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Resistance Spot Welding (RSW) stands as the primary joining process in the
automotive industry, renowned for its suitability for automation and integration into
high-production assembly lines. Despite its advantages, accurately evaluating RSW
remains challenging, resulting in additional costs and production steps. Current
inspection methods, reliant on random checks after cars leave the Body-in-White (BIW),
often lead to significant time losses, emphasizing the necessity for enhanced quality
assessment. This study aims to transition from random checks to 100 percent
inspection using data analysis and machine learning techniques. By predicting weld
quality levels prior to car body completion, this approach aims to improve quality
control. Five distinct algorithms-Artificial Neural Network (ANN), Convolutional Neural
Network (CNN), Long Short-Term Memory (LSTM), Random Forest Classifier (RFC), and
Extreme Gradient Boosting (XGBoost)-were assessed. The research highlights that the
proposed methodology, particularly leveraging XGBoost, achieves a notable prediction

accuracy of 97.1% when applied to unseen data.
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AT UM UNHARSD 1 SOUTOU oo
LSOO TP TOITOU RSW oo o e
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ANN
ANOVA
AUC
BN
BRNN

CART

M
CNN

CPS

csv

DKFE

DL

DNN

DT

ERW

F

FE

FI
Fl-score
FEM

FN

o/ ¢

AR UNEdYANUAlLAZANYD

Artificial Neutral Networks (Iasenguszaniniaw)

ANalysis Of Variance (M53tA518%ALUSUTIW)

Area Under the Curve (Afiuitlgidula)

Bayesian Network (1A38918uUuLUg)

Bidirectional Recurrent Neural Networks (lasst1euszaiviiies
WUV AN

Classification And Regression Trees (Auldinsaniunuazng
nANY)

Condition Monitoring (5¢UUNTHTI9dDU)

Convolutional Neural Networks (Iassi1eUsza sy
wuumaulgt)

Cyber-Physical Systems (syuulaiuasnianin)

Comma separated values (ﬁhﬁﬁ"uﬁwméawmaqamﬂ)
Diameter (Lﬁu&i’lu@uﬂﬂa’m)

Domain Knowledge based Feature Engineering (AAIN3sy
AN YLl BIUTRANIZA)

Deep Learning (M5i38u31894N)

Deep Neural Networks (Ias391euUsgamiientedn)
Decision Trees (aulsisinaula)

Electric Resistance Welding (nsieusaninuduniulii)
Force (139)

Feature Engineering (3AINssuAmanwely)

Feature Importance (AUENARYIBIANANYME)

Feature Importance Score (AgkUUANNEIAYYDIAMINYE)
Finite Element Method (3alnluledLuud)

False Negative (Haaua29)



FP

FS

FSW
FuzzyNN
GA
GMAW
GRNN

|

loT

lloT

kNN

LDA
LogisticR
LogR

LR
LSTM
max
min
ML
MLP
9]
OEM
OwWL
P, ProgNo
PCA
PolyR
Prog

(%

AMBSUNYAANYAlLAZANED (5iD)

False Positive (NaUINA14)

Feature Selection (M3ARLGENANANYME)

Friction Stir Welding (M3ieadsaniuuuumsyy)

Fuzzy Neural Networks (assveUszamiionuuuiies)
Genetic Algorithm (Sane3udeiugnssy)

Gas Metal Arc Welding (ﬂﬂiL%@N@ﬂ%ﬂIaszLﬁa)

General Regression Neural Networks (lasstguUszaiiienns
anneuvly)

Current (nszudluiin)

Internet of Things (5umaiﬁmmmm§®

Industrial Internet of Things (Buwmesifinvesassnaslugnamnssu)
K-Nearest Neighbours (mafuaniteutulndan)

Linear Discriminant Analysis (NM153tAS18AN5LNLT9LEL)
Logistic Regression (n3annasladan)

Linear Regression with Logarithmic terms (ﬂﬂiﬂﬂﬂaaL%ﬂLﬁuﬁﬁ
NIUABNIITI)

Linear Regression (NM30A00YLTILEL)

Long Short-Term Memory (wu’aamm:ﬁ’mststaLLaziszzgu)

Maximum (AgEn)

Minimum (ﬁwﬁl’ﬂqm

Machine Learning (n5i3euivaain3e)

Multilayer Perceptron (modidunsounanet)

Mean value (Fnsiaain)

Original Equipment Manufactures (Qmﬁmqﬂﬂizﬁﬁgﬁtﬁm)
Ontology Web Language (nwndwsueaulnladuuliv)
Welding program number (MneauluTLnsuNsdon)
Principle Component Analysis (N153LA51%09AUTENOUNEN)
Polynomial Regression (NM309088N11UIL)

Welding program (aneraalusunsunisiden)



PSO
QMM

ROC-AUC

RSW
O, std

SPC
SVM

TN

TP

TS

TSS

U

X

X
XGBoost
XML

(%

AMBSUNYAANYAlLAZANED (5iD)

Particle Swarm Optimization (M3tfisUszAnEasersoumA)
Quality Monitoring in Manufacturing (mamnaauqmmwiums
AGL)

Regression (N30An8Y)

Random Forest Classifier (fdnuszwnmnuiuugului)

Root mean squared (A1snfiaesvesdniadeidsaes)

Recurrent Neural Networks (Iﬂid?j’]ﬂﬂiza’ﬁ/lLﬁEIEJLLUU’JU‘gW)
Receiver Operating Characteristic (1dUlAYANYULATVINUTOIR
pil)

Receiver Operating Characteristic - Area Under the Curve (ﬁh‘ﬁuﬁ
TadulAsanuurA1sNIU0IRI5U)

Resistance Spot Welding (miL‘?ilamgméfmmu)

Standard deviation of a random variable (E‘i’JuLﬁEJﬂLuummg]u
VRN

Statistic Process Control (MSAIUANNTEUIUNSLTENR)

Support Vector Machines (Lﬂ%mﬂmai‘aﬁuaqu)

Time (1381)
Temperature (gaugi)

True Negative (NaaUR34)

True Positive (NaUINAI4)

Time Series (8UNT1LIAT)

Tensile Shear Strength (ANULTaussvasadoulunsema)
Voltage (usesiulnin)

Value of a random variable (Fva3fauU5du)

Random variable (fuU58w)

Extreme Gradient Boosting (nsifisisz@vEnmansdunuugadn)

eXtensible Markup Language (nMwunsnsuaeela)



uni 1

unun

1.1 anudunwazanudAyvaslyimn
Jagtugeavnssuenueudiludseinalneainsondnsosudlavatedudusded lng
sopudtsdmypaadlnagnesnuuudeileuuuiuieielasaialuludon Sande
fadssafionnuanysaivedlasiaing diuvsenauvdnvedlasaiaiusznaudelansudy
Fadulugd eusofudaonszuiuniad sudaaudunIuLUULA (Resistance Spot
Welding, RSW) ffauansluguil 1.1 madeunuugeiifunumddylunisBasasolide i
wazdawalnensonulasndouasaIuudiusavedlasiasne eg1elsAniy n1susediu

AN NYITeeeNkuUnegug L luFowimie

gﬂﬁ 1.1 RSW luamannnssusaeus gih'?i 1.2 mM3idlen RSW

ﬁ]’]ﬂzﬂ‘ﬁl 1.2 LAAINTEUIUNITIT DA 8ALUFIUNIULUUY Faufnduszninawsiy
Tangaostuiuly Tnsardearudiumuliiiszninedudmlans ussdulifignaieriu
Sianlnsanosunsiifnd udrulangliarefusdandduami 1.3 weonszualvilwaru
Woawe mudumuliin iRt uusnaseedove wwulanzazadnanudeuauililans
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Welding
Transformer

JUN 1.3 wHunwn1sies RSW

AaNNYIsesLd eutuuYallanNddyet19d dlunsiusesnnulasn fo v
grunvuglunsalifingdimn ogr9lsAnia nsUseiliuquaimueanisifeunuuyalagls
vhanewduisesivime Tneihluud Bmsveaeuuuuvhaesuandugud 1.4 Huisufoa
fldusgnaunsvanglunisnieaeuganmsosidenlugnannnssy Jaufvinlagnislddmie
msfaflensivdeuruInLaAuAmYeITEBlTon uanand SuiiEnmmadeunuuliiviians
wu nsldnauidesninuigs (Ultrasonic Testing, UT) dauandlugudl 1.5 waznisanenin
AufounuudunaLan onsiaaevseeidon agndlsfinu 38n1amandinlyiudu,
desnidunismseaouuuuduuaziuey funisnsadeudsuyed Felfinaunuuesd

Alaeas

JUN 1.4 MsnTiadeuwuLYinay JUN 1.5 MInsiadeunuy UT

N139599A0UAUNINNITLTUAIENTIATIENF Y1007 TR lalusendnanseuIuns

(Process Signal Analysis) LJu357dUse@nsnwuinnan wesarnaiunsasiiunisialy

sgninnszuaunskdlaglifemenaionisudn aunsalmuaunsdendaduneuiinesa
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Liis
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Current sensor
MF weiding -
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EU‘W 1.6 ﬂ@llW')Lm@iﬁqﬂi‘Uﬁ'gU@llﬂqiLsﬁaiJ

Tudagtu nTeUIuN13RTIRARUANAINNITHANSIAA IR NNTTTuTs UL we Ly
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A1SATIVABUTOLARLAY TIA09LLIa108719UB8 4 FALU9 NIoUINAITY JUBYAUANWULVD

Y
Jyniindiu enudananaln JuuazdeIgniieanaINNTEUIUNITHAALTDYIINIT
PR FINTTUIUNSUIIANUSEUN 10 Wiiseny saeudunazAulgianlunisndn 150
39 weilud 2022 HsnsudindaRnnainussunn 120 AUANNTLA 600 A1 @INA LAY

a =

ngAAENIIHENTIWRS 8 Il wazdedldiiaidn 1 dUanvlunsvenusnanenisuin

v
I~ v

A laduluiniseeniuuias iR ssUvTIMUNAMA NI oETRNLUUIN tneld
Ugyay1Usehvg (Artificial Intelligence, Al) s 8Lt UAd NN UELazAIMU WY 8l olunns
Usgifluaun st aulugnaivnssue ugud ansveziakaziunulun1snsivasy

AaRRAUNNUTEANS A NlUNTETUIUNSHNANLABTIY

o/ < a v
1.2 nQUssaIAT099IUIRY

121 WisiRuINTEUIUNITATIVEBUAMNINNITHTOUMIEAUAUNILWUUATILY
lunsudndadesasud lngdseyndldinadnnisisous voaas 093 nsUuUULBIan (Deep

Learning, DL) iatiiuAuuduguazyseansamlumsussiiuaunmsesiiou



122 LilooenuuuszuunTIvaeUAmA N Tenf A i uLUUaTilly
mManandafesooud Fsanansasudunisldluseninanszuiunisudn ouduugeniiy
sorlesuaraunniilunseuguaunw

123 Ileeenuuuszuunsiiuteyauazuansaniusvessasudfignadsiuusiagu
Tnefiszuumsnsaaaeudeundy (Traceability) tielanusafnmudeyamsuanuazannin

nsueuvessansaziuleagauszuy

1.3 YDULUAVDINITIVY

131  @nwinszuiumandousismiudiunuiuuge (RSW) lagendunisiuuas
MsmuANIINTEUUABNTWET Belifaudsddny Toun nszualif ussiulwih waziaild
Tunsiden el unasilunmsussifiugunmuessosides

132  msnszvaunadenvzdnidunisiulangindnnuuseiags (High Strength
Steel, HSS) Tneidouszminausumdnyiun 0.65-0.70 mm (HrAnunaiaiadey £0.02 mm)
finunaadeudanlud fuwdumdnsdafoasuudlildindouia Tnelavevisanssia
anansasuusaiale 270 MPa

133 ldvususonamnssudie Kawasaki su BX200L lunszuaunisides Tagld
Yudonuuugaidie OBARA U SRTC Fseenuuuntanizdvsunudousisarmduniu
WUURn

134 auAun1sfeuIgIsuUABNNLABEe Bosch Ju PSI63C3 Tulnuanis

[
Y

muaunszualifiuuunsi wiesudmuaunshautuududule iwelvnsdenszualiin
ulvegnauiugwaennszuiunis

135  l%udeumuannsgu 1505821:2009 Tngidonldiuden class 2 type F
fvurnntndn 6 mm dusiugudnats 16 mm LazAme 23 mm ielvldsesdenii
AANESER

136 n3zUIuNsidengnUsEiiunuuInsgIu 1S014373:2015 1nguyanns
nyauAuAwsesieusenidu 3 sty loun seaideuiiliifin seeidouiianysal wazses
ouiifiasinlviAnty

137 WamneieslevdelusunsudmiunmsainnisaiuasUszifiunadnsveanns
Fouwuugsluusiazads Tsunsuiddesanmisamanisainunmvossesifeslussdusigeg

1¢iun Undersize (liiiesne) Satisfy (auysal) uaz Explosion (Weuiflazia) neufisausiay



Auazgndaruan1iyaden (Station) InefmualilusunsusdesiiAiminuusiugl (Precision)

ludtieenan 90%

1.4 sudeuisive

141  Fnwifinuazsansgnuresnmaifennnudiumuiuugelaglduiouasliiin
nszuansaviinaudULna1s (MFDC) Lﬁ'@aﬂ’uawummﬁﬁmmﬁ@m WaZYIINITIATIZY
yanfidssasonisvinuiiiemainveasdesinsuiegunsaldmiunsidon

142  wnuteyaainiedesdnsililunsideudoundsetiaies 3 1iou lny
safulamiznsfimesiiAeddes daldanszuuasufinnesmuaunsiden 1w e
navualuih ussdulnih anfidnenseua uazswuaddumadeundminmaharuazen
sdey

143 veaeanszuiumsdenlaglifurumagey warusuldmniivesuuuda 4
dleeueumiiouadlmilunisfuamadmsaled wenlflunsidioudisunanismaaes

144  hyedeyafisrunldidigszuu Machine Leaming (ML) Tngldimadians
Bousuuy Supervised Leaming tilelvszuuiisuiandeyauavaislunaivanzandgalu
NSAANTHATNS

o w ! a

1.45  MTIesIzYa Parameter Wiafufionaddudfysonisiianadns iy
Undersize ag Explosion 1Moy wazUauldnd seuy Machine Learning Snafs e
duAenuusiugrvestuna tnelideyaannisiamendesiionduidssnmigs (Ultrasonic
Testing, UT)

146  Wisuifisunadnsldanlueafifauituiunamsnsisaeusesidenaily
gty leBudiumnugniesvenadwsilunaasnsanian sails

147  90NLUUSEUUIALAUT 0L ALAZ ST UULANINAA T UTABUA T NEALA A AY
Wielitanansonsaaeutiounduteyansuanuazanninseeiouls

148  AAs1gviuazajunan133de lagwa1TaINaa nsINN1INARBULAENS
Wiguigulamaniudeyadsa

149  dawmIgusiguasunan1sive waziauesnadnsuazdoiauauuzlunis

USuusanszuaums



1.5  @a1uNnivy

v
a

91A15 vaAdeU UM Wese wawmes Aulzll (Uszmdlve) §10% 500/103 vy 3

AUARIEANS 9bNBUAINLAY TINIATTDY

1.6 nsesilefldlunisinise

161  @nwnjusuddmiunudendvie Kawasaki $u BX200L

162 AeNTLABSAIUANNSIToNLUUYA BYe Bosch Ju PSI 63C3

163  Yudonsenrudumunuuge 9 OBARA femsfeuas MFDC fu SRTC

164  ideunesunsiuunas (Cucrzr

1.6.5 wulavzmanvilnanuudiussgavuin 350-500 MPa wadeudieiainlud
TnefiAnumunsewing 0.8 - 1.2 mm S1Iudesty

166 \n3esflonsivaousesiioniuuyn 8%e Tessonic $u F1 fMeainuun 52
M54

1.6.7  1Usunsu Microsoft Visual Studio 2022 f1en1w1lUsunsu Python 3.12
(64-bit)

1.6.8 ABUNILABS Lenovo AMD Ryzen 5 5800 with Nvidia RTX A4000 16GB,
RAM 128 GB, Window 11 Home Single Language

1.69 AduNILMDT Dell T7920 Intel XEON Silver 4108x2CPU with Nvidia RTX
A4000 16GB, RAM 256 GB, Window 11 Pro for Workstation

1.7 Uszlevilfianndnazlésu

1.7.1 Lﬁ'umim’maammmwmmmaq’umwLf"Jummaau 100% o970
TUSUASNIBAINNITINTSIARDINTSANURRUNR Lia 19T

172 aamszn1svhaureminegy Wesnemudesnislunmsnsisgavanasain
mslélusunsutiemanisalnnufinund ldsuiuiidesmsnsedeuluusaz Suanadlé

173 asnatlunsvegeudeundulunszuiuns wWesnilusunsugieninnisel

1

Anudee yiliansadountoyarasnsyuiunsia 100%

Y

1.7.4  andnuundadnninlilinunimiideseunisuannssuiunisas e

AU NSUN1SANANIS Al ianusareunan SuailanielunssuIums



uni 2

USNAL5sUNIsURaZIUIdeNeI T8 IUNL

21 unih

madeu RW 1 undslumadanisdoudodan i fauddyeg 198 sdmiu
gaamnssueueus waldinstauinszuaunsilasnnissuusaluifuasyuoudnld
\leaannfimnuBanguvesnszurumsiliannsausuldfuarenisndavainnangvuiale
ﬂizmuﬂ’mfmuqmiﬁdwauazl%’m%lmﬁaﬁhiﬁﬁ’m’fau Tnon1susunisdimesdiAny Lo
nszualit nanildlunsidon vde useldnntuany §ﬂ‘1ﬁﬁalé’m%'ﬂuﬁﬁﬁzgmmmsl,%au
wwviAerrmannsalunisdestaglaveldvainvatssiin sgrdlsfinu msnsnaeurunn
yossesrdoulusgninsmandndudessin esannszuaunisdiied unegldi uiaves
Funuidon Ssdndudosdinismsaaoy Samsnraeutuutseenfuassuszinn Ao ns
MII9ADULUUYIA1Y (Destructive Test, DT) wagn1snslvaeuiuulyvinaty (Non-

Destructive Test, NDT) &aliuunzAumsnsisaeuuuaienisuansasuitutiagiu

JUN 2.1 nsgvunsWenrlugeanvnssuenugun

2.1.1  A1sWaIL RSW Tunisuanenueus

M3igeu RSW dunumadAglugnainnssunsnang uguduog1ae1iuu

o

mmiaamssy ladunssuiunsinadwazduanlunsideuunulangdmiunisndnlu

ee

USunaunnn fagui 2.1 windt RSW lasumsimunauiiveannisldussanilunseuiunisiden



denBsuiileutuisnstu Wy mliafevndwieniadeusiia Snsdadunszuiuns
fhoiunnandussutlumonisuszneulasadasueud

degaamnssunsadneusudiamnndu Tagdldlunsudafldiaunly

wioniu Tngiawnzatnads waniienuudausegs (High Strength Steel: HSS) uazoygiiien

Falasuanudeuunnduiesannaiunsoaninvinvesenususlalagliaanauminulasnie
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FuduladudrAglunisiiuysz@nsannislindsnu waznovauswounsgiuaunisiasy

dminumantdlagiesnwianudifgues RSW lnglanziile

uaiwiazAuddy Jannd
sodldemuminanuudausigeiuas (Advanced High Strength Steels: AHSS) 19U wiéin TRIP

v
(7

(Transformation Induced Plasticity) @ 4819 9A210uT 945 suaza108 ane uv ¥r8iasy

Yszandnnlassasrslimuneanisuu

'
=

JUN 2.2 dudsenauresiatiasneus

u3delae (Brauser, S., Pepke, L., Weber, G., Rethmeier, M., 2010) [10]
dugrdsanunuasuuadluiuamamanane usuifigaduussdns i uiasany
Uaeafoinndadu uuliiudldndndunisiauinaina RSW iftsesiunuauifanizyos
AHSS Fausfaedmuudaazanumumiugs witimieufumiuyhmelusuaiuaunsaly
MsBennazanNMYRITEELTeY SWATHTEYIN AHSS Tunltufiesinaudumad 1wy ang
uaninuianiseasiedan (nterfacial Failure) uaznisuaninuuy Partial Plug dewdgyi

= = 2 o
ﬂ’J’WQJLﬂiEJﬂQQ ‘UQ@]?Q‘\]’]HLMaﬂVI’JbLU



AN Imemai g nisldaunsalideuduge wWu ssuuaIuAy
nsgualiiiiuuuaai (Constant-Current Control: CCC) agN15AIUANEMNN I Ll ue
< PRY = ] < 4 —
wielvduladenuninuazainuud wssvesynd eulugnainnssuegun(Oliveira, J.P,,
Ponder, K., Brizes, E., Abke, T. wag Ramirez, A., 2019) [53] 8alUni11u 1i8931ng1ueus
Tulagdudnusenaunigaalounaneiugananini 2.2 n1355uUseiunmnIngaoud e
ANUAIAY Y198 il TiRLIALLlAE LAEIEUUATIVERUANAINAAINTONTIITY

Jaunnsaalauusealngd

12 4 — - 350
—— Current 300
10 ——| Force
I 250
g — T
= 200 2
[ =
g 64 3
5 150 &
(&) ['
4 4
100
24 L 50
0 Fo
T T T T T
0 10 20 30 40

Weld time [cycles]

U 2.3 msrdiweslumsiBeniilédmiunsion RSW veandn Usibor 1500 [53]

341U7 98 (Shafee, Shaik hag Naik, B., Sammaiah, D., 2015)Dancette, S., Huin,
T.,.Dupuy, T.uaz Fabrégue, D.,; 2021) [69,16] &auanabiniiuigndaldwauinagnsnis
muAuiansaUsunniwesnsideunvulauninlusemnnszuiunisdnmi 2.3 il
\inUszAvnnnagaunmuesgaien witagildasiidoditanionnurimelunadend
n Belunindu mawdsunldfanifanuudeusegs wu AHSS TandndulmAantsiam
waluladmsnmvaeununmyadoufiviuaiiy sidlusuuuudaludfuaznismsaaouuuy
Soalnii n1sldszuudueaidugalunisnmadeunsruunisdennatoifusnasgulu

¥

gnamnssueueud Jeelinanaunsomuauwassulinunmnadenlieg195ansa
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Fig. 16. Peak load-displacement curves for TS test (a) and CT test (b). Peak load and failure energy TS test (c) and CT test (d).

Imm

JUN 2.4 awwthdiamisuaninuessesilion (a) anniglvan TS; (b) @an1iglvaa CT. [14]

wazdUszdnsaiw s9uAsuaan 1wu n3fnwdl (Chen, x, Li, Z, Wang, Y-
Q. Yang, D., Yi, H. wa¥ Xie, G.M., 2023) [14] Ifidiudsnnudfyrenisuumsifimediiie
Jostudaunniosfioraintulunszuiunisden 1wy maialnss (Porosity) wiensisiy
JHosmnlaveiman dasnmit 2.4 matlestudounnoananitisusesinadeuiiniuamy
wazUaendelussuzy
nsiaummadanazaunsal RSW danuduwiiladrdgylunisnevaussse
AMfoINITesgAAmNTINETUBUS Fajadudtunisaniiniin Muenuufussvesian
wagauvaenfevedlassadne nsussaidmunemand sududesordenizaiugy
nszvrumsdonfiudugunniy siuduneluladnisnsaaeuamniniidnade tiensuauas
sedormunsnueuUasndoveaiuilng wazanasgruidunalugnavnssueuesud
212 wdnnisiugtu gunsal uazdaunwsasiinutaslunszuaunis RSW
Msidou RSW vhauuundnnisvesnisananmdouiiiAnanamiuniu
s nufindudassrinausulanaonukuniomnnnit arudoudvlilonsvasuaras

wazideufndudiadudias nsvuiunisiifeadestunsuaesnsualiigeinlany wiou

' |
o w 1 o

funseenusinantalni JadedAgilinadenmuninuazanuaiianoresaies laun
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nszualilin usenm uazszeznatlunaidon sunsaliavngma wu vusud Juden uay
sruumuannangminnlfifiefiasz s nwlunszuauns nslanzegisbsluamonisnde
guBUATFDINTHARARTLUS AU
2.1.2.1 Yuguduagsyuudnluli@lunszuiunis RSW

lunszurunmsndngueudadelul vuswdgniiunldegraunsvang
Tumsiden RSW flelfinmnuusiuduazauaiiane usuddiliaimisaniuguusane
ndalwillFegnaasiane fanindl 2.6 uazdsuaiumidunndenldogiouug fad
anuddnionsaingaideniiudausuaziedeld Invorde nseununAnveszulaues-
NAFA(Cyber-Physical System: CPS) dmsunisiden RSW iieufdgwivesinslunisiuses
Aunmmaden Tneszuuiiauenaumyinuvesaisudounasdeyannduisesidiiu
mi"jl,m’lzﬁ%’;uq\‘i ﬁﬂmwﬁl 2.6 (Ahmed, F., Jannat, N-E., Zamanzad G., Saeed R., Jeremy
ag Kim, K-Y., 2019) (Bing, W., 2025) [1,9]

Taealy vugudildlunszuiuns RSW snilluueudgaamnssy
WUU 6 wnu deiieudangulunindifeiundsing 4 vulaseasasosud vusudinaiil
yhausmiuiugunsaldu q wu Judeunazaufumedmuauiatlunaien lngssuy
Salusigaelinszuiunsifenaunsavsuiliidfuianuaz sunseiinainuane 1ile

MRUAUBINBUINTFIU

SUN 2.5 Msideu RSW dmsuanenisuansanesaeus [27]
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" ~ Weld Force Werkpiece Paramater { WE 1T . . "B

Process Condition

Resistance Spot Welding Machine l Weld Meatmap S

=

A beccm e ——— T e Y ——————

............. T i e i i i B i s e e B e e e b I AN

=== | e e =T -

Local Local Local Local .

Storage | Storage Storage Storage .

T % | ry a -

v . v v

Cloud Storage ‘

loT Data Platform

JUN 2.6 nseunwIAnvesszuululues-menw dmsunisilies RSW [1]

AUANUABATBLAL AL IVDIGAENNTINL LB aetanz

aa Y

A157LASIEY Y oL ad A Led unNsLsa(nfrared Non-Destructive Evaluation: IR NDE)L

Y
[

MIIAADUTUTNUAZUUINTDIPATDUAMEANUUI U WAEANNTIANGIES AegUR 2.7 uidedl

Y

1430le 90 4 910 7 YnvesTaniiey lagiaunIsivdlunmssiunudeyadmiunisineusy

WIRU18UsTAMLTIEY (Mathiszik, C., Zschetzsche, J. wag Fussel, U., 2019) [47]

=
—
WELDING
MACHINE
IR
& camera
Spot weld

JUT 2.7 unudadlassasnavesnisnsivaeusesilieusiemaila IR NDE wuuduladl (47]
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2.1.2.2 Fudouuarnmsosnuuutalui

Hudoudugunsaindnlunszuaunis Rsw Aldusslunisnadalutih
asvuurulany Yudeniludszneusedaliliiaesds (Gruinuazdaau) ARnsauuway
yiusud SsmuauessuuiuAnriewesln Tusgiunisindauarsunsevestudiu Ju
0110719 VANBUUU 19U LUU Ctype Uay X-type Aan1wdl 2.8 (Tiedra, P., Martin, O. uax
Lopez, M., 2011) [73] Tagduluu C-type ﬂﬂgmﬁaﬂﬁl,ﬁammmmmlumiaaﬂL,Liaﬂﬂiéf
g auna Tuvrituuuy X-type grldluanunisaifinisdrdefiognadidn nmsesnuuy
il Festnvannmeunmiolansraumasuns %agmﬁaﬂmﬁamiﬁﬂvﬂﬁﬂﬁﬁLLasmumu
LWiwsﬁg’ﬂw%%éfaﬁuﬁafﬁ"UﬂizLLﬁlWﬁwqmazmmm%&mwna WANTSE BUAN N VBT
Flianansavildnssualni bl euazfislonalumsiindounnses wu msiin
TnswFesesunnld drdunstigadnmdalih wu msudsgunsdadudssndudelins
\Bonnunmgeasiausluyuunsnangs (Summenville, C., Compston, P. uag Doolan,
M., 2019) [70]

U7l 2.8 Yuideu RSW (a) X-Type (b) C-Type

2.1.2.3 AU IRDIAIUANLIALATAIUANNTE bl
aruusiuglunsmuunauanssialiihdutofeiiugiuluns
a%’wqmﬁauﬁﬁ@mquq ﬂauﬁaLmas‘muqmnm%uﬂqmzmumiL%maamﬂuam%umau
¥un natlunistu natlunsden wavnatlumsnatunundnisidou é’agﬂﬁ 2.3 M50
Ao mseenusenalitaluihfeuduiuuilans doufiszddosnssualniniie veadulalns

Fo9313busEninamadion druniailuniswen fe Yrsnanivdesnseualiiuieasnsgagey
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waziarlunsnafunundimadendetisnafidnwusanalilansuasuldifunasudei
nsusunataznsualiilineandud s fgiietestudounnses Wy auinves
yndaalliiifivsneviosesunniiiinananuiaisananuiou laglanglumdniifaniy
ufausege sruU RSW Aivuasieldianiuauuuudalusunsudsguil 2.9 168 samisauiu
nszualiiimudeyaaniduisesiinsaaeumafivoseing 4 Mgud 2.10 1wy gyl use
wazn19.ad oufiveadalwiln 35n13mauRNLUUYUR(Adaptive control) Ly n13USu
wisdwesnsidoulnednlutifiiesessunisiasundasluaumunvesianuionisdnnse
yostalui iilednwamnmmadenliaiiane lnswiuluiToudouniaden Rsw lu
50UNBUNIN (Han, L., Thornton, M. wag Shergold, M., 2010) [33]

JUN 2.9 pauImesAIUANNITWRN (Weld Timer)

Weld timer Medium-frequency power unit

Direct Transistorized
Mains 6-pole bridge current transformer Welding
50/60 Hz rectifier Tink cireuit rectifier transformer Rectifier
s
-+ =
L1 U - —’} — &
+— 2 tEHK 2
S
L2 \ l c 5
+— O\ V== >— %
—
L3 @ w r _ } . [k adl
I — 5
Driver T Temy Constant-current
monitoring regulation
Power
cupply Controller : I~
supply Secondary voltage tapping [ |

JUN 2.10 unuddlaezunsuvesduesines AsuiiinesmuANMIdon uag niauuad
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2.1.2.4 Founmiasiinuteslunszuiums RSW LAZIATNITAIUANANIN
usiingunsal RSW fiviuasioazdianuusiudigs usdeunnsedly
adeussnmulfifosnnnssuiunmsiidudouiiduanufeusasnamans dalidounniasii
2Ry Faguit 2.11 T
1) nasialnse iinandei daog aeluged ousznang
nszvUMsIuMetnTIng Sevilsigaidonlaiudauss
2) seEuAN: ANNASEANINAITougluTaR W AHSS @nansavin
TAnsesunnnelugadoudsilvinuudsussanas (Pattanaik, AK, Panda, S, Pal, K.
ey Mishra, D., 2018) [55]
3) msinaziianisideu: edinisldnszualiiimiousenauin
Al agvililanevasuvangndusenin vilfvuinqaidenanasuazailousouneas
4) wurveadeuEnnImInTIgIu: Manszualnimienanly
nsdenliiieswe 9aideuazdivuialifunasisniguidesns vlrgedenudausdlsl
Wgawe (Moshayedi, H., Sattari-Far, 1., 2014) [51]
5) msUseiewinlavzman (Liquid Metal Embrittlement:
LME): Hudaunniasiiintulasianizlu AHSS Famsindeudedsnsdoravhliinmim
Lﬂi?zﬂﬂﬂiﬁqmwgﬁgﬂ ﬁﬂﬁm’lwﬁ\iLLN‘UENQ@L%E]M&%& (Geslain, E., Rogeon, P., Pierre,

T., Pouvreau, C. uay Cretteur, L., 2017) [28]

Failure Mode 1: Button Pull — Complete Button Pull-out

Partial Thickness Fracture with Button Pull — Partial Thickness

Failure Mode 2: : 3
¢ Fracture with partial Button Pull-out,

————

Failure Mode 3: Partial Thickness Fracture — without Button Pull-out,

Interfacial Fracture with Button Pull-out and Partial Thickness

Failure Mode 4:
Fracture,

Interfacial Fracture with Button Pull-out — No Partial Thickness

Failure Mode 5:
Fracture,

Interfacial Fracture with Partial Thickness Fracture — No Button

Failure Mode 6: Pull-out,

Interfacial Fracture — no Partial Thickness Fracture or Button Pull-

Failure Mode 7:
out, and,

Failure Mode 8: No Fusion — no spot weld has formed.

L

U7 2.1 Tnuauagnalnanuidosne [70]
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dleandaunnsounaril fuasldi5n1sauauamamang q s
NMNAEeU DT WagNITMAZaULUU NDT wagmInsivaaukuuisealng lagdsmsmegeuwuy
livihane wu msveaeu UT gnianlfifleuszifiusuinvesyaidesuuazasiamdounnsos
aelulagliviliiAnmnudemereqaiden fanwd 2.12 (Xiaokai, W., Sanyue, G, Lin, H.,
Bin, W. Wag Ximing, H., 2018)(Ahmed, F. way Kim, K-Y., 2017) [80,2] lau1ia@uenis
nndeuLuuiEalng dsunsafataulagldSanaifiu ML annsansraduanuiaundly
W13d0eTene q 1y nsiedoufivestalidi nsvualaih wiegumad vinlwanunsa
U%"ULU?{aumif?iy’qmmwﬁ'ﬂélﬁa%ﬂwmmmw (Geng, C., Buyun, S., Gaocai, F., Xiangxiang,
C. wag Guangde, Z., 2024)(Kershaw, J., Ghassemi-Armaki, H., Carlson, B. kag Wang, P.,
2024) [27,36] snénetaty lumailld Data driven ansnsaiinsizsiunlilaglddoyann
Buwesuazummimesiitetestuteunnsosneufivsiintu auldinmsfnulunuide
fyjafunisnsadudounnsowvuiialn Snvisdildinadanisiiutoya (Data
Augmentation) uuulmiifieifissinadeyaiineusy nadnsidaumnuandviiuiiisds
UszansamgdlunisasiaaeunanImnisifes RSW Hwuszuuitu (Ahmed, F. wag Kim, K-
Y., 2018) [3] ldvimsiiusiusinanguansosus Lﬁaﬁmﬂsﬂuaﬁ’mﬂgmi&fﬂﬁuiﬂm%’
33msaulsiinaula (Classification and Regression Trees: CART) 1l adupa1umanguaz iy
awaansolunsusinrmiainedu uanddiiiuitooulnlad RW Fefinisanang
mwannsalunsidenanyadeya aunsoinsvnavessesidon RSW 1 lnguuimae

Msva9sesttaunyinuieduuinlnalfAg i uaAIas

3U7 2.12 (a) Mdan1snsiaduaiegadudansiledn , (b) dregsudan RSW, (o) Yany

ﬁl,ﬁﬂimmmm%u%au RSW [80]



17

22 arwielunisineauniwnisidey
221 FTanuamiddguatinunanudemelu RswW
Tunszurumaiden RSW ﬂmmwmawmL%auﬁﬂgﬂﬂﬁzLﬁuimai%ﬁa%i’mﬁﬁag
naeUsens laun GummLé’umuquﬂﬂmwmqm%m (nugget diameter) 317 2.13,
ANINANNTAINSNUN LA LS UEBY (shear strength) FanIndl 2.14, wavdnuarnswanin
(fracture mode) é’h%’?ﬂméﬂﬂiﬂuﬂﬁaﬁﬂé’@ﬁwﬂizLﬁummLL%QLLsaLLam’mmuwmmaq
yaidion Tnglamzegdslugnanmnsueueud Jsneaidondesanunsnsessuauaion

WJalassasnalaegnadiuse@nsain

+d
2

_ D nin e

/L

Lo
==
B

_1-_
]
-—
-

Ul 2.14 MIvAABULSSRILUUATAALANASEIY DIN EN 1SO 14273

LTI T T N VT R T RO T R e i Ko T PR AV PR RHR P IR

nsfudmin Wesnyadeniidvwimdniulidndanuwdwsaioaniiuaziderents
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o o o

W@y uanand AuatusalunIsnuniussnsaasusudusdTnddunlalunisuseiiy

o

[
A a v o

Anuansaveadenlunsiumuwssinseiluiianiswuuduiuiy fadudadeddy
AaANUaAABLAYANUIT N DD UBUATUNTTITIIUATS
lunszuaunsidon RSW Inuannuidemefididguisesnduaosussinm

an town ANULELeRNURL (Interfacial Failure) kag AMULESMIELUUAIRN (Pull-Out

¥ '
v Ao o v A

Failure) Sslvummaniidusiinddyfiasioufivszavsnmuosgaidon fgud 2.15

1) Aruideveiinuia Antudlegadouliansaideudeseuinsuulany
eiognaauysal Fatnidunasnnissermaimesilivuyan wu nssudlidhldiisme
vasusesnaandaliliilifieme dwalduudonranuudusuaziuvnlduiiavdens
Tadey

2) Armdsesuuuisenn (ind udonuadondinainegusigniseanain
wwlanenileaneliusaioniousaadeaiinnivll Jamidtninanmsdaianinadilsl

=~ | [P -~ = o L A
PWENND LYY ﬂ’]ﬁﬂ'ﬁ%%’]&]LLiﬂﬂ@i&lﬁM’]LﬁllE]Vﬁ’e]ﬂ’]iL‘tﬁaﬁJW‘lﬂﬁiaUﬂﬁjﬁqumﬂL‘Mll’]ﬁ’ﬁll

|

1
)8
T..
,!

