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Abstract: This paper presents a method to handle input constraints when a large scale
system is to be controlled by a model predictive control algorithm which uses a reduced
order model of the process under consideration. A paper machine is used throughout to
motivate and illustrate the method.

1. INTRODUCTION 2. RATIONALE FOR A REDUCED ORDER
CONTROLLER DESIGN. A MOTIVATING
EXAMPLE: PAPER MACHINE

Paper machines are equipped with large number of
CD actuators (slice lips on the headbox) and scan-
ners provide measurements of the property of interest
(e.g. thickness, basis weight) at many measurement
points across the paper sheet. In addition control in-
In control of large scale systems controller reduction puts can be tightly constrained due to the physical
is one method to handle the computational and im- limitations of the actuators. In this work the full order
plementational difficulties arising in a real-time en- system model used for CD control is given by (see
vironment. In their earlier work (Arkun and Kayi- (Rigopoulos, 1999)):
han, 1998; Rigopoulos, 1999) the authors have ad-
dressed the cross-directional (CD) control of paper yN(k) = g(q71)GsuN (k) + d(k) Q)
machines which are equipped with large number of
CD actuators. In order to reject disturbances certain

transformations are computed to map a given large be controlled at sampling timk ; g(q—!) accounts

scale mpu_t—output system to a lower dimensional su_b- for CD dynamicsGs is the steady state CD actuator
space which captures most of the process dynamics. .

v N N ;

Next reduced order controllers are designed in this gain matr.|x,u () € 0 s the vector of CD c_ontrol

. . . elements; andi(k) is the disturbance affecting the
lower dimensional space and the resulting controller . . .
. - ) .~ property of interest. Here dimensidt can be very
inputs are transformed back to the original dimension large (several hundreds)
and implemented on the real plant. Arkun and Kayi- 9 '
han (1998) has used reduced order unconstrained IMCThe idea of building a reduced order representation
as controller, whereas (Rigopoulos, 1999) has used aof the full system (1) originated from the reduced
reduced order constrained model predictive controller. order modeling of the disturbances using the method
The goal of this paper is to show how the original of Karhunen Loeve Expansion (KLE). KLE generates
constraints are preserved during the three steps ofa model with only a few degrees of freedodt(k))
model reduction, reduced order MPC design and final that capture the most significant disturbance patterns
implementation. (Rigopouloset al,, 1997)

whereyN(k) € ON is the measured output (sheet ) to



d(k) = ®“t-(k) + NN (k) )
where ® = {@1,...,@,...,@y} consists of the or-
thonormal basis vectors. They are in fact the eigenvec-
tors of the covariance matrix of the random process
d(k). They can be computed sinckk) is available
through (1) (we assume that control inputs and outputs
are measured). The vectiis computed by projecting
d onto the set of basis functions, i.e.
th(k) = (") Td(K) ®)
The subspace ordér directly identifies the amount
of sheet variance that is captured by using only the
L most significant modes. Here the interest is in the
design of a constrained feedback controller that is
capable of rejecting thede significant modes. The
reduced order subspace in which controller design
takes place has been derived in the following way
(Rigopoulos, 1999) Start with the original system (1)
and substitute for disturbance its KLE (1):

yN(K) = g(a ) Gsu™ (k)

+@H () + NN @)

Perform an orthogonal projection fromN to 0% by
multiplying both sides by®")T:

y- (k) =g@ ) (@")TGuN (k) +t" (k) (5)

Defining

ut(k) = (@4 "GsuM (k) (6)

the reduced order model for controller design becomes
yH(k) = g(aHut (k) +t- (k) (7

Once the optimal solution" (k) is computed for (7)
it needs to be projected to the full order system (1) so
that it can be implemented on the real planti.e

8

For an uncontrained minimum variance type con-
troller Rigopoulos (1999) has shown that the follow-
ing transformation is optimal:
A=G{e" (9)
whereG{ is a generalized inverse &s. Final feed-

back configuration is schematically shown in Figure
1.

In many applications disturbances may not be classi-
fied as stationary. In this case KLE and above trans-
formations can still be applied using the most recent
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Fig. 1. Feedback configuration.

The transformation of the full order system to a sys-
tem that has, potentially, much fewer variables (trans-
formed actuators) is done without explicitly consider-
ing the original actuator constraints. This is because,
there is no way of griori knowing which of the
original constraints would be active at the optimum, at
every iteration. Finding the active set would amount
to solving the full-order system. When the actuator
constraints are mapped onto the reduced order space,
the (transformed) feasible region may be empty. The
proposed reduced order design is able to recover from
this by splitting the problem in two steps:

e Step 1: The originalN dimesional input/output
system is transformed into avy-dimensional
system withL < My disturbance modes. The
subscript k', which denotes sampling time, is
included to explicitly show that the input/output
dimensions of the transformed system are time-
varying. The same transformation matrix that
was used in the unconstrained case is also used
here to map the actuator values of the reduced
order system to the original full order system.
Construct the mapping of constraints from the
full to the reduced order system. Check for fea-
sibility of that set, possibly by doing a phase-I
simplex. If the set is feasible, go to step 2. Oth-
erwise, increas®y by one, and redo this step.
Since the original full order system is considered
to be always feasible, there will be &m, <N
value for which the reduced order system will
also be feasible.

Step 2: Construct all other quantities necessary
to form the objective function of the QP for
the MPC, and solve the QRBsing the feasible
solution of step 1 as the initial value

Since this method reduced the dimensions of both
input and output spaces, the resulting system is (po-
tentially much) smaller in size than the original one,

hence the reduced memory requirements. It is also

disturbance data; thus, they become time-dependentaster, because although the number of constraints

and we use subscriftto denote the time dependence
of retained basis functionBF.

stays the same in the reduced order system, the num-
ber of decision variables (transformed actuators) has



(considerably) decreased, thus, it takes less time to
compute the active set, and thus the optimum solution.

2.1 Actuator Constraints and their Impact on the
Reduced Order Controller Design

There are three types of actuator constraints that are
usually encountered in the production of paper and
other sheet forming processes:

e Lower and upper bound constraints

Umin < UN(k) < Umax (10)

where usually, because of the problem geometry
and that the actuators are expressed in deviationgig. 2. Contour plot of the objective function arising

form, Umax = —Umin > 0, @ndumax = INUmax- from a controller with no dynamicg(q 1) = 1),
e Adjacent actuator constraints N=2 andL = 1.
. N , ,
Mmin < DU (k) < Mmax (11) On the other hand, because transformation matrix

A was constructed based on the unconstrained case,

where D € ON*N | and for the same reasons , ¢ ! :
some of the above inequalities may become infeasible.

as aboveMmax = —Mmin > 0, with Mpax =
INMmax. IN paper machines this constraint effec- Even in the case where no rate constraints are im-
tively penalizes the bending stress of the slice lip. posedthe closed loop performanabtained from ap-
* Rate constraints plication of the reduced order controller may be unac-
N ceptable. This arises again from the fact that the range
[AUT ()] < Aumax (12) 5 Ay forcesut(K) to lie in that region of N where
where,AuN(k) = uN(k) — uN(k—1). Again, it significant disturbances also lie. But in the presence
is common to haveAumax = INAUmnax. This of constraints this locus may be far from the full order
constraint is imposed in order to avoid drastic constrained minimum. Fig. 2 shows the problem for
changes in the magnitude of each actuatithin a simple example with no dynamicg £ 1), N = 2,
two consecutive time periodwhich can leadto L =1 and a quadratic objective function. The feasible
excessive wear and tear of the actuator hardware.region is the rectangle = {(x,y), -1 <x<1, —1<
y < 1}. The unconstrained minimum denoted o,
is located af3 — 1], and it is the same for the full and

wsyshc?]nsstem.e. for tge (_)pergtlnr? con?mons fOF for the reduced controller designs. In the presence of
which the system was %S|gne , there always existSe,nsiraints, however, the optimal full order minimum
a feasible solution vectar™ (k). The situation is dif- N« _ [1 — 1J7 with an objective function minimum of
ferent in the case of the reduced order constrained g . 'the other hand. the locus Al is the straight

controller design. In particular, the above set of in- i\ -+ passes through poiries 07 andul*. The
unc:

equalities in the transformed domain becomes constrained optimum arising from the reduced order
controller is atu) = [1 — 3|7 and is equal to -7.22,

It is assumed that the above set of inequalitiealis

Umin < AkUL(k) < Umax (13) which corresponds to a 20% drop in performance over

Mmin < DAUN(K) < Mmax (14) the full order case that may be deemed unacceptable.

—AumaX+Ak_1uL(k—1) < Aku"(k) A modification to the reduced order design will be
< Aumax_'_AkiluL(k_ 1) (15) described now that addresses any feasibility issues

and allows for improvement of the closed loop perfor-
Thus thenumber of constraints has stayed the same mance. The key idea is tdlow the actuator subspace
but thenumber of decision variables was reduced from order to be different from the disturbance subspace
N to L. This point is very important because, assum- order. Thus the reduced order system will hdvelis-
ing that the objective function is quadratic, the com- turbances, anty > L inputs and outputs. Following
putation time for solving a QP problem will depend an approach very similar to the one used for the deriva-
heavily on the number of variables, because the lattertion of Eq. (7) one gets:
sets the upper bound on the number of constraints that
may be active at the optimum. Finding the active set is yMk(k) = g(aHuMe(k) + Rgt (k) (16)
one of the most time consuming operations, especially
in the presence of tight constraints. This is why the whereRy = [ oLX(Mk_,_)]_

. . L
reduced order controller design with a low ratie= N With regard to the above system the following obser-
becomes so appealing. vations are in order



e Obtainingu" (k) from uMk* (k) presents the same Rk which depends oMy, the sizes of the vectors and
problems as before. Again, a linear relation is matrices of state equation (21) remain unaffected. As
postulated a consequence, varyimdy presents no problem to the

- state-space modelin k(Kk).

uN (k) = AuMk(k) a7) P 995"

State-space transfor mation of yuMk(k): Because

A NxM ;
whereAy € [ k. Eg. 16 can be written more yuMk(k) — g(qYuMk(K) is a decoupledsystem, its

explicitly as state-space equivalent description will be in terms of
yL(K) = ut (k) block-diagonamatrices:
[yMkL(k)} =9(q ) uMkL(k):| B
+[ : ]tL(w ag ke D= A+ BM(423)
O(My—LyxL Mic(k) = CMikx (™) (k) (24)

where the top block is completely separate from
the bottom and identical to thke-dimensional
system. Thus, one can apply the results of that
design directly to geAL = G{ ®L, whereAy =

AL AV, a(a ) u™ (k).

o A{*" is obtained by considering the con- Now, suppose that at iteratidh+ 1 the feasibility
strained minimization problem. In particular, the of constraints imposeMy,1 = My + 1 leading to a
inclusion of additional inputsiM«t(k) is done uMk .

SO0 as to increase the number of elements of set unew at time k +
Su c ON where ul (k) belongs. This increase 1. However, because of the block diagonal nature
is maximized by appropriately selectinfgil"k*L of all the state-space matrices involved, the states
to maximize the number of elements that be- appropriated to the modeling of the fitgy elements

where, for exampleA ™ = diagA™---Af; each

AM ¢ O™", with rank[A"] = i contains the nec-
essary states for the modeling of ea;zﬁik(k)

unit increase of inputsMk+1

long to the range ofA.. This is accomplished

by designingA\™ " to be orthogonal toAL =

Gd @k, which is guaranteed by settirg!" - =

G¢ @,k ", since®, " is orthogonal tob:.
Finally,

Ax=Gi o (19)

2.2 Implementation of Constrained Control through
State-Space Model Predictive Control

of vectoruMk+1(k+ 1) will not be influenced by the
new states that must be introduced for the additional
input. This observation is important because it shows
that when the state order increases fruvhy to nMy +
ndue to the introduction of additional inpuf®", only

the new statesMy + 1 tonM need to be initialized (to
zero), before the state equation can be used to compute

xf,nM“”) (k+ 2). The firstnM states evolve normally.

2.3 Computational Issues and Efficiency

In the present work state space MPC as detailed inConsider a paper machine with= 100 CD actuators

(Ricker, 1992) is used. Here we will present only the
important features which are unique to our problem

where the full order constrained controller is to be
applied withp (prediction horizon}= my, (move hori-

setting. The control algorithm is based on the reduced zon)= 4 and all three types of constraints are present.

order system given by Eq. 16:

(g™ HuMe(k) + REtH (k)
M (k) + yh (k)

yMk(K)

(20)

State-space transformation of y:\j"k(k): Assuming
that the disturbance subspatehas been selected,
yg"k(k) is converted to state-space (Rigopoulos, 1999)

Xd(k+ 1) = Ag(K)xq(K) + Tq(k+ 1)e(k+ 1) (21)
Ya (k) = RECa(kxa(K) (22)
where Ag(k), and the size of"'y(k) depend on the

AutoRegressive (AR) modeling 0¥ (k); andCqy(k) =
(®L)TCq(K). The order of the AR model selected

remains constant throughout the simulation. Thus, al-

though the size ode"(k) is determined by the size of

Then, an optimization problem with 400 variables and
2,400 constraints would have to be solvaidevery
sampling time Even when a reduced order controller
were to be implemented witd = 30, the task would
not be trivial. Therefore, special attention needs to be
put on the selection of the most suitable optimization
algorithm.

In selecting the most appropriate solver one must,
consider the problem that arises from a potential infea-
sibility due to the dimensionality reduction. The solver
should be able to identify this problem as quickly as
possible and compensate for it by gradually increasing
the actuator subspace orddi; in order to obtain a
feasible region. In this “internal” loop one only needs
to update matrixA and increase the size @U (k)
before re-checking for feasibility. Updating all other
guantities including the objective function should be
done only onceafter feasibility has been ensured.



