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Abstract In order to control glucose concentration during fed-batch culture for antibiotic pro-
duction, we applied so called “software sensor” which estimates unmeasured variable of interest
from measured process variables using software. All data for analysis were collected from indus-
trial scale cultures in a pharmaceutical company. First, we constructed an estimation model for
glucose feed rate to keep glucose concentration at target value. In actual fed-batch culture, glucose
concentration was kept at relatively high and measured once a day, and the glucose feed rate until
the next measurement time was determined by an expert worker based on the actual consump-
tion rate. Fuzzy neural network (FNN) was applied to construct the estimation model. From the
simulation results using this model, the average error for glucose concentration was 0.88 g/L. The
ENN model was also applied for a special culture to keep glucose concentration at low level. Se-
lecting the optimal input variables, it was possible to simulate the culture with a low glucose con-
centration from the data sets of relatively high glucose concentration. Next, a simulation model to
estimate time course of glucose concentration during one day was constructed using the on-line
measurable process variables, since glucose concentration was only measured off-line once a day.
Here, the recursive fuzzy neural network (RENN) was applied for the simulation model. As the
result of the simulation, average error of RENN model was 0.91 g/L and this model was found to
be useful to supervise the fed-batch culture.
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INTRODUCTION

Production of antibiotics in industrial plant is con-
ventionally carried out by fed-batch culture since the
use of concentrated production media in batch culture
usually reduces antibiotic productivity. In antibiotics
production, one of the most important things is to keep
concentration of substrate (i.e. glucose concentration)
at low level. Generally, high glucose concentration in
broth is not good for fermentative production. For ex-
ample at high glucose concentration, catabolite repres-
sion occurs and the production of secondary metabo-
lites such as antibiotics is significantly repressed [1]. In
addition, Crabtree effect is also observed [2], in which
Escherichia coli and Saccharomyces cerevisiae produce ace-
tate and ethanol, respectively, even if they are in aerobic
conditions, and accumulation of acetate or ethanol in-
hibits their growth and also reduces the expression of
introduced genes. It is very important for antibiotic
production to keep glucose concentration at relatively
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low level [1]. However, if glucose concentration is too
low, a risk of glucose starvation becomes high and it
causes a significant reduction of production and re-
sulted in a big economic damage.

At the laboratory level, an on-line glucose sensor is
available but the reproducible response of this sensor is
limited to short term [3]. Since industrial antibiotic
production in fed-batch mode usually lasts about 1-3
weeks, the reliability as the process sensor is so low.
There is no on-line glucose sensor available for such a
long term. Therefore, at industrial fermentation plant,
glucose concentration is not measured, or measured off-
line once a day or two days and glucose feed rate is de-
termined by an expert worker using the calculated con-
sumption rate. Glucose concentration is normally con-
trolled at a high level to avoid the depletion of glucose,
but such a level is not optimal for the production of
desired substances such as antibiotics in some cases.

Recently, a method so called “software sensor” has
been studied by some researchers [4,5]. By this method,
unmeasurable process variables of interest are estimated
from measurable ones in computer using software. Arti-
ficial neural network (ANN) and expert systems are
often used as the software. The models to estimate the
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enzyme concentration were constructed using ANN in
lipase, glucoamylase and xylanase production processes
(4].
In the present study, we applied fuzzy neural net-
work (ENN) as software to estimate glucose feed rate
and glucose concentration in an industrial antibiotic
fermentation. FNN modeling is one of the knowledge
information processing methods, which has a structure
of neural network and enables to fuzzy reasoning. The
neural network is possible to learn automatically a
complex relation of inputs and outputs. Fuzzy reason-
ing can treat the human’s ambiguous reasoning as the
linguistic expression. High estimation ability of an ENN
model has been proven in our previous studies such as
Japanese sake mashing process [6,7]. We also con-
structed an ENN model so as to simulate correctly ef-
fluent chemical oxygen demand (COD) value [8]. To
improve simulation accuracy further, the FNN model
with recursive learning data-renewing method, called as
the RENN model [9], was newly proposed.

In the present study, the data measured in industrial
antibiotic production plant at a pharmaceutical com-
pany were used to construct an estimation model for
glucose feed rate using the ENN model. Next, a simula-
tion model for time course of glucose concentration was
constructed using the RENN model.

