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Closed-loop stochastic model predictive control in a receding horizon
implementation on a continuous polymerization reactor example
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Abstract— In this paper we evaluate closed-loop stochastic
model predictive control techniques on a nonlinear high
density polyethylene fluidized bed example. Closed-loop MPC
is a control strategy in which one optimizes feedforward
signals while maintaining back-off to inequality constraints
on the process variables. This back-off is kept minimal by
using so-called closed-loop model prediction in which control
plays a central role. The objective in this paper is to illustrate
these novel techniques on a realistic simulator of an industrial
size HDPE plant by enabling a grade change under persistent
disturbances in the feeds.

Keywords. Closed-loop MPC, stochastic disturbances, in-
equality constraints, polymerization, grade changes, nonlin-
ear process control.

I. INTRODUCTION

The importance of plant operation within constraints has in
the past twenty years led to the success of model predictive
control (MPC), [16]. However, MPC does not provide a
systematic way of dealing with (stochastic) disturbances.
In [11] it is proposed to decompose the problem into an
optimal Gaussian estimation and a deterministic predic-
tion problem, which are solved as separate optimization
problems in a receding horizon implementation. This view
has become a main line of MPC research which considers
stochastics in the past but not in the future. Three limitations
of such open-loop MPC are that 1) no back-off is kept
to the constraints, 2) there are no possibilities of shaping
the process sensitivity, a basic characteristics of feedback
design methods and 3) one falsely assumes the validity of
the certainty equivalence property in the case of inequality
constraints. In previous papers, [5, 6], we have formulated
and solved a novel closed-loop prediction problem that
tackles the first two inconsistencies related to the back-of
and sensitivity optimization. The key issue is the decom-
position of the predictive control problem in a feedforward
trajectory and a feedback controller optimization. The idea
is the following. Due to the back-off to the constraints, the
controller retains its linear behavior such that a meaningful
sensitivity function can be defined. In turn, this sensitivity
function is used to choose a controller that minimizes that
same back-off as in a bootstrap technique and consequently
using feedforward we can optimize plant transitions while
the inequality constraints are guaranteed not to be violated
in the closed-loop. In a recent contribution, [7], we have
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showed that for any optimal controller of the closed-loop
MPC problem (CLMPC), there exists an equivalent finite
horizon LQG controller (FHLQG) which has the same per-
formance. As it turns out, the optimal CLMPC strategy does
share the separation property (in contrast to the certainty
equivalence property), hence it can be decomposed in an
optimal estimator and an optimal inequality constrained
stochastic prediction problem. This has allowed us to de-
duce the receding horizon implementation for (CLMPC),
opening the way for application to continuous processes.
The purpose of this paper is to illustrate our control strategy
via an implementation on a nonlinear continuous High
Density Poly-Ethylene (HDPE) fluidized bed reactor having
approximately 50 states and 2000 algebraic equations. The
model is based on the dynamics presented in [2] and
[13]*. In several steps towards the implementation, detail
is skipped due to space limitations. These details will be
made available in [8].

Il. CLOSED-LOOP MODEL PREDICTIVE CONTROL
Consider the discrete time-varying stochastic system

Tr+1(8) A Gk By zk(€)
z(€) | =1 ¢ O Dj wi (§) @
Y& (§) Cv Fe O ug(§)
where ¢ is a generic element of some sample space €
connected to a Gaussian probability measure, w(€) is a
resulting white noise sequence with variance matrix W, and
with the property G Wi F/l' = 0 (process and measurement
noise are independent). Let us ‘lift’ this system, see also
[4], over a time horizon of n samples. In order to represent
this process slightly more compact, define the following
stochastic processes

Yr(§) z1(§)
: 2z (§) = : @)
Ziotn (§)
and so on, representing the part from each signal u, w,y, z
from sample & to sample k+n. The two stochastic processes
y and z are the measured and performance output processes

ye(§) = :
Yrk+n(§)

1The model was implemented and extended by R.L. Tousain, (Delft
University of Technology, The Netherlands), [18] and W. van Brempt,
(IPCOS, Belgium) within the IMPACT project. We greatly appreciate that
they have made their modelling efforts available to us.
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respectively (z contains any variable which either appears
in the objective function or in the constraints)

yk(&) = Gyrxk(f) + Gyuuk(g) + Gywwk(g)
21 (§) = Gk (§) + Gy (§) + G Wi ().

