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Abstract — A batch Process has a multi-way data structure that consists of batch-time-variable axis, so the statistical
modeling of a batch process is a difficult and challenging issue to the process engineers. In this study, We applied a sta-
tistical process control technique to the general batch process data. and implemented a fault-detection and Statistical pro-
cess control system that was able to detect, identify and diagnose the fault. Semiconductor etch process and semi-batch
styrene-butadiene rubber process data are used to case study. Before the modeling, we pre-processed the data using the
multi-way unfolding technique to decompose the data structure. Multivariate regression techniques like support vector
regression and partial least squares were used to identify the relation between the process variables and process condi-
tion. Finally, we constructed the root mean squared error chart and variable contribution chart to diagnose the faults.
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A dlole] A8 11%9] 848 (nonlinearity)yS 7FA|aL 11, Al
7F x M(two-way) 5O 2 O] Fo|X|= <4 HH5- 3% (continuous
process)2H= 28] Batch x Al7F x M (tree-way) 5O 2 O] FO| K=
tjo]e] Aol 5437}, batch whF 2 AIRF 2 24 3o wish=
Process drift L} batch-to-batch variation?} 752 Y 50] A3} 1].

B Ao BAHQl T4 7S Batch ol 483}
of, dukARl 332 379 HoleE F38l Bot wmEa, &4 &
8] ZdeE FUERE 5 Qe AlAEE FE Bkt 5 E2A)7]
(multi-way unfolding) W= 0|83l tlo]ElE 2] (pre-processing)
8k & M-PLS(multiway-partial least square) 2 M-SVR(multiway-
support vector regression) 7|2 o|-835}o] 32| dolE 9} 34
o] Az A% WA gobd F Qe BEg FAslon, o
= o]&3F Ao} ZFE (control chart)E TAJ8I] A)7tol whe} 3%
2l 3789 g AL, o) HA (- ddd ¢ Qe
A|25hE eIt

ojg} A& WS
9 ~efo@l-HElr] ol 175 (styrene-butadiene rubber) AAF 374 |
olejel] Agato] HMokom, 7 A¥} A oR FAO] oS 7
Jetar, et RUHE Ao Holi= 2g ER1E it

HE= A 212 34 (semiconductor etch process)

N
o
gt
gt

rhr
ru

2-1. HIO[E{ MX{2|(preprocessing)
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Fig. 1. Preprocessing for the proposed modeling when batch lengths
are different.
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Fig. 2. Two unfolding methods.
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T4 AR A=), A DAl F AR Al w7
(chamber) Wlell 7}~ E8]5701, 98-S HIsiA 7] #go)a,
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etch T, T WA= ol TiN, oxide layer®] overetch T,
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O Aolzl F 1277 batch® -3 ¥0] §lom, 207]9] friew ©]
A+ batch(induced-faultsy5 ¥ &5F3L 1TH(Table 1). batch A|7F 1
o7 ZHE 80719 time stepC.E TAEH, FH W=
1272 o]0} UTh(127 x 12 x 80)(Table 2).

3-2. 2AE[O[H-RECIA 12 ZX(SBR)

o8 F&(emulsion polymerization)ell 2]l ~Elo]dll FE}T]
all 315 (styrene-butadiene rubber)s AJAsH= 372 1930t =
Aof|A] Buna-SEh= o502 GEzlold] dAA7A] AAIHCE 7}
% @ol o] &)= Al 3749 sholth. od A S RS K
& feh(mild) 378 2713 odAe] £ Elell 37 Alofell =
Yslar, M3 F$H(bulk polymerization)ol] B]&l 5 (viscosity)®

Uk A= ek oo},

R S A1

Table 1. 3-experiment batch data set

Normal Fault Total
Exp29 34 9 43
Exp31 36 5 41
Exp33 37 6 43
Total 107 20 107
Table 2. 12-measured variables
1 Endpoint A Detector 7 RF Impedance
2 Chamber Pressure 8 TCP Tuner
3 RF Tuner 9 TCP Phase Error
4 RF Load 10 TCP Reflected Power
5 RF Phase Error 11 TCP Load
6 RF Power 12 Vat Valve
Table 3. 9-measured variables
1 Feed Styrene 6 T R. Jackt .
2 Feed Butadiene 7 Latex Density
3 Temp. Feed 8 Conversion
4 Temp. Reactor 9 Energy Rel
5 Temp. Cooling

3789) oVA Bl S Aol W 35

Table 4. 5-quality variables

1 Composition 4 Cross Link
2 Particle Size 5 Polydispersion
3 Branching

- Ato]] A28 H|o|E]:= semi-batch HA T3 4O
= 53709 batch® 4% o] 912H, Table 33} 72©] 3t batch
4 W= 971E 200 time point F<QF FE3 HlojEl 2 A E o]
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I 43 5719] 52 W4 (quality variables, 53 x 5)& F3l A%
3L
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Fig. 5. Regression model output of Noramal data (a), Fault data (b).
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