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ABSTRACT: We propose an adaptive controller based on predictive control
and a simplified identification algorithm. The coniroller bas several
advantages for practical operation. It is robust, it obtains initial parameter
estimates easily, and it simplifies on-line computation. A simulation study of
basis weight control on a paper machine demonstrates its performance.
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The advanced control method

The paper machine is difficult to
control because it is too complex to be
described completely by a mathemat-
ical model, it is subject to unknown
disturbanees, and its operating char-
acteristics may change from time to
time. The control method we propose
combines two control methods, model
predictive control and adaptive con-
trol. Model predictive control can be
made insensitive to modelling errors.
Adaptive control automatically ad-
justs for changing process character-
istics and unknown disturbances. The
combined method retains the advan-
tages of each. We have also developed
a simplified version that requires
fewer calculations and could be imple-
mented in a less expensive control
system than the full version.

We tested the proposed method by
computer simulations, using a paper
machine model that was developed
from experimental data and used by
other researchers in adaptive control
experiments. Both the simplified and
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full versions performed well in sim-
ulation, with little difference in per-
formance. From the simulation re-
sults, we conclude that the simplified
adaptive model is an attractive can-
didate for paper machine control and
should be further studied experimen-
tally.

Introduction

Adaptive control has great poten-
tial for improved operation in the
process industries. Paper machine
control is a particularly good candi-
date for adaptive control, as shown by
some early examples of the use of
minimum-variance control () and the
self-tuning regulator (2). Other appli-
cations and simulation studies have
been reported (3-5). Here, we develop
an adaptive controller based on model
predictive control with a simplified
identification algorithm that reduces
the requirements for on-line comput-
ing speed and memory. The use of the
controller is demonstrated through
simulation of basis weight control of
a paper machine.

Model predictive control is the most
important development in process
control within the last decade. Deve-
loped independently in France as
“model predictive heuristic control”
(6) and in the United States as “dy-
namic matrix control” (7}, model pre-

dictive control has been used success-
fully where conventional control has
failed. The major advantage of model
predictive control is that the control
algorithm can be made robust, or
insensitive to modelling errors, in a
direct manner.

In theory, any adaptive controller is
robust. In practice, the adaptive
mechanism, which is usually the
identification of a process model, may
be switched off, and the control is then
operated nonadaptively. In practice,
therefore, it is important that the
control algorithm be robust under
nonadaptive conditions. An adaptive
controller based on model predictive
control retains the advantages of
insensitivity to modelling errors if the
adaptative mechanism is switched off.

A major portion of the on-line
computation of adaptive control
comes from the identifieation of a
process model. Although the cost of
computing has continued to decrease
over the last decade, the computation-
al requirements for adaptive control
may be greater than some control
computers can achieve in real time. A
simplified identification algorithm
can reduce the computation require-
ments and allow adaptive control to
be implemented on less expensive
computers.



t. Adaptive control structure

2. Model predictive control structure

Overview of the adaptive
controller

The adaptive controller can be conve-
niently divided into two parts: a model
identification algorithm and a contrel
algorithm (Fig. 1), By “control algo-
rithm,” we mean only the portion of
the overall control system indicated in
Fig. 1. We use the phrase “control
system” to indicate the overall control
system—both the control algorithm
and the identification aigorithm.

At each sampling time, we (a)
measure the output, (b) use the iden-
tification algorithm to obtain a new
model estimate, (¢} calculate new
parameters for the control algorithm
based on the new model estimate, and
(d) caleulate the control input. The
parameters of the control algorithm
are calculated under the assumption
that the current model estimate is the
true model. This separation of the
identification and control functions is
called the “certainty equivalence
principle” in stochastic control theory
and can be shown to be optimal under
certain conditions. Here, we use a
model predictive control algorithm
with a step response model. The
identification algorithm is a simpli-
fied least squares algorithm.

