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Al 2 A Dynamic Time Warping

AlAEG dely 24 Wi dF<Ql dynamic time warping
(DTW) = F718] AL JHA fAIEE A5t JHs ddst=
Wolth 54 A4, A FE 5 FokelA FE &8 glon, g8t

T8 Ropl 4t WA HE 24 Aol AR T WA A
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At} Symmetric DTW+ F+ A|@2 HolEHo EE Holg ¥AEE
xgste] WA 3L A ARE FAHstE WACE ARE F&
d4dst, 7|9 F AEA HolgHry I AlRAE AT v
asymmetric DTW+& €  do]geolx dF  doly IEJAEE
Agrgto g x 7]Fo] He A AR oot FYsiA uE AldA9
dol& Attt [22]9 dAFelde 8 AFke] M2 uE i
88 ¥4 dHelHE AdHstrl fdA TIEel He +d ARE

AAskar, 2 wixe ¥4 dHolHE symmetric DTW=Z g d3sto] 374

flo

HolEE FH 3 BE3E FH ol asymmetric DTWE & £3to] A7 &
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c(k) =li(k),j(k)] 1<k <K
Aol FoAAE A= T RO ol tE 5 UMW, A7
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& ek
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Al 3 2 Multiway Partial Least Squares

BE2 2 AlFH (partial least squares, PLS) 2 29 4 71H Y
dFoz, oY dole x 9 =% dHeoly vl disiA x ok v Akeld]
AHBATE M AAE A SR Fgete AW g9 2dolvt
[63]. PLS¥= #5% dHolHEt ¥ /M7 o i |5 Apol g
tF &4 (multicollinearity) ©] ZstAl Yepd of AFE-5 &= Wijolth
PLSE AE3S W X, Y= 27t score matrix T,U $} loading matrix
P,QE Ha =M, 2 (7), () o] verd &+ Ut

e (7)

X=TPT+E=ZtipiT+E

=1

e (8)
Y = UQT+F:ZuiqiT+F

=1

olyl Xe RV"r ye RN ola N& AES MNF, np & np v 47

Multiway PLS (MPLS)+& [10]elA] AQtst WHEo=, 7]&E9]
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o7l Sfel kE gl MPLSE  ZF wiAle] & Ajgko]l B
Fdsitta 7Hggitt. MPLSE A&st7] fleiAd= WA batch—wise
unfolding ¥ A tstE &l ¥4 dlolelE A Aste] 2zt FH <
doleE Ao sttt o] Fof 22 FHe 574 dole XU xJK) S
=2 W dolg v ol didiA PLSE A &ste] #3415 2Rds

e 5 Ak

o
i

-

o,
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Al 4 A Phase Partition
Al 1 & Sub—PCA €318

sub—PCA= [30]9 delld AAE darglgo®, 32k g9

A 5 dolHel el 3 W Afole

1o
oy
r ol
r ol
X
il
M
1
ol
ol
2

phaseE #glsh= ol z viA e &4 A|gte] Fde wf, zF AlA
kvteh FolA= 22k viA] dlolE Xk x el disiA FAE 74
(principal component analysis, PCA)S A}&3te] &4 wWH45 7t
AAAAE FHSE loading matrixs 7L o] T 7 FAAE9]
I3 (eigenvalue) &2 7FEXE AAst Wd®E 82 loading
matrixE T-8taL, 3 FHe| thall Al K—means clustering &ilglF=

Abgetel Ay Bld AR 7E] S35k 8k phase®: TR

o]= [33]°4] 7]1&¢ sub—PCA 71HE& wWEste] 24 A|7to]

T

ol
§

M &S A A

1o

=3 AlZo] K, 4w, K oNe 22k ™ Xk x
DE T 5 Qut. olw 7]E sub—PCA dug=y vz 7zt
Aldulty PCAE A &3t 2 (9)9F 2ol ZF Al-™e| thgt loading

matrix, P¥E A4k 4= 3t}

R = TP (k= 1,2, K,) (9)
ok A (10)3 Zo] FATY IS olgst] 7teAE AAtst
loading matrix, P*S -8 4 9t}

