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2.1 lsalwAwaznisuaanasauliia (Power Plant & Power Generation)
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gatagtu Wesanlvindueadeiugrunadvayuianssusn 9 neludinuszdriunaznis
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3) Tsalurnasanudausiu (Combined-Cycle Power Plant) $38nS8UIUASNANIN
fetufeuasfaiulotiddefuiofuussansamnsuanlii fefdeldidomasos
AuALazannsUdee NS aunsEan

4) Tsalvifwasaudamaes (Nuclear Power Plant) TiUjAsendaedesilytulunisude
lothussdugesdmiunyuii Tsslaihdudalwi s uaunnlagldudes fedounsyan
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5) Tsslwitwdsauih (Hydroelectric Power Plant) Tindeudndvssiannideuluns
ey Isdlaihussomdlifisndomaaay livdesfudeunsyan usnszuiumsnoadns
anvdsmansEnURedIndenetelitud ity

6) Tsaliuedeseusdiina (Diesel Engine Power Plant) Wiisfuiliwalunisiiu
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(#1317: https://www.power-eng.com/gas/combined-cycle/a-report-on-combined-cycle-

projects-in-north-america-2/)
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oA Ussnnitldiunnniigadie wesesguiiusaimissiuuvaleduneu (Multistage Centrifugal

A

Pumps) Bansaasiaussiugsivangandmiuiedndgnislot Tassainweniagu
uwiiationaduwuu Diffuser 3o Volute Inewuu Diffuser singnidenitlussuuiidesnis
Uszaniamgaazannisgedendsany nsesguiivariaiunsaesniuulmvuigiuaig

FRINSIFIUNLANANTY T9AUUSUIUNSEYa (Flow Rate) kagisinu (Pressure) WU NS
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wmaiau'n,t,a“msaﬁmaﬂiuwa (Friction Loss) EJaTsalWﬂm‘ummimmamalammmuﬁ

§ aa v a

WSIAUEN LU mualam‘diul,ﬂmnﬂasﬂima (Supercritical Boilers) viiodanigiuasn3ida

(Ultra-Supercritical Boilers) Lﬂ‘saaqusmaﬂ%wmmumﬂw
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(Heat Recovery Steam Generator)

(Fian: https://www.bhi.co.kr/en _page/ime/hrsg_img05_1.jpg)
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2.3 N3538U3VaATA9 (Machine Learning)
2.3.1 flgmnsBeuivaaias

n1sdeusvenases uamidesveslyyuszivg (Artificial Intelligence)

1 eTUNTWAILILUS LSS

' 71 WUR \..*.,- B
1 . sl

(Quant YU NITYIUNYTENULE ‘UFLUﬂiQWIWN% UsLius1A1999

OF TECE

DFIMTUNIWE

2.3.3 yadaya

[

yadeya iussdusznouiididydmiuimuauszansamuesianuy Tneyndoya
wszneude Metsdoyadiuiuvils JausaziedsiiswazdeaiiGoniniliaes (Feature)
wieludaadfiSendn fuusdase (Independent Variable) waznadnsitdmunefidesnis
3ou$iFunin fauUsau (Dependent Variable) wianana (Class) el UszAndninues
nsrvIunIITeuiTusyfun udnvurddyresyndayaluaiuyussidundn Fail (Hastie,

Tibshirani, & Friedman, 2009)
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1) wudegvesyateya yateyanifegsliiemweaiadmalisiuuull
anunsaseuivsedndulalisgauiugl lnsansdlisyndoyaiiliaesinuiuinnvionaesnd
Aranudululivianen wu Jymindesieszideyadadudou n1slidiuiudiediauin

Wigane xigiuANaNnTalunSeusvefiuuy (Goodfellow et al., 2016)

Machine Learning

-

Supervised Unsupervised Semi-Supervised Reinforcement
Learning Learning Learning Learning
---------------------- H H possmssssstessssmmmn
i i §
Continuous Categorical Target Variable Categorical Categorical Target Variable
Target Variable Target Variable Not Available Target Variable Target Variable Not Available

. : NS N I :

H + H H ' H }
Regression Classification Clustering Association Classification Clustering Classification Control

- UIE OF Thu?'

gU3VDIATON

CaNl

1) M3Beuwuuiidasu (Supervised Learing) I¥yntayarinaeunideiiiu
(Label) visanaiagluudaziedne weliiuuuiieusauduiusseniniliaesuazfiuys
Wviune Tnesanuuideulslawn nnsannee@ady, wdnud, suldanduls way Tunsu

Wnsruniiteutulngan k 67 (Hastie et al., 2009)
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2) m3Beuiuuuliifidaeu (Unsupervised Leamning) ldyndayatinasuitlaiiine
v vsenaagluudazsiiegne uwiidunsiinseilasaimsesiuuludeya Wy n1sdn

nau (Clustering) son1saniid (Dimensionality Reduction) Tnesauuuifieuld laun n1sdn

q

NAULUULATY, LLaxmiL%‘sJuiﬂgmmLﬁmﬁu (Aggarwal & Reddy, 2013)

4
=2 o w

3) MIBIUTUUUAR %’agamaauﬁﬁﬂwamﬂu

o o 1 ANaay ° |

WiesuduLagtyaftulidneiiug ijw Seu3 uTenag a1adUIUNN 1Y

Zﬁﬁning (ZNtg,2005)
e ms igifig ey

T nalan 8 lisnsgans onsaflglyiiosous
e Y

&

WS afiniules

ANTAU

info

Observed value

2 Y
G | Random error €
Z 0

f. Predicted value

Intercept 91 {

Y

YDYINY

ml-linear-regression)

miamaalf‘?jaLé’uaeim"l&JLﬁui‘s%ﬁugwﬂumiaﬁ”wﬁaLmemé’uﬂ’ué@qLe’iuiwdw
Fudsnuuaziiulsdase iesiifieilasauufinnuduiussenineduusiaeaduds
duegrstaau Fdfnnguninadfvarldfunnilvlflunudumaioudvennies
dmfunmsiuneuarIiagiveyaldausuna (Hastie, Tibshirani, & Friedman, 2009)

HUFIUVINTOANREITUFUADN I LEUNTINANgANR S UIEANNFITUSTEN IS Lag

LAUATINWNUAIE AN


https://www.geeksforgeeks.org/ml-linear-regression
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BO + lei + & (2.1)

