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There is an expanding frontier of ignorance...
...things must be learned only to be

unlearned again or, more likely, to be corrected.
R.P. Feynman

The mistake we made was in thinking
that the earth belonged to us,
when the fact of the matter is

that we are the ones who belong to the earth.
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1
Introduction

If someone asks to give examples of flows that come automatically to the mind, there
is a high probability that the answers would be either flows that appear in nature (e.g.
the flow of a river, the flow of air in the atmosphere, the oceanic currents) or flows
that occur at home (e.g. the jet of water coming out from the tap).

The first type of flows have common characteristics. They are multi-phase — it
is not only a single fluid but a mixture of phases (gas-liquid-solid) — and they are
turbulent — they are “random” flows. Multiphase turbulent flows are omnipresent
in nature (e.g. hurricanes, sediments transported by a river, cloud formation), and in
industry (e.g. bubble columns in the chemical and petrochemical industries). This
work focuses on a particular case of multiphase flows: bubblyflows, and studies them
in two different flow conditions:

• In the first one, the liquid is quiescent and bubbles rise due to buoyancy induc-
ing agitation to the liquid phase.

• In the second one, micro-bubbles are dispersed in a homogeneous isotropic
turbulent flow, and they interact with the turbulent structures.

1.1 Turbulence

Turbulence refers to the disordered, irregular, random andto some extent unpre-
dictable motion of fluids. A definition of turbulence is much more easier if we list
the main characteristics of these type of flows:

1



2 CHAPTER 1. INTRODUCTION

• It is random in time and space. The state of a turbulent flow (i.e. the velocity,
pressure, and temperature fields) can not be predicted as forthe laminar case.

• It is a multi-scale phenomenon. Eddies with different length- and timescales
interact closely with each other. The higher the turbulence, the wider the range
of sizes of co-existing eddies.

• It is highly dissipative. Without an external energy input,dissipative effects
would laminarise the turbulence.

• It is intermittent. Strong non-Gaussian fluctuations occurmore often than for a
Gaussian statistical process. Consequently, the probability of these rare violent
events are higher and increases as the flow becomes more turbulent [1].

Although turbulent flows are daily phenomena occurring everywhere (e.g. the
flow surrounding a car, the motion of the atmosphere, water flowing inside a pipe,
the smoke of a cigarette), scientists started to study them thoroughly just in the last
two hundred years. The reason for the “late” start of turbulent research is its inherent
complexity. Even today, as Feynman pointed out [2], turbulence still remains an
unresolved problem in classical physics.

Turbulence is mathematically described with the Navier-Stokes equations, but
until now there is not a complete theory to describe turbulence yet [3]. However,
big steps towards its understanding have been taken. In 1822, Osborne Reynolds
carried out experiments to determine the conditions at which laminar flows in a pipe
become turbulent, and showed that the different regimes (either laminar or turbulent)
are determined by the value of a dimensionless quantity (nowadays the Reynolds
number):

Re=VD/ν ,

whereV is the fluid velocity,D the diameter of the pipe, andν the kinematic viscosity
of the fluid.

He also proposed to study turbulent flows from a statistical point of view, by
decomposing the velocityV into the sum of the meanU and a fluctuating partu.
This decomposition into a mean motion and the fluctuation wasalready contemplated
some centuries before by Leonardo da Vinci. He described in one of his drawings a
turbulent stream resembling the way hair falls (mean motion) and its curls (fluctua-
tions), see his notesOn hair falling down in curlsin [4].

But it was until the last century when the conceptual framework of modern turbu-
lence was introduced by Andreii Kolmogorov [5, 6](known nowadays as K41 theory).
Some years before, in 1922, Richardson envisioned a qualitative description of how
the energy is transferred in turbulence. He proposed that the largest eddies, of size
similar to that of the system, break up into smaller eddies, which once again break
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up into even smaller ones. The break up mechanism repeats successively until a crit-
ical, sufficiently small, Re is reached. At these scales, thesmallest eddies are stable
and they are dissipated by viscosity. Hence, an energy cascade takes place where the
energy is transferred down from large to small scales.

Following Richardson’s idea Kolmogorov assumed that in flows with high Re, the
large scale anisotropy can eventually vanish at sufficient small scales as a result of
the energy cascade mechanism. At these small scales turbulence is thus statistically
homogenous and isotropic, and it is only determined by the mean flux of energy〈ε〉,
yielding to an universal state independent of how it was generated. The range of
scales where this universal regime holds is called inertialsubrange. At the smallest
scales viscosity effects become important and dissipationis the dominant mechanism.
This final stage of the cascade is called the dissipation range and is determined by the
fluid viscosityν and〈ε〉.

1.2 Pseudo-turbulence

Before considering the movement of particles in turbulence, we focus on a simpler
system: particles either rising or falling in a liquid at rest. In this case, the particle
motion is the only energy input, and liquid fluctuations are induced. The nature
of these fluctuations is thus different compared to the single-phase shear induced
turbulence. These disturbances are mainly a result of the hydrodynamic interactions
of the wakes and their heterogenous distribution. This phenomenon is also referred
as to pseudo-turbulence, and it is widespread used in the bio- and petrochemical
industries to enhance mixing, mass and heat transfer. Bubble columns fall within this
category.

Several scientific research has been carried out to understand the nature of the
induced agitation [7–11]. The characteristics of the induced fluctuations are reflected
in their energy spectrum, and actually it still remains an open question. The results on
energy spectrum on pseudo-turbulence have been contradictory [see e.g. 9]. Lance
et al. [12] were the first that reported a−8/3 scaling of the energy spectrum of
liquid fluctuations in bubbly flows, but there are some other investigations that have
measured the typical turbulent power law decay of−5/3 in pseudo-turbulence [13].

In this work, we study further this issue by performing experiments using a novel
technique phase-sensitive constant-temperature anemometry (CTA), which allows
the direct detection of the bubble collisions onto the hot-film probe. Discarding the
bubble information in the time-series of the CTA measurements is crucial for the
determination of the spectrum of liquid fluctuations, and provides a reliable result.

Additionally we are also interested in studying the statistics of the bubble velocity
and bubble clustering in pseudo-turbulence. To achieve this, we implement a three-
dimensional particle tracking velocimetry (PTV) system toobtain experimentally the
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position and velocity of bubbles. One major advantage of this technique is its non-
intrusiveness. On the other hand, it is limited to dilute bubbly systems where single
bubbles can be detected and they are not merged as two-dimensional blobs.

Previous experimental works on the clustering of bubbles inpseudo-turbulence
[11] have stdueid it by either analyzing two-dimensional images or by looking at
time-series of the bubble collisions obtained by optical orhot-film probes [14, 15].
Three-dimensional information of the bubble position is fundamental for a correct
quantification of the clustering. Direct numerical simulations (DNS) can provide
such detailed information, but with some limitations like the number of simulated
bubbles and the imposed periodic boundary conditions in order to reduce the simula-
tion time [7, 16].

Probability density functions (PDFs) of bubble velocitiesprovide important in-
formation for effective force correlations which are used in bubbly flow models in
industry. Experimental PDFs of bubble velocity have been measured using intrusive
techniques such as impedance probes [11, 17]. As this technique relies on the bubble
collision, the number of data points used for the PDFs is not sufficient for obtaining
well-converged statistics.

By employing three-dimensional PTV, we report for the first time on experimen-
tal well-converged PDFs of bubble velocities and clustering.

1.3 Bubbles in turbulence and clustering

The turbulent flows that are found in daily experience are notas ‘simple’ as the ideal
homogeneous isotropic turbulence though. For instance they can transport particles,
thus increasing their complexity. Most of the times the particles behave differently
as fluid tracers as they have finite sizes and their densities can be different from that
of the carrier fluid. Our understanding of the dynamics of particles (light, neutral
or heavy) in turbulent flows is far from complete. However, inrecent years results
of numerical and experimental investigations have enormously contributed to its un-
derstanding . Particularly, Lagrangian studies—an ideal approach due to the inher-
ent mixing and transport characteristics of turbulence—have attracted much attention
[18]. The challenge and big interest to comprehend more the Lagrangian statistics re-
mains, e.g. Do these statistics also exhibit a K41 scaling? How intermittent are they?
Moreover, how do these statistics depend on particle size and density? There are nu-
merous studies that have dealt with fluid and heavy particlesin turbulence [19–21].
In contrast, there is little experimental research for bubbles (light particles) [22, 23].

Another important issue in turbulent multi-phase flows is clustering. The disper-
sion of particles within a flow is a result of the hydrodynamicinteractions of particles
with the flow structures (e.g. eddies). Particles with a different density and size to



1.4. A GUIDE THROUGH THIS THESIS 5

those of the carrier fluid distribute inhomogeneously. Thisphenomenon is known
as preferential concentration or inertial clustering. Thestudy of inertial clustering
is of big interest as the particles’ distribution plays an important role in numerous
phenomena (e.g. drop formation and break up in cloud dynamics [24], in the in-
teraction of plankton species [25], combustion etc.). There are several mathematical
tools available for quantifying clustering, ranging from pair correlation [26], counting
box methods [27], Lyapunov exponents [28], Voronoı̈ diagrams [29] or Minkowski
functionals[30].

In the present work, we study experimentally the Lagrangianstatistics of micro-
bubbles in homogeneous isotropic turbulence and its clustering. We employ also
three-dimensional PTV to obtain the position, velocity andacceleration of micro-
bubbles in a turbulent flow. Probability Density Functions of bubble velocity and
acceleration as well as their autocorrelation functions are calculated. We compare
the bubbles statistics with the cases of neutral and heavy particles. Clustering effect
of bubbles in turbulence are investigated using a Voronoı̈ analysis.

1.4 A guide through this thesis

The first part of this thesis is dedicated to bubbly pseudo-turbulence, where bubbles
with diametersdb ≈ 4-5 mm are injected in the Twente Water Tunnel. In chapter
2, the experimental results of the energy spectra of liquid fluctuations, the veloc-
ity statistics of bubbles and the bubble clustering are reported. To accomplish this,
we use novel experimental techniques, such as three-dimensional PTV and phase-
sensitive CTA. We explain the details of both techniques together with the advantages
and disadvantages when used in bubbly flows. We also compare in chapter 3 the re-
sults of front-tracking DNS with experiments, and investigate further the power law
scaling of the energy spectrum and the PDFs of bubble velocities. The big advantage
of front-tracking simulations is that the bubble-liquid interface is resolved accounting
for bubble wake phenomena. Here we show that a different−5/3 scaling of the en-
ergy spectrum in bubbly pseudo-turbulence indeed exists, and that wake phenomena
produce it.

The second part of the thesis addresses the motion of micro-bubbles in homo-
geneous isotropic turbulence. Experiments with micro-bubbles are carried out in
the turbulent Twente Water Tunnel. Micro-bubbles with sizesimilar to the turbu-
lent Kolmogorov’s lengthscaleτη are dispersed and advected by the mean flow. A
three-dimensional PTV system allow us to obtain the micro-bubbles’ positions. By
means of a tracking algorithm, the micro-bubble trajectories are reconstructed, al-
lowing us to obtain micro-bubble velocity and accelerationalong the trajectories. In
chapter 4, we discuss the Lagrangian statistics of micro-bubbles. We show that the
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micro-bubble velocity PDFs of all components have a Gaussian distribution, whereas
the PDFs of micro-bubble acceleration exhibit high intermittent tails. Details on the
analysis method are given. Similarities and differences ofthe Lagrangian statistics of
micro-bubbles, heavy particles and tracers are commented.Finally, in chapter 5 the
clustering behavior of heavy, neutral and light particles is studied applying a Voronoı̈
approach. Both, experimental data and point-particle DNS are used for this analysis.
We show that Voronoı̈ diagrams can be used to quantify the clustering of particles,
with the standard deviation of the normalized Voronoı̈ volumes as an indicator of
clustering. Furthermore, we study the temporal evolution of the Voronoı̈ cells in a
Lagrangian manner. The summary and conclusions of our work are given in chapter
6, followed with an outlook for future work.
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2
Bubble clustering and energy spectra in

pseudo-turbulence ∗

Three-dimensional particle tracking velocimetry (PTV) and phase-sensitive constant
temperature anemometry in pseudo-turbulence—i.e. flow solely driven by rising
bubbles— were performed to investigate bubble clustering and to obtain the mean
bubble rise velocity, distributions of bubble velocities,and energy spectra at dilute
gas concentrations (α ≤ 2.2%). To characterize the clustering the pair correlation
function G(r,θ) was calculated. The deformable bubbles with equivalent bubble di-
ameter db = 4−5 mm were found to cluster within a radial distance of a few bubble
radii with a preferred vertical orientation. This verticalalignment was present at
both small and large scales. For small distances also some horizontal clustering was
found. The large number of data-points and the non intrusiveness of PTV allowed to
obtain well-converged Probability Density Functions (PDFs) of the bubble velocity.
The PDFs had a non-Gaussian form for all velocity componentsand intermittency
effects could be observed. The energy spectrum of the liquidvelocity fluctuations
decayed with a power law of−3.2, different from the≈ −5/3 found for homoge-
neous isotropic turbulence, but close to the prediction−3 by Lanceet al. [1] for
pseudo-turbulence.

∗Published as: J. Martı́nez Mercado, D. Chehata Gómez, D.P.M. van Gils, C. Sun, and D. Lohse,
On bubble clustering and energy spectra in pseudo-turbulence, J. Fluid Mech.650287-306.
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2.1 Introduction

Bubbly pseudo-turbulence—i.e. a flow solely driven by rising bubbles—is relevant
from an application point of view due to the omnipresence of bubble columns, e.g.
in the chemical industry, in water treatment plants, and in the steel industry [2]. A
better understanding of the involved phenomena is necessary for scaling-up industrial
devices and for optimization and performance prediction. This work wants to provide
experimental data on pseudo-turbulence by means of novel experimental techniques.
The main questions to be addressed in this chapter are:

(i) What is the preferential range and the orientation of bubble clustering in pseudo-
turbulence?

(ii) What is the mean bubble rise velocity and what kind of probability distribution
does the bubble velocity have?

(iii) What is the shape of the energy spectrum of pseudo-turbulence?

2.1.1 Bubble clustering

In dispersed flows, the hydrodynamic interaction between the two-phases and the
particle inertia result in an inhomogeneous distribution of both particles and bubbles
(see e.g. experimentally [3–5] and numerically [6–8] and [9] for a general recent re-
view). Bubble clustering inpseudo-turbulencehas been studied numerically [10–13]
and experimentally [14–17]. The numerical work by Smereka [10] and by Sangani
et al.[11] and theoretical work by Wijngaarden [18, 19] and Kok [20] suggest that,
when assuming potential flow, rising bubbles form horizontally aligned rafts. Three-
dimensional direct numerical simulations (DNS), which also solve the motion of the
gas-liquid interface at the bubble’s surface, have become available in the last few
years. The works by Bunneret al. [21, 22] suggest that the deformability effect
plays a crucial role in determining the orientation of the clustering. For spherical
non-deformable bubbles these authors simulated up to 216 bubbles with Reynolds
numbers in the range of 12− 30 and void fractionα up to 24%, and Weber num-
ber of about 1. For the deformable case, they simulated 27 bubbles with Reynolds
number of 26, Weber number of 3.7 andα = 6%. The authors found that the orien-
tation of bubble clusters is strongly influenced by the deformability of the bubbles:
spherical pairs of bubbles have a high probability to align horizontally, forming rafts,
whereas the non-spherical ones preferentially align in thevertical orientation. In a
later investigation, where inertial effects were more pronounced, Esmaeeliet al. [23]
studied both cases for bubble Reynolds number of order 100. In this case only a weak
vertical cluster was observed in a swarm of 14 deformable bubbles. Their explanation
for the weaker vertical clustering was that the wobbly bubble motion, enhanced by
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the larger Reynolds number, produces perturbations which do not allow the bubbles
to align vertically and accelerate the break up in case some of them cluster.

In spite of numerous experimental studies on pseudo-turbulence, bubble cluster-
ing has not yet been fully quantitatively analysed experimentally. Zenit et al. [16]
found a mild horizontal clustering using two-dimensional imaging techniques for
bubbles with particulate Reynolds number higher than 100. Cartellier et al. [14]
studied the microstructure of homogeneous bubbly flows for Reynolds number of
order 10. They found a moderate horizontal accumulation using pair density mea-
surements with two optical probes. Their results showed a higher probability of the
pair density in the horizontal plane and a reduced bubble density behind the wake of
a test bubble. Rissoet al. [15] performed experiments with a swarm of deformable
bubbles (db=2.5 mm), aspect ratio around 2 and Reynolds number of 800. They did
not find clustering and suggested that in this low void fraction regime (α < 1.05%)
there was a weak influence of hydrodynamic interaction between bubbles.

2.1.2 Mean bubble rise velocity and statistics of bubble velocity

The mean bubble rise velocity in bubbly flows is found to decrease with increasing
bubble concentration whereas the normalized vertical fluctuationVz,rms/Vz increases
[16, 22, 24]. The interpretation is that when increasing theconcentration the bubble-
induced counterflow becomes more important and in addition the hydrodynamic in-
teractions between bubbles become more frequent and hinderthe upward movement
of bubbles, provoking at the same time, an increment of the bubble velocity fluctua-
tions.

Next, Probability Density Functions (PDFs) of bubble velocities provide useful
information for effective force correlations used in bubbly flow models in industry.
PDFs in pseudo-turbulence have been obtained in the numerical studies of Bunner
et al. [22, 25] and Esmaeeliet al. [23]. For non-deformable bubbles [25], the PDFs
of velocity fluctuations have a Gaussian distribution. If deformability is considered
[22], the PDF of only one horizontal component of the velocity keeps a Gaussian
shape while the non-Gaussianity in the PDFs was stronger at the lowest concentration
α = 2%, recovering a Gaussian distribution forα = 6%. However, in that numeri-
cal work only a limited number of bubbles (Nb = 27) could be considered and the
different behavior in the two different horizontal directions reflects the lack of sta-
tistical convergence. Experimental PDFs of bubble velocities in pseudo-turbulence
have been obtained by Zenitet al. [16] and by Martı́nezet al. [24]. In these studies
the bubble velocity was measured intrusively using an impedance probe technique.
The amount of data points used for the PDFs was not sufficient for good statistical
convergence.
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2.1.3 Liquid energy spectrum

In bubbly flows, one must distinguish between the energy input due to the bubbles
and the energy input due to some external forcing—either of them can be predom-
inant. Lanceet al. [1] suggested the ratio of the bubble-induced kinetic energy and
the kinetic energy of the flow without bubbles as appropriatedimensionless number
to characterize the type of the bubbly flow. Rensenet al. [26] called this ratio the
bubblanceparameterb, defined as

b=
1
2

αU2
r

u′20
, (2.1)

whereα was already defined,Ur is the rise bubble velocity in still water, andu′0 is
the typical turbulent vertical fluctuation in the absence ofbubbles. Lanceet al. [1]
measured the liquid power spectrum in bubbly turbulence andobserved a gradual
change of the slope with increasing void fraction. At low concentrations the slope of
the spectrum was close to the Kolmogorov turbulent value of−5/3. By increasing
α , the principal driving mechanism changed—the forcing now more and more origi-
nated from the bubbles and not from some external driving. Inthat regime the slope
was close to−8/3. Having in mind equation (2.1) one may expect different scaling
behavior, depending on the nature of the energy input that isdominant, namelyb< 1
for dominant turbulent fluctuations orb > 1 for dominant bubble-induced fluctua-
tions. Indeed from table 1 of Rensenet al. [26] one may get the conclusion that the
slope is around−5/3 for b< 1 and around−8/3 for b> 1. Also Ribouxet al. [27]
obtained a spectral slope of about−3 in the wake of a swarm of rising bubbles in still
water (b = ∞). Moreover, in numerical simulations Sugiyamaet al. [12] obtained
the same spectral slope for the velocity fluctuations causedby up to 800 rising light
particles, i.e.b= ∞, with finite diameter (Re≈ 30). However, there are also counter-
examples: e.g., Muddeet al. [28], and Cuiet al. [29] obtained around−5/3, though
b= ∞. Therefore, in this paper we want to re-examine the issue of the spectral slope
in pseudo-turbulence (b= ∞).

2.1.4 Outline of the chapter

This chapter is structured as follows: in section 2.2 the experimental apparatus is
explained and particle tracking velocimetry technique, (PTV) and phase-sensitive
constant temperature anemometry (CTA) are described. Section 2.3 is divided in
three subsections: in the first part results on bubble clustering are shown, followed
by the results on the mean bubble rise velocity and the bubblevelocity distributions,
and finally the power spectrum measurements are presented. Asummary and an
outlook on future work are presented in section 2.4.
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Table 2.1: Typical experimental parameters: void fractionα , mean bubble diameter

(db =
3

√

d2
l ds), wheredl andds are the long and short axes of a two-dimensional image

of a given ellipsoidal bubble, mean rising velocity in stillwaterVz, and Reynolds
(Re= dbVz/ν f ), Weber (We= ρdbV

2
z/σ ), and Eötvos (Eo= ρ f gd2

b/σ ) numbers.
Hereν f = 1× 10−6 m2/s is the kinematic viscosity of water,σ = 0.072 N/m the
surface tension at the air-water interface, andg the gravitational acceleration.

