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A new process analysis and quality prediction scheme is presented, based on phase-
specific average process trajectory, and is developed for the improvement of quality
prediction in multiphase batch processes. After the process trajectory is separated into
different phases, based on the different inherent process correlations relevant to qual-
ity, quality prediction is performed using average trajectory focusing on critical
phases. In this way, it explores the phase-specific cumulation effects of process varia-
bles on product quality with a simpler regression model. Then the critical-to-quality
phases are identified, and the online quality predicting algorithm is conducted corre-
spondingly during those critical phases. Moreover, to improve the estimation precision
of unknown data in each phase, the past batches are made use of, and the missing
observations are complemented by searching for the most similar process trajectory to
the current one. The applications of the proposed scheme to injection molding show its
effectiveness and feasibility. © 2008 American Institute of Chemical Engineers AICKE J, 54:
693-705, 2008
Keywords: quality prediction, phase-specific average trajectory, critical-to-quality
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Introduction

In order to meet the need of constantly changing market
situations, batch and semibatch processes play an important
role in most industries. This especially comes true in the
processes mainly involved in the production and processing
of low-volume and high-value-added products, including cer-
tain polymers, specialty chemicals, pharmaceuticals, bio-
chemicals, etc. Characterized by the precise sequencing and
automation of all phases in sequence, the objective of batch
processes is to achieve consistent and reproducible quality at
competitive prices within the finite duration. Rapidly chang-
ing market competition and demand for consistent and high-
quality products have spurred the development of quality-
related investigations for batch processes.
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Due to complicated nonlinear process behaviors, the ab-
sence of online quality measurements, and the redundancy
of high-dimensional correlated process variables, however,
online quality prediction and control in batch processes suffer
a lack of reproducibility from batch-to-batch variations. It is,
thus, necessary to make significant efforts for the develop-
ment of methods for quality prediction, allowing us to esti-
mate quality variables in a simpler, faster, but more accurate
way. Recently, multivariate statistical procedures for moni-
toring the progress of processes have been widely developed,
among which PCA' and PLS? are the most popular. Multi-
way principal component (MPCA), and multiway partial-least
squares (MPLS) modeling pioneered by Nomikos and Mac-
Gregor™* are applied in batch processes, to extract directly
useful underlying information from process measurements
with little prior process knowledge. Conventional MPLS
modeling uses process trajectories over the entire batch
course as the input to pick up those process variations that
are most predictive of the quality variables. Therefore, it
exposes such a concept that the final quality should depend
on the whole process trajectory, that is, the time cumulative
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effects of process behaviors on quality can be more explored.
However, when three-way batch data structure is unfolded
batch-wise into two-way form, the number of input predic-
tors in regression model dramatically increases with high-
autocorrelation and cross-correlation complexity. Although
MPLS is well-known as an effective data compression tech-
nique, one cannot expect superior feature extraction results
from such redundant data information, thus, deteriorating the
performance of quality prediction. In fact, the final product
quality is mainly directly determined by some critical time
regions during a batch cycle, and closely related with only a
small portion of process measurements.”> MPLS is ineffi-
cient in revealing the local time-specific effects of process
variables on the final quality. Recently, many works®® have
been reported focusing on the time-specific effects in process
interpretation and prediction. Duchesne and MacGregor’
proposed a new pathway multiblock PLS algorithm. They
incorporated information provided by intermediate quality
measurement to help in identifying the time-specific effects
of trajectory features on quality associated with stages of
operation in which different physical phenomena dominate.
However, for most industrial processes, online measurements
of intermediate quality are rarely available, which prevents
its further application. Bootstrapping-based generalized vari-
able selection of Chu et al.® can correctly extract quality-
related variables from typical “fat-type” unfolded batch data
with limited samples, and isolate the local effects of process
variables on the final quality. They extended PLS/MPLS
modeling for prediction improvement by focusing on the crit-
ical-to-quality time periods’ to enhance process interpretation
and analysis. Considering that multiplicity of phase is an in-
herent nature of many batch processes, and process variables
of different phases may have different effects on the final
product quality, a stage-based process analysis strategy has
been developed by Lu and Gao.”® In their method, the qual-
ity prediction is allowed to be conducted online at each sepa-
rate sampling time, which can get earlier quality prediction
without having to wait until the end of process operation.
The representative stage PLS model obtained from averaging
time-slice PLS models”® within the same stage, however,
overlooks the time-cumulative effects within the same phase.
In real multiphase batch processes, product quality tends to
be determined together by the operation state of the entire
critical phase rather than each separate sampling time. There-
fore, it is necessary to analyze the time accumulation phe-
nomenon in detail, and develop the corresponding quality
prediction algorithm.

In this article, a phase-based quality prediction modeling
method is developed for multiphase batch processes. Inher-
ited from the clustering algorithm by Lu et al.” the batch pro-
cess is automatically and properly divided into different
phases, revealing different process correlation characteristics.
Then in each phase, instead of modeling isolated at an indi-
vidual time point,7’8 the proposed method employs the phase-
representative average trajectory to reveal the phase-specific
cumulation effects of process variations on quality. To
improve the precision of future data estimation in each
phase, the past batch trajectories are made use of, and the
unknown observations are complemented by the most similar
batch trajectory through comparing the new current batch tra-
jectory with those in the history library. In this way, it effec-
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tively considers the process dynamics along time sensitive
enough to process variations. Moreover, the critical-to-quality
phases are identified, and then the online quality prediction
algorithm is developed correspondingly, focusing on the criti-
cal phases. The proposed process analysis and quality predic-
tion method can overcome many shortcomings of conven-
tional MPLS, and has the following advantage: By means of
phase-specific average trajectory, it allows one to conduct
detailed statistical process analysis focusing on each phase in
simpler regression model structure, which differs from the
redundant “fat” form of batch-wise unfolding in conven-
tional MPLS modeling. Meanwhile, it covers the cumulation
correlations between process variables and quality from an
“overall” phase-specific perspective.

This article is organized as follows. First, the details of the
proposed method are described. Then, the effectiveness and
feasibility of the proposed predicting method are illustrated
by applying it to the injection molding. Finally, conclusions
are drawn in the last section.

