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Hype Cycle 2022 for Digital Transformation

Hype Cycle for Manufacturing Digital Transformation and Innovation, 2022

Connected Factory Worker
IT/OT/ET Alignment

. . . LighlsOut Manufacturing
Alin Material Informatics |

— — Mobile Factories > Edge Al
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P Cyber-Physical sjste;s
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3G in Manufacturing Operations
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Manufactured Products  »#
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Machine Leamlng_ -
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Digital Thread
Immersive Experience in
Manufacturing Operations

Product Architecture Configuration

EXPECTATIONS

Blockchain in Manufacturing Q gsot;egrf;:\eering

Metaverse in Manufacturing Modeling

Industrial
loT

Digital Twin f-;\
Digital Business Technology Platforms

3D Printing of Industrial Parts
Augmented Reality
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~ Building Information
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™ Plant Engineering and Design

Product Innovation Platforms

= Virtual Reality As of August 2022
Innovation Peak of Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
TIME
Gartner

Plateau willbereached: ) <2yrs. © 2-5yrs. @ 5-10yrs. A >10yrs. & Obsolete before plateau

https://stefanini.com/es/gartner-report/gartner-hype-cycle-for-manufacturing-digital-transformation-and-innovation-2022
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Intelligent Manufacturing and Data Preprocessing

2 RAEBRA AT

Empirical Case Studies

3. piv4 A EmAEE 2

Automatic Production Scheduling Algorithms
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From Predictive to Prescriptive
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Manufacturing is ... @)POLab

O What is “Manufacturing™?
. .

Manus (hand)  Factus (make)

Processed
material

. ) T
. ! y 5 ",:/:,»fi-
Starting
\ 857 5500008
. . PR ST
material oo

Value-added
Material in
processing

Manufacturing is the realization (£ # /*) of product.

Swann, J., 2003. Manufacturing Systems, Course Lecture Notes, Georgia Institute of Technology.
4 T, li

4 A4 R % EAONTU FEAG e EHRAE FREEAFTAFEE X)) 13



Intelligent is... @)POLab
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adr0|tn£?ss Sqé 2 judiciousness & g &
sanity '0f) ?33_% d'scemme"t?, o g inteligence joncnnh persplcamty dexterity
C®8 S ? & judgment P reso%rzeful prudence
o S8 3, Smartness erudition

Shutterstock (www.shutterstock.com)
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Knowledge @)POLab
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Advanced Analytics — Intel: SETFI: Manufacturing data: Semiconductor tool fault isolation. Causality Workbench Repository,

http://www.causality.inf.ethz.ch/ repository.php (2008)
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Transformation from Data, Information, to Knowled¢®) POLab

Monetize Data <25 (2 12 B

SEEFHIHERRE » —RAL
oJgEEFIFIORER 15 A2

» s
— M ABEBENIGEL 15 R E ;
SEEFNEE - LFRERILE

admiltEz R 394 AL

HESR

http://fredbigdata.blogspot.tw/2013/05/big-data.html  EtuffE#s (2013)
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Experience... @)POLab

Problem Decision Experience

L
/;).\
T \r E/{

ﬁ o $S 5 i

2 h— =
/{)lfl ——————
| N 4 N N T (‘ ]1
EXPERIENCE IS GAINED BY NOT DOING THE SAME THING TWICE!

Gap = |[JHII—EXE
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Wisdom is... @)POLab

Knowledge Experience

http://www.herogamingjobs.com/2014/01/07/experience-vs-knowledge/
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Wisdom is...

0 The most important skill in the future will be the ability to

@)POLab

“connect the dots” in your own way! (Moioli, 2019)

Knowledge Experience

0

0
o 0 0
. . T"‘—O
e e o—r—o?OP

0 (@

00 Oo__é'
¥ e boolo

Creativity

Moioli, Fabio (2019). The most important skill in the future will be the ability to "connect the dots" in your own way!.

https:/mwww.linkedin.com/pulse/most-important-skill-future-ability-connect-dots-your-fabio-moioli
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Smart Factory @)POLab

Smart Factory Is a decision-oriented system which has
the computational intelligence and self-learning ability to
optimize the manufacturing process.

8 4% > Based on Data (F L AJZ &2 4 47)
p 8 % - Real-time Feedback Control (¥ 4 ##1)

< \s“ PRODUCTION G
K PROVEN z
< 8)
= m

< INTELLIGENT
& MANUFACTURING

% 5§

2. % PREDICTABLE &
% RESULTS O

% YUy » £
2 W, N\
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Smart Factory @)POLab
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2 (YEEFEE (ERP) EED S
e
> 4 Bioeeaak;t (R&D) BOEHT(MES)
FHER BRI TR A b
\ . s TR TR H[ e
R
_
R
i & EMIREE (CRM)
\_ J

B A~ A (2022) » BUEEIEREE - FifE (L - Rao et al. (1993), "Integrated distributed intelligence in manufacturing”
Kumara S.R.T. (1995), "Intelligent Manufacturing Systems: Mapping of Al Tools to Manufacturing"”, 2nd Meetings on Applications of Al.
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Manufacturing System: VPC Framework @)POLab

] Value
® Manufacturing is value-added process for the realization of the product

® Value — Price — Cost (VPC) framework
® Customer Surplus vs. Producer Surplus

Green A .
Value l Supply curve
A A
Value Value
> — .
w| Tonsumer K\
= surplus
Consumer Consumer o .
% Producer A
Surplus Surplus H|
Erlce Erlce xxx‘!.:"El'l'IEI'ld
“'E"-IJWE
Producer Producer \\a
Surplus Surplus
C t C t E-::|ui|il:|riu;'r| quantity Quantity
LOs \ 4 S \ 4 Wikipedia (2016)
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W LR @)POLab

) , Self-Maintenance/ Engineering Immune Systems
e-Diagnostics
Maintenance Prognostic & Health Management (PHM)/Dashboard

Cyber- &, Data Collection Predictive Maintenance (PdM)
Physical Clou E"ﬂt & Integrated Metrology
System Computlng ”eenn Fault Detection & Classification
Intef'net of Th R/ AQR aﬂﬂb, *':r Run to Run Control
Ings i9 D s (Eg Real-Time Decision-Making |
SPC, APC, VM, RMS alg 9 I—D'l—ua 3 Quality
Equipment WIP Spec Scheduling & Faclom™
Communication Mamt Mamt Di tchi i .
e ————— ———— % e-Manufacturing
Manufacturing Execution System
{MES] and Equipment Integration
Water Mréenr]gt]y
(E:ar.bo.n Recycle - g\j Direct Proactive Decision
MISSIO it ! & EN Tool-to-tool (Prediction+Optimization)
Intrab
gacity Mo ;,ﬁ,say RFID/Smart Labels

Interbay Inductive/ Dynamic Wireless Charging

AMHS  Unmanned Ground/Aerial Vehicle (UGV/UAV)
Carriers | aser/ Vision Guidance/ WiFi-based Positioning

Source: International SEMATECH e-Diagnostics and EEC Guidance 2003
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Manufacturing system vs. Service system

O Manufacturing system vs. Service system e
® Main difference is “Inventory”! -

O Inventory
® Raw materials, Components, Work-in-process (WIP), Finished goods

Capacity + Lead Time + Uncertainty = Inventory

0 Inventory Reduction
® Reduce material and production lead time (includes transport)
® Reduce information delay times (K##24/&, Bullwhip effect)
® Improve quality of information (reduce uncertainty)

4 A4 Bt P %3 @NTU e A S 2Rk (AATRERE L) 25



@)POLab

Why Is It difficult to manage a
manufacturing systems?
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Diverse Resources and KPIs (BREKPIFNZ 15 H) @Y POLab
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) RAE | 1 e
; U sagn | | siek i ! ot I = EI 18 % 3 :i T+ || BH “ !
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= H(E R/ RTE)
EFB\R A& >+ 3 #5(2011)
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Y ran EE ;. [ \ﬂ: e 2ap |
SR E M ENE RIS E B IENER (cr 24w Anns) @YPOLab
B e R1? AR S
> £20 (S5
Management
Product Sales / Procurement /Svg /\ |
Engineering and Design CRM/SCM »~" Administration
Process Planning Resou\ A eanomics
Manufacturing Engineering Management ¥Z<P) l
Manufacturino ‘ution (MES)
External/
l Internal
Transportation
Mac))in~ obotics Test and Logisti cs
Sys Automation Measurement
1 FAEFE R beess-oriented Commercial-oriented

> M2k (g2 E)

Prof.Dr. Engelbert Westkamper, Fraunhofer IPA Stuttgart, Germany, “Factories of the Future beyond 2013: The role of ICT”
http://cordis.europa.eu/fp7/ict/micro-nanosystems/docs/fof-beyond-2013-workshop/westkaemper-manufuture_en.pdf
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Variability (% £) @PﬁLab

[ Variability is anything that causes the system to depart from
regular, predictable behavior.

[0 Sources of Variability:

setups workpace variation
machine failures differential skill levels
materials shortages engineering change orders
yield loss customer orders
rework product differentiation
operator unavailability material handling
; =%, % o . .~‘. ' A% [

s 4 A A S _9{ L1 o Variability from Resourcel!

- 4 .\' ¥y . . . ~

4 A4 Bttt F % @NTU A AL 2R (AL FMALE L) 29



PR 8 BRI E M2 @)POLab

IRi5 T & & (variability) ;. @A FEIN?

Rils R 4o Tcd | ?
)’j‘&*&r]%’%’ééz\léﬁ’ﬁ W A R T B
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PRE: BEIRREEM? @)POLab
U==L
—~E=E ...

2 = —/—; —

SRABERENNR S 'EillE,1 1?
English Math Layer X Layer Y

Student_A 80 76 Machine_A 81 76
© Student B g0 01 Machine B g0 01
© Student C g0 83 Machine C 79 83
~ Student D g0 62 Machine D g0 62
© Student E g0 88 Machine E 82 88

Benchmarking! Learn from the BEST PRACTICE.
fop R

4 A4 Bttt F % @NTU A AL 2R (AL FUARLE L) 31



CIM and Automation

@)POLab

O Operatlon Automation Market, strategies ‘ _ / Dlgltal Twin
® Replace Human Efforts it 77~
| ! ~
® Benefits projects d | | \\
\‘ Simulation,
— Reduce HR Cost Customer orders‘ \  Validation
on plan <« AN AN
— Reduce M/O AN Resuts, |
| | Perfo[mance\\ Simulation \
B Improve_ CT and Improve Request for estimates Planning Costs, capabilities -
Productivity, Proposals 1 | | /
. . . Technical data
0 Engineering Automation : o
Desich Calculatlpn of Database
® Support Engineer for decision- reqﬂ;ﬁ::'ms
making or trouble-shooting
. I
® Benefits Quality Monitoring ~ What and when? What and when?
. . performance ? l purchases
— Sustain EQ variance ¢ l f
— Improve quality & Yield .
— Support RD Production system ‘ Products

— Reduce Engineering Cost
— Improve Time-to-Market

Waldner, Jean-Baptiste (September 1992). Principles of Computer-Integrated Manufacturing. London: John Wiley & Sons. pp. 128—p132.

ISBN 0-471-93450-X.
-l };}’ 34 ﬁf»l_—hl"ﬁ%i@NTU
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@)POLab

SE L BEMbEREEE LR

BEERRE - BEERFTE
=54 (L B B A B
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Lean Manufacturing @)POLab

[0 Lean (identify non-value-added process and remove it)
® Value and Conflict: Value Stream Mapping (VSM)

® Waste elimination (8 muda, Womack and Jones, 2003)
— 1. Transportation

— 2. Inventory ET R R
— 3. Motion

— 4. Waiting

— 5. Overproduction

— 6. Overprocessing AlT 2E B L4
—7. Defects AR~ AR AR =

— 8. Eschewed Talents

® Continuous flow B AT R e >
— Line Balancing

® Pull production system
4 A4 B W% EONTU FEAS e B ZRE (LA FAFRE L) 35



CIM and Automation

Big Data

—Fl—-

= :‘7En!ri$=%rfir‘:

4 A4 B iFivF % FAONTU FERE
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KNOWLEDGE DISCOVERY ® Pattern Extraction

® Value Interpretation for Profitability

IN DATABASES (KDD) N
e ™

Business Applications
- ~ Evaluation
N\

® ETL (Extract-Transform-Load)
® Storage and Calculation

A ’
~

Preprocessing

—

IT Infrastructure Transformation

Selection

Data
Warehouse

Edge&=nV

Computing
Fayyad, U., Piatetsky-Shapiro, G., and Smyth, P. (1996). “From data mining to knowledge discovery in databases”. Al Magazine, 17(3), 37-54. 37




23 B 2 BB IE L B2 (ML/DS) @)POLab
0 Generally, the Prediction of ML/DS...

® Supervised Learning, Unsupervised Learning, Reinforcement Learning

Var 1 Var 2 | Var 3 \Y
Obsl -5349 19.8 20.2

Obs2 -5597 11.682 | 28.318
Obs3 -5440.5 | 22.435 | 17.566
Obs4 -5614.25 | 17.163 | 22.837
Obs5 -5534.5 | 25.457 | 14.543
Obsb -2649.25 | 20.551 | 19.449
Obs7 -5554.25| 18.683 | 21.317
Obs8 -6566 | 25.443 | 14.557
Obs9 -5613.75 | 17.637 | 22.363
Obs10 -6546.5 | 24.351 | 15.649
Obsl1 -5652 | 12.063 | 27.937
Obs12 -6656.75 | 9.523 30.477

(=

4 | VarS | Var 6 | Var7 | Var 8 | Var 9 | Var 10 | Var 11 | Var 12 | Var 13 | Var 14 | Var 15 | Var 16 | Var 17 | Class
2.713 0.324 | 24.069 | 0.011 2,092 [ 24.301 | 0.024 0.031 0.002 0.01 6.653 | 24.478 | 295.528 1

2.713 0.319 | 22302 | 0.013 3.949 | 23.668 | 0.029 0.032 0 0.01 5.942 | 23.592 | 90.394
2.713 0.35 21.646 | 0.016 0.685 | 23.346 | 0.023 0.013 0 0.01 3.073 | 19.719 | 101.866
2.713 0.29 17.521 | 0.016 1.066 | 27.508 | 0.021 0.032 0.002 0.01 2.635 | 27.749 | 224.542
3.198 0.35 22.798 | 0.018 1.619 | 29.305 | 0.042 0.024 0.001 0.012 3.533 18.54 | 162.479
2.914 0.324 | 20.481 | 0.022 1411 | 21.722 0.03 0.022 0.001 0.013 2.526 | 14.507 0

3.198 0.38 33.628 | 0.023 1.641 19.756 | 0.046 0.034 0 0.012 3.513 | 24.921 | 147.607
2.951 0403 | 16.265 | 0.016 1.947 | 21.162 | 0.029 0.04 0 0.023 5.361 | 21.856 0

2.914 0.247 | 20.281 | 0.031 1.183 | 16.635 | 0.039 0.022 0 0.013 7.098 | 23.817 | 913.882
2.951 0.403 | 15373 | 0.015 4.217 30.47 0.023 0.033 0.006 0.023 4.796 | 32.937 | 183.158
2.951 0.27 22971 | 0.022 4.47 25.754 | 0.026 0.029 0 0.023 3.714 | 24.679 | 526.739
2.914 0.287 | 20.734 0.02 1.612 | 13.433 | 0.026 0.033 0 0.013 5.745 | 16.663 | 219.026

Obsl13 -5681.5 | 22.925 | 17.076 3.198 026 | 2 0.026 0.02 0.001 0012 [ 2.813 | 12.986 | 163.435
Obsl4 -5537.5 | 9.334 | 30.666 2.951 0.27 2 0.029 | 0.031 0.002 | 0.023 4.219 | 24.275 | 150.967
Obsl5  [-5349.25| 12.539 | 27.461 2092 | 0342 | 2 0.025 0.016 0 0016 | 3.35 | 23.889 | 168.404
Obslo | -5495.75] 12.431 | 27.569 2642 | 0324 | 3 0.026 | 0.026 0 0.011 7.639 | 25.813 | 208.284
Obsl7 | -6518.25| 28.636 | 11.365 2692 | 0289 |1 0.036_| 0.044 | 0.005 0.016 | 3.703 | 32.604 | 329.604

el el le) o] ol (el (ol el ) [l [l ([ el lal (o) [l [l ([l (el fa)
el Ll L el E =l e i e e i et e i e e i i e

Obsl18 -4556 | 8.693 | 31.307 0.27 0.029 | 0.031 0.001 0.013 3.831 | 38.056 | 149.578
Obs19 -5432.5 | -5.306 | 25.306 0.37 1 0.04 0.043 0 0016 | 3.584 | 33.733 | 977.346
Obs20 | -5677.75] -8.749 | 28.749 0.268 0.012 | 0.034 0 0.016 | 2.849 | 23.108 | 771.212

delling

Obs101 | -5384.25| 2.583 | 37.417 0 2.828 | 0.378 33.6 0.012 | 2439 19.77 0.018 | 0.059 0 0.039 | 4417 | 31.293 | 226.108 ?

M. McCann, Y. Li, L. Maguire, A. Johnson, Causality Challenge: Benchmarkingrelevant signal components for effective monitoring and process
control,Journal of Machine Learning Research: Workshop and ConferenceProceedings, 6 (2008) 277-288.
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Machine Learning

R

O Find a “Function f(x)™!

N
=
0 Supervised Learning g
® Data pair (X,Y)
® Y is label wEsH|
— continuous - regression R
— categorical > classification () | an w20

0 Unsupervised Learning
® Data (x) without label Y
® Clustering, dimension reduction

- : WD | Z&'fé;%z-n
[0 Reinforcement Learning @36 wessTEE =
® Elements: State, Action, Transition Probability, Rewards, ... FREI)I(gEbb%ﬁE
® Optimal Policy: mapping from State to Action S

Yan et al., 2018. Background Augmentation Generative Adversarial Networks (BAGANS): Effective Data
Generation Based on GAN-Augmented 3D Synthesizing. Symmetry, vol. 10, no. 12, 734.
4 A2+ iz it F %3 O@ONTU A E A e o L S
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@)POLab

How to iImprove a complex
manufacturing system?

Pittsburgh Technology Council (2014). http://www.pghtech.org/media/64942/panoupdated.jpg
4 A4 R % EAONTU FENAE e wGEALE FREFEAFNFES ) 40



¢ 1 5EE/REN 1 {BREES -
(e | 2 mmsnm (w2 eREE RAL I
2 3. GIEAIEARRE. . .88
B LR
__(Data-Focused) | | (Model-Focused)
3
— Fﬂﬁ%/‘\;% ZFL\» %&P%q&% 7% E&Bﬁ%ﬂz'fﬁ
v | !
R R BiRES v P R
v
e Il B
%ﬁ%x% —
v : it .
§Qﬁ§$§? *E‘}F U%Effuﬁﬁx—iuzl:/fé - l “%}%1
v : v v
PR I
KT B i |
[ | v | |
R 1. 3 A e
1. B ERIE RE y 2. EE Al AR e R 2R
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O FSaElPIER ik

(cross-dept. work checklist)

O

A

7, A8 &= AU B 2 AU E &

REATER

EREEE FEHRNE?

® IARSHEE?

o BEIE?

. KPI‘E?F*’)

® OKRO] 7 #E?

‘ >
R
&
b

F Y9 % % @NTU

P
P o

B B RR Asl CELET ) To-Be Al (= 3 = +®)
ok ge W 33 AR R - £ R

AL 5 A5 *lﬁﬂ%ﬂ AOITB A # i8]
(Who/What)

13)\ FIi m‘#‘ﬁ»rfi’ - ﬁir‘\ I#
F" /@E/Lﬁxfﬁg % A 7:\ I# ?

? | Fm(g 2T A T?Jﬁl) :
E&ﬂﬁ:ﬁ EL,"'{F' s

R i

ﬂ;F'—:r%(\z }}?4%?3)
% (- Av\’i:)(XXX%pﬂfﬁ %)

® (-~ 47 XXX 1 &)

(When)

GEBFA IR E R (R BEERDER P

» i B (B OO A2 4 B 5 1) # (B AEXXX L2 4 B 5 1)
8 R erlRt: il O

; %E iEE;’—I"J—» rSJ o AOI+F it overkill 5 %

(Why) BT 42 (13 & i 7] Avm) ¢

Pz ARy AR B FH SR R Ltk [ e |0 SRR el e o Al

ifp‘,g’iﬁ;@% ?

-~ B Y

TR 2 BT 4o 33

p =2 I—zti =% /é’-

(Homo
P T EASL A kA R

B w7

Pl (,\, lpk\gé)l’—zl‘)
ALHRITR S BAET P RBRE
£ p

B r B 2 A 8 )
For DGR ~ T Riks
g4 o2 5/72 2 5.(bin code)

~(bin code)

(Where)
Eipd &% A 7 Hcdh
e 9

PR = E 8 TR KOR) -
3 K e~ FDCH#cdR 42 714 47
SRS (TR AT
P o & L BB it R A 2
Byp TR AT 5 B

ﬁ bin code 2| %7 §° if.g2 %
1 AREF AR W "J T %
i(xH “xi%,&defectsm,t]% A
# % §f #7 4 bin)

\-‘\}u ?\“% N

% »zKPlec &

&2 =% 2ZL(Conflict)
#iBTo-Berz L p & RF e
KPI > 8% €& = 3% ¥ix4p
MR KPPl & b

A frae WBR

J ‘F
(false alarm) ~ % binés \z;;—t >

TEAFN EFFEL
Hreoo
ik BV ER-F AT

Wi - A

1 f2 kL AOIF He4 35 41 dl 42
REIR IR Ea g R

P D AOLR A 4 20 A& FE L




Knowledge Discovery in Databases (KDD) @)POLab

[0 Data Analytics Framework
® Data Preprocessing

Interpretation/
Evaluation

Data Mining

- ~ < Transformation

Selection |'
1
\

Data

Warehouse

4 A4 R % EAONTU FENAE e wGEALE FREEAFNFES L) 43



BUSIRIGHEE R @)POLab

Characteristics Data & Management Issues
Batchsize (2 A+ %) Lot ID decomposition, lot tracing, merge/split
Parallel machine (= = # =)  Missing value, high dimension, multicollinearity
‘Golden machine (% 44 5)  Utilization, class imbalance = Inference bias
Recipeand parts Nominal or categorical variable = too many levels
(>8R ) — too many dummy variables = high dimension

Engineering or R&D lot Outlier, machine contamination, setup capacity
(1AEq%b) loss, small dataset
Maintenance (&3 %% ) When? how (+ %% or -] % % )? capacity loss,

reliability, typing error, text, choosing “others”

Data imbalance (F # # T §#) Inference bias Inventory = Lead Time + Uncertainty

Lee, C.-Y., and Chien, C.-F., 2022. Pitfalls and protocols of data science in manufacturing practice. Journal of Intelligent Manufacturing, 33,
1189-1207.
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LI

- EARBUE

# 5.3 HERGTRIEIEHEE
= B EEY 5 R TR B
—N | BB EHABAE | o DIEBABETNSIRERNERES
R EzbSsi o HistE (FHIE - BEE - RRE - IBRE
%)
 SHEE
o EERHT S RRE ~ FFIRER
( symbolic regression )
R |« RAMEE (82 |Rig - 8 o AR
5gdl M BRI - E=m | F#ERS | o BEIRESE (sliding window based
%) 4 statistics )
o RS o AT
o K#EE o« ENRAEBEITHBEERER
(autoregressive integrated moving
average, ARIMA )
=4E | o REMEE (8% |RHg - 4A o BEFERE (sliding window based
i P~ R ) i5 ~ REEE Y statistics )
o IRENSAIE (=48) [~ o (Ex7EEw#M (Fourier transform, FT)
o RBUEAE o RORFEB B  /FER (wavelet
o KH#EE transform, WT )
o SHEUVEHAZE » ARAS-=8E% (Hilbert-Huang
transform, HHT )
Bl | o ZEFEEE RS o BIEMAANRE (convolutional neural
R | o AN network, CNN )
s Z#E (3D® e B#1ESE (autoencoder, AE )
%) o ABIARE (GAN) _
=7 o IFHEIZCEERE | LAFES | LAERE 'j <«
o ZBANE {3 |
A W iE i F % F ONTU FER S R

@) POLab

Paynabar, K. (2019). Data science for
manufacturing automation: low dimensional
learning from high dimensional data. IEEE
CASE 2019 Data Science Workshop.