JUT 2,15 UNSIUAEIUINYRII0E M INAABULTIAN (a) huubasaud, (b) wuudan, (o)

LUUAINUIN [33]
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Tnuaaudemeiiaesssnninansevuesnannaeauuduswagann
Uaenduvesanidenlulassaiueueud esnusasinindinasionnuaunsalunissesdu
wssmelddeulvnsldnunandsiu ievsaifiuanuaiiosveanszuiunisuazleunis
7 ou(Heat Affected Zone: HAZ) A gausuldluniainisidenduandafu wagTingie
AuauT AT InaswNIAgeULTLd oulazussAsdmi UL ouvuInsingg (Gorti, .,
Mukhopadhyay, G. k@ ¥ Dutta, K., 2022)(Shojaee, M., Midawi, A., Barber, B., Ghassemi-
Armaki, H., Worswick, M. wa Biro, E., 2021) [31,65] 8nvisdsfinmstnaueislmaldmiunis
nIviansnzquessesidonlunszuiumsifon RSW vesjusuduuuiSealnsiuaznsmaaeu

U

wuu NDT @eiieilufdinnunmidiaydmnsunisuandidisosus 1pddunsinsyilag

q

nsfsaauiRRndyamnisiedeuiivesdidninie Inednmsmaaouniuannsanalives
Qmauﬂ’aé’zyzyﬂmﬁgﬂuamwmimam‘dﬂﬁuazﬂmﬂﬂ@ MU el UaeadBinsz
dwdumamensalmanzquessenesriiunmsiassmsnenin
udTetlfiRuinssuasumsiimesndnlunszurunisd ey laud
nszualiin, wsennandalin, way szegnainsdon fenmi 2.16 fnastauinde
A nvesgaLdaunaglonalunisiiateunnses mnnszuandeussnaliiiisswe 9aLdeu
onaneldauysal dsalififndyvinsmasuinlsifiudivilianuamsalunisuseuss
\Bouanas lunanssiudnu msldnssuanseussnaiigaivly oravilsiAadeunnses 1wy
soounn Fudunaainnisveredivetninudeusd1sinia wie msiinlnss Fainanfiiei
Qﬂﬁ’ﬂLﬁUimLmL“ﬁau (Xia, Y-J., Zhou, L., Shen, Y., Wegner, D., Haselhuhn, A, Li, Y. hag

Carlson, B., 2020) (Ravichandran, P., Anbu, C., Meenakshipriya, B. W@ Sathiyavathi, S.,
2020) [78,59]

Close
Open Open

Start

Weld Current

f

| T !
i sQz WLD _IHWD :
: Squeeze time Weld time Hold time :

% .
i B

JUN 2.16 dwiuduneunisiinsesiteuvanisiien RSW
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19

nsmuaumsdweimailimnsaufodudshdgioandounndeuay
Wunaamvesgaden 1uAdeseyiinisldling ML Asaudad Yawmandaunsndaeli
psrapUnsrUIUMIkUUGEalnldosaiiuszAnsnin Tnelumamandanansossyuualiud
U fsmnudumanvesgaidoudanii viliannsausumaiwesuvuiuiiiodfiuaim
ahianouazamMNIasgaLdon nsasrUUAANsalitul itesdisandeRanansly
nsTUIuMs widufiuanulaensouazmnnindeielulasadivessasudldogaditedfoy

2.2.2 waliansnsiadeulutagiu

wiadiansnsaeauuuusafugnildogiunsnaslunszuiuns RSW
ile3usesqamnuesyaiden Tngianizlusunisnansueudidanudidey wu nsvageu
UT msanenwidneisd (X-ray) wagnsvad@euwuy DT Ingisnmsnadeuiuuinaisfeusiagdl
ATIILILENE WidpsliiEnsvhanstunuiionsaaaeutiaderng 4 wWu amuanasaluns
YULTIRS YuIRTBILITen wardnuaznuanYin MTileTgilassaienieluvesyaidon
MunsnadB UL U asasnsalsideyalidnifsfumuaninsaveadenlunismusie

= ) = i 3 Y o P v ° & =% o v
AIULATYANINNG QQEUW 2.17 E]EJNVLiﬂWm VLAYVDIT Uﬂaﬂqi(ﬂa\ﬁﬂqa’]EJ?]UQ’]TJGUQVHSLV

suugauazlifivsednsamlunseuiunmskaniiusnng

/\/_

JUN 2.17 MInaaeusesdousiedd

FBn1svadeuuy NDT U N1sVadeuiieaiudeuasn1saien1manaisd
lasuanuiisnunduiiiesainauisaussiliununimaesyadsuniglulagliiaieduan

(Dejans, A., Kurtov, O. wa Rymenant, P., 2020) [18] iun1snaaeusieiznisldaaudes

Wen1snsndTutounnsesniely fgui 2.18 1 sesunn n1sviaeudnliauysal uazn1sia

s nedefndnvesislfedanuududwazaiunsatideyawuuissalngd wangdmsunis

a

asrvaeugadenluviinawnn mssemmdnasdiludnuiaSausauanininlaseasis
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aeluresgaidonldedanden shlaunsouondudeunnsesiiorafnduld egrdlsia
38013 NDT wighilfifednin vidldinauuuasdonisgunsniuazinuzianisng Jevhlsd
FunugslaslamzdnIugamnITNLEUATIRBINNSNTEUINSHEATITINEI)ANdreol, A,
Chertov, A. wag Maev, R., 2016) [6] lafAnwianuduiusseninansinmessuy Real Time
Integrated Weld Analyzer hagnani1snaaausuuaen (Peel Test) N15MAaodLf eadaafy
mMsfnwvunavessestden dwiuarumunusiulave amadon uaznszudlyiiunnsng
fulushegrandnndasueus (Mild Steel) Tnefigassmneiiteuszidiudnsaimnslday
ssvudanslednuuulunaniealnfluanmnadeugnamnssy Jehelvannsayseidu
aunmvesgaiien snualdlaglivhatetuny Fusulfihnmmegeusesanslednuuy

Sealngdanunsaltszuuilunisuszliunisdon RSW teog19utaie

Thermocouple

top electrode

Thermocouple

bottom electrode

AE sensor

v
4:1' i v a & a 1

JUT 2.18 Tasad1weaduiwes AE TRadsuudidninsnaiuans sudanesluduilaiifneg

Y

vudou [18]

1N10I1INYBITNIINTIAADUKUUAUGY N15UINTITeUTVRNATRUTNLY
Jaduniaulalugrugmadeniitiefindszaniamlunsuszidiununm maseudvenien

U130 IATE oL AIINEULRSTIWIUNINBATIITUFUL UL ANANUNATID1R YUY

= v

199PUNNT D9 N15M5IABUNITHU 8 UUTUNIFTIALRBS LYY NI5LAA BUT V99 2 il

a

nszualiin uaggaumgil Aegui

Y

2.19 liarunsamanisaldaminiununnnauii ag

wanana lnenisiSeudvenaseiivenvatgusenis loun:
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Welding Robot

Spot welding plier ",

h 4 Cooling water
E{\ i ,/»;“f:. - 4 §
. 23
= 'l", - Ultrasonic probe|
3
Car white-body w7,
A " T
\\ S . P

Electrode cap

Enlarged partner

JUT 2.19 MInsaadeuamun nTden RSW eaulatmeiindanslelnuuudnaslussuy

(In-line UT)

1) nM1sasadeuAMNINLUUTealnl: Tunan1siseuivesATosaIunse

¢ =

AnnzinunmvesgaLdoustreied viliasonadumndssuuldluiuiinienavs
vanfsdisunniesiiintulusewinnssuiunissde

2) AANSHININIINAFBULUY NDT: faenislidoyaidemmanisalannnis
Bousvennies fuananansnaneuiilunisldis NDT uuusaiy Yssvdanauasningins
Tuvaigidanssnuanuusiugily (Moomen, A., Ali, A. Wag Ramahi, 0.,2016) [49]

3) N15AUANAMAMIUUSAIULR: sldszuumsFouivouaiosdeaely
nsnmatudeunniasiionnindulunssuaunadon TnsmsiinssigUuuunasdayg o
Iisvanndumes fguil 2,20 WenuanuAaund szuvannsaudadeunseiumnimes
nadeulpesnluifieudlotigm S8nmsitivanmiuidsmomnismdatunudifauaine

LLasLﬁummmL%'aﬁama&ﬂismumimam(ALi, R., El-Betar, A. way Magdy, M., 2024) [4]
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Robot Controller Visual Sensor

c

* ontrol Line
Teach Box 5 N

General input/output]

—;_
Robot Positionger

UP6 Robot

General input/output

Arc Detection

\ARAJ

Image Card

Arc on

ey CARSRSESNS

Host Computer
A Iterface Box Cas Y
Y " GND
\ Y
Weld Power Soure ﬂ Cooling Water Tank Gas Soure

Inlet ] ]

Qutlet

JUN 2.20 unuAUlATIET9UBINITVARDINITNTIAABUTOETEU RSW [4]

n1sidsuudaslugnisun ML wiunldlunszuiunisaivauaanindy
meeaniddnanmdmIugnangueus lnggigannsian1isnisnsiaasuildnineginsuin
wagyiianunsaUSuasunsasayiuil dadiaiinuseavsninlunisudanazansuyulunis

NaR

2.3 N13AIIEABUNITUIUNIT RSW

23.1  wasluns Waunswsa (Infrared Thermography)

[

waslunsdunsusaduismsnsigeunseuiunsitien RSW wuuldduda

v '
a a Il

JURAT U bR ug ek nsvane taeluittarldiasasn1an 1 nainusaud uns L SA B I U

LYY {

Yayanusouniidudaseninadaliiiuangu Inguansguuuuvegamivuiiubives

v A

DT liteyand1AnieIiun1snefiveIuuidon N1INTEUANUTOU WALANAINYBY

<

WuATeu lnglanizagede JUT19ves HAZ figaumgiiduiused1dlndifssivuuiauazaing

U

WIATIVDIUUITRN WUTIFUIIDY HAZ vosgaumgdfinansenuegrsindenduausaly

Y

ANSNULTWDDUVDILUILT DY TILFAIDIANUFUNUSTALAUTENININITNIZANEAINUT DUUY



24

fufauaramnmlassadrsvounden uenani msfnwidaadssenuiinisldineslun
il wazBungeagliannsansaduanuunnisvesgumgRfiTisadmiseld Sadu
anuwsiuglumsinnenunwvessesideslasmaluladdunsusn dsniwd 2.21 Aiamn
uihdelimansaltimeslunsfinanseuenmedudafiuanulwenisiasunlandntes

Tunsnediveswuidon v lidudsiiaud et owazwiuguInudmsunisusyiiiu

AN msuuisealvlluaiensndauuudalud® (Sim, J. wag Kim, K-Y., 2018) [28]

videos Quality

IR control -
cameras Training Testing

Sampling/ Validation/
v {d.
i

. Post-weld
Offline IR —»[ Labelled Datasets ]'— measurements

assembly verification

p learmning models Nugget size and edge
sature | [ 3D feature Quality indication

Real-time detection —
IR videos Quality index map) In-situ
control prediction

JUN 2.21 A5EUIUNSIAETINLAEEIUUTENOUNENVBINITATINTUIUINTBELT DU AL ULR
Usnauslgasstuneu (N15muaNAnAINTaYaLazn1InTIITnTInTosLYay)

wazyadeyaniinssrythemiuuarluea CNN [8]

232 waluladi¥ugaivanesa

SHUUMIATINABUNTEUILUMIT o1 RSW uuuduifusine donisussanaen
mmsiisedidu nazualiiih sl uasusanaannda i GuiUsinanmusaun
Fou widrnstamanialidoyad s1du wifinliarunsadunisd suudasly
anmundonvesnsionfionvdmwarionnnm Wy msulsUsIuvesTanuienis@nvsenes
i aluledidumeivansmTadrusuitymi lenmuduseivaiesia digu
7i 2.22 A duresTanssualni wsssulil Bursise Sansledn uwaznisld high
speed thermography LJumafiafifuszansamlunisiSeuiiouiaiunmseninadoya
NARBILAZN1ITIR0RUNY Yredudunanisiuigysyifgamgivesuuuinass RSW g
(Brizes, E., Jaskowiak, J., Abke, T., Ghassemi-Armaki, H. lkay Ramirez, A., 2021) [11] 31N
n5388904(Xing, B, Xiao, Y. Uag Qin, Q., 2017) [82) lduszifiunanszvuanmisidesiuy

nszualndln (Shunting Effect) lunsi@iou RSW lnelddayaunisindeuiivesdianinsiie
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Jinrzvisond eulumdnndiasueunni dszeevinsszninesesideniunnsneiu lne
waluladifueinaremdteifinauaisavesszuulunsnsadunmaudsundasly
anmuandausuusealny Tnenslidyaiafeuarmindeannzidesuuainuni
Mgty Wuweddunsnsaansnnsatunisildsundamesgunniiui uwes
sansladnarunsansiadumiuiaundaisluunden waziduwesiausanataglunis
nsdeunAnTserestalnilnazaaliaianovestan Wuwesmandsmfuiieling
Tavweiianuusiuguarannsausumiladmiunisuseiugaunin Hglvdudnaunsadnm
wnsgrugalduinelianzgnsndainsiu ann53deves(Daniel, | Gardia, E., Soret, J.
uay Martos, J., 2022) [17] Iianisnsmsiaaeuannvesmuidenannyesn1suuives
wudeu Tasdredmnanuduiusseminseulinssfuvesiufounavauuuslmdniiiody
Tngldia3esiletaaumuiingn wazinauessuunuuysaunsdmiunsnsaduauly

psauluagn1SHAN9S

-
J Objective Beam

Power : L |
Source U,

— NN

ﬁ—]] — i+~ A/D Converter
j='J Laser Displacement | l
Sensor [
{ Computer

RogowskKi coil

JUT 2.22 wnudadalaseadveuiudygaainnisidien RSW [82]

233  nsiadigaduides
nsmsraaeUfendudess Acoustic Emission (AE) ldmsnsiadundunid
FosfiAntuannisivdsuntadassainsssriemadon wu msdeguvestanuienisuan
pAudssTiAnTuiignastuuarinseilaglfifumes AE Tunszuaunis RSW aduidesa
gnudeseenisEwininsiefveaLTouuarsrinmntasuudamislangine lned

o o 5 C o o 4 o A aw )
aﬂwmsaigzywm‘wLmﬂmﬂﬂummsm@mmwmmLmeam GNE‘U‘VI 2.23 mmﬁ]asuaﬂ(PolaJnar,
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., Grum, J. 4ag ESMAIL, E., 1999) (Ono, K., 2011) [57,54] wuindeyeyas AE daaulagesie

a a o

M5 UABULUAIURINTS AW B NS Y YiNlin1sRs1a@aue AE JUseansSnindusunis

muauamn LU salng Tasnsfndasueesfivadondinmi 2.24 dregadu Ay
uanFnsvesdayaa AE anansusvenisanuudsvesiaguiemaidulaveauuandon ol
asdunsdeauilunszuiunisidesnsnnds nsia AE fusslevdegedslunsnmaaey
wanfinnaudausigs Sedygyraundudssisszymsasuasiddylulasiaiiagania
vadlavgszwinmaifen FBn1saseaounuu AE durelfausansiadudeunnies iwu sow
unnuagnsvaouAnliauysalldogesansy sliulaldiuundenfifiauamgartuas

inudnganenisanluganssuiunmsaaldla (Luo, Y., Li, J. waz Wu, W., 2013) [45]

Fy Ambient
noise Pre-press Walding . Forging Release Cooling

|
' A
e e “Wm\,’/ ﬁw,

5.1 52a

=p.

U 2.23 dayeynnd AE i lUseminesmsidon RSW [57]
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@

JUN 2.24 urudaIN1305I99U ”fyjz:gmmﬁ'uﬁweju (Elastic Wave Signals) [45]

23.4  msasradaunsmvasaudunIuLuUlaundin

nsasaraeunslaui umusuulaufinldnareidusau i ndnves
aunmkuden esniianuduiudladifeaiunisivavesnsruauaznisadiannufouly
nszuums RSW lusgninenisiden lngmnusuymuseningiagaziasundaslumunisne
fvosuuITeu %"QIUiiﬁ/\lémméﬁumuLLUU”l,mmﬁﬂﬁmmsauaﬂ%’agaﬁéfﬁﬁgtﬁmﬁmmmw
geauuadonld 1uATenatstunuil dnvarreinuR uNIUT sz RS UL
Woudiudawssuaznuniu Tusumzﬁmsl,ﬁmLuumﬂé’ﬂwmzmmﬁ‘vﬁﬂﬂq%ﬁqﬂmﬁm WU N3
vasudnlianysaivionisiinlnssiiunnifuly siuiuduves (Gedeon, S, Sorensen, C.,

< £ a

Ulrich, KT. wae Eagar, T., 1987) [26] WununLU

Y 9

nIsnsdulUslvldamnuduniudsgun 2.25

=
VUSNNT

Temperature Nugget Growth
increase Mechanical Collapse

Surface Asperity
broakdown ftening

I
I

Resistance }

inim i v i v bw _

JUN 2.25 msidannumingveensinanua unuganainludmeud [77]
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nsAnwiaAnlag (EL Ouafi, A, Belanger, R. wag Guillot, M., 2012) [23] lawmunguuuy
nsweRuNLLIEBNKUUSBaln n13nsIvaeuAuiunIuLUUlaudnduselev

ageddluanimuandeunisndnnusags iesnnlideyadounduluiuil vivldaunse

[
o

Usuasuldegrasmiuiiednuamnmuuidenlinm arenislddaneiiuduglunis
Baszngusuuanuiunig inliaansassyuazuiladymilaegrdivszdnsam anay
wUsUsIUMAziNANU LT ol olne3IuveINTEUIUNINER (Garza, F. way Das, M., 2001)

(Xia, Y-J., Liv, T., Ghassemi-Armaki, H., Li, Y. gz Carlson, B., 2023) [25,77]

2.4  Machine Learning Applications in Welding Processes
2.4.1 Artificial Neural Network (ANN)

Taswedsvamiion ANN Wulassadefifaunduiiodnnsivauduius
flsidudaduvestoyalunszuiuniaidon RSW ANN finnudandugdunisdanisiudeyad
fvaesudswasdudoudsamd 226 vliiamnsamanisaifdianuamusuundon 1wy
yuauudon euanansalumsnuusadey uazUszinnvesteunmias Tag ANN 4doyad
Wruanlunisiinevsuluea welianusansiaduanuudsiuidudeulunisfimesues
55UUN"57 0190 98 edaunws esluwuad ouls (Zhou, B., Pychynski, T., Reischl, M.,
Kharlamov, E. Wag Mikut, R., 2022) [86]

Question definition
in domain

Data collection Decision making

A
Question definition |
in ML
]
A 2
Data preparation Interpretation, evaluation, visualisation
e 3
v v
Data pre-processing Modelling
Feature Feature Normalis L Classic
engineering selection ation, etc. ML
Data analysis

U 2.26 navvruMsiugIues ML [86]
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msfnwsaIeTunUI1 ANN Sanuannsalumsaiisuuusassaduius
Adudouludoya RSW Fetaeliamisonsiadudgmauamlunszuiunindenldegis
wiugh Wy msaansainisiasesunnuienisasudnlaianysal Tuuwiden vihls ANN
Humaluladffuszavsamlunisnsanaeuamnmnisidenlunuiideanismsaanisaluuy
Sealnyd (Arunchai, T., Sonthipermpoon, K., Apichayakul, P. uag Tamee, K., 2014) [7]
faeg1919 Y U809 (Lee, J, Noh, I, Jeong, S., Lee, Y. Lag Lee, S-W., 2020) [42] ¢
wansiliiudn ANN anunsaseuiainnisaadeusariteduseuladuvusealvddmsunis
Hosuiiiaunfnasnisiden RSW feviueust feguil 2.27 Ssonvdsmalvinuninvesgaiie
anasaEnn Ly Maiagngu nislideyadiunumnannisiatadumesusaiulniiuay
nszualwiifiofudeyaiAsadeanldlunisuszmnanadoyamarinmelfieulvunduas

AnUnfivasnIsidon RSW iiveldlunsvihunenaninvessyuumsiion RSW

- R et
-l y £ONe L
/ Welding Nugget
\ - e
e

S ]

Diameter of
Contact Surface

d1 <d2
(welding in progress) ‘

1

SUN 2.27 wnuransiin nugget tasannnisigasaue [42]

2.4.2 Convolutional Neural Networks (CNN)
TsstneUszamuuuneulagdu (CNN) iulassadrefignitaunduifionts
Uszananadayawuunanedia 1y nMuasdygiaaineuiges CNN Suszansamgslunis
Fuundnvazianizvesdeunnsaslunszuiumsiden RW lnevimiiidu “danses” 9
aunsodsdoyaddesnanamuiedeyairuwesiionsiadudeunnsesiiinanmsides
U MIngavdusesuaniIviemvasuilliauysol
deudUgmeanuaaiandeulunsnsadusesdeussuuid oudmlutfves

Fuuonvuntrgludagtu dsamia 2.28 (Wu, Z, Gao, P., Han, J., Bai, L., Lu, J. 4ag
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Zhao, Z., 2022) [76] ladiaueuuudnaein15n5193Una18e1u (Multi-Task Detection
Model) Mldan1dnenssy CNN Inguuudnaesinaiumalulagnisuuanguidaninuvang

(Semantic Segmentation) Fsdndudusun1sasradusesBennazinalulagnisnsiaduveu

'
a

(Edge Detection) Fadniiudmiunsmsiaaeununinvessesiien lnsianizeg1ada el
annsavhunesesidonldegnesuiudeiy leimsadeduuuuln Segment Head) A9
welulad Sub-Pixel Convolution dmdumsiiiumuaziden (Up-Sampling wenaniigsle
fimsWnileddunisgayide (Loss Function) wuuuiulvimanzansiudu ioandymainy

llaunavesnsnsynemvestayalugadoyadunuiouruin g

(¢) Workpiece (d) Welding process

gﬂﬁ 2.28 Q‘dﬂiaﬁuszwngmzmumiﬁau RSW [76]

luArumsungsdnwudadesiu CNN dunumdraglunisuseiivengnisly
374 (Remaining Useful Life: RUL) 9831A3 833 nsluszuudumesidnvesassnd ans
9naIMNIT4 (Industrial Internet of thing: lloT) lAg¥1A153IUT0Y AIINLBULLBT AR
(multi-sensor fusion) Lleyszananadeyaiifinrmmainvans deielinisussidiunnudes

wagnTItadutaunnTasiimuulug 8t (Yu, P, Ping, M., Ma, J. Way Cao, J., 2024) [84]
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NI DAQ card Pressure regulator . Cylinder Pressure I Force sensor IBcaringlcslcd | Accelerometers.

g‘uﬁ 2.29 unannesun1maass PRONOSTIA [84]

Taasu ONN iulassadefidamaninsagilunuuszaianauazasady
Founnsososnimuazteyauvunasdid vnlvidumeluladfivsnzaunasidnenndnsu
mMeUszgnalilunszuaunisidlen RSW ileriuannmiayUszansnwlunisaan

243 1A599199U8A21UTITEIZA UL UVEIA (Long Short-Term Memory

Networks, LSTM)

TAsetemiaen11usszozdunuuen (LSTM) 1udunidsadiasstie
U52aMLUUINTT (Recurrent Neural Network: RNN) fiflaansansnsafivaslunisdanig

¥

Fayanuaruian lneenzednddmsudeyaiiduaidusesunnisal 1w doyasin

Y

(% 1

nszuIuMs@enuvuSealnsl dsdinwddyedimnnlunszuiunnden RSW fikosnns
nsAUNsaBULawanIilmesuuuiFealnl 1wy nszualiiinazusinavesiaiden
Lﬁaﬂsmﬁuqmmwmmsam%m ﬁ’agﬂﬁ 2.30 uarAIALAIHASNSIINN1SIUA BuLaIveq
W13 dmeasaneg dmsuddesosud laglddeyanseualninazanudiuniukuulauiin
Tagg1adaiunskaunaIusEning CNN, LSTM waznalnaituaula (Attention Mechanism)

(Chang, F., Zhou, G., Ding, K,, Li, J., Jing, Y., Hui, J. wag Zhang, C., 2023) [12]
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(a) (b) ()

JU# 2.30 MIduunUszianAnuInYessesden (a) MaeNUnf, (b) Nsieufiin1sinn

Ingiiy, way (©) Msaeulifn

NUATERA e T IR LI LSTM anansauansdananudusiugsening
nszualid o, sns1n15a319mnusauluiudl (Instantaneous Heat Rate: IHR) wazauIn
Uaedidnlngm Mdwasionunimvasmadeon mdnussavaaninuesnadounasnsuiu
ﬂﬁzLLa"LWL%amﬁmmzauiﬂsf[ft’fl,wmﬁaaqﬁmmwﬂssﬁwﬁﬁﬁwLaua’[,umu’“r{']’aﬁ” 1aun1599n
wuudaes LSTM Tnelddasedndmarged1eannas eaden RSW Aild AC Inverter Tng
ﬂmmwmaamwﬁ“a:u%?uagfﬁuﬁ%{faﬁﬁwanismwmaaa’w W seuadon, Lsana,
Nuitndrdavesdidninge, nssualwildlunisiden (Vo, T, Tran, D, Nguyen, R, Le, N.,
Truong, C. wag Tran, T., 2024) [74]

uenanil LSTM fagniunlflunismanissiuwaltuvesnaniwmaidends
\aLwes Iﬂ&Jﬂ”l'ﬁ’e]E]ﬂLLU‘U38UUL5U%&H6§1W§UTJUS’J§JﬂﬁLﬂgﬂuLLUaﬂﬂJadﬁﬂwmzwwmEJﬂ']W
semiemsdendeaeeslaglfiduainanedsiegui 231 andeyatiliannszuuiduees
L iNM1590NLUUKATATINEBULUUSIABIN15ATI193 uTaunns adlunisd sudaslalgesid
UszdnSnnlaeldlasewisussamisuiuunaisuinsiaiu (multiscale convolutional
neural network: MSCNN), wﬂaaﬂaﬂuﬁ15zaz§uLLazawaquaaqﬁﬂmq (bidirectional long
short-term memory: BILSTM) waznalnaaiuaula (attention mechanism: AMLUUI@D
N9ATINTULUUREN MSCNN-BILSTM-AM fiiausluduanineanunsaussaniuusiugilunig
as293uleEe 99.38% Fwiiliszuunsideudreiawesiiussans nnuas N sauNng 1T

(Peng, P, Fan, K., Fan, X., Zhou, H. Wag Guo, Z., 2023) [56]
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optical fiber DAQ card

pyrometer
sensor L
photoelectrtric
detector [:
laser weld workpicee
device ﬁ
data collection deep neural networks defect detection result

‘Uﬁ 2.31 LLN‘NBNﬂ’]i’r]E]ﬂLL‘U‘Uﬂ’]iLﬂ‘Ui’J‘Ui’JlI‘U@Maﬂ’]ﬁiﬂﬂiuU’JUﬂ’liL‘U’ﬂiﬂLaL*UE]i [46]

nMsfaumaia LSTM SisufansldmeiiansUszananaiiiovhungnii
tazduvesnisiinnis expulsion dudunsdeurswlueuian Tnsnisusumisifines
Juagiugatoyanie ddldunananmindenitudeunaziisuudaddvosanoniandn g9
uansnsndeyalusiesjiiing sivliulaldinismsfiiiausansnsadunmdusiusuuy
131394 (Non-Linear Dependencies) kaz3Uuuulutayaaiau (Sequential Data) Lol
dosnlassainauuuaugi (Recurrent Structure) Fsanunsaviluldlugpanunssuiléais Tns
fszansnmAiigeluriunemaiin expulsion lefeanuuaiugy 95.41% Fetelanunen
Usunsrurunsldneufiania expulsion fatelianmagonueniuau andununisnan
warUszndaanlaeg1edise@ndnin (Dumnagdz, S., Mayer, M. uag Huber, M., 2024) [22]
Tagagu LSTM iHuednfifiussavsamgedmsunsinnisuasamanisaideyaeynsunaiiy
nszUUNsITen RSW FaetfiuminusiudiuazUszansamlunisnsisaeununimyessos
Fou anwamnsalunisialuvemuudiaes (Generalization Ability) sinaniiesaniieulad
Fudouvadleinandn msdnwdldutladgmdnanlaenmsiulsiinsananadoye
8299t (Data Preprocessing) Lagn13tannuuudnany (Model Selection) HaN15AaDILAAS
T illewisfimesvesnszuiunshiasundas anuwiudrlunsasiedunmsnsziiu
aansaNInIn 95% leegsinene waziilewsfitnesvenszurunisiinisiudsunlas
lunadsnsauwiugiinndl 90% laen1sidenisnisussaianateyadamtiuagnisiien
wuuaesTirauTINiinsAanIsaiuwIlikazn et Ut aunnsesing o Teeguiug

v

Vil LSTM W umiadendlmunzaulunisiluldaulugnaivnssunisndniidesnis



34

v Y

nsUssaanaluuisgalntilaznisdanisiuteyaniaiugudeauds (Zhou, L., Zhang, T.,

U Y

Zhang, Z., Zhenglong, L. wag Zhu, S., 2022) [88]

2.4.4  mswunUsznniuunisguiialdl (Random Forest Classifier, RFC)

mMsduunUszianuuunsgudnlsl RFO) Wumeadanisduunyszianily
nquvesiulimsindulanaeduiieiuauusiuglunisweinsel uazandefianain devin
Tmngdmsunsldsulunssuiunmadon RSW idesandinuannsalunisdanisiu
Yoyanfidyyrusuniuuazanuliaugavestoyaldd RFC lisuauidenidesninaiiy
yuvuseteyafidudeu 1y deyafifldyansuniutazaniliaunagdlugnaivnssunis
wan Safudnvazionzuesdeyadildlunisusuiiununinsesiden (LeCun, Y., Bengio, Y.
ke Hinton, G., 2015) [41]

Random Forest gniauslduadssiioandnguuvudmiunmsduunaadns
yoansmanlednvessesilion RSW nansAnwinuinuuudiass CART aanuianain
fanunsasonsuldniouiuauuiugiigs fsnaantivaidannsaldierhanudloas
muRunszUINMIadula Ausudsulsnuanuddyeinszuiunsgaaivnssu e
WisuiisuuuuT1aes CART AUl RFC deanansaansnsianuiianatnld uidesaniu
n1sanAdnalansalunisaanunisanduls lneldAianuaennd osvesUndnuiuuin
(agreement of the forest) ifufd niiioannszauvesiufifau fasfesjuduanens
Siasgvnsmsansilednisinseulannunuieasnsivivingiy (Martin, O., Pereda, M.,
Santos, J. way Galan, J. M., 2014) [46]

RrC Seldgnldlusuiusgamafivesiuisouudadutiadeddyluns
UseiiuuszAnd mnuagaruanysaivedlasaiisasiiunuukeaiiad esnwgnssy
Anuganguvesian Tagtumsnensalgungilveseaiiadldismsiiassiidiauay
B9 Fedfpendunisdiraniaaundliissnuauuaznat vilseindenisiiluldluany
ML 1aueIBnsfifidneamluniswennsaluvuiSealvsifidofiolfuazuiudlnediefetlade
wadouiiiinisiuasundas Tagldusuaiwniswennsaiuuunausdaguil 232 (Yared BK,

Ming-Der Y. ez Chien-Wei H., 2024 [83]
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I. Feature engineering stage

Data acquisition . Data Feature Feature
q 2 —>{ Data cleaning > e > “, —>
and recording transformation extraction selection

____________ T

!
i [ Atmospheric temperature
i

l Pavement temperature

‘ ; l Surface temperature

‘ Weather data :‘ Relative Humidity
i

1. Model Development stage
Problem formulati Data splitting ,| Training model

(including tuning)

1

Input/out put
identification | Training dataset I | Testing dataset I

[ L. Model Training stage | I IV. Model Evaluation stage I

| XGB I K-fold cross validation

| | —* i[mae |[mse || marE |
0 gt |
| |

Adaboost

JUT 2.32 wuisudenveinsounsiuekuungy [83]

RFC ansnsaldausiudumatiansiinsigitoyaidedndu q wu (Shapley
Additive explanations: SHAP) titetaglviiinlafsmuddnuesquanifisng 9 luwuudass
vlannsnszyaudiiudsenindnvazvestoyafunadndmanensalldfty dedely
nsfiumnundetovesmanisneansalildan RFC Taglafinissiiunsaudunousis 4
A msifususandona nsuszananadygIu Lagnsesenadnvae Weai1syateya
dmfumanaaou dsnnd 2.33 Tnglduuudaeanisszydudsenevlunmsssydyaaves
dulszneviifidyenmestudiuiinaunaey warlduuudmosnisssyianlunisssyan
YosTULTvAILAAEY NTrUIUMIAIALLLABNEIUlvY (Majority Voting) gniianldlunns
wasnadnsnsdamnangidunadninissey ielildnanisnsraduuasmsszyianves
Furuil fvaueaounigludueu Ifegivszdninmuazanaudssesnisiin
Overfitting Iuﬁagaﬁﬁmmﬁu%u (Sun, Z., Wang, G., Zhai, G., Li, P., Liang, Q. #a¥ Zhang,

M., 2024) [71]
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! s . " u
Il Component Multiple component
Training phase DT denincaion mods
feature library |l et .
_________ el | traiming  Parameter, Grid
o ! obtimizatiol T optimization search
o o ! I Component
i | | identification |l Optimal component
|- ! I data set ! identification model

s " R 1
Preprocessing | « Component .1 Feature Feature

|
|
|
|
|
|
|
£ A 5 r l
(Pulse extraction) sional lextraction selection| | ! ! Multiple material |
° | identification | identification models |
i | = | Model
N Y | feature library |I 55, |
; - S |_training parameter, Grid | |
|
e particle: |
) |
|
|
|

. . Cyclic
placement

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Sealed relay AE signals collection i aptimizatio  search
samples (Data acquisition) !
1 Optimal material
e it A dataset identification model
Feature library/ Optimal
L Data set identification model
R - gt ‘1"nm -
thonhage Pt ~  ___ _— ____¥ creation_ 7 ___ Yprediction
| Testing phase ; fComponent data | Component | |
| Preprocessing Feature l set to be tested | ! signal ! |
| Place in order (Pulse extraction) ” extraction | . m \Iloqel ! ! :
Materal data set g RN o - I
: T P - omatenne |
,,,,,,,,,,,,,,,,,,, :
: Sealed relay AE signals collection AE signal Data set to Identification |
| to be tested (Data acquisition) ’ be tested result |

JUN 2.33 nsyviumsaiiiunsvesismsnsadudyannuaznisssyian [71]

2.4.5 Extreme Gradient Boosting (XGBoost)

XGBoost iumadiamsifinidslunisiSeuiuuuanaes (Gradient Boosting)
I§$uniseousveganitavnsluteundiadu ML iosananuuiuduazyszansaing
Tnsiamzegnddumsiansteyavunalunuariinuandaiduieu ilesndanuaunse
Tumsdansdeyaiiififged adudnuazilulunssuiunisianzglusdiidesddeianats 9
51303 1Wu nszualuii 1381 wazAuwdsveadiu (Ghorbani, E. uag Yagiz, S., 2024)
[29]

AuTlenved XGBoost lunN1sas1aluUTNaeINISYIUEAMAINYDY RSW 4
NaN1AINANANINSalUNIsandm Overfitting dhen1sldineiund (regularization) Seiae
TsnwanuwiudvestunaldfuiluaneAfauuandswosdoyags wu lunssuaunis
wﬁmﬁ%@gaﬁﬂ%ﬁﬁmaﬁmumu é’mﬁumammmmmLﬂﬁauLLﬂaﬂ%aai’aam‘§aanﬂwm@é’au

[y a

F9aua1u150lun15USUAIUD9 XGBoost UIsiAMNAAYEUSUAAIMNTTUNITNEAEIY

9

gUATINTEUIUNTT RSW 2nanumsivasuulasseninesganiswinliussnss
waNINU XGBoost Fagnldluaunsaiuuasuundyann Fanungdmsu

nmsnsIdudaunnsadlunszsuiumsidensieadudssniuigs lnglddeyanuuiresneg

Y

¥ '
s & =

| A o a v v '
W Adudes gl uasnszualiih nswauswiuteyannwuesifning 2.34 4
Tanunsansradutaunnsadlatuianlnapeeduisealngd Inedauaiuisalunisviiune

