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Multiway principal component analysis (MPCA) and multiway partial-least squares
(MPLS) are well-established methods for the analysis of historical data from batch
processes, and for monitoring the progress of new batches. Direct measurements made on
prior batches can also be incorporated into the analysis by monitoring with multiblock
methods. An extension of the multiblock MPCA/MPLS approach is introduced to explicitly
incorporate batch-to-batch trajectory information summarized by the scores of previous
batches, while keeping all the advantages and monitoring statistics of the traditional
MPCA/MPLS. However, it is shown that the advantages of using information on prior
batches for analysis and monitoring are often small. Its main advantage is that it can be
useful for detecting problems when monitoring new batches in the early stages of their
operation., the approach and benefits are illustrated with condensation polymerization
and emulsion polymerization systems, as examples. © 2004 American Institute of Chemical
Engineers AIChE J, 50: 1219–1228, 2004
Keywords: Batch monitoring, partial-least squares, principal component analysis, statis-
tical process control, on-line monitoring

Introduction

Batch and semibatch processes are the main production
devices in pharmaceuticals, paint-coating, adhesive, and in
most of the specialty-chemical industries. However, such pro-
cesses suffer from variations in initial charge, operating con-
ditions, and impurity concentrations in raw materials. To allow
for more consistent operation and final product quality, control
and monitoring schemes have been implemented around such
processes. The use of multivariate statistical process control
methods based on multiway principal component analysis
(MPCA), and multiway partial-least squares (MPLS), and their
associated monitoring statistics have been shown to be suc-
cessful with industrial data for both the analysis of completed
batches, and for the on-line monitoring of new batches
(MacGregor and Nomikos, 1992; Nomikos and MacGregor,
1994, 1995a,b; Kourti and MacGregor, 1995; MacGregor and

Kourti, 1995; Kourti et al., 1995, 1996). The success of such
methods is largely because of the fact that the type of normal
operating data necessary for building the required model is
always readily available, and that the statistical control charts
used for analysis and monitoring are easily developed from
these data. One of the main characteristics of such methods is
that the evolving within-batch measurement trajectories are
projected into low dimensional latent variable spaces that sum-
marize all the relevant information, and allow monitoring
charts to be built in the reduced spaces where visually inspec-
tion and interpretation are easier.

Multiway PCA and PLS for the analysis, monitoring, and
prediction of final product quality in batch processes were first
introduced by Nomikos and MacGregor (1992, 1994, 1995a,b).
They illustrated the detection of abnormal batches with several
criteria, such as the Q statistic (also known as square prediction
error (SPE) or distance to the model in the X space
(DMODX)), the instantaneous SPE (for on-line monitoring)
and the PCA or PLS score plots or equivalently Hotelling’s T2

statistic. Kourti et al. (1995, 1996) used multiblock methods
(MBPCA/MBPLS) to incorporate different initial conditions,
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modes of operation, and prior processing conditions into the
analysis and monitoring of batch processes. These multiblock
methods allow one to incorporate any measured variable from
prior batches into the analysis and monitoring schemes. In this
article, we propose a variation of these multiblock methods to
incorporate the PCA or PLS scores from prior batches.

Recently, Dorsey and Lee (2001) proposed a monitoring
framework based on state-space models that purported to con-
sider batch-to-batch variability more explicitly than the MPCA
and MPLS methods. The approach first uses MPCA to extract
the time and covariance structure of the data within batches,
and then uses subspace identification to obtain a state-space
model for these principal components. However, the proposed
methodology is useful mainly for detecting batch-to-batch vari-
ations only in the score space obtained from the MPCA model,
and has limited potential for detecting changes within batches.
By modeling only the score space (obtained by MPCA), the
identified state-space model accounts only for the batch-to-
batch variation in the score space of the normal (in-control)
runs. Because the PCA score space is completely orthogonal to
the SPE space of the MPCA model, then any charts based on
the model states or innovations will not be able to detect faults
that are detected primarily in the SPE space by the MSPC
methods (for example, faults that introduce totally new latent
variables or PC’s as opposed to those that simply induce larger
variations in the existing PC’s). Faults that affect both the score
and SPE space of the MPCA model might be detected if their
effect on the score space is strong enough. The shortcoming of
their proposed monitoring methodology results from the fact
that all information on the space orthogonal to the PCA score
space (that is, the SPE space) is lost. Furthermore, subspace
methods for system identification usually require many more
training batches to build the state space models that is normally
required to establish multivariate PCA/PLS models.