Value x
(one-to-one)

Vectorx = f(t) |
(many-to-one) -

A

|
[N Ao il.i ......
| ] |l

SRR AR AR ARRARARRRARARRNAR!

|
17 A e AN A
I R LT e Ve e P T e 7} ,1"#\,"\' i |
’ I 1

¥

Vector x = f(¢t) -
(many-to-one) -

—
: gfiiiiiid—— |

Matrix X Efrinny o2 ‘
(many-to-one) gl:::iii o /]
Tensor X o BN
(many-to-one) E ||

3 bE:

o




AP TiE 54 | e | PR | R&GD | W F1EE | i

FE B |3 T

O Parallel Machine
® Not identical (B#7%) > Tool Matching I

’ ‘j‘
o0 ay

[0 Data Preparation

® Missing Value WS_A_Mach_2
WS_A_  WS_A_

Lot ID Mach_1_ Mach_2_ Lot ID WS _A_ WS _A_
Temp Temp Temp Mach_Type
Loto01 820 N/A - Loto01 820 1
Loto02 820  NA P loto02 820 1
Loto03  N/A gl0 loto03 840 2
Lot004  N/A gl0 lotoo4 840 2
4 A4 B} BT @ONTU wENE RS FREEAFAFEE




A | TEF | F 4 B RE RED | W om | &5 | & H Lg_ P
O Recipe/ Parts- Nominal (% B) or Categorical (£25!) Variable
® Transfer to dummy variable (I %2y, E#E 2]) (One-hot encoding)
WS_A_ WS A  WSA_ WSA_  WSA_
Lot ID Mach_1_ Lot ID Mach_ 1. Mach 1 Mach_1_ Mach_1_
Parts PartsA PartsB PartsC PartsD
Lot001 PartsA Lot001 1 0 0 0
Lot002  PartsB | loto02 o T 0o 0o
Lot003  PartsA | loto03 e o 0o 0o
Lot004  PartsC - Lotoo4 o o 1 0o
Lot005  PartsD | loto05s o o o 1
Lot006  PartsE | loto06 o o o 0o
Lot007  PartsB | loto07 o T o 0o
Lot008  PartsA | loto08 . o 0o 0o
Loto09  PartsC loto09 o o 1 0o
Lot0l0  PartsE lotol0 o o o 0o

® Given N levels, the method will generate N-1 dummy variables.
4 A4 EE P 5% T @NTU FEE S RS ZRE (R FAIRE L) 47



ap | TE | 24 A4 4 | RED | 5 | ww | 22 | 2w Lw 3 T g

O EfERIEElevel#®2% (Recipe or Partsg{ H 48%%)
® BER{Dummy Variables&E E4FF S EE]
— Issue: Curse of Dimensionality (4 RYEH 7T

o EEAL
— BT levelZE S (grouping)
>eq. Em > Emk
» eg. tool - tool group

— BN ERHEEBNERETON
> BRIEZE EllevelWE B

—iRF R AIoh R A LR —REDVRERlevel il ER
RABIRM!

4 A4 R % EAONTU FEAG e EHRAE ZFREEAFTAFRE X)) 48



»
>

B | TiF | F 4| AR | B R&D  HH | s | B

i

&3 Lg_ i3 | A LT

OERETRES
o FTEZMMEER IS AEKRER - ER EAR=ZEZIEOutlier -
o EFrH—MRMERERDNT - BEEEDTTRITRIENZER

o —IRME - ARAMLotID - HFIREERGOTERIE - ETRERIERE
17 - +:,.SE¢1§5ELotID MEZEERTEHE - FIUERBARES 55

Ykrecipe - ZEMARKRBRELESERIES -
2 s B P 5% f AR Y
[ W4z > gs (n<<p) s (<24 2)(n>>p)
FAERE LR = = (SRS SRR L&
IS ARE RPE O RF <24 A )i
T i 14 g "
Bzt 32 a2tk F®mL3/ | 3 * #~ GLM ~ Random
A CRRPES v r >~ LASSO ~ SVM -~ Forests, Boosting, Deep
Forward Stepwise... Learning...

4 A4 B iFivF % FAONTU FEAE SRS ZREFEAFTAFES ) 49




A | T3 | ¥4 | A | i | RED | #E s 2 | s Lg_s e

30
units/day

fﬂ—)jli—> 1

120 140 80 120 100
units/day  units/day units/day  units/day units/day

o —KER - MBS RSN AXSHBHKERRNES > WIPHEIES

O AEEHLSE O SMNERHRSE 17 = 1-(2016)
o BEMESH T FIEMNESEIRT o [EVRIAYHE
o FHE/NKEY TERIEELZRSIFEFE o BEGEMAA N4
o WiE/Ewm /Y m AL ERNHSE (55 LFNErER)

o RISEMERAENIEERIEENERRE © NEEmimBMEE
o SIEEBHNAAESE A LRGN ® 3] E oAV B IS

4 A4 R % EAONTU FEAG e EHRAE ZFREEAFTAEFEE X)) 50



B | TE | 4| AR | | R&D | RS | viEE | £ &H 0 aig

7 T g

O3k éed
@ LHP R -ZIELVRFLIROFEELF e, KEY
® Key:id ¥ % Lot ID, Machine ID %

Event-based record Period-based record

Time SVID 1 SVviD2 ..... Time SVID 101 SVID102

2/11 00:06:29 2/11 00:00:00

2/11 00:10:41 2/11 01:00:00

2/11 03:41:09 2/11 02:00:00
/11 231157 2/11 23:0000
—_— ://Q 'E /_\ ARAN | ﬁ
miE AEEUNERLAE - ZWOSHERE

IIE? Which one could be “Main Table”?

4 A4 Bttt F % @NTU A AL ZRE (AL FRERLE L) 51



B | THE & | > M R&D | #HC | FRFE | F2iE 0 &E 0 mip | 2 THF
0 Data Merge
g S ™ Event 7 £ i v Period 3 £
2dh s\ ?uiawi§&’°
’ GlAeis SR B
B W =
3 H 454

TE,
AWE Gl4cl]
iﬁi*ﬁ ﬁ’ﬁ’& > ¥ fﬁv‘

Nearest time
434 BREiCF % TANTU

CEE— =
?fﬁiiﬁi?g ’#’ﬁ’&;{g
Sbs %%’I _ - -
(¢ #5 7 it R @ pY) TREIER
—_ &= A ur;u o . =< ol :F"A‘\T}"L? ;E‘}F?K/”\&'i“i
3#&’- 31*!'% Fnb}i, FE*:F'&"?ME-F‘-F"} (SEventgfézV«’—E_lﬁi%fﬁ_
##H%e ¥ Rolling Forward Eg:::zg EZE:VI\(I\?vr:rd
= Nearest time 9
Bl N .
Tr leshootin
7 oubleshooting

Monitoring
FEULE TR AE

Lee and Dong (2019)
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A | TE | F 4 D | Wi | R&D | HBC| R O X | &8 A A THF

O # B RE ()
rtﬂﬂﬁg (R~ =R AR - 5% E10,000Zm...)

HRWEREZEN  JEERDFRERERS - &8 - ol3EHHEN
— HSupdownIESE (Overall Equipment Effectiveness, OEE)

— EmiJgueue time
— 528 (eg. status variable identification, SVID)RY &5 12
BEEREEP (BN A EITIERD -

1 —
oV
X
0 o 4
S |
7))
><I O =
L —
2
AR
m —
© I 1 | | I Lot or
0 200 400 600 800 1000 Time

4 A4 Bttt F % @NTU A AL 2R (AL FUERLE L) 53



A | TiE | F A | A | Wi R&D | W i | B | &8 miZ 72 TgF

O #{E{RZEtroubleshooting
o WEMPERE + MES (ERecipeilREHANZHEMR) + BXR
o HHEE—WSID B'HE"E ﬁiézﬂﬁ’\]/—\ﬁ*%hz

’bﬁ r F(F-ﬁl * H P
Time Down Repair Recipe
code

2017-05-07 Recipl8 Part01  Mater05 94.3%
14:05:28

2017-05-07 Run No Recipl8 Part01  Mater05 93.1%
16:12:14

2017-05-07 Down04 Partl9 Recipl8 Partl9 Mater05 .. 82.5%
17:41:30 (% F #) EpIE
2017-05-07 Run No Recipl8 Partl9  Mater05 82.5%
19:22:43

2017-05-07 Run No Recip02 Partl9 MaterlO 76.7%
20:18:17

93.1% %X [(17:41:30) — (16:12:14)] + 82.5% % [(19:22:43) — (17:41:30)]
(19:22:43) — (16:12:14)
4 A4 R % EAONTU FEUG BT FREEAFAFEE L) 54




i | 2 | Fa | AS | #i |ReD | i | uF | B | 66 | w3 rp

O Data/Class Imbalance/® %
® # of qualified product extremely dominates the # of defective product

o SRAFERZSBENBAREENE R L(—MRZIEMER) - ELEEE D
BRI - Eﬂ*ﬁmﬁ% HT‘@EE’%EPE%EEEEX - MELEETT]
AR BE148 R -

o ERNAFHNERASEL BTSN SAREY -

BRI AEE T EAFE?
® For the two classes (0 and 1), rule of thumb...
— 10% vs. 90%? 5% vs 95%7 or 1% vs. 99%7?
— It depends... on your industry applications.

® From a theoretical viewpoint, it occurs if it skews the model training for
prediction...

o NFHER - MBIRIMEER R R B 2

— Overfitting? Class Imbalance?
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A | Tim | $4 | Ao | 4B | R&D | s | e | 2@ | 2w Lw 3 T g
LotID X1 X100 Inspection [ F&BlInspectionHy%a

Lot01 PASS

Lot02 PASS ® HREAB1ZEFAIL

Lto3  pAss

loto4  PASS o TEHIEEI L EHIBEPASS
loto5  pAsS

loto6  pass — REZEHHEBIX1~X100
Lt07  FAL

Lot08PASS """" ZEME O]ZE 11/12 = 91.7%
lotoS5  pAss

Lotl0  PASS

lot11  pAss

otl2  PASS

4)?}) 34 ﬁxl_tl"j'ﬁ_ﬂ._@NTU
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=~ AIN PN IN=S |
BRI S EE @) POLab
ré R %] % 2
R RRETH FHGEARD LR
7".«1’0‘1”;‘}4 3 KRR £ 1 AT A e i
TEdD-R-FTREPET I -R-Fi2d - K
£ A e Fop £ 4 o el (= el

(Duplication)

(data type: single, double...) (FF kT Er 7 B g 2
lpL] 36%E”, “%T 36’}_‘”, 1] é_36 l];; ” ”:-’r___!' ﬁ; \g\?ﬂuﬁ é_i
defects”, “defectsi >t = F & | 37)

AR hIAR I T
(Redundant) LN N NN U e 6 o K RO
m%}%—\}*‘i%?dy RHdeEa F (e ReTHET NG
d Ap B & 47 0 RIT]) eg. # atvs.& R
BRE BRI E & A 2R F g S TR AR
AR Tk ang L & TR~ i £ FH A
BEE FAL A Lenghlt « 3§ BRI TAE 43

THA

FHESNS P ERALE DR

7R
(1)

TR 3

T RRER

TR

4,5 34 ﬁxlilbj’ﬁi@NTU

(M4 % ~ 77545 > 2014)
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KRR HERIE? @Pﬁl.qb

el M= > = S, =2 M
s)RBEEREE.. BB ?
| English | Math

Student_A 80 76
Student B 0 01 Max: 91
Student C 0 83 Min: 62
Student D 0 62 Avg: 78
Student E 80 ?
Ae 0

4 A4 R % EAONTU FEAG e EHRAE FREEAFAFEE L) 58



PR IERE? @)POLab
O ERERE—REER B S ETIRE

O FERZEERERSE "' E8E1NT. UKk "B - OREE
HERENT L - DR RERNEENES

O Hii(?ﬁﬁ—ﬁ%?ﬁ%ﬁ%!!!!)

BESEEE (‘“N/A” B "0" 2A—1&B9N)
o ZEREHIE (remove the tuple) : EREHYERE

o ANITIEFEXE

o FH—ExEHEEETERE (eg. N/A)

o EHBEMF1IE

o FHEGESBEBRE—RAINAERAZFIE

o 1HA) FE/ZIuA ML - BN - &I hETAK-Nearest
Neighbor (KNN) ~ Random Forest ~ “ MICE” * Inverse Distance
Weighting (IDW)...

424 Bt %3 @NTU e A S 2 Fok (A FRERE L) 59



B #81T v 3% (Nearest Neighbor Estimator) @Pf)LClb

O @E—EZ R HN
o MAHMEAEREZBNBAGRGETERE
o BB : OMHEMBREEREZENRAGRRLTERE

o BN - F TUWAKE ) BEERFERE - STl " B AR
1 BEBURMIER

I
]

OREERBNENEPRIRE—MEEBE RENREE

m—EmIE

BEE | Pw | & K PR E
A 4 27 $19,000 No
B g 51 $64,000 Yes
C g 52 $105,000 Yes
D 4 33 $55,000 Yes
E g 45 $45,000 No
F 4 45 $100,000 ?

4 A4 Bttt F % @NTU A AL ZRE (B4 FMELE ) 60



/I

AT it 5T AK-Nearest Neighbor (KNN) @)POLab

2\

. N :
- L
f —
.. K=5 .
# %
’ 5
f %
¢ §
H B 1
i 1
i i
H !
1
' i
i "
b '
b i
v ;
» ;

k=18, lIBPRSD: DOTHETSeCH 00K Samples k=30, PRS0 208485601 00K Smphes

Feature 2
Feature 2
Feature 2

Wikipedia, https://zh.wikipedia.org/wiki/%E6%9C%80%E8%BF%91%E9%84%B0%E5%B1%85%E6%B3%95
perClass, 2017. kb16: Visualize the effect of a change of parameters in a trained classifier. http://perclass.com/doc/kb/16.html
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https://zh.wikipedia.org/wiki/%E6%9C%80%E8%BF%91%E9%84%B0%E5%B1%85%E6%B3%95

\/L,\

. {18

Sim{E?

@)POLab

O NMRhETE vs. B E2REE
BUOAME | JHGERME | 55 11 FER | FIHEEESE AR = 5
1 0.0886 0.0886 0.0886 0.0886
2 0.0684 0.0684 0.0684 0.0684
3 0.3515 0.3515 0.3515 0.3515
4 0.9874 0.9874 0.9874 0.9874
5 0.4713 0.4713 0.4713 0.4713
6 0.6115 0.6115 0.6115 0.6115
7 0.2573 0.2573 0.2573 0.2573
8 0.2914 0.2914 0.2914 0.2914
9 0.1662 0.1662 0.1662 0.1662
10 0.44 0.44 0.44 0.44
11 0.6939 ? 0.3731 0.6622
SEHE{E 0.4023 0.3731 0.3731 0.3994
0 S S 0.2785 0.2753 0.2612 0.2753
PR AEE 0.3208 0.0317

FHEMRZS - EflEmAaD

FEULE TR AE

(W3 & ~ #£4 » 2014)
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3 =5 :
BiEmE @ POLab
OERERREENER - BRESE - BEflmE
o HEREHEEREEFREMANER - ZHERSEGESK
— BEEENBARNEY ; EHENBIY  TRESRNSENNESY
° BRHE
— R (EEE  ZAER(n) (NFRYE) - BRUSEIEZ(p) - EEH(BEHN=EEI)
> —ESEFHENEERER - BRAEIGEIEREAVENIR=80%F - #8%& K#0.05
ZiHFE0.0001. (5 - 2019) ((RAKRRFLORE - ARBREBFRFATEZL)
» when 1,000,000 SNPs are tested in a genome-wide association study (GWAS), «
would be 5 x 10~8 and when expression dysregulation is examined for 20,000 genes

on a whole-transcriptome microarray, a« would be 2.5 x 107¢ (Jafari and Ansari-Pour,
2019) (BREBAZSENMERS e/ NKERE> #HEHER)

e ERlmE

— Univariate = Sl
R

» Statistics: mean(median, mode), variance, skewness, kurtosis
» Visualized plot: missing values, noise, outlier...
» Regression: y = 8, + B;x; + €. Check g; violating the engineering experience
» Eg. Milling time (x) and thickness (y) should be with negative g; .
— Multiple Column (Validity and Reliability 15 E B34 E)
» Correlation or Covariance between two variables

» Eg. machine temperature vs. utilization is positive.
FEliFE(2019) - ELRETORISNT FURSREEEE B KR - SRR R 142 - 16(2) » 19-36.
Jafari M, Ansari-Pour N. Why, When and How to Adjust Your P Values? Cell J. 2019 Jan;20(4):604-607. doi: 10.22074/cellj.2019.5992.,Epub
4 Aoighug 1PRIBE 3IBNTY PMCID: PMC6099145, £ #l 1 &2 #icdp £ 8 FREEAFAFEE L) 63



HiEmE @)POLab
O g R ENTREE
o R rZEBEEb(visualize)lERBIEERIRE - BT E - EREZSAN
- FE O HEEmE MRS

. B < f . B — i A
(Proportion) (Consistency)
o BURKEFE - BURME—1TE
(Timeliness) (Uniqueness)
o« BURTFEN g ] 2035 —3 - BiRZ Tt
(Accessibility 0 : (diveasity)
B B34 BAfE T e akals
. (dynamicity)
. BREREE EiR TR
(Accu=racy) o By
- BiRERETE ESEE (Confidentiality)
(Validity) . BT
- BiRTEMH (Integrity)
(Completeness) . SpYRTI F e
) %ﬁﬁﬁiﬁabmty) (Availability)
N\ J

SRE - BHE - RTH - EBX, 2022 - WENESV LR | MIESETE - REABNE - BTH
4 A4 Bkt ® %3 @NTU TEAD GRS TR (AL FAFEE ) 64



https://aioffice.ndhu.edu.tw/var/file/201/1201/attach/65/pta_111559_6346917_64129.pdf

NERE  CEZAEPIENER. . @)POLab
[0 Data Quality Investigation- Entity-Relationship (ER) Model

Car Company

® Automobile Company

Car Model
Company Name
Customer Model ID pany.
Model Name ke i Num of Employees
CID =
Model Year
Is_Company By il

Name

Address O @ FK: Brand Name @
Phone

Gender éom

Annual_Income
™ O
FK:DID
Vehicle @ Brand

Brand Name

VIN
FK: Option ID Num of Employees
FK: Model Name FK: COMID
Sales FK Inventory @ ~
Vi @ FK: Customer ID Option
cb FK: Manufacturer ID -
o Option ID Supplier
1< Engine
bate < o SName
Transmission :
. - SlLocation
olor sSID
FK: Model ID
Dealer
DID
Name In Produces
Dealer_Location
Manufacturer @
. MName
Metadata: It describes the
Inventory Produces VN
Supplies

types, versions, relationships

In_Location
Part Type

and other characteristics of 1D

digital materials. e
https://stackoverflow.com/questions/23660839/need-help-on-an-er-diagram-for-an-automobile-company
4 A4 B W% EONTU FEAS e B ZRE (A FAFIRE L) 65




f=——e————1 [=———= I
TEEE 7352 paNiiE BERS 2L SR papilkicd LNl itz
Correlation Ranking Distribution Change over Time Magnitude Part-to-whole mal

R ]
ERBAE

EREN

PR SR -

FTZERH] - BALE - AQ (&

‘TlTQIn\W REWIEEE

B ubl&l}i*

2 mm
R

FAT

FTEERE0 : Mo -« Elan
CEEERER

BR
ik <

EAEE (BERE)  (ESET /)
2316 5% W Diverging bar TNH scatterplor FE Line LA (8] Column M2 LU stadked column Baskc chorepleth Gate/ratio) L
Y i EARRWEIETR
GRS ST I II
U ol
43 (M R Diverging stacked bar H =Rk Ordercd column Ik &) Column. Pm‘:In& tonal y,mm knum[m:gfmﬂd b il Waterfall
iz
At l
%
I I II u@gu
s

W willaolim
St A

NS Sueplus/deficit filled linc:

LA ln Connectod scatterplot

KERIREER IR

XS XY lestmap

SRERETENY
WSET AR

i
ERb RS -

fi- B LLAIFT Ordored proportional symbol

54 Dot plot

A Stock price

l{ﬂl :

IR skope

SEIEPR Commected scatterplot
ZA. HATRIN
L2 @

LA RE P Proportional symbol
IRETFBAZRN
R

nin i
. MO EY
RS -

i lsotype pictogram)

THIZIEL Lallipop.
L5
F5 03 AP

a0 3

LR

3254 2 Donut

"\

P Treemep.

SKME(PE voronol

oY
S

R Are

2227 Frequency polygens cakendai heatmap T3 Vonn
— S
% T AR bl
AR E I Priestiey tineline HAI Watertall

Fitsi Fow map
o LGRS
o g

F=iR4 & Contour map

£

R Heatinap.

PEAE
e iR
s el -
Ao AT
Bl R LT
4

>

# <k il Chord

@KL
Unwtimes! -

¥ i Notwork

Visual vocabulary

LS

ERIBERET Designing with data

BHZHEEEERARL - BRMEEAEREER
TBp—1& 2 fR AT A B A AR i £ 5 093ERY » ACAETEMR
HUFAE - M—IEE NG RREE - ig“"'ﬁﬁﬁ
BAITARRRENER  RHREETENER -
HHRMAZFREE  WARREBRNETF - ﬁ'ﬁ
E—EEMMARTEY  SEEBRRFLATER -
BRENENESIE -

https://www.informationisbeautif
ulawards.com/showcase/611-

the-graphic-
continuum?fbclid=IwAROEEema

SR 19253ge4uMH-
x5eLRc7KpTJkAQgd88-

NvirUDwjPB7nu5RKLYphs

ft.com/vocabulary



https://www.informationisbeautifulawards.com/showcase/611-the-graphic-continuum?fbclid=IwAR0EEemaI9z53qe4uMH-x5eLRc7KpTJkAgd88-NvirUDwjPB7nu5RKLYphs

@)POLab

MFore complex than it looks

Average time allocated to machine-learning project tasks

January 2020, % of total Model Model

Aggregation training  tuning

Cleansing Labelling Augmentation

25 25 "5 10
Identification Algorithm
development
Source: Cognilytica Operationalisation
The Economist

The Economist, 2020. For Al, data are harder to come by than you think.
https://www.economist.com/technology-quarterly/2020/06/11/for-ai-data-are-harder-to-come-by-than-you-think

424 Bk %3 @NTU e B 2R (AAFRFRE L) 67



@)POLab

“In God we trust, all others must bring data”
- Edward Deming (1900-1993)

“What gets measured, gets managed”
- Peter Drucker (1909-2005)?7?7

https://medium.com/centre-for-public-impact/what-gets-measured-
gets-managed-its-wrong-and-drucker-never-said-it-fe95886d3df6

4 A2+ iz it F % 3 O@ONTU AFE S S B Y



https://medium.com/centre-for-public-impact/what-gets-measured-gets-managed-its-wrong-and-drucker-never-said-it-fe95886d3df6

TN

ZrelERDM

Empirical Case Studies

@NTU TEUS RS

@)POLab
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Process Diagnosis

(% #4232 %7)

@)POLab

Feature Engineering and Quality Prediction

(FF i 4727 5 H AR R])

PHM & PdM

(FRlRfERIE kR 7 2

Material Price & Procurement Decision
(o A 1 46 50 3R] 2 2 B )

FENAE e wGEALE

T RE (2=

TAMEEE L) 70



—E A BR2EEZ | FDCEY) @)POLab

0 Data-Driven Methods for Fault Detection and Diagnhosis

® Fault detection: screen the key SVIDs capable of distinguishing normal and
abnormal wafers.

