
Fluid Mechanics and Transport Phenomena 

Predictive Control of Sheet- and Film-Forming - 

Processes 
John C. Campbell and James B. Rawlings 

Dept. of Chemical Engineering, University of Wisconsin, Madison, WI 53706 

A constrained infinite-horizon model-predictiue controller is aduocated to improue 
product properties from sheet- and film-forming processes by feedback control; the pro- 
posed m o d e l  structure captures the m a i n  characteristics of the proc- 
ess, including the scanning sensor and large time delay. Model parameters are identified 
from process data, and symmetry is enforced to improve the parameter estimates. The 
film thickness is estimated from sparse measurements using a periodic Kalman filter. 
The couariances of the estimates are used to eualuate scanning patterns. Integrating 
disturbance models are used to achieve offset free control. Detectability conditions are 
presented for both models to ensure that the disturbances can be estimated from the 
measurement. Once the state of the film is reconstructed adequately from the measure- 
ment, a control strategy can be implemented to improve film properties. One important 
control contribution is to enable the controller to handle hard constraints on the actua- 
tors without clipping the controller output signal. The target-tracking problem is dis- 
cussed, and the uniqueness of the steady-state solution is established By simulations an 
output disturbance model is compared with a measured input disturbance model. 

introduction 
Of the many stages in the paper-forming process, one stage 

in particular determines the paper’s final properties, that is, 
thickness, basis weight, and moisture content. This stage is 
the sheet-forming part of the paper process, and it involves 
depositing an even layer of pulp slurry onto a fourdrinier wire. 
In the sheet-forming part of the paper process, thick stock, 
consisting of treated wood fibers and water, is mixed with 
white liquor and pumped into a headbox. The headbox pres- 
sure is controlled to deposit a constant amount of material 
through a slice lip onto a moving fourdrinier wire. Some ma- 
terial passes down underneath the wire and is recycled as 
white liquor, while the rest of the material is dried and 
pressed to form paper (Dumont, 1986). A significant distance 
from the headbox, a scanning sensor measures some of the 
paper’s properties such as thickness, basis weight, and mois- 
ture content. Manipulated variables such as actuators on the 
slice lip and stock flow into the headbox can be used to con- 
trol the paper properties. Figure 1 shows the main features 
of a generic paper-making process. 
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The extrusion process used in the production of polymer 
films also determines final product properties. In one stage 
of the film-forming process, the sheet of film is extruded 
through a die lip and pinned to roller conveyers. Then the 
film is exposed to a variety of external processes that can 
stretch, heat, dry, shrink, and coat the film. Further down the 
line, a scanning sensor measures the thickness of the film 
before it is rolled up on a drum as the final product (Rawl- 
ings and Chien, 1996). As with the paper-forming process, 
Figure 1 is an appropriate depiction of the generic film- 
forming process. 

The paper-making and film-forming processes come from 
different industries, yet are structurally similar and can bene- 
fit from advanced control. Similar control problems arise also 
in the production of metal slabs and foils (Dumont, 1997). 

Both of the preceding processes have actuators that affect 
final product variation. In the film process, the die is a large 
piece of metal that can be slightly deformed by the actuators. 
Limited movement of the die lip allows fine-tuning of the 
film thickness. In addition to the die-lip position actuator, 
the polymer film thickness is affected by the extruder screw 
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Figure 1. Film- and sheet-forming process. 

speed. Control of cross-film thickness variation, rather than 
control of thickness itself, is the main objective of this study, 
and so the extruder screw speed actuator is neglected. Simul- 
taneous control of cross and machine direction variation is 
addressed in Zhang (1997). 

The downstream sensor consists of a radiation-emitting 
source and a detector. The sensor is mounted on a frame, 
scans back and forth over the film, and provides measure- 
ments in a zig-zag pattern along the sheet length. The sensor 
measurement divides the film into lanes, and only one of the 
lanes is measured at each time step. The sensed measure- 
ments can be  used to estimate the film thickness across the 
sheet, and the estimate can be used in a predictive controller 
to remove disturbances. 

