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Industrial fermentation processes typically use complex media and operate in fed-batch
mode to minimize the effects of catabolite repression. However, model-based feeding rec-
ipes have not been reported for such processes primarily as a result of the lack of reliable
process models. By using a recently published process model, we optimize the feeding
recipe for rifamycin B fermentation in complex media. Experimental validation shows a
twofold improvement in productivity over an optimized batch. The dynamic optimization
problem was posed as a nonlinear program and solved using successive quadratic pro-
gramming. The feed profiles of four substrates were parameterized to convert the problem
into a finite decision space consisting of substrate feed rates and switching intervals. Sev-
eral distinct recipes, each corresponding to a unique initial guess of decision variables,
showed comparable productivity, implying the presence of multiple local optima. The
strategy presented here can be applied for optimization of other fermentation processes
for which reliable process models are available. � 2006 American Institute of Chemical Engi-

neers AIChE J, 52: 4248–4257, 2006

Keywords: sequential substrate utilization, cybernetic model, successive quadratic
programming (SQP) solver

Introduction

The fermentation industry accounts for a few hundred billion
dollars in sales annually. Fermentation products include etha-
nol, antibiotics, therapeutic proteins, and industrial enzymes.
Thus the fermentation industry represents a cost competitive
and raw material intensive operation. Fermentation operates
normally in a high-volume range of 50 to 90 m31 and it is ‘‘cul-
tivation cost intensive.’’2 The large batch cycles, ranging from
1 to 15 days, require careful planning and control because

blending of products from poor batches is not permitted as in
other chemical industries such as polymer and petroleum.
Despite the large stakes involved, operating policies in the fer-
mentation industry are based on trial-and-error methods for
optimizing and monitoring the fermentation batch.3 Although
these ad hoc methods work in practice, additional benefits may
be realized through use of model-based tools such as optimiza-
tion, fault diagnosis, monitoring, and control. A hurdle in use
of such tools is the lack of availability of a reliable process
model for the specific system. The desirable qualities of a fer-
mentation model include an accurate representation of the vari-
ous phases of growth, product formation, and substrate con-
sumption. Further, the model should provide accurate predic-
tions on a process time scale of several days.

In this work, we use a recently reported model for Amycola-
topsis mediterranei to design optimal feed strategies for maximi-
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zation of the antibiotic rifamycin B.4 The rifamycins,5 exempli-
fied by rifamycin B, are a family of ansamycin antibiotics6 with
pronounced antimycobacterial activity that are extensively used
in the clinical treatment of tuberculosis, leprosy, and AIDS-
related mycobacterial infections.7 The rifamycin B is produced
by Amycolatopsis mediterranei8 in complex medium containing
glucose as a primary carbon source and ammonium sulfate
(AMS) as a primary nitrogen source. Additionally, the medium
contains defatted soya flour (DSF) and corn steep liquor (CSL),
which may act as a substitutable carbon/nitrogen source. It is
well known that the rifamycin B synthesis is inhibited by excess
concentration of nitrogen and carbon substrates.8

Design of substrate feeding recipes to maximize production
of rifamycin B during fed-batch fermentation can be posed as a
dynamic optimization problem. Of the various approaches to
solving the dynamic optimization problem, discretization of the
input profiles and its subsequent conversion to a nonlinear pro-
gram (NLP) have been widely reported for various applications
including fermentation.9-15 However, most of these reported
applications deal with well-defined media and relatively short
batch cycles. Further, very few reported cases attempt an experi-
mental validation of the proposed optimal recipes. The present
work involves growth on complex medium with a typical batch
cycle of 200 h. In addition, the inputs also consist of complex
media resembling industrial practice. Further, we present results
of an experimental implementation of the optimal recipes.

The experimental methods, process model, and the optimi-
zation strategy are presented in the Experimental section,
whereas the Results section details the optimization results, ex-
perimental implementation, and comparison with an optimal
batch and an ad hoc feeding strategy.

