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The main objective of on-line quality control in fermentation is to perform the production processes
as reproducible as possible. Since temperature is the main control parameter in the fermentation
process of beer breweries, it is of primary interest to keep it close to the predefined set point. Here,
we report on a model-supported temperature controlier for large production-scale beer fermenters.
The dynamic response of the temperature in the tank on temperature changes in the cooling elements
has been modeled by means of a difference equation. The heat production within the tank is taken
into account by means of a model for the substrate degradation. Any optimization requires a model
to predict the consequences of actions. Instead of using a conventional mathematical model! of the
fermentation kinetics, an artificial neural network approach has been used. The set point profiles for
the temperature control have been dynamically optimized in order to minimize the production cost
while meeting the constraints posed by the product quality requirements.
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INTRODUCTION

Temperature control is a practical problem in production-
scale brewery fermenters, when the vessels are very big and
not able to immediately follow changes in the temperature
set point profiles. Since in practice the control strategies are
very simple, considerable temperature fluctuations may be
observed in big fermenters.

Temperature is the variable by which the fermentation
process in beer breweries is controlled. It is, thus, essential
for a reproducible fermentation process (the only practical
means to ensure constant quality during fermentation) that
the temperature exactly follows the predefined profile.
Hence, the temperature control is of considerable importance
for any quality assurance of the beer fermentation process. In
particular, for a reliable prediction of the process behaviour,
which becomes necessary if the length of the fermentation
process and thus the tank logistics is to be controlled, one
must presume that the temperature can be kept close to the
predefined temperature profile.

With larger production vessels, the time constants of the
temperature response behaviour increase, and it becomes
more difficult to control the temperature in the tanks. Then,
advanced control strategies become indispensable in optimiz-
ing the quality/cost relation of the fermentation process.

Energy conservation is on everybody's agenda these days.
In new plants for beer fermentation and maturing measures
for reducing the energy for cooling is of high importance. For
daytime cooling operations, a big Japanese brewery recently
installed ice banks frozen at night using cheap ‘off peak’
electricity to minimize the refrigeration costs.

In this paper, we describe an advanced temperature control
strategy for brewery fermenters by the example of a 300 m*
cylindroconical fermenter installed in a German brewery.

TeMPERATURE CONTROL

Objectives

Quality assurance is imperative for all industrial compa-
nies. The main aim of quality control is to keep those process
parameters which characterize the product quality strictly
within predefined tolerance bands. In most processes where
living organisms are involved, this can only be obtained by
running the process under reproducible conditions, i.e., close
to the desired parameter profiles. For the fermentation pro-

cess in breweries, this primarily means to control the fermen-
tation temperature,

Advanced quality assurance requires continuous state pre-
diction as the essential basis of control. In the beer fermen-
tation process, prediction of the substrate degradation rate
and prediction of those components in the fermentation
medium that influence the taste of the beer are of primary
importance. It would be of considerable value to monitor
and predict the development and degradation of the key
component of the different compounds influencing the taste,
diacetyl. This is a requisite for cvery measure of keeping it
below some threshold concentration.

In an earlier publication, we described the supervision and
prediction of the extract concentration in a beer fermentation
by means of fuzzy-supported extended Kalman filters* and
by fuzzy-aided artificial neural networks>.

In the course of these investigations, it has been found
that the temperature fluctuations limit improvements in the
state prediction of fermentation processes. Hence, advanced
temperature control becomes imperative.

Any model-supported control of the fermentation tempera-
ture must be based on a reliable description of the cooling
behaviour of the big fermentation tanks as well as on a
reliable description of the temperature generation process,
i.e., the fermentation process itself.

As a representation of the fermentation process we use
an extended form of the neural network software described
by Simutis®, The dynamic response behaviour of the 300 m?
cylindroconical fermentation tank used in the corresponding
fermentation runs was modeled by means of a difference
equation. Both models have been incorporated into a model-
supported adaptive temperature controller. The models and
the controller construction are described in the following
sections.

