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Abstract

This research investigates the feasibility of designing and developing Digital Twin
technology based on PLCnext technology, focusing on applications in automated
manufacturing. The research was divided into two phases, with Phase 1 emphasizing the study
and testing of communication protocols between physical devices and digital models, and
Phase 2 developing analytical and predictive capabilities using neural networks. The study
found that the MQTT protocol demonstrates high efficiency in transmitting data from PLCnext
devices to loT platforms, while WebSocket is suitable for real-time data retrieval from
platforms to Unity. The development of a hybrid CNN-LSTM neural network model provided
more accurate manufacturing parameter predictions than single models, achieving mAP50
score of 63.8% compared to 57.2% for LSTM and 51.9% for CNN models. The factors most
influencing process temperature were rotational speed (55%), torque (22%), and tool wear
(15%). This study demonstrates that Digital Twin technology is an effective tool for improving

manufacturing processes and predictive maintenance in Industry 4.0 environments.
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2) ﬁmuw%u’umauﬂ'ﬁ?ia%’azgamr] PLC TU&3 Thingsboard
3) ﬁmuw%u’umaumﬁﬁﬁau”amﬂ Thingsboard TUgs Unity
4) epnLUUMIUARINaLUUREalnTlu Unity
1.5.4 WAIUIITUU
1) Saruazlusunsy PLC Lﬁaswsamasdqsﬁauﬂamu Node Red
2) #ae Node Red Tﬁmmmﬁﬁayjagfh Thingsboard
3) s Thingsboard Lite¥uuazdmfiudayanin PLC
4) a%19lusunsu Tu Unity wasidousiaiu Thingsboard
155 wadaunuudIaasuasusulguily
1) naaunsdslayasEning PLC wag Thingsboard lagldluslaaea MQTT way HTTP
2) vA@eUNsANayaaIn Thingsboard lUga Unity lagldlusinaea HTTP uag
WebSocket
3) ATIVNANINAARULATUTUUTITEUUANUAIINABINTT
1.6 WAUNITANTUNIT
fanssunan oy HIUknvay
1. Fnwdgmuazendfeiifietes uasiuvesuses | na. - d.. Uszdneg Indunziu
3555UI
2. ﬁﬂmﬂsz?ﬁm%mwmaqLLUUﬁwaaqﬂzgﬁgmizﬁwﬁﬁ n.8. - W.E. Uszdng Inkuuzau

wangauiuulsEanee 9 lugpavnssusnluda
wazUszenalduiuluuTassuedasodnsiailou

LW IUDY

AZINYINITANTAUNA

UNINYINYYTN
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fanssuman \Aau HIUknvay
3. WgUlUsuN UL WAIUIMIAULUUSEUUAUNA | 5.A. - 1.0 Uszdny Inunzau

) [y v

WadmSugnannssudnludAaunsoeuse

)

LASBIININILNTNBALLATBITNILEL DU LAY LAY

~ d' Y Ao & ° I3
Nﬂ'ﬁL%@Nﬁ]@sﬂaiﬂaW"ﬂqLﬂu NAFDUNIININU LATLNU

URHG

4. Wwnsginanndoyafinnunnld vhmsuiuse | we. Uszdny Iniunzay
M3deusevionisuaniUdsudeyamunin

REIREH

5. Weuunanuideuasifiaiunaaide WA, Usgdny Indungeiu
6. asUnawazyinseuatuauysal i.g Uszdny Inunzauy

1.7 Us2lewinaininazlasu

nsEnw A IanazlasuUselavinatl

1) awnsaiinUsgavsninlunmsdearsuuuitealnilussuudulnsda

2) anAEvIalunsdeyauaziiuaaiestunisaeans

3) inmuEsalunsnsgeukasvnuedamnenaindulussuy

4 Heanmlieuaziiuanuasadelunisaniuvnulugeamnisuszuudnlulf

! a a a o 1Y o av 1o &
5 fredindszdnsamlunisdanisminensuazannisagydeilaidndy
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2 ngufuazlasansiieglved

aa a v
2.1 VIE]‘UA:]VlLﬂfJ??JEN

aa o

211 LLwaaiuqﬂamnsiumiwﬁﬂ (Digital Twin in Manufacturing)

edD_ eD.

wlaRdviailuesdusznavdfgyuesruneaulugnamnssy 4.0 wazldsumnuiieuegig

o

fdddgyluanimiindengaavngsy Tao wazAne (2019) liiausukuiuiaseuAguansunIs
guiandvialuldluniseenuuundndmel nsudn wazn1sliuinig wanwwansliiuinlung

aleuasnsawnudunindasalawuusvalng Tngiugfsnnudfyuesnisindioudnedayasening

fa % v

aUnsalRINanazaUnTalnIanNIuN 1IN Lu wazAmue (2020) taAn1nsIulieanvaanIsnandasey

9 9

o [

Juindeusegulnafdvia Tudsuuudiassddeiidussuuiarsenisanuinmelunsideiidd

P =b.

winwlddnszianunnevesguiafdvaluanimwindeunisndnegradussuvuarssynis
Usggndldiivarnnanslunaisgnanvnssy muvesmnuandifuiissuu qudnfdiadesysan
mawaluladeing o egusuiuluvasidesinnistuiigmimanaiauazesdns msiamnaiaalu
walulaggulafdvialdsiudeyaduweiuuuiSealniiuwuudiaesrouiiames Fuller wasauy
(2020) I3 nsfigelidoyanisdidunuamsasuinauuuitassegseiios il guda
Advaannsnivlawasimunlundentunesdunisnenm 33nstudladymnadsavures
wuusiaes FuAatudodnunaiioudes 9 unndtsandautsznounenienimiesainnis
Wasuulasmesanmindessensanvsevesdiuusznounuung

Y

Zheng uazAuy (2021) l9d151uiANURIALHARTIALTIAUAR (Cognitive Digital Twin)

'
=

FasmanuanansasuiygussAvgiiteligulnddaasnsaiseusuazuiufandeyailesu
MATevemnnuansliiuingurnfdadinnuAnansatislunsindulandudeutaruulse
nsvUrunINaRlFpe1eiiUsEaT AT AnudAuetduraRdialun sHankuuSaludRglasy
nsfudiulag Deng wavamy (2021) FsldAnuiTanisvosiunueiasdaioslugnavnssy
AEC-FM (an1ilnenssy dmnssu msneadns uazmsdansassiuieamnuazain) wanuandliiii
Tgudaiivaduduneudoluluitaunnisvesmsadrsuuudiassdeyanians (BIM) uazanunin

ldldieusuusiniseaniuy Mineadne waen1sUssnye1ns

2.1.2 lasevrgdszamiigudiniunisvitungaynsuianlun1sudn (Neural Networks for
Time Series Prediction in Manufacturing)
waiansiieudidenlduanaunliuivaulslunsairsuvudiassnszuiunisgnavingsy
wazn1sviwglssansninvesgunsallueuinn Zhang wavaue (2019) lewmwnisnislwilagldnis
Soufidainifiormuneigmisldauiiviesgvessruy Bildaninenssinieteusvamidiudy

guiloszywwiltuludoyaduwes vuvasmniuansliidiiuiinsiueresnInfliauwug)

AZINYINITANTAUNA wﬁmmé’ayjaww
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1nnIASsadAunsgiu lnglemzdmiuszuuidudeuiiisuuuunsidenannuuuliiFady
Zhao wazAuz (2019) levihmsiiasisvietsaziBenisrdunsussgndldnisisousidednlunis
ATIFUALINYDAATEIINT MnldnTeseuannenssueTetisussamiiioyiiuandsiunay
Usgansnmluaninuwindeunisuanang o euidevesniniuandiiuinaiednsUsvamiiey
wuueoulagdu (CNNs) waziedetneusyamifisuuuudioundy (RNNs) aunsndudeyaiadeiufinay
Banaandeyaduweivateiinls Jstisuivgmsnsaduteunnsesuaznsinneengnisly
U

Makridakis kagagug (2022) louSeuifisuisn1smeadn n1sseusvean3od kagn1siseus

a = o @ w L3 = N

WDIANFINSUNISANANITA! WININUINLaNTSS8usT9anianudiensnalun1sausuwuuNguday

Y v Y

Tudayaeunsuian lnganizegvgaiutayanisinevsuigauauysaiuazanuduiusuuuldigadu

Y 9

14 =

dudou MsfnwmateTudalaguduinmalian1sisuusi¥edn wWu CNNs wagiA3aY1e Long Short-

Term Memory (LSTMs) a13150a293usUiuundudaulafinitisnsuuunsduiasusudilaanii

AaN15UA sukUaslusEUUNISHER N1SNUNIUVBININWULUEIT1ITNMSTeus 1@ naunsafs

AasdnwazNngItedaudnludflaglidosanuilulawmuinieens mlvlinuadmsussuuns

'
a =

NARTITULDUNIN

2.1.3  aanteenssulaudn CNN-LSTM (Hybrid CNN-LSTM Architecture)
ANTNANNATY CNNs hag LSTMs Tun1sesnkuukuunauas1anududalunisasng

LUUTI809817U Tnganiziilannanvaeagaiuiwasdananiianudidy I8nsuuurauwmaniily

¥

Uselegindefngavasunazniseaniuy: CNNs Werwglunisfsnasnuasidsiuinndeys

£ o v

o Tuaagdl LSTMs @eamglunisauniindayaaisulasunansznuainiiaiegnels aauu

Y
$% ¥

winliisnaseuagulun1sgnszuIuMSHanN FudousluliAg i uAkazL¥e381 Muthukumar

uag Philip (2022) levene3smsuuunauillagasauuudiaawan CNN-LSTM Wuuni1siseusiaedn

° Y] v a A ' o ¢ Y & = o a o o
ﬁ']ﬁiUﬂ?iUi%iﬂm@’]Qﬂ']ﬂfl]ﬂ']umLW@@@E‘JJ NaaWﬁGUENW'JﬂLGU']LLﬁ@ﬂIWLWUﬂQﬂ"Iiﬂi‘UUEQ ﬁ']ﬂfyf[,u

Y @ 1A

A0NUNITUNTNITNINI MBI TN DSNTULDU TILAAILAIAUINITNITHUUNFNIBLALUTEENT AN

o w

YasuuuTaninsvhugluaninuindeunsianedeidedrfy 1uve wInLERSRLiLINNSlY
A159DNLUUN LANANAULALN &I DINUMAIT S IUAUAINITOFS 19NV UN 8T bl U Az T D o Le
11ANINNNS Y19 LABE1NLUNEIDE1WAYT IUITEVDI Liu bazAy (2021) Lﬁmﬁ’U@jLLNma%ﬁavLé’f

d15unAn walulad wagnsussgndldlugaaivnssy wanwndugrud Ayvesnatinnig

a

—

gu3LeEN WU CNNs wag LSTMs Tunisufuugemnuanunsalunisinseiiagnsiuievesssuy

ALHAAIYEA
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2.1.4 TUslapeanisdieasdmiuszuuaulafdfia (Communication Protocols for Digital

Twin Systems)

aa v

lslareanisdeansilussduseneundidgvesszuuaula@dva tnedunumdiAglunis

Y]

g11eAMNAEAINtUNTLANUABUTaLATENI1NRUATIININEN LA EALEN DUAT T AV ININLYN

Wukkadada tazane (2018) lewlSeuiisuldsiaaea HTTP wag MQTT TuuSunvussdumesiinues

a

a550&9 (IoT) WAINKWINUI1 MQTT TUseanSanmilonin HTTP Tuwduadni1siawuunInswagmany

a1t ilimungdwmiumsdeasuuuisealndlussuuguiafdvia Tugisusnensideveas sl

aa v

Ussiliudsgdnsnmuesluslamea MQTT, HTTP waz WebSocket Tun13aeA1aulafdsia nanis
Aunuvasandliiiuil MQTT dauanditdesnin HTTP egsddudrdadodsdoyaluds
wnanWesy loT waz WebSocket uanstolaiuiouianioemile HTTP lunisfadeyasinunanlesy

loT ludaa3aseun Unity 3D nadnsinafiaonndoanuauideues Wukkadada wazamg wagdudu

Y]

ANNINEANYB MQTT way WebSocket dmdumsdoansuuuiSealnsilussuuguilaiavia
2.2 ungas (Related Works)

221 szuuf uHaA v adInsuUNITHAne aad 8y (Digital Twin Systems for Smart
Manufacturing)
Hu wagany (2019) laauseuueulnafdviauuaranddmiumndngansesinglduinsgu

