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Abstract

The optimisation of ethanol production during fed-batch fermentation by
Saccharomyces cerevisiae under uncertain conditions was achieved using Artificial
Neural Networks (ANN) for parameter estimation and robust optimisation. While
yeast has been extensively studied, there is no universally accepted kinetic model
to describe ethanol formation during fermentation. In this work a novel simplified
model for ethanol production and sugar consumption was developed, indicating
that ethanol toxicity was the primary limiting factor determining the final
concentration of ethanol.

Online density measurements were used, along with existing correlations related
to the relationship between the change in density over a batch and the ethanol
and sugar concentrations in the liquid. The equations were adapted to work with
fed-batch mode fermentations and were demonstrated to provide an estimate
with an average error of 7.23 g/L compared with HPLC measurements.

The fermentation data was modelled analytically, and a new model was developed
to predict the total sugar consumed during the fed-batch fermentation. Parameter
estimation was performed using ANN to predict the value of Pmax during the
fermentation, and the maximum ethanol concentration was predicted with an R?
of 0.91 over the dataset.

The developed models were then used to optimise the process. It was found that
additional water could be added to obtain the maximum quantity of ethanol from
a fermentation, optimising ethanol production. The volume of diluting water can
easily be determined for cases where the value of the ethanol toxicity (Pmax) is
known. However, the ANN estimation was used in cases where Pmax is unknown.
Due to the uncertainty of the estimate, a robust optimisation framework was used

III

to prevent an “optimal” solution that was sub-optimal for the actual Pmax value,
where the parameter's upper bound was specified. The volume addition
determined using the robust optimisation method was within 10% of the optimal

volume calculated offline and could increase the sugar conversion to near 100%.
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Chapter 1: Introduction

1) Introduction

1.1 Introduction

Ethanol production by Saccharomyces cerevisiae is one of the oldest known
biochemical processes, with evidence of this process being used in beverage
production dating back several thousand years (McGovern et al., 2005). Modern
use of S. cerevisiae to produce ethanol can be split into two main application
areas: biofuel and beverage production. In South Africa, fuel ethanol is not
currently produced, with limited ethanol production for the beverage, paint, and
pharmaceutical industries (Kohler, 2016). However, the country has the potential
to produce approximately 274 000 tonnes of bioethanol should surplus sugar from
cane production be used to produce fuel (Cartwright, 2007).

The process used to produce ethanol for fuels depends on the feedstock, with the
primary feedstock used being corn in the United States of America and sugar cane
in Brazil. Ethanol produced from sugar cane feedstock is fermented by yeast in a
fed-batch process to 7-9% alcohol by volume (abv) followed by distillation to
concentrate the alcohol to greater than 96% purity. The fed-batch process
increases yeast cell concentrations during fermentation and reduces
contamination (Lucio & Fermentec, 2008). However, high gravity and very high
gravity fermentations where greater sugar concentrations of up to 250 g/L and
greater than 250 g/L, respectively, increase the final ethanol concentration and
could potentially reduce the costs associated with the process by reducing the
energy requirements during distillation and reducing water usage. High gravity
fermentations, however, place extra stresses on the yeast cells that can affect
ethanol production (Gomes et al., 2021). In addition, molasses and cane juice, the
primary feedstocks for ethanol production, can vary significantly in terms of the
available nutrients and other constituents that can affect the yeast cells
(Palmonari et al.,, 2020). These effects can result in high residual sugar

concentrations at the end of the fermentation of up to 60 g/L (Joannis-Cassan et
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al., 2014), which in a 300 m3 fermenter would mean that 18 tonnes of sugar would
be unfermented at the end of the fermentation. This residual sugar equates to
over 11 kL of ethanol that could have been produced during the fermentation. The
effect of nutrient variability and yeast vitality on ethanol toxicity means that it can
be difficult to predict the residual sugars present after a high gravity fermentation.
A barrier to the optimisation of ethanol production is the uncertainty in the
measurement and modelling of the process. Measurement of key variables is not
feasible in many instances due to the cost or complexity of sensors. Other
important variables, such as the nutritional requirements and their effect on the
process, are poorly understood. Hence, an optimal solution, based on these
uncertain parameters, may be unfeasible or suboptimal.

To address the uncertainty of the parameters and to prevent sub-optimal
solutions from being implemented, a Robust Optimisation framework is used to
determine the solution that is viable for all potential values of the uncertain

parameter.
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1.2 Problem statement

High gravity fermentations may be used to increase ethanol production during
fermentation. In practice, the kinetics are unknown or uncertain and can only be

determined from fermentation data during the fermentation process.

1.3 Research Objectives

To increase the amount of ethanol produced during fermentation by

manipulating the feed during fed-batch fermentation.

To achieve this objective, the following sub-objectives must be achieved.

1) A method to monitor the sugar and ethanol concentration in real-time
during the fermentation must be developed.

2) The development of a method to determine the fermentation kinetics of
the yeast during the fermentation.

3) Development of a robust optimisation strategy that can increase the
amount of ethanol produced and reduce the residual sugar

concentration.
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1.4 Structure of the thesis

This thesis is divided into nine chapters.

Chapter 2 Bioethanol production. This chapter reviews the literature related
to bioethanol production and looks into the modelling of ethanol

fermentations.

Chapter 3 Dynamic optimisation of ethanol yield. This chapter reviews the
literature related to optimising ethanol production during fermentation,

including aspects of modelling, soft sensors and parameter estimation.

Chapter 4: Data collection from fermentations. This chapter describes the

experimental apparatus and the experiments performed to collect data.

Chapter 5: Online monitoring of ethanol concentration during fed-batch
fermentations. This chapter details the development of a method that allows
for the online measurement of the ethanol concentration during fed-batch
ethanol fermentation. The online estimates are compared to offline
measurements made using high-performance liquid chromatography to

demonstrate the effectiveness of the online soft sensor.

Chapter 6: Modelling of fed-batch fermentations. This chapter uses the
experimental data to develop an analytical model for the system, indicating
the variables most affecting the ethanol yield. The data is also used to develop
a predictive model using artificial neural networks for parameter estimation.
The Neural network, trained on the experimental dataset, is then tested
against data produced from simulations that use the developed analytical

model.
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Chapter 7: Robust optimisation of ethanol yield. This chapter examines
optimisation strategies that could be implemented and demonstrates the
effectiveness of these strategies. Limiting the amount of substrate feed was
shown to be an effective optimisation strategy, but it limits the amount of
ethanol produced. Adding dilution water was an effective strategy for

increasing the total amount of ethanol produced.

Chapter 8: Conclusion. This chapter summarises the findings of the research

and provides recommendations for further work.

Appendices. Selected experimental data and MATLAB code relating to the

research are presented.
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1.5

Novelty of Research

This research covers several novel areas.

1)

2)

3)

Online monitoring of ethanol and sugar concentrations during fed-batch
fermentations using density measurements. Density measurements have
been used for over 150 years to estimate the ethanol concentration during
fermentations by Saccharomyces cerevisiae. This research developed a
method to use these empirical relationships for fed-batch reactions by
adjusting the original extract as feed is added to the fermentation.

The research proposes a novel model for sugar consumption during fed-
batch fermentations. There is little research on anaerobic fermentations,
and most research proposes using Monod-type kinetics, which is
inappropriate for the reaction as there is little cell growth. The kinetics
developed in this research are based on the limitation caused by product
inhibition. It allows for calculating the total amount of sugar consumed and
the total amount of ethanol produced. By analysing the model, an
optimisation strategy was developed where water was added to dilute the
ethanol and reduce the inhibition, thus allowing the fermentation to
consume more sugar and produce more ethanol overall without reducing
the ethanol concentration significantly.

The application of robust optimisation to fed-batch fermentations using
artificial neural networks to estimate unknown parameters. As it can be
assumed that the maximum theoretical ethanol concentration is unknown
at the start of the fermentation, a method was developed to use the
measurements taken during the fermentation to estimate the final ethanol
concentration based on historical data. The dataset used to train the
network was relatively small, consisting of only ten fermentations, and
shown to be effective for conditions not included in the dataset. As the

prediction was uncertain, Robust optimisation was used to prevent the
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uncertainty of the estimation from causing an overestimation of the

dilution water required.
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2) Bioethanol production

2.1 Production of fuel ethanol by fermentation

2.1.1 Industrial Importance

Global ethanol production is over 100 million litres per vyear
(Hoang & Nghiem, 2021), with production primarily located in Brazil and the USA
(Parapouli et al., 2020). The feedstocks for production vary by region, with 60%
produced using corn as a feedstock, 25% from sugarcane and the remainder from
other sugar sources such as wheat and sugar beets (Hoang & Nghiem, 2021). The
profit that can be generated is the limiting factor to the potential production of
bioethanol. With the competition of fuel vs food and other constraints, maximising
ethanol production from the available feedstock is of great importance, as well as
the reduction of waste streams. As technologies develop, the need for biofuels
may diminish as battery-powered vehicles and hydrogen storage become more
widely available. However, ethanol produced through fermentation of sustainable
sources such as cellulose can replace fossil based feedstocks, such as polyethylene,
where ethanol derived from petroleum products is the primary source
(Morschbacker, 2009) (Dagle et al., 2020). Sustainably produced ethanol can also
form part of a biorefinery concept where multiple high value products are
produced. Hydrogen, which is a promising future energy source could also be
produced sustainably using ethanol (Rass-Hansen et al., 2007).

Globally, the feedstocks and technologies used vary by region, with ethanol
production in the USA mainly using corn as a feedstock. In Brazil, sugarcane is used

as a feedstock, and sugar beet is the primary feedstock for fermentation in Europe.

2.1.2 Ethanol Production in the USA
As of 2021, the USA accounts for more than half of the fuel ethanol produced

worldwide (Renewable Fuels Association, n.d.). Nearly all ethanol production in
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the USA is derived from start feedstocks, specifically corn (Hoang & Nghiem,
2021). When a starch feedstock is used, additional processing is required as the
sugars are in a form that cannot be metabolised by yeast, and yeast does not
produce the enzymes to hydrolyse the starch molecules into fermentable sugars
such as glucose. Several approaches can be used for this purpose. A dry milling
process grinds the corn prior to a stage in which hot water is added to make the
starch soluble. Enzymes are then added to hydrolyse the starch molecules into
fermentable sugars. In a wet milling process, the corn is steeped in water before
grinding, allowing for components such as gluten, corn oil, and corn germ to be
removed prior to solubilisation and enzymatic hydrolysis of the starch. 91.1% of
ethanol production in the USA is produced using a dry milling process, as it has
lower capital costs, higher ethanol yields and energy savings compared to wet
milling (J. Li et al., 2022).

An essential factor in the fermentation is the Free Amino Nitrogen (FAN) available
for the yeast during fermentation. FAN is mostly consumed by the yeast in the first
24 hours of fermentation during the growth phase, with no consumption during
the later stages of fermentation (Arifeen et al., 2009). While the FAN content of
the fermentation can be increased by using protease enzymes to break down
proteins in the feedstock, this can also be supplemented by adding yeast extract,
ammonium salts, urea or spent yeast to increase the ethanol yield (Perez-Carrillo
et al., 2012).

After fermentation, the fermentation product contains approximately 15%
ethanol and is distilled and processed to anhydrous ethanol. An additional product
from the distillation bottoms is the distillers’ spent grains, which are dried and sold

as animal feed (Hoang & Nghiem, 2021).

2.1.3 Ethanol Production in Brazil
Brazil is the world's second-largest fuel ethanol producer, producing 27% of the
world's ethanol in 2021 (Renewable Fuels Association, n.d.). There are 360 1°

generation ethanol plants in Brazil with a nameplate capacity of 42.8 billion.
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However, only 67% of that capacity is used (Hoang & Nghiem, 2021). Brazil is
unique among the leading ethanol producers in that the primary feedstock for
ethanol production is sugarcane, with 70-80% of distilleries using fed-batch
fermentation (Ccopa Rivera et al., 2017). The fed-batch fermentation mode allows
for 99.5% of the cells to be separated and reused in subsequent fermentations.
The fed-batch mode of operation allows for high cell densities and short
fermentations that last approximately 6-11 hours. The limitation of the technology
is that the fermentation is limited to approximately 200 g/L TSAI (Total Sugars As
Invert, where sucrose is equivalent to 0.95 of the fructose and glucose formed),
and higher sugar concentrations can result in stuck fermentations where not all

sucrose is converted to ethanol.

2.1.4 Potential for fuel ethanol production in South Africa

Production of Bioethanol in the Southern African region remains low despite the
mandated blending requirements in many countries in the region, as well as large-
scale sugarcane farming in the area. However, the cost of ethanol production from
sugarcane remains very high, with the cost of ethanol being over $100/bbl (Kohler,
2016). Most of this cost comprises the feedstock, which contributes approximately
$67/bbl. Newer technologies such as 2" and 3™ generation feedstocks have
shown promise but are not yet commercially viable due to technological
challenges. 2" generation feedstocks are those that use lignocellulosic feedstocks
(woody biomass). While these feedstocks are available in abundance, they are not
yet viable options economically and in terms of sustainability criteria due to the
expensive and energy-intensive processes required in the pre-treatment
hydrolysis processes. The hydrolysis process for 2"¢ generation feedstocks is
complex as the fermentable sugars are polymerised as cellulose fibres and bound
in a matrix strengthened by lignin. Hence, the matrix must first be weakened using
various technologies, such as steam explosion, prior to either acid or enzymatic
hydrolysis of the cellulose. 3" Generation feedstocks, composed of microalgae,

hold great promise to fulfil the energy needs of countries. For example, South

10
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Africa could require only 1% coverage with microalgae cultivation for its energy
needs, compared to 6% cultivation with sugarcane (Correa et al., 2019).

As technologies for the production of 2" and 3"-generation biofuels are not yet
feasible, using 1%-generation feedstocks remains the proven technology to
produce biofuels. Due to the cost of feedstock and area required for cultivation,
the yield of bioethanol from the feedstock is vitally important, as well as the
concentration attainable to reduce capital costs with fed-batch systems reporting
a yield of up to 96.8% and an ethanol concentration by fermentation of first
generation feedstocks (Ayodele et al., 2020). While research into 2" and 37-
generation feedstocks is ongoing, producing ethanol from these feedstocks is not
economical due to expensive pre-treatment and low ethanol concentration
achieved from these fermentations with 2"%-generation feedstocks (Tesfaw &
Assefa, 2014).

South Africa can potentially produce a large quantity of ethanol using sugarcane
as a feedstock. It is estimated that to produce 2% of the petroleum consumed by
the country in 2013 would require less than 10% of the area planted with
sugarcane to provide the feedstock (Kohler, 2016). There are, however, several
problems that the country needs to solve for the production of biofuels to be
widely adopted, chiefly the uncertainty with which governmental goals regarding
biofuel targets need to be treated due to the repeated failures of government
programs, for example, aiming to introduce mandatory blending of bio-ethanol

which was mandated to commence in 2015 (Arndt et al., 2019)

11
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2.2 Modelling of the production of ethanol by Saccharomyces

cerevisiae in fed-batch fermentation

2.2.1 Mode of fermentation

Fermentations can be operated in 3 modes: continuous, batch and fed-batch (Rani
& Rao, 1999), as shown in Figure 2.1. Batch fermentations are the simplest,
whereby all substrate is available at the start of the fermentation. Generally, the
fermentation will go through stages of growth, with a lag phase while the
microorganism adapts to the medium, exponential growth occurring when the
substrate is plentiful, a stationary phase once the substrate level has been
depleted, and death once the cells can no longer sustain themselves (Schuler &
Kargi, 2002). Continuous fermentations are fermentations where new medium is
constantly added to the fermenter, and effluent is constantly removed. Due to the
time that continuous fermenters are operational, sterilisation can become an
issue if the fermenter becomes infected by foreign microorganisms. Fed-batch
fermentations allow for batch type fermentation, where the conditions during

each cycle can be carefully controlled. However, the addition of medium during

OO OO OO ™

Batch Fed-Batch Continuous

Figure 2.1: Batch, Fed-batch and continuous modes of operation
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fermentation allows for greater control of the fermentation conditions than would
otherwise be possible during fermentation (Rani & Rao, 1999). Fed-batch
fermentations can be further divided into single-cycle fed-batch, where fresh
substrate and micro-organisms are added to each cycle, and repeated cycle fed-
batch processes, where a small amount of the final product at the end of one batch
containing viable micro-organisms is reused as the starter culture for the next
batch (Modak & Lim, 1992).

The main benefit of operating a fermentation in batch mode is the lower costs
associated with the process (Tse & Wiens, 2021). Continuous fermentations can
reduce downtime and cleaning costs, while fed-batch fermentations can maintain
a higher viable cell concentration due to the ability to control variables such as pH
and nutrients (Zabed et al., 2014).

For ethanol production, fermentation mode depends largely on the feedstock,
with those producing ethanol from corn feedstock, such as those in the USA,
primarily operating as batch fermenters (Bothast & Schlicher, 2005). Bioethanol
fermentations that use sugar cane feedstock, such as those in Brazil, are mainly
operated as fed-batch fermentations (De Oliva-Neto et al., 2013).

A method for obtaining higher ethanol concentrations is to use very high gravity
fermentations, where the sugar concentration exceeds 180 g/L (Bai et al., 2008).
Higher sugar concentrations lead to yeast cell stress due to nutrient limitations,
osmotic stress and higher ethanol concentrations (Puligundla et al., 2011).

From an analytical perspective, modelling and optimisation of fed-batch
fermentations is challenging. Fed-batch fermentations are differentiated from
either batch or continuous fermentations in that the volume of the medium
changes during the fermentation. The changing volume and dynamics of the
system create challenges for the control and optimisation of the system as
variables such as product concentration can be challenging to measure online, and

the model often contains many time-varying parameters (Rani & Rao, 1999).
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2.3 Modelling of the production of ethanol by Saccharomyces

cerevisiae in fed-batch fermentation

2.3.1 Growth, substrate utilisation and product formation

The growth and product formation of Saccharomyces cerevisiae has been widely
studied, and it is one of the most industrially important organisms (Parapouli et
al., 2020). Modelling biological processes can be complex as several simultaneous
pathways can occur during the metabolism of a substrate, as well as mass transfer
of the substrate from the bulk liquid into the cells and product from the cell into
the bulk liquid. In addition, the result is the totality of the effect of billions of cells
simultaneously performing a wide variety of anabolic and catabolic reactions. For
this reason, unstructured global models are most often used in the modelling and
control of bioprocesses (Shugerl & Bellgardt, 2000). Unstructured models do not
differentiate between different types of biomass, as all of the components are
combined into a single term, X.

Unstructured global models are often used to describe the change in the growth
rate with changing substrate concentration under circumstances where the
growth is substrate limited. Many forms of growth kinetics are derived from
Monod kinetics (Oliveira et al., 2017), shown in Equation 2.1, where X is the dry
biomass, umax is the maximum specific growth rate, ks is the half velocity constant,
and S is the substrate concentration.

Monod kinetics describes a growth rate approximated by a first-order function of
the substrate concentration at low concentrations and saturates to a maximum
growth rate at high substrate concentrations. Hence, substrate limitations only
become significant at lower substrate concentrations. This effect resembles
Michaelis-Menten kinetics as the growth rate is affected dramatically by the
substrate concentration at low values but reaches a maximum at higher substrate
concentrations, beyond which increasing the substrate concentration further does

not increase the growth rate (Monod, 1949). Monod kinetics assumes that other
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nutrients and reactants, such as oxygen and nitrogen-containing molecules, are in

excess and thus have little effect on the growth rate.

1dX _ HmaxS

2= 2.1
Xdt k. +S

The overall metabolic process followed can generally be divided into Crabtree-
positive and Crabtree-negative yeasts. Crabtree-positive yeasts produce the
majority of adenosine triphosphate (ATP), the energy-carrying molecule for the
cell, through the fermentative pathway shown in Figure 2.2, even in the presence
of Oxygen. Crabtree-negative yeasts produce ATP through oxidative respiration,
which does not produce ethanol (Hajar et al., 2017). In Crabtree-positive yeasts,
once the sugars have been depleted in the medium, the ethanol produced during

fermentation is oxidised by the cell to produce ATP, known as diauxic shift.

Glucose

Ethanol

~
Cytoplasm \ \

NADH Glucose -6-P \
Acetaldehyde \ veast cell
east ce
PGl ATP \membrane
Fructose -6-P ADP \
Pyruvate
Fructose -1,6-di-P \
FBPA l
DP p. Enolpyruvate
Dihydroxyacetone -P- ’
\ 2-P- Glycerate /
Glyceraldehyde-3-P
PGK
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\ 3-P-Glycerate
~

Figure 2.2: Metabolic pathway for the anaerobic formation of ethanol by
Saccharomyces cerevisiae adapted from (Bai et al., 2008)
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Saccharomyces cerevisiae is used in many industrial processes. However, the
major products are yeast itself, in the case of biomass formation for the
production of yeast for (among other uses) the baking industry, and ethanol
production through alcoholic fermentation (Parapouli et al., 2020). In the case of
alcohol fermentation, the formation of biomass is not the primary product, and
many different reactions are performed in ethanol production, as shown in
Equations 2.2-2.12 (Roels, 1981; Starzak et al., 1994). Equations 2.2to 2.12
represent some of the important reactions involved in the fermentation of sucrose
by Saccharomyces cerevisiae, where ‘H,’ represents nicotinamide adenine
dinucleotide (NADH) + H* as the reducing equivalents in the catabolic processes
that form ATP. For clarity, some species involved in the reactions, such as ADP,
inorganic phosphate and water involved in the phosphorylations and
dephosphorylations, have been omitted. Equation 2.2 shows the anabolic
metabolism of sucrose to form biomass. Energy is released from the ATP molecule
when the phosphate group is removed. These processes are cyclical, and neither
ATP nor NADH is consumed in the reaction. Hence, both can essentially be

eliminated from the stoichiometry for practical purposes.

1.O9SCH11/6011/12 + 0.15NH; + 0.051ATP -

CH; 1005,Ng 15 + 0.13'H," + 0.095C0, + 0.294H,0 2.2

Equation 2.3 describes the anabolic formation of biomass from ethanol. As ethanol
is an energy-rich, carbon-containing molecule, the yeast can metabolise the
molecule to produce energy and biomass, although this process is less energy

efficient than using sucrose or another sugar as a substrate.

1.285CH;0, 5 + 0.15NH; + 1.588ATP —
CH; 10052Ng 15 + 0.795'H," + 0.285C0, 2.3
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Equations 2.4, 2.5, 2.6, 2.7, and 2.8 represent the anaerobic fermentation of
sucrose to form ethanol, glycerol, acetaldehyde, acetic acid and butanediol,

respectively.

1.095CH11) O11/, + 0.125H,0 = CH;005 + 0.5 CO, + 0.5ATP 2.4

15CH11) O11y  +0.125H,0 > CH,0 +0.5C0, + 05ATP + 'Hy' 2.7

15CH11) O11) +0.125H,0 = CHy 5005 + 0.5C0, + 0.5ATP + 0.5'H,' 2.8

Equations 2.9 and 2.10 show the catabolic reactions in the oxidation of sucrose

and ethanol, respectively.
13 2 1y
CHuiy 011y +°/15Hy0 - CO, + /3 ATP + 2'H, 2.9

CH;0, < + 0.5ATP + 1.5H,0 — CO, + 2'H,’ 2.10

Equation 2.11 shows the oxidative phosphorylation of the reducing equivalents to
ATP, produced during the initial redox reactions, which can be used as an energy

source for other processes within the cell.

0.50, + 'H,' - H,0 + dATP 2.11
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Equation 2.12 shows the Polymerisation of Biomass precursors, consuming ATP

for the anabolic process.

