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Cmeys C.FO. IligBulIeHHS TOYHOCTI Ta IIBUIKOJII JETEKTYBaHHA 300pa)k€Hb
aBTOMOOLIIB 3aco0amMu 3ropTkoBoi HedpoHHoi Mepexi YOLO. — Kaamidikauiiina
HAYKOBa IpaIlsl Ha MpaBaxX PYKOIHUCY.

HNuceptanis Ha 3000yTTS HAYKOBOrO CTymeHsi Jokropa ditocodii 3a
cnemianbHicTiIO 121 — «lHXeHepis mnporpamHoro 3a0es3nedeHHs» — YepHiBEUbKUM
HalloHabHUI yH1BepcuTeT iMeH1 FOpis denpkoBuua, Yepnisii, 2026.

JleTexkTyBaHHSI 300pa)K€Hb TPAHCIOPTHUX 3ac00IB € 0a30BUM €TamoM s
aBTOMAaTHU30BAaHOTO JHCTAHI[ITHOTO 30HAYBAaHHA Ta KOHTPOJIO CTaHy OO’€KTIB Yy
pizHOMaHITHUX cucteMax [uTepHety peueit (IoT). ABTOMOOUII CYyTTEBO BIUIMBAIOTH Ha
CTaH JIOPOKHBOI OOCTAaHOBKH, TOMY IIiIBHIIEHHS €(EKTUBHOCTI IX BHSBICHHS €
KITFOYOBAM (DaKTOpPOM HAQIIMHOCTI TPAaHCMOPTHUX cHUcTeM. [l posmi3HaBaHHS Ta
JETEKTYBaHHSI 300pa)kKeHb aBTOMOOUIIB IIMPOKO 3aCTOCOBYIOTHCS INTY4YHI HEWPOHHI
mepexi (ILIHM), 3okpema, 3roptkoBi HeiipoHHi Mepexi (3HM). Omaum 3 HaiOUIBII
e(eKTUBHUX 3ac001B JIETEKTyBaHHs 300paxeHb 00’ ekTiB € 3HM 3 apxitekryporo YOLO
(arrm. You Only Look Once), siki 3aCTOCOBYIOTh TEXHOJIOT'1T NTHOOKOT0 HaBYaHHS.

IIpote cranmaptHi moneni YOLO, ocoGmmBO Mopeni Majoro po3Mipy, 4acTo
JEMOHCTPYIOTh HEJOCTATHIO TOYHICTh JIE€TEKTYBAHHS Yy CKJIAIHUX CII€HAX, a MOJeii
BEJIMKOTO PO3MIPy BUMArarTh 3HAYHUX OOUHCIIOBAIBLHUX PECYpCiB, IO YCKIQIHIOE X
BUKOPHCTaHHSA y BOYJIOBaHMX CHCTeMaxX. 1OMYy MiABHUINECHHS TOYHOCTI Ta IIBHIKOMII]
JETEKTyBaHHS 300paKeHb aBTOMOOUTIB € aKTyaJIbHUM 3aBJIAHHSAM.

MeToro aucepramiiiHoi PpodOTHM € TMIABUINCHHS TOYHOCTI Ta IIBHIKOJIi
JETEKTyBaHHsI 300pa)keHb aBTOMOOUIIB MUISXOM BHUOOpPY apXiTeKTypu Ta Bepcii
3TOPTKOBUX HEHPOHHUX MEpEX, MOMEpeaHbOoi OOpOoOKM 300pakeHb Ta JIOHABYAHHS
HEHPOHHUX Mepex 3 apxitekTypoto YOLO Ha OCHOBI aBTOMAaTHM30BaHO CTBOPEHUX

HaOOpIB JTaHUX.



JIJIst MOCSATHEHHST METH BUPIIITYBAJIUChH TaKi 3aBIAHHS:

1. TlpoBecTn aHami3 ICHYIOUMX HEHPOMEPEKEBUX AapXITEKTyp, METOIIB Ta
MPOrpaMHUX 3acO01B JIJIsl IE€TEKTYBAHHS 300pakeHb 00'€KTIB, 1 HA OCHOB1 TAKOI'O aHAJI3y
BUKOHATH BUOIp apxiTekTypu Ta Bepcii 3HM, siki 0 3a10BOJIbHSIIA BUMOTH JI0 IIIBUIKOI11
Ta TOYHOCTI JIETEKTYBAaHHS 300paxKeHb aBTOMOOLIIB.

