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Based on the concepts laid out in an earlier article (Jaeckle and MacGregor, 1998),
this paper defines the problem of mowving the production of a particular product grade
from a plant A to another plant B when both plants have already produced a similar
range of grades. Since the two plants may differ in size, configurations, and so on, the
process conditions required to produce any given product grade may be very different in
the two plants. How historical process data on both plants may be utilized to assist in
this problem is investigated. A multivariate latent variable method is proposed that uses
data from both plants to predict process conditions for plant B for a grade previously
produced only in plant A. The approach is illustrated by a simulation example.

Introduction

Industrial processes often produce a variety of different
grades of a product (e.g., a polymer) by simply changing the
operating conditions and the ratio of ingredients in the feed
to a continuous process or in the recipe of a batch process.
The quality specifications for the different grades are typi-
cally measured by a set of quality variables such as tensile
strength or melt flow index. When the production of a cer-
tain grade is transferred to a second process or another plant,
it is very important to achieve identical-grade quality from
both production sites. This ensures that customers who re-
ceive the product will not notice any difference between the
grades from different plants.

Consider two similar plants, A and B, at two different loca-
tions. Both plants produce products out of the same product
family (e.g., LDPE film grades or polymer latex coatings).
They may even have some overlap in their product lines, that
is, some of the grades may already be produced in both plants.
The necessity often arises for a grade that is currently only
manufactured in plant A also to be produced in plant B with
the same quality specifications. Another problem is where the
same grade is already being produced in both plants, but the
product quality from the two plants is different enough that
customers receiving the grade from both plants notice a per-

Correspondence concerning this article should be addressed to J. F. MacGregor.
Present address of C. M. Jaeckle: Wacker Polymer Systems, Postfach 1560, 84483
Brughausen, Germany.

AIChE Journal October 2000

formance difference. There is then a need to adjust the con-
ditions of one of the plants to eliminate this difference.

Although making products from the same family and based
on the same physical principles, the two plants might be of
different size and configuration, or use different technology.
They also might have different raw material suppliers, cool-
ing water temperatures, among other things. Therefore, in
order to produce identical quality on a particular grade, the
operating strategies and conditions for production of this
grade will look different for the two plants. The following
questions are dealt with in this article. How can we use the
information on existing product grades manufactured in both
plants A and B, and on the new grade in plant A to find the
corresponding process conditions needed to manufacture the
new grade in plant B? If both plants are currently producing
the same grade, how can we use the data from both plants A
and B to adjust the conditions of plant B in order to align
their product qualities more closely?

Different approaches could be considered. If a detailed
mechanistic model for plant B existed, then an optimization
approach could be used to find the new conditions. Alterna-
tively, an experimental program employing designed experi-
ments could be carried out on plant B. If historical process
data exist for the two plants, however, it may be beneficial to
explore those first before resorting to more expensive studies.
A databased approach will in general take less time, be more
cost effective, and will reveal what one might be able to ac-
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complish based on existing process data from the two plants.
Depending on the available data, it may directly lead to new
process conditions for the second plant that yield the de-
sired-grade quality, or it may at least provide a good starting
point for such new conditions, which can then be refined
through further experimentation.

We propose a databased solution to the problem using la-
tent variable concepts. The idea can be seen as an extension
to the problem of product grade design (within one plant)
presented by Jaeckle and MacGregor (1998) and applied to
industrial data in Jaeckle and MacGregor (2000). The cur-
rent problem could be solved considering only data from plant
B for which the new process conditions are sought, and ap-
plying the method of product-grade design suggested in those
former articles. In this case, however, data on plant A also
exist as does knowledge on how the desired grade is manu-
factured there. Therefore, we investigate approaches that also
make use of this additional information, available in the data
for plant A.

The methodology can be applied to either continuous pro-
cesses or batch processes. In general, data for this problem
are assumed to consist of (a) the values for the variables de-
scribing the quality of each product grade, and (b) the corre-
sponding process operating conditions for each grade. The
latter are typically characterized by the set of process vari-
ables that can be independently manipulated. For a continu-
ous process, these consist of the steady-state operating points
of feed rates, temperatures, and so forth. For a batch process
they include the recipes for the different grades—that is, the
different amounts of ingredients charged to the reactor, as
well as, feed rate profiles (if semibatch operation is used)
and operating profiles of process variables such as tempera-
ture or agitator speed throughout the batch history.