Experimental

Methods

Prof. Heinz Floss (Washington University, St. Louis, MO)
kindly donated the rifamycin B overproducing strain of Amyco-
latopsis mediterranei S699 that does not require barbital.16 The
preculture was propagated as described by Kim et al.17 About
150 ml of preculture (10% v/v) was used to inoculate the bio-
reactor. The media contained (per liter of distilled water) glu-
cose, 80 g; potassium phosphate, 1 g; ammonium sulfate, 4 g;
defatted soy flour (DSF), 8 g; corn steep liquor (CSL), 8 g; mag-
nesium sulfate, 1 g; ferrous sulfate, 1 g; zinc sulfate, 0.010 g;
and cobalt chloride, 0.0030 g. After adjusting the pH to 7.0 with
1 N sodium hydroxide, the fermentor was sterilized by autoclav-
ing at 1218C for 15 min. Similarly, the feed bottles containing
glucose 400 g L�1 and DSF–CSL 40 g L�1 were sterilized along
with reactor. Care was taken to add a magnetic stir bar in the
DSF–CSL bottle for better mixing during feeding.

Bioreactor and cultivation conditions

Figure 1 shows the typical bioreactor setup used for the rifa-
mycin B production process. Batch cultivations were con-
ducted in a 6.5-L BIOSTAT

1

B (B. Braun Biotech Interna-
tional, Schwarzenberger, Germany) bioreactor at a working
volume of 1.50 L. The temperature was kept constant at 288C
and pH was monitored by maintenance-free autoclavable pH
electrode (Ingold, Bel Air, MD). The dissolved oxygen (pO2)

during the fermentation run was measured by sterilizable polaro-
graphic pO2 electrode (Ingold). An agitator was used as a con-
trol variable to maintain dissolved oxygen at 40% by cascade
control. A mass flow controller (BBI Systems GmbH, Melsun-
gen, Germany) supplied a constant airflow of 1.0 vvm (volume
of air per volume of media). For the fed-batch operation, preca-
librated programmable peristaltic feeding pumps (BBI Sys-
tems) were used. The trajectory of the feed was maintained by
entering the feed rate values in the MFCS DA

1

software pro-
gram (BBI Systems) interphased with a computer. The entire
reactor assembly was kept on the weighing balance (Conweigh,
Mumbai, India) to monitor total mass. Concentrations of O2

and CO2 in the exit gas stream from the bioreactor were meas-
ured by infrared spectroscopy and paramagnetic analysis,
respectively (BINOS1002M

1

analyzer with sample condition-
ing unit, Rosemount Analytical Europe, Hasselroth, Germany).

Analytical techniques

Samples were drawn from the fermentation medium at regu-
lar intervals to analyze the dry cell weight and the concentra-
tions of glucose, ammonium sulfate, free amino acids, and rifa-
mycin B. Mycelia dry cell weight (DCW) was determined by
first removing the insoluble substrates, which settle under grav-
ity, and then filtering about 10 g cultivation medium on dried
preweighed filters (Whatmann, Brentford, Middlesex, UK).
The residue was washed with distilled water; the filter was
dried to constant weight in a microwave oven (Kenstar Ltd.,
Mumbai, India) at 150 W for 4 min. Glucose was analyzed by
refractive index (RI) detector in HPLC (Hitachi, Merck KgaA,
Darmstadt, Germany) using an HP-Aminex-87-H column
(BioRad, Hercules, CA) at 608C. The mobile phase consists of

Figure 1. Representation of the bioreactor setup for fed-
batch fermentation process.

The bioreactor is equipped with sensors for measuring tempera-
ture, pH, and dissolved oxygen concentration. The minimum
volume is 1.5 L. The bioreactor is also equipped with analog
peristaltic pumps to feed substrates with predetermined trajec-
tories and a gas analyzer for measurement of oxygen and car-
bon dioxide fraction in the exhaust gas. S1: amino acids; S2:
glucose; S3: ammonia; S4: insoluble nitrogen.
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HPLC-grade water (Millique, Millipore, Billerica, MA) with 5
mM sulfuric acid. An isocratic pump with a flow rate of 0.6
mL min�1 was used to resolute glucose from the fermentation
broth. The concentration of free amino acids was estimated by
the ninhydrin method.18 Ammonium sulfate was determined by
an ammonia-specific electrode (EA940 ion analyzer, Thermo
Orion, Salem, MA). Rifamycin B was detected on spectropho-
tometer (model V-540, Jasco, Tokyo, Japan) at a wavelength
of 425 nm as previously described.19

Process model for rifamycin B fermentation

Production of rifamycin B is the result of a series of primary
and secondary metabolic reactions. Modeling rifamycin B is a
challenge because of the long batch cycle and ill-defined nature
of the media. A typical batch cycle time for rifamycin B is of
the order of 7 to 9 days. A process model for rifamycin B was
recently described in detail.4 The model has been shown to
account for the sequential uptake of substrates and the effects
of nitrogen catabolite repression.20 The model is based on

cybernetic principles and assumes that the organism has access
to up to three substrate combinations in complex medium:

(1) Combination I: pool of amino acids (S1) (Eq. 1 for stoi-
chiometry and growth rate on this substrate).