MTConnect lassnisiiuanslimiiuinnislélusinneanisdearsuinsgruiiodousogunsainisnin

a £y a

19 9 Aussuududnfdviaies Hrliaunsonmsgeusuuisvalnduasnsunsesnw sl

aa o o

nsldruvesannanslivivinguladdvaausaunluldluaninuindend uileUsuuse

UsgdnBnnniskanuazAuuielioraa3esing Moyne uazany (2020) laimuinsaunuausn

v A

AviandunGeumEANReIN1T Wneysduniveimuakaslenadmiunsthlulyd suvesmwanaili

wwansluniseenuuuuazldiuguiafidvianneuauewanURBINISANILYBIRRAIMNTIUNTHEN

winauenseununansauulmd iudenvuaangedwiazgnann sy vilinsldaug

U

¥
aa v a

LNARYNAN

a a =

ANUEAvEULALIUTEANTAMUNTY Raza WagAny (2020) WfLauaﬂiammﬁjLLNmaﬁﬁa

[

dmiuvgramnssu 4.0 NYelviianisuangadaly winwiesureingudaddiaaiunsaylelunis

(%

sndulanvuisvalnduaznisusunszuiunsndagdmsulsinudaaseglaegnels wanwdugis

v v

AanudAyveInsysaNsinaluladauladdviaduimalulagdu 9 1y loT, Big Data uaz Al Lile

#51958UUNIHARNIUSEAE N LA EavgusN T

AZINYINITANTAUNA wﬁmmé’ayjaww
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222 M13UszEnaltnIsiseusideaniussuuguiafdnia (Application of Deep Learning to
Digital Twin Systems)
Lu wagansy (2020) laAnwinsysannismetianisseusidiniussuugulnfdviadmsunig

aa o

WAmSIa3EY TNLELBLUIAnvBguIaRdTaTduIAsudeya Filideyafusesuasmaiianis
BoufiBsdniieUiulinnuusiugwenisdassuazmsvinung wanwuandliifiuinmsysanns
ANANISEUBENTUGUHARITAUTOUTUUTINTATINADUNTLUIUNNT NTATUANANAIN UaY
nsUngeshedeihnelaegreliiedfy Zhang wazan (2019) lalaweidnsiseudidednd msu
A15vu1Be18 0151 91Ul InA 0eg 18358 U (Remaining Useful Life: RUL) wantunld Waiu
aninonssuaierisUszamifiendsdniiannsadoudnadnvuriinetesandoyadusesias
vhurgengnmisldnudivdoeslfegausiugt suvesminvuansliiiuinmaiseusidednausa

USuugsanuuiugvensungssnvndsinnelaeg 1eiiveddey Fuller wazanz (2020) ladnw
walulagnyglvilingudaddsia auvimie Laviufiseidaning W’JﬂL‘U’]LUUEﬂﬂQﬂ?W@Jﬁ’]ﬂm%@Q

= v a a a Y oa = ) ° ' aa o
nssgusveATRdLazATianIsiTouiddnlun1sUTuUTIANasa USRI AUNARTYA
WINIMUI1 CNNs waz LSTMs Wuwadianiiussansaind miunsesiafugiuuuwaznisvinnglu

Y

STUUALHAATYA

2.2.3 nflsl,ﬁuﬂszﬁw'ﬁmwquﬂﬁmaémswamé]’w@;umaﬁﬁa (Optimization of Manufacturing
Parameters Using Digital Twin)
msusumsfimesliiminzaulunmsnandunislumsussgndldiddnues guiniiia
Madni waganiy (2019) ldAnwnsldinaluladaudnadvialuimnssuszuuiituegiuuuushass wan
wauensauuiildgudafda ousulinisesnuuunaznsduiunuvesssuuiidudould
wnzanfign wanandlidiuii quilaAifaanunsorieliimnsdmaiuiioonuuuiiniduuay
szumﬁ?«-ﬁwwwﬁma%ﬁmmsauﬁqmﬁm%’uLﬂmmaﬁﬁmuﬂ Leonardo wagAng (2020) Lawmun
Tuwaguiaddviadmiunisuszdfiudunseainnmsyulunasis wnnldidugesuazmaianis
Soufveandesiieanauuiasuaiouvesanmadeunisieaiisuazsinnemnuidssainnisey
FEnIeALIUKargUnsal TuveIInuansliiui AulnAdaaunsaUsuUsinulasndely
anufvhaulFegedifoddylnensseyuasdostiusunsiefionniniu Deng uazame (2021) 18
Anw1ITauin1svesiiunueIn1sdaaseglugnamnssy AEC-FM 210 BIM Tdaudafdia winwn
wandliininaudafdviaaiunsatissulienisesnwuy n1sneadne wazn1suiesnwensle

2819151A8N199190ILALNAADUNITAIANNIS RN BSNWANAINUNBUNsUN lUTHR3 9
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224 nsursesdnendanensallasldqueafdsia (Predictive Maintenance Using Digital
Twin)

nsv15asnwnd wviuneiduni dunsuszgndld i didy i anvesa wdad dsialunisudn
Muthukumar wag Philip (2022) leaunlsuinanau CNN-LSTM d1wsunisyiuneengnnsldaud

widsegvesgunsal winwuansbiiiuitaardnenssuuvunauaiunsaUsuueauudugilunis

o o A v

munelaegsidedrfaliofisuivaalnenssunen Cattaneo wag Macchi (2019) laAnwnaslae

Y

aa v )

WAAITad 1T unN1sUnTesnw g eviunslugnainnssunsean wiInwauensaunun livaya

Y

HuwesuaznAan1siouiveua3 oaiieviuIgANa A0 UNTAILaZI U UAINTITUNIS

aa o

thgsdnwldegiamngan wanwuandliiiuinnsiigednundsiunediduindouse ulnfdva
annsnanalielunsiissnvnasiinanamiouldsnvesgunsalliegedifoddy Tuamuide
Y091 ingafunisiilineanan CNN-LSTM iileriunnuusiuglunsviungnwgfnssuvesgunsal
meldnisisAmaimesfiunndnatu dogadannsalddmiunisausunstdnvidaiung

Hglvimanidganisaamnisiineinenntluganuaumaivesgunsnl
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3 Asn1sanduIUlATINIG

3.1 aadnenssussuy
nsiasrUUAkHnfItalunuidessesi 2 dladevenainsvesd 1 lneywtdunisuiy
AUANNNTALUNNTIATIZNWALINUNEAEIATIINEUS TSN @a1UReNSTUYRITEUUUSENaUAIY

IAUTENBUNAN 3 dIU AILARILUNINGA 1

Client Layer
Visual updates
— Parameter optimization feedback
3D Visualization Unity Client |========-= .:
Parameters control N :
i
Server Layer Parameter adjustments Prediction results 9 :
Sensor data
Data Processing | « Real World
Pipeline patatranster | FastAPI| Server .
_— » machine
Control signals
~
prediction

Neural Network Models Layer

A A A

LSTM CNN

Y

CNN-LSTM

Al 1 annUnenssussuuguenmavia
spuuguraRdvaifinmadoureduiedosdngais (Real World machine) sdsdoyaiauigos
(Sensor data) g5z UUHIU FastAPI Server Tu Server Layer Tayadsgnuszananauaziinsizilay
TlsmalaseneUszamidionludu Neural Network Models Layer ﬁauﬁmaé’wé%gﬂdﬂmmmma
VLLUUR1a89 3D Visualization Tusu Client Layer ﬁﬂﬁsﬂ%’mummma@muamummm%ﬁm

waLlASUNITHILADUAT TN BT WU HUAE L ARAULES 8

3.1.1 %guqﬂnmjmqmﬂmw (Physical Device Layer)
Tududuszneusegunsaimamenmitldlunisudn 1dun PLCnext AXC F 2152 wasiduies
s 9 lflumaiudoyamsifimesnisndn 1wu
o Wuweiingamgll (Temperature Sensors) dmsuingaumaiionniAuaznmginssuInns
o WuwesInAUEINIIMYU (Rotational Speed Sensors)
o Wuwesiaussda (Torque Sensors)

o STUUARAIUNTANUTOVDILATEND (Tool Wear Monitoring System)

AZINYINITANTAUNA wﬁwmé’ayjaww
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gunsalinanivimdhiiusiusindeyasig o 91nN139ureRAIesdnsiuaIas

3.1.2 %gumiaiamsl,tazmiffﬂﬂ'ﬁ"ﬁ'aga (Communication and Data Management Layer)
FuilsuAnsevlunisdedayaangunsainanienwlugsssuudafvuasssaanadaya
Usznausig
o lUslamea MQTT dmsunisdetoyaann PLCnext tUE Thingsboard
e Node-RED dmiunsUszananadoyail ssdunaznisainagaudnuuzifinfy (Feature
Engineering)
e Thingsboard yiwthiliduunasess loT dmudafiv wansa uazdnnistoya
o lUslnmaa WebSocket dwmsunisiadayadn Thingsboard Mg Unity
%uﬁgﬂaaﬂLLUUI@EJ@”NSQ%ﬂwamﬁ%’ﬂuswsﬁ 1 finudn MQTT wag WebSocket fUszansam

gelunmsdanaziadeyaniuanu

3.1.3  uUNISIATIZRLAZN15YINUNY (Analytics and Prediction Layer)
g A a ! A o a £ d‘ 1% o 1 =
Fuiliduduniauniadulussesn 2 UssneumeuuuiaedassieUssamiiiey 3 suuuy
e WUUT1A83 CNN dmsun1sdusunuuidanunvesnsilines
o WUUTIARY LSTM dmisun1sdusuuuuidananvesmsniines
o WUUT1A0dlauIA CNN-LSTM MNANKEUANELTOVDIVIAADIUUUTIADY
wuudnaennailasunisilnasusieyataya Aldl 2020 Predictive Maintenance Dataset hay

gnltlunsiunengiinssuvesgunsalnnglanisisrmsilinesnuansineiu

314 %’ummamwamzﬂﬁé’uﬁué (Visualization and Interaction Layer)
Fuiuinseulunsuanmauuuhassguiladdtauasnslineuiugld Usenoudne
e Unity Wuedosilomunuuudians 3 ffuazdrufindedld
. dunAnNALUY 3 TATlansEn Uz YegUnTRiLaTNANSYINLNY
o wemUANEMTUUTUINTEIWETHNG 9 uLazgradnswuuEaln
o NITUWAAIHALTITLATIEY WU WU ANAIAYIINITITNOT AT AIUFURUT TENTI

s

WELD3
FuimaeliuiRouansdnaasdilanuduiusserimnniveimninuaznanseny
AauszdnSnnuavaunmvesgunsal
anndnenssussuumuiiosuiededuldsuniseenuuulvfianudangu voredaled uay
anunsausuldluanadeunsudniivainuaisld mautsszuveendudusng q Paeldaranan

W kazUSuugssazdiulaognadase lnulinsenusiadiudu q

AZINYINITANTAUNA wﬁmmé’ayjaww
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3.2 miluavasdoya

' 1% (%
v A o [ v @

nsrUIUNISIvavestayalussuuauKARITa NI LT Tun o U NASl

3.2.1 msfiusiusaadaya (Data Collection)

N3EUIUNSAUTIUTITRYAENAUIINEUEEIHT 9 IRadaiugUnIainenienInyiinisin

]

a I

LaziiuTIuTINdeyansdwesnisieu loun gumgliennia, gaumgdnszuiunis, Anusinis

U
¥ <

iy, w3edn, wavnsdnrsevesaTesile MnUudeyadnduigesgnaaluds PLCnext AXC F 2152
Favimtidusdiauaundn wazlinisidisiadeyaluguuuy JSON iamsendmsun1saaniy

A58

3.22 msa'e‘fj'agaLLazmSUi:maNaLﬁmé\'u (Data Transmission and Pre-processing)
PLCnext 14TUslnnea MQTT itedsdoyalus Node-RED deanuilunisdsdoya 10 ass
#e3uil Node-RED vhnsUssananatoyaidowiu 1wy nisnsesdeyafiiaundviolignses nisasa
AndNwAIzIisAY (Feature Engineering) 1 Msmuiadnsinisiasuntasesgmail, snsid
sgninssdanazainusinnyy wagnsinguuuudeyalimngaud wiunisdaiuuaznig

A9 MntudayaiitunsUszinanalessiugnadsludnnuluunannesy Thingsboard

3.23 n1371ATEYLazN1sYUIeA 18uUUTIaalaTIv1eUsEaINLi ey (Analysis and
Prediction)

n15 Unity 191UsTmAoa WebSocket 1iofsdayaain Thingsboard wuuisealmsl deyagn
wasliegluguuuuivnzaudmiuiuuiiassusazussian dwsu CNN deyagndsleglusunse
(24, 5, 1) dmfu LSTM Yeyagninlvieglusuresdinu (sequence) A111813 24 timesteps Wax
du¥u CNN-LSTM Fagagnanlifeglusunssiiimangaudmiuia CNN uag LSTM

a

WUUTIA099TeaIU (CNN, LSTM, waz CNN-LSTM) vin19vunenisndwmesn1snide 1wy aamadl

Y

[y

nszuuns wazanulululdvesanuduman wagnan1svihweanwuuiaeisaugniiun Ny

Tneldwmaila Ensemble wialilanadnsiwaug gy

3.24 mﬁLLaﬂ\‘maLLazﬂﬁﬁuﬁuﬁ‘ﬁ’U@{f (Visualization and User Interaction)
NSHANTSYINUNENTNULARINANILLUUTIABY 3 TFlY Unity lagdinsuudmsiiwesiiniu
MIUARIHATIANNZAN WU samTikanedainiidu (Hu) Gues (Fow) AnusINTRLULEnIeY
N13nUYRUEINlULUUTIABY 3 1A WIITALARIAIEAINTNUBILAINTBVUIN UALNITANNTOVEY
a4 A v a PN v 9 a s 1 <
\ATesialanEn sUABULUATIURY ke lda1unsausunisdlinessns 9 duLRIAIUALLAZITIY

nan1siUAvuLUasuUEBaln kaza N satu nnISAIAINIT ISR ¢ LaslUSuuLigUNaaWS?

