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A huge amount of data is collected by computer monitoring systems in the chemical
process industry. Such tools as principal component analysis and partial least squares
have been shown to be very effective in compressing this large volume of noisy
correlated data into a subspace of much lower dimension than the original data set.
Because most of what is eliminated is the collinearity of the original variables and
the noise, the bulk of the information contained in the original data set is retained.
The resulting low dimensional representation of the data set has been shown to be
of great utility for process analysis and monitoring, as well as in selecting variables
Jor control. These types of models can also be used directly in control system design.
One way of approaching this is to use the loading matrices as compensators on the
plant. Some advantages of using this approach as part of the overall control system
design include automatic decoupling and efficient loop pairing, as well as natural

handling of nonsquare systems and poorly conditioned systems.

Introduction

With the introduction of computer data acquisition and
control to the process industries, it became possible to obtain
huge volumes of data. Typically, hundreds of variables may
be monitored in a single operating unit, with values being
recorded thousands of times per day. Such data sets are over-
whelming. However, rarely are all the variables that may be
measured on a process independent. Often, many of the vari-
ables are highly correlated, and the process is, in reality, re-
stricted to move in a space of much lower dimension than the
number of possible measurements would indicate. In this case,
much of the overwhelming volume of information is redun-
dant. Analysis can be simplified greatly if the useful infor-
mation can be extracted and the redundant information can
be eliminated.

A number of such data reduction methods are available.
Two of these are principal component analysis (PCA) and
partial least squares (PLS). Principal component analysis is
used to analyze a single block of data which contains significant
redundancies by compressing it into a lower dimensional space
which contains most of the variance of the original matrix.
Partial least squares is used to model the relationship between
two blocks of data while simultaneously compressing them.

Even when the number of measured variables is relatively
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small (as in the case of an identification experiment in which
an important subset of the variables has been selected in ad-
vance), a large portion of the information in the data set may
be redundant. Such redundancy in the input variables is often
the result of poor experimental design. In some cases, good
design may be impossible because of economic, operability,
or safety constraints. Redundancy in the output variables may
result directly from redundancy in the input variables, or it
may result from the nature of the system itself. Poorly con-
ditioned systems exhibit correlation among output variables
in spite of good experimental design. Thus, the analysis of
multivariable systems can benefit from application of these
techniques—even systems which are not extremely large.

A number of applications of PCA and PLS have been re-
ported in the literature. PCA and PLS have been used for a
wide range of purposes including dimensionality reduction,
measurement classification, outlier detection and process mon-
itoring, selection of variables for control, selection of inference
variables, and others. MacGregor gives an overview of the
ways these methods have been used specifically in process
analysis and control (MacGregor et al., 1991). These include
preliminary analysis of data (taking advantage of the dimen-
sionality reduction provided by these methods), multivariate
statistical process control, development of predictive models
for inferential control, and identification of dynamic models.
The literature contains a number of examples of the use of
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PCA and PLS in dimensionality reduction, including one in
which PCA was used to select variables to control in a poly-
butadiene reactor system (Roffel et al., 1989). Process mon-
itoring using PCA and PLS has been demonstrated by Kresta
who used these techniques to monitor simulations of a flu-
idized-bed reactor and an extractive distillation column, by
Wise and Ricker who used these methods to monitor a glass
melting process, and by Wise et al. who used PCA and PLS
to detect process upsets, especially those related to sensor fail-
ure (Kresta et al., 1989; Wise and Ricker, 1989; Wise et al.,
1989). In the area of dynamic modeling and control, canonical
correlation analysis (somewhat similar to PLS) was used by
Jutan to find the appropriate dimension and redefine the vari-
able space for the stochastic part of the model of a butane
hydrogenolysis reactor and by Wright to select predictor vari-
ables for inferential control of a tubular packed-bed reactor
(Jutan et al., 1977; Wright et al., 1977). Partial least squares
was used by Ricker in the development of a finite impulse
response (FIR) model for an anaerobic wastewater treatment
process (Ricker, 1988).

In the current work, PLS is used to model a process dy-
namically, and the resulting model is used to design a control
system for the process. In doing this, the model is not trans-
formed back to the original variable space as is often the case
in reduced dimension modeling, but rather the variable trans-
formations, as a fundamental part of the PLS modeling proc-
ess, are retained and utilized for the advantages they can confer
in controlling the process. Established techniques for process
analysis and monitoring are also illustrated, and a grayscale
representation of the monitoring diagrams showing the dis-
tributional nature of the process is introduced.

Definitions

This section contains an overview of the theoretical back-
ground of PCA and PLS. A thorough background treatment
of PCA and related topics is presented in a number of mul-
tivariate analysis textbooks (Cooley and Lohnes, 1971; Mardia
et al., 1979; Press, 1972). The development of PLS was more
recent. This method is treated in detail by Wold and colleagues
(Wold et al., 1984a, 1982; Wold et al., 1984b). An excellent
tutorial on PLS is also given by Geladi and Kowalski (1986).

PCA

In principal component analysis (PCA), the goal is to model
a single block of data using orthogonal components. The com-
ponents are arranged in the order of decreasing importance,
which is determined by how much of the variance of the data
set is explained by each.

The mathematical and statistical basis for PCA is well de-
veloped. Let T be the covariance matrix of a p dimensional
random process, x. The spectral decomposition of T is given
by:

I'=PLP’ )
where L is a diagonal matrix containing the ordered eigenvalues
of ', and Pis unitary matrix whose columns are the normalized
eigenvectors of I'. The principal component transformation is

given by:
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t=P'x @

where tis the vector of transformed variables. The first element
of ¢, t,, is the first principal component of x. Remaining prin-
cipal components two through p are similarly defined. If I' is
rank-deficient, there will be only r<p principal components
and r nonzero eigenvalues, where r is the rank of the covariance
matrix. The covariance matrix of ¢ is L. Thus, the elements
of t are uncorrelated, and the variance of ¢ is /.

In practice, the covariance matrix for the process is not
known, but must be estimated from an n x p data matrix, X.

'=n'X'X. 3)

This estimate may be decomposed using the spectral decom-
position. The principal component transformation for the ma-
trix X is then given by:

T=XP. 4)

Sometimes thinking in terms of a decomposition, rather than
a transformation, is convenient. Thus, X can be decomposed
as:

X=TP' o)

The columns of T are called the score vectors, and the columns
of P are called the loading vectors.

A number of properties of the principal components of x
are of importance.

1. E(t;)=0

2. V() =1

3. C(t, 1) =0, i#j

4. V() > V() >--->V(1,)

S. T, V()=uaTl

6. II”_, V() =TI

7. No standardized linear combination of x has a greater

variance than f,.

8. The ratio X, //T7_, /; represents the proportion of the
total variation explained by the first k principal com-
ponents.