If the m manipulated variable values and k quality values
for a grade are arranged as two row vectors, then those row
vectors for all n product grades can be used to construct two
matrices X (nxX m) and Y (nXx k), where X contains the
operating conditions for all the grades and Y the correspond-
ing qualities. Each row in X and Y corresponds to one grade.

The relationship between operating conditions and grade
qualities within plant A can then be approximated by a model
Ya= fa(X,). In the same way a model can be built for plant
B [Yg = fg(Xg)]. The objective is to predict process condi-
tions xg  for plant B that result in the grade quality yX |,

pred des
which so far has been only achieved by plant A—Dby using the
historical data X,, Xg, Ya, Yg-

In many cases there are fewer quality variables than ma-
nipulated process variables, and the mathematical problem
of finding new process conditions is underdetermined. How-
ever, those physical variables are typically not independent of
each other, but are often highly correlated. It is therefore
important to maintain the covariance structure
present in the historical data from plant B when predicting
new process conditions for plant B.

This idea leads to the concept of latent variable methods
where the correlated physical variables are transformed into
a smaller set of independent latent variables. Using such la-
tent variables serves to predict process conditions that are
consistent with the operating strategies of the plant from the
past. This helps to prevent process upsets when testing the
new conditions. It also ensures that the new operating condi-
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tions maintain the structure of the historical data, and there-
fore lie within the feasible operating region of plant B. A
good overview of multivariable latent variable methods, such
as principal components analysis (PCA), principal compo-
nents regression (PCR), and partial least squares or projec-
tion to latent structures (PLS) is given in Geladi and Kowal-
ski (1986), Wold et al., (1987a), Martens and Naes (1991),
and Burnham et al. (1999).

The outline of the article is as follows. The different data
matrices that are assumed to be available for this problem
are introduced in the next section. This leads to the question
of which product grades should be included when building a
model that is used for the current purpose. The section on
selection of grades addresses this issue and describes a strat-
egy for selecting the grades that are benefical to solving the
problem. Afterwards the pretreatment of the data is out-
lined. This is followed by the description of an approach that
can be applied to combine the data from two plants in order
to derive plant B process conditions for a grade so far pro-
duced only in plant A. The approach is illustrated by a simu-
lation example. A few additional issues and ideas are dis-
cussed in the final section.

Although a few key points are repeated here, the reader is
referred back to the earlier article by Jaeckle and MacGregor
(1998) for a general philosophy on databased approaches to
this type of problem.

Data Structure

Before looking at possible solutions, we discuss the struc-
ture of the data that one would typically expect in this kind
of problem. We assume data for a series of grades belonging
to the same type of product to be available for both plants.

Each plant is characterized by a matrix X containing the
average process conditions of the plant for each grade pro-
duced in it, and a matrix Y that contains the corresponding
quality measurements for those grades. Obviously each plant
can have produced a different number of grades out of that
product family. This number is denoted by n, and ng, repec-
tively, and marks the number of rows in the data matrices X
and Y for the two plants. In the matrices for one plant each
row corresponds to a particular grade.

In case there are common grades between the two plants,
we denote the matrix that contains the quality specifications
for those common grades by Y,, to contrast with grades that
are produced either only in plant A, Y,,, or only in plant B,
Ygu,» Where “c” stands for “‘common” and “u” for “unique”.
(Grades that are supposed to be identical in both plants, but
do not turn out that way, belong to matrices Y,, and Yg,.)

YAu

Y,

c

for now contains all the grades that have been produced in
plant A. (In the section on selection of grades we test whether
some grades may have to be eliminated from the initial Y, in
order to benefit the databased approach to this problem.) In
the same way matrix Yy consists of all the grades that are

The (n, X k) matrix Y, is constructed as Y, = and

YC .
. These Y-matrices
YBL

are assumed to contain the same number of columns (k) with

available from plant B, where Yg =
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each of the k quality variables corresponding to the same
columns in Y, and Yg.

The process conditions for both plants resulting in the re-
spective grades that are unique to each plant are denoted by
Xaur» Xgy- Their rows relate to those of Y,, and Yg,. The
process conditions for the common grades are summarized in
matrix X, for plant A, in Xg, for plant B such that their
respective rows correspond to the grades in Y.