Tnen

y AD ANUDIAILUTAL

LpAALAZ U € & (lpdependence), fiAu

7 (Normality)
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2.5 Msannegldadunyan (Multiple Linear Regression)

Y

M

 pi
%

Wl

UAIL USRS ) \* W3
AL USDAS ’1‘EJ “’ T

= b (2.5)

Tned

Bo Ao duAnLny Y 10A1983 Y e Xq,Xo, .., X = 0
B1, B2, .- Bk Ao duuszavdannesdiuansianisidsunlacwes ¥ ie X;

Wasuldniladiy lneNdnusdasyounad

awsfiwes Bo, B, - -, P Awauleedsidsaesdosigaiioninasiuvesiaidsves
1 d' L4 DR 4 dl
AANUARAReUliiAtaeIgn

SSE = Y- 1(vi — (Bo + BiXi1 + BaXiz+... +BxXix))? 26


https://statsandr.com/blog/multiple-linear-regression-made-simple/)
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nsiwnd B awnsavhlalaonisldwving@ady wewidgymludnuazinly
B = XXXy (2.7)

Tne

Wiélwouthag:IIaﬁz;ﬂan "I:ﬂﬁ‘- Rle-gularization
(Overfit) (Good fit)

JUN 2.9 wadasnialsdwdudmsuduuunsonoeedady

(Fian: https://www.analyticsvidhya.com/blog/2021/11/study-of-regularization-

techniques-of-linear-model-and-its-roles/)



https://www.analyticsvidhya.com/blog/2021/11/study-of-regularization-techniques-of-linear-model-and-its-roles/)
https://www.analyticsvidhya.com/blog/2021/11/study-of-regularization-techniques-of-linear-model-and-its-roles/)
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nsnnneBudumesnAalsdwtuidumataiiiudasndnlunseuiunisuseuna

a k4

AN LADS VORI UVDANREITLd W LW oandguialnududaui ulivesdanuy

Nada o

(Overfitting) lagianizlunsalndduusdaseduruunniefinuduiusiugs ey

wWhvsneveasnianlsdiwduarileiduading (Penalty Function) /s ¢ail

.2 N3N0 AYL
-

%@ij‘%mﬁuu

Masaesvesdudszdns [ vl

wuuiiadesnmanniy uiavifiuaneni (Bias) 1antos (Hoerl & Kennard, 1970)
Objective Function = SSE + A - Z}‘zlﬁjz (2.10)

2.6.3 nsanaasuuudandnniin (Elastic Net Regression)

v

n1sannegkuudaainis Wuduuunivauduniiensulanddedines n1s
annesluduluuagly war MInaneuldaduwuuIad lnslanzlunsdindeyaiiduusBase

Punnuaziiauduiusidadugs nsanasswuudatafinidn nauNaIusEnINNIsLY
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Handuasng NeutaAuesialslunisinnisnulymanududourasiuuuiaznis

AnaaNALUS %Qﬁgmwuéﬁﬁ
Objective Function = SSE + A (« Z}‘z 1|B]-| +(1—-a) Z}L 1 sz) (2.11)

Iﬂa‘ﬁ o Huns1dwmess o tGIaGRMIEEAT K gl 2-Regularization (Zou & Hastie,

3’ -I'-I-llr'- L
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Guswlsdfyfidanuduiusin s ol 1na 0 fuuudanisiu Jywdulsdased
PnuduRusILduassenieiulan wilidansaandiuusildddgeants Fanisdensdn o
Mmunzauininiun1snsIgeuauamgauraiuuleidIvIueiy agyielinsiuen

daduimngauiian (Zou & Hastie, 2005)
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(Fian: https://gph.cf2.quoracdn.net/main-gimg-1e97a0clfc7c5bac2e67bcbe2ec08d82)



https://medium.com/@tavishi.1402/regularization-techniques-lasso-and-ridge-90d3cc73ca4c
https://medium.com/@tavishi.1402/regularization-techniques-lasso-and-ridge-90d3cc73ca4c
https://qph.cf2.quoracdn.net/main-qimg-1e97a0c1fc7c5bac2e67bcbe2ec08d82
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NUFIUVDIAUUNITONDDEBUUTNNDSALINLADS UBTU TTH N TuL 18 as9

<9

TPU Ningaufianlunsvingawesiiulsnu lnesyunuiignivualagaunis
f(x) = (w,x)+b (2.12)

||1 rr|

LY 3 l hmﬁ u“

uu'mf X) mmia s ﬁ' e

ANPLAADUY FILUUIY

Tneszuu f(X) #essesiudodia (Constrain) dail
(w,x) —b <e+§ (2.14)
(w,x) + b —y;< €+ & (2.15)

§&,& = 0 (2.16)
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WiaiiANNEAvg UYL aunsaidenldilenduinesiua (Kemel Function) Live
Proulastayaludanunfianusadnuunuieiunelafdy davangdmiuteyanidaiy
Fudaugs Wi wasiualuulndludlea (Polynomial Kernel) wagiAdsiualuulsiAgalua

(Radial Basis Function, RBF) N150A008wUUTWNasALINADSwuvdY Sadudawuud i

nananuLazanaiiies ‘(JU"’U’EJ‘IJ’U@QV\ ;/iﬂjﬁ‘ﬁ@y,a 195
‘\N _-lll""

X o(x)

2 uuag ST

:m https: ‘ :

2.8 N304

AN5000 0 TRWUF

(Tree Structure) Tun1sAmude i G]’JLLUi@ﬁiuIﬂHﬂWiLL‘UQ“UBNa@’e]ﬂL‘Uu

dugay (Partitions) AuAMAN B ”fgﬁamluLmammwaﬂﬂﬁaaswmulu nsustitg

9

anAULUSUTIULAEILANLLLLEweINSATUY (Breiman et al, 1984)
msassuliFaduladunnlvunsin (Root Node) fvlsznausetoyasnualuyn
Yoy vinmsuvsdeyalaensidonqudnuusiifianuddygean vieiinadordulsny
wnilan nsutstazdniunisluusasinunges (Child Nodes) auninasdsdoulunga
wiu laifideyamdedmiunisudadia viefsnudngsgaiifivun nasinsudsdoya Ao