Of course, should the user decide to redivbein an Table 1. Description of the sets of con-
attempt to speed up the computations, the same type of straints considered in the example.
feasibility test must be made prior to accepting a lower
Mg value. Evidently,_ only a primal act_ive_ set method set T — fight 015 01 0.005
works along those lines, because of its inherent need  ¢o1 5 _ moderaté 0.15 0.1 o
for thea-priori calculation of a feasible point. Accord- set 3 — light 0.25 o o
ing to this strategy, a phase | simplex is performed
repetitively increasing/l by one until an initial fea-
sible point (thus a feasible region) is obtained. Then,

Constraints Set| Unax= —Umin | Mmax= —Mmin | AUmax

The parameters of the AR model and basis functions
<I>k were also updated at every sampling time. Table

after all appropriate matrices are updated, a search forl gives the values of the various types of constraints
the optimum is initiated. This procedure may become used.

even more efficient by using an interior point (IP) For constraints sets 2 and N, remained constant
method to obtain the solution to the phase | simplex throughout the simulation, as no feasibility issues
problem, instead of using a standard Dantzig-type LP were encountered. Feasibility problems were encoun-
solver. tered, however, when rate constraints were imposed
(set 1), andM had to be increased in order to be able
to compute a solution vectarVk(k). Also, for each
simulation the time allocated to solving the QP was
recorded, as well as the closed loop .

Another point that can have significant impact on the
overall performance of the QP solver is “hot” starts.
In the presence of relatively tight input constraints,
the optimal solution vector does not vary significantly
from one sampling time to the next. Thus, in addition Fig. 4(a) illustrates the standard deviation of the CD
to ensuring that an initial feasible point is available, profile as a function of the actuator subspace order
one can further benefit from providing an initial point M, = 10, 30 and 150 for constraint set 3. The open
that is relatively close to the optimum. loop standard deviation is also included for compar-

ison. Clearly, the controller was able to reduce the

CD variability significantly even when only 10 trans-

3. EXAMPLES formed manipulated variabled' (k) were used. What
is more important, however, is the very little improve-

A paper machine wittN = 200 CD actuators and ment achieved by the five-fold increase to the sub-
measurements positions is considered, \giiy 1) = space order (from 30 to 150) that shows the efficiency

' and of the reduced order controller design.
1-0.2q-1°
Fig. 5(a) and (b) show the number of active constraints
Gs = Toeplitd2.0 0.8 — 1.0 — 0.8 — 0.6 at t.he optimum when the simulation was started with
initial subspace ordevl; = 10 andM1 = 30, respec-
—-040--- 0 tively. An increase in the number of active constraints

indicates an increase My because an infeasible con-
The full disturbancel(k) consists of 200 CD and 300 straint region was encountered. Notice that in almost
MD positions. The last 100 full MD s are illustrated all sampling times the number of active constraints is
in Fig. 3. For the modeling equations used to create equal to the number of degrees of freedom, illustrating
this the reader is referred to (Rigopouktsal,, 1997). how tight the constraints are.
Using the first 200 full data, KLE indicated that only
L = 3 modes were necessary to capture the signifi-
cant disturbance patterns. Also, an AR(2) model was
sufficient for the modeling of temporal vectdrs(k).

Finally the trade-off between closed loop performance
and computation time is illustrated in Fig. 6 by com-
paring the drop in the sum-of-square (SSE) erxss
the increase in computation time. For example, in the
case of tight constraints, increasiiy from 50 to
100 would result to a less than 1% performance im-
provement, while requiring 340% more computation
time! This clearly shows the significant computational
advantages associated with the implementation of the
reduced order controller design.

4. CONCLUSIONS

300
200 250 We have presented a method to handle input con-
150 400 straints when an MPC algorithm is derived based on a
D Posit 50 0 200 MD Position reduced order approximation of the process but imple-
osition

mented on the real process. A paper machine example

Fig. 3. Last section of the disturbance is used to demonstrate the method for CD control.
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Abstract: This paper presents a simulation-based strategy for designing a nonlinear
override control scheme to improve the performance of a local linear controller.
The higher-level nonlinear controller monitors the dynamic state of the system
under the local controller and sends an override control action whenever the
system is predicted to move outside an acceptable operating regime under the local
controller. For this purpose, a cost-to-go function is defined, an approximation of
which is constructed by using simulation or historic operation data. The cost-
to-go function delineates the “admissible” region of state space within which the
local controller is effective, thereby yielding a switching rule. The same cost-to-
go function can also be used to calculate override control actions designed to
bring the system state back into the admissible region as quickly as possible.
One potential problem of this approach is the lack of robustness when the
simulation data sparsely cover the state space and the data-based approximation
of the cost-to-go function is extrapolated to a region previously unseen. Hence,
successful application of the proposed method requires safeguarding against undue
extrapolations. For this reason, a kernel-based local approximation, instead of a
global approximator like a neural network, is used to interpolate the cost-to-go
values. It is shown that the kernel-based local regression provides convenient means
to implement a risk-sensitive control scheme which avoids excessive extrapolation.
The proposed scheme is demonstrated and discussed with nonlinear examples.

Keywords: Simulation-Based Approach, Nonlinear Predictive Control, Switching
Controller, Kernel-Based Approximator, Cost-to-Go Function

1. INTRODUCTION

Model predictive control (MPC) is being widely
used in the process industry because of its abil-
ity to control multivariable processes with hard
constraints. Most of the current commercial MPC
solutions are based on linear dynamic models,
which are easier in terms of identification and on-
line computation (Qin and Badgewell, 1997). On
the other hand, many chemical processes exhibit

1 to whom correspondence should be addressed:
jay.lee@che.gatech.edu

strong nonlinearities. This disparity has prompted
several studies on MPC formulations with nonlin-
ear system models (Lee, 1997). Since most Non-
linear MPC (NMPC) formulations require online
solution of a nonlinear program (NLP), issues
related to computational efficiency and stability of
a control algorithm have received much attention.

The initial focus was on formulating a computa-
tionally tractable NMPC method with guaranteed
stability. Mayne and Michalska (1990) showed
that stability can be guaranteed by introducing
a terminal state equality constraint at the end of



prediction horizon. In this case, the value function
for the NMPC can be shown to be a Lyapunov
function under some mild assumptions. Because
the equality constraint is difficult to handle nu-
merically, Michalska and Mayne (1993) extended
their work to suggest a dual-mode MPC scheme
with a local linear state feedback controller in-
side an elliptical invariant region. This effectively
relaxed the terminal equality constraint to an
inequality constraint for the NMPC calculation.
The dual-mode control scheme was designed to
switch between the NMPC and the linear feed-
back controller depending on the location of the
state. Chen and Allgéwer (1998) proposed a quasi-
infinite horizon NMPC, which solves a finite hori-
zon problem with a terminal cost and a terminal
state inequality constraint. The main difference
from the Michalska and Mayne’s method is that
a fictitious local linear state feedback controller is
used only to determine the terminal penalty ma-
trix and the terminal region off-line and switching
between controllers is not required.

These NMPC schemes have theoretical rigor but
have some practical drawbacks. First, these meth-
ods still require solving a multi-stage nonlinear
program at each sample time. Assurance of a glob-
ally optimal solution or even a feasible solution
is difficult to guarantee. Second, the optimization
problem for determining the invariant region for
a local linear controller and the corresponding
terminal weight are both conservative and com-
putationally demanding.

Motivated by the drawbacks and the industry’s
reluctance to adopt full-blown NMPC, we propose
an override (or supervisory) control strategy for
monitoring and improving the performance of a
local controller. Our method is similar to the dual-
mode MPC suggested by Michalska and Mayne
in that both switch between two different con-
trol policies depending on current location of the
state. However, we employ a cost-to-go function
based approach instead of NMPC. First a cost-to-
go function under the local controller is defined,
which serves to delineate the admissible region
within which the local controller can effectively
keep the system inside acceptable operating lim-
its. The same cost-to-go function is also shown
to facilitate the calculation of override control
actions that will bring the system outside the ad-
missible region back into the region as quickly as
possible. We propose to use simulation or historic
data to construct an approximation to the cost-
to-go function. With the cost-to-go function, an
override control action can be calculated by solv-
ing a single stage nonlinear optimization problem,
which is considerably simpler than the multi-stage
nonlinear program solved in the NMPC.

One potential problem of using the cost-to-go val-
ues approximated using simulation data is that it
is only accurate within regions where data existed.
Hence, in the on-line calculation, one has to safe-
guard against unreasonable extrapolation of the
cost-to-go function approximator. This leads to
a risk-sensitive control scheme, where the quality
of approximation gets reflected in the cost-to-go
value. In this paper, we propose to use a local
regression based on Gaussian kernel in order to
implement the risk-sensitive control, which avoids
unreasonable extrapolations.

2. SIMULATION-BASED CONSTRUCTION
OF AN OVERRIDE CONTROLLER

The proposed scheme uses either simulation or
actual plant data to identify the region of the state
space, in which the local controller can effectively
keep the system inside an acceptable operating
regime (defined by some inequalities in the state
space). We do this by assigning to each state a
‘cost-to-go’ value, which is defined as

JH(x0) =) a'(x:) (1)
i=0

where J#(xzg) is the cost-to-go for state xg under
the local control policy u = u(z), 0 < a < 1 is
a discount factor, and ¢(x;) is a stage-wise cost
that takes the value of 0 if the state at time 4
is inside the acceptable operating limit and 1 if
outside when xg is the state at time 0. This way,
if a particular state xy under the control policy
evolves into a state outside the limit in some near
future under the policy u, the cost-to-go value will
reflect it. On the other hand, those states that are
not a precursor of future violation of the operating
limit will have a negligible cost-to-go value. The
latter states comprise the “admissible” region.

The cost-to-go function is approximated by first
simulating the closed-loop behavior of the non-
linear model under the local linear controller for
various possible operating conditions and distur-
bances. This generates x vs. J#(x) data for all
the visited states during the simulation. Then the
generated data can be interpolated to give an
estimate of J#(z), J*(z), for any given z in the
state space.

In the real-time application, whenever the process
reaches a state with a significant cost-to-go value,
it is considered to be a warning sign that the local
controller’s action will not be adequate. When this
happens, an override control action is calculated
and implemented to bring the process back to
the “admissible” region where the cost-to-go is
insignificant. One can calculate such an action by
implementing the override policy of



if T (@1 (2, w(e))) > ;

Uy = arg (mi/n j“(mt+1(xt7u;))> (2)
where 7 is a user-given threshold value for
triggering the override control scheme. If no
u; can be found such that JH(zsy1(we,up)) <
JH(xeq1(ze, p(xe))), then up, = p(xy) is used for
the current sample time.

3. A KERNEL-BASED APPROXIMATOR OF
COST-TO-GO FUNCTION

In this paper, we propose to use a local regression
instead of the usual choice of a feedforward neu-
ral network to approximate the cost-to-go values.
Empirical studies show that general approxima-
tors (e.g. neural network) are not good choices
for the approximation of cost-to-go function due
to the high nonlinearity and discontinuity of the
cost-to-go function in general (Boyan and Moore,
1995). In addition, Gordon (1995) showed that the
local averager with non-expansive property (e.g.
kernel-based approximation) is compatible with
dynamic programming operator and effective for
representing local characteristics of state spaces.

Another reason for adopting the local regression
approach is our concern for grossly incorrect cost-
to-go estimates that can arise from extrapolating
to a region not accounted for in the simulation
step. In implementing a risk-averse ‘cost-to-go’
based controller, Kaisare et al. (2002) used a
feedforward neural network but gridded the state
space in order to separate regions visited by sim-
ulation from those not. For those cells with little
or no data, a high cost-to-go value was assigned
to prevent the controller from driving the state
trajectory into these uncertain regions. However,
this is difficult to implement for cases with high-
dimension state spaces.

For a convenient implementation of the risk-
averse or rist-sensitive scheme, we propose to use
a variation of Gaussian-kernel-based approxima-
tors. This structure decides whether a reliable
estimate can be given to a query point based on
the available data. For a “reliable” query point
it gives local weights calculated from a Gaussian
kernel to give more influence over the regression
to those training points closer to the query point
than those farther away. The suggested structure
of kernel-base prediction is

P _ Zf\il K\ (o, 2:)yi

Tg) = 3
T =55 e o) ¥

where

o — T; 2
K\ (z0, ;) = exp <—”O/\2”2> (4)

The number of neighbor points N is the number
of data points inside a hypersphere, the radius
of which is a user-given value r. In addition to
r, there are other parameters that user should
provide. These are the Gaussian kernel width
A, minimum number of data points inside the
hypersphere k;,;n, and the high cost-to-go value
J, to be assigned to an “unreliable” query point.
Table 1 describes how the estimate of cost-to-go
value for a query point is calculated.

Table 1. “Risk-averse” prediction using
Gaussian-kernel-based approximator

Prediction Algorithm

1. Is the query point zg in the memory?
a. Yes: Use the value in the memory.
b. No: Go to step 2.
2. Enumerate the data points inside r around the xzg.
Is the number of data points greater than ky,in?
a. Yes: Average with the kernel.
a. No: J(zo) cannot be estimated. Assign Jp, to zg.

4. ILLUSTRATIVE EXAMPLES
4.1 Simple Nonlinear Example

4.1.1. Problem Description ~ We consider a sys-
tem with two states, one output, and one manip-
ulated input described by

o1 (k+ 1) =22(k) — z2(k) + u(k)
zo(k+ 1) =0.8exp{z1(k)} — z2(k)u(k)
y(k) =1(k) ()

with an equilibrium point of z., = (—0.3898, 0.5418),

Ueqg = 0.