Based on the process models and the controller, a minimiz-
ation of the cooling expenses under the constraints of prede-
fined tolerances of some quality parameters has been perfor-
med by construction of an optimal feedback controller.

Neural Net Representing the Extract Degradation

In their previous work, the authors* compared different
ways of representing the microbial conversion of malt into
ethanol and carbon dioxide in the brewery fermentation
process. One result was that process simulations based on
neural networks are at least as reliable as simulations using
mathematical process models, but the networks turned out
to be much casier to establish and to maintain. Consequently,
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we used a neural network approach in the work described
in this article.

In the model presented by Simutis et al.® the only variable
predicted was the substrate degradation rate or the extract
concentration, respectively. In order to supervise the key
quality indicator as well, the diacetyl concentration was incor-
porated into the model. Since the available expert knowledge
about the diacetyl development and its degradation is rather
limited, we did not use a fuzzy-aided neural network as in
the reference mentioned. Instead, we used a more compli-
cated net and an advanced training technique to fit the
network to the requirements. The training procedures used
are described in Simutis et al.®

As can be seen in Figure 1, the network contains 9 input
and 2 output nodes. These numbers, characterizing part of
the network topology are fixed to the available data and
required output quantities. The remaining question is the
structure of the hidden layers. Only a single hidden layer
was chosen. 10 nodes in the hidden layer proved to be
sufficient for modelling the fermentation process and to keep
the time needed for the training in acceptable limits. The
number of nodes in the hidden layer were determined by
means of cross validation techniques®. The essential idea
behind this technique is to divide the available data sets into
two parts. About 70% of the data sets are used for training,
the remaining 30% were kept aside to validate the trained
network with independent data.

The advanced training procedure used in the experiments
is based on an evolutionary optimization algorithm, i.e., the
ideas behind the optimal development of organisms in nature
(mutation, cross-over and selection in a set of individuals)
have been applied to the optimization of the artificial neural
network representing the dynamics of the substrate degra-
dation and diacetyl formation/degradation in a beer fer-
menter. A typical result of the simulation is depicted in
Figure 2. As can be seen, the simulations very closely follow
the measured experimental data.

Model for the Fermentation Tank Dynamics

Fermentation tanks with 300 m* total volume have been
taken as examples. Their diameters are 4.1 m, and they are
equipped with three wall cooling segments each. The cooling
is performed by vaporization of ammonia.

The dynamical behaviour of big cylindroconical fermen-
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tation tanks is complicated by several mechanisms. The stir-
ring action of the CO, bubbles rising in the liquid phase is
by no means continuous, considerable eruptions characterize
the carbon dioxide gas production. Supersaturation effects
and chaotic flow properties of the dispersion may be respon-
sible for this behaviour. As the cooling sections at the fer-
menter wall are switched on and off in a binary way, the
boundary conditions concerning the temperature at the fer-
menter wall are abruptly changed.

Since most of the parameters determining the heat transfer
coefficients are unknown, the cooling behaviour of the tank
was determined experimentally by analysing the temperature
response to changes in the cooling control signals. In order
to keep the dynamical representation of the results simple,
a linear difference equation was used. In this equation, the
temperature sampling values Ty, where k is the time index,
are related to the registered control signals S;; of the i-th
cooling element.
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2+ a) Ty + 8, Ti—z + a3 T3 + a4 Ty + a5 Ti—s
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with the parameters a;, bj, c;, determined by the identification
procedure. The varia{)les K, are characterizing the heat pro-
duction and the Cy are characteristic for the CO,-off-gas
mass flow. As a characteristic CO, mass flow through the
off-gas line we took a short-term integrated average (over
2-3 hours in our application) of the CO, massflow. The
characteristic heat production parameter K, can be deter-
mined in two alternative ways, either from the long term
CO, development, which is directly proportional to the heat
production, or by directly incorporating the output of the
neural net describing the kinetics of the substrate degra-
dation, as described above. Once again, the fact is used that
heat production is proportional to the substrate conversion
rate.

The identification of the other parameter was performed
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Fig. 1. Structure of the neural network used to represent the substrate degradation and diacetyl formation and degradation in the

fermentation tank.















