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ABSTRACT

In this paper, we study an extracellular process of a biochemical system such as batch ethanol
fermentation system by considering an unstructured kinetic model with four different well-
known models for the specific growth rate of the yeast cells. Then, we fit the unstructured mod-
els to the experimental data for determining the appropriate model that can capture the
dynamic behaviour of the batch ethanol fermentation experimental data. The fitting procedure
is proceeded by minimising a least-squared error between the model solutions and the experi-
mental data using a direct search[“flethod. Our simulations show that the unstructured rrgel
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with Aiba-type structured model for the specific growth rate of the yeast cell has the best
approximating ability to describe the dynamic of the batch ethanol fermentation data.

Introduction

Renewable energy has become an increasingly inter-
esting research topic in recent years. It plays an
important role in providing alternative energy sources
with a guarantee of sustainability. Bioethanol is one
the highly recommended energy sources, as it is a
renewable and environmentally friendly alternative
[1-4]. As one of the renewable and sustainable energy
sources, bioethanol has become a potential candidate
for replacing fossil fuels, which have greatly contrib-
uted to generating high levels of pollution. Along with
the development of bioethanol production, optimal
production processes and economic feasibility of the
ethanol industry are needed. Therefore, optimisation
studies through operating the variable design are a
common practice in the bioethanol industry, which
has an unfeasible complexity.

In studying the optimal production of ethanol, several
aspects are investigated, including the fermentation pro-
cess of the sugars to ethanol performed by yeast. This is
a key process in the bioethanol industry where generat-
ing a fermentation process with stable performance
becomes the biggest challenge for all researchers due to
the dependency of the system on the operating varia-
bles. Besides that, producing rapid fermentation also
becomes the main concern in the ethanol industry.
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Several mathematical models have been proposed

to investigate the optimal growth of the yeast cells
[5-15]. Among the models, the unstructured model is
the simple model proposed to describe the growth of
yeast cells. A suitable design for the operating param-
eters of the system can be identified when appropri-
ate models are applied to study the biochemical
system. The suitable models are quantified whether
they correctly reproduce the dynamic behaviour of
the biochemical system. More deeply, the model
should fit the experimental data generated from an
experimental process. In this research, several models
were investigated to find the best model that can cap-
ture the behaviour of the experimental data. Four
well-known unstructured models were considered to

dy our batch ethanol fermentation data. We
assumed that the yeast cells are entities in solution
which interact with the environment in a way that the
biomass is described only by its concentration. The
four studied models are Monod [15], Tiessier, Aiba [16]
and Tyagi [17] model type for the growth of the yeast
cells. Our goal was to carry out a comprehensive ana-
lysis of the four mathematical expressions for model-
ling our batch ethanol fermentation data. This study
also aims to understand the impact of some modelling
assumptions underlying the system and to provide
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Figure 1. Batch ethanol fermentation data using Saccharomyces cerevisiae over four days of observation.

estimation values for the unknown model param-
eter values.

Materials and methods
Batch ethanol fermentation data
Pretreatment and hydrolysis of the alga Spirogyra

The raw material used in the batch fermentation pro-
cess was the freshwater alga Spirogyra (carbohydrate
content 64%) collected from a pond located in
Makassar, Indonesia. The Spirogyra algae were identi-
fied under a light microscope (Olympus, Japan; object-
ive 20x, eye-piece 10x) with the help of authoritative
literature [18), then dried in an oven at 80°C for 24 h.
Following this, the biomass was crushed and sieved
through a 40-mesh size sieve. The dried algal biomass
was then hydrolysed by using alpha-amylase enzyme
(Novozyme, Denmark).

Fermentation process

e fermentation process was carried out under anaer-
obic conditions. Anaerobic conditions were ensured
using the Hungate technique, namely by injecting
nitrogen gas or hydrogen gas into the fermentor. The
fermentor was closed with a rubber stopper and then
the gas (nitrogen or hydrogen) was supplied for 2 min.
After that, the fermentation was carried out without
agitation, for a duration according to the study design.
After the period of incubation (0, 24, 48 or 72h), the
amount of Saccharomyces cerevisiae biomass, the pH,
the reducing sugar concentration and the ethanol
concentration were measured. S. cerevisiae was
obtained from Indonesian Culture Collection (InaCC),
Indonesian Institute of Science, with strain reference

number InaCC Y655. Fermentation conditions were
inoculum concentration 10% (ODgggnm = 0.5), tempera-
ture fermentation 30°C, fermentor volume 100mL
with 50mL space fermentor, pH 5, initial sugar con-
centration 10%.

