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Abstract
A hybrid neural model was developed for the alcoholic fermentation by

Zymomonas mobilis. This model is composed by the mass-balance equations
of the process and neural networks, which describe the kinetic rates. Strate-
gies that combines scarce experimental data with approximate models of the
process were used to generate new data for the training of the networks,
minimizing the number of experiments required. The proposed hybrid neu-
ral methodology uses all the information available about the process to deal
with the difficulties in the development of the model.

Index Entries: Alcoholic fermentation; Zymomonas mobilis; hybrid model-
ing; functional link networks.

Introduction

One of the most severe problems in the control and optimization of
biotechnological processes is the construction of reliable models of the
system. This difficulty is associated with the complex nature of microbial
metabolism and the highly nonlinear nature of its kinetics. For these
processes, the development of detailed models based on fundamental prin-
ciples and intense kinetic studies is frequently expensive and time-con-
suming. Thus, it would be of great advantage to find some simple and rapid
way of describing them, accurately enough for optimization and control.

Many methods have been proposed in recent years to achieve this
goal. One of them is the use of neural networks (1,2), which offers a tool for
direct use of process data to generate input-output relationships. The train-
ing of a neural network, however, requires a large number of experimental
data. Furthermore, the interpretation of such models is difficult.

Another alternative is the use of hybrid neural models. As noted by
Psichogios and Ungar (3), it is straightforward to derive an approximate
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model of a bioreactor from simple first principles considerations, such as
mass balances on the process variables. A critical factor in determining the
dynamic behavior of the process is the unknown kinetics. Thus, in the
hybrid neural model, the aspects of the problem whose quantitative behav-
ior is well understood are described by deterministic mathematical equa-
tions, whereas neural networks describe the kinetics. These models are
expected to perform better than “black-box” neural network models,
because generalization and extrapolation are confined only to the uncer-
tain parts of the process and the basic model is always consistent with first
principles. Besides, as noted in (3), owing to the process uncertainty reduc-
tion when first principles information is used, significantly less data are
required for their training.

However, even when hybrid neural models are used, the required
experimental data set could still be large for certain situations where data
collection is too difficult and/or too expensive. Tsen et al. (4) proposed a
technique to deal with this problem. It combines scarce experimental
data with prior knowledge from an approximate model.

In this work, a hybrid neural model is developed for the fed-batch
alcoholic fermentation by Zymomonas mobilis. This is a typical example of
a process to which the use of the hybrid neural modeling procedure is
beneficial. Although there are some models available in the literature for
this process (5–7), they are different from each other and valid only for
specific conditions. Changes on medium composition or the use of differ-
ent strains nullify the modeling predictions.

The proposed hybrid neuronal model combines the mass-balance
equations with functional link networks (FLNs) (8), whose great advantage
is that the weights appear linearly, which simplifies the training procedure.
Modifications are applied to the FLNs to increase their nonlinear approxi-
mation ability and to reduce size and complexity.

Two approaches are proposed to minimize the number of experiments
required for the development of the hybrid neural model: the technique
proposed by Tsen et al. (4) and the use of a model available from the litera-
ture (modified to describe the obtained experimental data) to augment the
experimental data set.

Methods

Materials and Methods

Batch and fed-batch experiments were conducted in a two liters
bioreactor, with the temperature controlled at 30°C and the pH at 6.0.
Zymomonas mobilis strain CP4 (ATCC31821) was used. The fermentation
medium consisted of glucose (the concentration varied in the experiments),
5 g/L of yeast extract, 1.5 g/L of (NH4)2SO4, 2 g/L of KH2PO4, and 1 g/L of
MgSO4. The sterilization in autoclave was made with the glucose inside the
fermenter and the other nutrients separately. During fed-batch operation,
a solution containing glucose and nutrients was fed into the fermenter with
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a peristaltic pump. The experiments were conducted using a 10% (v/v)
inoculum with the same composition as the fermentation medium. Samples
were assayed for dry cell weight (DCW), glucose, and ethanol. After mea-
surement of the sample volume, it was centrifuged. The supernate was
removed for glucose and ethanol analyses with Glucose GOD-PAD method
(Merck system) and a Varian 3350 gas chromatographer. The residue was
washed and centrifuged again, dried at 100°C for 24 h, and weighed for the
determination of DCW.