® Fault diagnostic: the processing time points of the identified key SVIDs are
used as the features in classification to identify high-impact time steps.

//\ Wafer i |dentify key SVIDs
A /s
SVID/ SVID?2 === SVID M
k=1 label=abnormal
DATA CUBE k=2 label=abnormal
[ ] [ ]
[ ] [ ]
. / . .
Wafer i / / k=ny label=abnormal
i=12,...N | ~ p
? d SVID |dentify key processing time
1 Time (k=1,2,...,T)
/ : A .
] wafer 1 label=abnormal
/_ / wafer 2 label=normal
Recorded Time k . )
k=1.2,..n ' '
SVID wafer N-1 label=normal
Jj=12,..M wafer N label=abnormal

Fan, S.-K., Hsu, C.-Y,, Tsai, D.-M., He, F., and Cheng, C.-C. (2020). Data-driven approach for fault detection and diagnostic in
semiconductor manufacturing. IEEE Transactions on Automation Science and En%neering, 17(4), 1925-1936.

444 b3 @NTU L EY e FRCE (LA TRERE L) 71



—E A BR2EEZ | FDCEY) @)POLab

] Data Source

® The fabrication facility is a global semiconductor foundry.

® The FDC data from an equipment with two chambers using chemical
vapor deposition (CVD) were collected.

® 66 SVIDs with recorded values, among which 7 SVIDs were removed
because they were constants or purely wafer-count variables.
® Data Collection

— Chamber A: 1153 wafers, including 1130 normal wafers and 23 abnormal
wafers.

— Chamber B: 965 wafers, including 919 normal wafers and 46 abnormal
wafers.

® Inconsistent time length of sensor readings
— Wafers processed in chamber A are approximately sampled 315 s
— in chamber B are approximately sampled 309 s

Fan et al. (2020). Data-driven approach for fault detection and diagnostic in semiconductor manufacturing. IEEE TRANSACTIONS ON
AUTOMATION SCIENCE AND ENGINEERING.
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—(E AR ZEERE | FDCEH @)POLab

0 Processing time and steps in Chamber A and B

® the process steps defined by the domain engineers, the total process
time was separated into 15 process steps.

Processing step in chamber A
#1 #2 #3 #4 #3
01-16 17-91 92-100 101-106 107-166
#6 #7 #8 #9 #10
167-176 177-206 207-210 211-224 225-229
#11 #12 #13 #14 #15
230-259 260-261 262-265 266-280 281-315
Processing step in chamber B
#1 #2 #3 #4 #5
01-12 13-87 88-94 95-100 101-160
#6 #7 #8 #9 #10
161-170 171-200 201-204 205-217 218-222
#11 #12 #13 #14 #15
223-252 253-2255 256-258 259-273 274-309

FEULE TR AE

Fan et al. (2020). Data-driven approach for fault detection and diagnostic in semiconductor manufacturing. IEEE TRANSACTIONS ON
AUTOMATION SCIENCE AND ENGINEERING.
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Decision Tree @)POLab

O 7348 (Classification) (eg.7 #8854, CART, Breiman et al., 1984)

GEY 2 "
® JRIR1H Decision Tree% ;} g‘ ;]E] ;;: 3 ;ﬁ Rectangle Partitions

Pass 15 60%
[ NG 10 40%] Pressure :
Temperature < 580°C I Temperature > 580°C
A :
AlA
Pass - - Pass 15 79% A,
1kpd A A--B
NG 6 100% NG 4 21% A '® .. ®
| ®
Pressure < 1kPa | Pressure > 1kPa A 5‘. ° o °
o _%0®
Pass 15 94% Pass - - 58IO°C —
NG 1 6% NG 3 100%
Temperature

Rule Extraction
® If Temperature < 580°C, then NG. (Accuracy: 100%)
® If Temperature > 580°C and Pressure > 1kPa, then NG. (Accuracy: 100%)
® If Temperature > 580°C and Pressure < 1kPa, then Pass. (Accuracy: 94%)

Lee, C.-Y., Hung, Y.-H., and Chen, Y.-W., 2020. "Hybrid Data Science and Reinforcement Learning in Data Envelopment Analysis", book chapter edited in: Zhu, J.
and Charles V. (Editor), Data-Enabled Analytics: DEA for Big Data, Springer (Springer International Series in Operations Research and Management Suence)
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Random Forest
Random forests

O

mAY-dX-x)

B

Randomization
e Bootstrap samples
e Random selection of K <

|
@@%

clX = x)
x12
x11
x10
x9
x8
X7

p#"m (Y

X6 1
X5 1
X4 1

PMY—dX—ﬂ
x3

X2
X1 4

0.00

p split variables } Random Forests

e Random selection of the threshold

4 24 B iF Vg% FAQNTU

https://www.kdnuggets.com/201

FEYUYZE R E

@) POLab

Feature Importance

015 020 025 030 035

Relative Importance

0.05 0.10

)

Extra-Trees
O/random-forests-explained.html

FREEAFAFEE L) 75



— (BB EEE | FDCEY) @)POLab

[0 Feature importance of two chambers by Random Forest
® How to identify the importance SVID?

007 T T T T T T T T T T T T T

——— Chamber A
——— Chamber B

0.06

0.05

R

|
|
Import!mt Rate
o |
o
w

NN

1 6 11 16 21 26 31 36 41 46 51 56 61 66
SVID

Fan et al. (2020). Data-driven approach for fault detection and diagnostic in semiconductor manufacturing. IEEE TRANSACTIONS ON
AUTOMATION SCIENCE AND ENGINEERING.

O

Q

R
|

0.01

4 A4 B k%% E@NTU el n s 2R (X TS )
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—(EEF SR ST EE | FDCEA #)POLab

0 How to identify the importance feature? P 0y L
145 (e )
® Intuition: Threshold...determined by experience? Les N
® Method: automatically generates the threshold g o
— 1. box plot or take quartile/percentile . .
— 2. pareto (scree) plot and linear segmentation o ‘ 101 Y,
— 3. clustering for 2 clusters o
— 4. statistical (distribution) test . 160
187 hl
14 188 :
B0 186 15 :‘_\/
12 === Distribution | | = — t’_j/'
o el as
tof IR 5 ),
155 | s S 3
8r 156 59 o
R ) O
6F A08. e 0L 1804
169 78
4t 13? ;3 1701 / O
185 T2
187 63 1604 Q
2 188 89 -
186 9z f
1 o0
0 & 10
-0.01 0 001 002 003 004 005 006 007 oo e e | e s w
BEE
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—(EEaR B2 BEZ | FDCEH) @)POLab

[0 Fault Diagnostic via Key Processing Time ldentification

® Importance of processing time and steps in SVID #25 in Chamber A.
— Processing steps #7 (177-206 s) and #11 (230-259 s) for chamber A.

T T 1 N L A | - i
—— Important Rate(Every Second)| | -lmportanl Rate(Each Step)|
{=—Each Step SV
0.051 k=1 n 05F
k=2
o
0.04 | v T o4t
We k=n i
i=1,. N
0.03 | ‘ 031 me
0.02 | - wafer 1 0.2+
wafer 2
001 1 : 01F
wafer N-,
wafer N
() bealaatinsoale, Akt : : gl —— . . e P il el o e |
121 41 61 81 101 121 141 161 181 201 221 241 261 281 301 t 58 & 5 8 7 8.0 104159 0% 15

Fan et al. (2020). Data-driven approach for fault detection and diagnostic in semiconductor manufacturing. IEEE TRANSACTIONS ON
AUTOMATION SCIENCE AND ENGINEERING.
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— (BB EEE | FDCEY) @)POLab

[0 Fault Diagnostic via Key Processing Time ldentification
® The sensor reading values (y-axis) of SVID #25 in chamber A.
® The blue lines denote the values of SVID for all the normal wafers
® The red lines denote the values of SVID for all the abnormal wafers.

® There are discrepancies between normal and abnormal wafers exactly
In processing steps #7 (177-206 s) and #11 (230-259 s) in chamber A.

SViD25

10000 |

9000 |

8000 |

7000 |

6000 |

1000

0 50 100 150 200 250 300 350
Fan et al. (2020). Data-driven approach for fault detection and diagnosﬁgjfﬁ semiconductor manufacturing. IEEE TRANSACTIONS ON
AUTOMATION SCIENCE AND ENGINEERING.
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Z 11 Process Diagnosis/ Troubleshooting (Z£Z2:9)POLab

O BREF 735

SPCH &% ¥+

1.7k

UCL = 1.693

§ 1.6

215

514}

)
Mean = 1.506

l3f‘ 1

LCL = 1.318

Subgroup 0 5

Offline

25

P =y T
e I, Pt Tl
e .

Micro-view
Historical Analysis

Real time
In site Control |——

FDC |4

EDA —

Historical
Engineering Data
Analysis

Process Control
via previous
processed results

) Online

Process Control
via past data

APC
SPC

cMP Product
APC SPC
PH APC :
ETCH Monitor SPC
APC WAT SPC

EQ SPC

Avoid Human MO

Defect Wafer

Quest DEFECT MAP . Filtering by Size, True, Date: Wed Nov 01 11:11:04 2000
Scan Dite: 10-25-2000, Device: &_FAL011, Defect Desity: 23,097/, Adder Def. Die: 2.03% , Scan Taol: BIO91, Equirment
Tool: KLA PROC_ID, Pecart Bad Die: 35.81%, Defaction Die: 159, Lot: 403518900, Laysr; MOR, Wair: 403513900- 06 .01

0 Evet Sim (o) COUNT
; 0:32- 9.7 | 1+’

: [ 9981962 10
[ F 4 I il 3 19630275
— 028-38.92[2
0 393-48.57[0
. T 18583210
: ) 5822 - 67660
§787-71.51[0
0
0
0
1

E ]

77.52- 8116
. 87.17-96.81
96.82 - 106.46
106.47 - 116.11

o04 1308

i " TOTAL DEFECTS : 1925
: TOTAL TRUE DEFECTS : 203

7/

R ST O S

1.1 Data collection
1.2 Data preprocessing
1.3 Training & testing data

1.6 Prediction model
1.4 Median for Centerline training

‘ 1.7 Model validation ‘
1.5 EWMA for Target

Baseline (TB) 2.1 New sample
prediction

| Pre-alarm stage 2.2 Distance calculation :
between Predictionand T8 | |
2.3 CUSUM control chart

2.4 Predicted
CUSUM out of
control?

Phase Il- Equipment Parameter Monitoring

[ oft-ine training
[ nine prediction
[ concept aritt

3.8 Alarm and
equipment

ves Equipment
misalignment
(actual value error)

Al good products.
3.11 ILPM model
retraining mechanism

3.10 Add new samples
in ILPM training data

3.7 Bayesian
monitoring out
of control?

! 3.9 Update posterior
| in Bayesian monitorin:

3.4 Continuous
monitoring

No

Model misalignment
(predicted value error)

3.6 Lifetime
out of control?

No
2.7 Distance calculation ‘
between Actual and TB

2.8 Actual
CUSUM out of
control?

3.3 Loss
CUSUM out of

No

z ﬁ% T L g %p '2 5L o contim soge | oneion | | i
(Wang - 2012) L — AL 08 o L R (Lee et al., 2020 )
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Zfll1: Process Diagnosis/ Troubleshooting (E2:4)POLab

Continuous Improvement by PDCA

Quality
Improvement

>

Time
£ & it (standardization) - ] & it (institutionalization)
£y ARG s R LD = AT i cost down
Wikiwand (2016). http://www.wikiwand.com/en/PDCA
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A FELEEMETRA
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Knowledge Discovery in Databases (KDD) @)POLab

[0 Data Analytics Framework
® Feature Engineering _
Interpretation/

® Feature Selection - Evaluation

’ N Data Mining
/ \
/ \
/  Transformation

I
Preprocessing |

m

Selection

Tr m%
[ 2 .
d -

- -

Data
Warehouse
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Feature Engineering (35 L12) @) POLab

[0 Feature Engineering
® is to manipulate the new feature manually from the original features.

Two classes in coordinate system Two classes in polar coordinates
Cl 1 Class 1
X2 0 1 &=
3
5
2
1 2 2 4
r= |x1+x
0 1 2 3
-1
X 2
% 6 = arctan—
-3 xl 0
4 0
6 4 2 0 x 2 4 6 0.0 0.5 1.0 15 2.0 25 3.0 35 4.0
1 r

® Temporal Features [ & 4Hz=!

— For date / time, we can transform to timestamp and extract “day”, “month”,
and “year” as new columns.
> “hour” can be binning as “morning/afternoon/night”, or different shifts(&/ft31)

ekl (1]

» “day” can be binning as “weekday”, “weekend”

» For weather, holiday, or event, we can build “is_national _holiday”,
“has_xxxx_events” (eg. related to company, fab, machine, labor, ...)
https://www.kdnuggets.com/2018/12/feature-engineering-explained.html
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If-Then - Feature @)POLab

[0 Feature Engineering
o FEI I EIGmIEBELEZARKRNREA?
—LHZEHNREEH
—Rule-based features (Binarization _1&1L)

> Eg. If x1(M#K) is equal to a category and x2(&RE) is larger
than a threshold, then add a new variable z equal to 1,
otherwise 0.

> Ak Bldivide-and-conquer

— T #2FMAYdomain knowledge¥iit "= | BEENFE

—3Domain Knowledge# & Feature!
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Deep Learning vs Classic Machine Learning @)POLab

O *XEZ22E (Deep Learning, DL)E— & #2382 & (Machine Learning, ML) /3%
O BEXRAREEBNEEEERSMEA

o EEREASER(eg. BEALT ~ RAIE)

o FTEFZ  ZI/EEWNEE - BENHEZEZHESFER(computing)

O MLEDLBEE : ZREEFE - REEEUSE

Classic Machine Learning

Hand
: Model /
Designed | g Y——
[ 4
G — by sy

Input Feature extraction Classification Output Picture source: https://en.wikipedia.org/wiki/Machine_learning

Examples [ Regression and SVMs ]

Deep Learning

Example [ Deep Neural Net ]

Simple Complex Model/
Input : Output | .
Features Features Ma pping Simple Neural Network Deep Learning Neural Network
L Il I NN N N I I I I IS S . -I / .
Gy — % o
O

Input Feature extraction + Classification . Out}:ut @ nputlaver @ Hidden Layer @ OutputLayer _
Picture source: https://www.xenonstack.com/blog/log analytics deep machine learning/
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https://en.wikipedia.org/wiki/Machine_learning
https://www.xenonstack.com/blog/log%20analytics%20deep%20machine%20learning/

2602 FRIEEmETRN @)POLab
OB/TEZBEEZSH/REF?
® ZHRERFER
~ B CRAEERERE AR
~F__CRAEERRELES
— B CRAESRE R

O HEIRGEESEZER BN

® Troubleshooting
- PRPENOSESENIZRT - FTHETFHXEER
— Engineering Process Control (EPC)

o EvEIEKH - BEEIAR|
— FBottlenecki o] #HIRIZWIP level

o IiFEFEM?
— RITTRRIEREE
— On-line real-time prediction

® EZ¥EMonitoring > AABIEAAR/E /D EFIE
—IRIEHRFERE HeSREE
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Z=fl2: BT 2RRETER @)POLab

[0 Feature Selection
® In a large-scale dataset, select a few important variables (i.e. columns)

® In particular, # of variables (p) much larger than # of observations (n),
l.e. p >>nissue

® Address “Curse of Dimensionality”

—The number of observations required exponentially grows to
estimate the function or model parameters.

p K K<<p

n A ‘ n X

4 A4 R % EAONTU FEAG e EHRAE FREEAFAFEE L) s



Curse of Dimensionality

[0 Curse of Dimensionality

® system of equations

° 2x +y =12
x+ 3y =11

® 2 parameters (p) need 2 equations (n)

® ML/DS

— # of obs. (n) required exponentially grows...

® Reason: (R{TEMLBEZLRZZAIIEZA ?)

— Nonlinear (eg. quadratic shows + and - roots)
— Combination (eg. X, Y, Xy)

— NN/DL system (eg. fully-connected arc/weights)
— EAZEZBEUZERFEES - ogE AR ET

4 A4 B iFiVF % FO@ONTU

FEULE TR AE

@)POLab

Number of parameters (p)
(unknown and we need to solve)

Number of parameters (p)
(unknown and we need to solve)

ERE (A FRERE L) g9



Curse of Dimensionality @)POLab

] Problem

® In practice, the curve of learning performance w.rt. the feature
dimension looks like this

accuracy

Classifier performance

For a fixed sample size n, there
Is an optimal number of features
to use...

0 Dimensionality (number of features)

Optimal number of features

] Treatment

® Volume of Dataset (nodes N, weights W, # of samples I)
— Widrow's rule of thumb (Widrow, 1987): I = 10W
— Vapnik-Chervonenkis (VC) Dimension: I > 0(% log %)

® Feature Selection
— Variable selection (supervised learning) with “Y” as label
— Dimension reduction (unsupervised learning) without label

4 A4 Bt P %3 @NTU e A S 2Rk (A FRERE L) 00



2= 6)2: TR R E TR @)POLab

[0 Objective (Guyon and Elisseeff, 2003)
® improving the prediction performance of the predictors
® providing faster and more cost-effective predictors

® providing a better understanding of the underlying process that
generated the data. (eg. for process monitoring)

O Types
® Feature/Variable selection: select the “best” subset of the existing
variables/features without a transformation.
— Supervised Learning (B2 & TV E &) with “Y” as label
— Eg. stepwise regression, LASSO, random forest, etc.
® Dimension Reduction (feature extraction/ variable transformation):
transforming the existing variables into a lower dimensional space

— Unsupervised Learning GEEE L E ) with only “X”

— Eg. independent component analysis (ICA), principal component analysis
(PCA), etc.

4 A4 Bttt F % @NTU A AL ZRE (AL FRARLE L) 91



2602 FRIEEmETRN

O 7% R Al (Selection Principle)
® Mutually-Exclusive Collectively-Exhaustive (MECE) Feature Selection

® claims that the important variables should not contain overlapping
iInformation and should provide sufficient information.

Mutually — Exclusive (ME)

Collectively — Exhaustive (CE)

MECE

4 A4 A i F 5% % @NTU FERE

il &R S

@)POLab

Lee and Chen (2018)
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@)POLab

Data Prepared
Preprocessing Dataset Lee and Tsai (2019)
Data \I
Reduction Correlation Independence I
(p>>n) Coefficient Test :
\ -
e e e
No Imbalance?
Feature  — - - - e e e ‘L -------------- ~.
Se|eCtI0n ....................................................................... é.t. ........................... \ Yes
! LASSO SVM A !
l Regression [
l Random . :
iterative : Farest PCA Boosting ' :<_ Rand(_)m
process | w ................................................... : Sampllng
: Voting I
\ by Sampling or K-fold Cross-Validation I
\ /
S o e e e e e e e e Y e e M M M M Mo 7’
Feature —=—-=-=—=—=—=—=—=====-- I ———————————————— \
Validation _ _ _ | Knowledge
: Pivot Engineering —s| Management (KM)
I Analysis Experience I W
. T - ______ ]
4 A4 B iFivF % FAONTU FEULE TR AE ZFREEAFTAFEE X)) o3



2602 FRIEEmETRN @)POLab

‘‘‘‘‘‘ SRk ER#E

® XNk > i& (BARIB : ABABMN R D&Y - BEBARNNERL)
o itz > A—TEKX Kk (BA—EHIA)

o % > K—E R Nk (3FBRISEA)

O E3E. ..
o EXR >
° M > A—ERAR
o 2R > BEISIAR

O 455w
o EERBMNAZE - oI EFEBXIRYRHEEGZRR - RMFREARRERER
M (2 1FRE l?ZFe X H1EA)

o EEMREZM BEREEET(DOE) * Fused Lasso * Tree-based Method, etc.
ERRXOIFRTE

Lee, C.-Y., and Chien, C.-F., 2022. Pitfalls and protocols of data science in manufacturing practice. Journal of Intelligent Manufacturing, 33,
1189-1207.
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Z=52: B TR BEIER @) POLab

O Stepwise Regression (i.e. & {8 EF) (Hocking, 1976)

® Starting with no variables in the model, then adding the variable (if any)
that improves the model the most (with smallest p-value).

® Forward selection (y, xq1, x5, X3, X4)

y=a+,32x2+,3x1+8

y:a+ﬁ2x2+ﬁ4x4+ﬁx1+€

D R R K

x, and x,

y:a+ﬁ2x2+ﬁ4X4+ﬁX3+€

4 A4 Bttt F % @NTU A AL ZRE (BAFMERE A o5



ZH)2: i TR R ETER @) POLab

O LASSO Regression (Tibshirani, 1996)
'Blasso = al‘génlnz (i —Bo — 1xl]:8])2

Subject toZ 1|B]| <t

® Lagrangian form 41> = argmin {33, (v = B = £ xu/)* + 121415}

. Penalty(1) x1 x2 x3 x4 x5 x6 X7
.| 1=0 | * * * * * * *
S
P 1=418 i L L A
;- A=419 | % x %% *
N r-a2 xoxx *
" | 1=50 * oo i
oo 0z o4 o3 o 19 | Lee and Cai (2019)

Shrinkage Factor s=t/ ¥7_,|5/|
Hastie et al. (2008). The Elements of Statistical Learning. https://hastie.su.domains/ElemStatLearn/
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At
Etl“"

Z2(2: 45 T2 6 R YEH @) POLab

O Voting (18 &)%)
® When using several selection methods, calculate the selecting
frequency for “robust” variable selection.

SVID Stepwise LASSO Rs::iec;:n Boosting | Voting

SVID_003 O O O O 4

svp_101 o o o 3
svp_021 o o o 3
svbo4 O O o 3
sviboo2 O o | | o 3
svwp128 O O 2
svpo62 O R 2
svib_o77 o | 1 o 2

4 A4 R % EAONTU FEUG BT FREEAFAFEE L) o7



SRR ~ BUE ISR 1 @Pf)qu
[ Class Imbalance Solutions

® Undersampling

— samples a subset of the majority class. Due to ignoring many majority class
examples, we generally sample several times (resampling).