Measurement of Saccharomyces cerevisiae biomass

S. cerevisiae cell biomass measurements were per-
formed using the dry cell weight (DCW) method. The
DCW was calculated by first centrifuging 50 mL of fer-
mentation medium at a speed of 9056 g for 10 min.
After centrifugation, the supernatant was removed by
gentle aspiration using a pipette. After that, the pellet
was washed by adding 0.1 mol/L phosphate buffer to
the cell pellet, which was centrifuged again at 9056 g
for 5min. The pellets were suspended in distilled
water and then aspirated using a pipette and trans-
ferred to filter paper with a pore size of 0.47 um,
which had previously been heated in an oven until a
constant weight was obtained (W,). Filter papers that
contained pellets were then dried in an oven at a
temperature of 80°C for 24h and weighed (W,). DCW
was calculated as the difference between the final
weight of the filter paper and the initial filter paper
weight (W,—W,), which was expressed as the DCW
(g/L).

Measurement of total reducing sugars

Total reducing sugar measure ts were performed
using the Luff-Schoorl method. Reducing sugars were
determined by the reaction of the water-soluble por-
tion of the sample with an excess of standard copper
sulphate in alkaline tartrate (Fehling’s solution) under
controlled conditions of time, temperature, reagent
concentration and composition. The reducing sugar




Table 1. Mathematical expressions for the specific growth
rate of the yeast cell (y).
Monod Tiessier Aiba
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Ghose and Tyagi
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concentration was estimated by the iodometric deter-
mination of the unreduced copper remaining after
the reaction.

Measurement of ethanol concentration

Measurement of the ethanol concentration was per-
formed using the specific gravity method and gas
chromatography method. The fermentation culture
was distilled before its specific gravity was measured
using a glass pycnometer at room temperature (30°C).
The specific gravity method was used to measure the
ethanol content based on the ratio of the density of a
substance (distilled fermentation culture) to the dens-
ity of a reference substance (distilled water). The spe-
cific gravity was then determined using a specific
gravity table from the Association of Official Analytical
Chemists and the ethanol percentage was calculated.
From these experimental procedures we obtained the
batch fermentation data depicted in Figure 1.

Kinetic model formulation

We formulated an unstructured model for the yeast
cell growth by taking into consideration the glucose
concentration, the biomass and the ethanol concentra-
tion as the system variables. Our model, in line with
the model formulated by Kasbawati et al. [14], did not
consider the acetate product. If X defines the concen-
tration of the yeast cells (in g/L) then the cell growth
rate can be modelled as follows:

0w 2)(-S)(1-%). o

where p defines the specific growth rate of the yeast
cell. The first bracket in Equation (1) represents the
logistic growth of the yeast cell with maximum dens-
ity Xc (in a population model we may call it a carrying
capacity [19]). The second and the third brackets in
Equation (1), respectively, represent the inhibition
effects of substrate glucose (G) and product ethanol
(E) where G. and E., respectively, define the measur-
able saturated concentrations of glucose and ethanol
with 0 < G(t) <G, and 0 <E(t) <E (see [14] for
detailed discussion about the measurable saturated
concentrations). For the specific growth rate p, there
are several kinds of mathematical expressions known
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by far that were applied for modelling the specific
growth rate of the yeast cells. Some of them are mod-
els that were formulated by Monod, Tiessier, Aiba and
Ghose & Tyagi [16-18]. Their models are given in
Table 1. The four models have different formulation
terms which were based on their own assumptions.

