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Abstract

In this present article, genetic algorithms and multilayer perceptron neural
network (MLPNN) have been integrated in order to reduce the complexity
of an optimization problem. A data-driven identification method based on
MLPNN and optimal design of experiments is described in detail. The non-
linear model of an extractive ethanol process, represented by a MLPNN, is
optimized using real-coded and binary-coded genetic algorithms to determine
the optimal operational conditions. In order to check the validity of the compu-
tational modeling, the results were compared with the optimization of a deter-
ministic model, whose kinetic parameters were experimentally determined
as functions of the temperature. 

Index Entries: Alcoholic fermentation process; artificial intelligence;
design of experiments; modeling; penalty function.

Introduction

Demand for ethyl alcohol as a renewable fuel for automotive indus-
tries continues to be high as countries are pushing for greater energy self-
sufficiency. As a large tropical country, Brazil has a high potential for the
use of biomass (1). Sugarcane products are today the most economically
important biomass source for energy cogeneration. One of the main cost
contributive parameters for ethanol production from biomass is the cost
of the raw material. Such cost can be reduced if the conversion efficiency
of the raw material is maximized. This would also avoid the additional
energy required to remove water from ethanol, which is one of the largest
costs involved in the production of ethanol to be used as a fuel additive.
The productivity, conversion and yield can be optimized both at the bio-
chemical level and at the level of process operation (2). Some studies have
used mathematical models based on fundamental mass balances and
kinetic equations with experimentally determined parameters to investigate
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the influence of operating variables on the conversion, productivity, and
yield (3,4). 

Artificial intelligence (AI), such as artificial neural networks and
genetic algorithms (GA), covers a wide range of techniques and tools that
facilitate decision making. These methods have already been successfully
applied in the optimization and control of bioprocesses for more than 20 yr
(5). Moreover, recent studies in chemical and biochemical research showed
that these tools can often be favorably combined especially for modeling,
optimization (6,7), and control (8). 

This work focuses on the process operation aspects using model-
based optimization of an extractive alcoholic fermentation process. Silva et al.
(9) have shown that a scheme combining a fermentor with a vacuum flash
vessel presents several positive features and better performance than a
conventional industrial process (10). The objective in optimizing this pro-
cess is to maximize productivity, although maintaining a high conversion
of substrates to ethanol in the fermentor. A comparison is made between
the performances of two models when the process is optimized using a
real-coded genetic algorithm and a binary-coded genetic algorithm. In real
coded genetic algorithms, the decision variables are coded in real num-
bers, unlike the binary numbers used in the binary coded genetic algo-
rithms. The first model used is a deterministic model, whose kinetics
parameters were experimentally determined as functions of the tempera-
ture, the second is a nonlinear model represented by a multilayer percep-
tron neural network (MLPNN).

A methodology based on AI was used to determine the best condi-
tions from the interactive effect of four variables: inlet substrate concen-
tration, cells recycle rate, residence time, and flash recycle.

Methods

A Neural Network Mathematical Model for the Ethanol 
Production Process

The process to be optimized is shown in Fig. 1 (9). The process consists
of four interlinked units: the fermentor (ethanol production unit), the cen-
trifuge (cell separation unit), the cell treatment unit, and the vacuum flash
vessel (ethanol–water separation unit). The mathematical model is built
up of five ordinary differential equations derived from mass and energy
balances on the fermentor; algebraic equations for the mass balance on the
centrifugue, cell treatment unit, and the purge, as well as the mass and
energy balances on the flash tank. Details of the model can be found in
Costa et al. (11). The objective of the optimization is to maximize produc-
tivity and conversion, which are strongly influenced by the inlet substrate
concentration, S0; cell recycle rate, R; residence time, tr; and flash recycle
rate, r (11). 
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In order to obtain simulation data for the training of the neural net-
work, the inputs (S0, R, tr, and r) are distributed according to a design of
experiment within the operational intervals (80, 280), (0.2, 0.5), (1.0, 2.5),
and (0.2, 0.6), respectively. These intervals were defined based on prior
knowledge of the process (11). 

A detailed description of the design of experiments theory can be
found in (12). In the present work a full factorial design 24+ star configura-
tion with a central point was used (Table 1). In order to have a large
amount of training data, eight different values of ∆S0, ∆tr, ∆R, and ∆r were
used, as shown in Table 2, so that eight factorial designs 24+ star configu-
ration were simulated. The data of productivity and conversion are shown
in Fig. 2 as functions of S0 and R.
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Fig. 1. Extractive alcoholic fermentation scheme.