MATERIALS AND METHODS
Measured Variables

In the present study, we used the data of 15 fed-batch
cultures for industrial antibiotic production using Actin-
omyces strain. Table 1 shows the process variables meas-
ured in the antibiotic production. Glucose concentra-
tion, packed cell volume (PCV) and viscosity of broth
were measured off-line, and the others were on-line.
Glucose concentration was measured by a colorimetric
analysis using glucose oxidase-peroxidase system. PCV
was determined by measuring volume of solid com-
ponent after centrifuged the broth at 3,000 rpm (1,700
x g) for 10 min. Viscosity of broth was measured by a
rotating viscometer (B-type, Tokimec Inc., Tokyo). Air
flow rate was measured by a corn-type flowmeter (To-
kyo Keiso Co., Tokyo). Total weight of broth was de-
termined by measuring the head using a differential
pressure transmitter (Hitachi Co., Tokyo). Temperature
of broth was measured by a resistance thermometer
(Okazaki Manufacturing Co., Tokyo). Oxygen uptake
rate (OUR) and carbon dioxide evolution rate (CER)
were calculated by percentage of O, and CO, at inlet
and outlet of the fermentor measured by a mass spec-
trometer (Thermo Onix Inc., North Velasco Angleton,
TX, USA; Prima 600S). Glucose feed rate was measured
by an electromagnetic flowmeter (Yokogawa Electric Co.,
Tokyo). Dissolved oxygen concentration (DO) and pH
were measured by each probe sensor (loa DKK Co,,

Tokyo).
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Fig. 1. Structure of fuzzy neural network. The example for
two input and one output is shown.

Fuzzy Neural Network (FNN)

In the present study, “Type I” ENN [6,10] as shown in
Fig. 1 was used. An FNN combines a simplified fuzzy
reasoning with an ANN. In the premises part, the nu-
merical values of input variables are altered to the grade
of fuzzy variables by membership functions. Each
membership function consists of sigmoid functions.
The consequences part represents the fuzzy rules. The
connection weights of the network correspond to the
fuzzy reasoning parameters. The relationships between
input and output are automatically identified by learn-
ing through an error backpropagation algorithm [11],
and are represented as linguistic IF-THEN rules.

If unnecessary variables are used as the input for the
ENN model, the fuzzy rules of the model would be-
come difficult to be understood and the accuracy of
this model would be lower than that using only neces-
sary variables. Therefore, the parameter increasing
method (PIM) [12] was used to select input variables
and optimize the ENN model. The first step in PIM
selection is to choose the most useful single input vari-
able for accurate prediction. The number of member-
ship functions of the input variable is set at two. In the
next step, the second most useful variable is selected. If
the variable is the same as the one selected in the previ-
ous step, the number of membership functions for the
variable is increased from two to three. By repeating
this operation, the most useful combination of input
variables and membership functions is determined as
the prediction model. This FNN was applied to con-
struct the model to estimate glucose feed rate.

Recursive Fuzzy Neural Network (RENN)

We also constructed a simulation model for time
course of glucose concentration during one day. To
simulate time course of glucose concentration, recursive
learning data-renewing method based on a recursive
parameter estimation method [13] was also applied to
the ENN model, called as the recursive FNN (RENN)
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Table 1. Candidates of input variables for construction of
model and intervals of measurements

Interval of Candidate of input variables

measurement*

1 Glucose concentration at the latest sampling time (g/L)

1 Glucose concentration before 24 h from the latest
sampling time (g/L)

1 Glucose consumption during 24 h before the latest
sampling time (kg)

1 Glucose feed during 24 h before the latest sampling
time (kg)

1 Differences of glucose concentration between the

objective value and the actual value at the latest
sampling time (g/L)

Packed cell volume(PCV) at the latest sampling time
(mL-cell/15 mL-broth) '

Viscosity at the latest sampling time (cp)

Air flow rate (m3/min)

Total weight of broth (ton)

Oxygen uptake rate(OUR) (mmol O,/kg-broth/h)
pH ()

Dissolved oxygen concentration(DO) (ppm)
Cultivation time (h)

Integrated value of OUR during pre-culture (mmol
O,/kg-broth/h)

—_

BB DD DN DD =

* 1:24 h (off-line), 2:30 sec (on-line)

model. In the RENN model, the learning data sets are
renewed and the ENN model is reconstructed in order
to fit to the renewed data sets [9]. The reconstructed

model reflects the last situation of fermentor and the -

high accuracy of estimation model is achieved. The de-
tail of the theoretical background for RENN has been
discussed in our previous paper [9]. The PIM was also
used to select input variables.

Estimation Model for Glucose Feed Rate

In the actual fermentation plant, glucose concentra-
tion was measured off-line once per day, and the glu-
cose feed rate was adjusted by calculated consumption
rate. The estimation model ftor glucose feed rate con-
sists of 2 steps. First, total amount of glucose consump-
tion was estimated using FNN. Next, the glucose feed
rate was calculated based on the material balance. The
variables measured on-line were averaged during the
past 24 h. The candidates for input variables of glucose
feed estimation models are shown in Table 1. Tempera-
ture at the broth was controlled well, and this was not
contained in the candidate of the input variables for
estimation model. CER was removed from input vari-
ables, since the correlation coefficient between CER and
OUR was 0.95 and this is too high to contain in the
input variables.