Hybrid Neural Model

Mass-Balance Equations

A fed-batch stirred bioreactor can be described by the following mass
balance equations

(1)

(2)

(3)

(4)

where X, S, and P are the biomass, substrate, and ethanol concentrations;
SF is the feed substrate concentration, D is the dilution rate, defined as D =
F/V; F is the volumetric substrate feed rate; V is the volume of the reactor
and µ, σ, and π are the specific rates of growth, substrate consumption, and
ethanol formation, respectively; these are described by functional-link
networks.

Functional-Link Networks

A neural network typically consists on many simple computational
elements or nodes arranged in layers and operating in parallel. The inputs
to a node are linearly weighed before the sum is passed through some
nonlinear activation function, which, ultimately, gives to the network its
nonlinear approximation ability. The weights, which define the strength of
connection between the nodes, are estimated, through a so-called training
procedure, to yield good performance The neural network nonlinearity,
creates difficulties to obtain the optimal weights. If nonlinear learning rules
are used, the learning rate is often unacceptably slow and local minima may
cause problems (8).

One way to avoid the nonlinear learning is the use of functional-link
networks. In these networks, a nonlinear functional transform or expan-
sion of the network inputs is initially performed and the resulting terms are
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combined linearly. The obtained structure has a good nonlinear approxi-
mation capability and the estimation of the network weights is linear.

The general structure of an FLN is shown in Fig. 1, where xe is the input
vector and yi(xe) is an output. The hidden layer performs a functional
expansion on the inputs, which maps the input space, of dimension n1, onto
a new space of increased dimension, M (M > n1). The output layer consists
of m nodes; each one, in fact, a linear combiner. The input-output relation-
ship of the FLN is:

(5)

In this work, two modifications are applied to this network to improve
its performance. In the first one, the output given by Eq. 5 is transformed
by an invertible nonlinear activation function. The new output is:

(6)

where fi is an invertible nonlinear function.
The other modification is that the real inputs, xe, were first transformed

before the functional expansion was performed.
These modifications increase the nonlinear approximation ability of

the network and the estimation of the parameters still remains a linear
problem.

A method based on orthogonal least-squares is used to eliminate non-
significant nodes during the training of the network (9). This method
reduces significantly the size and complexity of the network, avoiding data
overfitting.

In the training of the network, the inputs (xe) are the process state
variables: biomass, substrate, and product concentrations. The outputs are

Fig. 1. Extrapolation of different experimental data points.
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the kinetic rates to be calculated. They are not measurable, but can be esti-
mated from measured experimental data from a discretized version of the
mass-balance equations. In this work, the discretization procedure was
based on a descent difference approximation, using the experimental
sample period (30 min). This period was determined by the analytical
methods used and the instrumentation available. Although the obtained
results have shown satisfactory behavior, any possible reduction of the
sampling period should certainly improve the estimation.

Augmented Experimental Data Set

In this work, two approaches were used to augment the experimental
data set and minimize the number of experiments required to develop the
hybrid neural model.

One is the use of the technique of Tsen et al. (4), which is based on the
fact that, although a qualitatively sound first-principles model may not
produce predictions that are accurate in absolute terms, it is usually able to
predict the relative trends in process behavior. Mathematically this means
that the model can capture the gradients with respect to the process vari-
ables at least quantitatively. This technique can be used to produce hun-
dreds of new data from a relatively small original data set.

The basic idea is illustrated in Fig. 2. In this figure x1 ... xM are the M
independent variables of the process model, y is the output variable, (xe

11,
xe

21, ...), (x
e
12, x

e
22, ...), and (xe

13, x
e
23, ...) are three experimental data points.

The extrapolation equation from N experimental data points to an aug-
mented data point (xa

1, x
a

2, ...), is given by:

(7)

Fig. 2. General structure of an FLN.
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where Wik are weighting factors that are inversely proportional to the
distance of the augmented data point from each experimental data points.
It is described by the following equation:

(8)

If the data points are widely scattered, it is more appropriate to use
only the closest experimental points for the interpolation (nearest neighbor
policy).

