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Preface

Book, now you have reached your end. These last pages I found myself
writing away at breakneck speed. From one line to another I have leapt
about among nations and seas and continents. What is this frenzy
which has seized me, this impatience? It’s as if I were waiting for
something. But what can nuns await, withdrawn here so as to be
outside the ever-changing happenings of the world? What else can I
await except new pages to cover and the routine ringing of the convent
bells?

—Italo Calvino, The Nonexistent Knight

My doctoral studies have reached the end with my time at Aalto University’s
Complex systems and materials group (CSM). The present thesis concludes my
scientific activity during this time.

My time in CSM started with bachelor’s thesis in summer 2015. Back then,
the research topic was not foam. The first time I studied foams in during
master’s thesis. Foam stroke to me as an interesting material with beautiful
structure and dynamics inherent to the structure. The master’s thesis expresses
my, perhaps naive, views of foams with very simplified picture on the topic.
Writing the dissertation, I have embraced more and more a view that instead of
simple continuum models foam dynamics should be treated via statistic of local
rearrangements. As a manifestation of the change in my views, the working
title of the dissertation was always “The Nonexistent Foam” mimicking the
name of an excellent novel by Italo Calvino. The metaphor continues beyond
title as in the same way as Bradamante pursues a perfect knight Agilulf in the
Calvino’s novel, I started this project with expectation to discover some idealized
models for foams. Let me include here a spoiler alert! At the end of the novel,
Bradamante finds the pursuit of Agilulf pointless and moves on with her life.
To find out whether I will follow her on the same path, you have to read the
dissertation and maybe the answer is hidden between the lines.

During my time in CSM, I have had the honor to work with many exceptional
persons whom I wish to thank. First, my thesis supervisor and the group leader
Prof. Mikko Alava has enabled the work and helped immensly with comments
and guiding scientific discussions. I would like to thank my instructor Juha
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Koivisto for being an excellent mentor during these past years teaching me in
all aspects of experimental physics. Also, thanks to Antti Puisto for shedding
light on different aspects of rheology of complex fluids.

Thanks to our close lunch group: Henri Salmenjoki, Tero Mäkinen, Jonatan
Mac Intyre, Juha Savolainen and Ivan Lomakin. It has been enjoyable to have
discussion over lunches, playing Koira in CSM events and sometimes have
eventful afterparties until late hours. Special thanks to Henri for our almost
daily chit-chat at the office about work, science, news, literature and the list
goes on. In addition, I want to thank bright students – Eira Friström, Alisa
Halonen, Oona Rinkinen, Oskar Tainio, Mehmet Aydin, Samuel Rabensteiner,
Ludwig Törnblom, Sebastian Coffeng and Isaac Miranda-Valdez – who I have
supervised and worked with.

Outside work, I have had lots of support from friends and family. Many leisure
time hobbies, cottage weekends and other trips with my friends and cousins
always give nice balance for the work. My siblings Niilo, Vihtori and Venla
with our parents Pirjo and Pekka have provided endless support and curiosity
towards my work. Of course, big thanks belong to my partner Ella for supporting
and understanding me which has helped immensely during writing the thesis.

Now it is time to close this part in my life and, as Bradamante, finish my book
and leave this monastery. I start the next chapter without knowing what will be
written there. For this chapter is the future, and I am now ready and eager to
see what adventures the future will present for me.

Espoo, July 25, 2022,

Leevi Viitanen
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1. Introduction

Soft matter studies materials deformable by external forces including systems
with two or more materials in separated phases. One example, foams, con-
sist of gas bubbles dispersed inside continuous phase of liquid (liquid foam)
or solid (solid foam). The present work concentrates on studying the proper-
ties, especially the deformation, of liquid foams. The foam structure enables
complicated mechanical properties that are neither solid nor liquid. Also, the
far-from-equilibrium configuration and athermal particles (bubbles) make a
straightforward statistical mechanics approach unattainable [1]. The structure
is rather defined via the interfacial tension on the liquid films between the
bubbles which results in metastable configuration in local energy minimum.
However, the complex structure and resulting dynamics make foams a promi-
nent model system for various amorphous materials exhibiting phenomena such
as yield stress, topological changes and avalanches [2].

Recently, the universality in dynamics for variety of these amorphous materi-
als has received increasing attention [3]. The amorphous yielding in different
model systems still remains in the focus resulting continuous high impact re-
search. For example, the effect of local interactions on the dynamics recently
studied in granular experiments [4] could be studied using foams. Also, testing
crystallization from an amorphous state to ordered state in foams would eluci-
date the interpretation of the mechanism on other materials such as metallic
glasses [5]. One interesting topic would be the memory that amorphous states of
foam can store about the history of the deformation as a part of wider concept [6].
In addition, the athermal jamming transition, where foam begins to withstand
finite stress, and its similarity and differences with glass transition provides
an interesting research area [7]. Finally, on the method side, the application of
various machine learning methods in predicting the yielding of material from
the structure, that the present thesis studies, has been noted as a prominent
method on other amorphous systems [8, 9, 10].

In liquid foams, the liquid, also called the continuous medium, forms a network
of films and vertices connecting the films around the gas bubbles, known as
dispersed medium. The fraction of liquid and gas defines the gas fraction of
the foams. High gas fraction results in polyhedral shaped bubbles with thin
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Introduction

Figure 1.1. Figures show examples of dry and wet aqueous foams. (a) In dry foams, the bubbles
are polyhedral, and the liquid is in thin films and borders forming a web around
the bubbles. (b) In wet foams, the bubbles have round shape and the liquid forms
continuous medium around the bubbles.

layers of liquid around them as seen in Figure 1.1a, while in wet foams, where
gas fraction is low, the bubbles have spherical shape (see Figure 1.1b). The
interfaces between dispersed and continuous medium are usually stabilized
with surfactant molecules. Surfactant molecules have a special property that
one end of the molecule, hydrophobic, is attracted to gas and the other end,
hydrophilic, to liquids. As a result, the molecules align on gas-liquid interfaces
so that the hydrophobic end is in gas and hydrophilic in the liquid. Such
layer of surfactant molecules decreases the surface energy and stabilizes the
interfaces and the whole foam. However, the achieved structure can only be
described as metastable configuration. The size distribution of the bubbles
constantly changes to form larger bubbles due to rupture of interfaces and gas
transportation between bubbles due to pressure differences. Also, the phases
often have large density difference which causes the liquid to flow downwards
due gravity and the gas to pack on top generating a gradient in liquid fraction of
the foam. These two phenomena, the coarsening and drainage, complicate the
experiments with foams. There are some simple ways to pass these problems
such as choosing materials that produce stable foam [11], measuring in two
dimensions (as done in the present thesis), or even conducting the experiments
in space [12]. Obviously, the reduction of dimension provides the simplest
method and, although, the process neglects some of the properties, in addition,
the reduction of dimension enables observing the foam with a normal camera.

Another reason that makes foams such an intriguing topic is the variety
of commercial applications in both industry and consumer products. A few
examples of industrial applications are mineral separation with froth flotation

12
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Figure 1.2. The block is fiber-based foam produced in the CSM group. The block constitutes of
methylcellulose which acts as the surfactant and cellulose fibers that strengthen the
structure. The block is dried from aqueous foam. Picture is from CSM group, Aalto
University.

and fire extinguishers, while on consumer side foams are present in many foods,
personal care and household care products [13]. In industrial applications,
the special properties of foam enable the desired result. For example, the
froth flotation, method constantly under improvement [14], exploits the large
density difference between gases and liquid and the hydrophobic and hydrophilic
properties in separating materials. In firefighting, also, the difference of gas
and fluid compressibility reduces the amount of water as the gas can expand
massively and may lead in enhanced suppression of the fire [15]. In consumer
soaps, similarly, the small amount of fluid may cover large areas when it foams.
In plenty of consumer applications, foam simply provides structure that people
find convenient. For example, foam may provide preferable lighter texture,
altered taste or better digestion to foods [16], or indicate whether enough product
was applied during washing or brushing [17] in cosmetics.

Another example of an application for foam, that is currently gaining plenty
of interest, is fiber based solid foams. These foams have various applications
starting from medical usage as an artificial tissue where foams serve well due
to their porous structure and ability to make them completely biodegradable
using natural fibers such as cellulose [18]. Also, fiber foams may be produced
to have structure with light density but relatively high compressional modulus
and yielding strength [19]. Currently, however, such foams are in the stage of
development and large-scale manufacturing remains absent. A recent method,
developed in the Complex Systems and Materials (CSM) group, provides an ex-
ample of an easily scalable method for producing affordable cellulose anisotropic
foam with good mechanical properties [20]. The Figure 1.2 shows a piece of such
cellulose-based foam block.

The present thesis addresses topics around deformation of liquid foams and
topological changes in the bubble configuration of foams. Chapter 2 gives a more
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comprehensive introduction about the structure and deformation of foams. The
chapter discusses local yielding studied in Publications I and II and, also, the ef-
fects of external vibrations (Publication III) and added fibers (Publication IV) on
flow behaviour of foam. Chapter 3 discusses the local yielding more generally in
metallic glasses, granular materials and foams, concentrating on the prediction
of the yielding from local configuration related to the results of Publications I
and II. Chapter 4 briefly summarizes the conclusions of the work and Chapter
5 is reserved for the experimental and computational methods of the research
performed in the scope of the present thesis.
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2. Foam structure and dynamics

Rheology is a study which addresses the deformation of materials. In the sim-
plest continuum mechanics picture, materials can be divided into two categories:
solids and fluids. The solid materials respond to applied shear stress via elastic
deformation which is recovered after the external stress is released. Fluids re-
spond to the shear stress via flow which they continue until the shearing ceases.
These phenomena, elastic deformation and flow, are described with Newtonian
linear solid and fluid models

σ=Gγ (2.1)

σ= ηγ̇. (2.2)

The eq. (2.1) describing solid deformation relates shear stress σ with the shear
deformation γ via the shear modulus G. Similarly, eq. (2.2) relates shear stress
to shear rate γ̇ via viscosity η. The key difference between the eqs. (2.1) & (2.2)
is that the former stores the external work in the deformation as a potential
energy (working as a spring) while the latter dissipates the external work in
the transfer of momentum (internal friction of the material). These two simple
constitutive relations are a powerful tool describing successfully variety of solids
on the elastic region and Newtonian fluids.

