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Abstract

This paper addresses the issue of modelling and control of multivariable chemical process systems

using the dynamic version of a popular multivariate statistical technique, namely, Projection to

Latent Structures (Partial Least Squares or PLS). Discrete input-output data is utilized to construct

a projection based dynamic model that captures the dominant features of the process under study.

The structure of the resulting model enables the synthesis of a multi-loop control system. In

addition, we also present the design of feedforward control for multivariable systems using the

dynamic PLS framework. Three case studies will be used to illustrate the modelling and control of

multivariable linear and nonlinear systems using the suggested approach.
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Introduction

Advanced control schemes such as Model Predictive Controllers (DMC, GPC etc.) are gaining

increasingly wide acceptance in the chemical process industries. This is due to their ability to deal

with (a) multivariable (square or nonsquare) systems (b) systems with hard and soft constraints us-

ing simple and intuitive process descriptions such as step/impulse response coe�cients and discrete

transfer functions. However, the design of such controllers is possible only after the development

of a complete model describing the e�ect of all the process inputs on all the process outputs. First

principles based models are either di�cult to obtain or too unwieldy to use for controller design.

The multivariable process model is usually obtained empirically by performing an identi�cation ex-

periment and analyzing the recorded plant input-output data. The presence of several time scales

and di�erent delays in multi-input, multi-output (MIMO) processes presents a challenging prob-

lem in the identi�cation of such systems. If the system were to exhibit nonlinear characteristics

over the desired range of operation, the tasks of identi�cation and control can become even more

formidable. Even if an adequate plant model was available, the issue of control structure selection

(centralized/decentralized) needs to be addressed. In model predictive control (MPC), the con-

troller is centralized and reliability is achieved by performing online optimization. Morari (1990)

points out that there are many cases where the modelling and design e�ort necessary for MPC is

either impossible or not economically justi�able. In practice, a decentralized (multi-loop) control

structure is preferred for ease of startup, bumpless automatic/manual transfer, and fault tolerance

in the event of actuator or sensor failures and is readily designed using recently developed control

algorithms (Seborg et al. (1989), Ogunnaike and Ray (1994)) or other methodologies (Morari and

Za�riou, 1989). The decision on loop pairing is critical - the Relative Gain Array (RGA) method

and its extensions as well as physical arguments are the key tools to screen potential alternatives.
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Identi�cation of single-input, single-output systems (SISO) is an extremely well researched topic

even for nonlinear systems (Ljung (1987), Cinar (1994)). For linear SISO systems, least squares

based techniques have proven to be handy in the recursive as well as nonrecursive identi�cation

schemes. In addition, it is also possible to identify the parameters of all orders, from zero to

a user speci�ed maximum, using an e�cient implementation of the least squares algorithm (Niu

and Fisher, 1994). Several commercial identi�cation and control packages (e.g. MATLAB System

Identi�cation Toolbox (1992), ADAPTx (1992)) are capable of estimating linear SISO and/or

MIMO dynamic models from observed plant data. In the identi�cation of MIMO processes, a high

degree of correlation is often observed between process variables. In such cases, use of identi�cation

software based on the ordinary least squares technique will result in parameter estimates with large

variances owing to the ill-conditioned nature of the problem. One way to circumvent the ill-

conditioned nature of the MIMO identi�cation problem is to resort to alternatives other than the

ordinary least squares. Very recently, multivariate statistical techniques such as PCA (Principal

Components Analysis) and PLS have been applied to chemical engineering problems involving

process monitoring, fault detection and modelling (Kresta (1992), Wise (1991), Qin and McAvoy

(1992a), Qin (1993), Nomikos and MacGregor (1994), Ricker (1988)). In these applications, the

data compression facility o�ered by these methods were utilized in condensing the variance of the

process into a very low dimensional latent subspace. This data compression feature provides a

low-dimensional window into the process and facilitates the tasks of monitoring and fault detection

(Kresta et al., 1991).

Very few attempts have been made to exploit the potential bene�ts that PCA and PLS have

to o�er in the domain of dynamic modelling and control. Ku et al. (1995) have proposed an

extension of the standard PCA technique in order to handle dynamic and autocorrelated data.
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Based on the inclusion of lagged variables in the data matrix, their dynamic PCA (DPCA) method

provides monitoring and fault isolation capabilities under the statistical process control (SPC)

framework. Furthermore, DPCA can also identify linear static and dynamic relationships present

in data sets and promises to be an e�ective tool for process monitoring and identi�cation. Some

possible methods (along with their bene�ts/drawbacks) of using the PLS technique for dynamic

model identi�cation are described in Kaspar and Ray (1992, 1993). Qin and McAvoy (1992b)

demonstrated the modelling of nonlinear static data using an integrated PLS-Neural Net structure.

The last three papers cited above provided the motivation for the current investigation in which

identi�cation and control are performed simultaneously in the PLS framework.

The key contribution of this work involves the development of a modelling approach for MIMO

processes that is cast as a series of SISO identi�cation problems. Thus one can, by employing

the proposed strategy, utilize the wealth of identi�cation and control algorithms that have been

developed for SISO systems. Linear systems are easily handled using standard time series rep-

resentations (e.g. ARX models); the Hammerstein structure provides a framework for handling

nonlinear systems. Although it can be argued that the Hammerstein structure cannot handle every

type of nonlinearity, their utility in modelling typical chemical processes (heat exchangers, high

purity distillation columns, acid-base neutralization systems etc.) has been shown in earlier work

(Eskinat et al. (1991), Lakshminarayanan et al. (1995)). Subsequent decentralized controller de-

sign, in the transformed basis set, is based on the estimated SISO dynamic models and therefore

provides an automatic selection of loop pairing. The control structure involves the use of pre- and

post-compensators along with provisions for annulling the nonlinearities that are identi�ed from the

plant data. Finally, we propose a strategy for the design of multivariable feedforward controllers

in this PLS framework.
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The subject matter of this paper is outlined as follows. First a brief overview of the standard PLS

procedure is provided. Extensions of this technique to handle dynamic linear and nonlinear process

data in a manner that facilitates easier design of the control system forms the subject matter of the

next two sections. This is followed by a section describing the synthesis of multivariable feedforward

controllers. The theoretical matter of this paper is supplemented by including several semi-realistic

examples involving modelling and control of multivariable chemical process systems. Conclusions

and proposed future work forms the �nal section.