(2) Combination II: S1 and glucose (S2) (Eq. 2).
(3) Combination III: S2 and AMS (S3) (Eq. 3).
It is assumed that the free amino acids are released by hydro-

lysis of proteins and peptides (S4) (Eq. 4). Equations 1–4 repre-
sent the four main growth reactions, with each equation consist-
ing of the stoichiometry followed by the kinetic model form.
The uptake of a substrate combination i is dependent on the level
of the corresponding key enzyme (XEi), which may be induci-
ble. Thus, the organism invests resources to synthesize XEi
based on the growth achievable on the corresponding substrate
combination. A schematic of the model is shown in Figure 2.
The overall specific growth rate m and specific production rate
qp are the weighted sums of the specific growth and production
rates on the individual substrate combinations (Eqs. 10 and 16).
The weights ai are estimated using the optimality criteria (Eq.
10) in which the organism allows the uptake of all the substrate
combinations as long as the specific growth rate obtained by
summing the rates on different substrate combination is less
than its intrinsic growth capacity denoted by mmax (also see Fig-
ure 2). The complete model constitutes component mass balan-
ces represented by 10 ordinary differential equations (ODEs)
(Eqs. 11–19) along with the optimality criteria stated in Eq. 10.
The simulation exercise to predict growth, product formation,
and substrate utilization was carried out by integrating the set of
simultaneous differential equations as an initial value problem.
The model parameters were obtained as described previously
(Table1).4 For greater details about the model and the model pa-
rameter estimation, refer to Bapat et al.4 The model equations
are summarized below.

Amino acid uptake

X � Y1;1S1 ¼ 0 m1 ¼ a1mmax
1

XE1

XEi;Ref

8>>: 9>>;r�1 (1)

Glucose uptake

X � Y2;1S1 � Y2;2S2 ¼ 0 m2 ¼ a2mmax
2

XE2

XE2;Ref

8>>: 9>>;r�2 (2)

AMS uptake

X � Y3;3S3 � Y3;2S2 ¼ 0 m3 ¼ a3mmax
3

XE3

XE3;Ref

8>>: 9>>;r�3 (3)

Conversion of insoluble nitrogen to amino acids

S1 � S4 ¼ 0 rdiss ¼ XE4

XE4;Ref

8>>: 9>>;r�4k4X (4)

Rifamycin B production

P� Y5;1S1 � Y5;2S2 ¼ 0 qp2 ¼ a2qpmax
2

XE2

XE2;Ref

8>>: 9>>;r�2 ; p (5)

P� Y6;3S3 � Y6;2S2 ¼ 0 qp3 ¼ a3qpmax
3

XE3

XE3;Ref

8>>: 9>>;r�3 ; p (6)

Enzyme synthesis

XEi
� X ¼ 0 rEi

¼ KEi
r�i for i ¼ 1; 2; 3 (7)

Figure 2. Representation of structured model in com-
plex media.

The model assumes that the organism has access to up to
three substrate combinations for growth. The organism pre-
fers the substrate combination that gives maximum growth.
The figure is adopted from previous work.4

XE4
� X ¼ 0 rE4

¼ KE4
r�4 (8)
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Degradation of enzymes

X � XEi
¼ 0 rdeg;i ¼ kdeg;iXEi

i ¼ 1; 2; 3; 4 (9)

Optimality criteria

maxðmÞ
s:t:

0 � ai � 1

and m � mmax

�
(10)

where m ¼P3
i¼1

aimi:

Mass balance equations

Biomass
dðXVÞ
dt

¼ mXV (11)

Amino Acids

dðS1VÞ
dt

¼ FS1CFS2
� ½ðy1;1m1Þa1

þ ðy2;1m2 þ y5;1qP;2Þa3�

XV þ k4
XE1

XE1;Ref

8>>: 9>>; S4
kS4 þ S4

8>>: 9>>;XV ð12Þ

Glucose

dðS2VÞ
dt

¼ FS2CFS2
� ½ðy2;2m2 þ y5;2qP;2Þa2

þ ðy3;2m3 þ y6;2qP;3Þa3�XV ð13Þ
Ammonium sulfate

dðS3VÞ
dt

¼ FS3CFS3
� ½y3;3m3 þ y6;3qP;3�a3XV (14)

Insoluble nitrogen

dðS4VÞ
dt

¼ FS4CFS4
� ½y1;1m1 þ y2;1m2 þ y5;1qP;2�XV

þ k4
XE1

XE1;ref

8>>: 9>>; S4
kS4 þ S4

8>>: 9>>;X ð15Þ

Product
dðPVÞ
dt

¼ qpXV (16)

where qp ¼
P3
i¼1

aiqpi .

