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In this paper, we consider the problem of determining thenagit feeding policy for

a fed-batch fermentation for the production of Baker’'s yaasthe presence of un-
certainty. Two algorithms are discussed for the computimg @ptimal solution in

the presence of uncertainty. The first method is a measutenased closed-loop
approach where process measurements are utilized to malt@eadjustments to
the optimization routine. The second method is simulasmel open-loop approach
where simulations are run assuming various operating pagiaitilizing the simulator

as if it were the real process. These two methods are impletem a Baker's yeast
fermentation with uncertain parameters and it is shown thah approaches lead to
improved performance over the conventional open-loop atjar.

Introduction
Batch and semi-batch processes are of considerable imperta the fine chemicals
and pharmaceutical industry. Since the production voluaredow, batch plants are
typically multi-productfacilities in which several different products share thenea
piece of equipment. With the recent trend in building smalkithle plants that are
close to the markets of consumption, there has been a renatezdst in batch pro-
cesses [Biegleet al, 1999]. In particular, the optimization of batch and fedeba
fermentations has attracted the attention of several relseia in the past two decades.
In the mid to late 1980s several studies were conducted iogtimization of microbial
fermentations by manipulating the feed rate of substratiedoeactor [see for instance,
Lim et al, 1986; Menawatt al, 1987]. While these papers were responsible for
introducing formal optimization methods to the biocherhmagineering community,
one major unresolved issue is the fact that the optimizatiethods depend strongly
on the accuracy of the process model. Given the fact thatratcmodels are not
available for most industrially relevant fermentationgen-loop implementation of the
solution obtained by optimizing the process model does natantee that the fermenter
is being run optimally and can lead to substantial lossesadyxt yield and quality over
the course of several batch runs [Palagikal., 1993].

In this paper, we consider the problem of determining thénwgdtfeeding policy
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for a fed-batch fermentation for the production of Baker&ast in the presence of
uncertainty. In section 2, the end-point optimization peabis formulated mathemat-
ically. The solution strategies available in the literattw solve this class of problems
are briefly reviewed. In section 3, the effect of parametricartainty is presented.
Two algorithms are discussed for the computing the optiroklt®n in the presence
of uncertainty and simulation studies are conducted torohete the efficacy of these
algorithms. Finally, in section 4, the major conclusionshi$ study are summarized.

Problem Formulation

The production of baker's yeast in a fed-batch reactor issictamed. The dynamic
model for fed-batch reactor consists of the material badamcthe biomasX’, substrate
S, and the overall volum& of the system [Menawat al., 1987]:
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where F' is the volumetric feed rate of substrate with concentra@igi, Yx s is the
yield coefficient and. is the specific growth rate given by the following function:
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The objective is to find the optimal volumetric feed rétehat maximizes the amount
of biomass at a end of a fixed final time. This can be stated mettieally as:

min J = —-XV ...(3)

The volumetric feed rate is constrained to be betwEgp, and F,,,.,. and the volume
of the reactor is constrained to not more thag,...

Note that the problem of maximizing the biomass is posed am@mzation prob-
lemin eq. (3). In the optimization literature, optimizatiproblems are generally posed
asminimizationproblems and so the problem of maximizing an objective fioncis
converted to a minimization problem by changing the signhef dbjective function
[Bryson and Ho, 1975].

The modektructureof the Baker’s yeast fermentation is well defined by the ludhpe
parameter model described by eq. (1) and eq. (2). This modéigts the generatend
of the overall cell mass growth kinetics as well as the salbsttonsumption rate when
the fermentation is conducted in batch or fed-batch modeweyer, in an industrial
setting, due to minor changes in fermentation media aniiz#gion conditions in every
batch, the cell mass profile and the substrate consumptafilepdiffer from batch to
batch [Terwiesctet al, 1994]. For this reason, if one fits the general model strectu
described by eq. (1) and eq. (2) to several batch run dath, reacwill show slightly
different model parameters [Palargtial., 1993]. For this reason, optimal operation of
this process involves the development of a strategy thastako account the fact that



while the modektructurefor the fermentation process does not changeptrameters
could change from batch to batch.