This article introduces a modified MPCA/MPLS procedure
that, besides retaining all the advantages of the MPCA/MPLS
methods for batch analysis and on-line monitoring, also en-
ables one to incorporate a summary of prior batch trajectories
and performance. The approach and potential benefits to be
gained from it are illustrated on simulations of two-batch
polymerizations processes: the condensation polymerization of
nylon and the emulsion polymerization of styrene.

MPCA and MPLS Monitoring Using Batch-to-
Batch Information
Preliminaries

An important question concerns “when data from prior
batches would be useful for the analysis and monitoring of
future batch processes?”.Clearly, a minimum requirement is
that they contain some information on effects that will have an
influence on the performance of the future batches. This im-
plies that there must exist some autocorrelation in important
performance variables from batch-to-batch. Such a situation
would arise if a common source of raw materials is being used
for successive batches, and the materials from this source have
some characteristics (for example, impurity concentrations,
surface chemistry properties, and so on) which change slowly
with time. Then one could expect the performance of future
batches to be related to that of recent past batches. If no such
batch-to-batch carry-over effect because of common distur-

bances is present, then the value of incorporating prior batch
information into MPCA or MPLS analysis or monitoring
schemes would be negligible.

Background

MPCA and MPLS perform PCA/PLS on the three-way ma-
trices arising from batch data (batches (k) �variables (v) �
time (�)) by unfolding and rearranging them into two-dimen-
sional (2-D) arrays as described in Nomikos and MacGregor
(1994, 1995a,b). To remove most of the possible nonlinearities
of the batch trajectories, mean centering around the average
trajectories and unit variance scaling is performed. Selection of
the number of principal components is often performed by
cross-validation methods (Wold, 1978; Krzanowski, 1987).
Literature describing concepts, fundaments and algorithms on
PCA and PLS is vast and, therefore, not addressed here (Geladi
and Kowalski, 1986; Jollife 1986; Wold et al., 1987; Höskulds-
son, 1988; Geladi, 1988; Geladi, 1989, Jackson, 1991; Kourti
and MacGregor, 1995).

Incorporation of batch-to-batch information into
MPCA/MPLS

To capture information in prior batches, one could directly
use the final quality measurement matrix (Y) taken on the
product from previous batches. These data can be easily incor-
porated into a matrix Z, and then existing multiblock ap-
proaches used for the analysis and monitoring of batch pro-
cesses (Kourti et al., 1995). However, this may not always be
possible. The product quality data for the last batch (y(k�1))
may not be available from the quality control laboratory before
the next batch is started. Furthermore, all the product quality
data are often not measured for every batch, and even those that
are measured may have large measurement error, and may not
be sufficient to capture all the relevant information from past
batches. Therefore, in this article we propose to use the final
PCA or PLS scores values (t1,t2. . .ta) from prior batches to
summarize all the variables and their time histories of the prior
batches. The idea is then to include these summarizing scores
from prior batches into the matrix Z for the current batch (k).
A multiblock MPCA or MPLS (MBPCA/MBPLS) is then used
to combine this batch-to-batch information (Z matrix) with the
trajectory data (X) for the current batches. The structure of the
resulting data matrices is illustrated in Figure 1. Each row, xk

T,
of the X matrix consists of measurements on all the process
variables at all time intervals for the kth batch, and the corre-
sponding row, zk

T of the Z matrix contains score values for each
of the past r batches, that is

zk
T � �t1

�k�1�, t1
�k�2� · · · , t1

�k�r�; t2
�k�1�, t2

�k�2� · · · , t2
�k�r�; · · · ;

ta
�k�1�, ta

�k�2� · · · , ta
�k�r�� (1)

Once the multiblock model has been built, this lagging of the
prior batch scores in the Z matrix poses no problem, and the
analysis and monitoring is easily accomplished with existing
multiblock MPCA/MPLS approaches (Kourti et al., 1995).
However, a problem arises at the model building stage, when to
build the MBPCA or MBPLS model, one needs complete data
for both the Z and X matrices for all batches in the training
data. However, the score values from prior batches needed to
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form the Z matrix will not be available until after the model has
been built. Faced with this dilemma, the following iterative
training approach to building the model is proposed.