Enzymes

d
XE1

XE1;Ref

dt
¼ mmax

i þ kdeg;i
� � S1

S2 þ Ks1;t þ S1 þ S12

K11;1

� ðmþ kdeg;iÞ XE1

XE1;Ref

ð17Þ

d
XEi

XEi;Ref

dt
¼ mmax

i þ kdeg;i
� �

r�i �ðmþ kdeg;iÞ XEi

XEi;Ref

ði¼ 2;3Þ (18)

d
XE4

XE4;Ref

dt
¼ mþ kdeg;4

1þ TN
W

� �d
 !

r�4 � ðmþ kdeg;4Þ XE4

XE4;Ref

(19)

where values of ri indicate the effect of substrate limitation on
growth and product formation and are based on Michelis–
Menten kinetic form with multiple limiting substrates and sub-
strate inhibition.20

Optimization strategy

The use of multiple substrates, complex media, and the long
fermentation batch cycle (>1 week) necessitates developing opti-
mal feed recipes that maximize the productivity in a fed batch.
While familiarity with the different phenomena involved in the
process provide guidelines in the design of the recipe, a superior
strategy may be systematically found through a model-based
dynamic optimization.21 Moreover, formulation of the optimiza-
tion problem enables rigorous satisfaction of various operating
constraints such as maximum allowable feed rates, volume of fer-
mentor, and maximum biomass concentration. A general formula-
tion of the dynamic optimization problem can be stated as

max
uðtÞ;tF

J ¼ Pðtf Þ (20a)

s:t: ẋ ¼ f ½uðtÞ; xðtÞ� (20b)

xðt0Þ ¼ x0 (20c)

xmin � xðtÞ � xmax

umin � uðtÞ � umax

�
(20d;e)

where t0 and tf denote the start and end of the fed-batch pro-
cess, respectively, and x(t) and u(t) represent the state variables

Table 1. Model Parameters for Growth and Product Formation in Rifamycin B Fermentation Using the Strain
Amycolatopsis mediterranei*

Growth Parameters Product Formation Parameters

Media mi
max Ksi Ksj KIi KIj Yx/si Yx/sj qpmax Kpi Kpj KpIi KpIj Yp/xi Yp/xj

Composition (h�1) (g L�1) (g L�1) (g L�1) (g L�1) (g g�1) (g g�1) (h�1) (g L�1) (g L�1) (g L�1) (g L�1) (g g�1) (g g�1)

I** 0.030 0.30 — — — 0.41 — — — — — — —
II† 0.080†† 25 0.45 100 125 0.40 1.70 0.019 25 0.45 80 125 0.30 1.7
III{ 0.155 15 1.40 100 4.50 0.55†† 2.10†† 0.0205 15 1.0 100 4.50 0.107 0.85

*Model parameters taken from previous report.4 Besides this the initial enzyme concentrations are fixed at 0.9, 0.005, 0.005, and 0.05 for XE1, XE2, XE3, and XE4

respectively. Further, these enzymes become degraded at the rate of 0.004 h�1. The dissolution constant (K4) is fixed at 0.01255 h
�1.

**Soy flour and corn steep liquor (Si).
†Glucose (Si) and soya flour and corn steep liquor (Sj).

††Modified parameters estimated from various batch runs conducted on the reactor.
{Glouse (Si) þ Ammonium sulfate (Sj).
{{Dissloution constant, K4: 0.01255 h

�1.
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and the inputs to the process, respectively. Equation 20b sum-
marizes the process model discussed in the previous section
(Eqs. 1–19). Thus, the state variables for the fermentation
model are

xt ¼ X S1 S2 S3 S4 P
XE1

XRef
E1

XE2

XRef
E2

XE3

XRef
E3

XE4

XRef
E4

" #
(21)

The process inputs represent the feed rates of the four sub-
strates. Thus

ut ¼ F1 F2 F3 F4½ � (22)

Equation 20d represents process- and safety-related con-
straints on the states and the inputs. The various state and feed
constraints used in the current work are documented in Table
2. The solution of the above optimization problem yields the
optimal feeding strategy.

