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Abstract

In the modern industries and manufacturing techniques, quick and precise maintenance
is a vital concept Several approaches fulfill these requirements, including the Augmented Reality
(AR) technology The AR technology, combined with real-time object detection techniques, offers
a possible solution to improve and disrupt the maintenance techniques in the near future For
finding the most suitable Al model for this purpose, this study compared the pre-trained YOLOVS5,
Resnet50, and SSD MobileNet models in detecting PLCnext components Using 960 images for
training and testing purposes, the models were trained and tested, highlighting their real-time
capabilities The results show that the pre-trained YOLOV5 model is the best to enhance
interactive monitoring, minimize downtime, and boost efficiency in industrial settings and suitable

for AR application development in automation 40 after being trained with required images
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Economic Forum gy n15kdau AR 1 9giintuagawnsvang osannmaluladil anunsadiuniiy
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Tun1933eil WBun1sfnwiAsatuniswaumalulad AR infun1sianmluguuuy Object
Detection wazn15litgusedng (Artificial Intelligence: Al) fwmunzaulunsiiaseiiaiesdnsly
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1.2 Inguszea

1) wednwianudululdluniseenuuuuaziaunmalulaganumduasaasy  (Augmented
Reality) tvensldnulugnainnssudnlugds
2) efinwinisuszendldan AR n153310 MmUY Object Detection wagsiduwuy Al dmsu

NUIURFMNTTUENLULR

1.3  YBULYAYBINITINY
1) weluladmuauiaieadnsilinude PLChext
2) walulad AR filde1u eguuitugrumaluladves Microsoft

3) ANsAswUUINandarltulaiu AR winth Taisau VR

1.4 p309daN lgn1sWAILN
1.4.1 gunsalfnugsauas (Hardware)

SnuuruazdinUsenaureuinmesuuegi
1) n919in (Graphic) : NVIDIA RTX 3070 Laptop
2)  wiheUszulana (Processer) : Intel i7-11800H equivalent or greater %39An 31
3)  #eALE1 (Memory) : RAM 32 GB #39110n71
4)  nshanmalntle (Output) : HDMI 14, DisplayPort 12 wiseluinin
5)  Wo3m USB (Port USB) : 1x USB 20 #38#Nn31
6) szuuUuAn1s (Operating System) : Windows 10
gunsaifueIAnISRY 1
7) Hololens 2

8) Monitor
1.4.2 ganAwasildlunswaun (Software)

1) Unity 2022
2)  LabellMG

3)  Anaconda
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4)  Visual Studio Code

1.5 35n13A1lUN195998 (Research methodology)

1.5.1

1.5.2

1.5.3
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1.5.6
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1) NurunsaiunusezAnwanudulule

2) Anwuarsiusindeyaiiednunwldlunsteulisunsunasiasosontd

Anwazaiediuuuulunadiniun1szdnnnuiaunAvednIaednnleIsnis Object
Detection

1) veaesmsnuLarMsLanstoyavetgUnsal

2) 1luwa Object Detection fmunzauunldusniugunsal AR

WWEUTUSHNTUNANAFBUNITN19IUVDS AR LLazv‘hmsLﬁusﬂ’agamﬂ%’mu

1) mMsesnuuuIsnisthdeyadnlunaiildnu

2) nseankuUUNTHanIKataanlianluma

Aarinaandayansiusdly MinsuTudinszuunaaANUmEnzE

1) 7ARBILALIATIEINIIAUNNTBIVBILULAE

2) U5UUsslunanien1siseusINgnuNnTes

WYUUNAMUIVYRALANUNUNANNIYY

aunauazyisenuatuauysal

1.6 Uselevminanninazlasu

1) lonswazduninesdriuiluisnsiwuuitaeslyaiuseAvgsuiuu Object Detection 11l

uiumalulag AR

2) laddunuuvednuudtaesdyguseivg (Al Model) dmsunisnsiaduanuraunfivesgunsal

AIUANLATEITNSIUgRAMNTTUSRLLTR

3) JunwimwwasnisimunszuusnaduanuiinUnfvesgunsalmuauesesinssmemalulad AR
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2.1 vgugiieadas
2.1.1  NgEfnIsuBiuGIuAaUN NS

NSUBUAUAIBADUNILADS (Computer Vision) LT unid sluarv1Ineinisi dralusiu

a &

Yuauseivg Feiindnnisvinuiinerdestunislineuiamesiniuaiunsalunis "veaiy” uay

7 oA
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~ a a & 1% & aa Y d' o ) a = o
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QWLLUﬂQWQWiaaﬂ@QJ%WWQ i Vlﬂﬁ']ﬂaslueﬂr]wLW@i‘Viaqﬂquﬂ‘WqﬂqiﬂLf’ﬁ']Sﬁﬂﬁﬂﬁﬂaiﬂﬂlﬂaﬁqﬂ@miumm 19
Tdnureinsusaiiuiereufinmesiuniewing fudnsnsadeunanwluaentsngn n151n1ves
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2.1.2  Ugygyuszhvg

ﬂzy@ﬂﬂizawi (Artificial Intelligence, Al) Juauvedinenisaeufinmesfiisidostunisadis
szuuvdeLA3esdnsiianansadiassmnuasamadaavesyudle saudanisiious (leaming) M3
9198IMUMARA (reasoning) N353 (perception) N15VAAYTaN1¥15550Y7A (natural language
understanding) waznsudladiagn Tutlagtu Al gnihsnldlunannvianegpavinssudieriivenaniuay
AMULUglUNIU Tneseuu Al @1u13anmunainnsiseusdeyarunlvgiunaiagg 9 wu
\3oa3eud (machine learning) wagnai3eufiBsdn (deep leaming) NMaisusmariiondeiniore
Uszamifioudl a1u15091a09n3809UNIMNUsEaMvesaNesNywd i 05U uazUsEIanaT oy a
Auiamves Al flunumddglunisdsuiladdsmsvihauluvane ) aedu dilinuiidudou

WIfeINIANNKIuEgeEINTvleTukaEiUSEAEA NN Y

2.1.3  A15ATIIUING
n13015293U3Rg (Object Detection) L unilsluaivigasvasnisuesiudienouinnesnd
N3ANITNIsluNssEUkasseymuriesinguilwmTenae Tngnglunmvselile nszuiunsillyl

WEIATUNUSELANTRgWINTY wideseyrouunveainguulunimniednle (bounding boxes) N3

a o

nsRdUingdanudiAguInluate s woUnaATY Wy N1TIATIZRIALEINNARINATUAN a1 NYY

q

v o

ANNUARASY SPUUEIMIUBIE UNITUESRludR NMsanTingivenisauauaunIWluNISHEN wavdug

AMEINYINTENTAUNA NNINYIDEY TN
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[ o =

wadialunsasaduingdnasiannslidnisiteusveanissuasnaiseusidedn ngldiaseveussam

Wenilasunsiinduiveuazihanudilafeidiudnuaeene 4 vesingaingiuteyaninvuinivg

é’]’aaemsuaﬂmLﬂﬁﬁiﬁﬂumsmmﬁ’ui’mq 1AuA YOLO (You Only Look Once), SSD (Single Shot MultiBox

'
v A [y o

Detector), Ua¢ Faster R-CNN Fausiazluinaiyaisiunwagdodiafimsiumngdmiunisuseyndldaui

LANMIAY

2.1.4  szuudsuanuduasisamaluladaauiduasassy (Augmented Reality)

wmaluladanuduadaasy (Augmented Reality w38 AR) WWumealuladfinaunanulanidvaiu
Tanasdlaemsifiadeyaiaiioudnuluaninuindenaiwitugunsaling 9 W wiua AR vSeauivliiy
nsld AR Heligldanuannsoussiunasldneuduinqadiouiiusnglulaneds sildiAnUszaunsaii
iilouaiaaziinislanausgsiiujduiusivanimundeuludinusziriu Inglufasinuinainlanasa
WwuRgInumalulad VR

walwlad AR gnihanldlunainvanedu lddresdunsilinevsy nstidasnwinienisunme
nMsvieadien warnsiawny dregradu n1sld AR Iuﬂﬂiﬂﬂamummamh81‘15!’;3’1381&%"11@1Lﬂfamlﬁdw
FuFremsuananin 3 77 wiemsld AR lumsunmdiietslunsdteselsauasnssnunfiuaiugiu
shemmaansalumsiindoyaiaiioudiunluanimndonsis AR Judumaluladifdnenmlunis

