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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.
Nicanor Parra.

A mis padres,
el origen de mis dias.
A Gaby y a Edgar,

a Matias.
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Introduction

If someone asks to give examples of flows that come autoniigitioahe mind, there
is a high probability that the answers would be either floves #ppear in nature (e.g.
the flow of a river, the flow of air in the atmosphere, the oceanirrents) or flows
that occur at home (e.g. the jet of water coming out from thé¢ ta

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

e In the first one, the liquid is quiescent and bubbles rise duribyancy induc-
ing agitation to the liquid phase.

e In the second one, micro-bubbles are dispersed in a homogerisotropic
turbulent flow, and they interact with the turbulent struetu

1.1 Turbulence
Turbulence refers to the disordered, irregular, random tansbme extent unpre-

dictable motion of fluids. A definition of turbulence is muclore easier if we list
the main characteristics of these type of flows:

1



2 CHAPTER 1. INTRODUCTION

e Itis random in time and space. The state of a turbulent flaav {he velocity,
pressure, and temperature fields) can not be predicted #dgeftaminar case.

e It is a multi-scale phenomenon. Eddies with different lbérgind timescales
interact closely with each other. The higher the turbuletfoe wider the range
of sizes of co-existing eddies.

e It is highly dissipative. Without an external energy inpdissipative effects
would laminarise the turbulence.

e ltis intermittent. Strong non-Gaussian fluctuations ocuoore often than for a
Gaussian statistical process. Consequently, the pratyadfithese rare violent
events are higher and increases as the flow becomes morkehirfdy].

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

Turbulence is mathematically described with the Naviek&¢ equations, but
until now there is not a complete theory to describe turtedeyet [3]. However,
big steps towards its understanding have been taken. In, I8&2orne Reynolds
carried out experiments to determine the conditions at lwkiminar flows in a pipe
become turbulent, and showed that the different regimésefeiaminar or turbulent)
are determined by the value of a dimensionless quantity &days the Reynolds
number):

Re=VD/v,

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

He also proposed to study turbulent flows from a statisticahtpof view, by
decomposing the velocity into the sum of the meab and a fluctuating part.
This decomposition into a mean motion and the fluctuationalr@ady contemplated
some centuries before by Leonardo da Vinci. He describedénad his drawings a
turbulent stream resembling the way hair falls (mean motéord its curls (fluctua-
tions), see his notedn hair falling down in curlgn [4].

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

Following Richardson’s idea Kolmogorov assumed that in §aith high Re, the
large scale anisotropy can eventually vanish at sufficiarglisscales as a result of
the energy cascade mechanism. At these small scales tucbukethus statistically
homogenous and isotropic, and it is only determined by themfiex of energy(e),
yielding to an universal state independent of how it was ggned. The range of
scales where this universal regime holds is called inestilfange. At the smallest
scales viscosity effects become important and dissip&ithre dominant mechanism.
This final stage of the cascade is called the dissipationerand is determined by the
fluid viscosityv and(g).

1.2 Pseudo-turbulence

Before considering the movement of particles in turbulenee focus on a simpler
system: particles either rising or falling in a liquid attek this case, the particle
motion is the only energy input, and liquid fluctuations amduiced. The nature
of these fluctuations is thus different compared to the siphlase shear induced
turbulence. These disturbances are mainly a result of tdeodynamic interactions
of the wakes and their heterogenous distribution. This phremon is also referred
as to pseudo-turbulence, and it is widespread used in theabid petrochemical
industries to enhance mixing, mass and heat transfer. Buohlimns fall within this
category.

Several scientific research has been carried out to unddr#t@ nature of the
induced agitation [7—11]. The characteristics of the irmdlftuctuations are reflected
in their energy spectrum, and actually it still remains aeroguestion. The results on
energy spectrum on pseudo-turbulence have been contmad[see e.g. 9]. Lance
et al. [12] were the first that reported a8/3 scaling of the energy spectrum of
liquid fluctuations in bubbly flows, but there are some otimeestigations that have
measured the typical turbulent power law decay-6f3 in pseudo-turbulence [13].

In this work, we study further this issue by performing exments using a novel
technique phase-sensitive constant-temperature anetnyo(@IA), which allows
the direct detection of the bubble collisions onto the haot-firobe. Discarding the
bubble information in the time-series of the CTA measuremén crucial for the
determination of the spectrum of liquid fluctuations, anoMtes a reliable result.

Additionally we are also interested in studying the stiatsspf the bubble velocity
and bubble clustering in pseudo-turbulence. To achiewe W implement a three-
dimensional particle tracking velocimetry (PTV) systenobtain experimentally the
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position and velocity of bubbles. One major advantage &f tth¢hnique is its non-
intrusiveness. On the other hand, it is limited to dilute Hiytsystems where single
bubbles can be detected and they are not merged as two-dimainslobs.

Previous experimental works on the clustering of bubblegsieudo-turbulence
[11] have stdueid it by either analyzing two-dimensionabgas or by looking at
time-series of the bubble collisions obtained by opticahot-film probes [14, 15].
Three-dimensional information of the bubble position isdamental for a correct
guantification of the clustering. Direct humerical simidats (DNS) can provide
such detailed information, but with some limitations likeethumber of simulated
bubbles and the imposed periodic boundary conditions iardalreduce the simula-
tion time [7, 16].

Probability density functions (PDFs) of bubble velocitig®vide important in-
formation for effective force correlations which are usadubbly flow models in
industry. Experimental PDFs of bubble velocity have beeasueed using intrusive
techniques such as impedance probes [11, 17]. As this abnélies on the bubble
collision, the number of data points used for the PDFs is ufficgent for obtaining
well-converged statistics.

By employing three-dimensional PTV, we report for the finstd on experimen-
tal well-converged PDFs of bubble velocities and clustgrin

1.3 Bubbles in turbulence and clustering

The turbulent flows that are found in daily experience areasdsimple’ as the ideal
homogeneous isotropic turbulence though. For instangedie transport particles,
thus increasing their complexity. Most of the times the ipke$ behave differently
as fluid tracers as they have finite sizes and their densiiede different from that
of the carrier fluid. Our understanding of the dynamics ofipas (light, neutral

or heavy) in turbulent flows is far from complete. Howeveryagent years results
of numerical and experimental investigations have enostyorontributed to its un-

derstanding . Particularly, Lagrangian studies—an idppl@ach due to the inher-
ent mixing and transport characteristics of turbulencevelatracted much attention
[18]. The challenge and big interest to comprehend more #iggdngian statistics re-
mains, e.g. Do these statistics also exhibit a K41 scaling® idtermittent are they?
Moreover, how do these statistics depend on particle sidalansity? There are nu-
merous studies that have dealt with fluid and heavy partiolésrbulence [19-21].

In contrast, there is little experimental research for beblfight particles) [22, 23].

Another important issue in turbulent multi-phase flows isstéring. The disper-
sion of particles within a flow is a result of the hydrodynarmiractions of particles
with the flow structures (e.g. eddies). Particles with aedéht density and size to
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those of the carrier fluid distribute inhomogeneously. Tgtienomenon is known
as preferential concentration or inertial clustering. Fhedy of inertial clustering
is of big interest as the particles’ distribution plays arpartant role in numerous
phenomena (e.g. drop formation and break up in cloud dyr&f@i], in the in-
teraction of plankton species [25], combustion etc.). €hae several mathematical
tools available for quantifying clustering, ranging fro@impcorrelation [26], counting
box methods [27], Lyapunov exponents [28], Voronoi diaggg29] or Minkowski
functionals[30].

In the present work, we study experimentally the Lagrangtatistics of micro-
bubbles in homogeneous isotropic turbulence and its clogte We employ also
three-dimensional PTV to obtain the position, velocity audeleration of micro-
bubbles in a turbulent flow. Probability Density Functiorfsbabble velocity and
acceleration as well as their autocorrelation functiorss alculated. We compare
the bubbles statistics with the cases of neutral and heatiglpa. Clustering effect
of bubbles in turbulence are investigated using a Voronalyeis.

1.4 A guide through this thesis

The first part of this thesis is dedicated to bubbly pseudbdience, where bubbles
with diametersd, ~ 4-5 mm are injected in the Twente Water Tunnel. In chapter
2, the experimental results of the energy spectra of liquidtdiations, the veloc-
ity statistics of bubbles and the bubble clustering arentedo To accomplish this,
we use novel experimental techniques, such as three-diomahd®TV and phase-
sensitive CTA. We explain the details of both techniquestiogr with the advantages
and disadvantages when used in bubbly flows. We also compatepter 3 the re-
sults of front-tracking DNS with experiments, and investefurther the power law
scaling of the energy spectrum and the PDFs of bubble videciThe big advantage
of front-tracking simulations is that the bubble-liquiderface is resolved accounting
for bubble wake phenomena. Here we show that a differési8 scaling of the en-
ergy spectrum in bubbly pseudo-turbulence indeed existstlzat wake phenomena
produce it.

The second part of the thesis addresses the motion of midrblés in homo-
geneous isotropic turbulence. Experiments with microbibes are carried out in
the turbulent Twente Water Tunnel. Micro-bubbles with ssimilar to the turbu-
lent Kolmogorov’'s lengthscale, are dispersed and advected by the mean flow. A
three-dimensional PTV system allow us to obtain the miarbbtes’ positions. By
means of a tracking algorithm, the micro-bubble trajee®rare reconstructed, al-
lowing us to obtain micro-bubble velocity and acceleratidong the trajectories. In
chapter 4, we discuss the Lagrangian statistics of michiles. We show that the
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micro-bubble velocity PDFs of all components have a Gaungdigtribution, whereas
the PDFs of micro-bubble acceleration exhibit high intetenit tails. Details on the
analysis method are given. Similarities and differencegb®lagrangian statistics of
micro-bubbles, heavy particles and tracers are commemiedlly, in chapter 5 the

clustering behavior of heavy, neutral and light partickestidied applying a Voronoi
approach. Both, experimental data and point-particle Did¢Suaed for this analysis.
We show that Voronoi diagrams can be used to quantify thetariimg of particles,

with the standard deviation of the normalized Voronoi wods as an indicator of
clustering. Furthermore, we study the temporal evolutibthe Voronoi cells in a

Lagrangian manner. The summary and conclusions of our werlgigen in chapter

6, followed with an outlook for future work.
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Bubble clustering and energy spectra in
pseudo-turbulence *

Three-dimensional particle tracking velocimetry (PTVilgghase-sensitive constant
temperature anemometry in pseudo-turbulence—i.e. floelysdriven by rising
bubbles— were performed to investigate bubble clusterimg)ta obtain the mean
bubble rise velocity, distributions of bubble velocitiasd energy spectra at dilute
gas concentrationso < 2.2%). To characterize the clustering the pair correlation
function Gr, 8) was calculated. The deformable bubbles with equivalenbleudi-
ameter ¢ = 4—5 mm were found to cluster within a radial distance of a few bbeibb
radii with a preferred vertical orientation. This verticalignment was present at
both small and large scales. For small distances also somedmtal clustering was
found. The large number of data-points and the non intrusgs of PTV allowed to
obtain well-converged Probability Density Functions (PEFef the bubble velocity.
The PDFs had a non-Gaussian form for all velocity componants$ intermittency
effects could be observed. The energy spectrum of the ligulatity fluctuations
decayed with a power law o6f3.2, different from the~ —5/3 found for homoge-
neous isotropic turbulence, but close to the predictie® by Lanceet al. [1] for
pseudo-turbulence.

*Published as: J. Martinez Mercado, D. Chehata GomezlVDyRn Gils, C. Sun, and D. Lohse,
On bubble clustering and energy spectra in pseudo-turbe)eh Fluid Mech650287-306.

9



10 CHAPTER 2. BUBBLE CLUSTERING AND ENERGY SPECTRA
2.1 Introduction

Bubbly pseudo-turbulence—i.e. a flow solely driven by gsbubbles—is relevant
from an application point of view due to the omnipresenceudtbe columns, e.g.
in the chemical industry, in water treatment plants, anchadteel industry [2]. A
better understanding of the involved phenomena is negefsagcaling-up industrial
devices and for optimization and performance predictidmis Work wants to provide
experimental data on pseudo-turbulence by means of nogeliexental techniques.
The main questions to be addressed in this chapter are:

(i) Whatis the preferential range and the orientation ofddelclustering in pseudo-
turbulence?

(i) What is the mean bubble rise velocity and what kind oftyability distribution
does the bubble velocity have?

(iii) What is the shape of the energy spectrum of pseudadtartce?

2.1.1 Bubble clustering

In dispersed flows, the hydrodynamic interaction betweenttyo-phases and the
particle inertia result in an inhomogeneous distributibbath particles and bubbles
(see e.g. experimentally [3-5] and numerically [6—8] ard¢® a general recent re-
view). Bubble clustering ipseudo-turbulenchas been studied numerically [10-13]
and experimentally [14—-17]. The numerical work by Smerel pnd by Sangani
et al[11] and theoretical work by Wijngaarden [18, 19] and Kok][2Qggest that,
when assuming potential flow, rising bubbles form horiztiyi@igned rafts. Three-
dimensional direct numerical simulations (DNS), whicloadslve the motion of the
gas-liquid interface at the bubble’s surface, have becovadable in the last few
years. The works by Bunneat al. [21, 22] suggest that the deformability effect
plays a crucial role in determining the orientation of thestéring. For spherical
non-deformable bubbles these authors simulated up to 28Blésiwith Reynolds
numbers in the range of 1230 and void fractiona up to 24%, and Weber num-
ber of about 1. For the deformable case, they simulated 2Bl&silwvith Reynolds
number of 26, Weber number of 3.7 aod= 6%. The authors found that the orien-
tation of bubble clusters is strongly influenced by the defalility of the bubbles:
spherical pairs of bubbles have a high probability to aligrizontally, forming rafts,
whereas the non-spherical ones preferentially align invéiréical orientation. In a
later investigation, where inertial effects were more prarced, Esmaeedit al. [23]
studied both cases for bubble Reynolds number of order b(@id case only a weak
vertical cluster was observed in a swarm of 14 deformabldlesb Their explanation
for the weaker vertical clustering was that the wobbly baellotion, enhanced by
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the larger Reynolds number, produces perturbations whaatodl allow the bubbles
to align vertically and accelerate the break up in case sditeem cluster.

In spite of numerous experimental studies on pseudo-temioel, bubble cluster-
ing has not yet been fully quantitatively analysed expentaly. Zenitet al. [16]
found a mild horizontal clustering using two-dimensionalaging techniques for
bubbles with particulate Reynolds number higher than 10@rtelier et al. [14]
studied the microstructure of homogeneous bubbly flows feyrRlds number of
order 10. They found a moderate horizontal accumulationgupiir density mea-
surements with two optical probes. Their results showedyhéniprobability of the
pair density in the horizontal plane and a reduced bubblsiebehind the wake of
a test bubble. Risset al. [15] performed experiments with a swarm of deformable
bubbles ¢,=2.5 mm), aspect ratio around 2 and Reynolds number of 808y i
not find clustering and suggested that in this low void fattiegime & < 1.05%)
there was a weak influence of hydrodynamic interaction betvizibbles.

2.1.2 Mean bubble rise velocity and statistics of bubble vetity

The mean bubble rise velocity in bubbly flows is found to daseewith increasing
bubble concentration whereas the normalized verticaltfat@inV, ;ms/V ; increases

[16, 22, 24]. The interpretation is that when increasingdbecentration the bubble-
induced counterflow becomes more important and in additierhiydrodynamic in-

teractions between bubbles become more frequent and himelepward movement
of bubbles, provoking at the same time, an increment of thdleuvelocity fluctua-

tions.

Next, Probability Density Functions (PDFs) of bubble véies provide useful
information for effective force correlations used in bubBbw models in industry.
PDFs in pseudo-turbulence have been obtained in the numhstiodies of Bunner
et al. [22, 25] and Esmaeeét al. [23]. For non-deformable bubbles [25], the PDFs
of velocity fluctuations have a Gaussian distribution. Ifodmability is considered
[22], the PDF of only one horizontal component of the velpdieeps a Gaussian
shape while the non-Gaussianity in the PDFs was strongee &west concentration
a = 2%, recovering a Gaussian distribution for= 6%. However, in that numeri-
cal work only a limited number of bubble®N{ = 27) could be considered and the
different behavior in the two different horizontal direxis reflects the lack of sta-
tistical convergence. Experimental PDFs of bubble vekgiin pseudo-turbulence
have been obtained by Zemwit al. [16] and by Martinezt al.[24]. In these studies
the bubble velocity was measured intrusively using an imaped probe technique.
The amount of data points used for the PDFs was not sufficeengydod statistical
convergence.
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2.1.3 Liquid energy spectrum

In bubbly flows, one must distinguish between the energytidpe to the bubbles
and the energy input due to some external forcing—eithehaftcan be predom-
inant. Lanceet al. [1] suggested the ratio of the bubble-induced kinetic enary
the kinetic energy of the flow without bubbles as appropriteensionless number
to characterize the type of the bubbly flow. Rens¢ml. [26] called this ratio the
bubblanceparameteb, defined as

1aU?
b= > Izr, (2.1)
wherea was already defined), is the rise bubble velocity in still water, ang is
the typical turbulent vertical fluctuation in the absencéduwbbles. Lancet al. [1]
measured the liquid power spectrum in bubbly turbulence abwbrved a gradual
change of the slope with increasing void fraction. At low centrations the slope of
the spectrum was close to the Kolmogorov turbulent value ®f3. By increasing
a, the principal driving mechanism changed—the forcing noeverand more origi-
nated from the bubbles and not from some external drivinghan regime the slope
was close to-8/3. Having in mind equation (2.1) one may expect differentisga
behavior, depending on the nature of the energy input thrddnsnant, namelp < 1
for dominant turbulent fluctuations dr> 1 for dominant bubble-induced fluctua-
tions. Indeed from table 1 of Rensenal.[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 abet® in the wake of a swarm of rising bubbles in still
water p = »). Moreover, in humerical simulations Sugiyaratal. [12] obtained
the same spectral slope for the velocity fluctuations cabgeagp to 800 rising light
particles, i.eb = o, with finite diameter Re~ 30). However, there are also counter-
examples: e.g., Muddet al.[28], and Cuiet al.[29] obtained around-5/3, though
b = «. Therefore, in this paper we want to re-examine the issule$pectral slope
in pseudo-turbulencéy(= ).