Partial Least Squares : An Overview

The linear partial least squares technique has established itself as a robust alternative to the

standard least squares (multiple linear regression) method in the analysis of correlated data. First

proposed by Wold (Wold, 1966), this method has been applied to analyze data in a variety of

disciplines such as sciences, social sciences, engineering and medicine. A tutorial description of

PLS along with a simple example has been provided by Geladi and Kowalski (1986a, 1986b); for

the theoretically inclined reader, Manne (1987) and H�oskuldsson (1988) provide excellent analysis

of the mathematical properties of the algorithm. In fact, the knowledge and use of PLS has become

so commonplace that it warrants no fundamental introduction.

Consider two blocks of measurements X and Y. Often times, we seek to predict the Y space

(comprising of quality variables), using only the X space (comprising of process or causal variables)

measurements, with a linear estimator of the form

Y = X C + Noise (1)
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Poor performance of the routinely used Ordinary Least Squares (OLS) in the case of correlated

measurements makes it necessary to opt for other available choices. Several multivariate techniques

such as Canonical Correlations Analysis (CCA), Partial Least Squares, Principal Components Re-

gression (PCR), etc. have been proposed for this task. These methods circumvent the collinearity

problem associated with multivariate data by constructing and relating latent or virtual variables

(linear combinations of the original variables) instead of the original variables. The philosophy

governing the choice of the latent variables for the X space di�erentiates these methods. Two

attributes are of major importance for the estimator : (i) stability and (ii) obtaining good �t of

the data. The linear combinations must account for much of the variation of X and must correlate

well with the variables in the Y space to achieve the objectives of model stability and goodness

of �t. Each of the multivariate methods accomplish a di�erent level of balance between these two

goals. Wise (1991) describes the nature of these tradeo�s in his discussion of continuum regression

- a common framework that encompasses all (and even more !) of the multivariate techniques

mentioned herein.

Let us assume that the X and Y blocks consist of nx and ny variables respectively. The number

of observations in each of them is N. For practical applications of the PLS algorithm, it may be

necessary to scale the X and Y blocks suitably in view of the fact that the measurement units

can be grossly di�erent. Without proper scaling, the PLS latent variables may be signi�cantly

biased towards variables with larger magnitude. Scaling may be performed using some a priori

knowledge, e.g. assigning larger weights to some key variables; often, all variables are autoscaled

(mean centered and scaled to unit variance). This scaling information is stored in the matrices Sx

and Sy for the X and Y blocks respectively. The scaled X and Y blocks i.e., X S�1x and Y S�1y are

then processed by the PLS algorithm. The raw plant data is assumed to be scaled in this manner
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Figure 1: The Standard Linear PLS Algorithm

in all of the development that follows.

Sx =

2
6666664

sx1 0 0 � � � 0
0 sx2 0 � � � 0

0 0
. . .

. . .
...

...
...

. . .
. . . 0

0 0 � � � 0 sxnx

3
7777775 (2)

Sy =

2
6666664

sy1 0 0 � � � 0
0 sy2 0 � � � 0

0 0
.. .

. . .
...

...
...

. . .
. . . 0

0 0 � � � 0 syny

3
7777775 (3)

In PLS, the X and Y data are decomposed as a sum of a series of rank 1 matrices as follows :

X = t1p
0

1 + t2p
0

2 + � � �+ tnp
0

n + E = TP
0

+ E (4)

Y = u1q
0

1 + u2q
0

2 + � � �+ unq
0

n + F = UQ
0

+ F (5)

In the above representation, T and U represent the matrices of scores while P and Q represent

the loading matrices for the X and Y blocks. To determine the dominant directions in which to
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project data, a maximal description of the covariance within X and Y is used as a criterion. The

�rst set of loading vectors (direction cosines of the dominant directions within the data set), p1 and

q1, is obtained by maximizing the covariance between X and Y. Projection of the X and Y data

respectively onto p1 and q1 gives the �rst set of scores vectors t1 and u1. This procedure is depicted

by the block \PLS OUTER MODEL (1)" in �gure 1. The matrices X and Y are now indirectly

related through their scores by the \Inner Model" which is just a linear regression of t1 on u1

yielding û1 = t1b1. û1q
0

1 can be interpreted as the part of the Y data that has been predicted by the

�rst PLS dimension ; in doing so, t1p
0

1 portion of X data has been used up. Denoting E1 = X and

F1 = Y , the residuals at this stage are computed via the de
ation process (shown as dark squares

in �gure 1) :

E2 = X � t1p
0

1 = E1 � t1p
0

1

F2 = Y � û1q
0

1 = Y � b1t1q
0

1 = F1 � b1t1q
0

1

The procedure of determining the scores and loading vectors and the inner relation is continued

(with the residuals computed at each stage) until the required number of PLS dimensions (n) are

extracted. In practice, the number of PLS dimensions is determined based on the percentage of

variance explained or by the use of statistically sound approaches such as cross validation. The

directions considered irrelevant in the data sets (such as noise and redundancies) are con�ned to

the error matrices E and F.

From a practical viewpoint, PLS can be considered as a technique that breaks up a multivariate

regression problem into a series of univariate regression problems. The original regression problem

is handled by constructing `n' inner relationship models (usually, n� nx). In addition to the PLS

outer model (cf. equations 4 & 5), we can write the following equation for describing the inner
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model of the PLS technique :

Y = TBQ
0

+ F (6)

In certain versions of the PLS algorithm, the regression coe�cients bi (i=1, � � �, n) are absorbed

into the corresponding qi vectors. In such cases bi = 18 i; thus B is an identity matrix. The

PLS technique has also been cast in the powerful and well known framework of Singular Value

Decomposition (Wise, 1991). It has also been analyzed as a eigenvalue and eigenvector problem

(H�oskuldsson, 1988) where the mathematical and statistical properties of the PLS algorithm have

been enumerated. It has been shown that the latent variables ti and ui (i=1,..,n) generated by the

PLS algorithm form an orthogonal basis for the X and Y spaces respectively.

