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An on-line estimation of the specific growth rate of an aerobic fermentation batch
process was conducted based on measurements of oxygen or carbon dioxide concentra-
tions in exhaust gas, or the concentrations of dissol®ed oxygen in the liquid phase in the
fermentor. A simple linear model used was upgraded with a mechanism for a time-®ary-
ing forgetting factor to enable good tracking of estimated parameters as well during
rapid and large changes in the process. Because the measuring methods used are inde-
pendent of each other and can identify the process well, mutual control of indi®idual
sensors is also possible in industrial reactors. The results from the model agree well with
experimentally obtained ®alues for bacitracin fermentation in an 80-m3 and 1.5-m3

batch bioreactor. The model pro®ides a good basis for robust adapti®e regulation of
aerobic batch processes.

Introduction

Microbiological processes in which microorganisms use a
substrate for growth, and in some instances for the produc-
tion of economically promising products, are important
sources of different biological products, such as biomass, pri-
mary and secondary metabolites, enzymes, and proteins. Fer-
mentation processes in batch reactors can be monitored
through certain measurable physical variables without exces-
sive risk of medium contamination. In general, the product is
not removed until the process is completed. Due to necessary
biological transformation, the production of bacitracin as a
secondary metabolite is a highly interactive and interlinked
system with demanding complex dynamics, and for that rea-
son it is not a well-understood process. The development of
reliable, robust, and high-performance systems to enable con-
trol of the fermentation process is a good approach to a sig-
nificant upgrading of production capability. Limiting factors
in research on the optimization of industrial fermentative
production, such as reliability of operation, possibility of con-
tamination, and difficulties in transferring the results from
pilot plants to industrial fermentors, led us to use experimen-
tal modeling, that is, identification of process dynamics. Iden-
tification enables the building of mathematical models of the
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process by on-line measuring of physical variables and pro-
vides a good method for acquiring the necessary information
for monitoring and optimization of the process.

Adaptive control of bioreactors has a variety of advantages
over other control systems, the primary one being that it is
not necessary to know the process kinetics and complicated

Ž .structured process models Boskovic, 1996 . Rather, this con-ˇ ˇ
trol method uses measurable process parameters to continu-
ously adapt to the variable process properties. Since the bio-
process behavior is nonlinear and dynamic, during modeling
it is necessary to use techniques such as an extended Kalman

Žfilter or an extended Luenberger state observer Stephano-
poulos and San, 1984; Bastin and Dochain, 1990; Gauthier et

.al., 1992; Zhang et al., 1994; Loeblein and Perkins, 1999 . In
general, the design of stable estimators for bioprocess re-
mains a complex task that must be studied for each particular

Ž .process Charbonnier and Cheruy, 1996 .
The production of bacitracin is an aerobic process. Bastin

Ž .and Dochain 1990 suggested the use of an asymptotic ob-
server, which enables process state estimation based on par-
tial measurement of state variables. However, due to its slow
convergence this tool is unable to track rapid processes. Caz-

Ž .zador and Lubenova 1995 proposed a nonlinear observer on
the basis of the balance equation for oxygen uptake rate
Ž .OUR , which takes into account the dynamics of specific
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Ž .growth rate. Estler 1995b suggested separate estimations of
parameters, especially of the specific growth rate of the proc-
ess and of the process state, thus achieving unbiased conver-
gence and making possible the estimation of rapidly changing
process parameters. He estimated a specific growth rate solely
from the measurements of the partial pressure of oxygen in
the fermentor’s exhaust gas. To estimate a specific growth
rate and biomass concentration and determine a proper
strategy for lipase production control, Charbonnier and

Ž .Cheruy 1996 used a model based only on the measurement
of the partial pressure of released carbon dioxide in the fer-
mentor’s exhaust gas.

This article illustrates identification of the bacitracin fer-
mentation process by separate estimations of process param-
eters and process state, such as specific growth rate and
biomass production, on the basis of measurements of the par-
tial pressure of oxygen andror carbon dioxide in the exhaust
gas andror dissolved oxygen in the liquid phase in the fer-
mentor. In certain phases of the fermentation process,
changes in specific growth rate are large and rapid, therefore
ignoring that its dynamics may cause an incorrect and biased
estimation. This was avoided by upgrading the least-squares
method with a time-varying forgetting factor. Since on-line
measuring methods used for individual physical variables are
independent, in addition to good process identification, there
is also the possibility of reciprocal control of individual sen-
sors. This is especially important for industrial bioreactors
from the point of view of model reliability, as is the case here.

