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The issue of modeling 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) is addressed. Discrete input - output 
data are utilized to construct a projection-based dynamic model that captures the domi- 
nant features of the process under study. The smcture of the resulting model enables 
the synthesis of a multiloop control system. In addition, the design of feedforward con- 
trol for multivariable systems using the dynamic PLS framework is also presented. Three 
case studies are used to illustrate the modeling and control of multivariable linear and 
nonlinear systems using the suggested approach. 

Introduction 
Advanced control schemes such as model predictive con- 

trollers (DMC, GPC, etc.) are gaining increasingly wide ac- 
ceptance in the chemical process industries. This is due to 
their ability to deal with (1) multivariable (square or non- 
square) systems, and (2) systems with hard and soft con- 
straints using simple and intuitive process descriptions such 
as step/impulse response coefficients and discrete transfer 
functions. However, the design of such controllers is possible 
only after the development of a complete model describing 
the effect of all the process inputs on all the process outputs. 
First-principles-based models are either difficult to obtain or 
too unwieldy to use for controller design. The multivariable 
process model is usually obtained empirically by performing 
an identification experiment and analyzing the recorded plant 
input -output data. The presence of several timescales and 
different delays in multi-input, multioutput (MIMO) proc- 
esses presents a challenging problem in the identification of 
such systems. If the system were to exhibit nonlinear charac- 
teristics over the desired range of operation, the tasks of 
identification and control can become even more formidable. 
Even if an adequate plant model were 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 
on-line optimization. Morari (1990) points out that there are 
many cases where the modeling and design effort necessary 
for MPC are either impossible or not economically justifi- 
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able. In practice, a decentralized (multiloop) control struc- 
ture is preferred for ease of start-up, bumpless automatic/ 
manual transfer, and fault tolerance in the event of actuator 
or sensor failures, and is readily designed using recently de- 
veloped control algorithms (Seborg et al., 1989; Ogunnaike 
and Ray, 1994) or other methodologies (Morari and Zafiriou, 
1989). The decision on loop pairing is critical-the relative 
gain array (RGA) method and its extensions and physical ar- 
guments are the key tools to screen potential alternatives. 

Identification of single-input, single-output systems (SISO) 
is an extremely well-researched topic, even for nonlinear sys- 
tems (Ljung, 1987; Cinar, 1994). For linear SISO systems, 
least-squares-based techniques have proven to be handy in 
the recursive as well as nonrecursive identification schemes. 
In addition, it is also possible to identi% the parameters of all 
orders, from zero to a user-specified maximum, using an effi- 
cient implementation of the least-squares algorithm (Niu and 
Fisher, 1994). Several commercial identification and control 
packages (e.g., System Identification Toolbox for use with 
MATLAB, 1992; ADAPTx, 1992) are capable of estimating 
linear SISO and/or MIMO dynamic models from observed 
plant data. In the identification of MIMO processes, a high 
degree of correlation is often observed between process vari- 
ables. In such cases, the use of identification software based 
on the ordinary least-squares technique will result in parame- 
ter estimates with large variances owing to the ill-conditioned 
nature of the problem. One way to circumvent the ill-condi- 
tioned nature of the MIMO identification problem is to re- 
sort to alternatives other than the ordinary least squares. Very 
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recently, multivariate statistical techniques such as principal 
components analysis (PCA) and PLS have been applied to 
chemical engineering problems involving process monitoring, 
fault detection, and modeling (Kresta, 1992; Wise, 1991; Qin 
and McAvoy, 1992a; Qin, 1993; Nomikos and MacGregor, 
1994; Ricker, 1988). In these applications, the data-compres- 
sion facility offered by these methods was utilized in con- 
densing the variance of the process into a very low-dimen- 
sional latent subspace. This data-compression feature pro- 
vides a low-dimensional window into the process and facili- 
tates the tasks of monitoring and fault detection (Kresta et 
al., 1991). 

Very few attempts have been made to exploit the potential 
benefits that PCA and PLS have to offer in the domain of 
dynamic modeling and control. Ku et al. (1995) have pro- 
posed an extension of the standard PCA technique in order 
to handle dynamic and autocorrelated data. Based on the in- 
clusion of lagged variables in the data matrix, their dynamic 
PCA (DPCA) method provides monitoring and fault-isolation 
capabilities under the statistical process control (SPC) frame- 
work. Furthermore, DPCA can also identify linear static and 
dynamic relationships present in data sets, and promises to 
be an effective tool for process monitoring and identification. 
Some possible methods (along with their benefits/drawbacks) 
of using the PLS technique for dynamic model identification 
are described in Kaspar and Ray (1992, 1993). Qin and 
McAvoy (1992b) demonstrated the modeling of nonlinear 
static data using an integrated PLS-neural net structure. The 
last three articles just cited provided the motivation for the 
current investigation in which identification and control are 
performed simultaneously in the PLS framework. 

The key contribution of this work involves the develop- 
ment of a modeling approach for MIMO processes that is 
cast as a series of SISO identification problems. Thus can 
one, by employing the proposed strategy, utilize the wealth of 
identification and control algorithms that have been devel- 
oped for SISO systems. Linear systems are easily handled us- 
ing standard time series representations (e.g., ARX models); 
the Hammerstein structure provides a framework for han- 
dling nonlinear systems. Although it can be argued that the 
Hammerstein structure cannot handle every type of nonlin- 
earity, their utility in modeling 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). Subse- 
quent decentralized controller design, in the transformed ba- 
sis 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 postcompen- 
sators along with provisions for annulling the nonlinearities 
that are identified from the plant data. Finally, we propose a 
strategy for the design of multivariable feedforward con- 
trollers in this PLS framework. 

