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ABSTRACT

The global confectionary market was valued at $184 billion in 2015, and is projected to
reach $232 billion by 2022. The industry directly employs 55,000 people domestically, and more
than 400,000 jobs in agriculture, retail, transportation and other industries rely in part on the sale
and manufacture of confections. However, many available analytical methods for measuring the
quality of confections are relatively expensive, time consuming, and difficult to operate or
maintain, therefore, it is unrealistic for small/medium confection manufacturers to use those
methods. The objective of this study was to develop fast-measuring and affordable analytical
methods for some important quality related properties. In addition, the developed methods were
used to study the properties of confections and compare them with traditional methods, seeking
their potential applications in confection quality assurance for small/medium confection
manufacturers and other researchers. Two capacitance-based thermal analysis (CTA) methods
were developed to study the glass transition and melting properties of different boiled candies
and chocolates respectively. Three particle size measurement methods were tested for

characterizing cocoa particle size distribution in the refining/conching process. The



microstructure of cocoa particles was also studied by scanning electron microscopy (SEM).
Flavor development and volatile compounds profiles of cocoa during roasting and
refining/conching processes were studied by electronic nose. The results provide better
understandings about quality related properties, such as glass transition, melting, and particle
size, of confection by using non-traditional methods. The potential applications of fast-
measuring and affordable analytical methods were tested and several of the methods were proved

to be useful for small/medium confection manufacturers.
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CHAPTER 1

INTRODUCTION

Candy is a confection that features sugar as a principal ingredient. The production of
candy started in Persia between the 6th to 4th centuries BCE. Today, the categories of candy
include hard candies, soft candies, caramels, marshmallows, taffy, and other candies, all of
which use sugar as the primary ingredient. Commercially, sugar candies are usually classified

according to the amount of sugar they contain and their chemical structure (Richardson 2008).

Chocolate is a complex suspension system of solid particles (cocoa, sugar, milk
components, additives) in a continuous fat phase that consists of cocoa butter, milk fat and
emulsifiers (Afoakwa et al., 2008a, Beckett 2000, Chetana et al., 2013). The history of chocolate
started roughly one thousand years ago in Central America. In the early years, it was mainly
consumed in beverages and medicines up until the 1800s when solid chocolate became more
popular than liquid chocolate (Grivetti and Shapiro 2011). Chocolate can be a snack, special
treat, or delicacy to be sampled and evaluated much like wine, in addition, chocolate is an
important industry with an estimated global market value of more than $98 billion (World Atlas

2016).

In the confection industry, advanced analytical methods for quality related properties
such as phase transition temperature, particle size, and volatile compound profiles, are relatively
expensive and time consuming. These methods include differential scanning calorimetry (DSC),

rheometry, scanning electron microscopy (SEM), laser scatting particle size analysis, and gas



chromatography-mass spectrometry (GC-MS), which can be difficult to operate and maintain.
Therefore, it can be difficult for small/medium confection manufacturers to perform much-
needed quality inspection and product development. This research was undertaken to develop
fast-measuring, portable, and inexpensive analytical methods that could be used to determine the
quality related properties of confections (boiled candy and chocolate). The development of
corresponding electronic devices, data acquisition methods, and a data processing algorithm
were also included in the studies as a natural extension. Measurements conducted by the

proposed methods were compared to the ones obtained by existing methods.

In Chapter 2, the literature review begins with a broad introduction about the candy and
chocolate industry. This includes information about chocolate fermentation and tempering.
Chocolate roasting and refining/conching are then discussed as they are to the studies in Chapter
5, 6 and 7. Following that, information on the glassy state, glass transition and cocoa butter
crystallization are introduced. The working principles of current standard analytical methods and
research related to phase transition detection are discussed. These include DSC, thermal
rheometry and dielectric analysis (DEA), and are presented in reference to the capacitor based
thermal analysis (CTA) that is presented in Chapter 3 and 4. The basis of the proposed CTA
consists of two important parts: the device and the algorithm. Therefore, detailed information
about the capacitor (device) and genetic algorithm (GA) are provided following the introduction

of standard methods.

Evaluating analytical methods that can be used for chocolate particle size measurement is
the main topic in Chapter 5. The following parts of the literature review introduce the process of
refining/conching, where the particle size reduction of chocolate is achieved, and the

microstructure and volatile compounds profiles are developed. Comprehensive reviews about



particle size measurements methods and scanning electron microscopy (SEM) are provided after

introduction of cocoa refining/conching.

The subsequent sections of the literature review discuss the roasting process of cocoa and
the development of volatile compounds during roasting. The proposed method for studying the
volatile compounds developed both in refining/conching and roasting processes uses an
electronic nose system. Therefore, in last two sections of the literature review, the electronic

nose (device) and the algorithm (artificial neural network (ANN) are discussed.

Chapter 3 and Chapter 4 present two newly developed capacitor thermal analysis (CTA)
methods to determine the glass transition of boiled candies and the melting properties of
chocolates. Measurements obtained by using DSC and rheometry for the same samples are used
as a reference. Chapter 5 examines particle size reduction and the microstructure of cocoa during
refining and conching. Three particle size measurement methods were compared to laser
scattering methods. The application of an electronic nose in determining the roasting degree of
cocoa beans are presented in Chapter 6. In Chapter 7, the application of the e-nose in

characterizing the refining/conching process of cocoa is presented.
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CHAPTER 2

LITERATURE REVIEW

Candy and chocolate processing

Candy processing is typically divided into two steps. The first step is dissolving sugar in
water or milk to form a syrup and the second is the boiling of the ingredients until they reach the
desirable concentration or caramelization occurs. The type of candy produced depends on the
ingredients and the cooking temperature of the candies before they are allowed to cool. Candy
comes in a wide variety of textures, from soft and chewy to hard and brittle. In general, higher
temperatures and greater sugar concentrations result in hard, brittle candies, while lower
temperatures result in softer candies (Cakebread 1975). The cooking temperatures of boiled
candies and their corresponding expected textures are shown in Table 2.1 (Hartel and Hartel

2014).

The manufacture of chocolate includes harvesting, fermentation, roasting, cracking,
winnowing, refining, conching, tempering, transporting and storing. Each unit operation greatly
influences the final quality of the chocolate. Even today, the harvesting of cocoa pods relies
heavily on human labor, which includes cutting them from cocoa trees using a machete or
knocking them off the tree with sticks. After harvesting, the pulp is removed from the pods and

the beans are placed in piles or bins where microorganisms begin the fermentation process.



Cocoa fermentation is one of the most important stages in post-harvest processing that is
related to product quality. Fermentation remains empirical and does not give rise to beans of
consistent quality, forcing processors continuously to make changes of their formulations. It also
helps to trigger biochemical changes inside the beans that reduce bitterness and astringency, and
to the development of flavor precursors. The schematic of a microbial succession during cocoa
bean fermentations is shown in Figure 2.1 (Schwan and Wheals 2004). The open boxes indicate
the periods during the fermentation when a particular microbial group is most abundant and/or

important.

After fermentation, cocoa beans must be roasted to improve quality and develop flavor.
Cocoa roasting is a dry heating method that uses different heat sources (hot air, flame, and hot
plate) to cook cocoa beans. Roasting also makes the cracking and winnowing much easier by
decreasing the moisture content in the beans and helping separate the husk from nibs.
Refining/conching includes crushing, mixing, and agitating the cocoa with other ingredients such
as sugar, milk protein, and cocoa butter, by extreme friction and high heat. This process reduces
the particles size of the ingredients and delivers a smooth texture by developing the

microstructure of the particles.

The final process of making chocolate is called tempering. This process controls the
crystallization of cocoa butter by manipulating temperature. Both the type and the size of the
crystals are influenced by the tempering process. The typically desired texture of chocolate is
uniform sheen and crisp bite, and this is achieved by consistently producing small cocoa butter
crystals during tempering process. Table 2.2 summarizes the melting temperature (Tm) and the
texture of 6 type of cocoa butter crystals. And type V crystal is usually desirable because it

delivers glossy, firm, and best snap texture.



Glassy state

In nature, the commonly known states of materials are solid, liquid, and gas. The main
difference among these states is their molecular mobility. The solid state has the lowest
molecular mobility and the molecules in solids are fixed in their position. The crystalline state is
a well-known solid state having molecules well arranged in a regular lattice. However, solids can
exist in another state where the arrangement of the molecules are randomly distributed, or in
other words, a disordered arrangement. This is called a glassy state or amorphous state. The

name appears to have originated from glass manufacturing (Debenedetti and Stillinger 2001).

Glassy states are usually formed by rapidly decreasing the temperature of molten liquids
to a certain temperature range. Because of this drop in temperature, the molecules in the liquid
don’t have sufficient time to undergo the association and change in orientation to form to well-
arranged crystalline state. Therefore, the molecules are ‘frozen’ in their original position. The
glassy state is characterized by its amorphous molecule distribution, which is similar to
molecules in liquid state, and extremely high viscosity, just like solids (Kivelson et al., 1996;

Weeks, et al 2000; Johari and Goldstein 1970).

If the liquids are cooled down slowly below their melt temperatures, the molecules form
crystals and the liquids solidify. The transition from liquid to solid is a thermodynamic process,
as when the temperature is below the melt temperature of the material, the crystal state is
energetically more favorable than the liquid. In contrast, the formation of a glass is purely
kinetic, where the disordered glassy state does not have enough kinetic energy to reach the
potential energy threshold for the movement of its molecules to pass one another. Therefore,

molecules of the molecules are fixed in their original locations but in disordered arrangement.



Although, as mentioned before, the molecules in glassy state materials are disordered, it
can have short-range molecular order like molecules in a crystalline solid (Yu 2001). One single
molecule in glassy solid has similar number of neighbor molecules and similar distance to the
nearest neighbor molecule as single molecule in a crystalline structure. However, this short-range
order may only vary over a few angstroms. Unlike crystalline structures, the glassy solid doesn’t
have long range translational orientational symmetry that characterizes a crystal (Hancock and

Zografi 1997; Simatos et al., 1995; Johari 1982).

Glass transition and glass transition temperature (Tg)

Glass transition, is a name given to the phenomenon that glass is changed into a
supercooled liquid, or the reverse transformation (Meste et al., 2002). The transition of glass to
supercooled liquid is usually driven by heating (Rahman 1999; Bhandari and Howes 1999). The
main difference between glass and supercooled liquid is short-range vibration and rotation in

glass, and long-range translation and rotation in supercooled liquid (Schmidt 2004).

For food materials, there are two commonly known phase transitions: first-order and
second order transition. The main difference is absorption or release of latent heat during
transition. Transitions include melting, crystallization, evaporation, and condensation are first
order transitions. A certain amount of latent heat is released or absorbed to make the transition
isothermal. In contrast, second order transitions occur without the release or absorption of latent
heat. However, glass transition is typically called a state transition rather than a phase transition
because of the nonequilibrium nature of the glass (Schmidt 2004). In addition, glass transitions
occur over a temperature range rather than a fixed temperature and the transition is dependent on
the experimental condition. Therefore, it is commonly called a kinetic and relaxation transition,

rather than a second-order transition (Liu et al., 2006).
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Currently, the knowledge about the glass transition in food materials is
phenomenological, as little is known about its theoretical aspect (Champion et al., 2000). Tg is
the temperature range corresponding to the transition of glass-liquid. Unlike melting temperature
(Tw), Tg is a kinetic parameter, depending on the temperature scanning rate and the material’s
thermal history. When the temperature is between T and Tr, the material can be a viscous

liquid, and this state is called a ‘rubbery’ state.

Cocoa butter crystalline states

Cocoa butter is the main structural material in chocolates and the fat content in chocolates
is about 30%. Milk fat and protein can also serve as structuring materials in some chocolates
such as milk chocolate or white chocolate. The basic lipid form for cocoa butter is triglycerides
(TAG), which are known to crystallize in a number of different polymorphic forms depending on
processing conditions such as temperature, force, and mass (Sato et al., 1999; Sato 2001). Six
different polymorphs of cocoa butter have been identified in in chocolate. The name of each
polymorphic form is y a, B2°, B1’ B2 1. Alternately, the six different polymorphs can be
represented by roman numerals I-VI for y a, B2, B1” B2 B1 respectively. The melting temperature
ranges for type vy, a, B’, B are -5-5°C, 17-22 °C, 20-27 °C, 29-34 °C respectively. Real-time
powder X-ray diffraction has been used by other researchers to study the structure of cocoa
butter polymorphism. The results reported by other researchers suggested that the unstable y
(orthorhombic subcell) and a (hexagonal subcell) phases, as well as the more stable 32
(orthorhombic subcell) phase, can crystallize directly from the chocolate melt. However, the
stable B (triclinic) polymorph can only be obtained via phase transformation from the > form
(Van Malssen et al., 1999; Van Malssen et al., 1996; Loisel et al., 1998). In most cases, 2 form

is desirable for chocolate manufacturers because this type of crystal is stable at room temperature



and melts at body temperature, which brings smooth mouth feel to consumers. However, in some
cases, less stable form such as form a is required for making chocolate fillings or chocolate

fountains.

All long-chain compounds, including fats and lipids, in nature show polymorphism. TAG
is a glycerin fatty acid ester that usually possesses three polymorphs. The crystallization behavior
of TAG depends on the molecular structure of TAG and on several external factors such as
temperature, pressure, solvent, rate of crystallization, and levels of impurities (Sato 2001). The
arrangements of TAGs in crystals is amorphous-like for a, bulky shape for B’ and needle shape
for B. The structure of a, B°, B polymorphs are based on subcell structures, which define cross-
sectional packing modes of the zigzag aliphatic chain and single-crystal structure of tricaprin 3
form (Larsson 1966; Jensen and Mabis 1966). Aliphatic chain conformation in form a is
disorder, however, form B’ has intermediate packing and B has the densest packing. Therefore,
the Gibbs free energy (G) values are highest in o, intermediate in B’ and lowest in . In other

words, B is the most stable form, whereas, a is the least stable form (Sato 2001).

The melting properties, microstructure, and crystallization of cocoa butter has been
intensively studied by many researchers. Marangoni and McGauley (2003) have correlated the
microstructure obtained by polarized light microscope to crystallization behavior. Loisel et al.
(1998), Fessas et al. (2005), Dhonsi and Stapley (2006), Lambelet (1984) and Foubert et al.
(2003) used differential scanning calorimetry (DSC) to study the phase transition temperature,
crystallization kinetics, and solid/fat content of chocolates. Pérez-Martinez et al. (2007),
Brunello et al. (2003), and Sterling and Wuhrmann (1960) did comprehensive research on the

relationship between crystal microstructure and rheological/mechanical properties.
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Melting is a physical process that results in phase transition from solid phase to liquid
phase. The transition is driven by the increase of internal energy, typically, introduced by heat,
friction or pressure (Atkins and Jones 2007). Except using DSC, and dynamic viscoelastic
analysis, there are several other available methods can be used to determine the melting
properties, namely, the melting temperature of chocolates. Capillary method is one popular
methods for melting point determinations. A thin glass capillary tube containing a compact
column of the substance to be determined is introduced into a heated stand in close to a high
accuracy thermometer. The temperature in the heating stand is ramped at constant fixed rate until
the sample in the tube transitions into the liquid state. This method is relative low-cost; however,
it needs the visual observation of users which is sometime inconsistent and biased. Melting
collapse tests conducted by home-made devices can be useful for the determination of melting
temperature of materials. The devices perform the melting collapse test, in which a static force is
applied on the chocolate sample while a temperature ramp is performed (Dicolla 2008).
Thermometer and thermal couple are also implemented by many chocolate manufacturers for
melting point measurements. The measurements are based visual observation of the users which

brings uncontrolled deviation and inconsistency.

Phase transitions determined by differential scanning calorimetry (DSC)

DSC is a thermal analysis technique that measures the change of heat capacity of
materials at different temperature and differentiate it with reference (e.g., air). Alternatively,
DSC measures the heat required to raise the temperature of the materials by unit degree. A
sample of known mass is heated or cooled and the changes in its heat capacity are tracked as
changes in the heat flow. During phase transition, denaturation transitions, bio-macromolecule

unfolding process, the heat capacity of different materials exhibit different responses to

11



temperature scan. Since most materials exhibit some sort of transition, DSC is used in many
industries, including pharmaceuticals, polymers, food, paper, printing, manufacturing,

agriculture, semiconductors, and electronics (Spink 2008; Freire 1995; Hohne et al., 1996).

Chalikian et al. (1999), Cooper and Johnson, (1994) Freire, (1994), Makhatadze and
Privalov, (1995), and Plum and Breslauer (1995) studied the unfolding of protein and nucleic
acids. They not only found thermodynamic data for the denaturation transitions, but also a better
understanding of the underlying complexity of the unfolding process. DSC was also used to

study the phase transition of lipid membranes and model membrane systems (Ali et al., 1989;

Huang and Li, 1999; Mason, 1998).

The application of DSC in studying the thermodynamic of food material is very broad.
Privalov (1974), Brandts (1964), Jackson and Brandts (1970) used DSC to determine the
denaturation of proteins. Donovan, (1979), Biliaderis et al. (1980), Eberstein et al. (1980), and
Eliasson (1980) did comprehensive studies on the phase transitions and gelatinization in starch
by DSC. Tan and Kerr 2017, Ohkuma et al. (2008) and Afoakwa et al. (2008a) studied the phase

transition of candies, frozen foods and chocolates by DSC.

Phase transitions determined by rheometry

The rheological properties of the materials that undergo phase transitions exhibit
anomalous trends to non-transition states due to the changes in physical/chemical properties such
as viscosity, structure, strength of intermolecular bonds and volume. Many researchers (Lai et
al., 1999; Xue et al., 2008; Aguilera 1995; Krog and Larsson 1968; Laaksonen and Roos 2000;
Cocero and Kokini 1991; Roos and Karel 1991) have used rheometry to study the phase

transitions in food materials, including chocolate, starch, whey protein, monoglycerides, wheat

12



dough, glutenin, polysaccharide and sugar. Their results show that rheological properties can

serve as good indicators for glass transition, melting, and crystallization in food materials.

Determination of rheological properties are usually conducted by dynamic mechanical
thermal analysis (DMTA) and mechanical spectroscopy, which obtain mechanical modulus data
of food materials as a function of temperature. Mechanical properties can be obtained from the
materials by periodically changing the stress or stain that are applied in samples under shear,

blending, tension or torsion (Ross-Murphy1994).

The distinctive property of glass forming materials is the dramatic slowing down of
relaxation and flow with decreasing temperature. The dynamical range of this phenomenon is
probably one of the most spectacular in physics: viscosity may increase by about 15 orders of
magnitude for a mere 30% decrease in temperature (Ediger et al., 1996; Debenedetti and
Stillinger 2001; Liu and Nagel 2001). Tarjus et al. (2005) used a simple Arrhenius equation to

describe the viscosity of a glass forming material as a function of temperature:

~n  oExo/kBT
=y, e~

where 1) is the viscosity of the materials, noo is the viscosity at infinite high temperature, and T is
temperature in Kelvin. At low sufficiently temperature, this exponential function shows a linear

trend. However, at glass transition temperature, the dynamical properties of a liquid change from
an ‘ordinary,” Arrheniuslike temperature dependence to an ‘anomalous,’ stronger than Arrhenius
(or super-Arrhenius) one. Conventionally, the point at which the viscosity takes a given value of

1013 poise is defined as glass transition temperature.

To better use the Arrhenius equation to describe the dynamic mechanical properties of

different materials, Ngai et al. (1985) introduced the notion ‘fragility,” which characterizes the
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degree of super-Arrhenius behavior, the more fragile the glassformer the greater the super-
Arrhenius character. The simple Arrhenius equation was then modified to Vogel-Fulcher-

Tammann formula:

DT,
gy, e’ To

where D is the measurement of fragility. An alternative method to represent the data is focused

on the effective activation energy:
E(T) =kBT In (n/Mx)

Phase transitions determined by dielectric analysis (DEA)

Dielectric analysis (DEA) refers to a group of techniques that measure the polarization,
permittivity, and conductivity of materials as a function of temperature or frequency. The
reorientation of dipoles and the translational diffusion of charged molecules caused by oscillating
electric fields. The basis of the analysis based on alternating-current (AC) dielectric methods
principally involve measurements of the complex permittivity (dielectric constant €” and
dielectric loss €”’) in the frequency or time domain and at constant or varying temperature
(Vassilikou-Dova and Kalogeras 2009). The dielectric constant and polarizability of the
molecules in materials undergo great changes during phase transitions including glass transition,
melting, and crystallization, and these changes are easier to detect than enthalpy, volume, or heat
capacity. Since the mid-1970s, DEA has received wide recognition as a powerful thermal
analysis method, and its applications cover linear-polymers, numerous macromolecular systems
with complex molecular architectures such as comb like and branched structures, stars, cycles,

copolymers, hyperbranched polymers, and dendrimers (Kremer 2002).
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The most common sample configuration for dielectric analysis involves placing the
sample in a parallel-plate capacitor. An alternating voltage of angular frequency o is applied to
the parallel plates. Then the dielectric properties of the sample can be described as its

capacitance and conductance:

C(m) = g0’ (m)S/d; G(w) = gog”’(®)S/d
where S and d are the sample’s cross-sectional area and thickness, and & is the permittivity of
vacuum. The frequency depended parameters €’ and ¢’ are the real and imaginary part of the
complex dielectric permittivity function:
e*(w) =¢’(w)-1e”’(®)

where i’ = -1. The real part of the complex permittivity expresses the ability of the dielectric
material to store energy, while the imaginary part of the complex permittivity describes the
energy losses due entirely to the material medium (Macdonald 1987; Jonscher 1999).
In frequency domain, the real part of the dielectric permittivity &'(w), shows
a dispersion. On the other hand, dielectric losses ¢"'(w), in the idealized case, exhibit a bell-
shaped curve with a full width at half-height of 1.14 decades and a maximum occurring at
log(wmaxt) = 0. The loss peaks for most polymeric materials are broad and distorted
(asymmetric). The loss tangent d(w) = &"(w)/e'(w) was also frequently used to characterize
polymers for many electrical and engineering applications. ¢ is the phase lag between the
alternating electric field E(t) = Eoe!®! and the dielectric induction D(t) = Doel® =%, and is a
measure of system’s polarization inertia with respect to the electric stimulus (McCrum et al.,
1967).

Dielectric relaxation is the momentary delay (or lag) in the dielectric constant of a

material. This is usually caused by the delay in molecular polarization applied with alternating
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electric field in a dielectric medium. Dielectric relaxation in changing electric fields could be
considered analogous to hysteresis in changing magnetic fields. Relaxation in general is a delay
in the response of a linear system, and therefore dielectric relaxation is measured relative to the
expected linear steady state (equilibrium) dielectric values. The time lag between electrical field
and polarization implies an irreversible degradation of Gibbs free energy (Williams and Watts

1970).

In physics, dielectric relaxation refers to the relaxation response of a dielectric medium to
an external, oscillating electric field. This relaxation is often described in terms of permittivity as
a function of frequency, which can, for ideal systems, be described by the Debye equation. On
the other hand, the distortion related to ionic and electronic polarization shows behavior of
the resonance or oscillator type. The character of the distortion process depends on the structure,

composition, and surroundings of the sample (von Hippel and Morgan 1995).
The single relaxation time model of Debye (Debye 1921) was used to describe the
dependency of complex permittivity on relaxation time:

&€y &€y . &gy
— =g, 2271 )
1+ioT l+o*t* 1+to*t

e*(w)=¢g,+

where ¢, 1s the permittivity at the high frequency limit, &, is the static, low frequency
permittivity, and 7 is the characteristic relaxation time.

The application of DEA in studying the properties of food materials is very broad. Lu and
Fuji (1998) conducted DEA by coaxial line reflection to study the denature of hen egg white, and
they reported that the denatured gels were stored at 5°C for 13 days to be subjected to a
dehydration process that led to a corresponding decrease in dielectric constant and conductivity.

Laaksonen and Roos (2000) compared the performance of three methods (DSC, DMA, DEA) for
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determining phase transition of wheat dough. They found that the DEA method is an effective
method to detect phase transition in wheat dough, and in fact, t was able to detect several more
transition regions than DMA and DSC. They later used the same methods to study the wheat
dough with sugar, salt and acid, and were able to determine that relaxation temperatures (o, f and
v) increased with increasing frequencies if NaCL was added into the wheat dough (Laaksonen
and Roos 2001). Moran et al. (2000) studied the structure and dynamics of sugar/water solution
in both the viscous liquid and the glassy state, and they verified that the dielectric response was
dominated by the large dipole moment of the water molecule. Both the structural relaxation and a
secondary 3 process were observed. Feng et al. (2002) did a study on how moisture content
influences the dielectric properties of microwaved dried apple, and they found that decrease in

moisture content resulted in a decrease in €’ and €’’.

Capacitors

The most basic device for DEA is a parallel plate capacitor (Stuchly and Stuchly 1980).
A capacitor is an electronic device that has the ability to store energy in the form of an electrical
charge, producing a potential difference across its conductors. Its working principal is similar to
a rechargeable battery. The conductor may be a foil, thin film, sintered bead of metal, or
an electrolyte. The most basic form of a capacitor consists of two or more parallel conductive
plates which are not connected or touching each other, but the plates are separated either by air
or by an insulating material such as wood, plastic, or rubber. The insulating layer between a

capacitors plates is commonly called the dielectric materials or medium (Poynting 1908).