5]
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3.25 nsdumnuazuiuusmuudnaes (Model Update and Improvement)
mMsszuwhmsiusunadeyalnisgseiilesannsvihauvesgunsal wuudaedldsu
nstinaoudniulsyirseteyalmidlésy eusuueruuwiuglunmshue uagszuuldzuns
UfudgsedsaidomumansUssiiuuasdoiausuurangld Tnenssuiunisivavestoyailizunis
panwuulivhauwuuisealng glidufiRnuausansivaeukasysumnimesianiui siuds
Wiunansenuiionafadududsednsnnuazavninvesgunaal nisléluslareantsdeasi
UszAnSamga 1wy MQTT waz WebSocket aelvnisdauazistoyaidulvegresing daduda

a
dAydmTuszuuAuaRITiaNfaIn1INIRoUaNedlUIaNTRT

v

3.3 Yaveya

Y

nsAnwilldyeadaya Alal 2020 Predictive Maintenance Dataset Fafugadoyafidarinty
deldlunsiannuuiaesdmivnmstigsdnuidmeinsallugnamnssunisude yadeyadidu
nsdassdeyansvianuveaaiosdnslumenisuaniiuszneulumeindeslansedn taseadiiinay
1A30sgu uazyievhAnaLiy

[ % v

3.31 ANYUSVDIYAUBYA

[V
4 v a

YavuaLa Aldl 2020 Predictive Maintenance Dataset Usgnaunlgdayansdu 10,000 faaga

9 Y

[

Tneusiazsagnsusenousenadnune (features) fsil
1. Aadnuueiiugiu
o UID: sWalanzesusaziaiosing (1-9)
o Product ID: siandnsiaus (L, M, H Iae L = Low, M = Medium, H = High)
o Type: UssLamveaia3osdng (L, M, H 1ag L = Low, M = Medium, H = High)
2. W15TRasN1YIna
o Air temperature [K]: gaugiiennialumiieiaaiy (¥ 295.3 - 304.5 K)
o Process temperature [K]: guviveanszuiun1siumiieimaiu (139 305.7 - 313.8
K)
o Rotational speed [rpm]: a3ut5 150y ulunuesousaundl (33 1168 - 2886
rpm)
o Torque [Nm]: usedalumiigtafiulumns (129 3.8 - 76.6 Nm)
o Tool wear [min}: ansldnurenaiesiiouannisudsuadsaan lumiounii
(134 0 - 253 W9A)
3. Andnwazidming

L 1 dy ¥ a ¥ a 1
o Target: AUIVAINUNULURAN (0= lmummammm, 1 = UAINUANLNAT)

AZINYINITANTAUNA wﬁmmé’ayjaww
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o Failure Type: USLLNNVYBIAIIUA ULNAD (None, Heat Dissipation Failure, Power

Failure, Overstrain Failure, Tool Wear Failure, Random Failures)

332 msinneideyaiUasdu

1 '
A ¥ A

rouflazideyalulflumsiamuuudiass slsvhmsengidoyadosiuiieianutile
anwazuazAuaudRvetoya
1. N1snsEeimvesleya
o guwgiiannid finsnszareduuuund lasfiaedsd 3000 K wazdrudsauy

19551 2.0 K

295 305

® lagNansu1annI v
a I (Y a 0 N d' 1
o PUNHUNTIZUIUNIT 1015038978 uUUUNA lnedaeden 310.0 K wagddy

Lﬁmmummygm 15K

o Tpgiansanainnsin 200 314

o AWMU dn1snszaredandun lugas 1168 - 2886 rpm

| N

o lagansunanngan e 2886
a IS 0 a ISP a a ! t% t:l'
o wssla dn1snszareduunuulnd lasdanadei 40.2 Nm LASATNTYZIUN 39.5

Nm

o lagansaunannsu 2 76.6

o NISANNSIVRNATDIND In1snTEefMLUUALLENDlUYI9 0 - 253 U7

o lagWarsauannsi © 253
2. enuduTusTEnianEnwe

o NuANENTUSBUINeE T d A ST I NEAUMATINTZUIUNITUAZAIIISIN TN
(r=0.87)

AZINYINITANTAUNA wﬁwmé’ayjaww
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a

o WuAMHANTUSIUINULNaeTEnI S Idauaz R insEUIUNTS (r = 0.62)

o wummduiusideauidntosseninanisdnnseveaiaieaeuazyszdnsainnng
Wi (r = -0.28)

3. anuliaugavestoya

o deyauanmnuliaunasgrsnnluiudsidmaneg Tneflidies 3.5% vesteyadiila
Target = 1 (HAuauan)

o luduuteyaiifiaiwduma Ussianmnudumadfinusniian fe Tool Wear
Failure (42% 83A71I4MaRTTaMun) 5898978 Heat Dissipation Failure (28%)

ey Power Failure (17%)

3.3.3  manssudayadmiuwuuinges
dielidayaunzaudmiunmslilusuuaedessneussaiion isldhnsedeudoyadel
1. msdansariimely (Missing values) nsaaaeuuasnwuiilsifiiimellugndeoya
2. mmﬂae%’agjm%aqmmw (Categorical variables) 14inafla One-hot encoding uuas

Toyaanainn 1w Product ID waz Type Wudauwusvu (dummy variables)
3. mauusdaya uwsteyasenifu 3 dau lngldnisduuuuntadu (stratified sampling) Lile
Snwndndruvesdoyaiifimnudumarluusiasy
o yadayadmiulngau (Training set) 70% (7,000 f10819)
o Yadayadmiunsiageu (Validation set) 15% (1,500 639e19)
o Yatayadmiunagau (Test set) 15% (1,500 f10e14)
4. n15USUIUIa (Scaling) 1% Min-Max Scaling Lﬁaﬂ%’uﬁm’mﬁma%ﬁgwmiﬁagimm [0, 1]
Tneldrsinanuazgaananaadaystindeurintu etlostunisialvavesdaya
5. mmfﬂ%ﬂmulﬁﬁuqa%aﬁaga T¥waila Synthetic Minority Over-sampling Technique
(SMOTE) ieasadeyaufianislunguiiiiduoutes (feyafiflmnudumar) wwzluyadoya
Anaouwiiu lsidadiussnindeyaitlifienuduimandetoyaiidarudumaniu 4.1

[

6. N1385719 Sequences @MFUKUUTIABY LSTM wag CNN-LSTM dayagndnguuwuulnailu

sequences NHANLYN 24 timesteps Tngldinaila sliding window Niinstauiiu (overlap)

50%

33.4  anuieatesiunsuszgndldlulanass

YAYAUBYA Aldl 2020 Predictive Maintenance Dataset gnesnuuusnividdnwuglndiaes
fudeyannaninuindennisnanais dalanuiAsadestunsussgndlilulssnugramnssusyuy
Salusid wisdwesluyndoya 1wy gamgll Anudinsmyu wazussln Wumsdwesfiialsaidlu

NITUIUNSHANSNLLLR wavyatayansounguUssnvasUavaINnuUaslugnaInnIsunig

AZINYINITANTAUNA wﬁmmé’ayjaww
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Wan Fergliuuudnaeseanaunsavinelymneafsdulavainvangsuwuu anuldaunaves

syaluyadoyatiazviounudusialugaaivnssy esanluaninuindounisndnaie Ay

9 Y

e

v

d' o o sl v v A a o ° a I & v P
allLW@'JGU'ENLﬂi@\‘iﬂﬂiilﬂLﬂULWﬂﬂqimWWUlﬂu@HLN@LV]EJ‘Uﬂ'Uﬂ']iV]'N']u‘UﬂW @EJ'NIiﬂG]'nJ qu“uaiyjauu

Y o w [

Jodinursuszmsiiseanieba wu deyalidnvauzdunmsdiaesnnnindeyainnisviaiuess lud

Y

d‘ U 1 dl 1

Ty UL IIANNWAITIsENINIg oy ausarsl waglidvayafenfiuusunnisyiniey wu

Y Y

[ a [

YAV AANAFINES UToaulunIsincuan a1 wivzivediaand 151laRaulIsn1sN

q

¥

ansaussyndldiudeyassdlugnamnssulalueuiag neyatduinisiuensifiwesdfay

Y

=

9auMIiNTEUINNTT FalanuduiuslagnseiuanudumaIUseny Heat Dissipation Failure

3.4 ﬂﬂq{]ﬁﬂﬂiiuLLUU’\nﬂ@\i
TuuAdeszesn 2 4 w1 laRaukuuInaealassieUssaniien 3 wuu eSaurieu
Usgdniamlumsvihnnegmsiimesnisuds lagudazuuudiassgnesniuuaiiedusuwuudeyad

LANMIAY

3.4.1 WUUI1A9 LSTM
WUU188¢ Long Short-Term Memory (LSTM) gnasnukuutiiedusukuuanuduiusiganan
1% a s a o ° d'
(temporal patterns) TudayasunsutiavemisinesnImNEn lATeasaveuuudIaes LSTM s
v = a . dy
Wadeazidenaadl
« Yudayaid (Input Layer) Sudaya sequence AIHENT 24 timesteps lagusas timestep
il 5 features (@auuQiaINTA, PUUYNNTTUIUNTT, AMILTINTILY, wiede, uasn1sdnwse
A A
YDIATDIND)
e WU LSTM 9 1 Usznouade LSTM units 97U 128 units WS auAy Dropout 20% Lii®
Unsiunns overfitting
e YU LSTM % 2 Usznausme LSTM units 31434 64 units W3auiu Dropout 20%
o FYugau (Dense Layer) 7 1 Usenausie 32 neurons WiauHeAdy activation Wuu RelLU
e Jusgau (Dense Layer) 9 2 Us¥naunig 16 neurons WianieAtu activation wuu ReLU
« Yudayavan (Output Layer) Usenaumie neurons MUIILIUNITITABTNRBINTINUNY

o o

ddyd a
(LUﬂiﬂJUﬂ@ 1 @NASURUMANNTEUIUNTST)

9 Y
(2

WUt dnisdinesiaimisausule (trainable parameters) ManuaUszaun 138,257

N151TL9105

AZINYINITANTAUNA wﬁmmé’ayjaww
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3.4.2

LUUD1889 CNN

LUUd1884 Convolutional Neural Network (CNN) gnaaniuudiitadusuiuuauduiusis

& A . ! a ¢ 1 v ° a )
WUN (spat|al pattems) FEWTINWNINULABIAN 9 Iﬂi\‘iai'NSUENLL‘U‘U"U'Wa@Q CNN "1 sl Uy

a

v
v A

NUAZLDYARIL

Yudayaidi (Input Layer) Suteyasunse (24, 5, 1) Ing 24 Ap91uu timesteps, 5 A8

Y

[

U3 features, haz 1 ADIIUIUYDIFYE 1 (channels)