The resulting initial condition z (&) and the disturbance
wy (&) are uncorrelated (Gaussian) stochastic variables.
Note that we assume that there is no feedthrough from the
inputs to the measured outputs. Next to these equations, we
define the deterministic reference signals

Yi = Gty + Gyuuy + Gyuwy,
z, = Gx), + Goug, + Gy Wi

Consider the finite horizon observer, in its one step ahead
predictor form, which consists of time varying dynamics
[17], (take index relative to k)

Zo(§) I
il(ﬁ) ‘I)f,o R
: = . Zo() ©)
& () .0
o o 0o uo(§)
Bo 0 o u1(€)
+ : . :
.CI):L,IBO :@2,231 NG Un (€)
o o O yo(§)
No o 0 y1(§)
+ . . . .
.CI)Z,INO .(I):L,QNl O ynl(f)

where the transition matrix @} . for the observer system
mapping Z; to & is given for k > j by

(o= AL LAL - AS DS =T, Af = A, — NiCy,

where Nj, is the Kalman predictor gain. Suppose that the
observer, (3) is put in its error dynamics form, where
the state of the observer is the error between the state
and its estimate ex(§) := xx(§) — Zx(£). Note that in
some literature the notation #;_, is customary to denote
the estimate of the Kalman predictor Z;. This dynamical
system is given in recursive form by
ert1(§) = (Ar — NeCy)ex(§) + (G — NiFi)wy(€)
— —
A G¢

k

and put in its lifted form eo (&) = Geeeo(§) + Gewwo(€)
in terms of (®¢,GY)

eo(&) I

e1(§) To

: =1 . eo(&)

en(€) 7,0
0 0] o) wo(€)
G¢ 1) @) w1 (§)

+ . . . . .

OLLGs 5,65 o O ) \wa(e)

The corresponding innovation sequence, [9], is given by

v (&) == yr(§) — k(&) = Crer(§) + Frwi(€)

if we also put the innovations sequence in its lifted form

we obtain
VO(f) = Gveeo(g) + vaWO(f) (4)
and in terms of the matrices (®¢, G, Ck, F)
vo(§) Co
v1(§) Clq)‘f,o
: =1 . eo(§)
vn (€) Cn®7 0
Fy o 0 wo(€)
C1G8 0] R O w1 (f)
e : ) :
Co®l 1G5 Ca®inGE o Fu ) \wn(€)
)
Then, introduce a feedback of the form
ui(§) —u" = Li(2x(§) — &) + K(ve(§) —vi)  (6)

for some non-anticipating controller K € K where

K={> > EKYE]: KV cR"*"}

i=1 j=1

where E; = (O,...,0,1,0,...,0)T. This leads to con-
trollers of the form

K'Y O (0]

K21 K22 o)
Ko =

.[(nl .[(nZ .I(nn

It is immediate that

z21(€) = G¥ () + GE,uk(§) + GE,wi(€) @
= G5,8(8) + Ghen(§) + GEup(§) + GE,wi(€).

Thus many ingredients for a recursive implementation
are there, however, to guarantee optimality, the variance
matrices and the feedback law must also be computed
recursively. From equations (7) and (6) we know that z (£)
in closed-loop is some function of (&), er(§), wi(€).
Since 2 (€), ex(€) are independent of wy (&) it follows that
we only need to keep track of the joint variance matrix Vj
of #1(£) and ey (). Observe that the actual controls applied
at each instant are given by L} and K}' which are the first
n,, rows of the control law L; and K, respectively (assume
w.l.0.g. that the references trajectories are zero)

ug(§) = Ly () + Ky vg(€)
Using [10] as reference we can directly write

()= (g

n ( (Ni, + BL K1Y Fy,

(Ny, + BLKiH)Cy,
Ay — NuC

) wn©

) ()

Gr — NpFy,
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such that the joint variance matrix is recursively given by
(Nk + BrKi)Cx, vl * *
Ak — Nka k * K

o)

Since e (&) L &k (&) for any k, the joint variance matrix
V. is block-diagonal for each & by construction, therefore
the variance matrices can be constructed efficiently by the
following Riccati recursions for the estimation error

1
Vo= (A0 ot

n (Ny, + By K} Fy,
Gr — NiFy

Py = AR PEAL — Nk(ckpkecg + FkaFkT)NkT + GLWiGE

with boundary condition PY = P, and next, given the
recursion for the estimation error, one can obtain the
recursion for the state-estimate

Pty = (Ar + BeLi) P (A + B Ly)"
+ (Ni, + B ) (CLPECE + FoWR D) (Ny + BeKi')™
with boundary condition P¥ = O. L} and K}' are given

externally in every cycle by the solution of the control
problem, furthermore, the Kalman gain is given by

Ny, = Ak PCF (CLPECE 4 FWi FE) ™

The factored variance matrix of the initial condition and
disturbances are

P} = Exy,(&)zr(§)" = Pi + P{ = F,FY, Wi = F,F,.