Among the various methods for solving the dynamic optimi-
zation problem (Eq. 20), the approach consisting of parameter-
izing the control vector u and subsequently casting the
dynamic optimization problem to a nonlinear program (NLP)
and is well suited to large-scale problems.22–25 This method is
also known as control vector parameterization (CVP). An
additional advantage of NLP methods is the availability of effi-
cient NLP solvers. In the CVP approach, only the input u is
parameterized and the states and objective function are eval-
uated by solving the dynamic equations. The input profiles
may be approximated using a series of piecewise polynomials,
g, and associated input parameters as follows:

uiðtÞ ¼
Xna
j¼1

aij gij ðt� tijÞ (23)

where tij is the jth switching time of the ith manipulated vari-
able, na is the number of switching intervals, and aij represents
the amplitude of the ith manipulated variable at the switching
time tij. We make use of a zero-order trial function, wherein
the feed rate is held constant in a particular interval i. Given
the set of control parameters and initial conditions, the process
model can be integrated using an ODE solver.26–30

In the current work, apart from the amplitude of the input,
aij, we have also optimized switching intervals tij, which deter-
mine the time at which the amplitude of the input is changed.

We used 10 switching intervals for each of the flow rates, mak-
ing a total of 76 decision variables (9 amplitudes and 10
switching intervals for each of the four feed rates).

The resulting NLP can be stated as follows:

max
aij;tij

Pðtf Þ (24)

aijmin � aij � aijmax

s:t:tijmin � tij � tijmax

tf min � t � tfjmax

9=
; i ¼ 1; 4; j ¼ 1; 10 (25)

where P(tf) represents the product at the end of the batch cycle
and is found through integration of Eqs. 1–19. The constraints
are summarized in Table 2. We used the fmincon function
available in MATLAB

1

(The MathWorks, Natick, MA), a
standard successive quadratic programming (SQP) solver, to
obtain the optimal profiles.31,32

Results

The parameters of the process model are listed in Table 1.
The parameters were estimated from the various batch runs
conducted on the fermentor with initial media composition
consisting of (1) glucose as a carbon substrate and ammonia as
nitrogen substrate; (2) glucose as carbon substrate and mixture
of soya and corn steep liquor as nitrogen substrate; and (3) glu-
cose as carbon substrate and ammonia, soya, and corn steep
liquor as nitrogen substrate. The parameter values were similar
to those reported earlier for shake flask4 with the exception of
k4, m2

max, y3,2, and y3,3. The practical constraints on the sub-
strate feeding recipes are listed in Table 2. The important con-
straints were in terms of the working volumes in the fermentor
and the feed flow rates. Note that these constraints (Table 2)
were specific to the reactor vessel and the feeding pumps that
were used in our work. Similarly, the process model parame-
ters (Table 1) were specific to the strain of Amycolatapsis med-
iterrnaei S699 used in this study.

Improvement in productivity by model-based optimization

As discussed in the Experimental section, the SQP optimiza-
tion algorithm was used to solve the NLP of Eqs. 24 and 25.
The optimization resulted in distinct feed recipes, each corre-
sponding to a unique initial guess of the decision variable. We
have verified that the difference between each of these optima
is not the result of convergence tolerances of the objective
function and decision variables used by the SQP solver. Inter-
estingly, each of these solutions produced a comparable value
of the final product concentration. This implies the presence of
many local optima in the decision space consisting of recipes
with similar objective function values. We selected one of the
optimum recipes for experimental verification (Figure 3). The
recipe involves the feeding glucose solution (FS2) and a sus-
pension of defatted soybean flour and corn steep liquor (DSF–
CSL) (FS4). The corresponding optimum batch time was found
to be 210 h. The model predicted the product concentration at
the end of fed-batch fermentation to be 8.9 g/L (Figure 4D).
Upon implementing the optimal recipe, the experimental meas-
urements show that the rifamycin B concentration was 7.2 g/L
at 200 h. To quantify the benefit of optimization, we compared
the results with three different cases (Figures 4A to 4C). Case I

Table 2. Physical Constraints Imposed on the Optimization
Program Based on Aspects Such as Safety, Solubility of

Substrates, Reactor Geometry, Pump Capacity,
and Sensitivity of the Cells to Shear