Ysulsaszaniamuagiiiuanuiaulaluvainnangianssy

| drEN e AL
A9 1 szuulaiuanudueie (Augmented Reality)*

* fan https://mediumcom/@huguesjoublin/how-can-virtual-reality-revolutionize-employee-engagement-programs-892f1b3d8ad6

AMEINYINTENTAUNA NNINYIDEY TN
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2.1.5 HoloLens
HoloLens 1 ugUnsaiaiudsued auilay Microsoft 4 9s2maluladaauiduasaady
(Augmented Reality - AR) wazAuLluasawa (Mixed Reality - MR) 131eriu HoloLens waeloir 1y

v v A

aunsauasiuaslgnauiuingiailioululanasawnuninveniunianulusla fevelrnisviauias

9

=

nsiFeudimnuauniuasiujduiusuniy

HoloLens $895UNSRAILILOUNAATUNIULNAANBSUNNTHRUIBES Unity wag Unreal Engine
yilnaunansnaiaweundindu 30 wag AR leegrafiuszsansam fendesdlefinsuniunazns
sesfunaidelinfeniu C# wag APl iviannviane dhitaannsaiuinguadoudilululanatauay
aaUszaumsaifiunislsugld

wilsluauanansafilanisiuves HoloLens AensasiaduuazAnmusunisvesinguazgldly
fufiass Feaelinmsldneuiuingadioufiamuusiuguazauads HoloLens Saflsvuuidsanuuanuiing
Preligldaunsniuifemmendsduiuiiatiounss siliszaunisaimsldnudammuamnysaib i

sheanuasalunsasaLeUndiatu AR Lag MR Aifuszansanuagldauite HoloLens 3s
HunTesdlefifmnudidnluvas 4 213 lddrezidunsunmd msfinw msiineusy uagnnsudn 1
Idniaukaldnuaunsaaswassauinnssulml q wazusuugeanseuiumsiauliduseaniam

=
AMNVU

mwﬁ 2 Hololens*

* fan https://wwwmonarch-innovationcom/microsoft-hololens

AMEINYINTENTAUNA NNINYIDEY TN
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2.1.6 TUsunsugilda (Unity)

Unity W uunanesunisiaunnuuasnisadenmdiaesuuandfflasuanudouagng
wnsvane WesandnIasilefinsuasunarldiudie Unity sesfunisideuldngenien C# uasil APl
sanuane Pl snaianuuazueundidy 30 Ideg1ediusyavsamm uenaind Unity 8ad
mnuannsalunsairsusUnaladu AR (Augmented Reality) e lsigiaunanansaifivingiasiouty
Tululanadssinugunsaleng 9 wu aundvliuniowdum AR Unity Siedesflefithelunisaiauazdnnis

o a [

Tmg 3D udeszuuR@ndauass vilinsimuweundindu AR WulUldegimimswazdienis wunz

(% '
[V a

WTUNELTUAULAZE TR0 I

Mo

unity

Al 3 Unity

2.1.7 Wsdnsuatuadua (LabellMG)

LabelMG Jwa3 saflelawnuyesadlddmsunisfindraiifunin (Image Annotation) &4l
mmﬁwﬁ’zyjaEJ'N?jﬂumuﬁmﬂzyzy,wizawﬁuazmiﬁauﬁmaqm‘%m (Machine Learning) lagtanizlunns
NAULLAaN1595993U7Ag (Object Detection) kagn133kUNNIN (Image Classification) TUsunsuil
sesfumMsMuUUnateLnannlas s Windows, macOs way Linux n15kden LabelMG Hudneuaz
agan fldaansnidanmitdesnisintheifusaslfiesesiolulusunsuiieairsnsevamasusoung
flaulawagssyUszanvosingmaniu vonanisausaduiindeyatiomiuluguiuy XML nie
YOLO fisesiulnevansunanyesunisfousvonaios 31 LabelMG tuiluindssiionfiuszavaanuas

[y

Jundedlundinidewasiimuluienisi

IpEIN

Labellmg

mwﬁ 4 LabellIMG

AMEINYINTENTAUNA NNINYIDEY TN
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2.1.8 TUsunsuaunauni (Anaconda)

Anaconda ulusunsulemueiafitilunsdansmineinsuazanimuindeunisiamiluay
Inermanidoyauaznisieuivonnieq (Machine Leaming) sosfuvatsunanlasuiia Windows,
macOS wag Linux gliainsnaianazdnnisanmwindounmsimuivatouwuulfogisingnor i
conda vhlARnswftninauazlavsiinsnduldlunsazanimndeulngliiiadymanudiiulald
wananigadl Jupyter Notebook dmsunisianuaznageuldnuuudunesueniin drelidnisouay

v

AimumeaeuazUsusildnldazain Anaconda Wuasesleniivszansnmuwazdundeuluienisi

ANACONDA

A9 5 Anaconda

2.1.9 Pretrained Model

Pretrained models 1ulinafignilniudsmiuuyadeyavuilnguasiivszdnsnmgsluns
Uszuianauazdinsevidayaluriusie 9 Wy n139333Ung (Object Detection) N1531LUNATN
(Image Classification) Lazn15UT2LIANANI1I5IINYIA (Natural Language Processing) nslilanadi
Qﬂ?ﬂmlummﬁ%ﬁuﬁﬁsﬂmﬂmi{]zy,zynﬂizawiuazmﬁaui%ﬂwﬁ'aq (Machine Learning) 1189310
Prganaazning1nstunisindulumalviainaue Tuwnawardaunsahluldlulsien dans o 16
ogamafuariiusransniw wonani pretrained models Ssanunsausuusidlfvmnzantuauians
Ietdng vinliinfmunuazinidoannsoatrsassduinnsnival 9 Wlaghifeusuduangud dadums

WiLUsEANS A NIUN SRR LA NAFB UL A MUANNLINA DUNNANNTIANY

2.1.10 YOLO

o

YOLO (You Only Look Once) iunildlulunanisasiaduing (Object Detection) #ilgSumany

fgauuariiuszdnsnings YOLO fianulanaulunisnsinduingldegumnduasuiugilunmies tny
lidesuusnmesnidudiu 4 msldanu YOLO awnsaneuausiniufenisvemaly | gnaimnssy Ll
! < [ (Y a v L= ¥ [ =

Tazdunsinmanulaende n1snsiaaeuau N viensusegnaldlugueudlinudu wildu
nastunlasuaiuileuds YOLOVS delasunisimunlvfinnuuidudigedunazivssdnsamlunis

Jszuranafn#ni1 YOLO 13953uUnaunt1 YOLOVS Qﬂaamwwﬂﬁﬁwmim@aﬁLﬁﬂaum's]’qm

AMEINYINTENTAUNA NNINYIDEY TN
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[ d'

ANANNNATUNNTATITU TR TIAS AU Taesessunisidaunrainratswazdiesanisuily

9

% [y

Uszgnaldlulusiandsing o veetiniauiwasinidy

2.1.11 TensorFlow

TensorFlow iduunanslosulemuresadmivnisioudvennies (Machine Learning) Aign
Waiulag Google Brain i TensorFlow lé§uniseenuuuniieiiniauiuazindseanunsaadiauay
AnslulnnansSeuiveaniasliogisienouaziiuszavsnin fonssessumsUsznanaluunszae
(Distributed Computing) ¥1l# TensorFlow mmsa%’mmﬁu%’agmumlmﬁLLazvi’mﬁ?]ﬂNuImmaﬁ
Fudouldogariag TensorFlow firdesdouarlauifiasuasudmiunisiaunlunadig o wu n1s
Fuunnm (Image Classification) N1305233U3Mg (Object Detection) La¥N1SUTENIANANIYITTTUYA
(Natural Language Processing) uanannil TensorFlow §a5esdunisldamuuunansunanviedy luines
Jursuiamesdiuyana audvlviu vieusudszuunand Mimdueiosdenfinnudavguuagiing

