

4.2 BubpaTtn KoOpInHATH PO3MINIEHHSI 00 €KTa:

if ~ U(O,Simg — 8)
jf ~ U(O,S@mg — S)

) : : o
4.3 Bubparn sobpaxennsi ob’ekra Ty, ~ Xy Ta BLILNOBLIHUE Kiac
Y
ob’ekra crg ~ Yy
4.4 3mianTu po3mip 300parkenHst 00’eKTa 3a JIOTTOMOTOI0 OLIIHIHHOT 1H-

TEPIOJIATII:

i'fg = Rbilinear(-xfg)

4.5 Bubparu 300parkeHHST TEKCTYPH Loy ~ Xier

4.6 Momudikysaru 300pakerHsi 00’€KTa 3a JIONMOMOI0OI0 TEKCTYPH:
Tfg =g © Trealiy < iy + 8,77 2 5 + 5]
4.7 Posmicturu 300parkeHHsi 00’eKra Ha 300parkeHHi (PoHy:
Togliy 2ip + s, Jp  Jp 8] = (L= 2pg) 0 g + Ty
4.8 CopmyBaTi MacKy cermMeHTariii oo’ekra;
Moy = x5 > Ogeq

e Oyeq - mopir Ginapusarnii BuxigHOrO 300pakenns 06’ekra. g nabopy gannx

MNIST 0y, = 0.2, ana nabopy nanux FashionMNIST 6., = 0.1.



4.9 MoaudikyBaTu MacKy cerMeHTallil BiJIIIOBIHO /IO HEOOXiTHOIO PiB-
HS TTOMUJIOK:

v Mieq @ K525 gxmo pg ~U(0,1) < Py
seqg —

Mgeq © K5 gxmo p, ~U(0,1) < P,

ne K55 - yarpung suipa K% - marpuig suipa eposii.
4.10 Pozmictutu MommikoBaHy MacKy cerMeHTallii 006’eKTa Ha 3araJjb-

HOMY 300parkeHHl MAaCKH CerMeHTallil:
Mlepg,ip i+ s,57:dp+ 8| =max {Mlcpg,ipcip+ 8,57 I+ 8], Mseg}

4.11 36epertu 300pazkenus Ty, Ta Macky M

5. 3aBepIInTU TeHepalliio

TakuM 9UHOM, YJIOCKOHAJIEHO METOJ, reHepaliii HabopiB JAHUX 13 YaCTKOBO-
MOMMJIKOBUMM aHOTAIISIMKA Ha OCHOBI IapaMEeTPUYIHOI MOJIeJ, 10 3a PpaxyHOK
reHepaliii aHoTalliii: 9acTKOBO-TIOMUJIKOBUX JIJIs TPEHYBaJbHOT BUOIPKHU Ta J0-
CTOBIPHUX - JIJIsI TECTOBOI, JaJI0 MOXKJIMBICTb BUKOHYBATH TECTYBaHHs BILJIUBY
piBHSI IIOMMJIOK aHOTalliii Ha poOOTy HefipoMeperkeBUX MEeTO/JIIB CerMeHTallil Ta
KJIacupikaii,

Metoj1 j103BOJIsie orpuMaTu 6e3jiid HAOOPIB JIAHUX 13 CXOXKUMHU XapaKTe-
PUCTHKAMHU Ta BUKOPUCTOBYBATH HemapaMeTpudHi crarucTudni merogu (6yr-
CTPEIIHT) JIJIsE OIIHKY MOJIe/Ieil B yMOBaxX BiJICYyTHOCTI peaJibHUX TPEHYBAJIbHIX
nannx. MeTon craHoBUTH APYTUiA MYHKT HayYKOBOI HOBU3HMU.

