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Abstract 
Due to its inherent plasticity, neural network models are well suited to represent complex functions such as those 
encountered in bioprocesses. In this paper, neural networks were used to model kinetic rate expressions that form an 
integral part of a grey-box model. A grey-box model normally consists of  a phenomenological part (differential 
equations of heat and/or mass balances) and an empirical part (a neural network in this paper). The objective of this 
investigation is to compare three different methods to come up with the same neural network to represent two 
kinetic rate expressions that are used directly in the grey-box model. In one method (the direct method), the model is 
fitted directly on data obtained from the derivative of smoothed state variables whereas the other two methods 
(indirect methods) use a non-linear regression algorithm to fit the complete grey-box model in order to derive 
specific kinetic rate expressions that minimise an objective function made of some measured state variables. Results 
clearly show that indirect methods are superior to direct methods for the prediction of state variables. However, the 
derived kinetic rate models are not unique. 
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Introduction 
The use of feedforward neural networks (FNN) for 
modelling dynamic non-linear systems, like 
biochemical processes, has been the subject of a great 
deal of recent research work. Some important 
features of neural network models used for 
biotechnological applications are their capability to 
act as universal approximators of non-linear 
functions, their applicability to multivariate 
modelling and their ability to assess process 
dynamics (Bishop, 1994). 
Most of the efforts have been put on developing non-
parametric or black-box models that simply map a set 
of input variables into the corresponding outputs. 
However, in many cases it seems to be convenient to 
take advantage of the a priori knowledge of the non-
linear system frequently expressed as a set of 
ordinary or partial differential equations representing 
mass or energy balances. In biotechnological 
processes, the most difficult modelling task remains 
the determination of some key parameters, like the 
specific kinetic rate expressions, which are usually 
complex functions of the various state variables. 
To cope with this problem, grey-box models have 
been suggested (Psichogios and Ungar, 1992) which 
combine prior knowledge included in the 

phenomenological model with neural networks. This 
kind of models has proven to be successful for 
dynamic systems, with better generalisation features. 
In addition they can be identified with a more 
reduced set of data than the black-box equivalent 
model (Psichogios and Ungar, 1992). 
Thompson and Kramer (1994) classified these grey-
box models into two main types: FNN bringing 
intermediate values (parameters or variables) to be 
used by the phenomenological model (series grey-
box models) or FNN compensating the bias of the 
parametric model in parallel with the dynamic model 
(parallel grey-box models). Van Can et al. (1996) 
demonstrated that the series approach results in more 
accurate models, with better dimensional and range 
extrapolation properties than the other approaches. 
Focusing on the way the FNN is identified, two main 
approaches can be found: the most currently used 
(direct approach) consists in minimising a quadratic 
error function between the outputs of the neural 
network and the ideal values of the parameters 
computed from the smoothed state variables, using 
the available experimental data (see Figure 1).  
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Figure 1: Series Grey-Box Model: Direct Approach 

 
An alternative approach (indirect approach) to 
identify a suitable neural network of some key 
parameters of the process consists of using the values 
of the measured state variables rather than the errors 
of the output of the neural network. This procedure 
allows to determine indirectly the unknown dynamic 
model parameters (e.g. the kinetic rate coefficients) 
without having to perform additional data processing 
of the measured state variables (see Figure 2). 
In this paper we propose a comparison between three 
methods for developing series grey-box models. Two 
of them can be classified as indirect approaches. The 
first consists of minimising an objective function of 
the state variables (outputs) by means of a non-linear 
optimisation technique (Thibault et al., 1997) while 
the second performs the backpropagation of the 
output error into the neural network weights going 
through the phenomenological model equations 
(Piron et al., 1997). Finally, the third method 
corresponds to the direct approach (Cubillos et al., 
1996). 
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Figure 2: Series Grey-Box Model: Indirect Approach 
 
The three methods are compared by modelling the 
fermentation of glucose to gluconic acid by the 
micro-organism Pseudomonas ovalis in a batch 
stirred tank reactor (Johansen and Foss, 1995). 
 
Process Description 
In this paper, the fermentation of glucose to gluconic 
acid by the micro-organism Pseudomonas ovalis in a 
batch stirred tank reactor is considered. The overall 
mechanism could be expressed as follows: 

Cells + Glucose + Oxygen  More cells ⎯→⎯

Glucose + Oxygen   Gluconolactone 
Cells⎯ →⎯⎯

Gluconolactone + Water  Gluconic Acid ⎯→⎯
 

This process has been the subject of considerable 
study and the following state space model has been 
derived to represent respectively the concentration of 
the cell (X), gluconic acid (p), gluconolactone (l), 
glucose (s, the substrate) and dissolved oxygen (c). 
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In this investigation, the values of the 

coefficients used to perform the simulation were 
identical to those used by Johansen and Foss (1995). 
For the sake of completeness, these values are 
reproduced in Table 1. To generate the batch 
fermentation data, a full two-level factorial design 
with two duplicates at the centre point was performed 
by varying three variables: the initial cell 
concentration (0.1, 0.4 and 0.7 UOD/mL), the initial 
substrate concentration (30, 40 and 50 g/L) and KLa 
(150, 175 and 200 h-1). A total of 10 experiments of 
duration of 10 h with a sampling period of 0.5 h were 
simulated for a total of 200 values of each variable. It 
was assumed that all state variables were measured at 
each sampling instant. A 5% noise level was added to 
the simulated state variables in order to obtain more 
realistic data. 
 