9. The principal components vary depending on the scaling
of the data.

This last property is of a great deal of practical importance.
Incorrect scaling of the data can greatly affect the apparent
relationships among the variables. If nothing is known about
the relative importance of the variables, common practice is
to scale them all to unit variance. However, more insight into
the underlying behavior of the process can be gained if any
prior knowledge of the process available is used in the scaling
of the data. Quality control measurements can be scaled using
production specifications. Control input measurements can be
scaled according to the controller range. Variables with the
same physical meaning should be given the same scaling. For
example, temperature measurements from each tray of a 20-
tray distillation column or from a number of points along the
length of a tubular reactor should all be scaled by the same
factor.

In practice, the principal components are computed by an

algorithmic method which does not require I to be computed
explicitly. This iterative method (Wold et al., 1982) is more
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Figure 1. Geometric explanation of PCA.

At upper left, a swarm of data points in ®°® is shown. Each axis
represents a measured variable of the process, and each point
represents a measurement (that is, a point in time or an experi-
ment). The loading vector of the first principal component points
in the direction of greatest variability in the data, and the or-
thogonal projection of the data onto this loading vector is the
first score vector. Similarly, the second loading vector points in
the direction of greatest variability subject to the constraint that
it be orthogonal to the first loading vector. These first two com-
ponent loading vectors define the plane which is shown along with
the data at lower right, and the projection of the data into this
plane is the score plot for the first two components. Such a score
plot represents a low dimensional window through which most
of the behavior of interest can be observed.

efficient than computation and spectral decomposition of the
covariance matrix because it is usually unnecessary to compute
all of the components. Normally, only the first few components
will be required to explain the majority of the variance in the
data. Use of the iterative algorithm can thus result in significant
savings when the number of variables is much larger than the
number of significant principal components.

The principal component method for decomposing a data
matrix is related to the singular value decomposition (SVD).
The SVD of X is given by:

xX=Uxv’ 6)
where U has the normalized eigenvectors of XX’ as its col-
umns, V is similarly composed of the normalized eigenvectors
of X' X, and I is a diagonal matrix having the positive square
roots of the ordered eigenvalues of X’ X as its diagonal ele-
ments. Based on the previous definition of the principal com-
ponent transformation and the principal component
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Figure 2. Rotation of PLS loading vectors.

The loading vectors in PCA are orthogonal. In PLS, these vectors
are rotated, and the orthogonality is lost. Absence of orthogo-
nality means the individual data matrices are not modeled in the
most efficient possible way. However, the rotation allows a better
model for the relation between the two data matrices (the inner
relation) which minimizes #Fi. In this way PLS is a compromise
between PCA and CCA. PCA models the individual data ma-
trices, and CCA models the relationship between them. PLS does
both.

decomposition, it can be seen that the two methods are related
by P=V¥ and T=UL.

The ideas of PCA lend themselves to graphical explanation.
In the upper left portion of Figure 1, a data set in ®® is shown.
Coordinate axes represent the physical variables corresponding
to the columns of the data matrix. Each point in the plot
represents a row of a data matrix, X. The upper right portion
shows the same data set along with a dashed line pointing in
the direction of greatest variation, the slope of which is defined
by the first loading vector. Projection of the data points onto
this line gives the first score vector. The sum of the distances
of all points from this line is a minimum in the least-squares
sense. In addition to what was shown by the upper right por-
tion, the lower left portion of the figure shows a dashed line
whose slope is defined by the second loading vector. This line
is orthogonal to the first and represents the direction of the
second greatest variability in the data set. These two lines define
a plane which is a manifold of the original data space and is
represented by the grid in the lower right portion of the figure.
Projecting the data points into this plane gives the score plot
for the first two principal components. Such a score plot rep-
resents a low dimensional ‘“window’’ through which most of
the activity of interest in the system may be observed.

PLS

Partial least squares (PLS) is also known as projection to
latent structures. It has a conceptual similarity to canonical
correlation analysis (CCA) in that the relationship between
two blocks of data are modeled to find combinations of vari-
ables which are highly correlated. At the same time, however,
it selects these linear combinations in a way that eliminates
redundancies in the data blocks and defines a new set of vari-
ables in each block which are highly independent. In this way
it is an extension of PCA with the input components rotated
to line up with the output components (see Figure 2). The
rotation results in a relationship between the two sets of scores
(the newly defined set of variables) which is stronger than that
which would be obtained by the simplistic approach of applying
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Table 1. PLS Algorithm

. Start: set u equal to a column of Y

. w' =u'X/u'u (regress columns of X on u)

. Normalize w to unit length

. t=Xw/w’w (calculate the scores)

q' =t"Y/t't (regress columns of Y on )

. Normalize g to unit length

. u=Yq/q'q (calculate new u vector)

. Check convergence: if YES to 9, if NO to 2

. X loadings: p=X"t/t't

10. Regression: b=u't/t't

11. Calculate residual matrices: E=X—t¢p’ and F=Y-btg’
12. To calculate the next set of latent vectors replace X and ¥

N NN B SN

by E and F and repeat.

PCA to both data sets and regressing the scores of the output
block on the scores of the input block.

PLS is described by the following equations, although the
elements of the matrices are ordinarily computed using an
iterative algorithm (Wold et al., 1982). The independent block,
X, is decomposed into a score matrix, T, and a loading matrix,
P. Similarly, the dependent block, Y, is decomposed into a
score matrix, U, and a loading matrix, Q.

X=TP' +E Q)
Y=UQ +F" ®)
Thus, X and Y are represented as the sum of a series of rank
one matrices, each given by the product of a score vector and

the transpose of the corresponding loading vector (z,p; and
u,q/). The error matrices, E and F*, can be made zero by

Y =Y - tibhq,

L+

"""""" Y

Figure 3. Geometric explanation of PLS.

The first component loading vectors, p, and ¢., are found for the
input and output data. Projection of the data onto these vectors
(grey arrows) gives the score vectors, ¢, and ;. Relating the score
vectors is a regression line with a slope of b,. The variance rep-
resented by the first component is subtracted from both the X
and Y matrices. An estimate of u, given by #,b, is used for the
output so the variance explained by the prediction is what is
removed from the data. This procedure is repeated for the second
component. For this data set, two components explain 100% of
the variance of both the input and the output.
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including all the components. Usually, however, only the sig-
nificant components are retained so that only meaningful in-
formation is included in the model. Equations 7 and 8 are the
outer relations. An inner relation relates the two blocks. This
inner relation is given by:

Y=TBQ +F (&)

The diagonal matrix, B, is selected so | Fll, is minimized. Prod-
uct TB in the inner relation is an estimator of U. F is the
prediction error. The algorithm for computing the PLS model
from a set of data is given in Table 1. This version of the
algorithm is taken from MacGregor ¢t al. (1991).

The PLS algorithm is explained graphically by Figure 3. The
first set of loading vectors, p, and g,, is determined using cross
regression between X and Y. Projection of the data onto these
vectors gives the first score vectors, ¢, and u,. Matrices X and
Y are related through their scores by the inner relation,
&, =tb,. The variance explained by the first component is
removed from the data by subtracting ¢p, from X and
t,b,q; from Y. This process is repeated until all necessary
components have been calculated. The decision to stop may
be based on reduction of the residual variance to some pre-
determined fraction of the original variance, or more sophis-
ticated approaches such as cross validation may be used.