We also define the acceptable operating regime by

W(z) = {(xl — T1eq) + V3(zy — x%q)}2 N

{ (22 = #2¢g) = V31 = T1cy) }2 _4<0(6)

0.3

A linear MPC controller was designed based on
a linearized model around the equilibrium point.
The control objective is to regulate y to yeq. The
linear MPC is used as the local controller with the
following design.

p m—1
. 92 . —2
min ;:1 57°(k +1) + I_EO Au*(k+1) (7)
with p =2 and m = 1.
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Fig. 1. State trajectories under local MPC and
dual-mode controller, zyp = [—0.0898 1.1418]

The closed-loop behavior under the local con-
troller starting at zop = =z + [0.3 0.6] =
[—0.0898 1.1418] is shown as dotted lines in Fig.
1. Though the initial point is inside the operating
limit, the system under the local linear controller
violates the limit several times until the system is
regulated to the equilibrium point.

4.1.2. Simulation-Based Design  To design the
proposed override controller, closed-loop simula-
tions under the local controller were performed
using 347 initial points inside the operating limit.
The simulations generated 17006 data points and
cost-to-go values for each state in the trajectory
were calculated using Equation (1) with a value
of a =1 and

1A Wy, w9,) <0
¢(x1) = { 0 if W(l‘ixzb >0 )

Next step is to design a Gaussian-kernel approx-
imator. Considering the coverage of state space,
following parameters were chosen: r = 0.05,
kmin = 3, A =0.03, J, = 30.

The actual value of cost-to-go is zero for the states
inside the admissible region of a linear controller
and outside the region the cost-to-go will be
over unity. This makes the structure of cost-to-
go function very stiff. However, the approximator
will smoothen out the stiff structure a bit by
averaging. Therefore small tolerance value (n =
0.02) was chosen to illustrate a possible shape of
the admissible region under the local controller,
which is illustrated in Fig. 2.

4.1.8. Real-Time Application To compare on-
line performances of the local controller alone and
the dual mode controller (i.e., the local controller
combined with the proposed override controller),
eight initial points different from the training set
were sampled. We also compare the proposed
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Fig. 2. Regions under local controller with J(z) <
0.02

dual-mode controller with the successive lineariza-
tion based MPC (SLMPC) scheme suggested by
Lee and Ricker (1994). Finally, we also simulated
the LMPC and the SLMPC with the state con-
straints of —0.95 < 7 < 0.2 and —0.35 < 2o <
0.45 (denoted by scLMPC and scSLMPC). The
prediction and control horizons of SLMPC are the
same as those of the LMPC.

The solid lines in Fig. 1 is the state trajectory
with the same initial point under the dual-mode
controller. For the first three points, the over-
ride control actions were used instead of those of
LMPC’s. The proposed scheme successfully steers
the state back to the region with lower cost-to-go
values. Table. 2 shows the sum of stage-wise cost
(the total number of violation of operating limit)
and the suggested control design outperforms for
all the test points. We can also see that imposing
state constraints did not work here as many infea-
sible solutions were returned, eventually causing
divergence.

Table 2. Comparison of performances
(total # of limit violations)

Test pt | LMPC | SLMPC | scLMPC | scSLMPC | Override
1 div. 5 div. div. 0
2 3 3 div. div. 0
3 2 0 0 div. 0
4 2 0 0 div. 0
5 0 0 div. div. 0
6 0 0 0 div. 0
7 7 15 1 div. 0
8 div. div. div. div. 0

4.2 Bioreactor Example

In this section, we consider a bioreactor example
with two states: biomass and substrate (Bequette,
1998). With a substrate inhibition for growth
rate expression of biomass, the system shows
multiple steady states. To operate at the unstable



equilibrium, closed-loop control must be used.
The system equation is:

d.’l?l
—=(u—-D
dt ( )21
dxo HTy
—_— = — _— 1
g = Dlwey —x2) — < (10)
w= Hmaz T2
ko + @2 + k123

where x is biomass concentration and x5 is sub-
strate concentration. Table 3 shows the parame-
ters for the model at the unstable steady state.

Table 3. Model parameters: bioreactor

example
Lmaz 0.53 hr—1 Em 0.12 g/l
k1 0.4545 1/g Y(yield) 0.4
Dg, xzaps  0.3hr™1, 4.0 g/l | x4 [0.9951 1.5123]

4.2.1. Local Linear Controller A linear MPC
was designed based on a linearized model around
the unstable equilibrium point with sample time
of 0.1h. The control objective is to regulate x to
x5 at the equilibrium values and the manipulated
variables are the substrate concentration in the
feed xoy and the dilution rate D. The LMPC
controller parameters we used are @Q = 1001, R =
10I,p = 10, and m = 5, where [ is a 2 by 2
identity matrix, @ is a state weighting matrix, and
R is an input weighting matrix.

We also define an acceptable operating region as

W(z) = {0'52@1 — T10q) : 0.85(xs — T20) }2

2
n { —085(.%'1 — xleq) + 052(372 - $26q) } (11)

0.5
-1<0

which is shown in Fig.3. The input constraints for
MPC is

0<D<05 |AD| <02 (12)
O§$2f§8 |A1’2f|§2

The closed-loop behavior under the LMPC for
different initial points are shown in Fig. 3. As
in the previous example, the LMPC cannot drive
the state back into the equilibrium point without
violating the operating limit.

4.2.2. Simulation-Based Dual Mode Controller
With the same definition of one-stage cost as
in Equation (9), a cost-to-go-based override con-
troller was designed. For the simulation, 109 ini-
tial points were sampled inside the operating limit
and closed-loop simulations under the LMPC

35

equilibrium
point

25

acceptable
operating
region

05 :

Fig. 3. State trajectories under local MPC

Xy = Xy * [L3L16]

operating limit

\

equilibrium pt.

- initial point
x

15

05 il

Fig. 4. State trajectory under dual-mode con-
troller

yielded 21909 points. Parameters for a kernel-
based approximator were chosen as: r = 0.1,
kmin = 5, A =0.05, J, = 50, n = 0.02.

As in the previous example, the dual mode con-
troller successfully navigated the state to the
equilibrium point without violating the operating
limit by searching for the path with lowest cost-
to-go values. One of the sample trajectories tested
is shown in Fig. 4.

5. EVOLUTIONARY IMPROVEMENT OF
COST-TO-GO

Because the approximator employed in the cal-
culation of override control action is based on
the cost-to-go value of the local linear controller,
it is not the optimal cost-to-go. The resulting
override controller from the suboptimal cost-to-go
approximation is also suboptimal. Hence, further
improvement of the override control policy to steer
the system back into the admissible region of the
linear controller is possible by iteratively solving
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Fig. 5. State trajectory with the dual-mode con-
troller using improved cost-to-go

the following optimality equation (as in walue-
iteration) until J converges.

ji+1(x) _ muin (bl(l‘) + ji+1(f(:r, U))} (13)

where f is a state transition equation and 1
denotes iteration index.

For this purpose, the one-stage cost is re-defined
differently as

iy J1 Ji(z)>n
dw={g FOZT

With this change, the aim of the optimal control
is to bring the system state back into the “admis-
sible” region as quickly as possible.

The value iteration was performed for the first
illustrative example and the iteration converged
after 5 steps with the following convergence crite-
rion.

| JiH () — j’(x)Hoo <0.1 (15)
Fig. 5 shows one of the state trajectory with the
initial point of zg = x¢q + [0.3 0.75] when the
improved cost-to-go function is used in the over-
ride control calculation. As shown in the figure,
the improved override controller bring the state
back into the admissible region more efficiently

than that based on the cost-to-go approximation
under the LMPC.

6. CONCLUSION

A simulation-based override control scheme was
shown to improve the performance and stability
of a given local controller. The ease of design and
implementation makes it a potentially appealing
addition to an existing controller in industrial
applications. The suggested framework can give

operators indications on the future performance
of the local controller and also suggest override
control actions, if needed. More realistic situations
such as the case with plant/model mismatch will
be studied next.
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Abstract: A novel control concept for multicomponent distillation columns is pre-
sented. The concept is based on nonlinear wave-propagation phenomena that occur
in counter-current separation processes. On this basis a reduced order model has
been developed in previous work that not only considers profile positions but also
the profile shape itself. The reduced model gives direct access to key parameters
of the plant, such as the separation front positions. Furthermore, it allows real-
time computations for multicomponent distillation columns. Such a model is used
for both, the nonlinear model predictive control (NMPC) and the observer design.
The observer uses temperature measurements and gives estimated temperature and
concentration profile positions as well as compositions in the product streams. The
robustness of the observer is shown intuitively and in simulation studies. The control of
multicomponent distillation is formulated within the NMPC framework by penalising
the deviation of the front positions from their reference points and ensuring the
product specifications by means of constraints. By directly taking account of product
specifications the presented control concept differs from inferential control schemes
known from literature. Due to the fact that the concept is based on simple temperature

measurements an industrial application seems easily possible.

Keywords: multicomponent distillation, wave phenomena, nonlinear model

predictive control, nonlinear observer

1. INTRODUCTION

In the past a vast number of studies has been done
in the area of distillation column control. A review
of the work produced in this field until early 90s is
given by Skogestad (1997). Most of the approaches
consider linear control methods. Although there
exist a number of studies on nonlinear control of
distillation columns, e.g. (Groebel et al., 1995)
they mainly concentrate on high purity binary
distillation; a study together with a review on
this field is presented in (Balasubramhanya and
Doyle II1, 1997).

In previous studies tray temperatures are fre-
quently used as controlled variables instead of
product compositions (Luyben, 1973; Yu and Luy-
ben, 1984), since temperatures are easily mea-
sured online. For high purity binary distillation,
the controlled temperatures are easily selected.
In general, sensors are located at points where
the temperature profile has a sharp transition
and this corresponds to some distance away from
the column ends. However such inferential control
relies on the correlation between the tempera-
ture on the measurement trays and the product

composition. This correlation becomes poor for
multicomponent systems and consequently con-
trolling temperatures alone may result in a con-
siderable violation of the product specifications
(Moore, 1992). These difficulties may be overcome
by composition estimators derived on the basis of
temperature measurements, as proposed by e.g.
(Lang and Gilles, 1990; Mejdell and Skogestad,
1991b6; Mejdell and Skogestad, 1991a; Quintero-
Marmol et al., 1991; Baratti et al., 1998; Dodds
et al., 2001).

In the last decade a new low order modelling ap-
proach based on nonlinear wave propagation the-
ory was developed for counter-current separation
processes (Marquardt, 1990) taking into account
proper profile shapes (Kienle, 2000). This type
of wave models offers a more precise insight to
the dynamic mechanisms of distillation processes.
Additionally they explicitly take into account the
separation fronts that determine the quality of the
separation.

In (Shin et al., 2000) a nonlinear profile observer
together with a profile position control for bi-



nary distillation columns is presented. That work
makes direct use of the fact that in binary distil-
lation the composition follows from the temper-
ature, which is not possible for multicomponent
systems. In contrast, this contribution aims at
directly controlling the product composition by
adjusting the front position. The capabilities of
wave position observers was shown recently in
(Roffel et al., 2002) for binary distillation.

Recent developments in the area of nonlinear
model predictive control (NMPC) (Allgdwer et
al., 1999) provide an efficient control technique
that is able to deal with the multi-variable nature
of distillation processes and the process operating
constraints. Furthermore, it is directly possible to
utilise the nonlinear process model.

In this contribution, the advantages of the wave
model together with the benefits of NMPC are
used to control separation front positions such
that the product specifications are met. At the
same time further operation limits are respected.
Together with an observer that is also based
on the wave model, this contribution presents
a consistently designed control system that is
directly applicable to multicomponent distillation
columns.

2. NEW CONCEPT FOR DISTILLATION
CONTROL

Most common distillation column models are
based on modelling each tray separately. In con-
trast, the wave model is based on integral balances
and regards the concentration profiles by the use
of suitable wave functions.

In previous studies it was realized that controlling
temperatures on individual trays may have prob-
lems in the precences of disturbances in the feed
composition. L.e. an adjustment of the setpoints
may be come necessary even for binary distilla-
tions in order to operate in specification.

Due to these problems wave propagation based
concepts have been successfully applied to the
control of binary distillation columns (Han and
Park, 1993; Balasubramhanya and Doyle III,
1997). An extensions of those concepts to multi-
component distillation columns is not trivial and
hence such applications are still missing.

Using the wave model introduced in (Kienle,
2000), the concept can be expanded to multicom-
ponent distillation. In this case there are No — 1
traveling wave fronts, where Ng stands for the
number of components. From among N —1 fronts
the key separation front has to be selected. The
position of this front is used as controlled vari-
able afterwards. The selection can be made by
analysing the concentration profiles obtained at
the desired operating conditions. The key front
is the front which performs the main separation
with respect to the product specifications, e.g. in
Fig. 2 the fronts s{,, and s}, near tray 11 and 40
are selected. The key front is typically a balanced
front, i.e. it is a front with zero propagation ve-
locity standing in the middle of a column section.

desired product composition
reference front positions

NMPC manipulated variables column product composition
(wave model)

AA measured temperatures

Y

observer
(wave model)
estimated front positions
estimated product composition

Fig. 1. Control setup

All other fronts are either pushed to the top or
bottom of the column section and not able to pass
the balanced front. The control aim is to balance
the key front in the presence of disturbances and
load changes.

2.1 Control scheme

Nonlinear model predictive control (NMPC) is
chosen as control strategy since it is able to handle
constraints on the states. Hence, in contrast to
inferential control, the desired product specifica-
tions are respected at any time by including them
as constraints.

The NMPC technique used in this contribution is
based on the following main components: a non-
linear process model, measurements, a state esti-
mator and an optimisation algorithm. As the wave
fronts are not measurable, a suitable observer is
designed to reconstruct the whole system state by
measuring one temperature per column section. In
this study, the same nonlinear wave propagation
model is employed within both the NMPC and
the observer. This makes it less time consuming
to set up the complete control environment and
only one parameter set has to be identified. The
resulting control setup is shown in Fig. 1.

The feasibility of NMPC in real-time by the use of
special high performance optimization algorithm
is shown in (Diehl et al., 2001b; Diehl et al., 2003)
for the control of a binary distillation column.
Compared to the equilibrium stage model used
in (Diehl et al., 2001b), which has 42 differential
states, a wave model based on similar assumptions
only needs 7 differential states. The benefits of
such an immense order reduction, are twofold.
First it is possible to solve NMPC problems with
limited computational power in real-time. Second
the NMPC approach can be further exploited
by the use of highly sophisticated, more time
consuming, optimization strategies.