α(%) db(mm) Vz(m/s) Re We Eo
0.28−0.74 4−5 0.16−0.22 1000 2−3 3−4

2.2 Setup, tools, and methods

2.2.1 Twente water channel

The experimental apparatus consists of a vertical water tunnel with a 2 m long mea-
surement section with 0.45× 0.45 m2 cross section. A sketch depicting the setup is
shown in figure 2.1. The measurement section has three glass walls for optical access
and illumination (see [26] for more details). The channel was filled with deionized
water to the top of the measurement section. The level of the liquid column was 3.8 m
above the place where bubbles were injected. We used three capillary islands in the
lowest part of the channel to generate bubbles. Each island contains 69 capillaries
with an inner diameter of 500µm. Different bubble concentrations were achieved
by varying the air flow through the capillary islands. We performed experiments
with dilute bubbly flows with typical void fractions in the range 0.28%≤ α ≤ 0.74%
for PTV and in the range 0.20%≤ α ≤ 2.2% for CTA. The void fractionα was
determined using a U-tube manometer which measures the pressure difference be-
tween two points at different heights of the measurement section [see 26]. A mono-
dispersed bubbly swarm with mean bubble diameter of 4−5 mm was studied. Typical
Reynolds numbersReare of the order 103, the Weber numberWeis in the range 2−3
(implying deformable bubbles) and the Eötvos numberEo is around 3−4. Table 2.1
defines these various dimensionless numbers and summarizesthe experimental con-
ditions. In figure 2.2, the mean bubble diameterdeq as a function of void fraction is
shown. The values are within the range of 4-5 mm and show a slight increment with
bubble concentration.

2.2.2 Particle Tracking Velocimetry

In the last few years three-dimensional PTV has become a powerful measurement
technique in fluid mechanics. The rapid development of high-speed imaging has
enabled a successful implementation of the technique in studies on turbulent motion
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Figure 2.1: Experimental apparatus: a) Measurement section of length 2m, b) 4-
camera PTV system, c) Capillary islands.

Figure 2.2: Equivalent bubble diameterdeq as a function of void fractionα . Standard
deviation as error bars. We measured the longdl and shortds axes of 400 bubbles per
concentration from two-dimensional images. The equivalent diameter was obtained
by assuming ellipsoidal bubbles with a volume equal to that of a spherical bubble,
deq= (dsd2

l )
1/3
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of particles [9, 30–34]. The measured three-dimensional spatial position of particles
and time trajectories allow for a Lagrangian description which is the natural approach
for transport mechanisms.

Figure 2.1 also sketches the positions of the four high-speed cameras (Photron
1024-PCI) which were used to image the bubbly flow. The four cameras were view-
ing from one side of the water channel and were focused in its central region, at a
height of 2.8 m above the capillary islands. Lenses with 50 mmfocal length were
attached to the cameras. We had a depth of field of 6 cm. The image sampling
frequency was 1000 Hz using a camera resolution of 1024×1024 pixel2. The cam-
eras were triggered externally in order to achieve a fully synchronized acquisition.
We used the PTV software developed at IfU-ETH [35] for cameracalibration and
tracking algorithms. For a detailed description of this technique we refer to [35] and
references therein. A three-dimensional solid target was used for calibration. Bub-
bles were detected within a volume of 16×16×6 cm3 with an accuracy of 400µm.
To illuminate the measuring volume, homogeneous back-light and a diffusive plate
were used in order to get the bubble’s contour imaged as a darkshadow. The im-
age sequence was binarized after subtracting a sequence-averaged background; then
these images were used along with the PTV software to get the three-dimensional
positions of the bubbles. We acquired 6400 images per cameracorresponding to 6.4
s of measurement (6.7 Gbyte image files).

For higher bubble concentration, many bubbles are imaged asmerged blobs and
can not be identified as individual objects. These merged bubbles images are not
considered for the analysis. Therefore the numberNb of clearly identified individual
bubbles goes down with increasing void fraction. For the most dilute case (α =
0.28%) aroundNb ≈ 190 bubbles were detected in each image. This quantity dropped
to nearly 100 for the most concentrated cases (α = 0.65% andα = 0.74% ). If
a bubble is tracked in at least 3 consecutive time-steps, we call it a linked bubble.
Table 2.2 summarizes typical values of number of bubbles (Nb) and linked bubbles
(Nlink) per image.

2.2.3 Pair correlation function

Particle clustering can be quantified using different mathematical tools like pair corre-
lation functions [21], Lyapunov exponents [36], Minkowskifunctionals [7], or PDFs
of the distance of two consecutive bubbles in a time-series [6]. In this investigation
the pair correlation functionG(r,θ) is employed to understand how the bubbles are
globally distributed. It is defined as follows:

G(r,θ) =
V

Nb(Nb−1)

〈

Nb

∑
i=1

Nb

∑
j=1,i 6= j

δ (r − r i j )

〉

, (2.2)
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Table 2.2: Number of detected bubbles and linked bubbles perimage for all concen-
tration studied. For the highest void fractions there is a drop in the number of linked
bubbles, since most bubbles are imaged as two-dimensional merged blobs, which are
not considered in the analysis.

α Nb Nlink Nlink/Nb ·100%
0.28% ≈190 ≈50 27%
0.35% ≈190 ≈50 27%
0.41% ≈170 ≈40 24%
0.51% ≈140 ≈30 21%
0.56% ≈140 ≈30 21%
0.65% ≈110 ≈20 18%
0.74% ≈110 ≈15 14%

whereV is the size of the calibrated volume,Nb is the number of bubbles within that
volume,r i j is the vector linking the centers of bubble i and bubble j, andr is a vector
with magnituder and orientationθ , defined as the angle between the vertical unit
vector and the vector linking the centers of bubblesi and j, as shown in figure 2.3.
From (2.2), the radial and angular pair probability functions can be derived. To obtain
the radial pair probability distribution functionG(r) one must integrate over spherical
shells of radiusr and width∆r, whereas for the angular pair probability distribution
functionG(θ) an r-integration is performed.

We also checked that our numerical scripts for calculating the pair correlation
function giveG(r) = 1 andG(θ) = 1 for a random distribution of particles. There-
fore, we generated randomly positions of particles and applied the script to calculate
both radial and angular correlations. We considered 2 sets of particles. Case A with a
total number of particlesnpA = 1000 at 100 ‘timesteps’tsA = 100 and case B, where
both the total number of particles and the number of ‘timesteps’ are closer to our
experimental conditionsnpB = 500 andtsB = 6000. We applied the script to these
two sets. Figure 2.4 shows the radial and angular correlation function for both sets.
As we can see the functions reach a value of nearly 1 as it is expected for a randomly
distributed set of particles.

2.2.4 Phase-sensitive constant-temperature anemometry

Hot-film measurements in bubbly flows impose considerable difficulty due to the
fact that liquid and gas information is present in the signal. The challenge is to distin-
guish and classify the signal corresponding to each phase. The hot-film probe does
not provide by itself means for a successful identification.Thus many parametric and
non-parametric signal processing algorithms have been used to separate the informa-
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Figure 2.3: Definition of angleθ between a pair of neighboring bubbles.

Figure 2.4: Radial and angular pair correlation for the two sets of randomly dis-
tributed particles. Set A: 1000 particles and 100 ‘time-steps’, Set B: 500 particles
and 6000 ‘time-steps’. In figure (a)G(r)> 0 for r∗ < 1 in set A because the ‘separa-
tion’ between particle was less than the separation distance in set B which was used
for both normalizations.
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tion of both phases, i.e. thresholding [37] or pattern recognition methods [38]. The
output of these algorithms is a constructed indicator function which labels the liquid
and gas parts of the signal. We follow an alternative way andmeasurethe indicator
function, therefore avoiding uncertainties when computing it. This can be achieved
by combining optical fibers for phase detection to the hot-film sensor [see 39, 40].

The device, called phase-sensitive CTA, was firstly developed by van den Berg
et al. [41]. In this technique, an optical fiber is attached close tothe hot-film probe
so that when a bubble impinges onto the sensor it also interacts with the optical fiber.
Its working principle is based on the different index of refraction of gas and liquid.
A light source is coupled into the fiber. A photodiode measures the intensity of the
light that is reflected from the fiber tip via a fiber coupler. The incident light leaves
the tip of the fiber when immersed in water, but it is reflected back into the fiber
when exposed to air, implying a sudden rise in the optical signal. Thus the intensity
of the reflected light indicates the presence of either gas orliquid at the fiber’s tip.
In this way, if both signals are acquired simultaneously, the bubble collisions can
straightforwardly be detected without the need of any signal-processing method. For
the construction of the probe we used a DANTEC cylindrical probe (55R11) and
attached two optical fibers to it (Thorlabs NA=0.22 and 200µm diameter core). We
used two fibers in order to assure the detection of all bubblesinteracting with the
probe. The fibers were glued and positioned at the side of the cylindrical hot-film, at
a distance of about 1 mm from the hot-film. An illustration of the hot-film and fibers
is shown in figure 2.5. The probe was put in the center of the measurement section
positioning its supporting arm parallel to the vertical rising direction of the bubbles
so that the axis of the optical probes are also aligned with the preferential direction of
the flow, thus allowing for a better bubble-probe interaction and aiming to minimize
the slow down of bubbles approaching the probe. Van den Berget al. [41] measured
flow velocity with and without the fiber being attached to the probe. They found
that the presence of the fibers do not compromise the probe’s bandwidth and that its
influence on the power spectrum is negligible.

With the signal of each optical fiber a discretized phase indicator functionξ =
{ξi}N

i=1 can be constructed, whose definition follows [37], namely

ξi =

{

1 liquid,
0 bubble.

(2.3)

An unified phase indicator function is then obtained by multiplying the indicator
functions of both fibers. A typical signal of phase-sensitive CTA with two consecutive
bubble-probe interactions is shown in figure 2.6a. There is one adjustable parameter
to construct the indicator functions of the fibers. As explained above the phase dis-
crimination can be done by an intensity threshold of the optical fiber’s signal. When
the rising edge of the signal surpasses this threshold, the indicator function of the
fiber must change from a value 1 to 0, as defined in equation 2.3.If the optical fiber
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hot-film

optical fiber

Figure 2.5: Phase Sensitive CTA probe with two attached optical fibers for bubble-
probe detection.

was positioned at the same place of the hot-film probe, the rising edge of its signal
would occur precisely at the time when the bubble interacts with the hot-film. How-
ever, there is a separation of about 1 mm between the fibers andthe hot-film, so that
the rising edge of the optical fibers’ signal occurs actuallywith some delay. There-
fore, to construct the phase indicator function of the optical fibers, one must account
for this delay and define the beginning of the interaction notwhere the signal exceeds
the intensity threshold but some time before. The time used for this shifting was ob-
tained considering the vertical separation between the optical fibers and the hot-film
probe and mean bubble velocities: in our experiment a bubbletravels 1 mm in about
5—7 ms. We shifted the beginning of the collision 8 ms prior tothe optical fibers’
signal starts to rise from its base value. The shifting valuewas double checked by
analyzing the histograms of the duration of bubble collisions. As it can be observed
from figure 2.6b, with this shift sometimes part of the CTA signal when the bubbles is
approaching the probe (< 10 ms) was lost, but we noticed no effect on the spectrum
when varying the shift duration, provided the bubble spikeswere still removed.

With the phase indicator function only pieces containing liquid information of the
time series are used for further analysis— i.e. the part of the signal between the two
bubble interactions shown in figure 2.6a. For each part of thetime-series containing
liquid information the spectrum was calculated. Then all spectra were averaged and
the power spectrum for each bubble concentration was obtained. In this way neither
an interpolation nor auto-regressive models for gapped time series were necessary. In
our experiments the gas volume fractions varied from 0.2≤ α ≤ 2.2%. The CTA was
calibrated using a DANTEC LDA system (57N20 BSA). The calibration curve was
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Figure 2.6: Typical phase Sensitive CTA signal already transformed into velocity.
(a) two consecutive bubble-probe interactions forα=0.2%, (b) zoom in of a bubble
collision.

obtained by fitting the data points to a fourth-order polynomial. The total measuring
time was 1 h for each concentration and the sampling rate of the hot-film and optical
fibers was 10 kHz.

2.3 Bubble clustering and distributions in pseudo-turbulence

2.3.1 Radial pair correlation

The radial pair correlationG(r) was obtained for all bubble concentrations studied.
Figure 2.8 showsG(r) as a function of the normalized radiusr∗ = r/a, wherea is a
mean bubble radius. As shown in figure 2.2 the mean equivalentbubble diameter is
within the range 4-5 mm. Therefore we can normalize with one mean bubble radius
and we pickeda = 2 mm for all concentrations. We observe in figure 2.8 that the
highest probability to find a pair of bubbles lies in the rangeof few bubble radiir∗ ≈
4 for all concentrations. The probabilityG(r) of finding a pair of bubbles within this
range increases slightly with increasingα . For valuesr∗ < 2 one would expect that
G(r) = 0. However, in our experiments we foundG(r) 6= 0 for r∗ < 2, due to the fact
that the bubbles are ellipsoidal and deform and wobble when rising.

We now estimate the error bar in the correlation functionG(r), originating from
incomplete bubble detection, as seen from table 2.2. With increasingα the fraction
of detected bubbles decreases. Forα = 0.28% we detectNb ≈ 200 so one would
expect forα=0.74% to detectNb ≈ (0.74/0.28)× 200≈ 500 but we are detecting
only 110,≈20% of them. In order to investigate the reliability of the pair correlation
function due to this loss of bubble detection, we studied a set of randomly distributed
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Figure 2.7: Effect of bubble loss detection on the radial andangular pair correlation.
(a) G(r) applied to 100%, and 20% of the particles in set B, (b)G(θ) with r∗ = 5
applied to 100%, and 20% of the particles in set B .

particles. We generated 500 particles at 6000 timesteps andcalculated the radial and
angular pair correlation functions, obtainingG(r) = 1 andG(θ) = 1 as expected for
randomly distributed particles. Then we kept only 20% of theparticles and recalcu-
lated the correlation functions to see how much they deviatefrom 1. We found that
the maximum deviation was less than 0.1 for both the radial and the angular corre-
lation functions. The results are shown in figures 2.7a and 2.7b for the radial and
pair correlations, respectively. This is much smaller thanthe structure revealed in
theG(r) curve in figure 2.8. We therefore consider the clustering with the preferred
distance ofr∗ = 4 as a robust feature of our data, in spite of incomplete bubble de-
tection. In figure 2.8 this error bar corresponding to a maximum error ofG(r) at the
most concentrated flow is also shown.

2.3.2 Angular pair correlation

The orientation of the bubble clustering was studied by means of the angular pair
correlationG(θ) using different radii for the spherical sector over which neighboring
bubbles are counted. Figures 2.9(a-c) show the results forr∗=40, 15 and 5, respec-
tively. The plots were normalized so that the area under the curve is unity. For all
radii and concentrations, pairs of bubbles cluster in the vertical direction, as one can
see from the highest peaks atθ/π = 0 andθ/π = 1. The value ofθ/π = 0 means
that the reference bubble (at which the spherical sector is centered) rises below the
pairing one. Forθ/π = 1 the reference bubble rises above the pairing bubble (see
figure 2.3). When decreasing the radius of the spherical sector, i.e. when probing the
short range interactions between the bubbles, we observe that a peak of the angular
probability nearπ/2 starts to develop. The enhanced probability at this angle range is
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Figure 2.8: Radial pair probabilityG(r) as a function of dimensionless radiusr∗. The
different curves are for different bubble volume concentrations α (given in percent).
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even more pronounced in figure 2.9c where the peak ofG(θ) for horizontally aligned
bubbles is just slightly lower than that for vertical clustering. It is worthwhile to point
out that the vertical alignment of the bubbles is very robustand is present from very
large to small scales, as the angular correlation for different spherical sectors is al-
ways higher at valuesθ/π=0 and 1 than at valueθ/π=0.5. The maximum error bar
for the angular correlation for the most concentrated flow atα = 0.74%, when 20%
of particles are detected, was 0.1 as explained above and is also shown in figure 2.9.
It is much smaller than the structure of the signal.

For comparison, we consider again the work of Bunneret al. [22], who found
that pairs of bubbles have a higher probability to align vertically, though for a much
higher concentration (α = 6%) than employed here. Bunneret al. [22] found that
the vertical alignment was not as robust as in our case, sincewith increasingr∗ the
angular correlation at 0 andπ became less dominant. Another significant difference
between the findings of our experimental work and their simulations is that horizontal
alignment was more pronounced with larger radii of the spherical sector and not when
decreasingr∗. Our experimental results clearly show the main drawback and today’s
limitation when solving the flow at the particle’s interface: the simulations are still
restricted to a small number of particles, which is not sufficient to reveal long-range
correlations.

2.3.3 Interpretation of the clustering

What is the physical explanation for a preferred vertical alignment of pairs of bub-
bles in pseudo-turbulence? Through potential flow theory, the mutual attraction of
rising bubbles can be predicted [42], the application of potential theory to our ex-
periments remains questionable [18], as we are in a statistically stationary situation
where bubbles have already created vorticity. Our findings are consistent with the
idea that deformability effects and the inversion of the lift force acting on the bubbles
are closely related to the clustering. Mazzitelliet al. [43] showed numerically that
it was mainly the lift force acting on point-like bubbles that makes them drift to the
downflow side of a vortex in the bubble wake†. Furthermore, when accounting for
surface phenomena, Ervinet al. [44] showed that the sign of the lift force inverts
for the case of deformable bubbles in shear flow so that a trailing bubble is pulled
into the wake of a heading bubble rather than expelled from it. In such a manner
vertical rafts can be formed. Experimentally some evidenceof the lift force inver-
sion has been observed by Tomiyamaet al. [45] as lateral migration of bubbles under
Poiseuille and Couette flow changed once the bubble size has become large enough.
Numerical simulations of swarm of deformable bubbles without any flow predicted a
vertical alignment [22]. An alternative interpretation ofthe results, due to Shu Takagi

†See figure 2 in [43] sketching the dynamics.
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Figure 2.9: Normalized angular pair probabilityG(θ) as a function of angular posi-
tion θ/π for various bubble concentrationsα (see insets) and three different bubble-
pair distances: (a)r∗ = 40, (b) r∗ = 15, and (c)r∗ = 5. Maximum error bar for the
angular correlation of 0.1 atα=0.74%.
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(private communication 2009) goes as follows: small, pointwise, spherical bubbles
have a small wake, allowing the application of potential flow. The bubbles then hori-
zontally attract, leading to horizontal clustering. In contrast, large bubbles with their
pronounced wake entrain neighboring bubbles in their wake due to the smaller pres-
sure present in those flow regions, leading to vertical clustering. Further efforts are
needed to identify and confirm the main mechanism—i.e. either lift or pressure re-
duction in the bubble wake— leading to a preferential vertical alignment, for example
through experiments with small, spherical, non-deformable bubbles as achieved by
Takagiet al. [46] through surfactants or with buoyant spherical particles.

2.3.4 Average bubble rise velocity

Bubble velocities were calculated by tracking the bubble positions which were linked
in at least three consecutive images. The mean bubble rise velocity can thus be ob-
tained as a function of the bubble concentration. Figure 2.10 shows the three compo-
nents of the bubble velocity; the coordinate system corresponds to the one depicted
in figure 2.1. The terminal rise velocity of a single bubble with db = 3.9 mm and with
the same water-impurity condition is also shown in figure 2.10, it has a value of 0.26
m s−1. A decrease in the mean bubble rise velocity with concentration is observed
in our experiments within the experimental error showed in figure 2.10. The mean
bubble rise velocity is 0.22 m s−1 for the most dilute caseα = 0.28% and decreases
until a value of 0.16 m s−1 for α = 0.51%.

The interpretation of this finding is that in this parameter regime the velocity-
reducing effect of the bubble-induced counterflow [see 47] and the scattering effect
overwhelm the velocity-enhancing blob-effect (originally suggested for sedimenting
particles in [48]), implying that a blob of rising bubbles rises faster than a single one.
For values ofα ≥ 0.56% the mean values are again larger, around 0.18 m s−1. This
increment of the mean rise velocity could be a result of our experimental error. As
mentioned in section 2.2.2, the number of detected bubbles at higher concentrations
decreases by a factor 3 as compared to the most dilute cases. To check whether this
increment was coming from detection of blobs of bubbles rather than single ones,
we did experiments with a single camera positioned perpendicularly to the flow. The
two-dimensional images were used to track bubbles manuallymaking sure that the
trajectories indeed corresponded to single bubbles. In figure 2.10 the mean bubble
rise velocities from the one-camera two-dimensional analysis are plotted. A similar
behavior is observed, first a decrease with concentration, followed by a slight increase
for the most concentrated flows, confirming the three-dimensional PTV results.
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Figure 2.10: (a) Mean bubble velocity as a function of bubbleconcentrationα .
All three components are shown:◦ Vx; � Vy; H mean bubble rise velocityVz; △
mean bubble rise velocity obtained by particle tracking from single camera two-
dimensional images;� terminal rise velocity for a single bubble withdb = 3.9 mm.
The error bars were obtained by estimating the 95% confidenceinterval for the mean.
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2.3.5 Bubble velocity distributions

Figure 2.11 shows the PDF of all velocity components at the most dilute concen-
tration (α = 0.28%). The number of data points used for calculating the PDFswas
larger than 9×104 for the highest concentrationα=0.7% and of order 3×105 for the
most dilute case. Even for the most concentrated flow, the number of data points was
large enough to assure the statistically convergence of thePDFs. All PDFs show non-
Gaussian features, as nicely revealed in the semi-log plot of the PDFs (figure 2.12).