— Example SVID Voting by
> For Y label, R vs. AR =1000 : 50 Undersampling
> Samples 50 R an at a time for model training SVID_003 19
» # of repllcatlgns: 20 times | SVID_101 18
» Rank the variables by the “voting” = s-mmmmmeececooooooooiooo o
» Hint: 1:1 can be properly extended to 5:1 SV'D—02118 ________
® Oversampling (eg. SMOTE) Rl I S
| 5 . SVID_002 17
SVID_128 17
SVID 062 17

® Others: cost-sensitive, ensemble-based, autoencoder, GAN,...
4 A4 BiEitF % FA@ONTU FEULE TR AE FREEAFAFEE L) o8
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S T2 - EUE LR B EIE @) POLab
H H Original data and Defect Type
O Generative Adversarial Network (GAN)  ciaetan o Tt T poin T Somer T ot
3 I o . . .
o L Loss_C(Real) —
S : 4 c>{ _ISI
Classifier : ; A= . . .
®
L CAE
E Real N
.'."-’ R {L . D(Real) . . .
Loss_D(False)
Discriminator
0 Autoencoder . . .
Eaed
ACGAN

Shen, P.-C., and Lee, C.-Y. (2022). Wafer bin map recognition with autoencoder-based data augmentation in semiconductor assembly process. IEEE Transactions on
Semiconductor Manufacturing, 35(2), 198 - 209.

Wang, J., Yang, Z., Zhang, J., Zhang, Q., and Chien, W.-T. K. (2019). AdaBalGAN: An Improved Generative Adversarial Network With Imbalanced Learning for Wafer
Defective Pattern Recognition. IEEE Transactions on Semiconductor Manufacturmi 32(3%(310 -319.
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ZR2: BRI REREE @) POLab
O EHEFRH
o FHBHEMNERRE (recipe) KETRBEBEE(Y)HHER - eg. RETEH|
- BEEA - BETEH - EH=EH...
O 78802
o Em/ FARm
® fEE (thickness) * 48 & (Critical Dimension, CD) * &2 (Overlay) * fitF&3
#(defects) * TRIEETE A/ \(area) ~ TRFEMUIEE(layer), R Z(yield)%...
O 7%
o i > MaEET TERBEER | ES
o EFE > MEET TYERM | B9ERER
] Benefits
o MBI ERIESEmAR
o [REHEIME (1HEHIEFESCp, Cpk)

o EETEHI{RE (predictive maintenance)
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Feature ‘ Dataset with |
Selection selected variable Hung, Lee, and Lin (2020)
________________ Yoo,
Data c -~ I
Transformation | ategorical to ] Feature '
, Dummy Var. Z-8cores Extraction I
N !
— o — _4 ____________________________ T
‘L No Imbalance?
Predicon/ TS — S
O —— Data Partition (training vs. testing) ‘I Yes
|V|Od€| :‘ ................................................ * .................................................... , :
1 . H
terative : PLS BPNN CNN o :(_ Randqm
process | D(_erusmn SVR Boosting P Sampling
I ree . [
T .\D ................................................... :
" K-fold Cross-Validation p
SN e e e e (L L o oo I _______________ s
. MIOdf_I ______________________________ \ Knowledge
valua '?n R-Squared Confusion —s| Management (KM)
I MSE Matrix l W
\ )

- EEE S EEE S B S BN SN BN BN BN B BN G B G S B S G B G B G Bam M e
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Model Construction @)POLab

_ _ HEFEHMEFESSEBARIBIR
[0 Supervised Learning Models B — AR T A AR AR B
® Regression, Logistic regression, Partial 4 2als utwe
Least Squares (PLS), Multivariate Adaptive High
Regression Splines (MARS), SVM/SVR,
Decision Tree, Random Forest, LightGBM,
Deep learning (DNN, CNN, RNN,
graphCNN), GAN...

® Time Series: ARIMA, SARIMAX, LSTM,
convolutional LSTM, GRU, ...

® Accuracy Enhancement: Ensemble,
Stacking, Attention, Transformer...

Model accuracy

Low

O Unsupervised Learning Models T Tigh

® Clustering: Hierarchical(Ward's Method), Model interpretability
non-hierarchical(k-means, k-medoids), OJ Issues Arrieta et al. (2019)

density-based (DBSCAN), Spectral ® Curse of Dimensionality, Overfitting
Clustering, SOM, ART, EM-GMM... vs. Underfitting, Accuracy vs.

® Dimension Reduction: PCA, ICA, t-SNE... Interpretation, Data Imbalance

Arrieta et al. (2020), “Explainable artificial intelligence (XAl): concepts, taxonomies, opportunities and challenges toward responsible Al,”
Information Fusion, 58, 82-115.
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Z=fl2: BT 2RRETER @)POLab

u Backpropagation Network (BPN N) (Werbos, 1974; Rumelhart & McClelland, 1985)
® Multi-Layer Feedforward Network + Error Back Propagation (EBP)

® Minimize the error between NN output and desired output by “(stochastic)
gradient descent”. (a large number of hidden layers - Deep Learning)

Input Hidden Output

Layer Layer Layer NN Desired
Output  Output

7@_’ V1 Y1
Minimize

5 Mean Squared
. >@_’ Y2 Y2 Error (MSE)
. : n
: , Z(}’i - 9)?
. - A~ i=1
P @—> Yn Yn

g

~

J

Error back propagation | 0SS
3 A4 Bt (9 %% ONTU LS L ZFRE(EAFTAFEE X) 103



Z=fl2: BT 2RRETER @)POLab
[0 Boosting (eg. Gradient Boosting Machine, GBM)

Original data set, D, Update weights, D, Update weights, D,
- . - 4 - Combined classifier
- + - + -+ : .
+ + + E
- + B - - - : - E
+ - + = :
........ .:..+
Trained classifier Trained classifier Trained classifier - + :
(B - - : 2
©, X - . - ; :
+ + -
Weight each classifier and combine them: ’ 1-node decision trees
“decision stumps”
: very simple classifiers
33 % + .57+ | i + .42 % > 0
: <

Alexander lhler (2012). http://sli.ics.uci.edu/Classes/2012F-273a? action=download&upname=10-ensembles.pdf
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LGl

0 K-Fold Cross Validation

@)POLab

training fold L 1
g/\ Minimize Error= —3;2, Error;
- N
1st jter. = Error,
31 jter. =) Error,
10t iter. B Errory,
0 Time-Series Nested CV/ Rolling Time Window
Data Before Timeline Present
— - |l ] Fold 1 errorl —
l Fold 2 error 2
Train | Test ] N
i — Error:;errori
Train Test ] Fold K-1 error K-1
Train l Test Fold K errorK —

4 24 B iF Vg% FAQNTU

Time Series Data
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DT ? DEWME? o o

conerete plants

O FRFEE TR EFEHR ]

Data visualization
and statistics

Collected data

3599 observations *  Descriptive

E Data collection 2-‘-1 mi}f designs * sfatimics
® This study attempts to develop a e  Borglos

machine learning model to predictthe T
concrete Slump as a function of mix (”\,l,, """"""""""
proportions, taking advantage of the . —
3599 observations of industrially |

produced ready-mix concrete applied

partitioning

Training data

' (80%: 2690 observations) 2

Data

. . . . . P 3| - Test data
INn various construction projects. ! s (20%: 669 observations)
! ML models
25 mm, 2.4% 50 mm, 1.0% | * Regularized logistic regression " : !
t | #  Linear discriminant analysis T —
*  k-Nearest neighbors }dﬂ Im{"“ ng
V| * Support vector machine and opuumization |
¥ Classification and regression treg :
*  Random forest !
*  Extreme gradient boosting r '
80 mm, [ Model validation |, | :
/ 3. 7% : and selection
135 mm, :
05% SR 0900 a0 TTrmmmmmmmmsmmsmmsmssssssooes e Sty
Performance Evaluations :
Performance measures Performance graphs :
¥ Accuracy *  Confusion matrices X
* logLoss *  Area under the curve !
» * Matthews correlation *  Receiver operating :
! coefficient characteristic (ROC) plot !
*  kappa index *  Precision-recall (PR) plot :

Zhang, X., Zkber, M. Z., and Zheng, W. (2022). Predicting the slump of mdustrlally produced concrete using machine learning: A multiclass
class flcatlon a£proach Journal of Building Engineering, 58 104997
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® Testing Dataset with R?, Adjusted R?, Mean Squared Error(MSE), etc.
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Ta @)POLab

O #8458 - Confusion Matrix
o PUHIFHAAE R WA R REH LB EN D8R

o RExE _T AR

- M ZREMERRIRRE - B

~ (R&/FRR) (BlE/ 1) (BF/8F) (BE/TRE) S

512 (2 5)

)1 FN (false negative)
(;P‘ 3 5 TP (true positive) (Type Il error)
7R N (miss)
5% -y FP (false positive)
*E, w) (Type | error) TN (true negative)
i (false alarm)

O RIBDLHAER - OJE

_ TP+ TN
B IFIER Accuracy=
T1E i TP TN+FP+FN

FEY e RS 2Rl (A4 FREEE %) 100
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O =!§Z (Sensitivity, Recall) O ROCHI%R(Receiver Operating
o RERENI(FARMED - WIEEFERAEEER Characteristic curve)

Sensitivity = WA EENERERNL(AR

TP+FN SR T TR
® Miss (m#}) Rate =1 - Sensitivity E = 1 Model A
7p]
O $5EE (Specificity) 37 Model B -
° A ;B’”E%UZ(?M)E%?EP  WIERETE AL @]
© < _
Specificity = ——— o
P d TN+FP -
® False Alarm (fRZ£#) Rate =1 - Specificity -

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

FP Rate = 1 — Specificity

SERNABRERL(ARm)F -
R FIRIKE R (Type | error)

—fARER ETﬁEﬁﬁfﬁﬁ?jﬁ
RN T R AR

O B E (Precision)
o RENEALFRR)ED  WERBMNLE
TP

Precision—= ———
TP+FP

FEE S RS FRE EAFTAFEE L) 110




Zfl2: BHY T 2HERETE @)POLab

O BEIR XA
® Model performance (1281& 58 18)

Model A

Accuracy ¥ TP Rate TN Rate AUC
] VEGEFEES  71.9%  89.7%  51.7/% 70.2% 1
: Model B 78.1% 69.1% 88.3%  78.9% :

-

AUC: Area under the Curve of ROC
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1 Color Filter

GLASS BM Red
"I I I B F. L il
| - | —
ITO Blue Green

/Photo Spacer

Manufacturing .-'-, PS photo resist @
~ Process coating
Glass pre-cleaner Slit coater

Vacuum Dryer

T
M mhmhm

Oven Developer UV exposure Pre-bake and cool plate

Thickness of PS prediction Lee and Tsai (2019)
4 A4 BiEi-F % 3T @NTU FEAG e EHRAE FRE EAFAFEE L) 112



N

EH2: X BIRICH

0 Data Source

2 S YET R E A @POLab

e
(Vendor)

UL EE S 5 Color filter process
(Target) BM 2R 2>G 2B 2 UV Asher
2ITO>MVA 2> PS
BRI MES and engineering data
(Data Source) center (EDC) database
ErRHEERE](Time)  2020/10
AR 1000 Training:Testing = 8:2
(Sample size) (randomly sampling)
Y1788 (Independent 20000 factors Null column:
Variable) Continuous: Identical column:
Categorical: Category w/ 1 sample:
Missing value:
=T, Category: Pass (-1) or Fail (1) Pass:Fail: 700:300

(Dependent Variable)
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Ef2.X BRI hR LS =L IREE TR @)POLab

O Analytics Framework 0 Data Preprocessing

4
I Data Collection and |
I Preprocessing N Collected Data Merge
Dataset and Integration
I ! 1
Variable Variable Selection: Remove Null Column(s)
Selection Stepwise, CART, RF l
| v Remove Redundant
| Column(s)
I Engineering Validation ¥
Feedback Parallel Machine &
+ l Variable Transformation
I Prediction Model: m Missiné Value
| PLS and BPNN ) Imputation
I J' v I v
Metrology Model Evaluation by 10-fold Categorical Continuous
| ] ¢
| _ _ S Dummy Variable
| Engineering Validation Transformation
v Feedback l
|
T . /"’/ihﬂ“‘m |
I Process Control: _— Collinearity ——_Y®S | Remove the Variables for
OLS, Scatter Plot, and CART ——__Detection _— Post-Backtracking
Process —
Control Jr \.[, No
I Parameter Adjustment for / Prepared /
i Quality Control Dataset
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B2 X BRICH

] Feature Selection
® 10 out of 20,000 variables

| Variabless | SR__| CART | __RF__| Votes |
3

X_097 O
O

iy
W0
i
o
Hr
It

;352 A 5 2 FE A @)POLab

\

>

OO0 O
OO00O0O0

] Prediction Performance

As-Is (PLS) 0.392 8.15E-05 373

PLS 0.561 5.57E-05 10

0.760 7.02E-05 10
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Zh2.xeRych L RS EGEREEETRA
O Proposed BPNN & PLS

@)POLab

12.55 12.60 12.65
i I I

12.50

Response Variable

12.45
|

12.40
L

—=— Real value
--&-- Predicted value: PLS
—&-- Predicted value: BPNN

5‘0 160 . 1é0
Observations

] As-Is method

T
200

12.65
1

2| T
T ,
= L
- . R
- / gy o= ol
= o Nl \a\ it
= s f,»l A
I A R B NI
Z s 3 _[f_ RSN
g~ ¢ i }7 Ean)
wn ) a b
5 A B
g ) i
B \é. b
/
v

12.40
1

—&— Real value
--©-- Predicted value: Company

50 100 150
Observations
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Zf2: X BIBICH L ES RN =R E 58 D o o

502_2005_|_Temp >= 92

$01_1009_Count < 52

] Process Control

&

YES

S
—502_2005_Time >= 132

s

E

YES NO YES

(@ X_034 between 89.1 and 89.4

——S02_2005_Time <129

@

YES

$02_2010_TK3_Time <108

Cebvtao

S01_1004_Air <693 —

ey

YES
$02_2005_ Tlme<128

) X_034 higher than 92

FEULE TR AE
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Spatio-Temporal Anomaly Detection @ POLab
[0 Spatio-Temporal Visualization

Crease Location

}
[

I ¥
s

Shen, P.-C., Lu, M.-X., and Lee, C.-Y., 2022. Spatio-temporal anomaly detection for substrate strip bin map in semiconductor assembly
process. IEEE Robotics and Automation Letters, 7(4), 9493-9500.
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PHM & PdM
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Prognostic and Health Management (PHM) @)POLab

0 How to manage thousands of equipment?
Causes and Quality in Process

Compensation
Monitor

Machine
Operation

Fixturing

Bonding Surface

Stitch Z Speed Cleaning

Peeling - A Texture

caring Bond Dir E)I;"“',‘L:] Thickness

I\_Vlm?h Search Stitch e Underlayers
eng . - : 4 ateria

Placement Spﬁ('dt Calibration :‘l’.“l"'c“' Clcl;lanrilnlL

Cleanliness Damage S/S 164 Power pe y
EEEEEEEEEEEENTS Humidity EBaII Column Time Time E}'}i -
Fe ’3'1 Club Search Table (lilL:\;lun Profile Accurate
8] N . - v, o

D:n‘mlgc Height Scrub and Interconnect

Long Term
Reliability

Build

Placement
=
Arc

Failure

ad Si Angles ateris
Mia‘lltll::lfj Mode Length ]_lciglin _I,a"” (‘m"'l‘ll-‘i'm] Tensi Mechanical
i Pull Test ,‘iv"."‘-i Wire Stitch Interval Du‘i‘ﬁ;t’“ Strength
Doping HB%’T wu-ll‘“'“"" Length (‘I\‘qudm Sif_cl Low Cost
Clean Hook Dia o Looping Transducer h“:’:::p Cleanliness

Tweezer Function Tensile Strength

EEEEER T .
% Elongation

Material

Manual
Check

Aging
Ball

Shear EFO Finish . dﬁpmll
. . ondition
Testing I-l’m{::l Bonding Dimensions %Vi r_llding
Mechanical Force Wear ut

Strength

Capillary

0 Unsupervised Learning and Supervised Learning

® Unsupervised = anomaly detection (from control chart)
— Direct measure: mechanical parameters identification
— Indirect measure: signal processing

® Supervised - feature engineering & selection (from signals)

https://www.semitracks.com/newsletters/june/2016-june-newsletter.php
Lee, C.-Y., Z.-H. Dong. 2019. Hierarchical Equipment Health Index Framework. IEEE Transactions on Semiconductor Manufacturing, 32 (3), 267-276.
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ZHl= : PHM & PdM @)POLab

[0 Data Collection
o Ei#(direct) H B 4R (off-line)
— ZAERIEE (model-based) W 7774
— SHRE - WEASYIBRMEEMSEN - AU EM RS E RIS
(stiffness) * BEJE(damping) * {82 (mass) * EEE 1 (friction) - E&B& (backlash)Z
- RFEHMEAENIERAEERNS R T Bt R BRSNS S
e [EEHE#R L (on-line)
— Z BEIEIE (data-based or model-free) AV 75 7%

— 2GRS A2 R R E) sx 7 ENEIE - BIUNEE i (current) ~ B &f(vibration)
B2 22 5¥ (acoustic emission) ~ /B (oil debris) + 2 {8(image) - & & (temperature)
B 71 (pressure) ZFEAR BB EMEANS M - BHGELEE—THIEEETT
ZHUAER T BEFH AR R RN IRERE -

Supervised Learning System identification RUL
Unsupervised Learning BT H ESA R Feature extraction
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ZHI= : PHM & PdM @)POLab

[0 Data Collection
® computer numerically controlled (CNC) components
— mechanical system (shaft), bearing, gear, pump, alternator, and cutting tool

® Sensor/Accelerometer Installation
’Wﬂ%(ﬁ% B . [NEE - INEE) « ZERIRIE (ﬁﬁﬁﬂ’fr}a’f%?/% a1
TU(EE - R -~ FE—BEE) - 855 ?\ NG

TZ i.
motor Y, X, Z / N headstock
/ [T / crossbeam
: \ spindle -
/\l\ Microphone
/—-——TCP
— frame

/\ cradle

Accelerometer

https://doi.org/10.1016/j.precisioneng.2020.06.010
Tran, MQ., Liu, MK. & Tran, QV. Milling chatter detection using scalogram and deep convolutional neural network. Int J Adv Manuf Technol

107, 1505-1516 (2020).
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=6l =

PHM &

O #ERE

PdM

@)POLab

Reactive (RM or CM): Service or replace equipment after it fails
Preventive: Service/replace machine according to the manufacturer’s suggested

schedule, the amount of time it has been in service, or operational observations

performed to assess its current condition

Reactive
Maintenance

Failure

Predictive
Maintenance

Preventive
Maintenance

Conduct maintenance after
failures occurred

/

Conduct maintenance

regularly

ettt

Failure

Predict the failure and conduct
maintenance in advance

~ Failure

Time .

A

Condition-based (CBM): Service or replace equipment based on monitoring

Predictive maintenance (PdM): Maintaining components according to fact-based
expectatlons for when they will fail or require service, i.e.,

remaining useful life.

Cost

Maintenance (RM)

Allow equipment

to run to failure

Preventive
Maintenance (PM)

Prevent problems

Predictive
Maintenance (PdM)

Predict problems
to increase asset

Reactive

before they occur

reliability

\i\

»
Frequency of Maintenance Work

Total Cost Prevention Cost Repair Cost

an, et al. (2019). A survey of predictive maintenance: systems, pruposes and approaches. IEEE Communications Surveys & Tutorials.

Ran
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PHM & PdM ® Hi: Health Indicator @ POLab

P =
) ] ® HS: Health Stage
0 PdM- SUprVlsed Learnlng ® RUL: Remaining Useful Life

® predict the condition of equipment to estimate when the equipment is likely to
fail and decide which maintenance activity should be performed such that a
good trade-off between maintenance frequency and cost can be achieved.
— Purpose: eliminate unexpected downtime, improve overall availability/reliability of
systems and reduce operating costs.

® PdM issues are different/customized across industries, plants and machines.

Section 1: Data acquisition Section 3: HS division

Measured data, such as i . .
| | vibrati e | SR " e u According to the varying
v ra'tlon flgnd i , (\.’) g degradation trends of Hls,
. b B e A L e il | acquired from sensors to the lifetime of machinery
Sensor e | AL 2 . SR .
= U monitor the health i is divided into two or more
| | condition of machinery. Healthy stage__#~"Unhealthy stage ‘ different HSs.
Irpr TEut
Section 4: RUL prediction
‘ | From the measured data, X A ‘
= : ; In the HS which presents

Hls are constructed using
signal processing
techniques, Al techniques,
etc., to represent the health
condition of machinery.

obvious degradation
trends, the RUL is
predicted with the analysis
of degradation trends and a
pre-specified FT.

Vibration signal

] . o J*H ‘*‘1( | |«

Iepr Tgol

Lei, et al. (2018). Machinery health prognostics: A systematic review from data acquisition to RUL prediction. Mechanical Systems and

Signal Processing, 104, 799-834.
Ran, et al. (2019). A survey of predictive maintenance: systems, purposes and approaches. IEEE Communlcatlons Surveys & Tutorials.
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ZH= : PHM & PdM

@)POLab

] Feature Engineering (Time Domain, Frequency Domain, Time-frequency Domain)
® Root Mean Square (RMS), Mean, Variance, Skewness, Kurtosis, and

Crest Factor/Max/Min, ...

® Time synchronous averaged (TSA) signal, sliding window, residual
signal (RES), difference signal (DIF), ...

® Time series decomposition, Hilbert vibration decomposition, empirical
mode decomposition, intrinsic mode functions (IMF), ...

® Regression (intercept, slope), exponential degradation 6exp([t)
(amplitude 6, slope B), autoregression, ...

Common features

Common algorithms used

Component [ssue & failure Characteristic Common
measures
Bearing Outer-race, inner- Raw data does not contain Vibration,
race, roller, insightful information; oil debris,

and cage failures low amplitude; high noise acoustic

emission

Vibration characteristic
frequency, time domain
statistical characteristics,
metallic debris shape, size,
quantity, sharp pulses and rate
of development of stress-waves
propagation

Lee, et al. (2014). Prognostics and health management design for rotary machinery systems- Reviews,
methodology and applications. Mechanical Sysetms and Signal Processing, 42, 314-334.

4 A4 B iFiVF % FO@ONTU

FEULE TR AE

Fourier Transform (FT) [18,19],
Short Time Frequency
Transform (STFT) [20], Wavelet
Transform (WT) [21],
Empirical Mode
Decomposition (EMD) [22],
Bispectrum |[23],
Autoregression (AR ) Frequency
Spectra |24 |, Hilbert Spectrum
|25], Instantaneous Power
Spectrum | 26|, Hilbert-Huang
Transform (HHT) [27], Neural
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—— — :
=B = POLab
=] PHM & PdM a
[0 Feature Engineering
Feature Equation f $
g Q>) Peak
Maximum Value f1i = max(X(i)) £ [T, G SRS Peak-
1 N : g8 A ;
h{oan Va]_ue f2.‘, g ﬁ z:,:l X(E) = Effective or RMS to_
A
Minimum Value f3i = min(X ()) i viage i peak
e 2
Standard Value fai = \/N ?—] (X(4) = f1i) " TIME +
Peak to Peak Value f5i = — f3i 2 £ 2
= 2
Mean Amplitude fei = W Zz’:l | X (7)] § % g
! @
Root Mean Square Value fri = \/% Zf\;l X ()2 ok
Skewness Value fsi = % SN X(i)? e _+_ _ \ 2
Kurtosis Value foi = % Zfi] X (i)
Waveform Indicator fi0i = LT—L . _
fei Crest indic: I = max |#]
Pulse Indicator fi1i = %i ~restindicator - \/(I/N)ZN (n)?