The ability of a capacitor to store charge on its conductors in the form of an electrostatic
field is called the capacitance of the capacitor. By applying a voltage to a capacitor and

measuring the charge on the plates, the ratio of the charge Q to the voltage V will give the
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capacitance value of the capacitor. Ideally the capacitance C of a capacitor is sufficiently

characterized by:

~Q
€=y

In practical devices, charge build-up sometimes affects the capacitor mechanically, causing its
capacitance deviated from its ideal form. In this case, capacitance is defined in terms of

incremental changes:

_dQ
S dv

When a capacitor is not in a circuit, theoretically, its capacitance is calculated by
A
C=¢.¢ 3

where A4 is the area of overlap of the two plates, in square meters, & is the relative static
permittivity (sometimes called the dielectric constant) of the material between the plates (for a
vacuum, & = 1), & is the electric constant (g9 ~ 8.854x107'2 F-m!) and d is the separation
between the plates, in meters. There are also many other types of capacitors such as coaxial
cable, pairs of parallel wires, concentric sphere, circular disc, and sphere. The calculation of
capacitance for different types of capacitor vary accordingly (Houldin 1967).

In a DC (source voltage Vo) circuit where one capacitor and one resistor is in series,

Kirchhoff's voltage law can be applied and the relation between capacitance and Vo is

re 3D oo
1) i(t)=

while in a AC circuit where one capacitor and one resistor is in series, A capacitor connected to a
sinusoidal voltage source causes a displacement current to flow through it. In the case that the

voltage source is Vocos(wt), the displacement current can be expressed as:
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dv .
I=C n =-0CVsin(mt)

where, I is current, C is capacitance, and o is frequency of the AC voltage that being applied to
the capacitor.
Genetic algorithm (GA)

The Genetic algorithm is an adaptive heuristic search method based on natural selection
of gene, and GA was firstly introduced by John Holland in the early 1970s (Tsoukalas and Uhrig
1997). Usually the selection is started with a set of solutions called the first generation. The
solutions in genetic algorithms are called chromosomes or strings. The population size is either
preserved or varied throughout each generation depending on the designed strategy. At each
generation, fitness of each chromosome is evaluated through a pre-set fitness function, and then
the chromosomes with high fitness values are probabilistically favored to be inherited to the next
generation. The next generation is generated by selecting chromosomes as ‘parent’ and they
randomly mate and produce offspring. When producing the next generation, crossover and
mutation randomly occurs according to the settings of GA. Because chromosomes with high
fitness values have high probability of being selected in the long term, chromosomes of the new
generation may have higher average fitness value than those of the old generation. The process
of evolution is repeated until the termination criteria is satisfied. The termination criteria can be
any chromosome reaching certain fitness value, certain number of generation is generated, or the

pre-set time for running the GA is up (Lee and Kim 2005).

The traditional procedure of GA includes initiation, selection, reproduction, and
termination. The initial generations are randomly generated and the population size depends on
the nature of the problem, varying from tens to thousands. The selection is usually conducted by

a fitness-based process, where fitter solutions are typically more likely to be selected. Certain
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selection methods rank the fitness of all individuals and preferentially select the best solutions.
Other methods rate only a random sample of the population, as this process may be very time-
consuming. The reproduction is conducted by two GA operators: crossover and mutation. There
are many crossover methods such as single point, two points, uniform, half uniform and adaptive
crossover. The selection for crossover method varies by case. Although reproduction methods
that are based on the use of two parents are more common, some research suggests more than

two “parents” are better for the production good quality children (Eiben et al., 1994).

GA and its upgraded algorithms have many applications including management, robotic,
image processing, decision making, and game strategies. Gong and Yang (2001) applied genetic
algorithms for stereo image processing. Yasuda and Takai (2001) applied genetic algorithms for
sensor-based mobile robot path planning under unstructured environment in real-time. Madureia
et al. (2002) suggested genetic algorithms for the resolution of real world scheduling problems,
and proposed a coordination mechanism. Potter et al. (1994) used GA to solve a “snake in box™
problem and found good solutions. Some researchers (Magnier and Haghighat 2010) also applied

GA to improve building designs.

Chocolate refining/conching

Chocolate manufacturing usually includes procedures of mixing, refining and conching.
Chocolate refining is the process of reducing the particle sizes of both cocoa solids, sugar
crystals and other ingredients (proteins, flavors, milk fat, and liquor etc.,) in finished chocolate.
The goal is to reduce the particle size somewhere in the range of 15-25 microns because human
tongue loses its ability to determine texture and grittiness at around 30 microns. On the other

hand, when the particle size is less than about 10 microns the chocolate can get gummy. In
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addition, the particle size of the processed ingredients significantly influences the rheological

and melting properties of the final products (Beckett 2011; Beckett 2000).

Typically, refining is conducted by a combination of two- and five-roll refiners. Four
grinding rolls are aligned vertically, while the feed roll is placed at an angle to the lowest stack
roll. The main factor that determines the throughput and the final fineness of chocolate is the
feeding rate, and the feeding rate is adjusted by changing the feed roll gap at a constant roll
speed or by changing the roll speed at a constant gap (Ziegler and Hogg 2009). Also, the
pressure on the rollers is another critical factor that influences the fineness of the particles
(Ripani et al., 1986). Many other studies have reported other refining methods/equipment for
chocolate processing. Lucisano et al. (2006) and Alamprese et al. (2007) have used ball mill to
refine the ingredients of chocolate, studying the influence of formula and processing variables on
the rheological properties of dark, milk, and compound chocolate. Hammer mill and disc mill
were also reported as the equipment for chocolate refining (Kurt 1995; Hendry 1952; Zoumas et
al., 2004). A malenger can also be used for chocolate refining. A traditional melanger has a
rotating pan, often with a granite bed, on which two granite rollers rotate. Scrapers ensure mixing
by directing the material under the rollers. The modern requirement for continuous higher
throughput methods has often led to the mixing, grinding, even conching being carried out

separately (Beckett 2011).

The procedure after refining is conching, however, by using certain equipment, such as
melanger, the two steps are conducted at almost the same time. Chocolate conching is basically a
process of stirring and agitating the chocolate for an extended period of time at
temperature >50 °C (Jolly et al., 2003; Beckett 2000). Conching is not very well understood. It is

believed that conching contributes many things that improve the flavor and texture of chocolates.
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Babin (2005) described the conching as a three-step process. At the first stage, the ingredients
are crushed but still dry. At the second stage, melted cocoa butter are released from the cells of
cocoa and chocolate paste is generated. In the last stage, the ingredients become liquid like, and
this stage is called liquid conching. In the early stages of conching, the moisture is reduced,
certain undesirable flavor-active volatiles such as acetic acid are removed, and interactions
between disperse and continuous phase are promoted. In later stages, conching rounds off the
particulates within the chocolate through the use of friction. In addition, the high heat allows
volatile oils and other ingredients to evaporate. Desirable flavors are developed during conching,
as it allows the flavor components to permeate the cocoa butter more fully (Afoakwa et al.,
2007). The time needed for conching varies from several hours to days depending on the
processing requirements, what type of equipment is used, and the formula of chocolates (Awua

2002; Chaveron et al., 1987).

As mentioned above, during conching, the physical and chemical properties of chocolate
undergo great changes. The texture, rheological properties, and volatile compounds profiles of
chocolate are developed during conching. Schnermann and Schieberle (1997) have studied the
key odorants in milk chocolate and cocoa mass by aroma extract dilution analysis (AEDA). They
found that 13 odorants had great contribution to the overall chocolate flavor. These odorants are
3-methylbutanal (malty); 2-ethyl-3,5-dimethylpyrazine (potato chip-like); 2- and 3-
methylbutanoic acid (sweaty); S-methyl-(E)-2-hepten-4-one (hazelnut-like); 1-octen-3-one
(mushroom-like); 2-ethyl-3,6-dimethylpyrazine (nutty, earthy); 2,3-diethyl-5-methylpyrazine
(potato chip-like); (Z)-2-nonenal (green, tallowy); (E,E)-2,4-decadienal (fatty, waxy); (E,E)-2,4-
nonadienal (fatty); R-6-decalactone (sweet, peach-like); and 2-methyl-3-(methyldithio)furan.

Based on their study, Counet et al. (2002) carried out comparison between the odorants before
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and after conching. The results indicated that although no new key odorant is synthesized during
the conching process, levels of 2-phenyl-5-methyl-2-hexenal, Furaneol, and branched pyrazines
are significantly increased while most Strecker aldehydes are lost by evaporation. Owusu et al.
(2012) used dynamic headspace sampling/gas chromatography-mass spectrometry (GC-MS) to
isolate and identify aroma volatiles in cocoa before and after conching at low and high
temperatures. They reported that at high temperature (80°C), conching didn’t significantly
change the volatile compound profiles. They also found that no conching or short conching time
results in higher concentrations of most aroma compounds. These aroma compounds include
acetic acid, 2,5-dimethylpyrazine (popcorn) and 2-ethyl-5-methylpyrazine (roasted, coffee) and
2,3,5-trimethylpyrazine (fried potato), 2- and 3-methylbutanal, 5-methyl-2-phenyl-2-hexenal

(sweet/cocoa/roasted), aldehydes, 1,2/3-butanediol and benzyl acetate.

Rheological properties of chocolate are developed by conching mainly because of
particle size reduction, releasing of cocoa butter and the development microstructure of the
ingredients source. Afoakwa et al. (2008b) did comprehensive studies on how particle size
distribution influence the rheology properties (apparent viscosity and yield stress) plus textural
parameters (firmness, index of viscosity and hardness) and melting properties (duration or time)
of dark chocolate, indicating that those parameters are all highly positively correlated to the
particle size of the chocolate. Findings from other researchers including Glicerina et al. (2013),
Do et al. (2007), Sokmen. and Gunes (2006) and Ziegler et al. (2001) echoed the conclusions

claimed by Afoakwa et al. (2008b).

Methods for particle size analysis
Particle size analysis is very important for the food industry, as particle size controls the

taste and feel (chocolate), viscosity (chocolate, emulsions), dissolution rate (milk, coffee),
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freeze-drying rate (coffee), creaming/flocculation (e.g. milk/cream), stability (cream liqueurs) of
products. In addition, particle size characterizes emulsification (shear rate), indicator of
(unwanted) processes (e.g. creaming), phase separation, crystallization (e.g.sugar), QC control
parameters (Servais et al., 2002). The application areas for particle size analysis in the food
industry include milk products (powders/liquid), chocolate, coffee (dry), sugar (dry,
crystallization), emulsions (dairy cream liqueurs, ice cream, margarine, butter, mayonnaise etc.).
There are additional methods available for sizing particles in many different fields. These
methods include physical methods based on sieving, sedimentation, electrical properties, and
impactors, imaging methods based on microscopy, photography and holography images, light

scattering methods based on laser light.

The particle size for a spherical particle can be described using a single number, the
diameter for every dimension is identical. For non-spherical particles, the particle size can be
described by using multiple length and width measurements such as horizontal and vertical
length. Although these descriptions provide better accuracy, complexity of the measurement also
increase greatly. Thus, many techniques are based on the assumption that all the particles being
measured are a perfect sphere for convenience. The reported value is typically an equivalent
spherical diameter. This is essentially taking the physical measured value such as scattered light
and determining the size of the sphere that could produce the data. Although this approach is not
perfectly accurate, the shapes of particles generated by most industrial processes are
unproblematic. There will be problems if the measured particles have a very large aspect ratio,
such as fibers or needles. In addition, shape factor causes disagreements when particles are
measured by different type of particle size analyzers. Different particle size analysis techniques

are based on different physical principles. For example, sieving will tend to emphasize the
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second smallest dimension because in order to pass through the mesh opening, the particles must
orient themselves (Konert and Vandenberghe 1997). A sedimentometer measures the rate of fall
of the particle through a viscous medium, and the surrounding particles plus the container walls
tend to slow the dropping speed of the particles. Flaky or plate-like particles tend to orient to
maximize drag while sedimenting, resulting the measurements of particle size in the smaller size
than their real size (Allen 2013). A light scattering device will average the various dimensions as
the particles flow randomly through the light beam, producing a distribution of sizes from the
smallest to the largest dimensions (Eshel et al 2004). The only techniques that implement
multiple values to describe the particle size are image analysis including microscopy. The
parameters such as the longest and shortest diameters, perimeter, projected area, and equivalent
spherical diameter are used by image analysis to describe the particle size of non-spherical.
When reporting a particle size distribution, the most common format used for image analysis
systems is equivalent spherical diameter on the x axis and percent on the y axis. It is only for
elongated or fibrous particles that the x axis is typically displayed as length rather than

equivalent spherical diameter.

Laser scattering based particle size analyses are currently most widely used in food
industry because they provide comprehensive information about the particle size distribution of
food materials. Because of the nature of the laser, it is particularly useful for determining particle
size information based on properties of scattered light. Properties that make the laser a useful
tool include nearly planar wave front, its monochromatic nature, coherence and spectral power
(Black et al., 1996). Laser diffraction measures particle size distributions by measuring the
angular variation in intensity of light scattered as a laser beam passes through a dispersed

particulate sample. The principle of Laser diffraction is based on the Fraunhofer
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diffraction theory, stating that the intensity of light scattered by a particle is directly proportional
to the particle size (Mudroch et al., 1996). Large particles scatter light at small angles relative to
the laser beam and small particles scatter light at large angles (McCave et al., 1986). The
Fraunhofer approximation is accurate for large particles (~50 um), however, for measuring
smaller particles, Mie theory needs to be applied. Mie theory calculates the particle size
distribution, assuming a volume equivalent sphere model. And Mie theory requires knowledge of
the optical properties (refractive index and imaginary component) of both the sample being
measured, along with the refractive index of the dispersant. Usually the optical properties of the
dispersant are relatively easy to find from published data, and many modern instruments will

have in-built databases that include common dispersants.

There are many types of particle diameter used to specify the size of particles. This is
because of the variety of situations encountered by those using particle-size measurement
systems. For different processes, different parameters of the size distribution are important. In
addition, the methods being used to conduct the particle size measurements decide which
diameters being reported (Azzopardi 1979). Laser-based particle analyzers generally determine
the distribution of the equivalent spherical particle sizes. Commonly used diameters for this
method include arithmetic mean dio, Normal average particle diameter of the size distribution;
surface mean dyo, Diameter of a sphere with the average surface area of the particles in the size
distribution; volume mean d3o, Diameter of a sphere with the average volume of the particles in
the size distribution; Sauter mean d3», diameter of a sphere with the equivalent surface to volume
ratio as all the particles in the size distribution; weight mean ds4, Diameter of a sphere having the
average weight of all the particles in the size distribution. In addition, dxx is also used to

describe the xx% of the particles are smaller than dxx, such as, dio, dso and doo. Some of the

26



diameters obtained by other measurement methods are sieve diameter ds, the width of the
minimum square aperture through which the particle will pass; Martin’s diameter dwm, the mean
chord length of the projected outline of the particle; Feret’s diameter dr, the mean value of the
distance between pairs of parallel tangents to the projected outline of the particle; project area da,
diameter of a circle having the same area as the projection of the particle; Stoke’s diameter d,
diameter of a sphere of similar density having the same freefall velocity as the particle (Irani and

Callis 1963).

Particle size measurement is involved in many previous research projects and it is critical
for characterizing the properties of food materials. The selection of particle size measurement
method depends on the properties of the samples. Qian and McClements (2011), Huang et al.
(2001), Kim and Morr (1996), Mirhosseini et al. (2008) used laser scattering particle size
analyzer to measure the particle size distribution of nanoemulsions. Tan and Kerr (2015), Ahmed
et al. (2000), Sato and Cunha (2009), Corredig et al. (2001) conducted studies that involve
particle size measurements for vegetable/fruit puree and pulp. Sieves were also used by many
researchers (Peyron et al., 2004; Olthoff et al., 1984) as the principal particle size measurement
method for peanut, almond, pistachio cauliflower, radish, chili pepper, and carrot powders. Van
der Bilt et al. (1993) introduced an optical scanning method for particle size measurement for
food materials and compared the methods to sieving methods. In industry, other methods such as
micrometer, Hegman gauge are used by small food manufacturers producing chocolate, candy,
peanut butter and almond milk. Those methods are currently not standardized and the

applications rely on individual experience.
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Microstructure obtained by scanning electron microscopy (SEM)

The microstructure of chocolate has been well studied by previous researchers. A
stereoscopic binocular microscope was used by Afoakwa et al. (2008¢) to study the
microstructure of dark chocolate. Confocal scanning laser microscopy (CSLM) methods have
also been developed to identify fat and protein in milk chocolate and milk powders by Auty et al.
(2001) and Svanberg et al. (2011). Hodge and Rousseau (2002) applied atomic force microscopy
(AFM) and powder X-ray diffraction (XRD) to study the surface microstructure and
polymorphic behavior of milk chocolate. James and Smith (2009) have compared the
performance of X-ray photoelectron spectroscopy, cyro-scanning electron microscopy and
environmental scanning electron microscopy in studying the surface of blooming chocolate.
However, no study has investigated the microstructure of cocoa solid because of the difficulty in

separating the cocoa solids alone from fat phase.

Unlike traditional light microscope, SEMs use an electron beam instead of a beam of
light, which is directed towards the specimen under examination. SEM is a type of electron
microscope that produces images of a sample by scanning the surface with a focused beam
of electrons. The electrons interact with atoms from the surface of the sample, producing various
signals that contain information about the sample's surface topography and composition (Stokes
2008). Prior to the examination, the specimens need to be dried or frozen below -80°C and then
coated by a thin layer (5-20 nm) of gold that provides electric conductivity unless using back
scatter. During examination, an electron gun located at the top of the device shoots out a beam of
highly concentrated electrons. There are two main types of electron guns used by SEMs. The
first is called a thermionic gun, which heats a filament until electrons stream away. The second

electron gun is field emission gun, which rips electrons away from their atoms by generating a
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strong electrical field (Kalab et al., 1995). The microscope is composed of a series of lenses
within a vacuum chamber and the vacuum environment prevents collision between electron and
other molecules. Lenses direct the electrons towards the specimen in order to maximize
efficiency. Greater magnification is achieved by more using more electrons. When a specimen is
hit with a beam of the electrons known as the incident beam, it emits X-rays and three kinds of
electrons: primary backscattered electrons, secondary electrons and Auger electrons. The SEM
uses primary backscatter electrons and secondary electrons to construct images that include
information about the surface topography and composition. An electron recorder picks up the
rebounding electrons and records their imprint. This information is translated onto a screen
which allows three-dimensional images to be represented clearly. For traditional SEMs, the

images generated are not color images (Bozzola and Russell 1999; Reimer 2013).

The application of SEM is very common in studying the microstructure of food materials.
Kalab and Harwalkar (1973) and Verheul and Roefs (1998) have studied the structure of a
variety of food gels by SEM. They reported that heat-induced milk gels consisted of casein
micelles linked together by short, thin fibers. Such fibers were not in acid-heat gels, which were
composed of expanded protein particles closely attached to each other forming thick chains and
networks. Renneted milk gels contained a high proportion of long fibers, and casein micelles
were fused together. SEM has also been applied by Rosenberg et al. (1985) and Dalgleish et al.
(2004) for the morphological study of various microcapsule systems. They reported that SEM is
a useful tool for the selection of wall materials. The core materials distribution in microcapsules
can be observed in SEM images, and the images elucidate the mechanisms of capsule formation
and the effects of water-vapor uptake on microcapsule properties. Tatsumi et al. (1991), Roman-

Gutierrez et al. (2002), Caldwell et al. (1992), and Zounis et al. (2002) have done comprehensive
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research on the surface structure of carrot, wheat power, ice cream and wheat dough by SEM.
They reported that the surface structure can be used as a tool to monitor the quality related

properties such as rheology, and texture of food materials.

Cocoa roasting and flavor development

The cocoa roasting procedure usually happens after cocoa fermentation and before
cracking and winnowing. Roasting is a heating method that uses different heat source (hot air,
flame, and hot plate) to cook the food. The food is cooked evenly on all sides with temperatures
of at least 150 °C (~300 °F) by radiation, conduction and convection (Martins et al.,

2000). Roasting is a very critical step in chocolate processing. It is believed that roasting
accomplishes many things. Firstly, roasting helps separate the outer husk from the inner bean and
makes lateral steps such as cracking and winnowing much easier. Secondly, it also kills
microorganisms in the cocoa beans. This is important as the conditions in which cocoa beans are
fermented are naturally full of bacteria, fungi and molds. There is a "quantifiable" risk of
infection from unroasted cocoa beans. By roasting, the fermentation is terminated and
deterioration is prevented. Various chemical reactions also occur when cocoa beans are roasted
and proper roasting is integral to the production of chocolate with good flavor. The vinegar smell
(acetic acid) from fermentation is driven off by the high heat introduced by roasting (Jinap et al.,

1998; Ramli et al., 20006).

Maillard reactions play a major role in the formation of the flavors of cocoa beans during
roasting (Ziegleder 1991). The Maillard reactions involve the reaction between free amino acids
and reducing sugars, which develop during fermentation ((Ziegleder and Biehl 1988). Keeney
(1972) reported that the roasting process not only generates new volatile compounds for specific

flavor through pyrolysis of sugars, but also loss of minor compounds such as acids and
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polyphenol that influence the final flavor of chocolate products. It was reported that roasting
produces approximately 400—500 chemical compounds (Dimick 1983) including pyrazines,
aldehydes, ethers, thiazoles, phenols, ketones, alcohols, furans and esters (Paul and Jeanne
1981). Aldehydes and pyrazines are the major compound groups formed during roasting, and the
chemical reactions involved in their formation are Maillard reaction and Strecker degradation of
amino acids and sugars during roasting (Heinzler and Eichner 1992). Strecker degradation is a
chemical reaction, which converts an a-amino acid into an aldehyde containing the side chain by

way of an imine intermediate (Schonberg and Moubacher 1952).

A study conducted by Jinap et al. (1998) indicated that over different compounds can be
identified in roasted cocoa beans by using simultaneous distillation extraction based GC-MS. In
total, 14 pyrazines, 20 esters, 3 carbonyls, 3 phenols, 3 alcohols, 2 hydrocarbons, 2 ketones, 2
acids, 2 monoterpenes hydrocarbons, 1 benzenoid hydrocarbons, and 1 furan were identified, it
was reported that the number of pyrazines present in nib increase with longer roasting time. In
contrast, the amount of esters present in the nibs seems to be more affected by roasting
temperature rather than roasting time, while alcohols and phenols were decreased by both
increasing roasting temperature and time. Ramli et al. (2006), however, identified 28 major
compounds by gas chromatography using a mass selective detector. The identified compounds
include nine pyrazines (2,5-dimethyl-, 2,3-dimethyl-, 2-ethyl-6-methyl-, trimethyl-, 3-ethyl-2, 5-
dimethyl-, tetramethyl-, 2-ethenyl-6-methyl- and 3,5-dimethyl-2- methylpyrazine); five
aldehydes (5-methyl-2-phenyl-2-hexenal, benzaldehyde, benzalacetaldehyde and a-ethyliden-
benzenacetaldehyde); one methyl ketone (2-nonanone); two alcohols (linalool and 2-heptanol);
and two esters (4-ethylphenyl acetate and 2-phenylethyl acetate). Serveral of the compounds,

specifically, benzaldehyde, 2-nonanone, linalool and 2-phenylethyl acetate, aldehydes, ketones,
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alcohols, esters trimethyl- and tetramethylpyrazine can be used as indicators of the roasting
process. Hashim and Chaveron (1994) also reported that methylpyrazine can be used as good
indicator of the roasting process. They concluded that the amount of monomethyl-; 2,3-
dimethyl-; 2,5-dimethyl-; 2,6-dimethyl-; trimethyl- and the tetramethylpyrazine in unroasted

beans were significantly different from the ones in roasted beans.

In addition to mapping volatile compounds by GC-MS systems and classifying the
roasting degree based on that, other methods have been implemented in classifying the roasting
degree of cocoa beans. Stark et al. (2005), Stark and Hofmann (2005) and Jinap et al. (2004)
conducted sensory evaluation tests on cocoa beans with different roasting degree. They
correlated compounds such as quercetin, naringenin, luteolin, apigenin, catechin theobromine
and caffeine, to certain sensory perception such as astringent mouthfeel. Although training
sensory panels has been widely accepted for detecting the roasting degree of cocoa, they are
inconsistant, as human smell assessment is affected by many factors. Bias within panels is
inevitable and the panelists may be affected by poor physical and mental health as well as
fatigue. In addition, sensory tests may take hours for testing and it may take months to train the
panel (Pearce et al., 2006). Krysiak (2006) correlated the color of cocoa nibs to the roasting
condition of cocoa beans. He concluded that roasting of cocoa beans at 110 °C resulted in the
least advanced brown pigments and more pronounced changes in pigment content was achieved

during roasting at 135 and 150 °C.

Electronic nose (E-nose)
An e-nose system is a combination of gas sensors that give a fingerprint response to a
given odor and pattern recognition software that performs odor identification, classification and

discrimination. The e-nose is a cost-effective, unbiased, and fast-measuring solution to the
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problems associated with sensory panels and with chromatographic and mass-spectrometric
techniques. The portable form of e-nose can accommodate real time performance in the field and

it may be operated remotely (Arshak et al., 2004).

