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APPLICATION OF AN OBJECT-ORIENTED EXPERT SYSTEM
SHELL TO A FERMENTATION PROCESS
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Abstract. Our research deals with the intelligent supervision and control of batch fermentation proces-
ses. We built a pilot plant, with all the auxiliar electronics needed, for a MS-DOS computer to interact
with the plant. We selected KAPPA-PC as the main platform to develop a real-time application. It is an
object-oriented development environment, with the tools to define and manage class hierarchies includ-
ing sets of rules, for intelligent functions. The shell works under MS-Windows, and is open to user-
developed specific C code. After some experimental modelling , we determined models, and defined
intelligent classes to simulate the plant, to control the process, and to supervise it, in real-time.

Key Words: Object oriented systems, intelligent supervision, intelligent control, bioprocesses, fermenta-
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1. INTRODUCTION

Fermentation processes constitute the basis of
important industrial sectors and activities: food,
pharmaceutical products, bioengineering and en-
vironment, etc. Usually, these processes are dif-
ficult to model, and the non-linear nature of the
phenomena involved challenges any control alter-
native apart from the classical regulator solution (to
keep a constant safe production regime).

Since the heart of the chemical outcomes is the
activity of living microorganisms, with complex
behaviour, we find here a suitable field for the
application of artificial intelligence techniques. Ac-
tually, industrial methods are frequently based on

-the expertise of specialists (think, for instance,
about what happens with drinks). Moreover, the
fermentations are slow processes, so they offer the
Opportunity for time-consuming complicated
processing, such those needed for reasoning, pat-
lemn- recognition, or inheritance mechanisms.

We have some experience with object-oriented
methodology, applied mainly to the modelling of
real dynamical processes. Following a line of re-
search promoting a multidisciplinar effort, directed
to chemical industrial processes, we established
links with people from other Departments, belong-
Ing to Microbiology and to Chemical Engineering,
and decided 10 start a project to apply modern ideas
for the supervision and control of fermentation
processes, including object-oriented methods and
real-time expert systems. To institute a well-known
foundation for experimental studies, we selected

the production of beer to center our work: we ex-
pected from literature enough information to have a
good reference (but we got some surprises and
obscure aspects now under research). Furthermore,
this process is easy to reproduce at laboratory scale,
and that fits with our preference for experimental
observation instead of academic simulations (be-
sides they are useful indeed), when judging about
real performances.

After building a pilot plant, our work dealts
with the use of an Expert System Shell, for the
supervision of the fermentation process, to detect
possible problems, and for the optimization of the
production.

2. KNOWLEDGE ACQUISITION

A necessary stage in artificial intelligence
projects, is the knowledge acquisition by inter-
views with experts, and then, having learned
critenia, by direct observation of phenomena. For-
tunately we found qualified people from industry
and research institutions specialized on beer, really
open and instrumental for our information needs.
They show us two main concerns:

a)- you can accelerate the fermentation
process by increasing temperature, but then
you run the risk of generating subproducts
(the microorganisms avail from tempera-
ture to embark in more involved
methabolism) which degrades flavor, color
and aroma
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b)- sometimes you get a contamination (for
instance, with Lactobacillus), that you must
detect early.

The common practice of industry is to maintain
a batch process, with no agitation (that could
produce turbidity), and low temperature. The
process is dynamic, from the initial state of wort
and a small quantity of yeast, to the final beer (the
yeast grows up, and then flocculates to the bottom,
and is eliminated).

It seems profitable to drive the process along a
dynamic optimization trajectory, imposed by a
temperature evolution profile, if it is possible to
detect abnormal and/or bad trends and consequent-
ly adopt corrective intelligent actions for good
results, as represented in Figure 1 by two blocks,
with rules to accelerate the process, and to manage
problematic circumstances. This is our objective.