AUSUNTWAILILBUNALATUILIININ

TensorFlow

2NN 6 TensorFlow

2.1.12 ResNet50

ResNet50 L ulsnainT et Ussamiiiond 4nd sgneonuuuuii an1331uunnIn (Image
Classification) wagn15m5233UTAg (Object Detection) ResNet50 €03113710 Residual Network uagil
Audnstavan 50 Tu Tnssainaves ResNet50 gnosnuuusiieaniyminisidounesvesluina
(Degradation Problem) fidniiindululumaiidanudnun Tnelduuian Residual Learing Fstnelinns
Andulainadn q ildiredunasivssansangs lunadldsuarudonegraunsnarglusmudiu
ﬁzy}gyﬂﬂizﬁwiuazmaﬁauimam%‘m (Machine Learning) LﬁaqmﬂﬁmmLLaiusTﬁqmazmmsaﬁﬁlU
Uspyndldluausing q lvarnuats uenani ResNets0 Ssgrlfiduluaaidasiu (Pretrained Model)
dmsumsiindudindslunuemens fwisannauaznineinslumsiannluealmivaziiunig

waluglunN5YIN9IUYRIsEUU

AMEINYINTENTAUNA NNINYIDEY TN
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2.1.13 SSD MobileNet

SSD MobileNet LT uluiaan15m3133uTng (Object Detection) i le$uaauion 1 osa1nil
AuannsnlunImsaduinglfedunnduesivssaniamgs lueadiunssutuseaing SSD
(Single Shot MultiBox Detector) aduanilnenssuiiiiuszansamlunisnsinduingrareuszianly
AMIAEY U MobileNet dufulunafifivunadnuazUsendandsau mnzdmiunsldnuuugunsali
fin$nernsdnda 1y aunsvlnuuazgunsal IoT SSD MobileNet gnesnuuvuiisanaududouluns

v a v o

Uszadana lnedinsanuuiugilunisnsaduinglunim silvdnimuisasindduaunsatnlUldluwey

NAATUNABINITNNSUSELRaNALUULS Al e ageflusea@nsnn wenannil SSD MobileNet 89a11198

Ysuusidhimunzauiunuanenislaig Hemuanugangulunisihluldurainnanggnamnssy

2.2 uiiisatas (Related Works)

nMsnsratusuudsalnifinuddyededlunaienirdiu Tnsanzegadsluiuauvasnse
uazmInsaduingrieyanalunwniedale nildlumadafldfuamudondmsunsnnaduinguuy
Sualnyide YOLO (You Only Look Once) dsanansansiaduinglunmuiedleldodssinisuas
e (Redmon, Divvala, Girshick, & Farhadi, 2016) TutSUNU9IN15ATIATUEIUR 9| POUATITNS
WU PLCnext, YOLO mmsaﬁmﬂﬁﬁ'aszqLLasﬁwmwﬁumumq 9 PouAsasnslaLuuSealng v
TanunsodhAnauuazasvdevanIuzrenmsesdnsifegariniuazudug

YOLO 1#%umswaunsewsand susinessuusn k11 YOLOV2, YOLOV3 waz YOLOVE Tngusiay
na%%’ulé’ﬁmnﬁummL%ﬁLLazmmLLajus‘J’ﬂumimm{ﬁ’ui’mq (Bochkovskiy, Wang, & Liao, 2020) @13y
YOLOV5 dn1sususalusumnusuazanuwiugivaanisnsiaduing vy aunng i udnsy
nsldmsandudinusenausing q veuedesdnaidu PLCnext (Yao et al, 2021)
nsuanusalanainunsiineusdaiu Unity 3D engine suvinme Gulssves GitHub findwennsii
gonLd sud MU 09l (EnoxSoftware, 2023) uladidunisoudifiuseloviiAsrfunisdsesnluag
YOLO saudisldmitndenldau uenaniidiinesdusedaves Unity vhausaudulumamanildogng

FIUTU NN INTURFUUAIITAA0E19E4

AMEINYINTENTAUNA NNINYIDEY TN
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3 35115ALRUIIRlASINISG

3.1 AMNTAUVBINTTANTUU

£
v a

Avaeenuuukarinwlunadyyuseivg Inelassaiislunisimuniianuaeeiail

Data Preparation Training Model Comparison

BO/2020
«  YOLOVS
Data 80/20 Comparison .
Preparation + Datasets + Resnet50 = Real-time detection
P = Evaluation [mAP ,10U)
80720 55D
| Mobilenet

ANA 7 ATNTINVDITEUU

AuTLARIlUAINT 7 NINTINVDITEUUTIINSTUINNNSYNLUsean AN druusniieadeaiy
n1sTuTINLazinsuteyalinseudmiunsilinuaznisnaaey diunaesdenszuiunisiinlug lu
L v A P ° ) a | v v ~ YL
nsruIunsll Jeyanimiuniuinlaazgninluindulumaiignilnateninudianulueg tieguadnsly
w189 Wiy lumaiigninaasmiuddlaun YOLOVS, Resnet50, kag SSD MobileNet HaN15nAdaUYe
lunssindulainluealawmunsauiandniuaurods) @ugaevsInInTINTEUUADNSUSsUIBY
o € A Py I+ ¢ a ~ o A v '
NARNSUBILULAATHIUNNTE NNIEUIULAA LNESINTSHUT UM UNIINE NWULVDILUNANABINTT LU
= I o ) a ¢ a ¢ v o faaa v o )
A aranukiuglunisnsRduiuussalng lunaniunmsinuaslanadwsiananazgnlidmsu
ulusuansiall
WANIINUAINT 7 UAAININTINVRITLUUNTNTTIVTIN 38w wazwUsdeyasenidugndeyq
dmsulnuazyadoyadmsunaaeu audeiinuaveusasiung Joyagnuuadu 60/20/20 @n/
ASIADU/NAGDU) 115U YOLOVS, 80/20 (Hn/nedau) @11sU Resnet50 wag 80/20 Bn/nagau)
@13 SSD MobileNet mud1diu MnUunadnsgnihuUTsuisuiienitling Al lavsnzauian

AMSUNI5RI9UBUULSBa LN vee PLCnext

AMEINYINTENTAUNA NNINYIDEY TN
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L] v
3.2 N3 IBUVDUA
nTzUIUNSIASudeyaa1usaglaann1ng 8 saua1el laeiTuduainn1ssuaIn (Image
Obtaining) N13USUIUIAAIN (Image Resizing) N15AAU18ATUAIN (Image Labeling) N15LaT ULAY

ANNYAEYBINTIN (Image Augmentation) wagnisulassuuuudeya (Data Format Conversion)

Image X Image | Image
Obtaining Resizing Labelling
Image Data Format

Augmentation Conversion

AN 8 MTeSEUTBYA

3.2.1  A5AUTIUTIUAWN (Image Obtaining)

a

TuduveINITAUTIUTINAIN 13 5IUTINAMBBY PLCnext 9nyuse 9 welilayadeya

kY

ATOUARNAMSUNMSHN luwa Aniianelianuaziden 640x480 Lilewinuuiatimnzauiunisidauiu

lumangnilnasat wenaini indwmeasslinuaziBenigeliun 3024x3024 [eduNAAIULANAT

o w 1

I3 av va v & oA o Ao &
dary ag1slsnan wafilaaenistnluealdaiuiuninduiiesainnszuaunisusvauianinisuniu

eun1s¥u3 wenanil ms‘]’aLLﬂﬂﬂﬂiLﬁinsaM’f@gaaaﬂLﬁuamamumiaﬁumﬂﬁi’mﬁummLLmLLaz?ﬁﬁu

[
a a

%89 Tuyawsn 151919 PLCnext vuldivniinuiadunuaglduasannaiunuund diuluyaiiass 151319

