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Typically, the operation condition of the batch process is changed frequently, following different recipes or manufacturing
various production grades. For quality prediction purpose, the prediction model should also be updated or rebuilt, which
leads to a significant model maintenance effort, especially for those processes which have various phases. To reduce such
effort, a maintenance-free method is proposed in this article, which incorporates the setting information of the batch
process for modeling. The whole process variations are separated into two parts: setting information related and other
quality related variations. By constructing a relationship between setting variables and other process variables, the data
variations explained by the setting information can be efficiently removed. Then, a robust regression model connecting
process variables to the quality variable is developed in different phases of the batch process. The feasibility and
effectiveness of the proposed method is evaluated through an industrial injection molding process. © 2012 American

Institute of Chemical Engineers AIChE J, 59: 772-779, 2013
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Introduction

With the increased requirements of producing low volume
and high value-added products, batch processes have played
an important role in modern industrial manufacturing proc-
esses. Particularly, in the past years, data-based modeling
methods such as multivariate statistic analysis methods have
been widely used for batch process monitoring and quality
prediction, such as multiway principal component analysis
(PCA), multiway partial least squares (PLS), and multiway
independent component analysis.'"~’ Later, for those batch
processes which have multiple phases, the traditional model-
ing methods have been successfully extended to phase-based
approaches, based on which various monitoring and quality
prediction methods have also been developed.g_20

To our best knowledge, however, most existing methods
for quality prediction have assumed that the batch process is
operated under a stable condition. In practice, the operation
condition of batch process often changes, such as the load of
raw materials, product grade transitions, catalyst deactiva-
tion, seasonal effects, equipment aging, and so forth.
Because of these changes, if the prediction model remains
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unchanged, the quality prediction performance will be deter-
iorated under those operation regions which have not been
incorporated for modeling. Therefore, it is necessary to
maintain the model adaptively to track the condition change
of the process.

In the past years, adaptive modeling approaches have
been developed to handle the time-varying behavior of the
process, such as recursive and adaptive PCA, recursive
PLS, moving window-based PCA and PLS, Exponentially
weighted moving average-based PCA, and so on.”'>® For
processes with multiple operation modes, the model library-
based method has been developed. In each of the operation
mode, a corresponding model was developed for process
monitoring.”’~° Recently, the local model-based approach
has been developed, which are trained on a partition of the
historical dataset, corresponding to a particular region of
the process.m*36 Based on those local models, both of the
time-varying and operation mode change behaviors can be
well addressed. However, the adaptive method is often car-
ried out blindly, which means that continuous updating is
performed whether a process change has been identified.
Besides, there is also a risk that the adaptive model will be
accommodated to faulty process conditions if some abnor-
mal data samples have been used for model updating. A
common drawback of the model library based method and
the local model based approach is due to their limitation
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for new process changes. This is because their models are
both built on existing operation regions. Therefore, both of
these two methods are not able to provide a satisfactory
modeling performance.

It can be noticed that to track the change of the process,
all of the existing methods need long-term periodical mainte-
nance of the model. Although it is easy for those processes
which have a short running time, some other processes may
have a complex operation procedure and the model updating
is computational expensive. Therefore, to minimize the effort
of long-term model maintenance, it will be very useful if the
quality prediction model is robust to the change of the pro-
cess. Kano et al.’’ developed an external analysis method
for monitoring processes with various changes, which was
later extended to the nonlinear case by Ge et al.*® In this
method, the whole set of process variables were divided into
two classes: external variables (which are related to the
change of the process) and main variables. By removing
the influence of the external variables on the main variables,
the model was constructed upon the residual information
of the main variables, which is robust to the change in the
process. However, for most industrial processes, it is difficult
to identify the external variables, especially when the change
of the process is complex and subjected to many variables.
Furthermore, this external analysis method only considered
the data information of ordinary process variables, the
quality information has not been incorporated.

In batch processes, typically, most production grade transi-
tions or characteristic changes of different batches are sub-
jected to process/recipe settings, which are very easy to
obtain and identify. In other words, the setting information
of the batch process is the key ingredient to manipulate the
change of different batches/products. If the setting informa-
tion can be incorporated for quality modeling, a robust
model can be developed. In this case, the whole variation of
the batch process can be separated into two parts: (1) those
controlled or explained by the setting information; (2) other
variations. Therefore, if the part explained by the setting in-
formation is removed from the data variation, the quality
prediction model can be constructed between the remaining
variation of the measured process variables and the quality
variables, which is robust to the change of the batch condi-
tions.