3. EXPERIMENTAL STUDY OF THE
PROCESS

In this case, it is possible to gain more
knowledge about the industrial domain considered,
by direct personal scientific experience reproduc-
ing the industrial process at laboratory scale. It is
also necessary, because some of the functions we
want are model-based, so we need good models.
When we started our work, we obtained from exist-
ing literature some possible models that we tried to
confirm with our experiments. Soon, we observed
substantial divergences, because the wort and yeast
we use, are taken from industry, and there are im-
portant differences when compared to those
employed by laboratories. So we discovered we
were needing long experimental studies for better
knowledge and modelling. Temperature modifies
the rates of microbial metabolism, so the
parameters of mathematical models are tempera-
ture-dependent. We had to design an experimental
work consisting in a set of isothermal complete
fermentations, at 8%, 12°, 16°, 207, and 24° celsius
degrees, to determine how the model parameters
depend on temperature. This is important, because
optimizing criteria could lead to changing tempera-
tures along the batch process, and we are interested
in knowing the model for every instant.

Abnormal
an\lviP_u' 1
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Fig. 1: Main objectives of the research

Tank with Water

Fig. 2: The pilot plant
3.1. A Pilot Plant for Experimental Work:

To accomplish the isothermal experiments (it is
also possible to set cuasi- adiabatic conditions for
non-isothermal processes), we designed and built a
pilot plant. As sketched by Figure 2, it consists of a
tank with water, and partially submerged into the
water some vessels with the fermentating wort. The
MS-DOS computer handles two electric pumps, so
the water of the tank could circulate along cooling
and heating external circuits: in this way, it is easy
to reach and maintain a constant fermentation
temperature.

We want to follow the batch fermentation
process on real time, with of-the- shelf sensors.
Temperature and pH sensors are standard, while
others, that could be useful for this kind of
biochemical process, are either too expensive or
difficult to find and adapt to our conditions. So far,
we complemented the information given by the
temperature and pH sensors, with other sensors we
created, and manual measurements as described
below. In the future, we shall build a second ex-
perimental device, with an specific design to in-
clude new sensors.

The pilot plant is under computer control. We
employ a MS-DOS computer, with a PCL 712
board from Advantech. This low-cost board offers
one 12 bit A/D with 16 multiplexed analog inpul
channels, and 16 digital inputs; two analog outputs
from 12 bit D/A, and 16 digital outputs; an easy 0
handle (simple software routines) timer, up 0
20,000 samples per second are possible. We built
the suplementary electronics needed by the A/D
and D/A card 0 interact with the sensors and the
control of water temperature.

3.2. Acquiring Experimental Knowledge: Modell-
ing

The scientific literature shows a wide panoram?
of research designs for fermentation studics. Mﬁcf;)_
of the papers refer to agitated continuous con ! ;
tions (chemostats), others follow the alternati¥¢ f\
fed-batch (or simply batch) but with agitation. ¥¢
few correspond to our interest. At the moment ¥
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feel the model of Engasser is the best we can find
for our case, but with modifications (Ramirez,
1987; Gee and Ramirez, 1988; Ramirez, 1993).
This model is fairly complicated, with at least 16
parameters and 6 non-linear differential equations.
The on-line parameter identification we developed
encounters serious problems with local minima.

Still there are some aspects which remain
obscure for the specialists, but the main events
during a fermentation are the following (Figure 3):
the biomass starts with a respiratory phase, con-
suming the dissolved oxigen, and growing up.
Glucose is what the Sacharomyces Serevisiae cells
can degenerate to obtain energy; maltose and mal-
totriose are hydrolized (molecule breaking) to ob-
tain more glucose. Once finished the respiratory
phase, a fermentative phase starts, consuming first
glucose (the easiest process for the cell), then mal-
tose, and then maltotriose, and producing ethanol

and secondary substances. There are some inhibi-

tions effects, related with ethanol and glucose, and
the internal cells metabolism.