Process model

Model predictive control requires a
process model (Fig. 2) for predicting
future output values. Here, the pro-
cess to be controlled is assumed to be
described in the absence of any dis-
turbance by

v =E eyt - 03 butk-d-9) (1)

where

the controlled output

w
1}

the manipulated input

a constant delay.

i

The z-transform of the model is
A Yyl2)=Bl2" Yulz) 2)
where
AEFEI-az - - man 2™ (3)
Be'Fl-biz" -bet? - mboz ™ (4)

Division of Eq. 2 by 4 (") and
inversion of the resulting 2-transform
gives

vk =% e k-d-19) (5)

If the process is open-loop stable,
Eq. 5 may be truncated to yield

yh)=3 culh-d-i) ®)

Writing Eq. 6 for (k) and for y(k
- 1) and subtracting gives

w) =gl- 11+3 cAulk-d-9) (D)
where

sulk-d-iy=ulk-d-2)
—uk-1-d-1) (8)

Equation 7 is the model form to be
used in the development of the non-
adaptive control algorithm. A major
advantage of Eq. 7 over Eq. 1 is that
the coefficients ¢ are simply the
outputs y( & + 1) for a unit step input
at & = 0. Therefore, Eq. 7 is called a
“step response model.” A second
advantage is that Eq. 7 can be ob-
tained without requiring knowledge
of the system order, #. The disadvan-
tage of Eq. 7 in comparison with Eq.
1 is that the number of coefficients e
will be much larger than the number
of coefficients a; and bi.

Disturbance models

To this point we have assumed that
the process is not subject to disturban-
ces, which is generally unrealistic. If
we add a disturbance to Eq. 7, we
obtain

v =ylk- 1 +E enw
(k- d - )+ dik) - dike-1) )]

Several disturbance models are
commonly used for d(k). In one model,
which often models drifting process
conditions, d(k) is assumed to be
constant. In another model, d(k) is
assumed to be an independent random
variabie with zero mean, which often
models measurement noise. In anoth-
er model, it is assumed that

dil) =3 ew (k- 9 (10)

where v(k) is an independent random
variable with zero mean. This model
is generally more accurate than the
previous two, but it is more difficult
to use if the disturbance is unmea-
sured, which is eommonly the case, In
another common model, d(k) is the
sum of a constant term and a random
term. Other disturbance models can
be used, but these are the most eom-
mon. Here, we assume that d(k) is an
independent random variable with
zero mean. We have examined control
schemes and other disturbance mod-
els (8), but we have not reported on
these here because the results are
essentially the same for all distur-
bance models tested.

Control algorithm

The formulation of the control algo-
rithm is essentially taken from Tung
(9).

This formulation is the same as
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3. Disturbance efk)

a. Basis weight for Cases OL, ALT, and AS3

5. Accumulated loss for all closed-loop cases

Process Control.

dynamic matrix control (7). The
control is chosen as the solution of the
following optimization problem.

At each sampling time, choose the
sequence of inputsAu (k),Au (k+1), ..., |
Au (k + N - 1), which minimizes the
objective funetion:

J=(8- V'S - D +alTQaU (11)

where Y is the vector of predicted
outputs:

Y[k +1+d), yk+2+d),..

lk+ N+d) 2
S is the veetor of set points:
S=[sle+1+d), sk+2+d),...,
s+ N+d) {13)

AU is the vector of future control
inputs:

AU fAulk), Anlic+1), . . . au(fc+N-1)] (14)

and W and @ are diagonal nonnega-
tive weighting matrices:

(15)
(16)

W= diag{wn, ws, . . .
Q= diaglq:, ¢o, . . .

The predicted outputs are deter-
mined from recursive application of
Eq. 9. Since we assume d(k) to be an
independent random variable with
zero mean, the best estimate of d(k)
is zero. We can write the predicted
outputs in 2 convenient vector-matrix
notation as follows:

» Wl

) qN]

Y=GAU+E a7

where G is an N x N matrix with
elements
Gij= h I+i- for %SJ

Gij= 0 for ’i>j

{18A)
(18B)
and

1 92 June 1988 Tappi Journal

=T=[60 b . . . 8] (19

The #; are defined recursively by these
equations:

hi= 0 fori= 0 (20)
R~ ey (21)
b byt 6 (22)
The ¢& are defined recursively by
f=ylk+ d) (23)
€t &, coulkri-g  (@9)

Setting the derivative of Eq. 9 with
respect to Eq. 12 to zero yields the
control algorithm

AU=(G'WG + Qr\GT"W(S -E)  (25)

SinceAU is caleulated at each sam-
pling time, it is necessary to caleulate
explicitly only Au(k).

The matrix inversion in Eq. 25 can
be performed recursively as a result
of the special structure:

1/ /g3y ey Han (26)
Dv=Di - (mekgkﬂngﬂDk)/

{1 + weag e Digi) 27)

Dy= (G"WG + Q)? (28)

where ¢ is the i row of G.