Process Description
On-line measurements of oxygen and carbon dioxide con-

centrations in the fermentor’s exhaust gas and dissolved
oxygen concentration in the broth were conducted during
bacitracin fermentation in an industrial 80-m3 batch reactor.
Bacitracin fermentation with noncontinuous feeding was per-
formed in a pilot 1.5-m3 batch reactor. The concentration of
oxygen in the fermentor’s exhaust gas was measured using an
IJS MK 100 gauge operating on the principle of oxygen diffu-
sion between actual and reference states. Carbon dioxide in
the fermentor’s exhaust gas was measured via IR absorption
using a Siemens Ultramat 22 P gauge. The measurement of
carbon dioxide concentration is more demanding than that of
oxygen concentration because carbon dioxide is more soluble,
and also it reacts with water, forming HCOy, the concentra-3
tion of which depends on the broth pH value. An Ingold po-
larographic electrode was used to measure the concentration

Ž .of dissolved oxygen in the broth Rehm and Reed, 1993 . The
uncertainty in these measurements originates mainly from the
time variation of electrical resistance and changes in other
membrane surface properties, the persistence of air bubbles
on the electrode, and the effect of any possible addition of
surface-active substances, such as antifoaming agents. Figure
1 illustrates the time variation of carbon dioxide and oxygen
concentrations in the exhaust gas, as well as that of oxygen
dissolved in the broth.

Estimation of the Specific Growth Rate of the Batch
Process

Even if several process variables are able to be measured,
they need to be carefully selected when software sensors are

( )Figure 1. Time variation of a carbon dioxide concen-
( )tration in the fermentor’s exhaust gas; b oxy-
( )gen concentration in exhaust gas; c dis-

solved oxygen concentration in the liquid
phase in the fermentor.

utilized. An excessively high level of correlation between
measured variables can lead to a divergence of parameter
estimates in the model, or render impossible the reconstruc-
tion of required state variables.

Ž .In bacitracin fermentation, the respiratory coefficient RQ ,
Eq. 1, which represents the ratio of released carbon dioxide
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to oxygen consumed,

mol CO formed2
RQs , 1Ž .

mol O consumed2

Ž .has a value of approximately one. Bastin and Dochain 1990
showed that in these instances, with an asymptotic observer,
a reconstruction of the process state with simultaneous
oxygen and carbon dioxide measurements is not possible,
because these two types of measurement do not yield inde-
pendent information on the process state. When the re-
cursive least-squares method is used, however, one of the
conditions for process identification is the requirement for
noncorrelating input signals. In the opposite case, the estima-
tion algorithm becomes a singular one, or it only estimates

Žthe dynamics of the measurement error Isermann et al.,
.1992 .

The fermentation process in a batch reactor for a given
case can be described with the following dynamic Bastin and

Ž .Dochain 1990 model:

c 01X
d Q yQkc O in O outCO 2 2s c my , 2Ž .2 Xdt k Q yQc CO CO out CO in2CO 2 22

where

ṁO2Q s 3Ž .O2 Vb

and

ṁCO2Q s 4Ž .CO2 Vb

are the oxygen and carbon dioxide mass ratios with regard to
the liquid volume in the fermentor. According to Zabriskie

Ž .and Humphrey 1978 , the OUR can be included as follows

OUR t s Y m t q k c t . 5Ž . Ž . Ž . Ž .O rX main , O X2 2

The oxygen yield coefficient, Y , and oxygen maintenanceO rX2

rate, k , are constant and need not be known. The spe-main, O2
Ž .cific growth rate, m t is an unknown time-varying parameter.