We could say, in general, that the literature
reflects the habits of people who does chemical
off-line analysis, and does not look at sensors
during experiments. What we want is to get suffi-
cient information from sensors , and try to relate it
with the variables considered by the models, which
are the concentrations of biomass, glucose, mal-
tose, maltotriose, ethanol, and others. We can
measure pH, which seems to primarily reflect the
CO2 concentration; density, which is a good index
of ethanol concentration; turbidity, related with
biomass concentration. After growing up, the
biomass concentration reaches a maximum level,
and then decays: there is a flocculation
phenomenon as the glucose vanishes, so living
yeast accurnulates at the bottom, still keeping fer-
mentation activity. We measured the biomass con-
centration (solute), in order to calibrate the
turbidity laser sensor we built, by micropore filter-
ing and weighing the filters.

There are some contaminations that may hap-
pen; the most important being the Lactobacillus
activity. Our system must detect the dawn of con-
taminations, so we are interested in modelling the
behavior of contaminated fermentation processes.

As said before, we designed and executed a
series of isothermal experiments, for modelling
purposes. In each experiment we put 10 vessels,
with the same volume of wort, 5 vessels with a
mixture of yeast and contamination, the other 5
with only contamination. Contamination volume
(of the same culture) are graded in the sequence 8,
12,16, 20, 24 cc, and so injected in the correspond-
Ing vessel. In addition, we put 2 vessels with only
yeast. The 12 vessels are inside the isothermal tank.
This series of experiments where decided after
some previous exploratory studies, along pure and
contaminated complete fermentations: some of

Ny ot

Biomass
» (evolution)

Fig. 3: Bioprocess main phenomena

them were designed to test the activity of floccu-
lated yeast, that was confirmed.

To give an idea of temperature dependency, and
how long the experimental work is, a complete
fermentation at 8° celsius degrees takes 15 days,
and at 24¢C, only 3 days. Industrial production rate
is related with this.

The dynamic model we elaborated consists of
several equations; the most important is devoted to
biomass evolution, following a Monod dynamics,
with Michaelis-Menten inhibition terms:

X(t) = X(10) + Rg(G(10)-G(t)) + Rm(M(to)-
M) + Rn(N(t0)-N(1)) 1)

where X(t) is biomass, G(t) glucose, M(t) mal-
tose, N(t) maltotriose; the parameters Rg, Rm,
Rn, are yeast characteristics.

The evolution of sugars is described by three
differential equations (for glucose, maltose, and

maltotriose concentrations):
G(t) = - MUg X(t) 2
M(t) = - MUm X(1) 3
N() = - MUn X(1) @

where the parameters MUg, MUn, MUn, are the
result of expressions that reflect the limiting
aspects: when there is glucose, almost no maltose
or maltotriose is consumed, etc.

Fermentation is an exothermal process, that
contributes 10 increase the wort temperature as per-
mited by heat interaction across the boundary:

T(t) = k (Tg G(1) + Tm M(t) + Tn N(1)) 5)
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The pH evolution could be described as a func-
tion of biomass activity upon sugars:

P(t) = X(1) (Pg G(t) + Pm M(t) + Pn N(1))
©

pH = -(logP(1) - Pg) )

Our modellation studies meant some specific
software developments, for data acquisition and
processing, and model non-linear differential equa-
tions parameters fitting.

From the Anificial Intelligence point of view,
this experimental facet of our work is of decisive
importance, to gather personal insight about the
biological phenomena of interest, and to acquire
experience about the artificial system (plant, sen-
sors, electronics, interfacing) in which the
bioprocess evolves, is observed, and interacts.

4. APPLICATION OF AN ARTIFICIAL
INTELLIGENCE TOOL

4.1. KAPPA-PC, an Expert System Shell

After studying several alternatives, we choosed
KAPPA-PC (Intellicorp, 1992) (Figure 4), as an
adequate tool for our purposes. It is an Object-
Oriented Expert System Shell for MS-Windows,
with all the tools 1o created animated graphics ap-
plications. Extensive facilities to define and handle
classes, and for the creation of expert systems by
putting rules in the objects. The tools are mainly
visual, and support very well the following of
reasoning and the code debugging.

