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Abstract : The paper deals with chemical processes requiring dynam!cal optimization: like 
batch fermentation processes. For the study. beer fermentation was selected as a good 
paradigm the process is controlled by a temperature profile along a period of time. The 
objective is to accelerate the process. finding a good profile. under some constraints. It was 
decided to keep industrial conditions. not reflected in the literdture. so it was needed an 
extensiye laboratOl} work to find a new model. HaYing obtained the model. optimization 
studies started with dynamic programming. and found difficulties. so the use of genetic 
algorithms was explored by a special encoding of the problem. attaining successful results. 
The paper describes the problem. the model. how to apply a genetic algorithm. and results. 

keywords genetic algorithms. fermentation processes. optimal trajectory. dynamic models . 

I . INfRODUCTION 

Fermentation processes attract an increasing interest. 
being at the heart of both classical industrial 
activities and some new applications. such those 
related with enyironment. phannacy. etc. There are 
different ways of conducting a fennentation process: 
for instance. continuous operation. which requires to 
keep a set of constant conditions (a problem of 
regulation. from the control point of view): or a batch 
process driven along a prescribed trajectory Owing 
to the uncertainty sources faced (living organisms. 
biological products. climate events. ete.) and the 
complexity itself of the imohed phenomena 
(byproducts. non-linearity. etc.) . it constitutes an 
appropriate field for the introduction of advanced 
control techniques 

The research started with conventional batch 
processes. looking for the application of intelligent 
control under realistic terms. Initial experimental 
activities were needed. which preyiously required the 
establishinent of an interdisciplinary relationship 
between specialists of several subjects Thc problem 
brought into focus was the industnal fermentation of 
beer. where a minimization of time-cost is sought. 
having into account some constraints It ,\as found 
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out that the studies on beer fermentation. as reflected 
by the scientific literature. usually depart from ideal 
conditions (for instance: synthetic wort. stirring 
deYices. etc.). Relying instead on industrial practices 
(real wort. calm. etc.). means to divert to a novel 
situation. As a consequence. it was needed to under­
take a vast experimental work to get data. and then 
develop a new model of the fermentation process. 
Having verified this model. the optimization problem 
was attacked by using dynamic programming. 
finding serious practical obstacles. So it was decided 
to explore the potentiality of genetic algorithms. for 
our case. obtaining successful results in a short time. 
with moderate computational cost. It is believed that 
this research could be of interest for a variety of 
processes. with different complexities. in need of an 
optimization but with difficulties to derive it by 
conventional methods. The paper will concentrate on 
t\\ 0 main aspects the development of the new model. 
and thc optimi/.ation employing genetic algorithms. 

2. CHARACTERISTICS OF THE PROBLEM 

Thc com'cntional "ay for becr fermentation. is to add 
ycast to thc wort. and wait for some time. letting thc 
ycast consumc substratcs and producc ethanoL The 



only intenention over the process is the control of 
the temperature profile. that is how the temperature 
varies during the whole process. Industry looks for 
fastest processes without quality loss. Fermentations 
can be accelerated with an increase of temperature. 
but however some contamination risks (Lactoba­
cillus. etc). and undesirable byproduct yields 
(diacetyl. ethyl acetate. etc.). could appear. The 
amount of these kind of by products must be 
regulated under certain limits. All the wort and yeast 
needed for our experiences. have been provided by a 
brewery near Madrid (Spain) . 

3. DEVELOPMENT OF A NEW MODEL 

After an extensive literature search about beer 
fermentation. giYing priority to mathematical models. 
it was realized that a new model was needed to take 
into consideration the real industrial conditions. 
which are different of the usual scientific scenarios. 
Even so. there are many points of interest in the 
abundant literature related to the characteristics and 
use of Saccharomyces strains. In particular. Hough 
et al (1971). Pollok (1979). and Tenney (1985). 
offer a professional fundamental view of the 
brewing process ~ while Sonnleitner and Kappeli 
( 1986). Steinmeyer and Shuler (1989). consider the 
main physiological phenomena (breath. growing. 
sugar uptakes. etc) at cell leveL Speaking about 
mathematical model studies. let us name both Gee 
(1990). and Gee and Ramirez (I 99-l). which are 
based on Engasser (1981). 