(1) An initial MPCA or MPLS is carried out on the X matrix
only to obtain the scores for each batch belonging to the
training data set. The scores from this model are then used to
provide initial estimates (t̂) of the scores for prior batches to
include in the Z matrix that will summarize all relevant prior
batch-to-batch information, as illustrated in Figure 1.

(2) The Z matrix is then weighted, if desired, relative to the
X matrix (for example, block scaling), and an augmented [Z X]
matrix is used to perform another PCA or PLS, to obtain a
complete model incorporating both the prior batch information
and the current batch data. (If one does not wish to discard the
first r batches, then a missing data algorithm (Nelson et al.,
1996) can be used to account for the unknown prior batch
information arising from the lagging of the first r batches.)

(3) Repeat (2) until convergence of the scores (T) is
achieved (Figure 1), (Zi � Z(i�1)) � �; ¥j�1

a�r ¥m�1
k �m, j

2 (k,
a � r) � �, where i is the iteration number. In the examples
considered in this work, convergence of the scores was
achieved with direct substitution in a few iterations.

(4) At convergence, the final models, that can be used for
monitoring, analysis, and prediction are given by:

For PCA

�Z X� � �VT � E* (2)

For linear PLS

�Z X� � TPT � E

Y � TQT � F (3)

where V, P and Q are loading matrices determined at the model
building stage, and E*, E and F error matrices.

Each low dimensional (1� a) row of the (n �a) score

matrices � or T (��[ZX]V and T�[ZX]W*) provides all the
statistically significant information on the relationships among
the prior batch histories (rows of Z), and the time histories of
all the variables in the current batch (rows of X). Separate
loadings and scores for the Z and X matrices in a multiblock
scheme then can be obtained directly from the above MPCA or
MPLS models (Westerhuis et al., 1998).

The iterative scheme is only necessary for model building.
Once the model is identified, the iterative scheme is not needed
and monitoring, analysis, and prediction can be performed in
the same way as is done in normal MPCA and MPLS methods.
For example, for each new batch, the history of prior batches
(rows of Z), and the process trajectory (a new row, xnew

T , of X)
are both available to calculate the score values t1,t2. . .ta for the
current batch. Therefore, the use of the proposed approach
(Figure 1) will allow one to efficiently incorporate prior batch
information into a single model for both the analysis of com-
pleted batches and for the on-line monitoring of new ones.
Moreover, all the benefits and statistical analysis tools of the
conventional MPCA and MPLS methods will be retained. The
approach can also be easily extended in cases that a nonlinear
PLS method is needed (Wold et al., 1989; Frank, 1990; Wold,
1992; Berglund et al., 1997).

For analysis or monitoring, several different combinations of
the matrices shown in Figure 1 can be used. To monitor only
batch-to-batch changes, the Z matrix contains all the necessary
prior batch information, which is summarized by the past
scores. Multivariate control charts based on Z alone, would be
sufficient for detecting changes in the autocorrelation structure
of the batch-to-batch behavior, such as might arise from chang-
ing feedstocks of raw materials. With the X matrix alone would
allow one to analyze and monitor only the within batch changes
(conventional MPCA/MPLS). With both the Z and X matrices
allows for complete treatment of both batch-to-batch and
within batch changes within the same MBPCA/MBPLS model.

