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Phase-based subpartial least squares (subPLS) modeling algorithm has been used
for online quality prediction in multiphase batches. It strictly assumes that the X-Y
correlations are identical within the same phase so that they can be defined by a uni-
form regression model. However, the accuracy of this precondition has not been theo-
retically checked when put into practical application. Actually it does not always agree
well with the real case and may have to be rejected for some practical processes. In
the present work, it corrects the “absolute similarity” of subPLS modeling by a more
general recognition that only one part of the underlying correlations are time-wise
common within the same phase while the other part are time-specific, which is referred
to as “partial similarity” here. Correspondingly, a two-step phase division strategy is
developed, which separates the original phase measurement space into two different
parts, the common subspace and uncommon subspace. It is only in the common sub-
space where the underlying X-Y correlations are similar, a phase-unified regression
model can be extracted for online quality prediction. Moreover, based on the subspace
separation, offline quality analyses are conducted in both subspaces to explore their
respective cumulative manner and contribution in quality prediction. The strength and
efficiency of the proposed algorithm are verified on a typical multiphase batch process,
injection molding. © 2010 American Institute of Chemical Engineers AIChE J, 57: 388-403,
2011
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Introduction

Data-based multivariate calibration methods have been
widely used to establish a quantitative relationship between
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process measurement (X) and quality property (Y). Accurate
qualitative and quantitative calibration analysis may help
avoiding cumbersome and costly chemical measurements. In
practice, calibration modeling and analysis can often be
accomplished with familiar, conventional statistical techni-
ques,l_6 such as multiple linear regression (MLR), principal
component regression (PCR), canonical correlation analysis
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(CCA), and partial least squares (PLS). Among them, latent
variable (LV)-based methods play a dominating role. They
often work well because variable collinearity is typically
strong and partly redundant over a large number of measured
variables. Thus, modeling the variable correlation pattern
allows shrinking of the original data space into a lower-
dimensional feature subspace. Fewer uncorrelated LVs can
be defined to comprehensively represent the original input
variables and used to build a quantitative regression relation-
ship with the concerned quality properties.

The subject of calibration modeling and quality interpreta-
tion arouses new issues and demand specific solutions when
it refers to multiphase (MP) batch processes, where various
phases generally operate orderly under the domination of dif-
ferent physical phenomena, revealing different effects on the
final qualities. MPLS model’ uses process variables over the
entire batch course as the input, which reveals well the time
correlations throughout the cycle and thus shows efficiency
for batches which progress in a more cumulative manner.
However, for MP batches, it is generally deemed that if the
data are handled in a single matrix, the effect of one segment
tends to be hidden more or less by the influence of another.
The resulting tribulation is that the hidden effect could be
useful in quality-concerned process analysis and control. It is
commonly accepted that in MP cases, more underlying infor-
mation can be explored by dividing the data into meaningful
blocks either by the types of variables or by the part of the
process they originate from and building multiple specific
models instead of single modeling of all data. The effect of
each block can be seen and thus more comprehensive process
understanding can be expected. Considering that the phase
multiplicity is an inherent nature of many batch processes,
various s‘[ra‘[egiesg_25 have been reported and can be put into
practical process monitoring and quality prediction. Camacho
and Pico proposed a MP algorithm®’ for automatic phase
identification so that each segment of the batch can be well
approximated by a linear PCA model with acceptable nonex-
plained variance. Later, theylo extended the MP algorithm
from PCA to PLS and lagged variables were included to
model the variable dynamics for online quality prediction.
Liu et al.'" applied PLS to monitor the interphase relation of
a two-stage batch process, where in postanalysis of abnormal-
ities, it could clarify whether root causes were from previous
phase operation or due to the changes of interphase correla-
tions. Moreover, in previous work, the phase-based modeling
techniques have been extended to solve different practical
problems in process monitoring,'*™'* such as problems of
uneven length and limited reference batches. Zhao et al.'’
presented a two-level MP calibration modeling strategy to
probe the phase-wise local and cumulative effects on quality
interpretation and prediction. Yao and Gao'® gave an over-
view of MP statistical analysis methods for process analysis,
monitoring, quality prediction, and online quality improve-
ment, where different types of phase divisions and modeling
strategies were analyzed and discussed.

From the viewpoints of online and offline quality analyses,
respectively, different application purposes determine their
differences in both phase identification and model design. For
phase-based online quality analysis, subPLS'®'? algorithm is
the major research direction, which allows one to unveil the
time-varying quality variation information with no data com-
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plement. For phase-based offline quality analysis, two major
parallel lines of thought can be employed. One'>?! is to
model each phase separately by MPLS algorithm. In the pres-
ent work, it is called phase-based MPLS (P-MPLS) in com-
parison with the original MPLS.” And the other is to model
the variable correlation within each phase under the influence
of other phases by multiblock PLS (MBPLS).**® The objec-
tive is to extract the covarying systematic dynamics between
phases for quality prediction which can not been explored
when each phase is analyzed individually.

The subPLS modeling algorithm was first developed by Lu
and Gao'® for online quality prediction at each sampling
time. It was based on such a presupposition that despite the
time-varying batch operation trajectory, the correlations
between process and quality variables should remain similar
within the same phase. Therefore, indicated by the changes
of underlying characteristics, a batch cycle could be divided
into appropriate number of phases with little prior process
knowledge. Each phase covered a series of similar and time-
consecutive patterns which could be modeled by a simple
phase-representative PLS model. For online application, at
each sampling time, according to its affiliated phase, the cor-
responding phase-representative model was adopted and a
realtime quality prediction was obtained with no data estima-
tion. Critical-to-quality phases were also identified in which
the online quality prediction could be accepted with confi-
dence. Moreover, a phase-based online quality control
scheme'® was reported by the same authors based on the real-
time quality prediction information. The control action was
taken realtime to steer the process inputs and compensate for
the quality loss in the past when the end-product quality was
deviating from the desired value as indicated by online pre-
diction. Moreover, it should be pointed out that the PLS mod-
eling algorithm based on phase-specific variable unfolding20
is essentially equivalent to subPLS as it impliedly accepts the
same precondition as subPLS. Here for simplicity, it is also
archived into the subPLS modeling framework.

