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The paper deals with the dynamic optimization of batch fermentation processes. Beer
industrial fermentation is taken as example. The first step of the research is to determine a
new model of the process, according to industrial conditions (industrial wort and yeast, no
stirring). A pilot plant has been built, and used to carry on 250 fermentations to get
experimental data as a basis for the model. The model is non-linear, considers two phases of
the process, and includes 6 variables and 9 differential equations. The model has a good
correspondence with the experimental data (the paper includes several figures).

Next, the research attacks the optimization of the process. Temperature is the variable
we can control to accelerate the fermentation. But an increase of temperature means also an
increase of spoilage risks, and has negative effects on quality. An optimization criterium is
established, and the problem is to find a temperature profile that drives the process along an
optimal trajectory. This profile is considered directly as a chromosome, consisting in a string
of integer numbers. In this way, the problem is treated with genetic algorithms, finding a good
solution, with not much computational effort. The genetic setting of the problem allows the
inclusion of a fixed initial part of the temperature profile (to adhere to industrial practices),
easily finding a new optimal solution under this constraint.

The paper includes a set of figures displaying the most interesting aspects of the
application of GA to the problem considered.
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Abstract

Our research deals with the dynamical optimization of
chemical batch processes. An application field, of special
interest, is fermentation-based industrial activities. To
introduce ourselves into experimental work to verify the
results obtained by algorithmic procedures, we selected beer
fermentation, and built a pilot plant to reproduce the
industrial process. We needed a mathematical model to
describe this process, and had to develop a new one. During
the beer fermentation, a temperature profile is applied to
drive the process so as to obey to certain constraints. There is
an optimization problem, to minimize time without quality
loss. We adapted Genetic Algorithms to solve the problem,
and achieved satisfactory results. The paper describes our
experimental framework, the new model, and the aplication
of Genetic Algorithms to optimize the process.

1 Introduction

Research about microbiology applications have very
important industrial and social repercussions. Moreover if we
speak about pharmacology, environmental actions,
nourishment, etc. In this context, any process improvements
are welcome.

Fermentation based processes are a important field of
interest for system engineering area, due to their special
features: non-linear phenomena, and living process
behaviors. Here we find a source of motivation because of
their mathematical and practical treatment difficulty. In this
case, beer has been selected because it is an archetype that
embraces the mentioned features.

Temperature has an important influence on the
fermentation process. The application, by means of a
computer, of an optimal temperature profile along some
time, yields an acceleration of the ethanol production without
running risks of spoilage or undesirable byproducts. This

profile is calculated with optimization methods that consider
how temperature influences the process parameters. In this
paper an application of genetic algorithms as optimization
method is shown.

Our entire work has been developed on an experimental
basis. This includes the construction of a laboratory-scale
industrial fermenter, and the needed tools for computer
control of the process.

The scientific publications about fermentation, refer in
general to laboratory conditions, which are customised by
both the wort they use and the application of stirring to get
conditions of homogeneity. We did not found references to
experiments that follow industrial conditions. Our decision
was to use industrial wort and yeast, and no stirring (the
traditional brewing method). This is a way for the reach of
new results.

There are however, some references that are helpful for
our research, depending on the different aspects that play a
role in the optimization problem. These references are named
and briefly introduced below.

About beer production, there are some general texts: [1],
[2], and [3]. These works describe the fermentation process.
Besides, it is important to note some articles from beer
specialised journals, such are the contributions of [4], [5],
[6], and [7]. Focusing on papers dealing with the
experimental determination of models, we will name four
papers. Two of them, [8] and [9] study the evolution of
sugars, ethanol and byproducts using the Engasser model for
batch processes [10]; this model shows an exponential
variation with the temperature (Arrhenius diagram) of the
most important parameters. [11] show a detailed and
structured model of the yeast activity, collecting many results
of other researches. [12] studied the evolution of some
principal byproducts that appear during a beer fermentation
process. Most of the byproducts have negative consequences.

Regarding to the optimal control of fermentations, the
works of [13] and [14] have a relevant interest for our
problem. In addition, it is worthwhile to mention the
contributions of [15] about the mathematical analysis of the
optimization, [16] about the application of iterative dynamic




programming to the batch fermentation optimization, and
[17] about process control with optimum time-cost.

