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Illeanom M.A. Moneni Ta METOJU JETEKTYBaHHS, TPEKIHTY Ta HACKPI3HOI
inentudikarii nabopaTopHUX TBapuH y Biieomanux. — Kpamiikamiiina HaykoBa
mparis Ha IpaBax PyKOIMHCY.

Hucepraltiss Ha 3700yTTS HAyKOBOTO CTyIHeHs JOoKTopa diutocodii 3a
cunemianphicTio 122 — Kowmm'torepHi Hayku. — HaiioHanbHH yHIBEpCUTET
«Onecwka nonitexnikay, MOH Ykpainu, Oneca, 2026.

VY Berynmi OOTpYHTOBAHO aKTYalIbHICTh BHUPIIICHHS 3ajad aBTOMAaTH3allli
MOHITOPUHTY TOBEAIHKH MIJAO0CTIAHUX 00'€KTIB, 30Kpema, 1ab0paTOpHUX TBAPUH,
y KOHTPOJIbOBaHUX YMOBax 3a BijeoaHuMu. [lokazaHa HEJOCKOHANICTh 1CHYIOUMX
MoOJieJIel Ta METOJIIB KOMII FOTEPHOTrO 30py ISl 3a/lay JETEKTYyBaHHS, TPEKIHTY Ta
HACKpPI3HOI 171IeHTU(IKAIlT Ja0OpaTOPHUX TBAPUH 32 YMOB HECTAI[IOHAPHOTO (POHY,
OKJIIO31M, 3JUTTSA Ta PO3AUICHHS 00’€KTiB. Bu3HaueHO 00'€KT, MpeaMET, METY,
3aJa4i Ta METOAM JOCHIKCHHs; HaBEJACHO HAyKOBY HOBU3HY; IPaKTUYHE
3HAYEHHA OJICP’KaHUX PE3yJIbTaTiB; BUCBITICHO OCOOUCTUI BHECOK 3700yBaya.

B nmepmomy po3zaiai gucepraiiiiHoi poOOTH MPOBEACHO aHAJ3 METOJIIB Ta
M1XO/IB 10 I€TEKTYBaHHS, TPEKIHTY Ta 30€peKEeHHS 1ICHTUYHOCTI JIaOOpaTOPHUX
TBApWUH Yy BIJICOJAHUX, $KI BUKOPUCTOBYIOTHCS B KOMIT IOTEPHOMY 30p1 IS
KOHTPOJIbOBAHUX CIIEH. PO3rIssHYyTO OCOOJMBOCTI CHUCTEM BIJEOMOHITOPUHTY
NOBEIIHKHM JIaDOpaTOPHUX TBAPUH Ta YMOBU CIIOCTEPEKEHHS, 10 BU3HAYAIOTh
BUMOTH 0 MpOUEAYp HETEKTYBaHHS, TPEKIHTY Ta 30€peKEHHS 1IEHTHUYHOCTI
00’€KTIB y 4Yaci 3a CKJIaJHUX YMOB CIOCTEPEKEHHS. 3a3HA4eHO, IO SIKICTh IUX
MpOLIeTyp BIUITMBAE HA TOYHICTh (POPMYBAaHHS TPAEKTOPIH PyXy Ta MOAAIBIIOTO
OOYHMCIICHHSI TIOBEIIHKOBUX TIOKAa3HUKIB: IIBUIKOCTI, JOBXUHU IUISIXY, Yacy
nepeOyBaHHs B 33JaHUX 30HAX, YaCTOTH B1JIBIyBaHHS 30H, (PAKTiB KOHTaKTy abo
30mmKkeHHsT MK 00’exktamu. [lokazaHo, IO KJIacH4YHI METOAU (IMOPOTyBaHHS 3a
SCKpaBICTIO Ta KOJbOPOM, BIJHIMAHHA (OHY, 3ICTAaBIICHHS 13 1Ia0JOHOM,
BIJICTeXKEHHS 32 onTUYHUM ToTokoM, MeanShift ta CamShift, Tpekiar kimodoBUx

TOYOK 13 (PiabTpamMu, TOIIO) XapaKTEPU3YIOThCS BITHOCHOIO aJTOPUTMIYHOIO
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MIPOCTOTOIO Ta HEBUCOKOIO 0OUYMCITIOBAILHOIO CKIIAIHICTIO, OAHAK € HECTIHKUMH 10
3MIH OCBITJEeHHs, nedopmauiidi (opmu, apiOHUX apTedakTiB 1 NEPEKPUTTIB.
Oco0nuBO 11e TPOSIBISIETHCS Y BiJ€O3amucax, OTPUMAHUX Y KOHTPOJIbOBAHOMY
M1J0CITHOMY CEpEeOBHIL, HAMPUKIIAA i Yac CIIOCTEPEKEHHS 32 TBapUHAMU B
aKBapiyMHHX yMoOBaxX. Y TakuX BHMaakax 0a30Bl MiAXOAMU O JETEKTYBaHHS Ta
JOKaji3aili, 3acHOBaHI JHIINE Ha BigHIMaHHI ¢GoHY abo pi3HHUI KaapiB Oe3
IIPOCTOPOBOI Y3TOKEHOCTI, 4YacTO MPU3BOIATH N0 (parMeHTanii o00’ekra Ta
30UTBIICHHS KUIBKOCTI XUOHOTIO3UTUBHUX BUSIBIICHb.

3 ormsay Ha 3a3HayeHl OOMEXEHHS KIACHYHUX METOAIB, B pOOOTI
PO3TASHYTO TEpexii [0 HEHpOMEpexKEeBOro JAETEeKTyBaHHS sK 0a30BOro
IHCTpYMEHTY JIJIsl JIOKajizaiii JabopaTOpHUX TBApUH Y Kaapi 3 TOJAJIBIIUM
Tpekinrom. CucTeMaTU30BaHO OCHOBHI CIMEMCTBA HEMPOMEPEIKEBUX JIETEKTOPIB Ta
ixato Joriky: aBoeramHi gerektopu (R-CNN, Faster R-CNN Ta mnoxigHi),
onHoeranHl aetekropu (SSD Ta wmoaudikaiii), a TakKoXK JETEKTOpPH, IO
3a0e3reuyoTh BIJHOCHY IBUIKoAit0, 30kpema YOLO, CenterNet Tomo.
Busnaueno, mo npu noOyqoBl NPHUKIATHOTO KOHBEEpA [UIsl JOBFOTPUBAJIOIO
BiJICOAHANI3y BHUpIMIAJGHUMU € HE JUIIe TOYHICTh, a W BHUMOTH [0
OOYHMCITIOBAILHUX PECYpCIB IMiJl 4Yac HaBYaHHS, MOJXJIMBICTh HaBYaHHS Ha
JOKaIbHOMY OOJasHaHHI 0e3 3acCTOCYBaHHS XMapHUX PECypcCiB, CTaOLIBHICTD
HABYaHHS MpU OOMEXEHIH KUIBKOCTI 300pa)KeHb, a TaKOXK 4ac OOpOOKH OJHOTrO
KaJIpy 3 YpaxyBaHHSIM JI0JaTKOBO1 MOMEPETHBOT 0OPOOKH.