1 4
o Ao A v A

PLCnext vuldsnfinundsduinianazly gunsalliua i iufuioas19an1mwIndauiuansi1931nye

Toyausn JULUUKALFAWILARINT SN ELNTaglalunmi 9

AMEINYINTENTAUNA NNINYIDEY TN
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45 degrees

135 degrees

225 degrees 270 degrees

AT 9 AISAUNINAINYULBIAIUUY

A 9 UAAIYUNDIINATUUUYBY PLCnext uazsumriaiazydlun1saignm 2nami 8 151
lomsraaeuunuuwuiveu Tussunull isldmmvuamundsdmsunisanen nyiaiun 10 IaLiNeAToUARUYY
gunsal PLCnext azdunalaintuwiazaniinisaionImiissusving 2 svey An 15 l9ufung wag 30

wUAWAS Wellumaausaandianvarvedgunsal PLCnext lanssesrnwing 9

90 degrees

30 cm @)
45 degrees

Controller

PLCnext 0 degrees
15cm  30cm

AT 10 NSLAUNTNAINYUNBITTUTULUIAT

AMEINYINTENTAUNA UNINYIRYYTIN
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adt 10 uansyulumsnenwlussuuuds Seimeanus deSeudsuiunnd 9
nuIndnsasa N TEBRNMUIRS wasdionyusay PLCnext Liladhenmazunam vinlwldnm
favun 60 A ntu Tugaieadu slddsulndaan PLChext fovualudsdniidnndn g
aoulnsalaed Digital I/O uay Analog 1/0 Inedansldyulunsarenmmilouds defiiudsuuvasie
szppmnslunisanenin Selumeunsnay Inszaeneatn PLCnext saviun usimeudiazinszosynanindaud

AUlaLUULRNIZLINZA AINWEAIILAINA 11

15cm 30cm

Controller

15cm 30cm

ANA 11 NNFINTLULIUURNIZEIY

Aty nsiusuTinteyailinadnsilunimduaturianun 120 awannusiazyn 538U 240

A wimaagilugtuneudalunydaiunisiinvuayateya wasiiudssavsainlunsinluldau

3.2.2  mM3UTUIUINNIN (Image Resizing)
amisEfivuauananaiu TnsunndanuaziBengatis 3024x3024 finea ognslsinm nm
niianuazienguduilimungandmsunsindeminuuiavediu weldnszuiunisinilulusgied

Usgansnw tsdndudesusuruinvesnimuand Tunsdldl luwadiulugldnmiidauin 640xas0 fin

° o = v O = o v a o & a d' 1y Y] =
wadmsunsiin Ay sdsuiurnanmlilndifesiunnaiiinniigaiielivanzauiunisinluma

AMEINYINTENTAUNA UNINYIRYYTIN
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Taensyuiunisiaglaisniseulan Python Wievinisusuruian e iwseuliluasasen

[

NSIEABINTAIN I UVUIALREINUY Flowchart w@ngsiag19n1591n91uYeetAniinadl

Start

A 4

Define
folders

No files remaining

File found

Check
extension

Not.jpgor.png
N
TN\

4

End

N

.jpgor.png

Open
image file

Y

Resize the
image

Y

Save resized
image

A 4

Nextfile

A9 12 Flowchart kansnsviuvedlaausuruaguam
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(%
=]

Flowchart vasléausuruianin anand 12 finsvuiunissadl
1 Start (Suf): BudunszuIunIs
2 Define folders (fuunlnanes): muualnamesdmsuinunmauatulasinamesdmsu
Auamiignuiuvun
3 Loop file (ugulwd): tuguslndromuelulnamesiisinun
4 Check extension (a333gauwINanalild): asavaevunanavedlwdindulndawvialy (Wu
jps, png)
o Hliflglndnm (No): Sl uuasyieniulngdnly
o udulsldnm (Yes): vhauduneusiold
5 Open image file (Ualndnm): Walndnmiideanisusuaun
6 Resize the image (U§urunn1n): Ysuwunavesnwlidunundisasnis
7 Save resized image (Sufinnmiignusuaunn): Suiinamiignusurunadluliatnesiiimun
8 Next file (Inlddialy): viudulvddalulugy

9 End (Fuan): Auannszuiumsilellanimungnussuianaudy

3.2.3  msaateainunn (Image Labeling)

nEInnsfuTuTssarUiumann ildvinsathedsutaglunm dumeuddiel
Tuwadsusdnuusuasiunisesing lulasmst Tuwamslésunsinduientuduysznauda 4 7
AIUANMIYIUTDY PLCnext AiluuialidniAuly daudszneumanignedungluninil 13 dudns the

[y [

AfugnAmualiiunigunsal PLCnext uagdiuusenougaeng 9 §99ude Asulnsataas PLCnext,
/0 WUUAITA, I/0 wuuLaurden, kazaoulnsalaes Profinet Wunnioa11uin nsilnluinaaziinis
TUUNAIANINUATIUIL 6 AAE bawA controller (PLCnext Controller), digital (Digital In/Output),

analog (Analog In/Output), profinet (Profinet Controller), ke plcnext (EDU PLCnext Kit)

AMEINYINTENTAUNA NNINYIDEY TN
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. - T ' S

di,git% e

—~u

A 13 Msaedremiuguam

dusunsantremnu ilglusunsuiiiienin Labelimg Fsaglranunsadntromiunwdinsu

wasunuulaaa YOLOVS way PascalvOC #ilalunnsilnlaina Resnet50 wag SSD MobileNet anadnsy

Y

3.24  NSESIINNAMENEALYBINTIN (Image Augmentation)

Junputiisyszndanallunisiiusiusiuteyauaziiuanunainaeliduyadeyandeoy
- < v L v oaa = 9 v g A A o Y =
Wesnnmaiuteyailesiuiliiles 240 aaw 1513dldnszurunisiiieiindiunim wanniseenisvyuy
amguatu 90 asmlundazads Fuihlildnmniddulszneudgituiuninsuaduudiidiumisvesing
Muansineiu fsdunmauatuusazanasnsanyulaauasuielvivyuasues Faagldnmiiuiuaiy

! e U U dl dl ¥ !
AMNFBNNAUATU AITILEASIUAINT 14 A1uaNs
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90 degrees 90 degrees 90 degrees

A9 14 msaennlvdannsvgusunmauaty

nsvyugUnmildnisinuredan Python fagyinismyugunmnsmusiulnanesimseuld
ludnwazifieriulagdl Flowchart kansdunaunisyiauaslunmi 15 laglunisvieulusuianty
ansaldmsiasuiiuauandRveInmdy o WaildtauaIneveteya Wy Nsee/vee

YUIAYBINN NITAAUIEIU NITIININLDEN L?Juél’u

AMEINYINTENTAUNA UNINYIRYYTIN



nmsUszandldnuanuiduaiuadulunuiueravnssudnlulia 19

Define
folders

No files remaining

File found

Check Not.jpg or .png

extension

Jpgor.png

Open
image file

Next file

A 4

i <= 3 Proceedsto next step

Rotate image

Create new
filename

A 4

Save rotated
image

A 4
i+1andgo
back to step
6

M9 15 Flowchart kansn1syinauvadlaavyuzunm
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[

Flowchart vastAamausnm ainamd 15 Snszvaunsded
1. Start (Sudu): Budunszuus
2. Define folders (Muunlnawnes): Muualvawmesdmsuinuamauatuuayinanasd1mniu
Aun v
3. Loop file (3ugulnd): mugusinulvdimualulnlainesfidmun
4. Check extension (ay39aeuwINanalid): asrvaeuuuanavestndindulndnmuield (gu
jpg, png)
o Hlilelndnm (No): dulnidiiuluazihausulnddaly
o Fudulwdnn (Yes): vhautunousely
5. Open image file (Unaldnn): Walsldnmiidosnisvyu
6. Loop Rotate image (JUgU3UNIN): TUUNIUNSHYLUAN
7. Rotate image by 90° * i degree (mumwmmamﬂ'ﬁmm)
8. Create new filename (a¥197oludl): a¥adelndlidmniunmivemud
9. Save rotated image (Tufinnwivyuuda): Suiinamiivyuudradlulvamesiiduus
10. 1 + 1 and go back to step 6 (e | waznduluSsdumeudl 6): wine | udndulStunoy
7l 6 iy smunwsely
11. Next file (Iddaly): vhauiulnadalulugy

