Proceeding of the 2004 American Control Conference
Boston, Massachusetts June 30 - July 2, 2004

ThM18.6

Adaptive Calibration of Surrogate
Measurements and Its Application to the Control
of Moisture Content in Paper Manufacturing

Zeyu Liu and Perry Y. Li

Abstract— Many industrial processes are in cascade
configuration in which the material being processed goes
through a sequence of processing units. In many cases, direct
in-process measurements of the relevant variable are not
available at all but at the last processing unit. Surrogate or
model based soft measurements in which the relevant in-
process variables are inferred from other measurements
would be useful in these situations. Models necessary for the
surrogate measurements however, are often not accurately
known. In this paper, we propose a control method in which
the surrogate measurement models are adaptively calibrated
and the surrogate measurements are used for in-process
feedback. The control law is developed in the context of
moisture content control for paper manufacturing via
successive vacuum dewatering. A Lyapunov based algorithm
is derived and proved. Simulation results show that the
proposed control strategy can regulate the exiting moisture
content of each box at the desired value.

Keywords: adaptive calibration, surrogate measurements, soft
sensors, paper manufacturing, cascade systems.

I. INTRODUCTION

any industrial processes are in cascade configuration
as shown in Figure 1, where the material being
processed goes through a series of processing units.
Typically, it is desired that at the end of the process, a
process relevant variable x, (where n denotes the last

processing unit) conforms to some desired target xn*. In
order to ensure that the process is well behaved, it is often
also necessary for each x, — x, at each of the i=1---,n
processing unit. In many cases, the variable we want to
control (x;) is difficult to measure directly during the
manufacturing process, although direct measurement of the
end product is available at the end of the process (i.e. x,, is
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measurable). If x;, the variable which is difficult to be
measured, but is related to another variable z; which can
be readily measured, then z; can be utilized as a surrogate
measurement or as a soft sensor to infer what the un-
measured variable x; is ([1], [3], [4] and [6]). The estimate

is then used for the pre-emptive feedforward or feedback
control. Unfortunately, to infer the unmeasured variable
requires the surrogate measurement models, which may not
be accurately known.
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Figure 1. Adaptive calibration scheme

When in-process measurement of x; is available (via

either direct or surrogate measurement), it can be used for
process control, and particularly in the compensation of the
effect of any upstream disturbances on the downstream
processing units. For example, state information from the
upstream box “i-/” can be used to control of box “i” in a
feed-forward pre-emptive manner. It can also use
information of box “i” itself in a feedback term to increase
the convergence rate [5].

When x; cannot be directly measured, it is estimated
using the surrogate mesaurement model %, = F(z,), where
x; is the estimate of x,. However, the surrogate

1
measurement model, which is usually derived empirically
from experimental data, may not be accurate and can vary
with operating condition. Control performance is directly
affected by estimation error by introducing an unknown
offset in the target [5]. The estimation error in “i-7 "th box
X, =X also affects the control error

e, =x, —x, of the downstream box “i” since its effect will

1
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be inadequately compensated for. Therefore, in this paper,
we develop an adaptive calibration algorithm in which the
direct measurement for the last box (which is assumed
available) is used to tune the surrogate measurement
models of the upstream boxes successively. The idea is that
the control error of the last box e, can be used to tune box

“n-1" to drive the estimation error to zero (X, ; = x, ;).

Similarly, the control error of “i+/”th box can be used to
drive the estimation error of “i”’th box to 0 for each of the
i=1 to n-1 boxes.

Although the algorithm can be generalized, we focus
on the control of moisture content using the vacuum
dewatering in paper manufacture. In paper manufacturing,
pulp slurry is dewatered through a series of gravity
dewatering, vacuum dewatering, mechanical pressing, and
thermal drying (Figure 2). Current closed-loop process
control strategy uses a moisture sensor at the end of the
process to control the dryer section. This topology has
several drawbacks such as product waste, long dead-time
resulting in stability issue and control performance
limitation, and energy inefficiency. To overcome these
drawbacks, we propose to more fully utilize the energy
efficient vacuum dewatering and to apply closed-loop
control to this section using in-process moisture feedback
[5]. Vacuum dewatering takes place at successively vacuum
dewatering boxes in which water is sucked out of the wet
sheet. However, moisture content cannot be measured
directly by the moisture sensor during the vacuum
dewatering process because the sheet is too wet to be
unsupported. The airflow passing through the wet sheet has
been proposed as a viable surrogate measurement for the
moisture content since airflow increases as moisture
decreases [5]. A preemptive control algorithm using the
surrogate measurement was proposed in [5] and an adaptive
version of the controller which does not require a precise
knowledge of dewatering coefficient was proposed in [2].
In both cases, however, the surrogate measurement model
is assumed to be accurate. In reality, the airflow / moisture
content relationships are obtained experimentally and can
vary. In this paper, an adaptive calibration algorithm that
uses a direct moisture sensor at the end of the vacuum
dewatering process is proposed to overcome this difficulty.
An added complexity of the problem is due to the transport
delay between the times when the sheet leaves one
dewatering box and enters the next.
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Figure 2. Water removal process in paper manufacturing
and current control strategy for the dryer section