B TperboMy pO3aiJIi Jucepraliiiinol poOoTH po3pobIeHO MOJIEIb HeipOoH-
HOT Mepexki Ta MeTo/1, 0araTo3ajaiHoro HaBYaHHs JIjisi OJJHOYACHOT'O 111 IBUIIECHH S
JIocTOBIpHOCTI Ktacuikallil Ta cermenTalii 0e3 3HUKEHHST OIePaTUBHOCTI.

s peaqizanii MeTojiiB Oararo3ajauiHoro HaBYaHHSI, 3aIIPOIIOHOBAHO YJI0-
CKOHAJIUTH MOJIeJIb IJIMOMHHUX HEWPOHHOI MepexKi 3 BHKOPUCTaHHSIM apxiTe-
krypu enkogep-ygekogep (UNet, LinkNet) BBemenusM J1071aTKOBOTO JI€KOJEpa

3 mapoM HopMaJiizaril. TakuM YMHOM, BJIOCKOHAJIEHA, MOJIEb CKJQJIAETHCS 3



eHKOZIepa Ta JIBOX JICKOJepiB (Jist 3ajad cerMenTarnii ta Kiacudikarii Bifmo-
BIJIHO).

Moesib 1yMOMHHOT HEPOHHOT MEpEeXKi IPEJICTaBJACHO HACTYIIHUM BUPA30OM:

U1, V2...Uyp = encoder(xu eenc) (2)
Mseg — Fseg((vla U2---Un)7 9569) (3)
C'cls - Fcls((vn)y gcls) (4)

1€ Ocpe - HaOIp mapaMeTpiB eHKojiepa, s, Ta 0.5 - HabOpH mapameTpiB JeKo-
Jiepis cermenTallil Ta Kjaacudikaiil sijnosiino, Fy, ta Fyg - neitponni mepe-
K1 JIeKozepa cerMenTalil Ta Kiaacudikalil BiAIOBIIHO. 3alpOonoHOBaHa MOJEhb
CKJIaJIa€ TPETiil MyHKT HAyKOBOI HOBU3HM.

3aB/sIKI BBEJIEHHIO JIOJIATKOBOIO JIeKojepa Kiaacudikalil 3 mapoM HOpMa-
Jizarii, 3’ aBuIacs MOXKJIMBICTL peasizalil MeToiB 6araro3a avHoro HaBIaHHs
JIMOMHHUX HEHPOHHUX MEPEeXx Ta 1epedadeHHst pe3yJibTaTiBb.

3anpornoHoBaHO MeToJ; 0araTo3aJadHOro HaBYaHHs HEHPOHHUX MEpeXK B
YMOBaX 9aCTKOBO-IIOMUJIKOBAX aHOTAIllll HABYAJBHUX TAHUX, SIKUH CITMPAETHCS
Ha BUKOPHUCTAHHSI 3aJa4, OB d3aHNX 3 opuriHajbHoo. [lokazano, 1mo s 3a-
Jladi cerMeHTalll icHye Om3bKa 3ajada Kiaacudikaliil, /g siKol aHoTalll Ha-
BUYAJbHUX JIAHUX € AKICHIIITMMU, HIXK JIJIsT BUXIJTHOI 38141l CerMeHTallll.

Meroj1 bararosa/[aaHoro HaBIaHHsT CKJIAIAETHCS 3 JIBOX €TAIlB.

Eran 1: renepariig moxigHoil 3ajad4i. B konrekcri OararosajgadHoro
HABYAHHS, 3a/a49a Kaacuikalil 3BOJIUTHCS JI0 BU3HAUEHHsST HADOPY CerMeHTO-
BaHUX 3pa3kiB (anes. multiple instance learning) ma mianapaomy 300pakeHHi,
3aMiCTh MapKyBaHHs KOYKHOTO 3 00'€KTiB Jid BCiX KjaciB. IIpu mpomy anora-
I[isl BUXIJIHOI'O ILJIAHAPHOI'O 300ParKeHHs sIBJISIE CODOIO MHOXKUHY 3 OJIHUM, YU
JIEKLJIIBKOMa, BU3HAUYEHUMU 00 €KTaMMU.