CH, ¢10y 52Ny 15 + KATP —» Biomass + 3'H,’ 2.12

While the substrate and nutrients involved in these reactions are essential in terms
of the kinetics of the reactions, several other factors can also affect the rate of
these reactions. Effects such as substrate inhibition (Mulchandani & Luong, 1989)
and carbon dioxide effects (Jones & Greenfield, 1982) have been shown to
decrease the rate of both biomass formation and the rate of ethanol production.
The mechanisms of inhibition vary. Substrate inhibition occurs due to high
substrate concentration, causing an increase in the osmotic pressure and thus
adversely affecting the cell. High product concentration causes competitive
inhibition of enzyme activity where the product (ethanol) binds to metabolic
enzymes, thus preventing the enzymes from binding with the substrate and
preventing the reaction (Mulchandani & Luong, 1989). High carbon dioxide
concentrations affect the cell membrane and various metabolic processes (Jones

& Greenfield, 1982).

2.2.2 Kinetics of growth, substrate utilisation and product formation
by Saccharomyces cerevisiae

While there are many approaches that have been investigated, macroscopic
approaches offer the benefits of integrating elemental balances and kinetics in the
formulation of the model but individual reactions inside the cell do not need to be
calculated (Roels, 1981). The model, however, must be chosen to include all
relevant components. An example is the model developed from experimental data
for the fermentation of sucrose by Saccharomyces cerevisiae at 30°C (Starzak et

al., 1994). The model includes Monod type substrate limitation without substrate
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inhibition, exponential product inhibition, and Herbert’s concept of endogenous

metabolism. The relevant constants are shown in Table 2.2.

(rx)growth = ﬁEXp(ksp) 2.13

() endogenous = —KeX 2.14
e = (1) growen + () ena 2.15
s = —ks (1) growtn 2.16

p = k4(7’x)growth 2.17

Ty = —koly 2.18

ro 1+ k,H + kgH?
pH B 1+k7H0_k8H0_2

2.19

Where P is the product concentration, ry is the biomass formation rate, rs is the
substrate utilisation rate, rpis the rate of product formation, ry is the rate of proton
formation, and F is a factor to account for variations in pH. This model does not
account for any variation in the temperature. However, others have used
Arrhenius-type equations to account for kinetic variations due to temperature
changes. An additional energy balance over the system would be required to
account for the effect of cooling due to feed addition and heating due to the

exothermic reactions occurring (Dai et al., 2014).
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Table 2.1: Constants for the macroscopic model from (Starzak et al., 1994). Values
valid for time in hours, X, S and P in g/dm3 and H in mol/ dm?3

Table 2.2: Constants for the macroscopic model of Starzak et al. ( 1994)

constant value
k1 0.3289
ko 0.9645
ks 12.93
ka 5.705
ks 0.0453
ke 0.0288
k7 10830
ks 6x1012
ko 0.023

In practice, simple unstructured models that describe the yeast's growth,
substrate consumption and product formation are adequate to describe systems
for many applications. However, the models may not adequately describe the
transition between zero-order growth kinetics and substate limited growth that
can occur in fed-batch fermentations (Esener et al., 1983).

Several unstructured models have been developed for yeast growth to account for
various limiting and inhibitory effects such as substrate limitation, product
inhibition and limitations due to cell concentration. Modifications to the Monod
Model include the Contois equation, given in Equation 2.20, which allows for mass
transfer limitations related to the cell concentration (Contois, 1959). This
modification is appropriate for modelling the growth at high cell concentrations,
while the Monod model is more suitable at lower cell concentrations(Oliveira et

al., 2017).
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_ PmaxS

— Lmax> 2.20
W= Xk, +5

Where p is the specific growth rate of the yeast.

Further modifications can be made to the Monod Model such as the Andrews
Equation which accounts for decreases in the growth rate caused by substrate
inhibition shown in Equation 2.21 (Andrews, 1968). As the concentration of
reducing sugars increases various factors such as reactions with components of
the cell, formation of complexes with the enzyme or other participants of the
reaction, modification of the properties of the conditions of the fermentation
medium and interference with control functions of the cell (Edwards, 1970), can

reduce the rate at which the biochemical reaction occurs.

.umaxS

- 221
b k. + S+ 52/K,

Where K is the inhibition constant.

Many other forms of kinetics have been derived to describe substrate inhibition,
but these are not used as frequently (Oliveira et al., 2017).

The other type of inhibition that must be considered is product inhibition, as the
increase in ethanol concentration during fermentation will reach a point at which
the product, ethanol, becomes toxic to the cells and prevents further
fermentation.

Ghose & Tyagi (Ghose & Tyagi, 1979) developed kinetics for yeast that includes
both substrate and product inhibition. The kinetics of product inhibition are shown
in Equation 2.22 for the specific rate biomass formation and Equation 2.23 for the
specific rate of ethanol production. As the ethanol concentration approached the
maximum ethanol concentration (Pm and P’ for growth and product formation

respectively) the rate slowed to zero. For the yeast used, Saccharomyces
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cerevisiae NRRL-Y-I32, using consistent nutritional medium and bagasse
hydrolysate as a source of reducing sugars, the concentration of ethanol beyond
which growth could not occur (Pm) was found to be 87 g/L, and the concentration

beyond which product formation could not occur was found to be 114 g/L.

p
Lo 2.22
.Uo Pm

p
A 2.23
170 Pm

Where Lo is the expected specific rate of biomass growth without inhibition vq is
the expected specific rate of product formation without inhibition, v is the specific

rate of product formation.

To include the effect of substrate inhibition Equation 2.24 and 2.25 were

developed (Ghose & Tyagi, 1979).

u P S
-—=<1—FJ—————§7 2.24
Ho

"S+K A pg
it <1 P) S 2.25
Sy . _ _
Yo Bl s v k)45

K

Where w and w’ are variables representing the magnitude of the interference of
binding of the substrate on the enzyme for the biomass and product formation

respectively, and Ks’ is the substrate constant for the production of biomass.

Ghose & Tyagi (1979) found the values for w and w’ were found to be 427.5 and
455.0 for biomass formation and product formation respectively, but note that the
inhibitory effect of the substrate is due to the presence of sugars such as xylose
and cellobiose in the hydrolysate and that the use of glucose in the feed would

have a value of w above 1000 indicating a “small inhibitory effect”.
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Levenspiel (1980) provides a generalised nonlinear inhibition term including
Monod kinetics for substrate limitation. Equation 2.26 shows that at low ethanol
concentrations, the fermentation rate will be unaffected, with the inhibition
caused by the ethanol increasing until the maximum ethanol concentration (Pn) is
reached. As the ethanol concentration approaches Pmax the growth rate
approaches zero. The toxic power (n) determines the inhibitory effect's strength.
If n>1, the effect of the inhibition is more significant at higher concentrations. If
n<1, the effect is greater at lower concentrations; if n=1, the effect is evenly

distributed.

2.26

_ HmaxS < P )”
1 1

T ks+S\ B,
Where P, is the maximum ethanol concentration that the yeast can tolerate, and

n is the toxic power.

Luong (1985) extended this model, proposing a slightly different form, shown in
Equation 2.27 and Equation 2.28 for the effect on the kinetics of biomass

formation, and product formation respectively.

1 P\"

—=1—<—) 2.27
Ho Pm

v =1 <P)n 2.28
Vo P, '

While the kinetics related to the formation of biomass and ethanol are often
linked, it has also been noted that the kinetics of product formation continue even
once growth of new cells has ceased (Aiba et al., 1968) hence Equation 2.24 will

be true for cases where there is limited cell growth.
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The effect of temperature on the growth rate can be estimated using a modified
form of the Ratkowski equation (Zwietering et al., 1991). The relationship given in
Equation 2.29 is better suited for predicting the temperature relationship for

microbial kinetics than the Arrhenius law (Ali et al., 2011).

iy = [a* (T —6;) * (1 — eP(T-62)}] 2.29

Where a, b, 61 and 8; are empirical constants.

Many other variables can be considered when modelling microbial growth, such
as pH, carbon dioxide concentration (Chang et al., 2018) (Jones & Greenfield,
1982) and nutrient concentration (Button, 1978). A plateau characterises the
effect of pH on the growth kinetics to a maximum where the growth kinetics are
not affected over an optimal range. However, outside the optimal range, growth
kinetics are severely affected (Starzak et al., 1994). Carbon dioxide effects are
caused by inhibiting enzyme activity and disruption of membrane function CO;
partial pressures above 0.5 MPa (Thibault et al., 1987).

Nutrient effects on yeast growth kinetics are more challenging to quantify as the
yeast requires an extensive range of nutrients to function optimally, with
nutritional limitations found to be the main reason yeasts cannot tolerate high
ethanol concentrations (Casey et al., 1984). Nutrients that may cause limitations
include magnesium, nitrogen, lipids, and lipid-protein complexes (Dombek &
Ingram, 1986). These limitations are difficult to model. However, nutrient sources
that contain a wide variety of materials and vitamins, such as yeast extract and
rice bran, have been found to achieve higher ethanol concentrations during
fermentation but are expensive and can contribute a large part of the cost of some

fermentations (Mochidzukil et al., 2015).

24



Chapter 2: Bioethanol Production

2.4 Conclusion

Fuel ethanol production using Saccharomyces cerevisiae is a global industry with
significant potential by supplementing petroleum fuels and producing various
other products. The critical factors that affect the fermentation performance of
Saccharomyces cerevisiae include substrate concentration, product inhibition, and
the kinetics of the yeast strain used. To optimise the production of ethanol
through fermentation, it is difficult to predict the kinetics of the system without a
large number of experiments and strict control of the fermentation conditions.
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3) Optimisation of ethanol production

A reliable model is necessary to determine the mathematical optimal production
of ethanol. The factors that limit the potential production and the “levers” or
variables that can be changed to affect the process must be known. Due to the
multi-dimensional, nonlinear nature of bioprocesses, it is attractive to use
machine learning techniques to use historical data to develop a data-driven model
(Mowbray et al., 2021a). A fed-batch process adds additional complexity due to
the changes in volume and inconsistent feed rates. Hence, Artificial Neural
Networks have been used in the development of data-driven models for fed-batch
ethanol fermentations by Saccharomyces cerevisiae to optimize the feed rate
profile (Xiong & Zhang, 2005) (Arpornwichanop & Shomchoam, 2009) (Z. Li &
Dewan, 2012). Fed-batch fermentations allow for the addition of feed during the
batch, giving some control over the substrate and product concentrations present
in the fermenter, which allows for the reduction of inhibitions that can affect both
the formation of biomass and the formation of product. In this case, ethanol
(Hong, 1986). Another issue with the control of fermenters is the lack of online
measurements of essential process parameters. Using machine learning to
estimate the values for these parameters allows for greater control and increases
the potential for optimisation of the system (Rani & Rao, 1999).

Modern data-driven modelling techniques, such as Artificial Neural Networks,
promise to optimise and control fermentations due to their ability to model non-
linear biological reactions (Sewsynker-Sukai et al., 2017). When developing the
neural network, it is crucial to consider the stability and reliability of the
predictions and the amount of data required to train the network. Overfitting the
network to the data can lead to instabilities in the predictions, leading to
inadequate optimisation of the problem. Another critical aspect of the neural
network model in terms of optimisation is that the optimisation must be able to

be done online, and change based on the measured feedback from the
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fermentation system and plant model mismatches should also be accounted for

(Xiong & Zhang, 2005).

3.1 Factors Affecting Ethanol Yield

Many factors stress the yeast cells during industrial fermentations and can affect
the fermentation performance. Lopes et al. (2016) list the stresses affecting
fermentation as biological, chemical and physical. The biological stressors are due
to contamination by unwanted organisms such as wild yeasts and bacteria. This
contamination is a particular issue in processes where the yeast cells are recycled,
such as in Brazilian distilleries. Wild yeast strains, such as those of genus Dekkera,
Schizosaccharomyces and Candida, as well as undesirable Saccharomyces strains,
can lower the ethanol yield through the production of unwanted byproducts and
the introduction of traits such as flocculation and excessive foaming. The primary
bacterial contaminants are strains of Lactobacillus or Bacillus, and while the
bacterial population can be controlled using antibiotics, acid washes, and chemical
biocides, cases where the bacterial population has reached a concentration of 108
per millilitre can cause losses of up to 30 kL of ethanol per day in a plant producing
1 million litres per day.

Chemical stressors include acidic products from biological contamination, such as
lactic acid, salts and ions in the fermentation broth and high ethanol
concentrations. These stressors can lead to stuck fermentations and reduce the
viability of cells when recycled. Physical stressors such as temperature must also
be considered, as high temperatures can affect the fermentation performance.
Understanding these stressors is of utmost importance. However, it is difficult to
reproduce the stressful conditions of a distillery at a laboratory scale, and few

laboratories are able to do so (Amorim et al., 2011).
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3.2 Optimisation of fermentations

Most work on optimising the production of ethanol in fed-batch fermentations has
focused on adjusting the feed to account for substrate and product inhibition
(Hong, 1986), (Chaudhuri & Modak, 1998), (Na et al., 2002) (Zihin et al., 2018).
Hong (1986) showed that Pontryagin’s maximum principle can be used to
determine the optimal feeding policy for 2 cases where the initial substrate
concentration in the fermenter is equal to the feed concentration and where the
feed concentration is not the same as the initial concentration. Pontryagin’s
maximum principle is a method that allows the optimal path between two states
of a process to be determined. A limitation of the optimisation is that the
parameters of the differential equations must be known.

Na et al. (2002) overcame this limitation by using genetic algorithms to estimate
the model parameters used to optimise the feeding profile. However, This
research was performed at low substrate concentrations and focussed on biomass
production. Therefore, biomass formation was optimised rather than ethanol
production.

Petersen & Jorgensen (2014) showed that an analytical solution to the optimal
feed profile could be determined using economic nonlinear model predictive
control. However, a simple model for biomass formation included substrate
inhibition but not product inhibition. Ryde et al. (2021) extended this to
demonstrate that the optimal feed trajectories for microbial fed-batch
fermentations with substrate inhibition are non-unique and further show that on-

off control is optimal in terms of the sensitivity of the system.

3.3 The use of soft sensors in fermentations

Soft sensors combine physical measurements with a software model to infer
measurements that are not otherwise available. Using soft sensors allows for the

measurement of variables that cannot be measured using the measurement of

28



Chapter 3: Optimisation of Bioethanol fermentations

variables that can (Kadlec et al., 2009). Furthermore, offline measurements can
provide delayed information that is of little use in dynamic optimisation. Hence,
soft sensors can provide values for variables such as the composition of the
fermentation broth far faster than offline analysis by using higher frequency online
measurements from the process. (Zhu et al., 2020).

The model for the soft sensor can be a simple linear model, a more complex
mechanistic model derived from first principles, or a data-driven model.

The method used to develop a soft sensor is given by Zhu et al. (2020). Firstly, the
data must be collected and cleaned to remove data that may not be meaningful
due to hardware issues, communication failures, or unusual process conditions
which would not provide realistic data. Secondly, the variables of interest must be
selected. While statistical methods can be used, this is often based on the
practitioner's expertise. Thirdly, the model must be selected, trained, and
validated. Models generally fall into two categories, namely mechanistic and data-
driven models. Mechanistic models rely on the knowledge of the physical and

chemical balances of the process.
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3.4 Neural networks in modelling and optimisation of ethanol

production by Saccharomyces cerevisiae

Artificial neural networks have been used in biochemical engineering since the
1990s in applications ranging from the characterization of amino acid sequences
to process simulation and prediction of fermentation variables, among others
(Mowbray et al., 2021b). Specifically for fermentations of Saccharomyces
cerevisiae, ANN models have been used for the prediction of the specific growth
rate (Petrova et al., 1998), cell mass and ethanol concentration (Pramanik, 2004),
and models for use in Nonlinear Model predictive control (NMPC) (Nagy, 2007).
Many studies show similar multilayer feedforward networks using measured
variables at time t=t as inputs to determine an unknown variable at time t=t (Pajcin
et al., 2017). Another approach is to use known inputs at t=t to predict the value
of the variables at t=t+1 (Chaudhuri & Modak, 1998), although this was used for
fed-batch production of invertase and secreted protein rather than ethanol
fermentation. This approach has the added benefit of using the predicted values
at t=t+1 to predict the values at t=t+2 and so on to predict the values over the
whole fermentation.

Another network architecture that has succeeded in predicting fermentation
kinetics is the recurrent neural network (Barrera-Cortes & Baruch, 2000). Nagy
(2007) uses a network that uses a sequence of inputs and previous output values,
with reactor temperature and coolant flow from the four previous time steps used
to predict the reactor temperature at any time.

Nagy (2007) used an ANN model as the basis of an NMPC system to control the
bioreactor's cooling system. While the ANN model performed well, the training
data was created using a simulation, and the ethanol concentration was low, as
the highest concentration was 12.5 g/L; hence, ethanol inhibition was not likely a
significant factor in the dataset. tawryiczuk (2008) used the same underlying

model in their controller; hence, it suffers many of the same issues.
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Eslamloueyan & Setoodeh (Eslamloueyan & Setoodeh, 2011) used hybrid-neuro
modelling for optimising fed-batch fermentation of ethanol by recombinant
Saccharomyces cerevisiae, using several decision variables such as initial liquid in
the reactor, the feed flow rates, the switching time from aerobic to anaerobic
operation and the final batch time. An issue with the approach used is that the
hybrid model is compared to a simulation; hence, the approach was not proven to
work under real conditions.

Hybrid model strategies have also been adopted in the control and optimisation
of baker’s yeast fermentations where biomass is the product (Yuan et al.,
1999)(Tian et al., 2002) (Karakuzu et al., 2006). In these cases, the biomass was
maximised, and ethanol production minimised or prevented as much as was
possible. Yuan et al. (1999) used artificial neural networks combined with a fuzzy
logic controller to optimise the biomass formed and were able to double the
density of the yeast formed compared to PID control, and it is unclear in this case
how the controller would be able to deal with changes in the process that result
in a plant/model mismatch as the process is assumed to be unchanged.
Tian et al. (Tian et al.,, 2002)used augmented recurrent neural networks to

optimise the same process, but again, the controller developed is not adaptive.
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3.5 Robust optimisation

Robust optimisation is a method of optimisation that allows an optimisation
problem to be solved for a model with uncertain parameters (Ben-tal &
Nemirovski, 2002). The uncertainty does not need to be known; however, it needs
to be part of a postulated uncertainty set, and robust optimisation will seek a
feasible solution from within the stated set (N. H. Lappas & Gounaris, 2018). A
consequence of this approach is that the result is inherently conservative, with the
solution often taking the form of the best possible solution in a worst-case
scenario. Robust optimisation is similar to stochastic programming (SP); however,
for SP, probability distribution functions of the underlying stochastic parameters
must be determined, whereas, in robust optimisation, the uncertain parameters
are assumed to belong to a deterministic probability set (Maggioni & Potra, 2014).
Robust optimisation has been used widely in the optimisation of power networks
(Kazemzadeh et al., 2019) (Wang et al., 2016), distribution networks (Xu et al.,
2021) and other applications (Beyer & Sendhoff, 2007).

Dynamic optimisation, which takes place over more than a single span, has been
used extensively in process engineering. However, few examples of dynamic
optimisation consider parametric uncertainty(Nolasco et al., 2021). Several
methods have been applied to optimisation under uncertainties, including semi-
infinite programming, the multi-scenario method, the back-off method,
linearization promoted robust optimisation and measurement-based re-
optimisation (Liang & Yuan, 2022). The solution to a robust optimisation problem
may be overly conservative. Hence, methods such as adjustable robust
optimisation have been developed to reduce the conservatism of the solution by
introducing variables that can be adjusted as data is collected (N. Lappas &
Gounaris, 2016). There are few examples of this application for dynamic
optimisation. However, Liang & Yuan( 2022) demonstrated that the approach

works for nonlinear chemical processes.
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3.6 Conclusion

The optimisation of fermentation processes requires an accurate model and
accurate measurement of process variables, neither of which are often available.
Machine learning algorithms such as Artificial Neural Networks hold promise in
estimating model parameters that can change between batches and would
otherwise not be known until after the fermentation is complete. Such a hybrid
strategy can be used as an adaptive model for a process where the model
parameters are unknown or changing.

Due to the uncertainty caused by noisy or unknown measurements and the lack
of an accurate process model, optimisation of the process can lead to sub-optimal
solutions that cause issues in the process. Robust control can be used to develop
an optimal solution that considers the uncertainty, preventing sub-optimal

solutions.
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4) Development of fed-batch bioreactor system

4 .1 Introduction

A 100 L fed-batch bioreactor system was developed to collect fermentation data.
The variables that must be controlled during fermentation depend primarily on
the fermentation performed. Some bioprocesses require careful control of many
variables, including DO, pH, and redox potential. The production of ethanol from
sugar feedstock through fermentation by Saccharomyces cerevisiae, only required
control of the temperature of the liquid in the fermenter (Lisci et al., 2021). To
monitor the sugar and ethanol concentrations in the liquid the density of the
solution was measured and used to estimate the substrate and product
concentrations. Control and data collection for the system was performed by a

Programmable Logic Controller (PLC) with data stored remotely using Thingspeak.
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4.2 Experimental progression

A mathematical model was required to determine the optimal feed profile
required to maximise ethanol production, which required experimental data;

hence, the progression of the work was as follows.

1) Afed-batch bioreactor system was developed to provide the datasets used
in the optimisation.

2) A method was developed to provide an online estimation of the ethanol
and sugar concentration during fermentation.

3) The data collected was used to model the system.

4) The developed models were used to determine the optimal feeding
strategy

5) The optimal strategy was implemented online by developing a method to

estimate the model parameters online.
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4.3 Fed-batch bioreactor system and data collection

4.3.1 Bioreactor Equipment

The Bioreactor system used, similar to that described by Higginson & Brooks
(Higginson & Brooks, 2022), is shown in Figure 4.1. The fermentation vessel
comprised a 100 L jacketed cylindroconical vessel fabricated from stainless steel
by Falcon Engineering. During fermentation, the top of the fermenter was covered
using a stainless-steel plate to prevent evaporation and contamination. However,
gasses were able to vent freely. TT1 is the PT100 temperature probe, TT2 is a
DS18B20 temperature probe, and AT1 is the iSpindle floating sensor used for the
measurement of the density of the liquid.

A Grothen G328 peristaltic pump P1 was used to feed additional substrate during
the fermentation. The feeding rate of the pump was controlled by using an L298N
H-Bridge driver controlled by an Arduino Uno. The feeding rate could be adjusted
by cycling the pump on and off to maintain 100% flow (always on), 50% (1 minute
on, 1 minute off), 33.33% 1 minute on, 2 minutes off or 25% flow (1 minute on 3
minutes off). The fluid was pumped from a 25 L vessel into the fermenter.

The mass of feed added to the fermenter was recorded using a Nagy floor scale,
on which the vessel was placed throughout the fermentation. The readings from
the scale were recorded manually during feeding to determine the feeding rate in
terms of mass.

The pump could also be controlled automatically using the PLC, where the feed
was controlled by either the estimated ethanol concentration or the estimated

sugar concentration in the fermenter.
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Figure 4.1: Bioreactor temperature control system.

The temperature control system consisted of a Lowara CEA 70/3 centrifugal pump,
P2, that circulated water in the reactor jacket. The pump speed was controlled by
a Siemens Micromaster 440 variable frequency drive connected to the PLC. A
cascade control system was implemented in the PLC and used to control the
fermenter temperature. The primary controller, TC1, consisted of an integral

controller, while the secondary controller, TC2, was proportional-only.
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Due to constraints on the number of inputs that could be used with the PLC, the
DS18B20 temperature probe was connected to an Arduino Uno development
board with a W5100 ethernet shield. The ethernet shield allowed the Arduino Uno
to publish the values of the jacket temperature via MQTT, with an MQTT server
running on a Raspberry Pi single-board computer. The MQTT values received from
the Arduino were then written to the memory of the PLC using a Python script
running snap 7 (Molenaar & Preeker, 2022). The Python script allowed the
Raspberry Pito send the values over the Profinet network. The temperature values

were updated every 10 seconds.

Figure 4.2: iSpindle device for measurement of density

The density during the fermentation was measured using an iSpindle, shown in
Figure 4.2. The device uses the tilt of the cylinder in which it is housed to
determine the specific gravity of the liquid (Violino et al., 2020). The device works
by measuring the angle at which it is floating using a 3-axis accelerometer. The
lower the density of the liquid, the lower the device will float in the liquid, meaning

an angle closer to vertical. The measured angle is then used to calculate the
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specific gravity based on Equation 4.1, where the calibration determines g1, g2, g3

and C constants.