The process data for each plant can be combined to a (n,

X
X m,) matrix X, = A“} and a (ng X mg) matrix Xg
Ac
X
= XBC . Since the two plants are expected to be dissimilar
Bu

in several ways, some of the process variables used in X,
may differ from those used in Xg. One can also expect the
number of process variables in the two plants to be different
(my # mpg).

Figure 1 shows these different data blocks. The question
that arises is: How can the different blocks be used in pre-
dicting plant B process conditions for the desired grade y,IdES,
which so far has only been produced in plant A?

Obviously, the main information on how to find such con-

X
ditions for plant B is contained in Xg= XB° and Yg
Bu
Y, .
= . However, we already know how to produce dees in
Bu

plant A, and how the process conditions in both plants (X .,
Xg) are related to the quality measurements of prior com-
mon grades (Y,). Adding this information on Xy, x4_ , and
yf\des to the information on plant B can be beneficial in deal-
ing with this problem.

}A YK
XAu YAu
XAc | XBec Ye
Xades 22222222272722 Vades.
XBu YBu
XB YB

Figure 1. Data structure for process conditions and re-
sulting quality in two plants A and B.

Process conditions for plant B that need to be determined
are denoted by ???.
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The data on the “unique” grades in plant A (X,,, Ya,) are
useful in helping to better define the latent variable space of
Xa» Ya. To help with prediction of plant B conditions, how-
ever, only those grades of Y,, that are consistent with the

Y
covariance structure of the plant B grades (YB= [YC D
Bu

should be retained. This is discussed further in the next sec-
tion.

Ideally one would prefer a method that employs all the
relevant information in the data blocks. However, there are
some simple approaches that use only a subset of informa-
tion:

1. Xz — Yg: Using PCR or PLS to model the relationship
between the plant B process conditions and the product qual-
ity in plant B, one of the inversion approaches of Jaeckle and
MacGregor (1998) could be applied, and process conditions
for the new grade predicted.

2. Xpo— Xge: If there are enough common grades be-
tween the two plants, and especially if at the same time the
two plants are very similar, then a latent variable model (e.g.,
PLS) relating X,. and Xg, could be used to predict a new
set of process conditions for y}des for plant B from the corre-
sponding process conditions in plant A. But especially when
parts of the equipment in the two plants or the operating
strategies are very different, it is likely that process condi-
tions in plant A can predict only some features of the corre-
sponding process conditions in plant B. In other words, X,
will most likely not project into all of the directions spanned
by Xg. [A possible combination of the previous two ap-
proaches is suggested in Jaeckle (1998).]

XAC XBC YC

T 272yl
XAdes Y yAdes

Process conditions from both plants for only the common
grades and the corresponding quality measurements can be
combined in one matrix. A model can be fit to describe the
variation within this data structure. The plant B process con-
ditions for dees can then be treated as missing data, and their
expected values, given the values for the quality measure-
ments y,IdES and the process conditions for plant A x}des, can
be calculated based on the model. This approach would be
analogous to the Conditional Expectation approach pre-
sented in Jaeckle and MacGregor (1998) for a single plant.

Since the preceding approaches use only part of the infor-
mation available, they will not be discussed further. The ap-
proach outlined later on in this article is an attempt to use as
much of the relevant information as possible. In particular, it
will use Xg, Yg, and selected grades from Y, to build an
extended PCR-model. The part of this model that corre-
sponds to plant B is then inverted for a desired grade from
plant A, y,ldes, to predict plant B process conditions for this
grade.

Selection of Grades

There is no guarantee that all the grades that have been
produced by plant A can be produced by plant B, even if
there exist some common grades between the plants. Only
grades from plant A that conform with the covariance struc-
ture of the quality data for plant B grades will be of support
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in designing process conditions in plant B. The quality matri-
ces Y, and Yy each span a space within which the respective
plant has been producing grades so far. A databased ap-
proach should only attempt to predict conditions for a new
grade if it lies within the same space spanned by the Y-matrix
for that plant.

In order to select the grades from plant A that might be
produced in plant B, and that may prove useful in building a
model, we need to compare the spaces that are spanned by
Y, and Yg, respectively. Several situations can be distin-
guished.

1. Both spaces, Y, and Yg, have the same dimension and
overlap completely. In this case, all the grades in Y, can be
included in the model. Any grade contained in Y, might rea-
sonably be expected to be produced in plant B, except per-
haps for grades that lie far from any of the existing Yy grades.
However, whether they look feasible, that is, whether the
model still has validity in that area, and whether an attempt
to implement them seems promising or not, should be appar-
ent from the set of solutions obtained for xJ

2. Yg shows a higher dimensionality than \fA, but the space
of Y, is contained with the Yg-space. In this case, the same
comments just made for case 1 will again hold.