Besides this technique, the model of Veeramallu and Agrawal (6) was
used as a source of knowledge of the process. Because this model, with
some modifications and new parameters, described well the obtained
experimental data, it was used to generate new data.

Results

The experimental data obtained from three batch and two fed-batch
experiments were used to develop the hybrid neuronal model for the alco-
holic fermentation by Z. mobilis. The technique proposed by Tsen et al. (4)
and the modified model of Veeramallu and Agrawal (6) were used to aug-
ment the experimental data set.

In the technique of Tsen et al. (4), the model of Garro et al. (7) was used.
The kinetic rates are described by:

(9)

(10)

(11)

The model parameters are: µmax = 0.5/h, ks = 4.64 g/L, Pm = 150 g/L,
Yx/s = 0.0265 g/L, m = 1.4/h, α = 17.38, and β = 0.69/h.

It is known from the models available in the literature that the specific
kinetic rates for the alcoholic fermentation by Z. mobilis are functions of the
concentrations of substrate and product. Thus, these variables were con-
sidered as inputs to the network training.

The derivatives of the model of Garro et al. (7) with respect to the
substrate and product concentrations were calculated and new data points
were generated using Eq. 5. In this equation, the independent variables
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ds
dt   exp

(x1, x2) are the substrate and product concentrations and the output vari-
ables (yi) are the kinetic rates. Based on preliminary studies with simulated
data, only the four experimental data points closest to the point to be gen-
erated were used in the weighting. The new data points were generated
randomly and only inside the surface limited by the experimental data
points. In this way, an eighty points experimental data set, obtained from
five experiments, was expanded to a thousand points data set.

Functional-link networks were trained with the original and the aug-
mented experimental data set. The original input vector, xe = [S  P], was
transformed to:

(12)

The objective of this modification is to supply the network with inher-
ent characteristics of the process kinetics. When the new input vector is
used, the neural network is told that, if the substrate concentration is zero,
the microbial growth, substrate consumption, and ethanol production are
also zero. In other words, this modification shows to the network that this
fermentation is limited by the substrate.

For the specific growth rate, the activation function used was:

(13)

For the specific product formation rate, no activation function was
used. The choice of the activation function was made after tests with differ-
ent options.

The expressions of the FLNs that describe the specific rates of growth,
glucose consumption, and ethanol formation are:

(14)

(15)

(16)

yp1 and yp2 are given in Table 1, and YP/S = 0.47.
The glucose concentration experimental data are extremely noisy,

owing to the experimental errors associated with the analytical technique
used. Thus, the results of the calculation of the experimental substrate
consumption rate (used as the target for the neural network training)
are much worse, as they depend on and the differentiation amplifies

the errors. The training of the FLNs with these data leads to poor results.
Because it is known from the models available in the literature that the
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substrate consumption rate can be described as a relation between the prod-
uct formation (π) and a yield factor (YP/S), Eq. 16 was used to describe this
rate. This equation is a function of the product concentration only, and the
experimental measurements are more reliable and less noisy than glucose
concentration measurements.

The predictions of the two hybrid neural models (using the FLNs
trained with the experimental and the augmented data sets) for the batch
and fed-batch experiments performed are shown in Figs. 3–7. For the batch
experiments, good results were obtained from both hybrid models (Figs. 3–
5). However, for at least one of the fed-batch experiments (Fig. 7), the results
obtained with the hybrid neural model that uses the FLNs trained with the
augmented data set are much better than those of the hybrid model using
the FLNs trained with the experimental data set.

Table 1
yp1 and yp2 for the Functional-Link Networks

FLN trained with the experimental data set

yp1 = 2.5886 · 10–2 S – 2.5039 · 10–4 SP –
2.4587 · 10–4 S2 + 1.6751 · 10–6 S2P +
4.4613 · 10–9 S4

yp2 = 9.0938 · 10–1 S – 4.8609 · 10–3 SP –
6.9052 · 10–2 S2 + 1.0122 · 10–3 S2P –
6.5802 · 10–6 S2P2 + 2.3038 · 10–3 S3 –
5.9682 · 10–5 S3P + 8.5939 · 10–7 S3P2 –
3.7770 · 10–9 S3P3 – 3.6388 · 10–5 S4 +
1.2426 · 10–6 S4P – 1.8221 · 10–8 S4P2 +
6.2411 · 10–13 S4P4 + 2.6588 · 10–7 S5P5 –
1.0532 · 10–8 S5P + 1.4014 · 10–10 S5P2 +
5.0101 · 10–13 S5P3 – 4.8570 · 10–15 S5P4 –
7.1562 · 10–10 S6 + 2.9846 · 10–11 S6P –
2.8948 · 10–13 S6P2 – 3.1309 · 10–15 S6P3