Jist KoxKHOT 3 3aj1a4 (K/aacudikaliist Ta cerMmeHTallil) OKpeMo 00UHCTIOEThCsI

dyukmig srpar. s HaBUaHHS JEKOJepa cerMeHTallil BUKOPUCTOBYEThCsI 0OMe-



’KeHa 3BepXy (DYHKIIisA BTpaT Lseg], B TOI Jac sIK JIJIsI JIeKojepa KJacudikaril -
3BuYaiina L., a 3arajbHe 3HaYeHHs (DYHKIIIT BTpaT BU3HAUAECTHCS SIK CEPEJIHE
apudMeTrnaHe MiXK 1H/IMBIJlyaJbHUMUA 3HAYCHHSIMMU:

Lseg-‘ + Lcls
2

(5)

Ltotal —

BigmosijHo, 3araJbHuii rpaJieHT (pyHKIIT BTpaT Oyae TaKOXK cepeHiM apu-
bMeTHIHIM TPAJIIEHTIB CKIAA0BUX YacTHH V Lgey| 1 V Ly

VLseg_‘ + vLClS

VLtotal - 2

(6)

Takum duHOM, 3a0€311e4yETHCH HASBHICTH HEHYJILOBUX I'PAJIEHTIB JIJ1si OHOB-
JIGHHsI mapamerpiB Bij xoda O ojniel GpyHKIIT BTpaT Jjisd KOXKHOI'O BXIiJHOI'O

IPUKJIAJLY.

Eran 2: BBenennsa odbmexkenb. /[ljisi 3MeHIIIEHHs BILUIMBY [TOMUJIKOBOI
qaCTUHM aHOTAIIl 3aPONOHOBAHO BBECTH OOMEXKEHHsI JIPyroro pojy (3Bepxy )
J10 (byHKIIIT BTpaT JJIs 332491 cerMeHTallll 3 MEHII SIKICHUMU aHOTAIISIMI JIaHNX.
Lle mo3BomJIO Ipu HaBUYaHHI Ha JIEKIJIbKOX 3aJadaX 3MEHIIUTH BILJINB I'paJli€H-

TiB (DYHKIIIT BTpaT HA NPUKJIAJaX 3 MOMUJKOBUMK aHOTAIISIMHE:
L] =min(L,0)

Jie 6 - mopir obmerkeHHs: (PyHKIIIT BTpAaT.
Beeneni oOMeXeHHs MpecTaBIeH] HACTYIIHIM BHPA30M:
1, axmo L € (—o0, 0]

Vmin(L,0) =
0, sxmo L € (0, 00)

Meros, porHo3yBaHHs MICTUTh HACTYIIHI €Tallu:

Eran 1. Hopmamizamia. Hexait Cys € RY ta My, € ROV pe-
3yJIbTATHU JIeKOJIepiB KJacudiKallil Ta cerMeHTallll BiJIIIOBIHO, 3HAUEHHS SIKAX

3HAXOJATHCs Ha IPOMIXKKY (—00,4+00) (storitn).



st orpumanss pesyabrariB Ha mpoMmixkKy [0, 1] BUKOPHCTOBYETHCs JIOTi-
CTUYHA CUT'MOITHA (PYHKINS aKTHBAIIIL:

o) = —

T lte®

Eran 2. Peropmadgtizamiga. Penopmasizaliis mossirae y 3Ba>KyBaHHI Kap-
TU CerMeHTallil 3a JIONOMOI'OI0 HOPMOBaHUX JIOTITIB KJiacudikaropa. [lepiinm
KPOKOM € TpaHcgOopMaliis JIOrTiB cerMeHTallil Ta Kiaacudikaliii B HeKaJiopoBaHi
oninku Ha npoMixkky [0, 1]:

Mseg — U(Mseg)

A~

C(cls — U(Ccls)

.

i ominku MaroTh Ti cami PO3MIPHOCTI, IO ¥ OPUIiHAJLHI Macka Ta KJja-
cH, JIJIsI 3pYYHOCT] perpe3eHTallll onepariiii JogaHo JIOJaTKOBl pO3MIPHOCTI JI0
BEKTOPY KJIACIB: Mseg € ROXEXW 1 (), € RO*1x1

3BarkKyBaHHsI KAPTH CerMEHTAIlll BIIOYBAETHCS 3a JOMOMOro0 100yTKy Ama-
Mapa MIXK MaTPUIISIMU Mseg Ta C’Cls