It is worthwhile to point out other recent work in the area 
of sheet and film control. Featherstone and Braatz (1997) as- 
sume a model for a typical circular blown-film process ( e g ,  
plastic garbage bags) and then focus on identifying the model 
for the purpose of control. They propose that poor perform- 
ance in industrial sheet- and film-control efforts is due to 
model mismatch and in particular incorrect identification of 
the signs of the model gains. Rigopoulos et al. (1997) use 
principal-component analysis to determine a low-order esti- 
mation of sheet disturbances. Dave et  al. (1997) use LP meth- 
ods to  solve large-scale sheet- and film-control problems. 
Kristinsson and Dumont (1996) control the parameters of 
orthogonal polynomials to handle the die-lip constraints, al- 
though their controller i s  not predictive. There has also been 
recent work in the area of robust control (Corscadden and 
Duncan, 1997; VanAntwerp et al., 19971, a topic that is not 
addressed in this article. 

In contrast to  previous work, the model parameters pre- 
sented in this article are determined from plant data. The 
model is used in conjunction with a periodic Kalman filter to  
obtain optimal estimates of the film thickness (Campbell and 
Rawlings, 1995; Tyler and Morari, 1995). New work in the 
area of sheet and film estimation includes detectability condi- 
tions of the estimated disturbances and use of a measured 
input disturbance model to reject quickly common actuator 
disturbances. Finally, the constrained infinite-horizon control 
problem is proposed with some new insight into the state- 
ment and solution of the target-tracking problem. 
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Model Structure 
A lincar state-space model of the following form provides 

a starting point for modeling paper- and film-forming proc- 
esses: 

Negligible dynamics, sparse measurements. and a largc timc 
delay are the key assumed process characteristics incorpo- 
rated into the model. These charactcristics arc discussed hy 
several authors, including Boyle (1977), Wilhelm and Fjcld 
(19831, and Rawlings and Chien (1996). Of note is the peri- 
odic measurement matrix used to handle the scanning sensor. 
Since the scanner reports only one measurement at every time 
step, a single-measurement matrix is not appropriate. C’ is 
replaced by a set of measurement matrices. These measurc- 
ment matrices (row vectors for a single scanner) are dcnotcd c, with j ranging from zero to q - I .  in which 4 is the period 
of the scanning sensor. For a typical “across and back”scan- 
ning pattern the period is 21 - 1 ,  where 1 is the number of  
lanes. Because the state is a vector of film thicknesscs, a typi- 
cal c, matrix contains zero elements except in the lane corre- 
sponding to the sensor location. 

The time delay, along with fast dynamics ( A  = 0) and a 
scanning sensor, provides the following time-varying linear 
model 

in which C, = c,, j = k mod 4. The notation k mod (1 repre- 
sents the remainder of k / q .  I n  this modcl k is discrete sam- 
ple time, x is a vector of film thicknesses in the cross direc- 
tion, u is a vector of actuator positions, and y is the scanner 
measurement(s). In general, .X E a“, where 11 is cqual to the 
number of lanes; U E  am, where rn is equal to the number 
of actuators; and y E a’’, where p is cqual to the number of 
measurements. Since many processes have a mounted scan- 
ning sensor, y is a scalar ( p  = 1). The timc delay, d, can bc 
handled by enlarging the state. Either past states or past in- 
puts can be stored. In this case, there are fewer actuators 
than lanes, so past inputs are stored t o  kccp thc state vector 
as small as possible. 

Model Identification 
Two parts of the model need to be determined from data. 

The first is the time delay, d ,  which is assumcd constant and 
can be measured during routine operation. The second part 
of the model determined from proccss data is thc gain ma- 
trix, K .  I f  the steady-state assumption is valid (e.g., the film 
reaction to actuator movement is fast compared to the timc 
delay), then the scanning sensor does not make the identifi- 
cation more difficult. Data can be obtained by injecting a uni t  
step into an actuator and waiting for the sensor to measure 
all lanes. The identification problem is to  determine K in the 
equation Y = UK ’, where 
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II, E 6t"'" represents the positions of the rn actuators dur- 
ing the ith experiment and j ,  E 6 t " P  represents the thick- 
ness of the p lanes during the ith experiment (n,  total exper- 
iments). Since U may be nonsquare or  may not have full rank, 
Y = UK is solved for K T  using the pseudoinverse of U. In 
calculating thc pseudoinverse, a tolerance can be chosen in 
order to neglect sufficiently small singular values. See Golub 
and Van Loan (1989) for more details on the SVD and pseu- 
doinverse. 