The problem of computing the optimal operating strategy iea-time framework
for continuousprocesses in the presence of process disturbances andimgodet
certainty is a well studied problem [see, for instance, Mawt al, 2004; Yip and
Marlin, 2002]. However, these results are not directly aggtile to the batch problem
considered here where the model structure is known but treers could change
from batch to batch.

Defining the variables:

xr1 = SV
vy = V ... (4)
the reduced model for this system is given as follows
d
Kl —pxe + CgpF
i ...(5)
2 _ R
dt
The substrate concentratishis given by
§="21 ...(6)
T2

Furthermore, the biomas$ can be computed from the following algebraic expression:
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whereV,, Xo and Sy are the initial fermentor volume, initial cell mass concatibn
and , initial substrate concentration. The input constrdih,;,, < F' < F,,,.) can be
written as:

Fmin - F S 0

F_Fma$S0 (8)

and the volume constraint can be written as:
(EZ_VmaISO (9)

It will be shown in the next section that thisducedmodel is useful in generating
an analytical expression for the optimal operating stratelgich is straightforward to
implement on-line.

The end-point optimization problem described above is efg@neral form:
Minimize the objective function

T = d(ats) ..(10)
subject to
z = f(z,u)
z(0) = xo
Pu—b < 0 (input constraints) - (11)
Qr—c < 0 (state constraints)



wherez is the state vector of dimension « is the input vector of dimensiom, f is a
smooth vector function of dimension Pu — b < 0 represenp input constraints and
Qx — ¢ < 0 represeny state constraints.

Solution Strategies
General methods for solving optimization problems of threfof eq. (10) and eq. (11)
were first developed for aerospace applications in the 1850s1960s [Bryson and
Ho, 1975]. Since then, there have been a plethora of papé¢he iapplication of these
methods to specific case studies of end-point optimizatioblpms in batch processes.
Using calculus of variations, the problem of minimizing alsec cost function eq.
(10) subject to the dynamic constraints eq. (11) can bemaftated as minimizing the
Hamiltonian H which leads to a class of indirect optimization methods Hry and
Ho, 1975]. This reformulation leads to the following Eulsagrange equations:
Minimize the Hamiltonian

H(z, A u) = A f(2,u) + pi (Pu—0) + 3 (Qz — ¢) .. (12)
subject to:
&= f(zu); z(0) = g
: oF 0 ...(13
A= *)\T% — 5 Q5 Atyp) = £|t:tf (13)

where(t) # 0 is then-vector of adjoint states and the vectprsandu. are the Kuhn-
Tucker parameters of dimensiprandq respectively. When any constraint is active, the
corresponding Lagrange multiplier is positive and when @st@int is not active, the
corresponding Lagrange multiplier is equal to zero [Mautéi7]. Thusu? (Pu — b)
andud (Qz — c) are always equal to zero. The necessary condition for ofitintd H

is given by the followingn relations:

Hu:)\Tg—i—ulTP:O ... (14)
ou
which implies thate, u, A\, u1, andus exist such that the following expressions hold:
z = f(x,u)
z(0) = o
o= g
ox
o¢
Alty) = 6_x|t:tf
L Of . ...(15)
M?(PU -b) =0
p(Qr—c) = 0
w > 0
e > 0

The formulation represented by eq. (15) provides an intimethod for solving
for the optimal inputs. One can see that to solve eq. (15)Heraptimal inputsu;,
one needs to integrate the state equatiéns (f (x, «)) forward in time and the adjoint



Table 1. Reaction Conditions for Baker’s Yeast Fermentation

Parameter Value | Units

Simulation timet 10 h

Specific growth raté,, ) 0.5 (h™1)

Haldane-Monod parametéx 0.5 (kg/m3)

Haldane-Monod parametég 500 | (kg/m3)

Yield coefficient(Yxs) 0.5 (kgcell/kgsubstrate)

Concentration of substrate in feédsr) | 300 | (kg/m?)

Initial reactor volumé/, 1 m3

Initial concentration of substrat€’so) | 100 | (kg/m?)

Initial concentration of cell mas®”x,) | 10 (kg/m?)

