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Abstract This study developed an artificial neural network (ANN) to estimate the growth of
microorganisms during a fermentation process. The ANN relies solely on the cumulative con-
sumption of alkali and the buffer capacity, which were measured on-line from the on/off con-
trol signal and pH values through automatic pH control. The two input variables were moni-
tored on-line from a series of different batch cultivations and used to train the ANN to estimate
biomass. The ANN was refined by optimizing the network structure and by adopting various al-
gorithms for its training. The software estimator successfully generated growth profiles that
showed good agreement with the measured biomass of separate batch cultures carried out be-

tween at 25 and 35°C.

Keywords: on-line monitoring, software sensor, alkali consumption, buffer capacity, biomass

INTRODUCTION

Biomass is one of the most important parameters in
industrial fermentation processes [1]. The continuous
monitoring of the cell mass could provide relevant infor-
mation for determining the level of contamination, seed
development, and the optimum time for the induction or
harvesting time. Therefore, many sensors have been in-
troduced for the in-line or in situ monitoring of this vari-
able. However, there is no generally applicable method
for the on-line monitoring of the biomass concentration
in a process environment [2]. Many papers have reported
the continuous on-line measurement of the cell density or
the monitoring of biomass, based mainly on the optical
methods such as turbidometry [3] or fluorescence meas-
urements [4,5]. The techniques for estimating the bio-
mass such as agitation speed of DO-stat culture [6], the
capacitance of the culture broth [7], and impedance
measurements [8] have also been reported. However,
these methods often require sophisticated instrumenta-
tion, which require calibrations and laborious mainte-
nance.

It has been suggested that software sensors can be
used to estimate the state of the bioprocess. This estima-
tion is based on mathematical algorithms that can pro-
duce estimates of the unmeasured variables from those
measured using hardware sensors [9]. In estimating the
biomass, other variables such as the dissolved oxygen
level, pH and/or exit gas can be measured and mathe-
matically processed using the chemical stoichiometry
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[10], mathematical models [11,12], Kalman filters [13,14],
or artificial neural networks (ANN) [15,16]. An adaptive
estimator and the use of a Kalman filter rather than a
growth-model-based estimation have been suggested due
to the inevitable change in culture conditions between
different batches. Artificial neural networks have also
been suggested to be an attractive alternative for model-
ing nonlinear fermentation systems on account of their
ability to learn process non-linearity directly from plant
data [17].

The successful estimation of biomass using an ANN
requires a good set of input variables to produce the
proper input-output mapping of the ANN [18]. It would
be better to choose an input variable that is more directly
related to the process as long as it is measurable. It is
expected that the level of alkali consumption, which
represents the metabolic activity of the microbial culture
would be directly related to the level of biomass. We re-
cently reported a method for the on-line measurement of
the buffer capacity and alkali consumption rate through
the simple modification of an automatic pH controller in
a jar fermentor and by data acquisition of the pH control
signal [19]. A previous study suggested that the alkali
consumption rate is proportional to the specific growth
rate during batch cultivation, and the buffer capacity of a
culture medium is determined by the ionic components
that dissociate at the culture pH. Therefore, this paper
proposes an ANN to estimate the biomass using the vari-
ables derived from an automatic pH control signal.
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MATERIALS AND METHODS

On-Line Measurement of Buffer Capacity and Alkali
Consumption Rate

Automatic pH control during microbial cultivation gen-
erates a typical pH pattern, as shown in Fig. 1A, This pH
pattern was generated using a pulse-type feeding of a
concentrated solution of alkali or acid or gaseous ammo-
nia, in order to minimize the dilution of the fermentation
broth. Hence, the pH of a medium fluctuates between a
lower and upper bound. Fig. 1B shows a schematic dia-
gram of an alkali pump feeding and the dynamics of the
resulting pH variations. Therefore, the alkali consump-
tion rate and buffer capacity can be derived from the pH
response patterns. Using the knowledge of the pump
feeding rate (F,,,,), alkali concentration (N), culture
volume (V), and pulse length for a pump operation
(Tpump)> the normality of the alkali fed ([OH],,,) for a pH

adftulnsllzment can be calculated using the following formula:

Na Fooy - T,
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The net increase in pH as a result of the alkali feed can
be estimated from an extrapolation of the decreasing part
of the slope of the pH response, as shown in Fig. 1B.
Therefore, the buffer capacity of a culture medium can be
calculated by dividing the concentration of the alkali fed
by the net increase in pH.
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Culture Conditions

The E. coli cells were maintained in a 20% (v/v) glyc-
erol stock at —-80°C, after growing in a Luria-Bertani
(LB) medium (10 g/L yeast extract, 5 g/L tryptone, and
10 g/L NaCl). The culture medium for the batch cultiva-
tion contained the following compositions per liter: 0.5 g
of KH,PO,, 5 g of NH,C], 5 g of NaCl, 0.4 g MgSQO,, 3
g of yeast extract, 10 g of casamino acid, and 20 g of
glucose. The cultivations were performed in a 5 L jar fer-
mentor (BK5L, Boksung Eng. Korea) that was equipped
with a flat-blade impeller, a pH electrode, and pH
measurement and control unit. The control unit was
modified to monitor the rate of alkali consumption and
the buffer capacity of the culture broth.

Analytical Methods

The level of cell growth was monitored by measuring
the absorbance at 680 nm for conversion to the dry cell
weight. A conversion table was prepared from several
samples by measuring the absorbance, as well as by
weighing the saline-washed cells after drying them in an
oven at 105°C for 24 h. The residual glucose level in the
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Fig. 1. Schematic for obtaining the ApH profile generated by an
automatic pH controller in response to the pulse-type feeding of
alkali.
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culture medium was analyzed using the DNS method
[20]. The acetic acid concentration was determined using
a gas chromatograph (3400cx, Varian, Palo Alto, CA,
USA) that was equipped with a Gaschrom 220 column
and an FID detector.

Artificial Neural Network

An ANN software package (Quicknet V2.1, ICSI, CA,
USA) was used to construct the network topology by
changing the node parameters. The ANN was trained by
loading the data file for the buffer capacity, cumulative
alkali consumption, alkali consumption rate, and cultiva-
tion time. The input and output parameters were normal-
ized and the weight parameters of the ANN were opti-
mized using various methods. The trained ANN software
generates the estimated output and the root mean square
error. The result of the matching between the predicted
values by ANN and the measured values was evaluated
statistically based on the coefficient of determination.

RESULTS AND DISCUSSION

Batch Cultivations and On-Line Measurements of the
Derived Variables

A series of batch cultivations were carried out using
five different cultivation conditions in order to train the
ANN to estimate the levels of cell growth, as shown in
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Table 1. The environmental conditions used in the batch cultivations of E. coli for ANN training and evaluation
N Maw S We Topwe e i
Training runs 1 LB + 5 g/L Glucose 60 g/L 6.5 37 300 1.0
2 LB + 10 g/L Glucose 6.5 3730 300 1.5
3 LB + 10 g/L Glucose 6.5 3730 300 1.5
4 LB + 20 g/L Glucose 20 g/L 6.5 37 300 1.5
5 LB + 20 g/L Glucose 6.5 3752553037 300 0.5~1.5
Test runs 1 LB + 40 g/L Glucose 20g/L 6.5 37 200~300 1.5
2 LB + 40 g/L Glucose 6.5 3732 200 0.5

Table 1. The cultivation conditions were varied by chang-
ing the initial glucose level, culture temperature, agitation,
and aeration rate. For example, one batch was grown at
37°C, while another was grown at 30°C, which was then
shifted down to 25°C in the mid stage of the exponential
phase. The aeration was also varied from 0.5 to 1.5 vvm.
The cultivation of E. coli was carried out in a 5 L jar fer-
mentor that was modified to allow monitoring of the pH
control signals. Since the intention was to develop an
ANN that can utilize the parameters derived from pH
control signals, the cumulative alkali consumption, its
rate and buffer capacity were monitored on-line during
the cultivations.