While dealing with nonlinearities in the data, two approaches are possible. The �rst approach is to

include the nonlinear variables (such as squares, exponentials, logarithms) in the appropriate data

matrices and use the standard linear PLS procedure described above. This would involve dealing

with wider matrices (for a X matrix with 10 variables, 45 di�erent combinations (10C2 = 45) of two

variables can be constructed). In such circumstances, the higher order variables tend to dominate

the PLS dimensions (Wold et al., 1989) resulting in poor models. An attractive alternative is to

move the nonlinearities to the PLS inner model. In the nonlinear PLS algorithm of Wold et al.

(1989), the score vectors of the X and Y spaces i.e., ti and ui are related via a quadratic model.

It is clearly evident that this strategy can do little when the data comprises of other types of

nonlinearities. With their demonstrated utility in approximating arbitrary continuous functions to

any desired accuracy, neural networks can be a useful tool in nonparametric modelling studies. To

this end, Qin and McAvoy (1992b) proposed an integration of neural networks with the standard

PLS algorithm. Their approach preserves the outer relation in linear PLS so as to have the robust
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prediction property; however, neural networks are employed as the inner regressors. A direct bene�t

of such a strategy is that only a SISO (single-input single-output) network is trained at a time. This

is not only easier than training a MIMO (multi-input multi-output) network, but also circumvents

the over-parameterization and convergence to local minima problems one usually experiences with

a MIMO network. In any case, it is clear that static nonlinearities in data are elegantly handled

by incorporating either a parametric (e.g. quadratic polynomial) or a nonparametric (e.g. neural

network) regression in the inner relationship of the PLS model.

Dynamic Extension of the PLS algorithm

The dynamic analog of equation (1) can be written as follows :

Y = X Cdyn + Noise (7)

where Y represents the output or controlled variables and X the manipulated variables (inputs).

The important di�erence between equations (1) and (7) is that while C is a matrix of constants

in equation (1), the matrix Cdyn in equation (7) is a dynamic mapping relating the manipulated

inputs to the controlled outputs.

An obvious way to model dynamic processes with PLS is to include past values of the input

and/or output variables in the input data matrix X; the algebraic PLS algorithm still forms the

computational machinery and does model reduction in a statistically sound manner. This would

mean that we need to deal with huge matrices particularly for MIMO systems. More importantly,

the use of the resulting model may only be limited to providing a good input-output mapping

of the process rather than aiding the synthesis of a control system (particularly for nonlinear

systems). With this approach, Cdyn is a matrix of constants whose elements can be interpreted as
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�nite impulse response (FIR) coe�cients (Ricker, 1988) or as a multivariate autoregressive moving

average (ARMA) model (Qin and McAvoy, 1992a).

A dynamic PLS modelling procedure that can be directly utilized for control system design has

been reported in the literature (Kaspar and Ray, (1992,1993)). Their method does not involve the

use of lagged variables but is based on the �ltering of input data. In this way, they argue, the major

dynamic component in the data is removed and can be analyzed using the standard PLS procedure.

The dynamic �lter is designed either by using some a priori knowledge of the process (in the form

of an average dynamics) or by minimizing the sum of squares of the output residuals, F. In the

former case, all the dynamic �lters are identical and equal to the assumed average dynamics. In

the latter case, the dynamic �lters are determined using the optimization objective stated above

and hence are generally distinct from one another. Using several simulation examples, Kaspar and

Ray (1992, 1993) have demonstrated the utility of their approach for the identi�cation and control

of systems described by linear models.

We propose a dynamic extension of the PLS algorithm that is based on the direct modi�cation

of the PLS inner relation. Instead of relating the input and output scores (i.e. ti and ui) using

a static linear or nonlinear model, we relate them via a dynamic component such as the ARX or

the Hammerstein model. In Kaspar and Ray (1992, 1993), this approach was quickly dismissed as

being suboptimal in terms of the PLS outer relationship. This suboptimality problem comes into

prominence only when no attention is placed on the design of the plant probing signals. Employing

input signals with su�cient low frequency content, our method identi�es adequate plant models by

utilizing the techniques developed for SISO systems. The proposed strategy will be particularly

handy in the modelling of nonlinear multivariable systems - for example, instead of using tedious
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multivariable Hammerstein models one can piece together several univariate Hammerstein models

to obtain an overall model.

For linear systems, although the PLS model matrices and the dynamic inner relationships identi�ed

using the proposed strategy and the Kaspar-Ray approach are in general di�erent, it turns out that

the mathematical expressions for the steady state gains, transfer functions etc. are identical. This

implies that once the model is identi�ed using either of the methods, they can be used in exactly

the same way for the synthesis of feedback and feedforward control structures.

In the PLS algorithm, each of the weight vectors wi that are used to de�ne the score vectors ti

applies to a di�erent matrix of residuals Ei (i = 2, � � � , n) as :

ti = Eiwi (8)

where wi is the normalized eigenvector corresponding to the largest eigenvalue of E
0

i FiF
0

iEi.

This poses a di�culty in the interpretation of the PLS score vectors, because what is left in the

residual matrix Ei at each stage is not clear. For example, some X variables dominate the �rst few

factors and some later. Recognizing this, de Jong (1993) provided the following expression relating

the score vectors in terms of the original X matrix.

TN�n = XN�nxRnx�n (9)

The matrix R can be expressed in terms of the P and W matrices as R = W (P
0

W )�1. Note that

when all possible PLS components are extracted, the R and P matrices are related as : R�1 = P
0

.

The elements of matrix R will be used to develop the individual transfer functions later.
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Figure 2: Information 
ow diagram for the proposed modelling strategy

For the modelling procedure based on incorporation of the linear dynamic relationship (linear

systems) in the PLS inner model, the decomposition of the X block is as given by equation (4).

The dynamic analog of equation (5) is given by

Y = G1(t1)q
0

1 +G2(t2)q
0

2 + � � �+Gn(tn)q
0

n + F = Y
exp
1 + Y

exp
2 + � � �+ Y exp

n + F (10)

Here, the Gi's denote the linear dynamic models (e.g. ARX) identi�ed at each state and Gi(ti)q
0

i

quanti�es the measure of Y space explained by the ith PLS dimension (Y exp
i ). We now de�ne the

operator G as the diagonal matrix comprising of the dynamic elements identi�ed at each of the n

PLS dimensions i.e.,

G =

2
6666664

G1 0 0 � � � 0
0 G2 0 � � � 0

0 0
. . .

. . .
...

...
...