P-MPLS and MBPLS methods can be used as the major
offline quality analysis strategies to apprehend the phase
behaviors and their effects on quality prediction. They have
been recommended in cases where the number of variables is
large and can be separated into conceptually meaningful
blocks, which can help to localize the regression relationships
in a decentralized manner. However, P-MPLS only explored
the variable collinearity isolated in each phase but overlooked
the relationships between different phases. Compared with
P-MPLS, the advantage of MBPLS was mainly to allow for
easier interpretation of both the roles of each smaller mean-
ingful block and the integrated contribution of all blocks. Qin
et al.”® have made a comprehensive review of multiblock
algorithms and reported a successful application to an indus-
trial polyester film process. Duchesne and MacGregor27
developed a pathway MBPLS algorithm which was based on
the consideration that the process variables affecting quality
only over a specific period of time were fairly difficult to
identify with the final quality measurements alone. It incorpo-
rated the quality measurements collected during the course of
a batch, which were regarded to be helpful to isolate the local
effects of variable trajectory changes. However, for practical
batch processes, it is often found that the intermediate quality
measurements can not be readily obtained.
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Comparing the above analyzed phase-based regression
modeling strategies, subPLS algorithm focuses on the individ-
ual effect of each sampling time on quality, thus accounting
for neither the within-phase nor between-phase correlations.
Especially, it was based on a strict and ideal assumption that
the correlations between process and quality were quite simi-
lar within the same phase, which was a prelude to further anal-
ysis. However, the correctness of such a precondition has
never been examined prior to modeling. From the practical
viewpoint, the ideal “absolute similarity’> may not be well sat-
isfied, which thus directly influences the accuracy of subPLS
model and online prediction performance. P-MPLS and
MBPLS modeling ideas do not care whether the underlying
characteristics within the same phase are identical or not, in
which, a general phase regression relationship can be always
derived. However, the identification of multiple blocks/phase
has not been automatically accomplished and mainly
depended on the prior process knowledge. Moreover, they are
less effective in probing into the realtime quality variation in-
formation compared with subPLS modeling strategy.

In this study, an enhanced process understanding and qual-
ity analysis strategy is developed for MP batches. The under-
lying operation patterns within each phase are deeply investi-
gated according to their correlations with the product quality.
It relaxes the strict assumption of subPLS by a more general
recognition that within the same phase the underlying X-Y
correlations not only share similarity to a certain extent
(called common patterns here) but also show dissimilarity
over time (called uncommon patterns here). For accuracy, it
is called ‘““partial similarity” here in contrast with the ‘““abso-
lute similarity” in the original subPLS algorithm. From a
mathematical viewpoint, a statistical evaluation index is
designed to examine the phase-specific similarity and to
what extent it is satisfied, absolutely or partially. Accord-
ingly, a further phase identification approach is developed
which can simultaneously divide the batch cycle into differ-
ent proper phases and separate two subspaces in each phase:
one is called the common subspace with similar underlying
correlations and regression relationships; and the other is
termed the uncommon subspace with different quality-rele-
vant characteristics. Then a more representative phase model
can be designed in the common subspace for online applica-
tion by excluding the uncommon patterns. Besides, the dif-
ference of the common patterns and uncommon ones in the
cumulative manner and effects is also distinguished. It is an-
alyzed by P-MPLS and MBPLS performed in the two differ-
ent subspaces respectively, which gives improved model
interpretation and additional underlying phase information.
Here it should be noted that as what has been clearly stated
in previous work,'® the divided blocks/segments, which
more exactly, may be called “modeling phases,” are defined
from the viewpoint of statistical meaning. They focus on
reflecting the changes of the underlying correlation charac-
teristics'” and may be different from the real physical ““oper-
ating phases.” For simplicity, they are uniformly called
“phase” in the present work unless otherwise noted.

Methodology

In each batch run, assume that J process variables are
measured online at k = 1, 2, ... , K time instances throughout
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the batch and J, quality variables are obtained offline. Then,
process observations collected from similar / batches can be
organized as a three-way array X (/ x J x K) and a corre-
sponding quality matrix Y(/ x J,) as shown in Figure la. At
each time, the means of each column are subtracted to
approximately eliminate the main nonlinearity. Each variable
is scaled to unit variance to handle different measurement
units, thus giving each equal weight. In the present work, the
batches are of equal length without special declaration so that
the specific process time can be used as an indicator.

Selection of regression algorithm

PLS algorithm has been widely used to approximate the
regression relationship between X and Y. However, its
objective is to maximize their covariance, which thus also
models their respective variations. Large covariance may not
necessarily mean strong correlation. It is possible that a pair
of principal directions in the two spaces have high covari-
ance merely because the associated distribution variances are
large. When the X space contains large amount of quality-
uninformative process variations, resulting from their con-
tamination, PLS often requires many LVs to achieve good
fitting, which leads to more complex model structure and
difficulty in model interpretation.

To improve PLS regression model, various preprocessing
methods have been reported. Among them, variable selec-
tion”®? can directly reduce the model dimension by remov-
ing those quality-irrelevant input variables. In contrast, or-
thogonal signal correction (OSC),>*? as a feature extraction
technique, tries to remove quality-irrelevant underlying com-
ponents. Alternatively, CCA***** is well-suited for relating
two data tables. Unlike PLS, it directly exploits and maxi-
mizes the correlation instead of the covariance and thus
inherently ignores the Y-irrelated variations in X. However,
as the measurement variables are often high-dimensional and
closely correlated, directly applying CCA to the raw input
space will lead to an ill-conditioned problem because it
involves the calculation of (XT X)~ !. That is why CCA is
not so popular as PLS in practical application. Yu and Mac-
Gregor35 developed a PLS-CCA algorithm, in which, as a
postprocessing, CCA was implemented on PLS LVs to fur-
ther condense them. In this way, it avoided the rank-defi-
ciency problem and got rid of the pseudo quality-relevant
variations so that a parsimonious regression model was
obtained with the same prediction ability as the standard
PLS model. Their work has showed its advantages over
OSC-based preprocessing approach. In the present work, the
PLS-CCA algorithm will be adopted as the basis of calibra-
tion analysis.

Phase representability evaluation

As stated in Introduction, the key point of our algorithm
is that it adopts the concept of “partial similarity” within
the same phase, which is quite different from the “absolute
similarity” of the original subPLS. Therefore, it is necessary
to check whether how the “partial similarity” precondition
is satisfied or not by the given batch process. Here, the dif-
ferent characteristics of common and uncommon patterns
should be first analyzed so that an evaluation criterion can
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Figure 1. lllustration of the phase-based regression modeling scheme in cth phase.

(a) Batch-wise unfolding and data normalization, (b) subspace separation and modeling for online quality prediction, (c) within-phase cu-

mulative analysis, and (d) between-phase cumulative analysis.

be defined for guidance. In detail, it can be mathematically
formulated as follows.

In each phase, performing regression analysis focusing on
variable-unfolding data set X,. and Y,. (as shown in
Figure 1b) by PLS-CCA algorithm, a A,.-dimensional phase-
based PLS-CCA weights matrix, R,., can be always
obtained, from which, one will check whether the common

part (ﬁvc) and uncommon part (ﬁvc) are mixed together. The
corresponding PLS-CCA LVs (T,.), which may mix both

the common and uncommon ones (T,. and T,.), can be cal-
culated as below:

Tvc = chva
T, = XucRye 9]

-

Tvc = chva
where, the phase-based PLS-CCA weights model,
Ry.(/ X Ayc) is intrinsically doubly controlled by PLS and

~pls ~pls ~cca ~pls
CCA weights, R, (/ x A,.) and R (A
~pls

A, is the number of PLS weights directions and A,. denotes

% Aye), in which,

ve
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the CCA dimension, which is also the dimension of the final
PLS-CCA model.