Identification example 
The following calculation uses data from a 12-input, 12- 

output pilot-scale polymer film line at 3M. The third actuator 
was unavailable during the experiments. Four of the 36 
steady-state experiments are shown in Figure 2. Absence of 
data relating thc third actuator to the outputs generates an 
ill-conditioned least-squares problem. The pseudoinverse is 
obtained by taking the singular-value decomposition of U and 
invcrting only the nonzero singular values. The estimated gain 
matrix is shown as a shaded picture in Figure 3. Larger val- 
ues are shaded darker. The figure displays the diagonal dom- 
inance of the gain matrix. The third column is identically zero 
due to lack of information about the third actuator. 

Despite the third column, it is clear that the gain matrix in 
Figure 3 has a symmetrical structure. Featherstone and Braatz 
(1 995) summarize several symmetries that are relevant to 
film-forming processes. Of particular relevance here are cen- 
trosymmetric and Toeplitz model structures. A centrosym- 
metric model has symmetry about the middle of the sheet. 
The film's response to the first actuator is symmetric to the 
film's response to the last actuator. Similar relationships exist 
between the second actuator and the second to last actuator, 
and so on. The parameters for the centrosymmetric model 
are calculated by reorganizing the data matrices and then 

0.; b I 

-0.6 
2 4 6 X 11) i 2  

ALNBI<X 

solving the matrix least-squares problem. The reduced prob- 
lem has only rn/2 unique actuators, thus the data from actua- 
tors rn/2 + l through rn are considered equivalent to data 
from actuators rn/2 through 1, respectively. The upper right 
matrix in Figure 4 shows the result of the least-squares calcu- 
lation of a centrosymmetric gain matrix using the 3M data 
set. The shaded pictures are useful for demonstrating struc- 
ture; however, the parameter values are difficult to discern 
with accuracy. Therefore, normalized parameters for a typi- 
cal row (the first row) are presented here: 

[1.00 0.73 0.12 0.01 -0.26 -0.27 

-0.30 -0.33 -0.32 -0.28 -0.31 -0.15]. 

Another type of symmetry arises when all actuators pro- 
duce shifted versions of the same response. The film's re- 
sponse to the first actuator is the same as its response to the 
second actuator, although the response is shifted by one lane. 
A consequence of this shifted film response is that the ele- 
ments of the gain matrix are constant along the diagonals, 
and the gain matrix is Toeplitz. 

A Toeplitz matrix for a system with rn inputs and p out- 
puts has 2rn - 1 unique parameters. Enforcing symmetry 
about the major diagonal leads to a Toeplitz symmetric gain 
matrix. A Toeplitz symmetric matrix has a total of rn unique 
parameters. In essence each actuator is assumed to be at the 
center of a sufficiently large sheet. Neither Toeplitz model 
favorably captures edge effects as well as the centrosymmet- 
ric model. Figure 4 shows the least-squares calculation of all 
four gain matrices discussed in this section. Row-one param- 
eters for the Toeplitz matrix and Toeplitz symmetric matrix 
are as follows: 

[1.00 0.90 0.37 -0.02 -0.24 -0.33 

-0.40 -0.43 -0.36 -0.34 -0.31 -0.301, 

[1.00 0.69 0.20 -0.13 -0.32 -0.38 

-0.42 -0.43 -0.39 -0.30 -0.32 -0.211. 

Certainly there is some symmetry associated with this proc- 
ess, although care must be taken not to enforce symmetry 
that is not present. Figure 5 shows the sum of squares of the 
residuals from the 36 experiments used to determine the var- 
ious gain matrices. In the absence of noise and process sym- 
metry, one would expect the residuals to be larger as fewer 
parameters are used. Consequently, if the process exhibits 
strong symmetrical behavior, then each model containing the 
symmetry as a subset of its parameter space would have 
equivalent residuals. For example, a full-parameter gain ma- 
trix with no symmetry contains both centrosymmetric and 
Toeplitz (regular Toeplitz and Toeplitz symmetric) alterna- 
tives as part of its solution set. In the presence of noise, how- 
ever, the symmetry of the process may be difficult to deter- 
mine. 

In the case of the 3M data, the residuals follow an interest- 
ing pattern. The centrosymmetric model with 72 free param- 
eters provides higher residuals than the Toeplitz structure 
with 23 free parameters. Several interpretations of this result 
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Figure 3. Gain matrix, no symmetry enforced. 
Note that the elements corresponding to the third actuator are identically zero 

are possible. First, if the centrosymmetric structure enforces 
symmetry that is not present, the residuals may be higher. 
Second, the magnitudes of the residuals might also indicate 
that the data are noisy and that 36 samples are not enough to 
obtain quality parameter estimates. If, from previous experi- 
ments, it is known that the system exhibits centrosymmetric 
behavior, then unusually high residuals may indicate a pro- 
cess irregularity such as a die-lip problem or a flow problem. 