#u Convolutional i 1 Usznaudae 32 filters vuna 3x3 n¥oudlafdy activation wuy
RelLU

%u MaxPooling #i 114 pool size 2x2 Lioanuunvasioya

#u Convolutional #i 2 Usznaudae 64 filters vum 3x3 wieuefdy activation wuy
RelLU

% MaxPooling 7 2 19 pool size 2x2

W Flatten wastoyavanefdbidunnees 1 46

Jugau (Dense Layer) #i 1 Usznausie 64 neurons wieuslsddy activation wuy RelU
ag Dropout 25%

Fugou (Dense Layer) 7 2 Usznaudie 32 neurons wiouilaidu activation wuu RelU
Fudiayanen (Output Layer) Usznaudae neurons aMudtuaumsfinosiiFesnsiung

(QunsdliiAe 1)

wUUIaRalIniwesia usaUs Ul anuaUsEun 83,329 W1s1Tmes

343

LUUINAD9Lausa CNN-LSTM

wuudnaedlausa CNN-LSTM gneanuuudiiienaunauaduaunsalunsdugiuuuidaiui

Y83 CNN UazALa 1115 lunIsIuukuudaIalves LSTM wWinieiu lassasnavasiuudnassd

a o &
FNY[SLRYANIU

Fudoyaid (Input Layer) fudoyagunss (24, 5, 1)

41 Convolutional #i 1 Usznaudae 32 filters vura 3x1 n¥oudlafdu activation wuu
RelLU

#1u Convolutional #i 2 Usznaudie 64 filters vunm 3x1 n¥oudlafdu activation wuy
RelLU

%u Reshape U§usussdayalianzautumsdoudi LSTM

¥ LSTM 7 1 Usznausae LSTM units $1uau 128 units wiey return_sequences=True
#u LSTM 4 2 Usznouse LSTM units §1uau 64 units

4u Dropout 148751 Dropout 20%

AZINYINITANTAUNA wﬁmmé’ayjaww
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. %udou (Dense Layer) i 1 Usznause 32 neurons wiauileidu activation wuu ReLU

. %gu%'ayjaaan (Output Layer) Usznausig neurons AU Ui simesfigenisinung
Aunsdliiae 1)

LUl imesfianunsausuldimunUssana 173,217 wsiwmed

a

3.5 nszuunsHndauuasnsusuUsedsEansnw

(%
1Y [

NSYUIUNSHNADULUUINADIIE UL TUADUA T

=De

3.5.1 msnssudaya

[ o

nswsendayasusustenisuusdeyaseniu 3 diu fie yadeyadmsuiinaeu (Training

9 Y

) [

set) 70%, Yndayadmiunsivaau (Validation set) 15% uagyadoyadmiunageau (Test set) 15%
91n1ld Min-Max Scaling iitousumn e fiavmnalieglurag [0, 1) amgns: X scaled = (X -
X_min) / (X_max - X_min) wazd@ M3 ukuua1ass LSTM uag CNN-LSTM 98y ag nudaaily

sequences AINNYNT 24 timesteps Tneldnaia sliding window

3.52 nsHnsauwuUTIRes

dfunuuaesiaauzuuy wldwsdwesnisiinaoudsl

o dana3fiun1suTunisfiinas (Optimizer) Adam optimizer sgns1N19138US (learning
rate) (56U 0.001

o HWeidudadranugeds (Loss function) Mean Squared Error (MSE)

e FWIUIBUMIHNEDU (Epochs) 100 epochs

. vunyateyadwiunsiinaeuudazads (Batch size) 32

o NIvEAfaun1vun (Early stopping) wqﬂmi‘ﬂﬂaamﬁam validation loss lianasinsoiu
Hunnan 10 epochs Tneduiinlunafisien validation loss fiigald

. n13andasINaiFeug (Learning rate reduction) andnsin1sisuiansiay 50% iedn

validation loss luanas@nsetudunan 5 epochs

3.53  nsuiudsedszansnaw

Weindszansameesuusians wildldmadasg q feil

1. myvfugulaweiniiiwes (Hyperparameter tuning) lngldinaila Grid Search Wiem
Alaesnfimesimmzaniign nnassuuAmndmessne 9 1wy $1um units Tu LSTM
layers, 31u7u filters Tu Convolutional layers, 87151 Dropout, YU Batch size, Uagdnsn1siseus
Sudy

2. maviindeya (Data augmentation) dmsuyateyaiifimaliauna Ingldinadnnisidi

F e IUTUNIULUUNALG B (Gaussian noise) N1526U 0.01-0.05, N15aduLIan (Time warping) lag

AZINYINITANTAUNA wﬁmmé’ayjaww
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nsEavisenadayatuLnuLIa, wazn1sideud (Magnitude warping) Tnenisusurwinvesdayaaily
UYL

uen9ni 151dlinsdrelounisiFeus (Transfer Leaming) lngldlunaiifinasunudiain
Touagnamnssuiiadnendati uazyiing fine-tuning LuYATeLARNIZYRAT Testasanaiinadey
waziinUszansnmvetuusiass wasldinadna Stacking lunssiumanisiuieaInkuLs Ao
andndeiu Tneld meta-learer 1y Gradient Boosting Regressor tilavenansinmidniisnya
ANFUNTNENNANITYITUIBINLARZULUUTNADY

a 4

3.6 ATZUIUNITANTIAINTELADS

a v N ! Y s 1

WananendnvesnuideiAen1sdelil U] uaanuainnsodsannudunus sening
W15180mesN1NANAe 9 laegralivsedniainuazidnladeiiunsldssuuguiafaidia Tnely
I ludemaaauuuATeInIIsITIealindsdlasaAldinegs NszUIUMIETIINITimeNe

WALTUUTZNOUMBTUADUAN & ATl

3.6.1  nsAngauwUUTIARIANEFULUY
fupouusnifeatestumsfinaouuuudasdassineussamifisnisanusuuuy (CNN, LSTM uag
wuuleuia CNN-LSTM) uugateyamsaidunulusinveaniesdng Insusazuuudiaesatuilas
FuudspiiunnsnsfuesngAnssuvesgunsal
e HUUTIABY CNN Lﬁumﬁugﬂqummé’uﬂ’uﬁ‘L%ﬁuﬁwij‘wwmﬁLma%&i’m q fidaase
Nuuaziu
¢ uuUAes LSTM wumsduguuuuidenatuasmaasuulawewnsiinesiflenatdnly
o uUUS1aa9lau3n CNN-LSTM HAuNAIUAIINAILNSn Y07 ade L Usaaiontsviued
AsUARUIAZILILE N TY
nstinapundonfuraauuuuiaesisliinausaiioufisumsvhusuasUssans nmues
uiazuvuiiaedld deliyunesiivarnuarslunislinnesingfnssuvenadasdninisldnisda

AL NLANHANGY

3.6.2 NTIATIAANUAIAYVBINITNDS

NFIINNITRNADUKUUTIADY L3I NTUNITIATIBYIAINEIAYVOIANaNYE (Feature

Importance Analysis) Ingld38n1ssuniudoya (Perturbation Analysis) Fadumnalinfiusuiuaeue

YN dweiusazifiaztiesuarinnansenusonadnsnsviiueg lunnsiu 3nsilyielviiansey

a a

ladnnnsiwesiaidnsnaunigaseanusiazUssansnmvasgunsal

ANNSULAAZINITINLMDS LSRN UNNTAIE: LANUSRaRA NI TR Tiaztasn1alud9i

AruA (£10%, £20%, +30%), NUIGHASNGAILLUUINGINRNEaULAT, AuINISiUReuLUaly

AZINYINITANTAUNA wﬁmmé’ayjaww
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L - [ 1 [ s

AmaansIiweld, ardndudunsfivesmuruinveransEnuildenadng nan15inszvilay
gnuandbildiulusuuuresnugiiviasounugiinmnay e liiunmsiniimmisiiwesianis

lpsuanuauladufirvlunisusuugslssansnmaenniadng

a f v @ d'
3.6.3  NISLUUNITIHNDIUINUNITUENINANLRUSEU
JuneudrAylunisnsiadeunisilimesiy awnsassuigladieuasdulunuvdnnis nanfe 1
nsweuleamiimesusaziiniugUluuNshanaignAawinzay 1agiansunanymenig
NMEANURIWISTNaIUU 9 laun
a [ v a = I3 g a
o auund (31017, NTLUIUATS) Uanwwamensidduaznisildsuuvasasdangy (k)
Tugasoau (Uea)
. mwﬁqmwu‘u (rpm) wanIranlBn1TnyuTestudIulunuuTIas 3 1A lnaadusaly
NIINYULAAITIAT rpm
o W5IUA (NM) LAAINAN BN LT AULTUYDILAINS DNT15LUA s UBUAIVUIAVDIT UAIUT
= %
BERRLN
e  NISANVITDVBWATD9UD (W) WEAAINANIENNTIUASULUAINURD WU AURBIUNIDNNT
WasudreuaIoslalukuuinand
maudursfiwesidiiunisuaninafidenadesiudnuaenianenmyeliguiifnuanse

Woulgaoyaeuusssudifivaninnisviauasalainsdy

3.6.4  nswaduAadaglduuuUauNuS

daudnsiegld (U) lesumsiaundie Unity iilelifianuujduiuduasnevaussuuuiioalng
TneUsznaudnsasdusenoundndsl

1. wif19suanInandn uanLuUTIans 3 dfveundosinsiinevaussienisiudsuudas

a s = ¢ A
W"Iﬁ']ﬂJLmaﬁLL‘UULﬁEJaVLV]lI ANATNN 2 ey 3

AZINYINITANTAUNA wﬁmmé’ayjaww
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Model: Pressure

Model: Pressure

= o aa & v = ! = a s a 6
A7 3 wuudiaed 3 JRveunsesdnsinevaussianisildsuilamnsiimesuuuisealng (2)

2. WHIAUANNWITIHMBS Usenauniedaiiau (sliders) kazdasuanitoyadmivusias

a s d'
WITIHRDT ATNN 4

AMLINYINSENTAUNA NN INYINYYTH
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AN 4 UHIAIUANNIS LR

3. @ULEAINANITHIUIY wanInaansTvIuelaInNLUUTIaeee 9 neuiuaNUWaunIn

YDILATBIINT

AN 5 ETULARINANTYINUNY

AMLINYINSENTAUNA NN INYINYYTH
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3.6.5 NSTUIUNITAISITLASIATIZUNITITNDS

a wa

N38UIUNITAITIINTTNOI NN UVEMTUNURURNUTUAUMIENITAIAINITITLRDS

Y
[

d” = |~ | a & G a a LY Y o ] al .
WUIU Faduanadensoalduselun1suanass 9nTuR YN uLUUEAIULAE? (Slngle—

Y

Parameter Testing) lngUsunnsnfimesfiassy (W dMinAansINIsuyudy 20% vugfinisdmes
duAL) sTULITLARINANTENUNYIWIElarogua N UnSalkasUsEaNS ANN1IVINeIY wavk LY
aunsodunauazduinANuduiussenitmnUisusuaanimosuasnaans

AouldanunsavihinsmageuLuuvatedIu (Multi-Parameter Testing) lngusunnsnilines

L% v 1

VaEiINTouiU TEUUILRANINAUSAUNUTTENIIMNTTREHI 9 WagRanTeNUTIn Beyldanunse

[ o e

AUNUANNFLTLSN LT dukasU Jduiusndudoussninansimesia

AZINYINITANTAUNA wﬁmmé’ayjaww
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il NaN1SALHLUNIS

4.1  HANISNAFBUUTEANSAINVBILUUIIADY
lumsifesveedl 2 1 s lavauwaziouiisuwuudiaedasateussaniion 3 JUsuy
Tawn wuUa1899 CNN kUUI1a09 LSTM hazkuud1aadlausa CNN-LSTM A1519%7 1 handuanis

WiguguUseaninmuesuuinaeamsausuiuy

= ) a a a o
AN 1 NSUSYUMNGUUTZTEANTNINYDILUUD1ADY

. AU Precision | Recall F1- Specificity | AUC- | mAP50
LLUUINaag MSE RMSE MAE R? L. mAP50
wlug Score ROC

