AIChE

Nonlinear Quality Prediction for Multiphase Batch Processes

Zhigiang Ge
Dept. of Chemical and Biomolecular Engineering, The Hong Kong University of Science and Technology,
Clear Water Bay, Hong Kong

State Key Laboratory of Industrial Control Technology, Institute of Industrial Process Control, Zhejiang University,
Hangzhou 310027, Zhejiang, P.R. China

Zhihuan Song
State Key Laboratory of Industrial Control Technology, Institute of Industrial Process Control, Zhejiang University,
Hangzhou 310027, Zhejiang, P.R. China

Furong Gao
Dept. of Chemical and Biomolecular Engineering, The Hong Kong University of Science and Technology,
Clear Water Bay, Hong Kong

State Key Laboratory of Industrial Control Technology, Institute of Industrial Process Control, Zhejiang University,
Hangzhou 310027, Zhejiang, P.R. China

DOI 10.1002/aic.12717
Published online July 25, 2011 in Wiley Online Library (wileyonlinelibrary.com).

Typically, a multiphase batch process comprises several steady phases and transition periods. In steady phases, the data
characteristics remain similar during the phase and have a significant repeatability from batch to batch; thus most data
nonlinearities can be removed through the batch normalization step. In contrast, in each transition period, process
observations vary with time and from batch to batch, so nonlinearities in the data may not be eliminated through batch
normalization. To improve quality prediction performance, an efficient nonlinear modeling method—relevance vector
machine (RVM) was introduced. RVMs were formulated for each transition period of the batch process, and for combining
the results of different process phases. For process analysis, a phase contribution index and a variable contribution index
are defined. Furthermore, detailed performance analyses on the prediction uncertainty and variation were also provided.
The effectiveness of the proposed method is confirmed by an industrial example. © 2011 American Institute of Chemical
Engineers AIChE J, 58: 1778-1787, 2012
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Introduction Phase-separated modeling approaches build a separate sta-
tistical model for each phase of a batch process.'*™"” How-
ever, most of them have assumed that the process can be
broken into steady phases, and interphase transition behavior
has rarely been considered. In practice, many batch proc-

esses may have significant transition behavior from phase to

Because batch processes lack online measurements of the
quality variable, significant efforts have been made in recent
years developing quality prediction methods. Among those
methods, multivariate statistical analysis models have
attracted much attention. They can be directly derived from

process data and can handle high dimensionality and corre-
lated variables. Multiway principal component analysis
(MPCA) and multiway partial least squares (MPLS) are two
of the most widely used batch modeling techniques.'? Dif-
ferent extensions of MPCA/MPLS have been proposed to
improve the modeling of batch processes and the interpreta-
tion of the batch results,” but these multiway methods can-
not reveal the multiphase characteristics which may be pres-
ent in the data from many batch processes.*'' Batch proc-
esses which have multiple operation phases may exhibit
different data behavior in different phases.
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phase, especially in the start-up and ending periods of the
process. The information in these transition periods may
influence the quality prediction performance of any model,
so incorporating the transition data is important. Here, the
steady phase is defined as a part of the batch process among
which the data characteristic and variable correlation keep
similar. In contrast, the transition period is defined as the
part in which the data characteristic and variable correlation
change more significantly than the steady phase. Typically,
the transition period corresponds to the start-up, ending of
the process, or lies between two steady phases.

Recently, a soft-transition MPCA (STMPCA) method has
been proposed for batch process monitoring in which transition
information is represented in terms of a weighted combination
of the two adjacent steady phase models.'® A similarity factor-
based method was later developed for identifying the transition
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phases.19 However, these methods focus on process monitor-
ing; the quality prediction problem has not been considered,
and a common shortcoming of these two methods is that the
number of phases should be specified a priori, which may not
be in accordance with the real process behavior. Recent work
in our laboratory has suggested a new phase division method
based on the repeatability information of a batch process.” Af-
ter the process has been divided into steady and transition
phases, corresponding phase models have been developed for
quality prediction.