2.2 The wave model

In this section, the used wave model will be
sketched, for details the reader is referred to
(Kienle, 2000). The column is divided into sections
by in- or outflows like feed or side streams. Each of
these sections, e.g. the rectifying or the stripping
part, is described by a wave model. Wave models
are derived from the constant pattern wave phe-
nomena appearing in distillation processes. The
main equation is the integral component material
balance

dh;

dt = Nj,in — Nj,out

i=1...No—1 (1)



over one column section. The integral amount h;
of the component i is calculated with the relation

Ns
hi=> mpzip  i=1..Ne—1 (2
k=1

where n is the molar liquid holdup and x; the
mole fraction at each of the Ng trays. The vapour
holdup is neglected. Both nj and z; ; depend on
the wave position and are calculated from the
wave function. The slope of this wave mainly de-
pends on the wave asymptotes and a mass transfer
coefficient. Furthermore, constant relative volatil-
ities and constant molar holdups are assumed.

The other parts of the column like feed tray,
condenser and reboiler are described by standard
equilibrium models.

3. OBSERVER DESIGN

As pointed out one of the key components of the
proposed operating concept for multicomponent
distillation columns is the observer. Therefore the
main idea is explained in the following and the
robustness of the approach is shown intuitively.
All ideas will be shown for the case of a ternary
distillation, but they can be transfered to distilla-
tions with any number of components.

3.1 Main Idea

The observer is built up of a plant model that
acts as a simulator part and is augmented by
an error injection. The error injection is designed
by insight into the process dynamics (Lang and
Gilles, 1990).

The main idea for the observer design is that the
error injection has to try to match the estimated
fronts with those of the plant. The following
rules for the error injection can be figured out
by analyzing the temperature and composition

temperature profile

compostition profile
TR

composition profile
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Fig. 2. Columns profiles after a reflux reduction
by 256%. The fronts move in the direction of
the arrows. The dotted line marks the feed
location.

profiles shown in Fig. 2.

The key separating front in the top section, la-
beled stlop in Fig. 2, is located near tray 11 at

the desired operating point. If the estimated tem-
perature at this tray is too high the front has to
be moved down, away from the condenser. This
can be achieved by increasing the mole fraction of
component 1 and decreasing that of component 2
via error injection.

The same analysis can be applied to the key sepa-
rating front s%ot in the bottom section. However,
component 1 does not contribute to the movement
of the front. Consequently there is no sense in
changing the mole fraction of component 1.

This observer design will work in a very robust
way since no assumptions regarding the model
structure as well as the precise parameter values
have been made so far. This idea has been already
successfully applied to a reactive distillation col-
umn in (Griiner et al., 2001).

In the following the placement of the temperature
measurements and subsequently the application
of the proposed error injection to the wave model
which is used as simulator will be shown.

3.2 Sensor Placement

Usually finding the right locations for the sensors
is a difficult and important task in the observer
design for spatially distributed systems. Wrong
sensor placement may even make the process
unobservable.

However, for distillation columns nonlinear wave
propagation theory provides the necessary infor-
mation. From the theory it follows, that there can
be at most one balanced wave, i.e. a wave with
zero propagation velocity in each column section.
All other waves are either pushed against the top
or the bottom boundary of the column section.
Even the smallest changes in the flow rates or the
feed composition will make this balanced wave
move up or down in the column section. Con-
sequently, this wave is the most sensitive to no
matter how small a disturbance to the process is.
Thus a temperature measurement in the middle
of that front at its nominal location will detect
all these movements and is the perfect location
for a sensor. In addition to these considerations it
should be noted that the control aim is to keep
this front at its nominal location. Hence, in stable
closed loop operation the wave will never be too
far away from the sensor.

3.3 Error Injection

As pointed out the idea of the error injection is
to move fronts up and down in the column. This
can be achieved by injecting the estimation error
into the integral component material balances (1)
of the wave model. The resulting equation for one
section, i.e. either stripping or rectifying section is
as follows:

dh

E = I'lin - I.lout +a (Tm - Tm)v (3)
simulator —

error injection



where T, is the measured temperature and «
the Ng — 1-dimensional vector of correction co-
efficients. The sign of the components of « in
the integral material balances is chosen according
to the reasoning in Section 3.1. Elements corre-
sponding to compositions that do not contribute
to a front movement may be set to zero. In order
to reduce the number of tuning parameters, the
absolute value of the elements of « is assumed to
be equal, resulting in one tuning parameter per
column section.

The final magnitude of a can only be determined
in closed loop simulation studies. For the following
observer performance analysis the a were chosen
to be ayect = [20,20]7 and Qsirip = [0, —20]T.

It is pointed out, that the proposed observer not
only gives estimates for the front positions, but
also for the complete temperature and compo-
sition profiles. L.e., in contrast to e.g. (Shin et
al., 2000), it also estimates the product compo-
sitions. In addition, the proposed observer is ap-
plicable to multicomponent distillation.

3.4 Observer Performance

In order to investigate the performance of the
proposed observer in the presence of unmeasured
disturbances, simulation studies were carried out
by using a much more detailed model, represent-
ing the plant. This model is a tray to tray constant
molar overflow model using saturation pressures
to describe the vapour-liquid equilibrium.

Very difficult disturbances to distillation columns
are changes of the feed composition as shown in
Fig. 3. But even for such a critical disturbance the

temperature profile top product x | top product x,

o+ bottom product x botiom product x ,

30

) 0 2 0 2
temperature time time

Fig. 3. Response of the observer to a step change
of the feed composition at t=1.0 by 10% and
back to the nominal value at t=10.0. (Initial
profiles in bold, thin profile at t=10.0, solid
lines process, dashed-dotted lines observer)

observer shows good performance.

Taking into account that besides other differ-
ences the vapour-liquid-equilibrium of the ob-
server model is different from that of the plant
model the observer gives good quantitative esti-
mates for the product compositions, especially at
the nominal operating point where the estimates
are almost indistinguishable from the plant values.

Even more important for a good closed loop per-
formance of the observer is its ability to capture
the plant dynamics. The time plots of the prod-
uct compositions shown in Fig. 3 verify that the
observer is well able to render the dynamics of the
plant.

Besides the simulation study shown in Fig. 3
numerous other simulation studies were done.

These simulation studies show the robustness and
good performance of the proposed observer and
give full confidence for good closed loop perfor-
mance.

4. CONTROLER DESIGN

In this study, the nonlinear wave propagation
model is employed within the NMPC framework.
In the light of the discussion in Section 2 the
control aim can be defined as to maintain the
wave front positions at their required set points,
while at the same time the product specifications
have to be fulfilled. This has to be achieved in the
presence of disturbances and constraints on the
input and output variables.

The process model required for the NMPC frame-
work is a DAE model of index one in the following
form :

x(t) = f(x(t),2(t), u(t)),
0 = g(x(t), 2(t), u(t)), (4)

together with suitable initial conditions, where
z(t) and z(t) are the differential and algebraic
state vectors, u(t) is the control vector and ¢ is
the time.

The NMPC open-loop optimal control problem to
solve for a prediction horizon [0, T},], with horizon
length T;,, is given by

Ty P

The controlled variables are the key front posi-
tions, S;, and desired front positions are denoted

by S:ef . Subscript ¢ corresponds to the column
section. The state and control inequality con-
straints are formulated by

c(x(t), z(t),u(t)) = 0

In this particular case

= ™

Umax —

fort € 0,T,].  (6)

define lower and upper bounds for the controls.
The important constraints on the top and bottom
product compositions, x7 and zpg, are given by

ar(t) — are! or
[ng_xBT(t)] >0 forte0,7,]. (8)

The constraints on the states, Eq. (8), are treated
as soft constraints using slack variables which are
added in the objective function as linear penalty
terms. Such an approach is particularly useful
when output constraints represent the control
objectives rather than hard limits in the process.
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Fig. 4. Closed loop simulation experiment after
50% increase and decreasing to the original
value of the light component in the feed.
(dashed lines: boundaries, dotted lines: set-
points)

To ensure nominal stability of the closed system
a practical approach based on the result given in
(Chen and Allgower, 1998) was taken. This is done
by dividing the prediction horizon into a control
horizon [0,T] and a prediction interval [T, T]
along which the controls are kept constant at their
final values.

In order to show the advantage of the proposed
control concept at first a NMPC closed loop simu-
lation study for the binary separation of methanol
and 1-propanol is presented in Fig. 4. Controlling
the only existing front in the binary problem is
equivalent to controlling the key separation front
in the ternary case.

The reflux flow-rate, L, and the heat input, @),
into the reboiler (which corresponds to the vapour
flow rate out of the reboiler) are considered as
manipulated variables (LV configuration).

The scenario considered in the following is a 50 %
step increase of the light component in the feed
occurring after 100 seconds and a decrease to its
original value after 1500 seconds. T, is selected
as 1200 seconds with 10 control intervals and
T, is 30000 seconds. The product concentration
constraints are set to zr(t) > 0.998 and zp <
0.001. As shown in Fig. 4 the fronts have to
be shifted to fulfill the product specification at
the top of the column. After the disturbance
disappeared the fronts are shifted back to their
reference points.

If one chooses the inferential control scheme for
the same binary distillation system, the controlled
temperatures would be on trays 15 and 29 similar
to (Diehl et al, 2003) and as Fig. 4 clearly
shows, set-points of the temperature controllers
have to be modified to guarantee the product
specifications.

The NMPC computations are carried out on a
Unix workstation running under Linux (1 Ghz
AMD Athlon processor), using an efficient dy-
namic optimisation algorithm which is based on
a direct multiple shooting approach and available

reflux ratio heat input

oL s [ S S

front position rectifying section

front position stripping section

top composition bottom composition

4 6 B 6
time[h] time[h]

Fig. 5. Open loop simulation experiment after 33%
decrease of the light component in the feed.
(dash-dotted lines: boundaries, dotted lines:
setpoints, dashed lines: uncontrolled)

as the dynamic optimisation software, MUSCOD-
IT (Diehl et al., 2001a).

The application of the control concept to mul-
ticomponent systems is demonstrated for the
ternary system of methanol/ethanol/1-propanol.
The two key fronts to be controlled are stlop and

s, located near tray 11 in the rectifying sec-
tion and near tray 40 in the stripping section at
the nominal operating point respectively. Manipu-
lated variables, the reflux ratio, L/ D, and the heat
input, @ ( L/D,V configuration) are computed in
6 control intervals each of 900 seconds length and
T, is 30000 seconds.

Fig. 5 shows the input and state trajectory ob-
tained as a solution to the NMPC open loop opti-
mal control problem in the face of a disturbance in
the feed concentration (33 % step decrease of the
light component). The key front positions, S, and
S, are kept nicely around desired reference values.
Meanwhile constraints on the product concentra-
tions, x7 > 0.99 and xp > 0.85, are satisfied. The
dynamic optimisation problem for Case II was
solved within the process simulation environment
DIVA(Kroner et al., 1990). A standard Sequential
Quadratic Programming (SQP) algorithm from
NAG library is used. !

5. CONCLUSION

A novel concept for the control of multicomponent
distillation columns has been proposed. The main
idea of the control concept is based on the ob-
servation that the product composition is mainly
influenced by the key separating front.

The control achieves the desired product spec-
ifications by adjusting the position of the key
separation front in each column section, while the
product specifications are ensured by constraints
in the NMPC. Due to the fact that a direct spec-
ification of the product composition is possible,

1 Current work is on the NMPC closed loop application
for the ternary system within MUSCOD-II environment
and results are likely to be presented at the conference.



the control concept is a direct control concept in
contrast to the many inferential control concepts
in the literature. The capability of the concept
was shown in two case studies for a binary and a
ternary distillation.

The NMPC is provided with the necessary infor-
mation by an observer. Both, observer and NMPC
use the same wave model. The robustness of the
observer with respect to parameter errors as well
as model-plant mismatches is intuitively shown
and validated by simulation studies for a ternary
separation.

In the future the control concept will be applied to
a ternary separation of e.g. methanol/ethanol/1-
propanol in a system of two coupled distillation
columns. This will be done first in simulation stud-
ies and then at the pilot scale plant at the Institut
fiir Systemdynamik und Regelungstechnik.
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NONLINEAR MODEL PREDICTIVE CONTROL
OF CEMENT GRINDING CIRCUITS

R. Lepore*! A. Vande Wouwer * M. Remy *

* Laboratoire d’Automatique
Faculté Polytechnique de Mons
Boulevard Dolez 31, B-7000 Mons, Belgium

Abstract: Based on a reduced-order model of a cement grinding circuit, a nonlinear
model predictive control strategy is developed. The first step of this NMPC study
is the definition of control objectives which consider product fineness, product flow
rate and/or grinding efficiency. At this stage, one of the main concerns is to relate
these objectives to easily measurable particle weight fractions. Second, NMPC is
implemented so as to take the various constraints on the manipulated variables and
operating conditions of the mill into account. Third, robustness with respect to
model uncertainties is analyzed, and the most critical parameters are highlighted.
Finally, an NMPC scheme, combining a stable inner loop for controlling the mill
flow rate and a DMC-like compensation of the model mismatch, is proposed.

Keywords: nonlinear systems; modeling; predictive control;

grinding (comminution); cement industry

1. INTRODUCTION

Control of cement grinding circuits is a delicate
task. According to (Hulbert, 1989) and (Hodouin
and Del Villar, 1994), the difficulties associated
with control arise from two major causes:

e process complexity and nonlinearity: grind-
ing depends on the material content of the
mill, separation is affected by the material
flow rate and the process has recycle;

e lack of measurements: some variables cannot
be measured on-line, others are heavily cor-
rupted by noise.