FLN trained with the augmented data set

yp1 = 1.8745 · 10–2 S – 1.9343 · 10–4 SP –
1.9086 · 10–3 S3 + 1.8634 · 10–10 S4P +
5.9229 · 10–11 S5 – 7.1629 · 10–15 S6P

yp2 = 2.5606 · 10–1 S – 1.6894 · 10–3 SP –
3.7113 · 10–3 S2 – 1.6906 · 10–4 S2P +
1.9299 · 10–6 S2P2 – 1.1230 · 10–5 S3 +
8.0325 · 10–7 S3P + 2.6117 · 10–7 S3P2 –
4.7722 · 10–9 S3P3 + 6.2456 · 10–7 S4 –
3.7113 · 10–9 S4P2 – 2.1599 · 10–11 S4P3 +
1.5267 · 10–12 S4P4 – 4.1626 · 10–9 S5 +
2.8395 · 10–11 S5P2 + 1.6596 · 10–13 S5P3 –
1.9731 · 10–16 S5P5 + 7.5812 · 10–12 S6 –
9.2540 · 10–14 S6P2 – 3.9423 · 10–16 S6P3 –
9.8003 · 10–21 S6P6
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Figure 8 shows the results of the model of Garro et al. (7) for one of the
fed-batch experiments. It can be seen that this model does not describe
properly the experimental results. Nevertheless, it could be used to
describe the trends of the process behavior in the technique proposed by

Fig. 3. Experimental results (�) and results of the hybrid model with experimental
FLNs (—) and augmented FLNs (·····) for batch fermentation. Operational conditions:
X(0) = 0.06 g/L, S(0) = 50 g/L, P(0) = 0.9 g/L and V = 2 L.

Fig. 4. Experimental results (�) and results of the hybrid model with experimental
FLNs (—) and augmented FLNs (·····) for batch fermentation. Operational conditions:
X(0) = 0.04 g/L, S(0) = 100 g/L, P(0) = 0.8 g/L and V = 2 L.
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Tsen et al. (4), and the hybrid neural model with the FLNs trained with the
resulting augmented data set described well the experiments performed.

Another approach to minimize the experiments required for building
the hybrid neural model is the use of a model available from the literature
to generate new data for the neural networks training. In this work, this

Fig. 5. Experimental results (�) and results of the hybrid model with experimental
FLNs (—) and augmented FLNs (·····) for batch fermentation. Operational conditions:
X(0) = 0.07 g/L, S(0) = 150 g/L, P(0) = 0.93 g/L and V = 2 L.

Fig. 6. Experimental results (�) and results of the hybrid model with experimental
FLNs (—) and augmented FLNs (·····) for fed-batch fermentation. Operational conditions:
X(0) = 0.18 g/L, S(0) = 85 g/L, P(0) = 4 g/L and V(0) = 1 L, SF = 200 g/L and Vf = 2 L.
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approach was used to generate new data for the training of a FLN for the
specific product-formation rate. The objective is to obtain a network smaller
than the one trained to estimate this specific rate using data generated by
the technique of Tsen et al. (4). Neural networks with reduced size and
complexity are important, as they enable the use of the hybrid model in an
adaptive way, re-estimating on-line their weights.

Fig. 7. Experimental results (�) and results of the hybrid model with experimental
FLNs (—) and augmented FLNs (·····) for fed-batch fermentation. Operational conditions:
X(0) = 0.08 g/L, S(0) = 100 g/L, P(0) = 2 g/L and V(0) = 1 L, SF = 320 g/L and Vf = 2 L.