2.1.4 Outline of the chapter

This chapter is structured as follows: in section 2.2 theedrpental apparatus is
explained and particle tracking velocimetry techniqueT\(Pand phase-sensitive
constant temperature anemometry (CTA) are described.ioBe213 is divided in
three subsections: in the first part results on bubble ciugtere shown, followed
by the results on the mean bubble rise velocity and the bulddteeity distributions,
and finally the power spectrum measurements are presenteslimndnary and an
outlook on future work are presented in section 2.4.
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Table 2.1: Typical experimental parameters: void fracigmmean bubble diameter
(dp= ¢/ dlzds), whered, andds are the long and short axes of a two-dimensional image
of a given ellipsoidal bubble, mean rising velocity in stilaterV,, and Reynolds
(Re= dpV,/v¢), Weber We= pdb\_/i/a), and Eotvos Eo = prgd2/a) numbers.
Herevs = 1 x 107% nm?/s is the kinematic viscosity of wateg = 0.072 N/m the
surface tension at the air-water interface, gride gravitational acceleration.

a (%) dp(mm) V,(m/s) Re We Eo
0.28—-0.74 4—5 0.16-0.22 1000 23 34

2.2 Setup, tools, and methods

2.2.1 Twente water channel

The experimental apparatus consists of a vertical watereunith a 2 m long mea-
surement section with 0.45 0.45 nt cross section. A sketch depicting the setup is
shown in figure 2.1. The measurement section has three gidlssfor optical access
and illumination (see [26] for more details). The channes\iibked with deionized
water to the top of the measurement section. The level ofgb@&llcolumn was 3.8 m
above the place where bubbles were injected. We used thpdkagaislands in the
lowest part of the channel to generate bubbles. Each islanthios 69 capillaries
with an inner diameter of 50@m. Different bubble concentrations were achieved
by varying the air flow through the capillary islands. We peried experiments
with dilute bubbly flows with typical void fractions in themge 028% < a < 0.74%

for PTV and in the range.20% < a < 2.2% for CTA. The void fractiona was
determined using a U-tube manometer which measures theupeedifference be-
tween two points at different heights of the measuremeriisgefsee 26]. A mono-
dispersed bubbly swarm with mean bubble diameter-eb4nm was studied. Typical
Reynolds numberReare of the order 1}) the Weber numbaW eis in the range 23
(implying deformable bubbles) and the Eodtvos nunibeiis around 3- 4. Table 2.1
defines these various dimensionless numbers and summerézesperimental con-
ditions. In figure 2.2, the mean bubble diamedgfas a function of void fraction is
shown. The values are within the range of 4-5 mm and show katstigrement with
bubble concentration.

2.2.2 Particle Tracking Velocimetry

In the last few years three-dimensional PTV has become anfaweeasurement
technique in fluid mechanics. The rapid development of Isigbed imaging has
enabled a successful implementation of the technique diestwon turbulent motion
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Figure 2.1: Experimental apparatus: a) Measurement seofidength 2m, b) 4-
camera PTV system, c) Capillary islands.
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Figure 2.2: Equivalent bubble diametkg, as a function of void fractioar. Standard
deviation as error bars. We measured the Idrand shorts axes of 400 bubbles per
concentration from two-dimensional images. The equivatiameter was obtained
by assuming ellipsoidal bubbles with a volume equal to ttiat spherical bubble,
deq = (dscl?)?
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of particles [9, 30-34]. The measured three-dimensionatiaposition of particles
and time trajectories allow for a Lagrangian descriptioncllis the natural approach
for transport mechanisms.

Figure 2.1 also sketches the positions of the four high<meeneras (Photron
1024-PCl) which were used to image the bubbly flow. The fonnexas were view-
ing from one side of the water channel and were focused ireit$ral region, at a
height of 2.8 m above the capillary islands. Lenses with 50 fmral length were
attached to the cameras. We had a depth of field of 6 cm. Theeirsagpling
frequency was 1000 Hz using a camera resolution of X224 pixef. The cam-
eras were triggered externally in order to achieve a fullyckyonized acquisition.
We used the PTV software developed at IfU-ETH [35] for canmakibration and
tracking algorithms. For a detailed description of thisht@que we refer to [35] and
references therein. A three-dimensional solid target veasl dor calibration. Bub-
bles were detected within a volume of466x6 cn® with an accuracy of 40Qum.
To illuminate the measuring volume, homogeneous back-bgia a diffusive plate
were used in order to get the bubble’s contour imaged as asfetiow. The im-
age sequence was binarized after subtracting a sequeeigad background; then
these images were used along with the PTV software to gethtiee-dimensional
positions of the bubbles. We acquired 6400 images per cacoerasponding to 6.4
s of measurement (6.7 Gbyte image files).

For higher bubble concentration, many bubbles are imagedeaged blobs and
can not be identified as individual objects. These mergedlbsbimages are not
considered for the analysis. Therefore the nunityeof clearly identified individual
bubbles goes down with increasing void fraction. For the tnailste case ¢ =
0.28%) around\y, =~ 190 bubbles were detected in each image. This quantity dcbpp
to nearly 100 for the most concentrated cases=(0.65% anda = 0.74% ). If
a bubble is tracked in at least 3 consecutive time-steps,alfét @ linked bubble.
Table 2.2 summarizes typical values of number of bublNg3 &énd linked bubbles
(Niink) per image.

2.2.3 Pair correlation function

Particle clustering can be quantified using different matitgcal tools like pair corre-
lation functions [21], Lyapunov exponents [36], Minkows$lknctionals [7], or PDFs

of the distance of two consecutive bubbles in a time-sefigsif this investigation
the pair correlation functios(r, 8) is employed to understand how the bubbles are
globally distributed. It is defined as follows:

\V} No No

G(I’,e): m<i;j_g¢j5(r_rij)>7 (2.2)
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Table 2.2: Number of detected bubbles and linked bubblegymage for all concen-
tration studied. For the highest void fractions there is@dn the number of linked
bubbles, since most bubbles are imaged as two-dimensicgrgleth blobs, which are
not considered in the analysis.

a No Niink  Niink/Np - 100%
0.28% =~190 =50 27%
0.35% ~190 ~50 27%
0.41% =~170 =40 24%
051% =~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 volumidy, is the number of bubbles within that
volume,rjj is the vector linking the centers of bubble i and bubble j, argla vector
with magnituder and orientationd, defined as the angle between the vertical unit
vector and the vector linking the centers of bublilesd j, as shown in figure 2.3.
From (2.2), the radial and angular pair probability funei@an be derived. To obtain
the radial pair probability distribution functid®(r) one must integrate over spherical
shells of radiug and widthAr, whereas for the angular pair probability distribution
functionG(6) an r-integration is performed.

We also checked that our numerical scripts for calculathey dair correlation
function giveG(r) = 1 andG(8) = 1 for a random distribution of particles. There-
fore, we generated randomly positions of particles andieghphe script to calculate
both radial and angular correlations. We considered 2 $g@iarticles. Case A with a
total number of particleapa = 1000 at 100 ‘timestepssa = 100 and case B, where
both the total number of particles and the number of ‘timestare closer to our
experimental conditionaps = 500 andtsg = 6000. We applied the script to these
two sets. Figure 2.4 shows the radial and angular correldtinction for both sets.
As we can see the functions reach a value of nearly 1 as it moteg for a randomly
distributed set of particles.

2.2.4 Phase-sensitive constant-temperature anemometry

Hot-film measurements in bubbly flows impose considerabiécdity due to the

fact that liquid and gas information is present in the sigialke challenge is to distin-
guish and classify the signal corresponding to each phase.h®t-film probe does
not provide by itself means for a successful identificatibhus many parametric and
non-parametric signal processing algorithms have beehtosseparate the informa-
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Figure 2.3: Definition of angl® between a pair of neighboring bubbles.
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Figure 2.4: Radial and angular pair correlation for the twits f randomly dis-
tributed particles. Set A: 1000 particles and 100 ‘timgsteSet B: 500 particles
and 6000 ‘time-steps’. In figure (&(r) > O forr* < 1 in set A because the ‘separa-
tion’ between particle was less than the separation distanset B which was used
for both normalizations.
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tion of both phases, i.e. thresholding [37] or pattern redogn methods [38]. The
output of these algorithms is a constructed indicator fioncivhich labels the liquid
and gas parts of the signal. We follow an alternative way aedsurehe indicator
function, therefore avoiding uncertainties when computin This can be achieved
by combining optical fibers for phase detection to the hat-Eensor [see 39, 40].

The device, called phase-sensitive CTA, was firstly dewadopy van den Berg
et al. [41]. In this technique, an optical fiber is attached closthohot-film probe
so that when a bubble impinges onto the sensor it also ingevdth the optical fiber.
Its working principle is based on the different index of asfiion of gas and liquid.
A light source is coupled into the fiber. A photodiode measuhe intensity of the
light that is reflected from the fiber tip via a fiber coupler.eTihcident light leaves
the tip of the fiber when immersed in water, but it is reflectagkointo the fiber
when exposed to air, implying a sudden rise in the opticaladigThus the intensity
of the reflected light indicates the presence of either gdijoid at the fiber’s tip.
In this way, if both signals are acquired simultaneouslyg babble collisions can
straightforwardly be detected without the need of any dignacessing method. For
the construction of the probe we used a DANTEC cylindricalber (55R11) and
attached two optical fibers to it (Thorlabs NA=0.22 and 200 diameter core). We
used two fibers in order to assure the detection of all bubibkesacting with the
probe. The fibers were glued and positioned at the side ofiivedcal hot-film, at
a distance of about 1 mm from the hot-film. An illustration loé¢ thot-film and fibers
is shown in figure 2.5. The probe was put in the center of thesoreanent section
positioning its supporting arm parallel to the verticalrgsdirection of the bubbles
so that the axis of the optical probes are also aligned wélpthferential direction of
the flow, thus allowing for a better bubble-probe interatt#md aiming to minimize
the slow down of bubbles approaching the probe. Van den 8eaty [41] measured
flow velocity with and without the fiber being attached to threle. They found
that the presence of the fibers do not compromise the probedwidth and that its
influence on the power spectrum is negligible.

With the signal of each optical fiber a discretized phasecatdir functioné =
{&}N | can be constructed, whose definition follows [37], namely

{1 liquid,
E"{ 0 bubble (2:3)

An unified phase indicator function is then obtained by miythg the indicator
functions of both fibers. A typical signal of phase-sensitB/TA with two consecutive
bubble-probe interactions is shown in figure 2.6a. Thereéadjustable parameter
to construct the indicator functions of the fibers. As expidi above the phase dis-
crimination can be done by an intensity threshold of theoapfiber’s signal. When
the rising edge of the signal surpasses this threshold,ntlieator function of the
fiber must change from a value 1 to 0, as defined in equationf2i$e optical fiber
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optical fiber

\‘hot-film

Figure 2.5: Phase Sensitive CTA probe with two attacheccabfibers for bubble-
probe detection.

was positioned at the same place of the hot-film probe, tivgrisdge of its signal
would occur precisely at the time when the bubble interadtis the hot-film. How-
ever, there is a separation of about 1 mm between the fiberthart-film, so that
the rising edge of the optical fibers’ signal occurs actualih some delay. There-
fore, to construct the phase indicator function of the @ptiibers, one must account
for this delay and define the beginning of the interactionwimtre the signal exceeds
the intensity threshold but some time before. The time usethfs shifting was ob-
tained considering the vertical separation between thealdtbers and the hot-film
probe and mean bubble velocities: in our experiment a bubéels 1 mm in about
5—7 ms. We shifted the beginning of the collision 8 ms priothe optical fibers’
signal starts to rise from its base value. The shifting valas double checked by
analyzing the histograms of the duration of bubble colfisioAs it can be observed
from figure 2.6b, with this shift sometimes part of the CTAggwhen 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 spikesge still removed.

With the phase indicator function only pieces containigilil information of the
time series are used for further analysis— i.e. the partef&tgnal between the two
bubble interactions shown in figure 2.6a. For each part ofithe-series containing
liquid information the spectrum was calculated. Then aficdfa were averaged and
the power spectrum for each bubble concentration was aataim this way neither
an interpolation nor auto-regressive models for gappee semies were necessary. In
our experiments the gas volume fractions varied frofrx0a < 2.2%. The CTAwas
calibrated using a DANTEC LDA system (57N20 BSA). The caltion curve was
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Figure 2.6: Typical phase Sensitive CTA signal alreadydi@med into velocity.
(a) two consecutive bubble-probe interactions der0.2%, (b) zoom in of a bubble
collision.

obtained by fitting the data points to a fourth-order polyredmrhe total measuring
time was 1 h for each concentration and the sampling rateedfdit-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 correlatio®(r) was obtained for all bubble concentrations studied.
Figure 2.8 showss(r) as a function of the normalized raditis=r /a, wherea is a
mean bubble radius. As shown in figure 2.2 the mean equivhldstile diameter is
within the range 4-5 mm. Therefore we can normalize with oeambubble 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 ranfiéew bubble radiir* ~
4 for all concentrations. The probabiliy(r) of finding a pair of bubbles within this
range increases slightly with increasiog For values™ < 2 one would expect that
G(r) = 0. However, in our experiments we fou@{r) # 0 forr* < 2, due to the fact
that the bubbles are ellipsoidal and deform and wobble wisargt

We now estimate the error bar in the correlation funct&fn), originating from
incomplete bubble detection, as seen from table 2.2. Witteasinga the fraction
of detected bubbles decreases. Box 0.28% we detectN, ~ 200 so one would
expect fora=0.74% to detecN, ~ (0.74/0.28) x 200~ 500 but we are detecting
only 110,~20% of them. In order to investigate the reliability of thérgarrelation
function due to this loss of bubble detection, we studied afsandomly distributed
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Figure 2.7: Effect of bubble loss detection on the radial angular pair correlation.
(@) G(r) applied to 100%, and 20% of the particles in set BE(#)) with r* =5
applied to 100%, and 20% of the particles in set B .

particles. We generated 500 particles at 6000 timestepsalodlated the radial and
angular pair correlation functions, obtaini@jr) = 1 andG(0) = 1 as expected for
randomly distributed particles. Then we kept only 20% of laeticles and recalcu-
lated the correlation functions to see how much they de¥iata 1. We found that
the maximum deviation was less than 0.1 for both the radiditha angular corre-
lation functions. The results are shown in figures 2.7a ai for the radial and
pair correlations, respectively. This is much smaller tka structure revealed in
the G(r) curve in figure 2.8. We therefore consider the clusterind wie preferred
distance ofr* = 4 as a robust feature of our data, in spite of incomplete lutib}
tection. In figure 2.8 this error bar corresponding to a maximerror 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 ma#Hrthe angular pair
correlationG(0) using different radii for the spherical sector over whicighéoring
bubbles are counted. Figures 2.9(a-c) show the results'fal0, 15 and 5, respec-
tively. The plots were normalized so that the area under tineecis unity. For all
radii and concentrations, pairs of bubbles cluster in thtéoz direction, as one can
see from the highest peaks @&t =0 and6/m= 1. The value o8/ = 0 means
that the reference bubble (at which the spherical sectoerniteced) rises below the
pairing one. FoiB/m = 1 the reference bubble rises above the pairing bubble (see
figure 2.3). When decreasing the radius of the sphericabsee. when probing the
short range interactions between the bubbles, we obseave theak of the angular
probability neant/2 starts to develop. The enhanced probability at this argige is
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even more pronounced in figure 2.9¢ where the pedk(éf) for horizontally aligned
bubbles is just slightly lower than that for vertical clu#tg. It is worthwhile to point
out that the vertical alignment of the bubbles is very rolaust is present from very
large to small scales, as the angular correlation for diffespherical sectors is al-
ways higher at value8/m=0 and 1 than at valu@/m=0.5. The maximum error bar
for the angular correlation for the most concentrated flow at 0.74%, when 20%
of particles are detected, was 0.1 as explained above at&bistgown in figure 2.9.
It is much smaller than the structure of the signal.

For comparison, we consider again the work of Buneteal. [22], who found
that pairs of bubbles have a higher probability to alignieafty, though for a much
higher concentrationa( = 6%) than employed here. Bunner al. [22] found that
the vertical alignment was not as robust as in our case, siitbeincreasingr* the
angular correlation at 0 ard became less dominant. Another significant difference
between the findings of our experimental work and their sittiors is that horizontal
alignment was more pronounced with larger radii of the Sphaksector and not when
decreasing*. Our experimental results clearly show the main drawbacktaday’s
limitation when solving the flow at the particle’s interfadte simulations are still
restricted to a small number of particles, which is not sigfitto reveal long-range
correlations.

2.3.3 Interpretation of the clustering

What is the physical explanation for a preferred verticgjrahent of pairs of bub-
bles in pseudo-turbulence? Through potential flow thedny, hutual attraction of
rising bubbles can be predicted [42], the application oeptal theory to our ex-
periments remains questionable [18], as we are in a stailististationary situation
where bubbles have already created vorticity. Our findirrgscansistent with the
idea that deformability effects and the inversion of thefifce acting on the bubbles
are closely related to the clustering. Mazziteitial. [43] showed numerically that
it was mainly the lift force acting on point-like bubbles thmaakes them drift to the
downflow side of a vortex in the bubble wadkeFurthermore, when accounting for
surface phenomena, Ervat al. [44] showed that the sign of the lift force inverts
for the case of deformable bubbles in shear flow so that analdubble is pulled
into the wake of a heading bubble rather than expelled fromnitsuch a manner
vertical rafts can be formed. Experimentally some evidewfcine lift force inver-
sion has been observed by Tomiyaetal.[45] as lateral migration of bubbles under
Poiseuille and Couette flow changed once the bubble sizedwmsie large enough.
Numerical simulations of swarm of deformable bubbles witheny flow predicted a
vertical alignment [22]. An alternative interpretationtbé results, due to Shu Takagi

TSee figure 2 in [43] sketching the dynamics.
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Figure 2.9: Normalized angular pair probabil®(0) as a function of angular posi-
tion 8/t for various bubble concentratioms(see insets) and three different bubble-
pair distances: (&) = 40, (b)r* = 15, and (c)* = 5. Maximum error bar for the
angular correlation of 0.1 @=0.74%.
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(private communication 2009) goes as follows: small, peist, spherical bubbles
have a small wake, allowing the application of potential fldlwe bubbles then hori-
zontally attract, leading to horizontal clustering. In trast, large bubbles with their
pronounced wake entrain neighboring bubbles in their waieetd the smaller pres-
sure present in those flow regions, leading to vertical etirs. Further efforts are
needed to identify and confirm the main mechanism—i.e. eltfieor pressure re-
duction in the bubble wake— leading to a preferential vati@ignment, for example
through experiments with small, spherical, non-deformdhlbbles as achieved by
Takagiet al. [46] through surfactants or with buoyant spherical pagtcl

2.3.4 Average bubble rise velocity

Bubble velocities were calculated by tracking the bubbkstmmns which were linked
in at least three consecutive images. The mean bubble rigeityecan thus be ob-
tained as a function of the bubble concentration. Figuré &hbws the three compo-
nents of the bubble velocity; the coordinate system coardp to the one depicted
in figure 2.1. The terminal rise velocity of a single bubbléhm, = 3.9 mm and with
the same water-impurity condition is also shown in figuré2itlthas a value of 0.26
m s 1. A decrease in the mean bubble rise velocity with conceatréds observed
in our experiments within the experimental error showeddnré 2.10. The mean
bubble rise velocity is 0.22 nT$ for the most dilute casa = 0.28% and decreases
until a value of 0.16 ms' for a = 0.51%.

The interpretation of this finding is that in this parametegime the velocity-
reducing effect of the bubble-induced counterflow [see 4t the scattering effect
overwhelm the velocity-enhancing blob-effect (origigadluggested for sedimenting
particles in [48]), implying that a blob of rising bubbleses faster than a single one.
For values ofa > 0.56% the mean values are again larger, around 0.18'mTEhis
increment of the mean rise velocity could be a result of oyreerental error. As
mentioned in section 2.2.2, the number of detected bubblefglaer concentrations
decreases by a factor 3 as compared to the most dilute casebedk whether this
increment was coming from detection of blobs of bubblesemathan single ones,
we did experiments with a single camera positioned pergeratiy to the flow. The
two-dimensional images were used to track bubbles manuoadling sure that the
trajectories indeed corresponded to single bubbles. Imdigul0 the mean bubble
rise velocities from the one-camera two-dimensional aislgre plotted. A similar
behavior is observed, first a decrease with concentrattioyfed by a slight increase
for the most concentrated flows, confirming the three-dinogag PTV results.
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Figure 2.10: (a) Mean bubble velocity as a function of bubid@&centrationa.
All three components are shown:Vy; [ Vy; ¥ mean bubble rise velocity;; A
mean bubble rise velocity obtained by particle trackingrfrsingle camera two-
dimensional images$ terminal rise velocity for a single bubble with = 3.9 mm.
The error bars were obtained by estimating the 95% confidieteeral for the mean.
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2.3.5 Bubble velocity distributions

Figure 2.11 shows the PDF of all velocity components at thetrddute concen-
tration (@ = 0.28%). The number of data points used for calculating the Ridzs
larger than & 10 for the highest concentratiom=0.7% and of order 810° for the
most dilute case. Even for the most concentrated flow, thebeuwf data points was
large enough to assure the statistically convergence détiies. All PDFs show non-
Gaussian features, as nicely revealed in the semi-log ptbed®DFs (figure 2.12).