In recent years, some studies have witnessed the
relevance of model predictive control for cement
grinding processes. In (Martin Sdnchez and Rodel-
lar, 1996), a single mill is considered (no down-

1 Author to whom correspondence should be addressed:
e-mail: Renato.Lepore@fpms.ac.be
phone: +32 (0)65374140 fax: +32 (0)65374136

stream classification) and maximization of the
product flow rate is achieved while stabilizing the
degree of material filling. In (Magni et al., 1999), a
nonlinear model of a grinding circuit has been de-
veloped and the delicate problem of stability has
been treated. These studies essentially consider
global variables, e.g., flow rates, total material
content of the mill,. ...

In contrast with these studies, the authors have
focused on the transport of the material in the
mill and, mostly, on the particle size distribution,
which is highly related to the final properties of
cement, such as the compressive strength. From
this latter philosophy, they have developed:

(1) a distributed-parameter population model,
which has been identified on an industrial
closed-loop grinding process (C.B.R., Bel-
gium) (see (Boulvin, 2000) and (Boulvin et
al., 2002));



(2) a simplified distributed-parameter model,
based on a reduced number of size intervals
(Lepore et al., 2002).

The contribution of the present study is:

e to formulate new control objectives in agree-
ment with the coarser size discretization used
in the reduced-order model (2), i.e., a) a well-
determined fineness of the product, b) either
a maximization of the product flow rate or
an optimization of the grinding efficiency;

e to design a multivariable, constrained NMPC
scheme achieving these objectives, which
considers the input flow rate and the classi-
fier selectivity as manipulated variables. Con-
straints apply a) on magnitudes and slew
rates of the inputs (saturation effects), b)
on the mill flow rate variable (preventing
temperature increase and/or wear as well as
mill overfilling);

e to treat the following aspects of model inac-
curacy: to investigate NMPC robustness to
model uncertainties, to perform a thorough
parameter sensitivity analysis and to study
two types of model mismatch compensation:
(a) a typical DM C-like scheme, which consid-
ers the mismatch as a constant disturbance
over the prediction horizon, (b) the DMC-
like scheme with prior stabilization of the mill
flow rate by a proportional control loop.

In the sequel, the document is divided into five
sections. Section 2 contains the description of the
process and the equations of the reduced-order
model. New control objectives are formulated in
Section 3. In Section 4, the NMPC strategy is
presented, then robustness analysis is considered
in Section 5. Some conclusions and perspectives
are finally presented in Section 6.

2. PROCESS DESCRIPTION AND
MODELING

2.1 Process description

A typical cement grinding circuit is represented in
figure 1, which consists of a single-compartment
ball mill in closed-loop with an air classifier.
The raw material (usually clinker) flow g¢¢ is
fed to the rotating mill, in which balls perform
the breakage of the material particles by fracture
and/or attrition. At the other end, the output or
mill flow gy is lifted up by a bucket elevator onto
the classifier which separates the material into
two parts: the product flow ¢p and the rejected
flow qgr, which is recirculated to the mill inlet.
The selectivity of the classifier and, in turn, the
product fineness, can be modified by acting on
special registers Rp. The sum of g and gg is the
total feed flow, denoted by gqp.

Qv
[
1 Classifier
h 4
Rp| Ro
’
qR // T
|m————m——————— 1
| [
1 T
q
_C_tqi_ Elevator

Ball mill

Fig. 1. Closed-loop grinding circuit
2.2 Modeling

Consider the size continuum as divided into three
size intervals numbered 1, 2 and 3 for the coarse,
intermediate and fine particles, respectively. Mass
balances lead to:

0X; 0X; R2X; .
o1 = —U; o + DZW + Z kijcpj N 1:1,2,3
j=1
-1 0
(kij) = +k —1 (1)
1—k +1
where:

- X; is the mass per unit of length of the
particles in size interval ¢;

- k is the yield fraction of the particles in size
interval 2 appearing from the breakage of the
particles in size interval 1; ¢; is the breakage
rate of the material in size interval j;

- u; is the convection velocity and D; is the
diffusion coefficient of the particles in size
interval ¢;

The partial differential equations (1) are supple-
mented by initial (2) and boundary (3) conditions:

Xi(0,2) = Ho(z)wosi(x) Vx;i=123 (2)

0= ’U,,LX,L — Dl% — qFWF;; XZO; 1:1,2,3
ox
X .
0= a@x x=L; i=1,2,3 (3)
where:

- Hy(x) is the initial material content per unit
of length, wq.;(x) is the corresponding mass
fraction in size ;

- gr is the total feed flow rate, wp,; is the
corresponding mass fraction in size 1.

The breakage rates are formulated as follows:
o = X;e P =12 (4)

where:



- «; is the specific rate of breakage for size
interval j;

- H is the hold-up, i.e., (X7 + X2 + X3);

- B is an inhibition coefficient.

The classifier has very fast dynamics compared to
the mill and is therefore described by a steady-
state model. Selectivity is the fraction of material
in each size interval which is recirculated (see the
”fish-hook” curves in 2).

1
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Fig. 2. Classifier selectivity (for a single register
position and several mill flow rates)

3. CONTROL OBJECTIVES

The compressive strength specified by the client is
the main goal of the cement manufacturer. Among
the many characteristics of cement, the chemical
composition, which is essentially set during the
kiln operation, and the particle size distribution
are the variables influencing at most the compres-
sive strength. So, given the chemical composition
(as it is considered for the grinding circuit), the
compressive strength is dependent a priori on the
total particle size distribution, which represents a
very complex, hardly interpretable objective.
However, from recent industrial results (experi-
mental data collected at C.B.R., Belgium), it ap-
pears that a strong relationship exists between the
compressive strength and the weight fraction of
the fine particles in the product, denoted by wp.s.
In figure 3 (waz;2 is the weight fraction of the inter-
mediate particles at the mill outlet), the arc AB
represents all operating points corresponding to
some constant wp,3 that are compatible with op-
erational restrictions on the mill flow rate, which
prevent on the one hand dramatic temperature
increase and/or wear of the equipment (e.g.7 at
least 50 t/h), on the other hand mill overfilling
(e.g., at most 140 t/h).

The second objective, usually more related to
the economical strategy of the company itself,
will set a well-determined operating point on the
characteristic AB. One common strategy is the
maximization of the product flow rate. Provided
that the process characteristic AB is available,
this objective can be uniquely identified by the
corresponding value wﬂ”&““ (see point 1). This

strategy requires the process to be run at the
stability limit. In fact, the arcs Al and 1B cor-
respond to stable and unstable operating points,
respectively.

Another strategy could be to optimize the grind-
ing efficiency or, in other words, to avoid over-
grinding. From our description based on three size
intervals, it is suggested to achieve this goal by
avoiding at maximum coarse particles (obviously!)
and also fine particles (overgrinding) at the mill
outlet. So, increasing wjs2 up to a reasonable
limit, could be the criterion (e.g., point 2). It is
noted that this strategy requires the process to be
run completely in the unstable region.

Several advantages arise from using wp,3 and
wpr;2 as controlled variables:

e the measurements are simple (two sieve mea-
surements only for each variable) and can
be achieved automatically at moderate cost;
measurement error is small since one can
expect high values for wp,3 (0.7 ~ 0.8) and
w2 (0.5 ~ 0.7); the measurement of w2
is more reliable than, say, the elevator power
which is very affected by mechanical vibra-
tions (low-frequency noise);

e the use of wys2 for the achievement of op-
erating point 1 converts an ill-conditioned
optimization problem (well-determined prod-
uct fineness and maximization of the product
flow rate) into a well-conditioned minimiza-
tion of an output error.

g, =140th

10 15 20 25 30 35 a0
qc = q, (Vh)

Fig. 3. Steady-state relationship for constant wp.3

4. NMPC STRATEGY

NMPC consists in determining a set of manipulated-
variable moves over a control horizon of N, sam-
pling periods that minimizes an objective func-
tion J over a prediction horizon of Nj; sampling
periods. The manipulated variables are the feed
flow rate go and the register position Rp and the
controlled variable y is the vector [wp,3 wara]”.
At time instant &, the function J and the reference
trajectory y,.; are defined as follows:

Np

J(k) = Z(f‘]r;i - ?)k;i)TQ(yr;i — Gsi) (5)

i=1



iTs

Yri =Y+ (yp —y e ™ (6)

where:

- gk is the predicted value at time (k + 9)7Ts;
- Yryi is the reference value at time (k + 9)T;

- @ is the weighting matrix

T is the sampling period;

T, is the time constant of the reference tra-
jectory;

- y* is the two-component set point [wp.5 Wi,
- Yk is the two-component measured value

In addition, the following constraints apply:

e box constraints on the manipulated vari-
ables: 0 < g¢ < ¢@&** (saturation of the feed-
ing mechanism), 0 < Rp < Rp™** (minimum
and maximum displacement of the registers)

e linear constraints on the manipulated vari-
ables (limits to the slew rates): | gc(i +1) —
qc(i) [ Agg®, | Rp(i + 1) — Rp(i) |<
ARpma:v

e nonlinear constraints: limits to the mill flow
rate value at the end of the prediction hori-
zon preventing high cement temperatures
(qu((k + Hp)Ts) > ™), mill overfilling
(qr ((k + Hp)Ts) < q3™”)

Table 1 contains the values of the most important
parameters mentioned above.

Ts 10 min | ¢o® 50 t/h | g7 50 t/h
T, 10 min | Rp™a=® 100 e 140 t/h
H, 1 Agpae® 10t/h | Q Iia,2)
H, 5 ARp™e® 50

Table 1. Parameter values of the NMPC

The minimization of the objective function (5) is
performed using the ” Optimization toolbox 2.0”
from Matlab 6.0. The solution of the partial differ-
ential equations is achieved using (a) a ”method
of lines” Matlab procedure for spatial differentia-
tion (b) standard solvers from Matlab 6.0 for the
integration in time of the differential equations.

5. ROBUSTNESS ANALYSIS AND MODEL
MISMATCH COMPENSATION

In the sequel, we will (1) study the effect of grind-
ing efficiency on steady-state characteristics , and,
in turn, on the performance of the NMPC (2)
evaluate systematically the impact of individual
changes in the parameters (sensitivity analysis)
(3) discuss two correction schemes, i.e., a simple
DMC-like scheme and a DMC-like scheme with
prior stabilization of the mill flow rate by an
internal proportional loop.

For illustration purposes, we consider a step
change in the set point y* from the steady-state

]T

value [0.71 0.46]T (stable region) to [0.80 0.56]T
(stability limit).

5.1 Effect of grinding efficiency on steady-state
characteristics

Occurrences of model mismatch are obtained by
modifying the process specific rates of breakage
amod = "¢ . C (i = 1,2); cases (a) (C = 0.9)
and (b) (C = 1.1) correspond to lower and higher
efficiency, respectively. The static characteristics
for the process and the two model occurrences are
represented in figure 4, circles indicate the two
corresponding operating points targeted by the
optimization algorithm.

process

10 1‘5 2‘0 o= é‘i -
Fig. 4. Steady-state relationship for wp;3 = wp 3;
(a): C=10.9; (b): C=1.1

From the temporal evolution of the most relevant
variables (see figure 5), it can be deduced that:

e in case (a), the high gain existing between
Rp and wp,3 allows the desired steady-state
value wp,;3 = 0.8 to be reached for the pro-
cess. On the other hand, the input flow rates
computed by the algorithm drive the process
to the operating point represented by a star
in figure 4 (wpr,2 = 0.498); so, NMPC leads
to the desired product fineness but to lower
production flow rate than expected, the dif-
ference increasing with the model mismatch;

e in case (b), the manipulated-variable val-
ues computed by the optimization algorithm
(particularly a too high input flow rate) lead
inevitably to process overfilling. As a result,
the two weight fractions, wp,;3 and w2,
tend to zero.

5.2 NMPC' sensitivity to individual parameter
mnaccuracies

In the sequel, each parameter is modified by —10%
and +10% from the estimated value and figure 6
represents the resulting effect on the steady-state
characteristics. It is mostly noted that:

- variations in as affect substantially the be-
haviour of the model whereas those in o do



not (in fact, the lower values of ay determine
the dominant time constants of the model);
- the parameters k and (3 are as relevant as as;
- changes in the velocity w and, particularly,
the diffusion D have little influence on the
steady-state characteristics.
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5.8 Model mismatch compensation

5.8.1. DMC-like scheme In this scheme, the
mismatch at time ¢ between the process and the

model is viewed as an external, constant distur-
bance on the state vector all over the prediction
horizon. The disturbance dj, is first estimated by
di = Tproc;k —Tmod;k, then the reference trajectory
is adjusted by the corresponding constant value
over the prediction horizon. Figures 7 and 8 show
the following results when this correction is ap-
plied in cases (a) and (b) of model mismatch:

- case (a): the modified reference trajectories
(dotted lines) require the model to be run
in the unstable region where constraints on
the mill flow rate variable (140 t/h) become
active (see the evolution of the model predic-
tion in figure 8). This constraint is responsi-
ble for the limitation on the input flow rate
qc- The closed-loop process is stable but the
steady-state values (particularly wps.2) are
not satisfactory;

- case (b): the modification of the reference
trajectory brings the targeted set point into
the stable region, so that the closed-loop
process is stable and no steady-state error
appears.
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Fig. 7. DMC-like compensation results; (solid):
C =0.9, (dashed): C' =1.1

In conclusion, the DMC-like correction, which
considers the model inaccuracy as a disturbance,
guarantees feasibility and stability but does not
guarantee satisfactory performance, particularly
with respect to the steady-state error of wpy;2.