In order to quantify the non-Gaussianity of the PDFs, the flatness values of the
distributions were calculated. Their values are shown in the inset of figure 2.11 and
are within the range 6−13. The flatness of the vertical component has always the
highest values in the whole range of void fraction.

The effect of the concentration on the PDFs is also shown in figure 2.12. As in
that figure, the PDFs are shown on a semi-logarithmic scale sothat the deviation from
the Gaussian-like shape become more visible, it is revealedthat there is no substantial
change in the shape of the distributions with increasing bubble concentration.

We would like to compare the non-Gaussianity of the PDFs (“intermittency”)
found here with a comparable system, namely Rayleigh-Bénard convection as the
analogy between bouyancy-driven bubbly flows and free thermal convection is inter-
esting [see 49]. In Rayleigh-Bénard convection a fluid between two parallel plates
is heated from below and cooled from above (see [50] for a recent review). Promi-
nent coherent structures in this system are thermal plumes,which are fluid particles
either hotter or colder than the background fluid. Due to the density difference with
the background fluid, hotter plumes ascend and colder ones descend. The system is
solely buoyancy-driven. Particularly, for largePr (defined as the ratio of kinematic
viscosity and thermal diffusivity of the working fluid) the plumes keep their integrity
thanks to the small thermal diffusivity, so that the similarity with pseudo-turbulence
is appealing (we stress however that of course there are differences between the two
systems which have been pointed out by Climentet al. [49]).

Do the statistics of the velocity fluctuations in Rayleigh-Bénard share a similar
behavior with those of bubbles in pseudo-turbulence? In Rayleigh-Bénard convec-
tion, the PDF of the vertical velocity fluctuations of the background fluid—i.e. the
central region of the cell—exhibits a Gaussian distribution [51]. Qiuet al. [52], and
Sunet al. [53] measured the vertical velocity fluctuations in the region where the
plumes abound, they found that the PDF still follows a Gaussian function. Those
measurements, carried out forPr ≈ 4, indicate clearly that the PDF of the plume
velocity fluctuations can be described by a Gaussian function, which differs signifi-
cantly from the statistics of the bubble velocity in pseudo-turbulence. A possible rea-
son of this difference could be that buoyancy in pseudo-turbulence is much stronger
than that of the plumes in Rayleigh-Bénard system.
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Figure 2.11: PDFs for the three bubble velocity components for α = 0.28% normal-
ized with the root mean square (r.m.s.) values of each component. Vx: dotted line
with squares,Vy: dashed line with circles (both withVmeanvelocities as expected),Vz:
dotted-dashed line with triangles. The respective black solid lines (without symbols)
show a Gaussian with the same mean and width as the measured distributions. The
inset presents the flatness of the distribution as a functionof the concentrationα .
The horizontal solid line in the inset represents the flatness for a normal distribution.
Squares, triangles, and circles have the same meaning as in the main plot.
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Figure 2.12: Same PDFs of the bubble velocity normalized with the r.m.s. values of
each component as in figure 2.11, but now on a semi logarithmicscale to better reveal
intermittency effects for various concentrations. As a reference, a Gaussian curve
with the same mean and standard deviation as for the distribution with α = 0.28% is
plotted as a solid line.
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Figure 2.13: Liquid energy spectra for different void fractions. ◦ α=0.2%, △
α=0.4%,� α=0.8%,⋄ α=1.3%,▽ α=1.7%,+ α=2.2%. The arrow shows the onset
frequency of the scaling.

2.3.6 Energy spectra of pseudo-turbulence

Figure 3.4 shows the energy spectra for all gas fractions. Asit can be seen, the slope
of the energy spectrum hardly depends on the volume fraction—all curves show a
slope of about−3.2. We stress that this scaling behavior is maintained for nearly
two decades, much wider than it had been reported in prior observations of this steep
slope of pseudo-turbulence spectra [1, 12, 27]. As it was mentioned in section 2.2.4,
the way the power spectrum was calculated in this investigation differs from previous
ones in two aspects: firstly, the indicator function has beenmeasured by means of the
optical fibers; and secondly, an energy spectrum has been calculated for all individual
liquid segment, before the final spectrum is obtained through averaging.

One wonders whether the duration of our interrupted time series is large enough
to resolve the low frequency part of the spectrum: if the duration of these segments is
too short, then indeed the low frequencies in the power spectrum can not be resolved.
On the other hand, if the duration of the liquid segments is large enough, then all
frequencies in the spectrum are well resolved. Figure 2.14 shows the distribution of
the logarithm of the non-interrupted time series duration for three different concen-
trations. Forα=2.2% (the most concentrated bubbly flow with more bubble-probe
interactions, thus shorter liquid segments) around 90% of the segments used to con-
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Figure 2.14: Distribution of the time duration of the parts containing liquid infor-
mation in the CTA-signal used to calculate the spectrum for three different bubble
concentrations. The solid vertical line corresponds to theonset frequency of the scal-
ing in figure 3.4, see arrow in that plot.

struct the spectrum have a duration larger than 0.05 s. Comparing with figure 3.4, we
can see that for frequencies higher than 20 Hz we have resolved the inertial range,
where the slope is≈−3.2. Thus the measurement of the spectra is consistent.

Why does the slope differ from the Kolmogorov value−5/3? One might expect
a different scaling in pseudo-turbulence, as the velocity fluctuations are caused by
the rising bubbles and not by the Kolmogorov-Richardson energy cascade, initiated
by some large scale motion. The difference between these twoscalings is not yet
completely understood, but there are some hypothesis on itsorigin. One possible ex-
planation for the different scaling in pseudo-turbulence was given by Lanceet al. [1].
They argued that eddies from the bubble wake are immediatelydissipated before de-
caying towards smaller eddies, which would lead to the−5/3 scaling. They derived
a−3 scaling, balancing the spectral energy, and assuming thatthe characteristic time
of spectral energy transfer is larger than those of dissipation and production. More
evidence that wake phenomena are related to the−3 scaling has been given by Risso
et al. [54] and by Roiget al. [17]. They showed that bubbles’ wakes decay faster
in pseudo-turbulence than in the standard turbulent case with the same energy and
integral length scale. They also proposed a spatial and temporal decomposition of
the fluctuations in order to gain more insight into the different mechanisms. In their
experiments they used a fixed array of spheres. Very recently, Riboux et al. [27]
measured the spatial energy spectrum in pseudo-turbulenceby means of PIV. They
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measured the spectrum just immediately after a bubble swarmhas passed and ob-
tained a−3 decay for wavelengths larger than the bubble diameter (2 mm< lc <7
mm). For wavelengths smaller than the bubble diameter they found that the spectrum
recovered the−5/3 scaling. Their findings showed that the scaling is independent
on the bubble diameter and void fraction in their range of parameters investigated
(0.2%≤ α ≤ 12% anddb = 1.6−2.5 mm), which we also find. Their conclusion is
that the−3 scaling is only a result of the hydrodynamic interactions between the flow
disturbances induced by the bubbles. Their arguments for this statement are that the
scaling appears for wavelengths larger than the bubble diameter and that a different
scaling was found for smaller wavelengths. It is worthwhileto emphasize that in our
case, we measuredwithin the swarm where production is still maintained and steady.
The−3 scaling in our measurements is in the range of 8 mm down to hundreds of
micrometers (estimated by considering the mean bubble risevelocity and the starting
and ending frequencies of the scaling of the spectrum in figure 3.4), thus for lengths
not only larger thandb but also for those up to one order of magnitude smaller than
it. This supports that the dissipation of the bubble wake is involved and still a valid
explanation for the−3 scaling as proposed by Lanceet al. [1]. In any case, previous
works [12, 17, 27, 54] and the present one show that the−3 scaling is typical for
pseudo-turbulence.

One further result supporting this idea is the one obtained by Mazzitelli et al.[13]
who performed numerical simulations of micro-bubbles in pseudo-turbulence mod-
eling them as point particles. Their DNS treated up to 288000bubbles, where near-
field interactions were neglected, thus wake mechanisms cannot be accounted for,
and effective-force models were used for the drag and lift forces. They obtained a
slope of the power spectrum close to−5/3 typical for the turbulent case. This gives
evidence that the bubble’s wake—missing in the point particle approach— and its
dissipation play a very important role for the−3 scaling of the energy spectrum in
pseudo-turbulence.

2.4 Summary

We performed experiments on bubble clustering using three dimensional PTV. This
is the first time that the technique is used to investigate bubbly flows in pseudo-
turbulence in very dilute regimes (α < 1%). Bubble positions were determined to
study bubble clustering and alignment. For that purpose thepair correlation function
G(r,θ) was calculated. As the radial correlationG(r) shows, pairs of bubbles cluster
within few bubble radii 2.5< r∗ < 4. Varying the bubble concentration does not have
any effect on the clustering distance. The angular pair correlationG(θ) shows that
a robust vertical alignment is present at both small and large scales, as it is observed
when varying the radius of the spherical sector (r∗=40, 15, and 5). Decreasing the
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radius of the spherical sector shows that horizontal clustering also occurs, as the peak
of the angular correlation aroundπ/2 starts to grow with decreasing values ofr∗.

PDFs of bubble velocity show that all components of bubble velocity behave dif-
ferently from Gaussian. The implementation of this non-intrusive imaging technique
assures enough data points to obtain convergence in the PDFs. The improvement
achieved in the number of data-points, compared with previous experimental investi-
gations, is of order 102. Furthermore, this allowed us to show the intermittent signa-
ture that bubble distributions have for all components. Theflatness values for these
velocity distributions are in the range of 6−13. The distribution of the rise velocity
showed the highest values of flatness, e.g.≈ 13 atα = 0.28%. The non-Gaussianity
can be a result of the cluster formation mechanism, where therise velocity of sin-
gle bubbles is affected by the faster collective motion of clusters. However further
investigations are needed to fully understand its origin.

We have shown that the power spectrum in pseudo-turbulence (b= ∞) decays ex-
ponentially with a slope near−3 which is consistent with the theoretical scaling that
Lanceet al. [1] derived and supporting the hypothesis that bubble wake mechanisms
are closely related to it. We have shown that the implementation of phase-sensitive
CTA for studying bubbly flows is of great advantage, allowinga direct recognition
and discarding of bubble-probe interactions.

The next step of our research will be to investigate bubble clustering forb <<
1, where turbulent effects become dominant. Another line ofresearch is to ana-
lyze pseudo-turbulence with smaller bubbles (e.g. achieved by surfactants Takagiet
al. [46]), to study the effect of the length scale of the bubble onthe spectra.
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[35] K. Hoyer, M. Holzner, B. Lüthi, M. Guala, A. Liberzon, and W. Kinzelbach,
“3D Scanning Particle Tracking velocimetry”, Exp. in Fluids 39, 923–934
(2005).

[36] J. Bec, L. Biferale, G. Boffetta, M. Cencini, S. Musacchio, and F. Toschi, “Lya-
punov exponents of heavy particles in turbulence”, Phys. Fluids 18, 091702
(2006).

[37] H. Bruun,Hot Wire Anemometry: Principles and Signal Analysis(Oxford Uni-
vesity Press) (1995).

[38] S. Luther, J. Rensen, T. van den Berg, and D. Lohse, “Dataanalysis for hot-film
anemometry in turbulent bubbly flow”, Exp. Therm. Fluid Sci.29, 821 (2005).

[39] A. Cartellier and E. Barrau, “Monofiber optical probes for gas detection and gas
velocity measurements: conical probes”, Int. J. Multiphase Flows24, 1265–
1294 (2001).
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3
Energy spectra and bubble velocity

distributions in pseudo-turbulence: numerical

simulations vs. experiments ∗ †

Direct numerical simulations (DNS) are performed to study the behavior of a swarm
of rising air bubbles in water, employing the front trackingmethod, which allows to
handle finite-size bubbles. The swarms consist of monodisperse deformable 4 mm
bubbles with a gas fraction of 5% and 15%. This chapter focuses on the comparison
of the liquid energy spectra and bubble velocity probability density functions (PDFs)
with experimental data obtained with phase-sensitive constant-temperature anemom-
etry (CTA) and three-dimensional particle tracking velocimetry (PTV), respectively.
The numerical simulations confirm that the spectra of the velocity fluctuations driven
by the rising bubbles follow a power law with slope close to−3, supporting the idea
that the dissipation of the bubble wake is the origin of this spectral scaling, as previ-
ously proposed in [1]. The computed PDFs of the bubble velocity show non-Gaussian
features, as is also observed in the experiments. The agreement with experimental
measurements is especially good in the peak region, whereasthe tails of the experi-
mental PDFs show more intermittency in comparison to the numerical results. This

∗Submitted as: I. Roghair, J. Martı́nez Mercado, M. van Sint Annaland, H. Kuipers, C. Sun and D.
Lohse, Energy spectra and bubble velocity distributions inpseudo-turbulence: numerical simulations
vs. experiments, Int. J. Mult. Flow

†The experimental results in this chapter are part of the present thesis. The numerical work is due to
Ivo Roghair. Both authors contributed equally in the analysis.
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can be explained by the lack of large-scale flow structures inthe simulations, and by
the large difference in measurement time.

3.1 Introduction

Bubble columns are gas-liquid contacting devices frequently used in the (bio)chemical,
and metallurgical industries. Detailed knowledge on the behavior and interaction of
both phases is essential for a proper design and optimization, in which numerical
modeling at different scales can play a crucial role [2]. As bubbles rise through
the liquid column, they induce liquid fluctuations which arereferred to as pseudo-
turbulence. A correct understanding of the pseudo-turbulence is critical for the sim-
ulation of bubbly flows, since it influences momentum, heat, and mass transfer rates.
The characteristics of these turbulent fluctuations in the liquid are reflected in the
energy spectrum. It has been shown that the energy cascade ofpseudo-turbulence
behaves differently from homogeneous single-phase turbulence, and hence deserves
special attention in large-scale models. Lanceet al.[1] studied bubbles rising through
an imposed turbulent flow. They measured the energy spectrumof the fluctuations
and found a power law scaling with a slope of about−8/3, in contrast to the classical
−5/3 for homogeneous single-phase turbulence. They explained the change of the
slope as a wake dissipation effect. Their scaling argument gives an exponent of−3,
close to the experimentally found value. The value−3 is also obtained by Risso [3],
arguing that the signals from the wake of the rising bubbles would be viewed as a
sum of localized random bursts, with statistically independent strength and size.
In contrast, in the numerical work on pseudo-turbulence by Mazzitelli et al. [4] a
slope of−5/3 of the energy spectrum was observed together with a stable inverse en-
ergy cascade, where the energy input occurs on the small scales (i.e. rising bubbles).
Energy is then transferred to large scales, building up large-scale motion. However, in
those simulations bubbles were approximated as point-likeparticles, thus disregard-
ing finite-size effects and capillary phenomena. As Mazzitelli et al. [4] mentioned in
their paper, the “wrong”−5/3 scaling cannot be the signature of real (experimental)
bubble columns.
Indeed in our experiments presented in chapter 2, we found a scaling of the energy
spectrum close to−3 for various gas fractions in the very dilute regime. These re-
sults were obtained by single-point measurements in flows with gas fractions ranging
from α = 0.8 to 2.2%, using a phase-sensitive CTA probe. Furthermore, in the work
by Ribouxet al. [5] energy spectra were measured with particle image velocimetry
(PIV) in the wake of a bubble swarm (because PIV measurementscouldnot be done
within the swarm due to the light reflection at the bubbles’ interface). Their results
confirmed a scaling close to−3 for length scales larger than the bubble diameter. For
smaller length scales their measurements recovered the−5/3 slope. The scaling was
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independent of bubble diameter and bubble concentration. Numerically, Bunneret
al. [6] computed the power spectrum for a swarm of ellipsoidal bubbles employing
the front tracking method and found a slope of−3.6. They also observed a strong
anisotropic flow, in contrast to Lanceet al. [1]. They explained the difference by
arguing that a large-scale convection pattern, induced by the bubbles, was present in
the experiments.
The PDF of bubble velocities provide useful information formodeling force correla-
tions used in bubbly flow simulations. Several numerical works [6–8], have obtained
PDFs of the bubble velocity for non-deformable and deformable bubbles. For the
case of non-deformable spherical bubbles, the PDFs have a Gaussian distribution
whereas for ellipsoidal deformable bubbles the PDFs deviated from Gaussian at low
void fractions, recovering Gaussianity only as the bubble density increases. Exper-
imentally, PDFs of bubble velocity have been measured by Zenit et al. [9] and by
Martı́nezet al. [10]. Their measurements were carried out using an intrusive tech-
nique and the number of data points used for the PDFs was not sufficient to determine
a well defined distribution.
In this work, in an attempt to improve on the point-bubble simulations of Mazzitelli
et al. [4], we carry out DNS of bubble swarms with a Front Tracking model aim-
ing at resolving the bubbles’ wake. With this approach both finite-size and shape
deformations (by tracking the bubbles’ interface) can be taken into account. In this
manner it will be possible to quantify whether bubble wake phenomena influence
the energy spectrum scaling. We will provide a direct comparison of our numerical
energy spectra and other statistical properties like PDFs of the bubble velocity with
the experimental results mentioned in chapter 2 and discussthe differences. Of par-
ticular interest are air bubbles in water. That implies thatwe use a density ratio of
ρg/ρl = O(1000) and a viscosity ratio ofµg/µl = O(100).
One of the strongest advantages of numerics is the non-intrusive access to veloci-
ties and velocity-derived quantities in the whole numerical domain. Besides that, the
void fraction can be considerably larger as compared to experiments which rely on
optical techniques, which are restricted to very dilute bubbly flows, such as PTV or
laser doppler anemometry (LDA) [11, 12]. On the other hand, due to computational
restrictions, the simulated domain sizes and times are muchsmaller than those typi-
cally used in experiments, leading to poor statistics in thesimulations.
This chapter starts with a short description of the Front Tracking model, including
details on the data sampling by our numerical probes. Then results of energy spectra
of the liquid fluctuations and bubble velocity distributions are presented and com-
pared to experimental results. The last section summarizesand discusses the present
work.
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3.2 Numerical method

3.2.1 Front tracking

Direct numerical simulations are performed using a full three-dimensional Front
Tracking model (based on [13, 14]). Details on the actual implementation are given
in [15], while validation with experiments using single rising bubbles is given in
[16, 17]. Furthermore, we have favorably compared the velocity of a single rising
bubble, with the results presented in [18].
The model solves the incompressible Navier-Stokes equations (3.1) using a one-fluid
formulation on a Eulerian grid using a source-termFσ to account for the surface
tension force at the interface:

ρ
∂u
∂ t

+ρ∇ · (uu) = −∇p−∇ · τττ +ρg+Fσ , (3.1)

∇ ·u = 0. (3.2)

The equations are solved using a two-step projection-correction method, firstly re-
solving the momentum equations with semi-implicit shear stress terms (projection),
followed by a pressure-correction step. Both iterative approaches use an incomplete
Cholesky conjugate gradient (ICCG) matrix solver on a single CPU.
The interface between the phases is tracked using Lagrangian marker points (control
points). These control points are interconnected, forminga triangular mesh, from
which the surface tension forceFσ can be calculated. This force is mapped back to
the Eulerian grid at the location of the interface, using mass-weighing. After cal-
culation of the flow field, the marker points are moved with theinterpolated fluid
flow, which eventually may result in edges of the triangular mesh varying in size. A
remeshing procedure assures that the size of these edges is kept within predefined
limits, e.g. by removing or adding marker points.
The flow field has periodic boundaries in all three directions. In order to prevent the
system from energetically diverging due to the buoyancy force (see e.g. [19]), the net
average fluid flow velocity is subtracted from each velocity vector every time step.

3.2.2 Typical conditions

The bubbles are initially spherically shaped and placed randomly throughout the cu-
bic uniform computational domain. The fluid flow velocity is set to zero. Our base-
case is air-water (with a Morton number Mo= gµ4

l (ρl −ρg)/(ρ2
l σ3) = 2.5·10−11).

Table 3.1 shows the physical parameters for the air-water case. We adjust the size
of the computational domain to obtain the desired void fraction. Using 20 Eulerian
cells in a bubble diameterdb ensures accurate results while keeping the computation
time as short as possible—usingdb = 4 mm, the grid cell size is 2·10−4 m. A number
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Table 3.1: Physical properties for the air-water simulations.