2. Po3poOuTu METOIUKY Ta MPOrpaMHi 3aco0u AJid onepeIHb0T 00poOKH 300paKeHb
NUISIXOM €KBai3ailii iX rictorpaM Ta TiJBUIICHHS JIOKAILHOTO KOHTpPAcTy, sKi O
3a0e3reuyBajy MiJBUIICHHS TOYHOCT1 JETEKTYBaHHS 300pakeHb aBTOMOOLITIB.

3. Po3poOuTu MeToIMKy Ta MpOorpaMHi 3acO0u AJi HaBYaHHS PI3HUX Bepciit Mozeneit
YOLO Ta ananizy pe3yibTaTiB HAaBUYaHHS, SKi O JaBajgd 3MOTY MIJBHUIIUTH TOYHICTH
JCTCKTYBaHHS 3a paxyHOK JIOHaBUaHHs Ta BHOWpaTH Bepcito YOLO 3 ypaxyBaHHSIM
BHUMOT JIJIsl KOHKPETHOT 3a7a4i aHaI13y 300pakeHb.

4. Po3poOHUTH METOAMKY Ta MPOTrPaMHI 3acOO0M JjIi aBTOMATH30BAaHOTO CTBOPCHHS
HAOOpy MaHuX 13 300pakeHb aBTOMOOUTIB 3acobammu Mojaeni 3HM YOLO Benukoro
po3Mipy, siki 6 3a0e3nedyBalid CENEKI[II0 YHIKATbHUX KaJIPIiB BiIC€OMOTOKY.

5. Po3po0uTn MEeTOMKY Ta MporpamHi 3aco0H 3 apXiTeKTyporo «Buutenb-YueHb»
JUIsL TOHABYaHHS 3rOpTKOBOi HeWpoHHOi Mepexki YOLO manmoro po3mipy Ha OCHOBI
JaTaceTy, CTBOPEHOTO B aBTOMATU30BAHOMY PEKUMI.

6. BukoHnatu mporpamMHy peasizallifo 1HTeJICKTyaTIbHOI CHCTEMH JJIS JICTCKTYBaHHS
300pakeHb aBTOMOOUTIB 13 BUKOPUCTAHHAM HaBueHHX Mozeneir YOLO.

7. IlpoBecTn excriepuMeHTaIbHE JTOCTIIHKEHHS TOYHOCTI Ta MIBUAKOAIT pO3p00IIeHOT
CUCTEMU Ha MPUKIIAJl JETEKTYBaHHS 00’ €KTIB HA TECTOBUX 300pa’KEHHSX.

JIist MOCATHEHHST METH 3aCTOCOBYBAJIHUCS TaKi MeTOAM JOCTiIKEHHSI. METOIU
rIIMOOKOTO HaBYAHHS IS 3TOPTKOBUX HEUPOHHHUX Mepex apxitektypu YOLO; meroau
KOHTPACTY; METOJIA THTEJIEKTYyaJIbHOTO aHai3y AaHUX (perpeciiiHoro aHamily, 30KpemMa,

JMIHIMHOI perpecii); HeplHenTyalibHE XENIyBaHHS JJIsl CEJEKIil YHIKaJIbHUX KaJpiB



B1JICOMOTOKY; METOAM KOMOIHATOPHOI omnTuMizailii (YyropCbKuid aJropuTM); METOIH
kinacudikanii JaHUX Ta 300pa)K€Hb; METOAM KOMII FOTEPHOTO E€KCHEPUMEHTY 3
BUKOPUCTaHHSAM ImporpamM Ha MoBi Python s eMmnipu4Horo migATBEPAKEHHS
aJIeKBaTHOCT1 OTPUMAHUX PE3yJIbTaTIB.

Y Berymi  OOIpYHTOBAaHO  aKTYaJbHICTh TEMM JAHMCEpTaliiiHOiI  poOoTH,
chopMyITbOBaHO METY Ta 3aBJIaHHS MPOBEACHUX JOCIIIKEHb, ONMCAHO HAYKOBY HOBU3HY
Ta TMPaKTUYHE 3HAYCHHS OJIEP’KaHUX pE3yJbTaTiB, MPEICTaBICHO METOAM, 00 €KT i
IpeaMeT JTOCHIHKeHb, BKa3aHO OCOOMCTUI BHECOK 37100yBava, a TaKOX HAaBEICHO JaHi
1010 IMyOJTIKaIli 32 TEMOIO JUCepTallii.