So far, however, while MPCA and MPLS are inherently
linear modeling approaches, most phase-based quality pre-
diction methods have also been restricted to linear cases. For
those batch processes which have significant nonlinear data
correlations, a proper nonlinear statistical model will be
helpful to improve modeling and prediction. In each steady
phase, where the data characteristics remain similar during
the phase and from batch to batch, most data nonlinearities
can be removed through batch scaling and normalization,
i.e., the mean trajectory of different batches can be removed.
In these cases, a linear regression model (using PLS, for
example) is sufficient for quality modeling in each of the
steady phases. The transition periods, in contrast, often
exhibit more uncertainties, which makes modeling more
complicated, and any nonlinearity may not easily be elimi-
nated through batch normalization. As a result, the linear
model may not function well in the transition period. To
improve modeling performance, it is necessary to construct a
nonlinear regression model in each transition period.

In the past years, there has been some work on nonlinear
regression modeling using approaches such as artificial neural
networks (ANNs) and support vector machines (SVMs). 22
Indeed, the traditional PLS method has also been extended to
nonlinear counterparts as neural network PLS (NNPLS), kernel
PLS (KPLS), etc.>*?" Compared to PLS- and ANN-based
regression methods, SVM is a more promising nonlinear mod-
eling method and can work well with limited training data
samples. Vapnik has provided a detailed derivation and theo-
retical justification of the use of SVMs. 2 However, SVM has
some significant drawbacks. First, it does not allow for the use
of an arbitrary kernel function, because the kernel function
should satisfy Mercer’s conditions. Second, the SVM method
needs to determine the error/margin trade-off parameter and
the insensitivity parameter, which will generally introduce a
cross-validation procedure.

Recently, another kernel learning method termed the rele-
vance vector machine (RVM) has been proposed.28 This
shares a similar functional form with SVMs, but has no limi-
tations on the type of kernel function. By introducing a prior
distribution over the weight parameter, a Bayesian approach
has been adopted for RVM learning. While SVM can only
provide a point estimate of the predicted variable, RVM
gives a probabilistic prediction result which provides
detailed uncertainty information about the prediction. The
uncertainty of the prediction result is important for under-
standing the process and interpreting the results because it
can provide information about the reliability of the predicted
values in specific phases and at specific time points. Addi-
tionally, compared to SVM, RVM modeling leads to sparser
models, thus faster computation on test data while maintain-
ing comparable generalization errors.

With both linear PLS and nonlinear RVM models, predic-
tion results can be generated for both steady phases and tran-
sition periods. But another important issue which has not
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been properly considered is the relationships between differ-
ent phases and how to efficiently combine phase prediction
results. Several combination approaches involving weighted
parameters and linear regression methods have been pro-
posed,10 but more detailed relationships can be constructed
based on nonlinear models. Particularly when incorporating
transition information gives a nonlinear prediction result, the
relationships between the steady phases and transition peri-
ods are probably also nonlinear. Therefore, a nonlinear
regression model is then more appropriate for combining dif-
ferent phases of the process. Furthermore, for the purpose of
quality control, the phases which are most important for the
final quality need to be determined, and the key variables in
those phases need to be identified. This study set out to de-
velop a strategy for identifying critical phases and key varia-
bles using a nonlinear quality prediction algorithm.

The remainder of this article is organized as follows. In
section 2, preliminaries of PLS and RVM are given. Detailed
description of the nonlinear quality prediction algorithm is
presented in section 3, followed by an industrial application
study of the injection molding process in the next section.
Finally, conclusions are made.