The remainder of this article is organized as follows. In
“Methodology™ Section, a detailed demonstration of the pro-
posed method is provided, followed by an industrial case
study of the injection molding process. Finally, conclusions
are made.

Methodology

In this section, the detailed description of the mainte-
nance-free quality modeling method is provided. First, the
setting information of the batch process is incorporated for
quality modeling, based on which a robust relationship
between the process variables and the quality variable can
be built. Second, based on this robust modeling method, a
maintenance-free quality prediction model is built and
applied in multiphase batch processes.

Incorporating setting information for robust modeling

In batch processes, the setting information is always
reloaded when the operation condition or the production
grade changes. With the incorporation of the setting informa-
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Figure 1. lllustration of the robust modeling method.

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

tion for process modeling, the variation of the whole meas-
ured data information can be partitioned into two parts: set-
ting information explained and unexplained parts. By con-
structing a relationship between the setting information and
process variables, the data variations which explained by the
setting information can be efficiently removed. Therefore,
the rest data variation is not sensitive to changes of the
batch process. This robust modeling method is illustrated in
Figure 1.

Representing the data matrix of the process variable as X,
and the setting data information as S. According to the ro-
bust modeling method, to remove the data variation
explained by the setting information, a regression model is
intended to be built between process and setting variables.
Generally, various regression analysis tools can be used,
such as (partial) least squares model, principal component
regression model, artificial neural network, support vector
regression model, among others.

Maintenance-free quality prediction model for
multiphase batch processes

In the present article, the robust method is used for qual-
ity modeling of multiphase batch processes. Precisely, a
maintenance-free model is developed for quality prediction
purpose in each phase of the batch process. Therefore, de-
spite of the operation condition change of the process, the
quality prediction model updating is not desired. Instead,
we only need to remove the data variation which is
explained by the setting variables from the process varia-
bles, and then use the quality prediction model in each
phase of the batch process.

Beforehand, it is assumed that the batch process has al-
ready been divided into different phases. Although this issue
is important in multiphase quality prediction, it is not the
main focus of the present work. Given the three-way batch
process dataset X(I x J x K), the setting variable dataset
S x Jg x K), and the corresponding quality dataset Y(/ x
Jy), where [ is the number of batches, J, J,, and J, are num-
bers of process, setting and quality variables, and the
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duration of each batch is K. Through the batch direction, the
three-way data matrices can be unfolded into two-dimen-

X1 x JKy) X5(I) x JKy)
X3 (I, x JK1) X3(I, x JKy)

X(I x JK) =
LXS (Ie x JKy) XS (Ic x JKy)
TSI x JKy) Sy(I) x JK)
S3(I x JKy) Si(Ih x J,K)

S(I x JK) =

where we have assumed that /., ¢ = 1,2, --- ,C batches are
obtained under each operation condition of the batch pro-
cess, hence, 2521 I. =1, ph = 1,2, -+ ,Ph is the phase num-
ber. Based on the robust modeling method, a simply least
squares regression model is used to build the relationship
between the process variables and the setting variables in
each time slice of the batch process, which is given as fol-
lows
R, = (SIS 'SIXy, k=1,2--- K 5)
Therefore, the data variation of the process variables can be
partitioned into two parts

X; = X + X; = RIS, + X, (6)

where X = R,ZS;< corresponds to the variation part which is
explained by the setting variables, and X, is the unexplained
data variation, which is not sensitive to the process change any
more.

Therefore, after the nonsensitive data variation information
of each time slice has been separated, the relationship
between X, and the quality data Y € R’ * 7 y can be modeled
by the PLS model, which is given as®
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sional (2-D) data matrices X(/ x JK), and S(I x Js K). Sup-
pose, the whole batch process has been divided into Ph
phases, X(/ x JK) and S(I x Js K) can be further partitioned
as follows

X(I X.]K) = [Xl(l XJK]) Xz([ XJKQ) Xph(l XJKP;,)}

(1
S(I X JSK) = [S]([ X JsKl) S2(1 X Jus) s Sph(l X JSKph)]
)
where K, K»,---, Kp;, are the numbers of time slices in different

phases

Suppose, the batch process has various operation condi-
tions or producing various production grades, the 2-D pro-
cess and setting variable matrices can be further extended as
follows

Xpy (I X JKpy) ]
Xl%’h(lz X JKPh)