Maximum reactor voluméVyq..) 10 m3

. C 70f T o .

equations X* = -\ == — u5 Q) backwards in time. Thus, &vo-pointboundary

value problem needs toxbe solved numerically for the input#\ variety of numerical
methods have been utilized for solving this two point boupdelue problem. For
instance, the shooting method was utilized for the optitiomeof batch polymerization
[Hicks et al, 1969; Chen and Jeng, 1978], and for determining the optipatating
policy in batch antibiotic fermentation [Lirat al., 1986; Parulekar, 1992].

By applying of the Euler-Lagrange equations to the systgireseented by eq. (5),
it can be shown that the optimal input is either to keep théesy®n an input constraint
(F = Fin Or F = F,4.) Oris such a flow rate that keeps the system represented by
eg. (5) on the surface described by [Palagikal., 1993]:

S = \/kiks ... (16)

Simulations are conducted using the parameters and reamiaditions given in
Table 1. It can be seen that the condition given by eq. (18esponds to a substrate
concentration of 15.8%g/m3. Since the initial substrate concentration inside the
reactor is 100kg/m?, no substrate is fed until the substrate concentratioméntie
reactor drops to 15.8kg/m? after 3.8h. At this point, the substrate feed rate is
adjusted to maintain the substrate concentration at 15383, It can be seen from
Figure 1 that the substrate concentration remains conatat®$.81kg/m? after 3.8
h while the cell mass concentration continues to increasee imput profile used
to maintain the substrate concentration and the corregpgridcrease in the reactor
volume are shown in Figure 2. The final amount of cell massinbtbat the end of the
10 h batch corresponding to the optimal substrate feed rateshowigure 2 is 972.8
kg.

Optimization Under Uncertainty

Most optimization methods, including those discussed apmvolve one underlying
assumption: the mathematical model used in the method anghkitameters associated
with the model are accurate and truly represent the origgatdh process. However,
such accurate models are seldom available in reality, &dpyefor batch processes.
Parameters involved with the modeling, kinetics and thelynamics of a reaction for



Figure 1. Substrate and Biomass Concentrations
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instance, are not completely established for most batchegs®s and their dynamic
nature is often not very well understood. For this reasanpthtimal solutions obtained
by using the mathematical models may not remain optimal.

In addition to inaccurate model parameters, there may &saiiations in operating
conditions contributing to the uncertainty. For instanseale-up of a process from
laboratory scale to the actual plant may also contributentoertainty. In addition,
there could be uncertainty in loading conditions, espBoigihen reactants are added as
solids and mixed with solvent after charging. This can ledoatch-to-batch variations
in product quality and poor reproducibility.

Effect of Uncertainty on Nominal Solution

Most batch industries currently use input profiles that aztemnined heuristically.
These input profiles typically result in sub-optimal praceperation in presence of
uncertainty. Using sub-optimal input profiles on the acprakess may risk the viola-
tion of safety constraints, production off-spec produats] more importantly the loss
of invaluable time, energy and money. Despite the awareimegge batch chemical
industry regarding the influence of parametric uncertaiféy measures are taken to
rectify the current situation [Terwiesch, 1994; Bonvin98%

Batch reactors are very sensitive to uncertainty in modelmpaters such as kinetic
rate constants and heat capacity coefficients. From a catiqusg perspective, the
solution obtained from nominal model does not remain ogtimahe presence of
uncertainty to such sensitive parameters. However, faaiceparameters, it is possible
that the nominal solution remains optimal for a range of pet®rs values, as the
model may be insensitive to uncertainty in those parameifére effect of parametric
uncertainty on the Baker's yeast fermentation operatiaorsidered.

The three parameters involved in the fermenter model ar@ah@meters:;, and
ko, and the specific growth ratey,,,. The nominal values of these parameters are
0.5 kg/m?, 500 kg/m? and 0.5 hr~! respectively. Other parameters and reaction
conditions associated with this reaction may be found inélfdb When there is no
uncertainty in the model parameters, the open loop solatioresponds to the optimal
solution. The open-loop solution, as shown in Figure 1,reefe the case when no
periodic adjustments are made to the optimal solution basethe output from the
process.