However, a plethora of materials do not fill the underlying assumptions of
the linear models. One such category of materials is complex fluids which are
a composition of at least two phases of material. Examples of complex fluids
are foams (gas bubbles inside liquid or solid), emulsions (phase separated liquid
droplets inside another liquid) and suspensions (solid particles dispersed in
liquid). Such materials require more complex constitutive models. These models
may emerge extremely complex, however, two simpler models worth a mention
are Kelvin-Voigt and Maxwell models which depict viscously damped solid and
elastic fluid respectively (for further information see e.g. [21]).

Two important concepts related to the shear response of complex fluids are
yield stress and shear thinning or thickening. The yield stress represents a
threshold value for stress below which the material responds elastically. When
the applied stress exceeds the yield stress value the material starts to flow. If
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Figure 2.1. The plot shows the flow curve of shear thinning Herschel-Bulkley liquid for flow
index n = 0.5. For foams, usually the index n is below 0.5.

the viscosity of the flowing material depends on the shear rate the material is
shear thinning or shear thickening. In the former case, the viscosity decreases
with shear rate while, in the latter case, the viscosity increases with shear rate.
Herschel-Bulkley model combines both the yield stress and shear thinning or
thickening in one constitutive relation

σ=σy +kγ̇n (2.3)

and it is commonly used to approximate foam flow [22, 23]. A flow curve of
Herschel-Bulkley liquid is plotted in Figure 2.1 with the meanings of the param-
eters.

2.1 Foam structure

The complex structure of foam inherently defines the mechanical response
to external forces. The structure originates from the surface tension on the
air-liquid interfaces (stabilized by surface active ingredients). The interface
area must be minimized to minimize the free energy and reach a stable state.
This state, however, only represents a metastable state and local minimum
in the free energy hyper surface. Only a small fraction of the space spanned
by the generalized coordinates can be probed as the volumes of bubbles and
configuration of the vertices constrain the accessible space.

Physicist Joseph Plateau formulated rules governing the structure of liquid
films that constitute dry liquid foams. The curvature on the films should be
constant, three films join at the Plateau borders at angles 120◦, and four Plateau
borders join at vertices at angles approximately 109.5◦ [24]. These rules, called
Plateau’s laws, result from the force balance of the surface tension at the liquid-
air interfaces. Figure 2.2a illustrates the Plateau’s rules at a single foam vertex.
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Figure 2.2. (a) The schematic illustrates Plateau’s rules on a 3-dimensional foam vertex. The
films are connected on Plateau borders and the borders then connect at vertices. (b)
The minimal surface to volume ratio is reached with Weaire-Phelan structure. The
image shows a piece of space filled with such structure. The image is produced using
Surface Evolver tool [25].

The rules inspired an idea of searching for an optimal foam structure that would
consist of bubbles with constant volume that fill space with the least surface area.
The first conjecture for the optimal division of space, Kelvin cell [26], persisted as
the best alternative over a century until an improved structure, Weaire-Phelan
structure, was discovered in 1994 [27]. The Kelvin cell is a tetrakaidecahedron
which consists of six quadrilateral faces and eight hexagonal faces; the more
complex Weaire-Phelan structure is shown in Figure 2.2b. Although, the Weaire-
Phelan structure provides a smaller interface to volume ratio compared to Kelvin
cell, the Kelvin cell appears more frequently in nature as it has been observed
to form intrinsically in experiments [28]. However, the frequent observation
of Kelvin’s structure originates from the geometry of experimental setup: the
Kelvin structure is favorable if the walls are flat while Weaire-Phelan structure
emerges if the walls mimic the same structure [29].

The Plateau’s rules only apply in extremely dry foams, however, already a
small increase in liquid fraction stabilizes geometries which do not adhere to
the rules. Closer to wet limit, the bubbles become spherical which results in
energetically favorable close packing of hard spheres (fcc or hcp lattice) [30].
In the wet limit, where the bubbles are spherical, both lattices yield equal
energy, however, theoretical and computational calculations show that between
dry and wet limits the hcp structure yields smaller energies [31]. Of course,
the containing geometry or production method may result foam to form less
favorable fcc lattice in experiments compared to hcp structure (cf. Kelvin cell
versus Weaire-Phelan structure). In experiments, foams often exhibit gradient
in liquid fraction which is caused by the difference of the densities between the
phases. The gradient results in transition from wet foam to dry foam within the
material which then extends to transition from fcc or hcp lattice in wet limit to
bcc lattice (Kelvin cell) in dry limit [28].
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In practice, the experiments on three-dimensional foams are complex due
to the liquid fraction gradient caused by drainage and difficulty of imaging
motion inside a foam. The liquid films make direct imaging hard beyond the
depth of a couple bubble layers. Other methods may be applied such as x-ray
tomography [32] or ultrasound doppler velocimetry [33], however, the former
requires sophisticated and expensive equipment while the latter achieves only
coarse-grained results. The difficulties with 3D foams are often solved by chang-
ing the setup to quasi-two-dimensional foam which consists of only a single
layer of bubbles [22]. The present study assumes the strategy of focusing on
two-dimensional foams. In two-dimensional experiments, one needs to consider
the well-established result that the plate(s) impose viscous drag to the foam
which alters the flow behavior [34, 35, 36]. Reducing the dimension to two also
simplifies the optimal foam structures. In wet limit, the best packing is obtained
with hexagonal packing (although grain boundaries are often observed [37]).
Similarly, in dry limit, optimal film area to bubble volume ratio is obtained with
hexagonal honeycomb structure (unlike in 3D case this has been mathematically
verified [38]). The next section discusses how these structural features of foam
affect the mechanical deformation of foams.

2.2 Foam deformation

The structure and structural constraints define the complex rhelogical behaviour
of foams. In mildly deformed foams, the bubble locations and volumes remain
constant, and the foam always adheres to the Plateau’s rules. Under such
constraints, the orientations and lengths of the liquid films result from the
minimization of the liquid-gas interface areas (and interfacial energy). When
the deformation forces the foam to unstable state violating Plateau’s rules the
bubble configuration reorganizes in neighbor swap events known as T1 events.
Figure 2.3 depicts deformation of ordered two-dimensional monodisperse foam as
a simple example. At the beginning, the foam is in an optimal relaxed hexagonal
lattice state. The external shear changes the lengths and orientations of the
films, however, the configuration does not change until a 4-fold Plateau’s border
appears, although, the optimal energy minimum would be reached in another
configuration. A complex energy landscape defines the structure of the foam as
the foam always relaxes to a local minimum [40]. External deformations perturb
the positions of the minima, and the structure of foam adjusts accordingly. In
the absence of thermal energy (or it being negligible compared to interfacial
energy), the bubble topology does not reorganize spontaneously jumping from
one minimum to the neighboring minimum. For the same reason, the absolute
global minimum of energy is irrelevant as the local gradient at the energy surface
points towards the local minimum instead of the global absolute minimum.

The Figure 2.3 represents the simplest possible example of foam and its
dynamics. The zero liquid fraction, periodic structure, and the in-plane direction
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Figure 2.3. The figure shows how a four-bubble cluster deforms when an ordered two-dimensional
foam raft is sheared. On small shears, the bubbles elongate in the direction of shear.
High shear results in neighbor swap or “T1 event”. Picture is based on Ref. [39].
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Figure 2.4. In a shear startup experiment, foams initially respond elastically. After an elastic
regime, the stress peaks in an overshoot. Finally, the stress relaxes to dynamic yield
stress.

of shear result in a stress response that can be deduced analytically from the
strain. The Figure describes a shear startup, a scenario where constant shear
rate is imposed to an initially stable sample. The stress increases with the
horizontal component of the initially vertical films inside the unit box (the
dashed quadrilateral) [39]. When the length of the film c in Figure 2.3 shrinks
to zero the bubble rows slip one unit to the direction of shear. In reality, of
course, foams are often polydisperse and lack periodic structure, however, the
deformation clearly separates to the elastic and viscous or plastic responses
which the simplified picture illustrates. In a shear startup flow, macroscopic foam
samples exhibit initial elastic response and after yielding at a static yield stress
the stress decreases to a constant value dynamic yield stress as experiments and
simulations confirm [41, 42]. The stress-strain response is shown in Figure 2.4.
The simplified picture of Figure 2.3 also provides insight into why the Herschel-
Bulkely model in equation 2.3 results satisfactory approximations of foam flow.

In realistic experiments, the stress response complicates further compared
to the curve illustrated in Figure 2.4. The possible disorder results first yield
events to occur already early in the “elastic regime” [43]. In addition, avalanches
or sequences of T1 yield events distort the stress-strain curves from the ideal
case making the curve noisy [44]. The yield events strike as an essential con-
stituent in describing the motion of foams. The next section analyses further
the properties and impact of the events in 2D foams.
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Figure 2.5. The figure shows a T1 process in disordered foam with minor polydispersity starting
from (a) where the orange bubbles are neighbors and t = 0 s. In (b) the bubble
cluster constituting from coloured bubbles has formed an unstable fourfold vertex
due to external shear at t = 0.9 s. Finally, at t = 1.1 s, in (c) the neighbor swap
occurs, and blue bubbles have become neighbors. The experimental data is from
Publications I & II.

2.3 Local deformation

The neighbor switching events, or T1 events, have the key role in large non-affine
deformation of foams. A large shear requires changes in the configuration of the
bubbles and all the changes can be divided into sequences of T1 events (here
we omit the coalescence or T2 events). Analogies to foam can be discovered
from amorphous solids where the plastic flow of the material relates to shear
transformation zones that have similar role as plastic events in foams [45].

Figure 2.5 introduces a T1 event in a two-dimensional sample foam flowing
inside a Hele-Shaw cell (2D cell). In panel (a), the orange bubbles are neighbors
sharing a liquid film between them. As the structure shears, the length of film
between orange bubbles shrinks to zero resulting in a fourfold Plateau border
shown in panel (b). Recalling Plateau’s rules, such configuration is unstable, and
the film rotates orientation making the blue bubbles neighbors and the orange
bubbles next nearest neighbors as seen in panel (c). Potential energy landscape
gives an elegant and intuitive description of T1 events [46]: Shearing of the
bubble configuration makes the initial local minimum (Fig 2.5a) to vanish which
causes the system to relax in another nearby local minimum (Fig 2.5c).