21 i

P oeke ol Bl deA 288 5t SneEe A,



' (10)
S

ol A¥ = k AlAE time slice7} Kolx A¥dA yE j WA

= [pf - 9%, 05 - 5., 0f - 9f].9f =

afgkola, pf = 7hEAE mElekA ¢ loading matrix PF 9]
HE S oustrt. k7] Prel] Al K—means clustering ¢8| F<

Agste] AHEA7E AT phase JewEe] FHAHE LA

s

AWMA phase] HOEE E73s7] i WA S B &

Pkol Fatgks 2 (113 o] AAFgt

(11)

olwf P*3¥= cumulative explained variance”} 0.95 Y7]+ principal
component subspace®} residual subspace® Y& 4 2t} Principal
component subspaceE P* 21l & ], I dHolg xeof thsfA
squared prediction error (SPE)& 2 (12), (13)3} o] AArE <

AT,

e =x—xP*(P*)T (12)

SPE =eTe (13)

tlolE x7F A4l B2 F<Q phaseol &3ttt SPEZF SHA yElA]RE
dlo]E]7} th& phasecl £3thd PCAS T WS Abole #AE
e 4 gl7] wWitel & SPEZF vebdth whEbA ARgAE7E A Ao
71EA Q) SPE* o WisiA ol & @a7b UEh= AF7FA phases
SATth 3% phase?] HolEE AAE o]Fe] B phased

P
T
HYg wrbx $ddd Age wbEste] FIFoRH T ol



A 2 & Warped K—Means Clustering €318 &

Warped K—means clustering (WKM) ¢1g]52 HlojE 9 =M=

&
=)

T4 9= 712 K—means clustering &ag<Eol A|ALGA

=
ol

.

¥ hard constraint 212 F718le] A AE "ol +F3tE &

h
AEE ety dueElFoltt [64]. WKM <1uElE2 n/leY dxd

>

AALD  dHolH  x;€eRi(i=1,-,n) = FAE  dolgHA X=

N
1o

{x1,x5,,x,} © WlalA 719 K-means clustering % ig]
24858 FAgt sum of quadratic error (SQE) & FHA3lst=% sl
cAe =A< SH2EHE w3 st ol BASS A= 2 (14),

(15) ¢ Zot.

C bcy1—1 (14)
J= )= I = el
c=1 c=1 i=b¢
1 bey1-1 (15)
He =— Z X
Mt i=b,

pe © A SHAHY FdHs dvistal, ne o b= 44 o WA
FHAEHS A2 Jieet FYAH AlF AFe dEAE oueit.
WKM  &augl5s S21gsE Hidehs #HHe doly IH3E
ezt Holgeol tiaid EHAEE &7= Ades s

ojuf HolE x 7} jRA SAECM WA FHAHE ol o

I

Aol HEEF A(xj, i) 9 MER SA48F J& 4 (16), AN

@ol gel@ 4 vk,

—

4G = gl =l = e | (16)

J =)+ 80 (17)

oI A FelsEet A Felsmel ARE K Bt B A
.__:Ix_c-' 'q.:-' '|
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(18), (19) ¢} zFo] A 4= St

- XK (18)
ﬂ]—ﬂ] ')’l]—l
s X (19)
ul—ul+ni+1

ol AJ(x,j,i) 7t =5Etd HolH x & j A S AEAA | HA

FHAHRE o st b olEshA etk

WKM  &agFelM= AAD dHolHe wakds sk
THIE AW fslA A4 HolHE MER EHAEHE &4 9
hard constraint® #&3th WA FYAE Y 27] AR HolE= -
1A SHAHEY FAA S8, iMA SAE
dolBl= i+ 134 SeAE RS FAdw sg&dn. ol 22 hard

constraint® AEstd 2 S AHO AAAS Q= dolgyk

F7) Ay

wAdoezA  AA AALG dHelEZE A= SAAS 2dA @2
THEE AT F vk O ol HolElg wH el s Wb
BHEAow duelge . ojdf SHUAH JiF = AFEAY
Aoz AAsFelor sk, FYAH x7|EE Sl trace
segmentation (TS) 7M=& #&%do [65]. Hu AAgE WKM

daelES (64104 Fdd = Uk

+
o

ol

talA A&¥i= phase ¥ WHS AMES= Zlo] E7bssith ol
WKM ¢3g&s Agsvtd 4 A7k phase® 7]7bell Zdaglol
Z4zkel WA el tielA wE phases waT F vk [37]. AR
WKM  ¢aEEs A&7 fsixe 2uxEe dgs WA