The e-nose attempts to simulate mammalian olfactory responses to aromas by using gas
sensors. The e-nose usually has a sealed chamber where gas sensors are distributed in the space
created by the chamber. The odor molecules are drawn into the e-nose chamber by pumping,
headspace sampling, diffusion methods, bubblers or pre-concentrators, where they interact with
the gas sensors (Pearce et a., 2006). The reaction between gas sensors and the odor molecules
induces a reversible physical and/or chemical change in the sensing material, which causes an
associated change in electrical properties, such as conductivity. And the measurement of
conductivity of the sensors are typically obtained by measuring the output voltages of the gas
sensors since they are linearly correlated. (Harsanyi 2000). Each gas sensor behaves just like a
receptor by responding differently in sensitivity to different odors. The responses of the gas
sensor are transduced into electrical signals (voltage, current, capacitance, etc.) and collected by
data acquisition system. Finally, the overall response patterns of the gas sensors are processed by
designed recognition models for discrimination, classification, and identification (Shurmer, and

Gardner 1992; Gardner et al., 1992; Rock et al., 2008).

The response of a gas sensor when exposed to target gases is considered to be a first
order time response. In this first stage of measurement conducted by gas sensors, reference gas,
usually fresh air, is introduced and reacts with gas sensors to obtain baselines. Then sensors are
exposed to the target gases, which causes changes in its output signal until the sensor reaches
steady-state. The odorant is finally flushed out of the sensor by using the reference gas and the

responses of gas sensors return back to baseline. Several important parameters are used to
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describe the sensor response as a function of time. The parameters include response time, the
time during which the sensor is exposed to the odorant; relaxation time or recovery time, the
time it takes the sensor to return to its baseline; peak value, the maximum response that the

sensor exhibited during exposure to the target gases.

Pearce et al. (2006) suggested three data processing methods to remove any noise or drift
by sensor response manipulation with respect to the baseline. The first one is Differential: the
baseline x,(0) is subtracted from the sensor response xs(t) to remove any noise or drift da present.

The baseline manipulated response ys(t) is determined by:

¥, (O=(x(0+84)-(x5(0)+34)
¥, (0=x()-x,(0)
Relative: the sensor response is divided by the baseline. By doing this, multiplicative drift om is

eliminated and a dimensionless response ys(t) is obtained.

Cx(D(1+84)  x(D)
x(0)(1+8,)  x(0)

VAQ)

Fractional: combine differential and relative methods, the baseline is subtracted from the
response Xs(t) and then divided by the baseline x5(0) from the sensor response which provides a
dimensionless, normalized response ys(t) that can compensate for inherently large or small

signals.

x()-x(0)
Y, (O=——<—
x(0)
The selection of baseline depends on the type of gas sensor and also the preference of
researchers. However, the selection of certain manipulation techniques mainly depends on sensor

type (Arshak et al., 2004). As mentioned before, different gas sensors have different sensitivities

to different target gas. The sensitivity is defined as the change in output of a sensor (e.g. voltage)
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for a change in the input (target gas concentration) (Fraden and Rubin 1994; Johnson 1993; Boll
and Overshott 2008). In the case of e-nose sensors, the sensitivity of the sensor (S) to the odorant
is the change in the sensor output parameter (y) results from change of the concentration of the

odorant (X):

Some other researchers use different values to measure the sensitivity, usually calculated from
baseline-manipulated data.

The commonly used gas sensors are conductivity sensor, piezoelectric sensor, optical
sensor, and MOSFET sensors. In the food industry, conductivity sensor is widely used and it
have been proved to be a good tool for food quality examination. Conducting polymer
composites, intrinsically conducting polymers (ICP) and metal oxides semiconductor (MOS) are
three of the most commonly utilized classes of sensing materials in conductivity sensors. The
basic working principle for these three type of conductivity sensors is the same: a change in
some property of the material resulting from interaction with a gas/odor leads to a change in
resistance in the sensor. However, the mechanisms that lead to these resistance changes are

different for the three conductivity sensors.

Conducting polymer composites consist of conducting particles such as polypyrrole and
carbon black interspersed in an insulating polymer matrix (Albert et al., 2000). When the
conducting polymer composites are exposed to target gas, the change of resistance is led by
percolation effects or more complex mechanisms in the case of polypyrrole filled composites.
The vapor permeates into the polymer and causes the polymer film to expand. The vapor-

induced expansion of the polymer composite causes an increase in the electrical resistance of the
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polymer composite because the polymer expansion reduces the number of conducting pathways
for charge carriers (Munoz et al., 1999). ICP have linear backbones composed of unsaturated
monomers, such as, alternating double and single bonds along the backbone, that can be doped as
semiconductors or conductors (Heeger 2001). The principle of operation for ICP e-nose sensors
is that the odorant is absorbed into the polymer and alters the conductivity of the polymer.
Intrachain conductivity, intermolecular conductivity, and ionic conductivity are affected in
intrinsically conducting polymers. Intrachain conductivity is changed because the conductivity
along the backbone is altered. The changes of intermolecular conductivity is due to electrons
hopping to different chains. Ionic conductivity is affected by proton tunneling induced by
hydrogen bond interaction at the backbone and also by ion migration through the polymer

(Albert et al., 2000; Charlesworth et al., 1993; Dickinson et al., 1998).

MOS type gas sensors are widely used because they have high precision, low cost, and
good repeatability. Many metal oxides are suitable for detecting combustible, reducing, or
oxidizing gases by conductive measurements. The following oxides show a gas response in their
conductivity: Cr203, Mn203, Co304, NiO, CuO, SrO, In203, W03, TiO2, V203, Fe203,
Ge0O2, Nb205, Mo03, Ta205, La203, CeO2, Nd203 (Kanazawa et al., 2001). There are two
types of metal oxide sensors. The first one is n-type which is made from zinc oxide, tin dioxide,
titanium dioxide or iron (III) oxide. The n-type sensor responds to reducing gases such as H2,
CH4, CO, C2HS5 or H2S. However, the p-type which is made from nickel oxide, cobalt oxide,
which respond to oxidizing gases like O2, NO2, and CI12 (Pearce et al., 2006). The sensing
mechanism of a MOS type gas sensor is mainly due to the trapping of electrons at adsorbed
molecules and band bending induced by these charged molecules. This phenomenon is

responsible for the change in conductivity. The negative charge trapped in these oxygen species

36



causes an upward band bending and thus a reduced conductivity compared to the flat band

situation. The reactions occurring at the surface of the MOS sensor is described as:

%Oﬁe‘—» O(s)
R(g)+O (s)—»RO(g)+e
where R(g) is the reducing gas and g and s are the surface and gas, respectively, e represent
electron from the oxide (Pearce et al., 2006; Albert et al., 2000).

The application of e-nose in food industry is very broad. Foods are characterized by the
presence of a large number of different chemical species, many of them are responsible of the
qualitative differences existing in terms of taste and aroma and in terms of edibility as well. In
the past, electronic noses have been developed for the classification and recognition of a large
variety of foods. Gardner et al. (1992) used twelve tin oxide sensors to sense the headspace of
coffee packs and achieved success rate of 95.5% in discriminating and classifying 90 samples.
Pardo et al. (2000) classified 12 types of coffees by principal component analysis (PCA) based e-
nose and achieved 87.5% classification performance. Di Natale et al. (1996) and Garcia et al.
(2006) reported that e-nose can discriminate between for different types of wine and the same
wine from different locations. They use (PCA) and probabilistic neuronal network (PNN) as
discrimination tools. The quality of meat and meat products can be also determined by e-nose
technology. Many researchers (Winquist et al., 1993; Rajaméki et al., 2006; El Barbri et al.,
2008) reported accurate rates of identification, discrimination and classification achieved by an
e-nose based system. Quality related properties of cheese (Drake et al., 2003; Benedetti et al.,
2005), vegetable oil (Hai and Wang 2006), vinegar (Zhang et al., 2006), and fruit (Brezmes et
al., 2000) have all been studied using e-nose technologies and the accuracy of these e-nose

systems tends to be excel 90%.
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Artificial neural network (ANN)

A neural network is a computing system made up of a number of simple, highly
interconnected processing elements, which process information by their dynamic state response
to external inputs (Caudill 1987). ANN is computational model used in machine learning,
computer science and other research disciplines, mimicking the neuronal structure of the
mammalian cerebral cortex but on much smaller scale. The learning and training process of
ANN is similar to human cognitive process. Like the human cerebral cortex, a ANN consist of
layers of artificial neurons, or simply “neurons” or “nodes”. The number of neurons and layers,
theoretically, can be infinite. However, the time needed for running ANNs with huge number of
neurons and layers is too long and large systems are not typically necessary to solve most
problems. In a most basic mathematical model of the ANN, the effects of the synapses are
represented by connection weights that modulate the effect of the associated input signals, and
the nonlinear characteristic exhibited by neurons is represented by a transfer function. The
neuron impulse is then computed as the weighted sum of the input signals, transformed by the
transfer function. The learning capability of an artificial neuron is achieved by adjusting the

weights in accordance to the chosen learning algorithm (Abraham 2005).

In a most simplified process of ANN, from the first layer (input layers) of neuron (inputs)
x1, ..., xn is considered to be unidirectional, which are indicated by forward or backward
detection. The output Oi of the first layer is the sum of each input that connected to the output

node multiplied by the weight of the connection.

n
Oi:f( Z (,0ij )
=1
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where o; ] is the weight vector, and the function f is referred to as an activation (transfer)

function such as tansig, logsig, and purelin.

tansig(x)= o2
logsig()=—
ogsig()= 1=

purelin(x)=x

0; must be greater than a threshold before it can be transferred to the next layer. Once threshold
value is reached, O; become the input for the next layer and this process keeps going until the
values of the nodes in the last layer (output layer) are calculated. This process is called feed-
forward networks, and it consists of three types of neuron layers: input, hidden, and output
layers. The signal flow is from input to output units, strictly in a feed-forward direction. Contrary
to feed-forward networks, there is feedback ANN where is signals can flow backward before
being transferred to the last layers. In addition to that, there are several other neural network
architectures such as adaptive resonance theory maps, and competitive networks (Bishop 1995).

Learning or training of a ANN is based on the modification of the weights on synaptic
connections between neurons. The basic idea is that if two neurons are active simultaneously,
their interconnection must be strengthened. The perceptron is a single layer neural network
whose weights and biases could be trained to produce a correct target vector when presented
with the corresponding input vector. The principles underlying this statement have become
known as Hebbian Learning. Backpropagation (BP) is one basic training method and one BP
process stated as follows: first, start with random weights for the connections. Second, select an
input vector x from the set of training samples. If output is not equal to desirable output, which is
yk # d(k), modify all connections weight wi according to: owi = n(dk — yk)xi; (n = learning rate).

Go back to second step until termination criteria is reached. There are many other training
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methods such as Levenberg-Marquardt, scaled conjugate gradient, Fletcher-Powell conjugate
gradient, and resilient backpropagation. The selection of training algorithm depends on the
problem need to be solved and preference of the researchers. In addition, the performance of the
ANN is heavily depending on factors such as the number of node, layer, transition function, and
parameter setting for each training method (Yegnanarayana 2009; Dayhoff and DeLeo 2001;
Fyfe 2005). The application of ANN is very broad. ANN has been used to solve classification,
optimization, feature detection, data compression, approximation, prediction, control, association

and pattern completion.

ANN was introduced to study food materials many years ago. Doganis et al. (2006)
applied ANN to forecast the sale of milk products. Garcia-Gimeno et al. (2002), Argyri et a.,
(2010) and Geeraerd et al. (1998) used ANN as the tool to predict bacteria growth in chilled food
products and beef fillet. Research conducted by Goni et al. (2008) reported that ANN can predict
freezing and thawing times of foods. The neural network had an average absolute relative error
of less than 10%. Some researchers have combined ANN and electronic nose to study the quality
of food materials such as olive oil (Cosio et al., 2006), beef (Panigrahi et al., 2006) and honey
(Benedetti et al., 2004). Overall, electronic nose based ANN have achieved high accuracy

(>90%) in these studies.
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Figure 2.1. Schematic of a microbial succession during cocoa bean fermentations.

65



Tables

Table 2.1. Cooking tempering of candies of different stages

Stage

Cooking temperature (°C)

Sugar contents

Thread (e.g., syrup)

Soft ball (e.g., fudge)

Firm ball (e.g., soft caramel )

Hard ball (e.g., nougat)

Soft crack (e.g., salt water taffy)

Hard crack (e.g., toffee)

Clear liquid

Brown liquid

Burnt sugar

110-112

112-116

118-120

121-130

132-143

146-154

160

170

177

80%

85%

87%

90%

95%

99%

100%

100%

100%

66



Table 2.2. Melting temperature and texture of different type cocoa butter crystalline

Type Tm (°C) Texture

I(y) 17 Soft, crumbly, melts too easily

IT (o) 21 Soft, crumbly, melts too easily
III (B:1”) 26 Firm, poor snap, melts too easily
IV (B2) 28 Firm, good snap, melts too
V (B2) 34 Glossy, firm, best snap, melts
VI (B1) 36 Hard, takes weeks to form
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CHAPTER 3

DETERMINATION OF GLASS TRANSITIONS IN BOILED CANDIES BY CAPACITANCE

BASED THERMAL ANALYSIS (CTA) AND GENETIC ALGORITHM (GA)'

'Tan, J. and Kerr, W.L., 2017. Journal of Food Engineering, 193, pp.68-75.
Reprinted here with permission of the publisher.
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ABSTRACT

The glass transition temperature (Tg) is an important property that influences the
processing and textural characteristics of candy. Measurement of Tg is done by comparably
expensive and complex instruments. In this study, we tested a new system which uses
capacitance thermal analysis (CTA) of candy trapped between stainless plates, as the system is
caused to heat at an uncontrolled rate. The data of capacitance as a function of temperature were
processed by a genetic algorithm (GA), and fitted to a three-section model to determine Tg. Tg
of the candies were independently measured by DSC as a reference. The results showed that
when the Tg of the candy was below ~15 °C, the measurement from the GA-CTA was higher (2-
3 °C) than that from DSC. However, if Tg of the candy was higher than 15 °C, the two methods
gave similar values. GA based CTA provides a feasible new way to measure phase transitions in

candies with relatively inexpensive equipment, and with less need for user interpretation of data.

Keywords: Glass transition, capacitance, genetic algorithm, three-section model
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1. Introduction

Candies, or sugar confections, are popular food products characterized by relatively high
sugar content. This definition may encompass several distinctly different items such as
chocolate, boiled sweets, and chewing gum. Confectionery foods are popular throughout the
world and have been consumed for thousands of years. Some studies date the first production of
candy to ca. 2000 BC in ancient Egypt (Richardson, 2003). In the past, candies have served a
medicinal role, as in the relief of sore throats, and were often only accessible to wealthy
individuals. In the United States, sugar confections became more available to the general public
in the 1830s. This coincided with the increase in sugar production in Louisiana and the West
Indies, and the greater availability of cocoa beans. In addition, the industrial age had provided
technological advances that allowed for mass production of sugary sweets. While the production
and types of candies has increased since those times, much of the basic composition has

remained much the same.

The texture, appearance, and storage stability are very importance factors which can
influence consumer perception of candy. A unique feature of candies is that they can appear in
many physical and structural forms, which in turn have a profound impact on their perceived
texture. Candies containing only sugar (or glucose syrup) can manifest as chewy caramels or
solid hard candies. The former are often present as rubbery states with no crystalline material,
although graining or whipping may be used to create small sugar crystals that shorten the texture.
Hard candies are usually produces as clear amorphous glassy states, although some confections
such as rock candy may have sucrose crystals. Other confections incorporate gelling agents such

as pectin to create very chewy products such as gummy bears and jelly beans. Of course, a very
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prominent category of candy are chocolates. These contain fine dispersions of sugar and cocoa

mass particles trapped in a solid fat phase.

The glass transition temperature (Tg) is one of the important factors that determines the
physical properties of candies. A glassy state can be defined as an amorphous solid, or the
amorphous portion of a semi-crystalline solid. Upon heating, the temperature at which a glassy
solid transform into a rubbery state is defined as the glass transition temperature (Tg). At
temperatures below Tg, molecules exist in an amorphous solid with limited motion. At a
macroscopic level, such materials are often clear and have a relatively hard, brittle structure. At
temperatures above T, molecules can undergo rotational and translational movement in a
‘rubbery’ or liquid amorphous state. These materials can be fairly viscous or malleable,

properties that influence the chewability of candies.

Controlling the physical states of candy is critical in the confection industry as desirable
characteristics, texture, and storage stability are influenced by these states (Hartel et al., 2011). In
general, food materials maintain better physical and chemical stability in the glassy state than in
the rubbery state (Humagai and Kumagai 2002). Ergun and Hartel (2009) summarized some of
the desirable states for confections, and indicated that hard candies should have a T which is
much higher than room temperature, so that it can maintain its desired brittleness and hard
texture over a range of ambient temperatures. Some other candies including ungrained caramels,
chewy nougats, and marshmallows have a T, lower than room temperature, thus exhibit a chewy

texture.

To make glassy candies, both glass-formers and modifiers are needed. In addition, the
candies need to be rapidly cooled down from a molten state so that crystals do not have time to

form. The most common glass-formers are sugar (sucrose) and glucose syrup (Smidova et al.,
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2003). Other components such as maltodextrin, gum, color, and flavor serve either as glass-
formers working to adjust the T, of the candy glass, or as additives, changing the appearance and
flavor. For most candy production, water is used as a plasticizer that can break down the network
connectivity of glass-formers. Plasticizers lower the T by increasing the free volume in which
molecules are free to move. The agents soften the material but may decrease chemical stability.
Therefore, it is important to control the ratio of plasticizers to glass-formers, so that the candies
can be made into desirable forms. Previous studies (Ergun et al., 2010; Tananuwong and Reid,
2004; Labuza and Labuza, 2004; Lourdin el al., 1997; Forssell et al., 1997) indicated that water
content has great influence on the Tg, and lowering the water content of foods such as starchy
materials, dried foods, confections, and frozen foods leads to a greater than linear increase in Tg.
In addition, several studies (Bhandari and Howes, 1999; Roos and Karel, 1991; Roos, 1993) have
shown that the molecular weight of the primary glass-former has a major impact on Ty, with
higher molecular weight compounds producing greater T values. The influence of the weight
ratio of different components (glass-former and plasticizer) on T of food materials has been

summarized by the Gordon-Taylor equation (Roos, 1995):

N U)]Tgl +k(,02Tg2
g o1tkmy

T (1)

where, w1 and w; are the weight fractions of components 1 and 2 while T and Ty, are the glass
transition temperature of each component. The constant k is related to the difference in specific
heat values for the two components between glass and fluid state (k = ACp1/ACpy).

Differential scanning calorimetry (DSC) is one of the most commonly used methods to
determine glass transition temperatures. Thermodynamic transitions are classified as first- or
second-order. In a first-order transition, there is a transfer of latent heat between system and

surroundings, and the system undergoes an abrupt volume change. In a second-order transition,
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often called a continuous phase transition, there is no change in latent heat but the heat capacity
does change. First-order transitions occur, for example, between the solid and melted states of
crystalline sucrose. Glass transitions are second-order, as the greater motional freedom in the
rubbery state give it a greater heat capacity than in the glassy state. In some systems, a material
may undergo more than one glass transition, such as a and B relaxations. The DSC compares the
relative heat flow of a sample and reference (such as an empty pan) during a linear temperature
scan (Roos, 1995). The glass transition presents as a step in the heat-flow baseline. The change is
not usually abrupt, but occurs over a temperature range. Thus, glass transitions are often
characterized by onset, endset and midpoint temperatures (Hartel et al., 2010).

Another common approach to measure glass transitions is through rheological tests.
Typically, this involves measurement of an elastic or viscous property as the sample temperature
is gradually increased. This often involves small amplitude oscillations of the sample, with
measurements of the phase lag between the stress and strain, from which the storage (E’ or G’)
or loss (E” or G”) moduli are derived. Generally, the oscillation frequency can be varied to
mimic process conditions, or to adjust the relative stiffness of the material. Cocero and Kokini
(1991), Kasapis et al (2003) and Madeka and Kokini (1996) measured rheological properties of
different food materials over various temperature ranges, and found that at T there was a drastic
drop of storage modulus G’ and viscosity. In addition, a peak of loss modulus G’’ appears when
the samples reach Ty. Other existing methods to determine Ty include dilatometry (Biliaderis et
al., 1986), which measures the volume change during a temperature scan, and nuclear magnetic
resonance (NMR) or electronic paramagnetic resonance (EPR), which measure the mobility of

nuclei (mainly 'H and '*C) or spin probes (Ruan and Chen, 1997).
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Yet another method for determining Ty is dielectric thermal analysis (DETA), which
measures the variations of the dielectric constant as a function of temperature or frequency. This
technique was demonstrated as particularly effective for the study of secondary relaxations in
products with low water content (Champian et al., 2000). The typical DETA consists of parallel
metal plates with a small gap between the plates to accommodate the sample being tested. As
with DSC and thermal rheological methods, the sample temperature can be increased
systematically as it moves from the glassy to rubbery states. The frequency dependence can also
be investigated, typically over the range of ImHz to 1 MHz, allowing researchers to determine
different electrical properties that manifest at different frequencies (Résénen et al., 1998). The
instrument measures the stored electrical energy component (the dielectric constant €”) as well as
that lost as heat (the dielectric loss €”). As with dynamic rheological methods, the ratio tan 6
(¢”/¢’) may help identify and characterize changes in material properties. The peak of tan o that
appears in some isochronal tan 6 vs temperature plots is defined as T (Laaksonen and Roos,
2000). Some researchers have suggested that DETA is a more sensitive measurement than
dynamic rheology, as often only one transition can be seen by rheological tests (Rotter and
Ishida, 1992). As T, measured by DETA varies substantially with frequency, it is important to
specify and understand the measurement frequency before comparing results.

DSC, DETA and dynamic rheological thermal analyzers are relatively expensive
instruments and require substantial user training to ensure reliable results. In addition, each
require careful consideration of the data curves to determine T, parameters, an exercise that may
allow individual interpretations to bias the results. Thus, such approaches are often available

only to large candy manufacturers.
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The objective of this research was to construct and test a simple and relatively
inexpensive device that could be used to measure glass transitions in candies. The device
consisted of a parallel metal plate assembly to hold the sample, which was then frozen in a
commercial freezer. The temperature of the sample was increased by bringing it to a constant
temperature environment. While this does not allow linear increase in temperature, it greatly
simplifies the instrument construction. As a measure of the increased mobility of molecules as
temperature increased, the capacitance was monitored using an inexpensive capacitance meter.
Capacitance is the ability of a subject to store electrical charge, and the capacitance of a parallel-
plate capacitor can be determined as:

C=8’80% )
where ¢’ is the dielectric constant or permittivity of the sample between the parallel-plates, €, is
the dielectric constant when the medium is air, A is the overlap area of the two parallel plates,
and d is the distant between the plates. While related to the complex moduli measured by DETA,
the capacitance is only a measure of the storage moduli and at a fixed frequency. Again, this
approach greatly simplified and reduced the cost of the instrument.

A general description of capacitance may help describe the operation of the cell. A
capacitor consists of two conductors (here the metal plates), separated by a dielectric material
(the candy samples), causing the conductors to develop opposite charges and a potential
difference between them. Thus, the plates can store charge because of the influence of the
dielectric material. The potential difference between plates filled with a dielectric increases by a
factor k, compared to the same plates in vacuo. That is, more charge can be stored at a given
potential difference because of increased capacitance. In general, this best occurs for dielectric

media that are polarizable or contain permanent dipoles. When an electric field (E,) is applied,
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dipoles align with the field, causing an opposing electric field (Ei). The net field is E = Eo - E;,
thus the charges on the plate are somewhat shielded by the effects of the dielectric.

To test the system, candy samples were prepared to different moisture levels, and thus
had differing Ty values, as well as different physical states at ambient temperature. Data was
collected of the capacitance versus temperature as the sample temperature increased. To deal
with the data interpretation, and to reduce the need for user input, a genetic algorithm (GA) was
developed to determine the glass transition regions. A genetic algorithm is an adaptive heuristic
search algorithm based on the evolutionary ideas of natural selection and genetics (Sivaraj et al.,
2011). The initial “generation” starts with a selection of random solutions (say 100). These are
tested as to their fitness, for example through standard regression statistics such as the coefficient
of determination. The best-fitting solutions are retained as bit-strings of Os or 1s. In addition, new
solutions are generated by using these “individuals” and allowing them to pass on their “genes”,
typically though crossover or mutation methods, or mixtures of both. In the former, sections of
the bit string array are transferred between “parent” solutions. In the latter method, parts of the
array are randomly changed. As the generations pass, the members of the population should get
fitter and fitter (Goldberg, 1990). After a set number of generations, a best-fitting solution is
determined. The advantage of the GA approach is that a good-fitting function can be obtained
relatively quickly, as all possible solutions to the problem do not have to be considered.

In this study, a three-section model was defined based on capacitance versus temperature
data, which contained two linear sections for the pre- and post- glass transition temperature
range, and one exponential section for the transition temperature range. Two demarcation points
for the three sections were determined by a genetic algorithm, which determined the best

demarcation points to provide the best overall fitting for the three-section model.
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2. Materials and Methods
2.1 Materials

Granulated sugar (Domino Foods Inc.), high-fructose light corn syrup (ACH Food
Companies Inc.) and commercial hard candies (Kroger Starlight mints and Kroger Butterscotch
Disks) were purchased from Kroger at Athens Georgia.

2.2 Candy preparation

Boiled sugar candies were made with 450g sucrose, 134g light corn syrup and 100g
deionized water. The ingredients were mixed in a stainless pan (18 cm in diameter and 14 cm in
depth) before being heated on a stove (Model BP9OW, Profile, General Electric Company, Inc.).
The cooking temperature was 220°C and the moisture contents of the samples were controlled by
their boiling temperature, which was measured by a thermometer (Model TCF400, CDN,
Component Design Northwest, Inc.). In this study, six candies with different water contents were
made by controlling their boiling temperatures range from the firm ball stage (125°C) to the hard
crack stage (150°C). Details of the candies are summarized in Table 1.