In order to quantify the non-Gaussianity of the PDFs, thenéis$ values of the
distributions were calculated. Their values are shown énitiset of figure 2.11 and
are within the range 613. 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 urdi@.12. As in
that figure, the PDFs are shown on a semi-logarithmic scateasohe deviation from
the Gaussian-like shape become more visible, it is revahddhere is no substantial
change in the shape of the distributions with increasinglaiboncentration.

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

Do the statistics of the velocity fluctuations in Rayleigbrard share a similar
behavior with those of bubbles in pseudo-turbulence? Indkgy-Bénard convec-
tion, the PDF of the vertical velocity fluctuations of the bgound fluid—i.e. the
central region of the cell—exhibits a Gaussian distribu{1]. Qiuet al.[52], and
Sunet al. [53] measured the vertical velocity fluctuations in the oegiwhere the
plumes abound, they found that the PDF still follows a Gaus$iunction. Those
measurements, carried out fBr ~ 4, indicate clearly that the PDF of the plume
velocity fluctuations can be described by a Gaussian fumctidich differs signifi-
cantly from the statistics of the bubble velocity in psetddulence. A possible rea-
son of this difference could be that buoyancy in pseudodlarite 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 componemtstf= 0.28% normal-
ized with the root mean square (r.m.s.) values of each coemioN,: dotted line
with squaresyy: dashed line with circles (both wiWneanvelocities as expectedy:
dotted-dashed line with triangles. The respective bladill §nes (without symbols)
show a Gaussian with the same mean and width as the measangdutions. The
inset presents the flatness of the distribution as a funaifdaine concentratiorur.
The horizontal solid line in the inset represents the flatifiesa normal distribution.
Squares, triangles, and circles have the same meaninglzes imatin plot.
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Figure 2.12: Same PDFs of the bubble velocity normalizet e r.m.s. values of
each component as in figure 2.11, but now on a semi logarithaaile to better reveal
intermittency effects for various concentrations. As @refice, a Gaussian curve
with the same mean and standard deviation as for the distiibwith o = 0.28% is
plotted as a solid line.
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Figure 2.13: Liquid energy spectra for different void fiaos. o a=0.2%, A
a=0.4%,0 a=0.8%,¢ a=1.3%,vV a=1.7%,+ a=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 fractionst éen be seen, the slope
of the energy spectrum hardly depends on the volume fraetadhcurves show a
slope of about-3.2. We stress that this scaling behavior is maintained éarlp
two decades, much wider than it had been reported in priareghtons of this steep
slope of pseudo-turbulence spectra [1, 12, 27]. As it wastioreed in section 2.2.4,
the way the power spectrum was calculated in this investigatiffers from previous
ones in two aspects: firstly, the indicator function has baeasured by means of the
optical fibers; and secondly, an energy spectrum has beeulaigld for all individual
liquid segment, before the final spectrum is obtained thnaageraging.

One wonders whether the duration of our interrupted timesés large enough
to resolve the low frequency part of the spectrum: if the tloneof these segments is
too short, then indeed the low frequencies in the power gp@atan not be resolved.
On the other hand, if the duration of the liquid segments rigelaenough, then all
frequencies in the spectrum are well resolved. Figure Zhidvs the distribution of
the logarithm of the non-interrupted time series durationtifiree different concen-
trations. Fora=2.2% (the most concentrated bubbly flow with more bubbtéber
interactions, thus shorter liquid segments) around 90%etegments used to con-
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Figure 2.14: Distribution of the time duration of the parttaining liquid infor-
mation in the CTA-signal used to calculate the spectrum Hioed different bubble
concentrations. The solid vertical line corresponds totieet 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. Cangpaith figure 3.4, we
can see that for frequencies higher than 20 Hz we have restheeinertial range,
where the slope is: —3.2. Thus the measurement of the spectra is consistent.

Why does the slope differ from the Kolmogorov valu®&/3? One might expect
a different scaling in pseudo-turbulence, as the velocitgtélations are caused by
the rising bubbles and not by the Kolmogorov-Richardsonrggneascade, initiated
by some large scale motion. The difference between thesesdalings is not yet
completely understood, but there are some hypothesis origis. One possible ex-
planation for the different scaling in pseudo-turbulen@sgiven by Lancet al.[1].
They argued that eddies from the bubble wake are immedidisdypated before de-
caying towards smaller eddies, which would lead to+%'3 scaling. They derived
a —3 scaling, balancing the spectral energy, and assuminghaharacteristic time
of spectral energy transfer is larger than those of dissipand production. More
evidence that wake phenomena are related te-Biscaling 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 cadetihwé same energy and
integral length scale. They also proposed a spatial anddeshgdecomposition of
the fluctuations in order to gain more insight into the déf@rmechanisms. In their
experiments they used a fixed array of spheres. Very receritboux et al. [27]
measured the spatial energy spectrum in pseudo-turbutenoeeans of PIV. They
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measured the spectrum just immediately after a bubble swasmpassed and ob-
tained a—3 decay for wavelengths larger than the bubble diameter (2<oip<7
mm). For wavelengths smaller than the bubble diameter thayd that the spectrum
recovered the-5/3 scaling. Their findings showed that the scaling is indepand
on the bubble diameter and void fraction in their range ofipaaters investigated
(0.2% < a < 12% andd, = 1.6 — 2.5 mm), which we also find. Their conclusion is
that the—3 scaling is only a result of the hydrodynamic interactioaesaeen the flow
disturbances induced by the bubbles. Their arguments istatement are that the
scaling appears for wavelengths larger than the bubbleed@mand that a different
scaling was found for smaller wavelengths. It is worthwiile@emphasize that in our
case, we measureudthin the swarm where production is still maintained and steady.
The —3 scaling in our measurements is in the range of 8 mm down tdrieds of
micrometers (estimated by considering the mean bubbleeieeity and the starting
and ending frequencies of the scaling of the spectrum indi§ut), thus for lengths
not only larger thard, but also for those up to one order of magnitude smaller than
it. This supports that the dissipation of the bubble wakenslved and still a valid
explanation for the-3 scaling as proposed by Lanekal.[1]. In any case, previous
works [12, 17, 27, 54] and the present one show that-tBescaling is typical for
pseudo-turbulence.

One further result supporting this idea is the one obtainyed&zzitelli et al.[13]
who performed numerical simulations of micro-bubbles iayzo-turbulence mod-
eling them as point particles. Their DNS treated up to 288fitbles, where near-
field interactions were neglected, thus wake mechanismsicahe accounted for,
and effective-force models were used for the drag and littds. They obtained a
slope of the power spectrum close-t&/3 typical for the turbulent case. This gives
evidence that the bubble’s wake—missing in the point partipproach— and its
dissipation play a very important role for the3 scaling of the energy spectrum in
pseudo-turbulence.

2.4 Summary

We performed experiments on bubble clustering using thireermsional PTV. This

is the first time that the technique is used to investigateblygulows in pseudo-
turbulence in very dilute regimes (< 1%). Bubble positions were determined to
study bubble clustering and alignment. For that purpos@direcorrelation function
G(r, 0) was calculated. As the radial correlati@r) shows, pairs of bubbles cluster
within few bubble radii 5 < r* < 4. Varying the bubble concentration does not have
any effect on the clustering distance. The angular pairetation G(6) shows that

a robust vertical alignment is present at both small ancelamales, as it is observed
when varying the radius of the spherical sectd=40, 15, and 5). Decreasing the
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radius of the spherical sector shows that horizontal dligjealso occurs, as the peak
of the angular correlation arourrg/2 starts to grow with decreasing values tf

PDFs of bubble velocity show that all components of bubblecigy behave dif-
ferently from Gaussian. The implementation of this nomeisitve imaging technique
assures enough data points to obtain convergence in the. PO#esimprovement
achieved in the number of data-points, compared with pusvexperimental investi-
gations, is of order 10 Furthermore, this allowed us to show the intermittent aign
ture that bubble distributions have for all components. flémess values for these
velocity distributions are in the range of83. The distribution of the rise velocity
showed the highest values of flatness, ezd.3 ata = 0.28%. The non-Gaussianity
can be a result of the cluster formation mechanism, whereiskevelocity of sin-
gle bubbles is affected by the faster collective motion oktdrs. However further
investigations are needed to fully understand its origin.

We have shown that the power spectrum in pseudo-turbuldneed) decays ex-
ponentially with a slope near3 which is consistent with the theoretical scaling that
Lanceet al.[1] derived and supporting the hypothesis that bubble wa&ehanisms
are closely related to it. We have shown that the implemiemtatf phase-sensitive
CTA for studying bubbly flows is of great advantage, allowmnglirect recognition
and discarding of bubble-probe interactions.

The next step of our research will be to investigate bubhlsteting forb <<
1, where turbulent effects become dominant. Another lineeskarch is to ana-
lyze pseudo-turbulence with smaller bubbles (e.g. acHidyesurfactants Takagit
al. [46]), to study the effect of the length scale of the bubbldranspectra.
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Energy spectra and bubble velocity
distributions in pseudo-turbulence: numerical
simulations vs. experiments * T

Direct numerical simulations (DNS) are performed to stuny behavior of a swarm
of rising air bubbles in water, employing the front trackingethod, which allows to
handle finite-size bubbles. The swarms consist of monadesmformable 4 mm
bubbles with a gas fraction of 5% and 15%. This chapter fosusethe comparison
of the liquid energy spectra and bubble velocity probapitiensity functions (PDFs)
with experimental data obtained with phase-sensitive tamtidemperature anemom-
etry (CTA) and three-dimensional particle tracking vefoeiry (PTV), respectively.
The numerical simulations confirm that the spectra of theaigl fluctuations driven
by the rising bubbles follow a power law with slope close-& supporting the idea
that the dissipation of the bubble wake is the origin of tipieciral scaling, as previ-
ously proposed in [1]. The computed PDFs of the bubble vglatiow non-Gaussian
features, as is also observed in the experiments. The agrdenith experimental
measurements is especially good in the peak region, whéhneasils of the experi-
mental PDFs show more intermittency in comparison to thearigal results. This

*Submitted as: I. Roghair, J. Martinez Mercado, M. van Simb&and, H. Kuipers, C. Sun and D.
Lohse, Energy spectra and bubble velocity distributiongseudo-turbulence: numerical simulations
vs. experiments, Int. J. Mult. Flow

TThe experimental results in this chapter are part of thesptetbiesis. The numerical work is due to
Ivo Roghair. Both authors contributed equally in the anialys

39



40 CHAPTER 3. PSEUDO-TURBULENCE: DNSS. EXPERIMENTS

can be explained by the lack of large-scale flow structurgbérsimulations, and by
the large difference in measurement time.

3.1 Introduction

Bubble columns are gas-liquid contacting devices freduesed in the (bio)chemical,
and metallurgical industries. Detailed knowledge on thiealb®r and interaction of
both phases is essential for a proper design and optimigzatiowhich numerical
modeling at different scales can play a crucial role [2]. Abliles rise through
the liquid column, they induce liquid fluctuations which aederred to as pseudo-
turbulence. A correct understanding of the pseudo-turtadés critical for the sim-
ulation of bubbly flows, since it influences momentum, headl mass transfer rates.
The characteristics of these turbulent fluctuations in theid are reflected in the
energy spectrum. It has been shown that the energy cascamuwdo-turbulence
behaves differently from homogeneous single-phase teinioel, and hence deserves
special attention in large-scale models. Laatal.[1] studied bubbles rising through
an imposed turbulent flow. They measured the energy spedaifuhe fluctuations
and found a power law scaling with a slope of abe@®3, in contrast to the classical
—5/3 for homogeneous single-phase turbulence. They exqudime change of the
slope as a wake dissipation effect. Their scaling argumieesgn exponent of 3,
close to the experimentally found value. The vak@is also obtained by Risso [3],
arguing that the signals from the wake of the rising bubblesld/ be viewed as a
sum of localized random bursts, with statistically indegemt strength and size.

In contrast, in the numerical work on pseudo-turbulence tazaitelli et al. [4] a
slope of—5/3 of the energy spectrum was observed together with aesitaldrse en-
ergy cascade, where the energy input occurs on the smadks@al. rising bubbles).
Energy is then transferred to large scales, building ugelaale motion. However, in
those simulations bubbles were approximated as pointpiéikécles, thus disregard-
ing finite-size effects and capillary phenomena. As Malizig 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 foumdlmg of the energy
spectrum close te-3 for various gas fractions in the very dilute regime. These r
sults were obtained by single-point measurements in flowsgas fractions ranging
from a = 0.8 to 22%, using a phase-sensitive CTA probe. Furthermore, in thi& w
by Ribouxet al. [5] energy spectra were measured with particle image valetry
(PIV) in the wake of a bubble swarm (because PV measurencenld notbe done
within the swarm due to the light reflection at the bubbles’ intexfad heir results
confirmed a scaling close te3 for length scales larger than the bubble diameter. For
smaller length scales their measurements recoveredifslope. The scaling was



3.1. INTRODUCTION 41

independent of bubble diameter and bubble concentratiarmeXically, Bunneret
al. [6] computed the power spectrum for a swarm of ellipsoidditides employing
the front tracking method and found a slope-63.6. They also observed a strong
anisotropic flow, in contrast to Lana al. [1]. They explained the difference by
arguing that a large-scale convection pattern, inducedhé@yptibbles, was present in
the experiments.

The PDF of bubble velocities provide useful information ieodeling force correla-
tions used in bubbly flow simulations. Several numericalksd6—8], have obtained
PDFs of the bubble velocity for non-deformable and deforlmdinbbles. For the
case of non-deformable spherical bubbles, the PDFs haveuasi@a distribution
whereas for ellipsoidal deformable bubbles the PDFs dediibom Gaussian at low
void fractions, recovering Gaussianity only as the bublaesity increases. Exper-
imentally, PDFs of bubble velocity have been measured bytZdral. [9] and by
Martinezet al. [10]. Their measurements were carried out using an inteutaeh-
nigue and the number of data points used for the PDFs was fficiexut to determine
a well defined distribution.

In this work, in an attempt to improve on the point-bubble Wiations of Mazzitelli
et al. [4], we carry out DNS of bubble swarms with a Front Trackingd®loaim-
ing at resolving the bubbles’ wake. With this approach batitdisize and shape
deformations (by tracking the bubbles’ interface) can lenanto account. In this
manner it will be possible to quantify whether bubble wakemimena influence
the energy spectrum scaling. We will provide a direct congparof our numerical
energy spectra and other statistical properties like PDREseobubble velocity with
the experimental results mentioned in chapter 2 and digbesgifferences. Of par-
ticular interest are air bubbles in water. That implies thatuse a density ratio of
Pg/ P = O(1000 and a viscosity ratio oflg/ = O(100).

One of the strongest advantages of numerics is the norsimriaccess to veloci-
ties and velocity-derived quantities in the whole numérittanain. Besides that, the
void fraction can be considerably larger as compared torerpeats which rely on
optical techniques, which are restricted to very dilutetdulilows, such as PTV or
laser doppler anemometry (LDA) [11, 12]. On the other hane, @ computational
restrictions, the simulated domain sizes and times are ranctiler than those typi-
cally used in experiments, leading to poor statistics insineulations.

This chapter starts with a short description of the FrontKireg model, including
details on the data sampling by our numerical probes. Thartseof energy spectra
of the liquid fluctuations and bubble velocity distributioare presented and com-
pared to experimental results. The last section summaaizésliscusses the present
work.
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3.2 Numerical method

3.2.1 Fronttracking

Direct numerical simulations are performed using a fulle#idimensional Front
Tracking model (based on [13, 14]). Details on the actualémentation are given
in [15], while validation with experiments using singleinig bubbles is given in
[16, 17]. Furthermore, we have favorably compared the Viglaxf a single rising
bubble, with the results presented in [18].

The model solves the incompressible Navier-Stokes equa(® 1) using a one-fluid
formulation on a Eulerian grid using a source-tefg to account for the surface
tension force at the interface:

d
pﬁ—l:+pD-(UU) = —0Op-0-T+pg+F,, (3.1)

O.u = O (3.2)

The equations are solved using a two-step projection-ctiore method, firstly re-
solving the momentum equations with semi-implicit sheeesst terms (projection),
followed by a pressure-correction step. Both iterativeragphes use an incomplete
Cholesky conjugate gradient (ICCG) matrix solver on a €r@gPU.

The interface between the phases is tracked using Lagrangisker points (control
points). These control points are interconnected, forngintgangular mesh, from
which the surface tension forég; can be calculated. This force is mapped back to
the Eulerian grid at the location of the interface, using snasighing. After cal-
culation of the flow field, the marker points are moved with thierpolated fluid
flow, which eventually may result in edges of the triangulasimvarying in size. A
remeshing procedure assures that the size of these edgegst iwikhin predefined
limits, e.g. by removing or adding marker points.

The flow field has periodic boundaries in all three directidnsorder to prevent the
system from energetically diverging due to the buoyancgddsee e.g. [19]), the net
average fluid flow velocity is subtracted from each velocigter every time step.

3.2.2 Typical conditions

The bubbles are initially spherically shaped and placedaary throughout the cu-

bic uniform computational domain. The fluid flow velocity ist$o zero. Our base-
case is air-water (with a Morton number Mogu(pi — pg)/(pZo3) = 2.5-10°11).
Table 3.1 shows the physical parameters for the air-wats.cie adjust the size

of the computational domain to obtain the desired void foact Using 20 Eulerian
cells in a bubble diamete}, ensures accurate results while keeping the computation
time as short as possible—usidg= 4 mm, the grid cell size is-:20~* m. A number
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Table 3.1: Physical properties for the air-water simulaio

Viscosity (gas phase) Hg 1.810° mPas
Density (gas phase) Pq 1.25 kgm?3
Viscosity (liquid phase) | 0.001 mPas
Density (liquid phase) o) 1000 kgnt3
Surface tension coefficient o 0.073 Nn1t

Gas fraction a | 0.05—0.15 -

of Np = 16 bubbles are used. With this choice M, our results are independent
of the number of bubbles. This was checked by comparing leutid velocities in
simulations varyind\, between 4 and 32. Moreover, [18] mentioned that at least 12
bubbles should be used. The bubble Reynolds numbgeER®uULd, /1 is of order
O(1000). The Eotvids number is Eogd2(p — pg)/0 = 2.15.

The simulation time is 4 s and we use a time step df° s. In [17], it was shown
that using a time step of 10 s provides same averaged results as a time step 6f 10
s for a single rising bubble. Reducing the time step is donstbility purposes and
not for accuracy.

3.2.3 Data acquisition

To exclude transient effects of the initially quiescentldjand bubbles, the interval
of 0.0 s — 0.2 s is discarded for the analysis. The bubble itEds@re sampled each
1.10* s, as the velocity of the center-of-mass of the bubble, wiscfetermined
from the location of the marker points on the interface mesh.