Jist popmanizaiiii BUOOpY HEHPOMEPEKEBOIO JETEKTOPA 3alpOIIOHOBAHO
BUKOPUCTOBYBaTH HaOIp KpUTEPIiB, L0 BPAXOBYE MOXIIHUBICTh JIOKAJIBHOIO
HAaBUYaHHS 3 TPUUHATHUM pPO3MIPOM HaBYAJIBHOTO makera (aHri. batch size),
NPUIATHICTh JI0 BUSBJICHHS MajuX OO0 ’€KTIB 1 MaJIOBUPA3HUX BI3yalIbHMX O3HAK,
CHIBBIJHOILIEHHS «SIKICTh-IIBUAKOIS» 3 YpaxXyBaHHSIM 4acy JETEKTYyBaHHs OJIHOTO
KaJpy Ta TMOJAJIBIIOr0 MaciiTa0yBaHHS OOpOOKM Ha JIOBT1 BiJICO3AIUCH,
MpakTUYHa JOCTYIHICTh peaiizaiii 1 mpocroTa inTerpauii. [lokazano, mo yactuHa
moneneit, 3okpema EfficientDet, okpemi kondirypaiii SSD i3 pecypcomicTkumMu

MarictpaabHUMH Mepexxamu (aHri1. backbone) ta Faster R-CNN-niogi6H1 piteHHs,
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MOXYTh OYyTH MaJONPUAATHUMH [JIsl JIOKAJLHOTO HABYAHHS HA 3BUYAMHOMY
oOnamHaHHI B YMOBaxX OOMEXEHHX OOYHMCIIOBAIBHUX PECYpPCIB 4Yepe3 BHCOKI
BUMOTHU JO TaM’sTi, 30KpeMa IpH 30UIbIICHHI PO3Mipy HaBUaJbHOI'O ITaKeTa.
JloJaTKOBO BCTaHOBIIEHO, IO HE BCl MOJeil 3a0e3meuyroTh MNPUHHATHHMA dYac
JeTeKIli, M0 OOMEeXye iXHE€ TMpPaKTUYHE BHUKOPUCTAHHS IIiJI 4Yac OOpOOKHU
JOBroTpuBainx Bineonanux. Lle no3Bonuino chopmymnoBaTu BUMOTH A0 0a30BOTO
JETeKTOopa AJIsl MOJaNbIoi MoOyA0BH KOHBEEpa 0OpOOKH B1ICOAAHUX.

PesynbraTi aHamizy HaykoBHX poOOIT 3 JETEKTYBaHHS, BIJICTEKEHHS Ta
imeHTudikaiii 00’€KTiB MOKa3aiM, 10 JUISl IIJIOBOTO CIIEHApil0 J1abopaTOpHOTo
BIJICOCIIOCTEPEKEHHSI HANOUIbII MNPAaKTUYHHUMH € MOJENl, $KI 3a0e3MeuyroTh
JIOCTATHIO IIBHUJIKOJIIIO T Yac OOpOOKH OKPEMOro KaJpy Ta € MpUJATHUMHU JJIs
HAaBYaHHS Ta BUKOPHUCTAHHS Ha JIOKAJILHOMY O0OJIaqHaHHI O€3 ICTOTHUX BTpaT
TOYHOCTI TIpu 30epeKeHHI NPUUHITHOI OMEPAaTUBHOCTI. 3a3HA4Y€HI BUMOTHU
BU3HA4YalOTh BHOIp 0a30BOro JAeTeKTOpa sl MOAaibIloi MoOyJoBHM KOHBEepa
0oOpoOKM BIJIEOJAHUX 1 OOTPYHTOBYIOTH 1JICH0 JIONMOBHEHHS HEUPOMEpPEKEBOIO
JIETEKTOpa METOJIOM CYIEPITIKCEIbHOI CerMEHTAIlll JIsl BUSBJICHHS Ta JIOKaJIi3allii
00’€KTIB, a TaK0X HEHUPOMEpPEKEBUMU MOJIYJSIMH JI€TEKTYBaHHsS, CErMEHTallil
eK3eMIUIIPIB 1 MOBTOpHOI iAeHTHdiIKalil (anri. Re-ID) sk ckiamoBoi Hackpi3HOT
1neHTudikaIii 1abopaTopHUX TBAPHH.

3a pe3ynpTaTaMi MPOBEACHOTO aHali3y c(HOpPMYITbOBAaHO METY Ta 3aBIaHHS
JUCEPTAIITHOTO TOCIIIKEHHS.

Y apyromy po3aiji gucepTaliiitHoi poOOTH pO3B’sI3aHO 3a/1auy MiIBUILICHHS
SAKOCT1 JETEKTYyBaHHS Ta JOKali3alli JIJabOpaTOpHUX TBapUH Yy JOBTOTPHUBAIHMX
BiJIeO3ancax 3a yMOB HecTalioHapHoro (oHy, apTe]axTiB, OKIIIO31i, 4aCTKOBHX
MIEPEKPUTTIB 1 3JUTTS 00 €KTIB, KOJU TPAIUIIMHI MIIXOAU HA OCHOBI BIIHIMAHHS
dbony abo pi3HUIN KaApiB JEMOHCTPYIOTH HEIOCTaTHIO SKiCTh. [lokazaHo, 110
HaBITh y (OPMaILHO KOHTPOJHLOBAHOMY JIa0OpaTOpHOMY cepenioBuIll (OH HE €
CTaIllOHAPHUM: Y KaJpi MOXYTh 3 SBJISTHCS JPiOHI CTOPOHHI 00’ €KTH, JIOKAJIbHI
HEOJTHOPITHOCTI, TiH1, BIAOJUCKU Ta 1HII apTedakTH, sKi 32 KOIbOPOM, PO3MIPOM

a0b0 (QopMOI0 YACTKOBO HAOJIMKAIOTHCS 1O O0’€KTA CIIOCTEPEKEHHS Ta MOXKYTh
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CIOPUYMHATH YaCTKOBI MEPEKPUTTS HOTO KOHTYPY, YCKIQJAHIOIOUM BUIUICHHS Ta
Jokanizamiro 00’ekTa. Y pe3ysibTaTi KJIacHYHE BiIHIMaHHSA (POHY 3 MOAAJBIIOO
OiHapu3arii€ro 1 (GUIBTpaIi€rO 3a OIS0 YacTo JIa€ MOMIJIKOBI CIIPaIlbOBYBaHHS
a00, HaBmaku, po30MBae 00’€KT Ha (hparMeHTH, IO YHEMOXJIHUBIIOE CTaOUIbHY
JIOKaJI13aIll10 Ta MOAJbIINKM aHaIi3 MTOBEIIHKOBUX METPUK.