Terminology
Partial least squares

Denote the process and quality variable datasets as {X,Y}.
PLS intends to decompose X and Y into scores matrix T, U,
and loading matrices P and Q, given as’

X =TP' +E 0
T =XW(P'wW)™!
Y=UQ" +F )

where W is the weight matrix of the PLS model, E and F are
residuals matrices of the process and quality variables. For a
new data sample X,.., the predicted output variables can be
calculated as

new = [(WEPTW) ' QT Xpew 3)

Support vector machine for regression

Given the training dataset {x;, ¥;}; — 1., the regression

SVM metho aims to solve the following optimization problem

[ C i}
mm{2 I+ 3 & - ¢ )}

i
subject to : f(x;) —yi < e+ ¢ S
yi—f(xi) <e+&
éia él* Z 0

where C > 0 is the predefined regularizing parameter, ¢ is the
insensitive parameter, ¢; and &7 are slack variables for each data
sample. Based on the Lagrange multiplier method and QP
algorithm, the SVM regression function can e derived as follows

i
£ = (= of)K(x. %) + b 5)

i=1

-

b=y;— > (0 —o)K(x;,x;) +¢ (©6)

i=1
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where o; and o] are the optimized Lagrange multipliers for
each support vector, K (-) is the kernel function, / is the
number of support vectors selected in the model. By
introducing the kernel function, SVM model becomes flexible
to deal with complicated nonlinear regression problem.

Relevance vector machine

The main idea of the RVM algorithm was originally pro-
posed by Tipping.28 It has been used for data classification
and regression in areas such as machine learning, pattern
recognition and many others. Based on the introduction of a
prior distribution for each parameter weight, the RVM
algorithm can be developed on an SVM framework
through Bayesian methods. Denote the training dataset as
{Xi, ¥i}i = 1.2..n». The nonlinear relationship between the
process and quality variables can then be expressed as

y=f(x,w) +e @)

where e is the random error, which is assumed to be

independent and Gaussian distributed with a zero mean and

variance 62, ¢ ~ N (0,6°), w is the weighted parameter. Similar

to the SVM algorithm, the nonlinear function f{(x) can be

expressed as a linearly weighted sum of some basis functions®
h

w) = Zw,-l((x, X;) 4+ wo = wh(x) ®)
=1

where W = [wo, Wi, wa,-, w,]! is the weighted parameter
vector of the basis functions w and (x) = [1,K(x,X;), K(X,X3),
- K(xx,)T".

Unlike the SVM, the RVM can give a probabilistic predic-
tion for the quality variable based on the weighted parameter
vector w and the noise variance o”. The probabilistic predic-
tion can be expressed as p(ylx) = N(f(x,w)a?). By carrying
out the following optimization, the optimal values of « (which
is a parameter in the priori distribution of w in Eq. 11) and
o can be obtained

max log{p(y|X,w,d?)}
:maxlog{/p(y|X,w, Jz)p(W|OC)dW} 9)

max L(a, 0%) =

1 1
platew.o?) = el =y ly ol (10

uw?
2 )n+1/2H°‘1/2‘3XP( 2)
(11)

X,). The posterior

p(wlo) = HN (wil0,07") =

where y= (yb Y2, yn)’ X = (Xl’ X2,
distribution of w can be determined from

2 p(y|w, a%)p(wla)
p(W|y,O{,O' ) - p(yla’ 0_2)
1 B 1 B
= gl e S v}
(12)

which is also a Gaussian distribution with mean and variance
satisfying

p=o Y’ (x)y (13)
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= (02 (x)¥(x) +A)! (14)

where W(x) = [ (X), Y2 (X),--,},(X)], and A is a diagonal
matrix with elements A = diag(x,, -+,%,). As a result, many
elements of w become zero and the optimal mean w value will
have very few nonzero elements. By analogy with the term
“support vector” used in SVM methods, the non-zero w
element training data are called a “relevance vector” in the
RVM method.

Methodology

A detailed quality prediction algorithm will now be demon-
strated which includes phase-based prediction models for
steady phases and transition periods, nonlinear regression
modeling for combining the results, critical phase and key vari-
able identification, and uncertainty and performance analyses.

Assume that the batch process has already been divided
into steady phases and transition periods. The historical
batch process dataset can be represented as a three-way data
matrix X(/ x J x K), where [ is the number of batches, J is
the number of variables, and the duration of each batch is K.
Through the batch direction, the three-way data matrix can
be unfolded into a two-dimensional matrix X(/ x JK), which
can be further decomposed into different time slices

X(I xJK) = [Xi(I xJ) Xo(IxJ) - Xg(IxJ)] (15)

Suppose the batch process has been divided into S steady
phases and T transition periods. The dataset can then be
partitioned as follows
X(I x JK) = [X'(I x JK}) XV (I x JKY) XS(I x JKS') -+

X7(I x JKF) Xg(I x JK§)]  (16)

where the st and tr superscripts represent steady phases and
transition periods, respectively, K}, K3, -+, K% are the steady
phase time slices and K, K3, -+, K} are the transition time
intervals.