The timescales introduced in Figure 2.5 emphasize an interesting detail about
T1 events; the film shrinkage before the T1 event takes much longer compared
to the rapid expansion of the film after the event. In the present setup, the
shrinkage of the film depends on the external driving imposed to the system
with pressure while the relaxation is due to surface tension. Such T1 event may
be classified to be in quasi-static regime while with fast enough shearing also the
film expansion becomes shear rate dependent in so called dynamic region [47].
In the quasi-static case, the growth rate of liquid film depends on the force
balance between interfacial tension and superficial viscosities. Comparison
between two surfactants: SDS and BSA+PGA, manifests the phenomenon as
the former creates mobile interface with small viscosity while the latter forms
rigid surface [48]. A model based on a simple geometry (shown in Figure 2.6)
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Figure 2.6. A simple geometry is used to model film expansion after T1 event. The growth of the
newly created film follows force balance equation 2.4 where the 2xB is the length of
the new film. The picture is based on Ref. [49].

describes the evolution of the new liquid film created in a T1 event [48, 49]:
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where Lc =
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L2
y + [Lx − xB(0)]2+xB(0) and ε is the Gibbs elasticity. The equation

models force balance, where the adjacent film L extends the half of the newly
created film xB due to (equilibrium) surface tension γeq. The force is opposed by
the surface tension of xB, and viscous and dilatational viscosities (μs, κ). The
Gibbs elasticity accounts for the decrease of the surfactant concentration on the
expanding film. The model 2.4 does not contain the viscosity of the bulk and
indeed a similar observation was noted in the experiments of Ref. [48]. The
relevance of the surfactants over the bulk viscosity to the rheology of foams
has been further confirmed in an extensive set of experiments and literature
analysis [50], indeed the interfacial phenomena dominate the flow properties of
foam. Publication I observed the temporal asymmetry between film shrinkage
and growth via the asymmetry in T1 event prediction accuracy before and after
an event which will be further discussed in Chapter 3 Figure 3.3.

Large shear in foams (or emulsions) cannot occur without T1 events as the
bubbles can elongate only to a finite extent until they reorganize to a new
optimal configuration. The study of T1 events requires a geometry where
the local shear nucleates T1 events. Examples of such are simple shear and
flow in channel [44, 34, 51] or cylinder [43], convergent channel [52, 53, 54]
or expanding foam I & II, or channels with and obstacle [55] or constriction
at the center III & IV. In the channel experiments, the T1 events have been
observed to locate at the edges of the channel in boundary shear [44] and
plug flow simulations [51]. Same has been observed in two-dimensional foam
experiments [34]. However, when shear is changed to bulk shear in simulations
or top plate removed in experiments, the T1 events distribute across the channel
more evenly [44, 34]. The convergent channel experiments have shown that
the number of T1 events increases closer to the outlet, however, the number
of events depends on the material: a foam with rigid interface produces less
T1 events resulting in elongated bubbles [52]. In microchannel experiments
for emulsions, a periodic order has been detected in the spatial and temporal
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Figure 2.7. The waiting times between subsequent T1 events follow a power-law distribution as
P ∼ τ−1 with an exponential cutoff. Inset: the cutoff fitting parameter increases as
cube of the size of the detection area of T1 events. The plot is from Publication II.

occurrence of the T1 events [53] which then vanishes with increasing the flow
of the sample emulsion [54]. Modelling T1 events as dislocations explains such
order in T1 events as the dislocations glide between periodic region of droplets
or bubbles and reflect from walls and other dislocations [54, 56]. In addition to
shear and geometry induced local deformations, T1 events have been found to
exhibit clustering in foam simulations [44, 57]. The experiments in Publication II
indicate such behaviour as the probability distributions of waiting times between
subsequent T1 events P(τ) on a predefined area follow a power-law distribution
with an exponential cutoff (Figure 2.7). In the probability distribution function
(PDF) of the distribution

P(τ)= Aτ−1e−λτ, (2.5)

the power-law region describes the clustering of events and the cutoff λ comes
from the background frequency of T1 event [58, 59] while the parameter A nor-
malizes the distribution. The intrinsic background frequency can be described as
multiple non-interacting Poisson processes with varying average waiting times
and the effect of this background noise increases with the size of the observed
area. Surprisingly, the scaling of the cutoff is not linear with the area of the
observed region but cubic with the side length of the region. The reason might
lie in the average event frequency which depends on the radial distance from
the inlet in the present experimental geometry. The clustering indicates some
kind of interaction between T1 events which indeed has been observed.

In foam raft shearing experiments, multiple experimentalists observed coexis-
tence of both flowing and elastic regions in their foams [60, 61, 62]. The rate of
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Figure 2.8. The (a) panel compares number of T1 events detected on one second time windows
for reference and vibrated experiments. The gray vertical bars indicate vibrated
intervals, and the black curve seems to have peaks after these intervals. (b) The au-
tocorrelations of signals from (a). In the vibrated case, a periodicity with period time
of pulses can be seen. The images are from Publication III with small modifications.

decrease depends on the geometry, whether it has a plate on top or not, and can
be explained with the drag forces between bubbles (and confining geometry) that
slide past each other [63, 36]. These interactions in fact span further than to
just neighbor bubbles. The distance where the T1 events affect the surrounding
foam non-locally is called cooperativity length [64] which is material dependent
property. Single T1 events fluidize the foam around the event which may trigger
additional events in nearby bubble clusters. The same reason explains the
clustering of the events on small length scales observed in Figure 2.7. Also, the
fluidization due to non-local effects can alter the flow profiles from those that
e.g. Herschel-Bulkley equation would predict [36]. Experiments have shown
that indeed a T1 event in foam affects the deformation of nearby bubbles and
may cause subsequent events nearby (around 3 bubble diameters away) [65, 66].
One way to model the effect of T1 event to its surroundings is to deduce the
stress distribution to the surroundings. After T1 event, stress has been ob-
served to propagate in surroundings of the event with quadrupolar propagator
of form [67]:

Π∝ a
r2 + b

r2 cos(4θ). (2.6)

The a and b are fitting parameters that depend on material properties such as
liquid fraction. The propagating elastic stress may then trigger new events and
cause fluidization, however, the propagator decreases with square of distance
making the effects local which explains the results in Publications I and II.

The fluidization of the foam around local deformation events seems to have
major impact to the flow of foam. The Publication III tested to reach similar
fluidization artificially applying external vibration to a flowing foam. Earlier
studies have proven that vibration alters the rheology or even fluidizes yield
stress materials such as granular materials [68] and colloidal gels [69]. Foams,
however, generally lack inertia and friction and thus foams provide a model
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system which enables focusing on the vibration effects on the local network
without noise or additional nuisance terms from the two former effects. Simu-
lations suggest a critical transition from inhomogeneous deformation to stable
flow with the vibration frequency exhibiting diverging flow fluctuations at the
critical point [70, 71] The Publication III discovered small indicators of vibration
triggered T1 events. Figure 2.8a shows the number of T1 events observed in
flowing foam in 1 second intervals. The gray vertical lines indicate times when
the foam is vibrated with frequency of 30 Hz. After such intervals the number of
T1 events seems to temporarily increase and then decay close to average number
of T1 events. A single period with 1 s vibration and 10 s takes in total 11 sec-
onds and the autocorrelation function of the number of T1 events in Figure 2.8
seems to have period of 11 seconds, however, the correlations are rather weak.
In addition to the increase in the local activity, the velocity was discovered to
increase when the sample is vibrated. Figure 2.9a demonstrates the increase
in velocity averaged over small region of interest with increasing vibration fre-
quency. The fluctuations of velocity increase with the velocity and frequency
differing, however, clearly from the divergence of fluctuations in elastoplastic
simulations [70, 71]. Indeed, we do not expect the flow of foam to exhibit critical
transitions with vibrations.

To further demonstrate fluidization, the foam flow at a constricted channel
was experimented. The driving pressure oscillates below and above the yield
stress of the sample foam. When the cell is not vibrated the flow ceases at
low pressures as seen in Figure 2.10. However, the external vibration enables
flow even at the pressure minimum indicating that the vibrations fluidize the
foam and as such decrease the yield stress. The same phenomenon has been
demonstrated with foam produced in beer, where the external vibration is heavy
metal played from a low frequency loudspeaker [72].

2.4 Modelling foam deformation

Perhaps the most famous tool for modelling foams is the Surface Evolver [25].
Surface Evolver optimizes the interfaces between gaseous and fluid phases with
given constrictions such as vertex positions, fluid fraction and bubble volumes.
The Surface Evolver was used to discover Weaire-Phelan structure which proved
that Kelvin’s cell does not produce optimal area to volume ratio for division of
space [27]. The obvious strength of the Surface Evolver is proper processing
of the surface tension. Other, less frequently used, methods that account for
surface tension are Potts model and Lattice Boltzmann method. These methods
simplify the modelling of dynamic phenomena. Potts and Lattice Boltzmann
both discretize the space into tiles the former then models each element to be
gas or liquid while the latter states density of gas and liquid in each element.
The Potts model has been applied e.g. to study T1 events and their statistics [44].
The Lattice Boltzmann has yielded reliable results modelling friction between
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Figure 2.9. (a) The average velocity increases with the vibration frequency. (b) The velocity fluc-
tuations have clear positive correlation with the average velocity and the frequency
increases the fluctuations. The plots are from Publication III.

Figure 2.10. Foam velocity at the constriction (location shown in inset b) in a constricted channel.
(a) The flow stops with low pressure if the setup is not vibrated, however, vibration
enables flowing below the yield stress. (b) The velocity data averaged over cycles.
The pictures are slightly modified versions of plots from Publication III.
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bubbles and wall slip of foams [73].
Models neglecting interfaces and interfacial tension have also achieved re-

markable results modelling foams. A widely used and successful method is
molecular dynamics like bubble model [74, 75], which has been applied to sys-
tems close to jamming liquid fraction [76]. The bubble model treats bubbles as
soft discs which repulse each other at distances smaller than the sum of radii of
bubbles. The equations of motions can be integrated to yield the configuration in
the next time step. Of course, such wet foam model does not simulate T1 events,
however, different techniques to monitor local deformation e.g. D2

min measuring
non-affine deformation may be adapted from similar glass simulations. The
method has an advantage of versatility as the interaction potential may be
varied according the system resulting in different behaviour [77].