Then with everything as above, the closed-loop MPC prob-
lem is defined as

(=)

min
27 €R"z, K€K

r/ WY Z(K)hj + hiz" < g;

where Z;, = E(zy (&) — z)(zx(€) — z5,)”. The constraints
above follow from a set of inequality constraints

(CLMPC) (8)

h;‘-Fzggj7 j=1,...,m.

which the process must obey. The term r/hT Zy(K)h;
appearing in (8) is added as back-off to these constraints
to avoid frequent violation. This problem is a convex
optimization problem that can be solved for the global
optimum, see for background [5, 6, 7], using a solver for
second-order cone problems, see [12].

I1l1. APPLICATION TO NONLINEAR SYSTEMS

The HDPE plant as described in this paper is a smooth
nonlinear regular set of differential algebraic equations
(DAE) of the form

'% = f(x’m7u’w)7

g('ra m,u, ’l,U) =Y .f(to) = To
9)
where m is a vector of algebraic variables. Let
(‘f(t% m(t)7 U, ﬁ)k),

be the solution to (9) over the interval [tx, tx+1), Where we
use a bar to denote the solutions to the nonlinear system.
The inputs are taken constant over the sample intervals. Let

YVt € [tk, tk+1)

u” w
" U Y
—— K G
L G ~
v
T
Fig. 1.  Closed-loop predictive control using innovations and state
feedback.

us sample these trajectories on the control sample time ¢,
and define the discrete time processes Z, = Z(tx), Jx =
y(tr), zr = Z(tx). As before we stack these signals (bold-
faced) and suppose we are in the [ iteration of solving
some dynamic optimization for which we seek an update
on the inputs and performance outputs (approximate)

I+1 I+1

gl =d'+u — ZTlxz 42" (10)
then we measure the sensitivity of the performance with
respect to these inputs perturbation using our linear time-
varying models, see also [15], where the time varying

dynamics are given by

—1
A =5L-2L(20) %,

of

and the output matrices are given by

ag\ o ag\ ' a
==, (g2) % ro--c, (L) %

. g\ "o . ag\ "' o
et =-c.(52) . pr=-c.(g2) P

The inverse of dg/0m exists by assumed regularity and
smoothness of the DAE system. The discrete time system
dynamics in (1) are then obtained by sampling these sys-
tem matrices and converting them to discrete time. The
approximation in sampling the matrices is usually quite
good due to the small changes in system dynamics over
the time increment ¢, while no approximation is made in
converting the sampled system to discrete time. There is a
strong connection to sampling of the sensitivity functions in
nonlinear dynamic optimization once the discrete time sys-
tems are lifted, where the receding horizon LTV approach
has the advantage that it is numerically very cheap while
maintaining the iterative approvement as in SQP type of
algorithms. In what follows we shall be concerned with
transition control purposes and as in [13], we will consider
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objectives of the form

T

ES Auk(€)” Rl (€) +/0 (2(t,€) — 2)TQU)(2(t,€) — ")t

which we will interpret in the sense of its sampled version

EY (2:(€) = 2)" Qu(21(6) — 2k) + Ak (€)" RiAun(é)
= (11)

by employing some standard numerical integration tech-
nique such as the trapezoidal rule.

1VV. CONSTRAINED FINITE HORIZON LQG CONTROL

The (CLMPC) is a computationally expensive optimization
problem for large scale problems with many constraints and
long prediction horizons due to the current status of many
second order cone programming solvers. These solvers
require the vectorization of the problem and due to the
large number of parameters in the controller K, the size
tends to blow-up, in particular the total number of Lagrange
multipliers in primal-dual interior point methods. A way
around this is to devise new algorithms exploiting the
ellipsoidal structure of the (CLMPC), preferably treating
the constraints recursively, which is for instance done for
the maximal ellipsoid problem as discussed in a recent
paper [3].