. N ‘ o iD_L . j:1 il
Kurtosis Index Jizi }’7; Clearance indicator CLI = max —
Peak Index Ji13i = TL"; (“/N)Z;il \””JD
Square Root Amplitude flai = ' :—1 VX (1)])? \/{I/N)Zj.il(nj)z
Margin Indicato fisi = _fLr_ Shape indicator SI= N ;:_ | |

d al J151 — f1‘1-r' 1/1 . 1;
Skewness Indicator fiei = %L Impulse indicator MI - L}dn[
7i (1/N) Z I”J|

W. Jiang, Y. Hong, B. Zhou, X. He, and C. Cheng, “A gan-based anomaly detection approach for imbalanced industrial time series,”
IEEE Access, vol. 7, pp. 143 608-143 619, 2019.
https://www. quora com/lIs-the-DC-voltage-the-same-in-the- RMS voltage
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ZH= : PHM & PdM

Sensor Data

. Visualization

»

Equipment Modelling

Collection

- D &
|

Na———

Radar chart for health monitoring

LJJ lJ.lIIlnl mi‘ ’
v Y ¥ ¥ -
Vibration RMS Current and Ripple Voltage,
Vibration Band Vibration High Ripple Frequency,
Energy at Bearing Order Harmonic Variation in Ripple,
Fault Frequencies | Features Voltage RMS
[ [ ]
y
54 Features
Extracted
\ /
Bearing #4
(Lee et al., 2014) Abnormal

Lee, et al. (2014). Prognostics and health management design for rotary machinery systems- Reviews, methodology

and applications. Mechanical Sysetms and Signal Processing, 42, 314-334. B
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Equipment Health Index (EHI) @Pf)Lab
0 Health Index 0 EHI Framework

: - EHI Hierarch pr—
® Feature Engineering ey |_EHI erachy |
— Correlation(’I‘E 2 'ri) Data Collection [Dataset 1] [Dataset2] [ .. | [DatasetN ]
e 2 —

— Monotonicity (B iR 14)

Data Preprocessing | Datatreatment |
= ¥
B RO b ustness (*% ﬁé 'ri) Data transformation

v

| Data integration |

® EHI

Split Data
— Independent Training data Testing data
- SUbjeCt|Ve Welghts Count ontinue Continue
Cou
Two-side One-side  Two-side One-side
® HTI (Hotelling's T?) , Control Chart 4
. | C-chart ||Poisson count| | Pl ||Exponential|
- Correlaton  , = =]
— Objective weights Scoring \ariable score =1 |

—{ \ariable score =0 |

Weight Extraction

of variables by AHP

|
|
|
|
|
|
|
|
|
|
|
|
I Control Chart
|
|
|
|
|
|
|
|
|
|
|
|

Pairwise comparison Weight extraction AE
—> >

—— e o o m Em mm Em mm S Em o Em Em o e e Em e Em Em = =

Equipment Health Index

Lee, C.-Y., Z.-H. Dong. 2019. Hierarchical Equipment Health Index Framework. IEEE Transactions on Semiconductor Manufacturing, 32 (3),
267-276.
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Equipment Health Index (EHI) @)POLab

] Control Charts

® One-side Variable vs. Two-side Variable
® Continuous vs. Discrete

0 Why do we apply so many different kinds of control charts?
® Variable-specific control chart

SVID

Lot
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Control Chart Performance

0 Average Run Length (ARL)

® Determine the appropriate sample size and sampling frequency.
® ARL is the avg. # of points plotted to signal an out-of-control condition.

. . . 1
® Let p = probability that any point exceeds the control limits. Then, ARL =
— X chart with 3-sigma limits, p=0.0027 is probability that a normally distributed

#E @ FANEFLHERERA

px05c

u+ao

0.382 924 922 548 026
0.682 689 492 137 086
0.866 385 597 462 284
0.954 499 736 103 642
0.937 580 663 348 448
0.997 300 203 936 740
0.999 534 741 341 929
0.999 936 657 516 334
0.999 993 204 653 751
0.999 900 426 696 856
0.999 999 962 020 875
0.999 999 993 026 825
0.999 999 999 919 680
0.999 909 999 997 440

ARERAEEL®HE
IMPEEIR
3MPEEIR
TIRBEET

22WBEE1T
81RFEE1R
3T0RPEEEIR
2 149 PEEIR
15 787 RPEEIR
147 160N EEE1R
1744 2780 F 8 £
26 330 254 WP EE1R
506 797 3460 R =1
12 450 197 393 WP EEE 13T
390 682 215 4450 FEE1R

ERAE (BRERER—N)

ESHMEAR

43 F (H—FEmR)
#5403 £ (FRLRE1R)

F|ATI6E ( NELEEFRLIREIR)
FT72090= ( ENBIREGEEAR)
F138EF ( I AHIELIRE1-23R)
S|U0EE (BREFNELFREIR)

F10.7EFE (HEREELIREIR)

@)POLab

point falls outside the limits when the process is in control, so ARL=1/p = 370

https://zh.wikipedia.org/zh-
tw/68%E2%80%9395%E?2
%80%9399.7%E6%B3%95
%E5%89%87
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Equipment Health Index (EHI) @)POLab

[0 How to consider the correlation among variables?

® Multivariate Control Chart (statistical-based)  pultivariate Control Limits

/

Variable 1

Marginal Plot of Y1 vs Y2
4
3 ] + 350 —
2_
1 .
u._
-1 4
7 i
-3 1 35D — : I
_4 » .
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T 07T Multiuariatecontrol[irni_t‘,.--"' .
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 Control Ellipse .- ° oo,
Time 3 o°
L %4
2o . i
[ J v
Chang (2012), IBM T D
S L ® L
5 -1 i L ®
Yariable 2 h
4 Lo H : _
3 | 2350 — =D @ Mismatch
2 4 -5.0 -25 0.0 25 5.0
14 ] Y2
04
-1
.
3 -350 —
4

The information is found in the
1 3 5 7 9 11 13 15 17 19 21 23 25 2F 29 31 33 35 37 . X

S correlation pattern - not in the
individual variables!

Scibilia, B., 2016. A simple guide to multivariate control charts. https://blog.minitab.com/blog/applying-statistics-in-
quality-projects/a-simple-guide-to-multivariate-control-charts
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https://blog.minitab.com/blog/applying-statistics-in-quality-projects/a-simple-guide-to-multivariate-control-charts

Equipment Health Index (EHI) @)POLab

0 Hotelling's T-squared distribution (HTI)
® Multivariate Control Chart (statistical-based)
® Mahalanobis distance (55 ECEEER)

A —1
2 e / - -
t°=(x—p)E; (x—p) Samplelcova?pance
> — =\
Also, from the distribution, 2= n— 1 Z(xz —x)(x; — X)
i=1
p(n —1) The sample covariance matrix of
tz ~ T2 1 — Fp n—p>y the mean . 5
p,n— n_p ! Zizz/n
where Fp,n_p is the F-distribution with parameters p and n - p.
Lf1_) _
C\ll_ i _9_9°_/o_|ir_ni£ _____
n o |
E’ T 95% limit
[
o
T 0
https://learnche.org/pid/latent-variable-
o modelling/principal-component-

analysis/hotellings-t2-statistic

| | I I
0 100 200 300 400 Lot
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Equipment Health Index (EHI)e

0.5

0.0

EHI can be drilled down into 2

- @POLab

Bt
o A
=

EHI of Equip.0001

t+10

t+20

t+30

t+40

Day

t+50
t+60
t+70

control charts of each SVID
|

10

Class 1

05

00

t+0

t+10
t+20
t+30
t+40

t+50
t+60

t+70

Day

} }
Class 2 Class 3

!

Score: 0

34

-

& “aiﬁ':;ﬁﬁﬁﬁiggpiﬁQQ a3Qhw@ﬁ§5%ggﬁﬁB?%E;gJQgaé?’Ehﬁgﬁﬁ??\?ﬁféﬁyyﬁﬁééﬁzu?&* -
T

30
V4
#

SVIDO1 °

28

t+0
t+10
t+20
t+30
t+40
t+50
t+60
t+70

t+0

-------
o o o o o o o Day
— o~ o < wn [} ~
+ + + + + £ +
s i s E E E &

Lee, C.-Y., Z.-H. Dong. 2019. Hierarchical Equipment Health Index Framework. IEEE Transactions on Semiconductor Manufacturing, 32 (3),

267-276.
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ZHl= : PHM & PdM @)POLab

O 5iEeh#EE 788 Remaining Useful Life (RUL) Prediction

- No - A No - A
] 9 g =P
2 BdwmF 10 T+ M
3 RIRPRK 11 BEx
4 Rick 12 b %
5 5t dh 13 ®es
6 Stk 14 k%
7 = 15 L 3 5if 5
8 ETRK 16 3 4ioik

Inner race

dball

,
~— Outer race

http://www.li-ming.com.tw/index.php?option=com_content&view=article&id=225&Itemid=351&lang=
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ZH= : PHM & PdM
1 Vibration Dataset

Amplitude

=I

Lee et al. (2019)

@)POLab

Time

I
0.0e+00

5.0e+06

1.0e+07

15es07 (ODS.)

Lee, C.-Y., T.-S. Huang, M.-K. Liu, and C.-Y. Lan. 2019. Data Science for Vibration Heteroscedasticity and Predictive Maintenance of

Rotary Bearings. Energies., 12 (5), 801.
4 A4 BFiF % EAQNTU
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ZHl= : PHM & PdM @)POLab

] Prediction of the Deterioration
® Vibration acceleration signal

Corrective
3
— Vibration Energy replacement
—Old prediction Zone
2.3) e Current prediction &
© —Threshold . 3
k= Failure level
= 2
£ :
@ Preventive
& 151 repl
S placement
u zone
ER Replacement level
< ~
0.5 Inspection
zone
0 20 40 60 80 100 120 140 160
- hour [h]
¢t - - ———— >
Data collection RUL

revised from Grall et al. (2002) and Rocchi et al. (2014)
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____________________________________________________________

e ,

Preprocessing

E /Datal/ /Dataz/ / / /Datan/
Data i
Collection i Combine all of the data files Take the early stage
______________________________ l e e e
Data

Feature Engineering

(Hlig FAL19)

Feature
Extraction

SN

correlated variables

Remove high

Variance Inflation Factor

(VIF)

v

| == - - -

I Select
L

S e

v

v

Random Forest

Stepwise Regression

\
1
1
1
i
1
1
1
1
1
1
1
1
1
1
i
1
Important Variables | |
i
1
1
1
1
1
1
1
1
1
1
1
1
1
1
i
1
1

Important Y
Variables v

Feature
Selection

Predict

3 v

(OLS)

Linear Regression

Partial Least Squared
Regression (PLS)

Backkpropagation
Neural Network

Model

Prediction

OLS

PLS

BPNN

Prediction Result

MSE = 123,456,789

Adjusted R2 = 0.82 & MSE = 1,234,567

Adjusted R? = 0.83 & MSE = 1,765,432

Lee, C.-Y,, T.-S. Huang, M.-K. Liu, and C.-Y. Lan. 2019. Data Science for Vibration Heteroscedasticity and Predictive Maintenance of
Rotary Bearings. Energies., 12 (5), 801.
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Feature Engineering

@)POLab

Method/ Time-Series Change-Point Frequency
Dimensions Dimension Dimension Dimension
Method OLS Piecewise lipear FET
segmentation
(11) Ampll.f
(1) Mse.ts (12) Ampll-freq.f
(2) Slope.ts (7) Sd.cp (13) Ampl2.f
(3) Intercept.ts (8) First-point.cp (14) Ampl2-freq.f
Features
(4) Skewness.ts (9) Skewness.cp (15) Ampl-mean.f
(5) Kurtosis.ts (10) Kurtosis.cp (16) Ampl-var.f
(6) Max.ts (17) Ampl-skewness.f
. (18) Ampl-kurtosis.f ..
Feature Selection RUL Prediction
VIF Test Stepwise Regression RUL SVR
Features VIF Features State 80,000 ’ seeac;'ct'on
- Predicti
Mse.ts >10
Slope.ts Slope.ts out
Intercept.ts >10
Skewness.ts Skewness.ts out 60,000
Kurtosis.ts Kurtosis.ts in
Max.ts Max.ts in Theeteeeee,
Sd.cp Sd.cp out
First-point.cp >10 :
Skewness.cp Skewness.cp out 40.000
Kurtosis.cp Kurtosis.cp out | (R S s e
Ampll.f >10
Ampll-freq.f Ampll-freq.f in
Ampl2.f Ampl2.f in 20,000
Ampl2-freq.f Ampl2-freq.f in
Ampl-mean.f >10
Ampl-var.f Ampl-var.f out
Ampl-skewness.f Ampl-skewness.f out 0
Ampl-kurtosis.f >10 .
0 25 50 75 Ordered Index

Lee, C.-Y,, T.-S. Huang, M.-K. Liu, and C.-Y. Lan. 2019. Data Science for Vibration Heteroscedasticity and Predictive Maintenance of
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Convolutional Neural Network (CNN) Fault Diagnosis

Random Segment of Raw Signal
v __r ' ' ‘ LT No Padding Lf-ja]2]1]
ol |

“Dimension loss: | T
7 from 5 to 3 ‘
_—

| | 7 . Pad Pad

i ¥ Zero-Padding | T & ‘ '. ‘ ‘\ |
i\ No loss on b | S J \ W
dimension | Lo ——__ ‘
/ - I——l—————l | TR W W8 W 64><64 image
D ﬂm’—]’—‘ Sample Deque ~-17---~ 1 Timedomain signal
T T 111 Padding for control the size of feature dimension and the
t R —— SE=gr=crese==== = . . . .
' " . ¥ -———--- » || | |1 1» zero-padding for preventing the dimension loss
| ] :I R I N A IS 3
e O M
123 MM+1 2*M " 12 3 M
Time-domain Signal Gray Pixel Image

_—— L((j—1)xM+k)— Min(L)
P(j,k) = round { Nax(Z) — Min(Z) X 255}

Con 128 Pool jag COL256 P00l 256
on 00 8*8 4*4
Con 32 Pool32 ~ Con64  Pool6d o616 @geg @ @

@ster  @rn @232 @16%16 ‘ 7;,"-;;:?1;?‘ G . Self-Priming

.l \ SeeiieEs S e Centrifugal Pump
outer race wearing bearing roller wearing

Wen, L., Li, X., Gao, L., and Zhang, Y. 2018. A new convolutional neural network-based data-driven

) . fault diagnosis method IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS 65 (7), 5990-5998.
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[0 Deep Learning for PdM
® DL has shown superior ability in feature learning, fault classification and

fault prediction with multilayer nonlinear transformations.
® Multi-sensory data can be fused via DL-based models. In practice, more
than one sensor would be mounted at different positions to acquire a

variety of possible fault signals. Unsupervised Learning
. Autoencoder: Nonlinear feature

X

X

( ( N
Normal i Recovery | Loss < threshold,
. Data > ' . Data | then normal
A | i )
nomaly J Recovery | Loss > threshold,
___Data St ___Data ) then anomaly
_ e . 6 -Otljn@ abnormal
0]
o[y @m Wm | f | e 2%
| ] Qe o,: “\O
] Q0 o.” e e normal

Input Signal x 1 T Reconstructed Signal £ o
Te = _Z 1%k — X gel (T x K) Channelwise Reconstruction Anomaly Scoring (1)
T ] »
t=1

(T XxK)
| Error Vector r (K)

Kwak, M., and Kim, S. B. (2021). Unsupervised abnormal sensor signal detection with channelwise reconstruction errors. IEEE Access, 9, 39995-40007.
Jiang, et al. “A gan-based anomaly detection approach for imbalanced industrial time series,” IEEE Access, vol. 7, pp. 143 608-143 619, 2019.
Ran, et al. (2019). A survey of predictive maintenance: systems, pruposes and approaches. IEEE Communications Surveys & Tutorials.
- | ) = oap 55 %,
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Kernel-based Dynamic Ensemble Technique (KDE§Y)POLab
YA

@
® ® PN ® Modell Wq =
o

S

@

0.15
0.15
L

0.10
!

Model2 W3 j
Model3 W3

9,
o

Density function
0.00 0.05
L N
Density functi

© 00
© 060

o
©0
e

© 060
© 00

[ oOffline Training Module

.
I I m e 11 Data 12 Data 1.3 Feature 1.4 Model 1.5 Weight [ weighted Majority Module
Collection Preprocessing Engineering Construction Initialization [ Dynamic Ensemble Module
——————————————————————————————————————————————— -
» - '~
‘ ST vl Miodel s
. N "13]; :"i _'l‘i'“”;’ . N"w | 2.2 Kemel Density L 2.3 Weighted Majority ‘\
Kernel-based s ey Estimation Prediction \

[0 Base learners Ensauntls

. Confidence Index
Technique acrn

® Support Vector Regression (SVR) (KDET)
® Random forest (RF)
® Gradient boosting machine (GBM) |

O Time complexity O(n* + np?) for KDET, DWM, and OWE
® dynamic weighting majority (DWM)
® on-line weighting ensemble (OWE)

3710 Individual Count:
= Threshold 1C,2

3.5 All Models

Dissimilar? “i, i mere

Dissimilar Models

® nis the number of observation and p is feature. N Ny )

e e e e = e = e e e e = = = = =

Lu, H.-W., and Lee, C.-Y., 2022. Kernel-based dynamic ensemble technique for remaining useful life prediction. IEEE Robotics and
Automation Letters, 7(2), 1142-1149.
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KDET for RUL @)POLab

Random Sampling Dataset Long-Term Dataset
—+ SWR —
20 —-- Random Forest Metrics Prediction Models
—:+ GBM 5 replicati Weighted . K-Fold
SIS 11113 g S starkiig (5 replications) | gyR | RF |GBM Majority |S1acking| DWM. | /| OWE | KDET
=M it MSE Ave. | 834 | 498 | 464 | 496 | 1469 | 065 | 038 | 059 | 033
o :
g MSE Std. Dev. | 0.39 [ 0.16 | 0.18 | 0.16 | 142 | 008 | 006 | 0.07 | 0.04
5 MAPE Avg. |95.12[34.71|45.41 | 5035 | >100 | 21.57 | 20.89 | 21.42 | 20.41
70 25 50 75 160 125 150 175 MAPE Std. Dev. |33.52| 7.01 [11.53| 12.08 | 36.28 1.65 1.47 1.68 1.37
0.9 | SMAPE Avg. |26.31]17.38[17.69| 1858 | 3752 | 10.15 | 867 | 9.85 | 851
0.85 . o B e TR . SMAPE Std. Dev.| 1.58 | 134 | 139 | 126 | 2.11 0.71 0.66 | 065 | 056
_0'80 ‘ ' . H H & il 3 it ‘ 3 : 4
2]
0.75
B39 1 || . 2 B . [Dynamic Weighted Ensemble Methods
: i Metrics
0.65 _ . DWM OWE KDET
— 100% Ground Truth
0 25 50 75Data PomtlsOO 125 150 175 Retraining Triggered Avg. 115 114 12
100% Ground Truth 9 9 5
Prediction Models Retraining Triggered Std. Dev.
Metrics ich 60% Ground Truth
SVR RF GBM Welg t-ed Stacking KDET Retraining Triggered Avg. 3 71 12
Majority
60% Ground Truth 4 6 5
MSE 6.55 4.76 3.77 4.81 3.89 3.82 Retraining Triggered Std. Dev.
20% Ground Truth
MAPE 24.05 19.26 | 17.33 18.69 16.98 16.76 Retraining Triggered Avg. 25 24 12
20% Ground Truth
SMAPE | 21.64 | 17.92 | 17.32 17.55 17.66 17.27 Retraining Triggered Std. Dev. 4 4 5

Lu, H.-W., and Lee, C.-Y., 2022. Kernel-based dynamic ensemble technique for remaining useful life prediction. IEEE Robotics and
Automation Letters, 7(2), 1142-1149.
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O LURERB

Data Preparation

Data

upply’ Up/downstrea ndustry
demand m materials data
1
Data clean & Missing value :
merge imputation 1

\
1 1
' [ Feature selection [Randomforestirr | [ asso ] !
1 1
I I
1 1
| 1
“ ’

o -

£

& Data

3 I Transformation

g

w

g |

o Rt Lt R
,r I 1 N
| Prediction Model I Time series Deep neural Long short-term ‘,
: decomposition network (DNN) memary (LSTM) | 1

T 1

1 1 1 1
: | Trend | | Seasonality l |Randomness| :
1 1
I 1
1 SVM DNN |
\ !

~
! Cross validation

| Trend forecasting

| Price forecasting

| B

~—
Procurement

data

Analytic hierarchy Markov decision
process (AHP) process (MDP)

Reinforcement
learning

Procurement Decision

Best procurement Empirical
strategy testing data

Evaluation &
discussion

Lee, C.-Y., Chou, B.-J., and Huang, C.-F. 2021. Data Science and Reinforcement Learning for Price Forecasting and Raw Material Procurement

seasonal trend observed

random

in Petrocherr)ical Industry. Advanced Engineering Informatics.
4 A4 B iF v F % FAONTU

2016

FEULE TR AE

Time

e WTNE I

Crude Oil Upstream Butadiene Downstream
Variable rc. cc. Variable rc. cc. Variable rc. cc Variable rc. cc. F OI q b
xor | 179591 | osios | Y| xo3 | 22507 | ogsu Y Y| xe2 | sems | 0798
u ALl BB
fF_‘r/f > ﬁ;E[j; Y| X2 | 183465 | 05229 | | x04 | 08613 | 01990 X10 | 09936 | 09997 X23 | 07643 | 09258
NNES Z=
X05 | 16192 | 05878 X1l | 10051 | 09997 X24 | 08698 | 09424
X06 | -03626 | -0.1536 X12 | 08651 | 08741 x25 | 09213 | 07151
X07 | 20611 | 05830 X13 | 09153 | 08584 X2 | 08003 | 09272
Y| xo8 | -04406 | -0.4160 X14 | 08382 | 09401 X27 | 08897 | 09313
X09 | 00002 | 04336 X15 | 08153 | 09406 X28 | 00008 | 05036
X16 | 08615 | 09390 X29 | 00005 | 04319
Legend X17 | og7sl | 08425 | | Xs0 | L0112 | 09810
Butadiene(BD) X18 | 08802 | 09512 X3l | 13185 | 09753
re.>15
X19 | 02148 | 00719 X32 | 01570 | 01345
rce.<0
I x20 | 03655 | 01411 | Y| xs3 | 07595 | 03052
* Important variables identified
by feature selection X21 | 00012 | 04902 X34 | 14520 | 06067
JFRHE RS TR il Pice Pred
UNTAT TR /A Oil Price Predict (TEST)
46-
44-
8. A
g _ 42 i
Y - g
& N
5 40 {
h i
N 38-
3] v
: V 36
w0t0 e 7654321012 345¢6 7 89 101112131415
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O #®1E2&E (reinforcement learning)

Current Policy Optimal Policy
[ Inventory ==@== Actual Price ==@= Forecast Price

I

Feb-17 17 Apr-17 May-17 Jul-17 Aug-17 Sep-17 Oct-17

[ Inventory —@— Actual Price

Inventory (tonne) and BD price (US$/tonne)
Inventory (tonne) and BD price (US$/tonne)

17 Feb-17 17 Apr-17 May-17 Jun-17 Jul-17 Aug-17 Sep-17 Oct-17 Nowv-17 Dec-17

al v v \' al

a2 v v Vv a2 v v v v A v

a3 \ a3 A v v v
ad \ v v ald

Current policy (s,S) policy Optimal policy

Average inventory (tonne) 3112 1812 3197 Cost
Standard deviation of |
. 743 302 489
inventory (tonne) | Down
Amount purchased (tonne) 25,301 35,430 36,835 12.35%
Total cost (USS) 44,596,113 42,324,694 39,091,618

Lee, C.-Y., Chou, B.-J., and Huang, C.-F. 2021. Data Science and Reinforcement Learning for Price Forecasting and Raw Material Procurement
in Petrochemical Industry. Advanced Engineering Informatlcs
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O ERA SR E BN EER
o FRRIZFRRITEE?