A

Mrefmed = Mseg O Uels

B ymoBax BijicyTHOCTI pO3MITKHU Jijist NPUKJIAJIB B 3aj@daxXx CerMeHTalll,
MOZKJIMBE ITepaTuBHE YTOUHEHHS 1€l po3MITKU. [IJis1 1bOro 004KMC/IIOETHCs YTO-
YHEeHa KapTa O3HaK KJacuikalll IisxoM J00yTKy AaMapa MizK HOpMOBAHIM
32 JIOIIOMOT'OI0 CUTMOIJIHOI (DYHKITIT BUXOJIOM JIeKOJiepa CerMeHTaIlil Ta JoriTaMu
KJ1acupikariil:

Munsup - Mseg O Uels (7)

HaJii, j1j1s1 oTpUMaHHS pe3yJibTaTy KJacudiKallil BAKOHYETbCS CyMallis ejie-
MEHTIB M sy 3 HOPMAJI3AIIEIO 38 CYMOIO €JIEMEHTIB OPUTIIHAJBLHOI HeHOPMa-

JII30BAHOI KapTH JIOKAJI3aIIil:

H 1%
Zh:o szo Munsuz)(h,w)
H W
> h=0 2w—0 Mseg(hw) + €

(8)

Cunsup =



Ha ocnosi 3anmpononoBanux Mojiesi HefipOHHOI MepexKi Ta MeTojly 11 HaB4a-
HHsI, pO3p0o0JIeHO MeTO/ 1, 6araTro3a adHoro nepeadadetus. Lle g103Bomio miaBu-
HATH JIOCTOBIPHICTD Kitacudikallll Ta cermMenTalill IjiaHapHux 300pakeHnb 0e3
3HUKEHHSI ONePaTUuBHOCTI.

Ba jonomoroto mojieni (1) mporecToBaHO 3aNpPONOHOBAHI METOJM B PI3HUX
yMOBaX, BUKOHAHNH aHaJ i3 BHECKY OKPEMUX KOMIIOHEHTIB Ta IIPOBEJIEHO aHaJIl3
CTIMKOCTI 3aIIPOIIOHOBAHOIO METOJIY JI0 PI3HUX PIBHIB MOMHUJIOK B aHOTaIigX. B
CepeIHROMY, MiJBHUITEHHA KoedimienTa Jlaiica BiqHOCHO Ha30BOI MOJET CKIIAIO0
13%.

CdhopmynroBaHo YeTBEPTUl MYHKT HAYKOBOI HOBU3HU: YOCKOHAJEHO
MeToau 6araro3ajiadHoro HaBuaHHs Ta IepejgdadeHHs Pe3y/bTaTiB Ha OCHOBI
YJIOCKOHAJIEHOT MOJIeJI BrOPTKOBUX HEUPOHHUX MEPEK IILJISIXOM 00 € THAHHS KJ1a-
cudpikarii Ta cermeHTaIil i BBeJEHHsT OOMEXKEHHsI JIPYTOro poiy (3Bepxy) mpu
obuncieHHl GpyHKIIT BTpaT CerMeHTallil, 1110 J03BOJIMJIO IJBUIUTH JOCTOBID-
HiCTH cermMeHTallil Ta Kjaacudikaliil B 3ajlauax aBTOMaTU30BaHOI'O CKPUHIHTY.

Y dyeTBepTOMY PO3IiJIi po3pobJieHi IHCTpyMeHTa IbHI 3aco0u, 110 peaJisy-
I0TH 3aIIPOIIOHOBaH] pitenHs. [IpoBeneno BupodyBanHs po3podJIEHOr0 METOLY
B paMKaX €KCIEPUMEHTIB K Ha CUHTETUIHHX JIAHUX, 0 OyJIM 3reHepoBaHi 3a
JIOIIOMOI'OIO 3aIIPOIIOHOBAHOT MOJIEJII, & TaKOXK EKCIEPUMEHTHU B peasibHUX 3a-
Jladax: CKPUHIHD JiiabeTUIHOT PETUHONATIl, CKPUHIHT MeJaHOMMU, Ta CKPUHIHT
XMapHHUX YTBOPEHb.