For the energy spectra calculations numerical probes vwsaé. (These probes regis-
ter the phase fraction and the fluid velocity vector in the potational cell at each
time step (typically 5.0~° s), providing a signal very similar to the signal from the
experiments. Also, the size of the computational cells mparable to the experi-
mental probe. Hence, these probes are the numerical egpiivalthe phase-sensitive
CTA as described in [20, 21]. An array of33 x 3 probes was located throughout
the computational domain.

Due to the staggered discretization of the velocity fieldnedr interpolation from
the cell edges was performed for the phase fraction and itielatthe cell center.
Figure 3.1 shows both a typical signal for the phase fraciioa velocity from nu-
merics and those obtained with a phase-sensitive CTA.

There are some slight differences with the experimentabgsphowever. Because
the velocity of both phases is defined on a single velocityl fifle signal is contin-
uous even when an interface crosses the probe. In additierphtase is represented
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Figure 3.1: Typical velocity and indicator function sigsialThe solid line shows
the vertical fluid velocity, the dashed line the phase foac(i0: liquid, 1: bubble).
Left: single numerical probe for a low void fraction simudet. Right: experimental
phase-sensitive CTA probe. Note that the phase fractioneosimulation is twice as
high as in the experiments.

as a fraction (i.e. the gas fraction in the computationd) eedtead of a binary phase
indicator.

3.3 Energy spectra

For the calculation of the energy spectra of liquid fluctoagi we follow the method
described in chapter 2. Since the numerical phase indigatoot binary as in the
experimental data, we set it to zero if the cell contains tiglyid. Therefore, we have
a collection of segmented velocity signals in time for eagimarical probe. For each
probe we calculate the power spectrum density of the segntenger than 256 data
points and average over all segments. Finally, an enserablage over all the 27
probes is done to obtain the final power spectrum. Experiatignthe liquid velocity
fluctuations were measured with a cylindrical hot-film prabiéh its axis oriented
along the (horizontalx direction. Hence, their spectra accounted for fluctuations
they andzdirections. For this reason, we also report the energy spaatonsidering
the fluctuations of these components of the velodgy)( which give the same result
as compared t&,, as can be seen in Figure 3.2. We stress the key role that the
simulation time plays to achieve statistical convergenicth® spectrum for all the
numerical probes. If the simulation time is not long enowdth spectrum obtained
from the numerical probes will depend strongly on its lomati

Figure 3.3a shows the spectrum of the 27 individual probéisdrair-water sim-
ulation with 16 bubbles (4mm). This is our longest simulatad all air-water cases
(4 s), but it has the lowest bubble concentration=%%). We observed that all the
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Figure 3.2: The energy spectra calculated consideringréifit components of the
fluctuations are similar. Higher energies are obtained where velocity compo-

nents are taken into account.

probes show a similar behavior and that averaging them snadle and will give

a well-converged spectrum. This result can be comparedamitither air-water sim-
ulation with a=5% and 32 bubbles (4mm), but with a shorter simulation tithé (
s). These results are shown in figure 3.3b. It is clearly semn that figure that full

convergence on the large scales has not yet been achievethig=short simulation

time, the spectra of the probes show considerably deviafimm each other — sim-
ply averaging them does not guarantee convergence. Siredalts are obtained for
other air-water simulations which run only 2 s or less.

We therefore focus on the fully converged case of the aiewsimulation with
a=5%. Figure 3.4 shows the averaged spectrum of all 27 nuaigriobes together
with the experimental data. The simulation shows a goodeageat, having a slope
close to—3 in the frequency range of 20—200 Hz. The scaling frequeaoge for
the numerics is shorter as compared to the experimentaldeest the difference in
simulation and measurement time. Ris$al.[11] pointed out that the power spectra
are not influenced by, based on their experimental findings. In spite of a shorter
simulation time and the above discussed convergence pnsbla figure 3.4 we also
show the spectra for a case wittr15%. Due to the smaller signal segments, caused
by the smaller distance between the bubbles at higher gdsgm 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 numericdlgsto (a) 4 s air-
water 16-bubble simulation witlk=5%, (b) 1.2 s air-water 32-bubble simulation
witha=5%. In figure 3.3a, all the spectra show a well-convergedlairbehavior
that is independent of the probe location. The spectra dfasalong simulations or
less (see 3.3b) do not show this good convergence yet, neithsimulations with
enhanced viscosity.
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Figure 3.4: The energy spectra of the simulation is comptredperimental results.
For the simulation witra=5%, a power law close te-3 is observed for nearly one
decade starting for frequencies of about 20Hz till 200 Hz.alge show the simula-
tion case witha=15% and with 2 s simulation time, which is not yet fully corged.
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3.4 Bubble velocity distribution

Figure 3.5 shows the (logarithm of the) PDFs of the bubblecisl normalized by
their standard deviation. As it is very difficult either inmarics to reducer without
exponentially increasing the required computation timéooincreasea in experi-
ments due to the optical restriction that PTV imposes foed@tg single particles,
for the experimental case we picked the most concentratedaftach could be mea-
sured using three-dimensional PTV, namely= 0.74%. For the numerical simula-
tions we pickedr = 5% instead, where (i) we have the best statistics and (iitkvhi
still can be considered as dilute.
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Figure 3.5: Probability Density Functions of bubble vetpciSolid symbols rep-
resent simulationso( = 5%), open symbols experiments & 0.74%), dashed line
represents a Gaussian distribution with the same mean atitl a8 in experiments.
On the left, the figure shows the horizontal velocity compgeo: vx andd: vy.
The figure on the right shows.

Figure 3.5 shows the results for the horizontal and for thidos components. In
spite of the difference in bubble concentration, the PDFesagpasonably well in the
velocity range where we can numerically determine it. Weapout that the central
part of the PDFs are on top of each other and have a probab@idg times higher
than the events in the tails. Note that the measuring tim&pe@ments is longer, so
there is a larger chance of detecting the rare events leaditige pronounced tails
of the PDFs. It is not possible to detect them numericallye ttuCPU time limi-
tations. In addition, large-scale structures do occur enftow in the experimental
water channel, which are not seen in our simulations dueedliffierent boundary
conditions. The deviation from Gaussianity can be obsemdubth cases, even in
the central region, as the dashed line in figure 3.5 suggé&stsa fair comparison
of the flatness value, from the experimental results we haleselected velocities
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which are in the central part of the PDF, i:e4 < (V— Vmean) /Vims < 4, Which results

in a flatness of around 45 for the horizontal components and flathess around 5.5
for the vertical velocity. From numerics, at= 5% we get values around 3 for the
horizontal components and 3.8 for the vertical component.

An investigation of the flathess as a function of the gas ifvactising the nu-
merical data shows that also for larger gas fractians 5% the flatness of the
component is higher than that of the horizontal componenmtsch 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 aipkides in water
have been analyzed. We have compared the power spectrunblibnduced tur-
bulence (pseudo-turbulence) and bubble velocity didinbs with experimental data
of a bubble column.

We have shown that the liquid energy spectrum follows a pdasrwith a slope
close to—3, which agrees with the experimental results in the frequeange 20—
200 Hz. Our finding gives additional support to the idea thigtparticular power law
scaling in pseudo-turbulence is related to the wake digsipaf the bubbles. Mazz-
itelli et al. [4] performed pseudo-turbulence simulations with poiaiticle bubbles,
they found the classical Kolmogorevs/3 power law, as the point-particle approach
cannot resolve the wakes of the bubbles. Experimental wagk<3], and theoretical
investigations [1, 3] have also indicated the importandeuttbles’ wake phenomena.
Hence, the finite-size leading to wake formation accountshfe pseudo-turbulence
—3 spectrum.

The bubble velocity PDFs show a good agreement with expatsneBoth experi-
mental and numerical data deviate from a Gaussian disoibuExperimental data
show larger tails than the numerical results due to theivelgtshort simulation time
(because of the computational cost), but also because giettigdic boundary con-
ditions used in the model. When using periodic boundary itimmd, the possibility
of occurrence of large scale patterns and rare velocitytevemeduced. We do how-
ever observe a similar trend concerning the flatness of tHesPie vertical velocity
distributions have a higher flatness than the horizontalpmmants. We expect that
if modifying the boundary conditions and longer simulattames were possible, the
incidental high velocities in the tails of the distribut®will also occur in the numer-
ical simulations.

Another consequence of the periodic boundary conditioisémumerics is that
the microstructure of the bubbly flow cannot be correctlytoe. We have analyzed
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Figure 3.6: The angular pair correlation functi@(6) does not show a good agree-
ment between simulations and experiments especially orvenigcal clustering,
which is due to the domain boundary conditions.

clustering effects on the numerical data by calculatingahgular pair correlation
functionG(6), the probability density function of the angle between tedival axis
and the vector connecting the centroids of two bubbles. brdi®.6 numerical and
experimental results are shown (details®(®) can be found in chapter 2), where
the numerical simulation contains a gas fraction of 5% wigdhe closest to the gas
hold-ups used in experiments. However, the radius useckisithulations (normal-
ized by the bubble diameter) is slightly larger due to the diorsize. The preferential
vertical clustering as found in the experiments (see ch&ptwas not observed in the
numerical results. We attribute this to the lack of largalsdlow circulations due to
the limited size of the computational domain and absenceabfvin the domain.
Instead, strong diagonal clustering effects are obsenldre numerical work on
larger domainsvith walls will be required to further elucidate this issue.
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Lagrangian statistics of micro-bubbles in
turbulence”

We study Lagrangian velocity and acceleration statistit$igit particles (micro-
bubbles) in homogeneous isotropic turbulence. Micro-temhbvith diameter gl=
340 um and Stokes number O(0.01) are dispersed in a turbulentrwuateel. We
reconstruct their trajectories by employing three-dimenal particle tracking ve-
locimetry (PTV) at differenRe,. We compare two smoothing methods— i.e. Gaus-
sian kernel and polynomial fitting— and show that both mestregdroduce the inter-
mittent characteristics along the micro-bubbles’ trami¢s. Our findings show that
the micro-bubbles’ acceleration probability density ftinns (PDFs) are highly in-
termittent with a flatness value of around 35. The experiaddtDFs are better fitted
by a stretched exponential functional rather than a logmal distribution. In ad-
dition, the acceleration autocorrelation function deasate much faster compared
to experiments in different type of turbulent flows (e.g. Kéamman flow), and its
decorrelation time increases with high&e,. The velocity PDFs follow closely a
Gaussian distribution with no dependenceRe, for all the three components with
a flatness very close to 3.

*To be submitted in modified form to J. Fluid Mech as: J. MatitMercado, V. N. Prakash, Y.
Tagawa, C. Sun, and D. Lohse. Lagrangian statistics of niiafibles in turbulence.
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4.1 Introduction

Multi-phase flows where the carrier fluid transports paggdinder turbulent condi-
tions are ubiquitous. A thorough understanding of the dyinarof particles (light,
neutral, or heavy) in turbulent flows is therefore cruciah these types of flows,
the particles have a finite size and their density is diffefesm that of the carrier
fluid. Thus, the particle’s dynamic behavior is expectedaalliferent compared to
neutral fluid tracers. The two relevant dimensionless patara are the density ra-
tio B = 3ps/(pt +2pp), Whereps and p, are the fluid and particle density, and the
Stokes number, which is the ratio of the particle’s respainse 1, to the typical time
scale of the smallest eddies in a turbulent figyvdefined as St 1,/1, = a%/3Bv 1y,
wherea is the particle radius and the kinematic viscosity of the fluid.

The Lagrangian approach is naturally suited to study pgestim turbulence. It has
recently attracted much attention [see 1]. The first Lagean@vestigations stud-
ied the dynamics of tracer particles in fully developed tlgbce. Pioneering La-
grangian particle tracking experiments used silicon stéfectors to measure three-
dimensional trajectories of tracer particlgl=() with high spatial and temporal res-
olution in a von Karman flow at high Reup to 970 [2-4]. They reported that the
particle acceleration PDFs are highly intermittent withrfésss values around 55 at
Re, = 690. Although the flatness decreased at lowey, Ree shape of the acceler-
ation PDFs did not show a clear dependence op, Red could be fitted with either
stretched exponentials or log-normal distributions. Imetical simulations [see 5—
7], the high intermittency of the fluid particle acceleratiBDFs was also observed,
and it was related to trapping events by vortex filaments [7].

Recent experimental efforts have been directed towardyisiy the effect of particle
size on the acceleration. Quregtial. [8] conducted experiments in grid-generated
turbulence in a wind tunnel, and tracked buoyant partideajj bubbles) using acous-
tic Doppler velocimetry to measure one component of theigharvelocity. Their
finding was that the normalized acceleration PDF does natrdkpn particle size,
and the particle’s acceleration variance decreases witkasing particle size. These
results were confirmed in [9] , where a broader range of partizes at different
Re, in a von Karman flow were investigated. However, very réesmperiments [10]
reported that the normalized acceleration PDFs of indtialyant particles become
narrower with a decrease of the flathess with increasingcmsize.

To study heavy particle3€0), Ayyalasomayajulet al.[11] used water droplets
in wind tunnel experiments at Re250. By following the particle motion with a
moving camera, they obtained their trajectories in twodtisions. It was observed
that the normalized acceleration PDF was less intermittent for tracers, with nar-
rower tails. Qureshet al.[12] extended their previous experiments [8] to study heavy
particles with different sizes, and found that the shapéhefriormalized accelera-
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tion PDF is independent of particle size and density. Alse,dcceleration variance
decreased with increasing particle size, consistent viighetxperimental results of
[11, 13], and with the numerical work of [14].

Also the dynamics of light particles3€3) have been investigated both numeri-
cally [see e.g. 6, 15] and experimentally [see e.g. 16, 17zAtelli and Lohse [6]
found intermittency in the PDFs of the individual forcesiagton bubbles, reflected
in flatness values up to 175 for the PDF of the lift force. A direomparison of the
statistics of light, neutral, and heavy particles was donfl6, 17], by using data
from both experiments and point-particle direct numerstalulations (DNS). Their
experiments used an extended laser Doppler velocimetiyitgae (extended LDV)
for measuring one component of the particle velocity in a Kadnman flow at high
Re, =850. The normalized acceleration PDFs from the experistentlight, neutral
and heavy particles had the same shape up to values of theratiom a< 15ams,
where ans is the standard deviation of the particle acceleration. dntrast, the
numerical simulations in [16, 17] showed a substantialedéhce: the acceleration
PDFs of light particles was more intermittent than that atérs, whereas that of
heavy particles was less. These authors also investigagegatrticle’s acceleration
autocorrelation, and found that the light particles’ aecation decorrelates faster
than that of heavy particles. The same trend was found withemigs, though with
a larger decorrelation time. However, they noticed thair themerical simulations
could not completely capture the real particle dynamicspasia filtering of turbu-
lent fluctuations cannot occur with point-like particlesalgavariniet al. [15] im-
plemented Faxen force corrections to account for finite sffects in numerics, and
indeed found a decrease of the particle acceleration \@iatith increasing particle
size.

In the present work, we study three-dimensional Lagrangeacity and accelera-
tion statistics of micro-bubble at moderate,Ra the range 140—237. There is a
wealth of information available from previous Lagrangiaartitle tracking exper-
iments which mainly studied tracers in fully developed tueimce. Additionally,
grid-generated turbulence experiments in wind tunnels lmen only carried out
with heavy patrticles [11, 12] or with neutral buoyant pdetic[8] where the authors
used helium gas bubbles in a wind tunnel. Previous expetaherork on particles
with 8=3 [16, 17] measured only one component of velocity and acatbn in a
von Karman flow. Here, we measure all three componentseopétticle’s velocity
and acceleration employing particle tracking velocimébrymicro-bubbles 8=3) of
size similar to the Kolmogorov turbulent length scale in lng@neous isotropic tur-
bulence in a water tunnel. We are interested in studying ¢faity and acceleration
PDFs and their autocorrelation functions. The structurthisfchapter is as follows:
in section 4.2 we describe the experimental facility, andlysis techniques. The
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results are presented in section 4.3, followed by a cormiuashd summary in section
4.4,

4.2 Experiments

We conduct experiments in the Twente Water Tunnel, an 8 m \amtical water
tunnel designed for studying two-phase flows. By means ofctimeagrid, nearly
homogeneous and isotropic turbulence with, R to 300 is achieved [see 18, 19].
A measurement section with dimensions ®45x0.45 n? with three glass walls
provides optical access for the three-dimensional PT\esystMicro-bubbles with
a mean diameted, = 340 um are generated by blowing pressurized air through a
ceramic porous plate that is located in the upper part of themtunnel. These
micro-bubbles are advected downwards by the flow passiraudgir the measure-
ment section.

Our three-dimensional PTV system consists of 4 Photron 024 high-speed cam-
eras that are synchronized with a high-energy (100 W), higietition rate Litron
laser (LDY303HE). The four cameras are focused at the ceifitbe test section on
a 40x 40 x 40 mn? measurement volume that is illuminated by expanding ther las
beam with volume optics. The arrangement of the camerasaardis such that the 4
cameras receive forward scattered light from the micrastegr We acquire images
at 10 kHz with a resolution of 256 256 pixels, resulting in a spatial resolution of
about 156um/ pixel,

The Rgq is varied by changing the mean flow speed in the tunnel. Tallsdmma-
rizes the flow properties for the various cases considerbd flow was characterized
by measurements using a cylindrical hot-film probe (Dantet)Rlaced in the center
of the imaged measurement volume with a sampling rate of X0 kH

For the three-dimensional particle tracking, we use thengmeirce code devel-
oped at the IfU-ETH group [20]. The error in the determinatif the particle’s
position is within sub-pixel accuracy of §0m, corresponding to the tolerance of
epipolar matching in three dimensions. The particles’ettgries are obtained by
smoothing the raw trajectory either with a Gaussian kernel polynomial fitting.
Due to this experimental error in the position determingtithe particle trajectory
has to be filtered out using smoothing methods (see secoh)4Velocities and ac-
celerations are obtained by differentiating the filteregeirtory. For the Lagrangian
statistics shown in the results, the number of data poired ase larger than 1P,
with the exception of the case at Re237 with Gaussian smoothing, for which we
havex 8.5 x 10° 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 tgcftir studying two-
phase turbulent flows. The picture shows the measuremetirgeon top of it the
active grid which allows homogeneous and isotropic tunhiflews up to Rg = 300,
and the 4-camera particle tracking velocimetry (PTV) syste detect the posi-

tions of particles in three-dimensions. For illuminatioe wse a high energy, high-
repetition rate laser. Micro-bubbles with a diamet€340 um are generated above
the active grid, a ceramic porous plate. They are advecteshdards into the mea-

surement volume.
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Table 4.1: Summary of the flow paramete¥s.ean the mean flow velocity, Re=
Umsh /V, Ums: Mean velocity fluctuationn = (v3/e)* and 1, = (v/¢€)? are the
Kolmogorov’'s lengthscale and timescale respectivelyjntegral length scales =
15vu2,¢/A 2 mean energy dissipation rate, 88t= Tp/T,.

Vimean | R Urms T L A £ St
ms! ms?! | um| ms m m m?s3
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 Laggarstatistics using a
polynomial and Gaussian kernel smoothing for the diffeRet.