With KAPPA-PC you can create a hierarchy of
objects, building a first prototype to begin tests, and
refining incrementally, by modifications and en-
richments of behaviours, until satisfied with a
desired functional level. You have the tools needed
10 create, browse, and modify objects. You can put
rules in the objects, test the rules and see the
reasoning sequences (forward or backward chain-
ing). To include user-developed functions, there are
specified steps to follow, using Microsoft-C. A sub-

set of the functions we developed (in C with some.

inline machine code), is dedicated to manage a
timer of the A/D & D/A board to have a periodic
sampling, and to synchronize with the supervisor
functions.

4.2. Application to the Fermentation Process

On the basis of an initial hierarchy given by
KAPPA-PC, we added classes for two main intel-
ligent functions: supervision and control of the
process.

The supervision is based on object-oriented
simulation and models. First, we developed and
object-oriented dynamical simulation of the fer-
mentation plant. This simulation is useful to obtain

KappaPC
(Objects & Tools)

Real-Time
Code (C)

Fig. 4: The characteristics of KAPPA-PC

curves corresponding to the behavior of important
variables during normal fermentation. The simula-
tion we built is also useful to induce simulated
problems, and generate the curves corresponding to
malfunctions.

An Object-Oriented Dynamic Simulation:

As depicted in Figure 5, we defined some ob-
jects corresponding to the main components of the
fermentation plant, and others corresponding to the
bioprocess. The key aspect, from the control point
of view, is the heat interaction. For instance, during
an isothermal process, heat originated from the
bioprocess inside the vessel, is transferred to the
water of the tank, and is eliminated by the cooling
circuit (the control strategy activates the cor-

responding pump).

For the main components we defined the class
Tank, a container of a fluid , with parameters re-
lated to heat interactivity with the external medium.
Two instances are created: Vessel, and Bigtank.
The class Pump is defined to model the external
circuits of water, employed to control the tempera-
wre of water inside the Bigtank; two instances arc
created: Cooling and Heating, The class Fluid has
two instances, with different thermodynamic char-
acteristics: Water, and Wort. The Vessel contains
Wort; the Bigtank contains Water.

The class Control is created to accomplish the
controlling tasks for temperature control: measur-
ing the temperature of the Water inside the Bigtank,
and using a set of rules for intelligent control. For
the case of an isothermal process, it is enough.wllh
simple rules; the complications arise when dnving
a dynamic optimization policy, with varianons of
temperature and, possibly, adding some chcmncab
to modulate pH. There are two subclasses:
Rcontrol, to apply control on the real process, an
Scontrol, for the simulation.

To model the bioprocess, which originales h{‘ﬁl
inside the Vessel, we defined the class Mass. ®!
wwo subclasses: Product, and Sustrate. There 3\';‘
two instances of Product (an increasing mass
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Fig. 5: Objects for dynamic modelling

Biomass, and Ethanol. Three instances of Sustrate
(a decreasing mass): Glucose, Maltose, and Mal-
totriose. These objects include the corresponding
differential equations describing its dynamical be-
haviours. :

The class Supervisor keeps a record of the main
data, to be displayed as curves on screen. It has two
subclasses: Rsupervisor for the real process, and
Ssupervisor for the simulated. This Ssupervisor is
crucial for the simulation, because it exchanges
information -messages about state, important to
determine heat transfers- between the objects, to
efectuate and coordinate the interaction (running a
simulation with the prescribed timing).

KAPPA-PC offers some already defined clas-
ses, as resources for MS-Windows and operating
system handling: Global, Menu, Image, Kwin-
dows, so the user main application can access com-
fortably the system resources together with the
simulation.