. . .
. . . 0

0 0 � � � 0 Gn

3
7777775 (11)

A graphical sketch of the dynamic PLS modelling procedure is provided in �gure 2. Note that the

scaling information has been explicitly included using matrices S�1x and Sy with the subscript 'Sca'

denoting the scaled plant data. ŶRaw indicates the predicted values of the controlled outputs.

For the model identi�ed using the dynamic PLS algorithm, we can express the transfer function

relating input j to output i as
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�yi(z)

�xj(z)
=

syi

sxj

 
nX

k=1

RjkGk(z)Qik

!
(12)

with Rjk and Qik denoting the usual elements of matrices R and Q respectively. It is seen that the

transfer functions relating each plant input to each output is a linear combination of the dynamic

elements identi�ed at each PLS dimension. Depending on the relative magnitudes of Rjk and Qik,

a particular dynamic component Gk(z) may or may not contribute to the overall dynamics of that

channel. Equation (12) is useful if it is desired to design a conventional control systems for the

process.

A frequent argument for employing the PLS technique is its ability to reduce the dimensionality

of the measurement space by removing the redundancies present in data sets. This feature of

PLS is not utilized in the proposed modelling scheme owing to the fact that in empirical model

identi�cation all of the input information is used in model building. In a real world situation, it

may be possible to perform dimensionality reduction using PLS. If this happens, issues related to

the uniqueness of the mapping from the reduced dimensional latent space to the higher dimensional

original space would have to be resolved taking into account the economic value of the concerned

manipulated variables.

As already mentioned, we will employ the Hammerstein structure to model nonlinear systems.

The Hammerstein model (see �gure 3) consists of a nonlinear static element followed by a linear

dynamic element. Hammerstein models are the most simple and useful representations of typical

nonlinear chemical engineering processes such as distillation columns, heat exchangers and pH

systems (Eskinat et al. (1991), Luyben and Eskinat (1994)). Well established linear controller

design methods can be employed once the Hammerstein model of the system becomes available.
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Zhu and Seborg (1994) present the nonlinear predictive control of a neutralization system using a

modi�ed Hammerstein representation of the process.

A recent review of the algorithms developed for the identi�cation of the elements in the Hammer-

stein structure can be found in Lakshminarayanan et al. (1995). By far, the iterative algorithm

proposed by Narendra and Gallman (1966) seems to be the most reliable. In the Narendra-Gallman

algorithm (NGA), the Hammerstein structure is identi�ed by updating the parameters of the lin-

ear dynamic part and the nonlinear static part separately and sequentially. Lakshminarayanan

et al. (1995) combined a powerful linear system identi�cation technique namely Canonical Vari-

ate Analysis (Larimore, 1990) and the Narendra-Gallman algorithm to put forth a multivariable

Hammerstein model identi�cation technique.

To model nonlinear systems using the current approach, we relate the score vectors obtained at

each PLS dimension using a SISO Hammerstein model (\inner models" in �gure 1). As shown

in �gure 3, the score vector ti is transformed via a nonlinear static relationship (a polynomial of

reasonable order) to t�i . A linear dynamic model (e.g. ARX model) is then determined between

t�i and ui. Though any method can be used for the identi�cation of the Hammerstein models, we

use the SISO version of the algorithm presented in Lakshminarayanan et al. (1995). Denoting the

identi�ed Hammerstein models by Hi (i=1, � � �, n), we obtain the equivalent of equation (10) as
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Y = H1(t1)q
0

1 +H2(t2)q
0

2 + � � �+Hn(tn)q
0

n + F = Y
exp
1 + Y

exp
2 + � � �+ Y exp

n + F (13)

It must be borne in mind that the Hammerstein structure cannot model every type of nonlinear-

ity. The Hammerstein structure is useful in situations where the process gain changes with the

operating conditions while the dynamics remain fairly constant. When both the process gain and

dynamics change signi�cantly over the region of plant operation, it may be necessary to employ

richer nonlinear models such as the Nonlinear time series models (e.g. Nonlinear AutoRegressive

with eXogeneous inputs (NARX) and Nonlinear AutoRegressive Moving Average with eXogeneous

inputs (NARMAX)) into the PLS inner relationship. The interested reader is referred to Haber

and Unbehauen (1990) or Pearson (1994) for practical guidelines on the choice of speci�c nonlinear

dynamic structures.

Illustrative Examples of the Modelling Strategy

The proposed modelling strategy has been applied to several multivariable systems. Three case

studies involving distillation columns and an acid-base neutralization system are presented here.

Example 1 : Distillation Column.

Wood and Berry (1973) reported the following transfer functions for methanol-water separation

in a distillation column. The composition of the top and bottom products expressed in weight

% of methanol are the controlled variables. The re
ux and the reboiler steam 
ow rates are the

manipulated inputs expressed in lb/min. Time is in minutes.

"
y1(s)

y2(s)

#
=

0
B@

12:8e�s

16:7s+1
�18:9e�3s

21s+1

6:6e�7s

10:9s+1
�19:4e�3s

14:4s+1

1
CA
"
x1(s)

x2(s)

#
(14)
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The transfer function form of the disturbance channel (feed 
ow rate and feed composition are the

disturbances) is given by

"
y1(s)

y2(s)

#
=

0
B@

3:8e�8:1s

14:9s+1
0:22e�7:7s

22:8s+1

4:9e�3:4s

13:2s+1
0:14e�9:2s

12:1s+1

1
CA
"
d1(s)

d2(s)

#
(15)

To model the relationship between the manipulated inputs and the controlled outputs, plant data

was collected by exciting the plant with a series of step changes to the re
ux and reboiler steam


ow rates. The signal to noise ratio (SNR) was set at 10 by adding measurement noise. Following

autoscaling of the inputs and outputs, the PLS based modelling was attempted. The dynamic

elements were restricted to be second order (in both numerator and denominator) with delay for

both the PLS dimensions. The resulting PLS model is

Sx =

�
0:4770 0

0 0:6374

�
;Sy =

�
12:7577 0

0 12:2821

�

P =

�
0:3228 0:9455

�0:9465 0:3256

�
;R =

�
0:3256 0:9465

�0:9455 0:3228

�
;Q =

�
0:6972 0:7597
0:7169 �0:6503

�

G1 =
0:1417z�5

1� 0:4305z�1 � 0:4706z�2

G2 =
0:0529z�5 + 0:0291z�6

1� 0:2336z�1 � 0:2321z�2

Figure 4 shows the �t obtained to the plant data with the identi�ed model. Using a di�erent set

of plant input-output data, we perform a cross validation test of the identi�ed model. The results

shown in �gure 5 indicates that the identi�ed model provides a good representation of the plant

behaviour.
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Figure 4: Identi�cation of the Wood-Berry Column : Model (dashed line) and Actual Plant (solid
line) responses

Using equation (12), the steady state gain matrix of the identi�ed model is

K =

�
12:4327 �18:1543
6:5938 �19:3396

�

This compares quite favorably with the steady state gains given in equation (14).