Estimation 
The periodicity of the sensor is readily handled by the 

Kalman filter (Bergh and MacGregor, 1987; Rawlings and 
Chien, 1996). Consider the periodic gauge model from Eq. 1, 
with past inputs included as augmented states (i.e., x k  = [2:  
uz-  ... u l -  in which 2 is the original state). 

xk+ = Ax, + Bu, + G, w, 

y ,  = c,x, + u,. (3) 

The augmented state has dimension Ti = n + dm. The state 
noise, w,, is a vector in a’. The measurement or sensor 
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noise, v,, is a vector in af’. Typically w, and uk are as- 
sumed to be mutually independent, zero-mean white-noise 
random variables with covariance. 

In addition, the initial state, x,,, is an independent normally 
distributed variable with covariance Q,. It can be shown that 
with these assumptions the discrete Kalman filter provides 
the optimal or minimum variance estimate of the state 
(Jaminski, 1970). Equation 5 provides the expression for the 
state estimate, 9. The indexing 9, , is read as follows, “the 
estimate of x at time k given the data up to time k.” 

The filter gain matrix, L,, can be computed efficiently in 
terms of the estimate error covariance matrix, P,, 
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Figure 4. Gain matrices calculated from the data set. 
Shuwn here are the gains calculated with no  symmetry enforced (upper left), centrosymmetry enforced (upper right). Toeplltz structure 
enforced (lower left), and Toeplitz symmetric structure enforced (lower right). 

in which Pk can be computed efficiently from the following 
Riccati iteration, 

pkT = AP, + GQ,G~ 
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Figure 5. Residuals for the various model types. 

Due to the periodic nature of the film and sheet problem 
induced by the measurement device, a finite number of 
Kalman filter gains and covariance matrices are computed. 
The covariance matrices can be used to analyze the potential 
gain of adding sensors. One such analysis is provided after 
the following discussion of disturbance models. 

Disturbance Models 
In order for the controller to remove steady-state offset in 

the face of modeling errors or nonzero disturbances, a num- 
ber of integrating disturbance models can be employed. A 
generic disturbance model is given in Eq. 8: 

This model employs an integrating disturbance z that can 
affect either the state or the output; 5 is a zero-mean white- 
noise random variable with covariance Q,. By considering z 
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to be part of the state, an augmented state vector can be 
used to put the system into the general form of Eq. 3. The 
filter gains for the augmented system can be calculated using 
Eqs. 6 and 7. 

Output disturbance model 
The output disturbance model is the most frequently used 

model in industrial applications (Qin and Badgwell, 1997). 
An output disturbance model corresponds to G,,, = 0, G!, = I 
in Eq. 8. In addition G, is often chosen such that there is one 
integrating state in each of the desired outputs. One popular 
choice of noise characteristics corresponds to a “noise-free” 
sensor and noisy disturbance state ke., It Q, I1 >z 11 R,, II, 
I1 Q, I1 1. Calculating the Kalman filter gains and then parti- 
tioning the calculating augmented system provides the follow- 
ing equations: 

For II Qf II >> II R ,  I l ,  II Q, I I ,  L = [O, I]‘, and Eq. 9 reduces 
to 

Equation 10 is the QDMC (Garcia and Morshedi, 1986) esti- 
mator, where at each sample time z is the difference be- 
tween the measurement and the model estimate. This value 
is predicted to be constant in the future for the control calcu- 
lations. 

Other choices of G, and G, provide other useful disturb- 
ance models. The input disturbance model with Gp = 0 and 
G, = B is a logical choice if disturbances come from up- 
stream sources, although for the highly correlated film 
process, the input disturbance model has undesirably slow 
disturbance rejection (Campbell, 1997). Another disturbance 
model relevant to gauge control is the measured input dis- 
turbance model. This model requires additional measure- 
ments, however, and is therefore presented next as a sepa- 
rate model. 

Measured input disturbance model 
The measured input disturbance model requires additional 

measurements that may not be available to the controller. 
The actual measurement required is a measurement of the 
input. These measurements can prove useful in the case of 
large time-delay systems, or systems subject to frequent actu- 
ator failures. 