5.8.2. DMC-like scheme with prior stabilization
Two embedded schemes are used: (a) an inner
proportional loop controls the mill flow rate by
acting on the input flow rate and ensures stable
operation (b) the outer scheme is the NMPC itself
which uses the mill flow rate set point g3, of the
inner loop instead of the input flow rate gqo as
the second manipulated-variable component. The
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Fig. 8. DMC-like compensation results; (solid):
C =0.9, (dashed): C =1.1

capabilities of the NMPC are entirely devoted
to the performance achievement. Box constraints
apply on ¢i; (0 and 200 ¢/h) and supplementary
nonlinear constraints apply on the absolute value
of go, which is now an intermediate variable.
Figure 9 shows the results obtained when the cor-
rection is applied to cases (a) and (b). Both cases
demonstrate stability, satisfactory time responses
and negligible steady-state error.
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Fig. 9. DMC-like with prior stabilization; (solid):
C =0.9, (dashed): C' =1.1

6. CONCLUSION

Based on a reduced-order model of a cement
grinding plant, a nonlinear model predictive con-
trol strategy is developed and analyzed. As a first
step, new control objectives are defined, which
are based on two weight fractions only: (a) the
fraction of fine particles in the product, which
is related to the compressive strength (b) the
fraction of intermediate-size particles at the mill
output, which is related to product maximization

or optimum grinding efficiency. One major ad-
vantage is that two-sieve measurements of these
variables could be achieved at low cost.

NMPC achieves these objectives by using the reg-
isters’ position and the input flow rate as manip-
ulated variables.

Robustness analysis leads to the following obser-
vations:

e model mismatch may lead to closed-loop in-
stability (for example when the model has
higher grinding efficiency); otherwise, steady-
state errors affect the mill output but not the
product fineness;

e not all the individual parameters have the
same impact; experiments should be designed
to accurately estimate grinding efficiency
and, particularly, the appearance and the dis-
appearance mechanisms of the intermediate-
size particles and the inhibition effect of the
material content;

e a DMC-like scheme cannot guarantee satis-
factory performance; however, when a prior
stabilization of the mill flow rate is achieved
(here with a simple proportional loop using
the input flow rate as a manipulated vari-
able), very satisfactory results are obtained
with DMC-like scheme in terms of stability
and steady-state error.
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OPTIMAL OPERATION AND CONTROL OF A
REACTIVE SIMULATED MOVING BED
PROCESS
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Abstract: In this paper, we investigate the continuous production of High Fructose
Corn Syrup (HFCS) in a Reactive Simulated Moving Bed process (RSMB). The
RSMB process combines a quasi-continuous chromatographic separation with
an enzymatic biochemical conversion of glucose to fructose. For the equilibrium
limited glucose isomerization such an integration is suitable. The optimal operation
of the RSMB process is determined using a sequential approach based on a rigorous
mathematical model of the plant. In addition, we propose a new strategy to
determine the distribution of the columns over the zones in the RSMB plant
circumventing the solution of a Mixed Integer Nonlinear Problem (MINLP).
During the operation of the RSMB process, disturbances occur (e. g. continuous
decrease of the enzyme activity) which lead to an off-spec product. The control
objective is to maintain the product purity while injecting a minimal additional
amount of eluent. We propose a nonlinear model predictive controller which
can deal with the complex hybrid dynamic of the RSMB plant as well as with
hard constraints. The parameters of the non-linear process model are periodically
estimated by least-squares fitting to online measurements. The efficiency of the
whole control concept is shown in simulation studies for a 6-column RSMB plant.

Keywords: Simulated-Moving-Bed (SMB), Glucose Isomerization, High Fructose
Corn Syrup (HFCS), Reactive Chromatography, Asynchronous Chromatography

(VARICOL), Nonlinear model predictive control (NMPC).

1. INTRODUCTION

Glucose has only about 70% of the sweetness of
sucrose and is less soluble in water. At the com-
mercial concentration, glucose syrup must be kept
above room temperature to prevent crystalliza-
tion. Fructose is 30% sweeter than sucrose and
twice as soluble as glucose at low temperatures.
Using enzyme technology, by at least 50% con-
version of glucose to fructose both problems can
be overcome giving a stable high fructose corn
syrup that is as sweet as a sucrose solution. The
present world market for high fructose corn syrup
is over 5 million tons and it is still expanding.
This is due to the fact that the commercially
available ’glucose isomerase’ is remarkably resis-
tant to changing temperatures and can be han-

! The authors are indebted to Prof. H. Schmidt-Traub
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input to this work. The financial support of the Deutsche
Forschungsgemeinschaft, in the context of the research
cluster "Integrated Reaction and Separation Processes" at
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dled at high substrate concentrations. Most of
the currently produced fructose syrups is obtained
by the hydrolysis of starch into glucose followed
by isomerization of glucose to fructose (Asif and
Abaseed, 1998). This process produces syrups
containing only about 42% fructose which has to
be enhanced by selective removal of glucose or by
applying multistage chromatographic separation
methods.

A 3-zones-SMB process is proposed in this paper
for the continuous isomerization of glucose, where
reaction and separation are integrated in one
apparatus leading to significant improvements in
process performance. The optimization and the
control of this complex hybrid system represent
challenging tasks, and advanced strategies are
required.

This work is structured as follows: in section I,
the process is described and a detailed mathe-
matical process model is presented. In section II,
a mathematical model-based sequential optimiza-
tion approach (Klatt et al., 2001) is aplied to this
process. In addition, we show how to use a new



multicolumn continuous process called VARICOL
which was recently introduced by (Ludemann-
Hombourger and Nicoud, 2000), in order to de-
termine the distribution of the columns over the
zones of the RSMB plant. In section III, the
control problem will be discussed. The objective
is to maintain the desired product purity using
a minimal amount of eluent. A nonlinear model
predictive controller is developed, where at every
sampling moment the optimal trajectory over a
future control horizon is calculated online. The
parameters of the rigorous process model are es-
timated periodically by least-squares fitting to
online measurements. The efficiency of the control
concept is shown in simulation studies for a 6-
column RSMB plant.

2. THE RSMB PROCESS FOR GLUCOSE
ISOMERIZATION

2.1 Process description

The process consists of a number of fixed beds,
which are interconnected to form a closed-loop
arrangement. All columns are homogeneously
packed with an ion exchange resin (Amberlite
CR-13Na) and the imobilized enzyme Sweetzyme
T (supplied by Novo Nordisk Bioindustriale). A
counter-current movement between the solid and
the liquid phase is achieved by simultaneously
advancing the inlet and outlet ports in direction of
the liquid flow. In this special Simulated Moving
Bed process, no attempt is made to achieve a
complete separation of glucose and fructose, since
the most common type of fructose syrup, usually
called high-fructose syrup, is made in two cate-
gories: HFCS42 (42% fructose) and HFCS55 (55%
fructose). For some purposes, a syrup with more
than 55% fructose , called a higher-fructose syrup
is desirable. Thus, the objective is to transform a
syrup containing only pure glucose to one, where
the glucose is partially converted to fructose.

R

Hesorbens
wvater

fxtract feed
fiuctose flucose

Beriod t

Figure 1. Schematic diagram of the 3-zones RSMB
process for glucose isomerization

After start-up, a reactive True Moving Bed unit
would achieve a steady-state, in which every pro-
cess variable remains constant in time at any
spatial location. In contrast, due to the discrete
switching of the columns, SMB units do not reach

a steady-state but rather a cyclic steady or peri-
odic one (see figure 2).
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Figure 2. Axial concentration profile at the begin
of the period for Purg, = 70%

2.2 Mathematical Modeling

A lot of work has been published on modeling of
chromatographic processes (Gu, 1995). Accurate
dynamic models of multi-column continuous chro-
matographic processes consist of coupled dynamic
models of each column under consideration of the
periodic port switching. A single chromatographic
column is described by the General Rate Model
which accounts for all important non-idealities of
the column, axial dispersion, pore diffusion and
the mass transfer between liquid and solid phase:

ocp; 1—€)3k;;
€p al;’z ( Rb: L (¢b,i — Cpiilr=R,)
; 8%cy ; Ocp.;
+ GbTL&’i = ebDa;uaTI;Z + ebu%
0q; 0cp,i 10 2 0Cp,i
(I—GP)E-FGP 6t :epr’iT_za r W .
(1)

The model is completed by the mass balances at
the nodes, and boundary and initial conditions
which represent the switching process. The ad-
sorption equilibrium and the reaction kinetic have
to be determined experimentally. For the adsorp-
tion isotherm we assume a parabolic behavior:

@ = Hicoi + kici ; + kijevicy j, i, = A, B. (2)
The reaction kinetic can be accurately described

by a first order pseudo-kinetic model (Fricke and
Schmidt-Traub, 2002):

g _ ., km(ces —cby)
kin,i — Vi k
eq

The parameters are taken from (Fricke and
Schmidt-Traub, 2002) and are listed in Appendix
A. The resulting system of coupled partial dif-
ferential equations can be solved efficiently using
the approach introduced by (Gu, 1995), where a
finite element discretization of the bulk phase is
combined with an orthogonal collocation of the
solid phase.

,i,J=A4,B.  (3)



3. OPTIMAL OPERATION
3.1 Optimizing the operating parameters

The goal is to minimize specific separation costs
for a given plant meeting the required product
purities after the process has reached the cyclic
steady state (CSS). For the description of the CSS,
the operator @ is introduced which represents
the process dynamics f(x,u) and the switching
operations between two switching intervals:

Xjp1 = ftT:o £(x(t),u(t))dt,
X9 = Xk,
Xpr1 = PXZ_H.

Xp41 = <I>(.'Ek) =

(4)
The switching operation causes a re-initialization
of the initial value of the dynamic simulation and
is represented by the permutation matrix P. In
the CSS, the axial concentration profile x; at the
end of period k& does not change from period to
period, which can be checked numerically as:

”(I)(Xk:) - Xk” S €EPSsteady- (5)

Then, given a SMB process with a fized column
partition, the optimization problem can be stated
as follows:

QDeaQEmIIlelrFl‘eyQIII,T COStSpec(k)
st. [|®(xk) — Xkl < epssicady, (6)

Purgs k> PUurgs min,

QI < Qmaa:-

An inequality constraint is imposed on the prod-
uct purity. Since the flow rate in zone I is the
highest one in the plant, it is constrained in order
to avoid violation of the maximal pressure drop
delivered by the pumps. The objective function
must be specified based on the available data on
the operating cost.

The natural degrees of freedom are the flow rates
of desorbent @Qp., feed Qpe, recycle Qrrr and
the switching period 7. In the framework of op-
timization, they are transformed to the S-factors
(Hashimoto et al., 1983), where the apparent solid
flow rate (g is introduced:

_ (1—6[,)AL _ Ql 1
Qs = — P = (_Qs - f)/HA
_ Q2 1 1 _ Qs 1
ﬁz—(QS F)/HB’ﬂ3 (Qs F)/HA; (7)

and which reflects the fact that in SMB processes
absolute flow rates are less important as their
relative values. H4 and Hpg denote the slope of
the isotherm for the different species at the feed
concentrations.

We use a direct sequential algorithm for the solu-
tion of the problem (6). The process is simulated
until the cyclic steady state is reached. The con-
straints and the objective value are then evaluated

and given back to a non-linear optimizer FFSQP
(Zhou et al., 1997).

3.2 Optimizing the distribution of the columns

For this purpose, we first introduce the VARICOL
process developed by (Ludemann-Hombourger
and Nicoud, 2000), where in contrast to the SMB
process the ports are shifted asynchronously (see
figure 3).

Figure 3. 3-zone VARICOL process for glucose
isomerization

The numbers of columns per zone change during
the period. E. g. the number of columns in zone
I is one during a quarter of the period and two
for the rest of the period. This corresponds to an
average length of

— 1 3 7

N1_1-4+2-4—4 (8)
for zone I. Analogously, No = §, N3 = 1 result.
While the SMB process is described by an integer
column distribution, the asynchronous VARICOL
process corresponds to a real number of columns
in each zone.

Thus, the VARICOL process is more flexible than
the SMB process. From the optimization point of
view, the zone lengths N; can be simply integrated
as further degrees of freedom in the NLP formu-
lated in equation 6 (Toumi et al., 2002q; Toumi et
al., 2002b).

In table 1 (second column), the optimal oper-
ating point for the VARICOL process is listed.
In this study, the objective was to minimize the
desorbens consumption for an extract purity of
70%. The optimal distribution obtained in the
VARICOL case is [0.99,1.6,3.4], i. e. the zone III
should be chosen much larger than the zones I and
II. In comparison to the optimal operating point
of the SMB-process with the configuration [2,2,2]
(first column), 40% less desorbens consumption
is reached. If the optimal VARICOL distribution is
rounded to the next integer distribution, an SMB
process with section lengths [1,2,3] results. By
this distribution, the desorbens consumption can



Table 1. Optimization of the distribution of the columns among the zones for

Purg,=70%

SMB I VARICOL SMB II

rel. Qpe [%] 100.00 60.00 74.00
Purgg [%] 70.00 70.00 70.00
Qre [ml/min] 1.30 1.30 1.30
Qpe [ml/min] 3.70 2.26 2.31
QRe [ml/min] 17.60 15.51 15.25
7 [min] 10.40 12.12 12.26

QEz 5.00 3.56 3.61

B: | [1.04,0.79,1.63] [0.97,0.84,1.50] [0.97,0.82,1.53]

N; [2,2,2] [0.99,1.61,3.4] [1,2,3]

be reduced by 26% in comparison to the original
[2,2,2]-configuration.

This approach led us to a considerably better
SMB distribution after only two optimization
runs. Even if mathematically this approach can
lead to a sub-optimal distribution, the search
space can be reduced when the optimal distri-
bution of the VARICOL process is known. It can
be assumed, that the optimal SMB distribution
is one of the edges in the neighborhood of the
optimal VARICOL distribution. In addition, since
the VARICOL process includes all possible SMB-
configurations, we know now a-priori the maximal
attainable performance in term of desorbens con-
sumption for a given plant (i. e. a given number
of columns).