Table 1
Coded Factor Levels and Equations to Determine the Real Values for the Input

Variables Used in the Training of the Neural Networks

Coded factor
level S0 tr (h) R r

Level + 2 (+2) . ∆S0(i) + 180 (+2) . ∆tr(i) + 1.75 (+2) . ∆R(i) + 0.35 (+2) . ∆r(i) + 0.4
Level + 1 (+1) . ∆S0(i) + 180 (+1) . ∆tr(i) + 1.75 (+1) . ∆R(i) + 0.35 (+1) . ∆r(i) + 0.4
Central 180 1.75 0.35 0.4
point (0)
Level-1 (–1) . ∆S0(i) + 180 (–1) . ∆tr(i) + 1.75 (–1) . ∆R(i) + 0.35 (–1) . ∆r(i) + 0.4
Level-2 (–2) . ∆S0(i) + 180 (–2) . ∆tr(i) + 1.75 (–2) . ∆R(i) + 0.35 (–2) . ∆r(i) + 0.4



Building the MLPNN Model

In the past years many works (6,13) have been proposed that use arti-
ficial neural networks as a substitute for deterministic models. The substitu-
tion of the deterministic model by an equivalent MLPNN at the optimization
step presents the advantage of high speed processing. 

One of the main current problems related to the alcoholic fermenta-
tion process is the lack of robustness of the fermentation in the presence of
fluctuations in the quality of the raw material, which leads to changes in
the kinetic behavior and influences yield, productivity, and conversion.
These changes make the prediction of the process dynamic behavior with
a single mathematical model difficult. In order to take the kinetic changes
into account, the kinetic parameters of the model should be re-estimated.
However, frequent re-estimation of these parameters in deterministic
models is usually difficult, mainly owing to nonlinearities, great number
of parameters, and interactions among them. The use of neural network
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Fig. 2. Spatial distribution of the data set for identification (the partially collected
data points would be located only on the mesh surface if only one full factorial 24+ star
were done): (A) Conversion and (B) Productivity as functions of cells recycle rate and
inlet substrate concentration.

Table 2
Values of ∆S0, ∆tr, ∆R, and ∆r to Simulate the Data Set, Used to Generate Table 1

i ∆S0(i) (kg/m3) ∆tr(i) (h) ∆R(i) ∆r(i)

1 50 0.075 0.375 0.1
2 45 0.0675 0.3375 0.09
3 40 0.06 0.3 0.08
4 35 0.0525 0.2625 0.07
5 30 0.045 0.225 0.06
6 25 0.0375 0.1875 0.05
7 20 0.03 0.15 0.04
8 10 0.015 0.075 0.02



models is a good option in this case, because the changes in the kinetic
behavior can be assessed by updating the network weights.

A MLPNN consists of three types of layers: an input layer, an output
layer, and one or more hidden layers, as shown in Fig. 3 and described
mathematically by Eq. 1. Each layer may have a different number of neu-
rons, and even a different transfer function. The most used transfer func-
tions are the sigmoidal, the hyperbolic tangent and the linear transfer
functions. More details about neural networks can be found in the works
of Chen et al. (6) and Chang and Hung (13). An appropriate architecture
would help to achieve higher model accuracy.

(1)

In Eq. 1, θ specifies the parameters vector, which contains all the adjustable
parameters of the network; i.e., the weights and biases {wj,l W1,j}. 

In this work, conversion and productivity were each one modeled
with a MLPNN with four inputs (inlet substrate concentration, S0, cell recy-
cle rate, R, residence time, tr, and flash recycle rate, r) and one hidden layer. 

The appropriate number of nodes to include in the hidden layer was
addressed with the cross-validation technique in order to avoid model
over-fitting. This technique splits the sample data into a training sample
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Fig. 3. Representation of a MLPNN with one hidden layer.



and a validation sample. Then MLPNN with different numbers of hidden
nodes are trained with the training sample, and their performance moni-
tored with the validation sample in terms of the lowest normalized mean
square error (14), given by Eq. 2. In addition, the quality of the prediction
of the neural models can be also characterized using the correlation coeffi-
cient (15), given by Eq. 3.

