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Abstract

In this work a procedure for the development of a robust mathematical
model for an industrial alcoholic fermentation process was evaluated. The
proposed model is a hybrid neural model, which combines mass and energy
balance equations with functional link networks to describe the kinetics.
These networks have been shown to have a good nonlinear approximation
capability, although the estimation of its weights is linear. The proposed
model considers the effect of temperature on the kinetics and has the neural
network weights reestimated always so that a change in operational condi-
tions occurs. This allow to follow the system behavior when changes in oper-
ating conditions occur.

Index Entries: Alcoholic fermentation; functional link networks; kinetic
parameters estimation; mathematical modeling; process simulation; bioreactors.

Introduction

A potential substitute for petroleum in Brazil is biomass, particularly
sugar cane. The sugar cane industry is the largest alternative commercial
energy production program in the world with ethanol and the almost com-
plete use of sugar cane bagasse as fuel. Although the bioethanol produc-
tion is running for several years it is clear that improvements are required
to increase the process performance. The influence of temperature in the
kinetics is a very important factor in the alcoholic fermentation process. It
is difficult to support a constant temperature during large-scale alcoholic
fermentation and variations in temperature affects productivity through
changes in kinetics as well as in microorganism lifetime. The temperature
in a typical industrial fermentor varies from 33.5°C (during the night) to
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35°C (at the end of the day) owing to fluctuations in the cooling water tem-
perature. In plants with poor temperature control the temperature in the
fermentor goes up to 40°C. Thus, an accurate mathematical model must
take the influence of temperature into account. Also, changes in opera-
tional conditions and fluctuations in raw material composition, both very
common in alcoholic fermentation plants, results in kinetic changes and
affects yield and productivity.

Owing to the difficulties described above, the main difficulty in model-
based techniques for definition of operational strategies, control, and opti-
mization for the ethanol production process is the problem of obtaining an
accurate model. Thus, in this work a procedure for the development of robust
mathematical models for the alcoholic fermentation process is evaluated. The
objective is to obtain a model to be used as a simulator, making simpler not
only the development and implementation of new control and optimization
techniques, but also retuning of existing controllers as well as finding out
new optimal operational conditions when operational changes occur.

In the last years, many studies of the mathematical modeling of alco-
holic fermentation process have been performed (1,2). However, although
temperature has an important influence on this process, there are very few
works in the literature considering the effect of temperature on the kinetic
parameters. Among them are the works of Atala et al. (3) and Aldiguier
et al. (4). However, Aldiguier et al. (4) determined different values for kinetic
parameters in different temperatures, but did not determine a temperature
function to describe the kinetic parameters. Although phenomenological
mathematical models provide understanding about the process, practical
experience shows that they are only valid for the specific conditions in
which they were determined. When there are changes in operational condi-
tions, the model kinetic parameters have to be reestimated. The frequent
reestimation, mainly when the parameters are described as functions of tem-
perature, is difficult and time-consuming because of nonlinearities, great
number of parameters, and interactions among them.

One way to deal with this problem is to use hybrid neural models (5,6).
As was demonstrated by Psichogious and Ungar (7), it is simple to propose
a bioreactor mathematical model through application of mass balances for
the process variables. The really difficult part is the mathematical representa-
tion of the kinetics. A cell is a complex organism wherein thousands of
enzyme-catalyzed reactions take place. The kinetic rates are most often
poorly understood nonlinear functions; whereas the corresponding parame-
ters are in general time-varying (8). Literature presents a great number of
approximate kinetic models, which take different factors into account, and
the proper choice of the mathematical description of these expressions is
object of discussion in many works (2,3,9,10). Thus, hybrid neural models are
suitable to model biotechnological processes, as they combine mass and
energy balance equations with neural networks, which represent the
unknown kinetics (11). In this work a hybrid neural model is proposed to
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model an industrial alcoholic fermentation process. The specific growth rate
is described by a functional link network (FLN) (12). These networks have
been shown to have a good nonlinear approximation capability, although the
estimation of its weights is linear. Because of this linear estimation, the FLNs
training is rapid, requires low computational effort, and convergence is guar-
anteed, so that it has a large potential for online control and optimization
implementations (6).