Model building: Selection of number of lags

After convergence of the lagged-scores (Z) has been
achieved, the number of significant lags (number of prior
batches, r, used in the Z matrix) can be determined by inspect-
ing the values of the loadings for the lagged scores in Z (pz).
If the loadings on all the scores in Z for all batches beyond a
certain lag are small, then these lags can be dropped, and the
model reiterated again until convergence. To illustrate this, an
example is shown in Figures 2a and 2b (Case study 1 for the
detection of change in correlation in the emulsion polymeriza-
tion of styrene, for large positive batch-to-batch correlation
(��0.9), and for small batch-to-batch correlation ((�;�0.2),
respectively.) In Figure 2a, it can be seen that only the two
loadings pz,1

(k�1), pz,2
(k�1) (from the first principal component, t1)

associated with the immediately preceding batch (k-1) are
large, indicating that only one lag (and two scores (T), Eq. 1)
need to be used in model building. Moreover, the method can
also detect when the incorporation of previous batch informa-
tion would be of little value, as shown in Figure 2b, where it
can be seen that the values of pz are small for the previous
scores at all past lags.

Figure 1. MPCA monitoring scheme with batch-to-batch
information.
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Off-line analysis and on-line monitoring studies

Systems. The approach is illustrated with two simulated
polymerization systems, one is the condensation polymeriza-
tion of nylon 6,6 and the other is the emulsion polymerization
of styrene. It is important to notice that the usefulness of the
previous batch information for on-line monitoring will be
greater in early stages of the process, because in later stages
most of the information is contained in the on-line measure-
ments taken from the current batch (k). For many industrial
processes, as those used here for illustration purposes, the main
sources of disturbances occur at the start of the process because
of initial charge conditions or impurity variations in the raw
materials. Therefore, a monitoring scheme containing batch-
to-batch information may be useful in providing a more con-
sistent and faster detection of early disturbances (as long as

these have a degree of batch-to-batch correlation). In what
follows a brief description of the systems and conditions on
which the monitoring studies were performed is presented.

Condensation Polymerization. The first process considered
here is the batch condensation polymerization of nylon 6,6. A
detailed theoretical model for this process was developed by
Russell et al. (1998a), and is used in this work. Details about
the model and model parameters are described in the original
publication. The focus of this study will be on the initial
polymerization stage of the batch, from the initialization of the
process to the opening of the vent valve (around 35 min). This
is because the decision when to open the vent valve is key to
control the achievable product quality (Russell et al., 1998a.)
However, the results of this initial polymerization stage are
indicative of the complete batch because the main source of
disturbance is the fluctuation of the feed water (W) (a single
evaporator usually serves several reactors (Russell et al.,
1998b)).

For on-line monitoring, measurements include reactor pres-
sure, steam jacket pressure, reactor temperature, and vent flow
rate. However, steam jacket and reactor pressure are considered
here as manipulated variables that remain at their initial set
points during the early phase, and so need not to be included in
X (If variations exist in these variables, their trajectories should
be included in the X matrix). Moreover, at the initial heating
stage the vent readings are zero because the vent valve is close.
Therefore, the available on-line information comes from the
reactor temperature readings, Tr (used every 15s. in the PLS
model). The end quality variables are amine end groups (NH2)
on the polymer molecules, and the number-average molecular
weight (MW) at the end of the reaction (200min). The quality
and process measurements are corrupted by normally distrib-
uted random error with magnitudes reported in Table 1.

Emulsion Polymerization. A nonlinear model, with simple
kinetics, to simulate the styrene emulsion polymerization was
developed by Lynch and Kiparissides (1981), and is used in
this work. This model, originally developed for tubular reactors
with full recycle, has been adapted for use in batch and semi-
batch processes. For a complete description of the model and
model parameters the reader is referred to the original publi-
cation. The focus of this study will be on the initial polymer-
ization stage of the batch, from the initialization of the process
up to 40 min. This is because the particle generation is of short
duration (	40min), and early detection of abnormal conditions
of the batch would allow one to take faster corrective action.
Moreover, the results of this initial polymerization stage are
indicative of the complete batch because once the particle
generation is over there is almost no further change in the
number of particles. The main source of variation considered in
this study is variation in the surface chemistry properties of the
emulsifier. Particularly, these surface chemistry variations af-
fect the surface covering potential as of the emulsifier. This
disturbance has a great effect on the number of micelles formed
and, hence, on the number of polymer particles nucleated (Np),

Figure 2. Selection of the number of significant lags for
model building.
(a) large (��0.9), and (b) small (��0.2) degree of batch-to-
batch correlation (Case 1, detection of change in correlation).