The measured input disturbance model is shown below with 
z as the estimate of the input bias and y” E 63,: 

1718 
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As with the general disturbance model, the state can be 
augmented with i in order to calculate the filter gains. In 
this case, augmentation produces a D matrix that, similar to 
the B matrix, can be ignored during the calculation of the 
Kalman filter gains. 

Detectability of Disturbance Models 
In this section detectability conditions for the disturbance 

models presented in the previous section arc discussed. De- 
tectability of the combined process and disturbance models 
implies observability of the disturbance states. In other words, 
the data are informative enough to determine uniquely the 
values of the states and disturbances given the model. 

Theorem I (Detectability of the Disturbance Augmented Sys- 
tem). The periodic disturbance model presented in Eq. 8 is 
detectable if and only if ( A ,  C,) is detectable and 

is full column rank. a, C?, Gm, and 9, are defined as follows. 

O l  0 

... 0 0 

... GP 0 

Remark 1. Theorem 1 can be proved by constructing a 
lifted analog to the periodic system and utilizing the Hautus 
Detectability Lemma. Lifted systems, which are time-in- 
variant representations of periodic systems, are presented in 
the context of coating-, sheet-, and film-forming processes by 
Goodwin and coworkers (19941, Tyler and Morari (1995), and 
Feuer and Goodwin (1996). Lifted disturbance models corre- 
sponding to the disturbance models in Eqs. 8 and 11 can be 
found in Campbell (1997). Since the periodic system and the 
lifted system are equivalent systems, the Hautus condition 
applied to the lifted system provides a straightforward way to 
prove Theorem 1. The details of the proof and construction 
of the lifted systems are omitted for brevity. The complete 
proof is provided in Campbell (1997). 

Theorem 1 provides a starting point for the analysis Of sev- 
eral disturbance models. One immediate consequence of Eq. 
12 is that no disturbance model can have more disturbance 
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states than the number of outputs and retain detectability. In 
addition to the requirement that there are less disturbance 
states than outputs, care must be taken to ensure that the 
remaining disturbance states are distinguishable from the sys- 
tem's own integrators. 

Theorem 2 (Detectability of the Measured Disturbance Aug- 
mented System). The periodic disturbance model in Eq. 11 
is detectable if and only if ( A ,  C,) is detectable. 

Remark 2. Theorem 2 also can be proved by constructing 
a lifted analog to the periodic system and utilizing the Hau- 
tus Detectability Lemma. Because the model specifies one 
disturbance state for each input and each disturbance is added 
to only one input, no additional rank condition is necessary. 
See Campbell (1997) for the proof. 

Covariance analysis example 
The covariances of the estimates can be used to evaluate 

quantitatively the improvement gained by employing addi- 
tional sensors. Tyler and Morari (1995) provide a comparison 
of estimates from scanning and stationary sensors. In this 
work, the covariance of the original model state estimates is 
not important because the system is assumed to have instan- 
taneous dynamics. In other words, the predicted state does 
not depend on the current state, and thus a quality estimate 
of the current state is unnecessary. The use of a disturbance 
model, however, incorporates new disturbance states for 
which quality estimates are needed. 

In the following example a process with 60 lanes is ana- 
lyzed. A n  output disturbance model is used with three differ- 
ent Gp matrices to account for various levels of correlation 
between lanes. The covariance matrix provides a measure of 
the quality of the estimate. A hyperellipsoid of constant 
probability in the estimate space can be constructed using the 
covariance matrix. See Bard (1974) for details on the proba- 
bilistic interpretation of the covariance matrix. For this study, 
it is sufficient to consider the square root of the diagonal 
elements of the covariance matrix as a measure of the quality 
of the state estimate. Since there are 60 estimates at each 
sample time and several sample times in each scanning sen- 
sor period, an average of all estimates throughout the period 
is used to compare the simulation results. 

With each additional scanner that is added, the scanning 
pattern is altered. The pattern is chosen such that the scan- 
ners are a fixed distance apart at all times and each scanner 
measures a unique section of the sheet. For example, three 
scanners would start in lanes 1, 21, and 41 and travel to 20, 
40, and 60, respectively, before returning to their original po- 
sitions. This pattern avoids redundant measurements and 
minimizes the period of the scanners. 