The Normalized Mean Square Error (NMSE): 

(2)

where σ2 denoted the sample variance of the desired outputs in the test set,
xp and dp are, respectively, the network and desired outputs and np is the
number of patterns tested.

The Correlation Coefficient (COR):

(3)

In the present work, one half of the data sample was used for training
and the other half was intended for validation. The parameters were
adjusted using the Levenberg–Marquardt algorithm in Matlab’s neural
network toolbox. 

After the neural networks for conversion and productivity were
trained and validated, their parameters were fixed, and the neural net-
work models operated in parallel (Fig. 4) to simulate a function, f(conv,
prod), that was used as the fitness criteria in the ensuing genetic algorithm
optimization. In order to accomplish this task, the neural model was writ-
ten in Fortran to be used by the optimization algorithm, also written in
Fortran.

Optimization by Genetic Algorithms

GA is used in this work to optimize a given objective function f over a
given search space. A population of individuals undergoes some artificial
Darwinian evolution (genetic inheritance and Darwinian strife for survival)
based on the fitness of each individual. The fitness of an individual is
directly related to the value of the objective function of this individual. The
manipulation is done by the genetic operators that work on the chromo-
somes, in which the parameters of possible solutions are encoded. In each
generation of the GA, the new solutions replace the solutions in the popu-
lation that are selected for deletion. The GA considered in the present article
is based on the freeware versions written in Fortran of a real-coded genetic
algorithm (RGA) developed by Yedder (16) and a binary-coded genetic

where and SEE and S== −− == −−
==∑∑ ( ) (d x d dp pp

np

p p
2

1
ττ ))2

1p

np

==∑∑

COR
SEE
S

== −−
⎛⎛
⎝⎝⎜⎜

⎞⎞
⎠⎠⎟⎟

1 100
ττ

NMSE == −−
==

∑∑1
2

2

1σ np
d xp p

n

np

( )

974 Rivera et al.

Applied Biochemistry and Biotechnology Vol. 129–132, 2006



algorithm (BGA) developed by Carroll (17), adapted to the specific needs of
the process optimization. These algorithms are well suited to large-scale
problems because they do not demand the computation of any Hessian
matrix or its inverse, thus having relatively small memory and processing
requirements. Also, it ensures the convergence of the optimization proce-
dure (with a second-order rate). 

The formulation of objective functions is one of the crucial steps in the
application of optimization to a practical problem. In this work, the objective
function was formulated as a nonlinear programming of the following type:

(4)

where x is a vector of n decision variables (x1, …, xn), f(x)is the objective
function, gi( ) is the ith inequality constraints, and hj( ) is the jth equality
constraints. The lk and uk are specified lower and upper bounds on the
variables with lk ≤ uk.

A general way to deal with constraints, whatever the optimization
method, is by penalty function method (18). This technique is the most
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Fig. 4. Combination of the neural network models (hybrid model) for the opti-
mization of the fermentation process.



common approach in the genetic algorithms community, but there are no
general guidelines on designing. Some suggestions for genetic algorithms
are given in (19). The penalty method of nonlinear programming trans-
forms a constrained problem into a sequence of unconstrained problem.
The method used in this work, belong to the second category of con-
strained handling methods described by (19). In this approach, for han-
dling inequality constraints, the penalty function P( ) is defined as the
sum of the objective function f( ) and a penalty term which depends on
the constraints violation gi( ) and hj( ):

(5)

where P(f, gi, hj, C) is a penalty function, and C is a positive penalty param-
eter. After the penalty function is formulated, it is minimized for a series
of values of increasing C-values, which force the sequence to approach the
optimum of the constrained problem. 

The most significant advantages of the GA are that it avoids the initial
guess selection problem and provides a systematic scanning of the whole
population and several acceptable local solutions. Thus, it is important to
properly define constraints on the possible parameter values. First, con-
straints limit the search space and thus speed up the optimization. Second,
physically impossible values for the parameters are avoided, which
improves the reliability of the approach. Additional constraints depend on
the type of model that is used. In this work the parameters satisfy such con-
ditions as: 80 < S0 < 280 kg/m3, 0.2 < R < 0.5, 1 < tr < 2.5 h and 0.2 < r < 0.6.
Costa et al. (4) already used these values successfully in a previous study.