ANRANAIANSIEDY (MSE) TaAnuudsusiuvasasinusaulunsasluug waziiann1swuai


https://www.saedsayad.com/support_vector_machine_reg.htm
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anA1 MSE launnign wielilvuagarnedanlndifieaduaasanniign Weasesuldiade
nsviungAgaiunsiaediAfmuUsBasuiingauld unldaunaulnusinsaiueuly

quislulsl (Leaf Node) @slsimviuneuaaasvessuusauneluliuniiu (Loh, 2011)
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n1sanaesuuuigy WuatoonAat nesenandulddndula Inslduuiannis
Bouduuusn (Ensemble Learning) WialfiuAsusiugiuazandofianainvesnisinuig
AauUsn Inslawzdlodeyadirnududouniefififgs suuuivhanlaonismumadng
MnuaeduliiFnaulafiaieduogiedy WeanmiuousauaramuilsUnuresiaLuy
(Breiman, 2001)


https://www.researchgate.net/figure/Example-of-a-decision-tree-regressor-We-denote-the-training-dataset-of-the-RF-algorithm_fig2_370309954
https://www.researchgate.net/figure/Example-of-a-decision-tree-regressor-We-denote-the-training-dataset-of-the-RF-algorithm_fig2_370309954
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Original fraining data
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I
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N

Average all
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|
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5UN 2.15 viannisvinuvesiiuuunsanneswuuig

(Fan: https://\vwerra.github.io/dslectures/lesson06_random-forest-deep-dive.html)



https://www.datacamp.com/tutorial/ensemble-learning-python
https://lvwerra.github.io/dslectures/lesson06_random-forest-deep-dive.html
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nsanaeskuulduTIAvhuigandulddndulageslaenismaiadevesmaansilaain

fuldavue Faruinlaann

f(x) = = XT- 1 f(x) (2.17)
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v

1
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passed as input to the next Results aggregation
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U 2.16 N38UIUNTT Boosting dmTunsHNHufILUUMEMELUIAANISITEUTLUUTIM

(‘171341: https://lvwerra.github.io/dslectures/lesson06_random-forest-deep-dive.html)



https://lvwerra.github.io/dslectures/lesson06_random-forest-deep-dive.html
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(ﬁm: https://medium.com/@fraidoonomarzai99/xgboost-regression-in-depth-

cb2b3f623281)



https://www.researchgate.net/figure/Different-tree-structures-and-split-indexes-shown-inside-each-node-generated-by_fig1_373472181
https://www.researchgate.net/figure/Different-tree-structures-and-split-indexes-shown-inside-each-node-generated-by_fig1_373472181
https://medium.com/@fraidoonomarzai99/xgboost-regression-in-depth-cb2b3f623281
https://medium.com/@fraidoonomarzai99/xgboost-regression-in-depth-cb2b3f623281
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2.11 msnmamwuuﬂwgaﬁ (CatBoost Regression)

13 . | (% a v Y
ﬂ’]iﬂﬂﬂEJEJLLUULLﬂVquJJﬁG] (CatBoost Regressmn) L‘UUWJLL‘U‘Uﬂ’ﬁLiEJUELL‘U‘Ui'JlIG]’J

(Ensemble Learning) fiWmunuan Gradient Boosting Decision Trees (GBDT) lnaiins

v a

sanuuulviaiunsndnn1siuloy 7131393y (Categorical Data) lAagn4d

%l One-Hot Encoding Fadu

DYUALATLNUANY

T

shown-inside-each-node-generated-by figl 373472181

ASEUIUNISNUIERAITNAaTINvRIAIAInnIsalanaulilfndulanatedunasaduludsu
Y94 Gradient Boosting usiazsuldazgnesnuuulviiganteiinnainivdeanduldneunin

dealvisuuuiianuuiugrgauaganunsadnnisivteyandudeuls


https://www.researchgate.net/figure/Different-tree-structures-and-split-indexes-shown-inside-each-node-generated-by_fig1_373472181
https://www.researchgate.net/figure/Different-tree-structures-and-split-indexes-shown-inside-each-node-generated-by_fig1_373472181
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2.12 n1sanaeeuuulan’atidy (LightGBM Regression)

nsanneswuUlaiddidu (LightGBM Regression) tlusanuunisiseuiuuusiuda

(Ensemble Learning) ifmw1duainwdnnisves Gradient Boosting Decision Trees (GBDT)
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g‘dﬁ 2.20 N5¥UIUNIT Histogram-based Decision Tree way Leaf-wise Growth Strategy

(‘1'7im: https://www.researchegate.net/figure/Schematic-illustration-of-the-histogram-

based-algorithm-and-the-model-training-strategy figl 361130234)



https://www.researchgate.net/figure/Schematic-illustration-of-the-histogram-based-algorithm-and-the-model-training-strategy_fig1_361130234
https://www.researchgate.net/figure/Schematic-illustration-of-the-histogram-based-algorithm-and-the-model-training-strategy_fig1_361130234
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2.13 Iasevnausyanmiion (Artificial Neural Networks - ANN)

Taser1eUszamifion Wufmuwuuilesunsaiunnalaannlaseas1auasnisyinauyes
wanUszamluaueuywd (Biological Neural Networks) lagdin133nn1sdeyaniuduyes
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Uszananadeyanmeilendunsedu


https://www.geeksforgeeks.org/artificial-neural-networks-and-its-applications
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X
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https://builtin.com/data-science/deep-learning-python
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- Momentum tRuengulluuduly SGD wWiatelnisusuans dwasiniy
$1USULNTU Tpsannisauve N siRgulufemenlus
- AdaGrad U5usnsnsiSeus (Leaming Rate) lagdnludfdmiuudagnisniiines

- RMSprop Waiueean AdaGrad lngldaaasainivtinasansifeudniasdes
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JUN 2.24 nszuiumsanteiinnaiamikuulaglituneuismannsaunan

(ﬁaﬂ: https://link.springer.com/chapter/10.1007/978-1-4842-6513-0_3)



https://medium.com/@xsankalp13/a-beginners-guide-to-neural-networks-forward-and-backward-propagation-explained-a814666c73ab
https://medium.com/@xsankalp13/a-beginners-guide-to-neural-networks-forward-and-backward-propagation-explained-a814666c73ab
https://link.springer.com/chapter/10.1007/978-1-4842-6513-0_3
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2.13.1 IasevguszaniisuBedn (Deep Neural Networks - DNNs)

lasaneUszanifiendedn Wuduuudiugiuuianiuifnvedlassiieussam
= a = 1 N = % v d‘
Wen Tnsiiuadudineedasewie ieiuauaunsatun1sisousLasUseaianatayad