Quality prediction modeling for the steady phases and
transition periods

To build a prediction model for each steady phase, the
PLS prediction model for each time slice should be devel-
oped first.?

Xitk _ TSI Pst T 4 ES[
Y = Ustl\QstT (17)
Rifk - Ws (PilkT sk) : szT

where s = 1,2,--,§ and k = 1,2,--,K}' . P§; and QY are the
loading matrices, TS‘k and U“k are the score matrlces ES o and
F}, are the residual matrices, and AS), is the retained number
of latent variables in each PLS model. Conventionally, the
number of latent variables can be determined by cumulative
percentage of explained variance of the process data (CPV),
Predicted residual sum of squares (PRESS), Cross-validation
(CV), etc. In this article, the CPV method is used, thus the
number of latent variables is determined if the CPV value of
the PLS model exceeds a cutoff value, e.g., 85%. WSl is the
weighting matrix of each PLS model, and RY, is its regresswn
matrix. In the next step, the representative PLS regression
model can be developed, the regression matrix of which is the
mean value of all steady phase slices
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Ksl

RY _KstZR (18)

Similarly, in each transition period the RVM model is
constructed for each time slice in the first step28

y =f(x, W) + el —ZW:mK X, X5 + Wi
e = wilYh(x) +efy (19)

Wheret—12 ST and k = 1,2, K - Wi = W], Wi s
W ases , " ,] is the Weighted parameter vector of the bas1s
funetions T 0 = [LEK&XT ), KOO ), K XX n1%.
The prior distribution of the weighted parameter vector for
each RVM model is

1

H N(Wiik,i |0, “irk_zl)

i=0
1 L wip irk Wi
= (27t)<1+1)/2 1:([ %ki ©XP 2 (20)

The posterior distribution of W}, can now be determined
based on the maximum 1ike1ih00d algorithm, the mean and
variance of which are given by

P(Wifkio‘ifk) =

Wy = o Ee G (X)y @1

Z"

WI/\_

(o2 ()P (x) + A (22)

where i _(Xi,rk) = Wi D)W (K)o
. is a diagonal matrix with elements Al =

(xt w1, and
’ = diag (ocﬁfkﬁo,
“ifk,i""v“iik,z)'

Based on the RVM model for each time slice, the RVM
model for each transition period can be developed. The
mean weighted parameter is

Kl\' Kll‘
. 1
Wir = ﬁz tk K"ZO—W 223,/{?;}(?{))’ (23)
t k= t k=1

Nonlinear results combination

To predict the quality of a new batch, the prediction result
in a specific steady phase or transition period can be calcu-
lated by averaging the results of all available information
about that phase or period

A/(L R®
news _k Z news _k Z ot ﬁew (24)

1 ke ke

~kc ok § t/ 1 k 25
\ . y W, lp ( n w) ( )
new,t ka - new,t kC]\ | ©

where s = 1,2,---,Sandt=1,2,--,T . kc = 1,2,
current time point in the corresponding phase
(1K Koy X1 1)K Koy, X ) K (X X rkl)]

A series of nonlinear cumulative regression models must
now be developed to combine the different phase and period
prediction results. Generally, when s steady phases and ¢
transition periods are being incorporated for quality predic-
tion, the cumulative RVM model is

K (K¥) is the
[rk (Xﬁew) =
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y :f(y_vjqfl ) Ws+r—l) + Cstr—1