12. End (Fuan): duganszuiunsilelianmungnUssaianaue

[ ' '
A a a v 1

AuNIMen wuluaiudAeil onyguaini gnsidiulavingu (1:1) agviliauinveanin
Wasuwasly vilidesdiniseuafidudouniniu degiugu nmawin 640x480 Juduvuiniiny
Vegluyadayall Wenyunmeasmilagyililanwlninduue 480x640 ludwuil 15l4lan Python Live

AnaeudinduasduAntilulng txt Assythemduresnin nmsdunailagldaunisawaliil

x' = xcos(90°) — ysin(90°)
y' = xsin(90°) + ycos(90°) @

1 d’l o a o b U dl lﬂl a o 1
aun1swiantl (1) wag (2) gnidlunisaduiiin x uay y nieuruiudsuniasaungvesiiin x Inl

(%
=]

Fayilianunsanyuan 90 ENmmwﬁumﬁmiauq@ﬁwt,ﬁmlﬁasmﬁﬂizﬁw%mw auniswanionununley

Y

Tuleim Python dusunszuiunisinseudeya
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3.2.5 msuwdasguuuudeya (Data Format Conversion)

nszvunswisuteyafinaniineiu Weiafaauysaluda azviliismieuiaziinlunade
YOLOV5 agndlsfiny dwsunisilnlunadnassluiaa 151desillndyadeyanisilniissythomiuesa
foyalusuuuy PascalvoC Tunsdlfl imannsnufundsugadoyaiifoglulusunsy Labelimg Tnswdeu
sUnuuLdu PascalvoC Feaglotlud XML Asgythomduiiamisaldlunisiindu Resnet50 uag SSD
MobileNet lalngnss
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3.3 msenluea

Tudrmvosnisinluea wldldanidawadsid: CPU: 11th Gen Intel(R) Core(TM) i7-11800H
@ 230GHz, GPU: NVIDIA GeForce RTX 3070 Laptop 8GB GPU, uaz 32 GB RAM 151¢sA1nsilnlama
Indlenmilauiu

wUsayadmsunislinuasnisnaaey tnediauuandrudntdeslunisuusdoyaseniig
YOLOVS5 uagluinady 9 YOLOVS #esnisdnsndiunisutsdona 60/20/20 dmsunisilniialy 3ald
Snsrdudil: 60% vestoyalddmiuiinlinea wWelilunadouidnvasuaseuduiusludoyaiionis
vy 20% dalulddmiunisnsnasuniugndes Inenaasuliaaiuteyailiinoiium doulile
USuussuazmynimesfiaian wazanvine 20% qavnelddmiunaaeulinaiiioussidulszansam
Tuanmuandenass nsutsteyasenuaudndviliiulaldinlunadivaud uiussaniamuas
annsahluldaluanimuindeusilsognsile

usiazdimnuuanssdmsulinng Resnet50 wag SSD MobileNet Mxilgnsidrunisutsdoyaidu
80% dmsunsiin wag 200% AwdeatlfifieUssiiiulsansnmusslunandsnisiin

AW 16 wamanszuaunsinluaa Al aeluanimuinden TensorFlow 2 33n1siauagnis
AvuaAigninnienliiduaiiiugiu (T Gilbert, 2023) Faasgneniunisinluaaniu Anaconda

aM Yo Y Ao & [ Y
Prompt Nlanmunanmwindeundnduelina
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asszification loss": OO

0 per—atep time 0. 431=

mification_loss": (O

0 per—step time O, 13l=s

assiCicalion loss": 00

ANA 16 ASTUIUNISHNaUTUlILAE

a |

MRIINATLUIUMIRAEUTU MsuansnnauivilumsiSeusuasn1sgaidesig 9 ves

YRR

Tuwaannsaglariunsmiiuansly Tensorboard nMwil 17 uans Tensorboard vedluinaimasgnin

Loss/classification_loss z Loss/localization_loss 2 -

0.5 s
0.4

0.4
03

03
0.2

0 5,000 10k 15k 20k 0 5,000 10k 15k 20k

a

AN 17 NIMUERIAIANNG LY
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ANNINETRIAIANG FEuAazANENNTaes U laRal
1. msgadeainn1sdnnunyseinm (Classification loss) vianefeaiunilaveensiuiuiing1ves

AuaMukiug1vedunalun1svinuelselanigna eeesing An1da93iAs1ey §euanaiia

Joranatavedunalunisiwunyszinnvesing
2. M3 dEINNIITEUAIwILe (Localization loss) ninefiadeianainiliieitesiuniuaunse

vaslumalunisseymuvdanudugivasingniglunin daneitesiuanuwiug1vesinnges

! dl ¥ U = ! U ldl dﬁl dl
NANINABUIDUINON SQ’JW’JWQQQWELWGLUW‘U‘VI

q
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4  Wan1sALEUNIS

[ ~

waeaInRnluea Al audnsauds msvseliudsednsnmeedumailudsdifyieszyinlunale

o

wingaufiandmsunuanis n1siananliainnisussiuvasuansdqauluazynsouveuiasUssny

luea waglideyaladnifediudnsinisiseuiiasainisanide (Loss) @ausuanin dataset Yagduds
annsaleudiiadulivseli viiedlumaldussaussavsnngegadmiudeyanimuauwas
Susumgn1siasanaAINTgayde (Loss) Waliuealieuiunndu Anisgyidemisanauazidning

o

A1 0 iunyian udazAIN1TgadeasuanIfaliyssing o veanseuiunsteus

M5NT 1 AAugayLdevatidazliag

Models
Loss Value
YOLOvV5 ResNet50 SSD MobileNet
Localization Loss 0.0242 0.0681 0.1211
Classification Loss 0.0078 0.2151 0.2944
Loss Value
0.35
0.3
0.25
0.2
0.15
0.1
0.05 .
0 | [
YOLOVS ResNet50 SSD MobileNet

M Localization Loss M Classification Loss

dl 1 a 1
AN 18 ﬂ’i']WLLﬁ@\‘Iﬂ’]ﬂ’NSJEjQJILﬂEJGUENLLG]ﬁSI@JLﬂa
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lumsei 1 ansadunaladndinisagideainnisinuansinsivedaunnlusdazandnenssy
lag YOLOVS dennisaadenifigaluussailumanvun uansdannuuiugiivioninlunisvitung
Aanakazswtsvesinglagly dataset Weanu

o o A

MAP (Mean Average Precision) 1usad Sndndayiildlunisuszifivussans amueslumanis
prdulazulsduing FesnnermnuusiuduaznisBonauvedlunainiludufen Winmsuiinsedy
Aenfuuszansanvedluinalunaianie 4 mAP fif Intersection over Union (IoU) 050 (mAP50) fie
nadifien loU gnitslddl 050 mnsardnlunmansaaduiigndes arudeuiiuseninnsauihusuay
nseuAuaTIu udasiiogetion 50% Tumanduiu mAP fid loU daust 050 4 095 (MAP50-95)
Hunsussdufidunan Tngaded mAP anviatee loU faus 050 s 095 Aifiduay 005 ddlsiannu
drlafinseuraunniuiieafussansnnmedunalussduanudeuriuuazanavesingfunnse iy
ylsk mAP50-95 LHushd Infimumusnniudmsumsussidiulaealumuivins

NMIAUIUTINEINISAILIAT Precision way Recall fivnasiainudulasng q dmSuudazaand
fng antufuine Average Precision (AP) dwiiuusiazaaa wazaavneiaden AP lunnaaiaiiielsl

1AR1 MAP La3esilanne 9 uaglausis wWu COCO Evaluation Toolkit @nunsariglunisAiuiaadin

wianilitetislunsussiiuluwanisnsadusasusdIn Ing og 19 u9n

ANS197 2 A1 MAP Yadusazling

Models
mAP Value
YOLOvV5 ResNet50 SSD MobileNet
MAP50 0.975 0.907 0.881
mAP50-95 0.787 0.829 0.665
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mAP Value
1.2
1
0.8
0.6
0.4
0.2
0
YOLOvV5 ResNet50 SSD MobileNet