Fig. 8. Results for fed-batch fermentation. Model of Garro et al. (7) (—) and experi-
mental data (�). Operational conditions given in Fig. 7.
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The model of Veeramallu and Agrawal (6) was adopted in this
work, with the equation describing the product formation rate slightly
modified to account for product inhibition. New parameters were intro-
duced and good reproduction of the experimental data were obtained. The
modified model is given by the following equations:

(17)

where:
S – Si = 0 if S ≤ Si

P – Pob = 0 if P ≤ Pob

(18)

where:

(19)

The adjusted parameters values are: a = 0.50, b = 0.75, Ki = 200 g/L,
Km = 0.5 g/L, Pma = 217 g/L, Pmb = 108 g/L, Pob = 35 g/L, Si = 80 g/L, µm0 =
0.47/h, qpm0 = 4.1/h, Pi' = 52 g/L, Pm' = 127 g/L e YP/S = 0.485.

This model was used to generate a thousand new data points for the
FLN training.

Using a trial and error procedure, it was verified that the best results
were obtained for the following input vector and activation functions in the
output layer:

(20)

(21)

The expression of the resulting FLN was:

(22)
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where:

yp = 0,2426 + 0,2620 · 1
S

 – 0,0074 · P
S

 +

8,5259 · 10–5 · P
2

S
 + 4,2293 · 10–11 · P5 + 9,6624 · 10–5 · 1

S6
 + 6,5915 · 10–15 · P6

The use of a modified input vector also reduces the number of experi-
mental data required for training and the network complexity. If the FLNs
shown in this work were trained with the original input vector (xe = [S  P]),
not only the number of experimental data required but also the number of
monomials in the resulting network expressions would be much greater.

In the new hybrid neural model, the FLNs which describe the specific
rates of growth, product formation and substrate consumption are given
by Eqs. 14, 22, and 16. It should be noted that, although the equation for the
specific substrate consumption rate is the same as the one in the other
model (with FLNs trained with the augmented data set obtained by the
technique of Tsen et al. [4]), the resulting rate is different, as it is a function
of the product formation rate.

This new approach described well the experiments performed, as can
be seen from the results for the fed-batch experiments in Figs. 9 and 10.

Discussion

Bioreactors operating in fed-batch mode are quite difficult to model,
because their operation involves microbial growth under constantly chang-
ing conditions. The use of hybrid neural models is a good solution for this
modeling problem. In these models, the mass-balance equations of the

Fig. 9. Results for fed-batch fermentation. Hybrid neural model (—) and experimen-
tal data (�). Operational conditions given in Fig. 7.
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process are combined with neural networks, which describe the unknown
kinetics.

Frequently the mass-balance equations are not the only a priori infor-
mation available about the system dynamics. The inclusion of all the a priori
available knowledge of the system in the modeling stage leads to a better
performance of the resulting model and diminishes the time and the effort
required for its development.

In this work, a hybrid neural model was built for the alcoholic fermen-
tation by Z. mobilis. All the available knowledge from the process was used
to solve the problems that arose in the different modeling stages.

The first challenge was the development of the hybrid model with
only few experimental data. Two approaches were suggested that led to
good results. The first one generates an augmented data set using a combi-
nation of the information, taking from both an available model of the pro-
cess and the experimental data (4). The hybrid model whose neural
networks were trained with this augmented data set described the experi-
ments better than the hybrid model with networks trained only with the
original experimental data set.

The other approach generates new data using a model available from
the literature, modified to describe the experimental data. This approach
was used to train a neural network for the specific product-formation
rate. This network was smaller than the one trained with the data gener-
ated by the technique of Tsen et al. (4). This is an important result, because
neural networks with too many parameters can offer poor generalization
characteristics.

In order to obtain networks with minimal size and complexity, some
modifications were made in the functional link networks structure, such as

Fig. 10. Results for fed-batch fermentation. Hybrid neural model (—) and experi-
mental data (�). Operational conditions given in Fig. 6.
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the use of an invertible activation function and of a modified input vector,
which increase the nonlinear approximation capability. A method to
eliminate nonsignificant monomials during the training of the network
was also used.

The simple structure of the resulting FLNs enables the use of the pro-
posed hybrid neural model in an adaptive scheme. In this scheme, after the
neural network is trained based on available data, its weights can be con-
tinuously updated during real-time application. In this way, the model is
able to adapt itself to deviations from the information contained in the
initial training data set.
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