Parameter Unit Min Max Fixed

Temperature 8C — — 28
Dissolved oxygen % — — 40
CF1

g/L — — 30
CF2

g/L — — 400
CF3

g/L — — 30
CF4

g/L — — 30
Batch termination time (tf) h 180 210
Air flow vvm — — 1
Volume 1 1.5 2.5 —
Feed flow rates 1/h 0.0 0.75 —
Stirrer RPM 180 650 —
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consisted of a batch run where the initial media composition
was optimized.33 However, it was observed that the nitrogen
substrate become limiting at 145 h. Case II and Case III con-
sisted of fed-batch runs where the feeding recipe was synthe-
sized based on the qualitative rationale of supplementing the
carbon and nitrogen substrates with intermittent shots. The
Case II recipe (see Table 3) was based on maintaining the car-
bon levels but faced nitrogen limitation similar to that in test
Case I. Thus Case III was based on intermittent shots of glu-
cose and organic nitrogen substrate (Table 3).

Experimental implementation of these cases reveals that the
optimized fed-batch recipe yields a 266% improvement in pro-
ductivity over Cases I, II, and III (see Table 4). Cases I and II
were expected to provide a lower productivity as a result of the
substrate limitations. However, Case III was found to provide
lower productivity despite the fact that substrate limitation was
accounted for in the feeding recipe. This implies that the
empirically designed Case III did not account for the nitrogen
catabolite repression, thereby resulting in a lower productivity.
However, the nitrogen catabolite repression has been captured

by the process model. It is thus expected that the model-based
optimized recipe will ensure feeding to circumvent repression.

We had access to different process variables during the fed-
batch run. These may be classified as off-line measurements
such as substrate and product concentration and on-line mea-
surement such as pH, CO2 evolution rate, and dissolved O2

concentration. The model accounts for a few of these variables.
The collective information enabled tracking of the various phe-
nomena occurring during the batch.

Modeled variables and model fit

The model parameters were estimated by a well-designed
experimental plan involving batch runs.20 Here, the model was
used to predict dynamic profiles of the substrate, product and
biomass concentrations, and the levels of enzymes for a spe-
cific feeding recipe. Note that the enzyme concentrations have
not been measured. The model-predicted and the measured
concentrations of rifamycin B during the course of the fed
batch are shown in Figure 4. It is observed that the model accu-
rately captures the product and substrate concentrations until
about 120 h. Beyond 120 h, the model overpredicts the sub-
strate consumption and product formation rates. Thus it is seen
from Figure 4D that predicted rifamycin B concentration is
higher than the measured concentration, particularly beyond
120 h. The model deviation was concomitant with a sharp rise
in viscosity (data not shown). This may potentially lead to
mass transfer limitation for the oxygen substrate, which has not
been modeled. This is a possible reason for the overprediction
of the rates of reaction.

We observed that the fermentation of Amycolatapsis medi-
terrnaei S699 in multisubstrate complex medium may be char-
acterized by three distinct phases. During the first 30 h amino
acids are used as a sole source of carbon and nitrogen (Figure
5C). Between 30 and 75 h, glucose is used as the primary car-
bon source and AMS as primary nitrogen source (Figures 5A
and 5B). These phases are marked with high growth rate. From
75 h onward glucose and amino acids play the role of primary
carbon and nitrogen substrate, respectively. Note that the high-
est product formation occurs in this phase.

On-line measurements

In addition to the modeled variables, we measured pH, dis-
solved oxygen, and CO2 evolution rate as shown in Figure 5D.
Although these variables are not modeled they provide addi-
tional information and may be correlated with the three distinct
phases.34 The pH trend reflects the nature of the nitrogen sub-
strate being consumed. For example, between 0 and 30 h, an
increasing pH trend coincides with consumption of amino
acids as sole source of carbon and nitrogen. The subsequent
decreasing pH trend coincides with phase where AMS is con-
sumed as the primary nitrogen source. The increasing pH trend
in the third phase again reflects the consumption of amino acids
as the nitrogen source. The rate of CO2 evolution (qCO2) is
proportional to the rate of respiration by the cell mass. The res-
piration may be a result of growth or maintenance. The rapid
increase in the rate of CO2 evolution coincides with high
growth between 0 and 100 h. Subsequently, the growth rate
slows down, which is reflected in the steady CO2 evolution
rate. Based on the preliminary studies it was found that pO2 at
40% of saturation value was necessary to eliminate dissolved

Figure 3. Optimal recipe implemented for experimental
validation.