3. A more general case is one where the spaces of Y, and
Yg intersect, but where part of the Y,-space is not contained
within Yg. This implies that there are some grades in Y, that
have a quality structure that is substantially different from
those that have so far been produced in plant B (Yg). Obvi-
ously, the available data for plant B do not justify the predic-
tion of process conditions for production of such grades in
plant B, even if they were possible. Hence it is necessary to
exclude those grades in Y, that have this different structure.
Once this is done, we will again be in the situation described
under case 1 or 2.

4. There is no overlap between the two spaces Y, and Y.
In this case, no solution is possible based only on the empiri-
cal data.

We use the following method to compare the two spaces
and to select suitable plant A grades that lie within the space
of Yg. A PCA model is build on Yy to describe the quality
space spanned by the grade data of plant B. If the dominant
variation in the ng grades of plant B can be captured by
using F principal components, then the F-dimensional space
spanned by these grades is defined by

?B:TBP;—’

where Tg is a (ng X F) matrix whose columns consist of the
values of the first F principal components (scores) for the ng
grades of the Yg matrix, and Pg is a (k X F) matrix of load-
ing weights showing how the principal component scores are
computed from the original Yz matrix (Tg = YgPg). All the
plant A grades have to be tested against this model, that is,
they are projected onto the model space of Yg and their
squared prediction error (SPE) is calculated. The projection
of plant A grade i is computed as

tX, = YX, Ps. D

where y, is the (k X 1) vector of quality variables for grade i
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of plant A, and t, is the (F X1) vector of projected score
locations for grade i of plant A on the F-dimensional PCA
model plane of plant B grades.

The SPE is calculated for each grade i as

SPE; = (YA, -9

A,)T( YA, — Va

), where §i =tiPg.

@)

By comparing those SPEs to the SPEs of the model grades
Yg, one can detect the grades in Y, with a much larger SPE.
These grades do not lie in the space of the Yg grades, and
therefore should be excluded from the Y, data used for the
modeling. Unfortunately, in most data sets there will not be
enough grades available in plant B to allow for estimation of
a confidence limit for the SPE, as is done in Nomikos and
MacGregor (1995). Therefore, the decision whether or not to
include a certain grade in Y, might have to be based on one’s
own judgment on the acceptable size of the SPE for the Y,
grades, relative to those for the Yy grades.

Although a Y, grade may have a small SPE, the location of
its projection into the space of the PCA-model (tAl-scores of
Eqg. 1) may still fall far from the locations of the scores of the
Yg grades (tT = yB Pg) in that same space. In fact, it is possi-
ble that all the selected Y, grades form a cluster in the t-space
that is separate from the cluster of Yg grades. This may hap-
pen when there are no common grades between the plants,
and when the means of Y, and Yg differ a lot from each
other. In such a case, the Y, grades should be used with cau-
tion.

Scaling of the Data

The columns in Xz and Yy are mean centered and scaled
to unit variance. Since selected grades from plant A must be
lined up with Yy later on, Y, is also centered and scaled
using the mean and the standard deviation of the Yy data.
Because the approach discussed later in this article does not
use the data in X, at all, one does not need to be concerned
with centering and scaling the X, data. Scaling both Y, and
Yg with the mean and standard deviation of Yg offers the
following benefits.

1. The common grades between Y, and Yy still have equal
values after scaling and adjusting for the mean, and therefore
have the same PCA-scores as well. A PCA model on the

Y
scaled and mean adjusted [YA
B

} will thus be more focused on

the common space.

2. This common mean centering and scaling of Y, and Yg
ensures that the relationship between the two spaces is not
altered. In other words, if the unscaled Y,, Yy fall into the
same space or intersect in a certain way, then so will the
scaled matrices when scaled and mean adjusted as just sug-
gested.