TOUNNI YU NTLAATHIUNI 050851 UM NTEUIUM ST BN s TdunT W ousg
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1uIdelduandliiiudn XGBoost Wi eufuusaiismadan1sidenguantAnda vxd
UsgAnSamdnilunanisifouddu 9 wu nisdndulaaindulsl (decision tree) nio
(Support Vector Machine: SVM) ﬁﬂﬁtﬂumqLﬁaﬂﬁmmzamﬁ’m%’umsﬁflmaﬂmmwmi
Fousherdudsanuigs luanminedeunsudniidesnisananilumsnevausuas e
finsnsiaaevlunszuiunisudnegsasinane fan1mil 2.35 Goldman, C., Baltaxe, M,
Chakraborty, D., Arinez, J. w8 Escobar, C., 2023) [30]

Transducer assembly

E | — (Piezo-stacks)

Sonotrode

weld spot Back-plate

Anvil

Bus-bar

Interconnect board

Electrode extension

1
Cell group E
: (Battery tab)

Battery cell pouch

JUT 2.34 M3eaAnszuUNSReNlenaudansiludin [30]

Manufactured g
i ,4=0_ -
item customer

o>

Rework /
Scrap

re-cvaluation

suspect

bad manual good

i=1 check =0

JUN 2.35 uruiadidlaseainevesiinmiaaeunszuIunsdmiunInTIaaeuAun 1w [30]
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25 msadnauaudfnasnisnisndayalunuinuignunin RSW

o w o

251  auaudfdAynlaN1RInWITNinasYas RSW

v

v A

AavanUAnanfiinadenmnInYes RSW laud nseuaidon, 11an, wsanareda
WU BaYNISAABUNYRNNYBYN NMIANYILAAIAWIUIINIT W Swardduiuslaenseiu

PUIAVDITOLLTON ANULTINTY wazAANTRITING JaimuadiinadonuauysalveInis

wa s a

Fou nstenuandiEnAndesnndeyaiuees RSW 1Wu nszuauazmsiAdeuiivesuasia
Wou AdanaviliiAnmnudeniedagui 2.36 mslduvuirasadsiuieiilvaiunse
arnduanuduiusifd sy fsdmatennninly maliamsisnmaudRivanitenuddlu
nsudasteyadvanniduwesiiduteyafidaumneiieldiudaneiiiuldeg el
Usgdnsnan (Sivaraj, P., Seeman, M., Kanagarajan d., D.K. Lag Seetharaman, R., 2019)
[67]

Photograph of Nugget surface Macrograph of nugget cross-section Observation

40 Not welded

45 Welded but defect are present

50 Proper penetration

55 Due to current undercut has been taken place

60 Due to high current metal deformation has been

taken place

gﬂﬁ 2.36 wavanszualnisonmulasng v [67]

(Sachin K.D., Nilesh D. &g Shyamkumar D.K., 2023) [61] Lavinn1s@nwn
nMsmseiansenuvesnsiwesdrdalunseuiunisden RSW Idun nszuaden 1an
Fou wazusinavesdidnlnin Advonuautivessesidon lnefinsfnwmisiinesogng
aziBeaiieliitnladmansenuvesnmadsuntasmfinesdelassaiisgania vuinves

seeLdau (nugget) LazUSHUNLASUNANTENUINANUSOU (HAZ) vasseenafiiiiould lnald
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auddfunsiweslunszuiuns wu nszwaden nandey wninavedidninin uay
Fanueadidninia fualasnsenonisdounnuiou Tpdnsauiou wazussduiildly
nszUILNMadon MaUfumaimeivantoghamnsauansamuaunnefvessesiden
1§ Seftunmumddylumstmuaauudsusuasaruauysaivessosse wonani nisiden
wifiwesimnzaudssandgyuiieiuteunniadusenidon wu msfagngu ng
uAn31 waznsidonlaifio

Bsrsgaantiuuulouin Tsamaumadaegumnngiosduszney
wan (PCA) fiuganesiiunisusuusts 1 Grey-Wolf Optimization (GWO) lasunsiigatiuga

fianudnsalunisuiuugsnauaudfdimsudeyandudou (Santos, L. uay Ferreira, L.,

[
[ 1

2023) [62] Pen1sLeNAILUTNAAYLAZAAFYYIUTUNIU AT TLRAILYIELALAIULAIUEN

[

vaauuuIaeuazIgliasansTvdyaidudeulaluyateyaiivaleda nsld

windaandiil 1wy PCA agtisannnududouvesdoyaluvneidnssnudayananly wnllg

Y Y

° a a a = = 1% v X
LLUUﬁ]qa@QWNﬂigamﬁﬂ’]WLLa$§Jﬁ')']lla’]ln3'5]1“?]']3@?]3']3?1]@335119]@%1«1

Copy Train Dataset

Apply Processing Jrse-Based Modsl A“‘?l,el':igdmttcv};‘)‘:16«::111;11
Method [ | Frsemple Perfommance [ froin and Validation
Datasets
Copy Validation
Dataset

JUN 2.37 nseunwiAnvesandnenssulunisnsisdeununnveanisien RSW [62]

Data Preprocessing

Insider Threat Detection (Pipeline)

Frequency || Statistical | User
Features | Features || Information |
L

Data Collection

Activity log data:
network traffic
capture, firewall
logs, web, file, etc

B

Y
Features
HTTP Features
job, hacking, leakcloud.soc, net.other
File Features
exe and others
USB Features
proper disconnection, duration
Logon Features
after hour work, working on weekend
Email Features
mailed outside org., attachment

Handling Imbalance Issue

’ Over Sampling Techniques

Result and Analysis

b

Infe Alert

IHyhrid Sampling Techniques

v

’ Classification ‘

+
Data Aggregator

Under Sampling Techniques [l:

User Alert

Malicious Behavior
Analysis

E‘Uﬁ 2.38 AMusmweniansilglunisusuuasuudnans [34]



40

\n3esilefiuaioiu Atlantic framework staglinsadrsnaaani@Lduly
ogefivszAnsnmantulaenisvinlviduneunmsiniouteyadaulng Sululnesmluds &
A 237 19U nshsiananiuil msulassziandeya waznsiAndeyadiuiiviame
(Jaiswal, A, Dwivedi, P. waz Dewang, R., 2024) [34] Tngn1svirauuuusaludifdroan

Va o

AnudsavestefianainiinanuywduazgreliIdoamnsnyaduluinsusuuss
wuusiapannnisetendeyafit deudanini 238 wissflemsudsamarianunsnidi
UszAndameenszuiun1snsasiaduauiaundlalagvinlinisussaianadeyaianiy
avnaveluundstoyanarsunuusine dsefiuanuanusalunsiduaseenenalusey
walaTuTlARE Ty
252  anwimedunsideyanisiden RSW anldey
Fnwazlanzvestona RSW Uluganurimedenadudeulunisasng
wudiasadeiiug nilslupuvimendndedynnsuniuvesdoyaluduwes dse1a
Yoaguuuuitdrdnuasyilvuuudiaesenndentssuifeanuduiusiuguifinadenanin
Fuanasunmudnifaaniadenieuen wu nsduasfieurenniesdng miunainaiou
youduleed uarnmavdsunlaesanmwnden msléimaianisnsosuaznisuiuiou

o

azy@mﬂwﬁy’umaumim?awﬁayjaﬁﬁﬁ@ﬁamaammaﬂsswwaaé’mmmiumu wagvinli
ﬁmzywmﬁLﬁ'm%’mﬁ’u@mmwmﬂ%auﬁmm%’mLﬁ]umﬂﬁu

Tugnamnssugmeud maAnnumdsmevesgunsallunisiden RSW 018
yhlfanensuanngansvinulaglillinun doredmaligadeidansudauazaiu
Undefelussiviiiifddey msmanisaideunnseseaaionden RSW awsadaelidnng
fauunagnsmstrzssnuidsmamsaiuagnsdndulafidudnmamnty egadlsiaw ms
yhunedounniesvoneias RSW naetfuanurimeiidisdwiosnmmginssuiidudounas
m’muﬁﬂmm@q%@yjamﬂLﬂ%u%umdﬁ (Xiaoye, W., Zhang, C. hag Wang, T., 2024)
81] Isfasandoyaninsgiu uazausmsgiumsineteunnsewsaaionden tile
afuayunsiaun ML dmfumsinneteunwissveaaionden RSW lasyateyagnifiu
32UTIN3NE7U Body-Shop 989 BMW Brilliance Automotive Ltd. 91na@udsznaunig 9
yoaATeadion RSW nanefeniedes ileliusiunuguiuuiaziwliunouindoianainyos
madoudedeyaluefn Sniadsldiauoninsgiu ML vudSnisviunsuuueynsualy
nsdiAinwwesnviuedounnsestenniendon fuamd 239 msfnuniastaelidlans

Munguvaynsual wazilalomaliindderiu ML arursaddiusulunisviuney

ToUNNIDIVBWATUTON RSW TeaegnetiussansSainuiniu



41

BnsaisquandAidamindefedaiuluiideyaiduwes wu Tuns
Fiasrzvimaadlnil wandiiuinausaysulseussdnsamnisiueldlaenisiden
Qmamﬂ’ﬁﬁLawwlmmaﬁﬁwasfam'ml,l,aiusﬁlumsvhuwLLazamé’ﬁymmiumu (Liy, P.,
Zhao, E., Meng, J., Zhou, X, Liu, C, Tian, H., Li, J., Zhao, X., Zhang, J., Zhao, H. Wag Qi,
C., 2024) [44] lsjnaueIBmsfivheliuvudassannsayatiuluinuausAniinanssnugs
W nseruAtndumeivIeafidanaInnsiananedaianmi 2.40 Failugnis
yusamniktiug ity Tu RSW nisidenauaudafidmalaensaonmunmnisdenazdie
anAududouresuuaesashlinsunmiuasivssansamuniu Tnsewgiled
msdnnisdoyasuinlug nsandd wu PCA Hrolamelassaisfigeusgludeya sl

Usgdvsnmnmsvinnevesuuinassaulaggaduluinteyaniivsyleviunnian

The double-acting main drive cylinder #’:

‘[ The electrode arms

The welding electrods

JUN 2.39 a) nssrusindeyavnduiesuludiseuuaanidtuunannasy loT wag b)

Tassasrenelukaziduaasluludiou RSW [81]

o Receive
\
%,
i 9'\\0"9
Transmit ()
Lt
N4
p
\
~ | Waterway \
h- I Generate Welding
- current

Data

Ultrasound probe
Collection

Welding controller
Electrode cap

Signal
Trigger

PC
control

ﬁ\\‘ e

B Scan lmagé

U7 2.40 syuuuuuysannsdmsunsaaaeuluaenInanveInsiden RSW [44]



42

26  walulaBiduwesuasnsiiudeyawuuisealniidmsu RSW

2.6.1 wugasiidlunisiudayalunszuiunis RSW

o

msidiew RSW gnltegrsunsuanslulassarndssnsusinazfuiiadoddny
fidamaroaussouzraITasws N3nTIaTunIsion RSW wuudalud@saenisidmealuladnis
upaiufeinies (Machine Vision) LAS AUz Avsnmlunismunuamnnnisienves
fdesneud agelsAnu AnsUsztanan LU lASUNANSENUINEAINLINE B
wazfimuusdugnlaiieawe ey (Wei, D, Li, D, Tang, D., Jiang, Q., Wang, D., Wang, H.
waz Peng, Y., 2021) [75] 3aldiiauawuusiasnndaviesenindg 2.41 dwsunisnsiadu
Tnguuwinidn ieldlunisnraduiumisazaunmuesandouuudadsosud Tuvnsd
w3asTanszudlniigensrsaounszualiiihilnarulunssuaunisiden WuwesTanis
waouilddmsuiamsindsudivesinliin Fsanunsavsvendsmuasianeveuudon
LaTN5ADRIVIUUIT 01 AU UTesRTIITUAA LABIIEATIITUAA UEBITILART Wy
AszUIuNS e Jaraelianusansiadunisudsundameslasiadng Wy sesuanuionts
vaenldfnld Msdenvinanmmeaemdaslifiiunsdeudiinanmisfiwesnisd eud
wANenefy §e1nd 2.42 nuausesdadu (Clamping Force) LLazLLauwﬁgmﬂ”ﬁﬁ’uamﬁau
(Vibration Amplitude) laifinansgnuegufivsdAymon1uud us9999u59A 9 (Tensile
Strength) Tuvaizdisvezinainisduagiiiou (Vibration Time) fnansznuegefitodfyse

< =

ANLTILTIVOILTIAS UONANT NMTUSUNISIEN DI NS T DUNINUAELNTOEINANTENUBE

o w ! <

Hpd1ARoAULTILIIUILTIAYZhao, D., Ren, D., Zhao, K., Pan, S. @z Guo, X., 2017)
[85]

Start incremental

learning

Initial i
Dataset ﬁ*

Load

ﬂ ru/‘ model \
accurate

Spot welding judgment
quality e end
inspection

m|;K Collect ‘/mqmlgmcm

misjudgment
data

Augment
training set

JUN 2.41 nagnsnsiseusuuuLiiny [75]
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Ist 2st
Hidden Hidden
Layer Layer
Input Pt
Layer A

Ny
Clamping force :X D

\ Output

A\ , Layer

Vibration amplitude :}( 7V 5 ):}Tensnleslrenglhl
/
/
/

Vibration time X)\ \ ‘:j

gﬂﬁ 2.42 unuralassasnaasetne (Network Topology Diagram) [85]

ns@nwwaed unansliivud sz ans mwenduwesna i lunsnsadu
Founnsedldaausiiiu o wWu nsvasdlilfin nMaiinlnse warsosunn fegragu nsldmes
Tuduaswiudumes nsad uad uidseanansansas e aunAvesg umgduagnis
Wasuadassaisiivsdamsiadounmsedly Swheivamnmlunszuumsiden venanil
Bmsrudeyanndusoinmeilduandiiiuiamnmindetouazemumiud Aiiatuluns
AyRdeusUUEEatn lnemaviudeyaandumesvaneUssnm Wi gamall nseualiil waz
matedeuiivesiniden szuumsnaudeyadumesannsansaiunssauudnioslioe
Uszavsnm Taglsvinnsmeassdanini 243 Seiagliannsaiuneuazusinssuiunisld

J9 Kim, S., Hwang, ., Kim, D-Y., Kim, Y-M., Kang, M. ua Yu, J., 2021) [38]

) ( j ar (7,1 N [ N
— 1vpr ‘Eleclrode
displacement
1 A P,
N\ ( N
Resistance Rogowski| | Welding Signal

qut T coil curent e Acqu1§1tlon = Computer
welding device
\. 2 N J
f N N

L | Voltage [ | Welding
probe voltage

J J L /RN AN y,

JUT 2.43 11333 eun1snaaed (a) sruuni1sideu RSW M53utweeasla (b) WUk

1ASIAS19UBITTUUNTINFDUAMIUNSEUIUNNSITDY RSW [38]
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2.6.2 szuumsiiudayauazanuimelunisasiaseunuuisealngd

msthszuunsiiudeyawaznsasisaeusuuisealniunldlunszuiunis
RSW faain@gyfiuaauminmienalsusznis wu n1sdmiudeya anusilunisuszaiana
wazmsraunutulieansiseuivenaios nsnseasutuuissalvddndudesiinsifu
Yoyauaznisuszunanastsmaidwialvausausudsumadwesnisidesldegie
AN swumai'lﬁé’faﬁmmrﬂ’agaaﬁ’ﬂmumﬂﬁlﬁmmﬂL%uLsua%wa’mGT’JI@EJ%’ﬂw’mé’Uﬂam
wiughgs Seindedldenuanunsolumsdiuaiinnsuasiivssansnm Snisssuunsii
Foyalu RW fifpsanunnnsesuaziiondeyailosiuildsunuuudealniifioandaya o
sumukazfinguamuastoyadmiunisadauuuiaadunsiue Snsnsnanluaa
msiFeufvounissdifuszuunmInseaeukuuiSualnlsaiuaududeudinni 2.44

wu Yeymeauartnlunisviuisuaganudesnsiuniselmslunasgvaiials lunanis

saa =

Bouveaniesdeimsnsiiifisteyauvuisealniifnunmgaiieliannsavinneldosis
wiuguazdau1sanIuANNTEUINNTR T UR A izwﬂ’mﬁusi’fayja%uqﬁmauaum
arufesmawailagldiUssnananmnsiguar s mstaivtoyafianmsovensruald
Ferglianansansivaeuldedisdelomarnouaussdenisidosuuiinsianulunszuiunis
L%auiﬁaﬂwi’mﬁ’s (Kim, D.H., Lee, B-Y., Min, S., Joe, D., An, J., Kim, B., Park, Y., Kang, S.,

Hwang, G. uag Lee, J., 2022) [37]
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Welding
loT sensor robot

Magnetlc field §& s, 2
(b) Grade 5 titanium (C) gl - ; Welding DC
S One time
é spot welding
s ME generator
2 4 {1\ \ ’\f\/\/\/\Aﬂ
Magnet mass % R
PZT TO/PET >
Tlme (s)
= — — - 0.5
D0 315 52 1© T Femmm
Vit 8 9.5k S hkim
% ’ < W 3" 3 20 |— 40 kvicm | 0.4 3
g § = P ‘3 ok < 0 — 50 kwam/ 3
L‘: E LJJ ] \/\ g 8.5k 5-20 y. ,/'/ - L2
2 & 200 400 600 800 1000 % ’ S 40 - B
2 Raman Shift em™) | -£ o S g0 40 20 0 20 40 60 022
o (111) (200) (211) | 8 Electric Field (kV/cm) g
£ (210) © 7.5 0.1
[=)
: . > 7.0k . 0.0
20 30 40 50 60 102 10° 10

2 Theta (degree) Frequency (Hz)

Ul 2.44 (a) ndszneuiBslassainsvesuuiAnlaesanduiusruuiuifsamdanuusingn
DC uuuwad uazyuowdidenlulsanudiaiozdiviveueud uagainaie
nszuIuMT@eneueudluls s uNanase (b) unudadelasairavesiaiude
WU MME (©) nalnueaniiuiieamdanuauiuusindn DC wuuiadszming
n5Ldou RSW (d) nan5AlAsE9t XRD vasildumun PZT lasunsnuansaunny
suA danaanildunun PZT (@) aaanvAladidnninvesildumun PZT
Tnsaasns MM W uilsdduvesmnud Tnsunsnuanansigusaimesdaves
aunslih-lnanlsd (P-E) vasilauvun PZT [37]

2.7 waillan1snsadauanugndesvasiumaluluananisyinungganw

Tulunansineaunn wadansasaaeuanugnieuludsdifyegisdduns

Uszlluanuideiauazanuaiunsalunisiiluvedunadiugadoyafiuansiaiy dail
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Audragnenisilumalulgiuad duaninuindounisnds Wwu lunszuiunis RSW
wailaildlunsnrvasuiildves THun n3ns1aaeulUy Cross-Validation wagnsuusyn
Foyauuy Train-Test F9vawananudedunisifiaiiym Overfitting wazifiuadwaiunsa
vodlunalunsvimnedayalg NM3nsIvEeuLUY Cross-Validation Tnglamgnisuuidaya
WU k-fold 1umsuvsyadeyasenidu k dm wdaduild k-1 dnlumsiinuazduiinde
Tunsmageu SelifeaudlimsUsaiufindunddulaglfualdinetunansyadoya udds
PaganeeudswasmlsefiuiionainainnisuiateyaiiissndaieiBansal, P,
Zheng, 7., Shao, C,, Li, J., Banu, M., Carlson, B. wag Li, Y., 2022) [8]

msfnwmaetutiuinudAguesmsinwaugassieautugvesiaai
mstiestunisiin Overfitting Tnslamiglusunisuaniisosnislilumansvhuneaunmd
mnudanguiensildsunawosteyadumn §2081919U 115739988 ULUY (Leave-One-
Out Cross-Validation: LOOCV) Faifiuguuuuves k-fold Aifidn k wirfudwaudiegateya
saun dealdlunsdifyadoyammadnifiefusuudoyafinluuarfsndimsuiiug
Hu9In uenIniin1emTIdeULUY Stratified kfold Snfesldlusnufidoamssuunyszay
dioliusavduiidndmvessznnilndidsstu fedenuddalununmaduteunns o
awﬁmmhjamaﬁuawszmwﬁ’ayja (Amiri, N., Farrahi, G., Reza, K. ttag Chizari, M., 2020)
[5]

[

TumsUsziiiudszavsamuesluing fadiasine 4 fndidnsamsvssmsiung
A Moty TususuunyssanaddiaTn Wy anuwsiug (Accuracy), Aty
#34 (Precision), Anlaluntsnsaadudeunnies (Recall) uazen F1-score et amant
HrgUszuauanisavedinalunmsnsiaduteunnsedldegwgndes Precision wansdi
m1ugnFsreInLsiuns Jadudiuddnlunisnda RW ilendnidssnisudaioud
Aemann vauzdl Recall uansfanrmanansalunisasiadudounnsasiiuiada deddnlunis
dostulaliteunnsomgariunisnsavaey Fl-score Fauaiadeidsensludnzming
Precision wag Recall ﬁaa‘tﬁlé’ﬁwﬁaw@aLﬁaﬁgqaaqﬂﬁsﬁmméwﬁigwa 9

dmsuauiidiosnsiueauuusieios Wy vuinvessesieviemnuannsaly

nnsnuLsanaly RSW §d Tafi 14 launean (Mean Absolute Error: MAE) wag (Root Mean

3

Square Error: RMSE) &4 MAE 1Judidiinainuiianainedeiiidilade IngA1uiaainaing
uwansedewuudNysalsyninamiviuneiua1ase dalusglenilunundeinisauutdugl
Y99M5UIEAReLls RMSE MUN19Rs1980UANURANAIATIHULA QN gd 1S U

7N 99NANLALINTTT I UUIINAINANNWTIDE19UIN TUINU RSW 1N5anA1 MAE wag RMSE
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Y EU10AIUANTUIATDIUUIATBURAL AIIUAILTOIUNITNULI IR LG DE Ui Fadina

FADAMATNLUILTDULATAUNUNIUVDINERNST (Chen, C. wag Chen, S., 2020) [13]

(%

asuldhmaidentldmaiansnsnaeunnugnieauaziitafumzaududsddny
TunsimwilueariungaunIndmsu RSW lnenskauna1umalinnsnsaaaau wu Cross-
Validation wag Train-Test Split SR URT Taegn Accuracy, F1-score, MAE wag RMSE
Haelldnseunsuszifiufinseunay Fafiuauuidefouazanuusugilunisviuneves
Tuna Mlvlaeaaunsoiluldldeg1aiussans nmlusniunisalasafideanisaany

adnaNeveInuANkaznIsantaunnseslitosian

2.8  mswseudisuliag ML dwiunisituneaunin RSW

RSW gninanldiusgnaunsvanglunssuiunndnlaseasiesaeud lnelinuauds

2 ° wa a1

WuABAMUUILT D awazN159usalusAndelunisidauluatenisuds sg1elsiniu ns

Aoy |

nsdusesideniiideunnsondusuiivhme Fuindoddisnsmaaeunuy DT n3oi8ms
yAABULUU NDT Aifls1aunauazd 1w nsasaaeusy UT dslunssuiunsndniagiy
yugudivinsidenarnunudeyavesnszuiumslagsnlui@ (Cravegna, G., Galante, F.,
Giordano, D., Cerquitelli, T. wag Mellia, M., 2024) [15] lavinn1s@nwnaznadeuitteya
wiafiannsnthanldifievinunesesieuiifideunniadidnielal Tngldyndoyaiiiusus
Nnlssnugramnssueis defeyadnaniindesiunsidenuazingszynuainlagns
ATRABUseAduLds AL

s ldldFoyaimani lunisiamn Pipeline nateguuuy fanmdl 2.45 Tngldis
§ano3un1958us voaias 09U UA U (Shallow Leaming) waw DL 52ud9n15naday

Us¥ansnmaes Pipeline wiaillunsviiunesesdoudiidounnsos Nan1snaassuansliliu

31 wiaefinsiaun Pipeline finanuatswaslinaiisudou wiuszdninmussdaneiiu
msnsedutounnieslnglinisBeuiveseiesnadidesin

TugalaiAUfsuan dnsusziiudszanamuedlumanisiiouiveniosng |
sganinsdmiunmsineaunmlunnden RW lumaildumsTeuiioules 4
@A ANN, CNN, LSTM, Random Forests way XGBoost dausazluinaiidonfiunnsnsiuly
Frumuutiug arwannsolunisienuss warUssansamlunisuszanana lunaimani
gatdantdunuAududaure Aoy akarAI1NA 9IN1TENIEVRINITITIY LYY

ANNALNTIUNNTYN UL UUS Bl vs oA uazantunisUSUTEluaN MwInARUNSHAR
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Data Preprocessing
& Preparation Statistical
Features
Raw time series :
Contextual
Features information
Normalization
. l
v
v

Time series

'
|
Normalization

Features
Interpolation

v
Pipeline B

v v

Discrete il Contextual Time series R e O
Maodel information Model P
U

JU 2.45 Usgianene 9 293n5zuiunis ML Adanld (A) dadwunivhaududeyauuy

Pipeline A

Statistical Features

aundn, (B) luina Time-series dtnag3dL3a1laens9, (O) luinawuungy

(Ensemble model)

(Mezher, M., Pereira, A., Shakir, R. llag Trzepiecir'\ski, T., 2024) [48] ladns
fufunsideesrnduszuuid eleuiiouUszAns aansening wuusiasinisanaey
(Regression Model) ag ANN IUﬂﬁiﬁwuﬂa%uwmLé’umu@uéﬂmwaﬁaaL%au (Nugget) Tu
nsi@en RSW Tnenisasndeudanramddliiiuuulamniinfiindusswinanssuaunis
Fou Tagiltlunsidendelnmidendaaes TC2 fiflannumun 0.4 uu. wagldiaTeaden RSW
mwigendmuusiudgdunmsidouusiulnnidousaassiine iy

Tusgminanszusunisiden Teyanszualniuuulemiin danwdl 2.46 gansradn
Tneldnand Rogowski iileTndulutiinszvinavasuduiideediuirdidnTnsauuuazans ns
LUﬁlauLL‘anmaaﬁ’@apmﬁwé’alw%iwdwﬂizmumsL%'augﬂm'maau LAZANYUZVDI
Fuanaidilnihdvsunssualniiuazusinavedidnivsaiiwnnsefuldsunsinse

nan1s3Senuindyaraidslnitvewundensiage q Sanuwandiatuegned
fuddny Felddnsataaudnvardidn 5 Ussmsandygraidslwiiotnesuie
JU3998905 YonanG MAsERLUUInneeFiTuney (Stepwise Regression Analysis)
wazlaseuUszamifisuuuun1T008nau (Back Propagation Neural Network) gnunsnld

9
KU
il

e wunkudauaamdu 3 Usenn ouwn wuidaudlidd (Bad Welds) wudidaudid (Good

Welds) uazhuaioufiinnisnsziiu (Welds with Expulsion)
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(=)}

~~Undersized weld
—Good weld
~~Expulsion weld

W
T

ey
T
1

Power signal (kW)
3]

2 L 4
/ .\\
GO 1 2 3 4 S5 6 7 8 9 10 11 12

Welding time (ms)

=b.

JUN 2.46 dyayaunaanunisiisNd niunnA N SIWeNINENILUY [48]
TudagUu RSW §epsiianin1snsisaeuamnnsUanyalieauiaenuing aeii
Lalauinsgruesnainnssuiunis Jalugusednsaimnisnsiaduiiniuagdniaiy
Hanaavgs fannd 2.47 weneuausselymil unanuilliitaueiBnseanuuuuuuly
7815 (Modular Design Method) Lazidue udenni1suseneukuuasuligdunaleana

(Multiscale Convolution Assemble Block) & 4813113048NAIIULANAINTENI1YAY BUT]
anwaeameiulaag1aiiszdnanmn

a) Normal b) Copper-adhesion

c) Edge d) Overlap

e) Mutilation f) Splash g) Twist

;;uﬁ' 2.47 mmwyj’maqmwé’ﬂwmsiaaﬁau RSW [79]
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31 uladn150nUuy Dual-Use Attention Block W oS Ut oy aviai ufl uay

1 (%

Yoeyy1ad (Spatial and Channel Information) mammuﬁﬂmé’ﬂwmz (Feature Maps) 94

g}

yowdion Wisliluwaaunsadadulufinudnvasiiieideesgadoulduiniu lnguden
Multiscale wanfifisaudunaln Attention gninandeuiuiioasielassasiananves CNN

dmfunsandigudnualvesgadon anviadalinnsld3s De-Pooling wag Feature Fusion Lite

1
o

UFulseussdnSmmnsauiniasaduuiugiivaiy lnglunatignas@edn AcmNet fagy

a

#1 2.48 Fawansliiiuin nagnsiaueluszdnSaim uaz AcmNet Jaruusiugnasdis 95.2%

Fegandlueandeglutaglu wasminzanegvadmivaemndnmassogud

l Basic Conv
| Block

;33\

S o) 2 |
Welding spot Image l—

Eige Parallel
[ Ovelap ], Susion Stacking
T ACM
Prediction

U7l 248 msszyuazanddnuazesiden RSW Tagld AcmNet [70]

Tunnensatud iy lutmafisnendi W Decision Trees wag SVM danuanunsalunis
Aruralanndi inligldauamsadiladunamsdadulanazaiudifyvesteyaduns
l6lnenss RFC Fafunnssiunguues Decision Trees PagasnsaugaszwinenmusiudIuas
AuEInsaluMsuena laganunsaduanudususuuuliiludadulalnglideddnis
UsznanagaviloulinanafouiBedin mafinwmaieduwudn RFC fusydnsamlunis
Fuundounnsedagdimumisilnesndnveanszuiums wu nszualiih usanais
Laznsiadeufivesialiiin ndeuainnudesnislunisussananafimnsaudwsunisld
ukuusealnd [5]

XGBoost GTfaLﬂuﬁﬂmﬁﬁ‘émiﬁauiu‘umaﬂ'u Isuanuauladosainannuulugiuas

(%

Usgangangs srgdane3iunldnisiatudiensfteus XGBoost dannsanulaansiu



51

a a

Foyaifllassaiuazdoyanuuafunaiainnszuiums RSW Sdlindsmsviunedfiussans
wioummanansalunisianudiunans XGBoost fiusyavEnmgailevinufuyedeyaiiiia
449 lnganusaviwnedeunnsaslaegauiuginigle Precision way Recall vilwidinann
dmsuauiidioansandefionarmisuinifiauaraudialiivdetontian [37]

(Zhou, B., Pychynski, T., Reischl, M. ke g Mikut, R., 2018) [87] wanelu Lt uqn
winseiaisnnsadanuudaesiifoudiefian wu n1sannosiiadu (Linear Regression) f
mmamﬁummmmm‘iumiﬁﬂm81@’1’@@@3’?1‘385%3’&1@&@3‘?miaaﬂuwﬂmé’ﬂwmzadwww
aan wenanil arulusdlavesnszuaiumsainenndnunedseliansofaumadnses
ML ielsilddoyaadnmalmnssy Tunenduiu snvinsiln ML wuugalaglifansan

= a

AdnueNgnidenansliiWeliowavinnuaiiesios

UszAninmuedlunawmailtued fununmuesteyaiazaududouren iU
Inglunan1siSeusidednisudasiianuiiugngs uidesansyadeyavualvajuasningnsnis
Uszananafigadieiindulsedeiiszdvsam Sadutedidaluanmmnuindeunsuaniifeanis
mMsUsznanaTIniuaznsiisuuuiEealns fannd 2.49 luvagilueaiiiondn Wy
Decision Trees Uz SVM fsusfazdinuusiudiosnindmivyadeyai dudou uadnis
Usgananadi saniiinduazansnsonandnduszuuiifieglsdie daduteldusevlunis
mmaauqmmwLL‘UUL%'aalwﬂuamwmiwﬁmﬁmmqa (Zhou, B & Pychynski, T & Reischl,
Ma., Kharlamov, E. wag Mikut, R., 2022)(Komenda, T., Brandstotter, M., Gharagyozyan, T.,
Pichler, A. uag Liemberger, W., 2022) [58,39] lagasy nisidenldlumadinsunisviiung
AN RSW uagfunisipdulaidensedaognedsssminamiuusiug) auannselunis
vy uazUszansnwlumsuszanana Tana ANN wag CNN daniuusiugge Tnslaniziile
THuyatoyafitudounasiiifg: Tuvasilunaetng LSTM, REC WAz XGBoost Lausmaiden
AflruannsalunisirnunatasUssansamg it dwsunsldauluy Rsw finisviuneg
A wdudsdify mslduunmauusasiinaumsisousidandeanuusiudisuivliea

endniienisinnunaeadumadeniinnantunisldnuluannwndaunisude

Continue
Welding

Welding — L

Undertake
measures

JUN 2.49 nsgUIuMeINNUYRINISaNNToNNTINUNEANAT (58]
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29  anuimguazdednnalunisussyndldlama ML Tugaainnssunis
HANEIUBUA
mnufssMsiatesleitisaivayunsdndulalugnavinssunisanidadulnedig

doiles MsTinseifisniunislaoiadssdiowardagselifuioinuasimnndila

noAnTsureInsEUIUNIRARLAAE 9 uazanunsndndulavuiugiudoyafiousuuse
nszvaunsndald iniesdlemanildinedaiildsuinaindiusiieg wu myleneideya

(Data Analytics), Big Data, N385 19uUUTI808IwenTal (Predictive Modelling) wag ML

odlsfinu ielanunsaliiaiesdiomdriildegaiiussaniam sududesdideyaaniiu

Tssududoyaindn dogaildgnatauainaoundmdng fo PLCs uazsjusud lums

UUR 35nsadadoyaildauldanyusudsenoudedoyegedidn (Farooqui A,

Bengtsson, K., Falkman, P. wag Fabian, M., 2018) [24] lavnaueuwinidlunisiiudeya

Mnvusud Feannsatluldlivdussuunsdauuifuwazszuuiviuads Tnouuamad

thiauagnitantulagld Sequence Planner fsawdt 2.50 Falundesdiodmiunisasie

WuudnasawaznTIRsgviszuun1san waglutagtulaluneseddluuievininsaeud

Julasesnsthsosdmiunisuanmanazasaaeunszuiunsfimdsdiiunsey fensld

Tassaslimvesviugud mansevihvesjusudargnudandunszuamgmsaiigngeldunis

#uiunis (operations) Mniusandiiiudinisldiuvesnmsdniunsmariiinonisuans

nszuIuMsfdsidusglusuuuuunugd Gantt uvuiSealny Fedreatuayufuiifny

lun1sungeshe wazdeyadignitasizinuvestlaulagldinadanisiimienssuiums

(Process Mining) tieasnewuudtaaamiluiiesurenginssuiiugiundeylunssuiunsngn

Services
Visualization | | Optimization Relation User-defined
aggregation services
Physical
S Stem _> Virtgal 4 4 4 A I
y Device I I I I v
Message Bus
= 22222227122211121;
Frs Al f
L5 | s | A | A
g v | v |
Categorizing Aggregating

events events

Transformations

JUT 2.50 A5 19@01InenIsuveInTEuIuNISIANISIMANIT Al Yo ue Ui LAz a1

Y52NBUNISYINGIUVDITEUU [24]
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Snndsmnuvhmeddnfodiunsldau uwhilusansisouiveanissazyinaulsd
Tuan muindeuiifinisauaudsguil 2.51 nsverenisldenumariludiasnisudnd
wannanesinyliAnanuwlsusiviifinadennudidetevesiuwa fegaudu Jadesa 9
WU AULANATeYTan luwAardenwazauLang1IvesgUnIalluniaslssuonvdanaln
nsnensalveslunaliasiane duduliiiuienusniulunisiaulueaiauise
USuildmunsadsuntauvanilded1adussansam (Oh, Y., Ransikarbum, K., Busogi,
M., Kwon, D. wag Kim, N., 2018) (Saadallah, A., Abdulaaty, O., Buescher, J., Panusch, T.,
Morik, K. wae Deuse, J., 2022) [52,60] Tunisimuanisfimesisinadenssuiumsdavelu
AT 0as A MR EnT (Gorus, V., Bahsi, M. way Cevik, M.,2024) [32] lavinns
ynaestaries w150 afdlulsaugramnssuiiefivtoya uaznadnsanmsvaassgnld
Juyadoyadmiusanesiumadouiveuaies (ML) Tnefimsld ML dugs 7 3uuuu Téun
nsanneyladann (Logistic Regression), siuld@nadula (Decision Tree), k-Nearest Neighbor
(KNN), RFC, Naive Bayes, SVM kag XGBoost g nununldu1ulausns Scikit-Learn ¥09
Python

UszAninmvesusavdanesiiugnissuiieulagldiunindaiuduau (Confusion
Matrix) Laglun3nA153LUnUsELAN 18U Accuracy, Precision, Recall, F1-Score, L& ulAg