JUiss  mojoNlaHHA  BKa3aHUX OOMEXEHb Yy PO3AUIL  3alpONOHOBAHO
YIOCKOHAJIGHUH METOJ| JETEKTYBaHHS Ta JIOKami3allli JIabOpaTOpHUX TBApUH Y
BIJICOJIAHUX Ha OCHOBI YJOCKOHAJIEHOTO METOJy CYMEpIiKCeIbHOI CermMeHTallll
SLIC. Meron mnpu3HAue€HUW [Uisi aBTOMATU30BaHOI OOpOOKM J1abopaTopHUX
BIJICO3AINCIB, y SKUX KIIOUOBHMH JIKEpenamMu MOXHOOK € HecTaluloHapHUil (oH,
aptedakTy Ta 4aCTKOB1 OKJIt031i. KOHIENIis 3apOnOHOBAHOTO METOy MOJISTAaE B
ToMy, 00 micia (popMyBaHHS PI3HUILIEBOTO 300pa)K€HHS HE BHKOHYBAaTH rpyo0e
rJI00aJIbHE MOPOTYBAHHS, a TIEPEUTH 10 KOHTEKCTHO-3aJICKHOTO aHalli3y B MEXKax
CErMEHTIB (CYIEPITIIKCETiB), OTPUMAHUX 3a JIOMIOMOIOK0 YJIOCKOHAJIECHOTO METONY
SLIC. Taka mocTaHOBKa J03BOJISIE€ BIIIUIATH JIOKAJIBHO Y3TOJXKEH1 001acTi 00’ €KTa
BiJl (OHOBHUX apTe(akTiB, Kl HA PI3ZHUIIEBOMY 300paKE€HHI MOXKYTh BUTJISIIATH SIK
npiOHI a00 cepenHl IISIMU, TOJII0H1 O YACTUH TiJIa TBAPUHHU.

3anponoHOBaHHUN METO] CKIAAAE€ThCS 3 HACTYITHUX €TalliB:

1. ITonepenns o6pobka kaapy Ta GoHOBOTO 300pakeHHS. [ 3MEHIICHHS
BIUIMBY IIIYMIiB, MIJBUIIEHHS PO3AUIBHOI 3/IaTHOCTI Ta TMIJACUJIEHHS YITKOCTI
npiOHMX  feraneil  00’€kTa  3aCTOCOBYIOThCS  JBOCTOPOHHS  (pibTparris,
peryJiroBaHHS SICKPABOCTI ¥ KOHTPACTHOCTI, MeJllaHHa (PuUIbTparlis Ta, 3a MOTpeoH,
MacmTabyBaHHs 300paKEHHS.

2. ®opmyBaHHS PI3HUIIEBOTO 300pa)KEHHS Ta MEPBUHHE BiTHIMAaHHS (OHY.
[licns momnepenHboi OOpPOOKHM BHKOHYETHCS BiAHIMaHHS (OHY, IO J03BOJISIE
OTpUMATH KapTy 3MiH 1 BUAUINTA KaHIUJATIB Ha pyxomi 00’ekTtu. Pazom 3 tum
MOKa3aHo, 10 caMe Ha I[bOMY KpOIll MOXKE 3 SBJISITUCA 3HAYHA KUJIbKICTh XMOHHMX
BKJTFOUCHb, 3YMOBJICHUX dboHOBUMHU apredakTamu, JOKaTbHUMU
HEOJTHOPITHOCTSAMH, TIHSAMH, BIIOJUCKAMU Ta APIOHUMHU CTOPOHHIMH 00’ €KTaMH,

K1 30€pIraroThCs Ha PI3HUIIEBOMY 300pa)K€HHI Ta CTBOPIOIOTH XMOH1 00J1aCTI.
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3. CerMeHTallisl PI3HULIEBOTO 300paKEHHS HA CYMEPIIKCENl yIOCKOHATIEHUM
metogoMm SLIC. J[ns moaanpIioro KOHTEKCTHOTO aHalli3y pi3HUIIEBE 300paskeHHs
ab0 TOB’si3aHE€ 3 HUM IIPEJCTABJICHHS PO30MBAETHCA HAa CErMEHTH Ha OCHOBI
ynockonanenoro meroay SLIC. KirodoBa BIAMIHHICTh YJOCKOHAJIICHOTO METOMIY
SLIC nonsirae y Mmoaudikaiiii METpUKU KJIacTepu3allii, ika BpaXxOBYe MPOCTOPOBI
KOOpAMHATH TiKceniB, o3Haku LAB-Mozeni 300pakeHHs, pi3HUIICBE 300paKeHH,
a TaKOX MEPeBIPKY OTHOPITHOCTI MIKCEMIB y JIOKAJIbHOMY OTOYEHHi. 30Kpema,
HEHTPU KJIACTEpPIB OMUCYIOTHCA MPOCTOPOBUMH KOOpPAMHATAMHU Ta O3HAKAMH,
chopmoBaHMHU Ha ocHOBI LAB-Mozeni 300paxeHHs, pi3HULEBOTIO 300paKeHHs 1
MEPEBIPKU OJHOPITHOCTI TIKCEIIB Yy JIOKAIbHOMY OTOYEHHI. BiacTtanp Mix
MiKCeJIeM 1 HEHTPOM KJlacTepa OOYHUCIIOETHCS 3 YpaxXyBaHHSAM YCIX 3a3HAUYCHUX
O3HaK.

4. KOHTEKCTHO-3aJIeKHE TTOPOTYBAHHS B MEXaX CETMEHTIB (CYIEPIIKCEeiB) 1
BifcikaHHs apredaxTiB. [lokazaHo, 10 TPOCTE NEPETBOPEHHS PI3HUIIEBOTO
300paxeHHs y OiHapHe Ta (QUIbTpaIlis IJISIM 33 PO3MIPOM € HEJOCTaTHRO TOUHUMH,
OCKIJTbKM YacTWHA JpiOHMX OuTMX (parMeHTIB MOXE HaJeKaTH pPeaTbHOMY
00’€KTy, aje BIJIOKPEMIIIOETHCS Yepe3 3alMIIKOBY HEOJHOPIIHICTh TICHs
BifHIMaHHS (GoHY. ISl yCyHEHHS bOTO OOMEKEHHS 3alpOIMOHOBAHO CIICIIAIbHY
IpoLenypy: Uil KOXKHOTO CErMEHTa OOYHMCIIOEThCS KUIBKICTh TKCEIB, IO
MEePEBUIYIOTh 3aJJaHUM MOPIT; SKIIO 1151 KUIbKICTh MEHIIIA 332 BCTAHOBJICHY YaCTKYy
(Hampukian, MeHme HDK 1/3 B yciX TMIKCENIB CErMEHTa; KOHKPETHE
CIIBBITHOIIIEHHS 3aJa€ThCS 3 YpaxyBaHHIM PO3MIPY 300paKEHHSI Ta O4IKYBaHOTO
Macmtady o00’€kTa), TO 3HAYEHHS IIKCEIIB CEerMEHTa 3aHyJSIThbCs. Takui
MEXaHI3M JI03BOJISIE BiJICIKATH CETMEHTH, 3yMOBJIIeHI (hOHOBUMHU apTedakTamu,
JOKaJTbHUMH HEOJHOPIMHOCTSAMH Ta YAaCTKOBUMHU TEPEKPUTTSAMH, Ta BOJHOYAC
3MEHIIUTHA PU3UK BTPATH TOHKUX YaCTHH KOHTYPY 00’ €KTa.

