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Abstract
Soft matter systems, such as foams and emulsions, play a central role in numerous
applications for consumer goods, mineral beneficiation, and enhanced oil recovery.
Detailed microstructural information of the soft matter system enables accurate
modeling of its aging mechanisms and bulk mechanical properties. Foams and emulsions
are traditionally characterized in 2D using microscopy or evaluating bulk properties,
which lack the full 3D vision of the internal structure of the system. Herein, X-ray
computed microtomography (µ-CT) coupled with advanced image processing tools is
used for extracting detailed microstructural information of foams and emulsions. The
derived morphological information is used for evaluating the aging mechanisms of liquid
foams, and the arrested coalescence of oil-in-water emulsions.
Firstly, a workflow for 3D µ-CT imaging and pore network modeling (PNM) is developed
to characterize drainage, coalescence, and diffusive-coarsening in liquid foams. PNM is
useful for decomposition of the Plateau borders and nodes within the liquid structure
of the foams, while µ-CT provides time-lapsed spatial information. Foam permeability
(ĸ) simulations conducted on the extracted PNM are shown to aid foam drainage
modeling by the extraction of ĸ versus liquid fraction relationships.

Secondly, challenges in using laboratory µ-CT systems are dealt with by the
implementation of deep learning. It is demonstrated that deep learning can reduce scan
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times to only 5 minutes, thus, allowing high temporal resolution for the study of fastaging liquid foams. These developments are achieved using a laboratory µ-CT system
that is traditionally used for imaging static systems over hour-long scan time.
Thirdly, novel measurements for droplet networks of oil-in-water emulsions formed via
arrested coalescence are presented. Combination of topological and geometrical
measurements is demonstrated as effective means for evaluating the stabilizing forces
present in the arrested system. Particularly, linear strain measurements of the 3D
droplet network elucidate the distribution of strain and stresses within the network,
which is not possible to observe in 2D systems.
Overall, the dissertation is a step forward in advancing 3D µ-CT imaging for
characterizing and modeling soft matter systems.
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1 Introduction
1.1 Soft matter systems
Soft matter is an interdisciplinary field of study that encompasses many applications that
directly influence us on a daily basis (De Gennes, 1992). Household examples of soft
matter systems (Chappat, 1994; Friberg et al., 2003) include toothpaste, milk, soaps,
paints, cement, bread spreads, and ice cream. Additionally, soft matter systems hold
valuable applications in the minerals and energy resources sector, specifically in froth
flotation (Barbian et al., 2003; Neethling and Brito-Parada, 2018) and enhanced oil
recovery (EOR). While the term is ‘loosely’ defined, soft matter systems are multiphase
systems that demonstrate properties in between solids and liquids and can be deformed
by thermal fluctuations or external forces. A key challenge to studying soft matter
systems is that it is difficult to control their bulk continuum properties without first
understanding the complex interactions and dynamics occurring at the microscopic level
(van der Gucht, 2018).
Soft matter systems such as polymers, membranes, micelles, liquid crystals, gels,
emulsions, and foams often co-exist in natural systems as well as in commercial
products. While each subclass of soft material has its own merits and challenges, the
study of foams and emulsions is proven difficult due to their dynamic aging mechanisms
that influence their structure and function. In fact, controlling the macroscopic behavior
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of foams and emulsions poses significant challenges to many billion-dollar industries as
they play crucial roles in maximizing process efficiency or product performance.
Therefore, there is significant demand to accurately model the behavior of foams and
emulsions to enable more sustainable and cost-effective ways to improve the product
and process design.
Emulsions are widespread in a broad range of industries. The stability of emulsions
formed during oil recovery is a critical parameter that impacts the efficacy and
operational costs involved in transportation and refinery for oil production (Zhou et al.,
2019). Emulsions can also be utilized as effective displacing fluids in the petroleum
industry, and increase sweeping efficiencies for chemical EOR processes (Karambeigi et
al., 2015; Li et al., 2016; Wang et al., 2017). Additionally, emulsion stability determines
quality and texture in regular food items, such as milk, salad dressings, and mayonnaise,
which consist of oil-in-water emulsions, margarine, butter, and spreads consisting of
water-in-oil emulsions (Friberg et al., 2003). Lastly, emulsion stability is relevant to
cosmetics, drug formulation, agriculture, road construction, paints, photographic films,
lubricants, and paper coatings (Chappat, 1994).
In addition, the microstructure of emulsion systems determines their mechanical
properties and function (Fuller and Vermant, 2012; Torquato and Haslach Jr, 2002). The
product aesthetics of emulsions can be manipulated using the concept of arrested
coalescence (Blanchette and Bigioni, 2006; Charles and Mason, 1960; Fredrick et al.,
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2010a; Pawar et al., 2012). Arrested coalescence occurs when coalescence begins to
minimize the droplet interfacial energy but is halted at an intermediate stage due to its
internal energy. This process can be beneficial in creating anisotropic droplet shapes
with unique rheological behavior that are of high desirability and practical importance
to many consumer products.
Foams, on the other hand, are dispersions of gas bubbles in a continuous liquid phase,
which are of paramount interest to versatile applications. Furthermore, the closely
packed air bubbles in foams contribute to their high surface area and low material
density. Such features are not only desirable in foods, such as milk and cleaning agents,
but also mineral beneficiation and enhanced oil recovery. However, unlike emulsions,
foams are typically thermodynamically less stable, and their stability needs to be
controlled to enable high process efficiency or desired stability of the foam products.
Soft matter systems, such as foams or emulsions, are typically evaluated using twodimensional imaging and microscopy techniques or directly at the bulk scale by
evaluating their continuum properties. For instance, mineral flotation foams are studied
by monitoring the bubbles from the top or edge of the foam column, while emulsions
are studied using stereoscopy or confocal laser microscopy. These approaches,
however, do not provide the full 3D detail of the microstructure of the soft matter
system.
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Three-dimensional X-ray computed microtomography (µ-CT) imaging would open new
pathways to studying soft matter systems. Although 3D µ-CT has existed for several
decades and researchers have attempted to use it in the field of condensed matter
physics, the full potential of this technique is highly underutilized, and thus not fully
realized for soft matter systems. With current advances in hardware, the potential of µCT imaging in progressing soft matter research is myriad as it can provide 3D microlevel
spatial information at high temporal resolution to study dynamic processes occurring in
either foam or emulsion systems. Thus, 3D vision into the microstructure can assist in
accurately modeling foam or emulsion stability and rheology, which are crucial
parameters for product formulation and process design.

1.2 Objectives
The main objectives of the dissertation are summarized below.
•

Objective 1: Develop a characterization platform for 3D imaging and
morphological analysis of soft matter using µ-CT. The platform will use machinelearning approaches for the improvement of image quality for high-fidelity
characterization studies and provide morphological characterization tools based
on pore network modeling and integral geometry.

•

Objective 2: Investigate the stability mechanisms of micro-fibrous cellulose
(MFC) liquid foams and link bulk stability to the underlying structure at the
interface and microscopic length scales.
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•

Objective 3: Visualize and study the 3D packing order, restructuring, and
arrested coalescence of microstructural emulsions using µ-CT.

•

Objective 4: Motivate how soft matter systems are studied by providing
advanced 3D imaging tools and morphological analysis beyond traditional 2D
studies.

1.3 Dissertation outline
This dissertation is organized as explained below.
Chapter 2 introduces the main literature relevant to soft matter systems studied in
Chapters 3, 4, and 5. The aging mechanisms related to foam diffusive-coarsening,
drainage, and coalescence, along with arrested coalescence and restructuring of
emulsion systems are introduced. The gaps in foam physics and emulsion physics are
highlighted, and the advantages of µ-CT imaging over traditional experimental
techniques is elucidated. In addition, the basic concept of pore network extraction and
image processing algorithms applied in the dissertation are covered. This chapter builds
towards Objectives 1 and 2 by providing a connection between the microlevel structure
of soft matter systems and quantitative measures available from µ-CT images.
Chapter 3 provides the framework for using µ-CT for the analysis of foam systems. The
concept of pore network modeling introduced in Chapter 2 is further developed to study
the foam microstructure and investigate drainage, diffusive- coarsening, and
coalescence. The results are used to study foam permeability versus liquid fraction
33

relationships and compare them with basic foam drainage models. This chapter aims to
achieve Objectives 1 and 4.
Chapter 4 uses the tools developed in Chapter 2 to study micro-fibrous cellulose liquid
foams using µ-CT. First, a machine-learning platform is developed to deal with the noise
associated with dynamic imaging, followed by an in-depth analysis of the stabilization
mechanisms of micro-fibrous cellulose. This chapter aims to achieve Objectives 1, 2, and
4.
Chapter 5 uses the tools developed in Chapter 2 and introduces additional
morphological measures and fractal dimension analysis to study the structural packing
of arrested emulsion systems. µ-CT images of a 3D emulsion system are collected, the
microstructure is characterized along with the packing structure, and potential
restructuring mechanisms are investigated. This chapter aims to achieve Objectives 1,
3, and 4.
Chapter 0 discusses the main conclusions of the dissertation. The advancements and
possible transformations enabled by the developed work along with their practical
implications are highlighted. This chapter aims to achieve Objective 4.
Chapter 7 first points out the limitations of the developed work in this dissertation and
then provides recommendations for key studies for future work. Thereby, this chapter
sets out the future vision for the characterization of soft matter systems. This chapter
aims to achieve Objective 4.
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2 Literature review
This chapter introduces the main literature relevant to the physics of foams and
emulsions as studied in later chapters and presents background materials on µ-CT, pore
network extraction, and image-processing methods used throughout the dissertation.
First, the microstructural components of foams and main aging mechanisms are
described, such as diffusive-coarsening, drainage, and coalescence. This is followed by a
review on arrested coalescence and the restructuring of emulsion systems. Next, a
review of traditional experimental methods to study foams and emulsions is provided
before introducing µ-CT for 3D imaging of soft matter systems. Overall, this chapter is a
step forward in developing a characterization platform for 3D imaging and
morphological analysis of soft matter using X-ray computed microtomography, and thus
contributes to Objectives 1 and 2 of the dissertation.

2.1 Foam physics
Foams are dispersions of gas bubbles in a continuous liquid medium that undergo
destabilization via three interrelated physical mechanisms: (1) gravity drainage, (2)
coalescence, and (3) diffusive-coarsening. The origins of these mechanisms are rooted
in the interfacial forces and diffusive transport that occur at the micrometer length
scale. Thus, it is crucial to visualize the foam structure at a microstructural level to better
understand the relevant foam physics. This is especially beneficial for tuning the
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components of the bulk foaming liquid to achieve desired foam stability, which holds
great importance in froth flotation. Overall, reducing gravity drainage, coalescence,
and/or diffusive-coarsening can lead to more stable foams, which is an objective of
various industrial practices (Grassia et al., 2006; Neethling et al., 2005).

2.1.1 Structure of foam systems
Foams can be characterized by a liquid fraction (𝛷𝛷𝑙𝑙 ). The mechanical properties of foams
are strongly dependent on the wetness of the foam system. The 𝛷𝛷𝑙𝑙 is quantified as
𝛷𝛷𝑙𝑙 =

𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓

,

2.1

where 𝑉𝑉𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 is the volume of the continuous liquid phase, and 𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 is the total volume

of the bulk foam. Foams with 𝛷𝛷𝑙𝑙 < 0.05 are considered dry, while foams with 0.15 < 𝛷𝛷𝑙𝑙 <

0.36 are considered wet; however, if the 𝛷𝛷𝑙𝑙 exceeds 0.36, the foam structure is

permanently lost, and becomes a bubbly liquid (Drenckhan and Hutzler, 2015; Furuta et
al., 2016).
It is typical for a drained foam at equilibrium to observe a change in bubble size and

bubble shape for foam height (𝑧𝑧) (Saint-Jalmes, 2006), which results in a changing
microstructure over 𝑧𝑧. As 𝛷𝛷𝑙𝑙 of the foam decreases with increasing distance from the

foam-liquid interface or foam height 𝑧𝑧, bubbles no longer retain their spherical shape

and tend to distort into polyhedral shapes, as shown in Figure 2.1. In addition, bubbles
at the top are larger than bubbles at the bottom of the foam structure.
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Figure 2.1: Foam structure at equilibrium under drainage. The foam is dryer at the top
with 𝛷𝛷𝑙𝑙 < 0.01 and consists of more deformed polyhedral bubbles, while the foam is
wetter near the bottom with more spherical bubbles. The foam-liquid interface (marked
with a dashed red line) has a 𝛷𝛷𝑙𝑙 = 0.36. This image is reprinted with permission from
Saint-Jalmes (2006) (License ID: 1138303-1).
It is useful to distinguish between wet and dry foams due to their distinct microstructural
characteristics (Kraynik, 2003). Wet foams resemble close-packing aggregates
(Drenckhan and Hutzler, 2015) of spherical particles (Drenckhan and Hutzler, 2015) with
a jamming transition at a gas fraction (𝛷𝛷𝑔𝑔 ) near 0.64, i.e., 𝛷𝛷𝑙𝑙 < 0.36, corresponding to
the Bernal density (Bernal and Mason, 1960). Thus, the foam-liquid interface at
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𝛷𝛷𝑙𝑙 ∼0.36 marks the transition between a wet foam and bubbly liquid for monodisperse
foams. Conversely, dry foams are well described by Plateau’s laws (Plateau, 1873).

The Belgian physicist Joseph Plateau modeled the foam liquid network and stated that
three films would meet symmetrically under 120° in channels called Plateau borders
(PB) (see Figure 2.2a), and four PB would meet symmetrically under angles of 109.5° at
nodes (or junctions) forming tetrahedrons (see Figure 2.2b). The films are formed
between two bubbles, while PB is formed at the intersection of three bubbles. Plateau
borders are present in dry and wet foams but would be wider and larger in volume at
higher 𝛷𝛷𝑙𝑙 values (Cantat et al., 2013; Weaire and Hutzler, 2001). Overall, liquid drainage

in foams occurs through the films, Plateau borders, and nodes, as shown in Figure 2.2.
Thus, this structure of PBs and nodes will be a key concept used to develop a foam pore
network model, as discussed in Chapters 3 and 4.
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Figure 2.2: (a) Formation of a Plateau border (PB) at the symmetric intersection of three
films at 120°; (b) Formation of a node at the symmetric intersection of four Plateau
borders at 109.5° arranged in a tetrahedral manner. This image is reprinted with
permission from Saint-Jalmes (2006) (License ID: 1138303-1).

The evolution of the bubbles, Plateau borders, and nodes in the microstructure of a
draining foam is illustrated in Figure 2.3. The images presented for (a) to (d) in Figure 2.3
are in decreasing order of 𝛷𝛷𝑙𝑙 , and demonstrate thinning of PBs and nodes as the foam

becomes drier due to gravity drainage. The transition from spherical bubbles to more
polyhedral bubbles is also evident with decreasing 𝛷𝛷𝑙𝑙 . It is noteworthy that films usually

range between ~10 nm to 1 µm (Langevin, 2016), so are unlikely to be imaged with
techniques, such as µ-CT, with a resolution limit of approximately 1 µm (Wildenschild
and Sheppard, 2013).
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Figure 2.3: Evolution of bubble shape and size of Plateau borders and nodes for a
draining foam relative to drainage time. This image is reprinted with permission from
Kitchener and Cooper (1959) (License ID: 1141731-1).

Free drainage due to gravity occurs directly after foam generation resulting in a decrease
in 𝛷𝛷𝑙𝑙 at the top of the foam, and an increase in 𝛷𝛷𝑙𝑙 at the bottom of the foam (Kruglyakov

et al., 2008b; Magrabi et al., 2001). However, the 𝛷𝛷𝑙𝑙 distribution over 𝑧𝑧 becomes
constant after some time as capillary suction offsets the gravity drainage (Saint-Jalmes,

2006; Yianatos et al., 1986), and equilibrium under drainage is established. This results
in an equilibrium liquid distribution profile over 𝑧𝑧 that can be described as
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𝛷𝛷𝑙𝑙−0.5 (𝑧𝑧) − 𝛷𝛷𝑙𝑙−0.5 (0) ≈

𝑧𝑧𝑑𝑑32
,
𝜆𝜆2𝑐𝑐

2.2

where 𝑑𝑑32 is the Sauter mean bubble diameter, 𝑧𝑧 = 0 corresponds to the position of the

foam-liquid interface or bottom of the foam, and 𝜆𝜆𝑐𝑐 is the capillary length defined by
𝜆𝜆𝑐𝑐 = �𝛾𝛾/𝜌𝜌𝜌𝜌, where 𝛾𝛾 is surface tension, 𝜌𝜌 is the density of the liquid phase, and 𝑔𝑔 is

gravity. Eq. 2.2 assumes constant vertical bubble size over the foam height, and assumes

the foam is in the dry limit (Cantat et al., 2013). Nonetheless, variations of foam drainage
equations are also commonly used (Koehler et al., 1999; Koehler et al., 2000; Koehler et
al., 2004; Neethling et al., 2001; Verbist et al., 1996). Overall, Eq. 2.2 is assessed in
Chapter 3 for a liquid foam system using liquid fraction values extracted from µ-CT
images.
Free drainage can be more intuitively understood by Figure 2.4, which presents the
evolution of the vertical 𝛷𝛷𝑙𝑙 profile over the foam aging time (𝑡𝑡) (Saint-Jalmes and

Langevin, 2002). Free drainage is more rapid at early aging times, i.e., close to 𝑡𝑡= 0 and

experiences a rapid decline in 𝛷𝛷𝑙𝑙 over the aging time. However, drainage slows down as

the foam approaches equilibrium and the change in 𝛷𝛷𝑙𝑙 is smaller at late aging times.
Consequently, the rate of change in 𝛷𝛷𝑙𝑙 , i.e., 𝛿𝛿(𝛷𝛷𝑙𝑙 )/ 𝛿𝛿(𝑡𝑡), at the top of the foam reaches
a plateau at late aging times, while the rate of change in 𝛷𝛷𝑙𝑙 at the bottom evolves more

drastically at late aging times as liquid from the top accumulates at the bottom.
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Figure 2.4: Time evolution of the vertical 𝛷𝛷𝑙𝑙 profile of a draining foam under free
drainage. This image is reprinted with permission from Cohen-Addad et al. (2013)
(License ID: 1141734-1).

The time taken for an equilibrium liquid drainage profile to be established (Koehler et
al., 2000; Rio et al., 2014), 𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 , can be evaluated as
𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ≃

𝑧𝑧𝑧𝑧

� l𝛼𝛼 𝐾𝐾𝐾𝐾𝐾𝐾𝑅𝑅�
Φ

2.3

where 𝜂𝜂 is the viscosity of the interstitial fluid, 𝐾𝐾 is a dimensionless permeability
constant, 𝜌𝜌 is the density of the interstitial fluid, 𝑔𝑔 is gravitational acceleration, 𝑅𝑅� is the

� 𝑙𝑙 is the average liquid fraction of the foam, α is an exponent
average bubble size, Φ
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between 0.5 and 1 depending on the mobility of the surface layers (Saint-Jalmes et al.,
2004), and 𝑧𝑧 is the height of the drained foam. 𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 can be considered the time taken

for free drainage to occur or for a balance of gravity drainage and capillary suction to be
established. Thus, Eq. 2.3 will be used in Chapter 3 and Chapter 4 to estimate the time
taken for equilibrium under drainage.
Overall, the foam structure depends on both the local 𝛷𝛷𝑙𝑙 and the foam generation

technique used. The foam generation technique determines both order and

polydispersity, but 𝛷𝛷𝑙𝑙 controls the bubble shapes present in the foam system (Cantat et

al., 2013; Drenckhan et al., 2018). For example, foams made using the Bartsch method
(Bartsch, 1924) will typically have a broader distribution of bubble sizes compared to
monodisperse foams generated via co-injection of gas and liquid using microfluidic
devices (Gañán-Calvo et al., 2004; Höhler et al., 2008). The polydispersity in foams or
emulsions can be estimated using the polydispersity parameter (𝑝𝑝32 ) (Kraynik et al.,

2004), which uses the Sauter mean radius (𝑟𝑟32 ), that considers the surface area to
volume ratio of the bubbles as

𝑟𝑟

𝑝𝑝32 = <𝑟𝑟 332
− 1,
>1/3

2.4

𝑖𝑖

where < > indicates an average, and 𝑟𝑟𝑖𝑖 indicates the radii of individual bubbles. 𝑝𝑝32 is
always non-negative and equals zero when foams are monodisperse.
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Nonetheless, the bulk viscoelastic properties of the foaming solution will change the
time evolution of the vertical 𝛷𝛷𝑙𝑙 distribution profile, which in turn would influence the

foam microstructure (Durand and Langevin, 2002; Stone et al., 2002a). Thus, 𝛷𝛷𝑙𝑙 ,

order/degree of crystallinity, and polydispersity are crucial parameters used to model
and study foam systems. As seen in Figure 2.5, the foam structure at the microlevel has
a significant dependence on liquid fraction and polydispersity, which plays a crucial role
in bulk foam properties, such as bulk viscosity, liquid permeability, and stability (Cantat
et al., 2013). Specifically, foam permeability (ĸ) (Lorenceau et al., 2009) is highly
dependent on the network of Plateau borders and nodes; thus, 3D measurement of the
Plateau border and node sizes could enable accurate permeability simulations, as
demonstrated in Chapter 3.
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Figure 2.5: Schematic of different foam structures as a function of 𝑃𝑃𝑃𝑃𝑃𝑃, 𝛷𝛷𝑙𝑙 , and order.
Note: 𝐶𝐶𝑛𝑛 provides the number of neighbors of a bubble and 𝛷𝛷𝑐𝑐 provides the critical 𝛷𝛷𝑙𝑙
at jamming transition. This image is reprinted with permission from Drenckhan and
Hutzler (2015) (License ID: 1144073-1).

The structure of foams in the dry limit, i.e., 𝛷𝛷𝑙𝑙 < 0.05, is relatively well-understood

(Cantat et al., 2013; Fortes and Teixeira, 2005; Weaire, 1994; Weaire and Hutzler, 2001),
but additional work with modeling wet foams would be beneficial. For instance, µ-CT
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experiments (see Section 2.4) to gather information about the PB length (𝐿𝐿), PB crosssectional area, and node volumes can be a useful starting point to accurately model
realistic foam systems. Modeling of bubbles in foams with intermediate values of liquid
fraction, i.e., 0.05 < 𝛷𝛷𝑙𝑙 < 0.15, are challenging since they exhibit intermediate properties

between wet and dry foams (Drenckhan and Hutzler, 2015). Thus, in Chapter 3, the PB

length, PB radii, and node radii are measured by applying pore network extraction
techniques to digital 3D images of foams. Additionally, the arithmetic mean diameter
(𝑑𝑑10 ) and Sauter mean diameter (𝑑𝑑32 ) of individual sphere-equivalent bubble diameters
di can be determined from µ-CT images to express the representative bubble size of the
foam.
Furthermore, drainage time is dependent on foam permeability, which depends not only
on liquid fraction but also on the morphological arrangement of PB and nodes in real
foam systems. Thus, additional experimental work on µ-CT imaging of the foam
structure and permeability simulations provide useful, new insights into the controlling
factors that influence foam drainage, as studied in Chapter 3.

2.1.2 Coarsening and coalescence in foams
Due to their high positive interfacial energy, foams are intrinsically unstable systems and
tend to undergo coalescence and diffusive-coarsening until their death (Grassia et al.,
2006; Neethling et al., 2005; Wang et al., 2016). Both these processes lead to a
minimization of the total interfacial energy of the foam system via an increase in the
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average bubble size of the foam system and a decrease in the total number of bubbles
(N) present in the system. Thus, both coalescence and diffusive-coarsening are
spontaneous, thermodynamically favorable processes that drive the foam aging process
(Rio et al., 2014; Weaire and Hutzler, 2001).

Figure 2.6: Simplified schematic of the coalescence with two equal-sized bubbles.
Coalescence involves the merging of the films separating two neighboring bubbles and
results in the formation of a single larger bubble.

Coalescence involves the rupture of the thin liquid films shared between two
neighboring bubbles, as shown in Figure 2.6. Earlier theories by Marrucci (1969)
suggested that coalescence occurs through two steps: (1) film thinning and (2) film
rupturing. As such, the thin-film pressure balance (TFPB) was popularly used to predict
the capillary pressure at which thin films break/rupture as it exceeds the disjoining
pressure (Khristov et al., 2002; Scheludko, 1967; Scheludko and Exerowa, 1959).
However, further developments on the coalescence mechanism found that thin films
below a critical 𝛷𝛷𝑙𝑙 were more susceptible to rupture, demonstrating that 𝛷𝛷𝑙𝑙 is a crucial

parameter for coalescence (Ivanov et al., 1970; Manev and Angarska, 2005; Radoev et
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al., 1983). Thus, higher coalescence rates can be expected in drier foams due to the
presence of thinner films.
Additionally, the presence of surfactants (Khristov et al., 1983; Manev and Nguyen,
2005b; Tamura et al., 1998; Wang and Yoon, 2006), and salts (Christenson and Yaminsky,
1995; Craig, 2004; Craig et al., 1993; Henry and Craig, 2008a) also influence the
coalescence rate of isolated films. Recent studies have shown that films are more stable
and have a longer lifespan in the presence of surfactants, thus, increasing the
coalescence time (Joye et al., 1994). On the other hand, the combination of specific pairs
of cation and anion in the added salt determined the prevalence of coalescence. For
example, coalescence is likely to be inhibited in the presence of Na+ and I- ions above a
concentration of 0.3 M (Henry and Craig, 2008a). As such, sodium iodide (NaI) salt was
chosen as a contrasting agent for µ-CT imaging in Chapters 3, 4, and 5 to slow down the
coalescence rate and stabilize the foams, so that the foam sustains its microstructure
during the relatively short scan times (≤ 30 minutes) used in this dissertation.
Current studies probe the coalescence mechanism using isolated films; however, these
studies do not allow accurate prediction of coalescence in foam films. Film rupture
occurs as spontaneous, interrelated events in foams and occurs over a distribution of
capillary pressures, unlike isolated films (Langevin, 2015; Langevin, 2019). In addition,
bubble rearrangements occur in draining foams, which influences coalescence by
temporarily altering the surfactant coverage (Briceño-Ahumada et al., 2016) or varying
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the approach velocity of bubbles, which affect the coalescence time (Chesters and
Hofman, 1982; Kirkpatrick and Lockett, 1974). Thus, coalescence is currently considered
a stochastic process, which is correlated with liquid fraction and capillary pressure but
needs further investigation with 3D foams for more accurate modeling (BriceñoAhumada et al., 2016; Forel et al., 2019a; Forel et al., 2019b).
Another difficulty in modeling coalescence is the co-occurrence of diffusive-coarsening,
which increases mean bubble size, as shown in see Figure 2.7. Diffusive-coarsening
involves inter-bubble gas transfer via the thin films surrounding the foam bubbles and
leads to larger bubbles growing at the expense of smaller bubbles (Pitois, 2012; SaintJalmes, 2006; Stevenson, 2010). A simple case of gas transfer due to the difference in
capillary pressure (𝛥𝛥𝑃𝑃𝑐𝑐 ) between two spherical unequal sized bubbles (as shown in
Figure 2.7) can be modeled using the Young–Laplace equation (Young, 1805) as

𝛥𝛥𝑃𝑃𝑐𝑐 =

2𝛾𝛾1
2𝛾𝛾2
−
,
𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙

2.5

where, 𝛾𝛾1 and 𝛾𝛾2 provide the interfacial tension and 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 provide the radii

of the smaller and larger bubbles, respectively.
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Figure 2.7: Schematic for the diffusive-coarsening process between two spherical
bubbles driven by ∆𝑃𝑃𝑐𝑐 = 𝑃𝑃𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑃𝑃𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 , where gas transfer occurs from the smaller,
higher-pressure bubble to the larger, lower pressure bubble via the liquid medium
surrounding the bubbles.

Inter-bubble gas diffusion in foams is much more complex than the case with two
bubbles, as it involves many unequally sized bubbles. Nonetheless, the Young–Laplace
equation can be used to estimate gas transfer between an individual spherical bubble
with radius 𝑟𝑟, and a notional bubble with radius 𝑟𝑟21 that is representative of the entire
foam (Lemlich, 1978) as

1

𝛥𝛥𝑃𝑃𝑐𝑐 ≈ 2𝛾𝛾 �𝑟𝑟

21

1

− 𝑟𝑟 � ,

2.6

where 𝛥𝛥𝑃𝑃𝑐𝑐 can be either positive or negative. Note: Eq. 2.6 is predominantly valid for
wet foams with spherical bubbles (Gañán-Calvo et al., 2004; Hilgenfeldt et al., 2001;
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Weaire and Hutzler, 2001). Considering Henry’s law, the 𝛥𝛥𝑃𝑃𝑐𝑐 leads to a concentration
gradient between the bubbles, which drive gas transfer from the bubble to the liquid.

Hence, the molar rate of gas transfer (𝑄𝑄𝑀𝑀 ) through the bubble surface area (𝐴𝐴𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 )

into the surrounding liquid for an effective gas permeability (𝐽𝐽) (Stevenson, 2010) can
be obtained from Fick’s law as
𝑄𝑄𝑀𝑀 = −𝐽𝐽𝐴𝐴𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 𝛥𝛥𝑃𝑃𝑐𝑐 .