SG = g,(tilt)® x 107° + g, (tilt)? * 10™* + g5 (tilt) + C (4.1)

The iSpindle device required calibration before each batch. The device was placed
in water, and the density was measured. If the measured density deviated from
the known density of water (1.00 kg/L), the calibration in the device was updated
using a supplied calculation that determined the values for g1, g2, g3 and C.

The measurements from the iSpindle device were published to the MQTT server
over WI-FI and written to the PLC memory in the same way as the temperature
readings. The SG value measured by the iSpindle was updated every 10 minutes.
The device can also measure the temperature of the liquid. However, this was not
used, as there was already a higher frequency temperature reading from TT1.
Various values such as the fermentation temperature, ambient temperature, the
SG, the mass of feed added, and jacket temperature were read from the PLC once
per minute by the Raspberry Pi running a Python script. These values were then
sent to the Thingspeak cloud service. The data is stored on the Thingspeak service
as a public channel and can be accessed from MATLAB using the API keys.

The fermenter was not mixed, as the turbulence from an impeller would have
affected the density measurement. However, mixing was not required as the
bubbles formed have been shown to have a significant mixing effect during
fermentation. Internal mixing is only required if solids are present in the
fermentation, such as when performing simultaneous saccharification and

fermentation (H. L. Zhang et al., 2012).

4.3.2 Experimental conditions
The fermentation medium comprised a mixture of sucrose, yeast extract and
water. The initial medium for the fermentations was produced by mixing 5 kg of

sucrose sugar, 40 kg of water, and varying amounts of yeast extract. The feed
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added during the fermentation comprised a concentrated sugar solution
composed of 10 kg sugar and 10 kg water. Yeast extract was used as a nutrient
source, providing a wide range of nutrients required for yeast growth, such as

amino acids, peptides, vitamins and other trace elements (J. Zhang et al., 2003).

In each case, water was heated to approximately 80°C, and the amount required
was measured using a Nagy floor scale. Similarly, the amount of sugar was
measured. The amount of yeast extract was measured using a balance. The
components were thoroughly mixed until all the sugar was dissolved.

The initial medium was added to the fermenter and allowed to cool. When it had
reduced to 40°C, the yeast was added. The yeast used was Angel Thermal
Tolerance Alcohol Active Dry Yeast; the yeast characteristics are given in Table 4.1.
This yeast was chosen due to its high ethanol tolerance and ability to fermentin a

wide pH range. As the yeast is not sensitive to pH, pH was not controlled.

Table 4.1: Angel Thermal Tolerance Alcohol Active Dry Yeast characteristics (Angel
Yeast, 2023)

Temperature tolerance 28°C-42°C
Ethanol Tollerance <17% (v/v)
Acid Tolerance high resistance to acid, produce gas

when PH is 2.5, which is favourable for
controlling prevent bacteria

contamination and improving alcohol

productivity.
Osmotic tolerance 60% glucose max
Reproductive ability Strong reproductive ability, small

consumption.
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The amount of yeast added to each fed-batch experiment was measured using a
balance, as shown in Table 4.2. The yeast was rehydrated by removing
approximately 10 L of the medium, adding the yeast, and mixing the lyophilised
yeast for 10 minutes. The rehydrated yeast was added to the fermenter, and the
temperature control system started. The density was monitored during the initial
phase, and the feed was started once the density was measured at a specific value,
which varied between the experiments. For Experiment 1 to Experiment 4, the
variable investigated was the feed flow rate. The flow rate for each experiment
was determined based on the results of the previous experiment to try to reduce

the sugar concentration in the fermenter, as shown in

Table 4.3. The effect of the added mass of yeast was then tested in experiment 5
by doubling the amount added. Experiments 6, 7 and 8 were then performed to
test the effect of increasing the mass of yeast extract added by doubling, tripling
and quadrupling the amount of yeast extract added. The amount of yeast added
varied at 150, 300 g and 200 g for the three experiments. The final experiments,
Experiment 9 and Experiment 10, were performed with feedback control based on
the SG measurement. The conditions for each of the experiments were selected
to provide a broad range of input data for the models, however the conditions
were not chosen to provide the optimal training dataset, but rather to provide a
realistic example of a dataset, hence missing data, equipment failures and other

issues that caused problems in the datasets were included.

Table 4.2: Initial conditions for the experiments

Experiment | Sugar (kg) Yeast extract | Water (kg) Yeast added (g)
(g)

1 5 100 40 100
2 5 100 40 100
3 5 100 40 100
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4 5 100 40 100
5 5 100 40 200
6 5 200 40 150
7 5 300 40 300
8 5 400 40 200
9 5 200 40 200
10 15 100 50 100

The feed rates used in the experiments are shown in Table 4.3.

During Experiment 9 and Experiment 10, in addition to the substrate-containing

feed, dilution water at 35°C was added to dilute the ethanol in the fermenter. The

effect of this dilution will be discussed further in Chapter 5.

Table 4.3: Feed rate during experiments

Experiment

Reaction type

1

Constant feed at 0.985 kg/h

Constant feed at 0.713 kg/h

Constant feed at 0.283 kg/h

Constant feed at 0.385 kg/h

Varied feed

Varied feed

Constant feed at 3.333 kg/h

Feed added to maintain SG at setpoint.

O 0| N| o Ly | W| N

Feed was added to maintain sugar concentration at

the setpoint with water addition.

10

Batch reaction with water addition

Details of the experimental conditions and the data from these experiments can

be found in Appendix A.
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4 4 Conclusion

This Chapter has described the development of the bioreactor system that allowed
for data collection using various initial conditions and feeding profiles. The data
collected was then used in the development of a soft sensor that allowed for
online estimation of ethanol and sugar concentrations during the fermentations.
The online measurements were then used to model ethanol production during
fermentation, allowing for optimisation of the process based on the model and

the conditions during the fermentation.
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5) Online monitoring of ethanol concentration

5.1 Introduction

The online monitoring of the ethanol concentration during a fed-batch
fermentation allows for effective modelling and online optimisation of the
fermentation (Polakovi & Manflenius, 1994). A thorough review of available
sensors for measuring ethanol concentrations is shown by Memon et al. (Memon
et al, 2022). Methods previously used include enzymatic, spectroscopic,
chromatographic, refractive index, densimetry, pyncometry capillary
electrophoresis and calorimetric methods. These methods have various
advantages and disadvantages; however, there are few options for online
monitoring of ethanol concentrations. Recent research has shown that ultrasonic
measurements with machine learning (Bowler et al., 2021), an electronic nose
composed of an array of gas sensors (Feng et al., 2021) and fibre optic ethanol
sensors (Memon et al., 2022) may be used in the online measurement of ethanol;
however, these methods are not yet widely available.

One of the oldest methods for determining the ethanol concentration in
fermentation is by using density measurements at the start and during the
fermentation, with reports of the relationship between density measurements
and the degree of fermentation dating to as early as 1784 (Cutaia et al., 2012).
Most methods, however, derive from the work of Balling (Balling, 1846), which
was based on experiments in the beer brewing industry. While these equations
have been used in the brewing industry and are effective in predicting the ethanol
concentration during batch fermentation, the use of this method in fed-batch
fermentations has not been explored previously. This chapter will compare the
results of using online density measurement to monitor the ethanol concentration
during a fed-batch fermentation and the off-line analysis of samples by High-

Performance Liquid Chromatography (HPLC).

45



Chapter 5: Online monitoring

5.2 Calculation of ethanol concentration based on density

measurements.

The calculations to determine the ethanol concentration use the extract in terms
of °Plato. °Plato is a standard measurement in brewing, and 1°P is equivalent to

1 g of sugar in 100 g of solution as per Equation 5.1.

mass sugar
°Plato = * 100 51
mass sugar + mass water

The conversion from specific gravity to °Plato is based on the data provided in
tables produced by the American Society of Brewing Chemists, reproduced as
Table 5.1 (Siebert, 1980). The predicted values were produced using Equation 5.2,
and the coefficients were found using Excel. The third-order polynomial showed a

good fit with low residuals.

Table 5.1: °Plato and SG conversion data showing fit and error

°Plato SG Predicted °Plato error
0.0000 1.0000 -0.0060 0.0060
0.0130 1.0001 0.0069 0.0061
0.6420 1.0025 0.6375 0.0045
1.2830 1.0050 1.2785 0.0045
3.8260 1.0150 3.8171 0.0089
5.0600 1.0200 5.0712 -0.0112
6.3250 1.0250 6.3152 0.0098
7.5580 1.0300 7.5490 0.0090
8.7810 1.0350 8.7727 0.0083
9.9930 1.0400 9.9861 0.0069
11.1950 1.0450 11.1893 0.0057
12.3870 1.0500 12.3822 0.0048
13.5690 1.0550 13.5649 0.0041
14.7410 1.0600 14.7373 0.0037
15.9030 1.0650 15.8994 0.0036
17.0550 1.0700 17.0511 0.0039
18.1970 1.0750 18.1925 0.0045
19.3310 1.0800 19.3236 0.0074

°Plato = —25.766 * SG3 — 124.17 * SG* + 583.54 « SG — 433.61 5.2
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The calculated extract value at the start of the fermentation is known as the
original extract (OE). The calculated extract value is known as the apparent extract
(AE) during fermentation. Due to the presence of ethanol during the fermentation,
the conversion from SG to °Plato must be corrected, as the ethanol reduces the
overall density. Balling (Balling, 1846) provides an empirical relationship between

the apparent extract and the real extract (RE), given in Equations 5.3 and 5.4.

q = 0.22 +0.001 = OF 5.3
q* OFE + AE
RE=——7+—— 5.4
1+¢q

Where: q is the attenuation coefficient.

The real extract indicates the amount of sugar present in the medium during
fermentation, and the substrate concentration can be calculated using Equation

5.5.

RE
S =

100 * SG = 1000 5.5

Where S is the sugar concentration in g/L.

The alcohol percentage can be calculated using a correlation from Balling (de

Clerck, 1992), shown in Equation 5.6.

Ao OE — RE e
w% ™ 20665 — 0.010665 * OF '

47



Chapter 5: Online monitoring

Where Awy is the percentage of ethanol by mass in the solution

This can then be converted into the ethanol concentration using Equation 5.7

Aw%
P_100*SG*100 5.7

Where P is the ethanol concentration in g/L.

These correlations were developed explicitly for batch fermentations; however,
adding feed would not affect the balances on which they are based. A modification
of these correlations was developed so that the equations can be applied to a fed-

batch reaction by adjusting the original extract value as the feed is added.

initial mass of sugar + mass of sugar in feed

initial mass of solution + mass of feed

The total sugar consumed was calculated using Equation 5.9, derived from

Equation 5.1.

S, = OE RE T 5.9
t — *mf_l()() 1_£_AW% .
100 ~ 100

Where: ms is the total feed (sugar and water combined) to the system in kg, my, is

the mass of water fed to the system in kg.
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5.3 Determination of ethanol concentration by HPLC analysis.

During the fermentations described in Chapter 4, in addition to the density
measurements, samples were taken for later analysis by high-performance liquid
chromatography (HPLC) for comparison.

The HPLC analysis was performed using an Agilent 1200 series HPLC, including a
degasser, quaternary pump, autosampler, and refractive index detector (RID). The
column used was a Biorad fermentation monitoring column. 0.001 M H,SO4
solution in ultrapure water was used as the mobile phase.

For the analysis, the RID was maintained at 40°C and the column at 65°C. The flow
rate of the mobile phase was maintained at 0.8 ml/min for 14 minutes.

The chromatographs were processed using Chemstation software. The calibration
was performed using ethanol samples in water at 50 g/L, 75 g/L and 100 g/L. Each
sample was analysed using the HPLC three times, and the average of the three
analyses was taken as the value. The average standard deviation over all the

samples was less than 0.7 g/L.
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5.4 Results and Discussion

5.4.1 Comparison of measured and predicted ethanol concentration.
The comparison between the values determined using Equation 5.7 and those
measured using HPLC is shown in Figure 5.1, Figure 5.2 and Figure 5.3. The
predicted values shown are the moving average of 30 samples to reduce the noise.
The moving average was found using the movmean function in MATLAB. The data
for experiment 4 is not shown as the HPLC samples were not taken for this
experiment. As can be seen from the figures, there is good agreement between
the predicted values based on the online SG measurement. The average difference
between the HPLC measurement and the predicted online value was 7.23 g/L, or,
in terms of percentage, 14.79%. The percentage variation was, however,
somewhat skewed due to readings that deviated by over 200% at very low ethanol
concentrations. The large deviations at low ethanol concentrations were
exacerbated due to the negative values predicted by the equation, as the SG
reading was higher than the actual starting SG due to the vigorous fermentation
at the start of the fermentation. Once these values were removed from the
dataset, the average difference between the measured and predicted values was
a more reasonable 10.16%.

A histogram of the difference between the predicted and measured values is
shown in Figure 5.4. The distribution shows that the majority of the values were
predicted within +7.0 g/L. However, there were several outlying values with

deviations of more than -14 g/L
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Figure 5.1: Predicted ethanol concentration with measured values for Experiments 1,2 & 3
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Figure 5.2: Predicted ethanol concentrations with measured values for Experiment 5, 6 & 7
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Figure 5.4: Distribution of differences between the predicted and measured
ethanol concentration

The most significant deviations were found in Experiment 10 at the fermentation
stage, where the SG was higher than in the other experiments, as shown in Figure
5.3. Due to the cubic nature of the calibration curve of the iSpindle device, the
effect of the tilt on the SG measured becomes greater. Hence, the iSpindle
becomes far less accurate at these high SG values. It should be noted that the
readings from the iSpindle device should be treated with caution at high SG values.
The predicted ethanol concentrations for experiment 10 do, however, show good
agreement after the fermentation has progressed and the density of the
fermentation medium has decreased due to the consumption of sugar and
production of ethanol. The relationship between °Plato values determined based
on the mass of sugar and water, compared to values calculated based on the
measurement made by the ISpindle device, is shown in Figure 5.5. The
measurement made by the device was accurate below 30°P however, it
overestimated the gravity between 10°P and 30°P by an average of 2.49°P, with

the most significant deviation from the known value being 4.61°P at 20°P. as all of
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the experiments except for Experiment 10, used concentrations that meant the
gravity was below 12°P, this is not an issue. However, the large deviations at 20°P
do account for the significant errors between the ethanol concentrations
measured using the HPLC and those calculated using Equation 5.7 for the initial 30
hours of Experiment 10. After 40 hours, the gravity dropped below 10°P, and the
HPLC measurements and the predicted ethanol concentration were more closely

aligned.
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Figure 5.5: Comparison of measured Plato values with known values

An integral aspect of the accuracy of the predicted values calculated using
Equation 5.7 is the amount of feed in terms of both sugar and water added. Errors

in the measurement or, as was the case in the Experiments performed, estimation
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of the feed added to the fermenter can cause errors in predicting the ethanol
concentration. Several experiments, such as Experiment 1, show a significant dip
in the ethanol concentration when the feeding stopped, as shown in Figure 5.1, at
approximately 50 hours. While this decline is possibly due to mixing effects, it is
more likely that the point at which the feeding was stopped, estimated based on
the rate of addition and the remaining mass of the vessel, was incorrectly
estimated.

The overall comparison between the predicted and measured ethanol
concentrations is shown in Figure 5.6. The negative ethanol concentrations
calculated at the start of the fermentation, before any ethanol formation, have
been excluded due to the issues with the measurement of the SG that was

experienced at the start of the fermentations. The parity plot shows that the
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Figure 5.6: Parity plot of predicted and calculated ethanol concentrations.

Negative predicted ethanol concentrations have been excluded.
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prediction provided by the SG measurement provides a reasonable estimate for

the ethanol concentration during fermentation.

5.4.2 Prediction of total sugar consumption

For the predicted values of the ethanol concentration described in the previous
section, the assumption integral to the calculation is that ethanol vyield is
consistent in terms of g of ethanol produced per g of sugar consumed. Hence, the
calculations can be used to determine the total amount of sugar consumed using
Equation 5.9. The total sugar consumed is also a valuable variable to track, as the

value is independent of the volume. Hence, it provides a more consistent

10 7
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Figure 5.7: total sugar consumed for Experiment 1 to 5

indication of the fermentation's effectiveness. As the ethanol produced per gram

of sugar was consistent, and the total amount added to each fermentation was
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15 kg, the total amount consumed is effectively proportional to the ethanol yield
for each fermentation. As the calculation of the total sugar consumption is based
on essentially the same balance as the calculation for the ethanol concentration,
it can be assumed that this calculation would have similar errors to the predicted

ethanol concentration.

Experiment 1
5 r Experiment 6
ra - Experiment 7
Experiment 8
Experiment 9
Experiment 10

0 20 40 60 80 100 120 140
time h

Figure 5.8: Total sugar consumed in Experiments 6, 7, 8, 9 and 10. The results for
experiment 1 added for comparison.

The trajectory for the total sugar consumed in Experiments 1 to 5 is shown in
Figure 5.7. Notably, the total sugar consumed in Experiment 1, Experiment 2, and
Experiment 4 follow nearly identical trajectories. Experiment 3 was slower;

however, the total amount of sugar consumed by the end of the fermentation
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reached a similar value to the others. The total sugar consumed during experiment
5 was greater than the first four and was faster. All experiments, however, show a
similar shape to the total amount of sugar consumed.

The amount of sugar consumed during the remaining experiments is shown in
Figure 5.8. The later experiments consumed far more total sugar than Experiment
1, with Experiments 9 and 10 consuming 14.43 kg and 13.27 kg of the initial 15 kg
of sugar, respectively. The experiments show a similar trajectory of total sugar
consumption, with the consumption rate being fast initially and slowing
dramatically by the end of the fermentation. Experiments 9 and 10 also show
significant changes in the readings at the point where large additions of feed or
water were made. The instability in the measurements at this point is expected as

the fermenter took some time to stabilise after the large additions.
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5.5 Conclusion

Online density measurements have been shown to allow the online monitoring of
key fermentation parameters during the fermentation. While there were some
outliers in the data caused by process conditions, the majority of calculated values
for the ethanol concentration were within 10% of the values determined using
HPLC analysis.

While this has been done for batch fermentations, based on the initial and final
densities, this work showed that the technique can be extended to fed-batch
fermentations with minor modifications.

A further extension of the equations allowed for calculating the total sugar
consumed during the fermentation. The total sugar consumption provides better
comparisons between the fermentations as the variable is independent of the
volume, which varied as feed was added and sugar consumed and converted to

ethanol by the yeast.
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6) Modelling of fed-batch ethanol fermentations

6.1 Introduction

Mathematical models are invaluable tools in the control and optimisation of processes,
allowing for determining optimal operating points and proving predictions for the effects of
process changes. Hence, the modelling of biochemical processes has become one of the main
areas of biochemical engineering research (Mowbray et al., 2021a).

The production of ethanol from sugar by Saccharomyces cerevisiae has been extensively
studied; however, a universal model that accounts for all systems that cover the entire range
of values or situations possible has not yet been developed. This can be seen by the wide
range of modelling approaches that have been developed, such as the macroscopic models
developed by Starzak et al. (Starzak et al., 1994), the bottleneck effect of Sonnleitner and
Kappeli (Sonnleitner & Kappeli, 1986) as well as machine learning models such as those
developed by Dewasme et al. (Dewasme et al., 2015).

Many analytical models use the rate of biomass formation as a basis for the calculation of
other state variables, with the amount of ethanol produced and sugar consumed assumed to
be proportional to this amount. The foundation for these models is usually the Monod model,
which provides for substrate-limited growth that exhibits growth that is similar to zero-order
kinetics at high substrate concentrations and can be approximated by first-order kinetics at
lower substrate concentrations. Extensions to this model can predict the effect of the ethanol
concentration, the pH and other process variables on the rate of biomass formation and, thus,
the rate of product formation. It must, however, be remembered that the model is a simplistic
representation of numerous complex reactions occurring within the cell. Hence, it can be not
easy to obtain a model that is accurate under all conditions. Models such as Flux Balance
Analysis (FBA) models do incorporate many more reactions into the kinetic model; however,
they also increase the mathematical complexity of the model (Scheiblauer et al., 2018).

An additional issue with many models is that the measurements required are difficult to
obtain, or can be inaccurate, or missing in a certain dataset. Data-driven modelling
approaches allow for the creation of black box models or grey box hybrid models based on

the data that is available (Charef et al., 2009).
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The models presented in this chapter were created with two goals in mind. Firstly, the model
was required to predict the ethanol concentration at which the yeast would no longer be able
to ferment, essentially predicting the concentration of ethanol that could be in a certain
batch. The second goal was to enable the simulation of fermentations so that methods of
optimisation could be tested. To be able to predict the behaviour of the system, the model
must be able to incorporate the factors that affect the ethanol concentration at which the

yeast can no longer ferment.
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6.2 Analytical model of fermentations

As mentioned previously, most mechanistic models of yeast fermentation are based on the
Monod model, which is described in detail in Chapter 2. This model cannot, however, be used
for this case, as there is little to no cell growth during the fermentation due to the lack of
aeration.

In all cases, at the end of the fermentation, there was a substantial amount of sugar substrate
remaining. Hence, the limiting factor in the production of ethanol does not appear to be the
substrate concentration. Furthermore, Experiment 1, Experiment 2 and Experiment 4 exhibit
almost identical amounts of total sugar consumed at all points during the fermentation, while
the Experiments had vastly different feed rates that caused the sugar concentration to vary
greatly between the Experiments with no effect on the kinetics. A limitation on this is that
Experiment 3 experienced greatly diminished rates of fermentation once the substrate
concentration dropped to approximately 30 g/L, so the assumption that the kinetics are not
substrate-limited is restricted to situations where the substrate concentration remains above
that value.

Hence, a model was developed based on the ethanol inhibition described by
Levenspiel (Levenspiel, 1980). As the biomass concentration is assumed to not change
significantly during the fermentation due to the lack of aeration, the inhibitory effects of the
ethanol concentration are applied to the rate of substrate consumption rather than cell
growth in a similar manner to Luong (Luong, 1985). The model of the substrate concentration
during batch fermentation is given in Equation 6.1. This model is based on the concentration
of the various state variables during fermentation. Hence, it would be difficult to solve in a

case where feeding causes changes in these variables.

=—v,*(1—P/P,)" * X~ 6.1

Where: So and S are the initial substrate and substrate concentrations respectively in g/L, vs
is the specific rate of substrate consumption (gsugar/8biomass-h), Pmax is the maximum ethanol

concentration that can be tolerated by the yeast, and n is a constant.
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To account for the changing volume due to feeding, Equation 6.1 can be multiplied by the
volume V(t), to change the concentrations into amounts of sugar consumed, and the total
biomass present in the fermentation. So can be assumed to be constant, and S*V(t)=S; hence,

the rate of change in the total amount of sugar consumed can be given by Equation 6.2.

ds,
—p = Us* (L= P/Bp)" + X, 6.2

This can be further simplified by assuming that, for the purposes of the model, the total
biomass X: is constant during the fermentation due to the lack of aeration. The rate and the

biomass can then be combined to form a new constant vmax, as shown in Equation 6.3.

ds,

E = Umax * (1 - P/Pm)11 6.3

To fit the models, the solved ODE was compared to the experimental data and the RMSE was
minimised. The data was converted to hourly data by taking a 60-minute moving average of
values and using the interpl function in MATLAB to obtain a dataset without any missing
values. The parameters were determined by minimising the square of the Euclidian norm of
the difference between the data and the model values using the fminsearch function in
MATLAB. The model was solved numerically using ode45, and solved simultaneously with the

volume, which is given in Equation 6.4.

dv
dt

St
P = YP/SV 65

The ethanol concentration could then be determined after solving the total sugar consumed
and volume. The amount of sugar consumed was multiplied by Yp/s, the yield of g ethanol per
kg of sugar consumed, to determine the amount of ethanol produced. The total ethanol

produced was then divided by the volume to determine the concentration, which is shown in
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Equation 6.5. The value of Yps was determined for each experiment in a similar manner to the
previous parameters by solving the ODEs and using the fminsearch function in MATLAB to
minimise the norm of the squared error between the data and the model fitting. The initial
parameters Vmax Pmax and n were found using the ethanol concentration from the data, which
was interpolated from the hourly data. Once the other parameters were determined, the
yield coefficient was determined based on the data. The code used for fitting the parameters
is given in Appendix B.