The subject of this article 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 de- 
sign of the control system forms the subject of the next two 
sections. This is followed by a section describing the synthesis 
of multivariable feedforward controllers. The theoretical 
matter of this article is supplemented by including several 
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semirealistic examples involving modeling and control of 
multivariable chemical process systems. Conclusions and pro- 
posed future work forms the final section. 

Partial Least Squares: 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 corre- 
lated data. First proposed by Wold (1966), this method has 
been applied to analyze data in a variety of disciplines, such 
as the sciences, the social sciences, engineering, and medicine. 
A tutorial description of PLS, along with a simple example, 
has been provided by Geladi and Kowalski (1986a,b); for the 
theoretically inclined reader, Manne (1987) and Hoskuldsson 
(1988) provided excellent analysis of the mathematical prop- 
erties of the algorithm. In fact, the knowledge and use of 
PLS has become so commonplace that it warrants no funda- 
mental introduction. 

Consider two blocks of measurements X and Y. Often 
times, we seek to predict the Y space (comprising quality 
variables), using only the X space (comprising process or 
causal variables) measurements, with a linear estimator of the 
form 

Y = XC +Noise. (1) 

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 multi- 
variate techniques, such as canonical correlations analysis 
(CCA), partial least squares, and principal components re- 
gression (PCR), have been proposed for this task. These 
methods circumvent the collinearity problem associated with 
multivariate data by constructing and relating fatent or uir- 
tual 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 differenti- 
ates these methods. Two attributes are of major importance 
for the estimator: (1) stability, and (2) obtaining a good fit 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 fit. Each of the multivariate methods accom- 
plishes a different level of balance between these two goals. 
Wise (1991) describes the nature of these trade-offs 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 algo- 
rithm, it may be necessary to scale the X and Y blocks suit- 
ably in view of the fact that the measurement units can be 
grossly different. Without proper scaling, the PLS latent vari- 
ables may be significantly biased toward variables with larger 
magnitude. Scaling may be performed using some a prion' 
knowledge, for example, 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 S ,  and S ,  for the X and Y blocks, respec- 
tively. The scaled X and Y blocks, that is, XS;' and YSy-' 
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are then processed by the PLS algorithm. The raw plant data 
are assumed to be scaled in this manner in all of the develop- 
ment that follows. 

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

In this 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 project data, a maximal description of the covari- 
ance within X and Y is used as a criterion. The first set of 
loading vectors (direction cosines of the dominant directions 
within the data set), p1 and q,, is obtained by maximizing the 
covariance between X and Y. Projection of the X and Y data, 
respectively, onto p 1  and q, gives the first set of score vec- 
tors t 1  and u l .  This procedure is depicted by the block “PLS 
OUTER MODEL (1)” in Figure 1. The matrices X and Y 
are now indirectly related through their scores by the “Inner 
Mode1,”which is just a linear regression of t ,  on u, yielding 
a, = t , b , .  2,q; can be interpreted as the part of the Y data 
that have been predicted by the first PLS dimension; in doing 
so, the tip; portion of X data has been used up. Denoting 
El  = X and F,  = Y, the residuals at this stage are computed 
by the deflation process (shown as dark squares in Figure 1): 

The procedure of determining the scores and loading vectors 
of the inner relation is continued (with the residuals com- 
puted at each stage) until the required number of PLS di- 
mensions ( n )  is extracted. In practice, the number of PLS 
dimensions is determined based on the percentage of vari- 
ance 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- 
fined 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 
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Figure 1. Standard linear PLS algorithm. 

regression problem is handled by constructing n inner rela- 
tionship models (usually, n e m). In addition to the PLS 
outer model (cf. Eqs. 4 and 5), we can write the following 
equation for describing the inner model of the PLS tech- 
nique: 

Y = T B Q + F  (6) 

In certain versions of the PLS algorithm, the regression coef- 
ficients bi (i = 1, . . . , n) are absorbed into the corresponding 
qi vectors. In such cases bi = ltli; thus B is an identity ma- 
trix. 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 an eigenvalue and 
eigenvector problem (Hoskuldsson, 1988) where the mathe- 
matical 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 ap- 
proaches are possible. The first approach is to include the 
nonlinear variables (such as squares, exponentials, loga- 
rithms) in the appropriate data matrices and use the stan- 
dard linear PLS procedure described earlier. This would in- 
volve dealing with wider matrices [for an X matrix with 10 
variables, 45 different combinations (,&, = 45) of two vari- 
ables 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 alterna- 
tive 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, that is, ti and ui, are related 
by a quadratic model. It is clearly evident that this strategy 
can do little when the data are composed of other types of 
nonlinearities. With their demonstrated utility in approximat- 
ing arbitrary continuous functions to any desired accuracy, 
neural networks can be a useful tool in nonparametric mod- 
eling studies. To this end, Qin and McAvoy (1992b) proposed 
an integration of neural networks with the standard PLS al- 
gorithm. Their approach preserves the outer relation in lin- 
ear PLS so as to have the robust prediction property; how- 
ever, neural networks are employed as the inner regressors. 
A direct benefit of such a strategy is that only one SISO net- 
work is trained at a time. This is not only easier than training 
a MIMO network, but also circumvents the overparameteri- 
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zation 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 in- 
corporating 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 Eq. 1 can be written as follows: 

Y = XC,, + Noise, (7) 

where Y represents the output or controlled variables and X 
the manipulated variables (inputs). The important difference 
between Eqs. 1 and 7 is that while C is a matrix of constants 
in Eq. 1, the matrix C ,  in Eq.7 is a dynamic mapping relat- 
ing 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 reduc- 
tion in a statistically sound manner. This would mean that we 
need to deal with huge matrices, particularly for MIMO sys- 
tems. 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 sys- 
tem (particularly for nonlinear systems). With this approach, 
c d y n  is a matrix of constants whose elements can be inter- 
preted as finite impulse-response (FIR) coefficients (Ricker, 
1988) or as a multivariate autoregressive moving average 
(ARMA) model (Qin and McAvoy, 1992a). 