2 : N ~tr
== Ws+171,iKs+tfl (yﬁqfla YS+t71,i)

i=1

F Werr10 €t = Wiy W (Vpoy) + €t (26)

where y;rﬂiu, i = 1,2, and §y,,, ;, are the phase
prediction values of the training batches and the test batch,
respectively. s = 12,5, t = 1,2, T, and the basis
function is Yy, l(ys+t ) = [1 K(Fsii- l’y\+z 1) K(sii1s
yH,_l,z) K Vi1, y\+, 1,)] As a result, a total of § +
T — 1 cumulative RVM regression models must be
developed to combine the results. Given the prior
distribution of the weighted parameter vector for each
RVM model, the posterior distribution of w,,, ; can be
determined as

otr 2
p(WSJrf*l |Y7 ys+t71a Ols+1—15 O—H»ffl)

P(Y|5’§r+,4 y Wobr—15 O—s+r712)P(Ws+171 |otyi—1)

- 27
I e (27)
which is also Gaussian distributed with mean
Wti—1 = a;f’flzw'ﬁt*llpiﬂ—l(5'2:.;_1))’ (28)

and variance

ZW,SH*l - ( s+r llyi-+r I(Ar+t—l)\ys+f*1(yir+t—l) +AS+I*1)_1
(29)

where \Pxﬂfl (5’?4“71) [l//ertfl (f’gﬂfu), wsﬂfl
B2 W1 31 ), and Ay, is a diagonal matrix
with elements Ay ;| = diag (0tsis—1,05 Osr—1,15" g1 1.0)-

Using these nonlinear regression models, the phase and pe-
riod prediction results can be combined on the second level.
Suppose an online quality prediction is to be made in transition
period ¢. The prediction results in the previous phases/periods
and the current transition period for the new data sample Xy,
should have been calculated in the first step. They are

Kt KT&

1 < 1
~st _ 2 :Asl,k o 2 : st* T ok
ynew,l - Ks( ynewl Ks[ Rl Xnew
L k=1 L k=1
tr 1
ynew,l Ktr th
K Ktlr
x Stk 1 Wtr T, tr (X )
Ynew,1 = K¥ — K 1 1,k Xnew
k=K' —K3'+1 U k=KV—K3+1
K

ysl . 1
new,s — o s—1 prst t—1 ot Z
K; - Zj:] Kj - Zj:] [(] s—1 —1
=Ky =y K=y KU1
Jj=1 J=1

ostk 1

ynews_
st s—1 st =1 grtr
K =2 K =20 K]
K
st* T k
X E : R Xhew
s—1 1—1
k=Ky =D K =D K
=1 =1
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ke
y[rkc o 1
new,t s st =1 prtr
sy s TP O
k= kc—ZIK;‘—ZlK/‘T-H
= =
stk 1
ynewt

Z} . Ksl Zt 1 Klr
ke

x Yo W (xew)  (30)

s t—1

f=ke—y K= KU1

J=1 J=1

The prediction can now be made by combining these phase
and period prediction results

oph otr strke
Yoew = [Ynew 1 ynew 1’ ynew 1 ynew t]
ke op

1, K(ynew»%’h),K(ynew»?’z’h) o K (Fhe 37T
~ke ki oD
Ynew = WZ:Hfl X:Lt l(ynew) (31)

s+t—1 (ynew)

where §2"

prediction results y, Ji=1,2,-

is a combmed vector of different phase or period
-,I from the training batches.

Critical phase/period determination and key variable
identification

To quantify the importance of each phase and period in
determining the final quality, the phase/period contribution
index (PCI) is defined as

h h hj aphy ~ph hi o A
W) = [L K (e, 35 ), K (o 35), - K (o 7]
h(op
’WS+T Llppl()’ﬁg\{/) ‘
PCI) = oy -
P ERSUACEY
where j = 1,2,---,§ + T is a phase/period index and 3" and

W hi i =121 are the quality predictions for the j-th phase or
period of the current batch and the training batches
respectively. The contribution index ranges from zero to
one, and ZHT PCI(j) = 1. Using this index, the contribution
of each phase and period to the final quality prediction can be
quantified. Those phases/periods with the large PCI values
should be determined as the critical-to-quality phases/periods
in the batch process. In contrast, others which have relatively
smaller PCI values should be categorized as minor-contributed
phases/periods. Once the most important phases and periods
have been determined, it is important for quality control that
the key variables in those phases/periods should also be
identified. By analogy, variable contribution indices for the
key steady phases and transition periods can be defined as