B mAP50 m mAP50-95

NN 19 NS INWEAIAT MAP YadmazluLaa

a A

A6ng 9 Tusnseit 2 welviiudnu ResNet50 axdiAn1sgapdenadndn YOLOVS uinuuAneng
Tums1dmesvitlyl ResNet50 3R Mean Average Precision (mAP) figeninegaitedfty wenainil
SSD MobileNet @sipinisatilntesigauaziivwinlunatanfigntuauil Ssaunsaussauadnsfiuiig

nela naansiyliiuideiansanndaylunsdnduladenlumadinsunisidaulueuian
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5 dguna

5.1 agunanisaiiueu

msfnildidelulanvesmstissinugaamngsy Tasduunumddyvesnszuiunsasiadey
uazdounee s uasisiuglagldinaianmmaiuing lunseuilédfinimsaaeulueaiign
Anduarsnifiuanansiuauluea dunisnsadeusgadunaveddung YOLOVS, Resnet50 uay SSD
MobileNet wuiin1sldlunafignilndudaamdnognamunzautumngautugnamnssussuusaluda
Tumamani b iifsausgaelunszuiun1snsadu widafuanuuduer vilhdunsndduddaly
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5.2 daAunudfgy
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wngaslunsldailugpavinssussuudnlud@ Tnslanzegdauna YOLOVS
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3. MsiNN1snaaeInsiiulimany Unity uwag Hololens

4. Ju¥in Screen capture UBdARzTUADUNAZIDIANINAIY

5.5 wuanelunsnaunluauian

v oA
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Abstract— In the modern industries and manufacturing
techniques, quick and precise maintenance is a vital concept.
Several approaches fulfill these requirements, including the
Aungmented Reality (AR) technology. The AR technology,
combined with real-time object detection technigues, offers a
possible solution to improve and disrupt the maintenance
techniques in the near future. For finding the most suitable Al
maodel for this purpose, this study compared the pre-trained
YOLOvS, Resnet50, and SSD MobileNet models in detecting
PLCnext components. Using 960 images for training and
testing purpose, the models were trained and tested,
highlighting their real-time capabilities. The results show that
the pre-trained YOLOvS model is the best to enhance
interactive monitoring, minimize downtime, and boost
efficiency in industrial settings and suitable for AR application
development in automation 4.0 after being trained with
required images.

Keywords— Industrial M ai; ¢, Real-time Monitoring,
Object Detection, YOLOVS, Augmented Reality

I INTRODUCTION

In the modern industrial landscape, real-time monitoring
and maintenance have become crucial for ensuring seamless
operations. The advent of Augmented Reality (AR)
technolgy has opened new avenues for interactive and
efficient monitoring systems. Particularly, the integration of
AR with real-time object detection can significantly enhance
the maintenance and troubleshooting processes in industrial
setups. In this endeavor, the focus of this paper is to explore
and compare the performance of three prominent object
detection models, namely YOLOvS, Resnet50, and SSD
MobileNet, in identifying various components of a PLCnext
controller in real-time. The motivation behind this study
comes from the potential of leveraging accurate real-time
object  detection to  facilitate AR-based interactive
monitoring, which could, in turn, lead to reduced downtime
and improved operational efficiency. By evaluating the
effectiveness of the pre-trained models, namely YOLOwS,
Resnet30, and SSD MobileNet, in detecting PLCnext
components, this paper aims to provide insights into the
feasibility and advantages of integrating such technologies
with AR glasses (HoloLens 2) for a more intuitive and
responsive industrial maintenance framework. Through this
comparalive analysis, we aspire to pave the way for more
sophisticated AR-integrated meonitoring systems that can

significantly contribute to the modernization of industrial
maintenance protocols.

These three pre-trained models were chosen because they
are quite popular and highly effective in identifying and
classifying objects. However, each of these models has slight
differences in their application, so we've compared them to
highlight these distinet variations.

II. STATE OF THE ART

A. Real-time detection with YOLO

Real-time detection is significantly important across
various sectors, especially in the realms of security and
object or person detection within images or videos. One
popular technique for real-time object detection is YOLO
(You Only Look Once), which is capable of detecting objects
in images or videos swiftly and accurately [1]. In the context
of detecting different parts of a machine like PLCnext,
YOLO can be employed to identify and categorize various
machine components in real-time, enabling quick and precise
monitoring and tracking of the machine's status.

YOLO has seen continuous development since its initial
version, through YOLOv2, YOLOW3, and YOLOw4, with
each version enhancing the speed and accuracy of object
detection [2]. For YOLOVS, improvements in terms of object
detection speed and accuracy have been made, making it
increasingly suitable for use in detecting various components
of a machine like PLCnext [3].

B. YOLO in Unity

The integration of the mentioned pre-trained models into
Unity 3D engine is challenging. The GitHub website and
repository host excellent resources for this matter of topic
[4]. This repository provides useful tutorials on exporting
YOLO models, including ready-to-use code. Moreover, there
was a Unity reference version that seamlessly worked with
these models. This resource proved to be incredibly valuable.

1II. METODOLOGY
A. System Overview
As can be seen from Figure 1, the system overview of the
entire process is divided into three parts. The first part
involves collecting and preparing data o be ready for
training and testing purposes. The second part is the model
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training process. In this process, the collected data was taken
and trained with the three different pre-trained models to see
the results in vanious aspects. The pre-trained models are
YOLOwvS, Resnet50, and SSD MobileNet. The tested results
enable the decision which model is the most suitable for our
task. The last part of the system overview is the result
comparing of these three trained models. The comparison
criteria come from the desired model characteristics, such as
speed and accuracy in real-time detection. The trained model
with the best results will be used for the further tasks in the
future.

Data Praparation Trainng Model Comparisan
» .
E e v
‘.. = rouDes
o .- = Datasets LN PY—— = np;:ll-ltmn;em;:"mmn
Praparation | - aslussionjmap 6]

wan [0
Pohoksi Lot

Fig. 1. System overview of the model training.

Fig. 1 shows the system overview where data was
collected, prepared, and divided into training dataset and
testing data set. According to the requirements of the each
model, the data was divided inte 60/20/20
(Train/Validate/Test) for YOLOvS, 80/20 (Train/Test) for
Resnet50, and 80/20 (TrainTest) for SSD MobileNet
respectively. Then, the results were compared to find the
most suitable Al model for PLCnext real-time detection.

B. Data Preparation

The process of data preparation can be seen in the Figure
2 below. It begins with Image Obtaining, Image Resizing,
Image Labeling, Image Augmentation, and Data Format
Conversion.

Image }_‘ Image Image ‘
Obtaining Resizing Labelling
' [
[
Image Drata Format
Augmentation Conversion

Fig. 2. Process of Data Preparation.

1) Image Obtaining: In the image collection part, we
gathered images of PLCnext from various angles to ensure a
comprehensive dataset for tramning. The images were
captured at a resolution of 640x480 as this size is suitable
for use with many pre-trained models. Additionally, we
experimented with a higher resolution of 3024x3024 1o
observe any significant differences. However, the result was
that training took much longer due to the necessary image
resizing  process  before recognition.  Furthermore, we
divided the data collection into two different scenarios based
on lighting and background color. In the first set, we placed
the PLCnext on a table with a white surface and used
regular ceiling lights. In the other set, we placed the
PLCnext on a table with a brown background and used
additional lighting equipment to create a different

environment from the first dataset. The patterns and
positions of capturing images can be seen in the Figure 3.

270 degrees
Fig. 3. The positions used to capture images of PLCnext from all sides.

Figure 3 shows the top view of the PLCnext and image
taking positions and angles. From Figure 3, we examined the
horizontal axis. In this plane, we have defined positions for
capturing images at a total of 10 points to cover the entire
PLCnext device. It can be observed that at each point,
mmages are captured at 2 distances, which are 15 centimeters
and 30 centimeters, in order to enable the model to recognize
the characteristics of the PLCnext device at different
distances.