ANWULNTINUVBIRISU (ROC Curve) hasmiuiitaladulas ROC (AUC) 9n1nd 2.52

PTZ camera l I

/ N\ Thermal camera

Distance between ‘
the thermal camera
and the product J
| Camera angle

Product

JUN 2.51 MIIAaEN1SARAINaDIa18AINAILTEY [52]
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0.

i

0
Logistic Reg. Decision Tree Random Forest Naive Bayes XGBoost

ML Algorithm

Accuracy
o
o [+

=]
'S

N

JUN 2.52 mswlIsuifiguaziuuauuaiug1vesdanaiiu ML [32]

TumsildldiunseuIunts RSW AUUANAIIY0SE IURALTAR AIUNWY kazan N
ﬁyuc?aai’wLﬂuﬁaﬂﬁﬁmmaﬁimﬁmLLG]'VTqu”Lﬁﬁ’Lu%yjaﬂﬂanuwhi?u WASIABITA L UEN
dieaweiiazanunsaldldfuanmwindeunisudndiunnsnety (L, X, Zhang, M., Zhou, M.,
Wang, J., Zhu, W., Wu, C. Wag Zhang, X., 2023) [43] ﬂwmmmﬂuﬁauﬁwm%ayjaLﬁm

Aaa v

mmsé'fu%’auiuﬂﬁﬂizqﬂm‘iﬁz’fmumﬂﬁu Tnginzlunsdlifideyafifinnusouln wu deya
Aeatunszurunisudniduruduniensaanadesdns desuludesduinsnisiie
Auasosanudududmussteyaifielfaonndasiuunsgiunsnguaneuaziiieuntes
ningdunaleygn mﬁﬂui%‘m”lmﬂzymﬁ'@m{LGET,‘U{L@]ﬂaamﬂmﬁﬁusﬁaaﬂaﬁﬂaamﬁa FININ
7l 2.53 19U M3IFeUZUUUTI (Federated Leaming) Fatheliansnsaiineusuluinalslaglsl

ﬁi’ﬁL‘T;Juéfmtﬂmmaﬁagaﬁﬁmméaﬂm (Dib, M., Prates, P. ua¥ Ribeiro, B.,2023) [19]
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SecFL Framework

Central Server  Clients ('

ML Local
H Oecrypted Contral Training Genorate Assimetric
Key Pair odel [y s, ML Model Sendvamost £ Key Paic
08" @
e o
T ehiteos -
- oy i e e s P
i with server's public key H JJ secret
e
‘Repeat this process by the number Chont Detoont H
prpeloemer bl — Aopovea
L Fe—@ i,
e s i
rapdcayed Crste signed € of Notwproved | OpenOE sndvainthe
T et
———
The aggregation occurs Privi The ... DR ST
egmIensee oot et - bl (ol
ol reorhiis
pr— i Pt s st N7
Datasets dataset 10 the central
Tt Sorver Trained Client
— e e—OH— |
Verity signed DE Create signed DE of Each chent extract
T i H client test Dataset the trained weights.
; L
................................. : i\' o : P
(@—r =D }j}o 4 \({}‘
< \E\C\ i b § e, Approved i&
b Not approved (
............................ ¢ .
MO e wasan Do et i
™ FAA algorithm The weights are not the central server

U7 2.53 n39Un15W191U SecFL Fadunisnaunaiuseninedsnis FL unsgiusazmeda

Signed DE [19]

nsguasnulassadeiugududeyadsniulunssesiulimanisidsuivonados
Adusandennusimedidda deyailiAnaineuwes i vudindeyanisndn uaznns
AIADUAMN WA BIALAUTIUTIN §AmS uazUszinanastslUssAvEatmiiasesiunns
wennsaluuudealmivislndidssiunaiass lumafoRduindosnislassadeiugudiu
gsawsuarreNsSilonziazastsannsadnnsieyauunlugle %ﬂﬁgﬂﬁﬁﬂ%ﬁiwqmaz
fnwdudoulunisquasnunlusrezen uenani dadeyaiosoadounuainamni

N1aLIa1 R BIIN1INTINEOURALTUTRIAMNINTDYADE19E NALD AININT 2.54 LNl

I 4

wllailumamsisoudvonniaslisudeyaiignies (Soto-Ferrari, M., Bhattacharyya, K. Wy
Schikora, P., 2023) [68]
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Postponement Nzssasamonassa s )

Stage 1: and Data Stage 3: Best Model Configurations

Testing
Stacked Models

Models Ranking for
Best Hyperparameters Configuration

Hyperparameters

Grid-Search
1. Lag size Stage 2: Training LSTM Models| Select the Best Model
2. Number of hidden layers (N) = Based on RMSE, MAE, MAPE

3. Number of neurons
4. Learning rate Form Instances Using Lag Size
5. Dropout rate

6. Epoch size ¢
7. Batch size

Training Set
Run Multiple n Optimal LSTM Models

Using Best Stacked Configurations

Stacked LSTM Models (With N Hidden Layers)

1 i | Calculate Prediction Intervals with
LT, LSTM? LSTM, M LsTMN Quantiles (POST-BaLSTM)

—_—

Determine POST-BaLSTM Performance
- (SF Rating)
Testing Set
(Horizon)

U 2,54 nseumshauves POST-Bal STM [68]

Tedrindnusznisniefeanudndulunissvinnlunasgwsaiieaiiesesiunis
Wasuwdaslunszuiunisudn Msdnuseveua3esing LLaSHﬁL‘UgEJULLUﬁQiUQiUﬁEJ‘f@%@Q
Fan luanmwndeuifinisidsuulased v utunamnssunssansooud lanans
Boudvenndesdmsndadislfegemaaudeanmnandnuasundas vilvisududesd
nefinevsulinauaznisasiadoulydegians amnudesnatonaldvineinsinn esn
Fosinsarnaevetvasiiane Tassadeitugrudmsunmstineusulnml wazunandifeiudes
sonuuuliaalviifieliidriunisnszanedaya (Schuh, G, Gutzlaff, A, Thomas, K. Wz
Welsing, M., 2021) [63]

MefinUsgansnmnsyuiunsnan Wudsdfyesdadioliivlainvaduunne’
(Lithium-lon Battery: LIB) finain1mngs Tngianizegedslunisldanueueud nszuiuns
wan LIB 1unszurunisidudounareduneuuasnisdinessuaunn lunuddeves
(Duquesnoy, M., Liu, C., Zapata D., D., Kumar, V., Ayerbe, E. ke & Franco, A., 2023) [21]

Towanalmiuin wuudtassil@andi@ednuuy 3 4n WueIealeniuselovdagrauinlunisiy

a

Jayaininedtunansenuressiiimesiunssuiunninsenmuaudiiulaseaiiuag
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Uszansnrnveata il ag19lsAniy n1slFauLuUTIaenat lunTZUIUN1ITLHAY

UszAnSamanandfvestaliiuaznisesnuuudaundunsfinesnssuiunisnandansd

1Y

Uadfin LeINAUUNNTATLI NG

AN X

u . : H

H 4— experimental cell design @ 4— electrode properties optimization —/.‘\—
XX I

LN ] LN ]

LN LN ]

eBeo o

L ] LE]

——T——°ccece

synthetic electrodes electrode properties
desi P materials A : \».
lesign o 3 ‘
synthetic P N} » /)
experiments manufacturing @ ¢
| | 9]

parameters ®
[ Drying

|Manufacturing physical modeling

IEE)

deterministic learning

|— multi-objective optimization ————

°

JUN 2.55 unudadalassaisweamsaiiuusednsamane ngusvasduuuidein [21]
nuATeilaudludgyvlagiauewuimslniiainsausuldlanaly Featduayulae
nTEUIUNSALY ML WUUmMuAuALLaNIg (Deterministic ML-assisted pipeline) @msunsiity
UszdnsnmmanedmunsvesnaaudAvalaiin LIB wagniseenuuudoundunssuiunisuas
F9NINT 2.55
= ] = v = v & v v
nsaauarauluselavedlunanisisous vouns asdududerimieluns
Uszgnaldiuiu lugnamnssunsnansosus FalluinsgiununinwazanuUasnieas

a

Apnstlana ndadaan1sAe Ut fidalauLA Bafunan1syiuisveslunaLaznsTuILA1g
faaulavedluna dsdioradullynilnoemsetrsdailoldlumaiimududou wu DL Fish
gnuesIndu "'naewin’ Famnldfnisfimnuiiieane Fmnsidiendnervlddulaluaiy
Undedeuaznsldnunansmeinsalvesdunasg1sivszansnim deenasidanansznuida
Ufumvesnisin ML Tldlugnanwnssu (Lai, X, Qiu, T., Shui, H., Ding, D. 4@ Ni, J., 2023)
(40]

sruusaludAdunseduind ouddnlugnamnssunisndn feiaeiinnuninuay

ANNENTaluNsveemlun eI SHAALaENSUSENOU WalSeuiieuiugnainssy
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gupud nsihszuudnludfunldlugaamnssunisdunaisoudsdmas egndlsiny dns
nsgaufuIsnsiissuudludfunldlunseuiunisudn nsusenay uwagnsadeurinds
Seatu Tnefinnsvageumaluladimly wWetielinisuszneunaznisnsiadeuinany
ﬂﬂL%aaaLLazﬂaamﬁa?jﬂ%u (Mosca, N., Reno, V., Nitti, M., Patruno, C., Negri, S. wag Stella,
E., 2024) [50] VLG’TLI”]Lauaiwuﬁaé’miuﬁﬁﬁm%’umimuquQmmwiu%umuqmﬁ']mmmi

NARLATDITUNAITTVUINE ALY TASLRNIENEI91NN1TUTEND UKL UTR IuSRvRIdunuINLAY

' v
= a (% 1

vaawarH e Ut luiunglauas neunazindsdunds lngldssuunivaununndly

' 2 ' '
aaada (% 1 = (2 a

naedduavndes 3 AANARAULUEUALAGauURININT 2.56 Miduwuulalauedinfiesnuuy

1% dl

Az Feyaftldargnuszananalfiensinaeutaunnsosiusnadauiefufialasld
Fane3fuiideriu ML wazn1sUszananaluy 3 I

mslfrumeluladAdatugs iwu gunal 10T uag CPS luaninuwandongnamngs
fufinsndu 9aelinnslidanesiu ML Tulammunisuaniussansnmanndy egidlsfinn
deweundiadu ML f1aduanmsideldgmisldnuaiduanminndengaamngsy Anu
Aenfuamuindefiofifntu asnuuuiiass ML dnlnajgniinuasUssifiuuugatoya
sl MsnTavaeulszansnmuvuesulaved sdeiiesdadudsdndulunisadiessuud
dndfeite uenani madsunlasmesnfnuasnduired aunsniilugnisanaseanin
wiudrvessanedfiuiilonawinly Fse1adawansznude anundefie nnlildsuns
ASIADULALIANITRYNILNIEEN (Jourdan, N., Sen, S., Husom, E.J., Garcia C., Enrique &
Biegel, T. waz Metternich, J., 2021) [35] lauansliiiutianansznureslymlagldgndoya
fupunsansisae Jsgnsausnlutisnat 36 Wou uaveSursunasimniidulylsvesns
Wasuulasdsndna 9nmsUsyifiuanamumuvesdane3iiu ML ﬁiﬁz’fﬁ’uﬁﬂﬂuqmammiu
MINAN wagnuinAsiudanasegnilefinnisiasuuladludeyadmsudane i
Famuafinaaou uanani idafnvnAnAriimsUssiduauliuiuou (Uncertainty

Estimation) anansagninanldlumsdssifiuyssavinmuuuseulal
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3d sensor

UR10e
»p” robotic
d am&
Control unit

Ewellix

S "\ i y Pepperl Fuchs P
Industrial " i SR navigation unit 22
Holonomic robotic base Battery Inverter

JUT 2.56 unannesun1siiudeyausznoufigguyueud wuuueus wasduieesves

JuaruAIeatu [50]

aguudr anudnialunisussgndlilunanisisoudveandadlugnaimnssunisudn
sosudlilifousdontaumamadawiaty uididosididenuimeda fiRmaidse
nsvansiudaymdunisysanis nsverereulwansldeu anudududivesdeya
mapuasnulasadisiiugiu mssinsluinaeeseiios auannsalunisiieny uazns
Uszananauuuiealnidududsddudmsuniswasuulas ML mrnmeluladisidnenn

ldinsesenvaiielalumsiiunmuninuazUsednsnmlugnamnssunisuansaaus

2.10  #iaN19lUBUIANYBINITATIVFDUAMNINLTIIIUIEINTU RSW

Tuvauzfimansaasununndsiugdmiumsden RSW asiaunly malulad
vl q Mdadanfivnmmddylunmsairsssuumnmaaoununingalysl aauimmii
ddleun nmssamgunsal IoT WensifudeyauvuiFealnml nsléadanivlunsdiass
nszvaunndon uarniniianidnenssunisiieudideindugenls lnemealuladvanis
Fnenwlumsifinmiuwiugl Ussansam wagauanansalunisviiungvesnisnsisaey
ANAN

n1ssangunsal loT Waeliauisaivdeyanvuisvalndldegssoiiodlunany

[ '
v A

= & a ¢ ) N Yo
VUABDUVDINTEUIUNTILY DU GZNL'P]amaﬂ']'ﬁ')Lﬂi']Z‘VILLaSﬂ']i‘Ui'ULUaEJUﬂigU'JUﬂ’]ivLﬂVIUVI

WulgesNidoudeniusyuu loT asiutayaiinainvate wu gamgll nszualidn uasns
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indeuiivesiaien Fullairmyadeyatauysaidmivlumansviiune fagui 2.57 ns
FoudemanidviliinanausadmdunisnnaaeuaunmuuuiadugninihAaaadegn
waznsUsumsdmesnisidesuuuiFealngd uenaind n1ssaw loT feaduayunsdaiiu
fosauaznsilanziniuszuuna1d feUl 2.58 Fadheifiumnuanansalunisvensauia
LasessunsnsIRaeunsrUIuMsdeslulsanulsegeiiuszaniaiw (Dong, 1, Hu, J. uay

Luo, Z., 2023) [20]

Digital twin-driven resistance spot welding process monitoring

—— preprocessing
Data acquisition PLej 2

______________ - | R e G s S S . ot | e e o
| Mod ' l - !
| Model layer | | Dita laver | Application lay er |
( b | ' : | : '
| Digital twin ) | % : | |
| \ 4 J| : | : Wcldm_g process |
—————— ﬁ SiSAS S | Welding simulation data | monitoring |
R = i e e e e = . |
| Communication layer | | Abnomal quality data | |
| tr ansxt networ l\ | | w | I |
= [ e oo Ty o
: | : ﬁ data” | | Online monitoring of |
| | I —=interaction— | | real-time perception |
| Data I | Process site data | | data |
¥ e———— R | |
| transmi v |
ssion .
| ™ | Welding process : | P :
| | quality data I I | ¢ |
| Data preprocessing | resource | i
I ) e | | Welding process data |
| Data acquisition : {,Ol - | | I
| hardware softwar (‘E TR I I
— ___software 1 ——interacti |
| ]|
| Physical Entity layer | : | V| :
| | | | Ovtirizati -
- - ; ptimization of |
; ldi Artifact Information | e
| Resistance spot welding ; - | : welding process |
: unit | | Process Infoemation | | |
| [ B e | |

€

m%’umzmumiﬁau RSW [20]

No

AU

(=)

JUTN 2.57 NSRULUIARYBITLUUR
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JUT 2.58 svuunisiiudayasuuisealnddmsunssuiunisdion RSW [86]

(Tao, J., Nor, N. waz Abdullah, AB., 2024) [72] lad1939an1mKwInga 01151191
yeamsifouusud Tagldvinnisadnaudnwarlulawunauaglauuniud sy 26
Memsnndyaoadoswessosidon uarlimalinsginsedfuagiimauisuiisuiessy
mnuuanislunadnvazvesdyaaiitounnsewuaruvanungludeidnd fonisld
Snuasanzvosdyaadoandii ngldaduuudaesnmsszyduihunsuasianiun
wuudeunduesulay! Tnsanunsassyseiuanudniunndsiulunssuiunisidenldeyidl
Usgdnnm uaznanssyyuarigninanliidudeyadrsdsdmsunmsuvarimaden
wuueaulauNuiIAIuAY ugnaini szuuﬁ%ﬁam%uﬁagﬂﬁwmsﬁu‘lmaﬁLLUUﬁ’Waaqmﬁzq

wazArnruaninuduingddiavunsufiamesuavnisussuranateyaliuannaiso

TnalAseiuausmeansevie (Edge Computer) Auaau n1snaaauldanaassiaiandli

a a =

WU ANS A niiwilanI1v095EUULaTRUUIa0l UNNSALIDUS LA UAIUANUDITOLT DY
13U UkaE SN LatesNINUDIANULEINIITON KAZNITINTZAUAMAINTDITOBLTENOE AT

HedAgy
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Flex Pendant

Welding
aids(Light, force
sensing ...... )

Edge Acoustic signal
Computers  acquisition

workpiece

Communication

U7 2.59 gunsalvaassdmiunszuIundien RSW [72]

Avaviududnuniamaluladfddnenmlufunsnsaaununimdainne log
mMIasLuUTIaeaiiouvenszUIUNNT RSW Adviariuansosasinisideunelddouls
fvannvansuazinenadnslalnglidmasnonisnanass mnvansaiiusslovdesann
Tusumsthssswidsinnng esafdfianiuainsatiomansainsdnnsevesiaidon
Wensrasudeunnsesiionniady uazdszflunanssnuresmsusuasuminesse
AuAMNITT ou ewidouansliiiuindenissiasamginssuvessUnsalid eulu
ANTNWINRBNIT ﬁ%ﬁaw?ummﬁamaJmmmizﬁmméfaﬂmsmiﬂﬁqa%’ﬂmié’uﬁué’mmﬁu
annanfiiaiesinsvgaviianu uagiiinengnsldsuesgunsal uonani Asvaniudady
anwindenivaansouaziusyansamlunsnaassnsiwesinyl 4 SaseiAnuianssu
Tuweadalunisideu RSW

msfnauuwisesidon (Seam Tracking) WA udulunszuiumadeudieliiule
Tuanuulug1nen1sid on i etisandefanaislunszuiunadeuwumnand niuide
drsrunabng ladinsdiauswuinianisauaunsvaeganensallagldadvaniu de
AT 2.60 (Shang, G., Xu, L., Li, Z, Zhou, Z. wag Xu, Z., 2024) [64] ladn1531a515%

%

Snvaizanzilmunzaudniunszuiunisdon Tnsdnausannenssunuuiiianiv
ﬁm%’umimmumwm%L%qﬁmwluﬂizmumiaﬂmml,miaaLs‘i‘iam Nt 9IAIVANNT
saaBaiunedmiumsinaununsesiden uenani TainsimunlumaluuIERRaTY
WNIMTuardanesiuAumaLUils (Recursive Grey Model Based on Taguchi Method

and Sparrow Search Algorithm: RGMbTM-SSA) 1l aU5uUgsAuut uglun1snensal
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aavine ladnsnsiaaeualuuiug1ves RGMbTM-SSA uazaiudululdvesnagnsns
MUALMsTRYELmens iR liATanAY dunsdfnuaidunssuiunsuannisienusdy
wiandmsuisedrsgrunlng lunisvinedeidanaiaveanisdnaiuuuisesid oy
RGMbTM-SSA fiuszansamininlunauuuialuuazdaneiiunsiousvesadeauns
Uszan luszuudvaniuiifaududmsunmsfnnuuusesiden Ussansamlnesiuves
nagmsmMsAUANMsYALEELE N salAfigalofrunnaileaimii (Advance Time) 1371
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JUT 2.60 anUnenssuildadviavdudmsumsmuadaaguuunianisalamindmu

nsfRnanusesllionlunszuiuMIFonunumanyeuiod s gunivg) [88]
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adnane Anununuivihiigeuiiongmsldnueuiuiu ananudluniswdsulnd i
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availfley Avpamsmsihlniuarauatesgs

ELECTRODE TIP STANDARD
1SO 5281:2009 L - pfoezonn
) — 30°
-ll-"pu - \(. Overall = 16mm
[T N [
d dz - *:** 142 %
1
| L T L
|__ ! J Standard Female Electrode
TYPEF 2 (1SO 5821)
di Body Diameter 13 16 20 T’;’%’j’;’"“ s
d> Face Diameter S 6 8 .15
3 i 10 12 15 +.000/-.025
2 18 22 22 +.25
I» Taper Length 717 3 95 1.5 + 2:
R, Nose Radius 32 40 50 + 25
R> Spherical Radius 6.5 8 10 +.25

JU 3.5 MloumesuadkuURas (CuCrzZr) viln Dome wuy F

32,5 |ATesilonsavsausRLLTaNLULYA B%e Tessonic fu F1 faeviinvuin

52 11919
13 eilanTa9aeUT08LT D1LUUYR Tessonic Ju F1 wisasiriavuin 52
#1519 1Hugunsalfilddmsunsarasununimsesidoulunszuiumsideunuuya lagld
wmaluladdansilasdnifiensrnduanuauysalvessenidey siiavuin 52 A1519811150
Asoumquilufinsaaouldun Paelinaseuldoisininariivszdniam in3osdlell
sonuuuIlAlFauie danuuiudigs wasaansansaivdeunnsendn 9 lusesidonls
wnzdmSugmamNIINTIFeIMsAUANANN HIBBLTEY WU MIHARMfIsnEUdLazeInA
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(a) Matrix Array Probe (b) Resistance Spot Weld Analyzer

JUN 3.6 1AT09Hl8NTINABUTRULYBULUUA BV Tessonic

3.2.6 AdUNLABs Dell T7920 Intel XEON Silver 4108x2CPU with Nvidia RTX
A4000 16 GB, RAM 256 GB, Window 11 Pro for Workstation

3.3 msi@eusialusunsuivanuAtnasulana
mMadsusialsunsueuhnsiiuduazuUsravesteyaiinnnisidonusazasaiy
agldnw1 Python Tunisieuswalusunsuniulusunsy Visual Studio Code iiovinnisuda

Hadeyadil duaasluauaIniua1e Agun 3.7
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JUT 3.7 unugiinsdeulisunsuitoiiuAuasuaning

3.4 funUsniglunisian

I1NUINTIFIVNUT ouvBIVTENTneudLIniamrualildusslunisnawnulans

Yuzlound Tl 2.7 kN #1m151971 3.2 dmsuuiumanidaununsening 0.65 - 0.71 mm

[
(% U

Wieuautuiawianiniunieg lnesuvutudumanindeuianluduassuaatundumin

a1

Alapdouiin Tnevisaesduidumanien UTS 5e1ing 350 — 590 MPa fapns1ai 3.2
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Governing Metal Thickness Button Size Cap Face || Uncoated Design Coated Design Design Design
Useful Range -- Nominal Setup Reference || Diameter Weld Current Weld Current Weld Time Weld Force
(mm) (mm) (mm) (kA) (kA) (cyc) (ms) (1bs) (kN)
0.50 0.56 44 6 63 9.8 10 167 530 2.4
0.57 0.64 44 6 6.5 10.0 10 167 560 25
0.65 0.71 4.4 6 6.6 10.0 11 183 580 26
0.72 0.79 4.4 6 6.8 10.2 11 183 600 27
0.80 0.86 5.0 6 72 10.6 12 200 630 238
0.87 0.94 5.0 6 75 11.0 12 200 660 29
0.95 1.04 5.0 6 8.0 11.4 12 200 720 32
1.05 1.14 5.0 6 8.4 11.9 13 217 780 35
115 124 5.0 6 9.1 12.3 14 233 850 38
125 1.40 6.3 3 103 14.0 15 250 1000 4.4
1.41 1.55 6.3 8 111 14.9 17 283 1100 4.9
1.56 1.68 6.3 8 11.8 15.5 19 317 1200 53
1.69 1.85 63 8 12.1 15.8 21 350 1300 58
1.86 1.99 6.3 3 12.4 16.0 23 383 1430 6.3
2.00 224 7.9 3 129 16.7 26 433 1630 72
225 2.46 7.9 8 133 16.9 29 483 1730 74
247 272 7.9 8 13.9 17.6 34 567 1900 8.4
2.73 3.00 7.9 8 14.5 18.1 39 650 2100 9.3
= P a s =
HITNN 3.2 G]’]‘E’Nﬂ'ﬁ%U@jW’li’liJLG]E]iﬂ’TiL‘UEJlI
Truncated-to-Truncated
Electrode Arrangement
Governing Metal Weld Schedule Maximum
— - A ¢ Thickness Force and Current Thickness Ratio
etal Combinations & Arangements (GMT) Adjustment (see
Note **)
1 ;( Two Equal Metal Thicknesses X - See Note 3
Least Critical of all Welding Conditions Shown
2 ;(:E Two Unequal Metal Thicknesses X | - | See Note 3
See Note 1
3 } T Three Equal Metal Thicknesses X | +10% | See Note 3
z One of the Least Critical of the Three Metal Thickness Conditions
=
4 {( Three Unequal Metal Thicknesses: X | +10% | See Note 3
Z—=C) Lightest Gage in Center See Note 2
5 ¥ '_“[ Three Unequal Metal Thicknesses: z | £10% | seenctes
Y/ Heaviest Gage in Center See Note 2
‘_.!P-/ : i &
6 Y Three Unequal Metal Thicknesses: Y +10% See Note 3
Z—=CJ Medium Gage in Center Condition in Which Thickness Ratio Limitation is Most Critical
7 }Y\' i Three metal Thicknesses: Two Equal and X | - | See Note 3
z One Lighter, Lighter Gage in Center One of the Least Critical of the Three Metal Thickness Conditions
8 ¥ Three Metal Thicknesses: Two Equal and X | +10% | See Note 3
z One Heavier, Heavier Gage in Center See Note 1
— {1
9 } T Three Metal Thicknesses: Two Equal and Z | +10% | See Note 3
VA One Lighter, Lighter Gage on Outside See Note 2
L
10 3 Three Metal Thicknesses: Two Equal and X | +15% | See Note 3
z <) One Heavier Gage on Outside See Note 2
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3.5  msiSeuiveuniesinsuaznsiBeuiidedn
3.5.1 uwndsdaya (Data source)

Fayagniiuain 2 diu ldun nisiiudeyasinnisnaasiazdeyasin
mensuanase Ineteyails

3511 deyaiildannismaaes

nmsneassiuldinainnisdengauudusuiiegis (Coupon)

AowrulavziminvilnAuudsussgeuuin 350-500 MPa laefiAauvu1sening 0.7 + 0.05
mm Insduvufumdniiedevsetanluddndusadundnilindeutanlud lng

Mnunlvinideuwiaznegineiulitosndt 20 mm

JUN 3.8 Juanunaaesd niunues

Tunisneasadumnualinisideuinislanisidwasann Lobe curve 1ag
MUUAM 0 N8 TNSIEN590LmS T IUNSNARDY hae 1 NUIEDINISIINISITLHas Y
mMeaes lngszyiudsdmiunsleude an uay nsswanldlunisen dsguiinivualy

Tunwit 3.9
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660
640
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Weld time (ms)
= N = =Y
P R R R R R PR P R R OO
S = == =
CO R PR RLrRPLREPRERLRRPBRPLPBERBOOORO
ORr PR PP RL,RRLRELRPLRPOOOOOOO

WORr P RRPrRPrRPLRLRRERRPE,RPLRBOOOOO
Olor PR PR RPPLRPLRRELRERPLOOOOOO

A|lO ©O O © ©
aojo © O ©
»|jo © o

7
Current (kA)

=
o

U7 3.9 deyaduusililunsiden
3512 deyaiildainnszuaumsnan

nsvUINMIARd I ULNUNY sENaURde SuduainnsUsenay

Tassadnasing q vesfdisauisdunsauy Wemnduneulunsusznousadesasus dana

aziBuanazdudoulunisdengariis q 1n Fefiinieadousnnniy 200 1a3es n¥euYuY AT

fuasislunsideuaaingg 1nnndi 3,500 90 luduvesniddeiuldidenlddoyaludiures

fuvesadlngans seriwiedasansiuninuasiestneansdnunds Tuddduldlduens

gramnssd Tumsiwendnuau 2 M luniswendhe-van Aegui 3.10

JUN 3.10 nudiesilugnamnssusngud
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lun1sieuvamiueud 1 AUUYUEUAILYIINITABUN VAR 12 90
Tnguuanuduiudureawiuman e 6 9usniiunsdenuunIuiuIveILEUImMANT I

3 4 uaz 6 widetudunislonvuauruivesuiumanduau 2 4u Fadugadeud

0 aw [

1lun199i39e Aegun 3.11 Tudagtuiuiinmswdnseduinnnii 450 Au

Y

JUN 3.11 seewweunldlunuide

352  N5TUIUNSHRBNGI8AMUGIUTNY (RSW process)
nsgvumstiERduTnMsiueudliTuddnnn PLC iiteideulusumsd
fmun ndsannsruIunsdemaseau sldideulusunsalune Python Taeld Jupyter
Notebook 1l 88 1uld RUI aznsIvaeuaImanysaivesdayanisid e il edudui
nsvuIuNMadomattauysaiudy iesnnlusunauiiluliansosulndussnndld
3.5.3 msuwendaya (Data extraction)
vasaninsteyafis1idu wu Juiuazaarfinszuiuniaidy nssualuin
wsasfuliih uaznaniildlunszuiumadonudadinissd 3.3 aumdriazgndiuam aindu
inazvhmsndennsmlusadiu nszua wazauiunuisuiunafildlunszuiunsidon

nsmiilanegun 3.12 asgnldilunidlunsfiweslugadeyaiiieassuuudiaes
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Time (ms) Volt (V) Current (kA) Resistance (Q)
0 0.07843 0.16068 0.48813
1 0.93137 2.53065 0.36804
2 1.97059 574417 0.34306
3 2.33333 7.31076 0.31916
q 2.47059 8.31499 0.29712
5 2.5 8.87735 0.28162
6 2.39216 9.11837 0.26234
7 2.29412 9.23887 0.24831
8 2.27451 9.47989 0.23993
9 2.22549 9.6004 0.23181
10 2.13725 9.56023 0.22356
11 2.13725 9.7209 0.21986

350 2.06863 9.76107 0.21193
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3.54 nsiauaznisuendszinnvessesid audtead uidesalnunge (UT

measurement and labelling)
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ndeyalunisnd 3.3 AMmualisesiteunlanmanysaitudesvuaduy
HIuAUENA19VR3T08 auNINNTT 3.5 mm Feimualiidu Label : 0, soaidouiidanin

auyIaiiud iU AdUNUANE NA19UBITBELTBNNINNTT 3.5 mm waziinn1sseidnde

' [
aal

mnualidu Label : 1 uaz seulouiiflanmanysaiiudasdvunaduriugudnalivessos
Woutloandn 3.5 mm Fenualidu Label : 2 Insvuadusiugudnansiiliiuanainnis

TareiaTesile UT fagun 3.14

Nugget size:  Nugget thickness: Nugget size:  Nugget thickness: Nugget size:  Nugget thickness:
[#6.1m %0.167 Sl [#7.9m %0.25 o [#2.6m 30,09 X]

—— P =r=—3 i — i i 5
= L || e

U 3.14 msszydssiandeya (a) anmauysal (b) 1Aansiendi (o) anwliauysal
3.5.5 mamssudoya (Data preparing)

Tudunoud iazthgadeyarismn 410 gn (Fregragadeyanufuansly

AN3197 3.4) Iduuvseoniduassyn Insyausnusznousiedoya 274 ya 1 oldains

wuudiasansiiouiueanies druafiaesUszneusiedena 136 ya (MIenilsluaiuves

slamun) Wi eldmsaaeunuuiiaasiaedoyafiuuudaesidineiu Tnsfiinvesgadoya

Viavua 410 YaRauandlun1sen 3.5



M15°99 3.4 mM3edayaildannnssuiunsWesuarnsinvuaiy UT

No Name Station Program Time Parameter Time UT (mm) Label
1 8Y025WC05 Progl 20230707 141015 1-2 8Y025WC05 Progl 7/7/2023 14:10 7/7/2023 14:10 0 2
2 8Y025WC05 Progl 20230707 141736 2-2 8Y025WC05 Progl 7/7/2023 14:17 7/7/2023 14:17 2.05 2
3 8Y025WC05 Progl 20230707 142223 3-2 8Y025WC05 Progl 7/7/2023 14:22 7/7/2023 14:22 8.88 0
4 8Y025WC05 Progl 20230707 142422 4-2 8Y025WC05 Progl 7/7/2023 14:24 7/7/2023 14:24 3.17 2
5 8Y025WC05 Progl 20230707 142553 5-2 8Y025WCO05 Progl 7/7/2023 14:25 7/7/2023 14:25 5.42 0
6 8Y025WC05 Progl 20230707 142710 6-2 8Y025WC05 Progl 7/7/2023 14:27 7/7/2023 14:27 5.96 0
7 8Y025WC05 Progl 20230707 142827 7-2 8Y025WCO05 Progl 7/7/2023 14:28 7/7/2023 14:28 5.48 1
8 8Y025WC05 Progl 20230707 142959 8-2 8Y025WC05 Prog1 7/7/2023 14:29 7/7/2023 14:29 555 1
9 8Y025WC05 Progl 20230707 143126 9-3 8Y025WC05 Progl 7/7/2023 14:31 7/7/2023 14:31 5.67 0
10 | 8Y025WC05 Progl 20230707 143439 10-2 8Y025WC05 Prog1 7/7/2023 14:34 7/7/2023 14:34 2.05 2

410 | 8Y025WC05 Progl 20230716 162641 A49-1 8Y025WCO05 Progl 7/16/2023 16:26 7/16/2023 16:26 6.19 1

8L
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AN5N 3.5 NSANUATEAUIBINITIAUTELAN

Weld Dataset
Class level Level condition
quality Training  Unseen
Class 0 Satisfy Nugget size > 3.5 mm 163 81
Class 1 Expulsion Nugget size > 3.5 mm 44 22
& Expulsion
Class 2 Cold weld Nugget size < 3.5 mm 67 33

3.5.6 MsidenAManee (Feature Extraction)
lunsfstoyaannvue uilew L51a11150A0aYAINABNRILADTAIUANNTT
Wou luguuuy RUI wazuUandulnd CsV Ingld Python ndsnuuasteyaudauds Tu

£

nATeladendayaidenis laud Juiuasiansunszuiuns, wssiuliih (v), nszualniih

' v
a a =

(1), wasuildlunszurunisidion (BEnergy), Aufoufiintulunszuiunisden (BPmax)
wazafildlunszuiunsidon (Weldtime) uonaind dailaunninasnssualniia (factor)
way winwesusesuliin (Vfactor) fildunannusoudasiniindeudensfiwesimuia
WU Aruseu N1shALseauliiwasaszualin L51d1nsaruINAIANNATUNIUAI
nguedlevia Faszydn | wUsiuasedy V uaznusrnduiuanudmu | anaduiussening

V, | uag R uwansagluaunisi (3.1)

(3.1)

~1<

lunszuiunisilion RW ngdefinlsvesyaduansiiiiudsaruduius

SEPIANUS AU AATULAENSEha T lrar Ui AT Q wuAIAIUSaU tay T wnu

181 AUNWEAILLANNITA (3.2)

Q = I?RT (3.2)

wasuamun | AlElunssuIunIseNgAmieANATUUAILINLAINNTMANARAMYES

V uag | saeanantunsiion (t) muikansluannisi (3.3) nsauiuiuand1eain Benergy

Y

Feldsrungananiugngavineuunsm (Ui 3.13)
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E= [V(©)xI(t)dt (33)

Ausedulih, nszualwih wazarmsunugninlundennsiaunaitld
Tunszuiumsdon a1nns i leuandlugui 3.13 dnrsduinadfnig q Weldilu
wisfweslugadoyaildadidlimng mafiwefnddusznoudoanadsves 5 ms wn,
AL0ABYDI 5 ms 4AYINY, AGIEANEIRIN 5 ms UsN, ANAIAANEIIIN 5 ms UIN, Alade
anua, HaTImTianun uazAgaTerensm yadeyanisaiildain WT aenadasiuge
Foudonilsgauuiiudumd/dunds fwsfiweiiomn 31 wisdwed winsfives

Tatnafianansaldlunsasalunald wiimnmsdnesasieatosiunszuIuns RSW uws

o aaa

FnJudeameaaunarIms1ziANUduNUssErI19LUIDaTEmaLF Ik UTAN 5T Re

a o

ANOVA wuuvnaifien tneduusfedudsnaudeyanignduunsendusedusing 4 uaziuys

Y

AUABNIIITADING 31 NI TADTNNTIVTI
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BWear
o @
3 38
Weldtime
s
S
3
’ li 4|
R1
e ® ° ©
W W B B
& & & N

1
Label

(1) 2) 3)
12 1200 ! 0.30
B W\

i 800 T o i

4 5024 s

| uzz‘r—l__|
1 =
0 [

1 1
Label Label

1
Label

4 (5) (6)

v

JUN 3.15 fI9819MTBATIZRNUNINNG 09U T B Aag 1N lulAaz SEAUAMA N

5L

[

lunIEUINNINAGRY LT1AEAENNAFINAST:
FUUAFININ (Hp): Anadgvesyadayaluwnazseauresnnninnisidouliuang1aiu