The comparison between the model fitting and the data is shown in Figure 6.1. The
determined parameters are given in Table 6.1. It can be noted that the model fitting shows
good agreement with the data, with low values for the normalised root mean squared error
(NRMSE) in all cases except for Experiment 8 and Experiment 10. It would be expected that
Experiment 10 would not show good agreement due to the measurement issues, as discussed

in Chapter 5.

Table 6.1: parameters determined for model fitting. The maximum ethanol concentration
achieved during the batch was included for comparison.

batch | Vmaxg/h | Praxg/l n NRMSE R? Tj:icr::tr:'ateighnagzl
Expl 0.443 69.240 1.459 0.038 0.994 70.175
Exp2 0.327 61337 | 0.695 0.014 0.999 70.623
Exp3 0.428 | 57.983 1.301 0.040 0.988 65.551
Expd 0366 | 64.076 1.027 0.044 0.992 68.852
Exp5 0.494 | 66359 | 0.949 0.028 0.998 76.785
Exp6 0.457 69.301 | 0.694 0.037 0.995 86.930
Exp7 0.497 66.461 | 0.936 0.085 0.973 83.144
Exp8 0.526 | 69.384 1.191 0.075 0.993 86.960
Exp9 0.502 | 90.833 1.128 0.079 0.973 90.364
Exp10 0353 | 92.260 1.275 0.168 0.966 73.032

While the volume was determined by solving the system of ODEs in MATLAB, the volume did
not affect the total amount of sugar consumed. Initial fits for vmax and Pmax were performed
using volume values from the data. Once the yield coefficient was determined, the ethanol
concentration in the ODE was determined based on Equation 6.5 and then used in the

calculation of the ethanol concentration.
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The concentration of ethanol was calculated in terms of g/L while the units of the total sugar
consumption were in kg. This was done to maintain the scale of the data with the ethanol
concentration in a range up to approximately 100 g/L and the maximum sugar consumed at
15 kg rather than 0.1 kg/L or 15000 g, respectively. This was not an issue as the yield
coefficient acted as a unit conversion. However, the units should be noted.

Experiment 8 and Experiment 10 did not show good fits for the parameters determined by
the fminsearch function, so the parameters for those experiments were determined using
genetic algorithms to obtain a better fit. The ga function in MATLAB was used with the limits
for the parameter estimation limited to vmax between 0.1 and 2, Pmax between 50 g/L and
150 g/L and n between 0.5 and 1.5. These fits showed better agreement with the data,
indicating that there are local minima in the determination of the parameters for these
experiments. Hence, for these cases, the initial values used when determining the parameters
using the simplex algorithm determine the values of the parameters obtained. The ga
algorithm demonstrated no significant differences when applied to the remaining datasets.
In most cases, the theoretical maximum ethanol tolerance for the yeast predicted by the
model fitting for each experiment was higher than that at which the fermentation stalled,
with the Pmax value obtained from the fitting giving, for example, the model fit for Experiment
4 gives a maximum theoretical ethanol concentration that is 27.3 g/L higher than the actual
maximum ethanol centration found during the Experiment. While all experiments reached
the point at which the yeast could no longer ferment, data collection continued for longer for
some experiments, such as Experiment 2 and Experiment 3 and in such cases, it can be seen
that the theoretical maximum ethanol concentration, Pmax is predicted as much closer to the

value that was obtained during the fermentation.
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Figure 6.1: Model fitting compared to data, data shown as red points, model as black line
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In Figure 6.1 the model for each Experiment was solved for the same timespan as the data,
which obscures some deviations between the data and the model from being clearly seen on
the plots. Many of the model plots have not reached a static value for the total sugar
consumption, which was the case for all the experimental batches. Hence if the model was
solved for a longer period, the Normalised Root Mean Squared Error (NRMSE) would increase
as the total sugar consumption predicted by the model increased. Examples of this would be
Experiment 5 and Experiment 8, where the total sugar consumption would continue to
increase due to the high Pmax value in comparison to the maximum ethanol achieved, which

was 88.92 g/L and 76.79 g/L, respectively.

To increase the accuracy of the predicted maximum ethanol concentration, the dataset for
each experiment was adjusted to increase the number of data points after the fermentation
had stopped. This was achieved by increasing the length of each experiment to 150 hours,
with the final ethanol concentration, and the total sugar consumption unchanged at the final
value for the additional data points. It is reasonable to assume that the fermentation had
ceased completely in all cases, and in cases where the static phase was maintained for a

longer period, there was no additional sugar consumed.

As can be seen from Figure 6.2, the additional data allowed for the theoretical maximum
ethanol concentration for each experiment to be predicted with more accuracy, with Pmax
values within 10 g/L of the measured value in all cases with the exception of Experiment 10,
for which the previously discussed issues with measurement make the fits unreliable.

The parameters were then used to determine the yield of ethanol per gram of substrate, Yps,
by minimising the norm of the squared error between the values determined using
Equation 6.5. The yield was determined to be 438.69 g of ethanol per kg of sugar, which is
slightly less than the stoichiometric value of 538.4 g/kg determined from Equation 6.6. This is
expected as some of the sucrose is consumed by the cells for the production of by-products

of fermentation, such as glycerol, or in endogenous metabolism during the fermentation.

Cy2Hy2041,H,0 > 4C,H.OH + 4CO, 6.6
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Table 6.2: Parameter values determined based on 150-hour fermentation time

batch Vmax &/h Prmax g/! n NRMSE R2 Tj:icr::tr:laztohnagzl
Expl 0.542 58.045 1.305 0.278 0.988 70.175
Exp2 0.545 61.564 1.247 0.301 0.990 70.623
Exp3 0.445 56.795 1.268 0.256 0.988 65.551
Expd 0.333 54.562 0.572 0.134 0.999 68.852
Exp5 0.513 81.172 0.992 0.568 0.994 76.785
Exp6 0.533 68.629 0.816 0.224 0.997 86.930
Exp7 0.555 67.877 1.073 0.515 0.972 83.144
Exp8 0.536 72.180 1.141 0.615 0.991 86.960
Exp9 0.507 129.483 0.918 0.906 0.969 90.364
Exp10 0173 | 121371 | 0.526 0.894 0.969 73.032

The relationship between the variables, such as the initial yeast concentration and initial
biomass concentration, was then determined based on the values in Table 6.3. The
relationship between Pmax and yeast extract can be seen in Figure 6.3. For the linear fit, the
result for Experiment 10 was omitted as it is clearly an outlier. The linear fit is given in
Equation 6.7. the parameters of the linear fit were determined using the curve fitting tool in
MATLAB. The RMSE for the fit was calculated by the tool to be 4.416, with an R? value of 0.86.
This shows that the linear fit will be adequate to predict the maximum ethanol concentration
for a given amount of yeast extract. This will be useful in simulating the process, but it must
be noted that the nutrition available is most often unknown for a given feedstock; hence, the

fit is not applicable to general ethanol fermentations.

Ppax = 0.0725Y, + 67.32 6.7

Where Yy is the amount of yeast extract added to the fermentationin g
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Table 6.3: Parameters determined based on 150-hour fermentation time compared to the
initial yeast added and yeast extract.

batch | Vmaxg/h Pg}?x n yeast g added yezst extract
Expl 0.489645 | 71.948 | 1157766 100 100
Exp2 0.495306 | 73.782 | 1.191711 100 100
Exp3 0.389544 | 72.421 | 1.221763 100 100
Exp4 0.490279 | 72.696 | 1.207311 100 100
Exp5 0.563057 | 77.073 | 0.917352 200 100
Exp6 0.584604 | 87.442 0.9845 150 200
Exp? 0.525772 | 85.253 | 1.095098 300 300
Exp8 0.313524 | 95.766 | 0.899548 200 400
Exp9 0.654732 | 85.467 | 0,790933 200 200
Expl0 | 0.231432 | 187.027 | 3014362 100 100
100 ; . : : , . . .
* data
95 1 linear fit i

Pmax g/L
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Figure 6.3: Linear fit for maximum ethanol concentration
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The relationship between vmax and both the yeast extract and initial biomass concentration
was investigated, and using the curve fitting tool, a linear fit was determined as shown in
Equation 6.8. the fit for this equation is, however, not as good, with an R? value of 0.2583 and
an RMSE of 0.08769, or a normalised RMSE of 0.1751. While the lack of fit shows that there
are unmeasured variables affecting vmax the model can be used to estimate the vmax value for

various initial conditions for simulation purposes

Vimax = 04528 + 0.00197X, — 0.000815Y, 6.8

No viable fit for the n value could be determined, as only a second-order polynomial could be
used with both the yeast extract and initial yeast concentration as inputs. There is not enough
data to enable the calculation of the parameters for such a fit, as it results in overfitting.

Hence, for simulation, the range of n values will be limited to 0.8 to 1.2.
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6.3 Modelling of fermentations using neural networks.

In order to optimise the ethanol produced during the fermentation, a reliable method of
predicting the maximum theoretical ethanol concentration is required. Due to the issues with
using the mechanistic model for prediction where the initial yeast and nutrition are unknown,
neural networks were used to model the fermentation.

A similar approach to that used in Chapter 3 was attempted. However, as variables such as

biomass concentration could not be measured online, several changes to the approach were

required.
Q
St(t=10) () ] Os - O
R ) O » O
St(t=9) O ) O = v O
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Figure 6.4: Neural network structure used for prediction of total sugar consumption
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Figure 6.5: Parity plot generated by the MATLAB neural network toolbox

For the inputs, there needed to be inputs that would allow the net to determine at what

ethanol concentration the fermentation would reach the maximum value and stop

fermenting. As the nutrition available is assumed to be unknown, this could not be used as an

input, and since this was the major cause of the changes in the maximum ethanol

concentration, a proxy variable that could stand in for this variable was required. To achieve

this, rather than using various input variables at time t to predict outputs at time t+1, 5

sequential inputs at hourly intervals of the total sugar consumption were used to predict the

next value for the sugar consumed. The structure of the neural network is shown in Figure 6.4

for a network with 2 hidden layers of 8 and 6 neurons, respectively. The network was trained
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on all data using the Levenberg-Marquart training algorithm. The dataset was split to consist
of a training set, which comprised 70% of the data, and validation and testing datasets, which
each consisted of 15% of the data.

While there were variations in the outputs from the network architecture, the trained
network was always able to predict the data very well, and the predicted values matched well
with the training, validation and testing datasets, as shown in Figure 6.5. The trained network
could be used as a predictive modelling tool by using known values of the total sugar
consumed from an experiment at times t=10, t=9, t=8, t=7 and t=6 to predict the value at
t=11. The predicted output was then used as an input, along with the known values from t=10,
t=9, t=8, and t=7, to determine the total sugar consumed at t=12 and so on. To predict the
total sugar concentration at t=16 and beyond, only values that were predicted were used. It
is important to note that the training of the network was based only on the ability of the
network to predict the next value based on the previous 5 known values, not on the ability of
the model to match the data for the overall experiment. Hence, although the whole dataset
is used to train the network, the comparison between the neural network model and the data
uses inputs that are generated by the previous iterations of the model rather than by the
data. The fit provided by the neural network model varied greatly, not only in terms of the
different experiments but importantly, the model varied significantly between attempts at
training due to the random seed used to train the network. Figure 6.6 shows that the results
of the neural network model could be very close to the data; however, they could also deviate
significantly from the data randomly. Hence, using this approach to predict the maximum
ethanol concentration is not adequate for the optimisation required due to the instability of

the ANN model.
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As the speed of the reaction is largely inconsequential to the optimisation of the ethanol
production, an approach was chosen where inputs were used to predict only the final ethanol
concentration. The goal of the network was to be able to use any 10 hourly data points for
the total amount of sugar consumed to predict the maximum theoretical concentration of
ethanol that could be achieved in each fermentation. Many architectures were considered.
However, to capture the rate of change of the fermentation, 9 sequential values for the hourly

change in the total sugar consumption were calculated using Equation 6.9.
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Figure 6.6: Model results after training the network 6 times using different seeds

ASt(t=k) = St(t=k) - St(t=k—1) 6.9

Where ASyn) is the change in total substrate consumed in the hour prior to t=n,
Eleven inputs were used in the network. Nine sequential values for ASx measurements of
the total sugar consumption during the fermentation(from k=t to k=t-8), the volume (feed)

added at k=t (in litres per hour) and the ethanol concentration at k=t. The inputs were used
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to determine the maximum theoretical ethanol concentration. The training data was
constructed by using the maximum ethanol concentration attained by each run as the output
for the data from that run. This allows for the prediction of the ethanol concentration at any
point during the fermentation after t=10.

To determine the number of neurons required in the network several tests were done using
varying numbers of neurons in the hidden layer. A network was trained using the MATLAB
neural network toolbox, using a 70% training 15% testing and 15% validation split in the
dataset. The network was trained using the Levenberg-Marquardt algorithm using a constant
seed. The activation function for the neurons in all cases was a logarithmic sigmoid. The
Neural network model is given in Appendix B. The root mean squared error between the
predictions over the whole dataset does not decrease as the number of neurons increases, as
shown in Figure 6.7. There is a minimum at 18 neurons, with an RMSE value of 4.047,
however, this minimum does not seem to be part of a larger trend and the RMSE values vary
greatly. There are several cases where the RMSE is large even with 47 neurons in the hidden
layer, however it is possible that as more neurons are added the RMSE could decrease. This,
however would increase the possibility of overfitting the network to the data.

Toreduce the errors in the prediction, a second hidden layer of neurons was added, The effect
of adding neurons on the prediction was explored. Networks were trained in a similar manner
as previously described and compared to the actual values to determine the RMSE for each
configuration. While the RMSE value increases for networks where the number of neurons in
either the first or second hidden layer is 1, there is no obvious trend, and the RMSE obtained
seems distributed randomly, with the best configuration being 21 neurons in the first hidden
layer and 6 in the second hidden layer, which had an RMSE value of 3.7855.

The results of the training, validation, and testing of the network are shown in Figure 6.8. The
consistency of the R? value between the training and testing data shows that the network
performed similarly in training, and the overall value of 0.908 shows that the prediction is

reliable.
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Figure 6.7: Sum of squared error for predictions over the entire dataset compared to the number
of neurons in the hidden layer.

For comparison the dataset was also used to train models using the Regression Learner App

in Matlab. This allows for multiple regression algorithms to be trained simultaneously,

including linear regression, Regression Trees, Gaussian Process Regression, Ensemble Trees,

Neural Networks and Support Vector Machines. When trained the best fit was provided by

Bagged Ensemble trees with an R? of 0.8 on the test data, and a RMSE of 4.0905, followed by

Rational Quadratic Gaussian Process Regression with an R? of 0.8 and a RMSE of 4.1047. This

shows that the custom Neural Network Model developed was superior to alternative

algorithms and could be more easily customised.
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Figure 6.8: parity plots showing the training of the network

The comparison between the predicted maximum ethanol concentration and the actual
ethanol concentration as the fermentations progressed is shown in Figure 6.9. In most cases,
the prediction was able to converge to the final ethanol concentration, with the exception of
Experiment 10, where the ethanol concentration at the end of the experiment was slightly

lower than the ethanol concentration prior to the addition of water.
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Figure 6.10: comparison of the error between the actual and predicted maximum ethanol

concentration for the 10 experimental datasets.

The difference between the predicted and actual maximum ethanol concentration is shown

in Figure 6.10. In all cases, the error converges towards zero as the fermentation completes,

showing that the uncertainty in the prediction decreases with fermentation time.

6.4 Neural network performance on simulated datasets

As the dataset used in training is the same dataset that was used in testing, there is a potential

that the network that was developed would not perform well on new datasets that were not

part of the training set.

New data was produced from simulations to test the performance of the predictions from the

network. The simulations were performed in Simulink, using Equation 6.3, Equation 6.4 and

Equation 6.5. the relationships determined from the data to determine vmax and Pmax based

on the initial yeast extract, and yeast concentrations were used to determine the
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fermentation profiles for fermentation where Xo ranged between 100 g and 400 g, and Yy
ranged between 100 g and 400 g both in increments of 10 g. The initial conditions for the
simulation were chosen to be similar to those of the experimental datasets, with an initial
volume of 42.5. The feed was added at a constant rate of 0.5 L/h, starting at 10 hours and
continuing until the maximum volume of 57.5 L was achieved. The dataset was interpolated
to make it hourly data, and the ANN was used to predict the maximum ethanol concentration
over the course of the fermentation. The simulated dataset was composed of 960
fermentations with varying yeast and yeast extract at the start.

The error in the prediction for the whole dataset is shown in Figure 6.11. The error between
the predicted and actual maximum ethanol concentration converges towards O as the
fermentations progress, showing that the network trained on the experimental data is able
to predict the maximum ethanol concentration of the simulated data, showing that the
network is able to predict the maximum ethanol concentration for fermentations not
included in the original dataset. Importantly, the largest errors are negative errors, with the
largest error in absolute terms being approximately -25 g/L. As an erroneously low prediction
for the maximum ethanol concentration can result in the addition of too much water to dilute
the batch, this will need to be taken into account when determining the uncertainty of the

prediction.
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Figure 6.11: error between predicted and actual maximum ethanol concentration over 960
simulated fermentations
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6.5 Conclusion

A model was developed to describe the consumption of sugar by Saccharomyces cerevisiae in
a fed-batch fermentation by modelling the total amount of sugar consumed and relating this
to the amount of ethanol produced. The model can be used for simulation purposes, but due
to the unknowns of the process, especially in terms of the nutrition available, the model can
only be used after the fermentation is complete to determine the parameters.

For the prediction of the theoretical maximum ethanol concentration, an Artificial Neural
Network was developed and trained to be able to predict this value using only known values
from the fermentation. As the network used only sequential values of the total sugar
consumed, the ethanol concentration and the feed at any point during the fermentation, this
prediction can be made using simple measurements and calculations.

The uncertainty of the prediction can also be estimated. Hence, the network can be used in

the robust optimisation of the ethanol fermentation process.
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7) Robust optimisation of ethanol production

7.1 Introduction

The main objective of this research is to determine an approach that can be used
to determine the optimal ethanol yield of a fed-batch fermentation by
Saccharomyces cerevisiae. Based on the model and data in Chapter 6, substrate
inhibition was not observed. Thus, manipulating the feed to control the sugar
concentration during the batch was not a viable optimisation strategy. Substrate
limitations were only observed at low substrate concentrations of less than 30 g/L;
hence, substrate limitation did not affect the majority of fermentations as, in most
cases, the sugar concentration at the end of the fermentation was high. The
ethanol concentration was the main factor that affected the fermentation rate
and the variable that caused the fermentation activity to cease.

As the ethanol concentration increased, the rate of fermentation slowed until the
maximum ethanol concentration was reached. The maximum ethanol
concentration was not constant over all the batches and was affected by various
factors, such as the nutrition available in the fermentation. Thus, the maximum
ethanol concentration for a batch is unknown at the start of the batch.

Neural networks were used to predict the maximum ethanol concentration during
the batch. Ten sequential measurements for the total sugar consumption, the
ethanol concentration, and the feed rate were used as inputs to a network that
was able to predict the final ethanol concentration. The error between this
predicted value and the actual final ethanol concentration reduces as the
fermentation continues and the ethanol concentration nears the final value.
Hence, the uncertainty of this parameter reduces as the fermentation progresses.
As the uncertainty decreases, the accuracy with which the maximum ethanol
concentration can be estimated increases, so as the fermentation progresses, the

accuracy of the estimate increases.
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Optimising the batch based on this uncertain value could lead to optimal solutions
that are infeasible or suboptimal. Hence, robust optimisation was used as a

method to determine the optimal solution.

7.2 Optimisation strategy

7.2.1 calculation of optimal solution

Two optimisation strategies were investigated to maximise ethanol yield. The
ethanol yield was defined as per Equation 7.1 as the ratio of ethanol produced per
batch and the amount of sugar fed to the batch. It should be noted that this does
not relate to the yield Yx;s which was assumed to be constant for calculation

purposes.

eld i 7.1
yield = — .
Sef

Where P: is the total ethanol formed during the fermentation in g. S is the total

sugar added to the fermenter in kg.

Hence, the optimisation problem can be written as shown in Equation 7.2 to

determine the maximum ethanol yield per batch:

PV

— 7.2
T SoVo + 5,7,

So is the initial substrate concentration in the fermenter in g/L, Vo is the initial
volumeiin L, S¢is the substrate concentration in the feed in g/L, and Vtis the volume

of feed added.

As each batch's product concentration was limited to a maximum theoretical

ethanol concentration, two potential methods can be used to optimise the process
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by either decreasing the amount of sugar added to the fermenter for a fixed
volume of water, or increasing the water added to the fermenter for a fixed mass
of sugar, so that the ethanol concentration would ideally be equal to Pmax and the

sugar concentration at the end of the fermentation would be zero.

The total feed added to the fermentation was optimised by assuming the total
product formed could be calculated using Equation 7.3, which is obtained by
multiplying the product concentration from Equation 6.5 by the fermentation

volume.

Where S; is the total mass of sugar consumed during the fermentation.

The optimal yield is achieved when the amount of sugar added to the fermenter
in the feed is equal to the total sugar consumed during the fermentation S#=S:.
Equation 7.1 is then reduced to the yield=Yp/s, which would be the theoretically
highest achievable yield. To determine the amount of feed required, Equation 7.4

can be used to determine the optimal feed.

*© P
50V0 + Sfo = f Vmax * <1 - ) Xt 7.4
0

So is the initial substrate concentration in the fermenter in g/L, Vo is the initial
volumeiin L, S¢is the substrate concentration in the feed in g/L, and Vtis the volume

of feed added.
As the optimisation is based on the final conditions of the fermentation, the

integral can be replaced with Si='V *P/Ypss. The product concentration at the end

of the fermentation can be assumed to be Pmay, and the volume is the sum of the
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initial volume, and the volume of the feed added to the fermenter. The balance

then becomes Equation 7.5.

Pmax(VO + Vf)

SoVo + SV = 7.5
ve Ty Ye/sy
Hence, the optimal feed volume can be determined by Equation 7.6.
_ VO(Pmax - YP/SSO) 7.6

Ve, =
4 (YP/SSf—Pmax)
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7.2.2 Comparison of optimisation strategies
The system described in Chapter 5 was used as the basis for optimisation, in which
the constants are given in Table 7.1. The resulting optimal feed rate required for a

range of Pmax values is shown in Figure 7.1.

Table 7.1: Parameters used to determine optimal feed volume

Parameter Value Unit
Vo 43.1 L

Yess 438.69 g/kg

So 0.116 kg/L

St 0.625 kg/L

The optimal feed volume increases as the value of Pmax increases. It would reach
an asymptote at Pmax values greater than 274.18 g/L, which is the P value which
corresponds to the total conversion of all sugar in the feed to ethanol, without the
product inhibition affecting the final ethanol concentration. The total ethanol
produced also increases linearly, which indicates that at low Pmax values, limiting
the feed volume can result in lower ethanol production. For example, a Pmax of
70 g/L will produce less than 4000 g of ethanol, while a Pmax of 130 g/L will produce

more than double the amount at 8029.4 g
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Figure 7.1: Optimal feed volume and total ethanol production

The lower total production at low Pmax values demonstrates the limitation of this
optimisation method. While this method will minimise excess sugar, the sugar that
will not be fermented will not be added to the fermentation. However, the ethanol
produced in the batch will not be optimised. The optimisation can ensure higher
ethanol production rates by changing how the vyield is defined, as shown in
Equation 7.1. The optimisation strategy can be amended by assuming the feed
volume is fixed. Hence, the total amount of sugar added to the fermentation is
constant. As the volume of feed added is constant, an additional variable must be
added to manipulate the system and reduce the ethanol concentration. For this
purpose, additional water is added to the fermentation to dilute the ethanol. In
this case, the balance will become a function of the volume of dilution water

added, V4w, as shown in Equation 7.7.
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e (Vo + Ve + Vaw)

7.7

The parameters shown in Table 7.1 were used, and V¢ was constant as 161L,
containing 10 kg of water and 10 kg of sugar. The optimal value for Vgqw was
determined using Equation 7.8 for a range of Pmax values between 10 g/L and

150 g/L.