5. IloctoOpoOka Ta BigHOBJIEHHS ITiCHOCTI 00’ekTa. dparmMeHTOBaH1
obJacti 00’ekTa 00’ €THYIOTHCS JIJIsl MOKPAIICHHS MPOCTOPOBOi KOTEPEHTHOCTI, 110
nae OLIbII CTIHKY OCHOBY ISl TIOJANbBIIOT JIOKAMi3alii y BUIIISIAI 0OMEKyBaIbHOT

paMKu a0 MIKCEJIbHOI MacCKH, TPEKIHTY Ta OpMyBaHHS TPAEKTOPIH.
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ExcniepumenTanbHa nepeBipka 3alipoOOHOBAHOTO METOy Ha BiJeoKaapax i3
OWYKamMu TPOJACMOHCTPYBAIA IIIBUIICHHS SKOCTI JACTEKTYBaHHS Ta JIOKaIi3alli
7a00paTOpHUX TBApUH OUIBII HIXK Ha 6 % mopiBHSAHO 3 6azoBuM metogom SLIC.
JlomaTKOBO MOKa3aHO, 10 MOIYJIBHICTh 1 IHTEPIPETOBAHICTh MIAXOAY J03BOJISIOTH
MacmTadyBaTi MOro Ha iHIII JabopaTopHi creHapii (30KpeMa, Ha MOBEIIHKOBUN
aHaji3 TPU3YHIB y KOpOOYACTHX apeHax) 0e3 3allydeHHs IIMOOKOTO HaBYaHHS 4H
PECYPCOMICTKHX apXiTeKTyp, LI0 Ba)JIMBO MJsl MPAKTUYHOTO 3aCTOCYBAaHHSA B
yMOBax 00MeXEHHUX 00UHCITIOBAILHUX PECYPCIB.

Takum ymHOM, CPOPMYJILOBAHO MEPIIMA Ta APYrHil MYHKTH HAYKOBOIL
HOBH3HH. YIO0CKOHAJIEHO METO]I cymnepiikcenbHoi cermenTanii SLIC 3a paxyHok
BUKOPHUCTAHHS 0araToiapoBOro MpocTopy O3HaK, sikuil 6a3zyerbes Ha LAB-mozeni
300paXeHHs, BpPAaxOBY€ pI3HUIEBE 300paXEHHS Ta pe3ylbTaTH TMEPEBIPKU
OJIHOP1THOCTI TMIKCEIIB Y JOKATbHOMY OTOUYEHHI, [0 JO3BOJIMIIO MiABUIIUTH SKICTh
Jokanizauii 1abopaTOpHUX TBAPUH Yy BIJIEOJAHUX 32 YMOB HECTAI[IOHAPHOTO (POHY
Ta HAsBHOCTI apTe(akTiB. YIOCKOHAJEHO METOJ JIETEKTYBaHHsS JIabOpaTOpPHHUX
TBApUH Yy BIJCOJAHUX IUISXOM BHUKOPUCTAHHSI METOAY CYIEPIIKCEIbHOI
cermenTaiii SLIC 1 KoHTeKCTHOI (inabTpallii, Mo J03BOJUIO MIABUIIUTH SKICTh
JIETEKTYBaHHS JTJAOOPATOPHUX TBAPUH 332 YMOB HECTAIIOHAPHOTO (OHY.

Y TperboMy po3aiji po3B’sA3aHO 3a/1a4y MiABUIICHHS SKOCTI JCTECKTYBaHHS
Ta CerMeHTalli JJa0OpaTOPHUX TBAPUH Ha 300paKEHHSIX 32 YMOB HECTAI[IOHAPHOTO
dony, apredakTiB, YACTKOBUX MEPEKPUTTIB, 3TUTTS Ta MOJATBIIOTO PO3IIICHHS
00’€KTIB. 32 TAKUX YMOB BUHUKA€ HEOOXIIHICTh y TaKiii HEHpoMepexeBiid MoIel,
sgka 3a0e3medye BHUCOKY SKICTh JOKami3alli Ha piBHI TIKceliB, 30epirae
MOAYJIBHICTh [IJISl TOAAQJIBIINX PO3IIMPEHb KOHBEEPA <«(JIETEKTYBAHHI—TPEKIHT—
MOBTOpPHA 17eHTU(IKAII», TOMYCKAE BUKOPUCTAHHS JTOAATKOBUX KaHaNIB O3HAK,
chOpMOBaHHX Ha €Tarax MomnepeHLOT 0OPOOKU Ta MPU3HAYCHUX IS TT1CUIICHHS
O3HaK 00’€KTa B CKJIATHUX YMOBAxX CIICHH.

O6rpyntoBano BuOiIp 0a3oBoi HeipomepexkeBoi mojaeni Mask R-CNN sk
MOIYJIBHOT JBOETAIHOI MOJENIl 3 BHCOKOIO SIKICTIO cerMmeHTarlii. BusHadeHo

KJIFOYOBE OOMEKEHHsI THUIIOBHX peali3alliii: opieHTallis Ha 3BUYaiiHl 3-KaHaJIbHI
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300paXXeHHs] Ta BIACYTHICTh MOXJIIUBOCTI 0€3MOCEPEAHbOI0 BUKOPUCTAHHS
JIOTAaTKOBUX INTYYHO CTBOPEHUX KaHAJIB, OTPUMAHUX Ha eTarax MOMNepeIHbOl
00poOku, 30kpema micas BigHiMaHHS (pony, CLAHE aGo xopekmii TiHeH, ski
MOXXYTh CYTTEBO TIJCHUIIOBATH TMPOSIB 00’€KTa y CKIATHUX yMoBax ¢ony. Tomy
3aMponoOHOBaHO Mojaudikaiito HeipoMepexeBoi moneni Mask R-CNN, ska
JIO3BOJIIE 1HTErpyBaTH OaraTOKaHallbHI JaHl 0e€3 Iepexoay 10 HaAMIpHO
pecypcomicTkux Marictpaneir Tumy ResNetl01 31 30epexkeHHSIM NPUWHATHOI
OTIEPATHUBHOCTI OOPOOKH.