A dynamic PLS modeling 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 
filtering of input data. In this way, they argue, the major dy- 
namic component in the data is removed and can be analyzed 
using the standard PLS procedure. The dynamic filter is de- 
signed either by using some a-prion knowledge of the process 
(in the form of an auerage dynamics) or by minimizing the 
sum of squares of the output residuals, F .  In the former case, 
all the dynamic filters are identical and equal to the assumed 
average dynamics. In the latter case, the dynamic filters are 
determined using the optimization objective stated earlier, 
and hence are generally distinct from one another. Using sev- 
eral simulation examples, Kaspar and Ray (1992, 1993) have 
demonstrated the utility of their approach for the identifica- 
tion and control of systems described by linear models. 

We propose a dynamic extension of the PLS algorithm that 
is based on the direct modification 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 
by a dynamic component such as the ARX or the Hammer- 
stein model. In Kaspar and Ray (1992, 19931, 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 de- 
sign of the plant probing signals. Employing input signals with 
sufficient low-frequency content, our method identifies ade- 
quate plant models by utilizing the techniques developed for 

SISO systems. The proposed strategy will be particularly 
handy in the modeling of nonlinear multivariable systems- 
for example, instead of using tedious multivariable Ham- 
merstein 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 identified using the proposed 
strategy and the Kaspar-Ray approach are in general differ- 
ent, it turns out that the mathematical expressions for the 
steady-state gains, transfer functions, and so forth, are identi- 
cal. This implies that once the model is identified using ei- 
ther of the methods, it can be used in exactly the same way 
for the synthesis of feedback and feedforward control struc- 
tures. 

In the PLS algorithm, each of the weight vectors w, that 
are used to define the score vectors t ,  applies to a different 
matrix of residuals E,  (i = 2, . ,. , n),  as 

where wi is the normalized eigenvector corresponding to the 
largest eigenvalue of E:Fi F;E,. 

This poses a difficulty in the interpretation of the PLS score 
vectors, because what is left in the residual matrix E, at each 
stage is not clear. For example, some X variables dominate 
the first few factors and some the later factors. Recognizing 
this, de Jong (1993) provided the following expression relat- 
ing the score vectors in terms of the original X matrix: 

The matrix R can be expressed in terms of the P and W 
matrices, as R = W( P'W)-' .  Note that when all possible PLS 
components are extracted, the R and P matrices are related 
as R - '  = P'. The elements of matrix R will be used to de- 
velop the individual transfer functions later. 

For the modeling 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 Eq. 4. 
The dynamic analog of Eq. 5, is given by 

= Ye"P + Y2'"P + ... + Yn""P + F .  (10) 

Here, the Gj denote the linear dynamic models (e.g., ARX) 
identified at each state, and Gj(t,)q: quantifies the measure 
of Y space explained by the ith PLS dimension (vex!'). We 
now define the operator G as the diagonal matrix, compris- 
ing the dynamic elements identified at each of the n PLS 
dimensions, that is, 

(ll? 
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Figure 2. Information flow for the proposed modeling strategy. 

A sketch of the dynamic PLS modeling procedure is provided 
in Figure 2. Note that the scaling information has been ex- 
plicitly included, using matrices S;' and S,, yith the sub- 
script Sca denoting the scaled plant data; and YRaw indicates 
the predicted values of the controlled outputs. 

For the model identified using the dynamic PLS algorithm, 
we can express the transfer function relating input j to out- 
put i as 

with R,, and Qik denoting the usual elements of matrices R 
and Q, respectively. It is seen that the transfer functions re- 
lating each plant input to each output is a linear combination 
of the dynamic elements identified at each PLS dimension. 
Depending on the relative magnitudes of R,  and Qik, a par- 
ticular dynamic component G,( 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 system 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 modeling 
scheme, owing to the fact that in empirical model identifica- 
tion all of the input information is used in model building. In 
a real-world situation, it may be possible to perform dimen- 
sionality reduction using PLS. If this happens, issues related 
to the uniqueness of the mapping from the reduced dimen- 
sional 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 Figure 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 Ham- 
merstein model of the system becomes available. Zhu and 
Seborg (1994) present the nonlinear predictive control of a 
neutralization system using a modified Hammerstein repre- 
sentation of the process. 

A recent review of the algorithms developed for the identi- 
fication of the elements in the Hammerstein 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 identified by updating 

the parameters of the linear dynamic part and the nonlinear 
static part separately and sequentially. Lakshminarayanan et 
al. (1995) combined a powerful linear system identification 
technique, namely canonical variate analysis (Larimore, 1990), 
and the Narendra-Gallman algorithm to put forth a multi- 
variate Hammerstein-model identification technique. 