Similarly to bubble models, elastoplastic models describe amorphous materials
in a manner incorporating local yielding [78]. These models consist of tiles each
associated with local yield condition and stress, which then evolve according
to external deformation and yielding of surrounding tiles [79]. When the yield
criterion is exceeded at any site, the stress of the yielding block redistributes
to surroundings and decreases at the block with a desired relaxation speed. In
foam simulation, this kind of yielding would then act as a T1 yield event when
an appropriate stress propagator would be Eshelby like propagator 2.6 [67]
(the exact form is, however, sensitive to the details of the system [80]) and the
relaxation rate should be similar to relaxation after T1 event modelled with
equation 2.4 [48]. The quality of the model may be evaluated for example by
studying the resulting Herchel-Bulkley flow curves and whether the model
produces proper values of parameters. Indeed, variation of the relaxation model
has been seen to modify the Herchel-Bulkley eq. 2.3 flow index n along with
other critical exponents such as avalanche duration [81].

The MD type foam simulations and elastoplastic models have given insight to
local deformation, which is central in foam flow, and how it affects macroscopic
deformation. The versatility of the models has motivated a plethora of recent
studies of amorphous deformation. However, caution should be practiced when
conclusions from such models are applied to materials such as foams. Generally,
two extremes would be brittle and ductile materials separated by critical transi-
tion where the deformation occurs as a catastrophic event in former while the
latter yields smoothly [82, 83]. Foams and emulsions fall to the latter category.
Both models, MD like and elastoplastic, have been recently applied to elucidate
the elastic regime of yield stress materials showing how the local plastic activity
defines the global deformation [84, 85].

Finally, foam models may ignore all the rearrangement events in local configu-
ration and focus on averaged quantities. This, however, may be desired in many
applications where the material flows in some fixed geometry in a steady state.
In such a case, for example, the effect of tuning some parameters may be mod-
elled with an appropriate flow model. Of course, the models must account for the
complex flow behaviour such as the elastic response and yielding. An example
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of such flow model for foam that accounts for elastic, viscous and plastic effects
has been verified to simulate accurately foam flow in a classical experiment of
flow around a cylinder [86]. Similar elastic behaviour can be found in polymer
solutions where multiple constitutive relations have been developed. There the
general idea is to divide the stress tensor into two parts corresponding polymeric
and solvent contributions. In the polymeric part of the stress tensor, the stress
convects with the fluid scaled with polymeric relaxation time resulting in upper-
convected Maxwell fluid model. Many models add one non-linear stress term to
the upper-convected Maxwell model to improve the results. Examples of these
are Phan-Thien Tanner and Giesekus models (Giesekus is used in the present
study) [87]. The disadvantage with computational fluid dynamic calculations is
the need for multiple fitting parameters that usually must be acquired from fits
to experimental data. Such models may then be sensitive to the properties of
an experimental setup resulting in ad-hoc models that cannot be generalized to
other experiments. However, the fitting parameters may yield useful insights
about the material properties.

In Publication IV, the flow of cellulose laden foam was studied in two-dimensional
Hele-Shaw cell. The cell had a channel shape with an inlet on one end for the
sample to enter and an outlet at the other end. At the center of the channel the
sample flow velocity accelerates due to a constriction. The continuous phase of
the foam contains nano-fibrillated cellulose fibers increasing the viscosity of the
continuous medium. The amount of cellulose varies in experiments from 0 w% to
0.5 w%. Results of the experiments are shown in Figure 2.11. The curve shows
the velocity of foam at the center line of the cell parallel to the flow direction.
A local velocity minimum emerges downstream the flow from the constriction
which will be called here an undershoot. Similar phenomenon has been observed
in polymer suspensions where a bubble sediments and a negative wake appears
behind the bubble [88]. The same negative wake has been observed in foams be-
hind an intruder [89]. Another example with similar local velocity extremum is
foam flow in a channel geometry where the constriction at the center is inverted
to an obstacle. When the flow bypasses the obstacle a local velocity maximum
can be observed behind the obstacle know as an overshoot [90]. All these local
extrema result from the elastic behaviour of the fluid.

The Publication IV observes the local velocity minimum in more detail. The
insets in Figure 2.11a and b show the undershoot giving a clear picture of
the order of the velocity curves with different cellulose concentrations. The
foam itself exhibits elastic behaviour as the bubbles are separated with liquid
films and these respond elastically to small elongation as the surface energy
is minimized. Adding cellulose increases the viscosity of the continuous liquid.
In addition, cellulose suspensions are also elastic polymer suspensions. The
flow experiments indicate that adding cellulose does not alter the magnitude
of the undershoot (inset in Figure 2.11a). However, the peak velocity umax

decreases with cellulose concentration. Scaling the velocity with umax reveals
that the undershoot diminishes relative to the peak velocity with added cellulose
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Figure 2.11. The figure shows foam velocity in a Hele-Shaw cell at center line of a constricted
channel. The sample enters the channel at left with constant velocity and peaks
at the constriction. After constriction the velocity rapidly decays to a minimum
value known as the undershoot and then settles close to the initial velocity. The
continuous phase contains cellulose nano-fibers and the mass concentrations are
given in the legend box. Panel (a) shows the absolute velocity and (b) velocity scaled
with umax at the constriction. The image is from Publication IV.
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Figure 2.12. The experiment of Figure 2.11 simulated with Giesekus model for various concen-
trations. The results qualitatively correspond to the results of experiments. Adding
fibers decrease the size of the peak at the constriction and the minimum at the
undershoot. Again, panel (a) shows the absolute velocity and (b) velocity scaled
with umax at the constriction. The image is from Publication IV.

nanofibers (inset in Figure 2.11b). As the elastic components of the fluid cause
the undershoot, based on Figure 2.11 it seems, that adding cellulose does not
increase the elastic response of the fluid but only the viscosity of the continuous
medium.

Next CFD simulations using Giesekus model test the accuracy of the con-
clusions from the experiments. The simulation geometry mimics exactly the
one used in the experiments. The addition of CNF is modelled by increasing
the fraction of C = ηs/ηp. This increases the viscous contribution over elastic
behaviour from the bubble structure. Figure 2.12 displays the results of simula-
tions with various C. Figure 2.12a shows that the peak velocity umax decreases
with C and the undershoot magnitude remains nearly unaltered. When the flow
velocity is scaled with umax in Figure 2.12b the undershoot diminishes again
with increasing C. The results from simulations qualitatively agree with the
results found in the experiments. This confirms that indeed addition of CNF to
the foam increases the viscous dissipation in continuous medium relative to the
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increase (if any) in elastic response of the fluid.
Another effect that was studied with an averaged continuum model was the

effect of the external vibration to the foam flow in Hele-Shaw cell. The exper-
iments consisted of radial expansion of liquid foam in a disk shaped cell. An
external constant pressure drives foam to the cell from an inlet at the center.
The same pressure then expands the foam towards outlets at the edge of the
cell. At the same time, a loudspeaker connected to the Hele-Shaw cell induces
vibrations to the cell and foam with a constant frequency f . The f varies be-
tween experiments from 0 (no vibration) to 150 Hz and the average velocity on a
pre-defined region of interest is measured from videos of the flow. Figure 2.9a
shows the average velocity of the sample foam inside the region of interest with
time for five different f including the no vibration case f = 0 Hz. The average
velocity clearly increases for higher frequencies and this is further demonstrated
in a plot showing average velocity with respect to the vibration frequency in
Figure 2.13a.

To explain the flow enhancing effect of vibrations to the foam flow, a continu-
ous flow model based on Arrhenius equation was developed in Publication III.
According to Darcy’s law, the volumetric flow of fluid (Q) depends on the viscosity
as

Q = vA = C
η
= C

ηl +ηg
(2.7)

where the viscosity is divided into ηg global and ηl local parts. The ηl models
the effect of local bubble configuration and the vibration contribution is assumed
to affect only this part. The average flow velocity v is the volumetric flow divided
with the channel intersection area A. The parameter C depends on the driving
pressure and geometry of the system. For the local viscosity we use Arrhenius
type equation

ηl = η0 exp
(
ΔE−E f

)= η′0 exp
(
− f 2

〈 f 〉2
)
. (2.8)

where the ΔE is an energy required to trigger T1 event and the E f is the
decrease of this energy due to the vibrations. On the right of equation 2.8, the
Energy barrier ΔE has been incorporated to the viscosity constant η′0 and the
vibration contribution to the energy barrier of T1 event is proportional to square
of vibration frequency E f ∝ f 2.

Combining equations 2.7 and 2.8 results in equation for velocity and frequency:

v =
[

1
vmax

+ 1
v0

exp
(
− f 2

〈 f 〉2
)]−1

(2.9)

To obtain this form of the equation, the fitting parameters have been redefined
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as

vmax = C
Aηg

(2.10)

v0 = C
Aη′0

(2.11)

(2.12)

The constant C comes from Darcy’s law and note that the energy barrier of T1
events in non-vibrated case remains hidden in η′0. The fitting velocities have
elegant physical interpretations. The vmax is the maximum velocity that can
be achieved with increasing vibrations. This, of course, sounds reasonable that
the vibration effect to the T1 event barrier remains finite although the vibration
frequency (and energy) could be increased further. The parameter v0 defines the
velocity of non-vibrated foam with vmax as (v−1

0 +v−1
max)−1.

Figure 2.13a shows the averaged velocity with the vibration frequency. The
equation 2.9 is fitted to the data. The maximum velocity and the velocity without
vibrations, which are calculated from the fitting parameters, are plotted with
dashed lines to the same panel. The points adhere to the suggested model well
and apart from measurement at f = 90 Hz the effect of vibrations saturates on
high frequencies. This is further demonstrated in Figure 2.13b, where the axes
are scaled with the fitting parameters. Figure 2.13b shows in addition the values
of all three fitting parameters. The results show that the external vibration can
indeed enhance the flow velocity up to 20% in the present measurement setup.
A model, similar to Arrhenius law, explains the effect of vibrations as a decrease
of the T1 energy barrier and consequently decrease of local viscosity.

The present chapter discussed about length and time scales that define the
structure and deformation in foams. These manifest e.g. in the equations 2.4-2.9.
The existence of these characteristic length and time scales suggests possibility
to predict the non-linear dynamics of foam. This inspires the next Chapter
which discusses the prediction of local yielding in sheared foams from the local
structural features.
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Figure 2.13. (a) The velocity increases with vibration frequency to a maximum value vmax. The
solid line is fit to the data points (dots) with equation 2.9. (b) Scaling the data with
the parameters from the fit collapses the data points to a straight line ( f = 90 Hz is
not visible here). The fitting parameters are written on the panel (b). The image is
from Publication III.
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3. Predicting local deformation

The previous chapter discussed different “aspects” of deformation of foams.
These vary from local concentrations of surfactants in liquid-gas interfaces to
the macroscopic steady state flow of foam. In between, local deformations or
T1 events gained much attention since their properties define the macroscopic
flow. These events may be simulated using MD like bubble model or mesoscopic
models. Moving from computer simulations to an actual laboratory one quickly
encounters the problem, how to know when and where the foam is going to
yield next or after that. This chapter discusses the prediction of local defor-
mation and especially recently developed machine learning techniques for that
purpose. In Publications I & II, the local deformation of foam was studied
in a two-dimensional Hele-Shaw cell with foam expanding from the center of
the cell towards the edge. The measurements result in videos of foam flow
with over 30,000 T1 events. Such a substantial number of events provides an
unprecedented opportunity to study and predict local yielding of foams.