Industrial Alcoholic Fermentation Process—
Phenomenological Model

The alcoholic fermentation process to be modeled is illustrated in Fig. 1.
This is an existing plant, designed using the procedure of Andrietta and
Maugeri (13) to a maximum production of 320 m3 of anhydrous ethanol/d.
The system is a typical large-scale industrial process made up of five
continuous-stirred tank reactors attached in series and operating with cell
recycle. Each reactor has an external heat exchanger to keep the tempera-
ture constant at an ideal level for the fermentation process. The feedstock,
a mixture made up of sugar cane molasses and syrup and sources of nitro-
gen and mineral salts, is converted into ethanol by a fermentation process
carried out using the yeast Saccharomyces cerevisiae. A set of centrifuges
splits the outlet-fermented product into two phases. The light phase (FV) is
sent to a distillation tower in which the alcohol is finally obtained. The
heavy phase is mixed with acid and diluted with water (flow rate Fa)
before being recycled (flow rate FR) to the first reactor. FS (m

3/h) is the flow
rate of the cell purge stream, used to permit cell renovation and the with-
drawal of secondary products accumulated into the fermentor. These pro-
cess-operating conditions are real conditions of typical industrial
distilleries in Brazil.

The mass and energy balances for the five fermentors are:
Global mass balance in ith fermentor:

(1)

Substrate balance in ith fermentor:

(2)

Product balance in ith fermentor:
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Biomass balance in ith fermentor:

(4)

Energy balance in ith fermentor: 

(5)

Energy balances for the reagent fluid in ith heat exchanger: 

(6)

Energy balances for the cooling fluid in ith heat exchanger:

(7)

Logarithmic mean temperature difference (LMTD) for ith heat exchanger:

(8)
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referring to water inlet and outlet of the cooler; C is an index referring to

LMTD
lni

i J Ci J

i J Ci J

i e

i e

=
− ) − − )

− ) / −

( (

( (

T T T T

T T T T ))

d(

d Cp
LJ J

J
J J

i

J J J

i i

i

e i

i

T

t

F

V
T T

UA
V

)
(= − ) +

ρ








 MMTDi

d(
d

Cp
Cp

Ci
Ci i Ci i i

i

Ci i i

T
t

F T T
UA

V
)

(= − ) −ρ
ρ







LLMTDi

d(
d C

i i
i i i i i Ci i

i

i

VT
t

F T FT F T T
V HX)

( )= − + − +− −1 1

∆
ρ ppi

iYX S/

µ

d(
d

i i
i i i i i i i

X V
t

F X F X V X
)

= − +− −1 1 µ

820 Mantovanelli et al.

Applied Biochemistry and Biotechnology Vol. 136–140, 2007

Fig. 1. Schematic illustration of an industrial plant for ethanol production.



process fluid at the cooler; V (m3) is the reactor volume; T (°C) is the tem-
perature; F (m3/h) is the flow rate; S (kg/m3), X (g/L), and P (kg/m3) are
the substrate, cell, and ethanol concentrations, respectively; ρ (kg/m3), Cp
(J/kg·°C), and ∆H (J/kg) are density, specific heat, and reaction heat,
respectively; and YX/S and YP/S are the kinetic parameters of yield. A kinetic
model was validated with typical industrial conditions for this process (14).
The specific growth rate used was proposed by Lee et al. (2): 

(9)

where µMAX (h–1), PMAX (kg/m3), and XMAX (kg/m3) are the maximum spe-
cific growth rate, the product concentration when cell growth ceases and the
biomass concentration when cell growth ceases, respectively, and n and m
are inhibitor terms coefficients. The maximum specific growth rate, µmax, is
influenced by temperature and is calculated by the Arrhenius equation (15): 

(10)

According to Andrietta (14), PMAX has a constant value below a critical tem-
perature (32°C) and above this temperature its value is described by: 

(11)

The kinetic parameters and constants used with Eqs. 1–11 are given by E =
6417 J/mol, A = 4.5 × 1010, R = 8.314 J/mol·K, K0 = 895.6 kg/m3, a = –0.0676 °C–1,
Xmax = 100 kg/m3, n = 3.0, m = 0.9, Ks = 1.6 kg/m 3, YP/S = 0.445, YX/S = 0.033
(14). Table 1 shows the design parameters for the five fermentors.