AR FofoF sh=Hl, phase® @87l o]l vE] phase?| &

24 .__:rx | _:-.I_':I_ -l_-ll



] otk EAIZE Ydth WKM dueEe 483 W Q9w
Akl Hest

FH2H JM4E 589 SQEE HA FoEAv
S7Fskal  phased FEEkE ou7t glojxith Wz EeAH g
N5 Zol¥ Ate] H3EE Fo]EAR 7 phase’t 7HA= 54 ¢
okl ek EAZE BAASTE webs [37] ¢4
phase? 7iFo] W& trade—off WAZS ZTHS7] Ysia 2 (20),

N

il

Jm

3

o
ofje
M
ol
e

(f

(21), (22) 8} 22 phase performance combination index (PPCI) #t<

Al _bsHA T

PPCL, =y],+ (1 —y)p (20)
L (21)
Jp = log(Z];,).p =1,p
i=1
: _Jp—mean(p) _ _p—mean(p) (22)

]p=

=

std(J,) std(p)
Jo+= phased] 7i+E p2E S Wl Z wiA7F 7HA= SQE #e =1
TS At & gteola, pe Ffsk @ phasel G pE ouwdth
oluf y € (0,1)> phase & 53 HFE Alolg trade—offE &

Asolth. mehA PPCI ¢ H&3dtete] 22 o3 5359 trade—

25 | = Ui



A 5 A Recurrent Neural Network

A 1 & Vanilla RNN, LSTM, GRU

rr
Fy
ol
-
BN
i
N
N
rr
rO
okl

Recurrent neural network (RNN)

.
67]. sHAE 7g 71249l FEe] RNN?! Vanilla RNNO| -
AAzel Aoyt Foluw  ddstE: s #HA Fol 7€)
(gradient) 7} 2k &FolE5o] dtg s¥ol AdH= V2] 44
(gradient vanishing) A& 7Ft [68]. ol AlEA Hol7}
solwtel mel AlFA 298 dlolEr AlEA k] HlolH e F=

FFE 1S R 3] 9

N

A A (long—term dependency) =

Jdoitt o]¢t & Vanilla RNNO| @48 Hekstr] fafiA] LSTMo]

26 R



(a)

A 4

Enh

(b)

\ 4

v

(c)

2% 2. (a) Vanilla RNN, (b) LSTM, (c¢) GRU9] FZ.
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Long short—term memory (LSTM)+= Vanilla RNN¥ FU3}HA

T3 T2E Ve JdE AATeR, d¥E AlEA FelA] o'
ARE 7198t ofd AEE oS AJAA dgaA Tad JEE o
719t EE dto] A7] oEA EAZE dAstt [69]. LSTME Vanilla

RNN#+= =7 hidden state #®F oYz} cell states &-&3sh=t,
cell state ¢, v+ FAFE ¢ A™ZAEY BEe JRE AFsta vk
7hg stk wpEbA ol Al X hey, i Tt AR AR
Al AR x, & 7IHEeE 3] LSTM ulf-olA doju= Aiks
FAqA HA AJFe cell state?l ¢ = AARSEE ojul LSTME

HF-o 4= 2z AlolE (forget gate), Y& A°lE (input gate), =9

X

[°]E (output gate)= 4% 374 Ao|ES &3] 7] o+
HAIE gEn %7 AClEx A ARE drhy st dEAE
Agskz AolEelH, A Al 49 WE x. 9 ol A ] hidden
state ME h,_; ol W&l sigmoid FE HE3slo] A (23)3 Zo)