Design of Artificial Neural Network

A good set of input variables is essential for the proper
input-output mapping of an ANN. Therefore, combina-
tions of the measured variables and the cultivation time
were tested as input variables using an ANN with varying
numbers of neurons on a single layer. When the ANN
was trained using the cumulative alkali consumption and
buffer capacity, the estimated values were within 88% of
the measured biomass levels. The other combinations of
input variables produced poorer results. For example, the
ANN with 3 input variables, the buffer capacity, alkali
consumption rate, and cultivation time, produced valued
that were only 40~50% of the measured values. As a re-
sult, the buffer capacity and alkali consumption was
found out to be the best combination of input variables.

However, the combination of culture time, alkali con-
sumption, and its rate showed the worst result, as shown
in Fig. 2, which did not include the buffer capacity as an
input variable. This suggests that the buffer capacity is a
key input parameter. A previous study demonstrated that
the cumulative alkali consumption is usually proportional
to the level of cell growth and organic acid production
[19]. The organic acid also increases the buffer capacity
of the culture medium. Therefore, alkali consumption can
be used to estimate the production of biomass provided
that it is compensated for by the buffer capacity.

Therefore, two input variables, buffer capacity and al-
kali consumption, were used to construct an ANN for
biomass estimation. The optimum topology of the ANN
was examined by varying the number of nodes and the
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—3 Buffer Capacity, Time, Proton Generation (3}
— Time, Proton Generation, Alkali Consumption (3)

Fig. 2. The selection of input variables by a single layer ANN
with different numbers of neurons.

transfer functions i.e. sigmoid, hyperbolic tangent, and
Gaussian. Fig. 3A gives a comparison of estimated and
measured values. The best fit of 92.2% was obtained
through the application of a sigmoid function with a 2-3-
3-1 topology of the ANN and by the application of a hy-
perbolic tangent function with a 2-3-4-1 and 2-4-4-1
topology. However, the additional hidden layers did not
improve the ANN. Therefore, an ANN with the simplest
topology of 2-3-3-1 of Fig. 3B with a sigmoid function
was used in the subsequent experiments.

Training of the ANN and Estimation of Biomass

The constructed ANN was trained using the variables
measured on-line and the biomass as the output data
measured off-line. Various training algorithms, On-line
backprop, Batch backprop, Rprop, Backprop-rand, Delta-
bar-delta, and Quickprop, were tested. Fig. 4 shows the
Root Mean Square (RMS) error for the training algo-
rithms ranging from 2,000 to 10,000 iterations. The
training of the ANN was carried out using a back-
propagation algorithm and the RMS error was reduced to
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Fig. 3. Fine refinement of the ANN topology and transfer func-
tion and the optimized topology.
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Fig. 4. Training of the ANN using various algorithms.

0.047 after 10,000 iterations. The learning rate was sig-
nificantly enhanced by applying the Quickprop algorithm,
which gave the lowest RMS error of 0.049, even at less
than 2,000 iterations. The levels of biomass estimated by
the ANN were compared with the values measured off-
line. The estimated values generated by the ANN showed
good agreement with the biomass values measured off-
line for five cultivations (Fig. 5).

Two different batch cultivations were carried and the
ANN estimated the biomass. The batch cultivations were
performed under significantly different environmental
conditions. The culture temperature in one batch was
37°C, and the temperature of the other batch was shifted
to 32°C after 5 h of cultivation at 37°C. The growth pro-
files were significantly different but the estimated profile
agreed well with the levels of biomass measured off-line
(Fig. 6).