Example 2. Acid-base Neutralization Process.

In many chemical and biochemical processes, control of pH at speci�ed levels is a key requirement.

First principles based modelling of such systems results in highly nonlinear equations often with

unavailable parameters such as the equilibrium constants. Here, we will try to model an acid-base

neutralization process using a PLS based empirical model. The system description, the nonlinear

process model and the operating conditions can be found in Henson and Seborg (1994). The

19



0 50 100 150 200 250 300 350 400 450 500
-30

-20

-10

0

10

20
Y1

0 50 100 150 200 250 300 350 400 450 500
-30

-20

-10

0

10

20

Sample No.

Y2

Figure 5: Cross validation for Wood-Berry Column : Model (dashed line) and Actual Plant (solid
line) responses

level and pH of the liquid in the well stirred neutralization tank are the two outputs that are

manipulated by the acid and base 
ow rates. The nominal value for the level and pH are 14 cm

and 7.06 respectively, the acid and base 
ows being 16.6 ml/s and 15.6 ml/s respectively. Data was

collected by perturbing the system inputs by �10% of their nominal values using specially designed

random signals (Hern�andez and Arkun (1993)) that enable good nonlinear identi�cation. Signal to

noise ratio was kept at 10 for identi�cation purposes. The sampling period is 15 seconds.

The input-output data were �rst autoscaled and then analyzed using the dynamic PLS algorithm.

As a �rst step, a dynamic model incorporating only linear elements was identi�ed (details are not

provided here). As expected, this model was not adequate in modelling the pH of the system.

To model the nonlinearities in the system, an Hammerstein model was employed (using the SISO

version of the algorithm presented in Lakshminarayanan et al.(1995)) to relate the input and output
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scores at each dimension. The identi�ed dynamic PLS model is given below.

Sx =

�
1:1535 0

0 1:0122

�
(16)

Sy =

�
1:2875 0

0 1:3079

�
(17)

P =

�
0:7220 0:6796

�0:6919 0:7335

�
(18)

R =

�
0:7336 0:6920

�0:6797 0:7221

�
(19)

Q =

�
0:0347 1:0000

�0:9994 0:0081

�
(20)

A closer look at the elements of Q indicate that the �rst PLS dimension essentially models the pH

(output variable 2) of the system while the second PLS dimension models the level (output variable

1). This implies that the nonlinearities are con�ned to the �rst PLS dimension - so a Hammerstein

model will be needed here. The second dimension can be modelled using only a linear dynamic

element.

For the �rst PLS dimension, a Hammerstein model with at least a fourth order static polynomial

was found necessary. However, for control purposes (as we shall see later), it is important that the

order of the polynomial be odd and hence a �fth order polynomial was chosen to capture the static

nonlinearities in the system.

The static nonlinearity (omitting the time variable) is given by :
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model (dashed line), Linear model (dashed-dot) and Actual plant (solid line)

t�1 = 0:02t51 + 0:1227t41 � 0:0978t31 � 0:5909t21 + t1 (21)

The linear dynamic elements corresponding to the �rst and second dimensions are :

G1 =
0:1617z�1 � 0:0180z�2

1� 0:8849z�1 + 0:0388z�2
(22)

G2 =
0:0458z�1 + 0:0522z�2

1� 0:8744z�1 � 0:0601z�2
(23)

The results obtained using a Hammerstein model to relate the input and output scores at each

dimension are presented in �gure 6. We also show the model �t obtained using only linear inner

models. It is observed that the linear model is not able to capture the gain nonlinearities present

in the pH measurements. The �t obtained using the Hammerstein inner model is excellent as is

also evident from the cross validation run (�gure 7).
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Figure 7: Cross validation with the identi�ed PLS-Hammerstein model for the acid-base neutral-
ization system : Model (dashed line) and Actual Plant (solid line)

Example 3. Multivariable Complex Distillation Column.

As a �nal modelling example, the identi�cation of a 4�4 multivariable distillation column (Alatiqi

and Luyben, 1986) is presented. This column (with sidestream stripper) separates a ternary mixture

into three products. The four controlled variables include the purities of the three product streams

and a temperature di�erence between the trays above and below the side draw tray. The re
ux


ow rate, reboiler heat duty, stripper reboiler heat duty and the 
ow rate of feed to the stripper

serve as the manipulated variables. The major disturbance to the unit is the feed composition

(mole fraction of intermediate component).

Using the transfer function matrix presented in Alatiqi and Luyben (1986), the plant input-output

data was obtained. The plant output data are corrupted both by the load disturbance and mea-

surement noise. In view of space limitations, we do not provide the complete details of the PLS

model. The modelling and validation results are summarized in �gures 8 and 9 respectively.
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Figure 8: Results of the Dynamic PLS modelling strategy for the Alatiqi-Luyben Distillation
Column : (a) Loadings plot for the inputs (b) Loadings plot for the outputs (c) Inner relationship
plot for dimension 1 and (d) Inner relationship plot for dimension 2

In �gure 8, the loadings plot for the inputs and outputs are illustrated. The uncorrelated nature of

the input space and the correlated nature of the output space are depicted in subplots (a) and (b)

respectively. It is interesting to see that output variables 2 and 4 are highly correlated. The inner

relationship plots between the �ltered input scores and the output scores are shown in subplots

(c) and (d) for the �rst two PLS dimensions. The observations fall close to the diagonal on these

plots and indicates that the dynamic PLS model will be highly predictive of the outputs. The cross

validation results shown in �gure 9 indicates the good �t provided by the dynamic PLS model thus
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con�rming the utility of the proposed methodology in the modelling of larger systems.