The extent of uncertainty in each of the three parametessisnaed to vary between
-50% and +50% of their corresponding nominal values. Twiedht simulations are
performed for each case of uncertainty: open-loop simutatind simulation with
optimal operation as shown in Figure 3. The solution for ro#ation problem is
found offline using the nominal parametets, k3, ., and this achieved solution
is implemented even in the presence of parametric uncegrtatearly, the two open-
loop strategies shown in Figure 3 correspond to identicgduds only wherks, k3, and
wr, are exactly equal thq, ko, and,,.

We first computed the optimal substrate feed rate and thenapswitching time
based on a fixed model. This achieved solution was implerdéntepen-loop on the
process (simulator) for different values of the paramet&he biomass achieved from
this open-loop implementation is compared with the bionthas would have been



Figure 3. Open-loop Strategies
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achieved if the parameter values had been exactly known. effbet of uncertainty
in k1 is summarized in Table 2. The target substrate concentraiéndicated for
both open-loop as well as optimal simulations. The time riafos the substrate to
reach this target concentratian,,;;c», is also indicated for both the cases. Finally, the
objective function, the amount of biomass produced at tlieadrbatch time is also
tabulated. The simulations set in which the paramgteis at its nominal value (no
uncertainty) is shown in bold font. It can be seen from thédatumn of Table 2 that
the percentage deviation of the output in open-loop sirfadatrom that in optimal
simulation is negligible. All the simulations resulted iavitions under 2% and most
simulations resulted in identical objective values formp@op and optimal operation.
This indicates that the uncertainty in the paramétehas a very minor effect on the
accuracy of the optimal solution. Thus, open-loop impletaton suffices even in the
presence of uncertainty .

The effect of uncertainty ik, is summarized in Table 3. The organization of this
table is similar to that of Table 2. The simulations set in aithihe parametek; is
at its nominal value (no uncertainty) is indicated in bolatfo It can be seen that
the percentage deviation in results from open-loop sirnanaand optimal operation
is more significant in this case compared to the case whemitertain parameter was
k1. The maximum deviation is a significant 40% versus the niégdéd?% in case of
k1. This indicates that the uncertainty in the paramétdras a significant effect on the
accuracy of the optimal solution. Thus, open-loop impletagon in the presence of
uncertainty ink, could lead to significant loss in product (and hence profit).

The effect of uncertainty im,,, is summarized in Table 4. The case when there is
no uncertainty inu.,, is in bold font. The deviation of the open-loop solution freine



Table 2:  Effect of Uncertainty in k; on Nominal Solution

Uncertainty s Jkk, t_switch Objective J %

(kg /mz) (hr) (kg of Biomass) Deviation

% ki Open- | Optimal | Open- Optimal Open- Optimal

Loop Loop Loop

+50 | 0.75 15.81 19.36 3.77 372 919.9 928.9 1
+40 | 0.70 15.81 18.71 3.77 3.73 929.4 938.6 1
+30 | 0.65 15.81 18.03 3.77 3.74 939.4 949.3 1
+20 | 0.60 15.81 17.32 3.77 3.75 950.4 954.3 0
+10| 0.55 15.81 16.58 3.77 3.76 961.4 967.5 1
0| 0.50 15.81 15.81 3.77 3.77 9734 973.4 0
-10| 045 15.81 15.00 3.77 3.79 981.3 984.6 0
-20 | 0.40 15.81 14.14 3.77 3.80 991.9 995.4 0
-30| 0.35 15.81 13.23 3.77 3.82 1002.6 1006.6 0
-40 | 0.30 15.81 12.25 3.77 3.83 1011.4 1023.2 1
-50 | 0.25 15.81 11.18 3.77 3.85 1018.5 1037.3 2

optimal solution is indicated in the last column. It can beatly seen from Table 4
that there is a significant loss in using open-loop strategl/that the results deviate
drastically from the optimal solution. The maximum dewatiof 90% corresponding

to 50% uncertainty inu,, is the highest deviation in Tables 2, 3 and 4. This indicates
that the uncertainty in parametey, may strongly influence the optimum operation of
the process and the open-loop strategy may result in a pevatipn of the semi-batch
reactor.