Methodology
Multiway partial-least squares (MPLS)

MPLS is an extension of PLS to handle three-dimensional
(3-D) data arrays. In each batch run, assume that J variables
are measured at k = 1,2,...,K time instances throughout the
batch. Then vast amount process data collected from similar
I batches can be organized as a three-way array X (I X J X
K), and a corresponding quality variable Y vector of dimen-
sion / X 1. Here, it should be noted that in this article, we
shall treat only the case with univariate dependent variable;
for the multivariate case one just needs to treat each of
dependent variables separately. The relation between MPLS
and PLS is that MPLS is equivalent to performing ordinary
PLS on a large 2-D unfolded matrix. Batch-wise unfolding
has been widely used to analyze batch process data in many
previous studies. The idea of quality predicting based on
these data arrangement reveals that the final product quality
is determined together by the entire process operation trajec-
tory, and each operation time interval imposes different influ-
ences on the quality. In order to eliminate the influence of
nonlinearity and different measuring scale for further model-
ing analysis, the two-way unfolded matrix are mean centered
and scaled to unit variance. Then PLS can be performed as
follows!*!!

X(IXJK)=TP" +E, YIX1)=TQ"+F (1)

where T is given by

T(I X A) =XW(PTw)™! 2)

This decomposition summarizes and compresses the pro-
cess observations over the entire running duration into low-
dimensional space that is most relevant to the final product
quality. Each row of the score matrix T(I X A), corresponds
to a single batch and depicts the overall variability of this
batch cycle with respect to the other batches in the database.
P(JK X A) and W(JK X A), loading and weight matrices for
X(I X JK), respectively, summarize the process variations
and give the weights applied to obtain the t-score for that
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batch. O(1 X A), loading matrix for Y(I X 1), relates the pro-
cess variations with the final product quality. A is the
retained number of latent variables.

One major problem in the online predicting of quality
based on MPLS is that it assumes that the prediction rela-
tionship remains constant throughout the entire batch course,
without reflecting the dynamics of correlations between pro-
cess variables and quality along time evolving. Especially for
multiphase batch processes, it cannot reveal the common
phase-specific effects on quality. Moreover, one cannot
expect that the pivotal process information closely related to
the final quality can be extracted correctly enough from such
a redundant “fat” form of batch-wise unfolding, although
MPLS is a well-known data compression technique.

Modeling based on phase-specific average
process trajectory

Concept of phase division algorithm. In statistical analysis
for batch processes, the three-way array X(I X K X J) can
be rearranged into 2-D data structure X(/ X JK), using batch-
wise unfolding, where each row accounts for the process
variable trajectories of each batch throughout the entire run
duration. With this kind of unfolding, one can investigate the
variations over different batches. Moreover, such kind of
data rearrangement requires that the phases obtained from
different batches should be equal or should not change sig-
nificantly, so that the influence of uneven phases can be
neglected. However, if uneven-phase problem is serious, it
would be necessary to apply some data synchronization
methods to align process measurements prior. In this work,
our algorithm is developed for the batch processes, where the
phase duration is equal, or their difference is minor over
batches without special declaration, so that the specific pro-
cess time can be successfully used as an indicator to data
normalization, modeling and online quality predicting. The
means of each column are subtracted to approximately elimi-
nate the main nonlinearity due to the dynamic behaviors of
the process, and look at the deviation from the average tra-
jectory. Each variable is scaled to unit variance to handle dif-
ferent measurement units, thus, giving each equal weight.
Then the means and standard deviations are denoted with the
specific process time, which will be used in the latter data
normalization for online quality prediction.

As mentioned by Cenk Undey and Ali Cinar,"> when batch
process covers different phases due to operational or phe-
nomenological changes, the data structure should be carefully
analyzed to improve the precision of statistical modeling.
This can be done by developing local models based on
observations from each phase instead of the whole data from
the entire duration. Since each phase has its own underlying
characteristics, and a batch process can exhibit significantly
different effects on product quality over different phases it,
is, therefore, natural to develop phase-based statistical model-
ing methods to reflect the inherent phase nature relevant to
quality and improve the performance of quality prediction.
Using local models with proper division of phase has advan-
tages. It allows one to unveil the correlation structures that
exist in the process data specific to each phase, which might
not be possible by using the process data over the entire
cycle as the input. This will help us to discriminate local
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phase-specific effects of process variables on the final qual-
ity, where the regression models in critical-to-quality phases
will achieve better quality predicting result.

The key to the phase-based modeling strategy is to divide
a batch process into several phases by proper clustering of
process characteristics. However, generating more accurate
models depends on how precisely the phases are identified,
so that the data can be separated properly into different seg-
ments. Covariance structure changes, reflecting the changes
of process characteristics, and their different influences on
the quality performance, may be employed in the phase parti-
tion algorithm, as pointed out by our earlier work.® Load-
ing matrices of each time instance Py (J X J), obtained
by performing PLS algorithm on normalized data set
{Xe(I X J),Y(I X 1)}, instead of PCA, incline to reflect the
local process covariance information closely related to qual-
ity rather than that only between process variables. Then the
loading matrices derived from PLS analysis Pi( J X J), are
transformed into weighted forms after considering the impor-
tance of each column P j, which actually represent the pro-
cess correlation patterns at every time interval

Pi=[Pe1- 81 P2 82y Py - Sk
= Py - diag(gi.1,8k2;5 - 8kJ) 3)

where gi; = 4./ Z_Ll %, and % is exactly the variance of
the associated jth principal component at time k, which
indeed measures the variability of process features. Here, it
should be noted that 2} differs from the eigenvalue of covari-
ance matrix in PCA.

In the clustering algorithm, the modeling accuracy and
complexity depend on the specification of the clustering
threshold. A larger threshold results in fewer clusters and
more sampling points in each cluster, which contain stable
and sufficient process characteristics, but cannot more sensi-
tively unveil the correlations related with quality varying
over different patterns. In contrast, a smaller one generates
more clusters focusing on reflecting the evolvement of pro-
cess correlation dynamics from one phase to another. How-
ever, less samples in each class cannot provide enough pro-
cess operation information interrelated with quality in each
phase, and induce the lack of regression model robustness.
That is, larger threshold conforms to the capability of
extracting stable and sufficient phase characteristics from
each cluster, and smaller value corresponds to the required
ability to track the varying process dynamics between differ-
ent phases along time. In conclusion, the threshold value
should be determined by a tradeoff between the aforemen-
tioned two appealing abilities by trial and error. The effect
of threshold value on clustering result will be illustrated in
the latter simulation section.