FULDUUINVU LATIVNOUTL AT LT

FIUIUNIN ‘1/‘|’ﬂ,g ST Tuvanny aTowag. 11 '3
AWIFTIUVGE qmmwiﬂw wng (LeCH al,, 2015)
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CNNs
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(Filters) W3aiAasiua (Kemels) Tun1sauiaAaNuduiusrasingalazananudugauue
Taya MlvauisalseuianvaedAglaeg1elused@niain (Krizhevsky et al., 2012)
TassaravadasseUssamifisnddainunisusyneudeesdussneundndaelud

1) dunsuligiu (Convolutional Layer) viwithiifsandnuazddnlnelifawmediiou

sudoyadunmiioaniiivesnmuasiiudnuasiddy WU veuLasiuin

o


https://medium.com/@zomev/deep-neural-network-dnn-explained-0f7311a0e869
https://medium.com/@zomev/deep-neural-network-dnn-explained-0f7311a0e869
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2) HuysanIseasan (Pooling Layer) anvunnvediliaasuum (Feature Map) lagiien
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Language Processing - NLP) LLaxmiwmﬂiiﬁﬁfljaQa@ﬂmm (Time Series Forecasting) Il
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https://developersbreach.com/convolution-neural-network-deep-learning/
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3UN 2.28 Wisuiigulaseaialasetieussanniiennnduina 3 sUkuy

(‘17|‘|1J’1: https://aiml.com/compare-the-different-sequence-models-rnn-lstm-gru-and-

transformers/)


https://pub.towardsai.net/whirlwind-tour-of-rnns-a11effb7808f
https://aiml.com/compare-the-different-sequence-models-rnn-lstm-gru-and-transformers/)
https://aiml.com/compare-the-different-sequence-models-rnn-lstm-gru-and-transformers/)
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sklearn.model_selection.train_test split
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3.4.1 msnsdeukaryTulnslasaiedaya
1) Mslvanuazasiadeutoya

Toyan [Wlunuwidegnundluguuuulng Excel (BFW-Axlsx) lngssy

sheet_name='Sheet1' uaglnanidndlusunsusielausis pandas wouuanidaya 10 ko

Y
( WIS UTIUIUF LY ﬂHﬂJu‘U@ 615
a A
a v
U
A —

19008 LAY

ynsasnasn

T¥nsnsvaeuteyaiiaun@sneununmngss (Box Plot) tilauaniAfiegnisaind
Uniiogs Tngldmaiia IQR (Interquartile Range) tiadnn1sAnAnund Tnsvihnisaudoyad
9EUONTIVBUVL (Maximum) uazveuans (Minimum) seniiiedanisdeyaiiaund

3.3.3  msaaneiuazulasdoya

1) ﬂﬂi‘iLﬂi’lzﬁL‘Tmﬁ'ﬁ’m‘ﬁ'i}u‘ja (Exploratory Data Analysis - EDA)
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Igadi@mdeanssaun (df.describe() woaguAmeada wu Anade Ardulesuy
UINTFIU WALAIN- o8N WAAIAINFUNUSTENINILUTAIBUNUNMNTEINY (pairplot)

WAZUNUNINANUFUTUSIEY (correlation heatmap) Liaseyindmilslatinasiaidmvane

P ——

Correlation Heatmap
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025
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’lﬁ]dfmaﬁiaﬂ’liami’]sm g modl VIF quﬂﬁgqimqaﬂ

3.3.4  MsiaTsuvaLaEIns

153 I e e TS Metticollinerity)
oo AR Variancw Factor) Waseyin

fnkUstniln el

ANEARY VS OFNODR

1) nmanuadwusidunewazillsdasy
Avun Target Variable (y) wag@iuusdase (X) dmivaiialuuinass
2) msuFuruadeua (Feature Scaling)
ldwnaila StandardScaler Tunsusuanteya (standardization) Tieglutiaseaiu
WielimuuunsBeuivesaioaarmsBeusiddnanmsavianuldedieiiussansam

3) msuusyadeya (Train-Test Split)
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wUstayasanidu yarn (Training Set) 80% FadT1uIu 18,638 A10813 Uavyn
yadau (Test Set) 20% 31U 4,660 39819 LNUSEIUUTLENTAINVBIFILUY

MRINEIUNTTUIUNTIAWTEUTaYae 4 Tunau tnyntayaniamuningsiu niay

9 Y

dnsunsnmundkuy lnedayaiiiiadaanau 23,298 f1ae1d wavil 18 AuaNYaY

Y
q

(Features) fiayl4lunas

auvs et uddeilla
GUSITIAN LN ALALA FLLUUN
Juluaunveuluifnn

U8asY, . NS

't!@l‘llﬂyﬁﬂﬂﬁlu 'qmmayawaau }:

| i

‘é AszvIUNIARdenmLUsaasETdAALERyAmouly
fiwuduunaEeug — FuuumaEeug

Vi

w . .
AuIUTUAIWIEHNEST

IaUszENSAMNNTYITUNE

5UN 3.6 nsaULAANTHRILMLUUNSSEUS
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3.5.1 N1SANLABNAILUIDATLHIMSUNITWAILIA LU

YAUDYATIHIUNTZUIUNTTIIAINAZ R IARAZ IS BULaITTgnuUeanTu 2 diu
Y
Y

Y
wan laun yadeyaindu wazyndeyanagey nduyadoyans 2 druazgnindnd

9

ASLUIUNITAUNILALANNITAALEDN

7iinndAgusazRouly Tusuidei lols

- NIOANDYUTILUULI NN Ty stitarized Regression)

- NIOANDYUUUTHNB TALINLAD TUUTTU (Support Vector Regression)
- Msannvauwuuiuliandula (Decision Tree Regression)

- m3anneewuutds (Random Forest Regression)

- MIANDBULUULENTYA (XGBoost Regression)

- NIDANBELUULANYE (CatBoost Regression)

- Msanaeeluulaidton (LightGBM Regression)
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2) FIUUUNSIIEUSITIAN (Deep Learning Models) Aluunsiieusigednildly
3Fed laun
- TassteUssamiivu®edn (Deep Neural Networks - DNNs)

- TasevneUsyameuinnau (Recurrent Neural Networks - RNNs)
ts - GRUs)
wj ng Short-Termsilemory - LSTMs)
.% Tt~
R |

SearchsaunU Kefold Cross-

NN NSEEE iAo Sirinlul el AR TSR A ROk Cross-Validation

ﬂﬁﬂﬂﬂﬁ]ﬁlLL‘UUaﬁl‘.