Je

: b b
i Cones ) =10, x00

s Anew,k "
o ReTEL LZ;Ck H (33)
VCI(k,j) =

i

[17K( e tr/ ) K(x:}e)i»{/,k7x;t};{2)v B

newk’ rkl

s,k \"'new k

Rst*T'—\b (x‘b‘] )H

b
[//tk,/( ;ev{/,k) =

vb, rj \1T
K(xne\{v.k’x;/g.l)}
HWT[//vb 1bJ H (34)

tk.j newk
Z} 1

VCI,(k,j) = T Vb
‘W lpr/\,/( new,k)H
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where j = 1,2,--.J is the variable index, k = 1,2,--- K¥(K'")
is the sample time point in each phase/period, and x;'e’j,k and
x;'k’l, i = 1,2, are the process variables of interest in the
current batch and the training batches respectively. For sim-
plicity, the key variables for quality prediction in each

phase/period can be determined by the following two mean
variable contribution indices

K)l

MVCI,(j) = ZVCI (k,j) (35)
Klr

MVCL,(j) = ZVCL (k,j) (36)

where s = 1,2,---,S, and ¢t = 1,2,---,T. As before,
J . J : .

Z_[:1 M.VCIS(/) =1 and. D i1 MVCI,(}) =1. . Usmg these

two indices, the key variables for quality prediction in each

critical-to-quality phase and period can be successfully

identified.

Prediction uncertainty

Up to now, the mean values of the weighted parameters in
the RVM model have been used for quality prediction in
each transition period and in the phase/period combination
step. Actually, the weighted parameter is an uncertainty vec-
tor which follows a Gaussian distribution, with its variance
given in Eqgs. 22 and 29. The RVM model can therefore pro-
vide a probabilistic prediction result for each quality vari-
able. More specifically, the final prediction result in transi-
tion phase ¢ can be calculated as

2
(ynew|ynew7 Y, Os4r—1, s+l l)
ke |oph 2
= /p(yn(ew |y[;:ew7 Wstr—1, GS-H—I)
X p(Wyri-1 |yﬁ£wv Y, %sqr—1, O-?Hfl Jdws 1 (37)

where the distribution of the weighted parameter wy,, ;| is
given in Eq. 27. Hence the distribution of the predicted value

Vrew 18 also Gaussian, with mean

:uy,new = s+t 1 l//err 1 (yﬁgw) (38)

and variance

Synew = Opurg H U (Frew) Bwsse 1 (Frew)  (39)
"Ph) K(yph '\Ph) K(

new?

where Y€, (§he,) = [LK(§7e,.
y‘;”)] As can be seen in Eq. 39, the uncertainty in the quality
prediction comes from two sources. The first is the noise
variance in the process data, while the second arises from the
uncertainty of the prediction model. Compared to the noise,
which is inevitable, the uncertainty in the prediction model is
related to the process data itself and the model’s structure.

In each transition period the prediction uncertainty can be
obtained similarly. Through combining the prediction results
for different phases and periods, the uncertainty of the com-
bined result may be increased as more uncertain information
is incorporated, especially the prediction results in the transi-
tion phases. Therefore, in each of the steady phase the pre-
diction uncertainty is given by the cumulative RVM model
as Plipew = Y ynew- But in each of transition period the
uncertainty is

HCW i
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Figure 1. Flowchart of the nonlinear quality prediction
and process analysis method.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

Pitnew = Zynew + Iy pe = 0rsot + ¥ (Frew) Zwssi 11 (Ve
ot U (X)) Z ¥ (X)) (40)

where > is given in Eq. 22, and ¢'7 is the noise variance

in the transition period.
Performance evaluation

Given a test dataset covering /,, batches, a root mean square
error (RMSE) criterion can be used to assess the performance
of the method at each time point of the batch process.

ey flv, = 9

Iie

RMSE (k¢) = 41)
where k¢ = 1,2, K. y;, i = 1,2,---,],, is the real measured
value for each test batch, and §%¢ is the predicted value for test
batch i at time point kc.