Process Control in the PLS Framework

Using linear dynamic PLS models, Kaspar and Ray (1992,1993) demonstrated a control strategy

based on the PLS latent variables (T and U) are directly utilized in the synthesis of the control

system. In this approach, the PLS matrices such as Sx, Sy, P and Q are employed as pre- and

post-compensators on the plant. The Q matrix forms a basis for a space into which the scaled

output variables are projected and the P matrix forms a basis onto which the scaled manipulated

variables are projected. The controllers are designed independently based on the \inner" dynamic

models identi�ed at each dimension. Thus, the controller \sees" the error signals and the command

signals in terms of the basis de�ned by the columns of the respective loading matrices (Q and P).

Such a control strategy has a number of advantages. The process is somewhat decoupled owing to
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Figure 10: Feedback control using the PLS Framework : The Kaspar - Ray scheme for Linear
Systems

the orthogonality of the input scores and the rotation of the input scores to be highly correlated

with the output scores. Controller design is simple - any theory available for SISO systems can

be used. Because the dynamic part of the PLS model has a diagonal structure, the choice of the

input-output pairings is automatic and is optimal in some sense. Infeasible setpoints (in terms of

original variables) are not passed on to the controller because only the feasible part of the setpoint

vector is retained after it is projected down to the latent variable subspace. This eliminates the

problem of multi-loop controllers \�ghting" each other in a vain bid to reach an impossible setpoint.

Due to the nature of the PLS model, nonsquare systems are readily handled.

The Kaspar-Ray scheme is shown in �gure 10. Sx and Sy are the diagonal scaling matrices deter-

mined prior to model identi�cation. Q is the loading matrix for the Y block (output variables),

Q�1 is the appropriate Moore-Penrose inverse of Q. P is the loading matrix for the input (X) block.
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Figure 11: Feedback Control using the PLS Framework for systems modelled by the Hammerstein
Structure

EY is the error in terms of the original output variables. The projected error is EU upon which

the controllers act. The SISO controllers GC1 through GCn are designed based on the PLS inner

models i.e., GCi is designed based on Gi (i = 1, ..., n) using any of the available alternatives (e.g.

IMC, pole placement, frequency response techniques). T is the vector of scores computed by the

controllers. The scores are then transformed into the real physical inputs which drive the process.

For the physical systems that are modelled by the Hammerstein structure, some modi�cations to

the above scheme are necessary. As shown in �gure 11, we now include blocks labelled RFi (i =

1, ..., n) after each controller. The controllers are still designed based on the linear dynamic part

of the Hammerstein model. Each RFi is a root �nding routine that is necessary to compensate for

the static nonlinear part of the Hammerstein model.

Feedback control of linear systems is well covered by Kaspar and Ray. Here, we shall illustrate the
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control of the nonlinear acid-base neutralization system using the Hammerstein model that was

identi�ed.

Control of the Acid-Base Neutralization Process

In a previous section, we identi�ed a model for the nonlinear pH system. This model will now

be used to control the two outputs (level and pH) by manipulating the acid and base 
ow rates.

It is not reasonable to expect a single black-box model (linear or nonlinear) to characterize the

steady-state and dynamic features of the process over the entire possible region of plant operation.

In general, multiple models are to be identi�ed for the di�erent operating regions and the control

strategy must e�ectively utilize these models. However, we will employ a single model here and

point out its de�ciencies in the control of the nonlinear process. Also, there exists a structural

mismatch between the identi�ed plant and the real process - this will manifest as a gap between

the desired and achieved performance of the control system and may even make the closed loop

system unstable.

The Vogel-Edgar algorithm (Vogel and Edgar, 1980) will be employed in this study to design

the controllers GCi. This algorithm is superior to the minimal prototype controller (in terms of

practical applicability) and the Dahlin algorithm (which could lead to the ringing phenomenon)

and is ideal for a discrete second-order plus time-delay model. Besides, the Vogel-Edgar algorithm

is more robust to modelling errors.

As a �rst step, we examined if the linear model identi�ed earlier could be used to control the

process. Details of this model were not provided in the section relating to the identi�cation of

the pH system because the closed loop control system shows sustained oscillations (�gure 12) for
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dimension implies that RF2 = 1 and no modi�cation needs to be performed on the output of GC2.

Let the output of the controller GC1 be C1. The output of RF1 is determined by solving the roots

of the polynomial (at each control interval),

0:02t51 + 0:1227t41 � 0:0978t31 � 0:5909t21 + t1 = C1 (24)

Some remarks on the solution of the above equation is in order. To ensure that the polynomial has

at least one real root, it is necessary that the order of the polynomial be odd. This explains why

we employed a �fth order polynomial even though a fourth order polynomial gave good �t of the

data. Moreover, several real roots may exist - the literature (Anbumani et al. (1981), Bhat et al.

(1990)) suggests choosing the root with the smallest magnitude.

With the new control strategy in place, the setpoint in pH was changed from 7.06 to 8.5 with

the level remaining at 14 cm. The closed loop response of the system is shown in �gure 13. The

required pH value is reached within the desired time of �ve minutes. The tank level is only slightly

disturbed. The control actions are acceptable and smooth.

Two more runs showing setpoint changes in both the level and pH are presented next. Figure 14

shows the response to changes in setpoint vector from [14 7.06] to (a) : [12 8.5] and (b) : [16 6.5]. The

new setpoints are within the range of values of level and pH used in the identi�cation experiment.

The above results indicate the utility of the Hammerstein inner model and the workability of the

PLS based nonlinear control strategy.

The closed loop system is next analyzed for two extreme setpoint changes in level and pH. The
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forward controllers are concerned. Shen and Yu (1992) discuss the concept of indirect feedforward

control. In their design, fast secondary measurements are used to infer the load changes and sec-

ondary controllers are designed to cancel the e�ect of these load disturbances on the process outputs.

A certain interaction measure array (�) is de�ned and is used to design the secondary controllers

for quick rejection of speci�c disturbances. This method is applicable only when some secondary

process measurements are available. Stanley et al. (1985) proposed the relative disturbance gain

(RDG) to compare the disturbance rejection capabilities of the multi-loop SISO controllers versus

the inverse based multivariable controllers such as the decoupler. Shen and Yu (1992) discuss the

relationship between � and RDG.