2.7

The gas permeability (𝐽𝐽) mostly depends on the gas solubility (i.e., Henry’s constant), the
surface resistance to mass transfer, the gas diffusivity in the liquid solvent, and the liquid
fraction of the thin films (Farajzadeh et al., 2008; Stevenson, 2010). Thus, diffusivecoarsening slows down if films are very thick (i.e., contain higher 𝛷𝛷𝑙𝑙 ) or when bubble

dissolution is resisted by a large surface compression modulus (Rio et al., 2014; Vera and
Durian, 2002).

Overall, it is challenging to model the relationship between bubble size distribution and
the rate of diffusive-coarsening as both coalescence and diffusive-coarsening affects
bubble size (Bisperink et al., 1992). Assuming that diffusive-coarsening solely influences
the bubble size distribution, i.e., no coalescence occurs, the instantaneous mean radius
(𝑟𝑟21 ) proposed by Lemlich (1978) can be used to predict if bubbles with radii 𝑟𝑟𝑖𝑖 will grow
or shrink in foams. The instantaneous mean radius is
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𝒓𝒓𝟐𝟐𝟐𝟐 =

∑ 𝒏𝒏𝒊𝒊 𝒓𝒓𝟐𝟐𝒊𝒊,𝒂𝒂𝒂𝒂𝒂𝒂
∑ 𝒏𝒏𝒊𝒊 𝒓𝒓𝒊𝒊,𝒂𝒂𝒂𝒂𝒂𝒂

,

2.8

where, 𝑛𝑛𝑖𝑖 provides the number of bubbles present in each radius bin, and 𝑟𝑟𝑖𝑖,𝑎𝑎𝑎𝑎𝑎𝑎 provides

the average radius of each bin. Based on Lemlich’s model, bubbles with 𝑟𝑟𝑖𝑖 larger than
𝑟𝑟21 will grow, while bubbles with 𝑟𝑟𝑖𝑖 smaller than 𝑟𝑟21 will shrink. Thus, the theoretical 𝑟𝑟21

values were calculated using Eq. 2.8 in Chapter 3 to check if the bubble sizes in the
experimental foam system grew or shrank relative to a critical bubble size.

2.1.3 Gaps in foam physics
The dynamic aging mechanisms, such as drainage, diffusive-coarsening, and
coalescence, and the foam microstructure are interrelated. Traditional isolated film
studies with thin-film pressure balance (Khristov et al., 2002; Scheludko, 1967;
Scheludko and Exerowa, 1959) and bulk foam studies (Cantat et al., 2013; Langevin,
2016; Pugh, 2005; Weaire and Hutzler, 2001) have significantly advanced our
understanding of foam dynamics. Assessing the stability of isolated films is useful for
predicting foam stability, but high discrepancies are found between the isolated films
and foam films. Additionally, bulk studies evaluate foam stability by observing bubbles
or Plateau borders in 2D from the sides or top of a glass column. Hence, these methods
lack the vision of the internal 3D microstructure of foams and do not accurately
represent the drainage, diffusive-coarsening, and coalescence processes occurring in
foam systems. Overall, it is not possible to accurately study in 3D how foams evolve over
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their aging time. Therefore, new tools that allow for the characterization of the internal
3D microstructure of real foams under dynamic conditions are required.
Theoretical studies and numerical simulations have provided insights into the structure
of foam systems. However, complete morphological characterization of foams under
dynamic conditions to substantiate current models and/or discover new mechanisms at
play that influence foam behaviors are required. Therefore, 3D morphological
characterization of foams is required to advance our current knowledge of foam physics.

2.2 Emulsion physics
Emulsion microstructure plays a crucial role in determining its mechanical properties
(Fuller and Vermant, 2012). Depending on how the phases are distributed (Langevin,
2020), emulsions can be categorized into two main groups: (1) oil-in-water (O/W)
emulsions and (2) water-in-oil (W/O) emulsions. However, O/W emulsions produced via
arrested coalescence by adding paraffin crystals to the dispersed oil phase (see Figure
2.8) are the focus of this dissertation. The microstructural information of such O/W
emulsion systems are crucial for modeling the mechanical response of waxy crude oil
emulsions (Gao et al., 2008; Visintin et al., 2005; Visintin et al., 2008) and predicting the
sensory attributes of food products where fat blends consist of both solid and liquid
components (Boode et al., 1993; Goff, 1997).
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Figure 2.8: Confocal micrograph of a O/W emulsion consisting of large droplet networks
formed via arrested coalescence due to the presence of paraffin crystals in the dispersed
oil phase. Image generated in collaboration with Maryam Hosseini, Ph.D. candidate,
UNSW Chemical Engineering.

2.2.1 Coalescence and arrested coalescence
Emulsions undergo aging via different mechanisms, such as coalescence (Adams et al.,
2007; Tcholakova et al., 2006), Ostwald ripening (Ratke and Voorhees, 2013; Taylor,
1998), creaming (Robins, 2000; Robins et al., 2002), sedimentation (Frising et al., 2008;
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Ushikubo and Cunha, 2014) and flocculation (Dickinson, 2010a; Dickinson et al., 1997),
as illustrated in Figure 2.9. Creaming and sedimentation occur due to density differences
between the two phases, e.g., creaming is more prevalent in O/W emulsions as the
dispersed oil phase is lighter than the continuous water phase. In addition, creaming is
more significant when droplet radii are under ~ 1 µm as Brownian motion can facilitate
the gravity separation (Robins, 2000). Flocculation occurs as weak bonds form between
droplet aggregates as the flocs rise or settle due to gravity. Additionally, Ostwald
ripening occurs in O/W emulsions via oil diffusion from the smaller droplets to larger
droplets via the liquid phase. This mechanism is similar to diffusive-coarsening in foams
(see Section 2.1.2); hence, the term Ostwald ripening is also used to describe the
diffusion process in foams. Ostwald ripening is more prominent in nano-emulsions with
droplet radii less than 0.2 µm (Jaiswal et al., 2015; Mason et al., 2006). Because the
emulsions studied in this dissertation consisted of droplet radii > 100 µm, Ostwald
ripening and creaming are assumed to be negligible. Therefore, coalescence and
arrested coalescence are considered the main destabilizing mechanisms relevant to the
O/W emulsions that are studied in Chapter 5.
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Figure 2.9: Various aging mechanisms relevant to different emulsion systems showing
the oil droplets as orange spheres.
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Coalescence involves the merging of two smaller droplets into one larger droplet and
leads to a reduction in the total surface area to volume ratio of the system. The
mechanism is driven by the interfacial Laplace pressure similar to that observed in foams
(see Section 2.1.2) (Langevin, 2019). As such, the total interfacial area of the system
approaches a minimum as the coalescing droplets undergo various shape changes, as
shown in Figure 2.10. Thus, coalescence leads to a reduction in the total interfacial
energy (𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ) of the system, which is a function of the total interfacial area (A),
and interfacial tension (𝛾𝛾) as

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐴𝐴𝐴𝐴.
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2.9

Figure 2.10: Reduction in the interfacial area as a function of linear strain 𝜀𝜀 (see Eq. 2.11).
𝜀𝜀 increases as coalescence proceeds. This image is reprinted with permission from Pawar
et al. (2012) (License ID: 1145102-1).
The stages of the coalescence process are driven by a pressure difference that arises
between the droplet bodies and the formed neck region. As displayed in Figure 2.11,
when coalescence is initiated, the droplets have higher pressure in their bodies (shown
by red) than the contact point between the two droplets (shown by blue). The lower
pressure at the contact point region is a result of the negative curvature formed by the
merging of the two droplets. This pressure difference causes oil to flow from the higher58

pressure droplet regions to the lower pressure region at the contact point and results in
the formation of an oil bridge, which is commonly known as the droplet neck. As
coalescence proceeds, the neck widens due to oil flow, and the pressure difference
between the droplet bodies and the neck region decreases. The change in pressure
within the droplets over time is evident in the reduction in the blue-red contrast at the
later stages of coalescence, as observed in Figure 2.11. Hence, the driving force
(pressure differences) that drives coalescence is greatest at the earlier stages of
coalescence, meaning that higher resistive forces would be required to arrest droplet
coalescence at earlier stages.
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Figure 2.11 Pressure map of the coalescence process between two equal-sized droplets
based on Lattice Boltzmann simulations. The decrease in ∆𝑃𝑃𝑐𝑐 over time is evident in the
reduction in the blue-red contrast at the later stages as coalescence proceeds. This
image is reprinted with permission from McClure et al. (2020).

Arrested coalescence, or partial coalescence, occurs when the coalescence process halts
at an intermediate stage as the interfacial forces are offset by the internal elasticity of
the droplets (Blanchette and Bigioni, 2006; Charles and Mason, 1960; Pawar et al.,
2012). Internal elasticity of the droplets can be enhanced by adding viscoelastic solids,
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e.g., paraffin crystals, to the dispersed oil phase. Thus, for a microstructure consisting of
two droplets, the elasticity (𝐺𝐺’) scales with the solid fraction (𝜑𝜑) (Pawar et al., 2012) as
𝐺𝐺′ = 2.8 × 105 𝜑𝜑 4.5 .

2.10

As such, the internal elasticity of the droplets can be assumed to be a function of the
bulk paraffin concentration added to the emulsion.
The crystalline networks present inside the emulsion droplets due to paraffin addition
not only contribute to elastic forces but also facilitate the formation of emulsion
aggregates. The needle-like crystals inside the droplets, as shown in Figure 2.12, can be
formed by undercooling (Fredrick et al., 2010b) of the O/W emulsions to their melting
point. These needle-like crystals tend to stick out into the continuous phase as shown in
Figure 2.12b, and pierce neighboring oil droplets upon contact, which leads to the
formation of oil bridges (Boode et al., 1991; Boode et al., 1993; Van Boekel and Walstra,
1981). Thus, the crystalline networks in the dispersed oil phase enable formation of
multiple connections, i.e., oil bridges, through coalescence initiation, which assist in
forming a large network of connected droplets, as seen in Figure 2.8 and Figure 2.12.
Overall, the partially-coalesced droplets become more elastic with increasing
concentration of crystals in the dispersed phase (Pawar et al., 2012).
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Figure 2.12: (a) Connected droplet network formed via arrested coalescence; (b) Closeup view of the droplets shows the presence of crystals at the liquid bridges formed
between droplets. Crystals facilitate the formation of large droplet networks and
provide internal elasticity to the droplets. Image generated in collaboration with
Maryam Hosseini, Ph.D. candidate, UNSW Chemical Engineering.

Linear strain (𝜀𝜀) can be quantified to obtain a better understanding of the coalescence
stage when arrest occurs. 𝜀𝜀 for individual droplet pairs or doublets, with radius ratio (𝑁𝑁),
can be calculated as

𝜀𝜀 =

𝐿𝐿0 − 𝐿𝐿
,
𝐿𝐿0

2.11

where, 𝐿𝐿0 provides the original length, and 𝐿𝐿 provides the final length of the droplet

pair. As seen in Figure 2.13, the droplets are pulled closer as coalescence proceeds,
which results in 𝐿𝐿 < 𝐿𝐿0 , and an increase in 𝜀𝜀. Hence, droplets become more compressed,
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and their necks grow wider at a later stage of coalescence. Occasionally, doublets may
exhibit 𝐿𝐿 > 𝐿𝐿0 due to being pulled apart by the interfacial pressure of neighboring
droplets. 𝑁𝑁 of the droplet pair is given by the ratio of the larger droplet radii to smaller

droplet radii and represents the polydispersity of the doublet, while 𝐿𝐿0 equals the sum

of the two droplet diameters.

Figure 2.13: As coalescence proceeds, droplets become more compressed, resulting in
𝐿𝐿 < 𝐿𝐿0 , and an increase in linear strain (𝜀𝜀).
The radius ratio, 𝑁𝑁, can be used to calculate the maximum strain (𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚 ) (Dahiya et al.,

2016) attained after complete coalescence as

𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚 = 1 −

3

�(1+𝑁𝑁3 )
1+𝑁𝑁

.

2.12

It is evident from Eq. 2.12 that an increase in radius ratio, N, would yield a decrease in
maximum strain. The effect of 𝑁𝑁 on 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚 can be understood more intuitively by
considering a doublet in which the smaller droplet is reduced in size to obtain a higher

𝑁𝑁 value. This alteration would reduce the total interfacial area and consequently,
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decrease the total interfacial pressure (see Eq. 2.9) of the doublet. This implies that a
lower driving force for coalescence would be present in the doublet with higher 𝑁𝑁, so

that the droplets will be less compressed at 𝜀𝜀𝑚𝑚𝑚𝑚𝑚𝑚 . It also aligns with the microscopy
experiments of arrested doublets by Dahiya et al. (2016), where more polydisperse
doublets showed lower strain and narrower necks (see Figure 2.14).

Figure 2.14: Effect of radius ratio (𝑁𝑁) and solid fraction (𝜑𝜑) on the equilibrium strain of
polydisperse doublets (Dahiya et al., 2016). Lower arrest strain in doublets is observed
at a higher radius ratio and higher solid fraction. This image is reprinted with permission
from Dahiya et al. (2016) (License ID: 1141711-1).
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Experimental work with polydisperse doublets by Dahiya et al. (2016) has shown that
strain is dependent on droplet radii and the solid fraction (𝜑𝜑) of the dispersed phase.
Strain in doublets decreased with an increase in 𝜑𝜑, as demonstrated by the neck widths
in Figure 2.14. Evidently, doublets with lower 𝜑𝜑 arrested at later stages of coalescence,

produced more ellipsoidal or rod-like microstructures with wider necks, while doublets
with higher 𝜑𝜑 arrested at earlier coalescence stage, retained their sphericity and
consisted of smaller necks. Overall, higher resistive forces were present in the higher 𝜑𝜑

microstructures, which enabled earlier arrest and lower compression. Additionally,
considering only doublets with N = 1, a higher strain was exhibited by doublets with
smaller droplet radii, as seen in Figure 2.15. The interfacial Laplace pressure is higher in
smaller droplets due to their higher curvature, which squeezes the smaller droplets
more closely, and results in an expanded neck. Overall, reduction in strain is observed
with an increase in droplet size and an increase in the solid fraction for doublets.
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Figure 2.15: Microscopic studies show a decrease in strain with an increase in droplet
radii for arrested doublets. This image is reprinted with permission from Dahiya et al.
(2016) (License ID: 1141711-1).

2.2.2 Structure of emulsion systems and restructuring
The structural packing and connectivity of droplets in the emulsion structure greatly
depend on how the network of droplets is formed. Although emulsion droplets are
compressed due to strain and consist of liquid bridges between droplets, the droplet
aggregation process can be simulated with diffusion-limited cluster-cluster aggregation
(DLCA) (Meakin, 1984a; Witten Jr and Sander, 1981; Witten and Sander, 1983) or
reaction-limited cluster-cluster aggregation (RLCA) (Ball et al., 1987; Meakin and Family,
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1987) mechanisms, which generally apply to hard-spherical particles, such as gold (Weitz
et al., 1985; Weitz and Oliveria, 1984) or polystyrene (Broide and Cohen, 1990; Broide
and Cohen, 1992). These irreversible colloidal aggregation mechanisms produce fractal
structures (Jullien, 1987; Meakin, 1983; Schaefer et al., 1984; Weitz and Oliveria, 1984),
which were experimentally observed with two-dimensional partially-crystalline O/W
emulsions by Thiel et al. (2020).
The aggregation mechanisms have characteristic fractal dimension (𝐷𝐷𝑓𝑓 ) values, which

can be used to deduce how the emulsions were formed (Bibette et al., 1993; Jullien,
1987; Meakin, 1990; Meakin and Jullien, 1988). For instance, DLCA would yield threedimensional 𝐷𝐷𝑓𝑓 within 1.75 to 1.80 (Lin et al., 1989; Meakin, 1984b), while RLCA would
yield 𝐷𝐷𝑓𝑓 within 2.1 to 2.2 (Kim et al., 2010; Lin et al., 1990). Broadly speaking, 𝐷𝐷𝑓𝑓

indicates the rugosity and the degree of branching present in the fractal structure. As
such, 𝐷𝐷𝑓𝑓 can be simply expressed using the mass of droplets (𝑀𝑀) and linear measure of
size (𝐿𝐿) as

𝑀𝑀 ∝ 𝐿𝐿𝐷𝐷𝑓𝑓 .

The three main approaches (Bushell et al., 2002; Robinson and Earnshaw, 1992) to
estimate 𝐷𝐷𝑓𝑓 include: (i) deriving the scaling ratio between the mass and radius of

gyration of clusters, (ii) the density-density correlation function, and (iii) the boxcounting method. Techniques (i) and (iii) are used to verify the 𝐷𝐷𝑓𝑓 values in Chapter 5.
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The fractal dimension values not only provide clues as to how the aggregates formed
but also indicate if any restructuring has occurred (Jullien and Meakin, 1989; Meakin and
Jullien, 1988). Restructuring droplets in emulsion systems generally influences the
droplets to pack into a higher efficiency configuration and can enhance 𝐷𝐷𝑓𝑓 values. For

example, restructuring in diffusion-limited cluster-cluster aggregation system can cause
an increase in 𝐷𝐷𝑓𝑓 from 1.8 to 2.1 (Meakin and Jullien, 1988).

Restructuring in O/W emulsions has been investigated with triplet microstructures
(Dahiya et al., 2017) and larger 2D droplet networks (Abedi et al., 2019; Thiel et al.,

2020). Restructuring was observed for partially coalesced triplets, as illustrated in Figure
2.16, where droplets reorganized themselves into a closer packing arrangement by
expansion of the menisci connecting the droplets (Dahiya et al., 2017). Evidence of this
capillarity-induced restructuring was also observed with larger 2D droplet networks in
O/W emulsions by Thiel et al. (2020) and Abedi et al. (2019), where the droplets
preferred to rearrange themselves in hexagonal close packing (hcp) arrays with bond
angles of 60° at lower solid concentrations.
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Figure 2.16: (a) Time-lapse microscopy of the formation of an arrested triplet
microstructure with 25% solids involving self-assembly of droplets; (b) Evidence of
restructuring, i.e., tendency to close packing formation, found by a decrease in bond
angle from 118◦ to 70◦. This image is reprinted with permission from Dahiya et al. (2017)
(License ID: 1141728-1).

The approach angle of the droplets influenced the restructuring process. For example,
Dahiya et al. (2017) found that the third droplet had to more closely approach to enable
restructuring into a close-packing configuration. When this critical approach angle was
exceeded, the droplets simply aggregated and did not restructure. Overall, this behavior
varied as a function of solid fraction (see Figure 2.17), where higher restructuring was
observed with less elastic droplets containing lower solid fraction. In addition, a lower
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approach angle was required at higher solids content to undergo restructuring or cause
self-assembly of droplets.

Figure 2.17: Dependency of approach angle and solids fraction on restructuring triplet
microstructures consisting of petrolatum solids This image is reprinted with permission
from Dahiya et al. (2017) (License ID: 1141728-1).

Although restructuring can be detrimental to consumer products containing O/W
emulsions, little is known about how restructuring occurs in more realistic, 3D systems.
Currently, fractal dimension values only provide a partial indication of restructuring in
emulsions. For instance, Thiel et al. (2020) found a small increase in fractal dimension
from 1.65 to 1.76 with a decrease in paraffin concentration for two-dimensional
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arrested networks. Thus, a comprehensive investigation of the geometrical and
topological arrangement of droplets in emulsion systems needs to be conducted to
obtain an overall understanding of the packing structure, which is conducted in Chapter
5.

2.2.3 Gaps in emulsion physics
Overall, understanding the packing and connectivity of the droplet networks is crucial
to modeling the bulk properties of arrested emulsion systems (Giermanska et al., 2007;
Thivilliers-Arvis et al., 2010; Thivilliers et al., 2006; Thivilliers et al., 2008). The topology
of the droplet connections plays a crucial role in determining the rheological properties
of the materials (Dinsmore et al., 2006; Dinsmore and Weitz, 2002). Past approaches
were taken to connect the 3D microstructure of colloidal gels with rheology (Johnson et
al., 2019; Pickrahn et al., 2010; Whitaker et al., 2019) but no microstructural
investigation was conducted with macro-scale partially coalesced O/W emulsions in 3D.
Simple models for doublets and triplets have significantly advanced our understanding
of the behavior of O/W emulsion systems consisting of viscoelastic droplets (Dahiya et
al., 2016; Dahiya et al., 2017; Pawar et al., 2012). However, current experimental works
with O/W emulsions have only investigated these systems in 2D (Abedi et al., 2019; Thiel
et al., 2020). The model and characterization of realistic arrested emulsions in 3D remain
a challenge. Therefore, there is a need to conduct detailed 3D morphological
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characterization of the microstructure of arrested viscoelastic O/W emulsions. The work
presented in Chapter 5 is motivated by these research gaps.

2.3 Experimental

techniques

to

study

foams

and

emulsions
Conventionally, both foams and emulsions are studied by investigating their bulk
ensemble properties to assess their macroscopic stability. There are commonalities in
techniques used for investigating the stability of foams and emulsions as both are
thermodynamically unstable dispersions. However, the main difference between the
two arises from the length scale of the dispersed phase and structure, i.e., droplets and
bubbles. Emulsion droplets typically have radii between 100 nm to 10 µm; whereas foam
bubbles have radii between 100 µm to few millimeters (Höhler et al., 2014). This size
difference means that foam bubbles are visible by eye as opposed to emulsion droplets.
As such, microscopy is commonly used to investigate emulsions, while visible light
imaging is more commonly used to study foams.

2.3.1 Traditional experimental techniques to study
foams
Different test methods are used in the literature to evaluate foam stability since the
foam kinetics and lifetime can range from seconds to weeks (Drenckhan and SaintJalmes, 2015). The Ross-Miles test (Ross and Miles, 1941) and the Bikerman test
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(Bikerman, 1938) are the most commonly used as they provide an effective means to
assess bulk foam stability (see Figure 2.18). The Ross-Miles test involves pouring the
foam solution from a reservoir of known height into the same solution to create the
foam and then evaluates the foam stability by monitoring the evolution of foam volume
over aging time. However, it is challenging to use the Ross-Miles method for fast-aging
foams with short lifetimes on the order of seconds or a few minutes, as it can be difficult
to define the ‘zero time’ of decay due to the rapid dynamics immediately after foam
generation (Iglesias et al., 1995; Rosen and Solash, 1969). Conversely, the Bikerman
method can be used to assess the stability of short life foams, as it considers steadystate conditions, and calculates the Bikerman index to evaluate the foam stability
(Barbian et al., 2005; Barbian et al., 2003; Lunkenheimer et al., 2010; Mackay et al.,
2018).

Figure 2.18: Schematic of common foam generation techniques used for bulk foam
study. This image is reprinted with permission from Shweta et al. (2020) (License ID:
1144706-1).
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The Bartsch method is a simple way of generating foams via bubble break-up under
shear (Bartsch, 1924). This can be applied by flipping the cell containing the foam
solution under a controlled frequency or shaking the foam solution by hand for a set
amount of time to generate the foam (Drenckhan and Saint-Jalmes, 2015). Although less
sophisticated than Bikerman and Ross-Miles methods, shaking by hand provides
effective means to compare the bulk liquid properties of the foaming liquid between
different foam systems (Almarhoon et al., 2019; Lee et al., 2014; Petkova et al., 2020).
Thus, the foams studied in Chapters 3 and 4 are generated by the Bartsch method.
Alternative methods to probe foam stability utilize the relationship between its
electrical conductivity and foam density (Clark, 1948). Lemlich and co-workers (Agnihotri
and Lemlich, 1981; Datye and Lemlich, 1983) demonstrated that liquid content is directly
proportional to conductivity for relatively dry foams (about 3% liquid fraction). These
principles were used to develop electrical resistance tomographic (ERD) methods
(Cilliers et al., 2001; Wang and Cilliers, 1999) that can be used to identify regions of
bubble coalescence (Cilliers et al., 2001) or evaluate foam drainage (Karapantsios and
Papara, 2008). However, ERD is not commonly used due to its high expense and
complexity to implement.
Many current techniques introduce errors due to the limited 2D view and thus do not
allow a proper representation of the 3D structure. For example, the major setback in
using Ross-Miles, Bikerman, or Bartsch methods is the error associated with the 2D wall
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view of a cylindrical glass vessel for acquiring foam height or bubble size measurements
(Pugh, 2005). This can lead to underestimating the bubble size as smaller bubbles tend
to stick to the walls (Cheng and Lemlich, 1983), and the container walls can alter the
drainage velocity depending on the container specifications (Lu et al., 2013; Papara et
al., 2009). Thus, 3D morphological characterization can be beneficial for more accurate
evaluation of the foam system.

2.3.2 Traditional experimental techniques to study
emulsions
Contrary to foams, emulsions are commonly investigated using microscopy. The
microscopy technique is chosen based on the resolution, magnification, and contrast
required to study the emulsion droplets. The two most common microscopy techniques
include confocal laser scanning microscopy (CLSM) (Brujić et al., 2007; Mikula and
Munoz, 2000; Paddock, 1999; Tata and Raj, 1998) and scanning electron microscopy
(SEM) (Binks and Kirkland, 2002; Stokes et al., 1998; Vernon-Parry, 2000). However, one
major drawback with microscopy is the need for sample preparation. Even minor
disturbances involving spreading the sample on a glass plate or pipetting can disrupt the
emulsion (or foam) microstructure and introduce error (Aguilera and Stanley, 1999;
Mcclements, 2007). As such, microscopy often needs to be accompanied by other
analytical methods. While the droplet size distribution is a crucial parameter to probe
emulsion stability, investigation of fat crystal properties, rheology, and droplet charge
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also provide an indication of the emulsion stability. Thus, common analytical techniques
used to assess the properties relevant to emulsion stability are summarized in Table 2.1.
Table 2.1: Summary of main parameters and their relevant experimental techniques to
study emulsion stability.
Main parameter studied

Experimental technique

References

Fat crystal properties

Microscopy

(Chawla et al., 1990;
Heertje and Leunis, 1997;
Jewell and Meara, 1970;
Manning

and

Dimick,

1985; Poot et al., 1975)
Droplet size distribution

Light scattering, Electrical (Badruddoza et al., 2018;
pulse counting, Diffusing- Coupland
wave

spectroscopy, McClements,

Ultrasonic

spectrometry, d'Avila

NMR, MRI

et

and
2001;
al.,

2005;

Goddeeris et al., 2006;
Hindmarsh et al., 2005;
Johns, 2009; Mao et al.,
1998; McClements, 1998;
McClements,

1996;

McClements, 2001; Orsi
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et al., 2019; Salerni et al.,
2019;

van

der

Tuuk

Opedal et al., 2009)
Rheology

Viscometer, Shear testing, (Chevalier and Bolzinger,
Compression testing

2013; Eley et al., 1988;
Fan et al., 2010; Palierne,
1990;

Princen,

1983;

Sollich et al., 1997; TabiloMunizaga and BarbosaCánovas, 2005)
Droplet charge

Micro-electrophoresis,

(Lilley

et

al.,

1996;

Electro-acoustics

Mantovani et al., 2013;
Schoeler et al., 2014)

Surface tension

Tensiometry

(Acton and Saffle, 1970;
Kaptay, 2017; Powell et
al., 2017)

Creaming

Centrifugation

(Badolato et al., 2008; Tea
et al., 2021) (Latreille and
Paquin, 1990)
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Flocculation

Turbidimetry

(Pearce

and

Kinsella,

1978; Reddy and Fogler,
1981; Song et al., 2002)

2.3.3 Emerging 3D imaging techniques to study foams
and emulsions
The critical issue with the traditional experimental methods highlighted in Section 2.3.1
and Section 2.3.2 is the reliance on 2D imaging and evaluating the bulk assemble
properties to evaluate stability. This highlights the necessity for 3D imaging techniques
to probe the microstructure of foams and emulsions. Figure 2.19 illustrates some of the
common 3D imaging tools that can be used to visualize the bulk microstructure of foams
and emulsions, which also provides the context for utilizing µ-CT imaging in Chapters 3,
4, and 5.
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Figure 2.19: Relationship of the depth of view in the sample, and spatial resolution for
X-ray CT techniques (blue), optical imaging (red), and electron microscopy (green)
techniques. Dashed outlines represent destructive techniques, and solid outlines
represent non-destructive techniques. The spatial resolutions highlighted in the figure
only provide an estimation and may not be wholly accurate as specifications can vary
from one piece of equipment to another.

Electron microscopes and optical imaging techniques can provide higher spatial
resolutions than µ-CT, but this means that the depth of view/image height needs to be
compromised, as illustrated in Figure 2.19. The spatial resolution of µ-CT is typically ≥ 1
µm, and it can capture a depth of view in the order of millimeters (Wildenschild and
Sheppard, 2013; Withers et al., 2021). On the other hand, optical microscopes, electron
microscopes, and nano-CT can capture much higher resolutions on the order of
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nanometers but can only capture a depth of view of up to 100 µm. While it is useful to
visualize finer structures, such as crystals or nanofibers using the other techniques, µ-CT
imaging is ideal for capturing the foam or emulsion structure, which ranges in the order
of several millimeters to micrometers. In addition, techniques such as scanning electron
microscopy (SEM) or transmission electron microscopy (TEM) can involve highly
destructive sample preparation, e.g., freeze drying. However, µ-CT imaging requires
minimal sample preparation. Overall, µ-CT imaging is beneficial as it is a non-destructive
technique that provides 3D images and requires little to no sample preparation.