In light of the quadratic objective function (11) and
the fact that the optimal solution to (CLMPC) is a finite
horizon LQG controller, we will consider an approximate
but very efficient control problem formulation. The idea
is the following, in absence of any inequality constraints,
(11) can be split (for the variational system dynamics)
into a stochastic problem and a deterministic problem by
the certainty equivalence property of LQG control. This
motivates to split-up the (CLMPC) in a feedback and a
feedforward problem.

1) Subproblem CFHLQG: The first step is to solve the
minimal variance problem. Assume for ease of presentation

that the inputs « are included in z, then this problem is of
the structural form

min r FE(AMB+ C)TQ(AMB 4+ C)Fp (12)
We will be very explicit on A, M, B, C' in the next section.
Suppose one has solved this problem for the optimal M*,
then the optimal variance matrix Z* is also known, and the

back-off terms using the ellipsoidal relaxation are readily

computed as
vy = m/h?Z*hj

2) Subproblem CFHLQG?®: In the second step one
solves the optimal transition, in which the back-off (13),
to the constraints is used.

(13)

(Sz" — 5)TQ(Sz" — )
vi +hi(Z +2") < g,
2" = G X" + Guu” + Gupyw”

min
u”

for some properly chosen matrix S and vector s related
to the signals At',z!,z", the details are skipped due to
space limitations. Notice that contrary to open-loop MPC,
we can use two different tunings, one for reference tracking
and one for disturbance rejection.

V. THE CONTINUOUS HDPE PROCESS

The HDPE process is a continuous fluidized bed reactor
for gas phase polymerization using solid Ziegler-Natta
catalyst particles. The schematic process layout is given in
figure 2. Both the monomer Ethylene and the co-monomer
Buthylene feeds enter at the bottom of the reactor where the
gasses are blown with high velocity through the fluidized
bed. The reactor is highly exothermic and therefore heat is
removed by sending a relatively high recycle flow through
the external heat exchanger. The process has three main
basic control loops. The reactor temperature is controller
by the cool water flow to the heat exchanger, the pressure
in the reactor is controlled by the ethylene feed and the bed
level is controlled by the product flow. The objective will
@ Performance outputs

z1 density (p)
melt-index (mi)

JU R z2
23 cool water flow
Measured outputs
¢ N Ethylene gasfraction
Codling Butylene gasfraction

_gocs
| C-Bias

H —
L. Ethylene = A

@ Butylene

y dq
(@ Hydrogen da
H-Bias }

Water g Hydrogen gasfraction
Fluidized Inputs
produe U1 (24)  Buthylene feed

uz(zs)  Hydrogen feed
uz(z6) Catalyst feed
Disturbances

Hydrogen bias flow
Catalyst bias flow

Fig. 2. Process schematic gas-phase HDPE reactor

TABLE |
GRADE DEFINITIONS AND CONSTRAINTS
Grade A — B A
z1 [kg/m3] 942.9 937.9 -5
2o [ 1.1 3.1 +2
Constraints lo up
23 [10%kg/h] 2.5 5.2

be to make a grade change in the density z; = p and the
melt-index 2z, = In(mi) as defined in table 1. The specific
weighting function is not that important, but is has the
structure as in (11). The grade change must be done while
satisfying the constraints on the process variables, see table
I under two main persistent disturbances. The catalyst flow
has a bias C-BIAS=+-0.025kg/h and a bias in the hydrogen
flow H-BIAS=—0.050kg/h. These disturbances are chosen
for their counter effect on the grade change (density up,
meltindex down) see also figure 3. To model these distur-
bances we have added continuous time disturbance models
to our plant model of the form

di =0, di(to) =&, da=0, da(tg) =&

917



where &1, &, are normally distributed with zero mean and
standard deviations 0.1 and 0.025 respectively. The only
other disturbances are the measurement errors on the gas
composition in the gas cap which we have taken to be 5%
of their nominal stead-state value. This turns out to be quite
severe in the sense that it limits the speed of convergence
of the Kalman filter and reduces the controller gain. In
figure 3, we have plotted the optimal nominal reference
trajectories for the transition obtained by a receding horizon
implementation of the model predictive controller over an
horizon of 8 hours with the objective function (11) without
any disturbances. Also plotted are the actual trajectories if
the biases on the flows are added, which force the system
to deviate from the target grades considerably. In the lower
right plot we have also plotted the back-off a standard MPC
should take in open-loop prediction.

density (kg/m3)

Inmi (=)

3.5

2 4 6 8 10 12 14

cool water flow (1e4 kg/h)

5.5

10 12 14 : 2 6 8
Time (hrs)

10 12 14

4.5
2 4 6 8

Time (hrs)

Fig. 3. Open-loop performance trgectories. Real performance (solid),
reference performance (dash-dotted), target performance (dashed).