® MRIEAEAZYEE?
o MILREERWENKE REHEEE?

o IRERBLERE - ZANMERZE(robust)FUEE?
® Training datasettesting dataset¥{a] )l B R E 2
® HIRFTIE BRI AT E A E Y0 ZIE?

¢ EmASHENEZANEDH?

o HIE [fFIKEMR A FRIN{E#EE?

o FRRIREAOIISFEZENZ ESEE (re-train)?

o FRAIMERI O] DB R FARRIEE NI E] E?

o BRAIPNERRMES M T KB A—N WO EE?

o YMtERNZARSEEERR 17

III'

2H...
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& iR 5 throughput BRI 22

o FEHRREIKILAVARI?

BRIFEs B T HIN&REL?

ERcE @B EEFKIKE?
BEENEE NDtargetrZ N0 5] B IR FH?

7= m#B S product-mix 20 R E?

gane /R E? B UE B WO EIT?

HZE B YN{aContinuous Delivery? B8R £572
xR Et E W E AR EE?
ZREHGFHERYN - EEEEIME]E?
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Automated Production Scheduling

\//
DI.
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FLFpR 4 A A
A%}k}pt
EAF TR
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Make-or-Buy
7 KA
2l e
AR 2 H)
o HGE B~

Troubleshooting

R T WA S
R B 5

KRS = 9y
/Ji ‘\‘Ufm |

Lee and Chien

(2022) :
4 A4 RiFiF % T ONTU

WA E I e
A2 £ 3 BPR
A0 Ry
B S8 EE A 4T

et R ARF
R RE:

B g R/ iF 0

2 A NRE:
BEEY

58 BHT A A 47
2 5 AIE A f7

Big Data, 10T & Cloud

Real-Time & Online
Optimization/Learning

Value/Supply Chain
Integration

Decision Science

SOP & &% 1 p&
RE B ",f
A RT G
? 7},'4{»‘_3, P ks jvg;‘;
I T 2k # 2 2%
& ‘f‘fu);# oy
E 4T ST
Yt 2 4 41SPC
4228 18 3P| A #EFDC
WAz 4 B

EEE

New Business Model
Dashboard (% 1 %)
Price Maintenance

Manufacturing
Intelligence

Sustainabilit
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O ERREWIFFES—HRERAS —RIEER. ..

O —F%BROLUTER - AR

O7% iE - ST EEEEm U EZWNERE R

O 730K
o SRlE (BEROERBAX  BREBlERAR - ARKRESNBRE)

o WEEX (BEu/RECABBEESR/NE - SR AREIFTHE )

o IRIGEE
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O R201XF - 225 - SR LMEERSERE

O EM&EZEENZ116/200 = 58%

O ?‘)J_/If nfj 1Y) 5% 2%

° RIKRER)HE?

o EEE=RRAE FIEFTKAE?

o IRZANEHB ABBEFES ?

o BIHETEREE - FHE 2&1@1%%5!3 ?
o EERS(FE)RERZ

O TREE RS IE MRS
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AL B T ERR 2 @)POLab

O ANEERFE
o Lk ANNHES ZBERIENE

o =4 :
— @ : 2017/02/11, 2pmBAREREZES/N\F (LEERBERESLE - FFEREIS)

— ¥ RIEIABERIEIAS
— R ANERETABEEESHEIEE
— ETEMERER = (REFEEERE) | (FREZEGE)

— eg. (56+160+138 mins)/(180+180+180 mins)
=65.6%
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@ |14:11-14:16 iR B 5% B RS 5
14:16-14:27 [HEE#SHRELSE | 11
14:27-14:30 | E kgl 3
14:30-14:43 |FERSE R A 13
14:43-14:50 |{£#% ~ S0 SR T 7
14:50-14:54 |FEiS TR0 4
14:54-15:00 |“BHUREYIRE 6
15.00-15:15 (k2. | 15
15:15-15:28 |4EHUfEE. 13
15:28-15:33 i Bl L 5
||15:33-15:43 [mmiomeasts | 10
|115:43-15:48 |#ufsie, S
15:48-16:01 |iEFEt O sgE | 13
16:01-16:10 |SEEVRELE 9
16:10-16:17 |2 /& faHl 7
16:17-16:22 |{FhEE 5
16:22-16:31 | LBkl 9
16:31-16:40 |ZHEE SBURI 9
16:40-16:47 | B ke 7
16:47-16:52 JHEM OB ELGEER 5
16:52-16:55 |“EEUEYIEL 3
16:55-17:00 |EhsiE R A S
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O TR E) R IE 4
o BB : AEE > BHEH > ¥rlF
o HEMNBRHEREARALTZRNAEN LIENER

O FEBEFEREE D
o AETEE : 80% ~ 85%
o HIt - MEREERZ FIREIAAE LIFUZEB0% ~ 85%)
® 200 * 80% = 160 (&) 2l 200 * 85% = 170 (&) Z B AR S EIEE

O /45
o FREREIETR(Dashboard) EEFIH =R B 1605 ERuUN (WA ENE)

O =
o WEABRFHIEXRIER (eg. BRSFHITZTEIE - MIFERE)
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O ABLEETE R A
(3=
T
ANEBBREGRE/X
B ANEXKFE/X
BEUANTIERRExLIEMNER
IR ExEERIEFRAFTEZA D ZLER
TR
HaEFZANZLEER
T YERUZE (Labor Eff)
1-Z &) Z (Machine Util)
0.8

= 1-0.656 = 2.33(®)

IR

o AEtREUMHBEZIMEE - FEERBRZ DAL -
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O WEER > RIFEZ (TEHR / time-motion study)

O &3
o BIEREH
o RETRREH BEH)

O GR%ES
o RICHM
o BENBEERARA R RRR/IFERHE  B5TR)
o BORBEHLR  ENBELS (BB ASH)

O Zi& o EHERG1E~
o BRAREREDHES M
o EREBASMMS (HBUIRSFN - HEEABERIAME > 16
PHRINS TR > BREB - MAERIENLER)
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4 EBFEScheduling e 1

Financial Planning |€&—» Planning Planning
v Long Term

O %80, BB MBE. —

N
®Q: — (&8 AR BEIZ e ? . X
Q: M. B—ERBARIZEIE? — . 0l Lovel I \\ 7 Y
. 2NII —
® A +ab.... Facility Layout Efz(:ci):r?ccnxlrtlglssis Demand Mgmt. Re}zﬁP%c;srhip
E AYA 77
o EE, i@ 9 ﬂ:ﬁ %E\ HIJ_'_I R é%%%ﬁﬁ)g/ | > —\Ouﬁﬂﬂﬁﬁgg - Mid Term
= =]= = ! h | I !
. }3F$§E1ﬂ*§;\ﬁfﬁ,i@ : Resource Plannin ll ; IAggregate Production II Vendor Selection & :
= N e I g | Planning " Order Allocation I
o IRIGEZITE L Lean... PN R — S M
ough-Cut Capacity — aster Production " onthly Materia
: Planning 1 Schedule | Planning :
| | ) . !
| Capacity Require. Material Require.
O Sales vs. #IZ A B :_____P'_an_n\ijg___‘_: > o
Paras ﬁ oo :
® Sales > REEE . 7\
e — Operational Level \
o B2 > REED —
U / \h Activity Control \ / \ Short Term
i) I - == In- —_———— === ing—---n1
o HIZRIER ! W T o
: Order Releasing <-|—:> Purchasing |
| |
: v » v ! v
I |Shop Floor Operation I |Vendor Scheduling & .
[ =) ?A_( - . I Scheduli Iy Daily Assi ¢ [€—P|Logistics Mgmt.
O BERE vs. =X E) R (utilization) e 11 LoatvAgmen
I |Shop Floor Control & | !
e
Lee and Johnson (2013)

v
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4 EBF#EScheduling @)POLab

0 Overall Equipment Effectiveness (OEE) revisited
— Nakajima (1988); de Ron and Rooda (2005):

A
Nonscheduled
state
e
Unscheduled
ot downtime Scheduled
: down state
time . T
Operations . .
: Engineering
time
o State
Equip'ment 'r Standby
UPtime b oduction state
time Productive
\ \ \ state
OEE — Theortical production time for effective units
Total time
_ Equipment uptime y Production time y Theortical production time for actual units y Theortical production time for effective units
Total time Equipment uptime Production time Theortical production time for actual units

= Available Eff x Operational Eff x Rate Eff x Quality Eff

— Machine idleness is identified explicitly through this definition
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Bo/RRME ikt Y ¥ O 4 et AR

BAARCRF )L RS A K 2 PP ® F oA P o fpde 5
PFEE (/A R i * Z (utilization)
FEAS/W ot P R/PE el o T P ® 3 el A/
ERINLILRES & ' B P> (cycle time)

T Ve YB3 W o R ® Time-to-Market/ & &
R ¥ B erBackup =i 2

"\*

Wu, Min-You (% %) and Chia-Yen Lee, 2015. Sampling-based NSGA-II for Stochastic Scheduling in Auto Parts Manufacturer (Hfif% 2% H 1238 (EE B A
EA/%EiZEﬁﬁ”LFﬁZKﬁA%EF% 2 E1{E). 2015 Chinese Institute of Industrial Engineers (CIIE) Conference & Annual Meetln |chung Taiwan. )
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4 EBF#EScheduling @)POLab

O #E#Z (Scheduling) (Graves, 1981)
o "H—EKRKEA  BcBEoRAMNERREE - 1LIF - LUEAFRENEIR

® Scheduling is the allocation of limited resources over time to perform a
given set of jobs or activities. M52 - 2 REMA LIFE# s LI TR
REUKENLIIER - PR 2 ERZREIRRGIFMITIRE 2 & E{CRRE -

o HHEER | HHHIRGFEEIIERH AR LIFMEENERECE

Chien and Chen (2007)

L1112 |3 |&% |3 |6|7|&|9|10|11)112]113 14|15
MI Tn
W T2
M3 T3
M4 T
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4 EBF#EScheduling )POLab

O BREE=
o NMILE&ER(EER]E)
o SLEFL(RIRHIRZEIR)

T H
® BIElER |
o HHER e R P
°© , | > |
0 o& =/ |\ The total weighted earliness and tardiness
i veie) o
® &/)\& K5k (Makespan) 2%~ % 7 (2015)

o ARNN%ESE AL B (The total weighted completion time)
— Cycle time/ machine idleness
o AAEERSRE (The total sequence-dependent setup time)
® 4 ZE4R % (Line Balancing)
o H/VIRIEIRAR REUISE
® JEEZ] BB 2= (The number of tardy jobs)
o AANNHEL E RS (The total weighted tardiness)- Meet due date

o ANNHERFE MIEERB (The total weighted earliness and tardiness)

— On-time delivery/ WIP reduction
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HEAZ e sl

@) POLab

O BriZlE R
o MZELEIEN/ =R EHI
® IS RAIRFERE
o EHiKIKE (Vehicle Routing)
o S#I/KEINEHI
EIH T
MEIERR R
=B BE
EPrEEEE
o EEMFoHEDE
® FEXNZRH (eg. ERIBEIMITE)
o ¥R ENET
o AR EERIRR(HRZEERNEIE)
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AT HFigizEes @)POLab

O RS A LHE
® MRP# - %R ENM L5 (processing time) « S AT 2R 05 24
o HIZERE . mEERE > k2B H(Due day)BfF L&

TR
(A Ty
F’!'E 'ﬁ\t”’#'k ﬁi g e L =T
IIEECE B5 57 H
4 BB
AN E
$E 1L e p
e ! | AR
B — X i%
y REE /1 A%
1 EH AR 20, SIS
G # 5 Yes FELE3
EJR-N BT Yes '/Q i
-+ T&TE

f
NOW
%8 4+ % h2E (2015)
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BB =R @)POLab

[ Dispatching

® is to release of orders and instructions for starting of the production for
an item in accordance with the ‘route sheet’ and schedule charts.

O Dispatching Rule ({&5%)
I—_@%ﬁ%&@ﬁi@ﬁiﬁ;
/@ FCFS (First Come, First Served) o2 o IR 75
|® SPT (Shortest Processing Time) &x#3 2 3% 55 &
|® EDD (Earliest Due Date) Z/H5 H

AFF ARl ) FRAREENEE LIERFH

____________________ CR = (FHARRE) — CGRAEREE)

:o CR (Critical Ratio) B4 EL= : FRE T LIS
L® S/O (Slack per Operation) SE{EENERED |

o0 _ CEDTIESR) — GRUERSH) — SRR S T B
® Rush B==+ /0= TG FE
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N Jobs on 1 Machine @)POLab

[0 Examining the scheduling of n jobs on 1 machine (or the
handling of the bottleneck machine)

] Performance Metrics
® Mean Flow Time

® Average Job tardiness
— Tardiness is nonnegative; however, the lateness can be negative.

® Number of Tardy Jobs

] Lateness vs. Tardiness
® L; = ¢; — dj, where ¢; is completion time and d; is due date

® T; = max{0, L;}

O Let's try FCFS, SPT, EDD and CR
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N Jobs on 1 Machine @)POLab

0 Example (Nahmais, 2005)

® Machine shop has 5 unprocessed jobs (J1, J2, J3, J4, J5) numbers by
order they entered Bottleneck machines queue:

Job # Process Time (p;) Due Date (d;)
1 11 61
2 29 45
3 31 31
4 1 33
5 32
® Notations

— pj: process time
— ¢j. completion time
— d;: due date
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N Jobs on 1 Machine @)POLab

O FCFS
Sequence P. Time Comp. Time D. Date Tardiness
J1 11 11 61 0
J2 29 40 45 0)
J3 31 71 31 40
J4 1 72 33 39
35 2. 74 32 42
Totals (74 ) 268 121
o \ “ y - .
® Mean Flow Time: (268)/5 = 53.4 ;Ir;ht?]ismczl;ees(pl\la?otl)ssfcl)xnei machine).
® Avg Tardiness: (121)/5=24.2 Only consider the “job sequence’.

® # Tardy Jobs: 3
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N Jobs on 1 Machine

@)POLab

O SPT
Sequence P. Time Comp. Time D. Date Tardiness

J4 1 1 33 0
J5 2 3 32 0
J1 11 14 61 0
J2 29 43 45 0
J3 31 74 31 43

Totals 74 135 45

® Mean Flow Time: (135)/5 = 27
® Avg Tardiness: (43)/5=8.6
® # Tardy: 1
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N Jobs on 1 Machine

@)POLab

0 EDD
Sequence P. Time Comp. Time D. Date Tardiness
J3 31 31 31 0
J5 2 33 32 1
J4 1 34 33 1
J2 29 63 45 18
J1 11 74 61 13
Totals 74 235 33

® Mean Flow Time: (235)/5 = 47
® Avg Tardiness: (33)/5=6.6
® # Tardy: 4

4 A2+ iz it F % 3 O@ONTU AFE S S B Y
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N Jobs on 1 Machine @)POLab

O CR: Iterative Process
® |looks at time remaining between current time and due date

® considers processing time as a percentage of remaining time

— CR = 1.0 means just enough time
— CR >1 .0 more than enough time
— CR < 1.0 not enough time

® Compute:
P _ (Due_Date) — (Cur_Time)

CR , ,
Processing_Time

® Current time updates after each selection by adding scheduled
Process Time to current time
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N Jobs on 1 Machine

@) POLab

OCR
Pr. D. Pr. D.
Joke Time Date Ll L0k Time Date el
Current Time =0 Current Time = 31
1 11 61 5.546 1 11 61 2.727
2 29 45 1.552 2 29 45 483
3 31 31 1.00 4 1 33 2
4 1 33 33 5 2 32 0.5
5 2 32 16
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O CR

N Jobs on 1 Machine

@) POLab

Pr. D. C. D.
JOIE Time Date CR JOB Time Date Vet
Current Time = 60 Summary
3 31 31 0
1 11 61 8.0|91
o last 2 60 45 15
4 1 33 | 27 4 61 33 28
S 2 32 -14** 5 63 32 31
Tie: use SPT 1 74 61 13
® Mean F. Time: (289)/5 =57.8 Total: 289 87

® Mean Tardiness: (87)/5=17.4
® # Tardy: 4

4 A4 B iFiVF % FO@ONTU
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ZFREEAFTAFRE K) 177




Sequencing Rules @)POLab

0 Performance Comparison
® FCFS:
— Does not consider job attributes (due dates, processing times) and not do well
® SPT

— Minimizes total time jobs spend in the system (mean flow time)

— Given great mean flow time and does well relative to tardiness but does not sider
due dates at all (Note that some job may queue forever!)

® EDD
— Minimizes the Maximal Tardiness (Tmax), Trnq, = max{0, L;}

— Does well relative to due dates (not optimal in any case but intuitively attractive)
® CR

— Does worse in this example than usual
R

FCFS

due Time
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SRIM... @)POLab

O EDD or SPTE2IR15 % Firules

O 2AMm - ZBRN
® EDDIRES : IRG—EH KK » 2FHE - meXREFR  WE/NEFR
® SPTIRES : ALEjobOfgeKRELIE = NN L

O 5N - B EmMIDispatching rule k& E
o MRALRIGE" SR B R A
o 4 E4FF#(Line Balance)

O {77
o HRFRIE T (Single-Minute Exchange of Die, SMED)
o FEMHFEEIN (Line Balancing)

Lee and Johnson (2013)
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R 23R R 5 1 @)POLab

O Single-Minute Exchange of Die, SMED (#7482 X Shingo, 1985)

® Rapid changeover and setup time reduction in converting current
manufacturing process to manufacture the next product; improves
production flow and reduces lot sizes.

® Long setup time leads to a small number of setups, larger batch sizes,
larger WIP inventories and poor process flow.

/L:\I\EE/]EQ """""
o FAEX . " REBMEEN AZ "KIONEE" - e "BHERNEE" |

o SEHARBRAIMEATFN—: " EERSDP "ANER"ZSHAEE

Shingo, S. (1985). A Revolution in Manufacturing: The Smed System, Productivity Press.
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R 23R R 5 1 @)POLab

O SMED# 12
o 1.FCEREE(EIRIR(4R)IR @2 A IS E
— TEMR . ARRERE - FFEEEIEH S (time-motion study)
® 2.[& 7y N ER AR B IR AR
— NERHAE | BN EERSRFIEEEAE N - TEEETHIRES(F -
— SNERIRIR - FE S EEEEE D - (DA LIETRRAESE -
o 3B E o] BEER 2 IMNE AR 1ESE
— 18 88 - ZHEFREL A5k - A58 - AZH
— THRzh - IRER ~ IRRE ~ FAER - RASS
® 4. IENEBIRIR
— EATIEEE
— TEWNEMNREAMNEF —IR~TH—
® 5 CEINERIESE
—BETEBRREFHEHKRSE
— B TEEREGNZERE - BHFAMAN LEBERAREGCIRE
o 6. IRE(CFI R EFEIESRE
FLiZRR R (2009) > 70 B F 4 A B 4E-EoiE H BHO(S) HE 7 http://mww.kind.com.tw/main.php?action=article_intro&id=52.
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Scheduling Methodology @Pf)Lab

O JSP is among the hardest combinatorial optimization problems.
® NP-hard problem

0 Heuristic Method (Priority Rule) Local optimum
® Shortest processing time (SPT), earliest due date (EDD), etc. Short running time
® Pros: easy to understand /\

® Cons: poor performance for complicated production line

0 Meta-Heuristic Algorithm (Tabu, Simulated Annealing, Genetic Algorithm)
® Approximated-optimization approach
® Pros: provide a good solution efficiently
® Cons: cannot guarantee the global optimum

0 Mathematical Programming
® Optimization-based approach formulated by mixed integer programming v
® Pros: Guarantee global optimum Global optimum
® Cons: computational burden for large-scale problem Long running time
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Meta-heuristics @)POLab

[0 Definition of Meta-heuristics (Glover and Laguna 1997)

® A meta-heuristic refers to a master strategy that guides and modifies
other heuristics to produce solutions beyond those that are normally
generated in a quest for local optimality.

® For the “Minimization Problem”...

Gradient Descent (FBEfE FREE)
daf
0x

n: step size (learning rate)

t+1

x"tl e« xt+17

Meta-heuristics
“JUMP?”

Global

/.~ optimum

> X
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Tabu Search (£ & 3% 2) @)POLab

] Basis

® Tabu Search (TS) has its roots in methods that cross boundaries of
feasibility and local optimality

® TS was first proposed by Glover (1977)

® The word tabu (or taboo) comes from Tongan, a language of Polynesia,
where it indicates things that cannot be touched because they are
sacred. Now it means “a prohibition imposed by social custom”

® In TS, tabu status of forbidden elements shift according to time and
circumstance, based on an evolving memory.

® Tabu status can be overruled for a preferrable alternative.