Fermentation processes offer an important appli­
cation field for automatic control Some repre­
sentative references are Bastin and Dochain 
( 1986.1 990). Dochain and Bastin (I 98-l). Gauthier 
(1992). related to the on-line estimation of states and 
parameters. Also. it is worth to mention the article of 
Pomerleau and Perrier (1992) on growth rate 
estimation. In our case. it was decided to employ the 
same wort and yeast as industry. and the same 
procedures: to control only temperature. and do not 
agitate. As notified by the literature. it was expected 
that temperature has an important influence. so 
several series of experiments were designed to obtain 
a mathematical description of it. 

Experiments began with adiabatic recipients. to knO\\ 

ho\\ exothermic is the fermentation process. Then 
se\ual isothermic studies were conducted. with ten 
parallel fermentations . using 3 liter containers. to 
record the evolution of the main fermentation aspects 
(concentrations of biomass. sugars. and ethanol: 
dcnsity. pH. etc.) at differcnt tcmperatures. and 
starting from scveral initial yeast concentrations. 
Along each fermentation. it was obsened that some 
yeast sediments and settles on the bottom. while the 
rest remains suspended in the wort . Our hypothesis 
was that thc ycast at the bottom was inactive. 
rcgarding to thc fermentation evolution To confirm 
this. a ncw series of experiments was dc\ised. lIsing 
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H recipients that wcre taken one after one to study 
the biomass status each 5 hours (for a complete 
fermentation along 120 hours) The result is that the 
yeast at the bottom has very little influence. 

For our experimental study. the support of specialists 
on anal~lical and measurement tasks was needed. So 
an interdisciplinary team across our University has 
been organized the Department of Microbiology 
collaborated with biomass studies. the Department of 
Bromatology II and the Department of Chemical 
Engineering made HPLC analysis to determine the 
concentrations of several carbon sources. In addition. 
the brewe~ helped with the measurement of ethanol 
concentrations. and other parameters used by 
Indus~' to characterize the fermentation develop­
ment. By means of a laser. a good indirect measure­
ment (through turbidity) of the concentration of 
suspended biomass (Yannane. 1993). was obtained, 

The complete experimental work comprised 250 
fermentations. along four years, With the data 
obtained. has becn possible to develop a new model 
of the fcrmentation dynamic behavior. based on the 
activity of suspended biomass (some equations of the 
modcl are devoted to the biomass comportment: part 
of it settles slowly and is inactive. the active biomass 
awakes from latency to start growing and producing 
ethanol. etc,) An important effect of the temperature 
over the process acceleration was recorded: this 
influcnce is reprcsented through variation laws of the 
coefficients of thc model Here is a compact 
cnunciation of the model (Andres.B. 1996) 

I_ag Phase 

xactive +xlag = constant = (U8x initial (I) 

dXactive ,. 
dt = ~Iag «U8· xinitial - xactive) (2) 

dXlag -' _ ' 
~ - - xactivc - -~lag , Xlag (3) 

Fermentation Phase 

dXacti\e 
dt = ~xXactivc - km ,xactive + ~LXlag (-l) 

~x = --- - --
05 · s initial + C 

dXbottom 
- =='-'-= ~J)x , (5) 

dscons _ ' 
- d- t- - ~s , Xactive 

f = I ___ e __ 
() ,5· S lnlllol 

~so ' s 
~s =-­

ks + s 

dt 

(6 ) 

~ao ' s (7) 
~a = -k--

a + s 

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

d(ca) 

dt 
(8) 



Thc value of all thc paramcters of the model. arc 
calculated as Arrhenius functions of temperature: 

-63 720 

fi xo 1095 · 1047 . e 199536(T ' 27315) ( 10) 

-76450 --- . -_ ... --
km 3.173 . 10 56 . e 199536 (T' 271 15 ) (11 ) 

-53056 ---- --- - . 