Hoskuldsson gives a mathematical and statistical treatment
of PLS in which the important vectors computed by the PLS
algorithm are given in terms of eigenvectors of appropriate
matrices, and some orthogonality relations are given among
these vectors (Hoskuldsson, 1988).

Applications

This section discusses some methods of applying PCA and
PLS. These methods include graphical techniques for data
analysis and process monitoring, as well as techniques for
dimensionality reduction. The techniques in the first two sec-
tions have been presented in some detail in the relevant lit-
erature. In the final section an extension of the basic ideas of
one of the monitoring techniques to the identification of dy-
namic models and the use of the resulting models directly in
the design of feedback controllers is introduced.

Graphical methods

PCA and PLS lend themselves to graphical interpretation
due to the property they share of concentrating the variance
of a data set in the first few dimensions of the new space they
define. Two methods of data interpretation specifically tailored
to these technigues are the loading plot and the score plot.
These are especially useful when the first two components
contain over 90% of the variance of the original data set.

A loading plot is obtained by plotting the second loading
vector against the first. In PLS, plots are made of both the
input loadings and the output loadings. The loading plot is
used to find relationships between the original variables. Points
that fall close together represent highly correlated pairs or
groups of variables. Analysis using loading plots can guide the
selection of manipulated and controlled variables.

A score plot is obtained in a manner similar to the loading
plot. The second score vector is plotted against the first. In
Figure 1, the projection of the data points onto the plane in
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the bottom right portion represents the score plot for the first
two components. The score plot is used to find relationships
between the data points. Points that fall close together rep-
resent similar data points. Thus, the score plot is useful for
classifying measurements. An additional axis is provided by
the squared prediction error. In PLS this is calculated from
the rows of the matrix, F. In PCA, it is calculated from the
rows of the product of the eliminated score and loading vectors.
The score plot has an interesting application in process mon-
itoring. In the normal operation of the process, the points in
the score plot will fill a region (or regions) consistently. When
the points begin to fall outside this region, it is an indication
the process is statistically ‘‘out of control.’’ In this application,
the score plot serves a similar function to the charts used in
statistical quality control. It has the advantage of being able
to show the entire process at a glance (rather than requiring
the operators to look at hundreds of Shewart charts or CUSUM
charts, for example). Another application of the score plot is
in the classification of data points. This can be used to detect
outliers in a data set or to identify unknowns characterized by
a set of measurements (Musumarra et al., 1983).

Score and loading plots can be constructed when more than
two components are required to explain the data. However,
when more than three dimensions are required, interpretation
of the plots becomes extremely difficult. In situations where
four or more components are required, it is often better to
partition the data according to operating units or some other
criterion and perform analysis on each subset of the data matrix
separately in an effort to exchange a single problem with four
or more significant dimensions for two or more problems with
two or three dimensions. Alternatively, graphical techniques
can be abandoned in favor of mathematical techniques when
the dimension is too large, or the graphical techniques can be
augmented by mathematical techniques.

These interpretations and monitoring methods have been
explored in some detail by MacGregor and coworkers (Jutan
et al., 1977; Kresta et al., 1989; Roffel et al., 1989; Wright et
al., 1977).

Dimensionality reduction

The techniques of PCA and PLS also provide means of
dimensionality reduction. This reduction is accomplished in
one of two fundamental ways, although there are a number
of variations on each. Both of these approaches have been
discussed in detail in the literature (Cooley and Lohnes, 1971;
Geladi and Kowalski, 1986; Jutan et al., 1977; Kresta et al.,
1989; Liao, 1989; MacGregor et al., 1991; Mardia et al., 1979;
Musumarra et al., 1983; Press, 1972; Ricker, 1988; Roffel et
al., 1989; Wise and Ricker, 1989; Wise et al., 1989; Wold et
al., 1982, 1984a,b; Wright et al., 1977). The first approach is
to rely on the first few components to define a subspace con-
taining most of the variance of the original data. In this ap-
proach, the scores become a set of composite variables with
desirable statistical properties. The second approach is to use
PCA or PLS in any of a number of ways to select a subset of
the original physical variables which are relatively uncorrelated
and representative of the overall process.

When using the first approach, the question of how many
components to retain must be answered. A number of ap-
proaches have been presented in the literature ranging from
heuristic techniques such as retaining enough components to
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explain 90% of the variance to statistically founded techniques
such as cross validation. When using the rigorous statistical
methods it must be remembered that a component may be
statistically significant while being irrelevant from a practical
standpoint. This situation sometimes presents itself when a
large data set reveals minor effects which, although they are
statistically ‘‘real,”’ have relatively little influence on the proc-
ess as a whole. Wold et al. (1984a) discusses this point.

When using the second approach, the selection of variables
is guided in a variety of ways using the loadings. One technique
is to examine the loading plot for the first two or three com-
ponents to detect the presence of clusters of variables. The
variables belonging to each cluster are highly correlated, and
little information is lost by selecting a single variable from
each cluster to act as a representative for all the variables in
that cluster. The other variables are removed from further
consideration. An example of this approach is given by Mu-
sumarra in which the number of solvent systems required for
drug identification by thin-layer chromatography is reduced
from eight to three (Musumarra et al., 1983). Another tech-
nique is to select the variable whose weight in the first loading
vector is the greatest in absolute value. The selected variable
is then removed from the data set, and the PCA or PLS analysis
is repeated on the remaining variables. A second variable is
then selected using the same criterion as the first. This process
is repeated until enough variables to adequately represent the
process have been selected.

There are advantages and disadvantages to each of these
basic approaches. The component selection approach is sta-
tistically preferable because of the desirable properties of the
composite variables in the redefined space. However, some
people have a strong preference for working with physical
variables as opposed to composite variables with little or no
physical meaning, and for these people the variable selection
approaches are more appropriate.

Controlling the scores

As useful as PCA and PLS are for data analysis, dimen-
sionality reduction, and process monitoring, another appli-
cation presents itself in the design of multivariable feedback
controllers. A natural extension of the PLS monitoring chart
is to perform the computation of the control action based on
the score variables. However, such an approach would likely
raise objections from those who dislike the idea of controlling
an artificial set of variables which, in general, have no physical
significance.

Control design based on the scores can be implemented in
a transparent way by using the loading matrices are pre- and
postcompensators on the plant. Thus, the operator still *‘sees’’
the physical variables, while the controller ‘‘sees’’ the error
signals and control signals in terms of new bases defined by
the columns of the respective input and output loading ma-
trices. This approach results in the top block diagram shown
in Figure 4. In this diagram, W, and W, are the diagonal scaling
matrices used before applying the PLS algorithm to the data.
Q is the loading matrix for the output data block, and Q' is
the appropriate inverse of Q. If the number of retained com-
ponents is equal to the number of output variables, @ is square
and Q"= Q. If there are more outputs than retained com-
ponents, the appropriate inverse is the left inverse,
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Figure 4. Block diagrams for PLS compensation.