Re, Number of data points
Polynomial | Gaussian
140 | 55x10° | 34x10°
162 | 94x10° | 47x10°
174 | 83x10° | 3.1x10°
201 | 65x10° | 24x10°
237 | 45x10° | 0.85x 10°
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4.2.1 Smoothing methods for particle trajectories

In this section, we conduct an extensive study on the methisdslly used for
smoothing particles’ trajectories obtained with PTV inbwlence. Experimental er-
rors in the determination of the particle position are utidable, and obtaining the
particle velocity and acceleration through a time diffeiagion of its position is very
sensitive to these errors. Hence, a smoothing of the pattigjectory has to be car-
ried out. This smoothing process is a trade-off betweenifijeout the experimental
noise while still being able to keep the inherent turbulewaitdires of the particle mo-
tion. Therefore, the smoothing parameters must be veryuiyreelected.

Historically, there have been two methods for smoothingigartrajectories in
turbulent flows. One method consists of fitting the trajectora polynomial of sec-
ond order or higher. Votbet al.[2] used a second-order polynomial, Lu#tial. [21]
used a third-order polynomial. Some other groups insteag i@ed a Gaussian
kernel for smoothing [3, 10, 11]. Our goal is to compare these completely dif-
ferent methods in detail, a task which surprisingly has re@rbreported before in
the literature. If both methods deliver the same kind of aagian statistics of the
micro-bubbles, that would mean that what we are measuringpit likely the true
feature of the signal and not an artifact of the smoothinghouht

Poynomial fitting: cubic spline

The entire signal of the trajector(t) is low-pass filtered by fitting a third-order
polynomial, using a fitting window with the particle posit® fromt — Ndt until
t + Ndt:
%t (1) = Go+ Gt +Giot? +Gat>. 4.1)
The Lagrangian velocity and acceleration are obtained thgrdntiating the particle
trajectory:
Ui’f(t) = Ci,1—|-20i72t+3Ci,3t2, 4.2)

a;7f(t) = 2Cj > + 6¢; 3t. (4.3)
The time window {— Ndt , t + Ndt) has to be chosen properly so that the cut-off
frequency is larger than that of the typical turbulent tirals.
Gaussian kernel

In this case, a filter using a weight average by consideringraépoints is used to
reduce the noise. A Gaussian kernel gives the weighing,tandiven by:

w2

_12
k(T) = —exp< > , (4.4)
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wherew is the width or standard deviation of the kernel. The filtetregectory is
obtained by convoluting the kernel with the raw trajectosy a

Xt = ke(T) %X, (4.5)

wherex denotes the convolutioky « X = [ X(t — T)ke(T)dT. If the Gaussian kernel
is derived once, then the velocity kernel is obtained,

T —12

With a second differentiation, the acceleration kernelalable,
212 —12
Ka(T) :Aa<ﬁ—1> exp<ﬁ> + Ba. 4.7
The constant8,, A, andB, are calculated by imposing the following conditions,

kax1=0  kaxT?=2, (4.8)

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

Since the experimental particle trajectories are finite abnvolution is restricted
to [T, instead of[*,. In this case, the time window~ , T) used for the filtering
should also be smaller than the typical time scale of the fl@antrarily to the poly-
nomial fitting, the Gaussian kernel method requires tworpaters, the time window
(=T, T) and the width of the kernalk. Ouellete [22] suggested values for these
two parameters. He carried out experiments in a von Kanyaa of flow, and used
following criteria : (2T + 1) ~ 1, andw =T /1.5.

Choice of the smoothing parameters

The choice of the time window for smoothing of the polynonzsiatl Gaussian meth-
ods determine the statistics of the trajectories. Theeefiblis necessary to explore
the effect of this parameter on the statistics of the miarbkibe velocity and acceler-
ation. In this section, we present results correspondirnijealataset at Re162.

We study firstly the effect of the length of the fitting window the velocity
statistics. As explained above, the polynomial fitting haty mne parameter, the
length of the fitting windowNpeints, While the Gaussian smoothing has two, the length
of the fitting windowT and the width of the Gaussian kernel For the analysis
presented below and for the Gaussian smoothing, we showtlmmbffect of varying
w for a fixed window lengthT =130 points, which when normalized with the time
scalet;=83.1 ms at Rg=162 , givesT /1,=0.156. With this value, we ensure to
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Figure 4.2: PDF of the vertical component of the micro-bebl@locity as a function

of the smoothing parameter for Rel62. (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 kernglfrom 1 to 27
points. A similar effect for both methods can be observed. dreall values of the
parameters, the smoothing methods fails and the exper@neoise is not removed

resulting in a non-Gaussian distribution, whereas fordarglues 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 considerstiggestion that2T +
1) = 1, in [22], this will require for the present work=430 points, which is rather a
large value for our case and would lead to the selection of legrg trajectories, thus
biasing the results to the dynamics of slow events. We hale&zeel that the above
suggestion is flow dependent, i.e. suitable for zero mearsflawt not the optimal
for turbulence with strong mean flows as in grid-generatedutence. We selected
the value ofT=130 points based on a study of the effect of this parametghen
Lagrangian statistics and found it optimal for our expentaé conditions. For the
following analysis we focus only on the effect of varying

Figure 4.2a shows the effect of the length of the time windowttte PDF of
the vertical component of the micro-bubble velocity forysmmial smoothing. One
can observe that for a small number of poiNtgints < 30, the distribution has non-
Gaussian features. The method thus fails and the expedemor in the position
determination cannot be filtered out. By increasing thetlengthis time window, the
PDF recovers a Gaussian distribution as it should on larglescThis shape is main-
tained up to the largest values of the time window, but witlbst of over-smoothing.
For these values doints the tails of the distribution have shrunk. Figure 4.2b shows
the PDF of the vertical component of the micro-bubble véjoabtained with a Gaus-
sian kernel. Similar behavior is observed as for the polyiabemoothing. For small
values ofw the distribution is noisy and far from having a Gaussianridistion.
When increasing the width of the kernel the distributiondsees Gaussian, but over-
smoothed for the largest valuesvef

The correct selection of the smoothing parameters can be easily determined
by looking at the statistics of the micro-bubble acceleratiThe ideal case would be
that the statistics along the patrticle trajectories arepetsdent of the choice of the
parameter. We have already seen that it is not the case feetbeity. If we calculate
the standard deviatioans of the micro-bubble acceleration PDFs, we can observe
that this value strongly depends on the choice of the fitwalesind on the width of
the Gaussian kernel. The dependencegf on the fitting interval for polynomial
and Gaussian smoothings is shown in figures 4.3a and 4.3 atlB2. For values
of Npoints < 20, the standard deviation increases in an exponential enaRor values
of Npoints > 150 thearms reduces considerably as an effect of the over-smoothing.
Figure 4.3b shows thams as a function of the width of the kernel for a fixed time
window of T = 130 points. The small values afs are also observed for values
larger thanw > 35 while the exponential increment of the standard dewviaticcurs
for valuesw < 10.

As many authors have reported [2, 3], there is not a well défanieria for the
choice of this parameter. Though, the selection of the valust ensure that the time
fitting window is smaller than the smallest time scale of thavfland that it does not
fail in averaging the noise (e.g. selecting small valueBlgf.:s or w) or that it does
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Figure 4.3: Root mean square (r.m.s.) values of the vertmalponent of the micro-
bubble acceleration PDF at Rel62 as a function of (a) the time window for poly-
nomial smoothindNpoints (¢), (b) the width of the Gaussian kernel(¢).

not suppress and filters out the turbulent features of theabk(g.g. selecting too large
values ofNpgints OF W). For the data presented in this work we have chosen a value
of Npoints = 45 for the polynomial fitting. Normalized with the turbuletimhe scale
1,=83.1 ms at Rg=162, this giveNpoints/ Tp=0.055. For the Gaussian smoothing,
the choice of the width isv = 22 withw/T=0.17. We observed that for the largest
Re =174, 201 and 237, the optimal fitting window for polynomiataothing was
Npoints = 50, which gives closer values of the standard deviation @fatceleration
only. It tis important to point out that the shape and intét@nicy of the acceleration
PDFs for these two values dlyoints are very similar.

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

Comparison of both methods

The comparison of the micro-bubble velocity and accelenaRDFs obtained with
both smoothing methods is illustrated in figures 4.4a andd todRe =162, respec-
tively. For the velocity PDF, one can observe that both tHgrnmmial and the Gaus-
sian kernel method result in a Gaussian distribution forvtblecity. On the other
hand, the acceleration PDF is extremely non-Gaussian. fid@esand intermittency
of the acceleration PDF are very well reproduced. This tasukorthwhile to be

pointed out as both smoothing algorithms are mathematidéferent. Furthermore,
not only the shape of the PDF is similar, but also the valueth@fstandard devia-
tion of the micro-bubble acceleration is very close to eaittero for the Gaussian
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Table 4.3: Comparison of the standard deviation of the rriicdoble velocity and
acceleration for all Re with both smoothing methods. A value &f = 130 and
w = 22 points for the fitting window and width of the Gaussian letmuas used. For
the polynomial fitting the fitting window ha¥points = 45 for Rg = 140 and 162, and
Npoints = 50 for Rg = 174, 201 and 237. In the table the column are labeled with G
for Gaussian and P for polynomial.

Re, vymmst  vymms?!  v,mms? a,ms 2 ayms 2 a,ms ?

G P G P G P G P G P G P
140 | 11.9| 124 | 12 | 12.2| 146| 149| 144 | 1.26| 1.25| 1.05| 0.85| 0.83
162 | 17 | 17.7| 17.6| 17.7| 185| 189 | 1.63| 1.51| 1.35| 1.21| 1.08| 1.18
174 | 23 | 23.8| 23.1| 23.4| 27.3| 279|192 | 1.64| 1.44| 1.22| 1.39| 1.38
201 309| 31.7| 28 | 28.1|339| 34 | 2.12|197| 1.44| 1.45| 1.58| 1.69
2371 339| 346| 31.4| 31.5| 38.2| 385| 2.52| 2.16| 1.56| 1.46| 1.84| 1.73

smoothing one gets 1.083 m% while for the polynomial the value is 1.185 m%
Table 4.3 shows the comparison of the standard deviatiomeafiicro-bubble veloc-
ity and acceleration obtained with the two methods. One eantlsat for both the
velocity and acceleration and for all components theseegadue very close. To our
knowledge, such a detailed comparison of the two methodsidnzesr been reported
before.

4.3 Results

4.3.1 Probability density functions of micro-bubble velogy

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

The next step is to investigate the effect of the turbuleme¢ensity on the PDF
of micro-bubble velocity. We present the result of the waiticomponent yas it
was shown above that the other two horizontal components siavlar shape. Fig-
ure 4.6a shows the PDFs for all Rebtained by a Gaussian smoothing, whereas
figure 4.6b shows the results of a polynomial fitting. For alé&s the distributions
are nearly Gaussian. Only for one experimental datasgt £R201) there is a slight
deviation from Gaussianity as observed in the tails of ttstribution and also re-
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Figure 4.4: Comparison of the smoothing methods for datasored at Rg = 162.
Filled symbols show the results of a Gaussian smoothingyeaseopened symbols
result from third-order polynomial fitting. (a) PDF of thertieal component of
micro-bubble velocity. The PDFs are nearly Gaussian asnitbeacompared with
the solid line representing a Gaussian distribution. Amevetter comparison of
the smoothing methods can be achieved with the accelergidf as it is a second-
order derived quantity and more sensitive to the choice @ptrameter, here shown
in (b). Remarkably, both methods predict similar shape atatinittency level of the
micro-bubble acceleration.

flected in table 4.4.

A calculation of the flatness F of these PDFs gives values ¢leige to that of
a Gaussian distribution=F3. The flatness of the vertical component of the velocity
shows a sub-Gaussian distribution for all mean flows and din bmoothing meth-
ods, again with the only exception of the case af Re201, for which the flathess
has a value above 4. We have double checked the analysissospitific data set
and we even recalculated the results with no difference. dveod have further clue
on the origin of this difference, though.

Gaussian-type flatness values have also been reported éniregmts with tur-
bulent von Karman flows. Votlet al. [2] measured velocity distributions close to
Gaussian with flatness values in the range-32, and Volket al. [10] obtained
even sub-Gaussian distributions with flathess around 2.8.

4.3.2 Probability density functions of micro-bubble accetration

Contrary to the velocity case, the PDFs of the micro-bubbtekeration, normalized
with its standard deviation (ams),exhibit a strong non-Gaussian behavior. Figure
4.7 shows the PDFs for all the components of the micro-buiatdeleration obtained
with the two filtering methods for Re= 174. We can observe from the figure, that
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Figure 4.5: PDFs of the three components of micro-bubblecityl at Rg = 162:

Vx (@), vy (H), v, (#). The data obtained by a Gaussian kernel smoothing is shown
with filled symbols, opened symbols represent data filterighdl aypolynomial fitting.

The distributions of the three components are nearly Ganssas compared with
the solid line that represents a Gaussian distribution. Siage of the distribution is
independent on the method.
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Figure 4.6: PDFs of the vertical component of the micro-ibelvielocity for different
Re,, (a) Gaussian kernel, (b) polynomial fitting. For all tudmi intensities the
distributions are nearly Gaussian independent on the rdethibe color represents
different turbulence intensities: Re140 @), Re, =162 @), Re,=174 (@), Re, =201
(M), Rg =237 (M).
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Table 4.4: Flatness values of the distribution of microfdabvelocities for both
smoothing methods. G and P denote results obtained eithlrGaussian kernel
or with polynomial fitting.

Re,

140 | 3.03| 3.19| 3.15| 3.19| 2.7 | 2.79
162 | 3.01| 3.09| 299 | 3.08| 2.9 | 2.96
174 3 |3.13|3.01|3.07| 2.75| 2.87
201 | 29 | 3.04|295|3.03|482| 43
2371285129 | 3 |3.01|3.06|294

the acceleration PDFs are highly intermittent as the pridibabf rare non-Gaussian
events is much higher than a normal distribution, i.e. tlis t£ the PDFs extend
beyond 15a,s. We also show that both filtering methods give similar disttions of
the acceleration, thus reflecting the true statistics atbagnicro-bubble trajectories.
At this Re, the acceleration is quite isotropic as the PDFs of the thoeeponents
match. We have observed this trend for the higher,Rehereas for smaller ones
the horizontal components of the acceleratiop &) are not yet isotropic. The tails
of the PDFs for these components of the acceleration aretlsligarrower and less
intermittent than the vertical component.

We also investigate the effect of the turbulence intensityh® shape and inter-
mittency of the acceleration PDFs. In figure 4.8, the PDFdlafcemponents of the
micro-bubble acceleration at different Rare shown for the Gaussian and polyno-
mial smoothing. One major feature is that the shape of thesH®Rearly indepen-
dent on Rg. This independence is clearer for the vertical compong(ge® figures
4.8c and 4.8e) for which all the curves collapse. For the chflee x andy compo-
nents, this collapse is less prominent at the smallest salfiRe = 140,162 due to
the anisotropy of the acceleration at these “slow” mean fléwsm the two horizon-
tal components, the PDFs gfshow the larger difference of shapes and intermittency
with Re, . This can be explained as the effect of the error in the détextion of the
position along this component. Tlygecomponent is in fact the in-depth component
referenced to the camera coordinates. The error alongiteistion is for every PTV
system larger compared to the in-plane directions. Bothosiniig methods repro-
duce satisfactorily the statistics of the accelerationgine comparable results:

e the PDFs of acoincide for all Rg

o the PDFs of the horizontal components of the acceleratieteas intermittent
for Rey = 140 and162. The largest difference can be observed,for a
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Figure 4.7: PDFs of the three components of the normalizediortiubble acceler-

ation at Rg = 174: 5 (@), 3 (V), & (#). The data obtained by a Gaussian kernel

smoothing is shown with filled symbols, opened symbols gmedata filtered with

a polynomial fitting. The three components of the accelenathow strong non-

Gaussian effects, i.e. the tails of the distribution ardlyigntermittent. At this Rg

the isotropy of the flow is well observed, for smaller,Rbe distribution of the hor-

izontal components {aa) is a bit less intermittent and their tails are narrowerslt i

worthwhile to notice that both methods give similar digitibns 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 weaticomponent of
the acceleration for all the studied mean flows and for botbathing algorithms.
Remarkably, the shape of all the PDFs coincide, provingtttemicro-bubble accel-
eration is highly intermittent.

4.3.3 Acceleration PDFs: comparison with numerics and expenents

The next step is to compare our experimental acceleratidisRiith numerical sim-
ulations and with experiments. In figure 4.10, the comparlsstween our work and
other numerical simulations and experiments is preseifigdre 4.10a compares our
experimental results with numerical ones. We have usedfdata[23] for bubble
and fluid tracers simulations at a similar Rd4.80. We observe that the intermittency
of the PDF of the experimental micro-bubbles is in betweenbtshavior of numer-
ical bubbles and tracers. We understand this as an effebedite of the particle,
i.e. of the Stokes number in the experiments the St is one ofdeagnitude smaller
than that of the numerical bubbles.

Figure 4.10b shows the comparison with experiments. We tsed the data of
Ayyalasomajayuleet al. [11], who did experiments with heavy particles in a wind
tunnel with St=0.15 and similar Reynolds number of, R250, and the data of Voth
et al. [2] who used neutral bouyant particles in a von Karman flawre, =200.
We observe that indeed the experimental acceleration Pbitanb-bubbles is more
intermittent with wider tails than for heavy particles withmilar Rg,. However, the
present results for micro-bubbles have similar intermiyecompared to the tracer
data of Vothet al, reflecting the small St of our bubbles. More experimentd wit
fluid tracers in the actual experimental setup are needeigddaglefinite conclusion.