CNN-LSTM | 0.0131 | 0.1145 | 0.0892 | 0.8743 | 0.9137 | 63.8% 0.7462 0.7246 | 0.7352 0.9397 0.7749 | 63.8%

LSTM 0.0187 | 0.1367 | 0.1054 | 0.8256 | 0.8945 | 57.2% 0.6966 0.6275 | 0.6602 0.917 0.713 57.2%

CNN 0.0215 | 0.1466 | 0.1182 | 0.7964 | 0.8732 | 51.9% 0.5879 0.5972 | 0.5925 0.8965 0.6609 | 51.9%

INKHANIINARBINUTT wuudaeslauia CNN-LSTM dusednianasan lnolanzuuu
MAPS50 71 63.8% Wlawisufiunuusiaas LSTM #ils 57.29 uaguuusnaes CNN il 51.99% Fedmdy
nsUTuUsUsEAnEAmadY 11.5% iaifieusu LSTM waz 22.9% iflewfisusu CNN n1snaunany
awannsnlun1sisgadnvudaiuiiuasdanandde furaeliuuudasdeuinaiuisndu
sUnuuANudUSAFUoulFFndy

BIASNANITUSEULNLLAN

LY )

nsUsziulssdnsnmuuvesrswlunuideilanumesnddfgiie inanuaiunsalunis
TIMUNULAZNTYIIUIEVDILUUTIDIIUATURANY 9)

- Precision TAdnd1UU8INITVIIUIGLTIUINTQNADIIINNITVIIUIBTIUINTT VLA
LUUT1a83 CNN-LSTM §iA1 Precision gedafl 0.7462 wandliiiiuinaiuisnannis
= Y va = a °o o I a 9 ¥ a A
WFoUfWA (false alarms) ladafian Felinnudrdgegnsdslunisussendldasaiie
SnwAugeelaveszuy

- Recall 30dnd11v9INTYIUIGLTIUINTAYNABIIINAIATUTIUINTIMUA LUUTIADS
CNN-LSTM i1 Recall # 0.7246 Usimuasnsalunsnsiadunsalanuaumanls

1 = a a

289U UsTANIN N

- F1-Score \JuAadwesluiinues Precision way Recall linmsiuaeaUsza@nsam

N133UUNTIFUAS LUUT1a09 CNN-LSTM 1 F1-Score gegail 0.7352 UaAADIN1g

aunanfsEIeANUwiNGazAL LY

AZINYINITANTAUNA wﬁmmé’ayjaww
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- Specificity 1nAu@1115aluNTIEUNIALTIaUlAeg19gnAB Wuud1aee CNN-
LSTM fiAn Specificity gsand 0.9397 uansarmasnsalunsmanidsnisiousds
W9l

- AUC-ROC (Area Under the ROC Curve) 0A31ua13150 lun1shenie e seni g
aanafiunnsrstuluynseduveanusinsdadula wuudiass CNN-LSTM a1 AUC-

ROC gega#l 0.7749 UsduszAnSammnisdwunii

nsAATIzidaRanaIawazn1Hndau
mslinsgisziinstinvesuuuassisauandfifiumgAnssumaiouifunnsaiu
il
- wUUS1a8s CNN-LSTM Andeuiienun 58 epochs eufiagugarimualag early
stopping Tusaud 55 laed final training loss @ 0.0107 way validation loss 7
0.0146 l¥nanasu 19.7 Wil uazdn1sandnsnisseus 2 asa LLamﬁamiszsé’hﬁ
wessuaziiUszansnmn
- kUUI1IA99 LSTM ?:Iﬂaaufylj\muﬂ 67 epochs ﬂ'aumqﬂﬁw early stopping Tuseuil
62 Tnad final training loss 7 0.014 wag validation loss 1 0.0186 14irafnaey
26.8 Wil wagdimsandnrinsGeud 3 ads
- kUUII@B9 CNN ?Jﬂaauﬁgwm 45 epochs ﬁawqméﬁa early stopping Tusoud 42
Taed final training loss 71 0.0148 way validation loss 71 0.0202 ¥aiinasy 12.4

) IS o a b gj
UM BASUNTIANDATINTILIYUT 2 AT

AN5IATIZRTORANAIALTIAN

s

JaRanatalagsay lagkuuI1aod CNN-LSTM hansuseansani afanlunniunsng

9 9

JaRANa1M 1eell mean absolute error 91 4.5 way standard deviation VBITBORANANAN 6.15 FIAN

o v Y a

niuwuudnaesdu o egreliteddny TeRanangagnegfl 30.3 wag 95th percentile error ag#l 14.78

v Y

WA LALIUDINITN T8 AIVDITORANANNTAFNIN
a L' ot . a 4 N a [ o
A159LA31ZN False Positives Lag False Negatives lagn153lASIZnSEIILUUIIA89YIIUNE

a gj Y & c{' 1 (v dy
Anty elviugULuumiaula fall

o w

1. False Positives ﬁafmm

o

'
IS U a

o ¥u1e 0.74 vauziAnasadu 0.11 (confidence: 0.78)

a1

o ¥uW1E 0.70 vauzAasadu 0.09 (confidence: 0.81)

o w1 0.66 vausfiAnasadu 0.14 (confidence: 0.77)
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]

2. False Negatives 7idfiey

a1 a

o ¥u1e 0.31 vauziAnasadu 0.89 (confidence: 0.58)

o Vw1 0.36 vausfia1asadu 0.85 (confidence: 0.56)

M3Taszianusiugvetiaznsnes Tnonsvhuiswsfineseniziu uansld
Fufauiesuuusians CNN-LSTM feil
o gUMNINITUILNNT Ae MSE = 14.7, MAE = 3.37, R? = 0.892
o ANMUSITOU Ae MSE = 2132.8, MAE = 38.2, R2 = 0.885
o W59Um AB MSE = 189.1, MAE = 11.71, R2 = 0.878

o msanuselAsedile Ao MSE = 3102.3, MAE = 44.85 R? = 0.871

SNuaIzRaNIZYBIUUTIaBILAazUTTAN FauuuTasausazUssianiigaudefiunnsineiy
dmSuaniumsainisnaniiuansnsiu fil
e LUUYIAB9 CNN
. m:uwﬁm%’ma1‘uﬂﬁajﬁmmé’mﬁuﬁ‘@qﬁuﬁswﬁﬂW“mﬁma%ﬁmmﬁﬁﬁmmn WU
suufifidugesuateivinaundeuduudiinaianianaidiia
. deffeisvurnanistinaeuiinnifiniuaziaudeinisussananatosniisening
QRER) LY
e HLUUIIABY LSTM
o uaneUsEAvSamdianitluuiuniiinsfiondaianfidifey Wy indesdnsiifiseunts
yhauveanunsalfisuuuunisidenan miimundiieanuna
o negeBsdmsunInensainsRaLIvesTAnuseveAiesiie
e WUUTIABlaUTA CNN-LSTM
e tiauemuansalunsaensaliinseuaguiian Tnslanizegsdsdmiuszuy
anavnssufidudeuiivajiuiusvomnaimesdagtuuasiuiliiul sy iRdwmade
gunnvesgunsal
o ulazdoddnineinsnisuszunananinndn uaflianuuduglaesingeanuay

wusihlilddwsugunsalndrfglieanuwiuglunisaanisaliinnuddgiriiondn

Useansnnluniseuin
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4.2

ANSNAABIVINUIEWISIALADINITHAR

Wausziiuuszansnnlulanwiennuduasveauudtasslunmsviuienisfweasnisuan

L37LAYIIN1INARBITUNITAIMUAAINITITLNDS N ULANFIAAN 115199 2 LaRN1SYIUIEg Ny H

ASTUIUNITINBUUINABILARLAIN18THNITUSUNISTLNDT N AN

M5 2 MIggunNiinszuINnstunsAMUAAIMTEWeIHng o (Miie: 1naiw)

. psedl 1 (Anade L4 P - pedl 4 (Wwnsdn psadl 5 (Lﬁuiqn
HUURIABY - A399 2 (WWu RPM) AT 3 (bWULTIUA) 4 a .
Unh) 150924LATD9D) 2814)
LSTM 310.09 316.50 314.00 313.13 314.77
CNN 310.71 319.70 310.28 308.50 316.35
CNN-LSTM 311.02 321.30 310.90 309.43 318.88
Model Performance Across Different Attempts
- (STM
o 3201 —=— CNN
3 —4= CNN-LSTM
@ 318
T
£ 316
3
T 314+
&
g 312 4
e
o 310 A
—
308 - ‘ i . . :
6‘&(\ &“‘@0 &“aﬁ 6‘@50 cae?o
C;"\\ \\<° : \\°@ «© &

.@Q ,,)t?n ,,Jﬂfo Q ¢.§>

Q‘}z Q?@ @9?‘ Q?(, (‘\\ﬂ‘o’
& A9 % &
& & ~ el
« & F o
N & & &
é\Q Q\.’H & ‘\0-("
¥ & & <7
N & & &
¥ &
Attempts

AN 6 UansnsiUTeuisun I uegamgiiveswuuaewsay tnsduanuuanenglunis
AOUAUDIRDNISUTUNITITLMDS
A = a a ° a ° o % '
it 6 1 unsiIeuiigumMsviiuggungiivedkuudnassivay tagiiuauuanaislunis
' ) a ¢ L A a = ~ P
navauawianN sUTUMEWNes tnemmaaesil Wawesuuuuimhaulavaieusenisileseuiiiey
a0URuNIIULUUINADINEY ATl
o WANIZNUVDIAANTINTHUY (RPM)
NS UAINSINITULUT Y 50% denaliiinnisyiuiegangdgagalunnuuuinass

(316.50K-321.30K) Suudn RPM HAnuduiusidauanfiudaunsaigaiugamningzsuiuns wuy
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1%
s

$1a0dlauin CNN-LSTM vhusgmumniiasan (321.30K) detstinonadanuldenudusiusiunn
e
«  WavBINIENUTEVBLATE
funaulade wuudiass CNN uag CNN-LSTM viunegamgdifisiaadiefinisdnnseves
wsosflouiutu (308.50K uay 309.43K aud) ieifleufusniiug iy Sserausdfmsdeundas
Tuwamansusadsanutuedesiiofidnse og1dlsfnu wuuiiaes LSTM vhuiegungifigedu
(313.13K) Bauugihinenaduguuuuidsnafiusndnafuiiieadesiunsidonanmuesiniosie
o ANUUANATYRILUUIIRBSENITULTITA
LuUT1aes LSTM wansufAsend udaunsandtdenisifiunseda (314.00K) flelisuiu
LUUF1a8s CNN (310.28K) w3a CNN-LSTM (310.90K) Fsa1austnisasuudasusslndnisfion
Bananfiddnyfiantnenssy LSTM Suldegnafivsyansamannnia
o HANITENUVINITILADITM
Soiumsdmesimuaniontu wuusiaowianuaiuegumgifigelu uiuuudiaes
lou3n CNN-LSTM uanansviiunegean (318.88K) dauugahitanunsadud jaustusidudouseming
wmiwesMivdsunuamanesliogsdiussavsamanniian
. ANuAIAARBIVBIAINLFIY
wuuSeowauansauiiuiesfiauvmaunaludeuluiiugu (Auadefomn) Taedins
yuesiaus 310.09K fla 311.02K Favsdiamsuiuifisuuuushaesiiaenndesiu

aa v ] a wva £

nadnsmaluandliiuiinisdnassguilnfdviaaunsarie iU juRnudilamnuduiug

kY

YDINIFITLADS ALY UNIYNAT NS VDIANILNNTVINNUNRANA1T UL ANwazlaSUAUYBIISN15a514
wuudnaesisadlvdayaednfuinninuuudnaesied Ineiandnenssuuiashuuundyudig o
YDINAINNTZUIUNITHNAR

(] % %

4.3 nsaATIRANNEIAYvasAMEnYME

nyeTgiaudAyvesnuanvuzidaHgIIInesinanyateyaveusiinansENy

v 9

WnTiagnsansvinunggunginsguiunis anusINamyu (RPM) Usingiluteadeiilanmunuszaia

55% fumewsslnil 22% nsanvsevedaTeslen 15% warguuniiennedl 8% fan1wi 7
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AW 7 Wadwsues Feature Importance Analysis

furdunnie ansnasundiunssves RPM wansliiiuagsdaiaulunisnaassviiue
NI5ITRBIUDUIN %aﬂmﬁummﬁumsmwﬁu 50% V‘fﬂﬁLﬁmmﬁLﬁu%{umaﬂqmmﬁmnﬁqmiuﬁqﬂ
WUUIIa0Y (6.41K d19%TU LSTM, 8.99K d@1%15U CNN tay 10.28K @115uU CNN-LSTM) Luudnaes
CNN-LSTM uansnulagegaraniniddouutas RPM deuaddranunsnduauduiusnisudas
Wé’qmuﬂmﬂumm%faulﬁﬁﬁqm LmﬁmLLamSmﬁwaUmﬂmqLLGiG'ﬁyuaqu'ﬁ’ULLumﬁaaq 1A8ULUUTIa89