Approach Using an Extended PCR Model

In this section the concepts and motivation for the
methodology are presented before the mathematical equa-
tions for it are given.
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The suggested approach to this problem is closely related
to the PCR inversion approach in Jaeckle and MacGregor
(1998). It is based on two data matrices: Xg (ng X mg) and

YA ((ny+ ng) X k). Here, Xz contains the adjustable vari-

B
ables of plant B that make up the process conditions for the
different grades Since plant A already produces the desired
product grade yA , its physical feasibility is ensured. We also
assume that it is possrble to produce yA in plant B, as it
belongs to the grades that have a reasonably small SPE with
respect to a model on historical plant B grades, and have
PCA score values that lie within the range of the Yy grades
YA
YB
can contain any available quality measures that are consid-
ered vital for the final product, and are available for both
plants.

Because the grades in Y, have been selected to lie mostly

(see section on selection of grades). The quality matrix

in the same space as the Yg grades, the PCA model on YA

B
should be effectively the same as that on Yg alone. The bene-
fit of using the augmented matrix is that the use of more
grade data should lead to a more robust model, in particular
in the area that is common to Y, and Yg grades.

Since the data matrices Xz and are almost invari-

A
YB
ably less than full statistical rank (i.e., most variation lies in
subspaces of these matrices), latent variable methods are used
(Burnham et al., 1999). The problem thus becomes one of
estimating the latent variable values required for the product,
and then computing the actual manipulated variables from
those. Assume that the process variable space Xg and the

have effective dimensions B and C, re-
B

spectively, where in general B > C.
We begin with singular-value decompositions on Xg and
YA

quality space

, where the first B and C significant components, re-

YB
spectively, are retained. They serve as approximations for Xg
gl
an Yo |
)’(B = Ug - Xg - Vg
(ngXmg) (ngxB) (BX B) (Bxmg)

Ya

sl= v % Al @
8 (nXC) (CxC) (Cxk),
(nxk)

where B is the number of latent directions in Xg, C is the

Y,

number of latent directions in YA , n=
B

and U, can be interpreted as the normalized latent variables

Na+ ng; and Ug

Yo
that span Xg and [ } respectively.
B
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To relate the latent variables of Xy to the latent variables
of Yg, we first need to separate the matrix Uy into the two
parts that correspond to Y, and Yg, respectively:

The latent structure of the grades in Yg is represented by
U,g, which is of dimension (ng X C).

In order to express U, in terms of the latent variables of
Xg, we must rotate and stretch the latent variables Ug until
they line up as closely as possible with the latent variables
U, . In other words, we are looking for a matrix Rg such

Y8
that:

U, = U - Rg
(nexC) (ngxB) (BXC)' “)

An estimate for Rg can be obtained from the least squares
solution to Eq. 4:

Ry = U - U
(BXC) (BXng)

¥B
(ngXC)

The preceding is basically principal components regression
(PCR) where the principal components of the Yg-space are
regressed onto the principal components of the Xz space.
The Y-scores for the grade y, _that is to be produced in
plant B are already available as a row in U, , since yA is a
row in the Y,-matrix, and as such part of the model (Eq 3).

An advantage of using the combined matrix is that Y-

B
scores for a grade are the same whether a grade is produced
in plant A or B, that is, uj_=uj
The problem that remains s to transform these values from
the latent space of Yg to the latent space of Xg. The key
here is Eqg. 4, which can be written for the desired grade as

T _ T .5
YBdes - uBPfed RB ) (5)
(1XC) (1xB) (BXC)

For B> C we have an underdetermined equation system
with C equations and B unknowns that has an infinite set of
solutions uTBpred with minimum error. Each of the solutions
can be decomposed into the minimum norm solution

-1

A ST R ST
UEneﬁU;Edes'(RB'RB) ‘Rg, (6)
and a null component uB ., SO that uB —uB +ug i

Whereas the preceding inversion (Eq. 6) of the PCR model
provides the best solution that lies in that subspace of XB,
which according to the model affects the product quality, the
null components lie in the remaining subspace of Xg that
does not affect the product quality. This latter subspace is
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characterized by the following relationship:

ufRg-I, VT =0. (7)

null

In other words, any vector uB , that lies in the left null space
of R fulfills Eq. 7. This null” space is defined with the help
of the singular-value decomposition of R by

[G1:G,] - T,
(BxC)

Re =
(BXC) (BxXC)(Bx(B-C))

VF{B
(CxC0C).

G, in this equation denotes the left null space of ﬁB. Hence,
ugm“ can be any vector in the space spanned by the rows of

Gl

T = T . T
uBnuII /\ GZ

(1xB) [1xX(B-C)] [(B-C)xB]

where AT is an arbitrary row vector of the proper dimension.