To construct the estimation model for glucose feed
rate, the data sets from 6 fed-batch cultures were used
for the learning data for FNN. In order to avoid over
learning for FNN, other data sets from 6 fed-batch cul-
tures were used for the evaluation data. The remaining
data sets from 2 fed-batch cultures were used for the
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Fig. 2. Estimation procedure of simulation model for glucose
concentration using RENN. [I: data used for estimation as
input variable, M: estimated value, @®: measured value, O:
interpolated value.

simulation data to check the estimation ability. The
estimation ability of the model was evaluated by the
differences between the actual glucose concentration
and the calculated one by the material balance with the
estimated amount of glucose feed rate. As the result,
the number of learning, evaluation and simulation data
sets were 128, 125 and 42, respectively.

A special cultivation was carried out, fe. the fed-
batch culture keeping glucose concentration at low level.
The data sets for this culture were used for the simula-
tion at Jow glucose concentration.

Estimation Model for Time Course of Glucose
Concentration

As discussed in the above section, the glucose feed
rate on daily basis is estimated from the model con-
structed. Glucose concentration is also estimated from
the glucose feed rate and the material balance. However,
it is an average glucose concentration on daily basis,
and we cannot supervise the actual fermentation situa-
tion until the next measurement time on next day.
Many on-line measuring process variables are available
as shown in Table 1, and it will be possible to estimate
more reliable glucose concentration until the next
measurement time if we use these on-line variables.
Therefore, the RENN model was constructed to esti-
mate time course of glucose concentration using the on-
line and off-line measuring variables. Here, off-line
measuring variables, such as PCV and viscosity of broth
were interpolated to continuous values by the cubic
spline function [14,15].

The same learning, evaluation and simulation data
sets with the estimation model of glucose feed rate
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Table 2. Estimation errors

Average error (g/L) Maximum error (g/L)

Learning data (128)* 0.97 3.30
Evaluation data (125)* 1.02 4.40
Simulation data (42)* 0.95 3.47

* Number of data sets

were used to construct the RENN models. However, the
time interval of the data was 1 h (theoretically, it is
possible to shorten until 30 sec). For recursive learning,
the learning data sets were renewed and the RFNN
mode] was reconstructed in order to fit to the renewed
data sets. Estimation procedure is shown in Fig. 2. Here,
the time interval for estimation is set to 8 h for simplic-
ity. Off-line data were interpolated to 2 data points dur-
ing 24 h by the cubic spline function. Simulation was
started after 4 days to collect sufficient number of data.
As shown in Fig. 2, the glucose concentration (closed
square) at 8 h after the start point was estimated using
the interpolated values of off-line variables and the pre-
sent values of on-line ones (open square). At 16 h and
24 h after the start point, the glucose concentration was
estimated in the same way. When the present glucose
concentration after 24 h was estimated, glucose concen-
tration, PCV and viscosity were measured off-line. Us-
ing these actual measured values, recursive learning was
done. After this learning, interpolation was carried out
by 5 data sets to get interpolated values of off-line vari-
ables and those were used for reconstruction of each
model. Thus, the simulation continued until the end of
the fermentation.

The estimation ability of the model was evaluated by
the differences between the actual glucose concentra-
tion and the estimated glucose concentration every 24 h.

RESULTS AND DISCUSSION

Estimation Result of FNN Model for Glucose
Feed Rate

“OUR’” was selected as the first input variable in the
FNN model. It is reasonable for this variable to be se-
lected as the first input variable, since “OUR” strongly
related to activity of the microorganism. “Cultivation
time” was selected as the second input variable. Selec-
tion of this variable is also reasonable since condition of
microorganism varied by the cultivation time. ‘Air flow
rate” was selected as the third input variable. “Air flow
rate” was high at early cultivation time, and became
low at middle and late cultivation time. Since the mi-
croorganism grows at early cultivation time and pro-
duces the antibiotics at middle and late cultivation time,
this input variable would discriminate the growth
phase and production phase. Only these three variables
were selected by PIM and using these variables as the
input variables of FNN model was thought as enough
for estimation. Each variable was selected one time by
PIM.
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Fig. 3. Simulation results of glucose feed rate using ENN

model. Estimation errors for glucose concentration are plotted.
O: estimated value.