Intelligent Supervision:

Following the object-oriented methodology in
the way of assigning objects not only to physical
components, but also to relevant processing agents,
we created the class Judge, with the mission of
surveillance over the process: (o detect problems,
and take adequate decisions. This class disposes of
an important function: a model paramelters estima-
tion module. Because in the general case,
parameters vary along the process, and equations
are non- linear, we decided to develop a receding
horizon batch parameters estimation procedure
(Muske and Rawlings, 1993). The function can be
applied 10 any model from a set we included,
describing normal and abnormal processes.

During a fermentation process, the Judge
analyzes the real data, according 10 signal descrip-
tors criteria (Konstantinov and Yoshida, 1992), and
uses the parameters estimation function to fit the
normal process model to the real data (Stein, 1993).
We use state variables dynamic models, where
parameters have biological meanings so their
values are not arbitrary: they are related with func-

tional rates: an alteration could mean by itsel
something abnormal. The operator could ask for
information about variables not measured (Bastin
and Dochain, 1990), but estimated on the basis of
the current normal process model.

The general structure of the on-line supervision
system is sketched in Figure 6. The operator sees
on screen curves displaying the data trajectories of
the real process, and other curves generated from
our dynamic simulation. The simulated curves cor-
respond to an standard normal fermentation, and
serve as reference for the operator to compare with
the process at hand. If the Judge considers the
process evolution becomes suspicious of having a
problem in the bioprocess, then starts to use the
parameters estimation function to fit the models of
abnormal processes to the real data, and analyzes
which one is the most probable (good fitting,
reasonable parameters, other symptoms captured
by sensors). Depending on evidence values (after
reasoning with the rules), and the kind of situation,
the Judge may take, in addition to sending mes-
sages to the operator, some executive decisions
over the process, sending orders to the objects in
charge of control. This is conditioned to the
operator permission (for instance, to provide auto-
matic care while operator is not present).

Intelligent Control

The fermentation process is controled by in-
stances of the subclasses: Rcontrol and Rsuper-
vision. They use real-time functions to interact with
the plant (Rsupervision exert coordination tasks).
As said before, when there are problems which
require a direct intervention upon the process, these
objects receive orders from the Judge and apply
specific rules for the case.

For the isothermal processes, control rules are
simple, similar to those used by P.1.D. fuzzy con-
trollers. Dynamic optimization is more involved, is
almost bang-bang (because time minimization), but
we need to runm, on-line, temperature-dependent
models of flavor (evolution of subproducts) that
impose some important constraints.

Actions

: suige [$REemiews 7

Fig. 6: Supervisor structure and functions
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5. CONCLUSION

There are some technical difficulties to make
KAPPA-PC work with the integrated C code under
MS-Windows, but in the end this is possible. From
the supervision and control point of view it works
well, because the process is slow.

At the present, the application is operational for
the supervision of the experiments, with messages
and advice about the status and tendencies.

The complete scheme is now under test with
simulations (signals generated by another com-
puter), with encouraging results, and then will be
confirmed with experimental studies. Figure 7
reflects the structure of classes already defined.

So far, we do not try to detect every possible
problem, this will need time and refinements; in

this moment we want only to detect some of great

importance, and to react properly.

On the whole, our work has been oriented by a
divide-and-conquer concept. By defining special-
ized objects, with small sets of rules, we have
several narrow-domain experts, easy to develop
and maintain (an experimental refining process).
Since we are in real-time, we do not want slow
inferences inside centralized big expert systems. As
a general canon for our development strategy, we
want to keep things simple: simple rules, simple
hierarchies. Fortunately, rules for control are usual-
ly austere, with quick responses.

We are now building a second pilot plant, fol-
lowing at small-scale the industrial design, to con-
duct dynamic optimization studies, using what we
know about model parameters dependency upon
temperature, and modifying the supervisor and
control internals to get the intelligent desired func-
tions,

To accomplish this research we receive help
from many people: the CRUZCAMPO brewery at
Magdrid; the Department of Industrial Chemistry,
the Department of Microbiology (both at our
University), the Institute of Beer, C.S.1.C., etc.
Thanks so much.
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