0 =(Q'Q)"'Q’. If the opposite condition exists and there
are more retained components than outputs, the appropriate
inverse is the right inverse, Q" =@ (QQ’)™'. P is the loading
matrix for the input data block. As in common process control
nomenclature, G,, G,, and G, are the transfer function matrices
for the controller, plant, and disturbances, respectively. The
block diagram can be rearranged as shown in the middle dia-
gram of Figure 4, and after cutting the loop in the appropriate
places and replacing Q* W, 'G, W, P with G, it reduces to the
bottom diagram in Figure 4. This is the desired configuration.
The controller is taking action to eliminate the error in terms
of the basis defined by the columns of Q, and the output of
the controller is given in terms of the basis for the physical
inputs defined by the columns of P. If the PLS model is perfect
(that is, IFll is zero), the compensated plant, G,f , will be exactly
equal to the inner relation of the PLS model. However, if the
model is imperfect, the compensated plant will differ from the
inner relation due to the modeling error.

Any of the commonly applied control design techniques can
be applied within this compensation framework. Thus, the
block represented generically by G, might, in practice, be a
controller designed using frequency response techniques, a di-
rect synthesis controller, an internal model controller, a dy-
namic matrix controller, or anything else familiar to a particular
control engineer and appropriate for the specific problem at
hand.

Such a compensation scheme offers a number of positive
features. The process is decoupled to a certain extent because
of the orthogonality of the input scores and the rotation of
the input scores to be highly correlated with the output scores.
Because of the similarity between PLS and CCA, the scores
represent a way of pairing the inputs and outputs which is in
some sense optimal. In CCA, the first canonical variable from
the input block can be thought of as the ‘‘best predictor,” and
the first canonical variable from the output block as the ‘““most

1598 October 1992 Vol. 38, No. 10

easily predicted’’ variable (Mardia et al., 1979). In PLS, then,
with the data partitioned such that manipulated variables are
in the X block and controlled variables are in the ¥ block, the
first component of the input represents the set of variables
which most strongly influences the output, and the first com-
ponent of the output represents the set of variables which is
the most easily controllable. Although this analogy between
CCA and PLS is imperfect even for the first component and
breaks down further with increasing component number (due
to the additional objective PLS has of modeling the individual
data blocks effectively), this property presents an advantage
to be gained by pairing each of the input scores with the
corresponding output score. In situations in which the true (or
practical) dimension of the process is less than that of the
measurement space, the possible dimensionality reduction of-
fers at least two benefits. It simplifies the design of the con-
troller (because fewer controller elements need be specified),
and it prevents infeasible setpoints from reaching the con-
troller. The process is free to move in any direction in the
component space. Any physically impossible directions are
eliminated when the dimension of the problem is reduced.
Thus, if an infeasible setpoint is specified in terms of the
physical variables, when it is projected into the component
space only the feasible part is retained. The problem of con-
trollers in a multiloop scheme *‘fighting”’ each other in a vain
attempt to reach an impossible setpoint is eliminated. Non-
square systems (both overdetermined and underdetermined)
can be handled in a natural way by this compensation technique
using the same concept of projecting the physical setpoints
into the space defined using the output loading vectors as a
basis.

When the variable space is redefined as the input and output
scores by using the loading matrices as compensators, the inner
relation of the PLS model becomes the appropriate model for
use in control systém design. In standard PLS, this model is
a diagonal matrix of constants. For control system design,
dynamic transfer functions would be more useful. These can
be obtained in several different ways. The first approach is to
replace the step in the PLS algorithm in which u; is regressed
on ¢; (step 10 in Table 1) by a step in which a transfer function
is found relating the output, u;, to the input, ¢.. (Note that step
11 is also altered by this change, because b is no longer a
constant, but a dynamic transfer function.) This approach
produces a diagonal transfer function matrix relating the out-
put scores to the input scores. The second approach is to wait
until the loading matrices have been computed and apply them
as compensators on the input and output data sets (along with
the appropriate scaling matrices) to give a set of transformed
data corresponding to the plant, G,f , in Figure 4. A full square
transfer function matrix relating the output scores to the input
scores may be obtained by this approach. In applying the
second method it can be advantageous to use the first method
to obtain a preliminary model. The choice of inner relation
will affect the second and higher-numbered loading vectors,
and thus, the type of inner relation chosen during the PLS
stage of the modeling will have a bearing on the final model
even when the second approach is used.

A problem with these two approaches is that the appropriate
structure for the transfer function elements comprising the
inner relation may be quite complicated. The PLS algorithm
attempts to find an outer relation which will produce a good
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Figure 5. Modeling procedure and modal representation
of model.

linear algebraic inner relation. When the true relationship be-
tween the input and output variables is dynamic, the attempt
of the PLS algorithm to force the input and output scores to
be colinear can actually be counterproductive. In some cases,
the attempt may be successful with the result that a model with
very fast dynamics in the most significant components is ob-
tained, and any slow dynamics are modeled by the less sig-
nificant components. In other cases, the modeling may be
unsuccessful in that a bad choice of outer relations is found
for which the inner relations are poor. This results in a poor
model accounting for only a small fraction of the variance in
the output data. What is needed to solve this problem is a way
of presenting the PLS algorithm with" data for which the ap-
propriate inner relation is a constant diagonal matrix.

It is not unreasonable to assume that some knowledge of
the approximate process dynamics will be available due to
operating experience for existing processes or design param-
eters for new processes. At minimum, the relevant time scale
should be available. If some idea of the dynamics of the process
is available a priori, these dynamics can be used to filter the
input data prior to modeling using standard PLS. This rep-
resents the third approach to incorporating dynamics in the
PLS model. (See Figure 5.) The dynamic transformation rep-
resented by this filter has the effect of presenting the PLS
algorithm with data from which the dynamics have been ap-
proximately remoed. The result is a set of data which contains
steady-state information and can be modeled effectively using
PLS. The dynamics used to filter the inputs become part of
the final model. In general, detailed knowledge of the process
dynamics will be unknown at the time the filtering dynamics
are selected. For this reason and because of the ease of ma-
nipulation and simplicity of the resulting model, a filter of the
form of is suggested, where « is a scalar transfer function
containing what is considered the ‘‘average’’ dynamics of the
process, and [ is the identity matrix of appropriate dimension.
(Optimization of the dynamics with the objective of minimizing
IF) in Eq. 9 would actually be more desirable than selecting
them a priori. This approach will be investigated in future
work.) If more detailed information about the dynamics is
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known, appropriate diagonal or square transfer function ma-
trices may be applied to the input data. However, the com-
plexity of the combination of the inner relation with the filter
dynamics increases dramatically when general diagonal or
square filters are used. Much of the benefit of the PLS com-
pensation method of controller design lies in the simplicity of
the inner relation as a plant model. Because this benefit is lost
if the inner relation is made unnecessarily complicated, it is
recommended that dynamics incorporated into the model by
filtering the inputs be limited to the simple form, ol.