_ YP/S(SOVO + Sfo)

- (Vo + V) 7.8

dw
Pmax

Figure 7.2 shows that the amount of dilution water required increases as the Pmax
value decreases since more water is needed to dilute the ethanol produced from
the sugar. As the amount of sugar added is constant, the total mass of ethanol
produced is constant at 6575.1 g, as all sugar is consumed in all cases. The practical
considerations of the system would prevent this at Pmax values, where the dilution
water required would cause the total volume to exceed the maximum volume of
the fermenter.

For Pmax values greater than 112 g/L, the calculated volume of dilution water was
negative, indicating that at these values, the sugar would be able to ferment

completely without the ethanol concentration reaching the Pmax limit.
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Figure 7.2: Optimised dilution water addition and ethanol produced

7.2.3 Economic analysis

The dilution increases the energy required during distillation. Hence, the effect of
dilution on the process's profitability was determined. The ethanol sales price was
assumed to be 91 US cents per kilogram of ethanol, while the cost of the sugar
was 29 US cents per kilogram (Kohler, 2016). The cost of distillation was
determined based on the energy required. The relationship between the energy
required and the ethanol concentration of the feed to the distillation column was
determined based on data from Kvaalen et al. (Kvaalen et al., 1984). The energy
usage and the fit given by Equation 7.9 is shown in Figure 7.8. The fit for Equation
7.8 was found using the curve fitting toolbox in MATLAB. The fit to the data has an

RMSE of 316.7 kJ/Kg and an R? value of 0.9988.
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E = 330600p~1018 7.9
Where E is the energy required to purify 1 kg of ethanol to 90% (w/w) in kJ.
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Figure 7.3: Energy requirement for distillation for a range of feed concentrations

The cost of the energy required for distillation was calculated based on the price
of steam, which is $12.29 per 1000 Ibs (Peters et al., 2023), giving a cost of 0.00135
US cents per kJ. The potential profit for fermentations where the optimal amount
of dilution water has been added is shown in Figure 7.4. For the range of Pmax
values ranging from 30 g/L to 130 g/L, the costs of distillation increase as Pmax
decreases, with a Pmax of 30 g/L resulting in 149.33 cin profit and 130 g/L resulting
in 160.61 c of profit per batch. While the difference is not large at the lab scale

used, it would become significant for large industrial fermentations.
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Figure 7.4: Profit per batch assuming total conversion of sugar.

If Pmax is known, the optimal volume of dilution water can be easily calculated.
However, unless the conditions of the fermentation and the feed can be
duplicated precisely, the value of Pmax is not known until the end of the
fermentation.

This solution, however, neglects the opportunity cost that long fermentations

could cause due to the extended length of fermentations.
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7.3 Robust Optimisation

As mentioned previously, the calculation of the amount of water required to
complete the fermentation is trivial if Pmax is known. However, the uncertainty in
the parameter makes optimisation difficult. The neural network prediction
described in the previous chapter provides an estimate for Pmax. However, again,
there is uncertainty in this estimate. The estimate for the first optimisation test is

shown in Figure 7.5
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Figure 7.5: Estimated Pmax based on NN model for first optimisation test

The estimated values for Pmax range from 85 g/L at the start of the fermentation
up to a maximum of 97 g/L. The second optimisation test can be considered the
optimal profile, so the real Pmax value is 96.73 g/L. As the NN model underpredicts
the ethanol concentration, if the dilution water were added based on this

estimate, more water than needed would have been added, increasing the costs
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associated with distillation. After 40 hours, the estimate increases to above 90 g/L,
but this is the stage of the batch where the fermentation has begun to slow
dramatically. Hence, the optimal strategy at this stage would be to add a
conservative amount of dilution water during the initial stages of the fermentation
so that the fermentation can continue and more sugar can be consumed.
However, the algorithm would need to prevent overfeeding of water, as once the
water is added, it cannot be removed. Figure 7.6 shows the optimal dilution
predicted at hourly intervals. The predictions that calculated a volume larger than
the optimal dilution, calculated after the fermentation had stalled, would cause

too much dilution water to be added to the fermentation, increasing distillation

costs.
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Figure 7.6: Predicted dilution required based on density measurements

Robust optimisation provides a framework for finding a solution for an

optimisation problem where there is an uncertain parameter. The solution can be
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found even if the uncertainty distribution of the parameter is unknown. The
solution is based on an uncertainty set, and the solution must be feasible for all
values in the set.

For the optimisation of the ethanol yield, the correct volume of water needs to be
determined, and solutions that add too much water must be rejected as infeasible.
For this purpose, the bounds of the parameter Pmax were specified and changed
with time. Additionally, as shown in the optimisation test, adding the dilution
water too late in the fermentation can limit the benefit. Hence, all additions should
occur before 50 h. The upper limit for the value of Pmax,0pt Was chosen to be 50%
higher than the predicted Pmax value at t=0 h and decreases linearly, as shown in
Equation 7.10. the first prediction can only be made at t=10 due to the required

data points for the neural network.

05t
Praxopt = (1.5 ~ "= )Pmax 7.10

The lower bound of the parameter does not need to be defined, as the optimal
dilution volume calculated at the upper bound is feasible for all lower Pmay,opt
values, as it will be the lowest volume for the set. The upper bound of Pmax,opt is

shown in Figure 7.7.

97



Chapter 7: Robust optimisation

120 4
upperbound Pmax,opt

Pmax

-

-

[$)]
T
1

-

-h

o
T
Il

105 4

1001 4

Ethanol concentration g/L

90 r T

80 1 1 1 1 1 1 1
10 15 20 25 30 35 40 45 50

time h

Figure 7.7: upper bound of Pmax,opt

The dilution required to completely ferment the sugar given the maximum ethanol
concentration at the upper bound of Pmax,opt Was solved at each time interval, as
shown in Figure 7.8. Initially, the optimal dilution volume is negative due to the
large values of Pmaxopt, fOr all negative values, the volume was set to zero. The

profile of volume addition that was obtained is shown in Figure 7.9.
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Figure 7.8: optimal dilution volume solved at each time step
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Figure 7.9: volume of dilution water added

The optimal dilution volume profile was then determined for Experiments 1, 2, 3
and 4. These experiments used the same initial conditions, had similar
fermentation profiles, and stalled at approximately the same value of Pmax. The

determined dilution volume addition profiles are shown in Figure 7.10
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The volumes determined for these experiments were higher than those for the

optimisation trials as the Pmax values were lower due to lower levels of nutrition

available. The values for the volume determined using the robust optimisation and

neural

network model, compared to the values based on the ethanol

concentration at which the fermentation stalled, are shown in Table 7.2. The

predicted optimal volumes are within 3 litres of the calculated optimal volume.
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Table 7.2: volume of dilution water determined using RO and neural network
model and calculated optimal dilution volume

batch dilution volume from RO (L) calculated optimal dilution
volume (L)

expl 34.86 37.45

exp 2 34.48 37.10

exp 3 40.62 38.33

exp 4 36.50 33.95

For these experiments, the sugar conversion was only 56% or less, so the volume
addition has the potential to almost double the amount of sugar converted and,
thus, double the ethanol produced in the batch. As the sugar for fermentation can
contribute up to 60% of the cost of the ethanol, this shows that the ability to
determine the optimal volume addition before the end of the fermentation could
result in a significant increase in revenue due to increased ethanol production, but
also decrease the costs associated with the production, while minimising the

potential for increasing the costs of distillation.
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7.5 Conclusion

The ethanol yield, in terms of the total ethanol formed from the total sugar
available, was optimised in two ways: firstly, the amount of feed was controlled to
prevent the addition of excess sugar that would not ferment, and secondly,
through the addition of water to dilute the ethanol which acts as an inhibitor to
further ethanol production. Experimentally, it was demonstrated that this
approach could significantly increase the amount of ethanol produced during a
batch. To allow this optimisation to be done during fermentation, a neural
network model that was able to predict the maximum ethanol concentration for
the batch was used. The uncertainty in this prediction made optimisation difficult.
However, using robust optimisation and defining the upper bounds of the
maximum ethanol concentration, the volume required to optimise the batch could
be determined without adding excess water. In theory, the sugar conversion can
be increased to 100%, and experimentally, the sugar conversion increased to

greater than 90% after the addition of the dilution water.
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8) Discussion and recommendations

8.1) Discussion

The optimisation shown in Chapter 7 showed that by manipulating either the feed
of sugar or water, the amount of potentially wasted sugar can be reduced, which
would reduce vinasse volumes, reduce costs, and increase the potential
profitability of the ethanol production process at high gravity.

The limitations of the optimisation should also be noted, as the experiment was
limited by conditions that could be recreated in the laboratory setting; hence
some conditions would differ from those found in industry.

Firstly the maximum possible ethanol concentrations found were low, well below
the ethanol tolerance stated by the manufacturer. As nutritional availability was
found to be the major factor affecting the maximum potential ethanol
concentration, the conditions could differ where excess nutrition is available, and
the modelling could deliver different results.

Secondly, several parameters such as yield, Yx/s, and total biomass, X:, were
assumed to be constant. Assuming a constant yield of ethanol formation from
sugar is consistent with the majority of work in literature for calculation purposes
(Ghose & Tyagi, 1979) (Hong, 1986) (Amillastre et al., 2012). Where this work
differsis that the total biomass was assumed to be constant. This corresponds with
the data, in that the rate of ethanol formation was greatest at the start, where if
the biomass concentration increased, an acceleration of ethanol production and
sugar utilisation would be expected. This potentially explains another deviation
from the majority of literature, in that the optimal feeding strategy is usually
defined by a slow rate of sugar addition to avoid substrate inhibition of biomass
formation, rather than being limited by the maximum ethanol concentration. This
is also the case where biomass production is optimised as the sugar concentration
must be kept as low as possible to prevent the formation of byproducts such as

ethanol, and also to prevent substrate inhibition of biomass growth. The use of
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substrate concentration minimisation as the optimising criteria is due to the
majority of models, such as those used by Hong (1986), including large effects due
to substrate inhibition, especially in the formation of biomass. Hence at high sugar
concentrations, which inhibit growth of the biomass, ethanol production and
sugar utilisation are both severely inhibited. This is supported by the conjunction
and batch curves shown in Hong (1986) which show that for the model used, there
is no product formation for a substrate concentration higher than 150 g/L. For the
high gravity fermentations it is then not unreasonable to assume that the growth
of new yeast cells was negligible.

It should also be noted that the maximum ethanol concentration varies between
the experiments performed, where commonly it would be assumed that the
kinetics of a particular strain is constant. There is remarkably little literature
exploring the effect of the fermentation conditions on the kinetic parameters. The
nutrients available to the yeast are known to vary between fermentations, and
affect yeast performance, however it is not possible, based on currently available
information, to predict the effect the variation of fermentation conditions will
have on each fermentation. Hence a method was developed to predict the kinetics
of the yeast and allow for prediction of the end point of the fermentation. This
allowed for the optimisation strategies described in Chapter 7 to be developed.
While it was shown that implementing the changes as early as possible was
beneficial what was not investigated was the effect of lengthening the
fermentation. This was due to the main optimisation objective being the reduction
of residual sugar, however if the profitability of each fermenter was taken into
account, both the rate of sugar utilisation and the end point of the fermentation
would need to be determined. If the additional ethanol production is sub-optimal,
economically, it may be preferable to end a fermentation prior to the end point of

the fermentation and allow a new fermentation to begin.
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8.2) Conclusion

A bioreactor system was developed to perform the fermentations, and it was
shown that by monitoring the density of the liquid in the fermenter the most
important process variables, the substrate and ethanol concentration, could be
determined based on existing correlations to within 10% of values determined
offline using high-performance liquid chromatography. The error found was
mainly due to the errors introduced by the measurement device,

A novel model was developed to simulate the fed-batch fermentation for a range
of conditions. It was determined that the variable that affected the maximum
ethanol concentration was the concentration of the nutrient, yeast extract, that
was present in each fermentation. A linear relationship was determined between
the maximum ethanol concentration Pmax and yeast extract added to the start of
the fermentation.

It was found that the artificial neural network models were not effective in
predicting the progression of the fermentation. The models could not be used as
the required inputs were not available to determine the maximum ethanol
concentration, as the available nutrients were considered an unknown. The neural
network prediction for the ethanol concentration during the fermentation was
also unstable, and the seed used in training the network had a significant effect on
the results of the model.

After analysing the analytical model, it was determined that the only parameter
required to be known to optimise the ethanol concentration was the final ethanol
concentration, Pmax. A neural network model was trained to predict the final
ethanol concentration. The neural network model was able to predict the final
ethanol concentration with increasing accuracy as the fermentation progressed.
However, the largest error in absolute terms was -24.48 g/L, which demonstrates
that there is a significant degree of uncertainty in the model.

The main objective of the research was to develop an optimisation strategy for

fed-batch ethanol fermentations, increasing the yield of ethanol. This was initially
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proposed to use artificial neural networks to assist with the computation of the
optimal trajectory for the feed rate, however, due to the kinetics of the system,
this optimisation strategy was not feasible. Two strategies were developed in
place of the initial proposal, firstly using the neural network prediction of the final
ethanol concentration to limit the feed to the amount of sugar that could
theoretically be consumed to achieve the maximum ethanol concentration, and
secondly, adding dilution water to increase the volume so that all sugar can be
consumed and the maximum ethanol concentration, again predicted by the neural
network model, can be achieved.

The first optimisation strategy was found to be deficient as it would result in lower
production of ethanol, which would decrease revenue, even if the feed costs were
reduced. The second strategy, where water was added to the fermentation, was
shown to increase the sugar conversion dramatically and based on the results of
the experiments, could result in an increase in sugar consumption from 56% to
near 100%. The total amount of ethanol produced would also be increased

proportionally, while the costs of adding water would be negligible.
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8.3) Recommendations for further work

The results and conclusions of this research lead to several recommendations for

further work.

1)

2)

The estimation of sugar and ethanol concentration using online density
measurements should be expanded to look at aerated fermentations.
Significant work would need to be done to replicate the correlations for
anaerobic fermentations and determine the accuracy of the estimation for
these fermentations.

The use of a similar optimisation strategy for aerated fermentations should
also be investigated. Tests would need to be performed to determine the
effect of aeration on sugar consumption and ethanol production. If a
similar strategy could be used for aerated fermentations, it would be more
applicable to the biofuel industry, while the current research is more
applicable to the production of potable ethanol, where anaerobic

fermentation is more common.
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Appendix A-Experimental Data

A. 1 Results

A.1.1 Experiment 1

The results of Experiment 1 are shown in Table Al. The SG measurements show
that the data obtained does not contain significant noise. However, during the
fermentation's first two hours, the reading was not reliable when the
fermentation was most vigorous. The noise in the initial stage of the fermentation
was a feature that was repeated over all the experiments due to the vigorous
fermentation that occurred in the first hours of the fermentation. There was a
measurement gap between 30 and 40 hours caused by a failure in the data
collection system. The disturbance in the data before 50 hours was due to the
iSpindle measurement device being removed from the fermenter for testing after
the signal was lost. The temperature was maintained near the setpoint of 35°C
until after 70 hours when the fermentation had stopped, and the SG values did

not change further.
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Table Al: Data for Experiment 1

. Vol added Ferm Tem total sugar
Time b /h SG C P consumged
0 0.00 1.04 38.39 -0.83
1 0.00 1.04 38.78 0.15
2 0.00 1.03 37.98 0.62
3 0.00 1.03 37.46 0.94
4 0.00 1.02 37.18 1.30
5 0.00 1.03 36.97 1.47
6 0.00 1.02 36.76 1.75
7 0.00 1.02 36.60 2.07
8 0.00 1.02 36.33 2.36
9 0.00 1.02 36.11 2.51
10 0.00 1.01 35.91 2.69
11 0.00 1.01 35.72 2.89
12 0.00 1.01 35.52 3.11
13 0.00 1 35.34 3.38
14 0.00 1 35.21 3.51
15 0.71 1.01 34.70 3.67
16 0.72 1.01 34.57 3.89
17 0.72 1.01 34.72 4.05
18 0.72 1.01 34.89 4.36
19 0.72 1.01 35.06 4.59
20 0.72 1.01 34.80 4.81
21 0.72 1.02 34.93 4.94
22 0.72 1.02 35.01 5.19
23 0.72 1.02 34.86 5.28
24 0.72 1.02 35.03 5.44
25 0.72 1.02 34.89 5.65
26 0.72 1.02 35.00 5.75
27 0.72 1.02 34.90 5.92
28 0.72 1.03 34.93 6.06
29 0.72 1.03 35.00 6.10
30 0.72 1.03 35.00 6.29
31 0.72 1.03 34.93 6.43
32 0.72 1.03 34.93 6.53
33 0.72 1.03 35.01 6.66
34 0.72 1.04 34.85 6.78
35 0.72 1.04 34.71 6.78
36 -0.22 1.04 34.58 6.59
37 0.00 1.04 34.85 6.47
38 0.00 1.04 35.01 6.63
39 0.00 1.04 34.83 6.72
40 0.00 1.04 35.06 6.84
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41 0.00 1.04 34.86 6.95
42 0.00 1.04 35.03 7.03
43 0.00 1.04 34.82 7.12
44 0.00 1.03 35.08 7.21
45 0.00 1.03 34.90 7.27
46 0.00 1.03 35.02 7.39
47 0.00 1.03 34.90 7.50
48 0.00 1.03 34.98 7.61
49 0.00 1.04 34.86 7.47
50 0.00 1.03 35.02 7.73
51 0.00 1.03 34.90 7.80
52 0.00 1.03 35.02 7.85
53 0.00 1.03 34.90 7.92
54 0.00 1.03 35.04 7.97
55 0.00 1.03 34.90 8.03
56 0.00 1.03 35.01 8.08
57 0.00 1.03 3491 8.14
58 0.00 1.03 34.93 8.17
59 0.00 1.03 34.84 8.18
60 0.00 1.03 34.76 8.25
61 0.00 1.03 34.89 8.30
62 0.00 1.03 35.05 8.33
63 0.00 1.03 34.90 8.36
64 0.00 1.03 35.04 8.40
65 0.00 1.03 3491 8.43
66 0.00 1.03 34.89 8.43
67 0.00 1.03 35.06 8.47
68 0.00 1.02 34.83 8.48
69 0.00 1.02 34.90 8.51
70 0.00 1.02 34.90 8.53
71 0.00 1.02 34.68 8.54
72 0.00 1.02 34.55 8.53
73 0.00 1.02 34.42 8.53
74 0.00 1.02 34.32 8.54
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A.1.2 Experiment 2

The results of Experiment 2 are shown in Table A.2. Experiment 2 used the same
initial conditions as Experiment 1; however, the feed rate was reduced to
determine the effect of reducing the sugar concentration on the fermentation
rate. The SG measurement follows a similar trend to that seen for Experiment 1,
and the temperature was controlled to the setpoint until the fermentation
stopped at approximately 70 hours. Once the fermentation had stopped, an
additional 50 g of yeast extract, as well as 50 g of additional dried yeast, was added
to the fermenter in an attempt to increase the amount of sugar consumed;
however, the SG did not change further, and no further fermentation occurred
after that point.

Table A2: Data for Experiment 2

Time h | Vol added /h SG Ferm Temp C total sugar consumed kg
0 0.00 1.044735 39.02 -0.72
1 0.00 1.037605 38.89 0.20
2 0.00 1.034804 37.69 0.63
3 0.00 1.032498 36.85 0.88
4 0.00 1.028518 36.27 1.23
5 0.00 1.024077 35.90 1.64
6 0.00 1.023227 35.59 1.82
7 0.00 1.01659 35.32 2.14
8 0.00 1.016399 35.06 2.36
9 0.00 1.016501 34.82 2.54
10 0.00 1.012899 35.04 2.77
11 0.00 1.010697 34.99 3.08
12 0.00 1.006616 34.85 3.17
13 0.00 1.006652 35.01 3.31
14 0.00 1.00341 34.98 3.59
15 0.13 1.001504 34.85 3.80
16 0.43 1.004044 35.07 3.97
17 0.43 1.004493 35.00 4.14
18 0.43 1.003398 34.88 4.44
19 0.43 1.00439 35.09 4.64
20 0.43 1.005361 35.07 4.77
21 0.43 1.006508 34.88 4.83
22 0.43 1.007143 34.81 4.93
23 0.43 1.010377 35.07 5.05
24 0.20 1.011993 34.74 4.96
25 0.37 1.011777 34.51 5.38
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26 0.43 1.01136 34.71 5.58
27 0.43 1.014184 34.94 5.66
28 0.43 1.015252 34.89 5.75
29 0.43 1.016211 34.86 5.90
30 0.43 1.017725 35.05 5.95
31 0.43 1.018715 34.88 6.02
32 0.43 1.021026 35.02 6.16
33 0.43 1.021862 34.86 6.30
34 0.43 1.022864 34.91 6.39
35 0.43 1.024514 35.00 6.50
36 0.43 1.026238 34.93 6.58
37 0.43 1.026604 34.94 6.71
38 0.43 1.027846 34.70 6.81
39 0.43 1.02931 34.73 6.87
40 0.43 1.030977 34.97 6.95
41 0.43 1.031624 34.86 7.08
42 0.43 1.032843 34.94 7.17
43 0.43 1.034993 34.99 7.22
44 0.13 1.03394 35.04 7.35
45 0.00 1.033159 34.87 7.44
46 0.00 1.032768 35.05 7.50
47 0.00 1.032172 34.85 7.56
48 0.00 1.031867 34.93 7.61
49 0.00 1.030901 34.94 7.72
50 0.00 1.030638 34.86 7.76
51 0.00 1.029955 35.01 7.85
52 0.00 1.029523 34.98 7.94
53 0.00 1.02898 34.94 7.94
54 0.00 1.02861 34.98 8.04
55 0.00 1.027912 34.93 8.08
56 0.00 1.027826 34.87 8.14
57 0.00 1.027285 34.89 8.19
58 0.00 1.026762 34.96 8.24
59 0.00 1.026425 34.99 8.28
60 0.00 1.02625 35.02 8.32
61 0.00 1.026046 34.93 8.35
62 0.00 1.025665 34.90 8.38
63 0.00 1.025736 34.83 8.38
64 0.00 1.025696 34.75 8.39
65 0.00 1.025147 34.75 8.45
66 0.00 1.025023 34.76 8.48
67 0.00 1.025023 34.83 8.48
68 0.00 1.024774 34.88 8.51
69 0.00 1.024523 34.74 8.54
70 0.00 1.024537 34.51 8.54
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71 0.00 1.024549 34.30 8.55
72 0.00 1.024549 34.14 8.54
73 0.00 1.024672 33.84 8.54
74 0.00 1.024465 33.84 8.55
75 0.00 1.024111 33.76 8.60
76 0.00 1.024175 33.58 8.59
77 0.00 1.024174 33.41 8.61
78 0.00 1.024058 33.16 8.61
79 0.00 1.023982 33.04 8.62
80 0.00 1.023943 32.80 8.62
81 0.00 1.024145 32.56 8.60
82 0.00 1.023998 32.37 8.61
83 0.00 1.024126 32.22 8.61
84 0.00 1.024142 32.03 8.61
85 0.00 1.023995 31.99 8.61
86 0.00 1.024139 31.88 8.61
87 0.00 1.024118 31.89 8.59
88 0.00 1.02412 31.89 8.60
89 0.00 1.024064 31.89 8.61
90 0.00 1.024124 31.88 8.60
91 0.00 1.024027 31.90 8.60
92 0.00 1.024146 31.70 8.59
93 0.00 1.024138 31.40 8.59
94 0.00 1.024257 31.06 8.59
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A.1.3 Experiment 3

The results from Experiment 3 are shown in Table A3. Experiment 3 used similar
conditions to the previous experiments; however, the feed rate was reduced
further to reduce the sugar concentration during the fermentation. The SG
reached lower values than in Experiment 1 or Experiment 2. The SG showed quite
a different profile to that shown in the previous experiments, where the start of
the feed can be seen, and the rate of increase seemed approximately constant for
the duration of the feeding. In this case, the SG remained constant until
approximately 30 hours, when the fermentation slowed. The slowed fermentation
rate can be seen in the temperature of the fermenter, where the setpoint could
not be maintained after this occurred. The temperature control system required
adequate mixing in the fermenter, which would not be the case if the fermentation
rate was not fast enough to produce the bubbles necessary for mixing. While the
SG increased after the 30-hour mark, the fermentation rate did not increase to the
point where the temperature control system could maintain the setpoint
temperature.