THY o Aok

AY AJEE dAl ARE dup WA E dAHs= AolEoH,
B2} AolEs) whAANE AA AR A ME x 9 ol AL
hidden state ®E] h,_; o] t3lA sigmoid 5 ZE3t0] 2] (24) &}
2ol ¥ 4 Qi)
ir = o(Wyixe + Wyihe_q + b;) (24)
olu cell stateo] AMFA F71E ARE &2 HNEHE tanh TTE
AFE-3Fe] 24 (25) 9F o] Akt
gt = tanh(Vl/;ngt + Whght—l + bg) (25)

W7k AolE9L o]y AoEE #435lo] o] H A|H 9 cell state =4

.-':rxq "%;: H 1_-li -"‘.l.!
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D AuE AL AA AP AY FolM /T FRF Folbsto]

2l (26) % o] cell stateE Qo] ESH},

¢t =ftOc1+i: Oge (26)
=8 J°olEx dHolE # cell statedlAd ©s LSTM AZFTL
Adsta 298 ABE AAsts AclEclH, AA A3e 4y #HH
x, & 1" XM hidden state WE h,_; ol WA sigmoid T

8

shel 4 (207 gol BAT F Utk

0 = 0(Wyoxt + Whohi—1 + by) (27)
HFAOE tanh $TE AFESte] A (28) 7 o] HAl AH e hidden

state® A4

he = o, © tanh(c,) (28)

o
o
L

o LSTM® F2& odst #geld 717)¢ &2l 54
B Axre] JASRE A
e 7197 el WA sbsAe] wobxlth #Aw LSTME
S5 stebuE st ] WEe] Aol drhs wEe sHa vk

15 Restr] $18lA GRUZE A=At

=TE Easta, BU F dare] ol

el

o

Gated recurrent unit (GRU) ¥ LSTMO] +%Z 7tA3}3slo] 74135k
RNN ReZ LSTMolA A2 hidden state$} cell state® 3h}o]
hidden state® &3} [70]. GRUE A AJES duole
AolEQ F AoER FAY Tx2 HHS WAs 7|£9 LSTMH

WA A EeEE AREStEE sirh gAl
AlEx o] Al 9] hidden stated] FRE Awuh} AATH Agsh,
21 (29) 9k o] LSTME Ale|Est fpAkeh W o= Arkeit.

e = G(Vl/xrxt + Whrht—l + bT) (29)

29 A k'_' L ll



GRUS HPOlE Ao]Ex= LSTME g AolE9} Wz AolEQ]

oAeS FEete] o]d AlH e hidden state®} A A]Hel U™

zy = o(Wyzxe + Wy he_q + by) (30)
o] Fo A ACEE F&3sto] o] AF S hidden stateolA dviut
e AHE {fA3t FA X AAskt). Hidden state® U0l Eo

ARESE I Al A Q1 hidden state ke 2] (31) 3 #o] Akt

he = tanh(W . + Wy (1 © he—q) + by) (3D
npAE o g JEo|E AlOEE JtFAE AREEe] hey % ke O THE

S AAbste]l 2 (32) 2 o] A4 A2 hidden stateE ZA 7 st}

he =2z, Qhi1+(1—2)Qh, (32)

30 1=+



Al 2 & Multi RNN &€

uAR e JRERY AFEY] wdE

et Eds w57l feEids a2xkde] dolEel diEid Ak

FAste BEde 7R (6819 ATelA AAE RNN R
TxE Z83oH, g RNN 2de Fx& 1% 3¢9 Zrh se
2dE o]d phase® RNN Aofa] Aits]o] &% hidden state:

= Aol Y45+ hidden state® At olF Fall ofd 719
RNN Ag #714ox dAdsielen, 2+ phased 34 ARV}
AL 0% b3 phasel] RNN Ao Adds= JeHE Aok 222

RNN A& Q8 o7 Fojx+= ZF phased 374 HolHE &&314]

J
f

Z} phase?] ¥4 AERE T A= 22> Y9 hidden stateE:
|

WES o)y Fo® 7FA = affine functions Ea A|Fo EAS
il

i

o

=

2

b

. Z} RNN AojA AAFE hidden stateE x4 oz A3

)