Even the simple af form of the input transformation filter
should result in a much better PLS fit of dynamic data than
using the raw data. If the a priori dynamics are insufficient
to adequately describe the data, however, additional dynamics
may be incorporated by using a diagonal transfer function for
the inner relation within the PLS algorithm or by identifying
a square transfer function matrix model for the scores after
the PLS loading matrices have been computed, as discussed
previously.

In summary, the performance of a control scheme using the
compensation tactic in Figure 4 is expected to have the fol-
lowing characteristics. It should be decoupled to an extent
dependent on the fidelity of the PLS model. The performance
(here loosely defined as speed of error elimination combined
with minimization of control action, that is, a nonrigorous
LQG objective) of the first component controller will be the
best and the performance will degrade with increasing com-
ponent number. This means the component of the setpoint
change (disturbance) in the direction of the first component
will be tracked (rejected) most easily, and the ease of tracking
(rejection) will decrease with increasing component number.
Although at first glance this seems like a serious problem, on
additional thought it can actually be seen as an advantage. The
first component represents the direction in the variable space
in which the plant most naturally moves. Thus, disturbances
and setpoint changes occurring most often are those controlled
best, performance is sacrificed for those occurring infre-
quently, and control is not even attempted for those repre-
senting physically impossible combinations of process variables.

Example: Shell standard control problem

This problem was developed by Shell personnel for the first
Shell Process Control Workshop (Prett and Morari, 1987).
The physical system is a heavy oil fractionator. A nominal
linear model with three controllable inputs, two disturbance
inputs, and seven measurable outputs was provided. In ad-
dition, the control objectives, control constraints, model un-
certainty description, and a set of prototype test cases were
specified. A detailed description of the problem is given in the
proceedings of the first Shell workshop (Prett and Morari,
1987).

The process is represented by a matrix of transfer functions
of the following form:

Ke™™
s+1

The nominal parameters are given in Table 2. Two disturbance
inputs, d, and d,, are the intermediate reflux duty and the

Vol. 38, No. 10 1599



Table 2. Model for Shell Problem

Bottoms Inter. Upper
Top Draw Side Draw Reflux Duty Reflux Duty Reflux Duty

(TD) (SD) (BRD) (IRD) (URD)

Tob End K=4.05 K=1.11 K=5.88 K=1.20 K=1.44
P opP T‘;EP 7=50 7=60 7=50 7=45 r=40
oint (TEP) ry=27 74=28 74=27 1a=27 =27

Side End K=5.39 K=5.72 K=6.90 K=1.52 K=1.83
p 1ce SI;EP =50 7=60 7=40 7=25 =20
oint (SEP) r,=18 .= 14 =15 =15 1,=15

Top T K=3.66 K=1.65 K=5.53 K=1.16 K=1.27
OPTT"“‘"' =9 7=30 =40 r=11 r=6
(TT) =2 73=20 ra=2 =0 1,=0

Uoper Refl K=592 K=2.54 K=8.10 K=1.73 K=1.79
Tppe‘ gR‘,}x =12 7=27 7=20 7=5 =19
emp. (URT) =11 =12 ra=2 74=0 7,=0

Side D K=4.13 K=2.38 K=6.23 K=1.31 K=126
T 1de ;?)WT 7=8 =19 =10 T=2 r=22
emp. (SDT) 7,=5 1y=T rg=2 74=0 7,=0

Inter. Refl K=4.06 K=4.18 K=6.53 K=1.19 K=1.17
T‘“er‘ ‘;R‘;" =13 r=33 7=9 r=19 r=24
emp. (IRT) 7,=8 =4 =1 7,=0 12=0

K=4.38 K=4.42 K=17.20 K=1.14 K=126

B%ttoms g;f:lrux 7=33 7=44 =19 =27 =32
emp. (BRT) 7,=20 T4=22 74=0 74=0 7,=0

upper reflux duty, respectively. Three manipulated inputs are
the top draw, side draw and bottoms reflux duty.

Production specifications are given only for the TEP and
SEP. They are not allowed to deviate by more than x0.005
at steady state. In addition, the TEP is never to go outside the
range +0.5 even during a transient response. No bottom prod-
uct specification is given except for a constraint on the BRT,
which is not allowed to go below —0.5. All the controllable
inputs are constrained between — 0.5 and 0.5. In addition, they
are allowed to move at a rate of only 0.05 unit per minute. In
order to maximize the steam make in the bottom of the column,
the BRD is minimized. The fastest allowable sampling interval
is 1 minute, and this is the sampling rate used for all data
analysis and simulation.

Preliminary analysis and monitoring

The dimensionality reduction provided by chemometric

[Gp|Gd] Gd

u —— G, y

Figure 6. Input and disturbance block diagram.
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methods is helpful in obtaining preliminary understanding of
the relationships among the variables of a process. A data set
representing ‘‘normal open loop operation’® was generated
using the CONSYD simulator SMXPO by forcing all three
manipulated variables and the two disturbance variables with
white noise of mean zero and standard deviation 0.01. (CON-
SYD is a computer-aided CONtrol SYstem Design software
package. It was originally developed at the University of Wis-
consin—Madison under the direction of Professors Morari and
Ray. Contact Professor W. H. Ray for details.) This was
assumed to represent the ‘‘process noise’’ inherent in the heavy
oil fractionator. (Note that its relation to reality is unknown
because neither the magnitude nor the covariance structure of
the noise of the actual process was provided in the problem
statement.) Such noise is assumed to have an unmeasurable
origin and to arise spontaneously within the process. This is
equivalent to assuming, in addition to the disturbance transfer
function matrix specified in the problem statement, another
disturbance transfer function matrix is present which is the
combination (stacked side by side) of the specified plant and
disturbance matrices. (See Figure 6.) The aggregate disturbance
transfer matrix is constantly forced with a white noise vector
of dimension five with each element having mean zero and
standard deviation 0.01. Thus, there are no ‘“inputs’’ to meas-
ure (the supplementary white noise disturbances are unmea-
surable), and only the outputs are available for analysis. Under
these circumstances (having only one block of variables avail-
able for analysis), PCA is the appropriate technique for anal-
ysis of the data.

A PCA model was constructed for the seven output variables
by using CONSYD program CHEMOMETRIC to analyze the
noise data. (This is a new program not included in the 1989
release. It will be included with the next release of CONSYD.)
Figure 7 shows the variance explained by each of the seven
components. The first three components explain about 87%

AIChE Journal



0.6

g §
9 <
1
AN
z N
RN
<
- § §
% NN RS sy s
0 1 2 3 4 5 6 7 8
COMPONENT NUMBER
Figure 7. Variance explained by each componentin PCA

model.

of the total variance of the data. Because the remaining four
components together account for only about 13% of the var-
iance, they are considered insignificant and eliminated from
further analysis. A loading plot is constructed for the first
three components in Figure 8. Two groups of points, each
containable within a cylinder in the space defined by the first
three components, are visible in the plot. According to the
theoretical background of PCA, points falling in clusters on
the loading plot should represent groups of related and there-
fore highly correlated variables. In this case, one group con-
tains the two end point measurements, and the other contains
the five temperatures. This result supports the idea that the
PCA loading plot can be used for detecting groups of related
variables because the technique has grouped the related vari-
ables together.