Yeas _ 1129 . 1039 · e I 99536 (T ' 273 .15 ) (i 2) 

-200 20 

fi lJo 4.889 . 10
14 

· e 
1 99536.(T· 271 15 ) 

(13 ) 

23254 

fiSO 6.232 . 10-19 · ~ 1.99536(T · 273 .15 ) ( l-l) 
-2528.6 

fiao 
26.3865 . <! 1 995 36.( 1'· 271 15) ( 15) 

-18959 

f1lag 2.204 1 . 10 13 .~ 199536(r ' 2nI5) (16) 

682 49.2 

k 1.I081 ' 10-5 2 .e I9953 6.( r '273 15) 
a 

( 17) 

An important new feature is the mode ling of diacetyl 
without the inclusion of empirical delays (Garcia er 
al. 199-l) Figures 1. 2_ 3_ and -l. show the hannony 
between the model and the recorded data. so 
commendable considering that they refer to industrial 
conditions. 
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Fig. 1. Active, latent, and suspended biomass. 

Fig. 2. Evolution of sugars. 
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Fig. -l . Diacetyl evolution. 

-t . PROCESS OPTIMIZATION 

Having now an adequate mathematical model. it is 
possible to endeavor dynamic optimization studies 
combined with computer simulations. At this 
moment. a pilot plant to get further experimental 
verifications of our results is under development. Thc 
objectivc sought is to accelerate the industrial 
fermentation. rcaching the required ethanol levcl in 
less time. without qual it} loss (do not cxceed 
byproducts concentration limits) . and without 
contamination risks . In order to considcr all these 
optimization aspccts. the following tcrms were 
defined : 

J I = + 10· ethanol end 

J 2 = - 57.~ c(95diacetvl-I15I ) 

J - I It: (-l(,(l·acctatc 66 77 ) 
:l - . \) ·e 

J4 = -ft~ .dt 
o I.H 

(18) 

( 19) 

(20) 

(21 ) 

Where J I measures the final ethanol production. and 
J-t increases steeply if along the process. temperature 
surpasses a limit related to contamination risk. Both 
12 and 13 run up to big values if the levels of diacetyl 
and ethyl acetate. respectively. exceed certain limits 
at the end of the fermentation. Thcse terms were 
combined to obtain a cost function of the process : 

+ 10 · ethanol d -f \.1 . dt -
en () I.H 

- 1'16 /.l6nacctatc-6(77) _ 57.~ . c (9;'diacetYI-I1.51 ) 

(22) 

Our task is to get a temperature profile which 
minimizes this function. in Icss timc. To attack the 
problcm. our stratcgy is to allow certain lapse of time 
for a complete fermentation and to calculate an 
optimal temperature profile for that lapse. annotating 
thc final ethanol concentration obtained by such 
profile: then. thc lapse is reduced. and a new optimal 
profile is calculated this procedure is repeated until 
the final ethanol concentration does not reach a 
desired level. As an initial reference. the same 
tcmperature profile employed by industry was taken : 
that gi,'cs a first solution along 150 hours. with a 
valuc orthe cost runction (1=-t8782) to be imprO\ed . 