To model nonlinear systems using the current approach, 
we relate the score vectors obtained at each PLS dimension 
using an SISO Hammerstein model ("inner models" in Fig- 
ure 1). As shown in Figure 3, the score vector ti is trans- 
formed by a nonlinear static relationship (a polynomial of 
reasonable order) to t?. A linear dynamic model (e.g., ARX 
model) is then determined between tT and ui. Although any 
method can be used for the identification of the Hammer- 
stein models, we use the SISO version of the algorithm pre- 
sented in Lakshminarayanan et al. (1995). Denoting the iden- 
tified Hammerstein models by Hi (i = 1, . . . , n), we obtain 
the equivalent of Eq. 10 as 

Y = H,( t , )q;  + H2(t2)q;  + * * *  + H,(t,)qh + F 

= YFP + YPP + * * .  + yn"xP + F .  (13) 

It must be borne in mind that the Hammerstein structure 
cannot model every type of nonlinearity. 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 significantly 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 autoregres- 
sive 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 practi- 
cal guidelines on the choice of specific nonlinear dynamic 
structures. 

Illustrative Examples of the Modeling Strategy 
The proposed modeling strategy has been applied to sev- 

eral multivariable systems. Three case studies involving distil- 
lation columns and an acid-base neutralization system are 
presented here. 

. , 1 

t i {  Nonlinear Static I t : {  Linear Dynamic j u i ,  

Element Element - - 
Figure 3. Hammerstein model. 
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Example 1: distilldon column 
Wood and Berry (1973) reported the following transfer 

functions for methanol-water separation in a distillation col- 
umn. The composition of the top and bottom products ex- 
pressed in weight % of methanol are the controlled variables. 
The reflux and the reboiler steam flow rates are the manipu- 
lated inputs expressed in lb/min. Time is in minutes. 

1 0 -  

r: 0- 
- 1 0 -  

-20. vn 
The transfer function form of the disturbance channel (feed 
flow rate and feed composition are the disturbances) is given 
bY 

16.7s + 1 21s + 1 [ :::I:] = 6.6e-7s - 19.4e-3s 

To model the relationship between the manipulated inputs 
and the controlled outputs, plant data were collected by excit- 
ing the plant with a series of step changes to the reflux and 
reboiler steam flow rates. The signal-to-noise ratio (SNR) was 
set at 10 by adding measurement noise. Following autoscal- 
ing of the inputs and outputs, the PLS-based modeling was 
attempted. The dynamic elements were restricted to be sec- 
ond order (in both numerator and denominator), with delay 
for both the PLS dimensions. The resulting PLS model is 

[ :::::I. (14) 

O I  
12.7577 

' x =  [ '*."0"" 0.603741; ' y =  [ o 12.2821 

0.3228 0.94551; [ 0.3256 0.94651. 
- 0.9465 0.3256 -0.9455 0.3228 ' P = [  

0.75971 
0.6972 ' = [ 0.7169 - 0.6503 

0 . 1 4 1 7 ~ - ~  
G, = 

1 -0.43052-' - 0 . 4 7 0 6 ~ - ~  

0.0529z-' + 0 . 0 2 9 1 ~ - ~  
G, = 

1 -0.23362-' -0.2321~-' ' 

Figure 4 shows the fit obtained to the plant data with the 
identified model. Using a different set of plant input-output 
data, we perform a cross validation test of the identified 
model. The results, shown in Figure 5, indicate that the iden- 
tified model provides a good representation of the plant be- 
havior. 

Using Eq. 12, the steady-state gain matrix of the identified 
model is 

[ 12.4327 - 18.15431 
6.5938 -19.3396 * 

K =  

4 
-30 

0 200 400 600 800 1 0 0 0  1 2 0 0  1400 1 6 0 0  1 8 0 0  2 

30 

. .. 

30 

-20D -30 0 200 400 600 800 1 0 0 0  1 2 0 0  1 4 0 0  1 6 0 0  1 8 0 0  2000 

Sample No. 
Figure 4. Identification of the Wood-Berry column: 

model (dashed line) and actual plant (solid 
line) responses. 

This compares quite favorably with the steady-state gains 
given in Eq. 14. 

Example 2: acid - base neutralization process 
In many chemical and biochemical processes, control of pH 

at specified levels is a key requirement. First-principles-based 
modeling of such systems results in highly nonlinear equa- 
tions, often with unavailable parameters such as the equilib- 
rium constants. Here, we try to model an acid-base neutral- 
ization process using a PLS-based empirical model. The sys- 
tem description, the nonlinear process model, and the oper- 
ating conditions can be found in Henson and Seborg (1994). 

-20 
-30 

0 50 100 150 200 250 300 350 400 450 500 

I I 

-20 t 
I 

50 100 150 200 250 300 350 400 450 500 - 3 O i  
Sample No. 

Figure 5. Cross validation for Wood-Berry column: 
model (dashed line) and actual plant (solid 
line) responses. 
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The level and pH of the liquid in the well-stirred neutraliza- 
tion tank are the two outputs that are manipulated by the 
acid and base flow rates. The nominal value for the level and 
pH are 14 cm and 7.06, respectively, the acid and base flows 
being 16.6 mL/s and 15.6 mL/s, respectively. Data were col- 
lected by perturbing the system inputs by f10% of their 
nominal values using specially designed random signals 
(Hernhndez and Arkun, 1993) that enable good nonlinear 
identification. The signal-to-noise ratio was kept at 10 for 
identification purposes. The sampling period is 15 s. 

The input-output data were first autoscaled and then ana- 
lyzed using the dynamic PLS algorithm. As a first step, a dy- 
namic model incorporating only linear elements was identi- 
fied (details are not provided here). As expected, this model 
was not adequate in modeling the pH of the system. To model 
the nonlinearities in the system, a Hammerstein model was 
employed [using the SISO version of the algorithm presented 
in Lakshminarayanan et al. (199511 to relate the input and 
output scores at each dimension. The identified dynamic PLS 
model is given below: 

(17) 

= [ -0.6919 0.7220 0.67961 0.7335 (18) 

= [ -0.6797 0.7221 

= [ - 0.0347 1.0000] 
0.9994 0.0081 ' 

(19) 

(20) 

A closer look at the elements of Q indicate that the first 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 
confined to the first PLS dimension, so a Hammerstein model 
will be needed here. The second dimension can be modeled 
using only a linear dynamic element. 