Only in the common subspace, the regression relation-
ships stay similar within the same phase and change over
phases. Therefore, for the within-phase common patterns, a
consistent phase model (R,.) can well approximate them,
i.e., Ryc has higher phase representability and will be well
similar to those obtained by directly regression modeling
focusing on X; and Y. In contrast, the underlying X-Y
correlations in the uncommon subspace are time-varying
even in the same phase, which, thus, can not be compre-
hensively described by any phase-representative regression
model. That is, R,. is far from reflecting the real time-
varying regression weights relationship and will be quite
different from those obtained by directly regression model-
ing focusing on X; and Y. More exactly, it should be
called pseudo model. Based on the above analysis, for the
common operation patterns, because of their within-phase
similarity, the common time-slice LVs, Ti,., which are
split from T,. or actually calculated by Tj.. = X;R,. as
shown in Eq. 1, will satisfy the orthogonality well, so that
their covariance will be near to diagonal or as diagonal as
possible:
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~T ~
~T XTXk - Tkichk,vc N
va 7 k_ 1 va = j_ 1 = Ak,v«: (2)

where, Agyc is a Ay.-dimensional diagonal matrix, whose
elements actually denote the distribution variance information
along A, common weight directions at each time.

In contrast, for the uncommon operation patterns, resulting
from their within-phase dissimilarity, the uncommon time-

slice LVs, %k‘vc, which are split from 'fk,vc or actually calcu-

lated by Tjyc = XiRgye as shown in Eq. 1, thus do not sat-
isfy the orthogonality. That is, their covariance can not be
transformed to a diagonal form by a uniform phase model.
To check whether the “partial similarity”” within the same
phase can be satisfied, it actually can be evaluated by check-
ing whether uncommon patterns exist in the time-slice LVs.
Based on the above analyses, resulting from the different
characteristics between common and uncommon patterns
within the same phase, the uncommon ones can be distin-
guished by assessing the deviation from diagonality of those
time-slice LV covariances. The evaluation index is defined

as below:
/ ‘ T{vc Tk,vc

where, Il denotes the determinant operation and diag(F) is the
diagonal matrix having the same diagonal elements as F.

The fact that ¢, is a reasonable measure of deviation from
diagonality for a positive definite symmetric matrix can be
seen from Hadamard’s inequality’®:

(Pk(Tz:chk,VC) = diag(TT Tive)

ke

3

‘TT Tk,vc

ke

< |diag(T],  Tive) )
where, equality exists only if F is diagonal. Therefore, ¢, (F)
> 1 holds, with equality exactly when F is diagonal. Actually,
@y (F) increases monotonically as F is continuously “inflated”
from diag(F) to F. This has been demonstrated by Flury and
Gautschi in their work.”’

Then the average of all time-slice ¢, values within the
same phase can be used to comprehensively evaluate the
phase representability of regression model:

0= 0 ®)

€ kec

where, K. is the current phase duration.

If “absolute similarity” is satisfied, the within-phase time-
slice LVs (T;,.) are all common patterns. That is, after
proper phase division, the phase model is representative
enough so that the within-phase time-slice LVs well satisfy
the diagonality of covariances (¢, ~ 1), resulting in ¢,
approximating 1. When only ““partial similarity” is accepted,
i.e., the within-phase time-slice LVs (T ,.) cover both com-
mon and uncommon patterns, failing to satisfy the diagonal-
ity of time-slice covariances (¢, (F) > 1) and resulting in
¢. greatly larger than 1. However, the original phase space
can be separated into two parts, the phase-specific common
subspace and the uncommon subspace. Only in the common
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subspace which encloses the similar patterns, ¢. approxi-
mates 1; whereas in the uncommon subspace, ¢. is greatly
larger than 1. When no within-phase similarity is approved,
no common subspace can be figured out to achieve ¢, ~ 1.
Based on the above analysis, how the current process satis-
fies the within-phase similarity, partially or absolutely, can
be readily determined by checking whether a common sub-
space can be separated as well as the value of the statistical
index defined in Eq. 5.

Phase-based subspace separation

Based on the definition of evaluation index for phase
representability, a complete phase division algorithm is
designed here, which can simultaneously achieve the phase
division and subspace separation. Its goal is to find the
modeling phases in the batch process which can be better
approximated by models with sufficient representability. It
is sequentially executed in two steps: a preliminary cluster-
ing step and a further evaluation and subdivision step
which is shown in Appendix A. In the first step, subPLS
clustering algorithm'® is implemented, which can find an
initial solution (a partition of the batch duration into C
groups) and use it as the preliminary basis for further anal-
ysis. Then in the second step, the statistical index defined
in Eqs. 8 and 10 will be used to evaluate the initial clus-
ters and correct them if they are far from describing the
phase nature. It can tell one how the first-step clustering
result is, how representative the resulting regression models
are and which clusters require further subdivision. Espe-
cially, it can automatically judge whether the common sub-
space really exists.

Based on the two-step division result, online quality pre-
diction model can be derived in the common subspace
within each phase. Combined with Eq. 1, the common phase
loadings (P,.) are calculated and the common and uncom-
mon subspaces (Xy. and X,.) can be separated as below:

~T ~T ~ \ LT 2T
Pvc = (TVCTVC) TVCXVC = A\jc RVCXVCXVC

~ ~T

TP, ©)
- — ~ ~T
ch = ch - ch = ch (I - RVCPVC)

where, A,. is a diagonal matrix with equal element (/ — 1)K..
Here it should be pointed out the phase LVs T,. have a unity
variance resulting from the corresponding requirement of
canonical variables in CCA. However, for each time-slice
common LVs (Ty,.) which are split from T, they are not
guaranteed to have unit variance. It means although the
underlying correlations in the common subspace within the
same phase are similar but the associated variance levels may
be distinct over time.

Regression modeling for online quality prediction

In the separated common subspace, a simple J-dimen-
sional phase-based regression model can be readily derived

by performing PLS-CCA on data set {ivc,ch} in each
phase:
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~T ~T ~ \ LT . .
Q. = <T TVC) T, Y =A, R X, Yy

vcTTve

@)

where, Q.. is the phase loadings for qualities and ®,. is the
regression coefficients matrix.