90 degrees

30 cm 8]
45 degrees

Controller

PLCnext

Fig. 4. The angles used to capture images of PLCnext in a vertical

orentation.

Figure 4 illustrates the angles of image capture in the
vertical plane, where the three angles are displayed in total.
When compared to Figure 1, it equates to six images per
vertical row, and upon rotating around the PLCnext to
complete the circumference. This enabled 60 images to be
obtained. Following this, within the same set, we shifted the
focus from the entire PLCnext to zoom in on smaller sections
such as the Controller, Digital /O, and Analog /0, while
maintaining the same angles for capturing images. The only
change was in the measurement of distance for capturing
mmages. This means, initially, the distance was measured
from the entire PLCnext, but now it's measured from the
specific section of interest, as illustrated in Figure 5.

Controller

PLCnext

60 pics

60 pics
15cm  30cm

Fig. 5. The positions for capturing images when different focal points are
in focus.

Therefore, this data collection yields a total of 120
original images from each set, summing up to 240 images.
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These images will lead to the next steps aimed at increasing
the dataset size and diversifying the data further.

2) Image Resizing: The images we have are of different
sizes, with some being larger at 3024x3024 pixels.
However, these high-resolution images are not suitable for
training due to their size. To optimize our training process,
we needed to resize these images. In this case, most models
use images that are 640x640 pixels for training. Therefore,
we resized the images to be as close as possible to this size
for optimal training.

3) Image Labeling: Following the image collection and
resizing, we labeled the objects in the images. This step
allows the model to lean the features and positions of the
objects. In this project, the model should be tramned about
the various components controlling the operations of the
PLCnext that are not too small in size. These components
are detailed in the Figure 6 below. The labels were assigned
to both the PLCnext device and its various subcomponents,
which includes PLCnext controller, digital I/Os, analog
1'0s, and Profinet controller.

Fig. 6. The segmentation of the components of a PLCnext device.

For labeling purpose, we used the program called
Labellmg [6], which allows labeling images for both YOLO
and PascalVOC model formats, used for Resnet50 and 55D
MobileNet training respectively.

4) Image Augmentation: This step provides time saving
in data collection and adds variety to the existing dataset.
Since the original collection only comprises 240 images, we
used this process to increase the number of images. The
principle here is to rotate the original images by 90 degrees
each time, which results in images with the same
components as the original but with different object
positions. Therefore, each original image can be rotated
three times to complete a full rotation, yielding three
additional images per original image. This can be seen in
Figure 7 below.

Fig. 7. Image Augmentation by rotating the image by 90 degrees.

The challenge encountered in this section was when
rotating images that do not have a 1:1 ratio, it results in
altered 1mage dimensions, requiring more complex
caleulations. For instance, a 640x480 image, which 1s a
common size in this dataset, when rotated once, results in a
new image size of 480x640. In this section, we use Python
code to calculate the new positions and save them in a txt file
that specifies the labels of the images. The calculations were
done using the following equations.

x" = x cos(90*) — y sin(90%) (1)
¥" = xsin(90°) + y cos(90%) (2)

These equations (1) and (2) were used to swap the x and
y coordinates while changing the sign of the new x-
coordinate. This enabled the effectively rotating the point 90
degrees clockwise around the origin. These equations were
used in the Python programming for data preparation
process.

3) Data Format Conversion: The data preparation
process mentioned above, once completed, brought us closer
to train the model with YOLOvS. However, for training the
other two models, the training dataset files specifying the
labels of the dataset in PascalVOC format are needed. In
this case, the existing dataset could be modified in Labellmg
with the change of the format to PascalVOC. This yielded
the XML files specifying labels that can be used for training
with Resnet50 and SSD MobileNet directly.

C. Training

In the training section, we utilized a laptop with the
following specifications: CPU: 11th Gen Intel(R) Core({TM)
17-11800H (@ 2.30GHz, GPU: NVIDIA GeForce RTX 3070
Laptop 8GB GPU, and 32 GB RAM. We configured the
settings for each model to have similar values.

We divided the data for training and testing purposes.
However, there was a slight difference in data splitting for
YOLOvS and other models. YOLOvS requires a data split
ratio of 60/20/20 for general purposes. This data ratio was
used as follows: 60% of the data is used for training the
model, where the model learns the features and relationships
in the data to make predictions. The next 20% is used for
validation, where the model 1s tested with unseen data to
fine-tune and find the best parameters. Lastly, the final 20%
is used for testing the model to evaluate its performance in
real-world conditions. Splitting the data into these three parts
ensures that the developed model performs well and
generalizes to unseen data, giving us confidence in deploying
the model in real environments. The Resnet50 and SSD
MobileNet model will have a data spht ratio of 80% for
training, and the remaining 20% will be used 1o evaluate the
model's performance post-training,
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Figure 8 illustrates the training process of an Al model
within the TensorFlow 2 environment. The training method
and configuration was provided by T. Gilbert [5].

Fig. 8. The model is being trained.

After the training process began, the visualization of the
learning progress and various losses of a model can be seen
through graphs displayed in the Tensorboard. Figure 9 shows
the Tensorboard of a model being trained.

Lost/ciazaificaticn Josa g 3 @ Losa/ccaization Joss 5

Fig. 9. Tensorboard displays various metrics obtained during the training
process.

From Figure 9. the loss values obtained from the three
trained models were compared in Table 1.

1. Classification loss refers to the part of the calculation
that deals with the model's accuracy in predicting the correct
category of the objects it's analyzing. It represents the
model's error in classifying the objects.

2. Localization loss refers to the error associated with the
model’s ability to precisely pinpoint the location of objects
within an image. This involves the accuracy of the bounding
box coordinates that identify where an object is in the space.

IV. RESULTS

After training the Al model successfully, it is essential to
evaluate its performance to determine which variant is the
most suitable for the propose specific task. The metrics
obtained from the evaluation reveal the strengths and
weaknesses of each model type. They provide insights into
the learning rate and the losses, indicating whether the
current dataset allows further leaming or if the model has
reached its optimal performance for the given data.

Let's take a look at the loss values first. As the model
learns more, these values should ideally decrease and
approach as close to 1 as possible. Each loss value indicates
different aspects of the learning process.

TABLE L LOSS VALUES OF DIFFERENT MODELS.
‘ Models
Loss Value Ssb
YOLOvS ResNet50 MobileNet
Localization Loss 0.0242 0.0681 | 0.1211
Classification Loss 0.0078 02151 0.2944

In Table 1. it can be observed that the losses incurred
from training vary significantly across different architectures.
YOLOvVS exhibits the lowest loss among all models,
indicating superior accuracy in predicting object classes and
positions using the same dataset.

The mAP (Mean Average Precision) is a crucial metric
used to evaluate the performance of object detection and
segmentation models. It encapsulates both the precision and
recall of a model into a single value, providing a concise
overview of the model's performance across different object
classes. The mAP at Intersection over Union (loU) of 0.50
(mAPS50) is a specific instance where the loU threshold is set
at 0.50. This means that for a positive detection, the overlap
between the predicted bounding box and the ground truth
bounding box needs to be at least 50%. On the other hand,
mAP at loU ranging from 0.50 to 0.95 (mAP50-95) is a more
rigorous evaluation where the mAP is averaged over multiple
loU thresholds from 0.50 to 0.95 with a step of 0.05. This
provides a more comprehensive understanding of a model's
performance across varying levels of overlap and object
sizes, making mAP50-95 a more robust metric for evaluating
models in academic papers. The computation involves
calculating the precision and recall at various confidence
thresholds for each object class, then computing the Average
Precision (AP) for cach class, and finally averaging the APs
across all classes to obtain the mAP. Various tools and
libraries, such as the COCO Evaluation Toolkit, can assist in
computing these metrics to aid in the rigorous evaluation of
object detection and segmentation models.