For the first 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 fifth-order polynomial was chosen to capture the static non- 
linearities in the system. 

The static nonlinearity (omitting the time variable) is given 
by 

t:  =0.02t: +0.1227t; -0.0978t: -0.5909t: + t , .  (21) 

The linear dynamic elements corresponding to the first and 
second dimensions are 

0.16172-' -0.0180~-* 
1 -0.8849~-' + 0 . 0 3 8 8 ~ - ~  

G ,  = (22) 

0.04582-' t 0.05222-' 
G2 = (23) 

1 -0.87442-' - 0 . 0 6 0 1 ~ - ~  
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Figure 6. Model fit for the acid-base neutralization sys- 
tem: PLS-Hammerstein model (dashed line), 
linear model (dashed-dot) and actual plant 
(solid line). 

The results obtained using a Hammerstein model to relate 
the input and output scores at each dimension are presented 
in Figure 6. We also show the model fit 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 fit obtained using the Hammerstein in- 
ner model is excellent, as is also evident from the cross vali- 
dation run (Figure 7). 

Example 3: multivariable complex distiUation column 
As a final modeling example, the identification of a 4 x 4  

multivariable distillation column (Alatiqi and Luyben, 1986) 
is presented. This column (with sidestream stripper) sepa- 
rates a ternary mixture into three products. The four con- 
trolled variables include the purities of the three product 
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Figure 7. Cross validation with the identified PLS- 
Hammerstein model for the acid-base neu- 
tralization system: model (dashed line) and 
actual plant (solid line). 
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streams and a temperature difference between the trays above 
and below the side draw tray. The reflw flow rate, reboiler 
heat duty, stripper reboiler heat duty, and the flow 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 were obtained. 
The plant output data are corrupted both by the load dis- 
turbance and measurement noise. In view of space limita- 
tions, we do not provide the complete details of the PLS 
model. The modeling and validation results are summarized 
in Figures 8 and 9, respectively. 

In Figure 8, the loadings plot for the inputs and outputs is 
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 re- 
lationship plots between the filtered input scores and the 
output scores are shown in subplots (c) and (d) for the first 
two PLS dimensions. The observations fall close to the diago- 
nal on these plots and indicate that the dynamic PLS model 
will be highly predictive of the outputs. The cross-validation 
results shown in Figure 9 indicate the good fit provided by 
the dynamic PLS model, thus confirming the utility of the 
proposed methodology in the modeling of larger systems. 
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Figure 8. Dynamic PLS modeling strategy for the Ala- 
tiqi-Luyben distillation column: (a) loadings 
plot for the inputs; (b) loadings plot for the 
outputs; (c) inner relationship plot for dimen- 
sion 1; and (d) inner relationship plot for di- 
mension 2. 
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Figure 9. Cross validation for the Alatiqi-Luyben distil- 
lation column: model (dashed line) and actual 
plant (solid line) responses. 

Process Control in the PLS Framework 
Using linear dynamic PLS models, Kaspar and Ray (1992, 

1993) demonstrated a control strategy in which the PLS la- 
tent variables ( T  and U )  are directly utilized in the synthesis 
of the control system. In this approach, the PLS matrices such 
as S,, S,, P ,  and Q are employed as pre- and postcompen- 
sators 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 inde- 
pendently based on the “inner” dynamic models identified at 
each dimension. Thus, the controller “sees” the error signals 
and the command signals in terms of the basis defined 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 the orthogonality of the input 
scores and the rotation of the input scores to be highly corre- 
lated 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 opti- 
mal 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 elimi- 
nates the problem of multiloop controllers “fighting” 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 Figure 10. S, and S, 
are the diagonal scaling matrices determined prior to model 
identification, Q is the loading matrix for the Y block (out- 
put variables); Q- ’ is the appropriate Moore-Penrose in- 
verse of Q; P is the loading matrix for the input ( X I  block; 
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Figure 10. Feedback control using the PLS framework: 
the Kaspar-Ray scheme for linear systems. 

and E ,  is the error in terms of the original output variables. 
The projected error is E,, upon which the controllers act. 
The SISO controllers GC1 through Gcn are designed based 
on the PLS inner models, that is, Gc, is designed based on G, 
( 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 that drive the 
process. 

For the physical systems that are modeled by the Hammer- 
stein structure, some modifications to the preceding scheme 
are necessary. As shown in Figure 11, we now include blocks 
labeled RF, ( i  = 1, .. ., n) after each controller. The con- 
trollers are still designed based on the linear dynamic part of 
the Hammerstein model. Each RFi is a root-finding routine 
that is necessary to compensate for the static nonlinear part 
of the Hammerstein model. 

Disturbarrces 
D 

Physical Plant Set 
Inpurr 
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EY 
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Figure 11. Feedback control using the PLS framework 
for systems modeled by the Hammerstein 
structure. 

Feedback control of linear systems is well covered by Kas- 
par and Ray. Here, we shall illustrate the control of the non- 
linear acid-base neutralization system using the Hammer- 
stein model that was identified. 

Control of the Acid-Base Neutralization Process 
In a previous section, we identified a model for the nonlin- 

ear pH system. This model will now be used to control the 
two outputs (level and pH) by manipulating the acid and base 
flow 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 identified for the different operating regions, and the con- 
trol strategy must effectively utilize these models. However, 
we will employ a single model here and point out its deficien- 
cies in the control of the nonlinear process. Also, there exists 
a structural mismatch between the identified plant and the 
real process, which will manifest as a gap between the de- 
sired 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 Gc,. 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 modeling er- 
rors. 