The rest of the paper is organized as follows. Vacuum
dewatering model, surrogate measurement model, and a
generalized model are presented in section II. Preemptive
control design with adaptive calibration of the surrogate
measurement is presented in section III. Section IV presents
the simulation results and the discussion. Section VI
contains the summary and conclusions.

II. SYSTEM MODEL

A. Vacuum Dewatering Model of the Paper Manufacturing
Process

In [5], a one-segment vacuum dewatering model is
proposed,

%:—Q,(t)w, ) +v-c,  (t—7) (1)
e= 2O SO oo owy @
v 1-£0

where the state w;, (f) is the total moisture content of the

IIEEl

i”th box, output ¢, (¢) is the exit moisture content of the

KNB@© .
“i”’th box, Q,(f)=————— 1is a function of control
1=/
KB (1)
pressure input P, () with f;(t)=e v, 7, is the

transport time delay for the paper sheet exiting the “i-/ ’th

ITEED

box reaching the “i "th box, v is the wire speed, X, is the
transport coefficient which is assumed to be a constant, B is
the length of the slot of the dewatering box. The dewatering
model has three features, which add much complexity to
the problem: (1) the input P, (¢) is coupled with the state,
(2) the input appears in the output equation (relative degree
is zero), and (3) there is a time delay.

B. Surrogate Measurement Model

As described in section 1, airflow can be used as a
viable surrogate measurement for moisture content. Based
on the experiment data collected from a series of tests for
wet sheets, we found an approximately linear relation for
the moisture content, the airflow passing through sheet and
the small deviation of the vacuum pressure from the

nominal pressure, which is W, =.J(AP,q,)~ 0 ,. where
w.(t) is the estimation of the total moisture content,
7 A 1

Ql :[quAPl] and at: !

¢

S Q

, where g, is the airflow
passing through the sheet, AP, = P, — P," is the deviation of

the vacuum pressure applied on the sheet from the nominal
value, and a,, b,;, and ¢, are the unknown parameters that

need to be adaptively calibrated. We assume that dJ / dg; is

bounded and not equal to zero and d>J / alq,2 is bounded,
which is not a strict assumption.
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C. Generalized System Model
A more generalized system model can be derived as

d
S g )5, 40, () ®
Vi =8, u)h(x;) ®

where x,_;, and x; are the state at the “i-/”th box, and the

IIEEl

i”th box, respectively, y; is the output at the “i”fh box,
and u, is the control applied at the “i”fh box. The state
variable x; cannot be measured directly except for the last
box (x, is measurable), but it is related to another variable

z, which can be measured readily (x; = F(z;) = VAN

where Z! is the surrogate measurement and ¢, is the

parameter to be adaptive calibrated). In the next section, we
will design the preemptive control algorithm with adaptive
calibration based on the vacuum dewatering model. As a
matter of fact, the proposed adaptive calibration algorithm
can be applied to any plant (in cascade connection) with the
dynamics described by equations (3) and (4), where f'and &
are linear functions of y, ; and x; respectively, g, and g,

can be nonlinear functions of u,, and dg,/du;, #0,

dF/ dz, is bounded and not equal to zero and d*F/dz} is
bounded.