When the specific end temperature was reached for each candy, the pan was removed
from the burner, and approximately 2 ml of the sample transferred to the parallel-plate capacitor
cell, and the gap adjusted to 1 mm. The assembly was then placed in a walk-in freezer at -5°C
and left for ~2 h. The remaining candy sample was placed into metal pouches, sealed and kept
frozen for subsequent moisture and DSC analyses. Samples of commercial hard candies were
also tested. These were first broken into small pieces with a rubber hammer, then melted directly
on the lower metal plate by heating it on the stove. All treatment groups were prepared in

triplicate, with sample measurements repeated three times.

71



2.3 Capacitor Based Thermal Analysis (CTA)

The parallel-plate capacitance cell was built at the University of Georgia Instrument Shop
in Athens, Georgia. The cell consisted of two separate 50 mm diameter stainless steel plates (Fig.
1). Each plate had a 4 mm hole drilled into the side in which a screw was provided. Single
stranded silver-plated copper wire (18 gauge) was wrapped around the screw. The two wires
were used to connect the sensor with a capacitance meter (RadioShack 46-range Digital
Multimeter with PC interface). An 8 mm diameter hole cut into the center of the upper plate
allowed a nylon screw to pass through and be screwed into the lower plate. A 1 mm hole was
drilled part way into the the upper plate, allowing a thermocouple to measure the temperature
near the surface of the sample. A ring spacer for the parallel-plate capacitor was made from cast
nylon rod (Model 1UPX9, Grainger, Lake Forest, IL). The spacer had an outer diameter of 5 cm,
an inner diameter of 4.2 cm, and a height of 6 mm. The inner faces of the parallel plates that
touched the samples were trimmed by 4 mm in diameter and 2 mm in depth, so the spacer could
be fixed between the two the parallel plates.

To operate the CTA, sample was placed between the plates and the plates to give a 4 mm
gap. The samples were cooled to ~ 0 °C before the tests were commenced. A hot plate was set to
105°C and used to heat the CTA cell. The capacitance meter and a thermocouple were connected
to the cell and the signals directed to a data logger (Model XL.100, Omega) set to collect data at 1
point/s. Typically, samples had finished the transition between glassy and rubbery states between
50 and 70°C, depending on the sample. The capacitance data were recorded at 1 point/s and

transferred to a laptop computer using LabView software (National Instruments, Austin, TX).
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2.4 T; determined by differential scanning calorimetry (DSC)

The glass transition temperature of each sample was determined using a differential
scanning calorimeter (Model DSC 3, Mettler-Toledo International Inc., Columbus, OH).
Approximately 12 mg of each sample was sealed into a 40 ul aluminum pan. An empty pan was
used as a reference sample. Dry nitrogen gas was used to minimize water condensation in the
measuring cell environment. The temperature scan for each sample was from -5°C to 70 °C at a
heating rate of 5°C per minute. Before each scan the sample was heated to 85°C and held for 1
min, then cooled to 25°C and held an additional 1 min. This helped eliminate any differences
in morphology of each sample, and so that the material would have good contact with the bottom
surface of the pan. Also, some previous studies (Angell, 2002) reported that sugar glasses are not
completely static, and many of them may exhibit a phenomenon known as enthalpic relaxation
(Schmidt and Lammert, 1996). Therefore, melting the sample before undergoing a temperature
scan could help eliminate enthalpic relaxation peaks and makes transitions more evident. The
data acquired by the DSC were analyzed by STAR® Thermal Analysis software (version 3.1.,
Mettler-Toledo, Columbus, OH) to determine the onset and endset glass transition temperatures.
2.5 Genetic algorithm development

Data of capacitance versus temperature of each sample from the CTA test was processed
by a GA program using Matlab (2013b, MathWorks, Natick, MA). In the GA, there were 100
individuals in each generation, that is, sets of solutions to be tested as to how well they fit the
data. Each individual solution carried one ‘gene’ represented by a 14-bit string. The first 7 bits
and the last 7 bits represented the position of the two demarcation points (in binary numbers), for
three regions of the data curve (see Figure 3). For example, 00001110000111 indicates that the

7th temperature data point collected is the onset T, while the 14th point collected is the endset
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T,. The fitness function was 3-(R1*+ R,*+ R3?), where the three Ri? are the R-square value of
each section by fitting the data to each solution. The first and third sections of the data curves
were fitted to a linear model while the second section was fitted to an exponential model. In
addition, punishments were applied during the calculation of fitness value of each ‘individual’ if
they had either of two violations: (1) if less than 8 data points were used to fit the model in any
section in the capacitance versus temperature data and (2) if any of the three sections had R-
square values less than 0.9 after fitting to the model. If a violation was triggered, the fitness value
was set to the maximum so that the individuals that triggered the violation were very likely to be
excluded in the next generation.

Other parameters for the GA were: the population size ‘n’ of each generation was 100,
the crossover fraction p. was 0.6, and the mutation rate pm was 0.005. The ‘Tournament’
procedure was used as the selection method to select the ‘parents’ to produce ‘children’, that is
the next set of solutions. A tournament selects each parent by choosing certain individuals at
random; in this study, the size tournament for one time was 4. Among the selected tournament
groups, the best individual was picked to be one of the parents. The crossover method for the GA
was the ‘scatter’ procedure. The procedure creates a random binary vector. It then selects the
‘genes’ where the vector is a 1 from the first parent, and the genes where the vector is a 0 from
the second parent, and combines the genes to form the child (a new solution). Also, performance
of the algorithm was improved by using ‘elitism’ with a value of 2. This means that the two best
individuals in one generation were bypassed to the next generation. This reduces the chance of
reusing previously discovered partial solutions. Each sample’s capacitance versus temperature
data were processed by the GA 10 times, and the one with the minimum value of the fitness

function was chosen as the final result.
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2.6 Moisture content

To determine the relationship between T and moisture, the moisture content of each
sample was determined. Each sample (~ 4g) was dissolved in deionized water at a ratio of candy
—to-water weight of ~ 1:2. After allowing the candy to dissolve 18h in a sealed container, the
sugar content of the resultant solution was determined by a refractometer (model PR-201,
ATAGO CO., LTD). The Brix reading was converted to dry solids content using standard curves
generated by the RI-DS software program (Version 4, Corn Refiners Association, Washington

DC). The moisture content (@,, in g H2O per 100g sample) was then calculated by:

w%z(l—ms— M )*100 3)

my,+my

where m_ is the mass of sugar in solution determined by refractometry, m_ is the initial mass of
candy, and m_ the mass of water added.

2.7 Statistical methods

All measurements were repeated at three times on samples prepared in triplicate. The
results were displayed as mean of the measurements + standard deviation. Measurements were

compared by one-way ANOVA using SAS 9.3 (SAS Institute Inc., Cary NC). The different

methods for determining T were the main factors. The level of significance was set at p < 0.05.

3. Results and discussion
3.1 Ty determined by DSC versus moisture content
Values of the onset and endset T, versus moisture content, as determined by DSC, are
shown in Fig. 2. The data were fit to a second-order polynomial of the form:
T

g=a*o)§A) +b* o, +C 4)
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where the derived constants a, b and ¢ are shown in Table 2. The onset T values ranged from
28°C at 0.8% moisture to 2°C at 13.5% moisture. As noted in previous studies (Nowakowski,
2000; Roos and Karel, 1991, Noel et al., 1991), a small percent difference in moisture content
can cause a large difference in Ty when the moisture content is relatively low (less than 5 %). All
candies in this study had a Tgonset < 35°C. In our samples, the major constituent of the candy was
sucrose (>77%) which has a Ty in the dry state about 62-70°C (Ergun et al. 2010). As the candies
were mixtures of different sweeteners and carbohydrates, low molecular weight molecules
including fructose (T of 5°C) (>13%) and glucose (T, of 31°C) may have further reduced the T,
of the candies.

There are several theories to explain the influence of moisture content on T,. Water can
serve as a plasticizer, thus increasing the free volume amongst larger molecules. Thus, these
glass forming components have a greater spatial volume in which to move. In addition, the water
molecules may help shield attractive forces amongst the larger molecules. While the overall
mobility of the system is reduced in the glassy state, small molecules such as water still possess
some mobility, and their mobility will increase drastically when temperature increases
(Fennema, 1996, Slade and Levine, 1995).

3.2 Ty determined by GA based CTA

Examples of how the measured capacitance varied with temperature during heating are
shown in Fig. 2. In all cases, the capacitance was quite low in the glassy state with values below
~10 pF. As the temperature increased, and the system entered the glass transition zone, the
capacitance began to increase. The figure, showing curves for hard crack candy (HC) and a
commercial hard candy, also demonstrates how the three-section model was applied to determine

the T, values. Thus, the three arrows represent regions of the curve represented by the optimized
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fitness function. The GA generates a population of solutions for fitting the curve using a linear,
exponential and linear region. From these, individual solutions are selected and serve as
“parents” for the “children” of the next generation. That is, solutions with low values of the
fitness function are selected, and then subject to random mutations of the bit string, or cross-over
of bits with other solutions. Generally, but not always, the new generation of solutions have
better fitness than the previous generation. After ten generations, the optimized boundaries of the
transition region provide the onset and endset T values.

The fitness values of all samples were smaller than 0.1607, indicating that for all samples
the GA-fit three-section model had an R? value greater than 0.946. The logic of the three-section
model is supported by other studies. When the temperature is below the glass transition
temperature of a material, generally, the molecules have little if any translational mobility and
retain only limited rotational and vibrational mobility (Hancock et al., 1995). In this region, there
may be some increase in the rotational and vibrational mobility of the molecules, and perhaps
some minor translational movement of water, which cause a small increase in capacitance with
temperature. While undergoing a glass transition, Debenedetti and Stillinger (2001) indicated
that there is a decoupling between translational and rotational mobility at a temperature around
1.2Tg. Thus, in our results, the region between the onset and endset T, may arise from the
initiation of translational and rotational mobility, leading to an exponential increase in
capacitance. At temperatures above the endset Tg, a full rubbery state is developed. In this stage,
the inter-molecular forces are greatly reduced, so that both translational and rotational mobility
increase as a function of temperature. This in turn leads to a more dramatic increase in

capacitance with temperature.
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Components of the candies do have dipole moments. Thus, crystalline sucrose has a
dielectric constant of & = 3.6 (Reiser, 1994), while water has a value of &y = 80. In the glassy
state, there is only limited ability for sugar molecules to rotate and orient with an electric field.
Thus, the sample does not create a significant opposing electric field, and capacitance is low.
With the transition region, rotational freedom becomes more available allowing molecular
dipoles to align with the field, and the capacitance increases. At even higher temperatures, the
degrees of motion are even greater and the capacitance continues to rise. At some point,
however, excess thermal energy would tend to counter the tendency for field alignment.

Others have used capacitance sensors to study the T, of carbohydrate solutions containing
NaCl (Kilmartin et al., 2004; Kilmartin et al., 2000), although these studies measured transitions
from the frozen maximally-freeze concentrated state. Their work showed a large (10,000 x)
increase of capacitance when samples underwent a glass transition. For the candy systems, we
found only a 5- to 6- fold increase in capacitance. This can be attributed to the relatively low
moisture content of the hard candy systems. The mobility of small molecules, especially water, is
much greater than larger sucrose and polysaccharides. In the candies, increasing temperature
results in a viscous rubbery state, while in the high-moisture system there is a transition to a very
mobile system. In addition, in the frozen system ice has a much lower dielectric constant (3.2) as
compared to the liquid water (80) that develops with melting (Hallikainen, 1977). Finally, the
frozen food model systems also contained NaCl. Once a T and incipient melting began, these
could become highly mobile and contribute to electrical conductivity.

3.3 Comparison of DSC and GA based CTA
T, values determined by DSC and GA based CTA are shown in Table 3.3. For samples

with relatively low T, (FB, SC and SC1), there were differences between the onset T acquired
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by DSC and the GA based CTA. Typically, onset Tg values were 2 to 3 degrees higher when
measured by the CTA system compared to the DSC. Some researchers (Kalichevsky et al., 1992;
Biliaderis et al., 1999) have concluded that Tg measured by traditional DEA or DSC may have
different measured T, values. The methods measure different physical properties, and couple
different structural units (each with particular relaxation times). Thus, the thermal or electrical
responses may differ in how they respond with the imposed perturbations, and how these change
with temperature.

The factors that cause disparity in the Ty measured by traditional DEA and DSC might
also apply to the different T, values measured by CTA and DSC. However, not every pair of Tg
measured by the two methods exhibited a significant difference. Thus, for samples with higher
T, values, the two methods agreed more closely, with difference less than 1°C. Differing heating
rates may also cause some disparity in the T values. The DSC scans were conducted at 5°C/min,
while the heating in the CTA was not controlled by a feedback system. For the CTA system,
heating rates were greatest when the cell temperature was relatively low (0 - 5°C). As the
temperature of the CTA increased, the heating rate slowed (Fig. 4). For the first few minutes, the
heating rate was ~15°C/min, about 3 times greater than that for the DSC. At longer times, the
heating rate decreased to ~4°C/min. The relatively faster heating rate may have contributed to
the Ty measured by CTA to be higher, if the T, of the candies were in the temperature range
where the heating rate of the CTA was greater than the DSC.

In addition, Ty values are known to vary with frequency. The DSC does not apply
oscillatory heating, thus occurs at relatively low rates. However, the CTA system operated at a

frequency of 22kHz. Kilmartin et al. (2004) and Kilmartin et al. (2000) found that capacitance
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meters employing high frequency (>1000Hz) acquired lower T values than at lower frequency
(50Hz), the latter which resulted in T values closer to those measured by DSC.
4. Conclusion

The GA based CTA introduced in this study was found to be a viable alternative to
measuring glass transitions in sugar candies. T values found by the CTA method were similar to
those determined by DSC, particularly at high T, values. Onset temperatures varied at most by a
few degrees, and in a practical setting the CTA could be calibrated to match DSC values if
desired. The advantage of the CTA method is that it is relatively inexpensive and easy to use.
This is made possible by using relatively large sample sizes (1-2 ml), a property (capacitance)
that is easy to measure, and relying on a simplified heating system. In addition, difficulties
incurred because of user interpretation of data is bypassed by using a robust modeling system to
determine the transition temperatures. This was based on a genetic algorithm procedure which
uses iterative procedures, but which more quickly finds an optimal fit based on evolutionary
procedures. The algorithm requires no additional input from the user. In the future, the system
may be improved by optimizing sample size and area requirements. In addition, we hope to test

the system or other food items that undergo glass transitions.
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Figures

Electrical connectors Stainless metal plates
to RCL meter /

Sample trapped
betweenplates and spacer

Figure 3.1. Capacitance cell used for measuring T, values of candies.
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Figure 3.2. Influence of water content on the glass transition temperature as determined by DSC.
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Tables

Table 3.1 Range of candy samples used for study of T values.

Label Texture Boiling Moisture
Temperature (2H:0/100g)
FB Firm ball 125°C 133
SC Soft crack 130°C 8.63
SH1 135°C 4.18
SH2 140°C 3.21
SH3 145°C 2.90
HC Hard crack 150°C 0.92

'Hard candies were produced from 450g sucrose, 134g light corn syrup and 100 g deionized
water

Table 3.2. Parameters of second-order polynomial model for glass transition temperature versus
moisture content.

a b c R?
Onset Tg (°C) 0.138 -4.2349 41.154 0.9336
Endset T, (°C) 0.1143 -3.851 33.321 0.9291
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Table 3.3. Glass transition temperature determined by calorimetry (DSC) and GA based
capacitance (CTA) methods.

FB SC SH1 SH2 SH3 HC COM1 COM2
gH>O/100g | 13.3 8.63 4.18 3.21 2.90 0.92

Capacitance based
Onset Ty (°C) | 5.1°  11.1° 164>  253* 265  284°  44.0° 464°

Endset Tg(°C) | 8.9° 14.8°  21.6° 31.2° 32.1° 36.6¢ 56.8¢ 57.2¢

Fitness 0.1183 0.0563 0.1607 0.0568 0.1083  0.0225 0.1297 0.1547

Calorimetry (DSC)
Onset T (°C) | 2.4* 8.7° 14.9% 25.17 25.8? 27.9% 44.5% 46.5%

Endset T (°C) | 9.3°  15.0° 21.5¢ 31.7° 328> 354>  543%>  556°
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CHAPTER 4

DETERMINATION OF CHOCOLATE MELTING PROPERTIES BY CAPACITANCE

BASED THERMAL ANALYSIS (CTA)?

2Tan, J. and W.L Kerr. Submitted to Journal of Food Measurement and Characterization.
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ABSTRACT

Melting properties are important to the quality of manufactured chocolate products. Their
measurement is often done by expensive and sophisticated equipment including differential
scanning calorimetry, rheological and dielectric thermal techniques. In this study, a capacitance
thermal analysis (CTA) was designed and tested for measuring the melting properties of
chocolates. Chocolates with different fat content and particle size distribution (PSD) were placed
between stainless steel plates, while capacitance and temperature were monitored between 20 to
60°C. The PSD did not influence the Tonset (~25°C) and Tpeak (33°C) measured by DSC.
However, samples with finer particles had lower Tend than those with coarser particles (36.59 -
37.28°C). Varying fat content did not result in differences in the DSC melting curves. Samples
with smaller particle sizes had lower temperatures at peak capacitance than those with larger
particles, with peak temperatures ranging from 30.84 to 39.29°C, while higher peak capacitance
values (2.61 - 2.84 10-11 F) were measured by CTA. Samples with higher fat content had lower
peak temperatures (range 34.7 to 39.71 °C) but higher peak capacitance values (range 3.29 to 4.3

10-11F). Values from the CTA were correlated with DSC.

Keywords: chocolate; melting properties; capacitance; thermal analysis
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1. Introduction

Chocolate is a complex semi-solid suspension of fine particles containing cocoa, sugar,
and sometimes dairy ingredients in a continuous fat phase (Afoakwa et al., 2007). Chocolates are
categorized as dark, white, or milk chocolate based on the content of cocoa mass, dairy
ingredients and cocoa butter. The production of chocolate starts from raw cocoa beans, which are
then subjected to fermentation, roasting, milling, winnowing, refining, and tempering. The
melting properties of chocolates are critical to their quality because they greatly influence
consumer acceptability, appearance and storage stability of the product. Improper processing can
lead to undesirable melting temperatures and crystal states, along with loss of glossy appearance
or formation of fat bloom during storage (Afoakwa et al., 2009; Stapley et al., 1999; Dhonsi and
Stapley 2006).

One important factor that influences melting properties is the crystal form of the fat phase
in chocolate. The fat crystals may exhibit polymorphism, that is they may have more than two
distinct crystalline forms in the same sample (Afoakwa et al., 2009). At least six polymorphic
forms have been identified, designated Forms I through VI in the Roman numeral system
(Schenk and Peschar 2004). The forms have different melting temperatures: 16-18°C for Form I,
22-24°C for Form II, 24-26°C for Form III, and 26-28°C for Form IV. Although, the most stable
form is VI (m.p 34-36°C), that form is difficult to generate unless the chocolates go through
lengthy storage. The preferred polymorph is Form V (m.p 32-34°C) in most cases (Wille and
Lutton 1966).

Particle size distribution and fat content of the chocolate are also important factors
influencing appearance, consumer acceptance, and processing properties. The influence of these

factors on the rheological properties, texture and consumer evaluation of chocolates have been
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well studied. Afoakwa et al. (2008) found that higher fat content and smaller particle size
decreased the plastic viscosity of molten dark chocolate. Some researchers have noted that
relatively large particle size of the cocoa mass can lead to sensations of grittiness or coarseness
in the mouth (Servais et al., 2002). Do et al. (2007) studied how fat content and particle
distribution of chocolate liquor influence the hardness and heat resistance of solid chocolates.
They also found that chocolates with higher fat content need longer heating times to be
completely melted. In addition, chocolates with finer particles exhibited relatively long melting
times. However, the influence of fat content and particle size distribution on melting
temperatures has been barely studied.

Differential scanning calorimetry (DSC) is one of the most commonly used methods to
determine the melting properties of chocolates. The DSC compares the relative flow of heat
between a sample and empty reference pan during a constantly changing temperature. Large
changes in heat flow are indicative of increases in specific heat related to phase transitions
(Afoakwa et al., 2008). Often the heat flow change during a phase transition is not a specific
point, but associated with a temperature range. Therefore, there are several ways to characterize
melting properties. That is, starch gelatinization, fat melting and other first-order transitions can
be characterized by an onset temperature (Tonset), peak temperature (Tpeak), ending temperature
(Tend) and enthalpy of melting (AHmert) (Vasanthan and Bhatty 1996).

The melting properties of chocolates have also been studied by dynamic thermal rheology
(Glicerina et al., 2013). These instruments measure the storage modulus (G’) or loss modulus
(G”). As cocoa butter melts, the firm chocolate becomes softer and may begin to flow. Thus, G’
is a good indicator to show the beginning and the end of chocolate melting. Generally, G’ is on

the order of 103 — 104 Pa for the solid and diminishes to 100 — 101 Pa once melted.
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Dielectric thermal analysis (DETA) is another method to study phase transitions of food
materials. DETA is carried out by a dielectric analyzer, which measures the change of dielectric
constant ¢’ and dielectric loss €’ of a food material as a function of temperature or AC
frequency. The €’ is the ability of a material to store energy in response to an applied electric
field. In contrast, €’ describes the ability of one material to dissipate energy in response to an
applied electric field, and that typically results in heat generation (Wang et al., 2003). The
dielectric loss of a food material reaches a peak value when it reaches the second-order transition
temperature, as with a glass transition. On the other hand, when a food material undergoes a
first-order transition such as melting, the dielectric constant will increase greatly (Laaksonen and
Roos 2000).

Capacitance is an electrical property dependent upon the dielectric properties of the
medium. However, it is an easier property to measure as it does not require determination of both
the real and imaginary components of €*. In addition, many capacitance measuring instruments
determine values at discrete frequencies. Thus, they are much simpler to build and less expensive
than full-scale network analyzers. In this study, a capacitance based thermal analysis (CTA)
system was proposed to study the melting properties of chocolate. The apparatus was constructed
at the University of Georgia using metal plates and a relatively inexpensive capacitance meter.
Capacitance is the ability of a subject to store electrical charge, and the capacitance of a parallel-

plate capacitor can be determined as:
A
C=¢’¢g 1 (1)
where €’ is dielectric constant or permittivity of the medium between the parallel-plates, €, is the

dielectric constant when the medium is air, A is the overlap area (completely and exclusively

filled with medium) of the two parallel plates, and d is the distant between the two plates. The
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variables related to the dimensions (A and d), as well as g;, remain relatively constant over a
moderate temperature range. A medium such as food, particularly when undergoing a phase
transition, will have an ¢’ and capacitance that changes substantially with temperature.

A few studies have used capacitance sensors similar to the CTA to study the glass
transition and melting temperatures of frozen carbohydrate and NaCl solutions (Kilmartin et al.,
2004). They found transition temperatures similar to those measured by differential scanning
calorimetry. A similar system has been successful for measuring glass transitions in soft and hard
sugar candies (Tan and Kerr 2017). In this study, a system is described to study the melting
properties of chocolates with different fat content, particle size distribution and cocoa mass
content. DSC and viscoelastic properties were also measured for comparison.

Frozen or glassy aqueous systems containing salts or low molecular weight compounds
such as sugars and acids undergo a relatively large change in € when transitioning from solid to
liquid. In contrast, high fat systems have comparatively smaller differences in &’ between solid
and liquid states. Thus, the cell was modified from previous versions (Tan and Kerr 2017) to
enhance the measured differences between states. The modified CTA consists of one smaller
upper plate and one larger base plate. During a temperature scan, the chocolate sample (with
larger area than the upper plate but smaller than the base plate) melts and collapses when the
temperature reaches its melting point. The composition of the medium between the parallel
plates changes from chocolate only to layers of chocolate and air. The capacitance of the layered
medium is given by:

C=(0(T)e"+(1-0(T))eo)eo 2)

where 8(T) is the fraction of chocolate in the medium at different temperature.
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The objective of this research was to evaluate the use of a modified CTA system to
measure melting transitions in chocolate. In addition, samples with differing cocoa mass particle
size and fat content were tested to determine if these had an influence on the measured
properties.

2. Materials and Methods

2.1 Materials

Cocoa mass containing 70.4% cocoa solids was purchased from Callebaut (Wieze,
Belgium). Raw organic cocoa butter was purchased from Saaqin (Hicksville, New York). Raw
cocoa nibs were provided by Cocoatown (Roswell, Atlanta). Commercial chocolates were
purchased from a Kroger grocery in Athens, Georgia.

2.2 Preparation of chocolate samples

Chocolate samples with different fat content were produced by mixing raw cocoa butter
with cocoa mass in percentages of 10%, 20%, 30%, 40%, and 50% by weight. Each mix was
treated in a tempering machine (Model Revolution 2, ChocoVision Corp., Poughkeepsie, New
York). The program heating schedule included a gradual rise to 46°C followed by a slow
decrease to 27°C. At that point Form V chocolate seed crystals were added followed by an
increase in temperature to 31°C with a hold for 5 min. The well-tempered chocolate was poured
into to Scm y Scm y 1.5 cm chocolate molds (Wilton INC. Woodridge, Illinois) and held
overnight.

