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Abstract: Starting from a batch of experimental data, the modelling of dynamic processes, in
terms of differential equations, has to achieve the estimation of parameter values by fitting the
model to the data. Genetic Algorithms can be used for such purpose. The paper deals with two
problems: to determine the parameter values without any initial guess, only specifying
reasonable ranges for the values, and the rapid convergence to the values, when an initial
guess is available. Two genetic-based methods, one for each problem, are presented. The
second, very fast, can be used to track changes in process parameters. Copyright© 2000 IFAC

Keywords: Genetic  Algorithms, Modelling, Parameter estimation, Process parameter
estimation, Model approximation, Heuristic searches.

1. INTRODUCTION

The models of chemical and biochemical processes
usually consist of several (n) differential equations
with non-linear terms. The solutions of those
equations are temporal trajectories of the n variables,
which take part in the process. Experimental results
provide data about the real behaviour of the
trajectories under study, which can be displayed in n
different graphs. To determine the parameters of the
model, the task of a simultaneous fitting of the n
graphs is faced.

In order to perform the task of the multiple fitting
there are several methods and tools, which carry out
the operations more or less automatically. The
question is in itself an optimal problem because it
consists of a process of minimising fitness errors and
it admits analytical or algorithmic approximations.

Among the optimising methods, Genetic Algorithms
are finding a growing welcome, because, as a
searching technique, it avoids local maximum (or
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minimum) and can be easily used with a low
computational cost. Due to these features, and also
because the requirements of present research on the
optimal control of beer production, it was decided
their use for model fitting.

The scientific literature offers some examples about
genetic-based methods that are related with the
problem that is considered. For instance, (Kristinsson
and Dumond, 1992) apply Genetic Algorithms for
system identification, using ARMAX models.
(Moros, et al. 1996) use Genetic Algorithms for the
initial parameter estimations of kinetic models (they
employed an encoding in the form of ASCII strings),
and after getting these initial values they follow the
fitting with conventional methods. (Fonseca and
Fleming, 1996) set up a multiobjective framework
and use genetic programming to generate a
population of candidate different NARMAX models,
so the selection operator isolates the model with the
best fitting. Let us mention (Kamenski and Dimitrov,




1993) as a reference with a good discussion of
methodological alternatives for model fitting.

In this paper two problems are treated. The first
problem consists in the “ex novo” determination of
the parameters of a model using the experimental
data of several variables. The second treats the fitting
of the model starting from an initial guess of the
parameter values; this is also the case when the
modelled process suffer some changes in the values
of the parameters (for instance a batch process, where
batch-to-batch changes appear), and these new values
should be quickly determined by the algorithm.

To guide the study on a specific ground, the research
is focused on the results of the experimental work
with beer fermentation. During this research it is
needed to fit a fairly complex model whose
characteristics are briefly described in the following
section.

2. A PROCESS TO BE MODELED: BEER
FERMENTATION.

The traditional industrial way for beer fermentation is
to put a mixture of wort and yeast into a tank, and
wait. The temperature of the process is under control,
so as to get a good final result. In the beginning, the
yeast is almost no active, but after some hours it
becomes more and more active, transforming sugars
into ethanol. The yeast settles gradually down to the
bottom, but bubbles can counteract this phenomenon.
After a long experimental work, the following model
(Andrés-Toro et al., 1997) has been established:

Lag phase:
Xactive T+ X1ag = CODStant = 0.48: Xy (1)
dxa iV
= Mg (048 X = Xaeive) ()
Xma =X rive = —Hiag' X) (3)
dt active ag’ Xlag
Fermentation phase:
dx ive
:lct" = Mx Xactive ~ K Xactive + My Xpag “
T
= — 5
H 0.5 sipitia + € )
d.)(bottgm - p'D' X+ (6)
dt
ds
(chons = Mg X active ¥
HsoS
=T 8
Mg ks +s ( )
de
T =P Xacive ©)
' 0.5 Sinitial
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k, +s
Xsuspended = Xactive + Xdead T Xlag (]2)
Xtotal = Xsuspendcd * Xpottom (1 3)

The important aspect of this process is the biomass
activity: the clue to make the model is to always
know how much biomass is active and suspended.
The conversion of the sugars into ethanol is due to
the action of this biomass. With an extensive
experimental study, many data about the behaviour
of the fermentative process have been obtained at
8°C, 12°C, etc. With the data, it is possible to plot a
set of graphs, showing the temporal evolution
(through several days) of the following state
variables (concentrations):

1-  The active suspended biomass: X,cive

2- The ethanol (the product): e

3- The total suspended biomass (a mixture of active
and inactive biomass): Xgyspended

4- The sugars (the substrate that is converted to
ethanol): s

5- The suspended inactive biomass: Xgeaq

6- The biomass settled at the bottom: Xyonom

7- The total biomass (the sum of suspended and at
bottom biomass): X

Having the experimental data, the problem now is to
determine the values of the model parameters, by
means of a multiple fitting with respect to the 7
graphs. In the following, a genetic-based method that
has been very effective to reach a satisfactory fitting
is presented, with a simple set up and a moderate
computational cost.