USuaunasening L1 uay L2

- Regularization
NS0ANRELUUTNNBIAINADTUNYTY | Kernel, UFuilandunesiua wavamuay
G, YOUAVBIAIAIANITEL
epsilon
nsanneekuuiuldfndule max_depth, ATUANVLALAELATIET9VRY

min_samples_split, | fuliisinaula

min_samples_leaf
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. QURTHTIIR . .
AUU . A3 UNY
WIFENDS
nsannegkuuUEy n_estimators YFudwusulduasUiumnuan
max_depth vossulsl
NNSONDBULUULDNIUE YSusnwuauldl waydnsinisnns

LU ¥1' 19

g ?@‘}nﬂuaamu FAS9

3aleRuIN

——
aarnj _

a

gu3 (leamning rate)

USulpseabaavedlaseneiitoiy

CUsyaviEa IS UUTVDIF LU
Y
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- dudsBaseynduds

- ThuusBaseiiiien P-value <= 0.05

- TdWudsdasedislen P-value <= 0.05 wag VIF <= 10
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wUsDasElneNaN5aNINA1 P-Value <= 0.05 Fadutnausinuanamuduius eanan

fudAyseninsuusnunagiulsdass nansdadonlunsdidusnglu mseil 4.1 3
WU31 BFW#1 MOTOR_BEARING TEMP#A, BFW#1 MOTOR BEARING TEMPH#E,
BFW#1_MOTOR _BEARING TEMPHF waz BFW#1 PUMP_BEARING TEMP#B gnfneanain

aa i

soUlUFILUU dnsunsainiay

= a U a a A ¥ a0 J 3 4
INSNITUA sy Inalyiigsiasosdian P = 0.05 WU wAgIneg
: ~¢ v ¢ ' %
> Ugyma WU TEUINILUS

a Q = I

sl REatave:

—
—
% a

fnUsdaseiilosannludu

AT g ATEF IR anaeslaym

AN LUTNRDUL LER 15799 4.2
h

R W \DIN MP#B,
. )

N N anlu

3 Um?"apw s

e PValue

8 i
1P T 0.0

PUMP; 3 10,
MP_BEARINGL T . . =, Fodoe
BF TOR BEARIN 260 8249
BFW#1 Y BEARING TEMP#B 0.00003 8.4596

-

BFW#1 BEA A 253843
BFW#1_BEARING H n 10.3919
BFW#1_MOTOR WINDING TEMPHA 0.0000 32.2614
BFW#1_MOTOR_WINDING TEMP#B 0.0000 36.4709
BFW#1_MOTOR_WINDING TEMP#C 0.0000 4.6728
BFW#1_MOTOR_WINDING TEMP#D 0.0047 39.9747
BFW#1_MOTOR_WINDING TEMPHE 0.2045 40.2824
BFW#1_MOTOR_WINDING TEMP#F 0.6818 29.2201
BFW_PUMP_DISCHARGE_PRESSURE 0.0000 8.9362
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AUIDETE A1 P-value AUl VIF
GTG11 POWER 0.0000 1.3497
GTG12 POWER 0.0000 1.3332

A15199 4.2 N5ARLA

32 lUNITAS19A L

a ¥ ¥ 1 v a
TILFUNNAUNILATNYU VIF

NAMUNILAINYU

<= 10 (50U /
Fauladesy— W o )
1 PUMP™ c { Ef- Yy \Toe
#1“POMP FRANES N € S
FVtbde p e av
BFW#1 i8R A
w1 JBEA Bk 59 L
Wi p ~
BF '
WH#1 MOT =
1" D | ne
W PUMP_DISCRIARGE, P E 5965 §
OWE 3365 A
POWER 1.33
M »
5197 4.3 ﬂungﬁquq Teaneil VIF

<=10 (sam‘?i 2)

faUsDasy fvll VIF
BFW#1 PUMP BEARING TEMPHA 1.9687
BFW#1 PUMP BEARING TEMP#C 1.6983
BFW#1 MOTOR_BEARING TEMP#B 2.6387
BFW#1 BEARING HOUSING VIBR B 1.4113
BFW#1 MOTOR_WINDING TEMP#C 3.6350

BFW_PUMP_DISCHARGE PRESSURE

1.6990




r

AUIDETE AYU VIF
GTG11 POWER 1.3172
GTG12 POWER 1.3846

NAANGIN

T UYDIG E

-Val '-G 051y ".ﬁl A

Fl‘ . ”.7 N " U
21 f"f"mu A6 Lg hg L9

PITEUUTZANTAINU DI T8

) aaa@ué’uwn@m (Multiple

MLUUNIOANDLTILEUNYAN

Aa
v

(uUsdaszisian P-Value 23.3749 0.9721
<= 0.05)

ﬁ?LLUUﬂWiﬂﬂﬂ@ﬂL%ﬂLﬁUWWﬂm

(dguusdasyiifien P-value 36.4519 0.9565

<= 0.05 wazsvl VIF <= 10)
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lag3uil 4.1 uaz 4.2 wansliwiudanansenuvesnisAmbondiuusdasese
UsgvBnmuasinuunisanneaidadunvan lngfunuunldmuusdaseniiwas fauuud
Tdinauei P-Value < 0.05 dlA1 MSE IndiAssiumazian R2 gegai 0.9721 Fauanafiandny

wsiughgean Tuvasidnuuuilfinas P-Value < 0.05 uaz VIF < 10 i MSE gs?u 36.4519

LarA1 R? anag 0.9565 UALUSIUAILUUT B8RRI

E\\/7Z7Z73

Wisuisuduuudszinsamdiuuunisaanssaduidadunvan

ERRGN

A8ARANAIANIAIEBLRAY (MSE)

50.0000
=2 36.4519
& 40.0000
@ 30.0000 23,3543 23.3749
€ 20.0000
| € 10.0000
=
g 0.0000
r = . - FILUUNIOAADELT
( . . FILUUNITANDELT .
FLUUNITOANDELT Y LA
) . aunvA v L
. Ao v L (asuUsdaseniian
| v, L . (osuUsdaszidian
(lysuusdasznnen) P-Value <= 0.05
P-Value <= 0.05) . -
uagavl VIF <= 10)
| fenannidiaeade 23.3543 23.3749 36.4519

fluu

smaam%q%.w 28A1 MSE
OF TECEL
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WisuiguiuuulsEansaniuuuannaeBadunvan

s Q‘ L
fraaduUsEansuanan1sanaula (R?)