Particle size of the chocolate samples was controlled by varying the grinding time. Raw
cocoa butter was mixed with cocoa nibs in a percentage of 10% and processed by a double-
conical stone grinding conche (Model ECGCO05, Cocoatown, Roswell, Atlanta). About 5 ml

cocoa liquid was taken from the mix for particle size analysis every 15 min for the first 2 hours,
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and every 1 h thereafter. Five different batches of cocoa butter and mass were processed in the
conche for 15 min, 30 min, 1 h, 2 h, 4 h, and 12 h, respectively. The final chocolate liquor from
each batch was used to make chocolate samples using the tempering method described above.

2.3 Particle size distribution

The particle size distribution was determined by laser diffraction using a Malvern
Mastersizer (Model MSS, Malvern Instruments Ltd., Malvern, England). The presentation was
selected as “Custom” with refractive indices of n(CH3)2CHOH = 1.378 and nparticle = 1.590.
About 2 g of chocolate sample was melted and dispersed with 30 ml isopropanol in a 50 ml
centrifuge tube, then mixed with a vortex mixer for 2 min. The samples were then introduced
into the Mastersizer dispersion mixer until an obscuration of 20% was reached. Between
samples, the detector and laser were aligned and backgrounds were calibrated. The size
distribution was expressed as the relative volume of particles in each size range (Malvern
MasterSizer Micro Software v 2.19). Several particle size distribution parameters were
determined including largest particle size (d90), mean particle volume (d50), smallest particle
size (d10), Sauter mean diameter (d3,2) and volume mean diameter (d4,3).

2.4 Capacitance based thermal analysis (CTA)

The parallel-plate capacitor cell (Figure 4.1) was built at the University of Georgia
Instrument Design and Fabrication Shop (Athens, GA). It consisted of one 100 mm diameter
stainless base plate, two 60 mm diameter stainless upper plates, one Teflon spacer, one Teflon
cap and one stainless screw (12.5 mm in diameter). The base plate had a 4 mm hole drilled into
the side to provide connection with a banana or needle plug. A cylinder spacer was made from
Teflon with outer diameter 100 mm, inner diameter 80 mm and 100 mm in height. The lower

side was fixed to the base plate by a groove on the base plate, while the upper side of the spacer
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was fixed with a Teflon plate cap (100 mm in diameter). A stainless screw penetrated the Teflon
cap at the center of the cap and both sides of the screw were welded with a stainless upper plate.
The upper plate also had a 4 mm hole drilled into the side for connection.

Each chocolate sample was placed on the base plate and the upper plate lowered until it
contacted the sample. The base plate was then heated by a Thermolyne Nuova hotplate at
constant temperature (80°C). The measurement of capacitance was done with an LCR meter (NI
PXTI 4072, National Instrument Corporation, Austin, Texas) attached to a PXI chassis (NI PXI
1042, National Instrument Corporation, Austin, Texas). A T-type thermocouple (Probe 1/16”’
diameter, OMEGA Engineering, Stamford, Connecticut) penetrated the base plate to just make
contact with the sample on one side. Temperature data was collected with a data acquisition
board (NI 9219, National Instrument Corporation, Austin, Texas). The virtual instrument
interface and data collection were accomplished with LabVIEW software (Version 2015,
National Instrument Corporation, Austin, Texas).

2.5 DSC

The melting temperature of each sample was determined by differential scanning
calorimetery (Model DSC 1, Mettler-Toledo International Inc., Greifensee, Switzerland).
Approximately 12 mg of each sample was sealed into a 40 ul aluminum pan. An empty pan was
used as a reference sample. Dry nitrogen gas was used to minimize water condensation in the
measuring cell. The temperature was scanned from 0°C to 60 °C at a heating rate of 5°C per
minute. The onset temperature (Tonset), peak temperature (Tpeak), end temperature (Tenq) and
enthalpy of melting (AHmelt) were calculated using the STARe Thermal Analysis Software. The
melting index (Tindex) Wwas computed as (Tend -Tonset). Each sample was analyzed in triplicate and

mean values and standard deviations reported.
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2.6 Dynamic rheological analyses

The viscoelastic properties of the samples as a function of temperature were measured
with a dynamic rheometer (Model Discovery HR-2, TA Instrument Inc., New Castle DE). Before
the tests were initiated, the samples were melted and tempered in the rheometer. Approximately
4g of each chocolate sample was placed on the temperature-controlled stage below a 40 mm
cone and plate probe (1.997°), then raised to 48°C at a rate of 5°C/min. The sample was then
cooled to 26.7°C at a rate of 2°C /min. After a 5 min rest period, the temperature was raised to
31.6°C at a rate of 2°C/min. After the solid chocolate was formed, the sample was then cooled to
10°C at a rate of 15°C/min. The instrument was run in the small-strain oscillatory mode, with
dynamic strains set to 1%. The temperature ramp was set at 10 to 60°C at a rate of 5°C/min.

2.7 Statistical methods

All tests were repeated at least three times and results presented as the mean and standard
deviation. The results were compared by one-way ANOVA using SAS 9.3 (SAS Institute Inc.,
Cary NC) to determine the effects of the fat content and the particle size distribution of the
chocolate sample on the melting properties measured by DSC and CTA. Tukey’s HSD was used
to determine significant differences amongst treatments at the 95% level of confidence.

3. Results and Discussion
3.1 Particle size reduction and particle size distribution

The largest particle size (d90) for a typical cocoa mix (fat and nibs) is shown in Figure
4.2 as a function of grinding time. A compilation of the size and distribution measurements (d10,
d50, d90, d32, d4,3) is shown in Table 4.1. Most of the particle size reduction was achieved
within the first 2 hours of grinding. The initial d90 was 77 pm, which was reduced to 15.4 um
within 2 h, and finally reached a constant value of ~8 um (Figure 4.2). As shown in Table 4.1,

the d90 and d4,3 were significantly smaller after 15 min, 30 min, 4 h and 8 h. The smallest
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diameter particle (d10), however, did not decrease after 15 min. This indicates that the stone
grinding is most effective at reducing the size of large particles, but a point is reached at which
no further reduction in particle size is achieved.

A few researchers have studied the effects of particle size on the properties of chocolate
products. Bolenz and Manske (2013) researched the impact of fat content during grinding on
particle size distribution in chocolate milk. Afoakwa et al. (2008b) reviewed the role that particle
size distribution and ingredients have in determining rheological and sensory properties of dark
chocolate. In these cases, the researchers used a three-roller refiner followed by sifting to control
particle size distribution, thus quickly creating fairly uniform particle size distributions with one
peak. In our case, particle properties were determined solely by the grinding time. This is more
reflective of industry practices, where stone grinding is often used to create small and uniform
particle sizes after relatively long grinding times.

Figure 4.3 shows how the full particle size distribution changed during refining. Initially,
there is a trimodal distribution with sizes centered around 1 pm, 12 pm and 190 pum. During
grinding, the peak with largest particles diminished, and disappeared within 4 h. In conjunction,
the middle peak shifted to smaller sizes, with the peak value going from 12 um to 9 um. The
volume fraction of the medium size particles also increased with time, suggesting that this
fraction grew at the expense of the larger particles.

3.2 DSC measurements of chocolate melting

The melting temperatures of chocolate samples measured by DSC are shown as a
function of the refining time (Table 4.2) or fat content (Table 4.3). In general, particle size did
not greatly affect the melting temperature as measured be either Tonset and Tpeak. Samples with

smaller particles had slightly higher Tonset and slightly lower Tend (and therefore smaller Tindex)-
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The differences were small, however, with Tend ranging from 36.59 to 37.28°C and Tindex
from 11.13 to 12.68°C. Other researchers have seen similar trends (Afoakwa et al., 2009; Beckett
2000), suggesting that in chocolate, PSD has only a small influence on melting properties. They
concluded that chocolates with finer particles would take relatively longer time to melt than their
corresponding products with larger particles. There is no particular reason that the lipid phase
would have differing properties due to the cocoa mass particles. Thus, any measured differences
in melting behavior might be attributed to different crystal sizes or polymorphs, or more likely
due to differences in heat transfer rates in samples with different size particles.

Differences in fat content (10 to 50%) resulted in slightly different Tonset, Tpeak and Tend
values. Tonset varied from 25.70 to 26.11°C with increasing fat content, while Tend varied from
36.33 to 37.47°C. Thus, Tindex (reflective of peak width) increased from 10.22 to 11.77°C. Again,
this may reflect differences of heat transfer rates in the samples. In addition, samples with more
fat will take longer to melt, and this plays out even as the calorimeter temperature is constantly
increasing. Previous studies have shown that the melting properties can be influence by PSD,
crystallization form (Svanberg et al., 2013, Loisel et all., 1997), lipid types, additives, and
composition (Loisel et al., 1998) of chocolates. Others have suggested that the amount of fat in
dark chocolates influences the degree of crystallinity and crystal size distribution (CSD) of the
samples (Lonchampt and Hartel 2004).

3.3 Dynamic rheological analyses of chocolate melting

Changes in the dynamic rheological properties during temperature scans of chocolate
were best characterized by the storage modulus (G’) (Table 4.4). In general, G’ in the solid state
was ~103 — 104 Pa and decreased over a short temperature range corresponding to melting, to

values near 101 Pa in the molten state. The beginning of melting was characterized as Tonset,

108



where the gradient of this temperature point is at least 3 times greater than the previous three
data points. The end of melting was characterized as Tend, Where the gradient after Teng was less
than 10% less than its previous three data points. The Tindex of each sample was calculated as Tend
— Tonset.

As found with the DSC results, increasing fat content resulted in larger Tindex values,
indicating samples with higher fat content had a broader temperature range over which they
melted. In addition, the Tonset and Tendset measured by the rheometer were similar to DSC
measurements, but did have slightly greater Tonset Values. The difference may be attributed to the
differing sample sizes (~ 3g vs ~10mg) required by the rheometer and DSC, respectively, and
that different physical phenomena are being measured by the two instruments.

However, rheometric measurements did show a greater range in Tonset (25.33 to 28.11°C)
than measured by DSC, and greater statistical significance amongst values measured for samples
with differing fat levels.

3.4 CTA measurements of chocolate melting

Figure 4.4 shows a representative figure of how capacitance changes with temperature for
chocolate samples in the CTA device. In general, capacitance values were in the picofarad range
for samples in the solid state. As the temperature increased there was a slight increase in the
capacitance, followed by a decrease after melting had commenced. The initial increase is likely
due to an increase in the dielectric constant € as temperature increased, stemming from
increased molecular mobility. However, changes would only be slight for molecules in the solid
phase. There are different lipid fractions in cocoa butter, and some may begin to melt at lower
temperatures. For example, Torbica et al. (2006) showed that cocoa butter had a solid fat content

of 82%, 76%, 51% and 8% at temperatures of 20, 25, 30 and 35°C, respectively.
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At a critical temperature, the capacitance began to drop. This coincided with melting of
the chocolate, and its flow into the outer chamber, which began to reduce the volume of
chocolate between the plates. The voids were replaced by air, which has a much lower dielectric
constant (1.00059 at 20°C), and thus the measured capacitance began to decrease.

The particle size distribution (PSD) of the samples significantly influenced the
temperature at peak capacitance, which ranged from 30.84 to 39.29°C (Table 4.6), while peak
capacitance values ranged from 26.1 to 28.4 pF. That is, finer PSD resulted in lower peak
capacitance temperature and greater peak capacitance value. As previously noted, larger cocoa
mass particle size can produce chocolate that is more difficult to melt. This likely resulted in
higher peak temperatures for the CTA. In addition, and by design, the heating rate in the CTA
was not carefully regulated, and this also resulted in slower melting.

It has also been observed that PSD influences the rheological properties of chocolate.
Samples with larger PSD yielded lower apparent viscosity and lower yield stress (Afoakwa et al.,
2007, Do et al., 2007, Mongia and Ziegler 2000). Changes in such properties may influence how
the melted chocolate spreads away from the capacitance plates, and thus affects the measured
transition temperature. However, this would be expected to give lower measured transition
temperatures. Thus, the influence of particle size on heat transfer and the resulting rate of
melting are likely to be the predominant factors.

Table 4.7 shows how the peak capacitance temperature varied with fat content in the
chocolate. Samples with greater fat content resulted in lower peak capacitance temperature
(range 34.7 to 39.71 °C). This may be attributed to the fact that chocolates with greater fat
content have lower apparent viscosity and yield stress, again making them easier to flow (Yanes

et al., 2002, Sokmen and Gunes 2006). These observations concurred with results from the

110



dynamic rheology, which also indicated that higher fat content in chocolate samples produced
lower Tonset.

Overall, samples with finer particles or lower fat content had lower peak capacitance
values than those with larger particles and more fat. One of the critical factors that influences
capacitance is the dielectric constant €’ of the medium. The €’ of cocoa butter (¢’~2.5) is higher
than cocoa mass (¢’~1.5), so that higher fat content in chocolate samples will lead to higher
absolute capacitance values. The way in which particles influence the dielectric properties of
inhomogeneous media is complex. Several models have attempted to predict the complex
permittivity of such media (Kiley et al., 2012). These models typically incorporate the €” and €”
values for each phase, the volume fraction (a), and in some cases the shape or size factors of
suspended media. In general, increasing the volume fraction would tend to emphasize the
properties of the suspended phase. Experimental studies suggest that these models perform better
at lower a, and fail at some critical value at which percolation behavior becomes dominant. This
critical value is thought to be dependent on particle size and shape.

3.5 Comparison of CTA, DSC and rheological data

DSC and dynamic thermal rheological techniques have been widely used to study melting
behavior. The former measures changes in specific heat during warming, the latter changes in
mechanical relaxation for samples subject to oscillating shear stresses. Both require significant
capital investments and user training to obtain useful results. The CTA device was proposed as a
relatively inexpensive alternative for measuring melting behavior, and which requires minimal
user skill.

The fat content and particles size had only a limited influence on melting temperatures as
measured by DSC. Only the Tindex provided some information as to the fat content and PSD of

the samples. In contrast, CTA measurements were more sensitive to variations in fat content and
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PSD. Rheological assessments of melting behavior were also more dependent on fat content and
PSD. These observations reflect that melting has a thermodynamic component as well as a time-
dependent element dependent on rates of heat transfer. Thus, the rheometer and CTA both
require samples of greater mass as compared to that for DSC. Thus, DSC might be expected to
give transition temperatures with greater precision, but may not totally reflect melting behavior
as experienced by real world users of a product.

The transition temperatures measured by CTA were generally greater than those
measured by DSC or rheometric techniques. This indicates that a sudden change in capacitance
did not occur immediately upon reaching the Tm. As noted, the major change in capacitance
probably did not occur until flow away from the plate had manifested. However, a correlation
between CTA values and the other methods could be achieved. Both a linear model
(z=Po+PxX+PyY) and second order polynomial model (z=Po+PxX+PyY+ PxxXo+ PxyXY) were
applied, with results shown in Table 4.8 for comparisons of the CTA and rheology data. The
results showed that there were strong correlations (R2>0.95 and SSE< 0.025) between
measurements from the CTA and rheometer.

4. Conclusions

The CTA device introduced in this study could measure melting temperatures in
chocolate with good repeatability. The device also showed some sensitivity to the effects of
cocoa particle size and fat content on melting behavior. The instrument was relatively
inexpensive as it was built from metal plates connected to a capacitance meter, and did not
require precise control of temperature ramping as used with DSC or dynamic thermal
rheometers. While the measured temperatures were not identical to those from DSC or

rheometric techniques, they could be easily correlated with those values if required.
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Table 4.1. Particle size distribution of samples as a function of conching time.

dio(um) dso(um) dgo(um) d.2) (um) d(4.3) (um)
15 min 1.13° 11.63¢ 146.41¢ 2.94° 39.464
30 min 0.84° 7.64° 30.67°¢ 2.73b 15.98¢
4h 0.712 5.932 15.50° 2.06° 7.25°
8h 0.68° 5.16% 11.75° 1.95 5.85°
Table 4.2. DSC melting temperatures as a function of conching time.

Tonset Tend Tpeak Tindex
15min 24.60° 37.28° 32.97% 12.68°
30min 25.04% 37.05° 32.86% 12.01°

4h 25.50° 36.62% 32.94% 11.128
8h 25.46° 36.59° 32.83% 11.13¢
Table 4.3. DSC melting temperatures of samples with different fat content.
Fat content (%) Tonset Tend Tpeak Tindex
10 26.11° 36.33% 33.19° 10.22¢
20 25.90%® 37.02° 33.40° 11.12°
30 25.68° 37.19° 33.80° 11.51¢
40 25.61° 37.23% 33.57° 11.62¢¢
50 25.70% 37.47° 34.28% 11.774
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Table 4.4. Melting temperatures as a function of conching time as measured by dynamic
rheometry.

Tonset Tend Tindex
15min 28.39¢ 37.12° 9.08°
30min 26.17¢ 37.96% 11.79°

4h 25.56% 38.31° 12.75°
8h 25.11° 38.93¢ 13.82¢

Table 4.5. Melting properties of samples with different fat content determined by dynamic
rheometry.

Fat content (%) Tonset Tend Tindex
10 28.11¢ 37.19° 9.08°
20 27.19¢ 37.66% 10.47°
30 26.23% 37.91° 11.68¢
40 26.11° 38.23¢ 12.124
50 25.33% 38.914 13.58¢

Table 4.6. CTA transitions as a function conching time.

Capacitance peak temperature (°C)  Peak capacitance (107!'F)
15min 39.29¢ 2.84¢
30min 36.14°¢ 2.75°¢
4h 32.45 2.66°
8h 30.84? 2.61%
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Table 4.7. CTA transitions for samples with different fat content.

Fat content (%)

Capacitance peak temperature (°C) Peak capacitance (107!'F)

10
20
30
40
50

39.71¢
37.46°
36.45°
35.49%
34.70°

3.29°
3.70°
4.11°
4.16°
4.30¢

Table 4.8. Correlation modeling between CTA and rheometric data.

Po Py Py Px Pyy SSE R?
Linear
Xx,y1vszi | 1497  -2.596 0.3373 0 0 0.1215 0.974
X,y1vszz | 3458  4.663  0.05447 0 0 0.0485 0.971
X2,y2vszz | 4441  0.923 -0.1836 0 0 0.0820 0.952
X2,y2 VS Z4 554 02432 0.5765 0 0 0.2651 0.958
Polynomial

X,y vszi | -13.52  835.4 1.172 -160  -21.88  5.98x10*%7 1
XLy1vsz, | 63.87 -199.8  -0.6764 5022 4949 5.05x10% 1

xi: added fat content, yi: T of samples with different fat content measured by CTA, z:: endset Ty, of samples with
different fat content measured by Rheometer, z,: onset Tr, of samples with different fat content measured by
Rheometer, x,: grinding time (min), y2: T, of samples with different grinding time measured by CTA, z3: endset Tr,
of samples with different grinding time measured by Rheometer, z4: onset Tr, of samples with different grinding
time measured by Rheometer
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CHAPTER 5

PARTICLE SIZE MEASUREMENTS AND SCANNING ELECTRON MICROSCOPY (SEM)
OF COCOA PARTICLES REFINED/CONCHED BY CONICAL AND CYLINDRICAL

ROLLER STONE MELANGERS?

3Tan, J. and, B.M. Balasubramanian. Accepted by Journal of Food Engineering.
Reprinted here with permission of the publisher.
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ABSTRACT

The particle size distribution (PSD) and the microstructure of the non-fat particles in
chocolates are very important to the appearance, mouth feel and texture of the chocolate.
Refining/conching is critical to chocolate processing because most particle size reduction is
made and the microstructure of the particles is developed in this process. Currently, the
commonly used comprehensive measurement method for chocolate products is using a laser
scattering particle size analyzer, which is relatively expensive for small manufacturers. In this
study, three potential alternative methods (micrometer, light microscopy image analysis and
Hegman gauge) for the laser scattering method were used to measure the size of cocoa particles
at different stages of refining/conching. Also, the influences of the sample weights of cocoa and
melanger configuration (conical roller and cylindrical roller) on the efficiency of
refining/conching were studied. The performances of the two melangers were similar, however,
cylindrical roller stones tend to generate thin and flat particles during the first 4 h of refining.
Varying sample weights only influenced particle size reduction at early stages of refining. From
the SEM images, a decreasing trend in the number of large spherical particles and an increasing
trend in the number of small flat irregularly shaped particles were observed. The particle size
measurements by the micrometer of cocoa particles refined for 0.5 h was greater than all other
methods. However, the particle size measurements by the micrometer of particles refined for 2 h,
4 h, and 24 h were smaller than the measurements made by any other methods. Except for cocoa
being refined for 0.5 h, the particle size measurements tested by light microscopy image analysis

for all cocoa samples were much greater than other measurement methods.

Keywords: cocoa; PSD; refining/conching; microstructure
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1. Introduction

Cocoa originated in Central America over 1000 years ago, but its popularity and
production has spread all over the world (Grivetti and Shapiro 2011). Chocolate is a complex
suspension system of solid particles (cocoa, sugar, milk components, additives) in a continuous
fat phase which consists of cocoa butter, milk fat and emulsifiers (Afoakwa et al., 2008a, Beckett
2000, Chetana et al., 2013). Chocolate can be a snack, special treat, or delicacy to be tested and
evaluated much like wine to some people. For many people around the world, chocolate is an

important industry. By 2016, the global chocolate market worth $98.3 billion (Worldatlas 2016).

The manufacture of chocolate generally includes procedures such as fermentation,
roasting, cracking, winnowing, grinding, refining, conching, tempering, transporting and storing.
Each procedure greatly influences the final quality of the chocolate. Refining and conching are
very important because they determine the particle size distribution (PSD), suspension
consistency and viscosity of chocolates, to yield specific textural and sensory qualities (Afoakwa
et al., 2007). Refining is a step following grinding, where the particle size of chocolate is greatly
reduced, producing an extremely smooth texture in which no grit can be detected by the tongue
(Lucisano et al., 2006). Conching is a long process of continuous mixing, agitating, and aerating
the heated chocolate liquid. During this process, undesirable flavors and bitter substances, along
with water vapor evaporate away from the chocolate liquid (Capodieci 1993). In many cases,
refining and conching were combined into one process. For example, when using a melanger to
process raw cocoa nibs, the cocoa nibs were crushed and sheared along with mixing and
agitating.

The PSD and the microstructure of the non-fat particles in chocolates are two very

important factors that influence the flow behavior (Fischer, 1994; Mongia and Ziegler 2000) and
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sensory quality of the chocolate (Ziegler et al., 2001). Inhomogeneous particles tend to give a
pasty chocolate that is harder to manipulate in the mouth (Beckett, 1994). It has been
hypothesized that the finer the chocolate, the sweeter the taste, because small crystals dissolve
faster than larger crystals. However, there was no published systematic research on the effect of
particle fineness on the flavor of chocolate (Ziegler and Hogg, 2009).

The measurements of the PSD and microstructure of chocolate particles are conducted by
relatively expensive equipment, such as laser particle size analyzers (Glicerina et al., 2014;
Bolenz et al.,2014; Hahn et al., 2015; Toker et al., 2016) and scanning electron microscopy
(SEM) image analysis (Luo et al., 2013; Borjesson et al., 2014). However, small/medium
chocolate manufacturers have limited access to this type of equipment. In addition, the usage and
maintenance of the equipment is costly and complicated. Therefore, developing fast and
inexpensive methods for measuring PSD is very critical for small/medium chocolate
manufacturers. A previous study (Meghwal and Goswami, 2013) used a sieve to determine the
PSD of black pepper, however, the sieve is not applicable to paste-like samples, such as cocoa
paste, because of the high viscosity of the paste.

In this study, three particle size measurement methods using a micrometer, Hegman
gauge, and light microscopy image analysis were developed. The measurement methods were
used to monitor the PSD profile of cocoa during the refining/conching process and compared to
measurements conducted by a laser scattering particle size analyzer.

The refining and conching procedure usually takes about 12-24 h before reducing the
particle size to around 20 ums (Afoakwa et al 2007). The time needed for these processes
depends mainly on the amount of material being refined and the configuration of the

refining/conching equipment. The efficiency of refining and conching is very critical for
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chocolate manufacturers, because the energy cost and time expended may influence the profit of
the manufacturers. In this study, two configurations of grinding roller stones (conical and
cylindrical) were tested with different sample weights (1 kg, 1.5 kg and 2 kg) and the particle
size profiles of the materials were monitored as a function of time.

As mentioned before, the shape of the cocoa particles in chocolate products is a very
important factor for the texture of the products. In this study, SEM images of the cocoa samples
were used to study the change in shape of the particles during the refining/conching process with
different grinding roller stones.

2. Materials and methods

2.1 Sample preparation

Raw cocoa beans (Frastero) were roasted by a mini drum roaster (Model SS,
CocoaTown, Roswell, Georgia, USA) (30 min roasting per kg batch of cocoa beans). 50 kg
roasted cocoa beans were prepared. The roasted beans were immediately chilled by a tray cooler
(CocoaTown, Roswell, Georgia, USA) after roasting and then cracked by a manual mini cracker
(CocoaTown, Roswell, Georgia, USA). A mini vacuum winnower separated the husk and nibs

(CocoaTown, Roswell, Georgia, USA).

The refining and conching was done by feeding cocoa nibs into a melanger (Model
ECGC-12SL, CocoaTown, Roswell, Georgia, USA) and refining for 24 hours. The melanger was
equipped with either a double conical roller stone or a double cylindrical roller stone to crush and
refine the cocoa nibs. Both of the cylindrical stones were 10 + 0.5% cm in diameter and 5 + 0.5%
cm in height. Both of the conical stones were 2 + 0.5% cm and 12 + 0.5% cm in diameter on
each side respectively, and the height was 10 + 0.5% cm. In this study, cocoa samples with three

different sample weights were processed by the melanger equipped with each configuration
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respectively. During the refining/conching process, about 5 ml cocoa paste was taken from the

melanger after the process began for 15 min, 30 min, 1 h, 1.5h, 2 h,4 h, 6 h, 8 h and 24 h.