Results

Choice of the Neural Network Architecture

The number of hidden nodes was varied from 2 to 8 and, using the
cross-validation criterion, the network with three hidden nodes was found
to present the lowest normalized mean square error (Eq. 2) for the valida-
tion sample. The results can be seen in Fig. 5.

Productivity and conversion were then modeled both with a MLPNN
with 19 scalar parameter, which is calculated using Eq. 6.

(6)

where ni = 4, nh = 3 and no = 1 are the number of neurons in the input, hid-
den, and output layers, respectively.
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Table 3 shows the quality of the prediction for productivity and
conversion for training and validation. As can be seen, in both cases by
increasing the number of hidden neurons, the training accuracy
improves, as indicated by the smaller NMSE and COR values approach-
ing 1. However, using the cross-validation criterion, three neurons in the
hidden layer appeared to be the optimal architecture to prevent over-
fitting.

Computation of an Optimal Solution Using Genetic Algorithms 
and Deterministic Model 

The optimization was conducted with the deterministic steady state
model of the process, which can be found in Costa et al. (11). It consists of
the steady state mass and energy balances for the fermentor and all the
other process units (see Fig. 1). The equations that describe productivity
and conversion can also be found in Costa et al. (11). 

The optimization problem is to maximize productivity. Thus, the
objective function can be formulated as follows:

Maximize prod (7)

subject to the equality constraints described by the steady state mass and
energy balances for the fermentor and to the inequality constrains: 

Conv > 0.99 (8)

28 < T < 40oC (9)

80 < S0 < 280 kg/m3 (10)

0.2 < R < 0.5 (11)

1.0 < tr < 2.5 h (12)

0.2 < r < 0.6 (13)

Because the objective in Yedder’s real-coded genetic algorithm
driver (16) is to minimize the objective function, it is necessary to map the
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Fig. 5. Training (solid line) and validation (dashed line) error as functions of the
number of neurons in the hidden layer: (A) Productivity and (B) conversion.
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formulated problem (Eqs. 7–13) into unconstrained objective function given
by Eq. 14, following the penalty function method for handling inequality
constraints.

The equality constraints were handled by converting them as
inequality constraints as gi(x

→) = λ – |hj(x
→)|≥ 0 for all j, where λ (a small

positive value) is set to 10–3, in order to allow some room for the search
algorithm to work on.

(14)

where f( ) = 1/|prod|, g1= 0.99–|conv| and hj(x
→) are the steady state mass

and energy balances for the fermentor. The parameters ( ) satisfy such
conditions as: 80 kg/m3 < S0 < 280 kg/m3, 0.2 < R < 0.5, 1 h < tr < 2.5 h,
and 0.2 < r < 0.6.

The optimization variables are: concentration of viable cells, Xv; dead
cells, Xd; substrate, S; product, P; and Temperature, T; as well as the vari-
ables used by Costa et al. (11) (S0, R, tr, and r).

With the best penalty parameters, R1 = 0.02 and R2 = 1250 for con-
straints, the calculated values were S0 = 216.29 kg/m3, R = 0.41, tr = 1.77 h,
and r = 0.48. The optimal solution to this problem, using RGA, is: produc-
tivity = 13.1 kg/(m3 . h) and conversion = 0.99. 

Carroll’s binary-coded genetic algorithm (17) maximizes the objective
function. In consequence, the problem (Eqs. 7–13) was formulated into the
penalty function given by Eq. 15.

(15)

where f( ) = |prod|, g1(x→)= 0.99-|conv| and hj(x
→) are the steady state mass

and energy balances for the fermentor. Here, the parameters ( ) also sat-
isfy conditions given by Eqs. 9–13.

Using BGA the following values are obtained: S0 = 135.86 kg/m3, R =
0.28, tr = 1.96 h, and r = 0.40. The optimal solution to this problem with the
best penalty parameter, R1= 97 and R2= 1 for constraints, are: productivity
= 13.1 kg/(m3 . h) and conversion = 0.99. 