Y nepumomy po3aiji 37iliCHEHO KOMIUIEKCHHUM aHaIi3 Cy4acHUX METO/I1B 1 3aC001B
00poOKM JeTEeKTyBaHHS 300pa’kKeHb aBTOMOOLTIB. JleTanbHO PO3IJISIHYTO CTPYKTYpY Ta
npuHiuny podotrn 3HM, nmpoaHanizoBaHO BIUIUB TileprapaMeTpiB Ha MPOIeC HaBYaHHS.
Onucano npuHUUIK NOOYA0BH MHOOKUX 3anuiikoBux Mepex (ResNet), apxitekrypu
MobileNet 13 3acTocyBaHHSM PO3IUIBHUX 3rOPTOK, a Takox apxitektypu EfficientNet.
IMpoBeneno ormsin asocramiiinux (Faster R-CNN) ta ognocramiiinux (YOLO, SSD)
NeTeKTOpiB 300pakeHb 00’ ekTiB. O0rpyHTOBaHO BHOIp apxiTekTypu YOLO sk 6a3oBoi
JUIS TIOAQNBIIMX JOCHIIKEHb 3 OrJISAAy Ha il MOKa3HUKM TOYHOCTI Ta IIBHAKOII.
[IpoanamizoBano icuyroui nporpamui inctpymentu (Google Cloud Vision, Amazon
Rekognition) Ta 6i6miotexu (OpenCV), npusHaueHi sl IETCKTYBaHHs 300paeHb.

Y apyromy po3aiji po3poOiieHo Ta mporpamMHO Ha MoBI Python peamizoBano
METOJIMKY MIJBUIIEHHS SKOCTI IETEKTYBaHHS 300pa)KeHb IUIIXOM MONEPEIHbOT 00POOKH
BXITHUX JaHUX. PO3MiT MpHUCBIYEHO apXITEKTypHHUM OCOOJIMBOCTSIM OOpaHOl Mojeni
YOLOVS Ta inTerpaitii B i KOHBEEp MOIYIS MONEPEHBbOT 00poOKHU. [leTanbHO onmucaHo
ctpyktypy YOLOVS. Ilomepennss o0poOka 300pakeHb IMOJATa€ IMJABUINCHHI iX
KOHTPACTy TpboMa criocobamu: 1) rimobanbHe BUPIBHIOBAHHS (€KBaJi3allisl) TICTOTPaMHU;
2) MABUIICHHS JOKAJIBHOTO KOHTPACTY METOIOM aJanTHUBHOI eKBadi3allii TricTorpamu

(CLAHE); 3) BupiBHIOBaHHSI Ta LIEHTPYBaHHS TricTOorpamMu. TOYHICTh JETEKTyBaHHS
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300pakeHb aBTOMOO1TIB OIlIHEHO 32 MeTpukamu Precision, Recall, F1-score Ta cepeanboi
TouHocTi (MAP). BcraHoBieHO, 10 3aMpONOHOBAaHUN CHOCIO MomepeaHb0i 00pOOKU
300pakeHb NUIIXOM BUPIBHIOBAHHS Ta LIEHTPYBaHHS TICTOrpamMu 3a0e3neuye HalBHILY
TOYHICTb I€TEKTYBaHHS aBTOMOO1IIB. [IpoBeeHO IHTENEKTyaIbHUM aHal3 JaHKUX, a caMe
perpeciiHuil Ta KOPEJSIIMHUN aHali3 pe3yibTaTiB JAETEKTYBaHHS 300pakeHb [JIs
3HAXOJI’)KEHHS B3a€MO3B’A3KiB MK METPUKAMU SIKOCT1 J€TEKTYBaHHS.