2.2 PSD analysis by micrometer and Hegman gauge

Cocoa paste samples were first mixed with vegetable oil at a ratio 1:1. Then, one drop of
the mix was transferred to the anvil face of a digital micrometer (model: H-2780, Mitutoyo
America Cooperation, Aurora, IL, USA). Next, the spindle was lowered until a ‘click’ sound

indicated the measurement was finished.

One Hegman gauge (Model: PB-40, Precision Gage & Tool Co., Dayton, OH, USA) was
also used to measure the particle size of the cocoa paste samples. The Hegman gauge

measurements were conducted according to the standard method described by ASTM (2005).

2.3 PSD analysis by light microscopy image analysis

Samples were melted by a hair dryer and mixed with isopropanol alcohol (99% pure) into
a suspension solution with a ratio of 1:20 in a 20ml glass tube. The mixture was then
homogenized by a vortex mixer (Fisher Scientific, Hampton, NH, USA). Two drops of the
mixture were transferred to a glass slide by a transfer pipette and covered with a cover glass. The
slide was then observed under a 40X-2500X LED digital trinocular lab compound microscope
(OMAX, Kent, WA, USA). The microscope was coupled with a SMP camera (OMAX, Kent,
WA, USA) and the magnification of the objective lens was 10X. Five pictures were taken at

different locations randomly for each sample.

ImagelJ (Version 1.47) was used to process the light microscopy images according to the
following steps. First, the picture was loaded into the software. Then the ratio of the real distance
versus unit distance on the picture was provided. Next, thresholding was conducted to highlight
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the objects from the background and erosion was conducted, followed by dilation to eliminate
noise. Finally, segmentation was performed to separate particles from each other and calculate
the area of each detected particle. The diameter of each detected particle was calculated from the
its area by taking each particle as a perfect circle. Parameters including d1o, dso, doo and dmean for
each sample were calculated, where dxx indicated xx% of the particle size (in diameter) was

smaller than dxx.

2.4 PSD measurement by laser scattering

The PSD of all samples was measured by a Malvern Mastersizer (Model MSS, Malvern
Instruments Ltd., Malvern, England) as a reference. The presentation was selected as “Custom”
and set n(cus)y2caon = 1.378, Npariicle = 1.590). About 2 g of cocoa paste sample was melted and
dispersed with 30ml isopropanol in a 50ml centrifuge pipe, stirring by an analog vortex mixer for
2 min. Then, samples were introduced into a stirred tank filled with isopropanol until an
obscuration of 20% was reached. Between each measurement, the detector and laser were
aligned and the background was calibrated. Size distribution was quantified as the relative
volume of particles in size bands presented as size distribution curves (Malvern MasterSizer
Micro Software v 2.19). PSD parameters obtained included largest particle size (doo), mean
particle volume (dso), smallest particle size (dio), Sauter mean diameter d(32) and volume mean
diameter d4.3).

2.5 SEM image analysis

SEM was used to obtain information about the surface morphology of the cocoa particles.
The sample preparation for the SEM followed the method suggested by Chatana et al (2013)
with some modifications. The cocoa paste sample was first defatted with isopropanol and then

the isopropanol was removed by vacuum filtration. The remaining cocoa solids were placed on
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the sample holder with the help of double scotch tape and then, the powder was sputter-coated
with gold/palladium (2 min, 2 mBar) where it was observed at 15 kV, and examined with the
SEM (model:1450 EP, Carl Zeiss Microlmaging Inc, Thornwood, NY, USA). At least 5 pictures
for each sample were taken at randomly selected locations.
2.6 Statistical method

All tests were repeated at least three times and results were displayed as mean of the
measurements + standard deviation. Measurements were compared by one-way ANOVA using
SAS 9.3 (SAS Institute Inc., Cary NC) to determine the effect of the fat content and the particle
size distribution of the chocolate sample on their melting properties measured by DSC and
contact based CTA. Tukey multiple comparisons at 95% significance determined differences
between factor levels.

3. Results and discussion

3.1 Particle size measurements of cocoa conducted by laser scattering method and the influences

of the melanger configuration

One of the main aims of the refining/conching process was to reduce the particle size of
cocoa solids so that the final particles are small enough to not be detected on the tongue.
Refining/conching also reduce unpleasant flavors and develops chocolate aroma by a mechanism
combining particle size reduction, heating, and shearing (Beckett 2009). The diagram or
configuration of the refining equipment has great influences on the physical properties of the
chocolate products and the efficiency of the refining/conching process. The most predominant
configuration of melangers that chocolate manufacturers are currently using is cylindrical roller
stones (Lucisano et al., 2006; Bolenz et al., 2003), while some manufacturers also select conical

roller stones for refining. Many studies provided the performance of different types of mills
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during the grinding process of food materials. For example, Meghwal and Goswami (2014)
provided comprehensive studies comparing particle size reduction of black pepper and fenugreek

conducted by hammer, pin, rotor and ball mill.

Figure 5.1 shows the change of particle size (doo measured by laser scattering method) of
cocoa solids as a function of time in cylindrical and conical roller stone melangers. The particle
size reduction made by the melanger equipped with conical roller stones was greater than the
melanger equipped with cylindrical roller stones for the first 4 hours of refining. However, after
4 hours of refining, the reductions made by the two melangers were not significantly different.
This was because big cocoa particles were much more likely being crushed and sheared by the
roller stones than small particles at the beginning stage of refining. At the later stages, small
particles (<20 um) prevailed and they were missed by the roller stones because of relatively
small size of the particles, and the particle size reduction made by shearing was relatively slow
compared to crushing. The measurements conducted by laser scattering methods were based on
the volumes of the particles. Therefore, at the beginning stage, conical roller stones tend to make
smaller particle clusters than cylindrical roller stones. As many previous studies (Imai et al.,
1995; Servais et al., 2002; Afoakwa et al., 2008b; Carvalho-da-Silva et al., 2013) indicated, well
refined smooth chocolates should have particle size, in terms of doo, less than 20 ums. In this
case, it took both melangers more than 8 hours to reach that goal, which implied that although
greater particle size reduction can be made by the melanger equipped with conical roller stones,

the efficiency for finishing the refining/conching process was the same for the two melangers.

The particle size profiles of cocoa samples with different initial sample weights were
shown in Figure 5.2. The profiles indicated that the particle size reductions of samples with

different sample weights were similar after 2.5 hours of refining, which implied that as long as
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the sample weight of cocoa nibs did not overfill the drum of the melanger, the times needed for
finishing the refining/conching process, in terms of matching particle size requirement, were not

significantly different.

3.2 SEM image analysis

In Figure 5.3, the images show cocoa particles observed by SEM microscope. Many large
spherical particles with diameters greater than 200 um, along with many small shards can be seen
in the images of the 30 min refined cocoa sample. From the images of the cocoa samples refined
for 2 hours and 4 hours, fewer large spherical particles can be observed compared to the images
of the 30 min refined sample. In addition, the diameters of the large spherical particles were
decreased to ~120 um for 2 h refined particles and ~100 um for 4 h refined particles. Except for
the large spherical particles, most of the particles observed were flat irregular small pieces of
cocoa solids and their clusters. The size of the flat irregular small pieces was around 10 um and
the quantity of these particles increased as a function of refining time. After 24 h of refining, the
flat irregular small pieces of cocoa solids predominated. Barely any spherical particles were
observed. The formation of the flat irregular pieces was due to the repeated crushing and
shearing by the roller stones. When refining was ongoing, the roller stones spanned at fast speed
(120 rpm), smashing and rolling over the cocoa particles, thus, creating great crushing and
shearing force on the particles. The speed gradient between cocoa paste at different locations of
the melanger, however, also resulted in shearing force between the cocoa particles. The
influences of the shearing force on the microstructure of particles had two side, it tore the
particles into small piece, on the other hand, it pushed the particles to form clusters due to steric

hindrance between particles.
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Some previous studies (Hoskin and Dimick 1980; Beckett 1995) also observed the
phenomena that refining made spherical cocoa particles into small flat pieces. For most chocolate
products, texture is very important. The desired texture gives a smooth mouth feel when
chocolate melts on the tongue. This smooth mouth feel is created by many factors including the
shape, size and homogeneity of chocolate particles (Viaene and Januszewska 1999; Engelen et al
2005., Do et al., 2007). Kilcast and Clegg (2002) directly related thickness of cocoa particles to
the smoothness of the chocolate. The flat irregular small particles created by refining and
observed by SEM microscopy in this study were similar to the cocoa particles described by

previous studies for making high quality chocolate.

3.3 Comparison of the PSD measurement methods

Figure 5.4 shows the particle size of the same samples described in 3.1, but the
measurements were conducted by the micrometer. The essential element of measuring
instruments operating on the micrometer principle is amplifying small distances into large
rotations of the screw that are big enough to read from a scale. The screw of the micrometer is
integrated with the measuring spindle, whose face establishes the measuring contact with the
object. The distance of that contact face from a fixed datum constitutes the measuring length,

which is then displayed by the scale graduations of the micrometer (Lanz and Molina 1820).

By Comparing the trendlines in Figure 5.4 to the measurements in Figure 5.1 and Figure
5.2, similar conclusions as in 3.1, about the influences of the sample weight of cocoa on the
particle size reduction profiles can be drawn. Varying the sample weights only resulted in
different amounts of particle size reduction at the first 2.5 hours of refining. After 2.5 hours of
refining, there were no significant differences between samples with different sample weights in

terms of particle size. However, based on the measurements conducted by the micrometer, the
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conclusion of the influences of the configurations of the melangers on the particle size reduction
of cocoa was different from the conclusion based on the measurements conducted by the laser
scattering method. The particle size reduction achieved by the cylindrical roller stones melanger
was greater than the reduction made by the melanger equipped with conical roller stones for the
first 4 hours of refining. However, after 4 hours of refining, the particle size of the samples

processed by the two melangers were not significantly different.

Unlike measuring the diameters of the particles based on their two-dimensional areas or
volumes, the micrometer measured the thickness of the particles and the particle clusters. In
Figure 5.5, the linear speed gradients of cocoa paste in different melangers were displayed. With
rollers running at constant rotational speed, the linear speed of the cocoa paste at the outer edge
of the cylindrical roller stones was much faster than the linear speed of the paste at the inner edge
of the roller stones due to the difference in the distances between the two edges of the stones to
the center of the drum. Therefore, there was a great linear speed gradient between the cocoa
paste at the center and the cocoa paste at outer space of the drum. As mentioned in 3.2, the
gradient introduced shearing force between particles and generated particle clusters. The clusters
had greater volume than single particles and they were more likely being crushed by the roller
stone. Therefore, the thickness of the particles was decreased by repeating crushing. In addition,
the shearing force also tore the particles into small pieces, which also decreased the size of the
particles. . On the other hand, the linear speed gradients created by conical roller stones at
different locations of the drum were much smaller than the one made by cylindrical roller stones.
The shearing force introduced by conical roller stones to the cocoa particles was much smaller
than the shearing force introduced by cylindrical roller stone. Therefore, it took more time for the

conical roller stone than the cylindrical roller to tear the particles into small particles by shearing
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force. In addition, weak shearing force introduced by conical roller stones took more time to
form clusters which can be crushed by roller stones. This theory explained why the
measurements conducted by the micrometer were different from the measurements using the

laser scattering method.

The particle size of samples refined by the melanger equipped with double conical roller
stones at 4 different stages (30 min, 2 h, 4 h and 24 h) of refining was measured by 4 different
methods (laser scattering, micrometer, Hegman gauge and light microscopy image analysis) and
the measurements were summarized in Table 5.1. The particle size measurement conducted by
the micrometer for 30 min refined cocoa particles was greater than the measurements made by
using all other method, because the micrometer measured the size of the biggest particles in the
sample. However, other methods measured the doo of the particles, which is not necessarily the
size of the biggest particle in the sample. The particle size measurements conducted by the
micrometer for cocoa particles refined for 2 h, 4 h, and 24 h were smaller than the measurements
provided by any other methods. The SEM image analysis for cocoa particles indicated that as
cocoa particles were refined for more time, more small flat particles were created. The
measurements conducted by the micrometer were actually measuring the thickness of the clusters
of small flat particles, rather than the two-dimensional diameter of the biggest particle in the
samples, while most of the spherical particles were deformed to flat particles. Therefore, the
measurements produced by the micrometer were much smaller than measurements produced by

other methods for samples from later stages of refining/conching.

Figure 5.6 shows how raw images from the light microscope processed by ImagelJ and
how the particle size of cocoa solids was calculated. From Table 5.1, generally, except for

measurements of 30 min refined cocoa sample, the measurements conducted by light microscopy
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image analysis for all other samples were much larger than the measurements made by other
methods. One theory to explain this phenomenon would be that the light illuminated the small
thin particles (<10 um) and partially penetrated the thin small particles, which decreased the
intensity of the pixels that represented the small particles in the images. In addition, the number
of particles that can be detected from the images should be great enough (>80 particles) that the
particle size distribution of the samples can be calculated. Thus, the magnification of the
objective lens should not be greater than 10 X. With 10 X magnification objective lens, the size of
small particles shown in images were relatively small. Therefore, some of the small particles
were very likely to be filtered out along with background noise during image thresholding and
erosion. In addition, the number of particles that could be captured by the camera in one image
was ~100, which is relatively small compared the number of particles captured by using laser
scattering. With the number of small particles greatly decreased, the values of doo were closer to

the size of the bigger particles.

The measurements conducted by Hegman gauge were presented as the size of the
smallest particle - the biggest particle in the samples and the measurements were shown in Table
5.1. The gauge consists of a steel block with a series of very small parallel grooves machined
into it. The grooves decrease in depth from one end of the block to the other, according to a scale
stamped next to them (McKay 1994). Generally, the measurements tested by Hegman gauge
were not meaningful in this study, because cocoa samples were cocoa solids in continuous fat
phase and the viscosity was very high. Therefore, the small particles can still fill the deep groove
on the gauge by accumulation, which increased the ceiling of the particle size range of the
samples. In addition, the fat phase of the paste also filled up the shallow side of the groove,

which decrease the threshold of the particle size range.
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4. Conclusion

Based on the measurements conducted by laser scattering methods, the efficiency of
refining by using the melanger equipped with double conical roller stones was higher than using
the cylindrical roller stone melanger at the beginning stage of refining. However, at later stages
(>4 h), both melangers showed similar efficiency in terms of particle size reduction. Based on
the measurements conducted by the micrometer, the cylindrical roller stone melanger had higher
efficiency than the conical roller stone melanger at the beginning stage. Similarly, the sample
weight only influenced the particle size reduction at the beginning stage. Therefore, the sample
weight and the type of melanger were not critical to the efficiency of refining since refining
usually takes more than 12 hours. Both the micrometer and light microscopy image analysis
methods can be used to monitor the particle size of cocoa solids during refining. However, the
Hegman gauge failed to provide meaningful information due to the incorrect measurements of
the boundary values of the particle size. Although, the micrometer and light microscopy image
analysis methods did not provide as comprehensive information of PSD as the laser scattering
method, they provided useful information from different angles, concerning how the particle size
of cocoa solids changed over time during the refining/conching process. The measurements
provided by the two methods can serve as a good alternative to the particle size measurements

provided by the laser scattering method.
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Figure 5.1. Particle size of cocoa solids refined by different melanger as a function of time.
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Figure 5.2. Particle size of cocoa solids with different initial weights as a function of time.
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Figure 5.3. SEM images of 0.5 h, 2 h, 4 h and 24 h refined cocoa solids (from up to bottom) by
different refiner (left: by conical roller stone, right: by cylindrical stone).
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Figure 5.4. Measurements conducted by micrometer for particle size of cocoa solids with
different initial weights and processed by different melanger as a function of time.

Figure 5.5. Gradients of linear speed of cocoa paste in melangers equipped with cylindrical roller
stone and conical roller stone.
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Figure 5.6. Light microscopy image processing by ImageJ.

145



Table 5.1. The particles size measurements done by 4 different methods at after cocoa solids
being refined for 0.5h, 2h, 4h and 24h.

0.5h (um) 2h (um) 4h (um) 24h (um)
Laser scattering 134.90? 39.012 25.35% 20.83°
Micrometer 219¢ 38 23?2 6"
Light 206.61° 184.12° 133.66" 51.48
microscopy
image analysis
Hegman gauge 21-190 15-172 15-166 11-120
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CHAPTER 6

DETERMINING DEGREE OF ROASTING IN COCOA BEANS BY ARTIFICIAL NEURAL
NETWORK (ANN) BASED ELECTRONIC NOSE SYSTEM AND GAS

CHROMATOGRAPHY/MASS SPECTROMETRY (GC/MS)*

4Tan, J. and W. L. Kerr. Submitted to LWT-Food Science and Technology
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ABSTRACT

Roasting is a critical step in chocolate processing, where moisture content is decreased and
unique flavors and texture are developed. The determination of the degree of roasting in cocoa
beans is important to ensure the quality of chocolate and helps determine the commercial value of
cocoa beans collected from cocoa farmers. Determining the degree of roasting relies on human
specialists or sophisticated chemical analysis that are inaccessible to small manufacturers and
farmers. In this study, an electronic nose system was constructed consisting of an array of gas
sensors and used to detect volatiles emanating from cocoa beans roasted at 0, 20, 30, and 40min.
The several signals were used to train a three-layer artificial neural network (ANN). Headspace
samples were also analyzed by GC-MS with 23 select volatiles used to train a separate ANN. Both
ANNs were used to predict the degree of roasting of cocoa beans. The electronic nose had a
prediction accuracy of 94.4% using signals from TGS 813, 826, 820, 880, 830, 2620, 2602 and
2610 sensors. In comparison, the GC-MS predicted the degree of roasting with an accuracy of
95.8%. Roasting is an essential step in the conversion of cocoa beans into chocolate, but there are
no simple techniques for processors to determine the extent of flavor development. This work
shows how relatively inexpensive gas sensors can be used to monitor roasting, with a computer
program used to correlate the several sensors output with the extent of roasting. The electronic
nose system is able to predict the extent of roasting as well as a more sophisticated approach using

gas chromatography-mass spectrometry.

Keywords: cocoa beans, roasting, electronic nose, neural network
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1. Introduction

Cocoa belongs to the family of Sterculiaceae and the genus Theobroma, and originated in
Central and Southern America (Nair, 2010). It is the key raw material of chocolate, the basis of
confections that are popular around the world. In addition, cocoa exporting has become an
important part of the economy in several countries, including Ghana, Togo and Cote d’Ivoire
(Afoakwa et al., 2011; Krdhmer et al., 2015). In 2016, the global chocolate market produced
4,400,000 tons of cocoa beans worth $98.3 billion. The seeds of the cocoa, known as cocoa
beans, are collected from the pods. There are typically 30-40 seeds imbedded in a mucilaginous
pulp (Lima et al., 2010; Schwan and Wheals, 2004). The seeds must be subject to several post-
harvest processing steps to make them suitable for chocolate, including fermentation, roasting,
winnowing and conching.

Although there are many indicators used to judge the quality of cocoa beans, the most
important factor is the volatile flavor profile (Magi et al., 2011). The flavors and flavor
precursors that develop depend on the processing steps. With total polyphenolic content about
6% to 8% by weight of dried fermented cocoa beans, using unroasted cocoa beans to make
chocolate will lead to unpleasant bitterness and astringency. The predominant polyphenolic
compounds in unroasted cocoa beans are flavanols, which significantly decrease during roasting
because they are heat labile (Crozier et al., 2011). Moreover, the procedure of roasting can also
greatly reduce the moisture content in cocoa beans, which helps prevent blooming during
chocolate storage (Kothe et al., 2013).

Roasting of cocoa is also essential for the formation of the typical chocolate aroma from
the precursor compounds formed during fermentation (Arlorio et al., 2008). The flavor

developed during roasting results from some 400-500 compounds including thiazoles, phenols,
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ketones, alcohols, pyrazines, aldehydes, ethers, furans and esters. The major compounds formed
during roasting are aldehydes and pyrazines. Most are formed by the Maillard reaction and
Strecker degradation of amino acids and sugars at high heat (Dimick and Hoskin, 1981; Heinzler
and Eichner, 1992). Some studies (Ramli et al., 2006) have revealed that there are significant
differences in flavor compounds formed due to different roasting times and temperatures. Major
flavor components include aliphatic and alicyclic groups such as 3-methylbutanal and
phenylacetaldehyde, and heterocyclic groups such as 2,3-diethyl-5-methylpyrazine. Some
researchers have suggested that compounds such as trimethylpyrazine, tetramethylpyrazine and
5-methyl-2-phenyl-2-hexanal are useful indicators to evaluate how well beans have been roasted.

Determining the appropriate extent of fermentation or roasting is usually accomplished
by sensory tests or empirical methods conducted by trained personnel (Emmanuel et al., 2012;
Hamid and Lopez, 2000). The initial grading may be done by a “cut” test, in which the
percentage of good and defective beans is assessed. Determining the appropriate endpoint for
roasting is complicated as the development of flavor compounds depends on the variety, type of
roaster, and time and temperatures used for roasting. In research settings, the extent of roasting
of cocoa beans has been determined by GC-MS (gas chromatography mass spectrometry) and
near infrared spectrometry (Bonvehi, 2005; Pitzold and Briickner, 2006; Frauendorfer and
Schieberle, 2008; Schenker et al., 2002). However, instruments such as GC-MS are generally
expensive and complicated to operate, leaving them outside the purview of many small/medium
chocolate manufacturers and cocoa bean producers.

An electronic nose or “e-nose” is an instrument consisting of an array of weakly specific
or broad-spectrum chemical sensors that mimic the human olfactory system, by converting

sensor signals to digital data which are then analyzed by appropriate software (Gardner and
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Bartlett, 1994; Keller, 1995). There are many types of gas sensors available including metal
oxide semiconductors (MOS), metal oxide semiconductor field effect transistors (MOSFET),
conducting organic polymers (CP), and bulk acoustic wave (BAW) devices. The most popular
are the MOS-type gas sensor because of its high sensitivity and low cost (Wilson and Baietto,
2009). MOS sensors consist of a round or flat ceramic substrate heated by a wire and coated with
a metal oxide semiconducting film. The metal oxide coating may be either of the n-type, such as
zinc oxide, tin dioxide, or titanium dioxide which respond to oxidizing compounds, or of the p-
type (mainly nickel oxide or cobalt oxide) which respond to reducing compounds. These
reactions may change the resistance of the gas sensors, and therefore influence the output
voltages of the circuits with the gas sensors (Mielle, 1996).

Currently, the food industry is the biggest market for the implementation of electronic
nose systems. Researchers have studied the application of e-noses to tomato shelf-life (Gomez et
al., 2008), wine quality (Garcia et al., 2006), coffee analysis (Pardo and Sberveglieri, 2002),
honey discrimination (Escriche et al., 2012) and pecan quality (Xu et al., 2017). Olunloyo et al.,
(2012) used an electronic nose to distinguish good from bad cocoa beans. Hashim and Plumas
(1999) showed that gas phase sensors would respond to aromas emanating from cocoa beans
roasted at different temperatures. Radi et al. (2016) used an electronic nose system to predict the
degree of coffee been roasting but were not able to distinguish between light, medium, and dark
roasted beans. However, little has been done to develop simple methods to detect and analyze
changes in cocoa bean volatiles during roasting.

One challenge is that e-noses generate several time-varying voltage signals which must
be analyzed and interpreted to provide useful information. One approach to such complex data

problems is artificial neural network (ANN) analyses, which is based on the cognitive process of

151



the human brain. Mathematical functions, the “neurons”, are linked together to build a network
that mimics the human nervous system (Persaud and Pelosi, 1992). A weight is randomly
assigned to each neuron and then adjusted by means of an iterative or ‘learning’ process such as
error back-propagation until an optimized output is achieved. The resultant set of weights and
functions is then saved as a ‘neural network’.

In this study, an electronic nose system was developed and tested to see if it could
monitor changes in volatile compounds during roasting of cocoa beans. Cocoa beans were
roasted to different levels, and the gas phase sampled using nine gas sensors. Outputs from the
sensors were analyzed by statistical methods and with an artificial neural network in conjunction
with data collected by GC-MS. This allowed us to understand chemical changes in the beans as
they were roasted, which and how many of the e-nose sensors were needed to make a successful
model, and whether an ANN trained e-nose could perform as well as a GC/MS-based system.

2. Materials and Method

2.1 Sample preparation

Dried and fermented ‘Forastero’ cocoa beans (Theobroma cacao) were obtained from
Scharffen Berger (San Francisco, CA). Three batches of cocoa beans were roasted in 1 kg
batches using a drum roaster (Model CocoaT Junior Roaster CS, CocoaTown, Roswell, Georgia,
USA). The beans were tumbled in a rotating chamber at ~3 times per second, and heated at
135°C for 20, 30 or 40 min respectively. The roasted beans were immediately chilled by a tray
cooler (CocoaTown, Roswell, Georgia, USA) after roasting. Chilled samples were packaged in
heat sealed aluminum laminated pouches (10.2 x 15.2 x 6.35cm) and stored at -40°C prior to

subsequent testing.
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2.2 Electronic nose system

The diagram of the e-nose system is shown in Figure 6.1. The system consisted of three
major components, including a gas injector (syringe pump and syringe), e-nose (gas sensors and
chamber), and data collection boards. The e-nose chamber was built from a 10cm X 10cm X Scm
nylon box with a 1.5cm thick Teflon top. The sensor sockets were inserted into the outer top of
the chamber, while the gas sensors were inserted into the sockets from inside the chamber. The
sensor array had nine gas sensors purchased from Figaro USA, INC (Arlington Heights, IL)
including the TGS 821, TGS 813, TGS 822, TGS 830, TGS 823, TGS 826, TGS 2602, TGS

2610, and TGS 2620. The target gasses for each type of sensor is summarized in Table 1.