Viscosity (gas phase) µg 1.8·10−5 mPas
Density (gas phase) ρg 1.25 kgm−3

Viscosity (liquid phase) µl 0.001 mPas
Density (liquid phase) ρl 1000 kgm−3

Surface tension coefficient σ 0.073 Nm−1

Gas fraction α 0.05—0.15 –

of Nb = 16 bubbles are used. With this choice ofNb, our results are independent
of the number of bubbles. This was checked by comparing bubble rise velocities in
simulations varyingNb between 4 and 32. Moreover, [18] mentioned that at least 12
bubbles should be used. The bubble Reynolds number Reb = ρl ubdb/µl is of order
O(1000). The Eötvös number is Eo= gd2

b(ρl −ρg)/σ = 2.15.
The simulation time is 4 s and we use a time step of 5·10−5 s. In [17], it was shown
that using a time step of 10−4 s provides same averaged results as a time step of 10−5

s for a single rising bubble. Reducing the time step is done for stability purposes and
not for accuracy.

3.2.3 Data acquisition

To exclude transient effects of the initially quiescent liquid and bubbles, the interval
of 0.0 s — 0.2 s is discarded for the analysis. The bubble velocities are sampled each
1·10−4 s, as the velocity of the center-of-mass of the bubble, whichis determined
from the location of the marker points on the interface mesh.
For the energy spectra calculations numerical probes were used. These probes regis-
ter the phase fraction and the fluid velocity vector in the computational cell at each
time step (typically 5·10−5 s), providing a signal very similar to the signal from the
experiments. Also, the size of the computational cells is comparable to the experi-
mental probe. Hence, these probes are the numerical equivalent to the phase-sensitive
CTA as described in [20, 21]. An array of 3×3×3 probes was located throughout
the computational domain.
Due to the staggered discretization of the velocity field, a linear interpolation from
the cell edges was performed for the phase fraction and velocity at the cell center.
Figure 3.1 shows both a typical signal for the phase fractionand velocity from nu-
merics and those obtained with a phase-sensitive CTA.
There are some slight differences with the experimental probes, however. Because
the velocity of both phases is defined on a single velocity field, the signal is contin-
uous even when an interface crosses the probe. In addition, the phase is represented
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Figure 3.1: Typical velocity and indicator function signals. The solid line shows
the vertical fluid velocity, the dashed line the phase fraction (0: liquid, 1: bubble).
Left: single numerical probe for a low void fraction simulation. Right: experimental
phase-sensitive CTA probe. Note that the phase fraction of the simulation is twice as
high as in the experiments.

as a fraction (i.e. the gas fraction in the computational cell) instead of a binary phase
indicator.

3.3 Energy spectra

For the calculation of the energy spectra of liquid fluctuations we follow the method
described in chapter 2. Since the numerical phase indicatoris not binary as in the
experimental data, we set it to zero if the cell contains onlyliquid. Therefore, we have
a collection of segmented velocity signals in time for each numerical probe. For each
probe we calculate the power spectrum density of the segments larger than 256 data
points and average over all segments. Finally, an ensemble average over all the 27
probes is done to obtain the final power spectrum. Experimentally, the liquid velocity
fluctuations were measured with a cylindrical hot-film probewith its axis oriented
along the (horizontal)x direction. Hence, their spectra accounted for fluctuationsin
they andzdirections. For this reason, we also report the energy spectrum considering
the fluctuations of these components of the velocity (Eyz), which give the same result
as compared toExz as can be seen in Figure 3.2. We stress the key role that the
simulation time plays to achieve statistical convergence of the spectrum for all the
numerical probes. If the simulation time is not long enough,each spectrum obtained
from the numerical probes will depend strongly on its location.

Figure 3.3a shows the spectrum of the 27 individual probes inthe air-water sim-
ulation with 16 bubbles (4mm). This is our longest simulation of all air-water cases
(4 s), but it has the lowest bubble concentration (α=5%). We observed that all the
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Figure 3.2: The energy spectra calculated considering different components of the
fluctuations are similar. Higher energies are obtained whenmore velocity compo-
nents are taken into account.

probes show a similar behavior and that averaging them is reasonable and will give
a well-converged spectrum. This result can be compared withanother air-water sim-
ulation with α=5% and 32 bubbles (4mm), but with a shorter simulation time (1.2
s). These results are shown in figure 3.3b. It is clearly seen from that figure that full
convergence on the large scales has not yet been achieved. For this short simulation
time, the spectra of the probes show considerably deviations from each other – sim-
ply averaging them does not guarantee convergence. Similarresults are obtained for
other air-water simulations which run only 2 s or less.

We therefore focus on the fully converged case of the air-water simulation with
α=5%. Figure 3.4 shows the averaged spectrum of all 27 numerical probes together
with the experimental data. The simulation shows a good agreement, having a slope
close to−3 in the frequency range of 20—200 Hz. The scaling frequency range for
the numerics is shorter as compared to the experimental casedue to the difference in
simulation and measurement time. Rissoet al.[11] pointed out that the power spectra
are not influenced byα , based on their experimental findings. In spite of a shorter
simulation time and the above discussed convergence problems, in figure 3.4 we also
show the spectra for a case withα=15%. Due to the smaller signal segments, caused
by the smaller distance between the bubbles at higher gas loadings, the−3 scaling
range shrinks to less than a decade.
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Figure 3.3: The energy spectra of each of the 27 numerical probes. (a) 4 s air-
water 16-bubble simulation withα=5%, (b) 1.2 s air-water 32-bubble simulation
withα=5%. In figure 3.3a, all the spectra show a well-converged similar behavior
that is independent of the probe location. The spectra of half as long simulations or
less (see 3.3b) do not show this good convergence yet, neither do simulations with
enhanced viscosity.
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Figure 3.4: The energy spectra of the simulation is comparedto experimental results.
For the simulation withα=5%, a power law close to−3 is observed for nearly one
decade starting for frequencies of about 20Hz till 200 Hz. Wealso show the simula-
tion case withα=15% and with 2 s simulation time, which is not yet fully converged.
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3.4 Bubble velocity distribution

Figure 3.5 shows the (logarithm of the) PDFs of the bubble velocity normalized by
their standard deviation. As it is very difficult either in numerics to reduceα without
exponentially increasing the required computation time orto increaseα in experi-
ments due to the optical restriction that PTV imposes for detecting single particles,
for the experimental case we picked the most concentrated flow which could be mea-
sured using three-dimensional PTV, namelyα = 0.74%. For the numerical simula-
tions we pickedα = 5% instead, where (i) we have the best statistics and (ii) which
still can be considered as dilute.
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Figure 3.5: Probability Density Functions of bubble velocity. Solid symbols rep-
resent simulations (α = 5%), open symbols experiments (α = 0.74%), dashed line
represents a Gaussian distribution with the same mean and width as in experiments.
On the left, the figure shows the horizontal velocity components. ◦: vx and�: vy.
The figure on the right showsvz.

Figure 3.5 shows the results for the horizontal and for the vertical components. In
spite of the difference in bubble concentration, the PDFs agree reasonably well in the
velocity range where we can numerically determine it. We point out that the central
part of the PDFs are on top of each other and have a probability1000 times higher
than the events in the tails. Note that the measuring time in experiments is longer, so
there is a larger chance of detecting the rare events leadingto the pronounced tails
of the PDFs. It is not possible to detect them numerically, due to CPU time limi-
tations. In addition, large-scale structures do occur in the flow in the experimental
water channel, which are not seen in our simulations due to the different boundary
conditions. The deviation from Gaussianity can be observedin both cases, even in
the central region, as the dashed line in figure 3.5 suggests.For a fair comparison
of the flatness value, from the experimental results we have only selected velocities
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which are in the central part of the PDF, i.e.−4< (v−vmean)/vrms< 4, which results
in a flatness of around 4− 5 for the horizontal components and flatness around 5.5
for the vertical velocity. From numerics, atα = 5% we get values around 3 for the
horizontal components and 3.8 for the vertical component.

An investigation of the flatness as a function of the gas fraction using the nu-
merical data shows that also for larger gas fractionsα > 5% the flatness of thez-
component is higher than that of the horizontal components,which remain to be
consistent with the Gaussian case with flatness equals to 3.

3.5 Discussion and conclusions

Results from Front Tracking DNS of a swarm of deformable air bubbles in water
have been analyzed. We have compared the power spectrum of bubble induced tur-
bulence (pseudo-turbulence) and bubble velocity distributions with experimental data
of a bubble column.
We have shown that the liquid energy spectrum follows a powerlaw with a slope
close to−3, which agrees with the experimental results in the frequency range 20–
200 Hz. Our finding gives additional support to the idea that this particular power law
scaling in pseudo-turbulence is related to the wake dissipation of the bubbles. Mazz-
itelli et al. [4] performed pseudo-turbulence simulations with point-particle bubbles,
they found the classical Kolmogorov−5/3 power law, as the point-particle approach
cannot resolve the wakes of the bubbles. Experimental works[22, 23], and theoretical
investigations [1, 3] have also indicated the importance ofbubbles’ wake phenomena.
Hence, the finite-size leading to wake formation accounts for the pseudo-turbulence
−3 spectrum.
The bubble velocity PDFs show a good agreement with experiments. Both experi-
mental and numerical data deviate from a Gaussian distribution. Experimental data
show larger tails than the numerical results due to the relatively short simulation time
(because of the computational cost), but also because of theperiodic boundary con-
ditions used in the model. When using periodic boundary conditions, the possibility
of occurrence of large scale patterns and rare velocity events is reduced. We do how-
ever observe a similar trend concerning the flatness of the PDFs: the vertical velocity
distributions have a higher flatness than the horizontal components. We expect that
if modifying the boundary conditions and longer simulationtimes were possible, the
incidental high velocities in the tails of the distributions will also occur in the numer-
ical simulations.

Another consequence of the periodic boundary conditions inthe numerics is that
the microstructure of the bubbly flow cannot be correctly captured. We have analyzed
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Figure 3.6: The angular pair correlation functionG(θ) does not show a good agree-
ment between simulations and experiments especially on thevertical clustering,
which is due to the domain boundary conditions.

clustering effects on the numerical data by calculating theangular pair correlation
functionG(θ), the probability density function of the angle between the vertical axis
and the vector connecting the centroids of two bubbles. In figure 3.6 numerical and
experimental results are shown (details onG(θ) can be found in chapter 2), where
the numerical simulation contains a gas fraction of 5% whichis the closest to the gas
hold-ups used in experiments. However, the radius used in the simulations (normal-
ized by the bubble diameter) is slightly larger due to the domain size. The preferential
vertical clustering as found in the experiments (see chapter 2) was not observed in the
numerical results. We attribute this to the lack of large-scale flow circulations due to
the limited size of the computational domain and absence of walls in the domain.
Instead, strong diagonal clustering effects are observed.More numerical work on
larger domainswith walls will be required to further elucidate this issue.
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4
Lagrangian statistics of micro-bubbles in

turbulence∗

We study Lagrangian velocity and acceleration statistics of light particles (micro-
bubbles) in homogeneous isotropic turbulence. Micro-bubbles with diameter db =
340 µm and Stokes number O(0.01) are dispersed in a turbulent water tunnel. We
reconstruct their trajectories by employing three-dimensional particle tracking ve-
locimetry (PTV) at differentReλ . We compare two smoothing methods— i.e. Gaus-
sian kernel and polynomial fitting— and show that both methods reproduce the inter-
mittent characteristics along the micro-bubbles’ trajectories. Our findings show that
the micro-bubbles’ acceleration probability density functions (PDFs) are highly in-
termittent with a flatness value of around 35. The experimental PDFs are better fitted
by a stretched exponential functional rather than a log-normal distribution. In ad-
dition, the acceleration autocorrelation function decorrelate much faster compared
to experiments in different type of turbulent flows (e.g. vonKármán flow), and its
decorrelation time increases with higherReλ . The velocity PDFs follow closely a
Gaussian distribution with no dependence onReλ for all the three components with
a flatness very close to 3.

∗To be submitted in modified form to J. Fluid Mech as: J. Martı́nez Mercado, V. N. Prakash, Y.
Tagawa, C. Sun, and D. Lohse. Lagrangian statistics of micro-bubbles in turbulence.
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4.1 Introduction

Multi-phase flows where the carrier fluid transports particles under turbulent condi-
tions are ubiquitous. A thorough understanding of the dynamics of particles (light,
neutral, or heavy) in turbulent flows is therefore crucial. In these types of flows,
the particles have a finite size and their density is different from that of the carrier
fluid. Thus, the particle’s dynamic behavior is expected to be different compared to
neutral fluid tracers. The two relevant dimensionless parameters are the density ra-
tio β = 3ρ f /(ρ f +2ρp), whereρ f andρp are the fluid and particle density, and the
Stokes number, which is the ratio of the particle’s responsetimeτp to the typical time
scale of the smallest eddies in a turbulent flowτη , defined as St= τp/τη = a2/3βντη ,
wherea is the particle radius andν the kinematic viscosity of the fluid.
The Lagrangian approach is naturally suited to study particles in turbulence. It has
recently attracted much attention [see 1]. The first Lagrangian investigations stud-
ied the dynamics of tracer particles in fully developed turbulence. Pioneering La-
grangian particle tracking experiments used silicon stripdetectors to measure three-
dimensional trajectories of tracer particles (β=1) with high spatial and temporal res-
olution in a von Kármán flow at high Reλ up to 970 [2–4]. They reported that the
particle acceleration PDFs are highly intermittent with flatness values around 55 at
Reλ = 690. Although the flatness decreased at lower Reλ , the shape of the acceler-
ation PDFs did not show a clear dependence on Reλ , and could be fitted with either
stretched exponentials or log-normal distributions. In numerical simulations [see 5–
7], the high intermittency of the fluid particle acceleration PDFs was also observed,
and it was related to trapping events by vortex filaments [7].
Recent experimental efforts have been directed towards studying the effect of particle
size on the acceleration. Qureshiet al. [8] conducted experiments in grid-generated
turbulence in a wind tunnel, and tracked buoyant particles (soap bubbles) using acous-
tic Doppler velocimetry to measure one component of the particle velocity. Their
finding was that the normalized acceleration PDF does not depend on particle size,
and the particle’s acceleration variance decreases with increasing particle size. These
results were confirmed in [9] , where a broader range of particle sizes at different
Reλ in a von Kármán flow were investigated. However, very recent experiments [10]
reported that the normalized acceleration PDFs of inertialbuoyant particles become
narrower with a decrease of the flatness with increasing particle size.

To study heavy particles (β=0), Ayyalasomayajulaet al. [11] used water droplets
in wind tunnel experiments at Reλ =250. By following the particle motion with a
moving camera, they obtained their trajectories in two-dimensions. It was observed
that the normalized acceleration PDF was less intermittentthan for tracers, with nar-
rower tails. Qureshiet al.[12] extended their previous experiments [8] to study heavy
particles with different sizes, and found that the shape of the normalized accelera-
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tion PDF is independent of particle size and density. Also, the acceleration variance
decreased with increasing particle size, consistent with the experimental results of
[11, 13], and with the numerical work of [14].

Also the dynamics of light particles (β=3) have been investigated both numeri-
cally [see e.g. 6, 15] and experimentally [see e.g. 16, 17]. Mazzitelli and Lohse [6]
found intermittency in the PDFs of the individual forces acting on bubbles, reflected
in flatness values up to 175 for the PDF of the lift force. A direct comparison of the
statistics of light, neutral, and heavy particles was done in [16, 17], by using data
from both experiments and point-particle direct numericalsimulations (DNS). Their
experiments used an extended laser Doppler velocimetry technique (extended LDV)
for measuring one component of the particle velocity in a vonKármán flow at high
Reλ =850. The normalized acceleration PDFs from the experiments for light, neutral
and heavy particles had the same shape up to values of the acceleration a< 15arms,
where arms is the standard deviation of the particle acceleration. In contrast, the
numerical simulations in [16, 17] showed a substantial difference: the acceleration
PDFs of light particles was more intermittent than that of tracers, whereas that of
heavy particles was less. These authors also investigated the particle’s acceleration
autocorrelation, and found that the light particles’ acceleration decorrelates faster
than that of heavy particles. The same trend was found with numerics, though with
a larger decorrelation time. However, they noticed that their numerical simulations
could not completely capture the real particle dynamics as spatial filtering of turbu-
lent fluctuations cannot occur with point-like particles. Calzavariniet al. [15] im-
plemented Faxen force corrections to account for finite sizeeffects in numerics, and
indeed found a decrease of the particle acceleration variance with increasing particle
size.
In the present work, we study three-dimensional Lagrangianvelocity and accelera-
tion statistics of micro-bubble at moderate Reλ in the range 140—237. There is a
wealth of information available from previous Lagrangian particle tracking exper-
iments which mainly studied tracers in fully developed turbulence. Additionally,
grid-generated turbulence experiments in wind tunnels have been only carried out
with heavy particles [11, 12] or with neutral buoyant particles [8] where the authors
used helium gas bubbles in a wind tunnel. Previous experimental work on particles
with β=3 [16, 17] measured only one component of velocity and acceleration in a
von Kármán flow. Here, we measure all three components of the particle’s velocity
and acceleration employing particle tracking velocimetryfor micro-bubbles (β=3) of
size similar to the Kolmogorov turbulent length scale in homogeneous isotropic tur-
bulence in a water tunnel. We are interested in studying the velocity and acceleration
PDFs and their autocorrelation functions. The structure ofthis chapter is as follows:
in section 4.2 we describe the experimental facility, and analysis techniques. The
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results are presented in section 4.3, followed by a conclusion and summary in section
4.4.

4.2 Experiments

We conduct experiments in the Twente Water Tunnel, an 8 m longvertical water
tunnel designed for studying two-phase flows. By means of an active grid, nearly
homogeneous and isotropic turbulence with Reλ up to 300 is achieved [see 18, 19].
A measurement section with dimensions 2×0.45×0.45 m3 with three glass walls
provides optical access for the three-dimensional PTV system. Micro-bubbles with
a mean diameterdb = 340 µm are generated by blowing pressurized air through a
ceramic porous plate that is located in the upper part of the water tunnel. These
micro-bubbles are advected downwards by the flow passing through the measure-
ment section.
Our three-dimensional PTV system consists of 4 Photron PCI-1024 high-speed cam-
eras that are synchronized with a high-energy (100 W), high-repetition rate Litron
laser (LDY303HE). The four cameras are focused at the centerof the test section on
a 40×40×40 mm3 measurement volume that is illuminated by expanding the laser
beam with volume optics. The arrangement of the cameras and laser is such that the 4
cameras receive forward scattered light from the micro-bubbles. We acquire images
at 10 kHz with a resolution of 256× 256 pixels, resulting in a spatial resolution of
about 156µm/ pixel,
The Reλ is varied by changing the mean flow speed in the tunnel. Table 4.1 summa-
rizes the flow properties for the various cases considered. The flow was characterized
by measurements using a cylindrical hot-film probe (Dantec R11) placed in the center
of the imaged measurement volume with a sampling rate of 10 kHz.

For the three-dimensional particle tracking, we use the open source code devel-
oped at the IfU-ETH group [20]. The error in the determination of the particle’s
position is within sub-pixel accuracy of 60µm, corresponding to the tolerance of
epipolar matching in three dimensions. The particles’ trajectories are obtained by
smoothing the raw trajectory either with a Gaussian kernel or a polynomial fitting.
Due to this experimental error in the position determination, the particle trajectory
has to be filtered out using smoothing methods (see section 4.2.1). Velocities and ac-
celerations are obtained by differentiating the filtered trajectory. For the Lagrangian
statistics shown in the results, the number of data points used are larger than 1×106,
with the exception of the case at Reλ =237 with Gaussian smoothing, for which we
have≈ 8.5×105 data points. Table 4.2 show the exact values for each mean flow.
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Figure 4.1: The Twente Water Tunnel: an experimental facility for studying two-
phase turbulent flows. The picture shows the measurement section, on top of it the
active grid which allows homogeneous and isotropic turbulent flows up to Reλ = 300,
and the 4-camera particle tracking velocimetry (PTV) system to detect the posi-
tions of particles in three-dimensions. For illumination we use a high energy, high-
repetition rate laser. Micro-bubbles with a diameter≈340 µm are generated above
the active grid, a ceramic porous plate. They are advected downwards into the mea-
surement volume.
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Table 4.1: Summary of the flow parameters.Vmean: the mean flow velocity, Reλ =
urmsλ/ν , urms: mean velocity fluctuation,η = (ν3/ε)4 and τη = (ν/ε)2 are the
Kolmogorov’s lengthscale and timescale respectively,L: integral length scale,ε =
15νu2

rms/λ 2: mean energy dissipation rate, andSt= τp/τη .