Ž .OUR t is measured indirectly, on-line, while the biomass
Ž .concentration c t cannot be measured on-line.X

Equations 2 and 5 yield the balance equation for OUR

d OUR t dm tŽ . Ž .
sm t OUR t qc t YŽ . Ž . Ž .X O rX2dt dt

dm tŽ .
dts m t q OUR t . 6Ž . Ž . Ž .kmain, O2m t qŽ .� 0

YO rX2

Computer implementation requires discretization. A first-
order forward Euler approximation was used

OUR nq1 yOUR nŽ . Ž .
D t

m nq1Ž .
y1

m nŽ .
sm n OUR n 1y . 7Ž . Ž . Ž .

kmain, O2
D t m n qŽ .

YO rX2

The magnitude of the specific growth rate is not limited. In
the treated case it can also be negative since we measure and
determine the net specific growth rate, which also includes
the specific rate of endogenous metabolism, substrate con-
sumption for the maintenance of the cell structure, and other
complex phenomena. The dynamics of the reduction in cell
yield is not the same as the dynamics of the observed net
growth rate. Using up one substrate and introducing a sec-
ond is a shock to the population of microorganisms, which
tends to be reflected in a reduction in the growth of the
population within the time period of approximately one gen-
eration, or 30 min. At the end of the biosynthesis of the baci-
tracin, the specific rate of cell lysis becomes significant. As a
result of this, at low growth rates one can often observe a

Ž .decrease in the cell yield Rehm and Reed, 1993 .
It is obvious that the second term in the brackets of Eq. 7

becomes very large if

kmain, O2 fym n ,Ž .
YO rX2

therefore taking dynamics directly in the form of an Eq. 7
into account in the estimation algorithm can cause incon-

Ž .sistent estimation. Cazzador and Lubenova 1995 took the
dymamics of m into account in their proposed adaptive esti-
mator on the basis of the balance equation of OUR. Simula-
tion’s results showed good global performance and stability of
the estimator, but as the estimators are nonlinear, an optimal

Žtuning cannot be easily derived Cazzador and Lubenova,
.1995 .

Large industrial fermentors require a reliable and stable
estimation of the specific growth rate at which parameter es-
timations must be unbiased and consistent even in the case of

Ž .their significant variations. It was shown by Roux et al. 1996
that we can adequately estimate the process of fermentation
with the linear model, and at the same time keep a reason-
able trade-off between the model structure complexity and

Ž .its effectiveness Carrier and Stephanopoulos, 1998 . Estler
Ž .1995b proposed a simple model for the estimation of spe-
cific growth rate on the basis of a measurement of the partial
pressure of oxygen in the exhaust gas of the fermentor. In his
model he assumes that m varies very slowly and that its dy-
namics are negligible in the OUR balance equation. This hy-
pothesis might prove to be problematic, because it can result
in biased estimations of m when the latter is subject to signif-
icant variations.
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Ž .It was shown by Banerjee and Pearson 1995 that the non-
linear model can be considered as a series of linear models.
A continuous nonlinear process can be adequately modeled

Žas linear over a particular operating region Carrier and
.Stephanopoulos, 1998 . We only need to determine an appro-

priate mechanism that can adapt the linear model to the
temporary operation range, over which the linearization is
sufficient. In this case, we have selected a linear model, in

Ž .which, as in to Estler 1995a , the dynamic part in brackets
was omitted in Eq. 7

OUR nq1 yOUR nŽ . Ž .
sm n OUR n 8Ž . Ž . Ž .

D t

Ž .and the nonlinear dynamics of m n was included in the model
by weighting a recursive algorithm with a variable forgetting

Ž .factor l n . This enables the model to also track the process
during large changes, when linearization is no longer satisfac-
tory.

The justification for the compensation of the dynamic part
of Eq. 7 with the use of a time-varying forgetting factor can
be verified with an analysis of the behavior of the expression

Ž .in the brackets in Eq. 7. If m n is constant or varies slowly

m nq1Ž .
y1s0, 9Ž .

m nŽ .

Ž .and Eq. 7 becomes equal to Eq. 8. However, since m n varies
very quickly in certain phases of the process of bacitracin fer-
mentation, the left side of Eq. 9 does not always equal zero.
Deviations are corrected by the variable forgetting factor,
which enables rapid adaptation of the estimated parameter
to the actual circumstances of the process in the case of

Ž . Ž .greater model error e n by reducing the values of l n .
The proposed method is adequate if in all cases, including

large dynamic changes in the process, the time variation of
the left side of Eq. 9 is in agreement with the variation of

Ž . Ž .model error e n as a result of operation of time-varying l n ,
which means that the variation for the left side of Eq. 9 must
have the characteristics of white noise with a mean value of
zero. The least-squares algorithm compensates for such dis-
turbances}in our case, parameter nonlinearities in a linear
model}without a danger of biased estimation.