3.1 Physical properties indicating local yielding

The yield stress σy of three-dimensional foams vanishes as the liquid fraction
decreases towards a critical liquid fraction ϕc as σy ∝ (ϕc−ϕ)2 [91]. However, the
local liquid fraction remains well below ϕc on relevant length scales in dry foams
which were addressed here making liquid fraction useless in predicting local
yielding. The contact number Z provides a more reasonable and useful quantity
in the present context. The contact number is the number of neighboring
bubbles which is on average six in two-dimensional dry foams. The average
Z approaches Z0 = 4 as liquid fraction approaches ϕc with scaling 0.5 to 0.7
depending on the definition of liquid fraction, similarly σy vanishes with scaling
3/2 in two-dimensions [92, 93]. The Figure 3.1a tests if the local coordination
number predicts yielding or softness of foam close to the dry limit. The bar chart
displays coordination numbers for bubbles that will yield in a T1 event with blue
bars and orange bars for the rest. The smallest coordination numbers result
from the edges where only fraction of bubble and its neighbors are visible. The
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Figure 3.1. (a) The coordination number Z histograms for bubbles that will not participate in
a T1 event and those that will participate in a T1 event. It is clear that on average
bubbles with 6 neighbors are less likely to yield compared to bubbles with 5, 7 or
more neighbors. (b) The average textural tensor on specified regions shows poor
correlation with frequency of T1 events in the same regions. The data in images is
from Publication I.
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coordination number differing from the average 6 indicates higher probability of
T1 event. However, the functionality of Z as a T1 predictor deteriorates when
the total number of observed T1 events, which is here approximately 30,000, is
compared to the total number of observed bubbles, which is around 2 million.
For example, a conditional probability that a bubble with coordination number 5
will yield in a T1 event is only P(T1|Z = 5)≈ 2.6%!

Another approach to detect T1 events quantifies areas where T1 events are
most frequent. This has been studied in two-dimensional foam flow around an
obstacle, where the areas with the highest T1 event frequencies are in front of
the obstacle and in the overshoot behind the obstacle [55]. The spatial field of
T1 events always associates, of course, to the measure geometry, however, the
field may be compared to other quantities measured at the same time such as
pressure, rate of deformation, elongation and vorticity or derived properties [94,
95]. The similar was tested in Publication I, where frequency of T1 events
was compared to the textural tensor inside small regions. The observed foam
image was divided into 64 equal size tiles in 8×8 grid and the average T1 event
frequency fT1 and average textural tensor was calculated inside each tile. The
textural tensor is defined as [96]

�̂=
〈
�l⊗�l

l

〉
(3.1)

where vectors�l join the neighboring nodes of films between bubbles. In equa-
tion 3.1 the tensor is scaled with the average length of the films. The figure 3.1b
plots the T1 frequency inside each of the tiles against the larger eigenvalue
max(λ�̂) of textural tensor calculated in the same tile. Both quantities exhibit
variation between the tiles, however, the points lack any strong correlation
between the two quantities. In the perspective of other recent studies, this lack
of correlation seems natural as the T1 events require elongation to occur but at
the same time relax this local elongation [52].

A recent study introduces the universality between yielding in disordered
solids with other materials including foams [3] which justifies a brief discus-
sion about the structural indicators of local yielding in these glassy systems.
Similar structure related properties have been used to predict local yielding in
amorphous solids. Particles that participate in localized low-frequency normal
modes of the structure have been found to possess higher propensity to move
irreversibly compared to other particles [97]. Related to the vibrational normal
modes recently introduced atomic shear non-affinity improves the predictions by
also considering the direction of the shear that causes the local deformation [98].
The normal modes can be extracted from a particle simulation in a standard
procedure, however, in an experimental system, such as foam raft, one does
not have access to the total potential energy of the system or ability to probe
dynamic vibrations which are required to access the vibrational modes. Also,
free volume of particulate systems has been used as a predictor of local yielding.
The free volume offers poor predictor, however, its derivatives, such as combina-
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tion with vibrational displacement the “flexibility volume”, have proven more
useful predictors [99]. The free volume is analogous with the liquid fraction of
foams to some extent, but of course in foams the fluid is free to flow between the
plateau border equilibrating inhomogeneities in the liquid fraction. A practical
approach to predict deformation in metallic glasses and granular media suggest
detecting local structures responsible to yielding [100, 101]. This resembles the
coordination number in foams, however, the dimensionality of the systems that
the present study addresses reduce the possible local configurations that could
be used as predictors of yielding. As prediction results from structural and local
dynamical quantities have been viewed unsatisfactory to anticipate the defor-
mation of glassy systems, a machine learning approach has become a popular
alternative recently. Such an approach has been developed to glassy systems,
however, similar ideas may be applied to foams as was done in Publications I
and II. The following sections discuss the origin of these methods and results
from applications to foams.

3.2 Machine learning local deformation

Machine learning (ML) has been applied in recent years in multiple areas of soft
matter physics such as detecting order, predicting yielding, and designing mate-
rials [102]. Especially in disordered solids, machine learning approaches have
exhibited prominent improvements in predicting the local deformation from the
structural properties only. In the original application, a method based on support
vector machine (SVM) technique provides accurate predictions of “soft” particles
that correlates well with the non-affine motion of the particle in compression
of jammed granular material and Lennard-Jones glass simulation [103]. The
support vectors in Ref. [103] consist of two types of purely structural functions:
the first family describes radial density of particles while the second family
addresses the bond orientations between particles. The SVM method further
defines the structural property softness as the shortest distance of each particle
to the hyperplane separating soft and hard particles [104]. The importance of
the ML tools compared to the conventional predictors is that unlike quantities
such as vibration modes, or flexibility volume, the ML tools only use structural
information while the latter ones need dynamical data. This enables predictions
in systems where such dynamic data remains unattainable which covers most
experimental systems including the foams studied in the present thesis.

As such, the machine learned parameter softness results in good predictions
about which particles will yield when material is sheared. However, as usual
with machine learning, the physical interpretation of the quantity remains a
challenge. Over 100 structural functions span the basis for the SVM, and the
relevance of these functions may be estimated by eliminating functions one by
one and testing how the predicting capability decreases with different functions
removed [105]. Such a process reveals that only less than 25 basis functions
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suffice in yielding good predictions and after further reduction the predictions
scores decrease rapidly, in addition, the process shows that the bond orientation
describing functions are the most relevant for predictions [105]. A review of
prediction features compared different methods using Spearman correlation
function as a metric of similarity between different predictor features [8]. The
study in Ref. [8], comparing the prediction capability of various structural
and dynamical properties, revealed that softness correlates well with bond
orientation order parameter (see Ref. [106] for definition) and both correlate
with successful dynamical predictors such as soft modes [97] and atomic shear
affinity [98]. These observations elucidate the black box machine learning
process: the SVM has learned the angular frustration of the structure which is
the reason for soft modes and local structure prominent for yielding.

Neural networks, which possess more complex structure compared to SVM,
provide further predictive capability of glassy dynamics. A graph neural network
(GNN) may be successfully applied to predict the long-term dynamics in sheared
bidisperse LJ glasses [9]. The GNN learns the interactions of each particle in
the local environment. Depending on the number of applications of the network
core, the network gains the ability to predict the effect of further particles on the
dynamics of the studied particle. Another type of neural network, convolutional
neural network (CNN), provides a powerful tool for classifying image data. An
interesting recent application of CNN, classified local configurations around
particles in glass system to two classes: those susceptible to plastic deformation,
and rigid ones which display no yielding [10]. The method required projection
of local structure to images, however, after that the method results in excellent
accuracies in classification. In Publication I, the present work proposed a
similar scheme in a two-dimensional foam flow experiment, where CNN classifies
bubbles and vertices to rigid ones and those about to yield in a T1 event. The
proceeding section discusses the results and details of that study.

3.3 Image classification

The publication I attempted prediction of T1 events with a CNN, that was trained
to classify snapshots of foam to those where one excepts a T1 event and those
which do not yield. First, a camera recorded video of foam flow in a circular Hele-
Shaw cell where the foam expands from the center of the cell towards the edges.
An algorithm then processes the video and detects the bubbles and vertices from
each frame and finds all the T1 events that occur during the deformation.

The information about bubble/vertex data with the T1 events enables construc-
tion of data sets for a convolutional neural network. The data sets consist of
images which are either centered on vertices as in Figure 3.2a or on bubbles
as in Figure 3.2c. The images are tested both as grayscale Figure 3.2a and
skeletonized Figure 3.2c. The data sets contain images of all the T1 events
labeled as positive samples if the T1 event occurs during next frame (Δt = 0.1
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Figure 3.2. Panel (b) shows the prediction score ξ of image classification to T1 events and no
T1 events. The vertex centered images (a) result in the highest score. For bubble
centered images (c) the score increases with size of the image L, however, always
remaining smaller compared to the vertex centered images. The grayscale (a) and
skeletonized (c) images yield similar prediction results. Images containing only the
shape of the bubble [(b), inset] result in poor prediction score which shows minute
increase with L until the whole bubble is shown in the image. The image is from
Publication I.
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seconds). Addition of same number of samples without T1 events (labeled as
negative samples) balances the sets to have similar number of both samples. The
negative samples are picked randomly from frames so that they are far enough
(9 mm chosen as the the largest image width per



2) from the possible T1 events

in the same frame and so that samples are picked from the whole duration of
the experiment. The data sets have been constructed similarly in Ref. [10]. The
final data sets contain always 45-55% of both samples. The data are divided
into training and testing sets and CNN is first trained with the training data
and then the predictive capability of the neural network is evaluated with the
testing set.