Sometimes, in real industrial processes, one can get the
phase division information, based on abundant process
knowledge and experience when distinct phases are present
in a batch process. However, for those complex processes,
often the process knowledge is unavailable prior, and data-
driven statistical analysis, is, thus, commonly used where
phase information can be revealed from the process measure-
ment data. Under this circumstance, clustering is necessary
to automatically divide a process into several different time
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segments with different correlations with quality. Moreover,
obtained from the clustering result, the phase division does
not exactly have the same meanings as the physical operation
phases, since the clustering algorithm is carried out based on
the correlations between process measurements and quality
variable. In fact, if some prior process knowledge can be
obtained, they might assist the clustering result with the bet-
ter comprehension of phase division. For example, an indica-
tor variable,'> which provides phase completion information,
can help to jointly divide phases instead of only depending
on the clustering result.

In this work, the phase-based modeling begins with ana-
lyzing and clustering these weighted loading matrices Py. In
this way, those process variations that are more correlated
with the quality variables would be used, rather than all the
common behaviors in the process variables. Therefore, a pro-
cess duration may be classified into different phases along
time direction by conducting the phase clustering algorithm®
as shown in the Appendix, revealing different process corre-
lations with the final quality. Consequently, some strategy
should be developed to identify the critical phases, which
contribute significantly to the quality prediction.

Phase-specific average process trajectory

After phase division, representative two-way data sets
X (I X KJ) (K. is the phase duration), are naturally gener-
ated for different phases. Although the KJ unfolded variables
of the entire process have been reduced quantitatively to K.J
generalized variable measurements of the cth phase, how-
ever, they are still comparatively large and fat vs. the small
number of batches /. The developing trajectories of the same
process variables at different time within the same phase
may cause the regression model complex and confused, thus,
increasing the difficulty in data compression. As mentioned
before, MPLS is also inefficient in extracting the critical fea-
tures from such redundant candidate predictors.

According to the aforementioned, each observed process
variable should have similar correlations with quality within
the same phase. The regression parameters, containing the in-
formation of relationships between observed process varia-
bles and quality, should correspondingly bear phase-specific
nature, ie., show approximately similar regression relation-
ships within the same phase, and significant differences over
different phases. Moreover, quality attribute depends on the
whole operation performance within the same phase from an
overall viewpoint, rather than individual time interval. In
fact, process variables of every time slice should have certain
percent explanation and contribution to the response variable,
showing phase-specific accumulation phenomenon along
time, which provides reasonable basis for our proposed
approach. Here, the phase-specific average trajectory of pro-
cess variables X.(I X J), is utilized as the modeling input
instead of the direct unfolded data X.(/ X K.J), which can be
steadily obtained by averaging all the scaled measurements
slices Xy (I X J) belonging to the same phase ¢

X ) E:XkIXJ )

‘ kec

where K. is the number of samplings belonging to the cth
phase.
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According to the real industrial circumstances, the quality
tends to be settled with respect to the average level of pro-
cess operation. The accidental variation of individual time
cannot determine the final quality performance. For example,
in a specific batch process, some critical-to-quality variables
run at a lower level at the very beginning period of a certain
phase, and then ascend to a higher level in time, which make
up for the shortage of the variable’s function on the quality,
and, thus, the entire operation status keeps basically invaria-
ble at the phase-specific average level. In this case, the over-
all effects of the current phase on the quality deliver no sig-
nificant change, and, thus, the final quality might not depart
from its normal reproducibility. The use of average phase-
specific process trajectory superiorly reveals the inherent na-
ture of the aforementioned circumstances, thus, avoiding the
overfitting problem caused by only focusing on individual
time, and enhancing the generalization ability from the over-
all phase-specific aspect.

Moreover, the use of average process trajectory has advan-
tages over other methods in regression modeling. On the one
hand, it allows the conventional PLS model to be applied
directly to the simple two-way phase-specific input structure
X X J), rather than the fat unfolded array X.(I X KJ),
which overcomes the impact of data redundancy on the accu-
rate extraction of latent features. On the other hand, the
phase-representative regression relationship can be extracted
synthetically covering the accumulative effects of process
variations on quality along time progressing within the same
phase, and revealing the relative importance of each explana-
tory variable to the explained variable from an “overall”
phase-specific perspective. Moreover, based on the average
trajectory, it simplifies the identification of critical-to-quality
phases, which will be further clarified in the corresponding
subsection.

In each phase, we prepare the reference predictor dataset
X.(I X J), and the normalized response dataset Y (I X 1) after
data preprocessing. Then PLS algorithm performed on
{X.(I X J),Y(I X 1)} at each phase is formulated

X(IXJ)=TP[+E,  Y(IX1)=T.0l+F (5
where W.(J X A.), P.(J X A.) are, respectively, weighting
matrix and loading matrix for X.(I X J), Q(1 X A.), is load-
ing vector for Y(I X 1), A, is the retained number of latent
variables. The score vectors T, can be directly computed
from the input matrix X.(I X J), by the equation

T.(I X A.) = X.R. = X W (PTW,)™" (6)

Then the regression coefficients for the PLS model can be

summarized as

B.(J X 1) =R.Q! @)

The final phase-based PLS regression model for quality
prediction can be deduced as

Y(IX1)=X.-B.=X.-R.-Q =T.- Q" 8)

where Y. is the predicted quality value for the cth phase.
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In conclusion, the procedure for the proposed phase-based
modeling method is outlined as follows:

First, the three-way array X(/ X J X K) is unfolded into
number of time slices X (I X J). Then they are normalized
to be zero mean and unit variance, as well as the final qual-
ity variable. Consequently, PLS algorithm can be performed
on these normalized time-lice dataset {X;(I X J),Y(I X 1)}
to extract loading matrices P;, which inclines to reflect the
phase-specific process characteristics more relevant to quality
variation rather than the simplex process behaviors.

Second, weighted loading matrices P, are fed to the
phase clustering algorithm, so as to partition the process du-
ration into different phases. Then the data within the same
phase are collected together, resulting in a three-way data
structure X.(I X J X K_.) (K. is the time duration of the cth
phase). _

Third, phase-specific average trajectory X.(I X J) can be
easily obtained by Eq. 4 as the reference predictor variables.
Then PLS algorithm is performed on the predigested dataset
(Xc(I X J),Y(I X 1)), to extract the phase-representative
regression parameter matrices B.(J. X 1), R.(J X A.), and
0.(1 X A,) for the cth phase. Consequently, the realtime score
matrix Tj at each time can be correspondingly and_steadily
obtained by projecting the scaled time slice Xi(I X J)
(k=1,2,...K.) onto R.(J X A.), which will be used to
estimate the missing future measurements when online quality
predicting.