Table A3: Data for Experiment 3

Vol added Ferm Temp | total sugar

Timeh | /h SG C consumed
0 0.00 | 1.043189 35.03 -0.04
1 0.00 | 1.043183 35.55 0.03
2 0.00 | 1.037361 34.84 0.46
3 0.00 1.0376 34.66 0.53
4 0.00 | 1.031631 35.06 0.96
5 0.00 | 1.029609 34.94 1.19
6 0.00 | 1.02539 34.83 1.47
7 0.00 | 1.023295 35.18 1.79
8 0.00 | 1.018781 34.76 2.08
9 0.00 | 1.019086 34.76 2.17
10 0.00 | 1.014367 35.01 2.47
11 0.00 | 1.015442 34.85 2.48
12 0.00 | 1.009574 34.71 2.81
13 0.00 | 1.007998 34.85 3.07
14 0.00 1.01 35.00 3.10
15 0.00 | 1.005876 35.01 3.34
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16 0.00 | 1.004928 34.76 3.44
17 0.03 | 1.003623 34.83 3.55
18 0.21 | 1.003424 34.98 3.69
19 0.21 | 1.001785 35.01 3.94
20 0.21 | 1.001208 34.74 4.07
21 0.21 | 1.001521 34.86 4.18
22 0.21 | 1.000278 35.00 4.34
23 0.21| 1.00135 35.01 4.46
24 0.21 | 1.001128 34.99 4.61
25 0.21 | 1.000758 34.92 4.71
26 0.21 | 1.000849 34.87 4.81
27 0.21 | 1.000762 34.88 4.95
28 0.21 | 1.00097 34.86 5.05
29 0.21 | 1.001006 34.76 5.13
30 0.21 | 1.00136 34.63 5.22
31 0.21 | 1.001367 34.50 5.30
32 0.21 | 1.001636 34.34 5.41
33 0.21 | 1.002033 34.19 5.49
34 0.21 | 1.00205 34.13 5.58
35 0.21 | 1.002381 34.03 5.68
36 0.21 | 1.002518 33.93 5.72
37 0.21 | 1.003462 33.78 5.79
38 0.21 | 1.003955 33.70 5.84
39 0.21 | 1.003955 33.64 5.94
40 0.21 | 1.003955 33.62 6.08
41 0.21 | 1.003567 33.61 6.19
42 0.21 | 1.003969 33.62 6.22
43 0.21 | 1.004885 33.63 6.26
44 0.21 | 1.005705 33.43 6.31
45 0.21 | 1.006588 33.27 6.29
46 0.21 | 1.007295 32.98 6.37
47 0.21 | 1.007748 32.80 6.39
48 0.21| 1.00791 32.63 6.48
49 0.21 | 1.008994 32.44 6.51
50 0.21 | 1.009289 32.28 6.54
51 0.21 | 1.009946 32.14 6.60
52 0.21 | 1.010432 31.98 6.64
53 0.21 | 1.010914 31.86 6.68
54 0.21 | 1.011458 31.71 6.75
55 0.21 | 1.011862 31.50 6.79
56 0.21 | 1.012471 31.42 6.82
57 0.21 | 1.012798 31.29 6.90
58 0.21 | 1.012798 31.20 7.00
59 0.21 | 1.012798 31.20 7.04
60 0.21| 1.01517 31.11 6.95
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61 0.21 | 1.015809 30.99 7.01
62 0.21 | 1.015809 31.03 7.02
63 0.21 | 1.016567 31.00 7.06
64 0.21 | 1.017136 31.12 7.12
65 0.21 | 1.017789 31.28 7.17
66 0.21 | 1.019039 31.42 7.18
67 0.21| 1.01962 31.55 7.17
68 0.21 | 1.019509 31.67 7.23
69 0.21 | 1.020458 31.81 7.23
70 0.21 | 1.02125 31.86 7.26
71 0.21 | 1.021816 31.91 7.30
72 0.21 | 1.02245 31.99 7.28
73 0.21 | 1.023284 31.97 7.30
74 0.21 | 1.023883 31.99 7.33
75 0.21 | 1.024485 32.04 7.34
76 0.21 | 1.025144 31.98 7.37
77 0.21 | 1.025601 31.92 7.40
78 0.21 | 1.026474 31.84 7.42
79 0.21 | 1.026941 31.70 7.45
80 0.21 | 1.027359 31.63 7.49
81 0.21 | 1.02802 31.51 7.50
82 0.21 | 1.028647 31.40 7.53
83 0.21 | 1.02922 31.36 7.54
84 0.21 | 1.029985 31.22 7.57
85 0.21 | 1.030322 31.18 7.59
86 0.17 | 1.030818 31.19 7.60
87 0.00 | 1.031631 31.18 7.50
88 0.00 | 1.032058 31.43 7.46
89 0.00 | 1.031626 31.58 7.49
90 0.00 | 1.031692 31.84 7.51
91 0.00 | 1.031351 32.01 7.54
92 0.00 | 1.031259 32.17 7.57
93 0.00 | 1.031106 32.38 7.60
94 0.00 | 1.030696 32.44 7.62
95 0.00 | 1.030654 32.58 7.65
96 0.00 | 1.030484 32.58 7.66
97 0.00 | 1.030407 32.59 7.68
98 0.00 | 1.030048 32.58 7.72
99 0.00 | 1.029932 32.57 7.71
100 0.00 | 1.029761 32.56 7.75
101 0.00 | 1.029791 32.54 7.76
102 0.00 | 1.029488 3241 7.77
103 0.00 | 1.029428 32.35 7.79
104 0.00 | 1.029377 32.23 7.81
105 0.00 | 1.029066 32.14 7.83
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106 0.00 | 1.029189 32.05 7.83
107 0.00 | 1.02904 31.96 7.84
108 0.00 | 1.028971 31.88 7.84
109 0.00 | 1.02887 31.84 7.86
110 0.00 | 1.028746 31.77 7.87
111 0.00 | 1.028722 31.82 7.88
112 0.00 | 1.028811 31.91 7.89
113 0.00 | 1.028482 32.00 7.91
114 0.00 | 1.028247 32.20 7.94
115 0.00 | 1.028165 32.30 7.95
116 0.00 | 1.027964 32.44 7.97
117 0.00 | 1.02787 32.58 7.99
118 0.00 | 1.027905 32.61 8.00
119 0.00 | 1.027601 32.73 8.02
120 0.00 | 1.027615 32.77 8.02
121 0.00 | 1.027469 32.74 8.05
122 0.00 | 1.027617 32.76 8.04
123 0.00 | 1.027289 32.72 8.06
124 0.00 | 1.027191 32.70 8.06
125 0.00 | 1.027652 32.67 8.04
126 0.00 | 1.027176 32.58 8.07
127 0.00 | 1.02712 32.52 8.08
128 0.00 | 1.027051 32.44 8.09
129 0.00 | 1.026948 32.39 8.11
130 0.00 | 1.026948 32.27 8.11
131 0.00 | 1.026809 32.24 8.11
132 0.00 | 1.027033 32.20 8.10
133 0.00 | 1.027033 32.12 8.09
134 0.00 | 1.027033 32.17 8.09
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A.1.4 Experiment 4

The results of Experiment 4 are shown in Table A4. The conditions for the

experiment were similar to the previous three experiments; however, the feed

was started earlier and increased slightly to prevent the low sugar concentrations

seen in Experiment 3, but to reduce the feed rate in comparison to Experiment 2.

The SG followed a similar profile to Experiments 1 & 2. In this case, the

temperature controller maintained the setpoint until approximately 55 hours,

when the SG ceased to change.

Table A4: Data for Experiment 4

Vol added Ferm Temp | total sugar
Timeh | /h SG C consumed
0 0.00 | 1.046577 41.52 -0.65
1 0.00 | 1.048396 40.99 -0.43
2 0.00 | 1.04129 39.45 0.22
3 0.00 | 1.035897 38.08 0.45
4 0.25 | 1.034726 36.92 0.86
5 0.29 | 1.031567 35.99 1.15
6 0.29 | 1.030415 35.20 1.50
7 0.29 | 1.027776 34.60 1.77
8 0.29 | 1.027305 34.71 2.22
9 0.29 | 1.025128 35.11 2.45
10 0.29 | 1.022426 34.48 2.73
11 0.29 | 1.020206 34.34 2.99
12 0.29 | 1.020351 34.58 3.23
13 0.29 | 1.020256 34.89 3.44
14 0.29 | 1.01863 35.07 3.64
15 0.29 | 1.018265 34.68 3.81
16 0.29 | 1.017271 34.66 3.94
17 0.29 | 1.017784 34.73 4.26
18 0.29 | 1.016136 34.94 4.35
19 0.29 | 1.016395 35.00 4.52
20 0.29 1.01574 34.75 4.76
21 0.29 | 1.018654 34.90 4.82
22 0.29 | 1.017745 35.05 5.01
23 0.29 | 1.016675 34.81 5.15
24 0.29 1.0165 34.83 5.29
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25 0.29 | 1.016021 34.92 5.46
26 0.29 | 1.016677 35.07 5.57
27 0.29 | 1.018517 34.82 5.63
28 0.29 | 1.015825 34.83 5.83
29 0.29 | 1.015603 34.86 5.98
30 0.29 | 1.016657 34.90 6.06
31 0.29 | 1.016923 34.92 6.16
32 0.29 | 1.018439 35.02 6.26
33 0.29 | 1.018333 34.94 6.36
34 0.29 | 1.017749 34.79 6.47
35 0.29 | 1.01824 34.76 6.60
36 0.29 | 1.018473 34.71 6.72
37 0.29 | 1.019109 34.69 6.81
38 0.29 | 1.019665 34.67 6.86
39 0.29 | 1.020094 34.63 7.00
40 0.29 | 1.019764 34.58 7.09
41 0.29 | 1.020227 34.63 7.19
42 0.29 | 1.020971 34.70 7.29
43 0.29 | 1.020513 34.82 7.45
44 0.29 | 1.020513 34.90 7.52
45 0.29 | 1.022273 34.99 7.53
46 0.29 | 1.022098 34.90 7.65
47 0.29 | 1.022949 34.82 7.70
48 0.29 | 1.023875 34.87 7.75
49 0.29 | 1.023959 34.97 7.80
50 0.29 | 1.024962 34.96 7.87
51 0.29 | 1.025251 34.81 7.94
52 0.29 | 1.025945 34.76 7.99
53 0.29 | 1.026109 34.76 8.10
54 0.29 | 1.02765 34.76 8.12
55 0.28 | 1.028356 34.76 8.11
56 0.00 | 1.028367 34.39 8.07
57 0.00 | 1.028409 33.96 8.08
58 0.00 | 1.028227 33.54 8.09
59 0.00 | 1.028091 33.25 8.12
60 0.00 | 1.027766 32.92 8.14
61 0.00 | 1.027877 32.66 8.18
62 0.00 | 1.027877 32.45 8.18
63 0.00 | 1.027877 32.25 8.18
64 0.00 | 1.027127 32.04 8.24
65 0.00 | 1.027078 31.73 8.24
66 0.00 | 1.027069 31.69 8.25
67 0.00 | 1.026787 31.74 8.28
68 0.00 | 1.026495 31.83 8.31
69 0.00 | 1.026456 31.91 8.32
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70 0.00 | 1.026276 31.91 8.34
71 0.00 | 1.026091 31.99 8.37
72 0.00 | 1.02596 31.99 8.39
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A.1.5 Experiment 5

The results of Experiment 5 are shown in Table A5. This experiment used an
increased amount of yeast compared to the previous experiments, and it can be
seen that the initial decline in the SG is faster than for the previous experiments.
The Feedrate in this experiment was set to the same level as for experiment 4;
however, the rubber tubing in the peristaltic pump became damaged and could
no longer feed the sugar solution at a constant rate; hence the remaining feed
vessel was added at approximately 27 hours. The addition of the large volume of
feed resulted in a sudden drop in the temperature; however, after adding the feed,
the temperature returned to the setpoint. There is a period of constant SG values
measured at 40 hours due to the iSpindle being unable to connect to the MQTT
server. Despite the fast initial fermentation, the last stages followed a similar

profile to those found in Experiments 1, 2 and 4.

Table A5: Data for Experiment 5

Vol added Ferm Temp | total sugar
Timeh | /h SG C consumed
0 0.00 | 1.044221 35.19 -0.49
1 0.00 | 1.042747 35.66 -0.41
2 0.00 | 1.033019 35.64 0.72
3 0.00 | 1.029647 35.60 1.08
4 0.00 | 1.025483 35.51 1.53
5 0.00 | 1.020793 35.20 1.93
6 0.00 | 1.017983 34.65 2.26
7 0.00 | 1.013885 34.65 2.57
8 0.00 | 1.010875 35.17 2.95
9 0.14 | 1.008394 34.46 3.24
10 0.27 | 1.006967 34.23 3.46
11 0.27 1.00452 34.54 3.79
12 0.27 | 1.003924 34.83 4.06
13 0.27 | 1.002056 35.12 4.26
14 0.27 | 1.002436 35.11 4.52
15 0.27 | 0.99977 34.03 4.67
16 0.27 | 1.000525 33.80 4.92
17 0.27 | 0.998563 33.81 5.13
18 0.27 | 1.000528 33.91 5.21
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19 0.27 | 0.999224 33.99 5.44
20 0.27 | 0.997594 34.01 5.65
21 0.27 | 0.996241 34.06 5.80
22 0.27 | 0.997222 34.12 5.95
23 0.26 | 0.998567 34.15 6.15
24 0.53 | 0.99916 34.15 6.31
25 0.53 | 1.000233 34.17 6.47
26 0.53 | 1.000745 34.30 6.66
27 9.55 | 1.034016 31.67 7.05
28 0.00 | 1.038824 33.44 6.67
29 0.00 | 1.039052 34.21 6.84
30 0.00 | 1.036134 34.70 7.05
31 0.00 | 1.035405 35.06 7.23
32 0.00 | 1.034017 34.71 7.38
33 0.00 | 1.033391 34.89 7.56
34 0.00 | 1.030863 34.93 7.71
35 0.00 | 1.030013 34.66 7.84
36 0.00 | 1.029246 34.70 7.98
37 0.00 | 1.028808 34.92 8.08
38 0.00 | 1.027404 34.89 8.21
39 0.00 | 1.027159 34.68 8.23
40 0.00 | 1.027159 34.66 8.25
41 0.00 | 1.027159 34.80 8.25
42 0.00 | 1.024499 34.95 8.58
43 0.00 | 1.023971 34.96 8.67
44 0.00 | 1.023117 34.80 8.73
45 0.00 | 1.022913 34.79 8.80
46 0.00 | 1.02235 34.87 8.87
47 0.00 | 1.021856 34.95 8.93
48 0.00 | 1.02144 34.98 8.97
49 0.00 | 1.020954 34.93 9.05
50 0.00 | 1.020482 34.90 9.08
51 0.00 | 1.020428 34.83 9.12
52 0.00 | 1.020011 34.55 9.15
53 0.00 | 1.020011 34.69 9.17
54 0.00 | 1.019391 34.85 9.21
55 0.00 | 1.019266 35.04 9.26
56 0.00 | 1.01904 34.90 9.30
57 0.00 | 1.018998 34.94 9.29
58 0.00 | 1.018576 34.99 9.34
59 0.00 | 1.018597 34.72 9.34
60 0.00 | 1.018339 34.45 9.36
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A.1.6 Experiment 6

The results for Experiment 6 can be seen in Table A6. This batch also used a larger
mass of yeast and a larger mass of yeast extract compared to the initial
experiments. It can be seen that the initial rate of fermentation was very fast as
the SG curve declined sharply. Due to the fast fermentation, the initial feed rate
was not adequate to increase the SG, so to prevent the fermentation from slowing
down, as was seen in Experiment 3, the feed rate was increased. As shown in the
figure, the feed rate was increased at approximately 20 hours, and the SG showed
a noticeable increase. The break in the SG readings at 33 hours was caused by a
power failure in the lab, causing the controllers to go offline. The control system
was offline, which also caused the fermenter's temperature to decline. Once the
temperature controllers were restarted, at 44 hours, the temperature increased
but did not return to the setpoint. The fermentation ended after approximately

65 hours, after which the fermenter's temperature again declined.

Table A6: Data for Experiment 6

Vol added Ferm Temp | total sugar
Timeh | /h SG C consumed
0 0.00 | 1.051039 36.03 -1.44
1 0.00 | 1.043946 36.10 -0.43
2 0.00 | 1.040254 34.73 0.27
3 0.00 | 1.036833 34.19 0.69
4 0.00 | 1.026768 34.66 1.43
5 0.00 | 1.027156 35.21 1.73
6 0.12 | 1.019882 34.66 2.29
7 0.42 | 1.019337 34.58 2.46
8 0.42 | 1.014873 34.79 3.06
9 0.42 | 1.014006 35.17 3.26
10 0.42 | 1.015172 34.82 3.63
11 0.42 | 1.008862 34.48 3.93
12 0.42 | 1.009778 34.51 4.23
13 0.42 | 1.011007 34.58 4.56
14 0.42 | 1.009912 34.72 4.78
15 0.42 | 1.00846 34.88 5.12
16 0.42 | 1.006695 35.03 5.42
17 0.42 | 1.005946 34.85 5.62
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18 0.42 | 1.007495 34.68 5.84
19 0.54 | 1.007649 34.53 6.08
20 0.83 | 1.010103 34.48 6.35
21 0.83 | 1.011134 34.57 6.47
22 0.83 | 1.014772 34.70 6.69
23 0.83 | 1.014917 34.87 6.93
24 0.83 | 1.01665 35.05 7.15
25 0.83 | 1.016685 34.80 7.34
26 0.83 | 1.019341 34.55 7.50
27 0.83 | 1.022083 34.37 7.65
28 0.83 | 1.023883 34.32 7.85
29 0.83 | 1.02607 34.30 7.93
30 0.57 | 1.026547 34.25 8.10
31 0.00 | 1.025692 34.20 8.26
32 0.00 | 1.024379 34.38 8.43
33 0.00 | 1.023283 34.39 8.97
34 0.00 | 1.022504 33.97 8.97
35 0.00 | 1.021725 33.55 8.97
36 0.00 | 1.020947 33.13 8.97
37 0.00 | 1.020168 32.70 8.97
38 0.00 | 1.019389 32.28 8.97
39 0.00 | 1.01861 31.86 8.98
40 0.00 | 1.017831 31.43 8.98
41 0.00 | 1.017053 31.01 8.98
42 0.00 | 1.016306 30.57 9.31
43 0.00 | 1.015681 30.08 9.50
44 0.00 | 1.01559 29.58 9.52
45 0.00 | 1.015162 29.55 9.57
46 0.00 | 1.014789 29.94 9.68
47 0.00 | 1.014722 30.50 9.71
48 0.00 | 1.014722 31.13 9.71
49 0.00 | 1.013084 31.71 9.89
50 0.00 | 1.012727 32.17 9.93
51 0.00 | 1.011852 32.35 9.96
52 0.00 | 1.011269 32.46 10.08
53 0.00 | 1.010514 32.60 10.15
54 0.00 | 1.010162 32.70 10.21
55 0.00 | 1.010162 32.73 10.21
56 0.00 | 1.00956 32.76 10.30
57 0.00 | 1.008946 32.69 10.36
58 0.00 | 1.008345 32.63 10.40
59 0.00 | 1.008412 32.59 10.43
60 0.00 | 1.008369 32.56 10.44
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A.1.7 Experiment 7

Experiment 7 was performed with the largest mass of yeast added, 300 g and

300 g of yeast extract. The feed rate was set to the maximum to increase the sugar

concentration during the fermentation. At the start of the fermentation, as can be

seen in Table A7, the temperature of the fermenter was lower than in the previous

experiments, as the addition of the yeast was delayed, and the fermenter cooled

below the target temperature. Once the fermenter temperature reached the

setpoint, the temperature was maintained until the fermentation was completed.

Table A7: Data for Experiment 7
Vol added Ferm Temp | total sugar
Timeh | /h SG C consumed
0 0.00 | 1.049649 25.65 -1.68
1 0.00 | 1.04946 26.58 -1.17
2 0.00 | 1.046617 27.11 -0.27
3 0.00 | 1.037942 27.97 0.23
4 0.00 | 1.036166 28.98 0.61
5 0.00 | 1.035689 29.95 0.85
6 0.00 | 1.026212 30.87 1.43
7 0.36 | 1.017796 31.58 2.33
8 2.50 | 1.028879 32.03 2.74
9 2.50 | 1.031045 32.36 3.46
10 2.50 | 1.034987 32.63 4.51
11 2.50 | 1.034987 33.14 5.09
12 2.50 | 1.034987 33.64 5.11
13 1.80 | 1.048847 34.17 5.55
14 0.00 | 1.052479 34.70 4.90
15 0.00 | 1.059968 35.05 4.40
16 0.00 | 1.06339 33.88 3.71
17 0.00 | 1.060996 34.08 3.83
18 0.00 | 1.057253 34.73 4.42
19 0.00 | 1.051923 34.65 4.88
20 0.00 | 1.046947 34.05 5.33
21 0.00 | 1.04446 34.30 5.83
22 0.00 | 1.039963 34.79 6.24
23 0.00 | 1.038471 34.67 6.58
24 0.00 | 1.038471 34.10 6.98
25 0.00 | 1.037012 34.38 7.04
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26 0.00 | 1.03146 34.83 7.26
27 0.00 | 1.032407 34.67 7.55
28 0.00 | 1.02914 34.69 7.83
29 0.00 | 1.027299 35.00 8.04
30 0.00 | 1.027032 34.34 8.16
31 0.00 | 1.024518 34.51 8.44
32 0.00 | 1.023325 34.89 8.57
33 0.00 | 1.021327 34.50 8.72
34 0.00 | 1.021144 34.23 8.91
35 0.00 | 1.020195 34.51 8.95
36 0.00 | 1.018751 34.90 9.04
37 0.00 | 1.018033 34.53 9.23
38 0.00 | 1.018338 34.15 9.29
39 0.00 | 1.017023 34.12 9.44
40 0.00 | 1.017023 33.52 9.44
41 0.00 | 1.017023 32.91 9.44
42 0.00 | 1.017023 32.31 9.44
43 0.00 | 1.017023 31.71 9.44
44 0.00 | 1.017023 31.10 9.44
45 0.00 | 1.017023 30.50 9.44
46 0.00 | 1.017023 29.90 9.44
47 0.00 | 1.015628 29.31 9.58
48 0.00 | 1.015278 29.18 9.59
49 0.00 | 1.014912 29.32 9.63
50 0.00 | 1.014866 29.53 9.65
51 0.00 | 1.014335 29.81 9.68
52 0.00 | 1.014149 30.04 9.71
53 0.00 | 1.014798 30.12 9.73
54 0.00 | 1.013945 30.31 9.76
55 0.00 | 1.013454 30.43 9.82
56 0.00 | 1.01361 30.53 9.83
57 0.00 | 1.012817 30.60 9.89
58 0.00 | 1.013365 30.66 9.87
59 0.00 | 1.013147 30.67 9.89
60 0.00 | 1.012621 30.66 9.92
61 0.00 | 1.012211 30.21 9.95
62 0.00 | 1.012421 29.58 9.96
63 0.00 | 1.012267 28.95 9.98
64 0.00 | 1.012217 28.33 10.00
65 0.00 | 1.012189 27.82 10.00
66 0.00 | 1.012162 27.31 10.00
67 0.00 | 1.012134 26.80 10.00
68 0.00 | 1.012106 26.29 10.00
69 0.00 | 1.012079 25.77 10.00
70 0.00 | 1.012051 25.26 10.00
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71 0.00 | 1.012038 24.68 10.01
72 0.00 | 1.012038 24.33 10.01
73 0.00 | 1.012038 23.96 10.01
74 0.00 | 1.012038 23.62 10.02
75 0.00 | 1.012038 23.39 10.02
76 0.00 | 1.012038 23.16 10.02
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4.3.8 Experiment 8

Experiment 8 differed from the previous experiments in that a density control loop
was added to maintain the SG at a value of 1.010. the controller was a simple
on/off controller, where if the density measurement was below the setpoint, a
relay was closed, and the feed was added to the fermenter at the maximum feed
rate. Once the density rose above the setpoint, the relay was opened again. The
feed added was recorded based on the amount of time the relay was closed and
corrected based on the mass measurements of the feed vessel.