[HCTpYyMEHTaJIbHI 3ac00u po3pobJieHO MOBOIO IporpaMmyBanus Python 3 Bu-
KopucTaHHsAM (GpeiiMBopKy aBroMarndHoro mudepennioBanis PyTorch. Ha
OCHOBI PO3p00JIeHUX IHCTPYMEHTAJIbHUX 3aC00IB CTBOPEHO eDeKTUBHI ITPOrpaM-
Hi MOJLyJIl, $IK1 IHTEI'POBAHO 3 “XMapHUMU CcepBicaMu Jijisi BUPIIIEHHS PECypPco-
MICTKHX 3aJiad HaBUYaHHs HEHPOHHUX MepexK, 10 3a0e311eUy€e BUCOKY OOUUCIIO-
BaJIbHY TOTY>KHICTH Ta MIBUJKICTH IPOTHO3YBAaHHS B 3ajJadaX aBTOMaTH30Ba-
HOT'O CKPUHIHTY.

st 3aj1a4i aBTOMATU30BAHOI'O CKPUHIHIY 1IpU CerMeHTallil 1aTepHiB opra-
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Hizanil XMap Ha CymyTHHKOBHX 3HIMKax (B pamkax mpoekTy ‘Understanding
Clouds from Satellite Images” na mnardopmi Ajad 3Maraigb 3 HayK PO JIaHi
Kaggle) 0yJi0 BAKOPUCTAHO 3a1IPOIOHOBAHT MO/ HEPOHHUX MEPEXK, & TAKOK
METO/IM 1X HaBYaHHs Ta POI'HO3YyBaHHs pe3ysbraris. [lijBuilents jocToBipHO-
cri (mipa [aiica) BigHocHO 6a3oBoT Mojesi ckiaso 3.9%.

st 3a1a41i aBTOMATU30BAHOI'O CKPUHIHIY IIPU KJacudikalil crajiil jgiade-
Tranol peruronarii (B pamkax mpoekty “APTOS 2019 Blindness Detection” ua
miardopmi it 3mMaranb 3 Hayk 1po jgani Kaggle) 6yno Bukopucrano sampo-
IOHOBaHI MeToJi1 6araTo3a/lauHoro HaBYaHHsl Ta TPOIrHO3YBAHHS PE3yJIbTaTiB.
[Tigpumenns gocrosiprocti (Fl-mipa) BigHocHo 6a3oBoi Mmogesi ckiaio 2.1%.

st 3aya4i posnisHaBaHHs ypaXKeHb MIKIPU IPU CKPUHIHTY MejgaHoMu (y
pamkax npoekty SIIM-ISIC Melanoma Classification na mirardopmi s 3ma-
raib 3 HayK mpo fgani Kaggle) Oymo BUKOpUCTAHO 3ampONOHOBAHMIT JIOKATI3ATIiT
BaXKJIMBUX JIst KJjacudikallil o3Hak 300pakeHHsi. BukopucraHHs 3aiporoHo-
BaHOT'O METOJLY JIO3BOJIMJIO CITPOCTUTH MPOIEC KOHTPOJIIO HABUAHHS HEHPOHHUX
MepexK, 10 JOIOMOIJIO MONEePeUTH MepeHaBIaHHsd 1 HIABAIATHA JOCTOBIPHICTD
kiracudikanil na 3.5%.

Pospobiieni B pob0OTi MeTO U Ta, IHCTPYMEHTaJ bHI 3aC00M OTPUMAJIHU BIIPO-
Ba KeHHs1 B HaBuasbauii nporec OHITY ta nporpamunit npoaykr SafetyRadar
komranii VITech Lab, ocHoBHuM mnpusHatdeHHsiM KOTO € CKPUHIHT HasiBHOCTI
eJIeMeHTiB 3ac00iB 1H/IMBIIYaIHLHOTO 3aXUCTY Ha JIIOJSIX B YMOBaX Oy/IiBEIbHUX

MaliJaHIKMKIB, a00 JIiKapeHb Ta JIabopaTopiii.

Karuosi caosa: anagiz 300paskeHb, MOJIC/b JaHUX, TIMOMHHI HEHPOHHI Me-
pexi, bararozajiauHe MalllMHHE HaBYaHHS, CeIMEHTallisd, KJacudikaiis, ¢yH-

KITIl BTpAaT.
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ABSTRACT

Tymchenko B.I. Neural Network Methods for Planar Image Analysis —
Qualification scientific work in the form of the manuscript.

Thesis for the PhD degree in specialty 122 ”Computer science” (12 —
Information Technology). — Odessa National Polytechnic University, Ukraine,
Odessa, 2021.