As a first step, we examined whether the linear model 
identified earlier could be used to control the process. De- 
tails of this model were not provided in the section relating 
to the identification of the pH system, because the closed-loop 
control system shows sustained oscillations (Figure 12) for a 
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Figure 12. Response to a setpoint change in pH: linear 
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model-linear controller. 
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setpoint change of + 1.5 in pH (which is within the pH values 
observed during the identification experiment), thereby es- 
tablishing the inadequacy of the linear model. 

We now utilize the identified nonlinear model as given in 
Eqs. 16 through 23. The control scheme is as shown in Figure 
11, with n (the number of PLS dimensions) equal to 2. Gc, 
and Gc2 are Vogel-Edgar controllers designed based on G, 
(Eq. 22) and G ,  (Eq. 23), respectively. The desired closed- 
loop settling time is specified as 5 min for both the loops. To 
compensate for the static nonlinearity observed in the first 
PLS dimension, the output of controller Gc1 is appropriately 
modified by using the root-finding routine RF,. The linear 
nature of the second PLS dimension implies that RF, = 1 and 
no modification needs to be performed on the output of Gc,. 

Let the output of the controller Gcl be C,. The output of 
RF, is determined by solving the roots of the polynomial (at 
each control interval), 2 4 8 6 .  10 1 2  14 

14 

E6.8 

0.02t: +0.1227t; -0.0978t: -0.5909tf + t ,  =C,. (24) 

Some remarks on the solution of this equation are in or- 
der. 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 fifth-order polynomial even 
though a fourth-order polynomial gave good fit of the data. 
Moreover, several real roots may exist-the literature 
(Anbumani et al., 1981; Bhat et al., 1990) suggest 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 Fig- 
ure 13. The required pH value is reached within the desired 
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Figure 13. Response to a setpoint change in pH: non- 
linear model-nonlinear controller. 
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Figure 14. Response to two moderate setpoint changes 
in level and pH: nonlinear model-nonlinear 
controller. 

time of 5 min. 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 7.061 to (a): [12 8.51, and 
(b): [16 6.51. The new setpoints are within the range of values 
of level and pH used in the identification experiment. The 
preceding results indicate the utility of the Hammerstein in- 
ner 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 new setpoint vectors 
are [12 101 and [16 51. In particular, the new pH values are 
outside the range of values considered in the identification 
experiment. From the simulation results (Figure 15), it is ob- 
vious that the control objectives are not met. This can be 
attributed to the fact that a single Hammerstein model is in- 
adequate to describe the process behavior over the entire 
range of operation and highlights the need for a multiple 
model or an adaptive framework. 

The performance of the control system for two unmea- 
sured buffer flow-rate disturbances are shown in Figure 16. 
In case (a), the buffer flow rate was reduced from its nominal 
value of 0.6 mL/s to 0.2 mL/s. In case (b), the buffer flow 
rate was increased from 0.6 mL/s to 1.5 mL/s. Considering 
that the changes in buffer flow rate lead to large variations in 
the process gain, the performance of the control scheme is 
acceptable, though the disturbance can be rejected faster by 
improved tuning. However, if the buffering content of the 
system is quite low, the control system exhibits unacceptable 
oscillatory behavior. An adaptive controller is required to 
provide better control performance over a wide range of 
buffering conditions. 
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Multivariable Feedforward Control Using the PLS 
Framework 

One of the primary reasons for the control of industrial 
processes is to ward off the effects of load disturbances. For 
disturbances that are measured, it is possible to design feed- 
forward controllers that are capable of adjusting the manipu- 
lated variables before the controlled variables deviate from 
their setpoints. Usually feedforward control is never used by 
itself; it is effective when used in conjunction with feedback 
control that does not provide satisfactory control perform- 
ance. Addition of stable feedforward control loops to existing 
feedback loops on a process does not affect the stability of 
the closed-loop control system. Furthermore, and more im- 
portantly, the performance of the feedforward controller does 
not degrade significantly with modeling errors (Marlin, 1995). 

Feedforward controller design for a SISO process depends 
on the models for the process and disturbance channels. The 
feedforward controller is the negative of the ratio of the dis- 
turbance transfer function to the process transfer function. 
The SISO feedforward controller is usually realized as a 
lead/lag element. Often, even the lead/lag and time-delay 
elements are ignored and a steady-state feedforward con- 
troller is employed. The literature is relatively sparse as far 
as multivariable feedforward 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 secondary controllers are 
designed to cancel the effect of these load disturbances on 
the process outputs. A certain interaction measure array (r) is 
defined and is used to design the secondary controllers for 
quick rejection of specific disturbances. This method is appli- 
cable only when some secondary process measurements are 
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Figure 16. Regulatory response to two step changes in 
the buffer flow rate: (a) 0.6 mL/s + 0.2 mL/s; 
(b) 0.6 mL/s + 1.5 mL/s using the nonlinear 
model and the nonlinear controller. 

available. Stanley et al. (1985) proposed the relatiue disturb- 
ance gain (RDG) to compare the disturbance rejection capa- 
bilities of the multiloop SISO controllers vs. the inverse-based 
multivariable controllers such as the decoupler. Shen and Yu 
(1992) discuss the relationship between r and RDG. 