Y Tperbomy po3aiai po3po0sieHO METOUKY JJIsl JOHABYaHHS p13HUX Bepciit 3SHM
YOLO, BuKkOHaHO TpOrpaMHy peati3alilo METOAUKH, MPOBEIECHO MAaIllMHHE HaBYaHHS
monener YOLO Ta mpoananizoBaHo Horo pesynbTath. Onucano mpouec GopMyBaHHS
CHenianizoBaHoro Habopy 300paxeHb aBTOMOOLTIB, SIKWH BKIItOUYa€ 301p, pyUHY aHOTAIIiI0
300pakeHb Ta OalaHCyBaHHS KJIaciB. AyrMeHTAIllsl JaHUX TMOJsraja y pO3LIUPEHH]
HaBYaJbHOI BHOIPKK 300pa)k€Hb IIJISXOM 3aCTOCYBaHHS T€OMETPUYHHUX (IIOBOPOTH,
BiIOOpaKeHHS, 3MiHA MacmTady) Ta KOJOPUCTUYHUX (3MiHA SCKPABOCTi, HACUYEHOCTI,
JI0J1aBaHHs 1IyMY) mepeTBopeHsb. Lle mo3Bonumno 30uibmuTu 06csr maracery 3 1542 no
3578 300paxeHb Ta 3an00IrTH NepeHaBYaHHIO0 Mojieii. BukoHaHo noHaBUaHHS Mojienei
YOLO, mnonepennbo HaTpeHoBaHmx Ha paraceri COCO. IInsgxoMm AeTeKTyBaHHS
TECTOBUX 300pak€eHb OTPUMAHO, M0 JOHABYAHHS JIO3BOJISIE MIABUIIUTH TOYHICTH
netekiii 3a MeTpukoro moBHOTH Recall 3 0.58 mo 0.91, a 3a iHTErpaqTbHOI METPUKOIO
MAP50-95 — 3 0.37 no 0.72. [IpoBeaeHo nopiBHsIbHMM aHami3 epexruBHOCTI 3HM nBOX
Bepciit: YOLOv8m Ta HoBiTHBOi YOLOv1Im. BcraHoBieHo, MmO mpu CHiBCTaBHIN
TouHoCTl nerekryBanHs (MAP50 = 0.96) momens YOLOv1Im gemonctpye Ha 22%
MeHIIHKA po3mip aitmy Bar. ITokazano, mo moaens YOLOvVEm pominpHO BUOUpATH st
3a0e3neueHHss MakcUMaiabHOI TouHOCTI, a YOLOV] 1 m — MakcuMaabHOI IMIBUAKOIII.

Y 4yeTBepTOMY PO3AiJIi pO3POOICHO METOIUKY JIJIT aBTOMAaTH30BAHOT'O CTBOPSHHS
Ha0oOpy JaHWX 13 300pakeHb aBTOMOOLIIB 3aco0aMM MOJENI 3rOpPTKOBOI HEWPOHHOI
Mepexxi YOLO Benmukoro po3mipy. Meroawka mnependadae aBTOMATHYHY CEJCKITIFO

VHIKQJIBHUX KaJpiB 3 BIJEOMNOTOKY 3 BHKOPHUCTaHHSM METOJY NEpPLENTyalbHOTO



xemyBanHa (pHash). Lle no3Bonsie ouiHIOBaTH Bi3yaJibHY CXOXICTh KaJpiB 1
BiI(p1IBTPOBYBATH AyOJIIKaTH, 3MEHUIYIOUHM HAJUIMIIKOBICTh AaHuX Ha 88% (3 993 no
121 kanpa y TeCTOBOMY €KCliepuMeEHT1). BusBIIeHHS cX0KUX 00'eKTiB (aBTOMOOUTIB) Ha
300paKEHHSX BUKOHAHO YTOPCHKUM aJITOPUTMOM 3 ypaxyBaHHIM METPUKH JICTCKTYBaHHS
IoU Tta cepennbokBanpatnyHoi nomuiku (RMSE) Mixk neckpuntopamu 300pakeHb.

Po3po0neno MeTonuKy 3 apxiTekryporo «Buurtenb-YueHb», fKa MOJsArae y
JIOHABYAaHH1 3rOPTKOBOi HeWpoHHOI Mepexi YOLO wmamoro po3mipy «YUeHb»
(YOLOv8n) Ha OCHOBI aBTOMaTH30BaHO CTBOPEHOIO CIEI[iali30BAHOTO J1aTaceTy
300paxenb wmepexetro YOLO cepeanboro posmipy «Buumtens» (YOLOv8m).
ExcniepyMeHTanbHO MiATBEP/KEHO, IO TAKWUW MIXIJ JO3BOJISIE TIIBUIIUTH TOYHICTH
mozenm «Yuenby 3a meTpukoro mAPS50 3 0.6864 no 0.9292.