In the same way as the loading plot can be used to detect
relationships between the variables, a score plot can be used
to detect relationships between measurements. Application of
the PCA score plot to process monitoring is a special case of
this detection of relationships between measurements. Figure
9 shows the score plot of the first three components in the
PCA model for the noise data. Most of the points fall in a
well defined region on the plot (approximate 99% confidence
region), which, using SPC terminology, indicates the process

0.5
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] TEP,
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Gl

G3

Figure 8. Loading plot for PCA model.
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Figure 9. PCA score plot for noise data.

is statistically ‘‘in control.”” When the process is statistically
““out of control,”’ points should stray outside these well defined
regions. Figure 9 shows the score plot in a scatter diagram
format, which is how these are ordinarily presented in the
literature. This representation can fail to convey the distri-
butional nature of the score plot when the data poeints are
sufficiently numerous so that significant numbers of them
overlap in the center of the regions. More information can be
conveyed if they are presented in a way that shows the density
of the data, such as the grayscale score plot shown in Figure
10. This figure contains the same information as Figure 9, but
it clearly shows that the density of the data is higher in the
center of the control regions than at the edges. Figure 11 shows
the score plot for a data set in which, in addition to the process
noise, a mean shift of +0.01 was imposed on each of the two
disturbances at = 1,000. In the same, the disturbance is clearly
visible. Measurements taken for > 1,000 fall outside the pre-
viously defined control regions.

23

2]
|
2 |
4 i il | |
i 2 703 73 3
Figure 10. PCA score plot for noise data—Grayscale
representation.
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Modeling

Modeling is an integral part of any control system design,
and this is especially true of the PLS compensation control
scheme presented here. Although a model is provided in the
Shell problem statement, for the purposes of this work it was
assumed an appropriate model identification would be re-
quired. For the purpose of generating a data set for the iden-
tification, the nominal plant model was used in place of the
physical system, and an ‘‘experiment’’ was performed on it.
The model was simulated using CONSYD program SMXPO
in open-loop mode. Three pseudorandom binary signals with
clock intervals of 70 minutes were applied to the controllable
inputs of the system, and the system response was recorded.
The clock interval of 70 minutes was selected based on the

0.8
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Fraction Variance Explained

0.4 —

0.2 4
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00 e A
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Figure 12. Fraction of variance explained by compo-
nent—primary variables.

Left bar of each pair is output fraction, and right is input
fraction.
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assumed a priori knowledge that the dominant time scale of
the process was approximately 70 minutes. In addition, the
process noise used previously was included in the output. Thus,
the identification is being performed in the presence of cor-
related noise.

The CONSYD program CHEMOMETRIC was used to
model the data. The output variables were partitioned into
two sets: a set of primary variables with production specifi-
cations given by the problem statement (TEP, SEP, and BRT)
and a set of secondary variables with no specifications (TT,
URT, SDT, IRT). All variables were centered around their
steady-state values to facilitate the use of transfer function
models. The TEP was scaled to unit variance, the SDT was
scaled to a variance of 0.4, and the BRT was scaled to a variance
of 0.1. These scalings were chosen to emphasize control of the
TEP, which has a transient operating constraint which must
be observed, and to de-emphasize the control of the BRT,
which has no setpoint specification and is used only to optimize
the BRD. The input variables (TD, SD, and BRD) were filtered
by the transfer function matrix

e—Z(k

40s+11

to incorporate these dynamics into the model. These dynamics
were selected by examining the parameters in Table 2 and
taking a crude “‘eyeball’’ average of the values corresponding
to the three variables which are to be controlled. In practice,
the filter would be chosen based on the modeler’s preliminary
knowledge of the dominant time scale of the process. A stand-
ard PLS model was then constructed to relate the outputs to
the resulting transformed inputs.

The inner relation obtained for the primary variables was:

[ 40.72
9.46
125.35

The input and output loading matrices were:

[0.858 0.038 0.910

Q= 0.451 0.890 0.410
[ 0.245 0.454 0.056
and
—0.046 0.040 0.995
P= 0.259 0.939 -0.079
0.965 —0.341 0.053

Figure 12 shows the fraction of the variance explained by each
component of the PLS model for the primary variables. The
first component accounts for about 85% of the variation in
the output. Figure 13 shows the PLS model prediction for the
three primary variables. Some error is visible in the fit, but it
is quite good considering the PLS model contains only five
parameters, two of which (the time constant and delay in the
transfer function used to transform the inputs) were selected
a priori. The original plant model for these three variables
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Figure 13. PLS model prediction for primary variables.

contains 27 parameters. For the TEP and SEP, the fit is much
better than for the BRT. Lack of fit in this variable is due to
the low weight it was assigned using the PLS scaling factors,
but this is acceptable because it is used only to optimize the
steam make, while the other two variables have setpoint spec-
ifications.

Additional dynamics could have been incorporated in both
the primary and secondary variable models by replacing the
static inner relations by dynamic ones. (Program CHEMO-
METRIC has a feature for allowing the user to apply an ar-
bitrary inner relation in place of the diagonal matrix of
constants used in standard PLS. The ability to use an arbitrary
function to relate the input and output scores is obtained by
linking a user-written subroutine to the main program. This
subroutine includes the input and output score vectors of the
current component among its arguments. Thus, it can compute
or estimate the parameters of, an arbitrarily complicated func-
tion relating these score vectors. This approach is similar to
that used for analyzing and simulating nonlinear processes in
other CONSYD programs.) This would have improved the fit
slightly, but was considered unjustified. The slight improve-
ment would not be worth the added complexity.

Control
The basic PLS control scheme is based on the model for the
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primary variables. A precompensator and postcompensator,
(W, P) and (Q'W, "), respectively, were computed. (Recall that
W, and W, are the scaling matrices applied to the data before
implementing the PLS algorithm. Thus, they must be applied
in the control system to keep the scaling consistent.) The pre-
compensator and postcompensator were:

—-0.09168  0.08025 1.99092
(W.P)= 0.12954  0.46967 —0.03950
0.48238 —0.17033  0.02653

and
15.0907 —17.0790 17.9166
@'w;h=1 —8.3399 7.2954 —1.3278
1.4978 15.7961 —16.8319

The model for the compensated plant includes the B matrix
from the PLS model (in this case, a diagonal constant matrix)
and the dynamics used to transform the input variables:

e [4072

405+ 1

9.46
125.35

This is the PLS model obtained previously. Based on this
model, the control system will be designed. Some mismatch
exists between the actual compensated plant and the model.
The steady-state gain matrix of the compensated plant is:

G, (0) = (Q"W; )G, (0)(W,P)

44.80 —-9.34 96.97
=| —1.23 11.29 -1.59
—-.83 10.72 33.98

10

The first component shows good agreement between the plant
and the model (44.89 for the plant vs. 40.72 for the model).
The second and third components are much poorer, showing
disagreement between the diagonal elements of the plant and
the model as well as off-diagonal elements of significant mag-
nitude. Overall, the plant/model agreement seems bad until
the relative amounts of variance explained by the components
is considered. The first component accounts for over 85% of
the total variance and is modeled reasonably well. Validity of
the model has already been demonstrated in that the input/
output error was relatively small. Thus, the mismatch in the
second and third components is relatively unimportant.