The results of this study demonstrated that an ANN
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Fig. 5. Comparison of the biomass estimated by the ANN with
those measured off-line.
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Fig. 6. ANN estimation of the biomass (run 1, - ; run 2,
—) compared with the off-line measured values (run 1, H;
run 2, @) cultivated under two different conditions.

utilizing the pH control signal successfully estimated the
biomass levels during the batch cultivation under signifi-
cantly different environmental conditions. The correct
choice of input variables is essential for the successful
estimation of the variables of interest. The input variables
must carry at least the indirect information of the output
variable for a successful estimation even in an ANN. The
two input variables, buffer capacity and cumulative alkali
consumption, are expected to increase with the growth of
cells. However, the buffer capacity is affected by the pro-
duction of organic acid during cultivation. For example,
acetic acid is one of the major organic acids produced by
E. coli. However, acetate production depends largely on
the cultivation conditions, as well as on the specific
growth rate [21]. E. coli produces a significant amount
of acetate under anaerobic conditions, and even under
aerobic conditions when high glucose levels are present in
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the medium [22]. Therefore, the cumulative alkali con-
sumption and buffer capacity can provide a mixed signal
consisting of metabolic activity and acetate production.

There are software sensors that have been reported to
successfully estimate the biomass as well as the other
variables of bioprocess. These sensors usually require the
carbon evolution rate (CER) or/and oxygen utilization
rate (OUR) as input variables in combination with the
mass balance [10], mathematical models [11,12], a
model with a Kalman filter [13,14], and software tech-
nologies. Artificial neural networks [15,16] and more
advanced neuro-fuzzy algorithm [23] have been adopted
using the CER and OUR as input variables. Hence, the
exit-gas composition is essential for software sensors.
However, one study used the alkali consumption rate as
the sole input variable for estimating the substrate and
biomass [24]. This report demonstrated that the buffer
capacity and the level of alkali consumption are an ap-
propriate set of input variables to give an acceptable esti-
mation of the levels of biomass grown under significantly
different conditions.

It should be noted that the on-line estimation of the
biomass does not require any sophisticated analytical in-
strumentation except for a minor modification of the ex-
isting pH controller. The use of the pH response signal
simply means the on-line measurement of the buffer ca-
pacity and cumulative alkali consumption during cultiva-
tion. The online measurement was used as a part of the
control software in combination with the ANN. It is pos-
sible that the software sensor for biomass estimation does
not require frequent calibration and manual labour. This
is because the pH probe, which is one of the few reliable
and steam-sterilizable sensors for fermentation, was al-
ready inserted into the broth [1]. The pH value is a reli-
able process parameter that can be used to monitor in-
dustrial fermentation processes.

The use of the pH control signal is an interesting target
because fermentation usually requires automatic pH con-
trol to maintain the pH of the culture medium within a
specified range. The pH control is generally applied in
order to automatically supply the substrate for a fed-
batch culture in a pH-stat model [25]. The use of pH
measurements to estimate the product level and the level
of biomass in aerobic yeast fermentation has been re-
ported [26]. The pH monitor was also used to probe the
metabolic shift that occurs at the IPTG induction of re-
combinant protein production [27]. In this study, it was
demonstrated that pH control enables process control
and gives an estimation of the key parameters during mi-
crobial growth. For further development in utilizing pH
monitoring, metabolic flux analysis or reverse engineer-
ing [28] of pH change could be applied for developing
more advanced software sensor for probing cell growth
and its metabolism.

CONCLUSION

This study demonstrated the utility of the pH response
signal for the on-line measurement of the buffer capacity
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and alkali consumption, was further used to estimate the
biomass during cultivation. The pH response signal was
implemented as a software sensor and a minor modifica-
tion of the existing pH controller was made. It should be
noted that the on-line estimation of biomass does not
require any sophisticated analytical instrumentation. Be-
cause the pH probe is one of the few reliable and steam-
sterilizable sensors for fermentation and is already in-
serted into the broth, the estimation also can be a reliable
process parameter and be applied for monitoring various
industrial fermentation processes. Combinations of input
variables such as the alkali consumption rate, alkali con-
sumption, buffer capacity, and culture time were used but
the use of the alkali consumption and buffer capacity as
input parameters produced the best results.
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