2.4 X-ray computed microtomography for soft matter
systems
µ-CT is a form of imaging relying on the penetration of X-rays through the source
material. It utilizes the Beer-Lambert law, which expresses the transmission intensity (𝐼𝐼)
of monochromatic X-rays as
𝐼𝐼 = 𝐼𝐼0 𝑒𝑒 − ∫ 𝜇𝜇(𝑥𝑥)𝑑𝑑𝑑𝑑 ,

2.13

where, 𝐼𝐼0 is the incident beam intensity, 𝜇𝜇(𝑠𝑠) is the local linear attenuation coefficient,
and 𝑥𝑥 is the path taken by the X-rays. For a benchtop µ-CT system, polychromatic light

is used; however, the same principle applies. In the resulting image, the contrast
between phases is achieved by differences in the linear attenuation coefficient of the
constitutive materials. When large enough differences in attenuation coefficients
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cannot be achieved, a contrast agent, such as NaI or KI, is often added to the aqueous
phase (Wildenschild et al., 2013).

Figure 2.20: Photograph of the µ-CT system at the UNSW Tyree building used for 3D
imaging of the foams and emulsions in this dissertation.

Until the 1970s, X-ray imaging could only generate 2D projections; however, with the
arrival of computerized transverse axial tomography, computed tomography (CT)
scanners were developed, which can produce 3D images (Wildenschild and Sheppard,
2013). CT involves rotating the sample in 360° to generate a series of 2D slices that can
be compiled and reconstructed to produce 3D images. Although a clear distinction
between CT and µ-CT does not exist, the term CT is more commonly used to describe
medical CT devices, while µ-CT is used to describe any CT equipment with a spatial
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resolution below 200 µm (Cnudde and Boone, 2013). Another distinction is that the
object rotates in µ-CT , but in medical-CT, the object remains stationary, but the X-ray
source and detector will rotate.
µ-CT has been extensively used to image different types of solid foams such as
polymeric foams, or metallic foams; however, only a few studies have investigated liquid
or aqueous foams. It is more common to use synchrotron-based X-ray sources for the
investigation of liquid foams (García-Moreno et al., 2017; Lambert et al., 2007; Lambert
et al., 2005; Lambert et al., 2010; Meagher et al., 2011) since the high X-ray flux from
the synchrotron source provides fast imaging times (Berg et al., 2013). These fast times
are required to capture the microstructural changes in thermodynamically unstable
liquid foams. As far as it is known, laboratory µ-CT systems have only been used to study
liquid foams stabilized by nanoparticles (Stocco et al., 2011a; Stocco et al., 2011b).
Overall, it is extremely uncommon to use lab-based X-ray sources to image dynamic
liquid foams.
Similarly, no detailed structural characterization has been done for emulsions with µ-CT
. Only a few studies have used µ-CT (Schoeman et al., 2016; Wang et al., 2018) to study
emulsion systems, e.g., ice cream (Guo et al., 2017) and mayonnaise (Laverse et al.,
2012), but no detailed structural characterization study has been carried out. For
instance, none of these works explore the detailed topology or geometry of the droplet
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connections in the emulsion systems, which is crucial to designing and tailoring the bulk
properties.
Some disadvantages of µ-CT imaging include the noise and imaging artifacts that are
inherent to this technique, which are mainly present when imaging unstable systems.
To achieve a high-quality image with minimal noise, the number of photons detected by
the X-ray detector needs to be maximized. This implies that scanning for more extended
periods is advised to obtain higher quality images with low noise levels. This effect can
be seen in Figure 2.21, where an image of glass beads collected for a 5 minute scan and
1.5 hour scan are provided. As observed, the grayscale values within the glass are more
consistent and provide more contrast with the air phase for the 1.5 hour scan.
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Figure 2.21: Longer image acquisition times enhance image quality as shown with the µCT images taken with glass beads for (a) 5-minute scan, and (b) 1.5-hour scan. Image
collected at UNSW Tyree µ-CT lab.

For a dynamic system, the microstructure must remain static during scanning. Any
movement during a scan will result in motion artifacts, as displayed in Figure 2.22.
Therefore, there is a trade-off between scan time and movement artifacts that must be
considered to obtain a quality image. This is particularly important when examining the
early stages of foam aging when microstructural changes are prevalent due to rapid
drainage, which is a topic of Chapter 4 where the accuracy of quantitative information
extracted from foam images is quantified by evaluating scanning times and advanced
image processing techniques.
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Figure 2.22: Grayscale µ-CT images of draining foam taken with (a) 5 minute scan time
and (b) 30-minute scan time. The 30 minute scan on (b) contains more motion artifacts,
i.e., double-edges and streaks, than the 5 minute scan on (a) due to a higher amount of
movement during the scan time. Image collected at UNSW Tyree µ-CT lab.

Figure 2.23 is provided to demonstrate the effect of noise on image segmentation using
the watershed-based segmentation algorithm (Vincent and Soille, 1991). Filtering
algorithms, such as the non-local means filter or median filter, can be applied to
overcome issues with a low signal-to-noise ratio (SNR) or imaging artifacts to enhance
the quality of binary segmentation (Schlüter et al., 2014). The application of the nonlocal means filter is demonstrated in Figure 2.23. As observed in the subsequent
segmentation, the noise associated with the segmentation of the unfiltered data is
reduced.
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Figure 2.23: Demonstration of the usefulness of non-local means (NLM) filter to denoise
images for enhanced segmentation. Input image on (b) consists of NLM filter and
produces more accurate segmentation for output (d). Input image on (a) produces poor
segmentation for output (c) due to the absence of an NLM filter. Image collected at
UNSW Tyree µ-CT lab.
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A more detailed view of the NLM filter is provided in Figure 2.24, where the noise within
a single phase is reduced, and the edges between phases are sharpened. Indeed, noise
remains within the filtered sample, and there is a limit to the noise reduction; thus, the
quality of the raw image is paramount. However, the NLM filter remains a standard for
dealing with noisy data when interfacial properties are measured (Armstrong et al.,
2012a; Garfi et al., 2020; Leu et al., 2014). Chapter 4 expands on this by providing an
alternative approach for dealing with noise that uses deep learning.

Figure 2.24: Usefulness of Non-local means filter at reducing the noise within a given
phase and preserving the edges between phases. Image collected at UNSW Tyree µ-CT
lab.

After noise reduction by filtering, the image is segmented into a binary image. There are
various methods for image segmentation, with the most common methods being those
that consider local image gradients (Blunt et al., 2013; Leu et al., 2014). Watershedbased segmentation is one of the most common methods, and thus used throughout
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this dissertation. This method starts by identifying ‘seed points’ that are internal to a
given phase. The ‘seed points’ then grow outward (using a marching cubes algorithm)
based on the gradient of the grayscale image. The outward growing phases then merge
at the inflection points of the gradient image. The interface between two adjacent
phases characterizes these inflection points. Further details on the algorithm are
provided in Schlüter et al. (2014).
Morphological analysis can begin once the images are segmented and individual
connected features are labeled. Basic measures include general geometrical properties,
such as volume, surface area, curvature, and coordination number (Armstrong et al.,
2019). As used in Chapter 5, curvature measures are particularly important for
evaluating the stabilizing forces of arrested coalescence. Other useful measures include
the bubble (or droplet) size distribution, polydispersity (𝑝𝑝32 ), liquid fraction, Sauter
diameter (𝑑𝑑32 ), arithmetic diameter and number of bubbles. The details on these

measurements and specific algorithms used are provided in the dissertation chapters
that they are used.
Direct simulations can also be conducted on the segmented µ-CT data (Blunt et al.,
2013). One approach is pore network modeling (PNM), which decomposes the image
into a network of interconnected pores and throats (Blunt, 2001). PNM is commonly
used in the field of porous media (Blunt, 2001) but has not been used for characterizing
the microstructure of emulsions or foams. Instead, PNM provides a ball and stick
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diagram where the larger open spaces are represented as spherical pores, while the
saddle points or constricted connections between the pores are marked as cylindrical
throats. The PNM algorithm is more widely used in the field of geosciences; however,
the algorithm can be applied to multiphase systems, including granular media or colloids
(Blunt et al., 2002).
A simplified 2D example of the pore network extraction process is provided in Figure
2.25. The figure can be envisaged as two emulsion droplets that are partially coalesced.
A Euclidean distance map is generated from the segmented image where two local
maximums are observed in Figure 2.25(ii). This system can also be visualized in 3D as a
type of ‘watershed’, as seen in Figure 2.25(iv). The ‘watershed’ is then filled with water
until the two separate basins merge, marking the neck between the two emulsion
droplets. The neck can also be considered a saddle-point within the Euclidean distance
map, which marks the local minimum constriction between the two joined droplets.
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Figure 2.25: (A) Simplified 2D illustration of the pore network extraction process. The
input segmented image of two connected droplets is exhibited in (i), which is used to
construct the Euclidean distance map shown in (ii). Watershed segmentation is applied
to identify the minimum construction between the two droplets (iii). The watershed
algorithm fills the two basins illustrated in (iv). The black line identifies the neck region
between the two basins; the basins merge at a high enough watermark. This image is
reprinted with permission from Rabbani et al. (2014) (License ID: 1145096-1).
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For the network extraction, the location of the pore bodies is based on the location of
the local maxima within the Euclidean distance map. The size of the pore body is based
on the value of the Euclidean distance map at the local maxima. The pore necks connect
adjacent pore bodies, and the neck cross-section is based on the cross-sectional area of
the minimum constriction between adjacent droplets. An example image of an arrested
emulsion system and the resulting extracted network is provided in Figure 2.26. Further
details on network extraction for emulsion systems are discussed in Chapter 5, while the
discussion here is intended to introduce the topic.

Figure 2.26: (a) Volume rendering of a connected 3D network of emulsion droplets; (b)
Illustration of the PNM ball and stick diagram based on image (a). The pores represent
the droplets, and the throats represent the droplet necks.
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As demonstrated in Chapter 3, PNM can also be used to characterize the PB and nodes
of liquid foam systems, which also provides a platform to simulate the permeability of
the foam system. The same extraction algorithms as used in the emulsion extraction
process are used. However, for the foam system, PB and nodes are identified by the
extraction process rather than droplet centers and necks as for the emulsion system.
The details on network extraction for foam systems are provided in Chapter 3.

2.5 Concluding remarks
In Chapter 2, we find that more in-depth understanding of the foam and emulsion
dynamics is required to control their macroscopic properties, e.g., foam stability or
emulsion rheology. The gaps in foam physics and emulsion physics are summarized in
Section 2.1.3 and Section 2.2.3, respectively. Traditional experimental methods for
foams and emulsions rely on assessing the bulk ensemble properties in 2D, which only
provide a limited understanding of the foam and emulsion behavior. Thus, a superior
understanding of the aging mechanisms of foams and emulsions needs to be obtained
by advanced 3D imaging. This can be achieved by using µ-CT and image processing
algorithms, such as pore network modeling. Overall, detailed quantitative tools for the
morphological characterization of foams and emulsions are required to understand
these complex soft-matter systems.
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3 Utilization of microcomputed tomography
and pore network modeling to characterize
foam dynamics
3.1 Link to dissertation
In Chapter-3, I developed a characterization platform to study foam microstructure
using µ-CT imaging and pore network modeling (PNM). µ-CT imaging enables the
acquisition of time-resolved 3D spatial information of the foam microstructure, while
PNM provides a quantitative tool to effectively measure the size of the Plateau borders
and nodes within the foam, which are useful inputs for modeling foam aging
mechanisms, such as drainage, coalescence, and diffusive-coarsening. To my
knowledge, such detailed quantitative analyses of foam microstructure using
experimental 3D images and PNM have not been conducted before. Overall, the work
presented in Chapter-3 provides a novel technique to accurately investigate the stability
of foam systems, in comparison to traditional 2D, bulk-scale testing methods. Thus,
Objectives 1 and 4 are addressed in this chapter.
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3.2 Details of publication
The following publication: ‘Muin, S.R., Rabbani, A., Bournival, G., Ata, S., Armstrong,
R.T., 2020. Utilization of microcomputed tomography and pore network modeling to
characterize foam dynamics. Chemical Engineering Science 230, 116174 DOI:
https://doi.org/10.1016/j.ces.2020.116174’ is provided in lieu of Chapter 3. In line with
the UNSW Examination procedure, I am the ‘primary author’ of the publication and
contributed greater than 50% of the publication content. The contributions of all authors
are provided below:
Syeda Rubaiya Muin: Conceptualization, Methodology, Formal analysis, Investigation,
Validation, Visualization, Writing- Original draft Arash Rabbani: Methodology, Software,
Investigation, Visualization Ghislain Bournival: Writing- Review & Editing Seher Ata:
Writing- Review & Editing, Funding acquisition Ryan T. Armstrong: Conceptualization,
Writing- Review & Editing, Supervision
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3.3 Abstract
Drainage and diffusive coarsening are strongly interrelated mechanisms, which need to
be studied in conjunction to acquire a thorough understanding of foam dynamics and
stability. We show that microcomputed tomography (µ-CT) and pore network modeling
(PNM) are valuable tools to characterize foam dynamics. Unlike existing technologies,
the presented approach allows for the temporal and spatial measurement of Plateau
border thickness and the volume of nodes, which are useful to study foam drainage. The
coordination number of the nodes show a deviation from Plateau’s law as the foam
becomes wetter. Additionally, the PNM results demonstrate a power-law relationship
between permeability (ĸ) and liquid fraction (𝛷𝛷𝑙𝑙 ) with an exponent of 2.6, which aligns

with a channel-dominated flow regime. Overall, the proposed methodology provides a
novel means to examine relevant foam parameters that influence foam stability and
would be a valuable tool to study existing models related to foam dynamics.

3.4 Keywords
Foam; Plateau border; Diffusive coarsening; Drainage; Microcomputed tomography;
Pore network modeling

3.5 Introduction
Foams are ubiquitous systems with versatile applications in both industry and practical
life due to their unique properties, such as lightweight and high surface area (Bureiko et
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al., 2015). The distinctive features of foams are heavily utilized by a wide range of
industries starting from food (Dickinson, 2010b), cosmetic (Arzhavitina and Steckel,
2010), mineral processing (Matis and Mavros, 1991), fire-extinguishing (Ratzer, 1956),
and enhanced oil recovery (Rossen, 2017). It is integral to understand the stability of
foams since the extent of stability desired varies from one application to another. For
instance, while stable foams are beneficial in enhanced oil recovery, they are considered
a drawback in distillation processes. Although the physical mechanisms affecting foam
stability have been widely studied, it is challenging to decouple the precise mechanisms
as they are interdependent.
The origin of foam stability is associated with three main mechanisms: (1) drainage
(Kruglyakov et al., 2008a), (2) coalescence (Ata et al., 2003), and (3) diffusive coarsening
(Stevenson, 2010). It is widely known that drainage can be decelerated by increasing the
bulk viscosity of the liquid (Verbist et al., 1996). Coalescence can be reduced via the
addition of surfactants (Langevin, 2000) or particles (Ata, 2008; Wang and Brito-Parada,
2020) that populate the gas-liquid interfaces. Lastly, diffusive coarsening can be
suppressed with a large surface compression modulus (Georgieva et al., 2009; Gibbs,
1928; Meinders and Van Vliet, 2004) or the creation of a foam with a less permeable gas
(Farajzadeh et al., 2014; Gandolfo and Rosano, 1997; Hilgenfeldt et al., 2001; Weaire
and Pageron, 1990).
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Drainage involves gravity-driven flow through the interstitial channels formed between
foam bubbles. This mainly involves the Plateau borders (PB), nodes and films. While
films are formed between two bubbles, i.e. two interfaces interacting with each other,
Plateau borders are formed in the space between three bubbles, i.e. three interfaces
interacting with each other. According to Plateau’s law, at equilibrium four Plateau
borders organize themselves in a tetrahedral manner at a node with equal angles of
109.5°, while three films arrange themselves at equal angles of 120° (Cantat et al., 2013;
Weaire and Hutzler, 2001). Overall for drainage, as the viscous losses due to flow
through the Plateau borders are less than the films, the liquid primarily flows through
Plateau borders and nodes (Cohen-Addad et al., 2013; Wang et al., 2016).
Diffusive coarsening involves inter-bubble gas transfer via the thin liquid films of foam.
According to the Young–Laplace equation (Young, 1805), the capillary pressure (Pc) of a
bubble is inversely proportional to its radius of curvature. Hence, gas transfer occurs
from the smaller, higher pressure bubbles to the larger, lower pressure bubbles in foams
due to their pressure difference and phase partitioning explained by Henry’s law. The
difference in the capillary pressures between two adjacent spherical bubbles (ΔPc) can
be described as the following (Lemlich, 1978):

𝛥𝛥𝑃𝑃𝑐𝑐 =

2𝛾𝛾1
2𝛾𝛾2
−
𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
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3.1

where 𝛾𝛾1 and 𝛾𝛾2 are the surface tension values of the small and large bubbles,

respectively, and rsmall and rlarge are the radii of the shrinking, relatively smaller bubble

and growing, relatively larger bubble, respectively. ΔPc provides the driving force for
inter-bubble gas diffusion and determines the extent of coarsening. Hence, coarsening
is more prominent in polydisperse foams than monodisperse foams, and coarsening rate
accelerates as the size difference between the bubbles progressively increases (GañánCalvo et al., 2004; Salonen et al., 2016). Overall, diffusive coarsening leads to an increase
in the average bubble size over time as larger bubbles dominate the system at later time.
Diffusive coarsening is strongly coupled with gravity-driven drainage for aqueous foams
(Hilgenfeldt et al., 2001; Magrabi et al., 1999; Saint-Jalmes, 2006; Saint-Jalmes and
Langevin, 2002; Vera and Durian, 2002). Hence, as the bubbles grow, the PB channels
widen and more liquid can flow through the foam network. On the other hand, as more
liquid drains, the films between the bubbles become thinner and facilitate further gas
transfer between bubbles which leads to enhanced coarsening. Hence, it is important to
study both drainage and coarsening in conjunction to acquire an overall picture of the
foam evolution that contributes to its stability.
Micro-computed tomography (μ-CT) is a convenient and non-invasive 3D imaging
technique that can achieve high spatial resolution of a few micrometers (Di Michiel et
al., 2005). A significant body of literature is available on the use of μ-CT to study metallic
foams (Beckmann et al., 2007; Maire et al., 2001) and polymeric foams (Montminy et
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al., 2004; Patterson et al., 2013). Although less common, μ-CT imaging has been utilized
to study liquid foams as well (García-Moreno et al., 2017; Lambert et al., 2005; Meagher
et al., 2011; Stocco et al., 2011a; Stocco et al., 2011b). For µ-CT imaging, the foam
sample must remain relatively stable during the data acquisition period to prevent
imaging artifacts (Wildenschild and Sheppard, 2013). However, with major
developments of modern μ-CT equipment in the last decade, imaging times ranging
from minutes to many seconds are now achievable (Bultreys et al., 2016a; Bultreys et
al., 2016b) (Bultreys et al., 2016a; Bultreys et al., 2016b; Mokso et al., 2015; Rack et al.,
2010). Moreover, the addition of polymers (Alargova et al., 2004), nano-particles (Stocco
et al., 2011a), or viscous liquids such as glycerol (Briceño-Ahumada et al., 2016) can
significantly enhance the stability of foams to slow down the dynamics and allow for
time-lapsed μ-CT imaging (Zhang et al., 2019).
An alternative to μ-CT is Magnetic Resonance Imaging (MRI) (Gonatas et al., 1995;
Prause et al., 1995; Stevenson et al., 2007; Stevenson et al., 2010) which has also been
used to study foam. However, while the temporal resolution of MRI is better than μ-CT,
the spatial resolution is lacking. For example, the MRI work of Stevenson et al. (2007)
allows for spatial and temporal resolutions of 312 mm and 2 seconds, respectively.
Conversely, µ-CT temporal resolution ranges from tens of seconds to hours (depending
on the X-ray source) but has spatial resolutions down to approximately 1 µm (Bultreys
et al., 2016a).
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Pore-network modeling (PNM) is a valuable tool widely utilized to study the physical and
chemical processes in porous media, especially in porous rocks (Blunt et al., 2013).
Although rocks and foams are very different structurally, the principles of pore network
models can be applied to foams to capture the morphological features of the foam. To
the best of our knowledge, no attempt has been made previously to utilize PNM with
aqueous foams, which will be the start of the work presented herein.
Overall, foams are often studied by imaging the bubbles on the surface of a glass column,
which is not necessarily representative of the bulk foam. Hence, utilizing µ-CT and PNM,
3D geometrical information about the foam can be acquired as a time series, which is
useful to characterize the strongly interrelated foam aging mechanisms. Herein, a model
surfactant foam is generated to demonstrate the rigor and effectiveness of µ-CT and
PNM in the pursuit to examine the relevant parameters that influence foam stability.

3.6 Methods and materials
3.6.1 Materials
Sodium dodecyl sulfate (SDS, ≥99% purity), 1-octanol (≥99% purity), glycerol (≥99.5%
purity), and sodium iodide (NaI, ≥99.5% purity) were purchased from Sigma Aldrich.
Milli-Q water with a resistivity of 18.2 MΩ cm dispensed from a Milli-Q® Pure water
system was used for cleaning the glassware and preparing the foam solution.
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3.6.2 µ-CT imaging
A surfactant-stabilized foam with constant height and position for at least 4 hours was
prepared using 0.85 g/L 1-octanol, 6 g/L SDS, and 20% glycerol in a 100 mL measuring
cylinder by shaking the cylinder consistently for 1 minute. The volume of the generated
foam and the volume of the liquid under the foam was recorded at 21 mL and 97 mL
throughout the 4 hours, respectively. Hence, the liquid holdup of this foam was ~14.3%.
Next, approximately 1.5 mL of the bulk solution was transferred into the sample holder
shown in Figure 3.1. The bulk solution had a 1.2 M NaI concentration to enhance the Xray attenuation of the foam sample. Finally, the sample holder was consistently shaken
by hand for 1 minute to generate the foam, which was then allowed to age for 30
minutes before acquiring the first image at 0.5 hours. The foam was left undisturbed
and consecutive images were acquired at aging times of 1.5, 2.5, and 3.5 hours.
The surface tension (𝛾𝛾) of the bulk solution was measured at 21.4 mN/m using a profile
analysis tensiometer (PAT). Additionally, the density (𝜌𝜌) of the solution was 1236 kg/m3,
and the viscosity (µ) was approximately 0.28 Pa s. It is assumed that the liquid holdup of
the imaged foam was approximately the same as that of the foam prepared in the 100
ml measuring cylinder, i.e. 14.3%, due to difficulties in measuring foam heights in the
smaller tube. Ideally the liquid holdup of the smaller tube could be measured more
accurately using a high resolution camera; however, it was not available at the time of
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experiment. The foam was imaged close to the foam-liquid interface to study the
dynamics of wet foam. A schematic representation of the setup is shown in Figure 3.1.

Figure 3.1: A simplified schematic of the sample holder sealed at the top is displayed on
the left. The cylindrical tube containing the foam had a diameter of 12 mm and a height
of 28 mm. The total foam height was approximately 15 mm, and the imaged height was
4.4 mm consisting of mostly foam and some free liquid at the bottom. The red box
signifies the region of foam that was imaged. A 3D rendering of the imaged foam with a
spatial resolution of 4.52 µm is displayed on the right. The 𝛾𝛾= 21.4 mN/m, 𝜌𝜌= 1236 kg/m3
and µ= 0.28 Pa s for the imaged foam with a liquid holdup of around 14.3%.
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µ-CT scanning was performed at the University of New South Wales Tyree X-ray imaging
facility using a HeliScan µ-CT system (Sheppard et al., 2014). It has a GE Phoenix
Nanofocus tube with a diamond window and a high-quality flatbed detector (3,072 ×
3,072 pixels, 3.75 fps readout rate). The sample was scanned in a circular trajectory with
the settings: 60kV, 200µA (tube current), exposure time 0.5 s and 1 accumulation. The
total scan time was 32 minutes. Tomographic reconstruction of the massive data sets
was carried out on the National Computational Infrastructure (NCI) supercomputing
facility using QMango software (Sheppard et al., 2014).

3.6.3 Measurement of gas fraction and bubble size
For each time interval (t), the 2D images (known as slices) acquired from the µ-CT scan
were stacked to form 3D renderings in Avizo™ (Thermofisher software). The detailed
methodology for 3D bubble volume (V) measurements is shown in Figure 3.2. The
algorithms used in Figure 3.2 are detailed in Schlüter et al. (2014).
Broadly speaking, a Symmetric Nearest Neighbor (SNN) filter was applied to the 3D
renderings acquired for times 0.5, 1.5, 2.5, and 3.5 hours to enhance the image contrast
prior to segmentation. First, interactive thresholding was used to select the water films,
i.e. liquid phase, and measure the gas fraction. Next, interactive thresholding was used
to select the air bubbles, i.e. gas phase. Finally, separate objects and an erosion filter
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were used to separate the conjoint bubbles to allow for individual analysis of each foam
bubble.

Figure 3.2: Detailed methodology for bubble size measurements carried out in Avizo
includes (i) ‘SNN filter’ is applied to the raw image, (ii) ‘Interactive thresholding’ is
applied to the air phase, (iii) ‘Separate objects’ is applied to separate the bubbles, (iv)
‘Erosion’ is applied to fully separate the bubbles, (v) ‘Border kill’ is used to eliminate
bubbles on the sides to avoid partially imaged bubbles and ‘Binary smoothing’ and ‘Fill
holes’ are used to smoothen the shape of bubbles, and (vi) ‘Label analysis’ is applied to
measure the individual bubble volumes. A 2D cross-sectional view from the top of the
foam is shown; however, the bubble size is measured in 3D.

Lastly, the bubble volumes were used to calculate the Arithmetic mean diameter (d10)
and Sauter mean diameter (d32), using Eq. 3.2 and Eq. 3.3, respectively:
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𝑑𝑑10 =
𝑑𝑑32 =

∑𝑁𝑁
𝑖𝑖=1 𝑑𝑑𝑖𝑖
𝑁𝑁

3
∑𝑁𝑁
𝑖𝑖=1 𝑑𝑑𝑖𝑖
2
∑𝑁𝑁
𝑖𝑖=1 𝑑𝑑𝑖𝑖

3.2

3.3

where N is the number of bubbles and di is the volume-equivalent diameter of the
bubbles measured in Figure 3.2. The volume-equivalent diameter is considered by taking
the volume of a foam bubble and then using the formulation for the volume of a perfect
sphere to determine di. This was considered a valid approach since the imaged section
of the foam was close to the free liquid interface with high liquid fraction and visually
apparent spherical bubbles.
The standard deviation of bubble diameters in d10 and the standard deviation of bubble
diameters in d32 are expressed as σd10 and σd32, respectively. σd10 and σd32 values were
calculated for each time interval for the imaged foam sample. σd10 was calculated by
considering the standard deviation in the di values extracted from the 3D volumes
measured in Avizo™, while the σd32 was calculated by the equation provided in Appendix
D (Bournival, 2015).

3.6.4 Pore network modeling of the liquid channels
For each time interval (t), interactive thresholding was used in Avizo™ to extract the
connected liquid channels, i.e. water phase. In order to describe the characteristics of
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the liquid channels composed of Plateau borders (PB) and films that surrounded the air
bubbles, a watershed segmentation algorithm was used to separate connected bubbles
resulting from the water film being below the image resolution limit. A network
structure was then generated based on the separated map of the connected water
channels. This network can provide quantitative information regarding the liquid
distribution within the foam structure. The steps to generate the network structure are
briefly described below and displayed in Figure 3.3.
1- Binary segmentation of the tomography images into two phases of water and air
bubbles (Figure 3.3a).
2- Calculating the distance transform of the water bodies, which shows the nearest
Euclidean distance of a water voxel to any of the air bubble voxels. Then applying
a 3-D Gaussian filter with a standard deviation of 2 voxels to avoid oversegmentation (Figure 3.3b) (Gostick, 2017; Rabbani and Babaei, 2019).
3- Applying watershed segmentation on the smoothed distance map to separate
the structure through the narrowest sections that are the saddle lines of the
distance map (Rabbani et al., 2014). Then labeling the separated bodies with a
random color code (Figure 3.3c).
4- Analyzing neighbor voxels of the labeled map to capture the connectivity
between different water bodies as well as the size of the bodies themselves.
Details of neighbor voxel analysis are described in Baychev et al. (2019) (Figure
3.3d).
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Overall, a network structure consisting of nodes and throats was generated for each 3D
image. In terms of foam geometry, the throats resemble the Plateau borders and the
nodes are where multiple Plateau borders come together.
The PNM generated the volume-equivalent node radii (rnode) and inscribed throat radii
(rthroat) for the network structure. The throat diameter, i.e. twice the rthroat, is the
minimum constriction within a Plateau border and is described by a sphere that can be
inscribed within this constriction. Hence, the throat diameter can be thought of as the
length scale that restricts the flow of water within a Plateau border. Additionally, the
rthroat can be used to calculate the minimum cross-sectional area of the Plateau border.
Conversely, the rnode is the volume-equivalent pore radii that can be used to calculate
the volume of the nodes. Furthermore, the coordination number (Cn) of the nodes can
be extracted, which can be used to assess the equilibrium state of the foam structure
based on Plateau’s Law. The PNM also gives information about the throat lengths (lthroat).