In introduction, the relevance of improving automated screening sys-
tems (screening is defined as detection and classification of atypical objects
or processes) by creating models of datasets and methods for their genera-
tion, as well as models of neural networks and multi-tasking learning methods
to increase the accuracy of classification and segmentation of planar images
without increasing time. The object, subject, tasks and methods of research
are defined; the connection with research works is shown; the scientific nov-
elty and practical significance of the obtained results are given; the personal
contribution of the applicant is covered.

In the first section of the dissertation the analysis of problems of analysis
of planar images (which do not have depth measurement, and in which it is
possible to discard scale of objects) in automated screening systems on the
basis of neural network technologies is carried out.

The existing systems of automated screening in the subject areas of medicine,
meteorology and remote sensing and features of their functioning by analyzing
planar images are analyzed. It is shown that the effectiveness of such systems
directly depends on the accuracy of image classification and segmentation, as
false-positive results can lead to premature response, and false-negative to the
omission of existing problems and late response. In addition, no less impor-

tant factor influencing the effectiveness of screening systems is the time spent
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on the implementation of the educational process, which, in turn, is associ-
ated with the quality of pre-created samples of training data. However, in the
tasks of verifying the receipt of sufficient data and conducting high-quality
annotations by professionals is usually expensive, and sometimes impossible
due to the small number and variety of training examples, subjectivity in
the formation of annotations in data sets. These factors negatively affect
the accuracy of classification and segmentation in the training of deep neural
networks by standard methods. To eliminate such influence, it is proposed to
solve the problem taking into account partially erroneous annotations when
constructing models of classification and segmentation.

It is shown that in such conditions it is expedient to use deep neural
networks, due to the possibility of automating the learning process and the
use of multi-tasking learning that increase the accuracy of classification and
segmentation.

The analysis of the existing models of datasets and methods of their gen-
eration showed the limitations of these models, which would allow to form
partially erroneous annotations, which have characteristic of real automated
screening tasks.

Thus, solving an important scientific and practical problem of increasing
the accuracy of classification and segmentation in the analysis of planar im-
ages for automated screening systems by improving models of neural networks
and methods of their multitasking, especially in terms of partially erroneously
annotated data samples.

In the second section method for generating datasets to enable test-
ing of neural networks in learning using partially erroneous annotations and
proposed a parametric formalization of the data set model with partially
erroneous annotations, which are characteristic of real automated screening
tasks were developed.

Because obtaining reliable classification and segmentation annotations for



16

test samples is often impossible or very costly, it is proposed to use model
datasets to assess the reliability of models and methods of learning deep
neural networks. Such datasets make it possible to conduct training and
testing in controlled conditions by artificially adding errors to the annotations
of the training data sample (test samples remains with precise annotations).

Proposed model of datasets M has the following definition:
M e {Xba Xtea:a Na Simga Sobja Ama:m Nobj7 P67 Pda Se; Sd} (9)

where &), - bacground images set, Xy - objects set, X, - object texturing
set, N - number of images in the generated dataset, Sj,, - pixel size of
generated images, S,;; - average size of the objects (pixels), A4, - maximum
deviation of objects size, Ny; - maximum number of objects in the image, F.
and P; - probabilities of mask erosion and dilation for every object, S, and
Sy - kernel sizesfor erosion and dilation.

The last four parameters are introduced for controlled annotation errors.

Formulated first point of scientific novelty: for the first time a para-
metric formalization of the dataset model with partially erroneous annota-
tions, which are characteristic of real problems of automated screening, was
proposed, which allowed the development of a method of generating training,
test and validation data sets.