Table 1. States and control discretization 

States Number Discretization 
of States 

Biomass 29 from 0-2 g/L step 0.2 gIl 
from 2-21 gIl. step 1 gIl 

Sugars 14 from 0-130 gIl. step 10 gIl 
Ethanol 
Ethyl acetate 

Diacetyl 

Temperature 
Tempo 

15 
5 

25 

13 
13-14-
15 

from 0-70 gIl, step 5 g/l 
from 0-16 ppm. step 
ppm 
from 0-24 ppm, step 
ppm 
from 6 - 18 DC, step 1 DC 
step 10 hours 

5. USING DYNAMIC PROGRAMMING 

4 

It is possible to find in the literature several 
approaches which can be useful to solve our 
optimization problem (see for instance Kurtanjek, 
1991 ; Gee and Ramirez, 1988; Ramirez, 1994). 
Having in mind that on-line optimization, by the 
same MS-DOS computer that will control the pilot 
plant, is of interest dynamic programming was first 
chosen as the optimization method, because its 
algoritlunic formulation. To apply this method, the 
fermentation variables (temperature and time 
intervals) were discretized, as shown in Table 1: 

Our expectation was that dynamic programming 
could be carried out with sufficient speed, so as to 
react on time during an industrial fermentation. if 
some changes (for example, less initial concentration 
of sugar, or a lazy old yeast) require to re-calculate 
and optimal profile. But, when dynamic program­
ming was applied to our case, important difficulties 
of long calculations and big memory demands 
appeared. For example, using the above discretiza­
tion (Table 1), 130 hours of calculation time (486 PC 
at 100 Mz.), and 30 Mbytes of disk space were 
needed. Looking for speed, to accomplish a first 
e~loration exercising our iterative strategy, a 
dlstributed computation system was devised, using a 
local network of six computers, and a decomposition 
of the discretization grid as six horizontal bands. The 
results obtained thus far, are presented in Figure 5. 

As corroborated by several scientists (Luus, 1990). 
there is a concern about the difficulties of dYnamic 
programming application, and some alternativ~s have 
been proposed. This is a present-day issue, that is 
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Fig. 5. Optimal profiles for 130, 140, and 150 hours. 
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motivating iterative formulations of dynamic 
programming (Bojkov and Luus, 1994: Dadebo and 
Mcauley, 1995). or turning to some forms of oriented 
search (Tarnmisola et al. , 1993). 

Attempting to refine the solutions displayed by 
Figure 5, a simple "hiIl-climbing" method was 
developed. which consists on considering the 
temperature profile di,ided into a set of equal time 
intervals (sections), and the application of several up 
and down perturbations. over each corner point 
between consecutive sections. Then, only the 
perturbations that give an improvement of the cost 
function J are accepted, and when no perturbation 
gets any improvement the search ends. This is a fast 
algorithm, which allows for better, smoother, 75-
sections profiles spending only 15 minutes of 
computation, starting from a IS-section dynamic 
programming solution. 

6 . OPTIMIZA nON BY GENETIC ALGORITHMS 

Along the programming of the methods explained 
before, several practical problems appear (coding 
complexity, uncertainty induced by coarse discreti­
zation, etc.), so the need of alternatives were felt, 
both to contrast the results obtained and to seek for 
better performances. The decision was then to use 
genetic algorithms (Goldberg, 1989; Davis, 1991). 
According to the genetic algorithms (GA) 
philosophy, the numeric descriptions of the 
temperature profiles (temperature values at the corner 
points of the sections), are taken as chromosomes: 

Chromosome = (12 14 14 15 16 IS 16 16 ... ) 

For a given chromosome (temperature profile), the 
value of J is calculated applying this chromosome to 
the fermentation process, using our model. This value 
is used to measure the fitness of the chromosome (so 
J is the fitness function). By means of MA TLAB, a 
GA implementation was developed using directly the 
integer values of the chromosome (Michalewicz, 
1994), instead of a binary-based procedure. Since GA 
evaluate the fitness function of many alternative 
chromosomes, is critical to achieve a fast calculation 
of J (0.5 seconds per chromosome was reached) . 

Putting into practice our strategy, the study started 
with a 150 hours profile and chromosomes of 15 
genes (15 sections of 10 hours) . An initial population 
of 1200 individuals (chromosomes) is created. Each 
generation has 400 new individuals. Roulette-wheel 
parent selection is used. The crossover probability is 
0.8, and the mutation probability is 0.008 (there is a 
general consensus that this value should be small). 