¢ : 3
X¢, (I % JK ) : (3)

XS§,(Ic < JKpy,) |

Spi(I1 X JiKpn) ]
S%h(lg X JSKP],)

c . 4
Sph(](' X J[(ph) . ( )

SC,(Ic x JKpp)

Xk = TkPIZ- + E;
Y =UQ! +F, (7
R} = W, (P{W,)'Q,

where k = 1,2, -+ K, P, and Qy are the loading matrices, T
and U, are the latent variable matrices, E; and F; are the
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Figure 3. A general data-based modeling and applica-
tion framework with incorporation of setting
information.
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Figure 4. Simplified schematic flowchart of the injec-
tion molding machine.10.

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

residual matrices, W is the weighting matrix of each PLS
model, and Rf™S is the regression matrix for the PLS model.

T T T
[Snew‘l Shew2 T Snewﬁkc]
T T T
[SﬂeWJ([‘Fl Shewk 42 Snew,k('}
Snew,kc =
[sT st
new K+ +Kpp-1+1 “new,Ky+-+Kpjy-1+2
T T T
[XnewJ Xnew,Z Xnew,kt:]
T T T
[Xnew,K1+1 Xnew.K1 +2 xnew]cc}
Xnew,kc =
[x" x!
new, K +-+Kpp_1+1  “new K +-+Kpj_1+2
T —-1QT
RnewAkc = (Snewﬁk(-snew,k(') Snew7kc-Xnew,kc'

A~ ~ T ~
Xnew,kc = Xnew k¢ + Xnew ke = Rnewykcsnew,kc + Xnew ke

As a result, the unexplained part of the new data informa-
tion Xjew 1o 1S TObUst to the change of the process. In the sec-
ond step, the PLS regression model is used for calculating
the prediction value based on the new data sample, which is
given as

ynew"kc = RII:;]:STinew‘kc (10)
where “ph” represents the current phase which the new data
sample belongs to.

Detailed multiphase modeling and online quality predic-
tion algorithms are illustrated in Figure 2.

Remarks and discussions

With the incorporation of the setting information in the
batch process, a robust regression model has been con-
structed for quality prediction in different phases. As a
result, when the operation condition of the batch process has
been changed, based on the robust model, the relationship
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Finally, the representative PLS model in each phase of the
batch process can be constructed, the regression matrix of
which is determined as follows

S 1 & S

PL. PL

RIP= > K ®)
P k=K1 +1

where Kp;, Ph = 1,2, -+ ,Ph is the number of time slices in

each phase of the batch process.

Online quality prediction algorithm for new batches

Based on the developed maintenance-free model, an
online quality prediction algorithm is formulated here. Given
a new batch with its data information up to the kcth time
point, and denote the process and setting variable vectors as
Xnew.ke aNd Spew o~ In the first step, the influence of the set-
ting variables on the process variables should be removed.
Therefore, a least squares model between the process data
and setting data is built, based on which and the variation of
the new data sample can be partitioned into two parts, which
are given as follows

1§kC§K|
Ki+1<ke<K|+K,

Ph—1 Ph
st ] Z Ki+1<ke< K;
i=1 i

i=1

new,kc
1 S ke S K]
Ki+1<ke <K +K,

Ph—1 Ph
Xnew k) Zl Ki+1<ke<S K
P

i=1

©)

between the process variables which are uncorrelated with
the setting information and the quality variables remains sta-
ble. Therefore, the change of process condition will have lit-
tle impact on the quality prediction performance. Compared
to existing quality prediction models, the proposed method is
particularly useful when the change of the batch process is
new and has not been incorporated for modeling. However,
if an abnormal change of the batch process has been

Table 1. Select Variables for Quality Prediction

No. Process Variables ~ Unit  No. Setting Variables  Unit
1 Valve 1 % 1 Temperature 1 °C
2 Valve 2 % 2 Temperature 2 °C
3 Screw stroke Mm 3 Temperature 3 °C
4 Screw velocity Mm/s

5 Ejector stroke Mm

6 Mold stroke Mm

7 Mold velocity Mm/s

8 Injection press Bar
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Figure 5. The characteristics of the three setting varia-
bles under base operation condition.

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

included, the model may be adapted to some fault which is
not expected in the process. A promising method has been
developed to avoid adapting abnormal changes of the pro-
cess in Wang et al.’® Besides, incorporations of available
process knowledge and experiences of experts are also useful
to address this problem.