Po3po0neHi METOIMKH 1HTENEKTYadIbHOT CHCTEMH peajli30BaHo B MPOTrpaMi Ha MOBI
Python, sika BUKOHYEThCS Ha amapaTHiIi IUIATPOPMI OJHOIUIATHOTO KOMIT IOTEpa
Raspberry Pi 5 3 BukopuctanusMm TexHooOri#i koHternepusaiii (Docker). Po3pobiaeHo
BeO-iHTepdeiic nmporpamu. Pe3ynbratu 00poOKH TECTOBUX 300paKeHb MOKa3ald BUCOKY
TOYHICTh JETEKTYBaHHS aBTOMOOLUTIB Ha 300pakeHHAX, oTpuMaHux 3acooamu BITJIA.

HaykoBa HOBH3HA OTPMMAHMX Pe3YJIbTATIB IOJISATA€ Y HACTYITHOMY:

1. Briepmie  po3po0iiecHO METOIMKY 3  apxITeKTyporo «Buutensb-YdeHby,
OCOOJIMBICTIO SIKO1 € JIOHABYaHHSI 3TOPTKOBOI HepoHHOT Mepexki YOLO manoro po3mipy
Ha OCHOB1 aBTOMaTHU30BaHO CTBOPEHOTO CIIEIIalIi30BAHOTO JIaTaceTy 300pakeHb MEPEKEIO
YOLO cepennporo abo BEIMKOrO poO3Mipy, IO 3a0e3nedye BHCOKY IIBHIKOIIO
JEeTEKTYBaHHs 300pakKeHb aBTOMOOLIIB 3ac00aMHu MO HEUpOMEPEK1 MaJIOTO PO3MIPY
Ta MIJABUIIYE TOYHICTh AETEKTYBaHHS 3a MeTpuKoro mAPS0 (10 24 %).

2. Bnepmie po3po0ieHo METOMUKY I IOIepeaHbOi 00poOKH 300pakeHb, SKi
MOMAIOThCSl HAa BXOAW 3TOPTKOBOI HEMPOHHOI Mepexi 3  apxitektyporo YOLO,
OCOOJMBICTIO SIKOi € TMIABUIICHHS KOHTPACTY 300pa)KeHb 3alpOMOHOBAHUM CIIOCOOOM

BHUPIBHIOBaHHS (€KBaJli3allii) Ta LIEHTPYBaHHS TICTOTpaM 300pakeHb, 110 MPU3BOAUTH 10



MIABULIEHHS TOYHOCTI JETEKTyBaHHS 300pak€Hb aBTOMOOLIIB 33 METPHUKOIO
nepekpuBanHs pamok loU (Ha 16 %).

3. [lomanpiioro po3BUTKY OTpUMaia METOAWKA JJisl JOHABYAHHS PI3HUX Bepciit
3HM YOLO 3 BUKOPHUCTAHHSM JaTaceTiB, CTBOPEHUX Y PYUYHOMY PEXHUMI, OCOOIUBICTIO
SKO1 € TIOPIBHSJIBHUI aHaJ3 pe3y/bTaTiB JOHABUAHHS, 1110 3a0e3Meuye MiecpsIMOBaHU I
BuOip Bepcii YOLO BiAnmoBiIHO BUMOTraM 10 TOYHOCTI, IIBHUAKOMII Ta oOcCsTy
BUKOPHUCTAHHUX PECYPCIB MPH JACTCKTYBaHHI 300paKeHb aBTOMOOITIB.

4. [oganpIIoro po3BUTKY OTpUMaja METOAMKA JJISi aBTOMAaTH30BAHOTO CTBOPEHHS
HaO0Opy JMaHuX 13 300paxkeHb aBTOMOOLIIB 3aco0amMu MOJEIl 3TOPTKOBOI HEUPOHHOI
mepexi YOLO cepeaHboro abo BEIUKOTO PO3MIpY, OCOOJUBICTIO SKOi € CEeJeKIis
YHIKaJbHUX KaJpiB BiJICOMOTOKY 3 BUKOPUCTAHHAM IMEPICITUBHOTO XCIIYyBaHHS, IO Ja€
3MOTY CYTTE€BO CKOPOTUTH 4Yac (OpPMYBaHHS JaTaceTy 1 OTpUMYBATH CIICIiaTi30BaH1
Habopu 6e3 AyOIIIOBaHHS JaHKUX 13 MIHIMAJIbHOIO YYaCTIO JIOAUHHU-EKCIIEPTa.