VI.

In [7], the receding horizon control law is deduced for the
predictive control problems at hand and they rely on the
state feedback properties of the solution of standard LQG
control. Since we have a penalty in the rate of change of the
inputs in (11), we must augment the discrete time system
with the previous input sample. The optimal feedback gain
is defined on this augmented system. Suppose one has a
linear discrete time dynamical system

Tr41(8) = Ak (§) + Brug(§) + Grwg(§)

define the extended state space system in which we keep
track of the process state x; (&) as well as the input one
step earlier u,_1 with the relative inputs Awuy as the new
inputs

w0 ()= (8 F1T %)

The optimal LQG solution will then be a state feedback of
this extended state ;" (£), or more precisely, the estimate of

PRACTICAL IMPLEMENTATION ISSUES

rk(§)
Cup-1(§)
Aug(§)

wy(§)

the extended state space Z; (£) including both the estimate
of the process state as Welfas the estimate of the input. An
observer for this system is obtained as

. A Bl Be N [E©)
$k+1(§):< 10) I I o) ) Aulgé(?

The input is given by the state feedback on the extended
system and the innovation sequence

Aug(§) = Liar(§) + Liuk(§) + K or(€) (14)

Applying this feedback to the stochastic system leads the
estimation Riccati recursion, while for the estimate one

finds
¢ [ Ax+BiLi Bip(I+L}) &
Py = ( LE I+ LY P,

+( Ni + Bo K1 *)T
Kll *

The above analysis shows that the feedback must be defined

on the extended state-space. The performance vector z is

then found by lifting this extended system using the already

available lifted system representation. To go from absolute

inputs to relative inputs we have the following relations

) (CLPECY + FuWi ) <

u(§) = Jug-1(§) + TAug(§) (15)
where
I O O O I
I I O ) I
| I I 0 =
I o T I

hence the performance output is represented in the change

in inputs
0= (4%) = (% %) (%)
n (Goz'“z ) er(€) + (G'}T) Aug(6) + (Ggw ) wi(§)

The feedback in lifted form is given by the feedback law

Auk(g) kak 1(6) + Kkvk(f) (16)
which is represented more conveniently in the notion of the
previous sections as o

Ly (&)
z{ (€) = (A"M;.B* + C*) | ex(€)
wy(§)

where the matrices A*, B¥ M, C* are given in terms of
the system dynamics by
O I O 0

Ak:<G»§IuT),Bk:
O 0 Gt Gk,

0] (0] 0] (0]
M, = (Ly L} Kg )
and using the result of the previous paragraph it follows
that in order to minimize the variance, we need the factor
of the variance matrix Fp FZ = diag(PE, Pg, Wy,) in (12).

I O O O

(17)
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VII. SIMULATION RESULTS

In figure (4) we have plotted the closed-loop results for
the performance outputs z1, 2o, 23. In each subplot, three
trajectories are plotted, namely the actual trajectories z(¢),
the reference trajectories z" and the target grades. For the
density and the melt-index In(mi) we see no difference
between the actual and the reference trajectories due to
the tight control; the system closely follows the desired
reference as it should. In the lower two subplots the cool
water flow has been plotted. Due to the bias on the catalyst
flow, the reactor temperature increases, however, due to the
control action it nicely converges to the reference trajectory
without violating the cool water constraint. In the lower
right plot, the back off has been visualized via the errorbars
as a measure for the variance, which reveals the envelope
of trajectories the controller was expecting.

density (kg/m3)

Inmi (=)

10 12 14 2 4 6 8 10 12 14

cool water flow (Le4 kg/h) cool water flow (1e4 kg/h)

2 4 6 8
Time (hrs)

10 12 14 2 4 6 8
Time (hrs)

10 12 14

Fig. 4. Closed-loop performance trajectories. Real performance (solid),
reference performance (dash-dotted), target performance (dashed).