Although most prediction models need to update their
model parameters or even reconstruct the whole model struc-
ture, the new method remains unchanged under different
operation conditions, thus is maintenance-free. However, for
compromise, the online implementation of the proposed
method is a little more complicated, this is because an addi-
tional relationship between the setting information and the
measured data information should be built before the main
quality prediction procedure. However, compared to the peri-
odical maintenance of the prediction model, this online
implementation step is much easier, and also computational
inexpensive.

For simplicity, we have used the ordinary least squares
model to characterize the relationship between setting varia-
bles and the measured process variables. In general, how-
ever, this model can be extended to other forms, for exam-
ple, some nonlinear models such as artificial neural net-
works, support vector regression models, some dynamic
modeling approaches such as time series models, state-space
identification models, and so forth. Similarly, the robust
regression model between the residual process variations and
the quality data can also be extended to other cases, which
always depends on the proper data characteristic of the pro-
cess.

Although the main work of this study is focused on qual-
ity prediction of the multiphase batch process, this setting in-
formation incorporation idea is actually a general modeling
method. Therefore, it can also be used for other purposes,
such as data-based process monitoring, control of processes
with various operation conditions. Besides, the setting infor-
mation is always related to the set-points of various control-
lers in the batch process. If a proper relationship can be built
between the setting information and inputs/outputs of the
controllers, the operation performance of each controller can
be monitored, and the disabled controllers can thus be sepa-
rated from the process. A general setting information incor-
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Figure 6. The characteristics of the three setting varia-
bles under new operation condition.

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

porated modeling and application framework is demonstrated
in Figure 3, which is purely data-driven.

lllustrations and Results

In this section, the performance of the proposed method
is evaluated through an industrial injection molding pro-
cess, which is a typical multiphase batch process. A simpli-
fied flowchart of a reciprocating-screw injection molding
process is shown in Figure 4. To produce various products,
the operation condition of this process is required to change
frequently. In this process, the weight of the final product
is regarded as the quality variable. For prediction of this
quality variable, some online measured process variables
are used, such as temperatures, pressures, and the screw ve-
locity, all of which are tabulated in Table 1. The setting in-
formation of this process is represented by three tempera-
tures, which are also listed in Table 1. Figure 5 shows the
detailed information of three setting variables, it can be
seen that the setting values of these three variables are
changed with phases. With the changes of these three set-
ting variables, the relationships among different process
variables could be changed significantly. In this case, if the
influence of setting variables has not been removed, the
quality prediction model should be rebuilt or adapted to
include the new patter of the process. However, with the
separation of the three setting variables, a stable relation-
ship among different process variables can be extracted. As
a result, periodical maintenance of the quality prediction
model can be eliminated. More detailed description and ex-
perimental design of the injection molding process can be
found in Ref. 10.

A dataset which contains 115 batches has been collected in
the injection molding process, among which 100 batches are
used for model training and the rest 15 batches are for testing.
The duration of each batch is 635 sampling points. Based on
the phase division method, this process can be divided into
seven different phases, detailed phase division results are
given in Table 2. When the process condition has been
changed, another 15 batches are collected, which are repre-
sented as the new batches and also used for testing purpose.
In the new operation condition, the characteristics of the three
setting variables are given in Figure 6. Therefore, we have

Table 2. Phase Division Results of the Injection Molding Process

Phases numbers 1# 2# 3# 4# S# o# TH#
Time intervals 1-18 19-117 118-119 120-367 368-369 370-609 610-635
776 DOI 10.1002/aic Published on behalf of the AIChE March 2013 Vol. 59, No. 3 AIChE Journal
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Figure 7. RMSE values of the two methods for the
whole testing batches.

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

100 batches which are collected under the base operation con-
dition for modeling training, and other 30 batches generated
under two different operation conditions (known condition
and new condition) for performance evaluation.

To develop the maintenance-free quality prediction model
in each phase of the process, the least squares model is used
to remove the explained variations of the setting variables
on the process variables. In the second step, the PLS model
is developed between the residual data information of the
process variables and the quality variable in each phase. For
comparison, the conventional phase-based PLS based quality
prediction model is also constructed. The numbers of latent
variables are selected as 4 in both of the two PLS models.
To be clear, the two methods are named as maintenance-free
partial least squares (MFPLS) and PLS in this article.