The temperature control for this experiment was not fully functional, as seen from
the temperature profile in Table A8, due to a malfunctioning pump. While the
temperature was not maintained at the setpoint, the temperature of the
fermenter remained above 28°C for the duration of the experiment until the

fermentation was complete.

Table A8: Data for Experiment 8

Vol added Ferm Temp | total sugar
Timeh | /h SG C consumed
0 0.00 1.046 40.20 -0.35
1 0.00 1.046 39.69 -0.35
2 0.00 1.046 38.57 -0.35
3 0.00 1.046 37.68 0.16
4 0.00 | 1.030451 36.93 1.16
5 0.00 | 1.028612 36.20 1.35
6 0.00 | 1.023546 36.01 1.74
7 0.00 | 1.024182 35.60 1.90
8 0.00 | 1.016741 35.23 2.22
9 0.00 | 1.014731 34.90 2.33
10 0.00 | 1.014706 34.56 2.60
11 0.00 | 1.014055 34.21 2.86
12 0.45 | 1.008995 33.82 3.20
13 0.37 | 1.010752 33.44 3.46
14 0.61 | 1.00748 32.92 3.51
15 0.29 1.0103 32.55 3.90
16 0.73 | 1.011026 32.05 4.11
17 0.00 | 1.011478 31.78 4.18
18 0.41 | 1.011948 31.36 4.28
19 0.00 | 1.010505 31.07 4.42
20 0.00 | 1.009396 30.40 4.60
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21 0.82 | 1.011871 29.70 4.69
22 0.00 | 1.010461 29.79 4.84
23 0.41 | 1.010213 30.06 5.00
24 0.35 | 1.007668 30.37 5.08
25 0.05 | 1.009823 30.85 5.24
26 0.41 | 1.008461 31.26 5.48
27 0.00 | 1.008521 31.67 5.62
28 0.41 | 1.008975 31.98 5.76
29 0.64 | 1.011366 32.21 5.98
30 0.00 | 1.010172 32.37 5.98
31 0.00 | 1.008879 32.51 6.11
32 0.40 | 1.009102 32.63 6.27
33 0.41 | 1.009232 32.80 6.51
34 0.00 | 1.009232 32.76 6.51
35 0.41 | 1.009485 32.47 6.62
36 0.00 | 1.007851 32.16 6.79
37 0.41 | 1.007695 31.71 6.91
38 0.00 1.0076 31.50 6.93
39 0.41 | 1.008835 31.20 7.06
40 0.00 | 1.00932 30.97 7.15
41 0.41 | 1.008539 30.72 7.25
42 0.00 | 1.008233 30.53 7.27
43 0.00 | 1.008512 30.38 7.32
44 0.41 | 1.008732 30.12 7.62
45 0.00 | 1.008732 30.11 7.62
46 0.41 | 1.009418 30.00 7.68
47 0.17 | 1.006509 30.09 7.83
48 0.24 | 1.007694 30.16 7.89
49 0.00 | 1.008363 30.23 7.95
50 0.00 | 1.007668 30.28 8.01
51 0.00 | 1.006758 30.33 8.14
52 0.41 | 1.008058 30.31 8.19
53 0.23 | 1.006464 30.35 8.31
54 0.00 | 1.007725 30.44 8.34
55 0.00 | 1.007135 30.42 8.41
56 0.39 | 1.007917 30.25 8.51
57 0.00 | 1.007402 30.22 8.56
58 0.41| 1.00884 30.04 8.65
59 0.00 | 1.007821 29.92 8.73
60 0.00 | 1.007222 29.85 8.77
61 0.00 | 1.006491 29.72 8.88
62 0.20 | 1.006848 29.67 8.94
63 0.24 | 1.007453 29.55 8.96
64 0.00 | 1.006868 29.42 9.05
65 0.00 | 1.006356 29.32 9.12
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66 0.41 | 1.007807 29.16 9.17
67 0.00 | 1.007212 29.07 9.22
68 0.00 | 1.006757 28.98 9.31
69 0.41 | 1.007732 28.81 9.35
70 0.00 | 1.007388 28.75 9.44
71 0.00 | 1.006993 28.32 9.47
72 0.00 | 1.006993 27.82 9.47
73 0.41 | 1.007203 27.11 9.60
74 0.00 1.0076 26.84 9.61
75 0.00 | 1.007027 26.74 9.70
76 0.00 | 1.006909 26.59 9.71
77 0.00 | 1.005916 26.48 9.76
78 0.20 | 1.005652 26.42 9.82
79 0.00 | 1.005639 26.45 9.86
80 0.40 | 1.007385 26.34 9.87
81 0.00 | 1.007267 26.39 9.96
82 0.00 | 1.006158 26.40 10.00
83 0.00 | 1.006304 26.39 10.07
84 0.02 | 1.006316 26.41 10.12
85 0.38 | 1.006898 26.33 10.15
86 0.00 | 1.006794 26.30 10.19
87 0.00 | 1.006653 26.30 10.24
88 0.00 | 1.006234 26.29 10.26
89 0.02 | 1.005472 26.20 10.30
90 0.00 | 1.00553 26.15 10.32
91 0.01 | 1.005428 26.15 10.30
92 0.00 | 1.006225 26.17 10.31
93 0.00 | 1.006109 26.16 10.29
94 0.00 | 1.005232 26.30 10.34
95 0.00 | 1.004699 26.25 10.40
96 0.00 | 1.005775 26.04 10.42
97 0.00 | 1.004892 26.09 10.46
98 0.00 | 1.00414 26.19 10.50
99 0.00 | 1.003245 26.35 10.56
100 0.00 | 1.00354 26.50 10.60
101 0.00 | 1.003098 26.59 10.67
102 0.00 | 1.003064 26.68 10.70
103 0.00 | 1.003008 26.71 10.70
104 0.00 | 1.002181 26.75 10.77
105 0.00 | 1.00205 26.72 10.78
106 0.00 | 1.001433 26.68 10.85
107 0.00 | 1.001346 26.65 10.88
108 0.00 | 1.00053 26.53 10.94
109 0.00 | 1.000849 26.51 10.97
110 0.00 | 1.00059 26.46 10.96
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111 0.00 | 0.999943 26.33 11.01
112 0.00 | 0.999916 26.30 11.05
113 0.00 | 0.999354 26.20 11.09
114 0.00 | 0.99904 26.17 11.16
115 0.00 | 0.998934 26.11 11.17
116 0.00 | 0.999048 26.04 11.20
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A.1.9 Experiment 9

This experiment consisted of 2 parts, the first being the initial phase from the start
of the fermentation to 42 hours, and the second phase continuing until the end of
the fermentation at 114 hours, as seen in Table A9. The initial stage was run
similarly to experiment 8, with the feedback controller used to maintain the sugar
concentration at 50 g/l. The method used to calculate the sugar concentration
from the density measurement will be discussed in detail in Chapter 5. The specific
gravity measured a static value of 1.001 after 42 hours, where 10.91 kg of the feed
had been added. The second phase of the fermentation consisted of adding the
remaining feed and 20 kg of water to dilute the ethanol in the fermenter. The
fermentation continued once the addition had been made, as shown in Table A9.
The fermentation continued until the specific gravity measured a static value of
0.994 after 114 hours. The temperature control maintained the temperature near
the setpoint; however, the sudden addition of a large amount of feed and water
caused the temperature to drop significantly. It was only after 100 hours that the

temperature declined significantly.

Table A9: Data for Experiment 9

Vol added Ferm Temp | total sugar

Timeh | /h SG C consumed
0 0.00 | 1.038381 39.45 0.43
1 0.00 | 1.036518 38.32 0.53
2 0.00 | 1.027345 37.39 1.13
3 0.00 | 1.019301 36.78 1.74
4 0.00 | 1.017548 36.47 2.35
5 0.00 | 1.009824 36.19 2.85
6 0.83 | 1.01378 35.82 3.31
7 0.42 | 1.010708 35.55 3.63
8 0.62 | 1.010311 35.04 3.99
9 0.76 | 1.007257 34.54 4.27
10 0.10 | 1.008068 34.23 4.57
11 0.49 | 1.005511 33.87 4.87
12 0.54 | 1.008736 33.46 5.16
13 1.23 | 1.005337 32.95 5.68
14 0.00 | 1.008721 32.79 5.68
15 0.17 | 1.006353 32.59 5.90
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16 0.60 | 1.004679 32.25 6.17
17 0.00 | 1.005476 32.31 6.41
18 0.80 | 1.00399 32.52 6.49
19 0.24 | 1.006594 32.87 6.73
20 0.00 | 1.005821 33.33 6.97
21 0.41 | 1.005116 33.73 7.23
22 0.13 | 1.004565 34.17 7.35
23 0.51 | 1.003098 34.51 7.61
24 0.36 | 1.002934 34.74 7.81
25 0.00 | 0.999896 35.08 8.03
26 0.00 | 1.001258 34.74 8.05
27 0.00 | 1.001258 34.78 8.03
28 0.00 | 1.001258 35.04 8.03
29 0.00 | 1.001258 34.93 8.03
30 0.00 | 1.001258 34.93 8.20
31 0.00 | 0.993898 34.89 8.81
32 0.00 | 0.993909 34.48 8.86
33 0.00 | 0.993215 33.97 8.91
34 0.00 | 0.992989 33.45 8.94
35 0.00 | 0.992989 32.95 8.92
36 0.00 | 0.992989 32.54 8.91
37 0.00 | 0.992989 32.16 8.91
38 0.00 | 0.992989 31.78 8.90
39 0.00 | 0.992989 31.40 8.90
40 0.00 | 0.992989 31.01 8.90
41 0.00 | 0.992989 30.63 8.90
42 0.00 | 0.992989 30.25 8.90
43 46.79 | 0.991989 30.42 10.14
44 0.00 | 1.018672 31.28 11.44
45 0.00 | 1.01499 32.22 12.60
46 0.00 | 1.014523 32.67 12.85
47 0.00 | 1.013399 33.06 13.05
48 0.00 | 1.012478 33.42 13.20
49 0.00 | 1.012535 33.66 13.31
50 0.00 | 1.012097 33.87 13.40
51 0.00 | 1.011485 34.12 13.50
52 0.00 | 1.01098 34.23 13.63
53 0.00 | 1.010231 34.32 14.16
54 0.00 | 1.010231 34.30 14.16
55 0.00 | 1.010231 34.29 14.16
56 0.00 | 1.010231 34.27 14.16
57 0.00 | 1.010231 34.25 14.16
58 0.00 | 1.010231 34.23 14.17
59 0.00 | 1.010231 34.22 14.17
60 0.00 | 1.010231 34.20 14.17
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61 0.00 | 1.010231 34.18 14.17
62 0.00 | 1.010231 34.16 14.17
63 0.00 | 1.010231 34.15 14.17
64 0.00 | 1.006072 34.03 14.74
65 0.00 | 1.005867 33.95 14.80
66 0.00 | 1.004921 33.87 14.90
67 0.00 | 1.004996 33.85 14.99
68 0.00 | 1.004318 33.96 15.09
69 0.00 | 1.003899 34.14 15.18
70 0.00 | 1.003598 34.33 15.27
71 0.00 | 1.002876 34.36 15.38
72 0.00 | 1.002725 34.37 15.46
73 0.00 | 1.002273 34.36 15.65
74 0.00 1.0019 34.35 15.65
75 0.00 | 1.001527 34.34 15.65
76 0.00 | 1.000746 34.29 15.83
77 0.00 | 1.000625 34.24 15.89
78 0.00 | 1.000581 34.23 15.91
79 0.00 | 0.999807 34.22 16.06
80 0.00 | 0.999556 34.07 16.14
81 0.00 | 0.999199 34.02 16.19
82 0.00 | 0.998896 33.95 16.24
83 0.00 | 0.998641 33.82 16.33
84 0.00 | 0.998712 33.80 16.39
85 0.00 | 0.997883 33.61 16.47
86 0.00 | 0.998018 33.49 16.52
87 0.00 | 0.998018 33.32 16.52
88 0.00 | 0.997734 33.21 16.55
89 0.00 | 0.997237 33.09 16.65
90 0.00 | 0.996699 32.92 16.75
91 0.00 | 0.996577 32.95 16.77
92 0.00 | 0.996435 32.96 16.83
93 0.00 | 0.996105 33.11 16.88
94 0.00 | 0.995723 33.34 16.99
95 0.00 | 0.995603 33.44 16.99
96 0.00 | 0.995761 33.45 16.93
97 0.00 | 0.995542 33.45 17.01
98 0.00 | 0.995161 33.47 17.14
99 0.00 | 0.994724 33.41 17.20
100 0.00 | 0.994724 33.28 17.20
101 0.00 | 0.994724 33.23 17.21
102 0.00 | 0.994297 32.94 17.28
103 0.00 | 0.994062 32.18 17.32
104 0.00 | 0.994399 31.33 17.30
105 0.00 | 0.994151 30.52 17.31
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106 0.00 | 0.994346 29.73 17.31
107 0.00 | 0.994065 28.96 17.34
108 0.00 | 0.99399 28.15 17.35
109 0.00 | 0.99399 27.43 17.36
110 0.00 | 0.99399 26.71 17.36
111 0.00 | 0.99399 26.04 17.36
112 0.00 | 0.99399 25.37 17.36
113 0.00 | 0.99399 24.73 17.36
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A.1.10 Experiment 10

The final experiment was also performed in 2 phases, with the initial phase starting
using the same initial mass of yeast and yeast extract as the first four experiments.
The fermentation was initially run as a batch reaction containing 50 kg of water,
15 kg of sugar, 100 g of yeast extract and 100 g of dried yeast. The fermentation
continued until the specific gravity measured a static value of 1.022 after 38 hours,
as shown in Table A10. The second phase of the fermentation was initiated by
adding 42.7 kg of water into the fermenter. The mass of water was calculated to
allow all sugar to be converted into ethanol, with the ethanol concentration being
the same at which the fermentation initially stalled in the initial phase. The
fermentation continued until the specific gravity measured a static value of 0.993
after 128 hours. The method used to calculate the ethanol concentration will be
discussed in detail in Chapter 5. The temperature of the fermentation is shown in

Table A10.

Table A10: Data for Experiment 10

Vol added Ferm Temp | total sugar
Timeh | /h SG C consumed
0 0.00 | 1.106759 37.69 -2.25
1 0.00 | 1.113194 34.69 -2.87
2 0.00 | 1.10481 34.73 -2.27
3 0.00 | 1.105767 35.12 -1.97
4 0.00 | 1.104398 34.22 -1.79
5 0.00 | 1.102058 34.37 -1.53
6 0.00 | 1.100424 34.76 -1.20
7 0.00 | 1.097258 35.11 -0.81
8 0.00 | 1.09374 34.49 -0.37
9 0.00 | 1.092841 34.51 -0.21
10 0.00 | 1.091283 34.56 0.11
11 0.00 | 1.087162 34.81 0.34
12 0.00 | 1.085967 35.02 0.56
13 0.00 | 1.083899 33.81 0.81
14 0.00 | 1.08483 33.45 0.87
15 0.00 | 1.082408 33.48 1.15
16 0.00 | 1.080211 33.63 1.47
17 0.00 | 1.078261 33.66 1.75
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18 0.00 | 1.074246 33.77 1.97
19 0.00 1.0731 33.91 2.42
20 0.00 | 1.070874 33.96 2.52
21 0.00 | 1.06905 33.99 2.87
22 0.00 | 1.066972 34.07 3.15
23 0.00 | 1.063625 34.17 3.40
24 0.00 | 1.061985 34.19 3.73
25 0.00 | 1.059764 34.35 3.98
26 0.00 | 1.05719 34.54 4.26
27 0.00 | 1.056838 34.83 4.46
28 0.00 | 1.054405 35.04 4.73
29 0.00 | 1.052648 34.74 4.92
30 0.00 | 1.050747 34.72 5.19
31 0.00 | 1.04918 34.74 5.42
32 0.00 | 1.04747 34.75 5.62
33 0.00 | 1.045538 34.67 5.85
34 0.00 | 1.045117 34.53 5.99
35 0.00 | 1.042861 34.42 6.18
36 0.00 | 1.042255 34.34 6.32
37 0.00 | 1.041188 34.28 6.46
38 0.00 | 1.03984 34.12 6.63
39 0.00 | 1.038677 34.02 6.75
40 0.00 | 1.038201 33.94 6.82
41 0.00 | 1.03716 33.68 6.96
42 0.00 | 1.036513 33.50 7.15
43 0.00 | 1.036158 33.31 7.15
44 0.00 | 1.035816 33.10 7.17
45 0.00 | 1.033721 32.86 7.38
46 0.00 | 1.033041 32.59 7.47
47 0.00 | 1.032466 32.29 7.54
48 0.00 | 1.032265 31.92 7.63
49 0.00 | 1.031776 31.64 7.68
50 0.00 | 1.031013 31.48 7.75
51 0.00 | 1.030395 31.45 7.83
52 0.00 | 1.029786 31.34 7.90
53 0.00 | 1.029332 31.19 7.96
54 0.00 | 1.029108 31.07 8.01
55 0.00 | 1.028388 30.92 8.07
56 0.00 | 1.028018 30.82 8.14
57 0.00 | 1.02755 30.63 8.19
58 0.00 1.027 30.43 8.25
59 0.00 | 1.026761 30.21 8.31
60 0.00 | 1.026326 30.04 8.35
61 0.00 | 1.026099 29.85 8.41
62 0.00 | 1.025786 29.65 8.43
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63 0.00 | 1.02515 29.52 8.48
64 0.00 | 1.024968 29.34 8.53
65 0.00 | 1.024752 29.10 8.55
66 0.00 | 1.024338 28.91 8.61
67 0.00 | 1.02393 28.70 8.62
68 0.00 | 1.02363 28.50 8.68
69 0.00 | 1.023078 28.29 8.74
70 0.00 | 1.023003 28.11 8.76
71 0.00 | 1.02266 28.04 8.80
72 0.00 | 1.022677 27.93 8.84
73 0.00 | 1.022249 27.96 8.87
74 0.00 | 1.022249 28.08 8.89
75 0.00 | 1.021811 28.16 8.83
76 42.70 | 1.022657 28.15 6.65
77 0.00 | 1.032366 28.22 6.23
78 0.00 | 1.010519 29.22 9.36
79 0.00 | 1.009525 29.59 9.60
80 0.00 | 1.00935 29.94 9.74
81 0.00 | 1.008543 30.18 9.84
82 0.00 | 1.007835 30.47 9.96
83 0.00 | 1.006899 30.65 10.19
84 0.00 | 1.006884 30.85 10.26
85 0.00 | 1.005781 31.02 10.42
86 0.00 | 1.005826 31.19 10.50
87 0.00 | 1.004556 31.30 10.60
88 0.00 | 1.004754 31.42 10.70
89 0.00 | 1.004521 31.60 10.71
90 0.00 | 1.004521 31.63 10.71
91 0.00 | 1.004521 31.75 10.71
92 0.00 | 1.004521 31.84 10.71
93 0.00 | 1.001372 31.90 11.24
94 0.00 | 1.001747 31.98 11.32
95 0.00 | 1.001358 32.01 11.46
96 0.00 | 1.000388 32.06 11.62
97 0.00 | 0.999756 32.17 11.74
98 0.00 | 0.999806 32.37 11.86
99 0.00 | 0.999094 32.49 11.87
100 0.00 | 0.998823 32.63 11.96
101 0.00 | 0.998714 32.73 11.96
102 0.00 | 0.997864 32.80 12.10
103 0.00 | 0.997607 32.88 12.24
104 0.00 | 0.996573 32.88 12.36
105 0.00 | 0.996905 32.88 12.40
106 0.00 | 0.995994 32.77 12.54
107 0.00 | 0.996106 32.78 12.62

153



Appendix A: Experimental Data

108 0.00 | 0.995396 32.74 12.67
109 0.00 | 0.994956 32.65 12.72
110 0.00 | 0.995351 32.56 12.69
111 0.00 | 0.995019 32.40 12.75
112 0.00 | 0.994785 32.27 12.80
113 0.00 | 0.994636 32.14 12.89
114 0.00 | 0.994244 32.01 12.95
115 0.00 | 0.994327 31.88 13.00
116 0.00 | 0.99356 31.70 13.02
117 0.00 | 0.993869 31.58 13.01
118 0.00 | 0.993347 31.43 13.10
119 0.00 | 0.993193 31.33 13.17
120 0.00 | 0.992864 31.17 13.20
121 0.00 | 0.992861 31.14 13.21
122 0.00 | 0.992979 31.10 13.22
123 0.00 | 0.992825 31.07 13.22
124 0.00 | 0.992694 31.00 13.23
125 0.00 | 0.993298 30.95 13.21
126 0.00 | 0.993058 30.92 13.19
127 0.00 | 0.993376 30.77 13.15
128 0.00 | 0.993206 30.63 13.17
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A.1.13 Optimisation strategy tests

The methods used to produce these results will be discussed in detail in Chapters
5,6and?7.

The dilution strategy was demonstrated as effective in Experiment 9 and
Experiment 10, shown in previous chapters. The total ethanol production is
calculated based on online density measurements. The total ethanol produced in
Experiment 9 and Experiment 10 is shown in Figure A.1 and Figure A.2
respectively. In both cases, adding water increases the ethanol produced from
where the fermentation had initially stopped at approximately 4000 g to over
7000 g. Excess water allowed the yeast to consume as much sugar as possible,
increasing the sugar consumed from 59.6% and 58.5% to 100% and 87.7% for

Experiment 9 and experiment 10.
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Figure A.0.1: Total ethanol production during experiment 9
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Figure A.0.2: Total ethanol production during experiment 10

The optimisation strategy was refined and tested in 2 optimisation tests. In the
first test, the fermentation progressed until the ethanol concentration caused the
fermentation to cease, as shown in Figure A.3. The ethanol concentration at the
point the fermentation stalled, calculated from the density measurements, was
assumed to be Pmax for the fermentation. The value of Pmax was then used to
determine the volume of dilution water required to convert the sugar to ethanol
completely. The water was heated to 35°C to avoid any temperature changes in
the fermenter.

In the second test, the same volume of water was added. However, it was added
after 17 h while the yeast was still active.

Figure A.0.3 shows the effect of adding the dilution water after the fermentation
had stopped. In the case where the dilution water was added after the

fermentation had stalled, the final ethanol concentration was lower; hence the
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total ethanol produced was lower, and the sugar conversion was 92.4% and a final
ethanol concentration of 91.6 g/L.