1.0000
&
ﬂg 0.9900
= 0.9800 0.9721 0.9721
s
S 0.9700
& 0.9565
2 0.9600
q§ 0.9500 . —
g . . FILUUNITORNDE
2 FILUUNITARADE FILUUNITONADE e
e oo o WaAUNYan
« Waaunve Waaunvan v
v, vy L (asuusdaszidian
(lwfuusdaszn (wfuusdaseniiag
. P-Value <= 0.05
) P-Value <= 0.05) . -
wazavil VIF <= 10)
B duUsrAvtuansnsinaule 0.9721 09721 0.9565
Fuuy

S AYIDT

A A
YAYAY

R r, L B o
gmived s A
° S

By N A 4 o aaL%ué’uuum%mﬁ’sa“aﬁléfuﬂamimaaq
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Ynnldnadns Aan151eil 4.5 wuimnsfiwesfinngavesinuuisninailsdwduiien Alpha
WAy 0.01 19 3 MILUU ag A1 L1 ratio WA 0.80 @wmSUMLUUNITIAN0ITILAULUUD

anafniiia
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A15797 4.5 FennsdwesnisAunuuduvesikuuanaesiudusuusnianlsdwdu

ALY wisdiees | aduviuuugu | wisiimesaange

FILUUNITONNDELTLEULUY
Alpha 0.01,0.1, 1.0, 10.0 0.01

analy (LFudsdasenne)

muwmamaam i

uina (lUsudie mqﬂ “’q k

' ‘ 00 10.10.0
-.—l-".-.i-

0.50, 0180

.
ﬂ m
SRl 5151971 €

[
=
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(gfudsBaszyn)

FAILUUNISOANDELTUFUBUUUSAR
23.3543 0.9721

(sudsdasenné)

ALUUNITOANDELTILEULUUDAN
23.3810 0.9721

afnuile (duusdaszyni)
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4.3 NM5E319AUUVANNBYLUUTNNESALINLAD T LYY

[

lunsafreduuuanaegdnnesannmeflueduludsnsasiiuy 3 Nl feil
- TdsuusBasenneuds

TosuUsdasenilpae

VRYUINAGR 5

RICRRREL

TOUNY VYV

ey
T : o Nt riee'| ¢ F
fiisd ‘l 'j?'ﬂg' . ’PH 3
N o el G | 7
BF \‘?4}- HOUSINE=VTBRAN At/ 03693 , 2
[ .
Y L
e TeR “YuiNpr 5

BFW#1 \mk TEMPHA 005263 ‘/ 3
BFWH1_MOTORNINBING ’1' 4 DF "\ Bhp q
BFW#L MOTOR WINDING ™ PEMRHE] 00885 5
BFW#1 MOTOR WINDING TEMPHF 0.0467 6
BFW#1 MOTOR WINDING TEMP#B 0.0440 7
BFW#1 BEARING HOUSING VIBR B 0.0414 8
BFW#L MOTOR BEARING TEMPHA 0.0284 9
BFW#1 PUMP_BEARING TEMPH#A 0.0231 10
BFW#L MOTOR WINDING TEMPHC 0.0219 1
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CPIRIELL b ANAUAIATY A19UANNEIAY
BFW#1 MOTOR BEARING TEMP#B 0.0188 12
BFW#1 PUMP_BEARING TEMP#C 0.0107 13
BFW#1_PUMP_BEARING TEMP#B 0.0106 14
GTG12 POWER 15
GTG11 PO 16

SyUIUNISUTU 19195 C way

E = @ 1 1A
Siton LWBn UIN AN

Traud My 719UN4

e AR N I

LU L 1400, 1
L&) < o N ' &
y epsilon 0.1, - 5
() naYyll
s . g A~
2 (! A.'}y
ikt UNNgA
ﬁ/‘ I 1,05 0.5

o

AU

AILUVONDD ot OF -E : : 100

nnwasuudy (199

AsiAaudfanniian 10 )
Y : epsilon 0.1,0.5 0.5

ANRULLSN)

NMUSEUTUUEaVEA nvasikuUlussed 4.9 nudduuunldfulsdase
NNEaslA1 MSE sfigail 13.5573 uariiA1 R aafignil 0.9838 wandliiiuianiuuaiugl
gegmlunisvinensiingsany Tuvaeimuuunldmulsdaseniinanuddguinign 10

Y 9

Aeunsn 1 MSE TnalAesiufe 14.2818 wazAn R2 WU 0.9830 @usiwuuildmuwlsddass
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AU INTidn 5 ardunsn danuniugranaudniossis MSE windu 20.8288

wawA1 R2 Wiy 0.9751 fsgudl 4.5 uae 4.6 maSeuiieudsnandulmiuiemudfy

Yaen1siienfiUsdassinseunguiiisanaiivelulafuuuisianuutiugilunisinggege.
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Interactive Chart: Predictions from All Models with Confirmed Anomalies
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- ia3eadleTaiild: SIKA waz RECKMANN wieudmaianfiow (Alarm, Trip)

A153AsEAULENNY (Oil Level Measurement)
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- L1221, LI 222, LI 224, LI 225: Sasyduiinsiuiinuss
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- LC 221, LC 222, LC 223: myuauseaiuindiugnlulia

4.2 faisaunaLnas (Motor Housing)
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nsingumgliveainueined (Motor Winding Temperature Measurement)
- TE 522B, TE 522C, TE 522D, TE 522E, TE 522F: i’@qmmﬁwmmamamaﬁu
weiagina (U, V, W)

- Asesileiafle: Resistance thermometer w¥anszuULiou (Alarm, Trip)
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from catboost import CatBoostRegressor

from lightgbm import LGBMRegressor

# Deep Learning

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense, Dropout
from tensorflow.keras.callbacks import EarlyStopping

from tensorflow.keras.optimizers import Adam
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# Model Selection
from sklearn.model_selection import RandomizedSearchCV, train_test split, KFold,
cross_val score

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score,

make_scorer

import warning

#Change all columns to n
for col in df.columns:
if col I= "TIMESTAMP":

dffcol] = pd.to_numeric(dffcol], errors="coerce’)
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3. mMsIansANIndaya

# Check for missing or invalid data
missing_data = df.isnull().sum()

missing_data

# Display summa

Ao
i
(F 1

.........