A simple rule-of-thumb based on the direct synthesis method
of controller design was used to tune PI controllers on each
of the three loops. Direct synthesis controllers are designed by
specifying the closed-loop transfer function of the process (Se-
borg et al., 1989). Together with the model of the open-loop
process, which is also given in the form of a transfer function,
the required transfer function for the controller can be com-
puter. If a first-order closed-loop response is specified for a
first-order open-loop process, the resulting controller is of the
PI form with the integral time constant equal to the time
constant of the process and the controller gain a simple func-
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Figure 14. Directional responses.

The first column of plots is associated with a unit step in the
first component error. The second and third columns are similar
associated with steps in the second and third components, re-
spectively. Note the speed of the closed-loop response as well
as the small magnitude of required control action and lack of
interaction between the three components when the process is
moved in the first component direction, as opposed to the other
two component directions.

tion of the process time constant, the process gain, and the
specified time constant for the first-order closed-loop response.
For this process, the model for each element is not simply first-
order, but first-order with dead time. Thus, a rule-of-thumb
was used which is justified elsewhere (Kaspar, 1992). This rule
was:

T+ T4
K. =
Kp
and
T1=T+ Td

where 7 is the process time constant, 7, is the process delay,
K, is the process gain, K, and 7, are the PI tuning parameters,
and 6 is a pseudo tuning parameter which can be thought of
as the time scale of the desired response. For this example,
=60 was selected. This approach gave the following con-
troller:

0.0167
GC=<1+ 0 )
s

Using this controller and the compensators, the control system
shown in Figure 4 was implemented using an updated version
of CONSYD program SMXPO.

0.02456
0.10571
0.00798
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Exploration into how the performance of the control system
depends on the direction in which the system perturbed is
instructive. This perturbation can correspond either to a set-
point change or to a disturbance. For purposes of illustration,
three setpoint changes were introduced into the process. The
changes correspond to introduction of unit error into each of
the three components (that is, to making a unit step change
in each element of ¢, in the bottom diagram in Figure 4). Figure
14 shows the directional responses of the system. Columns
correspond to the three component directions (first to third
components are shown from left to right). The first row cor-
responds to the output variables, the second row to the input
variables, and the third row to the component error signals.
This figure illustrates a number of points. Ideally, there should
be no interaction between the components, and the response
of each component should be independent of the other two.
However, the examination of the steady-state gain matrix of
the actual compensated plant indicates that some interaction
can be expected in this case due to the plant/model mismatch.
This interaction can be observed in Figure 14. If there were
no interaction, in the bottom left plot, which shows the com-
ponent errors when the system is responding to a setpoint
change in the direction of the first component, the dotted and
dashed lines would remain at zero, while the solid line (rep-
resenting the first component error) would start at one and go
to zero as the control system acted. Similarly, in the second
and third columns of the bottom row, only the component
corresponding to the perturbation direction would deviate from
zero. However, it can be seen that all of the component errors
are disturbed by setpoint changes in the direction of any single
component. This interaction is the result of modeling error.
More precisely, it is due to the fact the simple model structure
selected is incapable of representing the true plant perfectly.
The second point illustrated by this diagram is the idea that
performance will degrade with increasing component number.
This is seen clearly in both the top row of plots, which show
the physical variables, and the bottom row of plots, which
show the component errors. For the setpoint change in the
direction of the first component, the variables and the com-
ponent errors reach steady state very quickly. For the second
and third components, however, the response is more sluggish
and the interaction between the components is worse. The third
point illustrated by this diagram is the idea that the required
control action will increase in magnitude with increasing com-
ponent number. This can be seen in the middle row of plots.
For the first component, very little control action is required.
For the second component, much larger control action is re-
quired. For the third component, even more control action is
required, and the system is still far from steady state even after
500 minutes.

Figure 15 shows the response of the nominal system under
PLS control to the disturbances and setpoint changes specified
for the nominal case in the Shell Control Problem. The dis-
turbances were each steps of +0.5, and the setpoint for the
BRT was reduced to its lower operating constraint of —0.5.
Control action brings TEP and SEP to their predisturbance
values. As required to maximize the steam make, the BRT is
driven to its lower operating constraint.

It was expected that the application of more advanced con-
trol strategies within the PLS compensation framework would
give improved performance over the diagonal PI controller.
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Figure 15. Closed-loop response—PLS control scheme.

After the introduction of steps in both disturbance variables at
¢=0, the TEP and SEP are brought back to their setpoints. As
required to maximize the steam make, the BRT is driven to its
lower operating constraint. The manipulated variables move in
a smooth manner characteristic of a conservative controller.

As a preliminary investigation into the performance of the
PLS compensation scheme when more advanced control meth-
ods are used within this framework, a Smith predictor—the
earliest and simplest of the model-predictive control algo-
rithms—was implemented on the transformed variables (as
shown in Figure 4). Use of the Smith predictor moves the delay
outside the characteristic equation. This permits tighter tuning
of the controller than would otherwise be possible. A PI con-
troller was used with the Smith predictor. The tuning param-
eters of the PI controller were again computed using the direct
synthesis approach. Because the delay can now be considered
as outside the loop, only the first-order lag of 40 minutes is
considered in computing the tuning parameters. The controller
can be tuned much more tightly than without the Smith pre-
dictor, so a characteristic time of =10 was selected. The
diagonal PI controller used was:

( 0.025)
1+
h)

Note that this is a much tighter controller than was used without

0.09823
0.42283
0.03191
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Figure 16. PLS Smith predictor control scheme and
comparison with QDMC results.

The top pair of plots show the results obtained using the current
approach, while the bottom pair shows the results of Cuthrell
obtained using a QDMC controller (Cuthrell et al., 1990).

the Smith predictor. Figure 16 shows the response of the system
to the same disturbances and steam make optimization as be-
fore. The settling time and transient maxima are very similar
to those for the QDMC controller, although the optimization
of the steam make it not as aggressive.