FuUAFIUNILEEN (Hz): AaREU0IYnTalalulias SEAUTBIRMAINNTBNLANATATTY
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1%
(g

L5LARITEAUAIMUTDAUN 0.05 NTBYANUTBNU 95% NANITIATITUNALRABVD

3 q

YadayaluyNIzAUTeINUANNITYNNTAT P-value 11NATT 0.05 MHNEANINEENTU Ho

Fevadhenunsunuresadeyaluusaznguogdesansndumiioudu fufuierliign
f91501 UA 3.15 uanssamsizsigadoyad nsuusazszi uresnunImnsId oxly
sUlUULNUANNGes L elTeuiisuiunanisitaTIzsi ANOVA uuumaiiisanuiiuansly
m3a7t 3.6 logldwrsdimednndadufions mnmsfimesianun 31 61 naazuainns
AATgsinuImsdiees 2 77 lawn BWear uay R1 aggndinesn siliindenisdines

v
g

yanun 29 fialdasisunanalumuniandlunisieh 3.7

A5199 3.6 MTIATILRANULANANTYDINTITNDS (429AULTOITY 95%)

No. Parameter P-value Significant
1 BWear 0.47115 No
2 R1 0.28364 No
3 Rh 0.10312 Yes
a4 Vall 0.04702 Yes
5 Weldtime 0.02935 Yes
6 V2 0.01424 Yes
7 Call 0.00321 Yes
8 Rall 0.00126 Yes
9 C2 0.00006 Yes
10 R2 0 Yes
11 BEnergy 0 Yes
12 RE 0 Yes
13 Ra 0 Yes
14 R 0 Yes
15 Rl 0 Yes
16 Valst 0 Yes
17 Cl 0 Yes
18 VL 0 Yes
19 C1 0 Yes




A15197 3.6 NTIATILRANMUBANFAIVDINITITMDS (TIANUTBIY 95%) (51B)

No. Parameter P-value Significant
20 Q 0 Yes
21 V1 0 Yes
22 BPmax 0 Yes
23 Va 0 Yes
24 Clast 0 Yes
25 Ca 0 Yes
26 Vfactor 0 Yes
27 Vh 0 Yes
28 Ifactor 0 Yes
29 Ch 0 Yes
30 BSplash 0 Yes
31 Spatter 0

A5 3.7 Awdsamsuniseneusulueg

Parameter Unit Meaning description
R mQ Resistance (from equation (3.1))
Q J RSW heat (from equation (3.2))
E /s Energy (from equation (3.3))
Ifactor - Current factor of MF inverter
Vfactor _ Voltage factor of MF inverter
BEnergy J/s Energy using during spot welding
BPmax J Heat during spot welding
Weldtime ms Weld time
Spatter . Status *(0, 1) of BSplash
C1 KA Average current first 5 ms
2 KA Average current last 5 ms
Ca KA Average current
Call KA Sum current
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AN59N 3.7 AkUsamsunisrneusulueg (o)

Parameter Unit Meaning description

V1 Vv Average voltage first 5 ms
V2 \Y Average voltage last 5 ms
Va V Average voltage

Vall \ Sum voltage
R1 mQ Average resistance first 5 ms
R2 mQ Average resistance last 5 ms
Ra mQ Average resistance

Rall mQ Sum resistance

Ch KA High peak current after 5 ms
Cl KA Low peak current after 5 ms
Vh \ High peak voltage after 5 ms
VL \Y Low peak voltage after 5 ms
Rh mQ High peak resistance after 5 ms
RL mQ Low peak resistance after 5 ms

Clast KA Last value of current

357  msaiauuitaefienisBouiveaaiasinsuaznsBeuiidedn
(Machine learning and Deep learning model)
yadoyaildasiuuudiant (274 ¥a) gauvsiuuguosnifuasdin lngld

Toya 80% d1MTUNITHNOUTUUUUTIADWLATEN 20% d1MTUNITNAADUAIILLL UGBS
wudaes Mntuisasdenuuuassiinfiaaandanesfiuiuuuldun ANN, CNN, LSTM,
RF wae XGBoost InefiansanainideulviiUesiunis Overfitting vosuuuiiasaninnis
Usuusslaosmaiives duandlumssil 3.8

3.58  n15USuuuuUdnaas (Modeling tuning)
wuudaesiiafianazgniuiunessteyaiiliineiiiusnneu (136 4n)

diolvifulaianuuslugvasuusiaesaglitnng 90% wineruusiugiindunaid
nsrUILNsIEdoundulUSitunaunnnteudoyaiiiothdoyais 410 gpuduuandneluian

ASIAIgUT 3.16 viell lpsanniideyadnfindmiunisasnwuudiaes wdndudeddtoyaiiu
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TunsquuiadiiemiBmaaiauuusaesiidfigninnsuuseyaestamngan uenainiss
THineiadmnssunaidnuay (Feature Engineering - FE) Lileannaidnwaeiilidiyoen Tag
T¥azuuunuddyvesquanuuy (Feature Importance - FI) il oliuusgansnnueg
wwudaes TunssvaunsiashdluiFes q aunduuusassiiafigauazauysaiiianas

wSouldauase wu luaienisudn

0.35 jl

0.30 4
0.25 -

0.20

Fl-score

0.15 4

0.10 4

0.05

Cl ——

Viactor -

Heat -J—

Call 4

RI -
Cl -

Lor B |

o
o
S

Clast —

Viast —m—
Va -
R2 -jmm

BPmax -
Energy -
Rh -m
v2
Ifactor @
BEnergy
Ca -
Weldtime
Ch +
Vh o
vl <
Vall +

BSplash

Ra
Resistance -
Spatter
Rall -

JUN 3.16 MylasgiilIguifisuradliing XGBoost NaukazvaInIsAnianauinyuzlag

Tgazuu Fl-score
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AN5199 3.8 NsSeuiisulaiUasnisiinesseninaunadanasiuntdA1usengaz A

USUUAaD
Algorithm Hyperparameter Default Tuned
output_size 1 1
hidden sizes [128,64] [1024, 512, 256, 128, 64, 32, 16,
- 8, 4]
batch_size 32 32
ANN epochs 10 2000
lr 0.001 0.0005
dropout rate 0 0.2
Optimizer Adam
Criterion CrossEntropylLoss
output_size 1 1
batch size 32 32
epochs 10 1000
CNN
lr 0.001 0.0001
dropout_rate 0.1 0.1
random_state 10 10
output_size 3 1
batch size 32 32
LST™M epochs 10 100
random_state 42 37
learning rate 0.001 0.0001
N_estimators 100 12
Max_depth 1 11
Min_samples_split 2 2
Min_samples_leaf 1 10
R N_jobs -1 -1
Test size 0.2 0.2
Random_statel 0 7
Random_state2 1 48
Max_depth None
N_estimators 100
XGB Random _statel None
Random_state2 1 96
tree_method None GPU Hist
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3.5.9 msuiulduaznisusulgsuuudnass (Development and update)

ndumeudl uuudassazgnitauluudarfulaedanudoyaais Suusn
fvhnsideasnaaeunuusiaedlaglddeyannanenisuandiuiu 12 galuniletu dogari
12 gpazriunszuaumanisuteyauieatugadeyansmaassiinalideunhi doya
wiadlazgminaldlunsiunewssiufineadiefamumafutoyeroly deyans 12 ynas
gnaamdrfudoyafinousnAndifiog 274 g vildidoyasiuiomun 286 4a Geazgnily
Anevsulnsiieliuuusasddidoudifindy nszviunsisdududeluidunat 10 Ju au
§eyaninansnisuandiuiu 120 ya sawdeyavianuadu 394 4a Rnduasiuiindoya
anheuazasuna Tnsyadoyaildduazgninunldlunisdeusvonedomasnmsioudidedn

FIMNUIUN 3.17 FaanadeanInsIunseuIunsdedanesiunlyluauide

3.6  nsideuluaienisuan
nsldluanenisudn nsUsudsansieuresiusudideudud sddgyieliia
UsyAndmmuazauuiuglumandn mamedeuildadunisiaunszuuiivaeliviusud
Fowhawldegsdivszavsimuasmasanniu Tagldmaluladnisussinanateyauas
madousieluszuuadotnedsd
1) msuAmsUszananansidey
TunsEUIunS, ﬁuauﬁﬁamﬂﬁ%mmﬁﬁma%mnﬂizmumiﬁamm 9 LU

ausalunisidon, gaungdveneieoden, niaussiudldluszninnisdon wWield

¥
v =]

Vuguiannsalsumsiauldaiuamsiwesmantl nssuteyaivinliiueudaiunse

Y

v
a =

Maulanduguingadu tnen1susuansidausuaanunisainnadulusdy Wy nns
wilvdgyusanisusvanusiluniswenlinzauiuiagvseanmuindeuiasuly
2) NSLYaNRaLA3aYNY Ethernet

dielianunsausyinanauazdsdeyaldegemaiiuaziivsz@nsnam nsleuse

'
=< 1

yuguATUITUURNTmesaziniueete Ethemet Fatnglvinisdeansseninsiusudiu
onfiumesuazgunsaidu 9 lussuumandnanunsadedeyaiilianmsviunensdoudld
neeufneslusuusud Wousunszurunsdedluduneudaluldogaiud
3) msdedeyanisiunelifuueudvasnisidey
sdsniviusudldinmadenaiodu ssuuneniimesasinisussiianadeya
A mYesTesiFouudtadoyamatinduludsiusus kueietns Ethemet Fajususiay

Tdtayanlasuunlunmsysuusnssuiunmsvinuluaswioly Tunsdinssuunuinsesiioud
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Coupon Test
. Cm’“ i &‘wﬂ: d“f‘_"‘ . 150 units x 3 spots Trial RSW process
g (Curren ) (450 spots) ( )
3
L | L D S ooy s SO P U s
g - Production
8 ‘Underbody Marriage
2 units/Day x 6 spots [--{  BIW Process
(12 spots/Day)
=8
g Welding Robot Welding Robot Save Data in Read RUI file
2 £ Starts Up Stops Working [~ RUIfiles |-
pTTTTTTT eI e
' UI Curve Extraction Extract Machine Data Extract only Decode RUI to **BIW = Body-in-White
. ' X1 = Sum Data first 5 ms and UI Curve to One Raw Data [« Relevant Data CSV files RUI = Bosch extension file
£ g X2 = Sum Data last 5 ms |
S ' b
E ' i ' !
m : < p : : RSW =Resistance Spot Welding
g p Xall =Sum Data whole process b ] [ CSV = Comma-Separated Values
(] | Xlast = Last point from whole process | 1 timer information). H UT = Ultrasonic
| Xis Voltage, Current, and Resistance* 1 | and UI(Voltage and 1 ACC =Accuracy
p *Resistance = Voltage/Current ! 4 Current) [ FI=Feature Importance
1 R i 1

Start UT
‘measurement

Ignore Data Can be detect £ Collect Data from Combine one Raw Data and
by UT? B UT Result [ UT Data into One Raw Data
T
- e - <

UT Measurement and Labelling
'

1 40 spots from C 1 0 [- — ] i L 2

1 40 spots from Coupon | | ugget size < 3.5 mm - ’

| Testare Removed 1 | Safisfy =1 [mugget size >3.5mm] 4 | L periment Data Production Data

L = Y | Explosion =2 [nugget size > 3.5mm | f‘";‘g“““g Mgde' for Deployment
1 with Explosion] i (410 Datasets) (12 datasets/Day)

R i

For Create Dataset Separate into 2 sets .
(410 Datasets) p Classify Data

304 Datasets

Unseen Data
106 Datasets.

Data Preparing

Machine Leaming

Choose Best Model
with Test ACC

T
SR
XGBoost.
Random Forest,
Long Short-Term Memory
Convolutional Neural Network.
Atificial Neural Network

-

old AcC Re-Train Model to Feature reduction Predict ACC
#Deployment Model < New ACC? i usiag Rl score ., Predict Unseen Data
Improve ACC
Score Model

Predict Daily
i e 2
Dataset Combination
i Refum to BIW for
Summary Result *Updated Model Next day’s Data

Re-Train Model to
nfirm Result

JUT 3.17 nMTIUnsEUIUMaedanesiy
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P sususiagimadeusnasiuiadudna ilelivunvesses Beuduinumnsgiu
Ay
4) WAAWSIINNINAFY

nmavaaeuluaensani wui MsusulsInsiusesjusudidesinli
Uszansamlunisudafinduedaiifuddy Invandefianarnainnsdenitlilduinsgu
uenNfiannInUulsnssuumaihedlusiastuneuldnudeyaiildunnnsiiune
ndamsidien vilvinsnaniianudangulazaninsaiudsunuaniunmsaluioteimund
WasuuUadldAty

Tumsvhnuresiueusduldinstmuameihnuresiusudifviuaniuds
uanadsgui 3.18 Taevimsilsuiisunsvinuvesjusudnounazudanslinisfeuives

A58 tUNNSYIUNE AN NYBITRELTRY

PLC Signal Start

Robot Start up

Robot move to
Weld position

PLC Signal Start
Robot Start up
Robot move to
Weld position

Weld Timer
Released Current

Additional Process

ML Predict
Weld Quality

Robot move to
Next POSE

Not Pass
(Label 2)

No

Finish Product

Robot move to
Next POSE

No
Finish Product

= = = ° | o 1 9 v = % =
ECLJ‘Vl 3.18 LLN‘Uﬂ"]‘WL‘UiEJULVlEJUﬂ"lﬁ'Vl'N']usUa\‘ivqiuEJTJ@ﬂau-‘v‘aQﬂ']{[fﬁﬂ']ﬁLiEJuzsUaﬂLﬂﬁa\ﬂUﬂ"lﬁ
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NANTSANWILAZAISIATIZIHE

4.1  umih

1%
awv A o

mAdeilthiaueitnsdvinedmiunsussidiuganmusssesideslunsyuiunis
wan Inglanglugnavnssunmandniidaneud feseodoudosdinnumuniunazaanings
ilenauausisionmsguiuanLUasndouaza i msiivnausliruddyiu
Hadovdnlunszurunsden W nsvualiiuazszoziaildlunssuiuns Tnesathilud
mﬁmiwﬁquﬂﬁLmai‘mmﬁtﬁammaauLLazﬁwma@mm‘wmawaaﬁaﬂuamwmswamﬁq

o =

Tumsideil deyaiifivlinnnszuaunmanaiaazgminnlfidudoyateoudivos
Tuwaleviiung dasiaeliausaiinneinnuduiusseviomsiimeding q uazaanmn
vossoardouldogausugunndstu uanaind nslideyaiiintusivlunssuiunmsnands
HaglilunaaunsaudalidhfuanmwndonnsnandiuasuuUadulfegamnzan 3
Hdunsiindseans imvesnisviuelagnislddeyateunduannszuiunisuaalunis
Usuusslumaegaselilos

Wovspifiuuszdns nmuosisnsviueiiaue nuidedesuisudfoulnnanis
Boudideandiuou 5 luea dudulunafifnisldessumsvanslunufumsvihuenunn
Tnsusazlunaazgnvaasunazitasizvinieldiioulnisnaasud imun i eliiiuds
mwanssalunmsiueannmvessesidenluseiuiidenadasiudormunmagnanssy
maiFeudisuilifeselumsdunilunafiiiussans amasan uideglidladadia
LAY ALAUTDIAREIUAE L UUTUNYRINTEUIUM INERAIAITDEUA

L{]mmsJvié’ﬂmamu%’sﬁﬁamsﬂ%ﬂgammLLaius]’waaizuumiﬁwmsqmmwsaa
Feulunssurumsmandadasasud mawaussuuiueifinruusiuggesliifessan
founninsfiorafistulunssuiunandn widiheaiuaiueusilalusuninessosidon
Fainaronuudausaazanudasnfovesnandasilaosu msuszgndldlunayiiue
Aanwluszuuauauaun el sededunisadisutanssufarunsauulge

nsrUIUNMINAnlUgnamNTINe U UAUTE AN MMMz A WeogaTu
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4.2 mussdiuuazilisuiisulung
4.2.1 lassdreuszamiiiey (Artificial Neural Networks, ANN)

ANN gridenlfidosananuanansalunisifouisluvuiidudeuluteya
Tnearnznsmanisainadnsanauduiusilidudadu (Nonlinear Relationships) 3
franulunszuiuniswandi dudeu Wy n1siden RSW yadeyadild@msunisiln ANN
Uszneudnedeyaidslaseaing (Structured Data) 1y wisiiiwesnisidon uazanimuindon
saufadoyaitliiulassane (Unstructured Data) 1y amasuaznnseuaAIaneues
Tneflndnuasiinsouaquitsauautffiagd wu Ussimvestan uasauanshiudeundas
AINLIAT LU NTEUA, UIINA, 1187 NMSInTeNTay a1 (Preprocessing) $9uEaN5USU
yu1A (Scaling) wazn13vilduumsgiu (Normalization) tteliideyaiteuirglasetied
11ASIEIUT A sULA By § st rei uuszdns aanlunisiln ansusumisdines

(Hyperparameter Tuning) $7184115ANUATIUIULALEDSIFoUDY (Hidden Layers) 41u7u

Y

2

Inuadalalgos 6031N19158u7 (Leamning Rate) wazileidunszsu (Activation Functions)
U RelLU Tuiateasndau uay Softmax Tutateasiondnn iadanistasiu Overfitting 1y
Dropout ua¥ L2 Regularization gniunly §ane3#u Backpropagation uagdausuuniin

Adam Optimizer

Receiver Operating Characteristic (Test Data)

1.0

0.8

4
o

True Positive Rate
14
S

0.2 4

0.0 —— micro-average ROC curve (area = 0.95)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

JUN 4.1 manisilSeuiisumaiuusiugivesdeya Train-Test mensilainiiuradinag
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a

gnltlunsusuiminiedifludaflendunisagde (Loss Function) wuuiugn vl ANN

LTS

A13150UTEIANAANIUNTAIANG 9 YasRunNNsWen lARkAzTiAwLIuE g
luideillavihnsmeaeudlsuiiisulssaviamvedumanlinsilinesaaduiu
luwanldmndwesnlasunisusuwadimnzauiuyatoya tnglun1s1eil 3.8 wang

F8azdANSWT BUTBUNI TN DSNSEBILUY UazIUN 4.1 uansAianuuiug1vedluing

o |
£ =

= v a x a o 1Al A o g v
L?JE]I%W']T]QJL@@?WQWU sljﬂiiﬂ’]ﬂ'i']lll,l,uu‘ﬁﬂagm 90% f[,usUfug‘V]ﬂqﬂ'JWNLLiJUEIqSUaQIMLWaV]ISU

wsfwesuiuusniindudu 949% fwandlugui 4.2

Training and Test Loss

AN P
Ia "‘*‘-“’N_R‘. X |, }
vl [

5 100 125 150 15 200 o 3 s S 100 125 150 175 200
Epoch "

Receiver Operating Characteristic (Test Data)

1.0 1

0.8

o
o

True Positive Rate
o
e

0.2 1

0.0 —— micro-average ROC curve (area = 0.97)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

3UM 4.2 wansileuiisuAiauliiug1vesdoya Train-Test saen1518mesUTuwaIves

Tuwma

\9W15U1A1 Receiver Operating Characteristic (ROC) wasluiaa wuinlunadild
WsilmesuTuussganandlududunsda ROC geiis 0.973 Funnnilueanldnisidines
Aafud e wanalududunduiia ROC gl 0.873 Avuandlugui 4.3 wandliiiuiinig

YSuaansdwesatunsaiiuUseansnneaaluina e og 199mau



ROC Curves for Unseen Data
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=

WA Classification Report 48 ANN 1¢iasuil 4.4 1ilofiansanainaiud (Satisfy) azlé
/1 Precision 90.1%, BsliiAszansnnvedannadidoutned, fansanannuiidesiulge
(Explosion) léiAn Precision 100% usiiilefansanainsude (Cold Weld) aglden Precision
Fies 78 8%dmsumimeiniiu fuduusyavsamveddunadideutrsiniesananiy
Aanaalumsvhwsnudsindunud $8nsige widn accuracy geiiv 90% wWisuiisuiiv
Ws1fmesuuuUSuLas WieRansan satisfy azleAn Precision anasdi 95.1% ensiioda
UszAnznmvasluinarewd 1 fiansanann ExplosionldiAn Precision 100% wsiiilofinnsan
91nCold Weld aglddn Precision ifisiuidiu 84.8% dsitoiniuszavsnmmeld usilosan
rufanaatun1svihwesndeinduanud $8n1ge wiidn accuracy gedia 94%

4.2.2 lasevreuszamiiisunuumaalagdu (Convolution Neural Networks,

CNN)

NN grinldlunsdnnisteyadannuardoyaidaiui dedndulunis
Anzitaunnissuuiiuiviosunswasnadeniivaifanuaimnadon makeen CNN
gatfumaFeuidsududeiiuiluaminaseinoulgiu Fwsaiunuiinudnuuy
(Feature Maps) flawviounnidnuazueinuninnisidien msUfunsiinosues CNN 5ufs
MsmruarwInYesiiawmes Iuiuilawmessaiaies 8nsIN15iSeus (Leamning Rate) UazAn
Dropout tlelfinUszansan 4un1svh Pooling gnifinmdusaziaiwesaoulagiuiileands
‘U@ﬂﬂqmé’fﬂwmz (Feature Dimensions) s'sz'wﬂmﬁu Overfitting LLazLﬁ'ummL%"ﬂumi
fun fensuriniwesuasnindoudenuuvissiuluiaisesaeulagiu CNN awmise
UszanawadoyanmiiiAgsldognsiiuszansnm waraglvinisdavsavyannmnsiden
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Training and Test Loss. Training and Test Accuracy
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o
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o
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nsneaslIguiisuUszaniamveddunailinisiinesasuiulung

CNN 7ilgw1518m 57 la suni1susuusalimunzauduyntoya lnelun19199 3.8 wans
F8azdANI ST BUTBUNTIENDSNIABILUY UazIUN 4.5 uansaiAnuudug1vedliing
Weldmisdwmesaady Felrrmnuudugrag 90% luvuenarauuiug1vesunainly

wsdwesusuunniingudu 94% Awanslugun 4.6

ROC Curves for Unseen Data

True Positive Rate
N\,

. —— Default (area = 0.941)
, —— Tuned(area = 0.969)

0.0 0.2 04 0.6 0.8 10
False Positive Rate

JUN 4.7 HanisilSeuiiguan ROC feu-naamsusuudsnsines

11 9WA190471A1 Receiver Operating Characteristic (ROC) ¥93lutaa Wuin
lumanldmsiimesusuudsd aandluidudunian ROC 4989 0.969 Feunnnitlunanly
s fimeiadutaduanslududuntuiiar ROC agfl 0.941 dwuandluguil 4.7 wandliii
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DEFUALT TUNED
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JUN 4.8 HansiUSeuligy Confusion matrix fau-naan1susuusensines

Na Classification Report ¥4 CNN VLéjﬁflgUﬁ 4.8 1iloWa158d1 Satisfy awle
A1 Precision 95.1%, @sliArUszansninasslunaiaAsuded, 91501910 Explosionlaan
Precision 100% Wsitd aW915841971n97ULd8 (Cold Weld) azldian Precision Lited 75.8%

dmsumniiwodieiu fuduiussansnimaedinaiideudwinilesneuianaely
mavhwenudsiluaud $8n31ge ulidn accuracy geiie 90% LWSsuiiieuiunsfiwes
LUUUS UL Wiefinsan satisfy 92leiAn Precision anasdi 93.8% Sinsdiriaiuszansaim
yaslunaroud 197 A91500197n Explosionldidn Precision 100% wsilefia1sanain Cold
Weld a¢ldian Precision \istudu 87.9% dsdlonfiussavsnimweld iesanauiianain
Tunsvhuweanudeindunud $8nsge wlidn accuracy gedia 94%
4.2.3 1A59919%U28ANT152828712 (Long Short-Term Memory, LSTM)
LSTM gridenuildidesainannsadiassmsfienuazuuilduluteyauuy
a1AuLIan (Sequential Data) u Toyaiwuiges nszual viousanaiiuAsunlaslusening
nsgvrumadon Tumatmnzdmiunstuuulidud maddsuuvadluseuninideunou

i dawananuninniseslulaytuedsls yateyadimiy LSTM Ysenauaidnsiu
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wnNsalfaeudsautunaunsilien Insudazimanisalludiduasianuseiivian

(Timestamped Value) NM15t038108yaa1 T30 N15HNEAU (Sequence Padding) 14l

o

AT wazn1svi i dunInsgIu (Normalization) Wetiuuszansninlunisiseus

Y

1

293lLAa NM5UTUNIS1TMeT TIUTIT1UIUNUY LSTM (LSTM Units) §m351n19158U3
(Learning Rate) kazA1 Dropout nalnluiwad LSTM L Gate n1sUeudeya N1ty wagns
dsean Hredanisnisinavesteyassrumngan vlilumaaunsafuniofiadoyaldnm
Anudndu Yredesiudgminisaqide Gradient (Vanishing Gradient) dane3#iu Adam
Optimizer galdlun1susutimiin uagenudnues LSTM gnuduiiteduvilassadisfiomngan

nandmiumsugueuuadunatlunsainnisalannmnsen
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0.8 q B
06 | 21

0.4 7z

True Positive Rate
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3188LRYANITIUITIULNYUNIFIHN DTN IADILUU LLaSEUW 49 LL'ﬁﬂQﬂ']ﬂ’J’]llLL@JUEJ’]SU'E‘]QINLﬂa



98

Weldnsfiweiawy FellArnnuwdugegi 76.36% luragiAinnuwdugivalunanly

WisfiwesilasunisuSuussintmdu 92.65% dsuandluzun 4.10
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1 9N919UA" Receiver Operating Characteristic (ROC) Uo3lataa WU
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ROC Curves for Unseen Data
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— Default (area = 0.930)
—— Tuned(area = 0.988)
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2 =

951@An Precision wiea 87.9% dmsumsifiwesseiu daduruszansamvedlunai
Apudeiniasanaruianarslunsiunenudeindunud sntedninunevesiiiuves
WFedaunn uiih accuracy geils 80% wWisuifisuiumiiwesuuuuiuuds Wefiansan
satisfy alé@n Precision lLTUT 95.1% Sensdoind1Uszans anvedluinanoudid
#91501910 Explosionbd A1 Precision 100% weiLil oM 91501910 Cold Weld 9¢bd #in
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£ Y1

udedndunud $8n31ge wild accuracy asdis 94%
4.2.4  dadavananyuuutnisindulangs (Random Forest Classifier, RFC)
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ROC Curves for Unseen Data
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of91501A7 Receiver Operating Characteristic (ROC) vaslaag wuin
Tunaildnaimesusuusstaanslududuasiian ROC geiia 0.976 Fawnninlunaild
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425 #Frdavniavguuunsiiia Gradient 9ugs (Extreme Gradient

Boosting Classifier, XGBoost)

Extreme Gradient Boosting (XGBoost) Qmﬁaali’f@mtﬁmmﬂﬂizﬁwﬁmw
nazanuusiuglumsviuneiigs mnzaueg1sBsdmiunistuauduiusidudeusuing
mafimeivesnindeunariidedunden lunatldimatanisyaduuulassdudugduns
andefienannvaansiueiiaztuneu Snunrresadoyatsznaufeauautivainvais
Jszian detanunldsunisussananadwamiiniunssuaunisilieg lughauinsgiu
(Normalization), N13L915%4 (Encoding) kagn153AINTsuAMGNYae (Feature Engineering)
Wafiumnutaluesdug auazUszdnsnmveduing nsAnLienAuaNyf (Feature
Selection) fiunumdrAylunisanfidvestoyaliindolanizauand@nddnea wlunis
yhunesnilan efisiinnuisiusuazanuanasolunmsieuadiaa

N13USUAINNSELNES (Hyperparameter Tuning) U994 XGBoost $21519n15
UFudnsnsiSeus (Leaming Rate), ANANA9aAv030 Ul (Maximum Tree Depth), 8051
n3qusfIeEns (Subsampling Ratio) wazms TmesmIusua L1 way L2 tlerruaunisiin
Overfitting lagl435n15AUMILUUNTA (Grid Search) Wagn1sAUMILULEY (Random Search)
deusuuismaimefmandliivensan UssAnsamvedluinadildfunisfindudaenisda
Assulel (Tree Pruning) ilsanannududouiiiull wazn1suszulananuuauy (Parallel
Processing) tiiaissanusalun1siinlana sheanuaiunsalunisusuiinaganuiiug1ues
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sz nmuiloninlunadu 9 egntauluusuesan Precision tag Recall
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e 3.00% Tunadiinmsuiuudmnsdinesifauamsalunisiuesrudelddeudid
wazdimnuAanarslumsvhuessuiinuaudereudnam

n13Anwrd diauenisaieuuuTIasansiutsauansesid euly
nszvIuNIHARFIRITasud Taoutinan wvessesdeuseniduaimsedu leun Satisfy,
Explosion waw Cold Weld TamaihinunldlunisviunsiusznoudedaneifiunisSousves
i3 osamuuy leiuA LSTM, RF, uag XGBoost uazdane3fiunsiiousidsdndnaniuuu e
ANN uag CNN Tagldvihmsuiuwsislenosmmiinesveusaslunnaiiieriuussansnmuas
thanFeuiisudu fuandusud a.16

Tunsisesivssaniamaeslanainnsin ROC AUC gnihunldiile
Usziflumnuannsalunmsdnunuszanaanimuessesiden @ulds ROC wansfisnsusu
AUAATENING True Positive Rate Way False Positive Rate Rﬂﬂg‘dﬁl 4.17 AUILUUT a0
XGBoost, LSTM, RF wag CNN wanUsEAnNS nMnsSLuniivenBey Tnea1 AUC veusay
Taimaeei 0.998, 0.990 , 0.979 waz 0.967 mudiu luvaizfiuudiass ANN HA1 AUC i

a a

N7 0.859 FeUsdtsuszavsawlunsiiunianidlsiisuiisuiulunadu 9

v '
v

w97A1 AUC 9z ud@daniusylovdlunisuseiiuussans aannissnwun

winsidentumaiingadndudesiansandading
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SudU 1 dieliiunwsiufiaseuaguun
U Aenuanslunisedl 4.1 A2TInLGeEN LU Precision, Recall, F1-score wag Accuracy gn
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ANN CNN LSTM RF XGB
Default Tuned Default Tuned Default Tuned Default Tuned Default | Tuned
Precision 72.73 98.17 69.09 94.52 81.30 92.50 55.88 92.24 85.81 93.33
Recall 72.73 90.91 69.09 92.73 76.36 92.73 63.64 90.91 84.02 98.15
F1 72.73 91.91 69.09 93.38 76.99 92.37 57.68 9191 84.45 95.34
Train ACC 72.76 93.55 72.60 92.73 84.02 98.17 77.17 88.76 100.00 99.54
Test ACC 72.73 89.55 69.90 92.73 80.88 92.73 63.64 90.21 81.82 96.36
Unseen ACC 72.06 91.11 69.85 92.73 76.36 92.65 75.00 89.42 92.65 95.59

Nndayatunised 4.1 nuinisidlawesmaiivesisuduaunsalinaansnala usiuszansamveasunaaunsaimuilaegraiuddey

memsuTuuddlaasmsiiwes msldlawesnisiwesisudueiailug Overfitting luutansel wu wuudnaes XGBoost MkansAIwiuglugn

Anausuiis 100% wianadlugndoyanedeukasyndeyadiliireny msvsuwsslawasmaiiwesdislivuuinasdinnuaunauindu Ineandam

Overfitting kagtiuANaIsalunsiuelaflunnyadeya
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Ingasy nM3Uszifinienrnnsinl ROC uazdadTnlunisned Ifisiudn XGBoost uas
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- —— ROC curve of ANN (AUC = 0.950)
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ANN Confusion Matrix CNN Confusion Matrix LSTM Confusion Matrix
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gﬂﬁ 4.18 (a) ANN confusion matrix, (b) CNN confusion matrix, (c) LSTM confusion

matrix, (d) RF confusion matrix, (e) XGBoost confusion matrix
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4.3  Performance Improvement
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anudAyAnaNYE (F) Sanunsaduuneenlangun 4.18

0.35 o

0.30

0.25 +

0.20 4

Fl-score

0.15 4

0.10 +

0.05

0.00 =

BSplash
Clast
V1
Heat
Call
Viast
Vfactor
Ra
Va
R2
BPmax
Energy
RI
il
€2
Rh
Resistance
V2
Ifactor -
BEnergy -
Ca -
Weldtime -
Spatter =
Rall
Ch
Vh
v -
Vall

JUT 4.19 m3Andenandnuuglagldnziuu Fl-score

o w [

1n3UT 4.19 IevinsiSesdiduasuuuanuddyaudnvazlneiTeinaunnlim
tlon nuiilnudnunigilifimiudiy 9 audnuuy Jdldhmsdaseniiievnmsnaaounis
Bouduas XGBoost Bnadsdenudnumsiinde 20 Audnuaed1833Ns brute-force 270
nsannudnuarastiuilauamudsgnisyindunuiifies 9.1% wasdidhsinsiung

Remastunsdinuignszyindunudsanaain 7.4% wmde 6.2% AUl 4.20



109

Mndudsldvinisanqudnvuzredunaainie 19 Audnvue NuawITaLiY
Avaunsalunsituenalaldntey Tnanadnsilatunuindnsin1sviueianainlunsedl
-:4' a & A Y o a O w a <
NufignszyIndunuden 6.2% wiriu 20 audnvae Snndiaunsaiiunusluns

Aunenale Wweldarlunisiunenaanadann 38 ms WaeLied 33 ms 91NUUIINGISNT

Satisfy Satisty

5
(6.2%)

True label

Expulsion { Expulsion { Expulsion

3 g
Percentage
True label

Percentage
True label

Percentage

Cold Weld | Cold Weld { Cold Weld {

. . [
o4 & e ® $»
&
< <
Predicted label Predicted label Predicted label

(a) (b) (©)

3 3 3
(3.7%) Sty (3.7%) % Satisty (3.7%)

s

Expulsion |

0
(0.0%)

0 [ 0 22
(0.0%) (0.0%) (0.0%) (100.0%)

True label
Percentage
True label
Percentage
True label
3
Percentage

B

Cold Weld

Cold Weld | Cold Weld

3 0 b | 0 2 0
(9.1%) (0.0%) (3.0%) (0.0%) (6.1%) (0.0%)

‘s e S Y . P~ S
4 Q"\QD 4 o @& & Qﬁo \6&
<& <& <& & <&
Predicted label Predicted label Predicted label
()] (e) o

U 4.20 (a) 29 Audnwase, (b) 20 AuANWE, () 19 ArudNYNE, (d) 18 AAENA, (€) 17

ANy, (f) 16 AMENYAE

Wordulunisansiviunudnuuzaunde 18 Andnuvuy WUl armisaliia
arwanasolumeihuesaldidndos lnenadwsilidunuidammaineianaralunsd
foufgnssyindunudeanasan 6.2% wie 3.7% udlunsdinsiunsnudeiudna
Pl 6.2% leiflutu 19 aadnway ntuiddBnnfertulunisandiuiugadnuuy

v

aunde 17 auidnune Tasnadwsaldiunuidnsnmsiuneianaalunsdiinudsgnssy
Tudunufianasan 9.1% wde 3.0% udlunsdimevhuisnufitudinainiui 3.79% e
Jieuiu 18 audnune wideansiuiunudnuuraunie 16 aadnuuy Tnokadnsd ity
wuihdmsnsiunefianaialunsdifnudegnssyindunufifutuan 3.0% Hu 6.1%

WA LUATANNTYITUIBNUAUUS IR AUN 3.7%



110

ANULtugIanaumniaLiios 94.12% udaunsaaaiatlunisvinenaadlaiviie 33
ms Tumsideielavinnsandnunuanudnuy auvde 17 Audnyae wuitaunsaviilinig
wiugniismudu 97.06% Faguit .21 Snifadildnainiunimmaaesiounthild 33 ms 3
IavinmaaesanduiuauEansuzas nudtliaunsaanailunsvinenaals wasdavi
TiUssavsnmuadduaaiias Snvsdemuindmsmavhusfianaialunsdfiaudegnszyin
Huauiiiinnnn 3.0 Wy 6.1%
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M15°99 4.2 MIIATImTalseuieuvedling XGBoost noukasndINsAnLionAuauyn

ALY Fl-score

Prediction time
No. of Train | Test | Unsee
Precision | Recall F1 Avg.
feature ACC ACC | n ACC
10 time(ms)