VIIl. CONCLUSIONS

The recent theoretical advances in closed-loop model pre-
dictive control were successfully applied to a nonlinear
polymerization example of approximately 50 states. This
shows that these techniques are very promising as tools
in realistic process operation in which optimization and
control are integrated to a high level. The direct feedback
of closed-loop model predictive control, its ability to handle
inequality constraints under stochastic disturbances and the
ability to tune tracking performance and disturbance rejec-
tion separately are valuable aspects in chemical engineering
applications.

REFERENCES

[1] A. Bemporad. Reducing conservatism in predictive
control of constrained systems with disturbances. Proc.
IEEE CDC, 37:1384-1389, 1998.

[2] K.Y. Choi and W.H. Ray, The dynamic behaviour of
fluidized bed reactors for solid catalyzed gas phase
olefin polymerization Chemical Engineering Science,
40(12):2261-2279, 1985.

[3] F. Dabbene, P. Gay, B.T. Polyak, Recursive algorithms
for inner approximation of convex polytopes, Automat-
ica, 39:1773-1781, 2003.

[4] K. Furuta and M. Wongsaisuwan, Closed-form solu-
tions to discrete time LQ optimal control and distur-
bance attenuation, Syst. & Contr. Lett. 20(6):427-437,
1993.

[5] D.H. van Hessem, and O.H. Bosgra, Closed-loop
stochastic dynamic process optimization under input
and state constraints. Proc. ACC, 20:2023-2028, 2002.

[6] D.H. van Hessem, and O.H. Bosgra, A conic reformu-
lation of Model Predictive Control including bounded
and stochastic disturbances under state and input con-
straints. Proc. IEEE CDC, 41:4643-4648, 2002.

[7] D.H. van Hessem, and O.H. Bosgra, A full solution
to the closed-loop stochastic MPC problem via state
and innovations feedback and its receding horizon
implementation. Proc. IEEE CDC, 42:929-934, 2003.

[8] D.H. van Hessem, Stochastic inequality constrained
closed-loop model predictive control with application
to chemical process operation, PhD. Thesis (to appear
June 2004), Delft University of Technology, Delft.

[9] T. Kailath, An innovations approach to least-squares
estimation part I: linear filtering in additive white noise,
IEEE Trans. Autom. Contr., 13(6):646—655, 1968.

[10] H. Kwakernaak and R. Sivan, Linear optimal control
systems, Wiley-Intersience, USA, 1972.

[11] J.H Lee and N.L. Ricker. Extended Kalman filter
based nonlinear model predictive control. Ind. & Eng.
Chem. Res., 33(6):1530-1541, 1994,

[12] M.S. Lobo, L.Vanderberghe, S. Boyd and H. Lebret
Applications of second-order cone programming Linear
Algebra Appl., 193-228, 1998.

[13] K.B. McAuley, Modelling, estimation and control of
product properties in a gasphase polyethelene reactor,
PhD. Thesis, McMasters University, 1991.

[14] K.B. McAuley, Optimal grade transitions in a gas
phase polyethylene reactor, AIChE J., 38(10):1564—
1576,1992.

[15] V. Nevistic, MPC with linear time-varying prediction
models, Technical report, Automatic Control Labora-
tory, ETH Zurich, 1997.

[16] J.B. Rawlings. Tutorial Overview of Model Predictive
Control IEEE Control Systems Magazine, 20(3):38-43,
2000.

[17] 1.B. Rhodes, A Tutorial Introduction to Estimation
and Filtering IEEE Trans. Autom. Contr., 16(6):688-
706, 1971.

[18] R.L. Tousain and O.H. Bosgra, Efficient dynamic
optimization for nonlinear model predictive control
- Application to a high-density poly-ethylene grade
change problem, Proc. IEEE CDC, 39:760-766, 2000.

919



	MAIN MENU
	Front Matter
	Technical Program
	Author Index

	Search CD-ROM
	Search Results
	Print
	View Full Page
	Zoom In
	Zoom Out
	Go To Previous Document
	CD-ROM Help

	Header: Proceeding of the 2004 American Control Conference
Boston, Massachusetts June 30 - July 2, 2004
	Footer: 0-7803-8335-4/04/$17.00 ©2004 AACC
	Session: WeM08.6
	Page0: 914
	Page1: 915
	Page2: 916
	Page3: 917
	Page4: 918
	Page5: 919