III. PREEMPTIVE CONTROL WITH ADAPTIVE CALIBRATION
OF THE SURROGATE MEASUREMENT

A. Control Problem Statement

The ultimate control objective is to maintain the exit
moisture content at the last dewatering box at target value.
We also need to pay attention to the control efforts in the
upstream boxes, since we want to remove the water
gradually without saturating control or causing catastrophic
result like sealing. So a desired moisture content profile is
designed along the length of the vacuum dewatering
process [5]. That is, for each vacuum dewatering box, a

desired total moisture content w,* and a desired exit
moisture content c,* are designed with a feasible nominal

operating pressure P,*. At the nominal point, the plant
model equation (1) satisfies

0= =-Q'w +vc, , 4)
. KiByR)
« K\P —
where Q =—2+_, f,* =e v, and
-

* Kz—l \/Pziil ﬁil *

* *
Cin =  (Wiel =&iqWiq-

v 1-fia

subject to variation in the moisture content of the slurry
entering the first dewatering box. The control objective is to

The process is

control the vacuum pressure P (f) so that [im ¢, (t) =c; .
t—o

for i>1. Since the incoming slurry is subject to disturbance,
the exit moisture content of the first box cannot be
controlled exactly at the desired value.

B. Preemptive Control with Adaptive Calibration
Defining the total moisture content error and the exit

. * *
moisture content error as e, =w, —w; and e, =c; —c¢

i
the open-loop error dynamics can be obtained by
subtracting equation (5) from equation (1).

by = —Q,(De,, (0 +(Q; — Q)W +ve,  (t—7)(6)
Since our objective is to control the output of box “i” at the
desired value, we need to express the output in state
equation using dynamic extension technique. Expressing
e_; as afunction of e, we get

e, =a,(Ow,(D)-aw, )
=a,(De,; () +(a,()-a )w,
Equation (7) can be transformed to

o — (@, ) —a ] ®)

er

a; ()
The derivative of
ey = a,(OW,(D) = a;w] = at, (e, (D) +(a,() - a; )w,
can be written as

. Ok .

ecz = cz,nut - cz,nut =c

i,out = dz (l)wz (l) + az (l)éwz (9)
Equation (9) can be rewritten as
. 1 . .
e =——e. —a, ({)w,(t
=y e GO 0]
Substituting equation (10) and (8) into (6), we get the open-
loop output error dynamics of box “i”

(10)

1 as
¢ = & (OW, (1) —Q(Dey — Oy w,
+a (W, +ay(t)ve, ; (1)

For the last box, the open-loop error dynamics for the
exit moisture content is

bon =0, (OW, (1) = Q, (De,, —Q, Oat,w, 1

11

+a, (t)QZwZ +a,ve,, 1 (t-7)
Designing the preemptive control law as
Qn(t)a;W: - an(t)szw: - kcnecn

- an(t)Vé\c,nfl (t - T) - 7n(t) - ‘9n(t)
{0a, /0P, )w, )}

where Oa, /0P, is always negative, w,(¢f) is the direct

B(1)= (13)

measurement at the last box, &, () =¢, () —c,, is the
“nel”

* * £ £ . .
Q,Oa,w, —a,®)Q,w, is to cancel the same term in

estimation of the control error of box

equation (12), % is the feedback term to increase the

cnecn
converging rate, and «,(t)ve, | (t—7) is the feedforward
“n-1"th box is not
7, () and
g, () are to be designed later to deal with the time delay

approximation, we get the closed-loop error dynamics as

term (since the moisture content in the
directly measured, the estimation is used),
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ecn = _(kcn + Qn (t))ecl’l - ]/}’l (t) - g}’l (t)
+a, (e, (t-1)0, ,(t-1)0, , (t-1)
where §n,1 n=6,, —én,l (t) is the parameter estimation
error of the box “n-1". The control pressure of the last box

is determined by a differential equation (Eq. (13)), because
the relative degree of the system model is zero (Eqs. (1) and

(14)

(3)). In Eq.(14), 5,;, 1(t—7) 1is the parameter estimation
error of box “n-1 delayed by time “7 ”. The time delay will

bring difficulty to the parameter adaptation design later, so
it is desirable to get rid of the time delay. To do this,

5,;,1 (t —7) can be written as [2],

O (t-1) =0, s (O+A, (1) (15)

is a first-order approximation

~ 1~
where 67 =—=_97
n—1,old ) n—-1

of 5,;1 (t—-7) with (A1=1/7), and AZ,I (t) is the error of
the approximation, which is determined by
Ao =0, (=) =0, g (1)

AT T (16)
= an 1,0ld (t)_an l(t_T)
From the first-order relation between Hn Loa and Gn 1, We
get
~ ~ 1 A
0 (=0 )+ 7 O, 1010 (1) (17