4. CONTROL STRATEGY

Automatic control of the SMB process was ap-
plied to the separation of aromatic hydrocarbons
where on-line Raman spectroscopy can be utilized
to measure the concentration of the compound
at the outlet of the chromatographic columns
(Marteau et al., 1994). However this as well as the
geometric nonlinear control concept described in
(Kloppenburg and Gilles, 1999) are mainly based
on a model for the corresponding true moving bed
(TMB) process, where the cyclic port switching
is neglected. In the case of SMB processes with
a few number of columns (e. g. less than 8),
the TMB process does not approximate the SMB
process accurately, so that the applicability of this
control scheme to plants with few columns seems
problematic.

(Natarajan and Lee, 2000) investigated the appli-
cation of the repetitive model predictive control
(RMPC) technique on SMB processes. RMPC
is a model-based control technique developed by
incorporating the basic concept from repetitive
control into model predictive control technique. In
order to apply this technique, the switching period
of the process is assumed to be constant. This
is limiting, since the switching time can be used
as another manipulated variable to control the
process. The rigorous model was then linearised

along the optimal trajectory. Afterwards it was
reduced to a low dimensional linear model, based
on which a linear MPC controller scheme was
developed.

(Schramm et al., 2001) presented a model-based
control approach for direct control of the product
purities of SMB processes. Based on wave the-
ory, they derived relationships between the front
movements and the flow rates for the equivalent
TMB process. Based on these relationships, they
developed a simple concept with two standard PI
controllers. This concept is very easy to imple-
ment. However, similar relationships are difficult
to determine analytically in the case of nonlinear
reactive chromatography.

(Klatt et al., 2001) proposed a two-layer control
architecture where the optimal operating trajec-
tory is calculated off-line by dynamic optimization
based on a rigorous process model. The parame-
ters are adapted based on online measurements.
The low-level control task is to keep the process on
the optimal trajectory despite disturbances and
plant/model mismatch. The controller are based
upon identified models gained from simulation
data of the rigorous process model along the op-
timal trajectory. For the linear (linear adsorption
isotherm) case, linear ARX models are sufficient
(Klatt et al., 2001), whereas in the nonlinear case
neural networks (NN) were applied successfully
(Wang et al., 2002). A disadvantage of this two-
layer concept is that the stabilized front posi-
tions may not guarantee the product purities if
plant/model mismatch occurs.

4.1 Formulation of the control problem

The essence of model predictive control (MPC) is
to optimize, over the future values of the inputs,
the future process behavior. The future process
behavior is analyzed with a process model over
a finite time interval which is called the predic-
tion horizon. The first input of the optimal in-
put sequence, which spans the control horizon, is
applied to the plant and the problem is solved
again at the next time interval using updated
process measurements and a shifted horizon. In



the framework of MPC control, it is simple to
include hard constraints on the state and input
variables. Furthermore, the process behavior can
be predicted using a linear model or a nonlinear
model. However, in the latter case, getting the
ezact global solution of a non-convex optimization
problem requires formidable efforts and can not
be achieved within a fixed sampling time. Even
with state-of-the-art optimization algorithms, this
seems to be practically impossible. Therefore we
modify the nonlinear model predictive algorithm:
we are calculating a suboptimal but feasible solu-
tion which can be applied in real-time.

We propose to solve the following optimal control
problem over the finite control horizon H,:

k+H,
. . T

P P R J_Zk (Costli) + A5 R, 85,)

kj = f(xijj)a

s.t. xjr1,0 = Px;(7(5)),

= ke k+ H,
PUTEQ:,HT + APurg, > PurE‘z,mz’n;
PU/TEE,HP + APUTE;L' 2 Pu'rEz',mina

Ql,j S Qmaw;
g(/Bj) >0,j=kF,--- ak+HP‘
9)

We discretize the prediction horizon in cycles,
where a cycle is a switching time 7(k) multiplied
by the total number of columns. Eq. 9 consists
of a dynamic optimization problem including the
transient behavior of the process. The objective
function J is a sum of stages costs (e. g. desorbens
consumption) and a regularizing term added in
order to smooth the input sequence avoiding high
fluctuations in the input sequence from cycle to
cycle. The first equality constraint represents the
plant model evaluated over the finite prediction
horizon Hj,. The switching dynamic is introduced
vice the permutation matrix P. Since the maximal
attainable pressure drop has not to be exceeded,
constraints are imposed on the flow rates in zone
I. Further inequality constraints g(3;) are added
in order to avoid negative flow rates during opti-
mization.

The control objective is introduced by the purity
constraint over the control Horizon H, which is
additionally corrected with a bias term APurg,
resulting from the difference between the last sim-
ulated and the last measured process output. A
second purity constraint over the whole prediction
horizon acts as a terminal (stability) constraint
forcing the process to converge towards the opti-
mal cyclic steady state. It has to be pointed out
that the control goal (i. e. to fulfill the extract
purity) is introduced as a constraint. We are using
a feasible path SQP algorithm for optimization
(Zhou et al., 1997), which generates a feasible

point before it starts to minimize the objective
function.

4.2 Parameter Estimation

We assume that the concentration profiles in the
recycling line are measured during a cycle. Since
this measurement point is fixed in the closed-
loop arrangement, the sampled signal includes
information of all three zones. At every cycle and
during the start-up phase an on-line estimation
of the actual model parameters is started. The
quadratic cost functional J(p)

nsp

J(p) = Z (‘/0 o (€i,meas(t) — i Re (t))2 dt)

i=1
(10)
is minimized with respect to the parameters p. For
this purpose, the Least-Squares solver EO4UNF
from the NAG-library is used. A by-product of
the parameter estimation is the actual value xq(k)
which is given back to the NMPC controller.

4.8 Simulation study

Figure 4 shows a simulation scenario where the
desired extract purity was set to 70% at the be-
ginning of the experiment. At cycle 60, the desired
extract purity is then changed to 60%. At cycle
120, the extract purity is increased to 65%. A
fast response of the controller in both directions
can be seen. Compared to the uncontrolled case,
the control concept can keep the desired product
purity rejecting a disturbance in the enzyme activ-
ity. The evolution of the optimizer-iterations are
plotted as dashed-lines and shows that a feasible
solution can be found rapidly and that the concept
can be realized in real time. In this example the
control horizon was set to 2 cycles and the pre-
diction horizon to 10 cycles. A diagonal matrix
Rj; = 0.02[(3 3y was chosen for regularization.

We assumed an exponential drift in the enzyme
activity which corresponds to a drift in the reac-
tion rate. Figure 5 shows the result of the param-
eter estimation. A good fitting was achieved and
the estimated parameter follows the drift of the
real parameter adequately.

5. CONCLUSIONS AND FUTURE WORK

The optimal operating point, as well as the dis-
tribution of the columns over the zones, of a
RSMB plant were determined using a model-
based mathematical approach. A nonlinear model
predictive controller is presented which maintains
the product purity while using a minimal addi-
tional amount of desorbens.
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Figure 5. Estimation of the reaction rate

VARICOL is still 14% better in term of desor-
bens consumption than the best SMB distribution
[1,2,3] (see table 1). Therefore, it becomes more
attractive to use the VARICOL concept, where in
fact no additional investments are needed (despite
programming the logical control system).

Appendix A. SYSTEM PARAMETERS

L=60.0 [cm] k;=[1.46E-07,1.33E-07]
D=2.6 [cm] ki;=[2.90E-07,9.30E-08]
€p=0.01 [] X=0.1[]
€=0.4 [] ko=24
Dp=16.25 [mm] km=1.43E-03
ke ;—8.88E-05 keq=1.079 8 []

r=1.0 [g/cm3]
h=>5.8E-3 [g/(cm s)]
Dp=1.0E-3 [cm? /5]
vi=[+1,-1] []
H;=[0.47,0.27]

Qf=1.3 [ml/min]

c§=0 0.3 [g/cm3]
Purg,=60.0% or 70.0%

Ni=[222] or [1 23]
Apmaz=50 |bar|
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COMBINATIONS OF MEASUREMENTS AS
CONTROLLED VARIABLES: APPLICATION
TO A PETLYUK DISTILLATION COLUMN.
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Abstract: A new simple approach for selecting controlled variables, that give near-
optimal operation with a constant set-point feedback structure in the presence
of uncertainty, is presented. The controlled variables are linear combinations of a
subset of the available measurements. A method for selecting the best sub-set and
the required number of measurements is derived. The method is illustrated on a

Petlyuk (Divided wall) distillation column.

Keywords: Self-optimizing control, Control structure design, Distillation columns

1. INTRODUCTION

Although not widely acknowledged, controlling
the right variables is a key element in overcoming
uncertainty in operation. Control systems often
consist of several layers in a hierarchical structure,
each operating on a different time scale. Typi-
cally, layers include scheduling (weeks), site-wide
optimization (day), local optimization (hours), su-
pervisory/predictive control (minutes) and regu-
latory control (seconds). The layers are intercon-
nected through the controlled variables c. This
paper focuses on the interaction between the local
optimization layer and the feedback control layer,
see Figure 1. The objective is to find good can-
didate controlled variables ¢ with self-optimizing
properties. Self-optimizing control follows the idea
of Morari et al. (1980) where one want to find
controlled variables that, when kept at constant
set-points, operates near optimally under the in-
fluence of disturbances and implementation er-
rors. The disturbances include both exogenous
process disturbances and modeling errors. In typ-

1 e-mail: skoge@chemeng.ntnu.no; phone: +47-7359-4154;
fax: 4+47-7359-4080
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Fig. 1. Self-optimizing feedback control structure

ical plants the number of disturbances may be
very large. In order to reduce the dimension of the
problem, only slow varying disturbances that are
economically important should be included in the
analysis. Morari et al. (1980) propose to include
distur%a(u}rggtes that have a large effect on the objec-

tive, (%57—), and let the remaining disturbances

be handled by the regulatory layer



In plant operation the basic goal is to optimize an
economic measure of the operation, while satis-
fying equality and inequality constraints (such as
product specifications, safety constraints, environ-
mental regulations etc.). Since plant economics is
primarily decided by steady-state behavior, only
steady-state information is used in the rest of this
paper. For a given disturbance (d), optimal op-
eration is defined as the solution to the following
problem:

min Jo(X(),uO,d) (1)
f(X(), Up, d) =0 (2)
g(XO;UOad) S 0 (3)

Xg € R™0 ug € R™"0, d € R™

where f are the equality constraints, g the inequal-
ity constraints, ug the free independent variables
(inputs), d the disturbances and x¢o the states. At
the nominal optimum a subset (g’) of the inequal-
ity constraints will be active and for small changes
in the disturbance from the nominal point, it
is assumed that the active set does not change.
Thus, the reduced space optimization problem is:

min Jy(x,u,d) (4)

f'(x,u,d) =0 (5)

where f' = [f g'|T, x = [xo W]? where u’ € ug
is the subset used to fulfill the active constraints
(g = 0) and u € up denotes the remaining
unconstrained reduced space degrees of freedom.
By formally eliminating the states (x) by using
the equality constraints (f = 0), the remaining
unconstrained problem, which is the focus in the
rest of this paper, becomes:

min J(u,d) (6)

where u € R™. The solution of the result-
ing problem in (4) may be categorized into two
classes. Let ny = dim(f'). If ny = nyy + (Nz, —
nyg) = 0, all degrees of freedom must be used
to fulfill the constraints and implementation is
usually simple by using the ideas of active con-
straint control (Maarleveld and Rijnsdorp, 1970).
In case of n,, > 0, implementing the remaining n,,
unconstrained degrees of freedom is not straight
forward and this will be the focus in the rest of
this paper.

Online information about the system behavior is
available from the measurements in the plant:

Yo = fyo (ua d) (7)

Based on the online information yqg, the most
obvious operational policy is to use some sort of

optimizing controller with frequent model updates
and re-optimization. A much simpler approach for
practical applications, is to utilize the ideas of self-
optimizing control.

Self-optimizing control (Skogestad, 2000) is
when an acceptable loss can be achieved using
constant set-points cs for the controlled variables c
(without the need to re-optimize when disturbances
oceur).

The loss is defined as the difference between the
objective using the constant feedback structure
and the true optimal objective

L =J(cs +n,d) — Jop(d) (8)

where n is the implementation error (measure-
ment and set-point error) in enforcing ¢ = cs.
The central issue when searching for the self-
optimizing control structure, is to decide how to
best implement the optimal policy in the presence
of uncertainty.

The optimal self-optimizing control structure may
be formulated mathematically by:

mhin / / J(u,d) dn dd 9)
deDneN

y =fy(u,d) (10)

h(y) =cs+n (11)

where y € yo and u is an implicit function of h, d,
cs and n. The goal is to find the optimal function
h interconnecting the measurements and the con-
trolled variables. We assume in this paper that we
use nominally optimal set-points, ¢s = Copt(d*),
but it is also possible to compute the “robust
optimal set-points” by minimizing with respect
to cs in (9) (Govatsmark and Skogestad, 2002).
In practice (9) may be solved by discretizing the
disturbance and implementation error space and
calculate some weighted average over all points.
Clearly, this is a non-convex combinatorial opti-
mization problem, that may be very difficult to
solve in practice. A much simpler method for se-
lecting the interconnecting structure h is needed.

2. PREVIOUS WORK ON SELECTION OF
CONTROLLED VARIABLES

Skogestad et al. (2003) use a Taylor series ex-
pansion of the loss function around the nominal
optimal point to develop two methods for selecting
controlled variables, the “singular value rule” and
the “exact local method”. The exact local method,
is based on the second order Taylor series expan-
sion of the loss function L = 1z[|3 with

z=J (I Th, — G Ga)(Ad) + G ']



where J,,and J,4 are the second derivatives of J
and G and G4 are given by Ac = GAu + G4Ad.
By proper scaling and assuming that ||[d n]T[|; <
1, the worst-case loss is:

7 ([My M,))?
2

Ma = T2 (Jol Ja — G 'Ga)Wy  (13)

M, = JY2G7'w,  (14)

L= (12)

where W, and W,, are positive diagonal matrices
representing the expected magnitudes of the dis-
turbances and implementation errors respectively.
This method require that, for each candidate set
the singular value of the matrix M is calculated.
The second method, the singular value rule, is
based on scaling the candidate set of controlled
variables, and select controlled variables that
maximize the minimum singular value of the gain
matrix G.