Under the assumption that only primary outputs are available for control, we propose a new

strategy for the design of a multivariable feedforward controller. Each element of this multivariable

controller is realizable as a ratio of two simple transfer functions - this permits retaining the

simplicity and elegance of the SISO feedforward design approach. As with SISO feedforward design,

the multivariable feedforward controller can be implemented using either lead/lag elements with

time delay or just pure gain elements.

First of all, we assume that a dynamic PLS model similar to the one between the manipulated

inputs (X) and controlled outputs (Y) is available to describe the relationship between measured

disturbances (D) and the controlled outputs (Y). The disturbance-output PLS model (with `m' PLS

dimensions) is characterized by : (i) The diagonal scaling matrices for the output and disturbance

spaces -Wy and Sd (ii) The matrices containing the weights attached to the output and disturbance

variables in each dimension - Qd and Rd and (iii) the diagonal matrix Gd containing the dynamic

relationship between D and Y - each diagonal element of Gd is denoted by Gd
j (j = 1, ..., m).
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The relationship between the manipulated inputs and the controlled outputs can be summarized

by (refer �gure 2) :

Yx = Sy QG
n
X S�1x R

o0
(25)

In a similar manner, the relationship between the measured disturbances and the controlled outputs

is given by :

Yd =Wy Q
dGd

n
DS�1d Rd

o0
(26)

To o�set the e�ect of the measured disturbances on the controlled outputs, we need to determine

the required change in the manipulated inputs. This is done by setting �Yd = Yx as follows :

�Wy Q
dGd

n
DS�1d Rd

o0
= Sy QG

n
X S�1x R

o0
(27)

Recognizing that the scores in the manipulated input space (T) and the disturbance variable space

(T d) are de�ned by T = X S�1x R and T d = DS�1d Rd respectively, we can rewrite equation (27) as

�Wy Q
dGd T d0 = SyQGT

0

(28)

Since the PLS based control is based on the scores rather than the original variables, we need

to express the input scores (T) in terms of the disturbance scores (T d). De�ning � = Sy Q and


d =Wy Q
d, we can express the above equation as
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3
7777775 T
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(29)

A rearrangement of the above equation gives

T
0

= �

8>>>>>><
>>>>>>:
�

2
6666664

G1 0 0 � � � 0

0 G2 0 � � � 0

0 0
. . .
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. . . 0

0 0 � � � 0 Gn

3
7777775

9>>>>>>=
>>>>>>;
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6666664
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0 0 � � � 0 Gd
m

3
7777775 T

d0 (30)

with a further simpli�cation yielding the design equation for the multivariable feedforward controller

(in the latent space) as :

T
0

= �

2
6666664
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0 0
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3
7777775
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6666664
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. . .
. . . 0

0 0 � � � 0 Gd
m

3
7777775

| {z }
Feedforward Controller; FFC

T d0 (31)

Element [i,j] (i = 1, .. , n ; j = 1, .. , m) of the matrix FFC can be written as

� Case (a) : Q is nonsquare (ny < n)

FFCij = �
Gd
j

Gi

[det(Q�
ijQ

0)� det(Q�
iQ

�0

i )]

det(QQ0)
(32)
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� Case (b) : Q is square (i.e. ny = n)

FFCij = �
Gd
j

Gi

det(Q�
ij)

det(Q)
(33)

� Case (c) : Q is nonsquare (ny > n)

FFCij = �
Gd
j

Gi

det(Q0Q�
ij)

det(Q0Q)
(34)

In the above expressions, the matrix Q�
ij is obtained by replacing the ith column in matrix Q by

the weighted jth column of Qd. Matrix Q�
i obtained by simply deleting the ith column in matrix

Q.

Q�
ij = [q1 j q2 j � � � j qi�1 jWyS

�1
y qdj j qi+1 j � � � j qn] (35)

Q�
i = [q1 j q2 j � � � j qi�1 j qi+1 j � � � j qn] (36)

It is seen that each element of the multivariable feedforward controller can be expressed as a ratio

of two transfer functions multiplied by a constant. This makes the design of the multivariable

feedforward control simple and elegant. If only a steady state feedforward compensation is sought,

the dynamic components in equation (31) can be replaced with their respective steady state gains.

Feedforward Control of the Wood-Berry Column

The following PLS model was obtained for the Wood-Berry column by collecting the disturbance-

output data keeping the manipulated inputs stationary.
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Figure 17: The combined feedback - feedforward control strategy for linear systems : The PLS
Framework

Sd =

�
0:2232 0

0 1:9753

�
;Wy =

�
1:0012 0

0 1:1466

�

P d =

�
0:8233 0:4818
0:5782 �0:8763

�
;Rd =

�
0:8763 0:5782
0:4818 �0:8233

�
;Qd =

�
0:6949 0:2051
0:7191 0:9787

�

Gd
1 =

0:0485z�6 + 0:0593z�7

1� 0:4679z�1 � 0:4516z�2
& Gd

2 =
0:0591z�6

1� 0:3793z�1 � 0:3700z�2

Using the above PLS model and the one obtained earlier (between the manipulated inputs and the

controlled outputs), the multivariable feedforward control law is implemented on the Wood-Berry

column. The scores for the manipulated inputs computed by the feedforward control law are added

to those computed by the feedback controller to obtain a combined feedback-feedforward control

action. Regulatory control for two step disturbances in the feed 
ow rate (-0.35 units at t=0) and

the feed composition (-3 units at t=125 minutes) are shown in �gure 18.

39



0
5

0
1

0
0

1
5

0
2

0
0

2
5

0
9

5
.
6

9
5

.
8

9
6

9
6

.
2

9
6

.
4

XD

0
5

0
1

0
0

1
5

0
2

0
0

2
5

0
0

0
.
1

0
.
2

0
.
3

0
.
4

0
.
5

0
.
6

0
.
7

T
im

e
 
(
M

in
.
)

XB

F
igu

re
1
8:

R
egu

la
tory

C
on
trol

of
th
e
W
o
o
d
-B
erry

C
olu

m
n
to

a
step

ch
an
ge

of
-0.35

u
n
its

in
feed



ow

ra
te

(at
t=

0)
an
d
a
step

ch
an
g
e
o
f
-3

u
n
its

in
feed

com
p
osition

(at
t=

125
m
in
u
tes)

.
F
eed

b
ack

con
trol

on
ly
(so

lid
lin

e),
F
eed

b
ack

p
lu
s
stead

y
state

feed
forw

ard
con

trol
(d
ash

ed
lin

e)
an
d
F
eed

b
ack

p
lu
s
d
y
n
am

ic
feed

forw
ard

con
trol

(d
otted

lin
e)

F
ro
m

th
e
IS
E
valu

es
rep

orted
in

T
ab
le
1,
it
is
ev
id
en
t
th
at

th
e
variation

s
in

p
ro
d
u
ct

q
u
ality

can
b
e

con
sid

erab
ly

red
u
ced

b
y
in
corp

oratin
g
feed

forw
ard

con
trol

for
th
ese

m
easu

red
d
istu

rb
an
ces.