LSTM uanin1smevauesvesgamginulnseigasenisiiuwsedn (3.91K) Weileutiunansenuduy

sl CNN (0.43K) waguusnass CNN-LSTM (0.12K)

(%
1

1SITEeUNANTIATIiAIE AT snaIdn vz A TN TMaaesIaTIsaau LR
Audnuargnavesnasnaluszuufiodsndiunanssnuseusyavinmesuuudiass mafiuduves
aufiemanalumsvuefiintugenadeegdlnddafuefidudamnuddyvens deduduinnis
AUIUANEAYYDIAUENBULVDAIIAENDUANU LIV UUTIRBIR DN T AT UA LA IDE 1
uilugn mansaaeuivhliiilaenuduiusvemnaiwesissylasuuuasmonnuansiang
flammamenmiiuviasannnintoyafianaianisada

fiunaulafie nsdnnsovesiad sslionaningfinssufl dudeudonansenudid usy iy
LUUFA8Y LUUFIAY LSTM vhuwsmafintiuresguugiidleinsdnnsevanniosiionniu (3.04K)
Tuvauzfiuuudiass CNN way CNN-LSTM sihunenisanasvesemmgil (-2.21K wag -1.59K aud1sv)
e?faLLuzﬁﬁﬁﬂalﬂmqmamwﬁugmﬁLLmﬂsmﬁ’uQm"fuimaam{]maﬂimﬁumﬁ’mﬁu FeenanAgatostu
nswasuulamatausadsamudond esdedonanin e umnimesianuanioudy
LL‘UUai’waaﬂﬁy’wmv‘hmaqmﬁgﬁﬁgﬂﬁﬁuu@iﬁwmﬁLmﬂ&mﬁu Featfuayuufdiusiidudouuaslaids
dusgninmndined uuudiass CNN-LSTM uansnsvinunggamnfiasganisldnisiuasuntas
W1sTme$52u (318.88K) Fauansismmanansaivilenitlumssunansenurewniinesvans
i

Mgl Iruuneiifauadmiunmsusumnniwesldmnyan Tnsuugiiiinasl

AudIAyAunIsAuAuAUSINI Ty ueg 1wTEdRsTud oden1sTsa g dinszuaun s
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'
[y (%

ezl lwragnaserdnflfduiusndudeuiunisdnvsevesaseeneawandiafiuluniy

Usziangunsalbazaniiznisvineu

4.4  FINAAUUTZENSANUAZAIUAINIY

LUUT1809lausA CNN-LSTM 9831310598 ATIUL MAP50 7l 63.8% ﬁmamﬁqmiﬂ%’wgqﬁ
dddieisutunuuiiasnion widwesnnindmunedssans amiunzaudmsunsldnunis
wARTiddY fivanedadeitdmanedeositamand

wasnauwsiuglnesi (87-91%) WWuiiuimels udnziuy mAP50 Fisnnin (51-649%) Vst
feanusmelunmsnmatunsdanudumarinienedeivle suuvuinudeslunisldauns
ﬁﬁﬁ'ﬂmL%aw'a'1ﬂiﬂil,ﬁaamﬂmmhiamQamaa%’ayja‘lmaﬁﬁmwa Tnefideulannudumardedu
Wi 3.5% veyavoya

LﬁaLLﬁ”lsummlajamaﬁ AU UL UUTI8897 005 LR8N TYIUNE NI NTEUIUNIT
wonwioannisyhueanuduwmen 35adelannsaUssiiulsans mmussuuusiasuuiaus

sotipandanudAgylunisandunulaeasduvugnussimanuiimeaindeyaninuaumad Al

2N}

una

'
a

PadiaiuaNINfwTunaIandne (yateyaliamsiuuinnitdeyasunsunaiveiiied)

IS a 4

[ v 6 a sal 1 =~ a (% ]
ﬂ')']llﬁllWUﬁ‘U@Q‘W’]i’]@JLG]E]'i‘VN’]EJﬂ'NLlI@LV]EIUﬂUQ‘UﬂiﬂﬁUIﬁﬂLLVNF’]'J']&ILUN‘\WQ ANUNI8lunIg

v A 1 ] v =

U llgluiudssinniaioadnsiiuans1eiu uavyaaudnsueidnandeglugadaya wilqed

Y 9 AV

Jodninmail n1susulalszaniamiwandaswuudiasslausalufiuidaaiuiaziuzingnnis
UsudgeiaAvlunisiiusiusiudeya andnenssuuuudiass wasisnisinasueialinisiy

UszansSamnaalunisinluldlusunan

o

L% 1 v a v Y
4.5 Vu’WI’Nﬂ’]‘J&L‘U\ﬂULLB‘UwaLﬂ‘U‘IJG]‘IJLL‘U‘U
TuMmAuuu UL UNALATUEIMSUN159188958UU Digital Twin 98901579IUNI8NTEUIUAT
W dflandusing q dwsugneanuazanlikignfean smaaauiiliung Al dusunisvitunevise

wensain1svinauluseuu Digital Twin dauanslunwi 8
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Upload CSV_

Train Model

Istm_machine folre_tata 20280803 DO5221_ 20250803 0

Simulation complete s ur

Predictions u

Failure_Status: 011 unas. u

X

Control Variables

Temperay 088 | colncrbiocinl
3 (units)

Prowsin (i) 49974 | sqloctiiocs!

Vration_Leweel ociel

ks

Humidhy (unts)  —

Pawer Consumptt j L1 prm———"
an furim)

RunSimuIa.n_'\m 2 8 &

Reset Delete:

=i a o v
AN 8 WBUNALATUAULUU

NN 8 ANU1T0DTUIENNITYINNUVINT AT INULBUN A LATUAULUUVDITEUUINAD

Digital Twin leisadl

1)

2)

3)

4)

5)

6)

Judmiuidunsiulusunsudians lnedlesasing 4 Seviosuds fldmuanusans
Juil iledusunsinuedinnald

Yudmiunisfinluea Yudagldlunssulvanlad cov Aldlunisiinluna Tae
ndsanfisUlnanlndunds arunsanayy Train Model i o5 uinisiinlaaald 3

14 (% = é{ [ & A o a cal v =2
@QQWQR]%I‘ZIL'Ja’]ﬁﬂiSEJSMUQ ‘EJ“L!’?JEJﬂ“U“U‘LJ’]@%@ﬁlwaﬂiaﬁ]’mﬁqu’ﬁmLG]@i‘VlG]ENﬂ’]iNﬂ

U

YualamasdmsunisnaaeuAifesnis lnemluudd Amsidnesens q azgnieu

I Al dwmsunisiin Feadianudunusiuey lusuwuuvesssuuiiauysal du

'
{ =

nu1eA1031 Wedln1sidsuntadle 9 Aunisidwesdanis geulinansgnuiu

o 1%
v =

WISNTAIDU 9 A28 FanadnsNATY Yuag AUNTAIEUNATIULAIIINITNAGDS
1AgN13ATAININLY LieaHATNETIgeaNI
Judmiuidenluna 3iadwmsunisnageulugiuuu 3D lagluudagnisiiines
aunsanvualueg 3 JalnsuaussionIng ¢ 1o
sUluea 3 ANgndUlnanuaziauuninaaiiednaeInssuIUNITAIUAAINISEN
lnatenld

v s & U =) = Yaa
Haansvesn1snageuliiag dzianssanunluiiay vieluuinsdl 9193¢1438ms

a A Y

winsralugadafiivie 1wy Msdsudanuaugiviensduvselddusda

Y

ALEINYINTANTAUNA

UNNINYHYTNN
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7) Judwmsunisasanguluea 3 87 1wy Auntanisag aueuesdn 13en1svuved

Tog Aanunsassalaleelddumaniluniseaa

guuiulean woundedusiunuull lagneenuuunlilliemudangulunisldau nevaussse
ANURBINSAIvaINVA1Eve Lty wardianunsalimnaansluguwuuineuauaswionufensla

& ' A & v ) | P % P 3 ~ ~
Wueged wenandu nslnudsarunsalnlumalng o laaudeyaiiduindu iwelrlunail

Y

i@dgINIngs waneuinsldnulugnaivnssuegawiase
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5  d3Udna

51  dgunanisaniluau

Tuswids msfinwanudululddumsosnuuuuasiammaluladquilafdfavuiugiu
voanelulad PLCnext (swaedl 2) 1 [éinsAnwiladvddyfifnasonsiamuimealuladgulnfivia
(Digitla Twin) 7 fuszlowl ansianzduningaaimnssunisudn fawsoldinaluladdlunis
Annginaziiassaounsninounsasfiotfiiate Feastaeliinisannainisvieu ananudes
Lasifiulszansnavesmsvinaulneusens Tneeuideilaldlassneusyamiion CNN, LSTM way
wuudiaesleuin CNN-LSTM Liledassmiimesnisnanlagliinalulad qudnddsia defufdfnu
ansonTIdeUANduste s dmesliegnaienoruszuunsuansnndeyaveas Sse
yhlsmiimesuusssudilaldietu

n1snaassvonsureliiiudl aardnenssulauia CNN-LSTM dUsz@nsatwuilendn
wuusiaei 2 lumanesu Taeuuudiaes CNN-LSTM ékadws 63.8% uuusiaes LSTM ifissetns
Pl 57.2% wazuuudians CNN Wissegnaienls 51.9% Fauuudians CNN-LSTM viunelddnia
wuudiaeaien udldmineinsmsduasnnniy 22% Javanzdmiunsussgnaldlunuaniil
ANUEIADYEN ﬁﬂamLLaJusi’wﬁmmﬁwﬁaujmﬂﬂd“uéquu

wenanil dsldvamueundinduiuuuuildlumssassnsvhnuresssuunsudauy
Digital Twin Yuna18A31177 Q"L%ﬂmmmmﬂﬂimmamammaw’ha%gaﬁ'L‘ﬂ'wﬁu wardand
anunsaiilovnaaifngadniunisndnlasiinansenusoirissdnsuaznszuauniseng q Tides
e
52  Ugun guassa wazdainia

(%
[

Tumsaniivaddeasell nudym guassa uastodninid1Ayfwalul

521 dedninsudaya
1. dayaluauna aniunisaianuduivatlugadeoya Aldl 2020 SiWgs 3.5% G edanaly
wuudnaesanuinmeglunisasiadunsdianudumaiogiauiug
a a o w v ‘:4' MY & oA Y a &
2. vsumidaandnin yadeyanlildlailusunsunaiseiiowase uiidunimsiuvesyn
Toya viinsdunainnisangdudewilaen

3. doyadnaes Yadeyailiiludeyadraesldlideyarnnndnsss enaliasvioumududou
TNUAYDIANTNLINTDUNITNANTTY
522 dedniamanaia

1. M5nensn1sUsENnana Lwuud1aeslausa CNN-LSTM Aeen1snsweinsnisussuiana

1NNV UIIBUALT FeoadutadinlunsitnuiuszuuninsneInsane
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2. USEANSAINNITVIUIY W UUTIAD998AANULIUEIAESIUAR (87-91%) WAALLUL
mMAP50 (51-64%) §agnintnunedmsunisldanunings

3. neviukuuisealngd nsdeyaseninauniesdnsiuguiafIiadulinuyiimelunis

ausuuisealngd Tnslaneideliveyainuiuuin

523  davnfialunisuszenald
1. nsaseuAguUszINATEsdns wuudaessenaliamsmhluldldiueiosinmnussinlog
laidesuuusaiiaiy
2. NISAAUHAANS N1TLUAAIIUNUIBVBINATNTAIINUUUTIA0IFUTDUDIAABINITAIY
Benvganizms
3. naysanmsfussuuiified msnusruugulaRdvadifulassasitugunsiaaiitegen
Foansnsusuuseiidndey

53  UDLEUDLUY

va o

= Aav av v a Y o &
"\]’]ﬂﬂ’]ﬁﬁﬂ‘lﬁﬂLLagﬁ\laﬂ']ifJ"\]EWli@ E)I’JR]EJJJ DLAUBDLLULANU

5.3.1 Jawduakuzdmsunisunluly

1. NISHABNLUUINABINIUANWULIU DIANTAITHADN M LUUINABINMUNLAUAUSNYULINUY
@1 - CNN dusussuundiauduiusssninansfiwesdudou, LSTM dmsunginssud
é’ Y] A o a o [ o’d'a
Fuagiua, vseuuuiastlauiadmsugunsalnings

2. N1SAANISNSNEINT E1USUNTIIULUUINED9L8USA AISRAITUINITIAATINSNEINTANS
Uszaanafiiieans vseldnisussananawuunguiug (cloud computing)

3. msAamunisfiwesdifey mslinuddgduieiunsfanuiazaiuauaimsinis

U (RPM) 189aniNanIenuUaanfogmn)inseuIunIsuazgunMYauAIeIang

53.2  daiuauuziBanagns
1. ansinausuyaains daliiinisiineusuyaainsiieriunsldnuuaznisinnusadnsann
STUUALHAAIYA
2. MIFYIUINITTEUU Mauunsysannsweluladdudafdviaitniuszuunisdanisnisaand
floguuursaidupayly
3. MIIANaNIIANENY AnndiazUseliunanisUsuUTausEaniainnisninuarn1sanas

Yo4n15ngnriuililaunulindainldssuuaulafdva

54  pumelun1swaienluaunan

AdeluewanasyaiululssiiudeluiliiioUsulauazvenganuaiusavesnaluladewln

Y]

fava:
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5.4.1

1.