Vmean Reλ urms η τη L λ ε St
m s−1 m s−1 µm ms m m m2 s−3

0.22 140 0.0161 373 139.5 0.064 8.5e-3 51.4e-6 0.023
0.33 162 0.022 288 83.1 0.054 7.1e-3 144.7e-6 0.039
0.45 174 0.028 242 58.7 0.056 6.3e-3 290.6e-6 0.055
0.57 201 0.035 205 42.1 0.058 5.7e-3 563.3e-6 0.076
0.65 237 0.044 180 32.2 0.07 5.4e-3 961.9e-6 0.1

Table 4.2: Number of data points used to calculate the Lagrangian statistics using a
polynomial and Gaussian kernel smoothing for the differentReλ .

Reλ
Number of data points

Polynomial Gaussian
140 5.5×106 3.4×106

162 9.4×106 4.7×106

174 8.3×106 3.1×106

201 6.5×106 2.4×106

237 4.5×106 0.85×106
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4.2.1 Smoothing methods for particle trajectories

In this section, we conduct an extensive study on the methodsusually used for
smoothing particles’ trajectories obtained with PTV in turbulence. Experimental er-
rors in the determination of the particle position are unavoidable, and obtaining the
particle velocity and acceleration through a time differentiation of its position is very
sensitive to these errors. Hence, a smoothing of the particle trajectory has to be car-
ried out. This smoothing process is a trade-off between filtering out the experimental
noise while still being able to keep the inherent turbulent features of the particle mo-
tion. Therefore, the smoothing parameters must be very carefully selected.

Historically, there have been two methods for smoothing particle trajectories in
turbulent flows. One method consists of fitting the trajectory to a polynomial of sec-
ond order or higher. Vothet al. [2] used a second-order polynomial, Lüthiet al. [21]
used a third-order polynomial. Some other groups instead have used a Gaussian
kernel for smoothing [3, 10, 11]. Our goal is to compare thesetwo completely dif-
ferent methods in detail, a task which surprisingly has not been reported before in
the literature. If both methods deliver the same kind of Lagrangian statistics of the
micro-bubbles, that would mean that what we are measuring ismost likely the true
feature of the signal and not an artifact of the smoothing method.

Poynomial fitting: cubic spline

The entire signal of the trajectoryx(t) is low-pass filtered by fitting a third-order
polynomial, using a fitting window with the particle positions from t −Ndt until
t +Ndt:

xi, f (t) = ci,0+ci,1t +ci,2t
2+ci,3t

3. (4.1)

The Lagrangian velocity and acceleration are obtained by differentiating the particle
trajectory:

ui, f (t) = ci,1+2ci,2t +3ci,3t
2, (4.2)

ai, f (t) = 2ci,2+6ci,3t. (4.3)

The time window (t −Ndt , t +Ndt) has to be chosen properly so that the cut-off
frequency is larger than that of the typical turbulent time scale.

Gaussian kernel

In this case, a filter using a weight average by considering several points is used to
reduce the noise. A Gaussian kernel gives the weighing, and it is given by:

kx(τ) =
1√
πw

exp

(−τ2

w2

)

, (4.4)
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wherew is the width or standard deviation of the kernel. The filteredtrajectory is
obtained by convoluting the kernel with the raw trajectory as:

xf = kx(τ)⋆x, (4.5)

where⋆ denotes the convolutionkx ⋆x=
∫ ∞
−∞ x(t − τ)kx(τ)dτ . If the Gaussian kernel

is derived once, then the velocity kernel is obtained,

kv(τ) =
τ√
πw

exp

(−τ2

w2

)

+Bv. (4.6)

With a second differentiation, the acceleration kernel is available,

ka(τ) = Aa

(

2τ2

w2 −1

)

exp

(−τ2

w2

)

+Ba. (4.7)

The constantsBv, Aa andBa are calculated by imposing the following conditions,

ka⋆1= 0 ka⋆ τ2 = 2, (4.8)

where the first and the second conditions require the second derivative of a constant
to be zero and that of a parabola to be 2, respectively.

Since the experimental particle trajectories are finite, the convolution is restricted
to
∫ T
−T instead of

∫ ∞
−∞. In this case, the time window (−T , T) used for the filtering

should also be smaller than the typical time scale of the flow.Contrarily to the poly-
nomial fitting, the Gaussian kernel method requires two parameters, the time window
(−T , T) and the width of the kernelw. Ouellete [22] suggested values for these
two parameters. He carried out experiments in a von Kármántype of flow, and used
following criteria : (2T +1)≈ τη andw= T/1.5.

Choice of the smoothing parameters

The choice of the time window for smoothing of the polynomialand Gaussian meth-
ods determine the statistics of the trajectories. Therefore, it is necessary to explore
the effect of this parameter on the statistics of the micro-bubble velocity and acceler-
ation. In this section, we present results corresponding tothe dataset at Reλ =162.

We study firstly the effect of the length of the fitting window on the velocity
statistics. As explained above, the polynomial fitting has only one parameter, the
length of the fitting windowNpoints, while the Gaussian smoothing has two, the length
of the fitting windowT and the width of the Gaussian kernelw. For the analysis
presented below and for the Gaussian smoothing, we show onlythe effect of varying
w for a fixed window lengthT=130 points, which when normalized with the time
scaleτη=83.1 ms at Reλ =162 , givesT/τη=0.156. With this value, we ensure to
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Figure 4.2: PDF of the vertical component of the micro-bubble velocity as a function
of the smoothing parameter for Reλ =162. (a) Polynomial fitting: varying the length
of the time windowNpoints from 20 to 140 points, (b) Gaussian kernel for a fixed
time windowT = 130 points, while varying the width of the kernelw from 1 to 27
points. A similar effect for both methods can be observed. For small values of the
parameters, the smoothing methods fails and the experimental noise is not removed
resulting in a non-Gaussian distribution, whereas for large values there is an over-
smoothing, though a Gaussian distribution is recovered.
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resolve the smallest time scale in the flow. If we consider thesuggestion that(2T +
1)≈ τη in [22], this will require for the present workT=430 points, which is rather a
large value for our case and would lead to the selection of very long trajectories, thus
biasing the results to the dynamics of slow events. We have realized that the above
suggestion is flow dependent, i.e. suitable for zero mean flows but not the optimal
for turbulence with strong mean flows as in grid-generated turbulence. We selected
the value ofT=130 points based on a study of the effect of this parameter onthe
Lagrangian statistics and found it optimal for our experimental conditions. For the
following analysis we focus only on the effect of varyingw.

Figure 4.2a shows the effect of the length of the time window on the PDF of
the vertical component of the micro-bubble velocity for polynomial smoothing. One
can observe that for a small number of pointsNpoints< 30, the distribution has non-
Gaussian features. The method thus fails and the experimental error in the position
determination cannot be filtered out. By increasing the length of this time window, the
PDF recovers a Gaussian distribution as it should on large scales. This shape is main-
tained up to the largest values of the time window, but with a cost of over-smoothing.
For these values ofNpoints the tails of the distribution have shrunk. Figure 4.2b shows
the PDF of the vertical component of the micro-bubble velocity obtained with a Gaus-
sian kernel. Similar behavior is observed as for the polynomial smoothing. For small
values ofw the distribution is noisy and far from having a Gaussian distribution.
When increasing the width of the kernel the distribution becomes Gaussian, but over-
smoothed for the largest values ofw.

The correct selection of the smoothing parameters can be more easily determined
by looking at the statistics of the micro-bubble acceleration. The ideal case would be
that the statistics along the particle trajectories are independent of the choice of the
parameter. We have already seen that it is not the case for thevelocity. If we calculate
the standard deviationarms of the micro-bubble acceleration PDFs, we can observe
that this value strongly depends on the choice of the fit interval and on the width of
the Gaussian kernel. The dependence ofarms on the fitting interval for polynomial
and Gaussian smoothings is shown in figures 4.3a and 4.3b at Reλ =162. For values
of Npoints< 20, the standard deviation increases in an exponential manner. For values
of Npoints> 150 thearms reduces considerably as an effect of the over-smoothing.
Figure 4.3b shows thearms as a function of the width of the kernel for a fixed time
window of T = 130 points. The small values ofarms are also observed for values
larger thanw> 35 while the exponential increment of the standard deviation occurs
for valuesw< 10.

As many authors have reported [2, 3], there is not a well defined criteria for the
choice of this parameter. Though, the selection of the valuemust ensure that the time
fitting window is smaller than the smallest time scale of the flow, and that it does not
fail in averaging the noise (e.g. selecting small values ofNPoints or w) or that it does
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Figure 4.3: Root mean square (r.m.s.) values of the verticalcomponent of the micro-
bubble acceleration PDF at Reλ =162 as a function of (a) the time window for poly-
nomial smoothingNpoints (♦), (b) the width of the Gaussian kernelw (�).

not suppress and filters out the turbulent features of the signal (e.g. selecting too large
values ofNPoints or w). For the data presented in this work we have chosen a value
of Npoints= 45 for the polynomial fitting. Normalized with the turbulenttime scale
τη=83.1 ms at Reλ =162, this givesNpoints/τη =0.055. For the Gaussian smoothing,
the choice of the width isw= 22 with w/T=0.17. We observed that for the largest
Reλ =174, 201 and 237, the optimal fitting window for polynomial smoothing was
Npoints= 50, which gives closer values of the standard deviation of the acceleration
only. It tis important to point out that the shape and intermittency of the acceleration
PDFs for these two values ofNpoints are very similar.

The final test is to compare the results with this choice of theparameters for
both smoothing methods among each other. If we obtain similar statistics of the
micro-bubble velocity and acceleration with both methods,which are very different
in nature, we are likely to reproduce the true statistics of the trajectories.

Comparison of both methods

The comparison of the micro-bubble velocity and acceleration PDFs obtained with
both smoothing methods is illustrated in figures 4.4a and 4.4b for Reλ =162, respec-
tively. For the velocity PDF, one can observe that both the polynomial and the Gaus-
sian kernel method result in a Gaussian distribution for thevelocity. On the other
hand, the acceleration PDF is extremely non-Gaussian. The shape and intermittency
of the acceleration PDF are very well reproduced. This result is worthwhile to be
pointed out as both smoothing algorithms are mathematically different. Furthermore,
not only the shape of the PDF is similar, but also the values ofthe standard devia-
tion of the micro-bubble acceleration is very close to each other: for the Gaussian
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Table 4.3: Comparison of the standard deviation of the micro-bubble velocity and
acceleration for all Reλ with both smoothing methods. A value ofT = 130 and
w= 22 points for the fitting window and width of the Gaussian kernel was used. For
the polynomial fitting the fitting window hasNpoints= 45 for Reλ = 140 and 162, and
Npoints= 50 for Reλ = 174, 201 and 237. In the table the column are labeled with G
for Gaussian and P for polynomial.

Reλ
vx mms−1 vymms−1 vzmms−1 ax ms−2 ay ms−2 azms−2

G P G P G P G P G P G P
140 11.9 12.4 12 12.2 14.6 14.9 1.44 1.26 1.25 1.05 0.85 0.83
162 17 17.7 17.6 17.7 18.5 18.9 1.63 1.51 1.35 1.21 1.08 1.18
174 23 23.8 23.1 23.4 27.3 27.9 1.92 1.64 1.44 1.22 1.39 1.38
201 30.9 31.7 28 28.1 33.9 34 2.12 1.97 1.44 1.45 1.58 1.69
237 33.9 34.6 31.4 31.5 38.2 38.5 2.52 2.16 1.56 1.46 1.84 1.73

smoothing one gets 1.083 m s−2, while for the polynomial the value is 1.185 m s−2.
Table 4.3 shows the comparison of the standard deviation of the micro-bubble veloc-
ity and acceleration obtained with the two methods. One can see that for both the
velocity and acceleration and for all components these values are very close. To our
knowledge, such a detailed comparison of the two methods hasnever been reported
before.

4.3 Results

4.3.1 Probability density functions of micro-bubble velocity

In this section we present results on the PDFs of micro-bubble velocity obtained
by smoothing raw micro-bubble trajectories with a third-order polynomial and with
a Gaussian kernel. Figure 4.5 shows the PDF of the three components of micro-
bubble velocity for both filtering methods at Reλ = 162. One can observe that the
velocities distributions of the three components are Gaussian and that the results are
independent of the smoothing method.

The next step is to investigate the effect of the turbulence intensity on the PDF
of micro-bubble velocity. We present the result of the vertical component vz as it
was shown above that the other two horizontal components have similar shape. Fig-
ure 4.6a shows the PDFs for all Reλ obtained by a Gaussian smoothing, whereas
figure 4.6b shows the results of a polynomial fitting. For all cases the distributions
are nearly Gaussian. Only for one experimental dataset (Reλ = 201) there is a slight
deviation from Gaussianity as observed in the tails of the distribution and also re-
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Figure 4.4: Comparison of the smoothing methods for data measured at Reλ = 162.
Filled symbols show the results of a Gaussian smoothing, whereas opened symbols
result from third-order polynomial fitting. (a) PDF of the vertical component of
micro-bubble velocity. The PDFs are nearly Gaussian as it can be compared with
the solid line representing a Gaussian distribution. An even better comparison of
the smoothing methods can be achieved with the accelerationPDF, as it is a second-
order derived quantity and more sensitive to the choice of the parameter, here shown
in (b). Remarkably, both methods predict similar shape and intermittency level of the
micro-bubble acceleration.

flected in table 4.4.
A calculation of the flatness F of these PDFs gives values veryclose to that of

a Gaussian distribution F=3. The flatness of the vertical component of the velocity
shows a sub-Gaussian distribution for all mean flows and for both smoothing meth-
ods, again with the only exception of the case at Reλ = 201, for which the flatness
has a value above 4. We have double checked the analysis on this specific data set
and we even recalculated the results with no difference. We do not have further clue
on the origin of this difference, though.

Gaussian-type flatness values have also been reported in experiments with tur-
bulent von Kármán flows. Vothet al. [2] measured velocity distributions close to
Gaussian with flatness values in the range 2.8−3.2, and Volket al. [10] obtained
even sub-Gaussian distributions with flatness around 2.4−2.6.

4.3.2 Probability density functions of micro-bubble acceleration

Contrary to the velocity case, the PDFs of the micro-bubble acceleration, normalized
with its standard deviation (a/arms),exhibit a strong non-Gaussian behavior. Figure
4.7 shows the PDFs for all the components of the micro-bubbleacceleration obtained
with the two filtering methods for Reλ = 174. We can observe from the figure, that
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Figure 4.5: PDFs of the three components of micro-bubble velocity at Reλ = 162:
vx ( ), vy (�), vz (�). The data obtained by a Gaussian kernel smoothing is shown
with filled symbols, opened symbols represent data filtered with a polynomial fitting.
The distributions of the three components are nearly Gaussians as compared with
the solid line that represents a Gaussian distribution. Theshape of the distribution is
independent on the method.
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Figure 4.6: PDFs of the vertical component of the micro-bubble velocity for different
Reλ , (a) Gaussian kernel, (b) polynomial fitting. For all turbulent intensities the
distributions are nearly Gaussian independent on the method. The color represents
different turbulence intensities: Reλ =140 (�), Reλ =162 (�), Reλ =174 (�), Reλ =201
(�), Reλ =237 (�).
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Table 4.4: Flatness values of the distribution of micro-bubble velocities for both
smoothing methods. G and P denote results obtained either with Gaussian kernel
or with polynomial fitting.

Reλ
vx vy vz

G P G P G P
140 3.03 3.19 3.15 3.19 2.7 2.79
162 3.01 3.09 2.99 3.08 2.9 2.96
174 3 3.13 3.01 3.07 2.75 2.87
201 2.9 3.04 2.95 3.03 4.82 4.3
237 2.85 2.96 3 3.01 3.06 2.94

the acceleration PDFs are highly intermittent as the probability of rare non-Gaussian
events is much higher than a normal distribution, i.e. the tails of the PDFs extend
beyond 15arms. We also show that both filtering methods give similar distributions of
the acceleration, thus reflecting the true statistics alongthe micro-bubble trajectories.
At this Reλ the acceleration is quite isotropic as the PDFs of the three components
match. We have observed this trend for the higher Reλ , whereas for smaller ones
the horizontal components of the acceleration (ax, ay) are not yet isotropic. The tails
of the PDFs for these components of the acceleration are slightly narrower and less
intermittent than the vertical component.

We also investigate the effect of the turbulence intensity on the shape and inter-
mittency of the acceleration PDFs. In figure 4.8, the PDFs of all components of the
micro-bubble acceleration at different Reλ are shown for the Gaussian and polyno-
mial smoothing. One major feature is that the shape of the PDFs is nearly indepen-
dent on Reλ . This independence is clearer for the vertical component az (see figures
4.8c and 4.8e) for which all the curves collapse. For the caseof thex andy compo-
nents, this collapse is less prominent at the smallest values of Reλ = 140,162 due to
the anisotropy of the acceleration at these “slow” mean flows. From the two horizon-
tal components, the PDFs of ay show the larger difference of shapes and intermittency
with Reλ . This can be explained as the effect of the error in the determination of the
position along this component. They-component is in fact the in-depth component
referenced to the camera coordinates. The error along this direction is for every PTV
system larger compared to the in-plane directions. Both smoothing methods repro-
duce satisfactorily the statistics of the acceleration andgive comparable results:

• the PDFs of az coincide for all Reλ

• the PDFs of the horizontal components of the acceleration are less intermittent
for Reλ = 140 and162. The largest difference can be observed for ay.
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Figure 4.7: PDFs of the three components of the normalized micro-bubble acceler-
ation at Reλ = 174: ax ( ), ay (H), az (�). The data obtained by a Gaussian kernel
smoothing is shown with filled symbols, opened symbols represent data filtered with
a polynomial fitting. The three components of the acceleration show strong non-
Gaussian effects, i.e. the tails of the distribution are highly intermittent. At this Reλ
the isotropy of the flow is well observed, for smaller Reλ the distribution of the hor-
izontal components (ax, ay) is a bit less intermittent and their tails are narrower. It is
worthwhile to notice that both methods give similar distributions and values of the
standard deviation of the acceleration.
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Finally, we present jointly in figure 4.9 the PDFs of the vertical component of
the acceleration for all the studied mean flows and for both smoothing algorithms.
Remarkably, the shape of all the PDFs coincide, proving thatthe micro-bubble accel-
eration is highly intermittent.

4.3.3 Acceleration PDFs: comparison with numerics and experiments

The next step is to compare our experimental acceleration PDFs with numerical sim-
ulations and with experiments. In figure 4.10, the comparison between our work and
other numerical simulations and experiments is presented.Figure 4.10a compares our
experimental results with numerical ones. We have used datafrom [23] for bubble
and fluid tracers simulations at a similar Reλ =180. We observe that the intermittency
of the PDF of the experimental micro-bubbles is in between the behavior of numer-
ical bubbles and tracers. We understand this as an effect of the size of the particle,
i.e. of the Stokes number in the experiments the St is one order of magnitude smaller
than that of the numerical bubbles.

Figure 4.10b shows the comparison with experiments. We haveused the data of
Ayyalasomajayulaet al. [11], who did experiments with heavy particles in a wind
tunnel with St=0.15 and similar Reynolds number of Reλ =250, and the data of Voth
et al. [2] who used neutral bouyant particles in a von Kármán flow at Reλ =200.
We observe that indeed the experimental acceleration PDF ofmicro-bubbles is more
intermittent with wider tails than for heavy particles withsimilar Reλ . However, the
present results for micro-bubbles have similar intermittency compared to the tracer
data of Vothet al., reflecting the small St of our bubbles. More experiments with
fluid tracers in the actual experimental setup are needed to give a definite conclusion.

4.3.4 Intermittency of the micro-bubble acceleration

In order to quantify the intermittency of the acceleration PDFs, statistical conver-
gence of the distributions is necessary. The number of data points needed for this
convergence is crucial, and previous studies have shown that at least it should be of
order 106 [2, 8, 9, 11]. As shown in table 4.2, our datasets consist of atleast 106

points, with the exception of the case with Reλ =234 filtered with a Gaussian kernel,
for which we only have≈8.5×105. In figure 4.11, we plot the fourth order moment
a4PDF(a) for the three components of the acceleration at Reλ =162. At large values
of the normalized acceleration —i.e. tails of the distribution— convergence of this
moment is achieved. The fourth order moment goes down to zeroindependent of
the smoothing algorithm used, as shown in figure 4.11. The same behavior is also
observed for the other measurements at different Reλ .