29 0.9630 | 0.9907 | 0.9757 | 99.09 | 98.18 | 93.38 38

20 0.9091 | 09722 | 0.9329 | 99.54 | 9455 | 94.12 33

19 0.9091 | 0.9722 | 0.9329 | 99.54 | 96.36 | 95.59 33

18 0.9491 | 0.9491 | 0.9491 | 99.09 | 96.36 | 95.59 33

17 0.9630 | 0.9907 | 0.9757 | 99.09 | 98.18 | 97.06 33

16 0.9333 | 0.9815 | 0.9534 | 99.09 | 96.36 | 96.32 34

15 0.9630 | 0.9907 | 0.9757 | 99.09 | 98.18 | 93.38 34

14 0.9630 | 0.9907 | 0.9757 | 99.09 | 98.18 | 93.38 33

nAnsit 4.2 sgiuldinslinudnuasd 29 duflanuuwiugii 95.50% uazld
nanlunsyiinesadmiu 1 9eegil 38 ms uelilevmsandiuiunudnuuzas e 20
feature yihlviAuLsug@AaLNGaLEY 94.12% widnansaaniattunsyinueraaslalnie
33 ms Tun1533e3aliinisandnuiugudnuuzaumie 17 audnyus nudtamnsavinli
avmutuguRutudu 97.06% faguit 4.21 Snvisddldamiiunimmaaesdeunthild 33
ms Felavin1snaaesandiuly feature a3 wudrldawnsoannatlumsiuwenaadld waz
failviusyansamuadluaaiias Snvadmuindnsnisiueiawanalunsdiivudegn
srydnuanuiifinan 3.0% 1w 6.1%

aglldAfmranigadmiunisldalumenssdnfosiuunndneusi 17
audnwaz osnnldmeausiudguaauagldinalunmsyiunenadesiian Annuusiue
97.06% vosyATeya Unseen foiian 33 ms fogaiden Tnodnauszansnwlunisiune

YoUELN 97.0% wardsanusainuseansnnlunisyinuieveenng 96.3%

¥ a
4.4  WANINAFAUINAITITIINAIS
nmnaaeulunisldnuaialy lavinisindspauiamesdmiunisiuauag
Uszinanauunieveieniuniesdng lneasufiunesasivinisiiudeyavessesidon o

vouztuieuUaideyavessesiouilatugluuvriindeyaiuunaieiluguuuu CSV dmsu
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soodeniiiinduimuauagrhmeahusnavessesidoudildmmualilunanfeoatu andu
Juhmsiiuravesmsyihueildluguuuy CsV uag shmsuanamalugvesdoniy dlu
mslfruriafuszuuaddnalunisussinanamnnitiandildvinismaaeuis 2-5 wihdsgu
7l 4.22 uauiemetunisldauasduniswan faiuiedostunsidatamilunsldimaly
msvwerauniAuly gnisitedsfeseenuuulsunsuiiofnedoyaiivihunenaudiuly
Fululrlanesdsestoyaiieliianlunsihuionadsnsiosndn 150 ms lunnqdunives

ANTHNAR

A Select mwps - Shortcut

sUN 4.22 nailglunsyinunenans 1 seewtiny

u

A15799 4.3 AI9819URRFENLAIINHANITYINUIEIINFENITHER

No. Name PGnumber Time Predicted
8241 8Y025WC05_Progl07 20240819 231008 107 8/19/2024 23:10 Cold Weld
8444 8Y025WC05_Progl01_ 20240820 013458 101 8/20/2024 1:34 Cold Weld
8459 8Y025WC05_Progl01 20240820 014744 101 8/20/2024 1:47 Cold Weld
8461 8Y025WC05_Progl13 20240820 014800 113 8/20/2024 1:48 Cold Weld
8462 8Y025WC05_Progl01_ 20240820 014932 101 8/20/2024 1:49 Cold Weld
8490 8Y025WC05_Progl01 20240820 030840 101 8/20/2024 3:08 Cold Weld
8496 8Y025WC05_Progl01 20240820 031020 101 8/20/2024 3:10 Cold Weld
8500 8Y025WC05_Progl01 20240820 031318 101 8/20/2024 3:13 Cold Weld
24617 8Y025WC05 Progl13 20241011 160855 113 10/11/2024 16:08 |  Cold Weld
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import os

import gc

import sys

import shutil

import paramiko

import time

import logging

import glob

import csv

import pickle

import numpy as np

import pandas as pd

import seaborn as sns

import xml.etree.ElementTree as ET

import mpl_toolkits.axisartist as AA

import matplotlib.pyplot as plt

from watchdog.observers import Observer

from watchdog.events import FileSystemEventHandler
from distutils.dir_util import copy_tree

from xml.dom.minidom import parseString

from mpl_toolkits.axes grid1 import host subplot
from datetime import datetime

from pprint import pprint

from sklearn.metrics import accuracy score, auc, classification_report,

confusion_matrix, roc_curve



129

from sklearn.model_selection import train_test split, KFold, cross val score
from sklearn.metrics import confusion_matrix, accuracy score, classification_report
from sklearn.metrics import precision_score, recall_score, f1_score
import warnings
warnings.filterwarnings(‘ignore")
resis_header = [Name','Station’, Time',Resistance’]
result_header = [Name',PGnumber', Time','Predicted’]
f date = datetime.now().strftime("%Y%m?9%d 9%H%M%S")
config_file = r'C:\RSW\config.txt'
port = 22 # Default SSH port
logging.basicConfig(filename='file_mover.log|, level=logging.INFO, format='%(asctime)s
- %(levelname)s - %(message)s)
def read_config file(config file):

config = {}

try:

with open(config file, 'r') as f:
for line in f:
if '="in line:
key, value = line.strip().split('=")
configlkey.strip()] = value.strip()
except Exception as e:
logging.error(f"Error reading config file: {e}")

return config
config = read_config_file(config file)
src = config.get('src_directory’, ")
hostname = config.get('hostname’, )
username = config.get('username’, )
password = config.get('password’, )
dest local = config.get('dest local directory’, ")
dest remote = src

ModelPath = config.get(model directory’, ")



csv_resis = config.get('Resistance CSV File', ")
csv_result = config.get(result csv', ")
machine_src = dest_local
path_raw = config.get('RawPath', ")
src_extract = config.get(‘ExtractPath’, ")
MLmodel = config.cet(Model', ")
model = MLmodel
sys.path.append(ModelPath)
if not os.path.exists(path _raw):

os.makedirs(path_raw)
if not os.path.exists(src_extract):

os.makedirs(src_extract)
print("Ready for Prediction")
combi=[]
spot_data=[]
data_ext=[]
result_rsw=]
csv_data=[]
predictions=[]
print("Close Program to stop")
runing = True
def move files locally(src, dest):

try:

if os.path.isdir(src):
for root, dirs, files in os.walk(src):
for file in files:

src_file = os.path.join(root, file)

relative path = os.path.relpath(src file, src)

dest file = os.path.join(dest, relative path)

os.makedirs(os.path.dirname(dest_file), exist_ok=True)

shutil.Lmove(src_file, dest file)
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logging.info(f"Moved {src_file} to {dest_file}")
else:
dest_file = os.path.join(dest, os.path.basename(src))
shutil.move(src, dest_file)
logging.info(f"Moved {src} to {dest file}")
except Exception as e:
logging.error(f'Local move error: {e}")
def move _files_remotely(src, dest, hostname, port, username, password):
try:
transport = paramiko.Transport((hostname, port))
transport.connect(username=username, password=password)
sftp = paramiko.SFTPClient.from_transport(transport)
def sftp_put file(local file, remote_dir):
remote file = os.path.join(remote dir, os.path.relpath(local file,
sro).replace("\\', "/")
try:
sftp.remove(remote _file) # Remove existing remote file if exists
except Exception as e:
pass # Ignore if file doesn't exist
sftp.put(local file, remote file)
logging.info(f"Uploaded {local file} to {remote_file}")
if os.path.isdir(src):
for root, dirs, files in os.walk(src):
for file in files:
local_file = os.path.join(root, file)
sftp_put _file(local file, dest)
else:
sftp_put_file(src, dest)
sftp.close()
transport.close()

except paramiko.SSHException as ssh_error:
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logging.error(f'Remote SSH error: {ssh_error}")
except Exception as e:
logging.error(f'Remote move error: {e}")
class FileChangeHandler(FileSystemEventHandler):
def on_any_event(self, event):
logging.info(f'Detected change: {event.event type} - {event.src_path}")
try:
move _files locally(src, dest local)
move files remotely(src, dest_remote, hostname, port, username,
password)
except Exception as e:
logging.error(f"Error processing change: {e}")
def movefile(machine src, path_raw):
copy_tree(machine_src, path_raw)
for root, dirs, files in os.walk(machine_src):
for filename in files:
try:
os.remove(os.path.join(root, filename))
except Exception as e:
print(f"Error removing file: {e}")
for root, dirs, files in os.walk(path_raw):
for filename in files:
if filename.endswith(.rui’):
parts = filename.split(' ")
new filename =" "join(parts[:2] + parts[3:5]) if len(parts) >= 5 else
filename
try:
os.rename(os.path.join(root, filename), os.path.join(root,
new_filename))
except Exception as e:

print(f'Error renaming file: {e}")
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time.sleep(0.1)
def ML(spot_data):
model_path = model
with open(model path, 'rb') as file:
loaded _model = pickle.load(file)
real_data = spot_data.drop(columns=['No', 'Name', 'Station', 'Program’, 'Parameter
Time', Time', 'PGnumber','Zmax’,'GunResistance’,'Result'])
prediction = loaded _model.predict(real data)
predictions = int(prediction[0])
if predictions == 1:
result = "Satisfy"
elif predictions == 0:
result = "Cold Weld"
elif predictions == 2:
result = "Expulsion”
else: result = "Unknown"
print("Result prediction : " result)
predictions_df = pd.DataFrame({'Name": spot_data['Name'], 'PGnumber":
spot_data[PGnumber’], Time": spot data['Parameter Time', 'Predicted" result})
file_exists = os.path.isfile(csv_result)
with open(csv. result, ‘a', newline=") as f:
predictions_df.to _csu(f, index=False, header=not file exists)
def tip_check(spot_data):
tip_data = pd.DataFrame({'Name" spot_data['Name'],'Station".
spot_data['Station'], Time": spot_data['Parameter Time'l,
'Resistance": spot_data['Resistance']})
file_exists = os.path.isfile(csv_resis)
with open(csv resis, 'a’, newline=") as f:
tip_data.to_cswv(f, index=False, header=not file_exists)
def tip_station(csv_resis):

station data = {}
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def initialize_station(station):
if station not in station_data:
station_data[station] = []
with open(csv_resis, newline=") as csvfile:
reader = csv.reader(csvfile)
next(reader)
for row in reader:
name, station, time, resistance = row
initialize_station(station)
station_data[station].append((name, station, time, resistance))
def delete_empty files(root din):
for dirpath, _, filenames in os.walk(root_dir):
for filename in filenames:
file_path = os.path.join(dirpath, filename)
try:
if os.path.getsize(file path) == 0:
print(f'Deleting {file_path}...")
os.remove(file_path)
except FileNotFoundError:
pass
except Exception as e:
print(f'Error deleting {file path}: {e}")
time.sleep(2)
try: os.removel(file_path)
except Exception as e:
print(f'Error deleting {file_path} after retry: {e}")
def rui2csv(path_raw,src_extract,spot_data,result rsw,csv_data,predictions):
for root, dirs, files in os.walk(path raw):
for filename in files:
if filename.endswith('.rui’):

nameA = os.path.splitext(filename)
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nameA = nameA[0]
try:
for root, dirs, files in os.walk(path_raw):

start = time.time()
RUIfolder = root
XMLfolder = RUIfolder
SUMfolder = RUIfolder
RUIname=[]
XMLname=[]
HEAT=[]
Ener=[]
Cuv=(]
Number=(]
B Ifac=[]
B Vfac=[]
B Ener=[]
B Pmax=[]
B CorrF=[]
B Wear=[]
B Splash=[]
B_GunRes=[]
B Zmax=[]
B PGnumber=[]
B WeldTime=[]
B Regulation =[]
B Minl =[]
B Maxl =[]
B MaxT =[]
B TipRes =[]
B Unknow =[]

D name =]



D Station =[]
D_Program = []
D_Time =[]
P Time=[]
P aveR=[]
P spatter =[]
Ca=1]
Va =]
Ra =[]
Cm =]
Vm =]
Rm =[]
Cl=1[
V=]
RU= ]
Clast = ]
Viast = []
for filename in glob.glob(os.path.join(RUIfolder,™.rui")):
RUIname.append(str(filename))
n=len(RUIname)
ifnl=0:
XMLname = [os.path.splitext(filename)[0] for filename in
os.listdir(RUIfolder)]
SUMname = [os.path.splitext(filename)[0] for filename in
os.listdir(RUIfolder)]
files = [o0s.path.splitext(filename)[0] for filename in
os.listdir(RUIfolder)]
nn=range(n)
foriin nn:
lines =[]

with open(RUInameli], 'r') as fp:

136



137

try:
lines = fp.readlines()
except: continue
with open(RUInamelil, 'w') as fp:
for number, line in enumerate(lines):
if number not in [2,3]:
fp.write(line)
namel = SUMnamel[-1].split(' )
namel = namel[0]+' '+namel[l]+' '+namel[2]+' '+namel[3]
foriin nn
file_path = RUInamel[i]
if os.path.getsize(file_path) == 0:
print(f'Skipping empty file {file_path}")
time.sleep(0.1)
delete_empty_files(XMLfolder)
continue
try:
Axml = open(RUInamelil,encoding="utf-8")
for line in Axml:
Bxml = XMLfolder+\\'+ XMLnamel[i]
Cxml = parseString(line)
with open(Bxml, 'w') as file:
Cxml.writexml(file, indent="\n', addindent="")
Axml.close()
except Exception as e:
print(f"Error parsing XML for {XMLnamel[il}: {str(e)}")
continue
foriin nn
try: xmltree = ET.parse(XMLfolder+"\\'+XMLnamel[i])
except Exception as e: pass

continue
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FileName = nameA.split(' )

Cuv_name = nameA

Station = FileName[0]

Program = FileName[1]

D = FileNamel[2]

Tt = FileName[3]

T = str(D)+str(Tt)

Time = pd.to_datetime(T, format = '%Y%m%d%H%M%S")

copy_tree(path_raw, src_extract)

xmlroot = xmltree.getroot()

for x in xmlroot.iter(DAY):
DD=x.text

for x in xmlroot.iter(MONTH"):
MM=x.text

for x in xmlroot.iter('"YEARY):
YY=x.text

for x in xmlroot.iter(HOUR'):
hh=x.text

for x in xmlroot.iter( MINUTE"):
mm=x.text

for x in xmlroot.iter('SECOND):
ss=x.text

DATE=[YY,MM,DD]

TIME=[hh,mm,ss]

for x in xmlroot.findall(HEADER):
Version =x.find('VERSION_NO').text
pg = x.find(PROGRAM_NUMBER!).text
U = x.find('UMAX').text
I = x.find('IMAX').text
E = x.find('ENERGIE').text
P = x.find('PMAX').text
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CUR = xfind(CUR_CORR_FACTOR).text
Wear = x.find('WEAR_COUNTER)).text
Milling = x.find(MILLING_ COUNTER').text
Splash = x.find('SPLASH_TIME').text
GunRes = x.find(GUN_RESISTANCE').text
Zmax = x.find('ZMAX").text
PGnumber = x.find(PROGRAM_NUMBER).text
WeldTime = x.find(NUMBER_OF DATA)).text
for zin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1338'T"):
for z1 in zfindall("./PARAMETER[@ID='2327""):
for z2 in z1.findall("./VALUE"):
Reg = z2.text
for z1 in zfindall("./PARAMETER[@ID='2358""):
for z2 in z1.findall("./VALUE"):
Minl = z2.text
for z1 in zfindall("./PARAMETER[@ID="23597"):
for z2 in z1.findall("./VALUE"):
Maxl = z2.text
for z1 in zfindall("./PARAMETER[@ID='2360""):
for z2 in z1.findall("./VALUE"):
MaxT = z2.text
for z1 in zfindall("./PARAMETER[@ID='2857"1"):
for z2 in z1.findall("./DAY"):
P day = z2.text
for z2 in z1.findall("./MONTH"):
P_month = z2.text
for z2 in z1.findall("./YEAR"):
P_year = z2.text
for z2 in z1.findall("./HOUR"):

P hour = z2.text
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for z2 in z1.findall("./MINUTE"):
P_minute = z2.text
for z2 in z1.findall("./SECOND"):
P second = z2.text
for z1 in z.findall("./PARAMETER[@ID='3296"1"):
for z2 in z1.findall("./VALUE"):
TipRes = z2.text
for z1 in zfindall("./PARAMETER[@ID="32347"):
for z2 in z1.findall("./VALUE"):
Unknow = z2.text
Version = float(Version)
pg = float(pg)
U = float(U)
| = float(l)
E = float(E)
P = float(P)
CUR = float(CUR)
Wear = int(Wear)
Milling = int(Milling)
Splash = int(Splash)
GunRes = int(GunRes)
Zmax = float(Zmax)
PGnumber = int(PGnumber)
WeldTime = int(WeldTime)
Regulation = int(Reg)
Minl = int(Minl)
Maxl = int(MaxI)
MaxT = int(MaxT)
TipRes = int(TipRes)
Unknow = int(Unknow)

if Splash > 0: spatter = 1



else: spatter = 0
P_date = str(P_year)+str(P_month)+ str(P_day)+
str(P_hour)+str(P_minute)+ str(P_second)
P_time = pd.to_datetime(P_date, format =
'%Y%mM%d%H%M%S')
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER="'1310'T"):
for d1 in y.findall("./DATA_SET1"):
d1 1310=d1.text
for d2 in y.findall("./DATA_SET2"):
d2 1310=d2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER="1311'T":
for d1 in y.findall("./DATA SET1"):
d1 1311=d1.text
for d2 in y.findall("./DATA_SET2"):
d2_1311=d2.text
fory in
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='13127"):
for d1 in y.findall("./DATA SET1"):
d1 1312=d1.text
for d2 in y.findall("./DATA SET2"):
d2 1312=d2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1313'T"):
for d1 in y.findall("./DATA SET1"):
d1 1313=d1l.text
for d2 in y.findall("./DATA SET2"):
d2 1313=d2.text
foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='13147"):
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for d1 in y.findall("./DATA SET1"):
dl 1314=dl.text

for d2 in y.findall("./DATA_SET2"):
d2 1314=d2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1315"):

for d1 in y.findall("./DATA_SET1"):
d1 1315=d1.text

for d2 in y.findall("./DATA SET2"):
d2_1315=d2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1316'T"):

for d1 in y.findall("./DATA SET1"):
dl 1316=dl.text

for d2 in y.findall("./DATA_SET2"):
d2_1316=d2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1317'T":

for d1 in y.findall("./DATA_SET1"):
dl 1317=d1l.text

for d2 in y.findall("./DATA SET2"):
d2_1317=d2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='13187"):

for d1 in y.findall("./DATA SET1"):
d1_1318=d1.text

for d2 in y.findall("./DATA SET2"):
d2 1318=d2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1319'T"):

for d1 in y.findall("./DATA SET1"):
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dl 1319=dl.text
for d2 in y.findall("./DATA SET2"):
d2_1319=d2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1320'T"):
for d1 in y.findall("./DATA SET1"):
d1_1320=d1.text
for d2 in y.findall("./DATA_SET2"):
d2_1320=d2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1321'T":
for d1 in y.findall("./DATA_SET1"):
d1 1321=d1.text
for d2 in y.findall("./DATA SET2"):
d2 1321=d2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1320'T"):
for f1 in y.findall("./DATA SET1"):
f1 1320=fl.text
for f2 in y.findall("./DATA SET2"):
f2 1320=f2.text
for y in
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1321"T":
for f1 in y.findall("./DATA SET1"):
f1 1321=f1.text
for f2 in y.findall("./DATA_SET2"):
f2_1321=f2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='13227"):
for f1 in y.findall("./DATA_SET1"):
fl 1322=fl.text



for f2 in y.findall("./DATA_SET2"):
f2_1322=f2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1323'T"):

for f1 in y.findall("./DATA_SET1"):
f1_1323=fl.text

for f2 in y.findall("./DATA_SET2"):
f2 1323=f2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1324'T"):

for f1 in y.findall("./DATA_SET1"):
f1 1324=f1.text

for f2 in y.findall("./DATA_SET2"):
f2_1324=f2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1325"):

for f1 in y.findall("./DATA_SET1"):
f1_1325=f1 text

for f2 in y.findall("./DATA SET2"):
f2_1325=f2.text

foryin

xmlroot.findall("./OBJECTS _DATA/OBJECT[@NUMBER='1326'T":

for f1 in y.findall("./DATA_SET1"):
fl 1326=fl.text

for f2 in y.findall("./DATA_SET2"):
f2_1326=f2.text

foryin

xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='13277"):

for f1 in y.findall("./DATA SET1"):
f1 1327=fLtext
for f2 in y.findall("./DATA SET2"):
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f2_1327=f2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1328'T"):
for f1 in y.findall("./DATA_SET1"):
f1_1328=f1.text
for f2 in y.findall("./DATA_SET2"):
f2_1328=f2.text
foryin
xmlroot.findall("./OBJECTS DATA/OBJECT[@NUMBER='1329'T"):
for f1 in y.findall("./DATA_SET1"):
f1_1329=f1.text
for f2 in y.findall("./DATA_SET2"):
f2_1329=f2.text
datal =
np.concatenate((d1_1310.split("]"),d1 131 1.split("|"),d1_1312.split("]"),d1_1313.split("|"),d
1 1314.split(")\
d1 1315.split'"),d1 1316.split(’|"),d1_1317.split("")
data2 =
np.concatenate((d2 1310.split("|"),d2 1311.split("|"),d2 1312.split("|"),d2 1313.split("|"),d
2 1314.split("'\
,d2 1315.split("["),d2_1316.split("|"),d2_1317.split("|")
datasetl = np.array(datal).astype(int)
dataset2 = np.array(data2).astype(int)
datasetl=datasetl[dataset1!=0]
dataset2=dataset2[dataset2!=0]
fdatal =
np.concatenate((f1_1320.split("]"),f1_1321.split("]"),f1_1322.split("|"),f1_1323.split("|"),f1_
1324.split("|"),f1_1325.split("|"),f1_1326.split("|"),fL_1327.split("|"),fL_1328.split(’|"),f1 132
9.split("]"))



fdata2 =
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np.concatenate((f2_1320.split("]"),f2_1321.split("|"),f2_1322.split("|"),f2_1323.split("|"),f2_

1324.split("|"\

2 1325.split("]"),f2_1326.split("]"),f2_1327.split(""),f2_1328.split("|"),f2_1329.split("|")))

fdatasetl = np.array(fdatal).astype(int)
fdataset2 = np.array(fdata2).astype(int)
#fdatasetl=fdataset1[fdataset1!=0]
fdat=fdataset2[fdataset2!=0]
fdataset1.astype(int)
fdataset2.astype(int)

t2 = len (fdataset2)
T2=np.arange(0,t2)

t3=len (fdat)

volt = U*(1/100)*datasetl

current = [*dataset2/10000

max_| = max(len(volt), len(current))

volt = np.pad(volt, (0, max_| - len(volt)))

current = np.pad(current, (0, max_L - len(current)))

if current.any()>0 :
R=volt/current
energy=volt*current

else :
R=0
current=current
volt=0

c=1

for a in range(0, len(current), 5):
current_chunk = currentfa:a+5]
C sum = sum(current_chunk)
C.append(round(C_sum, 5))

Cfirst_array = C[0]/5
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Clast_array = C[len(C)-11/5
Cavg value = round(sum(C) / len(Q), 5)/5
C val = sum(C)
C_a = [Cfirst_array, Clast_array, Cavg value,C vall
Ca.append(C_a)
V=]
for a in range(0, len(volt), 5):
volt chunk = volt[a:a+5]
V_sum = sum(volt_chunk)
V.append(round(V_sum, 5))
Vfirst_array = V[0]/5
Vlast_array = V[len(V)-11/5
Vavg value = round(sum(V) / len(V), 5)/5
V_val = sum(V)
V_a = [Vfirst_array, Vlast array, Vavg value,V vall
Va.append(V_a)
Rt =[]
for a in range(0, len(R), 5):
res_chunk = R[a:a+5]
R sum = sum(res_chunk)
Rt.append(round(R_sum, 5))
Rfirst_array = Rt[0)/5
Rlast_array = Rt[len(Rt)-1)/5
Ravg value = round(sum(Rt) / len(Rt), 5)/5
Rt val = sum(Rt)
Rt a = [Rfirst_array, Rlast_array, Ravg value,Rt val]
Ra.append(Rt_a)
Cmax = round(max(current),5)
Cm.append(Cmax)
Vmax = round(max(volt),5)

Vm.append(Vmax)



Rmax = round(max(R),5)
Rm.append(Rmax)

Clow = round(min(current[25:]),5)
Clappend(Clow)

Vlow = round(min(volt[25:]),5)
Vl.append(Clow)

Rlow = round(min(R[25:]),5)
Rl.append(Rlow)

Clst = round(current[-11,5)
Clast.append(Clst)

Vlst= round(volt[-11,5)
Vlast.append(Vist)

t1=len(R)

aveR = np.mean(R[40:1)*1000
T=np.arange(0,t1)

constant = (t1,12)

constant = np.zeros(constant)
ener= round((sum(energy)),5)
heat=round(ener/(t1/1000),5)
B e=E/1000000
HEAT.append(heat)
Ener.append(ener)
B_Ifac.append(l)

B Vfac.append(U)

B Ener.append(B e)

B Pmax.append(P)
B_CorrF.append(CUR)

B Wear.append(Wear)

B Splash.append(Splash)
B_GunRes.append(GunRes)

B Zmax.append(Zmax)
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B_PGnumber.append(PGnumber)
B WeldTime.append(WeldTime)
B _Regulation.append(Regulation)
B_Minl.append(Minl)
B_Maxl.append(MaxI)
B_MaxT.append(MaxT)
B_TipRes.append(TipRes)
B_Unknow.append(Unknow)
D_name.append(Cuv_name)
D_Station.append(Station)
D_Program.append(Program)
D_Time.append(Time)
P_Time.append(P_time)
P_aveR.append(aveRr)
P spatter.append(spatter)
No = i+1
Number.append(No)
os.remove(XMLfolder+"\\'+XMLnameli])
count =0
Ener=np.array(Ener).astype(float)
HEAT=np.array(HEAT).astype(float)
Cuv=np.array(XMLname).astype(str)
B_Ifac = np.array(B_Ifac).astype(float)
B Vfac = np.array(B_Vfac).astype(float)
B _Ener = np.array(B_Ener).astype(float)
B_Pmax = np.array(B_Pmax).astype(float)
B_CorrF = np.array(B_CorrF).astype(float)
B Wear = np.array(B_Wear).astype(int)
B Splash = np.array(B_Splash).astype(int)
B_GunRes = np.array(B_GunRes).astype(int)
B Zmax = np.array(B_Zmax).astype(float)



B_PGnumber = np.array(B_PGnumber).astype(int)
B WeldTime = np.array(B_WeldTime).astype(int)
B _Regulation = np.array(B_Regulation).astype(int)
B_Minl = np.array(B_Minl).astype(int)

B_Maxl = np.array(B_Maxl).astype(int)

B_MaxT = np.array(B_MaxT).astype(int)

B_TipRes = np.array(B_TipRes).astype(int)
B_Unknow = np.array(B_Unknow).astype(int)
D_name = np.array(D_name).astype(str)
D_Station = np.array(D_Station).astypel(str)
D_Program = np.array(D_Program).astype(str)

D _Time = np.array(D_Time).astype(str)

P_Time = np.array(P_Time).astype(str)

P_aveR = np.array(P_aveR).astype(float)
P_spatter = np.array(P_spatter).astype(int)
P_aveR = np.round(P_aveR, 3)

combi =
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np.array([Number,D_name,D_Station,D_Program,D_Time,P_Time,B_PGnumber,Ener,HE

AT,B Ifac,B Vfac ,B Ener,B Pmax,B CorrF,B Wear,
B Splash,B_GunRes,B Zmax,B WeldTime,

P _aveR,P_spatter,Ca,Va,Ra,Cm,CL,Vm,VL,Rm,RL,Clast,Vlast], dtype=object)

combi=np.transpose(combi)

def remove square brackets(arr):

return np.array([[str(item).strip([).strip(') if isinstance(item, list)

else item for item in row] for row in arr])

combi = remove_square_brackets(combi)
csv_data = RUIfolder+\\'+tnameA+'.csv'

header = "No,Name,Station,Program,Time,Parameter

Time,PGnumber,Energy,Heat, [factor,Vfactor," \

"BEnergy,BPmax,BCorrF,BWear,BSplash,GunResistance,Zmax,Weldtime,Resistance," \

"Spatter,C1,C2,Ca,Call,V1,V2,Va,Vall,R1,R2,Ra,Rall,Ch,CL,Vh,V[,Rh,R|,Clast,Vlast,Result”
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np.savetxt(csv_data, combi, delimiter=",, fmt="%s",
header=header, comments=")
spot_data = pd.read_csv(csv_data)
for root, dirs, files in os.walk(path_raw):
for filename in files:
if filename.endswith('.rui’):
try:
os.remove(os.path.join(root, filename))
except Exception as e:
print(f"1Error removing file: {e}")
for root, dirs, files in os.walk(src_extract):
for filename in files:
if not filename.endswith(".rui'):
try:
os.remove(os.path.join(root, filename))
except Exception as e:
print(f"2Error removing file: {e}")
spot_program = int(combi[0][6])
spot_station = str(combi[0][2])
if spot _station == '8Y025WC05":
if spot_program in [101, 102, 104, 107, 109, 113]:
ML(spot_data)
else:
print("No prediction")
else: pass
if spot_program in [255]:
tip_check(spot_data)
print("No prediction")
else:
print("No prediction")

end = time.time()
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print("The time of execution of "+nameA+" is :",round((end-start) *
10**3), "ms")
except Exception as e:
print(f"333Error renaming file: {e}")
try: os.remove(csv_data)

except: continue

if _name_ ==" main_"
if not os.path.exists(csv_resis):
with open(csv_resis, 'w', newline=") as file:
writer = csv.writer(file)
writer.writerow(resis_header)
print(fCreated a new CSV file: {csv_resis})
if not os.path.exists(csv_result):
with open(csv_result, 'W', newline=") as file:
writer = csv.writer(file)
writer.writerow(result_header)
print(fCreated a new CSV file: {csv_result})
move_files locally(src, dest local)
move_files remotely(src, dest remote, hostname, port, username, password)
event_handler = FileChangeHandler()
observer = Observer()
observer.schedule(event_handler, src, recursive=True)
observer.start()
try:
while True:
gc.disable()
movefile(machine src, path raw)
rui2csv(path_raw, src_extract, spot_data, result rsw, csv_data, predictions)
time.sleep(0.1)
tip_station(csv_resis)

gc.enable()
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except Keyboardinterrupt:
observer.stop()

observer join()
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KAWASAKI Robot program with AS Language

.PROGRAM pg11()#248009;P703 CC WORK PROGRAM

; COMPANY : FORD

; PROGRAM : Pgl1

; REVISED LAST: 18/11/2022

; Produced by COMAU CHINA ,Modify by NUTTAPONG

’

CALL verify11; CHECK PROGRAM 11 SELECT FROM PLC

HOME

SIGNAL 1,2,3 ; CLR TO ADV XFER, CLR TO RET XFER, CLR TO UNCLAMP
SIGNAL -1,-2,-3 ; ROBOT IN CYCLE
SWAIT 1002 ; CYCLE START

CALL pgliweldl; robot weld path

SIGNAL 1,2,3; CLR TO ADV XFER, CLR TO RET XFER, CLR TO UNCLAMP

HOME

’

.END
.PROGRAM pgllweld1()#247996;P703 CC WELDING PROGRAM

; COMPANY : FORD

; PROGRAM : S025R01 DownloadProgram Signal Weld
; REVISED LAST: 20/11/2022

; Produced by COMAU CHINA ,Modify by NUTTAPONG

’

HOME
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CALL entzone(9); Welding in 025 Station
; modelid = 11

CALL model id(11)

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[53.088,-27.025,-28.748,-
111.39,25.669,46.208,99.999] ;via387

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[51.462,-16.291,-49.744,-56.042,44.947,-16.976,226.9]
;via386

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.183,-5.2362,-41.452,-46.843,42.633,-24.739,226.9]
;via385

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[46.887,-4.9968,-34.835,-55.385,39.527 -
15.156,26.938] ;

160500 05 L_P703 CC_T3
sweld pgl01

LINEAR SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,1,1,1) OX= WX=
CL1=3.200,20.0,5.0,20.0,5.0,20.0,5.0 #[47.023,-5.2068,-33.594,-56.954,38.828,-
13.669,3.9638] :60500 05 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[46.887,-4.9968,-34.835,-55.385,39.527 -
15.156,26.936] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[49.108,-9.733,-48.366,-37.386,50.946,-29.577,76.793]

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[49.601,-11.721,-49.107,-37.797,50.391 -
28.562,32.173] ;

160500 04 L P703 CC T3
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sweld pg102

LINEAR SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,2,1,1) OX= WX=
CL1=3.200,20.0,7.0,20.0,7.0,20.0,7.0 #[50.337,-12.175,-48.086,-39.248,49.797 -
26.973,3.6511] ;60500 04 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[49.611,-11.243,-48.93,-37.797,50.391,-28.562,43.505]

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[46.85,-9.0038,-45.307,-35.975,48.009,-29.636,29.199]
;60500 02 L P703 CC T3
;weld pgl103

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,3,1,1) OX= WX=
CL1=3.200,15.0,5.0,15.0,5.0,15.0,5.0 #[47.566,-9.5102,-44.331,-37.628,47.171,-
27.802,3.0814] ;60500 02 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[46.85,-9.0038,-45.306,-35.975,48.009,-29.636,29.201]

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.436,-3.5368,-36.117,-46.089,42.299,-
21.891,62.591] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[42.983,2.0148,-25.956,-56.869,34.935,-
11.698,42.665] ;

;60500 01 L P703 CC T3
sweld pgl104

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,4,1,1) OX= WX=
CL1=3.200,20.0,7.0,20.0,7.0,20.0,7.0 #[43.485,1.5938,-24.873,-58.579,34.691 -
9.8388,3.1594] ;60500 01 L P703 CC T3
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JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[43.081,1.9153,-25.956,-56.869,34.935,-11.698,40.67]

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[40.646,3.3641,-22.588,-59.314,32.008,-10.64,33.249]
;60500 06 L P703 CC T3
;weld pgl105

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,5,1,1) OX= WX=
CL1=3.200,20.0,7.0,20.0,7.0,20.0,7.0 #[41.132,3.3737,-21.191,-61.627,31.576,-
8.0778,2.9496] ;60500 06 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[40.813,3.3639,-22.588,-59.314,32.008,-10.64,33.247]
;via388

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[39.467,5.6815,-20.989,-56.694,31.363,-
13.015,52.299] ;via388

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[38.106,7.021,-19.243,-55.513,30.125,-13.683,52.299]
;via389

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[38.141,6.9238,-18.784,-56.358,29.839,-12.726,42.8] ;
160501 06 L_P703 CC T3
;weld pgl06

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,6,1,1) OX= WX=
CL1=3.000,20.0,7.0,20.0,7.0,20.0,7.0 #[38.668,7.0372,-17.126,-59.327,29.422,-
9.5656,2.6666] ;60501 _06 L P703 CC_ T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[38.363,7.0728,-18.428,-56.947,29.893,-
12.157,35.206] ;
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JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[36.632,7.1938,-17.992,-54.301,28.527 -
15.534,38.399] ;

;60501 05 L P703 CC T3
sweld pgl07

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,7,1,1) OX= WX=
CL1=3.000,15.0,7.0,15.0,7.0,15.0,7.0 #[37.104,7.2792,-16.453,-57.179,28.064,-
12.488,2.4872] ;60501 05 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[36.721,7.1662,-17.646,-54.987,28.376,-14.796,21.2]
:via390

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[36.985,7.1235,-21.758,-50.434,30.909,-
18.977,135.96] ;via390

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[41.384,22.078,-10.142,-58.389,38.825,-
1.6409,146.72] ;via391

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[46.008,29.398,-1.9511,-63.28,54.842,2.0098,29.947] ;
;60501 10 L P703 CC T3
sweld pg108

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,8,1,1) OX= WX=
CL1=3.500,15.0,7.0,15.0,7.0,15.0,7.0 #[46.449,29.699,-0.37457 -
64.433,54.622,3.6159,2.3189] ;60501 10 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[46.008,29.398,-1.9511,-63.28,54.842,2.0098,29.947] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.728,29.762,-1.6253,-63.282,55.64,2.1896,43.087] ;
;60502 06 L P703 CC T2
sweld pgl109
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JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,9,1,1) OX= WX=
CL1=2.600,15.0,7.0,15.0,7.0,15.0,7.0 #[46.164,29.461,-0.39328,-
64.273,55.312,3.681,2.8312] ;60502 06 L P703 CC T2

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.825,29.208,-1.6477,-63.392,55.491,2.4318,22.391]

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.23,29.536,-0.83926,-63.269,54.131,2.6997,27.456]
;60502 05 L P703 CC T2
sweld pgl10