Based on the proposed parametric model (9), a method for generating
data sets with partly-erroneous annotations has been developed, which con-
tains the following steps:

1. Choose random background: xy, ~ X},

2. Choose number of objects in the image: Ny ~ U(1, Noy;)

3. Initialize the segmentation mask: M = 0 sos M € RE*Simg*Simg

4. For ngp; times:

4.1 Sample object size: s ~ U(Sopj — Amaz, Sobj + Dmaz)
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4.2 Sample object coordinates:
if ~ U(O, Simg - 8)

jf ~ U(O,Szmg - S)

4.3 Sample object image x, ~ X and the corresponding object class
Crg ~ Yy
4.4 Resample the image with bilinear interpolation:

-'%fg = Rbilinear(xfg)

4.5 Sample the texture image T, ~ Xjey

4.6 Modify object image with the object texture:
Tfg = Tfg © Tiexliy 2 i + 8,7 2 Jp + 5]
4.7 Place object image into the background image:
Togliy 2ip + 5,55 Jp ] = (L= 2pg) 0wy + Ty
4.8 Form the segmentation mask:
Moy = x5 > Ogeq

where 0, - is the source object binarization threshold. For the MNIST
dataset 054 = 0.2, and for FashionMNIST 0., = 0.1.
4.9 Modify the segmentation mask according to the desired error

level:

M Mg @ K550 iff pg ~U(0,1) < Py
seqg —
Moy © K55 iff p, ~U(0,1) < P,

where K55 _ dilation kernel matrix and K %% - erosion kernel matrix.

4.10 Place modified object mask into the common mask:

Mlepg,ip i 4,574+ 8| =max {Mcpg,ip tip+ 8,55 I+ 8], Mseg}
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4.11 Save image xp, and mask M

5. Finish generation

Thus, the method of generating datasets with partially erroneous annota-
tions based on the parametric model was improved, which due to the genera-
tion of annotations: partially erroneous for the training sample and accurate
- for the test, made it possible to test the impact of annotation errors on
neural networks.

The method allows to obtain many data sets with similar characteristics
and to use non-parametric statistical methods (such as bootstrapping) to
evaluate models in the absence of real training data. The method is the
second point of scientific novelty.

In the third section of the dissertation neural network models and meth-
ods of multi-tasking learning were developed to simultaneous increase in ac-
curacy of classification and segmentation without decrease in efficiency.

To implement multi-task learning methods, it is proposed to improve
the models of deep neural networks using the encoder-decoder architectures
(UNet, LinkNet) by introducing an additional decoder with the normalization
layer. Thus, the advanced model consists of an encoder and two decoders (for
segmentation and classification tasks, respectively).

The model of the deep neural network is represented by the following

expression:
U1, 02...Up = encoder(ajn 967’LC> (10)
Mseg = Fseg((vla UQ---Un)a ‘9569) (11)
Ccls = cls((vn)a 96[8) (12)

where 0., - are encoder parameters, 0., and 0, - parameters of encoder
and decoder, respectively, Fy., and Fs - decoder neural networks.

The proposed model is the third point of scientific novelty.
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With the introduction of an additional classification decoder with a nor-
malization layer, it is possible to implement methods of multi-tasking learning
and inference for deep neural networks.

During the practical use of neural network methods in screening tasks, it
is established that partially erroneous annotations of training data prevent
obtaining high accuracy of classification and segmentation.

The method of multi-task learning in the conditions of partially-erroneous
annotations of training data, which is based on use of tasks that are connected
with original task is offered. It is shown that for the segmentation problem
there is a similar classification problem, for which the annotations of training
data are of better quality than for the original segmentation problem.

The proposed method of multi-task learning consists of two stages.

Stage 1. Generating the derivative task. In the context of multi-
task learning, the task of classification is is defined as a multiple instance
learning task, instead of marking each of the objects for all classes. In this
case, the annotation of the original planar image is a set with one or more
objects.

The loss function is calculated separately for each of the tasks (classifica-
tion and segmentation). The top-limited loss function L] is used to train
the segmentation decoder, while the classification decoder uses the normal
L. loss function, and the total value of the loss function is defined as the

arithmetic mean between the individual values:

Lseg—‘ + Lcls
2

Accordingly, the total gradient of the loss function will also be the arith-

Ltotal — ( 1 3)

metic mean of the gradients of the components V L., | and VL

VLseg_‘ + vLcls

VLtotal - 2

(14)



20

Thus, the presence of non-zero gradients is provided to update the pa-

rameters from at least one loss function for each input example.