To quantify the intermittency of the PDFs of the micro-bubble acceleration, we
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Figure 4.8: PDFs of the three components of the normalized micro-bubble acceler-
ation for all Reλ . Filled symbols correspond to data filtered with a Gaussian kernel
(figures a,b,c), opened symbols to that obtained by a polynomial fitting (figures d,e,f).
The components of the acceleration are represented by: ax◦, ay▽, az♦. The color rep-
resents different turbulence intensities: Reλ =140 ( ), Reλ =162 ( ), Reλ =174 ( ),
Reλ =201 ( ), Reλ =237 ( ).
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Figure 4.9: PDFs of the vertical component of the micro-bubble acceleration for
all Reλ obtained with the two smoothing methods. Filled symbols correspond to a
Gaussian smoothing, opened symbols to a polynomial fitting.All curves collapse
reflecting the intermittency of the micro-bubble’s acceleration. The color represents
different turbulence intensities: Reλ =140 (�), Reλ =162 (�), Reλ =174 (�), Reλ =201
(�), Reλ =237 (�).
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Figure 4.10: Comparison of the PDF of the vertical componentof the micro-bubble
acceleration at Reλ =162 with: (a) point-particle DNS [23] and (b) with experiments.
Only the result of the Gaussian smoothing is shown. In the upper figure: ( ) ex-
perimental data, blue solid line corresponds to DNS of bubbles whereas the black
solid line to DNS of fluid tracers. The simulations were performed at Reλ =180. The
central part of the experimental PDF agrees well with the numerical bubbles. The
tails match slightly better that of DNS point-like tracers.In the lower figure: micro-
bubbles of the present work ( ), heavy particles in a wind-tunnel at Reλ =250 [11]
(▽) and fluid tracers in a von Kármán flow at Reλ =200 [2] (�). The PDF of heavy
particles is less intermittent than for the micro-bubbles.The PDF of fluid tracers
show a similar intermittency than micro-bubbles, reflecting the small St O(0.01) of
our bubbles.
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Figure 4.11: Convergence of the fourth order moment of the acceleration at Reλ =162.
The different components of the acceleration are: ax ( ), ay (�) and az (�). Results
obtained by a Gaussian smoothing are shown with filled symbols, for polynomial
smoothing opened symbols are used.

carry out a study of their flatness F:

F= µ4/σ4, (4.9)

whereµ4 is the fourth moment andσ the standard deviation of the distribution. Since
the flatness is a fourth order moment, it is strongly determined by the tails of the dis-
tribution, hence convergence of the PDFs is required. Even though the number of
data points used to calculate the PDFs in the present work is larger than O(106), full
convergence has not yet been achieved to calculate directlythe flatness from the dis-
tribution itself (the largest experimental datasets consists of 108 points [3], whereas
for numerics this value can go up to 109 [5]). Our approach is in consequence to fit
the experimental PDF to two different functions: a stretched exponential distribution
proposed in [3, 24] and a log-normal distribution proposed in [4], whose definitions
are as follows:

fse(a) =Cexp

(

−a2

2σ2(1+ |βa
σ |γ )

)

, (4.10)

fln(a) =
exp(3s2/2)

4
√

3

(

1−erf

(

ln|x/
√

3|+2s2

s
√

2

))

. (4.11)

In equation 4.10, the fitting parameters areσ , β and γ andC is a normalization
constant, while in equation 4.11 onlys has to be fitted. As suggested in [10], we
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also choose the distance to minimize as:a2PDFexp− a2 f (a), wherea = a/arms is
the normalized micro-bubble acceleration, PDFexp the experimental measured PDF
and f (a) is either the stretched exponential or log-normal functionals. For this fit-
ting procedure and in order to improve the convergence at thetails, we have taken
the absolute value of the acceleration vector. Thus, considering only a symmetrical
positive part of the PDF. Figure 4.12 shows the results of thefitting for the PDFs of
the vertical component of the micro-bubble acceleration obtained by a Gaussian and
polynomial smoothing at Reλ =162. The solid lines in the figure correspond to the
fitting using equation 4.10, the curves fit the experimental PDFs for both smooth-
ing algorithms quite well. Oppositely, when using a log-normal functional (equation
4.11) the fits do not resemble the experimental PDFs as shown with the dashed lines
in that figure. Here one must consider that the log-normal functional has only one
fitting parameter. Small normalized accelerations close tozero are more probable,
and thus have a higher weighing than the tails. A functional such as the stretched
exponential in equation 4.10, can very nicely fit the experiments as there are three
parameters for adjusting. Due to its better performance, wecalculate the flatness
values of the acceleration PDFs by fitting the measured distributions using only the
stretched exponential model.

In figure 4.3, it has been shown that the standard deviations of the acceleration
PDFs depend strongly on the smoothing parameters: for largevalues of the filtering
window the signal is heavily smoothed out, while for small values the experimental
noise is kept. As a consequence, to estimate correctly the flatness values of the PDFs
it is necessary to calculate the flatness of the PDFs for all values of the smoothing
parameter. The value of the flatness will be the extrapolatedvalue at zero number of
points of the fitting window (as for polynomial smoothing) orat zero-width of the
Gaussian kernel (see the discussion in [2]). This extrapolation to zero-width can be
understood as follows: for a small fitting window the smoothing algorithms fail, thus
the experimental noise in the position detection can not be filtered out. However, for
larger yet moderate fitting windows the smoothing indeed is able to reduce the noise
level preserving still the features of the acceleration. Insuch a way, if there were no
experimental noise and the smoothing algorithm performed well with small fitting
windows, the flatness value extrapolated to the zero-width would be the flatness of
the distribution.

In figures 4.13a and 4.13b, the flatness value as a function of the fitting window
length is shown for the Gaussian and polynomial smoothing atReλ =162, respec-
tively. As mentioned above the flatness is calculated for thestretched exponential
distributions fitted to the experimental PDFs. One can clearly see a non-monotonic
increasing trend of the flatness for a decreasing fitting window. At very small values
of the smoothing window, the flatness drops down as a result ofthe known bad per-
formance of the method in these region. By extrapolating thevalue of the flatness to
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Figure 4.12: Fitting curves of the PDFs of the vertical component of the micro-bubble
acceleration at Reλ =162 for Gaussian and polynomial smoothing. Experimental
PDFs: Gaussian (◦), polynomial (�). The solid lines are the fit using a stretched
exponential function. The dashed lines are the fits obtainedusing a log-normal dis-
tribution. The color of the lines correspond to fits considering data smoothed either
with a Gaussian or polynomial algorithm, as for the experimental PDFs.
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zero width, both methods give remarkably similar values. For a Gaussian smoothing
the flatness is F=35.59 while for the polynomial fitting the value is F=34.27. We can
conclude that the PDFs of our experimental micro-bubbles are highly intermittent
with an estimated flatness of about 35.

Is the estimated value of the flatness independent of the turbulence intensity?
Ideally, we would need to carry out the calculation of the flatness as a function of
the fitting window for all Reynolds numbers. Unfortunately we could not carry out
extensively such investigation, but in order to have an ideaabout this behavior, we
calculate the flatness for all Reλ at a fixed value of the fitting parameter:w = 22
for Gaussian kernel andNpoints= 45 for the polynomial fitting. These values were
the optimal ones used to calculate the velocity and acceleration PDFs (see section
4.2.1) and are shown in figures 4.13a and 4.13b by the arrows. In figure 4.13c we
present the flatness for all Reynolds numbers at these fixed values of the smoothing
parameter. We can see that the flatness values are nearly constant in these range of
Reynolds numbers. Both smoothing methods yield the same behavior. Therefore, we
expect that the flatness value should be close to F=35 for all the Reλ measured.

4.3.5 Autocorrelation functions

We now present the Lagrangian autocorrelation functions ofthe micro-bubble accel-
eration. First we compare the autocorrelation for the threecomponents of the ac-
celeration in figure 4.14 at Reλ =162 and using a dimensionless time lag normalized
with the turbulent Kolmogorov time scaleτη . We show results of both smoothing
methods. For the case of a polynomial smoothing, the correlation persists for longer
times than for a Gaussian smoothing. It is also important to notice that the three
components correlate similarly. This nearly isotropic behavior of the acceleration
autocorrelation was also found in the other measurements atdifferent Reλ .

Figure 4.15 shows the autocorrelation of az for different Reλ and for both smooth-
ing methods. It is clear that the particle’s acceleration correlates longer with increas-
ing Reλ , as a result of the smaller time scales with increasing turbulence. For the
polynomial fitting, the trend of longer correlations than for Gaussian smoothing is
maintained. The difference between the two methods become bigger with increasing
Reynolds number.

The acceleration autocorrelation functions drops off to zero very rapidly. The
zero-crossing point occurs before a small value of 0.1τη . Voth et al. [2] and Mordant
et al. [4] reported values of around 2.2τη in their experiments with tracers, whereas
Volk et al. [16] reported a zero-crossing point for bubbles around 0.5τη . Those ex-
periments were carried out at higher turbulence intensities (Reλ > 690) and in von
Kármán flows.

We study in detail the time at which the autocorrelation functions drop off to zero,
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Figure 4.13: Flatness values dependance on the width and number of points consid-
ered for smoothing for the az PDF at Reλ =162 using a stretched exponential func-
tional. Upper figures: Gaussian smoothing (�) and polynomial smoothing ( ). The
solid black line shows the extra-polation of the flatness to zero-width or zero-length
of the window, respectively. The flatness values are FG=35.59 and Fp=34.27. The
arrows in the figures correspond to the value of the smoothingparameter used to in-
vestigate the Reynolds dependence of the flatness shown in the lower figure. Lower
figure: flatness value as a function of Reλ for the az PDF at fixed value of the smooth-
ing parameterw= 22 andN = 45 for Gaussian (�) and polynomial ( ) smoothing,
respectively. As we can see from this figure, the flatness value is nearly independent
of the turbulence intensity for the range of Reynolds numbers covered.



78 CHAPTER 4. LAGRANGIAN STATISTICS OF MICRO-BUBBLES

and define a decorrelation time as:

TD =

∫ τ0

0
Raa(τ)dτ , with Raa(τ0) = 0,

whereRaa is the acceleration autocorrelation. Figure 4.16 showsTD as a function of
Reλ for the three components of the micro-bubble acceleration and for both smooth-
ing methods. We observe thatTD increases with increasing Reλ , and that the au-
tocorrelation functions are nearly isotropic independentof the turbulence intensity.
Furthermore, the polynomial smoothing correlates slightly longer than the Gaussian
method. We think that this is an effect of the nature of the method which has a con-
stant weighing for all the points belonging to the fitting window as compared to the
weighing obtained if a Gaussian kernel is considered. The maximum variation be-
tween the method is of around 28% at Reλ =237. In spite of this difference at large
Reynolds numbers, our results can still give a reasonable estimate of the decorrelation
time.

We also compare our experiments with some other experimental work. In the in-
set of figure 4.16, the decorrelation timeTD as obtained in [16] at Reλ =850 is shown.
That result agrees well with our increasing trend of the decorrelation time with Reλ .
We fit our experimental data of the decorrelation time of az to a linear relation for both
Gaussian and polynomial smoothing, resulting in:TD/τη = 0.00036Reλ −0.041 and
TD/τη = 0.00046Reλ − 0.054, respectively. These fits are also shown in the inset
of figure 4.16 as a solid line for the Gaussian smoothing, and as a dashed line for
the polynomial case. Evaluating these relations at Reλ =850 givesTD/τη = 0.26 and
TD/τη = 0.33 for the Gaussian and polynomial smoothing, which is consistent with
their experimental value ofTD/τη = 0.258. Though more experiments in the unex-
plored experimental region are needed to study further the real scaling.

Very recently, Volket al. [10] measuredTD for inertial buoyant particles as a
function of their normalized sizeD/η . They found an increasing linear dependence
on the particle size. They carried out experiments with different particle sizes and
Reλ . For a fixed size, the increase ofTD with increasing Reλ was noted, just as we
find in our micro-bubble experiments.

4.4 Conclusion

We have presented results on the Lagrangian statistics of micro-bubble velocity and
acceleration in homogeneous isotropic turbulence. Three-dimensional PTV was em-
ployed to determine the micro-bubble trajectories. For thefirst time, we report the
comparison of two smoothing methods used for filtering out the inherent experimen-
tal inaccuracy of the position determination, and show thatthe these methods yield to
similar results and are able to reproduce the turbulent features of the micro-bubbles’
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Figure 4.14: Autocorrelation function of the three components of the micro-bubble
acceleration at Reλ =162. The filled symbols correspond to data obtained by a Gaus-
sian smoothing, opened symbols correspond to that obtainedby a polynomial fitting:
ax ( ), ax (�) and ax (H). The acceleration autocorrelation of the micro-bubbles is
quasi-isotropic. The acceleration vectors obtained by a polynomial smoothing show
a slightly longer correlation. The time lag is normalized with the typical turbulent
time scale.
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Figure 4.15: Autocorrelation function of the vertical component of the micro-bubble
acceleration for the different Reλ measured. The correlation of the micro-bubble
acceleration persists longer with increasing Reynolds number. The data obtained
by a polynomial filtering correlates longer as for the Gaussian smoothing. Filled
symbols represent data obtained by a Gaussian smoothing andopened symbols that
by a polynomial smoothing. Reλ =140 (H), Reλ =162 (H), Reλ =174 (H), Reλ =201
(H), Reλ =237 (H).
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Figure 4.16: The decorrelation timeTD/τη of the autocorrelation function for the
three components of the micro-bubble acceleration as a function of Reλ . The decor-
relation time increases with the turbulent intensity. The micro-bubble acceleration
is nearly isotropic as the three components have very similar decorrelation times.
The polynomial filtering gives acceleration signals which correlate longer than those
obtained by a Gaussian smoothing: ax ( ), ay (�) and az (H). A linear fit consid-
ering the experimental data of az for both Gaussian and polynomial smoothing give:
TD/τη = 0.00036Reλ −0.041 andTD/τη = 0.00046Reλ −0.054, respectively. In the
inset, we show also the result of Volket al. [16] at a very high Reλ =850 (�), their
experimental point agrees with the trend of increasing decorrelation time with turbu-
lent intensity. The linear fits obtained with our experimental data predict a value of
TD/τη = 0.26 andTD/τη = 0.33 at Reλ =850 for the Gaussian (solid line in the inset)
and polynomial smoothing (dashed line in the inset) respectively, which is compara-
ble to their experimental value ofTD/τη = 0.258.
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trajectories. The PDFs of micro-bubble velocity follow a Gaussian distribution inde-
pendent of Reλ with flatness very close to 3. On the other hand, intermittency effects
can be clearly seen in the PDFs of micro-bubble acceleration. Their shape is indepen-
dent of Reλ , and can be well approximated to a stretched exponential distribution.

Compared to point-particle bubbly DNS simulations, the experimental PDFs of
micro-bubble acceleration show slightly less intermittency, the tails of the experi-
mental PDFs match better those of numerical tracers at similar Reynolds numbers.
We understand this difference as a St effect, the different intermittency arises from
the difference in St. In our case the St are O(0.01), whereas in numerics the St was
a factor 10 greater. Indeed, the tails of the PDFs can be very sensitive to the particle
size. The flatness of the acceleration PDF calculated from the fitted distributions is
around 35, and agrees well with the expected trend of particle’s density as other wind
tunnel experiments of heavy particles at comparable Reλ reported F≈8 [11, 12].

We also calculate the autocorrelation functions of the micro-bubble acceleration.
The acceleration decorrelates slower with increasing Reλ , i.e. the decorrelation time
increases with increasing turbulent intensity. This finding is consistent with other
experimental investigations [10, 16], but more experimental work is needed to fill the
gap of Reλ for which no data is available and in order to obtain the a scaling relation.
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5
Three-dimensional Lagrangian Voronöı

analysis for clustering of particles and

bubbles in turbulence ∗

In the present chapter, three-dimensional Voronoı̈ analysis is used to quantify the
clustering of inertial particles in homogeneous isotropicturbulence using data from
numerics and experiments. We study the clustering behaviorat different density ra-
tios and particle response times (i.e. Stokes numbers St). The probability density
functions (PDFs) of the Voronoı̈ cell volumes of light and heavy particles show a
different behavior from that of randomly distributed particles —i.e. fluid tracers—
implying that clustering is present. The standard deviation of the PDF normalized by
that of randomly distributed particles is used to quantify the clustering. Light par-
ticles show maximum clustering for St around 1−2. The results are consistent with
previous investigations employing other approaches to quantify the clustering. We
also present the joint PDFs of enstrophy and Voronoı̈ volumes and their Lagrangian
autocorrelations. The small Voronoı̈ volumes of light particles correspond to regions
of higher enstrophy than those of heavy particles, indicating that light particles clus-
ter in higher vorticity regions. The Lagrangian temporal autocorrelation function of
Voronöı volumes shows that the clustering of light particles lastsmuch longer than
that of heavy or neutrally buoyant particles. Due to inertial effects, the Lagrangian

∗Submitted to J. Fluid Mech. as: Y. Tagawa, J. Martı́nez Mercado, V.N. Prakash, C. Sun, and
D. Lohse. Three-dimensional Lagrangian Voronoı̈ analysisfor clustering of particles and bubbles in
turbulence, 2011.
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autocorrelation time-scale of clustered light particles is even longer than that of the
flow structures themselves.

5.1 Introduction

The distribution of particles transported by turbulent flows is a current research topic
with implications in diverse fields, such as cloud formation[1], plankton dynamics
[2], and pollution dispersion [3]. In most of the cases, the particles have a finite size
and a different density than the carrier fluid, i.e. they haveinertia. These inertial par-
ticles cannot totally follow the fluid motion and distributeinhomogeneously within
the turbulent flow, leading to clustering or preferential concentration [4]. The two
relevant dimensionless parameters describing the dispersed inertial particles in the
fluid are the density ratioβ = 3ρ f /(ρ f + 2ρp), whereρ f and ρp are the densities
of the carrier fluid and particle respectively, and Stokes number, St= τp/τη , where
τp = a2/3βν is the particle relaxation time,τη is the typical timescale of the flow,
which for a turbulent flow is the Kolmogorov’s time scale,a is the particle radius and
ν is the kinematic viscosity of the fluid.
In recent years, both numerical and experimental studies have quantified the cluster-
ing of particles by employing different approaches like statistical analysis of single-
point measurements [5], box-counting method [6, 7], pair correlation functions [8, 9],
Kaplan-Yorke dimension [10, 11], Minkowski functionals [11] and segregation indi-
cators [12]. It is not possible to obtain global informationon bubble clustering from
a single-point analysis [5]. Methods like the box-countingand pair correlation func-
tions, although useful, require the selection of an arbitrary length scale that affects
the quantification of the clustering. The Kaplan-Yorke dimension, based on the cal-
culation of the Lyapunov exponents, quantifies the contraction of a dynamical sys-
tem by considering the separation rates of particle trajectories. Nevertheless, it does
not provide global morphological information. Minkowski functionals, originally
used to provide complete morphological information of the large-scale distribution
of galaxies [13], have been applied to study the clustering of particles in turbulent
flows [11]. Calzavariniet al. [11] found that light particles cluster in filamentary
structures, whereas heavy particles have a wall-like topology around interconnected
tunnels, and obviously no clustering was observed for neutrally buoyant tracers. In
the above numerical simulations and experiments, the strongest clustering was found
for particles with St≈O(1). The problem with Minkowski-type analysis is that it is
numerically expensive, and it does not provide informationon the Lagrangian evolu-
tion of the clusters.
An alternative mathematical tool that can be used to study clustering is the Voronoı̈
tesellation, which has been used in astronomy as a tool to characterize clustering of
galaxies [14]. Recently, Monchauxet al. [15] applied a Voronoı̈ analysis to quantify
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the clustering of heavy particles in grid-generated turbulence. This Voronoı̈ approach
does not require the selection of an arbitrary length scale for a fixed particle num-
ber. Monchauxet al. [15] obtained two-dimensional particle positions by imaging
a turbulent flow in a wind tunnel seeded with droplets. The Voronoı̈ cells are de-
fined based on the positions of the particles within the measurement domain. One
can quantify the clustering by calculating the probabilitydensity function (PDF) of
the normalized areas of the Voronoı̈ cells. The PDF will havea different shape for
inertial particles when compared to the corresponding PDF of randomly distributed
particles. The main difference is observed at the small and large values of normalized
areas, where the PDF of heavy particles has a higher probability than for randomly
distributed particles. There is a central region where there is no significant difference
between the PDFs of heavy particles and randomly distributed ones. The values of
normalized areas at which the PDF deviates from the randomlydistributed particles
can be used as thresholds to classify Voronoı̈ cells that belong either to clusters or
voids. Monchauxet al. [15] reported a maximum preferential concentration for St
around unity, in agreement with other methods that have beenused to study cluster-
ing.
The objective of the present work is to extend the work in [15]to: (i) three-dimensions
and (ii) a much larger range of density ratios (including light, heavy, and neutrally
buoyant particles) and Stokes numbers, i.e. we quantify particle clustering by ap-
plying three-dimensional Voronoı̈ analysis both for numerical and experimental data
sets of particles and bubbles. Moreover, we (iii) correlatethe clustering behavior of
different particles with local turbulent flow quantities and (iv) study for the first time
the Lagrangian temporal evolution of the clusters.