For testing, the roasted cocoa beans (15 g) were preheated to 70°C in an incubator for
Smin, and then quickly loaded into an air-tight 60 ml syringe equipped with a Luer-Lock
mechanism. The beans were held for 30 s to let the volatile compounds fill the space of the
syringe. The syringe pump (Model 200 series, Kd Scientific INC, Holliston, MA) then injected
the gas in the syringe into the e-nose chamber (constant temperature of 27.5°C) at 3 ml/s for 10 s.
The injected gas reacted with the gas sensors and the signals (output voltage as a function of
time) were collected by two data acquisition boards (Model N19219, National Instruments,
Austin, TX). A program was developed using LabView software (Version 2014, National
Instruments, Austin, TX) to collect data from the DAQ boards and to provide a visual

representation of voltage versus time for each channel.

The peak value minus the baseline values of each sensor were calculated and defined as
the relative peak. The ‘relaxation time’ of each sensor was defined as the time that the output
voltage decreased from the peak value to 10% of the relative peak value. Both the relative peak

values and the relaxation time of each sensor were used as input data for ANN training. There
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were 60 repetitions at each level of roasting, of which 30 repetitions were used for training the

ANN while the rest were used for prediction validation.

2.3 GC-MS analysis

The GC-MS system used to analyze the volatile compounds of cocoa bean samples
consisted of a Clarus 680 gas chromatograph (PerkinElmer, Waltham, MA) and a Clarus SQ8T
mass spectrometer (PerkinElmer, Waltham, MA). The roasted cocoa beans were ground and 2 g
transferred into a capped glass vial. An internal standard of 4-picoline was applied to the cocoa
liquor. A polydimethylsyloxane divinylbenzene (PDMS-DVB) SPME fiber was used for
extraction of volatile compounds. The fiber was inserted through a rubber septum and exposed to
the contents of the vial for 30 min, while the vial was kept at a constant 60°C. The fiber was
transferred to the GC injection port fitted with an SPL-1 splitless injector. The compounds were
analyzed on a Rtx5 cross-bond diphenyl dimethyl polysiloxane capillary column, using a helium
carrier gas at 30 ml/min. The injector temperature was maintained at 250 °C and the column
programmed from 40 °C (5 min) to 200 °C at 5 °C /min for 5 min, following the method described
by Hashim et al. (1998). The chromatographic peaks were identified based on their molecular ion
patterns, using the Autobuild software. The quantity of each compound was calculated by
dividing the peak area by the sum of the peak areas of all identified compounds. These relative
peak areas of the identified compounds were used to train the ANN. The extractions and GC/MS
runs were repeated 24 times for samples at each degree of roasting, of which 14 repetitions were
used for training the ANN while the rest of 10 repetitions were used for prediction validation.

2.4 ANN training and prediction validation

The training and predictive models of the ANN were constructed using the MATLAB

(Version R2015b, MathWorks, Natick, MA) neural network toolbox. During the training
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process, the signals (relative peak values and relaxation times) collected from each sensor were
scaled and used as input data. The target data were then scaled for the degree of roasting with 0,
0.5,0.75, and 1 representing roasting times of 0, 20, 30, and 40 min respectively. The network
was a feed-forward type with back propagation. Performance of the network was judged by the
MSE and R values. During training, initial weights between 0 to 1 were randomly assigned.
Training was done using a backpropagation function, which updates weight and bias values
according to the Levenberg-Marquardt optimization. Settings for the routine are shown in Table
2. The parameter “mu” is part of the training function and is used to tune how roots of
differentiable equations are determined. The values of “mu-dec” or “mu-inc” specify how this
factor can be decreased or increased, allowing it to be adjusted to most quickly reach an
optimized solution. Hyperbolic tangent sigmoid (“tansig”) functions were used for hidden layers
and output layers. The “validation check” parameter allows the training to be stopped early if the
network performance fails to improve. After the training was finished, 36 sets of new signals (9
sets for each degree of roasting) were used to validate the trained ANN. The accuracy of the
trained ANN was calculated by the number of correct predictions over the number of all
predictions. A similar procedure was used to develop an ANN trained with values obtained from
the normalized peaks of volatile compounds detected by GC-MS.

2.5 Statistical methods

Principal component analysis (PCA) was used to identify the major volatile compounds
and sensor responses related to the degree of roasting. Scores obtained from each PCA were
analyzed by a one-way analysis of variance (ANOVA) to test for significant differences between
samples. All the statistical analyses were performed by Matlab (Version R2015b, MathWorks,

Natick, MA).
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3. Results and discussion

3.1 Volatile composition and PCA analysis of cocoa beans

Some 43 volatile compounds were identified by GC-MS from the SPME headspace
extraction of the roasted cocoa beans. In comparison, Frauendorfer and Schieberle (2008)
observed 42 “odor-active” volatile compounds in both roasted and unroasted Criollo cocoa beans
using aroma extract dilution analysis (AEDA), combined with GC-olfactory analyses. Ducki et
al. (2008) also found 43 volatile compounds in cocoa and chocolate powders by GC-MS after
extraction with SPME. Other researchers observed more volatile compounds, however. For
example, Jinap et al. (1998) identified 53 volatile compounds in Theobroma nibs using a steam
distillation procedure. Rodriguez-Campos et al. (2012) found 58 compounds in ‘Forastero’ beans
using solid phase micro-extraction in the headspace (SPME-HS). Bonhevi (2005) showed there
are 9 compounds common to cocoa powders regardless of their geographic origin.

Table 6.3 shows 24 volatile compounds found in this study, and as reported by others, to
be good indicators of cocoa roasting (Ramli et al., 2008, Bonvehi and Coll, 2002, Krist et al.,
2004; Hernandez and Rutledge, 1994). The table also shows how the relative concentrations of
these compounds changed during roasting. Some compounds, such as acetic acid and 3-methyl-
1-butanol acetate decreased over time, while others such as 2-ethyl-6-methyl-pyrazine increased
with roasting.

Principal component analysis (PCA) was used to determine the effects of roasting time
on the composition of volatile compounds in cocoa beans and showed that the first two
components explained 49.1 and 14.8% of the variance, respectively. The PCA loading plots are
shown in Figure 6.2. Clusters of those compounds with loading factors (LF) greater than 0.2 are

highlighted and are those that explained the greatest variance due to roasting time. In general,

156



those compounds that had an LF > 0.2 were those that increased during the roasting process (see
also Table 3). These included 2-ethyl-6-methylpyrazine; dimethyl disulfide; 2,3-diethyl-5-
methylpyrazine; trimethylpyrazine and 3-ethyl-2,5-dimethylpyrazine. Compounds with LF <-0.2

were those that decreased during roasting and included acetic acid and benzaldehyde.

Researchers such as Hashim and Chaveron (1994) have identified a variety of compounds
formed during roasting. These include monomethyl-; 2,3-dimethyl-; 2,5-dimethyl-; 2,6-
dimethyl-; trimethyl- and tetramethylpyrazine. Some of these are present in small amounts in
unroasted, fermented beans and develop to greater levels during roasting. This is particularly true
for fermented beans, as the fermentation process helps develop reducing sugars. Some pyrazines
can form during fermentation through conversion by lactobacilli. Others develop in the process
of Maillard reactions between proteins and reducing sugars, a reaction enhanced by the high
temperatures and intermediate moistures incurred in roasting. Compounds such as benzaldehyde
are present in the raw bean and contribute to a beany almond-like aroma. Acetic acid develops
during the fermentation of the beans. Both of these volatile compounds are gassed out from the

beans during roasting.

A few compounds had high LF along the negative PC2 axes. These included 2-heptanol
acetate and 3-methyl butanoic acid. These are compounds that were present in the unroasted
beans, decreased slightly during intermediate roasting, then increased slightly at 40 min of
roasting. Several compounds had low LF values and thus contributed little to the variance. This
included compounds such as 2-heptanone and 2-nonanone. Some aldehydes and ketones are
formed as part of the Strecker reaction. These may be volatilized in roasting or become part of
reactions leading to the formation of pyrazines. Interestingly, tetramethyl-pyrazine was present at

relatively high levels in the unroasted beans, then decreased by only small amounts during
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roasting. Others have noted that this compound is present in relatively high levels in both

unroasted and roasted cocoa beans (Hashim and Chaveron, 1994).

3.2 PCA analysis of gas sensors

Examples of how each sensor responded to the gasses generated by cocoa beans with
different roasting times are shown in Figure 6.4, with details of the responses (peak values and
relaxation times) summarized in Table 6.4 and 6.5. Generally, varying the roasting time of cocoa
beans did not significantly change the relative peak values of TGS sensors 821, 830 or 2610. As
shown in Table 6.1, these sensors were targeted towards hydrogen, halocarbons and
butane/propane. However, the roasting time significantly influenced the relative peak values of
the five other sensors. With regards to relaxation time, all sensors showed significant changes
due to roasting time. This indicates that both measured responses can be used as indicators for

the degree of roasting.

PCA was also used to determine the effect of roasting time of cocoa beans on the
response signals (relative peak value and relaxation time) generated by gas sensors (Figure 6.3a-
b). PC1 explained 41.62% of the total variation of the sensor signals listed in Table 6.1, PC2
24.17% and PC3 10.20%. The positive side of the PC1 axis was influenced by peak values and
relaxation time of TGS sensor 823, 830 and 2620, while the positive side of PC2 was influenced

by the sensors 822, 813, 821 and 2602. PC3 was mostly influenced by sensor 2610.

The relative peak values and relaxation times formed two major clusters in the loading
plots. This suggests that each group of sensors has overlapping sensitivities to a particular class
of aromatic compounds. Thus, TGS sensors 823, 830 and 2620 are more sensitive to alcohols,

alkyls, ketones and related organic solvents. These are either volatile compounds generated by
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roasted/unroasted cocoa beans or products of those compounds and oxygen that develop during
roasting. TGS sensors 822, 813, 821 and 2602 are more sensitive to combustible and low

molecular weight gasses such as hydrogen, methane, ammonia and sulfide gasses.

3.3 ANN training and prediction

Table 6.6 shows the performance parameters of the two neural networks as trained by e-
nose signals or GC-MS detected volatile compounds. Overall, the ANN trained by e-nose had a
slightly lower accuracy (94.4%) as compared to that trained by the GC-MS volatiles (95.8%).
Both models had 100% prediction at 0 or 20 min roasting time. At 30 min, the e-nose system
accurately predicted 8 out of 9 cases, the GC/MS system 6 out of 6. The two systems are not
expected to behave identically, however. While the GC-MS is able to detect and discriminate
many volatile compounds, the e-nose sensors are sensitive to particular classes of compounds
and may have overlapping detection on more than one sensor. For example, TGS sensors 823
and 822 responded to 3-ethyl-2,5-dimethyl-pyrazine; 2,3-diethyl-5-methyl-pyrazine and
tetramethylpyrazine similarly. In addition, the GC/MS created substantially more data points at a
given roasting time, namely the concentrations of 24 compounds, while the e-nose system relied
on signals from 8 sensors providing 2 measurements (peak and relaxation times). In general, a
system with more inputs can be better fit by an ANN, although over-fitting can sometimes be a

concern.

Both systems did predict the extent of roasting with reasonable accuracy. The e-nose
system does offer several advantages. First, the sample preparation was less complicated and less
time consuming than GC-MS based system. In the e-nose system, the cocoa beans were just pre-
heated prior to injection into the sensor chamber, and the readings were taken within 5-10 min.

The GC-MS requires substantial grinding and extraction of volatile compounds by the SPME
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fiber. Second, the cost of building an e-nose system is much less than purchasing a GC-MS
based system. The materials cost of the e-nose system can be confined to a few hundred dollars
while GC-MS instruments may cost $60,000 or more. Third, the detection and analysis for the e-
nose based system were much faster and less complicated. Typically, 15 min was required for
the e-nose system and only two parameters for each sensor was required to be collected.
However, the GC-MS takes ~1h for sample preparation, an additional 30-60 min to run and
additional extra time to identify and analyze many peaks. It should also be noted that, while not

attempted in this study, the e-nose lends itself to on-line applications.

4. Conclusion

Both GC-MS and e-nose systems could be trained by ANN to predict the stage of
roasting of cocoa beans. Both systems work as the volatile components emanating from the
samples are continuously changing. The former senses these as several specific compounds, the
latter senses these as categories of volatile compounds. As noted, the e-nose system is a much
simpler and inexpensive system to use. While not attempted in this study, it is anticipated that the

e-nose could be adapted to collect and analyze gases on-line and in real time.

The volatile composition originating from cocoa beans can be an indicator of the quality
of cocoa beans and products. Thus, the combination of an e-nose system with ANN might be
useful for determining whether beans are rotten or not, the grade of the beans, the degree of

fermentation and the degree of roasting. Future studies will be focused on these applications.
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Figure 6.1. Diagram of the electronic nose system for sampling roasted cocoa beans.

167



05

//”/ ° Trisulfia‘é:‘dimethyl
04 |
;" 2-isobutyl-4,5-dimethyl-3-oxazol‘jne
03 i P !
\ Benzeneacetaldheyde,
02 Benzeneethanol L] o-ethylld',e;,ne
. o . \ ‘ p /
Acetic acid, 2-phenylethyl IS e
Y - , 1-Tetradecanol
\ / ) \
/ 1-Butanol, 3-methyl-,acetate . 7 \
01 r / T ¥ ° Pyrazine, tetramethyl / Y
/ \‘ ® Benzeneacetaldheyde, ‘\\
8 :.' Acetic acid. ‘\‘ o-metf;ylpro}pylidene \\\
oA i ? Benzeneacetaldehyde .Z-Nonanone { |
0 i e | i
! L . o i =,
| Benzaldehyde / Octanoic acid, . . : 5
\ ) ethyl ester Pyrazine, 3,5-d|ethy|—2-methy| |
01 k V4 e . ‘E Pyrazine, trimethyl
N 2-Heptanone | ° i
Pyrazine, 3-ethyl-2,5“‘-dimethyl ° !
| ___Pyrazine, 2,3-diethyl-2-methyl o {
0.2 AT e \ * e
0.2 r Disulfide, diemthyl . /
/. Butanoic acid, é‘l\ v Pyrazine, 2-ethyl
/ . I\ N -6-methyl /
2-Heptanol, acetate 2-methyl \ y/
03 R
\\\ Butanoic acid, 3-methyl
_0.4 1 1 1 1 1 1 1 J
-0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3

PC2 components.

0.4

PCl1

Figure 6.2. Principal component analysis loading plots for select volatile compounds: PC1 and

168



(a)

0.5

0.4

0.3

0.2

0.1

) 822 -R
/ 2602-P Q4 813-R

2602-R &¢ 813-

’821 -R

& 823-P

* 830-R

830-P @&

2610-R ¢

¢823-R

2620-R

® 7620-P

2610-P

169

0.1 0.2 0.3

0.4 0.5



(b)

W 2610-P

08 -

06 -

04 -

02 - 821-R 8ﬁ3'P

822 -R 2602 -R 823 . p 823-R
™ 2602 - P 1. 822-P T m 830-P 2620-R
QO o - —a=
813-R n
2610-R ®W 830-R
02 - 821-P
2620-P =

-04

-0.6

-0.8 |

_1 1 1 1 1 1 1 1 1 J
-0.5 -0.4 -0.3 -0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
PC1

Figure 6.3. Principal component analysis loading plots for gas sensor data (R: Relaxation time,
P: Peak voltage value): (a) PC1 and PC2 components and (b) PC1 and PC3 components.

170



(a)

Voltage(V)

(b)

0.8

0.6

Voltage(V)

0.2

1 ~
09 |
0.8 _—7_\ TG2620
TGS822
07 }
06 |
05 |
04 L__—" TGS823
TGS2610
03 TGS813
TGS2602
02 TGS830
TGS821
01 f
O 1 1 L L 1 J
0 100 200 300 400 500 600
Time(s)

f — 762620
TGS822

L~ TGS823

TGS2610
TGS813
TGS2602
TGS830
TGS821

0 100 200 300 400 500 600
Time(s)

171



(c)

0.8 f —_— TG2620
TGS822
20.6 -
(O]
[T}
3
£
S04 bL_— TGS823
TGS2610
TGS813
TGS2602
02 ¢ TGS830
TGS821
0 L 1 1 L L J
0 100 200 300 400 500 600
Time(s)
1
(d)
0.8 TG2620
TGS822
< 06
=
oo
=
L 04
TGS823
TGS2610
02 TGS813
TGS2602
TGS830
0 . , . , , ,  TGS821
0 100 200 300 400 500 600
Time(s)
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Table 6.1. Sensitivity of the gas sensors used in the electronic nose system.

Sensors Target gas

TGS821 Hydrogen

TGS813 Methane, propane, butane
TGS2602 VOCs, NH3, HoS

TGS822 Organic solvent, alcohols
TGS2610 Butane, propane

TGS2620 Alcohol, solvent vapors

TGS830 R11, R113, other halocarbons
TGS823 Organic solvent, methane, hexane

Table 6.2. Initial settings for training the artificial neural network (ANN)

Mu Mu-dec Mu-inc  Iterations Validation check

0.001 0.1 0.1 1000 5000
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Table 6.3. Relative concentrations of select volatile compounds from cocoa beans roasted at

135°C for 0 to 40 min.

Volatile compound

Relative concentration (%)

0 min 20min 30 min 40 min
Acetic Acid 23.65¢  24.64° 10.98° 6.99°
Disulfide, dimethyl 0.00° 0.00° 0.55° 0.99%
1-Butanol, 3-methyl-, acetate 1.39¢ 1.28b¢ 1.03° 0.70%
2-Heptanone 1.23° 1.33° 0.85% 0.96%
Butanoic acid, 3-methyl- 7.64° 6.77% 6.92% 8.37¢
Butanoic acid, 2-methyl- 4.33% 4.02? 4.56 4.61°
Trisulfide, dimethyl- 0.00? 0.77° 1.46¢ 0.46°
Benzaldehyde 3.37¢ 2.85¢ 0.80° 0.60?
Pyrazine, 2-ethyl-6-methyl- 0.00? 0.04? 0.69° 1.20°¢
Pyrazine, trimethyl- 0.00? 0.98° 3.23¢ 5.21¢
2-Heptanol, acetate 0.65°  0.56% 0.41*°  0.57%®
Benzeneacetaldehyde 1.68° 1.60° 0.60° 0.35°
2-Isobutyl-4,5-dimethyl-3-oxazoline 0.00? 1.01° 2.15¢ 0.43°
Pyrazine, 3-ethyl-2,5-dimethyl- 0.00? 0.48° 2.81¢ 4.544
Pyrazine, tetramethyl- 17.13¢ 14.20° 14.38° 13.54°
2-Nonanone 5.01° 4,722 4.91% 5.03°
Benzeneethanol 4.68% 5.18® 7.76¢ 5.98°
Pyrazine, 2,3-diethyl-5-methyl- 0.00? 0.00? 0.20° 0.42¢
Pyrazine, 3,5-diethyl-2-methyl- 1.46° 1.66? 2.48° 2.99¢
Octanoic acid, ethyl ester 2.47° 1.53° 1.43° 1.16
Acetic acid, 2-phenylethyl ester 3.38° 3.38° 2.982® 2.54%
Benzeneacetaldehyde, a-ethylidene- 0.00? 2.47° 2.86° 3.00°
1-Tetradecanol 0.00? 0.08° 2.094 1.36°
Benzeneacetaldehyde, a-(2-methylpropylidene)- 0.52% 0.76° 1.87¢ 1.95¢
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Table 6.4. Peak values of gas sensor responses to volatile compounds from cocoa beans roasted

from 0 to 40 min.

TGS821 TGS813 TGS2602 TGS822 TGS2610 TGS2620 TGS830 TGS823
0 0.002*  0.029®°  0.110°  0.089*  0.012*  0.048"®  0.004*  0.060°
20min | 0.001*  0.024*  0.084>  0.082*  0.011*  0.042*  0.003*  0.052°
30min | 0.004®  0.029°  0.105¢  0.101>  0.014>  0.055* 0.004*  0.066°
40min | 0.005° 0.026% 0.068*  0.087° 0.012° 0.046*  0.003*  0.057°

Table 6.5. Relaxation time of gas sensor responses to volatile compounds from cocoa beans

roasted from 0 to 40 min.

TGS821 TGS813 TGS2602 TGS822 TGS2610 TGS2620 TGS830 TGS823
0 104.6®  70.1° 33.6°  145.1°  114.0° 1406  91.6*  153.8"
20 min | 145.3¢ 137.4° 50.3¢ 287.2¢ 211.0° 253.2°¢ 144.7°  309.4°
30 min | 130.1°  73.4° 28.6" 145.4>  119.9*  1453*®  86.8*  158.6"
40 min | 89.4° 84.1° 38.1° 129.2*  114.9° 134.4*  98.0°  143.7°
Table 6.6. Performance of E-nose trained ANN and Volatile compounds trained ANN.
E-nose trained ANN Volatile compounds trained ANN
Roasting time Correct False Correct False prediction
(min) prediction prediction prediction
0 9 0 6 0
20 9 0 6 0
30 8 1 6 0
40 8 1 5 1
Overall Accuracy 94.44% 95.83%
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CHAPTER 7

CHARACTERIZING COCOA CONCHING AND REFINING PROCESSES BY KERNEL

DISTRIBUTION MODEL (KERNEL MD) BASED ELECTRONIC NOSE?®

>Tan, J. and W. L. Kerr. To be submitted to Journal of Food Engineering
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ABSTRACT

Refining and conching are two important processes for chocolate manufacturing. It is
believed that refining/conching process contributes to the improvement of flavor and texture of
chocolates. However, the traditional analytical methods, such as gas chromatography-mass
spectrometry (GC-MS), for volatile compounds mapping are relative expensive and time
consuming. In this study, one electronic nose was built and placed in the headspace of cocoa
samples, monitoring the volatile compounds profiles during refining/conching process. The
responses of the e-nose were characterized by trained Kernel DM models and three parameters,
Parea, Ppeak and Pyigin. The three parameters were able to detect the overall influence of roasting
and sample weight on the volatile compound profile of cocoa, however, they failed to
characterize the influences introduced by single factor. On the other hand, the trained Kernel DM
models were able to characterize the total volatile compounds profiles of samples with different
treatment. Classification and discrimination based on volatile compounds profiles were correctly

conducted by trained Kernel DM models.

Keywords: cocoa, refining/conching, e-nose, Kernel DM
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1. Introduction

The history of chocolate started approximately one thousand years ago in Central
America and since then, chocolate was mainly consumed as drinks and medicines up until 1800s
when solid chocolate became more popular than liquid chocolate (Grivetti and Shapiro 2011).
Today, chocolate is almost everywhere in this world. Chocolate production has increased
exponentially since 1990. This grows in chocolate production is driven by growing demands
from developing countries in Asia, Africa and Latin America. In 2000, the consumption of
chocolate confectionary was 5.6 million tons and the value of the chocolates was $51.314.5
million. The consumption of chocolate confectionary increased to 7.15 million tons in 2013 and
the values of the chocolates doubled to $109,991.5 million (Squicciarini and Swinnen 2016;

Afoakwa 2016).

The chocolate processing typically includes the following steps: harvesting, drying,
fermentation, roasting, cracking, winnowing, refining, conching, tempering, molding, packaging,
transportation and storage (Saltini et al., 2013, Afoakwa 2010). Each step in the processing plays
important role in determining the final qualities of the chocolate products. The refining or
grinding of chocolate usually is defined as one process where ingredients such as cocoa nibs,
sugars, and proteins together are mixed and agitated by repeating crushing and shearing,
delivering smooth fluid paste with uniform and small particle sizes (< 30um) (Carvallo et al.,
2001). And chocolate conching is one procedure that the post-refining ingredients are evenly
agitated and heated for certain time (varied from several hours to days) to yield well
homogenized liquid chocolate. In this process, the flavor of the chocolate is developed, along
with many changes in physical and chemical properties, such as, the viscosity, the moisture

content and the morphology of chocolate particles (Beckett 2011, Fryer and Pinschower 2000).
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Beckett (2000) divided the chocolate conching process into two distinct stages that take place in
the same conching machine. In the first stage, some undesirable flavor compounds such as acetic
acids are greatly removed and the flavor compounds and precursors which developed by roasting
and fermentation are further developed to bring pleasant taste. The second stage turns the thick
or flaky chocolate paste into smooth liquid paste by evenly distribute the fat to coat the solid

cocoa particles so that chocolate particles can slide pass each other.