Table 1. Measurement Noise for Condensation System

Measurements �%

X Tr 0.1
Y NH2 0.1

MW 0.3
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as well as on the resulting conversion. On-line reactor Tr and
jacket temperature Tj measurements are considered to be avail-
able every minute. The end-quality variables are conversion C
and number of particles (Np) at the end of the batch (480min).
The quality and process measurements are corrupted by nor-
mally distributed random error with magnitudes reported in
Table 2.

Data History Generation. For the condensation polymer-
ization system, 200 batches were used to generate the normal
data history used as a training set, whereas in the case of
emulsion polymerization 150 batches were generated. How-
ever, adequate MPCA/MPLS models can be built with many
fewer batches (Nomikos and MacGregor 1995a; Kourti et al.,
1996.) For both systems, the normal batch history was gener-
ated by assuming that the disturbances dk (W for condensation
polymerization, and as for emulsion polymerization) vary from
batch-to-batch in a correlated manner according to the autore-
gressive model

dk � �dk�1 � �k (4)

where � represents normal distributed random error and �
represents the degree of batch-to-batch correlation. Two types
of correlation are studied for each system: Strong (��0.8 for
condensation and ��0.9 for emulsion) and weak correlation
(��0.2 for both systems). For each type of correlation, a
training set was generated.

Case Studies

Several Case studies for the off-line analysis of completed
batches and for the on-line monitoring of new batches were
performed in both systems for low and high batch-to-batch
correlation in the disturbances. Process faults or upsets were
introduced including changes in the batch-to-batch correlation
structure, slow drifts and short-lived upsets. For the sake of
brevity, only some of these Case studies are presented, as
shown in Table 3 for the high correlation structure where the
benefits of inclusion of prior batch information in the model are
more evident. In the Case studies, comparison between MPCA/
MPLS with no information on prior batches and the proposed
approach (MBPLS/MBPCA with prior batch information, Z
matrix) is performed.

Case Study 1: Detection of changes in correlation from
batch-to-batch

The purpose of this section is twofold: (1) to show that a
proper SPC monitoring method based on MPCA/MPLS should
not alarm for changes in batch-to-batch correlation if these
changes are not important to product quality (final product
quality only depends on the magnitude of the disturbances not
on their time order or equivalently their batch-to-batch corre-
lation structure), and (2) to show that, if needed, changes in
correlation can be easily detected with previous batch infor-
mation.

In this example, a change in the degree of correlation, of the
testing data set, from � �0.9 to � �0.2 is performed (Eq. 4)
at batch 26 for the emulsion polymerization system (the vari-
ance of � was adjusted as describe in Dorsey et al. (2001) to
keep the total variance of the raw material qualities at the same
level).

In Figure 3a, batch-to-batch evolution of the final quality
properties (C, Np) is shown for this example with a Hotelling’s
Ty

2 chart (Tracy et al., 1992). Figure 3b shows the correspond-
ing batch-to-batch evolution of the SPEx (Qx statistic) obtained
by performing normal MPLS on the batch data only (no inclu-
sion of previous batch information) together with their 95 and
99% confidence limits (Nomikos and MacGregor, 1994,
1995a). Note that the SPEx does not detect the change in the
degree of correlation. However, this is what should happen
because, as can be seen in Figure 3a, the end quality properties
are clearly still in a state of statistical control. Any method that
alarms in this situation (Dorsey and Lee, 2001) is misleading as
a monitoring method for the health of the batches. We stress
this point because a recent publication (Dorsey and Lee, 2001)
has used the lack of detection of this change in batch-to-batch
correlation structure by MPCA/MPLS as a negative result for
these methods. However, as shown earlier, it is clearly a
positive feature if the objective is to monitor the health of the
batches.