The phase-based PLS modeling scheme is shown in Fig-
ure 1.

Critical phases checking and process analysis

In conventional MPLS algorithm, the entire batch trajec-
tory is considered simultaneously in the regression model,
covering both key and insignificant information to quality
prediction. Thus, the performance of feature extraction will
be inevitably compromised by the redundant measurements
and further, quality prediction performance will be impacted
worse. If we can judge the key critical-to-quality phases prior
to modeling, the regression models can be greatly simplified,
and, thus, the spoiling influence of unimportant factors can
be removed. Therefore, it is reasonable to partition the pro-
cess into different phases, and identify those critical ones
based on some statistical index. Then quality prediction can
be performed by placing emphasis on the process analysis in
critical phases. Noncritical phases might not directly or sig-
nificantly influence the quality prediction, whose effects on
quality, however, can be reflected in the regression models
of critical phases due to the correlations between different
phases. Therefore, every phase-specific regression model,
which represents the prediction relationship in the current
phase, actually has impliedly included the effects of those
previous phases because of the interactions over phases.

To identify the critical phases, the predictive abilities of
the models should be compared. Generally, the quality pre-
dictive abilities of regression models in critical phases should
be higher than those in other phases. Thus, the nature of
checking critical-to-quality phases is to find regression mod-
els that provide superior quality prediction performance. Sev-
eral measures of a model’s ability to fit the relationships
between process measurements and product quality have
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Figure 1. Phase-based PLS modeling scheme for the
cth phase.

been introduced,'>'* such as R?, MSE, PRESS, and Adez,
which provide an estimation of the average deviation of the
model from the real data. Here, the sample squared multiple
correlation, namely, the coefficient of multiple determination,
is a natural candidate for deciding which model is best fitted,
so we will discuss the criterion first

SSR _ | i 0i = 3i)’

R=1-cx= 7 )
SSY Zi:l(yi -y

®

where y is the predicted quality at the ending of each phase.
SSR is the sum of squares of the prediction residuals, and
SSY is the sum of squares of the explained variables cor-
rected for the mean. Corresponding to each phase, there is a
value to measure the proportionate reduction of total varia-
tion Y in association with the use of the predictor set. Gener-
ally, R? ranges between 0 and 1. The larger R?, the better fit-
ness of the phase-specific PLS model. Normally, the regres-
sion model in critical-to-quality phase is more accurate and
reliable for the prediction of quality variable, so it should
have larger R% A value of R* approaching 1 denotes that
real quality measurement falls well on the fitted regression
surface. Thus, a phase-specific model with a higher R>
implies a critical-to-quality phase in which the regression
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model can fit the relationship between predictors and
response variable better. F-test'” can be used to qualify the
critical value of R*> with significance factor o (¢« = 0.01 or
0.05)

I-J—1/ R?
F=—7r"\lmp (19)

The critical values of R? can be conversely calculated by the
previous equation, where the critical values of F-statistic
with significance factor « = 0.01 or 0.05, can be found in
the statistical table of F-distribution. If R* of the cth phase is
larger than the critical value, the phase ¢ is defined as the
critical phase to the concerned quality. By Eqgs. 9 and 10, we
can check the distinct explanation abilities to quality over
different phases, and find those critical phases with pivotal
effects on quality prediction. The information is extremely
helpful for us to further understand the different phase-spe-
cific effects of process variables on the final quality, and es-
tablish the corresponding modeling and predicting guideline.
As we shall see, using only the criterion R?, one may not
find the best model in a general sense, since it is computed
only focusing on the calibration batches to estimate the mod-
el’s goodness of fit. The similar statistical criterion Q2, for
the predicted values from the test set, is defined the same as
in Eq. 9 to more appraise the generalized predictive perform-
ance of each phase-specific model. We may say that our
inferential model is reliable if it works well for a new sam-
ple. Usually R?, of a calibration set is larger than of a valida-
tion set, because calibration models can easily lead to overfit-
ting of the data. Here it should be noted that Q* more
focuses on the generalized predictive ability of the models
rather than just the fitting competency. Comparatively, the
previous two metrics, R? and QZ, respectively, make full use
of train and test data subsets, so that their effective combina-
tion can well quantify the model generalization capability
and prediction performance. In this way, it overcomes the
overfitting defect when only devoting one’s attention to the
prediction errors of train data set. Therefore, the critical
phases should also be determined based on both of the two
metrics. If and only if both R? and Q7 are above the critical
limits derived from F-test in linear regression, the corre-
sponding phase is deemed to be critical to quality.
Commonly, when the number of observations is sufficient,
the samples are split randomly into two parts: one used to
calibrate the model (i.e., estimate the parameter values), and
the other to validate the model (i.e., to test the predictive
performance). In general, it is often recommended to use
more data to calibrate than to validate; usually two-thirds to
one-third split of the sample. The latter set is sometimes
known as a holdout sample. After fitting the model using the
data from the calibration subset, we can get the regression
parameters, and then use them to calculate the predicted val-
ues for the observations in the holdout sample. Thus, we can
more assess the generalized predictive accuracy of the model
in the validation sample rather than the fitting ability in the
calibration sample. Moreover, if the data set is too small to
split the sample, an alternative is to use jackknife validation.
In addition, different process variables in critical phases
may have different effects on the quality variation. The
phase-specific regression coefficient B.(J/ X 1), explores the
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different explanation abilities of different process variables to
quality from an overall phase viewpoint. Generally, a larger
absolute value of regression parameter denotes that the pro-
cess variable is dominant in quality prediction. Meanwhile, a
negative value indicates that the predictor changes in the op-
posite trend to response variable. Through detailed analysis
of regression coefficients, one can clearly get the relation-
ships between the explanatory variables and the explained
variable from the prediction aspect.

