
Cautious On-Line Correction of Batch 
Process Operation 

Peter Tenviesch 
Systems Engineering Group, TCL, ETH Zurich, 8092 Zurich, Switzerland 

Most industrial batch processes are operated through 
open-loop application of an off-line optimized input profile, 
such as feed or temperature. This is because modeling accu- 
racy is typically poor (Juba and Hamer, 19861, and direct con- 
centration measurements that would allow to cope with the 
frequently encountered lack of reproducibility are rare. 

However, when on-line measurement information gives 
access to the system state, on-line reoptimization promises 
considerable improvement. Since industrial on-line measure- 
ments typically do not immediately reveal perfect informa- 
tion on the entire system state, on-line state and parameter 
estimators need to be used. Their estimates often contain 
non-negligible uncertainty due to the system state being in- 
ferred from indirect, so-called model-based measurements, 
which can be subject to both stochastic measurement noise 
and structural measurement-model mismatch. 

Given such estimates, it is common practice to perform 
on-line optimization ignoring their uncertainty. Still, this is 
optimal theoretically only for ideal linear systems rather than 
possibly strongly nonlinear batch processes. Another ap- 
proach is to begin with the open-loop optimal profile and 
switch to on-line optimization either empirically after a given 
number of measurements or when estimate uncertainty is 
sufficiently small. This leaves the problem of finding a good 
compromise between waiting for good estimates and reacting 
sufficiently early, as sensitivity of the final operation objective 
to input changes usually decreases rapidly. 

The present contribution suggests a cautious on-line cor- 
rection mechanism that replaces the switching from open-loop 
to closed-loop operation with a smooth transition controlled 
by estimate uncertainty. Its single scalar tuning parameter 
represents the desired degree of cautiousness or boldness with 
which current estimates are used for on-line correction of 
open-loop optimized input profiles. In the limiting cases of 
no information (large uncertainty) and perfect information 
(certainty), the corrector naturally reduces to optimal open- 
loop and optimal feedback operation, respectively. 

Cautious Correction and Interpolation 
Single projik? correction 

Given a state estimate 3 and an estimate of its variance/ 
covariance matrix P, from a state estimator, such as the ex- 

tended Kalman filter (EKF) (Jazwinski, 1970), the A,y2-test 
(Bard, 1974) can be used to check whether or not a point x 
of the state space lies in a linearized y %-confidence region 
of the estimate. For a model with p degrees of freedom, such 
a point does lie in this region if (and only if) it satisfies the 
inequality: 

where Ax2 can be taken from statistics tables or can be com- 
puted from the r function. 

Given an open-loop optimal trajectory for control u * ( t )  and 
state x* ( t ) ,  Eq. 1 could in principle be used as a criterion for 
switching from the open-loop optimal u * ( t )  to an on-line op- 
timized u(f). As the exact reoptimization is normally too de- 
manding to be performed on-line, state feedback remains the 
more feasible alternative. Different approaches to optimizing 
state feedback can be found in Palanki et al. (1993) (singular), 
(Terwiesch and Agarwal, 1994) (nonsingular) and (Cuthrell 
and Biegler, 1989) (reoptimization). 

In order to eliminate undesirable side effects of binary 
switching between open-loop and feedback operation such as 
oscillation between the two, a smooth transition is sought to 
replace switching based on Eq. 1. Even states that lie several 
standard deviations away from their nominal value should 
only influence the decision about the correction if they have 
an impact on the optimal control. 

Consider the following definition of a cautiousness factor: 

where K = du/dx, 6 f  = f - x* and a is a scalar tuning pa- 
rameter. In the general transition scheme: 

that gradually shifts between off-line optimized u * ( t )  and 
on-line estimate-based u(4), a smaller value of a leads to a 
smaller value of e ,  thus causing the controller to stick more 
cautiously to the open-loop policy rather than rely on current 
state estimates for correction, as would be the case for larger 
values of a.  In the limiting cases of perfect information (P, 
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-+ 0) and no information (P, +m), the controller naturally 
reduces to optimal feedback control and optimal open-loop 
operation, respectively. The scalar tuning parameter a can 
be used to adjust the desired level of conservativeness/bold- 
ness in using the current estimates for endpoint optimizing 
feedback. The extreme setting a --f 0 is equivalent to total 
disbelief in the estimates and thus leads to optimal open-loop 
control, while large tunings a + w  cause the corrector to en- 
tirely believe the estimates and ignore their uncertainty. 

Note that the definition of Eq. 2 is independent of numeri- 
cal scaling of x and u coordinates, and that P, KPxKT can 
be interpreted as the covariance of the correction 68 = u(P) 
- u*(t ) .  For infinitesimal changes, the term SliTPu-'68 can 
be understood as the square of the generalized distance in 
coordinates of the estimate variance and is a measure of sig- 
nificance of the projected control change 61i given an esti- 
mate 9, its variance PI, and a control law ~ ( 2 ) .  It remains 
small, and C --f 0, when P and x* are not significantly differ- 
ent or when rlu/dx is small in the direction of their distance, 
and is large, and C + 1, as 6P becomes significant in view of 
the varianee/covariance P, amplified by the gain Ju/Jx. (See 
section 4, Figure 5, for an illustrative example.) 