2 Objectives

The objectives of our research are: first to obtain a
mathematical model in differential equations, that represent
the alcoholic fermentation in the beer industry, avoiding any
laboratory simplification. The model, which is a multiple-
state one and has an strong non-linearity, need a
computational treatment for optimization purposes, that it is
boarded successfully. As we said, it is a non-linear mathe-
matical model continuous in time, with 8 states and only one
control variable. The ten most important parameters of the
process have an exponential dependence with the
temperature obeying to Arrhenius expressions.

The second objective is to get a process optimization to be
applied by industry. For this purpose we use genetic
algorithms.

Some previous works have been necessary for the
consecution on the objectives. First a pilot-plant for the
fermentation studies was made an dedicated to the
achievement of a model, so it has a set of sensors (pH,
temperature, pressure, CO2, etc...) and the mechanisms that
are needed to make the wort follow a temperature profile. In
addition a 486 PC computer, with some auxiliar interfaces
has been used and the adequate software has been developed
by means of KAPPA-PC. We had to extend this commercial
software for our proposes, adding some real-time routines.
Finally, we will say that more than 250 fermentations have
been studied under industrial conditions, in order to establish
a basis for our model.

3 Description of the pilot plant

The pilot plant has been designed and built with the
objective of getting the experimental data needed for the
creation and validation of our model. It permits the
application under on-line control, of temperature profiles that
could be, for instance, the conventional industrial profile, or
a new optimal profile.

Figure 1 shows the different components of the pilot
plant. The fermentation takes place into a steel container: a
100 cm. tall cylinder with a diameter of 35 cm., with a lower
cone which is 15 cm. tall. The experiments use 80 litres of
wort (almost completely filling the container). There is
another coaxial cylinder with a diameter of 45 cm., giving
room for water to form a cooling jacket around the container.
With this jacket the wort temperature will follow a controlled
temperature profile.

Figure 2 shows a top view of the fermenter, with the
jacket filled with water: there is a double cooling circuit,
through a freezer, and a heating circuit that is under
computer control.

Sensors pH,T,CO,Cell photo

Tension's adapter

Fig.1. The pilot-plant diagram

Both cylinders have two transparent frontal windows that
are made of metacryllate, so we are able to measure turbidity
at two different levels, with submerged LDRs. The cone at
the bottom of the container, is designed for wort collection
and for washing purposes.
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Fig.2. Top view of the fermenter

The fermenter has several sensors for real-time on-line
control of the fermentation process. A sensor (ST) to
measure the wort temperature. A pH sensor to detect
contamination symptoms. A CO; sensor to measure the
dissolved carbonic gas in the wort. The pressure sensor is
placed at the bottom of the container. From pressure we can
derive the value of the wort density, and therefore the ethanol
concentration in the medium. Knowing density in real time
makes possible to know if the fermentation adhere to the
rigth pattern.

Two lamps illuminate through the wort the two LDRs.
The LDRs measure the received light. From this information
we can deduce the value of suspended biomass. The location

g




at different levels of the LDRs let us distinguish a sequence
of fermentation phases.

To complete our pilot plant, we developed some necessary
sub-systems. For example, the electronic circuits needed to
adapt a data acquisition card to the sensors and effectors (the
most important effector is dedicated to control water
heating). The computer mission is to acomplish the
interactions with the pilot plant, according to the control
directives, and the operator interface (graphic display,
commands). We developed a control program to effectuate
these tasks, under MS-Windows.

4 The model

The first problem we faced is to obtain a mathematical
model that would describe the evolution of the principal
features of the process, in order to time-cost optimization.
The process we implemented, replicate the beer industrial
conditions, so our experiments employ industrial wort and
yeast, and no stirring of the wort. We are sure that these
decisions provide a new perspective and the need of finding a
new model for the process. The proposed model [18] has two
well defined phases:
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where:
Xmia 1S the initial concentration of biomass
Xwg is the concentration of suspended latent biomass
Xative idem of suspended active biomass

X+ idem of suspended dead biomass

Xpoton idem of biomass at the bottom

is the initial concentration of sugars

s is the present concentration of sugar
is the present concentration of ethanol

There are byproducts that have a negative impact on
flavor, aroma, etc. The most important are diacetyl, and ethyl
acetate. To describe its evolution during the process, we
established the following equations:

d(ea) _ ds
a Yeas-Et' = Yeas HsX zctive
d(vdk) _
at = de .S.Xactive - kdm.(de).e
where:
(vsk) is the concentration of diacethyl
(ea) is the concentration of ethyl acetate

The value of all of the parameters behave as temperature
Arrhenius functions, table 1. An important fact is the
modelling of diacethyl without the inclusion of empirical
delays [12]. Figures 3, 4 and 5 highlights the good
correspondence between the model and the experimental data
(note that they are related to industrial conditions).
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Table 1. Parameters
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Fig. 3. Active, latent, and suspended biomass.
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5 Optimization

Having now a good model, our next task is to start the
dynamic optimization studies, using a computer for the
simulations

It is possible to find several useful approaches to our
problem in the literature, for instance the contributions of
[15], [14], and [13].