Estimating missing measurements

Because the average of integrated phase-specific observa-
tions is required for prediction, it is inevitable to estimate the
missing process observations for online quality predicting,
since the current phase-specific measurements are not com-
plete until the end of the phase. Nomikos and Macgregor'®
have developed three approaches to anticipate the unknown
measurements: (1) fill the missing values with zero deviation;
(2) fill the missing values with current deviation, and (3) fill
the missing values using PCA projection. However, since the
dynamic process evolvement is not taken into account, it is
very difficult for the predicted trajectory to quickly catch up
with the real process operation, potentially yielding undesir-
able quality predicting results. To improve the data filling
performance, Cho and Kim'” developed a new method to
supplement the unknown part of the new batch, which makes
extensive use of the history batch trajectories. The current
monitored batch is compared with these reference trajectories
at the passed time, where the most similar one is chosen to
fulfill the unknown future data. In this way, the process
dynamic relationships are preserved properly, and, thus, the
process information can be clarified preferably. This method
entails calculation of the distance similarity between the cur-
rent evolving process and all history data at each time. How-
ever, in their method, the raw process variables are employed
to calculate the distance dissimilarity. Since the “similar tra-
jectory selection” method is a distance-based technique, it is
easily susceptible to outliers and noise in the data. Moreover,
for MPLS, the estimation of future measurements may bear a
larger inaccuracy, especially during the initial period,
because at that time most measurements are unknown. There-
fore, large quantities of estimated data will distort the real
process operation information, leading to poor quality pre-
dicting performance during the initial period of a batch. In
addition, without distinguishing the different phase-specific
behaviors, the distance calculation tends to be unable to
reflect the similarity between new batch and reference
batches reliably enough. The proper division of phases and
checking of critical phases enable the complement of missing
future data to be implemented, focusing on each critical
phase, which can reduce the amount of unavailable data to
be anticipated, and, meanwhile, take into account the phase-
specific characteristics. Considering that the estimation accu-
racy of the missing part of the new batch is vital to the per-
formance of quality prediction, it is significant to fulfill the
current batch with dynamic trajectory sensitive enough to
operation variation. The problem of unsatisfactory quality
anticipating results, caused by poor unknown data estimation,
can be overcome by tracking the dynamic pattern of the new
batch. Despite increased computational load, the accurate
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estimation of unknown data enhances the reliability of the
quality predicting results. Thus, the calculation burden and
time consumption is deserved.

In this work, the missing observation supplement proce-
dure is performed based on the distance similarity calcula-
tion, whose basic idea roots in the initial algorithm by Cho
and Kim,'” and further developed to be fit for our application
situation. In our data estimation procedure, the distance simi-
larity between the current new batch and the past batch tra-
jectories are calculated based on the latent scores rather than
the raw process variables. In this way, the outliers and noise
consisting in process measurements are filtered, and, thus,
the critical process features are emphasized. Moreover, the
realtime average critical feature trajectories are employed in
the distance calculation as the basis unit rather than raw sam-
pling at each time.

As mentioned in the outline of the modeling procedure,
the corresponding score matrix T}, at each time for history
batches have been steadily obtained by projecting time slice
X (I X J)(k=1,2,...K.) onto R.(J X A.), which represents
most of the important process information relevant to the
quality variation along time direction within each phase.
First, for each time slice score matrix T(I X A,), it is neces-
sary to consider the different importance of each principal
component Ty (I X 1), and give them different weights

Ty = (Ter - 81> Thz - 82y - Tea, - 8ka,s)
=Ty - diag(gu1,8k2, - - - 8kA,) (11)

where g;; = )Lk/ Z/ 1 Ak and A,\ is the variance of the associ-
ated jth principal component at each time k.

During the operation of each critical phase ¢, the weighted
score row vector #i(1 X A.)(i =1,2,...,1) covers the criti-
cal feature at time k. Then the corresponding average value
of weighted scores up to the current time k from the begin-
ning of the critical phase for all history batches t};, are calcu-
lated and stored in the history library

il XA)= 12" (1XA.) (12)

kec

where superscript i denotes batch, and subscript £ and c¢
denote time and phase, respectively. K, is the starting time
of phase c. Consequently, the real-time synthetical process
variation information closely related with the final quality is
represented naturally by #, corresponding to each batch. So
the history data library is built as the candidate trajectories to
fill the incomplete new batch.

For the coming new batch, up to the current time k, pro-
cess time is employed to check the location of new measure-
ment x;°¥, so as to normalize the measurement adopting the
corresponding mean and standard variance obtained from the
modeling procedure. Moreover, process time can be used to
identify phase completion, so as to check which phase-spe-
cific should be utilized to calculate the real-time score #°.
Then the weighted score t"e“’, can be readily obtained using
Eq. 11. From Eq. 8, it can be revealed that for the new
batch, the quality prediction performance depends directly on
the credibility of average phase-specific score. Considering
that the online quality prediction is conducted, based on
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regression models established, and based on phase-average
process trajectory, therefore, the objective of data estimation
is to anticipate the future observations in such a way that the
obtained phase-specific average score at time &, £;7", should
be as close as possible to those that would have been com-
puted, based on the real complete phase measurements. The
real-time average form r"e“’, can be calculated using Eq. 12
to reveal the critical feature derived from the new process
trajectory up to the current time k. Therefore, the dissimilar-
ity distance between history batches, and the current new
batch is compared using #, and ¢ “e“’ In this way, the use of
average level of scores can overcome the influence of indi-
vidual sampling variation. The Euclidean distance, the most
popular metric, can be used to calculate the dissimilarity
level between two features

di= (@ 1) - @ - ) (13)

where larger di means larger dissimilarity between two criti-
cal feature Ik and t"ew The least d}\ indicates that history
batch i has the most similar process feature to the current
batch i, which will be employed to complete the missing
data. Then by averaging all the scores including the known
and estimated ones within phase c, the phase-specific average
score 75" can be obtained naturally corresponding to each
time k within the cth phase.

The basic procedure of data estimation method focusing
on the cth phase can be summarized as follows:

Step 1: For the new batch, normalize the new measure-
ment x;°¥, the same as the way in the modeling procedure,
and calculate the weighted scores at each time k, £;°".

Step 2: Calculate the average score up to the current time
k, ¥, based on Eq. 12.

Step 3: Calculate the distance dissimilarities dj, between
the new batch and those in history score library using r"e“’
and tk, based on Eq. 13.

Step 4: Find the most similar batch m to the current new
batch with the least di, and complete the new batch by
employing those scores of history batch m from k to the end
of phase c.

Step 5: Corresponding to time interval k, the phase-specific
average score 75", can be obtained by averaging all the score
vectors within the cth phase, including real and estimated
scores, which will be used for online quality predicting.