OCHOBOIO 3aMPOTIOHOBAHOTO PIIICHHS € JBOMAricTpajbHa HEHpOMepexeBa
MOJIEIb EKCTpakilii O3HaK: Marictpaidb A juisi 0a30BUX KaHAIIB 300pakeHHS
(ocHoBHa 1H(opmMmarisi) Ta Marictpadlb B s 10JaTKOBHUX KaHAIB O3HAK,
chopMOBaHMX Ha MOMEPEHIX eTamnax KoHBeepa oOpoOku. PeanizoBaHo mexaH13M
3MUTTS O3HaK B—A Ha KIIOYOBMX PIBHAX MipaMigyd O3HAK, IO JI03BOJISIE
MIJICUITIOBATU MPEICTaBICHHS 00’ €KTa JOJAaTKOBOIO 1H(OpMaIli€r0 came TaMm, JIe 11e
HaNOUIbII KOPUCHO JJIsl I€TEKTYBAHHS Ta CETMEHTAllli 32 YMOB CKJIagHOro (hoHy i
JacTKOBUX TiepekpuTTiB. O06pano kepoBane SE-zmutts (Squeeze-and-Excitation)
Mic/is KOHKaTeHallli O3HaK JBOX TUIOK, IO 3a0e3nmedyye 3MIIIyBaHHS O3HaK 3
ypaxyBaHHSIM JJaHUX.

[TopiBHSATBEHUI aHaII3 MMOKa3aB, IO /IS 3alPOTIOHOBAHOI HEHpOMEpEKeBO1
mozeni Mask R-CNN Ha 6a31 ResNetl8 KiIbKICTh €0X HaBYaHHS 301IbIICHO 10
50. OtpumMano noka3HUKHU SKOcTi Ha piBHI: MAP50 = 0.87, Precision = 0.91, Recall
= 0.91 g obmexyBadbHUX paMok AeTekiiii Ta mAP50 = 0.9, Precision = 0.92,
Recall = 0.92 nns Macok cermeHTallii 3a CEpeIHbOrO 4acy BUBEACHHS OJU3BKO
105.5 w™mc, 1O MATBEPIKYE MOXKIUBICTh JOCSITHEHHS BHUCOKOi SIKOCTI
JIETeKTYBaHHS Ta CETMEHTAIlli Ha BIJIHOCHO KOMIMAKTHIN OCHOBI 31 30€pEKEHHIM
MPUIHATHOT ONIEPaTUBHOCTI OOPOOKH.

ChopmynboBaHO TpeTiH NMYHKT HAYKOBOI HOBHU3HM: YJIOCKOHAJICHO
HelipomepexeBy Mojaenb Mask R-CNN 3a paxyHOK BBEIEGHHS TOJABIAHOI
MaricTpai eKcTpakiii o3Hak i3 kepoBaHuM SE-3mutTsim (B—A), mo mo3Boauio

MIJBUIIUTH SKICTh JETEKTYBaHHA Ta CETrMEHTAIlli J1abopaTOpHUX TBApUH Y
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BIJICOJITAHUX 32 YMOB YaCTKOBHUX MEPEKPUTTIB, 3JUTTA Ta MOJAIBLIOTO PO3ALUICHHS
00’€KTIB 31 30epeKeHHSAM MPUUHATHOI ONIEPATUBHOCTI.

VY derBeproMy po3aiji poO3B’SA3aHO 3a7ady HACKPI3HOI 1AeHTUdIKAL]
71a00paTOpPHUX TBAPUH y JOBTOTPUBAIUX BIJEOCIIOCTEPEKEHHIX 32 YMOB UYaCTHUX
MEePEeKPUTTIB, parMeHTallli TPAEKTOPIM Ta HE3HAYHUX BI3yaJlbHMX BIJIMIHHOCTEH
MI>K OCOOMHAMHU.

3anponoHOBAaHO  KOHIENTYaJIbHY MOJEIb  HACKpi3HOI  imeHTHdikamii
7a00paTOpHUX TBAapUH Y BiJleOJaHUX O€3 BUKOPUCTaHHS PYYHOTO MapKyBaHHS
Mask-TAUDL, mo iHTerpye cermeHTaunio exk3emiuisipiB Ha ocHoBl Mask R-CNN
13 MEXaHI3MOM HAaBYaHHS acolialli TpekJeTiB Ha ocHOBI amroputMy TAUDL i
MOXKe OyTH 3aCTOCOBaHa SIK JJIS OJHOKaMEPHOro, Tak 1 Jyisi O6araToKaMepHOTo
cnocrepexenHs. Ha nepmomMy erari cerMeHTaTop (popmye TOUHI MAacKH, MICI
4YOro pe3ysibTaTH JETEKTYBaHHS, CETMEHTAIlll Ta TPEKIHTY arperyrThCcsl y KOPOTKi
TPEKJIETH, 10 MIABUIIYE CTIHKICTh 0 KOPOTKOYACHUX OKIIIO31M 1 (pparmeHTarrii
Tpaektopid. s ¢dopmyBaHHS JECKpPUNTOpAa BUKOPUCTAHO JABOMAriCTpaibHUN
excTpakTop o3Hak twin-ResNetl8: marictpanp A mpairoe 3 6a30BUMH KaHallaMH,
Marictpaib B — 3 10AaTKOBMMHM TOXIJHUMHU KaHAJIaMH, OTPUMAaHMMHU Ha eTarl
nonepenHboi 00poOku. O3HAKK 3TUBAIOTHCS KEPOBAHO Yepe3 KOHKATEHAIllI0 Ta
SE-mexaHni3M, 1m0 Ja€ 3MOTy MiACWIIOBATH 1HGOPMATUBHI KOMIIOHEHTH W
npurHiuyBatu apredaktu. Ham gopmyerbcs 256-BuMipHuil L2-HOpMani3oBaHUN
BEKTOp BOyIOByBaHHS Ha ocHOBI ROI-o3Hak mis moBTOpHOI ineHTHdIKAIT 3
ypaxyBaHHAM Mackd (MacKoOBO-3BaXCHE arperyBaHHs), NpHIATHUN i
MOAANBIIOr0 3ICTaBJACHHS TPEKJETIB, IO MIABUILYE JUCKPUMIHATUBHICTH
MIPEICTABIICHHS 32 PaxXyHOK (OKyCyBaHHS Ha GOpMi il TEKCTYpi TBAPUHHU.

Y konnentyanbHit wmoaemi Mask-TAUDL peanizoBaHO TOoeqHAHHS
OJTHOYACHOTO HaBYaHHS JBOX KoMIoHeHTiB Moayis TAUDL, mo 3a6e3neuytoTsh
HaBYaHHS JTUCKPUMIHATUBHUX O3HAK TPEKJIETIB Y MEXKaX OJIHI€T cecii Ta acoIliailito
TPEKJIETIB MIXK PI3HUMHU CECISIMU 3amucy 0e3 BUKOpUCTaHHS py4yHux ID-miTok.
Pi3Hi cecii 3amUCy IHTEPIPETYIOTHCS SIK «KaMepu», 110 JO3BOJISIE HABYATH MOJEIb

1HBap1aHTHOCTI 10 3MiH OCBITJICHHS Ta CEpPEAOBUIIIA.
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JlocmimKkeHHsT TToKa3aiy, M0 MOETHAHHS CETMEHTOBAHUX TPEKJIETIB 1 03HAK,
OTPUMAaHMX JBOMAriCTPajJbHUM E€KCTPAKTOPOM, MiABHILYE CTIHKICTH acomiamii Ta
3MEHIIY€E MTOMUJIKU MEPEMUKAHHS 1IGHTUYHOCTI B JIOBTOTPUBAIUX JTAOOPATOPHUX
BiJIeO3aMucax.