The specific growth rate can be expressed as

a n y1Ž .ˆ
m n s , 10Ž . Ž .

D t

Ž .where a n is a parameter estimated with equationˆ

OUR nq1 s a n OUR n 11Ž . Ž . Ž . Ž .ˆ

using the recursive least-squares method with a variable for-
getting factor. The parameters are calculated according to

Ž .equation Isermann et al., 1992

G n c nq1Ž . Ž .
ˆ ˆu nq1 su n qŽ . Ž . Tl n qc nq1 G n c nq1Ž . Ž . Ž . Ž .

? e nq1 , 12Ž . Ž .

Ž .where e nq1 is model error

T ˆe nq1 sOUR nq1 yc nq1 u n , 13Ž . Ž . Ž . Ž . Ž .

Ž .and the covariance matrix G nq1 is calculated using the
following recursive equation

G n c nq1 c T nq1 G nŽ . Ž . Ž . Ž .
G nq1 s G n yŽ . Ž . Tl nq1 qc nq1 G n c nq1ž /Ž . Ž . Ž . Ž .

1
? . 14Ž .

l nq1Ž .

Ž .In our case, the model Eq. 11 is of the first order, there-
ˆŽ . Ž .fore the parameter vector is u n s a n , the data vector isˆ

Ž . Ž . Ž .c nq1 syOUR n , and the covariance matrix G nq1 has
Ža dimension of 1. The trace of the covariance matrix, trG nq

.1 , gives the degree of confidence in the parameter estima-
Ž .tions. The smaller the trG nq1 in static processes, the

greater the probability that the parameter estimations are
correct. In dynamic processes, where estimated parameters

Ž .vary all the time, a constant decrease in the value of G nq1
must be prevented, since only parameters estimated in this
manner are capable of tracking the process. The time-varying

Ž .forgetting factor l n prevents the constant reduction in the
Ž .value of G nq1 .

The mechanism of regulating the forgetting factor is based
Ž .on model error e n . If this is small, it either means that the

estimation is correct or that the parameter does not vary. In
Ž . Ž . Ž .either case, l n must be f1. If e n is large, l n must be

small to allow a rapid adaptation of the parameters. The cal-
Ž .culation of l n is based on constant information content of

Ž .the estimator and was proposed by Fortescue et al. 1981

e2 nq1Ž .
l nq1 s1yŽ .

S0

c T nq1 G n c nq1Ž . Ž . Ž .
? 1y , 15Ž .Tl n qc nq1 G n c nq1ž /Ž . Ž . Ž . Ž .

where S is a scalar representing the information content0
of the estimator and is the only parameter in the calculation
that needs to be determined empirically. It depends on

Žprocess dynamics, sample time, and measurement noise Iser-
.mann et al., 1992 . In the identification of bacitracin fer-

mentation, S was determined empirically in at least one0
measurement. The obtained value is generally applicable for
the chosen measurable signal if the sample time is not
changed and if the characteristics of the measuring sensor
are not changed. The sample time t must be selected such

Žthat no loss of information on the process behavior too long
. Ž . Ž .t or singularity in the covariant matrix G kq1 too short t

occurs. In our case the suitable sampling interval for the bac-
itracin fermentation process in an 80-m3 fermentor was D ts
0.1 h.

Ž .To ensure a rapid convergence of parameter a n , the esti-ˆ
mating algorithm was started with the nonrecursive least-
squares method, by which it obtained reliable initial values
for the recursive procedure.
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Figure 2. Time variation of OUR and CER for bacitracin
fermentation in an 80-m3 fermentor.

Analogously with the OUR, a balance equation for carbon
Ž .dioxide excretion rate CER can be written in aerobic fer-

mentation

CER t s Y m t q k c t . 16Ž . Ž . Ž . Ž .Ž .CO rX main , CO X2 2

According to a similar logic with Eqs. 7 and 8 and Eqs. 10
Ž . Ž .through 15, in which OUR t is replaced by CER t , the

measurement of CER can serve for estimating the specific
growth rate.