The optimum recipe consisted of feed flow rate trajectories
for glucose (FS2) and insoluble organic nitrogen (FS4). The
recipe was implemented by programming the peristaltic
pumps.
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oxygen limitation. The pO2 levels were controlled by cascad-
ing with agitation rate. Thus, the agitator speed is governed by
the O2 demand as well as the mass-transfer coefficient. Note
that the mass-transfer coefficient may change during the batch
cycle because of the substrate feeding and change in viscosity.
The 40% pO2 required could be implemented until nearly 100 h,
beyond which the agitation requirement was greater than the
motor capacity. This is consonant with the sharp rise in viscos-
ity. Thus, the pO2 set point was reduced to 30% at 100 h and
subsequently 20% at 180 h. The reduced pO2 levels may cause
O2 to become the rate-limiting substrate. Because O2 substrate
was not modeled, this may partially explain the deviation
between model predicted and measured values.

Discussion

Model-based optimization of feeding recipe for antibiotic
fermentation has been a challenge, mainly arising from the
lack of a reliable process model. This article presents, for the
first time, a model-based optimization of multisubstrate feed-
ing strategy including the feeding of organic nitrogen substrate.
We used a recently reported process model for rifamycin B fer-
mentation4 that accounts for sequential uptake of substrates in
a multisubstrate environment. Further, the model is able to
accurately represent the nitrogen catabolite repression. This is
effectively reflected in the substantial improvement in product
that we obtain with an optimized feeding strategy. It may be
noted that the optimum feeding strategy aims at achieving high
growth within the first 100-h phase followed by a slow growth
but a high product formation rate.

It may be noted that the optimization algorithm used here
tries to find a local optimum in the decision variable space. The
optimum obtained may be dependent on the initial guess value
of the feeding recipe provided to the optimizer. We found mul-
tiple distinct recipes that give comparable final concentrations
of rifamycin B. Two of the representative recipes are shown in
Figures 6 and 7. Note that all the recipes include the feeding of
glucose (FS2). Moreover the glucose feed starts at about 100 h
in all the recipes including the one implemented (as shown in
Figure 3A). The nitrogen substrate feed, on the other hand, dif-
fers significantly from recipe to recipe. For example, the recipe
shown in Figure 6A feeds amino acids (FS1), whereas the rec-
ipe in Figures 7B and 7C feeds AMS (FS3) and insoluble or-

Figure 4. Rifamycin B concentration profile in optimized batch and comparison with Cases I, II, and III.

The solid line represents model prediction for the concentration of rifamycin B. (A) Feeding recipe obtained by model based optimization.
Refer to Figure 3 for feed profile. (B) Case I: optimized batch. (C) Case II: fed-batch with glucose feed. (D) Case III: fed-batch with glucose
and insoluble organic nitrogen substrate. Refer to Table 3 for initial charge and feed profiles for Case II and Case III.

Table 3. Nutrient Shots Given in Cases I, II and III*

Case Time of shot (h) Glucose Shot (mL)

Organic Nitrogen
Substrate Shot**

(mL)

I — — —
II 94 200 —

105 80 —
125 100 —

III 104 — 50
129 200 —

*The initial charge for Cases I, II, III and optimized fed-batch includes, amino
acids: 4 g/L; glucose: 80 g/L; AMS: 4 g/L; and organic nitrogen substrate:
16 g/L. The concentration of other media components were used as reported
previously.32

**Glucose (400 g/L) and organic nitrogen substrate[DSF (15 g/L) þ CSL (15 g/
L)] were used to give nutrient shots.
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ganic nitrogen (FS4), respectively. Moreover, the amount of
nitrogen fed is different in those recipes. This may be attribut-
able to the differences in the nitrogen catabolite repression
exerted by ammonium sulfate and free amino acids. Of the
competing recipes generated by the optimization algorithm, we
implemented the recipe that feeds glucose along with organic
nitrogen substrate (shown in Figures 3A and 3B) over the rec-
ipes that feed AMS or amino acids (Figures 6A and 7B). This
was done to minimize the effect of model error, if any, on the
product formation during the feeding phase. A small error in
the model may result in the accumulation of nitrogen substrate,
thereby exhibiting nitrogen catabolite repression. The insoluble
nitrogen substrate, on the other hand, releases the nitrogen sub-
strate in the form of free amino acids. This sustained release
would help minimize the nitrogen catabolite repression even in
the presence of a model error.

We observed some deviation between model-predicted and
experimentally measured variable values for the optimized

fed-batch run. Specifically, the model overpredicted the rates
of product formation and substrate use after 120 h. This dis-
crepancy may be attributed to the oxygen limitation, which has
not been accounted for in the model. It may be possible to
account for this in the model by incorporating oxygen as one of
the limiting substrates. The dissolved oxygen concentration
can then be linked to the hydrodynamic parameters of the fer-
menter by using the relevant mass-transfer correlations.