The estimation results for the learning, evaluation
and simulation data are shown in Table 2 for this model.
As shown in Table 2, estimation errors of the FNN
mode] were low and almost the same as the measuring
errors mainly caused by non-homogeneous culture con-
ditions. Fig. 3 shows one of the simulation results. High
estimation accuracy was maintained during the cultiva-
tion in the FNN model.

Application for Cultivation with Low Glucose
Concentration Using ENN Model

[t was shown above that the NN model could esti-
mate glucose concentration with high accuracy. In ac-
tual plant operation, glucose concentration is normally
set at relatively high level, since starvation of glucose
causes very severe damage to microorganism, although
low glucose concentration is better for antibiotic pro-
duction. Therefore, we applied the FNN model to keep
glucose concentration at low level. Considering the
maximum error for glucose concentration shown in
Table 2, the objective glucose concentration was set to
about 60% of that in the previous batches.

A special cultivation was carried out to keep glucose
concentration low. In this cultivation, measurement of
glucose concentration was done more often than once
per day, although possibility of contamination became
high due to so often samplings of culture broth. How-
ever, only the data for glucose concentration once per
day were used for the simulation. Using the input vari-
ables selected in the previous section, the simulation
was done for this special cultivation, but the simulation
error became high (average error: 1.70 g/L, maximum
error: 4.03 g/L). This is reasonable since the FNN model
was constructed using the data sets with relatively high
glucose concentration. If we have many data sets with
low glucose concentration, it will be possible to con-
struct FNN model with high estimation accuracy. In
this case, the input variables shown in the previous sec-
tion may be changed.
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Fig. 4. Simulation results of glucose feed rate at the fermenta-
tion keeping low glucose concentration using FNN model.
Estimation errors for glucose concentration are plotted. O:
estimated value.

Therefore, we selected the input variables from can-
didates in Table 1 by trial and error method. As the re-
sult, the ENN model with high accuracy was acquired.
“OUR’, “Glucose consumption during 24 h before the
latest sampling time”, “Viscosity” and “PCV” were se-
lected as the input variables. Average and maximum
errors using these input variables were 0.95 g/L and 2.13
g/L, respectively. Fig. 4 shows the simulation errors for
the data at low glucose concentration, and the good
simulation results were obtained during the whole cul-
tivation. It is practically difficult to collect many data
sets with low glucose concentration in industrial scale
fermentation without good glucose control, since there
is a high risk of glucose starvation and it causes a sig-
nificant reduction of production and resulted in a big
economic damage. If we have many data sets with rela-
tively low glucose concentration, we can simulate the
cultivation with low glucose concentration with high
accuracy by selecting the optimal input variables, which
was shown here. If this kind of cultivation with low
glucose concentration is repeated, we can obtain many
data sets with low glucose concentration and it will be
possible to construct very safely a new FNN model for
low glucose concentration. This is very attractive for
operators in industrial antibiotic production plant.

Results of Simulation Model for Time Course
of Glucose Concentration Using RENN

As mentioned above, glucose concentration can be
estimated from the FNN model. However, it is an aver-
age glucose concentration on daily basis, and we cannot
expect the actual fermentation situation until the next
measurement time at next day. Therefore, the simula-
tion model to estimate time course of glucose concen-
tration using off-line and on-line data by RENN was
constructed. “Differences of glucose concentration be-
tween the objective value and the actual value at the
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Fig. 5. Simulation results of time course for glucose concen-
tration using RENN model. Estimation errors for glucose con-
centration are plotted. O: estimated value.

latest sampling time”, “Glucose feed during 24 h before
the latest sampling time”, “OUR’ and “Total weight of
broth” were selected as the input variables.

Average and maximum errors for simulation data
using these input variables were 1.21 g/L and 3.37 g/L,
respectively. Fig. 5 shows the simulation errors for one
of simulation data, and shows high estimation accuracy
by RENN model during the culture although the errors
were a little bit high at initial cultivation time.

Using this model, glucose concentration can be moni-
tored on-line (it was estimated every hour for simplicity,
but it is possible to estimate every 30 sec). Without the
RENN model, operator cannot recognize the possibility
of extremely low glucose concentration until the next
measurement time for glucose concentration. Therefore,
the RENN model is very useful as the software sensor
for industrial antibiotic production plant.

In the present paper, glucose concentration was only
discussed extensively. However, there is no doubt that
other process variables such as antibiotic concentration
can be estimated using the same models.

CONCLUSION

Estimation models for glucose feed rate were con-
structed by FNN. Estimation error of the FNN model
was almost same as the measuring error. Using the
RFNN model, simulation for time course of glucose
concentration was possible with high accuracy. At in-
dustrial fermentation plant, using the models con-
structed in this paper as the “software sensor”,; glucose
concentration of broth could be kept at target value and
operator could monitor glucose concentration with high
accuracy.
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