ChopMysibOBaHO 4YeTBePTHH MNYHKT HAYKOBOI HOBM3HM: BIIEpIIE
3apOIIOHOBAHO KOHIIENTYaJIbHY MOJIEIb HACKPI3HOI 17eHTH]iKaIlil JabopaTOpHHUX
TBapUH y BiJcoJaHUX 0€3 BUKOPUCTaHHS py4HOro mapkyBanHHs Mask-TAUDL,
gKa 1HTETpye MeEXaHi3M OTPUMAaHHS O3HAaK Ha OCHOBI  YJOCKOHAJIEHOT
HelipomepexeBoi moaeni Mask R-CNN 13 moaBiiHOIO MaricTpajuiio €KCTpakili
O3HaK, MackoBO-3BakeHI ROI-03HakM Ta MexaHI3MHU acolalii TpekjieTiB 0e3
BUKOpUCTaHHA py4dHoro wmapkyBaHHs TAUDL, mo 3abe3neuye dopmyBaHHS
HOPMAaJIi30BaHUX BEKTOPIB BOYJOBYBaHb 1 CTAOUIbHE 30€pEKEHHS 1€HTUYHOCTI
71a00paTOPHUX TBAPHUH MPOTATOM B1JI€OMOCIIIIOBHOCTI.

Y m’aromy po3aiii po3poOsieHO, peani3oBaHO Ta EKCIIEPUMEHTAIBHO
NEPEBIPEHO 1HTErPOBAHUN KOHBEEP JAETEKTYBaHHS, TPEKIHTY Ta HACKpPI3HOI
imeHTudikaii JabopaToOpHUX TBAPUH Yy BIJICOJAHUX, SIKAW TMOKJIAJECHO B OCHOBY
CHeliaIi30BaHOl CUCTEMU aBTOMATHU30BaHOI 0OPOOKH J1a0OPaTOPHUX BiIE€O3AMKCIB.
KonBeep noeanye nornepeaHo o0poOKy KaapiB, TOMOMDKHY CErMEHTAIIMHY TUIKY
JIETEKTOpa Ha OCHOBI BiJIHIMAHHS (POHY Ta YJOCKOHAJIEHOTO METOJy CEerMeHTAaIll
SLIC, ynockonaneHy HeiipoMmepexeBy wmojneinb Mask R-CNN 13 moaBiiHOO
Mmarictpammio  ResNetl8, apOiTpaxk pe3ynapTaTiB  JACTEKTyBaHHS, TPEKIHT,
dbopMyBaHHS TPEKJETIB 1 MOJAJBINY acOIllallil0 TPEKJIETIB 0e3 BUKOPHUCTAHHS
PYYHOIO MapKyBaHHsI Ha OCHOBI KoHLenTyanbHoi Mozeni Mask-TAUDL.

ExcniepuMmeHnTanbHe  TECTyBaHHS  IMPOBEJACHO Ha  TPbOX  TECTOBHX
B1JIEONOCIIITOBHOCTSIX, 1110 MICTUJIM CUHTETUYHY KOHTPOJHOBAHY CIIEHY Ta pealibHI
nabopaTopHi Bijeo3anmucu 3 MumaMu ¥ ouukamu Tpusamictio 900, 3200 ta 4320
kaapiB. OILIHIOBaHHA pOOOTH KOHBEEpA BHKOHAHO 3a MPOKCI-METpUKaAMU
30€peKEeHHS 1IEHTUYHOCTI, YacOBOi Y3TOJKEHOCTI JIoKasi3allii, 0e3nepepBHOCTI
TPAaeKTOPi 1 AocTaTHBOI TpuBajocTi crnoctepexxenHs: PSWrate, median(tloU),

P(tloU < 0), avg(gaps), median(T) Ta S(T).
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OTpuMaHi pe3ynbTaTd MiATBEPKYIOTh Mpale3daTHICTb 3alpPOIOHOBAHOTO
IHTErpOBAHOTO KOHBEEPA Ta HOTO MPUAATHICTH A0 (HOPMYBaHHS y3TOKEHUX Y Yaci
TPAEKTOPIA 13 30EPEeKEHHSAM 1ICHTUYHOCTI OO0’€KTIB, a TaKOX MOMJIHMBICTh
BUKOPHUCTAHHS PO3POOJICHOTO Ha MOTr0 OCHOBI CHEIialli30BAHOTO 3aCTOCYHKY IS
aBTOMATU30BaHOI'0 aHATI3y BIJIEOCTIOCTEPEKEHB 3a 1a00OPaTOPHUMHU TBAPUHAMMU.

Po3po6reni B aucepraniiiHiii poOOTI MOjei, METOAM Ta 1HCTPYMEHTaIbHI
3acO00M BMPOBAKEHO Yy JIA0OPATOpHI MOCHIDKEHHS, IO MPOBOASTHCS Ha 0asi
OionoriyHoro (akyiapTeTy OJIeChbKOTro HalllOHAJIbHOTO yHiBepcutTeTy imeni . L.
MeuHukoBa, a TakoX Yy HaBYaJlbHUN mporiec HallloHambHOTO YHIBEPCUTETY
«Opnecbka momrtexHikay Ta OIechbKOro HallOHAIbHOrO yHiBepcuTery iMeHi [. L.
MeuHukoBa.

Kntouosi cnosa: koM’ rotepHuit 3ip, o06poOka 300pakeHb, 00poOKa Bijeo,
JIETeKTyBaHHSI  O0'€KTIB,  TPEKIHT  O00'€KTIB, CErMEHTallis  300pa’KeHb,

HEHpOMepexKEBI MOJIEII, HACKPI3HA 1AeHTU(IKALIIS.
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SUMMARY

Shvandt, M.A. Models and methods for detection, tracking, and end-to-end
identification of laboratory animals in video data. — Qualification scientific work in
the form of manuscript.

Thesis for the PhD degree in specialty 122 Computer science. — Odesa
Polytechnic National University, Ministry of Education and Science of Ukraine,
Odesa, 2026.

The introduction substantiates the relevance of solving the problems of
automating behavioral monitoring of experimental subjects, in particular laboratory
animals, under controlled conditions using video data. It demonstrates the
limitations of existing computer vision models and methods for the detection,
tracking, and end-to-end identification of laboratory animals under conditions of a
non-stationary background, occlusions, object merging, and object separation. The
object, subject, aim, objectives, and methods of the research are defined; the
scientific novelty and practical significance of the obtained results are presented;
and the personal contribution of the applicant is outlined.