Fes dgict. AFHor ndzre o3d AF F4

ol

o =
AA AF FA W5 AZolo tisiA H Al 23k (mean squared
error, MSE) 3= &4 &= A74sto] RNN 229 858 X&)
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ho hl h2 h3 h4
— RNN » RNN » RNN RNN [—
X! X2 X3 X4
[hla h?a h37 h4] — Yy
7% 3. Multi RNN&| F-%.
-":rxﬁ-! _'q.; ]
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Al 3 HYLR B 3F

HAYUAH  (Penicillium chrysogenum)< AJAFsk= fed—batch
fermentation bioreactori= &7%4 EUYEH % AoE ot wxvlz

o ZMN W2 AT AREHI Yt [71~73]. 53] [74,75]¢

O

ATelMes g AEsrlel Hxva wdlo]  ATE AL,

24 YR PFE Wg) wdo] ARk AP w3l AH
BAEE 29 49 2ok #Y X P AEolE IndPenSim

AlEdelE 2 AdE 34 dHolEe & £AR F7iHol glon,

www.industrialpenicillinsimulation.com®l] A  Zto}& 4= Qitp. E

AT-olM= IndPenSimC 2HE 4" 10070 wiAlol s &4
tolelE &8k ald dolEAle ¥4 @A webd dE
30708 wix], eFHelH o] Aleje] wE 30719 #®lA], advanced
process control (APC)el wiebx Alojg 3070¢] wix], 71e]a 57

o e EFSIL Qi v 10719 WAel wE FH dolHm
T80l ek @Al 100748 WA dole] FelA 8074el HiA

golel= male] sl AMEEQT, 20719 wjA dlolgl= male
HAEES 98 A4 8% dolHst BAE douE wAdw
%

AEEA i dHolH A2 2F wix] vt 34 3 A7
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a8 4, YA AYAF bioreactor EA &
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HUA# AAF bioreactor?] &4

1.

22!
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A4 g A% R 2y

F4 o5 2E9 oS5 e vlE 9%t metric E+F root mean
squared error (RMSE), mean absolute percentage error (MAPE),
18] 3 coefficient of determination (R? score)& AF&3th. RMSES}
MAPE+= Zt2b o219 Alwa ddighs &85 Axolw 34 24

}1l, R? scorex= SHPWHF7L FHHSFSE dAupy #

ol

s xd ,
A=A et Ax=24 37 e A4y 8s yebdth. RMSE,
Z g

Fd

MAPE, 183 R? scorex= Z+7Z} 2] (33), (34), (35) 9} #o] Fowt)

(33)
RMSE =
I ~
MAPE=100><EZ|yi_yi| (34)
I L Vi
i=1
RZ=1— Yi=1(vi — 9)? (35)
Yoy —¥)?

olw y; &= iMA WA HA FH W, 9= RAENE FHHE iMA
iz o] FA Wg, 283 yu AA F4 A5 FHAgks ousih
RMSE$} MAPE= 0O°fl 7k Rd9 oF A&7t stes A=
YER ™, R? scoret= 19 745 R4 Ayego] = A&

SRS
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A 12 DTW-MPLS 22

&A Aol AFSA e WA wH B deleel sl

=
as)
=
wn
N
i
o
)
ofo
&
i
i,
2
Ay
td
i)
o
-
o

371 984 DTW 7S
Agste]l ¥4 dolEld AP HFE& AL 3 -1 A
Bkl 2284170 X AZHE VA= WIAE AIRE F9 7)Ee] =
A AEREA ARG A 3 FEe [22] A4 AR T

Zo]  symmetric DTWSF asymmetric DTWS F ©AE AH

AgToEM A H5 A4k ol symmetric DTWE 283}
ME o dolz A49d ¥4 dolHel tisiA asymmetric DTW
drgFe A&kl B A dHolEl9 Holrh YlEo] HeE A
e dojet FdateE FHaAFolrt. FdHY] Ao ¥4 dolE et

9.

deE olF2 ¥4 HolH= 1¥ 63 o] ndE

+
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Hazh He olFR Ayt E2oeA ¢e FAEE Al 13719

FAES E&stel MPLS EdE 743t HAE dolEe] disiA

]