54.2

543

QUSRI INTGELE

nsfiugataya saunuuarlitoyannmsrdntianniudielnaouuuusiaedilinadng
futiusmazmngaufuuTumameaniy

wadian1sdanistayalsiauna AnviwazUssgndldinadaiidmmdunndulumsinnisiy
Yoyafiliauga WU madla SMOTE-ENN #3on1sld Focal Loss

anilaensaudugs naaesiuannensslassieUssaiiionduas 1w Transformer %o
Graph Neural Networks fienadumnuduusisudoulanty

nalnad1uaula (Attention Mechanisms) saunalnauaulaiiiiuuuuinasaiioyawiy

'
[

AaNwurNd Ay Ranlagdnlula

NIWAIUITTUUAUNARRNG

N1531a949813 WU (Time-Evolution Simulation) samnnsdiassiiuansliiugs
Faunsvesmnafiwesaunat Welidlanansenuszsrevesmnisisdmniines
auaansalunsUiuda imusyuuiianansaSeuiuasusuildluseninamsieu 91n
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Abstract. This study introduces a novel method for exploring manufacturing
parameters through digital twin simulation, utilizing three comparative neural
network architectures: CINN, LSTM, and a hybrid CNN-LSTM model. Utilizing
the ATAT 2020 predictive maintenance dataset, we illustrate the efficacy of digi-
tal twin technology in simulating industrial equipment behavior and offering
clear visualizations of parameter relationships. Each model architecture cap-
tures distinet aspects of equipment behavior: CNNs are proficient in identifying
spatial patterns across parameters, LSTMs are expert at capturing temporal se-
quences, and the hybrid model integrates these strengths. The trained Al models
build a simulation system in a virtual environment where abstract parameters
are turned into intuitive representations. This allows operators to investigate
manufacturing parameters within a risk-free virtual environment. Experimental
results indicate that the hybrid CNN-LSTM model attained superior perfor-
mance, achieving an mAP50 score of 63.8%. In contrast, the LSTM-only model
scored 57.2%, while the CNN-only model reached 51.9%. This underscores the
efficacy of integrating spatial and temporal feature extraction capabilities.

Keywords: Digital Twin, Manufacturing Optimization, CNN-LSTM, Parame-
ter Optimization, Industry 4.0.

1 Introduction

The manufacturing industry experiences ongoing demands to enhance productivity
while minimizing maintenance expenses and unexpected downtime. Current manufac-
turing equipment functions with various adjustable parameters that affect production
efficiency and equipment integrity. Achieving the optimal balance among these fre-
quently conflicting factors poses a considerable challenge.

Digital twin technology provides an effective approach by generating virtual repli-
cas of physical assets capable of simulating equipment behavior across diverse operat-
ing conditions. Digital twins exist on a spectrum of sophistication, from basic digital
shadows with primarily unidirectional data flow from physical to virtual systems, to
advanced twins featuring bidirectional data exchange that enables both monitoring
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and control [1]. Our implementation focuses on the latter, where bidirectional com-
munication allows the digital twin to not only simulate but also optimize physical
asset parameters. When integrated with machine learning techniques, these simula-
tions can identify optimal parameter settings that enhance productivity while reducing
wear and potential failures.

This study looks at how a CNN-LSTM neural network design can improve digital
twin simulations by finding patterns in equipment operation data that are both spatial
and temporal. Utilizing the AT4I 2020 predictive maintenance dataset, we illustrate
how our methodology can determine optimal manufacturing parameters and forecast
equipment health with greater accuracy compared to conventional modeling tech-
niques.

This paper presents several key contributions:

e A digital twin framework that integrates three alternative neural network ar-
chitectures for the optimization of manufacturing parameters.

® A comparative analysis of CNN, LSTM, and hybrid CNN-LSTM models for
predicting equipment behavior across different parameter configurations.

e A methodology for parameter exploration that facilitates operators' compre-
hension of the intricate relationships between operating parameters and
equipment health.

2 Related Works

2.1  Digital Twin Technology in Manufacturing

As an important part of Industry 4.0 efforts, digital twins have become very popular
in industrial settings. Tao et al. give a thorough plan for using digital twins to create,
make, and service products [1]. They show how virtual models can represent real
assets at all times. Their work shows how important it is for data to be able to move
back and forth between digital and real devices.

In their review, Lu et al. give an in-depth look at digital twin-driven smart manu-
facturing, including an organized reference model and a list of important research
challenges [2]. They take a systematic look at what digital twins mean in production
settings and list the different ways they can be used in different industries. Their work
shows that a digital twin system must be able to smoothly combine many technologies
while also dealing with technical and organizational issues.

Real-time sensor data and computer models have been brought together in new de-
velopments in digital twin technology. Fuller et al. made a way for operational data to
be used to update models all the time [3]. This lets digital twins grow and change
along with their physical versions. This method addresses model drift through contin-
uous recalibration with incremental updates of 0.5-2% to model parameters based on
real-time sensor data, maintaining digital-physical synchronization despite environ-
mental variations and component degradation.
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Hu et al. took the idea of a digital twin even further by creating a cloud-based sys-
tem for smart manufacturing based on MTConnect standards [4]. Their study shows
that using standard communication protocols to connect different types of manufac-
turing equipment into a single digital twin system makes real-time monitoring and
predictive maintenance possible. Their use shows how digital twins can be used in the
real world to improve production efficiency and machine reliability.

These advancements in digital twin technology create a foundation for implement-
ing advanced analytics capabilities. Neural networks, particularly for time series pre-
diction as discussed next, provide the necessary computational intelligence to trans-
form digital representations into predictive and prescriptive tools for manufacturing
optimization.

2.2 Neural Networks for Time Series Prediction in Manufacturing

Deep learning techniques have shown promise in simulating industrial processes and
guessing how well equipment will work in the future. Zhang et al. came up with a
new way to use deep learning to figure out how long a system will last [5]. This
method uses advanced neural network architectures to find trends in raw sensor data.
Their work shows that their predictions are much more accurate than those made with
standard statistical methods. This is especially true for complex systems with non-
linear degradation patterns.

Zhao et al. did a thorough analysis of how deep learning can be used in machine
health tracking [6]. They looked at different neural network architectures and how
well they work in different manufacturing settings. Their research shows that convo-
lutional and recurrent neural networks can take in both spatial and temporal infor-
mation from multivariate sensor data. This makes fault identification and predicting
how long something will work better. Their review focuses on how deep learning
methods can automatically pull out relevant features without a lot of subject
knowledge. This makes them very useful for manufacturing systems that are very
complicated.

There has been a lot more use of neural networks for forecast maintenance over the
last few years. Using deep learning techniques with sensor networks has made it easi-
er to find problems with equipment more accurately and more quickly. This lets mak-
ers take steps to stop them before they cause expensive breakdowns. Traditional sta-
tistical methods have not been able to match the performance of these techniques,
especially when it comes to capturing complex, non-linear relationships in manufac-
turing data [7, 8].

Because industrial processes are so complicated and have many wvariables, using
neural networks on data from industry is not easy. Recent progress has been made in
making architectures that can deal with noisy data, adapt to changing operational
conditions, and give results that are easy to understand and believe. For these features
to work 1n industrial settings, where dependability and openness are very important
for any predictive system, they are necessary for successful implementation.
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2.3  Hybrid CNN-LSTM Architecture

Combining CNNs and LSTMs into hybrid designs has made them great for sequence
modeling, especially when both spatial and temporal features are important. The best
parts of each design are used in these combined approaches: CNNs are great at pull-
ing out spatial traits from input data, while LSTMs are great at figuring out how se-
quential data is affected by time. Together, they give us a complete way to look at
production processes that are complicated in both space and time.

Convolutional Neural Networks (CNNs) excel at spatial feature extraction through
learnable filters that capture local patterns and relationships across data dimensions.
Long Short-Term Memory (LSTM) networks, a specialized form of recurrent neural
networks, address the vanishing gradient problem to capture long-term dependencies
in sequential data. While CNNs focus on spatial relationships, LSTMs specialize in
temporal patterns, making their combination particularly powerful for manufacturing
data that exhibits both spatial correlations between parameters and temporal evolu-
tion.

Recently, Muthukumar G. and Philip, J. built on this hybrid method by creating a
CNN-LSTM hybrid deep learning model for estimating how much useful life some-
thing still has [9]. Their results showed a big improvement in situations with compli-
cated multi-parameter dependencies. This suggests that these hybrid methods greatly
improve the performance of predictive models in manufacturing settings. Their work
shows that using these two different but related designs together can make predictions
that are more accurate and reliable than using just one of them.

When used separately, these techniques have significantly improved production
outcomes. However, our method differentiates itself because it combines hybrid
CNN-LSTM architectures with interactive digital twin simulation. This integration
enhances manufacturing conditions for manufacturing while also adding visualization
features that improves interpretability and boost user trust. Our method makes it easi-
er to monitor, predict, and improve manufacturing processes by combining advanced
neural network architectures with digital twins' full representation of systems.

3 Methodology

3.1 System Architecture

Our system consists of three main components, as illustrated in Figure 1. The Data
Processing Pipeline is responsible for preprocessing the AI4I 2020 dataset, handling
missing values, and creating input sequences for the neural network. The Neural Net-
work Models component contains three alternative architectures (CNN, LSTM, and
hybrid CNN-LSTM) that serve as the core predictive engines, capturing different
aspects of manufacturing data patterns. While each model can be used independently,
the framework allows for comparison between them to determine the most appropri-
ate approach for specific equipment types or operational scenarios. The Visualization
Interface provides a 3D visualization system that allows users to interact with the
simulation and see the predicted outcomes of parameter adjustments.
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Figure 1 System Architecture

The system employs a client-server architecture where the visualization interface
communicates with a backend server. The server handles data processing, model
management, and prediction generation, while the client provides an intuitive inter-
face for parameter adjustment and visualization. The bidirectional communication
enables real-time feedback as users explore different parameter configurations.

3.2 Data Flow

The system implements a bidirectional data flow between components. The User
Input Flow begins when a user adjusts parameters via Ul controls. The client then
formats these parameter values and sends them to the server via HTTP. The server
preprocesses these inputs for model consumption before the selected model generates
predictions. These predictions are then returned to the client, and the visualization is
updated to reflect the new predictions.

The Training Flow starts when a user uploads CSV data. The server analyzes vari-
able ranges, after which the user selects control and response variables. Once the
model training configuration is specified, the server trains all three model architec-
tures. Feature importance is calculated, models are saved to the registry, and perfor-
mance metrics are returned to the client. This bidirectional flow ensures that users can
both train models with new data and receive immediate feedback when exploring
parameter configurations.

3.3 Dataset

The AI4I 2020 Predictive Maintenance Dataset is used as the foundation for our mod-
el development. For our specific implementation, we focused on a refined set of key
features. These include Type (machine type identifier), Air temperature (K), Process
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temperature (K), Rotational speed (rpm), Torque (Nm), Tool wear (minutes), and
Target (machine failure indicator). The dataset consists of 10,000 data points with a
realistic class imbalance where machine failures (Target=1) represent approximately
3.5% of the data, closely mimicking real-world maintenance scenarios where failures
are relatively rare events compared to normal operation.