The refining and conching processes are considered two individual processes or one
combined process depending on what kind of the equipment is being used to conducts the
processes. Many manufacturers use a multi-roller mill to refine the ingredients first and then use
a conche to proceed the conching process (Owusu et al 2012). Some manufacturers are using
melangers to conduct refining and conching at the same time (Prawira and Barringer 2009). As
mentioned above, the time needed for finishing conching varies from several hours to days
depending on the equipment being used and the demands of the manufacturers, for example,
many chocolate manufacturers leave the conching process ongoing for days just to ensure the
undesirable flavors were removed and the texture of the chocolate paste become smooth and
liquid like. However, by letting the conching process ongoing for days, the energy cost increase
greatly and the equipment are more likely to be damaged due to the wearing of their parts. In
some cases, it is not necessary to trade days of conching just for small improvement in the
texture and flavor of the products. Also, the conching process can also decrease the
concentrations of desirable flavor compounds which developed from fermentation and roasting,
vary by bean varies (Beckett 2009, Jolly et al., 2003). It is very important for many

manufacturers, who wish to keep the special flavors in their products, to control the time for
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conching process. Therefore, tracking the changing of the overall flavor compounds and predict

the volatile compounds profiles in ongoing refining/conching process are potentially useful.

The analytical method that can provide comprehensive information about the volatile
compounds profile of cocoa product is using a GC-MS system coupled with corresponding
flavor extraction methods. Many researchers (Ducki et al., 2008, Rodriguez-Campos et al., 2011,
Bonvehi 2005, Jinap et al., 1998, Schnermann and Schieberle 1997) have studied the influence of
roasting time, drying condition, variety, fermentation condition, and formulation on the volatile
compounds profile of cocoa beans, chocolates, and cocoa power. Owusu et al. (2012) have
studied how the conching conditions influence the volatile compounds of chocolate and Counet
et al. (2002) have compared the volatile compounds in chocolate with and without conching.
However, no previous research have been done to characterize the volatile compounds profiles of
chocolates in the refining/conching process. The reason for the lack of information is manifold.
Firstly, it requires analyzing at least hundreds of samples from one ongoing conching process at
different time before characterizing the profiles of volatile compounds because one
refining/conching process typically runs for more than 12 hours. Secondly, the volatile
compounds analysis conducted by GC-MS for one sample takes about an hour and the extraction
for volatile compounds in cocoa paste is relatively complicated and time consuming. In addition,
the GC-MS analysis provides the concentrations of tens of volatile compounds which makes it
even more complicated to select the right compounds as indicators to characterize the profiles.
Therefore, the traditional method is unable to provide fast measurements for volatile compounds
and construct the overall volatile compounds profile of a lengthy continuous process such as

chocolate refining/conching.
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Electronic nose (E-nose) is an array of gas sensors which give fingerprint responses to a
given odors, and the responses are used to perform odor identification and discrimination
(Arshak et al., 2004). One of the most widely used type of gas sensor is metal oxide
semiconductor (MOS) gas sensor due to its inexpensive price, lightweight, high sensitivity, and
fast response (Fine et al., 2010). When target odors interact with the surface of a metal oxide film
(generally through surface adsorbed oxygen ions), and it results in a change in charge carrier
concentration of the material. The conductivity of the material, however, is depending on the its
carrier concentration. The change of conductivity of the sensor is reflected by the change of
output voltage of the sensor and the characteristics of the voltage response is used for
determining the concentrations and categories of target gases (Pearce et al., 2006, Harsanyi,

2000).

There are many researchers have conducted comprehensive studies to implement the e-
nose for food quality determination. Garcia et al. (2006), Lozano et al. (2005) and Buratti et al.
(2007) have used e-nose to evaluate the quality of wines based the aroma profile of wines.
Labreche et al. (2005) have used e-nose to monitor the shelf life of milk. Eklov et al. (1998) have
implemented e-nose to monitor the fermentation of sausages. However, few researches have
developed a e-nose system that is suitable for characterizing the chocolate conching process or
other continuous process. In this study, one e-nose system was constructed and attached to a
melanger, measuring the overall volatile compounds profiles in the headspace of the samples
undergoing refining/conching process. The responses of the e-nose were used to characterize the

overall volatile compounds profiles of the complete refining/conching processes.

One challenge of using e-nose to monitor the volatile compounds profile of a continuous

refining/conching process is gas distribution in real environment is influenced by turbulent
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advection introduced by the grinder or conche and such influences are random. The turbulent
happens randomly and the turbulent flow creates packets of gas that follow chaotic trajectories
(Shraiman and Siggia 2000). In addition, other factors include temperature variation and random
flow of winds in the environment can also influence the distribution of the odors. Although make
an exact description of turbulent flow is difficult at this moment, it is possible to describe
turbulent gas distribution on average under the assumptions that each measurement from the gas
sensor is a random variable. By doing that, strong assumption such as perfect environment can
be avoided (Hinze 1975). In this study, the Kernel Distribution Model (Kernel DM) was
proposed to characterize the volatile compounds profile in process of refining/conching of cocoa

based on the responses of the gas sensors (e-nose).

Kernel DM is a statistical model that treats every measurement as a random variable and
there are no assumptions about one certain functional form of the model, which indicates that it
does not assume certain environmental conditions such as a uniform airflow (Lilienthal et al.,
2009). The responds of the e-nose were used to train the Kernel DM model, and the learned

model characterize the distribution mean of overall volatile compounds as a function of time.

There were several parameters such as kernel width (o), which may influence the
performance of the model. The parameter selection was done by Genetic Algorithm (GA) which
tried to minimize the error of the learned model. GA is an adaptive heuristic search algorithm
based on the evolutionary theory of natural selection and genetics. They represent an intelligent
exploitation of a random search used to solve optimization problems (Sivaraj et al., 2011). The
key idea of the selection operator is to give preference to better individuals (those that are nearer
to the solution) by allowing them to pass on their genes to the next generation and prohibit the

entrance of worst fit individuals into the next generations. The selection operator mainly works
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at the level of chromosomes and the performance of each individual depends on its fitness. The
fitness value may be determined by an objective function or by a subjective judgment specific to
the problem. As the generations pass, the members of the population should get fitter and fitter.

(Goldberg, 1990)

2. Materials and methods

2.1 Sample preparation

Two batch (20kg for each batch) cocoa beans (Frastero) were roasted by a mini drum
roaster (Model SS, CocoaTown, Roswell, Georgia, USA) for 30 min (well roasting) and 40min
(dark roasting) respectively. The roasted beans were immediately chilled by a tray cooler
(CocoaTown, Roswell, Georgia, USA) after roasting. Chilled samples were packaged in heat

sealed alumina pouches and the pouches were stored in a -40°C freezer before the tests.

2.2 Experimental design and electronic nose system

The refining/conching processes were conducted by one chocolate melanger (Model:
ECGCI12SL CocoaTown, Roswell, Georgia, USA). For each refining/conching process, 700g or
1000g of well roasted (30 min roasted) or dark roasted (40 min roasted) sample was added into
the drum of the melanger and two double conical roller stones crushed, sheared and stirred the
samples for 24 hours. The cocoa samples were transformed from raw cocoa ribs into smooth fine
cocoa liquid during the refining/conching process. Each combination of different sample weight

and roasting degree were replicated for 6 time.

The diagram of the e-nose system was shown in Figure 7.1. Six gas sensors (TGS 821,
TGS 822, TGS 823, TGS 2602, TGS 2610, TGS 2620) were fixed on a teflon bar
(20cm*6cm*1ecm) and the Teflon bar was fixed above the drum of the melanger, exposing the
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gas sensors to the volatile compounds released from the drum during refining/conching. The
responses of the gas sensors were collected by two data acquisition boards (Model N19219,
National Instruments, Austin, TX) at a sample rate of 6 second / point. The software being used
for interface between DAQ boards was Labviews (Version 2014, National Instruments, Austin,
TX). Also, one thermal couple wire was fixed about 1 cm above the bottom of the drum and the
temperature of the samples during refining/conching were recorded by a thermal couple DAQ

module ((Model NI9211, National Instruments, Austin, TX).

2.3 Data processing and parameters determination

Unlike many previous studies (Olunloyo et al., 2012; Markom et al., 2009; Bleibaum et
al., 2002) which used electronic nose to do single measurement for each sample at a time, the
electronic nose system did continuous measurement on the overall volatile compounds profile of
cocoa in the whole process of refining/conching. The responses of the gas sensors depended on
the concentrations of target volatile compounds around the gas sensors and the volatility of the
cocoa samples determined the concentration of the volatile compounds. Volatility is directly
related to a substance's vapor pressure. The vapor pressure is a measure of the amount of vapor
above a liquid. At constant atmospheric pressure, vapor pressure increases with temperature
(Shoemaker et al., 1962). During the process of refining/conching, temperature was not constant
because the grinding and shearing generated heat throughout the whole process. Vapor pressure
(P) of the samples as a function of temperature (T) is given by Clausius-Clapeyron equation

below:

~AHyqp
P=Ac"RT )
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where AHyap is the enthalpy of vaporization of the sample, and R is the gas constant, R = 8.314J
K" mol™!. A is unknow constant. In this study, the AHyap was set to 50.12 kJ/mol and A was set
to 1.0. The responds of the gas sensors were divided by their corresponding vapor pressures
calculated by following the Clausius-Clapeyron equation mentioned above, therefore, eliminated
the influence of temperature variation to get adjusted ‘raw’ data Ri. Then parameters that
characterized R; were extracted. Theses parameters included the relative peak value Rpeax, which
was the maximum R; over the baseline (the minimum value amount Rj), Rarea, the area between
the baseline and the R; for 1 h, 2 h,3 h,4 h,5 h, and 6 h since the refining/conching process began,
Ruwidth, the time length that R; was above a certain value (20%, 30%, 40%, 50%, and 60% of the
Rpeak value).

2.4 Kernel DM model

The basic principle of the Kernel DM model is trying to predict the respond (R) of the
gas sensor at time t during one refining/conching process based on the responds (R1.n) of the
same gas sensor at adjacent time points (t;. ) or, in another word, time points that close to t, from
several other refining/conching processes with same treatments combination.

P(R]t, Ry, t1:0)

In this study, refining/conching process with same treatments were replicated for 6 time,
and three of the repetitions were used to construct or, in another word, train the Kernel MD
model, while the rest three repetitions were used for validation. In the rest of the paper, ‘training
data’ was used to represents the data being used to train the models, and ‘validation data’
referred to the data being used for evaluating the performances of the models. And the samples
provided training data were called ‘training group’ and samples provided validation data were

called “validation group’.
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Before constructing the model, the adjusted ‘raw’ data R; from both training and
validating data were first scaled to r; € [0, 1] to compensate for drift issues and individual

variations between different gas sensors. The scale function was shown below:

_ Remin({R})
T max(R)-min({Ry})

then an uni-variate Gaussian weighting function N was used to assign the importance of each
responds 1; at different time point t; in grind cell k. The number of k is equal to the number of the
data point from the refining/conching process for training. Two parameters, Q| the sum of the

weights and R®), the sum of the weighted responds in cell k, was calculated as

n
=" Nt 0)
.

RO=D" N(i]. o)<
i=1

where tx was the time point for the predicted respond, n is the number of the time points being
included in cell k, ¢ was the parameter for Gaussian weighting function. Then the prediction (r¥)

for the respond of the sensor at t* is calculated by:

Four Kernel MD models trained by sensor data (from training group) collected during
refining/conching processes with different treatment combinations (700g/1000g beans with
well/dark roasted) respectively. Data from validation group were used to check the performance

of the trained model by calculating the root mean absolute error (RMAE) of the model:

= [y
RMAE=Z R
i=1 n
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(k)

where r;"” was the predicted respond of the gas sensor at ti, 7; was the respond of the same sensor
at ti from validation group.
2.5 Genetic algorithm setting

The choice for the value for parameters n, ¢ were determined by Genetic algorithm (GA)
to ensure the Kernel MD model yield good performance. One trained model (trained by data
collected at 700g/well roasted condition). The range for n and ¢ were 5 to 30 and 0.1 to 1
respectively. n was integer and ¢ a multiple of 0.1. The fitness function is the RMAE of the
model and the goal was trying to minimization the fitness value. The initial value of n and ©
were randomly given. Each gene only had two units to represent the value of n and
respectively. No crossover for the GA. The mutation of gene followed the following rules: All

the gene from the initial population had to mutate. From the second generation, if the fitness of

the gene is better than previous generation, then mutation rates for both n and ¢ were

|fn'fn-l |

P, =1-
" fn—l

and if any of n and o was decided to mutate, the value of n and ¢ was added or deduced by 1 or
0.2 respectively at equal possibility. If the fitness of the gene is no better than previous
generation, then the gene had to mutate by following the same methods just mentioned. The
population size p was 100 and the GA stopped when 200 generation were created. The GA
process was executed on Matlab (Version R2015b, MathWorks, Natick, MA).

2.6 Statistics

All tests were repeated at least three times and results presented as the mean and standard
deviation. The results were compared by one-way ANOVA using SAS 9.3 (SAS Institute Inc.,

Cary NC) to determine the effects of the fat content and the particle size distribution of the
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chocolate sample on the melting properties measured by DSC and CTA. Tukey’s HSD was used
to determine significant differences amongst treatments at the 95% level of confidence.

3. Results and discussion

3.1 Analysis of volatile compounds profile of cocoa refining/conching

Figure 7.1 shows one example of how the trendlines of the responds of three of the
selected gas sensors as a function of time in a refining/conching process. Three parameters (Parea,
Ppeak, Pwidin) were exacted to characterize the responds of gas sensors in refining/conching
processes. The parameters for refining/conching processes with different samples were shown in
Table 7.1-3. Some of the gas sensors only had negligible responds during the process because the
sensors were not sensitive to the volatile compounds released by cocoa. Therefore, the
parameters shown in the tables were extracted from the trendlines of the two gas sensors that had
shown strongest responds.

Parea can be considered as the amount of volatile compounds being released during a
refining/conching process, since the headspace of samples were exposed to the environment. The
amount of volatile compounds can be released in a refining/conching process were greatly
influenced by the amount volatile compounds that the sample contains. Therefore, it was
reasonable to see that the increase of the weight of the samples resulted in increase of Parea. Table
7.1 also indicated that dark roasted samples resulted in higher Parea values than well roasted
samples did if the sample weights were the same. Previous research (de Brito et al., 2001)
indicated that roasting increased the number of damaged and disrupted cells, and reduced the
amount of cytoplasmic material. Also, the level of phenolic compounds decreased markedly. The
damaged and disrupted cells release volatiles compounds easier because the cell structure to keep

the compounds were broken. Therefore, damaged and disrupted cells due to roasted may be one
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factor that resulted in more volatile compounds were released from dark roasted cocoa samples
than well roasted samples.

In addition, many other researches (Diab et al., 2014, Bailey et al., 1962, Cambrai et al.,
2010, Frauendorfer and Schieberle 2008) reported that during roasting, Maillard reaction takes
place. Therefore, the reaction between reducing sugars and amino acids plays important roles.
Typical Maillard reaction produce products include dicarbonyls (e.g., diacetyl), heterocyclic
compounds such as pyrazines, pyroles, pyridines, furans and thiazoles), aldehydes (e.g.,
phenylacetaldehyde and benzaldehyde), ketones, esters, and alcohols. In the meantime, Maillard
reaction significantly reduce the concentration of free amino acids and reducing sugars. The
volatile compounds generated by Millard reaction and Strecker degradation during roasting may
also contributed to the increased concentrations of sensor detectable volatiles compounds.

Table 7.2 shows the Ppeak values of the cocoa samples during refining/conhcing process.
The Ppeak can be interpreted as the highest concentration of volatile compounds in the headspace
in a refining/conhcing process. The concentrations of volatile compounds in the sample
headspace was determined by the volatility of the sample. The volatility of the samples strongly
relies on the surface area of the samples, the temperature, and the amount of the compounds that
the samples contained. This theory concurred with the observations shown in Table 7.2, which
imply that more sample weight and linger roasting time significantly increased the Ppeak value of
tested samples. Roasting increased the amount of volatile compounds in the samples, while
greater sample weight increased both surface area and the amount of volatile compounds in the
samples. In addition, another observation from Table 7.2 was the increase of sample weight from
700g to 1000g resulted in the Ppeak value of the samples increased from 0.170 to 0.187 for well

roasted samples, 0.196 to 0.215 for dark roasted sample. On the other hand, the difference
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between Ppeak values of dark roasted samples and well roasted samples were 0.026 for 700g
samples, 0.028 for 1000g samples. These observations indicated that roasting may played greater
role than sample weight in influence the Ppeax value.

The Pwiah values of samples shown in Table 7.3 may interpreted as the time length
volatile compounds released by the samples kept the responds of the gas sensors greater than a
threshold value. Three threshold values (20%, 40% and 60% of the peak value) were selected in
this study. Both increasing sample weight and increasing roasting degree resulting in greater
Pwidatn values of all samples, no matter which threshold valued were applied. However, unlike
Parea and Ppeax values, Pwidin values of all samples were influenced greater by sample weight than
by roasting time. This observation implied that roasting increased the amount of volatile
compounds in cocoa samples, however, it made it easier for volatile compounds to be released
during refining/conching process. As mentioned above, roasting could destroy the structure
inside cocoa and increased the number of damaged and disrupted cells, thus, decrease the ability
for the cells to ‘trap’ the volatile compounds.

The three parameters, Parea, Pwiath and Ppeak may have shown the overall influences
introduced by sample weight and roasting time on the sensor responds in refining/conching
processes, however, the three parameters were not able to differentiate the influence of single
factors. Therefore, it is difficult to use the three parameters to characterize the responds of gas
sensors and it is also unrealistic to fingerprint the samples based on the three parameters.

3.2 Kernel MD model analysis

After running GA for 10 times, the selected setting for Kernel MD were n =22, 6 = 0.3.
Validation data were used to evaluate the performance of the Kernel MD model trained by

sensor responses collected during the refining/conching process of 700g well roasted beans and
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the results were shown in Figure 7.3 as an example. It indicated that if the validation data was
provided by samples with same conditions (sample weight and roasting degree) as samples being
used to trained the model, then the RMAE value of the model were much smaller than the
RMAE values of using validation data collected from samples had at least one condition was not
the same as samples from training group. The figure also implied that for validation the model, if
the samples from validation group only have one condition varied from the training samples,
then the validation samples had different roasting time yielded great RMAE values than
validation sample had different sample weight. Furthermore, if validation samples had both
conditions differed from the training samples were used to validate the trained model, then the
RMAE values was greater than any of the RMAE value achieved by other samples from
validation group. RMAE value can be interpreted as the difference between the trained model
and the validation data, or in another word, how the validation data fit the model. From Figure
7.3, based on the RMAE values, the trained model can be used to do classification and
discrimination, determining which validation sample had most similar or different condition as
training samples.

Figure 7.4 also shows, at different stage of refining/conching, the ratios (ratiol, ratio 2,
and ratio3) between the RMAE yielded by validation samples who had the same condition as
training samples, to RMAE values achieved by validation samples had different in sample
weight, roasting degree and both respectively. Smaller ratio value implied that the validation data
was less likely to fit the trained model. For better discrimination and classification, small ratio
values were desirable. From Figure 7.3, it shown that smallest value of ratios shown up at around
using the first 2h of training data to train the model. Also, from Figure 7.2, it roughly shows that

most of the differences between the responds of the gas sensor that monitoring different samples
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being refined and conched appeared at the first two hours of the refining/conching process.
Therefore, for the performance of other trained model, the evaluations were based on the data
collected from the first 2h of reefing/conchig process.

Table 7.4 shown the performances of Kernel MD models trained by different training
data from training group. Generally, the smallest RMAE values were produced when the training
group and validation group are same type of samples. If the validation group and training group
use samples varied in one condition, then differing the roasting made the model produce higher
RMAE values than using sample varied in sample weight. Furthermore, if the training data are
from well roasted samples, flip both conditions yielded highest RMAE values. Therefore, the
models did good job in recognizing samples that had same conditions as training group, also the
model also provided good discrimination of samples had different conditions.

4. Conclusion

Although the overall influences introduced by roasting and sample weight on volatile
compounds profile were able to be detected by using Parea, Pwidth and Ppeak, they failed to
characterize the influence introduced by single factor. On the other hand, the trained Kernel DM
models were able to characterize the total volatile compounds profiles generated by samples with
same or different treatment. Classification and discrimination for different volatile compounds
profiles were correctly conducted by trained Kernel DM models. The Kernel DM method is an
inexpensive and in-line models that can be implemented to chocolate manufacturing, monitoring
the flavor development during refinling/conching process. Based on the model, chocolate
manufacturers can make prediction about the time needed for refinling/conching, in addition,

they can find the affinity between one unknow sample between one known sample.
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Figure 7.1. Diagram of electronic nose system for monitoring refining/conching.
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Figure 7.3. The responses of the most sensitive gas sensor from the refining/conching processes

of different samples.
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Tables

Table 7.1. The Parea values for refining/conching processes of different samples.

2h 4h 8h
700wr 372.41° 509.9* 737.15°
700dr 623.32° 1005.46°  1674.89°
1000wr 663.65° 1010.15°>  1636.72°
1000dr 788.8° 1167.221°  1806.753¢

wr is “well roasted” sample, “dr” is “dark roasted” sample, and the number represent the sample weight.

Table 7.2. The Ppeax values for refining/conching processes of different samples.

Peak valuse

700wr
700dr

1000wr
1000dr

0.16989°
0.196379°
0.187003°
0.215487¢

wr is “well roasted” sample, “dr” is “dark roasted” sample, and the number represent the sample weight.

Table 7.3. The Pwian values for refining/conching processes of different samples at different

thresholding setting.

0.2 S0.4 0.6
700wr 1606° 914* 274°
700dr 2439° 1113% 615°
1000wt 3792¢ 1872° 801°°
1000dr 43204 2172¢ 1044°

wr is “well roasted” sample, “dr” is “dark roasted” sample, and the number represent the sample weight.
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Table 7.4. The performance of different trained Kernel DMs in terms of RMAE when applied to
different validation groups.

Training group 700g-WR 1000g-WR 700g-OR
Validation group
700g-WR 1.052% 2.927°¢ 5.1864
1000g-WR 4.527° 1.382% 3.984¢
700g-OR 8.163¢ 1.987° 1.792%
1000g-OR 9.2714 5.765¢ 2.781°

wr is “well roasted” sample, “dr” is “dark roasted” sample, and the number represent the sample weight.
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CHAPTER 8
SUMMARY

Determination of glass transitions in boiled candies by capacitance based thermal analysis
(CTA) and genetic algorithm (GA)

When the Tg of the candy was below ~15 °C, the measurement from the GA-CTA was
higher (2-3 °C) than that from DSC. However, if Tg of the candy was higher than 15 °C, the two
methods gave similar values. GA based CTA provides a feasible new way to measure phase
transitions in candies with relatively inexpensive equipment, and with less need for user
interpretation of data.

Determination of chocolate melting properties capacitance based thermal analysis (CTA)

PSD of the samples did not significantly influence their melting onset temperature
(~25°C) and peak temperature (33°C) measured by DSC. However, samples with finer particles
had lower ending temperatures than those with coarser particles (range 36.59 to 37.28°C).
Varying fat content in chocolate samples did not result in differences in the DSC melting curves.
Samples with smaller particle sizes had lower temperatures at peak capacitance than those with
larger particles, with peak temperatures ranging from 30.84 to 39.29°C, while higher peak
capacitance values (range 2.61 to 2.84 10! F) were measured by contact area based CTA.
Samples with higher fat content had lower peak temperatures (range 34.7 to 39.71 °C) but higher

peak capacitance values (range 3.29 to 4.3 1071'F). While not yielding identical melting
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temperatures, the values from the CTA system could be correlated with DSC results. In addition,
the capacitance-based system was much simpler to use and relatively inexpensive to build.
Particle size measurements and scanning electron microscopy (SEM) of cocoa particles

refined/conched by conical and cylindrical roller stone melangers

The performances of the two melangers (conical roller and cylindrical roller) were
similar, however, cylindrical roller stones tend to generate thin and flat particles during the first 4
h of refining. Varying sample weights only influenced particle size reduction at early stages of
refining. From the SEM images, a decreasing trend in the number of large spherical particles and
an increasing trend in the number of small flat irregularly shaped particles were observed. The
particle size measurements by the micrometer of cocoa particles refined for 0.5 h was greater
than all other methods. However, the particle size measurements by the micrometer of particles
refined for 2 h, 4 h, and 24 h were smaller than the measurements made by any other methods.
On the other hand, except for cocoa being refined for 0.5 h, the particle size measurements tested
by light microscopy image analysis for all cocoa samples were much greater than other
measurement methods. Both the micrometer and light microscopy image analysis can be used to
monitor the PSD of cocoa particles during refining/conching. However, the Hegman gauge failed

to provide meaningful measurements.

Determining degree of roasting in cocoa beans by artificial neural network (ANN) based

electronic nose system and gas chromatography/mass spectrometry (GC/MS)

In this study, an electronic nose system was constructed consisting of an array of gas
sensors and used to detect volatiles emanating from cocoa beans roasted at 0, 20, 30, and 40min.
The several signals were used to train a three-layer artificial neural network (ANN). Headspace

samples were also analyzed by GC-MS with 23 select volatiles used to train a separate ANN. Both
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ANNs were used to predict the degree of roasting of cocoa beans. The electronic nose had a
prediction accuracy of 94.4% using signals from TGS 813, 826, 820, 880, 830, 2620, 2602 and
2610 sensors. In comparison, the GC-MS predicted the degree of roasting with an accuracy of
95.8%.

Characterizing cocoa conching and refining processes by kernel distribution model (Kernel

MD) based electronic nose

The three parameters were able to detect the overall influence of roasting and sample
weight on the volatile compound profile, however, they failed to characterize the influences
introduced by single factor. On the other hand, the trained Kernel DM models were able to
characterize the total volatile compounds profiles of samples with different treatment.
Classification and discrimination based on volatile compounds profiles were correctly conducted

by trained Kernel DM models.
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