3. PARAMETER FITTING BY MEANS OF
GENETIC ALGORITHMS

In this section, a method for the genetic-based fitting
of models is introduced. The method is named as
GPE (Genetic Parameter Estimation). The key for the
application of Genetic Algorithms (Goldberg, 1989)
to a problem, is to find a genetic encoding of the
problem and a definition of the fitting function.

3.1 Genetic Algorithm formulation for model fitting

Following present method, the chromosomes are
built using directly real numbers, as explained below.

The chromosome consists of n genes; each of them
stands for one parameter of the differential equations
of the model. The wider it is the range of values that
a gene can have, the slower GA could converge. In
order to decrease the computational time it is
convenient to know the physic-chemical and
biological nature of the problem, to be able to limit as
much as possible the values that can be reached by




the genes. In this particular problem, the values of the
genes were limited between 0.01 and 0.90.

The fitting of the model tries to optimise an error

criterion. Present method takes as fitting function,

which is used to evaluate each chromosome, this
same criterion. 7 graphs should be fitted. Each graph
(i) has a Ji fitness error. The value of Ji is obtained
with the addition of the absolute errors of the model
with respect to each of the experimental data.

In the first steps of the investigation, it was employed
as fitting function the global fitness error, that is the
sum of the seven Ji (there are 7 graphs to fit). For
each chromosome, the evaluation of its fitting
function implies the use of the model (with the
parameters specified by the chromosome) to
calculate the global fitness error (this means to
include an integration procedure for the differential
equations of the model). The Genetic Algorithm
fulfils the following specifications, which were
deduced from previous research (Andres-Toro et al.,
1998):

Population: 10 individuals

Substitutions per generation: 4 individuals
One point crossover.

Crossover probability: 0.7

Uniform mutation.

Mutation probability: 0.007

Selection of parents: roulette-wheel method
Number of generations 4200

3.2 Improvement of the method

With the specifications just given for the Genetic
Algorithm, the convergence to satisfactory values of
the global error was difficult. To mend this problem a
strategy that orients the search of the solution with
the GA was designed. Firstly the GA is required to
try to optimise the fitting concerning the most
influent variables for the process under study. In
present example, the active biomass is the main agent
of the fermentative process and the alcohol is the
product that is desired to be obtained. So, the
followed strategy was to modify the J function during
the evolution of the GA, assigning a weight wl to J1.

w=wl-J1+J2+J3+J4+J5+J6+J7

with wl=5.

These results show that the algorithm has fitted
properly the parameter with the higher weight (J1)
and badly the rest. The formula was modified moving
the weight to J2
Jw=Jl4+w2-J24+J3+J4+J5+J6+J7

with w2=5,
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and applied to the solutions obtained with the first
formula, the algorithm was run again. This results of
a better fit of the second graphic at the expense of
worsening the first one.
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Fig. 1. First fitting of various suspended biomass
data.

. hours
0 50 100 150

Fig. 2. First fitting of total and at bottom biomass.
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Fig. 3. First fitting of ethanol and sugars.

Figures 1, 2 and 3 depict the results obtained in this
way.

It is obvious that this strategy is not convenient but
enlightens a route to get better results, so the
following modification was done in the design of the
fitness function: the 4200 generations are divided
between the number of parameters. During the first
six hundred (4200/7 = 600) generations the J function
is:




w=wl-J1+J2+J3+J4+J5+J6+J7

in order to let the algorithm fit the values of the
active suspended biomass. In the following six
hundred generations J is:

Iw=wl-J1+w2-J2+J3+J4+J5+T6+J7

to fit with a higher precision the ethanol value. Of
course, this last expression is applied to the solutions
obtained with the first one. It can be observed that the
fimess of the curves that correspond to these two
variables is more precise. This procedure is
continued, adding a weight to each of the Ji until the
last one 1s weighted, in order to obtain a fitness of all
the curves.

3.3 Results.

150
Fig. 4. Final fitting of suspended biomass data.
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Fig. 5. Final fitting of total and at bottom biomass.

A program in Borland C++, which performs the
seven steps of the fitness, has been developed. The
obtained results are shown in figures 4-7.