T
h
e

IS
E

valu
es

also
in
d
icate

th
at,

in
th
e
p
resen

ce
of

m
o
d
el-p

lan
t
m
ism

atch
(as

is
th
e
case

h
ere),

a

d
y
n
am

ic
feed

forw
a
rd

con
troller

m
ay

n
ot

alw
ay
s
p
rov

id
e
a
sign

i�
can

tly
b
etter

p
erform

an
ce

com
-

p
ared

to
th
e
m
ore

easily
im

p
lem

en
ted

stead
y
state

feed
forw

ard
con

troller.
W
e
n
oticed

sign
i�
can

t

im
p
rovem

en
ts

in
con

trol
b
y
im

p
lem

en
tin

g
a
sin

gle
feed

forw
ard

con
troller

F
F
C
1
1 .

T
h
is
is
b
ecau

se

th
e
�
rst

P
L
S
d
im

en
sio

n
ca
p
tu
res

th
e
m
a
jority

of
th
e
variation

s
in

th
e
p
ro
cess

an
d
d
istu

rb
an
ce

ch
an
n
els.

40



Controlled ISE Values

Variable FB only FB + Steady State FF FB + Dynamic FF

XD 7.0454 0.8304 0.6791

XB 7.9183 0.4203 0.3618

Table 1: Summary of ISE values : Wood-Berry Column

Feedforward Control of the Acid-Base Neutralization Tank

In this section, we describe the development of the feedforward control strategy for the acid-

base neutralization system considered earlier. The bu�er 
ow rate is assumed to be the major

measurable disturbance. Instead of employing a modi�ed version of the linear feedforward control

law (cf. equation (31)), we will utilize the structure of the model identi�ed for this system (i.e.,

equations (16) through (23)). For this system, it was shown that the �rst PLS dimension models

the pH and the second dimension models the tank level. This implies that once the models relating

the bu�er 
ow rate to the pH and level are obtained, two feedforward controllers can be synthesized

- one for each dimension.

To obtain the models relating the bu�er 
ow rate to the level and pH, the bu�er 
ow rate was

perturbed about its nominal value of 0.6 ml/s by �0.4 ml/s. During this \experiment", the acid

and base 
ow rates were regulated at their nominal value of 16.6 ml/s and 15.6 ml/s respectively.

This open loop data was used to construct the models.

The bu�er 
ow rate versus pH relationship was modelled by the following Hammerstein model.

Denoting the bu�er 
ow rate as `d', the static nonlinearity was identi�ed as

d� = 0:0389d3 � 0:6423d2 + d (37)
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equation (39) and the fact that the second PLS dimension essentially models the tank level,

we may write

Y1 = Q12 sy1G2 t2 + Gd
2 d (40)

with Q12 and sy1 denoting the usual elements in the Q and SY matrices respectively. Setting

the deviation variable Y1 equal to zero in the above expression, we obtain the feedforward

controller as

t2 = �

�
1

Q12 sy1

�
Gd
2

G2

d (41)

The poles of this feedforward controller were found to lie outside the unit circle - this will result

in an unstable closed loop. The implementation of this controller was therefore restricted

to a steady state design. The feedforward control action computed via equation (41) is

superimposed on the output of the feedback controller GC2.

� Feedforward controller for bu�er 
ow rate - pH subsystem

The development of this feedforward controller is similar to that presented above. Now, we

need to look at the �rst PLS dimension of the model identi�ed in equations (16) through

(23). Employing equations (37) and (38), we obtain

Y2 = Q21 sy2G1 t
�
1 + Gd

1 d
� (42)

giving the following feedforward controller :
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ISE Values (Level) ISE Values (pH)

FB only FB + FF FB only FB + FF

Step change of
-0.4 units in 0.2645 0.0020 0.6027 0.0749

bu�er 
ow rate

Step change of
+0.9 units in 1.4110 0.0154 0.5141 0.0995

bu�er 
ow rate

Table 2: Summary of ISE values : Acid-Base Neutralization System

t�1 = �

�
1

Q21 sy2

�
Gd
1

G1

d� (43)

The measured value of the bu�er 
ow rate (d) is �rst transformed (using equation (37)) to

d�. The feedforward control action (t�1) is computed using equation (43) and is added to the

output of controller GC1.

Comparison of the combined feedback-feedforward control strategy with the feedback control strat-

egy for the same type of disturbances considered earlier is presented in �gure 21. The ISE values

for the two control strategies are presented in Table 2. The change in the ISE values for level is

dramatic - the ISE values for the combined feedback-feedforward control strategy is only about

1% of that obtained with feedback only control. Due to the model-plant mismatch, improvements

obtained in the ISE values for pH was restricted to about 80-90%.

Conclusions

A data-based approach to the identi�cation and control of multivariable systems has been proposed

using the PLS technique. The dynamic PLS model is used for controller synthesis in the transformed

basis set employing univariate controller design and tuning techniques. A multivariable feedforward
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control strategy with a simple structure is also synthesized and incorporated in the latent subspace.

The results indicate that the approach may be applicable to a broad class of systems including those

with nonlinear characteristics.

The control of the nonlinear acid-base neutralization system was relatively simple since a Ham-

merstein structure was found to adequately model the PLS inner relationships. Control of systems

whose PLS inner relationships are modelled by nonlinear time series structures such as NARX

and NARMAX may be a bit more formidable and is being examined. To utilize the bene�ts of

advanced model predictive control algorithms, the linear and nonlinear dynamic PLS models have

been integrated into the MPC framework. Some interesting results including the issues involved in

the mapping of constraints can be found in Lakshminarayanan (1997a) and Lakshminarayanan et

al. (1997b).
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