Substituting equations (15) and (17) into (14), and
designing

a0 = @, (tva, (1 - r)AZ,l (D0, 1t —1) (18a)
PO a SOV, (=70 1 (D0, 1(1~7)  (18D)

where Hn,lﬁold )= /1(9 NOE Hn Lota (1)) . we get
ecn = _(kcn + Qn(t))ecn (19)

+ 0, (Ve (1= 7)0, ()0, 1(t = 7)
For upstream boxes (n—1>i>2), equation (11) can be
rewritten as

b = -6,08]0, - a, (0870, + ()06,
+a; (O (1) + W, (1) = Q;(1)e,; +¢,)
-Q.(Da,w, +a;(HQw,
+a(ve, 1 (t-1)+c¢; 4 (1-1))

w, () =W, (t) is the estimation error of the

total moisture content, and ¢, (¢)=c,(r)—¢,; () is the

estimation error of the exit moisture content. For the
upstream box “i”, we use the same preemptive control
structure as that for the last box. However, since the
moisture contents of the upstream boxes cannot be
measured directly, we need to use the estimated moisture
content (inferred from surrogate measurement) in both
feedback and feedforward terms. Similar to the last box,

designing the preemptive control law as

(20)

where W, (¢) =

Q,(Oa;w; - a,(DQw, = 7,(1)
P,(t) _ - ‘91(0 cz e, — Q& (t)vec, l(t) (21)
{©0a, /0P )i}
where y,() = a,(Ove, (1 - DN (D0, (t - 7)
1 A
and (1) = —-a, (Ve (6= 100 (D01 (= 7).
we get the closed-loop error dynamics of box “i” as
écz = _dl(t)éTQI - az(t)ngQI + az(t)QzTéz
— (i + Q)2 + &, (W, (1) = (1), 22)

+ ;e (=181 (D0, 1 (1= 7)

For the first box, because the moisture content
disturbance in the incoming slurry is unknown, so we just
set the control pressure at the nominal value without
closed-loop control.

To design the parameter adaptation law,
Lyapunov function candidate as

n-1 ~
zl c,+z eTre+2a 0'd

select a

(23)

where I eszz is a positive definite matrix, which is

selected big enough to make J” positive. Taking derivative
of equation (23), we get

N n-1 -

~p A

€cnf cn+z €cCci 2491 anz
i=1

168,000, + .06,
2 s
=2 +aleClQ 9 al CIQ 91
Substltutmg (18) (22) and

¢, =¢, =00 +a, (N0 0, + a, (O 9
into (24), we get
V = _(kcn + Qn (t ))eczn

oo Ova (-8, (00, 1 -1))
n-1 n-1_ R
+z_(kcz _ZQTEQ
i=2 i=1
+n§éc, {o‘c, OW,(t) -, (’)E’N }
—1 (- 7)9 1 (t)Q 1 t-7)

i=2

n—1
+Z{ (a OO 0 +a. OO0 +a, ()0 0 )Q, }
=2

24)

+Q (1)) (25)

+a,(Hva,

Combining the terms in equation (25) with 5;,1 ®),
' 1) n-1>i>1) and 6 @).
adaptation law as

én 1_( n 17 % I(Z)Qn 1Qn 1T

ecnan(l)an 1(l T)VQn 1(l

+ecn 1an I(Z)Qn 1+an 1(Z)Qn 1Zn— 19

+ a, l(l)an 1(Z)Qn 1Zn— 19
- ec,nflanfl (Z)anl (Z)Qn—l

and designing the

(26)
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A

6= -a2wo0’ )

e i@ (D (1~ WO, (1~ T)
640,00, ~8,a,(DQ, 10,

+a, (0, (000! 6, + o (HOO]'6,

for n-2>i>2 27
6 =1," 00,y (t - TvO (t - 1)} (28)
the derivative of Lyapunov function becomes
n-1
V=l + Qe = 3k + 20085 39)

From the adaptation laws (equations (26) - (28)), we can
sec that for each box (except for the first one) the estimated
control error fedback from the downstream box and the
estimated control error from its own box are used to
calibrate the estimation of the moisture content on-line as
shown in Figure 3. We call it a smart dewatering box.