UGy

(T TIMESTAMPY,

e

plt.legend()

plt.grid(True)
plt.tight layout()
plt.show()
# Plot all parameters overlayed in a single graph
plt.figure(figsize=(20, 10))
for col in numerical_columns:

plt.plot(df[ TIMESTAMP, df[col], label=col, alpha=0.7)
plt.title("Time Series")
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plt.xtabel("Time")

plt.ylabel("Value")

plt.legend(loc="upper right", bbox to anchor=(1.2, 1))
plt.grid(True)

plt.tight_layout()
plt.show()

3 Data Ar is (EDA):.* -,
0 J.L d A fﬁﬂmﬁ‘é‘{ﬂhﬂh .

P N N

b, R
| LLL II
i

sns.heatmap(df clean 1.corr(), annot=True, cmap="coolwarm'’)

plt.title('Correlation Heatmap')

plt.show()

#Handle Outliers with a Boxplot

columns_to_check = df clean_1.drop(columns=[TIMESTAMP']).columns
for column in columns_to_check:

plt.figure(figsize=(8, 6)) # Adjust figure size as needed
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sns.boxplot(x=df clean_1[column])
plt.title(fBox Plot of {column})
plt.show()

# Function to handle outliers using IOR

# Define the target variable
target column = 'BFW#1 _MOTOR_ACTIVE_POWER'
X = df clean.drop(columns=[TIMESTAMP', target columnl)

y = df clean[target column]

# Split the data into training and testing sets

X _train, X_test, y train, y test = train_test_split(X, y, test_size=0.2, random_state=42)
print(X_train.shape, X_test.shape, y_train.shape, y_test.shape)
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# Standardize the features
scaler = StandardScaler()
X _train_scaled = pd.DataFrame(scaler.fit_transform(X_train),

columns=X_train.columns)

X train_pvalue = X train_scaled[p value_ features]

X test pvalue = X test scaled[p_value features]

model.summary2()

# selected col =

[BFW#1 PUMP BEARING TEMP#A''BFW#1 PUMP BEARING TEMP#C''BFW#1 MOTOR
_BEARING TEMP#B',BFW#1 BEARING_HOUSING VIBR _A'/BFW#1 BEARING_HOUSING VI
BR_B',BFW#1 MOTOR WINDING TEMP#A'/BFW#1 MOTOR_WINDING TEMP#B','BFW#1
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_MOTOR WINDING TEMP#C',BFW#1 MOTOR WINDING TEMP#D',BFW PUMP DISCHA
RGE_PRESSURE',GTG11 POWER','GTG12_POWER']
# vif_cal = calculate vif(X_train_scaled[selected col])

# print(vif_cal)

selected col 2 =

else:
# Use permutation importance as a fallback
perm_importance = permutation_importance(model, X train, y_train,
n_repeats=10, random_state=42)
importances = perm_importance.importances_mean

# Create a DataFrame of feature importances
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importance_df = pd.DataFrame({'Feature": X_train.columns, 'Importance”:
importances})
importance_df = importance_df.sort values(by='lmportance’, ascending=False)

print(importance_df)

# Return top_n fea

return im a*df.head(to Fe ur
from skle odel se g& i

"l.values
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(X

"Support Vector Regressor": {'C": [0.1, 1, 10,100], 'epsilon": [0.1, 0.513,

"Decision Tree": {'max_depth'": [5, 10, 20],'min_samples_split" [2, 5,
10],'min_samples_leaf" [1, 2, 5]},

"Random Forest": {'n_estimators": [100, 200], 'max_depth": [10, 201},

"XGBoost": {'n_estimators': [100, 200], 'learning_rate": [0.01, 0.1]},

"CatBoost": {iterations': [100, 200], 'learning rate": [0.01, 0.1]},

"LightGBM™ {'n_estimators" [100, 200], 'learning rate": [0.01, 0.1]}
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}

# Store results

results = [J

o

A A A
NI TS
L 4T TCT

-

e

l'}‘ =i|":|

}
# Loop through datdse
for data_name, (X _tr, X_te) in datasets.items():
print(f'"Evaluating {model _name} with {data_name}...")
# If the model has hyperparameters to optimize
if model_name in param_grids:
search = RandomizedSearchCV(

model, param_distributions=param_grids[model_name],
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n_iter=10, scoring='neg_mean_squared_error', cv=3, random_state=42,
n_jobs=-1)
search.fit(X_tr, y_train)

best model = search.best_estimator_

t'i.:"'.'lll 21820

print("Experimé
print(results_df)
# Find the best model and configuration

best result = results_df.loc[results_df['R2'].idxmax()]
print("Best Model and Configuration:")
print(best_result)

#Regression (P-Value & VIF)

X _train_vif = X _train_scaled[selected col 2]

X _test vif = X test scaled[selected col 2]
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model reg = LinearRegression()
model reg.fit(X_train_vif, y_train)
y pred reg = model reg.predict(X test vif)

mse_reg = mean_squared _error(y test,y pred reg)

strics=['mse'])

restore_best weights=

# Train the model

history nn = model nn.fit(
X _train_scaled, y_train,
validation data=(X test scaled, y test),
epochs=100,
batch size=32,
#callbacks=[early stopping],
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verbose=1)
# Evaluate the model
loss, mse = model_nn.evaluate(X test scaled, y test, verbose=0)

predictions model nn = model_nn.predict(X test scaled)

model_rnn = Sequentia

model_rnn.add(SimpleRNN(128, activation='"relu’, input_shape=(X_train_rnn.shape[1],
X_train_rnn.shape(2])))

model_rnn.add(Dense(64, activation="relu’))

model rmn.add(Dense(1)) # Single output for regression

# Compile the RNN model

model_rnn.compile(optimizer=Adam(learning rate=0.001), loss='mse', metrics=['mse'])