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,10,1,1) OX= WX=
CL1=2.600,20.0,7.0,20.0,7.0,20.0,7.0 #[45.571,29.793,0.4192,-
64.186,53.953,3.9717,2.897] ;60502 05 L P703 CC T2

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.286,29.76,-0.76569,-63.218,54.242,2.5627,21.2] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.491,30.128,-0.59019,-
63.284,53.942,2.4637,23.293] ;

;60501 11 L P703 CC T3
sweld pglll

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,11,1,1) OX= WX=
CL1=3.500,20.0,7.0,20.0,7.0,20.0,7.0 #[45.852,30.35,0.72625,-
64.285,53.739,3.8511,2.1468] ;60501 11 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.491,30.128,-0.59019,-
63.284,53.942,2.4637,23.295] ;via393

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[45.161,28.101,-11.468,-54.699,60.675,-
8.5107,214.55] ;via393



166

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[38.541,0.55619,-30.407,-50.12,33.404,-
20.292,219.12] ;via395

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[44.059,-8.5405,-33.724,-63.919,34.354 -
6.8269,227.12] ;via396

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[58.465,-28.27,-44.611,-
83.892,44.995,12.284,150];via397

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[5.8555,-35.228,-46.111,-77.323,-61.057,5.3006,150] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[52.503,-43.497,-39.191,-20.389,-60.449,3.5487,200]
:viad03

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[25.678,-34.421,-40.172,-35.878,-
65.388,37.527,250.24] ;viad02

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[34.935,-29.71,-45.109,-27.856,-48.154,29.985,250.24]
;viad01

CALL entzone(2); with 8Y025 R02 bx200l b001

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[26.133,-5.1516,-22.69,-36.16,-48.604,31.844,259.37]
;viad00

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[15.044,-13.61,-33.69,-51.141,-
57.321,62.368,200];viad00

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-1.8221,-2.7019,-31.403,-56.634,-79.971,89.856,200]
:via399
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JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[3.8141,-2.5701,-33.79,-59.348,-74.496,89.39,200] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[3.8455,-3.4858,-36.446,-59.787,-73.592,90.935,22.58]
;60501 12 L P703 CC T3
sweld pgl12

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,12,1,1) OX= WX=
CL1=3.000,20.0,7.0,20.0,7.0,20.0,7.0 #[4.3701,-4.7994,-36.883,-59.782,-
73.651,89.914,3.53] ;60501 12 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[3.8453,-3.4858,-36.446,-59.787,-73.592,90.935,22.58]

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[2.8962,-3.7664,-35.146,-59.016,-
75.088,89.948,27.439] ;

;60502 07 L P703 CC T2
sweld pgl13

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,13,1,1) OX= WX=
CL1=2.600,20.0,7.0,20.0,7.0,20.0,7.0 #[3.1401,-5.169,-35.935,-58.974,-
75.225,89.292,2.1932] ;60502 07 L P703 CC T2

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[2.8022,-3.4302,-34.961,-59.017 -
75.071,90.113,41.215] ;

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-2.6376,-1.2601,-33.273,-56.115,-
82.511,100.32,43.991 ;

;60503 09 L P703 CC T3
sweld pglld



168

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,14,1,1) OX= WX=
CL1=0.000,20.0,7.0,20.0,7.0,20.0,7.0 #[-2.9618,-2.6578,-34.824,-56.077 -
82.789,101.05,2.5294] ;60503 09 L P703 CC T3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-2.6376,-1.2601,-33.273,-56.115,-
82.511,100.32,43.99] ;via990

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-4.0316,3.8271,-24.928,-60.275,-
90.979,92.454,59.997] ;via990

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-4.7442,4.8246,-23.264,-62.731,-
93.125,89.616,59.996] ;vial50

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-3.3769,6.8228,-16.527,-64.961,-
94.366,78.272,59.996] ;via621

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[-1.061,12.259,-4.2472,-64.696,-97.056,63.953,59.996]
via629

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[0.42163,13.665,-0.12565,-58.292,-99.444,63.253,60]
:via989

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[1.9503,10.531,-3.7422,-57.344,-95.252,63.043,28.06]
;60503 08 L P703 CC T3
sweld pgl15

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,15,1,1) OX= WX=
CL1=2.800,20.0,7.0,20.0,7.0,20.0,7.0 #[2.1324,9.4716,-4.2189,-57.443 -
95.416,62.453,2.5648] ;60503 08 L P703 CC T3
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JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[1.9355,10.629,-3.6991,-57.335,-
95.235,63.096,47.359] ;viad04

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[0.59792,14.484,0.84355,-74.796,-
87.513,45.562,59.998] ;viad04

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[1.2049,18.713,9.5229,-76.555,-84.395,34.572,60]
:viad06

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[1.238,21.977,15.591,-77.888,-82.387,27.014,28.84] ;
;60503 07 L P703 CC T3
sweld pgll6

JOINT SPEED9 ACCUO TIMERO TOOL1 WORKO CLAMP1 (ON,16,1,1) OX= WX=
CL1=2.800,20.0,5.0,20.0,5.0,20.0,5.0 #[1.1628,21.638,16.139,-78.076,-
82.872,26.183,2.3745] ;60503 07 L P703 CC T3

SIGNAL 272; WELD SEQUENCE 1 COMPLETE

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[1.2378,21.977,15.591,-77.888,-82.387,27.014,28.84]
;viad07

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[1.2049,18.713,9.5231,-76.555,-84.395,34.572,59.998]
viad07

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[0.65623,21.753,15.995,-74.624,-
81.549,26.094,242.66] ;viad08

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[11.541,21.335,23.942,-56.532,-70.135,9.7426,281.81]
;viad09
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JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[16.992,23.678,37.58,-42.648,-73.082,-5.9038,278.61]
;viad10

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[9.583,21.483,36.865,-45.544,-79.134,-1.6622,279.02]
viadl2

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[10.827,-5.1643,19.455,-44.083,-84.87,-9.0715,260]
viadl3

JOINT SPEED9 ACCU4 TIMERO TOOL1 WORKO CLAMP1 (OFF,0,1,1) OX= WX=
CL1=0.000,0.0,0.0,0.0,0.0,0.0,0.0 #[6.8274,-49.088,-21.969,-91.878,-4.3361,25.822,260] ;

HOME

SIGNAL -272; WELD SEQUENCE 1 COMPLETE
: modelid = 0

CALL model_id(0)

CALL extzone(2); Clear Zone with 8Y025 R02 bx200l b001
CALL extzone(9), Welding out 025 Station

IF SIG(1238) THEN ;TipDress REQ from PLC

CALL pgl0tipdressl
END
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ARTICLE INFO ABSTRACT
Keywords: Resistance Spot Welding (RSW) stands as the primary joining process in the automotive industry, renowned for its

Resistance spat welding (RSW}
Weld inspection

Weld quality classilication
Darn analysis

Machine learning

suitability for automation and integration into high-production assembly lines. Despite its advantages, accurately
eviluating RSW remains chall resulting in additional costs and production steps. Currenl inspection
methods, reliant on sandom ehecks after cars leave the Body-in-White (BIW), often Lead to significant time losses,
emphasizing the necessity for enhanced quality assessment. This study aims 1o transition from random checks to
100 percent inspection using data analysis and machine leamning techniques. By predicting weld guality levels
prior to.car body completion, this approach aims to improve guality control. Five distinct algorithms—Artificial
Neural Network (ANN], Convolution Neoral Network (CNN), Long Short-Term Memory (LSTM), Random Forest
Classifier (RFC), and Extreme Gradient Boosting (XGBoost)—were assessed. The research highlights that the
proposed methodology, particularly leversging XGBoost, achieves a notable prediction accuracy of 97.1% when

applied to unseen data.

1. Introduction

In the assembly of automobile parts, quality control in welding is
paramount, ensuring the durability and safety of the vehicle. Welding,
which accounts for a quarter of the primary manufacturing processes in
car manufacturing, demands strict adherence to quality and precision
standards. According to the Federation of Thai Industries, Thailand's
vehicle production from January to December 2023 nearly reached two
million, with pickup trucks accounting for over 1.1 million units, or
62.7% of total production. A typical pickup truck consists of more than
15,000 essential components, including the engine, transmission, sus-
pension, steering systemns, brakes, wheels, interdor Teatures, electrical
and safety systems, and the body and frame, which vary according 1o
the model. The car body is the primary focus of welding operations, with
the monocoque design being a common vechnigue for constructing vehi-
cle bodies, involving the assembly and welding of cver a hundred steel
parts to form the car’s structure.

In the automoetive body assembly industry, some components still
necessitate human labor welding due to cost constraints, while indus-
trial robots can weld nearly all comp An ive bly

" Corresponding author.
E-muril adedress: jiraphios

ac.th (1. Srisertpal).

hetps:/daiorg/ 10,1016/ rineng. 2024. 103570

plant might have as many as 300 welding robots, and the plant we stud-
ied has been using welding robots for over seven years, Despite rigorous
maintenance to preserve welding efficiency, the search for measuring in-
struments to assess welding quality remains a vital aspect of quality con-
trol. Instruments such as force sensors [1], distance sensors [2], vision
camera [3], thermal cameras [4,5], vibration sensors [6] and acoustics
sensars [7] are considered, though their high costs significantly impact
production expenses, as each robor would need its own installation. This
ralses an important giestion: is this investment worthwhile?

Currently, the plant we studied employs a random sampling method
for welding quatity [8,9] checks, in line with IATF 16949:2016, utiliz-
Ing Ultrasonie Testing (UT) [10], pry-bar resting [11], and reardown
imethod [12]. Among these, UT is widely used despite its high cost, as It
allows for post-welding Inspections to measure material thickness and
detect defects. However, UT inspections are limired by their random
sampling approach and are condueted only after the monocogue body
assembly is complete, potentially missing critical defects. Each inspec-
tion requires a team of 12 persons, including 1 engineer, 3 technicians,
and 8 inspectors, underscoring the resource-intensive nature of the cur-
LEOL SYStem,
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The efficient utilization of advanced manufacturing technologics, as
shown in studies applying Finite Element Analysis (FEA) and response
surface metheds for design optimization [13], highlights the potential
for system-wide improvements, In the existing automated systerms, only
5% of weld joints are inspected, with heavy reliance on low-density
manual inspections. With the integration of Machine Learning for Pre-
dicting Resistance Spot Weld Quality, inspection coverage has been
enhanced to 100%. This transformative improvement significantly re-
duces dependency on manual labor while enabling targeted Inspections
in areas of concern, thereby improving efficiency and accuracy.

Currently, UT pry inspections are performed at a rate of one inspec-
tion per joint per shift. In newly launched systems, the machine learning
framework aims to achieve 90%-95% inspection coverage for joints,
with recurring inspections on stable joints expected to decrease from
once per shift to once per week during the transitional phase. Addi-
tionally, the system provides real-fime notifications for areas requiring
attention, further augmenting the averall inspection process and driving
proactive quality assurance,

A clear example of this impact is when a weld in the Floor Panel Car-
rier System fails to meet the factory’s quality standards. The team then
analyzes the cause and origin of the defect to determine the specific
process in which it ocowrred. For instance, was the defect introduced
during the welding of the Floor Panel Carrier System itself or during
its assembly with other parts in the monocoque body construction? If
the analysis indicates that the defect originated in the welding process
of the Floor Panel Carrier System, the production line halts immedi-
ately to inspect all related parts, tracing back to the BIW., This rapid
response |5 feasible because the defect’s location on the part Is precisely
identified, and Inspecting a single weld defect takes no more than two
minutes. [l additional parts with substandard welds are discovered dur-
ing the inspection, they are gathered and sent for repair before being
reintegrated imto the production line. Although the defect was iden-
tified only in the Floor Panel Carrier System welds, the simultaneous
welding of other parts in the monocoque body construction necessitates
halting the entire production line. This halt affects multiple sections—
including the Dash Compartment, Rear Compartment, Roof, Left-Side
Frame, and Right-Side Frame (as illustrated in Fig, 5)—until the inspec-
tion and repair of the Floor Panel Carrier System welds are completed.
The inspection process is thorough, covering more than just the welding
procedure of the Floor Panel Carrier System, It includes a forward trace,
in which previously assembled monocoque bodies are also inspected—
reviewing 30 vehicles per inspection cyele, equivalent to approximately
one hour of production. This forward trace continues until the Floor
Panel Carrier System is confirmed ta be free of weld defects within the
cycle. If a defect is detected, an additional retrospective inspection is
carried out, reviewing another 30 vehicles.

In 2022, when an incident report revealed that 120 out of 600 man-
ufactured vehicle bodies exhibited weld quality issues at the BIW stage.
This resulted In approximately 10 hours of inspection and repair time,
equivalent to a full day of remedial work. Furthermore, one vehicle dis-
played performance issues after production, prompting the company to
assemble a team of specialists for a thorough investigation. The analy-
sis traced the problem to welds that did not meet required standards,
identifying inferior weld seams as the primary cause. This led to a tem-
porary suspension of the BIW process to allow the team to examine the
welding robots and guns, implement corrective actions, and improve the
process,

The examples provided demonstrate that the weld quality inspec-
tion process occurs after the completion of the monoceque body, If the
welds do not meet the required standards, it is necessary to trace back
ta the BIW process and mo body simul ly in both direc-
tions, resulting in considerable time and labor expenditures, This raises
a critical question: is it possible to evaluate welding quality in real-time
during welding robot aperation, enabling immediate corrections before
advancing to the monocoque body welding phase? This research aims
to leverage Industry 4.0 technologies to transform the existing inspec-

Results in Engimeering 25 (2025) 103570
Lion process into an automated system [14-17]. By hamessing data from
welding robots and incorporating artificial intelligence, we aim to iden-
tify and categorize weld quality, enhancing the efficlency and accuracy
of the inspection process,

This research focuses on evaluating the weld quality of Front/Rear
floor components in vehicles, These components are shaped from sheet
metal through a pressing process and joined using Resistance Spot Weld-
ing {(RSW) [15] to create a larger assembly known as the Floor Panel
Carrier System. This assembly is integral to the vehicle's structure, pro-
viding the base of the passenger compartment and distributing stress
and weight evenly. It also collaborates with other components to mit-
igate impact forces, safeguarding passengers. Typically, this welding is
cxeeuted by automated robots, Ensuring the precision and quality of
RSW is critical for the vehicle's safety and structural integrity. Never-
theless, accurately assessing RSW quality poses significant challenges,

The weld quality inspection process commonly identifies six defect
types: undersized, discrepant, edge, missing, off-location, and explosion
defects. This research focuses on three defect types: undersized, dis-
crepant, and explosion, Und d and discrepant defects are grouped
under the term “Cold weld” in accordance with the factory's quality
standards, as they pose safety risks and require repair before the com-
ponents are sent to the paint shop. Explosion defects are included due
Lo their high frequency and potential severity. This paper introduces an
Al-cnhanced inspection process that categorizes weld quality into three
levels: Level O for “Satisfy,” Level 1 for “Expulsion,” and Level 2 for
“Cold weld.”

The alm is to create a real-time system for immediate detection of
welding defects, ensuring complete inspection of every vehicle struc-
ture, thereby achleving 1009 inspection coverage. This is a signlficant
improvement over the current method, which randomly inspects only
5% of production using a combination of non-destructive and destruc-
tive tests, The proposed system is expected to attain a minimum accu-
tacy rate of 90% to be considered effective,

2. Literature reviews

In a study by Sim and Yun Kim [12], the researchers propose a hy-
brid prediction methaod that combines a theoretical physical model with
& machine leaming appreach, This hybrid method integrates the the-
oretical model with spline interpolation, establishing a mathematical
framework for predicting nugget growth and formation in RSW. Ex-
perimental results indicate that the proposed hybrid method produces
mare ageurate and meaningful predictions compared to existing algo-
rithms when applied to RSW datasets. Furthermore, the hybrid method
demonstrates robustness to data errors, making it a durable and reliable
prediction approach.

Wang et al. |20] conducted a study utilizing a particle swarm op-
Umization (P50) algorithm for intelligent parameter measurement in a
three-phase medium-lrequency direct current (MFDC) RSW machine. To
evaluate the accuracy and reliability of these measurements, a numer-
ical model was developed wsing MATLAB Simulink, The comparative
analysis indicated a maximum error of only 1% across all measured
parameters, underscoring the effectiveness of the proposed intelligent
parameter measurement method-and demonstrating its ability to deliver
accurate and reliable results for the RSW machine.

In their study, Yu et al. [21] introduced a reference-based adap-
tive RSW method almed at mitigating the shunting effect in short-pitch
(=40 mm) RSW. They developed an exponential model to predice weld
pitch as a function of dynamic factors, analyzed the refationship be-
tween nugget diameter and heat input relative to weld pitch, and estab-
lished a logistic growth model for predicting heat input compensation.
Experimental results showed that this approach increased nugget diame-
ter and decreased the shunting effect compared to conventional welding
methods, These findings underscore the effectiveness of the proposed
reference-based adaptive RSW method in minimizing the shunting ef-
fect in short-pitch RSW.
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Dwibedi et al. [22] investigated the effects of weld dme on joint
strength, nugget size, and fracture mode in Hastelloy X weldments,
a Mickel-Chromivm-Iron-Molybdenum alloy, produced via the RSW pro-
cess, The study aimed o determine the parameters and primary causes
of faflure using fractography, which analyzes the fracture surfaces of
materials using Scanning Electron Microscopy (SEM). The principal find-
ings indicated that the diameter of the weld nugget increased propor-
tionally with weld time, and the joint strength of the spot-welded alloy
improved until reaching an optimal weld duration. Nonetheless, the ap-
plication of excessive heat and electrode pressure during the welding
process initiated cracking.

Moshayedi and Sattari-Far 23] explored the correlation between
nugget size, welding time, and current, comparing predicted nugget
sizes with actual experimental results using a two-dimensional finite
element model. This moedel, developed through fully coupled electrical-
thermal and incrementally eoupled thermal-mechanical analyses, The
study also investigated variations in pressure and contact area during
the welding process. Findings indicated compressive stress at the nugget
center, with tensile stress increasing toward the edge. The highest tensile
stress appeared outside the nugget, near its periphery. Additionally, ra-
dial residual stress magnitudes in the inner and outer areas of the weld
nugget rose with increased welding time and current, though a slight
decrease was observed in the edge regions of the nugget.

In their study, Podriaj et al. [24] developed an experimental setup
to investigate the effects of poor fit-up conditions on welding outcomes.
This setup enabled the measurement of welding lorce during the ini-
tial contact between electrode tips and weld pleces, considering varving
intensities of deformation and pin distances. Addidonally, the system al-
lowed precise quantfication of welding foree during initial contact. To
reduce the negative impact of poor fit-up conditions on weld strength,
the researchers examined the introduction of a preheating phase. While
preheating improved weld strength, a notable disparity remained be-
tween the weld strength of non-deformed welds and those under poor
fit-up conditions, even at elevated preheating currents.

Kang et al. [25] conducted experimental walidation of theoretical
analyses on constant current control (CCCY and constant power control
(CPC) in welding processes. The results indicated that CCC outperforms
CPC, as the latter is subject to & higher number of interfering wari-
ahles, Furthermare, dynamic resistance analysis demonstrated that CCC
supports 8 more reliable welding process, enabling earlier detection of
the initial melting point compared to CPC. This experimental valida-
tion provides valuable insights for practical welding production, guiding
welders in selecting an appropriate control strategy and contributing to
enhanced energy efficiency in welding applications.

Xia et al. [26] introduced a novel approach to nondestructive mea-
surement of weld penetration in robotic RSW. Their study involved
in-depth analysis of electrode displacement signals through mechanism
analysis and feature extraction. The reliability of these signal features
was evaluated under normal and abnormal manufacturing conditions.
Furthermore, they established an analyteal model to predict weld pene-
tration using physical modeling, which facilitates online measurement.

Zhou et al. [27] conducted a study focusing on the characterstics of
the RSW process and the fundamental princlple of elecerical resistivity.
They developed a comprehensive mathematical description for measur-
ing the electrical resistivity of molten nuggets, Subsequently, a series of
experiments were conducted, involving RSW operations to acquire dy-
namic resistance data, online temperature measurements fo determine
the eleetrical resistivity of solid metals, and metallurgical analyses o
ascertain the size of molten nuggets, This work contributes to the estab-
lishment of accurate mathematical models for the RSW process, thereby
aiding in welding automation, related research endeavors, and practical
production processes.

In their study, Xia et al. [28] presented a novel approach for the
online evaluation of expulsion intensity in RSW. By employing an ad-
vanced multi-sensor monitoring system and high-speed camera, they

imul |y monitored dy i i electrode force, and elec-
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trode displacement signals to analyze their instantaneous features, The
experimental results revealed that the magnitude of the sudden decrease
in force and displacement signals correlates with the expelled metal's
welght, while no clear relationship was found between the sudden drop
in resistance and expulsion severity. Further analysis established that
sudden variations in electrode force serve as an optimal indicator for
accurately assessing expulsion magnitude in servo gun systems,

Nazir et al. [29] proposed a comprehensive online ool condition
monitoring (TCM) system for ultrazonic metal welding (UMW) that
leverages sensor fusion and machine learning (ML) techniques, They
engineered a data acquisition (DAQ) system to gather in-situ sensing
signals throughout the welding process. From this data, a large pool of
features was extracted, and a subset was selected for machine learning
classification, Several classification models were trained, validated, and
tested with experimental data, achievi ear-perfect classification ac-
curacy, nearly 100%, for both training and testing datasets.

Tn the study by Lee et al. [30], the focus is on developing a real-time
online monitoring and diagnosis frameworlk for angular misalignment
in rabot spot-welding systems. Data is collected wsing voltage and cur-
TENT sensors, capturing the associated mass data under both normal and
abnormal {angular misalignment) conditions. Two categories of features
are extracted: dynamic resistance (DR) features and voltage and current
features decomposed by wavelet transform. Three types of critical fea-
ture sets—DR features, wavelet transform features, and hybrid features
vombining both—are prepared to train machine leaming-based models.
Support vector machine (SVM) and probabilistic nevral network (PNN)
are applied to establish the diagnosis models, and their diagnostic aceu-
eacy and robustness are evaluated.,

El-Sari et al. [31] investigated the ability of muld-layer perceptron
regression moedels to extrapolate, applying them with data markedly dif-
ferent from the training data in material and coating composition to pre-
dict nugget diameter based on process data, The study found that models
which included features from the dynamic resistance curve performed
better than those based solely on process parameters. This highlights
the beneficial influence of process signals on the predictive precision
and stability of ANN algorithms, particularly for datasets beyond the
original training range.

Ching et al, [32] developed a nugget model for RSWs and extended
the inherent strain method to predict RSW deformation quickly, De-
formation induced by RSW involves electrical-thermal-mechanical cou-
pling analysis, which is complex and time-consuming. Furthermore,
using the inherent strain method, they efficiently predicted the defor-
mation of a vehicle part with 23 RSWs in approximately 90 minutes,
demonstrating good accuracy compared to measurements.

Hua etal. [33] have developed an in-situ ultrasonic detection system
for automatic evaluation of RSW quality. This system utilizes an embed-
ded probe 1o capture UT signals from spot welds post-RSW. Various sig-
nal elgenvalues, including acoustic litude, echo distance,
main frequency, main frequency amplitwde, and low-freguency compo-
nent, are obtalned. C pondi ical calculation models are

blished to enable qu ve ultrasonic evaluation of RSW qual-
lty. Additionally, specialized evaluation software has been developed to
automatically ealculate nugget sizes and classify weld types.

3. Methodology

The RSW process in the BIW stage of this automobile manufactur-
ing involves welding sheet metal compenents by applying voltage and
electric current through a copper alloy electrode, generating heat to
create @ weld nugget, This eritical process in monocoque assembly is
carried out automatically using robotic arms for precision and consis-
tency. The main equipment is robotic welding guns, Weld quality is
ensured through both destructive and non-destructive testing, including
UT and a destructive method called teardown. These methods help in-
crease efficiency, safety, and cost-effectiveness, allowing for high-speed
production and strong, reliable welds essential for vehicle safety and
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Fig. 1. A schematic of the metal RSW process [34].
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Fig. 2. WT and MF lnverter diagram [10].

structural integrity. This article focuses solely on the robotic RSW pro-
cess and non-destructive resting using UT, enabling data extraction from
welding machines and measuring devices for modeling. In contrast, the
teardown method provides only pass/fail results without additional in-
formation, which is why the selected devices are used for data retrieval.

3.1. Resistance spod welding

RSW is a cost-effective method for joining metals, relying on heat
energy and pressure to create welds, The basics involve applying heat
energy and pressure to reach the plastic state of materials, with factars
such as pressure, current, and weld time playing essential roles. Metal
transilions from a solid state to a partially liguid state and halted be-
fore full liquelfaction to prevent expulsion and ensure weld integrity.
Careful control of these parameters allowed BSW to produce strong,
reliable welds for various applications, The term BSW originates from
the electrical resistance of metals generating heat when current flows
through them, leading to the formation of welding nuggets as the work-
picces melt and solidify upon cooling. Different metals require varying

degrees of contral due to their unique eharacteristics, highlighting the
importance of understanding and managing the process parameters for
successful resistance welding, as shown in Fig. 1.

The RSW experiments were conducted using a robotic RSW consist-
Ing of an RK robot model, and an RO C-type servomotor driven with
a B6 unit, as shown in Fig. 2. The B6 includes a weld timer (WT) and
a medium-frequency power unit {ME inverter), The tasks of the MF in-
verter include generating the required current and weld time, as well
as controlling the MF inverter itself. Meanwhile, the tasks of the WT
involve controlling, regulating, and monitoring all programmed weld-
ing schedules, including message (status and errors), logging (recording
every millisecond), and operation. Additionally, the WT facilitates com-
munication with devices on the same process level via 1/0 connection,
such as the robot, PLC (Programmable logic controfler), control panel,
and records the results in the form of an RUI file (3 Bosch-designated
file extension where 'R’ stands for resistance, 'U' for voltage, and 'I' for
current), These various equipment components work together to control
the current delivered to the final device, the welding gun.
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Fig. 3. Process parameters for RSW [35].

The welding standards follow 150 14373:2015 which outlines the re-
quirements for RSW in the assembly of uncoated and coated low carbon
steel. Two identical dome-shaped F-type chromium-zirconium copper
electrodes (IS0 5821, 2009) with a tip diameter of 6 mm were used,
positioned as the upper and lower electrodes. Fig. 3 explains a typical
basic RSW sequence, Critical to the proper formation of the weld nugget
between the metal workpicces being welded are factors such as the re-
sistance of the metal, the weld current, the duration of the current flow,
and the welding force that compresses the worlkpieces her. The du-

thickness of the weld and the heat-affected zone (HAZ). It compares
these measurements with predefined minimum nugget requirements to
ensure that welds comply with industry standards, codes, and regula-
tions, such as those from ASME, AWS, and 150,

The F1 collects data from the surface and internal structures of the
nugget. Special algorithms use this data to reconstruct the image of the
spot weld and estimate the average diameter of the nugget agea in real
time, For this reason, this car manufacturing company wses the UT F1

ration for which the welding current flows through the two workpieces
of metal to be welded is particularly crucial, The following definitions
may aid in understanding this drawing;

Squeeze time is the initial parameter between weld force and weld cur-
rent. Tt must match mechanical motion. The instrument in this research
allows adjustable parameters of 100-300 ms,

Weld time is the duration of weld current applied 1o the workpiece, Un-
derstanding the material helps in selecting the right time. The adjustable
parameter range is 200-700 ms,

Hold time is the duration after weld current stops, maintaining weld
force to solidify the weld nugget before releasing the parts. This param-
eter can be adjusted from 100-400 ms,

Off tme is the period when the electrodes are not in contact with the
workpiece during a repetitive welding cycle. It's necessary for moving
the work between weld sequences. The necessary time to start the next
weld process for the basic welding cycle, including the pre-heating time
(Y}, upslope time, and downslope time, is determined.

3.2, Ultrasonic testing

The RSW inspection tool used is the Tessonie brand, model F1,
featuring 52 coaxial channels for estimating nugget diameter and in-
dentations from the specimen. It is powered by an Intel® Atom N270
1.6 GHz processor and employs high-frequency sound waves o detect
flaws, measure material thickness, and evaluate the internal structure
of the test object. This tool supports bath automatic and manual nugget
size estimation and detection, with a scanning depth suitable for metal
plates with thicknesses ranging from 0.6 to'2.4 mm. Tt is compatible with
various materials, including mild steel, high-strength steel, dual-phase
ultra-high-strength steel, and asluminum. The F1 can detect materials
with and without coatings, such as zinc coatings (galvanized, galvan-
neal), e-coating, and paint, It is a portable and user-friendly device
capable of producing images of spot welds' internal structures. In ad-
dition to welding images, this device detects cracks and inclusions, lack
of fusion, and estimates the nugget dismeter, shape, orientation, and

quip to evaluate welding quality. The equipment displays images
and graphs from wave transmission lo measure the size and thickness
of the weld to judge its quality.

3.3, Methedology

For this research to yield high-quality components and achieve op-
timal results in model design, the dataset used to build the model is
paramount. Accurate research results and maximum maodeling values
depend on proper data collection and preparation procedures, Further-
more, selecting the appropriate algorithm, model tuning, and employing
data analysis tools, as well as methods for developing the model to be
maost efficient, are critical. Fig. 4 fllustrates a flow chart with all the
details of this research process.

1) Data source

Data is colleered from two sources: experimental settings and actual
production line data. The experimental data, obtained from spot weld-
Ing on defined work pieces, resulted in a dataset of 450 peints under the
setting parameters of current and weld time. Meanwhile, the actual pro-
duction fine data was collected, totaling 120 points. The experimental
datasets will be used to create the:model, while the real data from the
production line will be utilized to enhance the madel for actual deploy-
ment in the production line. The next step involves the RSW process,
where data from both sources will undergo the same procedures,

2) RSW process

This process starts with the robot receiving a command from the PLC
to weld at the specified pesition. After completing the welding process,
we have written a program in Python, using Jupyter Notebook, to read
the RUI file and check the completeness of the weld data to determine if
the process is complete, as standard programs cannot read this file type.
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3) Data extraction

After extracting the necessary information, such as the date and time
the process starts, voltage, current, voltage factor, current factor, and
time spent in the welding process, these values are calculated. Subse-
quently, the voltage, current, and resistance values are plotted against
the time spent in the welding process. The resulting graphs are used as
one of the parameters in the dataset to build the model.

Twtaset Combiation
Elesriten (Experiniest ~ Prodrotion Dai)
Raten e BIW for

Re-Ton Moeddl 1
Coafin Eesit

ic procedure overview.

4) UT measurement and labeling

0.5 percent of the welding work will involve using a UT machine to
measure the size of the welding spots in the front/rear loors, According
to the company's standards, there are specific nugget size specifications
for the front/rear floors, which will be used to classify welding quallty
into three levels, From this step, the p ion line data set d
welds that met all three levels at a]l 120 points. However, while the




182

N, Charenmee, N. Phothd, K. Chiarnieprasart e ol

experimental data set totaled 450 points, only 410 welds were found to
meet the criteria.

5) Data preparing

In this step, we rake a total of 410 datasets, and randomly divide
them into two sets, The first set consists of 70% (274 datasers) used
for building machine learning models, while the second set, comprising
3 (136 datasets), bs used to validate the model as unseen data,

6} Machine learmning model

The model dataset (274 datasets) was randomly divided into two
parts, with 80% of the dataset used for training the model and 20%
used for testing the model's accuracy. The best model was then selected
from five different algorithms: ANN, CNN, LSTM, RFC, and XGBoost,
considering conditions to prevent model overfitting.

71 Modeling tuning

The best moedel is used to make predictions with unseen data (136
datasets), ensuring that the model's accuracy is no less than 90%. IF the
accuracy falls below this threshold, the process will revert to the data
preparation step to randomly redistribute all the 410 datasets. This is
necessary due to the limited dataset available for model building. The
same dataset must be reused, allowing for random reallocation to find
the best model from the optimal dataset division. Feature engineering
(FE} techniques are employed to enhance model efficiency by reduc-
ing less important features or parameters using feature impertance (F1)
seore, ensuring that the model's aceuracy is not less than the most re-
cent value obtained. This process continues until the best final medel is
achieved, ready to be deployed in real situations, such as the production
lime.

8) Deployment and update

From this step, the model is developed daily based on real data. First,
we will test the model using 12 datasets from the production line in one
day. All 12 datasets undergo the same data preparation process as the ex-
perimental datasets mentioned above. These datasets are used to make
predictions and record the results for follow-up data collection. The 12
datasets are then combined with the previous 274 train datasets, creat-
ing a total of 286 datasets, which are re-trained to allow the model to
learn, This process continues for 10 days, resulting in 120 datasets from
the production line, a total of 394 datasets. The final data is recorded,

and the results are summarized.

3.3.1. Database analysis

The BIW process involves assembling the main parts to form a mono-
coque, including the dash compartment, Aoor panel carrier system, rear
compartment, roof, and lefi-right side frames using the RSW method.
In this article, we have collected information from a model TA pickup
truck. The connection points of interest are between the front com-
partment {dash compartment welded assembly with floor panel carrier
system) and the rear compartment. Both compartments, when welded
together, are referred o as the “frontdeear floor”. These points are erit-
ical for zafety as they support the entire weight of the cabin and the
vehicle's drivetrain. After completing the welding process, the next step
is to randomly select cars from the total produced each day. On av-
crage, the factory preduces over 400 monocoques per day in the BIW
process, Tweo car bodies are randomly selected each day for UT inspec-
tlon to measure the weld nugget size. The remaining car bodies are sent
directly to the painting process, If the UT inspection reveals that the
nugget size does not meet the factory standards, the chassis is zent to a
i before returning to nor-
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Fig. 5. Step in the BIW process.

mal production for the painting process. Fig. 5 shows the steps within
the BIW process.

3.3.2. Dataset

The obtained data must undergo several steps before it can be uti-
lized. Starting from extracting raw data from WT, we select relevant
data, such as removing constant values and irrelevant text that cannot
be converted to usable numbers, The data is then organized into sets
or groups with similar properties according to the specified structure
ot class, which will be used to train the algorithm to create a model.
A high-quality dataset is valuable to bath the data provider and the user.
Therefore, we will facus on the method of obtaining the initial data first.
As mentioned above, there are two groups of data sources: from experi-
ments and production processes involving RSW b two workpi
of HSS-type (high tensile steel) metal. Each steel plate is 0.7 mm thick
{with a tolerance of -0.02 mm) and eoated with galvanization. This steel
type withstands a tensile force of 270 MPa. The details and sources are
discussed in the next section below.

3.3.2.1. Experlment dataset  In the present era, technology has devel
oped significantly to make work more efficient and reduce errors. The
robatic RSW methods are a prime example of this advancement. It has
heen modernized to minimize mistakes and is extensively used in critical
areas concerning structure and user safety, Processes are designed with
precision and high standards, However, no system is perfect; over time,
the deterioration of machinery or the properties of the material itself can
affect welding quality. When mistakes occur, they can cause significant
damage, especially in crucial parts or positions. Therefore, identifying
problems before they escalate to the next process and promptly solv-
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Table 1
Classification levels definition,
Class leve! Weld quality  Level condition Tiatalen
Tralning  Unseen
Classs 0 Satisty Mugget size = 3.5 mm 163 |l
Class 1 Fxpulsion Mugget size > 3.5 mm & Expulsion as 2
Clags 2 Cold weld Nugget size < 3.5 mm &7 33
560 0 o o [ o 3.3.3. Fault types
&40 o o o a o Weld quality guarantees the integrity and overall characteristics
ﬁ : 5 : : g of the welding assembly during production. Maintaining high-qual
2 5 oh o 8 i welds is crucial to ensure the reliability and safety of the welded struc-
&0 1 d 1 1 1 a 0 ture or component. There are eight types of weld quality: satisfactory
F a0 1 n 1 T £ T o (meets engineering requirements), undersized (dimension less than sat-
= = 1 1 1 1 1 1: 3 isfactory), discrepant (below undersized), edze (weld located bevond
£ wo i i 1 1 1 i T trim edge), missing (weld not present as specified), off location (weld
T 0 1 z = & £ 1 ,."; nat within a 10 mm radius of the specified location), expulsion (splatter
R ik 1 1 1 " i 3 ¥ i
P 3 i £ : = i st the spot paint). ) ) ) )
i o i i 1 3 | For our study, we will focus on four weld quality categories: satis-
a0 a 0 1 1 1 factory, undersized, discrepant, and expulsion. These will be classified
380 a [ o 1 1 1 | into three levels using machine learning. The details for each level are
380 0 [i] o o 1 i L as follows:
340 0 0 ] ¥ L a 1] Level 0: sﬂﬁﬂfy
& R ¥ ! & # A This level deseribes welding quality that meets the engineering prin-
Currant (kA)

Fig. 6. REW parameters setting using lobe curve technigque,

ing them is essential and should be a primary focus. RSW mistakes are
rare, resulting in almost no data. Therefore, it is necessary to conduer an
experiment. The parameters affecting welding quality are the welding
current and time. We designed the experiment to adjust both parame-
ters, which can be set at WT before welding. We used the Lobe curve
principle techniques [36] to define the range of settings, consisting of 75
parameter pairs as shown in Fig. 6, to be used for further model training.
In the Lobe curve, a value of 1 indicates the parameter is used, while 0
meeans it i5 not. The red color of 1 indicates that, although the parame-
ter pair is used, no weld nugget is formed between the workpieces due
to insufficient current and weld time. The experimental setup included
150 specimens, each measuring 75x150x0.7 mm, cut from raw mate-
rials used in building real vehicles. Three spok welds were performed
on each specimen, spaced 20 mm apart, resulting in raw data collec-
tion of 450 spot welds (150 specimens x 3 spot welds). However, 40
failed welds went undetected by UT, leaving 410 datasels for machine
learning.