Figure A.4 shows the effect of adding the dilution water earlier. When the dilution
water was added earlier in the fermentation, the final ethanol concentration
increased to 96.37 g/L, and the sugar conversion increased to 98.2%. The results
demonstrate that the optimal operation of the fermenter would be achieved by
adding the dilution water early. Early addition of the dilution water also shortened
the fermentation time, as the second test completed the fermentation 50 h faster

than the first.
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Figure A.0.3: Ethanol concentration and volume of fermentation during first
optimisation test
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Figure A.0.4: Ethanol concentration and volume of fermentation during second
optimisation test
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Appendix B-Matlab Code

MATLAB code for determining model parameters

clear;

clc;

load("all variables.mat");
et=a;

tt=b;

ft=c;

Stt=Stot;

yO=[0 42.5 ];

ParaO=[ 0.5 100 1 ];
a=et.x1;

b=tt.x1;

c=ft.x1;

Stot=Stt.x1;
tspan=[0: b(end)];

d=@ (Para) slvr(Para,tspan,a,b,c,y0,Stot);
SEXP1

[Paral, fval] = fminsearch(d, Paral);

5 [Paral, fval] = ga(d,3,[],[],[]1,[]1,10.1 50 0.5],([2
150 1.5]);

p=tiledlayout(5,2);

nexttile

[pltl, V1]=slvrplt (Paral,b,a,b,c,y0);
err=(Stot-pltl);

err2=err.”"2;
rmsel=sqgrt (mean (err2) ) /mean (Stot) ;
Rl=corr2 (Stot,pltl) "2;

plot (b, Stot, 'r.")

hold on

plot (b,pltl, "k")

hold off

title ("EXP 1")

xlabel ("time h'")
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ylabel ('Sugar consumed g')
ylim ([0 15])

[©)

5 Exp 2
nexttile

a=et.x2;
b=tt.x2;
c=ft.x2;
Stot=Stt.x2;

tspan=[0: b(end)];
d=@ (Para) slvr (Para,tspan,a,b,c,y0,Stot);

[Para?, fval] = fminsearch (d, Para0) ;
% [Para2, fval] = ga(d,3,[],[],(],[]1,[0.1 50 0.5],([2
150 1.5]);

[plt2, V2]=slvrplt (Para2,b,a,b,c,y0);
err=(Stot-plt2);

err2=err.”"2;
rmse2=sqgrt (mean (err2) ) /mean (Stot) ;
R2=corr2 (Stot,plt2)"2;

plot (b, Stot, 'r.")

hold on

plot (b,plt2, "k")

hold off

title ("EXP 2")

xlabel ("time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

% Exp 3

nexttile

a=et.x3;
b=tt.x3;
c=ft.x3;
Stot=Stt.x3;

tspan=[0: b(end)];
d=@ (Para) slvr(Para,tspan,a,b,c,y0,Stot);

[Para3, fval] = fminsearch (d, Para0) ;
% [Para3, fval] = ga(d,3,[],[],(],[]1,[0.1 50 0.5],([2
150 1.5]);

[plt3, V3]=slvrplt (Para3,b,a,b,c,y0);
err=(Stot-plt3);
err2=err.”"2;
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rmse3=sqgrt (mean (err2)) /mean (Stot) ;
R3=corr2 (Stot,plt3) "2;
plot (b, Stot, 'r.")

hold on

plot (b,plt3, 'k")

hold off

title ('EXP 3")

xlabel ("time h'")

ylabel ('Sugar consumed g')
ylim ([0 157)

% Exp 4

nexttile

a=et.x4;
b=tt.x4;
c=ft.x4;
Stot=Stt.x4;

tspan=[0: b(end)];

d=@ (Para) slvr (Para,tspan,a,b,c,y0,Stot);

[Parad, fval] = fminsearch (d, Para0);
% [Parad, fval] = ga(d,3,[],[]1,(],[]1,[0.1 50 0.5],([2
150 1.5]);

[plt4, V4]=slvrplt (Para4d4,b,a,b,c,y0);
err=(Stot-plt4d);

err2=err.”"2;
rmsed=sqrt (mean (err2)) /mean (Stot) ;
R4=corr2 (Stot,pltd) "2

plot (b, Stot, 'r.")

hold on

plot (b,pltd, 'k")

hold off

title("EXP 4")

xlabel ("time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

5 Exp 5

nexttile

a=et.x5;
b=tt.x5;
c=ft.x5;
Stot=Stt.x5;

tspan=[0: b(end)];

161



Appendix B: Matlab code

d=@ (Para) slvr(Para,tspan,a,b,c,y0,Stot);

[Parab, fval] = fminsearch (d, Para0) ;
% [Parab5, fval] = ga(d,3,[],[]1,(],[]1,[0.1 50 0.5],([2
150 1.5]);

[plth5, V5]=slvrplt (Parab5,b,a,b,c,y0);
err=(Stot-plt));

err2=err.”"2;
rmse5=sqgrt (mean (err2)) /mean (Stot) ;
R5=corr2 (Stot,pltb) "2

plot (b, Stot, 'r.")

hold on

plot (b,plth, "k")

hold off

title('EXP 5")

xlabel ("time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

% Exp 6

nexttile

a=et.x6;
b=tt.x6;
c=ft.x6;
Stot=Stt.x6;

tspan=[0: b(end)];
d=@ (Para) slvr(Para,tspan,a,b,c,y0,Stot);

[Para6, fval] = fminsearch (d, Para0) ;
% [Para6, fval] = ga(d,3,[],[]1,(],[]1,[0.1 50 0.5],([2
150 1.5]);

[plte, V6]=slvrplt (Para6,b,a,b,c,y0);
err=(Stot-plt6);

err2=err.”"2;
rmse6=sgrt (mean (err2)) /mean (Stot) ;
R6=corr2 (Stot,plt6) "2;

plot (b, Stot, 'r.")

hold on

plot (b,plt6, "k")

hold off

title('EXP 6")

xlabel ("time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

[©)

s Exp 7
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nexttile

a=et.x7;
b=tt.x7;
c=ft.x7;
Stot=Stt.x7;

tspan=[0: b(end)];
d=@ (Para) slvr (Para,tspan,a,b,c,y0,Stot);

[Para’l, fval] = fminsearch (d, Para0) ;
% [Para’, fval] = ga(d,4,[],([]1,[],[]1,[0.1 50 0.5],([2
150 1.5]);

[plt7, V7]=slvrplt (Para7,b,a,b,c,y0);
err=(Stot-plt7);

err2=err.”"2;
rmse7=sqgrt (mean (err2)) /mean (Stot) ;
R7=corr2 (Stot,plt7)"2;

plot (b, Stot, 'r.")

hold on

plot (b,plt7, k")

hold off

title('EXP 7")

xlabel ("time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

% Exp 8

nexttile

a=et.x8;
b=tt.x8;
c=ft.x8;
Stot=Stt.x8;

tspan=[0: b(end)];
d=@ (Para) slvr (Para,tspan,a,b,c,y0,Stot);

[Para8, fval] = fminsearch (d, Para0) ;
s [Para8,fval] = ga(d,3,[],[]1,(],[]1,[0.1 50 0.5],([2
150 1.5]);

[plt8, V8]=slvrplt (Para8,b,a,b,c,y0);
err=(Stot-plt8);

err2=err.”"2;
rmse8=sqgrt (mean (err2)) /mean (Stot) ;
R8=corr2 (Stot,plt8) "2;

plot (b, Stot, 'r.")

hold on
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plot (b,plt8, "k")

hold off

title('EXP 8")

xlabel ("time h'")

ylabel ('Sugar consumed g')
ylim ([0 15])

% Exp 9

nexttile

a=et.x9;
b=tt.x9;
c=ft.x9;
Stot=Stt.x9;

tspan=[0: b(end)];
d=@ (Para) slvr (Para,tspan,a,b,c,y0,Stot);

[Para9, fval] = fminsearch (d, Para0) ;
s [Para9, fval] = ga(d,3,[],[]1,(],[1,[0.1 50 0.5],([2
150 1.5]);

[plt9, V9]=slvrplt (Para9,b,a,b,c,y0);
err=(Stot-plt9);

err2=err.”"2;
rmse9=sqgrt (mean (err2)) /mean (Stot) ;
R9=corr2 (Stot,plt9) "2;

plot (b, Stot, 'r.")

hold on

plot (b,plt9, 'k")

hold off

title('EXP 9")

xlabel ("time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

% Exp 10

nexttile

a=et.x10;
b=tt.x10;
c=ft.x10;
Stot=Stt.x10;

tspan=[0: b(end)];

d=@ (Para) slvr (Para,tspan,a,b,c,y0,Stot);
[ParalO, fval] = fminsearch (d, Para0) ;
5[ParalO, fval] = ga(d,3,[],[1,11,[]1,[0.1 50
0.5],[2 150 1.5]);

164



Appendix B: Matlab code

[plt10, V10]=slvrplt (ParalO,b,a,b,c,y0);
err=(Stot-pltl0);

err2=err.”"2;
rmselO=sqrt (mean (err2)) /mean (Stot) ;
R10=corr2 (Stot,pltl0)"2;

plot (b, Stot, 'r.")

hold on

plot (b,pltl0, "k")

hold off

title('EXP 10")

xlabel ('time h'")

ylabel ('Sugar consumed g')

ylim ([0 157)

paraf=[Paral rmsel Rl;Para2 rmse2 R2;Para3 rmse3
R3;Parad4 rmsed R4;Parab5 rmse5 R5;Para6 rmseb6
R6;Para’7 rmse7 R7;Para8 rmse8 R8;Para9 rmse9
R9;Parall rmsel0 R10];

function dydt=ode(t,y,Para,a,b,c,y0)

Vmax=Para (1) ;

Pmax=Para (2) ;
n=Para (3) ;

dydt=zeros(2,1);

Ft=interpl (b,c,t, "linear');
$P=interpl (b,a, t, 'linear');
P=378.1*y (1) /y (2 )

dydt (1) =Vmax* (1- (P/Pmax) ) "n;

if dydt(1)<0
dydt (1)=0;

end

dydt (2)=Ft;
end
function St=slvr (Para, tspan,a,b,c,y0,Stot)
y0=[0 42.5];

[t,y]l=0ded5 (C(t,y)
ode (t,vy,Para,a,b,c,y0),tspan,y0);

St=norm(y(:,1)-Stot,2).%2;
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end
function [St, V]=slvrplt (Para,tspan,a,b,c,y0)

y0=[0 42.5];
[t,y]l=0ded5 (C(t,y)
ode (t,vy,Para,a,b,c,y0),tspan,y0);

St=(y(:,1));

, 1
V=(y(:,2));
end
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MATLAB code for training Neural network

[©)

% create a neural network

net = feedforwardnet ([ 2 5 1);

% train net

net.divideParam.trainRatio = 0.7; % training set

(5]

net.divideParam.valRatio = 0.15; % validation set
(5]

net.divideParam.testRatio = 0.15; % test set [%]

netl.layers{l}.
netl.layers{2}.
netl.layers{3}.

transferFcn='tansig';
transferFcn='tansig';
transferFcn='tansig';

[©)

% train a neural network

net = trainlm(net,inputs2',Utp');
% show network

view (net);

genFunction (net, '"MLP NN.m', 'MatrixOnly', 'yes')
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Neural network Model used to predict final ethanol concentration

function [Y,Xf,Af] = MLP NN(X,~,~)
$MLP NN neural network simulation function.

o

o

Auto-generated by MATLAB, 01-0Oct-2022 16:40:39.

o

o

(Y] = MLP NN(X,~,~) takes these arguments:

o

o

X = 1xTS cell, 1 inputs over TS timesteps
Each X{1,ts} = 11xQ matrix, input #1 at
imestep ts.

o° (t o°

o

and returns:
Y = 1xTS cell of 1 outputs over TS timesteps.
Each Y{1,ts} = 1xQ matrix, output #1 at
imestep ts.

0° (t o° o°

o

where Q is number of samples (or series) and TS
is the number of timesteps.

S H#ok<*RPMTO>

% Input 1

x1 stepl.xoffset = [-2.3201027028354; -
2.3201027028354;,-2.3201027028354; -
2.3201027028354;,-2.3201027028354; -
2.3201027028354;,-2.3201027028354; -
2.3201027028354;,-2.3201027028354; -
1.69336949183638;,-0.222985415032497];

x1 stepl.gain =
[0.36621370428329;0.36621370428329;0.3662137042832
9;0.36621370428329;0.36621370428329;0.366213704283
29;0.36621370428329;0.36621370428329;0.36621370428
329;0.0208828370870072;0.04254241701879727];

x1 stepl.ymin = -1;

% Layer 1

bl = [1.5704825828536714827; -
1.7467180074850785498;1.7999615673827700224; -
0.58982639366103284395;0.84575182777078383722; -
0.8782161707017598351;-0.20935302306935069105; -
0.0294509699111649495;0.15873820125663087865; -
0.2976762213839319049; -
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R P O O O

.042038967109596196703;0.12283962195333994472; -
.010714047684200601537; -
.76452359467715125252;1.2091575983925648696; -
.3194973550243096483;-1.1374209935882662048; -
.0823288419227325985;1.5187247406015018658;1.7245

810742754681399;1.4696417343109020592];
Iwl 1 = [-0.8175044315228245928 -

0.
.80725932543791134588 -0.59151088877270763255
.41331577400798663602 -0.43440160433727481593 -
.26106811642316679611 0.26370225489251170048
.77249448103221496353
.98433555687600449158;0.68619767368581430222 -
.42470558367157890123 0.848744245174342777071
.6569061854564552938 -0.22348060652505127854 -
.31817960069269557444 -0.52780060590664557019
.65724819577450932506 0.47862978804935218946
.46869188532926525648 0.47805748092904026825; -
.70822434667023215216 -0.50347628102277730555 -
.95214534121649685439 -0.7067537380814100656
.014291460985233130077 -0.34893038640220808144 -
.33422983145811491212 0.25941135993991859543
.47396209269337086223 0.055764831501441042283 -
.31335308347280121932;1.0859771286109842769 -
.34929141986723855062 -0.62538579838855912207 -
.62801421812940472211 0.96773434027529681156
.049712039033887975292 0.24242562771002829081
.89684193284595092877 1.1365944526194913244
.6210104308560693287 -0.40337784278900873369; -
.055145759983072521748 -0.67709302506711410707
.58380564401790202567 -0.96231535017632074958 -
.54873146840794251311 1.0080743864922043773 -
.0916211875259373976 -0.64074927414775773027 -
.32865487281007310649 -0.054648050458443189759
.051017267998181028976;0.69888278716639073984 -
.97233489099508008113 -0.60345620985649972567
.54920595017018258854 -0.9352063135985736464 -
.2011269142832564083 0.033698978670713822248
.51163261171917950865 -0.088479719954654548197 -
.30081477070417023123 -
.88284433492460812065;0.67029095746002920198
.3009046393247348794 0.75607071201934283877 -
.019236617250825177594 0.32538620630244202703
.0597622033810079056 0.8602512073905297374
.50481208412676237263 0.34207817564819775757

eonSHeoNoNoNoNoNoNoNoNoNeol NeololNoloNolooBoNolBoRohohoRoNoholoNololNolNolNoNolNe)

59354183264929982755 0.88830310243374732693
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.86953913603827781564 -
.1888212164183235009;0.6224523977635877392
.0399209241208415833 -0.13130400248516532757 -
.6570198225882877274 -0.79300677360542304317 -
.71279774862328337814 -0.47990387106873810819
.12070988129079575357 -0.109498041497979412
.043723501537438813624 0.39013554693954799468; -
.58344795941038618547 -0.7071543919397185185 -
.77841743280037922759 -1.6149825085520232992 -
.3599445012100748187 -1.7633448064096466368 -
.8969878401309416827 -1.834763259763802612 -
.7988030827338516993 -1.0019156931165091873
.746587064287162816;-0.68589649308298417107 -
.91388328524956508048 -0.60295821557016326953 -
.17892021267957750053 0.62713234786546989685 -
.044053017158235611983 -0.70247865942992804289 -
.1045995122093141827 -0.19909957733131894431 -
.0163085833187168738 -0.22874881723878676132;
.98086136453754035891 -1.5094220127506838836
.6545177198195155643 0.31578108520581116281 -
.41323582427963417851 0.10846197416421989035
.2476547229178889253 1.0055999806136084462
.33087172659534391794 -0.82946765628941621085 -
.65856712664007532876;0.66076286539663031672
.21966969646160630636 -0.70141006842984321423
.064201438033693536411 0.04466158982823401763
.7839271911020795347 0.64560500471599890915 -
.71045974170183345819 -0.52265189255510358102
.037439494253139665725
.94401061881987657909;0.080459800980614087917
.63692799389461740578 -0.68176493921686687205
.064757049066409236304 0.62313275828193936956
.758465466660607872478 -0.42328775852087985321
.09681384169587612387 -0.2806138581646433483 -
.8820286926970848373 0.1654922101903164855; -
.6915171665901158615 -2.0179453239491120797 -
.064578178531417840258 -0.95127893552591324955 -
.2311228402266576332 -0.51075447199777412877 -
.91911336771330431894 -0.84998837504678304011 -
.4903882391741043456 0.7740646984417817178
.74565481409853517913;0.84047799853761373523
.90785411544015581775 0.60485291361989357295
.10684037842238693072 -0.20659110897018170827
.28582143627957601328 0.26162951166907078004 -
.62584645088580637129 -1.4665779236528226903 -
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.2454989027400187318 -0.35810640299290968924; -
.4099074413661329963 -1.2345835973394934104
.2407864466549802795 0.55963572244339976347 -
.10612416936998969597 1.3464689225559061114
.5637589893304288946 0.37769300908138753181 -
.24257105006190604612 0.20396646415183999901 -
.1897677811851619101;-0.28843774086862222772
.015135573674955538764 0.74482006376524545477
.93578538781558562309 1.0590862104109139974
.42844942184178863576 0.17175089594688178196
.019409951671511677801 0.3610388453586220181 -
.19374751444066665163 0.73038631791723618303; -
.5620960520870738053 -0.15553010649002940724 -
.73235467119419994653 1.2414228831741342951
.5275754738396899457 0.67431227643598845578
.52716826619981160817 0.86836314191409547103
.30761616311872419516 1.083716484023994342 -
.1083417658128438266;0.23075609773090249854
.67115061576264167797 0.18503024200766146623 -
.4626838482456853141 -0.62115270406141920301
.7314430127759909972 -0.63918060343582605576
.52238233854873927786 0.75484246274605781846
.41410515671063080623 -
.3904198094301253863;0.15122520542976930491 -
.635771603421357967 0.59368779761757939362
.77509987593095475145 -0.53518750607325193958 -
.35290070673846513083 1.0315603228588898777 -
.03105956793520172482 0.17069370533023964231
.38710098291645211876 -
.24569142226323900657;0.28012077750911162921
.6195699087726332932 0.92321368208373755238 -
.19962011503730611728 -0.03486415576078819023 -
.069600626465878456806 0.21015271707674126889 -
.49282306712657403258 0.12014411761101119469 -
.0003137465474227774 -1.0884470126845176008];

e eoNoNoNoNoNoNoNoNoNoNoNoNoNoNeoN olololololololololNoll o NoRoN il i

o\°

Layer 2

b2 = [-
1.1285748205697552216;0.68161488265456060542; -
0.31059949191609154129;0.58656538060394758372;0.93
839810163117332031;1.55738025647230271531];

Lw2 1 = [0.86017377741728506813
0.083852316852069452846 0.57009738346005733867
0.23228660744766477242 0.59689514607393889811
0.5164033323123703445 -0.31516795862151214536 -
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O OO OO OO OFRPNOFPFOOODODODODOOHOOODODODODOLOLLLFHHOODOLODOLODOLDODOLORFR,EFE P, OOO

.064361132037552137852 -2.2103337501131758991 -
.013880149303162907584 -1.3405145658970281097 -
.58962707422171645177 0.38385987976189150928 -
.1665727826388172517 -2.159019239082493602
.1341782759071441511 -0.60684541452435647457
.3191339357276503641 0.75687893598881716972
.061046650769950550064 -0.051643571938184751335; -
.48107953680163428878 0.081697499719677268981 -
.6566732827464181188 0.066563026295675994937
.12154791582625450175 0.09929949028912983533 -
.13153723166425923541 -0.18597863933334565778
.068690218541805869723 0.40443168442777394089
.12802472475342258074 0.48321162232154368787
.18022603872239920109 0.88966723987957241349
.0480302826635756741 0.12804704843738395903
.060295482237322117758 0.27123670784441805681
.48035021532163751923 0.33624252952992234045
.44775579700052292598;0.63963806384047838804
.026310982523231662977 0.15718580535567916456 -
.30738042852339647615 -0.92895051636662684391 -
.24433138089890388267 1.0245392989702410969 -
.90593338939571410595 -2.106305457795580871 -
.67878398365801595471 0.57629859437935770927
.053619534977490806993 -0.77122860752268262985 -
.1643067916223113212 -1.7470557182810864116 -
.38247271273641952893 -0.41922196372172815249 -
.12816465785506050978 0.46490326047366381523
.059858799137524433542
.3870994263648640521;0.54069519646531694068 -
.30563687596397293156 -0.18406961249637929234
.85912233182722264058 0.11455604859514950666 -
.49289481600869267108 1.0001439973351722301
.96481902249389950299 -1.9655894808812031105 -
.0422187211265654394 -1.2988959073118551135
.17350739981968241188 -1.4328931343391166919 -
.6215739404647631083 0.36422354196605805088
.3370128443545605812 0.22656610376689706454
.77256043396905482723 0.48165648618394391045
.41742860307886653359 -
.21933436242885212542;0.41084444014797405487
.22863310052880844725 -0.33742547455134452861 -
.30957193688307527157 -0.1412973689960223822 -
.75150870493370092174 0.764791399193703203 -
.75377221486200696177 -0.64736119649812418064 -
.46861738699147270637 0.29765859571393643579
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.61942332850204850914 -0.28738674686047727125
.3743218954035738566 0.0031842641311661656206
.47912934604393153659 0.20459956527185402253 -
.25817607173859302705 -0.40598575883902759953
.38177018676735724467
.64880957701063424192;0.17133099021086795055 -
.2760532281128073584 -0.3845924331559287257
.098852253054050362446 0.33798537376843351687
.1098497501214081018 0.19786463441148904874 -
.28527195756984408126 -0.52206369868126367706
.42613641990328199327 -0.54338448188512544768
.62505346571738451544 -0.24211890058658655511
.14669707018143490762 -0.30115552198320932886
.1940764239707218064 0.19027627523321305469 -
.27138951663787408419 0.40008411576544061772 -
.13806140925573293088 -0.28110560169644971396]

oNeoNoNoNoNoNoNoNoNGHNGONGIGNGINGEG)

o

Layer 3

b3 = 0.51581198288485774484;

LW3 2 = [1.7736345670590196733
0.95409963057012359133 -1.9564168325048938435
1.0276974980091853062 -0.9547177084801680147
0.893502947711923845027];

% Output 1

yl stepl.ymin = -1;

yl stepl.gain = 0.0733115934786222;
vyl stepl.xoffset = 66.7982432243897;

% ===== SIMULATION ========
% Format Input Arguments
isCellX = iscell (X);
if ~isCellX

X = {X};
end

[©)

% Dimensions
TS = size(X,2); % timesteps
if ~isempty (X)

Q = size(X{1},2); % samples/series
else

Q = 0;
end

% Allocate Outputs

.
14
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Y = cell(1,TS);
% Time loop
for ts=1:TS
% Input 1
Xpl = mapminmax apply (X{1l,ts},x1l stepl);

% Layer 1
al = tansig apply(repmat (bl,1,0Q) + IWl 1*Xpl);

% Layer 2
az = tansig apply(repmat (b2,1,0Q0) + LW2 1*al);

% Layer 3
a3 = repmat (b3,1,0) + LW3 2*a2;

% Output 1
Y{l,ts} = mapminmax reverse (a3,yl stepl);
end
% Final Delay States
Xf = cell(1,0);
Af = cell (3,0);

% Format Output Arguments
if ~isCellX

Y = cell2mat (Y);
end

% Map Minimum and Maximum Input Processing
Function
function y = mapminmax apply(x,settings)
y = bsxfun (@minus, x,settings.xoffset);
y = bsxfun(@times,y,settings.gain);
y = bsxfun (@plus,y,settings.ymin)
end
% Sigmoid Symmetric Transfer Function
function a = tansig apply(n,~)
a=2 ./ (1 + exp(-2*n)) - 1;
end
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% Map Minimum and Maximum Output Reverse-
Processing Function
function x = mapminmax reverse (y,settings)
x = bsxfun(@minus,y,settings.ymin);
x = bsxfun(@rdivide, x,settings.gain);
X bsxfun (@plus, x,settings.xoffset);
end
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