Under the assumption that only primary outputs are avail- 
able 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 con- 
troller 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 con- 
trolled outputs (Y) is available to describe the relationship 
between measured disturbances (0) and the controlled out- 
puts (Y). The disturbance-output PLS model (with m PLS 
dimensions) is characterized by: (1) the diagonal scaling ma- 
trices for the output and disturbance spaces-W, and s,; (2) 
the matrices containing the weights attached to the output 
and disturbance variables in each dimension--' and Rd; 
and (3) the diagonal matrix Gd containing the dynamic rela- 
tionship between D and Y-each diagonal element of Gd  is 
denoted by G: ( j  = 1, .. ., m). 

The relationship between the manipulated inputs and the 
controlled outputs can be summarized by (see Figure 2): 

Y,  = S,QG{XS; 'RY. (25) 
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In a similar manner, the relationship between the mea- 
sured disturbances and the controlled outputs is given by 

-Multiplexer 

Y, = W , Q ~ G ~ { D S ;  ' R ~ Y .  (26) 

4 

Demulliplexer 

To offset the effect of the measured disturbances on the con- 
trolled outputs, we need to determine the required change in 
the manipulated inputs. This is done by setting - Yd = as 
follows: 

Recognizing that the scores in the manipulated input space 
( T )  and the disturbance variable space ( T d )  are defined by 
T = XS;'R and T d  = DS,'Rd, respectively, we can rewrite 
Eq. 27 as 

T'= - 

- fla 

A rearrangement of this equation gives 

- : :  0 g 
0 Gn ... 

x Rna 

T d '  

with a further simplification yielding the design equation for 
the multivariable feedforward controller (in the latent space) 
as 

- WyQdGdTd'= S,QGT'. (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 (Td) .  Defining A = SyQ 
and Rd = WyQd, we can express the preceding equation as 

- 1  

A+Rd 

O l  0 

0 1.. 

0 ... 

T d ' ,  (30) 

Feedforward Controller, FFC 

T d ' .  (31) 

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

Case (a): Q is nonsquare (ny < n )  

Muuivarinble 

Confrokr 

+ Plant Set 

Process I 

EY 

T I 
Figure 17. Combined feedback-feedforward control 

strategy for linear systems: the PLS frame- 
work. 
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In the preceding expressions, the matrix Q,*i is obtained by 
replacing the ith column in matrix Q by the weighted jth 
column of Qd.  Matrix Q,* is obtained by simply deleting the 

o,2 

O.' - 

O* ith column in matrix Q: 50 1 0 0  150 200 A0 
Tim- (Mi".) 

Q,l; = [ q l l d . . .  lqi-lIWySy lqjdlqi+ll.- lqn] 

Q,* = [qiIq21... Iqi-ilqi+il*.* IS,]. 

(35) 

(36) 

Figure 18. Regulatory control of the Wood-Berry col- 
umn to a step change of -0.35 units in feed 
flow rate (at t = 0) and a step change of -3 
units in feed composition (at t=125  min- 

It is seen that each element of the multivariable feedforward 
controller can be expressed as a ratio of two transfer func- 
tions multiplied by a constant. This makes the design of a 
multivariable feedforward control simple and elegant. If only 
a steady-state feedforward compensation is sought, the dy- 
namic components in Eq. 31 can be replaced with their re- 
spective 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: 

O I  
1.0012 

s d =  [0.2232 o i.9753]; O w y =  [ o 1.1466 

0.8233 0.4818 - d -  0.8763 
p d =  [ 0.5782 -0.87631' [ 0.4818 

0.7191 0.9787 1 
0 . 0 4 8 5 ~ - ~  + 0 . 0 5 9 3 ~ - ~  

G;i = 

G$ = 

1 - 0.46792- ' -0.4516~-' 

0 . 0 5 9 1 ~ ~ ~  
1 -0.37932-' -0.3700~-* ' 

Using the preceding PLS model and the one obtained ear- 
lier (between the manipulated inputs and the controlled out- 
puts), the multivariable feedforward control law is imple- 

Utes). 
Feedback control only (solid line), feedback plus steady- 
state feedforward control (dashed line); and feedback plus 
dynamic feedforward control (dotted line). 

the feed flow rate ( - 0.35 units at t = 0) and the feed compo- 
sition (- 3 units at t = 125 min) are shown in Figure 18. 

From the ISE values reported in Table 1, it is evident that 
the variations in product quality can be considerably reduced 
by incorporating feedforward control for these measured dis- 
turbances. The ISE values also indicate that, in the presence 
of model-plant mismatch (as is the case here), a dynamic 
feedforward controller may not always provide a significantly 
better performance compared to the more easily imple- 
mented steady-state feedforward controller. We noticed sig- 
nificant improvements in control by implementing a single 
feedforward controller FFC,,. This is because the first PLS 
dimension captures the majority of the variations in the 
process and disturbance channels. 

Feedforward Control of the Acid-Base 
Neutralization Tank 

In this section, we describe the development of the feed- 
forward control strategy for the acid-base neutralization sys- 
tem considered earlier. The buffer flow rate is assumed to be 
the major measurable disturbance. Instead of employing a 
modified version of the linear feedforward control law (cf. 
Eq. 31), we will utilize the structure of the model identified 

Table 1. Summary of ISE Values: Wood-Berry Column 

ISE Values mented on the Wood-Berry column. The scores for the ma- 
nipulated inputs computed by the feedforward control law 
are added to those computed by the feedback controller to 
obtain a combined feedback-feedforward control action (see XD 7.0454 0.8304 0.6791 

XB 7.9183 0.4203 0.3618 Figure 17). Regulatory control for two-step disturbances in 

Variable FB Only FB + Steady-State FF FB + Dynamic FF 
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for this system (i.e., Eqs. 16 through 23). For this system, it 
was shown that the first PLS dimension models the pH and 
the second dimension models the tank level. This implies that 
once the models relating the buffer flow rate to the pH and 
level are obtained, two feedforward controllers can be syn- 
thesized, one for each dimension. 