® Hence TS uses adaptive (flexible) memory (long-term and short-term)

® Neighborhood Search

® exploitation (F#¥) of good solutions and exploration (¥ %) of new
promising regions

® Stopping criteria (to terminate the searching procedure)

— The maximal number of iteration/ The objective function is unchanged given
a number of iteration/ Running time
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Tabu Search Algorithm @ POLab

[0 Tabu Search Algorithm (Glover and Laguna, 1997)

® 1. Find an initial solution x, € X, set x™°W = xPest = x, initialize
memory
® 2. Intensification phase:

— 2.1 If termination condition (e.g. simple iteration count, no admissible
improving move, no change in x?¢5t in so many iterations) is satisfied, then
go to step 3

— 2.2 Choose the best x™¢*t € N(x™°") such that x™¢*t is not tabu or
satisfies aspiration criterion

— 2.3 Move from x™°V to x™éXt j.e. set x™°0W = xnext
— 2.4 If x™W is better than xPest, then set x?est = xnow

— 2.5 Update recency based memory (tabu classifications), frequency based
memory and/or critical event memory (elite solutions), return to step 2.1

® 3. Diversification phase:
— 3.1 If termination condition is satisfied, then stop

— 3.2 Using frequency based memory and/or critical event memory, find a
new starting point x™°%, return to step 2
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Single-Machine Scheduling Problem @PﬁLdb
[0 Single-machine total weighted tardiness problem (Chern, 2004)

Process Time Due Date Weights
(p)) (d;) (w))
10 4 14

1

2 10 2 12
3 13 1 1
4 4 12 12

® Exhaustive enumeration method (&£2,%): 4! Cases

O Iteration 1: Initial solution (2,1,4,3) with total weighted tardiness
® T(2,1,4,3) = w, max{p, — d,, 0} + w; max{(p, + p;) — d4, 0}
+wy max{(p; + p1 + ps) — ds, 0} + wy max{(p, + p; + ps + p3) — d3, 0}

= 12X (10 —-2)+ 14X (10 + 10 —4) + 12 X (10 + 10 + 4 — 12)
+1x(10+104+4+13—1)

= 500
® Set initial Tabu list, TABU =< >, and size of tabu list = 2
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Single-Machine Scheduling Problem @PﬁLdb

[ Iteration 2: neighborhood search at (2,1,4,3).
® Schedules obtained by pairwise interchanges are:
(1,2,4,3), (2,4,1,3), and (2,1,3,4)

® 7(1,2,4,3) =480, T(2,4,1,3) = 436, and T(2,1,3,4) = 652
® (2,4,1,3) is the best from the non-tabu results
® Update Tabu list, TABU =< (1,4) >

O Iteration 3: neighborhood search at (2,4,1,3).
® Schedules obtained by pairwise interchanges are:
(4,2,1,3), (2,1,4,3) TABU!, and (2,4,3,1)

® T7(4,2,1,3) = 460, T(2,1,4,3) = 500 TABU!, and T(2,4,3,1) = 608
® (4,2,1,3) is the best from the non-tabu results
® Update Tabu list, TABU =< (2,4), (1,4) > (size of tabu list = 2)
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Single-Machine Scheduling Problem @PﬁLdb

[ Iteration 4: neighborhood search at (4,2,1,3).
® Schedules obtained by pairwise interchanges are:
(2,4,1,3) TABU!, (4,1,2,3), and (4,2,3,1)

® T7(2,4,1,3) = 436 TABU!, T(4,1,2,3) = 440, and T(4,2,3,1) = 632
® (4,1,2,3) is the best from the non-tabu results
® Update Tabu list, TABU =< (2,1), (2,4) >

O Iteration 5: neighborhood search at (4,1,2,3).
® Schedules obtained by pairwise interchanges are:
(1,4,2,3), (4,2,1,3) TABU!, and (4,1,3,2)

® T7(1,4,2,3) =408, T(4,2,1,3) = 460 TABU!, and T(4,1,3,2) = 586
® (1,4,2,3) is the best from the non-tabu results

® Update Tabu list, TABU =< (4,1), (2,1) >
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Metaheuristics

[0 Stochastic (Local/Random) Search

@) POLab

Solution Space

X2
Neighborhood N (x°)
o §\\
/ ©
/ 0 \
/ X \ _
D@ __@®--_ 1i__ Neighborhood N(x?)
\ Q N RN
\y L// //\\ \
9
L Ll > ® — |
\

—~— e

Neighborhood N (x1)

*Global

optimum
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Exploitation and Exploration @)POLab

] Intensification and diversification

® Intensification: a form of exploitation (FE#¥)

— Based on modifying choice rules to encourage good move combinations
and solution attributes, and it may lead to return to attractive regions

— Examines neighbors of prerecorded elite solutions

® Diversification: a form of exploration (%)

— Examines unvisited regions, generates different solutions

Optimum Solutions
A :global B,C: local A

O : Individual (€N 2005)
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If you ... @Pf)LCIb

If you change the size of TABU list, what's the result?

A trade-off between exploitation and exploration!!!
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Module Architecture of MFG Scheduling Systems @Pf)Lab

User Interface Module

I . | | |
Interfaces Algorithm

| 1. Gantt Chart Generator — | Sc_heduler & [ Preprocessor |

Y Dispatch List —  Interface || Dispatcher |

| 3. Capacity Buckets i | Algorithm |

| ) Performance | _

4. Throughput Diagram Control | Library |
| — | |Ll_ Algorithm Scheduling & |
| Scenario System L Generator szchgtiuling |

Management  Maintenance : gorithms
!___g __________ Scheduling ______________!
_____________ Logic Unit
| Patahace Manadement Madile o
| Database Management Module : | Business Information System |
| Order Shop- S | | Manufacturing :
| Master Floor Moniltjorin | ! Execution
| F||Ie Da|ta g | I System (MES) :
| | | Enterprise
| Sysem e Resource |
| Database y | | Planning (MRPII) |
I_ | e e e ——— e ——_— e — — — — — J

revised from Framinan and Ruiz (2010)
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LEKIN (http://web-static.stern.nyu.edu/om/software/lekin/)

& POLab

¥4 LEKIN - flexable job-shop scheduling system
Warkspece EBile Schedule Log Sop Tools Window Help

ﬁlﬂl&loel ﬁl\lalﬁalmlm == =2 2 Gantt Chart & Di tch List
el i SRV
_J m|¢:| = I i | - :
100 20 40 500 600 70 200 900 1000 1100 1200 1200
e L 2 l = .I - 1 - £ 1 ] A 1 1 1 i 1 1
(=" "] [ —1 e —
(= [= e —— ____ c——ed | ——— | [ | —_
==  —— ] s [y - omm] —_ ———— [e————]
Lo [ —— . a1 S | | ——] [———] | ——]
(=== [ ———— o —} — L ee— o [——]
[ol= 3 = CEE == [ u=ru X 0
= l—) [ i ee— | —— | | ——]
= —] L —— ] (=]
=} [ —— ] =) —— — [ -]
*: Gequence - MT10 zeq (WSPT) M=l E3| B Log Book - MT10.seq =] E3
RIS Bl|weS]| EJ_@L*'J
Mc/Job Setup  Stan | Stop [Prrm| Schedule Time || Cow | Taer | U | =€ | % [ZwsG [ZwT |
0 493 | Al jeneral S8 Routine / suem JES SENEES | M| 1110 10 2576 8676 8676 | 85676
T 548 CocilStachvsmniwiy | 23 | 1107 | 1107 10 7483 | 7483 || 7483 | 7483
0 | o I 4 I &% Bhifimg Botlleneck/ sum] | 24 \ 113 113 _ 10 7551 - “7551 7551 | 735
o | % | M| B I | | 5% | 6% | 10 | e | es | on | on W
0 | 124 | 146 || 2 Job Poaol - MT10._job (Job Shop I (] £
| 0| plF|w|@i&| »lal =] =|of ]
9 | e ] 2—3»3---‘1 Lo : D [ng[ Rls ;Due VTPrtm :Staz :Bgn End | T | wT |
o |las ||| @ _|I= [301 | ] [0 1395 [® |53t |[ 531 |[531 | =&
0 | 302 | 33| o : - e e
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0 | a7 | 45| = T -
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¥4 LEKIN - flexible job-shop scheduling system
Warkspece Eile Schedule Log Sopt Tools Window Help

3| G3« oA vzEzn NEHE =R 2

4 A4 B

[ IS[=1E3
2| w|@|e| u| #ala] | |
Schadule Time IR ¢ NS v TG l I ¥ |  TwG TwT;
deneral 3B Routine L sum(wl) L 1119 RibL L 3676 8676 8076 8616
23 1107 1107 10 7453 7453 T4ES 7438

o (S

X . Gerenal SB Rostme § sum{wT) I

™[] Shifting Botileneck s sumiwT) |

¥ % ¥ @NTU

2w, T
1 | |
. X [0 Local Search f sum(wT)
X |l VPt
Cmax
" Joh Paol . FI=TE |
For Help, prass F1
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|
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Cyberplan System (Pinedo, 2012) @)POLab

* Lyberian - SEUUENCE  dbm

mmw.mlmumnmwm-

=

| els)

CapaC|ty Buckets

—_— i

hla..lﬁ__l_l_L_li! X% Ao sl 25w S| 3|

Descririon [ Newsrober €8 “ B [e——

bl

Lo< Jne 05

co Trawpr Edshdy

AWAR] K1

K3F315 ACTWHINIELUSNYEES sl

Kb 15 AL VIH-NISEGUANUK oo B
KAF351 F3 W--N TANSDARNI |

KIFI5) F3-WH-U ZANSSOKS® I
 |K3FI5) F3-vm-31Z0P%I |
K3F25) F3=WH-3E_U%I
K3F75) F3=WH-3REXSI l i'
17184 Al 2l = >

>335 F1 to open hap | [ Thuw | [7300
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Scheduling in Wafer Fabs @)POLab

deterministic scheduling in
wafer fabs

machine environment (a) objectives (g)
tool work center work area full wafer fab
scheduling scheduling scheduling scheduling
single aralle] flexible job complex
& para’ shop/flow flexible job
machine machines
shop shop
[ | | |
. on-time delivery | | multicriteria
throughput cycle time g S
performance settings
process cluster tool | | |
restrictions (b) restrictions 5 c TWT
: w, C. : .
o Total Weighted Tardiness
Total Weighted Completion Time
reentrant sequence- auxiliary sequence-dependent time
batching|| dependent g MOJ | |dedication|| >°9 " pe i ,
flows . resources processing times constraints
setup times

multiple orders per job (GFHL
Monch, L., Fowler, J. W., and Mason, S. J. (2013). Production%lanning ang Cojntrof@@em?cﬁ%)uctor Wafer Fabrication Facilities:

Modeling, Analysis, and Systems. Springer New York Heidelberg Dordrecht London.
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4 EBF#EScheduling @)POLab

OBFENTRSE
® FTIERIEFAR R REESR)
o 5e L MEHBIBERE FHR

— EWEET WHY? NBEEET - WHY?
— WENHES

— B AZIBAEL B A(ED> LIFiE - RIANERSRSRE. MiFig - BIEEE

O ET R ESsynergy
o HIEFHESA # KA RJFER
— ANBI%EE - aeE] - RERRBER - #HRLIFIL - Queue time limit
o BN FEIHIRZE T Erescheduling KEP D BEMNE > FEHENE
® Web-based scheduling system
o IERMmERIGEREAEMARES
— ERFERE - ABHIT - #EBFREHRE - EfREIETEB(?)
— HIEE E NN R#RES (BEERIL)
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S CIS BB NEIEZR (Pinedo, 2012)  @)POLab

O Fanfd LIEBFE&ED

o EF LEEREN - FHILEFHBITIE(ob)2k - MEZErescheduling

® Notel: 52 E —EARKIFEBIIZAOEE) - eg. RK6hrsARHEIZEE
® Note2: il AZEPLR (slack time)RBFIEF - LIBGIE R ES i E S #AN00

O EXIRISIRIE
o HEBBET](eg. HE) - BIZRTI(eg. #71%) - FT1EHEA(eg. Ef‘ﬂﬁ)
HEA(eg. BIERE) - KEMHE(eg. FIERF) - HaRIu(eg. &t 2&
[BIRE)

O T RESoiERIE) el 22

o B8 FEEE TR/ LERELE RMEB LEETYEREE  EE2&
BN LIERARENESEBITENLE

O B &R BV S N BER S A2 3R 15"
® #FM : Penalty function = max{0, ¢; — d;}

® JEAR1E : Penalty function = max{0, (¢; — dj)z}
4 B V9% AQNTU TEUS RS ZFRE(EAFTAFEE K) 108




E)(L 0 B BB HHE Z & (Pinedo, 2012)  @)POLab
OZEEZTRE - HEEBEZTRENEE S MBS EE) AR
A. B&/]\ME sum of the sequence dependent setup times = increase throughput

B. =&/J\E total weighted tardiness = maintain quality of service
® |f workload is relatively heavy, then A; otherwise, B.

0BRSS RN AT & § 9205 W g
el ko BAREAA
O T KRR R i R 55 IRt

® 98% =B EE(eg. 10mins); 2% & N _E X9 EHE = R IE R FC i &

o BECHRSHARINGAHEEYE

o WA AXENLRIE ; BREAR NEUENEAIFE BRI LSS
o NIFKBEYEXIASINREERB)UMECV))EFENTE

O PIERmAEZER— 5.

® Out-of-fashion database without updated order, upgraded-version machine
(throughput change), labor (learning curve), ...

® Rescheduling
4 &4 B P % E@ONTU FER S e RS 2RE G A FAIRE L) 199



4 EBF#EScheduling @)POLab

O NRIFSH " FER , EEREFIHY
o ETFojDIEERaRE - BRI —EkEe (BEEN)
® SEEESetup time&idue date = high priority
o B=ZEflexibility (B2 /0 # & ol LUE3Ejob) > low priority
O NRIRSEMEFRSE - MEFRRSEBIE L EIE! (WHY?)
® Hint: WIP

o BN iEEZROAILL (i.e. delayed differentiation) - AR FHEREERZ
- BE)EE AL RN 2
o IR IR (push-pull boundary) i &

Push Strategy | Pull Strategy
WIP Resource Optimization I Delivery Plan Cycle time
Utilization Lateness
Supplier ... I ... Customer
Low Uncertainty I High Uncertainty

4 A2+ iz it F % 3 O@ONTU FEULE TR AE FFRE EAFRFEE K) 200



MR S @)POLab

Must check the variance of
° ﬂH‘“EHE(hlgh utilization station)iVEZ1™ ~ processing time
ir/

ki ey Uit LH S B
'f&%i—o ® ® ® ® ® o> 00000 “%‘%i oRe. o o= H—»%@i

EQ. # 5 ~ #11 ~ # A A(EH)

KEBE o o —o—0—o o> oosoe |{LEHEE| —o—o — o o o o EEE

%@i—o—o - S o—-0—> 00000 {&%i —0 o - - o o o—»'f&@i

Check the process variability of (1) processing time (product); (2) MTTR & MTBF
(equipment).
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PSRN ER @)POLab
O e e R

SET Kl L
o RERARKS o
it AE SR LM Uit LH S B

ﬁ%i—o ® ® ® ® ® o> %“%i — . - o © . o—»ﬁ@i

REE o o o—o—o—o o (EGEE|-—o 0 o EEE

Check the flow variability out of a low utilization station is determined primarily by
flow variability into that station.
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\

Z @)POLab

NN

S

O1 REEMARELFSERNE - ERP - MESEHER - EAALE
=ALEEAB(E(eg. ZERIEEIAGA) « HEfERL " BT 1?

O 2. BFEAB 2 E —M1b(generalized)FI1E4H?

A

O3 SRR RELRARBERE - #iE - BISEEM

o Fl#R
— B2 248 & &= 1E5(Combinatorial optimization)AIEIE - & & ANP-hard
— —BEERiEREE  EHaSEMEE S

> B RMEEKCEEE (eg. travelling salesman problem, TSP)

> RSB RELCERE (eg. minimum spanning tree, MST)

> MBIREHASREE AESIBE ERECHEE/ 25t R 2/ Ml EE
> EREHEIEFEE SEEMERER B E EMic AR ECEESE

o IRIGENEFE
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ZEEPI @)POLab

SE) =E) EX=E

U

- B/ BEIE « — /TR
T Bz 7 MR TEHIME RS .

= ABAE BRE =
° %@EEEE/‘J LP ~» Tabu DL » ﬁﬁ ° %Hﬁ%ﬁ_
o T IZEMALER INTHE -~ /N /DNITER -~ /hREK - BiNBEFEIL
« Rule-based TRENIASR £ ciziandlw « Al-based

indset : *—7%
—EREBRRA
EEEANEL
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@) POLab
O 254, o] PAEIR. .
O Bz, . B A S Z TR R LT EE?

O FCFS, SPT, EDD, CR M —1&#£?

O REERKEE > B

4 A4 R % EAONTU TEUS RS ZFRE(EAFTRFEE K) 205



From Predictive to Prescriptive @)POLab
O BFB—bEr.

" ZR AR A EData Scientist - 77 E4/0//7Model £ £ FPattern 2L 78845
R Hn e 5 VED - SEIRTEREZ S - L{#7Prescriptive Analysis |
CeaEREL - 2017)

O FERMB AHOR SR FRAIF TIE 1 ..
® 2AIMM - RRZRE " BIR . RISAER

ACSOURLES

o

A4 BFLFHRTANIU wEdEE RS FRE EAFAFEE K) 206



From Predictive to Prescriptive @)POLab
{— Lol S MU
ZR B =<

= ==
37J1J$:: Eﬁl =]...

BEREE KL AL E £

MEFEME —1E

Prescriptive Analysis (& 731473 7T)
RIEE R ARLAIR"ZE R 4R 4synergy

II11I

IILIJI\
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LHL]

KUEAEFTEEIR @)POLab

O TEHIRGRAMAVEE(EER) - IBEPERESHEES(KE)
® PPTZAE * KPIZER * MEARE - HBERRS
® Sol: MM ANE - B LK

O BB - EMlRABEITRERER
o EEWIIBERMRE - B RBEE (R ARERT BRINERIER)
® Sol: /NEUEPilot-runfVEZ M ~ DPEERETT ~ YT albat ErVEEZE

O "%, BEEBEIE
o BAIMAI? ZBEEmBEENE?
® Sol: BRIBIRGIHEB NI AWM

MR
-Methodology-based

fe 8 TR
-Experience-based
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facts, but the
training o0

/;l: 7 _ﬁ -
£ 1V F &% ¥ QNTU 7
Y ErIT Y.

¢ the mind |

to think.
_Albert Einstein

@)POLab

* AL ) = =]
ZRE(EAFRFEE L) 209



e TR

A || & -
‘/l:,\;zn :§U)271)

@)POLab

YA
1/—

FORIR

From Predictive to Prescriptive

Y7 =%

@NTU

FEULE TR AE

ZFRE(EAFTREFRE K) 210



@)POLab

N
cH

YRR EZRUERT YL ?
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OEEE’

RHY..

OE>—7HH - BANKEZ

® 1 B SR Al 1

o iE

® i1

i

N

R [A 1%

CENEE(BR)INE

—eg. AR IEEIFPRIB ISR ERE

o HENRRFIE - BT X

4 A2+ iz it F % 3 O@ONTU AFE S S B Y

@)POLab

ZRE (£
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ZH P —FERE—T ... @)POLab
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@)POLab

TRHIER. ..
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TERIE. .. @)POLab

F 5% W0 o] 15 70 BF iE?

http://www.zoul.com/news/show-97765.html

http:/thewhen.pixnet.net/blog/post/42532195-
%E5%A1%94%E7%BE%85%E5%8D%A0%E5%8D%9C%3A%E6%88%91
%E8%A9%B2%E5%A6%82%E4%BD%95%ES5%A2%9E%ES5%8A%A0%ES

%B2%A1%E9%81%8B%3F
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@)POLab
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ey N @)POLab

2017/09/09 F 558 ¢ e L B F GBS R b
BAEpRe % o 3 IR

e

EC Ensemble Trocpical Cyclone Track
Init: 127 Sep 09 2017 (Local Time 20 Sep 09 2017)

T

\'\‘*—i— : -
| & =

Maximum wind speed:
(central point color)

>51 m/s . : }
pe—clE— _\ _______________
http://news.ebc.net.tw/news.php?nid=77898
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BERBRELEEMY @)POLab

2017/09/14 ¥ %?’N rfz,—f 2 ?J AL IR~ r R ch B

=
-

2017/09/14 02:00°LST

J .....

2

¥
e

14 H 1485

\ T

P % BIEED T

http://www.cna.com.tw/news/firstnews/201709140012-1.aspx
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fey =5 J] Pag B A XE 14

L

7 @NTU

M has 78 :
R IR =

RS TL. ..
AB X BEEIRAY-

Pl
M]3
X
w),

FEULE TR AE

@)POLab

&, ...

ZRE (£
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&
3%

@)POLab

ALG...5R%5F 1 ...

"I (R )J E‘]T,—E:
BaE N EE

2
>
R 3

S
a s
> =
A
—_
]

PARR R BT
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=y @)POLab

s AR " IRA L KB

il
[LLITA

nER MR " BEER |

mU
[T
TH

Z18 " WEER . RIFEFTEE R AW

— lI*/':
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RIRAV AR @Pf)Lab

O RE " Bl 0 WERARR - SRR DB E o NE =12

O &4 T RR (Decision under Certainty)

O & Bz~ RZE (Decision under Risk)

O STE=AEE R (Decision under Strict Uncertainty)

4 A4 BFiF % EAQNTU FEULE TR AE ZFRE(EAFTAFEE X)) 22



B
Wi
S
3
r
Q
O

A2 | L AR (Bh)

2. 5pitie (40

3. £w| A gh
(ve %)

)
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L
I

INREF. . @) POLab

O &4 T RZR (Decision under Certainty)

— F]H X - i(lOO%)T 7 .

HTEH]
God2GO
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L
I

N\

INGH B .. @pequ

O & B NSRS (Decision under Risk)

@ - WY E
0.2x% H+0.8x T & (1?)
FL-BIF S B

* - 5 1/6, ¥ % 2 535

< AR g
Weather2GO
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L
I

N\

INGH B .. @pequ

O Ef@ ~RZK (Decision under Risk

® =2 - LK hh
= e At

b AR

= + &
F | % & $0 4+ % $100
X (3 %)
& | = A $200 =~ &~ $0
= (B h)
H#10.2x0 0.2x100
¥ | +0.8x200 +0.8x0
=~ | =160 =20
A

E N = Y

* F Rl F 2
Weather2GO
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N B+

O & B NSRS (Decision under Risk)

*F 2T,

FOE_FIE A 5080 i o &
3R EF AR (> A 8
o e

XL

e AR EE

FaF 6% - 3 &= & 5100000~ >
AR e AT AE?

FERE

il &R S

@)POLab

® - -

-

e
= M A 4

b Sk

&

.
A

+ 4

= ~ 30

=~ A& $100
(3 %)

ST T QR )

+ & $200
(£ b )

= & $0

- ke

0.2x0
+0.8x200
=160

0.2x100
+0.8x0
=20

~ /:/)\ .‘J’“
AR

4

ZRE (£

T opILE k) 227



@)POLab

TR (PR ER)RE R -

R EE (FF AFRNER)TMRER

R4 ~ HEEHEAK

Lee (2019)
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INEL B

... @Pf)qu

O 552 AREE RS (Decision under Strict Uncertainty)

Based on your
Preference
Structure

FEYUYZE R E 2R (247

SIOE ILE %) 229



SE& A HETE NIARZR (Decision under Strict Uncertaing®) POLab

O REREIREEREET - ﬁW%E%%€=@ﬁ
o HRInaFEEEN=mAN25E
o RIFBFBFESRAMI - EFM = %EE&D‘F

R B R L2
5 % i |Baex| B4

B A 42 21 8
PEE B o 35 28 13
ot & 28 25 23

15 g ETR— B %9

Revised from Chien (2005)
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SE& A HETE NIARZR (Decision under Strict Uncertaing®) POLab

O FEER 28I (The Maximin Payoff Criterion)

® /)NoR R A i B A
o FRENI]IE -  BHER

< IRRV IR AN P B IR R T RVAE R

s LR
4+ |#F T | Z | Return
BN AN 42 21 8 8
FEE 15 o 35 (28 | 13 | 13
oh & 28 | 25 | 23 23
4 A4 B iFivF % FAONTU FEULE TR AE ZRE (£
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SE& A HETE NIARZR (Decision under Strict Uncertaing®) POLab

O ££72% 81 (The Maximax Payoff Criterion)

® XA o EUA # B 2= Rl

o FREFNIIE  BHIBJETNHMMPEERIFIER

T F TH
M »F|RF|RF| Max
4+ |#F LT | Z | Return
H o 7 A 42 | 21 8 42
REE 8 5 35 | 28 | 13 35
‘b & 28 | 25 | 23 28
4 A4 B iFivF % FAONTU FEULE TR AE ZRE (£

TAMEILE k) 232



SE& A HETE NIARZR (Decision under Strict Uncertaing®) POLab

O E#E 28l (The Minimax Regret Criterion) (Savage, 1951)
o XM/ ANIga%#ER|
o BEERA " —ARRAEZINEAEBBAIRE MO UIEERAKHM 2
RRAER - MBHBNAVZEERR
® Step1: BUBEENE
® Step 2 : EBIEEMNFRPERAFEV)ZER](minimax)

X e ffy 2L
L s RN ‘Eiﬁ 35 B4 |RF| Max
" | FT | A ¥ |#FT | Z | Regret
HEa A 42 | 21 | 8 0 /7 | 15 15
PEE 8 5 35 | 28 | 13 7 0O | 10 10
ok & 28 | 25 | 23 || 14 | 3 0 14
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SE& A HETE NIARZR (Decision under Strict Uncertaing®) POLab

O A NSHREIREESER  #ZEAFTHEERSRAL
o MEIBR N EBHRRIISBHIRIENZEAR
o RERBEREAN " EHF4EHE (preference structure) s FIZIR

SRR 4
X B
¥o|ET| X
HES PA 42 | 21 | 8
FEE 8 5 35 | 28 | 13
b & 28 | 25 | 23
),J\gji‘:)?'g" B :;‘25(7
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www.factaria.com
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&
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@)POLab

T

A\

BEIATRT

/|—|
T

R ..