Mahajanam et al. (2001) propose a “short-cut”
method to eliminate poor choices and to generate
rank alternatives without solving the optimization
problem. The method is based on scaling all
candidate controlled variables so that they have
similar effects on the steady-state profit.

3. PROPOSED METHOD FOR SELECTING
CONTROLLED VARIABLES AS LINEAR
COMBINATIONS OF THE MEASUREMENTS

We here consider the remaining unconstrained
optimization problem in (6), and the objective
is to find variables ¢ to be kept at constant set-
points. In general, we have

c=h(y) (15)

where y € yo is the subset of all available
measurements which we choose to make use of.
Note that yo generally also includes the input
variables u. Previous work (Skogestad, 2000) has
mainly focused on using single measurements as
controlled variables, ie. ¢ = y. The generally non-
linear function h is free to choose, except that
the controlled variables are assumed independent
and that the number of controlled variables (¢’s)
equals the number of remaining unconstrained
degrees of freedom (u’s). In this paper, we consider
only linear combinations of the measurements

Ac = HAy (16)

where the matrix H is free to choose. Skoges-
tad et al. (2003) use (12) to search for the opti-
mal measurement combination (matrix H), taking
into account both disturbances and implementa-
tion errors, but this is generally a very difficult
problem. However, as shown below, it is actually

trivial to find the optimal H for the case with
no implementation error (n = 0). We use the
following insight: With no implementation error,
the constant set-point policy (c = cs) is optimal if
Copt(d) is independent of d. Of course, the optimal
values of the individual measurements y depend
on d, which for a small disturbance change may
be written

Ayopt = Yopt (d) — Yopt (d*) = (17)
F(d - d*) = FAd

where F' = (dﬁi’t) . For example, F' may be

obtained numerically by solving the optimiza-
tion problem (4) for small changes in the dis-
turbance, and from this obtaining uept(d) as
well as yopt(d). F' must be understood as an
constrained optimal linear mapping. Ganesh and
Biegler (1987) give an efficient and rigorous strat-
egy for finding the optimal sensitivity based on
a reduced Hessian method. From (16) the corre-
sponding change in the optimal value of c is

Acopt = HAYOpt (18)

Now require that

Acops = HFAd =0 (19)

This needs to be satisfied for any Ad so
HF =0 (20)

For this to hold, Hshould be in the left null
space of F (H € N(FT)). This requirement is
always possible to fulfill, if there are enough mea-
surements available in the plant. There are n,
unconstrained degrees of freedom (the length of
vectors u and c are n,,), n, independent measure-
ments used when forming c, and ng independent
disturbances. Then F'is a n, x ng matrix and H
a n, x n, matrix. The fundamental theorem of
linear algebra (Strang, 1988) gives that N(F7T),
the left null space of F has rank n, — r, where
r = rank(F) = ng. Since H € N(FT) it follows
that rank(H) = n, — nq and by assuming that
the number of controlled variables must be equal
to the number of inputs, rank(H) = n,,.

Ny — Ng =Ny & Ny =Ny +Nyg (21)
so that the minimum number of measurements
needed, is equal to the number of inputs plus the
number of disturbances.

3.1 Comparison with the exact local method

The linearized models at the nominal point is

Ay = GYAu+ GYAd (22)



where GY = (0f,/0u”)* and GY = (0f,/0d™)*.
For a disturbance change we have (Skogestad et
al., 2003).

uopt(d) - uopt(d*) = _ijgljgu(d —d*(23)

Thus

AYopt =[G Tg, + Gy (d — d¥) (24)

By using G = HG, and Gq4 = HGY in (13),
setting My = 0, assuming no implementation
error and rearranging we get GJu_ul*J;u —Gq=0
and inserting into (24) we re-derive Aceopt =
HAyopt = 0. Note that

F=-G"J.} Jgu + GY (25)

4. A TWO-STEP METHOD CONSIDERING
DISTURBANCES AND IMPLEMENTATION
ERRORS.

From the analysis in Section 3, see (12) to (14), it
is evident that even if My = 0 the loss may still be
large, since M, is non-zero due to the implementa-
tion error. As stated, the selection matrix H is not
unique, since there is freedom in selecting another
sub-set of measurements. This may be utilized in
order to reduce the effect of the implementation
error, while still ensuring My = 0. The selection
of a sub-set y of the available measurements yg,
should reflect two goals. First, since the feedback
structure must correct for disturbances in order to
keep the plant optimal, the disturbances must be
observable in the process (high gain in G4). Sec-
ond, in order to reduce the implementation error,
it is evident from (14) that G~! should be small
in all directions (e.g o(G) should be large). Based
on these observations, it is proposed here to se-
lect measurements sequentially, that maximize the

minimum singular value of the scaled augmented
plant Ay’ = GYAu = [GY' GY][Ad Ad'|T.

The reason for using ¢(G¥) rather than ¢(G) and
o(Ga), is that H is not known a priori. To justify
this, the following applies:

o(H)o(GY) < o(HGY) = (26)
a([G Ga4]) < min(a(G),a(Ga))

(Skogestad and Postlethwaite, 1996), (Horn and
Johnson, 1991), where it is alway possible to select
o(H) = 1. Thus, a(G¥) provide a lower bound on
o(G) and ¢(Gy). In addition, if ¢(GY) is nonzero
this guarantees that F has full rank ng, see (19),
which is required to ensure that F' # 0 for all d.
This follows from (25) since GY¥ and G¥ has full
rank n, and ng respectively, and G¥ has full rank
Ny + Ng-

The proposed method of selecting controlled vari-
ables as linear combinations of the measurements
is summarized in Section 4.1.

4.1 Details of procedure

Assume that n,, > n, + nq and the nominal
optimal point is ugpt(d*)

(1) Linearization. Linearize the process model
around the nominal optimal point. This give
G¥and GY° for all measurements ypo.

(2) Scaling Scale each measurement yo ; with its
corresponding implementation error (|ny, ,|),
each input u; with its corresponding allow-
able range (A maz) and each disturbance
di, by its corresponding expected distur-
bance. This give the scaling matrices W, =
diag(|noi|), Wy = diag(Auj maey) and Wy =
diag(|dy|)

(3) Selection of measurements.

(a) Augmented process model. Calcu-
late the scaled process model Aygy =
GU'Ad + G Ad = W, L GroW, Au’ +
W, i GY*W4Ad' and obtain a new pro-
cess matrix

Ayp = G Au = [G¥ GY'|[Ad’ Ad']T

(b) Selection of the first measurement.
Calculate the row norm ||G;”||2 for all
rows ¢ and sort by decreasing row norm.
Select the row with highest norm and
add the corresponding row of the pro-
cess matrix to a selection process matrix
GY = maz;|GY° |2

(c) Selection of the additional mea-
surements. Until n, = n, + ng add
measurements to the selection process
matrix one-by-one

G?+1,i = [éﬁo ]

for all 7 and calculate the minimum sin-
gular value for all the combinations. Se-
lect the new measurement which has the
highest minimum singular value and add
to the selection process matrix.
(4) Null space of F and selection of con-

trolled variables.

(a) Obtain F, for example, numerically from
the non-linear equations, F' = (%) ,
or from (24).

(b) Calculate the null space N'(F7T).

(c) Select H such that H € N(FT) and the
rows of H form a orthonormal basis. This
ensure that Acopt = HAyopt =0



5. EXAMPLE: “PETLYUK” (DIVIDING
WALL) DISTILLATION COLUMN

The thermally integrated divided wall (“Pet-
lyuk”) arrangement has several advantages com-
pared to the traditional arrangements. Smith and
Triantafyllou (1992) report typical savings in the
order of 30% in both energy and capital costs
compared to traditional arrangements with two
columns in series. The Petlyuk column shown
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Fig. 2. The Petlyuk Distillation column imple-
mented in a single column shell.

in Figure 2 has at steady state five degrees of
freedom, which may be selected as the following
inputs v = [V L S Ry R,)T (boil-up, reflux,
mid product side-stream flow, liquid split and va-
por split). The product quality constraints corre-
spond to the top purity (zp,4), the bottom purity
(xB,c), the side-stream purity (zg ). The main
contribution to the operational cost is the reboiler
vapor flow, so the plant objective is to minimize:

J(x,u,d) =V (27)

The model of the column is based on the assump-
tion of constant relative volalities (v = [9 3 1]T),
constant pressure, equilibrium on all stages, total
condenser and constant molar flows. The tray
temperatures are calculated based on the compo-
sitions using Antoine’s equation.

Nominal data: Feed flow F* = 1, liquid frac-
tion ¢* = 0.477, feed compositions 2z} = z5 =
z& = 1/3 and product inequality constraints
[tp.a rsp 5]t > 0.97. The nominal optimal
inputs are uep(d*) = [L* V* S* Rf R}T =
[0.718 0.5810 0.3227 0.3792 0.5123]7. Only eco-
nomically important disturbances should be in-
cluded in the analysis, which correspond to the
disturbances z4 and ¢, the composition of com-
ponent A the liquid fraction in the feed respec-

tively, where d = [24 ¢]7 = [z £0.1 ¢* £0.1].
Since only intensive measurements are considered,
feed flow rate is neglected as a disturbance. The
implementation error is assumed to be |n| =

I, .| Ing| Ing, )T = [0.4 0.05 0.05]T.

For the disturbance range considered here, the
optimally active constraints that need to be con-
trolled, are the product compositions for the top,
bottom and side-stream ([zp a 7s.p rp.c]l =
0.97), removing three degrees of freedom (L, V
and 5).

Based on the observation that the objective func-
tion has one “strong” and one “weak” direction,
Halvorsen and Skogestad (1999) stated that in
order to track the optimal trajectory only one
of the remaining degrees of freedom need to be
adjusted, so they propose to fix R,. This is also
reasonable from a practical point of view, due
to the practical difficulties of implementing the
vapor split. For the remaining degrees of freedom,
only temperature measurements or combinations
thereof are considered.

Halvorsen and Skogestad (1999) studied sev-
eral candidate controlled variables for good self-
optimizing properties, where the most promising
control structure was to control DTg, a measure
of the temperature profile symmetry across the
dividing wall, and R,. DTs is defined as DTs =
ZTLZ' — T47i — ZT2,Z' —T5 , where Tj,z is the tem-
perature of tray ¢ in section j.

For the remaining degree of freedom, only temper-
ature measurements or combinations thereof are
considered. In addition to the structure (R,,DTs)
proposed by Halvorsen and Skogestad (1999), sev-
eral other structures are considered; (R,, T1.7),
(Ry, T1 2) and the open loop structure (R, Ry).

In addition, two structures based on the methods
proposed in this paper, are compared for self-
optimizing properties.

1. (Ry,crc3) with R, fixed and the implemen-
tation error in R, is added as a disturbance.
Thus, d = [z4 ¢ ng,] and the number of mea-
surements needed is ny = n, +nqg = 1 +3 =
4. Maximizing the minimum singular value of
the scaled augmented plant give that the subset
T5,5,122,T42,T51 of the temperature measure-
ments should be combined. Selecting ¢ = Hy such
that H is in the left null space of F, result in
cre,s = —0.959T5 5 + 0.196915 2 + 0.0095614 2 +
0.17707% 3.

2. (erc,cne,2). This case was included in order
to check if there is any additional economic advan-
tage of using both degrees of freedom as inputs.
Here we have two unconstrained degrees of free-
dom and the number of required measurements is



Ny = Ny +ng = 2+ 2 = 4. The temperatures
T55,72,3,T4,2,T>1 minimized the singular value
of the augmented plant and the corresponding
optimal measurement combinations are crc,1 =
0.222T5,5 — 07052T2,3 + O.490T4,2 + 0.462T2,1 and
crce = —0.94675 5 — 0.0037%,3 + 0.15927, o +
0.2821T75 1. For the controlled variables that are
linear combinations of the measurements it is as-
sumed that the implementation error is n.; =

[ HiWyll2.

In calculating the loss in Table 1, it is assumed
that the combined implementation and distur-
bance vector is 2-norm bounded and that there
is no implementation error in enforcing the active
constraints. The average loss is calculated as a
weighted sum of all combinations of the imple-
mentation and disturbance vector in which each
disturbance and implementation error has a low,
nominal and high value, with equal weighting.

Table 1. Loss for the different controlled
variables in the Petlyuk Column case

c1 co Average loss (%)  Worst case loss (%)
cLc,1 CcLC,2 0.01 0.02

Ry crLe,3 0.16 0.87

Ry DT; 2.40 11.9

Ry Ry 18.0 123.0

R, Tir 22.7 118.4

Ry Ts,2 infeasible infeasible

As seen from Table 1, control structures (chl7
cre,2) and (Ry, cre,3) track the optimal trajec-
tory and give near-optimal operation. Control-
ling structure (R,,DTs) also give acceptable op-
eration, while controlling the single temperatures
(Ty 7 and T52) give a very high loss or infeasible
operation, which is expected since a change in
the inflow composition is one of the disturbances.
From Table 1 it is evident that fixing R, gives only
a small increase in the loss, but this is necessarily
not true for all liquid fractions in the feed.

6. CONCLUDING REMARKS

Selecting the right variable to control is of great
importance to overcome uncertainty in operation.
A new method for selecting controlled variables
as linear combinations of a subset of the available
measurements has been proposed in addition to a
method for selecting the subset of measurements.
The idea is to find a linear combination of the
measurements such that Acopr = HAYepe = 0
by using as many measurements as there are
unconstrained inputs and disturbances. From a
linear point of view, the proposed method guar-
anty perfect self-optimizing properties if we ne-
glect implementation error. The proposed method
has been illustrated on a simulated Petlyuk dis-
tillation column, which show that the proposed

method give controlled variables with good self-
optimizing properties.
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