In the first chapter of the thesis, methods and approaches to the detection,
tracking, and identity preservation of laboratory animals in video data, used in
computer vision for controlled scenes, are analyzed. The chapter examines the
specific features of video monitoring systems for laboratory animal behavior and
the observation conditions that determine the requirements for detection, tracking,
and object identity preservation over time under challenging observation
conditions. It is noted that the quality of these procedures affects the accuracy of
motion trajectory formation and the subsequent calculation of behavioral
indicators, including speed, path length, time spent in predefined zones, frequency
of zone visits, and instances of contact or proximity between objects. It is shown
that classical methods, including brightness- and color-based thresholding,
background subtraction, template matching, optical-flow-based tracking,

MeanShift and CamShift, and keypoint tracking with filters, are characterized by
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relative algorithmic simplicity and low computational complexity; however, they
are unstable under changes in illumination, shape deformations, small artifacts, and
occlusions. This is especially evident in video recordings obtained in a controlled
experimental environment, for example during observations of animals under
aquarium conditions. In such cases, basic approaches to detection and localization
based only on background subtraction or frame differencing without spatial
consistency often lead to object fragmentation and an increased number of false-
positive detections.

Given the above limitations of classical methods, the thesis considers the
transition to neural-network-based detection as a core tool for localizing laboratory
animals in a frame with subsequent tracking. The main families of neural network
detectors and their underlying principles are systematized: two-stage detectors,
including R-CNN, Faster R-CNN, and their derivatives; one-stage detectors,
including SSD and its modifications; and detectors that provide relatively high
processing speed, in particular YOLO, CenterNet, and related models. It is
determined that, when constructing an applied pipeline for long-duration video
analysis, the decisive factors include not only accuracy, but also computational
resource requirements during training, the possibility of training on local hardware
without using cloud resources, training stability with a limited number of images,
and the processing time per frame, taking into account additional preprocessing.

To formalize the selection of a neural network detector, it is proposed to use
a set of criteria that takes into account the possibility of local training with an
acceptable training batch size, suitability for detecting small objects and weakly
expressed visual features, the quality—speed trade-off with regard to the detection
time of a single frame and subsequent scaling of processing to long video
recordings, the practical availability of implementations, and ease of integration. It
1s shown that some models, in particular EfficientDet, certain SSD configurations
with resource-intensive backbone networks, and Faster R-CNN-like solutions, may
be poorly suited for local training on standard hardware under limited

computational resources due to high memory requirements, especially when
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increasing the training batch size. It is additionally established that not all models
provide an acceptable detection time, which limits their practical use in the
processing of long-duration video data. This made it possible to formulate the
requirements for the baseline detector for the subsequent construction of the video
data processing pipeline.

The results of the analysis of scientific works on object detection, tracking,
and identification showed that, for the target scenario of laboratory video
monitoring, the most practical models are those that provide sufficient processing
speed for individual frames and are suitable for training and deployment on local
hardware without substantial loss of accuracy while maintaining acceptable
processing efficiency. These requirements determine the choice of the baseline
detector for the subsequent construction of the video data processing pipeline and
justify the idea of supplementing the neural network detector with a superpixel
segmentation method for object detection and localization, as well as with neural
network modules for detection, instance segmentation, and re-identification (Re-
ID) as a component of the end-to-end identification of laboratory animals.

Based on the results of the conducted analysis, the aim and objectives of the
thesis research are formulated.

In the second chapter of the thesis, the problem of improving the quality of
detection and localization of laboratory animals in long-duration video recordings
1s addressed under conditions of a non-stationary background, artifacts, occlusions,
partial overlaps, and object merging, where traditional approaches based on
background subtraction or frame differencing demonstrate insufficient quality. It is
shown that, even in a formally controlled laboratory environment, the background
is not stationary: small foreign objects, local inhomogeneities, shadows, specular
reflections, and other artifacts may appear in the frame. In terms of color, size, or
shape, these artifacts may partially resemble the object under observation and may
cause partial occlusion of its contour, thereby complicating object extraction and
localization. As a result, classical background subtraction followed by binarization

and area-based filtering often produces false detections or, conversely, fragments
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the object, which prevents stable localization and subsequent analysis of behavioral
metrics.

To overcome these limitations, the chapter proposes an improved method for
the detection and localization of laboratory animals in video data based on the
improved SLIC superpixel segmentation method. The method is intended for the
automated processing of laboratory video recordings in which the main sources of
errors are a non-stationary background, artifacts, and partial occlusions. The
concept of the proposed method is to avoid coarse global thresholding after the
difference image has been formed and instead proceed to context-dependent
analysis within segments, or superpixels, obtained using the improved SLIC
method. This formulation makes it possible to separate locally consistent object
regions from background artifacts, which may appear in the difference image as
small or medium-sized blobs resembling parts of the animal’s body.

The proposed method consists of the following stages:

1. Preprocessing of the frame and the background image. To reduce the
influence of noise, increase resolution, and enhance the sharpness of fine object
details, bilateral filtering, brightness and contrast adjustment, median filtering, and,
if necessary, image upscaling are applied.

2. Construction of the difference image and initial background subtraction.
After preprocessing, background subtraction is performed, which makes it possible
to obtain a change map and identify candidates for moving objects. At the same
time, it is shown that a considerable number of false inclusions may arise precisely
at this stage, caused by background artifacts, local inhomogeneities, shadows,
specular reflections, and small foreign objects that remain in the difference image
and form spurious regions.

3. Segmentation of the difference image into superpixels using the improved
SLIC method. For subsequent context-dependent analysis, the difference image or
a related representation is partitioned into segments using the improved SLIC
method. The key distinction of the improved SLIC method lies in the modification

of the clustering metric, which takes into account the spatial coordinates of pixels,
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features of the LAB image model, the difference image, and pixel homogeneity
checks in the local neighborhood. In particular, the cluster centers are described by
spatial coordinates and features formed on the basis of the LAB image model, the
difference image, and pixel homogeneity checks in the local neighborhood. The
distance between a pixel and a cluster center is computed by taking all the
specified features into account.

4. Context-dependent thresholding within segments (superpixels) and
artifact suppression. It is shown that simple conversion of the difference image into
a binary image followed by blob-size filtering is insufficiently accurate, since some
small white fragments may belong to the actual object but become separated due to
residual inhomogeneity after background subtraction. To eliminate this limitation,
a dedicated procedure is proposed: for each segment, the number of pixels
exceeding a specified threshold is computed; if this number is below a predefined
fraction, for example, less than one third of all pixels in the segment, with the exact
ratio set with regard to the image size and the expected object scale, the pixel
values within the segment are set to zero. This mechanism makes it possible to
discard segments caused by background artifacts, local inhomogeneities, and
partial occlusions, while simultaneously reducing the risk of losing thin parts of the
object contour.

5. Post-processing and restoration of object integrity. Fragmented object
regions are merged to improve spatial coherence, providing a more stable basis for
subsequent localization in the form of a bounding box or pixel mask, tracking, and
trajectory formation.