Therefore, at each time within the current phase, a real-
time quality prediction can be obtained online:

~ ~T —~ ~T
Y/\ e — X/\ ®VL - X/\ chVC Tk,chVC (8)

The online quality predictions will be time-varying within the
same phase, which may be caused by the measurement noises,
modeling errors and particularly the different variance levels
of Tk,vc-

Only in critical-to-quality phases, the online quality fore-
cast results are credible. Here, the identification of critical
phases uses the same method presented in our previous
work,'® i.e., checking the prediction accuracy of the phase
models. Moreover, based on the obtained realtime quality in-
formation in critical phases, predicted deviation in the earlier
period may be compensated in its following period by taking
proper quality control action online.

Despite of the realtime strength, online quality analysis,
however, only employs the common patterns and overlooks
the process variation information in the uncommon sub-
space. Although the uncommon patterns are not suitable to
online quality analysis, they actually have important contri-
bution to qualities. Moreover, it fails in revealing the vari-
able correlations along time directions. Some questions
naturally arise: What will happen when the time-wise corre-
lations are taken into consideration? Whether the common
patterns still have the similar effects on qualities when they
are put together within each phase? And how do the
uncommon patterns cumulatively act on qualities? More-
over, under the influences of the within- and between-phase
correlations respectively, will the cumulative phase behav-
iors play differently? And what will their differences are?
On the basis of subspace separation, all the above men-
tioned will be answered by comparatively analyzing their
cumulative effects from both within- and between-phase
viewpoints.

Within-phase cumulative analysis

To reveal the cumulative effects of each individual phase,
phase-based multiway regression algorithm is used here to
conduct quality analyses in the common and uncommon sub-
spaces respectively so that their respective effects can be
revealed. Then their joint contribution will be explored by
combining their quality prediction results at the end of each
phase.

By Eq. 6, we have separated the original measurement
space into two subspaces, X,. and X,.. They are unfolded
batchwise and then the data units for within-phase cumula-
tive analysis can be obtained in both subspaces as shown in
Figure 1c:
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X (I X JKS) = Xe + Xe

X ] XJK {XI,VCaXZ,VC""axK&VC} (9)

—

XC(] X ]Kt) = {Xl,vaZ,vca ~~'3XKC,VC:|

Within-phase cumulative analysis regression models are then
designed in both subspaces:
In the common subspace:

=)
[

>
=

2
I
=
)
—

o

T) (10)

<3
I
>
!
2y
I
>
7N
L]
|
7
)

~ ~T
T.Q,

=)
I

where, R, is weights matrix; P is loadings matrix for X; Q,
is loadings matrix for qualities. T. are the common phase
scores; X, are the modeled process variations and E; are the

residuals; and Y. are the quality analysis results.
In the uncommon subspace:

=il
Il
P (
= (

CHENC

T
P,

s — T (11)
C—XC:XC(I—RCP )

- T

Y =T.Q,

where, the regression model and statistics are nominated one
by one in a consistent way with those defined in Eq. 10 but in a
different subspace.

The complete within-phase cumulative analysis results can
then be obtained by combining the predictions from both
subspaces:

7o
Il
- (

&
I
e (

A~ & PLS—CCA(Wy.)
{Y Y :| Y
P . . 12)
Y [Y Y ] =YWy + YW,
where, Wy (4 x 2) = | ¥ | is the weights derived by regres-
Wy

sion analysis between the quality predictions in both subspaces

( [?C, ?c} ) and the final quality measurements (Y (I X Jy).

Between-phase cumulative analysis

The previous phase-based multiway modeling only
explores the within-phase cumulative effects. For MP batch
processes, besides the time correlations within each isolated
phase, different phases also covary with each other. Conven-
tional MPLS uses the measurements throughout the entire
process duration as the input unit and thus can reveal the
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joint role of multiple phases. However, it loses its eye in the
local phase information. As analyzed before, compared with
P-MPLS, multiblock modeling allows for easier interpreta-
tion of both the roles of each local phase and the integrated
contribution of all phases. Moreover, the phase behaviors are
explored under the influence of covarying systematic dynam-
ics among phases. A multiblock PLS-CCA method (MBPLS-
CCA), which is shown in Appendix B, is developed here for
between-phase cumulative analysis.

At the end of process, process information of all phases is
available. Different phases, covering both critical and uncrit-
ical ones, may contribute to different parts of quality varia-
tions to different extents. Then their data blocks are well
prepared in the common and uncommon subspaces as shown
in Figure 1d:

XMC(I X JK) = XMC + XMC
Xue(l < JK) = X1, Xs, .. Xe| (13)
§MC(1 X JK) = [)\217)\227"'7§Ci|

In different subspaces, by performing MBPLS-CCA modeling,
the block information and super information are obtained and

the end-of-process quality analysis results (Yyc and SVKMC) are
obtained, respectively:

2 T
Xuce = TucPyc,
- T

Xuce = TucPyc,

(14)

~ ~T

YMC = TTQMC

z - T

Yue = TrQy e

where, Tyic e and Ty are the modeled block/phase scores in
the common subspace and uncommon subspace, respectively.

Tt and Tt are the super scores in two subspaces, respectively.
Pyce and Py are loadings matrices for Xyc and Xuce,

respectively; Qy,c and Q- are loadings matrices for qualities,
respectively.

The final quality prediction at the end of each process can
be also readily obtained by combining the predicted qualities
from two different subspaces using weights derived from
PLS-CCA algorithm:

-~ < PLS—CCA(W,

. R . R (15)
Yyc = {YMCa YMC} Wivme = YmcWyme + YmeWime

where, Wypc(4 x 2) = [VVVyMC
WyMC

is the weights correspond-

ing to the two subspaces.

Comments and notes

Based on the above regression modeling and quality anal-
ysis strategy, not only the time-isolated effect but also both
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the within- and between-phase cumulative effects are
explored. The separation of two different subspaces provides
different analysis scenes which enclose different operation
patterns and regression relationships. First, it improves the
phase representability of the online quality analysis model
by only focusing on the common patterns and excluding
those time-varying patterns. Differently, the offline quality
interpretation, covering both within- and between-phase cu-
mulative analyses, is performed in both subspaces. The
advantage of the subspace separation is that in addition to an
analysis angle of view for the whole phase, one also obtains
analysis angles for two different types of operation patterns.
It is deemed that their respective contributions to qualities
tend to be hidden by each other to a certain extent when the
two subspaces are not separated. By zooming into separate
subspace, it provides improved interpretation and potential
for capturing the key factors in different subspaces for qual-
ity improvement. It is ready to know how the common and
uncommon patterns will act under the influence of within-
and between-phase correlations along time direction as well
as their different influences on quality explanation. For
example, during within-phase cumulative analysis, it is more
general that the time-wise correlations may influence those
uncommon patterns more seriously than common ones,
which can be indicated by the regression weights attached to

the regression variables, R. and R.. In addition, by compar-

ing Y. and ?Vc which is calculated by YVC = Zka_ ?k,vc and
has been used as the end-of-phase quality prediction in the
subPLS algorithm by Lu and Gao,"® it may be found that
they are quite different. It means that the simple average cal-
culation of online quality predictions can not explore the
within-phase cumulative effects. Moreover, comparing the
modeled phase information in within- and between-phase cu-
mulative analyses respectively, it can reveal the different
influences of the between-phase correlations on the common
and uncommon patterns. In summary, these modeling results
provide a rational evaluation platform, where their modeled
process variations and quality variations can then be quanti-
tatively defined and then compared for an improved model
interpretation and process understanding. This will be further
illustratively analyzed and discussed in Simulation section.