Figure 3.3: Stepwise process of extracting network structure consisting of nodes and
throats, (a) the input binary image, (b) smoothed Euclidean distance map, (c) watershed
labelled map, (d) extracted network of nodes (shown as colorful spheres between the
yellow bubbles) and throats (shown as grey lines).
107

3.6.5 Flow simulation
The PNM was used to simulate vertical fluid flow through the water phase of the foam
structure, which provides the effective foam permeability. Hence, the mass balance
equation for each of the nodes in steady state was derived by assuming two constant
pressure boundaries at the top and bottom of the foam column and ignoring the gravity
effect considering the small height of the geometries. Thus, a system of linear mass
balance equations was solved to calculate the fluid pressure distribution at the center
of each node. The flow between nodes is governed by Hagen-Poiseuille flow (low
Reynolds number) with a shape factor that accounts for the cross-sectional geometry of
the Plateau border. A detailed solution of the system of equations is described in
Rabbani et al. (2016). The simulations rely on Darcy’s law (Darcy, 1856) to determine
effective permeability (Cohen-Addad et al., 2013) and assume a rigid interface within
the Plateau border regions, i.e. no flow/slip along the border regions. Therefore, the
simulations follow the works of Nguyen (2002) and Koehler et al. (2004) where the
Boussinesq number, Bo >> 1. The Bo number is the inverse of the interfacial mobility
and is dependent on the surfactant type and its concentration (Saint-Jalmes, 2006;
Stone et al., 2002b). The inclusion of slip along the interfaces can be included in future
work when necessary for particular foam systems.
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3.7 Results and discussion
3.7.1 Volume rendering of foam with respect to time
3D volume renderings of the foam structure at times 0.5, 1.5, 2.5, and 3.5 hours are
presented in Figure 3.4. The blue regions represent low density regions of gas while the
red regions represent higher density water regions. The green, yellow, and orange
regions represent the liquid content of the foam where liquid films increase in thickness
as the color transitions from blue to yellow to orange. As observed, there was an overall
increase in bubble size, i.e. blue regions, with respect to time, particularly in the top
layers of the foam sample. Moreover, the presence of larger bubbles at the top and
smaller bubbles at the bottom of the foam column mainly occurs during foam formation.
As the larger bubbles have higher buoyant forces, it leads to size-based segregation
across the foam height (Hutzler et al., 2000; Pugh, 2016). Additionally, the Plateau
borders surrounding the bubbles appear to evolve with respect to time. Visually, the
Plateau borders get somewhat thinner at the top, seen as a decrease in orange color,
and thicker at the bottom, seen as an increase in yellow and orange colors, with respect
to time.
In addition, the foam-free water interface maintains a relatively constant height over
the aging time in Figure 3.4. This is not characteristic of free drainage where the foamliquid interface usually shifts upward as liquid accumulates at the bottom, for example
in Saint-Jalmes et al. (2000). This can be further confirmed by calculating the
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characteristic drainage time (Koehler et al., 2000; Rio et al., 2014), which indicates that
it requires about 0.72 hours for the drainage front to travel through the entire height of
the foam. Therefore, it can be concluded that most of the free drainage occurred prior
to acquiring the first image at t= 0.5 hours and an equilibrium drainage profile was likely
established in the acquired foam images.

Figure 3.4: 3D image of the foam sample at (a) time= 0.5 hours, (b) time= 1.5 hours, (c)
time= 2.5 hours, and (d) time= 3.5 hours showing the increase in gas fraction at the top
of the foam, and relatively static height of the foam-liquid interface. The foam sample
was made up of 0.85 g/l octanol, 6 g/l SDS, 20% glycerol and 1:6 m/m ratio of NaI.
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3.7.2 Bubble size distributions
Table 3.1 shows the arithmetic mean diameter (d10) and Sauter mean diameter (d32)
(calculated using Eq. 3.2 and Eq. 3.3) for times 0.5, 1.5, 2.5, and 3.5 hours. Both d10 and
d32 represent mean bubble diameters for the foam structure. However, d10 is strongly
influenced by the total number of bubbles N (small versus large), while d32 is less
influenced by the presence of smaller bubbles due to their limited contribution to the
volume-to-surface area ratio when the number of smaller bubbles is low. Hence, d32
gives a comparatively high weight to the contribution from the larger bubbles despite
their lower numbers and is more suitable for the study of coarsening and coalescence,
which are sensitive to the total surface area to volume ratio of the bubbles (Forel et al.,
2019b; Stevenson, 2010).
A slight increase in d32 is observed in Table 3.1, which can occur in the case of both
coalescence (Carrier and Colin, 2003) and diffusive coarsening (Vera and Durian, 2002).
Thus, a closer look into how the bubble size distributions evolve with respect to time is
necessary to identify the more dominant mechanism. Figure 3.5 shows that the
proportion of the smaller bubbles increased with respect to time, which is only possible
with diffusive coarsening, not coalescence (Bisperink et al., 1992). Additionally, the
likelihood of coalescence in the tested foam sample is reduced due to the usage of 20
w/w% glycerol which makes the foam solution relatively viscous (Orvalho et al., 2015).
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Hence, with viscous liquids such as glycerol, coalescence slows down as the films drain
more slowly causing a delay in film rupture (Bhakta and Ruckenstein, 1997a; Bhakta and
Ruckenstein, 1997b; Rio et al., 2014). It is possible that the addition of NaI for imaging
purposes influenced the extent of coalescence, as coalescence strongly depends on the
type of salt and its concentration (Bournival et al., 2017; Craig, 2004; Craig et al., 1993).
Henry and Craig (2008b) found that NaI above 0.3 M significantly inhibits coalescence.
Therefore, presumably the tested salt concentration reduced coalescence in the tested
sample although coalescence rate increases at extremely high concentrations.
Conversely, it can be argued that the presence of glycerol slows down diffusive
coarsening as well since it becomes more difficult for the gas species to diffuse through
a more viscous continuous phase; also the films are thicker than usual due to reduced
film drainage. Overall, it cannot be ruled out that some coalescence may be present but
diffusive coarsening is thought to be the more dominant mechanism.
For the quantitative analysis of the bubble size distributions, the bubble size was
characterized into three groups: small, intermediate, and large (refer to Appendix A).
Larger bubbles were expected to grow at the expense of smaller bubbles in diffusive
coarsening. Hence, it is observed from Figure 3.5 and Appendix A that while the
percentage of intermediate bubbles decreased by approximately 14.6%, the percentage
of smaller bubbles and larger bubbles increased by 12.2% and 2.4%, respectively
indicating the propagation of coarsening over time.

112

Overall, the temporal evolution of bubble size distribution is greatly dependent on the
initial bubble size distribution of the foam. The observed evolution of the bubble sizes
over time in this study is specific to the initial bubble size distribution, which was not
well controlled in this study. The main aim of the study was to demonstrate the utility
of the µ-CT and PNM to extract relevant geometrical foam parameters which affect foam
stability. Therefore, depending on the purpose of the future studies, it might be
beneficial to use monodisperse foams to rule out this effect and focus on how the
different surface-active agents might be influencing the foam systems.
According to Lemlich (1978), bubbles with radii (r) smaller than the instantaneous mean
radius (r21) will shrink and eventually disappear, and bubbles with r larger than r21 will
grow in a coarsening-only system. Hence, this leads into a reduction of the proportion
of bubbles slightly smaller than r21, and the proportion of bubbles slightly larger than r21,
eventually leading into a pinching point or inflection point appearing at the r21 value in
the bubble size distribution plot. The r21 value is different from the arithmetic mean
radius (r10) or Sauter mean radius (r32). Hence, r21 can be calculated as:

𝑟𝑟21

2
∑ 𝑛𝑛𝑖𝑖 𝑟𝑟𝑖𝑖,𝑎𝑎𝑎𝑎𝑎𝑎
=
∑ 𝑛𝑛𝑖𝑖 𝑟𝑟𝑖𝑖,𝑎𝑎𝑎𝑎𝑔𝑔

3.4

where ni is the number of bubbles present in each radius bin and ri, avg is the average
radius of each radius bin. It is evident that the experimentally observed points of
inflection in Figure 3.5 follow a similar trend as the theoretical r21 values (expressed as
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d21) in Table 3.1. However, r21 is expressed as d21 in Table 3.1 to compare with d10 and
d32 more easily. Thus, as the d32 increases with respect to time, the d21 value also
increases, and the points of inflection shift slightly to the right in Figure 3.5.
Table 3.1: Comparison of the Arithmetic mean diameter (d10), Sauter mean diameter
(d32), Total number of bubbles (N), Instantaneous mean diameter (d21), Standard
deviation of di in d10 (σd10), and Standard deviation of di in d32 (σd32) for times 0.5, 1.5,
2.5, and 3.5 hours.
Time
hour
0.5
1.5
2.5
3.5
* 𝑑𝑑21 =

d10
mm
0.187
0.187
0.186
0.179
2 × 𝑟𝑟21

d32
mm

N

d21*
mm

σd10
mm

σd32
mm

0.381
0.432
0.469
0.530

5910
4364
3478
2966

0.304
0.332
0.350
0.366

0.138
0.155
0.165
0.177

0.049
0.040
0.030
0.000
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Figure 3.5: Number frequency (%) distribution of bubble size at times= 0.5 hours, 1.5
hours, 2.5 hours, and 3.5 hours showing diffusive coarsening of foam sample with
respect to aging time. The plot uses 10 bins. The bubble diameter expressed on the xaxis is the mean of each diameter bin, di, avg.

Additionally, Figure 3.6 is provided to test if the foam approaches a self-similar scaling
state (Stavans, 1993), where the average radius grows geometrically with time. While
the average volume (Vavg) varies as t3/2 and N varies as t-3/2 for dry foams (Mullins, 1986),
wet foams tend to follow the Lifshitz-Slyozov law for Ostwald ripening, which predict
that Vavg varies as t, and N varies as t-1 during a self-similar growth regime (Gañán-Calvo
et al., 2004; Glazier and Weaire, 1992). For the plot of Vavg against t (shown in Figure
3.6a), a linear correlation was found which is often observed in relatively wet foams
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consisting of spherical bubbles. However, the plot of N against t (shown in Figure 3.6b)
appears somewhat non-linear suggesting that mechanisms other than diffusivecoarsening possibly influenced the kinetics of the aging foam. This could also be due to
the change in bubble size not being big enough to approach self-similarity (Weaire and
Hutzler, 2001). Overall, the tested foam sample needs to be scanned at longer aging
times to verify whether a scaling regime was truly established.

Figure 3.6: Linear plot of (a) Average volume (Vavg) versus time (t), (b) Number of bubbles
(N) versus time-1 (t-1) to test if a scaling regime in the wet limit is established.

Another way of testing if a self-similar scaling state is established is to check if the bubble
size distributions cease to evolve. It is worth mentioning that at longer times as the
system approaches self-similar scaling state, the bubble size distribution becomes
unimodal as the relatively smaller bubbles shrink to zero (Weaire and Kermode, 1983).
This was tested by plotting the proportion of bubbles with respect to normalized bubble
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diameter, di, avg/ d32, where di, avg is the mean value of each diameter bin (see Figure A .1

in Appendix A). In the scaling state, a universal curve independent of aging time should
be observed (Zimnyakov et al., 2019). However, in Figure A .1 in Appendix A, it appears
that the scaling state is not fully established during the short timescale of 3.5 hours
suggesting that images at later time are required to assess if the foam exhibits a selfsimilar coarsening regime

3.7.3 Pore network images
Figure 3.7 shows the network of the nodes and Plateau borders obtained from the 3D
foam images. Across all time intervals, a higher concentration of red and orange nodes
is observed at the bottom of the pore network. This indicates that the foam was
relatively wetter at the bottom and consisted of larger channels and nodes (Cantat et
al., 2013; Weaire and Hutzler, 2001). Generally, the foam is always wetter at the bottom
due to the balance of gravity drainage and capillary suction, which determines the
overall liquid distribution of the foam (Kruglyakov et al., 2008a; Pugh, 2016).
Moreover, Figure 3.7 illustrates that the concentration of yellow and orange nodes
increased with time, i.e. some nodes thickened over time. Hence, ANOVA and Tukey
analyses were carried out to compare if the node radii significantly evolved over time
(Appendix B.1). These tests suggest that the node radii ceased to evolve between times
2.5 to 3.5 hours, implying that the system reached equilibrium under drainage close to
this time interval. However, in reality, the equilibrium under drainage liquid distribution
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profile should have been established around t = 0.72 hours (refer to Section 3.1), which
is close to the time when the first image was acquired. Generally, equilibrium foams
maintain a constant liquid holdup as the gradient of hydrostatic pressure equals the
gradient of capillary pressure (Maestro et al., 2013; Yianatos et al., 1986). Therefore, the
significant increase in node radii between times 0.5 to 2.5 hours, indicated by the
ANOVA and Tukey analyses, are possibly due to diffusive-coarsening and coalescence
effects which leads to bubble growth towards the bottom of the foam, i.e. our imaged
section, which in turn results into enlargement of the nodes and Plateau borders.
In addition, ANOVA and Tukey analyses were carried out to evaluate if the throat radii
statistically evolve between 0.5 to 3.5 hours (Appendix B.2). Similar to the node radii,
the throat radii increased significantly between 0.5 to 2.5 hours but ceased to evolve
between 2.5 to 3.5 hours. The significant changes in Plateau border radii (represented
as throat radii) between 0.5 to 2.5 hours are attributed to an increase in bubble size due
to coarsening/coalescence, which influences the expansion of the Plateau borders.
Furthermore, it was found that the throat lengths increase over the aging time. This is
supported by the ANOVA and Tukey analyses which reveal that there is a significant
difference between lthroat for times= 0.5, 1.5, 2.5, and 3.5 hours. Enhancement of the
throat length (lthroat) implies that the nodes become more loosely packed with respect
to time, which is the same as bubbles being more loosely packed. Hence, it is a side
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effect of the bubble growth over time. Thus, as the bubbles grow in size, the nodes move
further apart, and the throat length increases.

Figure 3.7: Pore network distributions of the foam sample at (a) time= 0.5 hours, (b)
time= 1.5 hours, (c) time= 2.5 hours, and (d) time= 3.5 hours shows higher concentration
of red, orange and yellow nodes with increasing aging time. This reflects the thickening
of the nodes which is a side effect of bubble growth over time.
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3.7.4 Pore network analysis
3.7.4.1

Elevation versus liquid fraction

The extreme bottom part of the foam and the liquid phase, which was originally included
in the μ-CT images (see Figure 3.1) were discarded from PNM calculations to minimize
any bubbly liquid appearing as foam. Hence, only 3.39 mm of the foam section was
utilized in the following analyses. It is possible to observe the foam over a greater height;
however, the field of view is quite large and this would mean a loss of resolution to
maintain the same imaging time. Alternatively, if we were to maintain the same
resolution, then the temporal resolution of the µ-CT images would be compromised.
The liquid fraction (𝛷𝛷𝑙𝑙 ) values for the 3D images used in the pore network model are

shown in Figure 3.8. Liquid fraction values ranged from 0.04 to 0.46. This highlights the
presence of both dry foam (𝛷𝛷𝑙𝑙 < 0.05), and wet foam (𝛷𝛷𝑙𝑙 > 0.15) at the top and bottom

of the imaged section of the tested sample, respectively (Drenckhan and Hutzler, 2015;
Furuta et al., 2016).
For Figure 3.8, the experimental liquid fraction data was fitted using the equilibrium
drainage profile (Cantat et al., 2013) given by:

𝛷𝛷𝑙𝑙−0.5 (𝑧𝑧) − 𝛷𝛷𝑙𝑙−0.5 (0) ≈

𝑧𝑧𝑧𝑧
𝜆𝜆2𝑐𝑐

3.5

where, 𝜆𝜆𝑐𝑐 is the capillary length defined as 𝜆𝜆𝑐𝑐 = �𝛾𝛾/𝜌𝜌𝜌𝜌 where 𝛾𝛾 is surface tension, 𝜌𝜌

is the density of the liquid phase, g is gravity, and d is taken as the d32 value at t= 3.5
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hours. As observed in Figure 3.8, Eq. 3.5 compares well to the observed liquid fraction
values, further confirming that an equilibrium drainage profile was maintained for the
acquired images.

Figure 3.8: Liquid fraction (𝛷𝛷𝑙𝑙 ) versus elevation (z) in µm illustrating constant liquid
fraction over time due to the balance between capillary suction and gravity drainage. z=
0 represents the bottom of the cropped foam section (see Figure 3.1). The model curve
is produced using Eq. 3.5.

In addition, it is observed that the liquid fraction values incur large spatial variations in
the bottom part of the foam, i.e. z < 600 µm. This is opposite to the free drainage
experimental results from Saint-Jalmes and Langevin (2002), where towards the bottom
of the foam, the liquid fraction values varied only slightly. This further indicates that the
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imaged foam is in the later regime of free drainage, where the dry front is very close to
the bottom of the foam; hence, causing a significant change in liquid fraction. Therefore,
since only the bottom of the foam was imaged in this case, it is reasonable to conclude
that results from Figure 3.8 depict the general drainage equation (detailed further in
Section 3.7.5). Conversely, the substantial changes in liquid fraction with respect to z
which occurs for z < 600 µm, i.e. towards the bottom of the foam, can be attributed to
the structural rearrangements that a foam undergoes at 𝛷𝛷𝑙𝑙 = 0.15 as it transitions from

a dry to wet foam (Drenckhan and Hutzler, 2015; Furuta et al., 2016)..

Typically, a critical liquid fraction of 0.36 represents the foam-free water interface in a
disordered foam (Saint-Jalmes, 2006). A closer investigation into the data reveals that
for times 0.5, 1.5, 2.5, and 3.5 hours, the free water interface is positioned at
approximately 27.1 µm, 127µm, 127 µm, and 113 µm, respectively. Thus, it is concluded
that while the foam-free water interface moves slightly (i.e. 0.1 mm) between times 0.5
and 1.5 hours, the position of the interface remains relatively constant as dynamic
equilibrium is established at approximately 0.5 hours.
Figure 3.9 provides both node and throat radii versus foam elevation (z). The elevation
values start from 100 µm in Figure 3.9 since the PNM generates error values towards
the bottom of the foam, i.e. 0 to 100 µm, when free water is present. The pores and
throats are sufficiently large between 0 to 100 µm which causes their equivalent radii to
exceed the image boundaries and lead to poor detection of the pores and throats.
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Moreover, both throat and node radii are higher towards the bottom of the foam in
Figure 3.9 due to the higher liquid fraction. This is in agreement with Forel et al. (2019c)
which revealed that the size of Plateau border channels increases with increasing liquid
fraction. However, Figure 3.9 also demonstrates that both node and throat radii increase
with time, showing that the Plateau borders and nodes thicken over time. This is
opposite to a draining foam where it is expected that throats and nodes shrink over
time. However, as coalescence and coarsening come into effect at later aging times, the
PBs consolidate into fewer but bigger Plateau border channels as a result of bubble
growth. This is evident from the reduction of the number of throats (refer to
observations in Appendix B.2), and the increment in mean throat radii. In this case, it is
thought that coalescence is more likely in the later imaging times where the films must
have drained below their critical thickness and are more likely to rupture (Manev and
Nguyen, 2005a; Tobin et al., 2011; Vrij and Overbeek, 1968).

123

Figure 3.9: Variation of (a) node radius (rnode) and (b) throat radius (rthroat) with respect
to elevation (z), where z= 0 represents the bottom of the foam. rthroat is the halvedthickness of the Plateau borders, while rnode is the volume-equivalent radii of the nodes.

3.7.4.2

Dynamic equilibrium of the foam

An average coordination number of four was measured at the top-most foam zone, i.e.
2700 µm to 3390 µm, showing agreement with Plateau’s law (Appendix C). However,
the average coordination number increased to six at the bottom-most foam zone, i.e. 0
µm to 680 µm, which is relatively wetter. According to Plateau’s law, a coordination
number of 4 is expected at equilibrium for dry foams (typically with a liquid fraction in
the order of 10-4 to 10-2). Kraynik (2003) highlights that a node with a coordination
number of 8 is possible for a perfectly ordered wet foam with face centered cubic (FCC)
packing, which consists of rhombic dodecahedrons. Thus, it is hypothesized that wet
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foams in equilibrium may consist of nodes with a coordination number greater than 4,
which is evident from the PNM data. However, the exact 𝛷𝛷𝑙𝑙 where the deviation occurs

is difficult to estimate (Brakke, 2005; Weaire, 1994). This question can be resolved in

future work with testing the variation of average co-ordination number for equilibrium
foams of different wetness. Overall, an increase in coordination number from 4 to 6 is
attributed to a increase in liquid fraction towards the bottom of the foam.

3.7.5 Foam permeability
Naturally, foam permeability is considered to be a function of liquid fraction. Previously
it has been demonstrated that Darcy’s law is applicable for aqueous foams as well, using
the concept of permeability (Lorenceau et al., 2009; Pitois et al., 2009; Saint-Jalmes,
2006). Foam permeability (ĸ) resembles the ability of the liquid to flow through the foam
structure and is opposite to hydrodynamic resistance. Hence assuming a dry limit,
considering permeability from Darcy’s law, and the continuity equation, the drainage
equation can be derived as follows (Cohen-Addad et al., 2013; Gol'dfarb et al., 1988;
Koehler et al., 2000; Verbist and Weaire, 1994):
𝑑𝑑𝛷𝛷𝑙𝑙
ĸ𝜌𝜌
𝛾𝛾ĸ
+ 𝛻𝛻 · � 𝑔𝑔� − 𝛻𝛻 · �
𝛷𝛷−1.5 𝛻𝛻𝛷𝛷𝑙𝑙 � = 0
𝑑𝑑𝑑𝑑
µ
2𝑐𝑐𝑟𝑟32 µ 𝑙𝑙

3.6

where 𝜌𝜌 and µ are density and viscosity of the flowing liquid, respectively, r32 is the

Sauter mean bubble radius, 𝑔𝑔 is gravity, and c is geometrical constant. Typically, c is
assigned a value of 0.3 for a Kelvin structure (Koehler et al., 2000).
125

The drainage equation above can be solved if the relationship between ĸ and 𝛷𝛷𝑙𝑙 is

known. Hence, the relationship between ĸ and 𝛷𝛷𝑙𝑙 (shown in Figure 3.10a) was
determined using the experimental data available from the PNM. The foam images were
vertically divided into 10 equal fragments for PNM generation to represent a range of
liquid fractions. The ĸ values were determined using the PNM extracted from the foam
images. Flow through the PNM was simulated with a constant superficial velocity. The

resulting pressure drop, and superficial velocities were then used in Darcy’s law to
determine permeability. This was performed using the flowing pressure versus
elevation, and liquid fraction versus elevation data sets since this cover the
experimentally observed liquid fractions (see Figure 3.8).
Figure 3.10 provides the experimental permeability values with respect to liquid fraction
and throat radii where power-law relationships with R-squared (R2) values near 1 are
observed. For Figure 3.10a, a power value of 2.6 was found, which is near 2 as expected
for a channel-dominated flow regime (Verbist et al., 1996). Theoretically for a channeldominated regime (i.e. rigid interfaces), ĸ ∝ 𝛷𝛷𝑙𝑙2 (Verbist et al., 1996), while for a node

dominated regime (i.e. mobile interfaces), ĸ ∝ 𝛷𝛷𝑙𝑙1.5 (Koehler et al., 1999). In addition,

Figure 3.10b shows that a similar power-law relationship exists between permeability
and throat radii. This means that ĸ can be estimated when rthroat is known. However, the
experimental permeability values appear to deviate from the power-law relationship at
higher values of 𝛷𝛷𝑙𝑙 . In addition, other attempts to provide a universal permeability

relationship have been proposed whereby permeability is normalized by the square of
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bubble diameter. These data are provided in Appendix E. However, the universality of
the proposed relationship remains outstanding and will be the focus of future
investigations.

Figure 3.10: Permeability versus (a) liquid fraction and (b) throat radii. The dotted curves
represent the power-law trendline with R-squared value of 0.95 (left) and 0.90 (right). A
power-law relationship can be observed for both graphs. Note: the equations displayed
on 10a and 10b utilize SI units for ĸ and rthroat.
Figure 3.11 shows a power law relationship between liquid fraction and throat radii with
an exponent of 2.3. There is good reason that this relationship is nearly quadratic. The
liquid fraction can be approximated as shown in Eq. 3.7 (Cantat et al., 2013; Weaire and
Hutzler, 2001):

𝛷𝛷𝑙𝑙 ≈

2
�2√3 − 𝜋𝜋� 𝑟𝑟𝑃𝑃𝑃𝑃
< 𝐴𝐴 >
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3.7

where rPB is the side-length of the equilateral triangle inscribed within the Plateau
border, and <A> is the total surface area of the gas bubbles in the foam divided by the
number of bubbles. The rthroat measured from PNM is derived by inscribing a circle
instead of triangle to the Plateau border cross-sectional area; however, the values for
rthroat and rPB should be linearly related to each other. Therefore, it is expected that 𝛷𝛷𝑙𝑙

should be proportional to the rthroat2. Establishing such a relationship would be very
helpful to estimate the Plateau border thicknesses (as represented by throat diameter)
using known 𝛷𝛷𝑙𝑙 values, which can be easily measured using standard techniques.

Figure 3.11: Liquid fraction with respect to throat radii acquired from PNM. The dotted
line represents the power-law trendline with R-squared value of 0.85. A power law
relationship between liquid fraction and throat radii with an exponent of 2.3 is observed.
Note: the equation displayed utilize SI units for ĸ and rthroat.
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Overall, the global permeability (ĸ�) values acquired from the entire imaged section from

the PNM simulations were 7.97x 10-13 m2, 1.16x 10-12 m2, 1.19x 10-12 m2, and 1.79x 10-12
m2 at times 0.5, 1.5, 2.5, and 3.5 hours, respectively. Globally the foam becomes more
permeable at a later time as liquid consolidates into fewer but bigger Plateau borders.
Hence, as the bubbles grow (see Table 1 and Figure 3.5), the Plateau borders grow (see
Figure 3.9b) which widens the liquid channel and enhances the permeability resulting in
an increased drainage rate, as observed in previous works (Hilgenfeldt et al., 2001; SaintJalmes and Langevin, 2002; Vera and Durian, 2002). As expected for a dynamic system,
local permeability is spatially and temporally variant, as seen by spatial and temporal
variability of liquid fraction in Figure 3.8 and the relationship between liquid fraction and
permeability reported in Figure 3.10a.

3.8 Conclusion
A new methodology combining μ-CT and pore network modeling has been proposed to
study foam dynamics. A wide range of crucial parameters such as the bubble size,
volume of the nodes, the thickness of Plateau border regions, liquid fraction, effective
permeability and node coordination number can be extracted from the presented
method. The PNM results are aligned with previously studied drainage models. A powerlaw relationship of ĸ ∝ 𝛷𝛷𝑙𝑙2.6 was observed from the results of the PNM simulations. This

is in close agreement with the theoretical power-law relationship for a channeldominated regime consisting of rigid interfaces (i.e. ĸ ∝ 𝛷𝛷𝑙𝑙2 ) (Verbist et al., 1996).
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Based on the data obtained and analyses performed for the μ-CT and pore network
modeling of the foam sample, the following conclusions can be established:
•

Diffusive-coarsening was more dominant than drainage in the system and led to
an increase in bubble size over time. Coalescence is more likely towards the later
times when the films become very thin.

•

The thicknesses of Plateau border regions, could be measured as the throat
diameter of a maximum inscribed sphere at the minimum constriction between
two nodes.

•

The volume of liquid accumulated within the nodes could be measured using the
node radius of a maximum inscribed sphere.

•

Node coordination numbers of four and six are observed as the foams approach
dynamic equilibrium. In a wet foam, the foam can be stable at a higher
coordination number.

•

Foam permeability can be estimated by directly measuring throat radii from pore
network models. The power-law relationship found in Figure 3.10b can be
utilized to calculate the permeability values using throat radii.

•

Calculations indicate that an equilibrium drainage profile was established near
the time of capturing the first image. Hence, faster scanning times are required
to capture the free drainage dynamics in the first 0.5 hours of foam formation.
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•

A close to quadratic relationship between liquid fraction and throat radii is
observed, which aligns well with theory.