Experimental validation of the proposed method on video frames containing
gobies demonstrated an improvement of more than 6% in the quality of detection
and localization of laboratory animals compared with the baseline SLIC method. It
is additionally shown that the modularity and interpretability of the approach make
it possible to scale it to other laboratory scenarios, in particular to behavioral

analysis of rodents in box-type arenas, without involving deep learning or



20

resource-intensive architectures, which is important for practical application under
limited computational resources.

Thus, the first and second points of scientific novelty are formulated. The
SLIC superpixel segmentation method is improved by using a multilayer feature
space based on the LAB image model, taking into account the difference image
and the results of pixel homogeneity checks in the local neighborhood, which made
it possible to improve the quality of laboratory animal localization in video data
under conditions of a non-stationary background and the presence of artifacts. The
method for detecting laboratory animals in video data is improved by using SLIC
superpixel segmentation and context-dependent filtering, which made it possible to
improve the quality of laboratory animal detection under conditions of a non-
stationary background.

In the third chapter, the problem of improving the quality of detection and
segmentation of laboratory animals in images is addressed under conditions of a
non-stationary background, artifacts, partial occlusions, object merging, and
subsequent object separation. Under such conditions, there is a need for a neural
network model that provides high-quality pixel-level localization, preserves
modularity for further extensions of the “detection—tracking—re-identification”
pipeline, and enables the use of additional feature channels formed at the
preprocessing stages and intended to enhance object features under challenging
scene conditions.

The choice of Mask R-CNN as the baseline neural network model is
justified, since it is a modular two-stage model with high segmentation quality. A
key limitation of typical implementations is identified: their orientation toward
standard three-channel images and the lack of support for the direct use of
additional artificially generated channels obtained at the preprocessing stages, in
particular after background subtraction, CLAHE, or shadow correction, which can
substantially enhance the visibility of the object under challenging background
conditions. Therefore, a modification of the Mask R-CNN neural network model is

proposed that enables the integration of multichannel data without switching to
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excessively resource-intensive backbones such as ResNetl01, while preserving
acceptable processing efficiency.

The proposed solution is based on a dual-branch neural network model for
feature extraction: branch A processes the base image channels, which contain the
primary information, whereas branch B processes additional feature channels
formed at the preceding stages of the processing pipeline. A B—A feature fusion
mechanism is implemented at key levels of the feature pyramid, which makes it
possible to enhance the object representation with additional information precisely
where it is most useful for detection and segmentation under conditions of a
complex background and partial occlusions. Controlled SE fusion (Squeeze-and-
Excitation) after concatenation of the features from the two branches is selected,
providing data-dependent feature mixing.

The comparative analysis showed that, for the proposed Mask R-CNN
neural network model based on ResNetl8, the number of training epochs was
increased to 50. The following quality indicators were obtained: mAP50 = 0.87,
Precision = 0.91, and Recall = 0.91 for detection bounding boxes, and mAP50 =
0.90, Precision = 0.92, and Recall = 0.92 for segmentation masks, with an average
inference time of approximately 105.5 ms. This confirms the possibility of
achieving high detection and segmentation quality on a relatively compact basis
while preserving acceptable processing efficiency.

The third point of scientific novelty is formulated: the Mask R-CNN neural
network model is improved by introducing a dual feature extraction backbone with
controlled SE fusion (B—A), which made it possible to improve the quality of
detection and segmentation of laboratory animals in video data under conditions of
partial occlusions, object merging, and subsequent object separation while
preserving acceptable processing efficiency.

In the fourth chapter, the problem of end-to-end identification of laboratory
animals in long-duration video observations is addressed under conditions of
frequent occlusions, trajectory fragmentation, and minor visual differences

between individuals.
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A conceptual label-free model for the end-to-end identification of laboratory
animals in video data, Mask-TAUDL, is proposed. It integrates Mask R-CNN-
based instance segmentation with a tracklet association learning mechanism based
on the TAUDL algorithm and can be applied to both single-camera and multi-
camera observation scenarios. At the first stage, the segmenter generates accurate
masks, after which the results of detection, segmentation, and tracking are
aggregated into short tracklets, which increases robustness to short-term occlusions
and trajectory fragmentation. For descriptor formation, a dual-branch feature
extractor, twin-ResNet18, is used: branch A processes the base channels, whereas
branch B processes additional derived channels obtained at the preprocessing
stage. The features are fused in a controlled manner through concatenation and an
SE mechanism, which makes it possible to enhance informative components and
suppress artifacts. Then, a 256-dimensional L2-normalized embedding vector is
formed from mask-aware ROI features for re-identification using mask-weighted
aggregation. This vector is suitable for subsequent tracklet matching and improves
the discriminative capability of the representation by focusing on the animal’s
shape and texture.

The conceptual Mask-TAUDL model combines the simultaneous training of
two components of the TAUDL module, which provide learning of discriminative
tracklet features within a single session and tracklet association across different
recording sessions without using manual ID labels. Different recording sessions are
interpreted as “cameras,” which enables the model to learn invariance to changes
in illumination and environment.

The studies showed that combining segmented tracklets with features
obtained by the dual-branch extractor increases association robustness and reduces
identity-switch errors in long-duration laboratory video recordings.

The fourth point of scientific novelty is formulated: for the first time, a
conceptual label-free model for the end-to-end identification of laboratory animals
in video data, Mask-TAUDL, is proposed. It integrates a feature extraction

mechanism based on the improved Mask R-CNN neural network model with a
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dual feature extraction backbone, mask-weighted ROI features, and label-free
TAUDL tracklet association mechanisms, thereby enabling the formation of
normalized embedding vectors and stable preservation of laboratory animal
identity throughout the video sequence.

In the fifth chapter, an integrated pipeline for the detection, tracking, and
end-to-end identification of laboratory animals in video data is developed,
implemented, and experimentally validated. This pipeline forms the basis of a
specialized system for the automated processing of laboratory video recordings.
The pipeline combines frame preprocessing, an auxiliary segmentation branch of
the detector based on background subtraction and the improved SLIC segmentation
method, the improved Mask R-CNN neural network model with a dual ResNet18
backbone, detection result arbitration, tracking, tracklet formation, and subsequent
label-free tracklet association based on the conceptual Mask-TAUDL model.

Experimental testing was conducted on three test video sequences, including
a synthetic controlled scene and real laboratory video recordings of mice and
gobies, with durations of 900, 3200, and 4320 frames. The pipeline performance
was evaluated using proxy metrics of identity preservation, temporal localization
consistency, trajectory continuity, and sufficient observation duration: PSWrate,
median(tloU), P(tloU < 8), avg(gaps), median(T), and S(T).

The obtained results confirm the operability of the proposed integrated
pipeline and its suitability for forming temporally consistent trajectories while
preserving object identity, as well as the possibility of using the specialized
application developed on its basis for the automated analysis of video observations
of laboratory animals.

The models, methods, and software tools developed in the thesis have been
implemented in laboratory studies conducted at the Faculty of Biology of Odesa I.
I. Mechnikov National University, as well as in the educational process of Odesa

Polytechnic National University and Odesa I. I. Mechnikov National University.
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