5.2 Experimental and numerical datasets and Voronöı anal-
ysis

5.2.1 Datasets

The numerical scheme for a dilute suspension (neglecting particle collisions) of point
particles in homogeneous and isotropic turbulence is described as follows [11, 16]:

dv
dt

= β
D
Dt

u(x(t), t)− 1
τp

(v−u(x(t), t)) (5.1)

wherev= dx/dt is the particle velocity andu(x(t), t) the velocity field. The dimen-
sionless numbers used to model the particle motion are the density difference between
the particle and the fluidβ and the Stokes number St. The values ofβ = 0, 1 and 3
correspond to very heavy particles, neutrally buoyant tracers, and bubbles in water,
respectively. When St = 0, the particles perfectly follow the fluid flow behaving as



88 CHAPTER 5. LAGRANGIAN VORONÖI ANALYSIS FOR CLUSTERING

fluid tracers. We explore a parameter space ofβ = 0, 1, and 3 and St ranging from 0.1
to 4 consisting of 24 values at the Taylor-Reynolds numberReλ = 75 and the spatial
resolution of the simulation forN = 1283 (from iCFDdatabase (http://cfd.cineca.it),
[11]).
In our 3D particle tracking velocimetry (PTV) micro-bubbleexperiments, we use a 4-
camera system to get micro-bubble positions in the active-grid-generated turbulence
in the Twente Water Tunnel (TWT) (for details, see chapters 2and 4). For the exper-
imental data, the corresponding values areβ = 3 and St = 0.04, the mean number of
particles is 1.3×103.

5.2.2 Voronöı analysis

The Voronoı̈ diagram is a spatial tesselation where each Voronoı̈ cell is defined at the
particle location based on the distance to the neighboring particles [17]. Every point
in a Voronoı̈ cell is closest to the particle position compared to the neighboring parti-
cles, the exceptions are the vertices, borderlines and facets (see figure 5.1). Therefore,
in regions where particles cluster, the volume of the Voronoı̈ cells is smaller compared
to that of the cells in neighboring regions. Hence, the volume of the Voronoı̈ cells
is inversely proportional to the local particle concentration. The PDF of the Voronoı̈
volumes normalized by the mean volume for randomly distributed particles can be
well described by aΓ-distribution [18] (see figure 5.2). In the three-dimensional case,
theΓ distribution has the following prefactor and exponent:

f (x) =
3125
24

x4 exp(−5x). (5.2)

Herex is the Voronoı̈ volume normalized by the mean volume. Particles which are
not randomly distributed will have a PDF that deviates from this Γ-distribution, in-
dicating preferential concentration. The Voronoı̈ cells of particles located near the
edges of the domain are ill-defined, i.e. they either do not close or close at infinity.
These cells at the border of the domain are not considered forthe analysis.

5.3 Results

First, we present results on the effect of the density ratioβ on the clustering, followed
by the effect of the Stokes number. Then, we show how the volume of Voronoı̈ cells
and enstrophy are related. Finally, we present results on the Lagrangian autocorrela-
tions of Voronoı̈ volumes and enstrophy.

5.3.1 Density effect

Here we study the clustering behavior for differentβ at a fixed St. Figure 5.2 shows
the PDFs of the normalized Voronoı̈ volumes for heavy, neutrally buoyant, and light
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Figure 5.1: An example of a 3D Voronoı̈ tesselation. The dotsrepresent the particle
position and lines represent the borders of the Voronoı̈ cells.

particles at St = 0.6. The PDF of neutrally buoyant particlesfollows theΓ-distribution
eq. (5.2) quite well, reflecting that neutrally buoyant particles do not have any prefer-
ential concentration. In contrast, the PDFs of light and heavy particles clearly show
a different behavior compared to the randomly distributed particles. We observe that
the probability of finding either small or large Voronoı̈ volumes is higher for both
light and heavy particles. The two regions of small and largevolumes can be used to
identify clusters and voids. The strongest clustering is observed for light particles, as
the probability of finding small Voronoı̈ volumes is the highest. Owing to the density
difference, light particles accumulate in vortex filamentsdue to centrifugal forces
[19, 20], while heavy particles concentrate in regions of intense strain [10]. Here,
although the heavy particles show clustering, it is less compared to light particles.
These results are consistent with the Minkowski analysis in[11].

5.3.2 Stokes number effect

In this section, we study the effect of St on the clustering behavior for each type
of particle. Figure 5.3a and figure 5.3b show PDFs of heavy (β=0) and light (β=3)
particles for different St, respectively. In both figures, it is seen that there is a non-
monotonic dependence of St on the clustering. At increasingSt, the probability of
finding clusters and voids also increases up to a value of St=2, where it reaches a
maximum and then starts to decrease. On the one hand, when St is nearly zero,
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Figure 5.2: The normalized Voronoı̈ volume PDFs for heavy (�), neutrally buoy-
ant( ), and light particles (N) at St = 0.6 from DNS. The thick line shows theΓ-
distribution eq. (5.2) for randomly distributed particles[18], the PDF of the tracers
agrees well with the randomly distributed particles (+). Heavy particles show more
clustering and light particles show the maximum clustering.

particles follow the small-scale turbulent fluctuations which are homogeneous and
isotropic and therefore, clustering is less. On the other hand, at St=4 the particle
response time is too large to follow the small-scale turbulent fluctuations resulting in
a ballistic behavior. Hence, the optimal St for clustering is in the range St≈ 1-2.

We first discuss light particles in more detail. We note that the experimental result
for micro-bubbles with St = 0.04 agrees reasonably well withthe trend of the numer-
ical data for light particles, though the PDF seems to be slightly broader. In any case,
for these small Stokes numbers, the PDF of the Voronoı̈ volumes is still qualitatively
similar to that of tracers. The PDF is different for light particles with higher Stokes
numbers. For St in the range of 0.6 to 4, the highest probability occurs at the smallest
volume and decreases monotonically with increasing volume. Bubbles in this range
of St tend to get trapped in vortex filaments, leaving void regions. Thus, most of
the bubbles are concentrated in small regions and there are few bubbles outside these
small regions.

However, this monotonic decrease in probability is not observed for heavy parti-
cles (see figure 5.3a). The reason is that heavy particles areexpelled from the vortex
filaments and accumulate in the regions of high strain. As described in [11], the heavy
particles accumulate in a wall-like topology with interconnected tunnels. These tun-
nels fill the regions in-between the smaller vortex filamentsand thus occupy larger
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Figure 5.3: The normalized Voronoı̈ volume PDFs for different St ranging from 0.1 to
4 in the numerics for (a) heavy particlesβ=0, (b) light particlesβ=3. St = 0.1(H), 0.3
(△), 0.6 (�), 2 (N), and 4 (#). The clustering increases till St = 2 and then decreases
slightly at St = 4. The optimal St for clustering is St≈ 1− 2. The diamonds (�)
correspond to the experimental result with St = 0.04.

regions in the flow. This leads to a more even distribution of heavy particles.
The PDFs of the Voronoı̈ volumes provide a quantitative picture of the cluster-

ing. In order to quantify the clustering using a single number, we use the standard
deviationσ of the normalized Voronoı̈ volume distributions. In figure 5.4, we plot
σ normalized by the standard deviation of the Voronoı̈ volumes for randomly dis-
tributed particlesσΓ. The magnitude of the indicatorσ/σΓ clearly distinguishes the
behavior of light, neutrally buoyant, and heavy particles.A higher value of the indi-
cator reflects stronger clustering. For neutrally buoyant particles there is no observed
clustering, hence the indicator value is constant at 1. Heavy particles show cluster-
ing and the indicator value saturates at St≈ 1-2. The curve corresponding to light
particles show the strongest clustering, with a peak at St≈ 1.5. The clustering range
has a consistent trend with that of the Kaplan-Yorke dimension [11]. We also added
the data point for the standard deviation of the experimental Voronoı̈ volume PDF,
which, as already stated above, is broader than those from the numerical simulations
of light point particles. At this point we cannot judge whether this is due to the lim-
itations of point-particle simulations or whether the deviation is due to experimental
uncertainties. More experimental data at larger Stokes numbers, i.e., larger bubbles
or light particles, must be taken to come to a final conclusionon this issue.

5.3.3 Relation between the volume of the Voronoı̈ cell and enstrophy

We relate the Voronoı̈ volumes for the three different type of particles with turbulent
flow quantities. A natural property for this comparison would be the enstrophyΩ =
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Figure 5.4: Normalized standard deviation (indicator) of the Voronoı̈ volume dis-
tributions. The symbols correspond to heavy (�), neutrally buoyant ( ), and light
particles (N). The value of the indicator for neutrally buoyant particles remains con-
stant at 1, i.e. clustering is not observed, whereas heavy particles and light particles
show more clustering with a peak at St≈ 1.5. The experimental result of micro-
bubbles (∗) is larger than what is obtained from the numerical simulations of light
point-particles with the same Stokes number.

ω2/2 (whereω is vorticity). Benziet al. [21] have shown that different types of
particles react sensitively to the local enstrophy, reflecting their tendency to stay in
regions with different vorticity contents. They also find the local energy dissipation
rate is too insensitive to show this different behavior. We thus calculate the joint PDF
of Voronoı̈ volumes and enstrophy at a fixed St = 0.6. Figure 5.5 shows the joint
PDF of normalized Voronoı̈ volumes with the enstrophyω2/2, which is normalized
by the mean value of the enstrophy of fluid tracers (St = 0,β = 1) < ω2

tr/2 >, for
the three types of particles. We observe a clear difference in the behavior of heavy
and light particles. Firstly, the peak of the PDFs shifts to higher enstrophy values
asβ increases. Secondly, for light particles the small Vorono¨ı volumes are typically
found at high values of enstrophy, whereas small Voronoı̈ volumes of heavy particles
are typically found at low enstrophy regions. To investigate these differences further,
we analyze the relative PDFs of enstrophy. Figure 5.5(d) shows the relative PDF of
enstrophy for heavy, neutrally buoyant, and light particles. As we focus on clustering,
in the calculation of the PDFs we consider only particles with Voronoı̈ cells 1/2 times
smaller than the mean Voronoı̈ volume. The PDFs are normalized with the enstrophy
PDF obtained by considering all particles of that type. For neutrally buoyant particles,
the relative PDFs have a nearly constant value of 1. For the case of bubbles, the PDFs
show that small Voronoı̈ cells have large values of enstrophy. In contrast, the relative
PDF of heavy particles shows an opposite behavior to that of light particles. This
reflects the clustering of light particles in flow regions with high enstrophy, whereas
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heavy particles cluster in low enstrophy regions.

5.3.4 Voronöı Lagrangian autocorrelation

Finally, we conduct a Lagrangian analysis on the Voronoı̈ volumes. For each particle
we calculate the Lagrangian autocorrelation of its associated Voronoı̈ volume. Fig-
ure 5.6a shows a typical temporal evolution of Voronoı̈ volumes for the three types
of particles. To compare the behavior of the three differentparticles, we choose par-
ticles with similar Voronoı̈ volume at the starting time andtrace their time evolution.
While Voronoı̈ volumes of heavy and neutrally buoyant particles change frequently
in time, it is clearly seen that light particles tend to have small values for longer times.
This suggests that light particles are trapped in vortex filaments for a long time and
are suddenly ejected, as seen in figure 5.6a aroundτ/τη ≈ 95.

Figure 5.6b shows the autocorrelation function CV(τ) for heavy, neutrally buoy-
ant, and light particles at a fixed St = 0.6. We define the decorrelation timeτV

as the time when the autocorrelation function has decreasedto 1/2, i.e., CV(τV) =
1/2. As shown in figure 5.6b, the decorrelation time for lightparticles is around
τV ∼ 7− 8τη , whereas for heavy and neutrally buoyant particles decorrelation al-
ready occurs around 4−5τη . Thus the clustering of light particles lasts for a longer
time as compared to heavy and neutrally buoyant particles.

We also compare the autocorrelation time scale of the Voronoı̈ volumes to that of
the enstrophy [21]. First, as expected, for neutrally buoyant particles, the Lagrangian
decorrelation time for the Voronoı̈ volumes is comparable to that of the enstrophy
(τΩ), i.e. τΩ ∼ τV ∼ 4−5τη , reflecting that the clustering of neutrally buoyant par-
ticles has an instantaneous response to the changing turbulent structures. Also for
heavy particles, the Lagrangian decorrelation time of the Voronoı̈ volumes is around
that value. However, remarkably, for light particles the decorrelation time of the
Voronoı̈ volumes is much larger,τV ∼ 7−8τη , i.e., about nearly twice as large as the
autocorrelation time scaleτΩ ∼ 4τη of the enstrophy itself. So though regions of high
enstrophy trap bubbles, which leads to bubble clusters, thelife-time of these bubble
clusters is nearly twice as long as the life-time of the bubble-trapping flow structures
itself. We interpret this finding as an inertial effect.

5.4 Conclusion

We use three-dimensional Voronoı̈ analysis to study particle clustering in homoge-
nous isotropic turbulence in both numerics and experiments. The analysis is applied
to inertial particles (light, neutrally buoyant, and heavy) of different density ratiosβ
and St ranging from 0 to 4. In the entire range of parameters covered, the Voronoı̈
volume PDFs of neutrally buoyant particles agree well with the Γ-distribution for
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Figure 5.5: Joint PDFs of normalized Voronoı̈ volumes and enstrophy at St = 0.6 . (a)
heavy particles, (b) neutrally buoyant particles, and (c) light particles. (d) The relative
Probability Density Function of the enstrophy of Voronoı̈ cells 0.5 times smaller than
the mean Voronoı̈ volume for heavy (�), neutrally buoyant ( ), and light particles
(N) at St = 0.6. The PDF of enstrophy is divided by the PDF considering all Voronoı̈
volumes of a specific particle.
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Figure 5.6: Lagrangian Voronoı̈ analysis for heavy (�), neutrally buoyant ( ), and
light particles (N) at St = 0.6. (a) Temporal evolution of Voronoı̈ volumes. (b)Tem-
poral autocorrelation functions of Voronoı̈ volumes.
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randomly distributed particles. At a fixed value of St, the PDFs of Voronoı̈ volumes
of light and heavy particles show higher probability to havesmall and large Voronoı̈
volumes than randomly distributed particles, reflecting the clustering behavior. For
light and heavy particles, the clustering behavior is non-monotonic with increasing
St and shows a maximum around unity. In the range 0.6≤ St ≤ 4, the light parti-
cles show a pronounced monotonic decrease of probability with increasing Voronoı̈
volumes. This indicates that light particles have more tendency to get trapped in
vortex filaments, thus leaving void regions in space. The standard deviation of nor-
malized Voronoı̈ volumesσ is used to quantify the clustering. Heavy particles show
some clustering, the indicator (σ/σΓ) saturates at St≈ 1-2. Light particles show the
strongest clustering, peaking around St≈ 1-2. The maximum clustering range has a
consistent trend with that of the Kaplan-Yorke dimension.

For one (small) Stokes number St=0.04 we have also extractedthe 3D Voronoı̈
volume PDF from experimental data. Though the PDF fits into the general trend – at
these small Stokes numbers the PDF nearly follows aΓ-distribution – a quantitative
analysis shows that the experimental PDF of 3D Voronoı̈ volumes is slight broader
than what is obtained from point-particle simulations. More experiments with larger
Stokes numbers will have to be done to judge whether this is a limitation of the
point-particle approach, a consequence of the neglectanceof two-way and four-way
coupling in the numerics, or whether the experimental data are not precise enough.
From our point of view, the Voronoı̈ analysis is an excellentmeans to quantitatively
compare clustering effects of particles in experimental and numerical data sets, and
should be used for the validation of numerical schemes of turbulent dispersed multi-
phase flow.

Finally, we show that the Voronoı̈ analysis can be connectedto local flow prop-
erties like enstrophy. By comparing the joint PDFs of enstrophy and Voronoı̈ vol-
umes and their Lagrangian autocorrelation, the clusteringbehavior of heavy, neu-
trally buoyant, and light particles can further be distinguished. From the Lagrangian
autocorrelation of Voronoı̈ volumes we conclude that due toinertial effects light par-
ticles remain clustered for nearly twice as long as heavy or neutrally buoyant particles
or the bubble-trapping flow structures itself.
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6
Conclusions and Outlook

In this work we have studied bubbly flows in two different conditions. In the first one,
bubbles with typical diameterdb =4—5 mm rise in still liquid inducing liquid fluctu-
ations that are referred as to pseudo-turbulence. In the second one, micro-bubbles are
dispersed in homogeneous isotropic turbulence, and interact with the flow structures.

For the investigation of these bubbly flows, we implemented two novel experi-
mental techniques. On the one hand, we have used phase-sensitive constant tempera-
ture anemometry (CTA) to measure the liquid fluctuations in pseudo-turbulence. This
technique allows for a direct measurement and removal of bubble collisions with the
hot-film probe. In this manner, only liquid information is considered, and a proper
scaling of the energy spectrum of liquid fluctuations can be obtained.

On the other hand, we have used three-dimensional particle tracking velocimetry
(PTV) to obtain the bubbles positions. Using a tracking algorithm, the bubble tra-
jectories are determined, and by differentiating them, velocity and acceleration are
readily available allowing thus the study of the Lagrangianstatistics and clustering
phenomena in three dimensions.

In chapter 2, we studied the velocity PDFs, clustering and energy spectra of
the liquid fluctuations in pseudo-turbulence in very dilutebubbly flows. Due to the
non-intrusiveness of PTV, we obtained well-converged PDFsof bubble velocity, and
showed that they are non-Gaussian. The vertical component of the velocity is the
more intermittent one. The clustering of the bubbles in pseudo-turbulence was inves-
tigated by employing the pair correlation function. Pairs of bubbles cluster radially
within a distance of around 1 bubble diameter. The preferential alignment is vertical
for large and small scales. However, at small scales, the horizontal clustering is also
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enhanced and comparable to the vertical one. We also calculated the energy spectra
of liquid fluctuations in pseudo-turbulence and found that there was not a classical
turbulent−5/3 scaling but a scaling close to−3. Suggesting the idea that bubble
wake phenomena is related to this power law behavior.

Chapter 3 is aimed at comparing results of front-tracking DNS with experiments.
Our motivation was to confirm that bubble wake phenomena causes the−3 scaling of
the energy spectrum of the liquid fluctuations as front-tracking simulations are able to
resolve the bubble’s interface with the liquid contrarily to point-particle simulations.
We found that indeed the scaling obtained with numerics matches the experimental
finding. Due to the short simulation times, the−3 scaling holds in a narrower fre-
quency region though. We also corroborate numerically thatthe velocity PDFs of
bubbles have a non-Gaussian distribution, and that the vertical component present
the largest deviation from a Gaussian distribution. The intermittency of the PDFs is
less as in the experimental case, as a result of the periodic boundary conditions and
small domain size.

The Lagrangian statistics of micro-bubble velocity and acceleration in homoge-
nous isotropic turbulence are studied in chapter 4. Here, wecarried out a comparison
of the smoothing algorithms used commonly in the experimental research area of par-
ticles in turbulence. We showed that both a Gaussian smoothing and a polynomial fit-
ting are able to reproduce the turbulent signature of the micro-bubbles in turbulence.
Surprisingly to our knowledge, this is the first time that both methods are compared.
Our findings corroborate the PDFs of micro-bubble velocity have a Gaussian distribu-
tion, whereas the PDFs of the micro-bubble acceleration arestrong intermittent with
a flatness value around 35. In the range of Reλ covered, the shape and intermittency
of the acceleration PDFs are independent of the turbulence intensity. The shape of
these PDFs can be better fitted to a stretched exponential function rather than a log-
normal distribution. When compared to point-particle DNS the intermittency of our
PDFs is in between the values of numerical tracers and bubbles. This is a result of the
Stokes number in our experiments which is one order of magnitude smaller. We also
showed that our experimental results agree with other previous experimental studies.
The decorrelation time of the micro-bubble acceleration increases linearly with Reλ
which is also in agreement with measurements in a turbulent von Kármán flow in
[1, 2].

Finally, in chapter 5 we studied clustering of bubbles in turbulence using a Voronoı̈
approach. We have extended the work of Monchauxet al. [3] to three-dimensions
and to light and neutral particles for a range of Stokes numbers (i.e. different particle
size). We analyzed data from point-particle DNS but also from experiments of micro-
bubbles in the Twente Water Tunnel. We found that the PDFs of normalized Voronoı̈
volumes of heavy and light particles are different than thatof randomly distributed
particles reflecting the clustering. Considering the density effect, bubbles cluster the
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most, whereas considering the size effects particles with St≈1 cluster the most. To
quantify this clustering, we propose the standard deviation of the PDFs of normal-
ized volumes. Our result is consistent with previous results of the Kaplan-Yorke
dimension [4]. The PDF of normalized Voronoı̈ volumes of ourexperimental dataset
agrees reasonably well with the numerical trend though it isa bit broader. Further,
we showed that Voronoı̈ analysis can be related to flow quantities like enstrophy. By
looking at the joint PDF of Voronoı̈ volumes and enstrophy wefound that there is
a clear difference in the behavior of heavy and light particles. The small Voronoı̈
volumes of bubbles have a high enstrophy value, i.e. bubblestend to accumulate in
hight vorticity regions. A Lagrangian approach was also carried out, we showed that
with the Lagrangian autocorrelation of Voronoı̈ volumes for heavy, neutral and light
particles the clustering behavior can be further distinguished. The decorrelation time
of the Voronoı̈ volumes of bubbles is much larger than that ofneutral or heavy parti-
cles. The Lagrangian correlation of Voronoı̈ volumes lastssurprisingly nearly twice
as the life-time of the bubble-trapping structures (i.e. enstrophy). We interpret this
result as an inertial effect.