It can be seen from the analysis of the effect of uncertamthiee model parame-
ters,k1, k2,andu,,, that the open-loop strategy may not always prove to be ttimap
strategy in presence of uncertainty. The extent of dewiattiom optimal solution in
presence of uncertainty varies from parameter to parantebene parameters do not in-
fluence the optimal solution under uncertainty while otraameters may significantly
affect the optimal solution. To effectively handle uncertg in the parameters that
significantly influence the optimal solution, two methode proposed: measurement-
based optimization and simulator-based optimization.

Measurement-Based Optimization

On-line and off-line measurements taken during the feratemt process can be ef-
fectively used to adjust the operating strategy under tlesgirce of uncertainty. In
measurement-based optimization method, several sta@bles of the process (e.qg.
substrate concentration, cell mass, and liquid volumejaasured on-line. The mea-
surements are utilized in estimating the actual values oerain parameters. The



Table 3. Effect of Uncertainty in k> on Nominal Solution

Uncertainty S Jkk, t_switch Objective J %

(kg/m3) (hr) (kg of Biomass) Deviation

% k2 Open- Optimal | Open- Optimal Open- Optimal

Loop Loop Loop

+50 | 750 15.81 19.36 3.77 3.55 1001.5 1082.5 7
+40 | 700 15.81 18.71 3.77 3.58 1000.8 1065.8 6
+30 | 650 15.81 18.03 3.77 3.62 1000.0 1048.7 5
+20 | 600 15.81 17.32 3.77 3.67 996.8 1025.4 3
+10 | 550 15.81 16.58 3.77 3.72 989.9 1002.9 1
0| 500 15.81 15.81 3.77 3.77 973.4 973.4 0
-10| 450 15.81 15.00 3.77 3.84 923.6 945.1 2
-20 | 400 15.81 14.14 3.77 3.92 836.6 907.1 8
-30 | 350 15.81 13.23 3.77 4.02 717.2 858.3 16
-40 | 300 15.81 12.25 3.77 4.15 575.6 802.5 28
-50 | 250 15.81 11.18 3.77 4.33 430.5 735.8 41

estimates are then incorporated into the process dynanmielhamd the optimization

problem is solved for the modified dynamic model. The updatpdt profiles obtained

from the optimization algorithm are then sent to the actuatess in closed-loop. The
flow diagram for measurement-based optimization strategpgsed in this work is

shown in Figure 4. The basic procedure for this strategyisrgbelow:

1. Find the solution to the optimization problem using thegass model with nom-
inal parametersi*.

2. Implement the nominal solution on the process (with dgiaeametersp).

3. Measure the output from the real process on-line and awdithe parameters
using the measurements.

4. Update the process model with the estimated paramdters,
5. Solve the optimization problem with the updated model.

6. Modify the input to the process, on-line, and in closenbldased on the solution
from optimization problem.

7. Goto step 3 and repeat the process until the output frommduel is the same as
that from the real process.

In the above algorithm, the parameter estimation desciiibesiep 3 can be avoided
when the measured variable itself is a combination of therain parameters. When



Table 4.  Effect of Uncertainty in #m on Nominal Solution

Uncertainty ” t_switch | J_Nominal | t_switch | J_Optimal %
Nominal (kg of Optimal (kg of Deviation
(hr) Biomass) (hr) Biomass)

+50 % 0.75 3.77 1032.8 2.5 10202.0 90

+40% 0.70 3.77 1032.6 2.7 6388.8 84

+30% 0.65 3.77 1031.4 29 3976.6 74

+20% 0.60 3.77 1029.5 32 2478.7 58

+10% 0.55 3.71 1024.8 34 1562.5 34

0% (Nominal) 0.50 3.77 973.4 3.8 973.4 0
-10% 0.45 3.77 476.0 42 608.1 22

-20% 0.40 3.77 271.6 4.7 380.6 29

-30% 0.35 3.77 167.4 5.4 237.7 30

-40% 0.30 3.77 107.4 6.3 148.4 28

-50% 0.25 3.77 70.6 7.6 92.7 24

the output is not expressed explicitly in terms of the uraieparameters, it is necessary
to estimate these parameters online based on real-timefia states. This real-time
data must be sufficiently excited for estimating the unéemparameters [Wittenmark,
1995]. The issue of estimating parameters from processislatavell studied problem
in the literature, both in a stochastic framework [Ljung8I9Sage and White, 1977]
as well as in a deterministic framework [Robertsiral, 196; Ruperet al. 1998] and

is not reviewed here.