Overall, the results from this study provide a rational path to connect microscopic flows
within the foam structure to macroscopic foam properties. This is extremely helpful to
model foam drainage and coarsening mechanisms for various industrial applications,
such as froth flotation, enhanced oil recovery, cosmetics, fire-fighting agents, and food
manufacturing. Accurate knowledge of the foam geometry derived from μ-CT imaging
can also assist in simulating flow with different surface mobilities, i.e. different Bo
numbers, to investigate how ĸ versus 𝛷𝛷𝑙𝑙 relationships differ for different
physicochemical conditions, e.g. surfactant type, surfactant concentration, etc. In

addition, μ-CT and pore network modeling could be extended to explore interesting
applications with particle-stabilized foams (Eggert et al., 2014; Stocco et al., 2011a).
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Appendix A

Bubble size distribution

For quantitative analysis, the bubble diameters (di) were divided into five equal
logarithmic bins. The number frequency (f) % were calculated for each bin and for each
time interval as represented in Table A.1:
Table A.1: Comparison of the number frequency f (%) values for each diameter di bin for
times= 0.5, 1.5, 2.5, and 3.5 h. The upper and lower limits of each di bin are provided for
reference.
Bin
1
2
3
4
5

di lower mm
0.005
0.016
0.049
0.153
0.479

di upper mm
0.016
0.049
0.153
0.479
1.500

f % t= 0.5 h
3.27
11.25
33.40
48.09
3.99

f % t= 1.5 h
5.09
15.93
28.80
45.16
5.02

f % t= 2.5 h
5.41
17.71
28.55
42.21
6.12

f % t= 3.5 h
6.04
20.63
29.30
37.63
6.41

Note: Unlike Figure 3.5 which has 10 bins, Table A.1 uses 5 bins for simplified analysis.
It is observed that both small bubbles (i.e. di between 0.005 mm to 0.049 mm) and large
bubbles (i.e. di between 0.479 mm to 1.5 mm) increase with respect to time, while
intermediate bubbles between (i.e. di between 0.049 mm to 0.479 mm) show a
decreasing trend. Between t= 0.5 h to t= 3.5 h, the frequency of small and large bubbles
increased by 12.15% and 2.41% respectively, while the frequency of intermediate
bubbles decreased by 14.56 %.
In addition, to test the scaling state, the percentage number frequency with respect to
normalized bubble diameter di,avg/d32 was plotted in Figure A .1 to check if the bubble
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size distribution evolves with respect to time, where di,avg is the mean diameter value
for each diameter bin. For foams in the scaling state, a constant bubble size distribution
which does not vary with aging time is achieved. However, suggests that the scaling state
was not achieved during the tested time interval of 3.5 hours.

Figure A .1: Number frequency (%) distribution of normalized bubble diameter (at
times= 0.5 hours, 1.5 hours, 2.5 hours, and 3.5 hours to test if the foam reached the selfsimilar scaling state. The plot uses 10 diameter bins. It shows that the scaling state was
not achieved within the tested aging time of 3.5 hours as a time-independent universal
distribution was not established.
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Appendix B

ANOVA and Tukey analyses

ANOVA and Tukey tests are common statistical tools to determine if a statistically
significant difference exists among the means of different datasets (Abdi and Williams,
2010; Driscoll, 1996). One-way ANOVA tests were carried out at a significance level of
α=0.05. When the p value is higher than 0.05, it suggests that the samples are not
significantly different from each other. The underlying assumptions for the one-way
ANOVA are:
1) Each sample is taken from a normal population
2) Each sample is drawn independently from the other samples
3) Each has equal variance
Since the standard deviations are not equal, a pooled standard deviation is considered.
ANOVA test only tells if at least one or more samples are different; however, Tukey test
is helpful as it can compare two samples at a time and reveal if there is a statistically
significant difference for each sample pair.
Note: The standard error (S.E) values at any given time is related to the standard
deviation (σ) by:
𝑆𝑆. 𝐸𝐸. =

𝜎𝜎

�𝑁𝑁𝑁𝑁. 𝑜𝑜𝑜𝑜 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
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B.1

B.1

ANOVA and Tukey test for node radii rnode

The ANOVA test gives a p value smaller than α= 0.05. This suggests that at least one of
the samples have a significant difference. Tukey test reveals that all the pairs are
𝒕𝒕=𝟑𝟑.𝟓𝟓
different, except 𝒓𝒓𝒕𝒕=𝟐𝟐.𝟓𝟓
𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏 and 𝒓𝒓𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏 .

Sample

𝒓𝒓𝒕𝒕=𝟎𝟎.𝟓𝟓
𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏

𝒓𝒓𝒕𝒕=𝟏𝟏.𝟓𝟓
𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏

𝒓𝒓𝒕𝒕=𝟐𝟐.𝟓𝟓
𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏

𝒓𝒓𝒕𝒕=𝟑𝟑.𝟓𝟓
𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏

No. of observations

35092

30715

26729

24914

Mean (µm)

57.1

60.7

62.6

63.0

S.E.

0.130

0.157

0.179

0.192

F statistic value

290

p-value

0.000

Sample pair

Tukey p-value

Tukey inference

rnode for 0.5 h vs 1.5 h

0.00101

Different

rnode for 0.5 h vs 2.5 h

0.00101

Different

rnode for 0.5 h vs 3.5 h

0.00101

Different

rnode for 1.5 h vs 2.5 h

0.00101

Different
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rnode for 1.5 h vs 3.5 h

0.00101

Different

rnode for 2.5 h vs 3.5 h

0.332

Same

B.2

ANOVA and Tukey test for throat radii rthroat

The ANOVA test gives a p value smaller than α= 0.05. This suggests that at least one of
the samples has a significant difference. Tukey test reveals that all the pairs are different,
𝒕𝒕=𝟑𝟑.𝟓𝟓
except 𝒓𝒓𝒕𝒕=𝟐𝟐.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 and 𝒓𝒓𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕 .

Sample

𝒓𝒓𝒕𝒕=𝟎𝟎.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

𝒓𝒓𝒕𝒕=𝟏𝟏.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

𝒓𝒓𝒕𝒕=𝟐𝟐.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

𝒓𝒓𝒕𝒕=𝟑𝟑.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

No. of observations

87692

77270

67095

63945

Mean (µm)

19.4

21.7

23.2

23.2

S.E.

0.046

0.062

0.070

0.073

F statistic value

920

p-value

0.000

Sample pair

Tukey p-value

Tukey inference

rthroat for 0.5 h vs 1.5 h

0.00101

Different
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rthroat for 0.5 h vs 2.5 h

0.00101

Different

rthroat for 0.5 h vs 3.5 h

0.00101

Different

rthroat for 1.5 h vs 2.5 h

0.00101

Different

rthroat for 1.5 h vs 3.5 h

0.00101

Different

rthroat for 2.5 h vs 3.5 h

0.696

Same

B.3

ANOVA and Tukey test for throat length lthroat

The ANOVA test gives a p value smaller than α= 0.05. This suggests that at least one of
the samples has a significant difference. Tukey test reveals that all the pairs are different.
Sample

𝒍𝒍𝒕𝒕=𝟎𝟎.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

𝒍𝒍𝒕𝒕=𝟏𝟏.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

𝒍𝒍𝒕𝒕=𝟐𝟐.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

𝒍𝒍𝒕𝒕=𝟑𝟑.𝟓𝟓
𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕

No. of observations

87692

77270

67095

63945

Mean (µm)

185.5

191.3

195.3

197.3

S.E

0.251

0.294

0.333

0.351

F statistic value

307

p-value

0.000
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Sample pair

Tukey p-value

Tukey inference

lthroat for 0.5 h vs 1.5 h

0.00101

Different

lthroat for 0.5 h vs 2.5 h

0.00101

Different

lthroat for 0.5 h vs 3.5 h

0.00101

Different

lthroat for 1.5 h vs 2.5 h

0.00101

Different

lthroat for 1.5 h vs 3.5 h

0.00101

Different

lthroat for 2.5 h vs 3.5 h

0.00101

Different

Appendix C

Analysis of Coordination number

The coordination number of the nodes were analyzed in detail. The coordination
number for the nodes between 0 to 100 µm were discarded from the analysis to avoid
inaccurate measurements. The pores and throats are quite large between 0 to 100 µm
which causes their equivalent radii to exceed the image boundaries and lead to poor
detection of the pores and throats. A moving average filter was applied to the raw
dataset consisting of the coordination numbers in integer form. Finally, the number of
nodes with coordination number > 3.5 and < 4.5, and their resulting fractions at each
time interval was calculated.
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Table C.1: Comparision of the Average coordination number, Standard deviation in
coordination number, Total number of nodes, Number of nodes with coordination
number= 4 and Fraction of nodes with coordination number= 4 for the entire foam (100
µm to 3327 µm). It highlights that the average coordination number for the entire foam
is 5:
Time (h)
Average coordination number
Standard
deviation
in
average
coordination number
Total number of nodes
Number of nodes with coordination
number = 4
Fraction of nodes with coordination
number= 4

0.5
5.00
0.74

1.5
5.03
0.76

2.5
5.02
0.70

3.5
5.13
0.68

33548
7001

29477
7465

25593
6473

23729
3321

0.21

0.25

0.25

0.14

Table C.2: Comparison of the Average coordination number, Standard deviation in
coordination number, Total number of nodes, Number of nodes with coordination
number= 4 and Fraction of nodes with coordination number= 4 for the top-most foam
(2649 µm to 3327 µm). It highlights that the average coordination number for the topmost foam is 4:
Time (h)
Average coordination number
Standard deviation in average coordination number
Total number of nodes
Number of nodes with coordination number = 4
Fraction of nodes with coordination number= 4
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0.5
1.5
2.5
3.5
3.93 3.99 4.12 4.32
0.34 0.30 0.27 0.21
6439 5719 4935 4155
5321 5083 4935 3321
0.83 0.89 1.00 0.80

Table C.3: Comparison of the Average coordination number, Standard deviation in
coordination number, Total number of nodes, Number of nodes with coordination
number= 4 and Fraction of nodes with coordination number= 4 for the bottom-most
foam (100 µm to 778 µm). It highlights that the average coordination number for the
bottom-most foam is 6:
Time (h)
Average coordination number
Standard deviation in average coordination number
Total number of nodes
Number of nodes with coordination number = 4
Fraction of nodes with coordination number= 4

Appendix D

0.5
1.5
2.5
3.5
5.96 6.05 5.98 6.09
0.26 0.33 0.32 0.30
8019 7043 6177 6100
0
0
0
0
0.00 0.00 0.00 0.00

Determination of σd32

The standard deviation of bubble diameters in d32 (σd32) was calculated using the method
of propagation of errors. Given a function Y:
Y= f(A,B,C)
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D.2

The variance can be expressed as:

𝜎𝜎𝑌𝑌2 = �
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2
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Since the formula for the Sauter mean diameter is
140

𝑑𝑑32 =

∑ 𝑑𝑑𝑖𝑖3
∑ 𝑑𝑑𝑖𝑖2

D.3

Considering the derivative of Eq. D.3
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Thus, applying Eq. D.2 to Eq. D.3 results into the following:
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D.5

The σd32 value can be simply calculated by taking the square root of the variance
expressed in Eq. D.5. This derivation is adopted from Bournival (2015).

Appendix E
•

Normalized plots using the PNM statistics

The scaled permeabilities (ĸ/𝑑𝑑2 ) versus liquid fraction (𝛷𝛷𝑙𝑙 ) plot satisfied a

power-law relationship with an exponent of 2.6 as shown in Figure E .1a. This
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figure is similar to Figure 3.10a, but it plots ĸ/𝑑𝑑 2 instead of effective permeability
on the y-axis. Similar relationship was observed by Lorenceau et al. (2009).
•

Additionally, the scaled permeabilities (ĸ/𝑑𝑑2 ) versus normalized throat radii
(rthroat/ d) plot satisfied a power-law relationship with an exponent of 6.5 as
shown in Figure E .1b. This figure is similar to Figure 3.10b.

Figure E .1: Foam permeability scaled with square of bubble diameter (ĸ/𝑑𝑑 2 ) as a
function of (a) liquid fraction (𝛷𝛷𝑙𝑙 ) and (b) average throat radii scaled with bubble
diameter (rthroat/d). Note: the average bubble diameter, d, is taken as d32 for its
respective aging times.

•

Finally, Figure E .2 illustrates a power law relationship between 𝛷𝛷 and rthroat/ d

with an exponent of 2.3, which is very close to 2, i.e. quadratic relationship. This
is aligned with theoretical models discussed by Weaire and Hutzler (2001) which
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propose that a quadratic relationship between 𝛷𝛷 and rthroat/ d exists. This figure

is similar to Figure 3.11.

Figure E .2: Liquid fraction (𝛷𝛷𝑙𝑙 ) expressed as a function of scaled throat radii ((rthroat/d).
Note: the average bubble diameter, d, is taken as d32 for its respective aging times.
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4 Dynamic X-ray tomography of microfibrous
cellulose liquid foams using deep learning
4.1 Link to dissertation
In Chapter 4, I presented a detailed workflow utilizing deep learning tools to enhance
the time resolution of lab µ-CT systems to ultimately promote the widespread use of µCT for dynamic 3D foam imaging. Although lab µ-CT systems are accessible to most
research or academic institutions, µ-CT is not suitable for studying fast-aging foams due
to its reliance on long scan times to obtain high-quality images. This prompted me to
obtain 3D foam images with shorter scan times and improve their quality using
convolutional neural networks (CNN) by feeding high quality, manually segmented foam
images as ground truth (GT) data.
The bulk yield stress property of microfibrous cellulose (MFC) was useful for
manipulating the foam drainage speed and testing the limits of the proposed
methodology. In addition, MFC is a growing in-demand, sustainable material for which
the bulk stabilization mechanism is not properly understood. Thus, it was mutually
beneficial to study the MFC stabilization mechanism using the deep-learning-based
method presented in this chapter. Furthermore, the work presented in this chapter
involves traditional bulk analyses in conjunction to µ-CT imaging, which is helpful to
elucidate the link between the microscopic and macroscopic length scales. Overall,
Objectives 1, 2, and 4 are addressed in this chapter.
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4.2 Details of publication
The following publication: ‘Muin, S.R., Spicer, P.T., Tang, K., Niu, Y., Hosseini, M.,
Armstrong, R.T., 2021. Dynamic X-ray tomography of microfibrous cellulose liquid
foams using deep learning. Chemical Engineering Science’ is provided in lieu of Chapter
4. In line with the UNSW Examination procedure, I am the ‘primary author’ of the
publication and contributed greater than 50% of the publication content. The
contributions of all authors are provided below:
Syeda Rubaiya Muin: Conceptualization, Methodology, Software, Validation, Formal
analysis, Investigation, Data curation, Writing- original draft, Visualization Patrick T.
Spicer: Conceptualization, Investigation, Writing- reviewing and editing Kunning Tang:
Methodology, Software, Visualization Yufu Niu: Software, Visualization Maryam
Hosseini: Investigation Peyman Mostaghimi: Writing- reviewing and editing Ryan T.
Armstrong: Supervision, Conceptualization, Methodology, Validation, Funding
Acquisition, Writing- reviewing and editing

145

4.3 Abstract
Using X-ray microcomputed tomography (µ-CT) as a 3D microstructural analysis tool
elucidates the time evolution of foam Plateau borders and nodes, providing
unprecedented vision of foam dynamics. Deep learning facilitates the capability by
allowing for quantifiable images to be collected at the time scale of five minutes. The
stability mechanism of microfibrous cellulose is assessed demonstrating that trapping
of fibers in the foam structure results in a critical concentration that marks an arrested
foam. The mechanism of arrest is explained by 3D structural information extracted from
µ-CT and confocal laser scanning microscopy images demonstrating the entanglement
of cellulose fibers. A detailed analysis of the µ-CT data is provided to substantiate the
quantitative nature of the digital images and assess advanced deep learning approaches.
It is demonstrated that deep learning allows for the dynamic imaging of liquid foams
whereas traditional data processing approaches cannot capture accurate geometrical
information of foam structure.

4.4 Keywords
Liquid foams, Dynamic µ-CT, Image segmentation, Convolutional neural network (CNN),
Deep-learning, Microfibrous cellulose nanofibers (MFC)
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4.5 Introduction
Laboratory-based X-ray microcomputed tomography (µ-CT) is a powerful technique to
visualize porous systems in 3D with high spatial resolution on the order of a few
micrometres (Bultreys et al., 2016a; Di Michiel et al., 2005). Bench-top µ-CT systems
provide a non-invasive, relatively affordable tool to investigate how the 3D internal
structure of a material evolves under different external conditions. As such, µ-CT is
becoming an indispensable technique for the study of porous materials that significantly
impact a wide range of industries, such as petroleum (Cnudde and Boone, 2013;
Wildenschild and Sheppard, 2013), mining (Wang and Miller, 2020), food sciences
(Schoeman et al., 2016) and the medical industry (Ritman, 2011; Swain and Xue, 2009).
Nevertheless, image acquisition times for bench-top µ-CT systems are sufficiently high,
on the order of minutes to hours (Bultreys et al., 2016a), which makes it challenging to
study short-lived, fast-aging dynamic systems, such as liquid foams that may not sustain
or remain static during relatively long scan times.
The stability of liquid foams is of paramount interest to a wide range of engineering
applications, such as enhanced oil recovery (Rossen, 2017), mineral processing (Matis
and Mavros, 1991), personal care products (Arzhavitina and Steckel, 2010), and food
and beverage manufacturing (Dickinson, 2010b). Traditionally, foam stability is
evaluated via observing the bulk foam structure from the top or side of a glass column,
which can be inaccurate due to wall effects (Cheng and Lemlich, 1983; Papara et al.,
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2009) and provides only a limited view of the foam structure. Whereas how the 3D foam
structure evolves over time is important for the understanding of the aging dynamics,
which plays a pivotal role in determining product performance and process efficiency
(Farrokhpay, 2011; Gonzenbach et al., 2006; Rossen, 2017).
Foams are intrinsically unstable systems that undergo destabilization via three main
mechanisms: (1) coalescence (Cho and Laskowski, 2002; Langevin, 2015), (2) interbubble gas diffusion (also known as diffusive coarsening or Ostwald ripening) (Gandolfo
and Rosano, 1997; Stevenson, 2010), and (3) gravity drainage (Kruglyakov et al., 2008b;
Verbist et al., 1996). Specifically, it is vital to study foam drainage as both coalescence
and diffusive coarsening processes rely on the film thickness, which is determined by
the drainage rate (Bhakta and Ruckenstein, 1997a; Weaire and Hutzler, 2001). Thinner
films are easier to rupture, therefore, easier to coalesce (Briceño-Ahumada et al., 2016;
Carrier and Colin, 2003). On the other hand, inter-bubble gas diffusion is faster via
thinner liquid films (Hilgenfeldt et al., 2001; Hutzler and Weaire, 2000). Conventionally,
foam drainage is studied in two dimensions using various techniques, such as the
pressure drop technique (Exerowa and Kruglyakov, 1997), forced drainage method
(Weaire and Hutzler, 2001), free drainage technique (Koehler et al., 2000; Stone et al.,
2002a), or using the Plateau border apparatus (Pitois et al., 2005). However, these
experimental techniques do not provide information on how the 3D structure of the
foam evolves during the drainage process. Hence, a detailed understanding of foam
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drainage in 3D is crucial for accurate modeling and simulations of foam aging
mechanisms that determine its stability.
Foam drainage can be slowed down via addition of rheological resistance to the liquid
phase. Addition of nano-particles (Arriaga et al., 2012; Hunter et al., 2009; Stocco et al.,
2011a), polymers (Alargova et al., 2004; Bureiko et al., 2015), food proteins (Damodaran,
2005; Graetz et al., 2020; Hailing and Walstra, 1981), and viscous liquids, such as glycerol
(Briceño-Ahumada et al., 2016; Muin et al., 2020) are common ways of achieving foam
stabilization via increasing the bulk viscosity of the liquid phase. However, a major
disadvantage with these methods is the high concentration of particles required to
achieve stabilization, which can be costly, and cause a nuisance during manufacturing
processes (Lam et al., 2014).
The study of microfibrous cellulose (MFC) liquid foams can be advantageous as it has
scope for progress in a wide range of applications. Aqueous MFC is a non-Newtonian
fluid that consists of cellulose microfibers that can impart a yield stress while retaining
a relatively low viscosity (Solomon and Spicer, 2010). MFC sourced from bacteria is pure
cellulose, whereas plant-based MFC is a mixture of lignocellulose and cellulose, and has
attracted various patents (Charreau et al., 2013) for use in the food industry, and the
paper and pulp industry due to its non-toxic, biodegradable, and strong mechanical
properties (Kontturi et al., 2018; Lavoine and Bergström, 2017). However, to the best of
our knowledge, there are only two studies that focuses on how cellulose microfibers
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influence the bulk stability of liquid foams (Cervin et al., 2015; Xiang et al., 2019b). The
results from these studies highlight that the high aspect ratio of the MFC contributes to
its exceptional foam stability on the order of days. However, a detailed microscopic
analysis of the foam aging mechanisms that contributed to the exceptional stability was
not conducted.
Laboratory µ-CT systems are traditionally an uncommon choice for scanning fast aging
foams due to the requirement that samples remain static during the scan time (Barrett
and Keat, 2004; Boas and Fleischmann, 2012). Due to this limitation, µ-CT has only been
previously used to study liquid foams using synchrotron sources (García-Moreno et al.,
2017; Lambert et al., 2005) that provide fast acquisition times, ultra-stable foams made
up of relatively inert gases (Meagher et al., 2011) or nano-particle stabilized
foams (Stocco et al., 2011a), which do not undergo drainage during the scan time.
Synchrotron X-ray sources are limited in number and involve exceptionally
high operational costs in comparison to benchtop systems, which are much more
accessible. The scan times of benchtop systems can be tuned to reduce movement
artifacts; however, if the scan time is too short, it can lead to a low signal-to-noise ratio
(SNR) (Bultreys et al., 2016a). Ultimately the SNR determines the image quality and the
extent to which quantitative data can be extracted from the images. So, the challenge is
to develop an approach using µ-CT that can provide high enough quality images of
dynamically aging foams such that relevant foam aging metrics can be extracted from
the digital images. Thus, MFC is chosen for this foam study as it has fast dynamics in
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comparison to traditional particle-stabilized foams and is a good example of a
sustainable material that is relatively less viscous but can still stabilize a foam.
To address this challenge, we propose the use of convolutional neural networks (CNNs)
built within a deep learning platform (Da Wang et al., 2020; Jiang et al., 2018; Niu et al.,
2020; Shelhamer et al., 2017; Tamada et al., 2020; Wang et al., 2021; Xiang et al., 2019a)
to employ accurate segmentation of dynamic foam images that have a low SNR. The
CNNs investigated in this study rely on supervised learning from ground truth (GT) data
to accurately identify the pixel distributions at the air-liquid interfaces. With this effort,
the utility of bench-top µ-CT systems can be enhanced despite its known limitations
regarding image quality and scanning time. Overall, this study presents a novel approach
to study dynamic MFC foams using laboratory µ-CT systems and CNNs to enable
accurate image segmentation and extraction of geometrical metrics relevant to foam
aging that are inaccessible with traditional techniques.

4.6 Methods and materials
Figure 4.1 illustrates the experimental workflow undertaken to characterize the
dynamics of liquid MFC foams. Firstly, a preliminary bulk foam study at MFC
concentrations 0.025% and 0.05% was carried out to observe how the foam evolves
after generation to determine suitable aging times. Next, fast 5-minute scans were
imaged at selected aging times (t) using a standard bench-top µ-CT system. However,
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since these images had low SNR, segmentation was carried out to test the applicability
of current machine learning approaches. Finally, the segmented binary foam images for
the two MFC concentrations were analysed to gain an in-depth understanding of the
stabilization mechanism of MFC.
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Figure 4.1: Experimental workflow for evaluating the foam dynamics of fast-draining
liquid foams using a benchtop µ-CT system. The short 5-minute µ-CT scans were
segmented via a machine-learning approach to minimize errors due to low SNR. The
output binary images were then analyzed to evaluate the foam dynamics for MFC
concentrations 0.025% and 0.05% and gain insight into the stabilizing mechanism of
MFC.
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4.6.1 Evaluation of bulk foam stability
The bulk foam stability was assessed for MFC concentrations of 0.025% and 0.05% by
weight. These concentrations were considered suitable as the MFC foams become
bubbly liquids (i.e. ϕ> 0.36) at concentrations close to 0.1% (Saint-Jalmes, 2006). This is
due to the high water retention ability of MFC (Nakagaito et al., 2009) and the significant

yield stress of MFC at these relatively low concentrations (Song et al., 2019a). The MFC
foams were prepared using 6 g/L Sodium dodecyl sulfate (SDS), 1:6 m/m% Sodium
iodide, and 0.85 g/L Octan-1-ol purchased from Sigma Aldrich, and desired
concentration of microfibrous cellulose (MFC) dispersion. The stock MFC dispersion was
prepared by first rinsing the bacterial cellulose samples (Wong Coco, Indonesia) with
deionized water, and then coarse blending using a laboratory blender (Sunbeam,
Australia). Next, the blended sample was homogenized for 5 minutes using a T18 digital
Ultra Turrax homogenizer, IKA, and 0.5 ml of Kathon (Supelco, USA) preservative was
added to approximately 0.4% cellulose to prepare the stock MFC dispersion. This
procedure is similar to Song et al. (2019a, 2019b). Finally, deionized water was added to
achieve the desired MFC concentrations in the foam solution.
Initially, SDS and NaI salt were mixed with deionized water and sonicated for 15 minutes
to allow all solids to dissolve. Next, Octan-1-ol and MFC in the required proportions were
pipetted into the surfactant-salt solution. The resulting solution was mixed with a Ratek
vortex mixer set at 2500 RPM for 1 minute to prepare a homogenous foam solution.
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Finally, the foams were prepared using the Bartsch method (Bartsch, 1924) by
constantly shaking the samples for 1 minute.
Three replicates were prepared for the two concentrations of MFC foams and closely
monitored using a high-resolution camera (Moticam 10MP, Motic) by capturing one
frame per 3.5 minutes over 100 hours. The time-lapse images were then imported to Fiji
software (Schindelin et al., 2012) to measure the foam volume (Vf) over time to evaluate
stability. The bubbly liquid zone and foam zone are difficult to distinguish using standard
thresholding. Thus, WEKA segmentation (Arganda-Carreras et al., 2017) was used for
more accurate identification of the foam area, which was then used to calculate the
foam volume for the time-lapse images.

4.6.2 Acquisition of dynamic µ-CT images
The bench-top Heliscan µ-CT equipment at the University of New South Wales Tyree Xray imaging facility was used to collect time-lapsed images of the foam dynamics. The µCT system consists of a Phoenix Nanofocus tube with a diamond window and a highquality flatbed detector (3072x 3072 pixels, 3.75 fps readout rate). Identical preparation
method as Section 4.6.1 was used to prepare the foam samples, and sequential µ-CT
images were collected using 5-minute scan times with a lag time of 1 minute between
imaging, i.e. temporal resolution of 6 minutes. Multiple images with a spatial resolution
of 5.5 µm were collected at early and late aging times for both 0.025% and 0.05% MFC
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foams. Each scan was obtained using a circular trajectory with the scan parameters
specified in Table 4.1.
Table 4.1: Scan parameters used for dynamic µ-CT imaging
Description

Scan parameters

Voxel size (μm)

5.55

Filter used

1 mm Aluminium

Voltage (kV)

80

Current (μA)

82

Exposure time (s)

0.43

Number of accumulations

1

Scan duration (minutes)

5

Number of projections

800

Sample position for imaging

~2 mm above foam-liquid interface

Height of image (mm)

6.98

4.6.3 Segmentation via machine-learning approach
To ensure accurate segmentation of the dynamic foam images, we firstly determine the
best performing CNN for this task by comparing commonly used network architectures,
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such as U-Net, U-Resnet, and EfficientU-net. CNNs depend on supervised learning, which
means that the architectures need to be trained using data. Due to the lack of actual
foam ground truth (GT) data, we created GT data using a manual segmentation method
that provides identification of the respective phases yet remains impractical to
implement for an entire 3D image; the details are provided in the next section.
To determine which network is performing well and whether it performs better than
traditional segmentation, quantitative analyses were carried out using three 2D GT slices
of 1000x1000 pixels to compare the Euler characteristic (χ) of the connected liquid
phase, total bubble area (Ag), and total liquid film area (Al). The χ indicates connectivity
(Michielsen and De Raedt, 2001; Ohser and Mücklich, 2000) and is calculated as
χ = objects − loops + cavities.

4.1

For measuring χ of the liquid foam phase, the number of objects is always one and there
are physically no cavities, and the number of redundant loops consist of the number of
unique complete paths that can be formed around the air phase.
In addition to the bulk analyses, a region-based accuracy was also determined to assess
where the foam interfaces are segmented correctly. To do this, the binary outputs
generated from the CNN were subtracted from the GT data to determine the
misclassified regions. These subtracted output images were then multiplied by the
Euclidean distance map of the GT data, which assigns a distance value to each voxel in
the image based on its distance from an interface. Then the frequency distribution of
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misaligned voxels with respect to distance from the nearest interfaces was determined
in 2D. This is performed since interface regions are often the most difficult to segment,
and thus a defining feature of any given segmentation approach would be how well the
interfaces are resolved (Sheppard et al., 2004). This is particularly important for the
study of foam systems, where interfacial forces play a dominant role in the dynamics
(Pugh, 1996).