MPLS Rd& &&3te] ¥4 HFE F4% A3+ 19 8% Ak 74
2do  dsiA  AA HAydd sxe d5"E dHydY sRE
2k o ® FHsE parity plotellA 719 FAE0] y=x Aol 7HEA
XSS E oS ndo] Yottty g 4 itk DTW-MPLS =24 ¢
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Penicillin Concentration [g/L]

(b)
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True value
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Al 2 A Single RNN 74

rlr
M
R
2
rO
ofl
=
il

RNN-> hidden state® t& AlFo® dds}
THe] Q7] wiEel ¥ FgoeE ARSHE AAYE HelHe AlFAA
dol7b B sdeA @tk AR 4 9tk E3 RNN2 Ql¥
ARG dFew, HAZANS A= Ak ¥ dHolHE
2H 9] hidden state®] FEIE F4FT 5 Qlvt. webA 2 AGoA =

A 589 34 dHolyHE &gste] tixd<Ql RNN F/F<2 Vanilla

2

o

Eas
=]

£

RNN, LSTM, 2831 GRUZ JFAE Z=A o= 249
&5} T}

RNN 2 do] dh52e &l AFE3F hyperparameter? AL v}

Zoy, 207 FAE RNNS AFE3 31, hidden state? ==&

i

1634902 TN HA3 va2E Adam optimizerS AF§@ 0.0,
ol g% £Ei 0.00032Z APk RNNO 7187 &24&
Wxste] grEol FAAS FAA7I7] fElA gradient®] L2 norm
H ks 3072 A3t gradient clippingS AR wY Hjx <

A7 8% AP 2r, 1000 epoch7bA] &H5& W&ot

RNN o] &<o] ghny o]Fo] DTW-MPLSS Axel FAUs3t
HA~E dlolgo] thalA Vanilla RNN, LSTM, 183 GRU 7]4te] &4
A% 2o des AT A4 Aye 19 9, 10, 119 2o,
ojmj Wy = 3% 29 Erh 7 RHe] F4 oS5 AAelA Ay
eztet DTW-MPLS EdloA gt @+ 1% 122HE Blud
4 Qlt}. Vanilla RNN, LSTM, GRU Ze°lA MAPE A %o]A¥&= Vanilla
RNNo] £ Aes BAARE o]98 Axel= GRUZ 7HE $2

o= BEAW AR AAdd= tEA RNNe #8350 mHo]
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¥ 2. Single RNN 249 o= @3,
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3304 REe F4 A5 oA LA @At Bl
24 RMSE MAPE [%] R? score
DTW-MPLS 3.5419 13.3698 0.7257
Single RNN 4.0334 11.8335 0.6443
Single LSTM 3.9303 13.4326 0.6623
Single GRU 3.5894 13.0920 0.7183
Multi RNN 3.2097 10.8607 0.7748
Multi LSTM 1.8672 6.3045 0.9238
Multi GRU 2.6688 8.9568 0.8443
A 21
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Abstract

Machine Learning Based
Approaches to Estimation of
Quality Variables in Batch
Processes

Joonsoo Park
School of Chemical and Biological Engineering
The Graduate School

Seoul National University

It is necessary to develop a product quality estimation model
to operate batch processes in a safe and economical way. However,
since the batch processes are operated in an unsteady state and show
strong nonlinearity, it is difficult to build a first principle model. In
addition, the batch processes show uneven operating duration for
each batch and consist of several phases according to operating
conditions, which makes the development of a quality estimation
model more difficult. In this study, a machine learning based approach
to estimation of quality variables considering the uneven duration and
the multi—phase of batch processes was developed. The phases were
divided by applying the warped K-—-means clustering (WKM)

algorithm considering the sequentiality of process data. The quality
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estimation model in the form of a separate Recurrent Neural Network
(RNN) cell for each phase was used. The developed quality
estimation model showed better performance than the model using
dynamic time warping (DTW) and multiway partial least squares
(MPLS). In addition, using different RNN cells for each phase shows
better performance than using one RNN cell without distinguishing
the phases. By developing the quality estimation model into a form
that can be used online, it will be possible to use the developed model
for diagnosing abnormalities and searching for optimal operating

conditions.

Keywords: Batch process, Quality estimation, Warped K—means

clustering, Recurrent neural network
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