Figure 3.2b displays the test scores of various data sets as a function of the
input image dimension L. The plot immediately shows that the vertex centered
images provide the best results irrelevant of the size of the image. The prediction
scores from vertex centered images remain always above ξ= 95%. The reason
for such a high score originates from the data set where in the negative sample
images the most vertices join three liquid films (this is the stable configuration
defined in Plateau’s rules) while the positive samples always need to have four
films so that T1 event is possible. It is also evident that the grayscale and
skeletonized images yield comparable results so the gray levels of the image or
film and vertex widths do not indicate yielding.

The prediction scores from bubble centered images increase in Fig. 3.2b with
the image size until around L = 7 mm. Figure 3.2c shows that at this point the
bubble is completely visible within the image and the films of the neighboring
bubbles are shown as well. The observation suggests that the bubble shape alone
does not suffice as a good predictor but CNN requires information about the
yielding vertex to achieve high scores. To test the hypothesis, the skeletonized
bubble centered images are reduced to only show pixels in contact with the center
bubble and all the other pixels are removed (Fig. 3.2b inset). The prediction score
does not exhibit improvement with the increasing L supporting the conclusion
that information about vertices is essential for accurate predictions.

Next, Figure 3.3a evaluates the performance of the CNN predicting T1 events
from times longer than just the next frame. Predictions both before and after
T1 event are tested. The convention is that the time to the possible T1 event
is defined as Δt = t f rame − tevent where the t f rame is the time when the input
snapshot for CNN is obtained and the tevent is the time of the possible event
that is being predicted. Negative values of Δt mean that the future events are
predicted while a positive value indicates that we look back in time to see if the
foam has yielded at this point. As grayscale and skeletonized samples yielded
comparable results, only grayscale samples are used. Also, only one size L ≈ 9
mm (the green frame in Fig. 3.2a & c) are used in this analysis.

Figure 3.3a shows that both the vertex and bubble centered data result in
rapid decrease in the prediction scores when the time between the prediction
and the possible T1 event increases. The score fits well to an exponential decay
towards the base line 50-50 situation where the CNN achieves the best score by
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Figure 3.3. (a) The score of predictions decreases exponentially with Δt. The decay is symmetric
with Δt = 0 for predictions from bubble centered images and asymmetric for predic-
tions from vertex centered images. (b) The correctly classified T1 events have similar
waiting time distribution as all the events meaning that rapid subsequent events or
long quiescent times do not confuse the classifier. Figure is from Publication I.
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always predicting the same outcome. The score of bubble centered predictions
decreases symmetrically for both positive and negative directions of Δt while
the vertex centered prediction score decays faster after the event with Δt > 0.
The asymmetry originates from the growth and shrinkage dynamics of the films
around the T1 events. Before the event, the forced flow (here modest 1.0 mm/s)
defines the shrinkage of the liquid films while after the event the force balance
and equation 2.4 define the growth rate [48, 47]. Thus, shrinkage before the
event is slow while after the event the film expands rapidly. As the bubble
centered predictions yield much more symmetric score CNN seems to base the
predictions more on the bubble shape and local surroundings that just to the
single vertex.

The temporal properties of T1 events are further analyzed in Figure 3.3b,
which visualizes the distribution of waiting times τ between subsequent T1
events. The distributions are shown for all the events and in addition to only
events that are classified correctly with the CNN algorithm. The distributions
collapse nicely indicating that the long quiescent period or recent T1 events do
not confuse the classifier.

3.4 Feature extraction

CNN accepted only images as the input data. This results in a limited amount
of information about the structural features that indicate the T1 event. The
possibilities of getting information are restricted to changing the position of
sample images, limiting the input size or manipulating the images. These were
applied in the previous section. In this section, instead of CNN, multilayer
perceptron (MLP) predicts the T1 events. Instead of images, the data consists of
various numbers describing the features of the local structure.

All the features describe vertices joining four liquid films and are listed in
Table 3.1. Publication II restricted the classification problem only to 4-fold
vertices as the mixing 3-fold and 4-fold vertices in data sets results trivial
predictions: the 4-fold vertices will yield and 3-fold vertices will not. As there
are 4 films joining in the vertices of the data sets, also some features describing
the vertices have four values. Table 3.1 indicates these features with subscript
i. For example, angles αi describing the alignment of all the four films at the
vertex have different values for each film. All the features may be defined based
on the decided point at the liquid film (see details in Methods chapter) and here
the point is decided to be either at the center or at the end of the liquid film.
Subscripts e and m indicate this choice as edge and middle point respectively.

Similarly, as with CNN, the data is split into two parts training data (24
000 samples) and test data (6000 samples). MLP optimizes parameters for
predictions with the former and then the prediction accuracy is evaluated with
the latter data set. In different runs, different sets of features are inputted to
the MLP as data.
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Table 3.1. The table listing all the features used for the prediction. The table is from Publica-
tion II. Figure 5.5 presents illustrations of all the features in Chapter 5 Methods.

Feature Symbol

Angle αi

Chord of circle �i

Curvature κi

Film Extension θi

Arc length si

Area film and chord ai

Internal angle ζi

Polygon side di

Polygon Area A

Perimeter P

Orientation β

The bars in Figure 3.4 display the prediction results of classification with
each feature (set) individually and for all the features combined (labelled with
C ). Clearly MLP achieves the best prediction score when all the features are
inputted as predictors. The features calculated from middle points yield better
predictions compared to the end points, and if both are used the improvement is
minute compared to the only middle point based data (compare the scores of C

and Cm). Single sets of features perform surprisingly well as the angles between
the films ζi enable over 75% prediction score. However, the other single feature
prediction scores lag at least 5 percentage points behind the ζi. The next best
scores, achieved with di and αi, result from features that relate also closely to
the angles between the films. The worst performing predictors are only single
value containing features polygon area A and perimeter P that yield 50-50
prediction results corresponding to a pure guess prediction. The only dynamic
information containing feature β, the orientation of the vertex compared to the
flow direction, exhibits a similar poor prediction score of 50 %.

In Figure 3.4, the brown bars are labelled with PCA meaning principal com-
ponent analysis. Here the dimensionality of all the features is reduced to two
components chosen in a way which maximizes the variance between data points.
Only the two principal components explain 43 % of the variance. The PCA
outputs the weight factor that each feature gains and these weights suggest that
the angles α and ζ with chord length � and arc length s explain the most of the
variance. However, reducing the data set to two components loses information
about the data points and this results in a mediocre prediction score of 63 % with
the MLP. Although, the score from two PCA components is good considering that
only two input features are used (recall that most of the single features actually
have four different values). The main goal of the PCA analysis is to rank the
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Figure 3.4. The chart shows the MLP training and testing scores which are reached in the
classification of nodes to T1 events and stable vertices for all the features C and
all individual features. The subscripts m and e or no subscript indicate feature
defined based on midpoint and endpoint of the film respectively. The plot is from
Publication II.

features based on the weights and visualizing the results.
Figure 3.5 shows the probability density functions (PDFs) of the two principal

components obtained from the features. In panel (a), only the positive samples
that will yield in T1 event are shown while panel (b) shows the PDF for the
negative (stable) samples. The distributions remind each other with three
separated peaks on similar locations. However, more detailed analysis of the
difference of the distributions, shown in Fig. 3.5c, reveals that actually the
distributions are not the same. The peak on the left is higher in panel (a) and
the peak at the center is higher in panel (b). Also, the shape of the peak in lower
right differs between the PDFs.

In addition to the single feature predictions in Figure 3.4, the predictions

Figure 3.5. Figure shows probability distributions of two principal components of the data for
vertices about to yield in T1 event (a) and for vertices that will not yield (b). (c) Panel
shows the difference of the two distributions in (a) and (b) panels. The plots are from
Publication II.
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Figure 3.6. T1 prediction scores when the MLP receives feature inputs as pairs. The rows and
columns are ordered so that the highest score is always on the diagonal from upper
right corner to the lower left corner highlighted with orange rectangle. The ordering
pairs rows and columns, and moving to different axis (from row to column or vice
versa) inverts the order of each pair. The data has been presented previously in
Publication II in different order.
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Figure 3.7. The dashed lines show the angular orientations of the films which are the most
probable indicators of yielding. The coloured areas display 1000 nodes that are
about to yield so that opaquer coloring indicates more films. The solid lines show the
average film orientations and lengths of these 1000 examples indicating also the tilt
in the chord lengths. The image is from Publication II.

were tested based on two input features. All the features were used in the
predictions as pairs with each other and Figure 3.6 displays the prediction
scores. Combination of features internal angle ζm and chord of circle �m achieve
the highest score of all the pairs. The MLP classifies correctly 83 % of the nodes
using these two features: A score only second to the predictions from all features
combined. This means that adding more features does not actually enhance
predictions and the ζm and �m suffice to achieve the maximum predictability
with these features.

Interestingly, although the ζm is the best individual feature for predictions, the
� actually performs rather poorly as an individual predictor. The single feature
predictions result for ζm score of ξ= 76% and for �m score of ξ= 58%. Simple
calculation shows that the 8 percentage point improvement over random case for
predictions based on �m can be almost completely added on top of the score from
ζm to gain their combined prediction score. That is, these two features manage
to predict almost totally different nodes. Indeed, they describe completely
independent features of the node as ζm relates to the film orientations and �m

relates to the film lengths. Instead, if two similar components, for example the
features α and αm (angles), are used as predictors, the result does not improve
from adding an extra feature as an input feature.

Finally, Publication II studied how the MLP does the predictions on the T1
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events from the features. The study concentrated on the best performing pair of
features: the internal angle ζ and the chord length � (the subscript m is dropped
out here and below for clarity). The data is transformed to two coordinate system
applying PCA and then the transformed data can be classified using elliptic
decision boundaries. The optimal boundaries are found so that two ellipses
contain 71% of the T1 events while 71% of stable points are outside the ellipses.
Closer to the mid points of these ellipses the yielding in T1 event becomes more
probable. The configuration that is the most likely to yield has angles ζ1 = 112◦

and ζ2 = 68◦ degrees. Figure 3.7 displays this configuration as dashed lines (with
ζ3 and ζ4 symmetric). One thousand nodes that are about to yield are illustrated
in the same Figure with transparent coloured films so that the opaquer colour
indicates more films oriented on the direction. Figure 3.7 clearly shows that
configurations with angles close to the given values typically yield. Note that
there is another rotationally invariant scenario where the angles are exchanged
to ζ1 = 68◦ and ζ2 = 112◦ degrees. Also, the chord lengths � that indicate yielding
are such that if the "x"-shape of the node is tilted the yielding is more likely.