TABLE I MAPS0 AND MAPS0-95 VALUS OF DIFFERENT MODELS.
Models
Loss Value [ 3 | SsD
YOLOvS ResNet50 MobileNet
mAPS0 0975 0.907 0.881
mAP50-95 0.787 0.829 0.665

The values in Table II reveals that despite the higher loss
values of ResNet50 compared to YOLOVS, the difference in
parameters leads to significantly higher Mean Average
Precision (mAP) values. Additionally, SSD MobileNet,
which requires the least training time and has the smallest
model size in this task, also achieves respectable results. This
finding highlights a crucial consideration for decision-
making in choosing a model for future implementations.

V. CONCLUSION AND FUTURE WORK

In conclusion, this study researched into the world of
industrial maintenance, emphasizing the pivotal role of swift
and precise monitoring and repair processes using Object
Detection techniques. To cnable this, three different pre-
trained models were examined. Through our rigorous
examination of YOLOvS, Resnet50, and SSD MobileNet
models, we found a key insight: the reasonable use of pre-
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trained models is greatly suitable for the automation industry.
These models not only facilitate the detection process but
also enhance accuracy, making them important assels in
industrial settings.
A. Key Findings

1) Effective Pre-trained Models: Our study revealed the
effectiveness of pre-trained models, particularly YOLOVS,
Resnet50, and SSD MobileNet, in real-time object detection
within the indusirial context. These models showeased high
accuracy and efficiency, suggesting their suitability for
industrial automation applications, especially the YOLOvS
model.

2) Limitation of Current Implementation: It is crucial to
note that our paper's findings are based on training and
testing scenarios and have not been implemented in practical
machinery or PLCnext devices. The models showeased their
ability in controlled environments, highlighting the need for
further testing and adaptation in real-world industrial
applications.

B, Future Work

In the future work, a comprehensive evaluation strategy
is essential to validate the efficacy and robustness of these
integrated  systems  within  industrial environments. A
systematic approach will involve deploying the tailored AR,
Al and Automation (AAA) technologies in diverse industrial
sellings,  encompassing  varying  operational  scales,
complexities, and sectors. This expanded scope ensures the
adaptability and resilience of the solutions across a broad
spectrum of use cases.

Conducting rigorous performance assessments will be
pivotal. This entails not only measuring the accuracy and
speed of object detection algorithms but also evaluating the
system's  impact on operational  efficiency, downtime
reduction, and overall productivity gains. Metrics for success
need to be multi-dimensional, capturing qualitative aspects
like user experience and interface intuitiveness, especially
when used with devices such as HoloLens 2. Quantitative
measures would include the precision of AR overlays, the
rehiability of Al-driven predictions or recommendations, and
the responsiveness of the system under different load
conditions or in crisis scenarios.

Furthermore, a comprehensive evaluation must also
account for the scalability of the technologies involved,
assessing how well they integrate with existing industrial
systemns and adapt to new or upgraded infrastructures. It is
also imperative to test the system’s cyber resilience, ensuring
robust security protocols are in place to safeguard sensitive
operational data. This helistic testing and evaluation phase i1s
crucial for identifying potential areas for refinement, driving
continuous improvement, and ensuring the solutions are
ready for wider adoption in the journey towards full-scale
Industrial Automation 4.0.
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7.1 @%u1® Code Python LUaefu

7.1.1  laauSuvuiaguamw

import os

def resize_images_in_folder(folder_path, size=(64@, 640)):
for filename in os.listdir(folder_path):
if filename.endswith(".jpg") or filename.endswith(".png"):
img_path = os.path.join(folder_path, filename)
with Image.open(img_path) as img:
img = img.resize(size, Image.ANTIALIAS)
img.save(img_path)
print(f"Resized {filename}")

folder_path = 'path_to_your_folder'
resize_images_in_folder(folder_path)

i 20 TanUSurwngunm

1. My wnlaussnsndudslundazdl 2 dman lawn
1.1 os Wulaussaldaansing

1.2 PIL (Python Imaging Library) Lﬁuiamﬁﬁi%ﬁwmﬁugﬂmw

import os

from PIL import Image

[Ea

AN 21 Yenlauss os wag PIL
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2. a¥9ilsidu “resize_images in_folder” N1Sun151dinesasda Ae “folder path” (UMY

YodlaeINIsunm) uay size (UNalnivesgunn, ASuAuAe 640x480 finiya)

def resize_images_in_folder(folder_path, size=(64@, 640)):

A9 22 a319ilsAtu resize images in_folder

3. wguiitensivaeulrldvimunlulnawmesiiensiamivdsunmisiviwana “jpg” vise “png”

for filename in os.listdir(folder_path):
if filename.endswith(".jpg") or filename.endswith(".png"):

A9 23 ugumbidsunm

4. aSradumslndinnvesguninlagld “ospathjoin” udnlngunmeae “Imageopen” N
M3 Resize JUAMIEY “imgresize” lagiinsnilines “size” uaz “ImageANTIALIAS” \esnw
AAINTDIFUN N
img = img.resize(size, Image.ANTIALIAS)
img.save(img_path)

print(f"Resized {filename}")

AW 24 1 Uaguanuagyinisusuaune

5. Guiingunmdlasunisusurinenduludanaulagld “imgsave” wawihnisuansmainlnglvu

gnuSurwIaLaIUng

img.save(img_path)

print(f"Resized {filename}")

a V) aY Yo o 1Y
AN 25 ‘U‘LW]ﬂﬂﬂWVﬂﬂiUﬂﬁ‘JﬂiU“UU’lﬂLLaﬁ
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6. Muuadunvadnawmasfdean susurwngunmaieluiy uag vnssenld deiduusu

vUIAFUNIMN

folder_path = 'path_to_your_folder’

resize_images_in_folder(folder_path)

AN 26 ruAEUNIURdnawnes way BenlaHantuUSuIUn

7.1.2  TAanyuzunw

import os
from PIL import Image

source_folder = "path/to/source/folder”
destination_folder = "path/to/destination/folder™

for filename in os.listdir(source_folder):
if filename.endswith(".jpg") or filename.endswith(".png"):
image_path = os.path.join(source_folder, filename)
image = Image.open(image_path)

for i in range(1, 4):
rotated_image = image.rotate(9@ * i)

new_filename = f"{os.path.splitext(filename)[@]} {9@ * i}.{os.path.splitext(filename)[1][1:]}"

rotated_image.save(os.path.join(destination_folder, new_filename))

AN 27 Taamugunn
1. My winlaussnandudsdundazdl 2 dman Tawn

1.1 os Wulavssalgannislugd

1.2 PIL (Python Imaging Library) Lﬁuiausﬁﬁﬁﬁwmﬁugﬂmw

import os

from PIL import Image

o

AN 28 UUnlauss os wag PIL
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2. AMAUALEUNIVDINALA DS AUNLAZUAN

source_folder = "path/to/source/folder”

destination_folder = "path/to/destination/folder"”

AN 29 ANUALEUNIIVDINALADIAUN AL UAIIN

3. qugUiuwsazIndlulrlawesiune uas asavaeuindulndgunmmsely

for filename in os.listdir(source_folder):

if filename.endswith(".jpg") or filename.endswith(".png"):

i 30 uguiiuusaglvidlulvanesdunia

4. \Ualwdnmuagiuguyyuunm 3 Ay
image_path = os.path.join(source_folder, filename)
image = Image.open(image_path)

for i in range(l, 4):
rotated_image = image.rotate(9e * i)

A9 31 Walndanuaziugunyugunn

5. asvelndlvisavinemysa iy

new_filename = f"{os.path.splitext(filename)[@]} {90 * i}.{os.path.splitext(filename)[1][1:]}"

ANA 32 as19Telndln

6. Tuiinnmivigunaadbulnamesuaiens

rotated_image.save(os.path.join(destination_folder, new_filename))

- o e = %
ﬂWWVl33UuWﬂﬂ7WWWHuuaﬁ
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7.2 egnenwainyadaya

7.2.1  yatayaluuvianIae PLCnext
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71.2.2 ?gﬂ%'aagau,w LQWWSLQqZQQ’\]ﬂﬂQﬂﬁ‘I‘ﬂ,Q
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