The measurement-based optimization strategy is appli¢det®aker’'s yeast fer-
mentation problem. In this simulation study, the measuegthble is the concentration
of substrate. Note that the substrate concentration is plic#xXunction of the param-
etersk;, andk,. Hence the parametric estimation step in the general #tgoris not
necessary. This algorithm is implemented for the fermeéoridor various extents of
uncertainty in the two parameteks and u.,,,. The optimal substrate concentration is
maintained via a PID controller. The results obtained farartainty ink, are summa-
rized in Table 5. The second column of the table indicatestistrate concentration
in the reactor at the switching time,,;;c- It should be noted that the switching time
for all the runs is the same. However, the input policy olgdifrom the controller to
maintain constant substrate concentration in the reagtifferent for various extents
of uncertainty. The percentage deviation of the amountiobtiin closed-loop from the
optimal solution is zero for all extents of uncertainty, icating that the measurement-
based optimization handles the uncertainty in the paramgteffectively. The results
obtained for uncertainty im,,, are summarized in Table 6. It can be seen from the
table that the amount of biomass obtained from closed-Isogqual to the optimal



Figure 4. Measurement-based Optimization Strategy
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value for a negative uncertainty jn,,. However, the deviation is as large as 61% for
positive uncertainty in,,, indicating that closed-loop method may not work very well
for positive uncertainties ip,,,. This may be due to the high sensitivity of the process
to uncertainty in,,,. However, an adjustment could be made to the measuremseattba
strategy to minimize this deviation. It can be seen thatwitching times vary between
2.5 and 7.6 hours corresponding to uncertainties rangorg #50% to -50%. Since the
amount of biomass corresponding to positive uncertairgidsviating more, intuitively
the nominal profile corresponding to the highest possibleevaf 1., should give the
best results. This has been verified by making the profileesponding tq.,,, = 0.75
(+50% uncertainty) nominal. It can be seen from the reshitsve in Table 7 that the
deviation of the amount of biomass obtained in closed-lgomfthe optimal value is
negligible.

Simulator-Based Optimization Under Uncertainty

Process simulators (either developed in-house or by comatgendors) offer a tightly
integrated suite of simulation technologies for the precasgineer. This integration
between a steady state process model, a dynamic modelneeptigizing and equip-
ment costing allows an engineer to seamlessly and realistjgperform new design and
troubleshooting quickly and accurately. The quality of roiieal processes learning
can be enhanced significantly by simulation of complex systevith user-friendly
software. In addition to being user-friendly, simulators aspecially useful when their
real world analogs are expensive and/or dangerous. Simngatan introduce realistic
problem situations and can be used to manipulate and antilgz®ocess information
without having to run the real experiments in the industryosMchemical process
industries such as oil and gas, petrochemicals, pharmiealstand fine chemicals
are turning towards process simulators to enhance the grgokid and decrease cap-
ital expenditure. AspenTech, company that designed thelator ASPEN, recently
claimed that their process industry clients achieve medweireturn on investment by
reducing operating costs by up to 3%, decreasing the capiteinditures by up to 10%
and improving engineering productivity by up to 30% [CheahiEngineering Progress,



Table 5.  Effect of Uncertainty in k; on Closed-Loop Optimization

Uncertainty S JJkk, t_switch Objective J %o

(kg /m3) (hr) (kg of Biomass) Deviation

% K> Closed | Optimal | Closed Optimal Closed Optimal

loop loop loop

+50 | 750 15.81 19.36 3.77 3.55 1080.1 1082.5 0
+40 | 700 15.81 18.71 3.77 3.58 1064.2 1065.8 0
+30 | 650 15.81 18.03 3.77 3.62 1044.1 1048.7 0
+20 | 600 15.81 17.32 3.77 3.67 1026.1 1027.4 0
+10 | 550 15.81 16.58 3.77 3.72 998.1 1002.9 0
0| 500 15.81 15.81 3.77 3.77 973.4 973.4 0
-10 | 450 15.81 15.00 3.77 3.84 940.4 945.1 0
-20 | 400 15.81 14.14 3.77 3.92 902.8 907.1 0
-30 | 350 15.81 13.23 3.77 4.02 858.1 858.3 0
-40 | 300 15.81 12.25 3.77 4.15 800.7 802.5 0
-50 | 250 15.81 11.18 3.77 433 731.2 735.8 0

2004].