Although mathematically uB is not only of arbitrary di-
rection within GJ, but also of arbltrary magnitude, for the
current problem the only solutions that are acceptable are
those within the range of the historical data. In other words
any ug  =0g  +ug  mustfall close to the cluster of the
eX|st|ng UB rows in order to guarantee a solution that is com-
patible with the past plant B operating strategies that are
represented in Xg. In practice various values of A are as-
sumed, and those solutions falling close to existing Ug values
are retained as possible solutions.

The reconstruction of values for the manipulated variables
is achieved in the same fashion as described in Jaeckle and
MacGregor (1998). By imposing the variance and covariance
information contained in ¥z and Vg the values for the scaled
variables are obtained:

T —_ (0T
Bpred - (UB

new ugnull) "L .VBT'

Multiplying with the standard deviation and adding the mean
of Xg will give the actual values for the manipulated X vari-
ables.

We again obtain not just a single solution, but a whole re-
gion of operating conditions for plant B, which according to
the model, should result in the same grade quality as y,Ides
from plant A. Engineering judgment would then have to be
used to select a reasonable condition from within this win-
dow, perhaps one providing the most economical operation.
Iterations between implementing the predicted conditions,
rebuilding the model with the newly obtained data point, and
reinverting may also be necessary to fine-tune the quality val-
ues. Alternatively a designed experiment may be performed
near this location to accomplish the final adjustments.

To keep the mathematical outline of the approach simple
the following issue has been left aside so far: The inversion in
Eq. 6 requires the (B X C) matrix Ry to be of full rank C
(C < B). Then Ry is calculated as

ﬁB = UJ ° UyB
(BxC) (Bxng) (ngxC)’

1994
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and therefore ﬁB is of rank C unless at least one of the
columns in U . lies in the null space of Ug. However, this
would suggest that some of the variation in Yg is caused by
an “event” that is not present in the variation in Xg. In other
words, there is variation in the quality of the grades that is
not caused by the manipulated variables contained in Xg.
Obviously, it is not possible in such a case to change the grade
quality in the desired way by only changing the manipulated
variables that are present in Xg. Such a data set would not
be suitable for a databased approach, and hence is not con-
sidered any further.

Simulation Example

It would have been desirable to present industrial applica-
tions of this methodology much as was done on the product
design problem (Jaeckle and MacGregor, 2000). However,
obtaining such confidential data from a company on their op-
erating conditions for all grades at two or more plants, and
then evaluating the results by producing the new product, was
not possible at this time. Therefore, in this section we evalu-
ate the approach using simulated data that have characteris-
tics expected to be seen in practice.

The simulated data set is presented in the Appendix in
Tables Al and A2. It consists of data on 8 process variables
(Xg) and 5 quality variables (Yg) for 12 grades from a plant
B and for 9 grades from plant A. The quality data for plant A
are collected in a 9Xx5 matrix Y,  to indicate that the
grades have not been tested yet to see whether they are simi-
lar in structure to the Yy grades or whether they must be
excluded in Y,. The first two grades of Yz and Y,  are
common to both plants. Details on how the data were simu-
lated are given in the Appendix.

Table 1 shows the cumulative variance explained by sepa-
rate PCA-models on Xg, Yg, and Y, . (All matrices are
mean centered and scaled to unit variance.) Based on the
results in Table 1, the matrices Xg, Yg, and Y, appear to
be spanned by four, three, and three latent variables respec-
tively.

The first step is to test which of the grades in Y, lie in
the same space as the grades of Yg. For this purpose Yo i
is mean centered using the mean of the Yy data and then
scaled by the standard deviations of the columns of Yg. Each
of these mean-centered and scaled Y, grades is then pro-
jected onto the 3-dimensional PCA model for Yg to obtain
their scores and their squared prediction errors (SPE) (see
Egs. 1 and 2).

Figure 2 shows the SPE values for the grades in Yg de-
noted by () and the SPE values for Y, g grades denoted
by (O). The SPEs of Y,  grades 1,2, 4,5, 6,7, and 8 are
within the range of those obtained for the YB grades. (Re-
member that 1 and 2 are the common grades, and hence are

Table 1. Percentage of Variation Explained by PCA in Xg,

YB’ and Alnl(lal
No. of Components
1 2 3 4
PCA on Xg 35. 96 63. 59 85. 93 95. 44
PCA on Yg 46. 70 80. 90 99. 08 99. 82
PCAon Y, 51. 83 76. 77 99. 97 99. 99

initial

AIChE Journal



0.45

* Grades'in Plant B
0.4} © Gradesin Plant A ]

0.35}
0.3
1 0.25¢

15 20 25
No. of Grades

0 5 10

Figure 2. Squared prediction errors for 12 plant B
grades (*) and 9 plant A grades (° ).