IIpakTuyHe 3HAYEHHS] OTPUMAHMX Pe3YJIbTATIB MOJISTAE Y TOMY, IO pO3po0IIeHi
y AucepTaliiHiii poOOTI METOAWKH Ta MporpamHi 3acobw Ha MoBi Python MoXyTh
3aCTOCOBYBATHCS ISl aBTOMAaTU30BaHOTO JIOHaBYaHHsS HeWpoHHUX Mepexk YOLO Tta mis
BHCOKOTOYHOTO JCTEKTYBaHHS 3 iX JIONMOMOTOI 300pa)kKeHb aBTOMOOUIIB Ta IHIIHUX
YYaCHUKIB JIOPOKHBOTO PYXy B NPUKIAJHUX CHUCTEMAxX KOMIT IOTEPHOrO 30Dy, SKi
3aCTOCOBYIOTHCS ISl OLIHKHU JIOPOKHBOTO Tpadiky, aHamI3y 3alHATOCTI aBTOMOOUTBPHUX
MapKOBOK, KOHTPOJIIO O€3IMEeKH JOPOKHBOTO PYXY, aHaJi3y JOPOXKHbOI OOCTAHOBKH Ta B
TEXHOJIOT1X aBTOHOMHOTO BOJIiHHA. P03p0o06iieHi mporpaMHi 3acO00H MITYYHOTO IHTETIEKTY
MOXXYTh (DYHKITIOHYBAaTH Ha MOOUTBHUX OOUYUCITIOBAIEHUX TPUCTPOSIX.

KirouoBi cjoBa: ananiz mganux (iHTENEKTyaJdbHUW aHA3 JaHUX), OE3MUIOTHI
mitaneHl  amapatu  (BIIJIA), t1mboke HaBuaHHS, JIUCTaHIIHHE 30HIyBaHHS,
IHTENEeKTyal bHa cHUcTema, kimacudikamia (kmacudikamiss maHuX), Kiacudikamis
300pakeHb, MAIIMHHE HAaBYaHHS, PETPECIHHWN aHaji3, JiHIHHA perpecis, MTYyIHUH

1HTEeNeKT, ITy4YH1 HelpoHHi Mmepexi (LTHM), YOLO, 3roptkoBi HeiiponHi Mepexi (3HM).



ABSTRACT

Serhii Stets. Improving the accuracy and speed of car image detection using the
YOLO convolutional neural network. — Qualification scientific work as a manuscript.

Thesis for the degree of Doctor of Philosophy in the specialty 121 — “Software
Engineering” — Yuriy Fedkovych Chernivtsi National University, Chernivtsi, 2026.

Detecting images of vehicles is a basic step for automated remote sensing and
control of objects in various Internet of Things (IoT) systems. Cars have a significant
impact on road conditions, so improving the efficiency of their detection is a key factor in
the reliability of transport systems. Artificial neural networks (ANN), in particular
convolutional neural networks (CNN), are widely used for recognizing and detecting
images of cars. One of the most effective means of detecting images of objects is CNN
with YOLO (You Only Look Once) architecture, which use deep learning technologies.

However, standard YOLO models, especially small ones, often demonstrate
insufficient detection accuracy in complex scenes, while large models require significant
computing resources, which complicates their use in embedded systems. Therefore,
improving the accuracy and speed of vehicle image detection is a pressing task.

The goal of this dissertation is to improve the accuracy and speed of car image
detection by selecting the architecture and version of convolutional neural networks,
preprocessing images, and retraining neural networks with YOLO architecture based on
automatically generated datasets.

To achieve this goal, the following tasks were solved:

1. Analyze existing neural network architectures, methods, and software tools for
detecting images of objects, and based on this analysis, select the architecture and version
of the CNN that would meet the requirements for speed and accuracy of detecting images

of cars.
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2. Develop methods and software tools for preprocessing images by equalizing their
histograms and increasing local contrast, which would improve the accuracy of vehicle
Image detection.

3. Develop methods and software tools for training different versions of YOLO models
and analyzing training results, which would make it possible to improve detection
accuracy through retraining and select the YOLO version based on the requirements for a
specific image analysis task.