The initial population is randomly generated, each 
gene having a value between 8 and 18 DC. For each 
new generation the best J obtained (by the best 
individual) is annotated: plotting the evolution of J 
along successive generations (Figure 6), it is easy to 
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Fig. 6. Evolution of J max 

draw a criterion to stop the evolution. when the 
improvement is non-significant. 400 generations 
were taken, obtaining good results in a fairly short 
calculation time: 2 hours. So with this excellent 
precedent our study continues with finer discreti­
zations, using chromosomes of 30, 75, and. finally, 
150 genes. 

The initial population can be either generated 
randomly, or created as a result of some heuristic 
process (Michalevicz, 1994). After our first eX'J>e­
rience with GA, a simple idea to further enhance the 
optimization was introduced: to employ the best 
individual after the 400 generations as a member of 
a new initial population and start again the evolution 
process, along 250 generations. Figure 7 shows the 
profiles obtained with this procedure, for fermen­
tations of 130, 140, and 150 hours. The values of the 
cost function are: J=557.23 (150 hours), J=556.46 
(140 hours), J=556 .73 (130 hours). 

OptUn.al pro6le far ISO hours 
10~---_~ _________ ~ 

o SO lOO 150 

::~'~f~~ 
OptUnal pro6le far 140 hours 

100~----5~0------1-00-------1-5~0 

OptUnal. pro6le for 130 hours 
10~O~------5~0------1-00------~1=50 

Fig. 7. Optimal profiles using GA 

Figures 8 to 10 portray the effects of the three 
optimal profiles obtained, over the evolution of 
ethanol, diacetyl, and ethyl acetate. In order to 
compare, the effects of the profile used by industry 
has been included. 
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It is possible to apply again our "hill-climbing" 
algorithm to the profiles just obtained using GA. In 
this way, a slight improvement of the cost function is 
obtained, and, above all, a smoother profile is establi­
shed, which is better for realistic application purpo­
ses. Figure 11 shows the profile so obtained, for a 
130 hours fermentation. 
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Fig. 11 . Optimal profile for 130 hours 

7. ADAPTATION TO INDUSTRIAL PRACTICE 

Industrial fermentation begins at about 10 QC 
because of safety reasons. Then, the exothermic 
characteristics of fermentation allows to rise this 
value to a specified level with a minimum of control 
and energy intervention. Wanting not to disturb this 
practice. it was resolved to start from 10 QC as the 
initial temperature. 
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Fig 12. Optimal profile for industry 



As a consequence. GA + "hill-climbing" was applied 
taking into account a fixed starting point for the 
profiles Figure 12 shows the result: a temperature 
profile with a cost function J=562 .51 (a bit lower 
than the absolutc optimum obtained before) 

8. CONCLUSIONS AND FUTURE RESEARCH 

In this paper it is demonstrated how GA can bc used 
to provide an optimum temperature profile for an 
industrial beer fermentation : a process that requires 
to attain a specified concentration of ethanol in 
minimum time. without running contamination risks 
or exceeding some limits of sub-products final 
concentrations. 
The genetic search experiences a noticeable impro­
vement. and acceleration. when it starts from an 
initial population with individuals close to thc 
optimum (these individuals were selected in a 
previous e\olution). Besides this. some recent 
contributions. like the paper of Srinivas and Patnaik 
( 1996). offer some new ways for a faster evolution 
process. In view of these facts. it is possible to think 
about real-time application. with a optimization 
strategy rapidly adapting to process changes. The 
model obtaincd can be useful to develop an observer 
to detect these changes. 

I n addition. our discreti/.ations will be refined. 
looking for a fennentation time of 120 hours. And. a 
thcnnal-energetic model of the industrial plant will 
be added. for studying a more general optimization 
probJcm. including control efforts and economical 
tenns . 
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