However, the simulators today are generally used more feigdeand safety con-
siderations of the process and less for process optimizafiost simulators have well-
developed physical property data bank, phase equilibrindhkénetic data that can be
used to simulate any chemical process with little effortthiis subsection, a simulator-
based optimization is analyzed.

Most simulators offer the flexibility to perform severalais off-line, with excel-
lent speed and accuracy. This feature of simulators males #xtremely useful in
developing optimal operating policies in presence of utaiety. The simplest version
of simulator-based optimization is by trial and error. Siations are first performed
using nominal operating policy. This operating policy ipe&atedly changed by trial
and error till the optimum value is obtained. In this applgamptimization is carried
out off-line, similar to the optimization step in measurerbased optimization. On the
contrary, unlike measurement-based optimization, implaation of operation policy
in this method is performed open-loop. The following basmgedure is followed:

1. Within a given minimum and maximum extents of uncertaioptimal solutions
are computed for a finite number of the fixed parameter values.

2. All the operating policies are implemented in the simuiand the outputs are
measured for each run.

3. Among the set of outputs obtained from step 2, the bestatipgrpolicy corre-
sponding to parametd?* is chosen and its performance is compared to that of
the achieved solution.



Table 6.  Effect of Uncertainty in gzm on Closed-Loop Optimization

Uncertainty m t_switch J_Closed-Loop | t_switch | J_Optimal %

Closed- (kg of Biomass) | Optimal (kg of Deviation

Loop (hr) Biomass)

(hr)

+50 % 0.75 3.8 3971.0 2.5 10363.0 61
+40% 0.70 3.8 3573.9 2.7 6396.2 44
+30% 0.65 3.8 2663.5 29 3976.6 33
+20% 0.60 3.8 1990.6 32 2478.7 20
+10% 0.55 3.8 1485.8 3.4 1562.5 5
0% (Nominal) 0.50 3.8 973.4 3.8 973.4 0
-10% 0.45 3.8 607.4 42 608.1 0
-20% 0.40 3.8 379.5 4.7 380.6 0
-30% 0.35 3.8 236.7 5.4 237.7 0
-40% 0.30 3.8 148.1 6.3 148.4 0
-50% 0.25 3.8 92.4 7.6 92.7 0

4. If the difference between the two outputs in step 3 is gdgk, the nominal
operating policy corresponding #* is the optimum.

The above algorithm is tested via simulations for uncetyaim k. The results of the
simulation are summarized in Table 8. For the purpose dftii&ion of this method, a
black box process was created in MATLAB withka value of450. Values from250
through750 are chosen fok, and the corresponding solutions are implemented in the
simulator (containing the actué}) individually. It can be seen from these results that
the maximum output was obtained between runs 6 and 8. Sieddiffterence between
achieved output and optimal output is less than 5%, the vldiés chosen as the actual
parameter value and the operating policy correspondinigigosalue is implemented in
open-loop process. This value of 450 was exactly the valeeithulator used for the
process and hence it can be said that the trial and error chetbiks for most practical
purposes.

A variation of simulator-based optimization approachezBwitch-based approach
is shown in Figure 5. The difference between this method @aldaind error method lies
in the iteration method of the optimization step. The basicedure for this method is
given below:

1. An approximate solution involving sequence of arcs aniticking times is de-
termined for the nominal model.

2. The approximate solution obtained from step 1 is sent ¢osttmulator, which
contains the accurate process model (black box).