In this last part of the thesis, we would like to comment on thefuture work and
possible research directions. We presented in this currentwork the results of bubbles
in two different regimes, one with “big” bubbles without turbulence and the other
with micro-bubbles in turbulence. The natural direction tofollow is to bridge the gap
in bubble sizes and turbulent conditions.

In pseudo-turbulence there is still the question of how do the −3 scaling of the
energy spectrum of the liquid fluctuations evolve as a function of the “bubblance”
parameterb varying it from the typical turbulent case (b= 1) to the pseudo-turbulent
case (b= ∞). The previous configuration of the Twente Water Tunnel was unstable
when a mean flow larger than 0.25 ms−1 was set and bubbles were injected as the
counterflow will not allow the bubbles to escape creating strong recirculation. Re-
cently, a modification in the Water Tunnel was undertaken andthe active grid was
placed below the measurement section. With this change in the set up, bubbles can
be injected from the capillary islands and the flow can be set upwards avoiding the
recirculation patterns but also the risk of flooding. In sucha way,b can be varied.

Furthermore, the bubble shape and deformability effect on the clustering can also
be studied. By adding a small amount of surfactant, more spherical and rigid bubbles
can be generated. It has been shown that even with small quantities of surfactant
[5, 6], the bubble behavior changes drastically, from non-slip condition at the bub-
ble interface to a rigid-like condition, accordingly the structure of the wake is also
affected. It would be interesting to control these two parameters separately. For in-
stance, the shape of the bubble can be changed using capillaries with different size,
though the range of generated sizes is not very wide. Deformability can be modified
by using surfactant, additionally the shape of the bubble will become more spher-



102 REFERENCES

ical and its size smaller. In the future experiments either varying these parameters
independently or simultaneously are advisable.

Regarding the experimental part with bubbles in turbulent conditions, the main
direction to follow is to study the size effect on the Lagrangian statistics and cluster-
ing. We have shown with the Voronoı̈ analysis of the DNS data,that the clustering
effect is stronger when St is close to unity. In the present case of micro-bubbles,
the St was one order of magnitude smaller. An experimental proof of this finding is
still necessary. Additionally, the Lagrangian statisticsof micro-bubbles have an in-
termittency that is in between the intermittency of bubblesand tracers. By dispersing
bubbles of size 1 mm or a bit smaller, we expect to confirm the numerical results.
Also it is quite promising to investigate the Lagrangian statistics as a function of the
normalized particle sizeD/τη . This kind of studies have never been done experimen-
tally for the case of bubbles and will allow also a direct comparison with numerical
simulations with corrections that account the size effects[7].

Apart to the size effect, a major achievement would also be tostudy the density
effect. Experiments with neutral tracer and heavy particles will result in a complete
study of particles in turbulence. Though, the implementation of such idea is not
straightforward, and further modification of the Twente Water Tunnel is needed. Es-
pecially for the case of heavy particles as they must not flow through the pump to
avoid damage.
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Summary

Due to their relevance and occurrence in both natural phenomena and in industrial
applications, the study and understanding of bubbly flows iscurrently an important
topic for fluid dynamicists. Bubble columns are commonly used in bio- and petro-
chemical industries to enhance mixing, mass and heat transfer. In these systems, the
bubbles are the only energy input as there is no flow a priori. Bubble columns are also
referred to as pseudo-turbulence because the bubbles induce liquid fluctuations in the
originally quiescent liquid. These disturbances are the result of the hydrodynamic
interactions among the bubbles and their heterogenous distribution.

Turbulent flows transporting particles are ubiquitous in nature, being of such rel-
evance in diverse fields ranging from atmospheric physics tooceanography. Usually
the convected particles have a different density and size than the transporting fluid,
turbulent bubbly flows are a particular case of them. In recent years, Lagrangian
studies—i.e. studies following the particle motion—of particles in turbulence have
gained considerable attention because this approach is closer to the inherent mixing
and transport characteristic of turbulence. Yet there is still the challenge and interest
to comprehend more the Lagrangian statistics of particles in turbulence.

This work studies bubbly flows in two different flow conditions. In the first part,
we study the pseudo-turbulence induced by rising bubbles inquiescent liquid. In the
second part, we study the Lagrangian statistics and clustering of micro-bubbles in
homogeneous isotropic turbulence.

Part one presents experimental and numerical results on pseudo-turbulence. In
chapter 2, experiments using three-dimensional particle tracking velocimetry (PTV)
and phase-sensitive constant-temperature anemometry (CTA) are carried out to study
bubble clustering, mean bubble velocity, bubble velocity probability density func-
tions (PDFs) and liquid energy spectrum in pseudo-turbulence at very dilute gas con-
centrations (α < 2.2%). Bubbles with mean diameter of 4–5 mm are injected in
still water. By employing three-dimensional PTV, the bubble position is determined
and bubble clustering is studied. For this purpose, we use the pair correlation func-
tion G(r,θ). We find that bubbles cluster within few bubble radii as shownby the
radial pair correlationG(r). The angular pair correlationG(θ) reveals a robust ver-
tical alignment at both small and large scales for all bubbles concentrations studied.
However at small scales, horizontal alignment is also observed. The PDFs of bubble
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velocity show that all components of bubble velocity behavedifferently from Gaus-
sian. The implementation of PTV assures enough data points to obtain convergence
in the PDFs. The non-Gaussianity can be a result of the cluster formation mechanism,
where the rise velocity of single bubbles is affected by the faster collective motion
of clusters. By employing phase-sensitive CTA , it is possible to measure the power
spectrum in pseudo-turbulence. We find that the energy of theliquid fluctuations
decays exponentially with a slope near−3 which is consistent with the theoretical
scaling that Lanceet al. derived. We also study pseudo-turbulence numerically, the
results are presented in chapter 3, where we perform front-tracking direct numerical
simulations (DNS). The numerical swarm of bubbles consist of monodisperse de-
formable 4 mm bubbles with a gas fraction of 5% and 15%. Withinthis chapter, our
focus is to compare the liquid energy spectrum and bubble velocity PDFs with the
experimental data. The numerical simulations confirm that the spectra of the veloc-
ity fluctuations driven by the rising bubbles follow a power law with slope close to
−3. The computed PDFs of the bubble velocity show non-Gaussian features, as is
also observed in the experiments. The agreement with experimental measurements is
especially good in the peak region, whereas the tails of the experimental PDFs show
more intermittency in comparison to the numerical results.We understand this dis-
agreement as a the lack of large-scale flow structures in the simulations, mainly due
to the imposed periodic boundary conditions and the domain size.

In the second part of this thesis, we study Lagrangian statistics and clustering of
bubbles in homogeneous and isotropic turbulence. In chapter 4, the Lagrangian ve-
locity and acceleration statistics of micro-bubbles (light particles) in turbulence are
presented. For this purpose, micro-bubbles with diameterdb = 340 µm and Stokes
number O(0.01) are dispersed in the Twente turbulent water tunnel. The micro-
bubbles trajectories are obtained by employing PTV at different Reλ . We compare
thoroughly two smoothing methods— i.e. Gaussian kernel andpolynomial fitting—
and show that both give the intermittent characteristics along the micro-bubbles’ tra-
jectories. Our results show that the micro-bubbles’ acceleration PDFs are highly
intermittent with a flatness value of around 35. The experimental acceleration PDFs
showed more intermittency than previous measurements of heavy particles, and are
better fitted by a stretched exponential functional rather than a log-normal distribu-
tion. In addition, the acceleration autocorrelation function decorrelates much faster
compared to experiments in different type of turbulent flows(e.g. von Kármán flow),
and its decorrelation time increases with higher Reλ . The velocity PDFs follow
closely a Gaussian distribution with no dependence on Reλ for all the three com-
ponents with a flatness very close to 3.

The clustering of light, neutrally buoyant and heavy particles in homogenous
isotropic turbulence is studied in chapter 5. Three-dimensional Voronoı̈ analysis is
used to quantify the clustering of inertial particles usingdata from numerics and
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experiments. We study the clustering behavior at differentdensity ratios and parti-
cle response times (i.e. Stokes numbers St). Our findings show that the PDFs of
the Voronoı̈ cell volumes of light and heavy particles have adifferent behavior from
that of randomly distributed particles —i.e. fluid tracers—implying that clustering
is present. We use to quantify the clustering the standard deviation of the PDF nor-
malized by that of randomly distributed particles. Light particles show maximum
clustering for St around 1−2. The results are consistent with previous investigations
employing other approaches to quantify the clustering. We also present the joint
PDFs of enstrophy and Voronoı̈ volumes and their Lagrangianautocorrelations, and
observe different cluster behavior between the three kind of particles . The small
Voronoı̈ volumes of light particles correspond to regions of higher enstrophy than
those of heavy particles, indicating that light particles cluster in higher vorticity re-
gions. The Lagrangian temporal autocorrelation function of Voronoı̈ volumes shows
that the clustering of light particles lasts much longer than that of heavy or neutrally
buoyant particles. Due to inertial effects, the Lagrangiandecorrelation time-scale of
clustered light and heavy particles is longer than that of the flow structures them-
selves.
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Samenvatting

Vanwege hun relevantie en voorkomen in zowel natuurlijke fenomenen als in indus-
triële toepassingen is de studie en het begrip van stromingen met bellen momenteel
een belangrijk onderwerp in de vloeistofdynamica. Bellen-kolommen worden vaak
gebruikt in de bio- en petrochemische industrie om het mengen, en massa- en warmte-
overdracht te verbeteren. In deze systemen zijn de bellen deenige energie-input,
omdat er geen doorstroming a priori is, en ze worden ook wel aangeduid als pseudo-
turbulentie omdat de bellen fluctuaties veroorzaken in de oorspronkelijk stilstaande
vloeistof. Deze verstoringen zijn het gevolg van de hydrodynamische interacties
tussen de bellen en hun heterogene distributie.

Turbulente stromingen waarin deeltjes worden vervoerd zijn alomtegenwoordig
in de natuur, en zijn van groot belang in diverse gebieden variërend van atmosferische
fysica tot oceanografie. Meestal hebben de vervoerde deeltjes een verschillende
dichtheid en grootte dan de vloeistof, bellen in turbulentestromen zijn hier een voor-
beeld van. In de afgelopen jaren hebben Lagrangiaanse studies—studies die de be-
weging van de deeltje volgen—in turbulentie veel aandacht gewonnen omdat deze
aanpak is dichter ligt bij de inherente meng- en transportkenmerken van turbulen-
tie. Maar er is nog steeds de uitdaging en interesse om meer tebegrijpen van de
Lagrangiaanse statistieken van deeltjes in turbulentie.

Dit werk bestudeert bellen in twee verschillende stromingscondities. In het eerste
deel bestuderen wij de pseudo-turbulentie veroorzaakt door de stijgende luchtbellen
in een stilstaande vloeistof. In het tweede deel bestuderenwij de Lagrangiaanse
statistieken en het clusteren van micro-bellen in homogeneisotrope turbulentie.

Deel één presenteert experimentele en numerieke resultaten op pseudo-turbulentie.
In hoofdstuk 2 worden experimenten met behulp van driedimensionale particle track-
ing velocimetry (PTV) en phase-sensitive constant-temperature anemometry (CTA)
uitgevoerd om het clusteren van bellen, de belsnelheid, de belsnelheids-kansdicht-
heidsfuncties (PDF) en vloeistof-energie-spectrum in pseudo-turbulentie op zeer lage
gasconcentraties (α < 2,2%) te bestuderen. Bellen met een gemiddelde diameter van
4 - 5 mm worden geı̈njecteerd in stilstaand water. Door het gebruik van driedimen-
sionale PTV, is de belpositie bepaald en wordt het clusterenvan bellen bestudeerd.
Hiervoor maken wij gebruik van de paar-correlatiefunctieG(r,θ). Wij vinden dat
bellen binnen enkele belstralen clusteren, zoals blijkt uit de radiale paar-correlatie
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G(r). De hoekafhankelijke paar-correlatieG(θ) vertoont een robuuste verticale uitlij-
ning bij zowel kleine als grote schalen voor alle bestudeerde belconcentraties. Maar
op kleine schaal, is horizontale uitlijning ook aanwezig. De belsnelheids-PDFs laten
zien dat alle componenten van de belsnelheid zich anders gedragen dan Gaussiaanse.
De implementatie van PTV zorgt voor voldoende datapunten, die convergentie in the
PDFs verzekert. De niet-Gaussianiteit kan een gevolg zijn van het clustervormings-
mechanisme, waar de stijg-snelheid van enkele bellen wordtbeı̈nvloed door de snellere
collectieve beweging van clusters. Door het gebruik van phase-sensitive CTA, is het
mogelijk het energiespectrum in de pseudo-turbulentie te meten. Wij vinden dat de
energie van de vloeistof-fluctuaties exponentieel vervaltmet een helling dicht bij−3,
die in overeenstemming is met de theoretische schaling dat Lanceet al.heeft afgeleid.

Wij hebben ook pseudo-turbulentie met numerieke simulaties onderzocht. De
resultaten worden in hoofdstuk 3 gepresenteerd, waar wij front-tracking directe nu-
merieke simulaties (DNS) uitvoeren. De numerieke bellenzwerm bestaat uit monodis-
perse vervormbare 4 mm bellen met een gas-fractie van 5 % en 15%. Binnen dit
hoofdstuk is onze focus het energie-spectrum en de belsnelheids PDF te vergelijken
met de experimentele data. De numerieke simulaties bevestigen dat de spectra van de
snelheidsfluctuaties gedreven door de stijgende luchtbellen een machtswet volgt met
een helling dicht bij− 3. De berekende belsnelheids-PDFs vertoont niet-Gaussiaanse
kenmerken, zoals ook waargenomen in de experimenten. De overeenkomst met ex-
perimentele metingen is vooral goed in de piek-regio, terwijl de staarten van de expe-
rimentele PDFs meer intermittentie vertonen in vergelijking met de numerieke resul-
taten. Wij begrijpen dit verschil, als een gebrek aan grootschalige stroom-structuren
in de simulaties, voornamelijk als gevolg van de opgelegde periodieke randvoorwaar-
den en de domeingrootte.

In het tweede deel van dit proefschrift bestuderen wij Lagrangiaanse statistieken
en het clusteren van bellen in homogene en isotrope turbulentie. In hoofdstuk 4 wor-
den de Lagrangiaanse snelheid en versnellings-statistieken van micro-bellen (licht-
deeltjes) in turbulentie gepresenteerd. Voor dit doel zijnmicrobellen met een dia-
meter vandb = 340 µm en Stokes nummer O (0,01) verspreid in de Twente tur-
bulente water tunnel. De trajecten van de microbellen worden verkregen door het
gebruik van PTV bij verschillende Reλ . Wij vergelijken grondig twee smoothing
methoden —dat wil zeggen Gaussian kernel en polynomiale fitting— en laten zien
dat beide de intermittente kenmerken langs de trajecten vande microbellen repro-
duceren. Onze resultaten tonen aan dat de versnellings-PDFs van de microbellen
zeer intermittent zijn met een platheidswaarde van ongeveer 35. De experimentele
versnellings-PDFs vertonen meer intermittentie dan vorige metingen van zware deel-
tjes, en worden beter gefit door een uitgestrekt exponentiële functie dan door een
log-normale verdeling. Daarnaast decorreleert de versnellings-autocorrelatiefunctie
veel sneller in vergelijking met experimenten in verschillende soorten van turbulente



111

stromingen (bijv. von Kármán flow), en de decorrelatie-tijd neem toe met hogere
Reλ . De snelheids-PDFs liggen dichtbij een Gaussiaanse verdeling, zonder afhanke-
lijkheid van Reλ voor alle drie componenten met een platheid heel dicht bij 3.

Het clusteren van lichte, neutrale en zware deeltjes in homogene isotrope tur-
bulentie wordt bestudeerd in hoofdstuk 5. Driedimensionale Voronoı̈-analyse wordt
gebruikt om de clustering van inertiale deeltjes te kwantificeren. Wij gebruiken zowel
numerieke als experimentele data en bestuderen het cluster-gedrag voor verschil-
lende dichtheids-ratio’s en deeltjes-responstijden (datwil zeggen Stokes nummers
St). Onze bevindingen tonen aan dat de PDFs van de Voronoı̈-cel-volumes van lichte
en zware deeltjes een ander gedrag dan dat van willekeurig verspreide deeltjes hebben
— vloeistof tracers — dus clustering aanwezig is. Om de clustering te kwantifi-
ceren gebruiken wij de standaardafwijking van de PDF genormaliseerd door die van
willekeurig verspreide deeltjes. Lichte deeltjes laten maximale clustering zien voor
St ongeveer 1−2. De resultaten komen goed overeen met eerdere onderzoeken, die
andere analyze-methoden voor de clustering hebben gebruikt. Wij presenteren ook
de gezamenlijke PDFs van enstrophy en Voronoı̈ volumes en hun Lagrangiaanse au-
tocorrelations, en observeren verschillend clustergedrag tussen de drie soorten deel-
tjes. De kleine Voronoı̈ volumes van lichte deeltjes komen overeen met de gebieden
van hogere enstrophy dan die van zware deeltjes, wat aangeeft dat lichte deeltjes
in het hoger vorticiteitsgebied clusteren. De Lagrangiaanse temporele autocorrelatie-
functie van Voronoı̈-volumes laat zien dat de clustering van lichte deeltjes veel langer
duurt dan die van zware of neutraal drijvende deeltjes. Vanwege de inertie is de La-
grangiaanse autocorrelatie-tijdschaal van geclusterde lichte deeltjes zelfs nog langer
dan die van de stroomstructuren zelf.
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Para ese entonces también conocı́ a jóvenes ilustres latinoamericanos quienes
se convertirı́an en mis mejores amigos: la Eminencia, el Camarada (a.k.a. David),
Nayeli y Eduardo, Dani y Oscar. Estimadı́simos, gracias porhaber estado conmigo en
las buenas y en las malas. Gracias por su sólida y franca amistad que ha permanecido
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Appendix J...

or the non trustable information

In this appendix, the narcissist author psychoanalyzes himself and narrates past
events directly linked to the materialization of this book.

The author was born in 1979 in Ciudad Ombligo de Luna (a.k.a. La Gran Tenochti-
tlan, Ciudad Monstruo). His first experience with school wasshocking, and disap-
pointing, and he cried his first day at the Kindergarten. Thanks to a successful brain
wash by his parents he decided to give a second chance to school. After happier
experiences in primary and high-school, he enrolled in the National Autonomous
University of México (UNAM) where he studied Mechanical Engineering. He did
his bachelor research project under the supervision of Prof. Roberto Zenit Camacho
and graduated in 2003.

At that time, he thought that going abroad would help him to overcome his
Kindergarten shocking experience. In 2004, he obtained a Conacyt-DAAD schol-
arship, and started a Master in Mechanical Engineering at the Technische Univer-
sität München. Again he had a pretty harsh shock. This timeculinary. He realized
that tacos, hot-spicy salsas and tortillas were not at hand anymore. Nevertheless, he
encountered rapidly refuge in Bratwurst, wunderbare Kuchen und durstlöschendes
Bier. But this was not enough for a voracious eater like him. Moreover, mama’s food
could not be easily replaced. Thus in order to cure his sorrows, he undertook an en-
joyable onion-chopping-garlic-peeling therapy in the kitchen. For his master project
he worked on numerical simulations of high-speed trains at the Deutsche Bahn AG.

In 2007, he started the PhD at the Physics of Fluids Group of Prof. Detlef Lohse
in the University of Twente. Besides the great project he would start working on,
one further motivation for moving to Enschede was to experience new “confinement”
conditions. Having lived in Ciudad Monstruo with a population of≈ 2.5×107 people
(comparable to a heterogenous out of equilibrium system, with high particle interac-
tion and collision rates), and in München with its≈ 1.3× 106 people (comparable
to a homogeneous middle dense system), he thought that the next logical step would
be to move to a city with a factor 10 less people than München.Enschede with its
≈ 1.5×105 people fit quite well within this trend! Indeed, Enschede, asa very di-
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a) Those Kindergarten days; b) Auteur met een belegde broodje; c) The voracious
eater in the eighties; d) The voracious eater 26 years later working in a Lab in
Drienerlo, Nederland.

lute system, has the optimal tracking conditions for detecting single individuals at the
Oude Markt!!

In the Netherlands besides the gastronomical surprises, the North Sea’s weather
offered him more: long periods of days in which the only thingone can see in the sky
are grayish clouds or the fact that spring, summer, fall and winter can be experienced
all at once in the same day!! As a consequence, he developed the lizard symptom of
sunbathing whenever sun rays made it through the clouds and hit the ground surface,
which usually occurs at most 60 days within a year.

After having enjoyed to the maximum his stay in Enschede, theauthor will con-
tinue doing experiments at the Laboratory of Non-linear Daily Research. Finally
thanks to all this peregrination, he has overcome the Kindergarten shock ¨⌣!!