Identification algorithm

Least squares identification (LSI) is
often used for several reasons. LSI
converges more quickly than gradient
methods. It dees not require a knowl-
edge of statistical properties as do
other more powerful identification
methods such as the maximum like-
lihood method. Perhaps most impor-
tantly, it is based on a simple idea,
which makes it acceptable to the

engineer who may not have rigorous
training in statistics. The standard
LSI algorithm in recursive form is:

elle)=ylle) -ylke - 1} -¥" ()@ (k- 1) (29}
k= Pl - 1y¥(k) [1 +¥" (k)
Pl - 10w ()7 (30)
Py [T -y (¥ (] Pk - 1) (31)
O(ky=0(k - 1) + (k) € (k) (82)
where
k= autk-1-d) au(k-2-d)....,
A (ke - m - d) (33)
O)= [ek)ealk), - . . eml(i)] (34)

The matrix inversion in Egq. 30
consumes most of the on-line eompu-
tational time. A simplification of the
standard algorithm (70) eliminates
the need for this matrix inversion. The
simplification is that P(k) is forced to
be a diagonal matrix. The basis for
this approximation is that most of the
information in the matrix P is con-
tained in the diagonal elements. If P
is forced to be diagonal, the matrix
inversion is replaced with scalar
division. We eall this algorithm “sim-
plified recursive identification” (SRI).

The SRI algorithm is:
elk)=y(k) -yl - 1) -¥" (k)8 (k- 1) (29)
v ()= s (e - L () /(1 +97 (k)
K - 1)% (k)] (35)
pilfey= (1 -vilkws (k)] pi(k-1) (36)
(k)=0(k - 1) +y(k)e(k) (32)

where

Y= {au(e-1-dyau(k-2-d)....)
dulk-m-d)] 33)

O'(k)=ler (k) ca k), ..., ca (B (34)



(87)
(38)

dilk)=au (k- i-d)
alk)= [1(k), d2 (k), . . ., I (K]

SRI is the same as LSI except that
the matrix caleulations of Eqs. 30 and
31 are replaced with the scaler caleu-
lations of Eqs. 35 and 36. This reduces
the on-line computational time.

Control system

The control system combines the
control and identification algorithms.
Ateach sampling time we (a) measure
the output, (b) estimate a new model
by either LSI (Egs. 29-34) or SRI
(Eqs. 29, 33-38), and (c) caleulate the
control input by the control algorithm
(Eqgs. 18-28). Computational time is
saved by caleulating the control input
directly, without explicitly obtaining
the parameters of the control
algorithm.

Plant model

For our simulation study of basis
weight control, we simulate the plant
with a model taken from Astrom and
Wittenmark (2). This model was
developed from experimental operat-
ing data (1) and is as follows:

y(z)= u(z) (2.30727° - 2.0852-%/(1-
1.28827+ 0.4952%) + e(2) (0.3821
- 1,438 +0.55022){(1- 1.283z!

+0.4952°8 (1 - 2] (39

where

basis weight
thick stock flow

= adisturbance.

(3
|

Although this is not the most recent
model, we chose it because it was
developed from experimental data
and was used in adaptive control
experiments.

The disturbance of the plant is
modelled as Eq. 10. Furthermore, the
disturbance model contains an inte-
grator so that the disturbance model
may be loosely viewed as consisting of
step inputs of random sign and mag-
nitude. In the process model used by
the control algorithm in the simula-
tions presented here, we have as-
sumed that the disturbance is an
independent random variable with
zero mean. Despite the difference
between the “true” distrubance (as

modelled by the plant model) and the
“assumed” disturbance (as modelled
by the process model used in the
control), the control algorithm per-
forms well.

Simulations

The simulation has two major goals.
The first is simply to determine
whether adaptive control based on
model predictive control is a candi-
date for paper machine control. The
second is to determine whether the use
of the more simple SRI algorithm
instead of the more accurate LSI
algorithm causes z significant loss in
control performance.

All quantities are reported as devi-
ation from steady state. The initial
conditions are

y=Aau=d=s5=0

At time k= 0, a random disturbance
elk) is introduced, where e(k) is sim-
ulated by pseudo-Gaussian distribut-
ed random numbers generated from
untformly distributed random num-
bers through the central limit theo-
rem. The random number generator
used is FORTRAN Uniform (0,1)
from Marse and Roberts {77). This
scheme has been tested by Riggs (12).
The disturbance e (k) is shown in Fig.
3. In each simulation, the weighting
matrices in equation 11 are chosen as
W= 201 and @ = I, where [ is the
identity matrix.