It should be noted that the basic assumptions of our work
cover two points: one is that part of covariances stay con-
stant within the same phase, that is, one common subspace
exists; the other is that there are critical-to-quality phases in
which online quality prediction results can be reliably
accepted. In some practical cases, this can be well satisfied,
such as injection molding used in the work. However, for
some cases, which are typically seen in fine chemicals and
food processing, etc., the batches progress in an obvious cu-
mulative manner. Under that situation, it may be impossible
to find such a common subspace in which the X-Y cova-
riances stay similar. Moreover, it is possible that each spe-
cific phase only makes a certain contribution to part of qual-
ities, which means there is no critical phase in which accu-
rate online quality predictions can be accepted satisfactorily.
Fortunately, the two basic assumptions can be automatically
checked in the current work. First, during the second-step
phase division, whether the common subspace really exists
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Figure 2. (a) Original subPLS clustering result and process trajectory; (b) evaluation result using measure of devia-
tion from diagonality along time direction; (c) time-varying variance trajectories of the first two PLS-CCA

LVs.

can be verified by the evaluation index defined in Egs. 3 and
~pls
5. For the final phase division result, if A, . =0, it means

that there is no common subspace within each phase; If
~pls
A,. =1, then there is no need to perform CCA as postpro-

ve

cessing after PLS. The larger the dimension size (A,), the
larger the PLS-CCA common subspace. Moreover, the criti-
cal phases can be checked by the prediction accuracy of
quality variation during online prediction.

Moreover, it is worth remarking that the nature of the cur-
rent modeling method is linear. That is, phase division is
indicated by the changes of linear variable correlations and
the phase representation is derived by linear transformations
of the original data. Moreover, critical phases are also
checked based on the quality prediction accuracy of linear
models. However, for real industry batch processes, it is not
uncommon that the underlying correlations are nonlinear to
some extent, which introduces extra complications. For
example, one critical nonlinear phase model may be fitted by
multiple critical linear ones. Since linear statistical analysis
techniques may not be competent enough to exploit the non-
linear data structure, it is desirable to employ nonlinear sta-
tistical analysis technique in phase division and model repre-
sentation to handle the problem aroused by nonlinear behav-
iors. This is a meaningful issue and deserves further
investigation. The current report provides the basis and
potential for future work.

AIChE Journal February 2011 Vol. 57, No. 2

Published on behalf of the AIChE

Simulations and Discussions

Process description

Injection molding,*®* a key process in polymer process-

ing, transforms polymer materials into various shapes and
types of products. 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. It is a typical MP batch
process and has been widely used in previous work.'*!'%!°
An injection molding machine is well instrumented in our
lab and the authors have rich expertise knowledge of the
injection molding. It can be readily implemented for experi-
ments, in which, all key process conditions such as the tem-
peratures, pressures, displacement, and velocity can be
online measured by their corresponding transducers, provid-
ing abundant process information. It provides an ideal candi-
date for application and verification of the proposed phase-
based process analysis and quality prediction algorithm.

The material used in this work is high-density polyethyl-
ene (HDPE). Twelve process variables are selected for mod-
eling, which can be collected online from measurements
with a set of sensors. Two-dimension indices, product length
(mm) and weight (g), are chosen to evaluate the product
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Figure 3. Correlation analysis between the first LV and
quality variables (a) LV1-Y1 and (b) LV1-Y2.

quality, whose real values can be directly measured by
instruments. Totally 50 normal batch runs are conducted
under various operation conditions'® by DOE method. Using
injection stroke as indicator variable, the reference batches
are unified to have even duration (1300 samples in this
experiment) by data interpolation, which, thus, results in the
descriptor array X (50 x 12 x 1300). The qualities are only
measured at the end of process, generating the dependent
matrix Y(50 x 2). The first 35 batches are used for model-
ing, while the other 15 cycles are used for model validation.

Phase division and subspace separation

First, 1300 normalized time-slices X; (I x J;) are obtained
from X(35 x 12 x 1300) as well as the normalized quality
variables Y(35 x 2). Then 400 time-slice weight matrices
are obtained focusing on the normalized data sets, {X;, Y}.
They are weighted using the time-varying variances of PLS
LVs and then fed to the first-step clustering algorithm. The
process duration is preparatorily partitioned into five main
clusters, in which, operation time information is included so
that process samples are consecutive within the same cluster-
ing. The original phase clustering result is shown in
Figure 2a combined with the time-varying process operation
trajectory. The first-step clustering result is deemed to be
consistent with the real four physical operation phases: injec-
tion, packing-holding, plastication, and cooling. Moreover,
the short period between Clusters 3 and 5, i.e., Cluster 4,
may reveal the gradual transition when process operation is
alternating from plastication to cooling.

Although the first-step clustering result seems to coincide
with the real physical operation phases, which, however
should be evaluated to check whether they are consistent
with the changes of underlying characteristics and whether
the resulting cluster model is representative enough. From
the evaluation results shown in Figure 2b, it can be clearly
seen that generally the operation patterns in every cluster
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can not be comprehensively described by a certain uniform
phase model. Larger the deviation amplitude, less representa-
tive the cluster-based model. Here temporarily set 1.1 as the
threshold. Those exceptional points between neighboring
clusters may reveal the transition characteristics from one
phase to another. Besides them, in the starting periods of
both Clusters 1 and 5, the statistical index values are signifi-
cantly larger than 1, and especially obvious for the entire
Cluster 3, revealing that it is not proper to classify the corre-
sponding patterns into the same modeling phase. That is,
they can not be described by a unified phase model. More-
over, the variances of the extracted time-slice PLS-CCA
LVs are also shown in Figure 2c, which shows a time-vary-
ing trend along time direction and well coincides with the
previous statement after Eq. 6. Based on the evaluation
result, the first-step clustering result should be further subdi-
vided to derive real phase-representative models. Moreover,
to reveal the effects of CCA post-processing following PLS,
the correlation coefficients between the first LV, which is
extracted by subPLS and PLS-CCA, respectively, and the
two quality variables are calculated in each cluster. For the
simplicity of comparison, their absolute values are used and
contrastively shown in Figure 3. Using CCA post-processing,
generally the relationships between the extracted LVs and
qualities are enhanced, yielding higher correlation coeffi-
cients.