The initial substrate concentrations were decided based on
the prior work on optimization of product in a batch culture.33

Thus the decision variables for optimization included only the
feeding rates and switching intervals and the batch time. Note
that the initial conditions can be incorporated as additional de-
cision variables in our optimization formulation. In addition,
the initial state of the culture plays an important role in decid-
ing the fate of the batch. This initial state is parameterized in
the form of initial enzyme levels, XEi, in the process model.
The initial state of the culture in production stage fermentation

Figure 5. Model prediction and experimental measurements obtained during the experimental implementation of
optimized feeding recipes shown in Figure 3.

Panels 3A, 3B and 3C, continuous and dashed lines represent model prediction, while panel 3D shows online measurements from the bioreactor.

Table 4. Improvement in Rifamycin B Productivity during Substrate Feed Optimization

Age (h) Rifamycin B(g/L) Volume (L) Rifamycin B(g)
Productivity

Factor (PF) (g/L-1/h-1)
Improvement
in PF* (%)

Case I 140 4.0 1.50 6.00 0.038 100*

Case II 150 3.70 1.86 6.88 0.049 128
Case III 200 5.20 1.74 9.00 0.041 108
Optimized fedbatch 200 7.20 2.80 20.2 0.101 266

*Productivity of Case I was taken as 100% to compare improvement in productivity with that of other batches.
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is the final state of the culture in the preculture vessel. Thus, it
may be possible to include the initial state of the culture in the
form of XEi in the suite of decision variables in optimization.
On a practical level, a given initial state of the culture may be
achieved by changing the preculturing conditions and/or the
seed transfer criteria.

Batch-to-batch variability in productivity can be a concern
while implementing such feeding recipes. We conducted our
experiments under relatively well controlled laboratory condi-
tions and obtained reproducibility within 10% in replicate runs.
However, variability may be unavoidable and could be an im-
portant issue for industrial-scale applications. Note that the
monitoring and control of batch-to-batch variability in fermen-
tation processes is beyond the scope of the present work and
the interested reader may refer to works by Flores-Cerrillo and
MacGregor35 and Zhang and Lennox36 for a detailed treatment
of this topic.

The optimized recipes proposed here are specific to the
strain of the microorganism and the fermentor vessel that we
used. The strain of microorganism is parameterized in the form
of the model parameters, whereas the fermentor vessel is para-
meterized in the form of the practical constraints imposed on
the optimizer. It would be possible to generate optimal feeding

recipes for other products/organisms by using a different pro-
cess model or the relevant model parameters. Likewise, recipes
may be generated for a larger-scale vessel by imposing a differ-
ent set of practical constraints. Thus, the strategy of optimized
substrate feeding recipe presented here may be applicable to
other fermentation products of industrial importance.
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Notation

Ksm,j and Kpm,jS1 ¼ pool of amino acids, g L�1

S2 ¼ glucose, g L�1

S3 ¼ ammonium sulfate, g L�1

S4 ¼ insoluble nitrogen substrate, g L�1

m1
max ¼ specific growth rate on S1, h

�1

m2
max ¼ specific growth rate on S2 and S1, h

�1

m3
max ¼ specific growth rate on S2 and S3, h

�1

XEi ¼ concentration of the enzyme responsible for uptake of
substrate combination i

Kdeg,i ¼ degradation constant for the enzyme Ei, h
�1

FSi ¼ volumetric flow rate of feed containing substrate i, L
h�1

CFSi ¼ concentration of substrate i used in the feeding, g L�1

V ¼ volume of liquid in the bioreactor, L
Ksi,j and Kpi,j ¼ substrate half saturation constant for substrate j in the

model for reaction i, g L�1

Figure 6. Competing feeding recipes generated through
optimization algorithm.

Because of the presence of multiple local optima in the deci-
sion space of recipes, several recipes were generated by the
optimization algorithm. Two examples are presented in A and
B. For nomenclature refer to Figure 1.

Figure 7. Competing feeding recipe II generated through
optimization algorithm: for nomenclature, refer
to Figure 1.
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Yi,j ¼ stoichiometric coefficient of substrate j in reaction i, g g�1

rdiss ¼ dissolution rate of UNS to ANS (American Nuclear
Standard) conversion, h�1

qCO2 ¼ carbon dioxide evolution rate, mole L�1 h�1
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