4.6.3.1

Preparation of manually segmented GT data

Two sets of GT images were prepared for (1) training and (2) validation. For the manual
segmentation, interfaces were manually fed into the WEKA classification tool (ArgandaCarreras et al., 2017) to minimize unavoidable human errors in the manual
segmentation. All the interfaces were manually drawn and fed into the classifier for
generating highly accurate GT slices. The pixels in the image were then manually
selected to remove any wrongly identified phases. While the approach does introduce
human bias, the overall quality of the segmented images can be seen in Figure 2. As
observed in Figure 2, the interfaces are well resolved and representative of the foam
system.
For training data, greyscale 2D slices with the least movement, i.e., less blurry or fewer
double-edges, were cropped and manually segmented using WEKA segmentation. This
was done to minimize errors due to poor user judgment in generating the manual GT
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data. The GT slices used for training were of non-uniform sizes but comprised of a total
area of 5.4x 106 pixels.
For the validation data, a total area of 3x106 pixels, i.e., three 2D slices of 1000x1000
pixels, were selected from three vertical elevations: top, middle, and bottom, as the
drainage dynamics and the extent of motion artifacts are likely to vary with elevation
for the 3D image. Therefore, using three different heights allows us to evaluate the
performance over the entire range of possible image quality, and thus evaluate how well
the CNNs perform across the entire 3D dataset.

Figure 4.2: Generation of synthetic GT data via WEKA segmentation of a noisy 5-minute
foam scan. An increasingly high number of interfaces were manually fed into the WEKA
classifier to enhance accuracy of the manual segmentation.
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4.6.3.2

Traditional segmentation with non-local means and

watershed
Three 2D slices were also processed using a non-local means (NLM) filter (Buades et al.,
2005) followed by watershed segmentation (Vincent and Soille, 1991) in Avizo™ to
provide a baseline comparison to the CNN-generated data. This traditional method was
specifically chosen as it provides the highest visual accuracy compared to other filtering
steps and thresholding methods available in the Avizo™ software for the given dataset.
Generally, the NLM filter is effective for denoising a wide range of image noise common
for X-ray µ-CT techniques (Buades et al., 2011; Manjón et al., 2008; Sarker et al., 2012),
while watershed segmentation is advantageous as it provides relatively fast, accurate
boundary results with minimal user interference (Schlüter et al., 2014).

4.6.3.3

Training schedule

The training dataset was cropped into 1180 sub-slices of 96x96 pixels. The slices were
split into 960 for training and 240 for testing. Validation was then performed using 2D
GT to compare the resulting geometrical measures of the resulting foam structure. The
batch size was set to be 16 image slices. All networks were trained for 200 epochs with
an initial learning rate of 0.00001, which is halved if the accuracy is not improved in 80
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epochs. Adam solver was selected as the optimizer and cross-entropy loss was used as
the loss function

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = − �

𝑋𝑋

(𝑝𝑝𝑘𝑘 𝑙𝑙𝑙𝑙𝑙𝑙𝑞𝑞𝑘𝑘 ),

𝑘𝑘=1

where p is the GT target in scalar, q is the prediction output after softmax function, and
X is the number of labels. The training was implemented in PyTorch, using a Nvidia RTX
3090 Graphic Processing unit.

4.6.3.4

U-Net segmentation

U-Net (Ronneberger et al., 2015) has a symmetric encoding-decoding structure that is
widely used for image-to-image translation. The long skip connection in U-Net is
utilized to link the encoding layers to their corresponding decoding layers by
concatenation, which is beneficial for retaining shallow features of input images.
Therefore, U-Net is used in this study for CNN-based segmentation of foam grayscale
images. The basic structure of U-Net is shown in Figure 4.3. Overall, the U-Net network
contains 7.7 M trainable parameters with a calculation size (indicating the
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forward/backward pass size) of 109 MB.

Figure 4.3: Architecture of symmetric encoding-decoding U-Net, containing long skip
connection linked between encoding layers to decoding layers. The input image contains
three channels, and the output has two channels, indicating foam phase and
background.

4.6.3.5

U-ResNet segmentation

U-ResNet is an extended network of U-Net with residual skip connections. The short skip
connection is one of the primary reasons why ResNet outperforms other network
structures in image classification (He et al., 2016). Therefore, U-ResNet takes the
advantages of both the long skip connection used in U-Net and the short skip connection
used in ResNet, as shown in Figure 4.4. U-ResNet contains an encoding step and a
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decoding step, including 4 encoding blocks that extract different levels of features from
the input image and 4 decoding blocks that transpose these features into the segmented
output image. Shallow features are then retained by the skip connections. Overall, the
network contains 8.2 M trainable parameters, and the calculation size (indicating the
forward/backward pass size) is 138 MB.

Figure 4.4: Architecture of U-ResNet, containing both short skip connection (Residual
block) and long skip connection. The input image contains three channels, and the
output has two channels, indicating foam phase and background.
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4.6.3.6

EfficientU-net segmentation

Apart from the encoder-decoder symmetric network, EfficientU-Net is an encoderdecoder asymmetric structure that uses a network pre-trained on ImageNet for image
classification and feature extraction. In this study, a state-of-art pre-trained EfficientUNet (Tan and Le, 2019) with its advantage of high training efficiency by balancing
network depth, width, and resolution, is used as the feature extractor. During the
decoding step, a concept like U-Net and its long skip connection is used to transpose
features back to the segmented output image. Therefore, the overall encoder-decoder
asymmetric network is used to test its segmentation performance. The network
architecture is shown in Figure 4.5. The total trainable parameters are 32 M. However,
due to its high efficiency, the calculation size (indicating the forward/backward pass size)
is 86 MB, which is only 62% of U-ResNet.
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Figure 4.5: Architecture of EfficientU-Net-B3. The encoder contains several MobileNet
blocks. The decoder contains several upsampling layers with long skip connections
between encoding layers.

4.6.4 Foam quantification
The bubble volume and liquid fraction of the 3D binary segmented images for the two
MFC concentrations and various aging times were measured in Avizo™. The liquid
fraction (ϕ) was measured on the raw segmented images. However, to measure bubble
size, the conjoint air bubbles due to resolution limitations, i.e. partial volume effect

(Clausnitzer and Hopmans, 1999), were separated using the ‘separate objects’ tool, and
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the ‘opening’ filter was applied to remove any objects with less than 3 pixels to minimize
error in bubble size measurements due to noise. Finally, the ‘label analysis’ function was
used to measure the bubble volume (V). Since most of the bubbles were highly spherical,
the bubbles were assumed to be fully spherical, the volume-equivalent diameter (di) was
calculated as

6𝑉𝑉

3

𝑑𝑑𝑖𝑖 = � 𝜋𝜋 .

4.2

The volume-equivalent diameters (di) were then used to calculate the Sauter mean
diameter (d32). The d32 for the total number of bubbles N present in the foam structure
is calculated as

∑𝑁𝑁 𝑑𝑑3

𝑖𝑖
𝑑𝑑32 = ∑𝑖𝑖=1
𝑁𝑁 𝑑𝑑2 .

4.3

𝑖𝑖=1 𝑖𝑖

Also, the Plateau border diameter (𝐷𝐷𝑃𝑃𝑃𝑃 ) and node radii (𝐷𝐷𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ) of the 0.025% and 0.05%

MFC foams were estimated from the µ-CT images using pore network extraction (Muin
et al., 2020). Implementation of pore network modeling (PNM) on the segmented liquid
phase of the foam image provides spherical pores that correspond to foam nodes, and
cylindrical connections that correspond to Plateau borders (PB) distributed across the
foam structure, as shown in Figure 4.6.
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Figure 4.6: Application of pore network modeling (PNM) to estimate the size of Plateau
borders and nodes

Lastly, confocal images and liquid rheology measurements of the MFC foam samples at
0.025% and 0.05% were obtained to help explain the bulk and microscale observations
made. The confocal scans were acquired using the Zeiss LSM 880 inverted confocal laser
scanning microscope (CLSM) that utilizes an Airyscan module, while the liquid rheology
measurements were obtained using the Discovery HR-1 hybrid rheometer for the two
MFC concentrations.
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4.7 Results
The fast-aging dynamics of the MFC foams are evaluated by implementing EfficientUnet segmentation. Firstly, quantitative findings that justify the usage of EfficientU-net
are covered followed by a 3D microscopic study of the foam dynamics. The unique
stabilization mechanism of MFC foams is elucidated along with the identification of the
dynamic aging mechanisms that occur prior to the foam being arrested by the MFC.

4.7.1 Bulk stability of MFC foams
High-resolution time-lapse images were used to identify how the bulk foam evolves with
respect to foam aging time. It is evident from that as the MFC foams drain, the foamliquid interface moved upwards as liquid accumulated at the bottom of the foam phase.
However, the position of the foam-liquid interface in Figure 4.7 remained static after
approximately t= 0.25 h and t= 0.5 h for the 0.025% and 0.05% MFC, respectively. At this
point, a balance between drainage and capillary forces was achieved and an equilibrium
liquid distribution profile was established (Magrabi et al., 2001; Neethling et al., 2005).
This compared well with the theoretical free drainage times (Rio et al., 2014) of 0.27
hours and 0.58 hours (see Appendix F) for the 0.025% and 0.05% MFC foams,
respectively.
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Figure 4.7: Time-lapse images of the bulk foam between t= 0 to 5 hours with MFC
concentrations of 0.025% and 0.05%. The position of the foam-liquid interface remains
relatively static after free drainage has completed at approximately t= 0.25 hours and
0.5 hours for the 0.025% and 0.05% MFC foams, respectively.

Average foam volume (Vf, avg) versus t, based on 3 replicates, is provided in Figure 4.8
based on quantitative analysis of the images in Figure 4.7. For both 0.025% and 0.05%
MFC foams, a rapid decrease in Vf, avg over t was observed within the initial 0.5 hours of
aging in Figure 4.8. This observation corresponds well with the theoretical free drainage
times reported in Appendix F and the bulk foam stability observed in Figure 4.7. After
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the free drainage regime is completed, a steady decrease in Vf, avg versus t was observed
that appears to be non-linear. In this intermediate regime, the rate at which Vf, avg
decreases also declines. Finally, the foams are considered arrested when the Vf, avg
remains relatively constant. This point is defined as the earliest time at which Vf, avg
decreases no more than 0.1% over 30 minutes (see Figure 4.8). Thus, the time taken for
the 0.025% and 0.05% MFC foams to fully arrest was calculated as 84.3 hours and 26.5
hours, respectively. Hence, in the intermediate region, i.e., after the free drainage
regime and before the foam arrest, we expect that micro-scale drainage occurs due to
the onset of diffusive coarsening and coalescence events, consistent with the evident
increase in bubble size in Figure 4.7 with time. Coarsening and coalescence of the foam
will be discussed in further detail in Section 3.4.

Figure 4.8: Plot of average foam volume Vf, avg in cm3 versus foam aging time t in hours
illustrates that the foam volume remains stable on the order of few days due to the
arresting behavior of the liquid phase. The bulk foams arrest at approximately 84.3
hours and 26.5 hours as indicated by the vertical lines for the (a) 0.025% MFC and (b)
0.05% MFC, respectively. The dashed curves provide the standard error in the Vf, avg
measurements that are based on three replicates.
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Hence, the data presented in Figure 4.7 and Figure 4.8 suggest that µ-CT imaging will be
challenging during the initial aging time, i.e. t < 0.5 hours when rapid dynamics in foam
structure are expected. Moreover, it suggests that shorter scan time in the order of
minutes is required to minimize possible motion artifacts and capture the fast-aging
dynamics at early times. Thus, to test the limitations of imaging foam dynamics with µCT and evaluate the capabilities of advanced machine learning approaches to extract
quantitative data, we focused on aging times immediately following the free drainage
regime to evaluate the various approaches for image segmentation. We will then
investigate the structural dynamics over time to understand the fundamental
mechanisms that drive the processes observed in Figure 4.8.

4.7.2 Impact of scan time on µ-CT images
For static objects, longer scan times provide higher SNR, which is the main rationale for
a scan of many hours (Bultreys et al., 2016a). To assess the impact of scan time on image
quality for dynamic samples, two µ-CT images of the 0.025% MFC foam at t = 9 hours,
prior to foam arrest (see Figure 4.8) were acquired. The µ-CT images with scan times
of 5 and 30 minutes are shown in Figure 4.9a. Reduced motion artifacts were observed
with the shorter 5-minute scan compared to the longer 30-minute scan, which had
significant streaking artifacts caused by movement (Park et al., 2015). However, the 5min scan appeared granulated within the homogenous regions with an observable
broad range of grey-scale values.
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Figure 4.9: (a) Example of a 5-minute scan (left) followed by a 30-minute scan (right) of
the same foam sample where the darker greyscale values represent the less dense air
phase and lighter greyscale values represent the denser liquid phase; (b) Frequency
distribution of the greyscale pixel values ranging from 0 to 255. The 5-minute scan shows
a broader peak compared to the narrower peak for the 30-minute scan due to the
presence of higher noise levels in the shorter 5-minute scan.

The frequency distributions of the greyscale voxels for the 5-minute and 30-minute
scans are provided in Figure 4.9b. Broader distribution is observed for both the scans
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without well-defined peaks for the liquid and air phases. As observed in Figure 9a, the
motion artifacts, represented by the higher pixel values, in the 30-minute scan are
significant, resulting in poorly resolved gas cell interfaces. This also aligns with the plot
of Vf, avg versus t for the 0.025% MFC foam shown in Figure 4.8a, where the foam aging
mechanisms are dynamic at t= 9 hours since the bulk foams arrest at a much later time
of about 84.3 hours.
Relatively fast dynamics also result in motion artifacts for the 5-minute scans during the
early stages of foam aging. This is observed in Figure 4.10 where several 5-minute scans
are presented for the first 1 hour of aging. For both MFC concentrations, the image
quality significantly improves for aging times greater than 30 minutes, as the foam
dynamics slow down. The air-liquid interfaces do not become sharp until after
approximately 30 minutes. Evidence of coalescence (shown with red arrows) and
diffusive coarsening (shown with yellow arrows) in the first hour of foam aging is evident
in Figure 9. For the coalescence zones, two bubbles merge and become a larger bubble
while in the diffusive coarsening zone, the smaller neighboring bubble shrinks while the
larger neighboring bubble grows.
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Figure 4.10: Demonstration of image quality for the MFC foams at 0.025% and 0.05%
bulk fiber concentrations at various aging times. Enhancement in image quality is
observed for t > 30 minutes as the foam dynamics slow down. The presence of
coalescence events is indicated by red arrows and diffusive coarsening regions are
indicated by yellow arrows. For the coalescence events, two bubbles merge while in a
diffusive coarsening region, a smaller neighboring bubble shrinks while the larger
neighboring bubble grows.
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4.7.3 Justification: image segmentation technique
The approach for segmenting the dynamic foam images was carefully selected by
comparing its performance over 3 million pixels of GT data. Afterwards, the accuracy of
each segmentation method was quantified and the technique yielding the least absolute
error was chosen to segment the MFC foam images.
To quantify the quality of segmentation, an average error rate (εavg) was calculated by
averaging the percentage errors in the measurement of Euler characteristic (χ), liquid
phase area (Al), and air phase area (Ag). The results are shown in Table 4.2. Overall,
EfficientU-net provided the least average error (εavg) of 11.5%, which is a significant error
reduction from the traditional segmentation method involving the NLM filter followed
by watershed segmentation, which resulted in a significantly higher εavg of 28.0%. In
addition, EfficientU-net was significantly more effective at minimizing the error in χ
measurements. The χ provides an indication of the connectivity of the liquid phase and
is a crucial metric that determines the accuracy of numerous quantitative
measurements, such as permeability, and other transport processes in complex media
(Armstrong et al., 2019). Hence, greater accuracy of χ means that simulations or
modeling work on the segmented images would be more reliable.
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Table 4.2: Percentage errors in the measurement of Euler characteristic (χ) of the liquid
phase, Total area of liquid films (Al), and Total area of air bubbles (Ag) with respect to
the GT to compare the performance of the different CNN techniques. The reported
figures are generated using the average of three 1000x1000 pixels GT slices. The average
error (εavg) presented in the last row is an average of the errors for χ, Al, and Ag.
EfficientU-net demonstrates the least average error across all the segmentation
techniques as shown in the last row.
% error
χ of liquid

U-Net

U-Resnet

EfficientU-net

Watershed

59.8

38.9

32.4

82.4

1.39

0.476

0.136

0.109

19.6

6.71

1.87

1.54

26.9

15.4

11.5

28.0

phase
Total area of
liquid films
(Al)
Total area of
air bubbles
(Ag)
Average error
rate (εavg)

Overall, it is deduced from Table 4.2 that EfficientU-net provided the closest match to
the GT data in comparison to the other segmentation techniques. Nonetheless, the
percentage errors in total bubble area and total liquid film area for the EfficientU-net
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and watershed segmentation are quite similar, which suggests that further investigation
is required to delineate between these two segmentation methods.
To further evaluate the performance of the CNNs and traditional segmentation, the
frequency of wrongly assigned pixels with respect to the GT data was plotted as a
function of distance from an interface. The results based on 3 x 106 pixels of GT data are
presented in Figure 4.11. It is evident that the air-liquid interface experiences the highest
frequency of misidentified voxels. The percentage error is relatively high for locations at
a one-pixel distance from the interfaces in Figure 4.11, even though the percentage
errors for bulk geometrical measurements in Table 4.2 are relatively low. This trend is
expected since the interfacial regions are highly difficult to segment.

Figure 4.11: Histogram of percentage of error pixels with respect to distance from the
interface. The error level is higher closer to the interface due to the low SNR of the
micro-CT images. It is observed that the U-ResNet and Watershed underestimate the
liquid phase while the U-Net and EfficientU-Net underestimate the air phase. The total
number of pixels within a distance of pixel=4 from the interface is 43075.
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Figure 4.11a demonstrates that watershed segmentation had the highest frequency of
misidentified voxels within the air phase that are one-pixel distance from an interface;
on the other hand, Figure 4.11b demonstrates that EfficientU-Net had the highest
frequency of misidentified pixels within the liquid phase that are a one-pixel distance
from an interface. To gain an overall understanding of which segmentation technique
provided the most accurate segmentation of the interface, the sum of the misidentified
pixels at a one-pixel distance was calculated. As presented in Table 4.3, Efficient U-net
had the lowest sum of misidentified pixels at a one-pixel distance from an interface. One
possible explanation is that EfficientU-net yields higher accuracy due to the pre-trained
B3 structure, which is absent in U-Net and U-ResNet, and thus may provide a better
feature extraction encoding process (Tan and Le, 2019).
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Table 4.3: Frequency of misidentified pixels for the air and liquid phases at a distance of
one pixel from the air-liquid interface. The highest accuracy is achieved with EfficientUnet, which consists of the least overall sum of misidentified pixels. The total pixels
present in the image at a one-pixel distance are 10750.
Error pixel

U-Net

U-ResNet

EfficientU-net

Watershed

Air phase

2930

4169

2475

5039

Liquid phase

1869

1292

1930

1227

Overall Sum

4799

5461

4405

6266

frequency

Given the overall performance, it was decided that EfficientU-net was the most suitable
segmentation method to study the MFC foam. This was based on bulk geometrical
measures and pixel identification near the air/water interface. Both performance
measures are particularly important when studying the physics of a system controlled
by interfacial forces, and thus the geometry of interfaces is of utmost importance.

4.7.4 Evaluation of the MFC foam dynamics
As previously observed in Figure 4.10, there was significant movement due to foam
drainage for t < 30 minutes. The first image that could be segmented was collected
approximately 45 minutes after foam generation. The initial bubble size distributions for
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the two MFC concentrations at 45 minutes are presented in Figure 4.12. Higher
polydispersity of the foam bubbles was observed for the lower MFC concentration at
early aging times in Figure 4.12, which provides the surface renderings and initial bubble
size distributions for the MFC foams. To confirm this, polydispersity was estimated using
the polydispersity parameter (p32) which is calculated using the Sauter mean diameter
(Drenckhan and Hutzler, 2015; Kraynik et al., 2004) for the two MFC foams. The p32 for
the 0.025% MFC foam was 0.172, and 0.05% MFC foam was 0.037 at t= 45 minutes,
which means that the 0.025% MFC foam system was more polydisperse.
The difference in polydispersity observed at approximately t= 45 minutes was primarily
attributed to the dynamics during foam generation. The bulk viscosity of the MFC fluid
was expected to be higher at 0.05% MFC, which means that the bubbles are less likely
to coalesce during foam production, which would produce a more uniform size
distribution of bubbles. With the 0.025% MFC concentration, however, the degree of
coalescence is presumably higher as the bubble lamellae can rupture more easily in a
less viscous medium, and thus form a wider range of initial bubble sizes. The bulk
rheological measurements of the MFC fluid at 0.025% and 0.05% are provided in Figure
4.13b where the viscosity is three times higher for the 0.05% MFC concentration at low
shear rates. The lowest shear rate used in the measurement was approximately 1 s-1
which was considered to be representative of a slowly draining foam (Safouane et al.,
2006). Overall, the difference in viscosity influenced the foam formation process, which
impacted the initial size distribution.
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Figure 4.12: Higher polydispersity is observed for the 0.025% MFC foam. This is
attributed to the higher degree of coalescence experienced at the 0.25% MFC
concentration during foam generation.

The rheology of the interstitial fluid present in the MFC foam was strongly influenced by
the extent of fiber entanglement. Figure 4.13 presents the CLSM images showing the
MFC structure within the foam lamellae and provides the rheological measurements at
the two MFC concentrations. While the cellulose fibers were nanometer in diameter,
they were micrometer in length and formed an entangled scaffolding-like network
(Pääkkö et al., 2007) that spans across the Plateau borders and nodes of the foam
structure, see Figure 4.13a. It is known that the entanglement of the cellulose fibers
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results in yield stress that inhibits the liquid phase to flow (Iotti et al., 2011; Tatsumi et
al., 2002). Hence, the viscosity is higher with the 0.05% MFC concentration as it can
presumably form a more entangled network due to the higher density of fibers present
in the dispersion (Martoïa et al., 2016; Song et al., 2019a, b). As observed in Figure
4.13b, the difference in viscosity versus MFC concentration was most significant at lower
shear rates as would be expected during foam aging. At high constant shear rates, the
entangled fibers align along flow lines and disentangle, causing a reduction in viscosity
(Iotti et al., 2011; Karppinen et al., 2012; Saarikoski et al., 2012). Typically, the likelihood
of entanglement increases with fiber length and decreases with fiber diameter (Hill,
2008; Mendoza et al., 2018; Pääkkö et al., 2007). Overall, the entanglement of the MFC
fibers is responsible for the shear-thinning behavior and the effective viscosity of the
dispersion medium.
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Figure 4.13: (a) Confocal images of the foam phase for 0.025% and 0.05% MFC, (b) Bulk
liquid viscosity versus shear rate for 0.025% and 0.05% MFC, (c) Shear stress versus shear
rate for 0.025% MFC and 0.05% MFC. The entanglement of the high aspect ratio MFC
nanofibers results in yield stress that inhibits the liquid phase to flow. The foam bubbles
surrounded by the 0.05% of MFC fibers experience higher viscosity and higher yield
stress than 0.025% as the shear rate from the foam preparation method is relatively low.

Variation in the foam drainage rates was observed between the two MFC
concentrations. Figure 4.14 shows that the liquid fraction of the 0.025% MFC foam was
nearly constant between 45 to 65 minutes, but the liquid fraction values for the 0.05%
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MFC decreased in this time interval. This is attributed to the yield stress of the interstitial
fluid, which increases as a function of MFC fiber concentration (Song et al., 2019a).
Hence, for the 0.05% MFC foam the interstitial fluid must overcome greater yield stress
to drain through the network of Plateau borders and nodes. This means that free
drainage occurs over a greater timescale, and while free drainage has completed for the
0.025% MFC in the first 30 minutes, the 0.05% MFC foam continues to drain for the first
hour. This behavior aligns with the estimated free drainage times provided in Appendix
F and is also captured in Figure 4.7 where the foam-liquid interface for the 0.05% MFC
foam continues to rise within the first hour of aging, but the foam-liquid interface
remains relatively static for the 0.025% MFC foam.
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Figure 4.14: Plot of liquid fraction versus distance from the top of the foam image for
MFC concentrations of 0.025% and 0.05%. The liquid fraction for the 0.05% MFC remains
almost constant while the liquid fraction of the 0.025% MFC decreases over time. This
behavior represents the higher yield stress of the 0.05% MFC fibers which decelerate
foam drainage and elongate the timescale for the free drainage regime.

As previously seen in Figure 4.8, the liquid phase appears to become arrested at late
time. It is hypothesized that the MFC concentration within the liquid phase increases as
the foam drains. Once a critical MFC concentration is obtained the foam is arrested, and
thus foam volume versus time becomes relatively static. This would occur if the MFC
remains within the PB channels as the liquid drains, resulting in an increased
concentration. To check if physical clogging of the MFC fibers could occur, the PB and
node diameters within the liquid phase were measured using pore network modeling
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(Muin et al., 2020). The nodes are the locations where multiple PBs come together. The
network distributions are provided in Figure 14. At 45 minutes, the average PB diameter
was approximately 90 micrometers, and the average node diameter was approximately
300 micrometers. In comparison to the length scale of the MFC fibers, which are on the
order of tens of microns in length with larger scale tertiary structures due to fiber
entanglement, as seen in Figure 12a, it is expected that the fibers are trapped within the
foam liquid phase. Such two-fluid behavior is consistent with dynamics observed during
micro-rheology characterization of these MFC dispersions, where increased yield stress
was observed during slow deformation of the fluid that caused local drainage (Song et
al., 2019b).
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Figure 4.15: Normalized frequency distribution of (a) Volume equivalent diameter of
nodes (Dnode), (b) Volume equivalent diameter of Plateau borders (DPB) for the MFC
0.025% and 0.05% foams aged by approximately 45 minutes obtained from pore
network modeling. The average PB diameter was 73 µm and 89 µm for the 0.025% and
0.05% MFC foams.

Prior to the foam being arrested, the change in bubble size over time was evaluated to
investigate how MFC influences the foam aging mechanisms of diffusive coarsening and
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coalescence. For both MFC concentrations, an increase in Sauter mean bubble diameter
(d32) and decrease in bubble count (N) were observed with respect to foam aging time.
The results are provided in Table 4.4. For the 0.05% MFC foam, the change in bubble
size was slower which was due to the lower likelihood of coalescence and slower
diffusive coarsening as it was a more viscous medium. These measurements suggest that
diffusive coarsening and coalescence occurred before the foam was arrested.

Table 4.4: Sauter mean diameter (d32) and the Total number of bubbles (N) for the
0.025% and 0.05% MFC foam at different aging times (t). Greater change in bubble size
and higher reduction in number of bubbles is observed at the lower concentration of
MFC which is more prone to coalescence.
MFC 0.025%

46 mins

52 mins

58 mins

64 mins

d32 (mm)

1.08

1.11

1.19

1.25

N

2765

2739

2250

2005

MFC 0.05%

47 mins

53 mins

59 mins

65 mins

d32 (mm)

0.80

0.81

0.85

0.87

N

3757

3495

3247

3162
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Further evidence of diffusive coarsening was found by considering the frequency
distributions of bubble sizes versus time. The 3D volume renderings in Figure 4.16a
suggest that the foam bubbles become bigger and lesser in number with respect to foam
aging time. Further details of the size distributions are provided in Figure 4.16b, which
shows that the proportion of intermediate bubbles decreased over time while the
proportion of larger bubbles grew, and the number of smaller bubbles increased. This
behavior is characteristic of diffusive coarsening and aligns with findings of Lemlich
(1978) which suggested that for a coarsening-only system, bubbles with radii smaller
than the instantaneous radius (r21) will shrink, while bubbles with radii larger than r21
will grow over time. While some large bubbles are possibly formed via coalescence, it is
reasonable to conclude that the smaller bubbles can only form due to diffusive
coarsening since the formation of satellite bubbles during coalescence in such a viscous
medium was unlikely.
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Figure 4.16: (a) 3D volume renderings of the 0.05% MFC foams at t= 1.1 hours, 21 hours,
and 44 hours, (b) Frequency distribution of bubble sizes at these corresponding aging
times showing propagation of diffusive coarsening occurring as intermediate bubbles
larger than r21 grow, and intermediate bubbles smaller than r21 shrink. This causes a
reduction in the number of intermediate bubbles and an increase in the number of
smaller bubbles, and the number of larger bubbles leading to a bimodal size distribution.

Indeed, it is difficult to decouple coalescence and diffusive coarsening, it is reasonable
to suspect that coalescence events would reduce with aging time as the effective MFC
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fiber concentration increases. This effect mainly relates to viscosity since it is difficult for
highly viscous films to rupture and coalesce. Certainly, coalescence was observed with
the 0.025% MFC foam for the first hour of aging (see Figure 9), but little or no
coalescence was observed for the 0.05% MFC foam. Hence, coalescence occurs during
foam generation and immediately after foam formation when the effective viscosity of
the interstitial fluid remains relatively low, while diffusive coarsening appears to
dominate at later times before the foam becomes arrested.
Additionally, it is reasonable to conclude that diffusive-coarsening processes dominate
over the coalescence and drainage mechanisms in the post-foam arrest regime and is
primarily responsible for the foam death. However, such late aging times were not
covered in this study as we were more interested to test the limitations of µ-CT imaging
by considering early aging times when the foam dynamics are relatively faster.