Ž .In calculating the OUR, Estler 1995a assumed that the
variation of oxygen concentration in the broth dc rdt is neg-O2

ligible in comparison with the variation of the oxygen transfer
rate, and that the oxygen concentration in the broth is in a
quasi-stationary state. On the basis of oxygen and carbon
dioxide concentration measurements in the exhaust gas, OUR
and CER can be calculated as

MO2OURs m y y m y 17Ž .˙ ˙air, in O , in air, out O , out2 2V M 100b air

MCO2CERs m y y m y . 18Ž .˙ ˙air, out CO , out air, in CO , in2 2V M 100b air

Figure 2 illustrates the variations of OUR and CER assum-
ing a 20.96% oxygen ratio and a negligible carbon dioxide
ratio in the air entering the fermentor. There is a high level
of correlation between OUR and CER, from which it follows
that RQ is approximately 1.

Although the time variation of oxygen concentration in the
Ž .broth c t is negligible when determining OUR, because itsO2

order of magnitude is of the same order as the noise present
during oxygen concentration measurement in the exhaust gas,
it is sufficiently large on another level to characterize the dy-
namics of the fermentation process. Therefore, the concen-

Ž .tration of oxygen dissolved in the broth c t was also usedO2

as an independently measured parameter.

Results
Specific growth rate m was estimated on-line using the

model, Eq. 8, and the recursive least-squares method with a

Figure 3. Specific growth rate m based on OUR, CER,
and c .O2

time-varying forgetting factor, Eqs. 10 through 15, whereby
the OUR, CER, or concentrations of oxygen dissolved in the
liquid phase c were used as a measurable signal of theO2

model, as shown in Figure 3. The recursive algorithm con-
verges between the second and fourth hour of the process.
After this, the estimates consistently follow the development
of the process, including the characteristic minimums that oc-
cur approximately at the fifth and seventh hours. After the
eighth hour, when the production of the secondary metabo-
lites begins, m becomes settled, except during the technologi-
cally important interval at about the end of the eighteenth
hour, when the concentration of the biomass begins to drop.
Determining m on the basis of OUR and CER gives good
agreement, but the estimation of m on the basis of c isO2

slightly off. The problems with measuring c are mainly inO2

the time delay of the process and the dynamics of the mea-
Ž .suring sensor Sergantanis and Karim, 1998 .

Ž . Ž .Figure 4 shows the typical variations of l n and trG nq1
between the second and twenty-fourth hour of bacitracin fer-

( ) ( )Figure 4. Forgetting factor l n , trG nH1 for this for-
( )getting factor and trG nH1 at constant ls1

during the estimation of specific growth rate
on the basis of CER measurement in baci-
tracin fermentation in an 80-m3 fermentor.
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mentation. The signal being measured is CER. To illustrate
Ž .the operation of the forgetting factor mechanism trG nq1

for the same set of measurements, but with ls1, is also
Ž .shown. It can be seen that at ls1 trG nq1 decreases ex-

ponentially, which prevents rapid changes in parameter esti-
mations. And conversely, the time-dependent decrease in the
forgetting factor between the fourth and the eighth, and the
fourteenth and the eighteenth hour, marks greater changes
in the process and prevents constant reduction in the covari-
ance matrix value, which enables the estimated parameters to
follow the process dynamics.

Ž .The variation of LS values in Eq. 9, the model error e n ,
and their mean values are shown in Figure 5. It can be seen

Ž .that in slow variation of CER a linear model Eq. 8 is suffi-
Ž . Ž .cient for the m n estimation, since both the model error e n

Ž .and LS of Eq. 9 are small and the forgetting factor l n f1.
When the fermentation process becomes more dynamic,

Ž .model error e n increases. Since the model could not follow
the process satisfactorily with the existing estimated parame-

Ž .ters, l n decreased and, consequently, the trace of the co-
Ž .variance matrix trG nq1 increased.