Consider first the case in which Gp = I .  As the number of 
sensors increases, the average disturbance state covariance 
decreases. The result is shown in Figure 6. G, = I is a physi- 
cally unlikely disturbance model because it implies that dis- 
turbances that affect a given lane d o  not affect the neighbor- 
ing lanes. A more correlated model with a banded G,, matrix 
is used next. The band provides a tent-shaped disturbance 
that reaches four lanes on either side of a given lane. Finally, 
a banded Gp matrix affecting nine lanes on either side is used. 

Figure 6 shows the results of these simulations. Two con- 
clusions can be drawn from the results. First, the effect of 
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Figure 6. Average disturbance state covariance vs. 
number of scanners for various levels of cor- 
relation in the disturbance model. 

adding a sensor to a single-sensor system is much more signif- 
icant than adding a sensor to a system with several sensors. 
The second conclusion concerns the correlation of the dis- 
turbances. The more correlated the disturbances, the more 
benefit attained from adding sensors. 

Regulation 
The regulator proposed for this work is a constrained infi- 

nite-horizon regulator. The full infinite-horizon control prob- 
lem is solved by using an input parameterization. Several re- 
searchers have exploited the idea of this input parameteriza- 
tion (Sznaier and Damborg, 1987; Chmielewski and Man- 
ousiouthakis, 1996; Scokaert and Rawlings, 1996b; Scokaert 
and Rawlings, 1997). Since the A matrix is zero in the film- 
process model, the infinite-horizon control problem reduces 
to the regulator problem proposed by Muske and Rawlings 
(1993). The full infinite-horizon problem is shown in Eq. 15. 

Infinite Horizon Control: Constrained. 

subject to: 

Figure 7 illustrates the contributions to the objective func- 
tion. While an infinite number of inputs are considered, only 
a finite number are decision variables in the quadratic pro- 
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Figure 7. Infinite-horizon control with v, = - Kz, for 
k 2 N. 

gram (T = {LJ", u , ,  . . . , u N -  A finite QP is formulated by 
setting uk = - Kz,  for k 2 N ,  where K is the solution to the 
unconstrained linear quadratic regulator problem. The infi- 
nite sum in the objective function given in Eq. 15 can be eval- 
uated as follows: 

N - 1  

in which Q can be calculated from the standard Riccati equa- 
tion measuring optimal cost to go from state zN. 

Special consideration is given to the constraints on the infi- 
nite horizon since the optimization only ensures that the con- 
straints are satisfied over the first N time steps (Scokaert 
and Rawlings, 1996a). The quadratic program is solved and if 
there are constraint violations, then N is increased and the 
problem is resolved. There exists a finite N that enforces the 
constraints over the infinite horizon. See Scokaert and Rawl- 
ings (1996b) for further details of the implementation and 
Gilbert and Tan (1991) for further discussion of the general 
idea of output-admissible sets. 

For large-scale sheet- and film-forming processes, the con- 
trol problem approaches sizes that are prohibitive for real- 
time control. The quadratic program resulting from the con- 
trol problem presented in Eq. 15 has a special structure that 
can be exploited using structured interior point methods. See 
Rao et al. (1997a,b) for details on significantly increasing the 
speed of solution for the constrained infinite-horizon regula- 
tion problem. 

Target Tracking 
The previous section used zero targets for the regulation 

problem. It was assumed that a steady-state target was avail- 
able and then deviation variables were used to recast the 
problem in the form presented in Eq. 15. This section dis- 

cusses the determination of steady-state input and state tar- 
gets from set points uSp  and y, ,  and input and output con- 
straints. 

Since targets are not always needed for all outputs, an al- 
ternative measurement matrix (C) can be specified. Full row 
rank of C is required because redundant set points or void 
set points (zero rows) are unimportant cases. Additional sys- 
tem requirements include ( A ,  C) detectable and ( A ,  B )  sta- 
bilizable. Calculating targets for undetectable or unstabiliz- 
able systems is possible in certain circumstances, but makes 
little sense from a practical point of view. The steady-state 
targets are denoted x ,  and u,. The steady-state system equa- 
tions are given by 

x ,  = Ax, + Bu, 

y ,  = ex,. (17) 

Muske and Rawlings (1993) determine the targets by solv- 
ing up to two quadratic programs. The first quadratic pro- 
gram solves Eq. 17 exactly while setting y ,  = y , ,  and penaliz- 
ing any degrees of freedom in the input. Because this 
quadratic program frequently has an empty feasible set (e.g., 
there is no x ,  such that Cx, = ysp) ,  a second quadratic pro- 
gram is solved in which the least-squares solution from the 
output set point is calculated. As an alternative to the two- 
stage target-tracking problem a single exact soft-constraint 
problem is proposed here. 