We compare the results with ae-
cumulated loss:

ﬁ sy (D) (40)

In the simulation, we compare the
adaptive control with open-loop oper-
ation (no control) and with nonadap-
tive model predictive eontrol using a
“perfect” model. We compare the
effect on the control of different initial
estimates for the model parameters.
We also compare control with LSI and
SRL

Case OL is open-loop operation. No
control action is taken.

Case NA is nonadaptive MPC with
a “perfect” model. The process model
used by the control algorithm to
predict future outputs is

ylk)= 0.934884u (f - 4) + 0.05748Au (% - 5)
- 0.38901 4% (k - 6) - 0.52756Au (k- 7) -
0.484294u (k - 8) - 0.36021An (k - 9) -
0.222428u {k - 10) - 0.10707Au (k - 11) -

0.27265Au (% - 12) (41}

This model is obtained from the
application of the procedure (Eqs. 2-
7) to the model given by Astrom (2).
This model is “perfect” in that it
mateches the true process (Eq. 39)
except that the disturbance terms are
omitted.

Cases A(L,S}(Eqgs. 1-3) is adaptive
control with either LSI (L) or SRI(S)
as the identification algorithm. We
consider three sets of initial parame-
ter estimates: (1) ei{0) = 0.015, all
others zero, (2} all initial estimates =
(0.015, and (3) all initial estimates are
given by the perfeet model (Eq. 39).
In other words,

e(O)= 0.93488,6{0)= 0.057487,

and so on.

Results

The results are summarized in Figs.
4 and 5. Figure 4 shows the response
of the basis weight for Cases OL, AL1,
and AS3. The open-loop response is
poorer than either closed-loop re-
sponse. The responses for AL] and
AB3 are representative of all the
closed-loop responses. (The others are
not included for readability.)

The difference in the closed-loop
responses are attributable to the
initial parameter estimates. Case AL1
shows a larger deviation from steady
state than does Case ASS. This reflects
the better initial parameter estimates
used in Case AS3. The differences
between Cases AL and ASI, between
Cases AL2 and AS2, and between
AL3 and ASS are not shown because
they are too small to be readable. This
illustrates that the control with the
more simple SRI performed as well
as control with the more accurate LSI.

Figure 5 shows the accumulated
losses for ali cases except Case OL.
Again, there is an advantage in using
better initial parameter estimates.
This advantage becomes relatively
constant as £ increases, showing that
the effect of the initial parameter
estimates appears only in the initial
stages of the control.

The control with SRI performs as
well as control with LSL. If there are
slight differences in performance,
these occur during the initial period,
After a few sampling times, the
performance is essentially the same.

For some times, the accumulated
loss for Case AS3 is less than the loss
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for Case NA. In other words, the
adaptive control with initial parame-
ter estimates from the “perfect” model
performs better than the nonadaptive
control with the “perfect” model, In
both the nonadaptive and adaptive
control, we assume the disturbance is
an independent random variable with
zerc mean, which is incorrect. The
adaptive control adjusts its model
parameter estimates away from the
“perfect” model in such a way that
future predictions of the output are
better and the resulting control is
better.

The best performance is achieved
with “perfect” initial parameter esti-
mates. “Perfect” estimates are unreal-
istic in practice, but good estimates
are hot an unreasonable assumption.
This is one advantage of the step
response model. The initial parameter
estimates can be obtained from a
simple, open-loop, step response. The
choice of a step response model rather
than an impulse response model gives
an advantage in that the signal-to-

noise ratio for the measurements will
generally be better for a step response.

Summary

We have developed an adaptive con-
troller based on model predictive
control with a simplified identifica-
tion algorithm. Simulation testing has
shown the controller to be a eandidate
for paper machine control.

In this proposed adaptive control,
the model predictive control algo-
rithm is robust. Consequently, if the
adaptive mechanism is switched off,
the advantages of model predictive
control are retzined.

The step response model allows
good initial parameter estimates to be
obtained from a simple experiment. It
also allows the matrix inversion
required in the control algorithm to
be performed efficiently through
recursive equations.

Finally, a simplified recursive
identifier eliminates the matrix inver-
sion from the identification algerithm
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