The procedure will be repeated at every current time £,
and the most similar history trajectory is reselected continu-
ously until reaching the terminal end of phase c. On the one
hand, the use of real-time average scores can overcome the
overdependence of estimation accuracy on every individual
sampling, which tends to drift with the influence of individ-
ual process variation. Also it need not bear the heavy calcu-
lation burden and complexity, but can still ensure the reliable
data filling precision. On the other hand, it allows estimation
of unknown future observations located in each individual
phase. The data outside the current phase will not impact the
accuracy of data estimation. In this way, it weakens the influ-
ence of inaccurate data estimation caused by too many
assumptions of incomplete measurements required by MPLS-
based methods, where the measurements from the current up
to the end of the entire batch cycle are unavailable.
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In addition, there are several issues that should be investi-
gated further. The missing measurement estimation perform-
ance would be directly affected by the performance and suffi-
ciency of the history batch library. So, it would be necessary
to gather as broad and abundant normal batch trajectories as
possible from past batch runs. Moreover, updating batch
library with the evolvement of operation is also an important
issue, where new normal batches are added into the database
continually, supplementing the backup trajectory information.
In addition, because quality prediction is conducted in real-
time, the computational time of estimating unknown meas-
urements should also be taken into account. Considering the
accurate estimation of missing data can greatly improve the
desired accuracy of quality prediction, it deserves such com-
putation devotion. In conclusion, one must reconcile the
improvement of quality predicting performance vs. increased
calculation complexity.

Online quality predicting

After missing data complement, the phase-specific average
score of the new batch obtained at each time k, £V, can be
directly employed to conduct the online quality predicting
combined with the corresponding phase-representative model
using Eq. 8. The predicted quality may vary with time within
the same phase. The variation may be caused by measure-
ment noises and data estimation errors, especially in the ini-
tial period as the phase-specific average trajectory at that
time is obtained from few real observations and vast esti-
mated data. With the development of process operation
within the phase, more and more real observations will sub-
stitute the estimated unknown data, which makes the quality
prediction more reliable and accurate. So, the final quality
predicted at the ending of each specific phase y°, is defined
as the end-of-phase prediction.

As mentioned by Lu and Gao,’ quality variables in a batch
run can be divided into two types: quality determined by
only one specific phase, and quality determined by more than
one phase. It is comprehended easily that only critical-phase
PLS models can give reliable and stable quality prediction,
while others are not directly related with the quality index,
so there is no need to waste extra efforts to forecast the
product in those unimportant time regions. Moreover, since
different critical phases explain different parts of quality var-
iations, a strategy will have to be implemented to stack cu-
mulative effects of multiple phases on quality.

Without losing generality, assuming that quality variable
has two critical phases, phase 1 and phase 2, the current online
quality prediction can then be yielded as

B (1X Ac) - Qc(Ac X 1) k € the two critical
Yk = phases; c = 1,2 (14)
null others

Weighted sum of end-of-phase predicted values is formulated
as the final forecast quality

F=wi -3 +wy 9 (15)

where 3' and )72 are the end-of-phase quality prediction corre-
sponding to phase 1 and 2, respectively; w; and w, are, respec-
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Figure 2. Injection molding machine.

tively, weights of phase 1 and 2. Zhang et al."*2! have pointed
out that stacking weights can be determined in a number of
ways in their series of investigations about combining individ-
ual neural networks. A simple, but inappropriate approach is to
give equal weights to each individual model. A second way is
to obtain different weights through multiple linear regression.
Here, since R2, as the fitness of referential models, reveals the
different significance to quality prediction, we can directly
employ them to calculate the phase-specific weights in order to
stack the cumulative, but different effects of each critical phase
on the product quality: w, = R?/(R? + R3).

lllustration and Discussion

Injection molding process description

Injection molding,22’23 a key process in polymer process-

ing, transforms polymer materials into various shapes and
types of products. Figure 2 shows a simplified diagram of a
typical reciprocating-screw injection molding machine with
instrumentation.”> A typical injection molding process con-
sists of three operation phases, injection of molten plastic
into the mold, packing-holding of the material under pres-
sure, and cooling of the plastic in the mold until the part
becomes sufficiently rigid for ejection. Besides, plastication
takes place in the barrel in the early cooling phase, where
polymer is melted and conveyed to the barrel front by screw
rotation, preparing for next cycle.22 It is a typical process for
the application and verification of the proposed phase-based
quality prediction algorithm, where process variables can be
collected online with a set of sensors, while the quality vari-
able is only available at the end of each batch run.

The material used in this work is high-density polyethyl-
ene (HDPE). The process variables and quality variable
selected for modeling are listed in Table 1. In the simulation
illustration, we focus on the prediction of product length,
that is, the dimension quality, whose real measurements can
be directly obtained offline by instruments. The operating
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Table 1. Process and Quality Variables for Injection
Molding Process

No. Variable’s descriptions Unit

Process variables

1 Cavity Temperature (C. T.) °C
2 Nozzle Pressure (N. P.) Bar
3 Stroke mm
4 Injection Velocity (I. V.) mm/sec
5 Hydraulic Pressure (H. P.) Bar
6 Plastication Pressure (P. P.) Bar
7 Cavity Pressure (C. P.) Bar
8 Screw Rotation Speed (S. R. S) RPM
9 SV1 opening( SV1) %
10 SV2 opening (SV2) %
11 Barrel Temperature (B. T.) °C
12 Mold Temperature (M. T.) °C

Quality variable
Length mm

conditions are set as shown in Table 2. 33 normal batch runs
are conducted under various operation conditions by DOE
(design of experiment) method. Because of different filling
time in the injection phase induced by different injection
velocities, reference batch runs, therefore, have varying oper-
ation length. Using injection stroke as an indicator variable,
we can fix the injection phase with unified duration by data
interpolation. Moreover, control packing-holding and cooling
time at 6 and 15 s, respectively, we can get the final data
matrices X(33 X 12 X 1300) and Y(33 X 1), among which
the first 25 batches are used for modeling, post-batch process
analysis and knowledge extraction, while the other eight
cycles are used for model validation.