4.8 Conclusions
Our study focused on how MFC nanofibers impacted foam drainage, coalescence, and
diffusive coarsening mechanisms at the microscopic scale. We found that the
stabilization mechanism of MFC fibers is unique and differs from that of Pickering foams
stabilized by inorganic particles, such as silica nanoparticles, which involve denser
crowding of particles at the foam-liquid interface to achieve stabilization (Stocco et al.,
2011a; Stocco et al., 2011b). The MFC nanofibers are efficient at arresting foams with
only a small weight percentage of fibers (< 0.05%) due to the high aspect ratio of the
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fibers, and their ability to form entangled tertiary structures which enhances the bulk
viscosity of the interstitial fluid and restrict foam drainage. This effectiveness, at such
low weight percentages, would be highly preferred for many industrial applications as it
is economically viable and does not produce undesirable thick mixtures. In addition, the
substitution of inorganic particles with MFC to achieve foam stabilization would be an
environmentally friendly option since MFC is non-toxic and biodegradable (Abdul Khalil
et al., 2012). Therefore, MFC could be applicable for a wider range of applications, such
as drug delivery, food, and cosmetics where non-toxicity is a prerequisite (Guevara et
al., 2013).
The main findings are the following.
(1) Dynamic µ-CT imaging coupled with EfficientU-net segmentation can provide an
accurate 3D geometrical representation of dynamically aging MFC foams.
(2) The proposed technique can achieve a high temporal resolution of 6 minutes.
This is extremely uncommon with bench-top µ-CT systems, which are generally
considered unsuitable for studying fast-aging systems.
(3) The machine-learning segmentation approach demonstrated is transferable to
low SNR data, which can in turn enhance the temporal resolution of any 3D
imaging technique.
(4) A small weight percentage of MFC can be effective at significantly stabilizing
liquid foams due to the entanglement and high aspect ratio of the MFC.
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(5) MFC becomes trapped within the foam structure and concentrates over time,
and eventually reaches a critical concentration where the foam is arrested.
(6) Employing multimodal imaging such as µ-CT, CLSM, and bulk foam imaging can
provide an effective means to study microscale foam stability mechanisms as
opposed to traditional bulk foam studies.
While these findings highlight the foam stabilization mechanisms of MFC, further work
is required to elucidate the critical MFC concentration at which this arrest occurs. In
addition, while MFC is effective at foam stabilization, the influence of its fiber length and
fiber concentration on the degree of entanglement remains unclear and could be the
focus of future work. Lastly, the proposed machine-learning technique coupled with µCT could be implemented to study a wide range of soft matter systems that are
composed of immiscible phases. As such, the scope of this work lies beyond the study
of only MFC; the proposed methodology could be utilized to study various phase
separation processes, aging dynamics of foams, and/or the aggregation of emulsion
droplets where a temporal resolution in the order of few minutes can be useful to
quantify the aging dynamics.
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Appendix F

Calculation for theoretical free drainage

time
The timescale for free drainage (tdrain) is estimated using the following equation (Koehler
et al., 2000; Rio et al., 2014):

𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =

𝐻𝐻𝐻𝐻
𝜅𝜅𝜅𝜅𝜅𝜅𝑅𝑅 2 𝜙𝜙 𝛼𝛼

4.4

where 𝐻𝐻 is the average foam height of the three replicates estimated from the bulk
foam images, 𝜂𝜂 is the viscosity at a shear rate of 1 s-1, 𝜅𝜅 is a dimensionless permeability
constant of order 10-2, ϕ is the liquid fraction estimated from the µ-CT image analysis, α

is the mobility constant which is assumed as 0.5 in this case (Saint-Jalmes et al., 2004),

𝑔𝑔 is gravitational acceleration of 9.81 ms-2 and 𝜌𝜌 is assumed as density of water since

presumably the fibers are retained in the foam phase, while the liquid drains out of the
foam phase.
Using Eq.4.4, the estimated timescale of free drainage was 0.27 hours and 0.58 hours
for the 0.025% and 0.05% MFC foams, respectively.
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5 X-ray vision: arrested coalescence and
restructuring of emulsions
5.1 Link to dissertation
In Chapter 5, I conducted a detailed 3D morphological analysis of oil-in-water emulsion
systems by using µ-CT imaging and advanced quantitative metrics. I was motivated to
perform this work to contrast with previous 2D studies and demonstrate the utility of
3D imaging. Thus, the work presented in this chapter provides detailed 3D topological
and geometrical information for two O/W polydisperse emulsion systems. The work is
anticipated to inspire future work to study a broad range of emulsion systems using the
tools demonstrated in the chapter. Thus, Objectives 1, 3, and 4 are fulfilled in this
chapter.
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5.2 Details of publication
The following publication in progress: ‘Muin, S.R., Hosseini, M., Spicer, P.T., Armstrong,
R.T., 2021. X-ray vision: arrested coalescence and restructuring of emulsions. Journal
of Colloid and Interface Science’ is provided in lieu of Chapter 3. In line with the UNSW
Examination procedure, I am the ‘primary author’ of the publication and contributed
greater than 50% of the publication content. The contributions of all authors are
provided below:
Syeda Rubaiya Muin: Conceptualization, Methodology, Software, Validation, Formal
Analysis, Data Curation, Visualization, Writing-Original Draft Maryam Hosseini:
Investigation, Visualization Patrick T. Spicer: Conceptualization, Writing- Review &
Editing Ryan T. Armstrong: Conceptualization, Writing- Review & Editing, Supervision
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5.3 Abstract
Emulsion structure is commonly studied using bulk measurements without direct
observation of 3-dimensional (3D) morphological properties. X-ray microcomputed
tomography (µ-CT) provides a convenient tool to visualize the internal structure of
complex emulsion microstructures at micrometer resolution. We study the arrested
coalescence and restructuring of emulsions based on their viscoelasticity. We
hypothesize that viscoelasticity provides a stabilizing force to counter interfacial forces
that drive coalescence, resulting in significantly different restructuring mechanisms and
arrested microstructures. Network modeling of the emulsion structure based on microCT images along with topological and geometrical quantification of the arrested
microstructure demonstrates that restructuring mechanisms previously identified for
idealized 2-dimensional (2D) systems are of low prevalence for 3D emulsions. The 3D
system provides an additional factor of interfacial forces that stabilize the emulsion
aggregate in addition to the viscoelastic forces, while the opportunity for collisions that
result in restructuring are limited for 3D poly-disperse systems. These factors result in
an open chain-like aggregate structure that is disordered, and thus lacks crystalline
packing orders identified in simplified 2D systems. These results provide detailed
morphological characterization critical for fundamental insights on arrest coalescence,
droplet self-assembly and model development.
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5.4 Keywords
X-ray microcomputed tomography, Emulsions, Strain, Elasticity, Topology, Geometry

5.5 Introduction
Emulsions are formed when an immiscible phase is dispersed within another continuous
phase (Walstra, 1993). Applications for emulsions are ubiquitous over a wide range of
industries, such as food (Friberg et al., 2003; McClements, 2011), pharmaceutical (Albert
et al., 2019; Anton and Vandamme, 2011), cosmetics (Kabri et al., 2011; Venkataramani
et al., 2020) and petroleum (Kokal, 2005; Schramm, 1992). For a given application, the
emulsion microstructure plays a pivotal role in achieving a desirable product texture and
quality (Fuller and Vermant, 2012). The microstructure, however, can be destabilized by
coalescence of the dispersed phase, which leads to phase separation or complete loss
of the emulsion structure (Marrucci, 1969). A common practice to circumvent
coalescence is the addition of a viscoelastic substance to the dispersed phase (Boode et
al., 1993; Fredrick et al., 2010b). The internal elasticity allows coalescence to begin but
then halts it before completion by balancing the interfacial Laplace pressure in a process
known as partial, or arrested, coalescence (Pawar et al., 2012).
Arrested coalescence is the basis for the formation of three-dimensional networks of fat
and oil droplets in commercial product, contributing to the texture and customer
perception of ice-cream and margarine (Goff, 1997, 2002; Vanapalli and Coupland,
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2001) but also reducing stability in other dairy foods when flocculation of oil droplets
reduces product shelf-life (Petrut et al., 2016).
Previous works on arrested coalescence have focused on the underlying mechanisms in
simplified two-dimensional (2D) systems for a limited number of droplets. The
conceptual model developed by Pawar et al. (2012) focused on droplet doublets and
showed that competition between elastic and interfacial forces could be used to predict
different stages of arrested coalescence. Their findings were later verified
experimentally for droplets consisting of petrolatum (Pawar et al., 2012) and natural fat
(Thiel et al., 2020). The mechanisms of arrested coalescence, however, become more
complex when a third droplet is added to the droplet pair, as structural reorganization
can occur in addition to arrest (Dahiya et al., 2017).
The restructuring mechanism in emulsions can significantly alter the packing of droplets
(Thiel et al., 2020), which in turn leads to alteration in the product texture and
mechanical properties (Abedi et al., 2019). For the aggregation of three droplets,
restructuring occurs by capillary forces when a third droplet collides with a droplet pair
at a sufficiently close angle of approach (Dahiya et al., 2017). Multi-droplet aggregates
were also studied by Thiel et al. (2020), finding evidence that restructuring was more
likely to occur in emulsions of droplets with lower internal elasticity, forming more
compact hexagonal close-packed regions. These studies are, however, limited to 2D
systems and fewer than 1000 droplets. Little is known about the packing and
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restructuring of 3D multi-droplet aggregates formed in systems with thousands of
droplets, yet these systems most closely resemble actual commercial products. Past
studies of full droplet networks have focused on bulk measures like rheology (ThivilliersArvis et al., 2010), but lack 3D microstructural quantification, which would help explain
how mechanical properties develop in an emulsion system.
Emulsion structure is commonly studied using light scattering or microscopic
techniques, which provide an excellent probe of the ensemble bulk properties and
length scales involved. But these measures do not provide detailed 3D morphological
characterization, which is needed to understand the mechanical behavior of emulsion
systems. Therefore, current knowledge of arrested coalescence and restructuring
mechanisms are limited. Further work is required to understand how the 3D
morphological properties of emulsion systems influence their bulk behavior. In
particular, the topology of arrested droplet networks is known to play a critical role in
the rheological behavior of the system (Dinsmore and Weitz, 2002), which requires 3D
morphological characterization.
The aim herein is to provide 3D morphological characterization of an arrested emulsion
system to facilitate the modeling and design of complex emulsion microstructures. Xray microcomputed tomography (µ-CT) provides a convenient tool to image the bulk
emulsion microstructure in 3D. It has previously been used in food science (Schoeman
et al., 2016; Wang et al., 2018) to study emulsions in ice-cream (Guo et al., 2017) and
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mayonnaise (Laverse et al., 2012) but no detailed structural characterization study has
been carried out on arrested emulsions. Thus, the following work focuses on: (1)
developing quantitative metrics to evaluate arrested coalescence and restructuring
mechanisms in a 3D multi-droplet system, and accentuating past models (Thiel et al.
2020), (2) assessing the impact that viscoelasticity has on arrested coalescence and (3)
providing novel insights into the complex morphology of 3D emulsion systems.

5.6 Experimental methods
Two emulsions of hexadecane droplets containing 30% and 70% paraffin solids were
prepared and investigated using µ-CT imaging. The two different solids concentrations
impart significant differences in viscoelasticity to the droplets, with distinct variations in
degree of arrest and emulsion structural morphologies (Pawar et al., 2012). In the
following, the experimental methods will be explained while the advanced image
processing methods used will be covered in the subsequent section.

5.6.1 Emulsion preparation
Two oil-in-water emulsions with 30% w/w paraffin and 70% w/w paraffin were prepared
by mixing the oil phase and aqueous phase at 1:2 mass ratio. The desired elasticity of
the dispersed oil phase was achieved by varying the mass ratio of paraffin (Ajax
Finechem) and hexadecane (Sigma-Aldrich, 99%). Shear was applied by hand shaking
the emulsions for 30 seconds to disperse the oil droplets in a continuous aqueous
medium of 0.2 wt% Carbopol 846. Aqueous neutralized Carpobol is a yield stress fluid,
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which facilitates the dispersion, and suspension of the dispersed oil droplets during
shaking. A temperature-controlled water bath set at 80°C was used to regulate the
temperature during emulsion preparation. The polydisperse emulsion mixtures were
then refrigerated at 4°C for 15 minutes to initiate paraffin crystallization and form
partially crystalline, separate emulsion droplets.
Finally, sodium iodide at 1:6 (salt : emulsion) mass ratio was added to the cooled
emulsion mixtures to dissolve the jammed structure of Carbopol 846 (Nowbahar et al.,
2019). The addition of salt gradually removed the yield stress of the aqueous phase and
allowed the droplets to rise to the top of the vial by buoyancy. Upon colliding, the
droplets undergo partial or total coalescence depending on their viscoelasticity. At the
top of the vial, a stable and arrested aggregate of droplets is formed.

5.6.2 Confocal laser scanning microscopy
Oil droplets are stained with Nile red to enable fluorescent imaging via confocal
microscopy. Nile red dye was first dissolved in acetone at a concentration of 1 mg/ml
and then a drop of the solution was added to 1 ml of melted oil phase held at 80° C.
Then 0.5 ml of oil phase was added to 5 ml of a pre-heated 0.075 wt% aqueous MFC
dispersion. The sample was then shaken by hand for one minute and the sample was
cooled to ensure full crystallization of the internal paraffin network in each droplet
before imaging.

202

Emulsions were imaged using a Zeiss LSM 880 inverted laser scanning confocal
microscope equipped with a 10X air immersion objective, NA = 0.45, and a 20X air
immersion objective, NA = 0.8. The Nile red is excited during imaging using a 561 nm
wavelength laser.

5.6.3 µ-CT imaging
Prior to µ-CT imaging of the droplet aggregates, a minimum wait time of 72 hours was
allowed to ensure that NaI had homogeneously diffused throughout the emulsion
mixture. In addition to dissolving the Carbopol, NaI acts as an X-ray contrast agent and
enhances the image quality (Wildenschild et al., 2013). Two-hour scans using a circular
trajectory were used to image the paraffin aggregates at the UNSW X-ray µ-CT facility.
For optimal scan quality, the parameters shown in Table 5.1 were applied.
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Table 5.1: µ-CT scan parameters used for aggregate imaging
Paraffin

Spatial

Voltage

(%)

resolution (kV)

Current

Exposure

No. of

No. of

(μA)

time (s)

accumulations

projections

(μm)

30%

5.5

60

133

0.56

2

3600

70%

5.5

60

200

0.86

2

3600

5.7 Image processing
The µ-CT images were analyzed using Thermo Scientific Avizo™ software. The 3D images
were first denoised using a non-local means filter (Buades et al., 2005), and segmented
with a watershed-based algorithm to differentiate between the oil phase and aqueous
phase in the images (Vincent and Soille, 1991). The ‘axis connectivity’ filter was applied
to eliminate any disconnected droplets from the images, and only retain the largest
droplet aggregate that exhibits arrested coalescence.
Pore network modeling (PNM) was applied to measure the droplet and neck sizes, and
the linear strain for each connected droplet pair. In addition, curvature measurements
were carried out to study the interfacial forces within the emulsion aggregates.
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Moreover, detailed morphological parameters of the emulsion system were quantified,
such as Delaunay internal angles, Euler characteristic, and fractal dimension.

5.7.1 Pore network modeling
PNM was applied to the segmented oil phase to classify the droplet bodies and necks.
Figure 5.1A illustrates the network extraction algorithm for a simplified 2D system; the
principles are directly transferable to the analyzed 3D system. For a pair of droplets, the
algorithm constructs a distance map (Danielsson, 1980) where each pixel value is the
Euclidean distance from the nearest interface. Local maximums of distance are selected
as ‘seed points’ that are then enlarged by a region-growing algorithm based on the
distance map. The local maximums are therefore enlarged until they correspond to the
location of the oil-water interface (Baychev et al., 2019). This process results in each
‘seed point’ being enlarged until it represents an individual droplet. Thus, the volumeequivalent diameter of the enlarged region provides the droplet diameter (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ).
Additionally, the voxels where two regions intersect and form saddle points are

identified as the droplet necks (Gostick, 2017; Rabbani et al., 2014). An inscribed sphere
is fit into the minimum constriction in the neck region, and this sphere diameter is
measured as the neck diameter (𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ) for each droplet pair.
Overall, the PNM extraction provides the droplet diameter (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ), neck diameter
(𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ), number of droplets (𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ), number of necks (𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ), and coordination

number (𝐶𝐶𝑛𝑛 ) for the emulsion. For the connected 3D droplets present in the aggregates,
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the algorithm constructs a ball and stick diagram consisting of spheres representing
droplets, and cylinders representing necks, as demonstrated in Figure 5.1C. This network
is used to assess the aggregate connectivity by extracting the coordination number (𝐶𝐶𝑛𝑛 ),
the number of connections per droplet.
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Figure 5.1: (A) Simplified 2D illustration of the pore network extraction process. The
input greyscale image of two connected droplets is exhibited in (i), which is used to
construct the Euclidean distance map shown in (ii). Watershed segmentation is applied
to select the regions farthest from the interfaces as illustrated in (iii). The selected
regions are then enlarged using a region-growing algorithm as shown in (iv). The
overlapping region is marked as a neck region, represented by the yellow marker in (v).
Finally, a pore network model of the two droplets is constructed in (vi) that consists of
two spheres in green and blue representing the droplets and the neck region in yellow.
(B) 3D rendering of an emulsion system is shown in (i) and the resulting 3D network is
provided in (ii).
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5.7.2 Linear strain
For the three-dimensional droplet networks, the linear strain (𝜀𝜀) of each droplet pair
with radius radio (𝑁𝑁) was quantified, where 𝑁𝑁 was expressed as the ratio of the larger

droplet radius to smaller droplet radius. 𝜀𝜀 of the partially coalesced droplet pairs is

usually expressed as:

𝜀𝜀 =

𝐿𝐿0 − 𝐿𝐿
𝐿𝐿0

5.1

where, 𝐿𝐿𝑜𝑜 is the sum of the two droplet diameters prior to coalescence initiation, and 𝐿𝐿

is the total length of the droplet pair at arrest, as shown in Figure 5.2.

Figure 5.2: Coalescence of droplets brings their centers closer and leads to reduction in
𝑑𝑑𝑖𝑖 in the absence of external forces.
However, since we only have information about the final arrested microstructure, 𝐿𝐿𝑜𝑜

can be estimated from 2(𝑟𝑟1 + 𝑟𝑟2), and 𝐿𝐿 can be estimated from (𝑟𝑟1 + 𝑟𝑟2 + 𝑑𝑑𝑖𝑖 ), where 𝑑𝑑𝑖𝑖
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provides the three-dimensional perpendicular distance between droplet centers, and 𝑟𝑟1

and 𝑟𝑟2 denote the volume-equivalent droplet radii of the two droplets in the pair. Thus,

linear strain (𝜀𝜀) was estimated from Eq. 5.2 (instead of Eq. 5.1):

𝜀𝜀 ≈

(𝑟𝑟1 + 𝑟𝑟2 ) − 𝑑𝑑𝑖𝑖
2(𝑟𝑟1 + 𝑟𝑟2 )

5.2

5.7.3 Curvature measurements
Mean curvature (𝜅𝜅𝑀𝑀 ) and Gaussian curvature (𝜅𝜅𝐺𝐺 ) of the droplet necks and droplet

bodies were measured using the Avizo™ software following the curvature analysis work
of Armstrong et al. (2012b). The algorithm calculates 𝜅𝜅𝑀𝑀 and 𝜅𝜅𝐺𝐺 values by assessing the

principal curvatures, 𝜅𝜅1 and 𝜅𝜅2 , on the fitted mesh triangles of the segmented data as
𝜅𝜅1 +𝜅𝜅2

,

5.3

𝜅𝜅𝐺𝐺 = 𝜅𝜅1 𝜅𝜅2 .

5.4

𝜅𝜅𝑀𝑀 =

2

As illustrated in Figure 5.3, the principal radii of curvatures for droplet necks are 𝑅𝑅1 and

𝑅𝑅2 , and the principal radii of curvatures for droplet bodies are 𝑟𝑟1 and 𝑟𝑟2 . Hence, the
principal neck curvatures, 𝜅𝜅1𝑁𝑁 and 𝜅𝜅2𝑁𝑁 are given by the 1/𝑅𝑅1 and 1/𝑅𝑅2 . Since the neck
has a saddle-like shape, 𝜅𝜅1𝑁𝑁 is negative while 𝜅𝜅2𝑁𝑁 is positive according to Figure 5.3. In
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addition, for the spherical droplet regions shown in Figure 5.3, the principal droplet
curvature, 𝜅𝜅𝐷𝐷 , can be expressed as 1/𝑟𝑟1 as 𝑟𝑟1= 𝑟𝑟2 where 𝜅𝜅𝐷𝐷 is always positive.

Figure 5.3: Simplified schematic of droplet coalescence showing the principal radii of
curvatures for the neck (𝑅𝑅1 , 𝑅𝑅2 ), and principal radii of curvatures for the droplet (𝑟𝑟1, 𝑟𝑟2 )
regions. Pressure-driven flow must occur from the droplet bodies to the droplet necks
for coalescence to occur. The neck diameter of the droplets extracted from PNM, 𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 ,
can be approximated as 2𝑅𝑅2 .
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The workflow presented in Figure 5.4 was utilized to isolate the neck regions from the
segmented µ-CT images. Firstly, the droplet aggregate was split into individual droplets
using the ‘separate objects’ function (Avizo™), and the resulting image was subtracted
from the original binary image to identify the approximate locations of the droplet
necks, as shown in Figure 5.4c. Next, a Euclidean distance map was generated to map
the distance from the neck labels, and a threshold of 5% of the average 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 of the

emulsion system was applied to acquire a suitable thickness for the neck region. Then,
the ‘AND’ logic function was applied on these neck labels, and the original image to
retain the ‘neck-only’ regions. Finally, the ‘neck-only’ regions were subtracted from the
segmented images of the full droplets to isolate the ‘droplet-only’ regions. Overall, 3D
surfaces were generated using the Avizo™ software to measure 𝜅𝜅𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 and 𝜅𝜅𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 for
the ‘neck-only’ and ‘droplet-only’ regions for the 30% and 70% paraffin systems.
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Figure 5.4: The steps for neck extraction involve: (a) binary image of connected droplets,
(b) split droplets obtained using separation algorithm, (c) subtracted image from step
(a) and step (b) showing the isolated necks, (d) Euclidean distance map based on isolated
neck locations, and interactive thresholding is applied to obtain thicker neck labels, (e)
AND logic function is used for the image from step (a) and (d) to identify the true neck
regions, and a ‘trinary image’ as shown is generated where droplets are represented in
grey and the necks are identified in white, and (f) 3D surface generation of necks used
to measure curvature.

5.7.4 Morphological characterization
Morphological characterization of the emulsion systems was performed using the
following metrics: Euler characteristic, Delaunay internal angles, and fractal dimension.
These measures will be explained in the following subsections.
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5.7.4.1

Topological analyses

The aggregate structure was evaluated using the Euler characteristic (𝜒𝜒), which is a
topological invariant (Armstrong et al., 2019). Euler characteristic was measured by
counting the number of isolated objects (𝛽𝛽0), redundant loops (𝛽𝛽1), and enclosed voids

or cavities (𝛽𝛽2) (Armstrong et al., 2019; Ohser and Mücklich, 2000) as shown by
𝜒𝜒 = 𝛽𝛽0 − 𝛽𝛽1 + 𝛽𝛽2 .

5.5

For the droplet aggregates, the number of redundant loops or cavities provide insights
into the packing arrangement. A loop is formed when the union of droplets forms a
cycle, while a void is formed when multiple droplets overlap with enough strain to create
an isolated cavity. Since 𝜒𝜒 is an extensive measure of connectivity, as the size of the

packing structure increases so too does the number of objects, loops, and cavities. It is,
therefore, useful to normalize these topological measures by the number of droplets as
𝜒𝜒̅ = 𝜒𝜒/𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑠𝑠 .
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5.6

Figure 5.5: Schematic for cubic arrangement of 8 droplets with Betti numbers (𝛽𝛽0 , 𝛽𝛽1 , 𝛽𝛽2)
with (a) lower 𝜀𝜀, and (b) higher 𝜀𝜀. Higher strain (𝜀𝜀) can result into formation of voids (𝛽𝛽2)
which changes the Euler characteristic 𝜒𝜒.
Figure 5.5 is provided to illustrate the Euler characteristic measures for a simple cubic
packing of eight droplets. The number of redundant loops in an aggregate of droplets is
not the same as the number of loops. An easy way to count redundant loops is to
consider the minimum ‘cuts’ required to fully disconnect the object, i.e., to form two
independent objects. For instance, for a cubic packing of eight droplets, a total of six
‘cuts’ are required to form two independent objects, so there are 5 redundant loops, as
indicated in Figure 4.
Differences in Euler characteristic can be observed for the same packing arrangement
with variation in 𝜀𝜀. As seen in Figure 5.5, 𝜒𝜒 changes from -4 to -3 as the droplets overlap
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enough to create a disconnected cavity in the centre of the structure, i.e., 𝛽𝛽2 = 1 for

Figure 3(b). This suggests that while the number of redundant loops (𝛽𝛽1) measures the

degree of connectivity, the number of cavities (𝛽𝛽2) could provide details on the strain
(𝜀𝜀) and/or structure of the packing.

5.7.4.2

Delaunay internal angles

The geometry of the connected droplets was assessed by measuring the internal bond
angles using Delaunay triangulation (Shewchuk, 2002). Delaunay triangulation considers
the coordinates for the centre of mass of each droplet in the aggregate and constructs
tetrahedra in a nearest-neighbour manner to provide the internal angles for each
triangular surface. The centre of mass location for each droplet is determined by the
location of each pore body in the PNM. This triangulation algorithm is advantageous as
it minimizes sharp angles and provides triangles with large internal angles, i.e. > 30°
(Shewchuk, 2014).

5.7.4.3

Fractal dimension

Droplet aggregation can form a fractal structure at certain volume fractions (Bibette et
al., 1993; Thiel et al., 2020). Hence, fractal analysis provides a means to measure the
scale invariance of complex structures and understand patterns that develop from
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physical phenomena, such as aggregation (Kolb et al., 1983; Mandelbrot and
Mandelbrot, 1982; Weitz and Oliveria, 1984; Witten Jr and Sander, 1981).
The 3D fractal dimension (𝐷𝐷𝑓𝑓 ) of the droplet aggregates was measured using a box-

counting algorithm (Sarkar and Chaudhuri, 1992; Tang and Marangoni, 2006). The

algorithm counts the number of cubes (𝑁𝑁𝑐𝑐 ) with side length (𝑙𝑙𝑏𝑏 ) required to cover the
segmented 3D object as:

𝐷𝐷𝑓𝑓 = −

𝛥𝛥 ln 𝑁𝑁𝑐𝑐
ln 𝑙𝑙𝑏𝑏

.

5.7

Low 𝐷𝐷𝑓𝑓 is indicative of low density, open structures, while high 𝐷𝐷𝑓𝑓 represents denser
packing of droplets (Vreeker et al., 1992).

5.8 Results and discussion
5.8.1 Aggregation dynamics
Figure 5.6 illustrates the droplet aggregation process observed while making the
emulsions, and CLSM microscopy of the viscoelastic droplets. As shown in Figure 5.6a,
the droplets were initially held in fixed positions by the yield stress of aqueous Carbopol.
Upon addition of the NaI solution to the top of the vial, the top-most droplets were
released first followed by successively lower layers as illustrated in Figure 5.6a. The salt
deswells the aqueous Carbopol structure layer-by-layer as it diffuses to the bottom, and
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weakens the yield stress holding the droplets fixed (Nowbahar et al., 2019). Once the
droplets were released, they rose up via differential sedimentation (Westbrook et al.,
2004) and collided with each other to form arrested aggregates. The time-scale for all
droplets to attach to the aggregate network was approximately 5 minutes, hence this
process cannot be considered fully ballistic (Jullien and Meakin, 1989). Because the salt
also enhances colloidal stabilization of the droplets, coalescence may occur after the
droplets are incorporated into the main mass of droplets.
Additionally, Figure 5.6b and Figure 5.6c present detailed microscopic views of the
crystal networks for the 30% and 70% paraffin emulsions, respectively. Darker black
regions (see Figure 5.6c) were observed inside the droplets at the higher bulk paraffin
concentration due to the formation of more concentrated needle-shaped crystal
networks inside the droplets. Lower concentrations of crystals are observed (see Figure
5.6b) for the lower bulk paraffin concentration. The crystal networks make the droplets
viscoelastic and provide higher resistance to coalescence (Boode et al., 1991; Boode et
al., 1993; Van Boekel and Walstra, 1981).
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Figure 5.6: (a) Visual observation of the aggregation process upon addition of NaI salt
involving layer-by-layer addition of oil droplets to the aggregate network; (b) & (c) CLSM
images of the paraffin crystals in the emulsion system for the 30% paraffin (left) and 70%
paraffin (right) concentrations, respectively. Darker black regions inside the droplets
indicate more concentrated crystal networks that provide higher resistance to
deformation upon droplet collision, and thus decrease the amount of coalescence.
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5.8.2 Visualization of the arrested aggregates
Structural differences between the 30% paraffin and 70% paraffin aggregates were
observed, as visualized in Figure 5.7. The planar views of the emulsions in Figure 5.7a,b
indicate that the droplets containing 30% paraffin solids were larger than those in the
emulsion of droplets containing 70% paraffin. This was likely due to higher total
coalescence in the 30% paraffin system. While more isolated droplet studies show
certain solids levels prevent total coalescence (Pawar et al., 2012), the additional factor
of droplet velocity during collisions leads to some variability in the results. A region-ofinterest 3D view in Figure 4c,d reveals that the droplets containing 30% paraffin were
less spherical than those containing 70% paraffin. The elongation is likely due to arrested
coalescence between droplets that have merged but do not completely relax to a
spherical shape because of internal elastic resistance, although competing interfacial
forces in the network structure might also stabilize the anisotropic structure.
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Figure 5.7: Two-dimensional XZ planar view of the full µ-CT image for arrested
aggregates of droplets containing (a) 30% paraffin and (b) 70% paraffin; 3D sub-section
of droplets with (c) 30% paraffin and (d) 70% paraffin.