Because its algorithmic formulation, we chose dynamic
programming as the initial optimization method. The
objective is to cut some of the time spent by industry for the
fermentation. An earlier exploration of the problem has
shown that it is possible to accelerate the process, but
perhaps, at the cost of quality problems. This quality loss
could be because of an excess of undesirable byproducts or
because bacterial spoilage. To lump together all of the
optimization aspects, we consider a cost function adding the
following terms:

I = +10-ethanolend

= _5.73. (95 diacetyl -11.51)

J. =-1.16- e(460acetate—66.77)
3 - .

t
T = —j dt
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Where J, measures the ethanol production. J» goes up
very fast with the temperature when it exceed the
contamination temperature limit. Both J5 and J4 control the
levels of diacetyl and ethyl acetate respectively under certain
values.

Our initial reference is the temperature profile used by
industry (it takes 150 h. and its cost function is J=487.82).

6 Using genetic algorithms

To adapt the genetic algorithms (GA), [19] and [20], for
our problem, we consider as chromosomes the numerical
descriptions of temperature profiles: that is, a sequence of
numbers corresponding to temperature at equally spaced
points of the profile. So we use an structured non-binary
encoding [21].

For the fitness function of a chromosome, we use the
value of J for that chromosome applying it to the process. We
have used MATLAB for the GA implementation. Due to the
fact that this is a process which explores many alternatives,
the J calculation for a chromosome must be very fast.

The study starts on a 150 hours profile and the
chromosomes have 150 genes (150 sections, 1 hour each).
The initial population consists of 1200 individuals, and each
generation has 400 new individuals.

The initial population is randomly generated, its
chromosomes containing genes with values between 8 and
18° C. Parent election is made by the roulette-wheel method.
The crossover probability is 0.8 and the mutation probability
is 0.008 (this value must be small to preserve the most
important feature of its parents) [22].

It is important to note that we always have a visual
information of what is happening along evolution. For
instance, it is possible to see the increase of J, and the effects
of the best individuals over the process (Figure 6).
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Fig. 6. Evolution of J max.

From figure 6, it is easy to notice when we have to stop
the algorithm.

The initial population can be either generated randomly
or created as a result of some heuristic process [19]. After
running a first GA, we selected the best individual along 400
generations, this individual is included into a new initial
population, to start a second GA with 125 generations. This
procedure is repeated a second time. Figure 7 shows the
profiles we obtained for fermentations of 130 (J=556.73),
140 (J=556.46) and 150 hours (J=557.23).
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Fig. 7. Optimal profiles using GA

Figures 8 and 9 let us compare the effects of the profiles with
those given by the industrial profile.
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We have developed a simple "hill-climbing” program
which, having divided a profile into a sequence of sections,
consists on the application of several up and down
penurbations, over each of the comner point of the sections.
Then, only the perturbations that give an improvement of the
cost function J are accepted. A light improvement of J and,
what is more interesting a smoothing effect is obtained after
the «hill-climbing» algorithm application to the GA profiles.
Figure 10 shows the profile we obtain for a 130h.
fermentation.
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Fig. 10. Optimal profile for 130 hours

7 Adaptation to industrial practice

Industrial fermentation begins at about 10 degrees
centigrade because of safety reasons. Then the exothermic
characteristics of fermentation allows to reach a desirable
temperature point. As we want to preserve the industrial
practices, we decided to start at this temperature. With this
condition and after «GA + hill-climbing» application we get
a new profile (Figure 11), with J=552.5 1.
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Fig. 11. Optimal profile for industry

8 Conclusions and future research

In this work we have demonstrated how GA's provides an
optimum temperature profile for the industrial beer
fermentation, so the process could be achieved in a shorter
time (less than 130h). The genetic exploration can be
accelerated using a GA selected initial population. This can
be combined with recent acceleration methods of GA, like
the proposed by [23]. With it in mind, we can think about
real-time applications to adapt the algorithm to changes of