4.3.4 Intermittency of the micro-bubble acceleration

In order to quantify the intermittency of the acceleratiddHB, statistical conver-
gence of the distributions is necessary. The number of daitdspneeded for this
convergence is crucial, and previous studies have showratheast it should be of
order 16 [2, 8, 9, 11]. As shown in table 4.2, our datasets consist déaxt 16
points, with the exception of the case with R34 filtered with a Gaussian kernel,
for which we only havex~8.5x10°. In figure 4.11, we plot the fourth order moment
a*PDHa) for the three components of the acceleration g{=R&2. At large values
of the normalized acceleration —i.e. tails of the distritm#— convergence of this
moment is achieved. The fourth order moment goes down to inelgpendent of
the smoothing algorithm used, as shown in figure 4.11. Thesdaghavior is also
observed for the other measurements at different Re

To quantify the intermittency of the PDFs of the micro-bubbkceleration, we
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Figure 4.8: PDFs of the three components of the normalizediortiubble acceler-
ation for all Rg,. Filled symbols correspond to data filtered with a Gauss&mne
(figures a,b,c), opened symbols to that obtained by a poliaiditting (figures d,e,f).
The components of the acceleration are representedbyaa, 8. The color rep-
resents different turbulence intensities: ,R&40 @), Re =162 @), Re,=174 (@),
Re =201 @), Re, =237 (@).
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Figure 4.9: PDFs of the vertical component of the micro-beldcceleration for
all Re, obtained with the two smoothing methods. Filled symbolsaspond to a
Gaussian smoothing, opened symbols to a polynomial fittifd).curves collapse
reflecting the intermittency of the micro-bubble’s accalem. The color represents
different turbulence intensities: Re140 @), Re,=162 @), Re,=174 #), Re,=201
(¢), Rey=237 ¢).
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Figure 4.10: Comparison of the PDF of the vertical compoméihe micro-bubble
acceleration at Re=162 with: (a) point-particle DNS [23] and (b) with experinis.
Only the result of the Gaussian smoothing is shown. In theeufigure: @) ex-
perimental data, blue solid line corresponds to DNS of bebhlwvhereas the black
solid line to DNS of fluid tracers. The simulations were perfed at Rg=180. The
central part of the experimental PDF agrees well with the enical bubbles. The
tails match slightly better that of DNS point-like tracehs.the lower figure: micro-
bubbles of the present worl@], heavy particles in a wind-tunnel at Re250 [11]
(v) and fluid tracers in a von Karman flow at Re200 [2] (J). The PDF of heavy
particles is less intermittent than for the micro-bubbld$e PDF of fluid tracers
show a similar intermittency than micro-bubbles, reflegtine small St O(0.01) of
our bubbles.
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15

Figure 4.11: Convergence of the fourth order moment of tbelacation at Rg=162.
The different components of the acceleration axe(@9, a, (W) and a (¢). Results
obtained by a Gaussian smoothing are shown with filled sysaldot polynomial
smoothing opened symbols are used.

carry out a study of their flatness F:
F= /0%, (4.9)

wherepy is the fourth moment and the standard deviation of the distribution. Since
the flatness is a fourth order moment, it is strongly detegahiny the tails of the dis-
tribution, hence convergence of the PDFs is required. Ekengh the number of
data points used to calculate the PDFs in the present wogkger than O(1%), full
convergence has not yet been achieved to calculate diteetlffatness from the dis-
tribution itself (the largest experimental datasets crgf 1§ points [3], whereas
for numerics this value can go up to®1B]). Our approach is in consequence to fit
the experimental PDF to two different functions: a strettbeponential distribution
proposed in [3, 24] and a log-normal distribution propose#i, whose definitions
are as follows:

—a2
fse(a) = Cexp<m> s (410)
fin(a) = %;/Z) (1—erf<%>>. (4.11)

In equation 4.10, the fitting parameters are 3 and y andC is a normalization
constant, while in equation 4.11 on$yhas to be fitted. As suggested in [10], we
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also choose the distance to minimize a%PDFeXp—aZf(a), wherea = a/anms is
the normalized micro-bubble acceleration, RjQffhe experimental measured PDF
and f(a) is either the stretched exponential or log-normal funetien For this fit-
ting procedure and in order to improve the convergence atdite we have taken
the absolute value of the acceleration vector. Thus, cerisigl only a symmetrical
positive part of the PDF. Figure 4.12 shows the results ofittieg for the PDFs of
the vertical component of the micro-bubble acceleratiomioked by a Gaussian and
polynomial smoothing at Ree162. The solid lines in the figure correspond to the
fitting using equation 4.10, the curves fit the experimenf@F#& for both smooth-
ing algorithms quite well. Oppositely, when using a logmat functional (equation
4.11) the fits do not resemble the experimental PDFs as shdthrihe dashed lines
in that figure. Here one must consider that the log-normattfanal has only one
fitting parameter. Small normalized accelerations closeeto are more probable,
and thus have a higher weighing than the tails. A functionahsas the stretched
exponential in equation 4.10, can very nicely fit the experita as there are three
parameters for adjusting. Due to its better performancecaleulate the flatness
values of the acceleration PDFs by fitting the measuredilaigions using only the
stretched exponential model.

In figure 4.3, it has been shown that the standard deviatibtisecacceleration
PDFs depend strongly on the smoothing parameters: for laiges of the filtering
window the signal is heavily smoothed out, while for smallues the experimental
noise is kept. As a consequence, to estimate correctly timedis values of the PDFs
it is necessary to calculate the flatness of the PDFs for allegaof the smoothing
parameter. The value of the flatness will be the extrapolzage at zero number of
points of the fitting window (as for polynomial smoothing) atr zero-width of the
Gaussian kernel (see the discussion in [2]). This extrdéipoldo zero-width can be
understood as follows: for a small fitting window the smooghalgorithms fail, thus
the experimental noise in the position detection can notlteedd out. However, for
larger yet moderate fitting windows the smoothing indeedls & reduce the noise
level preserving still the features of the accelerationsuoh a way, if there were no
experimental noise and the smoothing algorithm performetl with small fitting
windows, the flatness value extrapolated to the zero-widiblgvbe the flatness of
the distribution.

In figures 4.13a and 4.13b, the flatness value as a functidmeditting window
length is shown for the Gaussian and polynomial smoothinBegt=162, respec-
tively. As mentioned above the flatness is calculated forsthetched exponential
distributions fitted to the experimental PDFs. One can blesge a non-monotonic
increasing trend of the flatness for a decreasing fitting aindAt very small values
of the smoothing window, the flatness drops down as a restitteoknown bad per-
formance of the method in these region. By extrapolatingvétiee of the flatness to
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Figure 4.12: Fitting curves of the PDFs of the vertical comgrtt of the micro-bubble
acceleration at Re=162 for Gaussian and polynomial smoothing. Experimental
PDFs: Gaussiarnc}, polynomial (J). The solid lines are the fit using a stretched
exponential function. The dashed lines are the fits obtairsirng a log-normal dis-
tribution. The color of the lines correspond to fits consiugrdata smoothed either
with a Gaussian or polynomial algorithm, as for the expentaePDFs.
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zero width, both methods give remarkably similar values.&@aussian smoothing
the flatness is F=35.59 while for the polynomial fitting théuesis F=34.27. We can
conclude that the PDFs of our experimental micro-bubbleshighly intermittent
with an estimated flatness of about 35.

Is the estimated value of the flatness independent of thellambe intensity?
Ideally, we would need to carry out the calculation of thenidatls as a function of
the fitting window for all Reynolds numbers. Unfortunatelg would not carry out
extensively such investigation, but in order to have an &leaut this behavior, we
calculate the flatness for all Reat a fixed value of the fitting parametew = 22
for Gaussian kernel anpoints = 45 for the polynomial fitting. These values were
the optimal ones used to calculate the velocity and acdilar@DFs (see section
4.2.1) and are shown in figures 4.13a and 4.13b by the arrawfigure 4.13c we
present the flatness for all Reynolds numbers at these fiXxads/af the smoothing
parameter. We can see that the flatness values are nearbamimsthese range of
Reynolds numbers. Both smoothing methods yield the sanmev/tmehTherefore, we
expect that the flatness value should be close to F=35 fdnalRg measured.

4.3.5 Autocorrelation functions

We now present the Lagrangian autocorrelation functionth@mmicro-bubble accel-
eration. First we compare the autocorrelation for the tlo@mponents of the ac-
celeration in figure 4.14 at Re162 and using a dimensionless time lag normalized
with the turbulent Kolmogorov time scalg,. We show results of both smoothing
methods. For the case of a polynomial smoothing, the coiwal@ersists for longer
times than for a Gaussian smoothing. It is also importantdtica that the three
components correlate similarly. This nearly isotropic dgbr of the acceleration
autocorrelation was also found in the other measuremeuniffetent Reg, .

Figure 4.15 shows the autocorrelation gfa different Rg and for both smooth-
ing methods. It is clear that the particle’s acceleratiomatates longer with increas-
ing Re,, as a result of the smaller time scales with increasing tarme. For the
polynomial fitting, the trend of longer correlations tham @aussian smoothing is
maintained. The difference between the two methods becdaggerwith increasing
Reynolds number.

The acceleration autocorrelation functions drops off taagery rapidly. The
zero-crossing point occurs before a small value.af 9. Voth et al. [2] and Mordant
et al. [4] reported values of around2X;, in their experiments with tracers, whereas
Volk et al. [16] reported a zero-crossing point for bubbles arourdQ Those ex-
periments were carried out at higher turbulence interss{fig > 690) and in von
Karman flows.

We study in detail the time at which the autocorrelation fiores drop off to zero,
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Figure 4.13: Flatness values dependance on the width andearurh points consid-
ered for smoothing for the,&DF at Rg=162 using a stretched exponential func-
tional. Upper figures: Gaussian smoothidg é&nd polynomial smoothings). The
solid black line shows the extra-polation of the flathessaimavidth or zero-length
of the window, respectively. The flatness values age35.59 and §=34.27. The
arrows in the figures correspond to the value of the smoothamgmeter used to in-
vestigate the Reynolds dependence of the flatness showa lover figure. Lower
figure: flatness value as a function of Rfer the g PDF at fixed value of the smooth-
ing parametew = 22 andN = 45 for Gaussian€) and polynomial @) smoothing,
respectively. As we can see from this figure, the flatnessvialnearly independent
of the turbulence intensity for the range of Reynolds numslcerered.
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and define a decorrelation time as:
To
Ty = / Raa(T)dT, With Raa(To) =0,
0

whereRg, is the acceleration autocorrelation. Figure 4.16 sh@yvas a function of
Re, for the three components of the micro-bubble acceleratimhfar both smooth-
ing methods. We observe th@ increases with increasing Reand that the au-
tocorrelation functions are nearly isotropic independ&nthe turbulence intensity.
Furthermore, the polynomial smoothing correlates sliglthger than the Gaussian
method. We think that this is an effect of the nature of thehmeétwhich has a con-
stant weighing for all the points belonging to the fitting dinv as compared to the
weighing obtained if a Gaussian kernel is considered. Thdmam variation be-
tween the method is of around 28% at,R237. In spite of this difference at large
Reynolds numbers, our results can still give a reasonatifaats of the decorrelation
time.

We also compare our experiments with some other experiineoti. In the in-
set of figure 4.16, the decorrelation tirfig as obtained in [16] at Re=850 is shown.
That result agrees well with our increasing trend of the detation time with Rg.
We fit our experimental data of the decorrelation timedbaa linear relation for both
Gaussian and polynomial smoothing, resultingTig/ 7, = 0.00036Rg — 0.041 and
To/1, = 0.00046Rg — 0.054, respectively. These fits are also shown in the inset
of figure 4.16 as a solid line for the Gaussian smoothing, and dashed line for
the polynomial case. Evaluating these relations gt=R8&0 givesTp /1, = 0.26 and
Tpo/ 1y = 0.33 for the Gaussian and polynomial smoothing, which is atest with
their experimental value ofp /1, = 0.258. Though more experiments in the unex-
plored experimental region are needed to study furtherahkscaling.

Very recently, Volket al. [10] measuredlp for inertial buoyant particles as a
function of their normalized sizB/n. They found an increasing linear dependence
on the particle size. They carried out experiments withedght particle sizes and
Re,. For a fixed size, the increase & with increasing Rg was noted, just as we
find in our micro-bubble experiments.

4.4 Conclusion

We have presented results on the Lagrangian statisticsabrhubble velocity and
acceleration in homogeneous isotropic turbulence. THieensional PTV was em-
ployed to determine the micro-bubble trajectories. Forfitst time, we report the
comparison of two smoothing methods used for filtering oatitinerent experimen-
tal inaccuracy of the position determination, and show tiiathese methods yield to
similar results and are able to reproduce the turbulentifeatof the micro-bubbles’
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Figure 4.14: Autocorrelation function of the three compuseof the micro-bubble
acceleration at Re=162. The filled symbols correspond to data obtained by a-Gaus
sian smoothing, opened symbols correspond to that obtéyedoolynomial fitting:

& (@), a, (M) and & (v). The acceleration autocorrelation of the micro-bubbtes i
guasi-isotropic. The acceleration vectors obtained bylynpmial smoothing show

a slightly longer correlation. The time lag is normalizedhwihe typical turbulent
time scale.
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Figure 4.15: Autocorrelation function of the vertical coomgnt of the micro-bubble
acceleration for the different Remeasured. The correlation of the micro-bubble
acceleration persists longer with increasing Reynoldsbrarm The data obtained
by a polynomial filtering correlates longer as for the Gaarssmoothing. Filled
symbols represent data obtained by a Gaussian smoothingpameé:d symbols that

by a polynomial smoothing. Re140 (v), Re =162 (v), Re,=174 (v), Re,=201
(v), R =237 (v).
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Figure 4.16: The decorrelation tink /1, of the autocorrelation function for the
three components of the micro-bubble acceleration as difumof Re,. The decor-
relation time increases with the turbulent intensity. Thieroibubble acceleration
is nearly isotropic as the three components have very sirdéaorrelation times.
The polynomial filtering gives acceleration signals whiolrelate longer than those
obtained by a Gaussian smoothing: (@), a, (W) and & (v). A linear fit consid-
ering the experimental data of r both Gaussian and polynomial smoothing give:
To/t, = 0.00036Rg —0.041 andTp /1, = 0.00046Rg — 0.054, respectively. In the
inset, we show also the result of Vodk al. [16] at a very high Rg=850 $), their
experimental point agrees with the trend of increasing aetaiion time with turbu-
lent intensity. The linear fits obtained with our experingrmtata predict a value of
To/1y =0.26 andTp /1, = 0.33 at Rg=850 for the Gaussian (solid line in the inset)
and polynomial smoothing (dashed line in the inset) resgalgt which is compara-
ble to their experimental value dp /1, = 0.258.
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trajectories. The PDFs of micro-bubble velocity follow auSsian distribution inde-
pendent of Rg with flatness very close to 3. On the other hand, intermittezifects
can be clearly seen in the PDFs of micro-bubble accelerafibair shape is indepen-
dent of Rg, and can be well approximated to a stretched exponentiaildigon.

Compared to point-particle bubbly DNS simulations, theegipental PDFs of
micro-bubble acceleration show slightly less intermitterthe tails of the experi-
mental PDFs match better those of numerical tracers atairRiéynolds numbers.
We understand this difference as a St effect, the diffenaetrinittency arises from
the difference in St. In our case the St are O(0.01), whereasmerics the St was
a factor 10 greater. Indeed, the tails of the PDFs can be wsits/e to the particle
size. The flatness of the acceleration PDF calculated franfitited distributions is
around 35, and agrees well with the expected trend of paigtidensity as other wind
tunnel experiments of heavy particles at comparable ieported R=8 [11, 12].

We also calculate the autocorrelation functions of the aalmbble acceleration.
The acceleration decorrelates slower with increasing, Re. the decorrelation time
increases with increasing turbulent intensity. This figdis consistent with other
experimental investigations [10, 16], but more experirakwork is needed to fill the
gap of Reg for which no data is available and in order to obtain the aiisgaiklation.
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Three-dimensional Lagrangian Voronoi
analysis for clustering of particles and
bubbles in turbulence *

In the present chapter, three-dimensional Vofoaoalysis is used to quantify the
clustering of inertial particles in homogeneous isotropicbulence using data from
numerics and experiments. We study the clustering behavidifferent density ra-
tios and particle response times (i.e. Stokes numbers 3. pfobability density
functions (PDFs) of the Voroiaell volumes of light and heavy particles show a
different behavior from that of randomly distributed paltis —i.e. fluid tracers—
implying that clustering is present. The standard deviatibbthe PDF normalized by
that of randomly distributed particles is used to quanttg tlustering. Light par-
ticles show maximum clustering for St around2l The results are consistent with
previous investigations employing other approaches tmtifyathe clustering. We
also present the joint PDFs of enstrophy and Vofiomdumes and their Lagrangian
autocorrelations. The small Vorohwolumes of light particles correspond to regions
of higher enstrophy than those of heavy particles, indigathat light particles clus-
ter in higher vorticity regions. The Lagrangian temporatacorrelation function of
Vorond volumes shows that the clustering of light particles lamtsch longer than
that of heavy or neutrally buoyant particles. Due to indreffects, the Lagrangian

*Submitted to J. Fluid Mech. as: Y. Tagawa, J. Martinez Méwo¢aV.N. Prakash, C. Sun, and
D. Lohse. Three-dimensional Lagrangian Voronoi analf@isclustering of particles and bubbles in
turbulence, 2011.
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autocorrelation time-scale of clustered light particleseiven longer than that of the
flow structures themselves.

5.1 Introduction

The distribution of particles transported by turbulent #d&a current research topic
with implications in diverse fields, such as cloud formatjap plankton dynamics
[2], and pollution dispersion [3]. In most of the cases, theiples have a finite size
and a different density than the carrier fluid, i.e. they haeetia. These inertial par-
ticles cannot totally follow the fluid motion and distributthomogeneously within
the turbulent flow, leading to clustering or preferentiahcentration [4]. The two
relevant dimensionless parameters describing the diesppénertial particles in the
fluid are the density rati = 3p¢/(ps + 20p), Whereps and pp, are the densities
of the carrier fluid and particle respectively, and Stokes\ber, St 1,/1,, where
Tp = a?/3Bv is the particle relaxation time,, is the typical timescale of the flow,
which for a turbulent flow is the Kolmogorov's time scates the particle radius and
v is the kinematic viscosity of the fluid.

In recent years, both numerical and experimental studies gaantified the cluster-
ing of particles by employing different approaches likdisteal analysis of single-
point measurements [5], box-counting method [6, 7], pairadation functions [8, 9],
Kaplan-Yorke dimension [10, 11], Minkowski functionalsl]land segregation indi-
cators [12]. Itis not possible to obtain global informatimm bubble clustering from
a single-point analysis [5]. Methods like the box-countargl pair correlation func-
tions, although useful, require the selection of an antitfangth scale that affects
the quantification of the clustering. The Kaplan-Yorke disien, based on the cal-
culation of the Lyapunov exponents, quantifies the corntraadf a dynamical sys-
tem by considering the separation rates of particle trajexs. Nevertheless, it does
not provide global morphological information. Minkowskirfctionals, originally
used to provide complete morphological information of theyé-scale distribution
of galaxies [13], have been applied to study the clusteringasticles in turbulent
flows [11]. Calzavariniet al. [11] found that light particles cluster in filamentary
structures, whereas heavy particles have a wall-like tapobround interconnected
tunnels, and obviously no clustering was observed for aéutbuoyant tracers. In
the above numerical simulations and experiments, thegdsirclustering was found
for particles with SO(1). The problem with Minkowski-type analysis is that it is
numerically expensive, and it does not provide informatiarthe Lagrangian evolu-
tion of the clusters.

An alternative mathematical tool that can be used to studsteting is the Voronoi
tesellation, which has been used in astronomy as a tool t@actegize clustering of
galaxies [14]. Recently, Monchawet al.[15] applied a Voronoi analysis to quantify
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the clustering of heavy particles in grid-generated tweboé. This Voronoi approach
does not require the selection of an arbitrary length saale fiixed particle num-
ber. Monchauwxet al. [15] obtained two-dimensional particle positions by inmagi
a turbulent flow in a wind tunnel seeded with droplets. Theovioii cells are de-
fined based on the positions of the particles within the nreasent domain. One
can quantify the clustering by calculating the probabitignsity function (PDF) of
the normalized areas of the Voronoi cells. The PDF will hadifferent shape for
inertial particles when compared to the corresponding PD@&mdomly distributed
particles. The main difference is observed at the small arylvalues of normalized
areas, where the PDF of heavy particles has a higher prdigahin for randomly
distributed particles. There is a central region wheregtligeno significant difference
between the PDFs of heavy particles and randomly distiibatees. The values of
normalized areas at which the PDF deviates from the randdistyibuted particles
can be used as thresholds to classify Voronoi cells thaingetither to clusters or
voids. Monchauet al. [15] reported a maximum preferential concentration for St
around unity, in agreement with other methods that have beed to study cluster-
ing.

The objective of the present work is to extend the work in [@5]i) three-dimensions
and (ii) a much larger range of density ratios (includinditicheavy, and neutrally
buoyant particles) and Stokes numbers, i.e. we quantifficharclustering by ap-
plying three-dimensional Voronoi analysis both for nuitedrand experimental data
sets of particles and bubbles. Moreover, we (iii) correthgclustering behavior of
different particles with local turbulent flow quantitiesdafiv) study for the first time
the Lagrangian temporal evolution of the clusters.