Changes in the disturbance correlation structure, although
usually not important for product quality can be important, and
should be monitored, if the disturbance correlation structure is
being used somehow in a batch-to-batch control algorithm
(Chin et al., 2000). In that case the manipulated variables set
points are being changed for new batches based on assuming a
previously identified disturbance autocorrelation structure. If
this autocorrelation structure were to change suddenly, the
batch-to-batch control scheme based on the assumed value
should lead to poor results and degrade the quality. In this
situation, changes in the batch-to-batch correlation can be
detected simply by performing PCA on the Z matrix of previ-
ous batch scores (Figure 1) and monitoring their SPEz (Qz

statistic) and Hotelling’s Tz
2. In this case, it may be necessary

to include enough lags (r) to allow for adequate modeling of
the batch-to-batch structure. The detection of a change in the
correlation structure of the emulsion process at batch 26 from
��0.9 to ��0.2 when the number of lags r�10, is shown in
Figure 4.

Another simple alternative to detect changes in the degree of
correlation is by fitting a time series model (for example
AR(1)), to the scores t obtained from the normal MPLS model
on [X Y]. The estimated value of �̂ would then represent the
degree of correlation. Change in the correlation structure of

Table 2. Measurement Noise for Emulsion System

Measurements �%

X Tr 0.05
Ti 0.05

Y C 0.1
Np 0.1
Dp 0.1

Table 3. Monitoring Case Studies*

Case Studies Off-Line On-Line

1. Change in correlation Emulsion —
2. Small drift Condensation Condensation
3. Short-lived upset — Emulsion

*For strong (� � 0.9 and � � 0.8) and weak (� � 0.2) batch-to-batch
correlation in disturbances.
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new incoming batches can be monitored with a simple
Shewhart chart on the residuals (�) of such time series model

�k�tk 	 �̂tk�1 (5)

and confidence limits established based on the variance of the
residuals. This is illustrated in Figure 5 for the case in which
the first principal component t1, of the normal MPLS is mod-
eled.

Case Study 2: Detection of a slow drift in the water
content of the salt (W) over many batches

Off-line Analysis. In this example, the objective is to detect
a slow drift of the product quality for the condensation poly-
merization process when there is a slow drift in the initial water
content (W) of the incoming batch, as well as a common cause

batch-to-batch correlation of ��0.8 in W. It is expected that,
with batch-to-batch information, faster detection of the drift
will be achieved because, as can be seen in Figure 6a, W is
progressively getting worse over many batches (drift begins at
batch 26). In Figure 6b, a Hotelling’s T2 chart for monitoring
the batch-to-batch evolution of the end-quality properties
(NH2, MW) is shown for the 50 batches, whereas in Figure 6c
and 6d the t1 score obtained from normal MPLS and MBPLS
(with both X and Z), is shown, respectively. In these Figures,
a statistically significant out of control region (at 
�0.01
significance level) is detected only at batch number 50. Note
that including information (Z) on previous batches did not
improve the time to detection (Figure 6d). This result shows
that the use of such prior batch information is of limited value
once one has complete information on the current batch.

A faster detection of this type of events would be beneficial
because would allow one to correct for the disturbance before
the quality properties are off-specifications. The simplest way
to detect small drifts, trends or mean shifts is by the use of a

Figure 3. Off-line batch-to-batch monitoring of the
emulsion polymerization system for a change
in the autocorrelation structure of the distur-
bances at batch 26.
(a) Hotelling’s T2 for the final quality data (C, Np), (b) SPEx
(Qx) on X data using normal MPLS.

Figure 4. SPEz for detection a change in correlation from
��0.9 to��0.2 (change at batch 26) using
r�10 lags.

Figure 5. Monitoring of residuals (�) for t1 from normal
MPLS.
Change in correlation from ��0.9 to ��0.2.
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cumulative Hotelling’s T2 (�) obtained from either multiblock
or normal MPLS. Two alternatives are shown: Crosier (1988)
proposed computing Hotelling’s T2 at each observation, and
then computing the cumulative of the scalar distance T2 as

�i � max
0, �i�1 � Ti 	 �� (6)

This multivariate CUSUM scheme signals an out-of control
situation when �i �h. The limit h and the parameter � where
chosen as suggested by McNeese et al., (1991): � � �/ 2 and
h � 4.5�. Alternatively a finite-horizon cumulative Hotell-
ing’s T2 (�i) may be used (Dorsey and Lee, 2001)

�i � �
i�k�r1

k

Ti
2 (7)

where r is the number of previous batches over which the
summation is taken. Figure 7a shows the CUSUM on Hotell-
ing’s T2 (�i) obtained from Eq. 6, whereas in 7b �i obtained
from Eq. 7 with r�10 for normal MPLS. It can be seen that, in
both approaches, the small drift can be detected around batch
47, slightly earlier than with the direct use of hostelling T2

(Figure 6c,d).