Phase-based process analysis

The weighted loading matrices calculated from PLS on the
time slice data sets are fed to the clustering algorithm. More-
over, to reveal the influence of threshold value on clustering
result, phase division is performed adopting two different
thresholds, 0.03 and 0.01. The results are contrastively shown
in Table 3, where the whole process trajectory is automati-
cally and generally divided into four main phases. Corre-
sponding to the two thresholds, it is generally similar for the
first two main phases (phase 1 and phase 2), and the last
main phase (phase 4); but with the smaller threshold, phase 3
obtained from the larger threshold is subdivided into two
subphases, phase 3-1 and 3-2. Combined with the indicator
variable technique and prior process experience, it is not dif-
ficult to find out that the two subphases indeed correspond to
plastication phase. To evaluate the performance of the two
kinds of phase partition results, they are both put into model-
ing and online quality prediction. Table 3 also lists the analy-
sis result of model fitness over different phases. The larger
R?, the better fitness of the corresponding phase-specific PLS
model. Moreover, to further affirm the reasonability of the
earlier analyses, multiple coefficient of determination Q7 for
test batches are also evaluated comparatively, which are gen-
erally smaller than R*. From the fitness analysis in Table 3,
it reveals that the subdivision of plastication phase cannot
improve the performance of quality prediction. Meanwhile,
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for the other three main phases, it yields similar prediction
performance based on the fitness evaluation. Therefore, the
phase division with 0.03 as threshold is chosen finally, and
the following process analysis is performed on it to illustrate
the quality prediction algorithm, based on phase-specific av-
erage trajectory.

Based on the selected clustering result, it clearly shows
that without using any prior process knowledge, the trajec-
tory of the injection molding can be automatically divided
into seven phases, among which four long phases agree well
with four physical operation phases of the process, that is,
injection, packing-holding, plastication and cooling phases,
plus a few short transitional time periods. These temporary
time regions, corresponding to the dynamic transition period
between main phases with unstable process states, form indi-
vidual time regions, which have little impact on quality pre-
diction. Dividing in detail a batch process into “steady” and
transient phases cannot only improve quality prediction per-
formance, but enhance process analysis and understanding.
Without losing generality, each phase hints different effects
on the final product, as well as different correlations between
process variables and product quality. According to the quan-
titative evaluation of fitness metrics shown in Table 3, it
indicates that phase 2 and 3, especially phase 2, the values
are above the critical point derived from Eq. 10, which can
be deemed to be critical-to-quality phases. In fact, no matter
which of the two threshold values 0.03 or 0.01, is selected,
the critical-to-quality phases are identified the same. It dem-
onstrates from another aspect that it is reasonable to conduct
quality prediction located in different phases. Normally, criti-
cal-to-quality phase models are more accurate and reliable
for the prediction of quality variable. Therefore, in critical-
to-quality phases one can expect more accurate quality pre-
diction results.

In critical-to-quality phase 2 and 3 (i.e., the packing-hold-
ing and plastication phases), the phase regression coefficients
of process variables are plotted in Figure 3a and b, respec-
tively, which can numerically explain how these variables
will affect the product quality. Commonly, pressure variables
have positive relation with the quality, while temperature
variables are negatively correlated with the quality, which
generally tells that higher pressures and lower temperatures
result in larger product length. Also longer screw displace-
ment results in more material crammed into the cavity, which
obviously generates a longer product. For example, for phase
2, the packing-holding phase, variables no 2, 3, 5, 7 and 9,
including pressure variables (nozzle pressure, hydraulic pres-
sure, and cavity pressure), and displacement variable (stroke),

Table 2. Operation Condition Setting for Injection
Molding Process

Operating conditions Setting values

Material
Injection velocity
Packing pressure
Barrel temperature 180, 200, 220°C
Mold temperature 15, 35, 55°C
Packing-holding time 6 sec

Cooling time 15 sec

High-density polyethylene(HDPE)
22~26 mm/sec
150, 300, 450 bar
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Table 3. Phase Partition Analysis with Two Different Parameters

Threshold = 0.01

Threshold = 0.03

Duration R? 0? Critical value (95%) Duration R? 0?
1~41 - - - 1~41 - -
I 42~244 0.4741 0.4011 0.7288 42~233 0.5743 0.4103
245~255 - - - 234~246 - -
I 256~557 0.9453 0.7423 0.7288 247~555 0.9314 0.7421
558~576 - - - 556~582 - -
III-1 577~781 0.8988 0.7123 0.7288 583~908 0.9092 0.7312
II1I-2 782~926 0.83726 0.7002
v 927~1300 0.6481 0.5304 0.7288 909~1300 0.6301 0.5116

which have higher positive regression coefficients, indicating
that they are quality-correlated variables. Moreover, they are
all positive related with the quality. Variables no 1, 11, 12,
i.e., temperature variables are negatively related with the
quality. This explores the different relations of process varia-
bles with quality prediction, implying that larger pressures
and lower temperatures may result in larger product length.
That is, in the packing-holding phase, impacted by the corre-
sponding pressures, the melted materials in the cavity are
further cooled, pressed, and supplemented to be more com-
pact, which may result in a longer product. Without the use
of prior process knowledge, the aforementioned phase-based
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Figure 3. Regression parameters of process variables
for (a) phase 2, and (b) phase 3.
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analyses agree well with the real physical process, which can
be useful for the improvement of quality prediction.

Performance illustration of quality prediction

According to the aforementioned analysis and understand-
ing, phase 2 and 3 are indicated as critical phases. The pro-
duct length has close relations with both phases. Based on
the aforementioned unknown measurement filling method in
this work, the real-time phase-specific score average trajecto-
ries in phase 3 for one test batch are illustrated in Figure 4.
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(b) time(*20ms)
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Figure 4. Online estimation of average score trajectory
in phase 3 for test batch 4 (dash line, real
phase-based average trajectory; sold line,
online estimation values).
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Figure 5. Online quality prediction for one test batch in
critical phases (dash line, real measurement
of final quality; sold line, online prediction).