Table 7.  Effect of Uncertainty in um on Closed-Loop Optimization:
Modifying the Nominal Solution

Uncertainty . t_switch J_Closed-Loop | t_switch | J_Optimal %
Closed- (kg of Biomass) | Optimal (kg of Deviation
Loop (hr) Biomass)
(hr)

+50% (Nominal) 0.75 2.5 10363.0 2.5 10363.0 0
+40% 0.70 2.5 6395.1 2.7 6396.2 0

+30% 0.65 2.5 3982.4 29 3982.4 0

+20% 0.60 2.5 2487.6 32 2486.8 0

+10% 0.55 2.5 1557.7 34 1562.5 0

0% 0.50 2.5 973.4 3.8 973.4 0

-10% 0.45 2.5 607.4 42 608.1 0

-20% 0.40 2.5 379.5 4.7 380.6 0

-30% 0.35 2.5 236.7 5.4 237.7 0

-40% 0.30 2.5 148.1 6.3 148.4 0

-50% 0.25 2.5 923 7.6 92.7 0

3. If the output from the simulator is optimum, proceed tpsie

4. If the output from the simulator is not optimum, the switghtimes in the
operating policy are modified and steps 2 through 4 are pagduntil optimum.

5. The optimal operating policy is sent to the process andemented in open-loop.

The value of the switching times is varied over a grid of valend the one that
provides the best value of the objective function is chos€his method was tested
via simulations. As described above, a black-box procesdived created in MATLAB
where the values of, and,, are fixed aB50 and0.35 respectively for case 1 and at
650 and 0.65 respectively for case 2. Simulations are run to verify if tsivibased
method converges to these values. The results corresgpitaiancertainty ingu,,
are summarized in Table 9. The results indicate that the mami amount for case
1 corresponds to run 3 and that for case 2 corresponds to ftin#h be seen from the
table that run 3 corresponds to a valueddfs and run 9 corresponds th65 for iy,
which clearly are the values the actual process used. Sime#alts were obtained for
uncertainty inks as shown in Table 10. In the table, run 2 and run 9 indicatettieat
optimum operating policy corresponds to the values 300 &ifidfér k2 in case 1 and
case 2 respectively. Although the optimum value&gmwould have beeB50 for case
1, the negligible difference between amounts obtainedgusath the values indicates
that a value oB00 makes a negligible difference to the optimum amount of bigsna



Table 8. Results of Simulator-Based Trial and Error Method for Uncertainty in k»

Run # Guessed k»* Optimum Optimum Nominal
(kg/m3) t_switch for Amount of Amount of
Guessed k>* | Biomass (kg) | Biomass (kg)
for k> *

1 750 3.55 1082.5 909.9

2 700 3.58 1065.8 912.4

3 650 3.62 1048.7 918.7

4 600 3.67 1027.4 926.8

5 550 3.72 1002.9 933.5

6 500 3.77 973.4 945.1

7 450 3.84 945.1 941.0

8 400 3.92 907.1 935.3

9 350 4.02 858.3 875.6

10 300 4.15 802.5 163.7

11 250 433 735.8 60.0

Conclusions

In this paper, the effect of parametric uncertainty on aliatth fermentation for the
production of Baker's yeast on the performance of nominaingpation strategies is
investigated. It is shown that the solution obtained from ttominal optimization
strategy does not remain optimal in presence of uncertaiiiyo different strategies
are proposed to efficiently handle parametric uncertaintigatch reactors. The first
method is a measurement-based approach where processeneasts are utilized to
make on-line adjustments to the optimization routine. Ehewn that this method of-
fers considerable improvement over the conventional dpep-optimization under the
influence of uncertainty and in the presence of batch-tokbedriation. However, the
this method does not always guarantee an optimum undertaimtgrand the accuracy
of this method strongly depends on the estimation of pararset

The second method proposed in this paper to handle undgrimigimulator-based.
This method utilizes a simulator as a black box process withieate model and param-
eters. Simulations are run assuming various operatingipslutilizing the simulator
as if it were the real process. The operation policy thatgtle best objective function
is chosen as the optimum policy. Unlike the measuremergebagproach, this method
is an open-loop approach, since the optimal operating yoltained from the black
box simulations is implemented on the real process in opep:|

The results obtained when these two methods are implementadBaker’s yeast
fermentation with uncertain parameters indicated thdt bpproaches lead to improved
performance over the conventional open-loop operation.



Figure 5. Switch-Based Optimization Strategy
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