In this section, we have considered the use of previous batch
information in the detection of changes in batch-to-batch cor-
relation, and for the detection of slow drifts for case in which
the batches have already been completed (off-line analysis). In
the next section, the benefits of the incorporation of prior batch
information in the on-line monitoring of new batches are in-
vestigated.

On-line Monitoring. In on-line monitoring, at any time
during the batch, future unknown measurements need to be
estimated. Nomikos and MacGregor (1994, 1995a) proposed
three alternatives to estimate such measurements, and found
that the approach that uses a missing data algorithm was
generally superior and so is used here.

In this example, the slow batch-to-batch drift in the initial water
content (W) together with a common-cause batch-to-batch corre-
lation (��0.8), as shown in Figure 6 is also used to illustrate the
effect that the inclusion of previous batch information (Z matrix,
Figure 1) has on the on-line monitoring of new batches. The
on-line t1 score plots from the MBPLS with prior batch informa-
tion is shown in Figure 8a for batches 1 (normal operation con-
dition), 47 (out of 95% CI), and 50 (out of 99% CI). The on-line
t1 score plot obtained from normal MPLS without use of prior
batch information for the same batches is shown in Figure 8b (note
the difference in scales from both figures).

Figure 6. (a) Disturbance trend for water content (W); (b) Hotelling’s T2 on the batch final quality data (Y); (c) t1 score
from MPLS; (d) t1 score from MBPLS.
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From this Figure it is evident that with the incorporation of
batch-to-batch information in the on-line monitoring scheme,
smaller and more consistent confidence intervals are obtained.
Detection of the abnormal situation caused by the slow drift in
the inlet water concentration is also achieved faster. As shown
in Figure 8a, by incorporating information on previous batches,
the starting t1 score values for each successive batch slowly
rises, and by batch 47 to 50 it is evident that a fault is present
almost from the first sample point. Without the information on
prior batches to confirm this gradual batch-to-batch trend, the
detection of the problem takes longer as seen in Figure 8b.

The importance of the previous batch information (Z matrix)
can be scaled-up or scaled-down, allowing for increased sen-
sitivity on batch-to-batch abnormalities. The effect of scal-
ing-up the Z matrix is illustrated in Figure 9 for the same case
as discussed in Figures 6, 7 and 8 (slow drift upset in the
condensation polymerization system.) To allow for a direct
comparison, normalization of the scores and confidence limits
(CI) has been performed

t*1 �
t1

99% CI
; CI* �

CI

99% CI

Three cases are shown: (i) normal MPLS with no prior batch
information (*); (ii) MBPLS including prior batch information,
Z () (unit variance scaling in the Z matrix, scaling factor
(SF�1)) and (iii) MBPLS when the Z matrix is up-weighted by
a factor of 2 (SF�2). Figure 9 also more clearly demonstrates
the use of prior information (Z) in on-line monitoring. Note
that, by the end of the batch, all methods end up giving
approximately the same normalized score values and indicating
an out of control situation. This is consistent with what was
shown in the previous section on off-line analysis. However,
with the use of prior batch information (Z) this slow batch-to-
batch drift in the water content of the feed is detected much
earlier in the batch. The prior batch information (Z) essentially
gives the MBPLS a head start by giving initial score values

Figure 7. Detection of drift with cumulative Hotelling’s
T2 (�).
(a) Eq. 6, and (b) Eq. 7 with r�10 for normal MPLS.

Figure 8. t1 on-line monitoring for detection of drift with
��0.8.
(a) MBPLS with prior batch information; (b) normal MPLS.
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close to the final score values of the previous batch, whereas
the regular MPLS approach has to start again from scratch and
learn from the early data from each new batch.