The present Chapter confirms applying neural networks that, as anticipated in
Chapter 2, the local structure can predict the local yielding in foams. In addition,
the neural networks reveal which features of the local configuration yield the
most accurate predictions. The high prediction scores of 80%, attributed to short
timescales, indicate that only maximum of 20% of the events are triggered by
some long-range small time scale interactions.
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The preceding chapters have discussed the structure of foam, and how it defines
the response of foams to external stresses. The complex structure of bubbles
and fluid reaches a metastable configuration where the surface energy from
the interfacial tension has a local minimum. Small deformations do not impose
major changes to the local configuration but instead cause elongation of bubbles
and liquid films. Large deformation causes major changes in the configuration
as sequences of T1 events allowing the foam to yield. Thus, the foams exhibit
elastic and viscous (or plastic) mechanical response depending on the magnitude
of the deforming stress and strain. Reorganization of the foam structure via T1
events has an analogy to shear transformation zones in amorphous solids which
makes foams a prominent model system for those. In addition, the structural
configuration and foam properties affect the nature of response. The deformation
of foam was studied in four articles using two dimensional foams as example
systems. Due to their importance, the present thesis researches T1 events
extensively in Publications I-III.

Publication II studied the clustering of T1 events using a large dataset of
the structure of a flowing foam with more than 30,000 detected events. Such
an extensive dataset provides previously undiscovered information about the
statistics of the neighbour swap events and yielding in foams. The data reveals
that within a few bubble radii a T1 event can cause further event(s) to occur,
however, over further distances these correlations weaken and vanish. The time
scale of this clustering is around 1 second or less, however, such time depends
on the experimental setup and sample material rather than being a general
property of foams. The results provide further evidence of the propagation of
the stress released in the T1 event to the nearby surrounding film network.

The T1 events require stressing the bubbles to unstable configuration where
four liquid films join in single point before a neighbour swap is possible. Pub-
lication III found that imposing vibration to the sample increases the number
of T1 events on slowly flowing foam by decreasing the required elastic energy
for the elongation. The vibration allowed foam to yield with even small forces
where the foam remained stable without vibration. Also, on small flow velocities
the foam flows slightly faster when it is vibrated and the velocity increased with
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frequency up to 120 Hz. Such acceleration of foam deformation with mechanical
vibrations was observed in Publication III for the first time, although, a similar
phenomenon is familiar in jammed granular systems. Arrhenius-like model
was used to explain the increase in the flow velocity. In the model, the vibra-
tion plays the role of an effective temperature which increases with frequency.
The hypothesis is that the vibrations are kicks to the system which can make
stressed configurations unstable and so increase the probability of T1 events.

Another way to alter the flow properties of foams is the addition of particles to
the continuous medium. Publication IV studied the effect of cellulose particles
on the flow of foam through a constricted channel. Such experiments may yield
valuable information for production of cellulose-based foam materials that can
provide sustainable alternatives to e.g. plastics. The experiments were followed
by a set of simulations in the same experimental geometry using Giesekus model.
The model was originally designed to describe polymer suspensions and thus
suits well for simulating fluids with elastic properties. The increase of solvent
viscosity compared to polymer viscosity was found to simulate well addition of
cellulose to the continuous medium of foam.

Finally, Publications I and II concentrated on the predicting local yielding from
the local configuration of foam. The conventional predictors such as coordination
number or local textural tensor resulted poor predictors for the T1 events so in-
stead machine learning was applied to the problem. A similar problem has been
widely studied in local deformation of metallic glasses and similar systems and,
also, the idea of applying machine learning originates from the same community.
Publication I approached problem using convolutional neural network which
was able to predict the T1 events from snapshot images of the local configuration.
CNN was able to separate T1 events from randomly chosen reference samples
with scores up to 97% depending on the size of the image and where it was
centered. The results revealed that the essential information for prediction is in
the vertex that is about to yield. Thus, when the predictions were made over
longer period of time, it is not surprising that the prediction scores decreased
exponentially towards random guess score. Publication II then continued the
work. Instead of images, geometric features describing the yielding vertex were
extracted from the snapshots of foam. These features were then used as inputs
for multilayer perceptron and similar predictions were done. The study revealed
that the most essential factors indicating the yielding are the angles between
the films and, perhaps more surprisingly, the lengths of the films. Overall
Publications I and II demonstrate the power of machine learning in predicting
foam dynamics and so promote the utility of ML tools in the study of amorphous
systems. These articles also envisage methods of gaining information about the
physics of the system by varying the input data of ML algorithms.

The presented work lays the foundation for further studies of foam deformation
and other similar soft matter systems. Foams provide multiple means to alter
the local interactions and dynamics between bubbles in films, Plateu’s borders
and vertices. The changes in these lead to changes in the local time and length
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scales of foam dynamics. Publications III and IV serve as examples of such
modifications. The machine learning methods, including but not limited to
the ones, presented in Publications I and II, can then serve as tools to study
various modified foams and changes in their dynamics. Especially the interaction
between T1 events, that the present work only discusses briefly, would certainly
result in discoveries of complex new phenomena as the local configuration only
predicts 80% of the T1 events. In addition, the analogy between foams and
other soft and jammed systems indicates that the latter should exhibit similar
phenomena and testing this hypothesis provides a plethora of new research
topics. The future work will require further experiments with flowing foams,
among other materials, and analysis that yields large and accurate statistics
enabling probabilistic approach to the topics.
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5. Methods

The present dissertation researches foam flow empirically. This chapter de-
scribes the methodology used in the study. First, the chapter covers the experi-
mental setups and materials used in the publications. Later, the text discusses
the required data analysis methods and numerical simulations.

5.1 Local deformation experiments

Studying local yielding requires a clear view of the individual bubbles and the
foam configuration. Reducing experiment to two dimensions achieves the re-
quirements and it is a standard solution in the foam rheology research [22].
The two-dimensional flow cell is called a Hele-Shaw cell. Figure 5.1 provides
an overview of the Hele-Shaw cell used in the local yielding experiments. Fig-
ure 5.1a shows an example photograph of foam in a Hele-Shaw cell made of
two transparent acrylic plates. The bubbles form a single layer which enables
a clear view of the structure. Sometimes this kind of layer is called quasi-two-
dimensional as the bubbles still have height, however, the present work accepts
a more relaxed nomenclature.

Figure 5.1b shows a schematic view of the setup. The foam enters the cell at
the center from a tube below the cell. The foaming liquid is normal tap water,
and a commercial dishwashing soap Fairy enables the foaming of the sample.
The bubbles are generated with air through an injection needle in the liquid
pipe. A LED light panel lights the foam from below enabling to see the liquid
bubble edges as darker areas in the videos. The videos are recorded with a
Canon EOS M3 camera with a frame rate of 25 frames per second and image
size of 1920×1080 pixels.

Figure 5.1c displays the layout of the cell. The sample foam enters the cell
from a single inlet hole of size 15 mm at the center. The sample then expands
towards six 15 mm outlet holes at the edges of the cell. The radius of the cell
is 125 mm. The camera monitors a small fraction of the cell so that the inlet
and two of the outlets are partly visible in the videos. The imaged area shows in
Figure 5.1c as the coloured part. The square at the center is the part used in the
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Figure 5.1. The two-dimensional foam exhibits local yielding in a circular Hele-Shaw cell. (a) A
photo shows two-dimensional foam in the experimental setup. (b) Schematic picture
of the setup indicates the foam flow inside the Hele-Shaw cell at the center. A LED-
panel under the cell lights the foam, and a camera above the cell records a video
of the flow. (c) The foam enters the cell from a single inlet at the center and flows
towards six outlets at the edges. The picture indicates the imaged part of the cell,
and the skeletonized area is used in the analysis. The image is from Publication I.
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Figure 5.2. In the vibration experiments, the foam flows from the center of circular Hele-Shaw
cell towards the edges. A low frequency loudspeaker generates vibration to the cell
and the foam. A camera above the cell records the flow field. The image is a modified
version from Publication III.

data analysis. The rest are removed as the vicinity of inlet and outlets or the
edge would break the analysis.

5.2 Vibration experiments

Similarly, as in local yielding experiments, the vibrational experiments are
performed with circular Hele-Shaw cell. However, instead of six outlets, the
setup has four long outlets at the edges that bend with the outer cell sealing.
Figure 5.2 shows the schematic view of the setup. Again, an LED panel illumi-
nates the cell from below and a camera records the foam movement. In addition,
a low frequency loudspeaker induces vibration to the cell and the foam inside
it. The speaker is Yamaha NSSW200 subwoofer which has a good response to
small frequencies (30–150 Hz) used in the experiments. A constant pressure
drives the flow of the sample foam towards the edges and at the same time the
sound from the loudspeaker vibrates the cell at constant frequency. The sound
pressure level was Lp = 73±5 dB where the variation results from the varying
echos from the walls of the lab space with different frequencies. The camera
monitors a small area of the cell and in that area the velocity and T1 events may
be analyzed as described in the later sections. The analyzed area is a square of
size 13 mm right next to the inlet and the T1 events are calculated inside square
of size 27 mm including the inlet.
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Figure 5.3. The contraction at the center of the flow channel used in oscillating flow velocity
experiments induces shear to the sample causing local deformation in the bubble
construction. The sample enters from a small input orifice at the one end of the cell
and exits via an open edge at the other side of the cell. An oscillating pressure with
sinusoidal shape pushes the flow of the foam. The picture is from Publication III.
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Figure 5.4. The foam enters the channel from the left end through a round hole (solid line). The
sample flows through a contraction at the center and exits via another round hole
at the right end of the cell. A camera records the flow around the contraction at the
center. The image is from Publication IV.

The results of the effect of vibration on the flow are further confirmed with
another set of experiments. Figure 5.3 displays the template of the Hele-Shaw
cell used in oscillating driving pressure experiments. The foam enters the cell
via a single circular inlet at one end of the cell. It flows through a constriction at
the center of the cell and, finally, exits via an open edge at the other end of the
cell. An excess pressure at the inlet enables the flow. The pressure varies over
time with a sinusoidal profile resulting the flow velocity to oscillate with time.
Again, the flow is monitored with a camera above the cell and the loudspeaker
applies the vibration to the cell at constant frequency of 30 Hz.