Figure 5 also shows that the variation of the differences
Ž .between the models Eqs. 7 and 8 , which is represented by

the LS of Eq. 9, is very similar to the variation of model error
Ž .e n . The correlation factor between the two values from the

second to the twenty-fourth hour is 0.7257. The LS of Eq. 9
Ž .has a mean value of y0.0018 and e n has a mean value of

y0.025. In Figure 5 it is also possible to see mean values in
the five intervals of the process that have dynamics of varying
intensity. Even in cases of larger changes in the process, the
mean values do not deviate much from the value of 0. The

Ž .largest deviation of the mean value of e n occurs during the
interval between the fourteenth and the 17.8th hour by 8.6%
with reference to the estimated parameter. During the first

Ž . Ž Ž . Ž ..20 hours the standard deviations of e n and m nq1 rm n
y1 are very similar. The difference appears during the last
interval when m changes slightly and when the model error is
mainly the result of the noise of the measurement, not the
dynamics of the process. In separate regions it is possible to

( ) [ ( ) ( )]Figure 5. e n , m nH1 rrrrr m n I1 and their main val-
ues in estimating the specific growth rate on
the basis of CER measurement in bacitracin
fermentation in an 80-m3 fermentor.

Figure 6. Time variation of biomass concentration c inX
an 80-m3 fermentor.

see differences from the normal distribution, mainly between
the eighth and tenth hours, but the distributions of both val-
ues are sufficiently similar, so that we can justify the presup-
position according to which the dynamics of the process are

Ž .included in e n by means of the forgetting factor. This is
consistent with the idea of using the forgetting factor mecha-
nism, which corrects the estimates of a linear model on the

Ž .basis of the model error e n on-line, with respect to condi-
tions in the process.

Ž .Biomass concentration c t can be obtained by integrat-X
ing the first term of Eq. 2:

w xc n sc ny1 exp m n D t . 19Ž . Ž . Ž . Ž .X X

Equation 19 requires a knowledge of the biomass concentra-
tion at the beginning of the calculation. Because of the sensi-
tivity of Eq. 19 to the initial values of c , we analyzed aX
larger number of the 80-m3 fermentor batches, and thus ob-
tained a reliable interval of initial values. Figure 6 illustrates
the time variation of biomass concentration.

Good agreement with experimental values, as well as the
Ž .variation of c n obtained from the measurements of oxy-X

gen and carbon dioxide in the exhaust gas, indicate very
promising possibilities of using these types of software sen-

Ž .sors. The variation of biomass growth c n obtained fromX
independent measurement of the oxygen dissolved in broth
c matches the directions of biomass growth obtained fromO2

OUR and CER. The inaccuracy inherent in using c as theO2

measured signal originates mainly from the problems with
measuring dissolved oxygen in an 80-m3 industrial fermentor
due to the inhomogeneous broth and the sensitivity of the
sensor to the changes in the pH of the broth.

The reliability of the model in estimating a specific growth
rate during rapid and dictated changes was tested using baci-
tracin fermentation with noncontinuous feeding in a pilot
batch reactor. As shown in Figure 7, the specific growth rate
increases during feeding because biomass grows again. The
proposed model can also track the process well during rapid
changes.
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Figure 7. Specific growth rate m in bacitracin fermenta-
tion with feeding in a pilot batch reactor and
without feeding in an industrial fermentor.

Conclusions
In the proposed method, specific growth rate is estimated

using a linear model, which is supplemented by a time-vary-
ing forgetting factor mechanism, which encompasses dynam-
ics, nonlinearities, and the unreliability of measurements in
the process. On the basis of either OUR, CER, or c mea-O2

surement, the estimation algorithm provided consistent esti-
mates and was able to rapidly track changes in the bacitracin
fermentation process both in an industrial 80-m3 fermentor
and in a pilot 1.5-m3 fermentor. Since the methods used for
measuring carbon dioxide and oxygen concentrations in the
exhaust gas, as well as oxygen dissolved in the broth, are mu-
tually independent, independent software sensors were ob-
tained. In addition to good process identification, there is also
the possibility of reciprocal control of individual sensors.
From the point of view of reliability of operation of industrial
fermentors, which is the case here, this is quite important.

The developed software sensors are used as additional tools
for process monitoring and fault detection in the industrial
production of bacitracin, and are a good foundation for ro-
bust adaptive control of aerobic batch processes.