Another performance index is the batch prediction var-
iance (BPV), which can be defined to evaluate the variation
of the predicted results for each batch.

Table 1. Variables Selected for Process Monitoring

No. Variables Unit
1 Valve | opening %
2 Valve 2 opening %
3 Screw stroke Mm
4 Screw velocity Mm/s
5 Ejector stroke Mm
6 Mold stroke Mm
7 Mold velocity Mm/s
8 Injection press Bar
9 Temperature 3 -

10 Temperature 2 -
11 Temperature 1 -

AIChE Journal June 2012 Vol. 58, No. 6
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Table 2. Phase Division Results of the Injection Molding
Process

Transition Periods  Time Points  Steady Phases  Time Points

Transition periodl 1-18

Steady phase 1 19-117
Transition period2 118-119

Steady phase 2 120-367
Transition period3 368-369

Steady phase 3 370-609
Transition period4 610-635

1 & 1 & ’
BPV() = 23570 = |2 > 5,0 @)
k=1 k=1

where i = 1,2,---I,,, and k = 1,2,---, K. Similarly, a phase/
period prediction variance (PPV) can be defined as

KS( KS( 2
N I~
PPVL() = 2> 50) — | 5,0
k=1 k=1
, @

tr r
Kr KI

PPV, (i) = Il(; 2 (k) — ;; y:(k)

where s = 1,2,---,5, and t = 1,2,---,T. These indices can be used
to evaluate the prediction variations in each of the steady
phase and transition period, and also among batches.
Compared to the steady phases, the prediction variation may
be more significant in the transition periods. This is because
the data in the transition period varies more making the model
uncertainty also more significant.

Figure 1 presents a summary description of the pro-
posed nonlinear quality prediction and process analysis
method.

Further discussions

In the present work, we have previously assumed that the
batch process has already been divided into different steady
phases and transition periods. Although several efficient
phase division methods have been developed in the past
years, this is still an open question, thus needs further inves-
tigations. Particularly, when the termination times of differ-
ent batches are varying, it is a challenge to divide the
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Figure 2. Quality prediction of different methods.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary. com.]
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[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

process into different phases, and the duration time of each
phase is also very difficult to determine. Also, how to
incorporate the nonlinear data behavior for phase division
in the batch process is another research issue, which may
improve the phase division result, especially when the non-
linearities of phases/transition periods are different from
each other.

An injection molding example

Injection molding is a common multiphase batch process.
Its operation phases might be defined as injection, packing-
holding, plastication and cooling. The weight of the final
product might be selected as the key quality variable. Online
process measurements commonly include temperatures, pres-
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Figure 4. Quality predictions for two test batches, (a)
First batch; (b) Second batch.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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sures and the screw velocity. Some typical values from
bench scale molding experiments are tabulated in Table 1.
A detailed description of the equipment and the experimental
design can be found in reference.'® A dataset covering 150
batches has been collected, among which 100 batches were
used for model training and the other 50 for testing. Each
batch had 635 sampling time points. Based on the repeatabil-
ity factors, the process was divided into 3 steady and 4 tran-
sition periods, as shown in Table 2.

A linear or nonlinear prediction model was developed for
each phase and period. For each steady phase a PLS model
with 4 latent variables was constructed. In each transition
period the representative RVM model had a kernel parameter
of 5.5. Three methods for evaluating the quality predictions
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Figure 5. End of phase quality predictions for two test
batches, (a) First batch; (b) Second batch.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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were compared. In the first method, each of the steady
phases and transition periods was modeled with a linear PLS
model, and the phase prediction results were combined
through the linear PLS model to the phase level. In the sec-
ond method, an RVM model was used for modeling each
transition period, and the phase prediction results were com-

bined through a linear PLS model. The nonlinear informa-
tion in the transition periods was better represented by this
second method, and that improved quality prediction per-
formance. In the third method, the modeling approaches for
the steady phases and transition periods were the same as in
the second method, but the phase combination model was a
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nonlinear model. This further improved the quality predic-
tion performance. These three methods are termed the PLS-
PLS, PLS-RVM-PLS, and PLS-RVM-RVM approaches.