Kalil et al. (3) optimized the industrial conventional process designed
by Andrietta and Maugeri (10) and obtained productivity of 12 kg/(m3 . h),
conversion of 0.99 and yield of 0.86. Although in the formulated problem
only one inequality restriction was considered (conv > 0.99), the values
obtained for yield: 0.87 and 0.9 for RGA and BGA, respectively, were better
than the optimized conventional process of Kalil et al. (3). The optimi-
zation using genetic algorithms led to productivity a little higher than
when the extractive process was optimized using successive quadratic
programming by Costa et al. (4).
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Computation of an Optimal Solution Using Genetic Algorithms 
and Neural Network Model 

Because the objective of the optimization study was to maximize
productivity, although maintaining a high conversion, the neural net-
work models were structured (see Fig. 4) to explicitly estimate these out-
put variables from the inlet variables of interest (S0, R, tr, and r). This
structure models the mass and energy balances for the fermentor and all
the other process units. After the solution of the optimization problem,
the optimal values of S0, R, tr, and r were used in the deterministic model
to determined if the MLPNN predictions for optimal productivity and
conversion present deviations from the values calculated by the deter-
ministic model.

The optimization problem is the function f(prod, conv) transformed in
the penalty function form given by Eqs. 16 and 17 for RGA and BGA,
respectively: 

(16)

where f( )= 1/|prod| and g1(x→)= 0.99 – conv|.
In this problem, such as in the previous case, a constraint in conver-

sion is included (conv > 0.99). With the best penalty parameter, C1 = 260 for
constraint, the calculated values were S0 = 131.93 kg/m3, R = 0.28, tr = 1.20 h,
and r = 0.54. 

The optimal solution to this problem, using RGA, is: productivity = 13
kg/(m3 . h) and conversion = 0.99. Using the values calculated for S0, R, tr,
and r in the deterministic model, productivity obtained was of 13.2 kg/
(m3 . h) and conversion of 0.99. 

(17)

where f( )= |prod| and g1(x→)= 0.99 – |conv|.
Using BGA the following values are calculated: S0 = 161.4 kg/m3, R =

0.44, tr = 1.60 h, and r = 0.37. The optimal solution to this problem with the
best penalty parameter, C1= 97 for constraint, is: productivity = 13 kg/(m3 . h)
and conversion = 0.99. Using the values calculated for S0, R, tr, and r in the
deterministic model it was found productivity of 13.0 kg/(m3 . h) and con-
version of 0.99.

It is possible to notice that, when the optimization problem is solved
using genetic algorithms and the neural network models, the values of
temperature and concentrations in the fermentor do not have to be con-
sidered as optimization variables and so, the number of the optimization
variables is smaller than using deterministic model.

Table 4 shows the optimization results of productivity and conver-
sion calculated by the RGA and BGA on the deterministic and MLPNN

x
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models. It also shows the comparison among the optimization variables.
The results of the optimization methods are expected to lead to different
parameters values because they are numerical procedures with expected
imprecision in finding the global optimum. Different mathematical
models may lead to different predictions, however, a well-trained 
neural network is able to capture the process dynamic behavior. It is
worthwhile mentioning that all the parameters values in Table 4 are
within the accepted range for industrial process operation and this was
taken into account in the definition of the constraints for the optimiza-
tion problem.

Discussion

This work focused on modeling and optimization on the level of pro-
cess operation of an extractive alcoholic fermentation. The computational
intelligence techniques are sought to efficiently combine all available
knowledge and to direct the development toward an improved process
operation strategy. The genetic algorithms have shown a good capability
to determine the best conditions of conversion and productivity using
both the deterministic and the neural network models.

The NN model was developed using a data set generated from the
deterministic model, which means the data are not noisy. However, this
may not be considered a limitation, because the procedure may be used
when experimental data are available. It can be observed that the values
for productivity and conversion obtained using the MLPNN models are
similar to that obtained using the deterministic model. MLPNN modeling
is a powerful and flexible tool and its use in the alcoholic fermentation
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Table 4
Optimization Variable Values Obtained Through RGA and BGA

on the Deterministic and MLPNN Models

Neural-RGA Neural-BGA Deterministic-RGA Deterministic-BGA

S0 (kg/m3) 131.93 161.4 216.29 135.86
R 0.28 0.44 0.41 0.28
tr (h) 1.20 1.6 1.77 1.96
R 0.54 0.37 0.48 0.4
Xv (kg/m3) – – 36.66 24.26
Xd (kg/m3) – – 3.18 2.69
S (kg/m3) – – 2.39 2.06
P (kg/m3) – – 39.31 37.99
T (oC) – – 32.98 35.18
Prod (kg/m3•h) 13.2 13 13.1 13.1
Conv 0.99 0.99 0.99 0.99



process is advantageous because updating the neural network parameters
is a simpler procedure than re-estimating kinetic parameters of the deter-
ministic models. Frequent re-estimation of kinetic parameters (or in the
case of this work updating the neural network parameters) is necessary
owing to changes in the dynamic behavior caused by fluctuations in the
quality of the raw material, changes in microorganism metabolism, and
variation of the dominant yeast strains present in the fermentation process,
among other factors.