Exact so@-constraint target determination 
It is desirable to solve only one target calculation that pro- 

vides the same solution that the multistep target calculation 
provides. One calculation can be done with exact soft con- 
straints. The main idea behind soft constraints is that con- 
straints are met when feasible. See Fletcher (1987) for more 
details on exact penalty methods on which soft constraints 
are based. For this study, it is sufficient to relax the equality 
constraint y,, = c x ,  by redefining the constraint in terms of a 
slack variable E :  

€ 2 - ( ysp  - c x ,  ) (19) 

€20. (20) 

In addition to penalizing a quadratic measure of E,  a linear 
penalty, ST€, is used, in which the weighting vector S has 
strictly nonnegative values. Appropriate choice of S ensures 
the exact-penalty property. De Oliveira and Biegler (1994) 
provide further discussion of exact penalties in predictive 
control. The target-tracking problem is presented in Eq. 21. 

Exact Soft Constraint Target Tracking. 

subject to: 
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It is of interest to guarantee that the solution to Eq. 21 is 
unique to ensure the steady-state target is well defined. The 
following theorem is due to Rao (personal communication, 
1997) and is proved in the Appendix. 

The 
feasible quadratic program in Eq. 21 has a unique solution 
for ( A .  C )  detectable. 

The feasiblc quadratic program in Eq. 21 with E = 0 solves 
Eq. 17 exactly: thus. the exact target-tracking solution is ob- 
tained. 

Theorem 3 (Exact Soft-Constraint Target Tracking). 
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Simulation: Measured Inputs 
The data set used to produce the gain matrix from the 3M 

data is lacking information regarding the third actuator. Sym- 
metry can he exploited to overcome these missing data dur- 
ing model identification, but the question remains as to how 
the controller performs when faced with actuator failure and 
actuator bias. In  this section we examine how actuator bias 
and actuator lailure can be handled. The comparison is be- 
tween the output disturbance model and a measured input 
model. 

The process has 12 measured lanes and 12 actuators. The 
model assumes fast actuator dynamics ( A  = 0) and a time de- 
lay equal to the number of. lanes. The centrosymmetric gain 
matrix from Figure 4 is used in the model. All inputs have 
upper and lower constraints of 1, - 1, respectively. 

I n  the first simulation, the actuator in lane six has a bias of 
0.5 (it consistcntly opens too far). The output disturbance 
model is used to compensate for the bias. The entire state of 
the film is shown in Figure 8. Recall that the sensor only 
“sees”one lane at a time. By the time the disturbance is seen 
by the sensor (chosen to be time = 141, the sensor is in lane 
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Figure 9. Disabled-actuator simulation using scanning 
sensor, optimal output disturbance filter, and 
model-predictive controller. 

10 and moving toward lane one. After the sensor passes 
through all lanes (past lane 10 again to lane 12 at time = 34) 
it can properly reconstruct the state. After 12 more time steps, 
the disturbance is adequately removed. 

Figure 9 displays how the output disturbance model han- 
dles the situation in which the sixth actuator is disabled and 
stuck at 0.5. The controller attempts to use the sixth actuator 
even though it does not respond. The estimates of the error 
converge to a periodic set of values that provide undesirable 
performance. Figure 10 shows the mean square error of the 
gauge profile vs. time. Often, a disturbance model designed 
for one type of disturbance can provide adequate perform- 
ance in the face of other types of disturbances. Clearly, that 
is not the case here, and a better model is required to solve 
this problem. Measurement of actuator position can solve this 
problem efficiently. 

The next simulation demonstrates the use of a measured 
input disturbance model. The actuator positions are provided 
to the estimator at each time step; Figure 11 shows the film’s 
response. The disturbance state in lane six takes only two 
time steps to wind up and correctly identify the bias. If the 
estimator were used with an unconstrained regulator, the 
regulator would continue to send larger input values to 
counter the bias, thus making the bias larger. The estimator 

2 ,  1 

Figure 8. Biased actuator simulation using scanning 
sensor, optimal output disturbance filter, and 
model-predictive controller. Figure 9. 