Taking the first four scores as example, it can be seen that
the estimated average scores can better track the real phase-
specific average trajectories dynamically with a satisfying
trend, especially when approaching the phase terminal. It
results from the fact that with time evolving, the known pro-
cess measurements become more and more, providing more
abundant key process information denoted with scores, and,
thus, the estimation precision will be more accurate. Then,
the online quality prediction is performed at each sampling
time of critical phase 2 and 3, respectively, as shown in Fig-
ures 5a and b for the test batch. The maximum online pre-
dicted error rates are less than 0.07% corresponding to phase
2 and 0.15% in phase 3, respectively, which are a well ac-
ceptable prediction precision in industry. The accurate qual-
ity prediction can successfully demonstrate the phase-specific
effects of process variables on quality, explore process oper-
ating information, and evaluate product quality performance
in advance. Here it should be noted that since it is inevitable
to infer the unknown future process measurements, therefore,
the accurate estimation of missing data is important for reli-
able quality prediction. However, due to the partition of dif-
ferent phases along process operation, whenever the process
enters a new phase, the amount of available known measure-
ments becomes little in the current phase, thus, providing
less useful information for the accurate supplement of miss-
ing data. Therefore, it may be reluctant to get a credible
quality prediction at the beginning of a new phase, which
consequently requires caution during the period when distinct
phases are transiting between each other. With process devel-
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opment, the real observations become more apparent for the
current phase, and it will be easier and more reliable to catch
up with the real trajectory of the new phase, and, thus, get a
more accurate quality prediction.

The final predicted quality is obtained by taking into
account the cumulative effects over the two phases. Figures
6 and 7 deliver a comparison of offline prediction for train-
ing and testing batches, respectively, using the proposed
method, stage-based sub-PLS method by Lu’ and conven-
tional MPLS method. From Figure 6, it is general that con-
ventional MPLS model has the superiority for fitting training
batches, where the predicted quality fitted well with the real
quality measurement. In contrast, from Figure 7, it can be
seen that for test batches, especially batches 1, 3 and 7, the
trained MPLS regression model fails to give a reliable
enough quality prediction result. The comparison may illus-
trate the disadvantages of conventional MPLS algorithm.
Although MPLS is well-known as an effective data compres-
sion and feature extraction technique, one cannot expect it to
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Figure 6. Offline quality prediction results for the refer-
ence batches using (a) proposed method; (b)
Lu’s stage-based sub PLS method, and (c)
MPLS method.
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pick up pivotal information from a great capacity of redun-
dant candidate data information. Thus, conventional MPLS
may not clearly distinguish the system information from nor-
mal stochastic noises, which have little relation with the final
quality. Therefore, the over-fitting to common-caused process
variations may spoil the models’ ability to capture those
useful predictor information, and, thus, loses the favorable
adaptability to new batches with normal batch-wise stochas-
tic dynamics. For batch 1, 3 and 7, resulting from different
normal stochastic changes in operation trajectory from those
training batches, which is often the general case, they go
beyond the competence of trained regression model. Lu’s
sub-PLS method also compromises the reliability of pre-
dicted quality since their phase-based regression relationships
are extracted, only focusing on each individual time-slice,
which may not be able to catch stable enough prediction in-
formation. By comparison, the superiority of the proposed
method over the other two methods is obvious for both train-
ing and testing batches, which gives a satisfying overall pre-
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diction trend, demonstrating the models’ fitness ability and
prediction adaptability.

Based on the earlier illustration and discussion, conclusion
can be drawn that the proposed method can give reasonable
predictions for multiphase batch processes where there are
time-cumulative effects of process variables on quality within
each phase. Moreover, some factors deserve special consider-
ation when applying the proposed method to multiphase
processes for online quality prediction. To separate the pro-
cess into different phases, the process correlations more rele-
vant to quality are analyzed and employed in the clustering
algorithm, where similar process patterns are grouped into
the same phase and process correlations change over differ-
ent phases. Thus, phases can be recognized for their different
underlying process characteristics rather than physical opera-
tions. That is, one physical operating stage can be also di-
vided into several different subphases if inherent process
characteristics change within the stage. Thus, the clustering
algorithm can well apply to multiphase batch processes, no
matter whether phases result from physical operation or phe-
nomenological changes, which both reveal phase-specific
underlying process behaviors. Therefore, although the illus-
tration case in this work is a typical process consisted of dis-
tinct physical phases, and, thus, obvious phase separation, it
is readily to deduce that the clustering algorithm has the abil-
ity to capture these phenomena driven phases, and can well
work in processes where only phenomenological changes
govern the operation. It would be more convincing to dem-
onstrate this algorithm using more illustrative examples,
which is, however, beyond this work due to the lack of
space. The extensive illustrations under various real circum-
stances are significant and worthy of further investigation in
the future.

Conclusions

A quality prediction method has been proposed for the
improvement of quality inferential performance in multiphase
batch processes. Based on the clustering algorithm, it allows
us to automatically divide a batch process into different
phases, check the critical ones, and develop phase-based PLS
regression models with a simpler structure using phase-spe-
cific average process trajectory. Therefore, we can conduct
quality prediction located in those critical phases, which may
provide stabler and more reliable phase-specific predicting
relationship. The proposed scheme cannot only give a valid
quality predicting result earlier, but also help to better under-
stand the phase-specific accumulative effects of process tra-
jectory on quality, and find out the critical factors to the con-
cerned quality. All the aforementioned provide the potential
for the improvement of quality prediction. The application to
injection molding process illustrates that the proposed
method is effective. Especially, if the proposed method is
applied to multiphase batch processes bearing obvious time-
cumulative effects on quality with process evolving, its supe-
riority will appear more clearly.
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Appendix
Modified k-means clustering algorithm

Inputs: the patterns to be partitioned {Py, P2, ..., P}, and
the threshold 6 for cluster elimination.

Outputs: the number of clusters C, the cluster centers {W;, Wa,
..., W}, and the strict membership of Py, to C centers m(k).

The index variables are the iteration index i, and the pat-
tern index k.

1. Choose CO(i = 0) cluster centers W?.(c =12, ..., CO),
from the K patterns along the time series. Practically, the ini-
tial cluster centers can be assumed to be uniformly distrib-
uted in the pattern set.

2. Merge pairs of clusters whose intercenter distance
distWiT' Wiz, is below the predetermined threshold 0.

3. Calculate the distances from each pattern Pj to all of
the centers dist(Py, Wf.’l), assign to the nearest center Wﬁ; 1
and denote its membership as m(k) = c*.

4. Eliminate the clusters that catch few patterns after a set
number of iterations i > I ,,,,, to avoid singular clusters.

5. Update the number of cluster centers to be C', recom-
pute the new cluster centers W(,"(c =1,2, ..., Ci), using the
current cluster membership m(k).

6. Go back to step 2 if a convergence criterion is not met.
Typical convergence criteria are minimal changes in the clus-
ter centers and/or minimal rate of decrease in squared errors.

Remark: The detailed programs for implementing the pro-
posed algorithm and the experimental data are not included in
this work due to the lack of space. A more complete document
will be provided upon request addressed to the first author.
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