Stage 2. Loss function bounding. To reduce the impact of the
erroneous part of the annotations, it is proposed to introduce a constraint
to the loss function for the segmentation problem with lower quality data
annotations. That allowed to reduce the influence of gradients of the loss
function on examples with erroneous annotations when learning on several
tasks:

L] =min(L,0)

where 6 - loss function threshold.
Thus, the introduced boundaries are represented by the following expres-

sion:

1, iff L € (—o0,0

Vmin(L,0) =
0, iff L € (0,0)

In the absence of markup for examples in segmentation problems, iter-
ative refinement of this markup is possible. To do this, a refined map of
classification features is calculated by the Hadamard product between the
output of the segmentation decoder normalized by the sigmoid function and

the classification logs:

Munsup = Mseg 0o Uels (15)

Next, to obtain the classification result, the summation of the elements
Mynsup 1s performed with normalization by the sum of the elements of the

original non-normalized localization map:

H W
o =0 2ow—0 Munsup(h,w)
Unsup — H W
D h=0 D=0 Miseg(hw) + €

Based on the proposed model of the neural network and the method of

(16)

its training, a method of multi-taski prediction has been developed. This
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allowed to increase the accuracy of classification and segmentation of planar
images without increasing time needed.

Method consistas of the following stages:

Stage 1. Normalization. Let C,, € RY and M.y € REHXW_Nogits

of calssification and segmentation decoders, respectively and lie in the interval

(_007 +OO)'
To obtain normalized to the interval [0, 1], sigmoid activation function is
used:
1
€T) =
o () 1+e*

Stage 2. Renormalization. Renormalization is the weighing of a seg-
mentation map using normalized classifier logits. The first step is the trans-
formation of segmentation and classification logs into uncalibrated estimates

between [0, 1]:

~

Mseg - O(Mseg)
CA(cls — U(Ccls)

These estimates have the same dimensions as original segmentation mask
and classification vector, additional dimensions are added for simplicity: M seg €

RC’xHxW and Ccls c RCxlxl

Segmentation map is weighted using the Hadamard product: Mseg and

A

C(cls
Mrefined = Mseg O Uels

Using the model, the proposed methods were tested in different condi-
tions, ablation studies were was performed and the analysis of the resistance
of the proposed method to different levels of errors in the annotations was
performed. On average, the increase in the Dice coefficient relative to the

base method was 13 %.
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Thus, fourth point of scientific novelty is formulated, namely, im-
proved methods of multi-task learning and inference based on an improved
model of convolutional neural networks by combining classification and seg-
mentation and introducing a constraint when calculating the segmentation
loss function, which allowed to increase the accuracy of segmentation and
classification in automated screening tasks.

In fourth section developed tools that implement the proposed solutions.
The developed method was tested as part of experiments on synthetic data
generated using the proposed model, as well as in experiments in real prob-
lems: screening of diabetic retinopathy, melanoma screening, and screening
of cloud formations.

The tools are developed in the Python programming language using the
PyTorch automatic differentiation framework. Based on the developed tools,
effective software modules have been created, which are integrated with cloud
services for solving resource-intensive learning tasks of neural networks, which
provides high computing power and speed of prediction in automated screen-
ing tasks.

For the task of automated screening in the cloud organization patterns
segmentation in satellite images (within the project ” Understanding Clouds
from Satellite Images” on the platform for competitions in data science Kag-
gle) the proposed models of neural networks were used, as well as methods
for training and inference. The increase in Dice measure relative to the base
model was 3.9%.

For the task of automated screening in the diabetic retinopathy classifica-
tion (within the project ”APTOS 2019 Blindness Detection” on the platform
for competitions in data science Kaggle) used the proposed methods of multi-
tasking and inference. The increase in F1-measure relative to the base model
was 2.1 %.

For the task of recognizing skin lesions in melanoma screening (within
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the SIIM-ISIC Melanoma Classification project on the Kaggle Data Science
Competition Platform), the proposed localization of image-relevant image
features was used. The use of the proposed method simplified the process of
monitoring the learning of neural networks, which helped prevent retraining
and increase the reliability of the classification by 3.5%.

The methods and tools developed in the work were introduced into the ed-
ucational process of ONPU and the SafetyRadar software product of VITech
Lab, the main purpose of which is to screen the presence of elements of per-
sonal protective equipment on people in construction sites, or hospitals and

laboratories.

Key words: image analysis, dataset models, deep neural networks, multi-

tasking machine learning, segmentation, classification, loss functions.