Use of Contribution Plots in Assessing Past Batch Informa-
tion. When using previous batch information (Z matrix) in
MBPLS/MBPCA for on-line monitoring of new batches, once
an out of control signal is detected, contribution plots
(MacGregor et al., (1994); Kourti and MacGregor (1995)) can
be inspected to determine to what extent previous batches
(t1. . .tr scores in the Z matrix), and on-line measurements
within the current batch (x data) are contributing to such a
signal. The contribution plot for the t1 score plot in Figure 9 at
time interval 4 (99% control limit violated) for batch 50 (SF�2
in Z matrix) is shown in Figure 10. The contribution plot
clearly shows that it is the variation in prior batch scores that

are contributing to the alarm and not the temperature measure-
ments Tr in the early part of the current batch.

Case Study 3: Detection of a Short-Lived Upset in a
Single Batch

In this case, the objective is to show that, for a short-lived
upset in the current batch (affecting the end-quality properties
of that batch), the use of batch-to-batch information will not
add any benefit to an on-line monitoring scheme or off-line
analysis. A Monte Carlo simulation study was performed, in
which 50 different testing datasets with correlation��0.9 were
generated for the emulsion polymerization system. In every
new testing dataset a short-lived upset (arising from surfactant
variations affecting as) was introduced at batch 40. Results
from the Monte Carlo simulation are shown in Table 4. The
average times to detection of the upset indicated by an out of
control signal in the t1 score (at 
�0.05 and 0.01 probability
limits) are seen to be even a little slower by including batch-
to-batch information than when this is not included. More
details are shown in Flores-Cerrillo (2003) including the use of
prior batch information to improve the inferential prediction of
end quality properties.

Summary and Conclusions

The use of information from previous batches has often been
of use in the optimization of batch processes. These batch-to-
batch control and optimization methods use the repetitive na-
ture of batch processes to learn about the effects of past
optimization moves and, hence, to achieve better operating
trajectories in a short time. In these problems prior batch
information is essential. However, benefits of using informa-
tion from previous batches to aid in the monitoring of existing
batch processes that are being operated about a fixed set of
manipulated variable trajectories is less certain. This latter
problem is addressed in this article.

An explicit procedure is presented for the incorporation of
information from prior batches into multivariate statistical pro-
cess control schemes based on multiway PCA/PLS for moni-
toring batch processes. The approach involves incorporating
the scores values, summarizing the operation of immediately
preceding batches, into the MSPC scheme for the current batch.
At the model building stage, this is shown to require an
iterative scheme to develop the necessary PCA/PLS models.
These models can then be use in the same straightforward
(noniterative) manner, as regular MSPC approaches to monitor
new batches.

Simulations on two-batch polymerization systems are used
to demonstrate the method and to illustrate its potential. It is
shown, that for off-line analysis or monitoring at the end of
each batch, incorporating prior batches with this method pro-
vides little advantage over the usual MPCA/MPLS methods

Figure 9. Normalized on-line score plots and the effect
of scaling-up the Z matrix.
Normalized t*1 plot for batch 50 (��0.8). (*) normal MPLS,
() MBPLS (unit variance scaling in the Z matrix, scaling
factor (SF)�1), and (o) MPLS with SF�2 in the Z matrix.

Figure 10. Contribution plot to component 1 up to time
4.
Abnormal batch for slow drift case (batch 50).

Table 4. Monte Carlo Simulation Results for Short-Lived
Upset. (The Numbers Indicate the Average Time to

Detection of the Fault)

CI

MBPCA MPCA

95% 99% 95% 99%

Average 13.8 23.24 9 18
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based on only the current batch data. In on-line monitoring, by
incorporating prior-batch information, smaller and more con-
sistent control limits and scores for the early stages of the
process and faster upset detection of abnormal process condi-
tions can be achieved. However, because the past batch infor-
mation is more important at early stages of the batch and
generally vanishes as more on-line measurements are available,
only those process that have limited information at the begin-
ning of the batch would benefit much from this methodology.
Moreover, for processes that are only weakly batch-to-batch
correlated or that suffer from random batch-to-batch distur-
bances, no benefit should be expected.
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