4. Develop a methodology and software tools for the automated creation of a dataset
of car images using large-scale YOLO models, which would ensure the selection of
unique frames from the video stream.

5. Develop a methodology and software tools with a “Teacher-Student” architecture
for retraining a small YOLO convolutional neural network based on a dataset created in
an automated mode.

6. Implement software implementation of an intelligent system for detecting images
of cars using trained YOLO models.

7. Conduct an experimental study of the accuracy and performance of the developed
system using the example of object detection in test images.

To achieve this goal, the following research methods were used: remote learning
methods for convolutional neural networks of YOLO architecture; digital image
processing methods for equalizing their histograms and increasing local contrast; methods
of data mining (regression analysis, in particular, linear regression); perceptual hashing
for selecting unique frames from a video stream; combinatorial optimization methods
(Hungarian algorithm); data and image classification methods; computer experiment
methods using Python programs for empirical confirmation of the adequacy of the results
obtained.

The introduction substantiates the relevance of the dissertation topic, formulates

the purpose and objectives of the research, describes the scientific novelty and practical
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significance of the results obtained, presents the methods, objects, and subject of the
research, indicates the personal contribution of the applicant, and provides data on
publications related to the dissertation topic.

The first chapter provides a comprehensive analysis of modern methods and
means of processing and detecting images of vehicles. The structure and principles of
operation of deep neural networks are examined in detail, and the influence of
hyperparameters on the learning process is analyzed. The principles of constructing deep
residual networks (ResNet), MobileNet architecture with the use of separate convolutions,
and EfficientNet architecture are described. A review of two-stage (Faster R-CNN) and
single-stage (YOLO, SSD) object image detectors are provided. The choice of YOLO
architecture as the basis for further research is justified, given its accuracy and
performance indicators. Existing software tools (Google Cloud Vision, Amazon
Rekognition) and libraries (OpenCV) designed for image detection are analyzed.

The second chapter develops and implements in Python a methodology for
improving image detection quality through preprocessing of input data. The chapter is
devoted to the architectural features of the selected YOLOv8 model and the integration of
a preprocessing module into its pipeline. The structure of YOLOVS is described in detail.
Preprocessing of images consists of increasing their contrast in three ways: 1) global
histogram equalization; 2) increasing local contrast using the adaptive histogram
equalization (CLAHE) method; 3) histogram equalization and centering. The accuracy of
car image detection is evaluated using the metrics Precision, Recall, F1-score, and mean
accuracy (mAP). It has been established that the proposed method of preprocessing
Images by equalizing and centering the histogram provides the highest accuracy of car
detection. Intelligent data analysis was performed, namely regression and correlation
analysis of image detection results to find correlations between detection quality metrics.

The third section develops a methodology for retraining different versions of the

YOLO neural network, implements the methodology in software, machine learning of
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YOLO models is performed, and its results are analyzed. It describes the process of
forming a specialized set of car images, which includes collection, manual annotation of
images, and class balancing. Data augmentation consisted of expanding the training
sample of images by applying geometric (rotations, reflections, scaling) and coloristic
(brightness, saturation, noise addition) transformations. This allowed to increase the size
of the dataset from 1542 to 3578 images and prevent model overfitting. Performed
retraining of YOLO models previously trained on the COCO dataset. By detecting test
images, it was found that retraining allows increasing the detection accuracy according to
the Recall completeness metric from 0.58 to 0.91, and according to the mAP50-95 integral
metric — from 0.37 to 0.72. A comparative analysis of the effectiveness of two versions of
CNNs was performed: YOLOv8m and the latest YOLOvIIm. It was found that with
comparable detection accuracy (mAP50 = 0.96), the YOLOv1Im model has a 22 %
smaller weight file size. It was shown that the YOLOv8m model should be chosen to
ensure maximum accuracy, and YOLOvI1m — for maximum performance.

The fourth section develops a methodology for the automated creation of a dataset
of car images using a large YOLO convolutional neural network model. The methodology
involves the automatic selection of unique frames from a video stream using the
perceptual hashing (pHash) method. This allows evaluating the visual similarity of frames
and filtering out duplicates, reducing data redundancy by 88% (from 993 to 121 frames in
a test experiment). The detection of similar objects (cars) in images is performed by a
Hungarian algorithm, taking into account the loU detection metric and the root mean
square error (RMSE) between image descriptors.