The operations involved in the recycle (centrifuge, purge, dilution,
and mixing) presents fast dynamics when compared with the fermentation
process and can be considered in pseudo-steady-state. The concentrations
of ethanol and substrate can be considered to remain constant in the value
of the fermentor outlet at the centrifuge exit. Also, variations in density are
considered negligible through the process. The equations are as follows: 

(12)

(13)

Cell concentration is kept constant in the recycle by manipulation of water
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(15)

(16)

(17)

Mass balance on the centrifuge leads to:

(18)

(19)

In the purge point we have:

(20)

The concentrations of the first fermentor feeding are: 

(21)

(22)

(23)

The mathematical model is made by Eqs. 1–23 and solved using the fourth
order Runge–Kutta method. The must feed flow rate used was F0 = 100 m3/h.
Other parameters used in the equations are: ∆H = –6.509 × 105 J/kg, ρ = 950
kg/m3, Cp = 4184.1 J/kg·°C, U = 1.464 × 107 J/h·°C·m2, ρJ = 1000 kg/m3,
CpJ = 4184.1 J/kg·°C (14). The model does not consider cellular death
because purge and recycle maintain the average age of cells in the process
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Table 1
Design Parameters for the Five Fermentors

Reactor Ai (m2) V (m3) Fc (m
3/h) FJ (m3/h) Vc (m3) VJ (m3)

1 76.361 433 400 400 20 20
2 63.242 370 350 350 20 20
3 31.061 366 180 180 20 20
4 6.809 359 60 60 20 20
5 2.869 333 28 30 20 20



from 7 to 10 d (young cells). Death rate is equal to the rate of cellular replace-
ment and there is no accumulation of live cells or dead cells.

Hybrid Neural Model

The phenomenological model described by Eqs. 1–23 was determined
by Andrietta (14) considering a real industrial process operating in contin-
uous mode. It was validated with industrial data and shown to describe
the process dynamic behavior accurately. However, this model is not able
to describe the process in the presence of changes in operational condi-
tions. In 2005, Andrietta evaluated this same model and concluded that,
for the current operational conditions in the factory evaluated, the model
of Ghose and Thyagi (1) with some modifications led to a better descrip-
tion of the process dynamic behavior. He also determined the existence of
four groups of kinetic parameters in different harvesting periods in the
year, which indicates that, in order to describe the dynamic behavior of the
plant for long periods of time, the mathematical model should have its
kinetic parameters updated periodically. However, the reestimation of
kinetic parameters, mainly if they are considered functions of temperature,
is a difficult and time-consuming task.

In order to solve this problem we used a hybrid neural model in which
the kinetics is described by FLNs. The great advantage of these neural net-
works is that the estimation of its weights is a linear problem, and so the
reestimation is rapid and convergence is guaranteed. The hybrid model
consists of the mass and energy balance equations (Eqs. 1–8 and 12–23) and
a FLN, which describes the specific biomass growth rate. The choice of this
kinetic rate to be described by the neural network was made based on the
results of a sensitivity analysis of the process.

Functional Link Networks

A neural network typically consists on many simple computational
elements or nodes arranged in layers and operating in parallel. The weights,
which define the strength of connection between the nodes, are estimated
to yield good performance. Usually, in the training of neural networks,
the inputs to a node are linearly weighted before the sum is passed through
some nonlinear activation function that ultimately gives the network its
nonlinear approximation ability. However, the same nonlinearity creates
problems in learning the network weights, as nonlinear learning rules must
be used, the learning rate is often unacceptably slow, and local minima may
cause problems (12). One way of avoiding nonlinear learning is the use of
FLNs. In these networks, a nonlinear functional transformation or expansion
of the network inputs is initially performed and the resulting terms are com-
bined linearly. The obtained structure has a good nonlinear approximation
capability and the estimation of the network weights is linear.

Hybrid Neural Network Model 823
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The general structure of an FLN is shown in Fig. 2, where xe is the
input vector and yi(xe) is an output. The hidden layer performs a func-
tional 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 on m nodes, each one, in fact, a linear combiner. The input–output
relationship of the FLN is

(24)

We use a modification in the structure of the FLNs, where the output given
by Eq. 24 is transformed by an invertible nonlinear activation function.
The new output is 

(25)

where fi is an invertible nonlinear function such as, for example, the
sigmoidal function. Another modification in the FLNs used in this work
is that the real inputs (xe) are transformed into a greater number (nz) of
auxiliary inputs (z) before the functional expansion is performed. These
modifications increase the nonlinear approximation ability of the network
and yet, the estimation of the parameters remains a linear problem. A
polynomial expansion of degree six is then performed on the new inputs.
The generated monomials (hJ[z]) are shown in Table 2.

Once the monomials are generated, the orthogonal least-squares esti-
mator proposed by Billings et al. (16) is used to calculate the network
weights (wiJ) and to eliminate the monomials, which are not significant in
explaining the output variance. This reduces the size and complexity of the
neural network and avoids overfitting of the data.
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Fig. 2. General structure of a FLN.