TSI AT ORR Z &
i © 2 A — B I AR R
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KEEF. .. @)POLab

0 Capacity Planning Problem (Newsboy problem over time)

Demand T

- Demand

0 » Time

0 Capacity Plan: A, B, C or D (demand)?

0 Two Types of Risk
® Capacity Shortage ZBE#3 1R loss of sales, loss of market share
® Capacity Surplus Z#g:28%): machine idleness, inventory, holding cost

4 A4 BFiF % EAQNTU FEAG e EHRAE ZFRE(EAFTAFEE K) 237



ey N @)POLab

0 Capacity Planning Problem (Newsboy problem over time)
o HE  EfEREIKS

Demand
T

Demand

0 » Time

i B B A??
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RalB&=+...

@)POLab

O Newsboy problem ¥ E & (HAN{FEITFTORRME)
o SRX—AKEHMEHIERFIHmA - mHmbkEE
o SHEMANEKRKZEAETEH
o AFEERLELE - AIRERO (BRI - BAMABEE 1)

El=p=1
0 JREKERE: Bi] /DA NE?

4 A4 B iFiVF % FO@ONTU

FEULE TR AE

ZFRE(EAFTAFEE K) 239



KEEF... @)POLab

0 Capacity Planning Problem (more demand scenarios)
® How about more than two demand scenarios?

® Two demand forecasts: Marketing vs. Sales
— Should capacity level follow marketing, or sales, or ...?

Demand
Sales Forecast

0 » Time
® Scenario Simulator

— Generate capacity plans (>10 versions) manually...
—KPls: CapEX per k, ROIC, payback...

4 A2+ iz it F % 3 O@ONTU FEULE TR AE ZFFRE (EAFRFEE K) 240



Empirical Study (Lee and Chiang, 2016) @Pf)Lab

O Empirical Study- Taiwan TFT-LCD Manufacturer

® We introduce a two-phase framework to decide the best capacity level
reducing the losses (i.e., risks) of capacity surplus and capacity
shortage.

[ 1st stage: Demand Forecast (F&HI1E#Y)
® Linear Regression
® Autoregression
® Neural Network

[0 2nd stage: Capacity Decision (&E{EER)
® Expected Value (EV, i 1H)
® Minimax Regret (MMR, FE#EE % Rl)
® Stochastic Programming (SP, &1 #5 21)

4 A2+ iz it F % 3 O@ONTU FEULE TR AE FREFEAFFEE ) 24



Empirical Study @)POLab

[0 Capacity Regret Assessment
o FBEIGHEURGENARNERARBNE R R
® Analytic Hierarchical Process (7 4T/& £ 2 %)%, AHP) (Satty, 1980)

Capacity Regret Lee and Chiang (2016)
OBJECTIVE Assessment
[
Inventory Customer
Holding Inventory Loss of Profit Market :
ATTRIBUTE
Cost Loss Falling Price Loss Share Reputation

ALTERNATIVE

Capacity
Level

Capacity
Level

Rsurplus # %‘U b ' Rshortage A %‘ b '

4 A4 B iFivF % FAONTU TE G e GRS ZRE (A AT IS 4) 242



Empirical Study @)POLab

] A Tradeoff Between Two Risks

Dmax R

B Rsurplus & %‘u)}i " .’@}J‘ » A e R & TR

@- Capacity Decision

- Rshortage 3 %‘bﬂi " ,@J‘ » A K PR
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Empirical Study @)POLab

0 Data Source
® Nov. 2013 to Oct. 2014
® Aggregate demand for a specific technology node
® Dataset: training data (9 months) and validation data (3 months)

® Objective: determine the capacity level for the future 3 months (Aug.
2014 to Oct. 2014) based on historical demand until July 2014.

Demand
30000 -

Lee and Chiang (2016)

Technology

20000 -

10000 -

Training
Dataset

P I \\’\b‘ N T U
S F N R I R N Y F
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Empirical Study

[0 2-stage approach
® Demand Forecast
® Capacity Decision E;”QEQ&

O VDGP ,
® LI: latent information :
(Chang et al., 2014) i

-

Capacity
Deacision

Lee and Chiang (2016)

‘ }{__________

4 A4 B iFivF % FAONTU

< Dataset »

Virtual D_ata
Generation
Data S
Fartition Data
| ! }
Linear Auto- Meural
Fegression Fegression e twork
\ 4
Capacity Fegret
Assessment
¥ ! Y
M I imiase Stochastic
Expected .
Value (EV) Fegret Frogramming
(MME) (5P
Discussion

)Lab

25 %) 245



Empirical Study @)POLab

[ 1st phase: Demand Forecast
® linear regression (OLS), autoregression (AR), neural network (NN)
® Criterion: Mean Squared Error (MSE): NN < AR <OLS

Demand
30,000 -
Technology
20,000 -
10,000 -
Training Validation
Dataset 3 Dataset
‘ -
0 - | | | | | | | | | Time
O O A N X O > O O N N >

(&
/:7

N
3\ (¢} & Q' g N\ ’ & \
SO NANPE RS ;fb* N » ?& O
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Empirical Study @)POLab

[0 2"d phase: Capacity Decision
® AHP gives pair-wise comparisons of the capacity surplus and shortage,
and calculate the eigenvector (5[0 &) as weights of two risks.

® 31 individuals with TFT-LCD industrial backgrounds
— 2 for 0-2 yrs, 9 for 2-5 yrs, 13 for 6-9 yrs, 7 for more than 10 yrs of service
— one third have undergraduate degrees and the others for graduate degrees

® Rshortage — 0521 and Rsurplus — 04‘79

Capacity Decision

Actual
Month Demand [tk EV MMR sp
Policy

Aug. 2014 20207 16941 17157 18922
Sep. 2014 21305 17921 18306 19135
Oct. 2014 22404 18536 19291 18885
Standard Deviation 1098.2 804.7 1068.1 134.8
Average Regret 1796.0 1032.2 1113.8 874.8

*Current policy builds up the capacity level based on the maximal forecast demand.
**Avg. Reg.: the weighted sum of squared error (WSSE) over the number of validation periods
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Empirical Study

O FE# 3 £l (stochastic programming, SP)igft—

(robust decision)

Poor

s AL P B 114

Min Cx + E[f(x, 5)]
st x=0

where for a demand forecast

deD

f(x,d) = Min P*y*t + Py~

st. d—x=yt—y~
yt,y =0

Better

@)POLab
LRSS

Average
Regret
2000 - Current
Policy ®
1500 -
®
1000 - SP o
® MMR
EV
500 -
0 Standard
0 300 600 900 1200 Deviation
Better Poor

Lee, Chia-Yen a& Ming-Chien Chiang (2016). Aggregate Demand Forecast with Small Data and Robust Capacity Decision
in TFT-LCD Manufacturing. Computers & Industrial Engineering, 99, 415-422.

4,5 34 ﬁxlilbj’ﬁi@NTU
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% 8 A g s R R E @)POLab

O F M o] L5 18 15 82U 2K 58 R 2l 1% 358 5T 22 15 1R (scenarios)
® BPNN, SVM, CART, Boosting, PLS, ....

0 Then...Which one is correct? What is the next step

O 8. . . BER A OIBE100% 24 - AR _CRVIBREPE - WA FERZAN
AZE

O ZERMEESESF

o RAIAZEREFEI5% - BAERAVRRE S FEAIEKX
o RAIBEREEI0% - BAERAPRR AT IS LEFFERXR”
o M E=BREE AREREBIE?
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ERMEE—X @) POLab
O 452/ B = TE R

® Classification = #%#5JConfusion Matrix® ftrade-off > Cost-sensitive
o MR (type-)ELFR = (type 1) AFEAI AL AR > B M

\Y; [eYo [=] WAY

Accuracy AUC
Model A 71.9% 70.2%

Model B 78.1% 78.9%

AUC: Area under the Curve of ROC

Lee, C.-Y., and Chien, C.-F., 2022. Pitfalls and protocols of data science in manufacturing practice. Journal of Intelligent Manufacturing, 33,
1189-1207.
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Z 180 B _ LRI (sEm —Ha) @)POLab

O & /RRIEERRNAEE N (EEEREFHERTEIER)
o ERRBTSERREMIEEERE~ BlEERIEERMHEFTZ)
® 58 Manufacturing = “Hand Make” > E£3F~
® ILEEK - EEZIRIFZE - BEEBREFTW - o T HEmANBERE T
o tlac - —BIER "B, - BEMESE
® YN1o]iE 8 FE R ARIR =R IR (BEEFZR) - HIER B EREEEE -

O & FIRRKEmE EERBEGRE( AR REER)
o HIRFBHA—TE%E - HEBZEFEH151E (scenarios)
O 59%%%@@5’\]%5&”%%\%%5’]
® JLEEZR - EERIRISE - BB - o " EEANAERE L
o gt - "RHEIEEADFRST ., - AUEFEEEEXR (AR)
o MNBEBARERKMREIARNR (RERE) - (FRiREREREAE
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Evolution of analytics Big Data analytics ﬁ
o '._Eeﬁaﬁnalgna_mﬁs_ __ - Advanced
] analytics

|
. . |
S i Complex ~~ """ """ imizati 1 = Why did it
ana ([ = i \
vt processing o | s Constraint : When will it
|

1
@ Extreme SQL happen

: based Bl
isualization ] again?

|
.Muﬂivariat& statistical analysis
|
] Dnliné analytical processing {DLAF‘F
|

> ]
= @ social network 4nalytics What
o Predictive } causeditto
E. R Semantic analytics : happen?

i I I
8 ne J @ I Time series analysis " ;Vhatfan be
— I I one fo
o @ Natural Languagé Processing avoid it?

|

S
i
-

Descriptive
analytics

Data fining
1

Basic analytics
= What happened?

= When did it happen?
= What was the impact ?

Late 1990s 2000 onwards

Time
Analytics as a separate value chain function In-database analytics

Source: CRISIL GR&A analysis
4 A4 R % EAONTU FEUG BT FRE (EAFAFEE X) 254




1B 273 ¥ (Analytics)? @Pf)Lab

1 Hillier and Lieberman (2010)

® “Analytics is the scientific process of transforming data into insight for
making better decisions”

[0 Descriptive analytics (Rt 734T)

® Using innovative techniques to locate the relevant data and identify the
Interesting patterns in order to better describe and understand what is
going on now.

O Predictive analytics (T8R4 73 4T)

® Using the data to predict what will happen in the future.

O Prescriptive analytics (&7 £ 53 47)

® Using the data to prescribe what should be done in the future. The
powerful optimization techniqgues of operations research are what are
used here.
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O The Wyndor Glass Co. products high-quality glass products,
Including windows and glass doors. (Hillier and Lieberman, 2010)

el

[ It has three plants.
® Plant 1 makes aluminum frames and hardware
® Plant 2 makes wood frames
® Plant 3 produces the glass and assembles the products

0 Top management has decided to revamp the product line.

0 Production capacity are released to launch

two new products having large sales potential:
® Product 1: An 8-foot glass door with aluminum framing
® Product 2: A 4x6 foot double-hung wood-framed window

http://img.archiexpo.com/images_ae/photo-g/55456-4334799.jpg
https://www.andersenwindows.com/
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O This problem can be recognized as LP problem of the classic
product mix (ZEm#AHT) type.

O Linear Programming (A4 #3721, LP)

0 Formulation as a Linear Programming Problem
® x,: number of batches of product 1 produced per week
® x,: number of batches of product 2 produced per week
® Z: total profit per week from producing these two products

Production Time Available | 7 — 3Xl 4+ 5X2
Time
Plant Product 1 | Product 2 St X <4
: : D 2%, <12
<
3 3 ” 5 3% +2X, <18
Profit ($1,000) $3 $5 X{, Xo 20
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0 Graphical Solution
0 The resulting region of permissible values of (X, X,), called the

feasible region. st
10
= 18
8
X1 =4
Z = 3X{ +5X,
S.1. Xl <4 6 2x3 = 12
2X, <12 i
3X1 + 2X2 S 18 ! : Fea.sible
Xl, X2 2 O A region
I | | | o
0 2 -+ 6 3
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0 Graphical Solution

[0 Move the objective function with fixed slope through the
feasible region in the direction of improving Z.

X2 A

8_
Z=36=3x; + 5% ~_

Z =20 =3x; + 5x,

Z=10 = 3x; + 5x;
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Rl

A B RPRFHRE (PREITV)
A E A I Z=RIKPI (B2 E)

e fsolution

=]

\_\__\_

S

IILIJI\
Sy
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Data Scientist: nerd or geek !?

Computer Science

Domain Knowledge

4 A2+ iz it F % 3 O@ONTU FERS e R

@P%)Lab

Statistical Theory
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1. /i‘ﬁ\)}i " TP £ "E’%Efif

2. R i #\ﬁ’:mi‘rﬂﬁ: %\(eg
2~ B & %’Eﬁ)

3. r’}ﬁ’}:—gFJ ’}5 “ij'j‘f},%!'r g £ L
(A S B SRS R \1%\,)
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5] 78 B2 R 1872 (Problem Solving) @)POLab
ZeAR

g bt

‘Eg nN ‘\3
e s {“l’—"‘
LS K |\ st e
(exploration)
B840 24

BAED &

A -
(exploitation) A T ZE R
S E S Rt R i %iﬁ’iii—ﬁﬁ_
U

SEIRIEE  ERME  REERE PUBESR  WUTEE

BuREiZE  SEEl ERER EREES RO
o NG J
Y Y
Do the right thing! Do the thing right!
4 A4 B iFivF % FAONTU

TEAE e ERAE 2FRE (A FasmE k)
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BT (Analytics) 1o P& Ex @ POLab

What Why When How/Who Where
Why did it happen? How can we make it
5 happen? Who takes it?
What happened? (FERERIN) When/What will AR E) Where should build
(7 FEHREH) happen next? routines?
(ZARHEZY) (FréE i)
Descriptive Diagnostic Predictive Prescriptive ] Automating
B 2T TERI A SElEs
B E RARE FZEES REREBAE BORRF EE 12
RE1E W3R i A& 5% =R E 7 & e
AREMNE PSESIER i3 24 38 HA [ Pt 1 By 515
_ 8 e o 7
U N [ S o N
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Conclusion
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Big Data& il E RIS ALY ?
X2 Patternt! £ A1Z A i ?
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O % - (B ASEE
o METELIEANEREEE  RIEARZ - 55 &Eﬁﬁ@b@ﬁﬁ
o "HEAZ MaARAAE,  BUFEAERSHNZE > E2EKH
— H—LEEEHE=A—EN " AL TMABEK
— SensorfERTEBEX - MEHRFE ° P E2End User5 L
O F UK 24 (Bill Gates, 1999)
o BIiFEIE
— BifdsensortA o THRIE K EIAIMRE(E
— FERIBLRR | RENEBESAN - HREAEX
o EfMRTFH (streamline big data)
— BN E S 4 (Heterogeneity) : BRABE+ AIEH
o FBEREETEN - MNAIBERIE ?
— NEE T
— YNEBER RS
— IR EERE N F
— ERE_ERNBFERII(EEE)
—/5;\11—%?3'21’%%“ - BIEREFER(EERMEE L)
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Alis black box? Explainable Al (XAl)? @)POLab
[0 Explainable Al (XAI)- EZFEER{E
o RMWEFDP - METEHREGEHTEIH LS HEEEENER - RMmiARIEEERD
RERAZTHGURFENFERLER - AtERASZHLEEEREERM
o EENERFHERERMIIARURES  EE—RKEA—BMK - ZFE
HRIFABNERRBIEERZIEXN N E - SShRFANCUEREZE Q'

e EZHINEIZRINER - High
0 SHAP value alcohol * . *.—-—---
o EEXER—ERSEHBHUEITY  unes - -l
E/\]}_\j_ff ’ EH%;%EEEE):EEEE N % volatile acidity “ +—-- .
SR —BME RIS M . TS M totel sulfur dioxide . & w
!‘f%%ﬂﬁ%ﬁfﬁ o chlorides ' -'+ Tz
o ELERER (UCKDERERIE) ” +
- BYEEY DR wmRE - Eun 0 e & :
— BEVEFEM(EBEE) tiketl acidlcy -
"ERRENELTEUA (x e ) BESEEED citric acid -4
HMA (R ) - IR AEEEEZEHZIRIEEE residual sugar R
(FIIEBE )  MEFEGEHOESEER (X8 o doride e
A BEEELE/N (REE ) - BIFRREZESE
ZEEZ2IREAHE (BlNESRE ) - 15 -10 05 0.0 05 o
FRE OHETE(2022) - BEHERS  BRRBREREIIRE - FEE. SHAP value (impact on model output)
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Retraining and Transfer (12> N)

0 Concept Drift

® Concept drift detection (o] 1= ELAZAE [ FE Zretraining)
— Hypothesis test and control chart

® Concept drift understanding (& 5% 2L A~ ERAR AR RE])
— Time of concept drift occurs (When)
— The severity of concept drift (How)
— The drift regions of concept drift (Where)
® Drift adaptation (Z0{2]retrainf= )
— Training new models for global drift
— Model ensemble for recurring drift
— Adjusting existing models for regional drift

0 Transfer Learning & Domain Adaptation
— Instance based transfer learning
— Feature based transfer learning
— Parameter based transfer learning

— Relational knowledge-based transfer learning
Lu et al. (2020). Learning under concept drift: a review. https://arxiv.org/abs/2004.05785v1

@)POLab

Ran et al. (2019) A A survey of predictive maintenance: systems pruposes and approaches IEEE Communications Surveys & Tutorlals
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https://arxiv.org/abs/2004.05785v1

I% 28 2 B Spatio-Temporal Fan-Out @) POLab
- =i 3 1% /8 =02 (concept drift)

fi<y ] 2
————————————————————————————————— UCL
® O
O
P O
__________________________________ LCL
>
1| = observation
.|| = process
) . sensor
E 1.0
©
} MWH
i} 200 4000 t§i|;|;3"l+l e B000 10000 12000
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® Engineering Tool Matching ® Prognostics & Health Management (PHM)
Parameter ® Benchmarking ® Virtual Metrology/ In-line Predictive Monitoring
Optimization ® Troubleshooting ® Run-to-Run (R2R) Control/ FDC
® Design of ® Scheduling ® Preventive/Predictive Maintenance(PM/PdM)
Experiments ® Spec Setting/ SPC ® Automated Optical Inspection (AOI)
Yield T 7EEm VS, EE i B KA Yield

"/

el
&

&ilE%
Process “turning”

Yield ramn

3|
(Gt gy s r g B
Il?{‘ !

d rocess v/ - i AR
integhyjon | -
: Hhert i ST T —— Cost
— ’ ’ — > Time
F2 [~ = £ 2 =~ 3 3P
New Tape-out (NTO) In the R&D product development or the fab ramp-up
Lee and Chien (2022) phase, the small data issue is common.
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O 52 (2017/04)
o T REMEGWIDESE - REMEONESEH - B R

MEMNBEEREZZHE - FIMENEETZTHREBA - 8—RIXIMAY

o —VEBARERBEN @ T8 - Bl Y - FIBEEBLEFERLE - —1)
SENEERE - RABERT N EEEET

o HMZFRRFNBATHNSEIE - ABIEA THNSIE - EERRA/TE
Machine intelligence FE... ASREEXAIEESEHGASANGEA -
B ANSTERN - MAZERSRKET - E2RMAE—NHIA -

o RR=TFEEAZNENGHRF NIRRT - E2AZHEHRS
MmeERFZRIABEDNGSE - MERBIERSE - I ATERKN=TF
T EEINLEK -

o BHMABE—HEMEBIHEE  —HTEREZNEREZETRE B2

=yt

SEFERY o
o /WA ERIFTESEEm - PREFERIFERN - KERFEFESE
o ESmTE R —EZRHEEZFMANAE2EEELE 125 - EE)
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[0 The source of complexity in manufacturing is “variability (% £ )”.
® Automation (p # it) is a powerful way to reduce variability.
® Data Science facilitates automation and real-time decision.

0 However ...
o1 ERRIBES Y TEXKEHE/EEEIR, - FEELAR "IT,
o2 ENIRIBNERZEER "RE, - m "R, REHEE
e 3. NRERZLdata 1T - %QJAHQW FEN (HEREHK)
4 IR "ER  —HEHEEIE~
o5 FE L NEf'EHoEEe&AmHl 7 ...

ORI B > B MRS

O@ARFAPAELELFENASRIBE BT ¥
o ZRESEMEG  RERSHRE - MAFEHENITES

WO R (& %),
=
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Lee, C.-Y., and Chien, C.-F., 2022. Pitfalls
Profit | « Asset | « |Financial and protocols of data science in
. Ma‘ gin L everage manufacturing practice. Journal of
KPI H |erarChy / Intelligent Manufacturing, 33, 1189-1207. | =
= = L
Profit Assets é'
g
%
Cost — Sales Cash |+ Inventory| + ACCO_untS + Other x
Receiyable Assets
_|_
Fixed Variable Sales Sales Finished .
+ Cogt ' X Quagtity Delivery Y
/> | |
<
Variable Demand Qualit Realized )
i vs. Supply! y Demangi =4
g
c
Price . Bottleneck =1
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Problem-oriented

- SOP and cost down

- Automation and sensing
- First-hand data quality

Data
(empirical)

Analytics

Data Quality
(Internal data)

DATA.com

Analytics-oriented
- Prediction

- Troubleshooting

- Customer voice

- Integrated dataset (loT)

»

Discussion

Technolog
Migration

@)POLab

From Big to Breeding Data

(it generates all kinds and diversity...)

Technology

(substantial) Data Platform

.. (Insightful data)
Reorganization

Process reengineering

Implementation gil
Advanced training

g

y

Business-oriented

- New business model

- Technology & system integration

- Sales & marketing

- Value-added platform for
manufacturing intelligence

INNOVATION
.com

Data Analysis
(Internal+external data)

Science
(critical)

Lee, C.-Y., and Chien, C.-F., 2022. Pitfalls and protocols of data science in manufacturing practice. Journal of Intelligent Manufacturing, 33, 1189-1207.
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As-Is 2 To-Be
Enhancement

Domain
Adaptation
Concept
Drift

Data
Quality

Staff
Training
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