To obtain the models relating the buffer flow rate to the 
level and pH, the buffer flow rate was perturbed about its 
nominal value of 0.6 mL/s by f0.4 mL/s. During this “ex- 
periment,”the acid and base flow rates were regulated at their 
nominal value of 16.6 mL/s and 15.6 mL/s, respectively. 
These open-loop data were used to construct the models. 

The buffer flow-rate vs. pH relationship was modeled by 
the following Hammerstein model. Denoting the buffer flow 
rate as d ,  the static nonlinearity was identified as 

d* = 0.0389d3 -0.6423d2 + d .  (37) 

The linear part of the Hammerstein model is 

0.1871~-’ -0.0672~-’ 
(38) ‘‘= 1-0.8817Y’ +0.0248z-’ ’ 

Note that this linear model relates the transformed buffer 
flow rate ( d * )  to pH. The model fit and the cross validation 
run using the Hammerstein model are shown in Figure 
19-the model appears to capture the relationship to a good 
measure. 

The linear model relating the buffer flow rate to the tank 
level is 

0.1761 z - - 0.11992 -’ 
G2” = (39) 

1-1.0907~-’+0.1341~-~ ‘ 

7.2 
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Figure 19. (a) Model fit and (b) cross validation for the 
buffer flow rate vs. pH relationship: actual pH 
(solid line) and model predictions (dashed 
line). 
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Figure 20. (a) Model fit and (b) cross validation for the 
buffer flow rate vs. level relationship: actual 
level (solid line) and model predictions 
(dashed line). 

The validity of the identical model is illustrated by the model 
fit and cross-validation results shown in Figure 20. 

Having obtained convincing models, we are in a position to 
develop the feedforward controllers. 

Feedforward Controller for Buffer Flow Rate: Level Subys- 
tern. Using the information flow diagram (Figure 2), the PLS 
model (Eqs. 16 through 231, Eq. 39 and the fact that the sec- 
ond PLS dimension essentially models the tank level, we can 
write 

with Q12 and sy, denoting the usual elements in the Q and 
S, matrices, respectively. Setting the deviation variable Y,  
equal to zero in the preceding expression, we obtain the 
feedforward controller as 

t 2  = - ( - )?d.  1 

Q 1 2 ~ 1  
(41) 

The poles of this feedforward controller were found to lie 
outside the unit circle, which results in an unstable closed 
loop. The implementation of this controller was therefore re- 
stricted to a steady-state design. The feedforward control ac- 
tion computed by Eq. 41 is superimposed on the output of 
the feedback controller Gc, shown in Figure 11. 

Feedforward Controller for Buffer Flow-Rate: pH Subsys- 
tem. The development of this feedforward controller is sim- 
ilar to that presented earlier. Now, we need to look at the 
first PLS dimension of the model identified in Eqs. 16 through 
23. Using Eqs. 37 and 38, we obtain 

2320 September 1997 Vol. 43, No. 9 AIChE Journal 



feedback-only control. Due to the model-plant mismatch, 
improvements obtained in the ISE values for pH was re- 
stricted to about 80-90%. 

7 L--. 

Figure 21. 

I 
5 15 20 25 10 

Time (Mi” ) 

_ -  
Regulatory response to two step changes in 
the buffer flow rate: (a) 0.6 mL/s + 0.2 mL/s; 
(b) 0.6 mL/s 1.5 mL/s using feedback 
control only (solid line) and a combined 
feedback-feedforward control strategy 
(dashed line). 

giving the following feedforward controller 

(43) 

The measured value of the buffer flow rate ( d )  is first trans- 
formed (using Eq. 37) to d* .  The feedforward control action 
( 2 : )  is computed using Eq. 43, and is added to the output of 
controller G,, in Figure 11. 

Comparison of the combined feedback-feedforward con- 
trol strategy with the feedback control strategy for the same 
type of disturbances considered earlier is presented in Figure 
21. The ISE values for the two control strategies are pre- 
sented in Table 2. The change in the ISE values for level is 
dramatic: the ISE values for the combined feedback-feedfor- 
ward control strategy is only about 1% of that obtained with 

Table 2. Summary of ISE Values: Acid-Base Neutralization 
System 

ISE Values (Level) ~ 

FBOnly FB+FF FBOnly FB+FF 
ISE Values (pH) 

Step change of 
-0.4 unit in 0.2645 0.0020 0.6027 0.0749 
buffer flow rate 
Step change of 
+ 0.9 unit in 1.4110 0.0154 0.5141 0.0995 
buffer flow rate 
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Conclusions 
A data-based approach to the identification 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 control strategy with a simple structure is also 
synthesized and incorporated in the latent subspace. The re- 
sults indicate that the approach may be applicable to a broad 
class of systems including those with nonlinear characteris- 
tics. 

The control of the nonlinear acid-base neutralization sys- 
tem was relatively simple, since a Hammerstein structure was 
found to adequately model the PLS inner relationships. Con- 
trol of systems whose PLS inner relationships are modeled by 
nonlinear time-series structures such as NARX and NAR- 
MAX may be a bit more formidable and is being examined. 
To utilize the benefits of advanced model-predictive control 
algorithms, the linear and nonlinear dynamic PLS models 
have been integrated into the MPC framework. Some inter- 
esting results including the issues involved in the mapping of 
constraints can be found in Lakshminarayanan (1 997) and 
Lakshminarayanan et al. (1997b). 
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