5.2 Experimental and numerical datasets and Voronbanal-
ysSis

5.2.1 Datasets

The numerical scheme for a dilute suspension (neglectirtgigacollisions) of point
particles in homogeneous and isotropic turbulence is ttestas follows [11, 16]:

dv D 1

at — PopriXO:D = T (v ul(t).0) (5.1)
wherev = dx/dt is the particle velocity and(x(t),t) the velocity field. The dimen-
sionless numbers used to model the particle motion are tistglalifference between
the particle and the flui and the Stokes number St. The valuegof 0, 1 and 3
correspond to very heavy particles, neutrally buoyanteiscand bubbles in water,
respectively. When St = 0, the particles perfectly follow ftuid flow behaving as
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fluid tracers. We explore a parameter spacg of0, 1, and 3 and St ranging from 0.1
to 4 consisting of 24 values at the Taylor-Reynolds nunidgr= 75 and the spatial
resolution of the simulation fo = 128 (from iCFDdatabase (http://cfd.cineca.it),
[11]).

In our 3D particle tracking velocimetry (PTV) micro-bubldgperiments, we use a 4-
camera system to get micro-bubble positions in the actidbgenerated turbulence
in the Twente Water Tunnel (TWT) (for details, see chapteas@4). For the exper-
imental data, the corresponding values fre 3 and St = 0.04, the mean number of
particles is 13 x 10°.

5.2.2 \Vorond analysis

The Voronoi diagram is a spatial tesselation where eacbrdircell is defined at the
particle location based on the distance to the neighboramtigies [17]. Every point
in a Voronoi cell is closest to the particle position conguhio the neighboring parti-
cles, the exceptions are the vertices, borderlines antsfése figure 5.1). Therefore,
in regions where particles cluster, the volume of the Vor@edis is smaller compared
to that of the cells in neighboring regions. Hence, the vawhthe Voronoi cells
is inversely proportional to the local particle conceritnat The PDF of the Voronoi
volumes normalized by the mean volume for randomly distebuparticles can be
well described by &-distribution [18] (see figure 5.2). In the three-dimensilotase,
thel distribution has the following prefactor and exponent:

f(x) = %’x“exp(—Sx). (5.2)
Herex is the Voronoi volume normalized by the mean volume. Pagiwhich are
not randomly distributed will have a PDF that deviates frdms [ -distribution, in-
dicating preferential concentration. The Voronoi cefigarticles located near the
edges of the domain are ill-defined, i.e. they either do nmeclor close at infinity.
These cells at the border of the domain are not consideratidanalysis.

5.3 Results

First, we present results on the effect of the density i@&im the clustering, followed
by the effect of the Stokes number. Then, we show how the wlofvoronoi cells
and enstrophy are related. Finally, we present results®hdlrangian autocorrela-
tions of Voronoi volumes and enstrophy.

5.3.1 Density effect

Here we study the clustering behavior for differghat a fixed St. Figure 5.2 shows
the PDFs of the normalized Voronoi volumes for heavy, radlytbuoyant, and light
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Figure 5.1: An example of a 3D Voronoi tesselation. The depsesent the particle
position and lines represent the borders of the Vorondé.cel

particles at St=0.6. The PDF of neutrally buoyant partiddews thel -distribution
eg. (5.2) quite well, reflecting that neutrally buoyant fgdes do not have any prefer-
ential concentration. In contrast, the PDFs of light andvhigzarticles clearly show
a different behavior compared to the randomly distributedigles. We observe that
the probability of finding either small or large Voronoi uates is higher for both
light and heavy particles. The two regions of small and la@james can be used to
identify clusters and voids. The strongest clustering seoled for light particles, as
the probability of finding small Voronoi volumes is the hig. Owing to the density
difference, light particles accumulate in vortex filamedtge to centrifugal forces
[19, 20], while heavy particles concentrate in regions ¢émse strain [10]. Here,
although the heavy particles show clustering, it is lesspamed to light particles.
These results are consistent with the Minkowski analysj4 1ih

5.3.2 Stokes number effect

In this section, we study the effect of St on the clusteringavéor for each type
of particle. Figure 5.3a and figure 5.3b show PDFs of he@s0f and light 3=3)
particles for different St, respectively. In both figurdsisiseen that there is a non-
monotonic dependence of St on the clustering. At increaSinghe probability of
finding clusters and voids also increases up to a value -2 Sivhere it reaches a
maximum and then starts to decrease. On the one hand, whenn8aily zero,
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Figure 5.2: The normalized Voronoi volume PDFs for hedlly, (heutrally buoy-
ant(@), and light particles £) at St = 0.6 from DNS. The thick line shows the
distribution eq. (5.2) for randomly distributed particld8], 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 fluctuationsiethare homogeneous and
isotropic and therefore, clustering is less. On the othedhat St4 the particle
response time is too large to follow the small-scale tuntiulieictuations resulting in
a ballistic behavior. Hence, the optimal St for clusterigignithe range St 1-2.

We first discuss light particles in more detail. We note thatdxperimental result
for micro-bubbles with St = 0.04 agrees reasonably well Withtrend of the numer-
ical data for light particles, though the PDF seems to bédlidoroader. In any case,
for these small Stokes numbers, the PDF of the Voronoi vetuim still qualitatively
similar to that of tracers. The PDF is different for light pieles with higher Stokes
numbers. For Stin the range of 0.6 to 4, the highest prolabiticurs at the smallest
volume and decreases monotonically with increasing voluBubbles in this range
of St tend to get trapped in vortex filaments, leaving voidarg. Thus, most of
the bubbles are concentrated in small regions and therewarikubbles outside these
small regions.

However, this monotonic decrease in probability is not olesd for heavy parti-
cles (see figure 5.3a). The reason is that heavy particlesxpedled from the vortex
filaments and accumulate in the regions of high strain. Asritesd in [11], the heavy
particles accumulate in a wall-like topology with interoated tunnels. These tun-
nels fill the regions in-between the smaller vortex filamextd thus occupy larger
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Figure 5.3: The normalized Voronoi volume PDFs for différ8t ranging from 0.1 to
4 in the numerics for (a) heavy particlBs0, (b) light particleg3=3. St=0.1{), 0.3
(1), 0.6 (@), 2 (a), and 4 O). The clustering increases till St = 2 and then decreases
slightly at St = 4. The optimal St for clustering is St1— 2. The diamonds«)
correspond to the experimental result with St = 0.04.

regions in the flow. This leads to a more even distributionazy particles.

The PDFs of the Voronoi volumes provide a quantitativeyp&tof the cluster-
ing. In order to quantify the clustering using a single numbee use the standard
deviationo of the normalized Voronoi volume distributions. In figurd 5we plot
o normalized by the standard deviation of the Voronoi volarfee randomly dis-
tributed particlesor. The magnitude of the indicatar/or clearly distinguishes the
behavior of light, neutrally buoyant, and heavy particlasigher value of the indi-
cator reflects stronger clustering. For neutrally buoyantigles there is no observed
clustering, hence the indicator value is constant at 1. iHeavticles show cluster-
ing and the indicator value saturates arS1-2. The curve corresponding to light
particles show the strongest clustering, with a peak at $5. The clustering range
has a consistent trend with that of the Kaplan-Yorke din@mngl1]. We also added
the data point for the standard deviation of the experintéfdeonoi volume PDF,
which, as already stated above, is broader than those fremutmerical simulations
of light point particles. At this point we cannot judge whatlthis is due to the lim-
itations of point-particle simulations or whether the @éian is due to experimental
uncertainties. More experimental data at larger Stokesbeusn i.e., larger bubbles
or light particles, must be taken to come to a final conclusiothis issue.

5.3.3 Relation between the volume of the Vororiacell and enstrophy

We relate the Voronoi volumes for the three different typparticles with turbulent
flow quantities. A natural property for this comparison wbbk the enstroph@ =
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St ’ st

Figure 5.4: Normalized standard deviation (indicator) luf doronoi volume dis-
tributions. The symbols correspond to heall),(neutrally buoyant@), and light
particles @). The value of the indicator for neutrally buoyant partickemains con-
stant at 1, i.e. clustering is not observed, whereas heaviglpa and light particles
show more clustering with a peak at St1.5. The experimental result of micro-
bubbles £) is larger than what is obtained from the numerical simatagi of light
point-particles with the same Stokes number.

w?/2 (wherew is vorticity). Benziet al. [21] have shown that different types of
particles react sensitively to the local enstrophy, refigctheir tendency to stay in
regions with different vorticity contents. They also fine tlocal energy dissipation
rate is too insensitive to show this different behavior. Yestcalculate the joint PDF
of Voronoi volumes and enstrophy at a fixed St = 0.6. Figubeshows the joint
PDF of normalized Voronoi volumes with the enstroah$/2, which is normalized
by the mean value of the enstrophy of fluid tracers (St 86; 1) < w?/2 >, for
the three types of particles. We observe a clear differemd¢bd behavior of heavy
and light particles. Firstly, the peak of the PDFs shifts ighkr enstrophy values
asf3 increases. Secondly, for light particles the small Vorormiimes are typically
found at high values of enstrophy, whereas small Voronhirnaes of heavy particles
are typically found at low enstrophy regions. To invesggéitese differences further,
we analyze the relative PDFs of enstrophy. Figure 5.5(djvstbe relative PDF of
enstrophy for heavy, neutrally buoyant, and light pariclas we focus on clustering,
in the calculation of the PDFs we consider only particlehwiironoi cells 1/2 times
smaller than the mean Voronoi volume. The PDFs are norathiith the enstrophy
PDF obtained by considering all particles of that type. Fartrally buoyant particles,
the relative PDFs have a nearly constant value of 1. For the @bubbles, the PDFs
show that small Voronoi cells have large values of ensyofhcontrast, the relative
PDF of heavy particles shows an opposite behavior to thagbf particles. This
reflects the clustering of light particles in flow regionstwitigh enstrophy, whereas
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heavy particles cluster in low enstrophy regions.

5.3.4 Vorond Lagrangian autocorrelation

Finally, we conduct a Lagrangian analysis on the Vorondiimes. For each particle
we calculate the Lagrangian autocorrelation of its assedi®oronaoi volume. Fig-
ure 5.6a shows a typical temporal evolution of Voronoi wods for the three types
of particles. To compare the behavior of the three diffepamticles, we choose par-
ticles with similar Voronoi volume at the starting time anace their time evolution.
While Voronoi volumes of heavy and neutrally buoyant pdet change frequently
in time, itis clearly seen that light particles tend to have$ values for longer times.
This suggests that light particles are trapped in vortexni#ats for a long time and
are suddenly ejected, as seen in figure 5.6a aroymgl ~ 95.

Figure 5.6b shows the autocorrelation functiop(€) for heavy, neutrally buoy-
ant, and light particles at a fixed St = 0.6. We define the detadion time ty,
as the time when the autocorrelation function has decre@séf?, i.e., G (1) =
1/2. As shown in figure 5.6b, the decorrelation time for ligltrticles is around
v ~ 7 —81,, whereas for heavy and neutrally buoyant particles deletioa al-
ready occurs around-451,. 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 Voreslames to that of
the enstrophy [21]. First, as expected, for neutrally bnbyerticles, the Lagrangian
decorrelation time for the Voronoi volumes is comparablehiat of the enstrophy
(Tq), i.e. Tq ~ Ty ~ 4 — 51y, reflecting that the clustering of neutrally buoyant par-
ticles has an instantaneous response to the changingdntksttuctures. Also for
heavy particles, the Lagrangian decorrelation time of thekoi volumes is around
that value. However, remarkably, for light particles theateelation time of the
Voronoi volumes is much largefy ~ 7 — 81y, i.e., about nearly twice as large as the
autocorrelation time scalg, ~ 471, of the enstrophy itself. So though regions of high
enstrophy trap bubbles, which leads to bubble clusterdjféame of these bubble
clusters is nearly twice as long as the life-time of the bakbdpping flow structures
itself. We interpret this finding as an inertial effect.

5.4 Conclusion

We use three-dimensional Voronoi analysis to study partitustering in homoge-
nous isotropic turbulence in both numerics and experimélrite analysis is applied
to inertial particles (light, neutrally buoyant, and heggy different density ratio@
and St ranging from O to 4. In the entire range of parametersred, the Voronoi
volume PDFs of neutrally buoyant particles agree well with E-distribution for
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Figure 5.5: Joint PDFs of normalized Voronoi volumes arstrephy at St=0.6 . (a)
heavy particles, (b) neutrally buoyant particles, andiétitlparticles. (d) The relative
Probability Density Function of the enstrophy of Voronells 0.5 times smaller than
the mean Voronoi volume for heavll], neutrally buoyant@), and light particles
(A) at St=0.6. The PDF of enstrophy is divided by the PDF comsideall Voronoi
volumes of a specific particle.
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randomly distributed particles. At a fixed value of St, theFBf Voronoi volumes
of light and heavy particles show higher probability to haweall and large Voronoi
volumes than randomly distributed particles, reflecting ¢hustering behavior. For
light and heavy patrticles, the clustering behavior is n@natonic with increasing
St and shows a maximum around unity. In the range<0.6t < 4, the light parti-
cles show a pronounced monotonic decrease of probability wereasing Voronoi
volumes. This indicates that light particles have more ¢@cg to get trapped in
vortex filaments, thus leaving void regions in space. Thedsted deviation of nor-
malized Voronoi volumeg is used to quantify the clustering. Heavy particles show
some clustering, the indicatoo ( or) saturates at St 1-2. Light particles show the
strongest clustering, peaking around=51-2. 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 extraieee@D Voronoi
volume PDF from experimental data. Though the PDF fits inéogibneral trend — at
these small Stokes numbers the PDF nearly followsdistribution — a quantitative
analysis shows that the experimental PDF of 3D Voronoimasi is slight broader
than what is obtained from point-particle simulations. ®lexperiments with larger
Stokes numbers will have to be done to judge whether this imiation of the
point-particle approach, a consequence of the neglectafrteen-way and four-way
coupling in the numerics, or whether the experimental deganat precise enough.
From our point of view, the Voronoi analysis is an exceller@ans to quantitatively
compare clustering effects of particles in experimental mnmerical data sets, and
should be used for the validation of numerical schemes btitant dispersed multi-
phase flow.

Finally, we show that the Voronoi analysis can be connettiddcal flow prop-
erties like enstrophy. By comparing the joint PDFs of ergtsoand Voronoi vol-
umes and their Lagrangian autocorrelation, the clustdoilgavior of heavy, neu-
trally buoyant, and light particles can further be distilstped. From the Lagrangian
autocorrelation of Voronoi volumes we conclude that dueedtial effects light par-
ticles remain clustered for nearly twice as long as heavyeatmlly buoyant particles
or the bubble-trapping flow structures itself.
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Conclusions and Outlook

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

For the investigation of these bubbly flows, we implemented hovel experi-
mental techniques. On the one hand, we have used phastveetmnstant tempera-
ture anemometry (CTA) to measure the liquid fluctuationssieyglo-turbulence. This
technique allows for a direct measurement and removal dblbutollisions with the
hot-film probe. In this manner, only liquid information isrdered, and a proper
scaling of the energy spectrum of liquid fluctuations can l@ioed.

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

In chapter 2, we studied the velocity PDFs, clustering angfgnspectra of
the liquid fluctuations in pseudo-turbulence in very dilbtéobly flows. Due to the
non-intrusiveness of PTV, we obtained well-converged Péffsibble velocity, and
showed that they are non-Gaussian. The vertical comporigheovelocity is the
more intermittent one. The clustering of the bubbles in geewrbulence was inves-
tigated by employing the pair correlation function. Paifwbbles cluster radially
within a distance of around 1 bubble diameter. The prefexealignment is vertical
for large and small scales. However, at small scales, thedraal clustering is also
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enhanced and comparable to the vertical one. We also ctddulae energy spectra
of liquid fluctuations in pseudo-turbulence and found tiharé was not a classical
turbulent—5/3 scaling but a scaling close te3. Suggesting the idea that bubble
wake phenomena is related to this power law behavior.

Chapter 3 is aimed at comparing results of front-trackingDMith experiments.
Our motivation was to confirm that bubble wake phenomenassaihe— 3 scaling of
the energy spectrum of the liquid fluctuations as frontkirag simulations are able to
resolve the bubble’s interface with the liquid contraribygoint-particle simulations.
We found that indeed the scaling obtained with numerics hest¢he experimental
finding. Due to the short simulation times, the scaling holds in a narrower fre-
guency region though. We also corroborate numerically tthatvelocity PDFs of
bubbles have a non-Gaussian distribution, and that thécaedomponent present
the largest deviation from a Gaussian distribution. Therinittency of the PDFs is
less as in the experimental case, as a result of the periodiedary conditions and
small domain size.

The Lagrangian statistics of micro-bubble velocity andeda@tion in homoge-
nous isotropic turbulence are studied in chapter 4. Hereamged out a comparison
of the smoothing algorithms used commonly in the experialeatearch area of par-
ticles in turbulence. We showed that both a Gaussian smap#rid a polynomial fit-
ting are able to reproduce the turbulent signature of thea¥babbles in turbulence.
Surprisingly to our knowledge, this is the first time thattbotethods are compared.
Our findings corroborate the PDFs of micro-bubble veloci#tyeha Gaussian distribu-
tion, whereas the PDFs of the micro-bubble acceleratiostaoag intermittent with
a flatness value around 35. In the range of Revered, the shape and intermittency
of the acceleration PDFs are independent of the turbulameadity. The shape of
these PDFs can be better fitted to a stretched exponentigtidarrather than a log-
normal distribution. When compared to point-particle DM8 intermittency of our
PDFs is in between the values of numerical tracers and bsibbhgs is a result of the
Stokes number in our experiments which is one order of madaismaller. We also
showed that our experimental results agree with other pusvéxperimental studies.
The decorrelation time of the micro-bubble acceleratiamdases linearly with Re
which is also in agreement with measurements in a turbulentKarman flow in
[1,2].

Finally, in chapter 5 we studied clustering of bubbles ittdence using a Voronoi
approach. We have extended the work of Monchatal. [3] to three-dimensions
and to light and neutral particles for a range of Stokes nusfie. different particle
size). We analyzed data from point-particle DNS but alsmfexperiments of micro-
bubbles in the Twente Water Tunnel. We found that the PDFewhalized Voronoi
volumes of heavy and light particles are different than tifatandomly distributed
particles reflecting the clustering. Considering the dgreffect, bubbles cluster the
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most, whereas considering the size effects particles witil Sluster the most. To
guantify this clustering, we propose the standard dewiatibthe PDFs of normal-

ized volumes. Our result is consistent with previous resaftthe Kaplan-Yorke

dimension [4]. The PDF of normalized Voronoi volumes of experimental dataset
agrees reasonably well with the numerical trend thoughat liét broader. Further,

we showed that Voronoi analysis can be related to flow guestike enstrophy. By

looking at the joint PDF of Voronoi volumes and enstrophyfaend that there is

a clear difference in the behavior of heavy and light pagticl The small Voronoi

volumes of bubbles have a high enstrophy value, i.e. bulible$to accumulate in
hight vorticity regions. A Lagrangian approach was alsaiedrout, we showed that
with the Lagrangian autocorrelation of Voronoi volumesHheavy, neutral and light
particles the clustering behavior can be further distislged. The decorrelation time
of the Voronoi volumes of bubbles is much larger than thatenftral or heavy parti-

cles. The Lagrangian correlation of Voronoi volumes lasigprisingly nearly twice

as the life-time of the bubble-trapping structures (i.esteaphy). We interpret this

result as an inertial effect.