Figure 10. Mean square error of film thickness Corre- 
sponding to disabled-actuator simulation in 
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Figure 11. Disabled-actuator simulation using scanning 
sensor, optimal measured input disturbance 
filter, and model-predictive controller. 

used with the constrained regulator, however, winds up the 
bias estimate and adjusts the remaining actuators to flatten 
the film. Note also that this simulation is using many more 
data (12 input measurements and 12 output measurements) 
to determine the state of the system than the previous two 
simulations. As expected, this model also works well for the 
case of actuators with bias. 

Conclusions 
A linear model with fast dynamics, a large time delay, and 

a periodic measurement matrix was employed for sheet- and 
film-forming processes. The model parameters were identi- 
fied from process data, and process symmetry was used to 
improve parameter estimates. The symmetry allowed identifi- 
cation of gain-matrix parameters from an incomplete data set. 
Care must be taken not to  enforce symmetry in the model 
that is not present in the process. In this work, the cen- 
trosymmetric model provided slightly higher residuals than 
the Toeplitz structure model. More data are needed to deter- 
mine if this result is related to noisy data or if the gain matrix 
is best described by a Toeplitz structure. 

The periodic Kalman filter was employed a5 a method for 
determining optimal state estimates. The Kalman filter is 
useful because disturbance models are easily incorporated 
into the formulation. A disturbance model is used because 
integrating disturbance states used in conjunction with 
model-predictive controllers provide offset-free control. A 
general disturbance model was presented from which the 
output disturbance model was constructed. A measured input 
disturbance model was also presented. This model requires 
additional system measurements, but is able to handle actua- 
tor bias and actuator failure. Detectability conditions for both 
the general disturbance model and the measured input dis- 
turbance model were presented. 

Simulations show improvement of the estimates with in- 
creasing number of sensors. Although scanning sensors are 
expensive, a 30% reduction in the covariance of the estimates 
is achieved by adding a second sensor. Adding additional 
sensors provides less dramatic reductions in the estimates. 
The effect of adding sensors is greater for correlated models 
in which the disturbances are assumed to affect several 
neighboring lanes. 

An infinite-horizon regulator was used for control. Target 
determination was addressed with an exact soft-constraint 

formulation as a method of meeting set points when feasible. 
The steady-statc target solution was shown to be unique for 
detectable systems and positive definite penalty matrices 

An optimal output disturbance estimator was used in simu- 
lation with both actuator bias and actuator failure. This esti- 
mator rejected the actuator bias disturbance, but needed time 
to scan the entire film. The estimator was unable to provide 
adequate performance when an actuator failed. By measur- 
ing the inputs at each time step, a measured input distur- 
bance estimator was able to remove both types of actuator 
problems independent of the process time delay. This second 
estimator requires additional measurements. When actuator 
bias and failure is prevalent. however, the cost of installing 
these sensors may be justified by the improved performance. 
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Appendix 
Theorem 3 (Exact Soft-Constraint Turget Trucking). The 

feasible guadratic program in Eq. 21 has a unique solution 
for ( A ,  C) detectable. 

It is sufficient to have a strictly convex quadratic 
program (Fletcher, 1987). Strictly convex requires positive 
definite Hessian and affine constraints. 

Consider first the case where A has no eigenvalues at 1. 
Since ( I  - A )  is invertible, the equality constraint can be used 
to eliminate x, from the problem: 

Proof 

Since R is positive definite and the constraints are affine, the 
strictly convex quadratic problem has a unique global solu- 
tion. 

Consider now the case where A has at least one eigen- 
value at 1. The Hautus Detectability Lemma (Sontag. 1990) 
implies the following rank condition, rank (X  ) = N 

X = [ * , , A ]  

for all A €  C? with magnitude greater than or equal to 1. It is 
sufficient to consider only the Hautus matrix, X, with A = 1. 
Due to detectability, X has full column rank. It then follows 
that x, is uniquely determined from the following equation 

% = [  Bu , ] 
y,, i ( € - s 1 ’ 

(A3) 

where s is a positive slack for the inequality constraints. Par- 
titioning the columns of the pseudoinverse of X allows x, to 
be eliminated from the constraint equations. Since the re- 
maining constraints represent an affine relationship between 
u, and ( E  - s), it follows that Eq. 21 is strictly convex. Since 
the quadratic program is strictly convex for both situations, 
the solution is unique as claimed. 
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