Notation
k skinetic coefficient of species ii
Msmolecular weight, grmol
msmass flux, grh˙
nsdiscrete time step

Ž .Qsgaseous flow rate, gr Lh
V s volume of the liquid phase, Lb

y smole fraction of species i in airi
D tssample time, h

Superscripts and subscripts
airsair
ins input

outsoutput

Literature Cited
Banerjee, A., and R. Pearson, ‘‘Multiple Model Based Estimation of

Ž .Nonlinear System,’’ AIChE Meeting, Miami Beach, FL 1995 .
Bastin, G., and D. Dochain, On-Line Estimation and Adapti®e Control

Ž .of Bioreactors, Elsevier, Amsterdam 1990 .
Boskovic, J. D., ‘‘Stable Adaptive Control of a Class of Continuous-ˇ ˇ

Ž .Flow Bioreactors,’’ AIChE J., 42, 176 1996 .
Carrier, J. F., and G. Stephanopoulos, ‘‘Wavelet-Based Modulation

in Control-Relevant Process Identification,’’ AIChE J., 44, 341
Ž .1998 .

Cazzador, L., and V. Lubenova, ‘‘Nonlinear Estimator of Specific
Growth Rate for Aerobic Fermentation Processes,’’ Biotechnol.

Ž .Bioeng., 47, 626 1995 .
Charbonnier, S., and A. Cheruy, ‘‘Estimation and Control Strategies

Ž .for a Lipase Production Process,’’Control Eng. Pract., 4, 1521 1996 .
Estler, M. U., ‘‘Neue Ansatze zur Adaptiven Nichtlinearen Regelung¨

von Fed-Batch-Bioprozessen,’’ PhD Thesis, Univ. Stuttgart,
Ž .Stuttgart 1995a .

Estler, M.U., ‘‘Recursive On-Line Estimation of the Specific Growth
Rate from Off-Gas Analysis for the Adaptive Control of Fed-Batch

Ž .Processes,’’ Bioprocess Eng., 12, 205 1995b .
Fortescue, T. R., L. S. Kershenbaum, and B. E. Ydstie, ‘‘Implemen-

tation of Self-Tuning Regulators with Variable Forgetting Factors,’’
Ž .Automatica, 17, 831 1981 .

Gauthier, A., H. Hammouri, and S. Othman, ‘‘A Simple Observer
for Nonlinear Systems. Applications to Bioreactors,’’ IEEE Trans.

Ž .Automat. Contr., AC-37, 875 1992 .
Isermann, R., K.-H. Lachmann, and D. Matko, Adapti®e Control Sys-

Ž .tems, Prentice Hall, Englewood Cliffs, NJ 1992 .
Loeblein, C., and J. D. Perkins, ‘‘Structural Design for On-Line

Process Optimization: I. Dynamic Economics of MPC,’’ AIChE J.,
Ž .45, 1018 1999 .

Rehm, J., and G. Reed, Biotechnology, Vols. 3 and 4, 2nd ed., VCH,
Ž .Deerfield Beach, FL 1993 .

Roux, G., B. Dahhou, and I. Queinnec, ‘‘Modelling and Estimation
Aspects of Adaptive Predictive Control in a Fermentation Process,’’

Ž .Control Eng. Pract., 4, 55 1996 .
Sergantanis, I. G., and M. N. Karim, ‘‘Adaptive Pole Placement Con-

trol Algorithm for DO-Control in b-Lactamase Production,’’
Ž .Biotechnol. Bioeng., 60, 1 1998 .

Stephanopoulos, G., and K.-Y. San, ‘‘Studies on On-Line Bioreactor
Ž .Identification: I. Theory,’’ Biotechnol. Bioeng., 26, 1176 1984 .

Zabriskie, D. V., and A. E. Humphrey, ‘‘Real-Time Estimation of
Aerobic Batch Fermentation Biomass Concentration by Compo-

Ž .nent Balancing,’’ AIChE J., 24, 138 1978 .
Zhang, X. C., A. Visala, A. Halme, and P. Linko, ‘‘Functional State

Modelling Approach for Bioprocess: Local Models for Aerobic
Ž .Yeast Growth Processes,’’ J. Process Control, 4, 127 1994 .

Manuscript recei®ed July 21, 1998, and re®ision recei®ed July 22, 1999.

December 1999 Vol. 45, No. 12 AIChE Journal2556