5.3 Channel flow experiments

The effect of cellulose particles in foam flow was tested in a constricted channel
experiment. Figure 5.4 shows the template of the measurement cell. The
measurements consist of a few different experiments with varying cellulose
concentration. All the samples entered the cell with a constant flow velocity
and the driving pressure was adjusted accordingly as the fibers increased the
viscosity of the sample. The plates of the cells are transparent acrylic plates that
enable the observation of the flow with a camera. The length and width of the cell
are L = 86 cm and w = 18 cm, respectively. The constriction at the center of cell
has dimensions r = 20 mm and d = 20 mm as shown in Figure 5.4. The height
of the cell is h = 2.3 mm. The sample material is foamed with surfactants from
a soap and the fibers added to the foam are mechanically fibrillated cellulose
nanofibers.
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Figure 5.5. The Figure illustrates the methods of defining various features from the foam struc-
ture that are then used in the predictions. (a) The skeletonized view of foam enables
detection of bubbles and their neighbors. (b) The prediction data consists of unstable
4-fold vertices (green dot) and the features are determined based on the end points
(purple dots) or center points (red dots) of the films starting from the vertex. (c) The
chord length � describes the distance between center point and the reference points,
and the orientations α are the angles of these chords between the horizontal axis
pointing right. (d) The definitions of curvature κ, arclength s and central angle θ
require fitting of an arc on the film between the vertex center and reference points.
(e) The internal angles ξ are the angles between neighboring chords drawn from the
center point to the reference points. (f) The polygon sides d are distances between
neighboring reference points and the polygon perimeter P is the sum of these four.
(g) The area A in the polygon limited with reference points provides a single feature.
(h) The angle β describes the orientation of the unstable vertex with respect to the
average flow direction on the same location. The images are from Publication II.

5.4 Image processing and feature extraction

The frames of the videos are processed to detect T1 events and calculate the
prediction features. The T1 analysis requires few steps of image processing
performed with ImageJ Fiji distribution [107]. First, the images are converted
into 8-bit grayscale images which are then thresholded to binary images, where
the dark pixels correspond to liquid films and white pixels to bubbles. Next
the images are skeletonized. The skeletonization produces images where the
liquid films reduce to width of one pixel (see Figure 5.5). From the skeletonized
images, simple neighbor pixel analysis generates bubble neighbor lists, as shown
in Figure 5.5a, and comparison of subsequent neighbor lists reveals T1 events.

In Publication I, convolutional neural network receives grayscale or skele-
tonized images of foam configuration as input and such data requires no further
processing. In Publication II, however, the input data consists of features that
describe four-fold vertex (example in Figure 5.5b) quantified with numbers. Most
of the feature definitions are ambiguous as reference points that define angles
and lengths may be chosen in multiple different ways. Here two sets of reference
points are chosen and depicted in Figure 5.5b: ends of the liquid films (purple
dots) and centers of the liquid films (red dots). In both cases, the center point at
four-fold vertex (green dot) remains as one of the reference points.
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In section 3.4, Table 3.1 lists the features used in the predictions of T1 events
and Figure 5.5 demonstrates the definitions of the features. Panel (c) in Fig-
ure 5.5 defines the orientation angles αi between the liquid films and horizontal
axis pointing right. The same panel, also, shows the chord lengths �i which are
lengths of straight chords from the center reference point to the other points.
Instead of straight chord, Figure 5.5d fits arc of circle to each liquid film around
the vertex at the center. For these arcs, the radii of curvature are defined as
κi = 1/Ri and the lengths of the arcs si are determined. The polar angles of
these arcs can be defined with two previous features θi = siκi. A small gap spans
between the arc and chord fitted to liquid films the area of this gap ai produces
another set of features. Similarly to angles αi, angles ξi between neighboring
chords fitted to the reference points as shown in Figure 5.5e result four more
features.

Further features are defined based on a polygon spanning between the outer
reference points as seen in Figures 5.5f and g. Features di shown in Figure 5.5f
are the lengths of each side of such polygon. Sum of these four sides P =∑

i di,
the polygon perimeter, is one feature, and similarly, the area A of the polygon
as indicated in Figure 5.5g provides another feature. Finally, the orientation of
the vertex with respect to the average flow direction β is defined as the angle
between the line joining neighboring bubbles (direction indicated with vector�t)
around the vertex and the average flow velocity�v at the location of the vertex.
Panel (h) in Figure 5.5 defines this as

β= arccos(v̂ · t̂) (5.1)

where the hats indicate vectors with length unity. The orientation β is the only
feature containing dynamic information about the flow.

5.5 Machine learning methods

Publications I and II apply machine learning to predict T1 events in foam
flow and use neural networks and principal component analysis for the task.
Publication I predicts the events based on snapshot images of the foam around
studied location. For such a task, convolutional neural network provides a
suitable algorithm. CNN used in there is from Refernce [108] and Figure 5.6a
shows its structure. The activation function used in all the neurons is hyperbolic
tangent. The network receives an image as an input and performs three layers
of subsequent convolutions and maximum pooling calculations to image which
is a standard scheme of convolution layers in neural networks [109]. The kernel
sizes on each convolution layer depend on the size of the image, however, they
are always between 2 and 5. Finally, the network ends with two dense layers
where the processed images are projected to vectors. The output layer consists
of two numbers that correspond to predicted probabilities that the input image
will yield in T1 event or will not. In addition, convolutional neural networks
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Figure 5.6. (a) The picture illustrates the structure of the convolutional neural network used to
predict the T1 events from pictures. (b) For example, grayscale pictures centered at
a bubble are fed to the CNN as input data. The red square shows the vertex about to
yield. Inset: an example of optimized kernel. (c) The snapshot of panel (b) convolved
with the kernel shown in the inset of (b). The convolved result highlights liquid films
aligned from upper left to lower right corner. The images are from Publication I.
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with one, two and five layers were tested and, excluding the one-layer network,
the others produced good predictions as well.

Figure 5.6b and c illustrate the convolution layers of the CNN. All the convolu-
tion layers constitute of 16 different kernels, and all the kernels are initialized
with random numbers. In the training process, the kernel weights are optimized
to yield the best prediction results. Panel (b) shows a snapshot of foam and
an example of one optimized 3×3 kernel from the first layer of convolutions.
The kernel clearly has a stripe of negative weights from upper left corner to
the lower right corner or center. Applying this kernel to convolve the grayscale
image in Figure 5.6b produces an image highlighting the liquid films aligned
from upper left to lower right corner as seen in Figure 5.6c. This kind of simple
interpretation, however, only works on the first convolutional layer and on the
deeper layers the interpretation of outputs is not as straightforward.

The predictions from features prove to be much simpler compared to the
images. As in images the information about each pixel’s surroundings needs to
be accounted, convolutional network needs to be applied to achieve this goal.
With the features, the order in which the features are on the input layer does
not matter so, a simple fully connected neural network with three hidden layers
suffices to produce a good level of accuracy. The algorithm used in the task is
MLPClassifier from Python machine learning library Scikit learn [110], and the
rectified linear unit is used as an activation function. The chosen three-layer
architecture reaches the best prediction performance from a couple of network
architectures tested with different numbers of layers and neurons. The input
data is used both: as raw features, and with all features transformed to have
zero mean and unit variance. The transformed data was found to yield slightly
improved results, and those results are the ones shown in the Chapter 3.

The principal component analysis (PCA) projects the feature data to k-dimensional
subspace. When a data matrix X represents the N observations the principal
component analysis is defined via projection matrix fulfilling condition: [111]

min
P∈Pk

||PX−X||2. (5.2)

Here Pk are N×k projection matrices. The solution to this problem turns out to
be P∗ =UUT with U ∈RN×k that consists of the eigenvectors with the highest k
eigenvalues of covariance matrix XXT [111, 112]. Before the PCA, the feature
data is scaled to zero mean and unit variance. The algorithms used in the work
are from Python Scikit learn library [110].

5.6 Velocity analysis

Many of the experiments presented in this thesis require measurement of flow
velocity of sample foam from a video recording of the system. These experiments
are the foam vibration experiments (Section 5.2) and the channel flow experi-
ments (Section 5.3). For the purpose of calculating the velocities, particle image
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Figure 5.7. Figure shows two subsequent (binary) images of foam flowing in a Hele-Shaw cell:
the initial configuration (gray) and the final configuration (black). The PIV algorithm
extracts the displacement field by cross correlating the images shown with the red
arrows. The velocity can be calculated from the displacement field and the frame
rate.
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velocimetry (PIV) algorithm provides a useful tool. In practice, a MATLAB
toolbox PIVlab is used to analyze the videos [113]. PIVlab divides the frames
of a video into pairs of subsequent frames. The first frame in each pair is then
divided into small square tiles. The tile size close to the bubble size yields good
results as this reaches the maximum detail in the analysis without completely
empty tiles appearing (which are impossible to use in the analysis due to lack of
texture). Each of these tiles is then correlated with the next frame of the image
pair and the maximum correlation shows its position in the next frame. The
displacement field is then a vector from the original position of the tile in the
first image to the position of the tile in the next image. An example of image pair
(with initial configuration in gray and final configuration in black) demonstrates
a displacement field (red arrows) in Figure 5.7. Each tile is associated with a
displacement arrow at the center and the spacing between the arrows shows the
tile size. From the displacement field, the velocity follows when the frame rate
and pixel size are accounted. Since the tiling is the same in each pair of frames,
average velocity over time can be calculated by averaging velocities at the same
position in each pair.

5.7 CFD simulations

The cellulose-laden foam is simulated using Giesekus model for polymer suspen-
sions. The constitutive equation, relating stress tensor T to rate of deformation
tensor D, of the model is divided into two parts (indicated with subscripts):
polymer p and solvent s contributions. The stress tensors for these two have
equations: [114]

Tp +λ
∇
Tp +α

λ

ηp
Tp ·Tp = 2ηpD (5.3)

Ts = 2ηsD. (5.4)

Here η means viscosity while λ is the relaxation time of polymers, and α de-
scribes the thermal diffusion of polymers. The total stress tensor is then just
sum of the solvent and the polymer contributions T=Tp +Tp. In equation 5.3,
the second term on the left convects the stress on polymer matrix downstream
and the third term is the non-linear term on stress. The solvent part is sim-
ply Newton’s linear fluid equation which produces good approximation in the
present case although nano-cellulose suspensions are shear thinning fluids. The
remaining equations are the Navier-Stokes equations:

∇·v= 0 (5.5)

v̇=−∇p+∇·T (5.6)

The equations are then solved numerically using OpenFOAM CFD solver in the
same geometry that was used in the experiments (see Section 5.3).
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