3.4 Model Architectures

We implemented three distinct neural network architectures to capture different as-
pects of manufacturing equipment behavior.

LSTM Model. The LSTM (Long Short-Term Memory) model is designed to capture
temporal sequences and patterns in the manufacturing data. This architecture uses a
sequence of LSTM layers to process time-series data and incorporates batch normali-
zation and dropout for regularization. It focuses on capturing temporal dependencies
in parameter evolution and excels at predicting trends and patterns that develop over
time.

The LSTM approach is particularly valuable for capturing degradation patterns and
predicting when equipment may approach failure thresholds based on historical be-
havior.

CNN Model. The CNN (Convolutional Neural Network) model focuses on extracting
spatial patterns across multiple parameters simultaneously. This architecture uses 1D
convolutional layers with varying filter sizes (5, 3, 2) and incorporates multiple pool-
ing layers to reduce dimensionality. It employs deeper convolutional layers (128, 64,
32 filters) and focuses on identifying correlations between different parameters.

The CNN approach excels at identifying which parameters tend to change together
and how they interact, making it valuable for understanding cross-parameter relation-
ships.

Hybrid CNN _LSTM Model. The CNN-LSTM hybrid architecture combines the
strengths of both approaches. This architecture uses convolutional layers to extract
spatial features across parameters and preserves sequence length through appropriate
padding strategies. It feeds the extracted features into LSTM layers for temporal pro-
cessing, thereby balancing spatial and temporal feature extraction.

This hybrid model is designed to capture both immediate parameter interactions
and their evolution over time, providing the most comprehensive modeling approach
for complex manufacturing systems.

3.5  Training and Optimization Process

All three model designs have the same training and evaluation pathway. The proce-
dure begins with data preprocessing, which includes standardizing input attributes and
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dealing with missing information. This is followed by sequence construction, which
involves converting tabular data into proper sequence windows for time-series model-
ing. We use a 60-20-20 train-validation-test split with stratification to achieve a bal-
anced representation of failure cases. To maximize performance, the model training
phase uses early halting, reduced learning rate, and model checkpointing. Finally,
feature importance analysis utilizing perturbation methods aids in the identification of
the most influential parameters.

Each model uses a feature importance calculation approach to systematically tweak
specific input characteristics and quantify the impact on prediction error. This pro-
vides information about which parameters have the most influence on equipment
health estimates.

3.6 Parameter Exploration Process

The major goal of our work is to enable intuitive investigation of manufacturing
parameters using digital twin simulation. Our parameter exploration process begins
with multi-model training, training three comparative models (CINN, LSTM. and
CNN-LSTM hybrid) on historical operating data to capture equipment behavior.
Next, we undertake sensitivity analysis, calculating feature importance using pertur-
bation analysis to determine parameters with greatest impact on equipment health. We
then use wvisualization mapping, mapping parameters to appropriate visualization
types based on their nature (temperature, rotation, etc.). The system provides interac-
tive exploration with an interface that allows users to alter parameters and immediate-
ly view visual depiction of changes. Finally, the system supports cross-model predic-
tion, allowing forecasts from all three models to be evaluated, providing alternative
viewpoints on outcomes.

This method establishes a framework for understanding parameter correlations
without requiring actual equipment testing. Operators can gain a better grasp of
equipment behavior and parameter sensitivity by viewing how parameters affect the
system using intuitive representations.

4 Results and Discussion

4.1 Model Performance and Comparison

We implemented and compared three distinct model architectures: a CNN model, a
LSTM model, and a hybrid CNN-LSTM model. Table 1 presents the performance
metrics for these three approaches.

Table 1. Model Performance Comparison.

Model MSE RMSE MAE R® Accuracy  mAPS50
CNN-LSTM  0.0131 0.1145 0.0892 0.8743 0.9137 63.8%
LSTM 0.0187 0.1367 0.1054 0.8256 0.8945 57.2%
CNN 0.0215 0.1466 0.1182 0.7964 0.8732 51.9%
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The hybrid CNN-LSTM approach achieved an mAPS50 score of 63.8%. compared to
57.2% for the LSTM-only model and 51.9% for the CNN-only model. This represents
an 11.5% improvement over LSTM and a 22.9% improvement over CNN, confirming
the value of combining spatial and temporal feature extraction capabilities. Each
model demonstrated distinct strengths for different manufacturing scenarios as fol-
lows:

LSTM-only Model. Demonstrates superior performance in contexts characterized by
significant temporal dependencies, such as machinery with operational cycles or sit-
uations where deterioration patterns develop over time. It excelled at forecasting the
advancement of tool wear.

CNN-only Model. Most appropriate for situations where spatial correlations among
parameters are paramount, such as systems with numerous concurrent sensor inputs
but restricted temporal dynamics. Benefits encompass expedited training durations
and reduced processing demands during inference.

Hybrid CNN-LSTM Model. This model offers the most extensive predictive capa-
bilities, particularly beneficial for intricate industrial systems where both current pa-
rameter interactions and history trends affect equipment health. Although it necessi-
tates greater processing resources, it attained the best overall accuracy and is advised
for essential equipment when predictive precision supersedes concerns regarding
computational efficiency.

4.2  Parameter Prediction Experiments

To evaluate the real-world performance of our models in predicting manufacturing
parameters, we conducted a series of experiments with different parameter configura-
tions. Table 2 shows the process temperature predictions from each model under vari-
ous parameter adjustments.

Table 2. Process temperature predictions across different parameter configurations (K).

Model Attempt 1 Attempt 2 Attempt 3 Attempt 4 Attempt 5
(Default (Increase (Increase (Increase (Increase
mean) RPM) Torque) Tool wear) Everything)

LSTM 310.09 316.50 314.00 313.13 314.77

CNN 310.71 319.70 310.28 308.50 316.35

CNN-LSTM  311.02 321.30 310.90 300.43 318.88

Figure 2 provides a visual representation of these temperature predictions, highlight-
ing the differences in model responses to parameter adjustments.
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Figure 2 Visualization of Model performance comparison across different parameter ad-
Justments

The experiments reveal several interesting patterns when comparing the three
model architectures as follows:

RPM Impact. Increasing rotational speed by 50% resulted in the highest temperature
predictions across all models (316.50K-321.30K), confirming that RPM has the
strongest positive correlation with process temperature. The CNN-LSTM hybrid
model predicted the highest temperature (321.30K), suggesting it may be most sensi-
tive to this relationship.

Tool Wear Effect. Interestingly, CNN and CNN-LSTM models predicted lower tem-
peratures with increased tool wear (308.50K and 309.43K respectively) compared to
baseline, possibly indicating changes in friction dynamics with worn tools. However,
the LSTM model predicted a higher temperature (313.13K), suggesting it may be
capturing different temporal patterns related to tool degradation.

Model Differences for Torque. The LSTM model showed a much stronger reaction
to torque increases (314.00K) than either the CNN (310.28K) or CNN-LSTM
(310.90K) models, potentially indicating that torque changes have important temporal
dependencies that the LSTM architecture captures more effectively.

Combined Parameter Effects. When all parameters were increased simultaneously,
all models predicted elevated temperatures, but the CNN-LSTM hybrid demonstrated
the highest prediction (318.88K), suggesting it most effectively captures the complex
interactions between multiple changing parameters.
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Baseline Consistency. All three models showed reasonable agreement on the baseline
(all mean) condition, with predictions ranging from 310.09K to 311.02K, indicating
consistent model calibration.

These results demonstrate how the digital twin simulation can help operators to
understand parameter relationships and predict outcomes of different operating condi-
tions. The nature of the three modeling approaches provides richer insights than any
single model could offer, with each architecture capturing different aspects of the
manufacturing process dynamics.

4.3  Feature Importance Analysis

Feature importance analysis revealed which parameters from our dataset had the most
significant impact on process temperature prediction. Rotational speed (RPM)
emerged as the dominant factor at approximately 55%, followed by torque at 22%,
tool wear at 15%, and air temperature at 8§%.

Notably, RPM's strong influence is clearly demonstrated in our parameter predic-
tion experiments, where increasing rotational speed by 50% produced the largest tem-
perature increases across all models (6.41K for LSTM, 8.99K for CNN, and 10.28K
for CNN-LSTM). The CNN-LSTM model showed the highest sensitivity to RPM
changes, suggesting it best captures the mechanical energy-to-heat conversion rela-
tionship. Torque showed a moderate but model-dependent influence, with the LSTM
model demonstrating the strongest temperature response to torque increases (3.91K)
compared to minimal effects in CNN (0.43K) and CNN-LSTM (0.12K) models.

We validated these feature importance findings through cross-validation experi-
ments where features were systematically removed to assess their impact on model
performance. The resulting increases in prediction error closely aligned with our im-
portance percentages, confirming that our feature importance calculations accurately
reflect model sensitivities to each parameter. This validation ensures that the parame-
ter relationships identified by our models represent genuine physical dependencies
rather than statistical artifacts.

Interestingly, the tool wear exhibited complex behavior with model-dependent ef-
fects. The LSTM model predicted temperature increases with greater tool wear
(3.04K), while the CNN and the CNN-LSTM models predicted temperature decreases
(-2.21K and -1.59K respectively). This suggests different underlying physical mecha-
nisms being captured by different architectures, possibly related to changing friction
dynamics as tools degrade. When all parameters were increased simultaneously, all
models predicted elevated temperatures but with varied magnitudes, further support-
ing the complex, non-linear interactions between parameters. The CNN-LSTM model
showed the highest temperature prediction under combined parameter changes
(318.88K), demonstrating its superior ability to integrate multiple parameter effects.

This analysis provides valuable guidance for parameter optimization, suggesting
that careful control of rotational speed should be prioritized when specific process
temperature ranges are required, while being aware of the complex interactions with
tool wear that may differ across equipment types and operating conditions.
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4.4 Performance Limitations and Challenges

Our hybrid CNN-LSTM model achieved a mAP50 score of 63.8%, showing signifi-
cant improvement over individual models, but still falls short of optimal performance
targets for critical manufacturing applications. Several factors contribute to these
limitations:

The overall accuracy metrics (87-91%) are satisfactory, but the lower mAP50
scores (51-64%) indicate challenges in confidently detecting rare failure cases. This
pattern is common in predictive maintenance applications due to the inherent data
imbalance, with failure conditions representing only 3.5% of the dataset.

To address this imbalance, we evaluated our models by predicting process tem-
perature in addition to failure prediction. This approach allowed assessment of model
performance on a continuous variable with direct operational significance while miti-
gating challenges from imbalanced failure data.

Additional limitations include limited temporal context (the dataset provides snap-
shots rather than continuous time-series data), simplified parameter relationships
compared to real-world equipment, generalizability challenges across different ma-
chine types, and the restricted feature set available in the dataset.

Despite these limitations, the performance improvement demonstrated by the hy-
brid model is encouraging and suggests that further refinements in data collection,
model architecture, and training methodology could vield substantial performance
gains in future implementations.

5 Conclusion and Future Work

Our research used CNN, LSTM, and a hybrid CNN-LSTM model to simulate produc-
tion parameters using digital twin technology. Operators can examine parameter rela-
tionships easily with our visualization system, which simplifies abstract parameters.

We combined predictive models with parameter-specific graphics to create an in-
teractive framework for parameter exploration. Operators can quickly study how pa-
rameters link and how they affect expected equipment health with this technique,
making complicated data easier to connect with operational insights.

Our experiments reveal that the hybrid CNN-LSTM architecture outperforms both
independent models in several criteria. The CNN-LSTM model got 63.8%, the
LSTM-only model 57.2%, and the CNN-only model 51.9%. The CNN-LSTM model
predicts better than individual models but uses 22% more computational resources. It
is ideal for critical manufacturing applications where accuracy is more crucial than
computational cost.

Our future work will concentrate on several significant areas of improvement. We
are enthusiastic about using a time-evolution simulation to demonstrate how factors
influence outcomes. To cultivate automated optimization capabilities that enhance
equipment longevity, reduce energy consumption, and balance out production
throughput with failure risk.

We are eager to enhance visualization, too. Our visualization system requires more
realistic models and dynamic effects to accurately depict complex interconnections
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and physical processes within manufacturing equipment. Enhancing model perfor-
mance will help in exceeding current limitations. Utilization of more balanced and
comprehensive training data, enhanced oversampling techniques for the minority
class, attention mechanisms to highlight the most pertinent features, and transfer
learning from analogous manufacturing domains will be implemented.
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