Smarn Vactum Dewatering Box

/ '
1
1
i

| Wagom _..’
dewatering box outgoing

moistue content

c_i-l,out

incoming
Moistne content

prEssICE
estimation from
Downstream box

P

Controller }Q—r{ Estirnator E:l

c_i-1,omt

c_i,ont

estimated  ,_ _ __ _ _____ ________________ cstimated outgoing
pLstnce conotent .
molstuce content

Figure 3. Scheme of the smart dewatering box

and € are

From Barbalat’s Lemma (Q, ¢, . ci
bounded), we get

lime,, =0, and limé,; =0, forn-1>i>2 (30)

t—>m

Since dJ/dq;is bounded and not equal to zero and

t—>m

alzJ/a?q,2 is bounded, we can get Q, e L, and él eL,.

Then from Barbalat’s Lemma, we have {jpyé,. =0, which

t—>m

means that [jy 49: =0. From the Mean Value Theorem, we
t—>m
know that [im (8,()- 6,(t - 7)) = 0. From equation (30) and
>
(19) and an extension of Barbalat’s Lemma, we can get
llm En—l =0 P then hm €en1 = 0

t—0 t—w

GD

Based on equations (30) and (31), repeatedly applying
extension of Barbalat’s Lemma to the closed-loop error
dynamics of the upstream boxes (equation (22)) until the
first box, we get |im ¢; =0, forn—2>i>1, then
t—0
limes =0, forn—-2>i>2
t—®
Finally, we check the signals to make sure that all of
them are bounded. The control objective is realized.
The property of the above control design is summarized
in the following theorem.

(32)

Theorem 1: For the system with the dynamics described by
equations (1) and (2), if the control law of each box is
determined by equations (13) and (21), and parameter
adaptation law of each box is determined by equations
(26), (27), and (28), then the closed-loop system is stable
and the control error of each box (except for the first box)

will converge fo zero. i.e., lim e, =0, forn>i>2
t—0

IV. SIMULATION RESULTS AND DISCUSSION

To test the effectiveness of the proposed preemptive
control algorithm with adaptive calibration, it is simulated
for a paper machine with four vacuum dewatering boxes.
The length of the slot B=0.05 m. The machine speed is 20
m/s. The transport coefficients for the four boxes are
K, =06, K,=048, K; =04, and K, =0.33. The
nominal incoming moisture content is c; =15kg/kg and
the desired the exit moisture contents for the four boxes are

¢ =13.5641kg /kg . ¢, =12.1837 kg / kg .
c; =10.9706 kg / kg . ¢, =9.7955kg/kg. The

nominal vacuum pressures for the four boxes are
P =4500Pa, P, =8000Pa, P; =11000Pa,
P} =15000 Pa . To simulate the moisture disturbance
which exists in the incoming slurry, a 10 HZ sinusoidal

and

and

disturbance with a magnitude of 1.5 kg/kg (10% of c;) is

added to the incoming moisture content.

The desired and actual exit moisture content with
adaptive calibration is shown in Figure 4, from which we
can sce that except for the first box the actual exit moisture
content is regulated exactly at the desired value. The exit
moisture content of the first box has 10% percent
fluctuation around the desired value. This is because of the
10% moisture content disturbance in the incoming slurry,
which is unknown and cannot be cancelled by the
feedforward control. Figure 5 shows the estimation error of
the exit moisture content of the second box. We can see that
the estimation error is driven to zero by the adaptive
calibration algorithm design. Notice that the estimated
parameters do not converge to the actual parameter value,
which is shown in Figure 6. It is typical of direct adaptive
control schemes which do not generally guarantee
parameter convergence. The estimation errors of the exit
moisture contents and parameters for the first and third
boxes are similar to the second box. So, they are not shown
here because of the space limitation.

To simulate the real case and to test the robustness of the
proposed controller to noises, noises are added to the
surrogate measurements. The performance of the controller
is shown in Figure 7. We can see that although the actual
exit moisture content has some oscillation around the
desired value, the deviation is within 0.2% of the desired
the value, so the controller still provides satisfactory
performance.
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3
2 1 V. SUMMARY AND CONCLUSIONS
) | In this paper, an algorithm to adaptively calibrate the
el surrogate measurement models, with application to a paper
2o moisture content control problem [5] is proposed. Using the
E, proposed method, each box uses the estimated control error
£ i fedback from the downstream box and the estimated control
g_z, , error from its own box to calibrate the estimation of the
5 moisture content on-line (drive the estimation to the actual
£ ] value). Simulation results show the effectiveness the
a L | proposed adaptive calibration algorithm. The proposed
method can be generalized to other control cascade
sl 1 processes.
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