The GPE method just described is easy to be
implemented, and on a Pentium IU233 gets the

fitting, for present problem, in about 3 minutes of

computation time.
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Fig. 6. Final fitting of ethanol and sugars.
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Fig. 7. Convergence of Jw along the successive
generations.

4. A FAST FITTING METHOD FROM A SET OF
INITIAL VALUES

Frequently, before fitting a model, some idea of the
values parameters can have is available. This
information is useful to accomplish more quickly the
fitting. To consider this situation, another way of
encoding the problem in term of chromosomes has
been designed. With this encoding a new fitting
method is devised, that converges in a rapid way.

In the case of beer fermentation, it is important to
take into account that changes from one fermentation
to another can exist. For instance, the wort can be
different in summer and winter, the degree of activity
of the yeast changes during its use in several
consecutive fermentations, etc. These facts make
necessary the re-fitting of the parameters in present
model, and this is an example where some
information of the parameter values is available.

It may happen that unexpected changes in the process
appear. It is convenient to have a monitoring system
that notices these changes. The new method could
tackle this, because it can determine very quickly
changes in the parameters (employing the
experimental data obtained thus far). Let us now
describe the method. :




Let pl, p2, p3, ... be the reference values of the

parameters of the model (the initial values of the = -

parameters). To obtain new values, percent

variations around these values are considered.

So, the chromosomes for the dynamical problem
are defined as variational percents around each
of the parameters, i.e.: Chromosome = g/, g2, ...
with gi variable between 80 and 120.

The margin 80-120 can be modified as a function of
the expected changes in parameters. Making use of
the initial parameters and the cormresponding
chromosomes, the modification of the parameters is
obtained with next expression:

Npi = pi-(gi /100)
Where Npi is the new value of the parameter.
These new values of the parameters are used to
evaluate the fitness of the chromosomes. The fitting

function employed here is the global error: the sum
of the seven Ji.
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Fig. 8. Convergence of J with new fitting method.
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Fig. 9. New fitting, due to process changes, of
various suspended biomass data.
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With this mew encoding of the problem, a faster

~convergence of the algorithm can be observed. For

the beer fermentation case that was considered, on a
Pentium 11/233, the computation time is about 20
seconds to reach the solution. As the fermentation
process is slow (it takes 140 hours to get the final
result), it seems that the fitting method can be easily
applied at any moment of the process, to re-tune the
model in real-time according to the measured data
thus far.

51
gr/l
Xtotal o
0F ot +++++++ % %
+
£
15t
10} Xbottom
q
5 s
hours
0 . , ,
0 50 100 150

Fig. 10. New fitting, due to process changes, of total
and at bottom.
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Fig. 11. New fitting, due to process changes, of
ethanol and sugars.

To see the performance of the method, let us
consider, for instance, that in a particular
fermentation there is a change of the parameters.
Simulated data are generated with the model (with
the modified parameters), and the fitting method is
run, starting with the parameters of a normal process.
Table 1 shows the results. The fitting method
converges quickly and figures 8-11, show how good
is the result (in the figures the following symbols are
used: ‘+’ the normal process, ‘*’ and ‘o’ the modified
process, the curves show the new fitting).




Tablel. A test of the fast fitting method.

Param. Normal Modified Values
process process found by
(initial (simulated the fitting
values) new data) method
m 0.0684 0.0608 0.0608
kg 0.5779 0.6877 0.6819
Ly 0.1452 0.1379 0.1364
kn, 0.0421 0.0493 0.0458
Us 0.5649 0.6044 0.6044
TR 0.4393 0.4701 0.4700
Up 0.2567 0.2105 0.2104

5. CONCLUSIONS

In this paper the problem of model fitting, related to
dynamical processes which follow a temporal
trajectory, with models consisting of differential
equations, is considered. A fitting method, based on
Genetic Algorithms, has been presented. The
example used to explain the methodology is the beer
fermentation. Two interesting situations have been
considered: a fitting “ex novo”, starting from value
ranges that are considered to be feasible for the
parameters, and a fitting which makes use of an
initial guess of the parameter values. For the first
case a strategy of error weighting, which orient the
search for a faster convergence, has been presented.
For the second problem, that can be the case of re-
tuning a model to changes in the process, a fast
fitting method was created

It was proved how, by means of an adequate
encoding in terms of chromosomes, that the Genetic
Algorithms could perform a satisfactory fitting.
Besides, the results can be quickly obtained with a
low computational cost. Based on the experience,
present method can be quite easily programmed. The
explained methodology is easy to use and it is valid
for a wide range of processes.

There are still different aspects that will be study in
the future, such as error sensibilities, and the
application of fast fitting methods in the supervision,
diagnosis and real-time control fields.
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