Then, using the second-step subdivision, the subspace sep-
aration and the final phase division results are obtained. As
shown in Figure 4a, the quantitative evaluation analysis is
performed focusing on the common subspace. Comparing
the ¢, plot with that shown in Figure 2b, it is clear the
phase representability in the common subspace has been
greatly improved. Moreover, the variance trajectories are
shown in Figure 4b. Here the minimum phase length is set
20. Finally, we can get four main longer phases (Phases 5,
7, 13, and 23), which are all longer than 100 sampling inter-
vals and multiple shorter phases. Those transition patterns,
although they are shorter than the predefined threshold
(minlenphase), are also isolated from their neighboring
phases so that they will not deteriorate the representability
of phase models. Here for simplicity of designation, all sub-
divided time segments are uniformly called “phase,” in
which, the transition regions, however, are not used for qual-
ity analysis. The formal phases, excluding those transition
regions, are shown in Tables 1 and 2, in which, the quality
analyses can be performed both online and offline.

Phase-based quality analysis

In the common subspace, the online quality prediction
model is derived. The separated common process variations
as well as the predicted quality variations at each time are
quantitatively evaluated based on the training batches and
shown in Figure 5. Here, for visual continuity, the analysis
is performed at all time. Although the prediction results are
not accurate enough in some regions such as transition ones,
they can reveal the time-varying trend. From the plot, at dif-
ferent time especially over different phases the modeled pro-
cess variations are significantly different. The two predicted
quality variables show very similar variation trajectories
throughout the process duration except the time region

February 2011 Vol. 57, No. 2 AIChE Journal



c 1.5 L e L B R L R T T TR T T — T
£ [T i 1o [T
E 44 [T 1 on tmon -
S [T " on [T
52, [T " on T |
a g 3 1 1 n I 1" LI LB B |
og [T " on [T
°o@ 12 o " o meon =
oe [T " on rmeoa
@ 11 [T " on mon —
2 1 Yy " Ml LN oM

32646 252 542 574 604 655 791819 876 925 957 1,300

Samples
(a)

3T 1T I T T T T I T
® i 1 o 1 (T} (N T
2 25Fn 1 o n n (T -
8 i 1 [T 1 on T
g5 2Fan 1 T I N TR NI =
o§ " | [N 1] o m |
SE 15 1 | ] I
g8
2E 4
g 1l o : I on I
= 0.5 - H
= 1" " 1o I 1on T

1Ll 1l L1l 1 1l L1l T
3 2646 252 542 574 604 655 791819 876 925 957 1300
Samples
(b)

Figure 4. Second-step phase subdivision and evaluation results.

(a) Measure of deviation from diagonality along time direction

spanning 46-245, i.e., Phase 5. To identify the critical
phases, in which online predictions can be accepted with
credibility, the goodness-of-fit of the phase models is

measured by multiple coefficient of determination,
L
> Vi . .
2 = @, as done in our previous work.'® Here,
e ST ST e
kec i=17ikjy

Phases 7, 8, 10, and 11 are judged to be critical ones by
RZYVc shown in Tables 1 and 2.

Then the within-phase cumulative analysis is carried out
in both subspaces. Taking example for the first 10 time-sli-
ces in Phases 7 and 8, respectively, both of which span 120

process variables in all, the regression weights, R, in the
common subspace are shown in Figure 6a in comparison

with R. in the uncommon subspace shown in Figure 6b. It is
observed that within the common subspace the weights have
a certain similarity over time but with different magnitudes.

and (b) time-varying variance trajectories of the first two PLS-CCA LVs.

In contrast, the weights are quite different over time in the
uncommon subspace. It reveals that time correlations impose
more serious influences on those uncommon patterns. More-
over, the joint end-of-phase predictions can be obtained by

combining the values in two subspaces (Y. and Y.). Figures
7a shows the four weights attached to them for the two qual-
ity variables Y1 and Y2, respectively. The weights are quite
different over phases, revealing their different contributions
and phase-specific tokens. Besides the within-phase correla-
tions, various phases may also correlate and influence with
each other, which can be explored by multiblock modeling
(MBPLS-CCA). Under the influence of between-phase cova-
rying dynamics, the phase behaviors are modeled differently
more or less. In two different subspaces, we can get two-

dimensional quality predictions respectively, Yyc and Ywmc,
Figure 7b shows the weights attached to the four regressors

Table 1. Modeled Process and Quality Variations During Online and Offline Analysis

Process Variations R? (%)

Predicted Quality Variations R? (%)

RXye RX. RX. RXyce RXwce RV, R2Y, RYY, RY, RY,
TXONX VX Y DX A oy oY oY POR
Phase 1o >ox >oxe >oxe >oxe X RE >y >y >y v
2 41.39  30.09 8.31 27.69 10.66 2341 30.07 22.60 29.05 3525 40.52 7056 7478 70.61 74.80
5 37.07 24.87 2448 26.33 25.13 11.22 2242 1047 2092 7941 81.65 93.04 9051 93.10 91.25
7 42.06  38.58 8.60 41.18 9.16 89.61 89.86 8895 89.21 9576 9642 9829 97.30 9829 97.56
8 48.48  45.45 9.14 47.42 12.85 90.26 89.71 88.46 87.92 9517 96.71 9545 96.77 9573 97.16
10 30.34 26.85 1647 29.52 40.58 92.02 89.26 91.78 89.02 9350 9142 7824 8796 9352 94.14
11 35.04 26.66 3.85 29.08 5.71 90.52 88.01 89.50 87.14 94.06 9493 9644 9791 96.68 98.04
13 34.67 2595 7.80 30.99 5.81 81.51 77.83 78.82 7546 9533 94.02 9853 9793 9854 9793
14 35.13 2427 12.05 29.40 7.06 7142 6998 67.80 6651 8856 83.40 89.56 94.06 93.70 94.88
16 3485 26.77 17.35 32.73 37.23 69.75 7125 6694 6845 8723 89.61 98.14 95.62 98.24 96.61
20 64.77 36.16 10.78 56.33 10.48 33.65 32.67 3043 2955 3975 3793 0.50 1.50 40.61 38.16
22 19.63 1425 32.25 14.44 45.57 36.33 3122 33.01 2899 51.04 43.68 79.52 78.00 79.66 78.13
23 26.08 21.72 23.12 24.93 34.57 4275 4491 37.00 38.87 81.20 86.59 9790 96.02 97.99 96.49
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Table 2. End-of-Process Modeled Quality Variations ent focuses and application purposes. More details about

quality-relevant underlying information can thus be obtained.