For example, a cautious form of the neighboring extremals 
correction G1i(t) = K(t)s.?(t)  investigated for the case of per- 
fect state estimates in (Tenviesch and Aganval, 1994) is: 

u ( t )  = u*( t )+  e K ( t > s f ( t >  (4) 

Here, the optimal linear time-variant correction gain K ( t )  can 
be precomputed off-line through backwards integration of a 
matrix Riccati type ODE around the optimal ( x * ( t ) ,  u*(t)),  
thus reducing the on-line computing effort of the optimiza- 
tion part to that of a P-controller. Application of the cau- 
tious optimizing state feedback (Eq. 4) will be demonstrated 
on a numerical example in the third section. However, the 
cautious transition scheme (Eqs. 2 and 3) is more general and 
can also be used with the other types of on-line optimization 
discussed above. Note that generalization to the case of mul- 
tiple nominal trajectories is straightforward and allows to 
cover larger regions of uncertainty. 

Simulation Example 
Process model and objective 

isothermal batch reactor: 
Consider the following series reaction conducted in a non- 

The reaction kinetics, a second order decomposition followed 
by an autocatalytic one, can be described by 

d 
- [A]=  -2k,[AI2 
dt 

Temperature dependence follows the Arrhenius' law: 

4 _ _  
k , ( T )  = k,,,e R T ,  i E [I, 21 

where k,,,, = 80, k2,, = 600, El = 22, and E ,  = 33. Initially the 
reactor is filled with A ,  contaminated with a small amount of 
C, and no B is present. The objective of the optimization is 
to determine the temperature profile T ( t )  E [290, 4201 that, 
for the given batch time tr = 1, maximizes the ratio J of the 
desired B to the undcsired A and C: 

This objective strives simultaneously for a high B production 
and a low burden of subsequently separating A and C from 
the desired product. 

Estimation 
Given simulated measurements of heat generation y1 (in- 

ferred from temperature measurements) and of absorbance 
y ,  at a specific wavelength: 

the three concentrations and the rate constant factor k are 
estimated on-line using an EKF. Since both measurements 
are corrupted with noise (see Figure l), the filter yields esti- 
mates with nonnegligible variance, ?specially for, [ C]. While 
the filter starts from the nominal [A],, = 0.996, [Bl, = 0, [e l ,  
= 0.002, R,, ,  = 80, which are also the nominal values for which 
the optimization is performed, the true process is simulated 
with [A], = 0.992, [B], = 0, [C], = 0.004, and k, , ( )  = 144, 
meaning that both reaction steps proceed more quickly than 
nominal. For a typical profile of the states and their esti- 
mates, see Figure 2. (Numerical values: c, = 1, c2 = I ,  c3 = 5,  
AHr, = 0.2, AH,, = 0.5.) 

Results 
The present section summarizes results obtained in com- 

parison of cautious correction against estimate feedback and 
open-loop operation. The cautious feedback (4) includes the 
:oncentration states and the estimated rate constant factor 
k, , , ,  which is readily incorporatcd into the neighboring ex- 
tremals framework. 

Figure 3 compares temperature profiles for cautious ( (Y = 

0.5) and noncautious correction and open-loop operation for 

0.4 

Y2 - 
0 

1 

Figure 1. Measurements. 
- Y , ,  --- 4'2. 
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the same run as above. While both corrected profiles achieve 
substantial performance improvement relative to open-loop 
operation, the estimate feedback starts correcting in the 
wrong direction initially. 

For the same run, Figure 4 shows the evolution over time 
of the significance measure SlirPU~’8li. The EKF is able to 
estimate the off-nominal value k,,, comparatively well from 
the first few data points due to the strong initial heat genera- 
tion. However, the significance measure 81iTPu- ’8; remains 
small until t = 0.3, as not enough information regarding [C], 
to which the optimal strategy is most sensitive, is available 
before. 

A similar situation is illustrated in Figure 5,  where the cur- 
rent estimate 3, ‘ x ’, and its 90% confidence ellipse for known 
k l , ,  are shown in the [ A ] ,  [ B ]  plane together with lines of 
constant u (solid). Separate information on [C] is obviated 
through mass balance. While P is significantly different from 
the precomputed nominal x*, ‘ *’, its projection on the con- 
trol gradient is small (2 units) relative to that of the confi- 
dence region. In comparison, for a hypothetical nominal i ,  
‘o’, that still lies within the confidence region, this projection 
would be considerably larger (5  units), thus calling for stronger 
correction. 