A methodology with a “Teacher-Student” architecture was developed, which
consists in retraining a small convolutional neural network YOLO ‘Student’ (YOLOv8n)
based on an automatically created specialized image dataset by a medium-sized network
YOLO “Teacher” (YOLOv8m). It has been experimentally confirmed that this approach

allows increasing the accuracy of the “Student” model according to the mAP50 metric
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from 0.6864 to 0.9292. The developed methods of the intelligent system are implemented
in a Python program that runs on a Raspberry Pi5 single-board computer hardware
platform using containerization technologies (Docker). A web interface for the program
has been developed. The results of processing test images showed high accuracy in
detecting cars in images obtained by unmanned aerial vehicles (UAV).

The scientific novelty of the results obtained lies in the following:

1. For the first time, a methodology with a “Teacher-Student” architecture has been
developed, the feature of which is the retraining of a small-sized YOLO convolutional
neural network based on an automatically created specialized image dataset by a medium
or large-sized YOLO network, which ensures high-speed detection of car images using a
small neural network model and increases detection accuracy according to the mAP50
metric (up to 24 %).

2. For the first time, a method has been developed for preprocessing images that are
fed to the inputs of a convolutional neural network with YOLO architecture, which
features an increase in image contrast using the proposed method of equalization and
centering of image histograms, resulting in an increase in the accuracy of vehicle image
detection according to the loU metric (by 16%).

3. A method for retraining different versions of the YOLO CNN using manually
created datasets has been improved, featuring a comparative analysis of retraining results,
which ensures a targeted selection of the YOLO version in accordance with the
requirements for accuracy, speed, and the amount of resources used in detecting car
Images.

4. The methodology for automated creation of a dataset of car images using a medium
or large YOLO convolutional neural network model has been improved. which features
the selection of unique video stream frames using perceptual hashing, which significantly
reduces the time required to form a dataset and obtain specialized sets without data

duplication with minimal human expert involvement.
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The practical significance of the results obtained lies in the fact that the methods
and software tools developed in the dissertation in Python can be used for automated
retraining of YOLO neural networks and for high-precision detection of images of cars
and other road users in applied computer vision systems used for traffic assessment,
analyzing car park occupancy, monitoring road safety, analyzing road conditions, and in
autonomous driving technologies. The developed artificial intelligence software tools can
run on mobile computing devices.

Keywords: data analysis (data mining), unmanned aerial vehicles (UAV), deep
learning, remote sensing, intelligent system, classification (data classifier), image
classification, machine learning, regression analysis, linear regression, artificial
intelligence, artificial neural networks (ANN), YOLO, convolutional neural networks
(CNN).

CIACOK MYBJIKAILI 3105YBAYA 3A TEMOIO JTMCEPTALI{

HaykoBi npaui, B ikux ony0/1ikoBaHi OCHOBHI HAYKOBi pe3yJibTaTH
AMcepTamii:

nyoJikanii y paxoBux BUIAHHAX YKpPaiHU:

1. Crenp C. AHani3 TOYHOCTI Ta INBHAKOMII AETEKI[II aBTOMOOUIIB 3a JOIIOMOIOIO
Heiiponnux mepexxk YOLOVS ta YOLOVI11. Herald of Khmelnytskyi National
University.  Technical  Sciences. 2025. T. 357 (5.2). C. 123-130.
https://doi.org/10.31891/2307-5732-2025-357-74.

2. Balovsyak S., Stets S. Preprocessing of object images before their detection using
YOLO neural network. Security of Infocommunication Systems and Internet of Things.
2025. Vol. 3, No. 2, Paper 02002. P.1-5. ISSN 2786-8443.
https://do1.org/10.31861/s1s10t2025.2.02002. (banoBcsak C. — HaykoBe KEPIBHUIITBO 1



13
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nonepeaHbo1 00poOKU 300paxeHb Mepe X ACTEKTYBaHHSIM).

. banoscsxk C., Creub C. ABTOMAaTH30BaHE CTBOPEHHS CIIEL1aJII30BaHOTO JaTACETy ISl
300paxeHb aBToMOOWIIB. Herald of Khmelnytskyi National University. Technical
Sciences. 2025. T. 359 (6.2). C. 278-285. https://doi.org/10.31891/2307-5732-2025-
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