Training of the Neural Network

The network inputs (xe) are the process state variables: biomass, sub-
strate and product concentrations, and temperature. The output is the spe-
cific growth rate. In this work, the state variables are considered accessible
by direct measurement, but the output is not measurable. It can be estimated
from measured experimental data by the discretization of the biomass
balance equation. When dealing with noisy data, some kind of smoothing
algorithm has to be applied to produce reliable rate values from biomass
concentration data. Training was performed using a full factorial design,
considering axial points and one center point, involving the variables
S0 and T0. Both variables had their values changed every 10 h within the
ranges 150–210 g/L (S0) and 28–35°C (T0). Ten hours is enough time for the
process to reach a new steady state. Table 3 shows the factorial design.

Hybrid Neural Network Model 825
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Table 2
Polynomial Expansion of Degree Six

Degree Monomials

0 1
1 zi (i = 1, nz)
2 zizj (i = 1, nz, j = i, nz)
3 zizjzk (i = 1, nz, j = i, nz, and k = j, nz)
4 zizjzkzl (i = 1, nz, j = i, nz, k = j, nz, and l = k, nz)
5 zizjzkzlzm (i = 1, nz, j = i, nz, k = j, nz, l = k, nz, 

and m = l, nz)
6 zizjzkzlzmzn (i = 1, nz, j = i, nz, k = j, nz, 

l = k, nz, m = l, nz, and n = m, nz)

Table 3
Full Factorial Design With Axial Points 

and One Center Point

Time (h) S0 (g/L) T0 (°C)

10 158.8 29
20 158.8 34
30 201.2 29
40 201.2 34
50 150 31.5
60 210 31.5
70 180 28
80 180 35
90 180 31.5



During training and validation the performance of the FLN was mea-
sured by Eq. 26, given by Milton and Arnold (17):

(26)

where ye(k) is the real output, y(k) is the network output,ye is the mean value
of the real outputs and N is the number of training points. For validation, the
disturbances encompassed a sequence of steps with random changes every
10 h within the ranges 162–198 g/L (S

0
) and 28°C to 32°C (T

0
). During train-

ing and validation the activation function that led to the best performance is
given by Eq. 27:

(27)

The auxiliary input vectors were chosen for each reactor after many tests
and are given in Table 4.

Results

For the five process fermentors, the best performance of the FLNs was
obtained using fifth degree monomials. Using four auxiliary inputs (as
shown in Table 4) we generated 126 monomials for each of the five FLNs
(each one describing the specific growth rate of one fermentor). After using
the orthogonal least-squares estimator proposed by Billings et al. (16) to
eliminate nonsignificant monomials, the number of monomials for each
network was drastically reduced, as can be seen in Table 5, which shows the
number of monomials and the performance of the five FLNs during vali-
dation (measured by Eq. 26).

The number of monomials in the FLNs can be considered equivalent to
the number of connections (or weights) in a multilayer perceptron neural
network.

The five FLNs are described by Eqs. 28–32: 
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(29)

(30)
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Table 5
Performance and Number of Monomials for the FLN

Reactor Number of monomials Performance (%)

1 7 99.6870
2 6 99.6868
3 11 99.9895
4 18 99.7873
5 18 96.6931

Table 4
Input Vectors of the Network

Reactor Vector (z)
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3
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5 z = 
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(31)

(32)

The quality of prediction of the proposed hybrid neural model was mea-
sured by the residual standard deviation (RSD) described as a percentage
of average of the ‘real’ values, as described by Atala et al. (3):

(33)

(34) 
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of points. Figure 3 shows the performance of the hybrid model to describe
the dynamic behavior of the fifth fermentor when the process is subjected
to the disturbances shown in Fig. 4. In this figure the disturbances per-
formed for training of the neural networks are shown for comparison.
Table 6 shows the values of RSD% obtained when we use the mathemati-
cal model to calculate concentrations of biomass, substrate, and product in
the five fermentors. If a model without update of its parameters is used it
is not possible to obtain good predictions, and errors over 50% might be
found depending on the type and level of changes.
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Fig. 3. Concentrations of biomass, substrate, and product in the fifth fermentor
(deterministic model —, hybrid model ).



830 Mantovanelli et al.

Applied Biochemistry and Biotechnology Vol. 136–140, 2007

Table 6
Model Quality of Prediction Described by the RSD (%)

Substrate S
Reactor Biomass X (kg/m3) (kg/m3) Product P (kg/m3)

1 0.0037 0.1506 0.0323
2 0.0021 0.3097 0.0147
3 0.0020 0.7540 0.0126
4 0.0024 1.4294 0.0149
5 0.0023 1.9731 0.0143

Fig. 4. Disturbances for the test of the hybrid model.