3.3.2.2 Production dataset The number of welding points on the
front/rear floor totals nearly 90, with an equal number on each side,
In this article, we will focus on the Jefi-hand side, as both sides have
identical welding requirements and are welded in the same positions,
i.e., symmetrically, Of the total welding points on both sides, 17 are
on 2 workpieces, and 27 are on 3 workpieces. For the scope of this re-
search, we will only consider the welding points on 2 workpieces. A total
of 8 RSW welding robots (4 per side) are used to weld all the points,
with each robat responsible fordifferent positions and numbers of weld-
ing points, This research specifically studies and extracts data from the
fourth welding robot, an RK model, which performs 17 welding points
(including 13 on 2 workpieces and 4 on 3 ‘workpieces) on the left-hand
side. In designing the welding points, allowances have been made for
critical and additional welding points, Therefore, we will focus on the
6 critical welding points on 2 workpieces out of the 13 handled by the
faurth welding robot. Data from the BIW process for the front/rear floor
parts were collected daily over ten days (2 cars/day), totaling 120 spot
welds (20 cars x 6 weld spots per car), all of which met the criteria
sccording to the UT method,

ciples and requirements of this factory, specifically requiring a nugget
size greater than 3.5 mm.
Level 1: Expulsion

This level includes the expansion of molten material between the
electrode tip faces, where excessive expulsion is undesirable. The nugget
size: remains within standard, specifically greater than 3.5 mm, with
scattered welding flakes present.

Level 2: Cold weld

This last level combines two types of weld quality: undersized and
discrepant, bath of which indicate a weld size requirement of less than
3.5 mm nugget size,

After establishing the criteria, we will apply these standards to clas-
sify datasets obtained from both experimental setups and the production
line into categories based on welding quality levels, as illustrated in Ta-
ble 1. Fig. 7 displays the C-sean areas obtained from the UT for all theee
welding quality classes. These C-scan images are generated from the col-
lected nent data, highlighting different reglons of fusion within
the weld. The green areas indicate reglons where proper fusion has oc-
curred, while the red areas represent regions with no fusion. This visual
representation helps in distinguishing between satisfactory welds, ex-
pulsion, and cold welds,

3.3.4. Feature extraction

In the data exported from an RSW robot, we can extract data from
the WT in RUT format and convert it to a CSV file using Pythan. Af-
ter conversion, we selected the required data, including the datetime
of the process start, voltage (V), gurrent (1), energy during RSW (BEn-
ergy), heat during RSW (BPmax) and time spent in the welding process
[Weldtime). Additionally, values include the current factor (Ifactar) and
voltage factor (Vfactor) obtained from the MF inverter, along with cal-
culated parameters like heat walue, Using a voltage and current values,
we gan calculate resistance according to Ohm's Law, which states that
115 direetly proportional to V and inversely proportional to resistance
(R). The relationship between V, I, and R is expressed in Equation (11.

vV

k== (1)

During RSW welding, Joule's first law illustrates the relationship be-
tween the heat produced and the flowing electric current through a
conductor, Here, Q represents the amount of heat, and T represents time,
&5 shown in Equation (2}.
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Fig. 8. Graph of voltage, current, and resistance during welding,
Tahle 2 which excludes the high value at the last point on the graph (Fig. 8). The
Parameser differences analysls (95% CI). WT records data from the secondary circuit using embedded voltage and
Ho, Mammeter  Pvalue Significant current sensors, capturing values every millisecond for heat and energy
1 Bwes 0273932 No caleulations in ti\e. weld timer, Accul'du’g m_.loule‘s_ First law, heat an.d
n Weldlime 0004022 Yes energy are essential for nugget formation: insufficient heat results in
it K1 0.2239%1. _ No weal joints, while excessive heat can cause defects such as over-fusion.
L" &'::‘ ﬁnlmt ?: These parameters dre critical inputs for the machine learning model,
ViR o Yes which uses them to predict weld quality based on calculated heat inpur,
enhancing predictive accuracy in determining the likelihood of produc-
ing a quality weld.
Q=1RT @

The total energy (E) consumed during resistance spot welding is cal-
culated by integrating the product of V and I over the welding time
(t), as expressed in Equation (3). This calculation differs from BEnergy,

.
E=[an!cfm‘: {3
L
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The valtage, current, and resistance values were plotted against the
time spent in the welding process, From the obtained graph, shown in
Fig. 8, various statistics were calculated to serve as parameters in the
dataset used to build the model, These parameters include the mean of
the first 5 milliseconds, the mean of the last 5 milliseconds, the maxi-
mum value after the first 5 milliseconds, the minimum value after the
first 5 seconds, the overall average, the total sum, and the final value of
the graph. One dataset chtained from the WT corvesponds to one connec-
tion point on the front/rear floor, There are 31 parameters in total, but
which parameters can be used to build the model? Although every pa-
rameter is refated to the RSW process, it is necessary to test and analyze
the relationship between the independent variable and the dependent
variable. The method we use is one-way ANOVA, Here, variables are
groups of datasets classified into levels, and the dependent variables are
all 31 parameters that were collected. In the process of testing, we will
formulate hypotheses as follows:

Null hypothesis (Hy): The average values of the datasets at each level of
welding quality are not different,

Alternative hypothesis (H)): The average values of the datagets for each
level of welding quality are different.

We have set a significant level of 0.05 or 95% confidence interval.
The resules of analyzing the mean of cach dataser at all three levels
of weld guality with a P-value greater than 0.05 means that (H,) is
aceepted, indicating that the variances of each dataset across at least
two groups are the same and therefore will not be considered, Fig. 9
shows the results of the analysiz of the dataset for each weld quality
level in a box plot format, compared with the results of the one-way
ANOVA analysis as shown in Table 2, using 6 parameters as examples,
From a total of 31 parameters, the summary results from the analysis
found that three parameters, namely BWear, and R1. will be eliminated,
leaving a ratal of 29 parameters ro continue building the model as shown
in Table 3.

3.3.5. Artifictal newral networks

ANN were selected for their ability to Iearn intricate patterns in
data, particularly when predicting outcomes frome nonlinear relation-
ships, which are common in complex manufacturing processes like RSW,
The dataset used for training ANNs consisted of both structured (e.g.,
welding parameters, environmental conditions) and unstruetured data
(e.g., images, sensor readings), with features capturing both static prop-
erties (materdal type) and dynamic attributes {current, pressure, time).
Preprocessing included scaling and normalization to ensure that features
fed into the network were on a comparable scale, enhancing the model's
convergence during training.

Table 3
Model training dataset paraméters.

Parameser  Unit  Meaning description

B mit  Reslatance {from equation (1))
o ] RSW heal (from equation (2}}
E Me Energy {from equotion [2])
Tactor Curent factor of MF inverter
Viactor - Valtage factor of MF inverter
BEnergy I Energy using during REW
HPmax 1 Heat using during RSW
Bsplosh ms Time at hikgh peak currens
Spatter - Status *(0, 1) of BSplash
Weldtime  ms Weld rime (refer to Fig. )
[=] ki Average current fisst 5 ms
Lo ky Average currend last § ms
Ca kA Average curvent

Call ki Sum currens

il v Average valtage first 5 ms
va ¥ Avesage voltage Last 5 ms
Va v Average voltage

Vall v Sum valtage

k2 mid  Average resistance last 5 ms
Ha mgk mlemge resistance

Rall mi} Sum resistance

chigh ki High peak curment after 5 ms
Clow kA Low peak current after 5 ms
Vhigh v \loltage ut Chigh

Vi v Valtage at Clow

Rhigh mid  Resistanee at Chigh

Hiow mid  Reslatance al Clow

Clast kA Last value af current

Vlast v Last valse of voltage

*0: No high peak current (no BSplash).
1: High peak current (has BSplash),

Hyperparameter tuning involved adjusting the number of hidden lay-
ers, the number of neurons per layer, learning rates, and activation func-
tions (such as RelU in hidden layers and softmax in the output layer].
Regularization techniques like dropout and L2 regularization were ap-
plied to prevent overfitting. The baclkpropagation algorithm, along with
the Adam optimizer, was used to adjust weights, minimizing the loss
funetion iter;‘ir_lvely and improving predictive accuracy. This setup al-
lowed the ANN 1o generalize well acrogs diverse weld quality scenarios,
enhancing its robustness in prediction.

3.3.6. Comvolutional neural networks

CNM were incorporated to handle image-based and spatial data, es-
sential in analyzing surface defects or weld geometry that are indicative
of weld quality. The CNNs were configured to learn spatial hierarchies
within images using convolutional layers, which extracted feature maps
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representing weld guality attributes (e.g., scam uniformity, porosity in-
dicators). Preprocessing involved resizing, normalization, and data aug-
mentation {rotation, lipping, and scaling) to increase the variability and
robustness of the model in handling weld image inconsistencies,

Hyperparameter tuning for CNNs included adjusting flter sizes, the
number of filters per layer, learning rate, and the dropout rate to op-
tmize performance. Cross-validation and a grid search approach were
used to identify the best combinations of these parameters. Pooling lay-
ers were incorporated after each convolutional laver to reduce the fea-
ture dimensions, preventing overfitting and speeding up computation,
By leveraging parameter sharing and local connectivity in convolutional
layers, the CNNs were able to process high-dimensional image data ef-
feetively, contributing to accurate weld quality classification.

3.3.7. Long short-rerm memory

LSTM were selected to model temporal depend and trends in
sequential data, such as time-series sensor data, current, or pressure
sequences that evolve during the welding process. This model was es-
sential for capturing how past welding cycles or temporal changes affect
current quality predictions. The dataset for LSTM consisted of sequences
reflecting the chronological order of welding steps, where each sequence

element represented a timestamped value of the variables under consid-
eration. Preprocessing involved sequence padding (o standardize input
lengths and normalization to improve model convergence.

To optimize LSTM performance, hyperparameter tuning was per-
formed on parameters like the number of LSTM units, learning rate,
and dropout rate. Gate mechanisms within LSTM cells (input, forget,
and output gates) managed the information low, allowing the model
to retain or forget information as necessary, essental in preventing the
vanishing gradient problem. An Adam optimizer was employed to adjust
welghts iteratively, and LSTM depth was varied to identify an optimal
architecture capable of accurately capturing the temporal patterns erit-
ical for weld quality prediction.

3.3.8. Random forest classifier

The Random Forest Classifier (RFC) was selected for its robustness in
handling plex d with high di innality and noise, which
are common in welding process data. This ensemble model effectively
handled various feature types (categorical, numerical) present in the
dataset, from material specifications to environmental factors impact-
ing weld quality. Preprocessing involved handling missing values and
converting categorical variables using one-hot encoding, ensuring each
tree received a consistent, high-quality data input.

Hyperparameter tuning focused on the number of trees in the forest,
maximum tree depth, minimum samples per leaf, and the number of fea-
tures considered per split. A grid search method helped in identifying the
optimal parameter combinations, enhancing the model’s performance
while minimizing overfitting. The RFC aggregated predictions from mul-
tiple decision trees, providing robust and reliable classifications, partic-
ularly valuable for understanding complex feature interactions in weld
quality assessment.

3.3.9. Exireme gradient boosting classifier
Extreme Gradient Boosting (XGBoost) was selected for its efficlency
and high predictive accuracy, making it suitable for capturing complex
interactions among welding parameters and environmental factors, The
model leveraged advanced gradient boosting rechniques to iteratively
minimize prediction errors, The dataset characteristics included various
types of features, all of which were preprocessed through normalization,
ding, and feature engineering to enhance signal clarity and model
effectiveness, Feature selection played a erucial role, reducing the di-
mensionality to only the most predictive, improving bath the model's
accuracy and interpretability.
Hyperparameter tuning for XGBoost included optimizing the leamn-
ing rate, maximum tree depth, subsampling ratio, and the L1 and 1.2 reg-
ularization parameters to control overfitting. Grid and random search
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Fig. 10. Typical structure of confusion matrix.

methods were employed to fine-tune these hyperparameters. The mod-
el’s efficiency was further enhanced by tree pruning (to prevent over-
complexity} and parallel processing (to speed up training). With XG-
Bonst's adaptability and precision, the model achieved high predictive
performance, accurately identifving patterns indicative of weld quality
and significantly outperforming other models in terms of precision and
recall,

3.4. Performance metrics

Using default algorithms for modeling is generally acceptable, but
it is erucial o carefully evaluate whether their results are correct and
suitable, Each algorithm is designed to fit different types of datasets,
such as classification, regression, or clustering, each with unique char-
acteristics depending on how the data was sourced. Considerations like
data collection methods and feature selection play vital roles. Selecting
the right algorithm tailored to the dataset is the primary consideration.
However, performance alone isn’t the sole criterion, Overfitting can oc-
cur when model results seem excessively accurate training, potentially
due to the dataset’s limited diversity, causing the algorithm to leam
noise or specific dataset derails rather than general patterns, To miti-
gate this, additional datasets are often introduced to enhance machine
learning—a common practice, Another effective approach is hyperpa-
rameter tuning, which mvolves adjusting values that control model
complexity to strike balance against overfitting. Optimized parameters
can significantly improve a model's ability to generalize to new, unseen
data, thereby enhancing overall performance on a given dataset. Finding
the right ps T bination that izes performance measures
is critical for ensuring the model's reliability and practical utility, In our
study, the initial results were promising, However, due to material con-
stTAints in our experiments, acquiring additional datasets for training
wasn't feasible. Hence, we focused on adjusting parameters to optimize
model performance. Table 4 presents the adjusted parameters for each
model compared to their default settings. Whar is the best and most
suitable machine learning model? This section discusses standard per-
formance indicators used to evaluate a model's accuracy based on how
well it predicts outcomes. These indicators are used to compare algo-
rithms to select the best model, ensuring it meets standards of accuracy
and reliability. The indicators used to evaluate madels categorized into
discrete classes include accuracy, precision, recall, and F1 score. These
metrics are calculated using the values in the confusion matrix, as shown
in Fig, 10, and are used to evaluate the performance of all four indicators
a5 follows: Precision: Calculates the ratio of true positive predictions to
the total positive predictions made by the model, as shown in Equation
(4).

Precision =

TF + FP o

Recall (Sensitivity or True positive rate): Caleulares the percentage
of actual positive instances that were correctly identified as positive, as
indicated in Equation (5).

"

Recall = i

{5)
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Table 4
Hyperparameter comparison for default and tuned algorithm models,

Algorithm  Hyperparameter Default Tuned
output_size 1 1
hidden_sizes [128,64] [102%, 512, 256, 126, 64, 32,16, 8, 4]
batch size 53 a2
wpochs 10 20040

Al Ir 0.001 0.0005
drapout_rais 0 0.2
Optimbzer Adam
Criterian Crosslntrapyloss
autpul_size 1 1
batch size 31 az
epachs i 1000

L Ir 0.001 0.0001
dropout_raie 0t 01
randont_state 10 n
autput size 3 1
batch_size 32 32

L5TME epaths 10 100
random_state 42 ar
learning rate 0.001 0.0001
W _estimators 1K 12
Maox_depth 1 1
Min samples split 2 2

HF Min_samples_leaf 1 10
N_jubs I 1
Test size 0.2 0.2
Random statel o 7
Random state i 48
Muxdepth None 8
N _estimators o) -

XGB Random siatel Nome 5
Randim state2 1 96
tree_method Neme G Hist

F1 score: The harmoenic mean of precision and reeall, balancing both
metrics, as demonstrated in Equation (6).

2% (Preciston » Recall)
Precision 4 Recall
Accuracy: Caleulates the percentage of accurately predicted instances

out of the total instances, as shown in Eguation (7).

F1 score = (6}

TP + TN

—_——— [7)
TP 4+ TN + FP +FN

Accuracy =

where:

True positive (TP} = A prediction that correctly matches the actual pos-

itive outcome.

True negative (TN) = A prediction that correctly matches the actual

negative outcome.

False positive (FF) = A prediction that does not match the actual out-

come, where the prediction is positive; but the actual result is negative.

False negative (FN) = A prediction that does not match the actual out-

come, where the prediction is negative, but the actual result is positive,
The ROC (Recefver Operating Characteristic) curve will be used to

visualize the trade-off between recall and false positive rates across dif-

ferent threshold settings. This helps in understanding how ¢l the

4. Experiments and results

Modelling to predict weld quality at three levels—Satisfy (Level 0),
Expulsion {Level 1), and Cold weld {Level 2}—were created using five
different algorithms. Three models were built using machine learning
algorithms (LSTM, RF, and XGBoost), and the other two were built us-
ing deep leaming algorithms (ANN and CNN) through hyperparameter
tuning. These models were then compared. As shown in Fig, 11, the re-
sults from the five models are plotted using ROC curves along with their
respective AUC values. The ROC curves for XGBoost, LSTM, RF, and
NN all closely approach the upper left corner, indicating strong model
performance, with AUC values of 0.998, 0.990, 0.979, and 0.967, re-
spectively. The ANMN maodel, however, has a lower AUC of 0,859, The
visual comparisen of the ROC curves makes it easy to observe differ-
ences in model performance. When combined with the AUC values, it
provides a clearer understanding of each model’s effectiveness. How-
ever, determining the best model is challenging, as two models—LSTM
and XGBoost—yielded almost equal results. Therefore, it is necessary to

dditional perl metrics, as shown in Table 5.

From the information in Table =, it is evident that while models us-

ing default hyperparameters yield good results, there is still room for

K

decision threshold affects made] performance. Different models can be
compared, with the ROC curve closer to the upper leff corner indicating
berter medel performance, By comparing the ROC eurves of multple
models, we can determine which model performs best under different
criteria but with same dataset. Conversely, a model with a curve closer to
the 45-degree diagenal (random chance line) shows poor performance,
Additionally, we can caleulate the AUC {(Area Under the Curve), a sin-
gle scalar value summarizing the model's overall performance, Higher
AUC values indicate better model performance, making it a particularly
useful metric for comparing models.

P it through hyperp. ter tuning. Using default hyperpa-
rameters does not entirely prevent overfitting. For instance, the default
XGBoost medel has a training accuracy (Train ACC) of 100%, but its test-
ing accuracy (Test ACC) drops to 81.8%. Similarly, the default RF model
has a Train ACC of 77.2% and & Test ACC of only 63.6%. Despite the
high AUC-ROC scores of both models, which are aver 0.9 and nearly on
par with LSTM and CNN, they still manage to protect themselves from
overfitting, much like the ANN model, which has the smallest AUC-ROC
score, After proper hyperparameter tuning, XGBoost demonstrated the
best overall performance, with a Train ACC of 99.5% and a Test ACC
of 96.4%. The sccond-best model was the ANN, which, after tuning,
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Receiver Operaling Characteristic (ROC) Curve
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Fig. 11. ROC and AUC-ROC analysis comparison for fve algorithm models.
Table 5

Performanee metrics eomparison berween five algorithm models,

Made| Type Precision Recall F1-score Train ACC Test ACC Unseen ACC
ANN Defiault T3 7273 FrI3 276 7273 7206
Tunel CB.17 an.o1 apel 91.55 8955 o111
P Default 6908 AROG Bh05 T260 6.9 [EL
i Tuneel 94.52 92.73 9338 92.73 92.73 9273
LSTM Default B1.30 76306 T6.90 84.02 80,88 7636
Tumed 5250 2273 Ry w817 w73 9265
AF Drefault 55.84 (R 57.68 A7 63.64 75.00
Tuned LR FUR ap.a1 BH, 76 0.1 5942
xG8 Default B5.81 B4.02 B4.45 1400.00 B1.82 9265
Tuned 9333 9B.15 a5.34 .54 6,36 95.5%

achieved a Train ACC of 98.6% and a Test ACC of 92.7%. This perfor-
mance was closely followed by the LSTM model, which had Train ACC
and Test ACC values of 98.2% and 92.7%, respectively. The RF madel
also showed significant improvement, with Train ACC and Test ACC
values of 93.6% and 92.7%, The CNN model, while still effective, had
the lowest performance among the tuned models, with a Train ACC of
97.3% and a Test ACC of 89.1%,

However, we are not complefely satisfied with just considering the
owverall performance. We prioritize avoiding under-killed predictions
over over-killed ones, This means we will not aceept predictions that
incorrectly classify a poor-quality weld as a2 good one, but we can tol-
erate predictions that correctly classify a good-quality weld as poor.
Specifically, in our case, it is unacceptable if the model predicts a cold
weld (Level 2} as satisfactory (Level 0). We will examine this further
through the confusion matrix analysis of each model’s predictions on
unseen data, as shown in Fig. 12,

All models were able to predict the Expulsion (Level 1) class from
unseen datasets with 100% accuracy. For the Satisfy (Level 0) class, all

maodels similarly misclassified some datasets as Cold weld (Level 2), but
none misclassified them as Expulsion (Level 1). As mentioned, we can
tolerate over-killed predictions, especially when the error rate is below
7%, though ideally, it should be zero. Our primary focus is on avoiding
under-killed predictions for Cold weld (Level 2). Amang all the models,
XGBoost made only one incorrect prediction out of 33 unseen datasets,
achieving a prediction accuracy (Prediction ACC) of 95.6%.

In our evaluation of machine learning models for weld quality pre-
diction, ing under-killed predictions here poor-quality welds
are classified ag satisfactory—was our priority, while we tolerated over-
killed predictions, where good-guality welds might be flagged as poor,
This approach ensures the structural integrity of the final product by
preventing faulty welds from being misclassified as acceptable. Below,
we present a comparative analysis of the models tested, focusing on their
ability to predict Cold welds (Level 2), which are critical for quality as-
surance,

ANN performed reasonably well across most classes but faced chal-
lenges in maintaining high specificity for Cold weld predictions. While
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Fig. 12, (a) ANN confusion matrix, (b) CNIN confusion matrix, (e} LSTM confusion matrix, (d) BF confusion matrix, (e) XGBeost confusion matrix.
the ANN architecture effectively captured general patterns in the data, cantly reduced errors in edge cases where other models struggled. Addi-
it lacked the capacity to focus on minority classes, which led to oe- tionally, XGRoost's capacity to dynamically capture feature interactions
casional under-killed predictions. This model’s limitations underscore enabled it to identify complex dependencies berween welding param-
the difficulty in using general-purpose neural networks for highly spe- cters, which proved crucial for accurate predictions. With an overall
cialized tasks invelving imbalanced classes. The CNN, although highly accuracy of 95.6% and only one misclassified Cold weld prediction out
effective in tasks requiring spatial pattern recognition, was less suceess- of 33 unseen samples, XGBoost's robustness makes it an ideal choice for
ful here. Since the dataset lacks spatial correlations typical in image or critical quality prediction tasks in manufacturing.
signal data, CNN's convolutional layers could not caprure the specifie, XGBoost's superior results suggest that boosted tree algorithms are
non-spatial relationships berween features essential for weld quality pre- well-suited for quality prediction tasks where data is imbalanced and
diction. As a result, CNN struggled with classification accuracy for Cold under-killed ervors have significant quality implications, Its ability to
welds, a limitation inherent to its architecture when applied to non- adjust feature importance dynamically and handle interactions between
image-based, tabular datasets, wvariables makes it particularly effective for welding datasets where weld
Similarly, the LSTM netwark, which is traditionally used for sequen- quality depends on intricate interdependencies between parameters.
tial or time-series data, was less effective in this context. The LSTM's Furthermore, XGBoost's built-in regularization mitigates overfitting, an
temporal dependency modeling did not align with the statie nature of advantage for deployment in real-world production where unseen data
weld quality data, which docs not follow a sequential pattern. Conse- might differ from the training set. This robustness underscores s suit-
quently, the LSTM could not capture the nuanced, inter-feature depen- ability for high-stakes prediction tasks in manufacturing contexts.
dencies required for differentiating weld quality levels, leading to higher The choice of models for this study, including XGBoost, RFC, ANN,
error rates in critical classifications CNM, and LSTM, aimed to explore a diverse range of architectures, Mod-
The RFC showed strong overall performance due to its cnsemble ap- els like XGBoost and RFC were selected for thelr proven effectiveness
proach, which captures feature interactions effectively, However, RFC's with structured, tabular data, while ANN offered a lexible, non-linear
relisnce on decision tree splits made it challenging to accurately pre- modeling approach. CNN and LSTM, despite their high performance in
dict less common but essential Cold weld classes. Despite its stability image and sequential data tasks, were tested to assess whether their ar-
and robust performance for general elassification, RFC did not handle chitectures eould eaprure the nuanced feature relationships needed for
the imbalanced class distribution as effectively, resulting in occasional weld guality prediction. However, as the data did not possess spatial or
under-killed errors. temporal characteristics, CNN and LSTM faced limitations, highlighting
XGBoost, on the other hand, achieved the highest aveuracy, espe- the importance of model alignment with dataset structure.
cially excelling in identifying Cold weld (Level 2) cases with minimal In summary, XGBoost’s capacity to minimize under-killed predic-
under-killed errors. This model’s superior performance can be attributed tions emphasizes its adaptability and effectiveness in complex prediction
to several factors, First, XGBoost's iterative boosting process emphasizes tasks involving imbalanced classes. This finding supports the adoption
misclassified examples, effectively addressing the cdass imbalance in- of boosted tree algorithms in scenarios where high-stakes, imbalanced
herent in weld quality data. By focusing computational resources on predictions are common, such as weld quality assessments in manue-
difficult-to-predict cases through successive iterations, XGBoost signifi- facturing. The results from CNN and LSTM, meanwhile, underline the
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Table &

Comparative analysis of XGBoost model betore and after Fl-score feature elimination.
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Mo, of Features  Precision  Mecall  FlScore  Train ACC Test ACC Unseen ACC  Prediction Thme {ms)
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w0 90,908 9722 93288 99543 94.545 94118 33
17 96,256 99074 97570 O5.087 GE.1E2 97.059 1
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i Fig. 14. XGBoost confusion matrix after reducing features.
ea model’s performance and execution time before and after feature reduc-
. tion. The experiment revealed that reducing the number of features did
not always vield optimal results, Howewver, using the reduced Fl-score
2.00 method, the XGBoost model with 17 features achieved the best perfor-
1E5 801 C',‘:: EEREFRO0ELEEA0LBR0E7E mance, resulting in a higher accuracy of 97.1% on the unseen dataset,
37 0T = g £k g &2 58 an improvement over the original model. Although this method did not
i o teduce under-killed predictions, it successfully reduced over-killed pre-

Fig. 13. Typical structure of confusion matrix.

eritical need for models that closely mateh the data’s structure, Fulure
work could explore further tailored ensemble methods and feature en-
glneering approaches specific o weld quality o continue enhancing
predictive accuracy in this domain.

In our evaluation, the XGBoost model emerged as the optimal choice
for deployment in the production process. The processing speed of this
model is critical, especially in the automotive manufacturing industry,
where efficiency is paramount. Aceording to the company’s operational
data, each welding point requires a minimum of 5 seconds, including a 2
second interval for the robat to mowve from cne welding point to the next,
Specifically, the welding process for the front/rear floor involves almost
50 welding points, necessitating that the entire procedure be completed
in around 450 seconds.

Ta ensure that the model can predict welding quality without causing
delays in the production process, it is imperative that it achieves an ac-
curacy rate exceeding 90% and completes predictions within the robot’s
2 second movement interval, Currently, the XGBoost model’s prediction
time stands at 38 milliseconds. However, to provide a buffer for other
potential delays, we aim to reduce this processing time further, To this
end, we employed the Fl-seore to identify and eliminate features that
contribute minimally to the madel’s decisions. The Fl-score quantifies
the relative importance of each feature, with a cumulative total score
of 1, We began by removing the feature with the-lowest Fl-score, pro-
ceeding one by one. Fig. 13 shows the impact of feature reduction on
the model’s performance.

The initial fearure set of 31 was reduced in stages: first, a redundant
feature was removed, resulting in 29 features; then, festures with zero
importance scores, as determined by XGBoost, were eliminated, leav-
ing 20 features. Finally, a brute-force approach tested subsets down to
15 features, but retaining 17 features ultimately yielded the best madel
performance. Table & presents a comparative analysis of the XGBoost

dictions from 7% to 4%, as shown in Fig. 14, The primary purpose of
this feature reduction was to decrease the model's prediction time, and
with 17 features, the XGBoost model’s prediction time was reduced o
33 milliseconds,

Sensitvity analysis revealed that critical features such as weld cur-
vent, weld voltage and weld dme had the highest impact on predictions,
while secondary features such as sheet thiekness contributed less sig-
nificantly. This underscores the importance of accurate sensor data for
key parameters in maintaining model performance. Validation tech-
nlques, including the use of confusion matrices and testing on unseen
production data, demonstrated the robustness and generalizability of
the models. The XGBoust model achieved an accuracy of 97.1% on un-
seen data, confirming its reliability for industrial deployment. Moreover,
performance testing under varied conditions, such as sensor nolse and
reduced feature sets, highlighted the XGBoost model's resilience, main-
taining high accuracy even with moderate input variations.

To validate the robustness and applicability of the model in a real-
world production setting, we deployed it on the production line from
2023 to 2024, During this period, data from over 100,000 vehicles were
caprured, with each vehicle involving 8 welding spots monitored by two
robots using the machine learning model to predict weld quality in total
over 800,000 spot welds in real-time.

The deployment revealed the model's ability to detect cold weld
issues with high accuracy. Specifically, 247 vehicles with cold weld de-
feets were identified. These defects would likely have gone unnoticed
under traditional random inspection methods, which lack the compre-
hensive coverage offered by real-time predictive modeling. By identify-
ing these issues early in the process, the model also reduced the like-
lihood of downstream failures, allowing the production line to address
defects proactively and avoid further complications. This demonstrates
the effectiveness of the model in enhancing weld quality assurance and
reducing production risks.

If we evaluate the potential benefits of applying the model devel-
oped in this research to the actual production process, particularly in
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welding quality inspection at this company, significant improvements
can be expected. Currently, the quality inspection of car body welds us-
ing UTs reqguires 4 operators per shift (2 shifts per day]). Implementing
machine learning could reduce this number to 2 operators per shift, as
the remaining operators would only need to review predictions flagged
by the model as Expulsion (Level 1) or Cold weld (Level 2), rather than
checking every welding point, including those that are likely to be Sat-
isfy (Level 0.

Moreover, the current method relies on random inspections for Level
0 and Level 2 welds, which may allow some welding errors in the BIW
to slip through to the paint section. In contrast, using the prediction
model would enable inspection of every car body, as the model predicts
welding quality during the process, If a defect is detected, corrective
actions can be taken immediately before the RSW robot welds the next
point, Rough caleulations suggest that reducing the number of operators
would lead to considerable cost savings. Additionally, the costs associ-
ated with calibrating the UTs could be reduced, as the current process
involves 4 UTs.

After the welding process, each car body typically requires 2 ap-
erators per shift to inspect for Level 2 defects and polish the surface
before painting, particularly to remove any spatter around the welds
(Expulsion). However, with the implementation of this real-time weld
quality prediction model, maintenance technicians can more effectively
adjust the welding current or conditions and clean the body surface at
the welding location during the BIW process. This proactive approach
reduces the occurrence of expulsions, thereby allowing the number of
operators needed for inspection and polishing per shift to be reduced
from 2 to 1.

5. Conclusion

This study demonstrates the significant potential of various machine
learning and deep learning models in aceurately predicting the quality
of RSW outcomes, categorized as Satisfy (Level 0], Expulsion (Level 1),
and Cold Weld (Level 2). The raw data used to build the predictive model
was extracted from the WT of the RSW robot. Basic statistical methods
were applied, relating pressure, current, and resistance (derived from
calculations) to welding time to create the features necessary for the
maodel. Additionally, heat and energy were calculated using parameters
from the WT, resulting in a total of 31 features. We confirmed that all
features were useful for model building, ensuring that no irrelevant data
would influence the machine learning process. This allowed us to elim-
inate features that were not significantly related to the classification
data, reducing the feature set to 29 for model training. We employed
different algorithms to compare the results using both default hyper-
parameters and tuned hyperparameters, including ANN, CNN, LSTM,
RF, and XGBoost. Among these, the modified XGBoost model outper-
formed the others. By evaluating AUC ROC, Train ACC, Test ACC, and
confusion matrices—particularly focusing on under-killed predictions as
a selection criterion. The XGBoost model achieved a Prediction ACC of
55.6% on unseen data. Further refinement through feature elimination,
reducing the feature set to 17, improved prediction speed from 38 mil-
liseconds to 33 milliseconds and increased the model’s Prediction ACC
to 97.06% while reducing the over-killed rate.

These findings highlight the transformative potential of machine
learning techniques in enhaneing the quality control of RSW, particu-
larly in real-time production environments. The models” high accuracy
suggests a significant opportunity to reduce defects and improve overall
manufacturing efficiency and product quality, especially in critical in-
dustries like automaotive manufacturing. The ability to provide reliable,
real-time predictions opens the door for automated quality control sys-
tems that can proactively intervene during production, preventing de-
fects and leading to substantial cost savings and operational efficiencies,
Future research will aim to refine these models further, improving their
predictive accuracy and exploring their integration with other indus-
trial data sources and control systems. This study not only demonstrates
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the feasibility of advanced machine learning for predicting REW quality
but also paves the way for future innovations that could revolutionize
data-driven quality control in manufacturing technology currently used
by the factory.

Future advancements in machine learning models will enable Al not
only to prediet defects bul also to diagnose rool causes of quality is-
sues, identifying subtle patterns in historical and real-time sensor data
to prevent defects before they occur. Self-learning systems will evolve,
adapting continuously to changing production conditions and materi-
als, enhancing early detection of quality issues. Additionally, real-time
defect detection through edge computing will enable immediate ad-
Justments on the production floor, bypassing cloud latency. Predictive
maintenance using digital twins will monitor welding equipment health,
predicting wear and malfunctions to reduce downtime and optimize
process quality, Future enhancements include incorporating additional
parameters like electrode wear, electrode gap, and applied welding
force, ensemble learning, hyperparameter tuning, domain adaptation,
and model interpretability technigues, as well as integrating predictive
models with real-time feedback systems to create a closed-loop quality
assurance process. However, there are p ial challenges in real-world
deployment:

Scalability and Real-Time Processing: The XGBoost model outper-
formed other algorithms due to its ability to handle complex feature
interactions and mitigate overfitting, especially with a reduced feature
set of 17. Unlike deep learning models such as CNN and LSTM, which
Tequire extensive computational resources and large datasets for opti-
mal performance, XGBoost effectively leveraged the structured tabular
data and handled noise and missing values efficiently. Its high accuracy
and faster inference times (33 ms per prediction) made it particularly
well-suited for real-time production environments.

Dealing with Sensor Noise and Data Quality: Sensor data in auto-
mative manufacturing environments can be noisy, incomplete, or in-
consistent due to equipment malfunctions or environmental factors, po-
tentially degrading model performance. Although XGBoost can handle
missing data, excessive noise or data gaps could affect prediction accu-
racy. To address this, real-time data filtering or additional preprocessing
would be essential for improving model robustness,

Adaptability to Changing Conditions: Over time, the welding pro-
cess may vary due to factors like electrode wear or aging equipment.
Statie models like XGBoost may struggle to adjust without regular re-
training. To maintain accuracy, frequent model retraining or an online
learning system could be implemented. Techniques like transfer learn-
ing could also help the model adapt to changes in production processes
or equipment conditions, Addressing these challenges will be crucial for
advancing the adoption of machine learning in quality control for RSW,
ensuring the models are both accurate and resilient in dynamic produc-
tion environments.

Key Contributions: The study demonstrates the effective application
of various machine learning models, particularly XGBoost, for predict-
ing weld quality, improving upon traditional RSW inspection methods.
Predictive models provide real-stime insights, allowing for continuous
monitoring of weld guality, thus reducing the reliance on random post-
production inspections and enhancing quality control in real-time. The
integration of predictive analytics into the RSW process shows potential
for reducing production costs, improving product quality, and increas-
ing efficiency across automotive production lines,

Future Worl:: Future research should foeus on integrating loT-enabled
sensors for real-time data collection, providing a constant flow of high-
quality data to enhance defect detection accuracy. Developing inter-
pretable machine learning models will help engineers identify factors in-
fluencing weld quality and enable informed process adjustments, More-
over, incorporating edge computing architectures will ensure the scala-
Bility of predictive models for high-velume production lines, maintain-
ing real-time performance without slowing manufacturing operations.
Finally, embedding continuous learning algorithms will allow the mod-
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els to adapt to dynamic production conditions, such as electrode wear
and material variations, ensuring long-term reliability.
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