# Train the RNN model
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history_rnn = model_rmn.fit(
X _train_mn, y_train,
validation_data=(X_test mn,y test),
epochs=100,
batch_size=32,

- = N

1 f,

e((X trair
N

i "
Of

model _gru.add(GRU(128, a
X_train_gru.shape[2])))

model gru.add(Dense(64, activation="relu’))
model gru.add(Dense(1)) # Single output for regression
# Compile the GRU model

model_gru.compile(optimizer=Adam(learning rate=0.001), loss='mse’, metrics=['mse’)
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# Train the GRU model
history gru = model_gru.fit(

X _train_gru, y_train,

validation _data=(

Hallbacks=[eatly~stopping]
_..-f,.
A 0 IR Vay
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X test Istm = X test sCate
X_test_scaled.shape[1]))

# Build the LSTM model
model [stm = Sequential()

model [stm.add(LSTM(128, activation="relu, return_sequences=False,

input_shape=(X_train_lstm.shape[1], X train_lstm.shape[2])))



model [stm.add(Dense(64, activation="relu"))
model (stm.add(Dense(1)) # Single output for regression

# Compile the LSTM model

model _lstm.compile(ogp

validation=d -rﬂ'l' pe

L77751
e AR
(oatehgsighizl 111

'III"
aﬂcall KS=. ! 4
QVrﬁrbos

r2 lstm=r2

orint(FLSTM Mo

# Comparison of predictions from the best Deep Learning model

predictions_dl = model 1.predict(X test scaled)
plt.figure(figsize=(10, 6))
plt.scatter(y_test, predictions_dl, alpha=0.5)

plt.plot(y test, y test, color="red’)
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plt.xlabel("Actual Values")
plt.ylabel("Predicted Values")

plt.title("Actual vs Predicted Values for Deep Learning Model")

plt.show()

df_ctea
Jata by

1O UGN /H 7
,BFW#1 PUMP_BEARING TEMR#A, BEW#1 _MOS@OR™WINDING TEMPH#A'/GTG11 POWER

,BFW#1 MOTOR_WINDING TEMP#D',BFW#1 MOTOR BEARING TEMP#B']

X _train_top10 scaled = pd.DataFrame(
scaler_top10.fit_transform(X_train[top_10_features]),
columns=top 10 features)

X _test top10 scaled = pd.DataFrame(
scaler_topl0.transform(X_test[top 10 features]),

columns=top 10 features)
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lgbm top10_model = LGBMRegressor(n_estimators = 200, learning rate = 0.1)

lebm top10_model.fit(X_train_top10 scaled, y train)

df predict[LGBM TOP10_ PREDICTED] = lgbm top10 model.predict(
pd.DataFrame(scaler_top10.transform(X[top 10 features)),

columns=top 10 feat

waaR
predict[LGE ﬂv‘ﬂ

: w‘! AL

upper_bound v2 = Q3 + 3 *IQR
return lower bound (v1, upper bound lv1, lower bound v2, upper bound v2
# Apply IQR anomaly detection for each model
def classify _anomaly(residual, lower v, upper_lv1, lower v2, upper v2):
if residual < lower_v2 or residual > upper_lv2:
return 'Warning Lv2'

elif residual < lower vl or residual > upper_(v1:



142

return 'Warning Lv1'

else:

return 'Normal'

# Anomaly detection for SVR

3
oI g8 T . :
% ounds B.detect malies(df, predi GBM AL RESIDUALS!)
2 L = 3 ﬁ*@‘f‘fj\*’m LGBV AEL IR i
predic 3 I"- = df“predict{ ¢
CTTTTTINR

mbea xcla |¢f" o ".Llil a !""a ¥ois
-i}\\ e

- \
lsbm_all_18cunds)

row[LGBM ALL ANOMALY'] == 'Warning Lv2"):
return 'Warning Lv2'

# If all three models agree on Warning Lv1

elif (
row['SVR_ANOMALY'] == 'Warning Lv1' and
row[LGBM _TOP10 ANOMALY'] == 'Warning Lv1' and

row['LGBM_ALL ANOMALY'T == 'Warning Lv1'):
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return 'Warning Lv1'
# Otherwise, mark as normal
else:

return ‘Normal'

# Apply the Loglc to classify™s

firfganomaly, axis=1)

=

ode Tlu.
AC feral

=dict(cotor="b

go.Scatter(

x=df predict[ TIMESTAMP],

y=df predict['SVR _PREDICTED'],

mode='lines',

name='SVR Predictions',

line=dict(color='green’, dash='dash’, width=2),))
# Plot LGBM (Top 10 Features) predictions
fig.add_trace(
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go.Scatter(
x=df predict[ TIMESTAMP'],
y=df predict[LGBM TOP10 PREDICTED1,
mode='lines',

name="'LGBM (Top
=

* 1
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# Plot Warning Lv2
warning_v2 = df predict[df predict ANOMALY CONFIRMEDT == 'Warning Lv2']

fig.add_trace(
go.Scatter(
x=warning_W2[ TIMESTAMP'],
y=wammning_lv2[target columnl],

mode="markers',
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name="Warning Lv2',
marker=dict(color="red’, size=10, symbol='x),))
# Update layout for better visualization

fig.update layout(

Initialize EmailNO

Use app-specific password instead of actual password for security.
self.sender_email = sender_email
self.app_password = app_password
self.setup_logging()
def setup_logging(self):

Setup logging configuration for Colab environment
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logging.basicConfig(
level=logging.INFO,
format="%(asctime)s - %(levelname)s - %(message)s’)

self.logger = logging.getLogger( name )

by
]

-
by )
=

# Combine anomalies with a level identifier

anomalies_v1['level] = 'Level 1'

anomalies_v2[level] = 'Level 2'

combined_anomalies = pd.concat(fanomalies_lv1, anomalies_lv2])
# Save to file

combined anomalies.to_csv(filename, index=False)

return filename
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except Exception as e:
self.logger.error(f'Error saving anomalies to file: {str(e)}")
return None

def send_notification(self,

yag.send(

to=receiver_email,

subject=subject,

contents=content,

attachments=attachment _file)
# Clean up temporary file

os.remove(attachment _file)
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self.logger.info(f'Email sent successfully to {receiver email}")
return True
except Exception as e:

self.logger.error(f"Failed to send email: {str(e)}")

return False

if success:
print("Email notification
else:

print("Failed to send email notification. Check the logs for details.")
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