RMSE

Sam%oi}ing Time = o o

Figure 9. RMSE values of the two methods for testing
batches under known and new operation
conditions, (a) known operation condition; (b)
new operation condition.

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

For quality prediction performance evaluation of these two
methods, the root-mean-square error (RMSE) index is
defined as follow

1
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Figure 8. Data characteristics of process variables in the first phase, (a) base operation condition; (b) new opera-

tion condition.

[Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]
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Table 3. Prediction Results of Two Methods

End-of-phases 1# 2# 3# 4# S5# 6 T#

Overall MFPLS 0.0640 0.0581 0.0539 0.0504 0.0544 0.0539 0.0604
PLS 0.0493 0.1095 0.2038 0.2352 0.2737 0.1871 0.0783
Known operation condition MFPLS 0.0242 0.0264 0.0239 0.0234 0.0240 0.0238 0.0288
PLS 0.0197 0.0235 0.0220 0.0208 0.0229 0.0216 0.0245
New operation condition MFPLS 0.0873 0.0779 0.0724 0.0673 0.0731 0.0724 0.0804
PLS 0.0668 0.1530 0.2873 0.3320 0.3863 0.2637 0.1079

I since the corresponding RMSE values are much bigger than

RMSE(kc) = i ’yi — (an that in the previous operation condition. However, based on

I the MFPLS model, the influence of the operation condition

where /. is the number of testing batches, kc = 1,2,---, K, y;,
=12, -, I is the measured value of each testing batch, and
yf" is the predicted value of the testing batch i at time point kc.

After all of the 30 testing batches have been evaluated,
the overall RMSE values of the two methods during the
whole batch time are shown in Figure 7. It can be seen that
the MFPLS model performs much better than the traditional
PLS model in almost all time intervals of the batch. The
PLS model only show a little superiority in the first phase.
This may due to the fact that in the first phase the change of
the operation condition has little impact on the process varia-
bles, which can be seen in Figure 8. When the setting varia-
bles of the process have been changed, most process varia-
bles in the first phase remain similar. To examine the quality
prediction performance the two methods under the known
and new operation conditions of the batch process, the
RMSE values are calculated separately, both of which are
given in Figure 9. As been expected, the prediction perform-
ances of the two methods are comparative for testing batches
collected under the operation condition based on which the
models are constructed. In contrast, when the process was
changed to the new operation condition, the performance of
the traditional PLS model has been seriously deteriorated,

(b)més T T T T

= Measured

- i, A o

= ‘ ) Wy . o w0 w0

Sampling Time

Figure 10. Quality prediction results of two particular
testing batches, (a) under known operation
condition; (b) under new operation condi-
tion.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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change can be efficiently reduced. As can be seen from Fig-
ure 9b, the quality prediction performance of the testing
batches under the new operation condition has been greatly
improved by the MFPLS model. Particularly, at the end of
each operation phase, the RMSE values of the two methods
are given in Table 3. Detailed prediction results of two test-
ing batches are provided in Figure 10, where the first batch
is from the known operation condition of the process, and
the second one belongs to the new operation condition.
Compared to the first batch, the MFPLS model has made a
more significant improvement for the second testing batch.

Finally, the computational effort of the new method is
evaluated and compared with the traditional PLS model. In
the current example, only three operation modes have been
used. If the same size of the modeling dataset is used in
both methods, the computational effort can be saved around
20%. However, with the incorporation of more and more
datasets in different operation conditions, the offline model-
ing effort can be saved significantly. In contrast, as discussed
in “Remarks and discussions” Section, the computational
effort of online quality prediction will be slightly increased
in the new developed method, due to the calculation of the
relationship between setting variables and process variables.
Running on the same laptop, the online computation times
of the two methods are 1.8408 s and 1.2496 s for the current
example.

Conclusions

In the present article, a maintenance-free model has been
developed for quality prediction of multiphase batch proc-
esses. The main feature of this method is the incorporation
of the setting information for modeling. This is due to the
fact that most changes of the batch process are subjected to
the change of the setting information. Based on the devel-
oped model, the variation part explained by the setting varia-
bles can be significantly removed from the whole data varia-
tion that related to the final product quality. As a result, a
robust regression model has been constructed for quality pre-
diction in each phase of the batch process. The main advant-
age of the proposed method is that the prediction model
does not need to be rebuilt or updated when the operation
condition of the process is changed. Therefore, for those
batch processes which have various phases and the operation
condition is changed frequently, the model maintenance
effort can be greatly cut by the proposed method.
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