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

In pseudo-turbulence there is still the question of how ao+tB scaling of the
energy spectrum of the liquid fluctuations evolve as a famctf the “bubblance”
parameteb varying it from the typical turbulent casb € 1) to the pseudo-turbulent
case = ). The previous configuration of the Twente Water Tunnel wastable
when a mean flow larger than 0.25 mMsvas set and bubbles were injected as the
counterflow will not allow the bubbles to escape creatingrairrecirculation. Re-
cently, a modification in the Water Tunnel was undertaken thedactive grid was
placed below the measurement section. With this changeeisg¢hup, bubbles can
be injected from the capillary islands and the flow can be petands avoiding the
recirculation patterns but also the risk of flooding. In sackay,b can be varied.

Furthermore, the bubble shape and deformability effecherclustering can also
be studied. By adding a small amount of surfactant, morerggti@nd rigid bubbles
can be generated. It has been shown that even with smallitiesrtf surfactant
[5, 6], the bubble behavior changes drastically, from nign<ondition at the bub-
ble interface to a rigid-like condition, accordingly theusture of the wake is also
affected. It would be interesting to control these two paetars separately. For in-
stance, the shape of the bubble can be changed using depilth different size,
though the range of generated sizes is not very wide. Defaitityacan be modified
by using surfactant, additionally the shape of the bubblé beicome more spher-
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ical and its size smaller. In the future experiments eittaying these parameters
independently or simultaneously are advisable.

Regarding the experimental part with bubbles in turbulemtditions, the main
direction to follow is to study the size effect on the Lagriamngstatistics and cluster-
ing. We have shown with the Voronoi analysis of the DNS dtitat the clustering
effect is stronger when St is close to unity. In the presest a# micro-bubbles,
the St was one order of magnitude smaller. An experimentaifgaf this finding is
still necessary. Additionally, the Lagrangian statistiésnicro-bubbles have an in-
termittency that is in between the intermittency of bublaled tracers. By dispersing
bubbles of size 1 mm or a bit smaller, we expect to confirm thmarical results.
Also it is quite promising to investigate the Lagrangiartistes as a function of the
normalized particle sizB/t,. This kind of studies have never been done experimen-
tally for the case of bubbles and will allow also a direct camgon with numerical
simulations with corrections that account the size effg@ts

Apart to the size effect, a major achievement would also ksudy the density
effect. Experiments with neutral tracer and heavy padigldl result in a complete
study of particles in turbulence. Though, the implemeata®f such idea is not
straightforward, and further modification of the Twente ®vatunnel is needed. Es
pecially for the case of heavy particles as they must not flmeugh the pump to
avoid damage.
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Summary

Due to their relevance and occurrence in both natural phenamand in industrial
applications, the study and understanding of bubbly flowgirsently an important
topic for fluid dynamicists. Bubble columns are commonlydisebio- and petro-
chemical industries to enhance mixing, mass and heat énariefthese systems, the
bubbles are the only energy input as there is no flow a priarbld columns are also
referred to as pseudo-turbulence because the bubblesifiquid fluctuations in the
originally quiescent liquid. These disturbances are tlsalteof the hydrodynamic
interactions among the bubbles and their heterogenougbdisbn.

Turbulent flows transporting particles are ubiquitous itung being of such rel-
evance in diverse fields ranging from atmospheric physiceéanography. Usually
the convected patrticles have a different density and sie the transporting fluid,
turbulent bubbly flows are a particular case of them. In regears, Lagrangian
studies—i.e. studies following the particle motion—of fides in turbulence have
gained considerable attention because this approachserdio the inherent mixing
and transport characteristic of turbulence. Yet thereligls¢ challenge and interest
to comprehend more the Lagrangian statistics of partidégrbulence.

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

Part one presents experimental and numerical results ardpgarbulence. In
chapter 2, experiments using three-dimensional partialgking velocimetry (PTV)
and phase-sensitive constant-temperature anemometf) €ed carried out to study
bubble clustering, mean bubble velocity, bubble velocitybability density func-
tions (PDFs) and liquid energy spectrum in pseudo-turlmdeat very dilute gas con-
centrations ¢ < 2.2%). Bubbles with mean diameter of 4-5 mm are injected
still water. By employing three-dimensional PTV, the bubpbsition is determined
and bubble clustering is studied. For this purpose, we ws@dlr correlation func-
tion G(r,0). We find that bubbles cluster within few bubble radii as shdwrthe
radial pair correlatiorG(r). The angular pair correlatioB(8) reveals a robust ver-
tical alignment at both small and large scales for all bublslencentrations studied.
However at small scales, horizontal alignment is also aleserThe PDFs of bubble
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velocity show that all components of bubble velocity behdifferently from Gaus-
sian. The implementation of PTV assures enough data pairibtain convergence
in the PDFs. The non-Gaussianity can be a result of the clistaation mechanism,
where the rise velocity of single bubbles is affected by tmtdr collective motion
of clusters. By employing phase-sensitive CTA , it is pdgsib measure the power
spectrum in pseudo-turbulence. We find that the energy ofigéd fluctuations
decays exponentially with a slope neaB which is consistent with the theoretical
scaling that Lancet al. derived. We also study pseudo-turbulence numerically, the
results are presented in chapter 3, where we perform fraoking direct numerical
simulations (DNS). The numerical swarm of bubbles condishonodisperse de-
formable 4 mm bubbles with a gas fraction of 5% and 15%. Withis chapter, our
focus is to compare the liquid energy spectrum and bubblecitgl PDFs with the
experimental data. The numerical simulations confirm thatspectra of the veloc-
ity fluctuations driven by the rising bubbles follow a powawlwith slope close to
—3. The computed PDFs of the bubble velocity show non-Gauds@tures, as is
also observed in the experiments. The agreement with expatal measurements is
especially good in the peak region, whereas the tails ofxperamental PDFs show
more intermittency in comparison to the numerical resut&® understand this dis-
agreement as a the lack of large-scale flow structures inrtindagions, mainly due
to the imposed periodic boundary conditions and the domai s

In the second part of this thesis, we study Lagrangian statiand clustering of
bubbles in homogeneous and isotropic turbulence. In chdptfe Lagrangian ve-
locity and acceleration statistics of micro-bubbles (ighrticles) in turbulence are
presented. For this purpose, micro-bubbles with diameer 340 um and Stokes
number O(0.01) are dispersed in the Twente turbulent watenel. The micro-
bubbles trajectories are obtained by employing PTV at aifieRg . We compare
thoroughly two smoothing methods— i.e. Gaussian kernelphghomial fitting—
and show that both give the intermittent characteristioa@the micro-bubbles’ tra-
jectories. Our results show that the micro-bubbles’ acaéten PDFs are highly
intermittent with a flatness value of around 35. The expemniaieacceleration PDFs
showed more intermittency than previous measurementsasfyhgarticles, and are
better fitted by a stretched exponential functional rathanta log-normal distribu-
tion. In addition, the acceleration autocorrelation fimetdecorrelates much faster
compared to experiments in different type of turbulent fl¢gug. von Karman flow),
and its decorrelation time increases with higher, R&he velocity PDFs follow
closely a Gaussian distribution with no dependence oj fReall the three com-
ponents with a flatness very close to 3.

The clustering of light, neutrally buoyant and heavy pé&ticin homogenous
isotropic turbulence is studied in chapter 5. Three-dirtarad Voronoi analysis is
used to quantify the clustering of inertial particles usohgta from numerics and
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experiments. We study the clustering behavior at diffedmntsity ratios and parti-
cle response times (i.e. Stokes numbers St). Our findings #het the PDFs of
the Voronoi cell volumes of light and heavy particles hawifferent behavior from
that of randomly distributed particles —i.e. fluid tracefisaplying that clustering
is present. We use to quantify the clustering the standaridtiten of the PDF nor-
malized by that of randomly distributed particles. Lighttades show maximum
clustering for St around-12. The results are consistent with previous investigations
employing other approaches to quantify the clustering. We present the joint
PDFs of enstrophy and Voronoi volumes and their Lagrangigocorrelations, and
observe different cluster behavior between the three kingadicles . The small
Voronoi volumes of light particles correspond to regiofidiigher enstrophy than
those of heavy patrticles, indicating that light particlésster in higher vorticity re-
gions. The Lagrangian temporal autocorrelation functib¥aronoi volumes shows
that the clustering of light particles lasts much longenttizat of heavy or neutrally
buoyant particles. Due to inertial effects, the Lagranglaoorrelation time-scale of
clustered light and heavy particles is longer than that efftow structures them-
selves.



108 SUMMARY



Samenvatting

Vanwege hun relevantie en voorkomen in zowel natuurlijkefeenen als in indus-
triele toepassingen is de studie en het begrip van straminget bellen momenteel
een belangrijk onderwerp in de vloeistofdynamica. Bekelemmen worden vaak
gebruikt in de bio- en petrochemische industrie om het mengemassa- en warmte-
overdracht te verbeteren. In deze systemen zijn de belleenigge energie-input,

omdat er geen doorstroming a priori is, en ze worden ook wededuid als pseudo-
turbulentie omdat de bellen fluctuaties veroorzaken in depyonkelijk stilstaande

vloeistof. Deze verstoringen zijn het gevolg van de hydmadlgische interacties
tussen de bellen en hun heterogene distributie.

Turbulente stromingen waarin deeltjes worden vervoeml aipmtegenwoordig
in de natuur, en zijn van groot belang in diverse gebiedei@neard van atmosferische
fysica tot oceanografie. Meestal hebben de vervoerde eealgn verschillende
dichtheid en grootte dan de vloeistof, bellen in turbulesttemen zijn hier een voor-
beeld van. In de afgelopen jaren hebben Lagrangiaanseestudiudies die de be-
weging van de deeltje volgen—in turbulentie veel aandaelomnen omdat deze
aanpak is dichter ligt bij de inherente meng- en transpartierken van turbulen-
tie. Maar er is nog steeds de uitdaging en interesse om memrgtipen van de
Lagrangiaanse statistieken van deeltjes in turbulentie.

Dit werk bestudeert bellen in twee verschillende stromiogslities. In het eerste
deel bestuderen wij de pseudo-turbulentie veroorzaakt deatijgende luchtbellen
in een stilstaande vloeistof. In het tweede deel bestudeipde Lagrangiaanse
statistieken en het clusteren van micro-bellen in homoggateope turbulentie.

Deel één presenteert experimentele en numerieke resutip pseudo-turbulentie.
In hoofdstuk 2 worden experimenten met behulp van driedgiosiale particle track-
ing velocimetry (PTV) en phase-sensitive constant-teatpee anemometry (CTA)
uitgevoerd om het clusteren van bellen, de belsnelheid,etimélheids-kansdicht-
heidsfuncties (PDF) en vloeistof-energie-spectrum iugedurbulentie op zeer lage
gasconcentratiesi(< 2,2%) te bestuderen. Bellen met een gemiddelde diameter van
4 - 5 mm worden geinjecteerd in stilstaand water. Door hbtugk van driedimen-
sionale PTV, is de belpositie bepaald en wordt het clusteaenbellen bestudeerd.
Hiervoor maken wij gebruik van de paar-correlatiefunclié, ). Wij vinden dat
bellen binnen enkele belstralen clusteren, zoals blijkidei radiale paar-correlatie
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G(r). De hoekafhankelijke paar-correla@® 0) vertoont een robuuste verticale uitlij-
ning bij zowel kleine als grote schalen voor alle bestuded@concentraties. Maar
op kleine schaal, is horizontale uitlijning ook aanwezig elsnelheids-PDFs laten
zien dat alle componenten van de belsnelheid zich anderagmudan Gaussiaanse.
De implementatie van PTV zorgt voor voldoende datapuntencahvergentie in the
PDFs verzekert. De niet-Gaussianiteit kan een gevolg zijnhet clustervormings-
mechanisme, waar de stijg-snelheid van enkele bellen weiidvloed door de snellere
collectieve beweging van clusters. Door het gebruik varsptsensitive CTA, is het
mogelijk het energiespectrum in de pseudo-turbulentiegeem Wij vinden dat de
energie van de vloeistof-fluctuaties exponentieel verait een helling dicht bij-3,
die in overeenstemming is met de theoretische schalingatatdet al. heeft afgeleid.

Wij hebben ook pseudo-turbulentie met numerieke simudatiederzocht. De
resultaten worden in hoofdstuk 3 gepresenteerd, waar anjfiracking directe nu-
merieke simulaties (DNS) uitvoeren. De numerieke bellarmwbestaat uit monodis-
perse vervormbare 4 mm bellen met een gas-fractie van 5 % éf. 1Binnen dit
hoofdstuk is onze focus het energie-spectrum en de bekidsIPDF te vergelijken
met de experimentele data. De numerieke simulaties bgeestiat de spectra van de
snelheidsfluctuaties gedreven door de stijgende lucktbekn machtswet volgt met
een helling dicht bij- 3. De berekende belsnelheids-PDFs vertoont niet-Gaunssaa
kenmerken, zoals ook waargenomen in de experimenten. Deenemst met ex-
perimentele metingen is vooral goed in de piek-regio, tikdeistaarten van de expe-
rimentele PDFs meer intermittentie vertonen in vergedigkimet de numerieke resul-
taten. Wij begrijpen dit verschil, als een gebrek aan gawthge stroom-structuren
in de simulaties, voornamelijk als gevolg van de opgelega@gdieke randvoorwaar-
den en de domeingrootte.

In het tweede deel van dit proefschrift bestuderen wij Lagi@anse statistieken
en het clusteren van bellen in homogene en isotrope turieldn hoofdstuk 4 wor-
den de Lagrangiaanse snelheid en versnellings-staBstigin micro-bellen (licht-
deeltjes) in turbulentie gepresenteerd. Voor dit doel mijorobellen met een dia-
meter vand, = 340 um en Stokes nummer O (0,01) verspreid in de Twente tur-
bulente water tunnel. De trajecten van de microbellen wondekregen door het
gebruik van PTV bij verschillende Re Wij vergelijken grondig twee smoothing
methoden —dat wil zeggen Gaussian kernel en polynomiaiegfitt en laten zien
dat beide de intermittente kenmerken langs de trajecterdgamicrobellen repro-
duceren. Onze resultaten tonen aan dat de versnellings-R&t de microbellen
zeer intermittent zijn met een platheidswaarde van onge’%®e De experimentele
versnellings-PDFs vertonen meer intermittentie dan wonigtingen van zware deel-
ties, en worden beter gefit door een uitgestrekt exporentiinctie dan door een
log-normale verdeling. Daarnaast decorreleert de vdisgglautocorrelatiefunctie
veel sneller in vergelijking met experimenten in versemitle soorten van turbulente
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stromingen (bijv. von Karman flow), en de decorrelatjd-tieem toe met hogere
Re,. De snelheids-PDFs liggen dichtbij een Gaussiaanse wegdebnder afhanke-
liikheid van Rg voor alle drie componenten met een platheid heel dicht bij 3.

Het clusteren van lichte, neutrale en zware deeltjes in ly@me isotrope tur-
bulentie wordt bestudeerd in hoofdstuk 5. Driedimensiengronoi-analyse wordt
gebruikt om de clustering van inertiale deeltjes te kwargin. Wij gebruiken zowel
numerieke als experimentele data en bestuderen het egjesiesig voor verschil-
lende dichtheids-ratio’s en deeltjes-responstijden {datzeggen Stokes nummers
St). Onze bevindingen tonen aan dat de PDFs van de Voreheiumes van lichte
en zware deeltjes een ander gedrag dan dat van willekeusgregde deeltjes hebben
— vloeistof tracers — dus clustering aanwezig is. Om de elirgg te kwantifi-
ceren gebruiken wij de standaardafwijking van de PDF geabseerd door die van
willekeurig verspreide deeltjes. Lichte deeltjes laterximeale clustering zien voor
St ongeveer 12. De resultaten komen goed overeen met eerdere onderzak&en
andere analyze-methoden voor de clustering hebben gebkik presenteren ook
de gezamenlijke PDFs van enstrophy en Voronoi volumes arLhgrangiaanse au-
tocorrelations, en observeren verschillend clusterggtrssen de drie soorten deel-
tjies. De kleine Voronoi volumes van lichte deeltjes komeereen met de gebieden
van hogere enstrophy dan die van zware deeltjes, wat adrdpgelichte deeltjes
in het hoger vorticiteitsgebied clusteren. De Lagrangiaaemporele autocorrelatie-
functie van Voronoi-volumes laat zien dat de clustering lichte deeltjes veel langer
duurt dan die van zware of neutraal drijvende deeltjes. \ém@nde inertie is de La-
grangiaanse autocorrelatie-tijdschaal van geclustéctteldeeltjes zelfs nog langer
dan die van de stroomstructuren zelf.
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Appendix J...
or the non trustable information

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

The author was bornin 1979 in Ciudad Ombligo de Luna (a.kaaGtan Tenochti-
tlan, Ciudad Monstruo). His first experience with school whecking, and disap-
pointing, and he cried his first day at the Kindergarten. Ksdo a successful brain
wash by his parents he decided to give a second chance tol.sohfter happier
experiences in primary and high-school, he enrolled in tiaiddal Autonomous
University of México (UNAM) where he studied Mechanical gimeering. He did
his bachelor research project under the supervision of Rolberto Zenit Camacho
and graduated in 2003.

At that time, he thought that going abroad would help him teroeme his
Kindergarten shocking experience. In 2004, he obtained rraGa-DAAD schol-
arship, and started a Master in Mechanical EngineeringeaflTéthnische Univer-
sitat Miinchen. Again he had a pretty harsh shock. This taolmary. He realized
that tacos, hot-spicy salsas and tortillas were not at hapchare. Nevertheless, he
encountered rapidly refuge in Bratwurst, wunderbare Koalmed durstldschendes
Bier. But this was not enough for a voracious eater like hinorédbver, mama’s food
could not be easily replaced. Thus in order to cure his s@rtw undertook an en-
joyable onion-chopping-garlic-peeling therapy in thekén. For his master project
he worked on numerical simulations of high-speed traine@afteutsche Bahn AG.

In 2007, he started the PhD at the Physics of Fluids Groupaff Pretlef Lohse
in the University of Twente. Besides the great project he ldiatart working on,
one further motivation for moving to Enschede was to expeaaew “confinement”
conditions. Having lived in Ciudad Monstruo with a popubatiof~ 2.5 x 10’ people
(comparable to a heterogenous out of equilibrium syster, igh particle interac-
tion and collision rates), and in Minchen with i#s1.3 x 10° people (comparable
to a homogeneous middle dense system), he thought thatsthkogieal step would
be to move to a city with a factor 10 less people than Miunchemschede with its
~ 1.5 x 10° people fit quite well within this trend! Indeed, Enschedeaagry di-

119



120 APPENDIX J

a) Those Kindergarten days; b) Auteur met een belegde @palljThe voracious
eater in the eighties; d) The voracious eater 26 years latekimg in a Lab in
Drienerlo, Nederland.

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

In the Netherlands besides the gastronomical surprised\dith Sea’s weather
offered him more: long periods of days in which the only tharg can see in the sky
are grayish clouds or the fact that spring, summer, fall aimlervcan be experienced
all at once in the same day!! As a consequence, he developdizdind symptom of
sunbathing whenever sun rays made it through the cloudsiatitelground surface,
which usually occurs at most 60 days within a year.

After having enjoyed to the maximum his stay in Enschedeatlibor will con-
tinue doing experiments at the Laboratory of Non-linearlyp&esearch. Finally
thanks to all this peregrination, he has overcome the Kgatéen shock-1!