Table 1 - Constants in the state space simulation 
model. 

µm ks k0 kp vl
0.39 2.50 0.00055 0.645 8.30 
h-1 g/L g/L h-1 mg/UOD h 
kl KLa Ys Y0 C* 

12.80 150-200 0.375 0.890 0.00685 
g/L h-1 UOD/mg UOD/mg g/L 

 
In this system of equations, the ability to represent 
adequately each of the five state variables lies in the 
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determination of functions f1 and f2. The other 
coefficients such as the yield coefficients and the 
oxygen mass transfer coefficient can usually be 
obtained more easily. The values of f1 and f2 will be 
calculated using a neural network. 
 
Neural Networks 
All the neural networks used in this work were 
multilayer perceptrons with sigmoidal transfer 
functions in the hidden and the output layer neurons. 
For FNN training, second-order minimisation 
routines like Levenberg-Marquardt and BFGS Q-
Newton were used. The data set was splitted into a 
training set including 150 patterns and a test set with 
the remaining 50 patterns. To assure a good 
convergence, the training task was performed 20 
times with different randomly chosen initial weights.  
 
Identification procedures 
Direct Approach: One way to identify a proper neural 
model of f1 (a highly non-linear expression) and f2 (a 
Monod model) is to compute them from the first 
derivatives of the involved state variables.  
In this work, Euler  discretization of equations (4b) 
and (5b) allowed to compute f1X and f2X at each 
sampling rate. These values were used to identify two 
static neural network models as shown in Figure 3. 
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Figure 3: Static neural models for f1X and f2X. 

 
Once the neural models were identified, they were 
used to compute the remaining state variables, X, p 
and l by means of equations (1), (2) and (3b). Finally, 
f1 and f2 were computed simply dividing f1X and f2X 
by the estimated values of X. 
 
Indirect Approach: Two ways for indirectly obtaining 
f1 and f2 were explored. In the first one (Indirect 1) 
the neural network model shown in Figure 4 was 
identified in order to minimise the following 
objective function using a non linear optimisation 
routine (Thibault et al., 1997). 
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The outputs of the FNN were not used to directly 
identify the neural weights but to feed the state space 
model of equations (1) – (5) (Figure 2). 
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Figure 4: Static neural network for f1 and f2 in the 

Indirect 1 approach 
 
The second way (Indirect 2) consists on 
backpropagating the output error of a neural network 
that exactly reproduces the state space model of 
equations (1) –(5) by using adequate fixed weights 
and activation and transfer functions, as 
schematically shown in Figure 5 (Piron et al., 1997). 
In this case the same static neural network of Figure 
4 lies within the global neural network that 
reproduces the whole model, bringing the adequate f1 
and f2 values. It should then be emphasised that the 
only variable weights of this global model to be 
identified are the same as those of the FNN shown in 
Figure 4. The quadratic output error function of the 
global neural network was modified in order to be the 
same as (6), hence, only X, l and s values were used 
for minimisation. 
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Figure 5: Neural network representation of the 
dynamic model of equations (1) – (5) 

 
Results and Discussion 
In order to compare the performance of the neural 
network models brought by each of the three 
described methods, the Residual Standard Error 
(RSE) index was used (Eq. 7) 
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where oi and  pi  are the observed and predicted 
values respectively at time i, while N is the total 
number of data. 
The RSD values obtained for the test set data are 
included in Table 2. 
 

Table 2: RSD index for the state variables and the 
specific kinetics f1 and f2 when applying the Direct 
Method (DM), the Indirect 1method (I1), and the 

Indirect 2 method (I2) to the test set data. 
 X l s f1 f2
 UOD/ 

mL 
g/L g/L 1/h 1/h 

DM 0.47 0.96 1.34 0.08 2.23 
I1 0.12 0.35 1.00 0.03 0.47 
I2 0.16 0.37 1.45 0.05 0.78 
 
Table 2 shows close performances of the two indirect 
methods for almost all of the evaluated variables 
excepting s. In contrast, the Direct Method fails to 
give adequate predictions of some of the variables, 
specially the specific kinetic rate expressions. In this 
case, the noise strongly affects the evaluation of the 
derivatives of the state variables used to train the 
neural network. On the other hand, smoothing these 
variables also poses the problem of choosing an 
adequate smoothing algorithm that does not introduce 
a bias. 
In contrast, the two Indirect Methods perform better 
because they do not have to evaluate the derivatives 
from the experimental data of any state variable. In 
fact they succeeded in finding good predictions of the 
state variables (see Figure 6A) included in their 
objective functions. However, the predictions of the 
specific kinetic rate functions were affected by the 
noise (see Figure 6B and 6C) thus showing that these 
kind of models are able to represent very well the 
dynamics of the state variables despite the presence 
of a large number of acceptable kinetic rate models. 
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Figure 6: Experimental points and predicted values 
(solid lines) of X, f1 and f2 using the three analysed 
methods over one experiment included in the test set. 
 
Conclusions 
This paper has considered the use of neural networks 
in conjunction to a phenomenological model to form 
a grey-box model used to represent the dynamics of 
complex fermentation systems. The neural network 
per se was used to model kinetic rate expressions that 
are usually very difficult to obtain. Three different 
methods to fit the neural models were investigated. It 
was found that to obtain a good predictive model of 
state variables, the two indirect methods were 
superior to the direct method because they are less 
sensible to measurement noise than the direct 
approach. However, numerous neural network rate 
expression model lead to nearly identical overall 
predictive performance 
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