Monitoring the Controlled Process

It is of interest to monitor the controlled system both to
determine how well the control system is performing and to
detect any disturbances entering the process. The first objective
may be met by looking at PCA score plots. Figure 17 shows
the score plot of the closed-loop system using the PI controller
without the Smith predictor as it responds to the inherent
process noise. Figure 18 shows the closed-loop system as it
responds to both the process noise and step changes of +0.01
in both disturbance variables occurring at £=1,000. In Figure
17, the points are found to fall within essentially the same
regions as was the case in Figure 9. Thus, the process is sta-
tistically ““in control.”” In Figure 18, which shows the score
plot for the closed-loop process responding to both the process
noise and the step disturbance, the points are also found to
fall within the previously defined regions. This result contrasts
with that shown in Figure 11, in which, for the open-loop
response of the process to the same combination of process
noise and disturbances, points fall clearly outside the control
regions after the disturbance enters the system. Thus, the dis-
turbance is effectively rejected by the control system, and the
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Figure 17. PCA score plot for noise data with control.

system remains in statistical control in spite of the disturbance.

Because the control system keeps the process ‘‘in control’’
according to the PCA monitoring method in the presence of
disturbances, some other monitoring method must be used to
detect the disturbances. An obvious candidate is an input score
plot based on the same PLS model as used to design the con-
troller. Figure 19 shows the PLS score plot for the closed-loop
system responding to the process noise. As with the PCA score
plots, the points fall within well-defined regions. The predic-
tion error at upper right also falls within a well-defined region.
Figure 20 shows the PLS score plot for the closed-loop system
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Figure 18. PCA score plot for disturbance data with con-
trol.
1606 October 1992
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Figure 19. PLS score plot for noise data with control.

responding to the small step disturbances in addition to the
process noise. These disturbances manifest themselves in the
points on the score axes beginning to fall outside the control
regions and the prediction error increasing dramatically after
the introduction of the disturbances at #=1,000. Thus, the
PLS score plot is capable of detecting disturbances entering a
closed-loop system even when the controller works well to keep
the process under control.

Summary and Discussion

The PCA and PLS techniques have been applied to the Shell
Standard Control Problem. The usefulness of these techniques

.02 ' l02
o T 2 -0 3 004

Figure 20. PLS score plot for disturbance data with con-
trol.

AIChE Journal



for preliminary data analysis, monitoring the process (both
before and after control system implementation), dynamic
modeling, and designing the control system has been dem-
onstrated.

A PCA model was developed from a data set consisting only
of “‘process noise.”” The loading plot for this model displayed
two distinct clusters of points representing the seven variables
of the system. The draw and reflux temperatures were found
in one cluster and the end point temperatures in the other.
Thus, it was demonstrated that physically related (and there-
fore statistically correlated) variables exhibit clustering in a
loading plot, and that such a plot can be used as a tool for
detecting such relationships.

The score plot for this same PCA model was used for mon-
itoring the open-loop process. It was shown that control regions
can be established on such a score plot using normal operating
data and that disturbances which depart from the norm will
cause points on the score plot to fall outside these control
regions.

A dynamic model was developed for the process by trans-
forming the inputs using a diagonal filter containing the ap-
propriate ‘“average’’ dynamics of the process. These dynamics
were selected a priori and were not optimized to obtain a better
fit of the data. The filtered inputs and the outputs were then
related by a standard PLS model. Because the filtering dy-
namics used were of the special form of a scalar transfer func-
tion multiplying an identity matrix of appropriate dimension,
the dynamics could be easily moved ‘““inside’’ the PLS model
and combined with the algebraic PLS inner relation to give a
dynamic diagonal inner relation. The five parameter (two of
them selected a priori) PLS model fit the data quite well.

This dynamic PLS model was used to design a feedback
control system for the process. The input and output loading
matrices served in the role of pre- and postcompensators so
that the appropriate model for control system design was the
diagonal dynamic inner relation. It was shown that, due to
modeling error, the actual compensated plant differed from
the inner relation, but the bulk of the disagreement was in the
second and third components. Because of the small contri-
bution of these components to the total variance of the process,
the departure was considered tolerable. A simple diagonal P1
controller was designed based on the inner relation. Rules-of-
thumb derived from the direct synthesis approach to controller
design were used to compute the controller tuning parameters.
The servo response of the closed-loop system in each of the
three component directions was examined. As expected, the
response was fastest and required the least control action when
the system was perturbed in the direction of the first com-
ponent. The second and third components showed slower re-
sponses and required stronger control action. There was some
interaction between the components due to the plant/model
mismatch. A preliminary investigation into the applicability
of more advanced control strategies within this compensation
framework was made by implementing a Smith predictor. The
performance of this control scheme was roughly comparable
to the performance of the QDMC controller from the literature
(Cuthrell et al., 1990). It will be interesting to see the results
of future work in which the application of more advanced
control algorithms such as model-predictive control and robust
control within the PLS compensation structure will be con-
sidered.
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Use of the PCA model to monitor the closed-loop process
showed that the controller effectively rejected disturbances and
maintained the system within the control regions. However,
detection of the disturbances required using the PLS input
score plot. It was shown that disturbances manifest themselves
clearly in the prediction error portion of the PLS score plot,
and thus they can be detected easily even when they are too
small to significantly affect the output variables.

Conclusions

In addition to their well-established role as analysis and
modeling tools, chemometric methods such as PCA and PLS
can be useful in control system design. Their utility arises from
the desirable properties of these models with respect to di-
mensionality reduction and concentration of the variance of
the process in the first few components. The benefits include
partial decoupling, automatic ‘‘efficient’’ loop pairing, and
simplicity of design.

In the future it is expected the benefits will be shown to
extend to natural handling of nonsquare and poorly condi-
tioned systems, and the use of more advanced control strategies
within this compensation framework will result in further per-
formance and robustness improvements. Additional improve-
ments are expected from better ways of incorporating dynamics
into the PLS model. It should even be possible to extend the
method to nonlinear systems by suitable modification of these
modeling techniques. Additionally, other dynamic represen-
tations, such as discrete time models, could be used instead of
the continuous transfer function as variations on the standard
algebraic PLS inner relation.
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Notation

B inner relation in PLS model

E = residual of the input matrix in PLS
F = prediction error in PLS
F* = residual of the output matrix in PLS
G, = controller transfer function matrix
G, = disturbance transfer function matrix
G, = process transfer function matrix
G, = transfer function matrix describing the compensated plant
I = identity matrix
L = diagonal matrix of eigenvalues in the spectral decomposition
P = loading matrix for the inputs in PCA and PLS
@ = loading matrix for the outputs in PLS
t = time
T = input score matrix
U = left singular vectors in SVD context; the scores of the output
data in PLS context
V = the right singular vectors in SVD
W, = matrix of scaling factors for the inputs
W, = matrix of scaling factors for the outputs
X = input data matrix
Y = output data matrix
" = matrix transpose

estimate

Greek letters
«a = transfer function for filtering inputs
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covariance matrix of a stochastic process
matrix of singular values
tuning parameter for specifying closed-loop time constant

>M=
oo

Vector/matrix convention

The convention for X, ¥, T, and U
x = vector of functions of time for which X is a particular reali-
zation
x; = ith column of X
x; = function of time for which x; is a particular realization
The convention of P and Q
p; = ith column of P
The convention for &, L, and B
g; = ith diagonal element of L
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