Figure 6 shows performance J of cautious (solid) and esti- 
mate feedback (dashed) relative to open-loop performance 
I,,,,, for a range of cases with [C] ,  mismatch and no kl,, 
mismatch. In the vicinity of the nominal value [C], = 0.002 
(dotted), estimate feedback performs worse than open-loop 
operation, while the cautious feedback practically retains 
open-loop optimality. In the case of far less [C],  than nomi- 
nal, estimate feedback performance is superior, as it creates 
a strong response based on the first few measurements, while 

‘- 
I o a I o . a a s o 1 a s u a 7 w a v  I 

a 5  I 

t 

Figure 3. Temperature profiles. 
- cautious; - -- estimate feedback; . - * - open loop. 
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Figure 4. Significance 60TP;’ 60. 

the cautious corrector is hesitant to take any other decision 
than the nominal policy since no clear information regarding 
even the sign of the optimal correction is available. This atti- 
tude pays in the opposite case, when more [C] is present ini- 
tially, as the estimate feedback similarly to Figure 3 first cor- 
rects in the wrong direction while the cautious feedback still 
sticks to the open-loop policy and waits for statistically more 
significant information. Considering the results obtained for 
the whole range of simulated mismatches, especially when 
weighted by a probability distribution that has its mean at the 
nominal value, the cautious corrector’s overall performance is 
visibly better than that of direct estimate feedback. 

Changing the coefficients of the second measurement 
equation to c1 = 1, c2 = c3 = 2 produces constant absorbance 
for all times and makes any [C], mismatch unobservable. 
While an estimate-based mechanism would still attempt to 
correct the temperature profile, the cautious corrector sticks 
to the open-loop policy, since it automatically ‘notices’ the 
lack of measurement information that could be used for cor- 
rection. 

Discussion 
While the considerations leading to the formulation of the 

cautious corrector are of a statistical nature, no claim regard- 
ing theoretical optimality of the proposed approach, espe- 
cially the empirical definitions (Eqs. 2 and 3) is made. 

Also, the author freely admits that the present work de- 
pends on the availability of realistic estimates not only of the 
system states but also of their variances. The latter are not 
always available, since especially in cases with many data 
points and small measurement noise the EKF tends to un- 
derestimate the state variance (Jaminski, 1970). However, 
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Figure 5. Estimate with confidence ellipse. 
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this is typically more a problem of continuous rather than 
batch processes and can be resolved by replacing the EKF 
with a computationally more expensive estimator based on 
the method of sensitivity equations (Bard, 1974). Even when 
an insufficient number of computing resources for on-line 
implementation of such an improved estimator are available, 
it can be used off-line as a reference for appropriately tuning 
the EKF. 

The choice of tuning parameter a is comparatively 
straightforward, since the interpretation of Eq. 2 as a map- 
ping from Ax2 to C! E [0, 11 allows the effect of the tuning 
to be relatively well anticipated as values of Ax2 are known 
given the number of degrees of freedom p and a desired 
confidence y. 

An open problem is that estimate feedback often produces 
relatively ‘nervous’ controls that may be unsuitable for practi- 
cal implementation, and that the cautious corrector inherits 
this undesirable property when estimates are several stand- 
ard deviations from nominal. While the most rigorous ap- 
proach would be to incorporate control smoothing into the 
on-line optimization, such as by penalizing large control 
changes, a shortcut adjustment can be made by increasing 

the measurement noise covariance R in the tuning of the 
EKF. 

Conclusion 
A cautious corrector that incorporates uncertainty of state 

estimates into on-line batch optimization has been presented 
and subsequently demonstrated on a simulation example. 

A single scalar tuning parameter is used for user specifica- 
tion of a desired degree of cautiousness or boldness in believ- 
ing current estimates and their variances for on-line correc- 
tion or reoptimization of open-loop optimized input profiles. 
In the limiting cases of no information and perfect informa- 
tion, the corrector reduces to optimal open-loop and optimal 
feedback operation, respectively. 

Acknowledgment 
The author acknowledges discussions with B. Schenker and Prof. 

D. W. T. Rippin and financial support from the Swiss National Sci- 
ence Foundation. 

Literature Cited 
Bard, Y., Nonlinear Parameter Estimation, Academic Press, New York 

(1974). 
Cuthrell, J. E., and L. T. Biegler, “Simultaneous Optimization and 

Solution Methods for Batch Reactor Control Profiles,” Comp. 
Chem. Eng, 13(1-2), 49 (1989). 

Jaminski, A. H.,  Stochastic Processes and Filtering Theoy, Academic 
Press, New York (1970). 

Juba, M. R., and J. W. Hamer, “Progress and Challenges in Batch 
Process Control,” Chemical Process Control III, M. Morari and 
T. J. McAvoy, eds., p. 139 (1986). 

Palanki, S., C. Kravaris, and H. Y. Wang, “Synthesis of State Feed- 
back Laws for End-Point Optimization in Batch Reactors,” Chem. 
Eng. Sci., 135 (1993). 

Tenviesch, P., and M. Agarwal, “On-line Correction of Pre-Opti- 
mized Input Profiles for Batch Reactors,” Comp. Chem. Eng., 
Suppl. 18, S433 (1994). 

Manuscript received Apr. 29, I994 

1340 May 1995 Vol. 41, No. 5 AIChE Journal 