2 (g

_ R A(/" ) The modeling result is summarized in Tables 1 and 2, where
RY e R2Y e R e both process and quality variations are quantitatively eval-
22 22 . uated and compared, revealing the changes of their roles and

ZYMC ZYM( ZYMC . .
E T S manners over phases. Especially, how the operation patterns
in the two subspaces act in quality analysis under the influ-
99.77 96.69 97.15 98.82 99.72 99.09 ence of within- and between-phase time-wise covarying dy-

namics is also exposed. First, in the common subspace, the

A simple average calculation of all online quality predictions

enclosed in l:YMCYMCj| to get the joint end-of-process qual- within the same phase may sacrifice some quality informa-
tion, which can be clearly seen by comparing R*Y,. with

i ictions. F 1 i he fi 1- 4 e
ity predictions. For example, corresponding to the first qua R*Y,.. Moreover, the modeled quality variations by the end-

ity variable (Y1), weights to its predicted values in

of-phase analysis (R*Y.) which takes the within-phase time
correlations into account are higher than those modeled by
online prediction (R*Y,.). It demonstrates the cumulative
effects of each phase. Besides, in the uncommon subspace,
considerable contributions to quality prediction are also

[?Mci\/m} are significantly larger than those attached to the

predicted values of Y2, which agrees well with the real case.
On the basis of phase-specific subspace separation, both
online and offline quality analyses are performed with differ-
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Figure 5. Modeled variation information along time direction in online quality analysis.

(a) Process variations and (b) quality variations.
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Figure 6. Regression weights to get the first LV in Phase 7 and Phase 10 during within-phase cumulative analysis
(a) in the common subspace and (b) in the uncommon subspace.

revealed by R2§C. Moreover, the joint end-of-phase quality

variations (Rzl?c) are higher than both R2§c and R2§C,
which means that the two subspaces complementarily
explain the qualities. However, they do not satisfy the simple

sum relationship: RZYC £ R?Y. + R*Y.. This reveals that
the modeled quality information in the two different subspa-
ces may also overlap with each other. Besides, the modeled
process variations reveal the details of the process behaviors
in quality description over phases. For example, generally

RZ)A(‘,C > RZ)A(C, which indicates that when the common pat-
terns are put together batch-unfolding for the end-of-phase

AIChE Journal February 2011 Vol. 57, No. 2
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quality interpretation, they are modeled in a different way
from that when they are isolated for online application. Sum-
ming the process variations and quality variations modeled
over all phases respectively, we get values much more than
100%. It demonstrates that various phases cover overlapping
information resulting from the between-phase correlations.
They are not explored by the end-of-phase analysis which
considers each phase separately but will be modeled well by
the end-of-process analysis in which the between-phase cor-
relations are respected well. Therefore, the modeled process

variations RZXMQC and R*Xyic . are different from R*X. and

R*X. more or less, in which, some phase information is hid-
den whereas some information is newly exposed under the
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influence of between-phase correlations. It tells one when
the between-phase correlations are modeled, the manner or
contribution of various phases may be recomposed to a cer-
tain extent. Generally, the more serious the between-phase
correlations are, the greater the recomposition is.

For the test batches, first a post analysis is performed to
evaluate their similarity to the training batches. In Figure 8a,
the test batches are projected onto a lower dimensional fea-
ture space enclosed by the conventional MPLS’ on the train-
ing data and their variations are evaluated by the T2 statis-
tics. It is clear that they stay well within the normal region
defined by the training batches. Further, to visually track the
progress of their projections onto the feature space, the two-
dimensional LV planes are shown in Figure 8b taking t;—t,
and t3—t4 planes, for example, which both reveal that the test
batches are similar to some of the training ones. However, it
does not mean that these test batches can get accurate qual-
ity predictions, which should depend on the fitting ability of
the regression models to those similar training cycles. For
the 15 test cycles, quality analysis results are simply sum-
marized in Table 3. In those critical phases, the maximal
and minimal values of online quality variations are calcu-
lated for both quality variables. And in all formal phases,
the joint end-of-phase quality predictions are evaluated, as
well as the final end-of-process ones, which, comparatively,
are generally worse than those for training batches shown in
Tables 1 and 2.
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Table 3. Online and Offline Quality Analysis Result for

Test Batches

Predicted Quality Variations R? (%)

Rz?k,vc
Phase no. Min Value Max Value RZYC

2 - 60.11 68.25

5 87.18 89.48

7 54.57 60.24 73.94 80.39 91.85 97.25

8 61.06 66.30 95.03 98.81 88.55 96.22

10 89.40 94.74 93.97 99.58 96.78 91.32

11 86.42 90.81 95.49 97.87 94.52 95.35

13 - 95.18 96.71

14 92.41 92.61

16 95.79 91.43

20 17.63 13.77

22 76.30 75.19

23 96.93 94.97
R*¥mc 98.35
98.86
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Conclusion

In the present work, a methodology to gain process under-
standing and improve quality analysis by phase-based sub-
space separation and exploring how process variables affect
product quality in two different subspaces has been designed.
The contribution of this research is twofold. On the one
hand, it can automatically check the time-wise similarity of
the underlying characteristics within each phase. Then a
more general assumption, the phase-specific “partial similar-
ity,” is proposed. It can extract those really phase-common
patterns for regression modeling, which, thus, improves the
phase representability of online prediction model. On
the other hand, the different underlying characteristics of the
common and uncommon patterns are further analyzed offline
and their respective cumulative effects on qualities are
explored under the influence of within- and between-phase
correlations. In this way, one can better comprehend the
underlying phase behaviors and their manner in quality pre-
diction. Application to injection modeling case illustrates its
effectiveness.
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Appendix A: The second-step phase subdivision
strategy

The second-step subdivision strategy is implemented on
the basis of the first-step clustering result to judge whether
the clustering result is representative enough for each phase
and correct them where necessary. Here two statistical indi-
ces are combined, the index ¢ defined in Eqs. 3 and 5 for
measure of deviation from diagonality and the mean-squared
prediction errors (MSPE), which is calculated using test data

as MSPE = ;L-S70 S°0 (v, — §,,,)° (where, I, is the
number of test batches). They are used to check whether a
common subspace can be derived and whether the subdivi-
sion can improve the performance of quality prediction. It
should be pointed out that the second-step phase subdivision
strategy can be readily extended to the cases using other
multivariate calibration algorithms besides PLS-CCA algo-
rithm used here.

The input of the
involves:

(a) One data set within the same cluster, which has been
arranged variable-wise

(b) The minimum length of a phase (minlenphase)

(c) The respective improvement thresholds of ¢ and
MSPE to accept a subdivision

(d) The maximum number of phases within each cluster-
ing (maxnumphase)

The output is the phase subdivision result for the current
clustering.

The recursive calculation procedure is listed as below:

(1) Set the initial number of phases within this cluster
numphase = 1.