5.8.3 Pore network statistics
Quantitative details of the droplet sizes and neck sizes extracted from the PNM are
provided in Figure 5.8 and Table 5.2. The average droplet diameter for the 30% paraffin
system (0.36 μm) was almost twice that of the 70% solids emulsion (0.18 μm), as
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presumably a higher number of droplets fully coalesced due to the lower droplet
elasticity in the 30% paraffin system (Pawar et al., 2012). Further support of the
influence of total coalescence is provided by the lower 𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 present in the 30%
system (4319) versus the 70% system (25,585).

Figure 5.8: (a) Normalized frequency (𝑓𝑓) % of droplet diameter (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ) shows the 30%
paraffin system consists of larger droplets due to higher proportion of droplets
coalescing into bigger droplets; (b) Normalized frequency (𝑓𝑓) % of neck diameter (𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 )
shows wider necks for the 30% paraffin system as the droplets are larger, and possibly
arrest at a later stage in the coalescence process because of their lower viscoelasticity.

While the droplet sizes indicate higher total coalescence, and higher partial coalescence
in the lower paraffin emulsion system, the average 𝐶𝐶𝑛𝑛 for both the systems was

approximately 4 (see Table 5.2). Typically, a 𝐶𝐶𝑛𝑛 of 6 or 12 is expected for simple cubic
packing, or hexagonal close packing (hcp) in 3D, respectively. However, a 𝐶𝐶𝑛𝑛 of
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approximately 4 indicates that the spheres are loosely packed, i.e., not packed in a 3D
lattice structure.
The same behavior can be seen in the 𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 /𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ratio which scales as 0.5𝐶𝐶𝑛𝑛 : 1.

The 0.5 scaling factor is required since 𝐶𝐶𝑛𝑛 is determined on a per droplet basis meaning
that a neck connecting two droplets is counted twice when determining the 𝐶𝐶𝑛𝑛 for each

droplet.

Table 5.2: Pore network statistics for the 30% and 70% paraffin emulsion systems.
Solid concentration

30%

70%

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 (mm)

0.361

0.182

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 (mm)

0.234

0.074

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐶𝐶𝑛𝑛

4.15

3.82

𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

4319

25585

𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

8961

48886

𝑁𝑁𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 /𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

2.1

1.9

Further insights can be acquired from the 𝐶𝐶𝑛𝑛 histograms presented in Figure 5.9a. It is

observed that the 30% paraffin emulsion has a larger proportion of droplets with 𝐶𝐶𝑛𝑛 ≥3,

indicating a higher affinity to form multiple bonds. This difference is mostly because
larger droplet sizes enable higher connectivity. The higher surface area of the larger
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droplets increases the likelihood of droplet collision and formation of oil bridges
between the droplets during coalescence (Forel et al., 2019b).
The formation of a rigid elastic structure requires six or more connections in an
aggregate (Hsiao et al., PNAS 2012) (Hsiao et al., 2012), so the majority of the droplet
network is not a rigid structure and could restructure under stress. The connectivity of
the droplet network will affect the elasticity of the overall structure as well as
mechanical and tactile properties of emulsion products (Lacasse et al., 1996; Mason et
al., 1995; Morse and Witten, 1993). As observed for 2D droplet aggregates, lower
droplet elasticity allows restructuring to more compact forms during collision (Dahiya et
al., 2017), so the higher connectivity of the 30% emulsions may indicate a similar
restructuring mechanism occurs in 3D.
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Figure 5.9: (a) Normalized frequency (𝑓𝑓) % of droplets with respect to coordination
number (𝐶𝐶𝑛𝑛 ) for the 30% and 70% paraffin systems for the entire µ-CT image show that
the 30% paraffin system had greater affinity towards forming multiple bonds; Volume
rendering of a small subsection with (b) 30% paraffin, and (c) 70% paraffin droplets
colored based on coordination number. The droplets are scaled down and only shown
for a small subsection for ease of visualization, which results into the white spaces for
the connected droplet network. Larger droplets tend to form higher number of bonds
and higher 𝐶𝐶𝑛𝑛 .
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5.8.4 Curvature measurements
Curvature measurements provided useful insights into the arrested coalescence
process. 𝜅𝜅𝑀𝑀 distributions were used to estimate the interfacial forces exerted on the

crystals inside the droplets.

The process of coalescence, as previously shown in Figure 5.3, starts with a singularity
at the union of two droplets where the neck is formed. For coalescence to proceed, the
droplet bodies must be at higher pressure than the neck region. This means that the
absolute value of the negative principal curvature of the neck region, 𝜅𝜅1𝑁𝑁 , needs to be

high enough such that the pressure of the neck is lower than that of the droplet bodies.

As coalescence proceeds, the absolute value of 𝜅𝜅1𝑁𝑁 decreases, leading to a decrease in
the pressure difference (Δ𝑃𝑃) between the neck and droplet bodies. As such, the driving

force for flow decreases as coalescence proceeds. Hence, less elastic resistance would
be required to arrest coalescence at later stages of coalescence than at the initial time
of contact when the driving force is the highest.
The histogram plots in Figure 5.10 show the 𝜅𝜅𝑀𝑀 of the droplets, and 𝜅𝜅𝑀𝑀 of the necks for

the two paraffin systems. Of importance is the difference in curvatures between the

neck and droplet regions, which represent the pressure difference (Δ𝑃𝑃) that drives the
coalescence process. As illustrated in Figure 5.10a, there is a greater overlap between
neck 𝜅𝜅𝑀𝑀 and droplet 𝜅𝜅𝑀𝑀 in the 30% paraffin system, which indicates a lower Δ𝑃𝑃 in the

oil phase between the neck and droplet regions at the time or arrest. However, for the
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70% paraffin system, less overlap between neck 𝜅𝜅𝑀𝑀 and droplet 𝜅𝜅𝑀𝑀 indicates a higher
net driving force for oil flow (see Figure 5.10b). Since interfacial forces and internal
elastic forces must offset each other at the time of arrest (equilibrium), it can be
deduced that higher elastic resistance was present in the 70% system to offset the
higher Δ𝑃𝑃 induced by capillary forces. Thus, comparison of the neck 𝜅𝜅𝑀𝑀 and droplet 𝜅𝜅𝑀𝑀

can be used as a quantitative tool to predict the strength of the crystal network present
inside the emulsion droplets.

Figure 5.10: Normalized frequency (𝑓𝑓) % histograms for the mean curvature (𝜅𝜅𝑀𝑀 ) of the
droplets and 𝜅𝜅𝑀𝑀 of the necks for (a) 30% paraffin system, and (b) 70% paraffin system.
Lower overlap between the two 𝜅𝜅𝑀𝑀 distributions in the 70% system indicate higher Δ𝑃𝑃
driving oil flow from droplet to neck at the time of arrest. This implies that the crystal
network inside the droplets provided a higher magnitude of internal resistance to offset
the higher Δ𝑃𝑃.
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𝜅𝜅𝐺𝐺 of the neck regions can reveal the stage of the arrested coalescence process. This can

be seen by the 3D visualization of the neck surfaces for the paraffin systems in Figure
5.11a,b and the 𝜅𝜅𝐺𝐺 distributions in Figure 5.11c. Since the necks form saddle regions,

the product of their principal radii of curvatures is always negative. At early stages of
arrest, when the droplets are barely touching, the absolute values of 𝜅𝜅1𝑁𝑁 and 𝜅𝜅2𝑁𝑁 are

higher which results in more negative 𝜅𝜅𝐺𝐺 values for the neck region. Consequently, more
negative 𝜅𝜅𝐺𝐺 values were present in the 70% paraffin system, which leads to more bluish

regions in the neck surface renderings, as observed in Figure 5.11b. Conversely, the 30%
paraffin system had less negative 𝜅𝜅𝐺𝐺 values as the arrest occurred at a later stage, as

observed by less bluish regions in Figure 5.11a. Overall, 𝜅𝜅𝐺𝐺 provides a detailed

quantitative signature of the arrested coalescence process and provides insight into the
viscoelastic strength of the crystalline network.
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Figure 5.11: Illustration of extracted droplet necks for (a) 30% paraffin, and (b) 70%
paraffin systems color-coded using Gaussian curvature (𝜅𝜅𝐺𝐺 ) values for the neck regions;
(c) Normalized Frequency Histogram of 𝜅𝜅𝐺𝐺 for the 30% paraffin and 70% paraffin
systems. More bluish regions, and higher proportion of negative curvatures are found
for the 70% paraffin indicating that droplets possess less strain and are likely to be
mostly touching and less merged. The scale bar represents approximately 0.2 mm.
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5.8.5 Aggregate topology
Topological measures for the aggregate systems are presented in Table 5.3. For both
systems, the Euler characteristic is mostly influenced by 𝛽𝛽1 since 𝛽𝛽2 is orders of

magnitude less compared to 𝛽𝛽1 (see Table 5.3). This suggests that either: (1) there was
insufficient strain to form cavities, or (2) the packing is disordered. For an idealized cubic
packing in the presence of strain, there should be one cavity per eight droplets (see
Figure 5.5b). The experimentally measured 𝛽𝛽2/ 𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 are significantly lower than

that expected for an idealized cubic packing of eight droplets (see Figure 5.5). A
disordered packing would also result in a low number of cavities per droplet since
instead of forming a crystalline packing order the droplets form chain-like structures
that do not result in cavities even at high strain. As visualized in Figure 5.7, the droplets
do not appear to be cubic or crystalline in nature, which supports the concept that the
packing was disordered.
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Table 5.3: Topological measures of the 30% and 70% paraffin systems. The analyzed
aggregate is a single object, and thus 𝛽𝛽0 = 1 for both systems.
Solid concentration

30%

70%

𝛽𝛽1

2700

13297

𝛽𝛽1 /𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

0.625

0.519

𝛽𝛽2

35

839

𝛽𝛽2 / 𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

8.10E-03

3.71E-02

�
𝝌𝝌

-0.617

-0.487

The volume fractions of the emulsion systems also provide evidence towards a
disordered packing structure. The volume fractions of the 30% and 70% aggregate
systems are 0.48 and 0.40, respectively, while the maximum theoretical limit for the
volume fraction of equal-sized droplets is 0.74 (Bernal and Mason, 1960; Hales, 2005;
Torquato and Stillinger, 2010). At this density, the entire packing becomes crystalline
and consists of tetrahedral to octahedral cavities in the ratio 2:1 (Saadatfar et al., 2017).
Our experimental volume fractions are well below this limit suggesting that cavities
should be rare, as observed in Table 5.3.
Table 5.3 also suggests that the 30% paraffin system is more connected than the 70%
paraffin system. This result is consistent with the pore network statistics presented in
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Table 5.2 where 𝐶𝐶𝑛𝑛 is somewhat higher for the 30% paraffin system. The connectivity

values are, however, lower than that expected for a simple cubic packing where the 𝐶𝐶𝑛𝑛

would be 6 instead of the reported values of approximately 4 (see Table 5.2). 𝜒𝜒̅ values
being negative suggest that the aggregate structure is fully connected (Vogel et al.,
2010). However, 𝛽𝛽1 /𝑁𝑁𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is relatively low, approximately 0.5, for both

experimental systems. This means that on average, two droplets are required to form
one loop, which is counter intuitive but an outcome of the large degree of variability in
the connectivity per droplet, as observed in Figure 6.

5.8.6 Aggregate geometry
Delaunay angles presented in Figure 5.12 provide insight into the spatial arrangement
of arrested droplets and show evidence of open-packing structures for both emulsion
systems. Delaunay angles of 60° are found for close hexagonal packing of equally sized
droplets (Abedi et al., 2019; Studart et al., 2009), however, since the studied emulsions
were polydisperse, some discrepancies from the 60° were expected. Nonetheless, only
1.6% and 1.2% of bond angles were of 60° (see Figure 5.12) for the 30% paraffin and
70% paraffin emulsions, respectively. Hence, low prevalence of 60° Delaunay angles
further confirms that the aggregates formed were open and loosely packed.
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Figure 5.12: Histogram plot for the 30% paraffin and 70% paraffin systems indicate that
higher number of equilateral triangles were present in the less viscoelastic system.

It is interesting to note, however, that a higher proportion of equilateral triangles, i.e.,
60° bond angles, were present in the 30% paraffin aggregates. This can also be
attributed to restructuring of droplets within the aggregates. Dahiya et al. (2017)
observed higher extent of restructuring in triplet microstructures with less solid content,
and found that single droplets could collide with a doublet of droplets at a broader angle
of approach at lower solid concentrations, and still interact with the menisci to selfassemble into close-packing formations. Hence, these close-packing formations would
form equilateral triangular packing with 60° bond angles upon constructing the
Delaunay triangulation.
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Presumably, this self-assembly mechanism of droplets is transferable to our 3D system.
However, more advanced topological analysis is required to identify additional
mechanisms, such as flow-driven restructuring or cluster-cluster restructuring, which
may also contribute to the packing formation but require a better understanding of the
persistence of topological features (Biasotti et al., 2008; Ghrist, 2008; Zomorodian and
Carlsson, 2005). While these mechanisms are beyond the scope of this chapter, our
results do suggest that more triplet droplet structures are present in the 30% paraffin
system due to the higher proportion of 60° Delaunay angles. We also note as Dahiya et
al., (2017) and Thiel et al. (2020) observed, that droplets with higher solids content can
preserve more extreme bond angles, and not restructure, than the lower solids fraction
droplets.

5.8.7 Fractal dimension
The 3D fractal dimension (𝐷𝐷𝑓𝑓 ) values for the 30% and 70% paraffin systems were 2.75

and 2.73, respectively. These values are higher than the 3D 𝐷𝐷𝑓𝑓 values of 1.8 and 2.1
anticipated from diffusion-limited aggregation (Jullien et al., 1984; Meakin, 1984a), or
reaction-limited aggregation processes (Ball et al., 1987; Weitz et al., 1985). It is known
that restructuring can increase 𝐷𝐷𝑓𝑓 values during aggregation processes as the particles
tend to pack more efficiently (Meakin and Jullien, 1988). For example, Jullien and

Meakin (1989) observed an increase in 3D 𝐷𝐷𝑓𝑓 from 1.89 to 2.13 for diffusion-limited

aggregation, and 2.04 to 2.21 for reaction-limited aggregation using ballistic cluster233

cluster simulations. As the droplets studied here did not aggregate via ballistic
conditions, and their structures are known to undergo capillarity-induced restructuring,
it is not entirely surprising that we observe higher 𝐷𝐷𝑓𝑓 values of 2.7. This aligns with

observations of the aggregation process (Figure 5.6).

5.8.8 Strain distribution
Figure 5.13 shows the linear strain (𝜀𝜀) versus droplet radius ratio (𝑁𝑁) plots for the two
bulk paraffin concentrations. Decrease in the absolute values of 𝜀𝜀 is observed with
increase in 𝑁𝑁, which provides an indication of the polydispersity of the droplet pair. The

same trend in 𝜀𝜀 versus 𝑁𝑁 was observed with doublet microstructures (Dahiya et al.,
2016). Thus, linear strain decreased with increase in polydispersity in our threedimensional droplet networks.
In addition, Figure 5.13 shows lower absolute values in 𝜀𝜀 for the more elastic 70%

system. This aligns with the experimental results of Dahiya et al. (2016), which noted
lower strain for the higher bulk solids concentration. This also supports the curvature
measurements in Figure 5.10 where the 30% paraffin system (with larger droplets) had
more similar curvature measurements between the neck and droplet regions than that
for the 70% paraffin system, thus indicating a higher Δ𝑃𝑃 in the more elastic system. Thus,

the smaller 𝜀𝜀 values signifies an earlier coalescence stage between the droplets in the
70% paraffin system.
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The most crucial feature of Figure 5.13 is the presence of negative 𝜀𝜀 values. At later stage
of coalescence, droplets should be more compressed and consist of more positive 𝜀𝜀

values. However, despite coalescence occurring, the negative 𝜀𝜀 values signify the
influence of neighborhood in the 3D system, and thus indicate that droplets in the 3D
network were pulled apart by their neighbors. In addition, Figure 5.13 shows less
negative 𝜀𝜀 values at higher 𝑁𝑁, indicating a lower resultant force for droplets with greater
neighbors. To our knowledge, this is the first time negative 𝜀𝜀 values are observed, and

these findings highlight the importance of studying droplet aggregates in 3D to model
more realistic emulsion systems.

Figure 5.13: The plot of linear strain (𝜀𝜀) versus radius ratio (𝑁𝑁) for (a) 30% paraffin, and
(b) 70% paraffin systems show that the absolute value of linear strain decreases with an
increase in polydispersity. Negative 𝜀𝜀 values are a likely result of pulling by neighboring
droplets.
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5.9 Conclusion
Three-dimensional µ-CT imaging enabled acquisition of detailed 3D topological and
geometrical measurements which were useful for characterizing arrested coalescence
and restructuring mechanisms in arrested oil-in-water emulsions. While some of the
fundamental predictions from simpler 2D models holds true for the larger 3D droplet
networks, unique characteristics such as negative ε values were observed. These
negative ε values suggest the influence of stresses exerted by their droplet neighbors
within the larger 3D networks. Traditional metrics, such as fractal dimension provides
limited insight into the complex mechanisms involved in 3D. However, quantitative 3D
measurements such as Delaunay bond angles, 𝐶𝐶𝑛𝑛 , 𝜅𝜅𝑀𝑀 , 𝜅𝜅𝐺𝐺 and topological features can

provide crucial insights into evaluating the complex physical mechanisms of these
arrested oil-in-water emulsion systems.
Further work can include using microfluidics to produce size-controlled monodisperse
3D emulsions to further enable the modeling of these complex 3D multi-droplet
systems. In addition, imaging the initial droplet size distribution prior to adding salt to
the carbopol solvent can be helpful to quantify coalescence more accurately in future
studies.
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6 Main conclusions
The dissertation presented fundamental developments for the morphological
characterization of foams and emulsions using advanced 3D imaging. The presented
developments are essential steps towards accurately modeling the macroscopic
behavior of soft matters systems by resolving the underlying structures of these
systems. Foam or emulsion stability and rheology are essential properties for industrial
applications. A better understanding of how microscale structures influence these
industrially important properties will provide a means to optimize soft matter
formulations with tailored properties or predict the capabilities of current foam/
emulsion systems for better operational design.
A novel methodology to characterize foam dynamics using µ-CT imaging and pore
network modeling (PNM) was presented in Chapter 3. µ-CT imaging was conducted to
visualize how the 3D foam microstructure evolved over an aging time of 3.5 hours. PNM
applied to the segmented liquid phase allowed quantification of the Plateau borders and
nodes within the three-dimensional space. Time-resolved evaluation of the Plateau
border thickness, node volume, and bubble size measured from the foam images
allowed a comprehensive understanding of the drainage, diffusive-coarsening, and
coalescence processes occurring within the foam structure. In addition, flow simulations
through the continuous liquid network of the foam microstructure provided a workflow
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to generate foam permeability versus liquid fraction models that could be used in the
foam drainage equation for the design of unit processes using foam. This provides an
industrial application where the resulting fundamental structure of the foam is
accounted for when modeling its drainage. Rather than relying on purely empirical
measurements, the digital simulations allow for testing a wider range of design
parameters within the digital realm over a relatively short period of time. Overall, it is
established that morphological characterization of foams using µ-CT and PNM provides
an unprecedented understanding of the interrelated, complex foam physical
mechanisms compared to traditional bulk analyses found in the literature.
Deep learning techniques have revolutionized various industries by providing timely
solutions in an automated fashion that traditional techniques have failed to resolve. In
Chapter 4, I adapt laboratory µ-CT imaging with deep learning to study aging foams. This
novel approach reduced the temporal resolution to 6 minutes, which is an order of
magnitude faster than typical laboratory-based µ-CT studies. The deep-learning
approach involved training convolutional neural networks (CNNs) with manually
segmented foam images to facilitate accurate segmentation of the low signal-to-ratio
(SNR) 5-minute scans. It was elucidated that deep-learning allowed for dynamic imaging
of liquid foams by enabling segmentation of the highly noisy short 5-minute scans, which
otherwise cannot be done with conventional means.
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Furthermore, Chapter 4 demonstrated the usefulness of 3D morphological measures to
evaluate the MFC foam dynamics. Measures such as liquid fraction, Plateau border
thickness, node volume, and Sauter bubble diameter were utilized to characterize the
unique stabilization mechanism of microfibrous cellulose (MFC). Visualization of the
structural components of the foam provided a detailed understanding of the dynamics,
rather than merely evaluating stability from the foam volume versus time graph. This
work highlighted the utility of µ-CT imaging to gain deeper insights about the foam
dynamics by probing the foam microstructure. The fundamental workflow established
in Chapter 4 can be extended to a wide range of industrial foam systems that are
challenging to study due to rapid foam dynamics. This can be significantly beneficial for
tuning the design parameters used for process optimization of industrial processes, such
as froth flotation and enhanced oil recovery, and thus enhance sustainability and
profitability of the resource sector.
An advanced characterization study with oil-in-water emulsions was performed in
Chapter 5. The study utilized µ-CT imaging to gain unprecedented 3D vision of the
arrested coalescence and restructuring mechanisms occurring in the emulsions.
Topological and geometrical quantification was conducted to gain an understanding of
the emulsion physics. Crucial morphological parameters, such as linear strain, 3D
coordination number, Delaunay bond angles, and curvature measurements were
obtained to understand how the paraffin solid fraction in the oil phase influenced the
emulsion microstructure. It is strongly believed that the morphological characterization
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tools developed in Chapter 5 can significantly assist in deciphering the complex physics
of emulsion systems present in food, cosmetics, and other industrially valuable products
and processes. Particularly, such morphological characterization can be informative for
inverse modeling of emulsion properties and provide actionable insights for tailoring the
emulsion formulation to achieve industrially desirable rheological properties. This study
further highlighted the necessity to conduct 3D imaging of emulsions over traditional 2D
bulk analysis.
In conclusion, the comprehensive framework for morphological characterization
presented in the dissertation is anticipated to motivate new directions for soft matter
research. Morphological characterization of foams and emulsions using advanced 3D
imaging can enable accurate modeling of the macroscopic behavior of these systems,
which is a great challenge dealt in process design and product development in a wide
range of engineering fields, including the minerals and energy resources sector. Overall,
the methodological workflows presented in this dissertation holds great potential for
advancing soft matter research, and strongly manifests that wide adoption of µ-CT
imaging can significantly benefit billion-dollar engineering industries that involve soft
matter systems.

240

7 Future work
The morphological tools proposed in this dissertation provide an in-depth foundation
for the characterization of foams and emulsions. However, the fundamental tools
developed can be applied for more advanced scientific research, and practical industrial
applications.
The time-lapse foam characterization presented in Chapters 3 and 4 can be advanced
using superior dynamic µ-CT equipment, such as synchrotron-based systems, to study
more unstable foams involved in mineral processing. This can be greatly advantageous
for boosting the sustainability and profitability of mining operations. Additionally, the
work in Chapter 5 can be extended to investigate topological information about
emulsion formation, which can provide more cutting-edge insights for engineering food
or cosmetic products containing emulsions. Detailed knowledge of the droplet
aggregation mechanisms can assist in tuning the mechanical properties/ textural
attributes to deliver desired customer attributes.

7.1 Dynamic µ-CT imaging coupled with deep learning to
study flotation foams
The characterization tools, such as pore network modeling and deep-learning
segmentation, presented in Chapters 3 and 4 are not only limited to foams stabilized by
glycerol or MFC nanoparticles. These tools can be coupled with higher temporal
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resolution dynamic imaging equipment to study more unstable foams with shorter
lifetimes. This can be especially advantageous in improving efficiency of froth flotation
process, which is an important mineral beneficiation technique (Fuerstenau et al., 2007;
Rao, 2013).
Froth flotation involves production of foams containing ground ore particles to separate
the mineral particles from impurities present in the orebody. The bubble size
distribution, and the froth structure are important parameters that determine the
flotation efficiency (Ahmed and Jameson, 1985; Banford et al., 1998; Bonifazi et al.,
2001; Yoon and Luttrell, 1989).
Examples of higher temporal resolution dynamic imaging equipment include
synchrotron sources (Flannery et al., 1987), and more modern laboratory systems such
as TESCAN DynaTOM (Hunter and Dewanckele, 2021). These setups provide faster scan
times in the order of few seconds (Bultreys et al., 2016a). Previously, in Chapter 4 we
demonstrated that deep learning tools reduced scan times from hours to minutes for
the Heliscan µ-CT system at University of New South Wales (UNSW) (see Figure 2.20).
This implies that with deep learning, we could expect the same order of magnitude
reduction from seconds to sub-seconds with synchrotron or bespoke laboratory setups.
Successful implementation of dynamic µ-CT and deep-learning tools can pave
developments for automated, intelligent control for froth flotation plants. This can
reduce the use of harmful chemicals used in flotation, and improve mineral recovery.
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Currently, imaging sensors such as: FrothMaster (Outotec), JK FrothCam (JK Tech Pty.
Ltd), and VisioFroth (Metso Minerals) are introduced for advanced process control in
flotation plants (Cipriano, 2010). These sensors assist in optimizing flotation
performance by monitoring the bubble size distribution, and froth/foam structure
during ongoing operations. However, these measurements are taken in 2D and only
provide information about the froth surface. Due to lack of information about the 3D
internal structure, there is limited control of the flotation efficiency.
More accurate control can be achieved if such measurements were taken in 3D using
dynamic µ-CT scanners, which provide full vision of the froth/foam structure. In
addition, deep learning can provide in-situ measurements of the froth stability with subsecond resolution, which can be further beneficial for preventing loss of valuable
minerals. Thus, successful implementation of dynamic imaging with deep learning holds
great potential for more profitable and sustainable mining operations by improving
flotation modeling and developing tools for advanced process control in flotation plants.

7.2 Persistent

homology

for

advanced

topological

characterization
The morphological characterization of emulsion systems conducted in this dissertation
was beneficial to evaluate the degree of arrested coalescence and gather preliminary
evidence of restructuring mechanisms. However, the findings do not provide a
comprehensive understanding of how the emulsion systems were formed, and the
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complex restructuring mechanisms that are involved in the 3D full-scale emulsion
networks.
Inadequate knowledge of how emulsions are formed, or evolve over time can pose
challenges in accurately modeling their aging mechanisms and rheological properties,
and lead to challenges in product design. Detailed topological information can be
beneficial for tuning the rheology of the emulsion products to achieve desired customer
attributes (Bouzid and Del Gado, 2018). This can be tackled by using the characterization
tools developed in Chapter 5 along with persistent homology analysis (Edelsbrunner and
Harer, 2010).
Persistent homology analysis can be highly beneficial to identify the structural motifs
within the full-scale emulsion networks and provide insights into the historical
mechanisms applicable at formation, and monitor restructuring over the emulsion
lifetime (Cohen-Steiner et al., 2007; Edelsbrunner and Harer, 2010). For instance,
emulsion droplets formed via different collision mechanisms would lead to locally
different structural motifs of different persistence (Hiraoka et al., 2016). Each process
would result in a topological structure with a unique persistence, which can be used as
a bar code for the different restructuring mechanisms occurring in the 3D emulsion
systems. Thus, persistence homology can provide a novel means for advanced
topological analysis (Saadatfar et al., 2017).
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Overall, such detailed topological quantitative characterization can aid powerful
computer simulations to predict not only the behavior of emulsions, but also colloidal
gels and glasses, which cover a broad range of ubiquitous applications. Hence, persistent
homology analysis can be built on previous topological analyses for colloidal gels
(Dinsmore et al., 2006; Dinsmore and Weitz, 2002) to relate microstructure with
function.
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