The first two grades from both plants are common.

expected to have the same SPE in both matrices.) Grade 3 of
plant A with its large SPE should obviously not be used in
Y,, since it clearly has characteristics not seen in the grades
produced so far in plant B. The SPE for grade 9 in plant A is
a bit larger than any SPE of the Yg grades. The contribution
plot (MacGregor et al., 1994) for this SPE (Figure 3) shows
that most of this error is due to variables 2 and 3. We will
assume that we are not extremely concerned with these two
particular variables and include grade 9 in Yy, as well as the
selected grades (1, 2, 4, 5, 6, 7, 8) with smaller SPEs.

With the combined matrix and Xg, the extended

A
YB
PCR model is built as described in the previous section. Table
2 shows the variance explained in Yg by the model, when
four latent directions are used in Xg for different numbers
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Figure 3. Contributions of the Y-variables to the SPE of
grade 9 in Y,.
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Table 2. Variation in Yg by Extended PCR Model Using
First Four Latent Variables in Xg and Different Numbers of
Components for Yg

1 2 3 4 5
Yy 41.64%  61.93%  91.39%  91.62%  91.63%

of latent directions in Yg. These results show that a three-
component model for Yg is sufficient.

To evaluate the methodology, the plant B process condi-
tions for the six grades in Y, that are not common with Yg
(i.e., grades 4, 5, 6, 7, 8 and 9) are obtained through inversion
of the model, as explained in the previous section. Since there
is no real process behind this simulation, “implementation”
of these conditions can only be achieved by resimulating us-
ing all six predicted conditions ?gnew, where no null compo-
nent is added. According to the model, a null component
would not affect the quality anyhow. After this “implementa-
tion” of ?gnew for the six Y, grades, the achieved Y, _  are
compared to the desired qualities in Y, in Figures 4 and 5. A
selective PCA analysis (Roffel et al., 1989) on Yy indicates
that the variables Y,, Y3, and Y; are the most significant vari-
ables of all five, and account for 98% of the variability.

Obviously, the achieved results are very close to the de-
sired ones, as expected, due to the simulated nature of the
data. However, we do not claim that this example proves
much in terms of performance of the method. In fact, the
performance depends on the particular data set in a way sim-
ilar to that discussed in the article on product design (Jaeckle
and MacGregor, 1998). The example here serves merely to
illustrate the application of the methodology.

Discussion and Conclusions

Based on the problem of product design treated in Jaeckle
and MacGregor (1998), this article addresses the related
problem of transferring production of a product grade from
one plant, A, to another plant, B. The same methodology can
be applied to adjust the operating conditions of two plants
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Figure 4. Qualities for Yz grades, desired Y, grades, and
Y, grades achieved in plant B; Y;-Y,.
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Figure 5. Qualities for Yz grades, desired Y, grades, and
Y, grades achieved in plant B; Y;-Ys.

producing a common grade so that the product quality pro-
duced in the two plants become more similar.

Since for this problem, data sets from two plants are avail-
able, the structure of these data sets and the relationships
between them are very important. It is of particular interest
to compare the quality spaces from the two plants. Whether
process conditions in plant B for a desirable plant A grade
yf\des can indeed be derived through a databased approach
hinges largely on the relationship between the qualities pro-
duced in the two plants so far:

1. The model for plant B must still be valid in that area of
the score space into which y,{des falls.

2. The resulting process conditions for plant B must still
be feasible and must not hit any hard constraints.

Of course, there are cases where, due to the different
equipment and configuration of the two plants, production of
y,Ides may not be possible in plant B at all. On the other hand,
even if it was theoretically possible to produce y,T\des in plant
B, a databased approach cannot forsee this unless y,Ides lies
within the structure and range of the plant B grades present
in the historical data. In other words, the typical limitations
inherent to any databased approach apply here as well. One
cannot extrapolate too far, nor predict process conditions that
are not consistent with the operating strategies that have been
recorded for this plant in the past. The empirical models
should also explain a large part of the variation in all the
data matrices (Xg, Yg, Y4), in order to be reliably used for
this inversion. Furthermore, it is essential that the measured
quality variables truly represent the product quality in its fi-
nal application.