(2) Input the prepared data set, perform PLS-CCA on

them and figure out the possible common PLS-CCA sub-
~pls
space, in which, an interim A

second-step subdivision algorithm

veo-dimensional PLS subspace

and a A,co-dimensional CCA subspace are determined by
cross-validation to achieve the least statistical value .
Then calculate the resulting MSPE, based on the test data.
(3) For each sampling time (k) within the current data set,
if the subdivision in k generates two segments of length
higher than the minimum phase duration (minlenphase), per-
form PLS-CCA on the two segments, respectively; calculate

the resulting @f-' and ¢}-* for both segments based on the

same Ayco-dimensional PLS-CCA subspace (as well as the
—~pls

same interim Asco—dimensional PLS subspace). Then calcu-

late the corresponding quality prediction results MSPE{-'

and MSPEX-? based on test data.

(4) Find the sampling time (k°) at which the average of
o1 and ¢t'-? is lowest. Comparing both ¢f-' and ¢%->
with ¢,, if the improvement for either segment, @} ' — @
and @f—* — @, does not reach the predefined threshold,
then stop this branch.

(5) Otherwise, comparing both MSPE{‘L1 and MSPE{‘J*2
with MSPE,, if the improvement for either segment,
MSPEX-! — MSPE, and MSPE{-?> — MSPE,, does not
reach the predefined threshold, then stop this branch.

(6) Otherwise, accept subdivision and update the number
of phases in the initial cluster numphase: = numphase + 1.
If the current numphase is no longer less than the predefined
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maxnumphase, stop the iteration procedure, output the subdi-
vision result.

(7) Otherwise, recursively repeat steps (2)—(6) for either
of the two resulting segments respectively, each now

employed as the new input data set in step (2) as well as the
~pls  ~

updated initial parameters, A Aveo, @0, and MSPE,,.

ve0?

Some discussions

The basic assumption of the two-step phase division strat-
egy is that one common subspace really exists in each prop-
erly separated phase. Moreover, to guarantee that CCA can
be performed as postprocessing after PLS, generally, the

~pls
final dimensions of PLS common subspace (A, ) and PLS-

CCA common subspace (XVC) are expected to satisty
~pls —~ ~pls
2<A, <J and 1 <A, <min(A,,,J,) respectively. The
~pls
final common subspace is restricted by min(A,,J,) result-

ing from the CCA algorithm itself. Since in most cases,
~pls

Asc >Jy, due to the contaminated PLS LVs by the quality-
uninformative process variations, the final common subspace
is actually directly confined by the number of quality varia-
bles. Therefore, a common subspace with at least two com-
mon directions can be figured out. However, sometimes it is

possible that only one common direction exists (Ay. = 1),
which should be checked using another method different
from the present one. Here, it is just simply described. Con-
sidering the sole common direction should have a direct and
consistent regression relationship with the quality variables,
the squared correlation coefficient between the time-varying
first LV and qualities is used to evaluate the relationship,

2_ 1 2 :
corr; = g7~ > keey,er, COTTy (tk,c,yjy) (where, subscripts &, c,

and J, denote sampling time, phase, and quality variable,
respectively). The larger the value of corr?, the more similar
the time-varying first LV will be to quality variables. It is
well known that the squared correlation coefficient is
actually the coefficient of determination in simple linear
regression analysis.“o’41 Therefore, F-test*®*' can be used
here to define its critical value
) ~

(l—coi:'):zr;/(l—Z) ~ F‘“(A"C’I -
cance level), which can determine whether it can be
accepted. If it is declined, then no common subspace can be
found out. In contrast, a one-dimensional common subspace
can be figured out.

On the other hand, one restriction about the minimum
phase length has been imposed so that only the time regions
that are longer than the predefined threshold can be sepa-
rated as phases. However, for those operation patterns
between two neighboring phases, it is very likely that they
have the transition characteristics,'® showing the gradual
changes of underlying correlations from one phase to another
driven by the mechanical and physical operation principle.
Those transition patterns may always show high deviation
from diagonality (¢;) whenever they are classified into any
one phase. They should be isolated as individuals although
they are often shorter than the predefined minimum phase

ZVC — 1) (where, o is the signifi-
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length. This can be achieved by performing a post-process-
ing procedure on the second-step phase subdivision result by
checking the time-varying ¢, profile. Here for simplicity,
they are also called phase but do not participate in quality
analysis since they do not have stable regression relation-
ships.

Appendix B: MBPLS-CCA Algorithm
Input data X = [X, X5, ....Xp] and Y

Step 1

Perform regular PLS-CCA on X and Y to obtain the origi-
nal super scores tr and u.

Step 2

Performing PLS-CCA between X, and u,

Block weights:

Wy = Wi pis © Wheca (Where Wy, 6 is a Jy, X Ay, i-dimen-
sional PLS weights matrix, and Wy, o, is a Ay, pj-dimensional
CCA weight vector; Jy, is the number of process variables in
block data X, and Ay s is the number of retained block PLS
LVs.)

Block scores:

tb = Xb Wy and T = [tl, tz,...,tB]

Performing PLS-CCA between T and u,

Super weights:

wr = Wi © Wreca (Where W g is a B X App-dimen-
sional PLS weights matrix, and W, is a At ,,-dimensional
weight vector; At is the number of retained super PLS
LVs.)

Super scores:

tr = T - Wr

And get the new super quality score

wq=Y" t/th tr,u = Yq/q" q.

Compare the obtained new super score tt with the one in
the preceding iteration step. If they are approximately equal

([trnew — trowd| < ), stop; else substitute the new u for the
old one and begin another loop.

Step 3

Deflate residuals:

P, = Xity / tot,

Ep, =X, — topy, E=[E,E,, ... Eg]
F:Y—th

From here, one can go to Step 1 to implement the above
procedures for the new LVs, where X and Y are both
replaced by their corresponding residual matrices E and F.

Here some important points should be noted:

(a) In this algorithm, we employ regular PLS-CCA LVs
obtained from the whole process data as the initial points as
shown in Step 1. This usually makes the algorithm converge
very quickly, which has been verified in the implementation
procedure.

During the algorithm, to calculate each PLS-CCA block
score and super score respectively, multiple PLS scores are
prepared as shown in Step 2. This results from the consider-
ation that PLS LVs prepare possible quality-related process
variations for the following CCA postprocessing and then
only those closely quality-related process information will be
extracted from them by CCA.

By this algorithm, between-phase cumulative effects can be

more clearly revealed. Multiple block scores, %MC =

{TMCJ Ty, - TMC,C} and Tyc :[TMC,1 Tmc2, -, TMCA,C:| ,

are prepared in two different subspaces respectively, each
block score in either subspace revealing their different roles
and abilities in quality description under the influence of other

blocks. From them, the super scores, Tt and T, are retrieved
corresponding to two subspaces respectively.
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