The mathematical models for the rate of substrate
consumption and the rate of product formation are
formulated using the definition of yield coefficients.
The yield factor describes the maximum possible yield
of yeast cells X and ethanol E with the given glucose
concentration G during the observation period. It is
mathematically expressed as

~dX(t)

Yors = ~ 4G’ (2)
_ dE(t)

Ypr"s = dG(t) (3]

where Y, ,; and Y, respectively, represent the yield
coefficients for biomass and ethanol. We assume that
there exists a specific uptake rate of substrate and
product for maintenance of the yeast cellular proc-
esses with the constant uptake rates my; and m; (in 1/
day). Then, by using Equations (1-3) we get the
dynamics of the substrate glucose and the product
ethanol as follows:

daG(t) 1 X(t) G(t) E(t)
T T “’“”(‘ 5 x—c) (1 G )(1 - s—c)

—mG(t), (4)
dE(t)  Ypss X(t) G(t) E(t)
% - m“’“”(“f)(“s—c) (‘ ‘s—c)

— myE(t). (5)

Therefore from Equations (1, 4, 5) we have a simul-
taneous differential equation that describes the
dynamics of a batch ethanol fermentation process as
follows:

20 = ix0 (-2 -5 -
da(t) X0, . G Et)
? =—Y1}IX(I}(‘| —Tc}(‘l —G—c)(] —E—c}—m]G(t}
(6)
dE X G E
E = (1320 -2 (1 -ED) - e

with ¥y =, YZ:%, the specific growth rate p given

in Table 1 and initial concentrations taken from the




4 (&) KASBAWATI ET AL.

—®— Glucose
—®— Biomass

DD

—®— Ethanol

13
|
[
2 |

Concentration (g/l)
&
N

0.;'J
sz

0 0.5 1 1.5 2

2.5 3 3.5 4

Fermentation time (day)

Figure 2. Extrapolated ethanol fermentation data with 50 data points.

experimental
E(0)=0g/L.

data X(0)=037g/L, G(0)=0.6g/L and

Estimation procedures

We used an estimation procedure to fit the unstruc-
tured el (Equation 6) to the batch ethanol fermen-
tation data presented in Figure 1. The data are fitted
using the unstructured models given in Equation (6)
and the equations presented in Table 1. Before the
estimation procedure, we extrapolate the data with 50
data points such that they are presented smoothly
(see Figure 2).

Solving the fitting problem is similar to solving an
estimation of kinetic parameters of the models. The
estimation problem involves an optimisation problem
whose solutions can be found numerically. To handle
the optimisation problem, we then formulate an
objective function that will be optimised. It is defined
as

min J(m, Xa, p) = min [ (t, ) = Xall, @)

where x,, defines a state vector which consists of the
solutions of model [6], x4 defines the experimental
data vector, and p is a vector of kinetic parameters
that will be estimated. The formulated objective func-
tion J simply represents the least square error of the

data and the model where ||. || is an Euclid norm. The
feasible region D for p is defined as
D={peR'p <p<p, (8)

where n is the number of estimated kinetic parame-
ters and py, p, are the lower and the upper bound
vectors of p, respectively.

Here, the optimisation problem (Equation 7) is
solved numerically usjpy a direct search method. One
of the well-known Qect search methods is the
Nelder-Mead simplex algorithm [20]; it was provided
in Mapab as a toolbox fminsearch function. This algo-
rithm uses a simplex of n+ 1 points for n-dimensional
vectors x. The algorithm first makes a simplex around
the initial guess xo by adding 5% of each component
xo(i) to xp, and using these n vectors as elements of
the simplex in addition to x,. The method is described
in detail in [20].

Results and discussion

First, we present the simulation results that describe
the fitting results. The four unstructured kinetic mod-
els are fitted to the experimental data by estimating
their kinetic parameters. Table 2 presents the estima-
tion results where nine kinetic parameters are esti-
mated for Monod and Tiessier models, ten kinetic
parameters are estimated for Aiba model and eight
kinetic parameters are estimated for the Ghose and
Tyagi kinetic model. We can observe that Monod and
Aiba models produce small errors with almost similar
error magnitudes. Among the four models, Aiba has
the smallest error compared with the other three
models with an objective function value around
0.0062. This result indicates that Aiba's type of specific
growth rate model is the best model that can be used
to imitate the studied fermentation data. This model
successfully captured the behaviour of the fermenta-
tion system.

We compared the experimental data and the model
solution for glucose concentration (Figure 3). We can
observe that the four glucose models give a good
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Table 2. Parameter estimation results for the four unstructured fermentation models.