Discussion

Bioreactors are quite difficult to model because their operation
involves microbial growth under constantly changing conditions. Past
experience has shown the difficulties of using phenomenological models
without kinetic parameters reestimation to describe the dynamic behavior
of the process for long periods of operation, when there are changes in
substrate and yeast conditions (a common situation in industrial plants).
However, the reestimation of kinetic parameters in a phenomenological
model is difficult and time-consuming, mainly when the kinetics depen-
dence on temperature is taken into account. As the main nonlinearities and
uncertainties are in the description of the process kinetic, the use of a
hybrid approach whereby the kinetics is described by a FLN can simplify
the reestimation step.

In this work, we have shown that a hybrid neural model combining
mass balance equations with FLNs is able to describe the process dynamic
behavior with a performance similar to that of a phenomenological model.
However, the reestimation of the weights of a FLN is much simpler than
the reestimation of kinetic parameters in a phenomenological model. The
estimation of the FLN weights is a linear optimization problem, so it is
very fast and convergence is guaranteed. The use of this approach enables
the development of an online reestimation procedure.



Conclusions

The proposed hybrid model seems to be a quite suitable approach to
follow changes in the process that impact the system behavior. The reesti-
mation of the hybrid model is easily done especially because the model is
built-up using FLNs. These networks showed to have a good nonlinear
approximation capability, although the estimation of its weights is linear.
The proposed approach for hybrid modeling is able to deal with distur-
bances in transient phases of the process and different yeasts, because the
identification procedures is carried out adequately with an appropriate set
of data representative of the biotechnological process.
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Nomenclature

a constant in Eq. 11
A constant in Eq. 10
Ai area of the ith heat exchanger (m2)
Cp reagent fluid heat capacity (J/kg ·°C)
CpJ cooling fluid heat capacity (J/kg ·°C)
E activation energy (J/mol)
f activation function of the FLN
Fa water flow rate (m3/h)
FCi reagent fluid flow rate to the ith heat exchanger (m3/h)
Fi feed stream flow rate to ith reactor (m3/h)
FJi cooling fluid flow rate in the ith heat exchanger (m3/h)
FL cell suspension flow from centrifuge (m3/h)
FL1 cell suspension flow to treatment tank (m3/h)
F0 fresh medium flow rate (m3/h)
FR cell recycling flow rate (m3/h)
FS purge flow rate (m3/h)
FV liquid-phase flow to rectification column (m3/h)
FW feed stream flow rate (m3/h)
h monomials generated by the functional expansion
K0 constant in Eq. 11
Ks substrate saturation constant (kg/m3)
LMTDi logarithmic mean temperature difference for the ith heat

exchanger
m constant in Eq. 9
m number of outputs of the FLN

Hybrid Neural Network Model 831

Applied Biochemistry and Biotechnology Vol. 136–140, 2007



M number of monomials
n constant in Eq. 9
nz number of auxiliary inputs
Pi product concentration in the ith reactor (kg/m3)
PMAX product concentration when cell growth ceases (kg/m3)
PR product concentration in the cells recycle (kg/m3)
PW feed product concentration (kg/m3)
R universal gas constant (J/mol·K)
RR cell recycle rate
Si substrate concentration in the ith reactor (kg/m3)
S0 inlet substrate concentration (kg/m3)
SR substrate concentration in the cells recycle (kg/m3)
SW feed substrate concentration (kg/m3)
t time (h)
TCi temperature of the reagent fluid in the ith heat exchanger (°C)
Ti temperature in the ith reactor (°C)
TJi cooling fluid temperature at the ith heat exchanger exit (°C)
TJe inlet cooling fluid temperature in the ith heat exchanger (°C)
U global exchange coefficient (J/h·°C·m2)
Vi volume of the ith reactor (m3)
VJi cooling fluid volume in the ith heat exchanger (m3)
w FLN weights
xe input vector of the FLN
Xi biomass concentration in the ith reactor (kg/m3)
XL biomass concentration in the heavy phase from centrifuge

(kg/m3)
XMAX biomass concentration when cell growth ceases (kg/m3)
XR cell recycling concentration (kg/m3)
XV biomass concentration in the light phase to rectification col-

umn (kg/m3)
XW feed biomass concentration (kg/m3)
YP/S yield of product based on cell growth (kg/kg)
YX/S limit cellular yield (kg/kg)
z auxiliary input vector
Greek letters
∆H reaction heat (J/kg)
ρi reagent fluid density in the ith reactor (kg/m3)
ρj cooling fluid density (kg/m3)
µi specific growth rate in the ith reactor (h-1)
µMAX maximum specific growth rate (h-1)
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