The RMSE values for the test batches using these three
methods are presented in Figure 2. The results with the PLS-
RVM-RVM method were consistently the best. Quality pre-
diction in each transition period was particularly improved
compared to the linear PLS method, detailed results of
which are provided in Figure 3. The performance has been
enhanced through the nonlinear combination of the predic-
tion results for different operational phases. In the first tran-
sition period, the prediction results of the PLS-RVM-RVM
and PLS-RVM-PLS methods are the same because there was
no results combination in this period. Figure 4 compares the
prediction results of the three methods for two test batches
together with the measured values for comparison. The non-
linear method clearly gave more accurate predictions than
the linear method. Detailed prediction results at the ends of
different steady and transition phases/periods are shown in
Figure 5, and again the nonlinear treatment produced the
best results for both batches.

To determine the importance of each phase, the phase
contribution index for each phase and period was calculated.
The mean values for the training and test batches are given
in Figures 6a, b, respectively. Both figures suggest that the
first, fourth and final phases/periods were the most important
for quality. The first and last of these are transition periods,
while the fourth one corresponds to a steady phase. Transi-
tion periods apparently have an important impact on the var-
iation of product quality. Next, the importance of each pro-
cess variable in each phase and period was evaluated using
the variable contribution index. The key results are presented
in Figure 7. Clearly the sixth process variable (Table 1), the
mold stroke, is a key variable common to all four transition
periods. Similarly, in the three steady phases, a common key
variable is the fifth variable in Table 1, the ejector stroke.

Finally, the quality prediction uncertainty and variation were
evaluated using the uncertainty and the variance indices previ-
ously defined. Figure 8 shows the mean values of the predic-

Table 3. Batch Prediction Variance of Different Methods for
the Testing Dataset

Methods PLS-PLS PLS-RVM-PLS PLS-RVM-RVM
BPV 7.9086¢-006 9.8092e-006 6.0172e-006
1786 DOIT 10.1002/aic Published on behalf of the AIChE

Table 4. Phase Prediction Variance of Different Methods for
the Testing Dataset

Methods/
Phases 1 2 3 4 5 6 7
PLS-PLS  0.0914 0.0097 0.0007 0.0001 0.0055 0.0089 0.0251

PLS-RVM- 0.1023 0.0051 0.0021 0.0011 0.0001 0.0037 0.0350
PLS

PLS-RVM- 0.1023 0.0003 0.0080 0.0017 0.0001 0.0027 0.0804
RVM

tion uncertainty index for all of the test batches plotted against
time. The uncertainty of the transition periods is clearly much
more significant than that of the steady phases. However, the
prediction uncertainties in the previous phases/periods are
accumulated in the phase combination step, so the uncertainty
increases slightly in the late phases/periods. The batch predic-
tion variances of the three methods are given in Table 3,
where the nonlinear method shows the smallest prediction var-
iance. The detailed phase prediction variances of the three
methods are tabulated in Table 4. Compared to the results in
steady phases, the prediction variances in transition periods are
much bigger, especially in the first and last transition periods.
Variation in the prediction results is more significant in the
transition periods than in the steady phases. Still, the prediction
variation of the PLS-RVM-RVM method is much smaller than
those of the other methods.

Conclusions

In this study an RVM model has been adapted for nonlin-
ear quality prediction with multiphase batch processes. Com-
pared to phase-based PLS prediction models, nonlinear
regression modeling improves quality prediction perform-
ance. Introduction of a series of nonlinear accumulative
regression models for combining the results of different
phases of the process further improves the prediction accu-
racy. To evaluate the importance of each phase for quality, a
phase contribution index has been defined. Similarly, a vari-
able contribution index has been proposed to identify the
key variables in each steady and transition phase of the pro-
cess. When applied to injection molding data, the nonlinear
methods improved the quality prediction performance, but
also our understanding of the injection molding process.
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