Model parameters

G Ec ¥ Y3

My my mz Kg Kp

G gL (gL" (gL gg " (ag ™" @ d) gL Objective function value (J)
Maodel I: using Monod kinetic model

18.20 3252 178.6 1.81 61.29 7.46 1.74 0.0082 249 - 0.0063

Madel II: using Tiessier kinetic model

9.26 12.14 63.79 1.21 19.10 2.46 135 0.05 1.26 - 0.0064

Maodel lll: using Aiba kinetic model

83.24 51.96 12.43 5.82 34.23 4.20 1.6 0.012 1294 0.23 0.0062

Model IV: using Ghose and Tyagi kinetic model

369 2.54 51.66 0.65 84.48 14.86 1.39 0.21 = - 0.0069

*+ Experimental Data
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Figure 3. Comparison between experimental data and the model solution for glucose concentration.

3 T
+ Experimental Data
=25 —&— Monod Model
H_Q = I D V'™ - o utudiid nieieiid Ml diiiill { [ Tiessier Model
g === Aiba Model
5 2 Tyagi Model
€
@
215
o
O
2 1
@
0.5' o
0
0 0.5 1 1.5 2 2.5 3 35 4

Fermentation time (day)

Figure 4. Comparison between experimental data and the model solution for biomass concentration.

approximation and have captured the experimental
data correctly. The unstructured glucose models for-
mulated using Monod, Tiessier and Aiba models have
solutions that coincide each other. Conversely, the
solution of the Tyagi model for glucose is not so close
to the data. However, this model is also successful in
capturing the trend of the glucose data.

The graphs of the comparison of the biomass con-
centration data with the unstructured model solutions
show that the solutions of the models present a

similar behaviour in which they have successfully cap-
tured the dynamics of the yeast cell growth with small
errors (Figure 4). Different simulation results are found
at the comparison of the ethanol data with ethanol
model solutions. In Figure 5, almost all models are not
exactly in line with the data. However, the errors of
each model can still be tolerated since they can cap-
ture the behaviour of the ethanol data except for
Tyagi's model, which is really different at the end of
the fermentation time (see the solid blue line at




6 (&) KASBAWATI ET AL

0.35 T

0.3

+ Experimental Data
—&— Monod Model

----- Tiessier Model
=== Aiba Model
Tyagi Model

Ethanol Concentration (g/l)

1 1.5 2 25
Fermentation time (day)

Figure 5. Comparison between experimental data and the model s

Figure 5). Tyagi's model failed to imitate the character-
istics of the ethanol data after 1.5 days (36 h) of obser-
vation. This is probably due to the growth inhibition
by the product that influences the solution of Tyagi's
model. This effect was also observed by Kostov et al.
[21] where Tyagi's model was not suited to their yeast
cell data, which may also be influenced by product
inhibition. This observation illustrates that some math-
ematical models are successfully used in approximat-
ing experimental data but others are not. For instance,
the cell growth model formulated by Monod success-
fully described the experimental data in this study as
well as the experimental data reviewed by Kostov
et al. [21]. On the other hand, Aiba's growth model
successfully approached our experimental data,
whereas in Kostov et al. [21], it was only able to follow
the trend of their experimental data. These results
indicate that generating a mathematical model for the
ethanol fermentation system should adopt the specific
conditions of the system, such as any inhibition effects
and limiting growth rate of the yeast cells. Therefore,
the ability of Aiba’s growth model in approximating
the dynamics of our batch ethanol fermentation data
allows us to study further the optimal design of the
operating parameters for control of the batch fermen-
tation system such that maximal ethanol concentra-
tion can be produced. The operating paramepsrs can
be refer to the initial concentration of glucose and the
length of the fermentation time. These will be subject
to the future research.

Conclusions

We generated four unstructured kinetic models for a
fermentation system with different specific growth
rates of the yeast cells. Four specific growth rate mod-
els, Monod model, Tiessier model, Aiba model and

3 35 4
olution for ethanol concentration.

Tyagi model, were fitted to the batch fermentation
experimental data. The four models are well-known
models in studying the growth of yeast cells in a fer-
mentation system. Using an optimisation procedure,
we estimated the kinetic parameters of the model and
we found that among the four models, the Aiba
model was the best model in approximating the
dynamic behaviour of the experimental data for glu-
cose, biomass and ethanol concentration. These results
provided the basis for more comprehensive studies for
optimisation of the production of ethanol as the main
product in the fermentation process. This study also
provided the estimation values for tlym set of kinetic
parameters of the batch fermentation system.
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