Normally the optimization methods based on GA require a large
computer burden compared with the conventional optimization methods.
Neural network models led to a mathematical representation of lower
order than the deterministic approach, which intuitively makes the opti-
mization procedure based on hybrid algorithms (NN-RGA and NN-BGA)
to be significantly quicker. In fact, the neural network model requires
only four optimization variables; whereas the deterministic model 
needs nine.

Experimental design is used to obtain data for the training of the neu-
ral network in order to guarantee that the region of interest is covered by
the training data. This is a very important issue to be addressed as neural
network models have no (or very limited) extrapolation properties. The
penalty function optimization using RGA and BGA was done in terms of
constraint violation to check the feasibility of the solution. In the case of
infeasible solution, the one having smaller constraint violation is pre-
ferred. In real coded genetic algorithm, the decision variables are coded in
real numbers unlike the binary numbers as in the case of binary coded
genetic algorithms. The most important feature of the RGAs is their capac-
ity to exploit local continuities, and the corresponding one of the BGA is
their capacity to exploit the discrete similarities (20). According to
Goldberg (21), BGA are less efficient when applied to multi-dimensional,
high precision or continuous problems. The bit strings can become very
long and the search space blows up. In RGA the chromosome/individual
is simply a vector in which each real-valued element (gene) stands for an
unknown parameter of the model.

Although the best result was the one obtained using the rigorous
model, the values for productivity and conversion obtained using the
MLPNN model are acceptable and can partly eliminate the difficulties
of having to specify completely the structure of an alcoholic fermenta-
tion model. It is especially promising in situations in which rigorous
model is excessively difficult computationally, time-consuming or
costly.
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Nomenclature

F Feed stream flow rate (m3/h)
Fc Cell suspension flow from centrifugue (m3/h)
Fc1 Cell suspension flow to treatment tank (m3/h)
FE Light phase flow rate to flash tank (m3/h)
FL Liquid outflow from the vacuum flash tank (m3/h)
FLR Liquid phase recycling flow rate (m3/h)
FRS Liquid phase flow to rectification column (m3/h)
F

O
Fresh medium flow rate (m3/h)

FR Cell recycling flow rate (m3/h)
FV Vapor outflow from the vacuum flash tank (m3/h)
FW Water flow rate (m3/h)
P Product concentration into the fermentor (kg/m3)
PF Feed product concentration (kg/m3)
PLR Product concentration in the light phase from centrifuge (kg/m3)
PR Product concentration in the cells recycle (kg/m3)
PV Product concentration in the vapor phase from the flash tank

(kg/m3)
R =FR/F Cells recycle rate
r =FLR/FL Flash recycle rate
S Substrate concentration into the fermentor (kg/m3)
SF Feed substrate concentration (kg/m3)
SLR Substrate concentration in the light phase from centrifugue

(kg/m3)
S

O
Inlet substrate concentration (kg/m3)

SR Substrate concentration in the cells recycle (kg/ m3)
T Temperature into the fermentor (°C)
TF Feed temperature (°C)
TLR Light phase temperature (°C)
T

O
Inlet temperature of the fresh medium (°C)

TR Cells recycle temperature (°C)
TV Temperature of vapor from the flash tank (°C)
TW Water temperature (°C)
Xc Biomass concentration in the heavy phase from centrifugue

(kg/m3)
Xd Dead biomass concentration into the fermentor (kg/m3)
X

E
Biomass concentration in the light phase flow rate to flash
tank (kg/m3)

X
F

Feed biomass concentration (kg/m3)
X

LR
Biomass concentration in the light phase from centrifugue
(kg/m3)

XR Cell recycling concentration (kg/m3)
Xt = Xv + Xd Total biomass concentration into the fermentor (kg/m3)
Xr Viable biomass concentration into the fermentor (kg/m3)
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