The approach described in this article is only one of sev-
eral possible approaches. It can be seen as an extended PCR
model with inversion, where the quality space of plant B is
supported by suitable plant A grades. A test has been devel-
oped that selects those plant A grades that have a latent
structure similar to the grades in Yg. Combining those plant
A grades with Yy enhances the model on the quality struc-
ture, especially in the quality area that is common to both
plants.

1996 October 2000
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The inversion of the model follows the same concepts as in
Jaeckle and MacGregor (1998), where first predictions for the
normalized latent variables of new process conditions are ob-
tained. Imposing the variance and correlation structure of the
plant B process variables ( Xg) onto these values then results
in the settings for the physical manipulated variables. This
ensures that the new process conditions will maintain exactly
the same relationships among each other as already present
in existing grades.

If the process conditions span a higher dimensional space
than the quality measurements, as is often the case, the solu-
tion can again be presented as a window of operating condi-
tions that—according to the model—all lead to the same de-
sired quality ya_ .

The information used in the approach consists of all the
plant B data and the quality data of plant A grades that have
a covariance structure similar to the plant B grades. No use
was made of the process conditions in plant A (X,). Future
work might investigate the usefulness of this information and
ways of incorporating it into the solution. A couple of ap-
proaches that used all the data from the two plants (Figure 1)
have been considered by Jaeckle (1998). They were based on
multiblock latent variable methods (Wangen and Kowalski,
1988; Wold et al., 1996, 1987b; Westerhuis et al., 1998), but
were intuitive in nature, and so not included in this article.

Notation

F =effective rank of Yg
i =index for grades
g =diagonal matrix of B dominant singular values of Xg

2., =diagonal matrix of C dominant singular values of
B

ug .o — Prediction of normalized scores of plant B process condi-
tions
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Table Al. Data Used in the Simulation Example: Xg, Yg
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9 0.1301 0.1675 0.1678 —0.2262 0.1950 0.0174 0.1231 -0.1207 0.0029  0.0045 0.0675 —0.0236 —0.0357
10 0.1599 —0.1322 —0.2595 0.0530 —0.2219 —0.1801 —0.1060 0.1215 —0.2037 —0.2006 —0.3029  0.1526 —0.1280
11 0.3205 0.3047 0.1929 -—0.1332 0.2654 0.1074 02977 0.0229 —0.0459 0.1688 0.1724  0.0892  0.0551
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Appendix: Data Generation for the Example

A (12x9) orthonormal matrix Z=[z,---z4] was used to
generate data on 12 grades for plant B as follows. A linear
combination of [z, --- z;] was used to create a (12X5) Yg-ma-
trix. Linear combinations of [z; z, z; z4-:- z4] were used to
create the (12X8) Xg-matrix. In both cases z,, z,, z; had
larger weights in the linear combination than the other z;.
This ensures that the three dominant latent dimensions in
Xg and Yg overlap. The remaining dimensions are supposed
to account for noise, and also for directions in Xg that have
no effect on the quality space Yg.

The first two grades of Yz are common to both plants.
Additional plant A grades had to be generated such that at

Table A2. Data Used in the Simulation Example: Y,

initial

Grades

Ainitial
1 —0.2366 —0.1005 0.0118 0.1485 0.3231
2 —0.3758 0.0658 0.1475 0.2947 0.0913
3 —1.2877 —0.2473 0.3312 0.6936 2.1893
4 0.4053 —0.4166 —0.4367 —0.4487 0.2630
5 —0.5240 —-0.0612 —0.3053 0.5927 —0.8251
6 —0.0599 -—0.4038 —0.6662 0.1022 —0.5997
7 —0.2983 —0.4194 —0.4294 0.1766 0.2428
8 0.8859 —0.1694 —0.0900 —0.8557 0.4352
9 —0.6848 —0.4659 —0.1165 0.2616 1.5587

least some of them fall within the Yy space. This space is
spanned by the first three principal components of a PCA-
model on Yg. Linear combinations of these three compo-
nents result in grades that lie within the Yg space. A small
amount of independent variation was added to some of these
grades. Including the common grades, nine grades for plant
A were generated. The data are presented in Tables Al and
A2.
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